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ABSTRACT - Nowadays, automotive engines are controlled by the electronic control unit 
(ECU), and the engine idle speed performance is significantly affected by the setup of control 
parameters in the ECU. Usually, the engine ECU tune-up is done empirically through tests on 
dynamometer (dyno). In this way, a lot of time, fuel and human resources are consumed, 
while the optimal control parameters may not be obtained. This paper presents a novel ECU 
setup optimization approach for engine idle speed control. In the first phase of the approach, 
Least Squares Support Vector Machines (LS-SVM) is proposed to build up an engine idle 
speed model based on dyno test data, and then genetic algorithm (GA) is applied to obtain 
optimal ECU setting automatically subject to various user-defined constraints. The study 
shows that the predicted results using the estimated model from LS-SVM are in good 
agreement with the actual test results. Moreover, the optimization results show a significant 
improvement on idle speed performance in a test engine. 

TECHICAL PAPER 

1. INTRODUCTION 

Nowadays, automotive engines are controlled by the ECU, and the engine idle speed 
performance is significantly affected by the setup of control parameters in the ECU. In 
modern spark ignition (SI) engines, an efficient idle-speed performance is required to fulfil 
the ever-increasing requirements on fuel consumption, vehicle driveability and pollutant 
emissions. Conventional SI engine idle-speed tune-up relies on the engineer’s experience and 
the tune-up process normally spends a few months. As a result, a lot of time, fuel and human 
resources are consumed, while the optimal parameter may not be obtained. Recently 
researches have described the use of on-line proportional-integral-derivative (PID) tuning 
controller [1], adaptive control algorithm [2], predictive control algorithm [3] and robust 
control algorithm [4] to regulate the air control valve to achieve satisfying idle speed response. 
However, these intelligent controllers are still under investigation. No matter how advance of 
the algorithms, the development of the control systems must call for exact engine model and 
base system parameters (e.g. base fuel injection time, valve timing and ignition timing in idle 
speed range) for system simulation, dynamic analysis and identification of operating 
parameters. Unfortunately, the models used in these sophisticated controllers [1-4] are all 
empirical models, which are derived from resorting to some simple physical laws combined 
with identification procedures for estimation of several unknown parameters. This kind of 
engine model is quite simple as compared with the real engine system [5]. Moreover, the lack 
of suitable multi-input-output control tools has meant that most of the advanced idle speed 
control schemes proposed in the literature use only the bypass air valve as the control variable. 



Least Squares Support Vector Machines (LS-SVM) [6] is an emerging modeling technique 
which combs the advantages of neural networks (handling large amount of highly nonlinear 
data) and nonlinear regression (high generalization). The main advantages of LS-SVM over 
neural networks are: (i) good generalization; (ii) guarantee of global solution having minimal 
fitting error and (iii) the architecture of the model has not to be determined before training [7]. 
In view of the advantages of LS-SVM, this paper proposes a new ISC calibration and 
optimization methodology based on LS-SVM and GA, which considers the problem variables 
and constraints comprehensively.  

2. OVERALL METHODOLOGY FRAMEWORK 

A schematic illustration of the framework and overall methodology is shown in Figure 1. The 
upper branch in Figure 1 shows the steps required to build up the LS-SVM model. The 
experiments are still required, but only to provide sufficient data for LS-SVM training. 
Design of experiments (DOE) is used for additionally streamline the process of creating 
representative sampling data points to train the LS-SVM model. Once the engine idle speed 
performance model obtained is evaluated, it is then possible to use a computer-aided 
technique to search the best engine control parameters automatically based on the model. As 
the model obtained by LS-SVM is a non-differentiable function, only direct search techniques 
are suitable for optimization. GA is a widely used direct search technique, so GA is proposed 
for this constrained multi-variable ISC optimization problem. The optimal set points are then 
sent back to the ECU to carry out evaluation tests, which can exam the feasibility and 
efficiency of the proposed optimization approach.  

  Fig. 1. Engine idle speed control parameters             Fig. 2. Multi-input-output LS-SVM modeling framework 
optimization framework  

The main purpose of this paper is to demonstrate the effectiveness of the proposed LS-
SVM+GA method. It is important to note that there are no apparent limits or constrains in the 
number of input-output variables, idle speed controller types and the formulation of the 
optimization objective function. Hence, the methodology is generic and, its effectiveness is 
demonstrated in the latter sections through a case study of ISC optimization problem. It is 
believed that the proposed method can be applied to different vehicle control optimization 
problems. 

3. IDLE SPEED MODEL IDENTIFICATION 

This section describes the model identification phase. A multi-input-output LS-SVM for idle 
speed modelling is firstly introduced. Then experimental set up for collecting the sampling 
data is presented. In the final part of this section, the accuracy of this LS-SVM model is 
examined by test data set and the prediction results are discussed. 

          



 

3.1. LS-SVM formulation for multi-variable function estimation 

Consider a training dataset, 1{( , )} N
k k k==D x y , with N data points where xk Î  Rn represents the 

kth engine setup, yk Î  Rm is the kth engine output based on the engine setup xk, k = 1 to N. Here 
yk is an m dimension output vector, yk= [yk, 1...yk, m]. For example, yk, 1 could be the minimum 
idle speed and yk,m could be the fuel consumption. For the automotive engine, each output 
performance in the data set yk is usually an individual variable and able to be measured 
separately, so the training dataset D can be arranged as:  D= {d1 ,… dh ,…dm}. Where 

, 1{( , )} N
h k k h ky ==d x ; h Î  [1,m]. In this case, -for each single output dimension in the output yk, 

it forms a new training data set dh. Consequently, the multi-input-output training data set D is 
separated into m multi-input but single-output sub-training data set dh. For each multi-input 
single-output dataset dh, LS-SVM deals with the following optimization problem in the primal 
weight space. 
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where hnRÎw  is the weight vector of the target function, e = [e1;…,eN] is the residual vector, 
and hnn RR ®:j  is a nonlinear mapping, b is a bias, n is the dimension of xk, and nh is the 
dimension of the unknown feature space. The LS-SVM dual formulation of nonlinear 
function estimation is then expressed as follows [6]: 
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where IN is an N-dimensional identity matrix, yh = [y1,h, …, yN,h]
T, 1v is an N-dimensional 

vector = [1,…,1]T, �  =[� 1,..., � N]T, and gÎ R is a scalar for regularization factor (which is a 
hyper-parameter for tuning). The kernel trick is employed as follows: 

, ( ) ( ) ( , ) , 1, , .T
k l k l k lK x x k l Nf f= = =� x x �                                          (3) 

where K is a predefined kernel function. The resulting LS-SVM model for function estimation 
becomes  
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where � k, bÎ R are the solutions of Eq.(2), xk is the training data; x is the new input setup for 
engine idle performance prediction, and Radial Basis Function (RBF) is chosen as the kernel 
function K, which is the common choice for modelling. In the RBF, s  specifies the kernel 
sample variance, which is also a hyperparameter for tuning, and ||.|| means Euclidean distance. 
After inferring m pairs of hyperparameters (� , � ) by a well-known technique, Bayesian 
inference [6], {d1, … dh ,…dm} are used for calculating m individual sets of support vectors 
� k and threshold values b. Finally, m individual sets of Mh(x) can be constructed based on 
Eq.(4). The whole multi-input-output modelling algorithm is shown in Figure 2. In Figure 2, a 
set of LS-SVM models are generated to predict the engine response under different 
combinations of control variables. Each LS-SVM model represents one engine output 
performance which is included in the objective function for optimization. 

3.2. Experimental setup and data sampling for case study 

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



 
Fig. 3. Experimental setup for data sampling and programmable ECU 

In this case study, the following engine idle speed parameters are selected to be the input and 
output variables of the LS-SVM model. 
x = <F i, j ,  I i, j , V j , Pro, Int, Der, Nor, L > and y = < IAER, IAE� , � F, Rmin, Trise > 
Input variables: 
F i, j: Fuel injection time at the corresponding MAP i and idle speed j (ms, i� [20,30,40, 50], 

j� [500, 1000, 1500]) 
I i, j:  Ignition advance at the corresponding MAP i and idle speed j (degree before top dead 

centre (BTDC), i� [20,30,40,50], j� [500, 1000, 1500]) 
 Vj:  Intake valve opening time at the corresponding idle speed j (degree BTDC, j� [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 of wide open) 
L:       Constant step load applied to engine (percentage of the dyno full load). 
Output variables: 
IAER: Integral absolute error of engine idle speed which is calculated by  
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        where tf   is the data recording time, tf=15s with sampling rate =20Hz;  Rt is the engine 
idle speed;  Raim is the aim idle speed, Raim=1200rpm 

IAE� : Integral absolute error of lambda 
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             where � t is the engine lambda value;  � aim is the target lambda, � aim=1 
� F:  Overall fuel consumption (ms), it is equal to the sum of fuel consumption from t0 to tf 
Rmin:     Minimum idle speed in which the engine falls to when a step load is applied (rpm)  
Trise:      Recovery time to aim speed when a step load is applied (s) 
A design of experiment technique - Latin Hypercube Sampling (LHS) [8] is employed to 
choose a representative set of operating points for generating training samples. 200 sets of 
representative combinations of input variables are selected and downloaded to the ECU to 
produce 200 sets of output performance data. Figures 4-6 show the output performance in 
Dbest, which is the best performance among the 200 sample data sets. 

Fig. 4.  Load rejection performance in Dbest         Fig. 5. Lambda performance in Dbest                   Fig. 6. Fuel consumption in Dbest  

 



 

In order to have a fair comparison with the engine idle performances under different input 
setups, all the engine training data are recorded 5 seconds before the load is applied and 10 
seconds after that point. Figure 4 shows the load rejection performance in Dbest. When the 
load is applied, the engine speed firstly falls to 615 rpm and then takes 1.2s to recover. The 
IAE value, which represents the idle speed regulation ability, in 15s test period is 6757. 
Meanwhile, the engine lambda value as shown in Figure 5 rises first, it is due to the fact that 
if the engine speed suddenly drops, the fuel injection time is also dropped accordingly (Figure 
6). When the PID BPAV controller starts to take action, it tends to open widely to increase the 
MAP, resulting in increasing the amount of fuel injected into the intake manifold. In this way, 
more air-fuel mixture can be inbreathed into the combustion chamber to generate more torque 
to cancel the load and regain to the aim speed. It is noted that there is a time delay between 
the fuel injection and the lambda value. It is because the lambda value is measured by an 
oxygen sensor in the exhaust pipe and the value can only present the stoichiometric ratio in 
the previous combustion cycle. 

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

In the current application, Mh(x), h� [1,2,3,4,5] in Eq. (4) stands for the performance 
functions of IAER, IAE� , � F, Rmin, Trise respectively. After collection of sample data set D, for 
every data subset dh� D, it is randomly divided into two sets: TRAINh for training and TESTh 
for testing, where TRAINh contains 80% of dh and TESTh holds the remaining 20%. Then 
TRAINh is sent to the LS-SVM module for training, which has been implemented using LS-
SVMlab 1.5 [9], a MATLAB toolbox under MS Windows XP.   

In order to have a more accurate modelling result, the input data of the training data set is 
conventionally normalized before training [10]. This prevents any input parameter from 
domination to the output value. For all input values, it is necessary to be normalized within 
the range [0, 1], i.e., unit variance, through Eq. (7). For example, v Î  [7, 39], vmin = 7 and vmax 
= 39. The limits for each input engine control parameter should be predetermined via a 
number of experiments or expert knowledge or manufacturer data sheets. After obtaining the 
optimal setting, each set point should go through a de-normalization using the inverse of N-1of 
Eq. (7) in order to obtain the actual value v. The process flow of the normalization and de-
normalization is shown in Fig. 1. 
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To verify the accuracy of each function of Mh (x), an error function has been established. For 
a certain function Mh (x), the corresponding validation accuracy is 
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Where xk is the engine input parameters of kth data point in TESTh, yh is the actual output 
value in the data point dk (dk=(xk ,yk) represents the kth data point in dh) and N is the number of 
data points in the test set. The error Er is a root-mean-square of the difference between the 
true value yk of a test point dk and its corresponding estimated value Mh (xk). The difference is 
also divided by the true value yk, so that the result is normalized within the range [0, 1]. All 
the output functions are evaluated one by one against their own test sets TESTh using Eq. (8). 
According to the accuracy shown in Table 1, the predicted results are in good agreement with 
the actual experiment results under their hyperparameters (gh, sh) inferred using Bayesian 
inference. Hence, the idle-speed system model built can be trusted and used for GA 
optimization. However, it is believed that the function accuracy could be improved by 
increasing the number of training data.  



Table 7 Optimization results against results of Dbest 

 IAER IAE�  � F Rmin Trise Fitness 

Optimization results 5007 3.4 353.9 721 1.6 -6.71 
Results of the best point of 
200 sample sets, Dbest 

6754 8.6 404.4 615 1.2 -6.92 

Overall improvement 25.8% 60.5% 12.5% 17.2% -33% 3% 

 
Table 8 Comparison between optimization results actual test results and Dbest 

 IAER IAE�  � F Rmin Trise Fitness 

Dbest 6757 8.62 404.4 615 1.2 -6.92 

Optimization results, OP 5007 3.41 353.9 721 1.6 -6.71 
Actual test results, Da 5412 2.85 377.4 683 1.8 -6.66 
Accuracy of results 
(OP relative to Da) 

92.5%� 80.7%� 93.7%� 94.4%� 88.8%� 99.2%�

Actual improvement 
(Da relative to Dbest) 

19.8% 66.9% 6.67% 11.1% -50% 3.7% 

 

Table 4 Optimized ignition advance look-up table 
RPM 

MAP(kPa) 500 1000 1500 
50 13.2 14.9 18.5 
40 12.6 15.4 17.8 
30 11.9 14 16.9 
20 11.1 13 16.6 

 

Table 3 Optimized fuel injection look-up table 
RPM 

MAP (kPa) 500 1000 1500 
50 3.39� 3.34� 3.55�
40 2.23� 2.25� 2.25�
30 2.11� 2.13� 2.25�
20 1.99� 1.91� 2.12�

 

Table 5 Optimized BPAV controller parameters 
Pro Int Der Nor 
0.097 0.072 0.081 34.4 

 
Table 6 Optimized valve timing look-up table 

RPM 500 1000 1500 
 0.4 8.1 10.3 

 

Table 2 Optimized valve timing look-up table 

RIAEw  IAEw
l

 
F

w�
 

minRw  
riseTw

3 2 3 4 1 

 

4. IDLE SPEED CONTROL OPTIMIZATION 

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

4.1.Objective function for engine ISC optimization 

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

min

1 2

3 4 5

Objective function max[ tan( ( )) tan( ( ))

                                         tan( ( )) tan( ( )) tan( ( ))]
R

rise

IAE IAE

R TF

w arc M w arc M

w arc M w arc M w arc M
l

= - -

- + -�

x x

x x x
                    (9) 

where M1(x) represents the idle speed regulation quality; M2(x) represents the idle speed 
emission quality, ideally when the stoichiometric ratio � =1 the catalytic converter gets the 
maximum conversion efficiency of the exhaust gas; M3(x) is employed to assess the idle 
speed fuel consumption; M4(x) and M5(x) are used together for assessing the idle speed load 
rejection ability; 

RIAEw  IAEw
l F

w� minRw
riseTw are the user-defined weights of engine idle speed 

regulation, emission, fuel economy and load rejection ability respectively. Table 2 shows the 
user-defined weights in the case study. Each performance index is also transformed to a scale 
of (0, � /2) in Eq. (9). This ensures each index has the same contribution to the objective 

Table 1 Accuracy of different output functions Mh and its hyperparameters 

Engine output 
function Mh(x) gh sh 

Average accuracy 
with TESTh (%) 

M1(x) 2796.4 70.04 95.7 
M2(x) 190.53 53.54 96.1 
M3(x) 1546.34 1264.26 94.5 
M4(x) 2426.72 61.86 95.4 
M5(x) 3349.90 44.69 93.5 

Overall average   95.1 

 



 

 

function. The objective function is manipulated by the GA optimization algorithm for 
generating the best ISC setting. The optimization framework has been implemented using 
Matlab. After testing various crossover and mutation methods for this application, the 
following GA operators and parameters have been selected for maximum efficiency and 
accuracy.  
Number of generation =1000 
Population size =50 
Selection method: Standard proportional selection 
Crossover method: Simple crossover with probability Pc=80% 
Mutation method: Hybrid static Gaussian and uniform mutation with probability Pm=40% and 
standard deviation =0.2 

4.2. Optimization results 

The optimal set points recommended by the GA algorithm are shown in Table 3 to Table 6. 
The predicted engine performance using the optimal setting is shown in Table 7. A 
comparison between the optimization results and Dbest is also presented in the same table. It is 
noted that the optimization results produce significant improvement over Dbest. 

4.3.Evaluation of results 

To check the feasibility and efficiency of the methodology, the optimal setting is then sent 
back to the ECU and an evaluation test is carried out using the dyno. Figures 7-9 present the 
actual engine idle performance based on the optimal setting. Figure 7 shows the load rejection 
performance using the optimal setting. Before the load is applied, the engine idle speed runs 
steady and closely to the aim speed. When the load is applied, the engine falls to a minimum 
speed of 683rpm and then takes 1.8s to recover. Figure 8 shows the engine lambda 
performance using the optimal setting. It is noted that the lambda performance is very close to 
the aim value. When the load is applied, only a small deviation occurs and then the lambda 
value quickly returns to the aim value.  Table 8 shows a comparison among the optimization 
results, actual test results and the results of Dbest.  

Table 8 indicates that the optimization results are in good agreement with the actual test 
results. This verifies again that the engine idle-speed model built by the LS-SVM is accurate 
and reliable. With the optimal ECU setup generated by the GA, the actual idle speed 
regulation quality is 19.8% better than that of Dbest. Especially, the engine emission quality, 
the engine fuel consumption and the minimum idle speed outperform 66.9%, 6.67% and 
11.1% respectively. The recovery time of the idle speed is sacrificed in the objective function, 

riseTw is set to be the lowest value in this case study, so the recovery time based on the optimal 

setting is 50% longer than that of Dbest. However, the recovery time is still acceptable. 

 
Fig. 7. Actual load rejection performance 
using the optimal setting 
 

Fig. 8. Actual lambda performance using 
the optimal setting 
 

Fig. 9. Actual fuel consumption using the 
optimal setting 
 



5. CONCLUSIONS 

This paper proposes a novel methodology for modelling the idle speed performance of a high 
degree-of-freedom automotive engine and determining the best engine setup for idle speed 
control. The approach uses a multi-input-output LS-SVM framework for modelling and a 
multi-objective GA framework to manipulate the engine model for determining the best 
combination of control parameters automatically. A case study demonstrates its application to 
a real automotive engine. The study illustrates the optimization of fuel injection time, spark 
timing, valve timing and PID BPAV controller parameters for maximizing engine idle speed 
regulation quality, load rejection ability, emission quality and fuel economy. Evaluation tests 
show that the model accuracy is good and an impressive improvement on engine idle 
performance is achieved using the optimal setting generated. Both prediction and 
experimental results indicate that the proposed methodology can really produce accurate and 
high quality engine ISC performance. As compared with the conventional manual tuning, the 
proposed approach can greatly reduce the number of expensive dyno tests, which saves not 
only the time taken for optimal setup, but also a large amount of resources. It is also believed 
that the optimization results can be further improved if more training data is added to the LS-
SVM model. From the perspective of automotive engineering, the integrated modelling and 
optimization methodology is a new approach and it can be applied to the other engine setup 
problems. 
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