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Preface

The increasing complexity of automotive systems and the high number of
variants make the exploitation of available degrees of freedom more difficult.
Model based control is generally advocated as a solution or at least as a
support in this direction, but modeling is not a simple issue, at least for some
problems in automotive applications, e.g. in emissions based control. Classical
first principle methods are extremely helpful because they provide a good
insight into the operation of the systems, but frequently require too much
effort and/or do not achieve the required precision and/or are not suitable for
online use. There is much know-how available in the identification community
to improve this, either by purely parameter estimation based approaches or
by mixed models, but this know-how is frequently not tailored for the needs
of the automotive community, and the cooperation is actually quite limited.

Against this background, a workshop organized by the Austrian Center
of Competence in Mechatronics (ACCM) took place at the Johannes Ke-
pler University Linz (Austria) from July 15-16, 2010, which brought together
users, in particular from the industry, identification experts, in particular
from the academy, and experts in both worlds. The contents of this book
are peer reviewed versions of the workshop contributions and are structured
into four parts, starting with an assessment of the need for (nonlinear) iden-
tification methods, followed by a presentation of suitable methods, then a
discussion on the importance of data is addressed and finally the description
of several applications of identification methods for automotive systems is
presented.

Neither the workshop nor this collection of contributions would have been
possible without the support of several people (in particular of Daniela Hum-
mer and Michaela Beneder). Thanks are due also to the reviewers of the single
chapters who have done an important and essential work.
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Chapter 1

System Identification for Automotive
Systems: Opportunities and Challenges

Daniel Alberer, Hakan Hjalmarsson, and Luigi del Re

Abstract. Without control many essential targets of the automotive industry
could not be achieved. As control relies directly or indirectly on models and
model quality directly influences the control performance, especially in feed-
forward structures as widely used in the automotive world, good models are
needed. Good first principle models would be the first choice, and their deter-
mination is frequently difficult or even impossible. Against this background
methods and tools developed by the system identification community could
be used to obtain fast and reliably models, but a large gap seems to exist: nei-
ther these methods are sufficiently well known in the automotive community,
nor enough attention is paid by the system identification community to the
needs of the automotive industry. This introduction summarizes the state of
the art and highlights possible critical issues for a future cooperation as they
arose from an ACCM Workshop on Identification for Automotive Systems
recently held in Linz, Austria.

1.1 Introduction

It is well known that every control includes in some way a model of the plant
to be controlled - even tuning a PID control according to the Ziegler-Nichols
rules includes a phase of “identification” of a very simple model, though not
every technician is aware of it.

Daniel Alberer - Luigi del Re
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Johannes Kepler University Linz, Altenbergerstr. 69, 4040 Linz, Austria
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2 D. Alberer, H. Hjalmarsson, and L. del Re

Automotive industry, in particular engine control, is characterized by mul-
tiple, conflicting and extremely tight requirements together with a very high
cost pressure. As a consequence, control needs to achieve extremely high
performance with little sensor information and this leads to feedforward con-
trol structures calibrated on test benches with measurement possibilities not
available in production (see Figure [[I)). At the end, the real problem — a
constrained optimization of mostly unmeasurable quantities — is replaced by
a much simpler tracking problem on measurable quantities. Of course, all
possible conditions and deviations must be taken into account — tradition-
ally, this has been done by measuring a huge number of cases and saving
the control parameters, essentially the inverse system model, in an enormous
number of maps.

The economy of scale, especially of passenger cars, has made this method —
essentially the experimental calibration of countless maps in the feedforward
structure — affordable, at least so far.

Nevertheless, there is a wide consensus that new approaches are needed,
and they are coming. In a simplified form, they can be classified in three
categories:

e Automation of calibration by (static) Design Of Experiments (DOE)
e Automation of the tuning of first principle models and
e Direct modeling by system identification (or universal approximators)

OBJECTIVE FUNCTIONS PHYSICAL CONTROL PHYEICAL CONTROL EMGIME
& CONSTRAINTS SETPOINT OUTPUT OUTPUTS
Jl
£
. HEURISTIC A
CONTROLLER
ACTUATOR
i EXPERIENCE-]  cpppopyrs COMMANDS
: BASED + ENGINE
.); CALIBRATION] & FAReMETERS
k
&t
nnnnnnnnnnnfet W

T PRODUCTION SENE0ORS
REZE ARCH-GRADE SEMNZORE

Fig. 1.1 Structure of actual control systems in development and production

The first category, as presented, e.g., in chapter [I0, has already received
much attention from the industrial community as it does not really represent a
change of the classical calibration procedure, but uses systematic experiment
design to improve its speed and possibly the quality of the resulting controller.

First principle models are usually the first choice for control system en-
gineers, as they yield both physical insight and a good control design basis.
Unfortunately first principle models are approximations, and tuning their
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parameters in order to have the model behavior to correctly reproduce mea-
surements usually leads to aggregate parameters, whose numerical values
take into account as far as possible the unmodeled dynamics and distributed
nature of the real system. This approach, however, is quite useful for many
applications, a wide presentation being given, e.g., by chapter [[5

For a control engineer with less need of a physical understanding of the
underlying reality the third option, direct modeling, seems to be the most
natural one. Indeed, critical target quantities, like emissions, frequently can-
not be modeled satisfactorily with physical models, e.g., particulate emissions
need a large set of chemical equations for their description, typically some
hundreds, which can be solved only if the chemical and physical conditions
are known - at every place in the combustion chamber and at every instant.

Building dynamical systems from experimental data is known as system
identification. There are two principal ways to identify a model from data:
Black-box modeling, where a model is selected from a set of general purpose
models through some model fitting procedure, and gray-box modeling, where
physical insight is used when constructing the model set and where model
parameters often have physical meaning.

Generally speaking, gray-box modeling is often considered superior as such
models often have better generalization abilities than black-box models, i.e.,
they often perform better when confronted with new experimental condi-
tions. The reason being that, unlike black-box models, they are based on the
underlying physics of the system.

As indicated in Figure[[.2] the process of system identification is iterative
in nature. Having designed an experiment and collected data, a model set
has to be selected together with a criterion of fit and a model (or a set of
possible models) has to be calculated. The model then has to be validated
and if the model does not pass the validation test, previous choices have to be
revised. All steps are quite involved and in addition closely linked, but well
established and efficient methods exist for linear models. Using linear meth-
ods for nonlinear systems, possibly in a multimodel setup, e.g., in the form
of gain scheduling, is a wide-spread practice, and works in many practical
cases, also because feedback improves the linearity of the controlled system
B] Unfortunately, this does not help much in the case of most automotive
applications, due to their essentially feedforward structure. In other words:
the nonlinearity must be explicitly accounted for.

While nonlinear system identification has not yet reached the same matu-
rity as its linear counterpart, there do exist many approaches, which can be
roughly divided into uniform approximators and gray-box models.

Uniform approximators, like neural networks, but also, e.g., bilinear sys-
tems or their counterpart in discrete time, the state affine systems ﬂyj],
are essentially those functions which fulfill the conditions of the Stone-
Weierstrass theorem [ﬂ], i.e., are able to approximate to any degrees of
precision another function at least over a limited set. The usual price to be
paid for is the increase of parameters, with the consequences well known from
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Experiment
Design

Experiment

Choice of
Model Structure

}

Choice of
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Parameter
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Model
Validation

Not ok

+ Ok

Fig. 1.2 System identification — an iterative procedure.

overparametrization in the linear framework, in particular the exploding num-
ber of parameters, but additionally with the non-convexity problems usually
arising from the nonlinear nature of the system. Nonlinearity has also another
critical effect on the identification procedure ﬂa] while in the linear case all
signals with a few common features, essentially zero mean value and sufficient
bandwidth, lead to the same parameter estimation after a sufficiently long
time, the same is not true for nonlinear systems: different signals tend to lead
to different parameters and thus to different models.

Against this background, the choice of the right data becomes possibly the
most critical issue in nonlinear identification, especially if coupled with lim-
ited measuring time, as it is always the case in real life. Of course, different
numerical approaches, like the use of regularization, can improve its perfor-
mance, but at the end the data is the limiting factor. Not surprisingly, the
commercially available automatic tuning methods do rely almost completely
on DOE and very little on the specific model approach.

The other way to cope with nonlinearity is the already mentioned use of
gray-box models. If it is possible to export known nonlinearities , @], it
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becomes possible to split the problem into two parts, on one side a (quasi)
linear estimation of an unknown dynamics derived from a more complex
setup.

In the rest of this chapter we shall shortly analyze the state of the art in
data driven system identification and locate the specific contributions pre-
sented in this book.

1.2 Methods for System Identification of Automotive
Systems

While system identification is a well explored field described in several text-
books (see, e.g., [10]), the same is not yet the case for nonlinear identification.
While more than 15 years old, the reference ﬂﬁ] still provides a good overview
of techniques for nonlinear black-box modeling. In recent years so-called ker-
nel methods, a class of methods very popular in statistical learning theory,
have been adapted to identification of nonlinear dynamical models, see, e.g.,

.

There are a number of model characteristics that significantly affect which
identification methods are suitable, and the associated computational com-
plexity. First, a model may be either in continuous time or discrete time, or
even a hybrid between these two. As data typically come in sampled form,
black-box models are often in discrete-time, while physically motivated gray-
box models generically are in continuous time. Second, unmeasured external
system stimuli can be assumed to be either deterministic or stochastic in
nature. In the latter case, these “disturbances” are endowed with some as-
sumptions about their statistical distributions.

Generally, continuous time models require numerical solution of differen-
tial equations. Stochastic models require optimal (non-linear) filtering, or
smoothing as an intermediate in the parameter estimation. By far the most
computationally expensive models are stochastic continuous time models.
Chapter [ provides a tutorial on numerical methods for state and parameter
estimation for such models. The chapter considers the approach where the
disturbance sequences are explicitly estimated, thus bypassing the nonlinear
optimal filtering problem.

Often it is difficult to find a suitable model structure. The number of
possible structures grows combinatorially with the number of regressor can-
didates to include in the model. Many different selection schemes have been
developed and recently also sparse estimation methods have appeared as in-
teresting alternatives. The latter methods employ a special regularization
which ensures that parameters with little influence automatically are set to
zero. Another way of handling this problem is presented in chapter [l Here
Genetic Programming is used to automatically generate and to prune the
set of regressors. Thus what is produced is a code with rules for how to
generate the regressors. The authors report several successful applications,
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covering engine modeling, quality assessment in steel industry and medical
data analysis.

Much effort has been devoted to develop methods that provide good initial
parameter estimates for optimization based methods (such as the prediction
error method). For ready-made linear black-box models, such as Output Er-
ror and Box-Jenkins, instrumental variable methods HE] and, more recently,
subspace methods (see below) provide adequate solutions. There exist also
methods for certain nonlinear model sets, e.g., Hammerstein models ﬂﬂ]
However, this is still very much an open issue for gray-box models despite
some attempts [ﬂ] An interesting alternative and complementary approach
is presented in chapter Bl A homotopy is constructed which at one end of
the morphing parameter corresponds to the desired problem and where the
other end corresponds to a problem with known solution. The construct is
tailored to mechanical systems. The morphing parameter affects an observer
such that the model output becomes close to the true output at one end
point of the morphing parameter. Several interesting examples are used to
illustrate the method.

Subspace identification is a method which avoids the problem of local
minima. This methodology has its roots in (stochastic) realization theory and
instead of relying on numerical optimization of a cost function, it explores
the geometrical structure of state-space models leading to numerically robust
algorithms based on singular value-decomposition. The methodology was first
developed for linear time-invariant systems operating in open loop HE, E],
and subsequently extended to system operating in closed loop, linear time-
varying systems and certain classes of nonlinear systems. Recently, algorithms
able to handle also linear parameter varying (LPV) systems have appeared.
Chapter M presents recent results on subspace identification of LPV systems.
The method is illustrated by identifying the lateral dynamics of a vehicle.

From a system identification perspective, one interesting feature of auto-
motive systems is that it is relatively easy to generate and collect data. For
example, today’s engines are well equipped with sensors and actuators and
are also relatively inexpensive. Also, the time-constants are short allowing
for limited test durations. This is in sharp contrast with, for example, paper
mills and refineries where processes tend to be either very slow and/or very
expensive (or even dangerous) when perturbed from their normal operat-
ing points. However, with increasing performance requirements enforcing the
development of more accurate models of, in turn, very complex automotive
systems requires experimental data from a wide range of operating condi-
tions. Optimizing experiments can help reduce experiment time and cost. An
interesting framework for this is least-costly identification B] It has been
recognized for long that optimal experiment design should take the intended
model used into account, e.g., E}, and recently a quite general framework
for applications oriented experiment design has been developed [B, B] This
framework allows quite general criteria to be relaxed to convex optimization
problems. A key contribution from this line of research has been the insight
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that, not only does optimal experiment design reduce experimental cost, but
it also simplifies the modeling problem. The reason is that an experiment
that is optimal for a particular application, ensures that system properties
that are important for that application are visible in the data, but also that
unimportant properties are not excited more than necessary. The implica-
tion of this from a modeling perspective is that it is sufficient that the model
captures system properties that are of importance for the application.

Applications oriented experiment design is now being introduced in a vari-
ety of contexts such as training (or pilot) signal design in communication
systems and model predictive control [|9]. Experiment design is certainly
used and recognized as important in the area of modeling of automotive
systems. Approaches here are often limited to standard design criteria, such
as D-optimal design, which only involves the accuracy of the parameters,
without explicit reference to the application ] In chapter [@ the basics of
applications-oriented experiment design are outlined. Chapter considers
design of experiments for determining transient trajectories for engine pa-
rameter estimation. This chapter also points to the link from experiment
design to adaptive control.

1.3 Applications

The subject automotive systems covers a huge variety of applications, ranging
from detailed descriptions of the combustion process in reciprocating engines
over vehicle body control tasks to questions of vehicle guidance and naviga-
tion, or driver modeling. Obviously, this book cannot present examples for all
possible tasks in this field, but contains a collection of several state of the art
applications motivated by questions from academia as well as from industry.

As it is often the case, modeling turns out to be the crucial issue in the
design phase of a model based controller for engine control. Moreover, due to
tightening emission limits and high demands towards fuel efficiency, engines
have become complex systems with lots of actuators. In other words, models
need to be accurate and frequently the effects of numerous inputs have to
be captured by a single model, resulting in high dimensional multi-input
multi-output representations. Chapter [[3 presents an industrially motivated
approach for gray box mean value modeling of turbocharged Diesel engines
with a particular focus on stability of models both in simulation and for
identification. Furthermore, low complexity black box models suitable for
model predictive control of a heavy duty engine are shown in chapter [[3] and
fuel system modeling of an offroad heavy duty Diesel engine is illustrated in
chapter

The high complexity of engines has also increased the calibration effort
considerably (in order to fulfill the legislation requirements). Therefore auto-
matic tuning methods have found their way into practice. Chapter [0 presents
an example of such an automated engine calibration using nonlinear dynamic
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programming, with the goal of reducing calibration time and consequently
costs during engine and vehicle development. The importance of tailoring the
method to the modeling task is emphasized in chapter] e.g. to systematically
integrate first principles models and empirical models.

Mean value models are a valuable choice for many engine control appli-
cations, e.g., engine airpath control, however, since they are associated with
simplifications of the geometry, the time scale and the physical phenomena
involved, one has to be aware of their limitations. To this end, chapter [I1]
analyzes through several real-life examples the effects of the most important
simplifications done in mean value engine modeling.

As mentioned above, mainly due to the cost pressure, typically only lit-
tle sensor information is available for engines. Nevertheless, several physical
quantities need to be estimated on-line, see chapter [I7, or the feed-forward
maps of the controller need to be adapted to take into account the impact
of aging and wear on the control system — chapter [[4] presents an estimator
based approach for an off- and on-line identification of these maps.

Besides the desirable high efficiency, the heterogeneous combustion taking
place in Diesel engines unfortunately results in high levels of nitric oxide and
soot emissions. Over the last two decades so called alternative combustion
modes, like homogeneous charge compression ignition (HCCI), have been
developed, leading to promising results concerning efficiency and emissions.
However, HCCI is highly sensitive to operating conditions and lacks direct
actuation, which is a challenge for closed-loop control. Therefore, chapter [IGl
shows the design of a control model and, furthermore depicts its satisfactory
use of the model during model predictive HCCI control of a heavy duty Diesel
engine.

In a similar manner as for engine control, modeling turns out to be the
critical phase for vehicle chassis control applications. Chapter [ provides a
survey on several identification issues in vehicle control and discusses the
advantages and disadvantages of the identification approaches by means of
four examples. The performance of Markov chains is analyzed in chapter [1]
in particular their application to vehicle speed and road grade estimation.

1.4 Conclusions and Outlook

System identification could have a paramount importance in automotive con-
trol as it can be the solution for one of the most practical problems — how to
get a model with little effort.

While the number of applications is still limited, and frequently more re-
lated to the academic than to the industrial world, it is growing and a clear
indicator of the potential relevance of the method.

On the way to more generalized use there are mainly two obstacles.

On one side, automotive engineering has been evolving from a classical
mechanical engineering branch to a mechatronical one only in the last two
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decades, and the main background of most people in that community, but
in particular of those in responsibility positions, is clearly mechanical and
thus mainly first-principle oriented. Data driven methods are less easy to
understand and frequently abused as a kind of universal problem solver —
which they are not — and therefore seen with distrust. To cope with this
problem, we need applications which clearly show the advantages, but even
more, as discussed in chapter B]), the integration of first principles and data
based models must receive more attention.

An effort in this direction is proposed, e.g., by } where emission mod-
els are developed combining complex thermodynamics and data based ap-
proaches according to the available information. However, much more is
needed to allow a breakthrough from the industrial side.

On the other side, we need more support from the academic community.
Inside this community little interest is given to the specific setups that arise
at automotive systems (closed loop nonlinear systems identification for vir-
tual sensing but also inverse control under data richness or even excess). Data
richness is more of a problem than can be thought of — data is not equiva-
lent to information and too much data tend to hide more than offer useful
information. This calls both for DOE — static and dynamic — to produce the
right data, but also for statistical methods to extract information from data.
Both of course in the nonlinear framework.
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Chapter 2

A Desired Modeling Environment for
Automotive Powertrain Controls

Akira Ohata

Abstract. A desired modeling environment for automotive powertrain con-
trol development is proposed in this paper to timely develop the required
models for control system developments. Our aim is to systematically de-
rive a grey box model consisting of physical and empirical models with the
minimum order and number of the parameters. The environment consists
of physical and empirical modeling, model simplification, system modeling,
model/data managements, optimization methodologies and physical law li-
braries. In this paper, physical model is defined as the one satisfying the
considered conservation laws and empirical model is defined as the one hav-
ing adjusted parameters. In this paper, two approaches from a physical model
to the target and a pure empirical model to the target are introduced. Phys-
ical modeling based on the constraints and the considered conservation laws
is also introduced.

2.1 Introduction

The automotive industry has encountered the complexity issue of control
system development. Model-Based Development (MBD) has been highly ex-
pected to resolve the issue [1, 2]. MBD is a development where state of
the art simulation technologies are efficiently used. Therefore, modeling con-
trolled objects is one of the important elements of MBD. However, multi
physics modeling and systematic grey-box modeling [3] haven’t been well
established. We have to deal with mechanical, chemical, fluid, thermo dy-
namics simultaneously at least in powertrain control susyetem developments
but there are few engineers who have sufficient knowledge of various physi-
cal fields although sophisticated modeling methods have been well developed

Akira Ohata
Toyota Motor Corporation
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D. Alberer et al. (Eds.): Identification for Automotive Systems, LNCIS 418, pp. 13@
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in each specific physical field. The automotive industry has developed many
engine and component models based on first principle. But, those models
require combining experimental data and that has been done heuristically.
Therefore, reusing and maintaining the models are usually difficult. From the
background, a desired modeling environment is introduced associated with
MBD in order to promote the development of efficient modeling environment
shared among developers of pwertrain control systems.

First, the author tries to show how to use models in MBD. The concept
of MBD is introduced in Figure 2.1. A control system in the actual world
consists of the controlled hardware and the Electronic Control Unit (ECU).
After the required validation tests, the developed control system is put into
the production. The structure combining the controlled hardware and the
ECU in the actual world is modeled in the virtual world. Therefore, there are
the controlled hardware and the ECU models in virtual world. The closed
loop system is validated through the required simulation tests. This is called
Software In the Loop Simulation (SILS) [4, 5]. An interesting thing is that
there are two links between the actual and virtual worlds. One is Rapid
Prototyping ECU that the actual hardware is controlled with the virtual ECU
that means the control logic works on a general purpose PC with the sufficient
execution speed and the memory sizes. The other link is Hardware In the Loop
Simulation (HILS) that a real time hardware model is controlled by the actual
ECU [6]. That can make debugging the developed ECU remarkably efficient
because of easy recreation of observed bugs. Moreover, some actuators can
be inserted into the closed loop when the models don’t exist and the model
accuracies are hardly guaranteed.

The key of MBD is to use the hardware and ECU models as the functional
specifications. In the ECU development, embedded codes can be generated
from the ECU model because the specification is sufficiently accurate. In
the hardware development, it must be corrected when some differences are
detected between simulations and experiments although that may be unac-
ceptable for many hardware developers. However, they would produce trifle
errors causing tough and urgent iterated works in the latter part of the de-
velopment. The early detection of produced defects can considerably increase
the productivity of the development and also increase the quality of the con-
trol system. The comparison between the product and the specification is the
basic method to detect the error and the model can make it very accurate
and efficient.

Figure 2.2 shows the development process of MBD. It consists of three V-
cycles [2]. The process starts from the system requirements and constraints
analysis. The system design is performed according to the result. Control
and hardware designs are done also according to the requirements and con-
straints transferred from the system design. The outputs of each design are
the models as the functional specifications of the components. The follow-
ing processes are prototyping hardware parts and embedded codes develop-
ments. The behaviors of the outputs are compared with the models in the
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verification processes. Thus, defects are detected immediately. These com-
ponents are combined and the hardware system and ECU are constructed.
The closed loop system validations are performed with Rapid Prototyping
ECU and HILS. Here, validation means to guarantee the correctness of the
developed products. It can be expected that the quality of the actual closed
loop system is sufficiently high because defects can be detected and fixed
immediately. The development is completed after the final validation test.
The purpose of this MBD process is to continuously improve the process by
the evaluation of the process quality and removing iterated works as much
as possible.

*SILS, PILS

Virtual World

Functional Spec. Functional Spec.
Il

T : | controller model

.
Rapid Prototyping ECU -~ ~ *HILS N

plant hardware controller

- >
‘ vehicle H actuators H Sensors ‘ ‘ software ‘ ‘ hardware ‘

combining
. . *PILS: Processor Inthe Loop Simulation
Valldatlon *SILS: Software In the Loop Simulation

*HILS: Hardware In the Loop Simulation

Real World

Fig. 2.1 Concept of model-based development

We want to use plant models from the beginning of development pro-
cess. However, it is not easy to develop the required plant models timely.
Sometimes, they are completed after the development. Models are catego-
rized into white/black/grey-box models or physical/empirical models [7, 8,
9, 10]. Almost all may agree that grey-box models are practically effective
and constructed with the combination of physical and empirical modeling
methods. However, the combination has been carried out heuristically. Thus,
the model quality including the description style highly depends on the de-
veloper. That causes the difficulty to apply models to other developments.
This paper is structured as follows. The proposed modeling environment is
introduced connected with the definitions of physical and empirical models
in the section 2.2. Multi physics modeling environment is described accord-
ing to the definition of physical model in the section 2.2. Empirical modeling
environment is briefly summarized and the issue of parameter redundancy
is shown in the section 2.3. In the following section, the importance of inte-
grating physical and empirical models is discussed and the some integration
methods are also introduced. Finally, the summary of this paper is placed.
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Fig. 2.2 Concurrent MBD process

2.2 Proposed Modeling Environment

Before further discussions, we have to define what physical and empirical
models are. In this paper, physical model is defined as the one satisfying con-
sidered conservation laws and empirical model is defined as the one having
adjusted parameters. According to the definitions, we can rigorously distin-
guish the physical models from the ones that are not. Figure 2.3 shows the
definitions. There is the overlap of physical and empirical models in the fig-
ure. A model with adjusted parameters is a physical model if it satisfies
the considered conservation laws. However, conservation laws are too strict
constraints which should be relaxed practically. Thus, approximated physical
model is placed around physical one. Our target is in the set of approximated
physical model. There are two approaches to reach the target,

Approach A: from physical to the target — how to combine empirical models
Approach B: from empirical model to the target — how to insert physical
structure. Both approaches should be systematic.

Figure 2.4 shows the proposed plant modeling environment in this paper.
The solid lines show information transfers including models and the dotted
lines indicate the model/data managements. Physical modeling environment
is connected with optimization and physical law libraries. 3D simulations can
be simplified with model simplification technologies. HLMT in this figure
stands for “High Level Modeling Tool” described in the section 2.3. System
identification technologies are used in the empirical modeling environment
associated with optimization methods. Equations of empirical model may be
derived from physical models with a model simplification method. Physical
and empirical models are integrated to construct component models. In the
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system modeling environment, component models are assembled. However,
the accuracy may be insufficient because highly accurate component modeling
is not easy and the compensation with empirical models may be necessary.

Model/data managements are also essential for the automotive industry.

"~ Initial model

Fig. 2.3 Definition of physical and empirical models
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2.3 Physical Modeling Environment

Mechanical and electric circuit modeling have been well developed in both
physical domains. We have used these methods combining with other physi-
cal domain modeling methods. Internal combustion engine modeling requires
fully combining mechanics, electric circuits, chemical reaction, thermal con-
duction and fluid dynamics. Bond Graph has been popular method as phys-
ical modeling among researchers and engineers [11]. However, it is based on
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the energy conservation laws and deal with two types of variables of which
multiplication results in energy flow. That is the reason why it isn’t easy for
Bond Graph to deal with fluid dynamics because three variables, for instance
velocity, pressure and temperature, are treated at least. In this section, a
multi physical modeling based on the constraints and the considered conser-
vation laws, for instance mass, energy, momentum and molecules conservation
laws, is proposed [12].

According to the definition of physical model, a physical modeling method
is proposed in this section. The process shown in Figure 2.5 is taken in phys-
ical modeling. The first step is “partitioning” that the considered system is
divided into the components. The second step is to define the constraints
which determine the relationships among the state variables of the model.
They determine, for an example, the geometric configuration. The next step
is to define the interactions among the components. The constraints and the
interactions are described with the equations and a physical model means
the set of the equations.

{

v Partitioning

Describing the constraints

'

m Describing the interactions
e v

@ Gathering the equations

Fig. 2.5 Modeling process

Figure 2.6 shows examples of constraint described above. Example 1 shows
the rotational joint mechanism and it has the position constraints. Example 2
shows a combustion model dividing the gas in the chamber into the burnt
gas and the mixture gas portions. It is supposed that the pressures of the
burnt and mixture gas portions are equal to each other and the summation
of two volumes is equal to the chamber one. The top figure shows the general
description of constraint. Two components in these cases are corresponding
to the circles and the constraints are corresponding to the square block. The
equations of the constraints are put into the block.

The idea to describe the interactions in this paper is to use the considered
conservation laws as shown in Figure 2.7. It is considered that the inter-
actions are caused by the exchanges of the conservation quantities such as
mass, momentum, energy, molecules and so on. As mentioned above, three
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conservation laws of mass, momentum and energy are required to describe
fluid systems because it can include three independent variables, the velocity,
the pressure and the temperature. The conservation flows shows the arrows
in Figure 2.7 and the direction of arrow means the sign convention of conser-
vation flow. The interactions are described with

N
dE;
L= Zeﬂ — €gi (2.1)
j=1

dt

where E; € R™ : Conserved quantities of the component i, e;; € R™ :
conserved quantity flows from the component j # 4 to the ¢, eq; € R™ :
generated conserved quantity rate in the component i, n;: the number of the
considered conserved quantities of the component ¢, N: the number of the
components. The conserved quantities aren’t used to show the behavior of
the model generally and they must be transferred to other popular variables,
such as the positions, the velocities, the pressures and the temperatures.
Such variables are indicated withX; € R™=i. The flows are defined with the
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functions of F = [E?,EQT, e ,E'}C,]T and X = [XlT,XQT7 e ,X}\;]T of both
components connecting with each other. The constraints are described with
the algebraic equation (2.2)).

h(E,X)=0 (22)

Where h is RMiTnet4nn o prxitnxzt4nxy . Rp JZV: n; + ]ZV: nx; > RP
i=1 =1

and p is the number of the constraints. Therefore, the model is dcjescribed with
the high index differential algebraic equations not solved numerically in gen-
eral. Thus, it is required to reduce the index [13].The model description based
on the constraints and the considered conservation laws are called HLMD
(High Level Model Description) and the tool supporting GUI, the simplifi-
cation of the differential equations generated from HLMD and simulation is
called HLMT (High Level Modeling Tool). HLMD and HLMT guarantee the
developed models are consistent with the conservation laws but don’t guaran-
tee the accuracies are sufficient. HLMD in Figure 2.8 reveals the substantial
problem of physical model fidelity level. We suppose in the upper figure that
the heat generation at the spring and the mechanical friction are neglected.
Thus, we can only consider the interactions among the mass, the spring and
the ground and the HLMD is the left figure. In the bottom figure, let’s con-
sider the lubrication oil between the mass and the ground. The motion of
the mass causes the heat generation at the oil and the heat conducts to the
mass and the ground. The heat also conducts from the mass and the ground
to the atmosphere. The heat is also generated at the spring by the damping
effect, raises the temperature and conducts to the atmosphere. In this case,
the HLMD becomes the left bottom figure. To calculate the temperature,
we can’t neglect the mass of the spring. We can consider a higher fidelity
model than any models. We may not neglect the resistance force from the
air. Like this, a physical model is always perturbed by a higher fidelity model
than itself. This means that identified model parameters loose the physical
meanings and tend toward the different values from the expected ones.

Here, a question has risen if the ranges of the parameters are restricted by
the physical meanings. For example, masses and spring coefficients may be
negative as the results of the parameter optimization by using experimental
data. We can set the assumption that a physical model describes experimental
data to a certain extent. Thus, it is considered that our target model is around
the model. That is reason why the approximated physical model is defined
in Figure 2.3.

One of the advantages of HLMD is the readability of the diagram that is
highly formalized and allows the tool to generate the model equations. The
first prototype of HLMT was already developed [14]. Figure 2.9 shows what
HLMT looks like and Fig. 2.10 shows the physical model of three masses and
two springs connected in series. The damping effect generates heat at the
springs that conducts to the atmosphere and raises the temperature of the
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springs. Fig. 2.11 shows an example of the model execution results. The left
figure is the velocity of the left mass and the right figure is the temperature
of the left spring.
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2.4 Empirical Modeling Environment

Empirical model is defined as the one having adjusted parameters as shown in
Fig. 2.3. Usually, we consider that pure empirical model is based on function
approximation, for instance Taylor series and linear combination of radial
basis functions. We want the proof that the error becomes sufficiently small
when we follow a systematic procedure. Taylor series and the linear com-
bination of basis functions have this feature theoretically. DoE (Design of
Experiments) has become popular in the calibration process of powertrain
control [15]. It has been introduced from steady state calibration, called base
map calibration, and reduced the experiments of base map calibration by
50%. According to the success, it has started to expand the usage to tran-
sient calibrations. Now, parametric Volterra series and Wiener-Hammerstein
model [16] are popular in the powertrain calibration area.

Fig. 2.12 shows an example of parametric Volterra series applied to HC
emission of the FTP cold start mode. It shows five test cases with the different
throttle, the fuel injection and the spark advance controls. The solid lines are
experimental data and the dotted lines are simulation results of identified
models. The model equation is as shown below:
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Empirical model
Experiments

casel case2 case5

time () time (s) time (s)  time (s) time (s)

Fig. 2.12 HC emission of FTP cold start

HC (k) = a1 5a (k) + az fir (k) + a3 fim (B) + 040 (k) + a5 54 (k) +
ag sq (k) fir (k) + ar sq (k) fim (k) + ag sq (k) 0 (k) +
ao fir (k)" + a0 fir (k) fim (k) + a1 fi (k) 0 (k) +
g fir (k)% + ons fim (k) 0 (k) + 014 0 (k)® + o5 54 (k — 10) +
a6 fir (K —10) + 17 fim (kK — 10) + ang 0 (k — 10) + (2.3)
a9 8q (k — 10)2+a20 Sq (k—10) fir (k—10)+ '
a21 Sq (k= 10) fim (k — 10) 4+ a2 s4 (k — 10) 6 (k — 10) +
a2 fir (k= 10) + aza fir (k = 10) firm (k — 10) +
95 fit (k — 10) 0 (k‘ — 10) + a6 fim (]{J — 10)2 +
a7 fim (k—10) 0 (k — 10)% + agg 0 (k — 10)* + ago

Where, s, is the spark advance, f;; is the fuel injection timing, f;,, is the
amount of fuel injection and 6 is the throttle opening angle.

Generally, physical model of HC emission isn’t easy to construct because
many physical phenomena are involved. On the other hand, empirical model
can easily recreate experimental data even for very complex phenomena. Like
this example, many parameters appear in nonlinear identification generally.
We have often encountered the exponentially increase of model parameter in
dynamical empirical models although there are methods to mitigate the issue
such as kernel approach [17]. The model is applied to limited engine opera-
tion conditions close to the measurement condition. It seems that inserting
physical structure is effective.

2.5 Integration of Physical and Empirical Models

Grey-box modeling is widely used in many applications. It is a kind of the
integration of physical and empirical models. However, it can be said that grey
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box models are derived heuristically. In this paper, we discuss a systematic
integration. Now, let’s suppose the equation,

d_atc = f(xauvg)
y=gl) 24

is a physical model. Where x € R™ is the state vector, u € R™ is the input
vector, y € RP and 0 € R' is the constant vector corresponding to physical
and geometric constants. In this section, two approaches A and B shown in
Fig. 2.3 are introduced.

2.5.1 Approach A

Approach A means to combine empirical models to a physical model. We
categorize the methods into the following three types.

2.5.1.1 Typel

N,
d(ftr = fr (Z‘m u, 07“) ~ i; Ori fr1 (xm u) (25)
y = gr(zr)

Where z, € R" (n, <n) is the reduced state vector and f,1 (2, u),
(i=1,2,---,N,) are the basis functions. Type 1 includes approximated de-
scription of

dnT dnT—l dnLTu me—lu
T(Wn%’adtnir_?a'”7yaWaW7”’au79T>_0' (26)

This method can be applied to the discrete time systems. It can be said
that Type 1 includes model order reduction and function approximation.
Type 1 is highly connected with empirical model and approximated models
can be empirical models.

An empirical model from the throttle to the intake pressure is constracted
as an example of the type 1 model in this section. Fig. 2.13 shows the 46"
order V6 engine model [18] that is not a mean value model but an instan-
taneous model. We tried to identify the nonlinear empirical model from the
throttle to the intake pressure by using simulation data [19]. By the analysis
of Hankel matrix consisting of the input and the output sequences, we de-
cided to adopt the 1st order affine model. Thus, each local model around the
intake pressure is described by

p(k+1) = a1 (po) p (k) + a2 (po) u (k) + 3 (po) (2.7)
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Fig. 2.13 V6 engine model

Figure 2.14 shows the identification result for the simulation data shown in
Figure 2.15. The throttle angle fed to the engine model was the summation of
the random and the gradually increasing signals. The green line is the curves
of a1, asand ag approximated with the polynomial functions with the intake
pressure. Thus, the global model is described with

p(k+1) = {Bsp(k)8+ﬂ7p(k')7+--~+ﬂo}p(k)+
’78p(k)8+77p(/€)7+---+70} u(k)+ . (2.8)
5gp(k)8—|-57p(k)7+"'+50}

Figure 2.14 shows the equation (8) is well fitted to the local models and
Figure 2.16 shows a good correlation between the globalized and the original
models. The model was successfully applied to an actual engine data and the
re-identified model by using experimental data shows the good correlation as
shown in Figure 2.16.

However, there are 27 parameters in the model that easily change in iden-
tifications with small perturbations although each correlation between exper-
imental and simulation data is good. We loose the physical structure during
the global model construction and that causes the parameter redundancy
described in the following section. It can be said generally that models with
many parameters are flexibly fitted to many data but it is difficult to de-
termine them uniquely. According to function approximation theory, what
we have to do is to increase terms and coefficients when the model isn’t
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Fig. 2.15 Correlation between globalized model and original simulation

sufficiently accurate. Thus, empirical models don’t require the effort to de-
velop physical models. However, this doesn’t mean that an obtained em-
pirical model can be applied to other data measured on different operating
conditions. The required parameters and the terms would exponentially in-
crease when we try to fit the model to many data.

2.5.1.2 Type 2
9 = (20,0 (z,u))
y=g(x)

The argument 6 in the equation (4) is a theoretical constant vector. But,
it is possible to deal with 6 as the function with x and u, practically. For
example, we can deal with the engine rotational inertia as the function with
the engine speed although it is a constant or a function with crank angle
physically. That would be reflected from the simplified assumption that we
neglected the coolant and lubrication oil flows. We can also deal with the
plenum chamber volume is a function with the intake pressure although it is

(2.9)
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a constant theoretically. However, the method is a simple and effective way
to improve the accuracy.

2.5.1.3 Type 3

Yeaperiment = Ymodel + Cadd 2.10
eadd (x7u) ’Q‘er (xT'7u7eT') ( ' )

Je (zr,u) is called error function. Error function includes

Yexperiment = Emul Ymodel 211
Emul = fe (xT7 u, 07«) ( ' )

where, the function f. (z,,u,6,) is an approximated model error from the
experimental data. The combination of the equation (ZI0) and ZIII) is
possible.
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Fig. 2.16 Comparison of simulation with global model and measured data

Figure 2.17 shows an example of error function applying to the air charge
estimation. The function of the air charge estimation. The function of the air
charge is expressed by

fe;cpreiment (X) = error (X) fmodel (X) ) (2-12)

where X = [ rpm,intake pressure,intake valve lift,intake valve phase angle |*
and the air charge is indicated by f. (X). The right figure shows that the
integrated model can improve the accuracy considerably.

For types 1 to 3, 0, is optimized such that the error between the experi-
ments and the approximated model is sufficiently small. These are applied to
both component models and system models. For system modeling, it is im-
portant to notice the possibility of the parameter redundancy. An empirical
model of the heat transfer from the gas in the cylinder to the cylinder wall
affects the air charge and the air flow model of the intake valve also affects it.
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Fig. 2.17 Example of error function application

There are other component models affecting the air charge. Thus, the param-
eter redundancy easily happens. It is very difficult to adjust the parameters
correctly or uniquely. Moreover, the heuristic integration tends to make the
error complex. We have a risk that the compensation with empirical mod-
els tends to make the model error complex. We need a lot of experimental
data to compensate the complex one. Thus, the important point of physical
modeling is to make the model error simple.

2.5.2 Approach B

However, nonlinear identification has been still tough area in control engi-
neering although various methods have been proposed. Figure 2.18 shows one
of the difficulties of empirical model. It often happens that the distance be-
tween two models in the parameter space may be long even if the behaviors of
the models are almost same as shown in Figure 2.17. The right figure shows
the parameter distance in the plane of p; and po. This image is extended to
the models with more parameters than three. The parameter distance L, in
Figure 2.17 is, for an example, defined by

Np

Z pAz sz . (213)

i=1

<.

In the equation (2.13), N, indicates the number of the parameters.

That can be caused by the redundancy of model parameter that the other
parameters can adjust the behavior to match the required data even if the
parameter p; of a model takes an arbitrary value. The problem is that the
model parameters can’t be determined uniquely. This causes the difficulty
when a global model is constructed from local models.

Let’s suppose that the target system described by model (4) is transferred
to the SISO discrete-time description,

F<y<k)ay<k_1)a 7u(k)7u(k—1)7,p):0 (214)
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Fig. 2.18 Inconsistency of model parameter distance and behavior similarity

Where, y € R is the output, u € R is the input and p € R is the model
parameter. From the Jacobean of F', we obtain

y(K)+ a1y (b= 1)+ + fou(k) + fru(k—1)+7 =0. (2.15)

Many parameters appear in the equation (2.15) even if p is a scalar. The co-
efficients of the equation (2.15) are the functions with the y (k) =y (k—1) =
coo=yo, u (k) =u(k—1)=---=wup and p because the linearization is done
around the condition. This means that the coefficients depend upon yg, ug
and p. Thus, there are the relationships between the coefficients

() =0 i=1,2,---, (2.16)

where 6 = [a1, a2, , an, B0, B1,- -+ Bm,7]". They want to make some co-
efficients zero especially in the machine learning area [20]. Practically, such
conditions are derived from physical considerations associated with AIC [21].
In such cases, a; =0 and §; = 0 are the special case of the equation (2.16)
[21]. Therefore, we can define the relationship among empirical model pa-
rameters as physical structure and we define the relationship expressed by
(2.16) is SPS (Strong Physical Structure). Because, the model adopting SPS
is almost same as the original model and the flexibility of empirical model
may be lost. Thus, the relaxation of SPS is considered. For the purpose, the
constraints with inequality is used as

B (0)] <6 i=1,2,--. (2.17)

d; is determined according to the confidence level. The constraints expressed
by (2.17) are called WSP (Week Physical Structure). This concept can be
applied to nonlinear empirical models. Another way to introduce physical
constraints is to insert the constraint (2.16) into the criterion as shown in

Nc
J = ”yexp - ymodel” + Z Ai ”@Z (0)”7 (218)
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where each ||e|| means a norm includinglLy, Ly and L. This method follows
the concept of WPS because @ (0) = 0 isn’t strictly required. We can make
some of @; (0) equal to zero when we take the norm L; for the second term.
This is an application of LASSO [20].

To show this concept clearly, the following toy example,

ol # )= (A
€9 €3 dt i) o fQ (1‘171‘2) (219)
y=g(x1)+w
is used. It becomes
L= fi(z1,u) (2.20)
y=g(x1)+w '

when e1,e9,e3 — 0. Thus, (ZI9) means x; is perturbed by x2. The purpose
here is to investigate the effect of the perturbation and the inserted physical
structure to system identification.

The nominal model investigated here is the transfer function

(s°+ 048>+ 055 +05) Y(s)= (015> + 025" +05) Uls) (2.21)

Where © = [0, 02,03,04, 05, 96]t =12p,0.5p,1,1,p— p] and p = 1. The equa-
tion (22T]) is transferred to the state equation,

-2 -0.5 -1 1

dx

=11 0 0| z14+|0|u

dt
0 1 o0 0 (2.22)

yo=[11-1] zy

and the perturbed output is

dzy
ai = ~2r24 240 (2.23)

Yy =xo +w

where E (w) = Ad (A > 0 and § is Dirac delta function) is a white noise
signal.

Figure 2.19 shows the comparisons of identification results when ¢; =
0.01, e2 = 0.01,e3 = 0.1 and A = 0.005. The top figure is the comparison
of the nominal output yg and the identification result of ARX. The correla-
tion is very good because noise isn’t involved. The second figure is for the
identification of . In this case, singular perturbation and noise are involved.
The identification is crushed down. The third figure shows the identification
minimizing the error between the y with no constraint and the simulation
of the indentified model. We obtained a good correlation. The bottom figure
shows the identification minimizing the error with the constraint
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This means the bottom identification uses WPS. The identification shows
almost same result as the third figure. However, the issue is the parameter
distances.

Figure 2.20 shows the parameter distance between the identification re-
sults and the nominal parameters. The parameter distance of the identifi-
cation without WPS, that is the constraint of the numerical optimization,
is the biggest and the one without WPS is considerably small. When we
adopted the criterion (18) for the unconstrained optimization with the L
norm of [|© (0) ||, , the result was similar to the one using the constraint (23).
However, the result was similar to in the case of the La norm of [|© (0)]|, .
However, this result can’t be general because the weighting factor A; highly
affects the identification results. Therefore, more investigations are necessary.
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2.6 Summary

Rapid and systematic modeling is the urgent issue to realize Model-Based
Developments (MBD). However, there is no shared modeling environment
among engineers and researchers to timely develop required models. To re-

sol

ve the issue, a desired modeling environment has been proposed in this

paper. The integration of physical and empirical model is the main challenge

to

construct the proposed environment. The following items are the major

technical contributions of this paper.

Physical model is defined as the one satisfying considered conservation
laws. According to the definition, a physical modeling tool based on the
conservation laws and the constraints is introduced.

Empirical mode is defined as the one having adjusted parameters. Em-
pirical models tend to cause the redundancy of model parameter caused
by loosing physical structure. That causes the exponential increase of the
parameters.

Three types of approximated physical model have been defined. The com-
bination is possible to make component and system models. A few exam-
ples were demonstrated in this paper.

The key of physical modeling is to make the model error simple from the
view of integrating physical and empirical models.

The key of the integration is to make the parameter space small including
the increase of parameter sparsity and binding the parameters to the
nominal values.

There have been a lot of remaining studies and the collaboration among

researchers and engineers is highly required.
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Chapter 3

An Overview on System-Identification
Problems in Vehicle Chassis Control

Simone Formentin and Sergio M. Savaresi

Abstract. This paper provides a brief survey on some identification issues
in vehicle chassis control design. Data-driven techniques appear as the most
suitable for the control-oriented modeling task, since in this framework phys-
ical laws are strongly affected by unmeasurable parameters, e.g. the road
conditions.

Four examples are then presented to underline which are the advantages
and the drawbacks of identification approaches in every subproblem of chassis
control, i.e. stability control, traction control, suspension control and braking
control. Each single task is challenging from both theoretical and practical
point of view. At the end, it becomes evident that in this kind of control
application, the identification phase is critical at least as much as the control
design itself.

3.1 Introduction

In recent years, the automotive market has witnessed an increasing diffusion
of control electronics in the whole vehicle architecture. IEEE Spectrum, an
American technical publication, reported that electronics, as a percentage of
vehicle costs, climbed from 5% in the late 1970s to 15% in 2005 — and this
number has undoubtedly increased since then. Among all things, a privileged
place is occupied by the electronic systems devoted to the chassis control,
for mainly two reasons. First of all, road safety is an essential element of
sustainability in mobility and transport. Secondly, chassis control systems
can be used as a performance enhancement; as an example, traction control
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systems for racing vehicles allow drivers to get maximum traction force, by
keeping the tire at the optimum slip ratio.

In this field of automotive control, one of the most challenging tasks is the
control-oriented modeling of the plant dynamics. As a matter of fact, physical
and analytical models often involve road-tire descriptions or unmeasurable
parameters; therefore, they are typically not easy to derive and sometimes
even unusable in practice. Identification techniques appear then as the most
suitable way to model such complex dynamics for control design purposes.

During last years, much effort has been dedicated to the development of
automatic identification procedure for chassis control. These studies have also
benefited from the recent improvement of theory of control-oriented identifi-
cation, or “identification for control”, that aims at designing models whose
quality is assessed depending on the final control application, see }, E] and
references therein. To cite just few recent contributions in the area of iden-
tification for chassis control, see instead [3], [4], [, [6], [d]. For a detailed
survey on modeling and control problems in vehicle dynamics, the reader is
instead referred to [12)].

In this chapter, four application examples will be presented to show how
identification methods can be used for filling the lack of knowledge of plant
dynamics in road vehicles (two on motorcycles and two on cars). In order
to provide both an overview on application problems and an overview on
available methods that can be useful in this particular field, each paragraph
deals with a different sub-problem in the chassis control framework, and each
one is solved via a different approach.

Specifically, from a methodological point of view, the approaches are grey-
box identification, black-box identification, estimation-oriented identification
and direct controller identification. From an application point of view, the
different themes are stability control, traction control, suspension control and
anti-lock braking systems. Notice that from a vehicle dynamics viewpoint, all
the (six) degrees of freedom of the rigid chassis are taken into account by this
class of applications: traction and braking control are devoted to the longitu-
dinal dynamics, stability control is strictly connected to the lateral movement
and the yaw angle, and finally suspension systems aim at regulating roll, pitch
and vertical dynamics.

3.2 Example 1: Grey-Box Identification for Yaw
Control of Four-Wheeled Vehicles ([8])

Yaw control systems can be used for different applications, e.g. to correct
under- or over-steering behaviour or to compensate the lateral drift that can
occur during braking in certain conditions. In the second case, the basic idea
to cope with this control problem is to rely only on brake actuation; in fact all
modern cars are equipped with ABS systems that independently modulate
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the braking pressure at each wheel: by applying a differential braking force
it is possible to generate a yawing moment to control the drift.

Such a control strategy requires to model the dynamics from the steer-
ing wheel and differential braking to the lateral dynamics of the vehicle. A
grey-box approach will be followed, by first writing the first-principles equa-
tions that handle the physical phenomena and then identifying the unknown
parameters. Figure [B.1] schematically represents the main parameters and
conventions employed in the model of the vehicle.

Far

Fig. 3.1 Double-track vehicle model nomenclature.

In the figure: a...’s are the wheel side-slips (3 is the vehicle side-slip, Fy..,Fy..,
F.. are the longitudinal, lateral and vertical forces, § is the steering angle at
the wheels, ¥ and r are the yaw angle and yaw rate, v and u are the longi-
tudinal and lateral velocity in body fixed coordinates; finally the geometric
parameters are a, b, w and h standing for the distance from the front axle
to the center of mass, the distance from the rear axle to the center of mass,
half the track width and the height of the center of mass. Other symbols not
defined in figure are J, m, J,, which represent the yaw moment of inertia of
the vehicle, the total vehicle mass and wheel moment of inertia, w..’s are the
wheel velocities, A..’s are the longitudinal wheel slips, r,, is the wheel radius
and Tp..’s are the braking torque at each wheel.

The vehicle model is obtained by writing the force and momentum bal-
ances relative to 7 degrees of freedom: 2 linear degrees of freedom (longitudi-
nal and lateral) and 5 rotational (yaw and the 4 wheels). The balances can be
written as follows. Notice that the longitudinal force is modeled according to
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Burkhardt model ﬂﬁ] whereas, thanks to the small steering angles hypothesis,
a linear model can be employed for the lateral forces.

0 =1/m (Fyri + Forr + (Fofi + Fypr) cos(6) + (Ey 1 + Fypr)sin(9))

U= 1/m (Fyr + Fyrr + (Fys1 + Fysr) cos(8) — (Fupi + Fypr) sin(0) + rom)

7= ]-/J(( yrl + Fyrl)b + ( Fzrl + F:rrl)w + (Fyfl + Fyfr) COS(5)Q—|—
(Fxfl+Fxfr) s1n(6)a+( Fpp + Fxf,«) COS((S)’LU + (—Fyfl + Fyf,«) sin(é)w)

@ = 3(-Ty +ruFy.)

Fp.=—F..(ci(1 —e ™) —c3\.)

F,. =F,.Cy(\)a.

(3.1)
In the model, ¢1, co and c3 are the tire characteristic parameters and .. is
the longitudinal wheel slip, defined as the normalized difference between the
vehicle speed v and the wheel speed w..r, that is: \.. = (v —w.. 1) /v.
The tire side slip can be written as a function of the state space variable
according to the following expressions:

ayp = (vsin(8 + 0) — racos(d))/(v cos(8 — 6) + rasin(d))
afr = (vsin(B + 6) — racos(6))/(v cos(ﬂ ) + rasin(9))
ayp = (vsin(B) + ra)/ (v cos(B) — rw) —
apr = (vsin(B) + ra)/(v cos(B) + rw) —
ay; = (vsin(B) — rb) /(v cos(B) — rw)
arr = (vsin(B) — rb)/ (v cos(B) + rw)

where the vehicle side slip  and the cornering stiffness C(\) are defined as
B = atan (u/v) and Cy(X) = Cq0 — kA (with k suitably chosen as in 18]).
The vertical load, which strongly influences the traction force, is constituted
by two main terms: the static load and the load transfer.

The measurable parameters such as lengths, widths, masses are assumed
to be known, whereas the unknown parameters, i.e. the cornering stiffness,
the yaw inertia and the pressure-to-torque gain Ky, are to be identified from
data, following a grey-box approach. Ideally also the longitudinal characteris-
tic of the tire should be identified, but in this case it has been assumed known
and set equal to the one of a high grip highway road. The pressure-to-torque
gain can be identified independently from the other parameters by means
of a simple sufficiently exciting experiment (e.g. a step input) and predic-
tion error methods (see [13]). Notice that the identification procedure can be
performed off-line. The two remaining parameters required a more elaborate
protocol since the identification should not be biased by the drift caused by
braking. The identification has been therefore performed on off-line data col-
lected on runs executed at constant velocity, where a square wave excitation
of the rear brakes pressure was being applied. Moreover, even though the
driver was asked to keep the steering wheel at 0°, the steering wheel angle
cannot be assumed constant and thus it has been treated as a measured dis-
turbance. In B}, the presented modeling strategy has been implemented in a
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Fig. 3.2 Model Validation. Measured and simulated yaw rate, steering wheel po-
sition and pressure gradient request at constant velocity; 100 km/h (left plot) and
120 km/h (right plot).

real experimental setup, by using a car equipped with all necessary sensors.
In Figure the obtained validation tests at constant velocity are shown.
The two figures prove that the model captures even very minute variation of
the yaw rate due to small steer action and differential rear wheel braking.

3.3 Example 2: Black-Box Identification of
Engine-to-Slip Dynamics for Motorcycle Traction
Control ([9])

This example considers the problem of modeling the engine-to-slip dynamics
in two-wheeled vehicles, by using the data collected with some experiments
specifically designed for this purpose. The proposed identification protocol
allows to derive dynamic models suited for the design of traction control
systems for two-wheeled vehicles. The effects of two different control variables
are studied: throttle position and spark-advance. All the analysis is performed
on experimental data collected on a real motorbike around a single well-
specified working condition, that is in-plane conditions (null roll angle), 2nd-
gear, 14000 rpm, dry asphalt.

In order to identify the slip dynamics, sinusoidal sweep signals are used,
whereas step variations are employed for validation purpose. As expected,
the overall I/O behavior is significantly nonlinear; this is particularly true
when using the spark-advance. The nonlinearity of the response is evident
in Figure where the spectrograms of the two responses (throttle and
spark-advance) are plotted. From the spectrograms the nonlinearity of the
response is manifest under the form of high order harmonics. If the dynamics
were linear, only the 1st harmonic would be present; in this case it is possible
to identify three zones:

e Zone I, in the range [0 Hz, 2.5 Hz] where the response is essentially
linear, only the 1st harmonic is present in the signal.
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Fig. 3.3 Spectrograms of the rear wheel slip. Top: throttle sweep experiment;
Bottom: spark-advance sweep experiment.

e Zone II, in the range [2.5 Hz, 7 Hz] where the response is determined
by three harmonics. This is the range where the dynamics are mostly
nonlinear.

e Zone III, in the range [7 Hz, 10 Hz| where the power of the third har-
monic diminishes and the response is determined by two harmonics.

Consequently, if an input signal u(t) = sin(wt) is considered, then the output
signal can be written as:

N

y(t) =~ Z Ai(w) sin(i wt + ;(w)) (3.3)

i=1
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where A;(w) and 9, (w) are the amplitude amplification and phase shift of the
i-th harmonic and N is the number of harmonics that are taken into account.
If N = 1, then a classical describing function is obtained.

The first harmonic generator is a classical linear system with frequency
response G(jw) and in [9] it has been demonstrated that it is the dominant
one in describing slip dynamics. Therefore, the system to be identified will
be characterized as a linear system and it will be assumed that it has the
following form:

- BUS) )" + b))
V)= Ho) ~ mG T @ a0

where w € R. The parameters a; and b; are determined by solving the fol-
lowing optimization problem:

: (3.5)

l
l'ilial'l; Wf(k‘) ‘h(k‘) - m

where [ is the number of available frequencies, Wy (k) is a weight that can be
used to drive the fitting toward certain frequencies, h(k) is the experimental
frequency response. In the present work, the optimization problem has been
solved via an iterative approach based on the damped Gauss-Newton method
(see [14]). The order of the numerator and denominator is determined with a
method adapted from the classical Finite Prediction Error method (see [13]),
which allows to find a trade-off between model complexity and accuracy.

Moreover, a 10ms pure delay has been introduced to model the air-box
dynamics. This hypothesis is confirmed also by the black-box approach; if
the delay is not introduced, the optimization problem (BX) yields a non-
minimum phase transfer function, which cannot be physically explained.

The first harmonics approximation for the throttle-to-slip and spark-to-
slip dynamics are reported in Figure 3.4t From Figure it is possible to draw
the following conclusions:

e Both dynamics show a resonance around 8 Hz, due to the transmission. It
is interesting to note that the resonance in the throttle-to-slip dynamics
is less damped than in the spark-to-slip; this might be due to the throttle
servo.

e Spark advance is shown to be faster than throttle action. At 10 Hz, there
is a 60° difference in phase. A bandwidth of 7-8 Hz can be anticipated
with throttle actuation and a bandwidth of 8-9 Hz with spark advance
actuation, but it is only a marginal difference.
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Fig. 3.4 Spark-advance-to-slip and throttle-to-slip dynamics. The low frequency
gains are normalized to 1.

e Although the spark advance allows a slightly faster actuation, the re-
sponse of the system to the spark advance variation is generally less
linear, and therefore more difficult to model and control.

The two obtained linear models are thus very useful for designing traction
control systems by using actuation via throttle and/or via spark advance.

3.4 Example 3: Estimation-Oriented Identification for
Sensor Reduction in Semi-active Suspension
Systems for Cars ([10])

This example focuses on the semi-active suspension control for a four-wheeled
vehicle (see ﬂﬁ] for a survey), aiming at employing a reduced sensor layout.
As damping control, the Mix-1-Sensor algorithm presented in ﬂﬁ] ﬂﬂ} will
be considered. The goal is then to provide a model to estimate the body
accelerations of the four corners on the basis of three sensors. The motivation
of this work is that, even if pricing and setup of three sensors is nearly the
same as four for a single vehicle, the fourth sensor might represent a huge
additional cost for series production.
The model employed for estimation is the following;:

~

Z4(t) = azi(t) + bza(t) + c3(t). (3.6)

where z'A'4(t) is the estimated value of the vertical acceleration 2y of the fourth
corner, Z;(t) is acceleration measured by the i-th accelerometer and a, b and ¢
are parameters to be identified. Note that model Bl is a linear and algebraic
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model and it is based on the assumption that the accelerometers 1, 2 and 3
define a unique plane w. The accelerometer 4 is eventually translated from
its ideal position on plane 7. Moreover, the plane is assumed to be rigid (see

Figure B3)).

Fig. 3.5 Graphical representation of the sensor layout.

In order to identify the parameters in (3.6, the following cost function is
employed:

N (= . 2
I EOREA0)

Sty (Ea(t)’

The minimization of ([B7) can be performed by means of simple least squares
techniques (see ﬂﬁ}) Nevertheless, the estimation of the fourth acceleration
suffers from high frequency noise that characterizes the other measurements.
Further, at high frequencies, the hypothesis of rigid chassis no longer holds
and resonant modes appear. However, in [10] it is demonstrated by exper-
imental results that spurious contributions at high frequencies are suitably
filtered by the closed loop control, without adding pre-filters with undesirable
phase shifting.

In Figure[3.6], the real acceleration signal collected with the 4" accelerom-
eter is compared with the estimation (B.6]) obtained by using the parameters
resulting from the identification procedure. Figure 3.7 reports instead the
approximate transfer function from the road profile to the driver accelera-
tion obtained if different semi-active strategies are applied to a multibody
simulator. From inspecting the figure, it is clear that the degrades of perfor-
mances are negligible with respect to the advantage of a sensor reduction in
the system layout.

J(a,b,c) =

(3.7)

3.5 Example 4: Direct Braking Control Design for
Two-Wheeled Vehicles ([11])

Designing effective braking controllers for two-wheeled vehicles is a very chal-
lenging task, due to the complex vehicle dynamics and the highly nonlinear
nature of the road-tire interactions . These facts make it difficult to devise
control-oriented dynamical models capable of describing the dynamics of in-
terest in all working conditions (for a complete overview of the problem,
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Fig. 3.6 Estimation of the 4** acceleration signal and comparison with real exper-
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Fig. 3.7 Approximate transfer function from the road vertical profile to driver ver-
tical acceleration. Comparison between over-damped suspensions, under-damped

suspensions, vehicle controlled with Mix-1-sensor (Mix-4) and vehicle controlled
with reduced sensor layout (Mix-3).
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see @ . This example proposes a model-free approach to solve the problem
(see [11] for further details).

Let the control variable and the output signal be, respectively, the braking
torque and a convex combination of the normalized wheel deceleration n
and A, as in the standard Mixed-Slip-Deceleration (MSD) braking control
framework (see [19)), i.e.,

e=ar+ (1 —a)ny, a € 10,1], (3.8)

where o = 0.9. By choosing to control ¢, instead of A, it is possible to guar-
antee that there always exists a unique equilibrium for all road conditions
and that output measurements are not too noisy (see [19]).

The overall control scheme is illustrated in Figure The intelligent ac-
tion is built up by following the idea in M] Assume that the following
ultra-local model of the plant is valid for each time instant:

y(t) = F(t) + Bu(t), (3.9)

where (3 is a (non-physical) constant parameter, such that Su(t) and §(t)
are of the same magnitude. Starting from this description, a data-driven
feedforward compensation of the nonlinear dynamics can be derived as:

B F)
(t) =*5 5

t) = y(t) — Bu(t),

where §°() is the time derivative of the reference trajectory and F (t) is an
approximation of F'(¢) at time instant ¢, computed by using an estimate @(t)
of the derivative of the output signal. According to ﬂ2_1|], the complete control
law needs a Proportional-Integral (PI) action in order to guarantee robustness

r—-=-r—-— ) -~~~ ~—~—~—™—"—— al

|| d |

L La ] |

| intelligent d |

: ult) action dt :

| |

yo(t)|  + Pl I + 4+ system :
— | Unlt) u(t) dynamics | Y(t)|

| |
L __ |

Fig. 3.8 Closed-loop control scheme with nonlinear data-driven compensator and
VRFT-synthesized PI.
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with respect to errors in the dynamics compensation. Defining the tracking
error e(t) as e(t) = y°(t) — y(¢), the final expression of u(t) is given by

u(t) = u;(t) + upr(t) = u;(t) + Kpe(t) + KI/ e(t)dt, (3.10)

to

where Kp and K; are the proportional and integral gains. Thanks to the
Virtual Reference Feedback Tuning (VRFT) approach (see [22]), this PI con-
troller can be easily tuned by translating the control design into an identifi-
cation problem.

As explained in ﬂﬁ], the controller can be identified by a double set of
noisy data collected in an open-loop setting. In detail, the VRFT synthesis
solves a model-reference problem by minimizing from data the cost function:

2

P(2)C(z,0)

PGy MG

Jur(8) = H (3.11)

2

where P(z) is the process under control, C = {C(z,6) , § € R™} is the con-
sidered class of controllers, and M (z) a given target closed-loop behaviour. In
view of the VRFT approach, the best controller with the requested structure
is the one that minimizes the variance of the error between the input signal
upr(t) = u(t) —u;(t) and the input that the controller generates when fed by
ev(t) = (M(z)~" — 1) y(t). Formally, the actual cost criterion minimized by
the VRFT algorithm is the following;:

N
Tn®) = 5 3 (wpr(t) = Oz B)ev (1), (312)
t=1

and, in [29], it is proved that @II) and FIJ) are the same if some assump-
tions hold and data are suitably pre-filtered.

Performing a closed-loop simulation on a multibody motorcycle software
package, the closed-loop step response shown on the left side of Figure
can be obtained if the same conditions of the identification experiment are
considered. The right side of Figure shows instead the closed-loop re-
sponses obtained on different road conditions (different longitudinal friction
coefficient 11). As could be expected, it ensures repeatable tracking perfor-
mance on all conditions, while the action of a simple PI (tuned via VRFT)
cannot effectively handle this model variation.
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Fig. 3.9 Left: step response of ¢ with the applied nonlinear control structure.
Right: sensitivity to the longitudinal friction u: reference signal (dotted lines), PI
(dashed lines) and data-driven control (solid lines).

3.6 Conclusions

Designing a chassis control system is in practice a rather intricate problem,
as vehicle dynamics are complex to model and some important physical pa-
rameters are unknown. Data-driven techniques allows the control engineer to
overcome the foregoing problems with mild experimental and computational
effort.

This contribution did not aim to be (and is far from being) an exhaustive
or complete account of all these problems. On the other hand, the proposed
examples have been chosen as they are illustrative of the great potential and
the challenging aspects of data-driven techniques when applied to modeling,
estimation and control design in vehicle chassis control.

Specifically, four different sub-problems in this research area have been
reviewed: yaw control, traction control, semi-active suspension control and
braking control. In all cases, system identification theory allows one to fill
the lack of knowledge about the system with simple and reliable numerical
techniques.
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Chapter 4

Linear Parameter-Varying System
Identification: The Subspace Approach

M. Corno, J.-W. van Wingerden, and M. Verhaegen

Abstract. In the past two decades, a significant amount of research has been
carried out on Linear Parameter-Varying (LPV) systems. It has been shown
that LTT control synthesis techniques like optimal and robust control can be
extended to the LPV case. Notwithstanding the advances in LPV control, the
identification of such systems is still not completely developed. The scope of
this paper is to present the problem of LPV system identification. Recent
results on subspace identification of LPV systems are presented and applied
to the identification of a car lateral dynamics.

4.1 Introduction

In recent years the Linear Parameter Varying (LPV) framework received
considerable attention from the systems and control community. The success
of the LPV framework is mainly due to its capacity of describing nonlinear
systems while maintaining some of the linear systems properties. Thanks to
these properties, it has been possible to extend control synthesis techniques
originally developed for Linear Time-Invariant systems (such as optimal and
robust control) to LPV systems @, ] LPV models, roughly speaking, can
be defined as linear systems where, either the matrices of the state equations
of the coefficients of the input-output relation, depend on one or more time
varying parameters. LPV control synthesis techniques have been successfully
applied to a number of application domains: aerospace [El], wind industry M]
industrial processes, and automotive control ﬂﬂ]

One of the challenges involved in LPV control is the derivation of the LPV
models themselves. Most of the times, they are derived via first principle (FP)
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modeling. However, deriving FP models requires a considerable effort; and
in some cases a system identification approach is to be preferred. In system
identification, measured input and output data are used to obtain a mathe-
matical description of the system. Because this approach uses measured data,
it has the potential to considerably simplify the modeling of complex systems.
The scope of the document is that of describing the available approaches to
the LPV identification problem, in particular attention will be given to recent
advances in the field of subspace identification.

The outline of the paper is as follows; in Section an overview of LPV
identification is given. In Section a predictor based algorithm suitable
for subspace identification of MIMO LPV systems in open or closed loop
is detailed. The usage and potentials of the above algorithm are shown in
Section where the lateral dynamics of a four wheeled vehicle is identified.
The paper is closed with some remarks in Section

4.2 LPV System Identification Overview

The goal of LPV system identification in that of obtaining an LPV model
directly from input output data. The available approaches can be classified
along two directions: structure of the model and the scope of the experiment.

Contrary to the LTI case where the input-output (I/O) and state space
(SS) representations of a system are equivalent, in the LPV case [15] there
exist no input-output equivalent statically scheduling parameter dependent
transformation between the I/O and the SS representations. The choice of
the LPV model structure is therefore important. Often the decision is made
on the basis of the planned use of the LPV model.

LPV input-output Models. A discrete time Linear Parameter-Varying
Input-Output model (LPV-1/0) is defined as:

n n
Y = — Zai(ﬂk)yk—i + Z bi (k) ure—i
i=1 =1

where k is the discrete time index, pup € RM is the scheduling parameter
vector and uy, € R™, yp € R! are the input and output signals. The coeffcients
{a;(pr)}, {bi(ux)} are statically dependent on the scheduling parameter py.

LPV State Space Models. A discrete time Linear Parameter-Varying
State-Space model (LPV-SS) is usually defined as:

Tpr1 = Apr)zr + B )ug
yr = C(pr)zr + D () us

where 1 € RM is the scheduling parameter vector, xj, € R", uy € R™, 3, € R!
are the state, input and output vectors. System matrices may depend on the
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scheduling parameter in different ways. One of the most common structures is
the Affine Parameter Dependence (LPV-A). In this representation the time-
varying system matrices depend linearly on the scheduling:

Ap) = 3 kA
=1

and similarly for B, C, D. The scheduling parameter vector is assumed to
have the form: pj, = [1 43 ... pp" |

More rencently a third structure has been proposed under the name of
Orthonormal Basis Functions Models M] Although being theoretically well
founded, the LPV-OBF approach is rather complex and practical applications
are not yet found in literature.

The second axis of classification is the scope of the experiment. Depending
on the trajectories of the scheduling parameter, it is possible to classify the
identification technique into Local or Global Methods.

Local Methods. In the Local Approach, multiple series of input-output
measurements are carried out keeping the scheduling parameters constant.
This yields a family of Linear Models that then can be interpolated. As shown
in ML the interpolation could give rise to errors due to the fact that the
local models may be in different bases. Different methods have been devised
to address this problem, see for example , ] In local methods there is no
information on what happens in between the chosen set of constant operating
conditions. As a consequence, the obtained LPV model does not represent
the dynamic behaviour of the real system during fast scheduling variations.

Global Methods. Global methods can provide more reliable and accu-
rate models at the cost of complex persistency of excitation conditions on
both the input and the scheduling parameter sequences. This may compli-
cate the practical application of these methods, as in many applications it is
not possible to freely choose all of the scheduling parameter signals. Several
global methods have been devised both in the Input-Output approach E, ]
and in the State Space approach m, @] As it will be shown, among the
available methods, Global LPV-SS subspace identification offers considerable
advantages.

4.3 LPYV Subspace Identification

Subspace identification techniques are well-known in the LTI setting, see
for example HE] The advantages of the subspace approach are multiple.
There is no need to parameterize the state-space model; they provide a simple
and effective way to estimate the system order and are easily adapted to
closed-loop identification. Early attempts to carry out LPV identification,
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ﬂﬁ], suffered from a very high numerical complexity; this limitation has been
reduced thanks for some recent developments [16].

To understand the above methods, refer to the innovation form represen-
tation of an LPV-A system:

Trr1 = A(pr)zr + Bug)ug + K (pr)er
yr = Cuk)zr + D(pr)ur + ek

where xj, € R™, uy, € R”, 3, € R are the state, input and output vectors and
er € R is the zero mean white noise innovation process. The matrices A(juz),
B(pk), Clux), D(ur) and K (uy) are assumed to be affinely dependent on
1 as defined in Section In the following, for sake of brevity, it will be
assumed that C' and D are parameter independent.

The innovation form can be easily transformed into the predictor form:

Tl = A(Mk)xk + B(Mk)uk + K (pr)yx (4.1)
yr = C(pr)rr + D(pr)ur + e

where

Alpr) = A(u) — K (u)C(p)  and - B(ug) = Blpg) — K (1) D (1)

The objective is that of estimating the matrices {A;, B;, K;},, C and D
from the input, output and scheduling sequences up to a global similarity

transformation. By defining 2, = [u} y,{]T and B(uy) = [ B(ux) K (1) ]

the state equation (ZI]) can be written as:
Trr1 = A(pr)ze + Buk) 2w

Hence, with a past window p, the state predictor x4, is given by:

Thtp = A(/erp—l)A(Mk+p—2)-~-z‘i(uk) Tr+

Pp.k
Zk
+ [bp—14+1Bk -+ D1 ktp—1Brtp—2 Brip-1])
— Zk+p—2
Kep Rk+p—1
———
Zk,p

The time-varying extended controllability matrix Ky, can be factorized
in a time-invariant extended controllability matrix K, depending only on
{A;, Bi, K;}}, and a matrix Ny, depending only on j:
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B; = [B; K|

v [Alﬁi—l Agﬁi_l AMﬁz'—l] for i = 27...,p

Kp=[Ly Ly .. L1]

(4.3)

Poke = thtp—1 @ flktp—2 @ ... @ pp @ Iy
Nip = diag(Pp ks Pp—1,k+15 -+ PLk4p—1)

Kip = KpNip

where ® represents the Kronecker product. The key approximation in this
algorithm is that we assume that ¢, ~ 0 for j > p. It can be shown that
if the system is uniformly exponentially stable the approximation error can
be made arbitrarily small by making p large, ﬂﬂ] With this assumption the
state x4, is given by:

Thtp = ’Cka’ka’p. (44)

From here the input-output behavior can be approximated by:
Yrtp ~ CKpNE Zkp + €htp = Jhtp (4.5)
The following matrices can be constructed from the measured data:

U= [up+1...uN] Y = [yp+1~~~yN]

Z = [NO,sz’p Npr+1,p2prff+1,p}

Note that the number of rows of Z; is (r + 1) Z§:1 M7, it grows more than
exponentially with the past window p.

Let us now define the matrix I}, as the extended observability matrix of
the first local model, and the state sequence matrix X

C~
CA,
Fp: 5 X:[l‘p---a)‘]\/]7 (4.6)
~ \p—1
C (4)
then from (£4) it follows that
X ~ K, Z. (4.7)

The matrix I,K,Z can be estimated from data either with a linear regression
method or with the more efficient kernel method.

The linear regression method estimates the matrices CXC, and D by mini-
mizing the prediction error € = y;, — g From (@A) it can be done by solving
the linear regression problem:
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in_||Y — CK,Z - DU|?. 4.8
Apin | P 7 (4.8)

For finite p, approximation (€3] does not perfectly hold and thus the estimate
is affected by a bias. This bias can be made arbitrarily small by increasing p.
For large p, the matrix [ZT U T] tends to lose row ranks, and the optimiza-
tion problem (8] will not have a unique solution. One way to circumvent
the problem is to choose the solution with minimum Frobenius norm, i.e.
min ||CIC, D||% It is found by using a Singular Value Decomposition (SVD):

o) =t 58] [

Once CK, has been estimated, it can be used to construct I’/T,IC,Z . From

[E3) and (6] it follows that:

K,

=yvy-ur. (4.9)

CL, CLyy ... CL
0 CALy ... CAL -
Fp]Cp% . ] = Fp]Cp
_\p-1
0 ...C(Al)p C

F/I,Ep is constructed form 5IC\,, by noting that the first row of I'tKC,, is CKCp,
CKy=[CL, CLy,—1 ... CLL],

moreover it can be observed that for each combination of i, j

i1 i i—1
C (Al) »Cj+1 = |:C (1211) Ej . C (Al) AM,CJ:|
holds.

The main issue of this method is the size of the data matrix Z, in fact
the number of rows of Z grows exponentially with p but on the other hand
a large p is needed to reduce the bias. The complexity can be reduced by
introducing the kernel method. The kernel method was first introduced in

|; it assumes that the solution to (L8] can be written as:

[CK, D] = a [27 U]
If this holds then the dual optimization problem can be written as:

min ||e||} with Y — [Z7Z +UTU] = 0.
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If [ZT UT] has full rank, then the solution of the dual problem is
a=Y (272 +UTU) " =yvr2T
The above expression confirms the correctness of the initial assumption as
[CKp D] =a[27UT) = (YvE=2V") (vou") =yve-'u”

thus yielding the same results as ([L9]). Note that to solve the dual problem
only Z*Z is needed, which can be computed without computing Z:

P p—J
7"z = Z <<H M%—Q—v—&-j—l“N-&-v-ﬁ-j—l) (217\;+j—1ZN+j—1)>
j=0

v=0

It is interesting to note that for N > p and N > m, the computational
complexity of the indirect computation of Z7Z is of order O(N? ?:1 m7)
whereas the direct method yields an overall complexity of O(N?), thus render-
ing the problem computationally tractable. The kernel matrix [Z Tz + UTU]
€ RVXN ig likely to be ill-conditioned, the issue can be solved by regulariza-
tion as shown in [16].

Finally, given the predictor form (LIl), (£2) and the definition of P, ; we
have that

C(4) K = ai].
The estimate of 1},K,Zy can now be constructed as follows:
LK, Z0 = aZl Zy

Once Fp/IC?Z is obtained, the state sequence can be finally estimated using
an SVD and approximation (£71) in a similar way as it is done in the LTI
subspace identification. The state sequence is

X=x,V
where

0 Xol| [VL

In the above expression matrix Y, contains the n largest singular values,
where n is the order of the system. The order of the system can be determined
by searching for gaps in the singular values sequence.

Once the state, input and scheduling sequences are known the system
matrices are determined by solving two more linear least squares problems.

In this section an algorithm for LPV subspace identification has been de-
tailed. The use of the kernel method and the dual optimization problem
reduces the numerical complexity of the method. The proposed approach has

- [ 2] 2]
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two main advantages: (1) as it does not require any hypothesis on the corre-
lation properties of the noise, it can be directly used for closed-loop system
identification and (2) it does not need any assumption on the model order;
an accurate estimation of the model order is indeed provided by the method
itself.

4.4 Simulation Example

In this Section the LPV subspace identification approach is applied to the
lateral dynamics of a car. Recently, several model-based yaw stability con-
trol systems have been proposed |1, ]; the development and tuning of such
controllers require accurate models. Deriving an FP model of the car often
requires elaborate measurements on the inertia properties of the vehicle and
tire characteristics. The possibility of directly deriving those models from
measurements would render the design of such controllers easier.

4.4.1 Analytical LPV Modeling

The most popular model for lateral dynamics B] is the so called single-track
model. Despite its simplicity the model is able to describe the vehicle lateral
behavior under many conditions. The equations of motion are:

mV, (B+7) = Fyr + By
Li = 1pFyp — 1, Fyr + M,

where m is the vehicle mass, I, is the yaw moment of inertia, V,, is the vehicle
longitudinal velocity, M, is the yaw moment input (representing differential
braking), Fy, is the rear lateral force, F), is the front lateral force and Iy and
[ are the distances between the vehicle center of gravity and the front and
rear tires.

Under the assumption of small tire slip angles, front and rear lateral forces
can be described by:

Fyp =cpay, Fyp=crar

where ¢y and ¢, are the cornering stiffnesses. The front and rear side slip
angles (o, ) are defined as:

Oéf:(s—ﬁ—rlf/vz7 Oé»,s:_ﬁ"’_rlr/vma

with ¢ the steering angle. By defining the state vector = = [7“ 5}T, the state
space model can be written as
. I?Cf'+lac'r' Lrcrtlycy lycy 1 5
[1 =| I, L., [1 | [ ] . (4.10)
rCrtlscy cite,
6 -1 + 7nVé L - TanT 6 ’m‘y/tr 0 MZ
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The above model can be written as a continuous time LPV-A model by con-

sidering the scheduling vector p = [1 Ve 1/ Vf}T. In light of this scheduling
vector augmentation the model can be written as:

R A R e S

The LPV system given in ([{I0) is used to obtain the input, output, and
scheduling sequences for the identification algorithm. We assume that the
scheduling variable V,, can be chosen arbitrarily (with realistic limitations on
the acceleration) and that only yaw rate measurements are available.

Note that the subspace LPV identification algorithm deals with discrete
time systems, when the system at hand is discretized the affine LPV structure
is lost; nevertheless it is still possible to approximate the discrete time model
with an affine LPV structure. To evaluate the effects of sampling, a simu-
lation study is carried out. The system has been discretized via Tustin for
various sampling periods and then approximated with two different types of
affine dependence. In the linear case the same dependence on 1/V, and 1/V2
as in the continuous case is assumed; in the quadratic case the scheduling
parameter vector is augmented to 1/V,, 1/V.2, 1/V:23 and 1/V;} so to achieve
a better approximation of the discrete time parameter dependence. The re-
sults, in terms of Variance Accounted For (VAF), are plotted in Fig.[£1l The
VAF values is defined as:

V AF (y, Yx) = max {1 - wﬁ} -100
var(y)

where y and ¢ are respectively the measured output and the simulated one.
In the simulation the vehicle longitudinal velocity is varied sinusoidally with
a frequency of 0.07 Hz between 10 m/s and 30 m/s (corresponding to a
maximum acceleration of 0.5g); the steering input is a frequency sweep from
0.01 Hz to 10 Hz in 100 s. The analysis confirms that a sampling time of
T = 0.01s guarantees a reasonable level of approximation.

4.4.2 Simulation Results

In order to provide indications on the usage of the algorithm, in the following
the effect of three parameters will be evaluated: the past window p, the noise
affecting the measurement and the number of available samples. In order to
provide comparable results the same identification protocol will be employed
in all the analyses. The continuous time system is simulated with a sinu-
soidally varying speed as before, in the meantime the inputs are excited with
two frequency sweeps. The steering angle is varied between -4° and 4° (at
the wheel) with a frequency sweep; similarly, the yaw moment input is ex-
cited with a frequency sweep; by choosing a slightly different frequency range
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and introducing a phase shift it is possible to guarantee the persistency of
excitation requirements.

Figure[Z2] plots the position of the identified frozen velocity poles for three
different values of the past window for noiseless data. As pointed out in the
previous section, a small p will lead in general to biased estimates while for
large p, even without noise, the variance will increase due to the curse of
dimensionality. This analysis indicates that for the system at hand a choice
of p =4 is good.

A similar effect on the estimation bias can be seen in the experiment
length. To evaluate the effects of the number of available samples, the identi-
fication measurements were repeated for different number of velocity cycles;
the results are plotted in Fig. The higher the number of cycles the more
accurate results one can get. Note that as many as 10 cycles are enough to
obtain an accurate estimation.

The final considerations are on the effect of noise. In the following tests a
white noise zero mean signal is added to the simulated output. The perfor-
mances of the identification algorithm are assessed on a noiseless validation
set with a scheduling vector with a different frequency and band limited white

100

80

60

VAF [%]

40f

20F | == Tustin (quad)
Tustin (lin)

0 . A\
107 107 10
Sample Time [s]

Fig. 4.1 VAF between the continuous time model and the model obtained via
Tustin linearization with two different augmented scheduling vectors.
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Fig. 4.2 Eigenvalues of the estimated A for V; = 30 m/s in one plot for 100
experiments for different values of the past window p. The big crosses correspond
to the real values of the eigenvalues of the matrices.
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Fig. 4.3 Eigenvalues of the estimated A for V, = 30 m/s in one plot for 100 exper-
iments for different values of the number of periods N,. The big crosses correspond
to the real values of the eigenvalues of the matrices.
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Fig. 4.4 The mean VAF of a fresh data set for 100 Monte Carlo simulations for
different level of noise.

noise as inputs. Fig. [£4] plots the mean VAF of a fresh validation data set
for 100 Monte Carlo simulations for different levels of noise, showing that the
method is robust to level noise up to 30dB.

4.5 Conclusions

This paper presented recent advances in the field of LPV subspace identifica-
tion algorithms. The approach has been described and successfully tested on
a simulated automotive application. The identification of the vehicle lateral
dynamics was used to underline the main features of the algorithm. It was
shown that subspace LPV identification methods have the potential to sim-
plify the modeling and identification phase in the development of advanced
vehicle dynamics control systems.
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Chapter 5

A Tutorial on Numerical Methods for
State and Parameter Estimation in
Nonlinear Dynamic Systems

Boris Houska*, Filip Logist, Moritz Diehl, and Jan Van Impe

Abstract. In this chapter we provide a tutorial on state of the art numer-
ical methods for state and parameter estimation in nonlinear dynamic sys-
tems. Here, we concentrate on the case that the underlying models are based
on first-principles, giving rise to systems of ordinary differential equations
(ODEs). As a general introduction the different dynamic model types, the
generic modeling cycle and several approaches for dynamic optimization, i.e.,
optimization problems with dynamic systems as constraints, are briefly men-
tioned. Then, the estimation problem is posed as a maximum likelihood dy-
namic optimization problem. Afterwards, we review Multiple Shooting tech-
niques and generalized Gauss-Newton methods for general least-squares and
Ll-norm optimization problems and discuss the benefits of the recently de-
veloped Lifted Newton Method in the context of state and parameter estima-
tion. Finally, we present an illustrative example involving the estimation of
the states and parameters of a pendulum using the freely available software
environment ACADO Toolkit in which many of the discussed algorithms are
implemented.
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5.1 Introduction

Mathematical models and simulations are nowadays indispensable tools for
the analysis, design, operation and optimization of a huge number of engineer-
ing processes. Many of these processes are intrinsically dynamic in nature,
i.e., properties and variables vary over time, giving rise to dynamic models.
However, before the models can be employed in practice for the above men-
tioned purposes, a model calibration is required, i.e., estimating the unknown
parameters and unmeasured states based on experimental data.

5.1.1 What Are the Different Classes of Dynamic
Models?

In general, dynamic models can be classified according to the amount of
a-priori knowledge about the dynamic process that is incorporated HE]
White-boz or first-principles models start from the physical, chemical, bi-
ological, ... mechanisms and principles underlying the process. Due to the
conservation laws in nature, typically balance type of equations are involved
giving rise to systems of differential equations. Alternatively, black-box or
data driven models are based on generic mathematical relations which can
flexibly be adapted to predict the observed process input output behavior,
without looking into the underlying process. First-principles models allow an
easier interpretation and insight in the process and have a validity domain
that often largely surpasses the region from which the experimental data have
been taken. In contrast, data driven models are often preferred whenever a
first-principles approach would require too much experimental and modeling
effort or when the underlying process mechanisms are too complex or un-
clear. However, there exists no strict separation between the model classes.
In practice often grey boxr models are employed, as they combine the best of
both worlds, i.e., a mechanistic backbone for the process fundamentals with
empirical correlations for the complex side phenomena. In the current chap-
ter, we focus on dynamic models described by differential equations, which
in practice can include both white-box and grey-box models. Nevertheless,
the estimation of the unknown parameters and unmeasured states for these
dynamic models can be challenging, not only due to the dynamic nature but
also due to nonlinearities which may often be present ]

5.1.2 How to Calibrate Models? The Modeling Cycle

Dynamic models exhibit to two main characteristics: a model structure and
model parameters. Under the assumption that a correct model structure is
selected for the underlying dynamic process, only the model parameters need
to be estimated, which can be done according the general modeling procedure
or so-called modeling cycle @, ]
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A schematic view is given in Figure (.l First, an initial experiment is
performed. Based on these experimental data the model parameters can be
estimated. This model calibration involves an optimization procedure in order
to select the parameter values which minimize the differences between the
model predictions and the measurements. Then, it is evaluated whether or
not the calibrated model performs satisfactorily. If so, the model is ready to
be employed, otherwise the collection of additional data and a re-estimation
of the parameters is needed. Moreover, the novel experiments can be carefully
designed using Optimum Experimental Design techniques in order to increase
the information content of the experiments and, hence, limit the experimental
burden as much as possible B, @, ﬂ} If the re-estimated model performs
satisfactorily, the modeling cycle is exited, otherwise the loop has to be re-
run until a satisfactory result is obtained.

For dynamic models, it should be noted that not only the parameters are
estimated, but that also estimates for the continuous states are returned (in
contrast to the experimental data which are only measured at specific time
instants). The described modeling cycle is mainly applicable for processes
where the estimation can be performed off-line, i.e., a specific experimental
run is used to derive a process model, which will be used afterwards (e.g.,
modeling the growth of micro-organisms in a bioreactor ﬂa, @]) However, as
it is not always possible to perform a dedicated experimental run, parame-
ter re-estimation may have to be carried out on-line, i.e., during the regular
process operation (e.g., in Model Predictive Control applications [@, @D In
the latter case, the procedures and algorithms are intrinsically highly similar.
However, the possibilities for iterating on the modeling cycle and designing
optimal experiments are much fewer, and also real-time constraints, demand-
ing a completed re-estimation within a fixed and short time interval may be
present.

Model performs

. - satisfactorily?
Initial experiment Use model

Data 1 " YES
- > .
O — collection | —> |Estimation | — @

NO
Designed
experiment
Optimum Experimental Design

Fig. 5.1 The modeling cycle M}

5.1.3 Approaches for the Optimization of Dynamic
Systems

As mentioned in the previous section, model calibration involves optimiza-
tion. The presence of the dynamic system yields so-called dynamic optimiza-
tion or optimal control problems. Numerical methods for solving optimal
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control problems are generally classified into two categories, direct and in-
direct approaches (see, e.g., [39]). Methods of the latter class try to find
solutions according to Pontryagin’s Minimum Principle @], i.e., the first-
order necessary conditions for optimality, while techniques of the former class
convert the original infinite dimensional optimal control problem into a fi-
nite dimensional Nonlinear Programming problem (NLP) via discretization.
However, most dynamic optimization problems are nowadays solved by direct
approaches.

5.1.3.1 Sequential Approaches: Single Shooting

In Single Shooting m, @, |4_1|] only the time-varying parameters are dis-
cretized, most often using piecewise polynomials. For each parametrization
the differential equations are solved using a standard integration algorithm,
and the objective function is evaluated. The parameter values are then up-
dated employing a standard optimization algorithm. Hereto, most often a
deterministic, sequential quadratic programming (SQP) routine is employed.
Consequently, the solution of the differential equations and the minimiza-
tion are decoupled, and proceed sequentially within one iteration step of the
optimizer. As these methods provide a correct solution to the differential
equations during all iterations, they are also known as feasible path methods.
The most important advantage of the sequential approach is its straight-
forward implementation resulting in rather small-scale NLPs. However, the
sequential approach may be slow, especially in the presence of path con-
straints on the states, since these constraints cannot be enforced directly.

5.1.3.2 Simultaneous Approaches: Multiple Shooting and
Orthogonal Collocation

Simultaneous approaches discretize both the control and the states. Conse-
quently, the simulation and optimization are performed simultaneously in the
space of both the discretized controls and states, yielding a large-scale NLP
which requires tailored numerical methods. Since in this case the differential
equations are only satisfied at the solution of the optimization problem, these
methods are also called infeasible path methods.

Two different approaches exist: Multiple Shooting ll_1|, @] and Orthogonal
Collocation ﬂa, E] In the former case, the total integration range is split into a
finite number of intervals on which integration of the states is continuous. The
value of the control and the initial value of the states in each interval are cho-
sen by the NLP-solver in each iteration while trying to ensure the continuity
of the states between the different intervals. In the latter case, also the states
are fully discretized based on (orthogonal) polynomials. Hence, the minimal
objective value has to be found while satisfying the discretized differential
equations. Clearly, Multiple Shooting and Orthogonal Collocation allow a
more direct enforcement of the state constraints. However, the size of the
NLPs significantly increases, requiring tailored optimization algorithms that



5 Numerical Methods for Parameter Estimation 71

exploit the problem’s structure and sparsity. Obviously, the largest but also
sparsest NLPs are encountered with Orthogonal Collocation. Consequently,
most often Interior Point @] and partially reduced SQP methods , } are
employed for Orthogonal Collocation and Multiple Shooting, respectively. In
view of parameter estimation, simultaneous approaches form a natural choice
because the measurements of the states can directly be used for initializing
the discretized problem.

This chapter is organized as follows: In Section we start with a gen-
eral introduction on the modeling with differential equation systems while
the generalized Gauss-Newton method is discussed in Section In Sec-
tion B4 we discuss lifted Newton techniques for parameter estimation. Fi-
nally, Section introduces the software ACADO toolkit in which many of
the discussed algorithms are implemented.

5.2 Maximum Likelihood Estimation for Differential
Equation Models

In this section, we introduce the class of parameter estimation problems, we
are concerned with. As outlined in the introduction, we are interested in
models describing the feasible behavior B by a dynamic system:

Vit e [0,T]:
) &(t) = f(t, x(t), w(t), p)
B =1 (z(-),w(),p) 0 — r(2(0), 2(T), p)
0 > s(t, z(t), w(t),p)

In this notation, x(-) is the state of the dynamic system, while w(-) and p are
unknowns which influence the dynamics. Here, we distinguish between the
time varying parameters w(-) and the time-constant parameters p. The aim
is to discuss strategies for choosing a £ € B which maximizes the likelihood
function of a family of given probability distributions p(&, ) evaluated at a
given measurement 7 € R™7. Note that the measurements n are affected by
random measurement errors, whose probability distributions ¢ : R"7x B — R
are assumed to be given. All the other variables £ € B are unknown and have
to be estimated. As no explicit expression for the likelihood function can be
worked out, numerical optimization routines have to be employed to find a
maximizer of this function. In practice, it is often more convenient to work
with the logarithm of ¢ leading to maximum likelihood estimation problems
of the form

mgin —log(p(&.n) st {€B. (5.1)

Let us remark on some practical aspects of the above formulation.
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5.2.1 Interpretation of Given Prior Information

Note that the set B can be chosen in such a way that it contains most
of our prior information on the states z(:), time-varying parameters w(-),
and time-constant parameters p which we would like to estimate. Typi-
cally, the physics of the system is modeled in the right-hand-side function
f iR xR" x R"™ x R" — R™ containing the dynamic equations. In fact,
the first principles which we are using to model our system can be interpreted
as a prior information which we have obtained from someone else who has
identified these physical laws before. However, note that almost all models
come along with a feasible domain to be included in the equality and inequal-
ity functions r : R™» x R™» xR"™ — R"" and s : RxR" x R"» x R"» — R™".
Here, the equality 0 = r(x(0),2(T'),p) can not only express given informa-
tion on the initial state but also coupled boundary information. For example,
if the initial state xg of a process is at time ¢t = 0 exactly known, we might
include this information by formulating a constraint function of the form

r(@(0),2(T),p) = (0) — o .

In another case, if an open loop stable system is measured while being in its
periodic steady state, we might include the information that the system is
periodic in order to improve our estimate, i.e. we would formulate a constraint
function of the form

r(x(0),z(T),p) := x(0) — x(T)

in this case. Summarizing this argumentation, a first principle model is not
only described by the dynamic system f. Rather, the behavior B is for us a
synonym for a first principle model.

5.2.2 Smoothing Heuristics

So far, we have not required any further assumptions on the functions f,r,
and h. However, for the algorithm which we discuss in this article f,r, and h
are assumed to be sufficiently often differentiable in their arguments. Here,
the crucial point is that most algorithm will require that f is smooth - with
the only exception that non-smoothness of f in its first argument, the time
t, can be reformulated into a smooth problem by re-defining time-intervals
provided that the non-smoothness is explicitly known. In practice, the main
source of non-smoothness seems to arise from “look-up tables” which are
common in certain branches of engineering. In this case we recommend to ap-
ply smoothing heuristics. One way is to fit the look-up table with a smooth
function. However, from the perspective of the numerical algorithm, only
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f: 2 — R™ and its derivatives are evaluated which suggests to apply the

smoothing to the original non-smooth function f directly, i.e.

V(wy,wa) € 21 X 291 f(wi,ws) = fwr,ws) T(wa, wh) dws .
£22

Here, we have summarized the arguments of f in one variable w € {2 dividing
the domain {2 into the subspaces 21 and {25 which summarize the spaces of
variables which enter f smoothly and non-smoothly respectively. Here, 7 is a
suitable smooth relaxation of the Dirac-distribution acting as a filter function
such that f is smooth and its derivatives are known as

o0 f = [ Flwnwh) 0 r(ws,wh) duwh
22

From a numerical point of view, the above filter approximation might be
recommended for the case that a non-smooth look-up table enters f but
numerical errors should be kept small. On the other hand, if efficiency is
more important than the numerical, the above smoothing heuristic might be

too expensive for differentiable f as higher order quadrature rules can not be

applied in this case leading to many evaluations of f for one evaluation of f.
In other cases absolute values or ramp functions are a source of non-
smoothness. In this case approximation tricks like

Va?+e = abs(z)

for some small € > 0 are applied. Clearly, all these smoothing strategies are of
a rather heuristic nature but the influence of the corresponding approxima-
tion errors can often be estimated in a linear approximation. Finally, we note
that switching model behavior, when essential, can and should be treated by
suitable numerical methods for switched dynamic systems ﬂﬁ, |ﬂ]

5.2.3 The Importance of Convezxity

We say that a model is convex if the associated set B is convex. Unfortunately,
for estimation problems with dynamic systems convexity can often only be
obtained if the function f is linear in all its variables. However, once the con-
vexity of the set B is established, the optimization problem (&) is typically
also convex - at least if we think of common probability distributions such
as Gaussian distributions. For an overview of convex parameter estimation
formulations we refer to M] In this chapter, we are rather concerned about
general nonlinear and consequently most often non-convex problems. For the
case that the parameters enter affinely there exist still global optimization ap-
proaches ﬂﬁ, ] However, for completely non linear problems an appropriate
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initialization strategy for the numerical algorithms should be used - e.g. by
applying a lifted Newton method as we will discuss in Section [5.4.2]

5.2.4 Estimation of Time-Varying Parameters

In many practical situations the physical control input which is applied to the
system is not exactly known. This might be due to the fact that the physical
input quantity might not exactly coincide with our input, or because the
input is only measured and must be estimated, too. Here, it is advisable
to distinguish between the physical control input u and the measured input
u + w which might be affected by the input noise w to be regarded as a
time-varying parameter. However, the noise in the control input v might not
be the only uncertainty which is not included in the plain first-principles
model. One common approach to robustify an estimate with respect to such
a knowledge about uncertainties is to assume that the model is modified by
an additional time dependent offset

f(t,x(t), w(t), p) == frrstprinciple(t, £(t), ) + w(t) (5.2)

which would model an additive uncertainty on the given first principle func-
tion farst_principle- Analogously, the equality and inequality constraints could
be robustified as well. Unfortunately, it is in practice often not clear how to
weight between model uncertainty and measurement errors. In a heuristic
formulation the objective

—log (o(z(-),p, 1)) +7P(w)

is minimized where @ is typically a convex penalty weighted with a heuristic
scaling factor v. Another formulation uses multi-objective optimization ﬂﬁ,
@] to discuss the weighting between robustness and nominal optimality in
a more systematic way. Note that the above nonlinear formulation can be
interpreted as a generalization of Kalman filters, where typically an additive
white noise to a linear system is taken into account.

5.2.5 Least Squares Terms versus l1-Norms

The most common assumption about the probability distribution ¢ is that
the measurements have Gaussian distribution, which leads to least squares
objectives of the form

—log (¢(€,m)) ZIIE h(ti, x(t:),p) —m) |3 —log(C).
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Here, C is only a scaling constant which can be set to 1 in our context as
it does not affect the minimization. Moreover, h : R x R™ x R™ denotes a
smooth measurement function. However, for different settings another com-
mon assumption is that

N
—log (p(€,m) = S 157 (h(ti (k). p) - m0) |1 — log(C)
i=1

which leads to l1-norm estimation problems. Note that in both cases the
objective is convex if h is linear in its arguments. Although the estimation
problem might still become non-convex if B is non-convex, a local minimizer
can be guaranteed to be globally optimal if the optimal value is 0 for C' = 1,
i.e. if we have a local minimizer which leads to a perfect fit. The other way
round, 0 is a lower bound on the objective which might help us to assess
optimality of a local minimizer. However, we recognize already at this point
that global optimality is not the only thing we are interested in as we might
also ask the question how good our estimate for the states, controls and
parameters is. This question will be addressed in the next section.

Note that in practice, the choice of the norm is not always motivated by a
stochastic argumentation. For example if information about the probability
distribution of the errors at the sensors is completely lacking, we can only use
an empirical choice. Here, the main motivation for 11-norms is typically that
it does not weight outliers strongly as the squared 12-norm does. For good
survey of this and other practical heuristics we refer to ﬂm, @}

5.3 Generalized Gauss-Newton Methods

In order to solve general nonlinear parameter estimation problems of the
form (&) most algorithms pass through two stages. First, the continuous
problem is discretized and transformed into a nonlinear program. And sec-
ond, the discrete nonlinear optimization problem is solved locally. This strat-
egy is known as the direct method which is in contrast to indirect methods
based on the Pontryagin principle, which is nearly never used for parameter
estimation (a notable exeption is [28]). As mentioned before, examples for
direct discretization methods are Single- and Multiple Shooting ﬂl_lh as well
as Collocation techniques ﬂa] While this comment holds for general optimal
control problems, we are in this chapter mainly interested in least squares
problems, i.e. in the case that the discrete problem takes the form

Gy) =0
H(y) <0

)

win | Fg) B s, {
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where y € R™ summarizes the degrees of freedom in the discretized version
of the problem (G.II). For the moment, we assume here that we work with
Gaussian distributions.

The generalized Gauss-Newton method, as originally proposed in B], starts
from an initial guess 19 and generates iterates of the form y* = y+a Ay where
Ay solves the QP

G,Ay+G =0

min | F,Ay + F |3 s.t. { .
Ay H,Ay+H <0

Here, we have used the short hands F' := F(y), Fy, := 0,F(y), G := G(y),
Gy = 0,G(y), H :== H(y) and Hy := 0, H (y).

Note that the above generalized Gauss-Newton method will in general
converge with a linear rate only. However, if either the non-linearity of the
functions F, G, and H is small or if the objective value in the optimal solution
is close to zero, we can expect a reasonable convergence behavior B} Here,
the main advantage of the Gauss-Newton method is that no second order
derivatives are needed while the subproblems are convex by construction.

Finally, we outline that the Gauss-Newton method can be embedded into
a more general class of methods which might be called sequential convex op-
timization techniques ﬂ3__l|] For example, if the above method which is trans-
ferred for the 11-norm case:

G(y) =0
H(y) <0

)

min | F(g) st {

This problem is solved iteratively as above but by generating the steps Ay
by solving sub-problems of the form

G,Ay+G =0

min || FyAy + F |1 s.t. { .
Ay H,Ay+H <0
The convergence properties of such 1-norm methods have intensively been
studied in HE] In ﬂ3__1|] this approach is generalized further for other convex
objective and constraint functions.

Let us assume that the above methods are successful and that we have
found the optimal solution

0
y*(e) = arg;nin | F(y)+el st { 0 (5.3)

for ¢ = 0. The question that arises next is how we can assess the quality
of the estimate. This a posteriori analysis can for nonlinear problems be-
come very expensive as the optimal estimate y*(¢) depends nonlinearly on
the measurement noise e. However, under the additional assumption that the
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measurement error is small, we may analyze the map y* in a linear approxi-
mation. Here, we need to check first that y* is differentiable with respect to e.
Fortunately, this differentiability can be guaranteed under some mild regular-
ity conditions which are known from Robinson’s generalization of the implicit
function theorem @, @] Thus, we may assume that y* is differentiable at
the given measurement ¢ = 0 and we denote its derivative at this point by
y¥. Now, we can formally compute the covariance matrix of the estimate in
a linear approximation:

E{w' -0 -o)'} 2w 2w = C. (5.4)

Note that C' can easily be computed from the solution of the QP (&3] in the
optimal solution as this QP can already be interpreted as a linear approx-
imation of the original nonlinear program. For details of this approach, we
refer to 4.

In the field of Optimum Experimental Design ﬂﬂ] for nonlinear systems, the
aim is to optimize the covariance of the estimate provided that we have an
input w € U which can be designed in order to obtain more information from
the measurements. In this case, the covariance matrix C' can be regarded as
a function in u, such that we can ask the input which minimizes a certain
scalar quality measure &(C') e.g. the determinant, trace, or the maximum
eigenvalue of C. Again, the resulting optimization problems are non-convex,
but in some cases it is enough to find locall timal 1nputs which can lead
to solutions that work well in applications E’ @p

5.4 Schloder’s Trick or the Lifted Newton Type
Method for Parameter Estimation

In this section, we would like to come back to two aspects of nonlinear pa-
rameter and state estimation: first, we have to address the question how to
discretize the dynamic system and second how to initialize the Gauss-Newton
or other methods which find local minimizers. For both questions Lifted New-
ton Methods can be a suitable tool. The idea of lifted Newton methods, which
we refer to in this context, has originally been developed by Schléder in ﬂﬁ
More recently, a generahzatlon of this idea was published in ﬂ under the
name “Lifted Newton Method”. In this article, we present the Schloder’s
method from the perspective of inexact SQP methods. The method is tai-
lored for parameter and state estimation problems where the state is mea-
sured while the initial value condition r(x(0),z(T)) = x(0) —zp = 0 is
given.
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5.4.1 Modular Forward Lifting Techniques

Let us first briefly recall the idea of Multiple Shooting: we assume that we
divide the time horizon [0,7] into N intervals 0 = ¢y < t; < ... < tn
with associated state discretization point s, ..., sy and a piecewise constant
discretization wo,...,wxy_1 of the time-varying parameters. Regarding the
solution of the differential system

Vt€ [t tip1] 2 2(t) = f(t,2(t),w;,p) with z(t;) = s;

at the time ;41 as a function X;(s;, w;, p) := x(t;4+1) in the discrete variables
Si, w;, p, we require the matching conditions

So — X9
51 — Xo(s0,wo, p)
Gly) = | 52— X1(s1,w1,D) (5.5)

sy — Xn—1(sN—1,WN—1,D)

to be satisfied. Here, we assume that f is chosen in such a way that the maps
X; are unique and sufficiently often differentiable. Note that these functions
can numerically be evaluated by using a suitable integrator. In the Multiple
Shooting technique the variables sg, s1,...sy are not eliminated from the
NLP which is in contrast to Single Shooting methods. One major advantage
of this formulation is on the one hand that the non-linearity of the problem
might be reduced as observed in @] and in E] and theoretically investigated
in ﬁ] On the other hand, a second advantage in the context of parameter
and state estimation is that in the case of state measurements very natural
initialization points for sg,..., sy are available which are ideally set to the
measurements for the states. In practice, this initialization can be the main
trick such that the algorithm converges safely to a local minimizer which
could be global or gives at least a good fit. Even if we can not prove anything
for general nonlinear problems, it can be shown that for parameter affine, but
nonlinear problems, one step convergence can be achieved in the absence of
measurement errors, independent of the parameter initialization @, , @]

Note that the lifted Newton method in the context of Multiple Shooting
amounts to a different way of computing the derivatives known as Schléder’s
trick ﬂ, @] In ﬂ] another advantage of lifted Newton methods is shown for
the case that only a few free parameters or controls should be estimated while
the state dimension is large. We shall see below that the lifting approach will
typically lead to significant savings in terms of sensitivity computation time
if the condition

N +1
2

Ny +np+1 <K Ny + Ny + 1y (5.6)
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is satisfied as has been first shown by @] Indeed, for a Gauss-Newton method
we can expect that we do not need to compute all derivative directions of the
functions X, ..., Xy_1 with respect to the variables s, ..., sy as these vari-
ables could even be eliminated in a Single Shooting approach. The interpre-
tation of lifted Newton methods in this paper assumes that the computation
of the derivatives of Xg,..., Xy_1 is much more expensive than solving the
sparse QP of the form (53) in each iteration of the Gauss-Newton method.

Recall that inexact SQP type methods would replace the matrix G, =
0yG(y) in the QP (B3) with an approximation Gy ~ G,. Here, the general
motivation for approximating the matrix 0,G(y) is that this matrix is ex-
pensive to compute. If only a few parameters are unknown while the state
dimension is large, then the derivatives of G, with respect to the initial states
are the most expensive blocks. Thus, we are in our context especially inter-
ested in a particular approximation of the form

1 0 ... 00 ... 0 0
R -G%1 ... 0G%... 0 G
Gy = ) . .
N1y g LGN GN-
0 ...=GY'tro..GgitGay!

Here, G := 0, X;(s;, w;, p) and G;) = 0pXi(84, wi,p) (fori € {0,...,N—1})
are exact derivatives but
GO

x

= 0 and éfr = (0:Xi(si,w;,p) 4;) A;‘ (5.7)

(fori € {1,..., N—1}) uses only some directional derivatives of X; which are
stored in the matrix A; € R"=>™i Note that for a small number of directions
m; < ny the pseudo inverse A;r can cheaply be computed. For general inexact
SQP methods we need at least one adjoint derivative to repair the error in
the stationarity conditions which is made by the approximation. However, we
will see that this is not needed if we choose the directions A; properly. For
example if A; is the unit matrix the above approximation would be exact,
but we are interested in the question whether we can also choose m; < n.

Using the notation G% := 9, X;(si, w;,p) and b; = s;41 — X; (85, w;,p) we
choose for A; the matrix

Ai = (E?fl g eee gy EZ:II 5 Fi—l 5 di—l ) (58)
where the matrices are defined via the condensing recursion dy = 0, d;j;1 =
Gi,di + b, Fo =0, Fip1 = G;Fi + G; and Engl = G‘,ZL,EZ] with EH = qu

Computing the entries of A; recursively by means of automatic differentiation
in forward mode, we need to compute

m; = 1Ny +np+1
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derivative directions of X; on the i-th Multiple Shooting interval. Assuming
that the time for computing a derivative direction of X; is approximately
the same for all intervals ¢, we may estimate the total cost of computing
sensitivities as

N

N(N+1
S mi = %nw + Nny+ N . (5.9)
=1

This cost needs to be compared to the cost N(ng + ny, + np) which we
would have to invest if we had to compute the matrices G completely. This
comparison leads to the condition (B.06]) for which Schléder’s trick can be
expected to lead to savings in the time for computing sensitivities.

Note that due to the construction of Gy we can simply replace G, in the
QP ([&3)) by its approximation éy obtaining a completely equivalent QP. This
can easily be checked using

GLA = (GLA) AT A, = GL A, (5.10)

as we may use that AZ-A;-r A; = A;. Finally, we should mention that in ﬂ]
a programming trick was suggested which avoids the explicit construction
of the sparse QP obtaining directly a condensed version. However, in
this paper, as in é%}, we prefer to construct the matrix éy as it recov-
ers modularity. Indeed, an implementation of the modularly lifted Newton
method in the version presented above requires only to replace the matrix
G, by G, without touching the actual implementation of the Gauss-Newton
method. Now, it does not matter which QP solver is used in behind, i.e.
the implementation of the sparse QP solver and the derivative generation
are completely independent. The price to be paid for this modularity is only
some linear-algebra overhead which is usually negligible compared to the cost
of derivative generation for applications which satisfy the condition (&.6]).

5.4.2 Automatic Backward Lifting Techniques

In the last section we have mainly concentrated on the case that the deriva-
tives for the lifting variables are computed in forward mode. It is of course
also possible to transfer the idea of lifting by computing one backward and
one forward direction in order to construct a condensed version of the QP. As
we shall see the backward lifting strategy will require one additional forward
derivative to expand the primal solution of the dense QP - similar to forward
lifting techniques where we would need an additional backward sweep if we
are interested in an expansion of the multipliers.

In this section, we simplify our notation slightly in order to work out the
main idea while generalization can later be derived: first we are in our consid-
eration concerned about the case n, > 1, possibly even n, > n,, i.e. we want
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to estimate many parameters. Thus, it not so crucial to distinguish between
controls and parameters - we can simply regard the controls as parameters,
too, as soon as we have discretized the system as it does not matter for the
backward differentiation how many parameters our functions depend on. The
backward method is especially beneficial if we have only a few constraints or
even no constraints beside the dynamic residuum G(y) = 0. Here, G is de-
fined in equation (BH). In this simplified setting without constraints and for
smooth objectives (which excludes 11-type cost functions), the optimization
can be we written as

myin@(y) st. Gly) =0, (5.11)

with @ summarizing the objective and y := (s?,pT)T, s := (sI,...,sT)T
Recall that for Single Shooting the variable s is eliminated or regarded as
a function in p, such that the derivatives of the Single Shooting objective
@(s(p),p) can efficiently be computed by automatic differentiation in back-
ward mode. We are asking the question whether this efficient differentiation
technique can also be rescued for the case that we like to keep the Multiple
Shooting lifting nodes s in the NLP.

The key idea is to recognize that the linearized condition G, Ay+G = 0
can be used to eliminate As in dependence on Ap, i.e. we get a linear relation
of the form

As = ZAp+2z & GAy+G =0

where the matrix Z € RWW+TD Xm0 and the vector z € RNt e are defined
such that the above equivalence holds. We are interested in the condensed
objective gradient

g = [8545(37]9) + zTHsp] Z + 0,9(s,p)

with the aim to solve the unconstrained minimization problem

1
min —ApT K Ap+ g Ap (5.12)
Ap 2

with K = H,, + ZTHsZ and a suitable choice of the Hessian matrix
H, H
H = ss sp) ’
<H97;9 pr

which we will discuss later. Thus, we would like to compute the condensed
backward derivative u” Z where we use the definition

= (pto, - .., pn) = Vi ®D(s,p) + 2" Hyyp

to denote the seed. Here, z can be computed iteratively, by computing one
forward direction on each of the Multiple Shooting intervals. Clearly, u? Z can
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also be computed iteratively once z is known, requiring only one backward
sensitivity direction on each interval:

ON = UN 0; = 01GL +
v = 0'7;+1G; and finally p’Z = > Vi

Note that the choice of the Hessian matrix H is of course crucial for the
performance of the method. Unfortunately, Gauss-Newton Hessian approx-
imations are in this case not advisable, as we would have to compute an
approximation of the projected Hessian term Z7 H,,Z. However, there are
various other possibilities: for example a direct approximation of K (or its
inverse) with BFGS updates is perfectly applicable HE, @] Also an compu-
tation of the exact Hessian is possible. In this case, a projection is required
to ensure that K is always positive definite. Finally, we remark that the solu-
tion Ap of the unconstrained condensed problem must be expanded to apply
the step sT = s + aAs. Here, one additional forward direction of Z must be
computed to obtain As = ZAp + z. Thus, we need 3 sensitivity directions in
total in each lifted Newton iteration.

5.5 State and Parameter Estimation with ACADO
Toolkit

In this section we review the software ACADO HE] which implements tools for
automatic control and dynamic optimization. It provides a general framework
for using a great variety of algorithms for direct optimal control, including
model predictive control and, in particular, state and parameter estimation.
ACADO Toolkit is implemented as self-contained C++ code, while the object-
oriented design allows for convenient coupling of existing optimization pack-
ages and for extending it with user-written optimization routines. Note that
the package can be downloaded from @]

In ACADO direct methods, as explained in the previous sections, are imple-
mented. Of the three algorithms discussed in this paper, “Multiple Shooting,
forward lifting, backward Ilfitng”, only the first two are implemented so far.
Here, several software levels are available: first ACADO comes along with a
symbolic syntax which allows convenient modeling using first principles tech-
niques. This symbolic syntax is based on the C++ operator overloading. The
benefit of this way of implementing right-hand side functions of differen-
tial equation, constraints or objectives is that e.g. automatic detection of
dependencies and dimensions, automatic as well as symbolic differentiation,
convexity detection etc. are available. An example for setting up a simple toy
parameter estimation problem is shown in the code Listing Bl The corre-
sponding problem can mathematically be notated as a least squares problem
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Listing 5.1 An implementation of a parameter estimation in ACADO

int main( ){

DifferentialState phi, dphi; // the states of the pendulum

Parameter 1, alpha ; // its length and the friction

const double g = 9.81 ; // the gravitational constant

DifferentialEquation f i // the model equations

Function h i // the measurement function
//

OCP ocp( 0.0, 2.0 ) i // construct an OCP

h << phi i // the state phi is measured

ocp.minimizeLSQ( h, ”data.txt” ) i // fit h to the data

f << dot(phi ) == dphi i // a symbolic implementation

f << dot(dphi) = —(g/1) = sin( phi ) // of the model

—alpha = dphi i // equations

ocp.subjectTo( f
ocp.subjectTo( 0.0 <= alpha <= 4
ocp.subjectTo( 0.0 <= 1 <= 2

5 // solve OCP s.t. the model,
5 // the bounds on alpha

)
)
); // and the bounds on I.

.0
.0
7/

ParameterEstimationAlgorithm algorithm (ocp);
algorithm.solve ();

return 0;

minimize Y, (¢(t;) — m:)°

d)(-),a,l
subject to:
Yt e [0,T]: g(t) = —2o(t) — ad(t) |- (5.13)
0<a<4
0<1<2

Here, a simple pendulum is regarded, which consists of the state ¢ repre-
senting the excitation angle and the state ¢ denoting the angular velocity.
The constant g = 9.81 is the gravitational constant while the friction coeffi-
cient a and the length [ of the cable are only known to lie between certain
bounds. We assume that the state ¢ has been measured at several times.

The problem can be solved with the data file shown in the left part of
Figure 52l while the result for the estimated state is shown in the upper right
part of this figure. Note that the parameter estimation algorithm chooses by
default a Gauss-Newton SQP method using the structure of the least-squares
objective. The result for the parameter estimation is shown in the lower right
part of Figure Note that the computation of the standard deviations
v/Ci, of the parameter estimates is based on a linear approximation of in
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The angle phi

1.2 T T T

ACSII file “data.txt” containing the
measurements:

=

e
TIME POINTS MEASUREMENTS -;-"'D

c
0.00000e+00 1.00000e+00 ©
2.72321e—-01 nan
3.72821e—-01 5.75146e—-01
7.25752e—01 —5.91794e—-02
9.06107e—01 —3.54347e—-01
1.23651e-+00 —3.03056e—01 time [s]
1.42619e+00 nan
1.59469e+00 —9.64208e—02 . .
1.72029e+00  —1.97671e—02 The fitting results:
2.00000e400 9.35138e—02

1
= 1.001e400 +/— 1.734e—-01
alpha = 1.847e¢+400 +/— 4.059e—01

Fig. 5.2 Data file containing the measurements as well as the fitting results ob-
tained by the Gauss-Newton method applied to problem (BI3]). The “nan” values
in the data file are automatically ignored.

the optimal solution as discussed in Section [5.3] i.e. the matrix C' is defined
by equation (GBAI).

Note that in ACADO operators such as +,-, *, sin etc. are overwritten and
the whole function tree of the dynamic equations, objective and constraints
is stored. Now, the user does not need to provide any dimensions or other
dependency information about the functions as this can be detected inside.

The second level of ACADO tools are integration routines. Here, several
Runge-Kutta as well as BDF integrators are available in order to also deal
with stiff systems. Note that the ACADO integrators come along with inter-
nal automatic differentiation and are also available as a stand-alone package.
The third level of tools implements discretization schemes such as Multiple
Shooting while the fourth level implements optimization algorithm such as
the above discussed Gauss-Newton method. However, there are also other
sequential quadratic programming (SQP) methods with exact Hessians or
BFGS updates available. For more details on the structure of ACADO and
more tutorial examples we refer to m]

5.6 Conclusions

In this paper, we have provided an overview on the problem classes and nu-
merical algorithm which are employed for non-linear and non-convex state
and parameter estimation tasks. Starting with a general formulation of a
maximum likelihood estimation problem for first-principles models we have
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discussed practical aspects of the formulation. Here, we have introduced
smoothing techniques and commented on the difference between least-squares
optimization and 1-norm formulations. When it comes to the numerical al-
gorithm, generalized Gauss-Newton methods have turned out to be very ef-
ficient in practice. Here, the main problem for non-convex formulations is
that we need a suitable initial guess to start the iterations. This problem can
be addressed by lifting techniques in order to allow both: making the prob-
lem less non-linear and being able to use the measurements to improve the
initialization. In the last part, we have discussed the software environment

ACADO.
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Chapter 6

Using Genetic Programming in Nonlinear
Model Identification

Stephan Winkler*, Michael Affenzeller, Stefan Wagner, Gabriel Kronberger,
and Michael Kommenda

Abstract. In this paper we summarize the use of genetic programming (GP)
in nonlinear system identification: After giving a short introduction to evo-
lutionary computation and genetic algorithms, we describe the basic princi-
ples of genetic programming and how it is used for data based identification
of nonlinear mathematical models. Furthermore, we summarize projects in
which we have successfully applied GP in R&D projects in the last years;
we also give a summary of several algorithmic enhancements that have been
successfully researched in the last years (including offspring selection, on-line
and sliding window GP, operators for monitoring genetic process dynam-
ics, and the design of cooperative evolutionary data mining agents). A short
description of HeuristicLab (HL), the optimization framework developed by
the HEAL research group, and the use of the GP implementations in HL are
given in the appendix of this paper.

6.1 Evolutionary Computation and Genetic Algorithms

Work on what is nowadays called evolutionary computation started in the
sixties of the 20th century, and there are two basic approaches in com-
puter science that copy evolutionary mechanisms: evolution strategies (ES)
and genetic algorithms (GA). Genetic algorithms go back to Holland ﬂa], an
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American computer scientist and psychologist who developed his theory not
only under the aspect of solving optimization problems but also to study self-
adaptiveness in biological processes; the theoretical foundations of evolution
strategies were formed by Rechenberg and Schwefel (see for example ﬂﬂ] or
HE]) Both attempts work with a population model whereby the genetic infor-
mation of each individual of a population is in general different. Among other
things this genotype includes a parameter vector which contains all necessary
information about the properties of a certain individual. Before the intrinsic
evolutionary process takes place, the population is initialized arbitrarily; evo-
lution, i.e., replacement of the old generation by a new generation, proceeds
until a certain termination criterion is fulfilled.

Concerning its internal functioning, a genetic algorithm is an iterative
procedure which usually operates on a population of constant size and is
basically executed in the following way: An initial population of individuals
(also called “solution candidates” or “chromosomes”) is generated randomly
or heuristically. During each iteration step, also called a “generation,” the
individuals of the current population are evaluated and assigned a certain
fitness value. In order to form a new population, individuals are first selected
(usually with a probability proportional to their relative fitness values), and
then produce offspring candidates which in turn form the next generation
of parents. This ensures that the expected number of times an individual
is chosen is approximately proportional to its relative performance in the
population. For producing new solution candidates genetic algorithms use
two operators, namely crossover and mutation:

e Crossover is the primary genetic operator: It takes two individuals, called
parents, and produces one or two new individuals, called offspring, by
combining parts of the parents. In its simplest form, the operator works
by swapping (exchanging) parts of the parents’ genetic make-up before
and after a randomly selected crossover point.

e The second genetic operator, mutation, is essentially an arbitrary modi-
fication which helps to prevent premature convergence by randomly sam-
pling new points in the search space. In the case of bit strings, mutation
is applied by simply flipping bits randomly in a string with a certain
probability called mutation rate.

Genetic algorithms are stochastic iterative algorithms, which cannot guar-
antee convergence; termination is hereby commonly triggered by reaching a
maximum number of generations or by finding an acceptable solution or more
sophisticated termination criteria indicating premature convergence.

Overviews and detailed descriptions of GAs and adequate genetic operators
for selected optimization problems can for example be found in ﬂa], HE} and
the authors’ book [3].
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6.2 Genetic Programming and Its Use in System
Identification

6.2.1 Basics of Genetic Programming

Genetic programming (GP, E]), an extension of the genetic algorithm, is a
domain-independent, biologically inspired method that is able to create com-
puter programs from a high-level problem statement. GP was first explored
in depth in 1992 by John R. Koza who pointed out that virtually all problems
in artificial intelligence, machine learning, adaptive systems, and automated
learning can be recast as a search for computer programs, and that genetic
programming provides a way to successfully conduct the search in the space
of computer programs. Similar to GAs, GP works by imitating aspects of
natural evolution to generate a solution that maximizes (or minimizes) some
fitness function; a population of solution candidates evolves through many
generations towards a solution using evolutionary operators and a “survival
of the fittest” selection scheme. Whereas GAs are intended to find an array
of characters or integers representing the solution of a given problem, the
goal of a GP process is to produce a computer program solving the optimiza-
tion problem at hand. Typically, a GP population contains a few hundred
or thousand individuals and evolves through the action of operators known
as crossover, mutation and selection; as in every evolutionary process, new
individuals (in GP’s case, new programs) are created, tested, and the fitter
ones in the population succeed in creating children of their own, whereas un-
fit ones are removed from the population. Theory and application scenarios
have been widely discussed [9], [13], [25].

As genetic programming is an extension to the genetic algorithm, GP also
uses two main operators for producing new solution candidates in the search
space, namely crossover and mutation: In the case of genetic programming,
crossover is seen as the exchange of parts of programs resulting in new pro-
gram structures, and mutation is applied by modifying a randomly chosen
node of the respective structure tree: A sub-tree could be deleted or replaced
by a randomly re-initialized sub-tree, or a function node could for example
change its function type or turn into a terminal node. Of course, numer-
ous other mutation variants are possible, many of them depending on the
problem and chromosome representation chosen. Figure [G.1lshows exemplary
operations on structure trees representing formulas in GP.

Figure 6.2l illustrates the main components of the GP process as also given
for example in ﬂﬁ], please note that this chart shows an enhanced version of
the GP cycle also including offspring selection as described in Section [G.4.1.2
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Fig. 6.1 Exemplary operations on structure trees representing formulas in GP:
The crossover of programs Parent! and Parent2 can for example lead to Child1; by
mutation this model could be transformed to Child2 or Child3.
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Fig. 6.2 The genetic programming cycle including offspring selection.

6.2.2 Fvolutionary Structure Identification Using
Genetic Programming

One of the ways how GP can be used in data based modeling is its application
in systems analysis: A given system is to be analyzed and its behavior mod-
eled by a mathematical model; this process is (especially in the context of
modeling dynamic physical systems) called system identification [@] In this
context we use data including a set of variables (features), of which one (or
more) is (are) specified as the target variable(s); target variables are to be de-
scribed using other variables and a mathematical model. Modeling numerical
data consisting of values of a target variable and of one or more independent
variables (also denoted as explanatory variables) is called regression.

In principle, the main goal of regression is to determine the relationship
of a dependent (target) variable ¢ to a set of specified independent (input)
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variables z. Thus, what we want to get is a function f that uses z and a set
of coefficients w such that
t=f(z,w)+e (6.1)

where € represents the error (noise) term.

Applying this procedure we assume that a model can be created with
which it will also be able to predict correct outputs for other data examples
(test samples). From the training data we want to generalize to situations
not known (or allowed to analyze) during the training phase. Using genetic
programming for data-based modeling has the advantage that we are able to
design an identification process that automatically incorporates variables se-
lection, structural identification and parameters optimization in one process.

When it comes to evaluating a model (i.e., a solution candidate in a GP
based modeling algorithm), the formula has to be evaluated on a certain
set of evaluation (training) data X yielding the estimated values E. These
estimated target values are compared to the original values T', i.e. those which
are known from experiments or calculated applying the original formula to
X. This comparison is done by calculating the error between original and
calculated target values; there are several ways how to measure this error,
one of the simplest and probably most frequently used ones is the mean
squared error (mse) function.

Accuracy on training data is not the only requirement for the result of the
modeling process, compact (and if possible minimal) models are preferred
as they can be used in other applications easier. One of the major problems
of in data-based modeling is overfitting: It is, of course, not easy to find
that models that ignore unimportant details and capture the behavior of
the system that is analyzed. Due to this challenging character of the task of
system identification, modeling has been considered as “an art” [@]

When applying genetic programming to data-based modeling the function
f, which is searched for, is not of any pre-specified form; low-level functions
are during the GP process combined to more complex formulas. Given a set
of functions f1,..., fu, the overall function induced by genetic programming
can take a variety of forms. Usually, standard arithmetical functions such as
addition, subtraction, multiplication, and division are considered, but also
trigonometric, logical, and more complex functions can be included. Thus,
the key feature of this technique is that the object of search is a symbolic
description of a model, not just a set of coefficients in a pre-specified model.
Of course, the models created by GP also include coefficients and constants,
these are also optimized by the evolutionary process (i.e., by the interplay of
random creation, mutation, crossover, and selection). This is in sharp con-
trast with other methods of regression, including linear regression, polyno-
mial approaches, or also artificial neural networks, where a specific structure
is assumed and often only the complexity of this model can be varied.
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6.3 Application Examples

We have in recent years successfully applied GP-based system identification,
especially in the context of identifying models for technical, mechatronical
systems as well as in the analysis of medical data sets. In the two following
sections we give a compact introduction to these application fields and some
examples; an extensive overview of these application fields, a lot of application
examples and empirical analysis of algorithmic enhancements of the GP-
based system identification process can for example be found in ﬂﬁ]

6.3.1 Designing Virtual Sensors for Emissions (NO,,
Soot) of Motor Engines

The first research work of members of the Heuristic and Evolutionary Algo-
rithms Laboratory (HEAL) in the area of system identification using GP was
done in cooperation with the Institute for Design and Control of Mechatron-
ical Systems (DesCon) at JKU Linz, Austria. The framework and the main
infrastructure was given by DesCon who maintain a dynamical motor test
bench (manufactured by AVL, Graz, Austria). A BMW diesel engine is in-
stalled on this test bench, and a lot of parameters of the ECU (engine control
unit) as well as engine parameters and emissions are measured; for example,
air mass flows, temperatures, and boost pressure values are measured, nitric
oxides (NO,, to be described later) are measured using a Horiba Mexa 7000
combustion analyzer, and an opacimeter is used for estimating the opacity
of the engine’s emissions (in order to measure the emission of particulate
matters, i.e., soot).

In general, being able to predict emissions on-line (i.e., during engine op-
eration) would be very helpful for low emissions engine control. While NO,,
formation is widely understood (see for example E] and the references given
therein), the computation of NO, and soot turns out to be too complex and -
at the moment - not easy to be used for control. The reason for this is that in
theory it would be possible to calculate the engine’s emissions if all relevant
parameters (pressures, temperatures, ...) of the combustion chambers were
known, but (at least at the moment) we are not able to measure all these
values.

In this context, our goal is to use system identification approaches in order
to create models that are designed to replace or support physical sensors; we
want to have models that can be potentially used instead of these physical
sensors (which can be damageable or simply expensive). This is why we are
here dealing with the design of so-called virtual sensors.

During several years of research on the identification of NO, and soot
emissions, members of DesCon have tried several modeling approaches, some
of them being purely data-based as for example those using artificial neural
networks (ANNs). These results were not very satisfying, as is for example
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documented in [B] Even though modeling quality on training data was very
good, the model’s ability to predict correct values for operating points not
included in the training data was very poor. This is why it was decided at
DesCon to initiate research on the ability of GP to produce reasonable virtual
sensors for diesel engines; we are here once again thankful to Prof. del Re for
initiating these studies.

In the last years, the authors have published numerous publications in
which the research results on the evolutionary design of virtual sensors for
emissions of diesel engines have been described; details can for example be
found in [], [5], [27], [29], [35], [37], [38], [29], and [d]. As summarized in

|, we have seen that GP has shown to be a viable alternative to much
better established methods (as for example the NARX polynomial modeling
approach), with validation results absolutely comparable, if not superior.
Differently from classes like the polynomial ARX models, GP is able to build
new function kernels which can allow a much better insight into the system.
Of course, as for every heuristic method, there is no guarantee for it and
the computational effort can become rather large, but it can provide a very
interesting and probably unique approach to the system model, in this case
to the emissions.

Screenshots of the evaluation of a model for NO, emissions produced by
GP implemented in HL3.3 are shown in the appendix of this paper.

6.3.2 Quality Pre-assessment in Steel Industry Using
Data Based Estimators

Within a cooperation project of the Institute for Design and Control of
Mechatronical Systems at Johannes Kepler University Linz, Austria, and the
Industrial Competence Center for Metallurgical Process Engineering, Aus-
tria, we have used several variables selection and data based classification
methods (linear modeling, k-nearest-neighbor modeling, neural networks, and
GP) for designing quality pre-assessment models for a steel production pro-
cess; the goal of this work was to examine the ability of data based estimators
to formulate models that predict the final quality of steel products (as binary
output value, i.e., “ok” or “not ok”) on the basis of process parameter values.

Quality assessment is a standard and central issue in industrial processes
and is usually performed on the basis of an inspection of the final product, ei-
ther by a human operator or in a computer assisted way. The latter approach
includes usually an automatic inspection and/or classification method, very
often based on pattern recognition tools. A much more appealing possibility,
however, consists in performing an indirect assessment, i.e. without visual
inspection of the final product. These methods can include intermediate pro-
cess data and are therefore not necessarily predictive in a strict sense, but
offer the essential advantage of allowing to understand the relationships be-
tween process quantities and quality. To this end, different approaches can
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be used, in particular a classical issue is the choice or combination of model
based vs. data based approaches.
Essentially, the results of this case study can be summarized as follows:

e It is indeed possible to implement an automatic quality assessment
scheme which reproduces rather well the results of the human inspec-
tion of the final product.

e The specific choice of the modeling algorithms, as long as nonlinear mod-
eling methods are used, is not the critical issue.

e The binary decision on the quality by the human operator is the crisp
expression of a continuous value, and therefore is the wrong quantity on
which to train the algorithms.

e Even though large amounts of data are recorded on typical steel (and
other) industrial plants, they might not contain the necessary informa-
tion.

Detailed descriptions of the results achieved in this project have been pub-

lished in @] and ]

6.3.3 Medical Data Analysis

Apart from applications of GP in the analysis of data of technical systems,
we have also done intensive research on the analysis of medical data using
heuristic data mining methods. We have described our research results (es-
pecially on the data based design of prediction models for the presence of
tumors and other diseases) in numerous publications, please see for example

[29], [34], [25], [3], or [26] for details.

6.4 Algorithmic Enhancements

6.4.1 Enhanced Selection Concepts

6.4.1.1 Gender Specific Parents Selection

Inspired by the idea of male vigor and female choice as it is considered in
the model of sexual selection discussed in the area of population genetics, a
new selection paradigm for GAs called SexualGA has been developed HE]
The main idea of this gender specific selection scheme is to use two differ-
ent selection schemes for the selection of the two parents required for each
crossover. So it becomes possible to simulate the concept of male vigor and
female choice by using random selection as the first selection scheme and
another selection strategy with far more selection pressure as the second one
(e.g. roulette wheel selection or linear rank selection).

This gender specific selection concept not only brings the concept of GAs a
little bit more towards its biological archetype, but it also has relevant advan-
tages compared to classical GA approaches particularly concerning flexibility.
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By using two different selection concepts simultaneously a GA user can in-
fluence the selection pressure level of a GA run more precisely. It is thus
also possible to control the interplay between genetic diversity supporting
and reducing forces in a more directed way and to better tune GA behav-
ior depending on the individual needs of the attacked optimization problem.
Further discussions and a comparison of solution qualities achieved using this
principle can for example be found in M]

6.4.1.2 Offspring Selection

Offspring selection (0S, [1], [2], [3]) considers not only the fitness of the
parents in order to produce a child for the ongoing evolutionary process. Ad-
ditionally, the fitness value of the evenly produced offspring is compared with
the fitness values of its own parents. Offspring is accepted as a candidate for
the further evolutionary process if and only if the reproduction and possibly
the mutation operator were able to produce an offspring that could outper-
form the fitness of its own parents. This strategy guarantees that evolution is
presumed mainly with crossover results that were able to mix the properties
of their parents in an advantageous way.

As in the case of conventional GAs or GP, offspring are generated by parent
selection, crossover, and mutation. In a second (offspring) selection step, the
number of offspring to be generated is defined to depend on a predefined
ratio parameter giving the quotient of next generation members that have to
outperform their own parents (success ratio, SuccRatio). As long as this ratio
is not fulfilled, further children are created and only the successful offspring
will definitely become members of the next generation. When the postulated
ratio is reached, the rest of the next generation members are randomly chosen
from the children that did not reach the success criterion.

When using this selection model, the selection pressure sel Pres is a mea-
sure for the effort that is necessary to produce a sufficient number of successful
solutions; it is defined as the ratio of generated candidates to the population
e sel Pres — |virtual POP| + |POP| - SuccRatio 6.2)

|POP|
where virtual POP denotes the virtual population, the pool of solutions that
are not considered immediately but might be inserted into the new population
as “lucky losers”. An upper limit for selection pressure gives a quite intuitive
termination heuristics: If it is no more possible to find a sufficient number of
offspring that outperform their parents, the algorithm terminates.

In the context of GP applications we have seen that maximally strict set-
tings of OS yield best results, i.e., we have set SuccRatio and the comparison
factor (that determines the quality threshold for crossover products before
the offspring selection step) to 1.0. Figure schematically displays this
strict variant of offspring selection.
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Fig. 6.3 Flowchart for embedding a simplified version of offspring selection into
the GP based machine learning process.

6.4.2 On-Line and Shiding Window Genetic
Programming

The idea of sliding window behavior in computer science is not novel; in
machine learning, drifting concepts are often handled by moving the scope
(of either fixed or adaptive size) over the training data (see for example [23)]
or [7]). The main idea is the following: Instead of considering all training data
for training models (in the case of GP, for evaluating the models produced),
the algorithm initially only considers a part of the data. Then, after executing
learning routines on the basis of this part of the data, the range of samples
under consideration is shifted by a certain offset. Thus, the window of samples
considered is moved, it slides along the training data; this is why we are
talking about sliding window behavior.

When it comes to GP based structure identification, sliding window ap-
proaches are not all too common; in general, the method is seen as a global
optimization method working on a set of training samples (which are com-
pletely considered by the algorithm within the evaluation of solution candi-
dates). On the contrary, GP is often even considered as an explicitly off-line,
global optimization technique. Nevertheless, during research activities in the
field of on-line systems identification M], we discovered several surprising as-
pects. In general, on-line GP was able to identify models describing a diesel
engine’s NO,, emissions remarkably fast; the even more astonishing fact was
that these models were even less prone to overfitting than those created using
standard methods. After further test series and reconsidering the basic algo-
rithmic processes, these facts did not seem to be surprising to us anymore:
On the one hand, especially the fact that the environment, i.e. the training
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data currently considered by the algorithm, is not constant but rather chang-
ing during the execution of the training process, contributes positively to the
models’ quality, it obviously decreases the threat of overfitting. On the other
hand, the interplay of a changing data basis and models created using dif-
ferent data also seems to be contributing in a positive way. As the on-line
algorithm is executed and evaluates models using (new) current training data
forgetting samples that were recorded in the beginning, those “old” data are
really forgotten from the algorithm’s point of view. Still, the models created
on the basis of these old data are still present. The behavior that results out
of this procedure is more or less that several possible models that explain
the first part of the data are created, and as the scope is moved during the
algorithm’s execution, only those models are successful that are also able to
explain “new” training data.

So, the most self-evident conclusion was that these benefits of online train-
ing should be transferred to off-line training using GP. The idea for selection
pressure driven sliding window GP (described in [30] and [25]) is to initially
reduce the amount of data that is available for the algorithm as identification
data. As the identification process is executed, better and better models are
created which leads to a rise of the selection pressure; as soon as the selection
pressure reaches a predefined maximum value, the limits of the identification
data are shifted and the algorithm goes on considering another part of the
available identification data set. This procedure is then repeated until the
actual training data scope has reached the end of the training data set avail-
able for the identification algorithm, i.e. when all data have been considered.
By doing so, the algorithm is even less exposed to overfitting, and due to the
fact that the models created are evaluated on much smaller data sets we also
expect a significant decrease of runtime consumption.

6.4.3 Cooperative Evolutionary Data Mining Agents

One of the disadvantages of GP is that it takes a long time until the result of
a run is available; especially for non-trivial data sets it is usually necessary
to analyze the result of a previous run before a new run can be started for
instance to counteract over or under fitting or to exclude dominant input
variables. This is an even bigger problem for domain experts who do not
fully understand the internal details of GP and thus often have problems to
configure the algorithm correctly. Usually a few iterations are necessary until
a configuration for the algorithm is found that works for data mining task
at hand. However, even when such a configuration has been found there is
another aspect that causes friction in the knowledge discovery process.

One approach to improve the discovery of more detailed knowledge is to
run many independent GP processes to generate a large number of models
for each possible target variable with different complexities and to extend
the data mining process to search for implicit dependencies between input



100 S. Winkler et al.

variables. In combination with an interactive user-interface to filter and ana-
lyze the generated models and to compose simple models to hierarchic mod-
els the user gains new knowledge step by step while investigating the set of
models.

This approach to use cooperative evolutionary data mining agents (CED-
MA) has for example been described in ﬂl_l|]: The authors have there described
the architecture of a distributed data mining system in which genetic pro-
gramming agents create a large amount of structurally different models which
are stored in a model database. A search engine for models that is connected
to this database allows interactive exploration and analysis of models, and
composition of simple models to hierarchical models. The search engine is
the crucial component of the system in the sense that it supports knowledge
discovery and paves the way for the goal of finding interesting hidden causal
relations.

Figure shows how the standard GP process could be improved by
using parallelism to run different GP processes at the same time. Each of the
distributed genetic programming agents has different settings for the target
variable, maximally allowed model complexity and the set of allowed input
variables. Controller agents create new GP jobs and coordinate the running
GP agents. It would be interesting to have more intelligent controller agents
which try to predict which models are more interesting for the user and guide
the GP agents to search especially for such models; this remains a topic for
future research.

Fig. 6.4 In the context of CEDMA, distributed GP agents continuously analyze
the data set and store new models in the database. These models can be analyzed
separately or combined to models describing the overall system behavior.
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An especially interesting aspect is the intelligent coordination and control
of GP agents: On the one hand these agents should be used for finding differ-
ent models that describe the analyzed process in different ways, on the other
hand the models found by the agents (that describe different aspects of the
system or target variables) should be combined to models that describe the
whole system.

6.5 Algorithm Analysis: Population Diversity
Dynamics

Of course, any modification of the standard GP procedure can have severe
effects on internal genetic processes and population dynamics in GP; espe-
cially the use of strict offspring selection influences the GP process signifi-
cantly. This is why we have used several approaches to describe and analyze
GP population dynamics as for example the following ones:

e We have analyzed genetic propagation in GP in order to find out which
individuals of the population are more or less able to pass on their genetic
material to the next generation. On the one hand, better individuals
(providing better genetic material) are supposed to pass on their genetic
make-up more than other individuals; still, of course for the sake of genetic
diversity also solutions that are not that good should also be able to
contribute to the genetic process. In ﬂﬂ] and ] we have summarized
empirical studies using several data sets for analyzing the differences in
GP population dynamics of different variants of genetic programming.

e When analyzing genetic diversity in GP we systematically compare the
structural components of solutions in a GP population and so calculate
how similar the individuals are to each other. Of course, on the one hand
the GP optimization process is supposed to converge so that eventually
all solutions will be more or less similar to each other, but on the other
hand the genetic diversity should be maintained as long as possible (
necessary) in order to keep the genetic process active. In _ and
ﬂﬁ] we have explained methods how to measure structural sumlarlmes in
models, and we have also analyzed the respective differences discovered
in various variants of genetic programming; examples of the graphical
representation of the progress of solutions similarity in GP processes is
shown in Figure
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Fig. 6.5 Population diversity analysis: The progress of the mutual solution simi-
larity in an exemplary standard GP process (shown in the upper figure) and in an
exemplary GP process with strict offspring selection (shown in the lower figure).
These figures are taken from M]
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Appendix: The HeuristicLab Framework for Heuristic
Optimization

HeuristicLab (HL) is an optimization environment which has continuously
evolved since 2002. By incorporating beneficial features of existing frame-
works as well as several novel concepts, HeuristicLab represents a powerful
and mature framework (written in C# using the Microsoft .NET framework)
which can be used for the development, analysis, comparison, and productive
application of heuristic optimization algorithms. In the course of the develop-
ment of HeuristicLab, from the first major version to the most recent version
3.3 (HL3), the architecture has gone through several major changes. Similar
to many other frameworks the separation of algorithms and problems was one
of the initial core concepts; in the most recent version of HL an algorithm
is represented by a customizable graph of operations that can be specified
and modified even down to very detailed levels in the GUI itself. The ex-
perimentation possibilities allow defining, executing, and analyzing runs of
algorithms with different parameter settings in one place.

The following list highlights the most important aspects influencing the
HeuristicLab development process:

e Paradigm independence: HeuristicLab is an environment for heuristic
optimization in general and is not limited to any specific optimization
paradigm or optimization problem. Due to a very high level of abstraction
it is possible to implement very different kinds of optimization algorithms
and problems for HeuristicLab. This approach has already proven its
worth as lots of different algorithms and problems are already available
within the HeuristicLab environment.

e Plug-in architecture: HeuristicLab builds upon a plugin architecture
so that it can be extended without developers having to touch the original
source code @] A lightweight plugin concept is implemented in Heuristi-
cLab by keeping the coupling between plugins very simple: Collaboration
between plugins is described by interfaces. The plugin management mech-
anism contains a discovery service that can be used to retrieve all types
implementing an interface required by the developer; it takes care of lo-
cating all installed plugins, scanning for types, and instantiating objects.
As a result, building extensible applications is just as easy as defining
appropriate interfaces (contracts) and using the discovery service to re-
trieve all objects fulfilling a contract. Every HeuristicLab feature, even
the Optimizer user interface, is available as a plugin. It is possible to
easily derive completely customized GUIs tailored to very specific ap-
plications or bundle specific plugins into packages, so that users can be
given exactly the functionality they need.

e Usability: In spite of the high level of abstraction HeuristicLab is not
just another optimization library but should be understood as optimiza-
tion environment. Usability and user-friendliness are very important as
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HeuristicLab is not only used for rapid algorithm and problem develop-
ment but also as optimization tool in industrial projects and as support-
ing tool in university courses. HeuristicLab provides a state-of-the-art
graphical user interface, is very easy to install, and includes comprehen-
sive documentation. The genericity of HL allows to build almost any kind
of algorithm through a click-and-drag user interface.

e Algorithm model: The core of HeuristicLab is its algorithm model ﬂ2_1|]
It is very easy to understand on an abstract level, but naturally reveals
more complexity the deeper one descends into it. However, luckily for
most users, understanding more than the abstract level of the core lan-
guage is not necessary for applying heuristic optimization. The modular-
ity of HL allows to combine any number of operators which can be saved
and reused. The algorithms that are created in HL are saved in files called
workbenches which can be distributed and modified; thus, algorithm de-
velopment does not happen in a programming language anymore and
parts of the algorithms can be shared among workbenches.

e Scalability: The scalability of HL allows to fully use a multi-core ma-
chine or even a multicomputer parallel system such as a cluster making
use of today’s increased parallel processing power.

The architecture of HL has been described in several publications; the
most detailed overview is given in the PhD thesis of Stefan Wagner HE] An
overview of the publications of the HEAL research group can be found online
on the research group’s websitdd.

The software framework is released under the GNU General Public Li-
cense (GPL). The source code as well as a binary version of the environment
can be downloaded from the HL Websitsﬁ; interested readers may also find
screenshots and other development related material there.

Genetic Programming Based System Identification in HeuristicLab

Genetic programming has already been implemented in several versions of
HeuristicLab; the architecture of these implementations as well as their ap-
plication in several research projects have been published in numerous con-
ference papers, journal articles, and one PhD thesis.

For example, the identification of nonlinear models in the context of tech-
nical systems using GP in HL1 and HL2 has been described in [35)], %], 39,
[34], the authors’ book [d] and the PhD thesis of Stephan Winkler [25].

The GP implementation in the most recent version of HL (HL3) has for
example been applied for evolving cooperative GP agents (as described in
Section as well as in the analysis of temper mill data sets and blast
furnace processes; please see for example [11], [12], [10] and [§] for details.
The following Figures [6.6] [6.7, and [6.8] show screenshots of a GP application

2 http://heal .heuristiclab.com/publications
3http://dev.heuristiclab.com
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implemented in HL3: Data measured at the motor engine test bench of the
Institute for Design and Control of Mechatronical Systems at JKU Linz have

been used for identifying models that describe the NO, emissions of a BMW
diesel engine.
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Fig. 6.6 GP in HL3: Visualization of measured vs. modeled target values (NO,
emissions of a BMW diesel engine).
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Fig. 6.7 GP in HL3: Visualization of a model for the NO, emissions of a BMW
diesel engine, generated using GP.
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Fig. 6.8 GP in HL3: Variable frequencies in a GP process modeling the NO,
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Chapter 7

Markov Chain Modeling and On-Board
Identification for Automotive Vehicles

Dimitar P. Filev and Ilya Kolmanovsky

Abstract. The paper considers issues and algorithmic approaches related
to modeling and identification of Markov Chain type models for vehicle ap-
plications. The use of Markov Chain models in these applications is stim-
ulated by their ability to reflect aggregate vehicle operating conditions and
induce “best on average” control policies based on application of stochas-
tic dynamic programming and stochastic Model Predictive Control. A novel
fuzzy encoding approach of continuous signals is proposed in which a sig-
nal value is simultaneously associated with multiple cells, and it is shown to
enhance identification and prediction accuracy of Markov Chain type mod-
els. A computationally simple identification algorithm, suitable for on-board
applications, is proposed to learn Markov Chain transition probabilities in
real-time. Examples of real-time learning models of vehicle speed and road
grade are reported to illustrate the overall identification approach.

7.1 Introduction

Traditionally, fuel economy improvement efforts in the automotive indus-
try have focused on the development of improved engines, transmissions,
and lighter-weight vehicles. Recently, growing computing power and infor-
mation connectivity (through sensors, GPS, digital maps, road and traffic in-
formation systems, wireless internet, vehicle-to-vehicle communication, etc.)
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provided further, transformational opportunities to improve vehicle fuel ef-
ficiency. Some of the main research and technological challenges to realize
these opportunities are in the development of algorithms that can continu-
ously monitor and analyze driving conditions (terrain, traffic, etc.) and driver
behavior and their impact on the fuel efficiency, and either offer an intelligent
advice to the driver or automatically adjust vehicle control strategy, while
minimizing the detrimental effects of disturbing and annoying the driver.

As an example, we have recently considered powertrain control strategies
which are optimized for frequently travelling in a given geographic region B}
A control policy for adjusting vehicle speed has been defined which, on one
hand, is responsive only to current operating conditions, as is the case for the
conventional powertrain control strategy, but on the other hand, it provides
best on-average performance (in terms of fuel economy and travel timelﬁ when
travelling frequently in this region. Markov Chain type models @, | were
used to aggregate and summarize terrain and traffic properties and stochastic
dynamic programming was applied to generate an optimal control policy.
Several other references (see e.g., ﬂ, |ﬁ|, @, @, ﬂ]) have considered the use of
Markov Chain type models to represent driving conditions and obtain control
policies using stochastic dynamic programming, stochastic Model Predictive
Control and reinforcement learning.

Markov Chains models are typically applied to sampled signals, where a
signal is considered to be in one of a finite number of states. To treat signals
which vary in a continuous range an encoding scheme needs to be introduced
to attribute the signal value to one of the states of the finite-state Markov
Chain. The common approach is to use interval partitioning associating each
interval with a discrete Markov Chain state.

Since interval type encoding is a special case of a more general process of in-
formation granulation @]7 alternative granulation paradigms, e.g. those based
on the use of fuzzy sets or rough sets, can also be employed as transformations
assigning continuous signal values to discrete states. This approach has been
suggested in our previous work ﬂa}, where it was shown that introducing fuzzy
encoding can be advantageous but it involves numerous theoretical and algo-
rithmic issues that are not evident consequences of the conventional Markov
Chain theory. In ﬂa] we generalized Chapman-Kolmogorov theorem to the case
of Markov chain models with fuzzy encoding and in ﬁ] we have highlighted the
use of fuzzy encoding in facilitating Markov Chain aggregation.

The objective of this paper is to further consider issues and algorithmic ap-
proaches related to modeling and identification of Markov Chain type models
based on fuzzy encoding for real-time vehicle applications. In Section [2.T.T]
Markov chains based on interval and fuzzy granulation are introduced and
compared, assuming that a signal being modeled is a scalar. A computa-
tionally simple identification algorithm (as compared e.g., to Baum-Welch
algorithm in ﬁﬂ), suitable for on-board applications, is proposed to learn
Markov Chain transition probabilities in real-time in Section In Sec-
tion we consider the case of a vector signal being modeled and present
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an aggregation approach to signal values to reduce the number of Markov
chain states. Finally, concluding remarks are made in Section [[.5

7.2 Generalization of Conventional Markov Chain
through Interval and Fuzzy Granulation

A conventional finite-state Markov chain is a stochastic process with finite
number of states satisfying the Markov assumption E, B] - the future is inde-
pendent of the past given present. We denote the state space of the finite state
Markov chain as S = {z;,j =1,---,M} C X where X C R is a bounded
set, and we introduce transition probabilities as

T = P <1'+ = :Ej|x = fl) 5 (71)

which form a transition probability matrix, I1. For a given z = Z; the next
state inferred by the Markov chain is the one that maximizes the probability
distribution corresponding to Z;:

xT

=2j, if v = 2;,j € argmaxmy.
k
The transition probabilities may be estimated from the frequencies of ob-
served transitions between the states, i.e.,
i R —=. (7.2)
7 Noi

In (T2), N;; denotes the number of observed transitions from state Z; to
M

state z; over a given time interval, and Ny; = ZNij is the total number
j=1

of transitions that are initiated from the state Z;. The present and one step-

ahead state probability vectors (i.e., vectors of probabilities of x taking one

of finite values, Z;) are linked through transition probabilities as

and for ¢t > 1 steps ahead by the Chapman-Kolmogorov equation E] implying
that:
()" =ptir. (7.3)

In the case when 2, 2% can take arbitrary values in X (e.g., they repre-

sent a physical quantity) encoding may be used to transform the continuous
domain of x,zT to a discrete one so that the main Markov chain concepts
may be applied. The main idea is to introduce a finite set of granules rep-
resenting the states of the chain, use the granules to code z,z", apply the
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Markov approach to the granular representation, and then decode the result
back to the original continuous domain. In the remainder of this section we
consider two granulation techniques — interval and fuzzy encoding. The dif-
ferences between the conventional Markov chain and the generalized Markov
chain models that are based on interval or fuzzy encoding are illustrated in

Figure I2.11
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Fig. 7.1 Markov chain models: conventional (top, left), interval encoding-based
(top, right) and fuzzy encoding-based (bottom).

7.2.1 Markov Chains with Interval Encoding

The interval encoding approach is based on partitioning X into a finite set of
disjunct intervals, I;,7 = 1,--- , M, and assigning to each interval a Markov
chain state, Z; € I;, which is typically the midpoint of the interval I;. The
state x is considered to be in the discrete state z; if x € I;.

Based on this interval partitioning, the continuous real valued state xo € I;
may be encoded as an M —dimensional probability vector with the jth element
equal to 1 and all remaining elements equal to zero:
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o (zo) =[0---1---0]. (7.4)

For a given xy € I; the next state inferred by the Markov chain can be cal-
culated as the one that maximizes the probability distribution corresponding
to i’ji
xy =3, if 2o € I;,i € argmax mp, (7.5)
k

or, alternatively, as the expectation based on the interval centers:

M
rl = E mii T, if g € I;
0o — 1740 0 VR

i=1

In a more general setting, the above expression of the expectation based
inferred value can be formally re-written in a matrix form:

zf =al (zo) M 7" (7.6)

where 7 is the vector of the interval midpoints Z; € I;. Therefore, the
interval encoding in the example shown in Figure [2.] infers a deterministic
output xtthat can be expressed by either

+_ ot
X —Z‘j

,] = argmax ma,
k
or
= 7T215€f + 7T225C§r + 7T23§?§_~

Transition probabilities may be estimated analogously to the case of conven-
tional finite-state Markov chain HE]

7.2.2 Markov Chains with Fuzzy Encoding

We introduced fuzzy encoding in ﬂa] motivated by the approximation proper-
ties of fuzzy granules. Following the theory of approximate reasoning [ﬂ, E],
we consider fuzzy subsets A;, rather than intervals, defined by their mem-
bership functions

aj(xz): X —[0,1;Ve e X, 34,1 <j < M,a;(x) #0. (7.7)

Fuzzy encoding provides an additional opportunity to interpolate between
multiple Markov chain states based on the degree of membership (closeness)
of the random input x to the individual states - a property that is not available
in the interval encoding ﬂa]
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Unlike interval encoding, in the fuzzy encoding case, a single € X may be
associated with several states ; of the underlying finite-state Markov chain
model. As shown in Figure [2Z1] in the case of interval encoding the state
variable z belongs to one of the intervals, specifically to I in Figure [211
The next state probability distribution is the one that is associated with the
second interval, i.e. the second row of the transition probability matrix. In
the case of fuzzy encoding, the state variable xz belongs simultaneously to
the fuzzy subsets As and Ag, with different degrees of membership as(x) and
as(x).

From Figure [2Jlone can easily grasp the similarity between the concepts
of Markov chains with interval or fuzzy encoding and rule-based systems.
The Markov chain with interval encoding resembles a set of M? Boolean
logic rules which operate on the interval granules I; while the Markov chain
with fuzzy granulation can be expressed as a collection of M? rules with fuzzy
predicates of the form

If z is A; Then a is A; with weight 7;; (7.8)

where rule weights m;;, i,7 = 1,---, M, are the elements of the transition
probability matrix II. The antecedent subsets are defined by their member-
ship functions a(z) on the universe of 2. The consequent subsets are defined
by the same membership functions a(z™) but on the universe of z. The rule
weights represent the credibility (frequency) of the antecedent / consequent
relations that are covered by the rules; see e.g. ﬂﬂ] and HE} for the frequency
interpretation of the weights. Following this analogy and the fundamentals of
the theory of approximate reasoning we introduced some of the basic ideas of
using Markov chains with fuzzy encoding as an on-board modeling tool ﬂa]
The main results are summarized below.

Using the membership functions, the continuous real valued state xy may
be encoded as a possibility vector of the degrees membership of xy to each
of the subsets A;:

a’(z0) = [a1(wo) az(wo) -+ anr(20)] (7.9)

The possibility vector a(xg) is analogous to the concepts of the “degree of
firing,”, “firing level” NE] of a rule and characterizes the measure of similarity
(compatibility, matching) between x¢ and the subsets A;.

For a numerical (crisp) state x¢ each rule with antecedent A; is fired with
firing level &;(zo) by (Z8) and infers a fuzzy subset (possibility distribution):

M
X (o) = @i(w0) Y mija; (™)
j=1

= &;(z0) T  a(x™) (7.10)
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By aggregating the subsets x; (o) with weights a(z¢) that are proportional
to the firing levels of the rules &;(zg) we obtain for the overall possibility
distribution y T (z¢) generated by the rules (see [12, [18)):

M M M
Z&i(xo)zﬁijaj(f’) Zd (x) I  a(x™)
= - j= _ =1

dewo)ij Zdi(xo) (7.11)

(o) T a(zt) = a¥ (20) IT a(z™).

To) =

||M§

where a(xg) is the vector of the normalized degrees of firing (matching) the
subsets A; by xo:

M
o) = a(w0) /(3 & (w0) (712

For a given crisp state xy the deterministic prediction of the next state
inferred by the Markov chain with fuzzy encoding is calculated as the de-
fuzzified value (i.e. the centroid or “center of gravity” of possibility distribu-

tion x*(z0)):
o = ) +
/X NOR /X )y

Note that by substituting for x*(x¢) from (ZII)) we have:

/ ydy— Zaz 1’0 Z'/sz/ yaj dya

M M
/}<X+(y)dyzgai(xo);mg‘/xaj(y)dy.

After algebraic manipulations (see also ﬂﬁ]), these expressions imply that
the predicted deterministic next state value xar given xq is:

§ (&%) 1’0 § 777,]
. =1

E Oéi(fEO)E mij Vi

i=1 Jj=1

+
)

(7.13)

where T and V; denote the centroid and the volume, respectively, of the
membership functlon aj:



118 D.P. Filev and I. Kolmanovsky

jj:Ayaj(y)dy/Aaj(y)dy, V}-:/Xaj(y)dy,

If membership functions have the same volume (i.e. all V}’s are equal), the
expression for ™ further simplifies to

§ az fE() § 7T1]
o =1

E Oéi(il'o)g 71'7;]'

i=1 7j=1

In derivation of (CI4) we used the fact that the rows of the transition
M

probability matrix, I7, sum up to 1 (Z my; =1, Vi =1,---, M) and that
j=1

+
)

=al(zo) T zT. (7.14)

M

Z a;(zg) = 1. Note that expression (ZI4]) interpolates the transition prob-

i=1

abilities and the centroids ztaccording to the membership function values.
Referring to the illustrative example in Figure [[2.1] the deterministic out-

put xar is calculated by interpolating between the centroids of the subsets @2

and &3:

2 Gileo) ) myz} D ailaleo)) )i
2o

i—1 =1

3 3
)2 m palalen)) )y
By comparing expressions (m and (0] one can notice the formal similarity
between the continuous real valued next state that is inferred based on the
interval and fuzzy encoding. The only difference is in the calculation of the
vector a®'(x) which characterizes compatibility of the continuous real valued
current state zg to a single interval and multiple fuzzy granules — compare
[T4) and (TT2I).

In the next section this similarity will be used to derive a general algorithm
for real time learning of the transition probability matrix for interval and
fuzzy encoding.



7 Markov Chain Modeling and On-Board Identification 119

7.3 General Algorithm for On-Line Learning of the
Transition Probability Matrix

In the finite-state Markov chain model (7)), the transition probabilities m;;
may be estimated from the total frequencies of transitions, see ([2)). If mea-
surements have been taken up to time k,

_ Nij(k)  Nij(k)/k  Fij(k)
TS Nk T Nok)Jk  Foi(k)

(7.15)

where [ (k) is the mean frequency of transition events f;;(k) from state z;
to state Z; and Fy;(k) is the mean frequency of the transition events, f;(k),
that are initiated from the state i:

k

Fiy (k) = Ni]]'g(k) _ %Zfij(t)v (7.16)
t=1
k

Fat) = 228~ 257 p. (.17)
t=1

(f;;(k) = 1 if a transition from Z; to ; occurs at time instant k; f;(k)= 1
if a transition is initiated in the state Z; at time instant k; otherwise these
take zero values.)

From the definition of the transition probabilities one can derive a recursive
expression for their calculation:

Fij(k) = Fij(k = 1) + ¢ (f;;(k) = Fij (k = 1)), (7.18)

Foi(k) = Foi(k — 1) + ¢ (fi(k) — Foi(k — 1)), (7.19)
where ¢ = % In the case of non-stationary data it is more reasonable to
weigh the old data with exponentially decreasing weights, i.e., to consider a
constant parameter ¢ (learning rate) instead of the decaying factor, % For
a constant parameter ¢ the recursive expressions (ZI8) and (ZI9) can be
interpreted as AR models implementing the exponential smoothing algorithm
(a low pass filter) with forgetting factor ¢ M] By substituting expressions
[CI8) and (ZI9) into (CIH) we obtain a recursive form of the transition
probabilities estimates that is convenient for their on-line learning HE]

S Fij(k)  Fi(k=1)+¢(f;;(k) — Fi;(k — 1))
57 Foh) Pk~ 1) 9 ((F) — ok~ 1))

Expression (Z20) can be rewritten in a matrix form by replacing f;;(k) and
f;(k) by their vector multiplication counterparts, 7(k)~ (k)% and (k) (k)% e,
where 7(k) and v(k) are M- dimensional vectors with ones as the ith and jth
elements, respectively, and zeros elsewhere and e- an M- dimensional vector

of ones). More specifically,

(7.20)
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II(k) = dz'ag(Fo(k))_lF(k‘), (7.21)

where
F(k)=F(k=1)+¢ (r(k)y(k)" = F(k - 1)), (7.22)
(k) = Folk = 1) + ¢ (r()y(k) e — Fo(k— 1)), (7.23)

In the above, we considered the finite state Markov chain model (Z1I). We
now show that matrix form of the recursive algorithm for on-line updating
the transition probabilities (T2I))-(723)) can be also used for on-line learn-
ing in interval and fuzzy encoding cases. The only change necessary is the
calculation of 7(k) and ~(k), which is now discussed.

For interval encoding case, the probability vectors a(z) and a(x™) reflect,
respectively, the occupancy of the ith andjth intervals by = and zT. If a
transition between the corresponding states occurs, the ij-th element of the
product matrix a(z)a® (z1) is equal to one, while other elements are zero.
Therefore, by substituting

(k) = a(z(k)), (k) = a(z(k+1)), (7.24)

expressions (T21]) - [23)) directly apply.

For fuzzy encoding case, the membership of z and 2™ in the fuzzy subsets
Aj; are reflected in the possibility vectors a(z) and @(z*). The membership
degrees of an individual transition between the fuzzy subsets A; and A; corre-
spond to &;(x)- a;(zT), which is the ijth element of the matrix, &(z)a’ (z ).
Therefore, similarly to the interval encoding, we may introduce:

(k) = a(z(k)), (k) = a(z(k +1)), (7.25)

where vectors 7 and v are the membership values, i.e. the measures of com-
patibility, between z(k) and x(k + 1) and the current and future states
represented by the fuzzy subsets A; and A;. The products 7(k)y(k)" and
7(k)v(k)" e present the transition from A; to A; and the transition that is
initiated in the state A; at time instant through the correlation between these
vectors so that expressions (Z21))-([C23]) can be formally applied.

Example 1: We apply the continuous state Markov chain model to the
problem of modeling stochastically the speed of a vehicle that is randomly
accelerating and decelerating (this type of model may be used to describe
the dynamics of the lead vehicle in the problem of adaptive cruise control of
a vehicle that is following it [10]). We consider the speed range [46 mph - 66
mph] and treat the speed of the vehicle as a continuous variable.

The transition probabilities are recursively estimated as vehicle data be-
come available by applying the interval (24]) and fuzzy encoding (.23])
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version of the learning algorithm (C21))-([23]). The on-line algorithm for re-
cursive learning the transition probabilities allows for their continuous adap-
tation to the changing vehicle, road, and traffic conditions, and style of driv-
ing. Predicted speed of the lead vehicle 7T is inferred from the Markov chain
model by expression (ZI4]).

In Figure [23] the speed universe is partitioned into 5 intervals of 4 mph
each. The upper plot compares the on-line learning with interval partitioning
(Mean Square Error (MSE)=1.93) with the case of fuzzy partitioning into
5 fuzzy subsets with Gaussian membership functions that are centered at
the centers of the 5 intervals and standard deviations of 1.43 with no initial
learning — the lower plot (MSE=0.96). The better approximation can be
explained by the interpolative properties of the fuzzy partitioning (compare
[C4) vs. (CII)). It can be shown that the impact of the fuzzy encoding on
the approximation accuracy is even stronger if a coarser quantization of the
speed universe is considered.

The contribution of the fuzzy partitioning can be viewed as means for
supplying more information about the Markov chain states compared to the
case of interval partitioning. Comparing (7.9) and (7.0)), one sees that fuzzy
encoding provides an additional mechanism to interpolate between discrete
states of the finite-state Markov chain based on the degree of membership
(closeness) of the uncertain value of  to the states z; of the underlying finite
state Markov chain — a property that is not automatically available in the
interval encoding case. This interpolation can be beneficial in state prediction
and for identification of transition probabilities.

Interpolative properties of the fuzzy encoding are dependent on the degree
of fuzziness of the subsets A;. Figure [2Z4lillustrates the impact of the fuzzi-
ness of partitioning the continuous domain assuming Gaussian membership
functions of the fuzzy subsets. For small values of the standard deviation of
the Gaussians the interpolative ability of the model is rather limited resem-
bling the case of interval partitioning. For larger values the individual fuzzy
subsets tend to significantly overlap discounting the effect of the partitioning.

Example 2: We now consider the use of the Markov chain model to approx-
imate the road grade of several typical routes, each of about 30 km, in the
Dearborn area, Michigan. Measurements of the road grade are taken with a
sampling rate of 30 meters. The plots below represent the road grade changes
within the range of [-5.65%, 5.88%] on a 3.5 km segment. Figure TZ10 shows
the performance of the Markov chain models with interval RMS and fuzzy
encoding for predicting the road grade 1 step (30m) ahead; the road grade
is considered a continuous state variable that is uniformly granulated into
6 intervals, resp. 6 fuzzy subsets. Table 1 lists the root mean squared error
for 2, 4, 6 step prediction of the road grade. In the case of interval parti-
tioning predicted state is calculated by applying the Chapman-Kolmogorov
equation (Z3) and taking the expectation of the predicted probability dis-
tribution (Z6]). Predicted state by the fuzzy encoded chain is calculated by
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Fig. 7.2 Markov models of vehicle speed (solid) vs. actual speed (dashed): interval
encoding into 5 intervals of 4 mph each (upper plot; MSE=1.93) and fuzzy encoding
into 5 fuzzy subsets with Gaussian membership functions centered at the center
points of the 5 intervals and standard deviations of 1.43 (MSE=0.96).

re-propagating the defuzzified value (ZI4)) and by applying the fuzzy version
of the Chapman-Kolmogorov equation ﬂé] followed by the defuzzification of
the inferred possibility distribution.

Table 7.1 Root-mean-square error in predictions of the road grade over different
horizons for interval and fuzzy encoding (based on repropagation of the de-fuzzified
value and the possibilistic version of the Chapman-Kolmogorov equation in [d].)

Horizon |(Int. C-|Defuzz.|Poss. C-
K K

2 steps 1.181 1.146 1.105

4 steps 1.212 1.207 1.179

6 steps 1.457 1.235 1.157
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Fig. 7.3 Impact of the shape of the fuzzy subsets on the approximation error
(solid:modeled, dashed:actual). Fuzzy encoding with Gaussian membership func-
tions with small standard deviations resembles interval partitioning and lacks the

ability for interpolation (upper plot) and vice versa (lower plot).

7.4 Markov Chain Models of Vector-Valued Signals

Previously we have demonstrated that the concepts of granulation (interval
or fuzzy) can be applied to stochastic modeling of a scalar signal, . Suppose
now that x € R" is a vector-valued signal. For instance, we may be interested
to simultaneously represent vehicle speed and road grade values.

One approach in this situation is to treat individual elements of the vec-
tor x as statistically independent, apply preceding ideas to each element and
then combine the resulting Markov chain models. For the cases when the
independence assumption is not justified, the encoding can be performed
in terms of granules defined in the Cartesian product space. For example, in
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Fig. 7.4 Markov models of road grade (solid) vs. actual road grade (dashed) based
on 1 step (30 m) ahead prediction of the road grade on a 3.5 km segment; interval
(upper) and fuzzy encoding (lower) plot.

the n = 2 case, we can consider granules, G}, ;,, centered at 1 = Z;, and
T2 = Zj,, 51 = 1,..., My1;j2 = 1,..., M5 and the corresponding matrix of the
transition probabilities between the granules of the dimension (Mj;Ms) x
(M, My). Similarly, fuzzy encoding can be used by introducing fuzzy sets A;,
i =1,---, M, and membership functions defined in R".

Note that the dimensionality of the Markov chain can grow dramatically in
the case of vector-valued signals. This issue can be addressed by associating
the states of the Markov chain with clusters of values of x, where the clusters
can be evolved by an algorithm such as the one in M] As in the case of scalar
signals, the use of fuzzy encoding can greatly enhance the identification and
prediction accuracy of the resulting Markov chain.
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Example 3: We apply Markov chain model to summarize simultaneous pat-
terns in vehicle speed and road grade recorded when driving an experimental
vehicle over eight typical routes, each of about 30 km, around the city of
Dearborn, Michigan. To estimate the transition probabilities of the two vari-
ables - speed and grade - we divided their ranges [3.05, 34.06] (m/s) and
[-9.23, 6.97] (%) into 10 and 8 intervals, respectively. This partitioning of the
state variables defines 80 discrete Markov states that are the centers of the
80 cells in the two dimensional Cartesian space. Since some of the cells are
not occupied (the specific combination of values corresponding to these states
were not observed in the measured data) the number of discrete states of the
Markov chain is reduced to 51 (Figure[I2ZH]). Now we can apply the interval or
fuzzy encoding concept on the aggregated variable and on-line learn its tran-
sition probability matrix similarly to the single state viable case described in
the previous sections. Figure shows the Markov model based one step
ahead predictions of the speed and the grade versus the actual data.

Encoding of the Aggregated State Variable

Grade (%)

2+

-6

_8t *"

_10 Il Il Il Il Il Il
5 10 15 20 25 30

Speed (m/s)

Fig. 7.5 2D cell encoding of the aggregated state variable (80 cells). The centers
of the occupied cells (red stars-circles) define the new Markov states.

In the above we considered one special type of granulation of the inputs
and the states that was based on assumed rectangular regions (cells) in the
Cartesian product space. This approach takes into account the density of the
states space by eliminating the centers of the empty cells. A more general type
of granulation that accounts for the density distribution of the state variables,
and consequent reduction of the number of resulting Markov states, can be
obtained through clustering of the state space.



126 D.P. Filev and I. Kolmanovsky

W
o

n N w
o (S o
T T

—_
(53
T

Speed (m/s)

0 .

15
Distance (km)

Grade (deg)

_6 . . . . . .
0 0.5 1 1.5 2 2.5 3 3.5

Distance (m) X1 04

Fig. 7.6 Vehicle speed (upper plot) and road grade (lower plot) predicted 1 step
ahead (solid line) versus actual vehicle speed and grade (dashed line) over a 30 km
section of the road (30 m segments).

An application of the proposed Markov models of vehicle speed and fuel
consumption to stochastic optimal control of the set-point of the vehicle speed
as a function of the road grade and reference speed for fuel economy improve-
ment without significant degradation of the travel time is discussed in E}

7.5 Conclusions

The paper considered modeling and real-time identification of Markov chain
models for signals in automotive vehicle applications. The framework of fuzzy
encoding has been introduced which facilitates both identification and predic-
tion accuracy. A computationally simple algorithm for real-time identification
has been proposed which is applicable to the cases of both interval and fuzzy



7 Markov Chain Modeling and On-Board Identification 127

encoding. Opportunities for using such models for stochastic dynamic pro-
gramming based optimization of vehicle fuel economy and performance under
different road and traffic conditions will be considered in future publications.
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Chapter 8

Parameter Identification in Dynamic
Systems Using the Homotopy
Optimization Approach*

Chandrika P. Vyasarayani, Thomas Uchida, Ashwin Carvalho,
and John McPhee

Abstract. Identifying the parameters in a mathematical model governed
by a system of ordinary differential equations is considered in this work. It is
assumed that only partial state measurement is available from experiments,
and that the parameters appear nonlinearly in the system equations. The
problem of parameter identification is often posed as an optimization prob-
lem, and when deterministic methods are used for optimization, one often
converges to a local minimum rather than the global minimum. To mitigate
the problem of converging to local minima, a new approach is proposed for
applying the homotopy technique to the problem of parameter identification.
Several examples are used to demonstrate the effectiveness of the homotopy
method for obtaining global minima, thereby successfully identifying the sys-
tem parameters.

8.1 Introduction

The problem of identifying the parameters in a mathematical model governed
by ordinary differential equations (ODEs), given a set of experimental mea-
surements, is encountered in many fields of physics, chemistry, biology, and
engineering B] The problem of parameter identification can be posed as an
optimization problem ﬂﬂ, ], where the arguments of the global minimum of
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the objective function are the identified parameters. If the parameters appear
linearly in the system equations and full state measurement is available from
experimental data, a large class of methods is available for both off-line and
on-line parameter identification ﬂﬂ, } In most practical engineering prob-
lems, however, it is not possible to obtain measurements for all states, and the
parameters often appear nonlinearly in the equations of motion. Off-line iden-
tification algorithms are used when the main goal is to develop a mathemat-
ical model for system simulation; on-line identification algorithms are more
popular in adaptive control applications ﬂﬁ] The optimization problems are
usually solved using deterministic methods, which require the solution of dif-
ferential equations at each optimization step. The solution of these ODEs
can be obtained using initial-value methods [m, @], shooting methods ﬂ],
or collocation methods E] When deterministic approaches like the steepest
descent [22], Gauss—Newton [29], and Levenberg-Marquardt [20] algorithms
are used in the optimization procedure, it is not uncommon to converge to
a local minimum rather than the global minimum ﬂ] Stochastic methods,
such as simulated annealing ﬂﬁ] and genetic algorithms @, can be used to
find global minima, but these methods typically require a large number of
iterations to converge and, thus, are time-consuming, especially for param-
eter identification problems where the equations of motion are integrated
at every optimization step m7 |l_1|, @] An obvious question that arises is
whether there exist any non-stochastic algorithms that can find global min-
ima. Although one can never be assured that a deterministic algorithm will
be able to find the global minimum in every situation, there are approaches
derived from homotopy methods that can find global minima in situations
where other deterministic methods cannot.

Homotopy Hﬁ] is a powerful technique that is used in several areas of
mathematics, including optimization [B, |E] and nonlinear root finding M]
In homotopy methods, the objective function to be minimized is modified by
adding another function whose optimum is known, herein referred to as the
known function, and a morphing parameter is used to transform the mod-
ified function into the original objective function. A series of optimizations
is performed while slowly varying the morphing parameter until the mod-
ified function is transformed back into the original objective function E]
Applying homotopy to algebraic optimization problems is straightforward,
but its application to the parameter identification problem is not, since the
objective function is, itself, dependent on the solution of differential equa-
tions. Homotopy was successfully applied to ARMAX models lﬁ, |l__4|] for
the identification of linear parameters. In the work of Abarbanel et al. ﬂ],
the authors have coupled the mathematical model to the experimental data
for identifying parameters from a chaotic time series for first-order systems,
which is related to the homotopy method. The application of homotopy to
the general nonlinear parameter identification problem has not been studied
in the literature. In this work, we present a methodology to apply homotopy
to the problem of parameter identification. We show several examples where
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the classical deterministic methods fail to find the global minimum while the
homotopy method successfully minimizes the objective function.

8.2 Problem Statement

The dynamic equations of the physical system for which the parameters must
be identified are assumed to be of the following form:

ii’l = T2
$2 - f($17w27p7 t) (81)

For mechanical systems, 1 (t) = [y1(t), y2(t), - .., yn(t)]" are the independent
coordinates (displacements) and p is a column vector containing the param-
eters to be identified. The system is assumed to be nonlinear, and the pa-
rameters may also appear nonlinearly in equations (B1). Experimental data
T1e(t) = [Y1e(t), y2e(t), . . ., Yne(t)]" of all the displacements are assumed to
be available over time T'; it is assumed that the velocities are not measured.
Note that it is possible to identify the system parameters with only a few
components of x1.(t) since, in coupled systems, each component of x1.(t)
contains information from all the parameters due to the coupling between
the system equations. The unknown initial conditions of the states for which
measurements are not available can be treated as unknown parameters. In
order to simplify the optimization procedure, experiments can be performed
starting from rest, such that the velocity initial conditions are zero. The goal
is to identify the parameters in the mathematical model such that the solu-
tion of the differential equations (B]) closely matches the experimental data.
To identify the parameters, we minimize the integral of the squared difference
between the experimental and simulated states:

" T

Z / (yie(t) - yi(t7p))2 dt (8.2)

i=1 0

| =

V(p) =

Note that a discrete summation can be used in place of the integral in this
equation. Given the initial estimates of the parameters, we can minimize
equation (B iteratively using the Gauss-Newton method [29] as follows:

p" Tt =p" +od" (8.3)

where o is the step size and d” is the search direction, which can be obtained
from the following relation ﬂﬁ]

H(p")d =-G'(p") (8.4)
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In equation ([84), G and H are the gradient and the approximate Hessian
of the objective function, where the second-order sensitivities have been ne-
glected in the latter:

Gw) = 5= =31 [ (et) - wte.)) Lot (85

0
T
2 n T 9.
= a_V /ayl %dt (8.6)
0

H(p)= 55 ~ Z

i Qyi _ | 9yi Oyi 0yi . :
The sensitivity data op = [ Opr Dp 3pm] can be obtained by solving

the sensitivity differential equations, which can be derived by the direct dif-
ferentiation of equations ([BI]) with respect to the individual parameters:

89’:1 N 81}2

dp;  Opj

Oky _ Of(x1,®2,p, 1) n Of (1, @2, p,t) Ozt n Of (x1, @2, p, t) Oz

8pj apj oxq 8pj 0xo 8pj ’
i=1,2,....m (8.7)

We will briefly explain how homotopy is applied to a simple algebraic
minimization problem. Let F(p) be the objective function. We are interested
in finding parameters p* at which F has a global minimum. If we start from
an arbitrary point p°, and if the function has multiple local minima, it is
likely that the optimization procedure will converge to a local minimum. In
the homotopy method, we first construct the following function:

H(p,A) = (1= A) F(p) + AG(p) (8.8)

where G(p), referred to as the known function, is a chosen function that
is convex in the unknown parameters, and for which the arguments of its
global minimum are known. We now begin the process by choosing \g = 1
and minimizing H(p, 1) = G(p). In this first stage, the minimum of H(p, 1) is
simply the minimum of G(p), which is known. Once the minimum has been
found, X is decreased by a small amount 6\ and H(p, A1) is minimized, where
A = 1 =L, using the converged result from the previous stage as the initial
guess for p. This process is continued until A = 0 and the objective function
has been morphed back into F(p). Provided we are always finding the mini-
mum of H(p, A) with an initial guess that is close to its global minimum, it
is more likely that we will find the global minimum of the function F(p). A
variant of this method has been successfully applied to complex optimization
problems involving protein structures ﬂa] and to finding the equilibrium con-
figuration of an elastica |28]. Note that the choice of known function G(p)
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is nontrivial. In general, the homotopy method is only capable of finding lo-
cal minima; however, if the nature of F(p) is known, it may be possible to
construct the homotopy transformation in a way that increases the chance
of finding the global minimum. It is for this reason that the optimization
problem for parameter identification is generally more challenging than it is
for purely algebraic problems. In particular, the shape of F(p) = V(p) is
unknown in parameter identification problems, since it is dependent on the
solution of differential equations (81), thereby making the selection of a suit-
able known function G(p) very difficult. In contrast to algebraic problems,
however, where the minimum value of the objective function is unknown, the
minimum value of the objective function in parameter identification problems
is zero—provided the mathematical model is known exactly. Since the math-
ematical model is not precisely known in general, the final error may not be
exactly zero; however, it is expected to be small. We use this knowledge in
developing our homotopy transformation.

We now discuss how the homotopy method can be applied to the problem
of parameter identification. To modify the objective function, the experimen-
tal data is coupled to the mathematical model as follows:

1 =x2 + ANK1 (1 — 1)
d)‘g = f($17$27p7 t) + )\KZ (xle - 331) (89)

Initially, when A = 1, the coupling term acts as a high-gain observer E, ],
and if sufficiently high values of K; are used, the experimental data and sim-
ulated response will synchronize. Note that A is introduced to the traditional
definition of a high-gain observer so as to construct the homotopy transfor-
mation. Also note that the sensitivity equations ([8X]) must be modified to
account for the added coupling term. For very large K, the objective function
becomes a flat surface with a very small magnitude, and the experimental
data x1. and simulated response x; will closely match no matter what pa-
rameters are used. For the purposes of parameter identification, we choose the
lowest values of K; such that the experimental data and simulated response
synchronize to within a desired tolerance ¢ when the initial parameter esti-
mates are used. We now decrease \ by a small amount d\ and minimize the
objective function ([B2]), treating equation ([83]) as the mathematical model.
The parameter estimates are refined so as to reduce the error to (e, where
0 < B < 1. We then decrease A further to 1—2 J\; since the parameter guesses
have been refined, the observer gain can be reduced without increasing the
error beyond e. At each stage in this process, we use the converged result
from the previous stage as the initial guess for p. This process is repeated
until A = 0, and equation ([89) has morphed back into equation (&II). In
summary, the homotopy optimization approach follows the path of minimal
error as the observer gain is decreased. We ensure that the error is close to
zero (no greater than £) at each value of the observer gain, with the hope
that the refined parameter guesses at the final stage are sufficiently close to
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the global optimum of the original problem. The process of applying the ho-
motopy method to the problem of parameter identification is summarized in
Algorithm [l

Algorithm 1. Parameter identification using homotopy

Input: Experimental data (@¢1e), objective function tolerance (e)
Output: Identified parameters (p)
Initialize
while A > 0 do
while V > ¢ do
Solve ODEs for @1 and Z_E Vi
T 2
Minimize V(p) = § 37", {of (yie ) —yi (t,p)) dt}
Solve H(p)d = —G™(p) for d
p—p+od
end while
A= A—06A
end while

return p

8.3 Numerical Examples

In this section, we present numerical examples in which the homotopy method
has been used to successfully identify the parameters in mechanical systems.

8.3.1 Linear Parameters

Let us begin with the identification of parameters for a simple pendulum. We
describe this example in detail to further explain the idea of the homotopy
method. The equations of motion for a simple pendulum are given in state-
space form as follows:

Y1 = Y2
Y2 = —psin(y1) (8.10)
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Fig. 8.1 Normalized objective function for simple pendulum

with initial conditions y; (0) = 7/6 and y2(0) = 0. The solution of this system
with p = 10 for time ¢ € [0,50] is used as experimental data y;.. The goal is to
determine p from the experimental data. We define the following minimization
problem:

50 ,
p* = min/ (yle - yl(p)) dt (8.11)
arg
0

A direct search has been used to identify the shape of the objective function,
as shown in FigureBl It can be seen that the objective function has multiple
local minima, and any classical deterministic optimization method will fail to
converge to the global minimum unless we choose our initial guess for p to be
quite close to 10. To apply the homotopy method, we modify the equations
of motion as follows:

91 =y2 + AK1 (y1e — ¥1)
Y2 = —psin(y1) + A Ka (y1e — y1) (8.12)
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The sensitivity equations are now given as follows:

Oy Oy Oy

YA Y92 g, L

dp  Op Yop

0 ) 0 0

aipz = —sin(y1) —pcos(yl)a—yp1 — )\Kgaipl (8.13)

Figure B2 again obtained using a direct search, illustrates the shape of the
objective function for different values of A\ and p, using coupling parameters
K; = K5 = 10. As can be seen, the modified objective function is convex
when A = 1; as we decrease A to 0, the modified objective function slowly
morphs into the original objective function shown in Figure Rl The line
joining the minimum of the modified function for different values of A is
also shown. We have implemented the homotopy method for identifying p as
illustrated in Algorithm [l with e = 0.001 and 6\ = 0.2. Using the homotopy
method with an initial guess of p® = 15, we converge to the global minimum
at p = 10 since we always remain close to the global minimum of the modified
objective function. Without using homotopy, again starting with an initial
guess of p® = 15, the parameter converges to a local minimum at p = 14.6755.
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Fig. 8.2 Normalized objective function for simple pendulum with 0 < A <1
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8.3.2 Nonlinear Parameters

Consider the following system, which has been studied in B]
t
il + 0.1 4 tan ™t (ku) = sin (5 + m/)) (8.14)

The system is nonlinear in both k£ and . We use £ = 1 and ¢ = 0.5 for
generating experimental data, and then attempt to identify these parameters
using initial guesses k% = 4 and ¥° = 2. The identification procedure was first
performed without using homotopy, the results of which are shown in Figure
B3(a). Clearly, the optimization procedure (Gauss—Newton) has converged to
a local minimum where k£ = 4.5850 and ¥ = 1.9620. The homotopy method
was then applied using the same initial guesses for k£ and 4. In this example,
we use coupling parameters K7 = Ko = 10, step size A = 0.2, and objective
function tolerance € = 0.01. As shown in Figure B3|(b), the global minimum
was found and both parameters were correctly identified using the homotopy
method (we obtain k£ = 1.0001 and ¢ = 2.5000). Note that the estimate for v
produces an equivalent response as does 1 = 0.5, since sin (% + (Y + 2)) =

sin (% + Ww)

(@ s ‘ ‘ ‘ () 5

—k
)
4 4 1
3 k 3
g ﬁ ----------------------------------
< < =
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Fig. 8.3 Parameter estimates for equation (8I4) obtained (a) without homotopy,
and (b) with homotopy

8.3.3 Noisy Experimental Data
Consider the following two-degree-of-freedom (DOF) system [3]:

i+ 0.3u + u + Cru® + Cov = 0
¥4 0.30 4+ u + C3v° + cos(t) = 0 (8.15)
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where C7; = 1, Cy = 2, and C5 = 3 are used for generating the experimental
data for v and v, to which we add 5% white noise. In this example, we
assume that the initial conditions for all states are known. Taking as initial
guesses CY = C9 = CY = 10 and without using homotopy, the optimization
procedure converges to parameters that are different from the experimental
values (we obtain C7 = 13.3840, Cy = 7.9444, and C3 = 9.3622, as shown in
Figure B4{a)). Although we do not expect to achieve exact convergence due
to the noise in the experimental data, these parameter values are significantly
different than the actual values. Using the homotopy method with K; = 10V:
and A = 0.2, we obtain parameter estimates C7; = 0.9998, Cy = 2.0008,
and C3 = 3.0034, which are very close to the experimental values (see Figure
BA(b)). Note that only the experimental data for u is coupled to the equations
of motion; it is assumed that the data for v is not measured. This coupling
strategy confirms that it is not necessary to measure all the coordinates
of a multiple-DOF system in order to identify all the system parameters.
The experimental data and the results from the simulated system using the
identified parameters are in good agreement, as shown in Figure

@ 15 ®) 10

-,

arssuwevemnn,

0 50 100 150 200 0 100 200 300 400
Iteration Number Tteration Number

Fig. 8.4 Parameter estimates for equation (8IH]) obtained (a) without homotopy,
and (b) with homotopy

8.3.4 Reduced-Order Modelling

In this final example, we consider the problem of identifying parameters in
a multibody system given experimental data generated using a more com-
plex model. In particular, a 14-DOF vehicle model with a fully independent
suspension, shown in Figure Bl is used to generate the experimental data.
This topology is recommended by Sayers @] for simulating the handling
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Fig. 8.5 Experimental data and simulated response for equation (8I5]) using iden-
tified parameters
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Fig. 8.6 14-DOF vehicle model used for generating experimental data

and braking behaviour of a vehicle, and has been adopted by several com-
mercial software packages. The position and orientation of the vehicle chassis
(m.) together comprise 6 DOF. Four lumped masses (ms), each representing
one-quarter of the suspension components, are connected to the chassis by
prismatic joints in parallel with springs (k) and dampers (c), which represent
the suspension compliance and together add 4 DOF. Each wheel is connected
to its corresponding lumped mass with a horizontally-oriented revolute joint
that allows the wheel to spin, collectively accounting for the final 4 DOF;
torques (7(t)) can be applied at these joints to accelerate the vehicle. The
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Pacejka2002 Magic Formula tire model ﬂﬂ] is used to model the tire dynam-
ics. The vertically-oriented revolute joints on the front wheels (6(t)) are used
to steer the vehicle on a prescribed trajectory, so do not add any DOF to the
system. The system parameters are obtained from , some of which are
shown in Table [R11

Table 8.1 System parameters for 14-DOF vehicle model

Parameter Value
Mass Chassis (m.) . 2077 kg
Quarter of suspension (ms) 10 kg
I Front suspension (ky) 48.30 kN/m
Stiffness Rear suspension (k) 30.52 kN/m
. Front suspension (cy) 3.08 kN-s/m
Damping Rear suspension (c;) 2.33 kN-s/m
Front width (wy) 0.760 m
Dimensions Rear width (w,) 0.795 m
Front length (Iy) 1.353 m
Rear length (1) 1.487 m

Experimental data generated from the 14-DOF model with Pacejka tires is
used to identify parameters in the planar bicycle model shown in Figure Bl
The planar bicycle model is often used for the simulation of vehicle dynamics
and for on-board stability controllers. This simple model has only 3 DOF:
the position of the chassis in the z-direction (y;), the position of the chassis
in the y-direction (y2), and the orientation of the chassis in the plane (ys).
The mass of the chassis is assumed to be my = m. + 4ms = 2117 kg, and
the lengths are assumed to be dy = Iy = 1.353 m and d, = [,, = 1.487 m.
The yaw inertia of the chassis is also defined to match that of the 14-DOF
model. A simple 4-parameter tire model [@} is used in place of the complex
117-parameter Pacejka model used in the 14-DOF system:

mp
x<_@ 1,
5(;)5 _/ v
y

Fy,f 'Fy’r

Fiy

Fig. 8.7 Planar vehicle model for which parameters are sought
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Vz,w
=1-—== 8.16
5b R (8.16)
Fx,w = Along (1 - e_Blo'n,gsb) F, (817)
ap = arctan (Uy—w> (8.18)
Vg w
Fy,w = Alat (1 - eiBlmab) Fz (819)

where s, is the longitudinal slip, y is the lateral slip angle, v, and vy ., are
the longitudinal and lateral components of the wheel velocity in the wheel
reference frame, R is the tire radius, and w is the rotational speed of the
wheel. Forces F ., and Fy,, are applied directly to the wheel centers. The
tire radius (R) is assumed to be equal to the unloaded radius used in the
Pacejka model, and the vertical tire force (F,) is simply assumed to be half
the total static load in the 14-DOF model. We wish to find values for the tire
parameters (Ajong, Biong, Aiat, and Bie) such that the simulated response
of the 3-DOF planar model matches the experimental data obtained from
the 14-DOF model as closely as possible. Note that the planar model has no
suspension and can neither pitch nor roll.

To generate the experimental data, we must first define the required inputs.
In order to adequately capture both the longitudinal and lateral dynamics,
we first accelerate the vehicle from 4 m/s to 16 m/s by applying positive
torque to each wheel, then perform a lane-change maneuver, and finally slow
the vehicle to 6 m/s by applying negative torque to each wheel. The steer
angle and wheel torque inputs are shown in Figure Using these inputs,
the 14-DOF vehicle model is simulated for 22 seconds and the state vector
is stored every millisecond. For the purpose of parameter identification, we

—— Steer angle [deg]
150 ! \ - - =Wheel torques [kN-m]||

Steer Angle and Wheel Torques

Il
0 5 10 15 20
Time [s]

Fig. 8.8 Inputs used to generate experimental data with the 14-DOF model
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assume that only five states are known: the position of the chassis along the
z- and y-axes, the orientation of the chassis about the z-axis, and the average
rotational speeds of the two front and two rear wheels. Note that the wheel
speeds of the 14-DOF model are required in order to calculate the tire forces
applied to the 3-DOF model (equations (8I8]) to (819)). We use the following
objective function:

3 22
2
V= Z w; / (yie (t) —Yi (t7 Alonga Blong7 Alat7 Blat)) dt (820)
=1 0

where weights wy; = 0.001, wy = 0.01, and w3z = 1 are chosen to scale the
longitudinal position, lateral position, and orientation errors to the same
orders of magnitude. We obtain rough initial guesses Ajong = Biong = 100
and Ayt = Bioet = 1 by hand, which corresponds to an objective function
value of 1.804 x 10~2 and produces the simulation results shown in Figure
5.9l
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Fig. 8.9 Simulation results for (a) trajectory and (b) yaw angle, obtained using
initial parameter guesses

We perform the optimization procedure using the homotopy method de-
scribed above, with K; = 0.5Vi, A = 0.1, and ¢ = 10~*. Convergence is
achieved after a total of 12 iterations, with a final objective function value
of V; = 3.3 x 1075, as shown in Figure The identified parameters are
Along = 99.97, Biong = 99.97, Ajqr = 3.05, and By = 3.06; the correspond-
ing simulation results are shown in Figure
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Fig. 8.11 Simulation results for (a) trajectory, (b) yaw angle, (c) longitudinal
velocity, and (d) yaw rate, obtained using identified parameters
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8.4 Conclusions

In this work, we have presented a new methodology for applying the ho-
motopy optimization technique to the parameter identification problem. We
have considered the general problem of parameter identification for nonlinear
parameters with partial state measurement corrupted by measurement noise.
The proposed homotopy method can successfully find global minima given
a wide range of initial parameter guesses. The effectiveness of the proposed
technique for parameter identification has been demonstrated by several ex-
ample problems. The authors are currently investigating the use of the ho-
motopy method for recursive parameter identification in on-line applications,
and for systems governed by differential-algebraic equations.
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Chapter 9

A Tutorial on Applications-Oriented
Optimal Experiment Design

Cristian R. Rojas, Jonas Martensson, and Hakan Hjalmarsson

Abstract. Presented in this chapter is a tutorial on the design of input signals
for system identification. The chapter concerns the details of basic optimal
experiment design, computational issues, implementation and conditions that
lead to an optimal input signal. It is also addressed how the two fundamental
issues associated with system identification, model structure identification
and model validation relate to experiment design. Throughout the chapter,
a simple FIR example is employed to illuminate the concepts presented.

9.1 Introduction

The problem of how to determine an adequate model from experimental data
— system identification — is a multi faceted topic, imposing quite high demands
on the user. Two of the core issues are model structure selection and model
validation. The key to simplify these problems and others lies in ensuring
that suitable data is available for the modeling. What this means depends
very much on what the model is going to be used for. We illustrate this with
a simple example.

Ezample 1. Consider the finite impulse response (FIR) system

n
Yt = Z(gkut_k + Ct (91)
k=1
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where y; is the output, u; is the input and where {e;} is zero mean white noise
with variancd] \ = E[e?], and where 0, € R, k = 1,...,n are the impulse
response coefficients.

Let 0 = [01 . On]T € R™ and suppose that the objective is to estimate the
frequency response G(e/*,60) = Y")'_, ke <k of the system. In particular let
us assume that the frequency of interest is w = 0,, i.e. we are interested in the
static gain Y )'_, 0 of the system. With a constant input u, =1, ¢t = 1,...,
the system output will be

k=1

i.e. the output will fluctuate around the sought after quantity making the es-
timation problem very simple regardless of the order of the system. However,
with this input the individual impulse response coefficients {6y }7_, cannot
be identified and thus, e.g., the frequency response at other frequencies than
0 can not be recovered from the data. [ |

Thus, a given data set may be suitable for one application but not for another.
In this chapter we will outline how one can formulate optimal experiment
design problems whereby the application is taken into account.

The bibliography on optimal experiment design is extensive and include
the by now classical texts m, @, E, @] The survey papers [El, @] provide
good overviews of the area. Recently there have been contributions to design
in the frequency domain set- membershlp identification ﬂa lications-
oriented experiment design ﬂE E ], plant-friendly design ﬂlép convexi-
fication of the associated optlmlzatlon problems NE i, robust experiment
design @], least-costly identification where the cheapest experiment that
fulfills given performance specifications is designed ﬂE and closed loop ex-
periment design ﬂﬁ] Also the robustness properties o timal e erlment
designs have been highlighted ﬂﬁ] The four PhD theses ﬂﬁ) prov1de
good coverage of recent developments.

In this tutorial we will follow the framework outlined in @] We will start
in the next section by discussing how to formulate such problems as optimiza-
tion problems. Next we will consider how to “translate” such optimization
problems into a computationally tractable format. This is rooted in recent
developments of convex optimization. It is well known that typically solu-
tions to this type of problem depend on properties of the unknown system.
Practical ways to handle this are discussed in Section For applications
where the amount of properties that have to be extracted from the system by
way of system identification is limited it turns out that applications-oriented
optimal experiment designs provide “added value”. The way the estimated
model affects the application becomes less sensitive to design choices in the
identification step. This is discussed in Section [3.5

! E[x] denotes expectation of a random variable x.
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In order to not become submerged in technical details, we will keep the ex-
position simple by restricting ourselves to models of the type (@), estimated
by way of standard least-squares.

9.2 Applications-Oriented Experiment Design
9.2.1 The Set of Acceptable Models

A simplified, but conceptually attractive way, to think of the objective of any
modeling activity is that a model should be delivered to the user such that
when it is used in the application, the resulting performance is acceptable. In
fact, we could split the universe of all possible models into two sets: 1) Egpp:
the set of models for which the performance of the application is acceptable,
and 2) the set complementary to £,pp, consisting of all unacceptable models.
The optimal experiment design problem thus becomes that of designing an
experiment such that it is ensured that the resulting model belongs to the
set of acceptable models &,p,. How to achieve this depends on the underly-
ing assumptions about the data generating mechanism, i.e. the system, the
used model and the estimation method. Here, for simplicity, we will consider
standard least-squares estimation.

How to quantify what acceptable performance means is of course applica-
tion dependent. Here we will for simplicity assume that this is captured by
that a non-negative function Vg, is less than some given value 1/, we refer
to Section for details.

9.2.2 A Stochastic Framework

We will assume that data is generated by a system of the form (@I). To
simplify the discussion we will assume that the model structure is known, i.e.
only the parameters 6 = [91 e HH}T € R™ are unknown. We will return to
the situation when the structure is unknown in Section[@5l With 6y denoting
the parameter estimate based on N input-output samples {y, u;} ;, the
source of the discrepancy between 6y and 6 will then, neglecting unknown
initial conditions, be due solely to the noise {e;} in (@I)). Assuming this
quantity to be zero mean white noise implies that the error in the parameter
estimate will be random. More specifically, the least-squares estimate of 6 is
given by [24]
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N N
Oy = R;/lfN where Ry := Z@ﬂpf, In = Z@tyt
t=1 t=1

where p; = [ut,1 ut,n]T. Above, we have assumed that Ry is full rank
which corresponds to that data is persistently exciting [24]. Using (@), sim-
ple algebra gives

N
éN — 0= R&lz@tet

t=1

Assuming the noise to be normal distributed, this implies that also the pa-
rameter estimate is normal distributed?

On — 6 € N(0, \Ry) (9.3)

where \ is the variance of the noise A = E[e?]. From (@3] it follows that
(On — G)TR—;V(OAN — 0) is x*-distributed with n degrees of freedom. With «
denoting the 99.5% percentile of this distribution, this in-turn implies that
the parameter estimate will end up in the confidence ellipsoid

Eid == {0: (6 — G)TRTN(é— 0) < a} (9.4)

with 99.5% probability ﬂﬂ] Notice that the ellipsoid &;4 depends on the
experimental conditions since Ry depends on the used input sequence.

9.2.3 Stochastic Applications-Oriented Experiment
Design

With the set of acceptable models &,y given, one way of realizing the ex-
periment design paradigm outlined in Section @.2.1] is to design the input
sequence such that

Eia € Eapp (9.5)

since then with at least 99.5% probability, the model parameter estimate will
belong to Eupp-

The condition (@) can be achieved by many different types of experiments
and in order to make the problem well posed some criterion has to be intro-
duced. In B} it was proposed that experiment design should try to minimize

22 € N(m,P) denotes that the random variable x is normal distributed with
mean m and covariance matrix P.
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the experimental cost. Following this, one should try to achieve (@) by as
“cheap” an experiment as possible. This leads to the following input signal
design problem
min V(u®)
ul (9.6)
s.t. Eia € Eapp

where vy = [ul, V) N]T and where the function V(uN ) should measure

the cost of the experiment.
To illustrate the approach we return to the frequency response estimation
problem again.

Ezample 2 (Example [ cont’d). The frequency response can be expressed as
G(e?*,0) = 07T (e7) where I'(e?%) = [e7% ... e*j‘“”]T, w € R. Suppose
that we want the squared error

G5, 0x) — G(e7,0))2 = (Bx — O)TT () () By —0) (9.7

(z* denotes the complex conjugate transpose of ) to be less than 1/~ where
the positive constant v represents the desired accuracy. This means that

5. (a T (639 [ (39 (6 — 1
Eup = {0: (=0T ()G - 0) < 2| 98)
||

9.2.4 Alternative Formulations

The formulation ([@6) was introduced in [19] but there exist other problem
formulations that aim at achieving a similar objective. Here we briefly out-
line an approach that is closely connected to so called L-optimal design. We
continue to use the frequency response estimation problem as example. The
frequency response estimate is given by G(e/*, éN) = éﬁf(ej“’), which, being
linear in 6 ~, has variance

B |G(e7,0x) = G(e™,0)2| = I*(e") Ry T (e*) (9.9)
due to ([@3]). Thus the constraint
I*(eM)RG'T(e?) < B (9.10)

for some suitably chosen constant 3, captures that a certain quality of the
estimate of G(e’¥,0) is required. Replacing the set constraint in (@G]) by

@I0) gives
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min V (u™)
ulN ‘ _ (9.11)
s.t. I*(e?)R' T (%) < B3

We refer to ﬂﬁ] for further details on this approach.

9.3 Computational Aspects

When solving the input signal design problems (@.6) and (@IT]) it is often
more convenient to do it in the frequency domain. Below we will show that
we can cast both these problems as convex programs in this domain.

9.3.1 Choice of Decision Variables

It is the matrix Ry in (@6 and (@I that depends on the input. However,
using the input sequence directly as decision variable leads to a non-convex
problem. Turning to the frequency domain, the discrete Fourier transform
(DFT) [27] of the input sequence is given by

U(elie) = Zute gkt o =27k/N, k=1,...,N (9.12)

and with a periodic extension of the input, the DFT of the regressor sequence
¢} is given by Zf;l pre It = [(eIH)U(eI#*). By Parseval’s theorem,
|, the matrix Ry can be expressed as

N N
1 , _ _
Ry =Y el = 5 SO TE@ U@ (@) (913)
t=1

Now we let the input be parameterized by the coefficients {c;} ! as

|U (e7)] Z creIHnt (9.14)

Then the (p,q)-element of Ry is equal to c,_q. Thus Ry is linearly
parametrized in terms of these cofficients. As we will see below this is in-
strumental in order to convexify both ([@0]) and (@IT).
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Since |U(e/#*)|? > 0, it has to hold that
N-1 '
S et >0, k=1,...,N (9.15)
t=0

for {c;},' to be a valid parametrization. One implication of this is that
c¢N—; = ¢;. These constraints thus have to be included.

9.3.2 Using the Set of Acceptable Models

Let us now turn our attention to the set of acceptable models &,y;,. Consider
first the frequency response estimation example.

Ezample 3 (Example [@ cont’d). As we saw in (@) the confidence set &4 is
an ellipsoid.

Furthermore, since (@) is quadratic in 0, Eapp for the frequency response
estimation problem also is an ellipsoi(ﬁ It is easy to verify, see [@], that the
set constraint £;q C Equpp is equivalent to

Rx — v al (7)™ (e7%) > 0 (9.16)

Now, since Ry is linear in the decision variables {ct}iV=617 this inequality is a
linear matrix inequality (LMI) which is a convex constraint. If V (u'V) is the
input energy, i.e. V(ulV) = Zivzl u? which in turn, using Parseval’s theorem,
can be written

V(u) =co (9.17)

then the optimal input signal design problem ([@.6]) can be written

min ¢, (9.18)
€Oy CN—1
Co C1 ...CN—-1
C1 Co Cl1 ...CN—2
st |t o T = Adal (@) () >0 (9.19)
CN—2 CN—1 c1
CN—1 CN—2 1 Co
N-1
eIt >0 k=1,...,N (9.20)
t=0
cN—j=¢j, Jj=1,...,N—-1 (9.21)

which is a semi-definite program and hence convex.

3 To be more precise it is a degenerate ellipsoid since I'(e’*)I"™(e/*) is singular.
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For example for w = 0, i.e. the static gain estimation problem discussed in
Example [ we have

min ¢, (9.22)
C0s--sCN—1
Co C1 CN—1 11 1
€1 G €1 ...CN-2 11... 1
st | T T e >0 (923
CN72CN71"..'. c1 11... 1
CN—1CN-2 ... C1 Co 11... 1
N—1
Soee it >0, k=1,....N (9.24)
=0
en—j=cj j=1,...,N—1 (9.25)

The diagonal elements in the matrix inequality give ¢y > yAa. However,
then it is straightforward to see that the choice co =c1 = ... =cny_1 = VA
both satisfies the matrix inequality and the positivity constraints (@.24]). This
solution corresponds to

; Nyda k=N
JER)|2 v
U w'{o k=1,...,N—1

which in turn (taking the inverse DFT) corresponds to
up = /YA, t=1,....N

Thus we have proven that a constant input signal is optimal when the static
gain is the quantity of interest. [ |

In general, &,,, may not be convex. One can then use the following approxi-
mation. Consider a set of acceptable models given by

Eupp = {9 Vapn(0) < %} (9.26)

for some function V,,(#) that has a global minimum equal to zero at the
true parameter value 0. A second order approximation is then given by

Vi (0) = = (8 — 6)7V2,,(6)(6 — 0) (9.27)

app

DN | =

since the gradient Va’pp(ﬂ) is zero by construction. Also, by construction, the
second derivative V.7, (6) is positive definite at the global optimum and when
the approximation ([@.27]) is used in ([@26]) the set of acceptable models is an

ellipsoid given by
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Eunp ~ {e (G- 0TV (0)(0—0) < 1} 9.28)

app ~

Following the reasoning in Example ([@B]) gives that the condition &4 C Eupp
@3) can be approximated by
Ry —~yAaV,)! (6) >0 (9.29)

app

9.3.3 Using Variance Constraints

Now we turn to the alternative constraint formulation (@I0) which involves
the inverse of Ry. By making use of Schur complements, see e.g. @], it can
be translated to a constraint that is linear in Ry. Consider the partitioned
hermitian matrix M = ( é“* g) where A is square and non-singular. The
Schur complement of A in M is defined as Sy := C — B*A~ !B and it holds
that M > 0 if and only if A > 0 and S4 > 0. The constraint (@I can
be written as 3 — I'*(e/*)Ry'I'(e7*) > 0 where the left-hand side is the
Ry r(eﬂ“))
reEey g o)
Since Ry > 0 by assumption it follows that ([@IT]) is equivalent to Mg > 0.
Using the same arguments again we find that Mz > 0 if and only if the Schur

complement of 3 in Mp is positive semi-definite (3 is positive by assumption):

Schur complement of Ry in the partitioned matrix Mg := (

Ry — %F(ej“)F*(ej“’) >0 (9.30)

Note that, with 5 = le, (@30 is also equivalent to the constraint (29]) with

Vapp(0n) given by ([@7). Thus we end up with exactly the same optimization
problem ([@I8)-(@21)) as before, but with 3 replacing 1. We refer to 23]

. . ’y
for generalizations.

9.4 How to Handle System Dependency of the Optimal
Solution

In the formulation ([@6), typically either &g or Eqpp (or both) depend on
the true system, i.e., we have &4 = &;4(0) and Eupp = Eapp(€). This usually
implies that the optimal input signal will be a function of something which
is unknown prior to the experiment.

In our FIR example, &4 is independent of 6, since it is a linearly parameter-
ized model structure (unlike, e.g., ARX or ARMAX structures, where the co-
variance does depend on #). For the frequency estimation problem, &), is also
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independent of 6. However, if we were interested instead in estimating the
squared magnitude of the frequency response at a given frequency, |G (e/)|?,
then a Taylor expansion shows that &, is approximately

Euppl6) = {9: (G, 0)F — |G, 6)P)? < %}
) ) T Jjw ejw 2 *ejw n_ i
~{o: G- orreees opre)e-o < -

where the dependence on 6 through |G(e?¥,0)|? is clear.

The fact that the optimal input signal is a function of the true plant is not
necessarily a problem if we already had some prior information, say from a
previous experiment, and our goal is to design a new experiment to improve
an existing model. In this case, we can simply replace in the formulation (@.0])
Eia and Eqpp by Eid(é) and Eapp(é), respectively, where 0 is a basic estimate
of the plant; the input signal obtained in this way is called a locally optimal
input signal design ﬂﬁ]

However, there are situations where we do not have enough reliable prior
information to design our input signal based on a previous estimate of the
plant. In the following subsections we describe two approaches to overcome
this difficulty.

9.4.1 Robust Designs

Even in the absence of a preliminary estimate of the plant, we might have
some basic knowledge about its parameters. For example, from physical con-
siderations it is sometimes possible to infer the order of magnitude of the
dominant time constant, the static gain, etc. If this is the case, we can as-
sume that we know a priori a set © such that 6§ € ©, and reformulate the
optimal input signal design problem (@.6) to account for this information.
One possibility is to consider the following robust version of (0.6):

min V (u”)
s.t. £iq(0) C Egpp(0), for all @ € O

This problem corresponds to a robust convex program, which, save for a few
exceptions, cannot be solved exactly in a computationally tractable way ﬂ]
Here we present a simple approximate method to solve ([@31l), based on a
probabilistic relaxation technique known as the scenario approach HE] For
details, the reader is referred to [35]. The basic idea is to replace ([T31) by

min V (u®)
s.t. gzd(gz) QSapp(GiL i=1,...,m
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Fig. 9.1 Adaptive input signal design.
where 64, ...,0,, are independent random samples from a distribution Py in

6. In ] it was shown that if (@32]) is formulated in terms of d decision
variables and m is chosen such that

<ZL> 1-emd<s

for some constants d, € > 0, then the solution of ([@32]) will, with probability
greater than 1 — ¢, satisfy ‘most’ of the constraints in ([@.31]). More precisely,
Py({0 € ©: &ia(8) € Eapp(0)}) < € holds with probability 1 — 6.

In Corollary 1 in [10], the following more explicit (but conservative) ex-
pression for m was proposed: m > (2/€)In(1/9) + 2d + (2d/e)In(2/¢). For
example, for d = 30, e = 0.01 and § = 107'°, m should be at least 7864,
which gives a tractable semidefinite program (solvable within 10 minutes on
a computer with Intel Core 2 Duo CPU of 2.53 GHZ and a standard SDP
solver).”

9.4.2 Adaptive and Sequential Designs

The idea of designing an experiment based on a previous estimate, and then
redesigning the experiment from the previous one can be carried out even
further, to arrive at the concept of adaptive input signal design. In this ap-
proach, a recursive estimator is employed to obtain a new estimate of the
plant at each time instant, and the recursive estimate is then used to simul-
taneously redesign the input sequence. Figure presents a block diagram
of the adaptive technique.

As explained in ﬂﬁ], adaptive input signal design can achieve optimal per-
formance (i.e., the same performance as if the experiment were designed based
on the knowledge of the true system) under mild conditions, even though the
convergence proofs are difficult and beyond the scope of the present tutorial.
The interested reader is referred to |16, ﬂ] for details, in particular the lat-
ter reference contains a convergence proof for adaptive signal design for ARX
models.
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9.5 Added Value of Optimal Input Signal Design

In the previous sections we have focused on the formulation of applications-
oriented optimal input signal design problems and how to solve the associated
optimization problems. An obvious question is how much that can be gained
by optimal input signal design. The answer to this question is clearly problem
dependent, and also depends on what one compares with. The reduction in
experiment time in the two case studies (a process control application and
a mechanical system) presented in ﬂa] was roughly a factor 4 as compared
to a Pseudo-Random Binary Sequence. The paper ﬂﬁ] presents results from
re-tuning of an MPC controller of a process having 34 inputs and 90 outputs
at one of the world’s largest refineries, the Hovensa refinery in Virgin Islands,
United States. Partially through the use of optimal experiment design, the
total modeling time was reduced by 90%.

By solving the optimal applications-oriented input signal design problem
for different model complexities and different performance specifications it is
possible to characterize how the minimal experimental cost depends on these
quantities. This cost of complexity quantification, as it has become known,
may provide valuable information for trading off performance in the applica-
tion versus experimental effort in the identification problem. In Section 5.1
we discuss this for our standing example.

It is fairly obvious that optimal input signal design helps make system
properties of importance easy to detect in the measured signals. However,
a less obvious mechanism is that the optimal input signal tries to avoid to
excite system behaviours that are inessential for the application. Thus it hides
properties which are not important to the user. This dual aspect of the input
signal has some very pleasant consequences, e.g.

1. Tt keeps the cost of the experiment at a reasonable level for models of
high order.

2. It sometimes allows for consistent estimation of the properties of interest,
even in the presence of unmodelled dynamics.

We will discuss this further in Section [0.5.2

9.5.1 Cost of Complexity

By focusing on specific properties of a given system, it is possible to reduce
the identification effort, measured in terms of the input signal energy required
to estimate the desired property within a given accuracy.

Ezample 4 (Example[3d cont’d). Suppose that ([@.8]) is modified to

Eapp = {9: O —0)TT(d) (7)) (0 —0) < —, Yw € [O,wB]} ,  (9.33)

1
v
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i.e. it is required that the accuracy of the frequency response is v over the
frequency range [0,wp], where 0 < wp < m. Then, following ﬂﬁ], it can be
shown that the minimum input signal energy required (for large model orders
n) is approximately

nAywg (9.34)

where A is the variance of the noise e; and 1/7 is the maximum allowed
variance of the frequency function estimate in the range [0, wp].

According to ([@34), the required input signal energy increases in propor-
tion to the model order n. However, this cost can be kept low by focusing
on a more specific frequency region, i.e., by reducing wg. This observation
reenforces the statement that input signal design can hide those properties
which are unimportant, thus providing an energy efficient experiment.

As a comparison, it can be shown, see @] for details, that using a PRBS
(Pseudo Random Binary Sequence) as input signal requires the energy nAym
regardless of the bandwidth wg to ensure that the parameter estimate ends
up in ([@33). Thus, for large model orders n, the reduction in required input
energy through the use of optimal input signal design can be significant for
small to moderate bandwidths wp, as compared to PRBS excitation. [ |

9.5.2 C(Consistent Estimation with Unmodelled
Dynamics

A simple example of the phenomenon that sometimes optimal input signal
design allows the use of restricted models is given by the static gain estimation
problem studied in the examples of this chapter.

Ezample 5 (Example[]] cont’d). In Example Bl we saw that a constant input
signal is optimal for the problem of estimating the static gain. However,
this particular input signal has the additional property that it still allows
for consistent estimation of the static gain if we use the following simple
static model: y; = Kwu;. The reason lies in the fact that a constant input
signal completely hides all the other properties of the system by making
them unidentifiable, This since, after the transient has died out, the system
behaves as

n
Yt = <Z 9k> U + €y
k=1

when u; = u (constant). [ |

A perhaps more interesting example is given in ﬂﬁ], where it has been
shown that a nonminimum phase zero of a system G (of arbitrary order)
at z = z, can be consistently estimated with a model of the form y, =
bius—1 + bous—o by using an input signal
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1

Ut = ——7
1—201

Tt
where r; is zero mean white noise. This input signal depends on the prop-

erty of interest, but it can be implemented using the adaptive scheme of
Section @22 [31].

9.6 Concluding Remarks

We have in this chapter provided the basics of applications-oriented experi-
ment design. There exists a wide range of extensions. By viewing the input
signal as a stationary signal with a continuous spectral density @, (e/*), the
spectral density takes the place of |U(e7#*)|? in the formulation above and the
discrete-time Fourier transform (DTFT) is used instead of the DFT. An input
signal with the desired spectral density can be generated by filtering white
noise through the spectral factor of @,(z). The Kalman-Yakubovich-Popov
lemma, @, %] can be used to replace the positivity condition on the input
spectrum by a linear matrix inequality. This allows a wide range of model
structures to be used, e.g. ARX, ARMAX, output-error and Box-Jenkins
models. We refer to ﬂﬁ for details. Also closed loop experiment design can be
handled in this way [20] and there is emerging work on applications-oriented
experiment design for non-linear systems ]
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Chapter 10

Engine Calibration Using Nonlinear
Dynamic Modeling

Karsten Répke, Wolf Baumann, Bert-Uwe Kd&hler, Steffen Schaum,
Richard Lange, and Mirko Knaak

Abstract. In recent years, engine calibration efforts have increased dramat-
ically in order to fulfill legislation requirements, in particular the reduction
of undesired emissions and fuel consumption while maintaining drivability
and meeting comfort demands. Dynamic modeling has been shown to be a
useful tool in this context. In this paper it is shown how nonlinear dynamic
modeling is applied to the virtual calibration of engines. Two different kinds
of excitation signals for the training of the models are compared and their
usability for engine calibration is analysed. It is shown that virtual engine
calibration can lead to a significant reduction of test bench costs during en-
gine and vehicle development while maintaining a high level of calibration
accuracy.

10.1 Introduction to Engine Calibration

Today’s combustion engines not only have to meet customer requirements,
but also have to comply with strict legal regulations. These regulations con-
cern particularly the combination of the emissions (e.g. NOx, CO, HC) and
the fuel consumption. Engine efficiency, emissions and fuel consumption in
this regard, form a tradeoff which highly increases the complexity of the
task. To achieve these target criteria, modern engine control systems provide
a large number of parameters that can be adjusted during operation. For
example, when operating a modern direct injection (DI) gasoline engine in
homogeneous mode, the parameters spark timing, intake camshaft, exhaust
camshaft, fuel injection timing and air-fuel ratio are set depending on the
engine’s current operating condition (see Fig. [[0.]). For modern Diesel en-
gines the number of parameters may be even larger. Here, start of injection,

Karsten Ropke
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air mass flow, boost pressure, rail pressure, exhaust gas recirculation (EGR)
and the timing and quantity of pilot injections can be adjusted.

Dynamic Engine Model

Inputs - x; — Responses -y;
* Speed — + Effective torque
« Throttle + Fuel flow

\ — + NO,,, HC raw emissions
+ Exhaust gas temperature
+ Engine roughness

+ Relative load

« Spark timing ——>
+ Intake camshaft

+ Exhaust camshaft

» Lambda

+ Intake manifold switch over

Disturbances - u;

» Ambient pressure
+ Ambient temperature

-

Fig. 10.1 Engine inputs and responses

The control of all those actuators is carried out by the engine’s control unit
(ECU), which basically is a computer with digital and analog inputs and out-
puts. For example, the ECU determines the optimal control settings from the
current engine status defined by engine speed, environmental temperature,
intake air mass and the demand of the driver. The basis for the calculation
is the physical relationship between all involved factors, controllers and/or
stored multi-dimensional data tables. The goal of the engine calibration pro-
cess is to fill all values (up to 30,000), data tables and maps in the ECU, so
that the engine meets all requirements.

Basic calibration is a major constituent component in calibrating gaso-
line and Diesel engines. It provides the starting point for a whole host of
stages in the calibration process. This is why basic calibration needs to be
done with meticulous care since modifications later on come with far-reaching
consequences. Basic calibration of the control unit is understood to mean de-
termining optimum steady-state maps on the engine test bench with the aim
of ensuring safe and reliable engine operation. Optimization criteria encom-
pass emissions, fuel economy and running smoothness on the gasoline engine
side, and, additionally, combustion noise in the case of Diesel engines. With
gasoline engines, this involves optimizing the maps for charge sensing, valve
timing and ignition angle as well as calibrating any torque interface that may
exist. In the case of Diesel engines, the focus is on air mass, boost pressure,
rail pressure and the various injection events.
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Many engine developers employ models for the basic calibration process,
i.e. just a few measurement data are taken as the basis for the training of
a - mostly statistical - model which is then used for optimizing the basic
maps. The Design of Experiments (DoE) method is often employed for this
purpose as it can help to slash measurement input. However, as frequent
changes must be expected on the hardware side - particularly in the early
stages of developing an engine - maps from a previous construction stage or
a comparable engine are often used. This can lead to incorrect component
assessments since the maps used are not ideal for the data record in hand.
For the early phase of development, therefore, methods must be found that
permit high-speed basic calibration. At this point in time, it is admissible
to accept minor compromises on the accuracy side. In the late development
phase, when it comes to generating production-level data, it is calibration
accuracy and robustness that are of paramount importance. Here too, of
course, processes and methods must be used that save time and resources
while still ensuring quality.

10.2 Nonlinear Statistical Dynamic Modeling

Based on measurements, nonlinear statistical dynamic modeling determines
the mathematical relation between inputs and outputs without trying to
adopt the physical system structure. The relation is not unique and the mod-
eling assumptions made will affect the model behavior and the necessary
effort to obtain it. Generally, the model terms cannot be associated with a
physical meaning (black box modeling).

Linear system identification is well established and a sound theoretical
foundation has been reached B} The extension to nonlinear system identifi-
cation has only recently found a broader attention, where a main focus is put
on single input/single output (SISO) applications. State of the art combus-
tion engines, however, are influenced by several parameters and are therefore
consequently multiple input/single output (MISO) systems.

System identification is closely related to response surface modeling in
statistics E] The main idea is to use a sequence of designed experiments to
obtain an optimal response, i.e. a statistical model. DoE methodology assures
a sufficiently accurate description with a minimum number of experiments.
Since the latter can be extremely costly, their number is the limiting factor
in many disciplines, such as modeling combustion engines.

Statistical modeling is originally defined for static conditions and is well
established for internal combustion engines m . Its extension to non-linear
system identification has been described e.g. in |5]. The formal method of DoE
can consequently be used for planning the measurements and minimizing the
experimental effort.
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Starting from a general system with only little a-priori information is equiv-
alent to a highly redundant representation of information. This means that
the general model will have much more parameters than the system itself.
Through efficient parameter identification, the relevant parameters need to
be selected.

For the modeling of internal combustion engines, the state of the art
consists of data-based steady-state models with an abstract, non-linear ap-
proximator for reproducing or modeling of steady-state operating states.
This could be polynomials, neural networks, local linear neuro-fuzzy mod-
els (Lolimot), statistical interpolation methods or probabilistic models [d, l6].
Any possible combination of these approaches with physical models that in-
herently allow for time dependencies will entail complementing the statistical
approximators with dynamic components. This is usually based on the ap-
proach of external dynamics NE], resulting in the currently most common
model types:

e Volterra series
e time-delay neural networks (TDNN)
e dynamic local linear neuro-fuzzy models

The structure of parametric Volterra series is made up of a nonlinear trans-
formation of the input quantities by polynomials with a subsequent finite re-
sponse filter (FIR) stage. Additionally an infinite response filter (IIR) stage
is used to cope with dynamic systems with large time constants. In general
the model equation is given by

y(k) = glz(k),z(k—1),.. J+ary(k—1)+a2y(k—2)+.. . +any(k—N), (10.1)

with g(-) as the nonlinear transformation of the inputs x(k), x(k-1), ... . The
noteworthy properties of Volterra series are:

e the linearity of parameters

e the high flexibility (ability to approximate Wiener and Hammerstein sys-
tems)

e and the easy stability check (by methods of linear system theory)

The linearity of parameters allows for the estimation of a global solution
on the basis of least squares or related methods, like weighted least squares
(WLS) or total least squares (TLS). In case of outliers in the data there are
also appropriate methods available, like e.g. robust regression ﬂ] In case of
an autoregressive (AR) stage, the use of instrumental variables usually gives
better parameter estimation results since the noise spectrum is not required
to be shaped like the AR spectrum.
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y(k)

polynomial FIR linear IR
nonlinearity combination

Fig. 10.2 Schematic structure of parametric Volterra series

10.3 Basic Engine Calibration Using Nonlinear
Dynamic Modeling

10.3.1 Test Design

Common to all data based modeling techniques is the great importance of
the data quality, i.e. the distribution of measurement points. In many cases
the user has the possibility to adjust the controlled variables and to design
the test as necessary.

A sound framework for the design of system identification tests is given by
the method ”Design of Experiment” (DoE), which considers the influence of
measurement points to parameter estimation. By means of DoE it is possible
to optimize the distribution of measurement points in a statistical sense and
to achieve an optimal ratio of the number of measurements to parameter ac-
curacy. It is no surprise that DoE methods have become very popular in the
field of engine calibration as they allow for the high-dimensional modeling of
modern combustion engines with 8 and more parameters. But the applica-
tion of DoE to nonlinear dynamic modeling is not always a straightforward
task. The basic DoE principle, however, remains the same: The appropriate
excitation depends on the system to be identified or the underlying model.
That means, the more prior information is available the better the test can
be adapted to the system under investigation.

A peculiar difficulty for nonlinear dynamic systems in combustion engine
modeling is given by the fact that there is only little prior knowledge available
about suited model structures for transient emission modeling. Especially
the unknown number of system states makes it practically impossible to de-
sign statistically optimal excitation sequences. Besides adaptive approaches
based on online modeling and test design M] there are only a few alternative
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excitation signal types, which are used in engine modeling. The basic wave-
forms are

e ramp
e step
e sinus

Ramp-like sequences are often used for validation purposes, e.g. as a speed-
ramp to simulate an acceleration phase. For identification tasks we use ei-
ther step-like or sinusoidal signals, designed as Amplitude Modulated Pseudo
Random Binary Sequences (APRBS) or chirp, respectively.

10.3.1.1 APRBS

A pseudo-random binary sequence (PRBS) is a white stochastic sequence
with good applicability to linear system identification. It can take on levels
of plus and minus one, and has a constant power density as it is a white
sequence. In case of good prior knowledge of the system it may also be useful
to apply non-white PRBS for parameter training.

In addition to the variation of hold times, the APRBS is generated by
a variation of the amplitude levels. An example of an APRBS is shown in
figure There, the amplitude modulation is pseudo-random and has the
purpose to cover the a priori unknown nonlinear characteristics. In case of
polynomial nonlinearities in a Hammerstein setup E] it is also useful to de-
sign the amplitude levels in a statistical optimal way, e.g. as D-optimal points
within the legal hull. This approach helps to improve the safety of the engine
measurements at the test bench and results in a higher accuracy of the esti-
mated parameters. The major drawback of APRBS signals is their step-like
nature which may not be appropriate for all engine inputs, like e.g. relative

load of gasoline engines. It may also cause an unstable operation at the test
bench.
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Fig. 10.3 Example of an APRBS
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10.3.1.2 Sinusoidal Excitation

An alternative possibility of practical engine excitation is given by sinusoidal
sequences with variable instantaneous frequency, like e.g.

z(t) =sin(2-7- f-1%). (10.2)

These so called chirp sequences are easy to create and have proven to be
very well suited for combustion engine modeling @] Within IAV, chirp se-
quences were successfully applied to Diesel as well as gasoline engines. The
direct design parameters are the frequency range of interest, the distribution
of frequencies, i.e. linear or logarithmic, the chirp sweep duration and also
the phase shifts between different inputs. These excitation signal parameters
affect the quantities of interest: coverage of the test space, the condition num-
ber of the design and the inter-input correlation. A nonlinear optimization
algorithm, like e.g. Particle Swarm Optimization E] may be used to determine
a suited parameter set.

The big advantage of using sinusoidal signals for combustion engine excita-
tion is their continuous slope, but there are also advantages from a theoretical
point of view [1]:

e excitation of important frequency regions

e high D-optimality value

e easy control of the gradient of adjustment

e polynomial transformations are orthogonal for sinusoids

Having designed a suited excitation sequence, it is still necessary to scale
the inputs for safe engine operation, i.e. to avoid violations of the engine hull.
This is done by amplitude modulation on basis of the valid hull, as shown in

figure M0.41

Spark timing in *CA
T T T T T T T T T
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Timeins

Fig. 10.4 Amplitude modulation of a sinusoidal sequence
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The disadvantage of sinusoidal excitation signals can be seen as the lack of
steady state excitation phases and the related hold times which are required
to identify systems with larger time constants. However, by adding steady
state excitation sequences this disadvantage can be overcome.

10.3.1.3 Practical Realization

Depending on the calibration task different frequencies and adjustment
ranges need to be considered. E.g. in case of hardware in the loop (HIL)/
software in the loop (SIL) environments or the calibration of ECU models
for torque or temperature, the excitation signals have to cover broader model
parameter input ranges than in case of modeling near a known optimum. Fur-
thermore it plays a crucial role whether the engine model is used for controller
tuning or for prediction of steady state conditions.

In the subsequent example, the task was to create an engine model which
is able to predict the transient and steady state behaviour of a gasoline V6
engine under warm operating conditions. This model is mainly used for com-
plete SIL testing of a complex test bench functionality, where good transient
and steady state prediction is required. The steady state behavior and the
boundaries of the system are well known from previous steady state DoE
and grid measurements. The engine excitation boundaries are described by
a convex hull. This convex hull information is required for the design of ex-
citation signals within legal engine limits. The following six quantities are
used for engine excitation: Engine speed, relative engine load, spark timing,
intake cam phase, exhaust cam phase, air-fuel ratio (lambda). Figure
shows the designed excitation sequence with chirp signals before the scaling
into the convex hull.

We used two different types of excitation: a pure sinusoidal approach and
a mixed design with three channels as APRBS. Similar designs were used as
validation sequences. Each design fulfills the demanded constraints regarding
ranges of amplitudes and maximum allowed gradient of adjustment. However,
during the design process of APRBS it was difficult to consider limited step
sizes and to ensure full modulation at the same time. This finally resulted
in a slightly less modulation of APRBS amplitudes, as can be observed by
comparison of Fig. and 0.7

10.3.2 Modeling

For the virtual optimization of engine parameters it is necessary to establish
models for a number of engine quantities such as emissions, torque, knocking,
IMEP-COV (Indicated Mean Effective Pressure - Coefficient of Variance),
pre-catalyst exhaust gas temperature, fuel consumption and load. As model
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Fig. 10.5 Dynamic test design with sinusoidal excitation

type parametric Volterra series are applied. Depending on the target quan-
tity polynomial orders up to 4 and interaction orders up to 3 are used. Input
quantities are engine speed, throttle angle, intake valve timing, exhaust valve
timing, spark timing and air-fuel ratio. Also depending on the target quantity,
delayed versions of the inputs are required to account for system dynamics
with short time constants. The pre-catalyst exhaust gas temperature model
uses one additional feed back term. The significant terms of the polynomial
are selected using the orthogonal least squares (OLS) term selection proce-
dure as described in E] For modeling it is necessary to synchronize the data
of the different sensors (time alignment).

Dynamic measurements usually provide a large amount of data within
a short time. The number of training data for the sinusoidal excitation is
about 33000 samples, for APRBS about 18000 samples. The sampling rate is
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10 samples/second. That means the overall measurement time is 55 min for
sinusoidal and 30 min for APRBS signals. The quality of the data is ensured
by the test design as described in the previous subsection and by a visual
inspection of the data to check the plausibility, the modulation amplitude
and the noise level.

To evaluate the modeling results, the following measures are used:

e RMSE (root mean square error):

N
1
= | — 02
RMSE N 1 i:1(y1 Ui) (10.3)
e nRMSE (normalized RMSE):
100- RMSE
nRMSE — — 100 RMS (10.4)

max; (y;) — min; (y;)’

where N is the number of measured samples, y; is the modeling target and
7; is the estimated target signal. The RM SE is measured in the same unit
as the target quantity wheras the nRM SE is measured in %.

Table [0.1] and table show the modeling results for sinusoidal excita-
tion and for APRBS excitation, respectively.

Table 10.1 Modeling results for sinusoidal excitation signals

modeling target training validation

RMSE nRMSE [%)] RMSE nRMSE [%)]
co* 0.2 % 4.07 0.2 % 7.94
HC? 187.0 ppm 5.50 349.0 ppm 6.61
NOx*¢ 227.0 ppm 5.69 212.0 ppm 5.52
relative load 2.2 % 3.27 3.4 % 4.52
torque 3.7 Nm 1.64 4.8 Nm 2.13
temperature? 7.2°C 2.32 18.8 °C 5.65
knocking 10.7 % 6.09 11.2 % 5.48
fuel mass flow 0.6 kg/h 2.19 0.8 kg/h 2.94
Ccove 0.6 % 7.43 1.0 % 8.64

@carbon monoxide, *hydrocarbon, “nitrogen oxide, Yexhaust gas temperature before
catalyst, “coefficient of variance (IMEP).

For a visual impression of the modeling results, Fig.[I0.6land Fig.[T0.7lshow
modeled vs simulated plots for the torque, modeled on the basis of sinusoidal
and on the basis of APRBS signals, respectively. Between sinusoidal training
tests and sinusoidal validation tests the engine was dismounted from the test
bench and installed again later. Due to minor setup changes the differences
between training and validation results are larger than for APRBS.



10  Engine Calibration Using Nonlinear Dynamic Modeling 175
Table 10.2 Modeling results for APRBS excitation signals
modeling target training validation

RMSE nRMSE [%] RMSE nRMSE [%)]
co* 0.2 % 4.26 0.2 % 6.07
HC? 144.0 ppm 5.33 179.0 ppm 6.07
NOx*© 260.0 ppm 6.89 226.0 ppm 5.81
relative load 22 % 4.38 22 % 5.35
torque 3.9 Nm 2.03 4.4 Nm 2.99
temperature? 6.2 °C 2.33 11.2 °C 4.14
knocking 58 % 8.27 7.0 % 9.08
fuel mass flow 0.6 kg/h 2.27 0.7 kg/h 2.57
Cov* 0.5 % 5.40 04 % 9.71

@carbon monoxide, hydrocarbon, °nitrogen oxide, Yexhaust gas temperature before
catalyst, “coefficient of variance (IMEP).
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Fig. 10.6 Torque modeling using sinusoidal excitation: training (left) and valida-
tion (right) results (measured-vs.-simulated plots)
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Fig. 10.7 Torque modeling using APRBS excitation:
(right) results (measured-vs.-simulated plots)
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10.3.3 Virtual Engine Calibration

The models from subsection are used for calibration of optimum valve
timings in various operating points. This comprises the calibration of spark
timing to produce maximum torque and eventually using the optimized spark
in further valve timing calibration.

As a first step, optimal spark timing values for each extended operating
point given by the quadruple {engine speed, load, intake cam phase, exhaust
cam phase} are calculated. The optim