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Summary

The debate around the the reduction of aviation emissions usually revolves around CO, emissions. The
engine design trends of the last decades usually involve a an increase of the bypass ratio, overall pressure
ratio, and turbine inlet temperature of engines. This trend has led to gains in efficiency and reductions in fuel
consumption, consequently reducing carbon emissions. However, these developments have brought two main
concerns. On the one side, these trends are hitting a plateau; limits in engine size or maximum allowable
temperature of the turbine blades are reaching a barrier of how far this efficiency gain route can go. On
the other hand, these developments result in higher combustor temperatures, which incur a penalty that can
offset the benefits of CO; reduction: NOx emissions. Increasing the combustor temperature beyond a certain
point can lead to an exponential increase in NOx emissions, which contribute to global warming, and pose
health risk due to their toxicity. To solve this, new engine architectures or new fuels need to be considered,
and NOx emissions need to be part of the engine design cycle starting from its preliminary design.

To reach this goal, the research objective of this thesis is to

investigate the effects of including NOx emission constraints in gradient-based optimi-
sation of conventional and novel turbofan engines.

To achieve this, we decided to use simplified chemical reactor networks to predict emissions. Using simplified
network architectures allows to use them during preliminary design without the need of detailed combustor
or flow field geometry, posing a big advantage over CFD simulations. At the same time, these networks
still allow for great flexibility in terms of inputs and operating conditions, so as to effectively analyse both
conventional and unconventional designs with a level of accuracy that would not be possible with simpler
approaches such as analytical correlations.

Two separate models are created in this work, one for conventional Jet A combustors, based on an architecture
proposed by Villette et al. [1], and one for hydrogen lean premixed combustors, based on an architecture
proposed by Talboom [2]. The former consists of three perfectly stirred reactors corresponding to the primary,
secondary, and dilution zones of the combustor, and the later consists of four perfectly stirred reactors and
one plug-flow reactor.

To use these models in a gradient-based optimisation framework, a surrogate model is created for each of
them. The surrogate models are created using the Surrogate Modelling Toolbox [3], which provides analytical
gradient information of the models. The models use the Kriging method, and the sampling dataset is created
with Latin hypercube sampling.

To test the approach in an optimisation, a multipoint optimisation of a turbofan engine was carried out
with pyCycle [4]. The baseline engine is based on the N+3 technology reference level by NASA [5], which
consists of a geared, two-spool, high bypass turbofan. The engine was first optimised separately for both
Jet A and hydrogen as fuels, to test the proposed methodology with conventional and unconventional fuels.
Additionally, an engine with a closed-loop water recirculation system was optimised to test the approach
with an unconventional architecture. For all of these cases, the optimisation was first performed without any
emissions constraints, and then a second optimisation was carried out limiting the NOx emissions to 60% of
the baseline value for each case.

The multipoint optimisation problem consisted of one design point (top of climb), and three off-design points
(take-off, sea level static, and cruise). The optimisation was performed using SNOPT [6], an SQP algorithm
for large, constrained, gradient-based optimisation problems.



The takeaways of this research are the following:

e Simplified chemical reactor networks provide a good balance between accuracy and simplicity, allowing
more freedom during preliminary design than empirical correlations. At the same time, they do not rely
on detailed combustor geometry or flow field information that is necessary for more complex reactor
network approaches. (See Chapter 3 and Chapter 4.)

e Surrogate modelling allows to integrate chemical reactor networks with gradient-based tools to over-
come the lack of analytical gradients in tools like Cantera. They also offer other benefits, such as
faster model probing, and avoid convergence issues with the reactor networks. (See Chapter 5.)

e The optimisations achieved 40% reduction in NOx with a maximum penalty in fuel consumption of
only 1.2%. This means that significant reductions in NOx can be achieved with minimal penalties in
fuel consumption, which supports the use of NOx analysis and constraints during preliminary engine
design. (See Chapter 7.)

e In the analysed engine configurations, H, leads to NOx emissions that are 1 or 2 orders of magnitude
below those of Jet A engines. (See Chapter 7.)

e Water recirculation can reduce NOx emissions at the same time as improving engine performance. (See
Chapter 7.)
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Introduction

The debate around the the reduction of aviation emissions usually revolves around CO, emissions. The
engine design trends of the last decades usually involve a an increase of the bypass ratio, overall pressure
ratio, and turbine inlet temperature of engines. This trend has led to gains in efficiency and reductions in fuel
consumption, consequently reducing carbon emissions. However, these developments have brought two main
concerns. On the one side, these trends are hitting a plateau; limits in engine size or maximum allowable
temperature of the turbine blades are putting a barrier into how far this efficiency gain route can go. On
the other hand, these developments result in higher combustor temperatures, which carry a big penalty that
can offset the CO, reduction: NOx emissions. Increasing the combustor temperature beyond a certain point
can lead to an exponential increase in NOx emissions, which contribute to global warming, and pose health
risk due to their toxicity.

To continue advancing aircraft propulsion towards a new era of performance and sustainability, new engine
architectures can provide different was to improve efficiency and reduce emissions beyond what the current
trends will allow. More over, engine design should account for NOx emissions starting from the preliminary
design stage, to ensure that new designs fall within emission reduction goals.

This project aims to provide a methodology to account for NOx emissions for both conventional and novel
architectures during the preliminary design stage.

1.1. Research Objective

The research objective of this thesis is to

investigate the effects of including NOx emission constraints in gradient-based optimi-
sation of conventional and novel turbofan engines,

which will be achieved by

creating surrogate models with analytical gradients of chemical reactor networks of Jet
A and hydrogen combustors, coupling them with pyCycle, and performing optimisations
of Jet A and hydrogen turbofans, and a turbofan with water recirculation.

1.2. Research Questions

The research objective described in the previous section will be achieved by answering the following research
questions:
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1. How can emission prediction be integrated in a gradient-based optimisation framework for preliminary
design of novel architectures without relying on empirical correlations?

(a) How can a chemical reactor network be constructed to model a generic gas turbine combustor
during preliminary design without detailed geometry?

(b) How can the effects on emission trends of varying the design parameters be captured accurately
with such a chemical reactor network?

(c) How can a chemical reactor network be coupled with pyCycle?

(d) How can the emission predictions from a chemical reactor network be used as objectives and
constraints in an MDO problem of a gas turbine?

2. What are the effects in terms of thermodynamic performance, fuel consumption, and emissions of
adding NOx constraints to conventional and unconventional turbofan engines with conventional and
unconventional fuels?

(a) How does the use of hydrogen fuel affect the optimised engine thermodynamic performance, fuel
consumption, and emissions when compared to the baseline N+3 engine using Jet A?

(b) How does the addition of water recirculation to an N+3 turbofan affect the optimised engine
thermodynamic performance, fuel consumption, and emissions when compared to the baseline
N+3 engine?

(c) How does the addition of a NOx constraint affect the three proposed architectures in terms of
engine performance, emissions, and optimised engine configuration and dimensions?

1.3. Project and Thesis Structure

To help answer the proposed research questions, this thesis starts in Chapter 2 with a review of the emission
goals that will constrain the future of aerospace propulsion. The chapter also contains relevant background
information in terms of current design trends, novel technologies, and fuels, and outlines the baseline and
framework that this project is built on.

Engine
Modelling

Figure 1.1: The thesis is divided into four main categories: emissions modelling, integration of the emission models with the engine
optimisation tools, engine modelling, and optimisation.

Chapter 3 provides a comprehensive review of NOx emissions, their formation mechanisms, and different
approaches to predict them. Chapter 4 builds on this knowledge and describes the two models, one for Jet A
and one for H,, that will be used to predict emissions of different engine architectures. To use this models in
a gradient-based engine design and optimisation tool, pyCycle, Kriging surrogate models are built using the
Surrogate Modelling Toolbox, following the procedure described in Chapter 5. With this, the first research
question is answered.
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The second research question of this project concerns the effect of including emission constraints in opti-
misation; for this, a baseline engine model and an optimisation problem are defined in Chapter 6. Lastly,
Chapter 7 contains the results of the optimisation cases described in Chapter 6, and an analysis of the effects
of adding emissions constraints during preliminary engine design.

Future recommendations and limitations of this work are outlined in Chapter 9. To complement this thesis,
Appendix A provides a sensitivity analysis of a Cantera reactor, to help understand the behaviour of the
chemical reactor networks used. Appendix B provides an example case of a hydrogen turbofan with water
recirculation, which was not part of the main set of results, but which shows the method being used in an
unconventional engine and with an unconventional fuel at the same time.

The overall structure of the thesis is shown in Figure 1.1.



Project Background

Climate change is one of the biggest challenges for humankind in current times. In order to curve the
current global warming trends, the scientific community and governmental agencies are working to reduce
the impact that humans have on global warming. Aviation is one of the sectors that contributes to global
warming through its emissions, and, as such, the aerospace community is involved in many different research
efforts to reduce its global warming footprint. One of these research areas is propulsion, where research is
focusing on making engines more efficient, and on finding less polluting energy sources.

The aim of the thesis is to propose a methodology for emissions prediction during preliminary gas turbine
design which does not require detailed combustor geometry and allows for gradient-based optimisation of
the engine. This methodology will be tested by optimising a conventional high bypass turbofan engine, the
same architecture but with hydrogen, and a turbofan engine with water recirculation.

2.1. Climate Change and the Role of Aviation

At the current rate, the average Earth surface temperature is predicted to go up by more than 4 °C by 2100
[7] compared to pre-industrial temperatures (the average temperature in the second half of the 19th century),
as can be seen on Figure 2.1. To try to avoid this, countries are trying to cut down on greenhouse gas (GHG)
emissions. For example, the European Union aims to become carbon-neutral by 2050 [13]. As part of this
target, the EU published the Flightpath 2050 goals for aviation, which are a 75% reduction in CO,, a 90%
reduction in NOx emissions, and a 65% reduction in aircraft noise, all compared to novel aircraft from the
year 2000 [14]. Additionally, 195 countries from the UN signed the Paris Agreement in 2015, of which the
main goal is "Holding the increase in the global average temperature to well below 2 °C above pre-industrial
levels and pursuing efforts to limit the temperature increase to 1.5 °C above pre-industrial levels” [15].

Aviation currently accounts for 11.6% of the CO;, emissions from transportation [16], and 2.5% of the
total CO, emissions [17]. To reduce this number, there is a need to find decarbonisation strategies. While
increasing engine and aircraft efficiency is a way to reduce emissions, it is not enough to achieve the climate
goals, and more radical innovations are needed. One possibility is finding alternative propulsion and power
sources for aircraft that are less polluting.

Battery-powered aircraft are one option if electricity is produced using renewable sources, but with current
and projected technologies, they will not be feasible in time to reach the aforementioned goals. With
the available battery technology, electric aircraft may become a reality for general aviation and short-haul
commercial aviation, but they will not be able to substitute current long-haul airliners [18].

Another option is the use of alternative fuels, such as hydrogen. Hydrogen is a carbon-free fuel that can be
burnt in turbofans in a similar way in which kerosene is currently burnt. It can also be used in fuel cells to
obtain electricity for electric motors. These two options are shown in Figure 2.2, obtained from Adler and
Martins [8]. This research project will focus solely on hydrogen combustion in turbofans, so fuel cells will
not be further considered here, but Adler and Martins [8] described fuel cells in detail.
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Global greenhouse gas emissions and warming scenarios

- Cach pathway comes with uncertainty, marked by the shading from low to high emissions under each scenario,
- Warming refers to the expected global temperature rise by 2100, relative to pre-industrial temperatures.
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Figure 2.1: Comparison of global warming forecasts depending on the preventive measures taken. Figure obtained from Ritchie,
Rosado, and Roser [7].
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Figure 2.2: Two most common configurations for aircraft with hydrogen propulsion. Image obtained from Adler and Martins [8].

Hydrogen turbofans can have a very similar architecture to current kerosene turbofans. However, since
hydrogen properties differ significantly from kerosene, it cannot simply be used in current aircraft as a drop-
in fuel. There are two main reasons for this; first and foremost, hydrogen needs high-pressure cryogenic tanks
in the fuselage (it is not a liquid fuel that can be stored in wing tanks such as kerosene) [8]. Some examples
of possible hydrogen tank configurations in conventional tube and wing aircraft are shown in Figure 2.3,
obtained from Adler and Martins [8]. Secondly, the different thermodynamic and chemical properties of
hydrogen mean that engine design needs some modifications, particularly in the combustor. However, with
the necessary design changes hydrogen can be burnt in turbofans with similar architectures to current ones,
which can be achieved with the current knowledge and technology [19], and thus hydrogen-powered long-haul
aircraft can be a reality earlier than battery-powered ones.

Figure 2.3: Possible hydrogen tank configurations for tube+wing aircraft, where the darker shade of blue represents the passenger
cabin. Image obtained from Adler and Martins [8].

Hydrogen has been considered as a potential aviation fuel for quite some time, and there have been many
research efforts throughout different disciplines to study the use of hydrogen in aircraft. The next section
provides a short summary of the potential of hydrogen in aviation and its properties.
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2.2. Hydrogen in Aviation

Hydrogen is a carbon-free fuel with a high gravimetric energy density, meaning that it is lighter compared
to other fuels (around 3 times lighter than kerosene for the same energy content). On the other hand, its
volumetric energy density is low, so it would take more volume to store the same energy content than with
other fuels (over 3 times more than kerosene for cryogenic liquid hydrogen). This can be seen in Figure 2.4

[9].
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Figure 2.4: Comparison of volumetric and mass energy densities of different energy carriers for aviation. The two fuels marked in red
are the two analysed in this project. The data in the figure was obtained from Yin and Gangoli Rao [9].

Unlike non-renewable fossil fuels, hydrogen has the potential to be a renewable energy source, in the sense
that it can be obtained from water through electrolysis using green electricity (among other methods).
However, please note that not all hydrogen production methods are renewable (e.g., hydrogen produced
from electrolysis using non-renewable electricity, or hydrogen produced from methane).

2.2.1. Hydrogen Emissions versus Jet A Emissions

Current aeroengines run mostly on Jet A or Jet Al (or comparable fuels), kerosene-type hydrocarbon fuels.
Burning hydrocarbon fuels results in high CO, emissions. Due to incomplete combustion of the fuel, mostly
in fuel-rich areas in the combustor, carbon monoxide (CO) and unburned hydrocarbons (UHC) are also
present in the exhaust gas. Furthermore, soot is also present in the exhaust of kerosene-based engines.

Hydrogen fuel does not contain any carbon, meaning that all of the above emissions would be automatically
eliminated through the use of hydrogen turbofans. However, burning hydrogen still produces emissions. NOx
emissions, which are caused by the oxidation of the nitrogen present in the atmosphere, are produced in any
type of combustion in which nitrogen is present (either in the oxidiser or bound in the fuel composition),
due to the high temperatures that are reached inside the combustor. The formation mechanisms for NOx
are further detailed in Section 3.2.

Moreover, hydrogen combustion results in high levels of water vapour, which may lead to different contrail
formation properties compared to kerosene. Whether hydrogen turbofans would produce more or less contrails
than kerosene engines is not yet clear, due to the complex formation mechanisms of contrails.

Hydrogen does not have any carbon emissions during flight, and it can be free from associated carbon
emissions during production, as is the case with hydrogen produced through electrolysis using renewable
electricity or nuclear energy (also know as green hydrogen and pink hydrogen, respectively). Nevertheless,
several methods of producing hydrogen do have associated carbon emissions, such as electrolysis using
electricity produced by fossil fuels, or hydrogen produced through steam-methane reforming. Thus, life cycle
emissions should not bet forgotten when considering an overall comparison between kerosene and hydrogen.
Koroneos et al. performed a life cycle emissions comparison between kerosene and hydrogen, and while they
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showed that hydrogen emissions are greatly dependent on the production method, kerosene emissions are
higher in general when compared to hydrogen or other aviation fuels [20]. Ortufio et al. [21] performed a
climate impact assessment comparing hydrogen and kerosene aircraft with similar performance capabilities,
and they found that despite consuming more energy than kerosene aircraft, the atmospheric temperature
response was 67% lower in hydrogen aircraft.

2.2.2. Logistics

Another one of the challenges of hydrogen is the infrastructure and logistics involved. Unlike kerosene, which
is liquid at room temperature, hydrogen is a gas with a low volumetric energy density. For it to be used as
an aircraft fuel, it needs to be transformed to cryogenic liquid hydrogen, or at least compressed to a high
pressure. This means that all of the current infrastructure for kerosene would not be usable and needs to
be replaced by completely new infrastructure [19], including storage tanks, pipelines, or pumps. Moreover,
for hydrogen aircraft to be usable on a large scale, they need to have the possibility to refuel all around the
world, and thus this new infrastructure needs to be deployed in a large number of airports; otherwise, the
number of possible routes for hydrogen-powered aircraft would be limited.

The effect of hydrogen aircraft on ground operations is a current area of research, since the required changes
of the operational procedures would be noticeable. If the required airport infrastructure for hydrogen aircraft
is not ready to keep up with an increasing number of hydrogen aircraft, turnaround times could increase and
lead to delays [22]. The refuelling process in particular for hydrogen aircraft would inherently be different
than for kerosene aircraft, due to the nature of the fuels (pressurised gas or cryogenic liquid vs. ambient
temperature liquid). Different sources report different expected refuelling times; Mangold et al. [23] report
generally faster refuelling times for LH2 than for kerosene, whereas ten Damme [24] found that refuelling a
hydrogen aircraft comparable to the Bombardier Q400 took 3 times longer than the original kerosene version
of the Q400. Nevertheless, this longer refuel time does not necessarily imply a longer turnaround time if
other tasks are parallelised [24].

2.3. Novel Turbofan Engine Technologies

To achieve the target reductions in aviation emissions mentioned in Section 2.1 and to decrease the fuel
consumption of new aircraft, recent turbofan engines show architectural changes with respect to older
generations. The new design trends, aimed at increasing the thermodynamic efficiency of the engines, include
increases in the bypass ratio (BPR), the overall pressure ratio (OPR), and the turbine inlet temperature
(TIT), as seen in Figure 2.5 [25]. However, these design trends encounter practical limits that hinder the
increases in efficiency. For example, the TIT is limited by the turbines, since an increased TIT reduces their
lifetime, and there are maximum temperatures that their materials can endure. Thus, increasing the TIT
is associated with an increase in the required cooling flows to maintain the blade temperatures within the
allowable range, which in turn implies a reduction in efficiency that can offset the benefits of increased TIT.
Moreover, higher peak combustion temperatures result in significantly higher thermal NOx emissions, as is
explained in Section 3.2. Increasing the OPR must be done in conjunction with increasing the TIT in order
to optimise the engine cycle [26], so its increase is associated with the same issues as increasing the TIT
itself. Additionally, increasing the OPR means that the bleed flows for cooling are at a higher temperature,
so a higher mass flow would be needed for turbine cooling, which is negative for the engine efficiency [26].

Due to these limits on the incremental innovation of turbofan engines, several new technologies are being
investigated with the objective of bringing significant changes to gas turbine architecture that can bring the
required fuel consumption and emission reductions. In this section, several of those technologies (i.e., the
ones that will be considered in this research) are explained.
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(c) Turbine inlet temperature (TIT) design trend. The turbine inlet temperature in recent decades is much
higher than the maximum allowable temperatures of the materials used for the turbines; this is possible
thanks to turbine cooling technologies. Data obtained from Yin [25].

Figure 2.5: Engine design trends for (a) bypass ratio, (b) overall pressure ratio, and (c) turbine inlet temperature.

2.3.1. Challenges of Novel Architectures

Before diving into the aforementioned new technologies, it is important to understand the design challenges
that novel architectures bring to (preliminary) design.

During preliminary design, there is no detailed geometry available for high fidelity simulations of the engine,
so the use of simple algebraic correlations that only require high-level performance data from the engine
is common. These correlations are usually based on the known performance of current engines, and are
tuned based on reference performance data, and therefore they are useful for the preliminary design and
analysis of engines that have similar technologies and architectures to the ones currently in use. However,
the applicability of these correlations is limited to the range of the input parameters of the reference data,
and to engines with similar technology. Therefore, they cannot be used to analyse engines that feature novel
technologies, or that have performance metrics outside the bounds of the reference data (e.g., if a simple
emissions correlation that takes the combustor inlet and outlet pressures and temperatures as inputs is only
calibrated for a certain range of pressures and temperatures, it will not be applicable to a new engine that
features significantly higher OPR and TIT, even if the basic architecture is the same).

Thus, one of the challenges of preliminary design is to be able to capture performance trends of novel
architectures without relying on inapplicable correlations nor on unavailable detailed geometry. In this
research, this challenge is the most obvious for the prediction of emissions of the proposed new architecture.
This specific topic is covered in more detail in Chapter 4.
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2.3.2. Water Injection

Atma et al. [27] analysed the performance effects of recirculating water on a turbofan based on the N+3
engine. This was done by extracting exhaust water and injecting it before the HPC. The study compared
four configurations: Jet A without water recirculation (baseline), Jet A with water recirculation, H, without
water recirculation, and H, with water recirculation. They concluded that a hydrogen engine with water
recirculation has a higher efficiency than the baseline Jet A engine, and that the high amount of exhaust
water vapour on hydrogen engines makes the concept viable (water injection in Jet A engines would require
onboard water tanks that may completely offset the benefits with the extra weight of the water).

Wiater injection has several potential benefits, such as decrease in thrust specific fuel consumption (TSFC),
reduction in NOx emissions, or higher lifetime of the hot components of the engine [10, 28]. However, these
benefits and the overall effects on performance differ depending on the injection location within the engine
(directly in the combustor, before the HPC, before the LPC, etc.), and whether the water is injected as
steam or in liquid form (in which case the size of the droplets also has an effect on performance). This
section covers the different types of water injection and its effects on performance, as well as the side effects
it has on required turbine cooling. A sample diagram of a turbofan with water recirculation can be seen in
Figure 2.6.

On top of the performance benefits, Mourouzidis et al. conducted a study on water injection including the
possible economic repercussion, taking British Airways as the reference airline in the case study [29]. They
found that the technology could bring savings close to £600,000 annually, and recoup the investment in
around 7.5 years.

Misted water ~————
injection points — (
+

\
! \

Figure 2.6: Sample water injection diagram with water misting before the HPC and LPC. Image obtained from Daggett et al. [10].

Injection Location

The location of the water injection influences the effect that the added water has on cycle performance.
The main distinct locations are 1) before the low pressure compressor (LPC), 2) before the high pressure
compressor (HPC), and 3) into the combustor. The effects that each of these injection locations has on
the engine performance were analysed by NASA, Boeing, and Rolls-Royce [10]. They found that injecting
atomised water before the LPC results in higher available thrust and efficiency, resulting in either an increase
in thrust for the same fuel consumption, or a lower fuel consumption for the same thrust level. Both of
these options translate into a lower TSFC. Furthermore, a reduction in NOx is observed due to the lower
combustor inlet and exit temperatures. For water injection before the HPC, they found that while the same
performance and emission improvement trends were observed, the gains were lowered for the same amount
of water compared to injection before the LPC. The potential benefit of injecting water before the HPC
rather than before the LPC is the lower risk of droplets freezing in subzero conditions. Lastly, for water
injection directly into the combustor, they report higher reductions in NOx for the same amount of water,
at the cost of a decrease in engine efficiency and performance. The reduction in flame temperature due to
the water injection causes thermal losses in the combustor for all three cases, but these losses are offset by
performance improvements due to increases compressor mass flow in the cases in which water is injected
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before the compressors.

Daggett et al. [10] explain in their report that the droplet size is relevant to the performance of water
injection before the LPC, with bigger water droplets (above 10 pm) evaporating less promptly and thus
being centrifuged outwards in the LPC, reaching and cooling the case and affecting blade tip clearance.
Moreover, they report that the distance between the water atomisation and the start of the LPC has an
effect on droplet evaporation. These effects combined result in a need of having water droplets of at most
5-10 pum in order to achieve the performance and emission benefits stated above.

Another effect that Daggett et al. [10] report is that, for the same thrust levels, shaft speeds and bypass
mass flow are both reduced due to the increased core mass flow, resulting in a small reduction in engine
noise.

Experimental data from water injection before the compressor [30] and in the combustor [31] shows agreeing
trends with the results presented above.

Steam versus Liquid Water

Wialsh and Fletcher [32] describe similar trends for liquid water injection on Chapter 12 of their Gas Turbine
Performance book. Additionally, they provide information on the comparison between liquid water and steam.
They explain that steam has similar trends to water injection, except that TSFC increases with steam injection
into the combustor rather than decreases. However, it must be noted that in their explanation they assume
that steam is generated with waste heat from the exhaust, which account for part of the performance gains.
In a turbofan with water recirculation, exhaust heat would likely be the source of thermal energy to convert
the collected liquid water to steam (should steam injection be chosen over liquid water injection). However,
an additional heat exchanger in the exhaust would introduce pressure losses before the core nozzle, and add
extra weight, so a trade off would need to be performed between water and steam injection.

2.4. Baseline Project

This project aims to build on a previous project conducted at the MDO Lab of the University of Michigan
on gradient-based optimisation of a turbofan with water recirculation based on the NASA N+3 engine. The
results of that project were published in a paper titled Comparing Hydrogen and Jet A for an N+3 Turbofan
with Water Recirculation using Gradient-Based Optimization [27].

The project compared two different configurations of the turbofan: with and without water recirculation,
each tested with Jet A and H; as fuels, making a total of four different cases.

The water injection was modelled with two ad-hoc components, a water injector and a water extractor. The
water extractor removes a certain percentage of the water content of the exhaust gases, and the injector adds
that corresponding mass flow to the air upstream of the high pressure compressor (HPC) as water vapour.
Figure 2.7 shows the turbofan configuration and the position of these components. One limitation of this
set-up is that the change of phase in water is not considered; the water content is extracted and injected as
vapour.

The optimisation problem was a gradient-based multi-design point (MDP) optimisation with four flight
conditions: top of climb (on-design), rolling take-off, static sea level, and cruise. The optimisation algorithm
used was SNOPT (Sparse Nonlinear OPTimizer) [6]. The objective was to minimise fuel flow during cruise
while maintaining 5800 Ibf (25.8 kN) of thrust at top of climb, and having a fan diameter smaller than 100
inches (2.54 m).

The project showed that water recirculation led to an improvement of approximately 5% in thrust-specific
energy consumption for both Jet A and hydrogen (this metric is further explained in Section 3.1). The
hydrogen engine with water recirculation is approximately 4% more efficient that the 'dry’ Jet A engine.
Hydrogen combustion produces higher quantities of water in the exhaust, meaning that there is more water
available for recirculation and therefore the concept is more feasible in hydrogen engines, and designing
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Figure 2.7: Configuration of the two-spool turbofan with water recirculation.

an efficient-enough water condenser can therefore be less challenging than for the Jet A counterpart. In
contrast, for effective water injection in Jet A engines, carrying extra water in tanks might be necessary, with
the weight penalty that it carries. Thus, the project concluded that water recirculation is a promising option
for hydrogen engines that should be further explored.

2.5. Framework and Tools

The framework under which this research is being carried is presented in this section. This includes an
introduction to multidisciplinary design and optimisation (MDO), as well as an introduction to the tools that
will constitute the basis of this research.

2.5.1. What is MDO?

Aircraft design is subject to the continuous goal of improving efficiency and reducing fuel consumption. To
keep improving aircraft designs with respect to previous generations, making aircraft that are just good
enough is not sufficient, and trying to iterate the design by hand will not lead to the necessary efficiency
gains any more. Moreover, aircraft design is a group effort of several disciplines that are inherently coupled
to each other, and what would be optimal for one of them might not even meet the requirements for another
(e.g., a wing optimised solely considering aerodynamics might not be thick enough to house a structure
that can safely handle all required loads, or might not have sufficient volume to store the required fuel).
Thus, the design of aircraft is a complex balance between all disciplines, which can be addressed through
multidisciplinary design and optimisation (MDO) [33].

MDO consists in the simultaneous numerical optimisation of several coupled disciplines of a certain system.
The benefits of MDO is that it can lead to a final design with better performance than through the conven-
tional iterative design process, while also reducing the costs of the design cycle and the uncertainty in the
design [33].

It is important to clarify that while the explanation above is focused around overall aircraft design, MDO
is applicable to many other disciplines outside of aerospace, and can also be applied to a certain individual
system of the aircraft (i.e., the engine, which will be the case in this research project).
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2.5.2. OpenMDAO

OpenMDAO [34] is a Python MDO framework that is designed to perform gradient-based optimisation
using analytical derivatives that are explicitly provided by the user when the components of the optimisation
problem are defined. It is based on the MAUD (modular analysis and unified derivatives) architecture from
Hwang and Martins [35]. The tool also offers the possibility of automatically computing the gradients of
components for which the analytical derivatives are not available, through either finite difference (FD) or
complex step (CS) differentiation [36].

2.5.3. Cycle Analysis: pyCycle

The cycle analysis tool that will be used in this thesis is called pyCycle [4], a Python-based tool built on top of
OpenMDAO with the objective of performing gradient based optimisation of aeroengines. This tool is based
on NPSS (Numerical Propulsion System Simulation) by NASA [37], but features hand-derived analytical
derivatives for all of the available components, which allows for much faster optimisation runtimes. In the
paper presenting the tool, Hendricks and Gray verified pyCycle against NPSS and showed an agreement
within 0.03% of most thermodynamic properties [4].

Hendricks and Gray [4] also performed a comparison between the optimisation times of pyCycle and NPSS,
using a model of the N+3 turbofan by NASA [5] as the optimisation baseline. They observed that the
optimisation times with pyCycle were up to 22 times faster than NPSS, when computing the NPSS derivatives
with a monolithic approach using finite difference of the entire code (treating it as one black box), and 7
to 15 times faster when compared to semi-analytically-computed NPSS derivatives (the partial derivatives
were computed using finite difference, but the total derivatives were computed using the direct or adjoint
methods) [4].

In pyCycle, several components are offered to allow the construction of arbitrary engine architectures. More-
over, since it is an open source Python package, it allows the user to build their own components if necessary.
For example, Atma, Lamkin, and Martins [27]. created their own components for water extraction and in-
jection to analyse the water recirculation effects in the cycle, since those components were not available
originally in pyCycle.



Emissions Modelling

To reduce the emissions of an engine, the first step is understand them and to be able to predict them, to
later be able to adjust the engine design to minimise those emissions. This chapter begins with background
theory on NOx emissions and their formation mechanism, followed by emission modelling techniques. This
knowledge is then applied to the creation of the two emissions models with the tool Cantera [38], one for
Jet A and one for hydrogen. These models are integrated with pyCycle in Chapter 5, and are used in this
project to analyse and optimise the performance of a turbofan engine with emission constraints.

3.1. Hydrogen Combustion

Before diving into the details of NOx formation and emission modelling techniques, it is important to
first understand that hydrogen combustion differs from Jet A combustion. These differences mean that
combustors built for Jet A are different than those built for hydrogen, which in turn means that different
models will be needed to analyse each of the two fuels.

The stoichiometric fuel-to-air ratio (FAR), defined as the ratio of fuel and air at which all of the fuel and all
of the oxidiser are consumed, is 1/14.4 for kerosene, compared to 1/34 for hydrogen. However, in practical
applications, fuel is not burnt at stoichiometric conditions (the actual used FAR depends on a combination
of factors, such as emissions or flame stability). The ratio between the actual fuel-to-air ratio and the
stoichiometric fuel-to-air ratio is called the equivalence ratio. Fuels cannot be burnt at any equivalence ratio,
they must be burnt within certain limits in order to have stable, controlled combustion. Burning with too
low equivalence ratio would lead to lean blowout, and burning with too high equivalence ratio would lead to
rich blowout. These maximum and minimum limits are different for hydrogen and kerosene; for hydrogen,
the flammability range is at equivalence ratios between 0.2 and 0.65, whereas for kerosene the range is 0.6 to
1.15, approximately [39]. These limits can be seen in Figure 3.1, obtained from Adler and Martins [8]. The
fact that hydrogen can burn at lower temperatures means that the TIT can be reduced, which can result in
the doubling of the turbine life [8, 40].

Another important difference between hydrogen and kerosene are the flame speeds. Hydrogen has a flame
speed approximately 4 times higher than kerosene [39]. This is a very important consideration when designing
the combustor, since the risk of flashback is significantly higher for premixed hydrogen combustors due to the
higher flame speed. Together with the higher flame speed, the higher diffusivity of hydrogen leads to higher
reaction rates and thus to lower residence times compared to Jet A, which in turn lead to lower thermal NOx
emissions [41].

On the other hand, hydrogen has a higher adiabatic flame temperature when compared to Jet A. The gas
mixture in the combustor can have hot pockets in which the fuel burns at (close to) stoichiometric ratio due
to uneven mixing, and as a result of its higher adiabatic flame temperature, the hot pockets for hydrogen
can be hotter than for Jet A, leading to higher NOx production in those areas. Thus, to achieve low NOx
combustion of hydrogen, good mixing of the fuel and oxidiser is paramount, but, as stated in the previous
paragraph, premixing comes with the risk of flashback [8]. Achieving good mixing while preventing flashback

13
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Figure 3.1: Comparison of the flammability limits of hydrogen and kerosene. Figure obtained from Adler and Martins [8].

is one of the challenges of combustor design for hydrogen gas turbines.

All these differences can be summarised by saying that hydrogen and Jet A combustion are different, and
so are the combustors used for each type of fuel. Thus, separate models need to be used to predict the
emissions of hydrogen and Jet A engines.

3.2. NOx Emissions

Emissions of nitrogen oxides (NOx) are third on the list of aviation pollutants. Not only are they a GHG,
but they are also toxic. Unlike the water vapour that leads to contrails, or the carbon that is needed for CO,
formation, NOx emissions are a result of the oxidation of the nitrogen present in the atmosphere (although
some of the NOx formation pathways use fuel-bound nitrogen or require hydrocarbon radicals, as will be
explained below). Thus, changing the fuel from Jet A to H, will not eliminate NOx emissions, and thus
accurately predicting NOx emissions in hydrogen-burning turbofans becomes one of the key aspects needed
for their implementation.

NOx comprises nitric oxide (NO) and nitrogen dioxide (NO;). Both of these compounds are produced during
the combustion process in turbofans, and big part of these emissions are NO molecules that later oxidise
to NO, (further described in Section 3.2.7). There are several formation mechanisms that result in these
NOx molecules. Thermal NOx is caused by the oxidation of nitrogen under high temperatures, and prompt
NOx is caused by hydrocarbon radicals interacting with nitrogen molecules. Other molecules such as N,O
or NNH also contribute to NOx formation. An overview of these pathways can be seen in Figure 3.2 [11],
and they are explained in more detail in the following subsections.

H, OH
NH.

- NHz .
\LH
Fusl-N ——
° H

T neo NH

/ \L OM

H, OH
o

P e CN o )
NCN -

O(+M)
0, Oz, OH

\\PY J

Figure 3.2: Diagram representing the different pathways for NOx formation: thermal NOx (green), prompt NOx (red),
N, O-intermediate NOx (blue), NNH-pathway NOx (yellow), and fuel NOx (purple). Image obtained from lavarone et al. [11].
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3.2.1. Thermal NOx

The thermal NOx pathway, also called the Zeldovich mechanism after Yakov Zeldovich, is a chemical route
which describes the oxidation of nitrogen into nitric oxide under high temperatures [42]. The production
rate increases exponentially with temperature, so limiting the peak temperatures in the combustor, and
residence times at such temperatures, is key to reduce thermal NOx formation, which is the leading formation
mechanism in conventional combustors. The reactions from this mechanism are shown in Reactions 3.1-3.3.

Ny +0 — NO + N (3.1)
N+ 0, = NO+0 (3.2)
N+ OH — NO +H (3.3)

3.2.2. Prompt NOx

Prompt NOx, first described by Fenimore [43], is a mechanism of NOx formation that results from the
interaction of hydrocarbon radicals and nitrogen. The reactions proposed by Fenimore were the following:

CH+ Ny = HCN + N (3.4)

C+Ny = CN+N (3.5)

However, this original mechanism faced criticism due to the fact that it does not conserve electron spin
[44, 45], although it still was widely accepted and seemed to be in agreement with chemical kinetic studies
performed in the following years [45]. Some decades later, Moskaleva and Lin [46] studied the kinetics of
the reaction and proposed an alternative reaction to Reaction 3.4 that would conserve electron spin, with
cyanonitrene radical instead of hydrogen cyanide as an intermediate species, shown in Reaction 3.6. This
new reaction was able to converge the different theories and previous chemical kinetic experiments of prompt
NOx formation [45].

CH+ N, == NCN+H (3.6)
3.2.3. N,O-intermediate NOx
A new route for NOx formation with nitrous oxide (N2O) as an intermediate species was proposed by Malte

and Pratt [47]. Production of NOx through this route is less significant than other pathways at most
conditions, but it becomes more notable at lower temperatures in lean conditions [48].

Ny +0+M=N,0+M (3.7)

N,O + O = 2NO (3.8)

N2O + H = NO + NH (3.9)
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N>O +0O == N, + 0O, (3.10)

N,O + H == N, + OH (3.11)

In Reaction 3.7, M is a third-body (which can be any molecule) that absorbs the energy of the formation of
N,O and carries it away as kinetic energy.

3.2.4. NNH Pathway

The importance of the role of NNH on nitrogen reactions was first raised by Miller et al. [49] after an
investigation of the reactions involved on "Thermal DeNOx" (reduction of NO through ammonia [50-52]).
It was later Bozzelli and Dean [53] who proposed a set of reactions describing the role of diazenyl NNH on
NOx formation. They proposed the following reactions for NNH formation and subsequent NO formation:

Nj +H — NNH (3.12)

NNH + O == NO + NH (3.13)

In their paper, they also proposed two other reactions that produce species that might lead to further NOx
production through other pathways, although Reaction 3.13 has a rate constant an order of magnitude higher
than these other two NNH + O reactions [53].

NNH + 0 == N,O +H (3.14)

NNH + O == N, + OH (3.15)

3.2.5. Fuel NOx

Hydrocarbon fuels can have bound nitrogen atoms in their composition. During the combustion process,
these atoms break loose and transform to NOx, and may account for a significant part of NOx emissions.
The difference between fuel NOx and prompt NOx is that prompt NOx is formed from nitrogen in the air
in the presence of hydrocarbon radicals produced as a result of hydrocarbon fuel combustion, whereas fuel
NOx is formed from nitrogen that is chemically bound to the hydrocarbon fuel before its combustion.

The main pathways for fuel nitrogen conversion to nitric oxide are shown in Reactions 3.16 and 3.17 [54-56];
please note that these are high-level paths and not the detailed reactions.

Fuel-N — HCN — NO (3.16)

Fuel-N — NH; — NO (3.17)

3.2.6. NOx Reburning

In an architecture with two combustors the NOx molecules produced in the first combustor will enter the
second combustor before reaching the atmosphere. These NOx molecules may get partially eliminated
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through a process known as NOx reburning, in which nitric oxide (NO) interacts with hydrocarbon species
to form hydrogen cyanide (HCN), or with NH;, as shown in Reactions 3.18 and 3.19 [57].

NO + CH; — HCN + products (3.18)

NO + NH, — N, + products (3.19)

The aforementioned reaction with hydrocarbons is prevalent on rich conditions; however, under lean condi-
tions the hydrocarbon species react with oxygen to form carbon monoxide (CO), as shown in Reaction 3.20
[58].

CH; + O — CO + H + products (3.20)

Nicolle and Dagaut [59] analysed the role of NOx reburning in flameless combustion and they reported that
the NO-HCN reaction is specially relevant before autoignition of the mixture. Reburning does not strictly
need two separate combustors; for example, in a study of NOx emissions of an ITB with flameless combustion,
Perpignan et al. described reburning due to recirculation in the ITB when there was no presence of NOx in
the oxidiser (the ITB was experimentally tested on its own without an upstream main combustor) [60].

3.2.7. NO Oxidation to NO,

As it can be seen from Reactions 3.1-3.17, the formation of NOx in the combustion process leads mostly
to NO, whereas the definition of NOx comprises both NO and NO,. One reason for this is that, at high
temperatures, NO, tends to dissociate into NO according to Equation 3.21 [48].

NO, + H == NO + OH (3.21)

This does not mean that there are no NO, emissions resulting from gas turbines. Further down the engine,
with lower temperatures, NO may convert to NO;, under certain conditions. The presence of unburnt
hydrocarbons can significantly increase this conversion [48], and as such, it can be expected than in hydrogen
engines this conversion is less prevalent. However, NO can still be converted to NO, without the presence
of hydrocarbons, through the hydroperoxyl radical HO;, as shown in Equation 3.22 [48].

NO + HO, == NO, + OH (3.22)

Once released into the atmosphere, nitric oxide (NO) can also oxidise to nitrogen dioxide (NO;) [12].

3.2.8. Effects of Steam on the Chemical Kinetics of NOx Formation

The addition of water or steam to the cycle has effects on the chemical kinetics in the combustor. Zhao et al.
[61] report that for a certain flame temperature an increase in steam decreases the CH concentration and as
a result the prompt NOx formation. Similarly, they report that the decrease in CH leads to a decrease in the
N radical from HCN. Moreover, they report that the increase in steam results in a higher concentration of
OH, because the steam is decomposed into OH, and additionally it slows down the reactions that consume
OH. This increase in OH leads to more NOx from the OH reactions, but the decrease in the N radical leads
to an overall reduction in NOx formation due to steam [61]. The NNH pathway is also reduced under an
increased presence of steam [59].
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3.3. Semi-Empirical Correlations

One of the most extended methods to estimate NOx emissions during preliminary design is the use of simple
algebraic correlations that are tuned based on current and past engines. These correlations take simple inputs
that are available during preliminary design, such as the inlet and outlet pressures and temperatures in the
combustor, and return an estimated value of the emissions index for NOx (EINOx).

One of the most widely used correlations is the P3-T3 method, shown in Equation 3.23 [62, as cited in,
63], which, as the name suggests, takes the inlet pressure and temperature of the combustor (commonly
referred to as ps and T3) as input variables. EINOx is the emission index of nitrogen oxides (g of NOx/kg
of fuel), FAR is the fuel to air ratio, and h is the humidity. The subscripts SL and F'L stand for sea level
and flight level, respectively. This method can predict the emissions at a certain flight level when the sea
level emissions are known. The coefficients n and m can be tuned to specific engines if the data is available,
or n=0.4 and m=0 can be used as a best-estimate for generic engines.

" CFARpL\™
EINOxp;, = EINOxay, <p3’”> ( FL) H
Ps3,sL FARsL

with H = 19(hsy — hrr)

(3.23)

This method is effective for conventional turbofan configurations that burn Jet A. However, this method
is not tuned for engines with configurations that are significantly different to those of current engines (i.e.,
it would not be wise to use it for an engine with an ITB or with water recirculation), nor for engines with
different fuels (e.g., hydrogen). Moreover, the method requires the emissions at sea level, which would not
be available nor easy to estimate for an unconventional configuration.

Viola et al. [64] proposed an extension of the P3-T3 method to make it work for hydrogen, and tuned it with
data from air turborockets. As shown in Equation 3.24, the Mach number (M) and the Damkdhler number
(Da, defined as residence time over ignition delay time) are included in the equation to include the effects
of compressibility in different conditions, and to account for the residence time of the fuel in the combustor,
respectively.

b c f
P3,FrL FARFL 4 ( Darr H
EINO = g EINO : M| ——= 3.24
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This extended method follows the same principle of the original P3-T3 method, and therefore it still re-
quires the EINOx at sea level. Moreover, while this solves one of the shortcomings of the original method
(inapplicability when using hydrogen instead of Jet A), the method is still invalid for engines with water
recirculation.

Since there are currently no flying turbofan engines that are fuelled on hydrogen (and very few engines with
water injection), there are currently no semi-empirical correlations that are applicable to all the configurations
that will be studied in this thesis. Therefore, semi-empirical correlations are too limiting for the goal of this
project, and another approach should be used to estimate engine emissions.

3.4. Chemical Reactor Networks

A chemical reactor network (CRN) is a modelling technique in which a system is represented by one or
more components (reactors) in order to analyse the chemical kinetics of the flow inside that system. These
components are called (chemical) reactors, and CRNs are composed of an arbitrary number of them. An
aeroengine combustor can be represented by a CRN in order to analyse the combustion process inside it, and
thus predict emissions without relying in empirical correlations that are purely based on past engines.

There are different types of reactors, and the ones that will be considered for this application are the perfectly
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stirred reactor (PSR) and the plug-flow reactor (PFR). These two types of reactors are further explained in
the following subsection.

3.4.1. Cantera

Cantera [38] is an open-source Python package for chemical kinetics and thermodynamics with which chem-
ical reactor networks can be built. It is the tool that is used to implement the CRNs described in Chapter 4.

To construct the desired network architecture, Cantera offers different reactors (described in Section 3.4.2)
and reservoirs (components with infinite volume and constant properties that work as sources or sinks for
the flows), as well as auxiliary components, such as mass flow controllers or pressure controllers, to connect
the reactors and reservoirs.

The tool offers the possibility of selecting any desired reaction mechanism from an input file, meaning that
all of the reaction mechanisms presented in Section 3.5 are compatible with Cantera.

3.4.2. Types of Reactors

A CRN is composed of several building blocks known as reactors, in which the chemical reactions take place.
Depending on the characteristics of the flow and the assumptions used, there are different types of reactors
that can be used. A CRN can be formed by a single reactor, multiple reactors of the same type, or even
multiple reactors of different types, in order to best approximate the flow conditions of the system that is
to be analysed. The two types of reactors used in the CRNs described in Chapter 4 are the perfectly-stirred
reactor (PSR), sometimes also called well-stirred reactor or continuously-stirred reactor; and the plug-flow
reactor (PFR). This two types of reactors are explained below.

Perfectly Stirred Reactor
Perfectly stirred reactors (PSRs) are a type of ideal reactors in which perfect mixing of the flow is achieved
within the control volume, and in which the outlet properties of the gas are equal to those in the control

volume of the reactor. Figure 3.3 shows a diagram of a generic PSR, obtained from Turns [12].
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Figure 3.3: Representation of a perfectly stirred reactor (PSR). Image obtained from Turns [12].

Equations 3.25-3.28 show the conservation equations that define a PSR [12]. Equation 3.25 defines the
conservation of mass for each species i, where the i terms represent the mass flow going in and out of the
reactor, and 1}V represents the production or elimination rate of each species (due to chemical reactions).
Equation 3.26 is a rewritten version of Equation 3.25, using the definitions i = w; MW, (relation between
mass generation rate and net production rate) and 7h; = 1t Y; (the mass flow of species i is equal to the
total mass flow times the mass fraction of species i).
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d i,CV . . .
e = Myjin — Miout + m;//V (325)
dt ’ ’
1 (Yiin — Yiout) + 0 MW,V = 0 (3.26)

In these equations, m is the mass [kg], 7 is the mass flow [kg/s], ' is the mass production rate per volume
[kg/s/m3], and V is the volume [m3]. Y; is the mass fraction of species i [kg of species i/kg of mixture], w
is the species production rate [kmol/s/m3], and MW is the molar mass [kg/kmol].

Equation 3.27 is the conservation of energy equation, where h;(T") is the enthalpy of species i, defined in
Equation 3.28.

N N
Q=rm (Z Yiouthi(T) = > Yiinhi(T; )) (3.27)

i=1

T
h(T) = 19, + / ¢ adT (3.28)
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In these equations, @ is the heat transfer rate [W], h is the enthalpy [J/kg], h° is the enthalpy of formation
[J/kgl, cp is the specific heat at constant pressure [J/kg/K], and T is the temperature [K].

Plug-Flow Reactor

Plug-flow reactors (PFRs) are reactors in which the properties of the flow may change along the axial
direction, but are constant throughout the entire cross-section for any certain axial position. Any kind of
axial diffusion is neglected [12]. A schematic is shown in Figure 3.4.
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Figure 3.4: Representation of a plug-flow reactor (PFR). Image obtained from Turns [12].

The system of ordinary differential equations (ODEs) that define the plug-flow reactor is shown in Equations
3.29-3.31 [12].
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The equations represent the change in density (p in [kg/m?3]), temperature (T in [K]), and mass fraction
(Y). In these equations R, is the universal gas constant (J/kmol/K), v, is the speed in the axial direction
of the reactor (m/s), A is the cross-sectional area of the reactor (m?), and P is the pressure (Pa). The
other parameters follow the same definition as for the PSR.

This type of reactor is not directly available in Cantera. Thus, to model it for the CRN described in
Section 4.3, the plug-flow region is discretised as a series of PSRs, where each PSR effectively represents
one control volume cv from Figure 3.4.

3.5. Reaction Mechanisms

CRN analysis relies on reaction mechanisms to compute the actual chemistry in the reactors, usually as
an external input file to the programme. These mechanisms are a simplified set of reactions and rate
constants that describe the process that wants to be analysed. Since it would be prohibitive to analyse
every single reaction that exists, these mechanisms are a simplification of the real chemistry that includes
only the reactions and species of interest. For example, a mechanism made for hydrocarbon combustion will
include many species of hydrocarbons, hydrocarbon radicals, CO,, CO, etc. However, a mechanism made to
analyse hydrogen combustion will most likely not include any species containing carbon. Furthermore, some
hydrogen mechanisms include all relevant reactions for NOx formation, whereas other hydrogen mechanisms
are further simplified and do not include any species with nitrogen and cannot be used for NOx emissions
prediction.

For this work, two mechanisms were selected, one for kerosene engines and another one for H;, engines.

3.5.1. Luche’s Mechanism for Jet A

In order to model Jet A combustion, a mechanism that contains the required hydrocarbon species must
be used. Moreover, not only the hydrocarbon combustion process needs to be included in the mechanism,
but also the relevant reactions (and species) needed for the prediction of emissions must be present in the
mechanism. Luche presented a reduced mechanism for Jet A combustion that includes NOx formation and
which consists of 91 species and 991 reactions, together with two other simpler versions featuring 91 species
and 694 reactions, and 89 species and 680 reactions, respectively [65, 66]. This reduced mechanism is based
on a more detailed mechanism originally developed by Dagaut et al. [67, 68], in which kerosene is represented
as 74% n-decane (nC10H22), 15% n-propylbenzene (phC3H7), and 11% n-propylcyclohexane (cyC9H18),
and in which combustion is modelled through 225 species and 1800 reversible reactions [66].

This mechanism has been used in the literature to model kerosene combustion in aeroengine combustors
when NOx emissions were relevant [1, 2].

3.5.2. Meng et al.’s Mechanism for H, with NOx pathways

Mechanisms like Luche’s mechanism, or the popular GRI-Mech 3.0 [69] (designed for natural gas combustion),
contain atomic and molecular hydrogen in their species and reactions, which means they allow the modelling
of hydrogen combustion. However, in pure H, + air combustion, where there are no hydrocarbons present,
the prompt and fuel pathways described in Section 3.2 do not contribute to the formation of NOx, since they
depend on those hydrocarbons. Thus, to model hydrogen combustion, using a different mechanism with its
reaction rates tailored to pure hydrogen combustion can improve the accuracy of NOx estimation.

Meng et al. [70] studied the role of HNNO in NOx formation during combustion, and suggest that a new
NOx pathway, mediated by HNNO, can have a prominent role in NOx formation under certain conditions.
Consequently, they developed a mechanism for NOx emissions based on their findings, which is based on a
mechanism by Glarborg et al. [71], with a HNNO submodel appended to it.

This model is the one that was used in this project for the hydrogen combustion models. Other H, combustion
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models, such as the one proposed by Capurso et al. [72] based on a premixed, swirl-stabilised hydrogen flame,
have been tested, but the mechanism by Meng et al. showed the best match against the reference data.



Chemical Reactor Networks for Jet A and
H, Combustors

Chapter 3 explained the fundamental information required to understand NOx emissions in combustion, and
the available modelling techniques that can be used to predict them. Chemical reactor networks are the
best fit to the requirements of this project, and thus are the chosen approach to do emissions prediction
in this project. This chapter describes the two chemical reactor networks used in this project, one for Jet
A combustion and one for H, combustion. The network architectures are first described, followed by the
verification of the implementation, and the description of any modifications made to adapt the networks and
their inputs to the requirements of this project.

4.1. Calculation of EINOx

The models presented in this chapter are focused on predicting NOx emissions. The metric used for this is
the emissions index of NOx (EINOx). This is calculated using Equation 4.1, where Yoy is the mass fraction
of NO + NO,, and FAR is the fuel-to-air ratio. The units are grams of NOx per kilogram of fuel (g/kg).

1+ FAR

EINOx = 10°
Ox=10"—43R

Ynox (41)

4.2. Jet A Combustor Model

A common approach to modelling combustors with chemical reactor networks is creating an ad-hoc model
for the combustor that needs to be analysed, for which detailed geometry information and flow field data
from CFD simulations is used. However, this approach is not useful for early design stages in which no
geometry is available. Villette et al. [1] proposed a simplified CRN architecture to analyse conventional Jet
A aeroengine combustors without needing detailed geometry. The architecture of the network is shown in
Figure 4.1.

The CRN consist of three perfectly stirred reactors, each corresponding to the primary, secondary, and dilution
zones of the combustor, which are the three regions in which the combustion in conventional combustors is
usually divided. These reactors are fed by 2 reservoirs containing the air and fuel, respectively. The fuel and
airflow into the reactors is controller by mass flow controllers in Cantera, and the flow out of each reactor is
controlled by a valve. All the fuel is injected into the primary zone, whereas the air is distributed across the
three zones.

To achieve ignition of the mixture an artificial igniter is used. A short pulse of hydrogen atoms is injected
into the primary zone, where these atoms trigger the combustion reaction in the primary zone. The ignited
mixture propagates downstream through the reactors, achieving combustion in the entire network. Once

23
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Figure 4.1: The chosen network for conventional Jet A combustors, based on the architecture proposed by Villette et al. [1], which
consists of three reactors connected by valves, fed by reservoirs containing the oxidiser (air) and the fuel (Jet A), and features an
igniter reservoir from which a pulse of hydrogen atoms flows to start the combustion reaction in the primary zone.

combustion is initiated, the combustion reaction is self sustained; the igniter pulse only acts transiently at
the beginning of the simulation, and its effects disappear once converged to steady state. This means that
as long as combustion is successfully initiated, the ignition pulse does not affect the steady state results.

There is one difference in implementation between their proposed architecture and the CRN used in this
work; the pressure loss in their architecture was implemented through a single valve behind the dilution zone.
In this work, the pressure loss has been distributed evenly across the three zones (with three separate valves)
to represent the pressure loss along the combustor, while maintaining the same total pressure loss as in their
model.

The model takes the inputs shown in Table 4.1. The total mass flow into the combustor is specified, and the
percentage of that mass flow that goes into the primary and secondary zone is also defined; the remaining
air goes into the dilution zone. Similarly, the total length of the combustor, and the individual lengths of
the primary and secondary zones, are defined; the dilution zone length is calculated as the remaining length.

Table 4.1: Inputs parameters for the Jet A model.

Parameter Units Description

Ts K Temperature at the combustor inlet

P3 Pa Pressure at the combustor inlet

Mair kg/s  Mass flow of air into the combustor

FAR — Fuel-to-air ratio

dPqP % Pressure loss along the combustor

ARpz % Percentage of the total air injected into the primary zone

ARsz % Percentage of the total air injected into the secondary zone

A m? Cross-sectional area of the combustor

L m Total length of the combustor

Lpz % Percentage of the total length corresponding to the primary zone
Lsz % Percentage of the total length corresponding to the secondary zone
Igniter parameters — Parameters of the igniter pulse

The reaction mechanism used in this model is Luche's mechanism described in Section 3.5.1. The air is
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modelled as 21% oxygen and 79% nitrogen by mole fraction, and the fuel is modelled as 74% nCioH2, 11%
cyCgHig, and 15% toluene.

4.2.1. Verification

Villette et al. only provide temperature results for one of the analysed cases, the CFM56 engine in cruise
condition. They provide the temperature profile for each of the three reactors. Using the input parameters
provided in their paper [1], which are listed in Table 4.2, the same case was simulated to verify the CRN
implementation. The results are shown in Figure 4.2, where the results show a very good match (maximum
relative error of 0.64%) for the three zones. Small deviations are expected despite using the same CRN
architecture, since the input values reported in their paper, are probably rounded (this is assumed based
on the fact that reported percentages that should add up to 100% only add up to 99.99%, for example).
Moreover, the temperatures in their paper were provided in a graph, so they had to be digitised, which may
have led to small errors.

Table 4.2: Inputs parameters for the CFM56-7B27 in cruise condition [1].

Parameter Value Units

T3 687 K
Ps3 9.67¢5 Pa
Mair 17.35  kg/s
FAR 0.022 —
dPqP 5.02 %
ARpz 30.82 %
ARsz 23.02 %
A 0.16 m?
L 0.178 m
Lpz 29.9 %
Lsz 33.6 %
2600 1 2590 K 2528 K Reference Computed
0, r
24001 0.04%
2200 A
2021 K 2034 K
T [K] 2000 A
18001
1600
1480 K 1484 K
+4 K
1400 0.26%
Pz 57 DZ

Combustor zones

Figure 4.2: The reproduced model matches the temperature profile of Villette et al.’s architecture [1] within a maximum relative
error of 0.6% across the three combustor zones.
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4.2.2. Model Tuning

Villette et al. tested their model in three different engines: The CFM56-7B27, the CFM LEAP-1A26, and
the Rolls-Royce Trent 772. For each of the engines they provided different air ratios and length ratios of
the combustor zones. While this leads to more freedom in tuning each of the engine models, it represents a
difficulty in terms of using the model in a generic manner in pyCycle, since pyCycle does not provide these
ratios. Thus, in order to have a model that represents all combustors, the air and length ratios were tuned
to obtain the best possible common values for the three analysed engines.

The tuning objective was the minimisation of the error between the EINOx predicted by the model, and the
EINOx reported in the ICAO Database [73]. For each of the three engines there were four tuning points:
take-off, climb, approach, and idle, leading to a total of 12 tuning points. The tuning was performed using
the absolute error, the relative error, and the root mean square error (RMSE). After comparison of the results,
it was determined that the RMSE tuning resulted in the best matching of the trends, so it was selected as
the tuning objective. The tuning function is shown in Equation 4.2.

S (EINOX,,, cry — EINOXy,, 1ca0)?
J = \/ 13 (4.2)

The tuning was performed using SciPy’s minimize function with the Nelder-Mead method [74]. The results
of the tuning are shown in Table 4.3.

Table 4.3: Tuned results of the air ratios in the primary and secondary zones, and the length ratios of the primary and secondary
zones.

Parameter Tuned value Unit

ARpy 28.03 %
ARsy 26.72 %
Lpz 6.01 %
Lsz 45.31 %

Using these tuned parameters, the NOx emission predictions of the three engines across the four operating
points were recalculated. Figure 4.3 shows the comparison between the tuned results (blue), the target
ICAO data [73] (black), and the data reported by Villette at al. [1] (red). The latter was digitised from the
figures provided in their paper. The objective of the tuning and the model is to capture the NOx emission
trends, more than accurately matching each point, and the results show matching trends with respect to the
reference data. While tuning each individual engine or operating condition would provide a more accurate
match at each point (as is the case with the data from Villette et al.), that would defeat the objective of
having a generic model that can predict trends across different engines and operating conditions.

4.2.3. Extension to Water Recirculation

The original model is built to analyse conventional engines in which water injection is not present. To extend
the capability of the model to analyse water injection, an extra input parameter was added, the water fraction
in the inlet air. The 'dry’ air composition of the baseline model is 21% oxygen and 79% nitrogen. The 'wet’
model adds steam to the primary zone reactor from a separate reservoir containing 100% water, with the
water mass flow becoming an additional input function to the reactor network.

4.3. H, Combustor Model

As described in Section 3.1, hydrogen combustion differs from kerosene combustion. Thus, combustors
made for hydrogen combustion are also different from those built for Jet A fuel. For this reason, a separate
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Figure 4.3: The tuned data has air ratios and zone lengths common among the three engines, whereas Villette et al.’s data has
different values for each engine. With the common parameters the NOx emission trends are captured despite the error in the actual
values being greater than the original for some of the cases. The data from Villette et al. was digitised from their figures [1].

combustor architecture is used to simulate hydrogen NOx production. The chosen architecture, shown in
Figure 4.4, is based on the work of Talboom [2].

Air
Post-flame Pllitgrilow Exhaust
reactor
—
Fuel — Mixer Flame Recirculation
—
Igniter Heat loss
—» Mass flow controller Reactor Reservoir
Valve

Figure 4.4: The architecture proposed by Talboom [2] features 4 perfectly stirred reactors followed by a plug-flow reactor. There is
recirculation between the flame, post-flame, and recirculation reactors. The reactors are fed by reservoirs containing the air and fuel,
and ignition is modelled by a pulse of hydrogen atoms injected into the flame reactor.

The architecture consists of four perfectly stirred reactors, followed by a plug-flow reactor. The reactors are
fed by air and fuel reservoirs, and ignition is achieved by a pulse of atomic hydrogen, in the same way that
was described in Section 4.2.

This model is more complex than the one used for Jet A combustion. The first main difference is that the air
does not simply flow downstream, but there is recirculation among the flame, recirculation, and post-flame
reactors. The second difference is that the model features a plug-flow reactor, placed downstream of the
post-flame reactor. This plug-flow reactor cannot be simulated directly in Cantera with a specific function,
so it is modelled as a series of PSRs following the approach described in Section B.2. In contrast with the
Jet A model, ignition here does not happen in the first (mixer) reactor, which is only there to simulate the
mixing of air and fuel before the flame region, it happens in the second (flame) reactor.
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All the fuel is injected into the mixer reactor, and the air is injected into the mixer and post-flame reactors.
The air flowing into the post-flame region does not represent additional air being injected downstream in
the real combustor, it is done to capture the effects of unmixedness between the air and the fuel (since
PSRs assume perfect mixing, adding all of the air and fuel into a PSR would assume perfect mixing in the
combustor). The amount of air going into the post-flame region is controlled by the Bypass Oxidiser Factor
(BOF), and it is set to be 5% across all conditions that are presented in Section 4.3.1 [2].

The recirculation between the flame, recirculation, and post-flame reactors is dictated by a mix of mass flow
controllers and valves. The mass flow controllers dictate the flow between the reactors, and the valves allow
flow to scape to maintain constant pressure and equilibrium along the reactors. There are three parameters
that dictate the flow: the Recirculation Mass Flow Ratio (RMFR), the Recirculation Inlet Distribution
(RID), and the Recirculation Outlet Distribution (ROD). The first one, the RMFR, defines the amount of
recirculation mass flow as a fraction of the total inlet mass flow, and is estimated to be 1.2 - ¢ [2].

The recirculation mass flow is the combined mass flow that goes into the recirculation reactor from the flame
and post-flame reactors. The RID defines what percentage of the recirculation mass flow comes from the
flame reactor, and how much comes from the post-flame reactor. Talboom provides a value of 35% of the
flow coming from the flame reactor and 65% coming from the post-flame reactor [2]. This is dictated by
mass flow controllers in the reactor network.

The mass flow entering the recirculation reactor also needs to leave to maintain equilibrium, and it does so by
going back to the flame and post-flame reactors. The parameter that controls how much of the recirculation
mass flow goes back to the flame reactor is the ROD. Talboom refers a ROD value of 20% [2], meaning that
20% of the flow goes back to the flame reactor (through a mass flow controller). The remaining flow (80%)
goes back into the post-flame region, but to maintain equilibrium in the network this is not enforced by a
mass flow controller. Instead, a valve connects the two reactors, allowing for equilibrium of the simulation
during transient pressure and mass flow fluctuations, while still converging to the desired 80% output at
steady state.

This combustor architecture was used to represent an experimental combustor that was 0.297 metres long,
and had a circular cross section with a diameter of 0.104 metres. The combustion regions inside the
combustor (and thus the corresponding reactors) are defined as described in Figure 4.5.

The dimensions described in the figure were defined as follows; these relations, given in millimetres, were
obtained from Talboom'’s thesis [2], and are calculated from experimental flow field data.

e ry is calculated as: 37 — 26 ¢.

e Ris fixed to 52 mm.

e X is fixed to 28.81 mm. Talboom provides a relation that makes this parameter dependent on the fuel
momentum ratio for momentum ratios higher than 2. However, since the injection velocities are not
know, this value has been left as constant. This approximation does not seem to negatively affect the
results, as seen in the comparisons from Section 4.3.1.

e X5 is fixed to 34 mm.

e x3 is calculated as: 17 + 64¢.

e x4 is fixed to 200 mm.

e L is fixed to 297 mm.

The inputs to the model are described in Table 4.4. These inputs are the inputs of the baseline network used
in the verification cases. In Section 4.3.2, some modifications are done to the network in order to adapt it
to a full size combustor under operation conditions, which expands the list of inputs.

4.3.1. Verification

To verify the implementation of the results, three separate tests were considered. The first test compares
the outlet temperatures of the combustor in adiabatic conditions, the second test compares the same cases
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Figure 4.5: Streamwise cross-section of the combustor. The vertical dimension corresponds to the diameter of the cylindrical
combustor, and the horizontal direction is the length. The flow goes from left to right. The figure and the dimension definitions are
based on the description from Talboom [2].

Table 4.4: Inputs parameters for the baseline H, model.

Parameter Units Description

Ts K Temperature at the combustor inlet

0] — Equivalence ratio

C — Fraction of heat lost to the environment

Igniter parameters —

Parameters of the igniter pulse

as the first test, but including heat loss to the environment; and the last test is a comparison of the NOx
emissions across a different range of inlet temperatures and equivalence ratios.

For the adiabatic case, the network was simulated with an inlet temperature of 453 K for equivalence ratios
ranging from 0.4 to 0.8. The results of this calculation are shown in Figure 4.6, which shows the good match
between the network built in this project and the original results by Talboom, with the maximum relative

error being below 0.3%.
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Figure 4.6: The results of the adiabatic verification cases show very good matching across different equivalence ratios, with the
maximum error being within 0.3%. The simulated temperature is consistently higher across all points by 4/5 K.
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The same conditions (inlet temperature of 453 K and equivalence ratios from 0.4 to 0.8) were simulated
including heat loss to the environment. The heat loss was modelled as a fraction of the total heat produced
in the combustor, and the percentages were set to be proportional to the equivalence ratio according to
Equation 4.3, the relation used in the reference results [2].

¢ =0.23¢+0.23 (4.3)

The heat loss in Cantera is set as a heat flux, which is calculated from from the fuel flow and its lower
heating value (LHV) (representing the total heat generated), and then multiplied with the heat loss fraction
described above, as shown in Equation 4.4. Half of this heat loss happens in the post-flame region, and the
other half in the PFR.

qg=¢my LHVg, (4.4)

The results (in blue) were compared against the reference CRN results reported by Talboom (in red) and the
experimental results (in black), with the comparison shown in Figure 4.7. The absolute and relative errors
shown in the blue bars represent the errors of the computed results compared to the experimental results.
The match is good across all equivalence ratios, with the maximum relative error being 2.52% in the case
with the highest equivalence ratio (0.9).
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Figure 4.7: The results of the verification cases with heat loss show good a good overall match, with a maximum relative error of
2.52% at the highest equivalence ratio. The absolute and relative errors are of the computed values (blue) with respect to the
experimental data (black). The red values represent the results obtained by Talboom's CRN [2].

For the last test, the NOx emissions were compared for four different inlet temperatures: 313, 453, 623,
and 703 K. For each temperature, different equivalence ratios were analysed. The computed results were
compared against the reference results computed by Talboom, and the experimental results from the AHEAD
project as reported in Talboom's work [2]. The results show good match in terms of both trends and actual
values for all temperatures and equivalence ratios with the exception of one single case; the predicted NOx
emissions at an equivalence ratio of 0.9 (the highest analysed) with an inlet temperature of 313 K (the lowest)
are underpredicted by close to 35%. However, in this project the model will be used in operating conditions
with equivalence ratios closer to 0.3 and higher operating temperatures, as will be seen in Chapter 7, and
therefore this one-off discrepancy is considered acceptable.
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Figure 4.8: The comparison of the obtained NOx trends show very good agreement with both the experimental (black) and reference
(red) results from Talboom [2]. A noticeable underprediction of the NOx levels occurs at the case with the lowest inlet temperature
(313 K) combined with the highest equivalence ratio (0.9).

4.3.2. Extension to Full Size Combustor

The architecture presented above was tuned to reproduce the results of an experimental campaign conducted
in a small combustor operated at ambient pressure. The results of the experiment were matched accurately,
but the model cannot be used as is. Several modifications need to be performed to extend the model to an
actual engine combustor. Talboom provides a series of modifications to achieve this extensions [2], which
were also applied here with some minor modifications to match the engine architectures used in this project.

The first modification corresponds to the value used for the bypass oxisider factor, which was set to 5%
in the experimental cases. For the full combustor, Talboom suggests a value of 15%, which is tuned for
an equivalence ratio of 0.3. As will be seen in Chapter 7, this equivalence ratio of 0.3 is very close to the
operating conditions of the engines analysed in this project.

The second modification is the removal of the heat loss to the environment. The AHEAD experiment was
carried out in an isolated combustor that lost a significant amount of heat to the environment, so this heat
loss had to be modelled to reproduced those results. However, the full combustor is considered adiabatic, so
no heat loss is applied in its corresponding model.

The third modification is also related to the heat management of the combustor. While all the inflow air in
the experiment was injected directly in the combustor inlet, in a real combustor, which operates at higher
temperatures, the combustor walls need to be cooled with air, which also enters the combustor and dilutes
the flow. Following the recommendations, the amount of air entering the combustor (to the mixer reactor)
was set to 80%, with the remaining 20% being used as dilution air. This dilution air is fed to the PFR region.
As mentioned previously, the PFR is not modelled directly in Cantera, so it is reproduced as a series of small
PSRs. All PSRs have the same volume, which is the total volume of the PFR region divided by the number
of PSRs used to model it. In this work, 500 PSRs have been used to model the PFR region. The dilution
air is divided evenly among all these PSRs, with the total amount of air injected adding up to the 20% of
dilution air. The schematics of this set-up are shown in Figure 4.9.

To simulate the PFR region, a new network, separate from the PFR region, is built. This is done for simplicity
in the construction of the network, but does not affect the results compared to simulation the PSR and PFR
regions in the same network, since there is no upstream effect from the PFR region into the PSR one. In
this network, the first PSR is fed gas with the composition and thermodynamic properties of the converged
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Figure 4.9: A plug-flow reactor is modelled as a series of perfectly stirred reactors, all having the same size. The dilution air is fed
evenly to all PSRs. Instead of being connected to the rest of the network, the PFR region is modelled separately, where a reservoir
with the properties of the post-flame region feeds the first PSR.

post-flame reactor from the PFR region, where the mass flow rate is set to the outlet mass flow rate of
the post-flame region. This first PSR is converged to steady state, and its converged composition and
thermodynamic properties are then fed to the second reactor. This process is then repeated until all reactors
are converged.

Lastly, the dimensions of the combustor need to be scaled to its full size. Talboom suggests a scaling of 3.1
to the volumes of the reactor, while maintaining all the volume ratios of the individual reactors constant.
However, for the optimisation, the combustor dimensions should be able to vary, and to adapt to the cross-
sectional area inputs from the optimiser. Therefore, the dimensional scaling here was done as follows: first,
the original combustor dimensions were computed using the equivalence ratio relations provided for the
original combustor; secondly, using the cross-sectional area from pyCycle, the actual combustor diameter is
is computed (assuming a circular cross-section); lastly, all dimensions of the combustor are scaled by the
ratio of DfuII/DoriginaI-

The reactor network architecture of the full combustor with these modifications applied is shown in Fig-
ure 4.10.
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Figure 4.10: The full architecture features no heat loss to the environment, and a dilution stream connected to the PFR.



pyCycle Integration through a Surrogate
Model

The objective of this work is to obtain a methodology to include emission predictions in gradient-based
optimisation during preliminary design of novel architectures. The first part of the objective, estimating
emissions of novel architectures during preliminary design, has been achieved in Chapter 4. However, the
models cannot be used as-is in pyCycle, since Cantera does not offer gradient information of the reactor
network calculations.

The simplest approach to integrate these models in pyCycle would be to wrap them in an OpenMDAOQO
explicit component, and calculate the gradients with finite difference. However, this approach has several
drawbacks.

The first one is that the Cantera models are not robust enough to handle the optimisation. During the
optimisation, the optimiser might test points that deviate significantly from both the starting point and the
optimum point, and, since the Cantera models may fail for different reasons (e.g., if the mass flow is too
high with respect to the igniter pulse, successful ignition might not be achieved, or if the input parameters
deviate significantly from the expected range the simulation might not converge).

The second problem is that finite differences are not efficient. Running a single point of the Cantera models
is not computationally insignificant, and the model would need to be probed once for each input variable at
each iteration. Given the high number of input variables and the cost of running the model, this approach
would increase the computational time of the optimisation significantly.

Lastly, not using a methodology that can handle gradients intrinsically would be against the objective of this
project.

To circumvent these problems, the approach taken was to create a surrogate model for each of the networks
presented in Chapter 4. The process followed, and the tools used to create these surrogate models, will be
discussed in this chapter, preceded by some background information on surrogate modelling.

5.1. Surrogate Modelling

Surrogate models are approximations of functions or models that are constructed from fitting input and
output data of the original model. Their main benefit is that, once constructed, they can be faster to query
than the original models that they substitute.

In the case at hand, a surrogate model would substitute the entire Cantera model, providing a model that is
much faster to compute than the reactor network, and that avoids the issues of the simulation not converging.
Moreover, there are tools available which provided surrogate modelling capabilities with gradient information.
Thus, surrogate models solve the three main issues that the Cantera models presented for optimisation.

33



5.1. Surrogate Modelling 34

To construct the surrogate model, the Cantera models are computed at a number of different input conditions,
and the Cantera output (in this case, the EINOx) is recorded. The surrogate model takes the inputs and
outputs from Cantera (and nothing else), and fits the data to provide an approximation of the Cantera
model.

5.1.1. Sampling: Latin Hypercube Sampling

The first step to generate the model with the procedure above is to have the different input conditions
from which the model will be sampled. There are several sampling techniques that are used in the literature
to build surrogate models, such as random sampling or full factorial sampling. In this work, the sampling
technique chosen is Latin hypercube sampling (LHS).

LHS is a more efficient version of random sampling that avoids the clustering issues that random sampling
might present, and requires a lower number of points to have a satisfactory distribution. The main difference
between LHS and random sampling is that in LHS the points are not selected independently of each other.
The space is divided into n intervals for each variable, where n is the number of sampling points, and the
points are placed such that there is only one point in each interval. Additional considerations can be present
depending on the specific implementation of the LHS method [33], for example centring the points within the
intervals, simply ensuring that there is only one point per interval but choosing the actual points randomly,
or maximising the minimum distance between points. The latter approach, usually referred to as 'maximin’,
is amongst the most popular in LHS, since it allows to cover the design space with fewer points than if the
points are selected randomly, and it is the chosen approach in this work.

5.1.2. Modelling: Kriging

Once the sampling points are selected, the output of the Cantera models is computed for each point. With
the inputs and outputs, the surrogate model can be trained. However, for this a model needs to be chosen
first. Here again there are several options in the literature to choose from, such as least-squares, radial basis
functions, or polynomial approximations.

In this work, the chosen modelling method is Kriging. Unlike other modelling techniques that attempt to fit
the sampling data by tuning a function, Kriging does this by tuning a statistical model that aims to capture
the behaviour of the function. The basic formulation of Kriging is shown in Equation 5.1 [33].

Fx) = p(x) + Z(x) (5.1)

The first part of the equation, (), represents the trend of the function or its behaviour, and Z(z) represents
the output of a stochastic process. There are several implementations for both u(x) and Z(z).

A common approach is to let u(x) have a constant value, and use Z () to handle the model behaviour. This
approach is called ordinary Kriging [33]. This was the approach used in this work.

The stochastic part Z(z) represents the error from the trend function (in this case a constant value) and is
used to represent the behaviour of the function. If two sampling points are very close together, the Z values
for those points are expected to be close, and the further away the sampling points are, the less that their
Z values are correlated. In a Kriging model this correlation is handled by a kernel (covariance function) that
dictates the correlation between the Z values corresponding to two points, as described in Equation 5.2 [33].

K(x;,z5) = corr (Z (z;) Z (x5)) (5.2)

There are several kernel functions available in the literature for Kriging models. The most common one and
the one used in this work is the Gaussian kernel, also called squared exponential kernel, which is defined
by Equation 5.3 [3, 33, 75], where the subscript [ represents the component of the vector x, and 6; is the
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hyperparameter in the [ dimension that controls the behaviour of the kernel.
K (x®,x7)) = exp (— S o - xW) (5.3)
I=1

5.1.3. Surrogate Modelling Toolbox

The tool chosen to implement the surrogate models is the Surrogate Modelling Toolbox (SMT) [3]. The SMT
is an open-source Python package that provides sampling and surrogate model methods, and is focused on
handling derivatives. Both Latin Hypercube Sampling and the Kriging method described above are available
in the SMT.

5.2. Variable Scaling

The variables in Table 5.1 differ by several orders of magnitude, from O(10°) for the pressure to O(10~2)
for the FAR or the cross-sectional area. Using these inputs directly in the Kriging model would result in the
variables with higher order of magnitude dominating the calculations, and the performance of the model.
To avoid this, the inputs were scaled using standard deviation scaling. This results in every input having a
distribution with the same mean (0), and with the same standard deviation. This scaling is performed with
Equation 5.4, where x; is the vector of sampling points for the input variable I, y;(x) is the mean of that
vector, and oy is its standard deviation.

_ox— (%)
xlscaled - T

(5.4)

This allows the Kriging model calculations to consider the effect of each variable during the fitting process
without giving more priority to inputs with bigger magnitudes or a bigger range.

5.3. Jet A Surrogate Models

The first step to generate the surrogate models is to select the points that will be used to sample the chemical
reactor network and to train the model. To do this, the bounds for the inputs variables, and the number of
sampling point per variable need to be chosen.

The bounds were selected such that all the possible combinations analysed by the optimiser during the engine
optimisation fall within the sampling space. The limits are shown in Table 5.1.

Table 5.1: Bounds of the sampling intervals for each of the input functions of the Jet A surrogate model.

Parameter Unit Lower bound Upper bound

T3 K 600 1000
p3 Pa 10eb 22e5
Mgir kg/s 9 20

FAR — 0.017 0.03
A m?2 0.02 0.08
L m 0.1 0.25
mwater kg/S 0 L5

Two separate surrogate models were constructed, one for the model including steam as an input variable
(i.e., including all variables in Table 5.1), and another one for the 'dry’ engine (using rows 1-7 in Table 5.1
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as the input variables).

5.3.1. Combustor Length Calculation

One of the inputs to the surrogate model is the combustor length. While pyCycle provides the cross-sectional
area of the combustor (and other components), it does not provide combustor length information, nor a
volume to infer it from. Thus, a method to size the combustor length was added to the model.

The sizing approach was based on the constraint reported by Walsh that the residence time in the combustor
should be at least 3 ms to allow for complete combustion [32]. The residence time can be estimated from
the combustor length and the flow speed inside the combustor, as described in Equation 5.5.

Leom
tres = ’ (55)

Vcomb

The speed inside the combustor is not directly reported by pyCycle, but the reference Mach number is. Using
the combustor inlet temperature T3 to calculate the speed of sound in the combustor, the speed can be
obtained from Equation 5.6. The heat capacity ratio « for the combustion gases is set to 1.33, the specific
gas constant R is 287.05 J/kg/K, and the Mach number inside the combustor is provided by pyCycle.

Veomb = M V ’VRTS (56)

This calculation was added as an OpenMDAO explicit component to the pyCycle engine model. The com-
bustor was sized at the rolling take-off (RTO) point (the multipoint design set-up is described in Chapter 6),
since it was the case with the highest T3 and mass flow, and hence the limiting case for residence time.

5.3.2. Cross-validation and Number of Sampling Points

Afzal et al. [76] studied the optimal number of sampling points when using Latin hypercube sampling for
different surrogate models, including Kriging. They found that using a number of sampling points equal
to 15 times the number of variables was a good starting point when using LHS, independently of the type
of surrogate model chosen, but they also reported that Kriging showed the biggest improvement with an
increase in sampling points among all analysed models. At the same time, it is important to avoid overfitting
the model and creating unrealistic oscillations. To evaluate the effect of the number of sampling points on
the error of this model, a k-fold cross-validation study was performed.

In a k-fold cross validation study, the available sampling points are divided in k subsets, then the surrogate
model is trained on k-1 subsets, and tested with the remaining subset. This is repeated k times such that
every combination of training and testing sets is analysed. This allows to evaluate the error of the model is
a more 'data-efficient’ manner, since all sampling points are used for training and testing at some point, so
no subset needs to be excluded and dedicated exclusively for testing. In this work, the k value used was 5,
i.e., the dataset was divided in 5 subsets, where 4 are used for training and 1 for testing, a 80-20 split.

This was then repeated for a different number of sampling points, from 6 up to 35 sampling points times
the number of design variables. This was done by first generating a sampling set of 35xn points (e.g., 210
total points for the dry Jet A model that has 6 input variables) using Latin hypercube sampling, then taking
subsets of n sampling points, and lastly performing the 5-fold cross validation study for each of this subsets.
The error metric used in the results from this section is the root mean square error (RMSE).

Model without water recirculation

The results of this study for the dry Jet A model shown in Figure 5.1, where the effect of the number of
sampling points on the error can be seen.



5.4. H; Surrogate Model 37

200 Jet A model without water injection
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Figure 5.1: The RMS error of the Jet A model without water injection and its deviation starts to flatten at 21xn sampling points
(126 total sampling points).

For this model, the error starts to flatten at a number of 126 sampling points (21xn), which is well aligned
with the recommendations from [76]. Thus, the number of sampling points was set to 126. Since the
original sampling dataset used in the cross-validation study was obtained for 210 points (35xn), a new Latin
hypercube sampling with 126 points was generated for the training of the final model, instead of just taking
126 samples out of the 210. This is to ensure that the maximin condition of the Latin hypercube sampling
is met in the final set of points, such that the sampling data quality is as high as possible.

Model with water recirculation

For the wet version of the model, a separate surrogate model was created, including the fuel mass flow as
an additional variable. The cross-validation results are shown in Figure 5.2. In this case, the error shows a
minimum at 125 points before increasing again, so was the number of points chosen for this model.

Jet A model with water injection

RMSE
[a/kg] 6

50 75 100 125 150 175 200 225
Number of training samples

Figure 5.2: The RMS error of the Jet A model with water injection shows a minimum at 125 sampling points before increasing again.

5.4. H; Surrogate Model

The same procedure was followed for the hydrogen combustor model. The input variables for this model
and its limits are shown in Table 5.2. The bounds have been adjusted to the expected range that will be
encountered during the optimisation. For example, since hydrogen can burn at much lower equivalence ratios
than kerosene, the bounds of the FAR are lower. As described in Chapter 4, the dimensions of this combustor
are based on the scaling of the cross-sectional area, and thus the combustor length is no longer a separate
input variable.
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Table 5.2: Bounds of the sampling intervals for each of the input functions of the H, surrogate model.

Parameter Unit Lower bound Upper bound

Ts K 600 1000
Ps3 Pa 14eb 25eb
Mair kg/s 8 20
FAR — 0.005 0.012
A m? 0.02 0.08

5.4.1. Cross-validation and Number of Sampling Points

The cross validation study of the Hy model was performed with the same procedure used for the Jet A
models. The results are shown in Figure 5.3. For this model, the error starts to flatten at 24xn sampling
points (120 total points), so this was the chosen number of sampling points.

H, model without water injection

6

RMSE
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4

40 60 80 100 120 140 160
Number of training samples

Figure 5.3: The error of the H, model without water injection starts to flatten at 24xn sampling points (120 total sampling points).

5.5. Integration with pyCycle

To integrate the models with pyCycle, each surrogate model was wrapped in an OpenMDAO explicit com-
ponent, where the compute method contains the model output information, and the compute_partials
method contains the model gradient information, which is available natively in surrogate models created
with the SMT.

This component is then added to the pyCycle problem, where the necessary inputs are linked from the relevant
pyCycle components, and the output value of the component is used as a constraint in the optimisation
problem.



pyCycle Engine Model and Optimisation

Chapter 4 describes the creation of Cantera models to predict engine emissions. Chapter 5 explains the
procedure followed to create surrogate models of the Cantera models such that they can be used efficiently
in gradient-based optimisation. To test the proposed methodology and models, several optimisations were
performed comparing different engine architectures and optimisation constraints. This chapter describes the
engine model using in the optimisation problem, as well as the set-up of the optimisation problem itself.

6.1. Baseline Engine

The baseline engine taken as a reference is the N+3 technology level engine by NASA [5]. This engine
was developed by NASA as a baseline to evaluate the impact of new engine technologies, making it a good
reference to evaluate the impact of new technologies such as water recirculation, or the effect of emissions
constraints on the cycle parameters. This engine was also used as the starting point in the work of Atma et
al. [27], and as a test case for pyCycle [4], the tool this project is based on.

The engine is a geared, two-spool, high-bypass turbofan engine, and is based on the engine of a single-aisle
airliner with the expected turbine engine technology developments for 2025 (N+3 level in the NASA Subsonic
Transport System Level Metrics) [5]. The architecture of the engine is shown in Figure 6.1.

Figure 6.1: Architecture of the two-spool turbofan engine.
The architecture above will be compared to an architecture with a water recirculation system, in which water

vapour is extracted downstream of the low pressure turbine, and then injected upstream of the high pressure
compressor. The implementation and modelling of this system in pyCycle that was done by Atma et al. [27]
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will be used in this work.

Water extracto

Water injecto

Figure 6.2: Architecture of the two-spool turbofan engine with the water recirculation system from Atma et al. [27].

6.2. Multipoint Problem Formulation

The optimisation problem set-up is based on the set-up of the test case from the pyCycle paper [4], and
the one used in the water recirculation paper from Atma et al. [27], with the addition of EINOx constraints.
The baseline cycle architecture is based on the N+3 engine optimisation problem proposed by Hendricks
and Gray [4] to compare pyCycle against NPSS. It is a multi-design point (MDP) approach with four design
points. the on-design point is top of climb condition (TOC), and the off-design points are rolling take-off
(RTO), cruise (CRZ), and sea level static (SLS). The flight conditions for these points is shown in Table 6.1.

Table 6.1: Flight conditions at each of the four design points.

Point Description Height Mach number
On-design point TOC  Top of climb 35000 ft 0.8
Off-design points RTO  Rolling take-off 0 ft 0.25

CRZ  Cruise 35000 ft 0.8

SLS Sea level static 0 ft 0

The overall set-up of the problem has three levels: the optimisation loop, the MDP cycle, and the individual
(off-)design points. The set-up of the problem follows a multidisciplinary feasible (MDF) approach, in which
the multidisciplinary analysis (MDA) is converged by a solver for every iteration of the optimiser, such that
every iteration of the optimiser results in a feasible design. Note that this feasible design might not meet
the optimisation constraints, nor be optimum for every optimiser iteration, but it will satisfy the balance
equations and provide a valid design. More background information about this architecture, and a comparison
with other MDO architectures, is available in the survey of architectures performed by Martins and Lambe
[77].

The balance relationships have the form of residuals, as shown in Equation 6.1, which are converged by a
Newton solver inside pyCycle.

r(u) =0 (6.1)

Each of the individual points has its own balance relationships. For the design point, in this case TOC, the
balance relationships ensure that the design variables, such as pressure ratios, temperatures, or efficiencies,
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are met. This sizes the engine areas, scales the turbomachinery maps, etc. For the off-design points, the
balances ensure that fixed engine parameters, such as areas, remain consistent with the sizes calculated in
the design point. They also ensure that other prescribed inputs to the off-design point, such as thrust levels,
are met too.

The middle loop, the MDP cycle, ensures that the design and off-design points described above are consistent
with the overall problem description. The balance relationships in this case prescribe inputs such as thrust
ratios between two conditions. More details about the specific balance relationships set up for the N+3
engine cycle, both for the MDP cycle and the individual points, are available in the pyCycle paper [4].

Lastly, the outer loop, the optimisation algorithm, feeds design variables to the MDP cycle, and converges
the problem such that the prescribed optimisation constraints are met, and the objective is minimised. The
optimisation objectives and constraints used in this project are described in the next section.

6.3. Optimisation Problem
The architecture of the optimisation is shown in the eXtended Design Structure Matrix (XDSM) of Figure 6.3.

Vertical lines represent inputs, and horizontal lines represent outputs. The pyCycle MDA component has the
multipoint pyCycle problem set-up described in the previous section, and its corresponding XDSMs can be

found in [4].
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Figure 6.3: Extended design structure matrix (XDSM) of the optimisation problem.

The set-up of the optimisation problem is shown in Table 6.2. The optimisation objective for all conditions is
the fuel mass flow during cruise. The optimisation problem has six design variables. The first three of them
are the pressure ratios at top of climb of the fan, low-pressure compressor, and the overall one. The fourth
design variable is the turbine inlet temperature at the RTO condition, which is the condition of highest
turbine inlet temperature. The fifth design variable is the ratio between the turbine inlet temperatures at
top of climb and rolling take-off, which dictates the turbine inlet temperature at the TOC condition with
respect to the RTO one (which is a design variable itself). This ratio is shown in Equation 6.2.

T4, ToC (6.2)

T4 ratio —
’ Ty, rRTO

The sixth design variable is the nozzle speed ratio during cruise, which is defined by Equation 6.3. This
design variable effectively controls the bypass ratio of the engine. The C,, coefficients are the nozzle velocity
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coefficients that correct the ideal nozzle speeds for non-ideal effects, and are fixed inputs.

Veore, ideal Ou, core
Vratio = C (63)
Vbypass, ideal Cv, bypass

The last design variable is the mass fraction of water extracted from the flow (e.g., a 0.5 fraction means
that 50% of the water vapour present in the exhaust flow is extracted). Depending on the specific case, as
further detailed below, this variable might represent only the extraction fraction in cruise, or across the four
design points. However, it will be a single design variable in all cases. This design variable is of course only
present in the cases with water recirculation.

Table 6.2: Description of the optimisation problem.

Variable Description Unit Quantity
minimise Mfyel, CRZ Fuel mass flow during cruise kg/s 1
by varying  Ilan Toc Fan pressure ratio at top of climb — 1
I pc, ToC LPC pressure ratio at top of climb — 1
OPRtoc Overall pressure ratio at top of climb — 1
T4 rTO Turbine inlet temperature at rolling take-off K 1
T4, ratio Ratio of T4 at TOP and RTO — 1
Vratio, CRZ Ratio of nozzle speeds in the core and bypass — 1
Xu,0 Water recovery mass fraction — 1
Total 7
subject to  Froc > 25.8 Thrust at top of climb kN 1
Dfn < 2.54 Fan diameter m 1
EINO <
XCRZ = NO, emissions index during cruise g/kg 1

60% E|NOXCRZ' 0

Total 3

The design variables are allowed to change within the bounds described in Table 6.3.

The optimisation is constrained with three inequality constraints. The first one is that the thrust level at top
of climb must be at least 25.8 kN, to ensure that the optimised engine still meets performance requirements.
The second constraint limits the fan diameter to a maximum of 2.54 m (100 inch), which is the size of
reference N+3 engine [5]. The third and last constraint is the NOx emissions index (EINOx) during cruise.
This constraint varies in magnitude for each of the optimisation cases. First, each case is optimised for fuel
consumption without any EINOx constraint, and then each case is re-optimised limiting the EINOx levels to
60% of the value obtained in the unconstrained optimisation. This is done such that the effects that limiting
emissions has on engine performance can be compared. The reason why a relative constraint is used, and
not an absolute one, is that the order of magnitude of the EINOx of Jet A engines is around 20x higher
than for H, engines; thus, a constraint that is below the unconstrained EINOx of H, would be unachievable
by the Jet A engine.

6.3.1. Optimisation Cases

The optimisation architecture described until now describes the general approach applicable to all cases.
However, some small fundamental differences in the engine architectures mean that two different optimisation
approaches are chosen for the dry and wet engines. This section contains a list of all the cases included in
the results section.
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Table 6.3: Bounds of the design variables in the optimisation problem.

Variable Unit Lower bound Upper bound

PRfan' TOC —_— 1.2 1.4
PRLpc, Toc — 2.5 4.0
OPRroc  —  40.0 70.0
T4, rTO K 1667 2000
T4, ratio — 0.5 0.95
Vratio, CRZ — 1.35 1.45
Xi1,0 — 0 07

For the dry engines, they are first optimised for minimum fuel flow during cruise, with no NOx constraint.
The NOx emissions at the optimised value are taken as a reference, and the engines are optimised again with
an added NOx constraint, set to 60% of the baseline value for each of the two engines. This is carried out
separately for two different fuels, Jet A and H,. This corresponds to the first four cases in Table 6.4.

For the wet engine, a different approach was chosen. The objective of the cases with water recirculation
was to understand whether the optimiser would attempt to reduce emissions by modifying the engine design
through the first six design variables (as in the dry cases), or if it would rely mostly on adding extra water.
For this, the engine is first optimised with the same set up as the dry engine, but with water extraction
fraction Xy,o as an added design variable. In this first case, the fraction was set to be equal across all four
design points (which implies different water mass flows in each point). This case is referred to as case JW.
This set-up is not necessarily optimal and is expected to yield a worse performing engine than if each of the
extraction fraction was optimised separately. However, it was chosen because 1) it provides a good baseline
for the second case, explained below; 2) since only the fuel consumption or NOx emissions of the cruise
point are part of the objective and constraints, the benefit of adding water in other off-design points was
not properly captured by the optimiser. In a more realistic and complex case, NOx emissions would also be
constrained in other flight phases, such as take-off, and the fuel consumption in other phases would probably
be included in a multi-objective optimisation approach. Thus, forcing the extraction fraction to be the same
across all four points provides a way to ensure water flow across all design points.

The NOx emissions of the optimised configuration from this case are taken as a reference, and the engine is
again re-optimised with an added NOx constraint set to 60% of the baseline value from case JW. However,
the design variables are modified in the re-optimisation. The second optimisation is performed fixing the
extraction fraction Xp,o in TOC, RTO, and SLS to the value found in case JW, and only the cruise extraction
fraction is optimised. The reasoning behind this is to focus on the effect that adding water has on the
performance and emissions of an off-design point (CRZ), while limiting the effect that the water injection
has on the sizing of the engine in the design point (TOC). Moreover, since the extraction fraction in cruise
is allowed to vary independently from the fraction at other design points, this allows to potentially have a
case with both lower emissions and better performance than case JW, were the fraction was the same across
all points. This case is referred to as case JWNa

Then, a third optimisation is performed; in this case, the extraction fraction across all four points is fixed
to the value found in case JW, and the engine is optimised with only the six design variables used in the
dry cases, but with the presence of a fixed amount of water recirculation and with the NOx constraint set
to 60% of the EINOx in case JW. This case is referred to as case JWNb. This case was added mostly to
show the benefit that extra water extraction (case JWNa) has with respect to simply modifying the engine
architecture to reduce emissions. The expected result is to have the same emissions as in case JWNa but
with a higher fuel flow.
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Table 6.4: List of the different optimisation cases of this project, along with their associated codes.

Case code Fuel

NOx constraint

Water fraction as design variable

JD Jet A
JDN Jet A
HD H,

HDN H,

JW Jet A
JWNa Jet A
JWNb Jet A

6.4. Optimiser

None
60% of JD
None
60% of HD

None
60% of JW
60% of JW

No water extraction
No water extraction
No water extraction
No water extraction

Yes — Xu,0
Yes — Xu,0, cRz
No — Xu,0 fixed to value of case JW

The optimiser used in this project is SNOPT (Sparse Nonlinear OPTimizer) [6]. SNOPT is an SQP (sequen-
tial quadratic programming) algorithm for constrained, gradient-based optimisation of linear and nonlinear
problems, and is well-suited for large, sparse problems. SNOPT is used in pyCycle through the pyOptSparse
interface [78], which is an open-source Python package that facilitates constrained, nonlinear optimisation,
and provides a unified interface for several optimisation algorithms, including SNOPT. pyOptSparse is inte-
grated into OpenMDAO (which pyCycle is based on), thus allowing direct use of SNOPT in pyCycle.

Table 6.5: Optimality and feasibility tolerances for all optimisation cases.

Optimality Feasibility

Tolerance

1076

10-¢



Optimisation Results and Comparison

This chapters contains the results of the optimisation cases presented in Chapter 6. The results will be
presented in four parts. The first part shows the optimisation results of the baseline engine architecture
with both fuels (Jet A and Hy). The second part contains the optimisation results of the engine with water
recirculation. The third section contains a comparison of the engine performance of all seven cases. The
fourth and last section shows the computational aspect of the simulations, specifically the simulation time
and number of iterations, and the effects that adding NOx constraints has on these.

7.1. Results of the Dry Cases

The results of the cases of the conventional turbofan engine without water recirculation are shown in Ta-
ble 7.1. As explained in Chapter 6, the optimisation was first run for each engine without a NOx constraint
(the columns labelled as 'Baseline’). The NOx emissions in those cases where then calculated, and the
optimisations were then re-run adding a constraint limiting the EINOx to be 60% of the baseline value (the
columns labelled as '60% NOx'). This approach of limiting the EINOx relative to the baseline value was
chosen over a common constraint for all engines because the NOx emissions of the engines with Jet A and
H, have different orders of magnitude.

Table 7.1: Results of the optimisations of the cases without water recirculation. A lower asterisk . represents an active lower bound
or > constraint, and a high asterisk represents an active upper bound or < constraint. The values in square brackets are reported for
completeness, but were not implemented as constraints.

Jet A - Dry H, - Dry
Baseline 60% EINOx Baseline 60% EINOx
(JD) (JDN) (HD) (HDN)
Objective el crz kg/s  0.2902 0.2936 0.10580 0.10584
Constraints EINOxcrz g/kg [25.12]  15.07* [1.214]  0.729*
Froc kN 25.8, 25.8, 25.8, 25.8.
Dtan m 2.54* 2.54* 2.54* 2.54*
Design variables  Ilt,, toc — 1.285 1.288 1.2883 1.2866
IMipc, Toc — 4* 4r 4r 4*
OPRtoc — 60.71 44.29 60.385 61.706
T4, rTO K 1796.2 1807.1 1786.7 1737.0
T4, ratio — 0.9102 0.9106 0.9154  0.9141
Viatio, c(RZ =~ — 1.35, 1.35, 1.35, 1.35,

For the Jet A case, reducing the NOx emissions by 40% only resulted in a 1.18% increase in fuel mass flow.
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This is an important result, because it shows that including emissions constraints during preliminary design
can lead to engine designs with reduced emissions without noticeable performance penalties.

For the Hy case, a 40% reduction in NOx emissions is much smaller in absolute value than for the Jet A
case, since the baseline emissions are lower. Thus, the increase in NOx emissions only represents a 0.036%
increase in fuel consumption, which is marginal.

It is interesting to note that all constraints are active in all four cases, showing that the optimiser always
tends to increase the fan diameter, and to reduce the thrust in the design point to the minimum. A few of
the design variable bounds are also always active, which is the case for the LPC pressure ratio (active upper
bound), and the nozzle velocity ratio (active lower bound).

The design variables, however, correspond to parameters of the design point (TOC) and RTO. The NOx
emission constraint applies only to cruise, so these design variables by themselves do not provide intuition
into what is causing the reduced emissions in cruise condition. Table 7.2 shows the burner conditions during
cruise, which are the inputs used by the surrogate model used to predict NOx emissions.

Table 7.2: Inputs to the emissions surrogate models for each of the cases without water recirculation.

Jet A - Dry H; - Dry

) . Baseline 60% EINOx Baseline 60% EINOx

Variable  Unit
(JD) (JDN) (HD) (HDN)

Ts K 852.73 772.54 855.67 858.32
Ps Pa  20.19-10° 14.72-10° 20.09 - 10° 20.54 - 10°
Mair kg/s 13.86 12.57 12.89 13.95
FAR — 0.0209 0.0234 0.00821 0.00759
bpz —  1.0737 1.2021 — —
bsz — 0.5497 0.6155 — —
10) — 0.3010 0.3370 0.2791 0.2581
A m? 0.0437 0.0547 0.0414 0.0430
L m 0.1835 0.1751 — —
EINOx g/kg 25.12 15.07 1.214 0.729

Looking at the results for the Jet A case, the most significant change is the reduction of the inlet temperature
(T3). This reduces the maximum temperature reached in the combustor, and thus reduces thermal NOx.
The fuel-to-air ratio therefore increases to compensate, but the overall result produces less NOx. The
combustor inlet pressure is reduced by around 25%. The reason for the reduction in pressure is mainly
because compression also implies a raise in temperature, so the optimiser reduces T3 by lowering the overall
compression ratio, rather than the direct effect of pressure on NOx formation, which is weak.

For the H,, since the absolute value of emissions does not need to reduce by, the overall design of the engine
stays reasonably similar between both optimisations. The reduction in NOx is likely due to the reduced FAR
in cruise, which causes a reduction in burner exit temperature (given that the inlet temperature only differs
by 3 K between both cases).

7.2. Results of the Cases with Water Recirculation

The next set of results corresponds to the turbofan engine with water recirculation. First, the engine was
optimised using the same design variables as in the dry cases, with the addition of the water extraction
fraction (setting the extraction fraction in all four design points to be the same), and the EINOx was
calculated at this point (case JW).
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In the second case (case JWNa), the optimisation was repeated but varying only the water extraction fraction
in cruise (along with the other design variables used in the dry cases), while fixing the water extraction fraction
for TOC, RTO, and SLS to the optimised value found in case JW. For this case, the NOx emissions were
constrained to be at most 60% of those in case JW. The idea behind this approach is to see whether the
optimiser reduces the emissions by varying the engine design mainly through the original design variables
(following the same trends as for the dry engine), or if it instead relies mainly on injecting more water.

The third case (case JWNb) corresponds to an optimisation using only the design variables from the dry
cases, while fixing all four water extraction ratios to the value found in case JW. As for the previous case,
the NOx emissions were constrained to be at most 60% of those in case JW. This case is mainly intended
as a comparison case, to see the difference in performance when the optimiser is not allowed to use more
water to reduce the emissions. These results are shown in Table 7.3.

Table 7.3: Results of the optimisations of the cases with water recirculation. A lower asterisk . represents an active lower bound or
> constraint, and a high asterisk represents an active upper bound or < constraint. The values in square brackets are reported for
completeness, but were not implemented as constraints or design variables.

Jet A - Wet
Baseline 60% EINOx 60% EINOx
(JW) (JWNa) (JWNb)

Objective Mfuel, CRZ kg/s 0.2896 0.2874 0.2912

Constraints EINOxcrz g/kg [31.58]  18.95* 18.95%
Froc kN 25.8, 25.8. 25.8,
Dean m 2.54* 2.54* 2.54*

Design variables  Ilg, Toc — 1.283 1.288 1.287
ipc, ToC — 4* 4* 4
OPRtoc — 56.77 40.00, 45.44
T4, rTO K 1796.86  1849.23 1870.38
T4, ratio — 0.9049 0.9052 0.9065
Vatio, CRZ — 1.35, 1.35, 1.35,
Xu,0, CRZ — 0.1027 0.1723 [0.1027]
X0, Toc/rTosLs  —  0.1027  [0.1027] [0.1027]

The trends of the design variables is similar to that observed in the dry cases, with all constraints being
active. The cases with constrained NOx emissions show lower overall pressure ratios, and higher T, at the
RTO point. For case JW, where the extraction ratio is set to be equal across all four design points, the
optimum extraction ratio is 0.1027 (i.e., 10.27% of the water vapour present in the exhaust gas is condenses
and recirculated). This value is rather low, but this result is caused by the different extraction ratios not
being allowed to vary independently, added to the fact that the objective and the NOx constraint only
correspond to one off-design point. For the second case, where the cruise extraction fraction is allowed
to vary independently, this value increases up to 0.1723. This results not only in the lower emissions, but
also in a lower fuel consumption during cruise, which means that the engine has both better performance
and better emissions. Of course, this does not mean that the optimum value for case JW was not a real
optimum, but rather it implies that allowing the water extraction ratios to vary independently leads to better
performance and lower emissions. It also shows that water extraction can be a way to reduce emissions while
also increasing the performance of the engine.

As for the dry cases, the cause of the reduction in NOx emissions during cruise can be better understood by
analysing the combustor conditions during cruise, which are shown in Table 7.4.

Looking at Table 7.4, both cases with NOx constraints (JWNa and JWNb) have a noticeably lower combustor
inlet temperature than the case optimised without NOx constraints, which has an important effect on reducing
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Table 7.4: Inputs to the emissions surrogate models for each of the cases with water recirculation.

Jet A - Wet

i . Baseline 60% EINOx 60% EINOx

Variable  Unit
(W) (JWNa) (JWNb)

T3 K 889.99 851.45 842.58
p3 Pa 18.89 - 10° 13.27 - 10° 15.10 - 10°
Tair kg/s 14.69 12.50 12.59
FAR — 0.0197 0.0230 0.0231
opz — 1.0121 1.1816 1.1867
bsz — 0.5181 0.6049 0.6076
10} — 0.2837 0.3312 0.3326
A m?2 0.0493 0.0614 0.0543
L m 0.1888 0.1808 0.1839
Mwater kg/s 0.0366 0.0659 0.0361
EINOx g/kg 31.58 18.95 18.95

emissions. The case where the water extraction in cruise is allowed to vary, the water mass flow is close to
double, which also contributes to lowering emissions (given that the overall mass flow is smaller, and the
FAR increases in a lower proportion). For the case where the water extraction is fixed, the combustor inlet
temperature is the lowest, to achieve the same emissions as in case JWNa without the extract water flow.

7.3. Comparison of Cases

The optimisation objective of both the hydrogen and Jet A cases was the fuel flow during cruise. However,
the magnitude of this objective is approximately three times bigger for Jet A than for H, due to their different
energy densities. This also implies that their thrust-specific fuel consumption (TSFC) values will differ in
magnitude. Thus, to do a more accurate analysis of the results between the two fuels, a different metric will
be used: the thrust-specific energy consumption. This metric, proposed by Adler and Martins [8], combines
the conventional TSFC [kg/N/s] with the lower heating value (LHV) [J/kg] of the fuel, resulting in the
thrust-specific energy consumption (TSEC) [J/N/s] shown in Equation 7.1. The LHV of Jet A is 43 MJ/kg,
and the LHV of H, is 120 MJ/kg.

TSEC = TSFC - LHV (7.1)

The TSFC and TSEC of each case is shown in Table 7.5. As it can be seen from the results, and as was
shown in previous sections, implementing NOx constraints increases the TSEC as expected. This happens
in all cases except one, case JWNa. In this case, the addition of extra water extraction during cruise yields
a better performance on top of the reduced emissions, which shows the benefits of water recirculation. The
results also show that the cases with water recirculation have lower TSEC and TSFC than the dry cases.
However, the cases were not set up to evaluate the full potential of water recirculation, but to evaluate the
NOx constraints on an engine with water recirculation. Thus, it is expected that if the water extraction
fractions are allowed to vary independently, even lower TSEC can be achieved in the water recirculation
cases, and as a result these TSEC values should not be used as an absolute comparison between dry and
wet engines.

Figure 7.1 shows the percentual difference in TSEC between each case with a NOx constraint compared to
its corresponding baseline case. As expected, constraining NOx emissions leads to a lower engine efficiency,
expect for case JWNa, where the increase in the water extraction fraction during cruise results in a lower
TSEC in addition to the reduced emissions. The increase in TSEC in the hydrogen case is much lower
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Table 7.5: Thrust-specific fuel and energy consumption of each of the seven cases analysed.

Jet A - Dry H; - Dry
Baseline (JD) 60% EINOx (JDN) Baseline (HD) 60% EINOx (HDN)
TSFC  [kg/N/s] 1.2498 - 10~ 1.2645 - 10~° 4.5565 - 10~¢ 4.5582 - 1076

TSEC  [J/N/s] 537.40 543.75 546.78 546.98
Jet A - Wet
Baseline (JW)  60% EINOx (JWNa) 60% EINOx (JWNb)
TSFC [kg/N/s]  1.2470 - 107° 1.2377 - 107° 1.2543 - 107°
TSEC  [J/N/s] 536.22 532.21 539.33

than in the Jet A case, but this a result of the fact that the hydrogen engine has a much lower baseline
emissions index than the Jet A case, so limiting the NOx constraint to 60% of the baseline value implies a
low reduction in NOx in absolute terms, which results in a very similar engine design in both the constrained
and unconstrained cases. Case JWNb, where the water extraction fraction is kept constant, results in half
the increase in TSEC compared to the dry case with Jet-A.

Change in TSEC for -40% NOx

+1.18%
+0.58%
+0.04%
-0.75%
JDN w.rt JD HDN w.r.t HD JWNa w.r.t JW JWNb w.rt JW

Figure 7.1: This figure shows the relative change in TSEC of each case with a NOx constraint compared to its corresponding
baseline case. Implementing NOx constraints results in higher specific fuel and energy consumption except in case JWNa, where the
addition of water during cruise offers an increase in efficiency while reducing emissions.

7.4. Computational Time and Number of Iterations

To close the results, it is important to analyse the effect that adding the NOx models has in the computation,
in terms of number of iterations, and optimisation time.

Figure 7.2 shows the evolution of the optimality and the feasibility of the four dry cases for each major
iteration. Adding the NOx constraint increases the number of major iterations for both the Jet A and H,
cases. However, when looking at the computational time, shown in Table 7.6, adding the NOx constraint
only increases the computational time by 3 minutes in the Jet A case, and results in a lower computational
time for the H, case.
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Figure 7.2: The addition of the surrogate model and the associated NOx constraint results in more iterations for both dry cases.

For the cases with water recirculation, the evolution of the optimality and feasibility is shown in Figure 7.3.
The wall time for these cases is also shown in Table 7.6. Each of these cases has different design variables,
and different starting points (cases JWNa and JWNb are started from the optimum point found in case JW,
since the water extraction fraction in JWNa and JWNb is set to that value), meaning that the comparison
of number of iterations and computational time between these cases is not as insightful as for the dry cases.
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Figure 7.3: The addition of the surrogate model and the associated NOx constraint results in less iterations for the case in which the
water extraction fraction is fixed (JWNb), but more iterations for the case in which the cruise extraction fraction is a design variable
(JWNa).

The reported time is the wall time of running the optimisations in a standard laptop with 6 Intel i7 cores,
and 16 GB of RAM. This wall time is only orientative, since a proper benchmark was not carried out, and
the CPU load while running each case was not collected. However, it still shows that adding a surrogate
model and a NOx constraint does not have a noticeable, negative effect on the computational cost of the
optimisations, with 4 out of the 6 optimisations using NOx constraints have lower wall times than the
corresponding optimisations without a NOx constraint.
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Table 7.6: Wall time of the optimisations, run in a standard laptop with 6 cores and 16 GB of RAM.

Jet A - Dry H; - Dry
Baseline 60% EINOx Baseline 60% EINOx
Wall time  [min] 35 39 41 28
Jet A - Wet
JW JWNa JWNb

Wall time  [min] 59 55 51



Conclusion

Current turbofan engine design trends are approaching practical limits due to maximum allowable material
temperatures in the turbines, and due to the exponential increase in NOx emissions at very high temperatures.
To solve this, new engine architectures or new fuels need to be considered, and NOx emissions need to be
part of the engine design cycle starting from its preliminary design.

To reach this goal, the research objective of this thesis was to

investigate the effects of including NOx emission constraints in gradient-based optimi-
sation of conventional and novel turbofan engines.

To achieve this, it was decided to use simplified chemical reactor networks to predict emissions. The use of
simplified network architectures allows to use them during preliminary design without the need of detailed
combustor or flow field geometry, posing a big advantage over CFD simulations. At the same time, these
networks still allow for great flexibility in terms of inputs and operating conditions, so as to effectively
analyse both conventional and unconventional designs with a level of accuracy that would not be possible
with simpler approaches such as analytical correlations.

Two separate models were created in this work, one for conventional Jet A combustors, based on an architec-
ture proposed by Villette et al. [1] consisting of three perfectly stirred reactors corresponding to the primary,
secondary, and dilution zones of the reactor; and one for hydrogen lean premixed combustors, based on an
architecture proposed by Talboom [2] consisting of four perfectly stirred reactors and one plug-flow reactor.

To use these models in a gradient-based optimisation framework, a surrogate model was created for each
of them. The surrogate models were created using the Surrogate Modelling Toolbox [3], which provides
analytical gradient information of the models. The models used the Kriging method, and the sampling
dataset was created with Latin hypercube sampling.

To test the approach in an optimisation, a multipoint optimisation of a turbofan engine was carried out
with pyCycle [4]. The baseline engine is based on the N+3 technology reference level by NASA [5], which
consists of a geared, two-spool, high bypass turbofan. The engine was first optimised separately for both
Jet A and hydrogen as fuels, to test the proposed methodology with conventional and unconventional fuels.
Additionally, an engine with a closed-loop water recirculation system was optimised to test the approach
with an unconventional architecture. For all of these cases, the optimisation was first performed without any
emissions constraints, and then a second optimisation was carried out limiting the NOx emissions to 60% of
the baseline value for each case.

The multipoint optimisation problem consisted of one design point (top of climb), and three off-design points
(take-off, sea level static, and cruise). The optimisation was performed using SNOPT [6], an SQP algorithm
for large, constrained, gradient-based optimisation problems.

The takeaways of this research were the following:
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e Simplified chemical reactor networks provide a good balance between accuracy and simplicity, allowing
more freedom during preliminary design than empirical correlations. At the same time, they do not rely
on detailed combustor geometry or flow field information that is necessary for more complex reactor
network approaches. (See Chapter 3 and Chapter 4.)

e Surrogate modelling allows to integrate chemical reactor networks with gradient-based tools to over-
come the lack of analytical gradients in tools like Cantera. They also offer other benefits, such as
faster model probing, and avoid convergence issues with the reactor networks. (See Chapter 5.)

e The optimisations achieved 40% reduction in NOx with a maximum penalty in fuel consumption of
only 1.2%. This means that significant reductions in NOx can be achieved with minimal penalties in
fuel consumption, which supports the use of NOx analysis and constraints during preliminary engine
design. (See Chapter 7.)

e In the analysed engine configurations, H; leads to NOx emissions that are 1 or 2 orders of magnitude
below those of Jet A engines. (See Chapter 7.)

e Water recirculation can reduce NOx emissions at the same time as improving engine performance. (See
Chapter 7.)

This thesis provides a working framework for gradient-based optimisation of conventional and novel engine
architectures including NOx emissions constraints. The proposed emissions models can be used as-is for
optimisation of engines using conventional Jet A combustors, or lean, premixed hydrogen combustors. The
presented test cases can be used as reference points to test engine architecture modifications.

Furthermore, the proposed framework offers ample flexibility at all levels. It allows independent modification
of the reactor networks, the surrogate modelling approach, or the optimisation problem. For example, the
proposed reactor networks can be used to optimise new engine configurations, or entirely new reactor networks
based on different combustor types can be tested using the proposed optimisation set-up.

While this project was focused on preliminary design, where limited information about combustor geometry
is usually available, the methodology can be used with arbitrarily more complex CRNs whenever the required
information is available to the user.



Future Recommendations

Developing methods and frameworks for preliminary design inherently requires a trade-off between applicabil-
ity and accuracy. The methods presented here are intended to offer the needed freedom during preliminary
design while maintaining as much accuracy in the trends as possible. However, this still comes with some
limitations in the framework. To conclude the work presented in this project, some recommendations for
improvements and future work are presented here.

e The chemical reactor network for the conventional Jet A combustor has four combustor-dependent
parameters that are expected to change for each engine. Since these parameters are not available from
pyCycle, they were tuned using the data from the three engines analysed in the original work were the
architecture was presented [1]. However, since this tuning is meant to generalise the applicability of
the network to any arbitrary engine, extending the tuning dataset from three to more engines would
potentially increase the accuracy of the NOx trends of the model.

e The chemical reactor network used for the hydrogen cases was based on a network that was built
and tuned to match the results of a experiment that was carried out in operating conditions different
from those of a gas turbine combustor (e.g., it was carried out at ambient pressure). While some
adjustments were made and the network was scaled to match the size of the combustor, the results
of this network could not be compared against real data from a full-sized combustor under normal
operating conditions. This kind of data for hydrogen combustors is currently very scarce, at least from
publicly available sources, but when more experimental data becomes available in the future, further
tuning and validation of the reactor network would likely increase the accuracy of the trends and the
confidence in the results.

e The water recirculation system used in this work was modelled in pyCycle by another author in a
previous project [27]. As explained in the original work, this model is a simplified implementation of a
water condenser and an injector. The change of phase of the water along this process and the pressure
drop associated with the system are not modelled. A more accurate implementation that calculates
the pressure drop as a function of the amount of water extracted would give more insight into the
overall effect on the engine of water recirculation.

e The current optimisation set-up only includes cruise fuel consumption as an objective, and only con-
straints NOx emissions during the cruise phase. However, a more realistic scenario would include NOx
emission limits also in the take-off face, or for the whole LTO (landing and take-off) cycle. The goal
of this project was focused on the methodology of implementing NOx constraints in gradient-based
optimisation, which was achieved with the proposed cases. However, this more complex set-up would
provide more insight into the optimal water extraction fractions across the different flights phases.
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Sensitivity Analysis of a Cantera Reactor

This appendix covers several relevant topics related to the behaviour of the Cantera models, which help
understand some of the approaches taken in this work. The first section covers the behaviour of the ignition
pulse used to ignite the reactors, and the second section provides a sensitivity analysis of a Cantera reactor
for the different input variables used in the models.

A.1. Ignition of the Mixture and Effects of the Igniter Pulse Shape

When analysing a combustor in Cantera, combustion ignition will not happen spontaneously unless the
temperature of the reactants is above the autoignition temperature (which is not the case for many of the
analysed conditions). Thus, combustion needs to be artificially triggered in the simulation.

The preferred method for this is to inject a pulse of hydrogen atoms into the combustors. These atoms,
which are highly reacting free radicals, trigger the combustion reactions in the mechanism and lead to an
increase in temperature. If the amount of hydrogen atoms injected is enough, the temperature will rise
enough such that combustion will continue happening even if the hydrogen injection is cut.

This hydrogen pulse is not present in the real combustor, it is an artificial method used in Cantera. Thus,
if the injection of hydrogen atoms were continuous, it would affect the steady state of the simulation and
thus the simulation results. However, as said before, the injection of hydrogen can be cut once the mixture
has been ignited. After this, the simulation is converged to steady state, such that the effect of hydrogen
injection disappears. For this, the mass flow of the igniter is set to be a time-dependent pulse.

The pulse is defined by two main considerations: the total amount of hydrogen injected and the width of
the pulse over which it is injected. A higher amount of hydrogen will lead to better ignition results, and
a narrower pulse will also lead to a higher successful ignition rate (for a narrower pulse, more hydrogen is
present inside the reactor at any one time, so more of the reactor content reacts). Thus, the profile of the
pulse needs to be chosen such that ignition is successfully achieved.

It is also important to verify that this artificial pulse does not affect the steady state results; the simulation
needs to converge to steady state after the pulse is turned off. To prove that the effects of the pulse do
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Figure A.1: The shape of the pulse affects the transient behaviour of the simulation, but does not affect the steady-state results as
long as ignition is successfully achieved.
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no affect the steady state results, a reactor with a fixed set of initial conditions (composition, temperature,
pressure, etc.) was ignited with pulses with different hydrogen amounts and pulse widths. The results of
this are shown in Figure A.1.

The results clearly show that the shape of the pulse affects the transient behaviour of the simulation signifi-
cantly. However, it also shows that all the successfully ignited simulations converge to the same final value,
so the shape of the ignition pulse does not have an effect on the converged result beyond causing ignition.
The analysis also shows that if the pulse is not strong enough (too little total hydrogen mass, or too wide
of a pulse), the combustion will not be sustained and the model will return to initial conditions.

A.2. Sensitivity of the Input Parameters

It is also important to understand the behaviour of a reactor with different input conditions. This information
can help to understand the effects that making modification to the network will have, and it can also help to
spot errors in the implementation of the network. A sensitivity analysis using a single perfectly stirred reactor
was performed. The reaction mechanism used was Luche's mechanism [65], using n-decane (nCyoHx,) as
fuel, and air as oxidiser. The basic conditions of the reactor are shown in Table A.1. Each of the input
parameters was then varied independently to understand the effect on the reactor properties. In all cases the
characteristics of the ignition pulse are kept constant, to understand the effect that the parameters have on
successfully establishing ignition in the reactor.

Table A.1: Baseline conditions of the reactor used for the sensitivity analysis.

Parameter Unit Value

T K 600
p atm 1
Mair kg/s 1
¢ — 1
\% m?3 1

The first parameter analysed is the inlet temperature. As expected, the results in Figure A.2 show that
an increase in inlet temperature results in an increase in exit temperature. The results also show that
Cantera can capture self-ignition if the temperature is high enough. In those cases, the mixture ignites
instantly without the need of an ignition pulse. However, the pulse was still present in those simulations for
consistency, and the transient effect of the ignition pulse (a temperature rise centred around the 2-second
mark, where the ignition pulse is centred) can be seen.
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Figure A.2: Increasing inlet temperatures result in higher exit temperatures, and might trigger autoignition in the reactor.

The second parameter analysed is the inlet pressure. In this case, the igniter mass was also varied for each
pressure level. This was done to should an example of the coupled effect of the igniter parameters and the
input parameters on the transient behaviour of ignition. The results show that a higher inlet pressure results
in a higher exit temperature, but with a more moderate effect compared to that seen with the inlet pressure.
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An increase in pressure also hinders ignition of the mixture, again due to the higher mass in the reactor for
a higher pressure.
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Figure A.3: Higher pressures result in marginal gains in combustion temperature, but also hinder ignition due to the higher reactor
mass.

The next parameter analysed is the mass flow. The results are shown in Figure A.4. Increasing the mass
flow has a minimal but negative effect in the outlet temperature, with the temperature dropping by a few
Kelvin. If the mass flow is increased further, it can make ignition unsuccessful.
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Figure A.4: Increasing the mass flow has a very small negative effect on exit temperature, and can also negatively affect ignition.

The effect of changing the equivalence ratio is shown in Figure A.5. The behaviour of the results is as
expected: the highest temperature is seen for equivalence ratios slightly above 1 (the stoichiometric ratio),
decreasing for both higher and lower equivalence ratios.

The same results, including only the final temperature, are shown in Figure A.6, but presented in the
traditional manner: temperature versus equivalence ratio. This graph shows the same behaviour more
clearly, with the maximum temperature at an equivalence ratio slightly above stoichiometry.

The last parameter analysed is the combustor volume, with the results shown in Figure A.7. A very low
combustor volume will result in a low residence time and consequently in incomplete combustion, leading to
reduced exit temperatures. Increasing the volume causes the residence time to increase, thus allowing for more
complete combustion, and resulting in the exit temperature approaching the adiabatic flame temperature.
However, when the volume is increased beyond a certain point, ignition fails. This is due to the fact that
the starting mass of the reactor is proportional to the volume (since T and p are fixed), so the amount of
hydrogen injected for ignition becomes insufficient.
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Figure A.5: The equivalence ratio behaves as expected, with the highest temperature being around stoichiometric conditions.
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Figure A.6: The maximum temperature happens at an equivalence ratio slightly above 1, decreasing for both lower and higher
equivalence ratios.
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Figure A.7: Increasing the combustor volume results in higher residence times and therefore more complete combustion, but
increasing the reactor volume (and thus its mass content) beyond a certain point can make ignition unsuccessful.



Hydrogen Engine with Water Recirculation

This appendix contains all the information and results regarding the hydrogen combustor with water recir-
culation. A hydrogen engine with water recirculation was not included in the final set of results, but was
investigated during this work, so it is added here for completeness and for reference.

B.1. Extension of the Cantera Model for Water Recirculation

The model for a hydrogen combustor with water injection is based in the model from Section 4.3, to which
water injection was added by adding a mass flow controller that connects a reservoir with 100% water vapour,

and feeds it to the mixer reactor. The mass flow rate associated with the mass flow controller is left as an
input to the model. The diagram with the architecture of the reactor is shown in Figure B.1.

Air
Post-flame Plug-flow Exhaust
reactor
—
Fuel — Mixer Flame Recirculation
—
Water Igniter
g - ~
—» Mass flow controller

Val Reactor Reservoir
alve \ J
o J

Figure B.1: The architecture of the CRN of the hydrogen combustor with water injection is the same as for the dry hydrogen
combustor, with the addition of a water reservoir that feeds into the mixer reactor.

B.2. Surrogate Model

The background theory and the procedure for the generation of the surrogate models is described in Chapter 5,
as well as the specifics regarding the sampling of the Cantera models. Table B.1 shows the bounds of the
sampling variables for the hydrogen combustor model with water injection.

For this model, the error flattens at 18 points per variable (108 total points), thus this number of sampling

points was selected. As was done for the other models, once the number of sampling points per variable was
selected, a new set of points using Latin hypercube sampling was created for the model.
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Table B.1: Bounds of the sampling intervals for each of the input functions of the H, surrogate model.

RMSE
[a/kgl 6

Parameter Unit Lower bound Upper bound
Ts K 600 1000

P3 Pa 14eb 25eb

Mair kg/s 8 20

FAR — 0.005 0.012

A m? 0.02 0.08

Mwater kg/s 0 15

H, model with water injection
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100

120

140 160 180

Number of training samples

Figure B.2: The error of the Hy model with water injection starts to flatten at 18 sampling points per variable (108 total sampling

B.3. Optimisation Results

points).

The optimisation performed here is analogous to case JW described in Chapter 6, where the water extraction
fraction is the same across all four design points. The results are shown in Table B.2.

Table B.2: Results of the optimisation of a hydrogen turbofan with water recirculation. A lower asterisk . represents an active lower
bound or > constraint, and a high asterisk represents an active upper bound or < constraint. The values in square brackets are
reported for completeness, but were not implemented as constraints or design variables.

H, - Wet

Objective

Constraints

Design variables

mfuel, CRZ

E|NOXCRZ

Froc
Dfan

Ifan, Toc
i pc, Toc
OPRtoc
T4 rTO
T4, ratio
Vatio, CRZ
XH,0

kg/s
g/ke

kN
m

0.10511

[0.6255]
258,
2.54*

1.284
4"
53.00
1766.38
0.9066
1.35,
0.0833

The combustor conditions that are inputs to the surrogate model are shown in Table B.3. The water
extraction fraction is lower than for the Jet A engine. However, given that hydrogen engines have more
water content in the exhaust gas, the absolute value of the extracted water mass flow is approximately twice
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higher than that of the Jet A engine during cruise. The NOx emissions are very low compared to the Jet A
engines, similarly to what was observed in the dry engines. The combustor inlet temperature for this case is
the highest among all analysed cases in this work, but the FAR ratio is also the lowest, which helps offset
the rise in NOx that a higher T3 would entail. The NOx emissions are lower than for the dry H, engine,
which was not the case for the Jet A engine.

Table B.3: Inputs to the emissions surrogate models for each of the cases with water recirculation.

H, - Wet
T, K 927.88
p3 Pa 17.66
Mair kg/s 14.90
FAR — 0.00705
P —  0.2397
A m? 0.0537

Mwater kg/S 0.0736

EINOx g/kg 0.6255
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