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Abstract 

The ion current measured from the spark plug in a spark ignited combustion engine is used 

as basis for analysis and control of the combustion variability caused by exhaust gas 

recirculation. Methods for extraction of in-cylinder pressure information from the ion 

current are analyzed in terms of reliability and processing efficiency. A model for the 

recognition of combustion variability using this information is selected and tested on both 

simulated and car data. 
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1. Introduction 

 

Recent developments in the car industry have shown a distinct tendency towards increasing 

fuel efficiency and reducing dangerous emissions like soot and nitrous oxides (NOx). The 

main reasons for this are shrinking fuel resources and environmental concerns of the 

nations that put up higher demands on exhaust limits. Especially the standards EOBD and 

OBD-II (for Europe and North America respectively) for new cars’ on-board diagnostics 

demand a strict limit on burn emissions like nitrogen oxide compounds (generally filed 

under NOx -emissions), CO2, Hydrocarbons, and solids. 

 

Exhaust gas recirculation (EGR), which in the literature is sometimes also referred to as 

exhaust gas recycling, is a technique that addresses the issue of NOx emissions. NOx 

emissions typically form because of hot combustion temperatures. Therefore, an effective 

way of reducing such emissions is to reduce burn temperature in a way that does not 

influence the combustion efficiency overly much. 

Reinserting exhaust gases from the last burn cycle into the cylinder dilutes the mixture 

inside the cylinder which slows and cools down the combustion. This is similar to running 

the engine near the lean limit, but without inserting more oxygen and nitrogen that can be 

transformed into NOx. By reinserting the exhaust gas into the cylinder together with the 

air-fuel mixture, dangerous NOx emissions can therefore be efficiently diminished without 

adverse effects on drivability or fuel economy. The amount of fuel used is even diminished 

[1]. 

For gasoline engines that use a 3-way catalyst, the main reason for using EGR today is not 

for reduced NOx emissions, but for the reduced fuel consumption. For Diesel and HCCI 

engines the main reason is NOx. 

 

EGR is used in vehicles nowadays; however there is still room for improvements. If the 

amount of recirculated gas in the cylinder is too high, combustion will be inefficient and 

there is a risk to actually increase the amount of dangerous exhaust gases. Therefore, 

today’s EGR control works below the ideal rate with a low efficiency because 

manufacturers do not want to risk drivability problems. 

Calculating the actual quality of combustion for use in EGR control could improve 

methods of controlling the EGR and consequently fuel consumption and emission. 
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Over the last decade, a lot of research into fuel economy and better motor control has 

focused on the analysis of the spark plug ion current as a source of information about the 

combustion processes.  The ion current is a small current easily measured by applying a 

small voltage to the spark plug when it is not used for ignition. This does not require any 

modifications of the spark plug itself, but only an addition to it. Ion sensing is therefore 

much easier and cheaper to implement and the sensor has a longer life span than in-

cylinder pressure sensors. 

The principle of ion current sensing is to measure a current that flows through the spark 

plug after ignition. This current is induced by the combustion reaction and is as such 

directly related to a number of factors that are otherwise difficult to determine. It is 

therefore possible to analyze for example the quality of combustion using the ion current. 

There are a score of papers discussing the possibility of controlling the spark advance, the 

air/fuel ratio and also the EGR by using an analysis of the current.  

 

1.1. Project goal 

 

Our work will continue and extend the SCALE project group’s earlier work on EGR 

control. The aim is to apply statistical signal processing to the ion current in order to find 

good representations to be used in model for recognition of combustion variability. The 

principal analysis of the data and model selection is done using measurements from a 

dynamometer setup. Evaluation of the models will be done by using measurements from a 

real car. 

 

The main goal of the project is to evaluate and select models for estimating combustion 

variability. 

The first step in this is to evaluate the ion current and the way it changes if more EGR is 

applied. From this, variables and windows as inputs to the models will be selected and 

evaluated using statistic methods.  

The models obtained this way will be compared according to their performance on 

unknown data, but also in terms of computing power demand. Therefore methods to reduce 

the input (e.g. by choosing a smaller input window) and, accordingly, the model size, will 

be employed. 
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The models analyzed will be polynomial approximations, different types of neural 

networks and k-nearest neighbour models. They will be individually optimized and later 

evaluated against each other in terms of reliability of recognition on unknown data, overall 

error rate and computing power demand. The primary optimization and selection will be 

performed on data obtained from a testbench setup using a dynamometer, whereas the final 

evaluation depends on tests done on data measured from an actual car. 

A conclusion will be drawn from these findings to recommend methods for further 

investigation in the course of the project. 

 

1.2. Project scope 

 

As the influence of fuel additives and spark plug design has already been discussed 

elsewhere, such considerations are outside the scope of this paper. 

Also, due to the time constraints of the project, the implementation and testing of a control 

algorithm in the on-road laboratory (vehicle testing) will not be performed. 
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2. Combustion engine fundamentals 

 

2.1. The 4-stroke SI engine 

 

The engine is the heart of the automobile. In the spark-ignition (SI) engine, the electrical 

discharge produced between the spark plug electrodes by the ignition system starts the 

combustion process close to the end of the compression stroke [16]. The core of the engine 

is one or more cylinders, which is connected to the fuel and exhaust systems. The 4-stroke 

engine is commonly used in today’s automobiles. It is defined by four cylinders operating 

simultaneously in four different stages of the operation cycle called the intake, 

compression, ignition and exhaust stroke. 

 

1) Intake Stroke: At the start of the cycle, the piston is at the top position of the cylinder 

moving downwards. The inlet valve is open to allow the air-fuel mixture to enter the 

cylinder. 

  

2) Compression Stroke: The turning crankshaft forces the piston upwards, compressing the 

air-fuel mixture. The volume of the mixture air minimizes, giving rise to high temperature 

and high pressure. 

 

3) Power Stroke: When the piston reaches the top dead center, the electric circuit 

connected to the spark plug is turned on. The spark starts the explosion of the mixture. The 

expanding gases produce work by pressing the piston downward. 

 

4) Exhaust Stroke: When the piston reaches the bottom, the outlet valve is opened and the 

exhausting gas from the explosion escapes. As the piston goes up again, the outlet valve is 

closed. 
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Figure 1: The four-stage combustion cycle [16] 

 

2.2. Exhaust Gas Recirculation 

 

Exhaust gas recirculation is used in spark ignited engines as a way to reduce emissions and 

fuel consumption. 

 

The basic idea is to reinsert hot exhaust gases into the cylinder which dilutes the filling 

while replacing air with already burned gases. 

The effect is comparable to running the engine in lean burn mode (the Lambda ratio is 

diminished) which has a positive effect on fuel economy up to a certain degree. However, 

with lean burn the 3-way catalyst cannot be used whereas it can be used with EGR. 

Additionally, as the exhaust gases keep the in-cylinder temperature lower, the formation of 

NOx is dramatically reduced. This reduction is proportionally larger than the loss in 

induced work through reducing temperature, thus making it a viable way to reduce NOx 

exhausts. 
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Figure 2: Fuel and NOx reduction when using EGR (low load case) 

 

As shown in Figure 2 for the low load case, EGR can dramatically reduce the percentage of 

dangerous exhausts and fuel. However for too high EGR rates, fuel consumption rises as 

misfires happen more frequently. A good EGR control must prevent this from happening 

while keeping the EGR rate still as high as possible. 

 

Research has shown [16] that an EGR rate of more than 28% results in poor combustion 

stability. As Figure 3 shows, the stability limit at 20% translates to slightly above 10% 

COV(IMEP) which is the limit after which partial burns and misfires occur. 
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Figure 3 (left): Frequency distributions in IMEP at different EGR rates; 

(right): COV(IMEP), HC emissions and percentage of normal, slow, partial and misfire 

burn cycles. [16] 

 

Degobert [1] quotes the following requirements an electronic control system for EGR must 

meet in his book on Automobiles and Pollution: 

 

− Very high accuracy of monitoring and adjustment, stable over time 

− Incorporating multiple and complex adjustment functions 

− Great flexibility for programming (i.e. the different drive profiles for different 

settings) 

− Instantaneous identification of engine running conditions 

− Regulation of the engine in accordance with the criteria imposed  

− Robustness against different situations, interferences and failures 

 

This impossible-seeming task is today handled by a computer analyzing a big number of 

variables from the engine: position of the accelerator, position of the injector needle, 

tachometer (speed), air, fuel and coolant temperatures, load pressure, and running speed.  

Generally, EGR today is achieved by lookup tables because a correct recognition of the 

combustion quality requires a rather complicated control scheme. Many variables or a good 

model would be necessary for computation of the correct amount of EGR, which is very 

demanding in computation power. In practice, EGR today is using lookup tables that are 

often optimized by hand to an engine model. 
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Because of the danger of misfires and bad combustion and their connection to drivability 

problems, most models today err on the side of security. Both factors together mean that 

the percentage of EGR is kept in the low range which generally lowers efficiency [1]. 

It is desirable to know about the actual processes in the cylinder when doing EGR control. 

However, in-cylinder pressure sensors are not in practice today due to the necessary 

modifications of the cylinder and the short lifetime of the sensors. Therefore, the ion 

current, which is a direct result of the combustion process, is an interesting new approach 

to EGR. 

 

2.3. Ion Current analysis 

 

To properly control combustion-influencing mechanisms such as EGR, it is necessary to 

obtain information about the combustion itself. The most reliable way to do this would be 

to use an in-cylinder pressure sensor which is a probe into the cylinder. Due to the cost of 

the necessary changes in cylinder architecture as well as the short life span of the sensors 

such an invasive method is not practiced today and instead models relying on variables 

obtained in other places of the engine are used. 

Such models have the disadvantages of often being very complicated and using up a lot of 

processing power. Moreover, they are often statically applied to only one engine type, 

making it impossible to apply it to another engine without changing the model drastically. 

It is therefore desirable to use a method of extracting information from the cylinder without 

using such an invasive method. Ion current sensing is one of those methods as it uses the 

spark plug as sensor. 

 

The ion current is a current produced by in-cylinder combustion processes. By applying a 

small voltage to the spark plug when it is not used for ignition, the strength of the induced 

current can be measured over the spark plug’s gap for later analysis of in-cylinder 

processes. 

 

The ion current signal can roughly be divided into three phases [10]: 

The first part of the signal (“Ignition Phase”) starting right after ignition is obscured by 

noise from the ignition coil ringing. In order for this noise not to influence recognition, a 

viable way of truncating must be found. Starting the recording window after a set delay 
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from the spark has been found a very easy to implement and reliable way of excluding this 

noise. 

 

The second part of the ion current signal (“Flame Front Phase”) is determined by the first 

characteristic peak of the signal. The first peak, which is directly related to the combustion 

process (chemical ionization), typically occurs around 5 degrees crank angle after top dead 

center (ATDC) depending on the spark advance.  

 

The second characteristic peak is related to the thermal ionization of NO [10]. This peak, 

which determines the third phase of the signal (“Post-Flame Phase”), can be used to extract 

information about in-cylinder pressure. 

Both these peaks are the main sources of information about in-cylinder processes. 

Information about their position, relation and (with certain restrictions, see [7]) amplitude 

are the main basis for most recognition algorithms that make use of the ion current today. 

The last part of the signal is shaped by a decline in amplitude whose length and gradient 

depend on various driving conditions. 

 

 

Figure 4: The ionization current [10] 

 

 

2.4. The ion current and its relation to combustion variability 

 

The EGR has an effect on engine performance likened to that of running the engine with an 

extremely lean mixture (e.g. a Lambda ratio of up to 1.4). This lean burn has the effect that 

if applied excessively the stochastic changes in indicated mean effective in-cylinder 

pressure (IMEP) will increase dramatically. In even leaner conditions, the combustion 
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quality will decrease even more and engine efficiency as well as drivability will be reduced 

dramatically. 

To prevent this from occurring, the EGR ratio must be controlled by a monitoring of the 

changes in IMEP. A common measure of quality for this is the coefficient of variation: 

 

 

(Eq. 1)  

 

 

It has been shown earlier that this COV(IMEP) is statistically related to the coefficient in 

variation over the ion current integral and the ion current integral itself [9]. 

However, the variable does not allow a consistent quality of recognition over all ranges of 

EGR employed. Therefore, a model might be enhanced by using other variables extracted 

from the ion current. 

In this thesis, the relationship between COV(IMEP) and other variables that can be 

extracted from the ion current will be analyzed and models based on these findings will be 

constructed.  
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3. State of the art 

 

3.1. Traditional approaches to EGR 

 

The paper by Kaneko et al. [2] describes a basic research into the feasibility and efficiency 

of EGR as well as a study of NOx formation. Their results prove that EGR does indeed 

help to reduce NOx formation, but also that it has an adverse effect on fuel consumption 

when too much exhaust gas is recirculated. 

 

 

Figure 5: NOx reduction and fuel consumption for different EGR rates [2] 

  

 

One approach to EGR that uses a linear model and variables taken from normal engine 

measurements is described in the paper by Olbrot et al. [3]. In this paper, a generalized 

linear model of the EGR system is created and tuned for a number of operating conditions 

(of the EGR control). The first order model is then used for the tuning of PI controllers at 

those conditions. Since this controller set is still rather suboptimal for most operating 

conditions, an interpolating controller that takes the engine operating point (λ) into account 

is designed. This controller achieves good results at most conditions. However, the 
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modeling and tuning of the controllers is done mainly by hand since there are no 

satisfactory tools available. Also, it is not known what kind of error is given by the inputs 

used. The data used for tuning is taken from extensive simulations and data with seemingly 

little disturbances chosen. This process seems rather unoptimized as it is not clear on which 

basis the disturbances are recognized and corrected. Also, it is not clear how the EGR 

operating conditions, expressed in a percentage of EGR are chosen in real operation. 

 

3.2. Using the ion current for automotive control 

 

The idea of using the spark plug ion current for deducing information about the quality of 

the combustion is not new. The information deduced from it has already been proven 

reliable for Air-fuel ratio control, spark advance control and misfire detection[14]. 

However, the idea of using the ion current for controlling the exhaust gas recirculation is 

relatively unexplored outside the SCALE project group’s scope. 

 

There have, however, been concerns raised about the viability of using the ion current for 

engine control: 

Peron et al. [4] discusses the use and limitations of the ion current for electronic engine 

control. The paper points out that in order to deduct information from the ion current, noise 

suppression must be applied. Even so, a third of the ion current will be obscured by the 

voltage stemming from the ringing of the ignition coil and must be truncated. 

Another consideration of the paper is that the cycle-to-cycle fluctuations of the signal are 

generally much higher than the fluctuations of other signals like cylinder pressure. Such 

fluctuations must be considered and addressed in an efficient noise control or slow-reacting 

control schemes. 

Different spark plug designs as well as other environmental conditions like fuel additives 

will make for very different shapes of the signal that must be considered. However, the ion 

current has one big advantage over the in-cylinder pressure sensor put forward by this 

paper: no additional hardware or cylinder manufacture changes are necessary to implement 

it, thus making it more desirable from an economic point of view. 

Those concerns have been addressed by the SCALE project in previous research; it is e.g. 

possible to truncate the portion of the current that is obscured very efficiently and still 
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achieve a good recognition. Similarly, cycle-to-cycle fluctuations can be counteracted by 

averaging over several cycles [9]. 

Byttner et al. [6] describe ways of overcoming the problem of different fuel additives being 

used in the same engine when recognizing pressure peak position using the ion current. 

 

There is another paper by Gerard Malaczynski and Michael Baker [5] exploring the 

practicality of performing real-time digital signal processing of the ion current signal. The 

focus here is on computation power which is an important economic factor in today’s 

engines. The paper concludes that a real-time compression of the ion current signal by 

principal components analysis (PCA) is very resource-intensive if used with the needed 

sampling accuracy. This is realistic as engine control units used in the car industry have a 

very limited processing capacity. 

Alternatively, the paper suggests Wavelet transformation or wavelet compression. It is 

however questionable whether this would indeed have a smaller processing demand on the 

engine control unit itself as wavelet transformation still requires a lot of calculation. 

As the paper claims, the ultimate performance no matter which algorithm is used though 

depends on the sampling rate used in the original signal. 

This conclusion, however, seems refuted by the work done by this project group. Although 

using a relatively low resolution (1 degree crank angle) there is still enough information in 

the signal to ensure good recognition. 

Another paper by the SCALE project group mentioned in [5] describes the use of the K-

Nearest Neighbour (K-NN) method for a relatively cheap recognition algorithm in terms of 

computation power showing that correct recognition is not necessarily computing power 

intensive [7]. More of this algorithm will be described in Section 3. 

 

The problem of the influence of fuel additives on the ion current amplitude is also 

discussed in [8]. It is concluded that fuel additives such as sodium (Na) and potassium (K) 

as well as the Lambda ratio and engine load have a strong influence on the ion current 

amplitude due to the chemical and thermal reactions that give rise to this current. Some of 

this knowledge can be used to determine information about the process (especially the in-

cylinder pressure). Other algorithms use the information about the location of the two 

characteristic peaks in the ion signal. However, as with the use of EGR, the second peak is 

diminished. Therefore, algorithms depending on this do not perform well under fuel 

additive and EGR conditions.  
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The paper also suggests an interpretation of the second derivative of the ion current signal 

to extract information about the pressure peak location. Such a course of action seems 

interesting for a pre-application recognition or tuning of the system, but rather impractical 

in real driving conditions due to the high amount of noise in the signal and the high 

demand in computation power. 

 

3.3. Applying the ion current to EGR: the SCALE project 

 

The SCALE project group at Halmstad University is one of the current ongoing projects 

using ion current information for recognition of engine processes and inter-cylinder 

variables. This paper is based on and extending work of the project group. 

The group has an approach slightly different to most quoted in contemporary sources. The 

resolution used for recognition and control is 1 degree making a relatively small ion 

current vector as opposed to the much finer resolutions of most other sources. 

 

The project uses a SAAB 9000 car for on-road tests that has been fitted with a custom EGR 

system. This is necessary since the engine is not originally designed with EGR. Due to this, 

the geometry of the system is not necessarily perfect, leading to a difference in the amount 

of EGR entered into the fourth cylinder. For correct recognition, only the information from 

three cylinders can therefore be used. 

 

The project group has shown so far that there is indeed a correlation between the ion 

current and the combustion variability measure COV(IMEP). It has also shown that the ion 

current integral can be used for a good estimate of the combustion variability measure 

COV(IMEP) [19]. 

With this estimate of combustion variability via the ion current the EGR can therefore be 

tuned until a desired variability is reached. 

 

Previous work has been done also about the possibility of using multiple cylinder 

measurements in order to achieve higher accuracy in the EGR than by using just one 

cylinder [7]. It has been shown that using a K-Nearest Neighbour identification of the ion 

current characteristics can improve the estimation accuracy up to 15%. However, the 

differences in the cylinders are very small in normal drive conditions. 
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4. Methodology 

 

4.1. Feature extraction 

 

When analyzing the ion current signal for use in models, caution must be employed. The 

strong cyclic variation of the current itself, the noise and the influence of many additional 

variables such as fuel additives and other control mechanisms like spark advance influence 

combustion efficiency, which can distort the ion current signal. Any analysis method to be 

used in the recognition of the combustion quality should therefore be robust and able to 

withstand such distortions. 

 

Whereas strong feature extraction and compression mechanisms exist, the computational 

demand for those is usually quite large. Principal component analysis, for example, is a 

strong compression method that has been used in ion current analysis experiments before 

but due to the necessity of matrix multiplications its processing demand is very high. 

 

There are two ways of feature extraction employed in this paper: first, variables from the 

ion current will be correlated to the target value to measure correlation. The second one is 

to vary the input window and compare the performance of recognition models that are 

trained using those windows. 

 

4.2. Linear models 

 

Linear models are simple mathematical models following the scheme 

 

(Eq. 2)  

 

where p1 and p2 are the linear parameters to be fitted. These parameters are usually fitted 

with a least-square algorithm. 
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Linear models are often used for comparison and performance analysis versus more 

advanced models. They use very little computing power but are also rather simple and non-

adaptive. 

 

4.3. Neural network models 

 

Neural networks are often quoted as a solution when it comes to classification and 

recognition of signals because of their robustness against noise and ability to function as a 

“black box”: they can model by only being given input and target data without knowledge 

of the underlying system. On the other hand, they are not typically a low processing power 

application due to their inherent complexity. 

 

It has been shown before [9, 20] that neural networks can indeed work as a model for EGR 

classification. In this paper we will try to reduce their processing power and compare the 

resulting stability and quality to those of earlier methods. 

 

A neural network consists of similar blocks called neurons that are interconnected in a 

network. Inside a neuron, those interconnections are weighted, summed with a bias value 

and sent through a transfer function to the output of the neuron (Figure 6). 

 

 

Figure 6: General structure of a neuron (after [15]) 
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Written as a formula, this means the output yl of a single neuron l can be computed as 

follows: 

 

(Eq. 3) 

 

 

 

 

 

The network is usually a feed-forward structure (certain types of networks have feedback 

loops, but none of these are discussed in this paper) that consists of an input layer, one or 

more hidden layers and an output layer. The layers are labeled so because all neurons of 

the previous layer are connected to all of the following, but there are no interconnections 

inside a layer. [17] 

The input layer generally has no neurons but is just a distribution layer. The output layer 

can be the modeled variable(s) or class outputs (probability percentages). Figure 5 shows a 

model of the network structure. 

 

Figure 7: Neural network structure 
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A network learns to model a system by being presented with example inputs and target 

outputs. The learning algorithm then changes the weights to minimize the square error. 

There are several learning algorithms that are optimized for different types of systems or 

models. 

 

4.3.1. Backpropagation networks 

 

A backpropagation network can be any feedforward network that is trained with a 

backpropagation algorithm. 

The backpropagation learning algorithm is a second-degree learning algorithm that aims to 

minimize the error gradient over the entire network. 

 

In each iteration of the learning algorithm, the error over the whole network is calculated 

as follows: 

 

 

(Eq. 4) 

 

 

 

 

 

The weights for the output layer are changed in one iteration k according to the function  

 

 

(Eq. 5) 

 

 

 

 

where the learning rate is a user-set variable. It is important to choose the learning rate 

carefully in order to achieve a good result. 
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For the hidden layer(s), the weights and the change of the weights δ are calculated for each 

iteration as 

 

(Eq. 6) 

 

. 

 

This process is repeated either until a preset error, error gradient or number of iterations is 

reached. [17] 

 

 

4.3.2. Learning vector quantization networks 

 

Learning Vector Quantization networks are a special kind of artificial neural network. As 

such it is an algorithm for learning classifiers from labeled data samples. It consists of at 

least two neuron layers: first, a competitive layer and second, a linear layer. The 

competitive layer learns to classify input vectors. The linear layer transforms the 

competitive layer’s classes into target classifications defined by the user. We refer to the 

classes learned by the competitive layer as subclasses and the classes of the linear layer as 

target classes. Both the competitive and linear layers have one neuron per class. Thus, the 

competitive layer can learn S1 classes. These, in turn, are combined by the linear layer to 

form S2 target classes. The LVQ network architecture is shown in figure 8: 
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Figure 8: The LVQ network architecture [13] 

 

In explanation: a 1 in the ith row of the competitive layer’s output vector a1 picks the ith 

column of LW2,1 as the network output. Each such column includes a single 1 as a specific 

class. Thus, subclasses that are classified as “1”, “valid”, from layer 1 get put into various 

classes by the LW2,1a1 multiplication in layer 2. 

 

Learning Vector Quantization is characterized by the discrimination function, which it is 

using this set of labeled codebook vectors and the nearest neighborhood to search between 

the codebook and data. In classification, x is a data point, which is assigned to a class 

according to the class label of the closest codebook vector. The training algorithm is based 

on the iterative gradient update of the winner unit.  The definition of the winner unit mc is 

defined as [11] 

 

(Eq. 7) 

 

The direction of the gradient update depends on a nearest neighborhood rule in Euclidean 

space. If the data sample is classified correctly, the model vector closest to the data sample 

is attracted towards the sample; otherwise, the data sample is far from the model vector. 

The update equation for the winner unit mc defined by the nearest-neighbor rule and a data 

sample x (t) are 

 

(Eq. 8) 

[12] 
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If the data sample is correctly classified, the second part of the equation is positive (+), 

contrarily, if the sample is misclassified it is negative (−). The learning rate α (t) [0, 1] 

must decrease immediately.  

 

The most important advantage of learning vector quantization is summarizing and reducing 

large datasets to a set of smaller codebook vectors. Hence, it is a type of model that is 

interesting to investigate in this project. 

 

 

 

4.4. K-Nearest Neighbour Models 

 

The nearest neighbor regression model is very simple. The K-nearest neighbor (K-NN) 

algorithm is used to classify a new object based on a query instance xq and training samples 

D that are part of the model. It calculates the neighbourhood denoted by the instance object 

in the n-dimensional space. The nearest neighbors of an instance are determined in terms of 

the standard Euclidean distance. It is effective and robust to noise. 

      An arbitrary instance x is denoted as {a1(x) ... an(x)}, where ar(x) is defined as the value of 

the r-th attribute of instance x.  d(xi, xj) is the distance between the instances xi and  the 

instance xj : 

 

(Eq. 9) 

 

 

 

Let x1... xk denote the k instances from D that are nearest to xq , then the class F(xq) is 

determined as 

 

  (Eq. 10) 
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where δ(a, b) =1, if a = b, and δ (a, b) =0 otherwise. 

 
Figure 9 left: Classifying the new instance xq to the classes + or –. The circle denotes the 

n=5 nearest neighbours used for the decision. Right: Voronoi diagram. 

 

Figure 9 (left) shows an example for a 2-dimensional KNN, which means the number of 

classes k=2, so the output is boolean (denoted as “+” or “–”). Figure 9 (right) shows the 

Voronoi diagram, which the 1-NN algorithm for a typical set of training instance denotes a 

decision surface. The polygon surrounding every training instance describes the region of 

instance space closest to that point. If an instance falls into that polygon, it will therefore 

be determined to be the same class as the point [18]. 
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5. Results 

 

In this section, the process of the extraction of variables from the raw ion current, the 

analysis of the variables and input windows and the design of models from these findings 

will be discussed. 

 

Feature extraction 

 

The first step in extracting features is to smooth the raw signal to suppress noise and cycle-

to-cycle variations. Afterwards, candidate variables will be correlated to the target model 

output COV(IMEP) and the correlations analyzed. 

A section will be given to the division of COV(IMEP) ranges into target classes to be used 

to train classification models. 

 

5.1.1. Experimental setup 

 

The ion current data is sampled from the lab bench dynamometer setup of a four-cylinder 

engine using a resolution of 1 degree crank angle and a window going from 50° BTDC to 

200°ATDC. 

The EGR rate is varied for each load case between 0% and 18% valve opening in 6% steps, 

giving four different EGR rates (in this paper designated as no, low, medium and high 

EGR). As has already been shown in Figure 2, the fuel efficiency is best when using low 

EGR; thus the correct recognition of the low EGR ranges is of specific importance to the 

models. Both data selection and model design will also aim to reduce the dimension of 

input data and thusly, model size. 

 

For analysis, the data sampled from the ion current was first extracted in a 70-degree 

window starting 20 degrees after the spark to cut off noise from the ignition coil. The 

window was later reduced to 50 samples in the variable extraction because of system-

inherent noise in the latter part of the signal that is not representative for the ion current in 
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a car engine. Because of the assumption that in normal driving conditions, only the optimal 

ignition timing will be employed, no further concern is given to correction for ignition 

timing in this project. 

The data used for this research is captured in the low load range. It is possible that models 

can be trained to handle different load cases; more likely different sets of parameters for 

low, medium and high load cases can be stored and used with the same model. 

 

5.1.2. Averaging the ion current signal 

 

The ion current signal measured from the cylinder has a strong cyclic variation that makes 

it hard to analyze any given signal from just the information of one cycle. 

Since the COV(IMEP) is computed over several cycles, the variance over the same cycles 

or a variable that will give information about the combustion variability of all the cycles is 

a better measure than looking at single cycles. Therefore, averaging will be employed. 

 

Previous research in the SCALE project has shown that by averaging the signal over a 

number of cycles it can be sufficiently smoothed to ensure good recognition [9]. 

 

Figures 10 and 11 show the effect of averaging the ion current over several cycles on the 

variability in the individual vectors.  Shown is the mean (solid line) as well as the space of 

one standard deviation (dashed lines) for each point in the vector. It can be seen that even 

when employing an average of as little as 20 cycles the variability sinks measurably. While 

the cycle-to-cycle variations of the non-averaged ion current would make it impossible to 

distinguish between the medium and high EGR range samples, the ranges of values are 

quite distinct in the averaged cases. 
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Figure 10: Mean and standard deviations of the averaged and non-averaged ion current, 

medium EGR range 
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Figure 11: Mean and standard deviations of the averaged and non-averaged ion current, 

high EGR range 

 

In practical implementations, low computing demand is a goal and it is therefore 

recommended to use fewer cycles to average the ion current. However, when training the 

models, an average over 100 cycles will be used to ensure correct recognition. 

 

5.1.3. Input variable candidates 

 

The shape of the averaged ion current vector when applying different amounts of EGR to 

the engine in low load mode is now analyzed. 
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Figure 12: The averaged ion current signal depending on EGR level. 

 

Looking over the ion current window when influenced by different amounts of EGR 

(Figure 12), two observations can be made: 

 

− The ion current changes in height depending on the amount of EGR 

employed, and 

− The position of the highest ion peak is later when EGR is higher. 

 

It can also be seen that the second peak diminishes and even vanishes when EGR is 

employed, thus making it an unreliable characteristic. 

 

Plotting the variation in the (averaged) ion current integral of the different EGR rates, we 

see that a possible overlap occurs only in the medium to high range. 
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Figure 13: Variability and height of the ion current integral depending on EGR rate 

 

The figure also clearly shows the difference in heights for different EGR rates. However, a 

higher amount of EGR does not necessarily mean worse combustion in the sense of worse 

drivability. Therefore the ion current integral must be brought in relationship with 

COV(IMEP) for recognition; a simple recognition of EGR rate is not sufficient. 

 

Therefore, the following variables and their relationship to the COV(IMEP) will now be 

analyzed: 

 

- Ion current integral 

- Variability of the non-averaged ion current integral during 100 cycles 

- Position of the highest ion peak 

- Ion current center of mass 

 

A statistical analysis showed very little correlation between the height of the ion peak and 

the EGR rate in low load cases; therefore this variable is not included in our findings. It 

must be noted that the height of the ion current is also influenced by fuel additives and 
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therefore variables derived directly from it would be dangerous to use in any recognition 

model. Byttner details this further in [9]. 

 

Ion current integral 

It can be shown that the area of the ion current, or the ion current integral, is statistically 

related to COV(IMEP) (Figure 14):  
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Figure 14: Relation between COV(IMEP) and the ion current integral 

 

This relationship is based in the diluting and cooling effect that EGR has on the 

combustion. With decreased combustion temperature, fewer ions are produced and 

therefore the ion current height is reduced. Also, late combustion and misfires happen more 

frequently, adding to the lowered height in an averaged signal. 
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Variability of the ion current integral 

The integral is computed for the non-averaged current in each cycle individually. The COV 

of the integrals is then calculated over the same 100 cycles the COV(IMEP) is calculated 

over. 
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Figure 15: COV(IMEP) related to COV(Ion current integral) 

 

It can be seen in Figure 15 that there is an almost linear correlation between the 

combustion variability and the variability of the integral. The more EGR is employed, the 

more likely bad combustion and misfires become. The discrimination between no EGR and 

low EGR is however not as good as in the above cases. Therefore, the COV of the integral 

may be more useful in models designed only for medium to high EGR case because the 

danger of misclassification in the low/no EGR range is high. 

As it has before been shown [9] that the integral of the averaged ion current is good enough 

for recognition and classification of EGR rates, this variable will not be investigated 

further here. 
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Ion peak position 

The location of the first and highest ion peak can be extracted by a simple high-score 

algorithm (finding the maximum). 

In terms of computation demand, a high-score algorithm is rather efficient: as we can 

pinpoint the ion current peak position in our data to be between 20 and 55 degrees ATDC, 

a window covering this should be sufficient to extract the ion peak information (adding 

information about the spark location could narrow this down even further; but this is 

outside the scope of this paper). 

 

From a comparison between the COV(IMEP) and the ion peak position a good correlation 

can be seen (Figure 16): 
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Figure 16: COV(IMEP) related to ion peak position 

 

The reason for the relationship shown in Figure 15 is likely the same as for the relationship 

between COV(IMEP) and the ion current integral; the diluting and cooling effect delays 

the combustion. 
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Ion current center of mass 

The next variable investigated is the center of mass of the ion curve. 

The center of mass (in the literature referred to as center of gravity but in the case of this 

sample vector more aptly named center of mass) is calculated as follows: 

 

 

(Eq. 10) 

 

 

The correlation between the center of mass and COV(IMEP) shows that information can be 

extracted: 
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Figure 17: COV(IMEP) related to the center of mass of the ion current 

 

It can be seen in Figure 17 that the center of mass is indeed quite a distinct characteristic 

for the low EGR case. However, there is little to no difference between the medium and the 

high EGR case. If a control algorithm were to find and set the target COV(IMEP) to a 
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range closer to the medium EGR case could lead to misclassifications when using this 

variable. 

It is possible that the center of mass can be used for distinguishing between the case of low 

and no EGR when combined with a second model for recognizing the remaining cases in 

partial linear models, e.g. the COV of the ion current integral. This will be investigated in 

the section on linear models. 

 

5.1.4. Output variables 

 

As model output, the combustion variability measure COV(IMEP) calculated over 100 

cycles is selected. Measurements will be done with both regression and classification 

models. 

 

Regression models will simply match the output value of the model to the calculated 

COV(IMEP) at this time. Since the input variables are taken from data averaged over 100 

cycles, the COV(IMEP) is also calculated over those same cycles (see Eq. 1). 

However, models that reliably perform continuous recognition are often complicated and 

their computational demand is relatively high. For a simple control algorithm, it might be 

enough to classify the output data into 3 or 4 classes. Therefore, models that classify data 

will be evaluated since they may perform sufficiently well even at smaller model size. 

 

When constructing classes from the COV(IMEP) target value, generally a low 

COV(IMEP) is considered good combustion. As we set our target EGR range to be low, 

the target range should be the values most common in this range. Anything above 10-15% 

COV(IMEP) (depending on the engine) can be considered bad combustion [16] and 

therefore this defines the third class. In this case, we set the threshold at 15% COV(IMEP) 

by looking at the COV ranges in the low EGR data of the testbench engine. A range 

between the target class and very bad combustion values can be inserted as “warning sign” 

class which is shown in Class set 1.  

 

This approach to classification is unique to this project; before, only classes corresponding 

to EGR rates have been employed [19] but not classes that differentiate classes of 

COV(IMEP) in the low EGR ranges. 
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Two such sets of target classes are constructed and later used on the models: 

 

 Set 1 Class percentages Set 2 Class percentages 

Class 1 x<0.07 75% x<0.07 75% 

Class 2 0.07<x<0.15 7% 0.07<x<0.15 7% 

Class 3 0.15<x<0.25 7% 0.15<x 18% 

Class 4 x>0.25 11% - - 

Table 1:  Class definitions and percentages in the training data 

 

As can be seen from Table 1, the percentage of classes in the reference data is weighted 

towards the “good” classes. Therefore when training a network care has to be taken of not 

biasing the network towards these classes by creating input vectors that represent each 

class realistically. This was done by separating the input vector into vectors of each 

individual class and choosing the input vector as a combination from those classes. 

 

 

5.2. Recognition models 

 

The models that will be evaluated in this section are as follows: 

- Linear models 

- Backpropagation neural networks 

 

It has been shown before [9] that neural networks can indeed work as a model for EGR 

classification. In this paper we will try to reduce their processing power and compare the 

resulting stability and quality to bigger networks to select models that would be usable in 

today’s engine control units. The comparison of computational demand will be done in 

multiplications per analysis of one input vector. 

 

The maximum fuel reduction that is achieved by using EGR occurs in the low EGR range. 

The performance of the models in this area is therefore most important. Due to the higher 

variability of the current samples in the medium to high range it is expected that the model 

performance will decrease there. We deem it necessary that at least in the medium range 
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(comparable to running the engine at the lean limit) the performance should still be 

acceptable.  

5.2.1. Linear models 

 

Linear models are mainly applied to provide a basis for judging the performance of non-

linear models like neural networks. They are extremely resource friendly and easy to 

implement but not very resistant to noise and fluctuations in the input, which in a 

mechanical system are unavoidable. 
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Using the COV(ion current integral), we get the coefficients p1 and p2: 

  p1 = 7.5988 

  p2 = -0.42134 

The norm of residuals is 2.607. 

 

Testing this model on unknown data, we get a bias error of 0.0092 or almost a percent of 

COV(IMEP). This is quite high seeing how close together the ion current ranges are. A 
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systematic deviation from actual to computed COV(IMEP) of one percent is not accurate 

enough to ensure correct performance. 

 

As the model using one the variability of the integral is not accurate enough, different 

variables will be researched. Judging from the relationships discussed in 5.1., it will not be 

possible to achieve a satisfactory model by just using one variable and a first or second 

degree polynomial fit. However, it is possible to make linear models for specific parts of 

the relationship and combine them for improved performance. 

 

For example, it is possible to see that the cases of no EGR and low EGR are very clearly 

defined in figures 10 and 12 (ion peak position and center of mass). However, the 

difference between medium and high EGR is better defined in Figure 12 (Ion current 

integral). Fitting a model to the cases of no and low EGR using the center of mass we get 

the coefficients p1 and p2: 

  p1 = 0.0033714 

  p2 = -0.18951 

and the norm of residuals 0.23055. 

 

The bias error of this model on unknown test data is 0.1 percent. 
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Figure 18: Linear fit of the low EGR ranges to the ion current center of mass 

 

For the medium to high EGR case we choose the ion current integral and get: 

  p1 = -6.877e-006 

  p2 = 4.2053 

Norm of residuals = 1.6549 

 

The bias error of this part of the model is -1,73 percent, which is still quite high. 
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Figure 19: Linear fit of the medium-to-high EGR ranges to the ion integral 

 

As the center of mass as reference variable is only valid for low EGR ranges, the second 

model should be used when the value of the center of mass goes over a certain point, e.g. 

66 for this reference window. 
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Figure 20: Linear model output on unknown test data 

 

It can be seen in Figure 20 that the error between the linear model output and the target 

COV(IMEP) is still quite high. Running the engine at the lean limit, it would be hard to 

distinguish between an acceptable and an unacceptable value of COV(IMEP) with this 

margin of error. We can therefore conclude that even when using two different sets of data, 

linear models are not reliable enough for recognition of the combustion variability. 

 

Comparing the shown linear models, we get:  

 Bias error Computational demand 

Using COV(Integral) 0.0092 2+COV calculation 

Using CoM and Integral -0.0158 4+CoM calculation 
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5.2.2. Backpropagation Neural Networks 

 

In the following experiments, feed-forward backpropagation-trained networks have been 

used. The training algorithm used is Levenberg-Marquardt, which the team judges from 

previous experience as a very good all-purpose algorithm.  

 

The first experiment was to produce a neural model using the input variables used for the 

linear models. No increased performance could be measured for that, however. 

As a next step, it is attempted to use a window of the ion current as input. To reduce the 

input vector, only a small window of the ion current is selected. Three models using the 

same sample length have been proposed: 

 

- Model 1 uses a fixed window of 20 samples starting at top dead center. 

- Model 2 uses a window that is dependent on the spark advance; the window starts a 

certain number of degrees after the spark. 

- Model 3 is trained by selecting only the area around the ion current peak for input. 

A window of 20 points in the ion current vector, from 5 degrees before to 15 

degrees after the ion peak, is used. 

 

All networks were constructed with 20 input nodes and 1 output node. The hidden layer 

was varied between 21 and 23 hidden nodes to test for the best configuration. The training 

period was fixed to 100 iterations; no early stopping was employed. 

 

Looking at the correlation between network output and target data on the three different 

network types (Figure 21) one can see that the network that uses the window around the 

ion peak location has by far the best recognition of unknown data. 

For all networks, recognition is best in the low COV(IMEP) range which is a desirable 

effect. 
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Figure 21: Correlation between output and target data for the tested models 

Top left figure: Model 1, top right figure: Model 2, bottom left figure: Model 3 

 

The static window in Model 1 would reduce the amount of calculation needed; however in 

Figure 21 one can see that the resulting answer to unknown data is not as correct as in 

Model 3. A similar performance was achieved from Model 2 taking an input that is a static 

distance away from the ignition. Only the network that uses the window depending on the 

ion peak position shows a reliable recognition. Lowpass-filtering the output could improve 

the overall performance even more but is not attempted here. 

 

To reduce the load on the engine control unit’s processor, the resolution of the window was 

reduced further but the position of the ion peak added to provide additional stability. 

Reducing by 50% and using a hidden layer of 11 nodes we still get a quite good 

recognition quality: 
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Figure 22: Simulating a neural network on reduced data 

 

The bias error of this network when tested on unknown data is 8.9280e-004. The size of 

the network is 11-11-1 nodes in the respective layers which reduces the number of 

necessary multiplications to 11*11 + 11*1 = 108 per cycle. 

 

Comparing these recognition neural network models, we get:  

 Bias error Computational demand 

ANN-20 inputs – window 1 0.0119 20*23+23*1 

ANN-20 inputs – window 2 0.0082 20*23+23*1 

ANN-20 inputs – window 3 5.7693e-006 20*23+23*1 

ANN – 11 inputs 8.9280e-004 11*11+11*1 
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5.3. Classification models 

 

The classification models examined in the course of this research are: 

 

- K-Nearest Neighbour models 

- Backpropagation neural networks 

- Learning vector quantization models 

 

The reason for using classification models instead of a more accurate representation in 

recognition models is robustness to error but mainly computational demand. It is possible 

that a classification model may be more accurate than a continuous model. This 

assumption will be tested by comparing the output of a model trained for classification 

with the output of the model described in the previous section, which has been sorted into 

classes in the same way as the target value. 

Another reason for considering classification models is computational demand: due to the 

more generalized output it may be possible to reduce the size of the models without losing 

accuracy. Additionally, a control algorithm depending on classes may be simpler to 

implement. 

 

5.3.1. Classification-trained backpropagation neural networks 

 

It may be possible to achieve a useful model with few input variables when classifying; 

however a model trained with the ion integral and ion peak location as input variables did 

not perform sufficiently in the low EGR range. The classification error is large, with a 

correct classification of relatively few points. As the proper EGR rate in low load 

conditions is estimated to be in the low EGR range, the classification using only two 

variables is not acceptable. 

 

Therefore, a network using the input vector constructed for the classification neural 

networks was constructed and tested. 

To compare the result with that of the continuous recognition, the modeled output of the 

continuous network on unknown data was classified into the same ranges as the reference 
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target. Table 2 shows in the form of a confusion matrix that the classification network has a 

better performance in the low and medium range. 

  

 

Classification network  Continuous recognition 

  True classes    True classes 

  1 2 3 4    1 2 3 4 

1 98,6% 0,8% 0,6% -  1 92,2% 7,8% - - 

2 0,9% 96,2% 4,9% -  2 1,1% 73,9% 25,0% - 

3 - 4,8% 87,2% 8,1%  3 - 9,4% 81% 9.6% 

P
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te
d
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es

 

4 - 3,0% 4,2% 92,8%  P
re

d
ic

te
d

 c
la

ss
es

 

4 - - 8,2% 91,8% 

Table 2: Confusion matrix of continuous recognition and classification, class set 1 

 

However, there is little improvement in computational demand when using this network; as 

three additional fully connected nodes are added to the output layer, the demand is even 

increased. Therefore, both the input and the hidden layer’s amount of nodes were reduced 

and the reduced input set was used. 

 

It was possible to reduce the network size to 11-10-3 while still getting acceptable results. 

Seeing as the performance of the networks on the third class was poor, the class was 

removed and class set 2 used instead. Training a network on this class set, we get: 

 

  True classes 

  1 2 3 

1 94,7% 5,3% - 

2 - 99,8% 0,2% 

P
re

d
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te
d
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3 - 28,0% 72,0% 

Table 3: Performance of the classification network on class set 2 

 

The confusion matrix shows that classification in the target class 2 is very good; however 

over a quarter of the data in Class 3 has also been misclassified into Class 2. This 

misclassification could possibly lead to drivability problems if not addressed by further 

training. 
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Comparing to the previous section, the computational demand could not be substantially 

decreased by using classification networks. Therefore, models more specifically designed 

for classification will be investigated. 

 

Comparing the selected classification neural network models, we get:  

 % of misclassification Computational demand 

ANN-21 inputs – class set 1 6,3% 21*23+23*4 

ANN-11 inputs – class set 2 11,17% 11*10+10*3 

 

 

5.3.2. Learning Vector Quantization 

 

The LVQ-type network design has been quoted in literature as being especially good at 

reducing big data sets to small models; therefore, LVQ networks will be analyzed in this 

chapter. 

The learning vector quantization networks were trained using a smaller partition of the test 

data used in the backpropagation case. This was necessary because the training algorithm 

turned out to be very computing power intensive and therefore not able to perform 

sufficiently to make a large number of tests. 

However, even when training with a number of inputs that were sufficient for training a 

backpropagation network of the same size, the LVQ network did not perform satisfactorily. 

The confusion matrices of the models used showed that in simulations, the LVQ models 

only worked for one or two classes. 

 

Testing an LVQ network with a learning rate of 0.05 that was trained with equally 

distributed data, the network classifies all input data to fall into Class 2 (which is obviously 

not the case). 

 

Variations on the learning rate, the input data and the learning algorithm chosen could not 

produce any sufficient output. E.g. a network using a learning rate of 0.01 gives this 

output: 
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  True classes 

  1 2 3 4 

1 100% - - - 

2 - 5% - 95% 

3 - 2% - 98% 

P
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4 - - - 100% 

Table 4: LVQ performance on unknown data, class set 2 

 

which still fails completely for class 3. It must therefore be concluded that although LVQ 

networks are specifically made for classification, the network performance clearly shows 

that they are not able to perform well on the task given here while still reducing size of the 

network. 

 

5.3.3. K-Nearest Neighbour Models 

 

K-Nearest Neighbour models have a low computational demand in addition to being 

simple to use models. Their computational demand depends on the number of example 

vectors it is given. As we only have three to four output classes with very distinctive 

ranges, not many of those reference vectors are needed for a good result. The reference 

vectors were chosen by collecting all input vectors falling into a specific class and using 

the mean. As the classes are coherent, this is sufficient for a simple model; however, if 

more flexibility is needed more vectors (e.g. for different cases of spark advance or load) 

could be added. For this model, the k was chosen to be 1. 

The input data for the first model is chosen to be the reduced vector around the ion current 

maximum that has been selected in the last model. 

 

Training a 1-nearest neighbour model with 4 reference vectors that are an average of the 

respective class gives a test result of 
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  True classes 

  1 2 3 4 

1 92,6% 6,7% 0,5% 0,2% 

2 - 81,3% 18,0% 0,7% 

3 - 14,8% 8,3% 76,9% 

P
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4 - - 0,4% 99,6% 

Table 5: Performance of the K-NN algorithm on an ion current window (class set 1) 

 

which is an overall performance of 70,5% - a rather good performance for a very low 

computational demand. 

 

Adding also the information about the ion peak location into the vector improves the result 

further. The classification is again worst in the range of class 3. 

 

Seeing as the recognition of class 3 is poor, class set 2 is used. Training a K-NN, again 

with the average of each class set as input, we get a confusion matrix of 

 

  True classes 

  1 2 3 

1 95,8% 3,9% 0,3% 

2 - 95,2% 4,8% 

P
re
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d
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3 - 26,6% 73,4% 

Table 6: Performance of the K-NN on class set 2 

 

 which is an overall success rate of 87,7%. This is a rather good performance. As in the 

case of the classification neural network models, more than 25% of Class 3 is misclassified 

though. 

 

Comparing the K-NN models analyzed, we get:  

 % of correct classification Computational demand 

K-NN-11 inputs – class set 1 70,5% 2*4*11 

K-NN-11 inputs – class set 2 87,7% 2*3*11 
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5.4. Car measurements 

 

The data taken from the car for testing the models is collected over 8000 cycles. Applying 

similar cropping and averaging as for the dynamometer data to it and calculating the mean 

and standard deviations for each EGR rate, one can see the typical form and height change 

of the ion current data for the EGR cases is preserved (Figure 23): 
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Figure 23: Mean and standard deviations for the averaged car data in different EGR ranges 

 

However, it can be seen that the variance in the currents is higher than in the dynamometer 

data even with the employed averaging. 

 

From the models discussed in Chapters 5.2 and 5.3, the most promising models are now 

chosen to be tested for their resistance to noise on the car data: 
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- Recognition-trained backpropagation neural networks 

- Classification-trained backpropagation neural networks 

- K-nearest neighbour models 

 

5.4.1. Continuous recognition models 

 

The result of training a backpropagation neural network on car data with the same 20-point 

input vector as in the previous chapter is shown in Figure 24: 
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Figure 24: Performance of the continuous recognition network model trained on car data. 

 

One can see that the network performs fairly well even in the face of the noisier car data. 

The bias error of this network configuration is -2.0299e-004. 

 

As it is therefore verified that a network can be trained to car data as well as to 

dynamometer data, we continue by training the chosen models with the reduced-resolution 

data set: 
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Using the reduced 11-point input, the continuous network seems to recognize data in the 

medium range less reliably than the bigger network (Figure 25): 
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Figure 25: Performance of the continuous recognition network model on reduced car data 

 

The performance is still rather good though, with a very good performance in the low and 

medium range. The bias error on unknown data is -2.9681e-004. 

 

Comparing neural network models on car data, we get:  

 Bias error Computational demand 

ANN – 20 inputs  -2.0299e-004 20*23+23*1 

ANN – 11 inputs -2.9681e-004 11*13+13*1 
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5.4.2. Classification models 

 

Training a backpropagation network to classify an 11-input vector to Class set 1, we get a 

rather good correlation: 

 

 

  True classes 

  1 2 3 4 

1 96,6% 3,2% 0,2% - 

2 0,9% 84,3% 14,8% - 

3 - 19,9% 58,9% 21,2% 

P
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4 0,2% 2% 5,4% 92,4% 

Table 7: Confusion matrix of the classification network trained on car data 

 

with the highest error in the medium range. 

 

Using class set 3 and a network with 10 hidden neurons, we get: 

 

  True classes 

  1 2 3 

1 83,5% 16,5% - 

2 3,8% 86,9% 9,3% 
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3 - 15,2% 84,8% 

Table 8: Confusion matrix of the network trained on Class set 2 

 

which is a total recognition performance of 85,07 percent which is a rather good result at a 

decreased network size. Also, it can be seen that the recognition error in class 3 is not as 

big as in the dynamometer data. 

 

Training the K-NN model using reference vectors as described in the previous chapter, we 

get a performance of 
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  True classes 

  1 2 3 4 

1 48,47% 51,16% 0,1% 0,28% 

2 35,12% 27,20% 16,5% 21,18% 

3 - 18,63% 30,09% 51,27% 

P
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es

 
4 - 19,18% 10,05% 70,78% 

Table 9: Performance of the K-NN classifier on car data 

 

The percentage of correct classifications overall is rather low: 37%. 

Using the second class set, we get to an accuracy of 59,53%, but as Table 10 shows, the 

confusion matrix is still far from ideal: 

 

  True classes 

  1 2 3 

1 79,3% 9,1% 11,6% 

2 43,5% 10,5% 46,0% 

P
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3 6,2% 4,9% 88,8% 

Table 10: Confusion matrix of the K-NN trained on test set 3 

 

Adding more reference vectors or more data to the KNN training could improve those 

results; however this comes at the cost of improving the model size. 

 

Comparing the performance of those classification models on the car data, we get: 

  

 % of misclassification Computational demand 

ANN-21 inputs – class set 1 16,5% 21*19+19*4 

ANN-11 inputs – class set 2 14,9% 11*10+10*3 

K-NN-11 inputs – class set 1 37% 4*11*2 

K-NN-11 inputs – class set 2 40,5% 4*11*2 
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6. Discussion 

 

6.1. Discussion of results 

 

The research conducted in this paper has shown that there is indeed a good recognition that 

can be achieved using information from the ion current. It is shown that an average over 

100 cycles is sufficient to recognize the combustion variability both in the simulated and in 

the actual car data. 

Several variables have been analyzed for their viability in recognition. It was concluded 

that the ion peak position, and the information extracted from a window around its 

location, achieves a good recognition in all cases. 

There is a significant interest in making the recognition algorithm use up as little 

processing power as possible. The most efficient method to reduce model size is to use 

smaller input vectors. It was found that even a small window of the ion current around the 

ion peak is sufficient to ensure recognition. 

Reducing the resolution of the window another time by half has an adverse effect on both 

recognition and classification models; we can, however, conclude that it is possible to train 

a recognition network even on reduced data. Adding information about the position of the 

ion current peak improves recognition further. 

 

The models used were linear models, K-nearest neighbour regression models and neural 

networks of two types. The backpropagation neural networks performed best in achieving 

continuous recognition, mainly due to their ability to adapt nonlinearly to all EGR cases. 

The number of neurons in the hidden layer was found to be sufficient with 10 neurons. 

The LVQ models did not manage to achieve correlation while reducing their size. 

Therefore, we conclude the LVQ models are not a good model for this type of challenge. 

 

 

Evaluating the continuous recognition models in terms of performance and computing 

power, we can extract this matrix (Table 11): 
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 Bias error 

(Test data) 

Bias error 

(Car data) 

Computational demand 

Linear model 4.07 - ++ 

ANN – 20 inputs 5.66e-006 -2.0299e-004 - 

ANN – 11 inputs 1.32e-004 -2.9681e-004 ~ 

Table 11: Comparison of linear model performance and computational demand 

 

From the performance of the classification models on the classes specified in this paper, it 

can be seen that especially the third class is very hard to model. Subsequent removal of the 

class indeed improved the performance of the classification algorithms. 

 

Evaluating the classification models, a similar matrix can be extracted (Table 12): 

 

 %errors (Test data) %errors (car data) Computational demand 

ANN – Class set 1 6,3% 16,5% - 

ANN – Class set 2 35,0% 14,9% - 

LVQ – Class set 1 49,7% - - 

K-NN – Class set 1 30,5% 37% + 

K-NN – Class set 2 14,1% 40,5% + 

Table 12: Comparison of classification model performance and computational demand 

 

It can be seen that although the K-NN models outperform the neural network models on 

dynamometer data, they are less robust when analyzing the noisier car data. This could be 

counteracted by using more reference vectors; however, this has not been investigated yet. 

 

6.2. Future work 

 

The selected networks must be more extensively tested on actual engine data to ensure 

quality. 

Furthermore, the classification algorithms could benefit from modeling the classes to the 

engine’s specific parameters. This could on the other hand mean that the algorithm would 

become very specific to one type of engine which is to be regarded with caution. 
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Due to time constraints, no in-car testing could be carried out. As the algorithms have been 

tested on car data, this would be the next step to ensure a control algorithm based on the 

recognition would work. 

The implementation of a control algorithm based on the model output has also yet to be 

performed, since it cannot be tested on static data. 

 

Since the window around the ion current maximum has brought better results than 

previously used models, another suggestion for future research is to use it for recognition 

of the in-cylinder pressure peak position.  
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7. Conclusion 

 

In the course of the research, several new approaches to modeling the combustion 

variability using the ion current were found and employed. 

First, it was shown that the location of the first ion peak is a good variable to model the 

COV(IMEP). It was found to correlate to COV(IMEP), although not linearly, but with less 

spread and more clearly defined ranges than the ion current integral or the ion current 

integral variability. This differs from previous results described in [19]. 

Second, a window of the ion current around this maximum point used as reference window 

for modeling the ion current was found to yield better results than the previously employed 

fixed windows or windows depending on spark advance. This may be due to the 

elimination of noise from the ignition coil ringing in the window. The window size was 

found to be sufficient to start at five degrees before and end at fourteen degrees after the 

ion peak. Additionally, the window was reduced to 2 degree resolution without much loss 

to model accuracy. 

Third, the models researched had not before been used to model COV(IMEP) in this way. 

The classification models here use class definitions in measured COV(IMEP) instead of 

class definitions from EGR rates like in [9]. 

The models analyzed here were linear regression models, K-nearest neighbour models, and 

backpropagation and Learning Vector Quantization neural networks. Of those, it is 

concluded that the regression-trained neural networks and the K-nearest neighbour method 

work best to recreate the combustion variability.  

The K-nearest neighbour model is the least demanding in computational power. However, 

this comes at the cost of losing modeling accuracy by doing classification. Whereas for 

some control algorithms the direct modeling approach of the neural network could be of 

advantage, a simple algorithm that monitors the COV(IMEP) according to classes can 

already be implemented with this simple model. However, their decreased robustness to 

noisier data means that in order to be employed on car data, more reference vectors must 

be used which increases the model size slightly. 

 

Recommended models for recognition of the combustion variability using information 

from the ion current are therefore (depending on the control algorithm) either continuous 
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recognition neural networks or K-nearest neighbour classification models with the input 

vector being 10 measurement points of 2 degree resolution around the ion peak and the ion 

peak position. 
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Abbreviations 

 

ANN Artificial Neural Network 

ATDC After top dead center 

BTDC Before top dead center 

CARB-OBD California Air Resource Board On-Board Diagnostics  

COV Coefficient of variation 

EGR Exhaust gas recirculation 

EOBD European On-Board Diagnostics 

IC Ion current 

IMEP Indicated mean effective pressure 

K-NN K-nearest neighbour 

LM Levenberg-Marquardt algorithm 

LVQ Learning vector quantization 

MLP Multilayer Perceptron 

MSE Mean Square Error 

NN Neural Network 

NO Nitrous oxide 

NOx NO and NO2 

PCA Principal component analysis 

SI Spark ignition 

TDC Top dead center 

 

 

 

 

 

 

 

 

 


