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Summary

Automated Risk-Aware Calibration of Internal Com-

bustion Engines

A major contributor to the emission of harmful greenhouse gasses is the
transportation sector; therefore, the automotive industry strives to reduce
the emission of these gasses by developing cleaner, more fuel efficient and
sustainable combustion engines. These improved and more advanced en-
gines results in a more complex and time consuming calibration process for
the engine controller. Nowadays, this calibration process is performed by
a calibration engineer. During this process, the actuator settings, feedback
and feedforward controller parameters for a required driver demand are de-
termined to maximize the thermal efficiency and limit mechanical stresses,
pollutant emissions and cycle-to-cycle variation.

In this thesis, a novel method is developed to automate the calibrate
process of internal combustion engines. This proposed calibration method
does not require a first-principle model or prior knowledge about the com-
bustion process. Instead, it learns the combustion behaviour during the
calibration process using in-cylinder pressure measurements. The calibra-
tion process is guided by constrained Bayesian Optimization. To optimize
the thermal efficiency, the method minimizes the difference between the
measured in-cylinder pressure and an idealized thermodynamic cycle. This
is equivalent to maximizing the thermal efficiency; however, this gives a
more flexible description to the engine designer if other optimization prop-
erties are of interest that can be captured by the in-cylinder pressure. The
constraints are formulated as the probability of violating safety and combus-
tion stability limits. This serves two purposes: 1) to limit the mechanical
stresses and cycle-to-cycle variations of the final calibration of the engine,
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and 2) to mitigate harmful behaviour during the calibration process by
limiting exploration into regions with high uncertainties.

A model is used to provide the required information for the optimization
process. This model has been developed to predict the in-cylinder pressure
during the compression and combustion stroke. The in-cylinder pressure
is used to predict the combustion efficiency and constraint violation. The
in-cylinder pressure is modelled using Principle Component Decomposition
(PCD) and Gaussian Process Regression (GPR). This model includes in-
formation on the cycle-to-cycle variation of the combustion process.

The calibration method and its individual parts are demonstrated on
a Reactivity Controlled Compression Ignition (RCCI) engine. It shows
the effectiveness of the proposed calibration and modelling method. The
PCD/GPR model captures the behaviour of the modified single cylinder
PACCAR/DAF MX13 engine present in the Zero-Emission Lab at the
Eindhoven University of Technology. The automated calibration process
is succesfully demonstrated on a simulated RCCI engine.

The calibration method presented in this thesis proposes an innovative
tool to reduce development time and cost in future engine development.
Moving forward, the proposed method needs to be validated on an real
engine setup.
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Chapter 1

Introduction

It is estimated that over 95% of today’s transport — on land, water and air
— is powered by Internal Combustion Engines (ICEs) (Leach et al., 2020).
The transportation sector is responsible for approximately 16.2% of the
global greenhouse gas emissions (Ritchie, 2020). This indicates that ICEs
are a significant contributor to climate change. As a result, the transporta-
tion sector is actively developing more sustainable modes of transport. On
the one hand, there is a clear shift towards electrified transportation. On
the other hand, efforts are being made to develop more sustainable and
cleaner ICEs. Currently, there is no clear single pathway to a more sus-
tainable and cleaner transportation sector and multiple options are being
explored. This thesis focusses on developing more sustainable and clearer
advanced heavy-duty ICEs.

The development of more sustainable and cleaner ICEs is advancing
along two main paths: (i) the use of more sustainable and cleaner burning
fuels (e.g., hydrogen), and (ii) the enhancement of thermal efficiency. More
sustainable and cleaner burning fuels will emit less greenhouse gases and
other pollutants such as nitrogen oxides or soot. By enhancing the thermal
efficiency, less fuel is required to generate the same amount of energy com-
pared to traditional ICEs; therefore, lowering the emission of greenhouse
gases and other pollutants. This thesis focuses on the latter approach,
namely enhancing the thermal efficiency.

Near-zero nitrogen oxide and particle matter emissions can be achieved
by decreasing the combustion temperature and maintaining a lean, homoge-
nous in-cylinder mixture (Dempsey et al., 2014). Homogenious Charge
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Figure 1.1: Overview of a general engine control system

Compression Ignition (HCCI) was an early attempt to create such in-
cylinder conditions. In HCCI, a fully homogeneous air-fuel mixture is
ignited through compression alone. However, this approach gave poor con-
trollability over the combustion phasing.

To address these limitations, Reactivity Controlled Compression Igni-
tion (RCCI) was developed. During the intake stoke of an RCCI engine,
the cylinder is filled with a homogeneous mixture of air and a low reac-
tive fuel (e.g., gasoline or hydrogen). Between Input Valve Close (IVC)
and the start of combustion a small direct injection of a high reactive fuel
(e.g., diesel) is added. The ignition of the fuel inside the cylinder occurs
in stages (Benajes et al., 2014). The high reactive fuel is ignited first by
auto-ignition. Afterwards, the low reactive fuel is ignited by the heat gen-
erated by the combustion of the high reactive fuel. Varying the injection
timing of the high reactive fuel allows for different levels of mixing. This
results in a more precise control over the combustion phasing (Kokjohn et
al., 2011). Despite its advantages, RCCI combustion is still sensitive toward
in-cylinder conditions. A slight variation in these conditions results in sig-
nificant variation in combustion. Implementing RCCI in production ICEs
requires significant improvements in the engine control systems (Paykani
et al., 2021). A higher sensitivity towards

The engine control system is responsible for selecting the actuator set-
tings required to achieve the desired engine performance targets are met.
Figure 1.1 shows a general control structure for ICEs. In this diagram,
the variable u represents the actuator settings determined by the control
system. Typical actuators are the valve positions in the air-path and the
amount of fuel injected into the cylinder. The variable z represents the per-
formance of the ICE. The thermal efficiency, emissions or generated work
are typical indicators of the performance. The variable y represents the



3 Chapter 1. Introduction

−100 0 100
0

50

100

Crank Angle [CAD]

P
re
ss
u
re

[B
ar
]

(a) Pressure over crank angle

0 1 2
0

50

100

Volume [L]

P
re
ss
u
re

[B
ar
]

(b) Indicator diagram

Figure 1.2: Example of an in-cylinder pressure profile

measurable outputs of the ICE and consists of measurement data retrieved
from various sensors. For example, pressure and temperature sensors placed
in the air-path or a pressure sensor placed inside the cylinder to capture the
combustion behaviour. The variable d represents the disturbances acting
on the system. This disturbance can have a variety of sources, for example,
difference in fuel quality or the degradation of engine components (e.g.,
malfunctioning fuel injectors). The driver demand is typically described by
the required engine power.

The actuator signal u is typically determined using information based
on the driver’s demand and the measurable output y. The engine control
system can take a variety of forms. It could be based on a predetermined
look-up table, but also more complex methods like PID feedback control
or Model Predictive Control.

1.1 Shaping the In-Cylinder Pressure Profile

In-cylinder pressure measurements provide valuable insight into the com-
bustion quality (F. Willems, 2018). An example of a measured in-cylinder
pressure profile is shown in Figure 1.2. It provides information on key pa-
rameters such as fuel efficiency, mechanical safety, and combustion stability
and phasing. Different approaches using in-cylinder pressure measurements
to monitor and improve the combustion quality can be found in the liter-
ature. A selection of relevant studies is presented in Table 1.1. These
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Table 1.1: Overview of the available work related to shaping the in-cylinder
pressure or heat release of an ICE. Work displayed in an italic font can be
classified in multiple categories.

In-cylinder pressure Heat release

Direct Hinkelbein et al. (2012) Turesson et al. (2018); Wick
et al. (2019); Srivastava et
al. (2023)

Indirect Raut et al. (2018); Ritter et
al. (2018); Guardiola et al.
(2020); Gordon et al. (2022)

Guardiola et al. (2017,
2018); Raut et al. (2018);
Ritter et al. (2018); Guardi-
ola et al. (2020)

approaches can be categorized in two ways. First, a distinction can be
made between controlling the measured in-cylinder pressure or the heat re-
lease derived from the measured in-cylinder pressure using the second law
of thermodynamics. Second, a distinction can be made between controlling
the full shape of the measured in-cylinder or heat release over the crank
angle position directly, or indirectly by using scalar metrics derived from
them.

The heat-release gives insight into combustion phasing, duration, and
skewness. These parameters are related to thermal efficiency (R. Willems
et al., 2021). However, the heat-release can not be measured directly; it
is instead estimated from a measured in-cylinder pressure and crank angle
using the second law of thermodynamics as

dQ

dθ
=

γ

γ − 1
p(θ)

dV

dθ
+

1

γ − 1
V (θ)

dp

dθ
, (1.1)

where Q is the heat-released, θ the crank angle position, p the measured ab-
solute in-cylinder pressure, V the in-cylinder volume and γ the in-cylinder
temperature and composition dependent specific heat capacity ratio. This
estimation process is sensitive to measurement noise and relies upon as-
sumptions regarding the composition of the in-cylinder air-fuel mixture to
estimate γ.

The use of indirect metrics to characterize the combustion process is
well established in the literature. These metrics are derived from a mea-
sured in-cylinder pressure or estimated heat-release. Common examples of
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Figure 1.3: Overview of different calibration methods

these metrics include the maximum in-cylinder pressure, the crank angle at
which 50% of the heat is released, or the generated work. During control
development, a selection of these metrics is made. This selection is based
on two criteria: controllability of the combustion process given the met-
ric and available actuators, and the relevance of the metric to high-level
performance objectives of the ICE.

1.2 Calibration of Internal Combustion Engines

The objective of engine calibration is to determine the actuator settings
that optimize engine performance and meet operation constraints. Tradi-
tionally, this has been a manual and time-consuming process. Recent devel-
opment in engine technology and more increasingly stricter regulatory and
performance requirements require a more extensive calibration; therefore,
making the calibration process even more complex and time-consuming. As
a result, there is a growing need for novel and automated engine calibration
procedures.

During engine calibration, the main objective is typically to maximize
the thermal efficiency. However, this could lead to unwanted or dangerous
behaviour. For instance, high peak in-cylinder pressures or pressure rise-
rates can place significant mechanical stresses on the engine block. High
cycle-to-cycle variations can cause, in extreme cases, misfires, premature
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ignitions or delayed ignitions. High emissions of pollutants (e.g., soot and
nitrogen-oxides) pose serious health and environmental risks. Therefore,
another objective during engine calibration is to prevent these unwanted or
dangerous behaviours while maintaining acceptable performance.

Several systematic calibration approaches have been proposed in re-
cent years as shown in Figure 1.3. These can be broadly classified into
model-based and data-driven methods. Model-based methods depend on
the availability of an accurate model of the ICE that captures the relation
between control parameters and the resulting combustion behavior (Gras-
reiner et al., 2017). These methods use the model to find actuator settings
that optimize the combustion process. However, if the model is not accu-
rate, the calibration process will result in suboptimal engine performance.
Typically, such models are based on first principle physical relations and
require a small set of measurement data to validate the model’s accuracy
or estimate unknown parameters. Developing these models can often be a
time-consuming endeavour and requires modelling experts. However, large
parts of the developed models can be reused when similar or updated ver-
sions of the engine become available.

In contrast, data-driven methods rely solely on measurement data to
optimize the combustion process. These approaches range from simple
trail-and-error procedures to more systematic techniques such as design-of-
experiments (e.g., Motlagh et al. (2020); Xia et al. (2020); R. Willems et
al. (2021); Biswas et al. (2022); Moradi et al. (2022)). Data-based calibra-
tion techniques typically require a large amount of data; therefore, a long
experimental campaign on a test setup is required. The use of a specially
designed engine test cell is required for these campaigns. These facilities
are costly to operate and minimizing testing time is therefore required to
reduce overall development costs. Furthermore, when a new or updated
version of the engine becomes available, a new experimental campaign has
to be started to properly calibrate the new or updated engine.

There is a clear need for automated calibration methods that are able to
calibrate a combustion engine in a reasonable amount of time without the
intervention of calibration experts. This requires a method to efficiently
explore a wide operating region. Furthermore, a mechanism to monitor
and prevent unsafe behavior should be in place.
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1.3 Machine Learning Methods for Internal Com-

bustion Engines

Over the last years, the interest in applying machine learning and artificial
intelligence to real world systems has increased drastically. These methods
promise to improve and speed-up various control system development tasks
by smartly using data gathered from a system. These improvements also
hold for control development related to ICEs (Aliramezani et al., 2022).

The current state-of-the-art techniques mostly applied and validated for
systems operating in controlled lab environment. These methods lack the
required robustness garuantees to reliably operate in uncontrolled real-word
scenarios. Consequently, this thesis focusses on an RCCI engine operating
in a controlled lab environment.

Machine learning methods can be classified into three categories: (i) un-
supervised learning, (ii) supervised learning, and (iii) reinforcement learn-
ing. The categories all use data gathered from a system, but the way they
use the data is different. Unsupervised learning uses unlabelled input-
output data to find patterns in the dataset. Supervised learning uses
labelled input-output data to replicate the behaviour found within the
dataset. Reinforcement learning uses input-output data, but also data
related to the system’s performance. Based on this performance metric,
reinforcement learning tries to optimize the system’s performance.

Applying machine learning methods on real world systems impose sev-
eral challenges. These systems might exhibit unsafe or unwanted behaviour
during learning. These types of behaviour can arise when, for example, me-
chanical stress limits are exceeded or the mixture ignites too soon. There-
fore, mechanisms should be in place to monitor the risk of operating at
unsafe or unwanted operating points.

1.4 Research Challenges

Driven by the importance of reducing the emissions of greenhouse gas other
pollutions, this work aims to speed-up the development cycle of modern
advanced ICEs. In this thesis, the focus will be on automated and risk-
aware calibration of the combustion process. Several shortcomings present
in the scientific literature have been identified in Sections 1.1, 1.2 and 1.3.
This has resulted in several open challenges tackled by the thesis:
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Challenge 1 the calibration of modern advanced combustion methods, like
RCCI, using traditional methods requires tuning of many parameters and
is very time consuming and requires calibration experts;

Challenge 2 an automated calibration of the combustion process has to
gaurantee safe engine operation during calibration;

Challenge 3 the separation between fuel injection and combustion can
cause unwanted large cycle-to-cycle variations;

and

Challenge 4 the formulation of the calibration problem should be flexible
to support various engine types, applications and fuel combinations.

1.5 Contributions and Thesis Outline

This thesis describes an innovative, automated, data-driven calibration
method of the control system for ICEs. The method is designed to be
capable of handling cyclic variations. The primary objective of this work
is to provide a method that can calibrate an ICE without the interference
of a calibration engineer. This thesis is structured in several chapters, each
tackling one or two research contributions.

1.5.1 Data-driven Combustion Model with Cyclic Variation

Chapter 2 presents a Principle Component Decomposition (PCD) of the
in-cylinder pressure. This decomposition is the basis for the modelling and
calibration method presented in this thesis. Furthermore, a stochastic data-
based model is presented that predicts the in-cylinder pressure, including
cycle-to-cycle variations, for a wide operating range. This chapter can be
summarized in two research contributions:

Contribution 1 (C1) a decomposition of the in-cylinder pressure during
the compression and expansion stroke using principle component decompo-
sition;

and

Contribution 2 (C2) a stochastic data-based model to predict the in-
cylinder pressure during the compression and expansion stroke including
cycle-to-cycle under a wide range of operating conditions.
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1.5.2 Reformulation the Optimal Engine Control Problem

Chapter 3 presents a novel reformulation of the calibration objective. Tra-
ditionally, the gross indicated efficiency is maximized while constraining
in-cylinder pressure related measures. In this chapter, the calibration ob-
jective is reformulated into the comparisson between a measured in-cylinder
pressure and an Idealised Thermodynamic Cycle (ITC). The use of the PCD
of the in-cylinder pressure, proposed as C1, makes the optimization problem
more tractable. This leads to the following research contribution:

Contribution 3 (C3) a reformulation of the fuel efficiency based calibra-
tion objective using an idealised thermodynamic cycle as a reference and a
principle component decomposition of the in-cylinder pressure.

1.5.3 Auto-calibration Method for Optimal Engine Control

Chapter 4 presents a constrained Bayesian optimization procedure that is
able to perform the calibration of an steady-state engine operating point.
This chapter uses the model proposed as C2 to predict the objective function
of C3 and probability of constrained violation to select new measurement
locations the steer to optimization of the system. The method presented
in this chapter is able to perform the calibration without the need for a
calibration engineer. The contributions of this chapter are formulated as:

Contribution 4 (C4) a data-based risk-aware mechanism to explicitly deal
with combustion stability and mechanical safety limitations during calibra-
tion without prior engine knowledge;

and

Contribution 5 (C5) an automated data-based calibration procedure to op-
timize the combustion process without interference of a calibration engineer
and prior engine knowledge.

Figure 1.4 gives on overview of the connections between the contribu-
tions presented in this thesis. It also shows the related chapters in which
each contribution is presented.

Chapter 5 provides the concluding remarks of this thesis. It also high-
lights interesting directions for future research.
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Chapter 2

Data-based Combustion

Model with Cyclic Variation

Abstract – Cylinder pressure-based control is a key enabler for advanced
pre-mixed combustion concepts. Besides guaranteeing robust and safe oper-
ation, it allows for cylinder pressure and heat release shaping. This requires
fast control-oriented combustion models. Over the years, mean-value mod-
els have been proposed that can predict combustion metrics (e.g., Gross
Indicated Mean Effective Pressure (IMEPg), or the crank angle where 50%
of the total heat is released (CA50)) or models that predict the full in-
cylinder pressure. However, these models are not able to capture cycle-to-
cycle variations. The inclusion of the cycle-to-cycle variations is important
in the control design for combustion concepts, like Reactivity Controlled
Compression Ignition, that can suffer from large cycle-to-cycle variations.
In this study, the in-cylinder pressure and cycle-to-cycle variation are mod-
elled using a data-based approach. The in-cylinder conditions and fuel
settings are the inputs to the model. The model combines Principal Com-

This chapter presents the work originally published in:

Vlaswinkel, M., de Jager, B., & Willems, F. (2022). Data-based in-cylinder pressure
model including cyclic variations of an rcci engine. IFAC-PapersOnLine, 55 (24),
13-18. (10th IFAC Symposium on Advances in Automotive Control AAC 2022) doi:
https://doi.org/10.1016/j.ifacol.2022.10.255

Vlaswinkel, M., & Willems, F. (2024). Data-based in-cylinder pressure model with cyclic
variations for combustion control: An rcci engine application. Energies, 17 (8). doi:
https://doi.org/10.3390/en17081881
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ponent Decomposition and Gaussian Process Regression. A detailed study
is performed on the effects of the different hyperparameters and kernel
choices. The approach is applicable to any combustion concept, but is
most valuable for advance combustion concepts with large cycle-to-cycle
variation. The potential of the proposed approach is successfully demon-
strated for an Reactivity Controlled Compression Ignition engine running
on Diesel and E85. The average prediction error of the mean in-cylinder
pressure over a complete combustion cycle is 0.051 bar and of the corre-
sponding mean cycle-to-cycle variation is 0.24 bar2. This Principal Com-
ponent Decomposition-based approach is an important step towards in-
cylinder pressure shaping. The use of Gaussian Process Regression provides
important information on cycle-to-cycle variation and provides next-cycle
control information on safety and performance criteria.

2.1 Introduction

Concerns about global warming have resulted in dramatic reduction tar-
gets in CO2 emissions for on-road applications. This has boosted interest
in high-efficiency and low-carbon propulsion methods in the transportation
sector. This has led to a trend towards electrification for personal mobility,
but the go-to technology for heavy-duty applications has not yet been de-
cided. High-efficiency and clean internal combustion engines together with
sustainable fuels are expected to play a significant role in the future Leach
et al. (2020); Duarte Souza Alvarenga Santos et al. (2021); Benajes et al.
(2024). Advanced combustion concepts provide promising solutions to in-
crease thermal efficiency. Concepts like Homogeneous Charge Compression
Ignition, Partial Premixed Combustion and Reactivity Controlled Com-
pression Ignition (RCCI) have been proposed Dempsey et al. (2014). From
these concepts, RCCI provides high thermal efficiency and fuel flexibility as
well as controllability. RCCI uses a combination of a low- and high-reactive
fuel during combustion Kokjohn et al. (2011); Reitz & Duraisamy (2015).
By changing the ratio between low- and high-reactivity fuels and their in-
jection timing, it is possible to optimise combustion phasing, duration and
magnitude. However, continuous monitoring of the combustion process and
regulation of this ratio and timing is required to guarantee robust and safe
operation Li et al. (2017); Paykani et al. (2021).
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2.1.1 Control Challenges for Advanced Combustion Con-

cepts

The introduced advanced combustion concepts rely on controlled auto-
ignition of the in-cylinder mixture of air, residuals from previous com-
bustion and fuel. These concepts are sensitive for changes in operating
conditions, such as intake temperature and intake air mixture. This can
result in misfires as well as undesired large cyclic variations, which are asso-
ciated with unstable combustion. Also, mechanical limits for safe operation
can be violated. This can lead to engine damage.

Cylinder Pressure Based Control (CPBC) is a key concept for guar-
anteeing safe and stable operation of these advanced combustion concepts
Paykani et al. (2021). Typically, the measured in-cylinder pressure is used
in next-cycle combustion control strategies to minimise cyclic variations
in key combustion metrics. Several CPBC strategies have already been
proposed in the literature; an overview of applied combustion metrics and
control approaches can be found in F. Willems (2018). Traditionally, these
methods aim to realize the desired engine load and combustion phasing
by controlling Gross Indicated Mean Effective Pressure (IMEPg) and the
crank angle (CA) where 50% of the heat is released (CA50), respectively.
Combustion is considered to be stable in case the cyclic variance in IMEPg

is below 5%. For engine safety, peak pressure (max(p)) and peak pressure

rise-rate (max
(
dp
dθ

)
) are monitored.

2.1.2 Control-oriented combustion modelling

Models are becoming increasingly important in control development. Be-
sides their role as digital twin in simulations, they are used in control design,
they can assist in control calibration and they can be embedded in model-
based controllers. In this work, we focus on the development of Control-
Oriented Models (COMs) for controller design and calibration. To support
in-cylinder pressure shaping studies, the COM should describe the relevant
combustion characteristics, including the relation between the in-cylinder
mixture composition, intake manifold pressure and temperature, as model
inputs, and the full in-cylinder pressure curve. In case of advanced com-
bustion concepts, also a description of the cycle-to-cycle variations should
be available.

For the COMs, a distinction can be made between two types of models:
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• Physics-based models that use first-principle physical relations to
capture combustion behaviour;

• Data-based models that use black box modelling methods, where
measurements are used to create a mapping from input to output.

For combustion modelling, various models are found in the literature.

Physics-based combustion models

To model important combustion metrics, e.g., IMEPg or CA50, basic physics-
based models have been proposed Sadabadi et al. (2016); Guardiola et al.
(2018); Raut et al. (2018); Sui et al. (2018); Irdmousa et al. (2019); Kakoee
et al. (2020). These models provided a deterministic and dynamic view
of the relationship between actuation and combustion metrics without de-
termining the full in-cylinder pressure. To add new combustion metrics
these models should be extended with new descriptions to capture the be-
haviour of these new metrics. This can be time-consuming and reduces the
flexibility of these models during combustion control development.

To model the full in-cylinder pressure, more complex first-principle
models have been proposed. These include the multi-zone model of Bekdemir,
Cemil et al. Bekdemir, Cemil et al. (2015) or the fluid dynamic model of
Klos & Kokjohn Klos & Kokjohn (2015). The complexity of these models
result in computation times that exceed the combustion time. Therefore,
they are not suited as COMs. A reduction in computation time is achieved
by using static, data-driven, deterministic regression models to capture the
behaviour of important combustion metrics.

Data-based combustion models

Various data-based combustion modelling approaches have been introduced.
A Gaussian Process Regression (GPR) model to map in-cylinder conditions
to combustion metrics has been proposed by Xia et al. Xia et al. (2020). A
state-space model identified using data to model combustion phasing and
peak pressure rise-rate has been proposed by Basina et al. Basina et al.
(2020). In Verhaegh et al. Verhaegh et al. (2022), a Frequency Response
Function method was applied to determine cylinder-individual behaviour.
These models are made to only provide information on the modelled com-
bustion metrics. Therefore, the model has to be extended to include other
metrics.
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Capturing the full in-cylinder pressure using data, Principle Component
Decomposition (PCD) models have been proposed. These models consist
of a weighted sum of principal components, where the weights are modelled
using regression methods. Pan et al. Pan et al. (2019) use a determinis-
tic neural network to capture the behaviour of the weights. Alternatively,
Mishra & Subbarao Mishra & Subbarao (2021) propose a method using a
double Wiebe function to model the full in-cylinder pressure curve. The pa-
rameters of the double Wiebe function are determined using measurement
data. A random forest machine learning approach is applied to describe the
change in the mean behaviour and cycle-to-cycle behaviour of these param-
eters. However, determining these parameters from a measured in-cylinder
pressure curve can be difficult.

The use of the PCD of the in-cylinder pressure has already been pro-
posed in several control and detection methods. Henningsson et al. Hen-
ningsson et al. (2012) used this decomposition as input to a virtual emission
sensor. They were able to predict the air-to-fuel ratio and NOx emissions
quite accurately. Panzani et al. Panzani et al. (2017) and Panzani et al.
Panzani et al. (2019) proposed this decomposition for knock detection and
avoidance. They used the decomposition to derive a measure of proximity
to engine knocking.

2.1.3 Research Objective and Main Contributions

In this chapter, a data-based model is proposed to predict the in-cylinder
pressure profile from Input Valve Close (IVC) to Exhaust Valve Open
(EVO). The model uses a PCD of the in-cylinder pressure profiel and GPR
to predict both the mean and cycle-to-cycle variation on the in-cylinder
pressure. An extensive analysis is presented on the following aspects: 1)
the comparison of different kernels in the GPR approach with regards to
prediction quality of important combustion metrics; 2) understanding the
effects of modelling a correlated process as an uncorrelated Gaussian pro-
cess; 3) using a data set with a wide range of operating conditions to show
the effectiveness of the model.

This work is organised as follows. In Section 2.2, an overview is given
of the experimental setup and the data sets used. Section 2.3 describes
the data-based combustion model including cycle-to-cycle variation. A de-
tailed analysis of the effect on different hyperparameters is presented in
Section 2.4. The prediction quality of the combustion model is demon-
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strated and validated in Section 2.5.

2.2 Single Cylinder Engine Test Bench

In this section, we will give a description of the setup and the data sets
used. A discussion is provided on the chosen inputs to the model and how
these are determined.

2.2.1 System Description

In this study, a modified PACCAR MX13 engine is used as shown in Fig-
ure 2.1. Cylinders 2 to 6 have been removed and only cylinder 1 is op-
erational. To keep the engine running at a constant speed, the electric
motor of the engine dynamometer provides the required torque. The focus
is on RCCI combustion with a single injection of diesel to autoignite the
well-mixed charge of E85, air and recirculated exhaust gas. The injection
of diesel does not ignite the mixture itself, but the ignition is caused by
the increased temperature as a result of cylinder compression. Therefore,
there is a clear temporal separation between the ignition of diesel and com-
bustion. The Direct Injected (DI) of diesel is handled by a Delphi DFI21
injector connected to a common rail. The E85 Port Fuel Injected (PFI)
is handled by a Bosch EV14 injector fitted into the intake channel set at
5 bar. Both the DI and PFI fuel mass flows are measured using a Siemens
Sitrans FC Mass 2100 Coriolis mass flow meter coupled with Mass 6000 sig-
nal converters. Boosted intake air is supplied at 8 bar and the pressure and
temperature is regulated using a pressure regulator and an electric heater,
respectively. The Exhaust Gas Recirculation (EGR) fraction is regulated
by the EGR and back-pressure butterfly valves. The EGR flow is cooled
down to approximately room temperature by a cooled stream of process
water. The condensation tank collects the condensation form the EGR
flow and is drained regularly. The expansion and mixing tank are both
attached to a surge tank to dampen pressure fluctuations in the intake and
exhaust manifold as a result of single cylinder operation. The in-cylinder
pressure is sampled at 0.2◦ CA with a Kistler 6125C uncooled pressure
transducer and amplified with a Kistler 5011B. A Leine Linde RSI 503 en-
coder provides crank angle information at a 0.2◦ interval. A Bronkhorst
IN-FLOW F-106BI-AFD-02-V digital mass flow meter is used to measure
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the mass of the intake air flow. Pressures and temperatures located at dif-
ferent locations in the air-path are measured every combustion cycle using
a Gems Sensors & Controls 3500 Series pressure transmitter and Type-K
thermocouples, respectively. The concentration of CO2 in the intake and
exhaust flows are measured using an Horiba MEXA 7100 DEGR system.
Table 2.1 lists the main specifications of the engine setup.

p
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Figure 2.1: Schematic of the single cylinder PACCAR MX13 engine
equipped with Exhaust Gas Recirculation (EGR), Direct Injected (DI) and
Port Fuel Injected (PFI).

2.2.2 Data Set for Model Training and Validation

The model relates in-cylinder conditions, determined at intake valve closing,
to a resulting in-cylinder pressure. These conditions consist of a range of
parameters related to engine speed, cylinder wall temperature, and mixture
composition, pressure and temperature. Since the engine is running at
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Table 2.1: Main specifications of the engine setup

Parameters Value

PFI fuel E85
DI fuel Diesel (EN590)
Compression ratio 17.2
Intake valve closure −173◦CA aTDC
Exhaust valve opening 146◦CA aTDC
Engine speed 1200 rpm
Oil temperature 90 °C
Coolant temperature 87 °C

a single speed and at steady-state conditions the most relevant changes
throughout the data set are a result of differences in mixture composition,
pressure and temperature. These can be described using intake and fuelling
conditions. The chosen measurable parameters used to describe in-cylinder
conditions are:

• Total injected energy

Qtotal = mPFILHVPFI +mDILHVDI, (2.1)

where mPFI and mDI are the injected masses of PFI and DI fuels, and
LHVPFI and LHVDI are the lower heating values of the PFI and DI
fuels;

• Energy-based blend ratio

BR =
mPFILHVPFI

Qtotal
; (2.2)

• Start-of-injection of the directly injected fuel SOIDI;

• Pressure at the intake manifold pim;

• Temperature at the intake manifold Tim; and

• EGR ratio

XEGR =
CO2,in

CO2,out
(2.3)
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with CO2,in and CO2,out the concentration of CO2 as a fraction of the
volume flow at the intake and exhaust, respectively.

The variation in the in-cylinder conditions for the training data and
validation data is shown in Figure 2.2. Figure 2.2a shows the distribution
of each individual measure for the in-cylinder conditions. Figure 2.2b shows
the joint distribution of the measures used for the in-cylinder conditions.
The data set contains 95 different measurements consisting of ncyc = 50
consecutive cycles each. Both small and large cycle-to-cycle variations, and
non-firing behaviour are present within the data set. In this work, each
cycle is used and no averaging over the ncyc in-cylinder conditions and in-
cylinder pressure traces in a measurement is performed before analysis. The
data set is randomly divided into a training set of ntrain = 75 measurements
and a validation set of the remaining nval = 20 measurements.

2.3 Combustion Model

In this section, the data-based approach to model the in-cylinder pressure
is introduced. The approach combines Principle Component Decomposi-
tion (PCD) and Gaussian Process Regression (GPR). To describe the in-
cylinder pressure during the compression and power stroke, PCD is used to
minimise the amount of information required by separating the influence
of the in-cylinder conditions sICC and the crank angle θ into two different
mappings. GPR gives the possibility to model the in-cylinder pressure and
cycle-to-cycle variation at different in-cylinder conditions. The compression
and expansion effects are separated from the effects of the actual combus-
tion. The compression and expansion effects are modelled using adiabatic
compression and expansion, while the effects of the actual combustion are
modelled using the PCD/GPR method.

2.3.1 Principal Component Decomposition of the In-Cylinder

Pressure

The in-cylinder pressure p(θ, s∗ICC) at crank angle θ ∈ {−180◦, −180◦ +
∆CA, . . . , 180◦ − ∆CA, 180◦} with ∆CA the crank angle resolution is
decomposed as

p(θ, s∗ICC) = pmot(θ, s
∗
ICC) + w(s∗ICC)

Tf(θ), (2.4)
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Figure 2.2: Distribution of the in-cylinder conditions of the training (black)
and validation data (red)

where w(s∗ICC) is a vector of weights and f(θ) is the vector of principal
components. In these vectors, the ith element is related to the ith Principle
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Component (PC). The in-cylinder condition s∗ICC ∈ S∗ ⊂ S are in the set
S∗ containing all in-cylinder conditions present in the training set and the
set S spanning the modelled operation domain. It is assumed that the
in-cylinder pressure during the intake stroke is equal to pim.

The PCs are computed using the eigenvalue method. The ntrain ·ncyc in-
cylinder pressures p(θ, s∗ICC) contained in the training set are used. The vec-
tor Fi is the ith unit eigenvector of the matrix PPT where P ∈ R

nCA×ntrainncyc

with nCA the number of crank angle values. The elements in matrix P are
defined as

[P ]ab := p(θa, s
∗
ICC,b)− pmot(θa, s

∗
ICC,b), (2.5)

such that the ath row of P contains the values of the in-cylinder pressure
at the ath crank angle for all s∗ICC ∈ S∗ and the bth column of P contains
the full in-cylinder pressure at all θ ∈ {−180◦, −180◦ +∆CA, . . . , 180◦ −
∆CA, 180◦} for the bth s∗ICC. The ith PC is defined as

fi(θa) = [Fi]a. (2.6)

The weight related to the ith PC is given by

wi(s
∗
ICC) = P (s∗ICC)Fi, (2.7)

where [P (s∗ICC)]a = p(θa, s
∗
ICC)−pmot(θa, s

∗
ICC). The training set generates

a single set of PCs. These PCs are ordered by relevance, where i = 1 is the
most relevant PC. The determination of the PCs and the required number
of PCs will be done later in this study.

2.3.2 Gaussian Process Regression to Capture Effects of In-

Cylinder Conditions

GPR is used to estimate the behaviour of w(sICC) over the full operation
domain S. To include cycle-to-cycle variations, w(sICC) is described by a
stochastic process as

w(sICC) := N (ŵ(sICC), W (sICC)) (2.8)

with mean ŵ(sICC) := E[w(sICC)] and variance W (sICC) := E[(w(sICC) −
ŵ(sICC))(w(sICC)
− ŵ(sICC))

T]. During this study, the correlation between output variable
wi(sICC) and wj(sICC) ∀i, j ∈ {1, 2, . . . , nPC} with nPC the number of PCs
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will be neglected (i.e., ,W (sICC) is a diagonal matrix), since most literature
on GPR assumes the output variables to be uncorrelated. This might affect
the quality of the prediction of the cycle-to-cycle variation.

To improve the accuracy of prediction and the determination of hyper-
parameters, normalised in-cylinder conditions s̄ICC and weights w̄i(s

∗
ICC)

will be used. Scaling the in-cylinder condition uses the mean µ̄s∗
ICC

,j and
standard deviation σ̄s∗

ICC
,j of the jth in-cylinder condition variable over the

full training set S∗ as

s̄ICC,j =
sICC,j − µ̄s∗

ICC
,j

σ̄s∗
ICC

,j
. (2.9)

The scaling of the weights uses the mean µ̄w∗

ICC
,i and standard deviation

σ̄w∗

ICC
,i of the ith in-cylinder conditions variable over the full training set

S∗ as

w̄i(s
∗
ICC) =

wi(s
∗
ICC)− µ̄wi

σ̄wi

. (2.10)

Following Rasmussen & Williams (2005), the scaled expected value and
scaled covariance matrix without correlation can be computed as:

ˆ̄wi(s̄ICC) = K(s̄ICC, s̄
∗
ICC, ϕ) (K(s̄∗ICC, s̄

∗
ICC, ϕ) + φnI)

−1 w̄i(s̄
∗
ICC) (2.11)

and
W̄ii(s̄ICC) = K(s̄ICC, s̄ICC, ϕ)−K(s̄ICC, s̄

∗
ICC, ϕ)·

(K(s̄∗ICC, s̄
∗
ICC, ϕ) + φnI)

−1KT(s̄ICC, s̄
∗
ICC, ϕ),

(2.12)

where K(·, ·, ϕ) is the kernel and ϕ and φn are the kernel’s hyperparame-
ters. The selection of both elements will be discussed in the next section.

To optimise the set of hyperparameters ϕ and φn found in the ker-
nels, the marginal log-likelihood is maximised for each PC separately. The
marginal log-likelihood is often used in determining the hyperparameters
in GPR and does not depend on the kernel type. It is given by

ln (Prob(w̄i | s̄∗IVC, ϕ)) = −
1

2
w̄T

i K
−1
s̄∗
IVC

w̄i −
1

2
ln(det(Ks̄∗

IVC
))− nexpncyc

2
ln(2π),

(2.13)

where w̄i is a vector of the weights related to the ith PC at measured s̄∗IVC

in the training set and Ks̄∗
IVC

:= K(s̄∗IVC, s̄
∗
IVC, ϕ) + φnI.
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Finally, the scaled expected value and scaled covariance matrix are
descaled to complete the description of (2.8). The descaled expect value is
given by

ŵi(s̄ICC) = ˆ̄wi(s̄ICC)σ̄wi
+ µ̄wi

(2.14)

and the descaled covariance matrix is given by

Wii(s̄ICC) = W̄ii(s̄ICC)σ̄wi
. (2.15)

2.3.3 Reconstructing the In-Cylinder Pressure with Cycle-

to-Cycle Variation

The PCs f(θ) (Section 2.3.1) and the estimate behaviour of w(sICC) (Sec-
tion 2.3.2) can be combined to reconstruct a predicted in-cylinder pressure
p(θ, sICC). Using (2.4), the mean and variance of the in-cylinder pressure
can be described by

p̂(θ, sICC) = E [p(θ, sICC)] = ŵT(sICC)f(θ) + fmot(θ, sICC) (2.16)

and

σ̂2
p(θ, sICC) = E

[
(p(θ, sICC)− E[p(θ, sICC)])

2
]

= fT(θ)W (sICC)f(θ),
(2.17)

respectively.

2.4 Combustion Model Identification

The PCD and GPR require the selection of the number of PCs as well as the
kernel type and hyperparameters. The training set is used to determine the
PCs and values for the hyperparameters, while the validation set is used to
determine the required amount of PCs nPC and the best performing kernel
type. For this selection, an assessment is made on the prediction accuracy
of combustion metrics that are relevant for control Eriksson & Thomasson
(2017). To this end, the Mean Absolute Error (MAE) is analysed, which is
defined as

MAE(z) :=
1

nvalncyc

nvalncyc∑

k=1

|zk,meas − zk,model| , (2.18)
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where nval is the number of validation measurements, and zmeas and zmodel

are the combustion metrics resulting from the measured in-cylinder pressure
or modelled in-cylinder pressure, respectively. The following combustion
metrics are studied:

• gross Indicated Mean Effective Pressure

IMEPg =
1

Vd

∫ θ=180◦

θ=−180◦
p(θ) dV (θ) (2.19)

with displacement volume Vd;

• peak pressure max(p(θ));

• peak pressure rise-rate max
(
dp
dθ

)
;

• crank angle where 50% of the total heat is released

CA50 =

{
θ

∣∣∣∣
Q(θ)

max (Q(θ))
= 0.5

}
(2.20)

with the heat release Wilhelmsson et al. (2006)

Q(θ) =
1

κ− 1
p(θ)V (θ) +

∫ α=θ

α=−180◦
p(α)

dV

dα
dα− 1

κ− 1
p(−180◦)V (−180◦);

(2.21)

• burn duration CA75 − CA25 with CA75 and CA25 computed in a
similar fashion as CA50;

• and burn ratio

Rb =
CA75− CA50

CA50− CA10
. (2.22)

2.4.1 Selection of Principal Components

The first hyperparameter is the number of PCs nPC. The GPR formulation
proposed in Section 2.3.2 is not used in this part of the discussion. Fig-
ure 2.3 shows the four most relevant PCs derived from the training data,
as discussed in Section 2.3.1. This figure illustrates that adding more PCs
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Figure 2.3: Four most relevant Principle Components (PCs) resulting from
the used training data
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Figure 2.4: Prediction error of combustion metrics for the validation data
set using different numbers of Principal Components nPC. The box plot
shows the minimum, maximum, median, first and third quartile, while the
crosses show outliers.
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Figure 2.4 (Cont.): Prediction error of combustion metrics for the validation
data set using different numbers of Principal Components nPC. The box
plot shows the minimum, maximum, median, first and third quartile, while
the crosses show outliers.

will add more higher frequency components to the in-cylinder pressure. Fig-
ure 2.4 shows the absolute error in the corresponding combustion metrics
by comparing measurements and model results. The modelled, decomposed
in-cylinder pressure is based on an increasing number of PCs using (2.6) to
compute the required weights. Each measured cycle in the validation set is
analysed separately. The figure indicates the minimum, maximum, median,
first and third quartile, while the crosses show outliers. It can be seen that
the largest gain in improvement is made at lower numbers of PCs. From
the used training and validation sets, it is concluded that having more than
eight PCs gives a negligible improvement. Therefore, nPC = 8 is used in
this study.

2.4.2 Selection of Kernel

Another important aspect in the quality of the model lies in the chosen
kernel. It describes the correlation between all measured w(s∗ICC) and to be
predicted mean ŵ(sICC) and variance W (sICC). The kernel types compared
in this study rely on the distance measure

r(s̄ICC, s̄
′
ICC) :=

√
(s̄ICC − s̄′ICC)

TΦ−2
l (s̄ICC − s̄′ICC), (2.23)
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where s̄ICC and s̄′ICC are scaled in-cylinder conditions. Each element of the
kernel is computed individually. The elements of the kernels used in this
work are:

• Square Exponential (SE):

kSE(s̄ICC, s̄
′
ICC) := φ2

f exp
(
1
2r(s̄ICC, s̄

′
ICC)

2
)

(2.24)

with the set of hyperparameters ϕ = {φf, Φl};

• Matérn with ν = 3
2 :

kMatérn(s̄ICC, s̄
′
ICC) := φ2

f

(
1 +
√
3r(s̄ICC, s̄

′
ICC)

)
×

exp
(
−
√
3r(s̄ICC, s̄

′
ICC)

) (2.25)

with the set of hyperparameters ϕ = {φf, Φl};

• Matérn with ν = 5
2 :

kMatérn(s̄ICC, s̄
′
ICC) := φ2

f

(
1 +
√
5r(s̄ICC, s̄

′
ICC) +

5r(s̄ICC, s̄
′
ICC)

2
)
exp

(
−
√
5r(s̄ICC, s̄

′
ICC)

) (2.26)

with the set of hyperparameters ϕ = {φf, Φl};

• Rational Quadratic (RQ):

kRQ(s̄ICC, s̄
′
ICC) := φf

(
1

2φα
r(s̄ICC, s̄

′
ICC)

2
)φα

(2.27)

with the set of hyperparameters ϕ = {φf, φα, Φl}.

For each kernel, a distinction is made between with and without Automatic
Relevance Determination (ARD). In the case where ARD is not used, the
hyper-parameter Φl reduces to a scalar. In the case where ARD is used, the
hyper-parameter Φl is a diagonal matrix with unique elements on the di-
agonal. The hyper-parameters are determined by maximising the marginal
log-likelihood, as described in (2.13) using the training set.

For the studied combustion metrics, Tables 2.2 and 2.3 show the mean
absolute error in the mean behaviour and in the standard deviation, re-
spectively. For each combustion metric, the best result is in bold. In some
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cases, the difference between the best and second best option is negligible.
The Matérn kernel with ν = 3

2 gives the best result for the most combustion
metrics in both mean behaviour and standard deviation for the data sets
used. The resulting MAE of the mean-value behaviour shows a compara-
ble or improved modelling error as found in the literature, as illustrated in
Table 2.4. Although the model accuracy of this work seems to be similar,
the results have to be handled with care. It is difficult to give a fair com-
parison, since most studies only give absolute errors and are unclear on the
operating conditions.
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Table 2.2: Mean absolute error in the mean behaviour of key combustion metrics for the validation set using
different kernels with nPC = 8. The best result for each combustion metric is in bold.

without ARD with ARD

SE Matérn Matérn RQ SE Matérn Matérn RQ
ν = 3

2 ν = 5
2 ν = 3

2 ν = 5
2

IMEPg [bar] 0.2255 0.2061 0.2088 0.2330 0.4161 0.2489 0.3006 0.2769
max(p(θ)) [bar] 2.4564 1.6567 1.8007 1.9383 2.5273 1.6653 2.0811 2.1632

max
(
dp
dθ

)
[bar/CAD] 0.8269 0.7880 0.7962 0.7896 0.7546 0.7515 0.7987 0.7724

CA50 [CAD] 0.6121 0.5499 0.5591 0.5489 0.9507 0.5580 0.5258 0.5323
CA75 - CA25 [CAD] 0.7178 0.6795 0.6884 0.6570 0.9371 0.5712 0.6364 0.5554
Rb [-] 0.1456 0.1407 0.1403 0.1325 0.2616 0.1239 0.1669 0.1284
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Table 2.3: Mean absolute error in the standard deviation of key combustion metrics for the validation set
using different kernels with nPC = 8. The best result for each combustion metric is in bold.

without ARD with ARD

SE Matérn Matérn RQ SE Matérn Matérn RQ
ν = 3

2 ν = 5
2 ν = 3

2 ν = 5
2

IMEPg [bar] 0.4775 0.3280 0.3770 0.3685 0.4960 0.4426 0.4113 0.4210
max(p(θ)) [bar] 1.6716 0.9952 1.2239 1.1792 1.7561 1.4948 1.3761 1.4194

max
(
dp
dθ

)
[bar/CAD] 0.1177 0.1183 0.1152 0.1116 0.1288 0.1461 0.1571 0.1466

CA50 [CAD] 0.2806 0.2261 0.2379 0.2448 0.2664 0.2276 0.2533 0.2329
CA75 - CA25 [CAD] 0.6130 0.5248 0.5424 0.5327 0.5144 0.4510 0.4930 0.4740
Rb [-] 0.1340 0.1296 0.1340 0.1355 0.2616 0.1393 0.1518 0.1584
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Table 2.4: Comparison of the mean behaviour MAE of key combustion metrics between this work and the
literature Sadabadi et al. (2016); Guardiola et al. (2018); Raut et al. (2018); Klos & Kokjohn (2015); Basina
et al. (2020); Mishra & Subbarao (2021). The best result for each metric is in bold.

This work Sadabadi et al. (2016) Guardiola et al. (2018) Raut et al. (2018)

IMEPg [bar] 0.21 - - 0.43
max(p(θ)) [bar] 1.66 - - -

max
(
dp
dθ

)
[bar/CAD] 0.79 - - -

CA50 [CAD] 0.6 0.3 0.36 1.0
CA75 - CA25 [CAD] 0.7 0.2 - -
Rb [-] 0.14 - - -

Klos & Kokjohn (2015) Basina et al. (2020) Mishra & Subbarao (2021)

IMEPg [bar] 0.22 0.033 0.008
max(p(θ)) [bar] - - 0.20

max
(
dp
dθ

)
[bar/CAD] 6.4 0.015 0.71

CA50 [CAD] 0.22 0.7 0.2
CA75 - CA25 [CAD] 2.4 - -
Rb [-] - - -
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2.5 Validation of the Prediction Quality of the

Combustion Model

The main goal of this work is to predict the in-cylinder pressure and cycle-
to-cycle variation. In this section, the outcome of the model is compared to
measurements using the validation data set. The hyperparameters shown
in Table 2.5 are used. These choices for hyperparameters give the overall
best prediction for the used data set, as discussed in Section 2.4.

2.5.1 Overall prediction quality

First, the overall quality of the prediction is assessed. To evaluate the
quality of the predicted in-cylinder pressure over a complete combustion
cycle, the following measure is used for the mean behaviour:

ep(sICC) =
1

nCA

nCA∑

i=1

(p̂(θi, sICC)− p(θi, sICC)) (2.28)

and for cycle-to-cycle variation:

eσp(sICC) =
1

nCA

nCA∑

i=1

(σ̂p(θi, sICC)− σp(θi, sICC)) . (2.29)

To assess the prediction quality of the combustion metrics, the observed
average, minimum and maximum relative difference between the predicted
and measured combustion metrics are determined for the mean behaviour
and cycle-to-cycle variation. In all metrics, a positive value is related to
predicting higher values compared to the measured values.

The results are summarised in Table 2.7. For the validation set, the
data-based combustion model is capable to accurately predict the mean
in-cylinder pressure curve: absolute errors are smaller than 0.59 bar. The
variance error is also small. Furthermore, this table shows that, except

for max
(
dp
dθ

)
, the mean behaviours have a good prediction quality (with a

mean relative error up to −3.9%). According to the minimum and maxi-
mum relative difference, both over and under prediction are observed. Only

the mean behaviour of max
(
dp
dθ

)
shows a bad prediction quality and the

model always under predicts these values. This is expected, since peak
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pressure rise rates are difficult to predict, see also Figure 2.4. The predic-
tion quality of the cycle-to-cycle variations can be improved, since most of
the time the amount of cycle-to-cycle variation is over predicted. Again,

the worst performance is observed in max
(
dp
dθ

)
.

Table 2.5: Selected hyperparameters and kernel used during the validation
in Section 2.5

Parameter Value

ntrain 75
ncyc 50
nPC 8
Kernel Matérn with ν = 3

2

Table 2.6: Nominal operating conditions of the simulated model for the re-
sults shown in Figures 2.5 and 2.6. For reference, the ranges in experiments
are indicated.

Simulated Measured

Qtot [kJ] 2.3 2.2 to 2.4
BR [-] 0.8 0.75 to 0.85
SOIDI [CADaTDC] 40 40
pim [bar] 1.55 1.45 to 1.65
Tim [°C] 45 40 to 50
XEGR [-] 0.2 0.1 to 0.3

2.5.2 Variation in Start-of-Injection Directly Injected Fuel

Figure 2.5 shows the modelled mean-value and cycle-to-cycle variation of
important combustion parameters over a range of SOIDI and the nominal
conditions shown in Table 2.6. The results are in-line with the results shown
in Table 2.7. Except for the peak-pressure rise rate, the mean-value of the
model is similar to that of the measurements. The modelled trend of the
peak-pressure rise rate seems to correspond the the measured values. The
standard deviation of the model only matches with max(p(θ)). The trend



35 Chapter 2. Data-based Combustion Model with Cyclic Variation

Table 2.7: Prediction quality of the full in-cylinder pressure (absolute error)
and of the related combustion metrics (relative error) for the validation set.

Mean behaviour Cycle-to-cycle variation

Mean Minimum Maximum Mean Minimum Maximum

ep [bar] 0.051 −0.40 0.59
eσp [bar2] 0.24 0.10 0.56

IMEPg 2.3% −15.9% 31.3% 65.6% 7.4% 89.0%
CA50 −3.9% −39.5% 17.9% 21.5% −40.3% 54.7%
CA75− CA25 −0.5% −24.7% 12.4% 56.0% 37.5% 68.5%
Rb −1.2% −21.6% 16.6% 57.0% 18.8% 79.1%
max(p(θ)) 0.4% −5.9% 4.7% 37.0% −3.4% 84.5%

max
(
dp
dθ

)
−22.7% −48.1% −7.2% −85.1% −252.6% 39.5%

of the standard deviation of the model of max
(
dp
dθ

)
and Rb seems correct,

but it is either too high or too low. The standard deviation of the model
does not match the measurements for the IMEPg, CA50 and CA75−CA25.

2.5.3 Variation in Intake Manifold Temperature

Figure 2.6 shows the modelled mean-value and cycle-to-cycle variation of
important combustion parameters over a range of Tim and the nominal
conditions shown in Table 2.6. Again, the results are in-line with the results
shown in Table 2.7. Similarly to the sweep of SOIDI, the mean-value of
the model is similar to that of the measurements except for the peak-
pressure rise rate. The modelled trend of the peak-pressure rise rate seems
to correspond the the measured values. The standard deviation of the
model only matches with max(p(θ)) and CA50. The trend of the standard
deviation of the model of CA75 − CA25 seems correct, but it is too high.
The standard deviation of the model does not match the measurements for
the IMEPg, max

(
dp
dθ

)
and Rb.
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Figure 2.5: Average and cycle-to-cycle variation of important combustion
metrics (black) and the measured distribution (red) for different values of
SOIDI and the nominal conditions shown in Table 2.6 using the hyperpa-
rameters as shown in Table 2.5.
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Figure 2.5 (Cont.): Average and cycle-to-cycle variation of important com-
bustion metrics (black) and the measured distribution (red) for different
values of SOIDI and the nominal conditions shown in Table 2.6 using the
hyperparameters as shown in Table 2.5.

2.5.4 Discussion on the GPR modelling of cycle-to-cycle

variation

In both sweeps, the predicted standard deviations do not always match
the measurements. In (2.8), wi(sIVC) and wj(sIVC) ∀i, j ∈ {1, 2, . . . , nPC}
are assumed to be independent to align with the available GPR literature;
however, this independence is not necessarily the case. To evaluate the
correlation between weights at a fixed sICC, the Pearson correlation matrix
R is used. This is given by:

[R(sICC)]ab =
∑ncyc

k=1 (wa,k(sICC)−µ̃wa (sICC))(wb,k(sICC)−µ̃wb
(sICC))

σ̃wa (sICC)σ̃wb
(sICC)

, (2.30)

where µ̃wi
(sICC) and σ̃wi

(sICC) are the mean and standard deviation of the
measured weights at sICC, respectively. The values of R range from -1 to
1. When an element of R is zero, there is no correlation between the two
variables. However, when an element is -1 or 1 there is full correlation
between the two variables. The determinant of the R can be used as a
measure for the amount of correlation, where det(R) ranges from 0 to 1. If
det(R) = 1 all variables are fully uncorrelated. However, if det(R) = 0 at
least two variables are fully correlated.
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Figure 2.6: Average and cycle-to-cycle variation of important combustion
metrics (black) and the measured distribution (red) for different values of
Tim and the nominal conditions shown in Table 2.6 using the hyperparam-
eters as shown in Table 2.5.
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Figure 2.6 (Cont.): Average and cycle-to-cycle variation of important com-
bustion metrics (black) and the measured distribution (red) for different
values of Tim and the nominal conditions shown in Table 2.6 using the hy-
perparameters as shown in Table 2.5.

Figure 2.7 shows the distribution of the weights for 50 consecutive cycles
of the first five PCs running at a constant s∗ICC ∈ S∗ with the least amount
of coupling according to the determinant of the Pearson correlation matrix.
In Figure 2.7, the weights have been scaled as

w̃i(sICC) =
wi(sICC)− µ̃wi

(sICC)

σ̃wi
(sICC)

(2.31)

to emphasise the coupling. The corresponding symmetric Pearson correla-
tion matrix is given by

R =




1 0.6762 −0.3265 −0.2830 0.0240
1 −0.5037 0.0088 0.2896

1 0.1368 −0.3906
1 −0.2157

1




(2.32)

with det(R) = 0.23. This shows that the distribution between some of
the weights are significantly correlated, as is also illustrated in Figure 2.7.
Therefore, it is no surprise that the quality of the prediction of the cycle-
to-cycle variation deviates from the proposed model. This emphasises the
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importance of developing GPR methods that include the correlation be-
tween the outputs.

2.6 Conclusions

In this study, a data-based model for the in-cylinder pressure and the cor-
responding cycle-to-cycle variations is proposed. This model combines a
PCD of the in-cylinder pressure and GPR to map in-cylinder conditions
and account for cyclic variations.

The proposed data-based modelling approach is successfully applied
to an experimental RCCI engine set-up. The assumption that the model
can be split in a general principal component part and operating condition
dependent weights is confirmed. A detailed analysis of the hyperparameters
for the PCD and GPR has been performed. It was found that, for the used
data set, more than eight PCs do not further improve the accuracy of the
decomposition based on important combustion metrics. For the GPR, the
Matérn kernel with ν = 3

2 and without ARD gives the best results. The
average prediction error of the mean in-cylinder pressure over a complete
combustion cycle is 0.051 bar and the corresponding mean cycle-to-cycle
variation is 0.24 bar2. The prediction quality of the mean behaviour of
the evaluated combustion metrics has an relative inaccuracy ranging from
−3.9% to 2.3%. The prediction error of the cycle-to-cycle variation of the
evaluated combustion metrics ranges from 21.5% to 65.5%. The peak-
pressure rise-rate is traditionally hard to predict; in the proposed model it
has an inaccuracy of −22.7% in mean behaviour and −85.1% in cycle-to-
cycle variation.

In the presented approach, the correlation between wi(sIVC) and wj(sIVC)
has been neglected for ease of implementation. To improve the accuracy
of the cycle-to-cycle variations, this correlation should be added. However,
there are very few approaches that extend the GPR framework to including
correlation between model outputs known in literature.

In conclusion, the mean-value performance of our model is comparable
or shows improvements compared to models found in literature. This shows
that, even when neglecting correlation, the model performs well. It can be
used in model-based optimisation approaches that take into account cycle-
to-cycle variations and safety criteria as will be discussed in the remainder
of this thesis. When combined with the PCD-based emission model of
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Figure 2.7: Distribution of the weights for ncyc = 50 cycles for the first five
PCs for a constant s∗ICC ∈ S∗ with the least amount of coupling according
to the Pearson correlation matrix.
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Henningsson et al. Henningsson et al. (2012), the model provides a base for
optimisation approaches with emission constraints.



Chapter 3

Idealized Thermodynamic

Cycle as Calibration

Objective

Abstract – To meet increasingly strict future greenhouse gas and pollu-
tant emission targets, development time and costs of heavy-duty internal
combustion engines will reach unacceptable levels. This is mainly due to in-
creased system complexity and need to guarantee robust performance under
a wide range of real-world conditions. Cylinder Pressure Based Control is a
major contributor to achieve these goals in advanced, highly-efficient engine
concepts. Current Cylinder Pressure Based Control approaches use com-
bustion and air-path parameters as feedback signals. These signals are not
directly linked to engine efficiency; therefore, compensation for changing
ambient conditions, engine ageing or differences in fuel qualities is a non-
trivial problem. Contrary to other methods, the method presented in this
paper aims to realise an idealised thermodynamic cycle by directly control
of the entire cylinder pressure curve. From measured in-cylinder pressure,
a new set of feedback signals is derived using principle component decom-

This chapter presents the work originally published in:

Vlaswinkel, M., & Willems, F. (2023). Cylinder pressure feedback control for ideal
thermodynamic cycle tracking: Towards self-learning engines. IFAC-PapersOnLine,
56 (2), 8260-8265. (22nd IFAC World Congress) doi: https://doi.org/10.1016/

j.ifacol.2023.10.1011
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position. With these signals, optimal fuel path settings are determined.
The potential of this method is demonstrated for a dual fuel Reactivity
Controlled Compression Ignition (RCCI) engine, which combines very high
efficiency and ultra low nitrogen oxides and particle matter emission. For
the studied RCCI engine, it is shown that the newly proposed optimisation
method gave the same optimal fuel path settings as existing methods. This
is an important step towards self-learning engines.

3.1 Introduction

The transportation sector is a large contributor to the emission of green-
house gasses and air pollutants (Jaramillo et al., 2022). Moving to a fully
electrified heavy-duty transportation sector is, at the moment, not realistic
for heavy transport with trucks or ships or for heavy mining and construc-
tion machinery. Both the technology and the required infrastructure is not
matured enough to facilitate this move. Therefore, the Internal Combustion
Engine (ICE) will remain the main power source for heavy-duty applica-
tions in the upcoming decades. This requires ICEs to become cleaner, more
efficient and is able to run on renewable fuels.

Effort has been made to adopt more advanced, low temperature com-
bustion techniques (e.g. Homogenious Charge Compression Ignition, Par-
tial Premixed Combustion and Reactivity Controlled Compression Ignition
(RCCI)) (Agarwal et al., 2017). While they promise high efficiency and
low emissions, these results are only obtained in a controlled lab environ-
ment. Operation under a wide range of real-world conditions is one of the
main challenges to get these type of ICEs production ready (Paykani et
al., 2021). This entails making them more robust towards ageing, changing
ambient conditions and difference in fuel quality. Furthermore, guarantees
have to be in place, such that the combustion process is stable, as efficient
as possible, and respects emission and mechanical safety constraints.

Cylinder Pressure Based Control (CPBC) is an important enabler for
advanced, low temperature combustion techniques. It promises to improve
combustion robustness, and enable safe and stable operation. With CPBC,
the in-cylinder pressure is measured and used to determine appropriate
control actions for the next combustion cycle (F. Willems, 2018). However,
in current approaches the combustion process is indirectly controlled by
predetermined setpoints of combustion and air-path characteristics (e.g.,
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Irdmousa et al. (2021); Verhaegh et al. (2022)). These setpoints are, again,
determined in a controlled lab environment. With these current approaches,
robust performance can be guaranteed; however, it is impossible to give
efficiency, emission and safety guarantees.

Efficiency, emission and safety guarantees are required, since Low Tem-
perature Combustion (LTC) ICEs are sensitive to changing ambient condi-
tions, ageing and differences in fuel quality. This can result in suboptimal
efficiency or situations where emission or safety constraints are violated. To
perform a lab calibration of all these different situations is not possible; it
is too expensive and will require unacceptable development and test times.
Therefore, self-learning techniques are required that automatically adapt
control settings based on observed (suboptimal) behaviour and compen-
sate for these unwanted effects in an online fashion (F. Willems, 2017). A
few examples are found in the literature. Hinkelbein et al. (2012) present
an Iterative Learning Control based method to directly compare a mea-
sure in-cylinder pressure to a predefined reference in-cylinder pressure of
an RCCI engine. However, no direct link to combustion efficiency can be
made. van der Weijst et al. (2019) developed a combined fuel and air-path
constrained extremum seeking control to optimise the brake specific fuel
consumption of a heavy-duty Diesel engine. Guardiola et al. (2017) and
Jorques Moreno et al. (2022) use heat release analysis to online optimisa-
tion of the indicated specific fuel consumption and indicate efficiency of a
Diesel engine. However, non of these methods is able to control a complete
in-cylinder pressure and only track specific combustion characteristics.

In this chapter, a novel energy-based CPBC approach applied to an
RCCI engine will be presented. Efficiency and safety consideration are
directly linked to the in-cylinder pressure in a way that is applicable to a
large range of control methods. Pan et al. (2019) used Principle Component
Decomposition (PCD) to model the mean in-cylinder pressures, and Chung
et al. (2017) used PCD as an in-cylinder pressure noise filter. In Chapter 2,
a PCD of the in-cylinder pressure was used to predict the mean and cycle-
to-cycle variation of the in-cylinder pressure profile. In this chapter, PCD
is used to formulate a new feedback control approach. The Otto cycle, an
Idealised Thermodynamic Cycle (ITC), is used as a reference. It will be
shown that this new metric directly links to the efficiency of the combustion
process and safety constraints. This chapter will not go into the robustness
problem, but it is believed that the approaches mentioned before can be
adapted to use the proposed metric.



3.2. Control Problem 46

E85 tank

Figure 3.1: Experimental six cylinder PACCAR MX13 engine equipped
with a PFI-injector (R. Willems et al., 2021)

The structure of this chapter is as follows. First, the general control
problem is described and a brief overview is given of the state-of-the-art
control method. Thereafter, a novel energy based control method is pre-
sented followed by some simulation results.

3.2 Control Problem

In the following study an RCCI engine running on Diesel and E85 will be
used. Fig. 3.1 shows the used six cylinder PACCAR MX13 engine available
in the Zero-Emission Lab of the Eindhoven University of Technology. Only
cylinder 1 is active. The cylinder heads of cylinders 2-6 have been removed
and no fuel is injected into these cylinders. The cylinder pressure of cylinder
1 is measured using a Kistler 6125C. To enable RCCI operation, the engine
uses a direct injection system to inject diesel directly into the cylinder and
a port fuel injection system to inject E85 in the intake port. An electric
machine is used to generate the torque required to keep the engine running
at a constant speed.

A general ICE control scheme for the fuel and air-path is shown in
the gray area of Fig. 3.2. The main goal of this engine controller is to
realise the requested power with maximal thermal efficiency, while meeting
tailpipe emission limits and guarantying safe operation. In this chapter, the
focus is on the fuel-path controller. Three controlled inputs are available
in the studied engine. To control the requested power, the total injected
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Combustion
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Air-path
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Efficiency
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Figure 3.2: General engine control scheme with reference generator and
separate air and fuel-path controllers, where sim and sem are the conditions
at the intake and exhaust manifold, uair and ufuel are the inputs to the air
and fuel path actuators and p(θ) is the measured in-cylinder pressure.
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fuel energy is mainly applied:

Qfuel = mPFILHVPFI +mDILHVDI, (3.1)

where mPFI and mDI are the mass of Port Fuel Injected (PFI) and Direct
Injected (DI) fuels and LHVPFI and LHVDI the lower heating value of these
fuels, respectively. Second, the energy based Blend Ratio (BR)

BR :=
mPFILHVPFI

Qfuel
(3.2)

is used to control the in-cylinder fuel reactivity. Third, the start-of-injection
of the directly injected fuel SOIDI affects combustion phasing.

To evaluate thermal efficiency, in this work we focus on the gross indi-
cated efficiency

GIE(ufuel, sim) :=
1

Q

∫

Θ
p(θ, ufuel, sim) dV (θ), (3.3)

with cylinder pressure p(θ, u), cylinder volume V (θ) and crank angle Θ =
[−180CAD, 180CAD] with focus on the high pressure part of the four
stroke engine cycle. To limit mechanical stresses and combustion noise,
peak pressure and peak pressure rise rate are constrained by, respectively:

pmax := max
θ

p(θ) (3.4)

and (
dp

dθ

)

max

:= max
θ

(
dp

dθ

)
(3.5)

Using (3.3) to (3.5), the optimisation problem during engine calibration
can be formulated as

u∗ = argmax
u∈U

GIE(u)

s.t. pmax < pmax,ub(
dp

dθ

)

max

<

(
dp

dθ

)

max,ub

,

(3.6)

where u ∈ U is the inputs to the system and U the input domain, and

pmax,ub and
(
dp
dθ

)
max,ub

the allowed upper bound of the peak pressure and

peak pressure rise rate.



49 Chapter 3. Idealized Thermodynamic Cycle as Calibration Objective

3.3 State-of-the-Art Cylinder Pressure Based Con-

trol

A common way to define the feedback control problem is to use the feedback
error as e = x − xref, where x and xref are vectors consisting of measured
and references of combustion related parameters, respectively (F. Willems,
2018). For combustion control, traditionally, the metrics in x show good
correlations with the high level objectives z, such as thermal efficiency and
emissions. These metrics are often based on a measured in-cylinder pressure
signal. Examples of such high level objectives and related metrics are given
in Table 3.1.

Besides the peak pressure and peak pressure rise rate in (3.4) and (3.5),
the net indicated mean effective pressure, which is a measure for the power
output, is often determined:

IMEPn := IMEPg(u)− PMEP (3.7)

with gross indicated mean effective pressure:

IMEPg(ufuel, sim) :=
1

Vd

∫

Θ
p(θ, ufuel, sim) dV (θ), (3.8)

and with pumping mean effective pressure:

PMEP :=
1

Vd

(∫
−180CAD

−360CAD
p(θ) dV (θ)+

∫ 360CAD

180CAD
p(θ) dV (θ)

)
(3.9)

where Vd is the displacement volume.
Moreover, the apparent rate of heat release can be derived from the

in-cylinder pressure as

aROHR(θ) :=
γ(θ)

γ(θ)− 1
p(θ)

dV

dθ
+

1

γ(θ)− 1
V (θ)

dp

dθ
, (3.10)

where γ(θ) is the temperature and composition dependent specific heat
ratio. Using (3.10), the cumulative heat release is found by

HR(θ) :=

∫ θ

−180CAD
aROHR(θ) dθ. (3.11)

This heat release is used to compute combustion phasing metrics: e.g.,
start of combustion (SOC), crank angle at 50% of heat released (CA50)
and combustion duration (CA90-CA10).
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Figure 3.3: Schematic of the proposed fuel-path control architecture with
Principle Component Decomposition (PCD) and an Idealised Thermody-
namic Cycle (ITC) to regulate the combustion nucleus, where the colour
scheme corresponds with Fig. 3.2

The reference vector xref is typically determined offline by calibration
experts who tries to solve (3.6) over the full operating range. The found
reference vectors xref are stored into a fixed map. As a result, efficiency and
emissions are controlled indirectly by controlling x. This approach requires
the correlation z(x) to be known and assumes that the effect of changes in
these correlations on control performance are negligible.

3.4 Self-learning Fuel Path Control

In this section, a novel feedback method is presented that uses an energy
based approach to control the fuel parameters. A schematic overview of
the control architecture is shown in Fig. 3.3. It uses a PCD of the pressure
trace, which is as often used to filter out measurement noise (Chung et
al., 2017) and create data-based cylinder pressure models (Pan et al., 2019;
Vlaswinkel et al., 2022). This decomposition reduces the dimensions of
the pressure trace to nPC ∈ N>0 values, where nPC is the number of used
Principle Components (PCs). It will be shown that this decomposition
can be used to formulate an energy based cost function using a measure
cylinder pressure and idealised thermodynamic cycle.
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3.4.1 Principle Component Decomposition of In-cylinder Pres-

sure

The decomposition of the pressure trace in PCs is done using PCD. The
measured cylinder pressure is decomposed as

p(θ, ufuel, sim) = w(ufuel, sim)
Tf(θ) + fµ(θ) + ϵ(θ), (3.12)

where w(ufuel, sim) ∈ R
nPC is a vector of weights, f(θ) ∈ R

nPC is the
vector of PCs, fµ(θ) ∈ R is the average observed cylinder pressure over the
whole operating range and ϵ(θ) ∈ R is the residual between measured and
modelled cylinder pressure.

To determine the PCs, ne ∈ N>0 experiments at different fuel and intake
manifold conditions are performed. During each experiments, the cylinder
pressure p ∈ R

nCA

>0 at nCA ∈ N>0 crank angle positions for nc ∈ N>0 cycles is
recorded. All experiments are then combined into a matrix P ∈ R

nenc×nCA

>0 .
Using P , the average observed cylinder pressure and PCs are given by

fµ(θj) :=
1

nenc

nenc∑

i=1

Pij (3.13)

and f(θ) are the first nPC eigen vectors of (P − fµ)
T(P − fµ).

Deviating from standard PCD, a work based approach is used to deter-
mine w(u). The goals is to minimise the size of the area of the residual in
the pV -diagram as

w∗(ufuel, sim) = argmin
w ∈RnPC

∫

Θ

∣∣∣∣ϵ(θ)
dV

dθ

∣∣∣∣ dθ,

= argmin
w ∈RnPC

∫

Θ
ϵ(θ)2

(
dV

dθ

)2

dθ. (3.14)

Substituting (3.12) into (3.14), this becomes

w(ufuel, sim) = argmin
v ∈RnPC

vT
∫

Θ
f(θ)fT(θ)

(
dV

dθ

)2

dθ v +

vT
∫

Θ
f(θ) (fµ(θ)− p(θ, ufuel, sim))

(
dV

dθ

)2

dθ

(3.15)

This problem can be algebraically solved as

w(ufuel, sim) = −A1A
−1
2 (3.16)
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Figure 3.4: The pV -diagram of a measured in-cylinder pressure (-) and the
corresponding idealised thermodynamic Otto cycle (-)

with

A1 =

∫

Θ
f(θ) (fµ(θ)− p(θ, ufuel, sim))

(
dV

dθ

)2

dθ

and

A2 =

∫

Θ
f(θ)fT(θ)

(
dV

dθ

)2

dθ.

3.4.2 Idealised Thermodynamic Cycle

In this chapter, an ITC is used. The Otto cycle is chosen because it promises
the highest thermal efficiency over a large operating range (J. Heywood,
2018). It is a combination of two isentropic and two isochoric processes as
shown in Fig. 3.4. It can be fully described by the Qfuel, pressure at the
start of the compression stroke plow, the cylinder volume over time V (θ)
and temperature and composition dependent specific heat ratio κ. The
air-path is mostly responsible for plow and κ. The Otto cycle is given by

pITC(θ, Qfuel, sim) =




plow

(
V (−180CAD)

V (θ)

)κ
, if θ ∈ Θc,

phigh

(
V (0CAD)

V (θ)

)κ
, if θ ∈ Θe

(3.17)
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with Θc = [−180CAD, 0CAD], Θe = [0CAD, 180CAD],

phigh =
ηITCQfuel −

∫ 0CAD
−180CAD pITC(θ, Qfuel) dV

V κ(0CAD)
∫ 0CAD
−180CAD V −κ(θ) dV (θ)

and efficiency of the Otto cycle ηITC is given by

ηITC = 1− 1

rκ−1
(3.18)

with r = max(V )min(V )−1 the compression ratio. Using (3.18), it is found
that the thermal efficiency increases when κ increases.

The cylinder pressure decomposition presented in Sec. 3.4.1 is also used
to decompose pITC(θ, Qfuel).

3.4.3 Minimisation of energy losses

During a combustion cycle, the energy is conserved. This means

Wind,g = IMEPgVd = Qfuel +Qloss, (3.19)

where Wind,g is the gross indicated work applied to the piston and Qloss are
the total energy losses. These losses are split into two parts: i) the energy
loss obtained when running a perfect Otto cycle and (ii) the additionally
energy losses QNITC associated with a non-ideal cycle. Using (3.18), this
can be written as

Qloss = (1− ηITC)Qfuel +QNITC. (3.20)

Substituting (3.20) into (3.19) gives

QNITC = Wind,g − ηITCQfuel. (3.21)

Given a measured cylinder pressure p(θ) and Otto cycle pITC(θ), QNITC

can be computed by

QNITC =

∫

Θ
(p(θ, u)− pITC(θ)) dV (θ) (3.22)

The goal is to reduce the size this loss; therefore, the cost function is defined
as

J = Q2
NITC =

(∫

Θ
(p(α, u)− pITC(α)) dV (θ)

)2

. (3.23)
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Using the decomposition of (3.12) to decompose p(θ) and pITC, (3.23)
can be rewritten as

J =

(∫

Θ
w(ufuel, sim)

Tf(θ) + fµ(θ) + ϵ(θ) dV −
∫

Θ
wT

ITCf(θ) + fµ(θ) + ϵITC(θ) dV

)2

,

= (w(ufuel, sim)− wITC)
TZ1(w(ufuel, sim)− wITC) +

2(w(ufuel, sim)− wITC)
TZ2 + Z3

(3.24)

with

Z1 =

∫∫

Θ
f(θ1)f

T(θ2) dV (θ1) dV (θ2),

Z2 =

∫∫

Θ
f(θ1)(ϵ(θ2)− ϵITC(θ2)) dV (θ1) dV (θ2)

and
Z3 =

∫∫
Θ (ϵ(θ1)− ϵITC(θ1)) (ϵ(θ2)− ϵITC(θ2)) dV (θ1) dV (θ2).

The weights w and wITC are determined such that
∫
Θ ϵ(θ)2 dV (θ) and∫

Θ ϵITC(θ)
2 dV (θ) are minimised. When enough PCs are used these terms

will approach 0; therefore, it can be assumed that Z2 ≈ 0 and Z3 ≈ 0. This
reduces (3.24) to

J ≈ JITC = (w(u)− wITC)
TZ1(w(u)− wITC). (3.25)

The original control problem in (3.6) also contains constraints. Using
(3.12), these can be rewritten as linear constraints as

w(u)Tf(θ) + fµ(θ) < pmax,ub, ∀θ ∈ Θ (3.26)

and

w(u)T
df

dθ
+

dfµ
dθ

<

(
dp

dθ

)

max,ub

, ∀θ ∈ Θ (3.27)

where again it is assumed that the residual ϵ(θ) can be neglected.
Using (3.25) until (3.27), the original control problem of (3.6) can be

reformulated as

u∗ = argmin
u∈U

(w(u)− wITC)
TZ1(w(u)− wITC)

s.t. w(u)Tf(θ) + fµ(θ) < pmax,ub, ∀θ ∈ Θ

w(u)T
df

dθ
+

dfµ
dθ

<

(
dp

dθ

)

max,ub

, ∀θ ∈ Θ,

(3.28)



55 Chapter 3. Idealized Thermodynamic Cycle as Calibration Objective

This means that the control problem has been reformulated into a quadratic
cost function and linear constraints in terms of w(u).

3.5 Simulation Results

In this section, a simulation study is performed using the same setup and
experimental data as in R. Willems et al. (2021). Below only the most rele-
vant information is provided. Table 3.2 shows the engine specifications and
nominal operating conditions. The experimental data consist of 988 differ-
ent experiments using different intake manifold pressures, start of injection
of Diesel, and mass of injected Diesel and E85. Each experiment consist of
200 consecutive combustion cycles. As a proof of concept, these consecutive
combustion cycles have been averaged into one average combustion cycle
p̄(θ, ufuel, sim) to reduce the effect of sensor and actuator noise.

Using the experimental data, the PCs are determined according to
Sec. 3.4.1 with nPC = 7. The weights w(u) of the measured pressure
traces is given in (3.16). The corresponding Otto cycle is determined by
setting plow = p̄(−180CAD, ufuel, sim) and IMEPg,ref = V −1

d

∫
Θ p̄(θ) dV (θ).

The specific heat ratio γ(sim) is determined using the measured cylinder
pressure p̄(θ, ufuel, sim) as

γ(sim) =
ln p̄(θ1, ufuel, sim)− ln p̄(θ2, ufuel, sim)

lnV (θ2)− lnV (θ1)
, (3.29)

where θ1, θ2 ∈ [θIVC, θSOI] and θ1 < θ2 with θIVC the crank angle where
the intake valve closes. In the following discussion, it is chosen that θ1 =
−160CAD and θ2 = −100CAD. Using (3.17), the full Otto cycle pITC(θ, Qfuel)
is computed. The Otto cycle pITC(θ, Qfuel) is decomposed using the previ-
ously determined PCs and (3.16).

Fig. 3.5 shows that JITC and the GIE are linked. An increase in ef-
ficiency results in a decrease of JITC . Therefore, JITC, as formulated in
(3.25), can be used to optimise the thermal efficiency. Moreover, pim only
has a minimal effect on the GIE. The effect of pim on the overall efficiency
mainly enters though pumping losses not included in this discussion.

Using the Gaussian Process Regression model presented in Chapter 2,
MATLAB R2022a and the constrained non-linear solver found in the Op-
timisation Toolbox, the original optimisation problem of (3.6) and newly
formulated optimisation problem of (3.28) using an idealised thermody-
namic cycle are solved for a range of fuel energies Qfuel and constant intake
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Figure 3.5: Energy based cost function JITC as given in (3.25) scaled with
Q2

fuel with nPC = 7 against Gross Indicate Efficiency (GIE) with intake
manifold pressures of (2.100± 0.025) bar (×), (2.300± 0.025) bar (+), and
(2.500± 0.025) bar (·).

Figure 3.6: Contour plot of JIVC at Qfuel = 3966.8 J and intake manifold
pressure set to 2.3 · 105 Pa and intake temperature to 306K evaluate over
the allowed input space. The minimum is marked with an ‘×’
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manifold condition. The intake manifold pressure is set to 2.3Bar, intake
temperature to 306K and κ to 1.33. Fig. 3.6 shows the contour plot of
JITC over the input space for Qfuel = 3966.8 J. It can be seen that JITC is
mostly sensitive toward SOIDI in the shown range. Solving (3.6) and (3.28)
for all studied Qfuel, the optimal GIE, BR and SOIDI shown in Fig. 3.7 are
found. In this figure, it can be seen that both methods produce the same
inputs to the system.

3.6 Conclusions

In this chapter, a novel energy-based cylinder pressure feedback formula-
tion has been proposed. It uses an ITC as reference; thereby, providing a
formulation that is inline with a large range of feedback control methods.
Furthermore, the proposed method provides a direct link with thermal effi-
ciency and safety constraints. Hereby promising more optimal performance
during operation. Simulated experiments show that the same GIE and fuel
inputs are reached when optimising over the GIE or towards an ITC.

In future work emission constraints will be added to the optimisation
problem. Henningsson et al. (2012) proposes a method that uses Princi-
ple Component Analysis (PCA) and a neural network to predict emission
values based on the weights w(u). This methods fits well with the method
proposed in this chapter. Furthermore, the pumping loop will be incorpo-
rated to include pumping losses and provide the ability to optimise over
the net indicated efficiency.
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Table 3.1: Examples of combustion metrics used for indirect control of high
level objectives

High level objective z Combustion metric x

Efficiency Crank angle at 50% of heat released CA50
Pressure difference across engine ∆p
Pumping loss PEMP, Air-to fuel ratio λ

Emissions Energy based BR,
EGR fraction XEGR

Combustion stability Energy based BR,
Intake manifold temperature Tim

Safety pmax and
(
dp
dθ

)
max

Power output Indicated mean effective pressure (IMEP)

Table 3.2: Specifications and nominal operating conditions of the engine
setup and range of ufuel and sim used during the experiments

Parameters Value

PFI fuel E85
DI fuel Diesel (EN590)
Compression ratio 17.2
Intake valve closure −173◦CA aTDC
Exhaust valve opening 146◦CA aTDC
Gross IMEP (8.5± 1.0) bar
Engine speed 1200 rpm
Crank angle resolution 0.2CAD
pmax,ub 200Bar(
dp
dθ

)
max,ub

25Bar/CAD

BR [0.76, 0.81]
Qfuel [3815, 4107] J/cycle
SOIDI [−70, −35] CAaTDC
pim [2.18, 2.53] · 105 Pa
Tim [270, 320.5]K
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(a) Gross indicated efficiency

(b) Energy-based blend ratio

Figure 3.7: Resulting GIE, BR and SOIDI with intake manifold pressure
set to 2.3 ·105 Pa and intake temperature to 306K when solving the original
optimisation problem of (3.6) (- -) and the optimisation problem based on
an idealised thermodynamic cycle of (3.28) (- -). The upper and lower
bound of the inputs are shown in red.
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(c) Start-of-injection directly injected fuel

Figure 3.7 (Cont.): Resulting GIE, BR and SOIDI with intake manifold
pressure set to 2.3·105 Pa and intake temperature to 306K when solving the
original optimisation problem of (3.6) (- -) and the optimisation problem
based on an idealised thermodynamic cycle of (3.28) (- -). The upper and
lower bound of the inputs are shown in red.



Chapter 4

Engine Calibration Using

Bayesian Optimisation

Abstract – Decarbonization of the transport sector sets increasingly strict
demands to maximize thermal efficiency and minimize greenhouse gas emis-
sions of Internal Combustion Engines. This has led to complex engines with
a surge in the number of corresponding tuneable parameters in actuator set
points and control settings. Automated calibration is therefore essential to
keep development time and costs at acceptable levels. In this work, an in-
novative self-learning calibration method is presented based on in-cylinder
pressure curve shaping. This method combines Principal Component De-
composition with constrained Bayesian Optimization. To realize maximal
thermal engine efficiency, the optimization problem aims at minimizing the
difference between the actual in-cylinder pressure curve and an Idealized
Thermodynamic Cycle. By continuously updating a Gaussian Process Re-
gression model of the pressure’s Principal Components weights using mea-

This chapter presents the work originally published in:

Vlaswinkel, M., Antunes, D., & Willems, F. (2025). Automated and Risk-Aware Engine
Control Calibration Using Constrained Bayesian Optimization. (Under review for
journal publication)

The method presented in this chapter is described in the filled patent:

Vlaswinkel, M., & Willems, F. (2025). Method and System for Self-Learning Calibration
of an Internal Combustion Engine. (The Netherlands Patent No. P197248NL00).
Octrooicentrum Nederland, Den Haag.
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surements of the actual operating conditions, the mean in-cylinder pres-
sure curve as well as its uncertainty bounds are learned. This information
drives the optimization of calibration parameters, which are automatically
adapted while dealing with the risks and uncertainties associated with oper-
ational safety and combustion stability. This data-driven method does not
require prior knowledge of the system. The proposed method is successfully
demonstrated in simulation using a Reactivity Controlled Compression Ig-
nition engine model. The difference between the Gross Indicated Efficiency
of the optimal solution found and the true optimum is 0.017%. For this
complex engine, the optimal solution was found after 64.4 s, which is rela-
tively fast compared to conventional calibration methods.

4.1 Introduction

The current demand on increasing the thermal efficiency and decreasing
the emissions of Internal Combustion Engines (ICEs) has led to the devel-
opment of more advance combustion concepts (Dempsey et al., 2014). Re-
activity Controlled Compression Ignition (RCCI) is one of the considered
concepts (Kokjohn et al., 2011) for ultra efficient and clean combustion.
RCCI combustion is characterised by the use of two fuels. A low-reactivity
fuel (e.g., E85) and a high-reactivity fuel (e.g., Diesel) are mixed in the
combustion chamber. This makes it possible to control the reactivity of
the fuel, thus giving control over the ignition timing.

The need to meet current and future increasingly strict emission legis-
lations has led to an increase in the number of subsystems and actuators
(F. Willems, 2018; Norouzi et al., 2021). This leads to an increase in the
number of tuneable actuator setpoints, references and feedback control pa-
rameters requiring tuning during ICE control calibration. As the number of
parameters increase, the time and complexity of the calibration process will
rise to unacceptable levels. During calibration the settings for the param-
eters are determined that make sure that the engine meets pre-described
performance targets. As a result, this will make ICE calibration a more
important part of ICE development. Developing novel calibration methods
is a vital step to keep future and more advanced ICEs commercially viable
(Paykani et al., 2021). In this work, the focus will be on the calibration of
the fuel actuator settings related to timing and quantity of injection.
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4.1.1 Time Efficient Engine Calibration

Calibration approaches have been proposed using model-based methods
(e.g., Grasreiner et al. (2017)) or using a predetermined Design of Experi-
ments (DOE) (e.g., Motlagh et al. (2020); Xia et al. (2020); R. Willems et
al. (2021); Biswas et al. (2022); Moradi et al. (2022)). Model-based methods
use a validated combustion model to determine optimal parameter settings.
These models are validate using experimental data. The quality of calibra-
tion is greatly determined by the quality of the model. DOE methods treat
the engine as a black-box system and use no, or only a small amount, of
prior system knowledge. DOE is used as a tool to determine key system
behaviour in minimal testing time. It separate the collection of engine data
and the process of determining the optimal actuator setpoints. The data
collected using the DOE is used as an input to a regression tool. Xia et
al. (2020) was able to include cycle-to-cycle variations into the calibration
problem.

Developing an engine model or determining the DOE are not trivial
tasks. For experimental combustion concepts the safe operating regions
are often unknown. Therefore, selecting appropriate actuator ranges is
challenging and requires expertise. Simultaneous collecting data and the
optimization of the ICE performance can solve this challenge. Bayesian
Optimisation (BO) is seen as a more adaptive and iterative method for DOE
(Greenhill et al., 2020). The system is treated as a black-box, thus no prior
knowledge of the system is required. For ICEs, the safe operating domain is
not linked to actuator ranges. Therefore, the BO approach should be aware
of possible risky behaviour which has not been tackled in the literature, to
the best of the authors knowledge.

4.1.2 Shaping of the In-cylinder Pressure

In this chapter, an automated, risk-aware calibration method is presented.
This method requires no prior knowledge of the system. The method is
able to deal with unknown constraint boundaries and cycle-to-cycle varia-
tions. It extends upon the Principle Component Decomposition (PCD) and
Gaussian Process Regression (GPR) based in-cylinder pressure model pre-
sented in Chapter 2 and the Idealised Thermodynamic Cycle (ITC) based
cost function presented in Chapter 3. The in-cylinder pressure model will
predict the in-cylinder pressure between Input Valve Close (IVC) and Ex-
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haust Valve Open (EVO) given actuator setpoints. The ITC based cost
function generates an idealised in-cylinder pressure profile. The calibration
problem is reformulated into a probabilistic framework using a constrained
BO approach.

4.1.3 Outline of this chapter

This chapter is organized as follows. In Section 4.2, a description of the
system and calibration problem are presented. Section 4.3 presents the
automated risk-aware calibration method. Sections 4.3.1 until 4.3.3 give a
summary of the work presented in Chapters 2 and 3. In Sections 4.3.5 un-
til 4.3.7, the new contributions to the calibration method are presented.
Section 4.4 discusses the observed behaviour of the method and a compari-
son is made between different acquisition functions using a simulated RCCI
engine fuelled with Diesel and E85.

4.2 Problem Description

The main objective of this work is to maximize thermal efficiency for a
requested power output, while respecting bounds on mechanical stresses
and combustion stability, by automated calibration of the engine control
settings.

4.2.1 System Description

In this research, the optimization of the fuel settings of a single cylinder
RCCI engine is studied to demonstrate the potential of the novel automated
control calibration method. This engine is equipped with a standard Direct
Injected (DI) injector, which injects Diesel directly into the cylinders. The
actuation signals of the DI injector consist of the start-of-injection SOIDI

and the injected mass of Diesel mDI. For RCCI research, an additional
injector is installed in the intake for Port Fuel Injected (PFI) of E85. The
actuation signal of the port fuel injector consists of the mass of injected E85
mPFI. The start-of-injection of the port fuel injector is kept constant at
−320 Crank Angle Degrees after Top Dead Center (CADaTDC). Note that
we only consider single pulse DI and PFI fuel injection. The cylinder intake
and exhaust conditions associated with the air path sair, such as Exhaust
Gas Recirculation (EGR) ratio, intake and exhaust manifold pressure, and
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intake manifold temperature are kept constant in this work. The engine
specifications and the operating conditions studied are listed in Table 4.1.
The operating conditions are chosen to align with the model developed in
Chapter 3.

4.2.2 Problem Formulation

During the calibration of the combustion process, the fuelling parameters
sfuel are used to maximise the gross indicated efficiency GIE defined as

GIE(sfuel, sair) =

∫
Θ p(θ, sfuel, sair) dV (θ)

Qfuel
, (4.1)

where p(θ) is the in-cylinder pressure over the crank-angle position θ ∈ Θ,
Θ = [−180 , 180] CADaTDC, V (θ) is the cylinder volume, and Qfuel is the
total fuel energy. For the RCCI engine studied, three fuelling parameters
sfuel are defined. First, the total fuel energy

Qfuel = mPFILHVPFI +mDILHVDI (4.2)

with mPFI and mDI the injected fuel mass and LHVPFI and LHVDI the
lower-heating value of the Port Fuel Injected (PFI) and Direct Injected
(DI) fuels, respectively, is considered. Second, we use the energy-based
blend ratio

BR =
mPFILHVPFI

Qfuel
. (4.3)

And third, the start-of-injection of the directly injected fuel SOIDI is used.

Engine operation is typically defined by engine speed and power output.
The gross Indicated Mean Effective Pressure IMEPg is a measure for the
provided piston work during the power stroke and is given by

IMEPg(sfuel, sair) =

∫
Θ p(θ, sfuel, sair) dV (θ)

Vd
(4.4)

with displacement volume Vd. For a meaningful comparison of results, this
value is kept constant during optimisation and should meet the driver’s
request IMEPg,req. The engine speed is kept constant. To ensure safety
and stable combustion, the optimisation process must respect the limits of
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the maximum in-cylinder pressure pub, the increase rate of the maximum
pressure dpub and the coefficient of variation

cov(IMEPg) =
σIMEPg

µIMEPg

(4.5)

with µIMEPg and σIMEPg the mean and standard deviation of IMEPg, re-
spectively.

In summary, the engine optimization problem can be formulated as:

s∗fuel = argmax
sfuel∈Sfuel

GIE(sfuel, sair), (4.6a)

s.t. IMEPg(sfuel, sair) = IMEPg,req, (4.6b)

cov (IMEPg(sfuel, sair)) <

[cov (IMEPg(sfuel, sair))]ub , (4.6c)

max
θ

(p(θ, sfuel, sair)) < pub, (4.6d)

max
θ

(
∂p(sfuel, sair))

∂θ

∣∣∣∣∣
θ

)
< dpub. (4.6e)

where sfuel = [Qfuel, BR, SOIDI]
T and s∗fuel the optimal fuel parameters

which solves (4.6). The work generated by combustion is given by (4.6b),
the combustion stability limit by (4.6c) and the safety constraints by (4.6d)-
(4.6e) to limit mechanical stresses.

The system is treated like a black box. At the beginning of the op-
timization process, only an initial sfuel must be provided that meets the
combustion stability and safety constraints of (4.6c)-(4.6e).

4.3 Bayesian Optimisation Framework

In this section, the Bayesian Optimisation (BO) framework is presented
that solves (4.6) without the need for prior knowledge of the engine. This
innovative framework is schematically represented in Figure 4.1 and consists
of four essential components:

1. Next-cycle IMEPg control to realize the requested engine load by the
driver;

2. Targeted Ideal Thermodynamic Cycle (ITC);
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Figure 4.1: Schematic representation of the optimisation approach pre-
sented in this work.
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Table 4.1: Properties of the simulated single cylinder Reactivity Controlled
Compression Ignition engine

Parameter Value

PFI fuel E85
DI fuel Diesel
Compression ratio 17.2
Bore 130mm
Stroke 162mm
Displacement volume Vd 2200mm3

Engine speed 1200 rpm
Intake manifold pressure 1 bar
Intake manifold temperature 45 °C
EGR ratio 0.2
DI common-rail pressure 600 bar

3. Learning a model of the weights w associated with the Principal Com-
ponents of the observed in-cylinder pressure;

4. Constrained Bayesian Optimization to determine the fuel optimal
s∗fuel.

Figure 4.1a gives an overview of the interaction between the different
components in the framework. The BO is driven by a Principle Component
Decomposition (PCD) of the observed in-cylinder pressure and a Gaussian
Process Regression (GPR) modelMw that maps BR and SOIDI to the Prin-
ciple Component (PC) weights w. To guarantee a power output equal to
the driver’s demand, the IMEPg is controlled outside the optimization loop
by a next-cycle combustion controller using Qfuel. To reduce the computa-
tion time of the GPR model, the collected data is summarized, as shown
in Figure 4.1b. After convergence of IMEPg, the buffer will collect the PC
weights of the last n combustion cycles. The mean and standard deviation
of these collected PC weights, i.e. Mwi and Σwi respectively, are added to
the GPR model. This continuous update of the GPR model is also referred
to as the self-learning part of the framework. Figure 4.1c shows the process
of selecting a new actuator settings candidate. After new data has been
added to the GPR model, a new solution is found for BR and SOIDI. An
acquisition function is optimized using the current information in the GPR
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model while respecting the constraints. The optimization is carried out by
a Particle Swarm Optimization (PSO). After convergence of the PSO, the
optimal candidate that solves (4.6) given the current information about the
system is found and is applied to the system. The main components of the
BO framework will be discussed in more detail in the following sections.

4.3.1 Principle Component Decomposition of In-Cylinder

Pressure

The current section is based upon the work described in Chapter 3. The
sampled in-cylinder pressure p(θ, sfuel, pim) at crank angle θ ∈ {−180, −180+
∆CA, . . . , 180−∆CA, 180}CADaTDC with ∆CA the crank angle resolu-
tion is decomposed as

p(θ, sfuel, pim) = pmot(θ, pim) + w(sfuel)
Tf(θ), (4.7)

where w(sfuel) ∈ R
nPC is a vector of weights and f(θ) ∈ R

nPC is the vector
of PCs with nPC the number of PCs. The motored pressure is modelled by
an adiabatic process and is given by

pmot(θ, pim) = pim

(
V (−180CADaTDC)

V (θ)

)κ

(4.8)

with cylinder volume V (θ) and specific heat ratio κ. In the vectors w(sfuel)
and f(θ), the ith element is related to the ith PC. The in-cylinder condition
sfuel ∈ S are in the set S spanning the modelled operation domain. It is
assumed that the in-cylinder pressure during the intake stroke is equal to
the intake manifold pressure pim.

The eigenvalue method is used to compute the PCs. The ntrain ·ncyc in-
cylinder pressures p(θ, s∗fuel) contained in the training set are used, where
ntrain is the number of experiments in the training dataset and ncyc the
number of combustion cycles within an experiment. The fuel setpoints for
PC training are denoted by s∗fuel ∈ S∗ ⊂ S. The vector Fi is the ith unit
eigenvector of the matrix PPT where P ∈ R

nCA×ntrainncyc with nCA the
number of crank angle values. The elements in matrix P are defined as

[P ]ab := p(θa, s
∗
fuel,b)− pmot(θa, s

∗
fuel,b), (4.9)

such that the ath row of P contains the values of the in-cylinder pressure
at the ath crank angle for all s∗fuel ∈ S∗ and the bth column of P contains
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the full in-cylinder pressure at all θ ∈ {−180, −180 + ∆CA, . . . , 180 −
∆CA, 180}CADaTDC for the bth s∗ICC. The ith PC is defined as

fi(θa) = [Fi]a. (4.10)

Using these PCs, the weight related to the ith PC is given by

wi(sfuel) = P (sfuel)Fi, (4.11)

where [P (sfuel)]a = p(θa, sfuel)− pmot(θa, pim).
The training set generates a single set of PCs. These PCs are ordered

by the amount of variation in the dataset it captures, where i = 1 is the PC
that captures the largest variation. In Chapter 3, it was determined that
the first 8 PCs are required to properly describe the in-cylinder pressure
using PCD.

4.3.2 Idealised Thermodynamic Cycle Tracking

Using the PCD from the previous section, we introduce an efficiency-based
performance measure, which determines the energy loss compared to a pre-
defined ideal in-cylinder pressure curve. For more details, the reader is
referred to Chapter 3.

Energy Loss Criterion

The total amount of energy has to be conserved during combustion. This
means

Wind,g = IMEPgVd = Qfuel +Qloss, (4.12)

where Wind,g =
∫
p dV is the gross indicated work applied to the piston,

Vd is the displacement volume of the cylinder, Qloss are the total energy
losses and Qfuel is the total fuel energy as defined in (4.2). These losses
are divided into two parts: 1) the energy loss obtained when running an
Idealised Thermodynamic Cycle (ITC) and 2) the additionally energy losses
QNITC associated with the actual non-ITC. This can be written as

Qloss = (1− ηITC)Qfuel +QNITC, (4.13)

where ηITC is the indicated fuel conversion efficiency of the ITC process.
Substituting (4.13) into (4.12) gives

QNITC = Wind,g − ηITCQfuel. (4.14)
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The Gross Indicated Efficiency (GIE) is maximized when QNITC is as close
to zero as possible. This is done by defining the cost function

J = Q2
NITC. (4.15)

Given the PCD of a measured in-cylinder pressure curve p(θ) and of a
pressure curve pITC(θ) associated with ITC, (4.15) can be rewritten using
(4.7):

J =

(∫

Θ
w(sfuel, sair)

Tf(θ) + pmot(θ, pim) +

ϵ(θ) dV −
∫

Θ
wT

ITCf(θ) + pmot(θ, pim) +

ϵITC(θ) dV )2 ,

= (w(sfuel, sair)− wITC)
TZ1(w(sfuel, sair)− wITC) +

2(w(sfuel, sair)− wITC)
TZ2 + Z3

(4.16)

with

Z1 =

∫∫

Θ
f(θ1)f

T(θ2) dV (θ1) dV (θ2),

Z2 =

∫∫

Θ
f(θ1)(ϵ(θ2)− ϵITC(θ2)) dV (θ1) dV (θ2)

and
Z3 =

∫∫
Θ (ϵ(θ1)− ϵITC(θ1)) (ϵ(θ2)− ϵITC(θ2)) dV (θ1) dV (θ2).

The weights w and wITC of the measured and ITC curves are determined
such that

∫
Θ ϵ(θ)2 dV (θ) and

∫
Θ ϵITC(θ)

2 dV (θ) are minimised, respectively.
When enough PCs are used these terms will approach 0; therefore, it can
be assumed that Z2 ≈ 0 and Z3 ≈ 0. This reduces (4.16) to the following
energy loss criterium:

J ≈ JITC =(w(sfuel, sair)− wITC(sfuel, sair))
T ·

Z1(w(sfuel, sair)− wITC(sfuel, sair)).
(4.17)

Otto Cycle Pressure Model

In this article, the Otto cycle is used as ITC, because it promises the highest
thermal efficiency over a large operating range (J. B. Heywood, 2018). It
is a combination of two isentropic and two isochoric processes. It can be
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fully described by the total fuel energy Qfuel, the pressure at the start
of the compression stroke plow, cylinder volume V (θ), and temperature
and composition dependent specific heat ratio κ. The in-cylinder pressure
corresponding to the Otto cycle is given by:

pITC(θ, Qfuel, pim) =




plow

(
V (−180CAD)

V (θ)

)κ
, if θ ∈ Θc,

phigh

(
V (0CAD)

V (θ)

)κ
, if θ ∈ Θe

(4.18)

with Θc = [−180, 0] CADaTDC, Θe = [0, 180] CADaTDC,

phigh =
ηITCQfuel −

∫ 0CAD
−180CAD pITC(θ, Qfuel) dV

V κ(0CAD)
∫ 0CAD
−180CAD V −κ(θ) dV (θ)

and thermal efficiency of the Otto cycle ηITC is given by

ηITC = 1− 1

rκ−1
(4.19)

with the compression ratio r = max(V )min(V )−1. Using (4.19), it is found
that the thermal efficiency increases when κ increases. Note that the air-
path conditions determine plow and κ.

4.3.3 Gaussian Process Regression Prediction Model

Gaussian Process Regression (GPR) is used to predict the behavior of each
component of w(sfuel) over the entire operation domain S. To include
cycle-to-cycle variations in the in-cylinder pressure, w(sfuel) is described by
a stochastic process as

w(sfuel) := N (ŵ(sfuel), Ŵ (sfuel)) (4.20)

with mean ŵ(sfuel) := E[w(sfuel)] and variance Ŵ (sfuel) := E[(w(sfuel) −
ŵ(sfuel)) · (w(sfuel)
− ŵ(sfuel))

T]. In this study, the correlation between output variable wi(sfuel)
and wj(sfuel) ∀i, j ∈ {1, 2, . . . , nPC} will be neglected (i.e., Ŵ (sfuel) is a
diagonal matrix), since most literature on GPR assumes the output vari-
ables to be uncorrelated. This might affect the quality of the prediction of
the cycle-to-cycle variation.

To improve the accuracy of prediction and the determination of hy-
perparameters, normalised in-cylinder conditions s̄fuel and weights w̄i(s̄

∗
fuel)
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will be used. Scaling the in-cylinder condition uses the mean µ̄s∗
fuel

,j and
standard deviation σ̄s∗

fuel
,j of the jth in-cylinder condition variable over the

full training set S∗ as

s̄fuel,j =
sfuel,j − µ̄s∗

fuel
,j

σ̄s∗
fuel

,j
. (4.21)

The scaling of the weights uses the mean µ̄wi
and standard deviation σ̄w∗

i

of the ith in-cylinder conditions variable over the full training set S∗ as

w̄i(s̄
∗
fuel) =

wi(s̄
∗
fuel)− µ̄wi

σ̄wi

. (4.22)

Following Rasmussen & Williams (2006), the scaled expected value and
scaled covariance matrix without correlation can be computed as:

ˆ̄wi(s̄fuel) = K(s̄fuel, s̄
∗
fuel, ϕ) ·(

K(s̄∗fuel, s̄
∗
fuel, ϕ) + W̄ (s∗fuel)

)−1
w̄i(s̄

∗
fuel)

(4.23)

and
ˆ̄Wii(s̄fuel) = K(s̄fuel, s̄fuel, ϕ) −

K(s̄fuel, s̄
∗
fuel, ϕ)

(
K(s̄∗fuel, s̄

∗
fuel, ϕ) + W̄ (s∗fuel)

)−1 ·
KT(s̄fuel, s̄

∗
fuel, ϕ),

(4.24)

where K(·, ·, ϕ) is the Matérn kernel with ν = 2
3 and ϕ = {φf, Φl} are the

kernel’s hyperparameters. The elements in the kernel are given by

k(x, y, ϕ) = φ2
f

(
1 +
√
3ρ(x, y)

)
·

exp
(
−
√
3ρ(x, y)

) (4.25)

with

ρ(x, y) =
√

(x− y)TΦ−2
l (x− y). (4.26)

For more information on the selection of the kernel and hyperparameters,
the interested reader is referred to Chapter 2.

Finally, the scaled expected value and scaled covariance matrix are
descaled to complete the description of (4.20). The descaled expected value
is given by

ŵi(s̄fuel) = ˆ̄wi(s̄fuel)σ̄wi
+ µ̄wi

(4.27)

and the descaled covariance matrix is given by

Ŵii(s̄fuel) =
ˆ̄Wii(s̄fuel)σ̄wi

. (4.28)
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4.3.4 Predicted Cost and Constraint Violation

Given the PCD of the in-cylinder pressure in Section 4.3.1, the introduced
cost function JITC associated with energy loss in Section 4.3.2, and the GPR
prediction model in Section 4.3.3, we can rewrite the optimization problem
(4.6) in terms of PCs f(θ) and weights w(sfuel). Substituting (4.7) in (4.6)
results in the following formulation of the engine optimization problem:

s∗fuel = argmax
sfuel∈Sfuel

−JITC(sfuel, sair), (4.29a)

s.t. ŵ(sfuel)
T

∫

Θ
f(θ) dV (θ) = IMEPg,req, (4.29b)

cov (IMEPg(sfuel, sair)) <

[cov (IMEPg(sfuel, sair))]ub , (4.29c)

pmot(θ, pim) + ŵ(sfuel)
Tf(θ) <

pub ∀θ ∈ Θ,
(4.29d)

∂pmot

∂θ

∣∣∣∣∣
θ

+ ŵ(sfuel)
T
df

dθ

∣∣∣∣∣
θ

<

dpub ∀θ ∈ Θ.

(4.29e)

Using the GPR model presented in Section 4.3.3, the predicted mean and
variance of the parameters in (4.29) can be determined. The required
derivations will be presented in the following sections.

4.3.5 Acquisition Function

At the start of the optimization procedure, the cost function JITC(sfuel,
sair) in (4.29a) is unknown. It is only possible to construct an estimate of
the cost function given the previous observations up to time k of collected
in the set Dk. The set Dk contains the applied sfuel, corresponding observed
w(sfuel) and the best observed cost J∗

ITC,k until time k. This description also
includes uncertainty as a result from cycle-to-cycle behaviour and model
uncertainty as a result of cycle-to-cycle variations and measurement noise.
The acquisition function is a method of summarising the predicted cost and
uncertainty into a scalar function. The acquisition function is used to drive
the optimization.

The improvement of the cost is used as a measure to guide the opti-
mization. The improvement at a point sfuel is defined as (Garnett, 2023,
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Ch. 7 and 8):
I(sfuel | Dk) =

max
(
JITC(sfuel | Dk)− J∗

ITC,k, 0
)
,

(4.30)

where JITC(sfuel | Dk) is the mean predicted cost at sfuel given all infor-
mation collected up to time k denoted with set Dk and J∗

ITC,k is the best
observed cost until time k. When the predicted cost is lower compared
the best observed cost the improvement is equal to zero. Otherwise, the
improvement is equal to the difference between the predicted and best ob-
served cost. In this study, the two most common methods of using the
improvement will be discussed: (1) Expected Improvement (EI) and (2)
Proportional Integral (PI). Both are formulated below for the case of noise-
less as well as noisy observations.

Expected Improvement

The EI maximizes the expected value of the improvement defined in (4.30).
The general formulation for the EI is given by:

αEI(sfuel | Dk) = E [I(sfuel | Dk)] . (4.31)

In the case of noiseless observations this boils down to:

αEI(sfuel | Dk) =

∫ ∞

0

[
max

(
τ − J∗

ITC,k, 0
)
·

g
X̃ 2(τ | sfuel, Dk)

]
dτ,

(4.32)

where g
X̃ 2 : R≥0 → (0, 1) is the probability density function for a general-

ized chi-squared distribution. Using (4.17), this distribution is parametrized
as follows:

JITC(sfuel) = w(sfuel)
TQ1w(sfuel) +

q2w(sfuel) + q0
(4.33)

with Q2 = Z1, q1 = −2wT

ITCZ1w(sfuel) and q0 = wT

ITCZ1wITC. The mean
and variance of the normal distributed w(sfuel) are computed using the
model described in Section 4.3.3.

When the observations are noisy, (4.31) becomes:

αEI-NO(sfuel | Dk) =

∫ ∞

0

[
g
X̃ 2(τ

∗ | s∗fuel,k, Dk) ·
∫ ∞

0

[
max (τ − τ∗, 0) g

X̃ 2(τ | sfuel, Dk)
]
dτ

]
dτ∗,

(4.34)



4.3. Bayesian Optimisation Framework 76

here τ∗ replaces J∗
ITC,k in the original definition of αEI in (4.32) and s∗fuel,k

are the fuel conditions that realized the best observed cost until time k.
The probability distribution related to the cost at s∗fuel,k is computed using
(4.33).

Probability of Improvement

The PI maximizes the probability of improving the system. The general
formulation for the PI is given by:

αPI(sfuel | Dk) =

Pr
(
JITC(sfuel | Dk) > J∗

ITC,k | Dk

)
.

(4.35)

In the case of noiseless observations this boils down to:

αPI(sfuel | Dk, J
∗
ITC,k) =

1−G
X̃ 2

(
J∗
ITC,k | sfuel, Dk

)
,

(4.36)

where G
X̃ 2 : R≥0 → (0, 1) is the cumulative distribution function for a

generalized chi-squared distribution parametrized according to (4.33) and
the model presented in Section 4.3.3.

When the observations are noisy, (4.35) becomes:

αPI-NO(sfuel | Dk) =

∫ ∞

0
g
X̃ 2 (τ

∗ | s∗fuel, Dk) ·
(
1−G

X̃ 2 (τ
∗ | sfuel, Dk)

)
dτ∗,

(4.37)

where τ∗ replaces J∗
ITC,k in the original definition of αPI in (4.36).

4.3.6 Constraint Handling

Similar to Gelbart et al. (2014), a probabilistic view of the constraints
will be used. The predicted probability of violating the constraints can be
computed as non-independent events of violating each individual constraint.
Given an input sfuel, the predicted probability of violating each individual
constraint is

β̃i(sfuel,k) = Pr (hi(sfuel,k) > 0 | sfuel,k and Dk) , (4.38)

where hi(sfuel,k) with i ∈ {1, 2, . . . , 4} are a reformulation of the constraints
in (4.29b) to (4.29e). The reformulation for each constrained is discussed
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below. The probability βnconst of violating the constraints, where nconst is
the number of constraints, can be recursively solved using

βi(sfuel,k) = βi−1(sfuel,k)(1− β̃i(sfuel,k)) +

β̃i(sfuel,k)
(4.39)

with i ∈ {0, 1, . . . , nconst} and β0(sfuel,k) = 0. A sfuel,k will be labelled as
infeasible if the probability of violating the constraints exceeds 5%. This
limit can be increased to allow for more risky behaviour or decreased to be
more risk averse.

It is assumed that the probability distribution of each constraint can be
represented with a Gaussian probability distribution. To compute β̃i(sfuel,k)
the mean and variance of each constraint is required. This is computed
using the current system knowledge Dk.

IMEPg Constraint

The constraint related to IMEPg and cov(IMEPg) are given in (4.29b) and
(4.29c), respectively. Given the feedback controller regulating Qfuel to reach
IMEPg,req satisfies (4.29b) if IMEPg,req is reachable at the current BR and
SOIDI. The reachability of IMEPg,req and the constraint of (4.29c) are
combined as a constraint for the lower and upper bound on IMEPg. The
lower bound is given by

h1(sfuel,k) = w(sfuel,k)

∫ 180◦

−180◦
f(θ) dV (θ) −

IMEPg,req

(
1− 1

2 [cov(IMEPg)]ub
) (4.40)

with [cov(IMEPg)]ub to upper bound of the coefficient of variation on
IMEPg. In this work, [cov(IMEPg)]ub is set to 5%. Using the GPR model
presented in Section 4.3.3, the mean and variance for the lower bound can
be predicted using, respectively:

µh1
(sfuel,k | Dk) =

ŵ(sfuel,k | Dk)
T

∫ 180◦

−180◦
f(θ) dV (θ) −

IMEPg,req

(
1− 1

2 [cov(IMEPg)]ub
)

(4.41)
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and
σ2
h1
(sfuel,k | Dk) =

(∫ 180◦

−180◦
f(θ) dV (θ)

)T

Ŵ (sfuel,k | Dk) ·
(∫ 180◦

−180◦
f(θ) dV (θ)

)
.

(4.42)

The upper bound is given by

h2(sfuel,k) = w(sfuel,k)

∫ 180◦

−180◦
f(θ) dV (θ) −

IMEPg,req

(
1 + 1

2 [cov(IMEPg)]ub
)
.

(4.43)

The mean and variance for the upper bound are computed as

µh2
(sfuel,k | Dk) =

−ŵ(sfuel,k | Dk)
T

∫ 180◦

−180◦
f(θ) dV (θ) +

IMEPg,req

(
1 + 1

2 [cov(IMEPg)]ub
)

(4.44)

and
σ2
h2
(sfuel,k | Dk) = σ2

h1
(sfuel,k | Dk), (4.45)

respectively.

Safety Constraints

The safety constraint dealing with maxθ∈Θ(p(θ, sfuel)) and maxθ∈Θ

(
∂p
∂θ

∣∣∣
θ, sfuel

)

are given in (4.29d) and (4.29e), respectively. The constraint in (4.29d) is
evaluated at θpmax = argmaxθ∈Θ(ŵ(sfuel,k | Dk)

Tf(θ) + pmp(θ)) such that

h3(sfuel,k) = w(sfuel,k)f(θpmax) +

pmp(θpmax)− pub.
(4.46)

Using the GPR model presented in Section 4.3.3, the mean and variance
are computed as

µh3
(sfuel,k | Dk) =

ŵ(sfuel,k | Dk)
Tf(θpmax) + pmp(θpmax)− pub

(4.47)
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and
σ2
h3
(sfuel,k | Dk) =

fT(θpmax)Ŵŵ(sfuel,k | Dk)f(θpmax).
(4.48)

The constraint given in (4.29e) is evaluated at θdpmax
= argmaxθ∈Θ(ŵ(sfuel,k | Dk)

T df
dθ
+

dpmp

dθ
) such that

h4(sfuel,k) = w(sfuel,k)
df
dθ

∣∣∣
θdpmax

+

dpmp

dθ

∣∣∣∣
θdpmax

− dpub
(4.49)

The mean and variance are computed as

µh4
(sfuel,k | Dk) =

ŵ(sfuel,k | Dk)
T df

dθ

∣∣∣
θdpmax

+

dpmp

dθ

∣∣∣∣
θdpmax

− dpub

(4.50)

and
σ2
h4
(sfuel,k | Dk) =

(
df

dθ

∣∣∣∣
θdpmax

)T

Ŵŵ(sfuel,k | Dk) ·
(

df

dθ

∣∣∣∣
θdpmax

)
.

(4.51)

4.3.7 Particle Swarm Optimisation with Constraints

The BO problem is non-convex and has multiple local optima. PSO is used
to find the global optimum of the acquisition function given the system
knowledge Dk. It is performed every iteration of the BO approach and is
responsible for selecting the next solution being applied to the system. It
uses different candidate solutions that over different iteration ℓ are moving
towards the global optimum. Each candidate solution has a cost value,
constraint violation probability, position and velocity. The computation
of the cost value is discussed in Section 4.3.5 and the constraint violation
probability in Section 4.3.6. In this section, the updating rules of the
position sfuel of the candidate solution is discussed.
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Several iterations of the PSO are required to find the global optimum.
A single iteration is denoted with ℓ ∈ N0. The PSO uses nPSO particles.
Each particle has a location s̃ifuel ∈ Sfuel and velocity vi ∈ R

2, where the
subscript i ∈ {1, 2, . . . , nPSO} indicates the specific particle. Each iteration
the location of all the particles is update according to

s̃ifuel,ℓ = s̃ifuel,ℓ−1 + viℓ (4.52)

with
viℓ = c0v

i
ℓ−1 +

c1X1,ℓ(s̃
i
fuel,p.best − s̃ifuel,ℓ−1) +

c2X2,ℓ(s̃fuel,g.best − s̃ifuel,ℓ−1),

(4.53)

where s̃ifuel,p.best is the best observed cost of the ith particle, s̃fuel,g.best is
the best observed cost over all particles, ck ∈ (0, 1), k ∈ {1, 2, 3} are
tuning parameters and Xj,ℓ, j ∈ {1, 2} are samples taken from the stan-
dard uniform distribution. The initial particle locations s̃ifuel,0 are selected
from a uniform distribution spanning the actuator range and initial particle
velocities vi0 are selected from a normal distribution.

A similar approach to select the location of the best cost as Lampinen
(2002) will be used. In their work, the following method selects s̃ifuel,p.best
and s̃fuel,g.best as a the best candidate solutions from the whole population
when:

• if s̃fuel,ℓ is feasible and the value of the objective function gives the
largest or equal value of the previous observed costs with a feasible
solution, or

• if s̃fuel,ℓ is feasible while the other previously observed solutions of the
population are infeasible, or

• all solutions in the population are infeasible, but s̃fuel,ℓ has the lowest
or equal violation of the constraints.

The constrained PSO is summarized in Algorithm 1.

4.4 Results

In this section, the proposed method is evaluated from simulation results.
For the engine described in Section 4.2, a stochastic RCCI engine model
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Algorithm 1 Overview of the constrained Particle Swarm Optimizer pre-
sented in Section 4.3.7

1: ℓ← 0
2: s̃fuel,0 ← Uniform grid of nPSO particles spanning Sfuel
3: v0 ← nPSO randomly generated velocities vectors
4: for ℓ < 100 do
5: ℓ← ℓ+ 1
6: for all s̃ifuel,ℓ−1 ∈ s̃fuel,ℓ−1 do

7: viℓ ← (4.53)
8: s̃ifuel,ℓ ← (4.52)

9: α(s̃ifuel,ℓ | Dk)← (4.32)/(4.34)/(4.36)/(4.37)

10: βnconst(s̃
i
fuel,ℓ | Dk)← (4.39)

11: if βnconst(s̃
i
fuel,ℓ) ≤ 0.05 and βnconst(s̃

i
fuel,p.best) ≤ 0.05 then ▷

Feasibility checks

12: s̃ifuel,p.best ← argmax
(
α(s̃ifuel,p.best), α(s̃

i
fuel,ℓ)

)

13: else if βnconst(s̃
i
fuel,ℓ) ≤ 0.05 and βnconst(s̃

i
fuel,p.best) > 0.05 then

14: s̃ifuel,p.best ← s̃ifuel,ℓ
15: else
16: s̃ifuel,p.best ← argmin

(
βnconst(s̃

i
fuel,p.best), βnconst(s̃

i
fuel,ℓ)

)

17: end if
18: end for
19: s̃fuel,g.best ← argmax (α(s̃fuel,g.best), α(s̃fuel,p.best)) ▷ Only use s̃ifuel,ℓ

with βnconst(s̃
i
fuel,ℓ) ≤ 0.05

20: end for
21: Apply s̃fuel,g.best to the system

was developed in earlier work. Based on fuelling settings sfuel and air path
conditions sair, this engine model provides the in-cylinder pressure trace,
including the cycle-to-cycle variation during the compression and expansion
stroke. This model was validated using experimental engine data and shows
good prediction capabilities. It is further described in Chapter 2.

Using this model, first a brief discussion of the exploration mechanics
using αEI is presented. Second, a comparison is made between the four
acquisition functions presented in Section 4.3.5. The initial conditions and
settings for the evaluation are given in Table 4.2. The actuator ranges
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Table 4.2: Settings for the simulated engine calibration in Section 4.4 using
the method presented in this study.

Parameter Value

IMEPg,ref 4 bar
Qfuel range [1639.6, 2405.8] J/cycle
BR range [0.7046, 0.8188]
BR0 0.8
SOIDI range [−75, −35] CADaTDC
SOIDI,0 −45CADaTDC
[cov(IMEPg)]ub 10%
pmax 200 bar
dpmax 25 bar/CAD
nsample 25
nPSO 100
c0 0.1
c1 0.01
c2 0.1

and IMEPg,ref are chosen to be inline with the simulation model. The
bounds on the inequality constraints (pmax, dpmax an [cov(IMEPg)]ub) are
determined by the engine specifications. The parameters nsample and nPSO

are determined using a trail-and-error approach. The PSO parameters c0,
c1 and c2 are chosen to prefer a move towards the global optimum.

4.4.1 Evaluation of Single Acquisition Function

Figure 4.2 shows the acquisition function and constraint boundaries at dif-
ferent iterations of the BO using αNEI. It shows in Figures 4.2a until 4.2c
that up to the first 50 iterations the BO is expanding the constraint bound-
aries. The active constraint is the constraint on IMEPg and cov(IMEPg).
After 50 iterations the algorithm focusses on refining the information gath-
ered in the area within the constraint bounds as shown in Figures 4.2d.

The other acquisition functions presented in Section 4.3.5 show similar
patterns. For brevity, they are discussed in A.
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Figure 4.2: Solving the Bayesian Optimisation using αNEI with default
constraint settings. New samples (green), old sample (red); best observed
iteration (square), optimum (circle).
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Figure 4.2 (Cont.): Solving the Bayesian Optimisation using αNEI with
default constraint settings. New samples (green), old sample (red); best
observed iteration (square), optimum (circle).
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4.4.2 Comparison Between Acquisition Functions

Figures 4.3 and 4.4 show important observed parameters and the actuator
settings over time for the different acquisition functions presented in Sec-
tion 4.3.5. Figures 4.3a and 4.3b show the best observed cost JITC and GIE
over time. Figure 4.3c shows the cost at each iteration of the BO. It can be
seen that by using αNEI and αNPI the BO converges towards similar GIE;
however, using αNPI takes substantially longer. The acquisition functions
αEI and αPI start selecting suboptimal solutions after convergence.

Figure 4.4 shows the selected BR and SOIDI over time for the demon-
strated acquisition functions. Figure 4.4a shows that αPI and αNPI only
explore a small region of the allowed range of BR compared to αEI and
αNEI. Figure 4.4b shows that all demonstrated acquisition functions ex-
plore a similar range of SOIDI. The acquisition function αNEI keeps explor-
ing the full operating range within constrained bounds after the optimal
solution is found. The acquisition function αNPI tends to prefer selecting
the actuator settings close to the current best found solution, hence being
more exploiting. After finding the optimum solution αEI and αPI tend to
exploit a non-optimal actuator setting.

Figure 4.3d, 4.3e and 4.3f show the values related to the constraints
of each iteration. It can be seen that in all cases, the BO respects the
constraints. Since the constraints are not part of the acquisition function,
no difference between constraint handling is observed.

Table 4.3 shows a comparison between the four acquisition functions.
A comparison is made between the location of the found best solution and
the true optimum. Also a comparison is made between the difference in
JITC and GIE at the best found solution and the true optimum. Lastly, the
convergence time of each acquisition function is given for the used initial
conditions. The convergence time is define as the moment that a new best
solution is found, but the improvement in GIE is less than 0.1% compared
to the best found GIE at t = 300 s.

The acquisition functions using the expected improvement αEI and αNEI

found actuator setpoints that have an GIE less then 0.1% from the true
optimum within 60 s. The acquisition function using the probability of
improvement found an ∆GIE of 1.5% for αPI and 0.4% for αNPI; however
the convergence time of these acquisition functions is substantially longer
compared to αEI and αNEI. The fastest convergence time is achieved with
αNEI and the slowest convergence time with αPI.
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Figure 4.3: Important observed parameters over time using αEI (red), αNEI

(blue), αPI (green) and αNPI (black)
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Figure 4.4: Actuator settings over time using αEI (red), αNEI (blue), αPI
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Table 4.3: Overview of the best found solution and performance using the
different acquisition function presented in Section 4.3.5.

Acquisition ∆BR ∆SOIDI ∆JITC ∆GIE Convergence
function [-] [CAD] [J2] [-] time [s]

αEI 0.020 0.21 1.2 · 103 −8.2 · 10−3 57.7
αNEI 0.0067 0.0019 7.7 · 102 −9.3 · 10−4 56.8
αPI 0.0267 0.95 2.4 · 105 −1.5 · 10−2 208.7

αNPI 0.0139 0.29 1.0 · 103 −4.2 · 10−3 193.2
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The acquisition function αNEI is selected as the best option. It finds the
true optimum and shows a more exploitive behaviour when the optimum is
found and the feasible region is fully explored. Furthermore, a convergence
time of 56.8 s is found given the used initial conditions.

4.5 Conclusions and Future Research

This chapter presents an automated, risk-aware calibration method for
RCCI engine actuator setpoints. The proposed method uses constrained
Bayesian Optimisation (BO) as a probabilistic framework to guide the cal-
ibration process. The method does not require prior knowledge about the
system and during the calibration process knowledge about the system
is collected. Using a previously developed method that predicts the in-
cylinder pressure between IVC and EVO the proposed method is able to
prevent maximum peak pressures and maximum peak pressure rise-rates
that exceed specified bounds.

The proposed method was successfully demonstrate in simulations using
a validated RCCI engine model. The method was able to find the optimal
fuelling settings within 60 s for the used initial condition and acquisition
functions. No constraints were violated during the calibration process. As
a result, no unsafe setpoints were applied to the simulated system.

In the future, experimental demonstration of the proposed self-learning
calibration method is planned. This will require a reduction in the compu-
tation time of the algorithm. Furthermore, the algorithm can not handle
transient behaviour. This becomes especially important when the algo-
rithm is used in on-road applications, since it will be unlikely that the
engine will reach steady-state behavior.
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Chapter 5

Conclusions and

Recommendations

This thesis presents a modelling and calibration approach for advanced
heavy-duty Internal Combustion Engines (ICEs). These methods are data-
based and require minimal intervention of calibration engineers, potentially
reducing calibration time and effort. Specifically, it provides methods that
describe and deal with cycle-to-cycle variations within the combustion cy-
cle. These methods can support the development and deployment of more
sustainable and cleaner combustion engines.

In Chapter 2, a data-based model for the in-cylinder pressure and the
corresponding cycle-to-cycle variations is proposed. Therefore, describing
the contributions formulated in Contributions C1 and C2. This model com-
bines a Principle Component Decomposition (PCD) of the in-cylinder pres-
sure and Gaussian Process Regression (GPR) to map in-cylinder conditions
and account for cyclic variations. It is assumed that the weights related to
each Principle Components (PCs) can be modelled as independent stochas-
tic processes using GPR. The proposed data-based modelling approach is
successfully applied to an experimental Reactivity Controlled Compression
Ignition (RCCI) engine set-up.

In Chapter 3, a novel energy-based cylinder pressure optimization for-
mulation has been proposed. This is related to Contribution C3. It uses an
Idealised Thermodynamic Cycle (ITC) as reference; thereby, providing a
formulation that is inline with a large range of feedback control methods.
Furthermore, the proposed method provides a direct link with thermal effi-
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ciency, safety constraints and combustion stability. Hereby promising more
optimal performance during operation. Simulated experiments show that
the same GIE and fuel inputs are reached when optimising over the GIE
or towards an ITC.

In Chapter 4 an innovative automated, risk-aware calibration method
for RCCI engine actuator setpoints is presented. It provides the solution for
Contributions C5 and C4. The proposed method uses constrained Bayesian
Optimisation (BO) as a probabilistic framework to guide the calibration
process. The method does not require prior knowledge about the system.
During the calibration process new knowledge about the system is collected.
New knowledge about the system is used to determine future operating
points that are likely to improve the thermal efficiency. This new knowl-
edge is also used to update the region where operating points have a low
probability of violating constraints. Using a previously developed modelling
method that predicts the in-cylinder pressure between Input Valve Close
(IVC) and Exhaust Valve Open (EVO) the proposed method is able to pre-
vent maximum peak pressures and maximum peak pressure rise-rates that
exceed specified bounds. The proposed method was successfully demon-
strate in simulations using a validated RCCI engine model. The method
was able to find the optimal fuelling settings within 60 s for the used initial
condition and acquisition functions. No constraints were violated during
the calibration process. As a result, no unsafe setpoints were applied to
the simulated system.

5.1 Recommendations

This thesis presents a first itteration of an in-cylinder pressure model capa-
ble of capturing cycle-to-cycle variations using GPR and PCD. This model
was used to drive a constrained Bayesian Optimisation (BO) method to cal-
ibrate the combustion process. Based on the insights and results gathered
in this thesis, several directions for future research will be provided.

5.1.1 Demonstarting the Calibration Process on a Real En-

gine

In Chapter 4, the calibration method is only demonstrated on a simulated
engine. To prove the effectiveness of the calibration method, it is required
to demonstrate the method on a real engine setup. This demonstration
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will probably reveal shortcomings of the proposed method like required
computation time and modelling assumptions.

5.1.2 Hybrid Data- and Physics-based Modelling

The method proposed in this thesis does not rely on prior system knowl-
edge; however, extensive research is available on the influence of fuel and
air-path properties on combustion characteristics. These insights could
be used during the calibration procedure to accelerate the process. This
could be in the form of simple rules or more detailed physics-based models.
Compared to fully physics-based calibration methods, these models do not
have to be highly accurate; they merely need to provide sufficient guidance
to speed-up the early stages of the calibration process. As experimental
data is gathered, the data-based model presented in this thesis will provide
the necessary improvements on top of the physics-based model to properly
calibrate the combustion process.

5.1.3 Improving the Prediction of Cycle-to-Cycle Variation

During the development of the combustion model, it was assumed that the
weights related to the PCs can be modelled as an independent stoachstic
process; however, analysing using experimental data reveals that this as-
sumption is false. It is believed that this assumption limits the prediction
accuracy of cycle-to-cycle variation. As such, modelling the weights related
to the PCs as a dependent stochastic process is expected to improve the
prediction accuarcy of these variations. In turn, this might improve the
calibration speed.

Traditionaly, the variance predicted using GPR is interpreted as a mea-
sure of model uncertainty; however, in the work presented in the thesis,
the terms model uncertainty and cycle-to-cycle variation are used inter-
changeably. It would be beneficial to make a separation between these two
phenomena. Therefore, it is adviced to return to the original definition of
the variance in GPR, namely model uncertainty. This requires a separate
mechanism to capture cycle-to-cycle variation in the combustion process.



5.1. Recommendations 94

5.1.4 Improved Understanding of In-cylinder Pressure Ba-

sis Functions

In this thesis, PCD is used to determine the basis functions to decompose
the in-cylinder pressure as discussed in Chapter 2. To make this decompo-
sition, the used dataset must exhibit enough variations to properly capture
the complex behaviour of the in-cylinder pressure across a wide operating
range. Therefore, experimental data — for example obtained using a De-
sign of Experiments (DOE) — is required before the calibration process
presented in Chapter 4 can be applied. It is unclear if the proposed meth-
ods are effective when the used dataset has limited in-cylinder pressure
variations or more fundamental properties of the combustion are changed
(e.g., different fuels). To reduced the experimental time, it could be ben-
eficial to construct the required basis functions without data. This could
be achieved either by using a physicial interpretation of the PCD such that
the principle components can be constructed without the use of data, or
replace the principle component based basis functions with basis function
derived from fundamental combustion principles not related to a PCD.

5.1.5 On-vehicle Recalibration

The calibration method presented in this thesis provides an initial engine
calibration. It is assumed that during operating the operating points used
during calibration are selected to incorperated all operating points and
distrubances the engine will experience over its lifespan. However, extreme
operating conditions, changes in fuel qualities or wear of engine components
are typically not account for during the calibration process. To ensure
optimal engine performances over its lifespan, an on-vehicle recalibration
method is necessary. The framework presented in this thesis can serve as
a strating point for an online recalibration method.

5.1.6 Emission Limitations

In the calibration process presented in this thesis, emission constaints were
neglected. However, these constraints are an important part of engine cali-
bration. As such, they should not be ommit during the calibration process.
This would require a model to predict the emissions based on actuator set-
tings and other parameters and a method to include these constraints in
the presented BO approach.
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Henningsson et al. (2012) presented a method to predict emissions for
a Diesel engines using a PCD of the in-cylinder pressure. The predictions
are based on the weights related to the PCs of the in-cylinder pressure.
Therefore, this could serve as inspiration for a modelling approach that fits
the calibration framework presented in this thesis.

5.1.7 Dealing with and Using Transient Information

The calibration process presented in this thesis is limited to steady-state
behavior and does not account for transient behavior. As a result, the data
collected during a transient between a change of parameters and reaching a
steady-state are not used in the presented method. However, the system’s
behaviour during transients can still provided valuable information. More-
over, this transient data becomes espacially relevent when the transiant
behaviour is the target for optimization.
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Appendix A

Visualisation of the Different

Acquisition Functions

Figure A.1 shows the value of the acquisition function and constraint bound-
aries at different iterations of the Bayesian Optimisation (BO) using an
acquisition function that does not deal with noisy observations αEI. Fig-
ures A.1a and A.1b show that in the first 25 iterations the optimization with
αEI explores the constraint boundaries. During this period, the constraint
boundary is extended. This increases the feasible operating domain. After
the first 25 iterations the optimization with αEI selects one point close to
the initial guess as shown in Figures A.1c and A.1e. The optimization with
αEI does not show a tendency to prefer selecting operating points close to
the found optimum.

Figure A.2 shows the acquisition function and constraint boundaries at
different iterations of the BO using αPI. It shows in Figures A.2a and A.2b
that up to the first 25 iterations the BO is expanding the constraint bound-
aries. The active constraint is the constraint on IMEPg and cov(IMEPg).
After 25 iterations the algorithm focusses on refining the information gath-
ered in the area within the constraint bounds as shown in Figure A.2d.
During these iterations, the constrained boundry is extended a little bit,
but is not explored fully.

Figure A.3 shows the acquisition function and constraint boundaries
at different iterations of the BO using αNPI. It shows in Figures A.3a un-
til A.3d that up to the first 75 iterations the BO is expanding the constraint
boundaries. This expanding seems to be slower compared to the other ac-
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(b) Iteration k = 25

Figure A.1: Solving the Bayesian Optimisation using αEI with default con-
straint settings. New samples (green), old sample (red); best observed
iteration (square), optimum (circle).
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(d) Iteration k = 75

Figure A.1 (Cont.): Solving the Bayesian Optimisation using αEI with
default constraint settings. New samples (green), old sample (red); best
observed iteration (square), optimum (circle).
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Figure A.1 (Cont.): Solving the Bayesian Optimisation using αEI with
default constraint settings. New samples (green), old sample (red); best
observed iteration (square), optimum (circle).

quisition functions. The active constraint is the constraint on IMEPg and
cov(IMEPg).
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Figure A.2: Solving the Bayesian Optimisation using αPI with default con-
straint settings. New samples (green), old sample (red); best observed
iteration (square), optimum (circle).
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Figure A.2 (Cont.): Solving the Bayesian Optimisation using αPI with
default constraint settings. New samples (green), old sample (red); best
observed iteration (square), optimum (circle).
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(b) Iteration k = 25

Figure A.3: Solving the Bayesian Optimisation using αNPI with default
constraint settings. New samples (green), old sample (red); best observed
iteration (square), optimum (circle).
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Figure A.3 (Cont.): Solving the Bayesian Optimisation using αNPI with
default constraint settings. New samples (green), old sample (red); best
observed iteration (square), optimum (circle).
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