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Sammanfattning 
Genom att använda statiska mätningar till att prediktera emissioner under en dynamisk körcykel 
skulle mycket tid och pengar kunna sparas hos gruppen för avgasefterbehandling på Volvo 
personvagnar. Tanken med detta examensarbete har varit att testa hur väl det går att modellera 
detta för en ottomotor med hjälp av statistiska regressionsmodeller. 
 
Frågeställningen har varit om vanliga driftsparametrar som motorvarvtal, lambda etc. är 
tillräckliga för att kunna prediktera emissioner över motorns driftområde med godtagbar 
noggrannhet. Fokus har legat på varm motor, men även den mer komplexa uppvärmningsfasen 
har undersökts eftersom den är en betydande del av de totala emissionerna. Eftersom NOx inte 
kunde mätas på grund av problem med mätutrustningen har endast HC, CO samt temperatur in i 
första katalysatorn testats. Till försöken användes Volvos 3.2 liters SI6 bensinmotor i 
sugutförande. En S80 med automatlåda har använts för körcykelproven. 
 
MATLABs verktyg för statistisk modellering, Model-Based Calibration Toolbox, användes då 
det har alla delar som behövs för att både bygga modellerna och analysera resultaten. För att 
bredda analysen gjordes två separata test planer med olika angreppssätt för den upplevt 
svårmodellerade tändvinkeln, och mycket tid lades ned på utvärdering av både polynomiska och 
RBF modeller. Verktyg såsom PRESS RMSE, R2 och grafisk residualanalys användes för detta. 
 
Flera intressanta upptäckter gjordes, bland annat att CO går att prediktera väl med ett R2-värde på 
närmare 0.95. HC och temperatur in i första katalysatorn ligger lägre med R2 värden på 0.6 
respektive 0.9. I övrigt upptäcktes att olika korrektionsfaktorer behövs för att kunna prediktera en 
transient körcykel på ett bra sätt. Förutom rena modellfel kan detta bero på responstider för 
mätutrustningen och skillnader mellan motor lös i rigg och monterad i komplett bil. 
 
Kallstartsförsöken visade att iakttagelserna i litteraturen stämde, nämligen att det under 
uppvärmningsförloppet var möjligt att skala varma emissioner proportionerligt mot 
kylvattentemperatur med god korrelation.  
 
Modellmässigt så visade sig RBF av Gaussisk typ samt polynom av fjärde graden vara de 
generellt bästa modelltyperna, men RBF-modeller var rent olämpliga för prediktering av CO. 
Korrelationen mellan de olika testriggarna är inte fullt utredd, och utan att undersöka detta samt 
fenomenet med responstid är det sammantaget svårt att komma längre. 
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Abstract 
By using steady-state measurements for predicting emissions under a dynamic drive cycle would 
save a lot of time and money for the exhaust aftertreatment specialists at Volvo cars. The idea for 
this thesis has been to investigate if statistical regression models can be used with good accuracy. 
 

Questions included are for example if common operating variables such as engine speed, air-fuel 
ratio etc. is sufficient to predict engine-out emissions over the engine operating range with good 
accuracy. Focus was set on the modelling of warm engine, but also the more complex engine 
heat-up phase was investigated since it is a great contributor to total emissions. While NOx could 
not be measured because of malfunctioning measurement equipment, only HC, CO and 
temperature at inlet of first catalytic converter has been modelled. For the experiments a SI6 
naturally aspirated petrol engine was used, and drive cycle tests were run with a S80 with 
automatic gearbox. 
 
MATLABs’ tool for statistical modelling, Model-Based Calibration Toolbox, were used since it 
includes everything needed both for building and evaluation of the models. To broaden the 
analysis, two separate test plans were made with different approaches regarding spark advance 
which experienced difficulties. Much time was spent evaluating both polynomial and RBF 
models. Tools as PRESS RMSE, R2 and graphical residual analysis were used. 
 
Many interesting discoveries were made, including a very good prediction of CO with a R2 value 
of 0.95. Temperature at the inlet of first catalyst was slightly worse with a R2 value of 0.9 where 
HC reached only 0.6. Further findings include that different correction factors were needed to get 
a good drive cycle prediction. Except for model errors this discrepancy can come from response 
times of the measurement equipment and environmental differences between the two rigs used. 
 
Tests with cold start showed good agreement with findings from other researchers; that it is 
possible to scale emissions from fully warm engine proportional to coolant temperature for a 
good prediction during the engine heat up.  
 
Model wise were RBF Gaussian and 4th order polynomial models the best, but RBF Models 
should not be used for predicting the CO response. The correlations between the rigs are not fully 
known, and without more investigation of this and the response time phenomena it is altogether 
hard to get any further than this. 



 

 
 
 
 
 
 
 
 
 
 
 
 

Essentially, all models are wrong, but some are useful 

-George Box, 1987 
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1.Introduction 

1.1. Background 

Nowadays when a new spark ignited engine is developed, the legislated emission levels are 
difficult to fulfil, and therefore a sophisticated and well optimized aftertreatment system is an 
essential part of every engine project. This requires much time and effort for the aftertreatment 
specialists at Volvo Cars, and today they must wait until very late in the engine development 
projects before they can start their work. This is because there is a need for dynamic engine-out 
emissions from a certification drive cycle, run with the engine installed in a vehicle. 
  
Before the engine is placed in a vehicle, it has already been running for a long time in an engine 
rig capable of running steady-state points. If data collected in this rig could be used to predict the 
engine-out emissions for a vehicle running a legislated driving cycle, a lot of time could be 
gained. This would give the aftertreatment specialists more time for optimization, which would 
turn out as a better product at a lower cost. 
 

1.2. Purpose 

In this thesis the aim is to investigate how well a so-called response surface model based on a 
finite amount of steady-state data can be used to predict dynamic, drive cycle engine-out 
emissions. Experimental data for training the models will be taken from a static engine rig and 
for validation of the model, a complete vehicle rig will be used. The basic idea is that a specific 
combination of the engine operating variables will produce a corresponding emission response, 
and it will be investigated how good this estimation is. There has been some work already at 
Volvo Cars on modelling engine-out emissions, and this thesis work will use that as a base for 
further discussions. 
 
The models built in this thesis will give input data to a model of the aftertreatment system, and 
there are two main fields of application for this model that can be seen today. First is the 
optimization of components in a present aftertreatment system, e.g. if one or two catalytic 
converters should be used, their distance from the engine, the volume, cell density or the load of 
precious metals. The second application is choice of aftertreatment concepts for new combustion 
technologies e.g. stratified spark-ignited combustion where new strategies for aftertreatment 
must be used. 
 

1.3. Limitations/Constraints 

It was chosen to use only one type of engine and one type of vehicle for this thesis work. The 
type of engine chosen was the recently developed naturally aspirated port-injected short-inline 
six cylinder engine (SI6). This type of engine was chosen since there is an ongoing work 
upgrading it to future emission legislation. During this project, tests were performed both in an 
engine rig and complete vehicle rig. This will make it possible to collect all data needed for the 
models. The engine did also have the advantage of being naturally aspirated and not having dual 
intake camshaft profiles that other SI6 engines have. The lack of the cam profile switching 
system (CPS) removes one degree of freedom, and the advantage of being a naturally aspirated 
engine removes some uncertainties. The most significant uncertainty with a turbocharged engine 
is the running points during transient responses, which can be outside the range of what can be 
reached during steady-state operation.  
 



 

  10 

All SI6-equipped cars have automatic gearboxes, and the car chosen for the tests on the complete 
vehicle rig was a front wheel drive S80. An advantage of validating with an automatic gearbox is 
that the gear changes can be smoother and more consistent regarding transients during gear shifts 
which perhaps will give an easier response to predict for the model. 
 
The main focus will be on modelling fully-warm engine out emissions, but tests with cold start of 
the engine (20°C) will also be carried out. The drive cycle used for validation purposes will be 
limited to FTP75 (see chapter 2.6). 
 
Regression analysis will be used, and focus will be set on testing polynomial and radial basis 
function models using Matlab and the statistical modelling add-on Model Based Calibration 

toolbox, MBC. More information on process modelling and the tools used are found in chapter 5. 
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2.Spark-ignited engine theory 
A combustion engine converts chemical energy into mechanical energy and unfortunately a lot of 
heat. The SI6 engine is a conventional four stroke spark-ignited engine, and the principle will be 
briefly described in this chapter. See Figure 1 for a simplified schematic sketch. 
 

 
Figure 1. Schematic sketch of a four stroke spark-ignited engine including aftertreatment system. 

 
A four-stroke engine uses two complete revolutions of the crankshaft to complete one engine 
cycle. The strokes are namely:   
 
Intake stroke 

When the piston is at the top, the inlet valves open and a mixture of fresh combustible gases are 
drawn into the cylinder as the piston moves downward. 
 
Compression stroke 

Both inlet and exhaust valves are closed and the pressure and temperature of the trapped fresh 
gas mixture rises as the piston moves upward in the cylinder. Shortly before top dead center the 
spark plug ignites the mixture.  
 
Power stroke 

After reaching top dead center, the piston is pushed downward converting part of the chemical 
energy of the burning mixture to rotational mechanical energy at the crankshaft. 
 
Exhaust stroke 

The burned mixture is pushed out from the cylinder through the exhaust valves by the high 
pressure of the burned gases and by the movement of the piston upwards in the cylinder. When 
reaching top dead center, the cycle is completed and the intake stroke starts again. 
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2.1. Combustion and pollutant formation 

The combustible gases drawn into the cylinder (for port injection) is a mixture of air and fuel. 
The fuel consists of hydrocarbon chains, and during the combustion they react with oxygen in the 
air forming water and carbon dioxide. This can be described by the global reaction  
 

 OH
m

COnO
m

nHC mn 222
24

⋅+⋅→⋅







++  (1) 

 
where n and m are the number of carbon and hydrogen atoms respectively in each molecule of 
fuel. If the combustion is not complete, which is the normal case, unwanted emissions will also 
form. There are three types of emissions from a spark-ignited engine that are regulated by law. 
These are mainly carbon oxide (CO) and partly unburned hydrocarbons (HC) that comes from 
incomplete combustion, but also nitrogen oxides (NOx) that forms from oxygen and nitrogen in 
the air.  
 
Particle mass is negligible in spark ignited engines. However particle number emissions can be 
an issue, but since that is not limited by any legislations yet it has not been included in this work. 
In the following chapters the remaining three emissions will be discussed more thoroughly. 
 

2.2. Air-fuel ratio and lambda 

Air-fuel ratio is defined as the mass ratio between the air and the fuel, and for petrol the 
stoichiometric ratio is about 14.7:1 depending on blend. Stoichiometric ratio describes the 
relation when there is neither more nor less air present than what is needed to burn all the fuel. 
Lambda, often represented by the small Greek letter lambda, λ, is a measure how far from 
stoichiometric a mixture is, and is defined as: 
 

 
tricstoichiomeAFR

AFR
=λ  (2) 

 
where a stoichiometric mixture has lambda 1. A richer mixture has a lambda value below 1, and 
a leaner mixture has a value above 1. 
 

2.3. Emissions 

The three legislated emissions will be described here regarding formation and poisonousness.  
 

2.3.1. Carbon oxide, CO 

Carbon oxide is a gas that has higher affinity than oxygen to the haemoglobin in the body, which 
causes poisoning due to lack of oxygen. It is hard to detect since it is colour- and odour-less. It 
mainly forms under rich mixtures, where variations in air-fuel ratio throughout the combustion 
chamber are a large contributor. If the global air-fuel ratio is at stoichiometric or leaner, most 
carbon oxide is oxidised to carbon dioxide during the expansion stroke giving the carbon oxide 
concentration being dependent on air-fuel ratio. To oxidise CO, the temperature must exceed 
700°C [1]. It is measured in volume percent of exhaust gas. 
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2.3.2. Hydrocarbons, HC 

Unburned hydrocarbons consist of fuel that is unburned, partially or completely. It comes mainly 
from incomplete combustion, but a fraction of fresh gas mixture might escape into the exhaust 
manifold during the valve overlap period. Major contributors to the unburned hydrocarbons are 
flame quenching close to the walls and small crevices where the flame cannot enter, e.g. spark 
plug thread or the region between piston and cylinder walls above the first piston ring. Other 
large contributors are adsorption on deposits in the combustion chamber together with 
absorption/desorption from engine oil on cylinder walls. During the power stroke and short 
thereafter, hydrocarbons are after-oxidised if the temperature exceeds 600°C. This will leave 
lower hydrocarbon concentration in the exhaust than what was the case in the cylinder directly 
after combustion has taken place.  
 
There are many different types of unburned hydrocarbons, but it can mainly be divided in two 
groups, non-methane organic compounds (NMOG) and formaldehyde (HCHO). NMOG are 
compounds containing carbon which together with NOx forms smog under sunlight. HCHO is 
carcinogen and irritating to lungs. Hydrocarbon emissions are measured in PPM C3. 
 

2.3.3. Nitrogen oxides, NOx 

The generic term for NO and NO2 is NOx, and the formation of this emission substance is not a 
part of the combustion process, but the high temperature in the combustion chamber is 
favourable for a reaction between nitrogen and oxygen from the air. It is forming NO which later 
is oxidised to NO2 in the surrounding air. NO is a neurotoxin and NO2 is a fretting gas on the 
human lungs and more. Together with certain hydrocarbons it also forms smog under sunlight. 
NOx emissions are measured in PPM NO1 
 

2.4. Aftertreatment system 

By using aftertreatment of the exhaust gas, the tail-pipe emissions can be substantially reduced. 
The engine used in this thesis uses two three-way catalytic converters for this purpose. The first 
is mounted very close to the exhaust manifold, and is called close coupled catalyst (CCC) 
whereas the second is fitted under the passenger compartment and is called under floor catalyst 
(UFC).  
 
The catalytic converters consist of a metal casing which encloses a monolith where the exhaust 
gas stream is directed through. The active catalytic substances are impregnated in a washcoat 
applied to the monolith walls. 
 
A three-way catalytic converter is constructed to clean all the three pollutants NOx, HC and CO. 
This is realized by using noble metals like rhodium, palladium and platinum as active catalytic 
materials. CO and HC are oxidised and NOx is reduced to non-pollutants. When using a three-
way catalytic converter, the engine must be run at a small window of air-fuel ratio close to 
stoichiometric conditions to get good overall conversion efficiency. To achieve this, a lambda 
feedback system is used for closed loop control of the air/fuel ratio. In practical use, this system 
is not able to keep the engine in this narrow lambda range, and the variations around 
stoichiometric mixture will be larger. Although, it has been found in experiments that 
periodically varying the air-fuel ratio from lean to rich and back will substantially widen the 
lambda window that has high conversion efficiency for all three pollutants [1]. To further 
increase the conversion efficiency, oxygen storage components are added to the washcoat to 
release oxygen for oxidizing of CO and HC when at the rich side of stoichiometry, and vice 
versa.  
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The lambda oscillating function built-in in the engine management system uses a frequency of 
around 1 Hz, but it uses also a second lambda sensor after the catalytic converter as a feedback 
for the switching time. 
 
The conversion efficiency of a catalytic converter is highly dependent on temperature, and a 
light-off temperature is defined as the temperature when 50% of the pollutants are converted into 
non-pollutants. This is around 250-300°C for the three pollutants in spark-ignited engines, and 
even though the reactions in the catalytic converter are exothermal it takes some time to reach 
this at a cold start. For normal fully-warm operation the conversion efficiency are close to 100% 
which makes the cold start growing in importance as the emission legislations getting harder and 
harder to fulfil. 
 

2.5. Engine operating variables and their influence on emissions 

Engine variables can be split into two parts, design variables such as cylinder bore, camshaft 
duration etc. that cannot be changed during engine operation, and operating variables that can be 
changed during operation. For this thesis the engine configuration was specified and therefore 
only the influences of engine operating variables on emissions are of interest for further 
investigation. Engine coolant temperature and oil temperature etc. that can change during 
operation do also have influence on emissions, as discussed in chapter 4.3, but those are seen as 
design parameters of the engine as the engine is designed to run at specific temperatures. 
 
There are 5 operating variables for the SI6 engine that will be used as input parameters to the 
models, which they are and the units used in the measurements are found in Table 1. 
 

Table 1. Engine operating variables. 

Engine speed [rpm] 

Inlet camshaft phasing (VVT) [°] 

Lambda [-] 

Load [g/rev] 

Electronic Spark Advance (ESA) [°BTDC] 

 
The variables used are the ones which have influence on gas-exchange, mixture composition and 
combustion phasing. Each of these has a great influence on the emissions, which will be 
described here.  
 
Engine speed  
Low engine speed, especially in combination with light load gives less in-cylinder turbulence, 
which results in a worse mixture preparation. This will give higher hydrocarbon emissions, but 
this influence will decrease in terms of importance as soon as the engine speed or load increases. 
At very low engine speeds combined with light load, the combustion quality can also be poor due 
to slow burning, and cold walls. This gives an increase of hydrocarbon emissions due to bulk 
quenching. Except from that, little was found regarding the influence of engine speed on 
emissions. 
 

Camshaft phasing 

By changing the phasing of camshafts, the gas exchange characteristic of the engine is altered. 
By doing this, both volumetric efficiency and fraction of residual gas in the cylinder are changed. 
For an alteration in volumetric efficiency, the load will be different and that will be discussed 
further under that section. The residual gas fraction is nevertheless of interest here. Residual gas 
consists of burned substances that are inert to the combustion, and lowers the combustion 
temperature by absorbing energy from the combustion. By lowering the maximum combustion 
temperature, NOx can be lowered by a considerable amount.  
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The energy absorbed in the residual gas also keeps the temperature up during the power stroke, 
which increases after-oxidising of HC and lowers the tailpipe emissions. These effects were also 
proven in a study of camshaft timing effects by P.J. Shayler et al. [2] where it was found that 
both brake specific HC and NOx emissions decreased with increasing residual gas fraction.  
 
As stated above, it is the residual gas fraction that has influence on the emissions, and the change 
of that throughout the range of load and speed of the engine is hard to know without an 
investigation of the gas exchange characteristics of the specific engine. The SI6 engine used is 
equipped with variable valve timing (VVT) only on intake valves, which lowers the ability to 
control the amount of residual gases. 
 
Air-fuel ratio (lambda): 
Air-fuel ratio is one of the operating parameter that has the largest influence on engine-out 
emissions. Both NO, CO and HC vary at a high level with a change in air-fuel ratio. In Figure 2 a 
quantification of the emissions can be found. Note that the concentrations are not to scale. 
 

 
Figure 2. Variation of pollutants with air-fuel ratio. The concentrations on y-axis are not to scale. [1] 

 

NO is depends on the combustion temperature to a high degree, but also on the oxygen content, 
and the peak level at slightly lean mixture is a compromise between these two factors. When 
further away from stoichiometric the combustion temperature falls and so does the NO, but at a 
higher rate.  
 
CO is almost exclusively dependent on the air-fuel ratio, and has an almost linear dependency for 
rich mixtures. For lean mixtures the concentration is very low, and around stoichiometric, the 
mixture preparation is of great importance. If the cylinder to cylinder variation is high or if the 
mixture is inhomogeneous in the cylinders, a higher CO concentration is found in the tailpipe 
than what the nominal air-fuel ratio would predict. 
 
HC gets lower as the air-fuel ratio increases against stoichiometric. This is because more oxygen 
is present to make a more complete combustion. The HC emissions continues to decrease at 
higher lambda, but start increasing at somewhere around lambda 1.1-1-2. This is due to a slower 
combustion at lean mixtures and an increased flame quenching zone at the colder walls. 
Ultimately the combustion reaches the misfire limit with very high levels of unburned 
hydrocarbons as a result. 
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Load 

Higher load increases the combustion speed and temperature, which in turn increases the NO 
levels. It does also lower the HC-level due to more post oxidisation and smaller zones of flame 
quenching at cold walls. CO levels also see a small decrease with increasing load as the exhaust 
temperature is higher giving a better environment for post-oxidising into CO2. 
 
Spark advance  
Is a very important operating parameter in the engine. The time it takes for the cylinder charge to 
burn varies with load and engine speed, which in turn changes the optimal spark advance to 
phase the combustion for best efficiency. The optimal spark advance phases the combustion to 
have 50% burned mass at about 8° after TDC, which will give maximum cylinder pressure at 
about 13° after TDC. The spark advance giving the combustion phasing with best efficiency is 
called maximum brake torque-timing (MBT). 
 
The formation of NO is closely correlated to the combustion temperature, which varies to a high 
extent with combustion phasing. Spark angles retarded compared to MBT will therefore have a 
lower rate of NO formation, more spark advance than MBT is not used under normal operating 
conditions. Carbon oxide is almost uninfluenced from changes in spark advance, but 
hydrocarbon emissions will decrease with retarded spark. This is because the after oxidisation 
increases with the higher temperature under the power stroke and short thereafter. For very lean 
air-fuel ratios, there can be a difference since low burning speed together with a late spark 
interacts giving an incomplete combustion at the point where the exhaust valves open.   
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2.6. Drive cycles in emission legislation 

The emission legislations are different around the world, and for testing that emission levels fulfil 
the specified limits, time-speed based drive cycles are used. In this thesis work the main drive 
cycle for American legislation of light-duty vehicles were used. It is called FTP75 (Federal Test 
Procedure 75) [4]. There are some shortcomings of this drive cycle, e.g. high speed driving, and 
therefore supplementary drive cycles are used within the certification process. For the thesis 
being made, it was decided to use only the FTP75 drive cycle for the model validations, and only 
that will be discussed further.  
 
The time-speed profile for the FTP75 drive cycle can be found in Figure 3. Rumours state that it 
is originally based on a speed profile from real road driving. It is tested with ambient 
temperatures of both -7°C, 10°C and 25°C. The test starts with cranking from cold, and thereafter 
the engine is let to idle for 20 seconds before take off. There are three phases, the cold-start 
phase, transient phase and the warm-start phase which is the cold-start phase repeated but with a 
warm engine. These sums up to 1874 seconds plus a 600 second soak between the transient and 
warm-start phase. This means that a complete test takes approximately 45 minutes. 
 
The first phase has a maximum speed of 90 km/h and has less transients than the second phase, 
which instead imitates city driving and has a maximum speed of about 55 km/h. Average speed 
of the drive cycle is 34.1 km/h and the distance travelled is 17.8 km. 
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Figure 3. Time-speed curve of the FTP75 driving cycle [5]. 
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3.System description 
The system modelled is schematically shown in the most basic form in Figure 4. Input 
parameters are the operating variables of the engine, described in chapter 2.5. The responses are 
torque, fuel consumption, temperatures emissions etc, where emissions are of main interest in 
this thesis. Specific temperatures are also of interest as will be described later. 
 

 
Figure 4. System description. 

 
The model developed in this work will be used as an input to an exhaust gas aftertreatment 
model, and the complete system including the model of the aftertreatment system is shown in 
Figure 5. The responses out from the engine will be used as input to the exhaust aftertreatment 
model. The aftertreatment model is non-existent during this master thesis, but the discussions of 
that model is based on that it will need a time-resolved input of exhaust emissions in mass 
fraction of exhaust gas, together with oxygen concentration and exhaust gas temperature at the 
inlet of the first catalytic converter. The responses from the complete model would be tail-pipe 
emission levels together with conversion efficiency for the legislated emissions. 
 

 
Figure 5. Schematic picture of the system complete with exhaust aftertreatment model. 

 
The lambda feedback is due to the air-fuel oscillation around stoichiometric as described in 
chapter 2.4. By introducing this feature it will also be possible to investigate the oxygen storage 
properties of the aftertreatment system. 
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4.Literature study 
This chapter will investigate the work carried out by other researchers on subjects similar to this 
thesis, both outside Volvo cars and in-house. Something of special interest during the literature 
study was if some simple correlations had been found between emissions from cold and fully 
warm engines.  
 

4.1. Outside Volvo Cars 

To start with, a search of what has been written in the literature outside Volvo Cars on statistical 
modelling of engine responses was carried out. It was found that the steady-state modelling 
efforts was limited to only a few reports, mainly consisting of a work by Holliday et al. [6] and a 
report by M. Guerrier and P. Cawsey [7].  
 
Holliday writes about engine mapping using regression models, and especially the benefits of 
using two-stage models (see chapter 5.1.3). This work was a first attempt for regression 
modelling, and even though no emission models, but only torque were present in this work, it 
clearly shows the possibilities of using regression models for engine responses.  
 
The report by Guerrier and Cawsey from Visteon Technical Centre in UK shows the advantage 
of using regression models from steady-state data for engine calibration. A step by step 
explanation of the complete process, from design of experiments until the generation of a 
finished calibration to be fed into the engine control system is carried out. The report was found 
fairly late during the thesis, but was of great importance for the understanding of the engine 
modelling process. Except from their main focus on torque, also exhaust temperature and 
emissions are predicted with a good agreement to measurements.  
 

4.2. In-house 

There has also been some work on this subject carried out in-house, in 2004 a master thesis 
regarding a subject similar to the one discussed here was made by Stalfors and Brokstorp [8]. It 
discusses the use of a special model class for this purpose called neural networks. This was later 
investigated further by Stalfors together with a Volvo employee. The result of their work was an 
interesting internal presentation and a Simulink model together with some useful Matlab code. 
The master thesis together with the work made for the presentation was then used as a base for 
this thesis. Their thesis work put much time into design of experiments and data collection, but 
less effort into model validation, whereas the presentation discussed the validation of the models 
more thoroughly.  Lessons learned during their experimental design were especially useful 
during the work with this thesis.  
 
When it comes to correlation between fully warm and cold emissions it was found that P.J. 
Shayler et al. made some research on this subject during the 1990s. A summary of their very 
interesting findings that a simple scaling formula could be used are found in the following 
chapter. 

4.3. Emissions from cold start and engine warm-up  
P.J. Shayler et al. developed a method for predicting drive cycle emissions and fuel consumption 
for a spark ignited engine, using fully-warm steady state data [9]. What they put most effort into 
was the explanation of cold-start and warm-up phenomena. Taking into account the poor mixture 
preparation and higher friction when the engine is not fully warmed up, it was found that a good 
prediction can be made for the warm-up phase. 



 

  20 

For fuel consumption, the friction characteristics were found to have the largest influence, but for 
the emissions the mixture preparation was far more important. They concluded that oil 
temperature had the largest effect on engine friction, whereas the coolant temperature had the 
highest influence on mixture preparation. From that, the conclusions were drawn that the engine 
coolant temperature could be used as an indication of mixture preparation conditions. A 
comparison of coolant temperatures in steps from below zero degrees up to fully warm engine 
was carried out. Different engine speeds, IMEP and air-fuel ratios were used, and repeated for 
each coolant temperature which resulted in an engine coolant temperature correction factor that 
defined the modelled emissions within 5% of the experimental values. It is important to note that 
the correction factor was found to be independent of load, speed and air-fuel ratio. 
 
CO was found to be 5-10% lower at a coolant temperature of 20°C compared to the same 
operating points at fully-warm engine. According to the authors it is due to the mixture fraction 
producing CO being leaner than the global lambda, hence producing less CO.   
For HC it is the opposite, the level is about 30% higher at 20°C coolant temperature, and if this 
would be due to poor mixing, the lean and rich parts needs an air/fuel ratio difference of about 
10% to explain this high HC values. NOx is about 30% lower at 20°C, and it is discussed if the 
difference from fully warm conditions can depend only on the poor mixing conditions. The 
uncertainty comes from the argument that the low NOx level depends on the lean part of the 
mixture, but no difference was found if the engine was running on the rich or lean side of the 
air/fuel ratio producing maximum NOx-emissions. Therefore the authors draw the conclusion that 
the lower combustion temperature during engine warm-up has more influence on lowering the 
NOx-level. 
 
During the first 30-60 seconds after a cold start, it was found that hydrocarbon levels were far 
higher than predicted by the simple coolant temperature model, but CO and NOx were not 
affected to the same extent. This high HC levels can be contributed to fuel supplied for the cold 
start, where some fuel is stored on the walls of the combustion chamber and also inlet ports for 
port injected engines. Some other is permanently lost to the crankcase. The fuel stored on the 
walls is eventually finding its way out with the exhaust gas giving high levels of hydrocarbons, 
and this amount was found to have a strong correlation with the extra hydrocarbons that the 
coolant temperature model was unable to predict.  
 
Two years later, in 1999 P.J. Shayler et al. further investigated the cold start and warm-up fuel 
utilization of spark ignited engines [10]. They analyzed and built models for predicting HC and 
CO emissions together with the air/fuel ratio variations found. This was completed with different 
cold start temperatures down to -20°C. They put much effort in trying to understand and describe 
the fuel transport and storage in the engine, as it was found in earlier studies that there was a 
discrepancy between the injected fuel and the fuel coming out in the exhaust gas flow.  The fuel 
contribution was found to consist of four parts; intake port fuel transport, cylinder wall film, 
piston crevice storage (piston land and ring grooves) and bulk mixture contribution. 
 
Unburned hydrocarbons in the exhaust gas stream during warm-up were found to depend mostly 
on airborne unburned fuel, fuel from the cylinder walls and fuel from the piston crevices, 
whereas the most important factor was the fuel accumulated on and released from cylinder 
surfaces. Other researchers [1] claim that CO emissions almost exclusively depend on the air/fuel 
ratio when the burned mixture is homogeneous, and this was also found true in this study for 
fully-warm engine. During engine warm-up the mixture is inhomogeneous and therefore the local 
air/fuel ratios will have a very strong contribution to the total CO emission levels. 
 
The simple correlation to the engine coolant temperature that was shown in the paper from 1997 
reviewed above [9] was emphasized here and found to be true. 
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5.Regression modelling theory 
This chapter will give some introduction to basic regression modelling and some of the statistics 
behind it. Since it is a wide scope of knowledge, only parts of interest for the thesis work are 
being presented here. 
 
“A model is a mathematical description of a physical, chemical or biological state or process.” 
[11] 
 
A collective name for modelling techniques and the analysis of them is regression analysis. The 
resulting regression model will depend on a limited number of parameters estimated from 
measured, noisy data. The models describe variation in a response variable with respect to a 
deterministic part and a random error component, coming from the measured noise. The 
deterministic part is described by a mathematical function of one or more predictor variables, and 
the error follows a specific probability distribution. Other common words for response variable 
are observed, explained and output variable. For predictor variables, other often used words are 
input and explanatory variables. A model of this type has the general form  

 
(3) 

 

where y is the response variable, ( )β;xf
vr

 is the deterministic part and ε  is the random error 

component. The deterministic, mathematical function is composed of two parts, predictor 
variables x1, x2, …, xn and parameters β0, β1, …, βn. An example of a simple type of model is a 
linear quadratic model with two predictor variables; it includes six parameters and is described 
by 

 
(4) 

 
When building a model, data is first collected from the system that will be described. The data 
collected is then used for fitting, sometimes called training, a model to the data using a statistical 
technique. The estimated model is then used for predicting the behaviour of the system. 
Regression models are generally very bad at extrapolating, which presumes that data must be 
collected over the complete design space.  
 
The basic steps when building process models are: [12] 

• Model selection 

• Experimental design  

• Data collection 

• Model fitting 

• Model validation 
 
Sometimes this can be an iterative process, and the following chapters will include a detailed 
discussion of each of these steps. First, a flow chart showing the basic sequence of the model 
building process is found in Figure 6. 
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Figure 6. A flow chart of the basic sequence of model building process. [12] 
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5.1. Model types and model selection 

The basics of models have already been introduced, and this chapter will go a little deeper into 
the two types that were used during this thesis, linear polynomial models and radial basis 
functions (RBF). It is also found that a large advantage for engine modelling is the use of 
hierarchical-structure, two-stage models. These were not used throughout this thesis, but since it 
may prove advantageous for future work, it will be briefly presented here. 
 
Linear polynomial models are very effective and good for response surfaces with low complexity 
and occasions where the system knowledge is medium to high, since a good estimate for 
polynomial order can be made by graphically looking at the responses. For more complex 
responses, the polynomial needs to be of a very high order for good accuracy. Therefore other 
types of models can be considered, e.g. radial basis functions, which are good when there is low 
system knowledge, but also offers great advantages for responses that differ to a high degree over 
the design space. 
 
Another type that can be used is splines, where two or more polynomials of different order are 
combined into one response curve. This often needs high system knowledge to find out where to 
place the knots, but it is very good when the curve form is asymmetric or differs considerably 
over the range. Although splines could prove advantageous, it was not used throughout this thesis 
because it was not learned about until a late stage, but it would also need a lot of time examining 
the responses to find good spots to place the knots.  
 
Sometimes statistical theory is not enough for the choice of the models to be used, and 
graphically examining the responses together with experience from similar modelling has proven 
to be of great importance. In engine modelling, it has been found both in literature [6, 7] and in-
house that both polynomials and different types of neural networks like RBFs work well and 
should be considered.  
 

5.1.1. Linear models (polynomials) 

Linear models are as already mentioned very useful for easy response surfaces, and have the 
advantage of being simple model wise, and since it is a polynomial curve the response can be 
fairly easily interpreted for lower polynomial orders. Equation (4) shows a linear polynomial 
model of second order, and the difference between linear and non-linear models is being 
explained next. In statistical sense, which is used here, models are linear when linear in the 
parameters (β0, β1, …, βn). That means they do not need to be linear with respect to the predictor 
variables. For example y= β0 + β1x + β2x

2 is linear in statistical sense, whereas  
y= β0 + β0β1x  is not [12]. 
 
A linear model can consist of an unlimited amount of predictor variables and polynomial order, 
but generally very high polynomial orders will not be useful for modelling. This is because it 
often creates unwanted oscillations between points in the data set used for training (overfitting). 
 

5.1.2. Radial Basis Functions 

RBFs are completely different from polynomials since the response surface is predicted by a set 
of radially symmetrical hills with centres spread over the design space. The functions increase or 
decrease monotonically from the centre point, and an iterative solver is used to find all parameter 
estimates. 



 

  24 

The definition of a radial basis function is 
 

 ( ) ( )cxxz −Φ=  (5) 

 
where Φ is a single variable profile function defined for positive values, ║.║ denotes Euclidian 
distance, and c is the centre of the function. 
 
The model is built by linearly combining N number of RBF functions to  

 ( ) ( ) εω +=∑
=

N

i

ii xzxy

1

 (6) 

 
where y is the response, ωi is the weight for the i:th radial basis function. 
 
Many different radial basis functions are available, but all include the width parameter σ. The 
most common include multiquadric  
 

 ( ) 22 σ+=Φ rr  (7) 

 
and Gaussian: 
 

 ( ) ( )22 σrer −=Φ  (8) 

 
To give an easy comparison of the two profile functions, they have been plotted together in 
Figure 7. 

 
Figure 7. Comparison of Gaussian and multiquadric RBF functions using σ=1 and centre points at r=0. 

 
For example, a complete RBF with multiquadric profile function would be 
 

 ( ) ( ) 22
σ+−= icxxz  (9) 

 
and when combining them together as a sum which is shown in equation (6) gives the response 
surface. 
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5.1.3. Two stage modelling 

This is a type of hierarchical model building technique. One or more responses are built in one 
stage, often called local stage, and in the second stage (global) it is modelled the way these 
responses change as a function of the other predictor variables. An advantage with this for engine 
modelling purposes, where the models are empirically derived rather than on a pure theoretical 
base, is that it is based on interpretable responses rather than mathematical curve parameters. 
This gives better overview when trying to understand the response characteristics of a curve. In 
engine applications, this often incorporates the run of spark advance sweeps in local stage, and 
the other variables like load, engine speed etc. in the global stage. For more information about 
the use of this type of modelling for combustion engines, see [6]. 
 

5.2. Experimental design and data collection 

Prior to the building of the models, data from the system must be collected for ‘training’ the 
models. This task must be carefully planned and designed to give the most statistically useful 
output. As an addition it must be possible to collect and it must use a reasonable amount of test 
points reducing experimental time and cost. This is sometimes a contradictory task for engine 
modelling which will be shown here.  
 
With many dimensions which are often the case for engine applications, it is important to make a 
good test plan which not introduces any correlation effects not seen in the real system. To avoid 
these correlation effects the test plan must be orthogonal, i.e. the design space is square shaped 
and the corners form a right angle. This is somewhat contrary to the engine operating space, 
which is limited in some areas; a good example is the spark angle that is limited by knock or high 
exhaust temperature in some areas depending on the other operating variables.  
 
An example of a bad test plan for 2 dimensions, load and engine speed, is seen in Figure 8 where 
no low load, high engine speed points and no high load, low engine speed points are collected. In 
this case the model will not know if an increase in e.g. temperature comes from the increase in 
engine speed, an increase in load or a combination of them resulting in unreliable predictions. 
 

 
Figure 8. A bad test plan which results in unwanted correlation effects.  

 
 
As the first step, the engine operating region must be identified to set the boundaries of the test 
plan. After that, the experimental design is taken place and finally the data is collected. 
 
There are mainly three types of designs that can be used, classical, space filling and optimal 
designs. They all have benefits and disadvantages, and a brief summary is presented here. 
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5.2.1. Classical designs 

These are designs like central composite, Taguchi and Box-Behnken which typically consist of 2 
or 3 levels for each parameter. These types require low number of points to be collected, 
lowering the needed experimental time and cost. There are also advantages when used for 
systems with low complexity, which engines are not. They are also not very flexible regarding 
the placement of points and a drawback is that it can only be used for linear models 
(polynomial). Another disadvantage is that it is mostly recommended to use equidistant points 
from the centre, but in applications where the boundaries are not square-shaped, there can be 
problems. The boundaries must be well known, since one or more points that cannot be reached 
during the data collection deteriorate the quality of the data significantly. For engine modelling, 
this is a large drawback since the operating space is not symmetrical, and a good classical design 
would require many hours spent in the engine test bench to find the boundaries accurately.  
 

5.2.2. Space filling designs 

Spreads the points evenly over the design space, and are therefore very flexible. This type of 
design is preferable when the system knowledge is low, e.g. the response is not fully known, and 
therefore the type or order of model has not yet been decided. The evenly spread points mean 
that the model only slightly deteriorates when one or more points in the design fail to be 
collected, and it also gives a good base for different types of models. This is an advantage since 
the boundaries must not be known perfectly, which lowers the needed time for finding them. 
There are different algorithms for the placement of points, but Latin Hypercube Sampling is one 
of the most common. It offers the best overall performance for this case, and spreads the points 
randomly over the design space, providing N levels for each factor in a dataset of N points. 
Different selection criteria are present, and the maximize minimum distance between points is 
good, although it can give a small number of points at or close to the boundary lines, which is a 
drawback, especially when used with RBF models because of the low extrapolating qualities for 
this model type. 
 

5.2.3. Optimal designs 

As the name interprets, the aim is to be optimal for a specific model type. Therefore this type of 
design gives advantages and is preferred when the system knowledge is high. Also here, the 
boundaries must be well known for a good experimental design. Optimal designs need a model to 
base the design process on, for example a polynomial of second order. This place the points to 
give the best second order models, but if the system is in reality described by another type of 
model, especially one of higher order, the data collected will not be sufficient for a good model. 
There are different optimality criteria, each minimizing a specific criterion and denominated by a 
letter, e.g. G-optimal, V-optimal etc. G-optimal minimizes the maximum Prediction Error 
Variance (for more info on PEV see the following chapters) and V-Optimal minimizes the 
average prediction error variance to obtain accurate predictions. It is suggested that V-optimal is 
used for engine applications [7]. 
 

5.2.4. Augmentation 

One type of design can also be augmented with another, which can improve the design when the 
system knowledge is low and different types of models are being tested. For example when both 
polynomial and RBFs are being used, a good choice is to use a space filling design, and 
augmenting it with a number of points from an optimal design. This is especially good since RBF 
models are particularly bad at extrapolating and space filling designs sometimes suffer from low 
amount of points close to the boundaries, but optimal designs often do not. The augmentation 
algorithm uses the present points in a design as a base to give the best total design. 
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5.2.5. Number of points in a design 

The number of points needed for a good experimental design is hard to determine. First it 
depends on the number of input variables and the operating space, but it has been found that in 
reality experience is also needed [7]. A good model fit over the complete operating range is one 
measure of success, but that is an iterative process needing the models to be built before the 
goodness of the experimental design can be determined. Sometimes it is required to augment the 
original design in areas of poor fit with some new test points. A good first estimate can often be 
made by using prediction error variance (PEV) as a measure of the prediction capabilities of the 
models. PEV is a metric tool that can be used before any data are collected, but needs a response 
model to be chosen to see if the design points are suitable for predicting the response surface. In 
cases with low system knowledge, e.g. the model has not yet been chosen, tries with higher order 
models can be made, or tests with all the model types guessed to be most suitable. Thereafter the 
augmentation of test points is carried out manually to improve the design as much as possible for 
all cases. 
 
PEV is a measure of how the measurement errors are multiplied by the experiment design, and it 
depends only on the variance of the measurement errors in the measured values. For further 
explanation and mathematical derivation, see [13]. A value higher than 1 magnifies the errors in 
the measurement (noise, drift etc.) and lower than 1 reduces them, therefore PEV should be kept 
below 1 for the complete operating range if possible, preferably even lower.  
 

5.2.6. Data collection 

When a good design with PEV below 1 is found, it is almost finished for collection of data. 
First, the running order of the data points should be randomized to lower any influence of 
measurement drift or history effects like cylinder wall temperature. With randomizing it is meant 
that no input variable should be run in a sorted manner, e.g. with an increasing or decreasing 
trend. 
 

5.2.7. After the data collection 

After data have been collected, they must be checked for outliers. An outlier is a point that differs 
considerably from the other points. It is tempting to remove these points without any more 
thoughts, but that should not be performed without a careful examination. Even though it may 
give a response far from similar points, it can still be within what is possible for a normal 
distribution. [11] For engine modelling, for example points that have had misfires can be 
removed, since these do not represent normal operation. A good check for that is high standard 
deviation of lambda, or if the emissions seem unreasonable high.  
 

5.3. Model fitting 

When a model type is chosen and data have been collected, the model is fitted using some 
maximisation or minimisation criterion to give the best possible parameter estimations. The two 
most popular criteria are maximum likelihood and least (sum of) squares. For data with normally 
distributed random errors they are identical, but least squares criterion was used throughout this 
thesis, and therefore only that will be explained. 
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In the least squares method, the sum of the squared deviations between the measured values and 
the model are minimized, by adjusting the parameter values. (β0, β1…). Writing it 
mathematically, it will be 
 

 ∑
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where yi is the measured value and the parameters are here denoted ...ˆ,ˆ
10 ββ to enlighten that the 

parameter values are not the same as the true parameter values. The parameters are the variables 
in the optimization process, and the values of the predictor variables are used as coefficients. 
 
With linear models, like the polynomials used here, the minimization is usually carried out 
analytically with calculus, but when non-linear models are used it must be done with an iterative 
numerical algorithm. RBF-models are non-linear, and therefore they must use an iterative 
minimization process.  
 
Fitting of a RBF is somewhat complicated, and that topic will not be discussed in any more detail 
here, but it can be said that the three parameters weights, centres and width must be determined. 
For fitting purposes, another parameter is defined; λ (not to be confused with air-fuel ratio), 
which is a regularisation parameter that is used to prevent overfitting and to produce a smoother 
response surface. It is an iterative process where all parameters have a great dependency and 
influence on each other. The weights are always determined last though, solving a linear system 
of equations. For further information on this subject see [13]. 
 
The next step is to investigate whether models are accurate, and tools for that are shown in the 
chapter of model validation, but as an introduction for that, some tools used in the early stage of 
model building process to see if the models are worth putting any more effort in are presented 
here. 
 

5.3.1. RMSE: 

The Root Mean Squared Error measures the average mismatch between the model and each data 
point. Therefore it is a good first measure of how close a model fits the data. The function is 
defined as 
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where yi is observed value, fi is the predicted value for the i:th data point, n is the number of data 
points in the data set and p is the number of terms currently included in the model. [13] 
 
A high RMSE value can indicate problems with the model, but a low value is not a guarantee for 
a good model, even though it implies that the model fits the data well. There is a risk of 
overfitting the model, e.g. the model are chasing the noise in the data which leads to a model that 
fits the specific set of training data very well, but is highly oscillating between the data points. 
Therefore it will not be representative for the real behaviour of the system, and a prediction of 
new data points will not be reliable. To address this problem, another tool is often used as a 
complement, and it will be introduced next. 
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5.3.2. PRESS Statistics: 

For a data set with n points, a model of the chosen structure is fitted to n-1 points. A prediction of 
the remaining point is taken, and the difference between the recorded data and the prediction for 
that point is called prediction residual. This is then repeated for all data points in the data set to 
get a Prediction Residual sum of squares (PRESS) value, given by  
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where E is the prediction residual and n is the number of data points. The root mean square 
prediction error, (PRESS RMSE) given by equation (13) is a good indication of the prediction 
capabilities of the model, and is a good complement to RMSE. 
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A low value of PRESS RMSE indicates that the model is not very sensitive to a single point of 
the data, and that it is good at predicting new points where no data is present. In that way it is a 
good tool for choosing a model for further investigations. A RMSE value that is much lower than 
the PRESS RMSE indicates that the model is overfitting, and should not be used further. 
 

5.3.3. Check if all model terms are necessary 

When a model is found that can predict the system fairly good, it must be controlled for 
unwanted terms. For an overly complex model it is easy to catch measurement noise to be a part 
of the deterministic explanation, and as mentioned earlier this phenomenon is called overfitting. 
To avoid that, some statistical tests are made. 
 
Stepwise is a good tool to find terms that is insignificant and should be removed to address the 
problem of over-fitting. This is normally accomplished by removing terms to increase some 
measure of success. PRESS statistics are often used as the measure of success, and for each 
iteration, the term that lowers PRESS the most when removed will be removed, and this is 
carried out until PRESS is minimized. 
 
When using a stepwise criterion it can prove advantageous to start with a slightly overfitting 
model (by RMSE versus PRESS RMSE means), and then improve it using stepwise or similar 
techniques where model terms are tested for their significance and then removed. This is because 
there can be one or a few high order terms that improve the model whereas all other of the same 
order will make it overfit. The insignificant parameters are then removed using the stepwise 
criterion saving the important parameters. 
 
For RBF models a criterion of stepwise character is used in the iteration process. The models are 
based on a number of centres using points from the input data set, and best agreement with input 
data will be obtained if all points are a centre. That is a clear case of overfitting, giving very bad 
prediction capabilities and that suggests that a stepwise criterion must be used already in the 
iteration process. 
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5.4. Model validation 

Two main tools for model validation has been used here, graphical residual analysis and the 
coefficient of determination, or more commonly, R2. 
 
R2 shows the overall fit of the model, but it cannot tell whether there are some specific problems 
with the model. Therefore the primary tool for validation is graphical residual analysis, where 
scatter plots of different sorts are drawn with different variables plotted against each other. 
Scatter plots with no systematic structure show that the model catches the variation of the 
response and is able to predict it in a good way. A detailed explanation of each technique will 
follow. 
 

5.4.1. Coefficient of determination, R2 

As mentioned, R2 statistics is a measure how well the regression model approximates the 
observed data points. It gives a value of the proportion of the variability in the data that is 
accounted for by the model, and as it is only a single value it does not guarantee a model with 
good prediction capabilities. This is because it only measures the average fit of the data, and 
cannot tell whether the correct regression was used, if there are particular problems with one of 
the predictor variables, problems arise in one area of the design space etc. 
 
The definition of R2 is as follows, where yi are observed (measured) values, fi are the predicted 

values and y  is the mean of the observed data. 
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5.4.2. Graphical residual analysis 

A residual is the difference between the predicted value and the experimental value for the i:th 
observation in a data set. The definition is a rewriting of the definition for the general model type 
in chapter 5, and is as follows, 
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where yi is the response for the i:th point, ix
r

 is the vector of the explanatory variables and β
r

 is 

the vector of the model parameters. 
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Statistical models are used, and therefore the residuals should approximate the random errors that 
make the statistical relationship between the predictor variables and the responses. When no 
systematic structure is found in the residuals for a model, it presumably fits the data well, 
whereas some structure indicates that improvements can be made. In Figure 9 a plot that fulfils 
these criteria is shown, and in the following chapters some different explanation of plots to check 
the goodness of the models will follow. 
 

 
Figure 9. A residual plot that shows no systematic structure. Residuals are plotted against an unnamed 

predictor variable. 

 

5.4.2.1. CHECK THAT THE PREDICTOR VARIABLES ARE SUFFICIENT AND 
CORRECT 

Scatter plots of the residuals versus the predictor variable are drawn. If no systematic structure 
can be found on any plot, it gives an indication that the functional part of the model is rather 
good. 
 
It is of big importance to plot the residuals against each of the predictors, since there can be 
problems found in just one of the plots. If such problems are found, there is a chance for 
improvement, and the model should be changed in some way with respect to that variable.  
This can also raise the question if there are any potential predictor variables that could be 
included to improve the model. 
 

5.4.2.2. CHECK FOR CONSTANT VARIATION ACROSS THE DATA 
This check is performed to investigate whether the indata have constant standard deviation, i.e. 
equal quality over the design space, but it is also a good control to carry out here. 
 
With residuals plotted versus predictor variables, a horn shape in the plots can indicate problems 
with non-constant standard deviation across the data. Important to note though, is that this can 
only be said if the functional part of the model is sufficient, since it can also be related to a bad 
model. Sometimes it can be very hard to determine which of these phenomena it depends on, but 
a systematic structure except the bell shape often indicate problems with the model rather than 
non constant standard deviation. A solution for this problem is to transform the data or use 
weights to give it constant variation. For further information on that, see [12]. 
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5.4.2.3. CHECK FOR MEASUREMENT DRIFT 
As previously mentioned, data should be collected in a randomized order to minimize the history 
effects like wall temperature, or possible process drift. With randomized it means that no 
predictor variable should be collected in an increasing or decreasing order. When this suggestion 
has been followed during data collection, the data can be checked for drift in the measuring 
equipment with a run-order plot. In this plot, the residuals are plotted against the run order to see 
if any systematic structure indicating drift can be found. 
 
If drift is found, it must be accounted for in the model, or even better, before feeding it to the 
model.  
 

5.4.2.4. CHECK THAT THE RANDOM ERRORS ARE INDEPENDENT FROM ONE 
TO THE NEXT 

The data collection should be randomized as already mentioned, but there can still be some 
dependency of the residuals so they will not behave randomly, deteriorating the results. By 
making lag plots where the i:th residual are plotted against the i-1:th residual by means of 
collecting order, it can be determined if the residuals depend on each other. As usual, no 
systematic structure should be found in the plots for a good model. 
 

5.4.2.5. CHECK THE RESIDUAL DISTRIBUTION  
One of the plots that should be made is a histogram to show the residual distribution. Since it is a 
statistical process, the data should follow a probabilistic distribution and most often it is thought 
to follow a Gaussian, also called normal, distribution even though there are different schools. If 
the errors do not follow a normal distribution, the conclusions drawn from the model might be 
completely wrong. Before drawing this plot, the previously discussed plots must be satisfying. 
That means if the other plots shows a problem with the model fit, this plot will not be easily 
interpretable. The bell-shaped curve of a normal distribution with standard deviation 1 can be 
found in Figure 10.  
 

 
Figure 10. A plot of the normal distribution with mean 0 and standard deviation 1. 

 
When all these tests are finished with satisfying results, the models are finished and shall be up to 
the task of predicting the system in a good way. 
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5.5. Explaining the tools used 

Some short explanation of the tools used, where the main focus is on the Model-Based 
Calibration toolbox in Matlab where many hours were spent throughout this thesis work. 
 

5.5.1. Matlab 

Matlab is a powerful computer program by MathWorks Inc. for numeric computation, analyzing 
and visualization of data [14]. There are many specially developed toolboxes and add-ons for 
different computing and engineering needs. These include the two toolboxes that will be 
introduced next. 
 

5.5.2. Simulink 

This tool is developed to design and simulate systems ranging from simple to highly advanced. 
With the graphical environment it is easy to get a general view of the system, and the block 
libraries with many pre-defined blocks provide you with most functions needed. If some special 
function is needed there are also possibilities to design a block from the specific needs. That is 
good for example when using MBC, since it provides Simulink with a block with the complete 
regression model. 
 

5.5.3. MBC 

Model-Based Calibration toolbox is specially designed for the calibration of powertrain systems, 
and is based on the ideas of regression analysis using statistical techniques. It is a complete 
toolbox gathering all the tools needed into one unit. Everything from creating optimized test 
plans using design of experiment (DOE) techniques, building different types of response surface 
models, to a finished validation of them. With an additional toolbox that is not used here, 
calibration data sets finished for the use in e.g. an engine control unit can be created. This 
toolbox is called Calibration Generation toolbox (CaGe).  
 
If further analysis in other areas of the Matlab environment is desired, models can be sent to 
Simulink to be included in models of a larger system etc. The top view of MBC when some 
models already have been built, but are still under validation, is presented in Figure 11 on page 
34. 
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Figure 11. Top view of MBC toolbox window where different models are under a validation process. 
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6.Experimental 
This chapter will start with some general descriptions of the test facilities; test equipment etc. 
The next things discussed are some different approaches for the work, before chapters of static 
testing, corrections needed to predict a dynamic drive-cycle and cold start.  

6.1. Test facilities 

Volvo Cars has a well equipped and modern powertrain laboratory with many different facilities, 
fulfilling every testing and calibration need. In this thesis, static engine rigs and complete vehicle 
rigs were used together with advanced emission testing equipment. 
 
The static engine rigs were used for collecting static data for the models, and the complete 
vehicle rigs were used to collect dynamic data from a drive cycle to validate the models. 
The engine rigs for static tests are called FP from the Swedish abbreviation of function testing. In 
this type of rig the engine is installed together with a control system and sensors for different 
measuring needs, e.g. temperatures, pressures etc. The engine crankshaft is connected to an 
electric brake that can brake the engine to keep constant speed and torque, or motor the engine 
for certain running points with negative torque to simulate over-run conditions. The inlet system 
with air filter etc. is installed in the rig as well as the complete exhaust system to get the most 
vehicle-like test system. Emissions can be measured both upstream and downstream of the 
catalytic converters. There are possibilities to run different fuels including European and 
American certification fuels. 
 
The complete vehicle rig with ability to measure emissions is called EP, from the Swedish 
abbreviation of emission testing. The vehicle is secured with the driving wheels placed on rolls, 
and the equipment is calibrated to give the correct road-like driving resistance for the specific 
vehicle. Also here, numerous sensors are installed in the rig. There are abilities to measure the 
instantaneous emissions before, between and after multiple catalytic converters at the same time. 
Measurable emissions for the gasoline fuel EP rigs are CO, CO2, NOx HC and CH4. They can be 
measured both modal and accumulated. The EP rooms are temperature controlled and are 
capable of running tests between -7°C and 35°C  
  

6.2. Procedure for static testing in FP-rig 

The engine in the rig is controlled by the same engine control software as in a vehicle, but it is 
modified in a way that the safety functions can be overridden and the operating variables can be 
adjusted freely to run the engine as wanted. The tests in this rig can either be done by manually 
running the points wanted, or by feeding a test plan into the rig computer and letting the 
computer run the predefined points. In this work some points were manually run to first collect 
some reference points, but also to do some so-called screening to check whether the test plans 
would be within the engine operating limits or not. After that, the test plan was loaded into the 
computer and run. If a point in a test plan exceed some predefined limits there is possibilities to 
skip to the next test point. Predefined limits include maximum allowed exhaust temperature and 
amount of knock. A predefined value of ignition retard due to knock can be allowed by the 
control system without skipping to the next point, and it was used in this thesis. The test plan 
used as input to the rig computer uses a common table format such as Microsoft Excel, and the 
output comes in a measurement file easily importable to Microsoft Excel or MathWorks Matlab 
for further analysis.  
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6.3. Procedure for dynamic testing in EP-rig 

These rigs are used for complete vehicle emission measurement, and driving cycles used for 
certification are often run here. When running such a test, there is a physical person driving the 
vehicle trying to follow a speed curve monitored on a computer screen. This test procedure 
makes the repeatability lower, and this must be considered, since blindly trust just one run of the 
driving cycle can give undesirable results. As validation data for the models, an averaged result 
from many tests would be inappropriate since it removes information about the transients, but 
two tests were compared as validation for the models, and the difference in that specific case was 
negligible. Before the car is put on the rig, it is placed in a temperature controlled room to get 
correct ambient temperature for the test. The emission results are sampled by the rig, whereas the 
engine parameters are sampled by an interface to the engine control module. The two data sets 
are then synchronized with the velocity signal but can contain up to five different time 
resolutions. These must be resampled into one time resolution and converted to a file format 
importable to Matlab or Excel before it can be used further. 
 

6.4. Modelling approach 

At first it seemed like the engine operating variables could be used without further thoughts as 
inputs to the model. After some more reflections and discussions with other employees at Volvo 
Cars, it was found that it might not be that easy. The operating variables are tools for controlling 
physical phenomena in the engine, like lambda that adjusts mixture composition and VVT that 
has influence on the gas exchange. For spark advance it is more complicated, since it controls the 
combustion phasing, but that is a phenomenon also dependent more or less on all the other four 
engine operating variables. As combustion phasing has the highest dependency on spark 
advance, it is used as the input parameter for combustion phasing in one way or another. Three 
different approaches of that will be discussed here, and after they have been introduced, a 
summary of pros and cons with each are listed. 
 

First approach, Spark related to TDC 

This will be called ESA TDC, and from the discussions mentioned it was found that using a one-
stage model with spark advance related to TDC might not be the best approach since the 
response surface probably will become very complex. It is not sure whether the models will have 
problems with this or not, but it must be considered. Except from that, the test plan will also be 
hard to make since the statistics prefer an orthogonal test plan, and models have low 
extrapolating capabilities. Combustion phasing related to TDC will vary along the engine 
operating range making many points from a non-extrapolating, orthogonal test plan impossible to 
run due to the range of spark advance is limited in some areas with onset of knock and other 
where the exhaust temperature reaches the maximum limit. 
 
Further discussions revealed that an attempt with this will be carried out anyway as the first 
approach, since it offers other important advantages of simplicity and affordability to realize. See 
the summary of pros and cons below. If it can be shown that the models are sufficient with this 
approach that is a good conclusion to draw. 
 
Second approach, spark related to MBT 

The spark angle that phases the combustion for maximum brake torque, MBT, was known 
throughout the operating range for the engine used in this thesis, and this information was used 
for the second approach. As the engine is limited to not reach MBT in some areas due to knock, a 
test plan with spark advance related to a function called baseline ignition was used. That is MBT 
ignition, but where limited by knock it is the best possible ignition advance. Using Baseline 
ignition was called the second approach and it is called ESA Baseline.  
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The correctness of using baseline ignition instead of MBT ignition is questionable, but it was 
thought that the possibly resulting easier response surface than spark related to TDC would be 
enough for the models to make good predictions. See more about this topic in the discussion 
chapter. If the models for this approach works better than for the first approach, conclusions can 
be drawn that the spark function must be considered, and that the third approach should be tested. 
 
Third approach, two-stage models 

The third possible approach that was found was the use of hierarchical models with spark as a 
local parameter. Spark sweeps are made for a number of combinations of the other four 
parameters chosen with a DOE (see also chapter 5.1.3). This is carried out to find which spark 
angle that gives a specific combustion phasing and is something that is made for all engine 
development projects in-house. It is internally called Mega-Mapping and incorporates about 
8000 test points which is more than enough for building good emission models. Unfortunately 
only points with MBT spark are normally having the emissions measured, and since a new run 
would be needed for this thesis, the extensive time needed in rig made this approach not feasible 
even if the test points was reduced to a third or a fourth. Therefore this approach was not used 
further, leaving the two first approaches to be investigated in this thesis work. This approach 
does incorporate some important advantages though, making it preferable over the other two 
approaches. The first is that it gives the models an easier response surface thanks to its design 
which can improve model fit. There are also other advantages; an example is for future use where 
no test plan has to be constructed for the emission models, and the problems connected to that 
like operating range, extrapolating, orthogonality etc. 
 

6.4.1. Pros and cons with the different model approaches: 

 
One-stage model, with spark angle related to TDC (ESA TDC) 

+  It does not require any previous knowledge of the MBT spark angle. 
+  Small test plan, cheap and fast to run in engine rig. 
-  More complex response surface due to more complex relation between spark angle related 
     to TDC and combustion phasing.  
- Difficult to make a good test plan since spark angle is limited in some areas,    
     compromising orthogonality and extrapolating capabilities. 
 
One-stage model with spark angle related Baseline ignition angle (ESA Baseline) 

+  Small test plan, cheap and fast to run in engine rig. 
+  Better physical relation between spark angle and emissions. 
+  Easier to do a good test plan than for the first approach 
- MBT-angle must be known to run a test plan like this. Very large drawback since it  
    requires a lot of pre-testing on a new engine. 
 
Two-stage model, spark angle as local model 

+  Comprehensive test plan. 
+  More suited to the engine response characteristics 
+  Depending on phase in the development work it can be run together with other tests in the    
     rig that would have been run anyway. 
+ No pre-knowledge of engine operating range must be known to set boundaries for a  
     test plan 
-  Large test plan that requires much extra time in rig compared to a normal Mega-mapping  
     due to emission measurement which generates high costs. 
-  At large changes on the engine the aftertreatment specialists are interested in having this  
     data earlier than a Mega-mapping is usually run. 
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6.5. Model selection 

For the two model approaches used, it was chosen to use both polynomial and RBF-models, 
since the author had low previous knowledge of which was best suited, but also to do a more 
comprehensive study. It is also possible that different types of models are found to be most suited 
for the different responses. 
 
For polynomials, a first estimate of order can be carried out since it is clearly seen from Figure 2 
in chapter 2.5 that the emission responses regarding lambda is not linear, and it is a good guess 
that the responses are not linear regarding the other input variables either. Higher order models 
must be used, and quadratic responses also seem inappropriate since the response curvature of 
the emissions for lambda is asymmetric on the sides of their respective maxima/minima. 
Therefore, fourth and fifth order polynomial functions will be tested, and optimized using 
stepwise function to remove insignificant parameters. From now on, the polynomial models of 
fourth order will be designated poly4 and the models of fifth order will be called poly5. 
 
Radial Basis Function models will also be tested, and it was chosen to use multiquadric and 
Gaussian profile functions. Comparisons between polynomials and RBFs will be carried out 
during the tests, and all models will be tested on the dynamic FTP75-runs and cold start since it 
must not be the best model from FP tests that gives best prediction of another set of data, 
especially if it is tested in a different environment. 

6.6. Experimental design and data collection  

As was the case in the thesis work made by Stalfors/Brokstorp [8] a lot of time and thoughts 
were put down in the test plans. By using their work as input together with discussions with 
Volvo employees and the timeframe of one day in the rig, it was found that the best test plan for 
the ESA TDC approach would be a V-optimal for cubic models (see chapter 5.2). Afterwards, 
that might not seem to be the best choice, but it was something made during the learning process. 
The number of points would be limited by the rig-time and about 400 including some reference 
points was reasonable to run during one day in the rig. 
 
With lessons learned from the data collection and model building process from the ESA TDC 
approach, a new test plan was built where also findings from further discussions with Volvo 
employees were incorporated. The new test plan was instead a space-filling with augmentation of 
V-optimal points to give the most flexible test plan regarding model choice. Also here the 
number of points was about 400 including some reference points. 
 

6.6.1. Boundaries for the operating points in the test plans 

As stated in the modelling chapter, regression models are generally very weak at extrapolating, 
and therefore some time must be spent to find test plans that cover the operating range for all 
input parameters, but also fulfils the criterion of being as close to orthogonal as possible. A test 
plan that covers the complete engine operating range would be the most flexible and is also 
feasible, but since the focus for this thesis work is on predicting emission responses during the 
FTP75 drive cycle, that will use a lot of unnecessary time spent in the engine rigs. Instead, it is 
better to use the time assigned to this project in the rig to build the best test plan possible.  
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A FTP75 cycle is moderate in speed and accelerations and the engine used is relatively powerful, 
so it is reasonable to assume that not full range of engine speed or load will be used, but being 
more precise than that is hard. In the future when the model is being built on a new engine that 
has not yet been put in a car, the tests in a complete vehicle rig cannot be used to set the 
boundaries, as is the case now. Therefore the boundaries must cover a larger area of the operating 
range of the engine. For future use, other in-house simulation tools like V-Sim can possibly be 
used to find the engine speed, torque needs etc for a specific vehicle running a drive cycle to 
limit the boundaries for a test plan. 
 
Only phase 1 and phase 2 of the FTP75 cycle were used during this thesis since no run of phase 3 
was carried out in the EP-rig, and the boundaries were set by investigating a run of the drive 
cycle in the EP-laboratory. The operating points from that run can be seen in Figure 12 and 
Figure 13. Since the cold start is using a special engine control strategy for a fast heat-up of the 
aftertreatment system, phase 1 of the driving cycle is shown separate in Figure 12. The figures 
only show spark advance as related to TDC due to space limitations, but spark angle related to 
MBT was also examined. Please note that the speed profile is not the same between the two 
phases and for more information on FTP75 see chapter 2.6.  
 

 
Figure 12. Phase 1, the first 505 seconds of the FTP75 cycle (cold start). The illustrated engine speeds are in 

the middle of the interval, e.g. 1000rpm ranges from 750-1249 rpm. 
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Figure 13. Phase 2 from the FTP75 cycle.  

 
It can be seen that a non negligible amount of the driving points are from idle revs and 
thereabout, together with many points at very low load. This is an interesting finding since the 
work carried out by Stalfors/Vollmer [15] did not include idle points or load close to idle. 
Furthermore it can be said that both engine speed and load are kept low as assumed, and that 
spark advance uses a large range. The findings with spark advance might be a problem, because 
of the already introduced limitations; onset of knock and high exhaust temperature when trying 
to produce an orthogonal test plan.  
 
Since the drive cycle tests are run by a physical person, there will be a deviation between 
different runs, and therefore the boundaries should not be set too close to what is found in one 
test here. Two runs of the FTP75 with different vehicles were compared here, but in this case the 
difference was found to be negligible. 
 
After some careful examination of the FTP75 tests and some compromising between 
orthogonality and extrapolation needs, the boundaries found in Table 2 were chosen. 
 
Table 2. Boundaries for the test plans 

ESA TDC ESA Baseline  
Low limit High limit Low limit High limit 

Engine speed [rpm] 600 2500 600 2500 
Air-fuel ratio [-] 0.9 1.1 0.9 1.1 
Load [g/rev] 0.22 1.4 0.22 1.4 
Spark advance [° BTDC] -10 40 - - 
Spark retard [°] - - 0 30 
VVT phasing [° advance] 0 60 0 60 
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6.6.2. Design of Experiment 

With the boundaries set in the previous chapter the test plans were created using the built-in tool 
in MBC model. It is noteworthy that since the ESA Baseline test plan is run as a space filling it 
means that it has no discrete steps as the ESA TDC approach; instead the points are spread out 
“randomly” in the operating space. 

6.6.3. Data collection 

For the data collection, there are some practicalities that must be taken care of, which split up 
into decision of time spans, fuel choice and some more. This will be described here, starting with 
the time spans. 
 
When running steady state points, three time spans have to be decided, the "reaching time", 
stabilizing time and measuring time. These mean respectively how long time the engine has to 
reach the next test point in the plan before it is aborted, how long the engine will stabilize the 
temperatures etc. before the measurement takes place, and last the measuring time were data is 
collected. A longer stabilizing time will give better stabilization of temperatures, especially in 
points that gives high exhaust temperatures, whereas a long measuring time often provides a 
better average value. The time spans were chosen to be a balance between measuring accuracy 
and maximum possible points to run within the time in rig specified. They were respectively 15, 
60, and 30 seconds. 
 
During certification process and the tests run in EP, an US specified fuel called Phase2 [16] is 
used since this is an engine intended for the American market. It exists in different octane 
ratings, but for certification a fuel with US rating 87 is used which approximately equals 
European 91 RON. In FP a European specification 91 RON fuel was the closest to phase2, and 
the test plan for spark related to TDC was first tried with that, but there were so many points that 
were skipped, so instead 98 octane RON fuel was used throughout the FP-tests. This can 
introduce some errors, but emission variations due to fuels with different octane rating were 
thought to be low. Still, there were some points that could not be run due to onset of knock or 
high exhaust temperature, and a few points that used spark retardation due to knock. This 
probably deteriorates the models, and shows the need for carefully setting the boundaries for this 
type of test plan, which is not an easy task. 
 
Lambda oscillation, see chapter 2.4, was turned on during the ESA TDC test plan, since it is 
turned on by default in FP rigs, and the author had no knowledge about it when that test plan was 
run. When the second test plan was run, some reference points were run with and without lambda 
oscillation to see if there were some difference, but it was found to be negligible in most cases, 
so it was also turned on during the run of that test plan. It is also turned on during the EP runs, 
but that is something the models should take care of since the models use 10Hz resolution and 
the lambda oscillation is about 1Hz. 
 
Something that was more of an issue was that the NOx measuring equipment was malfunctioning 
during the run of the first test plan. It was believed that it should be repaired before the next 
attempt, but unfortunately it was not, which means that no NOx models can be made. Another 
problem was that the second test plan was run with a shortage of time just before the engine was 
taken out of the cell, and therefore temperature at the inlet of the first catalytic converter and 
lambda deviation were not measured. By using experience from mistakes in the first test plan and 
the approach of spark offset from MBT, gave a more robust test plan with much less points that 
were skipped due to knock or high exhaust temperature. 
 
For the ESA TDC test plan, 311 points were collected when reference points were removed, and 
for the ESA Baseline test plan, 381 points were collected plus the reference points. 



 

  42 

 

6.6.4. After the data collection (Removing outliers) 

The collected data was carefully visually checked for outliers regarding every response, but it 
was hard to determine if a deviating value was an outlier or within the normal probability.  
 
If the engine experiences some abnormalities when running a point, for example misfire or 
partial flame quenching, this is unwanted since it does not represent normal engine operation. HC 
and CO emissions increase when having misfire and that will deteriorate the model predicting 
capabilities. Some of these points might experience these abnormalities when running steady 
state, but not when quickly passing it during a transient sweep due to stabilizing of cylinder wall 
temperature etc. With these arguments in mind, it was found that standard deviation of lambda 
could be used to check for rough running points and misfires. 
 
As already mentioned, the standard deviation of lambda was not measured for the ESA Baseline 
test plan, but for ESA TDC it was used to remove outliers. The removal of outliers for ESA 
Baseline will be discussed later.  
 
ESA TDC 

There were 17 points that exceeded the maximum measurable HC level, which was removed 
first, leaving 291 usable points. Standard deviation of lambda was measured for each cylinder, 
but an average for all 6 cylinders was plotted versus normalized HC level in Figure 14 as the next 
step. Two interesting conclusions can be drawn from that figure, first that out of close to 300 data 
points, less than 20 gave normalized HC-levels above 30%. The second conclusion is that for 
data points with a HC level of above 70% only one of these points has a standard deviation in 
lambda below 0.01, where the great majority of the points are. That point had very high standard 
deviation of lambda in 2 cylinders though, which qualifies it as a point with high deviation.  
 
From that together with the fact that the majority of these points had a lean air-fuel ratio, it can 
be concluded that it probably is misfires or flame quenching that cause the high levels of 
unburned hydrocarbons. Therefore these points are not representative for normal engine 
operation, and should be removed from the input data to the model. After some tests, with FP-FP 
modelling, all points with a standard deviation of lambda above 0.01 were removed together with 
the point at 80% with average lambda deviation below 0.01, which summed up to 17 points to be 
removed. 
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Figure 14. Standard deviation of lambda for the ESA TDC test plan, an average for the 6 cylinders. 
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ESA Baseline 

For the other test plan where no lambda deviation data was present, knowledge from the first test 
plan was used as will be described here. 
 
The first action to do was to remove 26 points that exceeded the maximum measurable HC level, 
leaving 355 usable points. The next step incorporated removal of some points that differed from 
the test plan in spark offset, and were outside the boundaries decided. They were removed, but 
some points that differed but were inside the boundaries were not removed. From the outlier 
removal for ESA TDC it was found that all points with HC level above 60% had high lambda 
standard deviation, and since no standard deviation of lambda was logged during this session, it 
was decided to do use that as a base and remove all test points with HC above 60%. After all 
these steps were carried out, 341 points were left from the test plan. 
 

6.6.5. Plots of responses versus all predictor variables 

When data from the measurements were collected and outliers removed, the data was plotted 
against all operating variables to see if their influence agrees with the theory in chapter 2.5. A 
linear trend line is shown in all figures, even though the responses most likely have a higher 
order, but the model building process will catch that, for now it is sufficient with this. The 
measurements from the test plan for the ESA TDC-approach are shown in this chapter since it 
includes all three responses; CO, HC and TBECAT. These plots were compared with plots for 
the ESA Baseline approach, but only negligible differences were found. 
 
CO 

When making scatter plots of CO level versus all operating variables, it is clearly seen that 
lambda is almost exclusively influential, see Figure 15. That agrees with the theory in chapter 
2.5, but this theory also claim a small dependency of load, and a vague tendency of lower CO 
level for higher load can bee seen in the same figure. 
 

 
Figure 15. CO is almost exclusively influenced by lambda.  
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HC 

Also this response, the measurements agree with the theory. It is a clear decrease of HC for 
higher load, due to less flame quench, more post oxidisation etcetera, see Figure 16. For engine 
speed it is the same trend; lower HC level for a higher speed owing to increase of in-cylinder 
turbulence with speed and also an increase of cylinder wall temperature. For lambda, the lowest 
HC level is found at slightly lean mixture, which also agrees with the theory. Spark advance is no 
exempt; a retarded value lowers the HC level by higher exhaust temperature which gives more 
post oxidisation. VVT phasing is the only operating variable that gives no clear trend here. 
 

 
Figure 16. The HC response, all operating variables except VVT-advance show trends here. 
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TBECAT 

Three out of the five operating parameters gives a large influence; load, engine speed and spark 
advance. Lambda only has a slight influence, whereas VVT advance has almost none, see Figure 
17. 
 
Higher load increases the energy release during combustion, thereby increasing the temperature, 
and by increasing engine speed, more energy per time unit is released, which increases the 
temperature. What is also seen in the measurements is the lower thermal efficiency with later 
spark timing, which increases the exhaust temperature. For richer mixtures there is a small trend 
of lower temperature, but the cooling effect of gasoline can explain that. 
 

 
Figure 17. TBECAT, the temperature increases notably with higher load, speed and retarded spark advance.  

 
 

6.7. Model fitting 

MBC takes care of the model fitting process, but the stepwise criterion that checks for 
unnecessary parameters (see chapter 5.3.3), are made afterwards for the polynomial models. 
Stepwise can both be run starting from all parameters, or starting from zero parameters. Poly4 
were using stepwise from all parameters whereas poly5 models were built both starting from all 
parameters and starting from zero parameters due to indications of overfitting during the model 
building process. Ploy5 models with stepwise from zero parameters are called poly5 stfz. 
 
The temperature at the inlet of first catalytic converter is from now on called TBECAT from the 
designation in the engine control software, and the indications of overfitting with stepwise from 
all parameters were especially apparent here. The temperature curves were oscillating heavily 
giving unrealistic values in some areas of the operating range, and a use of stepwise criterion 
starting from zero parameters minimized the oscillations significantly. This is thought to improve 
the predicting capabilities, even though the R2 value decreased and PRESS RMSE increased 
slightly. 
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7.Validation and comparison of model structures 
This chapter using steady-state data as input to the models predicting the same data will be 
separated into two parts, one for each approach, and all models shown here will also be tested 
later on with the dynamic data from EP-rigs to find the best overall model. 
 

7.1. ESA TDC 

The approach of spark related to TDC was the first to be validated, and the validation tools show 
promising results for many models. To start with, the R2 and PRESS RMSE values. As an 
additional test, the influence from each input parameter was plotted and compared to the trends 
from the measurements, see chapter 7.1.3. 
 

7.1.1. R2 and PRESS RMSE values 

Figure 18 and 19 shows PRESS RMSE and R2 values respectively for all models. Poly5 Stfz. is 
poly5 models with the criterion of stepwise from zero parameters. Polynomial models have the 
best values for all models where poly5 is in top. RBF models are generally worse with as much 
as 40-50% higher PRESS RMSE values for CO and HC responses, but the difference is much 
lower for TBECAT. It can be due to the response characteristics that are different, but also some 
other thing. More about this is found in the discussions chapter. 
 

Figure 18. PRESS RMSE values for CO, HC and TBECAT models, stfz are stepwise from zero parameters. 
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Figure 19. At certain interest here is the CO response since it reaches very close to 1 for poly4 (0.9989)  

and poly5 (0.9998). 
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7.1.2. Graphical residual analysis 

Due to space limitations, residual plots for all models will not be shown. Instead one interesting 
plot for each response will be shown, either a very good one or one showing an interesting 
phenomenon. 
 
First, run-order was plotted versus residuals, but no signs of drift could be found for any model 
or response. The next step was i vs i-1 plots, to see if the samples were independent from the 
next. CO and TBECAT showed no signs of problems, but HC had a few samples that were not 
fully satisfying, but it is thought to be ok with just a few samples showing systematic structure. 
Finally, residuals were plotted against all predictor variables together with a histogram. 
 
CO 

For the response of CO, poly4 and poly5 shows some minor flaws, but altogether very good plots 
with no systematic structure. The histograms are also relatively good. A few points with large 
residuals distort them a bit, but except from them it looks rather good. Something that the very 
high R2 values also indicates. 
 
The residual plots for RBF models indicate some problems though, and RBF Gaussian is shown 
in Figure 20. Both types of RBF show the same type of error as can be seen here and it is a good 
example of a model that has problems with one of the predictor variables. Lambda has a clear 
systematic structure even though no other input variable shows the same problem. A slight horn 
shape in the residual plot for spark advance can be seen, but any conclusions of that should not 
be drawn before the main problem of lambda has been solved though. The histograms are also 
rather good, also here with a few points with large residuals that deteriorate the form. 
 
Lambda is the most important parameter for CO prediction, giving the visible structure even 
higher importance making the RBF models non-suitable for predicting a CO response. It must be 
said though, that the test plan for ESA TDC is favouring polynomial models, so no definitive 
conclusion about this can be drawn before the ESA Baseline models has been examined. 
 

 
Figure 20. Residual plots for the CO response, the model shown is RBF Gaussian. 
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HC 

The residual plots for HC are not as good as for CO, but reasonably good. HC is also harder to 
predict, since it is not almost exclusively dependent on one predictor variable as in the case of 
CO. The systematic errors that can be seen are slight wave formed, some elliptic form of the 
residuals etc. In particular load is problematic for all models, but when it comes to lambda, the 
RBF models show less systematic structure than polynomials. Histograms are also rather good. 
The model with the worst normal distribution is poly5, with many residuals concentrated at low 
levels. 
 
For this response a fifth order polynomial model is seen in Figure 21. When comparing the very 
high R2 value with a residual plot that indicates some problems, it can be assumed that the model 
is overfitting slightly. 
 

 
Figure 21. The residuals for a slightly overfitting poly5 model of HC. 
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TBECAT 

The models for the temperature at the inlet of the first catalytic converter also showed some 
slight problems, but are still fairly good. Particularly the predictor variables speed and load 
shows a wave formed residual structure for all model types. Shown in Figure 22 is the RBF 
Gaussian model which is very similar to the multiquadric RBF model. Polynomial models show 
the same phenomena, but have slightly better histograms. The horn shape visible for load could 
be some non-constant variation, since effort was put into modifying the models to correct it, but 
it could not be done. If new data could have been collected, especially with low load it might 
have been possible to correct it. 
 

 
Figure 22. Residual plots for the RBF Gaussian model of TBECAT. 
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7.1.3. The influence from each input parameter 
As an additional test the influence from each input parameter were plotted and compared to the 
measurements. Four input parameters were held constant at the centre of its’ operating range 
while the fifth were swept over the measured range to get each of the subplots in Figure 23-25. 
Poly 4 and RBF Gaussian models are shown, even though all four models were tested with 
negligible differences. The main differences between the models shown here are for HC, which 
is understandable since the R2 and PRESS statistics above also indicates some problems here. 
Although that the trends are very similar to the trends in the measurements seen in Figure 15-17. 
 

 
Figure 23. CO, Poly4 and RBF Gaussian models are compared to the measurements with good correlation. 
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Figure 24. HC, Poly4 and RBF Gaussian models are compared to the measurements, slight differences can be 

seen between the models. 

 
 

 
Figure 25. TBECAT, Poly4 and RBF Gaussian models are compared to the measurements with good results. 
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7.2. ESA Baseline 

 

7.2.1. R2 and PRESS RMSE values 

As for ESA TDC models, polynomial models show better numbers than RBFs, which can be 
seen in Figure 26 and 27. The same trends are visible between the models, but generally HC 
models have slightly worse number here than for ESA TDC whereas CO are about the same. 
Particularly RBF models for HC have much lower R2 values here than for the first approach. 
 

 
Figure 26. PRESS RMSE values for CO and HC models, stfz means stepwise from zero parameters. 
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Figure 27. Very high R

2
 levels for all CO models, but the HC models show different levels of fit. 
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7.2.2. Graphical residual analysis: 

A run-order plot was carried out and no systematic structure indicating drift was found for any 
models or response. Also i vs i-1 plots were carried out, and those for CO were satisfying, but 
also here HC shows some minor problems with independency from the next sample. 
 
CO 

Also here, RBF models show a clear waveform in the residuals for lambda predictor variable. 
This gives the conclusion that this phenomenon did not originate from the less suitable test plan 
for RBF models in the ESA TDC approach, rather that RBF models are not appropriate for 
predicting CO response. The best polynomial model was poly5 and it shown in Figure 28. No 
other systematic structure was found, and with a good histogram this seems like a very good 
model. 
 

 
Figure 28. The best residual plots for CO response, poly5, are shown. 
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HC 

The residuals for HC are larger than for ESA TDC, and there are some samples that give 
certainly high residuals. Their common denominator for all models is low load, whereas they are 
spread evenly over the design space for the other predictor variables. For polynomials the 
residuals are between 500-1000 PPM HC, which is true also for the main part of the RBF 
residuals, even though there are a few samples with high residuals. These residuals also give the 
RBF models a slight curvature of the residuals for the load variable, which is unwanted. 
 
Except from the mentioned problems with these models, no systematic structure can be found, 
and also all histograms seem rather good except from the a few samples with high residuals. 
Figure 29 is a good example for residual plots, here illustrated by Poly5 model. 
 

 
Figure 29. A good example of residual plots for HC response comes from the poly5 model. 

 
 



 

  55 

8.Dynamic drive cycle prediction/new environment 
After satisfactory models were found the next task was to predict the emission responses for a 
run of FTP75, which is a completely different test environment with dynamic driving, 
introducing many new sources of error. After some adequate models and possible corrections are 
found in this environment, the models will also be tested for prediction of cold start. 
 
The sources of error when going to this new environment include; another specimen of engine is 
used, it is installed in a vehicle rather than in a rig, the test is dynamic instead of static, another 
emission measuring equipment with different sensors and hose length are used etc. It will be very 
interesting to see the results, and if any differences needed to correct for will be found. This topic 
is of certain interest since there is low knowledge in-house of the correlation between the FP and 
EP rigs emission-wise. Due to these circumstances it is not likely to expect the same level of fit 
as for pure static models, but the goal is to get as close to that as possible. 
 
It would have been interesting to use some statistical tools like run-order plots and i vs. i-1 plots 
on EP measurements to check how good the EP data is, but since it is not run in a randomized 
order, it cannot be used to check for drift and independency from the next sample etc. 
 
In this chapter not only R2 and graphical residual analysis are used as suggested in the theory 
chapters, but also time versus response variable graphs since it is also needed to actually see the 
results from the measured data versus the prediction. An example is a time offset that would not 
be visible with normal residual analysis tools. 
 
First out to be corrected to fit the new environment was TBECAT, which is discussed in the 
following chapter. The corrections needed for the other responses are discussed thereafter. 
 

8.1. Corrections for TBECAT 

TBECAT was chosen to visualize the correction process since it included all different types of 
corrections used, and it is easy to follow the improvements step-by-step. The RBF Multiquadric 
model for ESA TDC-approach was used throughout this chapter since it was thought to be no 
worse than any other while the models showed fairly equal results in static modelling. 
 
The first step is to compare the raw and uncorrected model to the measured data from the 
complete vehicle rig (EP) to see if any corrections will be needed or not, see Figure 30. The 
temperature is normalized. It can be seen that the model prediction gives the same trends as the 
measured temperature, although the predicted temperature has a bias of 5-10 percentage units. 
The prediction also gives large transient temperature peaks that cannot be seen in the 
measurement. The temperature bias can be due to cooling of the engine and exhaust system in the 
engine rig, and the non-existent transient peaks in the measurement can come from a response 
time of the thermocouple used. There are only two possible reasons, and they will be discussed 
more in chapters of conclusions and discussion. The question of which is more correct will also 
be discussed there, but for now the focus is on minimizing the prediction error compared to the 
measurement in the EP-rig. 
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In Figure 30 it can be clearly seen why this type of figure is needed, since the large transient 
peaks would not be easily found in residual analysis plots. In the residual plots, the value of the 
temperature offset was easily identified though. 
 

 
Figure 30. the RBF Multiquadric model without any corrections is compared to the measured EP-data. 

 
By analyzing the figure it is clear that a temperature bias is needed. The residual plots and 
histogram confirms this, and it was found that the temperature should be increased by 
approximately 5.9 percentage units. The model now more closely resembles the measurement, 
but it is apparent that more corrections should be made, see Figure 31. 
 

 
Figure 31. The model with a temperature bias of 5.9 percentage units. 
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By further analyze of the figures visually it was found that there was a small time-offset present, 
see Figure 32a. It was corrected by adding a time-delay of 4 seconds in the Simulink model, and 
the difference with the time correction included can be seen in Figure 32b. The time correction is 
quite coarse here, since it will be easier to do more precisely later in the optimization process. 
 

 
Figure 32. comparison of the model a) without and b) with a 4 second time offset. 

 
After the corrections of level and time, it can be seen that the prediction of temperature has 
improved significantly. The next correction to make is for the large transient peaks and 
fluctuations which are not present in the measured data. This could probably be due to thermal 
inertia of the thermocouple used, and it is reasonable with a response time in order of 3-5 
seconds for a 3mm thermocouple. As mentioned earlier, the reasons for this difference will be 
discussed more later on. A response-time correction was provided by a Volvo employee that 
made the presentation on a topic similar to this thesis [15], and it was implemented in Simulink. 
It introduced a new problem though, a rise time at the initial phase which can be seen in Figure 
33. At this stage, this is accepted, and focus is set on the curve fit after the rise time. 
 

 
Figure 33. The transient peaks are gone, and the model now resembles the measurement after the rise time.  

 
To focus on the curves after the rise time, 40 seconds of the start were cut of to use only 
representative data avoiding influence on the R2 value. It can also be seen that the smoothening 
function significantly reduces the need for the time delay, and this further strengthens the theory 
of a response time for the thermocouple. The best time delay now was found to be 1 second, 
which greatly improved the curve fit, see Figure 34.  
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Figure 34. R

2
 value with different corrections. Rise times etc. are removed for these values. 

 
By these corrections, the model prediction quality improved significantly, and it is now fairly 
good. It was double checked with the other model types, but the same corrections were valid. The 
corrections probably comes from the new environment, and if no correlation tests can be carried 
out to find the sources of errors these values can probably be used as a base in the future with 
new engines, but it will likely need some tweaking depending on the engine specifications. Next 
the corrections needed for HC and CO responses will be described. 
 

8.2. Corrections needed for CO and HC responses 

For CO this included a time offset, and in contrary to TBECAT the measured value was before 
the predicted value with 1.6 seconds. A bias of the response level did not increase the predicting 
capabilities for any model of this response. 
 
HC was not in the need for a time offset, but a bias was clearly needed here. The prediction 
needed to be raised 550-650ppm, except for RBF-models in ESA Baseline. This level of 
correction is rather much, and if this correction as well as the others are because of models 
unable to predict the drive-cycle in a good way, correlation between FP and EP rigs or a transient 
phenomenon is not clear, but the topic will be discussed in the chapter of discussion and 
conclusions. 
 
The response-time corrections were different between the three responses CO, HC and TBECAT, 
but all models within a response could use the same correction and there were no differences 
between the two approaches. This seems reasonable since a response phenomenon should not be 
connected to a model type. HC needed the least correction and TBECAT the most, with CO 
somewhere in between. 
 

8.3. Results 

The previous chapter discussed the corrections needed to fit the models built on FP data to EP 
measurements (prediction of a drive-cycle). This chapter will focus on the results of this with 
different model types, R2 values and residual plots describing how well the models fit the data. 
Run-order plots and similar tools cannot be used as a validation tool here as already described, 
since the data is not collected with a randomized order in this type of tests. 
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8.3.1. ESA TDC 
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Figure 35. R

2
 value for all models and responses. CO and TBECAT have roughly the same predicting 

capabilities between the model types in contrary to HC. 

 
In general, there is one problematic area localized for HC and CO; low load. Except for that, no 
major structures are found, and the histograms are also fairly good. Some early tests were run 
with poly5 models, but their prediction was very bad, instead stepwise criterion from zero 
parameters was used with much better results. The normal poly5 models were possibly 
overfitting the input data to a high extent, and no results from them will be shown. 
 

CO 

The R2 values are above 0.9 for all models which must be said to be very good, and the value of 
close to 0.95 for poly4 is not far behind what was achieved with static models. Poly4 shows the 
least trends and overall best residual plots and can be seen in Figure 36, but all models are very 
similar having some systematic parts in the same areas. The most problematic area, as already 
mentioned, is low load which clearly differs from other regions. 
 

 
Figure 36. Residual plots for the poly 4 response of CO. 
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HC 

The lower R2 values for the static models of HC indicate that this response have lower prediction 
capabilities than CO, which can also be seen in the residual plots from a prediction of the 
dynamic FTP75 cycle, see Figure 37. As for CO the area with largest problem is low load. It 
shows a different behaviour than the upper load area while the residuals for higher load have 
residuals centred about 0; the low load area is centred about  
-500 to -750 ppm depending on model. These different centre points should be considered since a 
bias of 550-650 ppm is included in the model. If removed, the low load area would be centred 
about 0 instead. See more about this in the discussion chapter. 
 
Engine speed are showing lower residual levels for high and low speed, but that can come from 
less running points in those areas. Spark advance shows a slight trend for RBF models that 
cannot be seen in the polynomial models. Gaussian has best R2 value, but the residual plots do 
look slightly worse than poly4, except in one important area; low load. 
 

 
Figure 37. RBF Gaussian model represents the residual plots for HC. 
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TBECAT 

Also for this response, the different models show the same behaviour in the residual plots. It is 
hard to find trends and systematic structure, but still the histograms are not ideal. Poly4 and RBF 
Gaussian have the best histograms, but not perfect. From the R2-value it is clear that RBF 
multiquadric and Gaussian gives the best prediction, but as for other responses poly4 is close. 
That is also seen in the residual plots where the residual temperatures are slightly higher than 
RBF Gaussian but with the same behaviour, see Figure 38. 
 

 
Figure 38. Fairly good residual plots for Poly4 model of TBECAT. 

 
 

8.3.2. ESA Baseline 

This approach shows both positive and negative outcome of R2 values compared to the ESA 
TDC approach, see Figure 39 on page 62. On the positive side is that CO responses are slightly 
better, which can be a consequence of the way the test plans are built, where this approach uses a 
test plan with no discrete steps of CO, but also includes some more test points. The negative 
aspect is that HC predictions are worse, even though the level is more even between the different 
models. Noteworthy is that all residual plots in this chapter show spark advance relative to TDC 
as they do for the ESA TDC approach. 
 



 

  62 

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0

Poly4 Poly5 Stfz. RBF Gaussian RBF Multiquadric

Model type

R
²

CO

HC

 
Figure 39. R

2
 values are slightly better for CO but clearly worse for HC compared to ESA TDC approach. 

There are also more variation in level for HC than CO.  

 
 
CO 

Poly4 is the model that gives the highest R2 value as was the case for the CO response for the 
first approach, which can be brought to the conclusions. Low load is a problematic area also here, 
even though it is not as clear as for other responses. RBF models have almost identical residual 
plots, and they are very similar to the CO plots for the ESA TDC-approach. Poly5 is much worse 
than the other models, which concludes that it is overfitting since poly5 with stepwise from zero 
parameters is much better. The histogram for polynomials looks better than for RBF-models 
though. RBF Multiquadric performs slightly poorer than the other models, and it is shown in 
Figure 40 to give an idea of the good prediction capabilities of the models. 

 
Figure 40. The worst CO model, RBF Multiquadric, shows the high quality of CO models. 
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HC 

The problematic area low load is very clear here, residuals are at a low level for load above 0.4 
g/rev, but below this level the residuals increase significantly. The large residuals are spread 
evenly over the other predictor variables, so it is clear that it has to do with the predictor variable 
load. The bias that was used in ESA TDC-approach is not used for RBF models here, since the 
R2 values get even worse then, but as a consequence it can be seen that for higher load the 
residuals are not centred on 0. Poly4, poly5 with stepwise from zero parameters and RBF 
Gaussian are of equal quality, but RBF Multiquadric is much worse, which is the same result as 
for the first approach. Poly5 is clearly overfitting the FP-data and is not further considered for 
this response. Histograms for the three best models are of equal quality with poly4 slightly better, 
but none are satisfying. Poly5 stfz are representing the residual plots for this response, see Figure 
41. It can be seen in this figure that there are some systematic structure especially in load as 
already mentioned, but also for engine speed. This is not good, but these were the best models 
achieved. 
 

 
Figure 41. Systematic structure is seen both in engine speed and load for the poly5 stfz model of HC. 

 

8.3.3. Additional tests 

The models were not fully satisfying with the EP-predictions of HC, and the clearly most 
problematic area was found to be low load. After some time spent in MBC model looking at 
different models and testing different ideas, a test was carried out with removing all points in the 
input data with a HC level above 4000ppm. Without further thoughts it was tested since low load 
often over predicted the HC level, and if points giving high HC level were removed, the 
predicting capabilities might be improved.  
 
For the ESA TDC approach, that was found to be true where HC predictions reached a maximum 
R2 of 0.71 with the RBF Multiquadric model. It was interesting since that model was clearly the 
worst for the approaches above. The achieved value is more than 15% higher than what was 
reached with the normal ESA TDC approach, but it can be argued if there are some scientific 
ideas behind this test, and which those might be. 
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9.Cold start 
When the predictions of emissions for the warm engine were satisfactory, the more complex cold 
start was included in the simulations. Except from the fact that the temperatures have not 
stabilized yet, a special cold start strategy is used at Volvo Cars to heat up the catalytic 
converters as fast as possible. Considering this it seemed to be a challenging task, but it was 
found during the literature study that emission levels followed a relatively simple scaling 
function related to the engine temperature [9]. With this in mind the task looked a little more 
promising. In the mentioned report, CO emissions were lower at cold start than for the same 
operating point for fully warm engine, whereas HC emissions were higher. For the engine 
configuration present in their report, CO emissions are linearly scaled for coolant temperature, 
and HC follows a quadratic scaling function. With this as a base, it was tested if it was also true 
for the SI6 engine used in this thesis, and early tests looked promising. During these tests it was 
found that also TBECAT needed some kind of scaling for engine temperature, but no large 
amount of time was spent with that since there can be other underlying factors. In chapter 4.3 it is 
argued by Shayler et al. [9] that coolant temperature should be used as scaling base instead of oil 
temperature, and therefore it will be used here. 
 
The engine temperature during the driving cycle was plotted, and both coolant and oil 
temperatures were included which can be seen in Figure 42. Before this was carried out, the 
engine temperature was thought to stabilize within the 505 seconds of phase 1. It is seen here that 
it is not true, and that the coolant temperature is stabilized at a plateau of approximately 90°C 
when the thermostat opens after about 400 seconds, before it reaches the stabilized temperature 
of 98°C just before 1000 seconds. As the FP tests were carried out with a coolant temperature of 
approximately 90°C that is what will be used as Tnormal for these tests. This means that also later 
parts of phase 2 will be affected of the temperature compensation, which can hopefully be 
improved.  
 
With this discovery in mind, the best alternative for further analysis is to include both phase 1 
and phase 2 of the FTP75 cycle to see all the temperature effects. In total, the R2 values are 
believed to decrease slightly from the previous chapter despite the coolant temperature correction 
due to the more complex cold start. 
 

 
Figure 42. Coolant and oil temperature during the first two phases of the FTP75 Driving Cycle. It was also 

compared with another run of FTP75, but the differences were negligible. 
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Shayler et al. propose that this simple type of scaling correction is not enough to predict the start 
up phenomena, particularly for HC. CO was found to not be affected to the same extent. The 
other paper mentioned by Shayler et al. [10] suggests the simple scaling function to be true after 
approximately 20-30 seconds. The FTP75 cycle starts with an idle for 20 seconds before taking 
off, which coincide with the time for the inabilities of prediction, so that part will unfortunately 
not be predicted for HC, which would have been interesting. 
 

9.1. The scaling functions 

When making a scatter plot of HC residuals versus coolant temperature, it was found that the 
emissions actually were quadratic scaled with coolant temperature, but as suggested by Shayler 
et al. that was not true for the first 20 seconds. Figure 43 shows these findings for the Gaussian 
model for ESA Baseline approach.  
 

 
Figure 43. Residuals as a function of coolant temperature for uncorrected HC emissions are following a 

quadratic curve after about 20 seconds from cranking, see arrow. 

 
The equation for this correction is 
 

 ( )( )2
1 TTKHCHC normalcorr −+=  (18) 

 
where HC is the uncorrected input, HCcorr is the temperature compensated emission, K is the 
scaling constant, Tnormal is warm engine coolant temperature and T is the current coolant 
temperature. 
 
CO was plotted the same way, see Figure 44 on page 66, and it is seen that less temperature 
correction is needed than for HC which agrees with the results by Shayler et al. It also looks like 
a linear function would be appropriate, but in contrary to their findings it is seen that the simple 
scaling function is not sufficient for the early seconds after cranking. Some initial stabilizing 
phenomenon is seen, and first after 12-15 seconds it has stabilized, which can also be seen in the 
residual plot of Figure 44. It might have something to do with the idle directly after cranking, but 
without a more extensive investigation on that, it is not sufficient to draw that conclusion. The 
results for CO will include the data from 12 seconds after cranking and onwards. 
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Figure 44. Residuals as a function of coolant temperature for uncorrected CO emissions. 

 
A linear scaling function was implemented for CO, see equation 19. 
 

 ( )( )TTKCOCO normalcorr −−= 1  (19) 

 
where the designations are the same as for HC emissions in equation 18. 
 
When it comes to TBECAT, something interesting was found when looking at a time-
temperature plot, see Figure 45. By comparing the measured temperature to the predicted 
temperature with response time correction included, it is seen that the initial response 
phenomenon for the predicted curve that was previously an issue is found to resemble the warm-
up response of the thermocouple in a good way. 
It is not perfect though, even if it gets much better after including a scaling function, and 
therefore it was decided to focus on getting the coolant temperature correction to work well after 
the warm up of the thermocouple. 
 

 
Figure 45. Normalized TBECAT for the first 100 seconds of FTP75 cycle. 
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After approximately 30 seconds the warm-up response is finished, and looking at a scatter plot of 
residuals versus coolant temperature confirms this, see Figure 46. After this time a simple scaling 
function could be used as coolant temperature correction. As can be seen here, the model 
overpredicts the temperature for cold engine which seems reasonable. 
 

 
Figure 46. TBECAT residuals as a function of coolant temperature. 

 
TBECAT seems to over-predict the temperature both above and below 90°C coolant temperature 
which was the coolant temperature for the FP tests, and the simplest function to make such a 
correction is the quadratic, and therefore such a correction was used, see equation 20. 
 

 ( )( )2
1 TTKTBECATTBECAT normalcorr −−=  (20) 

 
where the designations are the same as for the HC response in equation 18. 
 

9.2. Results for cold start prediction 

It was interesting to see that the predicting capabilities could actually improve by using such a 
simple correction as a scaling for coolant temperature. As previously this chapter is divided into 
parts for the two approaches. 
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9.2.1. ESA TDC 

R2 values for all models and responses are found in Figure 47, and thereafter follow a discussion 
for each response. 
 

Figure 47. R
2
 values for all models and responses are shown. Non-corrected values can be compared to 

coolant corrected values. 

 
CO does not improve much by a coolant correction, but on the other hand it starts at a very high 
level. The most difficult response; HC improved greatly with the correction, but the level can still 
not be said to be good. TBECAT was improved to the extent that the RBF Gaussian model was 
higher than for phase2 without the temperature correction. 
 
CO 

In general the prediction for CO is good, even for the cold start. Somewhat lower R2 values than 
for previous tests containing only phase 2, but when including the more complex cold start, this 
reduction must be said to be acceptable. The models for this response are approximately of equal 
quality, which also was the case when only phase 2 was tested. The prediction is only slightly 
improved by the coolant temperature correction, and the coolant corrected residual plot for RBF 
Gaussian model can be seen in Figure 48. It looks like the model is slightly overpredicting the 
CO level for between somewhere around 20-85°C since the mean level lies a little below zero in 
the plot, but introducing a bias lowered the overall R2 value. Independent of model, this response 
needed a correction corresponding to approximately 15% lower CO emissions at 20°C than 90°C 
(K-value of 0.0022). This is about 3 times higher than what Shayler et al. found for their engine. 
 

 
Figure 48. Coolant corrected residuals versus coolant temperature for the RBF Gaussian model of CO. 

0.5

0.6

0.7

0.8

0.9

1

Poly
4

Poly
5 

stf
z.

RBF G
au

ss
ian

RBF M
ult

iqu
ad

ric

Non-corrected
Coolant corrected

CO

-0.1

0

0.1

0.2

0.3

0.4

0.5

Poly
4

Poly
5 

stf
z.

RBF G
au

ss
ian

RBF M
ult

iqu
ad

ric

Non-corrected
Coolant corrected

HC

0.5

0.6

0.7

0.8

0.9

1

Poly
4

Poly
5 

stf
z.

RBF G
au

ss
ian

RBF M
ult

iqu
ad

ric

Non-corrected
Coolant corrected

TBECAT



 

  69 

HC 

Poly4 and RBF Gaussian models were showing the best results before, and it was no exception 
here. Poly4 could also make noteworthy gains from changing the level of the bias. By lowering it 
from 650 to 450 the R2 value increased from 0.363 to 0.419, see Figure 49. This comes from an 
improvement of predicting capability where the correction for coolant temperature corrects for an 
issue that was found with the model without the coolant correction. For 20°C a K-value of 
0.0004 was used which corresponds to almost 200% higher HC emissions than for fully warm 
engine, which is extremely much more than for the experiments of Shayler et al. which found it 
to be about 30% higher. What causes this is not clear though. 
 

 
Figure 49. HC with temp correction, the figure shows the poly4 model. Some more time could possibly have 

been cut away from the start thereby improving the fit even more. 
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TBECAT 

The coolant temperature compensation of TBECAT clearly gives room for improvement; the 
best results were obtained with RBF Gaussian model which can be seen in Figure 50. Residual-
wise it shows some different behaviour during warm up and fully warm engine. This was also 
seen in Figure 46 which shows the uncorrected residuals. Below approximately 80°C it 
overestimates the temperature with increasing overestimation with lower coolant temperature, 
but it also overestimates the temperature for coolant temperatures above 80°C. This phenomenon 
was not fully solved with this simple scaling function since it would need different compensation 
factors above and below this coolant temperature. It is also interesting that it is around 80°C this 
occurs since the coolant temperature in FP rig was about 90°C, but no answers to that were 
found. What was noteworthy with this coolant correction is that the RBF Gaussian model gave 
better results with cold start included (phase1 and phase2) than without correction running 
phase2 alone (warm engine). This proves that also exhaust gas temperatures are dependent of the 
engine temperature.  
 

 
Figure 50. RBF Gaussian model, showing large improvements over non-corrected model but still not fully 

satisfying. 
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9.2.2. ESA Baseline 

As for the first approach, CO does barely improve by the temperature correction, but as stated 
before, it starts from a really high base-level. For HC the improvement is worse than for ESA 
TDC, but as for that approach the models vary greatly in quality. RBF Multiquadric has shown 
superiorly low prediction capabilities throughout the tests, and it is clear that it should not be 
used for prediction of HC. 
 

Figure 51. R
2
 values for all models and responses. Negative values mean that a straight line at the mean level 

would be a better prediction. 

 
CO 

The low correction level of about 15% for 20°C compared to fully warm engine is clearly seen 
here since the models almost do not improve by using the coolant temperature correction. The 
prediction capabilities are slightly better than for the first approach which is also seen before. To 
get any improvement for the poly4 model, the K-value was reduced to 0.0010 compared to 
0.0022 for the other models. This corresponds to a correction of about 7 percent at 20°C which is 
close to the results from Shayler et al. 
 
Nothing really different from ESA_TDC-tests showed up for these models, making it 
unnecessary to show some new residual plots. 
 
HC 

Also here some models improved with changed bias relative to what was previously found to be 
best for phase 2 with out temperature compensation. RBF Gaussian had Bias 100 here compared 
to 0 for non-temperature corrected tests, and poly5 stfz increased the R2 value slightly by 
increasing the bias with 50 ppm. 
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10. Discussion 
This chapter will focus on experimental chapters instead of the theory. What the discussions 
recap will be presented in chapter 11, conclusions. 
 

10.1. Modelling approach 
Much time was spent with Volvo employees discussing the subject of different approaches for 
spark advance. Did it really matter? From the discussions together with reading Holliday [6] and 
more, it actually seemed like something to bear in mind. Ideas about using 10% of mass fraction 
burned also came up, since that is an even better parameter for describing combustion phasing, 
while the relation between spark advance and 10% burned is not constant over the operating 
range. It was thought to be out of the scope here, while it is not measured in vehicle rigs. In FP 
rigs though, a function can be set up to calculate this from pressure data. 
 
ESA Baseline-approach is not an applicable alternative for future use, since the MBT spark angle 
must be known throughout the operating range, but it was an attempt to improve the ESA TDC 
tests for this thesis. For future use, ESA TDC or two-stage model with spark as the local 
parameter are the alternatives. Preferably two-stage since it can be run on a new engine without 
almost any knowledge of the engine operating range, MBT spark advance or knock limits etc. 
Even though the aftertreatment groups are interested in the data earlier than a Mega-mapping 
normally is run, the people involved in the Mega-mapping states that it could be useful for them 
getting the data earlier in the projects making it possible to share data from a Mega-mapping 
lowering total rig time and cost. 
 
If a Mega mapping for some reason cannot be used, ESA TDC should be used. Even though it 
shows room for improvement, the reasons for the shortcomings here must be sorted out. A better 
test plan would probably have shown some improvement in fit, but the other sources of error 
described later must also be sorted out before further conclusions can be drawn. 
 

10.2. Test plans 
It was a large drawback that a V-optimal test plan for cubic models was run for ESA TDC 
approach, since it is optimal for 3rd order polynomials, while 4th and 5th order was used together 
with RBFs. It was something made during the learning process and even though there are other 
things that might be of higher importance to improve the model fit, it cannot be diminished that it 
would be very interesting to know how much the models had improved with a better test plan. 
 
Noteworthy with the ESA TDC test plan is also that many points could not be run which 
probably forces the models to extrapolate in some areas of the operating range. The areas in 
question are some early ignition points that is knock-limited and some of the late spark points 
that generate very high exhaust gas temperature when running steady-state in the rig, but not 
when quickly passing them during a transient as is often the case in normal driving and EP-tests. 
 
The test plan for ESA Baseline is less to say about; much fewer points were skipped in this test 
plan which comes from the different spark-approach. By combining space-filling and V-optimal 
it was far better as base for the different types of models used. 
 

10.3. Data collection and removing of outliers 
What might be of largest interest here is the different time-spans chosen. When running the test 
plans in rig, it was seen that exhaust temperature were sometimes increasing at a relatively high 
rate during the measurements for one point.  
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Except for giving unreliable TBECAT values, it also has influence on post oxidising of CO and 
HC. It is not good, but through discussions it was found to be of higher importance to run more 
test points than increasing the time at the expense of test points. A difficulty is to know which is 
better for this use, since many areas on the operating range are only quickly passed during 
transients, leaving no time for the temperature to stabilize. 
 
Lambda-oscillation is also a source of error, while it was no difference on emissions on the major 
part of the points, there was a difference for a few samples. It is not clear if it was within the 
normal distribution or a real difference. Possibly all steady-state tests it should be run with this 
feature turned off. The models should be able to take care of lambda oscillation though, since the 
drive-cycle tests and modelling are run with a resolution 10 times higher than the lambda 
oscillation cycle. 
 
Another influence can be the use of European RON98 fuel, instead of US specification Phase2, 
both regarding octane rating, and fuel formulation, but the higher octane rating made it possible 
to run several more points in the test plans that probably improves the models at a higher rate 
than what the difference in formulation decreases it. 
 
Standard deviation of lambda shown to be of high importance to remove outliers, so a 
measurement of that should be included in the tests. 
 

10.4. Model structures 
The most important finding was that polynomial models of 5th order; poly5 was highly 
overfitting, giving large oscillations between the test points. This was also suggested by the 
literature to occur for high polynomial orders, and after removing insignificant parameters by 
stepwise from below criterion the RMSE and R2 values were slightly worse, but most of the 
unwanted oscillations were removed. 
 
Polynomials are good at predicting simple responses, and show a clear advantage for CO which 
is almost exclusively dependent on lambda and has a type of polynomial response for that 
predictor variable. For both approaches, RBF models show a clear systematic error for the most 
important parameter; lambda and should not be used for CO prediction. What their shortcomings 
depends on is not fully known, but it might be improved by increasing number of centres, 
thereby decreasing the waveform. Still, a response that is close to a polynomial function is 
probably best predicted by polynomial functions. 
 
Baseline ignition has a test plan that includes more points, should be more suited for different 
type of models, but still it shows slightly worse results overall which is surprising. 
 
It is not unexpected that HC shows worse results than CO since it is much more complex, but it 
was thought that TBECAT should show slightly better values than it does. Even though the most 
problems for this response are shown for load and engine speed, it would have been interesting to 
see if any improvements would have been found for the test plan with baseline ignition. The 
histograms are not very good-looking, showing that there is clearly room for improvement. As 
for the two other responses it is interesting to see that RBF models seem to have the worst 
predicting capabilities of the models tested. 
 

10.5. Prediction of a dynamic drive-cycle 
Except from the errors coming from bad prediction capabilities of the models, there are two 
newly introduced sources of error that can be seen here. First is the correlation between the 
different testing environments and second are transient phenomena. A theory is that the 
corrections of level could be nearly or completely removed if the rig correlation were fixed. 
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10.5.1. Correlation FP and EP rigs 
What was found out during the thesis work was that no extensive correlation test has been made 
between the FP and EP rigs at Volvo cars. Projects have been started to investigate this more 
than once, but unfortunately none were completed. This was very frustrating since it is essential 
for this thesis to know this, due to the fact that the models are trained with FP data and validated 
with data from the EP rigs. In a perfect world, a specific setting for the five variables used would 
produce the same emission responses in both rigs, but since no investigation of this has been 
carried out, it can not be concluded. This results in that it is not possible to separate transient 
phenomena errors from prediction errors of the models or those coming from discrepancies 
between the rigs. 
 
An example of clear difference between FP and EP rigs can be seen for the prediction of 
TBECAT; the temperature for most given operating points are about 6 percentage units higher in 
EP rig than in FP. When scrutinizing the environmental differences it was found that the FP rigs 
have large fans blowing air at the exhaust manifold side of the engines. They are not variable in 
power and for tests where sensors are installed in the exhaust manifold the heat capsule shields 
over the manifolds are removed. Compared to the under-hood environment where the space is 
very limited, heat shields installed and much less air blowing through the engine room, it is 
clearly seen that the thermal environment is very different. 
 

10.5.2. Transient phenomena and correction factors 
It is seen that the residuals are higher here than for pure static-to-static tests, but as previously 
discussed, it is very hard to separate errors of transient phenomena from others. Although that, it 
is likely that a part of the inaccuracy comes from transient predictions. 
 
The bias of HC is interesting since it is not constant over the load with a change of behaviour at 
about 0.4g/rev. Low load does not need a bias, whereas higher load has a need for it, and one 
idea is that a difference in post oxidizing of HC between the two environments are giving this 
discrepancy. 
 
To post oxidise HC, the temperature must be above 600°C, but that level is not always reached at 
the point where TBECAT is measured at the inlet of the first catalytic converter. Although that, it 
can be high enough during the exhaust stroke, and as it was seen that exhaust temperature were 
increased during some measurements of steady state points, it is possible that for loads above 
0.4g/rev it reaches the critical level more often than when running transient tests. This is a little 
in contrary to the fact that the EP measurements read about 6 percentage units higher TBECAT 
temperature, but bear in mind that the measurement in FP-rigs is taken after the exhaust gas has 
been exposed to a large cooling fan etc. before reaching the thermocouple. 
 
CO does not need a bias, but it is possible that the exhaust gas does not reach above post 
oxidisation boundary of 700°C at a longer time for steady state tests than for EP tests. To sort this 
out, a good correlation test between the rigs would be essential. The bias for TBECAT is easier 
to understand since the thermal environment is clearly different. 
 
The reason for different response time corrections needed for the three model responses is likely 
to come from different response characteristics of the measurement equipment. But the focus 
should after all not be focused on resembling the measurements, rather the actual emissions, see 
chapter 10.7 for more information on this topic. 
 
Since a much smaller time offset was needed when the response time correction was 
implemented, it points towards that it actually is a response time for the sensors instead of a time 
delay between the rig and the measurement equipment, but it is not fully investigated. 
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Temperature bias is briefly discussed already, and it would be very interesting to see if any 
corrections would have been needed if all tests were run in the same rig. 
 

10.5.3. Model structures 
It is clear that polynomial models should be used for CO, since they shows almost no systematic 
error and gives the best prediction for both the drive-cycle prediction and static model validation. 
For HC, it seems like both poly4 and RBF Gaussian should be tested further, but RBF 
Multiquadric is really bad at predicting this response. In contrary to static tests, it is interesting to 
see that RBF models show better fit than polynomials, but the reason for that is not known. 
Therefore it is suggested to include both model types for further tests. 
 
The two first choices for HC and TBECAT are clearly poly4 and RBF Gaussian since they are 
quite equal between the responses, but for CO only poly4 is meaningful to use further. 
 

10.6. Cold start 
It was large drawbacks that phase 3 in the FTP75 cycle was not measured. It uses the same speed 
profile as phase 1, but since it is run with fully warm engine it would have been easy to compare 
residuals and run-order plots to sort out cold-start specific errors and model errors. As of now, a 
clear distinction between these two cannot be made. 
 
With this in mind, the findings that R2 is lower for phase 1+2 compared to phase 2 can also be 
due to a more demanding speed profile of phase 1 model wise rather than pure cold start 
phenomena. 
 
For future use when a new engine is used, it is hard to set the value of the correction factor K. It 
is also seen that the correction factor in this thesis is much larger than what was previously found 
by the Shayler et al. [9] and the reasons for this is not confirmed. Together with the fact that it is 
dependent of the placement of coolant temperature sensor, makes it impossible to use a K value 
from this thesis to a new engine, even though it can be used as a starting point. To come around 
this problem it could be possible to run a small amount of test points for fully warm engine, and 
repeat them with for cold engine, using the outcome of this to set the correction factor. 
 
The introduction of cold start in the simulations clearly shows a response time for the 
thermocouple used for TBECAT measurements, and that the response time correction factor used 
resembles it in a good way. For the other responses, it is not seen as clear, but their measuring 
equipment is pre-started to stabilize before the tests begin. 
 

10.6.1. Model structures 
The results are comparable to them without cold start, with the same types of models giving the 
best results. RBF multiquadric are by far the worst for HC prediction, and it is clear it should not 
be used further. It is interesting that CO does not improve almost anything with the introduction 
of the temperature correction. Either the correction used is of wrong type, or CO is rather 
uninfluenced by coolant temperature. But as previously mentioned CO have a very good fit to 
start with. 
 
The bias could be lowered in a few cases, showing that the fit was dependent on an extra 
parameter, in this case coolant temperature. By further examining the results and underlying 
reasons for discrepancies, maybe even more highly influential parameters could be found. 
 
Why the correction factors are much higher than for the tests by Shayler are not known and needs 
a more extensive study. 
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10.7. Other / miscellaneous 
There are unfortunately still many question marks to straighten out, and some have to wait for the 
models of the catalytic converter. 
 
One interesting but also important topic is the accuracy needed as input to the catalytic converter 
model. A 5% or even 10% prediction error of raw-emissions might not be critical.  
Another important subject is that for now the models are validated and corrected to fit the EP 
measurements, but there are doubts if that is the true emissions, since it is undoubtedly seen that 
there is a response time for the TBECAT thermocouple. If not extensive tests to sort out what of 
the corrections that actually comes from the measurement equipment can be carried out, it is 
suggested to try both with and without them and something in between. 
 
A third topic to consider is which mapping of spark advance, lambda, etc. to use for the 
prediction of cycle emissions as the engine control strategy is not yet finished at the time when 
these models are of interest. Probably a strategy from a similar, older engine could be used, but 
when catalytic converter models are finished, it would be interesting to test if that is true, or if it 
even is acceptable to use knock limited MBT ignition all over a drive-cycle. 
 
Altogether the conclusion is that it is not possible to reach further than this without running both 
steady-state and transient (drive cycle) tests in the same rig, preferably an engine rig capable of 
running transients. When this is carried out, the next step to divide the possible errors in model 
errors, transient phenomena and things related to the change of environment between FP and EP 
rigs and everything concerned with that. After that, the models can probably be greatly improved. 



 

  77 

11. Conclusions 
It was fully possible to use regression models to predict dynamic emissions, and the findings are 
summed up here. 
 

• ESA TDC or 2-stage models should be use in the future, preferably 2-stage if shown good in 
tests and if it is possible to combine it with a Mega-Mapping to save rig time and cost. 

 

• The certification fuel used in EP for this engine could not be used in FP due to knock, limiting 
the amount of collected points. RON 98 was used, which might be a source of error. 

 

• It is highly recommended to include lambda deviation measurements since it proves to be of 
great importance for removing outliers thereby improving the quality of the models. 

 

• Poly5 models are overly complex, making them overfitting if not using “stepwise from 
below”-criterion, but still they are worse than poly4 in most cases. 

 

• RBF Models are not suitable for the CO response since they show systematic structure for the 
most important input parameter; lambda. 

 

• CO is best predicted out of the three responses, but that is expected since the response is 
almost only dependent on lambda and therefore simpler than for the other two. 

 

• Two new main sources of error are introduced when predicting a dynamic drive-cycle: 
Correlation between the two rigs and transient phenomena. 

 

• The correlation between the different types of rigs is not known in-house, but is essential for 
the results of this thesis work since measurements from one should predict the other. 

 

• Correction factors are needed to improve the drive cycle prediction: level biases of TBECAT 
and HC, time offset for CO and TBECAT and response-time corrections for all three. 

 

• What these corrections come from are not fully understood, but it is likely that response time 
corrections are from response time of measurement equipment. The level bias for HC could 
come from different post oxidisation characteristics between steady-state and dynamic tests. 

 

• Use Poly4 for CO, but both poly4 and RBF Gaussian for further tests with HC and TBECAT. 
 

• It is possible to use a linear or quadratic correction (depending on the response) that is 
dependent on coolant temp. 

 

• For now, it is not sure whether the raw models without correction factors or the measurements 
are a more correct description of the true emissions. 

 

• Cannot reach further without running both steady state and transient tests in the same 
rig/environment to eliminate outer influence and sort out the sources of the errors. 

 

• The errors are mainly coming from three sources: 
� Bad predicting capability of the models (model errors) 
� Transient phenomena 
� Errors connected to the correlation between the two different rigs used. 
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12. Future work 
There are some discoveries found in this thesis together with some shortcomings that would be 
interesting to examine, and these include: 
 

• The use of a Mega-mapping as the base for a test plan. 
 

• Fuel sensitivity test, to find out if it is acceptable to run European specification of RON 98 
also for those tests that prescribes another blend or octane rating. 

 

• An ignition sensitivity test since no engine control strategy is finished at the time these 
models are of interest. An idea is to compare correct spark advance to MBT timing and the 
strategy from a set of older engines over the complete drive cycle. 

 

• Correlation tests between FP and EP rigs to remove a possibly large source of error. 
 

• The use of faster emission and temperature measuring equipment to see if the needed response 
time corrections are measuring errors or physical phenomena that must actually be corrected 
for. 

 

• A more comprehensive investigation of cold start and engine warm-up. 
 
 

13. Abbreviations 
BTDC Before Top Dead Centre 
CCC Close Coupled Catalyst 
CO Carbon Oxide 
CPS Cam Profile Switching 
DOE Design Of Experiments 
EP Emission testing rig 
ESA Electronic Spark Advance  
FP Functional testing rig 
FTP75 Federal Test Procedure 75 
HC Hydrocarbons 
HCHO Formaldehyde 
IMEP Indicated Mean Effective Pressure 
MBC Model-Based Calibration Toolbox 
MBT Maximum Brake Torque (the spark advance where this occurs) 
NMOG Non-Methane Organic Compounds 
NO Nitrous Oxide 
NOx Nitrous Oxides (generic term for NO, NO2)  
Poly4 Models with polynomial order 4 
Poly5 Models with polynomial order 5 
PZEV Partial Zero-Emission Vehicle 
SI6 Short Inline 6 cylinder. Internal denotation for the new 6 cylinder engine 
SULEV  Super Ultra Low Emission Vehicle 
TBECAT Temperature at the inlet of the first catalytic converter 
TDC Top Dead Centre 
UFC Under Floor Catalyst 
VVT Variable Valve Timing 
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