
NONLINEAR IDENTIFICATION AND ADAPTIVE CONTROL
OF COMBUSTION ENGINES

Rolf Isermann and Norbert M üller
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Abstract: Advanced engine control systems require accurate models of the thermodynamic-
mechanical process, which are substantially nonlinear and often time-variant. After briefly
introducing the identification of nonlinear processes with grid-based look-up tables and a
special local linear Radial Basis Function network (LOLIMOT), a comparison is made with
regard to computation effort, storage requirements and convergence speed. A new training
algorithm for online adaptation of look-up tables is introduced which reduces the convergence
time considerably. Application examples and experimental results are shown for a multi-
dimensional nonlinear model ofNOX emissions of a Diesel engine, and for the adaptive
feedforward control of the ignition angle of a SI engine.Copyright c
 2001 IFAC
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1. INTRODUCTION

The last two decades in the automotive industry have
seen an ever increasing usage of electronics. In the mid-
dle 1970s car manufacturers introduced microprocessor-
based engine control systems to meet the conflicting
state regulations and customer demands of high fuel
economy, low emissions, best possible engine perfor-
mance and ride comfort. Especially the American reg-
ulations (clean air act 1963, on-board diagnosis (OBD
I 1988, OBD II 1994)) and the corresponding European
regulations EURO 1 (1992), EURO 2 (1996), EURO 3
(2000) had a considerable effect on the development of
new engine control strategies. New sensors with elec-
trical output and new actuators had to be developed.
Also auxiliary units like electro-mechanical controlled
carburetors and low pressure injection systems for SI

engines and high pressure injection systems for Diesel
engines have shown a development from pure mechan-
ical to electro-mechanical devices with electronic con-
trol. New actuators were added like for exhaust gas
recirculation, camshaft positioning and variable geome-
try turbochargers. Today’s combustion engines are com-
pletely microcomputer controlled with manyactuators
(e.g. electrical, electro-mechanical, electro-hydraulic or
electro-pneumatic actuators, influencing spark timing,
fuel-injector pulse widths, exhaust gas recirculation
valves), severalmeasured output variables(e.g. pres-
sures, temperatures, engine rotational speed, air mass
flow, camshaft position, oxygen-concentration of the
exhaust gas), taking into account differentoperating
phases(e.g. start-up, warming-up, idling, normal oper-
ation, overrun, shut down). The microprocessor-based



control has grown up to a rather complicated control unit
with 50-120 look-up tables, relating about 15 measured
inputs and about 30 manipulated variables as outputs.
Because many output variables like torque and emission
concentrations are mostly not available as measurements
(too costly or short life time) a majority of control func-
tions is feedforward.

In the future new electronically controlled actuators and
new sensors entail additional control functions for new
engine technologies (variable turbine geometry (VTG)
turbo chargers, swirl control, dynamic manifold pres-
sure, variable valve timing (VVT) of inlet valves). In-
creasing computational capabilities using floating point
processors will allow advanced estimation techniques
for non-measurable quantities like engine torque or ex-
haust gas properties and precise feedforward and feed-
back control over large ranges and with small tolerances.

2. CONTROL STRUCTURE FOR INTERNAL
COMBUSTION ENGINES: STATE OF THE ART
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Fig. 1. Simplified control structure of a SI engine

Modern IC engines obtain increasingly more actuating
elements. SI engines have - except the classical inputs
like amount of injectionminj , ignition angle�ign, in-
jection angle�inj - additionally controlled air/fuel ratio,
exhaust gas recirculation and variable valve timing, see
Fig. 1. Diesel engines were until 1987 only manipu-
lated by injection mass and injection angle. Now they
have additional manipulated inputs like exhaust gas re-
circulation, variable geometry turbochargers, common
rail pressure and modulated injection, seeFig. 2. The
engine control system has therefore to be designed for
5-10 main manipulated variables and 5-8 main output
variables, leading to a complex nonlinear multiple-input
multiple-output system. Because some of the design re-
quirements contradict each other suitable compromises
have to be made. Since the majority of control functions
are realized by feedforward structures, precise models
are required. Feedback control is used in the case of
SI engines for example for the�-control (keeping a
stoichiometric air/fuel ratio�=1 for the catalyst), for
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Fig. 2. Simplified control structure of a Diesel engine
with turbocharger

the electronic throttle control and for the ignition an-
gle in case of knock. Diesel engines with turbochargers
possess a charging pressure control with waste gate or
variable vanes and speed overrun break away. Both en-
gines have idling speed control and coolant water tem-
perature control. Additionally, there are several auxiliary
closed loop controls like fuel pressure control and oil
pressure control. All control functions have to be de-
fined for all possible operating phases. Most feedfor-
ward control functions are implemented as grid-based
two-dimensional (i.e. two input signals) look-up tables
or as one dimensional characteristics. This is because
of the strongly nonlinear static and dynamic behavior of
the IC engines and the direct programming and fast pro-
cessing in microprocessors with fixed point arithmetics.
Some of the functions are based on physical models with
correction factors, but many control functions can only
be obtained by systematic experiments on dynamome-
ters and with vehicles.

3. IDENTIFICATION OF NONLINEAR SYSTEMS:
LOOK-UP TABLES

Due to the extremely nonlinear dynamics of internal
combustion engines, and due to the fact that often mea-
sured data is the only available information on the con-
nection between cause and effect, engine control units
rely heavily upon the calibration of black-box models.
In spite of their limitations to problems with one- and
two-dimensional input spaces, grid-based look-up tables
are by far the most common type of nonlinear static
models used in practice. The reason for this lies in their
simplicity and their extremely low computational eval-
uation demand. Modern engine control units of spark
ignition engines contain more than 100 look-up tables
(Adler, 2000).

In the following the basics of grid-based look-up tables
are given. The off-line estimation of the heights of the
interpolation nodes will be explained, followed by the
presentation of an on-line adaptation algorithm using the



NLMS approach and a newly developed, modified RLS
algorithm.

3.1 Structure of two-dimensional look-up tables

Grid-based look-up tables can also be interpreted as a
2nd order B-spline network (Brown and Harris, 1994).
They consist of a set of data points or interpolation nodes
positioned on a multi-dimensional grid. Each node com-
prises two components. The scalar data point heights are
estimates of the approximated nonlinear function at their
corresponding data point position. All nodes are stored
e.g. in the ROM of the control unit. For model generation
usually all data point positions are fixed a-priori.
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Fig. 3. grid-based placement of the interpolation nodes
of a two-dimensional look-up table.

In the following we consider a two-dimensional look-
up table of the sizeM1 � M2, see Fig. 3. It con-
sists of interpolation nodes, located on the grid lines
g1;1; : : : ; g1;M1 andg2;1; : : : ; g2;M2 . The model output
ŷ(u1; u2) for a given input(u1; u2) is calculated by
considering the closest points to the bottom left, bot-
tom right, top left, and top right of the model input,
seeFig. 4. The heights of the interpolation nodes�k;l,
�k+1;l, �k;l+1, and�k+1;l+1 are weighted with the cor-
responding opposite area:

by = �k;l �
Ak+1;l+1

A
+ �k+1;l �

Ak;l+1

A

+ �k;l+1 �
Ak+1;l

A
+ �k+1;l+1 �

Ak;l

A

(1)

with the areas

Ak+1;l+1 = (g1;k+1 � u1) (g2;l+1 � u2)
Ak;l+1 = (u1 � g1;k) (g2;l+1 � u2)
Ak+1;l = (g1;k+1 � u1) (u2 � g2;l)
Ak;l = (u1 � g1;k) (u2 � g2;l)

The total areaA is calculated as

A = (g1;k+1 � g1;k) (g2;l+1 � g2;l);
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Fig. 4. Areas for interpolation within a two-dimensional
look-up table.

with k and l denoting the closest interpolation node
which is smaller thanu1 andu2, respectively. (1) can
be described in a basis function formulation

by = MX
i=1

wi ��i(u; c) (2)

with theM -dimensional weighting vector

w = [�1;1 : : : �M1;M2 ]
T

= [w1 w2 : : : wM ]T (3)

which represents the heights of the interpolation nodes.
With regard to (1) for each input vectoru = [u1 u2]

T in
general only 4 basis functions�i are non-zero. The basis
functions depend on the positionsc of the interpolation
nodes and on the input vectoru.

3.2 Off-line estimation of the look-up table heights

For generating a look-up table, the most widely applied
method to obtain the heights of the interpolation nodes is
to position measurement data points directly on the grid
points. Then, an additional approximation step can be
avoided. However, if available measurement data points
do not correspond to the desired positions of the grid,
or if the locations of the grid have to be changed due
to memory restrictions, estimation techniques have to be
applied in order to derive the heights of the interpolation
nodes. This allows an arbitrary positioning of the grid
lines, irrespective of the location of the measurement
data points. In the following an approach for off-line
estimation of the heights of the interpolation nodes is
explained.

The optimization of the grid location represents a non-
linear optimization problem and is not addressed in this
paper, in principle, any nonlinear optimization technique
can be applied, (Nelles, 2000).

The off-line estimation of the heights of the interpola-
tion nodes can be performed by least squares method
(Isermann, 1992), in order to fit to measurement data
that does not lie on the pre-specified grid (Nelles and



Fink, 2000). The loss function
PN
i=1 e

2(i) is mini-
mized, wheree(i) = y(i)� ŷ(i) represent the model
errors for data samplefu(i); y(i)g. For a given data set
fu(i); y(i)gNi=1,N > M , the regression matrixX is

X =

2
6664
�1(u(1); c) �2(u(1); c) � � � �M (u(1); c)
�1(u(2); c) �2(u(2); c) � � � �M (u(2); c)

...
...

...
�1(u(N); c) �2(u(N); c) � � � �M (u(N); c)

3
7775

where N is the number of data samples of the input
datafu(i)gNi=1, andc contains the coordinates of the
interpolation nodes.

The parameter vectorw, which contains the heights of
the interpolation nodes, see (3), is given as

w = (XT
X)�1XT y; (4)

with y = [y(1) y(2) : : : y(N)]T .

The regression matrixX is typically sparse. In the two-
dimensional case each row ofX contains only 4 non-
zero elements. If the measurement data does not cover
the whole input space, some basis functions will not be
activated at all,X will contain columns of zeros and
may become singular. In order to make the least squares
problem solvable the corresponding regressors and their
associated heights have to be removed vomX andw
(Nelles, 2000).

3.3 On-line adaptation of look-up table heights using
NLMS algorithm

On-line -or instantaneous- learning means that infor-
mation about the desired input/output behavior is given
only by isolated samples(u(t); y(t)). On-line adaptation
is of special importance for time-variant systems, e.g.
due to changing ambient conditions or aging. The adap-
tation method with the lowest computational require-
ments is thenormalized least mean squarealgorithm
(NLMS) (Brown and Harris, 1994), it can be applied as
follows for the adaptation of the heights of the interpo-
lation nodes:

wi(t+ 1) = wi(t) + � � e(t) �
�i(u(t); c)PM
j=1�

2
j (u(t); c)

;

e(t) denotes the error between the correct valuey(t) and
the old network output̂y(u(t)). The learning rate� must
be within the range0 < � < 2, however, appropriate
values vary between 1 for fast learning and� << 1
for robustness against measurement noise. In order to
further improve robustness against noise and to avoid
over-fitting, a dead zone with minimal error value for
parameter adaptation can be set (Heiss, 1996).

initializew; v; ~�;P

collect measurement data(u1; u2; y)

determine surrounding nodes

update and savew andv
initialize ~� andP

RLS update

?

?

?

?

?

-

old
nodes

new
nodes

Fig. 5. flow chart of modified RLS algorithm

3.4 On-line adaptation of look-up table heights using
RLS algorithm

In relation to the usually used NLMS algorithm, the con-
vergence time during on-line adaptation of the heights
of the interpolation nodes can be considerably reduced
by applying recursive least squares (RLS) algorithms
(Isermann, 1992). The look-up table consists ofM1 �
M2 interpolation nodes, however numerical stability can
only be obtained, if the problem is reduced to the estima-
tion of fewer parameters. The algorithm proposed in the
following estimates only the heights of the surrounding
interpolation nodes of a query point, i.e. instead of the
M parameters inw only 4 parameters~� are estimated
at each time instant. During adaptation, the algorithms
requires for each heightwi the storage of a variance
value�2i . Without prior knowledge the variancesv =
[�21 :::�

2
M ]T can be initialized as�2i = 100:::1000.

We consider the estimation of the parameter vector
~� = [�k;l; �k+1;l; �k;l+1; �k+1;l+1]

T = [wj :::wj+3]
T ,

seeFig. 4. The matrixP is initialized as

P =

0
BB@
�2j 0 0 0

0 �2j+1 0 0
0 0 �2j+2 0

0 0 0 �2j+3

1
CCA ; (5)

standard RLS estimation can then be applied:


(t+ 1) =
1

�+  T (t+ 1)P (t) (t+ 1)
P (t) (t+ 1)

~�(t+ 1) = ~�(t) + 
(t+ 1)
�
y(t+ 1)�  T (t+ 1)~�(t)

�
P (t+ 1) =

1

�

�
I � 
(t+ 1) T (t+ 1)

�
P (t)



with

 (t) = [�j(u(t); c) ::: �j+3(u(t); c)]:

� is a forgetting factor that allows exponential forgetting
of the old measurements. It allows a trade-off between
tracking performance and noise suppression.�j are the
weighting functions as in (2).

Before each RLS update the algorithm verifies that the
surrounding interpolation nodes did not change as a
result of a changing operating condition. However, if
the surrounding interpolation nodes changed since the
last update, the diagonal elements ofP are retrieved
and saved in the variance vectorv. P is re-initialized
as in (5), the variances of the new interpolation nodes
are used as the new diagonal elements.Fig. 5 shows the
flow chart of the proposed RLS algorithm for updating
look-up tables.

In order to avoid deterioration of the already estimated
model parameters, a supervisory level freezes the iden-
tification algorithm if excitation is insufficient, e.g. if
deviations between model output and desired output are
incremental.

4. FAST LOCAL LINEAR NEURAL NETWORKS

Look-up tables are restricted to one- and two-dimensional
applications since memory and computational require-
ments grow exponentially with the number of input sig-
nals. For high dimensional problems, neural networks
have been successfully applied. Well known neural net-
works for the identification of nonlinear processes are
multilayer perceptrons (MLP) and radial basis functions
(RBF), (Isermannet al., 1997). In the following local
linear model networks are considered which have sev-
eral advantages for engine measurements. Local linear
model tree (LOLIMOT) is an extended radial basis func-
tion network. It is extended by replacing the output layer
weights with a linear function of the network inputs
(Nelles, 1999). Thus, each neuron represents a local
linear model with its corresponding validity function.
Furthermore, the radial basis function network is nor-
malized, that is the sum of all validity functions for a
specific input combination sums up to one. The Gaus-
sian validity functions determine the regions of the input
space where each neuron is active. The input space of the
net is divided intoM hyper-rectangles, each represented
by a linear function.

The outputy of a LOLIMOT network with n inputs
x1; : : : ; xn is calculated by summing up the contribu-
tions of allM local linear models

ŷ =

MX
i=1

(wi0 + wi1x1 + :::+ winxn) � �i(x) (6)

Fig. 6. First four iterations of LOLIMOT training algo-
rithm

wherewij are the parameters of thei-th linear regression
model andxi is the model input. The validity functions
�i are typically chosen as normalized Gaussian weight-
ing functions.

�i(x) =
�i

MP
j=1

�j

(7)

with

�i = exp

�
�
1

2

(x1 � ci1)
2

�2i1
� :::�

1

2

(xn � cin)
2

�2in

�

with center coordinatescij and dimension individual
standard deviations�ij . LOLIMOT is trained as follows.
In an outer loop the network structure is optimized.
It is determined by the number of neurons and the
partitioning of the input space, which is defined by the
centers and standard deviations of the validity functions.
An inner loop estimates the parameters and possibly
the structure of the local linear models. The network
structure is optimized by a tree construction algorithm
that determines the centers and standard deviations of
the validity functions (Fig. 6).

The LOLIMOT algorithm partitions the input space in
hyper-rectangles. In the center of each hyper-rectangle,
the validity function of the corresponding linear model is
placed. The standard deviations are chosen proportional
to the size of the hyper-rectangle. This makes the size of
the validity region of a local linear model proportional
to its hyper-rectangle extension. Thus, a model may be
valid over a wide operating range of one input variable
but only in a small area of another one. At each iteration
of the outer loop, one additional neuron is placed in a
new hyper-rectangle, which is derived from the local
linear model with the worst local error measure

Jlocal =

NX
j=1

�i(x(j)) � (y(j)� ŷ(j))2:

In other words, the local error is the sum of the squared
errors weighted with the corresponding validity function
�i over all data samplesN . The new hyper-rectangle is



Fig. 7. LOLIMOT net with external dynamics, LLM:
Local Linear Models The filters are chosen as sim-
ple time delaysq�1

then chosen by testing the possible cuts in all dimen-
sions and taking the one with the highest performance
improvement.

In an inner loop the parameters of the local linear models
are estimated by a local weighted least-squares tech-
nique. The prediction errors are weighted with the cor-
responding validity function. Each local linear model is
estimated separately, that is the overlap between neigh-
bored local models is neglected. This approach is very
fast and robust. It is especially important to note that
due to the local estimation approach the computational
demand increases only linearly with the number of local
models.

In addition to approximating stationary relations of non-
linear processes, LOLIMOT is also capable of simulat-
ing the dynamic behavior of processes. In order to model
multivariate, nonlinear, dynamic processes the following
time-delay neural network approach can be taken.

ŷ(t) = f (x(t))

x(t) = [u1(t� 1); :::; u1(t�m); :::; up(t� 1):::;

up(t�m); ŷ(t� 1); :::; ŷ(t�m)]T

wherem is the dynamic order of the model,u1(t); : : : ; up(t)
are thep model inputs and̂y(t) is the model output at
time t, seeFig. 7.

Some of the main advantages of the LOLIMOT ap-
proach is its fast training time of some 10..30 s, com-
pared to many minutes to hours with other neural net-
works, its applicability to adaptive problems (Fischeret
al., 1998) and the interpretability of the net structure and
parameters in a physical sense.

4.1 On-line Adaptation of the LOLIMOT Parameters

For on-line adaptation of the LOLIMOT network, the
validity functions�i are kept fixed and only the param-
eters of the local linear models are adapted.
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Fig. 8. Nonlinear test function with two input signals.

The followingrecursive weighted least-squares(RWLS)
algorithm with exponential forgetting is utilized to es-
timate the parameters of each local linear model. For
the j-th local linear model, it computes a new param-
eter estimatewj(t) at the time instantt as follows, see
(Isermannet al., 1992):


(t+1)= 1
�

�j (x(j))
+ T

j
(t+1)P j(t) 

j
(t+1)

P j(t) j(t+1)

wj(t+1)=wj(t)+
j(t+1)
�
y(t+1)� T

j
(t+1)wj(t)

�

P j(t+ 1) = 1
�

�
I � 


j
(t+ 1) T

j
(t+ 1)

�
P j(t)

� is a forgetting factor that implements exponential for-
getting of the old measurements and�j is the weight-
ing of the actual data with the validity function value.
The role of the forgetting factor as well as supervisory
tasks for the on-line adaptation are discussed in (Finket
al., 1999).

5. COMPARISON OF LOOK-UP TABLE AND
LOCAL LINEAR NEURAL NETWORK FOR THE

TWO-DIMENSIONAL CASE

For the comparison of the on-line adaptation algorithms
of look-up table and local linear neural network, a non-
linear test function with two input signals was consid-
ered, seeFig. 8. The testing structure shown inFig. 9
was used to train the look-up table using NLMS and
RLS adaptation algorithms and the LOLIMOT neural
network using RWLS adaptation algorithm.u1 andu2
have been random numbers within[0; 1], before training
the network parameters of look-up table and LOLIMOT
neural network have been initialized to zero.

Fig. 10shows the comparison of memory requirements
and computation time, and of time of convergence for
the on-line training. In the first and second diagrams,
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values in black refer togeneralization, values in white
refer to the case that alsoadaptationis activated. All
data is normalized to look-up table values without adap-
tation. The first column shows values of the look-up
table, using the NLMS adaptation algorithm. Memory
and computational requirements are small, however time
of convergence is large. Additional memory and compu-
tational requirements of the NLMS adaptation is frac-
tional and not visible in the diagram. If the look-up table
is adapted using the proposed RLS algorithm, memory
expense doubles since in addition to the heights also
their covariances have to be stored. However, time of
convergence can be considerably reduced. Memory re-
quirements are large for the LOLIMOT neural network,
also the computational requirements, which is due to the
evaluation of the exponential functions. However, due to
the fast RWLS algorithm, time of convergence during
adaptation is very fast.

For the two dimensional case the conventional look-
up table outperforms the LOLIMOT neural network,
if fast convergence is required the application of RLS
adaptation is advantageous.
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Fig. 10. Comparison of memory and computational re-
quirements, as well as time of convergence for the
on-line training of a two-dimensional look-up and
a two-dimensional neural network.
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Notice however, that for the high dimensional case mem-
ory and computational requirements of the look-up ta-
ble grow exponentially with the number of input sig-
nals, which is not the case for the LOLIMOT algorithm
(Nelles, 1999). Therefore in the high dimensional case
the LOLIMOT algorithm would be the better choice.

6. NONLINEAR IDENTIFICATION OF EXHAUST
GAS COMPONENTS

Theoretical models of exhaust gas concentrations are
too complex and labor-intensive for control design. The
reason is that complex thermodynamic and chemical
equations, side-effects like swirl, tumble, quenching,
local temperatures etc. have to be taken into account
(Heywood, 1988). Therefore, exhaust gas models are
mostly experimental.

In contrast to two-dimensional look-up tables, neural
nets can easily be applied for high order problems in
order to represent all relevant variables influencing the
emissions. Depending on the complexity of the engine,
more than 5-7 inputs might be necessary to consider
the most relevant variables concerning the exhaust gas
formation. Among these are e.g. the engine speed, load,
injection angle and -pressure, EGR and the position of
the guide blades of turbochargers with variable turbine
geometry (VTG). Another advantage of dynamic neural
nets is the ability to dynamically measure the engine’s
behavior and calculate its static maps by means of the
dynamic neural network. Consequently, there is no need
to measure the whole look-up table using measurement
points on equidistant grids, which helps to save expen-
sive test stand time. As an example for engine emission
models, a dynamicNOX model of a 1.9l direct injection
diesel engine is described. When recording the training
data for dynamic models, one should always keep in
mind, that the measured data has to contain the whole
range of amplitudes and dynamics of the process in
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Fig. 12. Generalization of theNOX model trained with
the data in Fig. 11

order to get satisfying results. APRBS signals (ampli-
tude modulated pseudo random binary signal) are often
very suitable as process inputs because they excite the
process at a wide range of amplitudes and frequencies.
In this example, step responses of differing amplitudes
have proven to be suitable for the training of theNOX -
models.Fig. 11shows the dynamically measuredNOX
and the three net-inputsmf ,neng and�si of the training
data set (EGR and VTG were disabled during this test).

After building the neural model according to (8), the
model can be applied to a new (unknown) data set and
simulates theNOX according to the respective input
data (on-line in the vehicle, if necessary).

^NOX(k) = fLOLIMOT (mf (k � 1);

neng(k � 1);�si(k � 1); ^NOX(k � 1)
(8)

Fig. 12 illustrates the good generalization performance
of a first order dynamic net with 15 neurons for the
NOX emissions. Despite the excitation of the net-inputs

Fig. 13.NOX -Map, calculated from dynamic neural net

in Figs. 11 and 12 were of quite different quality, the
simulatedNOX is able to follow the measured values
with an error of just a few percent, which was quite
satisfying.

Another important feature of these dynamic neural mod-
els is the possibility of deriving stationary maps from
dynamic models. The data inFig. 11 led to a dynamic
model according to (8). This model was then used to
calculate the stationary two-dimensional look-up table
shown inFig. 13. Thus, it is possible to get a good visual
overview on the engine’s characteristics by maps derived
from dynamic measurements. Even more importantly,
this feature allows a fast dynamic measurement of the
engine’s characteristics and a calculation of the static
engine maps by means of the dynamic neural model.

The obtained dynamic model for theNOX emissions
can be used for online optimization tasks for modern
engine control units (Hafneret al., 2000). If sensors
for theNOX emissions should be available as they are
used in latest direct injection gasoline engines (Gl¨ucket
al., 2000), the RLWS adaptation method, see Section 4.1
could be used for online adaptation. This could be used
for compensation of varying fuel qualities or manufac-
turing tolerances.

7. ADAPTIVE FEEDFORWARD CONTROL OF
IGNITION ANGLE

Cylinder pressure signals contain valuable information
for closed loop engine control. For using this informa-
tion low cost combustion pressure sensors with high
long-term stability have been developed (Anastasia and
Pestana, 1987; Herden and K¨usell, 1994) and are al-
ready installed into certain production engines (Inoueet
al., 1993).

The objective ofignition control is to achieve optimum
engine efficiency for each combustion event. Generally
factors that influence the optimal ignition angle are en-
gine specifications like configuration of the combustion
chamber, operating conditions like engine speed, load,
temperature, and exhaust gas recirculation flow rate, as
well as ambient conditions such as air temperature, air
pressure and humidity in the atmosphere.

Standard ignition control systems are based on feedfor-
ward control and therefore rely heavily upon calibration
of look-up tables. The database values are initially cali-
brated from an analysis of a nominal engine under fixed
environmental conditions. However, aging effects, man-
ufacturing tolerances or a changing environment usually
change the engine characteristics and lead to deteriorat-
ing performance.

Based on cylinder pressure sensors, Learning Feed-
Forward Control (LFFC) can be used in order to opti-
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mize the point of ignition of each cylinder. The LFFC
consists of a function approximator, the latter is repre-
sented by a two-dimensional look-up table. The adaptive
look-up table is trained on-line using the RLS training
algorithm. The learning process is performed during nor-
mal operation of the engine, without determining special
excitation signals. The learning system is just collecting
and processing input-output samples at the individual
operating points.

7.1 Cylinder Pressure Evaluation

Not only thermodynamic analysis but also extensive
experimental results suggest that the optimum efficiency
of each combustion event is achieved if 50 % energy
conversion occurs at8Æ crankshaft angle (CA) after
Top Dead Center (TDC), irrespective of the operating
point, (Bargende, 1995; Matekunas, 1986). Therefore
the crank angle location of 50% energy conversion is
to be calculated and to be controlled by modifying the
point of ignition accordingly.

The energy conversion during a combustion cycle can
be described by the Mass Fraction Burned (MFB)
xMFB(�) of the cylinder charge at a specific crank angle
�. The MFB, in turn, can be approximated by

xMFB(�) =
p(�)V (�)� � pi V

�
i

peoc V �eoc � pi V
�
i

(9)

where p(�) and V (�) denote the measured cylinder
pressure and the cylinder volume at a certain crank
angle, respectively. The indiceseoc andi denote specific
crank angle locations at theend of combustion and
beforeignition, respectively.� stands for the polytropic
index.

This approximation can be derived by considering the
pressure-volume diagram of an ideal constant-volume
combustion cycle, seeFig. 14. For the compression
stroke (1 ! 2), as well as for the power stroke (3 ! 4)
an polytropic behavior can be assumed, i.e.

p(�) � V (�)� = C1 (10)
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Fig. 15. Approximation of MFB in comparison to ther-
modynamic analysis. The location of 50% MFB is
to be controlled by appropriate settings of the point
of ignition.

for the compression stroke and

p(�) � V (�)� = C2 (11)

for the power stroke. Therefore the amount of energy
QB , released between ignition (point2) and the end of
combustion (point3) is

QB � C2 � C1 = peoc � V
�
eoc � pi � V

�
i : (12)

During combustion the energy released is proportional
to p(�)V (�), normalized to the values between end of
combustion and ignition, which leads to equation (9).

In Fig. 15 for an arbitrary cycle the approximation of
MFB according to (9) is compared to MFB calculated
by thermodynamic analysis of the cylinder pressure. In
the presented control system the crank angle location of
xMFB(50%) is calculated by means of the approxima-
tion mentioned above.

7.2 Control Structure

Applying closed-loop ignition control with for example
standard PI-controllers, this cannot provide acceptable
control performance under fast changing operating con-
ditions since the controllers cannot be tuned for high
control effort. This is due to the fact, that after ignition
of the air-fuel mixture, the combustion cannot be influ-
enced any further. Therefore the ignition angle can only
be computed for the next cycle, based on measurements
from the present engine cycles. Therefore a dead time
of one cycle is inherent. Moreover as there exist sig-
nificant cycle fluctuations even under steady operating
conditions, the results of cylinder pressure evaluation
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of several engine cycles have to be averaged (e.g. a
moving average over 10 cycles is used). Because the
system error usually differs from one engine operating
condition to another, during engine transients it takes
a certain amount of time for the PI controller to ,,in-
tegrate” to a new ignition angle. The stochastic nature
of the combustion events can be seen inFig. 16. The
upper diagram shows the measured cylinder pressure
signals of the compression and the power strokes of 100
consecutive cycles of an arbitrary cylinder. The dotted
lines represent the reconstructed polytrope, which is the
component of the cylinder pressure which is due to the
piston motion (towed or motored pressure) . The lower
diagram depicts the corresponding crank angle locations
of 50% MFB, which are to be controlled to8Æ CA.
The stochastic nature of the combustion events is clearly
visible.

This motivates the use of Learning Feedforward Control
(LFFC), whose general structure is shown inFig. 17.
The linear controllerC is used to compensate random
disturbances and to provide a reference signal for the
learning feed-forward controller. It does not need to have
a high performance and can be designed in such a way
that it provides a robust stability. Since the learning
feedforward controller acts instead of a controller’s in-
tegral term, the linear controller is preferably a simple
proportional gain which can be deactivated for noise
suppression.

For the ignition control system the function approxima-
tor is divided into the conventional, fixed ignition look-
up table and into the adaptive offset map, seeFig. 18.
The operating condition is determined by the engine
load (a normalized value calculated from the intake man-
ifold pressure signal) and the engine’s rotational speed.
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Fig. 17. General structure of a LFFC (Learning Feedfor-
ward Controller). The controllerC is basically used
for the adaptation of the feedforward map
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The conventional look-up table determines an approx-
imate value of the ignition angle and is valid for all
cylinders, it is depicted inFig. 20. For each cylinder
the location of 50% MFB is calculated and compared
to the reference location of8Æ CA. Correction values are
calculated and memorized by the adaptive offset look-
up table of each cylinder, at the corresponding operating
condition. In order to reduce noise in the controller out-
put signal�i, no linear proportional controllerC is used
in parallel to the function approximator, seeFig. 17.

7.3 Measurement Results

In Fig. 19 at a constant engine speed of 2500 rpm a
certain load change sequence is repeated for three times,
see the third diagram. The first diagram shows the crank
angle locations of 50% MFB for two cylinders, which
are to be controlled to8ÆCA after TDC. The second
diagram depicts the correction values�z;adapt for the
ignition points of the corresponding cylinders. For the
first 50 sec only the conventional feedforward control is
active. The considerable deviations of the crank angle
locations of 50% MFB from the optimal value for best
engine efficiency at8ÆCA after TDC is visible, see
the upper diagram. Between 50 and 168 sec the adap-
tive feedforward controller is active. Since the adaptive
input-output map of each cylinder had been initialized to
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zero, it first has to be adapted for both operating condi-
tions. The control performance for the already adapted
feedforward control is shown between 130 and 160 sec.
Then it is switched back to the conventional, fixed feed-
forward control.Fig. 20 shows the conventional, fixed
ignition angle look-up table (a.)) and the adaptive offset
map of the second cylinder after a training sequence
(b.)).

In spite of the considerable, stochastic nature of the com-
bustion events, the adaptive feedforward control allows
to maintain the mean crank angle location of 50% MFB
around its optimal value at about8ÆCA after TDC.

8. REAL-TIME COMPUTER SYSTEM AND
EXPERIMENT CONTROL

As a matter of course the presented cylinder pressure
evaluation and the adaptive control algorithms require
a considerable calculation effort. State-of-the-art engine
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Fig. 20. Conventional ignition map (a.)) and adaptive
offset map of the second cylinder after a training
sequence (b.)).
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control units (ECU) would not be able to calculate
the algorithms in an appropriate time. Assuming that
the growth in calculating power proceeds at the high
speed of the past, future ECUs should make sufficient
calculation time available within only a few years.

However, special real-time computer systems already
allow an implementation and testing of the proposed
algorithms in vehicle or engine test stands. In order
to operate the control algorithms under realistic con-
ditions, an indicating system was implemented on the
basis of a PowerPC, type Motorola MPC 750, 480MHz,
and coupled with a rapid control prototyping (RCP)
system of the company dSPACE, which is also based
on a PowerPC. Both systems operate in parallel to the
production car’s ECU. The goal of the RPC system is to
enable a very fast end easy implementation and testing
of new control concepts on real-time hardware. The user
is enabled to code newly developed algorithms from
block diagrams (e.g. MATLAB/Simulink) and download
the code by means of an automatic code generation
software to the real-time hardware. A complete design
iteration can thus be accomplished within a few minutes
(Hanselmann, 1996).

The indicating system allows to evaluate the cylinder
pressure in real time with a resolution of1Æ crankshaft
angle for four cylinders. Thermodynamic and signal-
based characteristic cylinder pressure features are trans-
mitted to the RCP system. Based on this information,
appropriate correction values for the injection duration,
the ignition angle and the exhaust gas recirculation rate
are calculated and sent to the production car’s ECU via
CAN bus interface, seeFig. 21. The described real-time
hardware system enables very fast and easy implementa-
tion and testing of complex algorithms including exten-
sive data preprocessing for the cylinder pressure, even
under harsh real-time conditions of combustion engines.
Fig. 22shows the dynamometer, consisting of an 160kW
asynchronous motor coupled to the combustion engine.



Fig. 22. Asynchronous motor coupled to the combustion
engine

9. CONCLUSIONS

The demands for improved engine emissions, perfor-
mance and efficiency require the application of advanced
identification and control strategies. The proposed adap-
tation algorithms for grid-based look-up tables allow
the online training of the heights of the interpolation
nodes with improved convergence time. Fast neural net-
works with local linear models can approximate multi-
dimensional problems within small training times of
mostly less than a minute. The latter has been shown
for the dynamic modelling of theNOX emissions of a
direct injection Diesel engine.

Recent computational capacities and sensor technolo-
gies allow the online evaluation of cylinder pressure sig-
nals for ignition control. Using cylinder-selective adap-
tive feedforward controllers, the 50% point of energy
conversion can be kept near to the optimal point. The
proposed control system is capable to compensate for
manufacturing tolerances, fuel quality variations and
long-term effects such as aging or wear of the engine.
Moreover, the complexity and cost of engine calibration
can thus be reduced.
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