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Abstract pressure analysis a common tool in modern com-
bustion engine design [2, 12].
The increaSing demand for low emissions and |OWDuring the last few years, real-time engine con-
fuel consumption in modern combustion engingg| and on-board supervision based on cylinder
require improved methods for on-line diagnosjessure information have become of particular
and optimal control of the combustion process. jRterest. This is mainly due to the availability
this paper, it will be demonstrated that the cylinsf cost-effective cylinder pressure sensors, whose
der pressure signal can successfully be used d@kability are expected to meet vehicle life-time
this task. After introduction of some theoreti['_]_, 11] First app"cations in commercial cars have
cal background, several application examples &j€en reported in [15] and [14], where cylinder
presented: an on-line supervision of fuel injegressure sensors have been used for ignition con-
tion, some results on feedforward emission cofip| and for lean combustion engine control, re-
trol and a concept for feedback control of spadpectively. Since other sensors like the needle
tlmlng Experimental results obtained from Sto%roke sensor, the knock sensor or the air-mass
car diesel and Spark Ignition (Sl) engines are ifreter could be replaced, the resulting financial
cluded to support the automation concepts.  pyrden appears not as a major problem anymore
[10, 24].

) Using real-time combustion pressure measure-

1 Introduction ments as a feedback signal offers a variety of po-
tential advantages [23]. For example, closed loop

Cylinder pressure measurements have a long tggark timing controhims at optimal injection tim-
tory. Until the early fifties, pressure measuréag in the presence of changing engine and envi-
ments were only possible in steady state and ttommental conditions. In S| engines, another ap-
obtained data was mainly used for design puylication isknock detectionThe sensors currently
pose and combustion analysis. The developmesed for this task are known to be sensitive to am-
of electronic pressure sensors and the progresient noise, especially at high engine speeds [1].
in off-line computation power made the cylinddndeed, using a cylinder pressure sensor instead



allows to operate the engine close to the detord- Methods for Cylinder Pres-
tion limit, thus improving fuel economy and per- sure Analysis
formance. One manufacturer has reported power

improvements of 7 to 15 % [24]. To control or monitor the condition of the engine,

_ _ ) . areal-time analysis of the combustion heat curve,
Regarding control of fuel mixture in Sl engines,o  the transformed energy per rotation angle,

several control application can be found in the lifg, 1 pe desirable. Referring to first principles,
erature. Fotean-burn contro] statistical fluctua- {4 equation of combustion can be written as
tions between successive combustion cycles can

be_ monitor_ed. aqd allow to safely operate each dQpr = dW + dU, + dQ,, (1)
cylinder at its individual lean limit [14]. The same
approach can be used fekhaust gas recircula-wheredQ),, refers to gross heat energy released
tion (EGR) control where maximization of EGRdue to combustiond!V denotes the mechanical
ratio close to the misfire limit can be used fowork due to piston movement andd/; andd@,,
emission reduction [11]. By contrast, stoichigdenote change in sensible internal energy and heat
metricair-fuel ratio control can be performed bytransfer from charge to cylinder wall, respectively
extracting characteristic features from the pref$]. Note that mass changes due to piston ring
sure traces in combination with a calibration préow-by, valve leakage and fuel injection into the
cedure [6]. This allows air-fuel closed-loop corsylinder are ignored. However, for evaluating eq.
trol also during warm-up. (1), real-time conditions are difficult to match due
to high computational costs. For on-line appli-
Upcoming and future exhaust norms motivagations, an adequate pressure signal analysis is a
special interest irengine monitoringand fault more promising approach.
diagnosisof the compression, injection, ignition At Stanford University, Powell and co-workers
and fuel delivery systems. For exampiaisfire have used the Location of cylinder Peak Pressure
detectionis currently performed by monitoring(LPP) for closed-loop spark timing in SI engines,
the fly-wheel speed signal. At high engine speesie [13]. However, these early attempts had dif-
or low engine loads, this approach suffers fromfigulties when the combustion charge was highly
poor signal to noise ratio. The on-line analystéilute or the engine was under light load [8, 20].
of the cylinder pressure signal is one of the mo&nother approach has been to use momentums of
promising approaches to substitute the fly-whdbke pressure signal defined by

speed analysis. 540

My = [ pau(6) 6 o )

The relations between engine input signals like 2

fuel mass and injection point (ignition point for S
engines) and exhaust emissions have been stuaveéref corresponds to the crankshaft angle &nd
for a long time. For Sl engines, Nitzschke has a& an arbitrary integer, see [6, 7, 23].

ready shown that exhaust emissions are individuaDther groups have introduced competing con-
events without dynamics from rotation to rotatiocepts. At General Motors, Matekunas [20] pro-
[22]. Therefore, using the cylinder pressure f@osed to considgoressure ratiowhile at Darm-
feedforward controbf the individual exhaust pro-stadt University of Technology, Leonhardt intro-
duction is very likely to improve overall exhaustiuced thedifference pressurmethod, [16]. Both
emissions, especially in transient operation.  concepts are well suited for real-time applications



and will be discussed more detailed below. How-
ever, both concepts require an approximation of 60 |
the "motored” pressure curve, which will now be
introduced.
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2.1 Approximation of the Motored
Pressure
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A physically motivated approach assumes a poly- 10 |
tropic compression and calculates the recon- ;.
structed motored pressure at a specific crank angle

6 by 400 TDC 100
o crank angle [deq]
V;‘ef
pcyl,motored(g) = Dref - .
Ve (0) Figure 1: Reconstructed motored pressure and

whereV,,, andx refer to the cylinder volume andneasu_rezi&r)essure Ina (_1||esg| engmm,go/: 0
to the polytropic index, respectively. Since thef89: N = fpm, approximation errot 5 %
always is an inevitable sensor offset, the absolute

pressurey,.; has to be calculated at a predefined . _
crank angle (i.e. a predefined cylinder volunR@rameters andb are estimated on-line by a least

V,.;). This can be done by evaluating eq. (3) fGauares fit. Figure 1 shows the result. Note that
two different pressure samples during the corW—is second method is independent of any pressure
pression stroke [12]. The precision and robustn&§d1Sor offset.
of absolute pressure calculations can be improved
by using more than two samples of the compred:2 The Difference Pressure
sion stroke and by applying a least squares fit [7]. ) .

A computationally less demanding approa nly the difference pressug p.,,; carries infor-
developed by the authors is based on a numé’ﬁgtion on the combustion and thus on the input

: e 1

cal function approximation. For approximation o\farlables fuel mass:r and injection anglé;y".

the motored pressure, the cylinder pressure siglkprder t ‘_:almljlam pg/l’ thicomp‘;t‘:d mothort?_d g
prior to injection is reflected around TDC pressure signal must be subtracted from the fire

cylinder pressure signal
pcyl,motored(_e) = pcyl,measured(g) (4)

Apcyl(e) = pcyl,fired(e) - pcyl,motored(g) (6)
for —180 deg < 0 < O;n, Wherefd;y refers to
the angle of injection. Note that,; o0rea(f) = Figure 2 shows the result.
Peylmeasured(?) fOr 8 < 6;y. The missing curve
_segment is filled by a numerical function appro% 3 The Pressure Ratio Approach
imation
The energy conversion during a combustion cy-

_ 1.5
Peytmotored(0) = a |07 + b (®) cle can be described by the Mass Fraction Burned

for |9| < 0rx|. A small ignition o_IeIay (ID) re- 1y a signal theoretical sense, usidgp,.,; instead of
sulting iné}, = 0;p + 0;5 may be included. Thep.,, results in a contrast amplification

3
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Note that in Figure 3, the approximation of MFB

as calculated by eq. (7) is in good accordance to

a thermodynamic analysis as given in [12]. Note

: : v . further that eq. (8) again reveals the dependency

480 400 TDC 100 180 of this approach on a precise measuremept gf
crank angle [deg] see Section 2.1.
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Figure 2:Cylinder pressure curves of a diesel el RBF Networks

gine, fuel massn; = 10 mg, injection anglé®; y

= 16 deg, 2400 rpm Neural networks are known to be a valuable tool

for approximation of nonlinear mappings [19],

(MFB), see [20], which can be approximated byand may therefore be used for identification and
control of nonlinear dynamic systems.

@) In the following, a short introduction to design
and learning algorithms for Radial Basis Function

. . ) (RBF) networks is given.
Figure 3 illustrates the motored and fired pres-

sures during a combustion cycle, as well as MFB.
Considering eq. (6) and (3), this equation canl Structure of RBF Networks

‘ ‘ ‘ ‘ ‘ A RBF network as shown in Figure 4 is defined as
thermodynam. analysis . . . . . .
N\ e 100 a linear combination of radial basis functions

y(z) = 2_: w;®;(z, ¢;, 0;) (9)

where w; denote the output weights associated

with each of theM basis functionsd;,. z =

[x1 9 --- m,])7 is the input vector,c; =

[ci1 cio -+ ciy])T are the vectors of the center co-

oE— ordinates of the M basis functions, angddenote

.0 60 30 TDC 30 60 90 the widths of the basis functions. A very popular
crank angle [deg] choice for the radial basis function is the Gaussian

pcyl,fired(e)

MFB(0) ~
( ) pcyl,motored(g)

-1

25+

\ approximation 80

2 L
0 / '\ of MFB

pressure [bar]
MFB [%]

———

Figure 3:Fired and motored (polytrope) cyIinderG’( o) —e 1 (21 — cn)? n
pressure signals and approximation of MFB in a***” G, i) = ©xP o}
Sl engine (22 — cin)?

(l'n o Cin)2>> (10)

+... 4+
2
g:
be interpreted as a weighted difference pressure ’
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\‘,’v‘gig‘r‘]tts ” the process output signal fof training data sam-

‘ ples. Since no nonlinear optimization technique is
involved, fast training times can be achieved.

y For on-line learning, a training algorithm,
which can be applied during regular operation has
been developed. For local tuning of the neuron
weights, a simple yet computationally efficient
learning algorithm, the Normalized Least Mean

normalized Gaussian  Squares (NLMS) rule as given by [4]
(DM weighting functions ®

input
signals

i ()
new old i\L
Figure 4:Radial basis function network withnin- Wi =~ = W; + - e(x) - M 32(2) (13)
_ : j=1 25\
put nodes, M normalized Gaussians and one out-
put node was employed. Here;(z) denotes the error be-

tween the correct value and the old network out-

put. i represents the learning rate, which must be
G within the range) < © < 2. However, appro-

q>i(£7 G, Oi) - =M ~ (1 ) . .

G priate values vary betwednfor fast learning and

_ o 1 < 1 for robustness against measurement noise.
Due to this normalization, the neural network

forms a patrtition of unity which improves the in-
terpolation properties and makes the network legs Applications
sensitive to the choice of the widthg see [25].

which was used here in its normalized form:

j=1

4.1 Supervision of the Fuel Injection
3.2 Learning Algorithms of a Diesel Engine

In eq. (9) thre_:e different kinds of parameters 4Btom acontrol engineering viewpointa Diesel
pear: the weightsy;, the centers coordinates, o qine has two inputs: the injected fuel mass
and the standard deviations. First, the cen- and the injection angl®,y. The torqueTy,,

ters and the standard deviations have to be fix% soot and the exhaust g o

which is usually done by some heuristic approa%]gnals. Engine variables like the cylinder pres-

Common algorithms for center determination ag%repcyl’ the cylinder temperaturg,,;, the turbo

lattice methods, clustering or direct placemei{]argervariable@- andT; and the oil temperature
on the input data. Clustering methods ([3, 2130 referred to as internal states. The engine speed

place neurons only in thosg r_egions where datanl% a function of torque and load and thus not an
present. The standard deviations can then be Cmfependent variable

sen by the nearest neighbor method, i.e. propory
tional to the distance to the nearest neighbor cef
ter [21]. The weight parametets; can be com-
puted by

nternally, the engine can be separated into 4
ocks : the injection pump, the combustion dy-
namics, the thermodynamic block and the kine-
B matics. Figure 5 gives a block diagram of a typi-
w = (X'X) IKTQ (12) cal diesel engine including specific maps used for
where the (NxM) matrixX contains the weightedspeed control and boost pressure limitation. By
input signalsy = [y(1) y(2) ---y(N)]" contains reconstruction of the input signalsr and 6y

5
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Figure 5: Structure of a typical car diesel engine crank angle [deg]

with turbo-charger (EDC = Electronic Diesel
Control, LDL = Load Dependent Boost Pressure Figure 7:A p,,;(#) and extracted features

Limitation)

4.1.1 Feature Extraction

For data reduction purposes, p.,, needs to be

from difference pressure features, the proper fungiaracterized by numerical values. As shown in
tioning of the fuel injection pump can be MONiEigure 7, several features come to mind:
tored. Injection faults can be detected by compar-

ison with the desired reference values, Figure 6.e the center of gravity4., r.)

The reconstruction ofn and ;5 from the dif-

MF, desired ME real, OIN real/

thermodynamics

pedal N )

EDC

T

dyn

mechanics

L, load

m F, reconstructed
IN, reconstructed

'Y
/ L4 $
Al
OIN, desired pump U_ p(8) n
feature

generation

l features

reconstruction
.

supervision

| I

Figure 6:Concept for injection monitoring

BDC BDC
BIJ)"CGAde BgcAPng
0. = “5pc »Te = BbC (14)
[ Apdd [ Apdd
BDC BDC

e the difference pressure peak L, mpeak)

e the secant lengtt
972 - Hmam,z' - emin,i (15)
for Apcyl(ez) > Apcyl,i with =4, 10, 16, ...

To investigate the dependency of the features on
myp andf;y, the input signals were varied both
experimentally and in a combustion process sim-
ulation [16]. Figure 8 gives the simulation results

ference pressure features can be interpreted ag a specific operation point. As can be seen from
nonlinear mapping. In order to approximate thisgure 9, the experimental results were quite sim-
mapping, an RBF network with 112 neurons wadsar indicating that(r,, §.) are indeed unique non-
used and trained according to eq. (12) with refdinear functions ofny andf;y. FOr (mpear, Opear)
ence values obtained from a dynamic engine tesid the secant lengths, similar results were ob-

stand [17].

tained. Note that all features mentioned above
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E . | 4.1.3 Dynamic Operation
S N As an example of reconstruction performance dur-
® P /n. T ing dynamic engine operation, a (moderate) accel-
al é =4-d€g.~- S . eration including gear shifting from 1st up to 5th
L : gear is presented in Figures 11 and 12. Note that
21 0 1‘5 2i0 2i5 36 3I5 4i0 4i5 50
0, [deg] mg [mg] n [rpm]
. . 30| LGN @F ] 13000
Figure 9:Map of (r,, 6.), experiments, 2100 rpm s |/ 12000
20 11000
15 -0
10 y
proved to vary uniquely with the input signals.® | ME reforence
Furthermore, all features have a dependency orp 20 40 80 100

60
the engine speed, which can be shown both ex- time [s]

perimentally and by simulation, see [16]. Figure 11: Reconstruction of injected fuel mass

) _ mp during an acceleration maneuver (numbers in
4.1.2 Stationary Operation brackets indicate the actual gear)

Figure 10 shows some reconstruction results for

myp andf;y at different engine speeds. Here, thduring gear shift, fuel mass reconstruction was
line length between- ando indicates the approxi-poor due to the fact that» = 0 was not included
mation error which was found to be generally legs the reference data set and therefore could not
than 10 %. be reconstructed by the RBF network.



1 4.2 Feed-forward Control of Engine
Output Signals

4.2.1 Input - Output Relations

In a whirl-chamber Diesel engine, the torque pro-

O, reference “ duction basically is a function of the injected fuel
0 20 40time [S?O 80 100 mass, Figure 14. Indeed, while the shapaaof.,,
Tdyn [Nm]

Figure 12:Reconstruction of injection anglg v

during an acceleration maneuver 80

60
40
20

4.1.4 Injection Fault Detection 0

As indicated in Figure 6, supervision and injection -'°
fault detection can be implemented by compari- -10
son of the reconstructed signals with the reference 8,.[deg]
values. A simple and straightforward approach is

to implement thrESh()ldS, Figure 13. These reSL‘ﬂ:@ure 14:Engine torque as a function mF and
Orn, 2500 rpm

55 'O mg[mg]

changes significantly with; vy (see Figure 9), the
6,y[deg] injection angle only has a minor effect on torque
thresholds 0 production. This, however, is totally different
IN, reconstructed | \when soot and exhaust production are considered.
From a theoretical viewpoint, the formation of
soot results from a lack of air. Therefore, the soot
emission are expected to increase as the "air-to-
fuel” (A/F) ratio* approaches 1. Indeed, the ex-
0 20 40 60 80 100 perimental results showed a strong influence of
time [s] mp andf;y on soot production, see Figure 15. In
Diesel engines, thé'O emissions generally be-
have similar to the soot production and increase
with load, but in addition they should have a min-
imum for partial load. As shown in Figure 16, this
was found to be true. Similar to the soot produc-
tion, theCO emissions were influenced by both

Figure 13: Concept for supervision of the injec
tion (fixed thresholds ot 1.5 deg. forf;y).

can be further improved by filteridgnd by appli-
cation of more advanced strategies like adaptive®Itis common practice to use the turbidity of the exhaust

thresholds, etc.. gases as an indicator for soot formation
“‘Remember that A is defined as A =
2An on-line filtering would result in a smaller thresholdn ;. /Mair stoichiometric @and thatA = 1 corresponds
bandwidth, but may also slow down reaction time to an air-to-fuel ratio of 14.8 kg air/kg fuel
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Figure 17:NO emissions as a function of- and

Figure 15:turbidity as a function ofn andé;, 8,x, 2500 rpm (measured with a BINOS sensor)
2500 rpm (measured with a SICK DM61 sensor)

4.2.2 Relation between Cylinder Pressure

mp andf;y. Nitrogen oxides result from high and Output Signals
To control torque and exhaust emissions by anal-
CO [ppm] : : )
ysis of the cylinder pressure, one requirement are
unique relations betweeh p.,,(6) and the output
800 - signals. In the following, this shall be demon-
600 strated forf, and ., but since there are similar
400 relationships for the other features, it is possible
200 to USEfpeqr _andfpeak or the secan'F lengths as well.
As shown in Figure 9, the mapping from; and
0 Orn to 0. andr, is bijective. Thus, Figures 14 ...
15 17 can be displayed as functions of the center of
10 20 gravity of A p.,, () without loss of information.
8, [deg] 10 15 Figure 18 gives the torque signal while Figure 19
% 5 m; [mg] shows the corresponding turbidity signals. In Fig-

_ o _ ures 20 and 21, th€O and theNO emissions are
Figure 16:C'O emissions as a function ofr and  giyen as functions of, andr...

Orn, 2500 rpm

. . . . 4.2.3 Concept of pressure based feedforward
cylinder temperatures during combustion. Figure control

17 shows measurements obtained from the engine

test stand. Note that th& O emissions have alt should be pointed out that there are unique non-
maximum at very early injection angles. A simiinear relations between engine torque and ex-
lar effect was found forVO, and HC' emissions, haust emissionso(tputy, and A p.,; (internal

see [18]. This may be explained by the fact thatates.

early injection results in higher cylinder pressuresSince the difference pressure signal carries the
and temperatures leading to high€t), produc- complete information of the torque production
tion. and the current exhaust emissions and since ex-
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Figure 21: NO emissions as a function é6f and

Figure 18:engine torque as a function éf and r,, 2500 rpm (compare to Figure 17)

e, 2500 rpm (compare to Figure 14)
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Figure 19:turbidity signal as a function of. and
e, 2500 rpm (compare to Figure 15)

20
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haust emissions are individual events without dy-
namics from rotation to rotation [22], it is possible
to useA p,, for feedforward control of the torque
and the exhaust emissions. Therefore, a possible
optimization criterion would be:

find (6., 7.) which minimizes

V(Qc, 71'0) = Wyurp * [turb] + Weo - [CO]
+wNO,c . [NO;,;] + wgco - [HC]

subject to

Tdyn — f(907 ﬂ—c) — Tdesired (16)

Here, w denotes arbitrary coefficients. Figure 9
gives the corresponding engine inputs, i.e. fuel
massn - and injection anglé; .

4.3 Ignition Control Using Adaptive
Neural Networks

Figure 20:CO emissions as a function 6f and In Sl engines, the objective of ignition control is to

7., 2500 rpm (compare to Figure 16)

achieve optimum engine efficiency in the presence
of changing engine and environmental conditions
for each combustion event.

10



4.3.1 Control Architecture that after ignition of the air-fuel mixture, the sub-

sequent combustion cannot be influenced any fur-

I_n this application example, a combinatipn of fher. Therefore, ignition time can only be com-
linear feedback controller and an adaptive ne lited for the next cycle, based on the measure-

ral feed-forwgrd_s_tructure has been employed Mlents from the present engine cycles. Thus, a
closed loop ignition control. In accordance t

[2, 20], the control objective MFB(9 deg) = 0 ead time of one cycles is inherent. Moreover,

lected this referen lue results in s there exist significant cycle fluctuations even
was selected, as this reference value resuts in oo q steady operating conditions, the results of
timum efficiency for Sl engines, irrespectively o

the operating point. Figure 22 shows the over linder pressure evaluation of several engine cy-
P g point. FIgu Qes have to be averaged (a moving average over
structure of the control system.

10 cycles was used). Because the system error

u . u . ¥ _ usually differs from one engine operating condi-
offsgi| [offset| |[conventional seed  tion to another, during engine transients it takes

il B I ad @ certain amount of time for the PI controller to

ﬁﬂe;gfgg)@g% "mtegrate_” toa new |gn|thn time.
; L ) To achieve high bandwidth control, the control
- igniton) | Engine system has been enhanced by adding an adaptive

Sensors neural feedforward controller for each cylinder,
MFB(®'a.TDC) _ Calculation oyiinder - Which memorizes the appropriate offset values of

‘ of MFB Presst® the corresponding cylinder at the specific oper-

_ o ating condition. The outputs of the linear con-

Figure 22:Structure of the ignition control system,11ars serve as reference signals for the adap-
tation of the adaptive RBF networks, as can be

In state-of-the-art open-loop control systemsgen in Figure 22. The on-line learning is per-
an approximate value of the ignition points of afbrmed during regular operation of the engine as
cylinders is basically determined by the engireéxplained in Section 3.2.
load (a normalized value calculated from the in- During dynamic operation, all three compo-
take manifold pressure signal) and the engingients (the production look-up table, the PI-
rotational speed. This conventional input-outpaontrollers and the neural net based offset look-up
map is depicted on the upper right-hand side ®@bles) are active.
Figure 22.

In a first step, this_, conventional fe_ed-forv_vargls_z Determination of the RBF Parameters
control system was improved by adding a linear
feedback controller for each cylinder. These lidf-he RBF network has been used as a nonlinear
ear Pl controllers modify the ignition point of théeedforward correction of the linear Pl feedback
corresponding cylinder such that at a specifiedntroller. This correction depends on the operat-
crank angle (9 deg after TDC) exactly 50 % ohg point defined by the engine load and the en-
fuel is burned. An approximation for MFB hagine speed. Thus, the neural network operates on
been derived by evaluating eq. (3) and (7). a two-dimensional input space. A clustering al-

These feedback controllers lead to good perfgerithm as mentioned in Section 3.2 was used to
mance under steady state and slowly time vapiace the RBF centeks in only those regions of
ant operating conditions. However, they canntite input space where data is present. The widths
be tuned with high gain. This is due to the factf the basis functions; were determined using

11



a "nearest-neighbor” algorithm. Figure 23 shows3.3 Experimental Results
the distribution of datapoints and the RBF cent

obtained byk-means clustering in the input spac ? cnontr?I arlr(‘w:lolmrzmn?nc? cylr:ndgr prgssurrig_\;]al;i
for an exemplary test cycle. uation were implemented using C-code combine

with MATLAB/SIMULINK. A rapid-prototyping

8ol o | | | o | system[9] was employed. A test vehicle equipped
P with a baseline engine, additional cylinder pres-
o MR | sure sensors and a modified engine control unit,
<60/ g ook A 1 was used for the experiments. The developed con-
= T i SRR T troller worked at a sampling time of 5ms.
‘_8507 Po T A R | After initialization of the network parameters,
240 g Y., PR a 5-minute sequence of network training was per-
;%’30 : : . © 5,10 | formed during normal driving conditions. Fig-
5 . ure 24 illustrates the resulting behavior for a fast
20/ 8 0% p 1 change of the operating point. The upper diagram
10l o OreB iyt RN - | Showsthe engine load and speed. Starting from an
: : : : : engine speed of about 2200 rpm, after 15s an ac-
1000 Zogﬂgine igggd [rprﬁ?oo 5000 celeration takes place. The engine speed increases
gradually and a pulse occurs in the engine load.
Figure 23: Determination of centers of RBF-; 0" ] ] — 60 =
. o} engine speed =
neurons by clustering Gz /\ ~ engine load 3
o & 4000r 140 o
The distribution of neurons in the input spacg _JL/VG:: £
was identical for all cylinders since beforehand no 209 0 20 0 20 203
information concerning possible nonlinearities of g ‘ ‘ NI

the system are available. The positions of the neys"; e
rons were hold constant, only weight parameter%“i 05 b o1 <eﬂ“§?i“gue "
have been adapted. Since this node distribution® ‘ __ |~ cyl. 2 (not controlled)]
accounts for the data distribution during normal ~ 10 20 %0 40
operation, "adaptation holes”, i.e. areas of the in-@
put space where the network does not reflect thé; g
actual plant characteristics, are very unlikely tos ™
occur, - 10 20 30 40

The weightsw; (here equivalent to the ignition time [s]

timing offsets) of all interpolation nodes were S?—tigure 24: Experimental results during a rapid

to zero initially and then adapted individually b : . .
. " . . . thange of the operating point (cyl. 1 with and cyl.
applying the on-line training algorithm eXpIameéwithout the neural network control).

in 3.2. This algorithm adjusts the weights of th
nodes according to the reference signal (output ofThe filtered MFB at 9 deg after TDC is shown
the respective PI controller, cf. Figure 22). Sinde the second diagram for two different cylinders.
the adaptation is carried out locally, i.e. onlgylinder 1 is operated in closed-loop as described
the weights of the nodes which are activated atraFigure 22, whereas the ignition timing of cylin-
certain operating point are modified, fast conveder 2 is solely determined by the conventional
gence is achieved. input-output map. For the controlled cylinder the

o

o

— network output (cyl. 1)
— controller output (cyl. 1)

NOoON RO D

o
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MFB at 9 deg. after TDC remains aroufds, D Conclusions
while the value of MFB for the second (uncon-
trolled) cylinder deviates from this optimal valueYarious methods for feature extraction of the
The third diagram in Figure 24 shows, for cylincylinder pressure signal have been proposed. A
der 1, the output of the PI-controller and the nétew method, the "difference pressure” signal, has
work output. The network reacts immediately teeen introduced. From p.,;, it is possible to ex-
the changing operation condition (feed-forwad#act significant features that vary uniquely with
control). Since the weights of the network hav8e input signals. These features may be used for
already converged to their optimal values for tifeneural network based supervision of the injec-
operating points that occur in this experiment, tii@n pump. Experimentally, the reconstruction of
output of the linear controller remains close t#e input signals performed satisfactory in the sta-
zero. tionary and in the dynamic case. In control engi-

neering terms, the method may be viewed dg-a
namic engine observarsing internalstates(the
10 cylinder pressure) to estimateputs (fuel mass

S o and injection angle).
= -'Tvl”f""‘\ In addition, the unique relations between en-
£ / /"'// ' I gine torque and exhaust emissionsitputy and
5 - / ‘l/ \ Apey (internal statey imply that the difference
0 2 A.l;)"{ M“" pressure signal carries the complete information
il -
0 l%l" ' UL of the torque production and the current exhaust
80 r =l so00 E€Missions. This motivates feedforward control of
3000 1000 the torque and exhaust emissions.
20 2000 : :

engine load [%] 1000~ ine speed [rpm] The demand for improved engine performance

and efficiency has inspired the development of

Figure 25:Ignition timing offsets represented b closed-loop control system for ignition con-

a RBF network (positive offset values imply a d -OI_ based on _the_combustion pressure. Using
layed ignition) cylinder-selective linear feedback controllers and

neural adaptive feedforward controllers, the 50%

Unlike many other neural network type corf20int of energy conversion can be kept near to
trollers, the parameters of the RBF based nd}¢ optimal point in steady-state as well as under
ral controller can be easily interpreted and supdi@nsient conditions. The proposed control sys-
vised. For two-dimensional problems the paraf2M IS capable to compensate for manufacturing
eters can be displayed as input-output map adojerances, fuel qu_allty variations and long-term
was done in Figure 25 for the ignition offset vagffects such as aging or wear and tear of the en-
ues of the RBF network as it was used for the t¢#fi€¢. Moreover, the complexity and cost of engine
cycle in Figure 24. Obviously, for this cylindef@libration can thus be reduced dramatically.

a considerable offset is necessary in large partdn Summary, employing real-time cylinder pres-
of the operating domain, in order to optimize theire mfprmatlon offers sev_eral advantages over
ignition point. Unlike classical lattice-like input-conventional control strategies:

output maps, the trair_wed RBF n_etwork produ_ces 3 improved engine diagnostics

smooth surface despite of considerable nonlinear-

ities. e improved performance and greater fuel econ-

13



omy

[7]
improved driveability

reduced sensitivity to engine component
manufacturing tolerances

ability to adapt to engine wear and aging, a8l
well as to changing environmental conditions
and to variations in fuel quality

emission reduction

[9]

less calibration expense
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