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ABSTRACT - Nowadays, automotive engines are coladadby the electronic control unit
(ECU), and the engine idle speed performance rsfgigntly affected by the setup of control
parameters in the ECU. Usually, the engine ECU-tymes done empirically through tests on
dynamometer (dyno). In this way, a lot of time,lfaed human resources are consumed,
while the optimal control parameters may not bematd. This paper presents a novel ECU
setup optimization approach for engine idle speaedrol. In the first phase of the approach,
Least Squares Support Vector Machines (LS-SVM)aepgsed to build up an engine idle
speed model based on dyno test data, and thengalygtrithm (GA) is applied to obtain
optimal ECU setting automatically subject to vasaser-defined constraints. The study
shows that the predicted results using the estohmatdel from LS-SVM are in good
agreement with the actual test results. Moreower optimization results show a significant
improvement on idle speed performance in a tesheng

TECHICAL PAPER
1. INTRODUCTION

Nowadays, automotive engines are controlled byE@®, and the engine idle speed
performance is significantly affected by the seatfipontrol parameters in the ECU. In

modern spark ignition (SlI) engines, an efficiedé¢idpeed performance is required to fulfil

the ever-increasing requirements on fuel consumptiehicle driveability and pollutant
emissions. Conventional S| engine idle-speed tymeslies on the engineer’s experience and
the tune-up process normally spends a few months #esult, a lot of time, fuel and human
resources are consumed, while the optimal parametgmot be obtained. Recently
researches have described the use of on-line gropalintegral-derivative (PID) tuning
controller [1], adaptive control algorithm [2], jplietive control algorithm [3] and robust

control algorithm [4] to regulate the air contrallve to achieve satisfying idle speed response.
However, these intelligent controllers are stildeninvestigation. No matter how advance of
the algorithms, the development of the controleyst must call for exact engine model and
base system parameters (e.g. base fuel injectran tialve timing and ignition timing in idle
speed range) for system simulation, dynamic amnabsd identification of operating
parameters. Unfortunately, the models used in thephisticated controllers [1-4] are all
empirical models, which are derived from resortimgome simple physical laws combined
with identification procedures for estimation o¥/seal unknown parameters. This kind of
engine model is quite simple as compared with ¢la¢ eéngine system [5]. Moreover, the lack
of suitable multi-input-output control tools hasanethat most of the advanced idle speed
control schemes proposed in the literature use thi@lyoypass air valve as the control variable.



Least Squares Support Vector Machines (LS-SVM)J@&n emerging modeling technique
which combs the advantages of neural networks (mantrge amount of highly nonlinear
data) and nonlinear regression (high generalizatioime main advantages of LS-SVM over
neural networks are: (i) good generalization;diprantee of global solution having minimal
fitting error and (iii) the architecture of the nedhas not to be determined before training [7].
In view of the advantages of LS-SVM, this papempoges a new ISC calibration and
optimization methodology based on LS-SVM and GAichltonsiders the problem variables
and constraints comprehensively.

2. OVERALL METHODOLOGY FRAMEWORK

A schematic illustration of the framework and oVWlem@ethodology is shown in Figure 1. The
upper branch in Figure 1 shows the steps requaréditd up the LS-SVM model. The
experiments are still required, but only to provadéficient data for LS-SVM training.

Design of experiments (DOE) is used for additionatteamline the process of creating
representative sampling data points to train theSM®1 model. Once the engine idle speed
performance model obtained is evaluated, it is f@ssible to use a computer-aided
technigue to search the best engine control pammatitomatically based on the model. As
the model obtained by LS-SVM is a non-differenteafnction, only direct search techniques
are suitable for optimization. GA is a widely ushrkect search technique, so GA is proposed
for this constrained multi-variable ISC optimizatiproblem. The optimal set points are then
sent back to the ECU to carry out evaluation tegltsch can exam the feasibility and
efficiency of the proposed optimization approach.
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Fig. 1. Engine idle speed control parameters  Fig. 2. Multi-input-output LS-SVM modelingamework
optimization framework

The main purpose of this paper is to demonstr&ettectiveness of the proposed LS-
SVM+GA method. It is important to note that there ao apparent limits or constrains in the
number of input-output variables, idle speed cdl@raypes and the formulation of the
optimization objective function. Hence, the methodgy is generic and, its effectiveness is
demonstrated in the latter sections through a staghy of ISC optimization problem. It is
believed that the proposed method can be appliddfeyent vehicle control optimization
problems.

3. IDLE SPEED MODEL IDENTIFICATION

This section describes the model identificationggh@ multi-input-output LS-SVM for idle
speed modelling is firstly introduced. Then expemtal set up for collecting the sampling
data is presented. In the final part of this sexctibe accuracy of this LS-SVM model is
examined by test data set and the prediction eaudt discussed.



3.1. LS-SVM formulation for multi-variable functicgstimation

Consider a training datasdd,={(X,, ¥, )} ., with N data points where 1 R” represents the

K" engine setupi 1 R™is thek™ engine output based on the engine s&tuk= 1 toN. Here
Yk IS anm dimension output vectoy,= [y« 1..-Yk, n]- FOr exampleyy 1 could be the minimum
idle speed angk m could be the fuel consumption. For the automogingine, each output
performance in the data sgtis usually an individual variable and able to beasured
separately, so the training dataBetan be arranged af={d; ,... dy,...dm}. Where

d, ={(Xx Yi 0} " ;hT [1,m. In this case, -for each single output dimensiothe outputy,

it forms a new training data st Consequently, the multi-input-output trainingalaetD is
separated intan multi-input but single-output sub-training data &g For each multi-input
single-output datasel, LS-SVM deals with the following optimization prolphein the primal
weight space.
. 1 . 1N
minJ, (w.e )=-ww+g Ekzlef (1)
suchthag = y,- W7 %, ¥b 1l k= L1..N

wherewl R™ is the weight vector of the target functi@s [ey;...,e\] is the residual vector,
and/ :R" ® R™ is a nonlinear mapping,is a biasn is the dimension ofy, andn is the
dimension of the unknown feature space. The LS-3Misl formulation of nonlinear

function estimation is then expressed as follows [6
Solvein b:

o T (2)

wherely is anN-dimensional identity matrix = [yi, ..., Wl 1visanN-dimensional
vector =[1,...,1], =[ 1..., n]', andgi Ris a scalar for regularization factor (which is a
hyper-parameter for tuning). The kernel trick ispdoyed as follows:

o SF)T () =K%, %) klI=1 N, ®3)
whereK is a predefined kernel function. The resulting$8M model for function estimation
becomes

Yo =M, (X) = " aK(x,,x)+b = Nakexp "st_2X" +b (4)
k=1 k=1

where , bl R are the solutions of Eq.(2) is the training data is the new input setup for
engine idle performance prediction, and Radial 8&sinction (RBF) is chosen as the kernel
function K, which is the common choice for modedliin the RBFs specifies the kernel
sample variance, which is also a hyperparametdufong, and ||.|| means Euclidean distance.
After inferring m pairs of hyperparameters () by a well-known technique, Bayesian
inference [6], fl1, ... dn,...dn} are used for calculating m individual sets of o vectors

kand threshold values b. Finally, m individual s&t#1,(x) can be constructed based on
Eq.(4). The whole multi-input-output modelling atgbm is shown in Figure 2. In Figure 2, a
set of LS-SVM models are generated to predict tigene response under different
combinations of control variables. Each LS-SVM maderesents one engine output
performance which is included in the objective fimr for optimization.

3.2.Experimental setup and data sampling for case study

The test engine used in the case study is a Hoype-R 2.0 liter i-VTEC engine. A typical
aftermarket programmable ECU- MoTeC M800 is sebketethe optimization test bed. The
experimental setup is shown in Figure 3.



Fig. 3. Experimental setup for data sampling argy@mmable ECU
In this case study, the following engine idle sppathmeters are selected to be the input and
output variables of the LS-SVM model.
x=<Fij, lij, Vj, Pro, Int, Der, Nor, L > andy = <IAEg, IAE,
Input variables:
Fij: Fuel injection time at the corresponding MA&nd idle speef(ms,i
j [500, 1000, 1500])
l;,j: Ignition advance at the corresponding MiAghd idle speef(degree before top dead
centre (BTDC); [20,30,40,50]j [500, 1000, 1500])

F, F\)min, Trise >

[20,30,40, 50],

V;: Intake valve opening time at the corresponddtg speed (degree BTDCj [500, 1000,
1500])).
Pro: Proportional gain of idle air valve controller
Int:  Integral gain of idle air valve controller
Der: Derivative gain of idle air valve controller
Nor: Normal position of idle air valve (percentage otleiiopen)
L: Constant step load applied to engine (peege of the dyno full load).
Output variables:
IAER: Integral absolute error of engine idle spedikch is calculated by
AE.= [R- R, (5)

wherd; is the data recording timgs15s with sampling rate =20HZ# is the engine
idle speed;Ruim is the aim idle spee®,i,=1200rpm
IAE : Integral absolute error of lambda

&
IAE, = |/, -/

where; is the engine lambda valuejn, is the target lambdagn=1

F: Overall fuel consumption (ms), it is equal te gum of fuel consumption frotgto t;
Rninn Minimum idle speed in which the engine fatisvhen a step load is applied (rpm)
Tisee ~ Recovery time to aim speed when a step iwagplied (s)
A design of experiment technique - Latin Hyperc@aenpling (LHS) [8] is employed to
choose a representative set of operating pointgeoerating training samples. 200 sets of
representative combinations of input variablessatected and downloaded to the ECU to
produce 200 sets of output performance data. Fsgth@ show the output performance in
Dpesi Which is the best performance among the 200 sadgih sets.
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In order to have a fair comparison with the engiie performances under different input
setups, all the engine training data are recordsetbnds before the load is applied and 10
seconds after that point. Figure 4 shows the legettion performance ingos: When the

load is applied, the engine speed firstly fall61® rpm and then takes 1.2s to recover. The
IAE value, which represents the idle speed reguiagibility, in 15s test period is 6757.
Meanwhile, the engine lambda value as shown inrEi§uises first, it is due to the fact that

if the engine speed suddenly drops, the fuel igadime is also dropped accordingly (Figure
6). When the PID BPAYV controller starts to take@ttit tends to open widely to increase the
MAP, resulting in increasing the amount of fuekicted into the intake manifold. In this way,
more air-fuel mixture can be inbreathed into thembastion chamber to generate more torque
to cancel the load and regain to the aim speeasinibted that there is a time delay between
the fuel injection and the lambda value. It is heseathe lambda value is measured by an
oxygen sensor in the exhaust pipe and the valuemlgrpresent the stoichiometric ratio in
the previous combustion cycle.

3.3. Application of multi-input-output LS-SVM and modelgj results

In the current applicatiomM(x), h  [1,2,3,4,5] in Eq. (4) stands for the performance
functions oflAEg, IAE, F, Rnin, Triserespectively. After collection of sample data sefd
every data subset, D, it is randomly divided into two sets: TRAINbr training and TEST
for testing, where TRAINcontains 80% ofl, and TEST holds the remaining 20%. Then
TRAINy is sent to the LS-SVM module for training, whicishbeen implemented using LS-
SVMlab 1.5 [9], a MATLAB toolbox under MS WindowsPX

In order to have a more accurate modelling rethdtjnput data of the training data set is
conventionally normalized before training [10]. $lprevents any input parameter from
domination to the output value. For all input valui¢ is necessary to be normalized within
the range [0, 1], i.e., unit variance, through &j. For exampley T [7, 39],Vmin = 7 an®Vimax

= 39. The limits for each input engine control paeser should be predetermined via a
number of experiments or expert knowledge or martufar data sheets. After obtaining the
optimal setting, each set point should go througle-mormalization using the inverseNfof
Eq. (7) in order to obtain the actual valudhe process flow of the normalization and de-
normalization is shown in Fig. 1.

N(v)=Vv = V" Vi (7)

max ™ Vimin
To verify the accuracy of each functionMf (x), an error function has been established. For
a certain functioMy, (x), the corresponding validation accuracy is

100¢ (8)

2

Accuracy = (- E, ) 100% -1 \/i " Yo ML)

N va Ye.n
Wherexy is the engine input parametersdfdata point in TES{, v, is the actual output
value in the data poimk (d=(x« ,yi) represents the"kdata point irdy) andN is the number of
data points in the test set. The effprs a root-mean-square of the difference between th
true valueyy of a test pointlkand its corresponding estimated vaMig(xy). The difference is
also divided by the true valyg, so that the result is normalized within the raf@el]. All
the output functions are evaluated one by one agtheir own test sets TE&Using Eg. (8).
According to the accuracy shown in Table 1, theljoted results are in good agreement with
the actual experiment results under their hyperpaters ¢, sh) inferred using Bayesian
inference. Hence, the idle-speed system model tanitbe trusted and used for GA
optimization. However, it is believed that the ftion accuracy could be improved by
increasing the number of training data.



Table 1 Accuracy of different output functiols and its hyperparameters  Table 2 Optimized valve timing look-up table

Engine output Average accuracy W W, W W.
function M(x) & S with TEST, (%) IAER IAE, F Run W
M;(x) 2796.¢ 70.0¢ 95.7
Ma(X) 190.5: 53.5¢ 96.1 3 2 3 4 1
Mas(x) 1546.3: 1264.2¢ 94.5
Ma(X) 2426.7. 61.8€ 95.4 o s
Ms(X) 3349.9( 44.6¢ 93.5 Table 3 Optimized fuel injection look-up table
Overall average 95.1 RPM
MAP (kPa) 500 1000 1500
L ) 50 3.39 3.34 3.55
Table 7 Optimization results against results gf:D 40 223 225 225
IAEr  |AE F Ruin Thise Fitnes: 30 2.11 2.13 2.25
Optimization results 5007 3.4 3539 721 16 -6.71 20 16 191 2.1¢

Results of the best point 0%754 8.6

200 sample sets, o 4044 615 1.2 -6.92 Table 4 Optimized ignition advance look-up table

RPM
Overall improvement 25.8%660.5% 12.5% 17.2% -33% 3% MAP(kPa) 500 1000 1500
50 13.2 14.9 18.5
Table 8 Comparison between optimization resultsadast results and g 40 12.6 154 17.8
IAEr  IAE F Run  Twe  Finess 30 1.9 14 16.9
20 111 13 16.6
Dbest 6757 8.62 404.4 615 1.2 -6.92

Optimization results, © 5007  3.41  353.9 721 16 -6.71 Table 5 Optimized BPAV controller parameters

Actual test results, D 5412  2.85  377.4 683 1.8 -6.66 Pro Int Der Nor
0.097 0.072 0.081 34.4
Accuracy of results

(Op relative to Q)

92.5% 80.7% 93.7% 94.4% 88.8% 99.2%
Table 6 Optimized valve timing look-up table

Actual improvement g g0, 65905 6.67% 11.1% -50%  3.7% RPM 500 1000 1500
(Da relative to Qes) 0.4 8.1 10.3

4. IDLE SPEED CONTROL OPTIMIZATION

After obtaining the idle speed model, it is thesgible to use GA technique to search the best
engine setup automatically. Nowadays, GA has ajreaén a well-known technique for
solving many engineering optimization problems. féh@re mainly two coding methods for
chromosomes in GA: binary (0 and 1), and real {fitmppoint). In contrast with binary-coded
GA, real-coded GA does not require coding betweahworld data (usually floating point
values). As real-coded GA directly uses floatingapwalues as the chromosomes, real-coded
GA has been selected in this project.

4.1.0bjective function for engine ISC optimization

An objective function is designed to evaluate the performance under different control
setups. In the case of engine ISC optimizatiommmpiete ISC evaluation function should
encompass [11]: (i) idle speed regulation; (ii)ustmess of load disturbance and (iii) fuel
economy and emissions. Hence a well-consideredigefunction for ISC problem is
formulated as follows:

Objective functiorr max{ w,. arc tar¥l, X( )) W, arc tad, x( )) (9)

-w _arctan(M, )} w, arctan(M, k¥ )) w_ arctan(M X ))

whereM;(x) represents the idle speed regulation qudlityx) represents the idle speed
emission quality, ideally when the stoichiometatio =1 the catalytic converter gets the
maximum conversion efficiency of the exhaust dagx) is employed to assess the idle
speed fuel consumptioMs(x) andMs(x) are used together for assessing the idle speed lo
rejection ability;w,.  w,. w _w, w._are the user-defined weights of engine idle speed

in rise

regulation, emission, fuel economy and load repectbility respectively. Table 2 shows the
user-defined weights in the case stugigch performance index is also transformed to ke sca
of (0, /2) in Eq. (9). This ensures each index has theesamtribution to the objective



function. The objective function is manipulatedthg GA optimization algorithm for
generating the best ISC setting. The optimizatramework has been implemented using
Matlab. After testing various crossover and mutatizethods for this application, the
following GA operators and parameters have beescts for maximum efficiency and
accuracy.

Number of generation =1000

Population size =50

Selection method: Standard proportional selection

Crossover method: Simple crossover with probabiity80%

Mutation method: Hybrid static Gaussian and unifonertation with probability?,,=40% and
standard deviation =0.2

4.2. Optimization results

The optimal set points recommended by the GA algariare shown in Table 3 to Table 6.
The predicted engine performance using the optseing is shown in Table 7. A
comparison between the optimization results apd;B also presented in the same table. It is
noted that the optimization results produce sigaiit improvement over Jas;

4 .3.Evaluation of results

To check the feasibility and efficiency of the mmdblogy, the optimal setting is then sent
back to the ECU and an evaluation test is carrigdising the dyno. Figures 7-9 present the
actual engine idle performance based on the opsettihg. Figure 7 shows the load rejection
performance using the optimal setting. Before taallis applied, the engine idle speed runs
steady and closely to the aim speed. When theitoapplied, the engine falls to a minimum
speed of 683rpm and then takes 1.8s to recoveaurd-Bjshows the engine lambda
performance using the optimal setting. It is ndteat the lambda performance is very close to
the aim value. When the load is applied, only alkd®viation occurs and then the lambda
value quickly returns to the aim value. Table 8vgfa comparison among the optimization
results, actual test results and the resul@@,ef
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Table 8 indicates that the optimization resultsiargood agreement with the actual test
results. This verifies again that the engine igieesd model built by the LS-SVM is accurate
and reliable. With the optimal ECU setup generdtgthe GA, the actual idle speed
regulation quality is 19.8% better than thaDgfs; Especially, the engine emission quality,
the engine fuel consumption and the minimum idkespoutperform 66.9%, 6.67% and
11.1% respectively. The recovery time of the igleex is sacrificed in the objective function,
w; is set to be the lowest value in this case stunlyhe recovery time based on the optimal

setting is 50% longer than thatDfes; However, the recovery time is still acceptable.



5. CONCLUSIONS

This paper proposes a novel methodology for maugtie idle speed performance of a high
degree-of-freedom automotive engine and determitiiadgpest engine setup for idle speed
control. The approach uses a multi-input-output3\AY framework for modelling and a
multi-objective GA framework to manipulate the emgimodel for determining the best
combination of control parameters automaticallycaSe study demonstrates its application to
a real automotive engine. The study illustratesojtemization of fuel injection time, spark
timing, valve timing and PID BPAYV controller parataes for maximizing engine idle speed
regulation quality, load rejection ability, emissiquality and fuel economy. Evaluation tests
show that the model accuracy is good and an impeegaprovement on engine idle
performance is achieved using the optimal settemegated. Both prediction and
experimental results indicate that the proposedhauktiogy can really produce accurate and
high quality engine ISC performance. As compareth wie conventional manual tuning, the
proposed approach can greatly reduce the numhkexpainsive dyno tests, which saves not
only the time taken for optimal setup, but alsargé amount of resources. It is also believed
that the optimization results can be further imgay more training data is added to the LS-
SVM model. From the perspective of automotive eegiing, the integrated modelling and
optimization methodology is a new approach anduiit loe applied to the other engine setup
problems.
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