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ABSTRACT

The main objective of this research work is to model and control the idle mode of a
four cylinder spark ignition engine. The modeling approach is to handle the engine as
a multi input multi output nonlinear black box model, where the inputs are the throttle
angle and the spark timing and the outputs are the speed and manifold pressure.

The input output data was collected from an experimental four cylinder spark ignition
engine, then this data is fitted to a NARMAX model using a radial basis function
network trained by the orthogonal least squares algorithm. After that the developed
model is validated using nonlinear correlation tests and it could evfﬁci“ently reproduce
the plant dynamics. »

‘The control technique used is the fuzzy control. The fuzzy controller is
formulated as a radial basis function network trained by the orthogonal least squares
algorithm to estimate the controller parameters. The train_ing data of the network is the
entries of an optimal control table derived by analyzing the evolution of the state
trajectories of the system under different initial conditions using the cell to cell
mapping technique. The developed controller can efficiently stabilize the plant and

compensate for different uncertainties and nonlinearities of the plant.
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CHAPTER 1

INTRODUCTION

1.1 Engine Control

Microprocessor based control systems have-been introduced to the realm
of spark ignition engine control by the middle of the 1970’s and have become
dominating in the 1990’s. Instead of mechanical, pneumétic' and hydraulic
components used by conventional control systems, an electronic control system
consists of sensors (pressure, temperature,...), electric actuators (solenoids, dc
motors,...) and an electronic control unit (a microprocessor and its éttachments).
Sensors measure the states of the plant and feed then-l back to the electronic
control unit where the control decision is made and delivered to the engine

through the actuators.

Due to increasing performance requirements such as emission control,
fuel consumption, driveability, ...etc, the conventional control system are no
longer able to meet these requirements. The superior alternative to the
conventional engine control system is the microprocessor based control system,
and this is due to its superior flexibility, accuracy, tolerance and long term

calibration stability.

In general, the aim of an engine control system is to regulate the amounts
of air, fuel and spark timing to meet performance requirements under different
operating conditions of the engine. The major states to be measured are the

speed, manifold pressure, coolant temperature, oxygen content in the exhaust



gases, throttle and exhaust gas recirculation valves positions. The major control
signals are fuel control signal, ignition timing signal, idle air signal, and exhaust

gas recirculation signal.

Spark ignition engines have different operating modes depending on the
operating conditions under which the engine is running (warming, idle,
accelerating, decelerating...). Among these modes the one of interest to this
research work is the idle mode which is the most frequently encountered

operating condition in city driving.

In its idle mode the engine is running on its minimum speed and suffering
disturbances coming from different engine accessories such as air condition,
automatic transmission (from neutral to drive condition), power steering, and

other secondary loads.

The idle mode control problem is a challenging one especially for small
size engines as the engine in this mode is running at its minimum torque reserve
and significant engine parameter changes can be expected over environmental

conditions under which the engine operates.
The key factors to be considered in idle mode control (Cook,1996) include:

a- Engine speed set point: The engine idle speed is kept at its minimum that can
guarantee minimum fuel consumption, better combustion quality, enough
power for accessories drive requirements, noise, vibration, and harshness
properties.Accessory load disturbances: The characteristics and range of
operation of these loads determine the complexity of the control design and

achievable performance.

(8]



b- Control authority and actuator limitations: The actuators involved in the

process are subject to constraints imposed by the hardware itself as well as

other engine control design considerations.

c- Available measurements: Speed alone or speed and manifold pressure, in

“addition to accessory load are the states to measure for control.

d- Variations in engine characteristics over the engine operating range: The

control system has to be robust to stand for plant parameter changes due to

aging and unit-to-unit variability.

1.2 Motivation for Nonlinear Modeling and Control of the Idle Mode

Vo VT4 4
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Dynamical systems are always nonlinear in nature. Linearization of o 5
dynamic system models is only valid in small range of operation of the plant, but i
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when the range of operation is large the assumption of linearity is no longer valid < 11
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and the designed linear controller performs poorly. Spark ignition engines are
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strongly nonlinear plants and their physical dynamical models always contain
uncertainties and spurious modeling assumptions and a lot of ad hoc in the
experimental parameter determination.

In the idle mode the system is highly nonlinear with time delays which
may be of variable length making analytical treatment of the problem very
difficult. Time wasted in making assumptions and trying to prove it, in addition
to equipment settings, unavailability and other financial and administrative
problems are other serious difficulties. In cases like this it could be reasonable to

handle the problem as a black box modeling one guided by some a priori

(O5]



knowledge about the physics of the plant. Simple models may merely portray the
input output relationship of engine performance on a black box basis without
characterizing the interrelationships among the internal engine processes or
components. For control purposes the model néed only portray the dominant
dynamics while keeping the interrélationships between measured variables
consistent with the physical processes (Coat and Frupchte.1983 ). The black box
solution will save a lot of time, cost and the developed model can be used
efficiently for control purposes.

Linear controllers are designed on the basis of a linearized model around
an operating point and explicitly or partly ignore the delay elements of the model
especially for the conventional PID controllers. A linear controller poorly
compensates for nonlinearities and model uncertainties may happen in the
system while a nonlinear controller can compensate well. A nonlinear controller
can compensate for nonlinearities and uncertainties in addition it may be simpler
and intuitive in its design (Slotin,1991). As pointed out before the engine as a
plant has a strong nonlinear behavior and uncertainties attend in their parametric
and nonparametric forms. Linear controllers designed on the basis of inaccurate
or obsolete parameters of the plant yield unsatisfactory and unstable performance
in addition to their costly and lengthy periods of development.

Nonlinear control techniques if applied can yield a lower in cost, robust
and satisfactory performance control system. A common unconventional
nonlinear controller is the fuzzy controller, which can be successfully applied to
control nonlinear systems. A fuzzy control system, in addition to its ability to
handle nonlinearities can be robust enough to compensate for uncertainties which

results from abrupt changes of the plant parameters. These capabilities of the

=~



fuzzy controllers make them an interesting control choice for plants which are

not enough amenable to conventional control schemes.

1.3 Previous Work in Modeling and Control of~the Idle Mode

Before 1970's engine control systems were model free based on

calibration of production engines. The area of engine modeling has started to
achieve advances since 1970, especially in conjunction with the introduction of
microprocessor technology to automotive industry. Most of the first works in idle
mode modeling and control rely on considering the overall system dynamics
which results in a model of high order (usually near to eighteen state variables).
The second step in modeling is to simplify the model order to third or less order
(usually second order). The model is then linearized and several modern and
conventional linear control techniques are applied to control the engine.
The first work in engine modeling was the work done by Hazell and Flower
(1971). Their work resulted in a discrete model based on crank angle events, in
addition they performed frequency, z domain and stability analysis. A model
developed by Prabhakar et al (1975) was the first one to contain spark advance;
throttle and fuel control variables and empirically based approximations of the
engine emissions in addition to transmission/drive line.

A tenth order nonlinear model with wide speed and load operating range
was developed by Powell (1979). This model contained description for the
induction process, engine power system, throttle mechanism, sonic EGR valve

and the fuel injection system.



The most comprehensive model is the one developed by Delosh (1981),
where all control mechanisms and sensors as well as versions of models suitable
for four, six and eight cylinder engines with various derivations.

Dobner (1983) developed a nonlinear eng‘ine model for control analysis.
In this model the inputs are the throﬁle angle, the air to fuel ratio, the spark
advance, the EGR command, and load torque. The outputs are manifold pressure,
exhaust air/fuel, brake torque, and engine speed. For a survey on the history of
engine modeling see Powell (1987).

Of the first works done to the idle mode modeling and control, are those
developed by Morris and Powell (1983) and Morris et al (1982). In their work
they developed a detailed physical model of the engine idle mode consisting of

eighteen states variables and then reduced the model order to a five states model.

A two states linear black box model based on frequency response
identification and combustion dynamics approximation was developed by
Takahashi et al (1985), with a controller designed by the linear quadratic and
integral optimum control theory (LQI technique).

A recent physical model and controller design for an eight cylinder port
fuel injected engine was developed by Livshiz et al (1994) where the problem
was handled as a two inputs two outputs model and the controller is an optimal
controller type. Another recent work is the multi inputs-single output model by
Cook (1996) with a modern optimized PID controller.

Many linear control techniques based on linear models have been applied
to the idle mode control problem. As an example of the conventional technique is

the PID controller. Examples of modern techniques are the linear quadratic



control (Powell,(1986), adaptive control (Liubakka et al, 1996), H  control
(Williams et al,1989), LQG technique with loop transfer recovery (Baumgartner
et al, 1986).

In most of these works the controller pérameters are fine tuned using
different optimization techniques and the final controller design is simplified and
implemented in a classical PID format.

Except for the next three studies all the previous studies depend on a
linear approach to the problem. Although with the increasing use of modern
control techniques better performance is achieved but still the problem of
disability to handle nonlinearities exists. As mentioned before the linearity
assumption can be deteriorated if the plant dynamics exceeds the limits of
linearization. Most of the linear controllers designed in the previous works

perform badly outside the limits of its operating point.

Other unconventional approach such as fuzzy control and neural
networks have been applied as in Abat and Dosio (1990), and Feldkamp and
Puskorius (1992, 1993), where different computational techniques were applied
aimed at in_creasing the controller robustness and decreasing the number of rules.

The aim of decreasing the number of rules reduces the memory
requirements of the hardware but may cause discontinuities of the control surface
and waste the advantage of existence and uniqueness of the solution in a closed
loop system with fuzzy controller (Lewis, 1995). In this work it is noticed that
the robustness and the range of operation of the control system is increased with

increased number of rules.



Nonlinear black box modeling if done well and carefully planned can
compensate well for different modeling uncertainties. In this work a nonlinear
black box model will be developed and validated with correlation tests and a
nonlinear fuzzy controller will be developed bésed on a full computational
approach to avoid trial and error t-erchniques used in the design of fuzzy

controllers.

1.4 Objective of Research

The main goal of this research work is to develop a nonlinear black box
mathematical model for a four cylinder port fuel injected engine idle mode that
can be used for simulation and control purposes. The second goal is to develop a
fuzzy controller based on a completely mathematical approach to stabilize the
engine in its idle mode and compensate for different loads disturbing the engine.
The controller must be robust enough to withstand abrupt changes of the engine

parameters due to aging and unit to unit variability.

1.5 Contributions
Major contribution of this study can be listed as below
« Practical design of the identification experiment to collect data from the engine.

+ Development of a multi input multi output nonlinear black box model for the

idle mode using radial basis function network.

» Validating the model using nonlinear correlation tests.



* Development of a fuzzy controller for the idle mode based on a complete

justified mathematical approach.

1.6 Organization of Thesis

The text of the thesis is organized in seven chapters including this
chapter. Chapter 2 provides a background to nonlinear black box modeling and
its relation to neural network. Chapter 3 discusses.dynamic engine model and
practical experimental setting for collecting the data used in the modeling. It
presents the radial basis function network and its application' to develop a
nonlinear black box model for the idle mode where the problem is handled as a
two input two output process and the network is trained by the orthogonal least
squares algorithm. Chapter 4 is devoted to validate the model developed in
chapter 3 by using nonlinear correlation tests. In chaptef 5 a fuzzy controller is
designed based on an optimum control table developed by the cell to cell
mapping concept and trained by the orthogonal least squares algorithm.
Simulation of the designed controller is demonstrated in the same chapter.
Chapter 6 summarizes the research and the conclusion, in addition to suggesting

future research regarding the subject.



CHAPTER 2

BACKGROUND TO ARTIFICIAL NEURAL NETWORK AND NONLINEAR

SYSTEM IDENTIFICATION

2.1 Introduction

The purpose of this chapter is to describe briefly artificial neural networks
(ANN) and its application to the system identification of nénliﬁear processes. First,
neural network is quickly explored and the system identification problem is defined.
Extension of linear model structure conventions to the nonlinear case is then treated and
the problem is treated as a nonlinear function approximation problem in an ANN
framework. This is followed by a discussion of networks architecture and modeling

requirements.

2.2 Artificial Neural Networks

ANN has been used successfully in a wide range of engineering applications
such as signal processing, image processing, pattern recognition....etc. One of its
important and popular application is system control and modeling, and this is mainly
due to its ability to handle nonlinear problems. For a survey of ANN in control see Hunt
et al (1992) and for modeling see Sjoberg et al (1995). In the following we will treat
ANN as nonlinear function approximators which is the main reason for using them in

modeling.



Definition of ANN:

ANN models are algorithms for cognitive tasks, such as learning and
optimization, which are in a loose.sense based on concepts derived from research into
fhe nature of the brain, (Muller and Reinhardt, 1991).

In general ANN are called connnectionist éystems as it is a graph composed of
interconnected nodes (neurons in network terminology). Mathematically, an ANN is a
directed graph with the following properties (Figures 2.1, 2.2 aﬁd 2:3):

(1) An input vector x; at time instant i.
(2) A defined transfer function x(.) associated with each node:
k()= (x,B:74) (2.1)

where each «(.) is a nonlinear function called the basis or the activation function and is
considered as a node in the graph.
(3) A scale or directional property parameters, S, of the transfer function « .
(4) A position or translation parameters y, of the function « .
In general there are three methods to construct x (.):
(a) The tensor product where the output of the node is the multiplication of activation
function output of every dilated input alone.

Kis [Xid o 50 (X2)ic (Xy) (2.2)
(b)The radial construction where the input to the activation function is the translation
parameter (for example centers of the radial basis function) subtracted from the dilated

input.

ki, B vi)= & (|| xi-vi || 5 ) (2.3)



(c) The ridge construction, Figure 2.2 where the input to the activation function is the
sum of the dilated inputs and the translation parameter
K(Xi B v)= k(B xi+7,) (2.4)
The whole graph or mapping can bebexpressed as
#(x;) = aKx(x,, Br.74) | (2.5)
where « is the coordinate parameters and x can be a series of nested functions
dependiﬁg upon the architecture of the network.

Usually an ANN is referred to by the type of the basis function structure. For
example sigmoidal network (Figure 2.2) has a feedforward structure with a sigmoidal
activation function and the ridge structure. Radial basis networks has a feedforward
architecture and a radial structure in the hidden layer. Other types are for example B-
splines network, wavelet networks,...etc. On the basis of their architecture (Figure 2.3)
an ANN can be a feedforward network (static), recurrent or feedback network (dynamic)

or self-organizing network.

Networks used in system identification are mainly nonlinear function approximators.
The basis for treating them as nonlinear function approximators is the Stone-Weierstrass
theorem or the Kolmogorov's theorem.

The Kolomogorov 's theorem states that:

If 7 is the interval [0,1] and /7= [0,1]" is a closed unit interval (n > 2 ) . the Cartesian

product of / The theorem states that:



Any continuous mapping NN = f(x},x2,......x,) of several variables defined on the space

M(n=>2) can be expressed in the form

f@= 3 O ARSI (2.6)

where ®; and is W;; are continuous functions of single variable and ¥ ; j are

monotonic functions which are independent of f".

For network applications and as stated in Funahashi (1989), any continuous mapping

S R"—— R™M defined by:
J)=(e1,x20 X)) ——> (D) S, )

can be approximated in the sense of uniform topology on R”? by input-output mapping of
" <'j,;

k-layer ( k-2 hidden layers , k>3, where k is the number of layers) network whose output
]

functions for hidden layers are © j(x) , and whose output functions for input and output

layers are linear.

problem definition in section (2.3) the function approximation problem can be defined |
=)
o

as follows:
Given NN = f (x), a continuous function defined on a set X and an approximating

function ¢= F (6 .X) , that depends on a set P of parameters and X ,determine the vector

of parameters, € (6 € P ,where @ is the parameter vector which combines «,f,y )

such that
d[F(0.X) fix) ] <d[F(8.X, %) ] (2.7)

for all @ in the set P, where @ is the estimated vector of parameters and d is the distance

function. The problems associated with this approximation definition are related to the

X

. . . . . . z

In conjunction with the previous discussion and the system identification =
-

—
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choice of suitable F(.) for approximating the function /', which approximation schemes

to use (sigmoidal, radial,...etc) and which algorithms ( back propagation, recursive

prediction error ...) for finding the optimal vector of parameters 6 eP that minimizes the
criterion associated with the function approximation scheme.

Once the approximation scheme haé been decided on, a parameter adaptation algorithm
based on one of the search for the optiml‘lm-algorithms has to be chosen ie
Equatio.n(2.8).

The process of training (or parameter estimation) is based on minimizing the
sum of the square errors (over the number of input - output data points) between the
estimated or approximated mapping and the real mapping, which is a nonlinear
optimization process based on the following adaptation scheme

0(i+1) =0() - a Ri! Vf, (2.8)
where:
a = step length.
R;~! = search direction (Newton, Gause-Newton, Levenberg-Marquardet,...).
Vﬁ = the gradient.

How does an ANN work?

In most ANN applications the computation is done in two phases: the phase of
training and the phase of recall or generalization. During training, the network tries to
learn the object function through both the input and the corresponding output, whilst in
generalization the network tries to recall the output corresponding to a given input. The
ability of the network to learn depends on the input (properties, type and number of

inputs), the type of activation function (some learn better than others ), and the number



of activation function(some of these points will be discussed in later chapters in relation
to system identitication).

Training the network is an iterative process. Every network node combines the
dilated translated inputs then, input the sum to the activation function to infer an output
'usually in the interval [0,1]. The oﬁtput of the nodes is again dilated and translated or
dilated and compared with the object functioﬂ to calculate the error. Based on the
condition and value of that error an adaptation or learning rule is used for adapting the
network parameters to produce the optimum output. The traininé process is stopped
when the error goal or a specific criterion is achieved (usually the average sum of square
errors between the real and approximated function). After training we have matrices and
vectors for both the dilation and the translation parameters which are used later for the
generalization purpose.

In generalization, the network is given an input never given to it before and it is
required to produce the optimum output corresponding to this input.

There is a trade - off between training accuracy and generalization accuracy. Strict
accuracy condition requires excessive training leading to overfitting or overtraining
which in turn causes a biased output in generalization. Training accuracy is dependent
upon increasing the number of basis function i.e. number of nodes while generalization
accuracy increases with decreasing the number of nodes (this will be discussed under the

architecture issue).

2.3 Nonlinear System Identification and Networks

Here the problem of system identification and its relation to ANN is defined for

modeling purpose.



2.3.1 Problem definition
The system identification problem is defined as follows:
Given a series of input-output observations from a dynamical system
b= Tl R (2 D ey u(t)] (2.9)
V=[9(1) Y(2) oo Y1) (2.10)
find a parameterized model structure to predict the future behavior of the system
(predicted outputs y(#)). Generally this is done by introducing a family of nonlinear
finitely parameterized functions and searching one of these functions as the candidate
model structure. Defining the parameters by 6 and the nonlinear function by g(.) then
w1 = gut-1yt-1, 9 +v() | 2.11)
where v(1) represents the residuals of the model (the dynamics which cannot be caught
by the model).
Usually »/,y! are combined in one vector ¢ called the regressors vector. The
general equation takes the form:
() =g(p 6) +v(1) (2.12)
A good model is one which has minimum v(?), i.e. the model in which the real
output y(#) can be represented approximately by the function g(.) ie y(£) ~ g(¢ 8). The
main problems in fitting Equation (2.12) to the real data are choosing the appropriate
nonlinear function g(.) (model structure), the regressor vector ¢ for the best fit between

the estimated model and the real process. The next step is to find the vector of

parameters estimates &, which gives the best fit between the model Equation (2.12) and

16



the output y(z), and this is done through an optimization process aiming at minimizing

N
the following criterion: J=Z |y -gut-1yt-1 g &

|
2.3.2 Extension of the linear case to the nonlinear case
The general form of the linear system model structure( input-output model) is
given by
A(q)y(t) = B(g)/F(q) u(t-ny) + C(q)/D(q) e(t) (2.13)
where q is the shift operator (z' may be used also), 4, B, (;; and F are polynomials of
g-! , e(t) is the noise or residuals term(can be white noise) and n,, is the time delay.
Many vériations can be done to this general form to give various model structures such
as ARX model (F (g)= C(q) = D(q) = I), ARMAX (F(q)=D(q)=1),impulse response
model (4 (q)= F (q)= C(q) = D(q) = I),output error model (4(q)=C(q)=D(q)=1) and
the Box Jenkins (BJ) model . The order of the model (number of poles) is defined by the
order of polynomial A, the number of zeros is defined by the order of B.
The regressors used in the general form of Equation (2.13) are:
u(t-k) with the polynomial B
y(t-k) with the polynomial 4
¥ (t-k) with the polynomial #
e(t-k) =(y( t-k )-y (t-k)) with the polynomial C
ey (t-k) = y(t-k ) - y 4, ( -k ) with the D polynomial.
The general form of the linear state space model is given by :
x(t+1)=Ax() +Bu(t) + Ke(t)
Y1) =Cx(t) + Du(t) + e(t) (2.14)
where A. , B, C, D are matrices and e(?) is the noise term.
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By extending these concepts to the nonlinear case we can get the following

variants (Sjoberg et al.(1995) and Billings et al (1988)):
[1] Input output forms
(a) NFIR (Nonlinear finite impulse response) models with u(t-k) as the regressors.
(b) NARX models with u(t-k) and y(i-k) as the regressors(series-parallel model) .
(c) NARMAX models with u(z-k Jand y(t-k) and e(t-k)as the regressors .
(d) NOE models with u(t-k) and y (t-k) as the regressos(parallel model) .
(e) NBJ models with u(t-k) , y (t-k) , e(t-k) and ey(t-k) as the regressbrs.
[2] Nonlinear state space models (Nerrand et al(1994), Nerrand et al(1993)):
(a) State space OE model

x(t+1)= flx().u(®)]

y(O)=x(1)+v(k)
(b) State space NARMAX model
x(t+1)= fx(0),u(),v()] +v(1)

y(t)=x(t)

(c) State space NARX model
x(t+1)= flx(®),u®) ] +v())

y(t)=x(t)
v(t) is the noise term , x(7-/) 1s the state vector and u(?) 1s the input.
2.4 Formulation of System Identification Problem

In this section the formulation of the system identification problem in discussed

in a network framework. The ANN is viewed as a nonlinear mapping ( g(.0) =

So,g.(¢)) approximators and its relation to system identification is presented.



As mentioned before, difficulties associated with the system identification
problem are mainly concerning the nonlinear function g(.), the parameters vector 6 and
the regression vector ¢ ,which define the model type (NARX, NARAMAX........).The
nonlinear mapping g(.) can be viewed as the function expansions :

g(p 0 - 2 o gi(@) (2.15)
where gf 's are called basis function (corresp‘onds to model structure and may be
sigmoidal, radial basis, B splines,....... ), &k 's are obtained by parameterizing a mother

basis function (Sjoberg et al,1995), « (.) as follows:
8P = x(p.Pc. k) (2.16)
B is the dilation or the scale parameter (weight matrix in ridge construction type( gi(¢)

=x ( BTotw) ) . x is a translational parameter (bias in ridge construction, centers in

radial construction( g«(@) = x (| @- % ||B¢) ) and axare coordinate parameters.

The basis function expansions, Equation (2.15) which correspond to the model
structure can be illustrated graphically in the form of a feedforward network as can be
seen in Figure 2.1. Here the mother basis function gi(¢) = x (¢.Bryx) is illustrated as a
node and repeated for a number of times. The number of nodes has to be determined and
corresponds to the number of neurons in the network. The number of parameters in the
identified model equation is dependent on the number of neurons, & now includes the
whole set of the network parameters and the model structure (NARX, NARMAX,...) is
determined by the regressors which are the inputs to the network.

Except for NFIR and NARX, other model structures correspond to the structure

of recurrent networks as parts of the regression vector are past outputs of the model.



Training the network corresponds to the process of parameter estimation (finding

the optimum values for the parameters &, based on Equation (2.8)), while generalization

corresponds to model validation.

2.5 Network Architecture and Modeling Requirements

System identification mainly concerns twé things: the first is the model structure
identification and the second is the parameter set identiﬁcatipn. In this section some
general topics related to neural network architecture are discﬁssed in relation to
parameter set identification. This is closely related to model quality measures, namely

bias and variance of estimation and their relation to the architecture of the network.

By quality of the model we mean the abilityk of the model to catch (from the
estimation data set) and reproduce (from the validation data set) the dynamics of the real
process.. Catching the whole dynamics of the model is a matter of having an efficient
fitting procedure, whilst reproduction of the dynamics is a matter of having a suitable
model structure in conjunction with efficient fitting procedure. Model quality which
corresponds to the fitting procedure is closely related to network architecture where the
approximation potential of the network depends strongly on the number of the basis
functions in the hidden layer (nodes). On the other hand model quality aspect which
corresponds to model ability to reproduce the dynamics of the system is dependent upon

the input to the network, in other words the dimension of the regressor vector.

[t is generally known that model quality can be studied by analyzing the

residuals of the model estimation process. By residuals of a model we mean the



prediction errorg([):y(t)—f/(t,é,(p)where y(t) is the real process output

and j/(t,@, @) 1s the estimated model output of the process.

The residuals evolve from two differeﬁt sources; the first one is the noise that
contaminates the measured data of 4the process, whilst the second source comes from the
process of constructing the mathematical model from even noise - free data. Residuals
evolving from the first source are known as variance errors whilst residuals from the
second source are known as bias errors. Residuals of the first type can be theoretically
made negligible by using an infinite series of data points N — oo whilst the second one

can be overcome by using suitable model structure and parameter set.

_In terms of the its parameters a good model is judged by the criterion
min V() = E{(y(t) - g(e(1),)(¥(t) - g(e(1),0)"} (2.17)

V (@) represents the covariance matrix of the parameters, g(¢(f),6) represents the

estimated model , ¢(¢) are the regressors and @ is the set of parameters.

Assuming that the measurement noise has a variance A then
V(@)=2+ E{(g,(1) - glp(1),0)(g,(®) - g(e(1).0)"} (2.18)

In practice the criterion ¥ (€) can be represented as the sample mean

. 1 N 5
7(0)= NZ [((6) = g(p(1),0)(¥(t) — g(p(),0)" ] (2.19)

Let .(m) represents the optimum parameter set, then the best model can be represented

by:



0.(m) = arg{ min V (0)} (2.20)

where m is the dimension of the parameters vector (which is proportional to the number
of basis functions). A measure of the model qtiality which describes the model fit when

applied to a new data set is:

E{V(0))=V.(m) (2.21)

Based on the assumption of white measurement noise Equation (2.13) can be

decomposed into three basic terms
V.m)=2+ E(g,(®) - g(p(t),0.(m))(g,(9) — g(¢(1),0.(m)"
+ E(g(0,0.(m) — 2(0,0,))(g(0,0.(m)) - g(0,0,,))" (2.22)

where 6, is the parameter estimate from the estimation data set.

The second and third terms of Equation (2.22) respectively represent the bias and
variance of estimation. As the number of data points N tends to infinity the variance of
estimation will be negligible and the model parameters &, , will tend to the best or

optimum parameter set 6. .
8y —> 0.(m) = arg min v (0) (2.23)

which implies
1 i
WZ (1) = g(p(0),0)(y(1) — g(p(1).0)" — E{*(t)}=V(0) (2.24)

Under the assumption of predicted white noise and zero bias term the variance

term in Equation (2.22) can be treated as follows (Ljung,1994)
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E(g(0.6.(m) — (0.0, )(g(0.0.(m) - g(0.0,)" =~ %v”‘ R-I (2.25)

R-! represents the parameter covariance matrix R= Ew(t,0.)(t.0.)" and

% :
(//([.9.)=—;—9y(t,9) (an m x I vector)
- ¢

From Equation (2.25) it can be concluded that the uncertainty in a component of

0 is related to the sensitivity of the model y(¢,6) to a change in that component. In
other words, a small change of y(¢,8) for a change in component of the parameters &

will produce a small change in R, consequently a large uncertainty of . In Sjoberg et

al (1995) Equation (2.25) is approximated to

E{(g(p.0.(m)) = 8(.0,))(8(p.60.(m)) - g@ G} = %z m(2.26)
then Equation (2.22) can be expressed as
7= 4+ 2. + E(,(0) = p(0).0.(m)(&, (9) = (9. 0.m)” (2.27)
Vi(m)=A+ Iivx’tmﬁ(@-(m)) (2.28)

Equation (2.27) describes the expected loss when the model is applied to a new
data set. It also describes the effect of changing the number of parameters m,(changing

network architecture directly changes m) on the loss function of Equation (2.26). In
Equation (2.26), V.(m) is a nonincreasing function of m. Increasing the number of basis

functions (which implies increased m) increases the approximation potential of the

network, and hence directly increases the estimation variance term and unless the

§9)
(o5



decrease in ¥.(m) is notlessthan A/ N the increase of m will increase the importance

of the unimportant parameters and severely affects the overall quality criterion V. (m)of
the model leading to overfitting. The number of parameters is proportional to the
number of basis functions used in the hidden layer. It therefore depends on network
architecture. Increasing the number of basis function in seeking for more approximation
capacity results in increasing the number of parameters, consequently leading to

overfitting.

In the case of the adaptive model both the second and third terms of Equation

(2.22) are considered, while all the terms are considered in relation to the radial basis
function model case. In the radial basis model case the error tolefance ratio ¢ controls
the structure of the network and consequently the complexity of the model. Very small
values of ¢ increase the number of hidden layer nodes and small values decreases the

number of these nodes.
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Figure 2.1 Artificial Neural Network
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CHAPTER 3

ENGINE MODELING USING RADIAL BASIS FUNCTIONS NETWORKS

3.1 Problem Formulation

In the idle mode the engine is under the control of two control variables, the first
one is the throttle angle which regulate quantity of air breathed by the engine while the
second one is the spark timing before the top dead center (spark advance or retard). The

outputs or the states to be stabilized (or regulated) are the engine speed and manifold

pressure.

Under the condition of perfect air fuel ratio typical physical dynamic models of
the idle condition employ two principle states which are speed and manifold pressure,
and two control variables which are throttle angle (or idle air actuator position) and
spark timing [Morris and Powel (1983), Powell (1995)], to model the engine. Different
approaches to idle mode modeling have been in existence (see the references of section
1.3). Some of them handle the process as single input single output (throttle is the input
and speed is the output). Others handle it as two inputs one output where throttle angle
and ignition timing are the inputs and speed is the output. In this work the process is
handled as a multi-input multi-output (MIMO) process where including the manifold
pressure in the model helps in making the idle speed more stable. The manifold pressure
is sensitive to the ignition advance and throttle angle, pressure overshoot severely affects

the speed dynamics. This can be shown from simulating the model under different initial
conditions of the pressure.
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In black box modeling a process is viewed as a black box and attention is only
paid to both the output and input variations irrespective of what is going on inside the

process. Keeping this principle in mind we construct a nonlinear black box dynamical

model for the idle mode of our engine. The inputs observed are the throttle angle and

spark timing while the outputs observed are the speed and manifold pressure. Both the

outputs of the process are interacting with each other to yield the following nonlinear
discrete mathematical form:
yk+1) = f(y (K) ,uk))

where y(k+1) is the output vector /() is a vector function and u(k) is the control vector.
yk+1)=[yilke+D) yak+1) 5 =L HIT . yl=[ Yk vk JT

u(k)=[ ul;(k) u’_a(k)]T The control vector

y](k+1) engine speed

y2(k+1) manifold pressure
yi=[yi(k-1), ... vilkny)]
V()= ya(k-1). ... ya(k-ny)]
uljt)=fuj(k-1) . ... ujk-ny)] throttle angle

uls(k)=[ us(k-1) , .. . u2(k- ny)]  spark timing

where ny and n, represent both the number of delayed outputs and inputs involved in

fitting the dynamics of the model.
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With the principle of black box model we handle the engine as a black box injected with
two inputs u; ,u> and producing two outputs y; ,y>. A series of random input output

signals are injected to the plant and the two outputs are observed and recorded
3.2 Radial Basis Functions Networks

In using networks for system identification two approaches can be used for
determining the parameters of the network o, and y. The first approach is to estimate
o,f and y simultaneously using suitable training algorithm (e.g. back propagation, error
prediction algorithm,...). This approach yields a highly nonlinear in the parameters
network model which results in a nonlinear learning rule leading to the problem of local
minima.

In the second approach which is called constructive approach (Sjoberg et al,
1995), the network parameters & and P are fixed (for example with suitable clustering
technique ART2 or K means clustering). Thus estimation of the coordinate parameter o
's can be done with a linear regression algorithm. In this way we avoid the local minima
and overtraining troubles mentioned previously. Radial basis function network with
radial structure in the hidden layer is one of the networks that can be used with the

second approach to approximate nonlinear functions.

Radial basis function networks (RBF) are two layer networks with nonlinearities
of fixed parameters in the hidden layer and adjustable parameters in the output layer
which are adjusted by a linear regression algorithm. The approximation capabilities of

the RBF networks stems from its localization properties as the gradient of the function is

within bounded support or at least vanishing rapidly at infinity.
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RBF networks have the structure

nh

flpaB)=ap + > aig(| -7 |s) (3.1)

=
where
a,=constant.
g = nonlinearity.

@ = input x (the regressors ).

a; = coordinate parameters. )=
=
1w

i . e

y =dilation parameters or centers of the RBF which are some fixed points in the n- %&1_:
& =
5=

dimensional space sampling the input domain. i .(T[.
1S
=

| . [ =any norm (usually the quadratic norm). pas
fz
>
: —
nj = number of hidden layers. %
[
O,
s

Nonlinedrities in the hidden layers can be taken to be one of the following nonlinearities L

-The thin plate function. g(x)=x? log (x) (3.2)
-The Gaussian function. g (x) =g*'le (3.3)
-The multiquadratic function. g(x)=(x2+c? )0.5 (3.4
-The inverse multiquadratic function. g (x) = (x2 +g2 )- 0.5 (3.3)
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The chosen nonlinearity does not affect the approximation capabilities of the
function but may affect the numerical properties of the algorithm and this is especially

so with the gaussian function.

The main problem of the RBF network is the determination of the centers while,
coordinate parameters can be determined by a linear regression algorithm. When RBF
networks were first introduced these centers were taken as the whole data set or some
centers were taken randomly from the data set. This proves to be unpractical especially
for large input space. Chen et al (1989) derived a feedforward algorithm called the
orthogonal least squares algorithm (OLS) for subset model selection. This algorithm is
then used to train RBF networks to choose the centers of the RBF network from the
collected input output data points in conjunction with the determination of the
coordinate parameters ;. The authors viewed the problem of choosing centers as

choosing a set of subset regressors from an extended set of regressors.

In the following sections the OLS algorithm will be used to train an RBF to find

a two state two input equation error model (NARMAX) for modeling the engine idle
o

mode.

3.3 The Orthogonal Least Squares Algorithm

OLS algorithm mainly selects the basis function (which are formed by the whole
set of regressors), that best fit the estimated data then, repeatedly selects the basis
function from the remainder of the set of basis functions while combining and
alizing with the earlier selected basis functions. In this way, a group of radial

orthogon

basis functions which can span the input space is obtained.



Assuming that the centers of the RBF 's are chosen as the whole data set with

each center having the dimension of the input regressor vector x, then RBF network can

be viewed as a linear regression model of the form

M

yi(t)=Y g () 6i +ei(t) I<sism

/=1
where y; (¢) 1is the ith output signal and m is the number of outputs.

g =lg (1) ogi(2) s g (N)] 1<j<M

gj (1) is the ith. nonlinear basis function.
VBt Y R T Pt v voviny YitN)] 1<i<m

e; (1) is the ith residual of the model

e,([) =[e,- (1), a7 (2), .......... é; (]V)] 1<i<m

e; (1) is assumed to be uncorrelated with the regressors .

g are the parameters.

(3.6)

(3.7)

(3.8)

(3.9)

In Equation (3.6) we notice that g; (2) 's are equivalent to the regressors of a

linear regression model. g (1) 's are some fixed basis functions of the input x, i.e.

g (1)=g; (x(1)) . It has the dimension N which is equal to the number of data points.

For the MIMO case Equation (3.6) can be rewritten as

[_ell % = 9“"
&% F T ol

[ y/ & et r,ylll ]= [gl""gm] ; 3 e N . +[el,e:,,...em]
_9 M1 3 P 0 Mm |
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which can be written as
=GO+ E (3.11)

Equation (3.11) has an interesting geometric interpretation; the regressor vectors
g form a set of basis vectors which span the output space Y, and consequently the set g;
1

must be an orthogonal set to specify the contribution of each g; to the output Y. The
parameters © satisfy the condition that 1" is the projection onto the space spanned by the
set &gi.

The columns of the regession matrix are always nonorthogonal and the OLS
aims at orthogonalizing the matrix to yield a compact set of basis vectors which can
span the output space Y. In other words, this is contribution of each individual regressor
to the output energy. From the above representation it can be concluded that the center
selecting process is equivalent to selecting a subset of regressors from a given set of

regressors. The regressor matrix G can be decomposed into:

G=WB (3.12)
where | Wi=Lwy o Wes P s Wy ] (3.13)
is an orthogonal matrix of dimension Nx M with the property that w7 w; =0 i#]

B is an M x M triangular matrix of elements equal to one on the diagonal .
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1 B B ' . . Bin :
0 | 23 . . . ﬂW/
0 0 g

B= 0 -
0 (3.14)

0 0 : : :
0 : . . 0 . Briin

0 0 : . : 0 1

The set w; span the same space spanned by the set G, and consequently the

system of Equation (3.11) 1s transformed to the following system:

=W +

Y BO+E (3.15)
=WT +

Y r +E (3.16)

where | T = e (3.17)

W is called the auxiliary regressor matrix and I’ is called the auxiliary parameters

matrix.

The OLS solution is then given by:

);ll };|2 );lm
=
(3.18)
_}; M1 ’ . ¥ };,\/lm J
T =(WTW)! WTY
7 =Wl Yi /Wl I=f<M S

where the OLS solution [ and the LS solution ) satisfy the triangular system

(]
hn



i1 G =0 (3.20)

The decomposition Equation (3.12) can be done with any of the decomposition
methods (Gram-Schmidt, House Hold transformation,...). In this work here the Gram-
Schmidt process (GS) will be used to determine this composition .The GS process is
used to infer a set of orthogonal vector set (basis vectors) to span the vector space

containing the set of this basis vectors. The problem is described as follows:

Given a set of vectors G, find a set of orthogonal vectors, W which can span the

space G.The GS process 1s described as follows:
(1) Select a vector g/ as the first basis vector
wi =8I

(2) Select w; as the vector formed from g, by_ subtracting out the component of g; in the

direction of w; . this is equivalent to requiring that the inner product <w; w;> =0
wy> =g2 - Bawi . B, isthe first column of B

The condition of orthogonality is
B, =<wi ,&2 >/<w; wp >
wy; =83 - By & -Pn&2

=<w; g3 >/<w; wy>

v

B =<w; g3 >/<wpwi> B,
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B = <wil ge>/< Wi w; >

k-1
Wi = Ek -Z'Blk Wi K= e M
i=1

ie one column of B is calculated at a time and the kth column is made orthogonal to each
of the k-1 previously orthogonalized columns and the operation is repeated for M-1

times. The previous procedure leads to excessively increased number of parameters and

consequently to a complex model structure.

As a few number of regressors Mg << M can be enough to describe effectively
the dynamic behavior of the system the OLS employs a criterion to limit the number of

regressors to a compact number. This criterion is called the error reduction ratio, which
b

is explained as follows:

The trace of the covariance of y() is given by:

1 M m " EIE
trace(YTY/N) = — ( }"-,») wil W'+trace( j
N ; Z JHg e R Y; (3.21)

The first right hand term of Equation (3.21) represents the explained part of the
covariance of the desired output due to the regressors while the second part represents
that part which is the unexplained part of the desired output. Thus, the first term is the

increment to the explained trace introduced by w; and the error reduction can be defined

as given in Chen (1991):

m 3 EIE
[err]; = [Zr;,j wil wj / fruce[ NJ I1<i<M (3.22)
1 1
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Equation (3.22) represents the contribution of the ith regressor w. and
consequently the ith regressor that maximizes the error reduction ratio. Centers which

produce this ith regressor will thus be selected as candidate centers.
The algorithm steps can be represented as follows:
For /<isM

wi = gi

= wih)T Yq/(W/")T(WII) [<g<m

[err])i = (i’:( }’i:, )7) (W/i)T Wji /Irace(ErEJ

N
Find [err]; = [err];il = max {[err]/’ , 1<isSM }
wiil = w = gij

Step 2

At the kth step where k= 2, for N i MR- NU RS R S S NET|

By = (WT&k)/ (W W;) I<j<k
k-1
wiy = gj - ZlBl/k W
J=1
¥V ha= WHT Y/ (W)T (Wi) I<qg<m

m 3 ! I
[err]ik= (Z(}’lq)zj (Wi )T wi! / trace(EVEj
i )
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Find  ferr]e = ferr]ek = max ([err]é  ISISM T 01y i)
K= Var
we=wiky = Zik - Z By W
j=1

1-2[err],- <NG 0<¢ <I

j=1

The process is repeated until a predefined value for the summation of the error
reduction ratios is reached. The value of the parameter ¢ indirectly affects the
complexity of the network (i.e. the model). It may increase the number of the hidden
layer nodes leading to overparametrization of the model. In applying the RBF for the
modeling process using the OLS algorithm, the RBF numerical properties are sensitive
to two factors: the first one is the spread parameter of the Gaussian function, ¢ and the
second one is the ill conditioned matrix W. The first factor o can be selected by trial and

error The second factor is adjusted by introducing a threshold value to w 7 w where w

Ty = 0, implying that the regressors & (k) and g (k -1 ) are linearly dependent.
3.4 Mathematical Form of the MIMO Nonlinear Model

The gerieral expression for a MIMO nonlinear model structure is

y() =f(y-1uel, €71) + &(t) (3.23)
where
y) =[yi®), 20 - - L ya]T The output vector
u@®) = [wi® ua() oo - - up(® JT The input vector
()= [6,(0,5B s - - - g,]T  The residuals vector.
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e L AR yo' T
y U= fu g S At
Plis S G A S A
yizl =y (EL ViRl e yi(t-ny) ]  delayed output vector
u™t = fut=1)s wit=25 S e uj (t-n,) ] delayed input vector
el = L e (E=) a2 ,&(t—n,)] delayed error

In our case and for the sake of simplicity of the model a first order assumption is

first demonstrated where, ¢=2 and ny=ny=ng =/ and the inputs are:

e [u[’" ”;4] =[T(k-1) D(k-1) ] where T'is the throttle angle [degree]and D is the

ignition advance[degree]. The outputs are:

yt) = [ yi(t) ya(1) ]T =[ N(k) P(k) 7T where N(k) is the speed [r.p.m] and P(k) is the
manifold pressure [kpa].

The previous multi 1nput model structure corresponds to the nonlinear

NARMAX state space form (Nerrand, 1994,1993):

x(k)p =f(xtk-1), u(k-1)) +e(k) (3.24)

where

xXp (k) = {5 s -8 0 LS T ] state vector .

f(.)isa nx 1 nonlinear vector function .
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u(k)= {u(k-1),. . upk-b) .. .. umk-1), . . .um(k-b)} isa mxb input

matrix and e (k) is the noise term (nx 1 vector).
For our multi input model in the above representationn =2, m=2,b =1 .
The regressors (or the input vector x; to the network) will be :

o ={x; (k-1) . x2 (k-1), x3 (k-1) x4 (k-1) }

where x; is equivalent to the state variable P, (manifold pressure) and x, is
equivalent to the state variable N and x; (k-1) is equivalent to the first input 7h (the

throttle command ), x; (k-1) is equivalent to the second input D (The spark advance

command ).
3.5 Design of the Identification Experiment

Based on the previous discussion we need to design an identification experiment
in which we handle the engine as a black box injected with two different input signals
(throttle angle and spark timing) and producing two different output signals (engine
speed and manifold pressure). Both of the input and the output signals are measured and

through this data a mathematical dynamic model is constructed to emulate the engine
dynamics.

Designing an identification experiment is a matter of experience and ad hoc,
which differs from a plant to another. Among the most important issues to be considered
are the input characteristics, the sampling interval of collecting the data and the amount
of data points required. The input signal must be rich enough to excite the whole

possible modes of interest over the whole amplitude range of operation of the plant

which is the condition of "persistently exciting "of a signal (Johansson,1993). Also it
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should be of different amplitudes (Ljung,1994) conforming with the practical constraints

of the plant and give the plant a chance to more or less settle to give insight about the

rise time of the plant.

Two practical sources of constraints affected our experiment. The first arises
from the signals issuing device and the second arises from the plant itself. The first
constraint source in our experiment is produced by the DC motor which actuates the
throttle valve (in a step up-step down time steps) through a wire drive. That gives rise to
the constraint that the input period allowed to the signal must not be less than 0.3-0.4
seconds, otherwise the input signal will be completely or partly distorted. Under this
constraint the first input signal was chosen as a variable frequency, variable amplitude

signal (a rough form of a pseudo random binary sequence signal).

The plant constraint comes from the fact that the plant responds very fast to
small changes of the throttle. This means that the input signal must change in a manner
allowing the dynamics of the engine to change over its whole amplitude range of
operation to reflect how will be its behavior when rising and settling. According to this
the input signal was made of small period in its maximum condition and large period in
its minimum condition with variable amplitude and frequency in both conditions (a
rough form of a pseudo random binary sequence signal) see Figure 3.3.

The second input signal which is the ignition timing 1s commanded to the plant
through manifold pressure-spark timing map where we linked the signal value to
manifold pressure variations through open ECU ignition map (a manifold pressure -

ignition timing map). This signal also has the form of a rough PRBS signal and have
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maximum - minimum range values which can practically be applied to the engine (in the
o

interval [7 ,41]) see Figure 3.4.

Sampling interval is an important issue concerning collecting the data. It can be
chosen to be correspondent to 5-8 sampling points over the rise time of the plant 's step
response (Ljung,1994) and it is better to sample too fast than too slow ;also the aliasing

4 S

effect must be considered. We used a sampling rate for collecting the data of a value

equal to 100 points per second.

The amount of data required is a constraint imposed by the processing power of
o

the computer used for applying the modeling algorithm computations. It is indirectly

related to sampling interval where high sampling rate implies a redundant amount of

data but this can be treated by decimating the data (Ljung, 1994).

3.6 Experiment Procedure

Experiment procedure is performed in two stages, the first one is the calibration stage
: (=]

and the second one is the test stage. Schematic diagram of the experiment is shown

below(see also appendix A).

Engine map
(Open ECU)

Throttle signal l Ignition signal

DC motor Engine

PC + cadetl10 T
software =1l erfacing
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3.6.1 Engine calibration

The subject of the test experiment is a four cylinder spark ignition engine
without any control attachments. The engine is connected to an open ECU without any
control strzitegy installed in it. This implies that the engine should be first calibrated to
run in its idle mode under the action of the throttle valve and ignition advance command
from the open ECU. Through trial and error the roughly optimum control actions for the
idle mode were 6 degrees for the throttle angle and 7.5 degrees before the top dead
center for the spark timing. The engine under these conditions is running at slightly
fluctuating speed around 750 r.p.m and manifold pressure around 450 kPa. Another
importaht calibration was done to test the engine under disturbance that was necessary to
estimate the maximum control action to be taken to stabilize the states of the engine
under disturbance when running in its idle mode. This was found to be 25 degrees for -
the throttle angle and 41 degrees before top dead center for spark timing. This also was
vital to the input magnitude design and the output magnitude range as the ANN models

and the fuzzy controllers are some sort of autoassociative memory that can only

interpolate.

3.6.2 Final test

After calibration the engine is allowed to run for a period of time to be warm
enough to emulate its operating condition in the idle mode. A series of step up-step
down inputs is given to the engine (Figures 3.3 and 3.4) and the resulting outputs are
measured and recorded through the computer unit(Figures 3.1 and 3.2). A number of

tests were run under the same input conditions to compensate for errors which may
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result from the noise contaminating the readings of the measuring equipments and to

compensate for variable operating conditions.

3.7 Results and Discussion of the Modeling Process

Preprocessing of the data involved removal of the data outliers only, the mean

value or trends of the data were not removed as the constant term will compensate for

them (Chen,1991).

A data record of 923 pairs was used to fit the model. In the first step a set of 925
regressors gj 1s formed (including a constant term) with one delay unit for both the

output variables N and P, and the input variables 7,D. A network of 925 nodes with
Gaussian nonlinearity and initial value of¢” =0.0003 was initialized and the selecting

procedures explained above were implemented in an iterative manner until the errors

term in ¢ converge to the possible minimum value. The value of ¢ is chosen guided by

the discussion of section 2.53; in all cases the values of ¢ less than 0.0016 led to over

fitting. The nonlinearity in the hidden layer was taken as the Gaussian function form:

g (X)=exp (X)~7/2o-2

e ool - o P e, (29
x; =T(k-1) , x2 =D(k-1) , X3 =N(k-1), x4 =P(k-1)
x5 =e,(k) xs =ex(k) where e is the speed error e; is the pressure error and | | is the

Euclidean norm.

Thus the regressors vector will be:
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@.= [T(k-1) D(k-1) N(k-1) P(k-1) ej(k) ex(k)]

(3.26)

After applying the OLS procedures to the RBF network the model was found to have

the form:

16

where @ is outer layer parameters (a /6 x 2 matrix) .

The set of Cj is given by C=[c| cllcz]

0.9869
0.9944
0.8494
0.7208

0.3524
0.1653
0.4351
0.2551

0.2778
0.1742
0.9408
0.3403

C3=

0.9657
0.9931
0.9724
0.6384

0.9680
0.9940
0.3045
0.9624

0.3388
0.1720
0.2861
0.3508

0.8970
0.9972
0.3606
0.4995

0.9852
0.9986
0.5243
0.9013

The matrix I is given by:

0.9275
0.9924
0.2633
0.6533

0.3673
0.1739
0.2417
0.4321

0.9900
0.9904
0.4445
0.9144

0.3306
0.1689
0.4029
0.4065

46

0.9793
0.9933
0.4372
0.8134

0.3670
0.9958
0.9384
0.5926

yp=a,+3.08(| ¢.-Ci |2 )+e(k)

0.2684
0.1697
0.9894

0.2831

0.3689
0.9904
0.2933
0.5399

(3.27)



[0.5129  0.5049 |
14.7949 -18.1493
22,9547 -2.4148
93792 26.3677
27.9733 -31.7979
37.9813 95.6234
02170  -0.0074
. |-3.1684 -1.8885
['=1 377862 70.8630
-12.9692 -138.48
-1.2844  8.0316
2222706 -200.99
23.5719  8.4571
4.4615 -24.1425
-11.5229 -22.6919
-90.6233 -430.3944

The matrix B is given by:

1 09913
0 I
0 0
0 0
0 0
0 0
0 0
0 0
o 0 0
0 0
0 0
0 0
0 0
0 0
0 0
L0 0

1.0627 1.046 1.0059 10224 11165 1.1805
03184 -1.6378 -2.5666 -2.0489 10.7295 8.7200
| 0.8659 02255 0371 3342 4.046
0 1 1.5828 09904 35.0403 34.1998
0 0 1 0.5725 -6.47 -16.6875
0 0 0 | -102.9242 -134542
0 0 0 0 1 1.0659
0 0 0 0 0 |
0 0 0 0 0 0
0 0 0 0 0 0
0 0 0 0 0 0
0 0 0 0 0 0
0 0 0 0 0 0
0 0 0 0 0 0
0 0 0 0 0 0
0 0 0 0 0 0

0.9995
-3.2509
0.3542
24514
1.6786
-0.1999
-0.0115
-0.0185
|

SO ESEal oS

The set of the outer linear parameters is given by
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1.0055
-2.227
0.1456
1.2266
1.1988
-0.1839
-0.0109
-0.0276
1.3796
|

o oo o oo

1.1793
6.781
4.0306
36.186
-20.1388
-146.1015
1.0234
0.982
21.133
17.1064

|
0
0
0
0
0

1.1846
7.8253
3.9706
36.7372
-17.3729
-141.4062
1.0386
0.7477
20.29%4
15.137
0.8704
|

1.0599
3.6255
1.2344
11.0655
10.641
-33.5204
-0.1108
-0.9919
57.599
52.0206
1.048
4.6746
|

0
0
0

11116
1.4324
2.1049
10.7130
6.9683
-44.6232
-0.111
-0.8724
51.9496
30.3104
1.189
3.077
1.001
|
0
0

1.1288
10.2710
33515
35.7519
-7.6295
-107.6492
0.9976
-0.04
84173
7.292
04249
0.9913
-0.0695
-0.091
|
0

1.1818 ]
7.5604
41264
35.5538
-18.999
-14535
1.0366
1.051
12.383
8.892
0.385
-0.0874
0114
0.1123
-1.738




[-0.8862 -58.6023
8.3020  29.5961
-0.0357 -32.1639
21.7317 84.9413
164.5250 -131.76
-80.8180 -59.5667
42.9980 10.3037
-66.2205 164.2967
-41.1091 -23.2040
-70.9367 192.7255
-110.107 310.0413
35.7035 12.1405
-7.1701 -3.7111
-2.8292 -7.9520
-46.9839 -23.6342
[157.7728 -511.83

0
Il

where &= B™'T" .The final model form is:

V)= Al + Y explaTth=D=,)" +(BDk=D=c,)* +(eNk=1)=c, ) +(dRk=D-c,) +(&(k)=cy)' +(e(k) ¢, ¥/ o*)

+e;(k)) (3.28)

o S Ve T Vet it : ) :
y,,z(/\)—B(a,,:+§cXpd(aT(/t =c,) +(bOk=1)=cy) +(cMk-1)-c3) +(dﬂk—l)—c‘u)‘+(e,(k)—c§l)2+(el(k)—c,,,):"/o'2))

tex(k) (3.29)
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[-0.8862 |
8.3020
-0.0357
21.7317
164.525
-80.818
42.9980
-66.2205
-41.1091
-70.9367
-110.107
35.7035
-7.1701
-2.8292
-46.9839

157.7728 |

D4
[

[-58.6023 |
29.5961
321639
84.9413
-131.7587
-59.5667
10.3037
164.2967
-23.2040
192.7255
310.0413
12.1405

2} 7l
-7.9520
-23.6342
-511.8278
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The corresponding state space form will be:

*p (K] =A=0 001 '*;“p‘h"“’“" =D=6, ) +(b(k=D)=cy Y +(ex(k=1)=c, ) +(dry(k=1)=c, F +(e(k)-cy, +(e(k)=c, |/ o*)) +e k)

(3.30)

,\'I,:(k)zB(—().ld-»Zcxp(“(au,(k—l)—ch)"+(bu:(k—l)—c:,f+(c.\'|(k—l)-cti)! +(dx3(k-l)—c,,)z+(e,(k)—ci )3+(e,(/c)—c )lll/og))fe(k)

(3-31)

The deterministic forms of the model are given by:

16
v,(k)= A(=00011+ Y exp(|(aT (k=1 =¢,)* +(bD(k=1)=¢;,)* + (cN(k - D=y ) +(dP(k=1)-c, 7|/ o)

(3.31)

16

Voulk) = B(=014+ Y exp(|(aT(k=1)=¢, )’ +(bD(k =)=, )* +(cN(k=1)~c, ) +(dP(k~1)=c, |/ o))
(3.32)

3

16
X, (k)= A(-0001 I+Zexp(“(au,(k —D=c,)' +(buy(k=1) ¢, +(cx (k= D=c;,)’ +(dxy(k=1)-c, )2“/03))
I=l 2 ‘

(3.33)

16
x,,(k)= B(—O.I4+Zexp(“(au[(k—l)—c“ ) +(buy(k=1)=c,,)? +(ex(k=1)=c, ) +(dxy(k=1)=c, )’
i=l

|/ %))

(3.34)
a, =-0.0011 a, =-014

The fitting and prediction results of the model are given in Figures 3.1 to 3.10 at

the end of the chapter.
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An important factor which is important to consider, is the threshold value for the
product wl w. where this value affect the number of vectors involved in the
orthogonalization process. Too small value of the threshold increases the number of
vectors involved in the process leading to spurious orthogonalized vectors. The selected
auxiliary regressors (or subset regressors) were found to be sixteen regressors which
implies that the number of the basis functions is equal to sixteen and the number of the
auxiliary parameters is thirty two parameters (sixteen for each output ). The final
network structure is sixteen nodes in the hidden layer, six input nodes and two output
nodes (see Figure 3.11). In the beginning of the modeling process different model

structures with different orders were tried, namely the ARX (or the equation error) and

the NARMAX structures.

The ARX requires a directed algorithm in its training, while the NARMAX
requires a semi-directed algorithm (Nerrand, 1994,1993). In training both the structures
the NARMAX one could efficiently fit the model better than the ARX structure. Four
iterations only were enough for the NARMAX structure to fit the model and yield the
minimum error. Also different model orders were tried but the results were not superior
to the first order assumption. Verification of the first order assumption is checked for in
the next chapter, where it can be concluded that the resulting model is giving good

results and able to reproduce the plant dynamics. Fittting accuracy can be seen from

Figures 3.1,3.2 and 3.53.6 where the input vector is given by

0 = [u(k=1) w(k=1) »nk-1 v,(k-1) e,(k—1) e,(k=1)], where y,(k-1) and y,(k-1)

are the real plant outputs. Prediction accuracy check of the model is performed by the

input vector:p = [u(k—1) w,(k—=1) y(k-1) 3,(k-1)], where j,(k-1)and y,(k-1) are
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the estimated model outputs. The prediction accuracy of the model can be seen in
Figures 3.9 and 3.10 which is good for model derived from a real plant. Adequacy of the
model is checked for in the next chapter where the first order assumption is justified. In
the experiment the plant was excited by a not so random signal; exciting the system with
a real random signal could be better to represent more efficiently the dynamics of the

system, but this couldn't be done because of the hardware constraints of the signal
o

issuing devices.



Speed [r.p.
2500 ‘ peetiE ]

A ;
it 1
AT
oA |
[ A fi
12000F 1 1} i 1
ISR i i
SN I RS |
it I i
R SRS R
1800k L Hd L) 1
s
1

3
{
(T Lr R S
ST fri g fa s Bt
1000.FEF SIS e 1R s
H v i \ i 1
H ‘ var } H

.............

i

500+

0 200 400 600 800 1000

Data points
Figure 3.1 Speed (— model --- plant)

Manifold pressure [kPa]
100 - ' '

b

h i i

80H! | R 8 i
£ 1 aeE
b R
VO ] i
8 i | 0o
boodrd { 1% i 1 fi
Ll SRR I b
b RS oEL L
i H i i | { = ! B ae]

il ‘ | ‘\T FE Bii  O ve U, A
LT LA el AR

FIRRISS O (110 0 oV

? J LR S B ;E;i/ N RS

20 ety ey 71/ V Y 4
¥ / i i TV

0 200 400 600 800 1000

Data points

Figure 3.2 Manifold pressure (— model --- plant)

wn
(O8]



Throttle angle [degree]

30

25

20

15

10

~

JULLE

200 400

600

800

1000

Figure 3.3 First input (throttle angle)

1200

Data points

45
40

T

35
30

T

25

T

20
15

10

[gnition timiing [Degree]

e - r1 ~ M

RS ] | W L

o

U ]

el ban

200 400

600

800

1000

Figure 3.4 Second Input (Ignition timing)

1200

Data points



[r.p.m]

60 ( :
40+
20+
0 MN
-20 H
40}
-60 : ‘ ‘ :
200 400 600 800 1000
Data points
Figure 3.5 Speed modeling error
kPa
15 [Lhal
10 H
51
| m i
-5H ]
10k
425 200 400 600 800 1000

Data points
Figure 3.6 Pressure modeling error

N
i



Speed [r.p.m]

2500
2000
1500 q

y l‘\\
1000 i RIS S

| VI
500/ W i
0 L 1 1 1
0 200 400 600 800 1000
Data points

Figure 3.7 Speed deterministic output (— model --- plant)

Manifold pressure [kPa]

100

80

s —
— e
BE—— . e

T
-

60

40 i

20r

|

i

400 600 800 1000

PERPUSTAKAAN KEJURUTERAA}

Data points
Figure 3.8 Manifold pressure deterministic output (— model --- plant)



[kPa]

20 : , ‘ 1
r

15

T
e

10

1

S

£
T
‘-

N
3
T

0 200 400 600 800 1000

Data points
Figure 3.9 Pressure deterministic error

[r.p.m]

300 1 '

200

f

100

-100+

'2000 200 400 600 800 1000

Data points
Figure 3.10 Speed deterministic error



Hidden layer
Input layer Output layer

Figure 3.11 Final network structure

58



CHAPTER 4

MODEL VALIDATION TESTS

4.1 Introduction

Model quality has been highlighted in Chapter 2 where model quality has been
defined as the ability of the model to describe and reproduce the dyna_mics of the process.

The first aspect has been addressed previously and the second aspect will be discussed

here.

In general reproducing the dynamics of the system is a matter of having an
efficient model structure (sufficient delayed inputs and outputs), a matter which has no
guideline or fheory to define it (Ljung,1991). At the beginning of the identification
process some model structure is first postulated, then a structure is chosen as the null
hypothesis. This structure is subsequently justified or proved, otherwise an alternative
hypothesis is chosen. Deciding which model structure is the optimum in representing the
real process is the subject of model validation.Model validation is the last decision to be
made before submitting the model for its intended use. Model validation tests make use

of the model residuals and give some statistics about them (Ljung and
Hjalmarsson,1996).

Model residuals are given by &=y - » where y is the real process output and j is

the identified model output. The statistics which are often used include:

(1) Maximum absolute value of the residuals

59



[ & Imax = max [&(t) 1<t<N (4.1)

(2) Mean Variance and Mean square of the residuals

|

IUL.: N’Z_;g([) (42)
| 3

Vess V;(f?([)—#) (4.3)
1 N .

U= Ivgg(t)' (4.4)

(3) Correlation between residuals and past inputs
b, =Elugt=0 YV ij (4.5)

Several methods exist for model validation [Leontarits and Billings (1987),
Johansson (1993)]. Some of these methods rely on comparing postulated different models
of different orders and parameters and then based on some statistical criterion a structure
is chosen. The F-test, Akiake information criterion (AIC) and Akiake final prediction
error (FPE) are examples of these methods. Other methods rely on analyzing the residuals
and its whiteness. normality and independence of both lagged inputs and outputs. These

are nonparametric tests and an example of them is the 'correlation tests'.

Model validation problem can be formulated as a statistical hypothesis testing

problem as we have to decide which model can best represent the real process. A null

hypothesis H,
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and an alternative hypothesis /7 is postulated. The null hypothesis is the one that is not

rejected unless the data provide strong evidence that it is not correct. It is always taken as

the identified model.

In this study the nonlinear correlation tests developed by Billing and his
coworkers [Billings and Voon (1983), Billings and Voon (1986), Leontaritis and Billing,

(1987) Billings and Zhu (1994, Billings and Zhu (1995)] will be used for the purpose of

model validation.

4.2 Correlation Analysis

Mathematically correlation of two random variables is equal to the time average
of the product of their expected values; it indicates to which extent the variables are
dependent on each other. If the variables come from the same signal, the correlation
function between the signals at two different time instants is called autocorrelation
function which is a measure of the predictability of the signal at the future time based on

knowledge of the present value of the signal. When the variables come from two different

signals the correlation function is called the crosscorrelation function.

The autocorrelation function 1s defined as
1 g
0. = E{e(t)e(t +7)} = hmﬁ_k(r)g(r + T)dt (4.6)

The crosscorrelation function is defined as

7

5]
o, = Eu(DE(t+1)} = hm-z—T-J;u(t)g(t +7)dt
(4.7)
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[n model validation correlational tests usually amount to calculating the

autocorrelation function of the residuals ¢, and the crosscorrelation function

¢, between the residuals and the input. Then to check if both of them are asymptotically

normal with zero mean and finite variance or not, where the standard deviations are

. . 1.96
_l_and the 95% confidence levels are approximately i Traces of any lagged inputs
]

JN

or outputs in the residuals can be discovered if ¢,, happens to be outside the confidence
levels while traces of lagged residuals (dependent or future predicted residuals) are

checked for by confidence levels banded ¢, . This is given by:

1, =0

(D”(T) ¥ {0, otherwise (4.8)

Pus = 0 vz ( T = time steps)

Correlation model validity tests are straightforward for linear systems. They are
e of Billing et al previous papers. Linear correlation tests fail to diagnose
inadequacies in the nonlinear models. A number of tests for nonlinear models are given in

the previous references. The tests given in Billings and Zhu (1995) are used here. As

stated in Billings and Zhu (1994,1995) the involvement of the output enhances the

discriminatory performance compared with the tests based only on the input and

residuals. The test equations are given as follows:
Py = E{S(On(t+ 1)} (4.9)

Qg = EX3(On(t+ 7)} (4.10)



where

A= +&% (1) (4.11)
N =y M)+ . ... +y, (e, () (4.12)
I =d )+ ... ..+ (1) (4.13)

The normalized correlation tests are

ZG"U)U"U—I)

@, (1) = % 7 (4.14)
(2(("(0)'2(77"(0)3)
Sewri-o
P Sl o 7
[me 2(77°(t))2j
= 2 (4.15)
where
e &, (1)
&)= 1‘V62(°)2%+__..+ [y (4.16)
( NZ(E' (1) ) ( WZ“" ()7 )2
. (e (1) (v, (e, (1))
= 1(3/0)5()) 8 (1) - A
( —[\—/Z(y,(t)s,(f)) )} ( N-IZ()/,«(!)&(!)) )42
2o Zot
()= — - ,(,[) =y b () = (4.18)
( /VZ(”" () ( NZ(U’ () )~
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5 y = o 1 N 5
g ()=¢)-¢& gl =—> &1
Nr:l
— o 1 N
G, (D&,0) = y,(0E,() = Ve, Vg =52 vie (h)
1=1
3 ey = 5] 2
M =u; (1) —u u; —W,=| u; (1)

(4.19)

(4.20)

(4.21)

The above tests check for correlation among all the sub-modes input, output and

residual vectors. If every subsystem in the model is valid (¢ = 0) correlation tests will

yield:

. 7=0
by (7) = 0, otherwise

P, (T) = 0, Vr

N /
(¢ (f))zJ
k ~ 1=} I

(i(n"(r))J

1=l

D

k 1s a constant.

(4.24)

If it happens to discover model global inadequacies, another set of local tests are

used to specify the submodel source of these inadequacies.
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4.3 Formulation of Model Validity Tests

Typical model validity statistical tests consist of the following three steps [Bohlin
(1978)]:

(1) The first step is to find a parameter free statistics (say &) which is a function of the

validation data such that the distribution of & is known if the null hypothesis H, is true.
(2) The second step is to define a domain D such that
P{eeD® H}=a
where « is the risk level of rejecting a model when it is actually valid.
(3) The third step is to reject Hy if ¢ & D*.
In residual analysis the formulation of the test problem is as follows

The null hypothesis is

{ &, } Comprise a white noise with zero mean and minimum possible variance
Le. E{e(t)e(t+17)}=0.

{ &, } Are normally and symmetrically distributed.

{ &, } Are independent (uncorrelated) of both lagged inputs and outputs i.e.
El{u(t)e(t+1)}=0.

The parameter free statistic will be the residuals vector &.



The domain D* is D“ —’5[¢ <K, /}, ¢ isthetest, K  is the decision value and

a is the probability of accepting the incorrect model a = 0.05

The 95% confidence level K, =K 05 = +T is used when ¢ is normally

distributed. The hypothesis H,, is rejected when & & D%,
4.4 Application of Correlation Tests to the Engine Idle Speed Nonlinear Model

The previously given tests (Equations 4.9 to 4.20) are applied to the MIMO

nonlinear deterministic model:

16 x
Yp1(=A4(6, exp( |(@tk—1)-c, )" +EDk=)~c, ) HeMk~D~c,)’
i=]

(4.25)
1638 3

yp2(k)=B( Y6, exp(|(altk—1)~c,)* +(bIk~)—c;)* +eMk=D=c,)* +(dRk~1)~c, ¥, )+0.14)
i=] 2

(4.26)

y] (k) = N(k) (speed) y2(k) = P(k) (manifold pressure) (g=2) where

model parameters are give in Chapter3.

First the model is tested with a data set (validation data set) different from that set
used for fitting the model in chapter3, a data record of 1000 data points is used. Testing

results are shown in Figures 4.1 to 4.8 After that the tests of Equations 4.3 to 4.4 were

applied to the simulation results where:

The inputs are:
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uj =T(k-1) (throttle) u =D(k-1)

The outputs are:

v1 (k) =N(k) (speed) y2(k) = P(k)

The model residuals are:

& = e (k) (speed error)
g, =e,(k)  (manifold pressure error)
K=0.95

4.5 Discussion and Conclusion

(ignition timing)

(r=2)

(manifold pressure)

(9=2)

Testing of the model in its deterministic form is done with the validation data set.

The regressor vector is composed of the delayed input and the delayed output of the

model. It takes the form:

¢ = [ (k=1) u,(k=1) 3 (k=1) 3, (k- 1)]

where, §,(k—1), y,(k—1) are the outputs of the estimated model.

[t can be seen from Figures 4.1 and 4.2 that the model and the plant are very close

to each other. The model is able to reproduce the plant dynamics efficiently for different

input signals. This can be easily noticed from the difference between the input signal used

for fitting the model and the input signal for validating the model in the last chapter,

where the frequencies and the amplitudes of the input signals are different as can be seen
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from Figures 4.3 and +.4. Prediction errors of both the two outputs can be seen in Figures

4.5 and 4.6.

Correlation results are shown in Figures 4.7 and 4.8 where it can be seen that the
values of the correlation functions ¢_ (7), ¢,,(7) are within the bands of the confidence
interval [0.05 -0.05]. This means that the model is able to reproduce the dvnamics of the
system for different input frequencies and amplitudes to the plant. This also implies hat
there is no need to increase the model order, as the first order for each submodel is abl= o
reproduce the plant dynamics. Another implication is that the input signal was zich

enough to excite the different frequency modes of the plant.
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Figure 4.1a Speed (plant)
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Figure 4.1b Speed (estimated model)
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Figure 4.2a Manifold pressure (plant )
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Figure 4.2b Manifold pressure ( estimated model)

70



25

20¢

15¢

10+

45

40}
35}
30}
25}
20}
15}
10}

Throttle

angle [degree]
!

2(50 400

600 800 1000

Figure 4.3 Throttle angle

[gnition timing

1200

Data points

F‘rjw'

b, bd b b

260 400

600 800 1000

Figure 4.4 Ignition timing

71

1200

Data points



; [r.p.m] :

150
100}

50+

50+

-100 ¢

-150 ¢

2005 200 400 600 800 1000

Data points
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CHAPTER 5

FUZZY CONTROLLER DESIGN

In this chapter a fuzzy stabilizer is designed for the engine idle mode. The
design is based on a full computational approach where a phase plane analysis
alike method (called cell to cell mapping) is used for studying the global behavior
of the system. Through the study of the system trajectories an optimal control
table (OCT) is obtained and used as the knowledge base of the fuzzy controller.
The fuzzy controller is formulated in the form of a radial basis function network
where the entries of the optimal control table are used as training data for

estimating the controller design parameters.

5.1 Introduction

Idle condition is a stand alone control module. In this mode the goal of the
controller is to stabilize the speed and manifold pressure at the equilibrium point
while the system is suffering from disturbances coming from different engine
accessories.» The stabilizing problem (set point control), is defined as follows,
(Slotin, 1991):

Given a nonlinear dynamical system:

X =sr(xa ) (5.1)
where f'is a nonlinear vector function, x is the state vector, u is the control vector
and ¢ is the time, find a control law such that starting from anywhere in a region

Q in the neighborhood of the equilibrium point;x = 0 as 1 — co.
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Some of the common methods used in designing controllers for nonlinear
systems are the phase plane method, Lyapunov stability analysis and describing
function methods (Slotine,1991). Phase plane analysis relies on studying the
global behavior of the autonomous point map X = f(x,u,¢). Global behavior

means the evolution of system states corresponding to various initial conditions.

Analyzing the global behavior of the system through numerical evaluation
of the point map (Equation 5.1) is inefficient and time consuming. Instead Hsu
(1980a) proposed the concept of "cell to cell mapping" (CCM) to study the global
behavior of nonlinear dynamic systems. In this method the state space of the
system is handled as a group of cells rather than a quantum of points. In the
method the state space is discretized to a group of disjoint sets which are called
cells, each center of a cell represents a value of the state vector at that point. The
interval in which a value of a state variable x; (i=/,2, ..., N) is located is defined by:

(Z —05)h < x, <(Z,+05)h,
where Z; is an integer and #4; is the interval size. A vector cell z is defined by the

N-tuple Z; where:

z= 2 Ze, where e, is the unit vector in the Z, - direction

=

i=1,2,...N. A point x (x; , i=12,....N) belongs to a cell z (Z=1.2.....N) if x,
belongs to Z; for all i. Now the system state space can be seen as a collection of
cells rather than a quantum of points where the number of the cells is integer.

The mapping, which represents the system can be written in the form, (Hsu,1985)

z(n) = C(z(n—1),u(n),7(n)) (5.2)



zeZ" , Z"is the setof integers  , u(n ) 1s the control vector at n time step.
C is the mapping rule, which maps a set of integers to a set of integers.

Equation (5.2) represents the nth step mapping from z(n-/) to z(n) under
the action of u(n) during the time interval 7 (n). z(n-1) is called the domain cell
while z(n) is called the image cell. The image cell is evaluated by integrating the
corresponding point mapping over the time interval 7 (n). As the cell size shrinks,
the CCM can preserve the qualitative nature of the point map. A large cell size
leads to increased cumulative errors while smaller cell size produces better
accuracy but more memory is required for the computations. The CCM can be
used to study the evolution of the state trajectories and detect equilibrium points
(x =0 in point map and z=C(z) in CCM (called a P-/ motion)), periodic motions
(limit cycles (called P-k motion)) and their domain of attraction (Hsu,1980b). An
advantage is that it is applicable to systems of large dimensions more than two.

CCM was used to develop an optimal control algorithm for set point
controllers (Hsu,1985). These controllers rely on an optimal control table (.OCT)
which contains the near to optimum control action for each cell in the cell space
(direct digital controllers). As the system trajectory moves from one cell to
another, the optimum control signal is looked up from the optimal control table

and applied to the system. These controllers require a large memory size and their

action is leading to the problem of chattering.

Smith (1991, 1992 and 1994) matched the OCT derived by the CCM to a
fuzzy controller. The result is a reduced memory controller with smooth

transitions without chattering. [n this work the methodology of Smith (1991, 1992
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and1994) with some alterations (to suit the multi input output nature of the
problem in simulation conditions and controller parameters estimation) to match

the problem being considered, is used to design a fuzzy stabilizer for the engine

idle mode.
5.2 Obtaining the Optimal Control Table

In the idle mode control problem we have a two dimensional space of
states x;,x; ,where x; is the speed and x; is the manifold pressure. Determination
of the equilibrium point is done by applying the basic idea of the unraveling
algorithm (Hsu, 1980). Equilibrium points are characterized by their zero gradient
of the state vector (x =0 in point map). In the cell space the equilibrium is
defined by: z=C(z) (called a P-/ motion). An equilibrium point is detected by
evaluating the model equation until the simulation time becomes very large and
the state trajectories cannot penetrate the next cells, or the distance travelled in

each direction is too small to exit the cell.

In this case the speed is required to converge to the value of 750 r.p.m
with a pressure where the engine can run in a stable way without any fluctuation
in the state (i.e. z= (z) (a P-1 motion)). The no load equilibrium point was found
to be N=750 r.p.m and P=30 kPa (no load condition). In the load condition the

equilibrium point is allowed to move in the direction of the state x, (manifold

pressure) as near as possible to the value of 30 kPa, but still at the same point for

x; (750 r.p.m). The control goal is to keep the engine at the equilibrium point

when it is in its idle mode and suffering disturbances coming from different
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engine accessories. The control signals are the throttle angle in the interval {25}
and the ignition timing interval is {7 41}while the load is in the interval {0
60} N.m.

The state space of the system is discretized to intervals of variable size
which are fine near the equilibrium point and coarse far from it (Smith (1994)).
The load is also discretized into intervals.

All possible control actions and load are applied to all possible initial
conditions of interest. The possible initial conditions of interest are in the interval
{450 1150} for the speed (state x;) and {11 105} for the pressure (state x). The
possible control actions are {5 25} fo.r the control action u; and {7.5 42} for the
control action u, while the load is in the interval {0 60}.

Simulation of the plant is run for a number of times equal to the number
n, x n, x ny x n, x ng where n; is the number of cells in the x; direction and »; is
the number of cells in the x; direction, n; is equal to the number of control actions
u;, ny is equal to the number of control actions u; , ns is the number of load
intervals. After running the simulation a search algorithm is applied to extract the

optimal control table (OCT) from the simulation results.

5.2.1 Obtaining the state trajectories

The two dimensional space is quantized to the following cells:

[450 550 600 650 700 750 800 850 900 1000 1100 1150], for the first state x; (12

intervals).

[11.4286 22.8571 34.2857 45.7143 57.1429 68.5714 80 91.4286 105], for the

second state x> (9 intervals).
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cells are not considered. A sorting algorithm must be applied to sort the results to
figure out the optimum cell transitions i.e. the optimum control table OCT.

Details of the sorting algorithm can be found in Hsu (1983).

5.2.2 Search procedure
The resulting table must be sorted to figure out the optimum path of each cell
to the target cell (equilibrium point). We apply a rough copy of the algorithm in

Hsu (1985) in the following steps

I- Starting from the target cell find the next cells to it which have a direct
transition to the target cell, then put them in a set A.

2- Each cell in the set A has different paths to the target cell from these paths the
one with the minimum cost function is taken (Figure 5.1).

3- For each cell in the set A find a set B; which contains cells having a path to a
cell in A, now each cell in A is considered as a target cell.

4- For each set B; apply step 2.

5- Each cell in a set Bj is now considered as a target cell and the above

procedures are applied to it.

6- Keep back propagating in this manner until the whole data set is exhausted,

After the search steps are applied we have a set of cells transitions and the
corresponding optimal control action which can drive them to the target cell,
which is called the optimal control table. The optimal control table itself can be

used as a direct digital controller with its known disadvantages. Instead this OCT
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can be used as the source of knowledge of the fuzzy controller. The entries of the
table will be used as a training data to estimate the parameters of the fuzzy

controller in the next section.

5.3 Construction of the Fuzzy Controller

Typical fuzzy controllers consist mainly of a rule base, a fuzzy inference
engine, input interface (fuzzifier) and output interface (defuzzifier).

The rule base is constructed from a collection of IF-then rules and the

inference engine operates on the rule base to determine a mapping from fuzzy sets
in the input universe of discourse y < R” to a fuzzy set in the output universe of

discourse V < R™
A fuzzy rule base has the form:

R:IFx isf andx,isf, . .. andx, isf, THEN u is G| and u, is G} . . . and u, is G

1% ‘ / 4 ! o / . / » /
R':IFx, isf andx, isf, .. .andx, isf, THEN u, is G, and u, is G, . . . and Ushisi Gl

| . M .M : M . M . M 4
RM:IF x, isf," andx, isf," . . . and x, is f,” THEN w, is G and u, is G,"...andu_is GM

X;.X2,. ..,X, are the states of the plant and u; uy, ...u,, are the control actions
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The fuzzy inference engine operates on the fuzzy IF-THEN rule to perform a

mapping:
~/ / / / /
fi X S D G R (5 (5.3)

/ ! : ; 33
where, G, G., ..., G, are fuzzy sets in yxU and x is the composition

operator. Rewriting the previous rule in the implication form:

A— B
(5.4)

There are many methods for interpreting the previous implication. The

most common of them are the minimum (min) operation rule of fuzzy

implication:
/JA_,/;(X’“) =min{u ,(x). 1y (u)} (6.5)
The product operation rule of fuzzy implication:

5 (1) = 42,(x), 15 (1) (5.6)

The fuzzifier performs a mapping from a crisp point x = (x; ,x, , . . . )

into a fuzzy set A. The fuzzifier may be of the singletone type:

] ifx =x
L, = {
SR e

or a nonsingletone type (Lee(1990)):



1 iy =
/’l.-l = . 7 - )
exp[-(x'-x) (x'-x)/0"]

(5.8)

The defuzzifier performs a mapping from fuzzy sets in U to crisp point in

I The most common defuzzifier is the center average defuzzifier:
M
T L /
Z u py(u')
=1
(5.9)

The whole mapping of the fuzzy logic system (Wang, 1994) with

singleton fuzzifier, product inference rule and center average defuzzfier can be

represented by:

i uIH”,uZ (u’ )

(5.10)
ZHN /
[f the gaussian function is taken as the membership function then:
Zune‘(p[ (X=X Yi(x'—x, )/ o?]
(5.11)

u

Z ﬁexp x'-x) (x'=x)/0’]

The fuzzy logic system (Equation 5.11) has three design parameters which

are: u'. x, and 0. These parameters are design parameters of the fuzzy logic
b1 ,

controllers, they can be trained to find the optimum values for them.

Rewriting Equation (5.10) in the form:



Where

n /

PI-(x)= | ,/UB(L‘)

> [Tk
/=]

J=1L20 St

p; 1is called fuzzy basis function (FBF) (Wang, 1994).

The expansion (5.12) (called the fuzzy logic €xpansion) with the
definition of p; and the gaussian function (which has a radia] structure) js

equivalent to the expansion (3.6) of Chapter 3, which can be clearly represented

as radial basis expansion.

The fuzzy logic system can be represented as a radial basis function alike
network. This network can be trained using the OLS algorithm used in Chapter 3.
In this work OLS algorithm was used to train the system. The input and output
values are the entries of the optimum control table derived before. The inputs are
the states of the plant x; , x> and the load. The outputs are the contro] actions u;
> . The same treatment of Equation (3.6) is used here to solve the problem of

/
finding the set of centers x. and the set of parameters u' . .

The OLS algorithm code has to be modified to match the new problem, Equation

(5.12) is rewritten in the matrix form:
u =P (5.13)

u=[u(l),u(2),....u(N)], P=1py Py u 15 2 = [0, p,(2),..., p(N)]
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" The OLS algorithm transforms the set of p; into a set of orthogonal basis

functions, and uses only the significant vectors to form the final FBF expansion

The algorithm steps will be as follows:
Step [

For 1 <i< N, compute

W= p,, gl =) d" 1 ()W)
lerr] = (g)P(w) i/ (d"d")

Find
[err]? = max([err]; , 1SisN)

| A i
select w = wil=p, , &=8

kth Step
), 1< )<k

firr 7§ el
a 1k P “’/ p’ /(“)/ ‘/V/

k=1 ? NPk S
W, = D; —Za’/.kw, Ry =(w,)" d" [ ((w) wy)
j=1

[err]*) = max([err]}; ARSI i fyeen i # By )
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select wW,=w,, g=g

Solve the triangular system:

/ M,
44\1\9‘\/\ =g~ v

2 3 7
155 iy s o
0' e Uy
A M =
iM
0 o0 I ay u
() §os{) 0 1

8" =[gngl s 0 =[0%,..0M]

The final FBF expansion is

M,
M,
s Z P i (x )(9 J
j=I
The same code used for modeling in Chapter 3 is also used here with some
little modification to suit the problem discussed here.

For the |oad condition the set of centers is given by the matrix C”

(5.13)

For the no load condition:

{2
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C = —/
)
(5.14)

GiE c,T. Py, Piioil o, pi,and p; are given on pages 90-95 .

5.4 Simulation, Results and Discussion

A block diagram of the fuzzy controller and the plant is shown in Figure
5.2. The controller has two control modes, a mode under no load conditjon and a
mode under load condition In the load condition the controller has three inpyt
signalé, which are; the speed, manifold pressure, and the Joad and two output
signals, which are the throttle angle and the ignition timing. In the po load
condition the inputs to the controller are the two states( P and N) and the outputs
are the throttle and ignition timing signals.

The idle mode controller designed here starts control at speed 1150 [r.p.m]
when the engine is decelerating to the idle condition. In Figure 5.3 a,b the
response curves for the speed and pressure under no load condition are shown
with the control signals in Figure 5.3¢,d and the state trajectories in Figure 5 3e.
Control performance in no load condition for different initia] conditions is shown
in Figures 5.3 to 5.4 where we can see that the states of the system are converging

to the equilibrium point (750 r.p.m,30 kPa).
The number of rules in the no load mode is 34 while in the ]oad condition

is 76. The number of rules depends mainly on the number of cells in the domain
of interest, (in other words depends on the speed at which the idle mode control is

nabled). If we reduce the domain of interest of the cells in the no load or load
enabled). /

e ales Wi duced. For example the number of rule
el 6 f rules will be re 8
conditions the number 0

87



required to control the idle mode under load condition at 750 r.p-mis 14 rules (if
the idle mode is enabled at 850 r.p.m). We prefer to enlarge the domain of cell's
sPace and consequently the number of rules to compensate for variations of the
Plant parameters over its time life and unexpected operating conditions (speed or
Pressure overshoots). A second reason is the nature of fuzzy controller, as the
fuzzy controller is nothing more than a predefined associative memory (FAM)
which cannot extrapolate unless it is designed to be a self organizing or adaptive,
In other words, for our case (where operating conditions and plant parameters can

abruptly change) the control strategy will be more robust and reljable with

increased number of rules.
Convergence to the equilibrium and dynamic response characteristics

(especially the settling time) of the plant were severely affected by the spread
factor of the gaussian membership function. The spread factor determines the
degree of overlap between the labels of the rule base. It can severely affect the
Performance of the designed fuzzy controller in the load mode. That is mainly
because of two reasons. The first reason is that the designed controller is a multi
input multj output fuzzy controller (three input variables and two output contro]
actions). The second reason is the rough quantization of the third input variable
(torque) in trying to reduce the number of rules. The spread factor has been tuned
When the state trajectories are approaching the equilibrium point under different
’md“ng conditions. The method of choosing this parameter proposed by Wang
(1994) was not practical in our case. However the same spread factor was Initially
used for the whole rule base. Later on, it was tuned on-line under the [oad

ilibrium point.
condition so the states can converge to the equ P

88



Simulation under load condition is shown in Figures 5.5, where in all
cases the plant states still converge to the required equilibrium points of the spee
with higher manifold pressure. In all situation the states of the System converge to
the equilibrium point or to a very small region Q around it.

Quantitative analysis of nonlinear control Systems behavior is not so
obvious like the one of linear control systems. For the linear type it is possible to
Systematically specify some specifications like settling time, overshoot and rise
time. For a nonlinear control system the situation is different as the system
response for an input signal is different from the response to another Input signa]
and a frequency response domain analysis is not possible, Instead some

qualitative specifications such as stability, accuracy and speed of response,

robustness and cost are used.
For the fuzzy control system designed here it can be seen that system is

globally stable because over all its controllable space, the system states converge
to the equilibrium point and stay in Q. Accuracy of the outputs responses can be
seen in all Figure 5.3a.be and Figure 5.4ab.e where the speed response
converges to 748 to 752 of a nominal value 750, the manifold pressure converges
to 29.6 kPa of a nominal value 30 kPa. The speed of response can also seen from
the same figure where in all cases the states settle in less than 0.4 second.

As a proof of the robustness of the control system the parameters of the
plant are changed with small percentages. [t can be seen from Figure 5.6a,b,e.
that the states of the plant still converge roughly to the neighborhood of the
equilibrium point. From the above discussion it can be concluded that the

controller developed here performs efficiently as can be seen from the simulation
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results. It can compensate for plant uncertainties and drive the states of the system

accurately to their equilibrium point.

Controller parameters are given in the following matrices:

r0.9190 05087 0.6444
0.7468 0.7530 0.6440
0.8356 0.6261 1.0086
0.9186 02552 0.3205
1.0022 03776 1.0082
0.9148 03810 0.6498
0.7473 0.6344 0.3220
0.8345 03827 0.3277
0.8344 0.6341 0.6439
0.7441 08782 1.0067
0.6545 0.5024 1.0069
0.6589 0.8833 0.6500
0.8327 03771 1.0002
0.6588 08763 0.3238
0.6597 02572 1.0047
1.0061 0.1254 03233
0.6547 02548 0.6497
0.9205 05027 1.0011
0.8309 0.7585 1.0052
109131 02577 0.6486

0.9196 02555 1.0004
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P

[0.9406
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0.7444
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CHAPTER 6

CONCLUSIONS

6.1 Conclusions

The main conclusions to be drawn from this study are:

A MIMO nonlinear black box input output model of a first order
nonlinear difference equation for each submodel was found to represent

efficiently the dynamics of the idle mode. This was verified by the

correlation tests.
Including the manifold pressure in the modeling process helps to make

the speed more stable in control as the manifold dynamics play an
important role in the whole plant dynamics and strongly affects the

speed dynamics.
The identification experiment must be run carefully to emulate the rea]

time operating condition of the engine in every day life.

The designed fuzzy controller can drive the system to its equilibrium

point efficiently under different loading conditions.
The reliability and robustness of the fuzzy control system developed in

this work depends on increasing the domain of interest of the cell space
and consequently the number of rules increases. This can be concluded
from the increasing number of basis function required by the radial basis

functions network to approximate the mapping of the fuzzy system,

6.2 Future Work :
The methods applied in this work for modeling and control of the engine

idle mode were found to be successful. However we recommend the

foHowing:

A sful real time implementation of the work done here will be an
A succes | .

to extend the project to include other engine control modes like e
avenue to ex

: L
fuel injection and the cruise contro
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Different operating and maintenance conditions, different users and the
maintenance individual's skills, and weathers in different places can
affect the aging conditions of the engine and make drastic changes to the
engine parameters. In cases like that it is preferred to use adaptive
control strategies to compensate for the aging of the engine parts and
unit to unit variability.

A fuzzy controller is some sort of an associative memory, which is
called "FAM". The ability of an associative memory to enlarge different
system changes is limited unless it is self organizing or adaptive. As
mentioned before the system being controlled may suffers drastic
changes in its parameters, which could make the FAM performance

unsatisfactory. An adaptive fuzzy controller could be an interesting
solution, but this solution requires a model in a feedback linearized form
(a linear in control form) [Wang (1994), Vandegrift et al (1995),
Jagannthan and Lewis (1996), Ying and Lewis (1994)]. That depends
mainly on the mathematical form of the state equation of the mode]
(Slotine (1991)) and the possibility of making the suitable state
transformations to the mathematical form of the plant model. Ap
interesting solution to this problem will be to investigate a black box

model. which is nonlinear in the system states and linear in control.
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Plate 5.2 the right side of the engine mounted on the engine test bed
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