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RCCI engine at Energy Mechatronics (EML) Lab were collected by Behrouz
Khoshbakht Irdmousa and were used to develop and validate the data driven
dynamic model for RCCI engine. The identified dynamics model were used
by Behrouz Khoshbakht Irdmousa at a model predictive controller strategy
which was collaboratively developed by Akshat Raut and Behrouz Khoshbakht
Irdmousa. Later Behrouz Khoshbakht Irdmousa used the developed MPC
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cycle computational fluid dynamics model for the RCCI engine at EML Lab.
He validated the model based on steady state and transient experimental
data. He also developed chemical reactivity index and stratification index
for engine relevant condition and dual fuel mixtures. He ran the high fidelity
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Abstract

Reactivity Controlled Compression Ignition (RCCI) engines operates has capacity to
provide higher thermal efficiency, lower particular matter (PM), and lower oxides
of nitrogen (NOx) emissions compared to conventional diesel combustion (CDC)
operation. Achieving these benefits is difficult since real-time optimal control of
RCCI engines is challenging during transient operation. To overcome these challenges,
data-driven control-oriented models are developed in this study. These models are
developed based on linear parameter-varying (LPV) modeling approach and input-
output based Kernelized Canonical Correlation Analysis (KCCA) approach. The
developed dynamic models are used to predict combustion timing (CA50), indicated
mean effective pressure (IMEP), maximum pressure rise rate (MPRR), reactivity and
stratification metrics as functions of fuel quantity (FQ), start of injection (SOI) timing
and premixed ratio (PR) as the RCCI engine’s control variables. The identified model
is then used for the design of a model predictive controller (MPC) to control crank
angle for 50% fuel burnt (CA50) for varying engine conditions on the actual RCCI
engine. This study also established constrained multi-input multi-output (MIMO)
model predictive controller (MPC) to track desired crank angle for 50% fuel burnt and
IMEP at various engine conditions. This research has demonstrated and implemented
two fast and reliable method to model highly nonlinear RCCI combustion engine and

develop control-oriented models for RCCI combustion
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Chapter 1

Introduction and Research

Motivation

RCCI is a dual fuel low-temperature combustion (LTC) strategy for internal
combustion engines (ICE) which runs with a blend of a low reactive fuel and a high
reactive fuel. It offers higher fuel conversion efficiency at lower and medium loads
and lower NOx emissions at higher loads compared to diesel and spark ignition (SI)
engines [4]. The low-reactive fuel (e.g., gasoline) is introduced to fresh air via port
fuel injection (PFT) which provides an opportunity to form a well-mixed blend of
fuel, air, and recirculated exhaust gases, if any. The high-reactive fuel (e.g., diesel) is
directly injected (DI) inside the cylinder during the compression stroke which creates

a reactivity gradient in the combustion chamber. The controlled reactivity gradient



in RCCI engines causes longer combustion duration and lower pressure rise rates
compared to homogeneous charge compression ignition (HCCI) engines [5]. In RCCI
engines, ignition initially occurs at small isolated high reactive pockets which continue
to grow and merge with other expanding pockets while other ignition pockets emerge.
These reaction zones which are formed in high reactive zones proceed to low reactive
regions to complete the combustion [6]. This form of distributed combustion initiation
leads to lower gas temperature compared to conventional diesel combustion (CDC)
which results in lower heat loss and higher fuel conversion efficiency. Due to the
sensitivity of RCCI reactions to the thermal and chemical composition of air-fuel
mixtures, combustion control of RCCI engines is a major challenge during transient
operations. In RCCI engines, dual fuel blending ratio and multiple injections are
employed as control variables to adjust global and local in-cylinder mixture reactivity
which is used for control and optimization of combustion phasing, burn duration, and

emissions in these engines [7].

1.1 Motivations

Internal combustion engines (IC engines) are a major power source for vehicles around
the globe. The number of registered vehicles is projected to reach 1.47 billion vehicles
(small, medium, and large-sized automobiles) including 279 million in the United

States by 2023 []]. 240 million passenger vehicles use internal combustion engines as



drive sources in the United States [9]. Therefore 13.3 million barrels of petroleum
are consumed in the transportation sector in the United States each day. [10] The
Significant role of internal combustion engines demonstrates the importance and value
of research and development about them to improve their advantages such as efficiency
and remove their drawbacks such as toxic emissions. The increased number of internal
combustion engines in recent decades signifies their adverse emission effects on human
health and efficiencies in countries’ economies. Therefore, researchers are looking to
improve IC engine’s efficiencies and reduce their emissions. Several strict regulations
including Euro and US emission standards were introduced and adopted to curb

emissions and improve efficiencies.

Fig. [1.1| shows emission regulation development in the United States, European
Union, China, and Brazil. The latest national emission standard in the United States
limits particulate matter (PM) and oxides of nitrogen(NOx) to 0.03 g/kWh and
0.003 g/kWh, respectively [1]. To meet emission standards in diesel engines, several
technologies such as after-treatment and low-temperature combustion (LTC) were
introduced. After treatment, can bring emissions to acceptable ranges, however, with
difficulty for NOx. To reduce the burden on after-treatment devices, in-cylinder
combustion control strategies such as LTC can be implemented [II]. It has been
confirmed that low-temperature combustion can reduce NOx without increasing PM
emissions [I2]. Reactivity controlled compression ignition (RCCI) is one of LTC

combustion strategies.
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Figure 1.1: Exhaust emission standards of (a) CO, (b) PM, (c) NOx, and
(d) HC for otto cycle (oc), diesel cycle (dc), and natural fuel (nf) on light
duty commercial vehicles (LDCV) and light duty trucks (LDT) in the US,
EU, China, and Brazil [I].



| PFI Injector |

| DI Injector |

|Exhaust Manifold |

Low Reactive
Fuel

|High Reactive

| Fuel

| Intake Manifold |

Auto-ignition Rigions

|High Reactive Pockets

Figure 1.2: RCCI engine configuration
Fig. shows RCCI engine configuration. It operates by port fuel injection of low
reactive fuel and direct injection of high reactive fuel to the combustion chamber.
High-reactivity fuel such as diesel is added in a cylinder advanced to TDC by a
high-pressure direct injector to increase the reactivity of charge. Thermodynamic
analysis of LTC combustion engines demonstrated their lower heat transfer and more
effective conversion of thermal energy to work due to the lower temperatures are the
main reasons for achieving higher efficiency. [I3]. RCCI was initially proposed by
Kokjohon et al. by optimizing dual fuel operation with port injection of gasoline

and optimized direct multiple diesel injection [14]. Table (|1.1)) shows a comparison



of efficiency and major emissions between RCCI and conventional diesel combustion
(CDC). It demonstrates that RCCI operation is a good option to meet new emission
standard requirements for diesel operation.

Table 1.1
Light duty RCCI compared with conventional diesel operation [3].

RCCI CDC

BTE (%) 39.0% 36.4%
Soot (gr/kw-h) | 0.05 0.23
NOx(ppm) 53 417
UHC(ppm) 3207 251
CO (ppm) 1099 140

Combustion phasing control is important for RCCI operation since it affects engine-
out emission and brake thermal efficiency. A Study by Reitz et al. proposes
optimal combustion phasing with CA50 around 8.5 bTDC [I5]. Design of a control
system that controls RCCI operation with available control means such as fuel
mass, high/low reactive fuel ratio, and early direct injection timing would be
essential to optimize RCCI operation. The goals for this control system can be
considered as stable operation during transient operation, reducing cycle-to-cycle
variations, avoiding misfire and too high maximum pressure rise rate, increasing
thermal efficiency, controlling exhaust temperature, and further reduction in NOx and
soot. Controlling RCCI combustion requires a good understanding of RCCI operation.
RCCI operation can be studied through experimental tests and computational models

such as computational fluid dynamics (CFD) coupled with chemical kinetics modeling



and multi-zone modeling. Multizone modeling is faster but they ignore charge
motion inside the cylinder while CFD models are very detailed and provide detailed
information but they are computationally expensive. Detailed CFD models of RCCI
combustion coupled with engine experiments can provide valuable information on
mixing, reaction, and the effect of several parameters on combustion. This can provide
the controller with complete observation on the controlled engine which can be used
to adjust control action. One of the main challenges facing controller design for RCCI
engines is their highly nonlinear nature. The main reason for this nonlinearity is the
strong nonlinear dependence of combustion rate on in-cylinder gas composition [16].
Therefore, all engine input parameters such as fuel quantity ratio and injection timing
change cylinder composition and consequently exhibit a nonlinear behavior from the
engine. This makes the real-time RCCI controller design complex. One way to handle
this complexity is to utilize the linearization technique of linear parameter varying
(LPV). LPV method presents nonlinear systems as parametrized linear systems whose
parameters change with their state. LPV method substantially reduces modeling
efforts by using experimental data to present a wide range of nonlinear RCCI engine
operations as combined linear operations. Finally, derived linear models can be
utilized in a model predictive control (MPC) framework to optimize RCCI operation,

while considering actuators and states constraints.



1.2 Research objectives

This research has been motivated by RCCI engine potential to meet new emissions
and improved fuel economy regulations. This study aims to address challenges
in controlling combustion at RCCI engines. Its goal is to understand and model
reactivity formation and stratification inside the combustion chamber as the driving
force for RCCI combustion initiation and propagation. Moreover, the prediction of
combustion chamber reacivity and stratification during steady-state and transient
operation is another objective of this study which will completed by the development
of a validated open-cycle computational fluid dynamic model for the RCCI engine.
This study also looks to develop a fast and accurate control-oriented model for RCCI
combustion and reduce combustion dynamic identification by implementing data-
driven approaches. Utilization of the developed control-oriented models for RCCI
combustion control is another goal of this study. The outcome of this work will be
a robust constrained and unconstrained predictive controller that has good tracking
performance for desired combustion timing and load at RCCI engines. Summary of

research objectives are

© Development and validation of open cycle computaional fluid dynamic model

for RCCI engine.



® Development of a fast and accurate reactivity and stratification model for dual

fuel mixtures at engine relevant conditions.

® Development of high fidelity control-oriented model for RCCI combustion based

on linear parameter varying strategy.

® Addressing state selection challenges for RCCI dynamic model using unknown

state identification approach.

® Development of a constrained and unconstrained model predictive controller
based on identified state-space dynamic models and testing performance of

controller on actual RCCI engine

1.3 Literature Review

Previous research related to this work will be reviewed based on the research areas
required to fulfill this work. They are grouped into RCCI engine modeling and
experimental studies, RCCI control oriented model development and data-driven

linear parameter varying modeling studies.



1.3.1 Review of RCCI Engine Investigations

Researchers have studied RCCI operation using computational and experimental
methods to gain the required knowledge for improving it. For better clarification, the
literature review for RCCI operation investigation is split into two sections modeling
studies, and experimental studies. The literature review for RCCI operation is focused
on works that provide insight useful for future control work. A summary of some of

the major modeling and experimental RCCI studies is shown in Fig. [1.3

1.3.1.1 Review of Modeling RCCI Investigations

RCCI operation modeling was initially started by Kokjohn et al. at the University
of Wisconsin-Madison. It developed from Homogeneous Charged Compression
Ignition (HCCI) and Premixed Charge Compression Ignition (PCCI) engine modeling.
Kokjohn et al.[I4] experimentally and numerically studied dual fuel HCCI and
PCCI combustion. They controlled combustion in PCCI by means of varying fuel
reactivity. The engine was modeled by coupling KIVA with the CHEMKIN code.
They found that by port fuel injection of diesel fuel and early direct injection of
diesel fuel, combustion phasing can be controlled at low and high loads. Using the

model result they found that ignition points are coincident with the location of high
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Figure 1.3: Sample of previous studies in RCCI operation

diesel concentration which formaldehyde was formed from low-temperature reactions.
They reported dual fuel PCCI operation with NOx and soot well below heavy-duty

limits. [17]
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Splitter et al. [I8] conducted a CFD modeling on fuel reactivity requirements for
PCCI combustion. By modeling, they found that by increasing engine load, optimum
combustion phasing does not require high reactive fuel. Moreover, this study showed
that ethanol requires higher quantities of diesel fuel to maintain optimum combustion
compared to diesel required for running gasoline. The main reason for this condition
comes from lower reactivity and higher enthalpy of vaporization of ethanol compared
to gasoline. In another study, Kokjohon [19] found that early diesel injection at dual
fuel engines reduces high-pressure rise rates significantly. This research leads to the
introduction of RCCI operation. RCCI operations were successfully run in load range
from 1 bar BMEP until 9.5 bar BMEP [4], [15]. This range was limited by self-imposed
restrictions on maximum pressure rise rate (MPRR)j10 bar/deg , CO emissions less
than 5000 ppm, and IMEP coefficient of variance (COV) less than 3%. Kokjohn
and Reitz [20] compared conventional diesel combustion and RCCI combustion in
a light-duty engine based on efficiency and NOx levels equivalent to US Tier 2 Bin
5. In this comparison, they assumed that CDC is using selective catalytic reduction
to meet NOx constraints. Their research demonstrated that RCCI can meet Tier
2 Bin 5 cycle-averaged NOx targets without NOx after treatment. Moreover, they
found that RCCI was 4% better in fuel consumption and 7.3% better in total fluid
consumption (fuel + diesel exhaust fluid) compared to conventional diesel combustion
with selective catalytic reduction. Hanson et al. [21I] used KIVA to model RCCI

combustion in a Light Duty engine and optimize the piston bowl. They found that
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for constant compression ratio, increasing piston bowl radius and reducing bowel
depth (to keep compression ratio constant) will increase gross indicated efficiency
of RCCI operation. This is consistent with other research mentioning beneficial
effects of large low curved bowl compared to a small high curved bowel. Hanson
reported a 3% increase in efficiency compared to bowel designed for conventional diesel
operation. Zoldak et al. [22] performed a computational CED study on a heavy-duty
RCCI engine running with natural gas and diesel. Their aim was to find tradeoffs of
pollutant emissions, fuel consumption, peak cylinder pressure, and maximum pressure
rise rate. They found that the RCCI combustion strategy had the potential to reduce
NOx by 17.5%, soot by 78%, and fuel consumption by 24% compared to conventional
diesel combustion. Their simulation found retarding diesel fuel. injection results
in high soot emission and advancing diesel fuel results in premature combustion
and loss of combustion control. Based on their simulation, they proposed double
injection to maximize premixing diesel fuel and reduce soot emissions. They also
proposed retarding the second injection to reduce maximum pressure rise rate and
maximum pressure and NOx emissions. Nazemi and Shahbakhti [23] completed CFD
combustion modeling of the RCCI engine in CONVERGE CFD and studied fuel
injection parameters including spray angle, injection pressure, start of injection (SOI)
timing, and premixed ratio (PR) on performance and emission characteristics in RCCI
engine. Moreover, an extensive computational study was done to obtain optimum

fuel injection parameters. They found that HC and CO emissions can decrease by
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23% and 39% if spray angle 55, SOI = -53 aTDC, 580 bar injection pressure, and
PR = 0.76 is used by the RCCI engine studied. Salahi et al. [24] simulated the
RCCI engine with the goal of extending operating ranges by using prechamber. Their
results show that pre-chamber can extend engine operating ranges to use lower intake
temperatures such as 50 K lower in some cases. It can also increase the blending
ratio by increasing natural gas and replacing diesel fuel. They found that using pre-
chamber could result in incomplete combustion in low loads, but for higher engine
loads pre-chamber results in better combustion. Li et al. [25] studied the effect of fuel
chemical properties on combustion characteristics in RCCI engine using CFD study.
They studied gasoline/diesel and methanol/diesel fuel combinations and found limits
of RCCI operation for each case by considering fuel efficiency, RI (ringing intensity),
and NOx emissions. Their work showed that methanol/diesel RCCI requires a more
advanced CA50 to avoid excessive RI. They also found that methanol/diesel RCCI
has higher fuel efficiency compared to gasoline/diesel RCCI because of the shortened
combustion duration, reduced incomplete combustion, and lower heat transfer losses.
Moreover, gasoline/diesel RCCI provides a more stable CA50 with smaller cyclic
variations compared to methanol/diesel RCCI due to advanced CA50 and enhanced
LTHR. In another study, Li et al.[20] conducted an energy and exergy study of
CDC, HCCI, and RCCI engines. They found that exergy destruction has a close
correlation with homogeneity of in-cylinder temperature and equivalence ratio during

the combustion process, the combustion temperature, the chemical reaction rate, and
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the combustion duration. Under the combined effect, HCCI and RCCI demonstrate
lower exergy destruction than CDC at the same load. HCCI demonstrates the highest
energy and exergy efficiency, and CDC performs the worst. Poorghasemi et al. [27]
completed a CFD study on the effect of diesel injection strategies on light-duty RCCI
engine. They studied the effect of the premixed ratio of NG, first and second start
of injection (SOI) timing and fraction, injection pressure, and the spray angle on the
engine performance and emission characteristics. Results show that by decreasing the
first injection pressure from 450 to 300 bar, the gross indicated efficiency increases by
5%, and CAB0 is retarded by 4 CAD. They also proposed that NOx emission can be
reduced by means of increasing the NG fraction, advancing the SOI1, increasing the
fuel fraction in the first DI injection with lower injection pressure, and employing a

wider injector spray angle.

CFD modeling of the RCCI engine provided valuable information about the RCCI
engine. However, these studies are time-consuming and expensive. To achieve fast
simulation with acceptable simplification, multizone combustion modeling is a good

option.

The first work done in RCCI multi-zone modeling was by Eichmeier et al.[28] They
developed a phenomenological multi-zone model to predict the RCCI combustion
which was validated against experimental and 3D-CFD data. Their multi-zone model

was created from diesel particles and a homogeneous premixed mixture. Another
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work in RCCI multi-zone modeling was done by Ates et al. [29] They completed a
quasi-dimensional model for direct diesel injection and studied its combustion. They
modeled spray and combustion events with up to six separate zones, representing
different phenomenological sequences in the conceptual model. They used direct
injection spray images obtained at Sandia to develop a quasi-dimensional model of
a diesel engine. To summarize, the mentioned modeling studies show potential for
improving the efficiency and emission of conventional diesel engines by implementing
RCCI combustion mode. It also showed that RCCI can be optimized by controlling
the input parameters of the engine. These modeling studies provide insights that are

necessary in designing controllers and selecting desired values for RCCI engines.

1.3.1.2 Review of Experimental RCCI Studies

RCCI operation also has been experimentally studied. The first comprehensive
experimental work was done by Kokjohn et. al. [14] They investigated dual fuel
operation of gasoline diesel at two high loads, 6 and 11 bar IMEP operation. This
experimental study demonstrated the advantages of an operation that was later
named RCCI to meet US 2010 heavy-duty emissions regulations. They found that
at the 11 bar operating point, NOx and soot were 0.01 g/kW-hr and 0.008 g/kW-
hr, respectively. This study showed that RCCI operation can easily meet regulation

limits after treatment while achieving 50% thermal efficiency. Doosje et al. [30]
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completed another experimental study on heavy duty natural gas/diesel RCCI engine.
They showed that RCCI operation has low emissions for NOx and PM at a range
up to 10 bar IMEP. Their work shows that very advanced SOI results in very large
variation for maximum pressure. Jia and Denbratt [31] experimentally studied the
effect of diesel injection split and compression ratio in a heavy-duty RCCI engine
performance and emissions. They varied the injection timing and duration of the
first and second injections. They found the amount of fuel in the second injection
could be reduced considerably smaller than the first injection without affecting the
performance. They conclude that to increase the blending ratio, it is better to keep the
first injection duration constant decrease the second injection duration, and replace
diesel fuel with natural gas. Considering the effect of compression ratio, they found
reducing the compression ratio from 17 to 14, improves indicated thermal efficiency
but it has a negative effect on UHC emissions. Dahodwala et al.[32] studied the
effect of adding natural gas to conventional heavy-duty diesel operation engines and
its limitations. They found that replacing diesel with CNG is limited by high UHC
levels, combustion instability, peak cylinder pressure, and exhaust gas temperature.
They also conducted optimization on diesel injection timing and CNG substitution.
They reported that low-load RCCI enables even higher CNG substitution and lower
emissions. They observed a maximum of 50% net indicated thermal efficiency at 6
bar BMEP load point along with 75% reduction in both NOx and PM emissions. In

another study, Dahodwala et al. [33] conducted another experimental study on RCCI
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engines. They studied the effect of several control inputs such as CNG substitution,
EGR rate, and injection strategy on RCCI combustion at 6 bar BMEP. They found
that burn duration increased by increasing the amount of natural gas which resulted
in delayed combustion phasing. Increasing natural gas is limited by higher THC
and CO emissions although a more favorable CA50 could be achieved. They also
found that the EGR rate can be used as a control variable for adjusting combustion
phasing and burn duration. Increasing the EGR rate delayed combustion phasing
and increased the combustion duration. Higher EGR rates result in higher thermal
efficiency and therefore better fuel conversion efficiency was observed. Considering
split injection, a higher injection quantity in the second injection results in advanced
combustion phasing because late injection of a higher quantity of diesel fuel leads to
an insufficiently mixed charge. Hanson [34] experimentally studied a light duty RCCI
engine at transient operation. They compared the efficiency and emission of light-
duty gasoline diesel RCCI engines with CDC during up speed and down speed. They
used optimized intake conditions for the RCCI engine. They found that the emission
behavior of RCCI engine at transient condition is similar to steady state condition
RCCI engines has lower PM and NOx and higher UHC compared to CDC. Hanson et
al. completed another experimental study on the effect of EGR on heavy-duty natural
gas diesel RCCI engine [35]. They found that EGR results in lower combustion noise
and 48% lower averaged NOx. However, the brake thermal efficiency of the RCCI

engine decreased by 0.5, and soot emission increased slightly. They concluded that
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EGR can reduce fluid consumption at a selective catalyst reduction system. They
also found that EGR reduces CO and HC emissions of RCCI engines. A similar study
was performed by Kalsi et. al. [36] and they reported similar trends for emissions.
However, their experimental test reported brake thermal efficiency to be constant

until 15% EGR addition.

These works completed in the experimental RCCI study was on heavy-duty RCCI
engine. Ansari et al.[4] studied the light-duty operation of an RCCI engine with
NG/diesel for the first time. They investigated brake thermal efficiencies, emissions,
and combustion characteristics of a light-duty 1.9L, four-cylinder diesel engine
operating in single-fuel diesel mode and in NG-diesel RCCI mode. They found that
at low loads, the RCCI operating mode provided the same brake thermal efficiency
(BTE) values as diesel or worse. Moreover, they noticed that the BTE of light-duty
RCCI engines improves by increasing the engine speed and load. BTE reached to
39% for RCCI mode at 2500 RPM and 6 bar BMEP while BTE at complete diesel
combustion (CDC) mode was 34% at the same condition. This work once again

demonstrated the advantage of RCCI over CDC.
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1.3.2 Review of control-oriented RCCI Engine modeling and

combustion control

Researchers have been studying the development of control-oriented models and
combustion controller design. A number of studies are found in control of combustion
phasing in HCCI engines [37,138] 39, 40, [41], but few studies are found in the literature
for RCCI combustion control initial stages of this study. Figure summarizes prior
works on RCCI combustion controller design when this research was started. These
works fall into two categories based on the platform for controller implementation
and testing. The first category designed RCCI controllers which used high-fidelity
RCCI models to verify controller performance, while the second category includes

controllers which are validated on a real RCCI engine for controller validation.

Among simulation studies, Wu et al. [42] conducted the first RCCI combustion
control based on a rule-based control design. They studied load transitions on a
validated CFD model of an RCCI engine to investigate CA50 trends and developed
a control strategy based on adjusting the PFI to DI fuel ratio. They found that
during load-up transitions, CA50 was delayed by 7 to 15 CAD which was countered
by decreasing PFI to DI fuel ratio by 10% to 15% for their simulated RCCI engine
conditions. During load-down transitions, CA50 was observed to be advanced by 5

CAD which was compensated by increasing PFI to DI fuel ratio by 40% to 44%. They
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used an offline map to design a feedforward steady-state controller. Lack of online
feedback caused an adverse effect on controller performance during transient RCCI

operations. Sadabadi et al. [43] developed the first validated physics-based control-
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the start of combustion, burn duration, and CA50 with an average error of 2 CAD.
In another simulation-based research, Indrajuana et al. [44] formed a function for

ignition delay (7;4), indicated mean effective pressure (IMEP), and premixed ratio
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(PR) of a validated RCCI engine model that ran with diesel and natural gas fuels.
Their function was dependent on diesel fuel start of injection (SOI), and diesel and
natural gas fuel flow rates. They linearized this function and formed a multiple-input
and multiple-output (MIMO) proportional controller to control 7,4, IMEP, and PR on
a multi-zone model. Their results showed successful tracking of desired values within
5 engine cycles. The latter work [44] was the first study to use chemical kinetics to
develop an RCCI combustion controller. Recently, Indrajuana et al. [45] developed
a new controller for switching from conventional dual fuel (CDF) operation to RCCI
operation. They used an RCCI engine model and proposed a model-based controller
for switching from CDF to RCCI operation. Their simulation results indicated that
RCCI operation can be controlled by adjusting air and fuel path flows.

Figure [1.4] also lists the second category of studies that include RCCI controller
implementation on an engine experimental setup. As the first work in this category,
Arora et al. [46] designed and implemented the first real-time transient combustion
phasing and load controller for an RCCI engine. They developed two PI controllers
to adjust CA50 and IMEP using real-time combustion phasing and IMEP calculation
from a designed field programmable gate array (FPGA). For the CA50 control, they
used a sensitivity map to choose between SOI and PR as the control variables. For
IMEP control, fuel quantity was used as the control variable which was adjusted by
a combined feedback and feedforward controller. Based on their experimental tests

on the RCCI engine, the combustion controller was able to control CA50 at desired
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values during load changes. The IMEP controller was also capable of reaching desired
values within 2-4 engine cycles. In another study, Kondipati et al. [47] developed
a PI controller for an RCCI engine and used a physics-based model to tune the
PI controller. The tuned PI controller was tested on a real RCCI testbed for real-
time combustion phasing control. Their experimental results proved the controller’s
capability to reach the desired CA50 in 2-3 cycles with an average tracking error of
1 CAD. In another study, Raut et al. [48],[49] designed and implemented the first
online MPC on an RCCI engine based on a physics-based control-oriented model.
Their controller was designed as a switched MPC controller based on PR values to
extend controller range and used 5 engine cycles as prediction horizon to calculate
optimal control variable. The MPC controller used SOI and FQ as control variables
and was able to control CA50 with 1 CAD and IMEP with 19.6 kPa average tracking

error, respectively.

1.3.3 Review of data-driven linear parameter varying

identification

The linear parameter varying method deals with identifying nonlinear systems by
describing them as parameterized linear systems with time-dependent parameters.
In LPV control design, the goal is to design a global controller to satisty stability

and performance over the entire set of possible parameter values. This is the main
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advantage of the LPV method to gain scheduling method which controls operating
range by patching many controllers without guaranteeing stability over the entire

range of operation[50)].

The Linear parameter varying method originates in the gain scheduling control
method [51]. The research community initially addressed the gain scheduling in the
1990s [52]. LPV method initially introduced by Shamma and Athans works [53], [54].
They introduced LPV models as linear state space models whose matrices depend
on time-varying parameters. Therefore, the dynamics of LPV systems are linear but
time-varying. They proposed considering the dynamic of the time-varying parameter
as an exogenous independent parameter instead of modeling it. These two pieces of

research formed the basis of LPV modeling.

Literature on LPV control and LPV identification have started growing in parallel
from the beginning of the 1900s. The first attempt to solve the problem of LPV
identification is related to a paper by Nemani [55]. which was based on state space
and solving linear-fractional transformation (LFT) system identification problems.
Lovera et al.[56] considered linear state space measurement of the LFT LPV system
with a single time-varying block and Lee and Poolla [57] addressed the problem
of identifying a discrete LPV model with an LFT structure. Previdi and lovera
considered identifying LPV models with hybrid linear/nonlinear procedure [58]. The

nonlinear part is identified through a neural network and the linear part is identified
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through a least square algorithm. Finally, Bamieh and Giarre [59] solved the problem
of identifying discrete-time LPV models of nonlinear time-varying systems of inputs,
outputs, and the scheduling parameters are measured and a form of functional
dependence of the coefficients on parameters is known. They showed how the
identification problems can be reduced to linear regression so that a least mean square
and recursive least square identification algorithm can be used. These works formed

the science of modeling dynamic nonlinear systems by LPV modeling method.

On the application side, the LPV method found utility in many fields such as
automotive, robotics, aerospace, traffic control, and web service systems. In this
proposal, the literature review on the application of LPV will be confined to
automotive applications, especially internal combustion engines. One of the initial
applications of the LPV method in the automotive area was done by Gaspar [60].
They worked on applying the LPV method for modeling and control of an active
suspension system and used three scheduling parameters which were linked to the load
pressure of the hydraulic actuator, relative velocity, and relative displacement. They
successfully designed a controller to handle the nonlinearities of the suspension system
with the goal of minimizing vertical acceleration in case of small suspension travel and
minimizing suspension deflection in case of large suspension travel. PoussotVassal et
al. [61] worked on the same issue and reviewed some semi-active suspension control
strategy’s performance. One of the studied control strategies was the polytrophic-

based linear parameter varying method. They conclude that the LPV-based control
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strategy provides greater robustness compared to other methods. It also provides
great flexibility in comfort and road handling performance. Gaspar et al. [62] and
Szab6 et al. [63] also used the LPV method to design global chassis control for

controlling chassis altitude.

In the internal combustion engines, the LPV method found good application to
address high nonlinearities in these engines. Wei et al [64] proposed data based
linear parameter varying model of the air path system of diesel engine and used
H, technique for designing a controller for EGR regulation. They found that the
designed LPV-based controller has better tracking performance compared to the
standard production control unit without the need for calibration. They conclude
that using LPV modeling and control is a promising approach for engine control.
Jung et al. [65] performed a similar study on the air path of turbocharged diesel
engines using the LPV method and considering intake manifold air pressure as a
scheduling parameter. Their aim was controlling air mass flow and EGR. They
highlighted the significant reduction in calibration efforts by using the LPV method
and its surprising performance. Genc [66] worked to design robust control variable
cam timing engines using linear parameter varying modeling. He developed an LPV
model for air-fuel ratio (AFR) control in a gasoline port fuel-injected engine. He used
LFT to approximate the developed AFR model which was used to develop the LPV
controller. The experimental results of the controller showed that the LPV controller

provides up to 50% better regulation on AFR compared to the LTI controller. White
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[67] studied LPV controller design for internal combustion engines in his PhD studies.
He applied the LPV method to air-fuel ratio control of port fuel injection systems and
control of hydraulic and variable valve timing systems. His results on the engine show
that LFT representation LPV systems have advantages for real-time implementation
due to computational works and LF'T/LPV controllers offer significant improvement
in AFR regulation. Gauthier et al. developed a model for diesel engine common rail
injection system [68]. which was used to design an LPV-based controller for diesel
engine common rail injection system [69,[70]. The works mentioned above are some of
the investigations related to LPV application in literature. To the best of the author’s
knowledge, there was no work in the literature for LPV modeling of the RCCI engine

during the initial stages of this research.

1.3.4 Review of reactivity and stratification modeling

In this study, chemical reactivity is modeled using a data-driven approach. Chemical
reactivity is the tendency of reacting substances to transform into reaction products.
Ra et. al. ([71]) created a relative reactivity index for engine use. They established
an inverse relationship relating reactivity and ignition delay (ID) and evaluated the
ignition delay in a constant volume container for stoichiometric blends of primary
reference fuels at 40 bar and 850 K. Later, the reactivity formula was tuned to equal

the cetane number of different fuels. Jamali et al. ([72]) later used this concept

27



of reactivity to describe the reactivity of fuel blends. They described the reactivity
of a fuel blend as the mass fraction-based average of the reactivity of every fuel
component. These studies solely calibrated the defined relative reactivity index for
ignition delays under fixed initial temperature and chemical settings. Because the
initial temperature, pressure, and composition have a substantial impact on the
ignition delay, it is needed to create a new reactivity metric for engine-relevant
situations with varying thermal and chemical conditions. This study is trying to
fill this gap. In this paper, complicated and highly nonlinear chemical kinetics are
modeled, and reactivity is represented as a function of chemical and thermal settings
that are pertinent to internal combustion engines. The dynamic state space reactivity
model is later created by first creating a kernel canonical correlation analysis model

and then training it using the modeled reactivity levels.

Stratification is the other study parameter that has been examined in this research.
Modeling stratification is a difficult problem because of the complicated turbulent
flow of injected fuel, intake airflow, and interaction of these fluxes. Researchers
examined stratification within the combustion chamber and sought to understand how
it affected both efficiency and emission. The majority of this research used brightness
intensity imaging to detect stratification and used several methods to calculate the
level of stratification. Yin et. al. ([73]) calculated stratification by dividing the
maximum intensity across all regions by the intensity differential between adjacent

regions. According to Vedharajet. al. ([74]) definition, stratification is the product
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of a region’s maximum and least intensity divided by their sum.

1.4 Limitations in state-of-the-art

Based on the review of literature review presented in the previous section, it can
be understood that there are certain limitations in the current state-of-the-art
for control-oriented combustion control of RCCI engines. These limitations are

summarized as:

O Obtaining accurate and fast physics based control oriented model for RCCI

engine phenomena is difficult and time consuming .

® Representing mixture reactivity for all engine relevant conditions using single

formula is challanging.

® Determination of most effective states at RCCI engine’s combustion dynamics

is not easy.

® Computational Fluid Dynamics model of RCCI engine is computationally

expensive and is not suitable for transient modeling investigation.
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1.5 Contributions of this thesis

1.5.1 Development of a data-driven control-oriented RCCI

model

Most of the studies about RCCI control-oriented combustion model development and
implementation were conducted using a physics based modeling approach. While
the physics-based approach is powerful, it requires accurate, control-oriented models
which are hard, and time-consuming to develop. In this situation, data-driven
modeling (DDM) approaches can be offered as an alternative. Data-driven approaches
do not require a thorough knowledge of the underlying physics and can be developed
based on available measured data and initial information about involved variables,
internal states, and system structure [75]. Given the complexity and highly nonlinear
nature of RCCI combustion, the DDM approach can be used to reduce model
development costs for RCCI engine control. This paper will develop a new DDM
for RCCI engine identification and will utilize the data-driven models in an MPC
framework. While the DDM approach can be adapted using methods such as artificial
neural networks (ANN), fuzzy rule-based systems (FRBS), and genetic algorithms
(GA), our work uses support vector machine (SVM) as a model learning strategy.

SVM is based on an extension of line (or surface) identification for separating two
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classes of objects and can be extended to solving prediction problems. In this research,
SVM is selected based on its predictive capacity [76]. Here, an SVM-based DDM is
developed to identify linear parameter-varying (LPV) models for RCCI combustion
control. The LPV platform is selected due to its capability to (i) simplify nonlinear
RCCI dynamics into an array of linear models characterized by scheduling variables,
and (ii) guarantee the stability of the controller for broad engine operations.

To the best of the authors’ knowledge, this study was the first study undertaken to
develop a data-driven LPV model to capture RCCI nonlinear dynamics by an easily

implementable data-driven LPV model.

1.5.2 Development of a data-driven control-oriented MPRR

model

Development and implementation of data-driven combustion phasing controller for
RCCI engines encouraged to continue data-driven modeling approach to model and
control maximum pressure rise rate (MPRR) at RCCI engines which is one of the
contraining factors in expanding RCCI operation to high loads. High MPRR occurs
at high loads due to the formation of multiple simultaneous auto-ignitions at multiple
regions inside the combustion chamber. This issue generates high heat release rates
and results in high MPRR values which are perceived by high combustion noise and

high ringing intensity (RI). High MPRR restricts the high load operation range in
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RCCI engines. This study addresses the high-load MPRR challenge and presents two
control-oriented MPRR models for controlling MPRR at high loads. Several studies
have been conducted to learn effective factors in reducing MPRR and expanding the
high load range in RCCI engines. Zoldak et. al. [22] studied MPRR and a couple of
other combustion parameters in an RCCI engine by a CFD model. They found that
increasing the in-cylinder reactivity gradient with a late injection of high reactive fuel
will limit MPRR in RCCI engines. This approach should be implemented cautiously
due to the chance of incomplete combustion at a highly stratified charge. [77]. Hanson
et. al. [78] found another method to control MPRR while researching the effects of
biofuel blends on RCCI combustion. They found that MPRR can be reduced by
decreasing DI fraction and decreasing PFI fuel reactivity level. These studies can
only be used to design a passive controller by avoiding operational conditions that
are prone to generate high MPRR. Active control of MPRR in RCCI requires a
control-oriented MPRR model and a closed-loop control strategy which is addressed

in this study.

Fig. presents contributions of this section of research for RCCI combustion control
studies. This study presents a study to model real RCCI engine MPRR via a data-
driven KCCA-LPV model. To the best of the authors’ knowledge, this research
presents the first study to develop a data-driven KCCA-LPV MPRR model based
on experimental MPRR data obtained from a real RCCI engine. Moreover, Fig.

presents a few additional new studies. One of these studies was conducted by Kakoee
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Figure 1.5: Summary of previous studies in RCCI combustion control and
contributions of MPRR study highlighted in red.
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et al. [79]. They developed a physics-based control-oriented model of an RCCI engine
and used it to study the combustion timing of an RCCI engine. In another study, Sui
et al. [80] developed a calibrated mean value combustion phasing model for a dual-

fuel engine and implemented an adaptive closed-loop and an open-loop controller




to control combustion phasing. Basina et al. [8I] also developed a physics-based
model to predict MPRR in RCCI engines and used it to design a closed-loop MPRR

controller at transient operations.

1.5.3 Development of an unknown states control-oriented

RCCI combustion model and constrained MPC

These researchers used a known-states data-driven approach where the knowledge
for selecting RCCI states is required and the structure of the RCCI model needs
to be known. Due to the complexity of RCCI combustion, the optimal selection of
relevant states to represent RCCI combustion dynamics is challenging. This issue
is addressed in the current research and a novel Kernelized Canonical Correlation
Analysis (KCCA) approach is implemented to develop a data-driven RCCI dynamic
model based on unknown plant states. This approach automatically sets engine states
based on experimental input-output data from the engine to identify a state-space
LPV model. Moreover, this section of research developed a constrained MIMO MPC
controller for combustion timing and IMEP control. To the best knowledge of the
authors, this section of the study presents (i) the first RCCI combustion identification
based on an input-output approach with an unknown model structure. (ii) the first
constrained MPC controller design and implementation for an RCCI combustion.

Contributions from this section of the study is highlighted in Fig. (1.6])
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1.5.4 Development of a data-driven reactivity and

stratification dynamics model

These studies on control-oriented combustion model development for RCCI engines
used experimentally measurable characteristics as the states for building the dynamic
combustion model. This research added a novel approach to combustion dynamic
identification and defined chemical reactivity and fuel stratification as new combustion
dynamic states. Chemical reactivity is defined as the tendency of reacting materials
to convert to reaction products. This conversion happens through the formation
of hundreds of intermediate chemical compounds which interact through thousands
of elementary reactions. This complex interaction between intermediate chemical
compounds determines the direction of a reaction. High reactive mixture forms
when the generation and consumption of intermediate compounds lead to the fast
consumption of reacting materials and the creation of products. On the other hand,
low reactive mixture’s intermediate compounds regenerate the consumed starting
materials and consequently slow the progress of conversion of starting materials to the
products. Raet. al ([T1]) developed a relative reactivity index for engine applications.
They defined an inverse correlation between reactivity and ignition delay (ID) and
measured the ignition delay for a stoichiometric mixture of primary reference fuels at

40 bar and 850 K in a constant volume chamber. The reactivity equation was later
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calibrated to match the cetane number of fuels. This defined reactivity was later
used by Jamali et. al ([72])to define the reactivity of a mixture of fuels. They defined
fuel mixture reactivity as mass fraction based average of and relative reactivity of
each fuel. The defined relative reactivity index in these studies was only calibrated
for ignition delays at fixed initial thermal and composition conditions. Since initial
temperature, pressure, and composition has a significant effect on ignition delay, a
new reactivity metric is necessary to be developed for engine-relevant condition with
variable thermal and composition conditions. This study is addressing this need. In
this study, a data-driven approach is used to model complex and highly nonlinear
chemical kinetics and represent reactivity as a function of engine-relevant chemical
and thermal conditions. Modeled reactivity levels are later used for training the
Linear Parameter Varying (LPV) model to form a dynamic state-space reactivity

model.

Stratification is the other studied parameter of this research. Stratification is
determined by the mixing process between injected fuel and air. It depends on
fuel injector characteristics and flow dynamics through the intake manifold and
combustion chamber. Due to the complex turbulent flow of injected fuel, intake
airflow, and interaction of these flows, modeling stratification is a complex task.
Researchers evaluated stratification inside the combustion chamber and tried to find
the effect of stratification on efficiency as well as the emission. Most of these studies

measured stratification using luminosity intensity imaging and proposed different
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formulas to quantify stratification levels. Yin et. al ([73]) quantified stratification
based on the difference of intensity between adjacent regions divided by maximum
intensity among all regions. Vedharajet. al ([74]) defined stratification as the sum
of maximum and minimum intensity at a region divided by subtraction of them. In
this study, a CFD model is developed to obtain fuel mass fraction distribution inside
the combustion chamber. Stratification is defined based on the difference between
the fuel mass fraction at each cell and the homogeneous fuel mass fraction. Later,
a data-driven model is used to model the dynamics of stratification. Contributions
from this section of the study are highlighted in Fig. (1.7). To the best of the
authors’ knowledge, this is the first study to present a data-driven dynamic state
space model for reactivity and stratification at an internal combustion engine for the
control applications. This study implemented its modeling approach on an RCCI
since reactivity and stratification play a major role in its combustion initiation and

propagation.

To summarize, this study focused on the development of fast and reliable control-
oriented combustion models for RCCI engines. To accomplish this goal, it relies
on two data-driven identification approaches based on known and unknown states.
Identification and modeling results are tested by the development of a model
predictive controller strategy and implementation on an actual RCCI engine or high-
fidelity RCCI engine model. This process will be explained in detail in the following

chapters.
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1.6 Thesis Structure

This thesis is organized as follows:
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Chapter 2 presents the identification of combustion dynamics for a reactivity-
controlled compression ignition engine based on experimental data collected from
the RCCI engine at the Energy Mechatronics (EML) Lab. The identified dynamics
model used in the model predictive controller strategy. This chapter explains the
implementation of the developed MPC controller to control crank angle for 50% of

fuel burnt at an actual RCCI engine and controller results.

Chapter 3 uses an input-output-based approach to model RCCI combustion dynamics
without requiring any state definition. This chapter also includes including identified
input-output-based dynamic model at a constrained model predictive control strategy
and the development of a MIMO controller to control combustion phasing and load

at an RCCI engine.

Chapter 4 demonstrates the development physics-based and data-driven model for the
maximum pressure rise rate model through using transient data from an RCCI engine.
Control-oriented data-driven and Physics-Based Modeling of Maximum Pressure Rise

Rate in Reactivity Controlled Compression Ignition Engines.

Chapter 5 presents the development of an open-cycle computational fluid dynamics
model for the RCCI engine at EML Lab. Validation results of the CFD model
based on steady-state and transient experimental data are also presented. Moreover,
this chapter explains the reactivity index and stratification index development for

engine-relevant conditions and dual fuel mixtures. Then two data-driven models
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based on linear parameter varying method and input-output based Kernel Canonical
Correlation Analysis (KCCA) methods are used to generate a data-driven chemical

reactivity and stratification models for the RCCI engine.

1.7 Experimental Setup

Fig. presents the layout for the experimental RCCI engine test bench in this work.
A GM 2.0L Ecotec turbocharged Gasoline Direct Engine (GDI) was modified to run in
RCCI mode. Engine specifications are listed in Table[I.2] During engine modification,
low pressure fuel rail and port fuel injectors were added at intake ports to enable
RCCI mode operation. Iso-octane is injected into intake ports as low reactive fuel
and n-heptane is injected as high reactive fuel directly into the combustion chamber.
Premixed ratio (PR) is defined as the ratio between low reactive fuel and high reactive
fuel. It is defined according to Eq. based on chemical energy from the low
reactive fuel divided by the total chemical energy delivered by both fuels.

misoLHV;so

PR =
misoLH‘/iso + mnhepLHVnhep ,

(1.1)

where, LHV,, represents lower heating value of iso-octane and LHV,,e, represents

lower heating value of n-heptane. A controllable air heater was included at
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intake air flow path to adjust intake air temperature for RCCI operation. The
engine is coupled with an 460 AC hp dynamometer. A dSPACE MicroAutoBox
(MABX) unit is programmed and used as the engine control unit (ECU). In
addition, dSPACE RapidPro was used as power stage for actuators and signal
conditioning for sensors. In-cylinder pressure is measured by PCB piezoelectric
pressure transducer. A Spartan-6 field FPGA was programmed in Xilinx to use

real-time pressure data to compute CA50, and IMEP to provide feedback to the ECU.

N-Heptane Tank Iso-Octane Tank

Air Throttle

HP Fuel PFI Rail
Pump
=
460 hp AC
Dynamometer
MicroAutoBox® \
) & "'”"j’—m,,,,.,, 1 R /
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Pressure : . Pressure
Thermocouple ® Lambda Sensor “&. Fuel Injector =
@Transducer ? ple . Regulator

Figure 1.8: RCCI engine experimental layout

Figure [1.9) shows the RCCI experimental setup that includes a gasoline tank used to
run the engine at SI mode prior to switching to RCCI mode.

Two sets of experiments were conducted in this research. First set of experiments
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Figure 1.9: Real RCCI engine Overview

Description [Unit] Operating Value
Bore [em] x Stroke [cm] 8.6 x 8.6
Compression ratio 9.2:1
Displacement volume [cc] 1998
Max engine power [kW@Qrpm]| 164@5300
Max engine torque [Nm@rpm] 353@2400
IVO, IVC [CAD bTDC(] 25.5, 2
EVO, EVC [CAD bTD(] 36, 22
DI fuel rail pressure [bar] 100
PFTI fuel rail pressure [bar] 3
Table 1.2

RCCI Engine Specification

were carried out to obtain training and test data for state space (SS) identification
of the RCCI LPV model. In these identification experiments, fuel quantity (FQ)
was defined as the scheduling variable since it is the main control variable to adjust

engine load (IMEP). Thus, changing FQ leads to changing the engine load. Measured
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inputs including PR, FQ, and n-heptane SOI were used along with CA50 as the
output to develop linearized SS models. The LPV model from this work modifies
the data-driven linear model when the scheduling variable (FQ) changes. The data-
driven SS model was then used in conjunction with an MPC controller to form RCCI
combustion controller. The second set of experiments were conducted to evaluate
tracking performance of the MPC controller at transient operations. All tests in
this research were conducted at 1500 RPM engine speed, without turbocharging and

exhaust gas recirculation (EGR) while intake temperature was kept at 333 K (60°C).
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Chapter 2

Data-driven Modeling and
Predictive Control of Combustion

Phasing for RCCI Engines

2.1 Introduction

The RCCI strategy relies on high reactive fuel-air mixture pockets to initiate the
combustion. These pockets’ formation depends on local chemical compositions and
temperatures and in-cylinder pressure. Local compositions and temperatures are

significantly dependent on in-cylinder flow patterns and DI injection characteristics.
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Due to uncertainties in reactive pocket formations, optimal combustion control of
RCCI is challenging for the transient engine operations. Therefore RCCI engines
require a sophisticated combustion controller to reach their optimal operation where
low PM and NOx emissions and high thermal efficiency benefits are obtained without
high unburned hydrocarbon (UHC), carbon monoxide (CO) emissions, and high cyclic
variability (COVipygp). [4]. This issue is addressed in the current research and a novel
KCCA approach is implemented to develop a data-driven RCCI dynamic model based
on unknown plant states. This approach automatically sets engine states based on

experimental input-output data from the engine to identify a state-space LPV model.

2.2 State Space Model Identification

Development of a predictive model to capture RCCI engine combustion is essential for
designing RCCI combustion controllers for transient operation. It is also important
to have a model with low computational demand to be easily implemented on the
ECU. DDM approaches can meet these requirements more efficently for less model
development costs compared to physics-based approaches. Therefore, a data-driven
approach is taken for developing a predictive RCCI combustion model in this research.
Here, the data-driven SS identification algorithm from reference [82] is adapted for

RCCI engine modeling,.
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Discrete-time LPV systems can be written as

X1 = Alpr) Xi + B(pr)Ur + K (pi) Ex,

Y, = C(pr) Xk + Ek, (2.1)

where, X, Y, and pg represent the internal states, the outputs, and the time-varying
scheduling variables at discrete-time instant k. Additive Gaussian white noise is
denoted by Ej . Matrices A(py) € R™™, B(pg) € R™™ K(py) € R™™ and
C(pr) € R™*™ represent LPV-SS matrices with a functional dependency on the

scheduling variables p,. We can now re-write the LPV-SS model (2.1)) as

Xiy1 = (Alpr) — K(pe)C(pr)) Xi + B(pe) Uk + K (pr) Y,

N J/
-~

Alp)

Yi = C(pr) Xk + Ej. (2.2)

~

The objective here is to identify the functional matrix dependencies A(px), B(pk),
C(pr) based on measured training data {Xj, U, pr, Ya}i , from the plant. A
Least-Squares Support Vector Machine (LSSVM) approach is taken, and the matrix

functions are re-written as

Xir1 = Wi Dy (pr) Xk + WoDs (pr) U + W3 Ps(pr) Yk,
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where, Wjo3 € R and W, € R™*" are unknown weighting matrices, while
Q1 (pr) € R™X™ Dy(py) € R™XM Py(py,) € R™*™  and Py(pp) € R™*™ are
unknown feature maps with possibly infinite dimension, ng. Feature maps can be
defined using a kernel function such polynomial, Gaussian, or sigmoid functions. The

following least-squares (LS) objective function is minimized

4 N
1 , 1 .
J = 52 [Willz + 52& T'E, (2.4)
i=1 k=1
where, || - ||[r represents Frobenius norm and T' is the regularization matrix

diag(y1,72; .-, Yn,) ON estimation error Ej;. The optimization parameters are the
weighting matrices W 2 34. Dropping the notation for dependence on pj, for brevity,
the problem can be written in the dual form and a Lagrangian function can be written

as

E(Wla W27 W3> W4a O‘aﬁv E) =

N
T-> (a}{wlqnxj + WadoU; + Wad3Y; — Xj+1}>
j=1

B AWy @4 X; + Ej — Y41}, (2.5)

M-

<
I
—_

where a; € R", 8; € R"™ are Lagrange multipliers at discrete time j. Lagrangian

function has convex form and its global optimum can be found where derivatives are
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equal to zero.

oL
da =0=
X1 = Wi (p;) X + Wads(p;)U; + WiPs(p;)Y, (2.6a)
oL al
_ Wi = E X.ToT (p. 2.6b
(9W1 ' 1 j=1 o 1 (pj)7 ( 6 )
oL al
0= W, — E U. T (p- 2.6
aWQ - ’ j:l Oé] ! ’ <pj)’ ( C)
oL al
—0= W= a6l (0 2.
oWs V=i =1 Ys s (21), 200
oL ZN
oW, 0= j=1 P (p])’ 20
oL
oL
9. = 0=Y; = Wydy(¢;) X, + Ej. (2.6g)
J

Substituting (2.6]) in (2.3)), the model can be re-written as

N
Xipr = Y g X; O] (p) ®1 (i) X,

j=1

J/

-~

Wh

N
+ > aU; "5 (py) Pa(pi) Uy

J=1
N 7
~~

Wa

N
+ Y Y, 5 () D3(p)Yi,

J=1

J/

-~

W3
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N
Y=Y B;X;70] (p;) Palp) X + 7' 5s . (2.7)

—
J _ Ey
'

Wy

Inner product of the feature maps @, (py)®;(p;) can be expressed by using the so-

called kernel trick and defining the following Grammian matrices

[k = Z Z; (5K (pj, o) Zi(k), (2.82)
=ik = X, K (ps, o) X (2.8b)

where, Z;(k) is Xy, Uy, Yy for i = 1,2, 3. In this work, we choose the kernel function

k:i(W ) as
7 202 ’ '
where, o; is the spread of the Gaussian function and || - || denotes £5 norm for the

vector. We now express (2.7)) in the matrix form as

Xk—‘rl = an

Y=p8=+T71p5. (2.10)

where, Q € R¥*N and = € RMV are kernel matrices defined in (2.8) and o =
[y -~ ay] € RPN and B = [B; - - - By] € R™*N are Lagrange multipliers. Variables

X1 =[X1 - Xn] e RN and Y = [Y; - - - Yy] € RN are the states and outputs
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for the N samples, respectively. Solving (2.10)) for o and 3, we obtain

—1
o = Xk+1Q y

-1
vec(p) = ([N QI +2T® Iny) vec()). (2.11)

where, ® denotes the Kronecker product and vec(:) represents the vectorization
operator that vertically concatenates columns of a matrix. Iy and I, are identity
matrices of appropriate dimensions. Using training data {Xj, U, Vi Y ,, a =
lag -+ -ay] and = [B; - - - By] can be computed and the estimated LPV-SS matrices

can be written as

~

A(-) = Wi () Zaka Pk, ), (2.12a)

Be(-) = Wads(+) Z%Uk kK (pr, ), (2.12b)
k=1

K. (-) = Wa®s(-) ZakYTkg(pk, ), (2.12¢)
k=1

C.() = Wydy(-) ZBkXTk“ ) (2.12d)

where, the subscript e denotes estimate. For the case of the RCCI engine, in order to

identify the LPV-SS model, we define the states (X), inputs (U), and outputs (V') as
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[ T
X=1CA50 T,e Pie IMEP] , (2.13a)
: T
U=|PR SOI FQ] , (2.13h)
Y= CA50]- (2.13¢)

As mentioned before, fuel injected per engine cycle, F'Q), is chosen as the scheduling
variable. The experimental data are collected and divided into training and test
sets; 65% of the data is reserved for training the LSSVM and the remaining is used
for testing the model. Lagrange multipliers v and 3 are computed and SS functional

matrices are estimated. As an example, estimated LPV-SS model matrices for F Q=25
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mg/cycle are reproduced below as

0.0871

158.7

—2.163

—5.247

o=l oo d o-l]

—0.159  0.4867
—-1.736 —129.1
—0.0576  2.628

1.374 3.572

0.6746  —0.0028  0.007  —0.0008
—10.47 0.963 0.941 —0.4036
0.5038  —0.0175 0.8209  0.0206

0.684 0.0366  0.8209  0.0206

(2.14)

Using the computed « and § from Eq. (2.11)), the trained model is validated using

the test data set. The model is excited using the test inputs and scheduling variable,

and CAB0 is estimated. These estimated values of CA50 are compared with the

measured C'A50 for PR = 20, as shown in Figure [2.1]

The results show that the

developed model can predict CA50 with an average error of 1 CAD. Figure [2.2] show

similar results for PR = 40. These results demonstrate the capability of the identified

LPV-SS model to accurately model the dynamics of the RCCI combustion engine and

capture the functional dependencies of the model on the F'(). The results show that

the model can predict, to an acceptable degree of accuracy, the behavior of the RCCI
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Figure 2.1: LPV-SS model validation for T;, = 333 K, N = 1500 rpm,
P, = 96.5 kPa, PR=20, 273 kPa<IM EP<771 kPa.

engine, and can thus be used for the synthesis of an LPV MPC control strategy.

2.3 Model-based Combustion Controller Design

In this work, MPC is chosen for the combustion control due to its capability to
consider actuator and state constrains while performing online optimization. Here,
an MPC is designed to track desired CA50 by considering 5 engine cycles as prediction

horizon to compute optimal n-heptane SOI as the control variable. The state space

o4



w
o

FQ
(mg/cycle)
3

-t
o

S
(3]

Sol
(CAD bTDC)
w ]

(3] o

w
o

() e, =1 CAD

a

Exp. Data |
= = Model

Y
o

($)}

CA50
(CAD bTDC)

o
o

50 100 150 200 250 300
Cycle Number (#)

Figure 2.2: LPV-SS model validation for T;, = 333 K, N = 1500 RPM,
P, = 96.5 kPa, PR=40, 442 kPa<IM EP<806 kPa.

dynamic model of the RCCI engine can be presented in discrete time as

X1 = A(FQ) Xy + B(FQ)U, (2.15a)

Yir = C(FQ)Xyi1 + D(FQ)Upy1, (2.15b)

where, states (X), inputs (U), and output (Y') matrices were previously defined by
Eq. (2.13). Based on an iterative calculation, the plant output at prediction horizon
can be computed as [83]:

Yy, = FX(k;) + ®Uy, (2.16)
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where,

Yy, = [Y (ki + 1]k;) Y (ki +2[k;) Y (k; + 3|k;)
(2.17)

Y (ks + 4|k;) Y (ki + 5|k:)]T,

(2.18)

U(ki+3) Uk +4)]7,
and Y (k; + N|k;) denotes the predicted output at step k; + N with plant information
at step k; ; U(k; + N) denotes control variable at step k; + N. F and ¢ matrices in

Eq. (2.16) are calculated based on A, B, and C' matrices from Eq. (2.15)) and are

described as

-CA- - CB 0 0 0 0 -

CA? CAB CB 0 0 0
F=lca3|:®=|cA2B CAB CB 0 0 (2.19)

C A4 CA3B CA’B CAB CB 0

_CA5_ _CA4B CA3B CA’B CAB CB|

where, notation for dependence on F'() was dropped for brevity. An MPC cost
function is defined to minimize prediction tracking error and control action magnitude

as

J = i[(@i —-Y)'Q(¥; - Y;) + U RU, (2.20)

=1
where, U is defined as the matrix for reference outputs over the prediction horizon,

@ is the weighting matrix on tracking errors and R is the weighting matrix on the
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magnitude of control variables through the prediction horizon. The optimal solution

to control variable matrix U to minimize cost function (2.20)) can be derived as
U=(2'Q®+ R)'O'Q(¥ - FX}). (2.21)
The MPC cost function for constrained conditions can be expressed by
J = %IUTEIU +U"H, (2.22)
where, matrices £ and H are determined by
E=(®"Qd + R), (2.23)

H=93"Q(¥ - FX}). (2.24)

Constrains are defined by Eq. (2.25) for control commands to actuators and

magnitude of output states to protect RCCI engine from receiving excessive control

commands.
ACOTLSU < BCOTLS? (2.25)
where,
Tox1o Unaz — u(k; — 1)
Acons — ;Bcons — . (226)
—Tox10 Upin + u(k; — 1)

o7



The global optimum for cost function subjected to inequality is obtained
by adapting quadratic programming algorithm from [84].

Figure [2.3] shows the LPV MPC controller schematic and its connections with the
RCCI engine and the FPGA. The ECU is loaded with the LPV plant model, a
Kalman filter, and the MPC controller. The MPC controller receives identified SS
plant matrices as well as states and input values to compute optimal n-heptane SOI
values based on Eq. as the optimal MPC solution. SS matrices are provided
to the MPC controller from the trained LPV model. SS models are dependent on FQ
as the scheduling variable which is assigned based on the engine load. The Kalman
filter is utilized to estimate Tj,. and Pi,. states which are difficult to measure. Only
the first step value for calculated optimal n-heptane SOI is implemented and the rest

of calculated SOIs are updated in the next time steps.

2.4 Experimental Results

In this section, the combustion controller performance is evaluated under transient
conditions. Figure [2.4] presents CA50 tracking results for controller performance at
a constant fuel quantity condition. It demonstrates the controller’s capability to
track desired CA50 with 0.7 CAD average error by adjusting SOI as the control
variable. By comparing data-driven combustion control results with the physics-

based combustion control results for the same engine which were presented by Raut
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Figure 2.5: Combustion control performance with variable PR, constant
FQ =25 mg/cycle, T, = 333 K, N = 1500 RPM, and P;,, = 96.5 kPa.

et al. [48], it can be observed that data-driven combustion phasing controller in this
paper has similar average tracking error compared to the physics-based method in
[48]. Considering the efforts required for developing physical control-oriented models,
these results demonstrate the advantage of data-driven methods have over physics-
based controller designs due to their shorter development time and similar tracking

performance.

Figurepresents combustion control results at constant fuel quantity of 25 mg/cycle

60



and switching PR values. It shows controller’s capability to track desired CA50 with

0.6 CAD average error. While RCCI SS models were identified at PR=20, these

models can be used to control combustion phasing at adjacent PR values.

This

confirms selection of fuel quantity as the dominant scheduling variable to define the

plant’s linearization points.
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Figure 2.6: Combustion control performance with variable FQ, constant
PR =20, T, = 333 K, N = 1500 RPM, and F;, = 96.5 kPa.

SOI variations at Figure b) show a delay in responding for switching PR from 0

to 20 while switching PR from 20 to 40 results in faster response by the controller.
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This response timing difference originates from the PFI fuel transport dynamics.
Switching PR from 0 to 20 initiates PFT injectors and starts to form a liquid fuel
puddle at intake ports walls. Evaporation of liquid PFI fuel and fuel film transport
from intake port walls to cylinder causes combined delay and lag response for changing
PR values, particularly when changing from PR=0 (i.e., no PFI) to higher PR that
requires PFI injectors to begin to inject iso-octane fuel. However, during PR switch
from 20 to 40, PFI fuel puddle already exists at intake ports, compared to the case
starting from PR=0 that needs time until fuel puddle is formed and becomes steady.
Therefore, combustion phasing starts to change faster and controller responds faster
to PR change at values higher than 0.

Figure presents controller tracking performance for varying FQ quantities. FQ
is increased step-wise from 20 to 28 mg/cycle. The engine model is defined for
combustion controller by the data-driven model at each step. Desired CA50 is also
changed at each step and controller adjusts n-heptane SOI to track the desired CA50.
Controller performance results show that desired CA50 is tracked with an average
error of 0.6 CAD. Combustion controller results at Figure demonstrate that LPV
plant model can switch SS model correctly based on scheduling variable and the MPC
controller is capable of reaching the desired CA50 with small tracking error within 3

engine cycles.
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2.5 Summary and Conclusion

This paper introduced the first data-driven LPV model for an RCCI engine using a
method of least-square support vector machine. Experimental measurements of the
RCCI engine inputs (i.e., SOI, PR, FQ) and the desired output (i.e., CA50) were
used to develop the LPV model. The LPV model was then incorporated into an
MPC framework to control CA50 by modifying start of injection (SOI) of n-heptane
as the DI fuel. Experimental results for the controller demonstrated that the LPV
based MPC controller was able to track desired CA50 with maximum of 0.8 CAD

average error for varying engine conditions.
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Chapter 3

Input-output Data-driven
Modeling and MIMO Predictive

Control of an RCCI Engine

Combustion

3.1 Introduction

Data-driven modeling (DDM) is a more recent approach in RCCI combustion

controller design. This approach can reduce model development efforts significantly
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while reaching similar estimation accuracy compared to the physics-based modeling
approach. Khoshbakht Irdmousa et al. [85] developed and implemented the first
validated data-driven RCCI dynamics model. The developed state-space model was
used to design an MPC controller to control CA50 on a real RCCI engine. Basina
[81] also developed the first data-driven model to estimate maximum pressure rise
rate (MPRR) for RCCI engines based on the data obtained from a validated physics-
based RCCI model. These researches used known-states data-driven approach where
the knowledge for selecting RCCI states is required and structure of the RCCI model
needs to be known. Due to the complexity of RCCI combustion, the optimal selection
of relevant states to represent RCCI combustion dynamics is challenging. This issue
is addressed in the current research and a novel KCCA approach is implemented to
develop a data-driven RCCI dynamic model based on unknown plant states. This
approach automatically sets engine states based on experimental input-output data
from the engine to identify a state-space LPV model. To the best knowledge of
authors, this study presents: (i) the first RCCI combustion identification based on
input-output approach with unknown model structure. (ii) the first constrained MPC

controller design and implementation for an RCCI combustion.

This study has following structure. The theory of KCCA based Linear Parameter
Varying modeling is explained in Section 2, and the KCCA-LPV aplication into an

RCCI engine is provided in Section 3. Section 4 discusses the physics-based RCCI
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dynamic model. Finally, the model predictive controller design and results for input-

output-based MPC combustion controller for RCCI combustion is presented in Section

D.

3.2 Kernelized Canonical Correlation Analysis

Based Linear parameter Varying modeling

This study utilizes the state estimation approach developed by Rizvi et. al [86] to form
an input-output based KCCA-LPV combustion model for an actual RCCI engine. A

state-space dynamic model for an LPV system can be presented as shown in Eq.

BY.

X1 = Alpe) Xi + B(pk) Ui + K (pr) Ex, (3.1a)

Y = C(pi) Xk + Ey, (3.1b)

where, Uy, Y}, represent the inputs, the outputs, respectively. X denotes unknown
states at discrete-time instant k. Matrices A(px), B(pr), K(px) and C(px) denote
LPV state-space matrices dependent on scheduling variables p;. FEj notes additive

Gaussian white noise. Eq. (3.1)) can be updated by Ej, = Y), — C(px) X}, to form state
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space model presented by Eq. (3.2]).

X1 = A(pr) Xi + B(pk) Ui + K (pi) Ex, (3.2a)

where E(pk) and B(pk) are represented by B(px) — K(pr)D(pr) and A(px) —
K (pr)C(pr), respectively. Identification of ;l(pk), é(pk)7 K(px) and C(pg) requires
estimation of states (X}) associated with measured Uy, Y} data. LPV-SS formulation

at Eq. (3.2]) can be used to obtain future outputs as presented in Eq. (3.3)).

Yy, Uk
Y 4 . Urt1
= (O%op)u X + (Hop)i +
Yitd1 Uktdr1
L A (3.3)
Yy, e
d Yin €r+1
Yitd1 Ch+d+1
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where (O}lop)k, (H?Op)k and (ﬁ‘}op)k are defined as

C(pk)

C(pr+1)B(pr)

~

C(Prtdr1) H?:g A(pk:+d—l)

_ N
C(pr+1 B k
(Hop)s - (Pr+1)B(pr)
_C (Prras) Ty Z(Pmd—z)é (Pr)
(3.5)
0 O-
D(pr+1) .. 0
C(Pk+d+1)H?:zfz(?k+d4)§(pk) O_
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0

C(pr+1) K (pr
(Cop)s - (Prs1) K (pr)
Clperarn) T Aprra-) K ()
(3.6)
0 0_
0 0
Clprra) [1125 Z(pk—i-d—l)K(pk—i—l) 0_

(O?op)k is the observability matrix at time k along with the scheduling trajectory
p. (Hfop)i is a forward Toeplitz matrix, and ((Lfop)x is a lower triangle matrix.
Future measured outputs, implemented inputs, white noise, and scheduling parameter

vectors for time instant k are collected to form matrices presented in Eq. (3.7a)) till

Eq. (3.7d).

YVia=¥" - Vel (3.7a)
ULy =0 . ULusl’ (3.7b)
E’l(ci+d = [61: egﬂiflr (3.7¢)
P/ird = [P; p;rdfl]T (3.7d)
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where d represents future data window size. Eq. (3.3) can be updated to by

implementing definitions at Eq. (3.7) to form Eq. (3.8])

Vg = (0%p)i Xk + (Hfop)uUfl, 4+

(Ejlfop)kykdw +Ef

Unknown states at time step k based on future inputs and outputs are computed

from Eq. (3.8) and presented in Eq. (3.9).

Xi = (O%op) (I = (LIop)i) Vi g — (Hlop)iU,) —
(3.9)

—'- —
(O?OP) Elg-&-d

Since F is an independent zero-mean process noise which is identically distributed
at experimental data, (O?op)TE,‘f +q 18 expected to be zero and can be eliminated.

State estimation represented at Eq. (3.9)) is simplified to Eq. (3.10) by defining

_ Uksa
VA = as the collection of future plant inputs and outputs .

Yia
—'- —
Xy = (Ofop)i [—(”H}lop)k I—- (E}lop)k} Zisa (3.10)
Future mapping matrix can be defined as Eq. (3.11))

it = Ofons’ |~(gon 1 (Lgon)] (311)
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and state estimation at time step k can be simply expressed as:

X = @f(pmd)Zker (3.12)

This approach is also applicable to past measurements to estimate unknown states

at time step k based on stepwise output calculation from past d step measurement.

Uk—q
. ; Uk—d+1
X = (XJop)p Xi—a + (Rpop)k
Uk—1
- . (3.13)
Yi—q
; Yi—am
+(Vyop)k
Yi1
where (Xdop)i, (Riop)y, and (Viop), are defined as
d ~
(Xdop)s HA Dt (3.14)
J o~
(Rpop) = [( L A(pr1)) B(prsr)
(3.15)

Alpr1)) B(pr_2) B<pk_1]
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(Vyor)e = [(TT) Alpe) K (prsa)
(3.16)

fz(pk—l))K(pk—2) K (pr—

Past measured outputs, inputs, white noise, and scheduling parameter vectors for

time instant k are denoted by V¢, U, E¢, and P{.

Vi=1 .Yl (3.17a)
Ul=1[U .. UL.4" (3.17Db)
Eli=lef .. efigq]’ (3.17¢)
Bl=pg  plya]’ (3.17d)

Definitions at Eq. (3.17)) can be used to rewrite state estimation at Eq. (3.13)).

(Ut
Choosing d such that (X]fop)k ~ 0 and defining Z¢ = , state estimation at Eq.
\ 75

(3.18) is expressed as Eq. (3.19).

~d
Xk = [(Riop)e  (Viop)y| Zi (3.19)
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State estimation at time step k based on the past data is simplified to Eq. (3.21)) by

defining ,(P¢) as the past mapping matrix.

ep(P) = |(Riop)  (Viop)s (3.20)

X = ou(PY)Z; (3.21)

The past data-based state estimation approach which is presented in Eq. (3.12) can
be employed to obtain a collection of all estimated states at all time steps. This

collection is named as ®, and defined in Eq. (3.22))

Co = N0 (POZE 0p(PZ . wp(PR)ZY (3.22)
®; is also defined as the collection of estimated states at all time steps based on the
future data estimation method presented at Eq. (3.23).

Oy = ‘Pp(Pld+d)Z{l+d (Pp(péi-s-d)zg-i-d

. (3.23)

@P(pj(\if+d)zj‘\l/+d

Due to the propagation of input and output measurement uncertainties, there will be
uncertainties in the identified LPV state-space matrices at Eq. (3.1)). This issue may
cause a discrepancy between ®; and ®,. Maximizing correlation between future data-

based estimated states and past data-based estimated states can be accomplished
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by Canonical Correlation Analysis (CCA) method. CCA is a numerical approach
employed to find projection vectors v; and w; along which two variable collections V/
and W have a maximum correlation. CCA objective is represented by the constrained
optimization problem at Eq. where constraints are defined to minimize v; and
w; magnitudes.

maxr v, V! Ww; s.t. vaVTij = ijWTij =1 (3.24)

W J
Vj,W;

The CCA problem with respected past data based estimated states and future data

based estimated states can be provided by the following description:

TeT TeT o TeT _
mazr v, O, 0pw; st v, @pPpv; =w; O, Ppwy =1 (3.25)

Eq. (3.26) presents CCA optimization problem in a regularized version based on

LS-SVM formation.

maz J(vj,wj,s,1) =

Vj,Wj
N
1 1, 1 1
maz Y (skre = vpgsi = Uposh) — U U — 5w, (3.26)
vj,wj 1

s.t. S = vagof(P,f+d)Z;f+d TR = ij@p(Plg)Zg
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Solution for the regularized CCA formation can be obtained by Lagrangian formation

represented by Eq. (3.27).

L(vj,wj,s,1) =

j(vﬁwﬁsvr) -

I

15 (sk — UJTSOf(pingd)Zngd)— (3.27)

N
> wlsk— v or(P)Z})
k=1

where n; = [} ... n)]" and k; = [&] ... K}]T

i ;] are Lagrangian multipliers. The

global minimum is computed where derivatives with respect to Lagrangian function
variables are zero. Lagrange problem can be converted to the following generalized

eigenvalue problem.

Kypprj = Aj(op Ky f + 1)n; (3.28a)

Kpfn=Aj(vpKpf + 1)k;, (3.28b)

where K, = ®,®, and K;; = ®;®;. Lagrangian multipliers are the solution of the

generalized eigen value problem presented in Eq. (3.29).

o Kyl |n v Kyp+ 1 0 n;
py (3.29)

Ky 0 Kj 0 vl + 1| | Ky
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Finally, Lagrangian multipliers are used to compute the estimated states as

(Z8)Tk(PY. PY) (2. F(PLea L)
@y (22, F(Ph,a PL )
xi:/@' 2 2,1y — 2+4d 2+d> L k+d (3.30)
(ZTREG || (Zhes ) TR P P

Estimated states through the KCCA method can be used along with measured inputs
and outputs to obtain a state-space dynamic model of the RCCI engine. This research
utilizes least-squared SVM (LS-SVM) to determine matrices A(py), B(px), C(px), and
K(py) at Eq. . These state-space matrices are defined based on support vector

weighting matrices and feature maps using Eq. (3.31)):

A(pr) = Wi®1(pr); B(pr) = Wa®s(py,) (3.31a)

K(px) = W3®Ps3(pr); C(pr) = WaPa(pr) (3.31b)

where unknown support vector weighting matrices are shown by W 3 3 4 and unknown

feature maps are represented by ®1 234. A SVM based discrete-time state-space model

can be represented by Eq. (3.32]).

Xir1 = Wi @y (pr) Xy + WaDs(pr) Uy, + W55 (pr) Vs, (3.32a)

Yi = Wi®@y(pr) X (3.32b)
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State-space matrices can be obtained from feature maps and weighting matrices as

presented at Eq. (3.33)). [82]

A() = Wi, (+) Z etk (pr, ) (3.33a)
Be(+) = Wysy(+) Z ol K2 (pr, ) (3.33D)
Ke() = Ws®s(:) Zakyk (Pr ) (3.33¢)
Ce(+) = Wady(:) Z Bk (p, ) (3.33d)

where o and 3 are Lagrangian multipliers and & (pj, px) is Gaussian kernel function

presented at Eq. ([3.34]).

lp; — pell3
=),

2
207

E (pj, pr) = exp(— (3.34)

o; denotes the standard deviation and |[|.|| is representing the Iy norm. The defined
Gaussian function is used in this LPV modeling approach to perform kernel trick.
Computed A.(.), B.(.), K.(.), and C.(.) matrices at Eq. (3.33) can be included in Eq.

(3.2)) to represent the data driven state space dynamic model of the plant.
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3.3 KCCA-LPYV modeling of an RCCI Engine

The presented method from section 2 is used to develop a control-oriented combustion
model for an RCCI engine. Experimental data were obtained from a 2-liter 4-cylinder

RCCI engine. Inputs to the engine and measurable outputs from the engine are

defined in Eq. (3.35]) and (3.36)), respectively.

T
U= {PR SOI FQ} , (3.35)

T
Y = {CAE)O IMEP] : (3.36)

Input n-heptane SOI, PR, and FQ were varied and CA50, IMEP were computed from
acquired pressure traces. Scheduling variable was considered to be fuel quantity as it
is the primary parameter to affect engine load (IMEP) and affects the RCCI engine
dynamics. Fig. presents a sample of acquired experimental data at PR=10
and varied FQ and SOI values. The collected experimental data were split into
training data and test data sets. Training data set which includes 65% of the data
is used by KCCA-LPV approach to estimate unknown states. This leads finding
Lagrangian multipliers o and [ for the representation of the RCCI combustion
dynamics. Computed Lagrangian multipliers are used to estimate state space at

Eq. (3.33). The developed LPV representation is then used to estimate the plant
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output at the remaining 35% of the data which was reserved as the test data.
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Figure 3.1: Training data from the RCCI engine at T;, = 333 K, N = 1200
RPM, P;, =96.5 kPa, PR = 10.
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The KCCA-LPV modeling approach allows states to be independent of outputs and

consequently states numbers can be varied to obtain the best estimation accuracy

for the test data. Fig. presents the effect of estimated state size on estimation
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Figure 3.3: LPV representaion of ”A” matrix by KCCA identification,
representing RCCI dynamics in a state-space model.

accuracy for CA50 and IMEP. The KCCA-LPV model accuracy reaches the highest
accuracy when KCCA uses five unknown states at each time step. Therefore,
state numbers are selected to be five, and state-space representation of the RCCI
combustion is represented as Eq. . Fig. ﬁ shows dependency of identified
A matrix elements on fuel quantity as the scheduling variable. It can be observed
that these elements vary significantly with the scheduling variable variation as we

expect from a typical LPV system. Fig. verifies performance of the KCCA-LPV

model to estimate CA50 and IMEP with 2.4 CAD and 51.7 kPa estimation error,
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Figure 3.4: Performance of the identified input-output LPV model at T;,, =
333 K, N =1200 RPM, P;, = 96.5 kPa, PR = 14.

respectively. The developed LPV model is later used to control CA50 and IMEP on

a experimentally validated physics-based RCCI model. [&1].

3.4 Data-driven Model-based Predictive

Combustion Controller Design

This study utilizes the MPC strategy because of its capacity to handle states
and actuators’ constraints and to predict future plant outputs and consider them
during MPC optimization process. Here, a constrained MPC platform (Fig. [3.5)
is developed to follow the referenced CA50 and IMEP through five engine cycles

as the prediction horizon while computing optimum n-heptane SOI, injected fuel
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quantity, and PR as the control variables. The designed MPC controller uses the

KCCA-LPV RCCI combustion model to obtain system dynamics. The data-driven

Measured Outputs

{ Actuators’ Constrains
v r
ﬂ SOl . CA50
. ——» Physics
Data-Driven B(FQ) Model Based
KCCA-LPV > Ppredictive | PR RCCI
RCCI C(FQ) | Controller | Model  |/MEP
Model FQ
X Basina et al. (2020)
Scheduling t DesiredJ tDesired
Parameter IMEP CAS0

Figure 3.5: Schematic of the designed data-driven input-output identified
MIMO model predictive controller.

KCCA-LPV model adjusts the RCCI dynamics based on changing fuel quantity as
the scheduling parameter. It also receives measured plant outputs and computes
the unknown plant states. The computed state-space matrices and unknown states
are provided to the MPC controller to compute optimized control actions based on
desired outputs, measured outputs, and actuators’ constraints. The decided control
actions are then implemented on the validated physics-based RCCI model to test the

controller efficiency of the KCCA based constrained MIMO MPC controller.

The discrete time state-space dynamic model of an RCCI combustion which is
presented at Eq. (3.37)), can be used to iteratively compute plant output through

the prediction horizon. Eq. (3.38)) represents the predicted plant output through
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prediction horizon based on plant information at beginning of the horizon.

Yi = QX (k;) + ®U, (3.38)

Y, and Uy, are vectors denoting plant outputs and plant inputs at prediction horizon.

Yy, = [V (ki + 1]k;) Y (ki + 2|k;) Y (k; + 3|k;)
(3.39)

Y (ks + 4|k;) Y (ki + 5|k:)] T,

(3.40)
Uki+3) Uki+4)]",
Y (k; + N|k;) represents the forecasted plant output at step k; + N using plant

knowledge at step k;; U(k; + N) represents control action at step k; + N. Prediction

matrices {2 and ® are computed based on state-space A(FQ), B(FQ), and C(FQ)

matrices from Eq. (3.37)).

-CA- - CB 0 0 0 0 -
CA? CAB CB 0 0 0
Q= |cA3|:®2=|CA2B CAB CB 0 0 (3.41)
cAt CA’B (CA’B CAB CB 0
CA CA'B CA’B CA’B CAB OB

MPC optimization strategy considers to minimize prediction tracking error with

minimized control action efforts. This strategy is formulated by the cost function

85



presented at Eq. ([3.42]).

J=>"[(¥; - Y;) ' Q(¥; - Y;) + U RU], (3.42)

=1

where desired outputs through the prediction horizon are denoted by W. The
weighting matrices through the prediction horizon on tracking errors and magnitude
of control variables are shown by ) and R, respectively. The cost function from Eq.
(3.42)) is used to generate MPC cost function.

J = (U — Qa(k:))" (U — Qu(k;))
(3.43)

—2AUT® T (U — Qu(ky)) + AUT (T + R)AU,

Constraints on the rate and magnitude of control action can be represented by Eq.

(3.44).
MAU < v, (3.44)
where M, AU and ~ are defined as
AU (k;)
AU (k; + 1) AFQ
AU = |AU(k; +2)| ;AU = | ASOI (3.45)
AU (k; + 3) APR
AU (k; +4)
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Lagrangian optimization process is used to minimize MPC cost function at Eq. (3.43)
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while considering constraints on rate and magnitude of control action represented at

Eq. ([3.44). Lagrangian optimization can be represented as

1
ma:vmm[§AUTEAU + AUTF 4+ AN (MAU — 7)) (3.47)

A>0 AU

E and F matrices are defined as:
E=20"d+R) (3.48)

F=20"®+R)D" (¥ — Qu(k)) (3.49)

The optimal solution is derived to be
AU=—-E'F - E*M")\ (3.50)

where \* is the solution for the Lagrangian multiplier. This research utilizes Hildret

quadratic programming method to perform the following iterative method to compute

)\*
A = maz (0, w™ ) (3.51)
where w™*! is computed as
1 i—1 n
Wit = =k D LN D 1A (3:52)
v j=1 j=i+1
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where [;; is the ijth entry in the L matrix and &; is the ith element in the K matrix.

L and K matrices are defined as

L=ME*M" (3.53)

K=y+ME'F (3.54)

Fig. presents the MPC controller performance to track step changes at IMEP and
fixed desired CA50. The controller was able to track desired values with 1.4 CAD and
36.2 kPa errors respectively. A similar test was conducted for fixed desired IMEP and
step changes at desired CA50. Fig. shows tracking performance and computed
control actions. The controller followed the desired IMEP and CA50 with 1.2 CAD

and 17.1 kPa tracking errors, respectively.

3.5 CONCLUSIONS

This paper introduced the first Kernelized Canonical Correlation Analysis based LPV
state-space dynamic model for an RCCI engine combustion and the first constrained
MPC controller for RCCI combustion. The developed controller results showed that
the KCCA-LPV based constrained MPC controller followed the referenced CA50 and
IMEP with a less than 1.4 CAD and 37 kPa average tracking errors, respectively.

Future work includes implementation of the designed controller on the RCCI engine
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experimental platform.
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Chapter 4

Control-Oriented Data-Driven and
Physics-Based Modeling of
Maximum Pressure Rise Rate in
Reactivity Controlled Compression

Ignition Engines

4.1 Introduction

RCCI combustion is a relatively new form of LTC regime which is designed to operate

94
with a mixture of two fuels with different reactivity levels. These fuels are injected



at adjustable rates by two sets of injectors to adjust reactivity levels and control
the combustion process inside the combustion chamber. Port Fuel Injectors (PFI)
are used to deliver a low reactivity fuel to the airflow at the intake manifold while
a high reactivity fuel is directly injected inside the combustion chamber via Direct
Injectors (DI). RCCI combustion initiates at high reactive fuel-air mixture pockets
inside the combustion chamber and then advances to burn low reactive regions. High
reactive pockets formation depends on fuel concentration and local temperature and
in-cylinder pressure. Therefore, it is difficult to control RCCI combustion due to
difficulties to control reactive pockets formation. Consequently, it is challenging to
control combustion in RCCI engines to achieve its low emission and high thermal
efficiency benefits. Inadequately controlled RCCI engine may generate high Carbon
Monoxide (CO) and Unburned Hydrocarbon (UHC) emissions and runs with high

cyclic variability (COViygp) [4].

In this paper, the RCCI engine at EML lab was used to obtain necessary experimental
data for physics-based and data-driven MPRR model development. Fig.
presents a sample experimental data obtained by operating the RCCI engine with
a combination of input FQ, SOI, and PR. Pressure trace and encoder output were

recorded and used to compute MPRR for the RCCI engine.

This paper is organized as follows. The experimental RCCI engine setup is described

in Section II. Then, the first control-oriented MPRR model based on physics modeling
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Figure 4.1: Experimental data from RCCI engine at T3, = 333 K, N =
1200 RPM, P, = 96.5 kPa.

is described in Section III. Subsequently, the algorithm to develop a data-driven
KCCA-LPV model for MPRR estimation is illustrated in section IV and data-driven
estimation results are also presented. Finally, a summary of research results and

comparison between the two MPRR models is discussed at the summary section.
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4.2 Physics based MPRR Dynamic Model

Physics-based MPRR modeling is adapted as the first approach to developing a
control-oriented MPRR model. MPRR model requires the development of an in-
cylinder pressure rise rate model. Pressure rise rate can be computed through

implementing the first law of thermodynamics which is presented in Eq. (4.1]).

dP =1 (dQ dQ, vyP dV (41)
g Vv db db Vo de '
where % represents the rate of heat release, v is the adiabatic coefficient of

compression, P are the instantaneous pressure, V' is the instantaneous volume, and

C?—e’” is the heat transfer to the wall which is computed through the Woschni heat

transfer model.

Heat release from the fuel is linearly correlated with mass fraction burn (MFB)
of the fuel. MFB can be modeled using a double term or a single term Wiebe
function. Figld.2] presents a comparison between a single term and a double term
Wiebe function. Double term Wiebe functions estimate experimental MFB accurately
for the entire combustion process. However single term Wiebe functions accuracy is
limited to angles close to TDC. They also tend to overestimate MFB at the later

stages of combustion. Since MPRR happens very close to the TDC moment, either a
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single term or a double term Wiebe function can be used to represent experimental
MFB. The single term Wiebe function as shown in Eq. (4.2)) is preferred in this

research due to the simplicity of its calibration compared to a double term Wiebe

function.
100 . -
80 - .
< 60 l
m

S 40f |

Experimental
20 - / == === Double Wiebe | -

r 4 Single Wiebe

0 ® o & 1 1 1 1
0 10 20 30 40 50
CAD (aTDC)

Figure 4.2: Experimental Mass Fraction Estimation, FQ= 17 mg/cycle,
SOI=40 CAD bTDC.

The Wiebe function combined with the LHV of the fuels is used to derive the fuel

heat release rate form as shown in Eq. (4.3).

dQ m 9 - 0500 (m=1) 0 - Qsoc "
a ~ HVerroRg ( Y, ) “PIT\ Tane (4:3)
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where the instantaneous crank angle is provided by 6 and crank angle at SOC is
considered by 6,,. and « is the scaling factor which is considered based on extend

of burn duration (such as 10% or 90%). The effective lower heating value of fuels is

denoted by LHV,y; and is calculated by Eq. (4.4)).

LHV,;; = (1 — PR).LHVp; + PR.LHVpp; (4.4)

where LHVp; represents Lower Heating Value of the DI injected fuel, in this case,
n-heptane and LHVpp; is the Lower Heating Value of the PFI injected fuel, in this

case Iso-octane.

Accurate MPRR estimation requires calibration of the Eq. (4.2) as the Wiebe function
used for mass fraction burn estimation. Calibration parameters are m as the shape
factor and A# as the burn duration which are represented at Eq. (4.5) and Eq. (4.6)

respectively.

m=C] +Cy.(1+ K).SOI + Cy. K (4.5)
AG = C) 4 K(Co.¢pg; + Cs.0p: + C1.80I + Cs) + C4.SOI (4.6)

where K is defined based on Eq. (4.7)

K = exp[—(SOI — C6)“"] (4.7)
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The calibration process was conducted by transient experimental data acquisition at
from the RCCI engine. 500 consecutive cycles and 65% of these points, i.e. 325 data
points were used to parametrize the Wiebe function while the rest 35%, i.e. 175 data

points were used to test the calibrated Wiebe function.
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Figure 4.3: Estimation performance of the physics-based MPRR model at
N = 1000 RPM, T}, = 60° C, (a) PR=12, (b) PR=18, (c) PR=24

100



Calibrated MPRR model was used to estimated MPRR at the test data set. Fig.
[4.3] shows the experimental test data set and modeled MPRR for three experimental
data set. It can be observed that the MPRR model was able to predict experimental

MPRRs with 86.9.5 kPa/CAD as the mean error.

4.3 Data-Driven MPRR Dynamic Model

Development

This section presents the second approach to model MPRR at RCCI engines
using a data-driven modeling. Data-driven modeling approaches can provide a
reasonably accurate estimations without any knowledge of underling physics. This
will significantly accelerate the modeling process compared to physics based approach
since the development of high-fidelity physical equations requires tedious calibration.
Therefore, a data-driven approach based on Keneralized Canonical Correlation
Analysis (KCCA) is employed in this section. This approach is explained in details

at Section and presents a state-space dynamic model for an LPV system as shown

in Eq. (4.8).

Xit1 = Alpr) Xi + B(pr) Ui + K (pi) Ex, (4.8a)

Yi = C(pr) Xk + Ey, (4.8b)
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where, Uy, Y}, represent the inputs, the outputs, respectively. X} denotes unknown
states at discrete-time instant k. Matrices A(px), B(pr), K(px) and C(px) denote
LPV state-space matrices dependent on scheduling variables p. Ej notes additive

Gaussian white noise. Eq. (4.8)) can be updated by Ej, = Yy, — C'(pr) X} to form state

space model presented by Eq. (4.9).

X1 = A(pe) Xi + B(pr) Ui + K (pr) Ex, (4.9a)

Y = C(pr) Xk + Ey, (4.9b)

where Zl(pk) and E?(pk) are represented by B(px) — K(pr)D(pr) and A(py) —

~ ~

K (pr)C(pk), respectively. A(px), B(pr), K(pr) and C(pg) can be defined based on

support vector weighting matrices and feature maps:

A(pr) = Wi®1(pr); B(pr) = Wa®s(py,) (4.10a)

K(pi) = W3®s(pr); C'(pr) = WaDa(pr) (4.10Db)

where unknown support vector weighting matrices are shown by W 234 and unknown

feature maps are represented by @1 234. A SVM based discrete-time state-space model

can be represented by Eq. (4.11)).

Xipp1 = Wi (pe) Xi + WoDs(pi) Ui + W5 Ps(pr) Y, (4.11a)

Yi = Wa®y(pr) Xy (4.11b)
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State-space matrices can be obtained from feature maps and weighting matrices as

presented at Eq. (4.12). [82]

Ac(r) = W1 ()
Be() = Wads(-)
K.(-) = W3®P3(+)
Ce() = Wad4(")

E Ozk$

Z OzkuTk

Z Oékyk
Z ﬁkmk

pkz,

2
pk7

pkv

Pk,

(4.12a)

(4.12D)

(4.12¢)

(4.12d)

where o and 3 are Lagrangian multipliers and & (pj, px) is Gaussian kernel function

presented at Eq. (4.13]).

K (p;,pk) = exp

2
Dj — Dk
(_|| J ||2)’

202

1

(4.13)

o; denotes the standard deviation and |[|.|| is representing the Iy norm. The defined

Gaussian function is used in this LPV modeling approach to perform kernel trick.

Computed A.(.), B(.), K.(.), and C.(.) matrices at Eq. (4.12) can be included in Eq.

(4.1]) to represent the data driven state space dynamic model of the plant.

The explained data-driven algorithm was implemented to experimental data from

the RCCI engine. Input PR, FQ, and n-heptane SOI were varied and MPRR

was computed from acquired pressure traces. Fig.
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experimental data obtained from the RCCI engine. The collected experimental data
were divided into training and test data sets. The training data set which consists of
65% of data is used to train the KCCA-LPV model and the remaining 35% is reserved
as the test data. Since the number of unknown states is a parameter that can be
adjusted to obtain the best results, a study was conducted to learn the effect of the
number of states on the estimation accuracy. Fig. [f.4] presents the effect of unknown
state number on estimation accuracy. It can be observed that by an increasing number
of states, estimation error decreases and reaches an almost constant value. In this
research, the number of unknown states is selected to be six where high estimation
accuracy can be achieved while avoiding the high computational costs associated with

higher state numbers.
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Figure 4.4: Effect of unknown states number on KCCA MPRR model
prediction accuracy.

D
o

The state-space dynamic model of the MPRR is structured and presented at Eq.
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(4.14). Dependency of identified A, and B, matrices’ on the fuel quantity as the
scheduling parameter are presented at Fig. [4.5] Variation of elements proves that the

identified model is an LPV representation of the RCCI dynamics.

X, X,
X2 XQ B 7]
FQ
X3 - X3
= A(FQ) + B.(FQ) | sor (4.14a)
X, X,
PR
X5 X - B
X6 X6
L (k+1) L d (k)
T
[MPRR](11) = C(FQ) | X, X5 X5 X, X5 X : (4.14D)
(k+1)

The developed KCCA-LPV model is then used to estimate the experimental MPRR
values. Fig. presents estimation results for the KCCA-LPV model at three PR
values. It demonstrates that the developed KCCA-LPV model can estimate the
experimental MPPRs with an average estimation error equals to 45.4 kPa/CA which
is significantly lower than the physics-based estimation error. Fig. presents the
comparison between MPRR estimation of the two models at PR=14, PR=20, and
PR=12. The root mean square error of the physics-based model is 63.8 kPa/CA, 66.9

kPa/CA, and 87.1kPa/CA for PR=14, PR=20, and PR=28, respectively. On the
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LPV method on scheduling parameter



other hand, the data-driven model could estimate the experimental data at PR=14,
PR=20, and PR=28 with an average error of 27.9 kPa/CA 28.3 kPa/CA ,and 47.6
kPa/CA. It can be observed that the data-driven method can estimate the measured
MPRR values with better accuracy compared to the physics-based method while

requiring less development time.
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Figure 4.6: MPRR prediction performance of the identified KCCA-LPV
model at Tj, = 333 K, N = 1200 RPM, P;,, = 96.5 kPa and (a) PR=12, (b)
PR=18, (¢) PR=24.
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Figure 4.7: Estimation performance of the physics-based and data-driven
MPRR models at T}, = 333 K, N = 1200 RPM, P;,, = 96.5 kPa (a) PR=14,
RMSE Physics-Based=63.8 kPa/CA, RMSE Data-Driven=27.9 kPa/CA
(b) PR=20, RMSE Physics-Based=66.9 kPa/CA, RMSE Data-Driven=28.3
kPa/CA. (c) PR=28, RMSE Physics-Based=87.1 kPa/CA, RMSE Data-
Driven=47.6 kPa/CA.
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4.4 Summary and CONCLUSIONS

This research developed and validated two control-oriented MPRR models for an
RCCI engine at APS labs. The first MPRR model is developed based on a physics-
based method while the second model is obtained through a data-driven modeling
approach. Test results showed that the physics-based MPRR model can estimate
experimental MPRR with a mean estimation error equals to 87 kPa/CAD. The
second MPRR model was developed through a data-driven KCCA-LPYV identification
approach. In this method, unknown states are estimated by the KCCA method
and state-space representations of the RCCI combustion dynamics are computed
by the LPV method. The developed data-driven MPRR model could estimate the
experimental MPRR values with an average error equal to 47 kPa/CAD. This research
can be advanced by the implementation of the designed control framework on the

engine experimental setup.
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Chapter 5

Data-driven Identification of
Reactivity and Stratification
Dynamics at RCCI Engines Based
on Kernel Canonical Correlation

Analysis

5.1 Introduction

it is difficult to run RCCI engines at their optimal conditions due to dependency

111
of their combustion on reactivity formation. The reactive pockets formation at



these engines is determined by fuel, oxygen, and temperature stratification which
are difficult be measured and controlled experimentally. Computational Fluid
Dynamic (CFD) models coupled with chemical kinetics solvers can be used to
model those stratification and consequently reactivity formation. These CFD models
can provide in-depth understanding about combustion processes, however, they are
not appropriate for real-time control applications due to constraints on real-time
processing power and their computationally expensive nature. Data-driven methods
can be used to address this challenge by learning from the CFD-chemical kinetics
models’ results and providing computationally fast models. This study aims to model
stratification and reactivity in RCCI engines using a data-driven learning approach,
implemented on an experimentally validated CFD model. The developed model can
be used to control reactivity and run RCCI engines at their optimal operational

points.

This study has the following structure. The experimental setup is explained in Section
2, and the development and validation of the CFD model of the RCCI engine is
explained in Section 3. Section 4 discusses the reactivity metric development. Section
5 explains the stratification index quantification method. Section 6 provides the
overview of data driven method which is used to model reactivity and stratification

dynamics. Finally, Section 7 summarizes this study and presents the conclusions.
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5.2 CFD Model Development

A computational fluid dynamic model for the RCCI engine was created and verified in
this work. The RCCI engine’s surface geometry was 3D scanned and CATIA software
was utilized to develop the 3D geometry model from the scanner’s point clouds. Fig.
[b.1] illustrates the RCCI engine’s developed geometry. After being verified using
the engine’s compression ratio, the geometry was imported into CONVERGE CFD
software. Engine specifications, which are shown in Table[I.2] were used as the basis for
the CFD model’s creation at CONVERGE CFD software. The initial conditions were
established using intake manifold pressure gauge and thermocouples measurements.

The CFD model and its sub-models are described in the Table 5.1l

Table 5.1
CFD Model Specifications

Chemical Mechanism Chalmars,171 Species
Number of Regions 5

Number of Boundaries 17

Solver Type Successive Over Relaxion
Time Step Type Variable

Spray Model Kelvin-Helmholtz, Rayleigh-Taylor
Evaporation Model Frossling

Collision Model NoTime Counter

Fuel, Wall interaction Rebound, Slide
Combustion Model SAGE

Turbulence Model RNG k-¢

Wall Heat Transfer model O’rouke, Amesden

Base Grid Size 1 [mm]
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ln'fu(e Manifold Intake Valves = Exhaust Valves @ Exhaust Manifold

Figure 5.1: Open cycle CFD model geometry of the RCCI engine

Using experimental pressure trace data from the RCCI engine, the CFD model was
subsequently validated. The validation procedure was carried out for eight RCCI
operating points in steady state mode. Validated steady state points are shown in
the Table 5.2l Eight steady state points were chosen to cover the CFD model’s
validation plan. Fig. shows the sample validation outcome for matching in-
cylinder gas pressure trace of one of the the steady state points. The validation result
demonstrates that simulation pressure trace could capture the experimental pressure
trace with root mean square error (rmse) of 89.2 (kPa) which is reasonably close

estimation. The rmse values for the other validation points are presented in Table
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Point FQ (mg/cycle) SOI (CAD bTDC) PR (-)

1 39.2 59.0 30
2 25.7 59.0 30
3 27.3 55.0 10
4 39.6 55.0 10
5) 40.3 34.5 30
6 25.6 34.5 30
7 39.3 35.0 10
8 25.6 34.7 10
Table 5.2

Fuel Quantity (FQ), Start of Injection (SOI) and Premixed Ratio (PR) of
Steady State Validation Points

Table 5.3
Root Mean Square Error of Steady State Validation Points

Point RMSE (kPa)
89.2

67.7

102.3

75.6

77.3

81.6

98.3

82.6

O 3 O Ul i W N

Transient engine cycles were also used to evaluate the CFD model. The operational
conditions of these transient cycles are listed in Table 5.4l Results for transient
verification of five continuous engine cycles are displayed in Fig. which shows
that the transient experimental pressure traces can be properly predicted by the CFD
model with rmse of estimation equal to 96.3 (kPa). Later, this verified CFD model

is utilized to get the data from inside the combustion chamber that is not feasible
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to collect using experimental techniques. These data will be utilized to develop the

data-driven model and estimate the reactivity and stratification levels.

6000 T T l I . ,

- - - - Experimental 1
Simulation

(3]

o

o

o
T

4000

3000

2000

In-cylinder Pressure (kPa)
S
(=]
o

0 | 1 | 1 |
-150 -100 -50 0 50 100 150 200

Crank Angle Degree (aTDC)

Figure 5.2: Steady state open cycle CFD model validation, PR=30 |,
SOI=55 CAD bTDC, FQ=39.2 mg/cycle

Cycle FQ (mg/cycle) SOI (CAD bTDC) PR (-)

1 39.6 36 18

2 31.6 39.6 18

3 29.7 41.9 18

4 27.4 53.3 18

5} 25.7 59.0 18
Table 5.4

Transient Validation Test Points
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Figure 5.3: Transient open cycle CFD model validation for engine cycles
listed in Table

5.3 Reactivity Metric Development

In this paper, a reactivity model for iso-octane, n-heptane, and air mixtures under
engine-relevant circumstances is established. The relationship between reactivity
and ignition delay is inverse. In this work, reactivity is modeled as an inverse
function of observed ignition delay using this connection. To create a constant volume
homogeneous reactor for measuring ignition delay, CONVERGE CFD software is

used. This model is simulated for a cube with 1 mm-long edges. Table provides
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the reactor model’s details. The reactor charge is defined as a fuel-air mixture with
the desired starting condition, and the hydroxyl content is tracked.

Table 5.5
Reactor Model Specifications

Combustion Model SAGE
Turbulance Model RNG-¢
Chemical Mechanism Chalmers C7Hg
Boundary Condition Stationary

Heat Transfer Condition Adiabatic

The the start of combustion is marked by a rise observed in the concentration of
hydroxyl. Fig. depicts the hydroxyl concentration trace during a sample course
of the reactor simulation. After the simulation begins, the hydroxyl content stays at
zero until abruptly rising to 1.2 (ppm) at 11 (msec). The ignition delay is the length
of time from the beginning of the simulation until this point, when there is a sudden
increase caused by the ignition of combustion. Later, the produced hydroxyl interacts

with other intermediary spices and slowly diminishes.

Experimental shock tube ignition delay data obtained by Ciezki et. al. ([2]) were
used to validate the established reactor model in this study. The comparison
of experimental shock tube ignition delays and ignition delay prediction using
the CONVERGE reactor model is shown in Fig. It demonstrates that an
experimental ignition delay could be estimated using the reactor model with the root

mean square error of 0.891 msec in . The estimation error at the lower temperature
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Figure 5.4: Hydroxyl concentration trace during homogeneous reactor
simulation for initial pressure and temperature at Pju;;u=14 bar,
Tinitiat=700 K, respectively and initial mixture mass fraction concentrations
of yn,=0.73, y0,=0.22, ycyH,,=0.0.008, yc, m,,=0.0.028

part is 0.271 msec. The established ignition delay model will be accurate enough
to predict ignition delay for the RCCI combustion regime because the RCCI engine
has a low temperature combustion regime. It was required to run this model for
numerous combinations of input conditions because the goal of this research is
to generate a reactivity model for a broad range of engine-relevant chemical and
temperature variables. To automate the simulation procedure in this investigation,
the CONVERGE CFD reactor model was connected with MATLAB. For updating
the reactor’s initial conditions, beginning reactor simulation, and figuring out ignition
delay based on simulated hydroxyl trace, a MATLAB script code was created. Engine
conditions near to the TDC moment are considered to be relevant initial conditions.
25,000 examples using various temperatures, pressures, fuels, and air concentrations

were tested using the CONVERGE CFD model. Ignition delay measurements were
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Figure 5.5: Ignition delay (ID) validation at Pj,;iq=10 bar and three
different fuel-air equivalence ratios at (a) $=0.7, (b) ¢=1, (c) ¢=1.3, based
on experimental data reported by the study in [2]

taken as a function of iso-octane, n-heptane, oxygen concentrations, and mixture

temperature and pressure to create an ignition delay model.

The simulated ignition delay (ID) values from the reactor model are shown in Fig.
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5.6, They are based on the variation of reacting species concentrations. This
figure indicates that mixtures with lower oxygen and iso-octane concentrations or
greater n-heptane concentration will have reduced ignition delays, compared to other
conditions. Additionally, it shows that there is a nonlinear relationship between
ignition delay and the mass fraction of reacting species. To this end, the multi-linear
regression (MLR) method by Ryan et. al.’s [87] multiple linear regression method

is used to generate RCCI ignition delay equations. Using this method, the ignition

delay (ID) is represented by Eq. (5.1]).

1D = bo(y0,)" (yguer) " (P) /1) (5.1)
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Where yo,, and ¥y, indicate the mixture mass fraction of oxygen and fuel,
respectively. P and T denote mixture pressure and temperature, respectively. The
MLR approach was used to derive the equation coefficients as by, b1, bo, b3, and by
from the collected ignition delays from the reactor model results at Fig. [5.6] It was
discovered that it would be difficult to represent all engine-relevant conditions using
a single equation. As a result, two ignition delay equations based on the association
between temperature and n-heptane mass fraction values were established. Eq.

presents the resulting ignition delay correlations.

if yere > 1.4 x 107°T +0.035
ID = e % (yo,) 1%(0.062x yosmis + 0.937Xyoraie)
(P)—0.94€(11405/T)7 (5.2&)
if yorme < 1.4x107°T + 0.035
ID = " (yo,)"***7(0.062xycs s + 0.937xycrm1e) >

(P)*O'Goe(mg?/ﬂ (5.2b)

Fig. compares the ignition delay estimation of Eq. (5.2) to the ignition delay
results of the reactor model. It demonstrates that the ignition delays of the reactor
model can be predicted by MLR equations with a high estimation accuracy of 0.97 as

the coefficient of determination (R?). To avoid computationally expensive simulation

122



* '5*
Y oppyq6>-4-24102T+0.035

w
o

0 1 1 1 1 1 1
0 5 10 15 20 25 30 35

R?=0.99 (b)

Yc7H1e

<-4.2*107°*T+0.035

N
(3]
T

N
o
T

-
a
T

-
o
T

(3]
T

5 10 15 20 25
CONVERGE Reactor Model Ignition Delay (msec)

MLR Model Ignition Delay (msec) MLR Model Ignition Delay (msec)

Figure 5.7: Validation for multiple linear regression (MLR) ignition delay
two Equations at Pj,;t;0;=10 bar

of the reactor model, the fast MLR ignition delay equations were implemented using
thermal properties of the CFD model cells which determined the distribution of

ignition delays inside the combustion chamber.

In this study, a new metric denoted as the relative relativity index (RRI) is defined

based on the comparison between the ignition delay and the RCCI engine’s earliest
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Figure 5.8: Relative reactivity index distribution inside combustion
chamber at 2 CAD bTDC, PR=20 , SOI=40 bTDC, FQ=3.5 mg/cycle

injection timing, i.e. 55 CAD bTDC. This earliest injection timing can vary from

one combustion mode to another and can be used adjust the RRI correlation to each

operation. The RRI for the RCCI engine is given in Eq. (5.3).

55
RRI= 6x10-6x NxID (5-3)

Where the N is engine’s rotational speed, and the predicted ignition delay is shown
by ID which is obtained from Eq. . In this research, the combustion chamber’s
reactivity status is measured using the relative reactivity index. The RRI distribution
inside the RCCI CFD model is shown in Fig. 5.8 Reactivity is substantially higher
in the middle of the combustion chamber than in the nearby areas, which indicates

at what locations the combustion is about to occur.

Figures [5.9, [5.10, and [5.11] present effect of control actions on reactivity distribution

within the combustion chamber. Effect of fuel quantity on reactivity distribution is

shown in Fig. for three different fuel quantities. Increasing fuel quantity from 2
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(a) FQ=2 mg/cycle

(b) FQ=4 mg/cycle

(¢) FQ=6 mg/cycle

Figure 5.9: Relative Reactivity Index (RRI) distribution at PR=20,
SOI=55 CAD bTDC, and (a) FQ=2 mg/cycleC, (b) FQ=4 mg/cycle, (c)
FQ=6 mg/cycle
to 4 mg/cycle increases the overall reacivity inside the combustion chamber, however
increasing to 6 mg/cycle decreases the reactivity levels. This is indication that

reacivity depends on appropriate ratio between fuel and air. Lower fuel quantities will

leave mixture with more oxygen and consequently reduces reactivity levels. Higher
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fuel quantities replaces oxygen and the air-fuel mixture will not have adequate oxygen
to form a reactive mixture. Fig. demonstrates effects of varying SOI timing
for the DI injected fuel on reactivity distribution. This effect can be explained by
considering the location of direct injector which is positioned at the left side of the
combustion chamber and directed at piston and wall corner at the other side of the
combustion chamber. Fig shows reactivity distribution for a late injection
timing at 15 CAD bTDC. This shows high reactive mixture formation at left side
of the view and very low reactive regions at the far right regions. The injected fuel
had a limited time to penetrate and evaporate inside the combustion chamber and
consequently only the regions close to the injector received adequate fuel to form a
reactive mixture. Regions at far right are not reactive since the injected fuel could
not reach to them within the short available time. Fig [5.10(b)| presents reactivity
distribution for the SOI at 35 CAD bTDC. Advancing SOI timing to 35 CAD
bTDC provides the injected fuel with an extra 20 CAD to penetrate and evaporate
inside the combustion chamber. The effect of this extra time can be observed in
Fig though expanded reactive regions at the left side of the combustion,
formation of reactive rigions at the core of chamber and shrinkage of non-reactive
rigions at the far right side. Fig. demonstrates reacivity distribution for an
advanced injection timing at 55 CAD bTDC. Injecting DI fuel at a very advanced
timing provides ample time for the fuel to be evenly distributed inside the combustion

chamber and also alwyas for the fuel to reach far right rigions within the combustion
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(a) SOI=15 CAD bTDC

(b) SOI=35 CAD bTDC

(¢) SOI=55 CAD bTDC

Figure 5.10: Relative Reactivity Index (RRI) distribution at PR=20,
FQ=4 mg/cycle, and (a) SOI=15 CAD bTDC, (b) SOI=35 CAD bTDC,
(¢) SOI=55 CAD bTDC

chamber. This condition can be observed in Fig. where most rigions show
an averaged reacivity level. Moreover, a high reactive rigion at the far right side of
the combustion chamber is visible since advanced injection timing (i.e. SOI=55 CAD

bTDC) facilitated fuel delivery to far right regions.
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(a) PR=00

(b) PR=30

(c) PR=50

Figure 5.11: Relative Reactivity Index (RRI)distribution at SOI=45 CAD
bTDC, FQ=4 mg/cycle, and (a) PR=0, (b) PR=30, (c) PR=50

Fig. demonstrates the effect of adjusting premixed ratio on reactivity levels
within the combustion chamber. Increasing premixed ratio, reduces the injected high
reactive fuel quantity and increases the low reactive fuel quantity. It is expected

that overall reacivity of mixture to decrease due to the increase of premixed ratio.

Reactivity contour result at Fig. confirm this expectation. Fig. |5.11(a)[shows the

128



reactivity distribution inside the combustion chamber for PR=0 which includes very
high reactive regions. Fig. presents reactivity distribution results for PR=
30. It is clear that increasing PR to 30 resulted in significantly reduced high reactive
regions and caused an increase in moderately reactive regions and low reactive regions
sizes. This is because reduced injection of high reactive fuel resulted in reduced
chamber reactivity. This reactivity reduction trend is also visible at Fig.
where PR is increased to 50 and reactivity levels are significantly dropped due to

replacement of high reactive fuel with the low reactive fuel.

5.4 Stratifiction Metric Development

The second parameter examined in this study was fuel stratification. In the
combustion chamber, this parameter measures the fuel-air mixture gradients. The
least stratified engines are homogenous charge compression ignition (HCCI) engines,
which also operate with almost homogeneous fuel-air mixtures [88]. On the other
hand, mixing controller combustion engines operate with the largest stratifications
[88].The mixing level is quantified in this study by using a stratification index (SI)
based on the distribution of fuel mass fractions. In accordance with Eq. , the SI

for the combustion chamber is determined as the volumetric average of the fuel mass
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fraction differential between the cells and the homogenous mixture.

Sl = |(yfuel,z’ - yfuel,homogenou5)| (54)
Ntot V
; V;iot ( )

Where the cell’s volume and fuel mass fraction are v; and ygyei, respectively. The
total number of cells in the combustion chamber is n;,;, and the volume of the
combustion chamber is Vi. The symbol yruer homogenous Stands for the fuel mass

fraction for a virtual homogeneous cell and Eq.(5.6)) provides its definition.

_ MCyHyg T MCrHig 5.6
Y fuel,homogenous — ( . )
MCsHs T MO Hig T Mair

Where meg s, Menm,, and mg;, represent the total mass of iso-octane, n-heptane,
and air inside the combustion chamber. Fig. depicts the distribution of local
stratification throughout the combustion chamber at 180 CAD bTDC. This crank
angle is selected to represent a stratified mixture before the mixing process occurs
during the compression stage. It is obvious that the stratification values are higher
in the areas around the intersection of the piston and cylinder wall. In comparison to
homogenous conditions, these areas receive less fuel, resulting in stratified mixtures.
In contrast, the core of the combustion chamber has less stratification since there is

fuel available from injection and the mixture has become homogeneous.
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Figure 5.12: Local Stratification index distribution inside combustion
chamber at 180 CAD bTDC, PR=20, SOI=40 bTDC, FQ=3.5 mg/cycle

In this study, effect of adjusting fuel quantity, injection timing of high reactive fuel,
and premixed ratio on fuel stratification inside the combustion chamber is studied.
Fig. shows local stratification contours for three fuel quantity levels. Higher
fuel quantities require more time to form a homogeneous mixture with the air. This
is due to increased evaporation and mixing time of the injected fuel. Fig. [5.13(a)
shows the local stratification distribution for FQ=2 mg/cycle. Lower values of the
stratification index demonstrate a low stratified mixture. Fig. demonstrates
the stratification results for FQ=4 mg/cycle operation. It is clear that stratification
levels are higher compared to the FQ=2 mg/cycle which is expected based on higher

required mixing and evaporation time. The stratification level is even higher at
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(a) FQ =2 mg/cycle

(b) FQ =4 mg/cycle

(¢) FQ =6 mg/cycle

Figure 5.13: Stratification distribution at PR=20, SOI=55 CAD bTDC,
and (a) FQ=2 mg/cycle, (b) FQ=4 mg/cycle, (c¢) FQ=6 mg/cycle

FQ=6 mg/cycle which is shown at Fig. These results demonstrate that
increasing fuel quantity will result in higher stratified mixture inside the combustion
chamber. Another series of simulations were study was conducted to understand
effect of injection timing of high reactive fuel on stratification levels. Results for these
simulations are presented in Fig. [5.14] The results show advancing injection timing

provides more mixing time for the fuel and consequently leading to less stratified
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(a) SOI=15 (CAD bTDC)

(b) SOI=35 (CAD bTDC)

(¢) SOI=55 (CAD bTDC)

Figure 5.14: Stratification distribution at PR=20, FQ=4 mg/cycle, and
(a) SOI=15 CAD bTDC, (b) SOI=35 CAD bTDC, (c) SOI=55 CAD bTDC

mixture. Fig. [5.14(a)| shows local stratification index distribution for SOI=15 CAD
bTDC case. Higher values of SI are due to short available mixing time for the injected
fuel which results in accumulation of fuel at some regions and inadequate fuel in
another regions. These high and low fuel regions deviate from homogeneously mixed

mixture and demonstrated by high SI values in Fig. [5.14(a)l Advancing injection
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timing provides more mixing time for the fuel and combustion chamber mixture. This
yields to a homogeneously mixed condition. Fig. |5.14(b)| shows the SI distribution
for SOI=35 CAD bTDC condition which has lower stratification values compared
to SOI=15 CAD bTDC. A similar trend can be observed for the very advanced

SOI=55 CAD bTDC which is shown at Fig. |5.14(c)l Effect of premixed ratio on fuel

(a) PR =00

(b) PR =20

(¢c) PR =40

Figure 5.15: Stratification distribution at SOI=45 CAD bTDC, FQ=4
mg/cycle, and (a) PR=0, (b) PR=30, (c) PR=50
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stratification is also studied in this work and presented at Fig. [5.15] Increasing PR
increases the amount of premixed fuel and consequently leads to higher percentage
of fuel received long mixing time of premixed injection. Therefore, it is expected
that higher PR values result in lower SI values which represent close to homogeneous
mixtures. This trend can be confirm based on results shown in Fig. [5.15l Using
PR=0 at RCCI engine means not using the premixed injection and all fuel quantity
is injected via direct injection. This reduces available mixing time and causes a
substantial deviation from the homogeneous condition which is shown by high SI
values at Fig. . Increasing PR value decreases DI injected fuel and results in
better mixing of fuel air and consequently leads to lower SI values which are visible

at Fig. 7?7 and Fig. 7?7 for PR=20 and PR=40, respectively.

These results demonstrated the effects of fuel quantity, DI injection timing, and
premixed ratio on reactivity and stratification distributions and levels separately. In
this study combined effect of the control actions on reactivity and stratification are
also investigated. This was accomplished through running of the transient open cycle
CFD model of the RCCI engine though a test plan where FQ, SOI, and PR are varied.
Fig. demonstrates the variations of FQ, SOI, and PR as the inputs for the CFD
model for 300 transient engine cycles. The CFD results for chemical composition and
thermal distribution at 10 CAD bTDC were processed for each cycle and RRI and
SI values for the test plan are presented at Fig. [5.16] These results demonstrate an

inverse relation between RRI and SI parameters. Increased SI leads to lower RRI
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values and lower SI values correlate with higher RRI levels. Lower SI values are
associated with close to homogeneous mixture conditions. As the mixture reaches a
homogeneous condition, fuel is well distributed inside the combustion chamber. This
reduces the likelihood of too lean or too rich mixture formation which results in low
reactivity levels. Therefore, low stratified mixtures provide higher reactivity levels

and have more tendency for auto-ignition.
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Figure 5.16: Relative reactivity index (RRI) and stratrification index (SI)
variations for transient test plan at T;, = 333 K, N = 1200 RPM, F;, = 96.5

kPa
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Estimation of reactivity and stratification levels requires computationally expensive
CFD simulations and post-processing. In this study, a data-driven approach based
on Kernelized Canonical Correlation Analysis (KCCA) identification approach is

presented to estimate RRI and SI values associated with engine input parameters.

5.5 Data driven model of Reactivity and

Stratification

The data-driven state space modeling of reactivity and stratification is demonstrated
in this section. = Without prior physics understanding, data-driven modeling
techniques can generate stratification and reactivity estimates. Compared to physics-
based approaches, this can greatly speed up the modeling process. This is because
the development of high-fidelity physics-based models for complex systems requires
tedious calibration. As a result, this section adapts a data-driven strategy based on
KCCA to create a data-driven identification of reactivity and stratification dynamics
based on the KCCA method for the RCCI engine. Fig. represents the structure
of the data-driven KCCA identification strategy adopted in this study. This strategy
is conducted in four steps which are state estimation, dynamic identification, output
estimation, and model evaluation. Initially, the inputs and outputs of the plan are

divided into training and test sections. The training section is used to estimate
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the dynamic and the test section is used to evaluate the accuracy of the model. All
inputs and outputs are provided to the state estimation stage and estimated unknown
states are computed. Estimated unknown states are also divided into training and
test sections. The Linear parameter varying (LPV)strategy then used the training
estimated unknown states and train inputs and training outputs to identify the
dynamic plan model at the dynamic identification step. The identified state-space
dynamic model was provided the test inputs and test estimated states to predict test
outputs at the output estimation step. Finally predicted test outputs are compared

to actual test outputs to evaluate model accuracy at the last step.

The input-output based KCCA approach is explained here by forming state-space

dynamic equations. These equations can be presented as shown in Eq. (5.7)).

Xiy1 = A(pe) Xi + B(pe)Ur + K (pr) B, (5.7a)

Y, = O(pk)Xk + Ej, (57b)

Where the inputs and outputs, respectively, are denoted by the variables U, and Y,
and at discrete-time instant k, X} stands for unidentified states. A(px), B(px), K (pr),
and C'(py) matrices denote LPV state-space matrices that are governed by scheduling

variables, py; F) represents additive Gaussian white noise, respectively. Eq. (5.7 can
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be rewritten as Ej = Yy — C(pg) Xy to form the state-space model as follows:
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X1 = Alpr) Xi + B(pr)Ur + K (pi) Ex,

Y = C(pi) Xk + Ey,
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where A(pr) = B(pr) — K(pr)D(pr) and B(pr) = A(pr) — K (pr)C(px). These state-
space matrices are established using the feature maps and support vector weighting
matrices shown in Eq. (5.9)). As seen below, the feature maps and weighting matrices

can be used to create state-space matrices [82).

fle( ) = Z ik (pe, ), (5.9a)

Be(-) = Wa®s(:) Z&ku K (pk, ), (5.9b)
Ke(+) = W3®5(-) Zaky K (pr, ), (5.9¢)
Cel) = Wa®4(") Zﬁkxk (Prs ), (5.9d)

Where « and 3 are Lagrangian multipliers of the least square support vector machine
(LS-SVM) optimization problem, and k*(p;, px) is Gaussian kernel function defined

as

||pj—pk||§)

2
207

k' (pj,pr) = exp (- (5.10)

Where, o; denotes the standard deviation and |[|.||z is the Iy norm. Using on
this KCCA approach, a state space formation for the relative reacitvity index and
stratification index are determined as presented in Equations ((5.11)) and - Fuel
quantity is selected as the scheduling parameter since reacivity and stratification levels
is mainly determined by mixture equivalence ratio which is adjusted by injected fuel

quantity.
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= C(FQ) {X1X2X3X4X5} (5.12)
SI k+1
k+1

In order to determine how the fuel quantity (FQ), direct injection timing (SOI), and
premixed ratio (PR) affected the relative reactivity index and stratification index,
these variables were examined using the CFD model for the RCCI engine. A test
plan was established, and the transient CFD model was executed. The change of
FQ, SOI, and PR over the course of the simulation test plan for the 300 cycles is
shown in Fig. [5.16] The relative reactivity index and stratification for every cycle
were determined by sampling and post-processing CFD outcomes at 10 CAD bTDC
at each cycle. This crank angle is selected to provide enough mixing period for the
DI fuel and avoid combustion initiation which can release energy and effect reacivity
levels. The data-driven model was developed and evaluated utilizing this set of data.
The training process of the data-driven model’s estimation for the RRI and SI was
done using 75% of the data, while the rest 25% was employed to evaluate the model’s

performance. The accuracy of the data-driven model for predicting RRI and SI is
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shown in Fig. [5.18] RRI and SI were predicted using the data-driven model with root
mean square errors of 5.5 and 0.003, respectively. This demonstrates the capability
of the data-driven models to predict stratification and reactivity levels for a variety

of input conditions without the need to run computationally intensive CFD models.
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Figure 5.18: Data-driven estimation of RCCI fuel reactivity and
stratification at T3, = 333 K, P;, = 96.5 kPa

The estimated reactivity and fuel stratification levels can be used as combustion states
to develop a state space dynamic model for RCCI combustion which can be used to
estimate desired RCCI engine output parameters such as combustion timing and
maximum pressure rise rate (MPRR). Fig. presents the variation start of RRI,
SI, start of combustion (SOC), crank angle of 50% fuel burnt (CA50), burn duration

(BD), and MPRR for the engine inputs previously shown at Fig. [5.16, These results
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Figure 5.19: Variation of start of combustion, CA50, burn duration, and
MPRR based on reactivity and stratification variations for test conditions
in Fig. [5.16 and T}, = 333 K, N = 1200 RPM, P;;, = 96.5 kPa

demonstrate that SOC, CA50, BD, and MPRR variation correlates with RRI and

SI variations. These correlations can be identified through scatter plots presented in

Fig. [5.20/ and Fig. [5.21]

Variations of SOC, burn duration, CA50, and MPRR based on relative reactivity
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index variation are shown in Fig. SOC shows an inverse relation with the RRI.
Increasing RRI means a higher percentage of fuel forms a reactive mixture with the
air. This increases the chance of the existence of very high reactive pockets which

will cause imminent combustion. Therefore, mixtures with higher RRI have earlier

SOC timings.

On the other hand, mixtures with higher RRI values have shorter burn durations.
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This happens due to high chance of forming auto-ignition pockets at higher RRI values
which initiate combustion at multiple locations within the combustion chamber and
reduces flame propagation distances. The inverse correlations of SOC and BD with
RRI cause the CA50 advance as RRI increases. As the combustion starts earlier
and completes within a shorter duration, the CA50 timing also reduces at mixtures
with higher RRI values. Fig. [5.20(d) presents a direct correlation between MPRR

and RRI. Higher values for RRI represent a higher percentage of fuel within the
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combustion chamber that is reactive and ready to combust. This results in a higher
chance for the release of a significant portion of injected fuel energy simultaneously

which causes higher pressure rise rate values and consequently higher MPRR values.

Variation trends between SOC, BD, CA50, and MPRR with SI are presented by
scatter plots in Fig. [5.21] Based on the results in Fig. (a), SOC does not have
a meaningful correlation with SI. However, BD shows a direct relation with the SI.
This can be explained as reduced SI values are associated with relatively homogeneous
mixtures. In these mixtures, combustion starts at multiple auto-ignited points which
reduces regions that require flame prorogation to be ignited. This simultaneous start
of combustion at multiple points causes the fuel-air mixture to convert faster to
combustion products and consequently reduces the burn duration. Fig. [5.21)c)
shows the trend between CA50 and SI for the test plan data. Increased SI values
cause the CA50 timing to be retarded. This happens due to longer BD which delays
completion of combustion and consequently increases the CA50 timing. Fig. |5.21[d)
demonstrates the relation between MPRR and SI. It can be understood that MPRR
has a moderate inverse relation with SI. Decreased SI values are observed at highly
homogenous mixtures which have a higher chance of multiple simultaneous auto-
ignition formation and consequently having multiple combustion centers which cause

rapid heat release rate and consequently higher MPRR values.

Trends between SOC, BD, CA50, and MPRR with RRI and SI which are obtained
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from Fig. and Fig. can be connected to the effect of FQ, SOI and PR on
RRI and SI which were obtained from Figures to to form a control strategy
to adjust FQ, SOI and PR as the control actions to control RCCI combustion metrics

(e.g. CA50 or MPRR) at the desired values.

5.6 Summary and conclusion

computational fluid dynamic (CFD) models can provide usefull information for the
engine combustion control but this information is rately used for engine control
since CFD models are computaionally expensive for use in real-time cycle-by-cycle
engine control. This paper studied the use of CFD models for a 2-liter reactivity
controlled compression ignition (RCCI) engine to drive key combustion and air-
fuel mixture preparation parameters, including relative reactivity index (RRI) and
mixture stratification index (SI) for engine combustion control. The resualts from
this paper led creating a control-oriented data driven RCCI model that links engine
control inputs (e.g. fuel quantity, premixed fuel ratio, and fuel injection timing) for
the estimation of RCCI and SI for engine combustion control. Here are the steps

followed in this work:

First, an open-cycle CFD model for the RCCI engine was created, and it was

verified using steady-state and transient experimental data. A reactivity model was
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then created across a variety of engine-relevant circumstances and verified using
experimental shock tube data. The stratification of fuel inside the combustion
chamber was then evaluated using a stratification metric that was established.
The impact of engine inputs on stratification and reactivity levels during transient
operation was determined using these models. With the help of this data set, a state
space data-driven model (DDM) based on the Kernel Canonical Correlation Analysis

(KCCA) technique was trained. Here are the major findings from this study:

O The resulting DDM can predict RRI and SI with root mean square errors of
5.5 and 0.003, respectively. The DDM is computationally efficiency and can
predict RRI and SI for each engine cycle in less than 2 msec on a core i5@3.3

GHz computer.

® Mixture reactivity levels and stratification levels show an inverse relation.
Higher reactivity indexes were observed at lower stratified mixtures and vice

versa.

® Fuel-air mixtures with high SI have advanced combustion phasing (CA50) and
high maximum pressure rise rate (MPRR) values. Therefore limiting MPRR
or retarding CA50 can be achieved by targeting engine inputs which associates

with lower SI values.

® High reactive mixtures with higher RRI values show advance combustion

timings, lower burn duration, and higher MPRR. This can be used to set the
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control strategy for combustion timing and MPRR.

® Dual fuel ignition delay has two distinctive data clusters defined. The first
cluster was observed at lower temperatures and higher high reactive fuel content
and the second cluster was observed at higher temperatures and lower high

reactive fuel concentration.

Utilizing the developed reactivity and stratification control models from this work,
the future work may include the design of RCCI combustion control on a real engine
setup. In addition, the same methodology from this work for using CFD models for

engine combustion can be studied for other types of internal combustion engines.
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Chapter 6

Summary and Conclusion

Low-temperature combustion strategies are proposed as a potential combustion
strategy to meet the strict emission regulations on internal combustion engines.
These strategies run the combustion at lower temperatures compared to conventional
combustion processes and generate lower toxic emissions such as nitrogen oxides.
Reactivity controlled compression ignition engines are one of these LTC strategies
developed to operate with a blend of two fuels with different reactivity levels. The
combustion process at RCCI engines is very difficult to model based on governing fluid
dynamics and kinetics models. This leads to significant challenges in controlling RCCI
combustion and running these engines at their optimal conditions. This research is
performed to address these challenges and propose a fast and reliable approach for

modeling highly nonlinear RCCI combustion and control.
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6.1 Summary of research

This study was conducted in several areas which were joined to achieve research
objectives. It was initialized by developing an open-cycle computational fluid dynamic
model for an RCCI engine. The piston was 3D scanned and combustion chamber
geometry was created for the CFD model. The model was further developed by
adding dual fuel injector models, valve lift profiles, chemical reaction mechanisms,
and fluid dynamic models. The CFD model was later validated against eight steady-
state operational points and five transient cycles data obtained from the actual RCCI
engine. This model was used to obtain thermal and chemical distribution inside
the combustion chamber which are required for studying reactivity formation and
stratification inside the combustion chamber. This section of research was continued
by the development of a dual fuel reactivity model at engine-relevant conditions. Fuel
air mixture reactivity was defined as an inverse function of mixture ignition delay.
This function is tuned based on the reactivity and ignition delays of two primary
reference fuels. Moreover, the ignition delay is considered a nonlinear function of
temperature, pressure, and mixture composition. A validated homogenous closed
reactor model was developed at CONVERGE CFD and was used to obtain ignition
delay data. The reactor model was coupled with MATLAB and ran for 20,000 cases
with temperature, pressure, and fuel-air composition found inside the combustion

chamber close TDC timing and ignition delay values were obtained for these cases.
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A multiple linear regression method was implemented on ignition delay data and
the nonlinear ignition delay function was obtained. This function was coupled with
the reactivity function and the mixture reactivity model was obtained based on
thermal and chemical properties of the mixture. This reactivity model was then
implemented on CFD model results to obtain reactivity values and distribution
inside the combustion chamber. Fuel stratification is the other parameter studied
in this section. Homogenously mixed dual fuel-air mixture was considered as the zero
stratified mixture. Local dual fuel mass fraction difference with homogenous dual fuel
mass fraction was defined as the local stratification value. The stratification level for
the entire combustion chamber was defined as the average of the local stratification
values. This section of research studied the effect of engine operational inputs
such as fuel quantity, premixed ratio, and direct injection timing on reactivity and
stratification levels inside the combustion chamber. A transient operational test plan
was developed and the CFD model was run for 300 consecutive cycles. Temperature,
pressure, and chemical composition distribution inside the combustion chamber were
obtained for every cycle and were used to compute the reactivity and stratification
levels inside the combustion chamber. Two data-driven methods based on a linear
parameter varying approach were implemented to build two data-driven models
between engine inputs and reactivity and stratification levels. The findings showed
that the proposed data-driven method has good predictive performance at estimating

reactivity and stratification levels. The predicted reactivity and stratification can be
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used to predict engine outputs such as combustion timing and maximum pressure
rise rate. The study found that high stratification values cause higher MPRR and
advanced CA50 timing. Moreover, High reactive values correlate with lower burn

duration, advanced combustion timings, and higher MPRR values.

In another section of this research, a control-oriented model based on linear parameter
varying identification of RCCI combustion dynamics was developed and a predictive
controller was created based on the identified model. This section was conducted to
propose a fast and reliable method to control RCCI combustion. This process was
initialized by obtaining experimental data from the RCCI engine. A test plan was
developed for varying engine inputs and the RCCI engine was operated in transient
operation and combustion timing data was recorded. Experimental measurements of
the RCCI engine inputs (i.e., SOI, PR, FQ) and the desired output (i.e., CA50) were
used to develop the data-driven state space model. This model used FQ (engine load)
as the scheduling variable and determined CAB0 as a function of three control inputs.
The developed data-driven model was employed to estimate CA50 by using measured
engine inputs from another experimental data set and validated based on comparing
estimated CAB0 results with measured CA50 values. Validation results showed that
the estimated state space LPV model could predict combustion phasing (CA50) with
an average error less than 1 CAD. The generated control-oriented model was then
incorporated into an MPC framework to control CA50 by modifying the start of

injection (SOI) of n-heptane as the DI fuel. Experimental results for the controller
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demonstrated that the LPV-based MPC controller was able to track the desired CA50
with a maximum of 0.8 CAD average error for varying engine conditions. These
experimental results demonstrated that data-driven MPC combustion controllers can
provide similar results compared to physics-based MPC combustion controllers while

requiring less development time.

The LPV identification method which was used to develop a data-driven model for
reactivity, stratification, and combustion timing requires plant states to be measurable
and known plant outputs. This research also proposed the Kernelized Canonical
Correlation Analysis approach for RCCI state-space dynamic identification which
can develop a state-space model with unknown states. Experimental measurements
were obtained from a 2-liter 4-cylinder RCCI engine by changing the start of injection
timing for n-heptane, premixed ratio, and fuel quantity as the control inputs to the
engine and measuring CA50 and IMEP as the outputs from the engine. These data
are then used to estimate unknown states and create a data-driven LPV model
to determine CA50 and IMEP as a function of three control inputs. The LPV
model was later connected into a constrained MPC framework to track reference
CAb50 and IMEP. The developed controller results showed that the KCCA-LPV-based
constrained MPC controller followed the referenced CA50 and IMEP with less than
1.4 CAD and 37 kPa average tracking errors, respectively. Future work includes the

implementation of the designed controller on the RCCI engine experimental platform.
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One of the other achievements of this research is the development and validation
of two control-oriented MPRR models for an RCCI engine at APS labs. The first
MPRR model is developed based on a physics-based method while the second model is
obtained through a data-driven modeling approach. The physics-based MPRR model
simulated the in-cylinder pressure rise rate through the first law implementation and
calibrated the model by calibrating a Wiebe function which represents the fuel heat
release rate. Test results showed that the physics-based MPRR model can estimate
experimental MPRR with a mean estimation error equal to 87 kPa/CAD. The
second MPRR model was developed through a data-driven KCCA-LPV identification
approach. In this method, unknown states are estimated by the KCCA method
and state-space representations of the RCCI combustion dynamics are computed
by the LPV method. The developed data-driven MPRR model could estimate the
experimental MPRR values with an average error equal to 47 kPa/CAD. This study
demonstrated that stochastic MPRR phenomena at RCCI engines can be modeled
through physics-based modeling and machine-learning approaches. Modeling efforts
and estimation accuracies showed that the machine learning algorithm can develop a
data-driven MPRR model with less modeling effort and can provide higher estimation
accuracies compared to physics-based modeling. This superior performance of the
data-driven model is due to the implementation of highly non-linear support vector

functions to learn the stochastic behavior of the MPRR at RCCI engines.

Main findings from this study is summarized below:
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B Data-driven modeling and predictive control of combustion phasing for RCCI

engines

* The experimental results of the data-driven model predictive controller
demonstrated that a data-driven MPC combustion controller can provide
similar results compared to a physics-based MPC combustion controller

while requiring less development

B Input-output Data-driven Modeling and MIMO Predictive Control of an RCCI

Engine Combustion.

* State-space dynamic identification of plants depends on state selections
which is challenging in complex systems. In this situation, using the
unknown state identification approach based on the KCCA algorithm
provides better estimation results compared to using plant outputs as the

states.

B Control-Oriented Data-Driven and Physics-Based Modeling of Maximum

Pressure Rise Rate in Reactivity Controlled Compression Ignition Engines.

* Stochastic MPRR phenomena at RCCI engines can be modeled through
physics-based modeling and machine learning approaches. Modeling efforts
and estimation accuracies showed that the machine learning algorithm

can develop a data-driven MPRR model with less modeling effort and
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can provide higher estimation accuracies compared to physics-based
modeling. This superior performance of the data-driven model is due to
the implementation of highly non-linear support vector functions to learn

the stochastic behavior of the MPRR at RCCI engines.

B Data-driven Identification of Reactivity and Stratification Dynamics at RCCI

Engines Based on Kernel Canonical Correlation Analysis

* Dual-fuel reactivity is a nonlinear function of thermal properties and
mixture composition. A higher reactive mixture is a result of the optimum

ratio between high reactive fuel, low reactive fuel, and oxygen content.
* High-stratified mixtures have advanced CA50 and higher MPRR values.

* High reactive mixtures show advance combustion timings, lower burn

duration, and higher MPRR values.

6.2 Proposals for future works

This research proposed and implemented data-driven methodology to control RCCI
combustion. This approach proved to develop a fast control-oriented model with short

development time. This study can be further continued at the following areas

1 Development of online data-driven combustion controller by automating the
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identification and controller implementation.

1 Development of multi-dimensional data-driven models for higher identification

accuracy

T Development of predictive reacivity and stratification controller using the

developed reactivity and stratification dynamics model.
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Appendix B

PhD Research Data Repository

Appendix B represents list of model files and data developed in this study. This data
is divided into models and visualization sections. The models section presents lists
of MATLAB and CONVERGE models developed in this research. The visualization
section provides MATLAB figures and Visio plots used in this dissertation. These

sections are divided into chapter 2, chapter 3, chapter 4, and chapter 5 subsections.

B.1 Models

Lists of model files developed in each chapter of this research are described in the

following subsections.
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B.1.1

Chapter 2

File Name

Description

allengine68.sdf

compiled Simulink model

Allengine68.slz

RCCI Engine Operational and control model

Angle_Check.m

TDC calibration model

CA50.m CAb50 computation model
FOC.m start of combustion estimation
HRR.m Heat Release Rate Calculation

LPV _sim_final.slx

Linear Parameter Varying Model

Pegging.m

Pegging model

Table B.1

dSPACE LPV based MPC Controller. Location: PhD
Data\ Models\ Chapter 2\dSPACE LPYV based MPC Controller)
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File Name Description
bfr.m best fit ratio calculation
devec.m Lagrangian multiplier matrix development
LPV _Identi fcation.m Linear parameter varying main model
lssumss_eval.m LPV estimation evaluation
[ssvmss_train.m LPV training model
Test.mat test data
vec.m vectorization matrix
Table B.2

Linear Parameter Varying Identification. Location: PhD
Data\ Models\ Chapter 2\LPV Identification)
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B.1.2 Chapter 3

File Name

Description

autotuner.m

inter-detailed algorithm

bfr.m

best fit ratio calculator

devec.m

Lagrangian multiplier matrix development

Dynamic_Seclection.m

state space matrices elements sorting

fmincost.m

function minimization using the downhill simplex algorithm

kcca_statest.m

unknown states estimation model

kernel.m

kernel functions description

lssvmss_eval.m

LPV estimation accuracy evaluation

lssvmss_train.m

LPV training model

main_engine.m

LPV estimation model

USpatayisualization.m

unknown states estimation visualization

vec.m

vectorization matrix

Table B.3

Unknown States LPV identification. Location: PhD Data\ Models\ Chapter
3\ Unknown States LPV identification)
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File Name

Description

Constrained_M PC.m

constrained model predictive controller

Controller_Per formance_Plot.m

controller performance visualization

Kalman_Gain_calculator.m

Kalman gain estimation algorithm

RCCI _dyn.m

validated RCCI engine model

RCCI_dyn_MPRR.m

RCCI engine model with MPRR

US_LPV_MPC _Con.slx

US LPV MPC controller

US_LPV_MPC_Con_CA50.slz

US LPV MPC controller for CA50

US_LPV_MPC_Con_-CAS0_IMEP.slx

US LPV MPC controller for CA50 and IMEP

US_LPV_MPC Con_IMEP.slx

US LPV MPC controller for IMEP

US_LPV_MPC_CAS0_IMEP_C.slx

constrained MIMO US LPV MPC controller

Table B.4
Unknown States (US) LPV MPC Controller. Location: PhD
Data\ Models\ Chapter 3\ Unknown States (US) LPV MPC Controller
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B.1.3 Chapter 5

File Name Description
bfr.m best fit ratio calculation
devec.m Lagrangian multiplier matrix development
kernel.m kernel functions description
LPV_MPRR_1_Output.m MPRR LPV estimation with 1 output
LPV _MPRR_3_Outputs.m MPRR LPV estimation with 3 output

LPV _MPRR_reduced_States.m Reduced states MPRR LPV estimation

lssumss_eval.m LPV estimation accuracy evaluation
lssvmss_train.m LPV training model
Matrix_Plots.m LPV state elements plot
vec.m vectorization matrix
Table B.5

Known State MPRR Modeling. Location: PhD Data\ Models\ Chapter
4\Data Driven MPRR Models\ Known State MPRR Modeling
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File Name

Description

autotuner.m

inter-detailed algorithm

bfr.m

best fit ratio calculator

devec.m

Lagrangian multiplier matrix development

Dynamic_Seclection

state space matrices elements sorting

fmincost.m

downhill simplex function minimization

KCCA_MPRR_1_Output.m

Unknown States MPRR estimation, 1 output

KCCA_MPRR_3_Outputs.m

Unknown States MPRR estimation, 3 outputs

KCCA_MPRR_3_Outputs_State_Var.m

Effect of unknown states number

kernel.m

kernel functions description

lssuvmss_eval.m

LPV estimation accuracy evaluation

lssvmss_train.m

LPV training model

US_Data_Visualization.m

unknown states estimation visualization

vec.m

vectorization matrix

Table B.6
Unknown State MPRR Modeling. Location: PhD Data\Models\ Chapter
4\Data Driven MPRR Models\ Unknown State MPRR Modeling
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File Name Description

HR_analysis.mlx Heat Release calculation
M PRR_modeling.mlx MPRR model calibration
MPRR Transient.m Transient MPRR
Physics_Based_M PRR.m Physics based MPRR model

RCCI_1000RP M _combined.mat Experimental RCCI data for MPRR

RCCI newdata_EX P_40.mat | Experimental RCCI data for MPRR (II)

Statistical _Analysis.mlx Wiebe function calibration model

Table B.7
Physics based MPRR Model. Location: PhD Data\ Models\ Chapter
4\ Physics based MPRR Model
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B.1.4 Chapter 5

File Name Description
amr.in adaptive mesh refinement
boundary.in Surface boundaries definition
combust.in combustion model details
engine.in engine geometry definition
gas.dat Gas phase thermodynamic properties definition
mnitialize.an Simulation initialization settings
mputs.in general model inputs

liquid.dat Gas phase thermodynamic properties definition

mech.dat chemical mechanism definitions
post.in post simulation data saving settings
rate.in fuel injection rate profile
solver.in computational solver settings
spray.in fuel spray model settings
sur face.dat model geometry surface
turbulence.in turbulence model settings
Table B.8

Closed Cycle RCCI CFD Model. Location: PhD Data\ Models\ Chapter
5\ Computational Fluid Dynamic Models\ Closed Cycle RCCI CFD Model
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File Name

Description

amr.in

adaptive mesh refinement

boundary.in

Surface boundaries definition

combust.in combustion model details
engine.in engine geometry definition
gas.dat gas phase thermodynamic properties definition

initialize.an

Simulation initialization settings

mputs.an

general model inputs

intake_lift.in

intake lift profiles

liquid.dat liquid phase thermodynamic properties definition
mech.dat chemical mechanism definitions
post.in post simulation data saving settings
rate.in fuel injection rate profile
solver.in computational solver settings
spray.in fuel spray model settings

sur face.dat

model geometry surface

turbulence.in

turbulence model settings

Table B.9

Open Cycle RCCI CFD Model. Location: PhD Data\ Models\ Chapter
5\ Computational Fluid Dynamic Models\ Open Cycle RCCI CFD Model
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File Name

Description

boundary.in

Surface boundaries definition

combust.in combustion model details
CONVERGE13.m MATLAB model for running CONVERGE
gas.dat gas phase thermodynamic properties definition

nitialize.an

Simulation initialization settings

mputs.in general model inputs
liquid.dat liquid phase thermodynamic properties definition
mech.dat chemical mechanism definitions

post.in post simulation data saving settings

sur face.dat

model geometry surface

turbulence.in

turbulence model settings

Table B.10
Ignition delay data generator. Location: PhD Data\Models\ Chapter
5\ Dual Fuel Reactivity Model \ Ignition delay data generator
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File Name Description

Data_all_new.mat [gnition delay data

linear_regression.m | multiple linear regression model

Table B.11
Ignition Delay Regression Model. Location: PhD Data\ Models\ Chapter
5\ Dual Fuel Reactivity Model \ Ignition Delay Regression Model

B.2 Visualizations

This section presents a list of MATLAB figures and Visio documents developed in

this research. It is divided into four subsections based on main dissertation chapters.
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B.2.1 Chapter 2

File Name

Description

ControllerSetup.jpg

LPV based MPC controller setup

ControllerSetup.vsdx

Visio file of the LPV based MPC controller setup

FQuarition.jpg control performance with variable FQ
LPVValidationP R20.jpg LPV-SS model validation for PR=20
LPVValidation P R40.jpg LPV-SS model validation for PR=40

LTCFEngineSetup.jpg RCCI Engine Setup
LTCFEngineSetup.vsdx Visio file RCCI Engine Setup
P Rvarition.jpg control performance with variable PR
Setupymage.jpg experimental RCCI setup

Setuprmage.vsdx

Visio file for the experimental RCCI setup

Table B.12

Chapter 2 visualization files list. Location: PhD
Data\ Visualizations\ Chapter 2
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B.2.2 Chapter 3

File Name Description
A _matrix_paper.jpg LPV representaion of ”A” matrix by KCCA
CA50_Con.jpg controller Performance with constant CA50

CAS0IMEP_Var.jpg | control performance with variable CA50 and IMEP

IMEP con.jpg control performance with constant IMEP
Controller_Setup.jpg KCCA based MPC controller setup
Controller_Setup.vsdz Visio for KCCA based MPC controller

PR 10.5pg Experimental training and test data
PR26 USLPV.jpg unknown states LPV validation
State_Variation.jpg Effect of number of states on estimation
Table B.13

Chapter 3 visualization files list. Location: PhD
Data\ Visualizations\ Chapter 3
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B.2.3 Chapter 4

File Name

Description

AB_matriz_ KCCA

Variation of A and B matrices elements

KCCA.jpg

KCCA MPRR estimation performance

LPV.jpg

LPV MPRR estimation performance

physics_based.jpg

Physics based MPRR estimation performance

PR 14_20_28_compare.jpg

MPRR estimation comparison

States_ef fect.jpg

Effect of number of states on

Three_PRs.jpg

Experimental training and test data

Wiebe_compare.jpg

Single and double Wiebe function estimations

Table B.14

Chapter 4 visualization files list. Location: PhD
Data\ Visualizations\ Chapter 4
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B.2.4 Chapter 5

File Name

Description

Three_PRs.jpg

CFD test plan

CFD_Validation.jpg

Transient open cycle CFD model validation

CFD_Validation_Steady.jpg

Steady state open cycle CFD model validation

Geometry.png

Open cycle CFD model geometry

Ignition_Delay_V alidation.jpg

Ignition delay validation

Ignitiondelay_Reactants.jpg

Simulated Reactor model Ignition Delay

MLR_Ignition_Delay.jpg

Validation for multiple linear regression

OH _concentration.jpg

Hydroxyl concentration during reactor simulation

RRI_FQ2mg.png

RRI distribution at FQ=2mg/cycle

RRI_FQ 4mg.png

RRI distribution at FQ=4mg/cycle

RRI_FQ _6mg.png

RRI distribution at FQ=6 mg/cycle

RRI_PR_00.png

RRI distribution at PR=0 %

RRI_PR_30.png

RRI distribution at PR=30 %

RRI_PR50.png

RRI distribution at PR=50 %

RRI Scatter.jpg

Scatter plot of relative reactivity levels

RRI_SOI15bTDC.jpg

RRI distribution at SOI=15 bTDC

RRI_SOI_35bTDC'.jpg

RRI distribution at SOI=35 bTDC
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File Name

Description

RRI_SOIbB50TDC . 5pg

RRI distribution at SOI=55 bTDC

SIpQaomg.jpg

SI distribution at FQ=2 mg/cycle

S1_FQ_4mg.jpg

SI distribution at FQ=4 mg/cycle

SI1_FQ_6mg.jpg

SI distribution at FQ=6 mg/cycle

SI_PR_00.jpg SI distribution at PR=0 %
SI_PR_30.jpg SI distribution at PR=30 %
SI_PR_50.jpg SI distribution at PR=50 %

ST _Scatter.jpg

Scatter plot of SI levels

SI_SOI_15bTDC'.jpg

SI distribution at SOI 15 (bTDC)

ST1_SOI.356TDC.jpg

SI distribution at SOI 35 (bTDC)

ST1_SOI556TDC.jpg

SI distribution at SOI 55 (bTDC)

Table B.15

Chapter 5 visualization files list. Location: PhD
Data\ Visualizations\ Chapter 5
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Appendix C

Letters of permission to republish

Letters of permission and publisher policies to reuse material from previously

published journal and conference papers is included in this section:
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permission granted (Extemal) D Inbox x

IFAC Secretariat <secretariat®ifac-control.orgs

tome =

Dear Behrouz Khoshbakht Irdmousa,
We were forwarded your request.

You are the author of the paper published in IFAC-PapersOnLine and,
according to the copyright of the paper, you are the owner and you can
use the paper in your thesis. The appropriate acknowledgment to the
original publication to be included in your dissertation should be:

@ 2021 The Authors. Originally published in IFAC-PapersOnLine, 54-20
(2021), pp. 406-411.

Best regards,

Elske Haberl

IFAC Secretariat

Schlossplatz 12, A-2361 Laxenburg
Austria, EUROPE

Phone : +43/2236/71447

E-Mail - secretariati@ifac-control ora
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