UNIVERSITYOF
BIRMINGHAM

ONLINE DYNAMIC OPTIMISATION FOR THE ENGINE
MANAGEMENT SYSTEM USING ARTIFICIAL INTELLIGENCE
METHODS

BY

ZIYANG LI

A thesis submitted to
The College of Engineering and Physical Sciences of
The University of Birmingham for the degree of

DOCTOR OF PHILOSOPHY

Department of Mechanical Engineering
School of Engineering

College of Engineering and Physical Sciences
University of Birmingham

August 2019



UNIVERSITYOF
BIRMINGHAM

University of Birmingham Research Archive

e-theses repository

This unpublished thesis/dissertation is copyright of the author and/or third
parties. The intellectual property rights of the author or third parties in respect
of this work are as defined by The Copyright Designs and Patents Act 1988 or
as modified by any successor legislation.

Any use made of information contained in this thesis/dissertation must be in
accordance with that legislation and must be properly acknowledged. Further
distribution or reproduction in any format is prohibited without the permission
of the copyright holder.



ABSTRACT

As the degrees of freedom for engine operations increases, the traditional calibration
approaches for the lookup-table-based engine management system become time-
consuming and labour-intensive. Besides, the lookup-table-based control method is not
robust to system uncertainty and high nonlinearity. Accordingly, artificial intelligence

methods are introduced to raise the automation level of the engine management system.

This thesis presents an intelligent non-model-based multi-objective calibration approach
using meta-heuristic algorithms. It relies on neither the engine model nor massive
experimental data. The experiment studies show that it can automatically locate the
optimum engine variable settings to provide the minimum fuel consumption and PM

emissions simultaneously with high efficiency.

A proportional-integral-like fuzzy knowledge based controller with the self-adaptive
capability and high robustness is developed to regulate the air/fuel ratio for engines. It can
reduce the effort to be spent in tuning controller parameters, and improve the system
transient response, compared to the conventional lookup-table-based proportional-integral

controller.

Subsequently, the controller parameters can be further improved using the intelligent non-
model-based transient calibration approach. A better air/fuel ratio transient response is

thus achieved.

All the calibration and control strategies have been validated on a real gasoline direct

injection engine via the rapid control prototyping platform.
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CHAPTER 1 INTRODUCTION

Since 1859, when French engineer J. J. Etienne Lenoir made the first two-stroke internal
combustion engine (ICE), and 1876, when German engineer Nikolaus A. Otto built a four
stroke spark-ignition engine which is similar to what we use today (Heywood, 1988), ICEs
have been retaining the most common power source for powertrains during the past
century. Even though the sustainable transport modes like hybrid vehicle, electric vehicle
and fuel cell vehicle are developed rapidly nowadays, the power storage, manufacturing
cost and universal performance are still limiting their wide utilization. Meanwhile,
researchers from different fields including mechanics, chemistry, electronics and
materials have made significant contribution to ICEs. Hence, the ICEs are allowed to still
remain the leading role as the power supplier for both conventional and hybrid

powertrains (Garcia et al., 2019; Garcia and Monsalve-Serrano, 2019; Huang et al., 2019).

1.1 Background and Motivation

According to the latest International Energy Outlook 2017 announced by the U.S. Energy
Information Administration, the world energy consumption will increase 28% from 2015
to 2040. Liquid fuels, mostly petroleum-based fuels, are still remaining the largest energy

supplier. The outlook is presented in Figure 1.1.
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Figure 1.1 Outlook of the world energy consumption by energy source (EIA projects
28% increase in world energy use by 2040 - Today in Energy - U.S. Energy Information
Administration (EIA), 2017)

The latest World Oil Outlook 2018 announced by the Organization of the Petroleum
Exporting Countries indicates that, the transportation, especially the road transportation,
accounted for 57% of the global oil product consumption in 2017, with a demand of 55.8
mb/d. The latest BP Energy Outlook 2019 edition also indicates that, the global
transportation is still dominated by oil. As Figure 1.2 shows, the oil will share 85% of the
transportation fuel consumption by 2040. Meanwhile, almost all the transportation
(>99.9%) is powered by internal combustion engines (ICE) — land and marine transport
by reciprocating ICEs and air transport by jet engines (Kalghatgi, 2018). There are around
1.2 billion passenger cars and 380 million commercial vehicles in the world and these
numbers will keep rising, almost entirely from the non-OECD countries like China and

India (Kalghatgi, 2018; 2018 Outlook for Energy).
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Figure 1.2 Final energy consumption in transport: consumption by fuel (BP Energy
Outlook: 2019 edition)

From the Eurostat’s latest energy, transport and environment indicators 2018 edition,
more than half of the passenger cars were petrol-driven in 15 of 24 European Union
member states in 2016 as the statistical data shows in Figure 1.3. In UK, the petrol still
made up the majority of the passenger cars’ fuel consumption. The “Other” category
indicates the type of energy other than petrol and diesel, including the liquefied petroleum
gas, natural gas, electricity, nuclear, biofuels and other alternative energy sources.
Poland and Turkey are two of the largest consumers in the world of liquefied petroleum

gas as a road fuel.



Belgium
Czech Republic
Denmark
Germany
Estonia
Ireland
Spain
France
Croatia

Italy

Cyprus
Latvia
Lithuania
Luxembourg
Hungary
Malta
Austria
Poland
Portugal
Romania (")
Slovenia
Finland
Sweden
United Kingdom

Liechtenstein
Norway
Switzerland

Form. Yug. Rep.
of Macedonia

Turkey
0 10 20 30 40 50 60 70 80 90 100

[ Petrol M Diesel M Other

Note: Data not avallable for Bulgaria, Greece, Netherlands and Slovakia.
M 2015 data Instead of 2016.

Source: Eurostat (online data code: road_eqgs_carpda)

Figure 1.3 Passenger cars by fuel type, 2016 (%) (Energy, transport and environment
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There is much interest in electric vehicles in recent years and many governments have
announced the desire to eventually ban the cars powered by ICEs, although it is not clear
if the intention is to ban all ICEs or ban the vehicles powered by ICEs only without any
electrical assistance. After all, ICEs are still employed in the hybrid powertrain systems

(Garcia and Monsalve-Serrano, 2019; Huang et al., 2019; Garcia et al., 2019).

Population
Energy Economic Fuels
Production Eowih Alternatives
Technology
Climat Customer Engines
Cl:’::gi Demands Vehicles
Air Quality Demand /
Supply
Security of Technology
SUPDW trends
Industrial
Policy
FUTURE
TRANSPORT
ENERGY

Figure 1.4 Evolution of the transport energy determined by the complex interplay among
various drivers (Kalghatgi, 2018)

The evolution of the transport energy depends on the complex interplay among various
drivers in Figure 1.4. All the alternative power sources are developed from a very basic
level and their growth speed is limited by a variety of factors. Therefore, reliable
predictions show that even by 2040 around 90% of the transportation will still be powered
by petroleum-driven combustion engines (2018 Outlook for Energy: A View to 2040;

World Oil Outlook 2018; Annual Energy Outlook 2019 with projections to 2050).



All'in all, although these alternative and renewable energy sources are predicted to fulfil
the energy demands in the future, it is expected that fossil fuels are still maintaining the
leading roles among these power suppliers, especially for the road transportation, due to
the security, storage, budget, technology and other issues. In addition, whether as a fuel-
powered vehicle or as a hybrid-powered vehicle, it still requires an ICE for propulsion,
which will consume fuel, result in emissions, take time and labour for calibration.
Therefore, the engine management system can still be expected to advance considerably

in the upcoming decades (World Oil Outlook 2018).

1.2 Development of Gasoline Engines

Gasoline engines are widely used for passenger cars because of their advantages as low
emission, simple structure, light weight, low cost of construction, smooth operation as
well as high rotational speed. During the past decades, the researchers and engineers
from different fields have made considerable contribution to the modern gasoline engines.
The development about the modelling and control of spark ignition (SI) engines is shown

in Figure 1.5:



Classical SI engine with
- carburetor = 1960
- mechanical contact breaker
«— transistorized (breakerless)
1gnition
<— electric fuel pumps 1963
<«+— glectromc-controlled carburetor
Fuel intake injection SI engine
with mechanical control

<— electronic (analog) control of

1965

fuel injection 1967
<— single point fuel injection
Clean Air Act (USA) 1968 — (mechanical)
first ol crnisis 1973 — <— knock sensor & control 1969
«— multipoint fuel injection 1973
<— air flow measurement 1973
Fuel injection SI engine with 1973
electronic control
<— J. sensor & control 1976

<— catalytic converter
<— combined ignition and fuel

injection control 1979

Fuel injection SI engine with

microprocessor control 1979

- 2~ 5 manipulated variables
onboard diagnosis 1988 —» | <— camshafi conirol
(OBD I, USA) — | <«— CAN-BUS system 1986
EURO 1 1992 — | <— electric throttle 1986
OBD 1T 1994 — | «— direct injection 1999

Direct injection SI engine

- with microprocessor control
- OBD diagnosis functions 1999
- = 10 manipulated variables

EURO 3 (EOBD) 2000 —= <— valve timing and hfi control 2001
EURO 4 2005 — | «— electromagnetic injectors

<«— supercharger

<— turbocharger

«— piezo injectors

Direct injection SI engine

- with microprocessor control
- stratified & homogenous

combustion
- variable valvetrain
- downsizing
EURO 5 2000 —
EURO 6 2014 —

Figure 1.5 Development about the modelling and control of SI engines (Guzzella &
Onder, 2010)

Gasoline direct injection (GDI) engines entered the car market in the late 1990s and have
been widely employed for passenger cars during the past decades due to the benefits as

stoichiometric fuel mixture, high thermal efficiency and potential reductions of HCs and



NOx emissions (Shuai et al., 2018). It is predicted that the global proportion of GDI
engines will overtake the proportion of port fuel injection (PFI) engines by 2020 in order
to meet the increasingly stringent regulations (Shuai et al., 2018; Xu et al., 2015).
Obviously, GDI engines still have great potential to achieve additional improvements in
respect of the thermal efficiency and pollutant emissions. Thus, they will be significantly

evolved in the next few years (Shuai et al., 2018).

Based on the summary from 2018 World Oil Outlook, the efficiency of gasoline engines
for passenger cars has been increased from below 20% in previous decades to around
35% on average today. Further technological advances should retain the gasoline
engines as the most economical and dominant transportation technology in the long-term,
especially in developing countries (2018 World Oil Outlook). Besides the improvement of
fuel efficiency, the cleaning of exhaust gas has also be significantly improved by
advanced techniques. Nowadays, the pollution of exhaust gas (mainly NOx and unburnt

hydrocarbons) from a gasoline engine is almost zero (2018 World Oil Outlook).
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Figure 1.6 Architecture of a series-parallel PHEV powertrain (Li et al., 2019c)



The hybrid electric vehicles (HEV) have been rapidly developed during the past decades
because they are regarded as cleaner and greener vehicles. HEVs use ICEs in
combination with one or more electric motors connected to a battery pack as a secondary
energy supplier providing propulsion to the wheels either together or separately. Thus,
they are a compromise between an ICE-powered vehicle and an electric vehicle. They
attempt to reduce the emissions of an ICE-powered vehicle, while significantly increasing
the mileage and overcoming the shortcomings of an electric vehicle (M. Sabri et al., 2016).
The plug-in hybrid electric vehicle (PHEV) is the most popular and advanced HEV. It can
exclusively use the electric mode for a certain distance before it switches to a normal
HEV, and its batteries can be charged by the outlets (M. Sabri et al., 2016). As for the
gasoline-electric HEVs, they have a gasoline engine like the one on most gasoline
vehicles. But the gasoline engine on a HEV is smaller with higher efficiency. The

architecture of a series-parallel PHEV powertrain can be found in Figure 1.6.
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Figure 1.7 UK passenger car roadmap (The Roadmap Report Towards 2040: A Guide
to Automotive Propulsion Technologies - UK Advanced Propulsion Centre (APC), 2018)



The latest 2018 passenger car roadmap (shown in Figure 1.7) from the UK Advanced
Propulsion Centre (APC) also acknowledges that “thermal propulsion systems will
transition from the sole propulsion device to part of a hybrid system” and “the ICEs for
passenger cars are expected to evolve through more ambitious downsizing with higher
levels of boost, advanced valve train control and more precise injection and breathing
strategies to achieve higher efficiencies”. Since ICEs are still widely adopted by HEVS,
there is no reason to ban the application and development of ICEs (2018 World Oil

Outlook).

1.3 Challenges for Gasoline Engines

Basically, there are two main problems restricting the further development of ICEs: fuel
consumption and emissions. Although the three-way catalytic converter is able to convert
99% of the HC, NOx and CO emissions to N2 and H20, the wide application of GDI
engines still results in non-negligible PM emissions (Zhang et al., 2018; Raza et al., 2018).
Hence, in consideration of the human health and environment, the regulations on
pollutant emissions are becoming more and more stringent. Besides, since the fuel supply
and demand situation becomes increasingly strained, the fuel economy has to be further

improved.

The emission legislation for gasoline engines in European Union was firstly proposed in
1992. Table 1.1 shows the details of the European Union emission standards for light-

duty gasoline powered passenger cars:
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Table 1.1 European emission standards for gasoline powered passenger cars
(Category M)*, g/km

Date Date
Tier  (Type (First CO  THC NMHC Nox HC*  py PN
: . NOx [#/km]
Approval) Registration)
Euro January 2.72 0.97
11 July 1992 4993 (3.16) - - (113) -
Euro  January January
2 1996 1997 2.2 i i i 0.5 ) i
Euro  January January
3 2000 2001 2.3 020 - 0.15 - - -
Euro  January January
4 2005 2006 1.0 010 - 0.08 - - -
0.005
Euro September January
5a 2009 2011 1.0 0.10 0.068 0.060 - . -
0.0045
Euro September January
5b 2011 2013 1.0 0.10 0.068 0.060 - . -
Euro September September 10 010 0.068 0.060 ) 0.0045 6x10"
6b 2014 2015 ' ' ' ' *x -
0.0045
Euro September 1
6c - 2018 1.0 0.10 0.068 0.060 - i 6x10
Euro 0.0045
September September : 1
6d- 2017 2019 1.0 010 0.068 0.060 - - 6x10
Temp
0.0045
Euro  January January i 1
6d 2020 2021 1.0 0.10 0.068 0.060 i 6x10

* Before Euro 5, passenger vehicles > 2500 kg were type approved as light commercial vehicles N4
Class |

** Applies only to vehicles with direct injection engines

*** B6x10'2/km within first three years from Euro 6b effective dates

T Values in parentheses are conformity of production limits

As shown in Table 1.1, all the engine pollutant emissions have to be regulated stringently.
Since 2015, the Euro 6 emission standard imposes a stricter legislation on PM emissions
and has separate restrictions for the PM number and mass for GDI engines specifically.

It has definitely led to extra challenges for GDI engines.
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At the same time, to satisfy the continually varying regulations on pollutant emissions and
to further reduce the fuel consumption, a lot of new techniques have been applied for
modern gasoline engines, such as the intake air boost, stratified combustion, Variable
Valve Timing (VVT), and GDI as mentioned above. Based on the latest Roadmap Report
Towards 2040 announced by UK Advanced Propulsion Centre (APC), the GDI engine is
expected to be effectively downsized before 2020 in coordination with the hybrid
powertrain system for passenger vehicles. The downsized GDI engine should be
equipped with higher levels of boost, advanced valve control system and more precise
injection and breathing strategies to achieve higher efficiencies before 2025. To further
reduce the pollutant emissions, newer architectures and novel combustion cycles are
required before 2030. However, these techniques make the engine calibration task
become a tough multi-objective optimisation problem. In addition, the engine transient
operations have become the majority in the real driving scenarios. Fortunately, the engine
control unit (ECU) with more powerful computational capability and greater storage is also
developed in order to cope with the increasing number of engine sub-systems and the
increasing degrees of freedom. Thus, the intelligent and efficient engine calibration and

control strategies are highly demanded.

1.4 Calibration and Control Strategies for Engines

The engine management system (EMS), also known as the ECU, is an electronic device,
fundamentally a computer or microprocessor, which can process the actual
measurements from the multitude of sensors located on the engine, operate hundreds of
the major control modules, deliver millions of lines of the code, perform millions of

calculations every second, and determine the corresponding instructions to each actuator
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in real-time, in order to achieve the very best engine performance, emissions and fuel
economy. Controlling the engine is always the most processor-intensive job on any
vehicles and that is all down to the EMS. Thus, EMS is the brain and the smartest system
for today's vehicles, as it is responsible for the control of entire engine working process.

In fact, EMS is also where the most advanced engine technologies are found.

The EMS uses a microprocessor to measure and process input parameters from the
engine in real-time, then uses a lookup table stored in a microcontroller chip to yield the
precomputed output values. The subsequent systems will compute these outputs
dynamically. This kind of EMS is only friendly to those who know the system details very
well. Besides, such system which relies on the precomputed values is only optimal for the
idealised engines and operating conditions. As the engines or operating conditions vary,

the system is less able to compensate.

The engine variable settings stored in these lookup tables have to be determined very
carefully by engineers in both steady status and transient status, in order to fulfil the
legislative standards and give the engines their best performance to meet all the driver’'s
expectations. This procedure is defined as engine calibration, one of the most important

steps of the vehicle development.

The task of engine calibration becomes extremely challenging even for the experienced
engineers, requiring a great deal of time and human labour together with expensive
equipment and various consumable items, since more and more sub-systems have been
introduced to modern engines. The complexity of the calibration arises not only from the
large number of adjustable parameters, but also from the trade-off relationships among

different objectives, essentially making the calibration a multi-objective optimisation
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problem (Millo et al., 2018). In addition, due to the ever-changing emission regulations
and the fierce competition in the automotive industry, the trade-off relationship between
the calibration efficiency and accuracy is becoming more and more important. For
instance, a BOSCH engine management system consists of tens of thousands of
variables to be calibrated, and there are more than 12,000 pages of the calibration
documents. Generally, it takes over 18 months with at least £1,000,000 to calibrate a new

engine for commercial application (International-Limited-of-China-Yuchai 2007).

Thus, a rapid and efficient engine calibration strategy has to be developed.

Meanwhile, with an increasing number of adjustable parameters, the conventional model-
based calibration and control strategies cannot satisfactorily address the higher
dimensional problems. A highly accurate model can ensure that the calibration results are
reliable for the real engine, whereas a poorly constructed model can lead to unfavourable
variable settings (Wong et al., 2018a). However, to generate a relatively accurate engine
model requires a lot of extra cost, time and labour, while none of the models can be

completely accurate as the real engines.

Hence, a non-model-based or online calibration strategy is highly recommended.

Since the modern engine’s control parameters grow substantially, it is found that the
conventional lookup-table-based control strategy has shown many defects especially in

the face of the highly non-linearity and engine parameter uncertainty (Li et al., 2019a).

Therefore, an online self-adaptive engine control strategy with high robustness and self-

adaptive capability is necessary.

Robustness refers to the ability to perform effectively while the variables or assumptions

are altered. A controller is acknowledged to be robust if it can handle variability and
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remain effective under a different set of assumptions. Unlike the conventional one-off
lookup-table-based control strategy, the online self-adaptive control strategy can optimise
the engine performances continuously by itself in real-time without the need of following
the predefined calibration maps. In other words, this strategy is a supplementary
technique for the non-model-based engine calibration, because it allows engine to adapt
to the change of environmental conditions automatically and always be operated for its
best performance based on the feedback signals from the on-board diagnostic (OBD)
instruments or sensors in real-time. Thus, it can help engineers get rid of massive engine
calibration works and save a great deal of money for automotive companies. Meanwhile,
the engine can be sold to customers without detailed pre-defined calibration maps in the

future.

Moreover, the proportion that the engine transient operation takes in the on-road or real-
driving tests keeps rising. However, due to the increasing complexity of the modern
engines, the engine transient calibration and control become more and more difficult.
Thus, an online multi-objective engine optimisation approach will benefit to not only the

steady-state engine calibration, but also the transient engine optimisation and control.

Accordingly, an online transient calibration approach cooperated with the self-adaptive

control strategy should be developed vigorously.

All in all, the future engine calibration approach is supposed to be developed from the
manual model-based calibration to the automatic non-model-based calibration. And the
control framework is supposed to be shifted from the fixed-gain-based offline static control
to optimum-gain-based online self-adaptive control as Figure 1.8 shows. Hence, there is

still plenty of space for researchers and engineers to develop advanced controllers and
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optimisers, aiming to further improve the engine management system and engine

performance.
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Figure 1.8 Control and calibration for real world fuel economy and emissions (Advanced
Control Methods - Ford Research & Innovation Centre - The Future Powertrain
Conference 2017)

As a preliminary exploration of the online dynamic optimisation for the engine
management system, the studies in this thesis will cover the developments of both
steady-state and transient engine multi-objective calibration approaches as well as the
engine self-adaptive control strategy. All of these strategies are developed towards the
“‘ideal system” stage, i.e. the blue area in Figure 1.8, in order to achieve the online

dynamic optimisation with the constrained optimal and adaptive controller gains.
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1.5 Objectives and Approaches

The main objective of this thesis is to optimise the GDI engine’s management system
through artificial intelligence methods. Specifically, this thesis is aimed at improving the
GDI engine’s performance, minimizing its fuel consumption and pollutant emissions, and
reducing the time and labour costed for calibration, by employing the multi-objective meta-
heuristic algorithm-based non-model-based calibration approach and the fuzzy-

knowledge-based self-adaptive controller. The detailed objectives are listed below:

To establish an engine test bench at the University of Birmingham for the validation of

the novel engine calibration and control strategies.

e To develop a rapid and intelligent non-model-based calibration approach, which is
able to automatically find the optimum engine variable settings to achieve the best
engine performance based on the multi-objective meta-heuristic algorithm.

e To apply the intelligent non-model-based calibration approach for both the steady-
state and transient engine calibration tasks, and to validate the calibration results via
experiment studies.

e Toimplement the fuzzy-knowledge-based self-adaptive control strategy in the Air/Fuel

ratio control system of a GDI engine, and to validate the controller’'s transient

behaviour via experiment studies.

1.6 Thesis Outline

There are seven chapters in this thesis. The outline of each chapter is listed as follows:

Chapter 1: Introduction
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This chapter offers the background and motivation of this thesis, including the
transportation energy scenarios, the development and challenges of gasoline engines,
as well as a general introduction for the engine calibration and control strategies. The

research objectives, approaches and thesis outline are also presented.

Chapter 2: Literature Review

This chapter is formed by the reviews of the publications related to this thesis, including
the engine multi-objective calibration strategies and control strategies, the numerical
simulation of spark ignition engines, the artificial intelligence methods, as well as the

Air/Fuel Ratio (AFR) control system.

Chapter 3: Experimental Set-up

This chapter introduces the details of the experimental set-up, including the hardware and
software. As for the hardware, the specifications of the engine employed in this thesis is
listed at first, followed by the details of the dynamometer-based test bench, Rapid Control
Prototyping (RCP) test hardware, and engine performance measurement devices. In
terms of the software, the MATLAB/Simulink-based controller design, RCP associated

software and experimental data processing methods are presented.

Chapter 4: Intelligent Non-model-based Calibration Using Artificial Intelligence Algorithms

This chapter introduces the intelligent non-model-based calibration approaches using the
chaos-enhanced accelerated particle swarm optimisation (CAPSO) algorithm and
strength Pareto evolutionary algorithm 2 (SPEAZ2), which can optimise the engine’s brake
specific fuel consumption (BSFC), particulate matter emission number (PMn) and mass
(PMm) by automatically adjusting the engine variable settings: intake valves opening (IVO)

timing, exhaust valves closing (EVC) timing, spark timing, injection timing and ralil
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pressure. The real-time optimisers have been developed based on MATLAB/Simulink
and implemented on a V6 GDI engine test bench through Rapid Control Prototyping (RCP)

technology to validate their performance.

Chapter 5: Self-adaptive Air/Fuel Ratio Control Strategy with a Pl-like Fuzzy Knowledge

Based Controller

This chapter presents a new concept of the proportional-integral-like (Pl-like) fuzzy
knowledge based controller (FKBC) with self-adaptive capability and high robustness.
The proportional term, integral term and output signal of the PI-like FKBC are non-linear
functions of the input signals and self-tuned in real-time. The Pl-like FKBC is implemented
on a V6 GDI engine to regulate the AFR. Its transient performance is evaluated through

experiment studies.

Chapter 6: Transient Calibration for the Pl-like Fuzzy Knowledge Based Controller of the

AFR Control System Using a CAPSO Algorithm

This chapter introduces an enhanced intelligent Pl-like FKBC using the CAPSO algorithm
to automatically define the optimum controller parameters. An alternative time-domain
objective function is applied for the transient calibration program without the need for a
prior selection of the search-domain. The real-time transient performance of the
enhanced controller is investigated via experimental studies on the AFR control system

of a V6 GDI engine.

Chapter 7: Conclusions and Future Work

This chapter summarizes all the achievements found in this thesis, and provide some

ideas and advises for the future work.
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CHAPTER 2 LITERATURE REVIEW

This chapter is formed by the reviews of publications relevant to the “online dynamic
optimisation for the engine management system using artificial intelligence methods”. The
contents include the major developments of the engine multi-objective calibration and
control strategies, the major developments of the numerical simulation of S| engines, the
applications of artificial intelligence methods, and the major developments of the AFR

control system.

2.1 Engine Multi-Objective Calibration Strategy

The calibration is to determine a combination of engine variable settings which is able to
achieve the best trade-off among conflicting engine performances and particular
requirements. The fuel consumption and pollutant emissions are the most classic
objectives. Performing the calibration demands a fully automated engine control and
measurement platform, including the engine ECU, calibration tools, dynamometer and its
controller, measurement devices, and various test cell equipment that need to be
coordinated. Based on different purposes, the engine calibration can be divided into two
major categories. One is the steady-state engine calibration, which is applied for
calibrating engine steady status performance and revising the calibration maps for
gradually varied conditions, including the engine’s service life and the long term change
of the external environment such as the environmental temperature, pressure and
humidity (Ma, 2013). The other category is the transient engine calibration, which is used
for achieving the excellent engine transient performance. It is also supposed to

automatically adapt to the driver's driving behaviours on-board, such as stop-start,
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acceleration and braking in the future (Ma, 2013). The automation level of both two
calibration categories should be further improved based on the multi-objective meta-
heuristic algorithm, in order to save time, manpower and budget spent on massive engine

calibration works.

2.1.1 Model-Based Calibration Using Design of Experiment

In terms of the conventional static manual calibration approach, engineers have to
determine the optimum variable settings manually through hundreds of trial-and-error
experiments. To be specific, engineers have to adjust the engine variable settings
manually based on their experience until the best engine performances are achieved.
Then, the corresponding engine variable settings will be stored in the ECU as the
calibration maps (Wong et al., 2018a). This manual calibration approach may be still
viable when a relatively small group of variables and objectives are involved. However,
the rapid development of modern engines has resulted in an increasing complexity of
powertrain systems. Due to the large quantity of adjustable variables and the high
degrees of freedom, the burden of trial-and-error experiment for the fully manual
calibration approach has increased exponentially which requires plenty of consumable
items together with remarkable time consumption and manpower. This conventional
calibration approach is also constrained by the combinatorial exploration of the parameter
space. In addition, when the engine gets aged or meets a wider range of operation
conditions, its performances will definitely vary. Then, the engineers have to revise the
calibration maps manually again. All of these facts make the manual calibration approach
impractical even for the experienced engineers. To address this challenge with a

satisfying expenditure of the costs and time, the model-based calibration approach has

21



been proposed and fully developed during the recent years, which is able to significantly
shorten the time required for various calibration tasks (Jiang et al., 2012). As the name
implies, the model-based calibration approach is to identify the engine variable settings

on the basis of a mathematical engine model and then to verify them on a real engine.

The Design of Experiment (DoE) method is first employed by the model-based steady-
state calibration. It is underpinned by statistical modelling of the engine responses, using
test data collected at fixed engine speed / load operating conditions (Kianifar, et al., 2016).
Rather than running a large quantity of experiments, the DoE method begins with some
representative combinations of parameter settings and optimally distributed
measurements. Thus, much fewer experiments are demanded to capture the engine
performance effectively (Wong, et al., 2018b). In other words, the main purpose of the
DoE method is to collect the maximum possible information with the minimum
measurement effort. The number of the experiments should be minimised but can still
obtain the sufficient data to generate a statistical model with satisfying fidelity to show the

engine responses to variations (Jiang, et al., 2012).

The DoE methods commonly used for the steady state engine mapping experiments
include Optimal DoEs (e.g. D-Optimal and V-Optimal) and space-filling DoEs (Kianifar, et
al., 2016). The space-filling DoEs, particularly the Optimal Latin Hypercube (OLH)
designs, have been increasingly used, given that they enable more flexibility to
characterise the engine behaviour over a wider design space (e.g. over the whole engine
speed-load space), with no prior knowledge required regarding the type of model which
is adequate to represent the engine response trends (Kianifar, et al., 2016). On the basis
of DOE, the data measured from selected engine tests are then used to construct

statistical models using data-driven modelling methods (such as the non-physical models
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listed in section 2.3). The calibration is actually carried out on these data-driven models
until the optimum results are obtained. As a result, the resources for measurement
including the fuel, time and labour can be significantly reduced, but the fact behind this

calibration method is still the manual calibration on engine models.

Many commercial calibration tools have been developed in recent years. CAMEO is a
commercial tool developed by AVL LIST GmbH for the engine calibration. A mathematical
engine model is automatically generated by the CAMEO modelling module based on the
experimental data measured in the DoE tests. Then, the calibration process based on the
generated engine model will be conducted. The ECU maps are automatically built by the
map generators from the optimisation results (AVL CAMEO All-In-One Powertrain
Calibration). However, this approach needs experienced calibration engineers to design
the corresponding experimental traces by DoE. Even though fewer experiments are
required by DoE to construct an engine model, the increasing number of variables and
objectives still leads to excessively complicated experimental tests followed by the
unpredictable measurement time (Ma et al.,, 2017). Thus, a highly automated and
intelligent engine calibration strategy is desired to replace the manpower and improve the
efficiency of the model-based calibration approach. In order to achieve this objective, it is
essential to employ a simplified control-oriented mean value model as a virtual engine,
together with an efficient online optimisation algorithm which can find the optimal variable

settings automatically and incrementally based on the local engine models.
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2.1.2 Model-Based Calibration Using Multi-Objective Optimisation Algorithm

The complexity of the calibration task arises not only from the large number of adjustable
parameters, but also from the trade-off relationships among different objectives,
essentially making the calibration a complex multi-objective optimisation problem. Thus,
the multi-objective meta-heuristic algorithms have been introduced to the calibration
works by providing a generation-by-generation instruction and optimisation (Yang, 2014).
These algorithms can take place of the manpower to get closer and closer to the optimum

solutions as they progress.

From the point of view of developing the real-time efficient calibration strategy, only the
main features indicating the engine performances are desired. Thus, the zero-
dimensional mean value engine model based on the Wiebe function is widely used as a
real-time virtual engine. For example, Ma et al. have constructed a semi-physical and
semi-statistical GDI engine mean value model as the control-oriented model. It consists
of the engine geometry model, gas exchange model and engine performance evaluation
model, which are all generated based on the physical equations. But its combustion
model is obtained by a series of empirical formulae, i.e. Wiebe functions (Ma et al., 2019).

Details for the mean value model will be introduced in section 2.3.3.

Meta-heuristic algorithms, also termed nature-inspired evolutionary algorithms, have
been successfully utilized to resolve the multi-objective problems for industry. They
involve the trial-based meta-heuristic search processes, and adopt the natural selection
concept among species to locate the optimum solutions within the constraint (Kaveh and
Dadras, 2017; Netjinda et al., 2015). Each variable or input for the optimisation process
is represented by an individual agent. After the iteration started, the individuals in each

generation are evaluated based on a fitness function defined by users. At the end of each
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iteration, the fittest individuals are picked out to regroup a new generation of individuals.
Then, the locally optimum results are located generation by generation. After a certain
number of iteration loops, the globally optimum results are supposed to be found. In
addition, thanks to the rapid development of CPU storage and calculation ability, the
meta-heuristic algorithms can be embedded with the model and locate the calibration
results more efficiently. The meta-heuristic algorithms used for the engine calibration will

be introduced in details in section 2.4.

A great many of studies have been carried out on the model-based calibration using the
meta-heuristic algorithms during the past two decades. A multi-objective optimisation
strategy with Pareto-based genetic algorithm (GA) has been developed (Deb et al., 2014).
It is able to optimise the brake-specific energy consumption (BSEC), brake thermal
efficiency (BTHE), and volumetric efficiency for a single-cylinder diesel engine with
hydrogen as dual fuel. However, this strategy uses a single adjustable parameter. Then,
Millo et al. have used GA for the multi-input and multi-output (MIMO) calibration of a diesel
engine to minimise the brake specific fuel consumption (BSFC), combustion noise, brake
specific emissions and exhaust temperature (Millo et al., 2018). However, although it can
improve the automation level for the engine calibration, the time consumption is still high
and the GA is introduced unclearly. Moreover, Ma et al., 2019 develop an intelligent
model-based multi-objective calibration approach using the strength Pareto evolutionary
algorithm 2 (SPEA2) (Ma et al., 2019). A simplified control-oriented GDI engine mean
value model is employed. This approach can locate multiple optimum engine variable
settings (spark timing, injection timing, intake valves opening (IVO), exhaust valves
closing (EVC), and rail pressure) to minimise the BSFC and PM emissions (including both

PM number and mass) at a particular operating point with good accuracy and speed. In
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each iterative cycle, the SPEA2 optimisation approach is performed to search for the best
variable settings. The iteration is repeated until the globally optimum variable settings of
that operating point are found. Thus, the calibration process can repeat with multiple
operation conditions to cover the entire engine map. To verify the effectiveness of the
proposed approach, the calibration results are validated by experiments on a real engine

test bench. The workflow is shown in Figure 2.1.
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Figure 2.1 Workflow of the intelligent model-based multi-objective calibration approach
using the SPEA2 (Ma et al., 2019)

However, with the increasing complexity of modern engines, the conventional model-
based calibration approach cannot satisfactorily address the issues of higher
dimensionality problems and transient operations. Because the calibration is conducted
on models instead of real engines, the reliability of the calibration results for the real
engines significantly relies on the accuracy of the engine models. But it is almost

impossible to generate a sufficiently accurate control-oriented engine model with the
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desirable computational speed. Meanwhile, the control-oriented engine models, mostly
zero-dimensional mean value models, which neglect most of the engine dynamic
phenomena, are poor at imitating the engine fast transient behaviours. Moreover, the
model-based calibration approach is not robust enough, which means that engineers
have to generate a new model for a new engine and repeat the calibration jobs again.
Thus, an intelligent online dynamic, or termed non-model-based, calibration approach is

demanded.

2.1.3 Non-model-based Calibration Using Multi-Objective Optimisation Algorithm
Compared with the model-based calibration approach, the non-model-based calibration
approach is able to skip the procedures of DoE planning, experimental measurements,
engine model construction and validation, as Figure 2.2 shows. Accordingly, a
computational intelligence non-model-based calibration approach has been developed
by Ma et al. (Ma et al., 2017). The SPEAZ2 is applied to this automatic engine calibration
process without the need of an engine model. Both of the model-based approach and
non-model-based approach will cost time to locate the globally optimum results because
of the operation of the algorithm. But the non-model-based approach can save the time
spent on modelling (from many months to several weeks, depending on the complexity
of the model). Thanks to the development of the rapid control prototyping (RCP) and
external ECU bypass technology, a Simulink-based calibration optimiser embedded with
the algorithm is developed and allowed to communicate with a real GDI engine on-board
in real-time. It overcomes the shortcomings of the model-based calibration approach
listed in section 2.1.2. Experimental results have verified that this non-model-based

calibration approach is able to automatically find the optimum engine variable settings
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(spark timing, injection timing, IVO, EVC, and rail pressure) to minimise the fuel
consumption and PM emissions, with high efficiency and good accuracy. It does not rely
on either the engine model or massive test bench experimental data. Once the optimiser
is generated and the target system is able to communicate with the optimiser, the
optimiser will treat the system as a “black-box” system and locate the optimum variable

settings automatically and efficiently.
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Figure 2.2 Comparison between the model-based calibration and the non-model-based
calibration (Ma et al., 2017)

However, although the calibration process is totally automatic, the time consumption
should be further reduced and the calibration results should be further improved. To
achieve these targets, a more efficient online optimisation algorithm must be employed
within this framework of non-model-based calibration, in order to further improve the

automation level of engine calibration.
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2.1.4 Steady-state Multi-objective Calibration Strategy

For an engine, when the certain environmental or operating conditions change, it takes a
while for the engine performance to stabilize and reach its final status. As for the steady-
state calibration, the time domain is regarded as “infinity”. Only the final engine
performance in steady status is taken into consideration and its corresponding engine

variable settings will be stored in the ECU.

During the past decades, a lot of studies have been concerned with the steady-state multi-
objective engine calibration, but most of them still focus on the model-based calibration
approach. Jiang et al. have used the DoE model-based calibration approach to define the
optimal settings for spark advance, AFR and intake VVT across the interested operating
region (speed and load), to minimise the BSFC of a 2.0L in-line 4 cylinder gasoline engine
(Jiang et al., 2012). Kianifar et al. have improved the model-based engine calibration
using an integrated sequential DoE strategy to manipulate the injection timing, fuel rail
pressure and variable camshaft timing variables in order to minimise the CO, and

particulate number emissions of a V8 GDI engine (Kianifar et al., 2013).

2.1.5 Transient Multi-objective Calibration Strategy

The transient response can be treated as the system’s instant behaviour against the input
change or disturbance. Thus, compared with the steady-state calibration which focuses
more on the final results, the engine transient calibration considers not only the final
engine steady-state performance, but also the process of how the system reacts against
the inputs dynamically with less settling time and less oscillation. The duration during

which the system keeps adopting the changes is called the transient state or response.
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The current engine transient calibration is still a model-based calibration and replies on
the steady-state calibration results with the interpolation method for transient operations.
This kind of calibration approach cannot really capture the transient driver’'s behaviours,
but approximately simulate the transient performances by fitting the steady-state
calibration results. Thus, the effect of this transient calibration approach still heavily relies
on the accuracy of the model and calibration maps. Although an accurate engine model
and well-trained steady-state calibration results are able to improve the transient
calibration results, they are still significantly limited by the model-based steady-state
calibration methods and cannot be further implemented for the higher dimensionality
optimisation problems (Ma, 2013). Therefore, it is expected to develop an online dynamic
optimiser which is able to capture the engine transient performances (e.g. AFR)
corresponding to the driver’s transient behaviours continuously in real-time, in order to
improve the reliability of calibration results and save engineers from masses of calibration

works.

Montazeri-Gh et al. have applied the particle swarm optimisation (PSO) algorithm for
tuning the gains of a gas turbine engine (GTE) fuel control system (Montazeri-Gh et al.,
2012). The fuel flow is optimised to reduce the response time during the engine
acceleration and deceleration, and reduce the fuel consumption as well. Then, Park and
Choi have used a multi-objective Pareto method with the model-based control to optimise
the dual-loop EGR split strategies, and thereby minimised the NOx and fuel consumption
for a diesel engine through the step transient analysis (Park and Choi, 2016). Moreover,
Yu et al. have used the PSO algorithm to optimise the acceleration controller of a gas
turbine aero-engine in the transient state (Yu, et al. 2017). The simulation results show

that the optimised acceleration controller can track the acceleration command rapidly and
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accurately. However, all of these methods are still validated through simulation studies
on engine models. Their performances on real engine transient operations are hard to be

evaluated.

2.2 Engine Control Strategy

In order to promote the automation level, reduce the cost for calibration, and improve the
system transient response, more and more intelligent control strategies have been
developed and implemented on gasoline engines. Among these control strategies, the
robust adaptive control method gets the most attention, which allows the controller to be
easily parameterized and allows engineers to get rid of the numerous calibration works.
There are two categories of the control strategies, i.e. the model-based control methods

and the non-model-based control methods.

2.2.1 Model-based Control Method

In the model-based control system, the data transmission is usually discrete, and the
control signal is first transmitted to a prediction model, which will optimise the control
signal before it is sent to the actual control system. Even though the engine management
system is very complex, its internal dynamics are actually interrelated and often limited
within a scope. For example, the opening of throttle and the VVT must be limited in a
given range. Thus, most control problems in the automotive industry are stated as the
constrained multi-objective control problems. The model predictive control (MPC), also
termed the moving horizon control or receding horizon control, has been widely adopted

to resolve the multi-objective control problems for many years (Zhang et al., 2017).
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The MPC was first developed in the 1980s for the control of complex linear multiple-input
multiple-output (MIMO) systems with constrained variables. Initially, it was only suitable
for solving slow dynamic systems. Nowadays, after years of development, it has become
a common control method in many fields and has been extended to solve many non-

linear and fast dynamic systems (Del Re et al., 2010).

The MPC is widely used in the feedforward control. It formulates the control problem as
a MIMO control task and yields an approximate solution based on the dynamic prediction
model while satisfying the constraints. The approximate solution will be very close to the
actual optimum solution at each moment. The MPC sorts the optimised control signals
and outputs an optimum one to regulate the cost function to its minimum, maximum or a
specific value under the constraints. The MPC can only optimise the current timeslot
repeatedly while considering the impact on the future timeslot. When the actual response
of the plant is taken into account, the closed-loop control can thus be achieved (Del Re
et al., 2010). The classic structure of an MPC implementation can be found in Figure 2.3.
It consists of three main blocks: the system model, the dynamic optimiser, and the

evaluation block with the cost functions and constraints.

MPC controller
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Figure 2.3 A general MPC control loop (Del Re et al., 2010)
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The performance of an MPC controller depends on the accuracy of the internal prediction
model. However, since the conventional linear MPC cannot directly solve the non-linear
systems, the internal prediction model for a non-linear system has to be linearized first
before implementation. Accordingly, the entire internal prediction model will be divided
into a set of state-space identified models which are trained separately, in order to deal
with the wider range of engine operations (Borhan et al., 2015). Meanwhile, each state-
space identified model is assigned to an MPC controller. Thus, a single MPC controller is
converted to multiple MPC controllers. At runtime, the individual MPC controllers are
switched by the particular engine operation conditions (Pahasa and Ngamroo, 2015).
Based on this framework, the MPC controller can achieve a relatively better tracking
performance and prediction accuracy (Zhang et al., 2018; Koli et al., 2018; Zhu et al.,
2016). Nevertheless, the multiple MPC controllers cannot assign the sub MPC controllers
to individual systems effectively for the transient changes of engine operating conditions

and high nonlinearities (Zhang et al., 2018).

To overcome the disadvantage that the linear MPC cannot handle the non-linear system
directly, a concept of non-linear MPC (NMPC) was also proposed (Lee et al., 2011). The
NMPC controller can achieve a better trajectory tracking performance for non-linear
applications by using the non-linear prediction model, which makes it possible to output
the prediction as a non-linear function of the current state and input trajectory. However,
the computational burden gets higher as well. To improve the computational efficiency for
real-time NMPC applications, the Sequential Quadratic Programming (SQP) is employed
as the solver (Zhu et al., 2016). SQP is an iterative method to optimise the nonlinearly
constrained optimisation problems (Torrisi et al., 2016; Albin et al., 2015). Although it is

very computationally demanding, the NMPC controller has been widely employed for the
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control of ICEs and the enhanced transient behaviours are also observed (Torrisi et al.,

2016; Albin et al., 2015; Lee et al., 2011).

An innovative idea has been proposed in recent years which combines the MPC with an
artificial neural network (ANN). This is because the ANN model is able to approximate
the multi-dimensional input-output relationships among selected variables, which can be
compatibly implemented to generate the internal prediction model and solve the online
optimisation problem (Pan and Wang, 2012; Yan and Wang, 2014). Therefore, the neural
network model predictive control (NNMPC) is developed for many applications, including
AFR control of Sl engines (Shi et al.,, 2015), combustion control of HCCI engines
(Janakiraman et al., 2016), air path control (Albin et al., 2015; Albin et al., 2017), and
coordinated control over the throttle and waste-gate of turbocharged gasoline engines

(Hu et al., 2018).

The model-based control has two major inherent drawbacks. Firstly, the reliability of the
prediction solutions on real engines significantly depends on the accuracy of internal
prediction models. Meanwhile, the internal prediction models have to be of low complexity
in order to get the reasonable computational speed. Thus, it's almost impossible to
generate a sufficiently accurate model which can capture all the engine transient and non-
linear behaviours while still satisfying the computational speed for an efficient online
optimisation. How to figure out the trade-off between the reasonable computational speed
and the reliable control solution is still the main challenge for the model-based control.
Secondly, the model-based control approach is not sufficiently robust. Hence, it is not
sensible to expect that one predictor is universal for any models and any engines. A new
model-based controller has to be generated and trained for a new plant or under new

operation conditions.
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The MPC was usually employed for the higher level supervisory control scheme when
the sensors failed to offer the measurements in real-time. The higher level supervisory
control scheme is supposed to output a precise control signal for the plant rapidly,
because it has to give the following individual controllers a precise overall process
instruction and allow the integration of operations between individual controllers. However,
the transmission delay caused by sensors used to be a considerable problem and only
the effective estimator can mitigate the consequence. Nowadays, thanks to the
remarkable development of sensors and ECU, the engine dynamics can be reflected in
real-time. Thus, only a general feedforward control loop is essential. By contrast, the
feedback control loop becomes more and more important, after all it is the key to
compensate and correct the error for the control system. In the circumstances, the robust
and self-adaptive capabilities are more aligned with the request by feedback control loop,
especially for the underlying or lower level direct control scheme. Accordingly, the non-
model-based controllers have attracted the attention of researchers to cope with the

modelling uncertainties and high nonlinearity.

2.2.2 Non-model-based Control Method

Because the high complexity, system uncertainties, unknown dynamics, external
disturbances, high nonlinearity and various transient behaviours are widespread in the
modern engines, it is almost impossible to generate a sufficiently accurate control-
oriented engine model with the favourable computational speed. Thus, the non-model-

based controllers have been widely developed during the past decades.
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The non-model-based control method, also simply called motion-based control technique,
does not rely on any models and utilizes the system real-time feedback signals as the
core inputs. It purely depends on the system states (motion), and assumes that certain
variables are unknown but constrained (Saied et al., 2019). Users just need to find the
response of the close-loop system and then adjust the controller parameters based on
that, even though the system models are unavailable. Therefore, the non-model-based

control method is capable of high robustness and fault-tolerant capability.

With the development of the rapid control prototyping (RCP), the non-model-based
control strategies are applied in automotive industry. Generally, the RCP tool provides a
means for the rapid development and testing of the control strategy, simply using the
MATLAB/Simulink-based controller. The controller is implemented on the real machine
with multiple I/O interfaces to control the real-world systems in real-time. Then, engineers
are allowed to develop, test, verify and refine both the traditional and novel control laws,
and evaluate the response of a particular system based on the actual target system
instead of a model. Meanwhile, engineers can deploy the control system to the hardware
easily without coding complex software. The controller designed and implemented on the
RCP tool gathers the input signals, executes the program, computes the algorithms, and
commands the outputs to the connected actuators. Engineers can accomplish the non-
model-based control on a real-world target system once an actual test bench has been
set up in the laboratory. Moreover, the RCP decreases the development time by giving
engineers an opportunity to verify and validate the controller continuously during the

earliest possible stages. It owns high control fidelity with low-latency.

The simplest and basic nhon-model-based control approach is the proportional—integral—

derivative (PID) control, which was first proposed in the early 1900s. It is still the most
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commonly used control algorithm in the control field and automotive industry so far, owing
to its numerous benefits, including the relatively simple structure, good stability and
security, easy implementation and low-cost maintenance (Civelek et al., 2016; Guzman
et al., 2018; Razvarz et al., 2019). The PID controller retains its strategic position in the
industry and non-model-based control field (Saied et al., 2019). More than 95% of the
closed-loop control systems in the industry are based on PID control, while PI controllers
accounting for the majority (Kumanan and Nagaraj, 2013; Guzman et al., 2018). That is
because the PI controller only needs to identify two parameters, which definitely simplifies
the control system while maintaining desirable control results (Dogruer and Tan, 2018).
Thanks to its simple structure, even the operators without abundant control experience
can tune the PID controller. In contrast, many modern advanced non-model-based

controllers are very complicated in structure, while providing a slight improvement.

The transformation function of a PID controller can be expressed as:
1 1
upip(s) = K, (1 + ot Tas) E(s)= KpE(s) + Ki S E(s) + KySE(s) (2.1)

where up, (s) is the control signal and E(s) is the error signal; K,, is the proportional gain;

T; and T, are the integral time constant and the derivative time constant respectively;
K; = K,/T; is the integral gain and K; = K, *T, is the derivative gain; s is the
independent variable of the Laplace transform. The effect of each gain is: the proportional
term generates an overall control action proportional to the error signal, and shortens the
rise time; the integral term reduces the steady-state error by low-frequency compensation
until the steady-state error is eliminated; the derivative term improves the transient

response with high frequency compensation and reduces the overshoot and settling time.
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Figure 2.4 Block diagram of the PID controller (Meshram and Kanojiya, 2012)

In recent years, many studies have found that tuning the derivative term K; has no
significant effect and may even degrade the stability for the transient or instant control
system. Thus, many operators decide to abandon the derivative term (Li et al., 2006; Ang
et al., 2005). This is another reason why the PI controller is even more popular than the
PID controller. For the optimum performance, K,, K; and K; have to be defined and
adjusted corporately. Due to the different control plants, most PID controllers are tuned

on-board.

The Ziegler-Nichols tuning method is widely used to determine the initial parameters of a
PID controller. It begins with a low/zero value of K,,. Then, increase it until a steady-state
oscillation occurs. Note this gain as K., and the sustained oscillation with period P,
(measured in seconds as Figure 2.5 shows). Finally, calculate the K,,, T; and T, based on

K. and P.,. as the following table shows:

Table 2.1 Ziegler—Nichols tuning method: gain estimator chart

Controller K, T; T,

P 0.5K,, % 0

PI 0.45K,, 0.833P, 0
PID 0.6K,, 0.5P,, 0.125P.,
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Figure 2.5 Sustained oscillation with a period P, for the Ziegler—Nichols tuning method
(Meshram and Kanojiya, 2012)

PCF

Generally, the conventional lookup-table-based PID/PI controller has three major defects

making it impossible to be further applied for more practical dynamic systems.

Firstly, it is very troublesome to determine the controller parameters for a given system
(Song et al., 2017). Ziegler-Nichols tuning rules can only generate a series of approximate
values as reference points followed by the hand-tuning method through "guess and
check" for each engine operating condition one by one until fine parameters, i.e. the
relatively good proportional, derivative and integral gains, are obtained (Yadav et al.,

2016). Thus, it is time-consuming and labour-intensive.

Secondly, the calibrated controller gains for each operating condition will be stored in a
lookup table. The controller has to work in accordance with the lookup table and perform
with the constant proportional, derivative and integral gains under a certain operating
condition (Yadav et al., 2016). Hence, the lookup-table-based PID/PI controller is not
robust. Due to the lack of self-adaptive property, the look-up table has to be re-calibrated
again for different control plants or operating conditions. This drawback also results in the

relatively poor performance of the lookup-table-based PID/PI controller at the non-
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calibrated operating conditions, because the fact behind it is still the linear interpolation

method, which comes to the third defect (Yadav et al., 2016).

The third major defect is that, even though the PID/PI controller can effectively regulate
the linear time-invariant systems, its performance with the highly non-linear systems, time
varying dynamic systems, and complex systems with uncertain parameters or unclear
mathematical relationships is still unclear, because the controller parameters at the non-
calibrated operating conditions are obtained through the linear interpolation method as
mentioned above rather than systematically or adaptively determined (Civelek et al., 2016;

Song et al., 2017).

Thus, the existing methods have to be promoted considering its fault-tolerant capability,
self-adaptive capability, simplicity, robustness and effectiveness. In the circumstances, a
single traditional PID controller cannot meet the demand and it has to combine with other
artificial intelligence techniques. In recent years, many studies use the optimisation
algorithms to automatically generate the optimum parameters for PID controllers (Belkadi
et al., 2017; Asgharnia et al., 2018; Sravan Bharadwaj et al., 2018; Xiang et al., 2019).
The parameters of the PID/PI controller are continuously and automatically assigned by
the on-board control algorithm based on the settling time of the regulating object and the
program of the algorithm. Compared with the Ziegler-Nichols tuning method, it is
observed that the algorithm-tuned PID controller can reduce the calibration cost and result
in better performance. At the same time, many studies combine the PID controller with
the fuzzy control method and improve its robustness and self-adaptive capability (Dettori
et al., 2018; Verma et al., 2018; Rodriguez-Castellanos et al.,, 2018). The fuzzy
knowledge based control method is another advanced artificial intelligence non-model-

based control strategy which will be introduced in section 2.4.4.
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2.3 Numerical Simulation of SI Engines

This section will review the numerical simulation methods of S| engines over the past
decades and give the reasons why it is almost impossible to generate a sufficiently

accurate control-oriented engine model with the favourable computational speed.

The modelling of ICEs is usually performed to accomplish the following goals: designing
new engines, designing control systems, calibration of parameter settings, predicting
engine’s performance without testing when the testing is highly expensive or too time-
consuming, and getting the data which is difficult (or even impossible) to measure through
testing (Shamekhi and Shamekhi, 2015). The main duty of the model is to indicate the

effects of system (i.e. engine) inputs on its outputs, both accurately and in real-time.

The numerical modelling has been employed to study the working process of ICEs and
verify the engine optimisation or control strategies for a long history, which can date back
to the 19th century. Since the 1960s, the engine numerical simulation has made a
breakthrough thanks to the rapid development of computers (Suzuki, 1997). Although
various modelling approaches have been developed, the trade-off between the model
accuracy and the computational speed is still a challenge, which has already constrained
their wider applications in the automotive industry. The numerical models can be
classified by different methods. This section will introduce three major categories of the
engine numerical models, i.e. multi-dimensional model, quasi-dimensional model, and

zero-dimensional model respectively.
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2.3.1 Multi-dimensional CFD Models
The multi-dimensional computational fluid dynamics (CFD) modelling approach is the
most accurate, complete and detailed modelling methodology as it is generated based

on the laws of thermodynamics and physical equations of the energy transfer.

Nevertheless, due to the high complexity of the engine mesh generation and the massive
number of sensible cells involved in the combustion, to simulate an ICE by CFD modelling
may cost many weeks (Ma, 2013; Lucchini et al., 2015). Given that the computational
time increases with the system volume discretizes, the high computational cost and the
large amount of data for calculation become two burdens for the purpose of engine control.
Although researchers made considerable efforts to reduce the simulation time for the CFD
model (Lucchini et al., 2015), it still cannot keep up with the demand of the real-time

controller development.

Thus, the best use of the CFD modelling is for more detailed studies concerning the
limited conditions, or particular features (e.g. flow dynamics through valves, fuel injection,
mixture formation, combustion process, in-cylinder flow and turbulence development), or
a specific engine component (e.g. a single cylinder or a manifold), or to support the theory
and model development instead of the real-time controller development (Verhelst and
Sheppard, 2009). In other words, it usually provides only the component level details
(such as pressure drops, flow distributions, fuel and air mixing), but cannot provide a
system level perspective (Millo et al., 2011). Moreover, the processes running in a modern
ICE are so non-linear and complicated that it is impossible to model all of them through

the CFD approach.
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2.3.2 Quasi-dimensional Multi-zone Models

The quasi-dimensional models and zero-dimensional models are all used for analysing
the combustion process by thermodynamic theory and regardless of the fluid dynamic
process (Ma et al., 2008; Perini et al., 2010). They are both classified as the
thermodynamic models, where the equations constituting the basic structure of the model
are based on the conservation of mass and energy, and they are only dependent on time
(resulting in ordinary differential equations) (Verhelst and Sheppard, 2009). But the
combustion model of the zero-dimensional engine model is developed by the empirical
formulae or curve fitting. Whereas, the quasi-dimensional combustion model introduces
a chemistry-based sub-model to describe the combustion process. In addition, the zero-
dimensional model considers the in-cylinder mixture as homogeneous, while the quasi-
dimensional model divides the combustion chamber into several separate zones and the

parameters for different zones are different (Stiesch, 2003).

Figure 2.6 Two-zone combustion chamber (Ma et al., 2008)

The two-zone model is the most popular and simplest quasi-dimensional model which

considers the chamber (or in-cylinder mixture) as two parts, i.e. the burned zone and the

43



unburned zone, divided by the flame front surface as shown in Figure 2.6. For the sake
of simplicity, it is assumed that no exchange occurs between the two zones. The
subdivision into two zones implies two different temperatures, while each one is assumed
as constant within its zone. But the in-cylinder pressure is homogeneous throughout the
cylinder. Moreover, the blow-by flow to crevices is neglected (Perini et al., 2010).
Speaking of the burned zone, the temperature gradient is significant because the
combustion occurs at different times. To resolve this problem, the burned zone can be

divided into more sub-zones. This results in a multi-zone model.

The multi-zone model is usually designed to simulate the combustion process and
pollution formation in detail, because the multi-zone model takes into account the spatial
distribution and temperature inside the cylinder (Xue and Caton, 2012). Thus, it is
possible to simulate the detailed in-cylinder air-fuel distribution and gas components.
Many studies have verified that the multi-zone model is able to simulate the engine
combustion progress, specifically the heat transfer, IMEP, thermal efficiency, in-cylinder
pressure, and predict the pollutant emissions with good accuracy (Nazoktabar et al., 2018;
Bissoli et al., 2016; Nobakht et al., 2011). However, the detailed physical mechanisms
will also increase the model complexity, involve more time-consumption for simulation,
and impair the real-time performance remarkably, without improving the simulation results
obviously. In this situation, the multi-zone model is not encouraged to be widely applied

for practical applications in the automotive industry.
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2.3.3 Zero-dimensional Mean Value Models

The zero-dimensional mean value model, also termed the single-zone model, is a pure
thermodynamic model based on the transformation of mass and energy. It completely
ignores the spatial differences of each in-cylinder variable and simplifies the combustion
process as a heat addition process (Ma et al., 2008). The engine component such as
cylinder and manifold is simply treated as a series of control volumes, and the gas mixture
is assumed as uniform state. Hence, the in-cylinder pressure, constituent and
temperature are all regarded as homogeneous states and some particular in-cylinder
processes, e.g. the vaporization of fuel, are thus neglected (Kumar et al., 2013). To a
certain extent, the zero-dimensional model can be perceived as a summary or foundation

of the other numerical models (Guzzella and Onder, 2010).

The rate of heat addition of the zero-dimensional mean value model is usually obtained
by empirical formulae, e.g. Wiebe functions (Ma et al., 2008). This mass burning rate has
to be empirically defined for every engine operating condition on the basis of prior engine
experiments or experience, and it is not expressed in terms of physical quantities (e.g.
fuel properties, engine geometry, etc.), resulting in the problematic extrapolation to other

operating conditions (Verhelst and Sheppard, 2009).

This kind of model is usually used to examine the engine overall performance
parametrically (Ma et al., 2008). When such data are available or require little
extrapolation, this can be the best approach, as it avoids modelling of the in-cylinder
processes. In effect, it works back from a known result and hence should provide
unrivalled accuracy in predictions (Verhelst and Sheppard, 2009). For example, by using
the mean value engine model, researchers have investigated the variable valve timing

(VVT), overexpansion, and variable compression ratio (VCR) characteristics of the
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Atkinson cycle engine (Murtaza et al., 2016). Another case in where mean value engine

model is frequently applied is the manifold’s modelling (Wahlstrém and Eriksson, 2011).

Because the mean value model is capable of low computational cost and simple structure,
it can reduce the complexity of modelling, while maintaining a physical description of the
main phenomena in order to achieve the best compromise between the detail level and
the computational requirement. Besides, the time in a mean value model is an
independent variable without the discrete cycles of engines (Guzzella and Onder, 2010).
Since the model-based calibration and control systems do require a control-oriented
model, the mean value model becomes the most prevalent simulation platform for the

engine investigation and controller design (Wang et al., 2018; Theotokatos et al., 2018).

Figure 2.7 presents a mean value model architecture of a Sl engine with major sub-
systems as throttle body, intake manifold, gas exchange, fuel injection, wall-wetting,
torque generation and engine inertia. Beyond these sub-systems, the dynamic
compensation and correction involving the time delay, fluid delivery delay and
temperature should also be considered to promote the model accuracy. Nevertheless, all
of these states in the mean value models are determined and may vary on a case by case
basis (Tan, 2015). Therefore, for the modern engines with a significantly increasing

number of sub-systems, the building of a mean value model is still a tough job.
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Figure 2.7 Mean value model architecture of a Sl engine (Guzzella & Onder, 2010)

From the early 1990s, when the mean value model was first proposed (Hendricks, 1991;
Mdller et al., 1998) until now, this model has been suffering from several essential
downsides. As introduced above, it considers the whole cylinder to be uniform without

spatial distribution, and the burn rate profile which is necessary for the model has to be
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obtained by other empirical formulae (e.g. Wiebe functions), which require extensive
works of the experimental calibration. A great number of experiments with various engine
operating variables have to be done to calibrate the associated parameters in Wiebe

functions, in order to simulate the burn rate (Ma et al., 2008).

Besides, even though the mean value model is supposed to improve the response speed
over other engine models, the fast response is achieved at the cost of losing the model
accuracy. Therefore, this kind of model is relatively weak at indicating engine
performances and pollutant emissions. In order to overcome the limitations, some
researchers use the thermodynamic principles to govern the physical processes, and
develop the thermodynamics-based mean value model (Lee et al., 2013; Lee and Jung,
2016), which replaces the input-output data relationship (e.g. Wiebe functions) based
combustion subsystem. This action significantly improves the model precision, because
the simulation of combustion is based on physical laws instead of nonphysical data
relationships. But the computational speed overly decreases due to the thermodynamic
calculations. Briefly speaking, while the CFD models are accurate but too slow, the mean

value models are rapid but not accurate.

2.3.4 Zero-dimensional ‘Black-box’ Models

The zero-dimensional black-box model, also known as the data-driven model, is a non-
physical model which follows a quasi-static approach based on the experimental steady-
state maps. The relationships between the model inputs and outputs are completely set
up on the basis of the experiment data. The zero-dimensional black-box model with rapid

computational speed and superior real-time capability is propitious to simulate the
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complex system with limited understanding of its inner structure. For example, due to the
complexity of physical engine models, zero-dimensional black-box models have been
widely employed to analyse the power, fuel consumption and pollutant emissions on
driving cycles, where the transient performances can be simulated quite smoothly by a

sequence of stationary states (Rahimi-Gorji et al., 2017; Kihas and Uchanski, 2015).

There are two classic black-box data-driven modelling methods. One is the artificial neural
network (ANN) model, and the other one is the polynomial regression model. Both of

them demand a mass of empirical and experimental data.

Even though the polynomial regression model can reflect relatively precise relationships
between the inputs and outputs for engine steady-state operations, it cannot simulate the
non-linearity in a global engine model very well, simply because the polynomial model is
likely to result in the measurement errors caused by noise and outliers. By contrast, the
ANN model is capable of capturing the non-linear behaviours much better than the
polynomial regression model. Meanwhile, the ANN model needs less experimental data
to construct the model than the polynomial regression model. Thus, the ANN model is
usually regarded as a more effective data-driven modelling approach (Shamekhi and
Shamekhi, 2015). However, training the ANN always requires plenty of data and skills to
avoid overfitting and measurement errors, even for experienced users (Turkson et al.,

2016).

The development of ANN is inspired by the biological nerve system. Thus, an ANN usually
contains a single neuron or multiple interrelated neurons just as the biological nervous
systems. After the training, an ANN is able to approximate the input-output relationships

and respond to a range of given inputs without any specific mathematical input-output
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relationships. Basically, there are three parameters to construct a classic ANN model: the

number of layers, the weight values and the bias values.

The ANN can be classified as two categories in general: feedforward neural network and
recurrent neural network (RNN). Then the feedforward neural network can be further
divided as single-layer perceptron network, multi-layer perceptron network and radial
basis function network. Meanwhile, the RNN also comes in many variants, including the
fully recurrent type, the Elman networks, the Jordan networks, the Hopfield networks as
well as many other variants (Turkson et al., 2016). Compared with the feedforward neural
network, the RNN can use its internal memory to process the past input and output values

for the future prediction (Arsie et al., 2010).
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Figure 2.8 Artificial neural networks: (a) Single-layer feedforward neural network; (b)
Multi-layer feedforward neural network; (c) Single-layer recurrent neural network
(Turkson et al., 2016)

The ANN models have been widely used to resolve industrial problems and a well-trained
ANN model can match many requirements for the engine calibration task, including the
capability to handle the high input dimensionality; flexible optimisation of model
parameters to avoid overfitting; reduction of the time and cost for calibration as just a few
Design of Experiment (DoE) tests are required for feasible measurements; and the
potential of online automatic optimisation without manual intervention (Turkson et al.,
2016). Apart from the engine calibration, the ANN models have also been employed in
many areas for S| engines, including the validation for novel control strategies, the
application of On-Board Diagnostics (OBD), the identification of complex systems by
multi-layer feedforward networks, and the identification and characterization of dynamic
systems using single-layer RNNs with multiple inputs. Overall, the development of RNN

makes the implementation of the neural networks relatively easier and widespread.
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However, it requires a large amount of expertise to select a properly trained neural
network for a specific application, especially the selection of architecture, because it
varies for different cases. For example, the number of inputs required by different neural
networks and different applications varies and should be determined on a case by case
basis (Turkson et al., 2016). In addition, the ANN is born with two major defects. On one
hand, when the system to be modelled becomes more complicated, the prediction
efficiency and accuracy will decline accordingly. On the other hand, a non-physical model
should never be expected to be as robust as a physical model, since the compatibility of
a non-physical model is quite poor. Compatibility refers to the ability of a model to be
compatible with multiple applications. A model is acknowledged to be compatible if it is
designed for a certain application but can be run by other applications or under various
operating conditions. The performance of a non-physical model, e.g. an ANN model, is
constrained by its scope of training data. If the operation condition is far beyond the
training scope or the model is supposed to be used for a new case, the model will have
to be rebuilt completely. Thus, the non-physical model is not the best choice for control-
oriented studies. The compatibility and robustness of the ANN can be improved by
introducing the dynamic neural networks. But, the dynamic ANN has another two major
drawbacks. Firstly, the required training time will be much longer. Secondly, the
simulation program is more likely to get stuck because the number of hidden neurons will
increase remarkably as the system to be modelled becomes more complicated
(Shamekhi and Shamekhi, 2015). Moreover, since the non-physical model has ignored
most of the engine dynamics, it is unable to simulate the fast transient performance
precisely, such as the real-time response to engine transient acceleration and braking as

well as the turbocharging system response (Millo et al., 2011).
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2.3.5 Comparisons of Different Modelling Approaches

Actually, for the purpose of the development of control and calibration strategies, most
modelling approaches mentioned above are capable of indicating the engine
performance and pollutant emissions with desirable accuracy when they are well trained.
However, the time costed by constructing and training the models is unpredictable.
Besides, the computational speed for different models is significantly different as the

Figure 2.9 shows.
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Figure 2.9 Comparison of different engine modelling methodologies concerning model
detail and computational speed (Millo et al., 2011)

As can be seen from Figure 2.9, the time consumption of the CFD model can be
thousands of times longer than that of the mean value engine model. As mentioned above,
while CFD models are accurate but too slow, the mean value models are rapid but not

accurate. Thus, the CFD and other detailed physical models are more suitable for the
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study of engine geometry design, fuel and air fluid dynamics, and other theoretical
researches. In the view of developing the engine management system, only the main
features of engine performance are desired, such as IMEP, ISFC, torque etc. Therefore,
the mean value engine model and black box model are selected as the control-oriented

models.

However, none of these models can completely and accurately replace the real engines.
With the constantly rising number of control parameters in modern engines, the use of
models cannot satisfactorily address the issues of higher dimensionality problems. A
highly accurate model can ensure that the calibration and control strategies are reliable
for the real engine, whereas a poorly constructed model can lead to useless works. Then,
the further tuning has to be requested by engineers to revise and improve those
unfavourable works. The accuracy and generalization of the engine models play an
extremely important role and increase the burden for engineers as well. Therefore, the
best solution to achieve the trade-off among reliability, compatibility and computational
speed is to develop the intelligent online dynamic, or termed non-model-based,

calibration and control strategies.

2.4 Artificial Intelligence Methods

As mentioned above, the conventional model-based calibration and control strategies
have reached their limitations as they are time-consuming and labour-intensive.
Meanwhile, the calibration and control strategies for modern ICEs have to be faced with
the trade-off among multiple objectives, input saturation, short transient behaviours,

uncertainties and nonlinearities. In order to break through the limitations and fulfil various
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engine operation requirements, the conventional engine management system has to be
combined with artificial intelligence methods, including multi-objective meta-heuristic
algorithms and fuzzy knowledge based control strategy. Thanks to these artificial
intelligence methods, the automatic, intelligent, rapid, robust calibration and control
strategies for both engine steady-state and transient performance are able to be

developed.

2.4.1 Multi-objective Meta-heuristic Algorithms

As introduced in section 1.4, the engine management system or ECU is brain of an engine
which manages a variety of actuators by reading the sensors and using multidimensional
performance maps. The entire engine management system can be divided into a great
many of sub-systems, including the speed control, charge control, AFR control, sparking
control, fuel supply control and so on. Accordingly, the engine calibration is also
conducted on a series of sub-systems for massive adjustable variables. The engine
steady-state calibration has to consider the engine performance, fuel economy and
polluted emission jointly. Whereas, for the engine transient calibration and control, both
the process and results have to be evaluated. All of these make the design of engine
management system become a complex multi-objective optimisation problem (MOP).
The trade-off relationships among various optimisation objectives and various constraints

are difficult to achieve (Tayarani-N et al., 2015).

Actually, the MOP is much more widespread in industrial applications than the single-
objective optimisation problem, because most engineering systems are designed with

several criteria or objectives, and these objectives are in conflict with each other. In other
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words, the adjustment of one objective may significantly affect other objectives in most
practical cases. It is really difficult to optimise all the objectives simultaneously. Therefore,
the artificial intelligence methods are widely adopted for MOPs in order to automatically
achieve a compromise among all the objectives. Generally, a MOP contains a variety of
objectives, accompanied by a series of inequalities and equality constraints. It can be

formulated mathematically as:

minimise / maximize / regulate

f) = (%), ., fi(x),i=12,..,n (2.2)
subject to:

{g,-(x) <0,j=12..]

he(x) <0,k =12,..,K (2.3)

where n in Equation (2.2) is the number of optimisation objectives; f;(x) is the objective

function evaluated at x and i = 1,2,...,n; x = {xy, ..., X, } iS a vector of decision variables
and p is the number of decision variables; g;(x) = jt" is the inequality constraint

evaluated at x; while hy(x) = k" is the equality constraint evaluated at x.

Broadly speaking, the meta-heuristic algorithms are a kind of searching method based
on the bionics. They imitate the mechanisms of biological behaviours in nature, design
the intelligent computing systems, and solve the complex computational problems based
on the iterative calculations, by randomly or approximately randomly searching for the
optimum solutions within the non-linear complex spaces. In addition, meta-heuristic
algorithms can even work effectively in situations where no reasonable details of the
objective functions versus decision factors exist. Moreover, given that most meta-

heuristic algorithms are population-based algorithms, their diversity allows them to be
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more likely to find the globally optimum solutions and achieve the trade-off among various
fitness criteria. These population-based meta-heuristic algorithms are also named as
global searching meta-heuristic algorithms. Thus, the meta-heuristic algorithms are very

effective for resolving the multi-objective optimisation problem with multiple constraints.

The general approach using meta-heuristic algorithms for a multi-objective optimisation
problem involves populating a number of feasible solutions, aggregating the individual
solutions into locally or globally optimal solutions, and among these are a set of final
solutions with best fitness values. To be a little bit more precise, multi-objective meta-
heuristic algorithms follow the fundamentals of single-objective meta-heuristic algorithms.
The optimisation process begins with a random set of individuals that are going to be
constantly updated from generation to generation. Each individual is a potential solution
which is usually represented by a vector of floating-point values. During each successive
generation, each individual is evaluated based on the measurement of its corresponding
system performance signals and a fitness function in reference to the desired objectives
(evaluative criteria). At the end of each successive generation, individuals with higher
fitness values will be retained. Whereas, individuals with lower fithess values will be
ranked behind and may be discarded at any time. Hence, a new set of prospective
generation of solutions are introduced, through the selection of the best individuals from
the previous generation up to now and a series of transformations. The number of
individuals remains constant for each successive generation. The optimisation process
will be repeated until the pre-set number of iterations or the boundary conditions are

reached (Ma, 2013).

Since the vector evaluated genetic algorithm (VEGA) was invented by Schaffer in 1985,

a great variety of meta-heuristic algorithms have been developed in succession during
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the past few decades. Each of these algorithms is based on different natural or biological
behaviours, has its own characteristics, and has found its foothold in the industrial
applications (Tayarani-N et al., 2015). The genetic algorithm (GA) and the particle swarm
optimisation (PSO) algorithm are two major categories of the evolutionary computation-
based meta-heuristic algorithms. The GA was proposed by American scientist John
Holland in 1960. It is inspired by the concept of evolutionism, i.e. the survival of the fittest
in natural selection, through mutation and crossover. Then, the PSO was introduced by
American researchers Kennedy and Eberhart in 1995. It is intended for simulating the
flocking behaviours of social organisms in groups, such as bird and fish schooling. Since
these algorithms were developed, they have been widely applied for a broad range of
subjects, such as the engineering, ecology, economics, sociology and so on. Nowadays,
thanks to their good applicability and effect, the meta-heuristic algorithms have been
introduced to the automotive industry. In author’s research, these two classic meta-
heuristic algorithms, GA and PSO, are applied for the design and optimisation of the

engine management system.

2.4.2 The Fundamental Generation of Meta-heuristic Algorithms

a) Genetic Algorithm

The GA is a well-known meta-heuristic algorithm for solving both constrained and
unconstrained optimisation problems. It is based on the concept of biological evolution.
The GA-based optimisation process begins with a population of random individual
solutions and repeatedly modifies the populations. At each successive generation, the
GA selects the fittest individuals from the current population to be the parents and uses

them to produce the offspring for the next generation. Over successive generations, the
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better population will replace the worse population and "evolves" toward an optimum
solution (Camara, 2015). The offspring is calculated based on three stages: selection
stage, crossover stage, and mutation stage. The selection stage is accomplished in
accordance with the dominance relationship, i.e. one individual is regarded to dominate
the others when it is no worse in all objectives or strictly better in at least one objective
(Camara, 2015). Thus, the GA is able to effectively resolve both single-objective and

multi-objective optimisation problems. A simple pseudo code of GA can be expressed as:

Generate an initial population;
Evaluate fitness value of individuals in the population;
Do:

Select parents from the population;

Recombine (mate (crossover and mutation operators)) parents to produce
children;

Evaluate fitness of the children;
Replace some or all of the population by the children;
Repeat until a satisfactory solution has been found.

Figure 2.10 gives an example for the dominance relationship in respect of an optimisation

problem with two objectives:
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Figure 2.10 An example for the dominance relationship in respect of two optimisation
objectives (Ma, 2013)

As can be seen from Figure 2.10, individual C dominates individuals E and F, while
individual D dominates individuals E and F. Individuals C and D are not dominated by
each other and they are both non-dominated solutions. The boundary generated by the
set of all non-dominated solutions is called the Pareto-optimal front. After the iteration,
individual A dominates individuals C and D while individual B dominates individuals C and
D. Now, individuals A and B do not dominate each other and they generate the new
Pareto-optimal front. So in other words, over successive iterations, the solutions on the
Pareto-optimal front are the optimisation results. Figure 2.10 uses four points to interpret
the dominance relationship, but the Pareto-optimal front is actually generated by the set

of all non-dominated solutions, namely more points.

The crossover and mutation stages for the re-production of offspring at each iteration are

actually random operations as shown in the figure below:
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Figure 2.11 An example for the crossover and mutation of the GA: (a) crossover;
(b) mutation (Yang, 2014)

The crossover and mutation can also be expressed mathematically as:

x(t) x(t)
: = — floor(log(x(t))) . it
crossover: x(t+ 1) = floor (10k> + 10 mod1 <10k> s

x(t x
kmutation: x(t+ 1) = floor (%) + 10/teorogx(®)) . mod1 <%) +¢

where x(t) is the solution for tt" iteration; floor is the function to acquire the integer part;

mod1 is the function to acquire the decimal part; ¢ is the random action.

A lot of studies have employed the GAs to optimise the engine performance. For example,
Liu et al. use GA to optimise the injection system and combustion chamber shape for a

diesel/natural-gas dual fuel engine in order to minimise the fuel consumption and
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emissions (Liu et al., 2018). Shibata et al. use GA to calculate the optimal heat release
shape for a supercharged single-cylinder diesel direct injection engine, in order to reduce
the combustion noise by multiple fuel injections while maintaining the thermal efficiency

(Shibata et al., 2019).

b) Particle Swarm Optimisation

The PSO is another most popular meta-heuristic algorithm, simulating the foraging or
flocking behaviours of birds and fishes. It is similar to the GA and moves a swarm of
individuals “flying” within the searching space to look for the potential solutions. The PSO-
based optimisation process is also initialised with a swarm of random particles. Each
particle in the swarm represents a potential solution. Just like a bird in its flock, it is
assigned with a location and a velocity. During each iteration, the fitness value of each
particle at its current location will be calculated and compared with its previous best
fitness value. If the current fithess value is better, then it becomes the new personal best
location. As mentioned above, the diversity of the individuals allows them to convey their
information with each other and affect their next action. After comparing the personal best
location with each other, the global best location will be obtained and updated after each
iteration. Meanwhile, the velocity of each particle is calculated and updated concerning
its current velocity, its personal best location in the swarm, and the global best location
up to now. Thus, the location and the velocity of the particles will be constantly updated,
until the final globally best solution is found or the termination criteria are met (Slowik and

Kwasnhicka, 2018; Netjinda et al., 2015).

The velocity of each particle is adjusted in each iteration based on equation:
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v(it +1) = Current motion + Cognitive component + Social component
(2.5)
= wv(y + ani(pi = X(0) + Br(Go — x(v)

The cognitive component indicates the perception that how each particle finds its best
location, while the social component refers to the perception of the globally best location

that the entire swarm is able to find after sharing each other’s searching results. In the
above equation, xét) represents the ith particle’s current location at t*" iteration, while
x(itﬂ) indicates the ith particle’s future location at (¢ + 1) iteration. v(it) is the ith
particle’s current velocity, while w is the inertia weight in respect of how the current
velocity will affect the future velocity. pét) indicates the ith particle’s personal best location
at t*" iteration, while G(it) is the globally best location in the swarm up to now. Besides, a

and B are the scaling factors for the cognitive behaviour and social behaviour respectively.
They are used to adjust the weight of the particle’s current best location and the globally
best location. r; and r, are both the random number generated uniformly within the range
[0, 1] in order to make full use of the entire searching space and promote the probability

of finding the globally optimal solution.

Then, the movement of any particle is calculated by adding the velocity to its current

location as the following equation shows:
X(e+1) = X(e) T Viern) (2.6)

Based on above equations, Figure 2.12 shows how the velocity and position update in

particle swarm optimisation:
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Figure 2.12 An example for the velocity and position updates of the PSO (Bryson et al.,
2016)

A simple pseudo-code for the PSO is given below:

Create a swarm with particles;
Initialize the position and velocity of each particle randomly;
Calculate the fitness value of each position;
Calculate the locally and globally best position for particles;
Repeat:

Update the velocity of each particle;

Update the position of each particle;

Calculate the fitness value of each particle;

Update the locally and globally best position for particles;
Until stopping conditions true.

The PSO algorithm has many benefits, such as simple program, easy operation, fast
convergence speed, low computational cost and so on (Deng et al., 2019). Therefore, it
is easier to be conducted than other meta-heuristic algorithms and has been widely used

to solve the multi-objective optimisation problems for engines. For example, Keshavarz

64



et al. used the PSO algorithm to calibrate the turbocharger efficiency and the heat transfer
multiplier for a spark ignition engine transiently (Keshavarz et al., 2018). Wu and Gao
used the PSO algorithm to calibrate various parameters for a diesel engine with multiple
injections (Wu and Gao, 2018). The experimental results show that PSO could improve
the calibration efficiency and results with faster convergence speed, better accuracy and

better reliability.

2.4.3 The Improved Generation of Meta-heuristic Algorithms
a) Strength Pareto Evolutionary Algorithm and Strength Pareto Evolutionary

Algorithm 2

The strength Pareto evolutionary algorithm (SPEA) is developed by Swiss computer
scientists Eckart Zitzler and Lothar Thiele in 1999 (Zitzler and Thiele, 1999). It is a
milestone in the history of GAs. SPEA is designed based on the fundamental GA theory
mentioned above and upgraded techniques to achieve multiple Pareto-optimal

solutions in parallel.

The SPEA utilizes not only a population as mentioned in the previous section, but also
an external archive to store and maintain the non-dominated solutions, i.e. a set of
Pareto-optimal solutions. This external archive is separated from the regular population
during the entire optimisation process. At the beginning of the optimisation process, a
random population and an empty archive are initialized. After the evolutionary process
is started, all the Pareto-optimal solutions will be copied to the external archive.
Meanwhile, any dominated solutions will be eliminated from the archive over

successive generations. If the number of the Pareto-optimal solutions in the archive
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exceeds a given maximum capacity, the archive size will be reduced by deleting further
archive members through means of clustering. Then, fitness values of solutions in both
the current population and the external archive are calculated. Solutions with better
fitness values will be sent to the mating pool. Unlike the other fundamental GAs, the
SPEA determines the dominance relationship by how many individuals in the
population are dominated by each non-dominated solution in the archive. Hence,
solutions in the archive are much more likely to be picked to the mating pool than any
other individuals in the population. Eventually, crossover and mutation operations are
applied. A new generation of solutions (offspring) is produced and the optimisation

process starts over again.

However, studies have found that the SPEA may accidently delete non-dominated
solutions and get into a constant fitness value which limits the diversity of the
optimisation results (Abido, 2006). To make up for the above shortcomings, the strength
Pareto evolutionary algorithm 2 (SPEAZ2) is developed as an advanced version of SPEA

(Zitzler et al., 2001).

When calculating the fitness values, the SPEA2 considers not only the dominance
relationships but also the density of solutions, in order to sort the Pareto-optimal
solutions in more details. When the number of the Pareto-optimal solutions in the
archive exceeds its maximum capacity, the SPEA2 will apply the K-nearest neighbour
density distribution method to assign the exceeded solutions and maintain the
diversified solutions over the current Pareto-front. Meanwhile, when deleting the
undesirable solutions from the archive, the means of clustering is improved by an
interception strategy in order to better retain the boundary solutions. Moreover, the size

of the external archive for SPEA2 is fixed. Specifically speaking, if the number of the
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Pareto-optimal solutions in the archive is less than its maximum capacity, the SPEA2
will fill up the archive with dominated individuals (Zitzler et al., 2001). Thanks to the
above improvements, the SPEA2 is allowed to provide diversified solutions while

maintaining the convergence speed.

The settings of SPEA2 will be introduced in details in section 4.2.2 on the basis of the
specific calibration task. It has been employed for the calibration of both HCCI engine
and GDI engine. Simulation and experimental studies have verified its improvements
on both fuel consumption and pollutant emissions (Ma et al., 2015; Ma et al., 2017; Ma

et al., 2019).

b) Accelerated Particle Swam Optimisation and Chaos-enhanced Accelerated

Particle Swarm Optimisation

As for the PSO algorithm, in order to further improve its convergence speed, the
accelerated particle swam optimisation (APSO) algorithm has been developed by Yang
(Yang, 2008). As introduced in section 2.4.2, the conventional PSO algorithm considers
both the personal best location and the global best position to determine the movement
of particles. The involvement of the personal best location aims to enhance the diversity
of the solutions. For the purposed of simplifying the program and improving the
convergence speed, the personal best location can be replaced by a randomization
function. Then, the diversity of the searching behaviours can be maintained while only
the global best solutions need to be considered (Gandomi et al., 2013; Yang et al.,

2017). Accordingly, a simpler formula for the velocity vector can be expressed as:
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Viesn) = Vi + a1y + B(Gly — x(p») (2.7)

where ar is the randomization component which is used to replace the cognitive
component. Actually, the effect of this velocity function is essentially the same as the
Eq. (2.5) but without the cognitive component. To increase the convergence speed

even further, the location of each particle can be updated through a single step:

x(it+1) =(1- B)x(it) + .BG(it) + ary, (2.8)

This equation simplifies the movement without the requirement of velocity. Hence, the
APSO algorithm can result in faster convergence while retaining the same order of

convergence. The randomization component ar, here allows the solutions to break

away from the fetters caused by any local optimal results. r is a random number drawn
from [0, 1] while @ should be selected in respect of the scales of the variables of interest.
B € [0,1] is the attraction parameter which is employed to regulate the convergence
speed. Compared with the conventional PSO algorithm, the APSO algorithm requires
only two parameters (a, 8), which definitely simplify the program. It is worth mentioning
that, to reduce the randomness over successive iterations, a monotonically decreasing

function can be used to replace the ar, (Gandomi et al., 2013; Yang et al., 2017).

The conventional APSO algorithm sets g as a constant because some studies have
verified that it could allow algorithm to work effectively. However, a varying £ value in
each iteration is actually advantageous, which can achieve a better trade-off
relationship between the convergence speed and solution diversity (to avoid being
stuck in local optimum results). Thus, the chaos-enhanced accelerated particle swarm
optimisation (CAPSO) algorithm which combines the APSO algorithm with the chaotic

mapping method has been developed (Gandomi et al., 2013; Yang et al., 2017).
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The CAPSO algorithm employs the chaotic mapping method to adjust § value after
each iteration. The logistic mapping method is a classic chaotic mapping method (Quan

et al., 2017). The g value is thus updated following the equation:

Bi+1y = @ Bey (1 —Bw) (2.9)

The chaotic mapping method can produce some accidental changes during the process
of the particle movement and randomly select some poor solutions to participate in the
next iteration, in order to help the particles avoid being trapped by locally optimum

solutions. It is like the mutation stage for the GAs.

The settings of the CAPSO algorithm will be introduced in details in section 4.2.3 on
the basis of the specific calibration task. The CAPSO algorithm has been widely
employed for the intelligent calibration and control in the vehicular industry because of
its simple program, easy implementation and fast convergence speed. Quan et al.
applied the CAPSO algorithm for the component sizing of a series hybrid electric
powertrain (Quan et al., 2017). Zhang et al. used the CAPSO algorithm for the transient
calibration of the air-path control of a diesel engine (Zhang et al., 2018). These studies
verify that the CAPSO algorithm can find better globally optimal solutions with faster

convergence speed and higher reliability.

2.4.4 Fuzzy Knowledge Based Control

In the control theory, the fuzzy knowledge based controller (FKBC) is a well-known non-
model-based control technique which is able to fix all the problems listed in the section
2.2.2 (Wang et al., 2015; Mendes and Neto, 2015). It imitates the human behaviours,

follows the genetic “if-then” rules, stays independent of the system structures, and makes
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decisions under different circumstances. It can work efficiently when an accurate model
is not available (Liu et al., 2017; Askari et al., 2017). The other main advantages of the
FKBC includes: improvement of the system stability; high robustness; simple structure;
easy tuning; no requirement for the historical data and training; high self-adaptive
capability; excellent tracking performance; be able to figure out the problem of the black-
box system (Liu et al., 2017; Athari and Ardehali, 2016). Compared with other advanced
but complicated control strategies, FKBC can be utilized and understood easily by
operators even without abundant experience or knowledge about the target control plants
(Liu et al., 2017; Shahnazi, 2016). Meanwhile, FKBC can present more smooth results
than common control methods in reason (Senouci and Mellouk, 2016). The essence of
the FKBC is the remarkable combination of a fuzzy adaptive controller and a robust
compensator (Liu et al., 2017). It gives FKBC the pioneering control effect on unknown

non-linear systems.

FUZZY CONTROLLER
Fuzzy Rules
Base

Input fuzzy Output fuzzy
linguistic v linguistic
Input Error . variables variables .
7 Fuzzification Fuzzy Inference Defuzzification
Output crisp
variables
SENSOR |« PLANT |«

Figure 2.13 Structure of a FKBC (Lu et al., 2017)

The concept of the fuzzy control is proposed by Zadeh in his famous study “Fuzzy Sets”
in 1965. After years of development, the widely used structure of a FKBC can be found
in Figure 2.13. Basically, there are four stages of the FKBC: fuzzification, fuzzy inference,

fuzzy rules base, and defuzzification. The fuzzification stage translates the real scalar
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values into the fuzzy linguistic variables based on the input membership functions. The
fuzzy rule base stores the genetic “If-Then” rules with conditions and their corresponding
conclusions. The fuzzy inference is the stage of “making decisions”. It constructs the
output fuzzy linguistic variables based on the fuzzy rules and input fuzzy linguistic
variables. Finally, the defuzzification stage converts the output fuzzy linguistic variables
into the numerical outcome which is the actual action to the target system. The most
common and effective method for the defuzzification is the centre of gravity method. The
output signal provided to the target system is the direction and the next-step move

distance for each control signal (Liu et al., 2017; Askari et al., 2017).

The FKBC system has been developed from the single variable system (Salehi and
Shahrokhi, 2012) to the multiple variable systems (Cui et al., 2019; Zhang et al., 2019).
Based on the number of input variable, the FKBC can be classified as one-dimension,
two-dimensions, and multiple-dimension controllers. Among these, the two-dimension

FKBC is the most widely used FKBC, where the error signal e,, and the rate of the change

of error e, are input words:

ep(k) = Hyep(k) — H(k)
ev(k) _ ep(k) - ;p(k - 1) (210)

where k is the actual discrete time, T is the sampling time, H is the actually measured

signal, and H,. is the reference value.

During the recent decades, the FKBC has been widely used for the engine control system.
Cheng et al. use the FKBC scheme to determine the appropriate positions of variable
geometry turbocharger vanes and exhaust gas recirculation valve of diesel engines in

real-time (Cheng et al., 2018). According to the simulation results, the FKBC can improve

71



the engine’s efficiency and the total turbo efficiency while reducing the NOx and soot
emissions compared with the conventional PID controller. Mu et al. develop an adaptive
FKBC for the non-linear throttle control of GDI engines (Mu et al., 2018). The simulation
studies verify that the proposed controller can regulate the throttle opening to track the
input rapidly and precisely with favourable robustness and reduced buffeting. The settings
of the FKBC will be introduced in details in section 5.3 on the basis of the specific control

task.

2.5 Air/Fuel Ratio Control System

The Air/Fuel Ratio (AFR) control system is one of the most important control modules in
the EMS since the AFR has to be maintained within a narrow band around the
stoichiometric value (14.7) for both steady and transient operations, in order to achieve
the optimal trade-off relationship among the power output, fuel economy and the
efficiency of three way catalytic converter (TWC) (Heywood, 1988; Stone, 2012). Short
excursions of the AFR can be tolerated but long periods of oscillations will impair the
thermal efficiency, catalyst efficiency, and even affect the system security. A rich AFR
mixture will result in terrible fuel economy and increased emissions, while a lean AFR
mixture will cause a much hotter burn, potentially hot enough to melt pistons and spark
plugs, and damage the engine’s internals. Thus, an effective AFR control system is highly

demanded to maintain the stability and security of an engine.

Generally, the AFR control system includes both feedforward and feedback control loops.
The feedforward control loop is supposed to generate a reference injected fuel mass in

order to avoid time delay and large deviation of AFR. Meanwhile, the feedback control
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loop should regulate the AFR upstream of the TWC as close as possible to the
stoichiometric value, based on the feedback signal measured by the Exhaust Gas Oxygen
(EGO) sensor, also termed lambda sensor (Ashok et al., 2016). The scheme of AFR

control system in Sl engines can be found in Figure 2.14.

Cylinder air
charge Cylinder Air j=
Charge Speed
Stoichiometric Estimator MAF
p |
I Arr > - Tailpipe
Base Fuel * Fuel ENGINE Exhaust Emissions
" = TWC |—=
Feedforward
Feedback
AF
Controller

Stoichiometric
AF

Figure 2.14 Air fuel ratio control module with the feedforward and feedback elements in
a Sl engine (Ashok et al., 2016)

To improve the transient performance of the AFR control system, many researchers have
worked on the feedforward control loop by employing the MPC strategy but neglected the
development of the feedback control loop. As for the MPC, a prediction model of the air
and fuel path dynamics combined with appropriate compensations is essential. The
controller calculates a reference injected fuel mass based on the intake air flow in
advance as per the driver torque demand. The prediction model is trained by means of
experimental study during the calibration phase of the engine development. Wang et al.
first apply the MPC based on an adaptive neural network model for the AFR control
(Wang et al., 2006). Two years later, Wang et al. use the adaptive radial basis function

network to develop a parameter estimation strategy for the AFR control (Wang and Yu,

73



2008). Then, Zhai et al. improve the MPC method by investigating the Diagonal Recurrent
Neural Network (DRNN) in order to improve the robustness (Zhai et al., 2010). Moreover,
Sardarmehni et al. propose an improved non-linear MPC method based on Multi-Layer
Perceptron (MLP) neural network resulting in smoother variations of the injected fuel
(Sardarmehni et al., 2013). In recent years, Wong et al. utilize the Online Sequential
Extreme Learning Machine (OSELM) to reduce the AFR deviation and overshoot (Wong
etal., 2016). However, as mentioned in previous sections, the neural networks have many
limitations and drawbacks for their further applications. Firstly, they are too complicated
to be embedded into a microcontroller. Secondly, the physical meaning of each parameter
is not clear enough. Furthermore, these approaches usually require a lot of training to
obtain the optimal results. In terms of the MPC strategy, it is difficult to predict the non-
linear relationships inside the controller and its transient performance is not optimistic. In
addition, it also costs too much time to train the models. To simplify the feedforward
control loop, many researchers estimate the injected fuel mass by using the mass air flow
(MAF) sensor, which measures the intake air mass directly (Ashok et al., 2016). This
method is widely used especially for GDI engines since the fuel is injected directly into

the cylinder and the fuel film can be ignored (Ashok et al., 2016).

In the actual engine operations, due to the inaccurate calculation of the air charge, the
modelling deficiencies, the variations of environment and fuel composition, as well as the
mechanical issues, there will be errors in the feedforward control loop. Then, the feedback
control loop will compensate the unavoidable errors by adding or reducing the fuel
injection quantity based on the lambda sensor readings. Hence, the feedback control loop
is the key to ensure the accuracy of AFR control system. Speaking of the feedback control

loop, most of the commercial EMSs still use a lookup-table-based PID controller to
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regulate AFR because of its simple structure, easy implementation, no request of a model
and many benefits listed in section 2.2.2. But the lookup-table-based PID controller works
on the basis of a gain-scheduling approach. As mentioned in section 2.2.2, this control
method is time-consuming for calibration and is not robust to highly non-linear systems,
time varying dynamic systems, and the particularly complex systems with uncertain
parameters or unclear relationships (Li et al., 2019a; Song et al., 2017). In this case, the
AFR control system becomes more and more challenging due to the variety of engine
operating regimes, complexity of physical and chemical processes inside the engine,
uncertainties, disturbances, and non-linear dynamics. But it also becomes a perfect
platform to validate the novel transient calibration and control strategies. Accordingly,
further studies should simplify the AFR control system by employing a self-adaptive, fault-

tolerant and effective control strategy.

2.6 Summary

This chapter reviews the publications in respect of the engine calibration and control
strategies, engine numerical simulation methods, artificial intelligence methods, and AFR
control system. As the thesis title “online dynamic optimisation for the engine
management system using artificial intelligence methods” indicates, the findings from the

literature reviews support the motivations for the following areas:

1. “Online dynamic optimisation”:
Due to the high complexity, high degrees of freedom, system uncertainties,
unknown dynamics, unknown disturbances, high nonlinearities and short transient

behaviours, it is almost impossible to generate a sufficiently accurate control-
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oriented engine model with the favourable computational speed. The conventional
model-based calibration and control strategies, whose effect replies on the engine
models, are reaching their limitations. Thus, the online dynamic optimisation
methods, including the non-model-based calibration strategy and non-model-
based self-adaptive controller are highly demanded.

. “Engine management system”:

The engine management system consists of numerous lookup-tables. The model-
based calibration strategies for these lookup-tables are time-consuming, labour-
intensive and not robust. Thus, the non-model-based calibration strategy is highly
demanded to automatically locate the optimum calibration results with higher
efficiency for both steady-state and transient operations.

The conventional lookup-table-based PID/PI controller, which works linearly based
on the calibration results stored in the lookup tables, is also reaching its limitation.
The advanced non-model-based control strategy with self-adaptive capability, high
robustness and simple structure should be developed to reduce the calibration
cost and improve the control performance.

. “Artificial intelligence methods”:

The artificial intelligence methods can be employed to improve the automation
level for the engine management system and reduce the cost for calibration. The
SPEA2 and CAPSO algorithms can be used for the automatic multi-objective
calibration process. The fuzzy knowledge based control method can be used to
improve the self-adaptive capability and robustness for the non-model-based

controller.
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The AFR control system becomes more and more challenging due to the variety of engine
operating conditions, complex processes inside the engine, parameter uncertainties, and

non-linear dynamics. It requires an efficient and effective non-model-based feedback

controller.
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CHAPTER 3 EXPERIMENTAL SET-UP

This chapter is to introduce the experimental set-up, including the hardware and the
software. A GDI engine test bench has been constructed at the University of Birmingham
for the development and validation of the engine calibration and control methodologies.
Due to the missing hardware, missing software and various problems appearing on the
test bench before and during the experimental studies, the engine test bench, especially
the ETAS RCP test platform, has undergone a series of re-configuration, re-calibration,
components’ repair and replacement by author with the technical supports from Jaguar
Land Rover Ltd., ETAS Ltd., technicians of university laboratory as well as previous PhD

students and research fellows.

The whole test bench, including the engine, dynamometer, accelerator pedal,
measurement devices and other conditioning systems, is controlled by the ETAS system.
It is tasked with the test bench control and the data acquisition. The author’'s main job is
to re-configure the test bench and re-calibrate the associated parameters to cope with

new engine test tasks.

3.1 Experimental Platform

This section is to introduce how to set up an experiment test in order to validate the
proposed control and calibration methods, based on the ETAS RCP system (both

hardware and software) as well as the engine test bench.

78



3.1.1 Investigation Approach
The figure below shows the basic process for the development of new control and

calibration methods.

Concept of Feedback and optimization Maintenance
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Figure 3.1 Process for the development of new control and calibration methods

The project definition is almost based on the software, including the concept of
development, functional design based on the MATLAB/Simulink, and RCP test
development based on the ETAS INTECRIO and INCA. Next step is the implementation
of these new control and calibration methods on the real engine test bench, followed by
the function test, validation, as well as the maintenance. The control and calibration

methods will be further revised based on the feedback from the experimental tests.

3.1.2 Operation Platform
As for the RCP test platform, the data transfer between the ETAS hardware and software

is shown below:
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Figure 3.2 Data transfer between the ETAS hardware and software (ETAS, 2012)

The ES910 is a real-time prototyping processor which achieves the signal
communications between the PC and the engine. In terms of the optimisation for the
engine management system, the ES910 will operate the modified engine management
system through the ETK bypass interface while running the unmodified engine
management system through the ECU. Speaking of the external sensors, their analogue
signals are measured by the ES930 multi-I/O module first. Then, the ES930 will transform

the analogue signals to digital signals and send them back to the ES910.
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The software ETAS INCA installed in the PC offers an operation interface for the
communications between the ES910 and the engineer. After the Simulink-based
controller is converted to the executable program and integrated with further prototyping
functions by the software ETAS INTECRIO, the INCA is able to access the controller

functions and operate the measurement and calibration.

The ETAS hardware and software will be introduced in details in the next sections.

After integrating the ETAS RCP test platform within the test bench, the whole

experimental platform is presented as follows:
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Figure 3.3 Data transfer between the ETAS RCP test platform and the test bench

Generally, the test bench in this thesis supplies an engine installed with a dynamometer
test cell powered by an AC motor. Additionally, the test bench includes an additional ECU,
sensors and actuators that request dedicated I/O signals to measure and control.
Accordingly, the ETAS RCP test platform is applied to accomplish the communication

among various devices.
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As mentioned above, the signals from sensors are measured by the ES930 and then sent
to the ES910 through Daisy Chain as the feedback signals for the controller. The
controller operates the functions in the ES910 and sends the updated control signals to
the corresponding engine sub-systems or actuators. Because of the ETK bypass cable,
the control signals from the ES910 can be applied on the engine directly and
independently of the availability of ECU resources. As mentioned above, the ES910 will
operate the modified engine management system through the ETK bypass interface while
running the unmodified engine management system through the ECU. Accordingly, the
modified engine management system can be validated to see if it is better than the original

engine management system.

The engine's coolant system is critical because it can affect the security of the experiment
and the accuracy of the measurement data. On one hand, an effective coolant system
can ensure that the engine is fully warmed up while avoiding the overheating. On the
other hand, it can improve the stability of the data over a long term operation and thus
improve the reliability of the repeated experiments. The current engine management
system still uses a PID controller to adjust the coolant flow valve and control the intake
time and mass flow of the coolant liquid. Typically, the operating temperature of the
engine coolantis set to 90 °C. When the engine is just started or runs at a low temperature,
the coolant does not circulate, but the engine oil will absorb the extra heat from the engine
and shorten the engine warm-up time. When the temperature of the engine coolant liquid
is over 90 °C, the coolant liquid will all flow into the coolant system. In addition, in order
to avoid accidents caused by the engine overheating, when the coolant temperature
exceeds 120 °C or the cylinder block temperature exceeds 110 °C, an alarm will be

triggered and the engine will automatically turn to the idling mode. At the idling mode, the
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coolant remains circulating to cool down the engine components. In terms of all the

experiments listed in this thesis, the engine has been fully warmed up.

As for the fuel supply system, the gasoline is supplied by an external fuel line at ambient
pressure. The electric low pressure pump will boost the pressure of the gasoline from the
ambient pressure at the pipe outlet to 3-5 bar. The pressure regulator then controls the
fuel pressure to reach a threshold in order to provide sufficient pressure for the high
pressure pump. The high pressure pump is a mechanical pump driven by a camshatft that
can boost the injection pressures up to 120 bar. The rest of the fuel will return to the fuel

tank through the pressure relief valve.

3.2 Experimental Hardware

As for the hardware, the GDI engine specifications, the dynamometer-based test bench,
the RCP test hardware, and the engine performance measurement devices are

introduced.

3.2.1 Engine Specification

As introduced in Chapter 1, the GDI engine with advanced boost technology has been
widely employed and will take the majority of the market for passenger cars. A Jaguar
AJ126 3.0L V6 supercharged GDI engine (shown in Figure 3.4) is offered by our partner
Jaguar Land Rover and employed in this study. It has been equipped by Land Rover
Discovery, Jaguar F-Pace, Range Rover Velar and many vehicles since 2014, which
makes the experimental investigations in this thesis more practical. The engine

specifications can be found in Table 3.1. The engine is equipped with a VVT system.
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Then, the intake and exhaust cam timing are allowed to be altered within 60 CAD. Besides,
the high compression GDI technology is applied for the fuel injection system, combined
with a supercharger to boost the pressure of intake air in order to increase the power.
The benefits of GDI technology have been introduced in Chapter 1, including
stoichiometric fuel mixtures, high thermal efficiency and reductions of HCs and NOx

emissions.

Figure 3.4 Jaguar AJ126 3.0L V6 GDI engine

Table 3.1 Engine specifications

Engine Type Jaguar V6 GDI Compression Ratio 10.5
Displacement Volume 2995 cc Peak Power 246 kW
Max Engine Speed 6600 rpm Peak Torque 450 NM
Bore 84.5 mm Intake Valve Timing Variable
Stroke 89 mm Exhaust Valve Timing Variable
Rod 154 mm Standard Euro Emissions Euro 6
Fuel ULG95
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3.2.2 RCP Test Hardware

The deployment of RCP technology has allowed engineers to develop the ECU functions
in a more efficient and reliable collaborative manner. New concepts can be developed in
Simulink and tested on-board the real engine / vehicle, far ahead of the actual release for
the implementation of a new ECU function to the ECU vendor (ETAS, 2012). One crucial
stage in the ECU function development is the early verification and correction of errors. It
is able to avoid the time-consuming and labour-intensive trouble-shootings during the
software development. In addition, the testing phase on-board the real engine / vehicle
offers engineers ample opportunities to precisely calibrate the parameter settings of
controllers under the real-world conditions. Meanwhile, the sufficient calibration data can
be easily collected in this phase for the further development of ECU functions (ETAS,
2012). Thus, the RCP operation platform has significantly increased the efficiency of the
controller development and has reduced the costs typically associated with projects. The
RCP test hardware in this thesis is supported by ETAS Ltd. A general introduction for the

RCP test hardware employed in this thesis is listed below.

The ES910 is a powerful real-time processor with high computational performance. Its
prototyping and interface module is compatible with all common ECU interfaces in a
compact package. It can work effectively in a variety of development environments. The
ES910 is used in conjunction with the INCA-MCE (Measurement and Calibration
Embedded) module to ensure the fast exchange of measurement and calibration data
between the ECU and the test bench. The CAN interface ensures the connection of the
ES910 module to the engine, while the ETK interface allows the ES910 module to operate
synchronously with the production ECU. This is also known as the rapid prototyping

bypass operation. The ETK interface can meet the high real-time requirement and
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separate the function model and the ECU. Then, the prototyping of new functions can be
operated independently of the availability of ECU resources. Hence, the bypass mode
can achieve the mapping of costly and demanding control structures in the early period
of development, or migrate the techniques to an alternative ECU from other suppliers

(ETAS, 2012). The specifications and main function blocks of ES910 are listed as follows:

Table 3.2 Specifications of the ES910

Environment
Temperature range 40 °C to +50 *C /40 °F to +122 °F (operation)
-40 °C to +85 *C / -40 *F to +185 °F (storage)

Power supply

Input voltage 6Vio32VDC

Power consumption 14 W (typically) / 20 W (max.)
Stand-by current < 25 mA

Host interface

Ethernet connection 10/100/1000 Base-T
Protocol TCPAP

IP address Dynamic

Simulation target
Main processor NXP PowerQUICC™ Ill MPC8548 with 800 MHz clock
Double precision floating point unit

Memory

RAM 512 MByte DDR2-RAM (400 MHz clock)
Flash 64 MByte Flash

ECU and bus interfaces

ETK 1 Channel

ECU 1 Channel

CAN 2 Channels

LIN 2 Channels
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Figure 3.5 Main function blocks of the ES910 Prototyping and Interface Module

The ES930 is a powerful and flexible multi-I/O module featuring numerous input and

output channels, which is used to sample the sensors utilizing traditional 0-5 V analogue

to digital sampling appropriately. The ES930 multi-1/O module extends the functionalities

of the ES910 rapid prototyping and interface module, in order to analyse and control the

sensors and actuators directly within a given function model. It actually serves as a

compact measurement module and transmission module to communicate with the

particular hardware at the test bench. The specifications and main function blocks of

ES930 are listed as follows:
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Table 3.3 Specifications of the ES930

Analog input channels

Number of channels

8

Measuring range, resolution

+1V, 10V, +60 V for differential input voltages,
16 bit

Digital input channels

Number of channels 4

Input voltage 0Vito 5V, TTL-compatible
Counter width, resolution 32 bit, 15 ns

Analog output channels

Number of channels 4

Output voltage, resolution

0Vito+10V, 14 bit

Output current

+4 mA (max.)

Digital output channels

Number of channels

6

Output voltage

TTL-compatible

Counter width, resolution

32 bit, 15 ns

Sensor supply

Number of channels

4 assigned to sensors or input channels

Output voltage

+5 VWV to +15 V DC or “Off", configurable per
channel, resolution <10 mV

Output current

20 mA (max. per channel at 5 V)

30 mA (max. per channel at 15V, all channels
loaded simultaneously)

Host interface

Ethernet interface 100Base-T
IP-Address Dynamic
Power supply

Operating voltage 6Vio 32V DC
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Environment

Operating temperature range

-40°Fto +158 °F / -40*C to +70 °C

Supported by ETAS software
for configuration, control, or
data recording

General

ES93x Configuration Tool V1.3.0 and higher

Measurement and calibration
(MC)

INCAV7.0.0 and higher with INCA Add-On
ES93x V1.3.0 and higher

Rapid Prototyping (RF)

INTECRIO V4.0 and higher
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Figure 3.6 Main function blocks of the ES930 multi-I/O module

3.2.3 Engine Performance Measurement Devices

The main engine performance measurement devices employed in author’s study include

fuel flow meter, PM emission analyser and lambda sensor.
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a) Fuel flow meter

A Rheonik Coriolis fuel flow meter system is applied on the test bench to measure the
fuel consumption during the calibration process. It will provide the continuous fuel
consumption signal in real-time. As a Coriolis-flow type meter, it separates the gas
bubbles in the fuel to improve the measurement accuracy and guarantees a transient fuel
flow measurement. The complete fuel flow meter system consists of a sensor, a
transmitter and a connection cable. The sensor employed in this thesis is Rheonik RHM
03 as shown in Figure 3.7 and its specifications are given in Table 3.4. The transmitter is

Rheonik RHE 08 as shown in Figure 3.8, whose specifications can be found in Table 3.5.

Figure 3.7 Rheonik RHM 03 Sensor

Table 3.4 Specifications of the Rheonik RHM 03 Sensor

Max Allowance Pressure 1224 bar / 17752 psi
Temperature Range -196 up to +350 °C
Nominal Flow 6 kg/min
Max Flow 12 kg/min
Min Flow 0.1 kg/min
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Mass Flow Uncertainty

<0.10%

Repeatability

20.05%

Figure 3.8 Rheonik RHE 08 transmitter

Table 3.5 Specifications of the Rheonik RHE 08 transmitter

Measurements

Mass Flow
Density

Temperature

Functions

Batch / Filling Control
Standard Density
Volume Flow
% Concentration

Brix

Outputs

2 Analog
1 Frequency / Pulse
3 Digital Status

Inputs

2 Digital

Display

LCD
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The sensor has precision vibrating tubes inside, which are powered by an electro-
magnetic drive system. And the electro-magnetic drive system itself is powered by the
transmitter. The precision vibrating tubes vibrate at their natural frequency. As the liquid
flows through the vibrating tubes, it causes inertia and leads to additional deflection. This
deflection is electronically recorded by two velocity sensors and a high-precision
electronic time lag sensor. This measurement is proportional to the mass flow and will be

converted to a physical unit using a signal processor in the transmitter.

All of the functions in the fuel flow meter are constantly monitored during the operation. If
any interruptions occur, the error messages will be immediately displayed. The Rheonik
Coriolis fuel flow meter will output the analog fuel consumption signal to the ES930 of the
RCP platform in real-time. As for the accuracy, the mass flow uncertainty is less than

0.10% and repeatability is better than 0.05%.

b) DMS 500

As the Euro 6 emission standard imposes stricter restrictions for the PM concentration
and weight separately specific for GDI engines, both metrics of particles must to be
minimised. Hence, the DMS500 Fast Particle Analyser (as shown in Figure 3.9)
developed by CAMBUSTION Ltd. becomes the perfect equipment for measuring both the

PM concentration and weight in this thesis.
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Figure 3.9 DMS500 Fast Particle Analyser

Table 3.6 Specifications of the DMS500 Fast Particle Analyser

Particle Size Range 5nm - 1uym (5nm - 2.5um option)
Max Sample Temperature 800°C
Minimum Sample Pressure 600 mb
Sample Flow Rate 8 slpm (1 um range) at 0 °C + 100 kpa
Analogue Outputs 4 @ 10 Hz; software configurable
Analogue Inputs 4 @ 10 Hz; software configurable
Output Data Rate 10/sec — 1/min
Max Concentration 1x 10*! N/cc
Controlling Computer Windows PC (by Ethernet)

Since 2002, the DMS500 Fast Particle Analyser has become one of the most widely used
particulate instruments for research labs, universities and the majority of vehicle OEMs

worldwide. It combines electrical mobility measurements of particles with sensitive
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electrometer detectors, and offers simultaneous outputs of particle size, number

concentration and mass as well as their distributions in real-time.

HEPA filtered sheath flow Electrometer Detectors

Unipolar Corona Charger High Voltage Electrode

Figure 3.10 Classifier of the DMS500

The DMS500 uses a high voltage discharge to charge each particle proportional to its
surface area. Charged particles are introduced into a classifier shown in Figure 3.10 with
a strong radial electrical field. This field causes particles to drift through a sheath flow
toward the electrometer detectors. Particles are detected at different distances down the
column, depending upon their aerodynamic drag/charge ratio. Outputs are processed in

real-time at 10 Hz to provide spectral data and other metrics.

The DMS500 offers the measurement of the particle size distribution from 5nm to up to
2.5um for both solid particles and liquid droplets. The previous study (Tan et al., 2014)
has verified that 10s are totally sufficient for DMS500 to get stable PM concentration and
weight measurements. It can offer high resolution for even longer scanning times. The
DMS500 is controlled remotely by a Windows PC via Ethernet. The user interface
includes the real-time data-logging of the spectrum. The data summary tool developed
by CAMBUSTION Ltd. helps users get the rid of complex data processing. The DMS500
data files, which are readable with MS Excel and MATLAB, contain all summary and

spectral data without the requirement of post-processing. For the calibration works in this
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thesis, the DMS500 will output the analog PM concentration and mass signals separately

to the ES930 of the RCP platform in real-time.

c) Lambda sensor

A Bosch lambda (oxygen) sensor LSU 4.9 (shown in Figure 3.11) is employed on the test
bench to measure the continuous AFR in real-time from the exhaust. The LSU 4.9 is a
wide-band lambda sensor developed by BOSCH Ltd., which provides precise
measurements over a wider measuring range for A, from 0.65 to «. It can thus permit
precise control concepts for not only the stoichiometric mode, but also the lean or rich

mixtures.

€ Connectorinterface
© Protective tube

© Sealingring

@O Wiring harness

Figure 3.11 BOSCH LSU 4.9 lambda sensor

The LSU is a planar sensor which integrates the measuring unit and heater into the same
sensor element. On one hand, itis able to eliminate the effects caused by the temperature

of the exhausts on its functions. On the other hand, it allows the LSU to attain its operation
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state rapidly in the shortest time. The heating time is usually between 5 and 20 seconds
according to different types and operating conditions. Besides, the LSU has a double-
walled protective tube that provides the thermal shock protection for gasoline engines. Its

structure is shown in the figure below.

Sensor element

Double protection tube

Washer

Seal packing

Sensor housing

Protection sleeve

Contact bracket

Contact clip

PTFE (polytetrafluor ethylene — Teflon) grommet
PTFE formed hose

1
2
3
4
5
6
7
8
9

[
o

Figure 3.12 Cross-section through the LSU wide-band lambda sensor

Table 3.7 Specifications of the lambda sensor

Lambda Control Range A =0.65to air
Max. Exhaust-Gas Temperature (Sustained) <930 °C
Peak Temperature <1,030 °C
Type Nernst sensor
Heater Voltage Requirement 11V
Trimming Resistor inside connector casing
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On modern engines, the lambda sensor is located on the exhaust pipe, upstream and
downstream of the catalytic converter. One side of the sensor element electrode is in
contact with the exhaust gas, while the other side is exposed to the surrounding air which
is used as the reference for measuring the residual oxygen content. After the LSU
measures the residual oxygen content of the exhaust gas, it compares this residual
oxygen content to the surrounding air oxygen content and identifies the rich mixture (A <
1) or lean mixture (A > 1). Then, it generates a feedback signal corresponding to the
oxygen content of the exhaust gas and sends it to the ES930 of the RCP test platform.
Thanks to the rapid dynamics and high precision of LSU, even a slight deviation in mixture
formation can be detected and corrected before the negative disruption takes place. This
guarantees the long-term measurement accuracy, save the fuel consumption by saving
the operating time, and reduce the demand for the catalytic converter’s storage capacity

for oxygen.

3.2.4 Dynamometer-based Engine Test Bench
In this thesis, the rotation speed of the engine is adjusted by a Froude EC38 eddy current

dynamometer as shown below:

97



Figure 3.13 Froude EC38 eddy current dynamometer

The technical specifications of the Froude EC38 eddy current dynamometer can be found
in Table 3.8. This type of dynamometer offers excellent stability for engine steady state

mapping works (endurance tests), and some low-transient type tests.

Table 3.8 Specifications of the dynamometer

Froude EC38

Model
Eddy Current Dynamometer
Maximum Power 165 kw
Maximum Torque 477 Nm
Maximum Speed 8000 RPM
Moment of Inertia 0.101 kg-m?

+0.25% of full rated torque of
Torque Measurement Accuracy

dynamometer

Speed Measurement Accuracy 1 RPM

The dynamometer is powered and controlled by a DSG Series 2000 control system. The
dynamometer has two operation modes: speed mode and torque mode. In the speed

mode, the engine rotation speed is regulated and maintained by the dynamometer directly,
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and then the engine adjusts the injected fuel according to the throttle position to achieve
a specific torque. In the torque mode, the torque is regulated and maintained by the
dynamometer directly and the engine is then adjusted to a desired speed. The
relationship between the torque and speed applied to the dynamometer and the electrical
signal it releases is calibrated and registered by the dynamometer supplier. The torque
or speed required for the dynamometer is controlled by the DSG Series 2000 connected
with the ETAS system. The speed mode is chosen in this thesis because of its fast

dynamic performance and small fluctuation.

3.3 Experimental Software

In terms of the software, the MATLAB/Simulink-based controller design, the RCP

associated software and the experimental data processing methods are presented.

3.3.1 Design of Controller
Nowadays, the control functions are widely defined and modified in the MATLAB/Simulink
environment. Thus, the controller embedded with proposed control and calibration

functions is firstly designed and generated by the MATLAB/Simulink.

It is well-known that MATLAB is a multi-paradigm numerical computing environment and
proprietary programming language developed by MathWorks. It has been widely used for
data analytics, signal and image processing, and system design, owing to its fast coding
capability, rich toolboxes and useful plotting tools. It can also interface with programs
compiled in other programming languages. Thanks to the MATLAB, the implementation

of artificial intelligence becomes much easier.
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The Simulink, as an additional package of MATLAB, adds graphical programming
environment for the design, modelling, simulation and analysis of multi-domain dynamical
systems and embedded systems. With the Simulink, a complex controller can be
generated by a set of customizable graphical programming blocks, integrated with the
rest of MATLAB scripts. Hence, the Simulink has become the most popular programming

tool for the automatic control and signal processing in the automotive industry.
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Figure 3.14 Structure of the controller generated by MATLAB/Simulink



Figure 3.14 gives an example of the controller model constructed by MATLAB/Simulink.
Basically, the controller designed in this thesis consists of two major parts. One is the
engine test bench controller with two main functions: firstly, to send the required engine
operation condition signals (e.g. required engine rotation speed or throttle opening) to the
test bench; secondly, to collect the measurement signals and display them in the INCA
operation interface. The other one is the optimiser embedded with the proposed artificial
intelligence functions. It uses the engine measurement signals as feedback signals,
operates the programs and outputs the corresponding optimal control signals to the test

bench.

3.3.2 RCP Test Software
The software employed for the RCP testing in this thesis includes the ETAS INTECRIO

and ETAS INCA.

The software ETAS INTECRIO can easily identify the MATLAB/Simulink-based controller
model and convert it into the C-code program, which is suitable for the real-time execution
on the compact ES910 prototyping and interface module for RCP test purposes (ETAS,
2013). Then, the ETAS INTECRIO offers users an integration environment to set up RCP
configurations rapidly by linking the input and output signals of the controller to the
corresponding ECU bypass interfaces, sensors and actuators on the test bench (ETAS,
2012). Thus, the controller model can be embedded directly into the existing RCP
configurations and engine management systems. To meet different hardware
configurations and development requirements, the ETAS INTECRIO provides a variety
of on-board prototyping test targets and integration environments to achieve different

RCP functions in conjunction with the ES910 module (ETAS, 2013).
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As mentioned in section 3.2.2, the ES910 module is synchronized with the production
ECU by using the ETK bypass interface. Therefore, the execution of the proposed control
functions on the prototyping target can be separated from the ECU operation and run in
parallel (ETAS, 2013). The complete electronic control of the engine is accomplished by
using the software ETAS INCA integrated with its INCA Experimental Target Integration
Package (INCA-EIP) add-on. It is able to operate the modified engine management
system with the bypass function through the ES910 module while running the unmodified

engine management system through the ECU.

The ETAS INCA can access not only the function model on-board the ES910 module, but
also the existing engine management system in ECU. It provides a one-click-build virtual
control prototype with the executable programs transformed from the Simulink model by
the ETAS INTECRIO. Then, the proposed control functions can be operated as
executable programs running on PCs (ETAS, 2013). The virtual control prototype works
on the ES910 module in the same way as the engine management system does in a
production ECU. But this virtual control prototype can be loaded independently by the
INCA and shared with other INCA users without revealing its underlying model (ETAS,

2013).

The ETAS INCA can display the synchronous measurement signals from the ES910
module and ECU in the same interface. It also allows the measurement and calibration
values of the control functions on the ES910 module to be displayed and adjusted in real-
time within the same interface (ETAS, 2013). Meanwhile, users can adjust the sampling
frequency to cope with different application requirements. Thus, the engine operating
conditions and the mapping of the control function inputs can be easily modified by the

users (ETAS, 2013). As a result, operations are shifted from the engine test bench to the
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computer. And the new ECU functions can be validated through the real-world engine
testing under particular conditions and corresponding experimental results can be

recorded as required from various devices (ETAS, 2012).

All'in all, the ETAS INTECRIO and INCA form the toolchain for implementing the RCP
testing. The workflow to generate an RCP test task using the ETAS INTECRIO and INCA

can be found in Figure 3.15.

Simulink-based
imulink-base Controller model Controller model compile
controller model i . >
configuration by INTECRIO
development
v
INTECRIO INCA configuration Start experiment
confl.guranon. N RCP conflguratlon N (virtual control N (INCA operates
(prototyping functions, file prototype, hardware, measurement and
executable code) projects, experiment) calibration values on PC)

Figure 3.15 Workflow to generate an RCP test task

As the Figure 3.15 shows, the Simulink-based controller model is compiled as the real-
time C-code first for the RCP target by the ETAS INTECRIO. The INTECRIO prototyping
integration platform combines the controller model with further prototyping functions,
builds the interface description file and executable code for the specific RCP system. This
allows the ETAS INCA to access the control function parameters for calibration and
measurement. Eventually, The ETAS INCA is the platform for data acquisition and

recording (Li, et al., 2018).

103



3.3.3 Operation Interface

With the software ETAS INCA, the experimental operations can be

engine test bench to the computer.
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Figure 3.16 ETAS INCA operation interface

As can be seen from the Figure 3.16, the INCA offers users an operation interface which
includes all the measurement and calibration data, together with the switches of
operations and the engine operating condition configurations. Thus, the calibration data
can be easily modified via the operation interface. And the corresponding experimental

results can be easily measured and recorded from various devices in real-time.

3.4 Experiment Plan

In this thesis, both the steady-state and transient engine tests are conducted on the

engine test bench. The test on the dynamometer-based test bench is different from that
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on the real vehicle. The engine speed is adjusted and maintained by the dynamometer
within the range of 1200 to 2000 rpm, which is a typical speed range for experimental
studies of modern light-duty gasoline engines. Meanwhile, the engine load is adjusted by
the throttle position (throttle opening). In terms of the transient engine tests, the
adjustment of the operation conditions is achieved by a step-change of the engine speed
or throttle position. After the step change occurs, the engine performance signals may
oscillate and need a period of time to stabilize again. This period of time is called the
settling time. And the overshoot is the increased amplitude of a signal exceeding its
steady-state value. The settling time varies based on different tests and the overshoot of
the signals should be constrained at the same time. The sampling frequency is 100 Hz in
real-time. The details of the experiments for each study are presented in the following

chapters separately.

3.5 Summary

The experimental set-up is introduced in this chapter, which consists of the GDI engine
test bench, ETAS RCP test platform, and engine performance measurement devices.
With the ETAS RCP test platform, the operation and validation of the calibration and
control strategies are accomplished using a computer. The investigation approach and

experiment plan are also introduced.
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CHAPTER 4 INTELLIGENT NON-MODEL-BASED

CALIBRATION APPROACH USING ARTIFICIAL

INTELLIGENCE ALGORITHM

Part of the study presented in this chapter has been published in the journal “Proceedings
of the IMechE, Part D: Journal of Automobile Engineering” (Ma et al., 2019) and the
journal “ASME Journal of Dynamic Systems, Measurement and Control” (Ma et al., 2017).
As the second author of both two publications, the author of this thesis constructed the
optimiser, configured the test platform, designed the experiments, collected the data and
wrote the publications. In this chapter, two intelligent non-model-based calibration
approaches using SPEA2 and CAPSO algorithm separately have been developed, which
can optimise the engine’s brake specific fuel consumption (BSFC), particulate matter
emission number (PMn) and mass (PMm) by automatically adjusting the engine variable
settings (IVO, EVC, spark timing, injection timing and rail pressure) without the

requirement of an engine model or massive experimental data.

A general introduction to the background of this study is presented first. Then, the
calibration task is formulated as a multiple-objective optimisation problem with constraints.
Besides, the Simulink-based real-time optimisers are developed and implemented on a
V6 GDI engine test bench through the ETAS RCP platform. The experimental results are
shown in the following section, and the comparisons among the proposed calibration
approaches and the baseline calibration approach are given concerning the calibration

efficiency and results. The final section presents a summary.
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4.1 Introduction

As introduced in the first two chapters, the engine calibration task becomes extremely
challenging even for the experienced engineers involving the time, labour and other
consumable items, because of the increasing number of sub-systems introduced to the
engine management system (EMS). Meanwhile, the increasing complexity of the EMS
also makes it difficult to achieve the trade-off relationship among various objectives and
the computational speed. As a result, the calibration task has become a multi-objective

optimisation problem.

The conventional calibration approach has been developed from the manual setting
through hundreds of trial-and-error experiments to the model-based calibration (Ma et al.,
2019; Men et al., 2018; Grasreiner et al., 2017). However, as introduced in section 2.1.2,
the use of engine models has many inevitable drawbacks. Meanwhile, the reliability of
calibration results for the real engines significantly relies on the accuracy of engine
models. A poorly constructed model will result in undesirable settings which require the

further adjustment by engineers (Wong et al., 2018a).

Thus, the intelligent non-model-based calibration approach is developed in this chapter.
The comparison between the model-based calibration approach and the non-model-
based calibration approach can be found in Figure 2.2. As for the calibration in the
industry, not only the final optimum results but also the time consumption should be taken
into consideration. This chapter aims to develop an efficient and economical non-model-
based calibration approach to further improve the automation level of the multi-objective
calibration. For this purpose, an efficient online optimisation algorithm has to be employed.
Accordingly, the SPEA2 and CAPSO algorithm are selected as the most advanced meta-

heuristic algorithms and global optimisation methods introduced in section 2.4.3. This
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automatic engine calibration process does not need an engine model or massive

experimental data.

Three possible and representative cases have been studied for the calibration in this
chapter. The PM emissions and BSFC are the objectives and the engine variable settings
are constrained. Accordingly, the calibration case becomes a multi-input and multi-
objective optimisation problem. The proposed non-model-based calibration approach is
very flexible and robust. This chapter aims at presenting the concept and methodology.

The variables and objectives can be replaced based on different cases and requirements.

4.2 Methodology

4.2.1 Forming the Optimisation Problem

The experimental studies are all conducted on the 3-litre supercharged V6 GDI engine
test cell described in Chapter 3 at the University of Birmingham for the part load steady-
state calibration. The non-model-based calibration optimisers embedded with the
algorithms will generate a number of calibration variable settings to study their effect on

fuel consumption and PM emissions.

The CO, THC and NOx emissions after the three-way catalyst converter have met the
Euro 6 emission legislation. The AFR is maintained as 14.7 for the stoichiometric
combustion. As mentioned in Chapter 1, the fuel consumption and PM emissions are still
among the main objectives for calibration. Thus, the engine calibration task is formed as
a multi-objective optimisation problem with three objectives and five variable settings in

this chapter. Namely, the optimiser should identify the variable settings IVO, EVC, spark
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timing, injection timing and rail pressure to minimise the brake specific fuel consumption

(BSFC), PM emission number (PMn) and PM emission mass (PMm).

In addition, from the view of calibration, mapping the variable settings at infeasible engine
operating conditions would be a waste of time. Therefore, the combustion stability and
exhaust gas temperature act as non-linear constraints for the calibration in this chapter.
On this premise, all the variable settings have to be constrained within the reasonable

range as Table 4.1 shows.

Table 4.1 Adjustable range of each engine parameter

IVO EVC Spark timing Injection timing Rail pressure
(aTDC) (aTDC) (bTDC) (bTDC) (MPa)
Min -25CAD  0CAD -10CAD 250CAD 15
Max 35CAD 50CAD 50CAD 400CAD 20
Minimum
sample 1 CAD 1 CAD 1 CAD 10 CAD 1MPa
interval

The engine calibration thus becomes a “black-box” multi-objective optimisation problem

with constraint variables:

(BSFC = f,(IVO, EVC, Spark_t, Injection_t, Rail_p)
PMn = f,(IVO, EVC, Spark_t, Injection_t, Rail_p)
PMm = f;(IVO, EVC, Spark_t, Injection_t, Rail_p)

min /] = min (BSFC + PMn + PMm)
] —25CAD <1IVO <£35CAD, aTDC 4.1)

0 CAD < EVC <£50CAD,aTDC
—10 CAD < Spark_t < 50 CAD,bTDC
250 CAD < Injection_t < 400 CAD,bTDC

\ 15 MPa < Rail_p < 20 MPa
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where f;, f, and f; represent the unknown non-linear functions between the variable
settings and the engine responses. The BSFC, PMn and PMm are continuously
measured online in real-time as the feedback signals throughout the entire calibration
process. Figure 4.1 presents the main structure of the calibration task. The engine test
bench controller with the optimiser constructed by MATLAB/Simulink can be found in

Figure 3.14.

Initial Settings

A4

PMn . Calibration
Optimizer >
PMm Results

0]
=
m
=]
@,
3
m
v

A 4

IVO
EVC

Spark Timing

Injection Timing

Rail Pressure

Repeat for specific times or until the most optimal results are found

Figure 4.1 Main structure of the calibration task with variable settings and objectives

It should be emphasized that the objectives and constraints are decided on a case by
case basis. This chapter divides PMn and PMm as two objectives because the Euro 6
emission legislation has restricted the number and mass of PM emissions separately
specific for GDI engines. Basically, ultrafine particles (< 50 nm) dominate to the total
number of PM emissions, while fine particles (< 1 um) generate the major mass of PM
emissions. Both of these two metrics have to be minimised from the view of health and

environment issues.
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4.2.2 SPEA2 Optimiser
Given that the theory and benefits of the SPEA2 have been introduced very clearly in

section 2.4.3, this section just presents the specific working steps of the SPEA2 optimiser.
Step 1 Initialization:

Start the engine, and enable the external ECU bypass to allow the engine to run with the
modified variable settings offered by the optimiser. Define the population size and the
external archive size as N and N respectively. The selection for the size of population
should consider the trade-off between the time consumption and solution diversity. More
individuals may locate better optimisation results, but it will cost more time for each
iterative loop. It should be determined on a case by case basis. Based on the author’s
previous study (Ma et al., 2019), different population sizes 10, 30, and 50 are investigated.
Itis found that a small population cannot sufficiently cover the searching space and locate
the optimum results. In order to ensure the diversity of the variable settings, a population
of 50 is selected in this thesis. The archive size is equal to the population size. Thus, the
SPEAZ2 optimiser generates an initial population P, with 50 groups of engine variable
settings (IVO, EVC, Spk_t, Inj_t and Rail_P) randomly within the ranges shown in
Equation (4.1) and sends them to the engine in real-time. Meanwhile, an empty initial
external archive A, = 0 is created for storing non-dominated solutions, and the iterative
loop counter is set to t = 0. The engine runs with each given group of variable settings
for 10s, which is sufficient to allow the measurement readings of the BSFC, PMn and

PMm to become stabilized.
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Step 2 Fitness assignment:

Calculate the fitness value of each individual in the population P, and external archive A,
at tth generation (iterative loop). The fitness value contains the raw fitness R(i) and
density value D(i). Basically, R(i) represents the strength of individual i’s dominators in
both archive and population. D(i) is employed to distinguish the individuals with same
raw fitness values. Therefore, the non-dominated solution who is farther away from the
other non-dominated solutions with the same raw fitness value is retained to improve the

diversity.

Specifically, a strength value S(i) is first assigned to each individual in the population and
external archive, which indicates the number of solutions that are dominated by this

individual. The equation to calculate the strength value of the individual i is given by:

SO =1U1jeP+A N>} (4.2)

where |-|denotes the cardinality of a set; + stands for the multiset union; the symbol >
corresponds to the Pareto dominance relation; and j is the individual that is dominated
by i. Then, the raw fitness value R(i) is equal to the sum of the strength values of all the
individuals that dominate the individual i:
RD= ) SG) 4.3)
jEPt+At/\j>i
It should be noted that the raw fitness value is to be minimized here. In other words,

R(i) = 0 indicates the non-dominated solution, while a higher R(i) represents that the

individual is dominated by many other individuals.
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The density value D(i) of the individual i is calculated based on the k" nearest

neighbour method:

o= o +2 (4.4)

k=+N+N

where ¢ denotes the spatial distance (Euclidean distance) between the individual i and
its k" neighbouring individual. k is determined by the population size N and archive size

N. Eventually, the fitness value F (i) of each individual i can be obtained by:
F(i) = R()) + D(i) (4.5)
Step 3: Environmental selection:

Copy all the non-dominated solutions (current Pareto-optimal solutions) from P, and A, to

the archive A, .

If the size of A.,, is larger than N (archive size), then reduce 4., using the truncation
operator; else fill A;,, by the dominated individuals in P, and A; until the archive size

becomes equal to N. In this chapter, N = 50.
Step 4: Termination:

T is the maximum number of the generations (iterative loops), which is set as 35 in this
chapter. If t > T, then store all the non-dominated solutions in the external archive A;,,

and finish the engine test. If t < T, then go to step 5.
Step 5: Mating selection and variation:
50 individuals are put into the mating pool from the A,,;. Crossover and mutation

operators are then applied to the mating pool. This chapter uses the binary tournament

113



selection method (Maheta and Dabhi, 2014) to select the parent in A;,,. To be specific,
two individuals are chosen at random from the A;,; to compete against each other. The
one with better fitness is selected as a parent. Then the engine runs with the derived new

50 groups of engine variable settings. At last, increase t to t + 1 and go back to step 2.

Figure 4.2 gives the workflow of the SPEAZ2.
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4.2.3 CAPSO Optimiser
The theory and benefits of the CAPSO algorithm have been introduced very clearly in

section 2.4.3. The location of each particle is updated through a single step:
X(ern) = (1= By + BG(y + arg (4.6)

The randomization component ar;, here allows the solutions to break away from the
fetters caused by any local optimal results. Specifically, 7, is a random movement within
the search-domain for the particle, while «a indicates the randomness parameter that
would be updated at each iteration. An improvement of the CAPSO algorithm is to reduce
the randomness over successive iterations. Thus, a monotonically decreasing function is

used to replace the a:
a= ay-yt 4.7)

Previous studies (Yang, 2014; Gandomi, et al., 2013) have explained that «, € [0.5,1] as
the initial randomness parameter and y € [0, 1] as the control parameter. y is usually
taken as 0.7 to 0.9 for the standard CAPSO cases. Meanwhile, a larger «, is able to

achieve a larger a which can make it effective to get rid of the locally optimum results.

As the attraction parameter, g € [0, 1] is used to adjust the convergence speed. For =
0, the particles will move and update very slowly. Whereas, for g = 1, the patrticles will
converge directly to the current locally optimum results even though they are not the best
globally optimum results. The conventional APSO algorithm sets g = 0.5 as a constant
because some studies have verified that it could allow the algorithm to work effectively.
However, a variable g in each iteration can improve the trade-off between the

convergence speed and diversification (to avoid being stuck in locally optimum results).
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That is the reason why the CAPSO algorithm employs the chaotic mapping strategy to
adjust g value after each iteration. In this chapter, as one of the most classic chaotic
mapping strategies, the logistic mapping strategy is applied (Quan et al., 2017). Then,

the B value is updated following the equation:

Bi+y = @ Bey (1 —Bw) (4.8)
Generally, the CAPSO algorithm consists of three steps.
Step 1 Initialization:

Start the engine, and enable the external ECU bypass to allow the engine to run with the
modified variable settings offered by the optimiser. In this chapter, the number of particles
in each swarm is selected as 50, the maximum number of iterations is selected as 35,
and the search-domain for each variable has been shown in Equation (4.1). Thus, 50
particles, who represent the various engine variable settings, will start from their initial
locations generated randomly based on the range of search-domains shown in Equation
(4.1). The engine runs with each given group of variable settings for 10s, which is
sufficient to allow the measurement readings of BSFC, PMn and PMm to become

stabilized.
Step 2 Update for each particle:

The iteration process begins. The value of the fitness function for each particle is

calculated based on the real-time measurements. The fitness function is expressed as:

min
IVO,EVC,Spk_t,Inj_t and Rail_P
BSFC — BSFCpin PMm — PMmy,;,

BSFCpay — BSFCmin = PMMypgy — PMMpn (4.9)
PMn — PMn,p;p, )

+
PMn,q — PMn,y,in

= minimise (
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where BSFCp,q and BSFC,,;, indicate the maximum and minimum brake specific fuel
consumption found by the particles in current swarm respectively; PMm,,,,, and PMm,,;,,
indicate the maximum and minimum PM emission mass found by the particles in current
swarm respectively; PMn,,,, and PMn,,;, indicate the maximum and minimum PM

emission number found by the particles in current swarm respectively.

Afterwards, the current locally optimum results corresponding to the most desirable
fitness function value are stored. At the end of each iteration, the location of each particle
Is updated in respect of three indicators, i.e. the particle’s current location, the best

location in the swarm, and a random factor.

In this chapter, each particle’s location is defined as:
x(it) = [IVOét),EVC(it),Injection_timingét),Spark_timingét),Rail_pressure(it)] (4.10)

where t =[1,2,3..N] is the index of iterations, N is the number of iterations; i =
[1,2,3 ... M] is the index of particles in each swarm, M is the number of particles in each
swarm. IVO(it) , EVC(it), Injection_timing(it), Spark_timingét), and Rail_pressure(it) are

the engine variable settings for t th iteration and i th particle.

The location of each particle is evolved following the equations:

xét+1) =(1- B)x(it) + BG(it) + ar
0= aypt (4.11)
Bi+1y = @ Bry (1 —Bw))

Based on the author’s previous researches (Zhang, et al., 2019; Zhou, et al., 2017), a, =

0.9 and y = 0.8 are selected in this chapter. ¢ and initial 5,y are set as ¢ = 0.4 and Sy

= 0.7 respectively to significantly improve the randomization for the generated particles.
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Step 3 Stopping conditions reached:

The iteration process is repeated until the pre-set number of iterations or boundary
conditions are reached. The final optimum solutions will be obtained from the optimum

results of the final iteration.

The workflow of the CAPSO algorithm can be found in Figure 4.3:
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4.3 Experimental Plan

Details about the experimental set-up have been introduced in Chapter 3. Generally, the
fuel consumption is measured by the fuel flow meter, and the PM emissions are measured
by DMS500. All of these measurements are received by the ES930 and sent to the ES910
as the feedback signals for the calibration. Then, the algorithm-based optimiser
embedded in the ES910 will process the program, generate a new group of engine
variable settings and send them to the engine in real-time until the globally optimum

solutions are found.

More and more meta-heuristic optimisation algorithms have been applied to deal with the
engineering problems. Each of them has its own advantages. As the “no free lunch”
theorem said (Wolpert and Macready, 1997), it is impossible to discover one algorithm to
resolve all kinds of optimisation problems. Different algorithms are inspired by different
natural behaviours and designed by different theories. The program, the code, the size of
the controller and the number of parameters are all different. From the view of calibration
and the feedbacks from engineers, the efficiency (the trade-off between the results and
the time consumption) is the priority when evaluating the calibration strategies. Hence,
this chapter is going to compare the SPEA2 and CAPSO optimisers based on their

convergence speed and optimisation results.

The initial engine variable settings are generated randomly within the range as the Table
4.1 shows. On one hand, it can ensure the diversity of the variable settings. On the other
hand, for a brand-new engine, only the constraints of its variable settings can be obtained,
while it is impossible to predefine the optimal variable settings at the beginning. Thus, the
proposed optimiser is supposed to automatically find the optimum variable settings from

scratch, without the guidance by the engineers during the optimisation process.
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Given that 10 seconds are enough for the measurements to become stabilized, the
engine is defined to run 10 seconds with each given group of variable settings. After 10
s, the calibration process for the first group will stop and get started with the next group
of variable settings. Because there are both 50 individuals in each population for SPEA2
and 50 particles in each swarm for CAPSO, 50 groups of variable settings are generated
by the optimiser and sent to the engine in each iteration in real-time. Therefore, the
calibration process will repeat 50 times and cost 10 s X 50 = 500 s (8.33 min) for one
iterative generation. After that, the engine variable settings for the next iterative
generation will be produced based on the algorithms mentioned above and fed into the
engine. The calibration process will repeat 50 times again. 35 iterative loops are applied
based on the experimental studies achieved. The calibration process will stop in advance
when the optimum results converge. Thus, the whole calibration process will cost no more
than 500 s x 35 = 17500 s (4.86 h). As for the model-based calibration approach using
optimisation algorithm mentioned in section 2.1.2, it will cost the same time for calibration

together with weeks to generate a mean value model.

It should be noted that, the number of iterative loops and the number of individuals or
particles for algorithms are predefined as the compromise between the solution diversity
and the convergence speed. Although more individuals or particles for algorithms can
make greater use of the search-domains, the longer time it takes for each iterative loop.
Hence, to compare the convergence speed of optimisers, this chapter compares the time

consumption required by two optimisers with the same number of individuals and patrticles.
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4.4 Results and Discussion

To validate the non-model-based calibration approaches, the calibration results for three
different engine operating conditions with: 1) 1500 rpm and 5.5 bar BMEP; 2) 1500 rpm
and 8.0 bar BMEP; 3) 1700 rpm and 4.5 bar BMEP are shown here. To evaluate the
efficiencies of these calibration approaches, their convergence speed and optimisation

results are compared as follows.

4.4.1 Comparison of Convergence Speed

The calibration results found by two optimisers have been shown in Figure 4.4 to 4.6 as
the searching process goes by. Since 35 iterative loops are applied, the figures show the
optimum results after every five iterative loops. The three-dimensional figures are
employed to demonstrate the calibration results given that there are three objectives. And
the lower left corner in each figure is the origin of coordinates, which indicates the lower
fuel consumption and lower PM emissions. The point who is closer to the lower left corner
represents the better calibration results, i.e. locally optimum results. Because each
population of SPEA2 has 50 individuals and each swarm of CAPSO algorithm has 50
particles, there are 50 points in each figure and each point represents a solution for

engine variable settings.
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Figure 4.4 Calibration results of the Case 1 after every five iterative loops

Case 2). 1500 rpm and 8.0 bar BMEP:
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Case 3). 1700 rpm and 4.5 bar BMEP:
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Figure 4.6 Calibration results of the Case 3 after every five iterative loops

As can be seen from the figures, the range of the calibration results becomes narrower
as the iteration process goes by. It confirms that the proposed non-model-based
calibration approach can automatically find the better calibration solutions. The CAPSO-
based calibration results have already converged to the globally best solution within 25
iterative loops. Whereas, the SPEA2-based calibration results cost at least 35 iterative
loops to converge to a very small range. Thus, the CAPSO optimiser is able to save at
least 28.6% of the time consumption. That is because SPEA2 and CAPSO algorithms are
inspired by different natural behaviours and designed by different theories as mentioned
above. The most remarkable advantage of the CAPSO algorithm is its fast convergence
speed. Once the CAPSO algorithm finds a best solution in the swarm, particles will
converge to that solution gradually while part of them keep searching the surrounding
areas to retain the diversity. The iteration of SPEA2 is based on the mutation and
crossover, which means the “offspring” solutions may be even worse than the “parent”

solutions, and it will cost more time until the best “offspring” solutions are generated.
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The CAPSO algorithm will output only one globally optimum solution based on the scaling
factors or weights predefined by users. Meanwhile, the SPEA2 will output a set of
solutions along the Pareto front, because all of these solutions are equally good and do
not dominate each other. Accordingly, the SPEA2-based calibration results cannot
converge to one solution, but users can select the most desirable solution based on their
requirements. From the view of calibration, the CAPSO-based calibration approach is
regarded as a more efficient calibration approach, because only one best solution is going
to be stored in the ECU. Therefore, the CAPSO algorithm can speed up the calibration

process.

4.4.2 Comparison of Calibration Results

Because the engine employed in this chapter is a commercial engine, the default
calibration maps offered by the OEM are available to be viewed from the ECU. Thus, they
are used as the benchmark for the comparison. In order to evaluate the proposed
calibration approaches, comparisons among the results of the proposed calibration

approaches and the default ECU maps are shown in Figure 4.7 to Figure 4.9.

Case 1). 1500 rpm and 5.5 bar BMEP:

IVO BSFC

- — — - OEM 290 — — W — - OEM
S NS — - A — - SPEA2 a = =k — - SPEA2
——@—— CAPSO —@—— CAPSO

Injection_t 400 Spark_t PM mass PM number

Figure 4.7 Final calibration results of the Case 1
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Case 2). 1500 rpm and 8.0 bar BMEP:

IVvo BSFC
40

- —M--0eMm 270 - = — - OEM
30

=+ =f+ = « SPEA2 265 'A SPEA2

——@—— CAPSO

4.4E-3
Injection_t 400 Spark_t PM mass PM number

Figure 4.8 Final calibration results of the Case 2

Case 3). 1700 rpm and 4.5 bar BMEP:

— —H - - OEM 290 - —M - - 0EM
=+ = = SPEA2 — - = — - SPEA2
——@—— CAPSO

SO0EVC

1.60E-3
Injection_t 400 Spark_t PM mass PM number

Figure 4.9 Final calibration results of the Case 3

The left-hand figures in Figure 4.7, 4.8 and 4.9 indicate the engine variable settings, while
the right-hand figures in Figure 4.7, 4.8 and 4.9 indicate the corresponding engine
performances. Because both algorithms involve random operations during the calibration
process, it is not fair to compare their performance through a single case. Therefore, both
calibration approaches are implemented for six times repeatability tests, and the most

representative calibration results found by algorithms after 35 iterative loops are used for
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evaluation. The details can be found in Table 4.2. This chapter is aimed at improving the
automation and intelligence level of the calibration approach. The variables and
objectives can be added and replaced concerning different requirements. Once the
proposed calibration approach found the lower BSFC and PM emissions compared to the
OEM data, it comes to the conclusion that the proposed calibration approach is able to

automatically locate the optimum calibration results.

Table 4.2 Detailed comparison among the representative results of the proposed
calibration approaches and the default ECU maps through six times repeatability tests

Cace IVO EVC Spk_t In_t Ral_p pggprc PMn PMm
(CAD) (CAD) (CAD) (CAD) (MPa) (9/kwh)  (nicc)  (uglcc)

OEM 35 47 37 250 20 278  2.80E+06 1.37E-03

SPEA2 21 36 21 255 20 272  2.68E+06 1.32E-03

1 Improvement 2.2% 4.3% 3.6%
CAPSO 20 33 18 255 20 270  2.63E+06 1.28E-03
Improvement 2.9% 6.1% 6.6%
OEM 13 35 14 289 20 258  3.38E+06 4.20E-03

SPEA2 18 37 12 289 20 257  3.33E+06 4.15E-03

2 Improvement 0.4% 1.5% 1.2%
CAPSO 18 37 12 289 20 257  3.33E+06 4.15E-03
Improvement 0.4% 1.5% 1.2%
OEM 35 47 39 265 20 284  3.07E+06 1.51E-03

SPEA2 23 50 25 300 20 278  2.89E+06 1.43E-03

3 Improvement 2.1% 5.9% 5.3%
CAPSO 23 50 25 300 20 278  2.89E+06 1.43E-03
Improvement 2.1% 5.9% 5.3%
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As can be seen from the figures and the table above, the calibration results obtained by
two algorithms are very close to each other and they are both better than the default ECU
settings. As for the case 1, it is found that the CAPSO-based calibration approach can
find the engine variable settings for lower fuel consumption and lower PM emissions
compared to the SPEA2-based calibration approach. In terms of the case 2, both two
algorithms result in the same optimum calibration results and they are very close to the
default ECU settings. As for the case 3, the algorithm-based calibration approaches still
find the same optimum results. But they are different from the default ECU settings and
can reduce the fuel consumption as well as PM emissions. The improvements of the fuel
consumption, PM emission number and mass are up to 2.9%, 6.1% and 6.6%

respectively over the default ECU settings.

4.5 Summary

In this chapter, the intelligent non-model-based calibration approach for ICEs has been
developed. To validate the non-model-based calibration approach by a V6 GDI engine
test bench, the Simulink-based optimisers using the SPEA2 and CAPSO algorithms have
been developed. They were applied to the real engine via RCP and external ECU bypass

technology.

The calibration task was formed as a multi-objective and multi-variable problem, i.e. to
optimise the BSFC and PM emissions (PMn and PMm) through tuning the engine
variables: IVO, EVC, spark timing, injection timing and rail pressure. The experiment

results show that:
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e The intelligent non-model-based calibration approach can automatically find the
optimum engine variable settings from scratch. It does not rely on the engine model
or massive experimental data. It is a more efficient and economical way to calibrate
an engine.

e The intelligent non-model-based calibration approach can even find the variable
settings for lower BSFC (up to 2.9% reduction), lower PM emission number (up to
6.1% reduction), and lower PM emission mass (up to 6.6% reduction), compared
to the default ECU settings.

e Compared to the SPEA2-based -calibration approach, the CAPSO-based
calibration approach is able to find better engine variable settings with faster speed

(save at least 28.6% of the time consumption).

The conclusions above show that the developed non-model-based calibration approach
has great potential to improve the automation level of the engine calibration. It is a
promising approach to help the calibration engineers get rid of the numerous engine

mapping tests.
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CHAPTER 5 SELF-ADAPTIVE AIR/FUEL RATIO CONTROL

STRATEGY WITH A PI-LIKE FUZZY KNOWLEDGE BASED

CONTROLLER

The work presented in this chapter has been published in the journal “Proceedings of the
IMechE, Part D: Journal of Automobile Engineering” (Li et al., 2019a). This chapter
proposes a new concept of the Pl-like fuzzy knowledge based controller (FKBC) with the
self-adaptive capability, high robustness and rapid development capability to regulate the
AFR for GDI engines. The proportional term, integral term, and the output signal of the
Pl-like FKBC are non-linear functions of the input signals and self-tuned in real-time at
operation conditions, which can reduce the effort to be spent in calibrating controller
parameters. The experimental studies show that the proposed controller can regulate the
AFR at the stoichiometric value with less settling time and less oscillation compared with

the conventional lookup-table-based controller for transient operations.

A general introduction to the background of this study is presented first, followed by an
introduction to the AFR dynamics. Then, the Simulink-based PI-like FKBC is developed
and implemented on a V6 GDI engine test bench through the ETAS RCP platform. The
experimental results are shown in the following section, and the comparison between the
Pl-like FKBC and the conventional lookup-table-based PI controller is given concerning
the transient control performances, including the settling time and the oscillation. The final

section presents a summary.
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5.1 Introduction

As introduced in section 2.5, the AFR should be maintained as the stoichiometric value
(14.7) for both steady-state and transient operations, in order to achieve the minimum
emissions and the optimal trade-off between the power output and the fuel consumption.
If the oscillations of the AFR continue for a long period with dramatic overshoots, they
can affect the system security and impair the thermal efficiency as well as the catalyst
efficiency. As for the feedback control loop of the AFR control system, the current
commercial engine management system uses the lookup-table-based PI feedback
controller to adjust the injected fuel mass and regulate the AFR. This method is time-
consuming due to the massive parameter calibration works, and it is not robust to engine
parameter uncertainties and time varying dynamics. Besides, it cannot work efficiently for

the highly non-linear engine systems (Li et al., 2019a).

Therefore, the FKBC is applied in this chapter to optimise the AFR feedback control
scheme. The main advantages of the FKBC includes: improvement of the system stability;
self-adaptive capability; high robustness; fault-tolerant capability; simple structure; easy
tuning; no requirement for historical data and training; excellent tracking performance; be
able to figure out the problem of the black-box system. The PI-like FKBC is expected to
reduce the effort for the parameter tuning and calibration compared to the conventional
lookup-table-based Pl controller. The proposed controller is built by the
MATLAB/Simulink and co-operates with the ETAS RCP facilities for the real-time
implementation. Its transient performance is investigated on a production GDI engine via

various operating conditions (Li et al., 2019a).
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5.2 Air/Fuel Ratio Dynamics

5.2.1 Cylinder Air Charge Dynamics
Generally, the structure of the GDI engine with the AFR control system after the
supercharger is shown in Figure 5.1. It is representative of the GDI engine today and will

be representative over the next decade.

Throttle Angle

ECU with AFR
Control System

Fuel Spark Lambda
Sensor | Injector lgnition  Sensor

y

Throttle

]

Fuel Film

Inlet Valve

Piston /

Lo ) Exhaust Valve

Crank Shaft
gy Speed Sensor
-

Crank Shaft

Figure 5.1 Structure of the GDI engine with the AFR control system

In the air charge dynamic subsystem, the throttle position (6) and the engine speed (w)
will decide the air mass flow through the throttle (1,,). Then, the intake air mass flow 1,
is calculated based on my;, and the air mass flow at the cylinder inlet port (1,) (Li et al.,
2019a):

Mg = My — M, (5.1)

The derivation of the manifold pressure (p,,) is estimated through the ideal gas law PV =

MRT (Li et al., 2019a):
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] RT, . RT, ) )
Pm = = my, = = (mth - mo) (5-2)
Vin Vin

where R represents the ideal gas constant, T,, and V,, are the intake manifold

temperature and volume respectively (Li et al., 2019a).

m, is decided from the air intake speed-density principle. It can be described by the intake

manifold pressure and engine speed (Li et al., 2019a):

_ Ven
4mRT,,

m, Pm @ (5.3)

where V. represents the cylinder volume, 7 is the volumetric efficiency, w is the engine

speed (Li et al., 2019a).

5.2.2 AFR Control Plant

For the GDI engine, the fuel is injected from a common rail and injector into the cylinder
directly and immediately. Because of the mechanical structure of the GDI engine, the wall
wetting effect could be ignored. Thus, this chapter assumes that the mass of fuel from

the injector is equal to that into the cylinder. Here, m,, denotes the fuel mass flow entering
the cylinder. Then, the AFR is defined as (Li et al., 2019a):

1M,

AFR = -
mfc

(5.4)

Based on these formulae, ms, and AFR are defined as the output and input of the
controller respectively. The objective is to generate the my. signal to ensure the

measured AFR is close to the target AFR in the presence of uncertain parameters. The
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mg. signal contains the feedforward reference fuel injection ms, and the feedback

regulation fuel injection iy, (Li et al., 2019a):

>

my

+ Ty (5.5)

where m, is the estimation of the air charge mass rate 7, in advance of the injection
delay. Therefore, the feedforward reference fuel injection is decided by the target AFR,..f
and the air charge estimation m,. At the same time, the feedback regulation fuel injection
), corrects this estimated value based on the real-time AFR measured by the EGO
(lambda) sensor. Due to the uncertain parameters, a Pl-like FKBC for the feedback fuel

injection control with the self-tuning capability is designed in the next section (Li et al.,

2019a).

The workflow of the AFR control system is presented in Figure 5.2 (Li et al., 2019a).

7] m M A
—»{ Throttle th | Intake oy »  EGO >
Manifold [Pm
. T,
Cylinder p————>
N, Fuel Ny w -
<" Delivery - i’
My
Tflfc AFR gm
Controller |
A

Figure 5.2 Workflow of the AFR control system

As can be seen from the Figure 5.2, T, is the torque generated by the engine. The AFR
is expressed as the air to fuel equivalence ratio, lambda (1). A is the feedback signal for
the AFR controller in this chapter. It is the ratio of the actual AFR to the stoichiometry for

a given mixture (Li et al., 2019a).
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AFR

A= ——
AFRstoich

(5.6)

where A = 1.0 means the AFR has been regulated as the ideal stoichiometric value (Li et

al., 2019a).

5.3 Design of the PI-like FKBC

A flowchart of the design procedures for the Pl-like FKBC developed in this chapter is

shown in Figure 5.3 (Li et al., 2019a).
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i PI controller
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Figure 5.3 Design procedure of the Pl-like FKBC
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There are three basic steps. In the first step, the Pl-like FKBC is converted from a
conventional linear PI controller. The second step is the fuzzy controller initialization,
including three stages: fuzzification stage, control rule base formulation, and
defuzzification stage (Li et al., 2019a). Finally, the Pl-like FKBC is tested through

experiments.

5.3.1 Construction of the Conventional Discrete Pl Controller

The output of a conventional Pl controller is (Li et al., 2019a):

Kf
up;(s) = <K1§ + ?> E(s) (5.7)

where E(s) is the error signal between the reference and the process output; K and K
represent the continuous proportional gain and integral gain respectively; up,(s) is the
output signal of the PI controller. In this chapter, the equation should be converted to the

discrete format through the bilinear conversion (Li et al., 2019a):

_2(z—-1) 58
*TTz+ 1) (5.8)
where T is the sampling time. Equation (5.7) can be rewritten as (Li et al., 2019a):
. KT KET
up(z) = | Kj — > + 1,1 E(z) (5.9)
Let
KfT
d _ pc _ 1
Kp =Kp == (5.10)
K = KfT
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where K;} and K;* are the current discrete proportional gain and integral gain respectively

(Li et al., 2019a).

After using the inverse z-transform to convert the equation back to a discrete-time domain,

Equation (5.9) can be rewritten as (Li et al., 2019a):
up; (k) — up;(k — 1) = K¢ [e(k) — e(k — 1] + K2 Te(k) (5.11)

After dividing the equation by T, Equation (5.11) can be rewritten as:

Aup (k) = Kle,(k) + Ke, (k) (5.12)
where
J(Aupl(k) _ Upr (k) — ;Pl(k - 1)
e, (k) = e(k) — ;(k -1) (5.13)
L ep (k) = e(k)

More exactly, Aup, (k) is the incremental control output of the PI controller, e, (k) stands

for the error, and e, (k) stands for the rate of the change of error. The equation can be

rewritten as (Li et al., 2019a):
Ufb = uPI(k) = uP[(k - 1) + TAupI(k) (514)

The conventional lookup-table-based PI controller is designed based on the Equation

(5.14), where uy}, is the output signal of the PI controller, namely the feedback fuelling
f

signal. Then, the AFR control problem can be mathematically formulated as (Li et al.,

2019a):
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n

min IAE = T - le(k)|
KK 4
k=1

e(k) = Ayer(k) — ACK)

(5.15)

where A,.¢(k) is the target A value; A(k) is actual A value; IAE is the integral of the

absolute error (Li et al., 2019a).

However, as introduced in section 2.2.2, the conventional lookup-table-based PI
controller cannot meet the requirements for the further development of modern engine
control systems. On one hand, this controller usually costs lots of time for the parameter
calibration and it is not robust. The Ziegler-Nichols rules are widely used to generate a
series of approximate values as reference points followed by the hand-tuning method
through "guess and check" for each engine operating condition. The controller has to
work based on the constant proportional and integral gains stored in the lookup table
under a particular operating condition. The controller gains at non-calibrated conditions
are calculated using the linear interpolation method based on the calibrated values. On
the other hand, the lookup-table-based PI controller is unable to perform well for the highly
non-linear systems, time varying dynamic systems, and the particularly complex systems

with uncertain parameters (Li et al., 2019a).

5.3.2 Construction of the Pl-like FKBC
In terms of designing the Pl-like FKBC, the item TAup;(k) in Equation (5.14) is replaced

by the fuzzy control item K, Aup,(k), so the equation becomes (Li et al., 2019a):

usp = up(k) = up;(k — 1) + Ky, Aup; (k) (5.16)
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where K,, is a fuzzy control scaling factor that will be determined later. A larger K,, factor
can reduce the convergence time but raise the oscillation of the system. Whereas, a
smaller K,, gain will lead to the less sensitive response. Equation (5.16) is the final

equation for the design of the proposed discrete Pl-like FKBC (shown in Figure 5.4) (Li et

al., 2019a).
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Figure 5.4 Block diagram of the PI-like FKBC

The PI-like FKBC in this chapter employs two input signals, i.e. the error signal e, (k)
multiplied by K, and the rate of the change of error signal e, (k) multiplied by Kg. For the
AFR control, the e, (k) value is the gap between the target 1 value and the actually

measured A value. The individual inputs X; (k) and X, (k) can be derived as follows (Li et

al., 2019a):

X1(k) = K (Arer (k) — A(K)) (5.17)
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(5.18)

X (1) = K (M(k) — AA(k — 1))

T
where 4, is the desired A value. It is a constant value equal to 1.0 (Li et al., 2019a).

In the meantime, Aup;(k) in Equation (5.16) is defined as the single output term, which is

the function in [X, (k), X, (k)] (Li et al., 2019a).

Then, the input and output variables should be specified as the fuzzy set values. In this
chapter, the membership functions for the input signals X; (k) and X,(k), as well as the
output incremental signal Aup,(k) are defined over [-1, 1]. Figure 5.5 gives the simplest
triangular membership function used for input signals and output signal with the height 1,
which occurs at the points -1.00, -0.65, -0.33, 0.00, 0.33, 0.65, and 1.00. This is the
simplest method to design the membership function in order to reduce the time spent in

designing the controller (Li et al., 2019a).

10 NB NM NS z PS PM PB

0.0

-1.0 0 +1.0

Figure 5.5 Triangular membership function for the inputs and output of the Pl-like FKBC
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Table 5.1 Fuzzy associative matrix for the excitation control

X1

NB NM NS Z PS PM PB

NB PB PB PB PM PS PS Z

NM PB PB PM PS PS Z NS

NS PB PM PS PS Z NS5 NS
X2 Z PM PS PS Z NS NS NM
PS PS PS Z NS N5 NM NB

PM PS Z NS NS NM NB NB

PB Z NS NS NM NB NB NB

The output signal is defuzzified by the set of fuzzy rules shown in Table 5.1. Seven fuzzy
sets are applied as follows: NB: Negative Big; NM: Negative Medium; NS: Negative Small;
Z: Zero; PS: Positive Small; PM: Positive Medium; PB: Positive Big. Each term of the
seven fuzzy sets has an  associated membership  function as:
[Ung Unm Uns Uz Ups Upy Upg]l. Actually, each membership function is a map from the real

line to the interval [0, 1] (Li et al., 2019a).

5.3.3 Fuzzification

In the fuzzification stage, the transformations of the inputs X; (k) and X, (k) into the setting
of fuzzy sets are done. The inputs X; (k) and X, (k) are first normalized by scaling them
and then converted to the fuzzy sets. In each step k, there are two membership
values p; (ky, X1(k)) and p,(k,, X, (k)), where k, and k, are the scaling factors for the

two inputs of Pl-like FKBC respectively (Li et al., 2019a).
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5.3.4 Control Rule Base
A set of fuzzy decision rules relating the controller inputs to the output are constructed as
the Table 5.1 shows, where the 49 rules are used. The rule in term of the column 1 and

the row 6 for the PI-like FKBC can be written as (Li et al., 2019a):

IF X; is Negative Big, AND X, is Positive Medium, THEN the PI output = Positive Small.

This rule can be explained as: if the input X, is a member of the negative big and the input
X, is a member of the positive medium, then the output of the Pl-like FKBC is a tendency
for the positive small. The 49 rules yield the control actions in order to obtain the

acceptable damping (Li et al., 2019a).

Here is an example about how to convert the signals by membership functions.
Assuming that X; belongs to two membership terms, NB and NM, and the membership
value of X; belonging to NB is a (a < 1). Then, its membership value belonging to NM is
(1 - a). Assuming that X, belongs to two membership terms, PS and PM, and the
membership value of X, belonging to PM is b (b < 1). Then, its membership value
belonging to PS is (1 - b). Based on the fuzzy rule mentioned above, if X; is NB and X,
is PM, then the output is PS. Therefore, the associated membership value of the output
signal belonging to PS is a x b. Similarly, as for the output signal belonging to PS, the
other two associated membership values are a x (1 - b) and (1 - a) x (1 - b). The output
signal belonging to Z is assigned with a membership values (1 - a) x b. The sum of four
associated membership values is exactly equal to 1. Therefore, the membership value
of the output value PSisaxb+ax (1-b)+(1-a)x(1-b),and the membership value

of the output value Zis (1 - a) x b.
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5.3.5 Defuzzification

The fuzzified result should be transferred to a supplementary signal in this stage. The
centre of gravity method is applied here to transform the fuzzy value into a supplementary
value. The supplementary value up; is given by (Li et al., 2019a):

Xi(x)x;

upy(k) = > a0q) (5.19)

where x; is an output in a discrete domain, u(x;) is its related membership value in the
membership function. The defuzzified value is the weighted average of the elements (Li

et al., 2019a). For the above example, Y,; u(x;))x; = (ab +a(l-b)+ (1 —-a)1 - b)) X

PS+ ((1—a)b) X Z; T;u(x) = 1.
The main characteristics of the Pl-like FKBC are summarized as follows (Li et al., 2019a):

e The proposed PI-like FKBC is designed from the classic PI controller through the
bilinear discretization formula (Li et al., 2019a).

e |t has self-adaptive proportional term, integral term and output signal, which are
the non-linear functions of the input signals (Li et al., 2019a).

e The simple triangular membership functions are applied with some easy-
understanding “if-then” rules. These fuzzy “if-then” rules are generic type, and they
are independent of the system structure (Li et al., 2019a).

e The proposed Pl-like FKBC is an artificially intelligent analytic scheme, which is
able to work well for the real-time closed-loop control (Li et al., 2019a).

e The initialization of the PIl-like FKBC is one-off throughout the entire control

process (Li et al., 2019a).
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5.4 Experimental Plan

Details about the engine test bench and the RCP platform to validate the Pl-like FKBC
have been introduced in Chapter 3. The A signal is detected by the oxygen (lambda)
sensor, received by the ES930, and sent to the ES910 as the input signal for the PI-like
FKBC. In the view of developing the feedback control strategy, the sensor is identified to
provide reliable measurements. The PI-like FKBC program in the ES910 will process the
measured A signal and send the updated fuel injection signal to the corresponding engine

injection system in real-time (Li et al., 2019a).

The A value is expected to be regulated within the range of the stoichiometric value +1%,
i.e. 1.00 £ 0.01 with the disturbance. The sampling time of the discrete Pl-like FKBC is
chosen to be 0.01 s. To show the advantages of the Pl-like FKBC, its response curves
are compared with those using a conventional lookup-table-based PI controller. The
conventional lookup-table-based PI controller is the one in the unmodified engine
management system embedded in the ECU, and the PI-like FKBC is one in the modified
engine management system embedded in the ES910. The sampling time of the
conventional lookup-table-based PI controller is also selected to be 0.01 s (Li et al.,
2019a). This chapter is aimed to promote the self-adaptive capability of the Pl-like FKBC.

Then, the Pl-like FKBC can reduce a lot of time and effort costed by calibrating the Kg

and K settings compared to the conventional lookup-table-based Pl controller. Three
cases have been studied under the random operating conditions within the range of the
normal engine operating conditions (Li et al., 2019a). In the vehicular applications, the
driver describes a torque demand to the engine management system through the

accelerator pedal. This signal is transferred to the AFR control system directly for the air-
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mass configuration. Thus, in this chapter, the engine operating condition is adjusted by a

step change of the throttle opening.

In the first case, there are four tests with different K¢ values, i.e. KZ value is fixed to K¢
= 185, while K values are K7 = 10, 30, 50 and 70 respectively. The second case is to
test the controller with different K2 values, i.e. K value is fixed to K¢ = 50, while K
values are K/ = 65, 145, 225 and 265 respectively. In each test, both the conventional
lookup-table-based PI controller and the Pl-like FKBC are operated with the same K

and K{* value. A step change of the throttle opening is randomly selected as it is adjusted
from 8% to 12% after 4 s with the engine speed of 1400 rpm. These two cases are aimed
to compare the adaptive performances of the Pl-like FKBC and the conventional lookup-
table-based PI controller with the same step change of the operating condition. Once the
A value is maintained within the range of 1.00 = 0.01 after a certain duration of oscillation,
the system is regarded to reach the steady state. In addition, the output scaling factor of

the Pl-like FKBC is set as K,, = 0.2 (Li et al., 2019a).

The third case is to test the performances of both controllers at the non-calibrated
operating conditions. The K¢ and K values of both two controllers are set as the Table
5.2 and Table 5.3 show as the initially calibrated conditions based on the estimates from
the previous two cases. Two throttle positions are selected as the initially calibrated
conditions with the engine speed of 1400 rpm. Therefore, the other throttle positions are
the non-calibrated operating conditions. The Pl-like FKBC should work effectively at all
the non-calibrated operating conditions based on only two groups of scaling factors at
initially calibrated conditions which may even be not accurate. The output scaling factor

of the PI-like FKBC is still fixed to K,, = 0.2 (Li et al., 2019a).
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Table 5.2 KZ values at the calibrated conditions

Throttle opening (%)
8 10
K} 30 60

Table 5.3 K values at the calibrated conditions

Throttle opening (%)
8 10
Kf 140 200

It should be noted that, experimental studies have shown that the derivative term cannot
improve the response of the AFR obviously. Therefore, this chapter omits the derivative

term, and saves the time spent in calibrating the derivative gains as well (Li et al., 2019a).
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5.5 Results and Discussion

5.5.1 Performance with Different K, Values

The response of the 4 value from the first case is displayed in Figure 5.6 below:
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Figure 5.6 A value response with different K¢ gains: (a) kK=10; K{=185;
(b) Kg:BO; K/*=185; (c) Kzgl:50; K£=185; (d) Kﬁ=70; K&=185

As shown in Figure 5.6, when K} = 10, the conventional lookup-table-based PI controller
becomes less sensitive, and costs more time to allow the A value to reach the steady
state, because this K,S’ gain is smaller for the controller. When Kg = 70, the A value of the
conventional lookup-table-based PI controller has started to oscillate obviously, and it
costs more time to reach the steady state, since this K;,i gain is too large for the controller

and results in the unstable system. In contrast, the Pl-like FKBC can work effectively with
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any Kg values. The detailed performance evaluations for the system response are shown

in Table 5.4 (Li et al., 2019a).

Table 5.4 Performance evaluations for the controllers with different K values

Settling Maximum Number of the
K} Controller ' N ' IAE
time (s) overshoot positive damping
Conventional PI 2.14 0.085 3 0.075
10 Pl-like FKBC 1.25 0.070 2 0.049
Reduction 41.59% 17.65% 33.33% 34.67%
Conventional PI 1.49 0.073 3 0.052
30 Pl-like FKBC 0.93 0.065 2 0.041
Reduction 37.58% 10.96% 33.33% 21.15%
Conventional PI 1.65 0.065 3 0.057
50 Pl-like FKBC 0.63 0.054 1 0.036
Reduction 61.82% 16.92% 66.67% 36.84%
Conventional PI 2.82 0.082 7 0.139
70 Pl-like FKBC 0.93 0.070 2 0.050
Reduction 67.02% 14.63% 71.43% 64.03%
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5.5.2 Performance with Different K; Values

The response of the 4 value from the second case is displayed in Figure 5.7 below:
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Figure 5.7 A value response with different K gains: (a) K?=65; K2=50;
(b) K=145; K3=50; (c) K{*=225; K3=50; (d) K{*=305; K&=50

As shown in Figure 5.7, when K2 = 65, the conventional lookup-table-based Pl controller
eliminates the steady-state error very slowly, because this K/ gain is smaller for the
controller. When K= 305, the A value response of the conventional lookup-table-based
PI controller starts to oscillate, because this K/ gain is bigger for the controller. However,
the Pl-like FKBC with these K;* gains can still work effectively. The detailed performance

evaluations for the system response are shown in Table 5.5 (Li et al., 2019a):
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Table 5.5 Performance evaluations for the controllers with different K¢ values

Settling Maximum Number of the

Kf Controller ' N . IAE
time (s) overshoot positive damping

Conventional Pl 3.13 0.090 7 0.128

65 Pl-like FKBC 1.40 0.085 3 0.091
Reduction 55.27% 5.56% 57.14% 28.91%

Conventional PI 251 0.090 5 0.081

145 Pl-like FKBC 1.08 0.083 2 0.062
Reduction 56.97% 7.78% 60.00% 23.46%

Conventional PI 1.78 0.081 3 0.068

225 Pl-like FKBC 0.99 0.074 2 0.049
Reduction 44.38% 8.64% 33.33% 27.94%

Conventional PI 2.11 0.090 3 0.127

305 Pl-like FKBC 1.11 0.070 2 0.049
Reduction 47.39% 22.22% 33.33% 61.42%

According to the results above, the performance of the Pl-like FKBC is not defined by the
initially calibrated constant K;’ and K;* gains, because its output signal is self-tuned in
real-time. It can work effectively no matter how good or poor the K;} and K/ gains are.
Furthermore, it can exhibit less settling time and less oscillation than the conventional
lookup-table-based PI controller does. In contrast, the performance of the conventional
lookup-table-based PI controller totally relies on the constant calibrated Kg and K# gains

(Li et al., 2019a).
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5.5.3 Performance at Non-Calibrated Points

The operating conditions of the third case are changed based on what Figure 5.8 shows.
The responses of the A value, intake manifold pressure, air mass flow into the cylinder,
and fuel injection into the cylinder of the third case are displayed in Figure 5.9, 5.10, 5.11

and 5.12 respectively (Li et al., 2019a):
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Figure 5.8 Variable engine operating conditions
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Since the K;} and K;* gains of the conventional lookup-table-based PI controller at non-
calibrated conditions are calculated using the linear interpolation method based on the
calibrated values in Table 5.2 and 5.3, these K} and K gains lead to the poor damping
performance, i.e. larger overshoot and more settling time as Figure 5.9 shows. In contrast,
the Pl-like FKBC can still reduce much settling time and oscillation, because the controller
is self-tuned based on the gap between the target value and the actual value instead of
the constant proportional and integral gains. As Figure 5.12 shows, the injected fuel mass
increases very fast after the operating condition is changed in order to accelerate the
response speed. However, it rises slowly when the A value is getting closer to the target
value in case of the significant deviation and oscillation. The detailed performance

evaluations for the system response are shown in Table 5.6 (Li et al., 2019a).

Table 5.6 Performance evaluations for the controllers at non-calibrated conditions

Throttle . _ Number of
. Settling Maximum N
opening Controller _ the positive IAE
time (s) overshoot .
step (%) damping
Conventional PI 1.71 0.086 3 0.059
8-11 Pl-like FKBC 1.17 0.070 2 0.045
Reduction 14.56% 18.60% 33.33% 25.00%
Conventional PI 2.72 0.063 5 0.075
11-14 Pl-like FKBC 1.19 0.046 2 0.031
Reduction 56.25% 26.98% 60.00% 58.67%
Conventional PI 2.01 0.068 3 0.061
14-9 Pl-like FKBC 1.20 0.067 2 0.041
Reduction 40.30% 1.47% 33.33% 32.79%
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The Table 5.6 shows that, the Pl-like FKBC is able to reduce the settling time up to 56.25%
and reduce the IAE up to 58.67% compared with the conventional lookup-table-based PI
controller when damping out the oscillations at the non-calibrated conditions. Thus, the
Pl-like FKBC can save much time and effort for engineers, since they do not need to

calibrate the K;i and K values at each calibrated condition accurately (Li et al., 2019a).

Take a 100-point map (10 engine speeds x 10 throttle positions) for example as Figure

5.13 shows:
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Figure 5.13 Comparison of controllers to calibrate a 100-point map

The conventional lookup-table-based PI controller needs to calibrate 100 K,, gains and
100 K; gains accurately. Whereas, the Pl-like FKBC needs to calibrate only three
K, gains and three K; gains randomly and approximately to generate an initial trend. The
output signal of the Pl-like FKBC will be adjusted automatically later based on the gap
between the target A value and the actual A value, instead of the initially calibrated
constant K and K# gains. More initially calibrated conditions may lead to more reliable

performance of the PI-like FKBC. However, since the purpose of developing the proposed
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controller is to reduce the time and effort for engineers, the engineers can determine the

trade-off between more initially calibrated conditions and less time-consumption by

themselves. At least, the Pl-like FKBC is more intelligent than the conventional lookup-

table-based PI controller (Li et al., 2019a).

5.6 Summary

A discrete Pl-like FKBC has been developed for GDI engines to regulate the AFR. The

output signal of the Pl-like FKBC was self-tuned in real-time according to the fuzzy "if-

then" rules and the non-linear defuzzification algorithm. The experimental results have

verified the high robustness and self-adaptive capability of the proposed PI-like FKBC.

The conclusions drawn from the investigation are (Li et al., 2019a):

The proposed Pl-like FKBC can lead to better transient response behaviour to
damp out the oscillations with less settling time and less integral of absolute error
(IAE) for various operating conditions, compared with the conventional lookup-
table-based PI controller (Li et al., 2019a).

The proportional term, the integral term, and the output signal of the Pl-like FKBC
for the AFR control are non-linear functions of the difference between the target
and real AFRs. They are self-tuned in real-time and do not rely on the constant
calibrated values, so that the Pl-like FKBC can work efficiently with even poor
proportional and integral gains, and save the effort to be spent on the calibration
(Li et al., 2019a).

With the same proportional and integral gains at the calibrated conditions, the

proposed Pl-like FKBC can reduce the settling time by up to 67.02% and reduce
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the IAE by up to 64.03%, compared with the conventional lookup-table-based PI
controller for the transient engine operation (Li et al., 2019a).

¢ At the same non-calibrated conditions, the proposed PI-like FKBC can reduce the
settling time by up to 56.25% and reduce the IAE by up to 58.67%, compared with
the conventional lookup-table-based PI controller for the transient engine
operation (Li et al., 2019a).

e The proposed PI-like FKBC has a clear and simple structure, which can facilitate

its implementation in the field of engineering (Li et al., 2019a).

Overall, the proposed PI-like FKBC can reduce the effort and time to be spent in
calibrating controller parameters, and it can regulate the AFR more efficiently for transient

operations (Li et al., 2019a).
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CHAPTER 6 TRANSIENT CALIBRATION FOR THE PI-LIKE

FUZZY KNOWLEDGE BASED CONTROLLER OF THE AFR

CONTROL SYSTEM USING A CAPSO ALGORITHM

The work presented in this chapter has been published in the journal “Proceedings of the
IMechE, Part D: Journal of Automobile Engineering” (Li et al., 2019b). This chapter
proposes an enhanced PI-like FKBC using the chaos-enhanced accelerated patrticle
swarm optimisation (CAPSO) algorithm to automatically define the optimum controller
parameter settings, in order to further improve its transient response behaviour. An
alternative time-domain objective function is applied for the transient calibration program,
without the need for prior selection of the search domain. The real-time transient
performance of the enhanced PI-like FKBC has also been investigated on the AFR control

system of a GDI engine.

A general introduction to the background of this study is presented first. Then, the design
of the transient optimiser, including its structure and the selection of the objective function,
is introduced. The Simulink-based enhanced PI-like FKBC is implemented on a V6 GDI
engine test bench through the ETAS RCP platform. The experimental results are shown
in the following section, and comparisons among the enhanced Pl-like FKBC and the

other PI controllers are given. The final section presents a summary.

6.1 Introduction

As introduced in the previous chapter, the Pl-like FKBC is developed to replace the

conventional lookup-table-based PI controller for the AFR control of GDI engines, in order
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to reduce the effort needed for calibration, and cope with the variety of engine operating
regimes, parameter uncertainties, and non-linear dynamics. The self-adaptive capability
and high robustness of the Pl-like FKBC have been validated by experimental studies.
However, although the PI-like FKBC can automatically correct the initially calibrated
proportional and integral parameters, a more appropriate selection of the initial
parameters will lead to a better transient performance. Accordingly, an enhanced PI-like
FKBC should be developed based on the automatic transient calibration process, which
can still save on the effort needed for calibration and offer the best parameter settings as
well. Thanks to the development of the non-model-based calibration approach in Chapter

4, an enhanced self-calibrating Pl-like FKBC is developed in this chapter (Li et al., 2019b).

The CAPSO algorithm is employed for transient calibration in this chapter, as it performs
generally better than other algorithms. In terms of the swarm intelligence algorithm, the
following studies show that its transient performance highly depends on the selection of
the search domain and objective function. For most of the algorithm-based transient
calibration problems, prior knowledge about the search domain is essential. Otherwise,
the optimiser may converge to improper solutions; which may lead to an extremely large
overshoot of the control signal, or may cost an unpredictably long time to stabilize. To
minimize the impact of various search domains, an alternative objective function is
presented in this study. The simulation results show that the optimiser with the proposed
objective function can converge to similar calibration results, regardless of the range of
the search domain. Eventually, this alternative objective function is used to design the
enhanced PI-like FKBC for the AFR control system. The controller is built by

MATLAB/Simulink and co-operates with ETAS RCP facilities for real-time implementation.
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The transient performance of the enhanced PI-like FKBC is investigated on a production

GDI engine via various operating conditions (Li et al., 2019b).

6.2 Design of the Transient Optimiser

6.2.1 Initialisation of the Optimiser
Since the enhanced PI-like FKBC in this chapter is revised based on the Pl-like FKBC
designed in the previous chapter, details of the controller can be found in the previous

chapter and are skipped here (Li et al., 2019b).

As introduced, the scaling terms of the Pl-like FKBC are non-linear functions of the gap
between stoichiometric and actual AFRs. The scaling gains are not constant values but
variable values automatically adjusted in real-time based on the gap between
stoichiometric and actual AFRs. However, the transient performance of the Pl-like FKBC

is closely related to the scaling factors K,, K;, K,;; which should be better parameterized

with the optimum values at the beginning (Li et al., 2019b).

As for the CAPSO-based calibration in this chapter, each particle’s position is defined as

(Li et al., 2019b):
x@) = [Kp(i’j);Ki(i'j).Ku(i'j)] (6.1)

where i = [1,2,3...N] is the index of iterations and N is the number of iterations; j =
[1,2,3...M] is the index of particles in each swarm and M is the number of particles in each
swarm; K, ", ;%P k7 are the scaling factors K, K;, K,, of the Pl-like FKBC for i th

iteration and j th particle (Li et al., 2019b).
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6.2.2 Choice of Objective Functions

To design the CAPSO-based optimiser for transient calibration, the proper search domain
and objective function have to be identified first. As the following examples show, different
search domains with different objective functions will lead to totally different transient
response behaviours. In terms of the objective function, the integral of absolute error (IAE)
is one of the most widely used objective functions for the time-domain optimisation, since
a good PI-like FKBC should minimize the oscillation of the system’s transient response

with less settling time and less overshoot (Li et al., 2019b).

To present how the selection of the search domain and objective function will affect the
calibration results, this thesis supposes that a Pl-like FKBC is to be designed for a time-
varying discrete system, as Equation (6.2) shows, and the CAPSO algorithm is supposed

to find the optimum scaling factors K,,, K; and K,, of this Pl-like FKBC. The step change of

the system is defined as 0 to 1 at the beginning of the running (Li et al., 2019b).

X1 (tn) = x2(tn)
Xy (ty) = —e %2tnx,(t,) — e >t sin(2t, + 6) x,(t,) + u(ty,) (6.2)
t, = 0,T,2T,3T ..nT (T = 0.01s)

where u is the control signal and x; is the response signal (Li et al., 2019Db).

Firstly, the 1AE is employed as the only objective. The CAPSO algorithm is implemented
several times with different search domains: [0, 10], [0, 100] and [0, 1000]. The optimal

results for K, K; and K, as well as the transient performance of the system are listed as

follows (Li et al., 2019b).
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Table 6.1 Optimal scaling factors based on different ranges of search domains with IAE
as the objective

o Search Settling Overshoot of the
Objective . K, K; K, _ .
domain time (s) control signal
IAE [0, 10] 2.95 1.00 8.98 2.31 8.97
IAE [0, 100] 5.05 1.01 33.44 1.19 33.01
IAE [0, 1000] 165.16 167.49 892.54 1.08 537.25
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Figure 6.1 Step response of the system based on different ranges of search domains
with IAE as the objective

As can be seen from the results, the range of the search domain will lead to different

calibration results and affect the transient performance. Although all of these optimum

scaling factors can reduce the oscillation of the system, the search domain [0, 10] costs

more settling time, whereas search domain [0, 1000] leads to an excessively large

overshoot of the control signal. Thus, unless there is sufficient prior information for the
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selection of the search domain, the conventional IAE objective function may lead to an

unfavourable performance of the control signal and actuator saturation (Li et al., 2019b).

To reduce the impact of the range of the search domain, the next case combines the
magnitude of the control signal with the IAE as objectives in order to achieve relatively
similar calibration results. Hence, the calibration task is formulated into a multi-objective

optimisation problem (Li et al., 2019b):

Kp,Ki,Ku

n n
min J = minimize (IAE + IAU) = minimize (z R-T-le(k)|+ Z QT |u(k)])
k=1 k=1
0<R<10<Q=<1R+Q=1
(6.3)
where the magnitude of the control signal is indicated by the integral of the absolute
control signal (IAU); e(k) is the error between the target value and the actually measured
value; u(k) is the value of the real-time control signal. Both of them are discrete time
signals; and R and Q are the weighting factors on the error and the control signal

respectively (Li et al., 2019b).

The step response of the system with different ranges of search domains using IAE and
IAU as objectives is shown in Figure 6.2. R and Q are both assigned as 0.5 in this case.
The calibration results are listed in Table 6.2. As the figure shows, relatively similar step
responses can be obtained regardless of the ranges of search domains. Even though the
settling time becomes a little bit longer, the overshoot of the control signal is reduced
effectively. Search domains [0, 10] and [0, 100] achieve similar performances while [0,
10] leads to better trade-off between the settling time and the overshoot of the control

signal (Li et al., 2019b).
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Table 6.2 Optimal scaling factors based on different ranges of search domains with IAE
and IAU as objectives

o Search Settling Overshoot of the
Objective . K, K; K _ .
domain time (s) control signal
IAE+IAU [0, 10] 2.82 2.47 7.39 4.15 3.00
IAE+IAU [0, 100] 2152 20.28 80.15 4.08 3.95
IAE+IAU [0, 1000] 665.35 682.26 627.78 5.45 95.27
12 T T T T T T
é: 06 7 =
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Figure 6.2 Step response of the system based on different ranges of search domains
with IAE and IAU as objectives

To present how the different weighting factors R and Q affect the step response, several
cases with search domain [0, 10] are tested and shown in Figure 6.3. Meanwhile, the

optimum scaling factors are listed in Table 6.3 (Li et al., 2019b).
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Table 6.3 Optimal scaling factors based on different R's and Q’s with IAE and IAU as
objectives

R, Q K, K; K, Settling time (s) Overshoot of the control signal

1,0 295 1.00 8.98 231 8.97
09,01 215 1.00 5.38 3.25 5.38
0.8,0.2 3.74 182 6.74 3.67 3.70
05,05 282 247 7.39 4.15 3.00
0.2,08 209 315 7.74 8.02 2.46
0.1,0.9 1.09 245 7.29 13.03 2.98
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Figure 6.3 Step response of the system based on different R’'s and Q’s with IAE and
IAU as objectives

R and Q can be adjusted by users to achieve a desirable trade-off between reducing the
settling time and avoiding the extremely large control signal. In this chapter, the values of

R and Q are both assigned as 0.5 (Li et al., 2019b).
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Considering that there may be a huge gap between the magnitudes of IAE and IAU in
practical engineering problems, W is applied as the correlation factor to ensure that the
IAE and IAU values fall in the same scale of range, in case that the optimisation process

may be more sensitive to the objective with larger magnitude (Li et al., 2019b).

Thus, the final objective function for the optimisation process is shown as (Li et al., 2019b):

Kp,Ki,Ku

min J = minimize ( W-05-T-|e(k)|+ 05-T- |u(k)|> (6.4)

It is worth mentioning that the IAU is widely employed in practical engineering problems

against the extremely large control signal and violent system oscillation (Li et al., 2019b).

6.3 Experimental Plan

6.3.1 Air/Fuel Ratio Control Plant
As the IAE and IAU are employed as the objectives for the CAPSO program, the AFR

closed-loop feedback controller is designed as the following figure shows (Li et al., 2019b):
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Figure 6.4 Structure of the Pl-like FKBC with IAE and IAU as the objective functions
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6.3.2 Experimental Procedure

Because the proposed CAPSO algorithm is evolved from the APSO algorithm, both
CAPSO and APSO algorithms are implemented for calibration in this chapter and a
comparison of these two algorithms is considered. Meanwhile, the algorithm-based PI-
like FKBC is compared with the conventional self-adaptive Pl-like FKBC, which uses the
random scaling factors as the previous chapter introduces, to show the improvement (Li

et al., 2019b).

Based on the experimental studies, the order of magnitude of the IAE is 0.01; while it is
1.00 for the IAU. Thus, W = 100 is applied in Equation (6.4) to normalize the IAE and IAU

with the same resolution (Li et al., 2019b).

Throttle positions of 8% and 12% with an engine rotation speed of 1400 rpm are selected
for calibration within the threshold of the engine operating conditions. The engine runs
stably with these throttle positions which can guarantee the long-term measurement
accuracy and increase the reliability of the repeatability tests. Besides, this chapter is to
investigate the transient performance of the controller against the step change of
operating conditions rather than the investigation for the performance at steady-state
conditions. In the first case, at the point of two seconds from the start of the experiment
there is a step change of the throttle position from 10% to 12% with an engine rotation
speed of 1400 rpm. In the second case, the throttle position is adjusted from 6% to 8%
after 2 s again as the step change with the engine rotation speed of 1400 rpm. The

performance of the AFR control system with the calibration results (i.e. optimum K, K;

and K,,) is shown in Figures 6.7, 6.10 and Tables 6.4, 6.5 in the following section (Li et

al., 2019b).
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The last case for throttle positions 11% and 14% with the engine rotation speed of 1400
rom is to validate the performance of the Pl-like FKBC at non-calibration operating
conditions. Since the scaling factors of the Pl-like FKBC have been calibrated at throttle
positions of 8% and 12%, the other throttle positions are regarded as non-calibration
operating conditions. The PI-like FKBC should still regulate the signal effectively at all
non-calibration conditions, based on the optimum scaling factors at calibration conditions.

The details are shown in Figure 6.11 and Table 6.6 (Li et al., 2019b).

For both of the CAPSO and APSO algorithms, the search domain is selected as [0, 10];
10 particles in each swarm and 20 iterative loops are pre-set for calibration (Li et al.,

2019b).

As introduced in Chapter 5, the 1 value should be regulated back to 1.00 within 2 seconds.
Hence, 5 seconds are enough for the signal to become stabilized. Then, the engine is
defined to run for 5 seconds with each given group of scaling factors in each iteration for
calibration. The calibration process is switched on when the step change happens. After
5 s, the calibration process for the first given group of scaling factors will stop and run
with the next group of scaling factors. Thus, the scaling factors of the Pl-like FKBC are
continuously and automatically assigned by every 5 s. Because there are 10 particles in
each swarm, 10 groups of scaling factors (K,, K;, K,,) are generated and sent to the PI-
like FKBC in each iteration in real time. Therefore, the calibration process will repeat 10
times and cost 10 x 5 =50 seconds for one generation of iterations. After that, the scaling
factors for the next generation of iterations will be calculated based on the algorithm and
fed into the engine. The calibration process will repeat 10 times (50 seconds) again. Given

that 20 iterations are selected initially and the calibration process will stop when the
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optimum results converge, it costs no more than 20 x 50 = 1000 seconds (16.67 minutes)

for the whole calibration process (Li et al., 2019b).

In each case, transient performances of three Pl-like FKBCs are tested and compared.
The CAPSO algorithm is firstly used to calibrate the scaling factors of the first Pl-like
FKBC following the above procedures. The optimum results (determined scaling factors)
are fed into the first Pl-like FKBC and the corresponding real-time engine response is
obtained. Then, the APSO algorithm is used to calibrate the scaling factors of the second
Pl-like FKBC. The third Pl-like FKBC is the conventional self-adaptive Pl-like FKBC in
Chapter 5, where scaling factors are randomly selected rather than initially calibrated (Li

et al., 2019b).

The A value is supposed to be regulated within the range 1.00+0.01 with the disturbance.
Once the A value is maintained within the range 1.00+0.01 after a certain duration of

oscillation, it would be regarded as reaching a steady state (Li et al., 2019b).
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6.4 Results and Discussion

6.4.1 Performance at Calibrated Points
The APSO-algorithm and CAPSO-algorithm-based optimisation processes of the 12%

throttle position are shown as follows (Li et al., 2019b):

4 6 8 10 12 14 16 18 20 2 4 6 8 10 12 14 16 18 20 2 4 6 8 10 12 14 16 18 20
Number of Iteraction Number of Iteration Number of Iteration

Figure 6.5 Calculated Kp, Ki, Ku factors after 20 iterations for 12% throttle position
based on APSO

4 6 8 10 12 14 16 18 20 2 4 6 8 10 12 14 16 18 20 2 4 6 8 10 12 14 16 18 20

Number of Iteraction Number of Iteration Number of Iteration

Figure 6.6 Calculated Kp, Ki, Ku factors after 20 iterations for 12% throttle position
based on CAPSO

The red points in each figure indicate the locally optimum scaling factors K, K; and K,
which result in the minimum objective function after each iteration. The points in other
colours indicate the other scaling factors in the swarm which lead to worse objective
function. As can be seen from the figures, both the APSO algorithm and CAPSO algorithm
cost 12 iterations, around 10 minutes, to converge to the stable optimum results, i.e. the
globally optimum results in the swarm. The time consumption is less than the initially pre-
set time. The calibration results and the step responses based on the calculated scaling

factors are shown as follows (Li et al., 2019b):
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Figure 6.7 Step response based on the calculated scaling factors for 12% throttle
position: (a) A value response; (b) air mass flow into the cylinder (kg/h); (c) fuel injection
(ka/h)
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Table 6.4 Calibration result and performance evaluation for 12% throttle position

Maximum

Scaling Settling 0.5*IAE
K, K; K, _ overshoot IAE IAU
factors time (s) +0.5*IAU
of 4
Imputed 5.00 10.00 0.20 1.10 0.063 3.143 7.045 5.094
APSO
224 550 042 0.54 0.050 1.886 7.021 4.453
based
Reduction 50.91% 20.63%  39.99% 12.57%
CAPSO
0.37 210 1.28 0.47 0.043 1.411 7.050 4.231
based
Reduction 57.27% 31.75%  55.11% 19.39%

Obviously, both CAPSO and APSO-based PI-like FKBCs can damp out the oscillation
more effectively than the conventional Pl-like FKBC; while CAPSO-based PI-like FKBC
performs better than APSO-based PI-like FKBC. Compared with conventional PI-like
FKBC, CAPSO-based PI-like FKBC is able to reduce 19.39% of the total objective

function IAE+IAU; while APSO-based PI-like FKBC could reduce 12.57% (Li et al., 2019b).
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The APSO-algorithm and CAPSO-algorithm-based optimisation processes of the 8%

throttle position are shown as follows (Li et al., 2019b):

2 4 6 8 100 12 14 16 18 20 2 4 6 8 10 12 14 16 18 2 2 4 6 8 10 12 14 16 18 20
Number of Iteration Number of Iteration Number of Iteration

Figure 6.8 Calculated Kp, Ki, Ku factors after 20 iterations for 8% throttle position based
on APSO

2 4 6 8 10 12 14 16 18 20 2 4 6 8 10 12 14 16 18 2 2 4 6 8 10 12 14 16 18 20
Number of Iteration Number of Iteration Number of Iteration

Figure 6.9 Calculated Kp, Ki, Ku factors after 20 iterations for 8% throttle position based
on CAPSO

Similarly, the red points in each figure indicate the locally optimum scaling factors K, K;

and K, which result in the minimum objective function after each iteration. The points in
other colours indicate the other scaling factors in the swarm which lead to worse objective
function. Both the APSO algorithm and the CAPSO algorithm cost 12 iterations, around
10 minutes, to converge to the stable optimal results, i.e. the globally optimum results in
the swarm. The calibration results and the step responses based on the calculated scaling

factors are shown as follows (Li et al., 2019b):
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Figure 6.10 Step response based on calculated scaling factors for 8% throttle position:
(@) A value response; (b) air mass flow into the cylinder (kg/h); (c) fuel injection (kg/h)
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Table 6.5 Calibration result and performance evaluation for 8% throttle position

' . Maximum
Scaling Settling 0.5*IAE
K, K; K, _ overshoot IAE IAU
factors time (s) +0.5*IAU
of 4
Imputed 5.00 10.00 0.20 1.13 0.083 4973 5.461 5.217
APSO
3.72 568 0.38 0.67 0.068 3.307 5.491 4.399
based
Reduction 40.71% 18.07%  33.50% 15.68%
CAPSO
0.66 3.56 0.77 0.45 0.058 2.260 5.523 3.892
based
Reduction 60.18% 30.12%  54.55% 25.41%

Likewise, both CAPSO and APSO-based PI-like FKBCs can damp out the oscillation
more effectively than the conventional Pl-like FKBC; while the CAPSO-based PI-like
FKBC performs better than the APSO-based Pl-like FKBC. Compared with the
conventional Pl-like FKBC, the CAPSO-based PI-like FKBC is able to reduce 25.41% of
the total objective function; while the APSO-based PI-like FKBC reduces 15.68% (Li et

al., 2019b).

As the experimental results show, although both the CAPSO and APSO algorithms could
converge to stable scaling factors within 12 iterations, the CAPSO algorithm is able to
result in smaller values of the total objective function, namely better controller
performance. Since the CAPSO algorithm employs the chaotic mapping strategy with the
algorithm, it can improve both the randomization and diversification of the solutions, which
allows the optimiser to explore a wider searching space and avoid falling into the trap of

locally optimum results (Li et al., 2019b).
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However, because both the CAPSO and APSO algorithms generate random values
during the calibration process, it is not fair to compare their performance through a single
case. Therefore, the statistical analysis approach is implemented to assess the
performance of the algorithm through 20 times repeatability tests and statistical analysis.
The results are shown in Table 6.6, including the mean value and standard deviation of

the total cost function (IAE + IAU) (Li et al., 2019b).

Table 6.6 Mean value and standard deviation of the total cost function using CAPSO and
APSO

Throttle Optimisation Mean value of cost  Standard deviation of cost

position algorithm function function

APSO 4.422 0.139

12% CAPSO 4.224 0.101
Reduction 4.48% 26.88%

APSO 4.384 0.265

8% CAPSO 3.887 0.190
Reduction 10.61% 28.29%

In terms of the mean value of the cost function, the CAPSO approach is able to reduce it
by up to 10.61%, compared with the APSO approach. In other words, the CAPSO
approach can achieve a better trade-off between reducing the oscillation effectively and
avoiding an extremely large control signal. Meanwhile, the CAPSO approach can reduce
the standard deviation value by up to 28.29%, compared with the conventional APSO
approach. The lower standard deviation value indicates that the optimisation results fall

into a narrower range (Li et al., 2019b).
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6.4.2 Performance at Non-calibrated Points
As introduced above, throttle positions of 11% and 14% are selected as non-calibration
operating conditions. The transient responses of Pl-like FKBCs based on APSO and

CAPSO algorithms at non-calibration operating conditions are shown as follows (Li et al.,

2019b):
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Figure 6.11 Step response at non-calibration operating conditions:
(a) throttle position step changes; (b) A value response; (c) air mass flow into the
cylinder (kg/h); (d) fuel injection (kg/h)
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Table 6.7 Performance evaluation for non-calibration operating conditions

Step of . Maximum
Settling 0.5*IAE
throttle Controller _ overshoot IAE IAU
N time (s) +0.5*1AU
position of 4
Imputed 1.11 0.070 4518 6.527 5.523
APSO based 0.50 0.066 2.705 6.621 4.663
8%-11% Reduction 54.96% 5.71% 40.13% 15.57%
CAPSO based 0.45 0.060 2.275 6.615 4.445
Reduction 59.46% 14.29% 49.65% 19.52%
Imputed 0.96 0.053 2.516 6.562 4.539
APSO based 0.30 0.049 1.354 6.557 3.956
11%-14% Reduction 68.75% 7.55% 46.18% 12.86%
CAPSO based 0.24 0.045 0.904 6.571 3.738
Reduction 75.00% 15.09% 64.07% 17.66%

As can be seen from the experimental results, both CAPSO and APSO-based PI-like
FKBCs can damp out the oscillation more effectively than the conventional self-adaptive
Pl-like FKBC at non-calibration operating conditions; while the CAPSO-based PI-like
FKBC performs better than APSO-based PI-like FKBC. Compared with the conventional
Pl-like FKBC, the CAPSO-based Pl-like FKBC is able to reduce the total objective
function by up to 19.52%; while the APSO-based PI-like FKBC reduces the total objective
function by up to 15.57%. As introduced earlier, it is because the CAPSO algorithm can
find better globally optimum results at calibration operating conditions, which will definitely
lead to a better transient performance at non-calibration operating conditions (Li et al.,

2019b).

The transient calibration approach is able to cover a wide range of operating conditions.

As introduced in section 6.2, the calibration result depends more on the selection of the
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objective. For any operating conditions or step changes, once the objectives are defined
as the IAE and IAU, the calibration program will repeat running the engine with different
groups of scaling factors until the optimum solutions are found to achieve the minimum

oscillation and the most stable control signal (Li et al., 2019b).

The experimental studies in section 5.5 have shown that two sets of initially calibrated
scaling factors are able to cover all the other non-calibrated conditions. Besides, since
the purpose of developing the PI-like FKBC is to achieve a favourable transient
performance with minimum effort for calibration, only two sets of scaling factors need to
be calibrated as reference. Then, the control signal will be adjusted automatically based
on the change of the gap between the target value and the actual value, no matter how
large or small. Thus, the Pl-like FKBC is able to regulate the AFR effectively with any
unknown step changes (Li et al., 2019b). Moreover, a large step change is actually a

collection of small step changes.

More initially calibrated scaling factors may lead to not only a more reliable performance,
but also more time consumption. Users can choose the trade-off between the number of
initially calibrated scaling factors and the time consumption by themselves (Li et al.,

2019D).

6.5 Summary

An enhanced PI-like FKBC based on the CAPSO algorithm has been developed for GDI
engines to improve the AFR control system. The scaling factors of the PI-like FKBC were
calibrated automatically through the CAPSO algorithm. An alternative time-domain
objective function was applied for the optimisation program, without the need for prior

selection of the search domain. The real-time transient performance of the enhanced PI-
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like FKBC is investigated through experimental studies. The conclusions are listed as

follows (Li et al., 2019b):

The enhanced PI-like FKBC based on the CAPSO algorithm can lead to better
transient response behaviour to damp out the oscillation with less settling time (up
to 75% reduction) and less IAE (up to 64.07% reduction) for various operating
points, compared with the conventional self-adaptive Pl-like FKBC (Li et al.,
2019b).

Since both the integral of absolute error (IAE) and the integral of absolute output
signal (IAU) are employed as objectives, the enhanced Pl-like FKBC is able to
achieve a better trade-off between reducing the oscillation effectively and avoiding
a large overshoot of the control signal. It is able to reduce the total objective
function (IAE+IAU) by up to 25.41%, compared with the conventional self-adaptive
Pl-like FKBC (Li et al., 2019b).

The enhanced PI-like FKBC based on the CAPSO algorithm outperforms that
based on the APSO algorithm. The repeatability tests indicate that the CAPSO-
algorithm-based PI-like FKBC is able to reduce the mean value of the objective
function by up to 10.61%, compared with the APSO-algorithm-based PI-like FKBC.
Meanwhile, the standard deviation of the objective function using the CAPSO
algorithm is lower (up to 28.29% reduction) than that using the APSO algorithm (Li

et al., 2019b).

Overall, the proposed, enhanced, Pl-like FKBC is capable of both self-adaptive capability

and non-model-based automatic transient calibration capability. It can reduce the

calibration effort and regulate the AFR more effectively for various engine operation

conditions (Li et al., 2019b).
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CHAPTER 7 CONCLUSIONS AND FUTURE WORK

This thesis presents the achievements of the author's research over the past four years.
The online dynamic optimisation for the engine management system is achieved with the
help of artificial intelligence methods. The main conclusions are summarized in this

chapter, followed by the plans of future work.

7.1 Conclusions

In this thesis, the intelligent non-model-based calibration approach has been developed
using the multi-objective meta-heuristic algorithm, and the self-adaptive control strategy
for the AFR control system has been developed using the Pl-like fuzzy knowledge based
controller (FKBC). The conclusions are drawn as follows corresponding to each relevant

chapter.

a) The proposed intelligent non-model-based calibration approach using the
multi-objective meta-heuristic algorithm is a more efficient and economical

calibration approach for engines.

As Chapter 4 shows, the intelligent non-model-based calibration approach for internal
combustion engines using SPEA2 and CAPSO algorithms have been developed and
implemented on the real engine via RCP and external ECU bypass technologies. The
experimental studies have verified that the proposed calibration approach can minimise
the BSFC and PM emissions by automatically finding the optimum engine variable
settings (IVO, EVC, spark timing, injection timing and rail pressure). Detailed conclusions

are listed as follows:
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e The intelligent non-model-based calibration approach does not rely on the engine
model or massive experimental data. It can improve the automation level of the

engine calibration process.

e The intelligent non-model-based calibration approach can even find the engine
variable settings for lower BSFC (up to 2.9% reduction), lower PM emission number
(up to 6.1% reduction), and lower PM emission mass (up to 6.6% reduction),

compared to the default ECU settings.

e Compared to the SPEA2-based calibration approach, the CAPSO-based calibration
approach is able to find better engine variable settings with faster speed (save at least

28.6% of the time consumption).

b) The proposed PI-like fuzzy knowledge based controller (FKBC) achieves the

self-adaptive AFR control system.

As Chapter 5 shows, a discrete Pl-like FKBC has been developed for GDI engines to
regulate the AFR. The output signal of the Pl-like FKBC was self-tuned in real-time
according to the fuzzy "if-then" rules and the non-linear defuzzification algorithm. The
experimental studies have verified the high robustness and self-adaptive capability of the

proposed PI-like FKBC. The conclusions drawn from the investigations are:

e The proposed PI-like FKBC can lead to better transient response behaviour to damp
out the oscillations with less settling time and less integral of absolute error (IAE) for
various operating conditions, compared with the conventional lookup-table-based PI

controller.
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The proportional term, the integral term, and the output signal of the Pl-like FKBC are
non-linear functions of the gap between the target and real AFRs. They are self-tuned
in real-time and do not rely on the constant calibrated values, so that the Pl-like FKBC
can work efficiently with even poor proportional and integral gains, and save the effort

and time to be spent in calibrating controller gains.

With the same proportional and integral gains at the calibrated conditions, the
proposed PI-like FKBC can reduce the settling time by up to 67.02% and reduce the
IAE by up to 64.03%, compared with the conventional lookup-table-based PI

controller for the transient engine operation.

At the same non-calibrated conditions, the proposed Pl-like FKBC can reduce the
settling time by up to 56.25% and reduce the IAE by up to 58.67%, compared with

the conventional lookup-table-based PI controller for the transient engine operation.

The proposed Pl-like FKBC has a clear and simple structure, which can facilitate its

implementation for engineering problems.

c) The transient calibration method using the CAPSO algorithm can help the PI-

like FKBC achieve better transient performance for the AFR control.

As Chapter 6 shows, an enhanced PI-like FKBC using the CAPSO algorithm for transient

calibration has been developed to improve its transient control performance for the AFR

control system. The scaling factors of the PI-like FKBC were automatically calibrated

through the CAPSO algorithm. An alternative time-domain objective function was applied

for the optimisation program, without the need for prior selection of the search-domain.

The real-time transient performance of the enhanced PI-like FKBC is investigated through

experimental studies. The detailed conclusions are listed as follow:
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The enhanced PI-like FKBC based on the CAPSO algorithm can lead to better
transient response behaviour to damp out the oscillation with less settling time (up to
75% reduction) and less IAE (up to 64.07% reduction) for various operating conditions,

compared with the conventional self-adaptive Pl-like FKBC.

Since both the integral of absolute error (IAE) and the integral of absolute output
signal (IAU) are employed as objectives, the enhanced Pl-like FKBC is able to
achieve a better trade-off between reducing the oscillation effectively and avoiding
large overshoot of the control signal. It can reduce the total objective function
(IAE+IAU) by up to 25.41% reduction, compared with the conventional self-adaptive

Pl-like FKBC.

The enhanced PI-like FKBC based on the CAPSO algorithm outperforms the one
based on the APSO algorithm. The repeatability tests indicate that the CAPSO-based
Pl-like FKBC is able to reduce the mean value of optimisation objective function by
up to 10.61% reduction compared with the APSO-based PI-like FKBC. Meanwhile,
the standard deviation of the objective function using CAPSO algorithm is lower (up

to 28.29% reduction) than that using APSO algorithm.

The enhanced Pl-like FKBC is capable of both self-adaptive capability and non-
model-based automatic transient calibration capability. It can reduce the effort to be
spent in calibrating controller parameters and regulate the AFR more effectively for

various engine operating conditions.

The achievements in this thesis have been approved by our partners including Jaguar

Land Rover, Ford, and Changan UK R&D Centre. The calibration engineers and technical

specialists all agree with that, the author’s research is very in line with the scope and
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objectives of their ongoing projects. The proposed calibration and control strategies have

achieved an excellent collaboration between artificial intelligence and engineering

applications. They can indeed optimise the engine management system and reduce the

cost for the engine calibration process.

7.2 Future Work

The dynamometer-based engine test bench at the University of Birmingham is being

upgraded in order to proceed the fully transient engine operations. According to the

research in this thesis, which introduces the artificial intelligence methods to figure out

the engineering problems, several suggestions for the future work are provided.

As the future powertrain systems are getting more and more complex, the number of
adjustable parameters and optimisation objectives will keep rising. Meanwhile, the test
of future vehicles and engines should consider the real-world driving conditions,
including the weather conditions, vehicle status, geography information, and driver’s
behaviours, etc. Thus, they make the calibration work become a many-objective
optimisation problem, whose objectives and constraints are far more than the multi-
objective optimisation problem. Accordingly, further studies would like to investigate
and upgrade the performance of the non-model-based calibration approach for many-
objective optimisation problems (including durability, noise and other emissions), in
order to better fit the industrial application.

After the online dynamic calibration method has been developed in this thesis, further
studies would like to test its performance with continuous transient operations and

different driving cycles. As for the engine calibration, the vehicle driving cycles should
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be converted to the engine driving cycles first. The optimiser should be investigated
continually through different driving cycles. In addition, further studies are expected to
apply the online dynamic calibration method for the real driving emissions (RDE) tests.
During the first several iterative loops of the algorithm-based calibration process, the
generated solutions may be distributed very widely in order to make full use of the
search space and they may result in very terrible engine performance. Thus, further
studies would like to design a diagnostic module to distinguish these poor solutions
and skip them during the automatic calibration process while retaining the
convergence performance.

The FKBC is employed in this thesis to improve the feedback control loop of the AFR
control system. Further studies would like to consider the application of FKBC in the
feedforward control loop. Meanwhile, further studies are expected to simplify the
design procedure of FKBC, making the fuzzy rules and membership functions easier
to be understood and constructed.

Although the calibration maps can be automatically generated by the intelligent non-
model-based calibration approach, further studies would like to develop the self-
adaptive maps, which can automatically adapt to the change of environmental
conditions, engine’s service life, different drivers, and etc. The FKBC are expected to
be applied to achieve the rapid identification, clustering and classification of this self-

adaptive calibration maps.
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