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Abstract

This thesis presents the development of a novel data-driven approach to analyse flexibility in complex
engineering systems design under uncertainty, with a focus on Deep Reinforcement Learning. The
proposed approach complements existing methodologies particularly for concept generation and
design space exploration. The procedure, in contrast to others, allows for the systematic evaluation of
more sources of uncertainty and flexibility enablers by exploiting the power of neural network
function approximation. The validity of the methodology is incrementally tested through three
primary case studies. Firstly, an infrastructure system which exhibits tensions between modular
deployment and economies of scale. Results show substantial improvements in economic value
compared to all benchmarks. Statistical analysis of the generated flexibility strategy confirm the
development of more dynamic and creative solutions than through alternatives Secondly, the design
of a waste to energy system is tackled, coordinating decision-making across different plants in the
city. Results confirmed significantly improved expected value under uncertainty as compared to
benchmarks. A larger decision making space can be considered through the proposed approach,
further enhancing performance under uncertainty, and highlighting its value for highly dimensional
problems. Accordingly, the first ever design and planning of mobile micro-grid energy systems for
nomadic communities is conducted, a highly complex problem. The results show substantial
improvements in economic feasibility, system sustainability, and resilience metrics. A novel
computational framework for data-driven analysis and formulation of policy tools under uncertainty is
also presented and applied to the mobile energy system case study in line with ambitious
governmental decarbonization and energy access objectives. Finally, a distributional perspective is
considered to more dynamically tailor flexibility strategies to project specific risk-tolerance levels.
Several avenues for interpretability are presented, providing a roadmap for practical use. Nonetheless,
further work is necessary to continue refining and validating the novel approach to maximize its

future impact.
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Chapter 1

1 Introduction

1.1 Recognizing Uncertainty in Engineering Systems Design

Engineering design can be defined as “establishing and defining solutions or pertinent structures for
problems not solved before, as well as new solutions to problems which have previously been solved
in a different way”'. It is an essential phase in an engineering project, as decision made during design
can lead to major impacts on a products overall cost, with more limited opportunities for change after
the initial stages®. Recent years have been marked by evolving challenges in the design and planning
of engineering systems which provide critical services to society such as transportation, power,
healthcare, and telecommunications, among others. These complexities naturally arise from the
changing operational parameters required by these systems throughout their long lifetime. In turn,
they can impact performance across several important metrics through systemic dependencies

between markets, policy, regulators, and technology?. More formally, these impacts may be driven by
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both the probability of making mistakes in the assumptions during the design phase (i.e. material
properties, component dependencies) or from external events which impact final system performance

(i.e. market dynamics, political developments, climate change).

Climate change, pandemics, evolving economies, terrorism, and innovation are just a few sources of
uncertainty an engineering system and design framework of the future must be prepared to deal with -
typically classified as either epistemic or aleatoric *. Epistemic uncertainty is primarily concerned
with inputs to the model and subsequent propagation of errors through system boundaries, thus can be
minimized through appropriate feasibility studies and increasing data availability on a specific system.
Aleatoric uncertainty, on the other hand, is exogenous to the engineering system and as a result may

be irreducible, given its realization is outside the control of system designers and operators.

Uncertainty can impact the performance of an engineering system negatively or positively, depending
on the evolution of the most essential variables °. Advances in probability theory, for instance, have
been found to yield improved predictive accuracy for these variables and events — particularly through
the development of data-driven methods. Uncertainty in the context of an engineering design problem
may in fact be defined as making up the difference between the knowledge available to decision
makers and that necessary to optimally plan the system®. As such, it may also impact the degree and

simplicity of adapting a future system based on changing requirements or operational parameters.

Complex engineering systems design must inherently address uncertainty, but an important issue
motivating this study is that current approaches are not leading to readily flexible and adaptable
systems- increasingly important in today’s world. System designs are often optimized using
deterministic assumptions for market, environmental conditions, regulations, and technologies,
making them rapidly sub-optimal if operational conditions change. Industry often invests vast efforts
to take advantage of economies of scale, thereby committing large resources upfront to reduce unit
costs, while such resources may not be fully utilized in the future depending on market realizations.
Such strategies often lead to overly rigid engineering systems, which do not make best use of limited

resources, and may be unable to quickly adapt and reconfigure following important disruptions.

These issues have given rise to a number of underperforming engineering systems — even important
failures — in the face of uncertainty, despite well-functioning technologies. Consider for instance the
development of the Iridium satellite cell phone system’ developed in the 1990s by Motorola ® to
provide wireless cell-phone service anywhere on the planet. Decision makers failed to recognize
market uncertainty in its deployment, assuming everyone would want to switch to the Iridium
product. Based on a deterministic analysis, the full capacity for the system was deployed right away at
a very high total cost. Ultimately, the anticipated demand did not even close to materialize as land-

based cellphones grew increasingly popular, leading the system to be sold in bankruptcy for a fraction
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of the initial investment costs. Many other similar examples exist, such as IUT Global in Singapore ¥,

Ghost Cities ? in China, or the high-speed railway (i.e. HS2) in the UK '° — among others.

1.2 Flexibility, Sustainability, and Resilience

Flexibility has recently emerged as a potentially unifying and powerful paradigm to address the
impact of uncertainty on the design process, allowing a system to capture more upside opportunities
while reducing downside exposure!!. The definition of flexibility used in this thesis, inspired from real
options theory, is the “right, but not the obligation, to change a system in the face of uncertainty”!>!3,
This definition, therefore, extends past the technical domain to consider managerial decision-making
as an enabler of valuable flexibility during operations. The higher the associated level of uncertainty,
generally the more enhanced the value of embedding flexibility into the system is in terms of expected

performance!®. Flexibility, therefore, changes the objective from optimizing for a fixed “design point”

operation to solutions that maintain strong performance across the entire distribution of outcomes.

The explicit consideration of uncertainty provided through flexibility may also have important
implications for the integration of sustainability and resilience objectives. Sustainability is most
commonly defined as a “development that meets the needs of the present without compromising the
ability of future generations to meet their own needs”'. Resilience, for the purpose of this thesis, can
be defined as the “capacity of a system to absorb disturbance and reorganize while undergoing change
to retain essentially the same function, structure, and identity”!®. These are key considerations for
future engineering systems considering ambitious global targets such as the United Nations
Sustainable Development Goals (UN SDGs)!”. In fact, important synergies can be found between
flexibility, sustainability, and resilience. Improved allocation efficiency and adaptability to
uncertainty are key drivers of flexibility, while representing essential objectives for sustainability and
resilience- as captured graphically in Figure 1.1. Linking these objectives is particularly relevant in
light of the UN SDGs, as designers and decision makers must look past traditional technical
assessment to consider the holistic performance of a engineering system solution — a challenging task

given the many tensions and computational limitations involved %,
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Figure 1.1: Flexibility, Sustainability and Resilience overlap

In light of the complexity and interactions associated among them, however, current design tools and
frameworks are not well suited for the systematic integration of these important principles across an
engineering system lifecycle. As a result, there is a substantial gap between their perceived and actual
value under uncertainty'®. This is driven by the inherent difficulty in predicting future scenarios,
leading decision makers to often prioritize short-term financial targets or perform overly narrow
evaluations where these concepts are not explicitly optimized. Based on these data and computational
limitations, optimization of technical or economic metrics is normally prioritized in engineering
systems, with limited scope or consideration of uncertainty in the early stages of the design decision
making process'®. Ultimately, this leads to reduced expected value across many multidisciplinary

metrics®, with systems highly vulnerable to the potential impacts of climate change?!.

Several frameworks for designing engineering systems based on resilience or sustainability have been
developed in the past, but limited examples can be found integrating the two concepts. The two
objectives are generally agreed to present significant overlap, but they can also be at tension with each
other, and thus are not normally combined in the design and optimization stage - outside of specific
applications. This may be due to locational factors, as countries where the risk of disaster is generally
lower have prioritized sustainability with respect to resilience and vice versa, or computational
limitations associated with a multi-objective evaluation®**. Resilience is partially and implicitly
integrated in several sustainability assessment design frameworks considering an inclusion of system
ability to maintain performance as a result of climate change consequences and vulnerability?>-2%,
Some promising attempts have also been made to incorporate sustainability into resilience assessment
frameworks, particularly in the civil infrastructure or geo-technical engineering sectors where the link

between the two is stronger 2%, The majority of the more quantitative based frameworks extend the

life-cycle costs analysis to include environmental impacts of various designs and operational policies
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303234 A few qualitative systems design frameworks have also been developed but with limited
application as they tend to be quite abstract and/or domain specific?!*>37. The integration of
sustainability or resilience with an analysis of flexibility and/or real options for systems engineering

design has been very limited thus far and no example is found holistically incorporating all three?*4!,

1.3 The Role of Flexibility Moving Forward

Flexibility in Design is a paradigm which is not yet fully exploited in the engineering community,
based on several reasons. Decision makers often improperly estimate the added value it may bring to a
project, while the costs are readily evident. Typical project evaluation approaches for engineering
systems tend to be based on likely scenario predictions for major uncertainty drivers and Discounted
Cash Flow (DCF) analysis, which is not able to account for the value of decision making over the
project lifetime*. Nevertheless, both qualitative and quantitative tools exist to identify possible
strategies and estimate their value. These are very important as they help bridge the gap between the
perceived and actual value of embedding flexibility within a design, increasing the likelihood for
decision makers to recognize their importance. Real options analysis (ROA) lies at foundation of
Flexibility in Design, suggesting some general strategies such as abandonment, capacity expansion,
altering of operating scale or staged capacity deployment- which are applicable across general
infrastructure projects **. These methods have been shown to improve overall expected system
performance in several previous studies across different engineering systems, typically by at least 10-
30% #4432 Tn order to maintain reasonable computational expense, however, previous studies
normally consider only one objective, while limiting the sources of uncertainty and flexibility

decisions evaluated **.

In light of the above, energy systems can be seen as both an important historical motivating example
and potential impactful application area for these concepts. On one hand, transmission networks have
usually been built via a cost minimization approach, with lowest required ratings to meet technical
standards, and are thus highly vulnerable to a number of factors ***°. For instance, they are normally
built above ground rather than below, leading to reduced reliability in the case of an extreme weather
event. Similarly, they have often been planned with large fossil fuel generators supplying energy to
cities which are quite far away, leading to very significant transmission losses and associated
emissions. This creates a decreased reliability of service in case of any fault, as discussed above, as
well as high sensitivity to input prices and operational requirements. Through the appropriate
consideration of flexibility, however, it may be possible to invest more in the initial infrastructure to
allow expansion of transmission capacity as needed in different sections of the grid. More sources of
renewable energy and storage could thus be integrated over time based on network capacity and
technical limitations. This allows an improved adaptability by system operators to respond to
changing demand profiles and weather conditions — likely ultimately achieving decreased expected

costs and overall enhanced resilience and sustainability.
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Driven by a high degree of uncertainties experienced, several other opportunities arise for
implementing flexibility concepts in the early design phases of future energy infrastructure
investments. Globally over 940 million people still do not have access to electricity, which has
important effects on issues such as education, economic development, productivity and health among
others . The cost of rural electrification via grid extension in low-income countries has become a
major limiting factor in achieving energy access targets, and more modular capacity building may
provide a better approach for investment capital limited settings . The technical characteristics of

3760 suggest they can cost-

these systems, as well as promising results from previous studies
effectively yield substantial improvements on sustainability and resilience metrics for achieving

electrification compared to centralized deployment— given appropriate considerations of flexibility.

More advanced approaches have historically relied upon decision analysis, as well as Dynamic (DP)
and Stochastic programming (SP). The value of flexibility in these methods is normally estimated as
the difference in expected performance between the baseline and flexible design solutions. These
tools, however, build upon a number of assumptions on path independence, knowledge of precise
probability distributions, and market conditions such as arbitrage enforced pricing®. As such, they are
usually unsuitable for implementation in an engineering setting, as decisions made during early design
phases influence the techno-economic feasibility of various lifetime measures®'. Furthermore, results

are of limited relevance if realised uncertainties deviate from predicted scenarios.

A promising approach to analyze engineering systems for flexibility is to exploit a decision rule (DR)
formulation. DRs are akin to if-then-else statements e.g., if demand exceeds a certain threshold, then
expand capacity, else do nothing. An important benefit from this formulation is that it combines both
physical and managerial aspects into an elegant and succinct formulation, making it rather intuitive to
use by system operators and decision-makers. It can be used with advanced optimization techniques to
identify the best system design configurations. DRs act like signposts, or triggering mechanisms, that
help operators identify the conditions when it is best to exercise flexibility in operations. It is
important, however, to carefully enable the flexibility to be used in operations via decision rules in
early design activities, from an engineering standpoint. Several studies have shown the benefits of
such approach to flexibility analysis, as compared to standard ROA based purely on DP or SP %64,
One issue with the approach, however, is that DRs are often generated by system designers based on a
limited set of standard real option strategies. They are elicited through designers’ expertise with a
system, using for instance creativity techniques like brainstorming or prompting *°, and are not likely
to completely explore the available design space. Thus, they may not include potential combinations,

designs, timings, rules, and strategies to enhance the value of the system under uncertainty.

The strengths and weaknesses of current approaches are succinctly summarized in Figure 1.2 below.

The graphic suggests that a data-driven perspective is likely to contribute substantially to the field,
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allowing for a deeper exploration of the potential design solution space under uncertainty. The use of
neural networks to capture approximate flexibility strategies, in particular, is compatible with a much
greater dimensionality than possible with standard methods — as well as more realistic assumptions to
engineering systems in practice. These advantages are key motivations for the objectives of this

thesis, and they are explored in more detail in the following section.

Strengths Limitations
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Figure 1.2: Analysis of trade-offs motivating the development of a new method in the field.

1.4 The Potential for Data-Driven Approaches and Machine Learning

Prior to the work presented in this thesis, flexibility design tools presented significant limitations on
scope, applicability and integration into holistic systems engineering methods, which may potentially
be addressed by the emergence of Machine Learning (ML) and data driven approaches. On one side,
Flexibility in Design methods generally do not fully integrate or directly link sustainability and
resilience objectives within their overall evaluative processes, partly to maintain problem tractability
and computational feasibility **%°. These objectives present a significant amount of overlap for the
reasons discussed in 1.2, and as such evaluating them together in the early stages of the project can
improve performance and budget allocation efficiency. On the other side, they must usually be
combined with some engineering creativity methods to generate flexibility strategies outside the
standard real options framework. In fact, these methods are often focused on simply estimating the

value of flexibility in a system, aiming to determine if it is a worthwhile investment.
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Tractability and creativity limitations of standard flexibility in design methods, combined with the
increased digitalization and emergence of newly available datasets, highlight the potential for ML in
this field. By extracting useful patterns out of large datasets and increasing the ability to tackle high
dimensional problems with neural network (NN) function approximation, the role of ML within
engineering design offers great promise®®. ML techniques may also be used to identify alternative
system configurations, allowing a more systematic exploration of the design space data with a broader
scope and through a combinatory evaluation not possible with human agents. Using ML can help to
mitigate risks and uncertainty in the design process at lower computational costs than traditional
approaches, yielding enhanced and adaptable infrastructure systems which are more resilient and

economically viable in the face of climate change across a wide range of scenarios .

Reinforcement Learning (RL) in particular has shown great promise in ability to handle time-
dependent control tasks and outperform alternative state of the art methods which are outside the
scope of traditional MLS7, This is partly due to enhanced ability to incorporate physics models and
expert knowledge of design space compared to supervised learning methods®. Recent notable
industry applications range from data centre energy management’® or search engine optimization’! by
Google, to general purpose Large Language Models by OpenAlI’? or Meta’?, among others. Their
results point to the potential for addressing very complex problems through this approach.
Furthermore, RL is very well suited to the sequential-decision making nature of flexibility analysis
under uncertainty, able to learn effective strategies through a very large number of interactions®’. A
deep reinforcement learning (DRL) formulation to flexibility analysis enables an agent (i.e., the
system operator) to analyze different strategies based on a heuristic learning process. Accordingly, it
can learn the best actions under different conditions through statistical training over many samples.
Consequently, DRL may help identify new dynamic adaptation strategies from the data, as opposed to
relying solely on those elicited from standard real options and flexibility in design methods. It enables
uncovering different combinations, timings, and flexible designs that may not be considered explicitly

by system designers, thereby expanding and improving the design space exploration process.

1.5 Motivation Summary

Table 1 below presents a general summary of proposed methodological gap tackled by this thesis,
based on the issues discussed thus far in this chapter . The motivation and contribution are discussed
in more detail in 1.6 below. They are based on a thorough review of the literature presented in
Chapter 2 where each field and corresponding relevant works are presented in more detail in their
respective sections. Nonetheless, this high-level summary is shown here to provide some early
intuition on the context and overall objectives guiding the methodological developments presented in

this thesis.
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Table 1: Overview of research motivation driving this thesis, with the works cited further explored

and discussed in Chapter 2.
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1.6 Research Objectives and Contributions

1.6.1 Summary and Research Objectives

The paradigms of flexibility, sustainability and resilience in engineering design are yet to be
integrated in a comprehensive manner as part of a framework which can systematically explore the
design space of a system to capture their value, particularly under uncertainty. Flexibility evaluation
tools based on ROA can provide useful quantitative metrics, but are limited by unrealistic
assumptions and the curse of dimensionality, as discussed in 1.3. DRs, while, more intuitive in nature,
normally require potential flexibility strategies to be pre-selected and must be combined with
creativity tools for end-to-end solutions. Thus, they are potentially missing out on optimal alternatives
that may exist from available data, or in combinations that may not be intuitive to consider for system

designers outside of generic strategies. ML techniques are still relatively underexploited in this area
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but show great potential to address some of the data and computational limitations imposed by
existing methods in Flexibility in Design. ML may be used to combine these methods in different
ways by exploring the data more systematically, leading to more complementary solution procedures

to analyse flexibility under uncertainty.

DRL offers the most promising methodological solution in the field of complex systems engineering
design and planning. The sequential decision-making nature of the RL problem may be an
improvement to DP as well as complementary to other evaluation techniques, with more flexibility on
assumptions taken and dimensionality of the problem. Particularly interesting is considering the
conceptual integration of RL with the DR approach from ROA, as it provides a more intuitive and
simpler means to understand the internal analysis performed by the learning agent, while stimulating
creativity on alternative strategies through a deeper exploration of the solution space. The theoretical
common ground shared with standard methods allows a more straightforward solution procedure to be
created based on current common flexibility evaluation methods. This helps to address some of the
concerns on “black-box” calculations performed by ML techniques, while leveraging the
computational power of neural networks to provide a usable set of guidelines. The overarching

research question motivating the work presented in this thesis is thus as follows:

How can a data-driven based approach to analyse flexibility in engineering systems design under

uncertainty best complement existing methods in the field?

This questions is of great interest to the scientific and industrial communities in ML, Systems Design,
and Renewable Energy in general as the potential of DRL for such a task remains unexplored. In
order to progressively validate this hypothesis, the broader topic is divided into a set of more specific
research questions. Together, they highlight the originality and contributions of this thesis to the field,
and rigorously evaluate the proposed approach for different criteria and potential applications. The

chapter where each research question is primarily addressed is highlighted in bold.

e RQI: How can ML and other data-driven methods add value across the different phases of the
Flexibility in Design Framework? (Chapter 3)

e RQ2: Can DRL be used to analyse flexibility in engineering systems design under uncertainty
as part of a standardized process? (Chapter 3)

e ROQ3: Is it possible for DRL to outperform existing methods in Flexibility in Design on a
well-known proof of concept case study? (Chapter 4)

e RQ4: Does the proposed data-driven approach enhance expected value through flexibility
even for more complex and higher dimensional engineering systems design problems?

(Chapter 5)
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e RQS5: What are the computational limitations of DRL in terms of case study complexity and
can it handle design problems that have never been tackled with alternative methods?
(Chapter 6)

e RQ6: What novel techniques may be explored to improve the interpretability of the proposed
approach and enhance acceptability in practice? (Chapter 4, Chapter 5, Chapter 6)

e RQ7: What other valuable application areas are possible with the proposed approach outside
of direct flexibility evaluations? (Chapter 7)

e RQS8: How can risk profiles be integrated through a DRL formulation in a more dynamic and

systematic way than currently possible with alternative methods? (Chapter 8)

1.6.2 Challenges

This thesis presents the development of a novel approach to analyse flexibility in engineering systems
based on a data-driven perspective. The framework proposed allows for a more realistic evaluation of
complex engineering systems in the early design phases, leveraging flexibility concepts to enhance
sustainability and resilience objectives - while still capturing the financial realities of these
investments. Based on the analysis of available literature, it represents a significant advancement in
the state-of-the-art, substantially increasing its scope and applicability across different decision-
makers and designers of engineering systems. The main objective of this thesis was to develop a novel
computational data-driven approach to analyse flexibility in complex engineering systems under
uncertainty more deeply, aiming to complement existing methods. The proposed approach ought to be
compatible for the planning of different engineering systems, although the energy space is deemed of
particular interest due to its abundant data availability, potential value of flexibility, and impact on
sustainable development. The primary challenges and improvement in targeted properties for the
novel approach proposed in this thesis are further summarised below, all as compared to current state

of the art methods, as well as where in the document they are primarily addressed.

1. Effectiveness: the data-driven methodology employed should yield more optimal or better
expected performance solutions under uncertainty than alternative approaches.
o This is addressed in all chapters of the thesis, as any solution obtained via the
proposed approach is benchmarked with relevant existing methods.

o ROQI, RQ2, and RQ3 are the primary drivers for this contribution objective.
2. Dimensionality: the proposed approach should be able to handle more sources of uncertainty,

flexibility decisions, and objectives.

o This is progressively addressed from Chapter 4 to Chapter 7, as each case study
tackled presents higher dimensionality and uncertainty space than the former,
although it is a point of focus throughout the work.

o RQ3, R0O4, and RQS are the primary drivers for this contribution objective.
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3. Creativity: the framework and methodology should yield alternative timings, decisions, and
strategies through a data-driven exploration than with existing methods.

o Several approaches are explored to exploit the additional strategy creativity resulting
from a deeper design space exploration, mainly from Chapter 4 to Chapter 6.

o RQ6 is the primary driver for this contribution objective.

4. Adaptability: the method should be easily adaptable to different kinds of engineering systems
as well as to the prioritization of different objectives.

o The case studies tackled from Chapter 4 to Chapter 6 represent very different types
and scales of engineering systems, showing the adaptability of the proposed
approach. The work in Chapter 7 also shows it can be extended outside of direct
engineering design to policy-tool formulation objectives.

o RQ3.R0O4, RS, and RQ7 are the primary drivers for this contribution objective.

5. Acceptability: decision makers should be willing to implement the developed framework and
methods in practice, particularly in light of general resistance to “black-box” optimization.

o This is a common theme throughout the thesis and a point which was stressed from
the very beginning of the PhD project. Different methods are explored across the
chapters, providing several interesting avenues for interpreting outputs from the DRL
models. Chapter 4 to Chapter 6 each showcase a different approach for
acceptability and interpretability under risk-neutral objectives, while Chapter 8
introduces a distributional perspective for improved risk tolerance integration.

o RQ6 and RQS are the primary drivers for this contribution objective.

1.7 Thesis Structure and Overview

The structure of this thesis is generally summarised by a description of each chapter below.

Chapter 2 presents an overview of the background and relevant literature to the objectives of this
thesis. It explores in further depth the field of Flexibility in Design and available computational
methods, including their advantages and limitations. This is followed by a brief general review of ML
and its applications in engineering design, with a more in-depth presentation of the mathematical,
theoretical, and practical background of RL techniques, which are most relevant to this work. A brief
review of previous attempts at designing for sustainability and resilience via alternative methods is

also introduced.

Chapter 3 proposes the novel framework and procedure for a data-driven Flexibility in Design
method. The role of different ML methods is explored across phases of the design framework,
although the focus is on the development of DRL flexibility analysis. This includes how to identify

engineering systems where this may be particularly valuable, the problem formulation sequence, and
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the methodological procedure employed to feasibly reach a solution. It summarizes the core

methodological advances proposed and analyses them from a holistic implementation perspective.

Chapter 4 firstly validates how the proposed framework may be applied on a simpler proof-of-
concept infrastructure system under uncertainty, which has been repeatedly used as a benchmark in
Flexibility in Design. Results are extensively compared to state of the art, primarily along the desired
properties discussed in 1.6. The proposed method is shown to significantly outperform alternatives.

Limitations and opportunities for further research are also discussed based on these outputs.

Chapter 5 expands on the findings from Chapter 4 by tackling the significantly more complex case
study of the design of a Waste-to-Energy (WTE) plant network commissioned by the city of
Singapore. As opposed to the proof of concept from Chapter 4, several more sources of uncertainty
are introduced, and flexibility decisions are expanded to include a spatial component across different
sectors of the city. This also marks a shift in the algorithmic approach implemented, in line with the

general literature on DRL discussed in Chapter 2.

Chapter 6 further stresses the feasibility of the proposed approach by presenting the first ever design
and planning optimization of a mobile energy supply system for nomadic communities in Mongolia.
This case study is of much higher dimensionality than any previously evaluated with Flexibility in
Design methods, showcasing important results across economic performance, sustainability, and
resilience. A sensitivity analysis on the impact of the potential development of market-support

instruments is also initially explored here.

Chapter 7, originally inspired by the policy-tool sensitivity analysis presented in Chapter 6, focuses
on the development of a novel computational framework for the data-driven formulation of policy-
making tools under uncertainty. This novel approach is also based on DRL but is adapted to represent
governmental and institutional perspectives. The case study tackled is primarily based on that detailed
in Chapter 6, although potential policy cases are refined to be most relevant to national targets. The
results show how this kind of analysis can contribute to enabling energy access for rural communities

worldwide, particularly those following a migratory lifestyle.

Chapter 8 more closely examines the implementation of this method in practice, starting with a
consideration of the parameters and constraints used to formulate the problem. In order to better
captures decision makers differing risk profiles, a distributional approach to DRL is implemented to
optimise metrics which are more closely related to the risk-tolerance of a particular investment. This
is only explored on the proof-of-concept case-study from Chapter 4 due to the significant
computational expense associated, and as risk-profile integration was not the primary motivation for
the proposed approach. The results are very promising, providing the desired distributional shift, and

outlining a blueprint for implementation on other case studies.
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Chapter 9 concludes the work presented in this thesis, leading to several future research possibilities
to expand and improve on the contributions provided in related areas. It presents a more holistic
evaluation of the outputs of this thesis in practice, based on the findings from all the above sections.
Trade-offs with alternative state of the art methods are discussed along issues with reward metric
selection, intuition for algorithmic performance, implications for generalizability under uncertainty,

and overall applicability in industry.

1.8 Publications and Collaborations
Some of the work presented in this thesis was also included in the following peer-reviewed journal
and conference publications and conference proceedings. They are listed in chronological order below

as well as which chapters they contribute to, respectively.

e Caputo, C. and Cardin, M-A. 2020. A machine learning based framework for the design and
evaluation of flexible, sustainable, and resilient energy systems under uncertainty. Supergen
Energy Networks Hub Risk Day, March 4th, Glasgow

o Chapter 3

e Caputo, C. and Cardin, M-A. 2020. An Approach to Analyze Flexibility in Engineering
Systems Design based on Reinforcement Learning and Decision Rules. Proceedings of the
2021 IISE Annual Conference, May 25th, Virtual.

o Chapter 3, Chapter 4

e Caputo, C., & Cardin, M. (2021). The role of Machine Learning for Flexibility and Real
Options Analysis in Engineering Systems Design. Proceedings of the Design Society, 1,
3121-3130. https://doi.org/10.1017/pds.2021.573

o Chapter 3, Chapter 8

e Caputo, C., and Cardin, M. (September 21, 2021). "Analyzing Real Options and Flexibility in
Engineering Systems Design Using Decision Rules and Deep Reinforcement Learning."

ASME. J. Mech. Des. February 2022; 144(2): 021705. https://doi.org/10.1115/1.4052299

o Special issue on “Al for Engineering Design”
= https://asmedigitalcollection.asme.org/mechanicaldesign/article/144/2/02030
1/1128870/Special-Issue-Artificial-Intelligence-and
o Chapter 5

e Caputo, C. et.al (2022). “Energy System Evolution Strategies for Mobile Micro-grids through
Deep Reinforcement Learning” Al Futures Conference, June 14th, London.
o Chapter 6
e Caputo C, Cardin M-A, Korre A, et al., 2022, Energy System Evolution Strategies for Mobile
Micro-grids using Deep Reinforcement Learning Flexibility Analysis, 32nd European

Conference on Operational Research (EURO 2022), Espoo, Finland
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o Chapter 6
e Ge P, Caputo C, Teng F, et al., 2022, A Wireless-Assisted Hierarchical Framework to
Accommodate Mobile Energy Resources, IEEE International Conference on
Communications, Control, and Computing Technologies for Smart Grids (SmartGridComm),
Singapore
o Chapter 6, Chapter 7
e (Cesare Caputo, Michel-Alexandre Cardin, Pudong Ge, Fei Teng, Anna Korre, Ehecatl
Antonio del Rio Chanona, Design and planning of flexible mobile Micro-Grids using Deep
Reinforcement Learning, Applied Energy, Volume 335, 2023,120707,ISSN 0306-2619,
https://doi.org/10.1016/j.apenergy.2023.120707.
o Chapter 6

o Cesare Caputo, Pudong Ge, Michel-Alexandre Cardin, Pudong Ge, Fei Teng, Anna Korre,
Ehecatl Antonio del Rio Chanona, Enabling Nomadic Energy Access via Plug and Play
control and Deep Reinforcement Learning, Submitted to Nature Energy (under review)

o Chapter 7

e Cesare Caputo, Michel-Alexandre Cardin, Ehecatl Antonio del Rio Chanona. Risk Sensitive
Flexibility Analysis of Engineering Systems under uncertainty via Distributional Deep
Reinforcement Learning. To be submitted to Nature Machine Intelligence (in progress)

o Chapter 8

Outside of the above publications, I helped supervised many interesting MSc. projects with relevance
to the overall objectives of the thesis. The main authors and project titles are summarised here, and
while not all of them could be integrated the thesis directly, they provided crucial contributions and
we are thankful to have had the opportunity to collaborate on these topics. In cases where material
from collaboration is used (only applicable to Chapter 6 and Chapter 8), it is explicitly stated and
appropriately credited.

e Joshua Anderson. “Design and analysis of flexible multi-layer staged deployment for satellite
mega-constellations under demand uncertainty”. Department of Design Engineering.
o Primary supervisor: Dr. Michel-Alexandre Cardin
e Jingui Wu. “The impact of time step resolution on Deep Reinforcement Learning for
Engineering Systems Design and Planning”. Department of Computing.
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performance through Deep Reinforcement Learning Flexibility Analysis on engineering
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2 Background and Related Work

This chapter begins with a fundamental review of the field of Flexibility in Design. A brief
background on ML is presented, with a stronger emphasis on DRL theory and application. It should
be noted that this is not comprehensive given the varied fields covered. A more general overview of

Flexibility in Design can be found in®' while the foundational material on RL is presented in full by ¢”.

2.1 Flexibility in Design

2.1.1 Origins and Real Options

A flexible design provides the potential for changeability of a system under different and
unpredictable conditions, through inclusion of some potential strategy into the system itself. One of
the most comprehensive reviews of flexibility in engineering design is that found in ', which builds
upon the definition of flexibility as “enabling a system to change easily in the face of uncertainty”
from a technical and technological standpoint “®. This will be the definition used in this thesis,
although the aim will be to also expand it to include social and environmental perspectives, when
possible, in order to allow compatibility with the UN SDGs. Therefore, flexibility comes from
inclusions in the original technical design of some measures to allow change, as well as the ability to
actually enact on this at some point during the project and yield the desired modifications ®'. The

ability to enact on this flexibility measure is akin to the definition of a “real option”"*.

A real option “in” the system is composed of the specific factors in design and management which
allow the enhancement of flexibility during system operation, or exercising the real option “on” the
system °1-888 Real options theory stems from financial literature theory, and thus gives an array of
quantitative methods to objectively evaluate the value of flexibility under different scenarios, which
allows better comparison of alternative design concepts. The distributional shift in expected
performance which these tools seek to produce is shown in Figure 2.1, reducing downside exposure
and better positioning for upside potential. This is captured in the tail ends of the distribution (i.e. P5
and P95) which, while perhaps less likely to happen, can cause the largest deviations from predicted
performance — although still looking for an overall improvement in expected value. Real option
theory, however, is limited in that it can only suggest generic design alternatives that are able to
enhance flexibility, with limited consideration of the holistic system, thus must be combined with

Flexibility in Design methodologies to yield complete, better performing solutions*!,
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Figure 2.1: Example cumulative distribution functions for conceptual baseline and flexible systems

design concepts, using NPV as lifecycle performance metric®!.

2.1.2 Definition and Framework

An important distinction between Real Options and Flexibility in Design is that the former focuses on
quantifying the value of flexibility — effectively aiming to price real options — while the latter focuses
on developing methods and procedures to embed flexibility in engineering systems design, as a value-
enhancing mechanism. Both fields go hand in hand, since one enables quantification of the value of
flexibility that is designed early on in each system. Flexibility in Design relies on value quantification
in a similar fashion as in real options theory, but more as a mechanism to rank order possible design
alternatives to support the decision-making process, and less to find the right “price” for the real

options. It adapts the theory of real options to accommodate the needs of industry practice!®.

Previous works have generally attempted at structuring designing for flexibility through a sequential
process workflow in order to provide standardized and reproducible procedure*®**°!, In the most
recent framework and taxonomy presented in ®', five main phases are recognized for a flexible design
process, as captured in Figure 2.2. Baseline design in 1), conducted with traditional optimisation
methods, is necessary to provide a point of comparison and understand relative performance of output
designs. Procedures in this phase can help to generate new design solutions °2, enrich current
information on available solutions like axiomatic design * or help navigate the design process, such
as in concurrent design®'. Concept-Knowledge theory, function based failure analysis and Bayesian
architecture generation are some further methods which can be used to conceptually navigate the
design space and yield a set of baseline designs essential for flexibility analysis®**. Uncertainty
recognition in 2) is essential and can be a defining factor in the design of a project under stochastic
conditions, as estimates from this phase may skew results towards largely unrealistic conditions or ill-
prepare designs for realized scenarios®. Practical approaches to model them then can include
stochastic simulation-based diffusion models, binomial lattice, decision trees and scenario planning.

The selection of input parameters, assumptions and mathematical approaches can have a significant
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effect on predictive accuracy of these models, with different techniques better suited to handle
different types of uncertainties or design problems, although with all presenting some important
limitations. Phase 3) then involves generating performance-enhancing system design concepts
leveraging flexibility, followed by 4) design space exploration and optimization. The framework is
embedded within a holistic phase 5) to enable seamlessly the design process among relevant
stakeholders. Out of these phases, this thesis is deemed to make the greatest impact on Concept

Generation and Design Space Exploration, as further detailed below.

1) Baseline
Design

4) Design

2
Space ]

5) Process Uncertainty

Exploration Management Recognition

3) Concept
ration

Figure 2.2: Flexibility in Design Framework

2.1.3 Creativity and Concept Generation

Creativity is essential for systems engineering, helping to identify alternative solutions and strategies
to solve the specific design problem. Its integration within overall flexibility design methods,
however, remains fairly limited ***7. Creativity in design must be looked at within the bounds of a
product’s or systems functional requirements, creating complex trade-offs between stimulus for

novelty and adherence to original objectives®®®.

The tools available for concept generation, with a particular focus on enhancing system flexibility,
can be quite varied ranging from qualitative to computational approaches and can be further split into
strategy generation and enabler identification ¢'. These two parts are complementary as they both
must be present to some degree to allow for the exercising of system flexibility under uncertainty on a
particular system. During the strategy generation phase, there are a number of generic real options
strategies which can be used to guide creativity in this phase such as : (1) defer capital investment
until favourable market conditions arise, (2) stage or phase asset deployment strategically over time
instead of deploying all capacity at once, (3) alter operating scale by expanding or contracting output

production capacity, (4) abandon a project doomed to fail and resell assets at salvage value, (5) switch
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production inputs and/or outputs to accommodate different markets or missions, (6) invest in R&D to
capitalize on future technology and cash flows if the initial investment is successful, and/or (7)
combine the above . Creativity then stems from the need to understand how to integrate these
approaches into the specific system hand. The Integrated Real Options Framework formalized this
latter step by mapping potential measures to uncertainty drivers. The logical multiple domain matrix
is an extension of this work to generate concepts for flexibility via a more holistic analysis of

interactions among domains'®.

In terms of enabler identification, a variety of approaches are also present. An initial starting point
may be product or system safeguards, connecting modularity to degree of uncertainty as shown by!°! .
Another commonly used tool in this phase is the Design Structure Matrix (DSM). The DSM consists
of listing system components in the rows and columns of a square matrix in order to map out
dependencies and relationships among them. It is often used in combination with Change Propagation
Analysis (CPA) to understand the response of different design variables to changes in design or
functional requirements and identify candidate areas for value enhancing flexibility!*® . The method
has been previously successfully extended to include non-technical domains (e.g., Engineering
Systems Matrix from!®) as well as Bayesian network analysis!®, however the effort and level of
detail required to build this representation can be limiting. A similar analytical approach is followed
when using the Theory of Inventive Problem Solving in the context of designing for change to
identify candidate areas for modularization'®. The Filtered outdegree method assigns a value to the
perceived degree of changeability of a system, with possible end states filtered based on a transition
cost function and CPA '%. While this method is most useful for measuring flexibility in a system, it
can also help identify enablers through embedding of real options when combined with CPA or other
techniques, essentially serving to decrease the cost of transition in the outdegree. Explicit design
variable evaluation is another option, consisting of identifying the main design variables involved in
the system and quantitatively evaluating their impact on lifetime performance, helping to identify the

most impactful changes®!!%7

. The key trend, however, is that these tools are lacking a way to
systematically explore the available data in order to enhance sustainability and resilience objectives

through flexibility, likely leading to underexploited value enhancing strategies for the system.

2.1.4 Design Space Exploration

Following the generation of flexible design concepts in 3), potential strategies must be evaluated on a
comparative basis to understand what the best performing solutions may be in the system at hand.
Dynamic (DP) and stochastic programming (SP) are alternative solution methods to ROA for
flexibility evaluation in decision-making problems under uncertainty. They seek to compute an
optimal policy in form of maximization of the recursive Bellman reward equation, normally as part of
decision analysis by dividing a complex problem into a sequence of simpler subproblems ¢7!%. DP is

better suited to handle infinite horizons problems or ones with large number of stages compared to SP,
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however both are limited by data inefficiency, memory storage requirements and dimensionality '®.
Binomial lattice methods are similar conceptually to DP, other than the fact that uncertainty either
goes up or down following each stage. The value of flexibility in these methods is normally estimated
as the difference in expected performance between the baseline and flexible design solutions. These
methods, however, present a number of assumptions on path independence, knowledge of precise
probability distributions and market conditions such as arbitrage enforced pricing which make it
generally unsuitable for implementation in an engineering design setting®!', Path independence
assumes that the value of a system at a particular state or node is the same regardless of the sequence

11 This is often not the case in

of operations preceding it to reduce the number of possible outcomes
engineering systems, particularly as decisions made during early design phases can affect technical
and economic feasibility of various measures throughout the project. Furthermore, results are of
limited relevance if realised uncertainties deviate from model scenarios®®. Other approaches have been

proposed in recent years to help address these limitations such as screening methods!!?

or design
catalogues'!®. Drawbacks of these techniques, however, may include model resolution loss, limited
guarantee of solution optimality, and difficulties with estimating aggregate preferences to calculate

expected utility in a design context®!.

2.1.5 Decision Rule Formulation

One issue with the above approaches is that the decision to exercise flexibility is difficult to use in
real-world operations. Among others, the folding back process in DP (i.e. starting from the end and
folding back to initial time) is often criticized as not intuitive and difficult to implement in practice .
The decision rule is essentially based on Bellman’s expected reward maximization, and therefore does
not provide much flexibility in terms of implementing other rules. It may also prove challenging in
operations to identify the corresponding system state in a decision tree or lattice and determine the

next best decision.

To address these issues, a decision rules approach to flexibility analysis was proposed recently, and
slowly taking precedence in the field %%, Flexibility Decision Rules (FDR) are typically employed in
stochastic programming and robust optimization to alleviate intractability in the computational
problems created. They include condition-go (akin to the if~then-else formulation), zero order, linear,
and safety-first rules ''*. In the context of flexibility analysis, decision rules are not just mathematical
tricks, they take on a full managerial meaning, giving intuitive policies as to when flexibility should
be exercised, and how. An example FDR formulation may be that “if demand reaches threshold o,
then expand capacity by f, else do nothing”. Given that the decision may be evaluated a regular time
intervals, the problem can be modeled as a multi-stage stochastic programming or robust optimization
problem, to identify the best values for decision rule variable a and design variable f over the problem
time horizon !'!. This formulation leads to intuitive policies readily applicable in operations and

connects tightly what is done to the physical design to enable the flexibility early on to how it is
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managed in operations. The approach has been shown previously to quantify the value of flexibility in

a similar manner as standard real option approaches 62882,

A decision rule formulation is embedded within the definition of a flexible system design concept,
which comprises both a strategy and an enabler ®'. During early conceptual design activities,
designers can choose a strategy to deal flexibly with certain uncertainty sources (e.g., price, demand)
by considering standard real options (e.g., abandonment, expansion, etc.). They must also identify
how to enable flexibility in the early design phases, which includes considering both physical design
aspects and a policy to determine when it is best to exercise the flexibility during operations (i.e., the
decision rule). Historical examples, however, show that there is no “one-size-fits-all” solution to
design flexible systems. Different systems face different uncertainty sources and require different
design configurations. Hence, a combination of creativity, guidance, and expertise is needed to

identify the best strategies and enablers to embed valuable flexibility in a particular system!.

The DR method is, however, fairly static in nature in the sense that the DR are normally determined at
project start and not adjusted thereafter. Thus, while it allows some degree of flexibility as it permits
system response to realized scenarios and trends, it is incomplete in that it does not allow more
adaptive decision making and optimization of performance, only making limited use of observations

and reducing potential flexibility value from embedded measures '°.

2.2 Machine Learning and Deep Learning

2.2.1 Background

ML is the general term describing the field of study of using algorithms and computational power to
extract usable models and patterns out of empirical data, although definitions vary widely '°.
Generally, it can be categorized into supervised and unsupervised learning and there is an abundance
of potential algorithms available!'®!'7. Supervised learning provides labelled datasets to predict their
relationship and is primarily used in classification and regression. Unsupervised learning instead seeks
to find patterns and distributions from unlabelled data and can be used in clustering or feature
extraction applications, among others. The recent resurgence of ML can be primarily attributed to the
breakthrough in “Deep Learning” with the implementation of a hierarchical feature extraction through

neural networks (NNs) '8,

This layer by layer learning structure within a network allows for much more complex feature
extraction than possible when using raw inputs directly, which combined with advances in data
availability and computing power have allowed very important results to come out of this field '"°.
The universal approximation theorem, in fact, yields that any continuous function can be estimated
with various levels of precision by a neural network through changing the number of neurons with at

120

least one hidden layer'<’. The input to each layer after the first is normally composed of a weighted

sum from the previous one, transformed via a generally nonlinear activation function to link the
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information between different layers and perform the calculations!'®!"°, Tt may consist of several
layers — hence the name “deep”. Throughout training, these weights between layers are thus updated
to optimize some loss function defined initially, normally using gradient information across the
layers!!®!1%121 'The scalar values captured in each layer are typically called units or neurons. The
intuition behind the value of neural networks is their ability to decompose higher lever features into
smaller ones found in raw inputs, combining distributed representation with end to end
training®!1%12%, The complexity and depth of the network architectures is based on trade-offs among

granularity of the approximated representation, computational limitations, and ease of training.

2.2.2 Optimization and Key Features

The optimization of NN parameters is generally based on variations of gradient-descent optimization.
Firstly, a batch of inputs is used to implement a forward pass through the network layers, generating
the corresponding desired outputs. A loss function is then computed, with a corresponding gradient
across all network parameters, in the form of partial derivatives. Iterating from the output layer, the
chain rule allows for the sequential calculation of gradients in a backward pass, all the way to the
input layer. This process, known as backpropagation, is fundamental to the efficient training of NNs.
The computation of derivatives, in particular, is performed through automatic differentiation, which is

able to estimate them even in the lack of an analytical or user-defined derivative functions'?’.

Several variations of vanilla gradient descent now exist which can speed up convergence. They
include techniques such as momentum, to exploit gradient information from previous updates, or the
computation of second order derivatives to based network updated on more information. Their
purpose is generally to address noisy gradients, reduce chances of getting stuck in local minima, and
ultimately improve training efficiency or wall-clock time. Stochastic Gradient Descent (SGD)'%,
AdaGrad'?®, Adam'?*, and RMSprop'?® are some of the most commonly implemented approaches,

although the field continues to evolve.

Rather than using the entire dataset, computations are typically performed in smaller batches, helping
to address memory limitations, and exploiting modern computational parallelization possibilities. As
deeper networks are implemented, vanishing gradients (increasingly smaller values) may become
problematic, particularly depending on the activation functions used. These are typically non-linear to
allow for enhanced expressivity, with ReL U (rectified linear unit), sigmoid (logistic), and tanh
(hyperbolic tangent) among some of the most popular. Depending on how the different layers are
connected, they may referred to as multilayer perceptron (MLP), convolutional neural network
(CNN), recurrent neural network (RNN) or long short-term memory network (LSTM), with each
architecture appropriate for specific tasks !'®!"°, The final output layer is normally characterized by a
probability distribution, generally exploiting either a logistic function or softmax for targeted discrete

outputs. Continuous domains, on the other hand, tend to implement a multi-variate Gaussian
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distribution to generalize to higher dimensionality of problems tackled'"” — although other alternatives

are possible.

2.2.3 Machine Learning for Engineering Design

The potential of ML and data driven methodologies to enhance the systems design process is of great
interest, and examples of applications within the engineering design space are abundant, but they tend
to be fairly limited in scope'?. There has been great success working with and extracting patterns out
of time series data and increasing prediction and simulation accuracy®. These models can handle
much larger data sets than would be feasible with conventional approaches to reproduce the behaviour
of complex non-linear systems, often with much better computational efficiency than analytical
solutions. In the engineering space, this may be useful to predict operating conditions for a system and
better characterize the technical requirements to meet project objectives throughout its lifetime. In the
energy space, the increasing amount of data has created a number of potential and successful use
cases, particularly in prediction and scheduling for improved uncertainty recognition ''7:12’_ In the
design space exploration and optimization phase, classification algorithms can be used to identify
appropriate regions of feasible design space among a number of candidate solutions. This is normally
done through finding the values for some specific variables that satisfy a number of constraints while
potentially optimizing an objective function at the same time, which is an example of an inverse
design problem '?®. These approaches have been particularly useful when trying to map sub-design
problems at different levels of the system'?. Mapping the boundaries of the feasible design space can
help guide engineers on more efficient exploration of the space while limiting the need for
computationally expensive simulations at every stage. This has been important in reliability-based
design to optimize the analysis efficiency on high dimensional problems such as in additive
manufacturing, materials design, aircraft wings, communication systems and structural design among
others 21 Tmage processing has been particularly important in optimization tasks in computational
fluid dynamics and process engineering settings to optimize and efficiently evaluate features such as

turbulence or mixing ratio in reactions with relatively lower level inputs 3!,

Support Vector Machines, Random forests, Gaussian Naive Bayes and ANNs are some of the
prevalent ML techniques previously used for engineering design, comparatively evaluated by'* on
several different application problems. The findings from their study suggest that while no approach is
universally dominant, these techniques hold significant potential in helping to facilitate and speed up
design space exploration across various disciplines. The success stories of these applications have,
however, been heavily dependent on the quality and quantity of data fed to the network, which tends
to require significant time-intensive data pre-processing to avoid issues such as bias or overfitting,
among others. The majority of applications so far have, therefore, focused on increased accuracy of
prediction, scenarios, surrogate modelling, and classification as inputs into design but have yet to be

integrated into an end-to-end design process to stimulate creativity about alternative flexibilities or

45|Page



strategies. On the other hand, the creativity assessment work by * is interesting, where ML is used to
automatically rank a large number of designs collected via a crowdsourcing platform on novelty and
feasibility with 3 separate ANN, which showed some of the creative limitation of this approach. There
has been some concerns on the practical applicability of these methods for decision makers due to the
“black-box” computation process, whereby there can be millions of operations happening between

input and output of which limited people can claim a complete understanding of *.

132 on the intersection between ML and computational creativity, the authors

Finally, in the review by
argue that while the most obvious use of ML would be as a means of increasing exploratory
creativity, there are a number of other potential applications. For instance, classification or regression
could be used to learn the evaluative or objective function to be used in the design optimization
procedure, thus developing a new way to analyse the system at hand. Another application could be
using predictive models to generate new designs or solutions based on incomplete ones
(combinational creativity), which could be extended to learning the generative model directly

(exploratory creativity). Data mining is also argued to be useful for discovering nonobvious links

among system components and the resulting implications for design.

2.3 Deep Reinforcement Learning
2.3.1 Background and Notation

2.3.1.1 Markov Decision Processes

The mathematics and theory behind DR formulation and solution procedures are closely related to a
Markov Decision Process (MDP), which characterizes the typical RL problem. MDP is the standard
learning framework for sequential interactions between an agent and its environment. MDPs are an
extension of Markov chains, augmented by actions selection possibilities with the aim of reward
maximization'*. As such, they are typically characterized by an action space A, a state space S, a
state transition probability distribution P, and a reward function R. Generally, at each time step t, the
agent finds itself at state s¢, and selects an action a® following a decision-making policy 7. This
policy maps different state observations to probabilities of action selection such that ( st| al). As a
result of taking the action, the agent transitions to a successive state st*1 receiving a corresponding

scalar reward rt*t1

, which are governed by the environment’s dynamics and reward function
R(st,ab), respectively 7. The objective of the agent is to maximize discounted expected reward G, =
Y% 07" R4y from each state s¢. A discount factor y € [0,1) serves to bound the sum of rewards in
infinite episodes, while also prioritizing short term rewards over long term ones, akin to the approach
used in financial modeling for NPV calculations !**. The sequential decision-making process which

captures the reinforcement learning problem is thus shown in Figure 2.3.
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Figure 2.3: DRL agent-environment sequential interaction framework.

Typically, MDPs assume that Markov states are present, meaning that no further information such as
history of previous states is needed to solve for and implement optimal decision-making policies. In
other words, we want the state at a time step to be a good enough representation of the problem for
selecting the best actions in each scenario (also known as the Markov property). Given the former
assumptions are satisfied, an RL problem can be formulated as an MDP defined by the tuple

(S, A,P,R,v). Note that in practice, however, the internal environment states may differ from the
ones provided to the agent to improve convergence performance. Furthermore, while most RL
algorithms imply Markov states, the environments and classes of problem tackled by this thesis are
usually partially observable MDPs due to the high degree of uncertainty experienced®’. Nonetheless,

for simplicity, the Markov property is assumed to hold in most available RL implementations.

In episodic environments, these interactions continue until the agent reaches a user defined terminal
state, at which point it restarts, although infinite horizon environments are also present in several
applications (i.e., operating a building demand response system). In a flexibility planning application,
an episode is equivalent to a simulation of the full project horizon. In training, the agent is fed a wide
range of scenarios where they apply policy © through many sequential interactions, with typically
randomized state initialization s°. These interactions are at the core of the learning process, as over
time the agent gradually improves the accuracy of expected value estimations for either each state
V,:(s?) or state-action pair Q,(st, at) under policy 7. Ultimately, the aim is to develop an optimal
decision-making policy 7t*, as captured in (2.1), which maximizes discounted accumulated rewards
per episode. It is possible to develop either deterministic policies where the action is a direct function
or the state (a = m(s)), or stochastic ones which yield a probability distribution over the actions
available in that state (r (a |s)= P [a’ = a|s = s]). This is further discussed in the following

sections and application case studies.
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m* = argmax, E; ) [ztﬂ‘%(st ) at)] = argmax, E; q(p) zk_oyk Rt*k 2.1

The generic MDP formulation is very similar to a decision rule approach in flexibility analysis, since
the if-then-else structure needs first to determine the current state (i.e., observation of uncertain
variable like demand or price) and take on certain actions (e.g., expand capacity, shut down
operations) that will lead to a future state, with the goal of maximizing a certain discounted reward
(e.g., cumulative profits) over time. In their conventional form, however, MDPs are only well suited
for low dimensionality action and state spaces, as Markovian transition matrices can scale
exponentially, with significant degradations in computational feasibility of policy evaluation at each
decision step %7133, The primary difference between MDPs in RL and DRL is highlighted in Figure
2.3, whereby the decision-making policy 7 is stored in a tabular format in the former, while it is
approximated through a neural network with parameters 6 in the latter - as further elaborated in 2.3.2.
In MDPs, in fact, the output decision is obtained by looking it up in a table of predefined state action
pairs, while in DRL the output decision is found by using the state observation as the input into a

neural network parametrized policy, leading to more dynamic decision-making possibilities.

2.3.1.2 Model-based Value and Policy Iteration

Generally, “a policy 7 is defined to be better than or equal to a policy 7" if its expected return is
greater than or equal to that of 7w’ for all states”®”. The optimal policy 7 *is thus the one that is better or
equal to all the alternatives, implying there may be more than one optimal policy in some problems,
all denoted as *. Historically, the RL problem formulated as an MDP employs either value or policy
iteration to compute optimal policies, similar as for DP®’. Note, however, that these methods assume
that we have a perfect and complete model of the environments MDP. Consequently, they are both
guaranteed to eventually converge to the optimal policy. While these were not directly implemented
in this thesis, they are briefly described here as their logic and mathematical foundation is important

to understand more advanced DRL agents and their policy optimisation process.

Policy iteration begins with the initialization of an arbitrary policy m. The first step then involves
calculating performance of this initial policy 7(s) through the state value function shown in (2.2), also
known as the Bellman expectation equation. Secondly, we find an improved policy 7'(s) by selecting
actions that maximize improvements in the value function V;(s) using one-step look-ahead. This one
step look-ahead approach is used to quickly estimate the performance of different policy variations
aiming to improve the performance of subsequent iterations. The original policy 7(s) is thus replaced
by the improved policy 7'(s), and the policy evaluation and improvement steps are iteratively
repeated until convergence to the optimal policy *. This also guarantees convergence to the optimal

state-value function, V*(s), for all s € S, shown in (2.3).
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In value iteration, on the other hand, the state-value function from (2.2) is iteratively computed. A
random V() is initiated and then updated at each step using one step-look ahead to seek maximum
values. The primary difference to policy iteration is then that the maximum is taken over a// potential
actions in that state. Therefore, it combines the evaluation and improvement steps into a single update
step, iteratively estimating all possible cumulative rewards. The final optimal value function from
(2.3) is then the same as that obtained through policy iteration. This implies that they will also

converge to the same optimal policy *, which follows the trajectory of the highest value estimates.

Vo (s) = EL[R™! + yV (st*1) | s = st (2.2)

V*(s) = Vy(s) = max V. (s) (2.3)

2.3.1.3 Tabular Methods for Model-free RL

The state-action value function (or Q function) expands on the former by decomposing the value of
each action in each state, as shown in (2.4). Assuming the existence of a deterministic optimal policy,
the optimal state-action value function can then be found according to (2.5) forall s € S and a € A.
Crucially, the optimal policy and Q* can be found in lack of an explicit environment model, differing
from V* which requires precise one-step look-ahead to reach the same objective. The state transition
probability matrix, therefore, does not need to be know a priori but rather can be estimated or
approximated through agent-environment interactions. This significantly expands the scope of

problems which can be tackled with RL compared to model-based approaches.

Q. (s,a) = IE,T[R“'l + YQn(SHl,aHl )]s = st,a=at ] 2.4)
0°(s,a) = E,- [Rt+1 + yrntéi((st+1’at+1) | s=sta=al] (2.5)
a

Consequently, temporal difference (TD) learning arises as an alternative to find the optimal policy by
iteratively updating the estimates for value functions V;; and Q,; under policy m — essentially
introducing learning from experience ¢’. In the lack of an explicit environment model, it is able to do
so by using Monte-Carlo methods for sample-based value and return estimation. Further, to address
the large variance when estimating the distribution of returns using a single sample, bootstrapping
methods tend to be implemented to approximate n-step-returns using the recursive nature of the
Bellman equations discussed above. Updates are generally conducted on every action or timestep
rather than at the end of the episode, allowing better differentiation between states and temporal
correlations within the episode. The way these updates are conducted leads to a further differentiation

in RL methods. Firstly, they can be made on-policy, whereby sample-based estimates are generated
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according to agent-environment interactions under the specific policy that is being evaluated or
iterated. Secondly, off-policy methods exist, whereby, generally both a behaviour-policy (for
generating data) and a target policy (for actual reward maximization) are implemented for learning.
One-step TD-learning and Sarsa are some of the earlier methods belonging to the latter, primarily

used in policy evaluation by improving estimates of the value function®’.

Q-learning, on the other hand, broadly performs off-policy updates and is widely regarded as one of
the most important breakthroughs in RL®"1*313¢_1n its tabular form, it iteratively improves state-action
value functions towards the optimal one by making the update shown in (2.6) and allowing the use of
transitions sampled from any behaviour policy or past experience to improve estimates of Q*. Note
that & represents a positive learning rate and is a very important parameter is the design of even
highly advanced RL agents, representing a trade-off between fast convergence, stability, and
computational expense. In practice, however, small learning rates are typically implemented.
Nevertheless, assuming all state-action pairs can be feasibly and continuously visited/updated, Q has
been proven in former studies to always converge to Q* '*%!7. The requirement to visit all state-action
pairs introduces the notion of exploration vs exploitation through the behaviour policy implemented

during training, as further discussed in 4.3.2.

Q(s',a") < Q(s%a) + a (R™ + ymax(s™,a™) — Q(s',a") (2:6)

2.3.2 DRL Agents

2.3.2.1 Introduction

The applicability of methods discussed in the earlier section to real-world engineering design
problems is limited by the practicality and memory requirements of learning a value for each state or
state-action pair in highly dimensional and complex environments. Deep learning offers a promising
alternative and is increasingly used to parametrize the RL problem. This has allowed the development
of innovative algorithms to bridge the gap between these fields accelerate progress, enabling the
efficient learning of optimal policies in more complex and uncertain environments. The state of the
environment, also known as the observation space, is thus represented using a feature vector in DRL
(as opposed to scalar values in MDPs and RL). This helps achieve better generalization through the
combinatorial structure leveraged across features captured in the state space. It also introduces the
importance of normalisation, particularly when features in the state space can vary significantly in
magnitude. A parametrized NN approach (as further detailed in 2.2) can then be used to estimate
either the value functions described in 2.3.1.2 and 2.3.1.3, or the policy itself. Accordingly, modern
DRL algorithms are characterized as value-based, policy-based, or as actor-critic. It should also be
noted that to improve training stability and reduce variance, many modern DRL algorithms utilise an

advantage function in addition to the value functions described in the former section. This is generally
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found according to (2.7) below, by subtracting a constant baseline (i.e. V) for improved training

stability — and providing some intuition on the relative value of each action in any given state under

policy mg.
Ay (sh,a") = Qp, (s, a’) — Vg, (sH) 2.7)

2.3.2.2 Value-based

This core of value-based DRL algorithms was first introduced by the seminal Deep Q-Networks
(DQN) study'*, where the Q-values from (2.6) are iteratively approximated by a neural network with
parameters 6. This greatly improved generalization ability as compared to tabular approaches. During
the training process, an approximate action-value function is found by minimising the squared TD
error based on each interaction and transition experienced. Note that this is different from the TD
error calculated in (2.6), motivated by instabilities during the training process found in previous works
using value function approximation®’. These are driven by the sequential and correlated nature of
interactions, which can lead to excessive variance across updates. Additionally, even very small
updates to the Q-function can lead to substantial changes in the behaviour policy and resulting data
fed into the learning process. Finally, changing action values are correlated to target values, which can

lead to non-stationarity in the updates.

These issues were addressed by the original DQN work through two crucial modifications: experience
replay and a target network. The former implements a memory buffer, where the results from previous
interactions are stored and uniformly randomly sampled during training to update the parametric
estimation of the action-value function Qg. This leads to reduced correlation between consecutive
updates and the sequence in which states are visited. The latter, on the other hand, utilises a target
network with parameters 8~ (taken from the online network parameters 8 several steps in the past) for
bootstrapping updates. This reduces the correlation between action selection and value estimation
steps, through the introduction of a delay between them. These changes allowed DQN to achieve
above-human level performance in the complex Atari domain, learning to play games purely from

interactions with pixel inputs'®.

Several other extensions to value-based methods have been developed since the original DQN agent.
Double Q-learning was implemented to further address overestimation bias of Q-values and decouple
it from action selection by utilising one network to select the next greedy action and another to
evaluate it'*. A dueling network architecture was introduced to improve the efficiency of value
estimations, separating approximation of the state-value function and advantage function '°. This also
allows for improved differentiation of the importance of each action in each state, particularly in the
presence of similarly valued actions, as well as enhanced generalization in highly dimensional action

spaces. Prioritized experience replay leads to more efficient training, by placing a stronger emphasis
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on transitions which generate a greater learning error, as opposed to the uniform sampling by DQN',
Distributional value functions have been proposed, whereby the expectation of return is estimated by
a probability distribution rather than a scalar value'*?. This can be particularly advantageous in highly
stochastic environments, where performance in the less likely tail ends of scenarios can be
significantly skewed from the average one. The Rainbow agent combined all the advancements above
to yield state-of-the-art results on the Atari domain, although previously criticized as difficult to
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implement in practice’'*. Bayesian DRL may also be used to incorporate prior knowledge of the

problem, when available, and improve uncertainty characterization'#*,

2.3.2.3 Policy-based

The other approach to solving the DRL problem requires directly parametrizing the policy g via an
approximated NN function with parameters 6. As such, this class of algorithms does not need explicit
value estimates for selecting an action based on a state. Generally, these methods exploit gradient
information to maximize expected return J(6) = Er,[ I_oytr: ] by updating policy parameters 6, as
shown in (2.8). Here, V] (7t 4:) shows the stochastic approximation of the policy gradient based on its
parameters and the selected performance measure. An analytical expression for V] (7 4:) was first
introduced via the policy gradient theorem'®, although in practical problems targeted by this thesis it
is infeasible to evaluate it directly, thus it is iteratively estimated through agent-environment
interactions under policy mg. Starting policy network parameters 8, are normally initialized
randomly, and are updated over the training process to eventually yield the optimal ones 6,. Figure
2.4 (i)!46 shows what may be an example non-convex policy function which needs to be optimized
and is captured by a simple two-layer NN with parameters 8° and 81 in Figure 2.4 (ii), respectively.
The example policy search is initialised at point A while the optimal one located at point B in Figure
2.4 (i). Figure 2.4 (iii) then generally captures the DRL policy optimisation process to go from 8 to

0. by learning over a large number of agent environment interactions.

Oip1<0;+a V](ngi) (2.8)
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Figure 2.4: Graphical overview of policy gradient-based DRL optimisation process. Part i) shows an
example policy function which we would seek to optimise, highlighted by the presence of many local
minima between the initialization point A and the global optimum B. The parameters for which we
seek optimal values in this case are the neural network weights #° and 8 shown in Part ii) of the
figure. Finally, Part iii) gives an overview of the training and optimisation process of a policy neural

network when randomly initialized to point A in Part i) and seeking to reach point B in the same.

The foundational policy gradient algorithm is REINFORCE, employing empirical return estimates for
a trajectory under policy my'¥. In order to reduce the variance associated with this, several novel
methods have been proposed in recent years. Guided policy search (GPS), for instance, accelerates
learning by providing the agent with good example sample trajectories (i.e. sequence of actions made
in states) '8, It effectively biases the policy-optimisation process by optimising policies to match the
sample trajectories more closely, while still maximizing returns. The need for sample trajectories,
however, has limited its applicability to domains where it is feasible to know beforehand which
actions in which states can provide a strong performance baseline. Trust regions are a more popular
approach, constraining potential policy updates during optimisation to not be too far from the previous
one. This reduces the chances of making policy updates which the agent cannot reasonably escape
from, and can guarantee monotonic performance improvements®. Several metrics can be used to
estimate the difference between two policies or the trust region magnitude, although original works

computed the Kullback-Leibler (KL) divergence®’.
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More recently, Trust Region Policy Optimisation (TRPO) was proposed to better handle higher
dimensional environment inputs in continuous domains'#. The optimisation procedure uses
importance sampling of the weighted advantage estimate and constrains a quadratic approximation of
the KL measure. Generalised advantage estimation is an extension of this aimed at reducing training

variance!’

. TRPO, however, can be very computationally expensive as it requires the approximation
of second-order derivatives. Proximal policy optimisation (PPO) is the most commonly implemented
alternative, as a simple adaptive KL penalty or heuristics are implemented to modify the objective
function, leading to an unconstrained optimisation problem based on first derivatives only'*!. As such,
it is generally less expensive than TRPO at achieving similar performance, with more limited need for

hyperparameter calibration across domains'*2,

Many more agents exist based on policy search, and their learning is typically iteratively estimated by
combining TD-learning concepts with backpropagation and SGD-like methods. Gradient-free
approaches such as evolutionary strategies are also possible, which are better suited to handle variance
in action frequency, delayed rewards, and long-horizon environments- although typically only
computationally feasible for the optimization of smaller NNs with limited number of hidden units '3,
Nonetheless, they have been shown to be less sensitive to highly disconnected search spaces with
non-differentiable function approximators. As such, they present a promising alternative to avoid
gradient computations in some environments, even if lacking convergence guarantees. They work
through the random generation and recombination of policy network candidates based on their fitness
function, as shown in Figure 2.5 (i) for the same example two-layer NN depicted in Figure 2.4 (ii).
Figure 2.5 (ii) depicts how candidate policies are first randomly generated with this approach (top)
and how they then explore a greater region of the search space during the policy optimisation process

through stochastic search like-methods (bottom) — although any other “black-box” optimisation

approach may be implemented for this purpose.

G 1 -‘,’."‘ (60, 61)
Step #2: Select el
Step #3: Breed new population
Crossover & | | 1 o
Mutation N
Step #1: Evaluate Stepa:Bepeat & N [ ](90, 91)
Il

Figure 2.5: Graphical overview of gradient-free approaches in policy-based DRL
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2.3.2.4 Actor-Critic

Aiming to combine some of the benefits from both value and policy-based methods, actor-critic
approaches normally maintain an explicit value-function NN approximation for baseline
computations, although they still use this to compute policy gradients. A significant benefit of this is
the ability to use off-policy data on-policy gradient updates, and the general logic behind how they
work is captured by Figure 2.6. Advantage Actor Critic (A2C) is one example, implementing
asynchronous methods and parallel environments to update a stochastic policy. Deep deterministic
policy gradient (DDPG), on the other hand, presents a deterministic actor and policy optimisation
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process >*. More recently, Soft Actor Critic (SAC) is an off-policy method with on-policy corrections,

employing entropy-based reward augmentation for exploration and stochastic value gradients'>.
While there are several other methods belonging to this class which cannot be discussed here due to
length limitations, please refer to '3 for a more detailed overview of actor-critic methods and the

implications for sample complexity when using function approximation.

—

22 >
Critic: Actor: e
Update value  Update

function policy
parameters parameters
based on in direction
environment  suggested
interaction by critic

Figure 2.6: Overview of actor-critic method for DRL policy optimisation.

2.3.2.5 Summary
The review on DRL algorithmic literature suggests there is no one size fits all solution, and different

agents have been found to perform better across various domains, with the field continually evolving.

While value-based methods have achieved significant success in several applications, challenges

remain. High-dimensional state spaces and the trade-off between exploration and exploitation pose
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ongoing issues. Additionally, improvements are sought to enhance sample efficiency, stability, and
the ability to handle continuous action spaces. Integrating value-based methods with other techniques,
such as model-based approaches, meta-learning, or hierarchical reinforcement learning, will be

necessary for continued advancement of the field.

Policy gradient or actor-critic methods overcome several of the limitations of value-based approaches,
but the best performing algorithm remains problem and domain specific. Specifically, they tend to
present better convergence properties in high-dimensional problems with a long horizon. They are
also compatible with continuous domains without the need for modifications, expanding the scope of
DRL. They can produce stochastic policies, which yield a probability distribution over actions in a
state. As such, they much better suited for decision-making under uncertainty than the implicit
deterministic policies obtained from value-based methods, particularly in a flexibility planning
application. On the other hand, they tend to be less sample efficient, can present higher variance
during the training process, as well as are more likely to be stuck in local optima due to the more
challenging policy function which is optimised. Gradient-free approaches such as evolutionary
methods present another promising alternative, but are severely limited by their computational

expense when optimising over a large number of parameters in deeper NNs.

The specific agents used in different chapters of this thesis and the motivation are further discussed in

more details in their respective sections.

2.3.3 Practical Implementation

DRL agents and networks can be implemented through several frameworks and packages, depending
on the level of customization desired by the user. For more advanced DRL practitioners, general deep-
learning framework level abstractions can be used to build agents, environments, and neural network
function approximators with more flexibility on implementation details. The primary open-source
frameworks which have driven recent advances in the field are Keras'*’, TensorFlow!*®, PyTorch!*,
and JAX'®- among many others. Generally, TensorFlow is the most popular choice for industry
implementations while PyTorch is preferred in research settings as it allows for easier

experimentation and customization.

DRL applications to more practical case studies (i.e. outside of testing performance in the Atari
domain) have also been heavily based on easy to implement libraries, where agents are normally

already coded. These are mostly compatible the OpenAl Gym framework, the standard way to design
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and code environments in Python'®'. Once a suitable environment is developed, several different

agents, network architectures, and hyperparameter configurations can be quickly experimented with
and compared using DRL libraries. The most common include rllab'®?, OpenAl Baselines'®,
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TensorFlow Agents'®, Dopamine'®, and Stable Baselines'.
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Even considering the abundance of open-source DRL packages, hyperparameter tuning remains a
crucial component in agent training and final performance achieved. Several open-source packages
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are available for this purpose, including Ray-Tune!®’, Hyperopt!'®!, Talos!®’, and Optuna!”.

The specific implementation details used in this thesis will be further discussed for their respective

case studies, but are primarily based on the libraries and frameworks presented in this section.

2.3.4 DRL for Engineering Design

In order to maximize the impact DRL has in the field of engineering design, it is essential to
understand the kinds of problems it can handle and where it marks an improvement from current
methods. This may be the reason why, while its potential is widely recognized across academia, it has
exhibited limited implementation on real-world engineering problems "', Even considering recent
breakthroughs, the use of a fully automated agent for the design of a complex and expensive
infrastructure project remains far-fetched. The majority of DRL implementations thus far in the
domain of engineering have centred on more classical control problems which can be more easily fit
within an MDP and stimulate agent learning®. In particular, several advanced implementations have
been recently presented aiming at optimal process control of bio-reactors and other chemical
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engineering applications, with the authors showing very impressive results . A recent review of

DRL in energy systems management suggests increasing potential, although primarily focused on
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control to maintain appropriate technical parameters during operation' . Engineering design specific

applications have, therefore, normally focused on a specific subset of the problem, as in classical ML.

A general framework for design optimization using DRL was proposed in ”® and was applied to the
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air foil angle of attack for a hypothetical stator with varying rotor designs. The work in
the strong performance of DRL in the design task of fatigue resistant solutions for ship design
compared to evolutionary methods. Both implementations, however, maintain limited scope within
the overall problem, with overly simplistic reward functions or action spaces. There are a number of
works focusing on new RL algorithms or techniques to allow combination with more complex
problems, however they tend to focus on the mathematical or algorithmic side®”3317%17° More
promising is the optimization performed in ¥, where off the shelf DRL algorithms are implemented to
design a microfluidic device for flow sculpting. Using a Double Q-Network architecture combined
with Hindsight Experience Replay, the DRL agent produces designs that are consistently in the 99
percentile of the entire design space, compared to those yielded via a much more computationally
expensive brute force approach. The authors also show DRL can be effectively combined with human

insights via a targeted refinement step in order to manually guide training (i.e. GPS) when desired and

accelerate convergence and optimization thereafter.

The potential for DRL to the aim of this project was perhaps most thoroughly investigated by %,

where it was first implemented to simultaneously solve the competing energy systems basic design
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and dispatch strategy. In their approach, the dispatch problem is presented as a sparse reward
problem, compared to the traditional formulation as a distributed reward problem in a number of
previous energy management applications'?”!8-182 The researchers used both a fully connected and
CNN architecture, whereby the convolutions were introduced to allow consideration of future
forecasts of operating conditions. The DRL solutions, particularly for the CNN implementation, are
found to outperform white box or grey box models by up to 60% in some cases, with significantly
lower computational time. This enhanced performance becomes clearer as a higher degree of
complexity in energy flows is introduced to the design problem. The best performing solutions are
able to minimize the use of dispatchable sources and create a more autonomous energy system from
the grid. However, the configurations produced ultimately show there is still a significant room for
improvement in this methodology. Most of the solutions yielded a higher amount of dispatchable
generation than annual demand (due to load factor efficiency economies), with over 20% of

renewable generation not utilized in most configurations.

Better integration of the design phase into the dispatch solution evaluation is suggested in the work as
holding significant potential for improved performance. Additionally, there was no consideration of
decision-making flexibility through the project duration to adjust capacities over time based on
realized uncertainties. In fact, to these authors’ knowledge, there has been no previous study

exploiting the potential of DRL in the context of enabling flexibility in engineering systems design.
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Chapter 3

3 Methodological Definition: Data-

driven Flexibility in Design

This chapter defines and presents the novel methodological approach developed in this thesis by

aiming to address the following objectives from 1.6.

e RQI: How can ML and other data-driven methods add value across the different phases of the
Flexibility in Design Framework?
e RQ2: Can DRL be used to analyse flexibility in engineering systems design under uncertainty

as part of a standardized process?

It begins by generally exploring how ML and data-driven approaches could be used to augment a
Flexibility in Design framework. It follows by presenting the innovative DRL based flexibility
analysis procedure. An overview of the problem formulation process is then presented, including
practical considerations such as how to identify applicable systems where this may be particularly
helpful. Finally, a holistic summary of the overall methodological procedure is presented for
implementation on real-world engineering systems, based on the various components and factors
explored. The work presented in this chapter is primarily based on the following peer-reviewed
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publications outlined in full in 1.8. This novel methodology and framework are then applied and

tested on several very different case studies in the following chapters.

3.1 Data-driven Flexibility in Design Framework

3.1.1 Overview

The argument we make in this chapter is not for ML to be used for the standalone design of flexible
engineering systems or to generate mathematically more optimal solutions, but rather as an important
tool that can help practitioners complement standard methods in order to achieve better performing
solutions. The seminal framework presented in 2.1.2 is used as a baseline to explore how ML and
other data-driven approaches may be used to enhance performance across the phases involved. The
review from Chapter 2 suggests that there is potential for the development of a novel tool for flexible
design supported by advances in ML techniques. Current methods (detailed in 2.1) available to
designers and engineers are well suited for the enhancement of system flexibility compared to a
traditional or baseline design process, but present a number of analytical and practical limitations.

They tend to rely on either domain expertise or generic approaches and thus are limited in the number
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and type of solutions they are able to generate or consider based on what has previously been done or
is known to decision makers. There is likely solutions and configurations embedded within the
increasingly available data, from sources such patents and publications, which can increase delivered

expected value by a project that are not being considered by engineers and decision makers.

Several potential avenues were thus explored and tested, although it is recognized that there may be
additional roles for data-driven approaches outside of the ones mentioned here. Nonetheless, the most
impactful integrations are deemed to be during the uncertainty recognition, concept generation, and
design space exploration phases. Figure 3.1 addresses this in greater detail, showing the potential
integration of ML in each of the relevant phases, as well as the corresponding impact or output'’’. An
intuitive motivating example is presented in 3.1.2, followed by a more detailed discussion of the role

and impact of data-driven approaches in each of the phases depicted in Figure 3.1.

Design Phase ML Integration Impact / Output

ANN based Prediction/ More accurate and tractable

|2 Ul eeamiie Forecasting algorithms models of uncertainty

Flexible vs Feasible Regions

Classification / Clustering [ B

3) Concept Generation

Combine design stage
Reinforcement Learning L decision with operational
insights

RL agent environment Optimal expansion
exploration decisions and policy

ML Augmented Flexibility
Design Framework

Extract valuable unintuitive
sources of flexibility outside
of ROA

PCA / Statistical Analysis of
action-state combinations

==14] Design Space Exploration

Readily usable intuitive
guidelines for decision
makers

Reformulate as traditional

DR approach

Figure 3.1: Data-driven Flexibility in Design Framework

3.1.2 Intuitive Example Application

The motivation and potential of the proposed framework is illustrated through a simple case study of
the design of a multi-story parking garage subject to demand and price uncertainty, first presented in
184 where developers need to decide how many parking spaces to build. This is a foundational paper

to explore the relevant concepts in the field of Flexibility in Design, which has since been
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benchmarked against many more advanced approaches. Note that this case study is also used for

methodological validation in Chapter 4, where it is explored in greater detail.

The inflexible baseline would be to construct everything at project start, while the flexible option
starts with a smaller capacity but with expansion possibilities, albeit at a higher cost. There are a
number of possible alternatives which could be considered that ultimately deliver the same flexible
expansion capability, such as inclusion of larger foundations, stronger material, or fully modular
implementation (i.e., stacking prefabricated levels on top of each other). No specific ML integration is
included for phase 1 (Baseline Design), however any ML method applicable to general engineering
design could be used during this stage to define the optimal inflexible baseline. During phase 2, ML
could be used to build more accurate models to understand how price and demand uncertainty will
evolve over time and help make better informed design decisions on how flexibility could be most
impactful. This could lead designers to try to focus on either generic capacity expansion, or for
example target expansion for pricing past a certain threshold only. Surrogate modelling may be
implemented at this stage to determine expansion cost function from a dataset of previous expansion

decisions in other projects more accurately and easily than via analytical means.

ML classification or clustering algorithms could then be used to identify the most flexible regions of
the design space, rather than simply the feasible ones, and understand the relevant trade-offs during
concept generation. The clustering criteria could be varied for a more holistic evaluation, in order to
assess for example regions of the design space that are well suited to respond to price but not demand
uncertainty, and vice versa - and the resulting design implications. Similarly, this could be extended to
efficiently identify regions of the design space better suited for sustainability or resilience objectives.
Based on the results from phase 2, decision makers could choose to focus on designs allowing

adaptability to demand uncertainty, for example, and look at their common value adding features.

In terms of RL applications, there is immediate potential for supporting the decision rule method from
flexible design, particularly during phase 4 as shown in Figure 3.1. A traditional decision rule
approach for the multi-story garage design could be formulated as (IF demand for last 2 years exceeds
current capacity, THEN expand by 1 floor, up to max allowable capacity). Once flexible design
concepts and strategies are generated in phase 3 and all relevant actions recognized within the RL
environment, the training of the agent would be launched. In the garage case, the starting action would
include the decision on starting levels of floors and flexibility enabler (i.e., stronger columns or
prefabricated containers). This would help integrate the early design decision with operational insights
for responding to uncertainties. It could also be better suited to produce combinations of decision

rules by more systematically exploring the design space for value enhancing measures.

For example, this RL based exploration may suggest building 1 floor only once capacity reaches a

certain level to avoid investment risk, while building 2 or 3 floors up to that level in order to ramp up
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demand more quickly. Another purely theoretical example in the garage case may be that the agent
finds building an extra half floor on some expansion years as part of its optimal policy, which would
likely not have been considered in a domain expert defined flexibility analysis. This could allow for
the garage to ramp up capacity more quickly if demand greatly exceeds expectations on some years,
reducing lost revenue during the building period and reducing liquidity risks. Advanced statistical
analysis of optimal action-state combinations could help yield a more "explainable" process. These
value enhancing actions could then be re-formulated as a traditional DR approach to provide some

readily usable guidelines to decision makers.

3.1.3 Uncertainty Recognition

Increasing accuracy and understanding of relevant uncertainties is essential in any engineering design
problem. We argue, however, that they are particularly important when designing for flexibility as the
objective is to maximize adaptability to realised uncertainties. In the simplest of cases, ML methods
may be used to generate more representative input scenarios and parameters to be used in scenario
planning, decision trees, or other relevant techniques mentioned in 2.1.2. When accounting for highly
complex physics-based problems, surrogate modelling may also be helpful to simulate scenarios,
helping to understand potential random shocks from external factors at a greatly reduced
computational expense, as shown by '*°. This may also allow a much higher number of scenarios to be
evaluated within the design process. Historical data on trends for the uncertain variable would,
however, likely be necessary for improved accuracy here, which may become a limiting factor in a lot
of applications. Consequently, common issues such as bias or overfitting would need to be evaluated

carefully when using data-driven methods for uncertainty recognition.

3.1.4 Concept Generation

Appropriate clustering and classification implementations during phase 3 could greatly accelerate the
design process. They may be used to provide a list of common features for previous system designs
well suited to deal with a particular uncertainty identified from phase 2, or to estimate how a specific
design compares to other ones in the field. The advantage of ML here is that it may be able to do so in
a much more computationally feasible manner than alternative techniques. Furthermore, it is
reasonable to assume that flexible designs for a particular system are likely to share some common
features (i.e., stronger columns for garage or oversized inverter for solar PV system) not found in their
inflexible counterparts. These methods would allow for much faster identification of these features
and for designers to choose to prioritise them if needed from very early stages. It may then be possible
to build a predictive model that is able to generate a flexible design solution based on an inflexible
baseline or a few basic inputs, for example only specifying max initial investment and local material
costs, based on combinations of ones previously found within historical datasets of multi-story garage
designs. The integration of all these applications, however, would necessarily require a large data set

of system designs, both flexible and not. This is not normally available for most design problems;
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however, it is something that could be developed over time if designs were made more accessible or

even built artificially using techniques such as Generative Adversarial Networks (GANs) %,

There are also a number of potentially interesting applications more closely related to the field of
computational creativity. For instance, ML may be used to develop novel metrics measuring
flexibility of a system design by looking at a large number of candidate designs. These novel metrics
or evaluation functions could then be used by designers to initially estimate the flexibilities of
different potential solutions to be considered for further evaluation. These ways of estimating
flexibility may be unintuitive to practitioners in the field but could uncover potential value enhancing
methods or configurations that do not appear flexible at first, or vice versa. For example, using a
stronger material may seem advantageous at first but can lead to vulnerability to the future price of the
material when expansion decisions are made, thus lowering the actual value of flexibility in the

system compared to using a larger amount of a weaker material subject to less uncertainty.

During the early stages of framework development, the use of a modified Engineering Systems
Multiple Domain Matrix (ES-MDM), was explored as a potential format for more holistic approach to
concept generation. This sought to use more complex input data to capture multidisciplinary systemic
dependencies in the design process, and their impact on Sustainability (S), Resilience (R) and
Flexibility (F), presented at the Supergen Energy Networks Hub Risk Day'®*. The impact category
was included merely as a qualitative indicator to guide the DRL agent in design space exploration,
balancing competing objectives as shown in Figure 3.2. In fact, it is normally unreasonable to
quantify the full spectrum of these interactions early on in a project’s lifetime. Based on the high

degree of complexity and data-requirements associated with the ES-MDM, it was not further pursued.

- System Factor B

Strengthof  Impact on
interaction R

ImpactonS  Impact on
F

Attribute Quantifiable Metric

Figure 3.2: Modified ES-MSM. The impact on S, F, R represents a qualitative assessment by domain

System factor

experts of the perceived effect of the interaction ranked as either positive, negative, or neutral.

3.1.5 Design Space Exploration
Given the requirements and objectives of Flexibility in Design, RL is proposed to likely be more
impactful and effective than traditional ML. The sequential decision-making nature of the method is

well suited to examining impact of design and subsequent operational decisions on the performance of
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the system. As such, the impact of exercising different types of flexibility over time can be
quantitatively assessed over a large number of scenarios. Sequential decision-making nature refers to
the RL agent exploration of the environment, rather than the design process itself. It is thus expected
that the design process will remain more iterative using the proposed framework, where insights
gained from RL exploration over time can be collated to inform design decisions, rather than

modelling the agent as the designer directly.

We make the case that RL holds great potential to solve combinatorial optimization problems such as
the ones found in flexibility decision analysis, as the reward stochasticity found in decision making
and the reduced reliance on human intuition inputs allows it to explore more solutions than possible
with comparable methods. For example, it could be used in combination with decision rules to create
more dynamic and adaptable systems under uncertainty. Looking at a standard implementation,
decision rule variables and their potential feasible ranges are normally identified at start by domain
expertise, and their optimal values determined through simulation. In an RL based approach, these
would not need to be identified at start but rather just all possible actions recognized within the
environment. Over a much larger number of scenarios than possible with standard methods, the RL
agent could then develop their own decision rules to maximize utility in an environment which are not

limited to the form chosen by the designer at start (i.e., [F-THEN).

Neural networks allow the development much more complex value function representation and
enhance understanding on when and how to implement different and new types of flexibilities.
Furthermore, a DRL implementation is better able to handle conflicting objectives and multiple
sources of uncertainty than typical decision analysis methods, thus is more representative of the
engineering design setting. This methodology could also enhance exploratory creativity, as the input
values for design variables are much less restricted than in standard optimisation procedures, given
the advantages of parallel computation and resulting algorithms. The exploration of the design space
could also be easily extended outside the economic realm in order to enhance system sustainability
and resilience by integration directly into the reward function. Furthermore, the theoretical common
ground shared with standard methods in decision analysis allows for a more straightforward solution

procedure to be created out of it, such as the decision rule one presented in 2.1.5.

3.2 Deep Reinforcement Learning Flexibility Analysis

3.2.1 Introduction and Background

The framework presented in 3.1 shows that, while there is great potential for integrating data-driven
approaches in this field, using DRL as an alternative method during design space exploration holds
the greatest potential at the time of writing. The objective is then to find the optimal combination of
initial design configuration and operational strategy (policy) which allows engineering system

adaptability to uncertainty through a learning process over a very large number of interactions with
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the environment. In essence, the approach allows one to formulate the fundamental Flexibility in
Design problem in a sequential-decision making manner to maximize (or minimize) a user defined
reward signal. The reward may be based on several metrics, including net present value (NPV), CO»

equivalent emissions, unmet load, total energy production, or problem-specific resilience measures.

The building blocks and primary decision-making components for DRL and MDPs, reviewed in 2.3.1,
are graphically summarized in Figure 3.3. They provide some simplistic intuition on their function
through the example application study from 3.1.2, further detailed in 4.1, by illustrating the different
roles of the policy and value function in formulating flexibility strategies under uncertainty. The
environment building blocks are thus used to create either a deterministic mapping of which action to
take in which state (i.e. No Expansion or Expand 2 floors example) or a stochastic policy yielding a
probability distribution over available actions. The economic value function may also be used in this
context, by approximating the return of each action under different system conditions (for instance

floors built and parking demand by number of people in Figure 3.3).
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Figure 3.3: Overview of DRL decision making process on motivating case study. Note that action
selection and value function estimates are simply for illustrative purposes and do not represent the

actual optimised ones obtained through a complete DRL Flexibility Analysis.
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3.2.2 Process Overview

The primary steps for the proposed approach are captured by Figure 3.4. In order to be most effective
within the DRL framework, it is first essential to understand which variables best represent the system
state at any point in time, as this is used to build the observation space for the DRL agent. This is not
necessarily a straightforward exercise, as an excessive number of features (some of which may be
redundant) can increase the complexity of the training process, while a more limited one may
oversimplify the problem and not make use of all relevant information to develop flexibility
strategies. Additionally, key performance metrics are identified in this phase, which will be at the core
of the learning process depicted in Figure 2.3. The design of this reward signal is a critical component
to the success of a DRL agents as it is its only true performance measure they are able to interact with
for policy formulation and optimisation. The reward metric is likely to be based on economic signals
for a lot of systems, although sustainability and resilience considerations can be directly integrated
into the reward function to balance competing interest, depending on project specific objectives.
Uncertainty quantification in phase 2 consists of two primary parts: variable identification and model
generation. In variable identification we are looking for features which are deemed most impactful on
the state of an engineering system over time and its resulting performance. Stochastic models are then
built based on these key variables, and used to generate a large number of i.i.d. scenarios which
characterize the DRL agent environment. In phase 3, the action space is created to deal with the
uncertainties quantified in phase 2. It involves recognizing all flexibility enablers, starting from
standard real options, as well as any other alternatives to reconfigure engineering system state during
operation. Finally, we can systematically explore through the data-driven approach detailed in 2.3.2

what the optimal initial design and flexibility strategy is for the formulated environment.

1) Environment 2) Uncertainty 3) Action Space

Formulation Quantification Creation

eSelect variables most eSelect most impactful *Recognize all
indicative of variables/ flexibility enablers
engineering system assumptions on (concept generation)
state system state/metrics eIntegrate any
eSelect key *Build stochastic additional potential
performance metrics models to generate ways to reconfigure
as reward signal i.i.d scenarios for DRL system state under
agent training uncertainty

NS o\ J J

Figure 3.4: Primary steps in DRL flexibility analysis.
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The major advantage as compared to alternative methods reviewed in 2.1 is driven by the power of
NN function approximation of the flexibility strategy (or decision-making policy). Being less limited
by the curse of dimensionality, it allows analysis of much more complex and realistic engineering
systems models. As such, more sources of uncertainty and flexibility enablers can be tractably
integrated into the optimisation procedure compared to alternative state-of-the-art methods. The
potential to stimulate creativity on unintuitive solutions and complement existing methods is also
created. Additionally, the impact of uncertainty on system state is estimated through interactions,
meaning it does not need to be assumed before-hand. The end result is the development of a
significantly more dynamic and generalizable decision-making policy under uncertainty, with
improved potential for risk profile integration in early design stages. A high-level overview of how it

may be used to exercise flexibility decisions in practice is further summarized by Figure 3.5.

DRL Policy

' i Suggested
Engineering A
et - Flexibility
Decision

Figure 3.5: High-level summary of use of DRL policy in practice.

This DRL approach, never previously applied in this context, allows us to tackle the design problem
in a manner more realistic to the actual conditions encountered. As a result, non-trivial engineering
system evolution solutions may be discovered which present more optimal expected performance
under a wide range of uncertainty realizations. The overall process proposed, broken down by

technological and methodological selection, is given by Figure 3.6.
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Figure 3.6: Overview of technological steps involved in DRL flexibility analysis.

67|Page



It should be noted, however, that this is not suitable for all engineering design problems. In fact, the
process presented in Figure 3.4 was also developed with the objective of determining the applicability
of this approach on an example system. It stresses that it is focused on enhancing adaptability to
uncertainty, but only in cases where it is possible to reconfigure system state during operation through
some inclusions in the original design (i.e. flexibility enablers). Performing the exercise described by
phases 1-3 can thus allow system operators or decision makers to identify if DRL flexibility analysis
may enhance value in the case of their specific engineering system, or what changes would need to be
made in order for it to become more compatible. Please refer to'”! for a more detailed review and
discussion of the applicability of DRL on different system optimisation problems, including its

shortcomings in certain domains.

3.3 Incremental Evaluation and Data Validation Procedure for Case Studies

In order to allow progressive benchmarking of validity of results, the incremental procedure depicted
in Figure 3.7 is pursued for the case studies in this thesis. Firstly, a simplified and deterministic
system model is created to represent most relevant variables and decision-making possibilities. The
system definition is then expanded to resemble the real-life design problem more closely, with the
introduction of its full range of stochasticity and all ways to reconfigure system state under
uncertainty. Finally the performance of the produced design with the proposed approach is to be
benchmarked against standard methods and an inflexible baseline where possible, including a full
evaluation of various sustainability and resilience metrics relevant to the proposed solutions. It should
be noted that while this incremental approach was implemented for all case studies, only results using

stochastic conditions are presented in the following chapters, based on the objectives of this thesis.

1) Create simplified systenﬂ;"'-.....
model

2) Expand system
definition

» Limited action and * Include complete * DP decision analysis (if
state space for spectrum of decision possible)
incremental evaluation making possibilities * Flexibility Decision Rules
of problem feasibility + Integrate full range of * Stochastically optimal

* |nitial deterministic stochasticity on inflexible baseline
environment relevant variables * Economic, Sustainability

and Resilience Metrics

- = P e
Figure 3.7: Incremental procedure implemented to evaluate the various case studies in this thesis.

The properties of the case studies presented in the following sections are captured by Figure 3.8. They

show how the proposed approach enables for the analysis of flexibility in increasingly complex
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systems. In fact, it can be seen that the dimensionality of both the action and state space is
incrementally enhanced from Chapter 4 to Chapter 6, in line with the arguments presented earlier in
this section. Similarly, the algorithmic approach grows in complexity based on the nature of the

problems tackled, as will be discussed in more detail in their respective chapters.

Chapter 4: Proof of Chapter 5: Singapore Chapter 6: Dynamic

Concept Infrastructure Waste to Energy Nano-Grids in Mongolia

*4 actions *6 actions *12 actions

2 state variables *12 state variables *16 state variables

eDemand uncertainty eDemand uncertainty eSeveral uncertainties

eTypical Flexibility Analysis eComplex interactions eSustainability and Resilience
Problem e Method: Trust Region Policy metrics

eMethod : Deep-Q-Networks Optimization (TRPO) *Method: Sample Efficient
(DQN) Actor-Critic (ACER)

Figure 3.8: Comparison showing incrementally increasing complexity of case studies evaluated. Photo

credit for Chapter 4 is from!'®’, for Chapter 5 from'®®, and for Chapter 6 from!'® .

It should also be noted that for all case studies presented above, results and data were rigorously
evaluated to the ensure they were representative of the real world conditions. The case studies in
Chapter 4 and Chapter 5 were taken from published journal papers, using all the same assumptions
and formulation. For Chapter 4, the data was from the development of a real world infrastructure
system in the UK, and the designs obtained through the proposed approach were extensively
benchmarked with existing solutions. Similarly, the case study in Chapter 5 was commissioned by the
NEA in Singapore, and thus all data used is representative of the system design problem faced by the
government. Accordingly, the results obtained through the approach presented in this thesis are also in
line with the ones currently in place. Please refer to their respective chapters for a more detailed
overview. Finally, the most rigorous data validation process was naturally required for the case study
presented in Chapter 6 and Chapter 7, given its novelty. Accordingly, several steps were taken to

ensure the data and assumptions used to be as representative as possible. A few examples are listed
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below, although please refer to the respective chapters for more details on data validation in the

Mongolia case study, to the extent that it was possible in this context.
e Interactive workshops and data collection/validation by local Mongolian consulting group'®

e Analysis of institutional reports focused on the link between poverty, energy, climate change,

and migration in Mongolia!'-2%’

e Benchmarking of energy system solutions against commercial tools like HOMER, systems

installed through the REAP energy access program, or energy potential atlases.

3.4 Generic Engineering System Strategic Capacity Planning Models

This section briefly describes the generic capacity planning model that is relevant to the objectives of
this thesis and is applicable to all the case studies analyzed in the following sections. While this can
be formulated deterministically, we only present the stochastic counterpart here for brevity and as it is
more closely aligned with the added value of this methodology. It considers the practicalities of
economies of scale and the resulting implications for the performance of an engineering system
design, as extensively researched in the literature!!->3:62104.208209 "Fyrthermore, although capacities of
different components are the evaluation focus in all case studies presented, the proposed approach can
be easily extended to other decision-making possibilities, as further explored in Chapter 6. Note that
the maximization of ENPV presented in this section may be easily substituted by the minimization of

expected net present costs (ENPC) or alternative objectives, depending on the problem at hand.

3.4.1 Inflexible Baseline

The inflexible baseline is defined here as any design alternative not presenting expansion or
reconfiguration possibilities after project start. Considering a discrete finite time horizon planning
period of T, with discount rate A, let § = (£1,&2,... £T) be a scenario of uncertainty, where &¢ is a
vector capturing the uncertainty observed in period ¢, thus able to account for multiple uncertainty
sources and relevant variables. S defines the set of all possible uncertainty scenarios s used for
evaluation, assumed to be finite at S for simplicity, with equal probability of occurrence p°. I denotes
the set of all system components whose capacity is considered. The stochastic capacity planning
model objective with no expansion flexibility can then be formulated according to (3.1). 8;‘represents
the installed capacity for various system components i, invariant with time ¢t and bounded by their
respective maximum allowable values 6; 4y, as shown in (3.2). Rf (Qit, ¢ ) is the revenue function
and C t(Oit, &t ) the cost function for the system capacities considered in period t, which are based on

both rigid system configurations and uncertainty realizations. Initial investment costs (aka CAPEX)
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for each of these components C;° are calculated through a power cost function accounting for
economies of scale (EoS), with K a constant coefficient parameter, and « the EoS factor, as shown in
(3.3). They are included as a zero-stage decision in (3.1). The magnitude of the EoS effect (as
measured through K and ) can be estimated through statistical analysis of historical data on systems
costs at different capacity levels. Alternatively, domain expertise combined with trends and cost data

for similar engineering systems can be used'®.

S T
MaxENPY = ) (€200 + ) () (R0 E) - es ) D G
s=1 t=1
0<6"<0;max (3.2)
CO(0)=K (6)% (3.3)
EE>0VteT,sesiel (3.4

3.4.2 Capacity Expansion with Flexibility Decision Rules

Decision rules can be embedded in the system model to act as triggering signals for exercising a
particular flexibility in operations'!6>8%8! Based on the information revealed in each time step,
decision rules enable decision-makers to sequentially decide when to proceed with capacity
expansion, one of the primary strategies for enabling better adaptability. The decision-maker must
decide on capacity deployment as part of a set of feasible decisions X; for period ¢t = 0, including a
zero-stage decision on initial capacity, before any uncertainty is revealed. Let X © X; X---

x X, denote the set of all feasible capacity decision sequences x, where x = (8°,6%,..,6%), and let
&1t represent the full history of the uncertain variable up to time t. A decision rule, also known as an
implementable policy, F, is a function that maps each scenario of uncertainty ¢ into a sequence of
decisions x in X (i.e., F: S = X). Accounting for non-anticipativity constraints, the objective is to
formulate a feasible decision rule to maximize total expected return, based on a series of reward
functions with capacity decisions x, and uncertainty &[¢] as inputs. The objective for the capacity

expansion model with flexibility decision rules is captured by (3.5) 5.2 (3.2)-(3.4) and (3.6)-(3.8).

S T
1 1 \¢
_ _ 00 t(pt(lt] gt-1 t
oo - 13 ceronyo 3 (1) ).
s=1 t=1
_ C’_g (?st ( S[t]'g.g_l);{g) _ }[st(?st( S[t]'eg—l)'ag—l)]) (35)

6t € Of (3.6)
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j::gt( s[t]:gst_l) — Qst (37)

s () o <[ gzt o
Note that the reward and cost functions presented in (3.5) differ from the ones (3.1) as they are
influenced by the decision rule policy F. The capacity decision made in each period ¢t for scenario s
and component i (i.e., %) can be found from (3.7). The form of F varies for different problems, and
a vector of parameters @ is used to characterize it, with the decision rule represented here as Fy.
Finally, (3.8) gives the general expression for the expansion cost function ', determining the expense
associated with each capacity expansion decision, based on the problem at hand. Letting

R(Fy (8),%) denote the total accumulated reward based on decision rule function and uncertainty
realizations, the problem of choosing an optimal decision rule vector is defined by (3.9) below. In

practice, Fy is restricted to be a subset of X in order to tractably obtain a closed form solution'®.

T
1
max E[RG ©,9] = £ ). D 10 (Fo (E[t]s),gts)} 69)

S
s=1 t=0

3.4.3 Capacity Expansion with Deep Reinforcement Learning

A DRL based approach is used to evaluate and optimize an implicit form of decision rules to act as a
triggering signal for making a particular flexibility decision during system operation, as captured by a
policy m within a DNN. The major difference compared to alternative methods discussed in 2.1 or the
formulation presented in 3.4.2 above is that w can be characterized by a much larger set of parameters,
and thus actions need not be restricted to a static pre-determined form. The primary steps required to
formulate an engineering system design and planning optimisation under uncertainty through the DRL

Flexibility Analysis framework were described in detail in 3.2.

More generally, it is assumed that the condition of the engineering system for any t € T can be
defined by a state observation, st € X € R™, where st captures the installed capacities for each
component i, in addition to other factors. Based on the information given to stakeholders at each
evaluation time step, they can sequentially select a system evolution decision, at € A € Z"a,
changing the capacity of a component if deemed necessary. Considering the targeted objective, a
reward function, R: X X A X X — R, can be defined which captures the impact of different available
actions over time. This is based on a series of periodic revenue R*(st, &%) and cost

Ct(st, &Y) functions, approximated through environment interactions, as well as the deterministic

expansion cost function 7t (at, st) which includes a zero-stage decision on starting configuration.
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The engineering system state is then updated as a function of the previous state, action selected, and
realisations of stochastic variables. As such, the system is identified to hold the Markov Property, and
can be formulated within the MDP framework. The objective, as for the inflexible baseline or
flexibility decision rule approach, is generally the maximization of ENPV through the development of
a system evolution policy, 7: X = A. Note that a® is then obtained from 7 by using s* as an input, as
shown in Figure 2.3 and Figure 3.5. The generic model for DRL based engineering system flexible
capacity planning is defined according to (3.10), and can be implemented on the same scenarios S; as
in (3.1) or (3.5) above. Furthermore, as 7 (®,") is approximately captured by a NN with parameters

@ € R™0, the capacity expansion problem simplifies to obtaining optimal network parameters @* 134,

( max E,[NPV]
A

T 1\

NPV, = Z(—) Rt (3.10)

P(m) 1=+ t=0

R, = RE(s",€D) = C'(s*,60) — H'(al,s")
at = n(sh)

\ VteT,seS

3.4.4 Uncertainty Simulation

The development of stochastic models to account for uncertain variables is a very broad field,
particularly when applied to engineering systems with a high perceived risk level. Several potential
options exist such as Bayesian theory, Dempster-Shafer, jump diffusion models, mean reversion,
scenario planning, and more advanced statistical approaches such as ANN based forecasting®?!%2!1,
Determining the appropriate approach for each variable, however, is an extremely complex topic onto
its own, and a whole thesis could be written just on optimizing the trade-offs among alternative
stochastic modelling methods. In order to focus on the objectives of this thesis, therefore, Geometric
Brownian Motion (GBM) models are developed to estimate stochastic evolutions of most case study
variables simulated, unless stated otherwise. This form of stochastic model is chosen as it can
represent, for any variable x, both overall long-term trends (if any), and the potential for tail event or
low probability scenarios. This is deemed highly compatible with most of the uncertainties considered
in this work, as found in previous studies®>7"212213 Tt should be noted, however, that if available data
were to suggest otherwise, alternative, and more complex stochastic model formulations should be
explored outside this proof-of-concept work- as discussed in 3.1.3. Mathematically, this GBM
involves drift i, and volatility o, variables, respectively. dW; models the random Wiener process, or
stochastic deviations from the mean as sampled from a normal distribution, and dt the time resolution

implemented. These values, typically based on historical data, allow one to fine-tune the stochasticity
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of the model, while not limiting the potential total evolution scenarios *'*2!®. They can then be used to

simulate uncertainty for any variable X as shown by (3.11)-(3.12) below'**.

dXt = u, Xt dt + o, X'dW, (3.11)
2
Xt = X% exp(u, — %% /2 )t + o, W, (3.12)

3.4.5 The Value of Flexibility

The total value of flexibility VoF?r,:4; for any engineering system considered, on any metric z, is
captured by (3.13). In essence, it comes from the combination of tactical system planning flexibility
VoF? Strategics and the added value enabled by operational flexibility possibilities VoF? Operational-
As shown in (3.14), it is thus estimated as the difference between the expected value for the best
flexible solution EVpjexipie’ and the best performing inflexible benchmark EVgogtpasetine - For z =
ENPV, as formulated for all methods in 3.4, VoFENPV . ... represents the upper bound that should be
paid to embed said flexibility in an engineering system design. This helps inform better decision-
making since the proposed approach helps improve assessments on the value of flexibility, which can

then be used in design analysis to determine whether the cost of embedding it are worth it.

VoF?rota1 = VOF?strategic + VOF? operational (3.13)
VoF?rotar = EVriexibie” — EVpestpasetine” (3.14)

VoF ZOperational = EVijex Operation — E Vlflflex Operation (3.15)
VZEZ (3.16)

Furthermore, (3.15) is used to decompose the operational flexibility VoPP?Z possibilities from the
DRL based decision-making flexibility proposed in this work. The value of operational flexibility is

thus approximated from the difference in performance for baseline designs EVj, rex operation 3
compared to ones integrating flexible operation EVijex operation- While it is recognized the values for

these flexibility sources may not be purely additive, they are considered separately in this thesis to
determine whether or not the infrastructure investment required to enable the operational flexibility
developments discussed in Chapter 6 are worthwhile in the targeted context. Decomposing relative
performance improvements by source may also be beneficial for various policy-making objectives. It
gives relevant decision makers important quantitative insights across different metrics Z. These can
then be used to help develop market support instruments or incentive programmes, with the aim of
maximizing added value from flexibility implemented in different manners. The specifics on how

these metrics are calculated for each case study are further detailed in their respective sections.

Chapter 4
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4 Methodological Validation: Proof of

Concept Infrastructure System

This chapter is focused on one essential question for validating the novel proposed approach:

e RQ3: Is it possible for DRL to outperform existing methods in Flexibility in Design on a

well-known simple proof of concept case study?

This question is tackled using the simple infrastructure system first introduced as a motivating
example in 3.1.2. This is a foundational problem in ROA and Flexibility in Design which has been
benchmarked using all commonly implemented approaches, representing an important starting point
for the validation of the proposed DRL based method. It should be noted that this was the first case
study assessed as part of this thesis, and as such the methods and analysis presented are simpler than
in the following chapters. Nonetheless, the results suggest significant potential added value through
the proposed approach, motivating further validation and development on more complex case studies.

The full open source code to reproduce all results presented in this chapter can be accessed here?!”.

4.1 Case Study Overview

In order to test the potential of DRL to produce value enhancing DRs in systems engineering design,
the approach is first tested on a simple infrastructure system. The complete strategic design problem is
taken from the development of a multi-story parking facility in the UK, where the project managers
and system designers regarded the growth in customers/ parking demand for the adjacent mall to be
highly uncertain as it had not yet been built. As a result, the objective was to evaluate whether a more
flexible design which could allow capacity increases over time could increase expected value for the
project compared to a stochastically optimal fixed design. The garage presents a capacity of 200 cars
per level, a maximum allowable height of 9 floors, and the possibility to yearly decide whether to
expand capacity by 1, 2,o0r 3 floors — as shown in Figure 4.1 (i) '*. This problem was chosen as it is
an often-used pedagogical case to teach the ideas of flexibility in design due to its relative simplicity
with few numbers of design variables involved. It presents tensions between maximizing economies
of scale (EoS), an approach often used in system design to deal with uncertainty which can result in
excessive early capacity commitment, and smaller modular deployments which may lead to higher
total investment cost, albeit providing valuable adaptability, as shown in Figure 4.1 (ii). In short, the
graphic captures how a rigid design exploiting EoS does not necessarily perform better than a flexible

modular design with no EoS when considering uncertainty in key variables.
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Figure 4.1: 1) Example multi-story garage; ii) Overview of tensions involved in design process.

4.1.1 Mathematical Model and Assumptions

A discounted cash-flow (DCF) model is built to represent the relevant variables in this infrastructure
design problem. The objective is to maximize the Expected Net Present Value (ENPV) of the project
over a 20-year operational life T for all scenarios s € S, as shown in (4.1), where A represents the 12%
discount rate used. The general formulation for the infrastructure system model is defined by (4.2)-
(4.6). The net cash flow per period NCF; is given by (4.2) as the difference between annual revenues
R; and costs C;. The expression for R; shows that the maximum revenue in each period ¢ is capped by
the installed capacity k; or periodic demand D;. An annual price p of USD 10,000 is charged per
space used. Total yearly costs C; are instead found from the total operational costs k;c,., land leasing
cost ¢;, and expansion costs Ceyp,. Land leasing costs are deemed fixed at USD 3.6 Million /year, with
an average annual operating cost of USD 2,000 for each space available (even if not used). The total
installed capacity is given by (4.3) as the sum of initial one and all previous expansion decisions. In
the inflexible case, f; = 0 V t since no expansion decisions are possible, while in the flexible case

ft # 0 to allow expansion as demand increases over time. The initial investment C is determined
from (4.4) as the sum of construction cc, and land leasing costs. Initial construction costs cc, are
calculated as ccy = ng fyc, for the first two levels built, where f;, represents the starting number of
floors, ng the 200-car capacity per floor, and ¢, the cost of pre-cast construction at USD 16000/space.
Past the first two floors, costs are assumed to grow at a rate of 10% per level. To capture technical
limitations of the project, (4.5) is a constraint on the allowable capacity for the garage, bounded by a
maximum number of 9 floors f;,, 4, Initial deterministic projections for demand over time D, are
modelled using (4.6). Here Dy is the final demand in year 20, while a and f are variables computed to
capture the exponential demand function predicted at project start, using additional forecasted demand

by years 10 and 20. Deterministic assumptions are that the demand at project start D, consists of 750
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parking spaces, with demand for an extra 750 and 250 spaces by year 10 and 20, respectively. These

assumptions result in @ = 1000 and 8 = 0.15 in the deterministic demand function from (4.6).

1 s T 1\ (4.1)
ENPV = —z Z (—)
S 142 NCF
s=1 t=0
NCFt = min(Dt, kt)p - ktCr - Cl - Cexp = Rt - Ct (42)
Ly 4.3)
ki = f0n0+n02ft
t=1
Co=ccy+¢ 4.4
kt < nofmax >0 (4-5)
D, = Drae™Ft (4.6)

In practice, however, the evolution of demand is highly uncertain due to the potential development of
a nearby mall. Consequently, the stochastic demand model given by (4.7) is formulated as GBM
around an S-trend curve, in line with previous works on this case study, a slight modification to the
general formulation from (3.11)-(3.12). Here, D; is still calculated according to (4.6), allowing out of
sample testing as detailed in 4.4. Additional demand for years 10 and 20 is instead sampled from a
uniform distribution, with realized parking demand + 50% from the original projections. Stochastic
inter annual demand growth g, is found from (4.8), where g,, is the projected deterministic growth
rate. The yearly increments for simulation dt and the respective estimated annual volatility o of 15%

can then be used to generate a potentially infinite number of i.i.d. scenarios of demand evolution.
Depr® = ge(1+ Dy) (4.7)
e = 9pDe + odW; Vdt (4.8)

The introduction of demand profile uncertainty is captured by Figure 4.2 below, highlighting the
potentially large variability in market operating conditions encountered by the engineering system.
Low, medium, and high growth stochastic scenarios are included to give some intuition on the need
for adaptability in this context. As can be seen, while the deterministic forecast assumed constant and
predictable growth, the reality changes significantly when introducing deep uncertainty. System
designs produced only using deterministic data, therefore, are likely to perform poorly in a lot of
scenarios -driven by either enhanced downside exposure or reduced ability to capture upside profits.
Similarly, stochastically optimal inflexible baselines, while performing better under uncertainty than

deterministically optimal ones, provide limited adaptability to different scenario realizations.
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Figure 4.2: Comparison of deterministic and stochastic simulated demand evolutions. The shaded blue

area represents the 95% confidence interval for the stochastic demand over 2000 simulated scenarios.

Please refer to 11.1 for the complete list of assumptions and parameters used in the model detailed in
this section.

4.2 Benchmarking

This section presents the most extensive benchmarking of DRL agent performance in this thesis as it
was deemed a core issue to methodological validation. In light of the above, the DRL based design

solution is benchmarked in terms of expected economic performance under uncertainty against:

A. Stochastically optimal inflexible baseline.
B. Flexibility Decision Rules.
C. Dynamic Programming Sample Average Approximation (DP SAA).

Design alternative A is included to evaluate trade-offs among economies of scale and the inclusion of
flexibility in the system. Design alternative B yields interesting insights on a simpler and more
intuitive method to integrate adaptability, however, can sometimes yield slightly sub-optimal
solutions due to the pre-restricted form they must take, which are not applicable across all scenarios.
Finally, design alternative C represents a state-of-the-art method for improving expected performance
in decision-making under uncertainty, although criticized as less interpretable than the decision rule
approach. Together, they represent the primary alternatives available for engineering systems design
and operation and can confidently validate the comparative performance of the proposed methodology
on the foundational case study for Flexibility in Design. Unless stated otherwise, all solutions are

obtained based on the same sample of 2000 i.i.d. stochastic scenarios for improved comparability.
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4.2.1 Inflexible Baseline

This section introduces the generic formulation of the rigid capacity planning model under uncertainty
to determine the stochastically optimal number of fixed floors to build. The optimisation problem, not
considering expansion decisions, simplifies to (4.9). The reward function per period 7:5(fy , €°) is
based on the uncertainty realizations in scenario s and is equivalent to the NCF for year t defined in

(4.2). No expansion costs are considered in this design.

S

max%iio (fo,&") = ma %zi(1+l)tN6Ft 4.9)

s=1 t=0
s.t. (4.2)-(4.5)

This problem is fairly simple to optimize due to the presence of only one design variable f,, with a

small feasible design space involved, even if presenting a highly non-linear and disconnected

objective function. The Differential Evolution (DE) method from?'® is applied to the optimization,

quickly converging to the optimal solution of building 6 floors at project start, in line with previous

results !

. Past this point, it is unlikely to recover investments made in infrastructure, while building
less floors leads to excess demand not taken advantage of in many scenarios. The expected

performance of this design under uncertainty is presented in more detail in 4.4.

4.2.2 Flexibility Decision Rules

The potential to embed flexibility within this engineering system is first evaluated using the
Flexibility DRs approach, optimized via the objective presented in (3.9). In this proof-of-concept
study, a design vector is initially defined capturing the most impactful decision-making possibilities
by the agent. This is then consulted at every decision stage to ultimately determine the capacity
expansion schedule. The possible values and decision rules analyzed as part of the design vector are

summarized in Table 2, providing intuitive triggering signals for decision-makers during operation.

Table 2: Decision rules and subset of values considered in the design vector for the multi-story

parking garage case study.

Decision Rule Explanation Levels
Variable Evaluated
ai_s Allow expansion in years 1-4 Yes-No (1-0)
ag_12 Allow expansion in years 9-12 Yes-No (1-0)
ai7_20 Allow expansion in years 17-20 Yes-No (1-0)
d, Previous years with excess demand before expansion 2-4
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ft Floors expanded by on expansion years 1-3

fo Starting number of floors 1-9

The decision rules considered in this section are classified as conditional-go, meaning they are
formulated via a set of IF-THEN-ELSE statements based on the above variables. Their logic is
graphically captured in Figure 4.3. It shows how historical data on system configuration (starting from
fo) and uncertain variable realization is first used by Procedure 1 to determine whether there has
been unmet demand in the past d,. years. Procedure 2 then checks whether the binary decision
variable constraints allow expansion for that specific year (i.e. a;_4, ag_13 , and a;7_, are equal to 1
for t is equal to 1-4, 9-12 and 17-20 respectively). Finally, given both Procedure 1 and Procedure 2

have been met, the expansion magnitude (i.e. by f; levels) is executed in Procedure 3.

Expansion is year t is g
allowed by constraints: THEN Expand ﬁgg?:“y by

(Procedure 3)

(Procedure 2)

Demand in last  years

exceeded current capacity

Garage demand and / (Procedure 1)
capacity historical values .
(including = )upto yeart No Expansion
(DR input)

e/ g
3@ No expansion

Figure 4.3: Visualization of flexibility decision rules procedures for multi-story garage case study.

Decision rule variables optimised are highlighted in black for improved graphical clarity.

These decision rules are optimised using the formulated design vector and the DE algorithm for a
more comparative evaluation. They also include the only design variable considered in 4.2.1, f,
which is the starting number of floors built at year t = 0. Several runs suggest solutions convergence
to the likely global optimum fairly quickly, although hyperparameter tuning remains important. The
final optimal design vector solution found is in (4.10), suggesting a more dynamic solution to the

baseline as it is able to consider both EoS and modular deployment by enhancing system flexibility.

[@1-45A9-12, Q1720 dr> [ fo 1" = [1,1,0,2,2,4] (4.10)

4.2.3 Dynamic Programming Sample Average Approximation
The DP SAA approach is implemented as presented in 2!° including sampling strategy, as it is well
suited to solve Monte-Carlo simulation based discrete decision analysis problems such as the one

evaluated here. The SAA problem is generally defined by (4.11) below as:
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(4.11)

*

z,* = max
n X EX

|

iR(x, )
s=1

where R(x, &) denotes the accumulated reward in one scenario s, or the NPV. In this method, samples
are repeatedly drawn from the distribution of uncertainty and the resultant average sample
deterministic optimization problem is solved with backward induction. Each sample may lead to a
different solution, however if the sample size is large enough, the sample objective function value will
approximate the true one>. The true problem and expected reward are thus approximated via the
sample average function from (4.11), yielding z,,* as an estimator of the true optimal value and x,,* as
an estimator of the true optimal policy. An optimality gap of 2% is used as a stopping criterion. The
primary difference between this and flexibility DR approach is that in the SAA approach, the optimal
policy or set of actions does not have to stay constant across all time periods and scenarios. This
allows more valuable decision-making to be considered by the system, but at the cost of a less usable
policy and a greater computational expense. Contrary to 4.2.1 and 4.2.2, in fact, no intuitive

explanation of the mathematical solution form can be presented, as has been previously criticized.

4.3 DRL Implementation

4.3.1 DRL Flexibility Analysis Formulation

The DRL formulation of the capacity planning problem detailed in 3.4.3 and applied to the
infrastructure case study from this section is developed as an Open Al Gym environment. The Open
Al gym format is followed as it is by far the most prevalent in the RL community, providing a
standardized and reproducible way to assess environment feasibility and agent performance'¢!.
Furthermore, all major DRL packages and libraries mentioned in 2.3.3 have been designed to be
compatible with Open Al gym environments, allowing for simple and fast experimentation among

different algorithms. The different steps for DRL Flexibility analysis are further detailed below.

1. Environment Formulation:

i.  State Space: In this proof-of-concept case study, developing a representative DRL
environment is fairly straightforward due to the limited number of variables involved.
The state space st consists of a Box observation set capturing system capacity 8¢ and
uncertain variable realization &¢ (in this case only demand D?) for year t, normalised
by their lower and upper boundaries, respectively. Note the difference compared to
the alternative methods presented in 4.2.2 and 4.2.3, where the information up to and
including the time of decision is needed to determine the exercise of a flexibility
strategy. In order to address this, time awareness is also included in the agent
observations based on previous works suggesting significant training performance
improvements in finite-horizon problems??°. This approach does not violate

nonanticipativity constraints as remaining project expected duration T — t should be
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part of the description of the environment to maintain the Markov Property. The

complete observation set is thus defined according to (4.12).

st = [6%, DL, T — t] (4.12)

ii. ~ Reward Function: Similarly, the form of the reward signals is determined by the

nature of the problem, as it considers investment purely from a financial point of
view. As such, the reward for each timestep t is defined as the NCF for that particular
period computed according to (4.2), ultimately leading to the generic ENPV
maximization problem shown in (3.10). Furthermore, an imaginary reward penalty of
-USD 1 is included in time steps where the DRL agent violates problem constraints,
namely the maximum allowable capacity in this case given by (4.5). This is a simple
albeit commonly used approach to let the DRL agent learn the forms of the
constraints implicitly through interactions, while not increasing the solution
procedure complexity of the policy optimisation process. It is an arbitrary value
whose effectiveness for different goals is typically determined through a mix of
intuition and a trial-and-error learning process. The reward signal rt recorded in each
year t is thus computed as shown by (4.13) below.

rt— {NCFt if 9t < gmax (4.13)
-1 otherwise

2. Uncertainty Quantification: The characterization and quantification of uncertainty for this
problem was already detailed in 4.1.1. It is not modified for the DRL implementation to allow
a more comparative evaluation to the alternative solution towards the validation of the
proposed methodology. One important difference, however, is that the DRL agent can
tractably handle a much larger number of scenarios than alternative methods, helping to
enhance generalization of designs and strategies under uncertainty. These scenarios are
generated according to (4.7) and (4.8), using the assumptions listed in 4.1.1. The realization
of uncertainty over time and across scenarios is captured by variable D in the state space.

3. Action Space Creation: Given the methodological validation objectives driving the analysis
of this case study, only the same level of flexibility enablers presented in 4.2.2 and 4.2.3 are
considered in the development of the DRL agent action selection possibilities. A Discrete
action space is thus formulated to account for the different decision options over time enabled
by the system. For any year t, the agent may thus choose to expand by 0,1,2, or 3 floors. Note

for the t = 0 decision on starting capacity f,, the action space is expanded to include 1-9

82|Page



levels as described in Table 2, allowing a more comparative evaluation. Past the zero-stage
investment decision, the discrete action space is captured by (4.14) below.

0 - No Expansion

¢ ) 1 - Expand by 1 floor

at = fort>0

2 = Expand by 2 floors (4.14)
3 - Expand by 3 floors

4.3.2 Algorithmic Approach

Given this chapter is focused on validating the proposed methodology in a case study with relatively
low dimensionality and a discrete action space, the capacity expansion problem under uncertainty is
tackled using simpler value-based methods. More specifically, the Double Deep Q-Network (DDQN)
agent with prioritized experience replay (PER) was implemented'®®. This algorithm leverages the
approximation power of neural networks to iteratively improve a complex representation of the value
function through sequential agent-environment interactions. DDQN works by simultaneously
updating network parameters based on reward signals received, with the objective of minimizing error
between the true and approximate value of state-action pairs. The use of separate networks for value
estimation and action selection allows for improvements in performance stability and helps address
optimistic Q-value bias'®. Furthermore, the original DDQN is augmented by focusing on transitions
or episodes which yield the largest changes in agent performance, rather than uniformly sampling

141

from past experiences'*'. The DDQN agent is thus exposed to replays of important transitions more

often, helping to increase learning efficiency and resilience of developed policy.

Action selection in such a complex stochastic environment, however, introduces the important notion
of exploration vs exploitation for the learning agent. This is equivalent to the compromise between
continuing to try new actions which could result in increased return or sticking with current actions
which are known to have a high value. The common e-greedy behavior policy shown in (4.15) is
chosen to address this issue. It is equivalent to taking the highest valued action with a probability of 1-
&, while uniformly random sampling from the action space with a probability of € to enhance
exploration. To balance this, ¢ is initially set to 0.5 here, with a linear decay schedule. The probability
P(i) of each memory being sampled is proportional to its training-loss adjusted TD error, as shown in
(4.16). The exponent a determines the extent to which prioritization is used, where & = 0 represents
the uniform sampling case, and p; > 0 is the priority assigned to transition i .} quantifies the extent to
which we want to compensate for the bias error (0-1) and k is the minibatch size. 8 is normally

annealed to 1 during the training process as unbiased updates become more important.

argmax,, Q(s¢, at) , w.p.1—¢ (4.15)
random action, w.p. €

T (atlse) = {

83|Page



i’ (4.16)

P = 2k PE

The full pseudocode for DDQN with PER applied to this case study is given by Algorithm 1 below.

Algorithm 1: Double DQN with prioritized experience replay applied to garage case study, adapted from ',

1: | Initialize Q network parameters ¢, minibatch k, step-size 1, replay period K and size N, exponents o and 3,
budget T , initial exploration epsilon & , M training episodes

2: | Initialize replay memory H = @,A=0,p; =1

3: | For M episodes do:

4: Select starting number of floors (f;) based on initial demand (Sy) and current policy Ay ~ mg(Sy)

5: fort =1to T do:

6: Take random or highest valued capacity expansion decision (A4;) according to (4.15)

7: Observe transition to next state (S;) and resulting yearly NCF in 7 (R;)

8: Store transitions (S;_q , A¢—1, Ry, S¢) in H with initial maximal priority

9: if replay period K reached then

10: forj =1tok do

I Sample transition j ~ P(j) = p} / X;p{"

12 Compute importance sampling weight w; = (N -P())~F /max;w;

13 Compute TD error §; = R; + ¥;Qrarget (S; ,argmaxan(Sj,aj)) — Q(Sj-1 ,4j-1)

15: Update transition priority p; < |&;]

16: Accumulate weight change A <« A+ w; - 6; * Vg Q (Sj-1,4j-1)

17: end for

18: Update weights 6 < 6 +n-A ,reset A=0

19: Optimize Q-network parameters and copy onto target network periodically 6;47ger < 60

20: end if

21: Choose action A; ~ 1 (S;) or expansion level decision based on current parking demand

22: end for

The logical progression of the proposed approach based on DRL Flexibility Analysis and Algorithm 1
is graphically summarized by Figure 4.4 to provide some intuition on both the learning and decision-
making process. It presents several important differences to the logic for the FDR approach depicted
in Figure 4.3. Generally, the state observation (built capacity and parking demand here) in any given
year is used as an input into the NN parametrized value function Qg, not requiring a history of

previous observations. In fact, Qg estimates the expected return for each action available from any
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input state (for example limited by constraints on maximum capacity deployed). The DDQN agent
then selects an action based on (4.15) and executes it in the environment model, leading to an updated
system state and NCF (or reward) in the following year. At first, the agent’s actions tend to be highly
random and exploratory, followed by convergence to highest valued ones over the learning process.
By efficiently evaluating different regions of the decision-making space, the agent generates data to

provide better guidance on approximate value function updates, and in turn action selection.

The final optimal decision-making policy *(a;|s;) can then be implicitly derived from the final
parametrized state action value function, providing a deterministic mapping of actions from state
observations. It can be directly used by system operators to determine capacity expansion decisions
under uncertainty more dynamically than with alternative methods, by taking the maximum over all
actions available from a system configuration. As shown in Figure 4.3, a simple fully connected NN
architecture (or MLP) is implemented for this proof-of-concept case study, with input and output
layers matching observation and action space dimensionality, respectively. Additionally, two hidden
layers with 16 neurons each are used for mapping input features to action selection, balancing
expressibility of the estimated value function with speed, expense, and difficulty of training. Note that
as discussed above, the target network used for policy updates presents the same architecture as the

value network (albeit using the older set of weights 7).

Net cash flow (Reward) att + 1

Value Function
Update

Action a® selection

= T No Expansion
= S RN i
Input layer R € 3 2 Hidden layers R € 16 Output layer R € 4 Expand 1 floor

: e-greed
State observation Approximated behagior pglicy

st for year t value function Qg . (af|sf)

Expand 2 floors

_Btlﬂt_ciafffi_t{_" Parking demand

T o)

www =

& oA i aD Expand 3 floors

Updated System State att + 1

Figure 4.4: Graphical overview of DRL agent decision-making process on garage case study using

Algorithm 1.
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4.3.3 Training and Testing

The DDQN agent described in the former section is trained using a budget of 500,000 yearly decision
timesteps, equivalent to 25,000 simulated full 20-year episodes. As performed on a standard laptop
Intel(R) Core(TM) i7-8665U CPU @ 1.90GHz, the complete training process for a single agent takes
approximately 1-2 hours. All training scenarios are stochastically generated to be i.i.d from each
other, thus leading to an infinite amount of potential scenario evolutions and state-action pairs. This
was motivated by the need to develop a more generalizable adaptability strategy under different
realizations of uncertainty. No exactly equal trajectories are thus possible inside the environment, and
training process is fully non-anticipative, with all operational decisions based purely on recorded

observations at a particular timestep'*

. Hyperparameters in this initial implementation are found
through a combination of grid search and intuition on the formulation of the environment (please refer
to 11.2 for a complete list of hyperparameters used). Changes to them from default ones are observed
to substantially impact both training efficiency and final agent performance, motivating more
advanced approaches for hyperparameter tuning following the methodological validation stage. All

NN parameters 6 are updated using the Adam optimizer here!?.

The complete learning curve for the DRL agent on this case study is shown in Figure 4.5, averaging
results from 5 separate training runs using different random initialization seeds. Note that only the
best training run is used for relative performance analysis in 4.4. Evaluations of sum of rewards were
conducted every 100 episodes, using a greedy policy (i.e. € = 0) for 5 episodes. The results suggest
that the proposed DRL approach is able to learn effective policies in all runs, albeit experiencing
significant variance during the training process. This can ultimately lead to substantial differences in
final trained agent policies, with only the best performing run compared to the benchmarks in 4.4. In
the initial training episodes (i.e. 0 to 150,000 time steps), the DDQN agent focuses on exploration of
the decision-making space and often is penalized for constraint violation — resulting in overall very
negative ENPV values. After this, however, the DRL agent seems to gradually exploit data from
environment interactions to improve the value function approximation, leading to more dynamic and
reward maximizing action selection. According to Figure 4.5, the policy generally converges past
around 400,000 time steps, aligned with more limited exploration of the environment in the final

stages of training.
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Figure 4.5: Learning curve for DDQN agent on garage capacity expansion case study, where the y-
axis represents the ENPV (USD) obtained in one episode (20 year project life) and the x-axis the
number of training decision time-steps. The solid lines show the smoothed averages using a window

size of 50 episodes. The shaded area shows the standard deviations among different training runs.

The arbitrary reward penalty in (3.14) for deploying capacity past its maximum level is then removed
during the testing/benchmarking phase, as it is not representative of real-world operation.
Consequently, the true ENPV obtained by the DRL based flexible capacity expansion strategy is
evaluated, as opposed to the return computed via the modified reward function during training. An
important distinction is noted here in the optimization of system designs and policies using alternative
methods, which only used the same 2,000 fixed i.i.d. scenarios to maintain computational tractability.
The DRL approach, on the other hand, trains over 25,000 i.i.d. scenarios to enhance generalizability.
Iteratively training using only the same 2,000 fixed scenarios would have likely yielded much faster
convergence but sacrificed generalizability under uncertainty. Nonetheless, for the benchmarking
presented in the following section, DRL agent performance is compared using the same set of
stochastically generated demand scenarios as implemented in the alternative methods. This means that
while trained on the same stochastic model parameters, no complete scenario used in testing would
have been encountered during training (i.e. out of sample testing). The different time-step resolutions

implemented for the DRL agent in this case study are summarized by Figure 4.6.
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*Equivalent to one 20-year *25,000 environment *Same 2,000 environment
simulation of system episodes episodes (or 20-year i.i.d.
lifecycle +500,000 decision time scenarios) as benchmarks

+*20 decision-time steps steps *40,000 decision time
(including year 0) *Reward penalty computed steps

*One i.i.d. stochastic for action selection in *No reward penalty
demand scenario each year

DRL Agent _
Testing E"‘)
-

Figure 4.6: Summary of timestep resolutions used in different stages for the proposed DRL approach

Environment '—ﬁ DRL Agent

Episode e @ Training

on the multi-story garage case study.

4.4 Relative Performance Evaluation
4.4.1 Numerical Results
4.4.2 Motivations for Flexibility Based System Design

Ultimately, the methodology proposed in this thesis is strongly based on recognizing flexibility as a
value-enhancing paradigm under uncertainty, estimated via (3.14). In the methodological validation
stage, however, we performed a preliminary analysis to highlight the motivation for a Flexibility in
Design approach in capacity planning problems, even in a deterministic setting. The deterministic
projections are thus used as a reference demand scenario for initial analysis, and the VOoF is simply
included for comparing the value obtained in the following section. The results summarised in Table 3
show that the flexible design solutions significantly outperform the baseline, with a slight edge for the
proposed DRL approach, driven by a more dynamic decision-making policy. On one side, the staged
deployment solutions are able to better discount investments into the future. On the other, the demand
in the deterministic profile exceeds the 6-floor capacity by the end of year 5 already, which the
flexible designs are able to capitalize on by progressively increasing capacity to the appropriate level.
Designs focused on flexibility, therefore, also present much lower initial investment, decreasing

project risk and increasing attractiveness to investors.

Table 3: Economic performance and VoF from the solutions in a deterministic demand scenario only,

with all values shown in USD Million units.

Metric Inflexible Flexibility DRs  DRL Flexibility
Baseline Analysis

Deterministic NPV 10.56 15.05 15.25

VOoF 7otai 0 4.49 4.69
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4.4.3 Stochastic Benchmarking

The relative performance of the different design alternatives detailed in 4.2 under uncertainty is
graphically captured by Figure 4.7. All flexible design solutions outperform the inflexible baseline
based on ENPV, downside exposure and ability to capture upside potential. The cumulative
distribution functions (CDF) suggests the proposed DRL based approach can yield a more valuable
design solution and flexibility strategy than alternative state of the art methods. Given the same level
of technical enablers are embedded in all flexible solutions, this result points to the value of improved
decision making under uncertainty, rather than simply unexploited technical flexibility. Designs 2 and

3, in fact, present overall very similar performance in this proof-of-concept study.

CDF of different design alternatives

100% ~#-  |nflexible Baseline (1)
—m- Flexibility DRs {2}
-u= DOP 584 (3)

z B0% | —e— DAL Flexibility Analysis (4)
E

1]

| B0% A

&

2

o 40%

E

3

O 20% A

P e

=20 -10 0 10 20 30 40
Met Present Value of Design (USD Million)

Figure 4.7: Cumulative distribution functions showing lifetime performance of different design
alternatives for the garage case study based on 2000 simulated scenarios. Vertical lines represent the

ENPYV for each of the methods implemented.

Table 4 extends this analysis via a multi-criteria comparative assessment of the various design
solutions produced under stochastic demand assumptions. This sort of comparative table is useful as
different decision makers may look at different risk factors when evaluating a project, thus helping to
give a more holistic overview of system design performance. It highlights the validity and
contribution of the proposed DRL approach through this proof-of-concept case study, as it
outperforms all benchmark designs on ENPV, VoF, and Value at Gain (VaG). More specifically,
ENPV is increased by 18% and 11% relative to the Flexibility DRs and DP SAA implementations,
respectively. For infrastructure systems requiring large investments, this is a crucial improvement
which can determine project feasibility or success. Interestingly, however, DRL did score worst in

Value at Risk (VaR) and overall variance between scenarios (as seen by the shapes of the CDFs in
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Figure 4.7) among all flexible alternatives. These indicators give some reason for concern and suggest
further fine tuning of the solutions is needed to increase acceptability in a real-world setting, as VaR
is often a very important metric in determining project investment, particularly for risk-averse
decision-makers. The larger capacity expansion flexibility allowed by the DRL implementation may
tend to favour looking for upsides at the cost of neglecting downsides, although ultimately the effect
of increased upside potential remains dominant. Including flexibility strategies more focused on
addressing downside risks, such as abandonment, could potentially aid in mitigating some of these

effects and yield a narrower CDF profile.

Table 4: Multi-criteria design decision making assessment for the garage case study with stochastic

demand over 2000 simulated scenarios.

Criterion Inflexible Flexibility DP SAA (3)  DRL Flexibility Best
Baseline (1) DRs (2) Analysis (4) Option

ENPV 7.77 12.24 13.09 14.47 4

VoF 0 4.47 5.32 6.70 4

VaR, 10% -5.72 -0.21 0.28 -0.34 3

VagG, 90% 17.32 24.13 23.89 30.17 4

4.5 Understanding and Comparing DRL policies

This section presents some initial attempts at improving the interpretability of the DRL based solution
for future practical implementation. It starts by looking at a few example stochastic demand scenarios
and the respective capacity evolution strategies produced by Flexibility DRs approach. This analysis

is then extended by retroactively evaluating the form of decision rules implemented by the DRL agent
through a preliminary statistical analysis of their distribution. These outputs are then compared to the
ones from the Flexibility DRs approach, providing some intuitive guidelines for operation and logic of
the various solutions produced. Note that the DP SAA solution is not analysed in this section given it
presents very limited interpretability (as discussed in 2.1.4) and generalizability for deviations from
projected scenarios. Furthermore, based on Figure 4.7 and Table 4, it produces a very similar

distribution of performance as the Flexibility DRs approach.

4.5.1 Capacity Evolution Scenarios
Capacity and demand evolution plots are used a starting point for evaluating the quality of flexibility
strategies developed and comparing them to the inflexible baseline. This helps provide some visual

intuition on the nature of the problem tackled, and differences in decision-making under uncertainty
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among available methods. The example scenarios captured in Figure 4.8 suggests that both Designs 2
and 4 are well suited to adapt system configurations to realizations of uncertain demand over time.
Note that designs here (and for the rest of this thesis) loosely refer to solutions obtained with the
different computational design evaluation approaches. The Flexibility DRs approach, however, is
more limited in the form of expansion decisions made. It contrasts with the DRL based solution
relying on a complex NN parametrized policy, which based on progressive state observations
dynamically selects the highest valued action. This leads to very limited demand-capacity mismatch
throughout project life, although with a slight tendency toward overbuilding. In terms of economic
performance, Design 4 produces a higher NPV for the high and low stochastic demand scenarios from
Figure 4.8, albeit with a slightly lower one than Design 2 for the medium scenario. This suggests that
the higher dynamicity in Design 4 is particularly well suited to generalize strategies in uncertainty

realizations that are further from deterministic projections.
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Demand and Capacity Evolution Comparnson
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Figure 4.8: Example capacity evolution scenario using for the Flexibility DRs (red), and DRL
Flexibility analysis (green) under different stochastic realizations of demand (blue), where 1) captures

a relatively high demand scenario, ii) a medium demand scenario, and iii) a lower scenario.

More specifically, Figure 4.8 1) captures a relatively high demand scenario which leads to early
capacity deployment for both Designs 2 and 4, albeit through a more modular approach for the DRL
solution. This ultimately results in a higher total capacity which closely matches realized demand past
around year 7, capturing the upside potential for the remainder of system operation, albeit with
slightly higher investment costs. Figure 4.8 ii), on the other hand, captures a medium demand scenario

that is closer to deterministic projections. It highlights another important difference between the logic
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of the two approaches, as Design 2 only exercises capacity expansion once there has been a
sufficiently long period where it could not meet demand. Accordingly, it tends to be more focused on
reducing downside exposure, while Design 4 deploys excess capacity which is not able to be filled in
most years of system operation. Finally, Figure 4.8 iii) captures a relatively /low demand scenario,
where Design 2 deploys more capacity than Design 4 in early years, resulting in unnecessary high
initial investment costs. The flexibility strategies employed are overall similar for both methods, with
the same final capacity reached by year 15, and Design 4 presenting more modular deployment to
discount costs into the future. Both approaches, however, yield solutions which are well adapted to

this specific scenario, only presenting limited demand-capacity mismatch over system operation.

4.5.2 Decision Rule Distribution

As mentioned in the former sections, the DR approach detailed in 4.2.2 allows the most
complementary evaluation of the performance of the DRL agent on the design problem. This is
because in the real world, the most you could optimize for before the project is either the predefined
capacity expansion plan or the DRs to determine capacity expansion strategy. Since DRs allow the
decision maker to adapt the capacity expansion plan based on observations of actual realized
uncertainties, a comparison with them is deemed most appropriate for methodological validation. The
DRs implemented by Design 4 are retroactively approximated over 2000 stochastic out of sample
scenarios to gain further insights on the DRL agent’s decision-making process. The increased
dynamicity of the proposed approach becomes more apparent through statistical analysis of simulated

environment episodes, analysed through the set of DRs from Table 2, and implemented in Design 2.

Firstly, the DRL based solution is found to primarily deploy 2 or 3 levels in the zero stage decision
based on initial demand, leading to an average rule of fy = 2. 63, significantly lower than the optimal
starting capacity of 4 floors for Design 2. This is likely because the DRL action space provides more
flexibility over how and when to build, thus the agent can quickly ramp up capacity depending on the

reward signals and demand observed.

The number of years with demand greater than capacity before expansion produced by the DRL agent
are plotted in Figure 4.9. Most often, demand exceeds capacity for two years before an expansion
decision, resulting in an average rule of d,- = 1.76. This is very close to the value found for Design
2, suggesting the two approaches produce comparable flexibility strategies, even though it should be
noted that the DRL implementation does not require historical data to reach a similar conclusion.
Consequently, Design 4 exploits a more complex internal policy network to determine expansion
through the state observation in a particular year only. In nearly 40% of expansion time-steps, in fact,
only 1 year of excess demand has been experienced. On the other hand, a wait time of 3 years only
occurs in about 15% of timesteps exercising a flexibility strategy, perhaps based on the different

magnitudes of expansion considered. Finally, the DRL agent appears more focused on capturing
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upside potential, with no instances of 3 years with excess demand recorded other than if the maximum

capacity constraint had been reached.
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Figure 4.9: Histogram for d,. variable distribution of DRL agent policy estimated over 2000 scenarios.

The findings on the d, variable distribution are likely correlated to the more modular action-space
developed in 4.3.1, as compared to Design 2. This is further evaluated through Figure 4.10, showing
the distribution of capacity expansion magnitude decisions over the same scenarios used in Figure 4.9.
Note that, to provide a better comparison with the design vector from Table 2, decisions not to expand
are excluded from this analysis, as they logically are the selected action in the majority of timesteps,
significantly skewing the data distribution. Zero-stage decisions on starting number of floors are also
omitted here as they were evaluated separately earlier in this section, although there is a potential
correlation among the two variables. The results suggest that, most frequently, Design 4 expands
capacity by only 1 floor, resulting in an average rule of f, = 1.67. Again, this is likely driven by the
more dynamic nature of the DRL policy, as the agent is able to evolve system capacity more
adaptably, not presenting the same decision constraints as Design 2. In fact, the DRL based policy is
able deploy to the maximum capacity by year 6, if desired, even expanding just one floor per
timestep. Expansion by 3 floors was seldom selected, which is somewhat intuitive as one would
imagine there would more demand scenarios where it would be favourable to capitalize on economies
of scale. Nonetheless, this may be simply due to the nature of discounting capital costs into the future.
Furthermore, the high degree of dynamicity in DRL policies significantly reduces the need for such

large capital investment commitments, even in very rapidly increasing demand profiles.
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Figure 4.10: Histogram for f; variable distribution of DRL policy estimated over 2000 scenarios.

This intuition is further supported by Figure 4.11, which shows the distribution of flexibility strategies
for Designs 2 and 4 over the project operational life by estimating the expansion probability for each
year, regardless of magnitude. The results suggest that a logical and intuitive policy is developed by
the DRL agent (outperforming benchmarks from 4.4), with important similarities and contrasts to the
Flexibility DRs approach. In essence, the distribution of expansion timings confirms the motivations
from 1.5 that a NN parametrized policy (Design 4) can generate more dynamic decision making as
opposed to restrictive and predefined DRs (Design 2). Flexibility options, it follows, are optimised
over a broader range of system operational years and state observations. This suggests the
development of a more generalizable policy which selects actions based on progressive uncertainty

realizations. The graphical insights from Figure 4.11 are further decomposed below.

B Flexibility DRs (2)

I DRL Flexibility Analysis (4)
20.0% 1

15.0% 1

10.0% 1

5.0% 1

Capacity Expansion Probability

00% -

1 2 3 4 5 & 7 8B 9% 10 11 12 13 14 15 16 17 18 19 20
Year

Figure 4.11: Distribution of expansion decisions over project life across 2000 simulated scenarios for

Design 2 (red) and Design 4 (green). Vertical dashed lines are their respective mean expansion years.
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More explicitly, capacity expansion is seldom pursued by Design 4 in the first year, driven by the
stage-zero investment and an initial assessment of demand-capacity mismatch. Design 4, on the other
hand, is always unable to expand in the first two years based on Procedure 1 from Figure 4.3.
Accordingly, the highest expansion probabilities are found for years 2-5 (peaking at 3) and 3-6
(peaking at 4) for Designs 2 and 4, respectively. These are generally good timings for infrastructural
investments, as they can generate profits over a long remaining project life, while exploiting
uncertainty realizations and costs discounting. Past year 6, in fact, capacity expansion probabilities
through the Flexibility DRs approach gradually decline to zero for years 17-20 (as constrained by
Procedure 2 and Procedure 3 from Figure 4.3). On the contrary, capacity expansion probability is
similar for years 6-12 for the DRL agent, and slightly higher for the latter ones as state observations
capture stochastic demand evolutions. Past year 12 a similar gradual decline is observed as for Design
2, with the main difference being the minor probabilities recorded for years 17-20 for Design 4. This
finding suggests that further fine tuning of the DRL agent policy may be necessary, as the capital

structure of the project makes it unlikely to recoup investments made this late in its functional life.

4.6 Chapter Summary and Conclusions

This chapter presented the first implementation of DRL Flexibility analysis on a well-studied proof-
of-concept infrastructure system, financially outperforming all benchmarked designs obtained through
alternative state of the art approaches. Sustainability and Resilience metrics were not directly
optimised or assessed for here, as the nature of the case study prioritized economic objectives from an
investment perspective. Nonetheless, the general qualitative argument that flexibility can be a
unifying paradigm for these concepts in engineering systems design , as discussed in 1.2, can be
applied here too. On one hand, only expanding floors when they are needed helps improve the project
sustainability, as emissions from construction are minimized compared to a fixed floor design. On the
other hand, the resilience of the engineering system is also enhanced. Consider for instance a small
earthquake happened that wiped out the top 2 floors of each garage, the flexible design would be able

to restore capacity more quickly than the fixed one due to its embedded modular expansion ability.

At this stage, while the ability to enhance flexibility of the system by the DRL methodology is well
supported, it is possible that it is overestimated, perhaps due to other issues at play. For example, the
DRL agent may be overfitting to the environment’s formulation. This was investigated by altering
stochastic model parameters, and while the ENPV results varied under different assumptions, the
DRL based solution consistently outperformed alternative approaches. The final results may have
been due to some “luck” in the training process by finding high valued actions early on and may not
be easily reproducible. The averaging of results from several separate training runs using different
random initialization seeds, however, suggests this issue to be unlikely as final performance was
similar across different agent trainings. The potential to scale the method up effectively to a real world

highly complex design problem, where the action and state spaces may be much larger than that this
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one, may remain a limiting factor or require substantial domain expert manipulation. This issue is
addressed in more detail in Chapters 5-7. There may be logistical constraints which make the
implementation of the DRL solution in real life more complex or more costly than it appears, as for
instance there likely would be significant interruption in service if construction for expansion was to
happen often, compared to all at once or in only two or three stages. The more risk-prone behaviour
(i.e. overbuilding) experienced must be addressed to be suitable with risk-adverse decision-making
preferences, which are often found in systems designers. Further, the fact that dispersion and
variability increased for the DRL methodology compared to the benchmarked flexible designs brings

must be addressed.

A notable advantage of the proposed methodology compared to the Flexibility DRs is that the form of
the rules normally has to be pre-determined by system designers from a mix of creativity and intuition
on the nature of the problem. In our proposed approach, however, all that is required is for designers
to identify all possible decision-making actions, particularly those with a design implication, to then
allow the agent to explore the environment and find the optimal ones over a much larger number of
interactions. In this example problem, they are the decision to build 1-9 floors initially and then
expand by 0-3 floors at any point during system operation. This can lead to more dynamic and
adaptive policies under uncertainty, essential for the objectives of Flexibility in Design, while
reducing the domain expertise required to formulate a flexible design and strategy. These
contributions are particularly focused on complementing concept generation and design space

exploration (Phases 3 and 4 in the proposed framework from 3.1).

The applicability and acceptability of computational insights into the design and decision-making
process, nonetheless, remains an important point to address for its practical implementation. The DR
distributions approximated in this chapter provide an avenue toward improved interpretability to non-
experts, but the question of how they would actually be used during systems operation remains. One
avenue would involve exposing the DRL agent to actual realized uncertainties and base operational
strategies on its reactions. A more advanced statistical decomposition of the agent’s actions under
different conditions could also yield some valuable data-driven insights for visualization. Measuring
and determining the acceptable level of risk tolerance for a project will be important in future work,
and could be integrated into the reward function directly. Alternative NN architectures could be tested
for different objectives. Policy gradient methods may also be explored to deal with higher
dimensional environments. Accordingly, stochastic policies could be developed, as discussed in 2.3,

which may be better suited to dealing with uncertainty for engineering systems design.

In light of the above, the proof of concept results presented in this chapter have demonstrated the
potential of the proposed approach, justifying an expansion to a more complex case study to further

explore its potential contributions.
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Chapter S

S Methodological Expansion: Singapore
Waste to Energy System

This chapter presents the expansion of the proposed methodology to the design and planning of a
more complex engineering system under several sources of uncertainty, including the consideration of

spatial factors in decision making. In short, it is motivated by the following question.

e RQ4: Does the proposed data-driven approach enhance expected value through flexibility

even for more complex and higher dimensional engineering systems design problems?

This increased case study complexity as compared to Chapter 4 marks a shift in algorithmic approach
taken, moving from value to policy based methods. The impact is an arguably more interpretable
decision making procedure through the DRL agent, where the use of the underlying action probability
distribution is explored as opposed to retroactive approximation of decision rules implemented. The
impact of increasing action space size on training difficulty or tractability and final expected
performance is also thoroughly evaluated here. The results are very promising on all aspects,
confirming the outputs from Chapter 4, and allowing for a more complex evaluation of trade-offs
among different design solutions. Finally, an initial attempt at out of sample policy testing is
presented, drawing some important conclusions on generalizability of alternative methods. Note that
this chapter is primarily based on the published peer-reviewed journal paper '°, accepted as part of a
special issue on the role of artificial intelligence (Al) in engineering design. The full open source code

to reproduce all results presented in this chapter can be accessed here?!”.

5.1 Case Study Overview

This section presents the application of the proposed methodology to the analysis of a real-world
WTE system design in Singapore. The case study analyzes tensions between two common approaches
to systems design under uncertainty: 1) a centralized approach leveraging economies of scale, which
is economically sound when EoS are strong under a set of predetermined scenarios, but requires
significant capacity deployment early on, and; 2) a decentralized modular approach, which does not
benefit as much from EoS, but helps managing uncertainty by deploying resources flexibly when
needed, thereby extracting value from flexibility. The problem formulation is generic and applicable
across a range of similar, distributed engineering systems, such as mini-grids, or other renewable

energy systems. The benchmark system is a centralized large capacity WTE design located in the
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western area of Singapore and processing food waste produced by the city-state. Food waste must be
transported to the centralized location from each of six sectors comprised under the Public Waste
Collection (PWC) scheme. The flexible systems are decentralized WTE designs that build a small-
scale plant in each of the waste collection sectors. They differ in how the capacity is deployed over
time and space, governed by either Flexible Decision Rules (FDR), or DRL dynamics. PWC workers
can choose to transport the collected waste to a sector’s Anaerobic Digestion (AD) plant rather than
the main centralized one. Both types of systems receive revenues from the production of electricity
and refuse collection, while the primary costs are associated with capacity expansion, waste transport,
disposal, maintenance, and land rent. The decentralized designs allow a significant reduction in
transportation and collection costs but see increased average cost per unit processed due to limited
EoS. Their modularity, however, contributes to reducing exposure to downside conditions (e.g., lower
amount of waste produced than expected in any given sector). As such, decentralized solutions have
to coordinate and balance flexibility decisions across the six different waste collection sectors in the
city to maximize ENPV over a 15-year period, with associated complex revenue and cost functions.

Please refer to the original manuscript exploring this case study 2% for further details.

5.1.1 Model and Environment Formulation

The annual revenues AR associated with AD energy system operations are calculated according to
(5.1) and are based on food waste collection R} and electricity generation R sources of income. They
are computed according to (5.2) and (5.3) respectively, where df is the recycled sector i food waste at
year t and d* the total recycled food waste in the city, as shown in (5.4). The central site capacity is
given by 6. The food waste collection income is determined from tipping fee Py, and additional

revenues are found from the electricity generation rate E; and the unit selling price of electricity F,.

AR' = R}, + R}, (5.1)
RS =dtp,, (5.2)
RE=min (d*, 0)E, P, (5.3)
6 (5.4)
dt = dt
i=1

The annual system cost AC* shown in (5.5) is found from summation of the transportation cost Cf,q,,
disposal cost for waste residue C5, the land cost Cf, and operational and maintenance (O&M)

cost Chy. The break down how each of these components is calculated is given by (5.6)-(5.11).

ACY = Clypgn + C5 + CE+Chy (5.5)
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dt (5.6)

6
t _ i
CTrancentralised - Cfuel z Cap, (DCOi + DT?‘i)
i=1

6 6
Clranpecentratizedriex = Cruel Z;d—itDcoi + Cruer MDW 0
= “Pv i=1 Capy
Ch = (min(dt,0) (1 — w + &) + max (d* — 6,0))Cyis (5.8)
ct = pb (5.9)
Com=@C°(0) = p[K(6)] (5.10)
0,=0/6 i=1,26 (5.11)

For the centralized design, total transportation cost is computed from the sum of waste collection cost
within each site, as well as transporting waste from each site to the central plant according to (5.6).
D¢, is intra sector i collection distance, and Dy, is the distance for collection from sector i to the
main site. In the decentralized system, transportation costs are found by first estimating excess
untreated waste in each sector i as (df — 6f), and resulting number of trips required to transport the

at-ef . . . . .
waste volume % to yield total collection truck travel distance, as shown by (5.7). Cry¢; is the unit
v

cost for fuel consumption. The cost of disposal C is determined as a function of the purity rate w,
residue rate € and the unprocessed waste due to system wide capacity shortages for year t from (5.8).
All waste that must be disposed of is assumed to be incinerated at unit cost Cy;s. Land rental costs Cf
in (5.9) are calculated based on installed capacity levels 6 at year t, and the unit land rental fee p.
Finally, operational costs are found through (5.10) as a function of total installed capacity accounting

for EoS and based on a constant factor ¢, or the sum of the ones in each sector, as given in (5.11).

Recycled food waste (FW) — also referred as the demand for food waste processing ( d*)— is
simulated using the standard GBM approach introduced in 3.4.4 , representing the overall increasing
trend in food waste production, while accounting for random shocks and uncertainty. Historical data
is used for building the stochastic model and enables direct comparison with results from the original
case study. The mean growth rate u and volatility o are estimated from previous food waste
generation patterns in Singapore (1 = 12.3%, 0 = 16.3%) using standard statistical regression. The
random variable dW, is sampled from a standard normal distribution here. £° (Or d°) is the total
recycled food waste as of 2013 in Singapore (§° = d® = 274 tonnes per day, or tpd), which is also the
assumed starting point for the study. Using these assumptions, 2000 i.i.d scenarios are generated over

the 15-year time horizon of the project, showing evolution of recycled food waste in each sector. The
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high degree of stochasticity associated with this engineering systems design problem is graphically
captured by Figure 5.1. It shows how demand for FW processing can vary significantly across
different sectors in a particular scenario (a), as well as the potential large variability in total city-wide
recycled FW under uncertainty (b). This suggests that decentralized solutions will need to account for

spatial factors to maximize expected value, in addition to overall trends across the system evaluated.

a) Example Stochastic Scenario of Recycled Food Waste per Sector
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Figure 5.1: (a) Example stochastic scenario of FW processing demand by sector ; (b) city-wide
stochastic evolutions over 2000 simulated scenarios including low, medium, and high example

scenarios, where blue shaded area represents 95% confidence interval.

Please refer to 11.3 for the complete list of assumptions and parameters used for the model detailed in
this section.

101 |Page



5.2 Benchmarking
The quality of solutions obtained with the proposed methodology is obtained by benchmarking

against the design alternatives listed below.

A. Stochastically optimal centralised inflexible design.

B. Stochastically optimal decentralised design with Flexibility DRs (FDR).

No benchmarking implementation relying only on dynamic programming is presented for this case
study, given the significant dimensionality of the problem — which is also an important limitation of
such method. Additionally, it was shown previously that a FDR approach can estimate to a very
similar degree the value of flexibility obtained using dynamic programming ®*, thus removing
justifications for such comparisons past the proof of concept methodological validation presented in
Chapter 4. Additionally, we note that comparison with a centralized flexible and decentralized
inflexible solution is also available in the original work by Cardin and Hu 2%, These are not presented
here to focus on the most relevant alternative methodologies to the objectives of this thesis — as a

complete analysis of the trade-offs introduced by EoS is outside the scope of this work.

5.2.1 Centralized benchmark design

The objective function for capacity planning model of the centralized design with no expansion
flexibility under uncertainty is given in (5.12), based on the model detailed in 5.1.1. This optimised
using the DE algorithm, as in Chapter 4, yielding the same solution as the original study — that is a
total capacity @ = 600 tpd installed in Sector 1, with no changes over the 15-year project life
evaluated. Note that this outperforms decentralized inflexible solutions under uncertainty due to EoS

effects, as detailed in Cardin and Hu 2%,

1 2000
max ENPV = 3 z (c°(8) +
s=1

ZT: AR(6%, ) — Act(65, &) (5.12)
a+af )

t=1

5.2.2 Flexibility decision rules

Based on the results from the earlier section, the potential of the proposed methodology on this higher

complexity case study is best assessed by comparing with outputs from the FDR approach. The

variables considered and the values analysed for optimisation are summarised by Table 5 below.
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Table 5: Decision rules variables and their ranges considered for the WTE case study.

Decision Rule Explanation Levels
Variable Evaluated
04 Starting capacity in main site (i.e., Sector 1) 200-600

B Total FW processing demand and capacity mismatch 0-3

T Threshold for decentralized expansion in modules 0-5

Y Expansion magnitude in number of modules 1-5

The objective function using this approach is formulated according to (5.13), which is optimised over
the 2000 stochastic scenarios (S) generated. The remaining variables are defined in 5.1.1, calculating

the discounted ENPYV as the difference between annual revenues and costs less the initial investment.

2000
AR (6%, Act (8¢, ct,
MaXENPV_—Z 60(015) Z Z ls ) ( LS ls) EPls)
i=1 1+

(5.13)

The logical progression of the approach on this case study is graphically captured in Figure 5.2.
Procedure 1 determines first whether there is a need to expand capacity at a system level based on
overall demand and installed capacity. Procedure 2 is used to decide whether the expansion should
proceed in a decentralized manner, or at the main site only (i.e., sector 1). If a decentralized expansion
is chosen, Procedure 3 determines in which sector to add capacity, up to the maximum allowed
Omax- One decentralised module has a capacity of 50 tpd for the calculations below. Note that the
above rule contains a nested if statement, so that if there is a capacity mismatch at the system level,
but no sector satisfies the required capacity mismatch, then capacity is deployed at the main site

(sector 1), else no additional capacity is added to the system.

Y@ one.

Total demand capacity <
mismatch greater than &
modules

plus food waste in W EEIH NN Expand in sector i with
sector greater than highest transportation
modules costby modules

{Procedure 2)

{Procedure 3)

Capacity and demand : (Procedure 1)
levels for each sector in Centralised Expansion
year t (%

@:{9@ No expansion

Figure 5.2: Visualization of FDR implementation to determine expansion decisions on WTE case

study. DR variables are highlighted in black for improved graphical clarity.
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The optimal values for the variables detailed in Table 5 are given in (5.14), and their implication will

be discussed in more detail in 5.4, although they provide readily usable guidelines for decision makers

in terms of both initial design and triggering signals to exercise flexibility during system operation. .

[61,8,t,y]" = [200,1,4,0.5] (5.14)

5.3 DRL Implementation

5.3.1 DRL Flexibility Analysis Formulation

As discussed in 3.2, the Open Al gym format is used to develop the environments representative of

the engineering systems design case study tackled in this section. The steps for the proposed DRL

flexibility analysis methodology are further detailed below.

1.

Environment Formulation:

1.

State Space: The observation space which the DRL agent exploits for decision
making under uncertainty is formulated through a box observation space, representing
the installed capacity 6;°, and realized stochastic demand &;° in sector i for year t,
respectively, as for the benchmarked approaches. The capacities within the
observation are normalized by the minimum (0) and maximum (600 tpd) values for
each site, while the upper bound on demand for all sectors is found from simulating
10,000 scenarios (independent of the environment) and finding the highest demand
value in each sector to normalize those state variables. Time awareness for the agent
T — t is also implemented to address convergence stability and produce better value
approximations for near terminal states, maintaining the Markov property. The

complete state variable vector st is thus defined according to (5.15) below.

St = [91’: ) Elt l92t ] thle?:t ) E3tl 94t ) f‘l»t' 95t ) fSt' 96t 4 fGt'T - t] (515)

ii.

Reward Function: In order to reflect decision-makers objectives in this context, the

reward function r* for each time step is defined as shown in (5.16), leading to an
ENPV maximization problem. The equivalent discount rate as for benchmarked
approaches is implemented here. Furthermore, to address agent building past the
maximum allowable capacity to capture potential upsides, an imaginary reward
penalty of —S$1 is given in time steps where the capacity in a specific sector is at

O max, and the selected action is not equal to 0. The implications and effectiveness of

this approach on the case study tackled in this chapter are further discussed in 5.5.
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ot {AR{(Q{, &) — ACE(6f,8f) — Clxp, if 0F < O™, (5.16)

-S5$1 otherwise

Uncertainty Quantification: The characterization and simulation of uncertainty on this

problem is estimated as detailed in 5.1. The assumptions presented in Table 14 from 11.3 are

thus used to generate stochastic scenarios according to the GBM modelling approach detailed

in (3.11)-(3.12), leading to the same evolutions as graphically captured in Figure 5.1. One

important difference, however, is that a much larger number of scenarios can be tractably

used in the policy optimisation process — meaning uncertainty realizations are not restricted to

the same 2000 i.i.d. scenarios as used for the benchmarked approaches.

Action Space Creation: In light of the methodological expansion objectives of this chapter,

two separate action spaces (and respective environments) are developed to enhance flexibility

in this engineering systems design. The reasoning is further discussed below.

1.

ii.

DRL-LF: An initial model referred as DRL-LF (i.e., low flexibility) is developed to
ensure performance is benchmarked against standard methods appropriately, where
capacity expansion decisions are restricted to the same magnitude as for the FDR
model (i.e., 200 tpd per expansion). The reasoning is to evaluate how dynamic the
agent’s decision-making process is when limited to the same actions as for the FDR
model, to see what insights may be gained simply on optimal exercise time. The
starting capacity decision is left up to the agent in this initial implementation,
although the magnitude is kept equal to that found with the FDR model, with the
decision based on which sector to construct at ¢ = 0. The discrete action set for the
DRL-LF agent is, therefore, defined according to (5.17), with 7 potential decisions to

select from in any given timestep.

at = { 0 - No Expansion (5.17)

I = Expand by 200 tpd in sector i forteT
DRL-HF: Building upon this initial implementation, a more complex DRL model is
introduced allowing for greater flexibility (i.e., DRL-HF for high flexibility). The
added complexity stems from the fact that the magnitude of capacity expansion
decisions is not preset at 200 tpd. Rather, the agent can explore several different
expansion levels. This adds much more dynamic decision making, subsequent
systems design implications and can present a more holistic and complete overview
of the potential added value for this methodology. In this environment, the
observation space is kept the same, but the action space is changed to multi-discrete

decisions such that I; =[50, 100, 150, 200] respectively for each sector and only

one action allowed to be selected in each time step, as captured by (5.18). The
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capacity increments are in discrete values of 50 tpd based on the AD technology
considered (see 5.1). It should be noted that for DRL-HF, the original constraint
where max capacity had to be limited to that of the benchmark design was relaxed to
evaluate more decision-making possibilities. A constraint on max sector capacity of
600 tpd per sector is still implemented to ensure benchmarking with a comparable
system. This means, however, that the results should be taken more as a measure of a
relative untapped potential for flexibility in the system given the original constraints

were significantly relaxed.

(5.18)

0 - No Expansion
at = { p forte T

I; - Expand by j tpd in sector i

5.3.2 Algorithmic Approach

In this chapter, we transition to a policy gradient (PG) method based on the high dimensionality in
action (7 and 19 possible actions for DRL-LF and DRL-HF models, respectively) and observation
spaces (13 state variables). Value based methods typically struggle in this setting as the number of
potential state-action pairs grows exponentially with action and observation space size, creating very
large computational and memory requirements. While policy gradient methods may be less sample
efficient, thus normally requiring more simulated episodes to learn a usable policy, this is not an issue
here since design simulations are relatively inexpensive for this model. In a highly stochastic
environment such as here, PG methods can be advantageous as they output probability distributions
over different actions to represent uncertain agent dynamics via a stochastic policy. Initially, this
stochastic policy presents a high degree of randomness to allow agent exploration of different
potential states and build a more complete representation of the environment dynamics. Over the
course of training, this distribution converges to a deterministic policy and suggested action for each
state, as the agent exploits rewards it has already experienced based on the policy update rules
defined. This results in better convergence stability as well as a more generalizable policy than
obtained via value methods. This class of DRL methods also helps addressing perceptual aliasing,
whereby it can better differentiate between very similar states to yield the optimal action probability

distribution .

PG methods, however, do present a few technical issues. Excessive policy changes can hinder
training, as it may be difficult to map changes between policy and parameter spaces directly. Even
very small differences in parameters can cause significant variations in performance, and a single
overly large “incorrect step” for the policy update can thus lead to great errors in approximated action
values. Improper learning rate may anneal or overinflate the gradient, which may lead to policies

being stuck in local optima. Trust Region Policy Optimization (TRPO) is an iterative method
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developed to address some of these limitations ', It uses a combination of the Minorize-
Maximization (MM) algorithm and a “trust region” for policy updates. The MM algorithm
approximates a lower bound for the received reward to guarantee monotonic improvements in policy,
such that with each iteration it either improves or stays the same, theoretically converging to the

optimal policy. This lower bound, also known as surrogate advantage, is calculated using (5.19):

Ty (als) (5.19)

my, (als)

1
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Here m,, denotes the updated policy and T, the old policy used to estimate improvements.

Generalized Advantage Estimation (GAE) is an improvement on these estimators that uses an

exponentially weighted average of the k-step estimators '°°, as captured by (5.20).

—GAE(y,2) (5.20)

A = =D (& +28F + P& +-) =D 0, D'k,
t=0
The trust region adjusts the step size for policy updates based on the objective function curvature and
differences with the approximated one. This ensures the magnitude of policy updates is proportional
to the confidence level within the trusted region. Anything outside this trusted region, where the
approximation error is deemed too large, fails the improvement guarantee, and thus is not considered.
To quantify the difference among the old and new policies for states already visited, restricting the
size of the update step based on the trust region, the Kullback—Leibler (KL) divergence is calculated
according to (5.21):

5.21
Dia(@llgr) = Eoony, D (o 1)l |70, 1) )] G20
Combining these equations yields the theoretical TRPO update given in (5.22) as:
Pis1 = argmaxy, L (@, ¢ ) (5.22)

s.t. Dg (@llpr) <6

where § represents the KL-divergence limit. TRPO introduces a backtracking line search to the update
rule, which addresses approximation errors introduced via Taylor series expansion required from

Lagrangian duality theory '¥.
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The full pseudocode for the TRPO implementation is shown in Algorithm 2 below.

Algorithm 2: Trust Region Policy Optimization (TRPO) with generalized advantage estimation (GAE)

applied to WTE case study, adapted from ¥,

1:

10:
11:

Initialize: Starting policy parameters ¢, value function parameters @, , KL divergence limit § ,
backtracking coefficient a , maximum number backtracking steps K
fork=0,1,2,...do
Generate stochastic demand scenarios & ki according to (3.11)-(3.12)
Collect set of trajectories Dj, by running policy my (¢} ) on the environment including
decision for starting capacities in each sectorat t = 0

Estimate advantage 4, ™ using (5.20) based on current value function V; X

Formulate estimates for policy gradient g, average KL-divergence Hessian-vector Hj,
product function based on current sample

Use conjugate gradient algorithm to compute divergence gradient and trust region

Compute proposed policy change step Ay,

Update the policy by backtracking line search as @1 = @ + Ay

Refit value function based on observed trajectories and policy

end for

Figure 5.3 gives an overview of the logical progression of the proposed approach following Algorithm
2, for both the DRL-LF and DRL-HF models. It compares and contrasts with the logic depicted for
the FDR model in Figure 5.2. The state observation in any given year becomes an input into the
feedforward NN parametrized policy, where an action is sampled from the underling probability
distribution. One additional hidden layer is implemented in DRL-HF compared to DRL-LF to account
for added action-state complexity, with output layers matching action space size. Some important
differences should also be noted in respect to the value based DRL-method implemented in 4.3 and
depicted by Figure 4.4. Firstly, agent-environment interactions served for value function updates in
the former, while the policy is directly related updated in this chapter. Secondly, rather than simply
returning a selected action, the full decision-making probability distribution returned by TRPO can be

used to gain further computational insights for real world implementation, as further discussed in 5.5.
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Figure 5.3: DRL decision process for both the low flex (DRL-LF) and high flex (DRL-HF)
implementations. Magnitude of expansion limited to 200tpd in blue boxes for low flex

implementation, no other expansion levels examined.

5.3.3 Training and Testing

Given the objective to yield a generalizable policy for agent-environment interactions, i.i.d. stochastic
scenarios for FW processing demand are generated, as seen in line 3 of Algorithm 2. This leads to an
infinite number of potential state action pairs, further justifying the use of a PG approach. DRL agent
training is executed using § = 0.01, o = 0.8 and maximum number of backtracking steps K = 10.
Remaining hyperparameters (please refer to 11.4 for a complete list) are found using Optuna looking
at 100 different experiments for 100,000 training timesteps to systematically determine the best

performing ones in this case!”°

. Empirical results suggest this to be a much more effective approach
than the grid search implemented in Chapter 4. The training process is fully non-anticipative, in that
there is no look ahead bias for the agent, and operational decisions are purely based on state
observations at the that time step. The policy built inside the NN, therefore, while learning from past
mistakes and interactions, is not based on any information on future states, as the i.i.d. scenario
generation method ensures no trajectory inside the environment is the same. All NN parameters 6 are

updated using the Adam optimizer'**

Computational budgets of 1 and 1.5 Million timesteps are implemented for DRL-LF and DRL-HF
agents training, respectively. As performed on a standard laptop Intel(R) Core(TM) i7-8665U CPU @
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1.90GHz, the complete training process takes approximately 2 hours for the DRL-LF agent and 3
hours for the DRL-HF agent. The learning curves for the first 1 million steps for both agents are
shown in Figure 5.4, averaging results from 5 separate training runs with different random
initialization seeds and same hyperparameters. Note that only the best training run is used for relative
performance analysis in 5.4. The graphic suggests the training process for both agents is successful,
although with a few crucial differences. Firstly, the DRL-HF agent exhibits a more negative initial
reward evolution, as the policy optimisation process needs to explore a higher dimensional action
space and thus is more likely to incur negative episode NPVs. In fact, the policy for the DRL-LF
agent seems to converge past around 250,000 timesteps, much sooner than for the DRL-HD agent.
The DRL-HF agent starts outperforming the DRL-LF agent after around 750,000 timesteps of
learning, and only begins converging in the final third of its training process (i.e. from 1 million to 1.5
million timesteps- not pictured here for visual clarity). Finally, it should be noted that the higher
dimensionality of the DRL-HF agent results in an overall increased variance among project NPVs in
different simulated episodes, as further detailed in the following section. The increased complexity of
training the DRL-HF agent as opposed to DRL-LF can also be attributed to larger NN developed to
capture its decision making policy (and corresponding number of parameters), as pictured in Figure
5.3. These larger networks and dimensionality of the problem tacked, it follows, motivated a higher

computational budget for DRL-agent training as opposed to Chapter 4.
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Figure 5.4: Training reward evolution for first 1 million steps of DRL-LF and DRL-HF agents on
WTE case study. The solid lines show the smoothed averages using a window size of 100 episodes.

The shaded areas show the standard deviations among different training runs.
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The reward penalty for constraint violation captured by (5.16) is removed during the testing phase

once the DRL agent has learned the form of the constraints implicitly throughout the training process.

As such, the true ENPV obtained through the proposed approaches is evaluated for benchmarking

against the results from Cardin and Hu. Additionally, the same 2000 i.i.d. scenarios are used for a

more comparative evaluation. To do this, the agent-environment interaction framework is slightly

modified as successive state observations are explicitly defined for the & ;¢ parameters in the

observation array given in (5.15) , while the 0;" parameters are determined based on agent actions and

expansion decisions. The different time-resolutions implemented for the case study presented in this

chapter, as well as how they relate to each other, are summarized by Figure 5.5.
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Figure 5.5: Summary of timestep resolutions from DRL agent training and testing on WTE case study.

5.4 Relative Performance Analysis

5.4.1 Summary of Results

The combined performance for the best Centralized Inflexible design, best performing Decentralized

FDR design, as well DRL-LF and DRL-HF models proposed in this study are summarized in Figure

5.6. The simulation outputs confirm that embedding capacity expansion flexibility improves system

performance significantly under uncertainty, with all flexible designs improving ENPV compared to

the benchmark system. Implementing the DRL based flexibility design process yields even greater

performance improvements and extracts further value from flexibility than obtained with the FDR

model.
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Figure 5.6:Cumulative distribution functions showing lifetime performance of different design

alternatives over 2000 simulations. Vertical lines with corresponding markers represent ENPV values.

Table 6 provides further details on the stochastic performance results along different risk utility
metrics. This is important to account for the possibility that decision-makers may show different risk
preferences. For risk-neutral decision-makers, the analysis shows that both DRL models provide
improved ENPV and extract additional VoF from uncertainty as compared to previous solutions. All
flexible models improve exposure to downside risks (Value at Risk - VaR, 5%) as compared to the
centralized system, which is important for risk-averse decision-makers. They also help risk-seeking
system operators capture better upside potential (Value at Gain - VaG, 95%). Unsurprisingly, the
DRL-HF model is able to extract the most value from uncertainty, along each metric. The results are

discussed further below.

Table 6: Design decision making table for WTE system (all values in Million S$)

B (1) Centralized (2) (3) DRL-LF (4) DRL-HF Best
Inflexible Decentralized Solution?
FDR
ENPV 22.19 28.73 32.55 37.45 DRL-HF
VoF 0 6.54 10.36 15.26 DRL-HF
VaR, 5% 13.27 23.18 19.33 26.59 DRL-HF
VaG, 95% 3041 34.25 40.06 47.11 DRL-HF
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The numerical results for the two DRL systems further confirm that the DRL methodology has the
potential to complement and improve existing approaches to design complex engineering systems for
flexibility. Looking back at the objectives from the beginning of this chapter, the analysis shows that
the proposed approach does help support design of complex real-world systems operating under
uncertainty. The ENPV compared to the Centralized Inflexible benchmark is improved by 47% and
69% for the DRL-LF and DRL-HF implementations, respectively, and by 13% and 30%

respectively as compared to the Decentralized FDR system.

5.4.2 Out of Sample Testing

Comparing the original results in the study by 2 to the DRL solutions, the performance
improvements are visually striking, but their interpretation should be conducted carefully. Among
others, the stochastic nature of the TRPO policy means that there are cases where the DRL agent
violates the constraints imposed on maximum capacity. This is a result of the distribution for action
selection, where the probability of “illegal” actions shrinks very significantly throughout the training
process, but never reaches zero. While an attempt was made to manually remove these instances
during the testing process, it is possible there may have been an inflation of upside performance. More
advanced approaches such as chance constrained DRL offers potential solution for safety critical
engineering systems design ?*!. There may be logistical constraints which make implementation of
DRL solutions in real life more complex or more costly than it appears. Furthermore, the dynamic and
adaptable nature of DRL decision making is not as readily understood in terms of an actual project’s
implementation. The policies produced may not be fully generalizable, and the question of how best
to incorporate computational insights into the design process and system operations remains an open

question for future research.

To evaluate results limitation, an important issue is whether the DRL agent overfits the environment’s
characterization. If this occurs, it may exhibit a significant drop in performance as soon as stochastic
parameters (e.g., volatility o, drift i) are changed, as has been recorded in other studies ?22. Out of
sample testing is done to assess the potential magnitude of this effect, where the agent trained on the
parameters and assumptions presented thus far is tested using scenarios sampled from different
distributions i.e., using gy, = 8% and op;gp = 25% in (3.11)-(3.12). This is equivalent to creating

two additional separate testing environments, with their respective model parameters.

Table 7 captures the percentage deviation from the results obtained using o entrqr = 16.7%, shown in
Table 6. For the case with 0;,,, = 8%, ENPV is improved for all designs, and the greatest increments
come from the DRL models. VoF worsens for the FDR design — a typical observation when a flexible
system faces less volatility, since there is less uncertainty to deal with — but it improves for both DRL
models. This observation is striking, but also seems counter to the literature on real options analysis.

The case with oy,;4, = 25% suggests there is an interesting interaction between the ability to adapt
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dynamically and training a policy using DRL. VoF improves for the FDR model due to increased
volatility — the expected flip side of the observation above — but it worsens for both DRL models. This
may be because with higher volatility, the scenarios are too different from those encountered during

training, and the optimal adaptation strategy is less efficient.

The significant improvements in VoF for both DRL models in the low volatility case, however,
suggest that the policy learned during training can generalize well for some level of unseen conditions
(i.e., lower volatility scenarios), and that the agent is able to extract additional VoF from such
conditions. The results suggest, however, that the generalizability of the policy could be related to the
degree of uncertainty experienced in the testing conditions, compared to that found during training.
Nevertheless, this result is interesting as it illustrates the tradeoff between potential value gained from
having the ability to adapt, and the limitations of training based on a particular set of scenarios.
Further studies may help understand when a particular model no longer generalizes well to unseen

conditions or level of uncertainty.

Table 7:Out of sample testing of performance of design alternatives considered in this study.

Case Metric (1) Centralized (2) Decentralized (3) DRL-LF (4) DRL-HF
Inflexible FDR
ENPV  +5.6% +3.8% +8.6% +6.4%
Olow=  VOF 0% -2.3% +15.0% +7.6%
8% VaR +37.9% +41.4% +54.6% +14.3%
VaG -11.8% -5.2% -3.1% -5.9%
ENPV  -11.6% -6.3% -11.4% -8.8%
onign= VOF 0% +11.7% -10.97% -4.73%
25% VaR -107.5% -26.6% -59.6% -34.6%
VaG +8.5% +4.1% +2.3% +3.4 %

It should also be noted that the limitations and sensitivity of results discussed in the above section are,
to a certain degree, inherent to the fact that historical data was used to build the stochastic model in
order to allow benchmarking with previous results. Future work should explore the performance of
this approach when completely unforeseen events and disruptions are considered, for instance using
jump diffusion models, or disruptions that are manually generated. While recent studies suggest that

11,209,223

flexibility may play an important role in dealing with unforeseen events , more research is

needed to evaluate how the proposed approach fares under such conditions.
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5.5 Computational Insights for Decision Making

5.5.1 Capacity Evolution Example Scenario

Figure 5.7 compares capacity evolution for an example distributed demand scenario for the optimal
Decentralized FDR, DRL-LF and DRL-HF designs. The scenario is characterized by unusually high
waste generation in sector 3 (S3), and in sector 4 (S4). The FDR model yields expansions in sectors
S6 in year 2 and in S1 in year 6. The DRL-LF design instead can recognize the excess demand in S3
and expands there in year 3, while expanding in S6 later in year 7. This is a better expansion strategy
than for the FDR model, as the difference between sectors S3 and S6 demand outweighs the extra
transportation cost in early years. The DRL-HF model matches demand and capacity even more
closely, with incremental expansion decisions in sectors S1, S3, S4 and S6 at various stages of the
project when the action is estimated to return the highest expected value. Given more dynamic
policies and this specific food waste scenario across S1-S6, the project NPV increases from S$31.5
Million for the Decentralized FDR design to S$32.6 Million and S$34.8 Million for the DRL-LF/HF

designs, respectively.
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Figure 5.7: Example distributed food waste scenario leading to demand scenarios in sectors S1-S6
(top), corresponding design capacity expansion for FDR (bottom left), DRL-LF (bottom center) and
DRL-HF designs (bottom right). Legend in top plot applies to all items.

115|Page



5.5.2 DRL Agent Action Probability Distribution Evolution
Figure 5.8 gives a visual representation of the decision-making process for the DRL-LF agent over

time, as a function of sampling probability for different actions, using the same distributed demand
scenario from Figure 5.7. Following Algorithm 2, the sampling probabilities for a specific action
reduces significantly once that action has been selected, or if another capacity expansion decision is
executed, as it is unlikely that two expansion decisions in consecutive time periods are made. Gradual
changes are normally attributed to additional uncertainty realizations made in each year as the project
is underway. Using year 2 observation as input, the FDR model follows the top nodes from Figure 5.2
as Procedure 1 and 2 are true, leading to an expansion decision in sector S6 (see Figure 5.7). When
the same state observation is given as an input to the DRL agent, following the logical progression
from Figure 5.3, the most likely action returned is no expansion with a 65% probability. Instead, the
expansion probability rises significantly for sector S3 (41%) in year 3 based on observed increasing
demand, leading to that action being selected. This suggests that the agent can consider the problem
more holistically, as while the per sector transport costs are highest for sector S6 that year, it may
estimate that total costs in the long run will be lower if expanding in sector S3, while continuing
transportation from S6. In most years, transport costs averaged 3-5% of total system cost, thus basing

the expansion decision solely on that may also miss out on some potential value adding flexibilities.
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Figure 5.8: Action sampling probabilities for the example distributed demand scenario in this section,
for DRL LF system. Actions maintaining a probability of being selected below 5 % through the
project duration are not included.

In real-world system operations, a decision maker would be able to refer to the optimal policy and
access the associated action space probabilistic distribution based on state observations (see Figure
5.8). Looking at year 7, about halfway through the project, can better highlight how this distribution

of actions could be used to fit the risk criteria of individual engineering design projects and influence
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the choice to deviate, or continue with the deterministic policy. For the FDR model, the system is not
able to consider expansion, as the max installed capacity of 600 tpd has already been met. The DRL-
LF system also suggests no expansion (i.e., action A0Q) as most likely (51%), however also presents
expansion in sector 6 as feasible (39% probability) — and it ultimately chooses it for this episode due
to the stochastic sampling of the policy. Risk-tolerance information, however, could help guide this
sampling process (or deviation from deterministic policy) in a more systematic and value enhancing
manner, as long as the difference in probability between two or more actions is relatively small. In
this case, a more risk averse decision maker may decide to follow the deterministic policy (i.e., action
A0), minimizing investment risk while also integrating one additional year of uncertainty realization
before possibly making an expansion decision. A more risk prone decision maker, however, may
recognize that proceeding with sector 6 expansion in year 7 could allow an additional year/capacity
for increasing waste processing revenues compared to the deterministic policy, which does carry
significant investment risk in case demand does not materialize. In this particular demand scenario,
the deviation from the deterministic policy to proceed with early sector 6 expansion would lead to an
increase in NPV for the project, although waiting an additional year is likely to provide better
protection against possible downsides, hence the risk tolerance tradeoffs. On the other hand, in year 3,
it may be more likely for a risk-averse decision maker to choose to diverge from the deterministic
policy (A3) and select no expansion (A0) in light of their very similar sampling probability (note that
this was not the case in this episode), for the same reasons discussed above. Nonetheless, there is one
obvious DRL action recommendation for the majority of system operation, thus if some risk tolerance
information is available for decision making, possible deviation from the deterministic policy should

only be considered for years 3 or 7 in this case, as shown in Figure 5.8.

5.6 Discussion

5.6.1 Relative Performance
The NPV improvement in any given scenario occurs because of better transportation cost

management as compared to a Centralized Inflexible design. It is also due to exercising the expansion
options at a more optimal time compared to a Decentralized FDR design. NPV instances greater than
S$39 Million for the DRL-LF design were removed during ENPV calculations in Table 1 since they
violated maximum installed capacity of 600 tpd, due to the stochastic nature of the policy. As this
would allow them to capture more upside potential compared to alternative solutions, the choice of
removing them was made to allow for more appropriate benchmarking against other methods.
Nonetheless, this represents only the very tail end of the distribution (less than 1% of simulated

scenarios), and thus Figure 5.6 is still representative of their relative performance.

It is observed that the DRL-LF design yields worse downside performance and overall variability per
episode (equivalent to one 15-year simulation) compared to the FDR model. These indicators create

valid concerns and suggest further fine tuning of the solutions may be needed to increase acceptability
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in a real-world setting, where VaR is an important metric for decision-making. The larger capacity
expansion flexibility allowed by the DRL implementation may favor looking for upsides at the cost of
neglecting downsides, although ultimately the effect of increased upside potential remains dominant.
Including flexibility strategies more focused on addressing downside risks, such as abandonment or
temporary shutdowns, could potentially aid in mitigating these effects, and yield a narrower CDF
profile. This kind of trade-off is something that could be determined based on individual decision

makers preference during design space exploration activities.

Nonetheless, there are certainly scenarios where the flexible solution is not guaranteed to be
stochastically dominant relative to the non-flexible solution, given the associated costs of flexibility,
and form of the design problem itself, highlighted by the long downside tail for DRL-LF in Figure
5.6. Visual inspection of DRL-LF/DRL-HF policy and scenarios suggests that this may be due to
simulations with relatively higher initial demand and relatively much lower growth rates over time in
specific sectors. This can lead the DRL-LF agent to overbuild in certain sectors in early years at a
significantly higher cost than for the inflexible design, possibly based on overestimations of future
demand evolution within the neural network policy, while also incurring higher transportation costs.
Interestingly, the more modular capacity expansion allowed in DRL-HF is much less sensitive to
these cases, as smaller capacities are normally deployed in early years in these scenarios. This helps to
spread out the investment risk over time and allows the episode policy to be progressively updated
according to the uncertainty realized, limiting the instances of uncorrectable overbuilding in certain

sectors and associated downside tail magnitude compared to DRL-LF.

Finally, the results on this case study suggest that the proposition of flexibility as a unifying paradigm
for sustainability and resilience under uncertainty, introduced in 1.2, is justified. In this engineering
systems design problem, the flexible solutions (and particularly the ones generated with the proposed
approach) yield lower operational emissions due to a reduction in transport requirements. While the
emissions reductions are not directly estimated here, the connection seems apparent as a the most
modular and dynamic solutions lead to lower fuel consumed for waste collection. The result is an
improvement in the overall sustainability of the engineering system design as compared to
benchmarks or alternative methods. Furthermore, while only assessed in terms economic terms, the
reduction in downside exposure produced by the proposed methodology (i.e., improvement in VaR)

suggests the development of a more financially resilient design under uncertainty.

5.6.2 Degree of Embedded Flexibility
In the DRL-LF implementation, the primary insight is the optimal triggering signal to exercise

flexibility, as capacity expansion decisions are limited to the level obtained from the FDR approach.
In terms of starting capacity, the same conclusion is reached as in the FDR model, to install the initial
capacity of 200 tpd in Sector 1 (main site). This is a result of this decision being the most likely to

lead to the lowest transportation cost over system lifetime based on the assumptions from Table 14 in
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11.3. In terms of optimal capacity expansion strategy, similar conclusions are also reached. The FDR
approach yields expansion in sectors S1 and S6 for most simulated scenarios, resulting from those
sites presenting the highest collection distance and thus transportation cost for undersized capacity.
Exceptionally high demand scenarios in sectors S4 and S5 do occasionally lead to expansions within
their area, but this is often constrained by the form and resulting timing of the decision rules. The
DRL-LF approach presents a broader distribution of possible actions. Other than no expansion (A0),
the highest probability is found for expansion in sector S1, followed by sectors S6, S5, S4, S3 and S2

in that order, which seems nearly optimal given the assumptions presented in Table 14.

Evaluating the DRL-HF design yields further insights and an increased value of flexibility compared
to the DRL-LF implementation. In terms of starting capacity, the optimal suggested rule is between
100-200 tpd of initial capacity installed at the main site. The findings on expansion magnitude
primarily confirm the results from the decision rule approach as the highest probabilities are generally
found for 200 tpd action for each sector, to take best advantage of economies of scale. The magnitude
of the EoS factor is an important determinant, and it is expected that for reduced EoS the probability
of selecting smaller, more modular expansions would increase. In terms of expansion decision
distribution, a visual inspection of past actions distribution shows that unlike in the DRL-LF
implementation, the solution can likely be further optimized. The primary indicator is a relatively high
probability of selecting action A5 (expand by 100 tpd in Sector S2) compared to the DRL-LF
implementation. Aside from cases of extremely high demand in S2, this is unlikely to be the optimal
decision as more significant reductions in transportation costs can be achieved by expanding in other
sectors. This suggests that the DRL-HF agent may be somewhat stuck in a local optimum, although

more training and different initialization conditions offer potential solutions to this issue.

5.6.3 Implementation during Engineering System Operation
In a practical setting, in any given year, the system state (capacity and demand in each sector) could

become an input to the optimal policy, which would return an action probability distribution as
introduced in Figure 5.3. This distribution can be used as a proxy for evaluating the estimated
expected value of different actions. Having access to this kind of distribution rather than a single
recommended action obtained via FDRs, could allow decision makers to integrate their own expertise
and insights into policy outputs for choosing system operation strategy, increasing the applicability to
real world situations. The maximum relative difference in probability of selecting different actions to
justify a potential deviation from the deterministic policy is something that will vary among
engineering systems, based on associated uncertainty and action space size, with potential adjustments
through decision makers risk profile and project specific insights. Future work could focus on
determining the appropriate thresholds to warrant considering deviation from the deterministic policy,

and the resulting implications for system operation. In most decision time-steps, however, it is still
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expected that the deterministic policy would be followed, with decision makers progressively

updating system state description year to year and implementing the resulting recommended action.

Furthermore, say an important but possibly uncertain parameter like fuel cost changes significantly by
year 2, the DRL agent can observe the change, and dynamically adjust the policy to match the new
environment based on a few computationally inexpensive interactions. This is often not the case in
standard methods to analyze flexibility, where initial assumptions are usually maintained throughout
implementation to compute stochastically optimal decision rules — although approaches such as post-
optimality sensitivity analysis can help determine the thresholds for which these solutions break
down. These examples and the scenario presented in 5.5.1 give some intuition on how the action
distribution changes based on underlying state observations, and thus how the current state of the
system could be used as an input into the DRL policy at various stages, helping to determine preferred

operation strategy.

5.7 Chapter Summary and Conclusions

This chapter extends the novel proposed methodology based on DRL to complement existing
approaches to analyze flexibility in engineering systems design. The proposed approach helps explore
alternative solutions or configurations through thorough a systematic data-driven analysis of the
solution space, uncovering alternatives that may not be considered using standard design methods. A
second example implementation is shown on the design and analysis of a waste-to-energy (WTE)
system in Singapore, with capacity expansion flexibility across spatial and temporal dimensions. The
results confirm that embedding flexibility in engineering systems under uncertainty improves
expected performance significantly as compared to stochastically optimal, but inflexible designs.
Furthermore, they show that the DRL approach produces highly adaptable and dynamic design and
decision rules to navigate an uncertain environments, even for highly complex engineering systems,

thereby further improving the solutions from a previous study across all metrics evaluated 2%%.

Building upon the approach based on decision-rules and value-based DRL presented in the proof-of-
concept Chapter 4, the contributions of this thesis to the field of Flexibility in Design were extended
here in a few crucial ways. Firstly, the results presented showed the significant potential of the novel
data-driven approach for highly complex and dimensional case studies, an important motivator for its
development. This was particularly highlighted by the performance improvements for the higher
flexibility (DRL-HF) design and strategy evaluated here. The dimensionality of such a system would
likely lead to a computationally intractable optimization using standard methods, thus marking an
expansion of the feasible design space which may be considered. Secondly, a novel way to implement
the proposed approach in practice is explored, by using the underlying action probability distribution
returned from a given state observation. A more simplistic statistical analysis of decision rules

implemented is also presented, although this only really served to gain computational insights for
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decision-making interpretability, and thus does not represent a practical triggering signal. Finally, to
better assess claims of improved generalizability though NN function approximation, the performance
of designs produced via different methods was assessed when changing stochastic model parameters.
This showed that the proposed method can generalize well to some unseen scenarios, highlighting an
important trade-off between generalizability, computational expense, and performance under the most

likely uncertainty parameters.

There are several limitations that can be addressed through future research. Future efforts could
investigate integrating additional flexibility (i.e., all generic real options) and uncertainty sources (i.e.,
fuel costs, waste purity rate, etc.) into the analysis, to help determine the problem dimensionality for
which this approach is no longer suitable. Increased integration of year 0 design decisions, accounting
for technical enablers, could help uncover further value for the proposed approach. Multi-objective
reward functions, looking at sustainability of the whole project through ESG metrics, for example,
could also be implemented with some very important operational insights. The introduction of random
“shocks” or perturbations to environment dynamics could help investigate the potential for DRL to
design more resilient engineering systems. More advanced statistical analysis of agent actions under
different conditions could also help to clarify operational insights and reformulation of the modeling
outputs as usable guidelines. In this chapter, a different approach to that taken in the proof-of-concept
case study was implemented to gain computational insights for practical decision-making, although it
is difficult to determine which is better suited in the lack of stakeholder interaction. Finally, it would
be interesting to understand what kind of environments and design problems are better suited for a
stochastic rather than deterministic sampling policy on action space (i.e., select the highest

probability), and the resulting implications on system performance.

In order to further mature the novel approach to analysing flexibility in engineering systems proposed
in this thesis, therefore, it is deemed appropriate to implement it on an even more complex,
dimensional, and uncertain case study. This would help to further stress-test the original motivations,
and determine is such an analysis can be performed for engineering systems which would otherwise
be computationally prohibitive. Additionally, it may be useful to directly assess (and perhaps
optimize) sustainability and resilience metrics, gaining further insights on the effectiveness of

flexibility to complement these crucial objectives.
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Chapter 6

6 Methodological Maturation: Mobile
Micro-Grid Design and Planning

This chapter marks a significant maturation of the proposed methodology, by presenting a successful
implementation on an extremely high dimensional application case study. Generally, the analysis

presented here was driven by the following question.

e RQS5: What are the computational limitations of DRL in terms of case study complexity and

can it handle design problems that have never been tackled with alternative methods?

More specifically, this chapter shows how a data-driven approach to analyse flexibility in engineering
systems design allows for the first time the planning of a mobile micro-grid system enabled by recent
distributed control developments. As such, it is a very important contribution to energy access for
global nomadic communities, and marks a substantial shift from standard methods used in the field of
energy systems planning. The significant number of flexibility enablers, as well as operational and
planning uncertainties, help highlight the added value through the method proposed in this thesis as
compared to standard approaches. It should be noted that the novelty of the work presented in this
chapter, with its associated uncertainty space, does not allow for direct benchmarking against
alternative state of the art methods (or other previously published results). The consistent performance
improvements obtained for the case studies presented in Chapters 4 and 5 justify the lack of extensive
benchmarking with standard methods here. Several configurations of inflexible baseline designs are,
nonetheless, optimised for relative performance evaluation. As such, no comparison with pre-defined
decision rules is presented, and a novel approach based on advanced statistical decomposition of
decision making under different conditions is explored. This was targeted to be more generalizable
than the retroactive distribution of decision-rules from Chapter 4, as novel and intuitive triggering
signals are discovered, contributing to computational creativity and concept generation for flexibility
strategies. Furthermore, as sustainability and resilience metrics can be directly defined for energy
system operation, this case study provides a more holistic understanding on DRL Flexibility analysis
as the unifying paradigm introduced in 1.2. A prototype for a design decision support tool around the
proposed approach is also introduced here. In summary, this chapter addresses the key objectives and
limitations from the methodological validation and expansion sections, showing how the methods in

this thesis may potentially be applied to the design of any engineering system under uncertainty.
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Most of the work presented here is a result on the Global Challenges Research Fund (GCRF) project :
“Energy for Development — low carbon energy and industry for economic growth in Mongolia”,
pursued in collaboration with the Energy Futures Lab at Imperial College London. In particular, Dr.
Fei Teng and Pudong Ge were responsible for the development of the novel Plug and Play (PP)
control algorithm which enables this kind of analysis from a technical energy control perspective. Dr.
Anna Korre, on the other hand, contributed invaluably to discussions on capturing system definition
and boundaries as well as considering the impact and design of different policy mechanisms. Finally,

Alex Gibson led the development of the decision support tool prototype, under my close supervision.

The results in this Chapter are primarily based on the published peer-reviewed journal paper!** and a
series of collaborative workshops held with Mongolian energy sectors stakeholders as part of the
GCRF project'®. The full open source code to reproduce all results presented in this chapter can be

accessed here?!”.

6.1.1 Introduction

6.1.1.1 Climate Change and Migration
The climate crisis experienced in recent years is inducing significant changes in temperature,

precipitation, and extreme weather event patterns 198. This is strongly impacting the livelihood of
nomadic communities, which is highly dependent on local environmental conditions. Nomadic
communities may be generally viewed as “ecologically adjusted at a particular technological level to
the utilization of marginal resources in areas unsuitable for sedentary agriculture” 199. As such, most
of them are dependent on following an approximately fixed seasonal pattern of movements to
maintain their livelihoods in arid or semi-arid conditions. Movements are traditionally performed
using livestock, transporting some form of mobile dwelling in the pursuit of pastures which can better
sustain agricultural activities. It is estimated that there are currently a least 30-40 million rural

nomads, primarily found across Sub-Saharan Africa, South/Central-Asia and Central America 200.

On the other hand, areas where sedentary agriculture can be sustainably practiced are rapidly
decreasing, leading to climate-change induced mobility worldwide 201. Recent models suggest that
around 143 million more people will be displaced by 2050, creating a new wave of “environmental
refugees” 202,203. The majority is expected to be within regions already practicing nomadism, with a
greater impact felt in the poorer and more vulnerable communities. Climate driven relocations,

nonetheless, are expected to happen in several developed countries as well 204,205.

Climate driven migration is also recognized as one of the major causes of urbanisation worldwide
206. Urban migrants are normally composed primarily of unskilled workers associated with the
informal sector, where the lack of proper steady housing has limited their integration into the formal
sector. They typically create informal settlements on the outskirts of major cities, housed in small

tent-like structures. As such, they are normally unable to access services such as electricity or district
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heating. The resulting energy poverty impacts the livelihood of urban migrants significantly, having to
spend long periods of time and a high proportion of their disposable income in the search for more
rudimentary power sources, such as dung or biomass 207. Furthermore, it was estimated that globally
there are at least 208 million urban migrants completely lacking access to energy, primarily due to

infrastructure limitations or lack of access to the formal government sector 60,206.

While the UN Sustainable Development Goals (SDGs) do not explicitly link climate change and
migration, it is becoming increasingly important to develop policies and technologies which help
mitigate the impacts of climate induced mobility 208. Energy access is very complex in this context,
as the current infrastructure is not compatible with such mass migratory movements, particularly in
lower income countries 209. In order to address SDG 7 (Affordable and Clean Energy for All) it is,
therefore, imperative to develop energy system solutions which are compatible with a migratory

lifestyle, as opposed to the “static” approach used in energy systems planning thus far 210.

6.1.1.2 Need for Plug and Play Based Energy Systems
Given the current high costs for national grid extensions, mini-grid and micro-grid solutions are

expected to be the main driver of electrification for almost half of all households currently lacking
energy access 211. The rapid cost decline for renewable energy systems (RES) over the past few years
has already increased their rate of deployment, providing electricity to 140 million people as of 2020
60. On the other hand, there are ongoing trends towards more distributed generators (DG) as RES are
increasingly installed closer to their respective loads, reducing transmission power losses as opposed
to remote centralized generation. The uncertainties and intermittence of RES generation, however,
lead to several technical challenges for their integration into the main grid. At higher levels of RES
penetration in particular, maintaining operational parameters such as voltage and frequency within

their allowable limits can become increasingly problematic 212.

Nomadism represents a more extreme example of the above issues, as both loads, and generation are
not only distributed but also changing over different temporal and spatial scales. Simultaneously,
remote working policies implemented as a result of the COVID-19 pandemic have led to a global
increase in “digital nomads” 213. As a lot of these individuals move around in campers or recreational
vehicles for various reasons, they also contribute to increasingly decentralized and spatially
unpredictable electricity generation and demand. Based on the above and the trends mentioned in
6.1.1, there is a growing need for tools to analyse the techno-economic potential of flexible and
mobile energy systems - which are able to switch operation between a centralized and decentralized

manner to accommodate both rural and urban migrants throughout their movements.

Recent advancements in distributed control algorithms have enabled the consideration of mobile and
decentralized energy system solutions in the context with a migratory lifestyle 214,215. In most

regions currently practicing nomadism, in fact, family clusters tend to be relatively close to each
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other, following similar seasonal migration patterns 200. This creates the possibility for temporary
interconnection among them to form a mobile herder household energy supply system (i.e. micro-
grid), or allowing flexible plug-in operations with the main grid. This sort of plug and play (PP)
operation can be highly advantageous as it allows the smoothing out of load/generation imbalances
among various households, with potentially different electricity generation and storage capacities.
Plug-in operations with the main grid, on the other hand, could be beneficial by providing an
additional energy supply to nomadic communities when available, while helping improve main grid
stability through a more distributed storage capacity 216. Additionally, market engagement
opportunities may be generated, helping reduce the total electrification costs for nomadic

communities — particularly as opposed to a fully centralised approach.

Moreover, PP holds potential to accelerate the decarbonization of heating supply systems for nomadic
communities living in colder regions. Their traditional heating systems rely on inefficient combustion
of fossil fuels and could be replaced by electric-heating (EH) technologies if a reliable and sufficient
level of sustainable electrification can be achieved. This may be particularly attractive if implemented
at a community rather than single household level, as a higher degree of modularity can be integrated
in system capacity evolution strategies 206. At the time of writing, however, all studies on PP have
focused on fine timestep resolution control operations to guarantee network reliability. Furthermore,
none have analysed it through a multi-energy vector perspective to accelerate the transition to
sustainable heating. Given the potential long-term implications of PP as climate induced migration
increases, a novel modelling and planning framework which integrates mobility considerations is
needed to quantify its long-term impact, and develop policy recommendations — for both rural and

urban migrants.

PP operation can be allowed without control law changes in the power-electronic-level devices,
guaranteeing system stability and synchronisation (in terms of frequency and voltage), as detailed in
6.2.2. As such, it is compatible with operational control strategies including predictive Machine
Learning (ML) methods, advanced control algorithms, or heuristic-based approaches 212,217-221.
Nonetheless, recent studies suggest that for smaller scale systems with no dispatchable generator, a
simple Load-Following Strategy (LFS) is likely to result in similar conclusions on initial design
capacities and total costs as more complex methods 221-223. Its logic prioritises renewable
generation, followed by battery energy storage and grid interactions, if available, to meet any
remaining load/demand — adopting simple heuristics to operate the system. Accordingly, it is well
suited to the technological and communication capacity limitations associated with a nomadic mobile
energy supply system. Based on the more limited control opportunities available, a flexible capacity
planning strategy under uncertainty is, therefore, more likely to impact the distribution of total system

costs (as well as other performance metrics) obtained through long-term PP operation.
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6.1.1.3 Energy System Planning and Role of Flexibility
The literature on general micro-grid planning over a long horizon for rural electrification is very

extensive, although yet to be combined with PP enabled mobility considerations 224-227. The
majority of “static” design approaches are based on either Mixed-Integer-Linear Programming, Multi-
Stage Stochastic Programming (MSSP), or evolutionary methods such as the Genetic Algorithm (GA)
226. The aim is typically minimisation of Net Present Cost (NPC), although some works more closely
looked into sustainability 228,229 and resilience 215,230,231 considerations too. In order to reduce
the computational expense and obtain an analytical solution, however, significant simplifications tend
to be made as opposed to the real-world problem. The study in 232, for instance, only used a single
“representative” year to determine system performance over the whole project horizon. As shown by
233,234, however, the inability to account for load growth or corresponding energy system evolution
limits the applicability of single year approaches in an energy access context. Consequently,
uncertainties related to future load growth were previously found to be significantly more impactful
on final system costs than those related to RES generation 226. Other works tend to focus on reducing
uncertainty recognition to only one or two sources, with their realizations limited to a predefined set
of scenarios 235. The authors in 236, for example, develop stochastic models for load growth but not
for renewable electricity generation throughout the project horizon. Other common simplifications
include considering only a specific technological component (i.e., battery in 237 for example) or using
just a few representative days for each year 226,227. Furthermore, only one level of expansion is
normally considered for each technology, with limited generalizability and adaptability outside of

projected scenarios 222,223,238.

The planning and design of a nomadic energy supply system, therefore, must balance delicate trade-
offs between mobility, security, efficiency, sustainability, and economic feasibility in light of the
extensive associated operational uncertainties. . Flexibility is a potential value enhancing paradigm to
help address some of the above-mentioned limitations of common energy system planning approaches
48,54. Planning a PP based mobile energy system through a Flexibility in Design approach can, as a
result, likely help mitigate investment risk and fiscal burdens incurred by the targeted low-income
nomadic communities under uncertainty. Standard methods for Flexibility in Design, however,
present many of the same computational limitations as the planning approaches mentioned in the

former section, motivating the work presented in this thesis.

The proposed DRL based approach to analysing flexibility allows for the tractable integration of
several sources of uncertainties and mobility considerations associated with a mobile energy supply
system. In the energy systems field, DRL has been extensively investigated for management and
control 239, but it has yet to be directly implemented on micro-grid design and capacity planning for
rural electrification. The closest work would be that by 240, however DRL was only used by the

authors for the dispatch problem, and components were sized through evolutionary methods.
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Additionally, energy system capacity planning or decision-making flexibility under uncertainty were
not considered. The design and uncertainty space relevant to an energy system planning problem, it
follows, can be significantly expanded as opposed to analytical methods such as MSSP 10.
Consequently, a data-driven approach may also help identify novel, unintuitive and more dynamic
adaptation strategies outside of the standard generic real options framework. This is particularly
valuable in the case of a unique, complex, and highly uncertain context such as the one tackled in this
work, where there is limited domain expertise. As a result, energy system designs and flexibility
strategies developed through a data-driven approach are likely more compatible with (and
representative of) the range of real-world conditions potentially faced by mobile energy systems in the

future.

6.1.1.4 Chapter Contributions
In light of the pressing issues discussed above, this chapter presents the design and planning of a

mobile multi-energy supply system which is compatible with a nomadic lifestyle, seeking to integrate
both electrification and heating supply decarbonisation objectives. To address deficiencies of common
“static” energy planning approaches in this context, a new modelling framework is proposed where
the spatial dispersion (and network configuration) among nomadic dwellings varies based on seasonal
requirements, as well as main grid availability. In order to tackle the resulting highly complex and
dimensional stochastic optimisation problem, a novel DRL based data-driven approach is proposed to
avoid the simplifications and compromises associated with typical planning methods. The primary

contributions are summarized below.

1. Development of a novel modelling framework for the design and planning of mobile multi-
energy supply systems, focused on achieving SDG7 for global nomadic communities, but applicable
to general trends in increasing decentralization of energy systems. This represents the first study
integrating considerations of seasonal centralized to decentralized operation over a long planning
horizon, enabled by PP operation. To the authors knowledge, the novel approach proposed is the first
allowing for changing network topologies and/or spatial dispersion over time, while capturing the
fiscal and mobility constraints faced by a typical targeted nomadic community. The framework is
developed to be generic and easily scalable to the design and capacity planning optimisation of

different communities wishing to operate a mobile energy supply system.

2. Implementation of a new DRL based approach optimising long-term flexibility strategies for
nomadic communities, marking the first time DRL is used in an energy access planning context.
Several sources of uncertainty are, as a result, able to be tractably integrated, including on energy
generation and demand, spatial dispersion, and main grid availability. This approach enables for the
first time the consideration of monthly adaptability strategies, capturing the interactions between
mobility and seasonality on optimal system design. Resulting policies can be highly dynamic, and are

more generalizable than those obtained using only a few select scenarios. Results are benchmarked
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against baseline rigid designs with better economies of scale to estimate the values of decision-
making flexibility in the context of a migratory lifestyle across economic, sustainability and resilience

metrics.

3. Multi-objective assessment of value of PP operation and “breakeven” spatial dispersion point
to determine investment guidelines and policy insights to accelerate nomadic energy access. This is
performed using a variation of real-options theory and represents the first study focusing on long term
planning of mobile PP enabled energy systems enabled. As such, it yields important quantitative

results on its practical feasibility and global impact potential.

The novel modelling framework and methodology is exemplified through a case study based on
Mongolian herder communities, developed in collaboration with local energy sector stakeholders. The
general approach, however, may be easily extended to other nomadic communities worldwide, or to
the overall needs to better understand the feasibility of mobile energy systems which switch

periodically between centralised and decentralised operation to increase network reliability.

6.2 Case Study Overview
6.2.1 Mobile Micro-Grid Mathematical Model Formulation

6.2.1.1 Problem Statement
This section describes the formulation of the model for the planning of mobile-multi energy networks

for nomadic communities over a long-term horizon. The integrated model accounts for changing and
uncertain movement patterns over time, micro-grid distribution losses, variation in renewable energy
output, and different heating generation sources. Furthermore, it considers the possibility of
connection/ market engagement with the main distribution grid when available, allowing switching
between centralized and decentralized operation based on seasonality and user requirements. Hourly
resolution is used for power flow calculations to tractably approximate generation, distribution, and
losses at the system level. On the other hand, monthly resolution is implemented for cost calculations
within the flexible capacity planning model. This allows for adaptation strategies based on changing
climatic conditions and intra-year seasonality, while considering the impact of long-term realisations

of uncertainty on mobile micro-grid performance.

Two different mobility scenarios (MS) are thus developed to reflect the diversity in movement
pattern. MS1 depicts operation of the micro-grid in the rural or decentralized setting, typically in the
summer months for nomadic communities as they migrate to maintain their livestock. MS2, on the
other hand, represents operation in a centralized setting, or when connection to the main grid is

available, typically in winter months for nomads - when pasture productivity is lowest.

Two primary alternatives are compared based on the model presented in the following sections for a
community operated mobile micro-grid. Firstly, an inflexible baseline is considered where all capacity

is installed at project start and no adaptation strategies in response to uncertainty are possible.
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Secondly, a flexible design exercising modular deployment of different technologies over time based
on realised operating conditions is developed. The baseline rigid design presents lower unit costs due
to economies of scale and reduced transport charges, while the flexible design allows for the

deployment of resources only if and when needed. The objective for both designs is minimization of

Expected Net Present Costs (ENPC,;) for the energy system (es) over 30 years (T).

Nonetheless, this work is also motivated by the UN SDGs and associated sustainability (i.e., Scope 1
and 2 emissions) and reliability energy access objectives. Emissions are thus found from the direct
combustion of coal for heating and environmental footprint of the electricity purchased from the main
distribution grid, respectively ??*. Additionally, 30-year horizon total unmet load (TUL) is used as a
proxy for estimating system resilience and energy security, considering at a higher level the impact of
demand and generation uncertainty. It should be noted that these metrics are not explicitly optimised,

but are used for the qualitative evaluation of design alternatives in 1.1.

6.2.1.2 PP Control and Operation
A core enabler of this kind of analysis and system design methodology is the novel potential for PP

operation, one of the key functionalities benefitting from the high-penetrated power electronic
devices, e.g., inverter. PP operation enables the mobility of energy sources by implementing
intelligent algorithms to guarantee operational stability, which is essential for compatibility with a
nomadic or migratory lifestyle 22?26, This creates an opportunity for economic, sustainability and
energy security benefits, even in the rigid baseline design, as further discussed in 0. The concept of PP
operations only requires real-time power-electronic level control design that has been widely
investigated in 2*7-??%, The control objective within the micro-grid system is to guarantee that
frequency and voltage converge to their reference values (i.e., frequency of 50 Hz and voltage of
2202 V) to maintain network stability. This is achieved through active power sharing across DGs
connected to the microgrid energy supply system. The images on the left of Figure 6.1 demonstrate
the changing microgrid configurations and respective estimated time resolutions for a typical
operational scenario encountered. Starting from normal conditions (1), one of the DGs is disconnected
in (2) as a family decides to migrate, and it eventually reconnects to the microgrid in (3). The right
sub-plots (a)-(d) in Figure 6.1 demonstrate that PP operation is able to maintain appropriate values for
frequency f (Hz), active power ratio mP, active power P(kW), and voltage V44 (V), respectively,
across scenarios (1)-(3). Over the simulated 5 second horizon, it should be noted, some minor
transients are still recorded at a fine resolution due to the changing system loads. Nonetheless, the
demonstration results suggest PP operation should be an effective and reliable solution to allow
temporary interconnection among nomadic community members. Finally, the added value of
flexibility from PP VoFpp is defined according to (3.15) in this context, or the max that should be paid

for the infrastructure investments required to enable this novel technological development.
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Figure 6.1: PP operation demonstration including typical (1) ~ (3) operational scenarios (left) and
performance evaluation of frequency, active power ratio, active power, and voltage, in (a)-(d),
respectively, over the same time horizon (right).

6.2.1.3 Nanogrid and Network Configuration

The architecture of the energy system proposed in this paper is a distributed form of mobile micro-
grid. A single herder family nanogrid (i.e. sub-microgrid) unit (N,;) which moves and settles very
close to each other is used as a building block for the simulation, allowing for improved scalability
and compatibility with PP operation ?*°. The term nanogrid is justified as each herder family unit is
normally expected to be able to produce, store and distribute electricity in fully self-sustaining or
islanded manner- as sometimes necessary during migration. Through interconnection with other
community members, however, the aim is to reduce the total system cost by more efficiently
managing supply and demand. Figure 6.2 graphically captures the network configuration, both at the
level of an individual herder family nanogrid unit (N,,-left) and the PP mobile micro-grid (right).
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Figure 6.2: Multi energy vector block diagram of herder nanogrid (left) and PP microgrid (right).

The typical nanogrid unit consists of energy generating units — in this case solar PV and wind — as
well as a storage system (BESS). While both DC and AC loads may be present in the system,
interactions among nodes connected through the PP configuration is designed to be 3-phase AC, thus
converters and inverters are included where appropriate. Heating demand may be present during the
winter months which must be fully met using either a traditional coal stove (left) or electric heater
(right). Moreover, it is assumed for it to be possible for a group of nomads, perhaps from the same
extended family or community, to operate as a “cluster”. The cluster radius variable 7, ¢ter 1S thus
defined as the smallest possible circle which could encompass them all — as shown in Figure 6.2. It is
estimated that this is not likely to vary significantly within a single season, although there may be
important year-to-year differences based on the impacts of climate change. Stochastic realizations for
a single month m are thus obtained proportionally to average seasonal values at project start, directly
impacting the distance L ‘required to connect the mobile energy system, as shown in (6.1).

, (6.1)
Lep = 27Trclustert

The different nodes are assumed to be configured in a fixed, ring-like interconnection, evenly spaced
across the outer circumference obtained from 7,;,,5;0r. This configuration was previously reported to
optimise distribution efficiency under a similar decentralised setting as depicted above >**?**, The
proposed approach can, therefore, account for changing migration distances over time, while also
integrating social considerations on spacing among family units. Conditional connection to the main
grid during MS2 is approximated as an additional node in the network (blue in Figure 6.2).

6.2.1.4 Renewable Energy Generation

235

The renewables.ninja platform = is used for the simulation of wind (Pvrvlﬁl ¢) and solar PV (Ppﬁ;t)

intermittent generation for each nanogrid n at an hourly resolution t, based on locations representative

of each MS. The closest matches in terms of technical performance parameters were used since the
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small-scale systems considered are not available for direct simulation within the platform. More
specifically, Solar PV generation is found through the Global Solar Energy Estimator, with default tilt
and azimuth ( = 35°, ¢ = 180°), an assumed additional system loss fraction of 10%, and no tracking
mechanism implemented *°. Small scale wind generation is computed through the Virtual Wind Farm
model and historical wind speeds obtained from NASA’s MERRA-2 dataset, implementing bias-
corrected reanalysis to increase the accuracy of prediction, at the lowest recorded height 2*7.
Moreover, to investigate the impact of RES intermittency, random Gaussian noise is added to the
baseline deterministic profiles. Respective stochastic parameters for wind and PV during MS1/2 are

found from their historical hourly generation potential >,

6.2.1.5 Power Flow Calculations

6.2.1.5.1 Nanogrid Operation
The LFS is implemented for operational control simulation of the design alternatives evaluated. For

any hourly timestep t, the net electricity demand load Pyg,™" at node n is calculated from the hourly
electricity demand ED™! and on-site renewables generation Prré’st (accounting for inverter and
converter efficiencies). EH loads are prioritised over BESS charging, limited by installed capacity
en,'lt, hourly maximal output P, h,maxn't, and power available from total generation Peh,resn't. The
remaining power Pr’g’sfp . and heating demand Py, , if any, dictate BESS operation at each node,
which is prioritised over PP distribution to minimise distribution losses. The energy flows into the
BESS capacity 8}, are then determined from their technical parameters, namely charging C;,, and

n,t

. . . o nt
discharging Cpy rates as well as maximum nominal input Pyg ;. 1o

and output Py 1.¢ max POWET.
They are also bounded by the minimum Ef, ,,;, and maximum Ef, ., storage capacities for the
selected BESS. The battery storage level Ef, is thus computed as the sum of the stored energy from
the previous timestep Ef*, storage energy flow P}, and any potential additional installed storage
capacity during that period E| 5a,new. Note that newly purchased batteries are assumed to arrive fully
charged, and conversion losses are accounted for via the battery roundtrip efficiency parameter 1.
Remaining excess energy Pe’gt after nanogrid operation is then used to engage in PP operation.

6.2.1.5.2 PP Micro-grid Distribution
Distribution requirements are calculated at the entire system level from each node, which are

classified as either Nyericir OF Noyrpiys » based on the obtained energy balance. The system wide
unmet load Pﬁl,es and available extra generation Petg,es are thus used to roughly estimate micro-grid
distribution requirements P ., at an hourly resolution. The micro-grid power distribution potential
is limited by the capacity of the cables connecting the different units 85p ,,, g- and is capped at no more
than 30% of the system wide electricity load Pgs; o5 max» aiming to balance network reliability with

increasing infrastructure cost. Accordingly, (6.2) yields the lowest value among the technical

limitations.
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t — : t t t t
Pdist,es - mln( Pul.eSJ Peg,eSJ QPng' Pdist,es,max) (6'2)

Furthermore, to tractably approximate performance, it is assumed that the distribution of power is
spread homogenously across the micro-grid network, as both loads, and generation should be well

distributed spatially in light of migration compatibility objectives. More specifically, representative

power (Pé’izt = %) and length (Lg;s"™ = L;Lb) requirements for PP distribution per each node n
are developed for preliminary loss calculations. Dwellings are assumed to be connected via 3-phase
transmission rated at 220/380 V through low-cost copper cables 2. Interconnection resistance per
node Rg’gt is thus found from the manufacturer reported reference value and tuned to the actual
operating conditions through the material temperature coefficient ;. Cable resistance is used to

estimate energy system losses, Pél'es according to (6.3), neglecting reactive power and only focusing
on thermal losses associated with the induced current / ;{;t in each line. Finally, distribution loss

proportion DL% is found from (6.4), seeking to capture overall network efficiency. The balance of

power flows in the network after PP operation is ensured by computing the final excess electricity

generation Prtes_exc,pp, unmet electricity load Pﬁel,es’ppp and/or unmet heating load Pﬁhl,es,ppp. These
values then dictate utility grid interactions, as detailed in the following section.
t tn jtn 2 6.3
Pares = Z 3R discldist (63)
nen
Pil.es (6.4)

DL (%) = 100—
Pdist,es

6.2.1.5.3 Utility Grid Interaction and Coal Requirements
The potential to buy electricity from the distribution grid during MS?2 is considered in this section.

Interconnection is simulated at a system level through simple heuristics (i.e. market engagement is not
explicitly considered) to focus on flexibility strategies. Interactions with the main distribution grid,

limited by line capacity 6%,,,, unmet heating load P} and availability pg.;q4, are calculated

hles,ppp>
based on system energy balance, as shown by (6.5) below. Note that pg..;4 is a binary variable
representing grid availability for that timestep, sampled from a befa distribution. Case (i) then
represents timesteps when blackouts are happening so no interactions happen. Case (ii) shows
situations when demand has not been fully met, thus electricity is purchased from the grid. For case
(iii), on the other hand, the excess generation after meeting micro-grid loads Prtes,exc,pp is sold back to

the main grid. Note that excess generation P%, which cannot be captured by grid interactions is

assumed wasted at this stage. Please refer to 11.5 for the complete power flow model equations.
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. 0 - Pgria = 0 (@
P;rid = mln(HG‘rid'Peh,max 'Puhl,es,ppp) (65)
) t _ ..
_mln(egrid ) Prtes,exc,pp) Puhl,es,ppp =20, Pgria = 1 (ii)

t , o
Puhl,es,ppp <0; Pgria = 1 (lll)

6.2.1.6 Emissions Generation
Based on the above, the heating demand not met via EH, and therefore mass of coal required for the

entire nomadic community, is calculated as shown in (6.6)-(6.7). P&,q; s captures the thermal energy

requirements after PP distribution P} and grid interactions P;n-d. The associated coal mass

hl.es,ppp
M_oq," is estimated from its average energy density [ypcqr coqr and thermal efficiency of the
traditional stove used for combustion M y4; stove. ENErgy system carbon footprint over time is
estimated from the mass of raw coal burned and grid purchased electricity according to (6.8), using

their respective weighted average emissions factors (EFgyiq and EF¢oq;).

Pfoal,es = max (Pighl,es,ppp - Pgtrid ’ 0) (6.6)
t 6.7
Mcoalt — Pcoal,es ( )

Ncoal stove Hiocal coal
t — t t
Cozeq.emissions,es - EFgTidPgTid + EFcoaiMcoar (6.8)

6.2.1.7 System Costs
The model presented thus far ultimately seeks to calculate system costs at a monthly m resolution CJ%

in each uncertainty scenario. As shown in (6.9) below, the formulation accounts for investment costs

cm

inp» Operational costs Cypey, any expenses (or revenues) incurred through interactions with the

distribution grid C, grﬁid, as well any potential penalty (or credit) associated with generated emissions
C/5,- Representing liquidity and economic limitations faced by these communities, a constraint is
formulated to cap monthly household energy system expenditure at the cluster level, as shown by

(6.10). The modelling of each of these cost components is discussed in more details below.

Cés = Ciny + Cor{alex + gTid + Cco2 (6.9)
Cesmax < CesmaxNn (6.10)

6.2.1.7.1 Investment Costs
Investment costs in each timestep, as shown in (6.11), are calculated from the communication CC,,;"™,

infrastructure /g5 , expansion EC,, ;, and replacement costs RC,, ;, net the residual value (if any) SV, ;
recorded across all nodes and technologies evaluated. Communication infrastructure costs CCgy

required for the safe operation and control of the PP microgrid are preliminarily estimated through a
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simplified model based on system distribution requirements Pgis; s,,stem and a cost constant factor c.c,

as shown in (6.12). Assuming a 2G/3G/4G base station is already present, the communication
infrastructure needed is thus simply an add-on support enabling peer-to-peer communication among

nanogrid units. They are considered as a one-off investment incurred only in timesteps where Py, o5

mmax,past
)2) 14

is higher than monthly distributed electricity in all previous periods P, .«

, representing the

need for infrastructure upgrade - neglecting the effect of EoS. Similarly, IC2s — which represent the
need for additional cabling to connect the various nanogrid units- are recorded for timesteps when the
current cluster radius is higher than that recorded in any of the previous simulation months

Tetuster "0P5E Tt is thus assumed that cabling infrastructure purchased at any point during project
life will remain available for connection if needed again. The cost of required extra cabling is
computed according to (6.13), using a unit length cost factor c;. obtained from regional manufacturers

2% invariant with time or scale.

The formulation of EC,, ; in (6.14), on the other hand, accounts for both of economies of scale (EoS)
and cost of transportation in the targeted settings. The estimations for the investment constant K; and
EoS factors «a; are, therefore, slightly reduced and increased respectively in MS2 as compared to the
MS1 ' and based on specifications from regional manufacturers per component 2424 Coal stove
capacity is an exception to this, where it is assumed that no starting stage investment is required,
although replacement costs are incurred every 7-years 2*7. As such, stove capacity is not explicitly

optimised, and it is simply assumed one will be needed per family at a fixed (and nearly negligible)

mnew

cost over time. Any other given capacity decision 6, ;

is expected to yield additional power
electronics requirements 6y, e , assumed to be proportional to expansion magnitude. This is based
on reported ratios of nominal power electronic to system component i capacity, &, ;, averaged over
several micro-grids from the literature *7>>23%24%24 A safety factor sf,, of 1.3 is included to further

ensure no undersized components, as shown in (6.15), yielding total power electronics costs PEC,, ;™

through a constant cost factor ¢, ;.

Replacement costs RC, ; are incurred when a system component i reaches the end of its predicted
operational life L;, using the same parameters as (6.14). As such, RC,, ; may be experienced for
multiple technologies in the same month- in contrast to EC,, ; , which is limited to a single system
component I per timestep. The asset salvage value SV, ; is included for cases where capacity
abandonment decisions are made, or for NPC calculations at the end of each simulated episode. As
shown in (6.16), it is a function of remaining estimated functional hours L;® for a component with an

max
L;

original maximal lifetime , and initial investment cost based on the salvaged capacity amount

salv
ki

O3pn,i» corrected through a depreciation factor which is smaller than 1.
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Ciny = CCes + 1Ces + Z Z EC,;™ + RC,;™ — SV, ™ (6.11)

i€l neEN
m __ pmymaxppast m m,max,past
ccm = Cee (PdiSt,ES Pdist,es ) Pdist,es > Pdist,es (6.12)
es pm < Pm,max,past
distes = “dist,es
m max,past m max,past
Icm = {Cic(rcluster — Tcluster p ) Tcluster > Tcluster p (6-13)
es — m max,past
0 Tcluster < Tcluster P
m _ m m—1\ q; m __ mmnew \ a; m
EC,;" = Ki(Hn_i —On; )% + PEC,;" = Ki(Bn'i )% + PECy; (6.14)
m _ mmnew __ mnew
PEC,;" = Cpe,ign,pe = Cpe,i Sfpe Epe,i Qn,i (6.15)
L.? (6.16)
m _ ,salv t m a;
SVn,i - ki Ki(esv,n,i) ¢

max
L;

6.2.1.7.2 Operational Costs
The operational costs C,y., detailed in (6.17)-(6.21) below account for expenses due to heating via a

traditional coal stove C_py; , maintenance of fees associated with each energy system component C,7,
and the economic value of unmet electricity load C,j}'. Expenses associated with space heating are
found through the required monthly coal mass M,,;"" and the local average price by weight c.oq; —
assumed invariant with time 2*’. O&M costs are found as a function of total energy system installed
capacity 0; o5 and respective periodic estimated maintenance fee ¢,y ; for each component i, using
recently reported average values for small scale systems 2°°. To compute the economic value of

energy not served, the total monthly unmet load ED ; for the entire system is multiplied by the

ul es,fina
curtailment fee c,,;, as shown in (6.20). It is assumed that a 5 % monthly shortage is allowed, thus no
charges are associated below that level. The value for c,; is estimated through the Willingness to Pay
(WTP) approach, which relates perceived marginal benefits to the maximal price a customer would be

willing to pay for a service *!

. It is, therefore, assumed equivalent to the local cost of diesel which
would be needed to supply the unmet load — neglecting generator investment cost and assuming
standard conversion efficiencies. Cash flows resulting from grid interactions can be either positive or

negative, based on the monthly energy balance PgTid, and are computed using either the reported

discounted tariff cgiq Or subsidized price received pgriq-

Co?ex = Ceoar + Com + Cyf' (6.17)
coal = Ccoal Mcoar™ (6.18)
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Com = Z Com,igi,esm (6.19)

i€l

Cur{l = Cy EDZ[ll,es,final (6.20)
m { CgriaPgrid gria =0 691
grid PgriaPgrid gria <0 621)

6.2.1.8 System Mass
The total system mass Mgz can be found from (6.22) for any month m as the sum of the weight of the

installed renewables M%;, batteries My, power electronics M7, and cabling length required for
connection M. To reflect mobility considerations associated with a migratory lifestyle, an upper

limit on energy system weight Mgt .4, may be imposed, captured by (6.23).
MZs = M7es + Mg + Mpe + Mgy (6.22)

Mgsmax < MeggmaxNn (6.23)

6.2.1.9 Resilience and Energy Security

The outputs from the power flow model introduced in 6.2.1.5 are then used to estimate the resilience
and energy security of the mobile micro-grid system. While varied measures are available depending
on the application context’’, total unmet load (TUL) is well justified in an energy access context. This
metric TUL™ is computed monthly to capture seasonal differences, and maintain consistency with the
rest of the model presented in this section. It is calculated as shown in (6.24), by summing the hourly

unmet electricity load P resulting from system operation over 30 days (i.e. H = 720 hours).

el,es,ppp

H
TUL™ = Z R pp— (6.24)
=0

6.2.1.10 Energy System Model Summary
Figure 6.3 captures the interaction among different model components detailed in the former sections,
leading to calculations of total monthly net system cash flow (NCFt = CI?), emissions

C OZZ;. emissions » a1d unmet electricity load TUL™ for a single scenario. Note that energy security

assessment in 6.2.1.9 only considers electricity needs, given all heating demand must always be met
for nomadic communities living in extreme climatic conditions. Consequently, the budget and

mobility constraints (formulated in (6.10) and (6.23)) are not applied when the monthly energy system
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expenditure (defined in (6.9)) is based solely on coal. The total unconstrained cost to supply the

necessary thermal energy is calculated through (6.18) based on (6.7) in this case.

Changes or upgrades to the energy system configuration are determined by the DRL agent policy

captured by the green box, further detailed in 6.3. This policy or flexibility strategy selects capacity

adjustment decisions over time based on progressive observations of uncertain variables in its state

vector. As shown in Figure 6.3, action selection impacts the costs, carbon footprint, and energy

security recorded for the flexible design in all remaining simulation steps. For the baseline rigid

systems, on the other hand, these calculations are based purely on uncertainty realizations.
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Figure 6.3: Model flowchart showing complex interactions among system components and
simulations.
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6.2.2 Background and Previous Work
Nomadic energy access and mobile energy systems are highly relevant in Mongolia, where it is

estimated that 25-40 % of the national population continues to live a migratory lifestyle, normally
moving between 4 and 30 times a year . Changing climatic conditions, however, have increased the
frequency of “zhuds” — extremely cold winters followed by extremely dry summers — making the
traditional way of life more difficult for nomadic communities. This has resulted in an explosion of
population migration to UB, where out of the approximately 1.4 million residents around 60% live in
“ger areas” 22, A “ger” refers to the traditional Mongolian herder dwelling, comprised of a basic
wooden frame and a number of insulating layers to allow for mobility. On the other hand, “ger areas”
represent the urban regions surrounding UB where the majority of these low-income communities
now settle in the winter 2>, and normally migrate to rural surroundings during the summer months,
with annual movement ranges of around 7-8km >°2. Previous studies estimate nomadic community
clusters are typically separated by 3.8km in the spring, 2.0km in the summer and 2.3km away in the
autumn >, Figure 6.4 below graphically captures the migration patterns investigated, where MS1
represents operation in the area between UB and Hently in the summer, while MS2 is defined by

migration to ger areas in UB during winter months, as in 6.2.1.1.
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Figure 6.4: Spatial boundaries for typical migration pattern (left) and example multi-ger PP
configurations (right)

6.2.2.1 Electrification

The national network infrastructure is largely unsuitable to provide reliable and sustainable
electrification across the potential MS encountered. It currently relies primarily on coal (71%) and oil
(25%) for centralised generation, with a large associated carbon footprint 2°°. More specifically,
during MS1 the Northern Energy System is the primary option for herder electricity connection 232,
Highly underdeveloped and unstable it mainly relies on imports from Russia 2°2. It also only covers a
fraction of the potential migration range, with 45% of rural gers unable to access electricity services
consistently 2°°, During MS2, on the other hand, gers are normally able to connect to the distribution
grid in UB. This network, however, also experiences very frequent load shedding and blackouts,

leading to limited energy security for ger communities 2>°.

In light of the above, household or community-based decentralised power supply systems are likely

the most cost-effective option for achieving SDG7 in Mongolia 24, In fact, more than 100,000 Small
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Home Solar (SHS) systems and 5,000 small wind systems (SWS) have already been distributed
through the Renewable Energy and Rural Electricity Access Project (REAP), with capacities typically
ranging from 20 to 100W per ger 2°224, REAP, however, was primarily based on capital investment
subsidies and very low interest financing, thus not considering load evolution, mobility, or local
resource assessment in capacity planning. Most of the systems currently installed are, as a result,

either no longer in use or significantly undersized 2%,

6.2.2.2 Heating Supply Decarbonisation
Electrification of nomadic communities has a very strong link with Mongolian government heating

supply decarbonisation objectives, as residents of ger areas normally are unable to connect to the
district heating network 2*7. With the majority of the country in the extreme cold zone, there is
substantial demand for space heating over a long winter season. As a result, it is estimated that ger
areas contribute about 45% to 75% of UB’s annual average fine particulate matter (PM2.5) emissions
247.236 This is driven by the inefficient combustion of raw coal, biomass, or household waste, the
dominant heating supply sources for low-income gers, making UB one of the worlds most polluted
cities in winter months, with significant associated health issues >*’. Based on a median income of
only around 350 USD ger month™, costs for space heating also contribute around 15-20% of annual

247,258

ger expenditures . During winter, up to half of their limited monthly income may be spent on

meeting heating demand alone, prioritising the cheapest source available.

Given the severity of and urgency of the air pollution issue, most previous works on ger energy
systems seek to address decarbonisation of the heating supply under the extreme climatic conditions
typically experienced 2°1-2#7253 Traditional coal-stoves are used in most gers, thus these studies

259.260 and/or better thermal

normally focus on either benefits from using improved stove designs
insulation 2°'**7, Partly, this is because these works are centred on ger areas in the outskirts of UB
where the grid capacity is a limiting factor to alternative electricity-based heating solutions, and the
pollution is particularly severe. Most recently, however, %! presented the experimental investigation
and simulation of a solar PV generator combined with an EH for a single ger in UB, as compared to
one using a traditional coal stove. The results from the study over a single year suggest a transition to

electricity-based heating supply system can lead to improved indoor environmental quality, cost

reductions, and significantly lower heat energy consumption.

6.2.2.3 Local Context Constraints
Given the mean monthly coal expenditure reported by 2%, the total energy systems max expenditure

Co%max ger is limited to USD 110 month™ ger™. This results in approximately USD 20-60 month™ ger”

I'available for capacity expansion, depending on the respective coal expenditure, formulated at the

entire 18-ger energy system level. Furthermore, it is well established that a typical 5-wall Mongolian
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ger weighs 250-400 kg, with an additional 75-100 kg for a standard coal stove and at least one 20kg
bag of raw coal normally used during migration 2°!>, Considering the above, an upper limit on total

energy system weight Mgg 45 ger 0f 120 kg ger'! is preliminarily estimated.

6.2.3 Herder Migration
The assumptions used to model ger migration patterns and spatial dispersion uncertainty were

19 and an

developed and validated through direct engagement with a team of local consultants
interactive workshop with regional energy sector stakeholders !*°. Consequently, it was identified that
18 gers is representative of a typical ger nomadic community. Recent studies suggest that the average
area occupied by such a community over the migration season is around 147 km?, leading to an
average seasonal cluster radius of 6.85 km at project start '°“>>, Furthermore, previous works suggest
climate change is likely to lead to growth in overall migration distance and spatial dispersion over the
30-year horizon >*2. With the aim to capture how this uncertainty may influence optimal energy
system configurations, mean annual growth rate and volatility are preliminarily estimated based on
available data. The annual cluster radius 7, ste-” €volutions are thus simulated according to (3.11)-
(3.12). The resulting potentially large differences between projected (dashed line) and realised (solid

lines) migration radius are captured by Figure 6.5, showing the impact of stochasticity on both long-

term evolution and intra-year variability for a few select example scenarios.

Projected vs Realised 18-ger System Migration Evolution
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Figure 6.5: Deterministic projections (dashed line) and 3 randomly selected example stochastic
simulated scenarios (solid lines), showing the average annual (over the migration season) 18-ger
cluster radius in km (y-axis), over the 30-year project horizon (x-axis). The projected migration
growth is assumed to be driven by the climate change effects, as shown by the deterministic
projections (dashed line), although it is recognized the magnitude of this impact is highly uncertain
both in its long-term evolution and intra-year variability, as captured by the different stochastic
example scenarios (solid lines).

6.2.4 Electricity Demand (ED)
The baseline daily electricity load profile for a typical ger household was estimated through

interactions with a local consulting team '°°, given the limited literature data available. These values
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suggest most nomadic households continue to follow a more traditional way of life for now, typically
only consuming enough electricity to operate a 20W lamp and 80W refrigerator. In winter months,
however, the local climatic conditions as well as economic constraints mean that the refrigerator is not
needed nor used. This assumption is maintained throughout project horizon, with starting electricity
demand estimates of roughly 63 and 6 kWh month™! ger! during the summer and winter months,
respectively. Nonetheless, this load is likely to grow significantly over the next 30 years, with recent
ones experiencing a 5-7% annual increase in electricity demand, driven by a combination of more
productive uses of electricity integrated into nomadic lifestyles, higher indoor environmental

standards, and the adoption of low-cost electric appliances 202206:233,

Baseline load profile projections are thus formulated based on the integration of a 213W TV with a
30W antenna, more light bulbs, and a number of additional electric appliances (i.e., radios, cell-
phone) by years 15 and 30, respectively . The stochastic electricity demand model is defined from
(3.11)-(3.12). The baseline daily load profiles for summer days are shown on the left in Figure 6.6
below at the starting point (Year 0), midpoint (Year 15) and end (Year 30) of the project. Long term
evolutions and variation under uncertainty for different seasons, on the other hand, are captured on the
right in Figure 6.6. For power flow calculations in 6.2.1.5, it is assumed that these same hourly load
profile curves are maintained, the magnitude of which is scaled proportionally to the actual realized

monthly demand as compared to the one projected at time of writing.
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Figure 6.6: Hourly projected load (left) and seasonal long term stochastic evolutions of electricity
demand (right).

6.2.5 Heating Demand (HD)

As a baseline for estimating heating demand (HD), it is assumed that all 18 gers in the systems
evaluated have 5 walls with standard insulation. While the benefits of improved insulation for gers
have been discussed in several other studies 2°1:23%26! the standard insulation case defined in these

works is still representative of the majority of ger dwellings. Seasonal demand calculations are
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obtained through consultation with a local team '° and are aligned with values found in the literature
201.247.258.261 R espective demand-temperature correlations are then used to extrapolate monthly profiles
based on the assumptions given in 11.6, resulting in starting demand of 11,500 kWh/ year per ger.
Volatility for heating demand is assumed to be approximately equivalent to that on year-to-year
climatic conditions, found via standard regression analysis of the average winter temperatures
between 1901-2020 %, The stochastic HD model is thus formulated yearly according to (3.11)-(3.12),
including potential climate change induced growth 93198262 The impact of this evolution and
differences in potential Year 30 HD profiles is shown for 3 stochastic scenarios in Figure 6.7. As for
ED above, the seasonal profile distribution is maintained across years simulated, and the value in each

timestep scaled proportionally to the one at project start '°°.

Projected Seasonal Heating Demand Evolution Profile: 18 gers
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Figure 6.7: Projected starting and end of project life heating demand monthly profiles for 3 scenarios.

6.2.6 Renewable Energy Generation

For the system sizes and representative locations considered in this manuscript, a mean annual
capacity factor (CF) of 19.8% for solar PV is obtained, similar as reported in 2°!. The initial estimate
for annual wind capacity factor is slightly higher at 22.2%. This is lower than values from other wind
generation sites in Mongolia, as the small-scale systems selected are operating at reduced wind speeds
and conversion efficiencies compared to utility level ones 2°*2%, Still, both CF estimates are consistent

with those which could be extrapolated from alternative data sources 2% or with previous studies
195,205,206

Please refer to 11.6 for the complete list, values and ranges of the parameters used in this study.

6.3 DRL Implementation

6.3.1 DRL Flexibility Analysis Formulation

The DRL formulation for the mobile micro-grid design and planning problem presented in this
chapter is characterized by the general objective and problem statement captured in (3.10). The only
key difference, however, is that due to financial limitations for the targeted communities the

minimisation of expected net present cost (ENPC) is targeted here — as opposed to ENPV
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maximization in the other chapters. The remaining procedure with the novel proposed approach,

nonetheless, remains the same, with the environment developed through the OpenAl gym

framework'®!. All the steps involved in DRL Flexibility analysis are further detailed below.

1. Environment Formulation:

a.

State Space: In this context, the engineering system evolution strategy is primarily
dependent on the periodic demand for different energy services, installed generating
capacities and migratory patterns, among other factors. With the aim of reflecting
this, the states for the agent are defined through a box observation set according to
(6.25) below. where ED® and HD' represent the electricity and heating stochastic
demand realizations in timestep t, respectively. 7,,q;er and L¢;," measure the
uncertain spatial dispersion of the mobile system investigated and are used in cabling
investment and distribution loss calculations. As in the former section, 8;° represents

the installed nominal capacity for each system component i considered. EDJ; o5 Final

is included to stimulate the explicit consideration of unmet load (i.e. approximation of
resilience), outside of charges incurred, while M{ is used to account for increases in
system mass as it evolves over time. Budget constraints are implicitly evaluated based
on recorded rewards. All state variables are normalized based on the maximum and
minimum values obtained for them over 10,000 simulated scenarios, independent of

the environment. Time limit awareness is also implemented as previously discussed.

st = [EDK HDt, 7} Lept 0 Oupin’ » Ocn’s Opess’, DL ML, T — t] (6.25)

b.

luster » ul,es,final’

Reward Function: Based on the energy access objectives of this work, the focus is on

minimisation of cost needed to provide electricity and heating services to the targeted
communities. Note that a reward penalty is incurred if local budgetary (6.10) or
mobility constraints (6.23) are not met in a particular timestep, as shown in (6.26).
The same penalty magnitude is applied for both constraints as they were both deemed
equally important in the targeted context based on initial stakeholder interactions,
although this may be easily modified if more information on decision-makers
priorities became available. This allows the DRL agent to implicitly learn their form,
looking for system solutions which are able to minimise the occurrence of constraint
violation. While more advanced approaches are available to ensure constraints are
robustly met, particularly in safety critical applications 742129 they are typically
associated with a high computational expense and are complicated to implement. As
such, given in this setting the constraints represent socio-cultural considerations

rather than safety issues, the simpler constraint violation penalty method is deemed

144|Page



justified. Furthermore, this helps reduce the computational expense on an already

very highly dimensional problem.

e {Cg; = Cl, 4 Cllox + CiRy + €23, if (6.10) and (6.23) are True (6.26)
B —USD 1,000 otherwise

Uncertainty Quantification: The characterization of uncertainty considered in this design
and planning problem was already extensively discussed in 6.2 and the interaction among
different modelling components is graphically captured by Figure 6.3. It is again remarked in
this section that the limited data available lead to a very significant uncertainty space,
however all parameters and ranges for stochastic simulations were developed in collaboration
with local stakeholders'*!*. This leads to very important differences among simulated
scenarios, highlighting the need for a data-driven approach to analyse engineering system
flexibility in what would otherwise quickly become a computationally intractable
optimization using standard methods.

Action Space Creation: The decision-making possibilities for the agent are also selected
with the aim of reflecting the ones available to a ger community, through a multi-discrete
action set (€ A; ;). Through this formulation, the DRL decision space is such that, at any
given time step, the agent may decide to leave the energy system configuration unchanged.
On the other hand, based on estimated value function and policy, a decision enabled by
flexibility may be made to alter the state of the microgrid. In that case, the multi-discrete set
I; means a decision is made on which technology i to act on, and whether to pursue capacity
abandonment, expand by S00W or expand by the (rounded) maximum number of modules

0 gudget possible under the budgetary constraints C éudget for that period. As actions are
selected at the entire system level, a simple heuristic is implemented to determine which node
to implement the capacity adaptability decision on. For expansion decisions on solar PV,

wind or BESS, additional component capacity is assumed to be installed at the node with the

nt—1

largest unmet load in the previous month ED 5, .-

Abandonment actions or EH expansions,
on the contrary, are allocated to the node with the largest excess generation Prréf_;,%ce <5 prior to
implementing the flexibility option. The full action space is mathematically captured by
(6.27), where I; = [-500W, 500W, Géudget] and only one capacity adjustment action
available per monthly decision-making timestep.

0 - No capacity adjustment (6.27)
. .
a = {Ij — Adjust technology i capacity by j forteT,iel
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Figure 6.8 below captures the internal evaluation process, going from state observation (left) to action
selection (right) using a DNN parametrized agent policy, where components are evaluated within the
environment technological boundaries. The iterative interaction feedback loop guiding policy updates
during training, is visualized through the changes in system state, reward and policy driven by a

capacity adjustment decision made at time t on ¢t + 1.

a) System Level Decision Making b) Heuristic for action

Multi-Discrete Action

selection node assignment

System Costs (Reward) att + 1 Space j per
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Figure 6.8: a) Graphical overview of DRL system level decision making process going from
microgrid state space input (left) to action selection output (right) b) Simple heuristic used for
allocation of system level DRL actions to individual microgrid nodes, either the ones with either
largest unmet load in previous month (top) or greatest total excess electricity generation (bottom).

6.3.2 Algorithmic Approach
Considering the dimensionality and computational expense of the problem tackled, the ACER

(Sample Efficient Actor Critic with Prioritized Experience Replay) algorithm is implemented 2%, Each
component is captured by a separate neural network, allowing different strategies to be implemented
in policy as compared to value function updates. Experience replay allows agents to focus on the
interactions most significant to experienced reward, improving convergence rate during training ''.
Sample efficiency was motivated by the complexity of the model, evaluated with different timestep
resolutions for operation and decision making, meaning each environment episode simulation is
relatively expensive computationally. This is achieved in ACER by combining several ideas from

previous works with novel developments.

More specifically, multi-step impacts on state-action value function Q,..(s*, a%) approximations for
each generated trajectory are found recursively using the Retrace algorithm 2%7, as shown in (6.28).
Multi-step returns used allow for significant reductions in policy gradient bias and learning iterations

needed for the Critic component of the algorithm. A duelling architecture is implemented, through
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t+1
)

which the vectorized value function estimates Qg (s at*1) as well as the policy g (at| st), are

outputs of the DNN with parameters @. As shown in (2.2), the estimate Vp(s**1) is then easily found

as the expectation of Qg under my. Additionally, note that y is mathematically equivalent to the
financial discount factor ﬁ shown in the generic problem formulated in (3.10). It is used to in DRL

to account for the different value of immediate rewards compared to long term ones. The truncated

importance weight p ¢ under current behaviour policy u, is thus computed as shown in (6.29)'52,
Qret(st ’ at) = R+ )4 ﬁHl[Qret(sHl ’ aHl) - Q¢(5t+1 ’ at+1)] + VV¢(5t+1) (6.28)
t) ot
pt= M (6.29)
u(at| st

Policy updates are then conducted in a very similar manner to Trust-Region Policy Optimization '#°,
although using the running average policy network as a baseline instead. The policy is thus
decomposed into a probability distribution f, and network capturing the properties of the policy
distribution 74, with the update split into two stages. In the first stage, a linearized Kullback—Leibler
(KL) divergence constraint is combined with a standard loss minimization optimization. In the second
stage, backpropagation is used to compute the derivatives with respect to the policy parameters,
adopting a trust region based on the distribution f and advantage function. The gradient of ACER is
thus defined as shown by (6.30) below, where c is the correction term coefficient for cases with very

high variance.

Gacer’ = P'Ve, . 108 £(a'] To( 51 [Qree(st,a®) = Vo(s")]

.

The full pseudocode for the ACER agent policy optimisation problem as applied to the design and

pia-c
pt(a)

] V‘r@(st) lng(at| TQ)( St)[QQ(St ) at) _ V@(St)] ) (6.30)

planning of mobile micro-grids under uncertainty is given by Algorithm 3 below. Generally,
Algorithm 3a is first used to generate potential trajectories and perform updated in an on-policy
manner. Several replay steps are then conducted by calling ACER off-policy. Please refer to the

original publication for further details and definitions 2%,

Algorithm 3: ACER applied to mobile micro-grid design and planning, adapted from 28,

Algorithm 3a: Master algorithm ACER for discrete action space.

1:

Assume global shared parameter vectors 8 and 6,

Assume ratio of replay r
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Repeat
Call ACER on-policy according to Algorithm 3b
n « Poission (1)
fori €[1,...,n] do
Call ACER off-policy according to Algorithm 3b
end for

Until Max training iterations or computational budget reached.

Algorithm 3b: ACER policy optimisation with discrete action space.

N A 4

e e e e e T
AN A > el =

17:
18:
19:
20:
21:
22:
22:
24:
25:
26:

Initialize parameters 8’ « 6 and 0',, « 6,
Reset gradients df < 0 and d6,, < 0
If not On-Policy (see Algorithm 3a) then:
Sample the trajectory [s%, a®,r°, u(-|s%),....,sT,al,rT, u(:|sT)] from replay memory
Else:
Initialize starting energy system state s° based on (6.25)
End if
fort €[1,...,T] do:
Compute policy probability distributions f (- |@47 (s)), Qg (st,") and f (- |@, (s*))
If On-Policy (see Algorithm 3a) then:
Adjust energy system capacity by performing a® from (6.25) according to f(: |@4/ (s*))
Receive reward rt from (6.26) and update energy system state s‘*1 based on Figure 6.8
Update action probability distribution u(:|st) « f(: @, (s%))
End if
Update truncated importance weight p ¢ based on minimum of [1, value from (6.29)]
End for
Update multi-step impacts on action-state value function Q... (st ,a') according to (6.28), set to 0 for
terminal states (i.e., t = T = 30 years = 360 months)
fort € [T —1,....,0] do:
Qret <« 7%+ ¥Q,er using updated multi step impacts from line 16
Update value function based on action selections over episode using Qg (s, @) and f(a|@y (s%))
Compute quantities g and k needed for trust region updating
Accumulate gradients w.r.t. 8" according to (6.30)
Accumulate gradients w.r.t. 8", as: d6,, « d6, + Vg (Qrer — Qgr (st,a)) ?
Update retrace target Q,.; for next policy improvement iteration
End for

Perform asynchronous update of 8 using df and 6,, using d@,
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27:

Update the average policy network: 8, « a6, + (1 — a)68

6.3.3 Training and Testing

The ACER agent described in the former section is trained using a budget of 72 million monthly
decision timesteps, equivalent to 200,000 simulated full 30-year episodes. As performed on a standard
laptop Intel(R) Core(TM) i7-8665U CPU @ 1.90GHz, the complete training process takes
approximately 8-9 hours. All training scenarios are stochastically generated to be i.i.d from each
other, thus leading to an infinite amount of potential scenario evolutions and state-action pairs. This
was motivated by the need to develop a more generalizable adaptability strategy under different
realizations of uncertainty. No exactly equal trajectories are thus possible inside the environment, and
training process is fully non-anticipative, with all operational decisions based purely on recorded
observations at a particular timestep. Hyperparameters are found through Optuna across 100

170" with final training conducted using 50 environment steps per policy update,

experiments
parallelized through 4 processes, a correction term of 12.3 and a replay ratio of 5. The replay ratio and
denotes the average relative replay learning per policy learning — which only kicks in after 20,000

replay starts in this case. Please refer to 11.7 for the full list of hyperparameters used.

The DNN architectures implemented for both the actor and critic component of Algorithm 3 are fully
connected, with input layers matching the problem feature space described above. The output layer
for the actor is composed of twelve neurons, representing the multi-discrete action selection process
depicted in Figure 6.8, whereby four independent SoftMax distributional operators are then used to
characterize decisions for each component. Additionally, five hidden layers with 64 neurons each are
implemented to approximate the complex environment stochastic functions. Crucially, it should be
noted that this approximation derived from the DNN captured by (3.10) does not always guarantee the
optimality of the results obtained - especially when considering the non-convexity of the function
evaluated. Nonetheless, several studies suggest strong convergence properties for DRL to low lying
local minima when using gradient-based techniques, which employ a number of heuristics to reduce
the likelihood of obtaining sub-optimal solutions 2?76, The Stochastic Gradient Descent Momentum
method 2”7 is thus implemented for DNN training parameter updates, using the exponentially moving

average of the trust-region adjusted values through (6.30).

The complete learning curve for the ACER agent on the case study detailed in this chapter is given by
Figure 6.9 below, averaging results from 5 separate training runs using different random initialization
seeds. Note that only the best training run is used for relative performance analysis in 1.1. The
training reward evolution recorded confirms the proposed approach to be effective at analysing
flexibility even in such a highly dimensional and uncertain engineering system. The bulk of agent

learning seems to be focused on the first quarter of the training process (i.e., 0 to 18M timesteps),
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where the ENPC of the mobile microgrid for Mongolian nomadic communities is reduced by almost
50%. Past this point, the policy begins to gradually converge, as the budgetary and mobility
constraints have been learned through the reward function. The final quarter of the training process
(i.e., 54M to 72M timesteps) suggest the development of a near-optimal policy as the objective

function only marginally improves, with more limited variation among training runs.

Mobile Microgrids Training Curve Smoothed

-250k

-350k A

-450k

-550k

-650k 1

Episode Rewards

-750k

-850k 1
—— ACER Agent

T T
0 18M 36M 54M 72M
Number of Timesteps

Figure 6.9: Training episode reward evolution for ACER agent on Mongolian mobile microgrids
environment. The y-axis estimated the total energy system cost per episode while the x-axis shows the
number of monthly decision timesteps implemented for training. The solid line shows smoothed
average (using a window size of 50 episodes) among 5 runs. The shaded area the standard deviation

recorded across the same training runs.

The reward penalty from (6.26) is then removed in the testing environment, allowing evaluation of the
true ENPC rather than the one obtained through the modified training reward function. Furthermore,
to evaluate flexible system performance as compared to the baseline designs, all results are reported
using the same 2,000 simulated out of sample episodes. This means that while trained on the same
stochastic model parameters, no complete scenario used in testing would have been encountered
during training. The different time step resolutions implemented are summarised by Figure 6.10

below.
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f Equivalent to one 30- year
simulation of system lifecycle

+ 360 decision timesteps per
episode (12 per year)

+ Batch simulation of microgrid
operation for entire month
using hourly resolution

.
(- 200,000 environment episodes

« 72,000,000 decision timesteps

= ~ 5.2 x 10" operational hours

* Reward penalty recorded for
budgetary/ mobility constraint
violation at the end of each
month

- 2,000 environment episodesﬁ
+ 720,000 decision timesteps

= ~ 5.2 x 108 operational hours
* No reward penalties

» Same 30-yeari.i.d
uncertainty scenarios as
benchmarked approaches

Environment DRL Agent

Training

DRL Agent
Testing

Episode

Figure 6.10: Summary of time-step resolutions implemented for different levels of the mobile micro-

grid simulations used for the proposed DRL approach in this chapter.

6.4 Relative Performance Analysis

6.4.1 Summary

The energy system design alternatives discussed in the remainder of this section are summarised in
Table 8 below, aiming to capture the benefits of flexibility and a systems approach to planning for ger
communities. Note that, as in Chapters 4 and 5, the DE algorithm is applied to the optimisation of all
baseline design (BD) alternatives, using the inflexible capacity planning objective function introduced
in 3.4.1. The stochastically optimal rigid baselines results suggest the deployment of a SHS system for
BD1 (657 = 525 W/ger). This is approximately 5-10 times with what is currently available to
herders, or roughly twice that obtained using commercial software such as HOMERPRO, which
neglects load growth. Interestingly, the optimal PV capacity in BD2 is equal to that found in BD1,
although with a roughly matching EH capacity (625 W/ger) for thermal energy supply. In BD2,
therefore, the EH units are run almost exclusively with power purchased from the UB grid. BD3 and
BD4 present very similar initial design capacities to their counterparts which are optimised for no PP
connection (BD1 and BD2), albeit with reductions in BESS requirements of roughly 8% and 10%,
respectively. System evolution for FD, on the other hand, varies based on scenarios, although with

final capacities generally much greater (and diversified) than those obtained via rigid baselines.

Table 8: Summary of nomadic ger energy system design alternatives evaluated in this study.

Ger Energy System Description
Alternative
Flexible Design (FD) 18-ger multi-energy PP microgrid design and adaptability strategy

Flexible Nanogrid Design
(FND)

DRL based single nanogrid unit design and adaptability strategy
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Baseline Design 1 (BD1)
Baseline Design 2 (BD2)
Baseline Design 3 (BD3)

Baseline Design 4 (BD4)

Single nanogrid unit stochastically optimal rigid design with no EH

Single nanogrid unit stochastically optimal rigid design with EH option

18-ger microgrid stochastically optimal rigid design with no EH

18-ger microgrid stochastically optimal rigid design with EH option

The combined relative out of sample performance of the 18-ger energy system design alternatives

optimised using the model detailed in 6.2.1 are summarised by below. They show that the FD yields

improvements across all metrics estimating economic feasibility, sustainability, and energy security of

alternatives, highlighting the importance of embedding capacity expansion flexibility under

uncertainty. Note that, as presented in 3.4.5, VoF refers to improvements achieved by FD for each

metric as compared to the best performing benchmark design on the same metric.. These results

suggest that FD may be highly valuable for ger communities’ electrification along different risk and

utility metrics, as discussed in more detail below.

Table 9: Design decision making table for alternatives evaluated in this study over 2000 out of sample

Metric Objective
ENPC (USD) Economic
Feasibility

VaR, 5% (USD) Economic
Risk

VaG, 95% (USD) Economic

Upside
Lifetime Sustainability
Emissions (t. CO;
Eq.)
Expected TUL Energy
(kWh) Security

BD1

439212

492,314

381,456

10,133

29,992

scenarios.
BD2 BD3
413,771 428,088
516,332 | 480,058
370,591 365,221
14,169 9,808
29,992 28,102

6.4.2 Expected Energy System Cost
The low-income communities targeted by these studies motivate prioritising cost as an initial

BD4

386,459

473,062

352,669

13,375

27,171

FND

373,503

419,512

338,229

4,937

8,274

FD VoF

328,178 85,593

367,421 | 124,893

293,404 77,187

4,601 5,532

7,188 22,804

objective. FD achieves significant improvements in this front particularly as compared to BD1 and
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BD2, reducing ENPC by 25.3% and 20.7%, respectively. The PP enabled inflexible solutions BD3
and BD4 perform slightly better due to the benefits of interconnection, although FD still results in an
ENPC 23.3% lower than BD3 and a 15.1% reduction from BD4. Expected cost reductions compared
to HOMER deterministic design are even more striking at around 41%, although highly dependent on
the economic value of energy not served c,,; estimated earlier. Reduction in energy system cost in any
given scenario are achieved by FD through an improved adaptability strategy under uncertainty. More
practically, this results in decreased expenditure on coal over time, reduced charges due to unmet
load, and discounting of capital costs through modular deployment of components, as shown in Figure
6.14. The greatest economic VoF is recorded for VaR, with FD achieving over a 30% reduction in
downside costs as compared to alternatives investigated, although significant improvements are also
found in terms of upside potential (VaG). Furthermore, as the capacity expansion strategy developed
is highly dynamic and dependant on different realisations of uncertain variables, FD performs much
more consistently and is stochastically dominant across nearly all scenarios evaluated. The VoF

estimated for each economic metric is reported in Table 9.

6.4.3 Lifetime Emissions

Even when formulated for purely cost minimisation objectives, the proposed approach is found to
yield significant improvements in system design sustainability, as captured by Figure 6.11.
Reductions in estimated lifetime emissions of 54.6%, 67.5%, 52.9% and 56.6% are obtained
compared to BD1 and BD2, BD3 and BD4, respectively. Interestingly, the static designs evaluating
EH (BD2 and BD4) yield higher net emissions than the others, driven by the UB grid carbon
footprint, in line with previous work 2#’. This suggests a sustainable ger energy system solution must
not rely on the national infrastructure available, but rather on the development of a more distributed
and adaptable network, particularly to integrate the multi-energy boundaries encountered. The
respective contributions of coal and EH to meeting thermal energy demand for FD over time, shown
in Figure 6.11, suggest that most annual carbon footprint reductions can be achieved around year 18.
Nonetheless, some emissions are maintained for the entire project duration, as supplying heat with
coal or electricity from the UB grid in certain timesteps can reduce costs. The VoF in the context of
sustainability is, in essence, the expected avoided 30-year emissions through the FD as compared to

the any of rigid alternatives investigated, estimated at 5,532 tonnes CO; eq. for this system.
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Heating Supply Source and Carbon Footprint Evolution for FD
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Figure 6.11: Heating supply source (left-axis) vs carbon footprint evolution (right-axis) for FD system
over 2000 simulated scenarios showing the 95% confidence interval.

6.4.4 Energy Security and Resilience

Outside of improved economic performance and sustainability, FD also achieves substantially
enhanced energy security, with reductions in expected TUL of 76.1% compared to BD1 and BD2, and
74.4% and 73.5% from the TUL values obtained in BD3 and BD4. This is driven by the DRL based
flexibility strategy, which can closely match capacity and demand over time for the required provision
of energy services. The increased generation capacity for FD also reduces reliance by gers on the UB
grid, which can be highly unstable due to frequent load shedding. The PP interconnection allows for
the smoothing out of load/generation imbalances as compared to the independent nanogrid units,
helping increase system resilience for all stakeholders involved, while also reducing BESS
requirements. The VoF for energy security is estimated at 22,804 kWh on average for the duration of
the project. Intuitively, this implies that for a simulated 30-year horizon, 22,804 kWh of unmet load
could be expected to be avoided by using the FD as opposed any of the alternatives considered.
Noting that while some unmet load is still recorded for FD, this results from the allowable capacity
shortage presented in 6.2 and the intrinsic stochasticity of the environment investigated, as it would

require substantial oversizing of components to consistently meet all loads.

6.4.5 Local Context Constraints
Average energy system expenses (excluding unmet load charges) are around 83 USD month™ ger! for

FD, and substantially lower for BD1 and BD2 at around 52 and 46 USD month! ger’!, although with
significant variation across uncertainty scenarios. The number of timesteps where the budgetary
constraints are violated, however, are significantly lower on average for FD. On one hand, this is
driven by distributing required investments over project life as compared to significant upfront

expenses (and associated replacement costs) recorded for baseline designs. As coal expenses are
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reduced over time, the budget for expansion decisions for FD increases, which presents nice synergies
with the projected load growth, allowing for the deployment of generating technologies only if and
when needed. Moreover, the PP enabled FD reduces reliance on BESS, which is both the costliest and

heaviest technology considered, helping to limit total system mass.

Accordingly, energy system weight for FD is found to be on average around 15% and 19% lower than
BD1 and BD2 for the first half of the project, respectively. The much higher final generating
capacities installed for FD and extra mass associated with cabling, however, lead to a net increase in
end of project system weight of roughly 28% and 22% as compared to BD1 and BD2. BD3/4 usually
result in slightly higher weights than BD1/2, but still within the acceptable bounds. Notably, energy
system evolution and expansion possibilities over time are a result of reduced coal mass requirements
via EH substitution, similar as what is observed for budget. Given the very large amounts of coal
consumed by a typical ger, and the availability of regional lightweight systems, mobility constraint
violation is thus very unlikely in FD. The few recorded instances can be attributed to energy
generation and demand uncertainty as well as potential load shedding, which can result in additional

coal mass requirements from that originally estimated.

6.4.6 Value of Plug and Play (VoPP) Operation
In this section, the VoPP is decomposed from the VoF reported in Table 9 to help assess its economic

feasibility, according to (3.15). The results shown in Table 10 suggest it is a worthwhile investment in
all cases. These values may be intuitively thought of as the difference in total cost between the same
energy system configurations if integrating PP operation or not. FD benefits the most from PP,
followed by BD2/4, as the explicit consideration of EH increases system load substantially, and thus
motivation for interconnection compared to BD1/3. Nonetheless, for the targeted low-income
communities, VoPP for BD1/3 is still significant and can likely be further enhanced. These findings
highlight the crucial role of PP in enabling economically feasible mobile energy system solutions,
with cost reductions driven by a combination of reduced storage requirements, unmet load penalty and
electricity purchased from grid. At the same time, they suggest that a systems approach and flexibility
strategy under uncertainty are essential to unlock its full potential, with significantly greater VoPP

recorded across all objectives evaluated for FD.

Table 10: Estimated VoPP and externalities on energy security and sustainability for different system
design alternatives

Design(s) VoPP (USD) % A TUL from % A CO; from
PP PP
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FD/FDN 45,313 -15.1 7.3
BD1/3 11,134 6.3 32
BD2/4 27,312 9.4 5.6

It is important to note, however, that this estimated value is highly dependent on the assumptions
used, particularly in terms of herder migration modelling. Significantly greater spatial dispersions
than the ones investigated could lead to unsustainable system losses from low voltage distribution, the
costs of which may outweigh the benefits generated by PP. To further investigate the effect of this,
average distribution losses are plotted against the range of potential cluster radiuses encountered in
Figure 6.12. The “break-even” starting cluster radius (where VoPP = 0) is estimated at roughly 12.1
km for the 18-ger system FD through the economic value of unmet load c,,;. This implies that in
regions with greater spatial dispersions among herders, higher distribution voltages should be
considered to maintain an acceptable network efficiency. Alternatively, government policy programs
or decision support tools could be developed to incentivize nomadic households to settle closer to

each other, helping to capture the full benefits enabled by PP.

Distribution Losses vs Spatial Dispersion for 18 Ger System Migration
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Figure 6.12: Annual distribution loss % as a function of herder PP microgrid spatial dispersion.

6.4.7 Policy Case Sensitivity Analysis
Ambitious governmental policy objectives have the potential to materialize in Mongolia coming

years, which may impact the optimality of the energy system designs presented in 6.4. These are
primarily based on CAPEX subsidies for RES?> and EH?*’, or participation in carbon credit
markets?’®27° through the clean development mechanism (CDM)?°. In light of the above, 5 additional
policy cases (PCs) outside of the baseline are developed in order to investigate performance

sensitivity from changing market support instruments. They are formulated to represent different
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policy makers-objectives, potential subsidy mechanisms, as well as degree of ambition in meeting

sustainability targets. Their focus and modelling parameters are summarized by Table 11.

Table 11: Summary of policy cases investigated for sensitivity analysis of design alternatives
considered.

1 No subsidy for EH, RES, carbon credit Baseline (PC1)

2 WB RES subsidy @ 50%, NO EH financing or carbon High RES Focus (PC2)
credit

3 WB EH financing, No RES subsidy or carbon credit Clean Heating Focus (PC3)

4 Carbon Credit @ 6.3 USD 2020 (China ETS) through China Carbon pricing Focus
CDM, no EH or RES subsidy (PC4)

5 Carbon Credit @ 35 USD 2020(EU ETS) through CDM, no  Glebal Carbon pricing Focus
EH or RES subsidy (PC5)

6 WB EH financing, RES subsidy @ 50%, Carbon Price @ Highest Sustainability Focus
EU ETS through CDM (PC6)

The ENPC of the mobile micro-grid is thus recalculated for each of these policy cases (PCs),
comparing BD3 and BD4 to the FD solution, given they significantly outperformed BD1 and BD2
under the baseline assumptions (PC1). The results of the sensitivity analysis are captured by Figure
6.13, noting that all designs are optimised based on PC1 only. The graphics shows that the flexible
DRL system (FD) achieves the greatest cost reduction across PCs, suggesting its flexibility strategy
can generalize to changing support instruments. Additional emissions reductions are also incentivized
compared to the baseline case. More specifically, ENPC is reduced by around 10%, 8%, and 17% for
BD3, BD4 and FD, respectively. In the clean heating focus, on the other hand, ENPC is reduced by
7% and 15% for BD4 and FD, with no changes in performance for BD3 as EH deployment is not
considered. In lack of a more detailed framework at the time of writing, carbon credits received in
PC4, PCS5 and PC6 are calculated through the difference in emissions from BD3. This leads to
reduction of ENPC by 8%, 17%, and 35% for FD, respectively. In line with the analysis presented in
6.4.4, the inflexible baseline including EH (BD4) is actually estimated to generate more emissions
than BD3 as it purchases carbon-intensive electricity for the grid to power the heating supply. As

such, its energy system cost is not impacted by PC4 or PC5, and reductions in PC6 are driven solely
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through the RES investment subsidy. In summary, the results from this sensitivity analysis are
promising for the proposed approach, particularly considering that the DRL agent policy could be

updated over time as different market support implements are actually implemented.

Policy Case (PC) Sensitivity Analysis
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Figure 6.13: Policy sensitivity analysis of primary design alternatives considered in this chapter based
on assumptions presented in Table 11.

6.5 Interpreting and Implementing Complex DRL policies under Uncertainty
6.5.1 Overview of Flexible Energy System Evolution Strategy

The FD produced via the proposed DRL based approach suggests the development of a highly
dynamic decision-making policy, with capacity evolution based on uncertainty realisations in each
scenario. The modular nature of the adaptability strategy is graphically captured in Figure 6.14 below,
showing installed nominal capacities over time for different technological components. The plot
suggests that in early years the DRL policy presents limited variability, and largely mirrors the
findings from the inflexible baselines, with deployment of PV and BESS. Over time, however, it
grows increasingly dynamic as more RES capacity is installed within the energy system. This is
primarily driven by expansion of wind technologies after about year 7, which then also allows for
more EH capacity to be sustainably and reliably operated. Furthermore, in line with near term
projections likely to be more accurate, the policy grows more variable over the project life, adapting

to the magnitude of uncertainty realizations observed.
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Figure 6.14: Cumulative System Capacity Expansion for the trained ACER agent averaged over 2000
episodes. Shaded areas show 95% confidence interval across scenarios.

6.5.2 Decision Rule Concept Generation and Analysis

Generally, computational insights for decision-making can be generated using the same approaches as
in 4.5 and 5.5. Energy system state over time may be used as an input to the DNN parametrized
policy, returning either an action probability distribution or a recommended decision as the output.
The complex flexibility strategy obtained, moreover, can be further decomposed for improved
interpretability by evaluating actions selected under different conditions (akin to concept generation
for novel flexibility decision rules). Several metrics can be developed for this purpose, through a mix
of intuition, domain expertise, statistical analysis, and trial and error. They may then be used to
inform options for exercising engineering system flexibility at various stages of the project, based on

uncertainty realizations of key variables captured in the state vector.

Figure 6.14, for instance, could be broken down into the expansion timing distribution for each
technology, as shown in Figure 6.15 — providing a more detailed understanding of the internal
decision-making process. The visualization suggests the development of a dynamic and modular
policy, adapting energy system configuration over project life differently for each major component.
The profile for wind generally shows a gradually increasing probability, peaking around year 8, and
then approximately annealing to zero by year 27. Changes to PV capacity, on the other hand, are more
prioritized in early or late years as compared to wind, and are most likely around the midpoint of the
project. The distribution of battery capacity adjustments seems fairly well balanced for years 5 to 15,
with a gradual reduction in frequency after this. Most varied among these is the temporal profile for

EH decisions, which presents a first peak at year 5, and a second one around year 15. This is likely
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because the ACER agent waits for RE capacity to rise sufficiently to make an investment in EH

worthwhile (i.e. to make sure there enough electricity to operate it).

Distribution of Capacity Adjustment Timing by Technology
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Figure 6.15: Distribution of capacity adjustment timings per technology selected by ACER agent over
2000 simulated scenarios (regardless of magnitude selected).

Another option is plotting the distribution capacity adjustment decisions for each technology by their
magnitude, regardless of timing. This presents some parallels to the analysis performed for the proof-
of-concept case study in 4.5.2, although it is be remarked that there are no predefined decision rules to
compare solutions to here. As captured by Figure 6.16, the profile for wind, PV, and battery capacity
adjustments are overall similar. They are most likely to expand by a single module, which can be
partly attributed to cash flow limitations of the targeted low-income communities, followed by the
max allowable expansion. Abandonment is seldom selected across all system components evaluated,
given the overall projected trends in increased energy demand over project life. Interestingly, the
distribution for EH differs from the others considered in Figure 6.16, as the max allowable expansion
is the most commonly selected action. This can possibly be driven by the ACER agent seeking to

reduce the very large coal expenditure(and mass) required for heating supply in the winter months.
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Distribution of Capacity Adjustment Magnitude by Technology
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Figure 6.16: Distribution of capacity adjustment magnitude per technology selected by ACER agent
over 2000 simulated scenarios (regardless of timing). All plots share the same y-axis depicted on the
left hand side. For all plots shown, the left bin represents the frequency of abandonment decisions, the
middle bin modular capacity expansion, and the right bin expansion by the max capacity allowed by
budget and mobility constraints. As the latter is rounded to the nearest number of modules, it should
be noted that this may represent different magnitudes across environment episodes evaluated.

The ratio of installed renewables to EH nominal capacity provides a somewhat less intuitive example
metric, as captured by Figure 6.17. Here, a pattern can be observed where this ratio increases at first,
then starts to decrease around year 12 and stabilizes at around 4.2 to 5.1 in the final periods. This
could provide a very important guideline for determining energy system evolution, particularly given
the heating supply decarbonisation objectives for nomadic ger communities. It may be used, for
instance, in combination with the profiles from Figure 6.14, Figure 6.15, or Figure 6.16 to improve

understanding and acceptability of triggering signals implemented for capacity adjustments.
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PC1: Evolution of System Installed Renewable vs Electric Heating Nominal Capacity
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Figure 6.17: RES to EH System sizing ratio for 2000 simulated episodes showing the 95% confidence
interval. Baseline with EH refers to BD4 from Table 8. PC1 denotes baseline government policy case
(no subsidies or carbon credits).

The behaviour of the DRL agent under different shortage levels also provides some interesting
intuition to system operators, as shown in Figure 6.18. It indicates that it is worthwhile to prioritise
RES expansion (and wind in particular) under high shortage levels, although important to achieve a
balanced generation mix over time. The results also imply that while the majority of EH expansion
should happen when there is no unmet load, some capacity should be deployed even in early high
shortage years. Most likely, this is because there could still be periods of high EH utilization rate
within those years, which can lead to significant cost savings. Energy storage, on the other hand,
seems to be prioritized in years with low unmet load levels. This suggests the DRL agent estimates
BESS to be particularly helpful at smoothing out those smaller power imbalances, created by

intermittent RES generation or stochasticity introduced into the load profiles.

Decision Making Distribution Over Annual Unmet Load for FD
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Figure 6.18: Distribution of capacity expansion decisions vs shortage levels over 2000 episodes for
the trained ACER agent.
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6.5.3 EnerGer: Design Decision-support Tool
The retroactive implicit decision-rule distribution presented in the former section already provides

some interpretable guidelines which could be used by herder communities to determine their energy
system expansion strategy. To capture the full value and dynamicity of the proposed approach,
however, a decision support tool could be implemented. This would be targeted at improving data
visualisation, understanding of the policy optimisation performed, and ultimately enhancing
acceptability. A prototype mobile app named “EnerGer” was developed for this purpose by Alex
Gibson, captured by Figure 6.19, which was based on extensive collaborations as part of his Master’s

281 This can help community members track energy system state, notify

thesis in Design Engineering
users of infrastructure replacement requirements, explore locations of other nearby PP during
migration, and dynamically recommend actions over time. Given the communication infrastructure is
already present, it could be feasibly implemented at a low cost. This approach presents many
advantages to better tailor energy system solutions to each customer. Users with different budgetary
or mobility requirements from those assumed in this work, for instance, could enter that data directly
in the app, which could then call for DRL agent training with the updated parameters. Similarly,
actual realized demand for heating and electricity, or recorded energy generation by source, could be
manually input over time to produce the most relevant recommendations for exercising flexibility.

Furthermore, the development of any market support instruments such as those from Table 11 could

be automatically integrated over project life, and system operators promptly informed of their impact.
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Figure 6.19: Visualization of interface for EnerGer prototype **!'. Going from left to right, it shows the
homepage, DRL model predictions/recommendations, a geospatial feature to identify nearby
communities during migration, and a summary of energy usage broken down by heating or electricity.
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6.6 Discussion

6.6.1 Changing Economies of Scale

Flexibility in Design is generally motivated by tensions between EoS and modular adaptable
deployment, where each can be advantageous depending on the setting. The results presented in 6.4,
however, suggest that the flexible solution is stochastically dominant and outperforms the baseline
designs in nearly all scenarios evaluated. This may be due to the relatively low magnitude of EoS
assumed in the cost calculations. Coal expenses, even if significantly reduced, remain the strongest
driver of ENPC for nomadic energy systems in Mongolia. While evolving costs for other technologies
may influence this finding, an important advantage of the proposed DRL approach is precisely the
simplicity to retrain the agent with updated assumptions as they are verified over time. As such, if
governmental programs are developed which influence the optimal solution (i.e. subsidy schemes,
carbon credits, etc.), they could be quickly integrated into the model to give up to date
recommendations. Finally, it is worth noting that removing the budgetary constraints formulated
could lead to the discovery of better performing solutions which take advantage of both EoS and
flexibility. While this constraint was relaxed in the zero-stage capital expense decision, there are
likely to be some practical, logistical and/or economic benefits to ramping up and concentrating

investment in certain time periods.

6.6.2 Decarbonisation Pathways
The trade-offs between costs and emissions for inflexible ger energy systems not considering PP were

further evaluated through the Non-dominated Sorting Genetic Algorithm (NSGA-II) to the
optimisation of BD1 and BD2 %2, The pareto frontier obtained suggests that high EH capacities
should be deployed even by inflexible nanogrid units seeking to minimise ENPC, as they help reduce
coal expenses over time - instead purchasing heavily discounted (particularly at night) electricity from
the UB grid. The associated carbon footprint, however, means those solutions are estimated to lead to
a net increase in expected system emissions over the project horizon. The results presented in the
former sections, in fact, suggest that an economically feasible decarbonisation of ger community
energy systems is possible even when accounting for the associated uncertainties, due to several
important synergies. On one hand, ger communities present substantially higher demand for
electricity in the summer months compared to the winter ones, arising from increased refrigerator
energy requirements. This allows RES generation to be utilized almost exclusively for EH in the
winter months. The relatively high capital expense of RES and EH for low-income communities, as
well cultural value associated with the coal stove, nonetheless, remain important limiting factors to

the rate of future feasible decarbonisation in Mongolia.

6.6.3 Plug and Play Mobile Microgrid Technical Feasibility
While this chapter was focused on the planning rather than operation side, the new control algorithm

developments remain largely untested on the field. This is an important issue to be addressed,
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particularly in terms of overall resulting network efficiency and feasibility at different levels of spatial
dispersion. In this study, a ring like interconnection was fixed, however this is likely to vary
significantly during actual herder migration, which may strongly impact the performance of a design
and flexibility strategy. Additionally, even though only active power was considered here, there are
substantial safety and reliability issues associated with low-voltage AC distribution over long
distances. Nonetheless, the results from this work imply that there is a significant economic value

attached to PP operation, thus motivating the need for more in-depth feasibility studies.

6.6.4 Limitations and Opportunities for Future Work
While this work presents an important starting point to evaluate the planning of future nomadic and

mobile energy systems, there are some other limitations which should be noted. Data on load profiles
and projections were difficult to find, and several assumptions had to be made to develop the model
from 6.2.1. A higher resolution heat load profile model, perhaps based on outside temperatures in
each hour per day, could allow for a more detailed evaluation of different climate change scenarios.
The mobility aspect within the energy system simulation is completely novel and the modelling
approach implemented hard to validate. Continuing interactions with local energy sector stakeholders
and herder communities will be crucial in this regard. Especially valuable insights may be on the
flexibility of migration patterns assumed, and willingness to deviate from them to engage in PP
operation in different regions. Additionally, the results obtained are highly dependent on realisations
of different cost factors over the project life. These were mostly assumed to be invariant in time for
simplicity, and for lack of better information, however, are highly likely to differ over the next 30-
years. In order to address data limitations at the time of writing, future work ought to investigate
reproducibility of solutions when using different stochastic model parameters. Considering the
possibility of new bulk procurement programs, it may be interesting to policy makers to perform a
more in-depth sensitivity analysis on the impact of EoS in Mongolia. This can suggest what the break-

even values may be, or where the rigid designs outperform the flexible ones.

The action space for the DRL agent could be significantly expanded from this implementation to
reflect the relevant decision-making possibilities. Multiple technologies could be considered for
expansion at once, for instance. Moreover, connection to the UB or a nearby grid could be explicitly
modelled, and respective recommendations produced. Several other potential actions were not
evaluated here, particularly higher efficiency stoves or improved ger thermal insulation, which could
be highly valuable for decarbonisation objectives. Inverter capacity was also not explicitly analysed,
thus likely leading to sub-optimal operation at different points of the project. Closer integration of the
control and planning aspects of this problem should also be investigated in future work. While the
computational expense required may make the problem intractable, it would be valuable to actually
simulate PP operation at a finer time resolution over the entire project horizon. Alternatively, a

separate DRL agent could be used to develop more advanced operational strategies than the LFS
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implemented here. Flexible demand response and prioritised load shedding, for instance, are likely to

help reduce ENPC incurred by mobile energy systems.

From an algorithmic point of view, there are several more interesting avenues for future research.
More specifically, a multi-agent formulation could be developed to better evaluate the costs and
benefits to individual herder households, and the resulting optimal flexibility strategies. Recent
advancements in distributional DRL allow the formulation of a policy based on the entire distribution
of rewards rather than purely expected value '*>. Recommended strategies could thus be tailored to
risk-seeking or risk averse decision makers, improving acceptability, and understanding. Finally,
exploring alternative DNN architectures which are better tailored to the tackled problem could lead to
further improvements. CNNs could be used to map relationship among features which may not be
intuitive at first, for instance, while RNNs could help capture the seasonal nature of decision making

required in order to better adapt agent policy between winter and summer months.

6.7 Chapter Summary and Conclusions

In this chapter, the proposed DRL-based approach was implemented for the design and planning of a
mobile energy supply system, based on a case study on Mongolian herder communities. Motivated by
the potential for increased climate induced migration and increasingly decentralized generation, a
novel modelling framework to integrate mobility considerations was developed. Contrary to popular
energy system planning methods, the data-driven approach used allowed for the tractable integration
of several sources of uncertainty as well as mobility within the evaluation model. Both heat and
electricity were considered, leading to a more holistic evaluation of different solution alternatives than
previously available. The design and planning strategy for a highly flexible and dynamic energy
system was thus optimised through an actor-critic algorithm, with a reasonable computational
expense. Benchmark inflexible designs with economies of scale were compared across key economic,
sustainability and resilience indicators such as Cost, Equivalent Emissions and Total Unmet Load.
The results suggest that the proposed approach can lead to economically feasible mobile energy
systems, even in the case of budgetary and mobility constraints. Additionally, the value generated by
“Plug and Play” operation was also estimated using a variation of real-options theory, suggesting it is
a worthwhile investment in all cases. As such, this chapter provides an important contribution to

enabling energy access for nomadic communities worldwide, and general energy systems planning.

The analysis presented here addresses several key limitations from Chapters 4 and 5 in order to best
complement the field of Flexibility in Design. As a starting point, the proposed approach was shown
to be effective even on an extremely highly dimensional case study subject to several sources of
uncertainty. The optimization of the flexibility strategy performed, in fact, would be computationally
prohibitive using standard methods if accounting for the full uncertainty space. Given the lack of

comparison with a flexibility decision rule implementation, novel approaches were explored to
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improve the interpretability and acceptability of the methodological contributions of this thesis in
practice. These ranged from visualizing the overall energy system cumulative evolution strategy, to
decomposing it into capacity adjustment distributions by timing or magnitude for each technology.
Novel metrics and potential decision rule variables were developed as a result, including the ratio of
RES to EH and action selection based on yearly shortage levels. Furthermore, an initial prototype for
a design decision-support system based on DRL flexibility analysis was presented, aiming to improve
the practicality of using recommended strategies in real-world system operation. Finally, a policy case
sensitivity analysis was performed, suggesting a strong generalization ability for the DRL agent.
Nonetheless, it should be noted that all market support instruments were beneficial to reducing costs,
leading to biased out of sample testing, even if DNN policies were not re-optimized based on the
updated environment assumptions. In light of the above, the methodological maturation achieved in
this chapter provides a blueprint for how the proposed approach can be implemented on practically
any engineering system which fits into the DRL flexibility analysis framework. It should still be
noted, however, that a more complex system such as the one tackled here inherently carries more
risks. Challenges arise from the many variables and interactions among system components,
increasing the need for validation, coordination among technical disciplines, and rigorous
methodological implementation. Accordingly, before deploying these solutions in the real world,

further validation and testing is recommended.
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Chapter 7

7 A Computational Framework for
Data-driven Formulation of Policy-
making Tools under Uncertainty

This chapter builds upon the methodological maturation presented in Chapter 6, by extending the
contributions of the approach developed in this thesis to potential government policy-making
objectives. The sensitivity analysis of the DRL based design to market support instruments detailed in

6.4.7 motivated this section. In essence, it inspired the key question of:

o RQ7: What other valuable application areas are possible with the proposed DRL approach

outside of direct flexibility evaluations?

In order to address this, a novel computational framework for data-driven optimization of policy-
making tools under uncertainty is proposed. Different policy mechanisms are evaluated to accelerate
and enhance the achievement of SDG7 for global nomadic communities through PP enabled mobile
energy systems. Mongolian ger communities are used as an example case study as this issue is highly
relevant to governmental objectives there, although the approach and results can be easily translated
to other locations through the adjustment of the appropriate parameters. Many other migratory
communities exist across several continents, for instance in Nigeria, Africa’®, Argentina, South
America®, and Kazakhstan, Asia®*®. Their energy usage patterns are likely to exhibit many
similarities, capturing the urgent need for decarbonization of heating and cooking supply sources,

while pursuing energy access and developmental objectives.

The framework presented here was also developed with generalizability in mind, and thus is
compatible with the formulation of policy tools such as subsidies or tariffs for any energy system to
which they are applicable, not exclusively mobile ones. Contrary to the previous case studies,
however, the primary perspective considered is that of government or institutions looking to design
effective policy tools for their objectives. Accordingly, a modified testing procedure was implemented
than in Chapters 3-6, aiming to decompose the understanding of the quantitative impact for each
policy-tool considered. The most significant novelty from previous works is, in essence, the ability to
evaluate the impact of a much larger policy-tool uncertainty. Furthermore, this analysis extends past

cost, sustainability, and resilience measures to also consider energy access metrics.
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This chapter is partly based on a manuscript submitted to Nature Energy which is currently under
review, with Pudong Ge and I as co-first authors?*®, Pudong was responsible for the section detailing
PP operation, while I developed the rest of the material presented in this Chapter. The full open source

code to reproduce all results presented in this chapter can be accessed here®!’.

7.1 Case Study Overview

Previous achievements towards the United Nations Sustainable Development Goal (UN-SDGs) 7 —
“Ensuring access to affordable, reliable, sustainable and modern energy for all” -have significantly
slowed down in recent years as remaining targets are increasingly harder to reach, with 733 million
people still lacking electricity access®®’. They are located primarily in developing or lower-income
countries, where the costs of centralized grid extensions are prohibitive, especially for very remote
areas or communities following a migratory lifestyle?®®. Surprisingly, however, the UN-SDGs do not
make a direct connection between climate change, migration, and energy access — even considering
estimates that up to 1 billion people may experience climate change-driven migration by 2050%%.
Currently, at least 40 million rural nomads exist globally, whose livelihood is ecologically adjusted to
pursue agricultural activities in areas with limited natural resources**. Typically following seasonal
movement patterns using livestock and some form of mobile dwelling to search for better pastures,
rural nomads are likely to be severely impacted by the ongoing changes to the climate (i.e.
precipitation, weather patterns) in coming years®®. Additionally, recent studies suggest that, global
reductions of areas where sedentary agriculture can be reliably practiced will lead to around 143
million more people practicing rural nomadism by 2050%!2°2, Due to many of the same factors, recent
years have experienced a rapid rise in climate driven relocations to informal settlements on the
outskirts of major cities?®. Primarily as a result of grid infrastructure limitations, over 200 million
urban migrants are completely unable to access electricity or heating services, impacting many other
developmental objectives®>***. Moreover, the limited disposable income of these communities means
they still tend to rely on the inefficient combustion of biomass for cooking and heating, with

significant negative pollution externalities>®.

Consequently, there has been growing interest in decentralized solutions, with mini-grids and micro-
grids systems expected to be the main driver of future rural electrification, currently providing energy
services to around 140 million people®®>7?%. Their techno-economic feasibility has been abundantly

296,297

explored in the literature , with recent work suggesting that high levels of reliability and

decarbonization can be achieved through renewable energy and battery energy storage (BESS)

System558’60’229

, even without a dispatchable generator. Recent developments in Plug and Play (PP)
control algorithms based on a sparse and hierarchical communication framework??®, nonetheless, can
exploit advantages of both centralized and decentralized electrification strategies. The temporary
interconnection of nearby households allows the formation of mobile energy supply systems,

improving compatibility with a nomadic lifestyle, and increasing the scope of the energy transition.
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Moreover, PP operation presents many sustainable electrification benefits for both low-income
communities and centralised power grid operators. It allows the smoothing out load/generation
mismatch from a household to a community level, and an additional energy supply source with
market engagement opportunities. This can also lead to enhancements of main grid reliability through
the integration of more distributed generators and storage??>2%°2%, Finally, depending on local
climatic conditions, PP may drive the decarbonization of nomadic energy systems by promoting a

transition to electric heating or cooking powered by emission-free renewables.

Given these pressing issues, developing energy system modelling, planning and optimization
frameworks which are compatible with a migratory lifestyle is essential to achieve SDG7. Common
planning approaches typically require substantial simplifications to tractably reach a solution,
typically by reducing the associated scenario or technological boundaries®*!*%2, The extensive long-
term operational uncertainties and budgetary constraints faced by these communities, therefore,
necessitate novel data-driven approaches to plan strategies for flexible systems which modularly

deploy capacity over time'*¢"!!7,

The mobile energy supply system considered here alternates between stand-alone/rural community
operation in the summer and urban migration with connection to the main grid when available in the
winter. Accordingly, three different potential common policy tools are compared and optimized based
on SDG7 metrics®®: (a) investment subsidies; (b) feed-in tariffs; (c) carbon credits. Note that these
were refined from the original policy case formulation in 6.4.7. The method scales well
computationally and can easily be adapted to assumptions. The aim is to identify which mechanism is
the most effective at achieving each energy access metric in this context to quantitatively inform

future governmental policy making based on their targeted objectives in specific scenarios.

7.2 Background and Previous Work

This section presents a description of the policy-making case study assessed in this chapter. The
modelling approach and background are similar to the ones introduced in 6.2.1 and 6.2.2 respectively,
with any differences to original assumptions or methods explicitly stated. The following provides a
succinct overview of the governmental policy formulation problem in light of different decision-

makers perspectives, thus minimizing any repetition of the material from Chapter 6.

7.2.1 Nomads, Climate Change, and National Energy Policy Objectives
Mongolia presents an excellent case study to evaluate the global issues above, given that 25-40% of

the population follows a nomadic lifestyle, moving up to 30 times a year’*®

. Further, over the past 50
years, the average temperature in Mongolia has risen by 2.24 °C, much higher than the global
average®®. This has exacerbated a periodic weather phenomenon known in Mongolia as the dzuz*%, a
harsh cold winter that follows an unusually dry summer. Many nomadic settlements (or gers*’’) were

originally pursuing a fully rural lifestyle, but were driven to settle down through urbanization'®!-!97:203
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from changes to climatic conditions impacting their livelihood. Currently there is still a small
population following the traditional lifestyle, with most nomads moving around grasslands in the
summer and settling down in ger districts'”! during winter months. Consequently, the available
infrastructure cannot meet the needs of the overextended informal settlements, furthering
development issues associated with nomadic energy access, and promoting excessive fossil fuel

consumption'®,

In fact, gers still primarily use indoor coal-burning stoves for meeting thermal energy demand during
the long and harsh winter, causing severe carbon emission and air pollution problems. As a result,
annual mean particulate matter (PMas) in Ulaanbaatar (UB) is 6 to 10 times higher than the safe air

307

quality level guidelines, and is one of the strongest drivers of infant deaths*’’. However, the outdated

energy network infrastructure only covering a fraction of the potential ger migration range?>-206-252
meets excellent renewable potential, allowing a low-carbon solution. As a result, there have been
several institutional and governmental programs that have contributed greatly to progressing on SDG7
for nomadic communities in Mongolia. The internationally sponsored Renewable Energy and Rural
Electricity Access Project (REAP) had the largest impact, providing investment recovery or capital

expense (CAPEX) subsidies?®.

Similar to REAP, the Government of Mongolia also has implemented ambitious initiatives
electrifying the energy use to reduce air pollution in UB, including a night-time electricity policy for
selected ger districts to encourage a switch from coal to electricity for space heating®®®, and ger district
re-development project’®’*%, Combined with an economic downturn since 2015, however, the heavily

t'0. Hence, alternative future policy

discounted night-time tariff created a significant budget defici
support instruments should be holistically evaluated across energy access metrics while prioritizing
decarbonization objectives. Other relevant policy tools currently in place include the Mongolia State
Policy on Energy 2015-2030, Renewable Energy Law and Mongolia Renewable Energy Feed-in
Tariff -which varies for on vs off-grid installations?*>2%, The National Green Development Policy and
the Sustainable Development Vision 2030 further outline Mongolian desired SDG transition?!°. Most
related to SDG7, the ambitious plans aim to achieve a 30% renewables share in the energy generation

mix by 2030, and provide up to 75% of herders with the electricity, techniques, and technologies

capable of supporting businesses>’.

7.2.2 PP Operation as an Enabler of Urbanized Migration and Nomadism
Renewable based electrification in nomadism settlements should enable PP operations, which
correspond to different scenarios in Figure 7.1. Hence, the seasonal migration route considering the
mobility is depicted in Figure 7.1 (a-c) where the renewable usage scenarios are classified as static
and mobile: large-scale centralized generation (e.g., wind farms or solar PV stations) and mobile

light-weight units (e.g., Small Home Solar, SHS). Along with herders moving between ger districts
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and remote communities, the control modes of power-electronic-enabled*®!! mobile energy units can
be seamlessly switched between grid-connected and islanded modes, e.g., PP operations that
guarantee power qualities (e.g., frequency stability, voltage stability shown in Figure 7.1e). The short-
time-scale (seconds or even shorter) stability issues of PP operations can be mitigated®!? through a
flexible wireless communication, e.g., cellular network shown in Figure 7.1. Hence, PP operations of
mobile energy units create an operational flexibility opportunity of creating an energy source-demand
balance for long-term analyses of technological capacity investments to address energy access
objectives in the context of migration, and further in recent trends of increasing distributed loads and

generation.
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Figure 7.1: Migration pattern of herders and mobile energy access scenarios. a, the city urbanization
process with increasing informal settlements around the suburban area (ger districts in the
Ulaanbaatar, Mongolia as an example): apart from the commercial buildings, industrial factories, and
residential households that all consume energy, urbanization leads to more ger districts around the city
centre without enough energy supply infrastructure. Renewable is promising in electrifying energy
usage of increasing citizens, both centralized PV stations and decentralized household PV systems.
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The control of all these energy units can be assisted by base station enabled wireless communication,
while only communication links for Gers (in red dotted lines) are shown. b, a similar urbanization
process but in some small settlements such as small cities or villages: there are some non-ger and ger
households in the residential areas, and mobile PV panels assist the energy usage in Gers. ¢, nomadic
lifestyle with increasing energy access by mobile renewable PV systems. For three scenarios (shown
in a, b, ¢), the pastoralists can migrate across these three scenarios, while their mobile energy supply
facilities such as PV systems and small wind turbine systems have a functionality of plug-and-play
operation. d, a simple case of plug-and-play operation with the energy unit plugging in-and-out. e, the
state (such as frequency and voltage variables in electricity systems) evolution of plug-and-play
operation shown in subfigure d: with some transient, the state tracks the reference. By the plug-and-
play operations (d, e) of energy supply units, the energy usage pattern in global pastoralists with
migration patterns (a, b, ¢) can be mitigated, leading to an efficient, green, decarbonized energy
supply and a healthy living environment with reduced air pollution.

7.2.3 Energy Transition Progress

The impact of implemented energy policies on different metrics and population types has not been
consistently reported in the literature thus far, increasing the complexity of focusing on rural
nomadism or urbanized migration for different metrics. REAP is deemed to have largely achieved
access to Tier I electricity (SDG7.1.1), with a reported 95% value as of 2020, even in rural areas®®.
The SHSs installed, while providing an important first step, are likely insufficient to meet the
expected electricity demand evolution over the next 30 years (5-7% annually) — particularly if
considering a transition to sustainable heating®®*. In fact, herder electricity consumption currently only
makes up about 1% of the national total, even though they account for at least one quarter of the
population 2%, Furthermore, the required investment through REAP consisted of a third or more of
annual incomes for 40% of herder households?'?. Reported as a significant limitation by many herder
families, it highlights the importance of integrating budget constraints and modular deployment

strategies'® toward accelerating the energy transition for low-income communities®’.

Renewable total final energy consumption share (SDG7.2) is significantly below target levels at 3.3%,
although renewable makes up 9% of the electricity generation mix>*. Note that this refers to the entire

country, as values specific to ger communities are not publicly available. Recent results?®!

on a very
similar system to the one investigated here and the prevalence of renewable for herders from REAP,
however, lead to an estimated value of 31% on SDG 7.2 for the average ger SHS system. On the other
hand, driven by the economic potential to become an electricity exporter, renewables capacity per
capita (SDG7.b.1) has improved significantly in Mongolia, achieving 84.4 W per person at the time of
writing®®. This value is driven mainly by a few centralized large-scale installations, thus the capacity

in herder communities is limited at 34.2 W per person®%?,

In this work, given the PP operations developed and its associated rural electrification benefits,

314

b

indicator SDG 7.1.1 is assessed through the Multi-Tier Framework and access to Tier III electricity
referred to as SDG7.1.1%. This was motivated by recent surveys®'3, where around 88% of herders
reported not being able to consistently meet electricity demand (mostly in winter when there are fewer

sunlight hours) — as well as corresponding load evolution projections'*°. Furthermore, 16% of herders
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are reported to have no power supply at all. Accordingly, it is estimated that roughly 4.3% of rural
nomadic communities in Mongolia may have achieved Tier III electricity access (SDG7.1.1%) as of
20223, Similarly, in light of the extreme climatic conditions experienced in Mongolia, leading to
space heating demand being much larger than that for cooking, access to clean thermal energy (SDG
7.1.2%) is defined as reaching level 5 on the Multi-tier Matrix for Access to Space heating®'*. Progress
on this front has been much slower due to cultural factors associated with raw-coal-burning stoves,
the carbon footprint of the main electricity grids, and institutional limitations on access to the district-
heating network in UB. As a result, only around 2% of gers currently have access to clean thermal
energy for heating®'>. Please refer to the policy impact study by *!° for a detailed procedure on how

SDG7* indicators were computed and their meaning in this application case study.

7.2.4 Policy-Case (PC) Formulation

Based on interactions with local energy sector stakeholders!*%!%

, governmental decarbonization

200256 "and institutional reports?°>293-206317 four new policy cases (PCs) are developed to

objectives
estimate the uncertainties introduced in this Chapter. They are described in detail by Table 12 below.
CAPEX subsidies are analysed separately for renewable and electric heating given the urgency of the

air pollution issue in UB and the very large carbon footprint of its distribution grid®¥’

. Uncertainty is
integrated for each PC through GBM models, generating stochastic scenarios according to (3.11)-
(3.12). Essentially, this means that the values for renewable energy subsidies, electric heating
subsidies, feed-in-tariffs, and carbon credits are all stochastically simulated. In each 30-year
evaluation scenario, therefore, different realizations of all uncertain variables from Table 12 can be
observed. These are estimated from values at project start (2022) and reasonable estimates for end of
horizon (2052), as well as through the above interactions. Additionally, it should be remarked that
while flexibility strategies are evaluated monthly, values for PC1 and PC2 are assumed to be updated

every 5 years. PC3 and PC4, on the other hand, are simulated yearly to be more realistic to practical

policy-making objectives.

Table 12: Summary of Policy Cases (PCs) analysed, and the ranges considered for DRL agent

training. Note that these were refined from the ones in 6.4.7 in line with SDG7 objectives.

Baseline (PC0)> No subsidies

Renewable Subsidy

[10%, 50%] of CAPEX 0 0.3 5
(PCI)206,318
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Electric Heating Subsidy

[10%, 80%] of CAPEX 0 0.4 5
(PC2)247’261
Renewable Feed-in Wind: [010, 0.2 USD/kWh]
Tariff (PC3)!90:205.206 oL 0.05 1
ariff (PC3) PV: [0.2, 0.4 USD/kWh]

Carbon Credit from

[6.7 2022 USD/ tonnes CO; Eq. in 2022,
0.0567 0.1 1

China ETS (PC4)***'™*" 57 35025 USD/ tonnes CO; Eq. by 2052]

7.3 DRL Implementation

7.3.1 DRL Flexibility Analysis Formulation
This section provides a brief overview of the data-driven approach implemented for policy -making

objectives in this chapter. The steps required for DRL flexibility analysis are summarised below,

although please refer to 6.3 for a more complete description methods undertaken and motivation.

1. Environment Formulation:

a.

State Space: According to Chapter 6, the engineering system evolution strategy is
primarily dependent on the periodic demand for different energy services, installed
generating capacities, and migratory patterns, among other factors. In the formulation
presented here, however, the realization of the most relevant policy tools over 30
years is explicitly included as part of the environment observation. The updated state
vector is defined through a box observation set according to (7.1), further increasing
the dimensionality from that in (6.25). All state variables are normalized based on the
maximum and minimum values obtained for them over 10,000 simulated scenarios,

independent of the environment. Time limit awareness T — t is included.

t t .t t t ¢ t t t t 7.1
St — ED*,HD 'TclusterJch ,va :gwind 'Heh :gbess 'EDul,es,final'Mes'REsubsidy' ( )

EHsubsidy' REfeed in tariffr» Pco, T —t

Reward Function: Based on the energy access objectives of this work, the focus is on

minimisation of cost needed to provide electricity and heating services to the targeted
low-income communities. Accordingly, the definition of reward function from (6.26)
is not modified here, including the penalty for violating budgetary or mobility
constraints. The policy tools described in Table 12, however, alter the shape of the

reward function by changing model parameters and assumptions, generating
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RE CAPEX Subsidy (%)

additional positive cash flows. For instance, investment cost Cj,,, in (6.11) is reduced
in PC1 and PC2 through the subsidies considered, lowering their respective
technological deployment cost coefficients (Kpy, Kiying, Kgy in (6.14)). The impact
of feed-in-tariffs in PC3 is captured by changing values for variable pg;;q, which
determines Cgyyiq in (6.21). Carbon credit revenues in PC4 are instead estimated from
the avoided emissions compared to the most sustainable baseline nomadic community
energy system (i.e. BD3 from Chapter 6). As in 6.4.1, BD3 is very representative of
the typical system available to Mongolian herders. The reward function form

variation is then based on evolutions of variable p¢o, to calculate C¢p, in (6.9).

Uncertainty Quantification: The characterization of stochasticity considered in this design
and planning problem was already extensively discussed in 6.2.2., and the interactions among
modelling components graphically captured by Figure 6.3. In this chapter, however,
uncertainty on market-support instruments was also introduced, and simulated based on the
values in Table 12. The resulting uncertainty space for the PCs defined is graphically captured
by Figure 7.2 over 2000 i.i.d scenarios, showing both deterministic projections and stochastic
realizations for each variable. The graphic confirms the need to implement a data-driven
approach to find feasible design alternatives in such a high dimensional context. In fact, as
implied by Figure 7.2, a dynamic and generalizable decision-making policy will be essential

to capture the greatest long-term value out of the potential future governmental policy tools.
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Figure 7.2: Uncertainty space considered for the different policy alternatives over the project 30-
year horizon (a-d). PC1 is shown in (a), PC2 in (b), PC3 in (c) and PC4 in (d).Note that for each
PC the shaded area represents the 95% confidence interval (assuming a normal distribution), the
solid line the mean expected value over time, and the other lines 3 randomly selected example

scenarios for each PC to highlight variability across GBM uncertainty realizations.

3. Action Space Creation: The decision-making possibilities for the agent are the same as those
captured by (6.27). This is because energy system operators are not able to influence the state
variables related to policy-making tools, thus it is appropriate to evaluate flexibility strategies

based on the same technical enablers for mobile microgrids considered in 6.3.1.

7.3.2 Computational Framework for Data-driven Policy-making

In order to handle the increased dimensionality introduced by uncertain PC realization, a DRL based
approach is also implemented to evaluate the performance different PCs, as captured by Figure 7.3.
The generic iterative framework depicted in Figure 7.3a highlights the importance of starting by
identifying the appropriate policy tools and constraints for a decision-makers objectives, It follows by
recognizing their potential long-term uncertainty realization in the second stage, which points to the
need to develop flexible and adaptable energy system solutions. Accordingly, the design and capacity
adjustment strategy are then optimised through the DRL flexibility analysis approach depicted in
Figure 7.3b. Cost-minimization objectives would be typically prioritized in this context, although
other metrics can be easily subsisted, considering the entire uncertainty space captured by Figure 7.2.
The respective performance distribution is used in the following step to generate important insights on
the most effective PC parameters for energy-access metrics under uncertainty. Finally, their values
and implementation can be refined through further stakeholder interactions and prioritised objectives
in the final step. Nonetheless, the iterative nature of the framework naturally means these steps can be
repeated several times to incrementally improve the formulation of market-support instruments under

uncertainty.
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Figure 7.3: (a) Data-driven framework for enabling the evaluation and refinement of different policy
alternatives to accelerate the transition to SDG7 under a high degree of uncertainty on energy system
operation. (b) DRL agent iterative training process for energy system planning optimisation going
from entire state space inputs (left) to selected action in a particular time step (right). The multi-
energy vector block diagram shown on the bottom half of the figure represents, going from left to
right, an example individual nano-grid unit, the PP nomadic community microgrid. Engagement with
the centralised power grid is available only during the scenarios captured by Figure 7.1a and Figure
7.1b. The uncertainty in PCs introduced into the state vector is marked by the red variables (left).
Note that, in fact, (b) is overall similar to Figure 6.8a, although the former highlights the increased
state space considered in this Chapter through the inclusion of policy uncertainty. Additionally, while
the heuristic for action node selection from Figure 6.8b is not shown here to enhance visual clarity, it
is implemented exactly in the same manner during energy system operation.
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7.3.3 Algorithmic Approach
The same algorithmic approach as in Chapter 6 was implemented as a starting point in this section

since it already proved to be effective on the design and planning of flexible mobile microgrids. This
also allows for validation and comparative evaluation with the results presented in 6.4. Please refer to
6.3.2 and Algorithm 3 for a more detailed overview. The primary difference between the environment
models formulated in 6.3.1 and 7.3.1 is the novel PC state variables introduced in (7.1), as opposed to
the original definition of the observation space in (6.25). Initial empirical results, however, suggested
a substantial increase in complexity and variability for training the ACER agent with the very large
PC uncertainty space implemented in this Chapter (graphically captured by Figure 7.2). This trend

held across different hyperparameters and DNN architectures.

In light of this issue, several other algorithms (initially with default hyperparameters) were trained on
the environment described in 7.3.1, using DRL packages designed for fast experimentation among
different agents'®®. This analysis pointed to Proximal Policy Optimisation (PPO) as striking the best
compromise between final performance, computational budget for training, and sample efficiency.
The trained agent also yielded very similar flexibility strategy and results to those presented in 6.4,

which uses PC0 assumptions from Table 12. Its logic and implementation are further discussed below.

PPO is based on many of the same principles as TRPO, focused on limiting policy update steps in
order to avoid performance collapse over training'>!. Its method to so, however, is significantly
simpler as it does not necessitate 2™ order approximations. PPO-Clip (hereafter simply referred to as
PPO) is the most commonly used variant, which does not rely on KL-divergence measures, and
exploits some of the advantages from actor-critic methods, such as an explicit value function
representation. It implements stochastic policies to explore the decision-making space, although
action selection converge over the course of training as its randomness progressively reduces.
Furthermore, PPO can be highly parallelizable, as it exploits a vectorized architecture to concurrently

collect trajectories from multiple environments.

Policy updates are limited by “clipping” in the objective function, aimed at reducing differences
between new and old policies. The updates of the policy are generally performed according to (7.2).
Multiple minibatch steps are typically used for maximizing the objective function L shown in (7.3).
Here, € is the clipping ratio parameter used to determine allowable divergence between consecutive
policy updates. The advantage estimate, introduced in 2.3 is noted by A™0k here, and is approximated
in this implementation through the GAE'’ method also used in Chapter 5. The clipping behavior is
dictated by g, defined in (7.4). Case (i) increases the objective from (7.3) and corresponding
probability of a selected action, while the reverse is applicable to case (ii). The total changes in
objective function value are then limited by the min operator in (7.3). Additionally, the approximated

KL-divergence Dy is used in this chapter as an early stopping criterion (rather than the hard
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constraint found in TRPO). In summary, therefore, PPO clipping is based on the recurring principle

that there is limited value in performing excessively large policy (or value function) updates.
Ors1 = arg max ]Es,a~n9k[L(sv a,b;,0)] (7.2)

g (als)

L(s,a,8y,0) = min(—————=
g g Cals)

A™0k (s, a), clip (€, A"k (s, a)) (7.3)

(1+e)Aif A>0 (i)

clip= g (e,4) = {(1 —eAif A<0 (i) "

The complete pseudocode for the PPO agent implemented for nomadic policy-making formulation is
shown in Algorithm 4 below. As the shorter length compared to Algorithms 1-3 suggests, the code
and optimization procedure are simpler to understand and implement than most alternatives.
Additionally, it usually has very few hyperparameters to optimize, while achieving state of the art
results in varied environments. Most recently, in fact, PPO has received renewed attention as the
primary algorithm used for training the highly popular language model ChatGPT’?, which has
performed exceedingly well across a variety of tasks. Based on the above, it is one of the most

commonly implemented DRL algorithms in both research and industry applications.

Algorithm 4: Proximal Policy Optimization (PPO), with GAE, KL-based early stopping, and entropy bonus

applied to the nomadic community PC analysis and formulation tackled in this chapter, adapted from'!.

1:

10:

11:

Initialize: Input policy parameters 6, value function parameters @, , clipping coefficient €, divergence
limit Dg}**, Maximum iteration steps K, remaining hyperparameters (complete list given in 11.8)
fork=0,1,2, ... K do:
Generate stochastic evolution scenarios & ki (including PC values captured by the state vector in
(7.1)) according to (3.11)-(3.12), and model assumptions from Table 12.
Collect set of trajectories Dj, by running policy ), () on the environment from 7.3.1
Compute rewards to go R; through (6.26)

Estimate advantage A"k based on current value function Vj .. using the GAE variant from (7.5)
Update the policy mg,  , through the Adam'** optimizer by maximizing the PPO objective in (7.3),

with clipping change magnitude limited from (7.4).

Approximate difference between new and old policy Dg;, (g, g, ,) using (5.15)
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12:

13:

14:

15:

16:

17:

18:

if Dgj™ < Dy, (1o, 7o), ,) then:
Stop gradient steps and do not update policy (early termination).

Else:

the Stochastic Gradient Descent Momentum (SGDM) method 2”7, based on observed

trajectories Dy under old policy 7g, and corresponding recorded rewards R,

end for

7.3.4 Training and Testing
Based on the above and previous empirical studies evaluating the performance of different PPO

variants across different environments32’

, a few minor changes are made from Algorithm 4 to enhance
the learning process. They are briefly discussed here, although please refer to the respective
publications for a more detailed overview. An entropy bonus « is included to incentivize additional
exploration across the very large uncertainty space considered®?'. The objective function from (7.3) is
also modified slightly by integrating an error term for value estimations. Aiming to address
computational expense and memory limitations, minibatches are used for gradient computations,
policy updates, and advantage normalization'?. Rollouts were, accordingly, based on partial fixed-
length trajectories of 60 steps (i.e. 5 years) in the environments. Learning rates are annealed
throughout the training process, where the Adam'?* optimizer updates value function parameters,

while SGDM?"" is used for policy updates. Finally, rewards are scaled by dividing them from the

standard deviation of the cumulative rolling rewards, as opposed to the commonly used mean?°.

The PPO agent detailed in Algorithm 4 is trained using a budget of 72 Million monthly decision
timesteps, equivalent to 200,000 simulated full 30-year episodes, allowing a more appropriate
comparison to the results from 6.4. As performed on a standard laptop Intel(R) Core(TM) 17-8665U
CPU @ 1.90GHz, the complete learning process takes approximately 6 hours. The training
environment assumed the potential for all PCs to materialise to some degree based on the parameters
from Table 12. All training scenarios are stochastically generated to be i.i.d from each other, thus
leading to an infinite number of potential evolutions and state-action pairs. This is particularly
important here, as we seek to develop energy system designs and flexibility strategies which are
generalizable across the entire policy-tool uncertainty space from Figure 7.2 (in addition to the
general model stochasticity detailed in 6.2). As mentioned in the former section, the limited number

of hyperparameters for PPO was optimised faster and more intuitively as compared to other DRL
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agents. The final values used for the implementation detailed in 7.3.3 are determined across 100

170

experiments of 100,000 training steps using Optuna'”®. The complete list of the ones used in this

Chapter can be found in 11.8.

Shared architecture and parameters are implemented for the DNNs capturing the policy and value
functions, as previously shown to improve performance in higher dimensional environments 3%,
These are akin to the actor and critic components described in 6.3.3, as shared network parameters
presents a number of practical advantages. Simple fully connected MLP networks are thus
implemented here, similar to the ones from Chapter 6, although using the tanh (hyperbolic tangent)
activation function between hidden layers. Furthermore, one extra hidden layer (increasing the total to
six) with 64 neurons is included to address the additional problem complexity introduced by PC
uncertainty. Accordingly, the input layer is modified to integrate the PC variables captured by the
state vector in (7.1), increasing observation space dimensionality from 13 to 17. The outputs from

both MLP networks match the action space size from (6.27), as detailed in 6.3.3, and also use a

SoftMax function to obtain a probability distribution over decision-making options.

The complete learning curve for the PPO agent on the environment detailed in 7.3.1 is captured by
Figure 7.4, averaging results from 5 separate training runs using different random initialization seeds.
Note that only the best training run is used for the performance analysis presented in 7.4. The
evolution of reward observed during the training process suggests PPO to be an effective agent for
this case study. Several key differences with the results for ACER depicted by Figure 6.9 in 6.3.3 can,
however, be noticed. Firstly, the overall shapes of the curves confirms the better sample efficiency by
ACER compared to PPO, as the majority of learning happens in the first 18 Million steps for the
former, while being more distributed across the whole process for the latter. Generally, the objective
improves by around 75% in the first 36 Million steps for PPO, with gradual increases up to around 54
Million steps, after which the policy seems to have approximately converged. The higher
dimensionality of the state space here likely contributes to this trend, and also initially leads to much
greater costs (i.e. lower episode rewards) for the nomadic energy system considered. Similarly, the
increased uncertainty space from the integration of stochastic PCs results in an increased variance
among PPO training runs. In essence, both these issues are driven by a necessarily deeper exploration
of flexibility strategies to address the higher problem complexity found in this Chapter. Ultimately,
average energy system costs obtained through the trained PPO policy are substantially lower than the
ones from 6.4.2. Nonetheless, the episode reward values from Figure 6.9 and Figure 7.4 should not be
directly compared due to differences in environment formulation. The PCs introduced in 7.2.4, in fact,
can only contribute positively to lowering energy system costs for nomadic communities, regardless

of their realization in different scenarios, giving some optimistic bias to the results presented.
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Figure 7.4: Training episode reward evolution for PPO agent on Mongolian energy system policy tool
formulation environment. The y-axis estimated the total energy system cost per episode while the x-
axis shows the number of monthly decision timesteps implemented for training. The solid line shows
smoothed average (using a window size of 100 episodes) among 5 runs. The shaded area the standard

deviation recorded across the same training runs.

The testing approach in this chapter is designed to be more comprehensive than the ones previously
presented in this thesis, looking to quantitatively capture policy-making implications from both the
perspectives of governmental decision-makers and nomadic communities. In order to address this, six
separate testing environments (TE) are developed, as summarized by Table 13, decomposed by each
potential policy formulation scenario. Accordingly, TEQO computes performance if no market support
instruments are implemented over the 30-years considered, defining the baseline. On the other hand,
TE1-TE4 assume the development of only a single policy-tool in all scenarios, altering the cost
coefficients for technologies and key variables that the flexibility strategy was originally based on. In
essence, this means TEQ-TE4 evaluate performance with significantly different stochastic model
parameters than trained for. Crucially, however, action selection in all of them is determined by the
single generalised PPO agent policy trained as shown in Figure 7.4, based on the environment from
7.3.1 (captured by Figure 7.3). As such, most of the results shown in 7.4 constitute a novel out-of-
sample testing approach, complementing the method initially implemented in 5.4.2. The marginal
cumulative performance improvement for each PC is then estimated relative to the baseline (PCO)

through the counterfactual effect, exactly as shown in the study by 3'°.
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Table 13: Summary of testing environments used for nomadic policy-tool formulation objectives in

this chapter.

Testing Environment (TE)

Description

Differences from 7.3.1 based on relevant state variables in (7.1).

Applicable across project life T

TEQ: No applicable energy policies for

nomadic communities (PCO)

Absence of PC1-PC4 (same assumptions as in 6.3.3)

REsubsidy’EHsubsidyr REfeed in tariff» pCOZ =0

TE1: Materialization of PCI
uncertainty only (Figure 7.2a)

REgupsiay # 0 (simulated based on row 1 from Table 12)

EHsubsidy’ REfeed in tariff» Pco, = 0

TE2: Materialization of PC2
uncertainty only (Figure 7.2b)

EHgsypsiay # 0 (simulated based on row 2 from Table 12)

REsubsidy' REfeed intariffr Pco, = 0

TE3: Materialization of PC3
uncertainty only (Figure 7.2¢)

REfeeq in tarirf # 0 (simulated based on row 3 from Table 12)

REsubsidy' EHsubsidy' Pco, = 0

TE4: Materialization of PC4
uncertainty only (Figure 7.2d)

Pco, #* 0 (simulated based on row 4 from Table 12)

REsubsidy’ EHsubsidyr REfeed intariff = 0

TES: Materialization of full PC1-4
uncertainty (Figure 7.2 a-d)

None (simulated based on full Table 12 assumptions as in 7.3.1)

REsubsidy'EHsubsidyr REfeed in tariff» pCOZ #0

The solution quality of the PPO policy is also computed through TES, using the same stochastic

model parameters that the agent was trained on. While perhaps less relevant to policy-making

objectives, TES helps analyse DRL-based flexibility strategy performance under deep uncertainty on
market support instruments, gaining some important insights for nomadic communities. Note that the
reward penalty for budgetary and mobility constraints from (6.26) is removed for all testing, as in
Chapter 6, evaluating the true objective function over 2000 simulated stochastic scenarios. Finally, it
is reminded that action selection is determined solely on minimization of costs (defined in 6.2.1.7)
during training. Nonetheless, the performance of system evolution strategies in TEO-TES are also
broken down by their respective sustainability (defined in 0) , resilience (defined in 6.2.1.9), and

energy access metrics (defined in 7.2.3).

The different time step resolutions implemented for PPO agent training and testing are summarised by
Figure 7.5. It should be noted that, while not shown in the graphic, state space values for PC1-4 are
assumed to evolve through a resolution of 1 or 5 years (dt parameters in Table 12), meaning they are
only updated every 12 or 60 decision timesteps, respectively. As mentioned in 7.2.4, this is deemed
more representative of the governmental policy-formulation process. Other timestep resolutions
considered remain consistent across training and all testing. More detailed numerical results and

analysis will be presented in the following section.
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Figure 7.5: Summary of time-step resolutions implemented at different levels for DRL agent training

and testing on the mobile microgrid model considered in this chapter.

7.4 Relative Performance Analysis

This section presents the results of mobile microgrid performance based on the policy-tools

formulated in 7.3.1. No benchmarking with inflexible designs is discussed here given the DRL based

solution was found to significantly outperform alternatives in 6.4, across all metrics evaluated.

Additionally, the results from 6.4.7 show that the flexible design is much better suited to capture

upside potential from policy realisations, further justifying the limited added value from such a

comparison. This is particularly true given baseline designs do not consider capacity adjustment

options. Accordingly, their stochastically optimal sizing is not relevant to the objectives of this

Chapter, as all decisions on energy system configuration are made at project start. Consequently, they

cannot be based on realizations of market support instruments over time, and would only be optimised

on their full uncertainty range, with limited applicability in practice.

In summary, the testing process detailed in Table 13 aims to systematically decompose the out-of-

sample performance of potential governmental nomadic energy policies under deep uncertainty

through a data-driven approach. A DRL-Flexibility analysis formulation is used to produce the

designs and strategies under different assumptions, with all decision-making based on a single and

generalised DNN parametrized policy. Nonetheless, the relative performance of the more specialized

ACER agent developed in Chapter 6 is also briefly discussed below, in relation to TEO.

7.4.1 Cost, Sustainability and Resilience

Even though this chapter is focused on achieving SDG7 for nomadic communities, it is essential to

also evaluate the economic feasibility, sustainability, and resilience of optimised energy system
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solutions, as these may be important limiting factors to their deployment in practice. They are
assessed as in Chapter 6, using the ENPC detailed in 6.2.1.6, the lifetime carbon equivalent emissions
detailed in 6.2.1.7, and the total unmet load detailed in 6.2.1.9. Their evaluation is captured in Figure
7.6, separated by each PC (or TE from Table 13). The impact of increased uncertainty is captured on
each metric, as the baseline (PCO) consistently presents the narrowest performance distribution
compared to all other PCs considered. Note again that PCs 1-4 represent renewable subsidies, electric

heating subsidies, feed-in-tariffs, and carbon credits — respectively.

Figure 7.6a suggests that all PCs can lead to a reduction in expected net present costs from the
baseline, with PC1 yielding the lowest average value, followed by PC2, PC3, and PC4, respectively.
PCs 1-4 capture Interestingly, PC2 presents the best economic upside potential, achieving the lowest
overall system costs in the tail of its distribution, as shown in Figure 7.6a. This is likely driven by
strong heating demand growth and/or limited electricity load evolution in selected scenarios, as well
as the larger uncertainty space considered compared to PC1. PC2 also performs best regarding system
sustainability, both in terms of expected value and upside potential, as shown in Figure 7.6b. Notably,
PC3 performs worse on average than PCO on this metric, and overall, similarly to the baseline

expected value on energy security, captured by Figure 7.6c.
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Figure 7.6: Multi-objective (a-c) evaluation of mobile and flexible energy system solutions deployed
under different PCs (using their respective testing environments) capturing their expected
performance under uncertainty outside of energy access metrics. The distribution of economic
feasibility is captured by the boxplots in (a), system sustainability in (b), and energy security in (c).
None that for (a-c) pictured above, the boxes represent the interquartile ranges under each PC for that
metric, while the whiskers show the Value at Gain (VaG) and Value at Risk (VaR), or the values at
the 95% and 5% percentiles of the performance distribution, respectively, over the testing scenarios
analysed under uncertainty. The mean or expected value for each metric is shown by the dotted

black line in each box, adopting the same colours as Figure 7.7 for consistency.

7.4.2 Energy Access Metrics

The energy access focus of this Chapter is captured by assessing the evolution of the most relevant
SDG7 indicators for a typical 18-ger community mobile energy system, using the same measurement
approach as the study by 3'¢. The results suggest that the PCs evaluated can significantly accelerate the
transition to nomadic energy access across several metrics. The best performing policy tools,
according to Figure 7.7, were PC1 for indicator 7.1.1*, PC2 for indicator 7.1.2*, PC1 for indicator
7.2, and PC3 for indicator 7.b.1. Over the study period, they generated impressive cumulative
percentage improvements (i.e., counterfactual progress detailed in 7.3.4) of 34.9%, 47.8%, 23.5%, and
32.4%, respectively. The results for access to clean heating stabilize at a value of approximately 94%
by 2032 for PC2, a great improvement compared to 81% several years later under PC0. The findings
on share of renewable energy consumption are closest across PCs, converging quickly to values in the
range of 90-95% (Figure 7.7¢). This is intuitive given we only investigated renewable based systems,
no dispatchable generators, and a limited load level, however, marks a significant improvement

compared to current levels.
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Figure 7.7: Performance of nomadic mobile energy supply system with the implementation of
different PCs under uncertainty on energy access metrics SDG7.1.1 (a), 7.1.2 (b.) 7.2 (¢) and 7.b.1
(d). The shaded area in between PCO (orange line) and the best performing policy tool (stated) for
each energy access metric (a)-(d) represents the cumulative percentage improvement generated by

that PC.
7.5 Computational Insights for Policy-tool Formulation
The results from Figure 7.6 and Figure 7.7 provide some interesting initial quantitative insights to
governmental or institutional policy-tool formulation objectives. The flexibility strategy developed by
the PPO agents seems to be reflective of the budgetary constraints faced by global migratory
communities, across all metrics evaluated in 7.4. More specifically, investment subsidies for
renewables (PC1) are found to outperform alternatives in terms of economic feasibility (Figure 7.6a)
and energy security/resilience (Figure 7.6c). Accordingly, PC1 is also most effective in term of energy
access (Figure 7.7a) and share of renewables consumption (Figure 7.7c). In fact, it generates the
greatest incentive to deploy renewable and BESS capacity within the microgrid, reducing reliance on
the unstable main grid. Electric heating (PC2), on the other hand, is best suited to address heat supply

decarbonisation and, in turn, access to clean heating (Figure 7.7b). The greatest policy impact was
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indeed observed for EH subsidies, as energy systems in TE2 begin deploying more capacity earlier on

in the project (Figure 7.7b).

Surprisingly, the highest renewable energy capacity per capita is achieved through feed-in-tariffs
(PC3) (Figure 7.7d). PC3 seems to incentivize nomadic communities to deploy more RE capacity as
they can sell excess generation at a premium, reducing total costs incurred for electrification in the
long-term. A basic analysis of PPO action selection in TE3 suggests a tendency to deploy lower BESS
capacities, prioritizing instead PP interactions with the main grid to capture potential profits from
feed-in-tariffs in place. Accordingly, systems deployed under PC3 can lead to reduced overall energy
security, driven by the uncertainty around grid availability, RE generation, and infrastructure
limitations. PC3 also leads to higher overall emissions, as reduced storage levels tend to result in the

need to purchase carbon intensive grid electricity or burn coal to meet heating demand.

Finally, the limited system sizes and low predicted prices of ETS make carbon credits (PC4) the
typically least effective incentive considered in this study, particularly in terms of energy access
metrics. This finding was not expected, given they are supposed to provide monetary incentives to
deploy RE, EH and BESS capacity to maximize total avoided emissions. In certain high growth
scenarios (i.e. cost > 2022 USD 55 by 2050), for instance, PC4 outperforms the alternatives on several
metrics from 7.4. Therefore, while presenting more uncertainty on if and when it may actually be
implemented, they may provide a more balanced approach to achieve the objectives targeted in this
Chapter. This is particularly true if the market develops faster than currently projected, perhaps as a

result of new emissions regulations.

Accordingly, the results for TE5 (defined in Table 13) are not shown here as they provide limited
insights on the policy formulation problem, even if closest to the training environment from 7.3.1.
Intuitively, they suggest that the best average performance can be achieved through a combination of
PCs 1-4. This is true for all the metrics assessed in Figure 7.6, given the important synergies among
them. For instance, RE subsidies incentivize capacity deployment as budget constraints become less
restrictive. Similarly, feed-in-tariffs provide a revenue stream to recoup these investments when
generation cannot be utilized. Combined, this can lead to a surplus in electricity production in many
months, which may in turn be used to power EH and reduce coal burning to meet heating demand.
Carbon credit revenues are then ultimately maximized based on the cumulative emissions reductions
from above. Ultimately, this leads to the best economic feasibility, sustainability, and resilience of the
mobile energy system considered across the testing scenarios evaluated. Nonetheless, the results for
TES present a larger distribution of performance than when a single policy-tool is available, driven by

the significantly greater combined uncertainty space guiding capacity adjustment decisions.

Nonetheless, a more advanced statistical decomposition of DRL-based energy system evolution under

different conditions could be performed to improve triggering signals for policy-tool deployment. The
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visualization techniques, decision rule generation, and design decision-support system detailed in 6.5,
in fact, offer some important potential avenues for improved acceptability by decision-makers. While
they were not performed in this Chapter to focus on the key policy-formulation contributions, the
approach from 6.5.2 could be adapted to look at metrics more relevant to market support instrument
implementation. These may include evaluating the distribution of capacity adjustment timings under
each PC, or action selection magnitude based on their uncertainty realization. Many other options
exist, and the analysis and selection process should be refined with relevant stakeholders. Ultimately,
this can aid in generating insights on how the energy transition may be achieved (and enhanced) under

each potential policy tool, or their combination.

Finally, the decomposed performance distributions obtained in the former sections suggest different
tools may be effective depending on targeted objectives and the level of uncertainty observed. The
similarity in the shapes of the curves shown in Figure 7.7 suggests a high level of generalizability for
the DRL decision making policy under different realizations of uncertainty. Modular deployment
strategies obtained are overall transferable across scenarios, although also dynamic enough to extract
added value out of different PCs across the SDG7 metrics considered. This suggests the DRL agent
can closely match generation capacity and demand, with the metrics for most PCs stabilising around
the midpoint of the project as a result of the flexibility strategies implemented. Notably, Tier 111
access to electricity can be achieved under any PC over the next 16 years using the proposed DRL
approach (Figure 7.7a). This result is very promising, suggesting that key SDG7 targets can indeed be
met in Mongolia within a reasonable timeframe, although the transition to energy access is
substantially accelerated in the presence of market support instruments. Furthermore, while this work
only explicitly targeted SDG7, there are likely to be positive externalities on several other metrics in

the Mongolian context. Their explicit assessment, however, was outside the scope of this Chapter.

7.6 Discussion
The analysis in 7.5 provided some general guidelines to evaluate which policy-tools tend to be most

effective on the metrics considered here from a governmental perspective. The consistent overarching
insight is that investment subsidies are generally very important for nomadic energy system policy-
tool formulation, particularly in light of the low-income of these communities. The uncertainty on
their actual implementation, however, must be reduced to capture the greatest value of them.
Generally, in fact, episodes resulting in high system costs seem to be linked to the PPO agent
expecting the materialization of some market support instruments in scenarios where this does not
happen. As a result, excessive capacity may be deployed for various technologies, assuming
investments will be recouped through the realization of one of the PCs considered here. Particularly
valuable may be a detailed sensitivity analysis to stochastic (or even deterministic) model assumptions
for key PC variables. This allows decision-makers to visualize the impact of implementing different

regulations to those defined in Table 12. Extending this to all stochastic model parameters could
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provide a deeper understanding on the impact of uncertainty and interactions among system

components.

A comparison between the DRL agents developed in 6.3 and 7.3 confirms tensions between
generalizability and expected performance through a data-driven approach. The generalised PPO
policy performance is remarkable given the ACER agent training took around 33% longer in terms of
wall-clock time, on the same number of training steps. Partly, this may be attributed to the improved
parallelization capabilities of PPO, where trajectories D;, (line 6 from Algorithm 4) are collected using
several vectorized environment initializations. Nonetheless, PPO resulted in slightly greater expected
costs than ACER in the absence of any energy policies. This is somewhat intuitive given the ACER
agent was more specialized to this testing environment, and consistent with trends observed in the
out-of-sample testing from 5.4.2, or results from the literature on other environments (see 2.3).
Interestingly, the generalised PPO agent assessed on TES (i.e. with the full policy-tool uncertainty
space) outperforms ACER on most of the metrics considered in this Chapter. While somewhat
unintuitive, this is driven by all policy-tools benefitting the energy transition. Under deep uncertainty,
however, this leads to a much broader performance distribution for PPO as compared to ACER, which
may introduce some concerns on acceptability. Accordingly, it is also possible to train one agent per
PC and likely improve specialized performance, but this kind of misses the motivation of this chapter
to capture the full impact of uncertainty on market support instruments in energy systems designs. If
more updated or certain information on actual PC development was available, however, this approach

could extract additional value out of flexibility strategies for nomadic energy policies.

The results from 7.4 and corresponding insights described in 7.5 and this section, it should be noted,
are completely contingent on implementing a DRL Flexibility Analysis approach to the planning of
future nomadic energy systems. As such, an important limitation of this work is that the targeted
nomads are assumed to completely follow the DRL agent suggestions for their long-term energy
system evolution. This may be unrealistic in light of difficult to quantify cultural or technological
factors, which may limit the adoption of the proposed approach in these highly traditional

communities.

Another important factor to consider in extensions of this work is the total cost incurred for
implementing each PC, evaluating the cost-effectiveness of achieving specific objectives.
Additionally, it is still not clear how exactly these costs would be financed by the parties involved. A
basic evaluation provided total costs of electrification for gers, although this was simply computed by
extrapolating the results from the 18-ger system considered to the entire nomadic community in
Mongolia. On the other hand, the costs for PCs 1-4 were also estimated by assuming they were
completely covered by the government. This estimation, however, was based on the uncertainty space

considered on the actual magnitude of market support instruments. In practice, the expense of
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implementing such programs could be explicitly calculated as set values for them would be held
constant over a pre-determined time period. Based on limited available data, therefore, a more
advanced analysis could not be included at the time of writing, although it could further align this

chapter with practical policy-formulation objectives.

7.7 Chapter Summary and Conclusions
This chapter is based on an extension of the policy-tool sensitivity analysis for mobile microgrid

systems in Mongolia introduced in 6.4.7. The contributions of this work are exemplified in several
ways. As a starting point, a novel computational framework is developed and implemented on the
case study of ger energy systems planning. As such, a very large PC uncertainty space was integrated
into the DRL-Flexibility Analysis formulation, with values changing significantly over project life.. A
highly generalised PPO agent was then trained on this environment, developing energy system
evolution strategies applicable across extremely varied scenarios. Additionally, a novel and more
comprehensive testing approach was developed to decompose the combined policy-tool performance
from the individual one. In summary, the results showed that all Mongolian SDG7 targets can be met
over the next 30-years, but only assuming energy system capacity adjustment decisions are made
through the proposed DRL-based approach. This is true under all PCs, which also show very
promising results on economic feasibility, sustainability, and energy security/resilience. The results
urge the importance of developing investment subsidies or carbon credits for financial and
sustainability objectives, while deploying feed-in tariffs for increased energy security and main grid
network stability. Most importantly, planning should be targeted at the community rather than single
household level, and decision-support systems used to inform mobility choices. A generic overview of
associated computational insights for policy-formulation was presented, although the same blueprint
and process as shown in Chapter 6 may also be implemented to further improve understanding of
DRL decision-making process in this context. Finally, this chapter presented an extensive discussion

on the performance of a specialized agent compared to a generalizable one.

The completely different perspective considered here as compared to Chapters 3-6 suggest that there
may be more applications of the approach developed in this thesis than originally thought. Essentially,
this chapter marks a shift from pure engineering systems design and planning to actual governmental
or institutional policy-tool formulation objectives. Other potential applications may be to inform
electricity network development or other centralised infrastructure investments. While not
components of the mobile microgrids targeted here, these factors can directly affect their feasibility
and performance through several synergies and interactions. This is highly relevant to global
migratory communities, where the many sources of uncertainty related to their energy access have

thus far limited a quantitative analysis on the impact of different institutional programs. In fact, this
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work diverges substantially from most previous studies on energy policy, which tend to use

deterministic projections, or a few select scenarios, in their analysis of market support instruments.

Based on these issues, it is essential to holistically consider the trade-offs involved between a
generalized and specialized DRL-based flexibility strategy, and respective policy-formulation
implications. Additionally, benchmarking these results compared to baseline rigid designs is likely to
further enhance understanding on the added value introduced by the methodology proposed in this
thesis. Overall, a generalized formulation seems more relevant and appropriate given the deep
uncertainty on policy-making across the world, however this may vary depending on the application
context. Furthermore, this is likely to result in a broader distribution of performance, which is not well
suited to risk-averse decision-makers. In light of this issue, in fact, a more systematic approach to
integrate risk-profiles into a DRL-flexibility analysis should be explored, with important implications

in regard to acceptability.
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Chapter 8

8 Risk-profile Integration

This chapter focuses on a key recurring issue for the acceptability of the DRL Flexibility Analysis
approach presented in this thesis, the integration of decision-makers risk profiles. It is, in essence,

based on the following question:

e RQS8: How can risk profiles be integrated through a DRL formulation in a more dynamic and

systematic way than currently possible with alternative methods?

This is particularly relevant due to the “black-box” nature of the optimisation procedure involved,

making it less likely for system operators to implement recommended flexibility strategies directly.

The above issue motivate the work in this chapter, as we look to essentially produce narrower
performance profiles, or optimise flexibility strategies from a risk-averse or risk-prone perspective
(compared to the risk-neutral one taken thus far). The high-level goal is to ultimately create more
certainty and acceptability around the results and outputs from DRL applications in engineering
systems. Developing appropriate metrics to estimate risk levels under uncertainty is essential to this,
particularly ones compatible with the policy optimisation procedures used. More specifically,
conditional value at risk (CVaR) is deemed most appropriate in this context, as further detailed below.
Distributional DRL is found to be the better approach to optimise this metric, and is applied to the
case study from Chapters 4. Results are compared to their respective risk-neutral implementations,

showing significant value for this approach, and computational expense considerations are discussed.

Alternative methods based on the objectives of this chapter were also explored through a research
placement in the Institute for Construction and Infrastructure Management at ETH Zurich, under the
supervision of Prof. Dr. Bryan T. Adey, and in primary collaboration with Orlando Garcia. This
research group is particularly well suited to complement the methodology developed in this thesis, as
they focus on improving the effectiveness and efficiency of infrastructure management process.
Logically, an important part of this is estimating risk and infrastructure performance under extreme
events, looking for ways to embed resilience into the system to easily restore operation. While
identified as an important consideration in earlier chapters, it has not yet been directly addressed in
this thesis. Many approaches were explored together for this purpose. Ultimately, scenario clustering
based on risk level provided important visualization capabilities to decision-makers. Accordingly, it
was used to train separate DRL policies based on the perceived risk-level, helping to address the
chapter objectives. This process was found to introduce additional trade-offs between generalizability

and performance in select scenarios. Unfortunately, due to personal reasons, the placement at ETH
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ended up being much shorter than planned. As a result, the proposed management technique is still
under development, and does not fit directly within the scope of this thesis. Nonetheless, the
placement still led to a collaboration on a journal paper presenting the proposed approach on a water
infrastructure management case study (not here). It is currently in the final stages of editing and will

be submitted shortly to the Journal of Infrastructure Asset Management?.

The full open source code to reproduce all results presented in this chapter can be accessed here?!”.

8.1 Introduction
Resilience in the context of engineering systems design and planning can be conceptualized as a

means to respond to realizations of different risks *23. The question of how best to address it has been
studied extensively, leading to varied definitions, frameworks, and measures in the literature®’-324327 —
making it difficult to determine the most appropriate ones for a specific application. The integration of
risk for the Flexibility in Design context considered here, in fact, seeks to capture a different objective
than for typical resilience engineering. This is usually based on reducing downside exposure under
uncertainty, as opposed to quickly restoring system functionality after disruptions. An important

commonality among them, however, is the inclusion of a sequential decision making strategy or

framework to be used during system operation as uncertain variables evolve.

Previous attempts to handle uncertainties and risks in resilience engineering have been typically based
on chance-constrained optimization®?®, robust optimization®?°, and variants of stochastic

330

programming?*°. The latter is the most commonly found?!>3*!, as it tends to be easier to solve and

332 Nonetheless, these

implement, while able to generate solutions tailored to the desired risk tolerance
methods present many of the same limitations as standard ones in Flexibility in Design, or
engineering systems planning under uncertainty — even if considering a risk-neutral objective®. For
example, they may rely on function linearization, path independence assumptions, a small number of
decision stages, or limited uncertainty recognition to obtain a tractable optimisation procedure. These

limitations and the motivations for exploring a data-driven methodology were further detailed in 2.1.

The DRL based approach presented in this thesis addresses many of these limitations, as shown by the
results from Chapters 4-7, but in its traditional form only seeks to optimize a risk-neutral objective.
As such, the work presented here builds upon the approaches developed for improved interpretability
of outputs in the previous Chapters (detailed in 4.5, 5.5, 6.5 and 7.5). Notably, some basic qualitative
approaches or heuristics were already introduced for the objectives of this Chapter in these sections.
For instance, these included ranking potential actions in terms of their overall investment risk to refine
DRL agent recommendations (as in 4.5.2). Alternatively, when using a stochastic policy, the
differences in action selection probability resulting from each state observation provide a more
quantitative approach to account for risk revels. A threshold could be set (or optimised) to determine

potential deviations from the DRL policy, and combined with a rank-order of expected investment
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risk per decision for final selection by system operators (as in 5.5.2). Finally, the decision-rule
generation from 6.5.2 provides novel and intuitive ways to estimate risk in action selection. For
instance, this could be based on distributions of expansion magnitude and timing under different

shortage levels or realizations of major uncertain variables, among others.

These initial approaches are a starting point to analyse risk in engineering systems design and
planning. They fail, however, to provide a data-driven and systematic method to dynamically
integrate changing risk preferences over time. Crucially, in fact, all DRL policies developed in the
former chapters were optimised for expected value, or simply the average performance. While the
VaR and VaG of solutions were evaluated, no implementation actually focused on improving
performance on the tail-ends its distribution. This point is especially important given the general trend
observed in methodological validation and extension stages of this thesis. Those results showed that
while the DRL approach outperformed alternative state of the art methods in terms of expected value,
its inherently greater decision-making flexibility yielded a broader distribution on evaluated metrics.
The fact that VaR was worse for the DRL based solution than with other Flexibility in Design

approaches in certain cases may be concerning in terms of applicability.

In fact, most of the historical algorithmic improvements in DRL have focused on maximizing mean
cumulative rewards across environment interactions. This approach is valid under most settings, as a
policy can be developed to determine decision-making under uncertainty through reward
maximization over a number of scenarios. Only modelling the expectation of return, however, fails to
properly account for agent performance in certain low-probability but high impact scenarios.
Similarly, it does not consider the wide range of variability in return of a selected action. These are
key concepts when considering risk-tolerance integration, as some decision-makers may prioritize

worst case scenarios over the expected value across all uncertainty realizations.

Returns and their likelihood of occurrence could instead be characterized through a probability
distribution in DRL given enough samples. The use of a return distribution was first popularised by
142 and motivated by the premise that it may provide a much deeper understanding of optimal agent
decision making as opposed to the single scalar value normally computed. This can be thought of as a
distributional perspective on DRL, exploiting information from the entire return distribution function.
It helps address non-stationary policies in the environment, and capture complex underlying
phenomena which may not be apparent through the state observation formulated®**. As such, a return
distribution is very useful to understand the aleatoric uncertainty (defined in 1.1) of environment
interactions, which is present in all the case studies evaluated in this thesis. Additionally, the use of a
return function captures the multimodality of value distributions, providing a broader spectrum of

insights as opposed to a scalar approximation, and improving stability during the learning process.
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Based on the above, distributional DRL has led to state of the art results on several benchmark tasks
through a risk-neutral objective in the past few years **. The majority of studies, however, have
focused on developing risk-adjusted agents which exploit the full information available from a
distributional perspective. As a result of the probability function, decision-making policies can be
optimised based on selected parts of the distribution, depending on their respective risk-tolerance.
This approach to develop risk-sensitive policies has already been shown to be effective on varied
environments, ranging from self-driving cars**, to managing electricity usage in a building*®, to

drone navigation®’ - among others.

Based on the above, the advantages of DRL-Flexibility analysis presented in this thesis can be
extended to the integration of risk-profiles for different engineering systems, more dynamically,

adaptively, and systematically than with alternative methods.

8.2 Background and Formulation

The core theory behind DRL is essentially that an agent should select actions based on environment
observations with the aim to maximize its expected return following a decision-making policy . As
detailed in 2.3.1, this value is traditionally captured through the Bellman equation (i.e. Q" (s, a) in
(2.4)). The random return in expectation Z™ (s, a) however, may also be expressed by the recursive
distributional Bellman equation, as shown in (8.1). This is also referred to as the value distribution,
analogous to the value function in classical RL***, The difference between the two is also graphically
captured by Figure 8.1, showing how Q™ outputs a single scalar value return, as opposed to the

probability distribution returned from a state-action pair in Z”.

77(s,a) = R(s,a) +yZ(s',a") (8.1)

Al']'ﬂ]mhilﬁ_‘.' AI’L'u-hnnhi]it_'r

Value function g™

Value distribution Z™

———————

Return Return
Classical RL Distributional RL

Figure 8.1: Visualization of difference between value function in classical RL and value distribution
in distributional RL
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Generally, distributional RL algorithms can be characterized by two distinctive features from classical
RL. Firstly, the parametrization approach used to approximately capture the random return
distribution, which typically is still within a DNN. Secondly, the distance metric (or loss function)
between two probability distributions for improving approximations over the learning process. These
are fundamentally based on the assumptions made about random returns and the granularity in

approximations required by the problem.

Categorical DQN, also referred to as C51, employs a discretized categorical distribution (with 51
equidistant atoms) to parametrize returns and minimizes the KL-divergence to the target distributional
Bellman projection '*2. As such, it assumes returns are bounded within a range known a priori, often
leading to overestimation of variance as a result. Nonetheless, it outperformed all previous DQN
improvements on the Atari suite. Following this initial work, QR-DQN was proposed to capture
return distributions when they are not able to be fixed in a known range®**. This algorithm implements
quantile regression to automatically adjust a discrete set of return quantiles by minimizing the
Wasserstein distance during value distribution updates. Implicit Quantile Networks (IQN) extends
these work by learning the full continuous quantile function, mapping probabilities to returns®’.
During training, it reparametrizes samples from a base distribution 7 (typically ~U([0,1])) to the
target distribution. This presents several advantages to earlier distributional RL agents, such as the
ability to control the approximation error, improved sample efficiency, stability, and final

performance.

Most importantly to the objectives of this chapter, however, it introduces the potential to formulate
risk-sensitive policies based on the estimated return distribution. IQN implements distortion risk-
measures based on expected utility theory, essentially shifting the cumulative probabilities of random
returns and accordingly learning a decision-making policy through an altered expectation®¥. Based a

distortion risk measure $:[0,1], where 1 is equivalent to risk neutrality, the distorted expectation Q™ P

of Z™ under said measure is defined according to (8.2). An approximated risk-sensitive policy can
then be found for K samples according to (8.3). Several distortion risk measures may be used to
develop risk adjusted policies, however conditional value at risk (CVaR) is most intuitive and easiest

to implement in practice**!

. CVaR has been extensively studied in the literature, particularly in
finance applications, where it is typically referred to as the expected shortfall. In essence, it changes
the distribution T~U([0,1]) to T~U ([0, @ ]) for IQN sampling. As shown in (8.4), it represents the
expected value of quantiles less than a, which can accordingly be used for action selection and policy
formulation. It can thus be used to differentiate between standard and risk-sensitive DRL as shown in
Figure 8.2. Intuitively, CVaR is the expected performance beyond an a cutoff point or confidence

level, where the closer « is to 0 the more focused on the tail end of the distribution (i.e. risk-

sensitive), while 1 represents risk-neutrality.
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Q"p(s,a) = Erey(o,11[Z"px) (5, @] (8.2)

1 K (8.3)
mg(s) = arg maxEZ Zg(z)(s,a)
a€A
k=1
CVaR o (Z™(s,a)) = Erey(o,alZ™ (s, a)] (8.4)

Standard vs Risk Sensitive DRL Distribution Focus

<= ()

CVaR(a) Expected (Mean) Value

Figure 8.2: Comparison of distribution focus for standard vs risk sensitive DRL, with shaded region
representing focus and return performance metrics used in risk sensitive DRL.

The IQN approach for estimating return distributions through sampling for quantile functions gives a
rich amount of information and allows the development of risk-aware policies in several creative
ways. This is a very new field and thus is constantly evolving, with a very up to date review of
potential algorithms available at ***. Nonetheless, one approach which is particularly interesting for
the objectives targeted in this chapter is Ensemble Quantile Networks (EQN)**2. The EQN agent
provides an estimate of both the epistemic o, and aleatoric g, uncertainty from a specific state
observation, based on the variance of returns and Q-values, respectively. The former exploits the
distribution obtained through IQN directly, while the latter trains an ensemble of DNNs in parallel on
different subsets of available data generated through a randomized prior function. Ultimately, this
results in the development of a piecewise policy as shown in (8.5). Accordingly, EQN allows decision
makers to determine whether to use the value maximizing policy if the risk level is deemed overall
low (i.e. confident), or to switch to a backup or safe (i.e. more risk-sensitive policy) otherwise. The
thresholds for this confidence level can be adjusted through stakeholder interactions based on project
specific features. Notably, however, EQN was developed for autonomous driving applications where
the development of a backup policy is more intuitive (i.e. stop before the intersection if possible).

Ton®=1(s) if confident (i.e. o,4,0, < treshold ) (8.5)

Tgon(s) =
ron(s) TRackup(S) (i.e. Ton*<* (s)) otherwise
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8.3 Distributional DRL Implementation

This section outline the development of risk-sensitive agents and compares the distribution of
performance to a risk-neutral one. Results are only shown for the proof-of-concept case study initially
tackled in Chapter 4 as it provides some better intuition on the trade-offs involved, which are harder
to capture and break down on higher dimensional environments with many variables. Accordingly,
the environment formulation that the results in this section are based on can be found in 4.3.1. Note
that while risk-profile integration is only shown for the garage case study, the same method could be
easily extended to the other environments — although this was outside the scope of this thesis. This
serves to introduce how a data-driven perspective can allow for more dynamic and systematic risk-
profile integration than with standard methods in Flexibility in Design. Further potential

improvements to these results are discussed later in this chapter.

8.3.1 Algorithmic Approach

Although many agents are being continuously developed with risk-sensitivity in mind, the IQN
method** is applied here as it is the foundational one which following ones have been built upon.
IQN approximates within a DNN the quantile function F; 1(t) := Z, of the random returns Z shown
in (8.1). During training, networks weights are updated to improve the estimation through quantile

regression, normally using two samples T and ' - sampled N and N' times respectively. The

distributional TD-error &, ' can thus be calculated as shown in (8.6), where a;, is determined
through the sample based estimate of the policy according to (8.3). The quantile Huber regression loss
Py for the same quantiles is then found as shown in (8.7) using threshold k, where L, is the generic
Huber loss defined in **. Finally, using a minibatch M of sampled experiences, the complete loss

function for IQN is computed according to (8.8).

8¢ = 1+ VZp (Searr Aar) — Zo (S, @) ®0
, , (57 (8.7)
pu(007) = e 1057 <0
L , (8.8)
_ L ‘L'i,‘L'j
Lign(6) = Ey N,ZZPk (515 )
=1 j=1

DNNss to capture the entire approximate return distribution for each action from each state are fully
connected MLPs with a cosine embedding, ReLU activation function, and two hidden layers with 64
neurons each. This was reported to achieve the best performance on the Atari domain in the initial
publication, and while some attempts were made to modify this architecture they were not recorded to

yield any significant improvements. The logical progression of the agent is very similar to that
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depicted in Figure 4.4, with the primary difference being the substitution of distribution Z™ as

opposed to scalar values from Q7, as depicted in Figure 8.1.

The simplified overview of the full training process is given in the pseudocode from Algorithm 5, as

applied to the garage case study from Chapter 4.

Algorithm 5: Implicit Quantile Networks (IQN) training process to develop risk sensitive policies applied to

infrastructure case study and environment detailed in Chapter 4, adapted from>*°.

1: | Initialize: Z network parameters 6, risk-sensitivity CVaR coefficient a, remaining hyperparameters (full
5 list given in 11.9), Y training episodes
3 for Y episodes do:
4 Initialize state observation randomly and select starting number of floors (f;;) based on initial policy
5. fort =1to T do:
Sample 74...7x ~U([0, @ ]) based on desired risk-sensitivity level distortion measure
6:
Determine action according to (8.3) or random ones depending on e-greedy sampling.
7:
Collect set of trajectories m by running policy m.y4g using a on the environment from 4.3.1
8:
Combine trajectories into experience minibatch M
9:
Update distributional network & with SGD minimization of L;oy from (8.8)
10:
End for
11:
End for
12:

8.3.2 Training and Testing

In order to gain a comprehensive understanding of IQN agent behaviour, it is implemented for three
different levels of risk sensitivity. This means training was conducted separately for a =

[0.25, 0.5, 1.0] respectively, where the latter is equivalent to a risk-neutral (RN) agent. Initially, even
more risk-sensitive agents were explored (i.e. & < 0.1), however empirical results found very limited
exploration of the decision-making space at these values. Accordingly, this resulted in very low
ENPVs for the environment simulations, comparable to those obtained with an inflexible baseline in
4.4. This suggested that for such high levels of risk-aversion a modular deployment approach did not
seek to capture sufficient upside potential, so more extensive training was conducted using the more

balanced agents.
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The IQN agents described in the former section are trained using a budget of 200,000 yearly decision
timesteps each, equivalent to 10,000 simulated full 20-year episodes. As performed on a standard
laptop Intel(R) Core(TM) 17-8665U CPU @ 1.90GHz, the complete training process for a single agent
takes approximately 2.5 hours. The computational expense of IQN creates an interesting trade-off
with improved sample efficiency for learning a policy compared to DQN. As such, a lower
computational budget was used than in Chapter 4, with the relative performance further discussed in
the following sections. Based on the same issues, none of the DQN augmentations used in 4.3.2 such
as prioritized experience replay, or dueling networks are implemented here. Limited hyperparameters

are optimised through Optuna using 20 experiments over 15,000 timesteps.

The complete learning curve for all three levels of risk-tolerance considered are shown in Figure 8.3.
They show an overall similar shape and reward evolution across risk-sensitivities evaluated, implying
the learning process is overall similar for the various IQN agents. As expected, however, the risk-
neutral agent achieves the best expected performance, followed by the medium risk aware agent (a =
0.5) and the highly risk-sensitive one (a = 0.25) respectively. The graphic also shows a lower
standard deviation among runs as risk-sensitivity increases, which can be attributed to the more

limited exploration of the environment decision-making space.

le7 Smoothed Risk-Aware Garage Training Curve

2.0 A

Episode Rewards

-1.5 — IQN Agenta =1
—— IQON Agenta = 0.5
—=2.0 A ION Agent a = 0.25
T T T
0 50k 100k 150k 200k

Number of Timesteps

Figure 8.3: Learning curve for IQN agent on garage case study using three different levels of risk

sensitivity.
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The training and testing process is otherwise as detailed in 4.3.3, and the timestep resolutions used in

this Chapter are summarised by Figure 8.4.

r ™

+Equivalent to one 20-year
simulation of system
lifecycle

+20 decision-time steps
(including year 0)

+One i.i.d. stochastic
demand scenario

Environment
Episode

—

-

+10,000 environment
episodes

»200,000 decision time
steps

*Separate training runs for
each « risk tolerance level
considered

S ‘ - o
e @ Training

DRL Agent

y

+2.000 environment
episodes (or 20-year i.i.d.
scenarios)

«40,000 decision time
steps

*Same testing scenarios
for all levels of risk-
sensitivity trained for

Figure 8.4: Summary of timestep resolutions across training and testing process used for risk-profile

integration on garage case study.

It should also be noted that the EQN approach, while promising from a theoretical and decision-

making intuition standpoint, was found to be excessive in terms of computational expense — hence

why it was not further pursued or presented here. In fact, training for the same number of timesteps

\

was found to take around 10-13 times the wall-clock period taken for IQN agents learning. This is due

to having to train several DNN ensembles in parallel to estimate epistemic and aleatoric uncertainty,

which while interesting, are not really necessary to develop a flexibility strategy. In fact, any of the

data-driven strategies developed throughout this thesis take these into account implicitly, and there are

other simpler techniques which may be employed for variance reduction objectives**

8.4 Relative Performance Analysis

8.4.1 Distributional DRL Agents

The trends from the results confirm the trade-offs involved between average return and risk-tolerance

which must be balanced by decision-makers. The distribution of performance on the same 2,000

testing scenarios for the agents trained as detailed in the former section is graphically captured by

Figure 8.5. The results suggest distributional DRL to be highly effective at integrating decision-

makers risk tolerance level when analysing flexibility in engineering systems design under

uncertainty. As the level of risk sensitivity is increased, the respective CDF seems to become

progressively narrower, with overall reduced variability in performance among scenarios. This is

highly promising to increase the acceptability of the proposed data-driven methodology as compared

to current approaches. Intuitively, the most risk-sensitive agents yield the worst overall expected

performance across the tested environment episodes — consistent with the learning process depicted in

Figure 8.3. More specifically, the ENPV was reduced by around 35% and 43% for the medium (a =
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0.5) and highly (a = 0.25) risk sensitive designs and flexibility strategies, respectively. In terms of
upside potential, both of them can be visually observed to perform significantly worse than the risk-
neutral agent. This is because the decision making policy is based on optimising the CVaR, thus does
not consider those unusually high demand scenarios when developing operating strategies.
Accordingly, however, the risk-sensitive designs substantially reduce downside exposure compared to
the risk neutral one. The VaR improves by 13% and 21% for the medium and highly risk-sensitive
designs. Both of them yielded very few instances of negative NPVs, which is likely to increase

acceptability for risk-averse decision-makers or investors.

CDF of Different IQN Agent Risk Sensitivities
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Figure 8.5: Cumulative distribution function showing expected performance of IQN agent with
different risk-tolerance levels on the garage case study across 2000 simulated scenarios. Vertical
dashed lines represent the ENPV for each agent.

8.4.2 Benchmarking against Standard Methods

Important improvements are also found compared to the other design solutions evaluated in Chapter 4
(with their results summarised by Table 4). The ENPV for the risk-neutral IQN implementation is
very competitive (~2% lower) with the one obtained through DDQN in 4.4.1. This is notable given
the non-distributional implementation used more than twice the training steps, even if wall-clock
training time was overall similar between them. IQN agent performance can also likely be enhanced if
augmented with any of the possible DQN variants. This suggest the value of approximating a return
distribution even for risk-neutral objectives, and is consistent with the trends recorded in the original

339

publication®”. Furthermore, the VaR is substantially greater for the risk-sensitive agents presented

here than for the standard DRL implementation, DP SAA, and Flexibility DRs - the key motivations
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originally driving the work in this Chapter. Nonetheless, the ENPV of the risk neutral optimised
designs via DP SAA and Flexibility DRs from 4.4.3 is greater than that obtained via the risk-sensitive
IQN agents depicted in Figure 8.5. This is driven by the same trade-offs between average return and
risk-tolerance which must be balanced by decision-makers. Finally, both risk-aware agents
outperform the inflexible baseline on VaR and ENPV- albeit less focused on capturing upside

potential.

8.5 Computational Insights for Risk-Tolerance Integration

8.5.1 Comparative Decision Rule Distribution
The policies developed by the IQN agents in this chapter can, as a starting point, be broken down into

the retroactive decision rule distribution as was done 4.5.2. Note, however, that this does not give any
direct insights into risk-tolerance integration, but rather serves to provide some initial intuition on how
the improved performance at the tail end of the distributions is achieved here. The plots are not

included again as they would be repetitive, albeit their key insights are briefly summarised below.

Firstly, the risk sensitive solutions are found to primarily deploy 1 or 2 levels in the zero stage
decision (as opposed to 2 or 3 in the risk-neutral one). This leads to an average rule of fo = 1.86 and
fo = 1.52 for the medium and highly risk-aware agents, respectively. Initial investments are thus
substantially lower than those obtained via standard DRL Flexibility Analysis (f¢ = 2.63), meaning
the designs in this section are more focused on a modular deployment strategy than economies of
scale. This already reduces project risk significantly, as capacity is truly deployed only if and when
needed — discounting capital costs into the future even if missing out on some potential revenues in
early years. Nonetheless, it should be noted that even more risk-sensitive DRL agents (not presented
here) did not really reduce this any further, even if great uncertainty is recognized in the environment
(see Figure 4.2). In fact, the demand model parameters used mean going much lower would
intuitively be suboptimal decision-making, as there is nearly always sufficient demand to fill up the

capacity provided by one or two floors even in starting years.

The number of years with demand greater than capacity before expansion also intuitively suggest the
development of more risk-sensitive policies through a distributional perspective. Usually, demand
exceeds capacity for two or three years before proceeding with expansion decisions. As a result, an
average rule of d,, = 1.97 and d,. = 2. 35 are recorded for the medium and highly risk-aware agents,
respectively. These are slightly higher than the value obtained with standard DRL (d,. = 1.76), as the
risk-sensitive flexibility strategy further ensures any built capacity will be consistently filled to reduce
downside exposure. A greater difference was initially expected in this regard, however this is likely
correlated to the fact that lower capacities are built in the zero stage decision for the risk-sensitive

agents. Accordingly, they rely more on modular deployment to capture uncertain demand realizations,
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meaning there is likely to be more total expansion decisions within a single simulated scenario.
Nonetheless, waiting longer before triggering system flexibility results in a reduced ability to capture
upside potential, as there is more consistently several years with unmet demand (and thus potential

revenues not collected).

These findings are further supported by the results for capacity adjustment magnitude on expansion
years. Average rules of f; = 1.35 and f; = 1.21 are recorded for the medium and highly risk-aware
agents, respectively. The reduction from the standard DRL strategy (f; = 1.67) is mainly driven by
the risk-sensitive agents never expanding capacity by three floors to minimize investment risk — and
as such less suited to capture revenues in rapidly rising demand profiles. Nonetheless, expansion by

one floor was the most commonly selected action across all levels of risk-sensitivity considered.

The distribution of expansion timing is also aligned with the trends above and reduces the likelihood
of overbuilding. In fact, flexibility strategies are very rarely triggered past year 15 for the risk-
sensitive agents as it becomes increasingly difficult to consistently recoup capital investments made
under uncertainty. This contrasts to the standard DRL agent which presented some probabilities of

expansion even up to year 19, albeit reducing gradually past year 12, as shown in Figure 4.11.

8.5.2 Quantile Function Visualization

One of the most important contributions of a distributional perspective towards acceptability of the
proposed approach is the improved visualization ability for decision-making. In fact, rather than
simply providing an expected value for each action in each state, an entire return distribution becomes
available. This helps give some intuition on the potential risk-level of each action, and refine DRL
agent action selection to decision-makers risk-tolerance during system operation. The general logic is
captured by Figure 8.6, showing estimated returns at different points in the project for the medium
risk-sensitive agent (o = 0.5) only. The graphic points to the rich information gained by the
distributional approach, where if looking at different quantiles different actions are optimal as the
curves cross over each other. It also suggests how these distributions are adapted based on state
observations, with substantially different shapes and suggestions output over time for the same
scenario. In fact, if the risk-tolerance for an engineering system changes over time, these may be used
to inform decision-makers of potential deviations from the trained policy to better suit their
preferences. Furthermore, these could be visualized as they evolve across a single environment
episode through a GIF format, improving the intuition behind these methods. This would be
particularly useful in a design-decision support tool built around the proposed data-driven approach,

for instance as introduced in 6.5.3.
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Figure 8.6: Example quantile functions at year 1 (a), year 20 (b), year 5 (c) and year 15 (d) showing
the estimated returns (y-axis) for each quantile (x-axis) in a single stochastic scenario.

It is important to note in this context that, to maintain reasonable computational expense, only 6
samples (N and N’ from Algorithm 5) were used to update the return distribution via quantile
regression in each timestep. This was found to yield a good risk-sensitive performance while leading
to a similar training time as the standard DRL method, as overall this is an engineering systems design
and planning problem with a relatively low level of risk. In applications where the perceived risk level
or uncertainty is higher (for instance the environments tackled in 5.3.1, 6.3.1, or 7.3.1), however, the
number of samples could be increased to obtain a more granular representation of the return
distribution. This choice could be adapted based on decision-makers preferences and project specific
factors. In fact, increasing the computational budget in early design stages is ultimately a minor
limitation in real-world projects - where this may result in differences in expected value in the range

of millions of dollars, if not more.
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8.6 Chapter Summary and Conclusions

This chapter focused on enhancing the acceptability of DRL Flexibility Analysis in practice by
providing a dynamic and systematic approach to integrate decision-makers risk-profiles into the
policy optimisation process. Distributional DRL, and in particular the IQN algorithm, was at the core
of these results, where an entire return distribution is obtained for each action from each state
observation as opposed to a single scalar value. The increased data allowed the formulation of a
medium and highly risk-sensitive policy, showing very promising results in terms of VaR for the
infrastructure design case study originally introduced in Chapter 4. As expected, some important
trade-offs were recorded among risk-sensitivity and expected performance, which allow the tailoring
of the proposed approach to different kinds of decision-makers. A comparative decision-rule
distribution provided some valuable intuition on how strategies differed based on optimised risk-
awareness. Quantile plot visualizations serve to further improve the acceptability of these methods
and give a general blueprint for how they may be integrated into a decision-support tool in order to

adaptively tailor decision-making to the perceived level of uncertainty.

There are several avenues for extending the work presented in this chapter. Firstly, application to
higher dimensional case studies should be considered, keeping in mind that computational tractability
was one of the original motivations for the DRL-based approach presented in this thesis. A broader
spectrum of risk-tolerances could be evaluated, yielding a finer differentiation in decision-making
among them. Importantly, ways to implement a distributional approach with policy-gradient based
agents should be explored, as their advantages compared to value based ones discussed in earlier
chapters still hold here. This could work very nicely by substituting the value function for the value
return distribution function in the critic component of actor-critic algorithms, improving performance
for both risk-neutral and risk-aware agents. Finally, while unable to be presented here due to time
limitations, an alternative approach based on scenario clustering and training separate DRL agents for
each estimated risk level (not using a distributional perspective) is also likely to be valuable. Such a
method would aid decision-makers in better understanding the risk-level associated with a project and
flexibility strategy, which can be very intuitive to non-domain practitioners. Nonetheless, this would
be more focused on the infrastructure management point of view, as distributional DRL is deemed to

provide more robust and data-driven avenue to deal with risk-sensitivity under uncertainty.
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Chapter 9

9 Conclusions and Research Outlooks

9.1 Summary of Contributions
In conclusion, this thesis was successful in achieving its overall objective of developing a data-driven

approach to analyse flexibility in engineering systems design under uncertainty. A generic framework
for ways in which ML techniques may augment state of the art Flexibility in Design was proposed in
Chapter 3, exploring a number of different applications. The greatest potential was recognized in the
concept generation and design space exploration phases. Accordingly, Deep Reinforcement Learning
Flexibility Analysis was developed, addressing many of the limitations of currently used approaches,
while presenting important parallels with existing methods. The power of neural network function
approximation in sequential decision making problems under many sources of uncertainty was found
to be very valuable to the targeted objectives. More specifically, it allows for the development of
flexibility strategies which recognize a much greater degree of uncertainty than alternative methods,
as well as an overall deeper exploration of the design and decision-making space. Furthermore, this
thesis showed a natural progression to progressively more complex application case studies, with

Figure 9.1 highlighting the relevant computational expense and dimensionality considerations.

N
eCase Study: 4 actions, 2 observations, 1 stochastic variable, 20 year project

sTraining budget/ Computational expense: 500,000 yearly timesteps, 1.5 hours
Chapter 4 g budget/ Comp p yearly p

eCase Study: 6 actions, 12 observations, 6 stochastic variables, 15 year project
*Training budget/ Computational expense: 1/1.5 Million yearly timesteps, 2/3 hours

eCase Study: 12 actions, 16 observations, 10 stochastic variables, 30 year project
*Training budget/ Computational expense:72 Million monthly timesteps, 9 hours

Chapter 6

eCase Study: 12 actions, 20 observations, 14 stochastic variables, 30 year project
*Training budget/ Computational expense:72 Million monthly timesteps, 6 hours

€€

Figure 9.1: Summary of complexity and computational expense progression followed in this thesis.
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The proposed approach was first validated on a simpler proof of concept case study of an
infrastructure system which is used to teach the ideas around Flexibility in Design. The results
presented in Chapter 4 demonstrated the potential of the proposed methodology, justifying an
expansion to a more complex case study to further explore its potential contributions in Chapter 5.
Here, a deeper analysis of the proposed approach was performed, looking at increasing decision-
making flexibility from that considered with alternative methods. The initial objectives for the thesis
were further met through the work in Chapter 6, as DRL Flexibility analysis allowed the first ever
design and planning of a mobile microgrid targeted at global nomadic communities. This represented
a case study whose dimensionality could not be tackled with standard methods, highlighting the
contributions of the proposed approach to general engineering systems planning. In Chapter 7, a
governmental policy-tool formulation perspective was taken (as opposed to system operators or
designers in the previous chapters). This served to highlight how a data-driven perspective allows for
the systematic consideration of uncertainty on market support instruments, and its impact on both
optimal energy system configurations and creation of policy-tools based on targeted objectives.
Finally, Chapter 8 presented a dynamic approach to integrate decision-makers risk profiles into the
development of DRL based flexibility strategies, increasing their acceptability across various

application contexts.

Based on the above, this research provides a significant contribution to the field of Flexibility in
Design, and to general engineering systems planning under uncertainty. Several avenues for
improving interpretability and acceptability are presented, providing an important contribution to the
practical implementation of DRL models in general. The following subsections provide a more

detailed overview of the most important conclusions from this thesis.

9.2 Trade-offs with Alternative Methods

The primary motivations for the work presented here were that a data-driven approach may allow a
deeper exploration of the potential flexibility strategy space and the consideration of more sources of
uncertainty and decision-making possibilities than with alternatives. The general DRL Flexibility
Analysis methodology was defined for these objectives in Chapter 3, aiming to obtain better
performing design solutions under uncertainty, and forming the primary focus of the thesis. The
proposed approach was then validated on a proof-of-concept case study in Chapter 4, which is
typically used to teach the ideas around Flexibility in Design, and has been extensively studied in the
literature. Accordingly, the most extensive benchmarking with alternative methods was presented on
this case study. The expected performance of DRL based solutions was compared to stochastically
optimal inflexible baselines, DP, and flexibility decision-rules — representing the state-of-the art in the
field. The results were highly promising, showing improved expected value under uncertainty was
achieved through a more dynamic solution than possible with other approaches. As the thesis moved

to methodological expansion (Chapter 5) and maturation (Chapter 6), the case studies tackled were
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progressively more dimensional. As several sources of uncertainty and flexibility enablers were
considered, benchmarking DRL solutions with standard methods became computationally intractable.
This was a very important contribution as it allowed the optimisation of design problems more
realistic to the actual encountered conditions. Given the lack of extensive benchmarking with other
flexible solutions, however, the trade-offs necessarily had to be evaluated more qualitatively than in
the validation phase. Nonetheless, design solutions developed through the proposed approach were
found to outperform rigid baselines in all cases considered, highlighting the value of explicitly

considering flexibility under the many sources of uncertainty impacting our society.

In terms of expected performance of design solutions under uncertainty, the results throughout this
thesis suggest the proposed DRL based approach can consistently yield improvements from
alternative methods. More specifically, when evaluating on the same subset of scenarios as optimised
for, strategies can outperform those obtained with dynamic programming based methods or flexibility
decision-rules. Solutions found were also shown to be more generalizable than with standard methods
through several out-of-sample testing approaches, which can be attributed to the power of neural
network function approximation. This is a crucial finding in light of the limited certainty of
projections made in early design stages, encouraging engineering system designers in several fields to
implement a data-driven perspective to planning and sizing. Furthermore, the computational expense
using DRL was generally comparable (or even reduced) to alternatives, showing it is practical to
apply it in real world conditions. This is particularly true when dealing with large capital investment
projects, where even marginal improvements by a few percentage points can lead to increased value
in the range of millions of dollars, if not more, depending on the system at hand. It should be noted,
however, that as the decision-making flexibility was increased, so was the variability in performance
across scenarios. This is intuitive as more options inherently make it more likely to select the wrong
decision in highly stochastic environments. Nonetheless, the risk-profile integration approach
presented in Chapter 8 addresses these concerns, and highlights the balance between average and

worst case performance (i.e. VaR) which must be determined by engineering system designers.

The improvements in expected performance, however, sacrifice interpretability and acceptability to a
certain degree. This is a finding that is true across all “black-box” optimisation techniques
implemented in Al or ML, hence why they have not been yet applied in a lot of industrial settings. In
the Flexibility in Design field, these trade-offs are particularly evident against flexibility decision-
rules, which provide readily usable guidelines and triggering signals to exercise strategies during
operation. Dynamic programming based methods, on the other hand, are well accepted in industry due
to their global optimum convergence guarantees, but actually do not provide better interpretability
than DRL based solutions. In fact, they share the same mathematical and theoretical foundation, but if
uncertainty realizations deviate from the scenarios used during optimisation, the solutions do not

generalize nearly as well as DRL Flexibility analysis ones. Furthermore, several avenues for
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improving interpretability and acceptability were explored throughout this thesis, helping address
some of these limitations. These were primarily based on advanced data-visualization to allow
decision-makers to easily understand the logic behind DRL agent actions. Comparison to optimised
predefined flexibility decision rules were used as a starting point due to the methodological
similarities. Policy-gradient based methods then allowed visualization of action selection
probabilities, and how actual state observations may be used during system operation to dynamically
recommend strategies. Contributing to concept generation, the retroactive analysis of novel
unintuitive strategies through advanced statistical decomposition of decision-making under different
conditions was also shown. Furthermore, an initial prototype for a design-decision support system
around the proposed approach was presented, which should make the findings more accessible to all
sorts of system operators. Finally, the dynamic risk-profile integration potential shown in Chapter 8

marks a significant improvement to alternatives, helping increase acceptability in practice.

9.3 Summary of Limitations

As discussed in the former section, while there are some trade-offs to be considered with alternative
methods, the results from this thesis suggest the proposed approach is superior under most metrics or
evaluation criteria. One issue which has not yet been considered, however, is the simplicity of
formulation within the proposed framework to non-domain practitioners. The results presented were
based on a very extensive deep-dive into the field over 4 years, and most of them took many iterations
to reach the performance presented here. In contrast, other Flexibility in Design approaches have been
extensively studied and documented in the literature, thus providing an easier roadmap for non-
domain practitioners to reproduce their performance. Creating the representative environment, for
instance, was found to be significantly more complex than simply coding a mathematical model. This
is because choices made during environment crafting can significantly affect training simplicity,

learning stability, and final agent performance due to several important design choices.

The most important one is arguably reward metric formulation, as this is the primary feedback signal
guiding DRL policy optimisation, akin to the objective function in alternative methods. All of the case
studies presented in this thesis ultimately used economic based rewards, as they were deemed more
representative of actual decision-makers objectives and financial realities. A simplistic approach of
reward penalties were used to allow the DRL agents to implicitly learn the form of constraints. This
worked well in the final implementations presented here, however took significant iterations to
balance exploration vs exploitation of the decision-making space. Too large a penalty, in fact, was
found to excessively hinder exploration and lead to significantly sub-optimal policies. A value too
small, on the other hand, yielded agents more focused on exploitation, which would as a result tend to
violate constraints more than acceptable in practice. Accordingly, no general conclusions could be

drawn on this regard, and the final ones were found through empirical testing.
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Similarly, the power of neural network function approximation introduced the consideration of several
potential timestep resolutions for the same design problem. This different significantly from
alternatives, where the number of decision-stages has to be limited to maintain computational
tractability. Overall, this produced a trade-off between dynamicity of the developed policy and ease of
training. For instance, monthly resolution was used for decision-making in the mobile microgrid case
study from Chapter 6 and Chapter 7 to capture seasonal factors, while Chapters 4 and 5 implemented
a yearly one. The impact of changing this is significant, as using a finer timestep resolution was found
to generally improve solution performance as it can adapt engineering system configuration more
dynamically to realized uncertainties. On the other hand, training becomes significantly more
computationally intensive as the horizon increases, necessitating better differentiation between states

to determine optimal action selecting.

The creation of the observation and action space presented many of the same complexities. In terms of
observation, it is deemed important to only include variables which are representative and informative
of engineering system condition. An excessive number of state features which are not really necessary
for decision-makers was in practice found to lead to policies which assumed correlations which
weren’t there, as well as increasing the computational budget required for learning. On the contrary,
omitting certain key variables from the state vector can lead to crucial interactions not being
accounted for by the agent, and thus sub-optimal decision making over time and uncertainty.
Similarly, the action space created should be representative of flexibility enablers to respond to
stochastic realizations of key variables. Increasing dimensionality of the decision-making space
corresponds to enhanced complexity in training, thus it ought to be done only in cases where
additional options can improve expected value for the targeted engineering system. In environments
where this is not necessarily intuitive a priori, therefore, the action space should be iteratively refined.
This refinement can be based on empirical evaluations of training performance, starting with all
decision-making possibilities, and progressively masking them to yield the appropriate balance

between dynamic flexibility strategies and practical considerations.

There are also hundreds of potential DRL agent variants which can be used for developing policies
under uncertainty, and the choice among them is not straightforward. In fact, state-of-the art results
have been achieved through several different algorithms in the benchmark domain typically assessed
in DRL literature. Generally, in the context of analysing flexibility for engineering systems, policy-
gradient based methods were found to be superior to value-based ones. This was driven by their
enhanced ability to handle high dimensional environments, as well as the possibility to develop
stochastic policies which are better suited to decision-making under deep uncertainty. Nonetheless,
approaches maintaining an explicit value function representation present several key advantages,
namely training stability or interpretability in practice. Overall, therefore, algorithm selection

introduces trade-offs between sample complexity, wall-clock training time, and expected performance
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— among others. As such, there is no overarching optimal agent to be implemented, and it must be
determined based on environment dimensionality, uncertainty recognition, and decision-makers risk
tolerances. The approach taken in this thesis, which is suggested for future works implementing DRL
Flexibility Analysis, is to gain some initial intuition on which class of methods is best suited to a
particular problem by starting with open-source DRL agent libraries. These allow for fast prototyping
and experimentation in the initial phases, helping to shortlist the best candidates. Following this,
however, it is deemed important to actually code the agents from scratch in order to understand the

logic behind them, and have more freedom on potential modifications to the original implementations.

Finally, reproducibility of results is highly sensitive to both neural network architectures and
hyperparameters used for optimisation. Aiming to yield a more consistent and intuitive solution
procedure, fully connected MLPs were implemented for all case studies presented in this thesis. While
their depths and number of neurons in each layer were adapted based on problem space complexity,
better performance was sometimes found using alternative architectures. In fact, the most famous
DRL implementations used in industry at the moment use much more complex architectures, and
explore different activation functions for different objectives. Furthermore, hyperparameter
performance is highly correlated with the network architecture whose parameters they seek to
optimise. While the Optuna package provided a straightforward approach to hyperparameter
optimisation, the ranges considered still had to be manually set to maintain computational tractability.
This introduces the potential for human bias or error, and some intuition on both environment nature

and algorithms logic is essential to tune the potential hyperparameter space efficiently.

9.4 Direction for Future Research
As the work presented in this thesis has contributed to the development of a completely novel
approach for the design and planning of engineering systems under uncertainty, several potentially

valuable research outlooks have been introduced.

Firstly, an important motivation for a Flexibility in Design approach is that it may be a unifying
paradigm for sustainability and resilience. These were explicitly evaluated in Chapters 6 and 7,
confirming the validity of this paradigm in practice, but the right way to balance competing objectives
could not be conclusively determined. In fact, the reward functions considered were purely financial
across all case studies analysed in this thesis. Future work could look at multi-objective formulations
to explicitly optimise all three objectives, and evaluate what additional gains may be made on
sustainability and resilience metrics when directly integrated into the reward signals. This may be as
simple as using a cost factor in the reward function to convert all metrics into monetary units, with
their weights assigned based on decision-makers priorities. Additionally, separate neural network
parametrized policies may be developed targeted at each objective, and implemented at different

points during system operation based on realized uncertainties and system performance.
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A library in Python could be developed specifically for DRL flexibility analysis, helping reduce some
of the domain expertise requirements discussed in this section. This could for instance, automatically
convert a mathematical model to an OpenAl gym environment to provide a starting point for analysis.
This initial environment would likely still need to be iterated upon due to the importance of its
formulation on the performance of the proposed approach, but could help facilitate experimentation
with DRL to system designers not familiar with the field. The resulting improved simplicity would
help make the novel method more accessible to engineering system designers and planners which
currently employ standard methods. In turn, this would aid in recognizing its added value across a
wide range of potential applications. Furthermore, such a package could be used to produce some
initial recommendations for algorithm selection based on environment formulation, as well as any
exogenous computational constraints. Similarly, it could allow for the streamlining of testing the
performance of alternative and more complex neural network architectures, which may be better
suited to approximate flexibility strategies for different problems. This could be extended to
hyperparameter optimisation, providing a “one-stop-shop” to address the primary complexities

associated with the proposed approach.

There are also several promising avenues for further enhancing the interpretability and acceptability
of DRL Flexibility Analysis. The development of a generic graphical user interface (GUI) as part of a
design-decision support system is of high priority. Such an approach would further extend the
accessibility of the developed method even to users who are not familiar with Python or coding. The
GUI could be used to visualize the logic behind implementing different flexibility strategies as
uncertainty is resolved over time. This could be based on advanced statistical decomposition of
implicit decision rules used, as well as more complex methods such as PCA to determine the most
impactful variables and features in a data-driven manner. Furthermore, a GUI would allow for direct
interactions with users to elicit their risk-tolerances and integrate them into the policy optimisation
process more systematically. This is important as most users would not be able to simply quantify
their risk-sensitivity between 0 and 1 as was done in Chapter 8. Different prompting techniques or
decision-making scenarios may be used for this, although more advanced approaches should also be
explored. Finally, if any assumptions or stochastic model parameters change during system operation,
the GUI could be used to easily keep track of them over time. This could include, but not limited to,
the development of novel market support instruments or uncertainties which necessarily change the
optimality of the solution. Accordingly, the DRL agent policy could be easily updated based on these

changing parameters, dynamically adapting decision-making based on realised conditions.

In summary, while there are several promising avenues for future work, this thesis provided a very
important methodological contribution to analysing flexibility in engineering systems design under
uncertainty. The majority of future work, therefore, would be focused on improving interpretability,

accessibility, and acceptability to maximize its contributions in real-world system operation.
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11 Appendix

11.1 Appendix I: Model assumptions for infrastructure chapter 4 case study

Model Parameters and Assumptions for Garage case study from Chapter 4

12%

0
Odemand 15%

Dy 750/spaces/year
Dy 1750/spaces/year

USD 1000 /space
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Cr USD 2000/space/year

o USD 3600000/year
Co USD 16000/space
Ip 10% / year

fmax 9 floors
o 1000
B 0.15

11.2 Appendix II: Hyperparameters used for DDQN agent training in chapter 4.

DDQN Agent Hyperparameters Optimized via Optuna (not stated in Chapter 4)

n 0.000003 Buffer size 100,000
A 0.99 Exploration fraction 0.7
Exploration initial € 1.0 Exploration final € 0.1
Batch size 32 Learning starts 10000
T 500 Qpg 0.6
€pE 0.35 Memory sampling Every 4 steps

11.3 Appendix III: Model assumptions for WTE case study from chapter 5

Table 14: Assumptions and parameters used in WTE model. All values are taken from the study by
Cardin and Hu for benchmarking purposes [40].

Parameters  Definition Assumptions Comments and Source
unit cost for disposin This is the dispose cost which should be
Cais . posing S$77 /ton paid by AD plants to dispose of
residues . L . 344
residues in incineration plants °**.
hicl ity fi
Cap, velcle capacliy tor 25 tonnes
collecting wastes per trip
The price of diesel fuel is S$ 1.625 in
unit cost for fuel Singapore **. It is assumed one liter of
C . 0.4/km .
Juel consumption 850.4/ diesel fuel can last for 4km of travel
distance.
distance for collecting It is assumed that the distances for
t wastes within sector i collecting waste within the 6 sectors are
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distance for transporting
Drrl wastes from sector i to
the main sector
amount of recycled food
dt(d}) wastes at year t (in
sector i)
Eg electricity generation rate
p unit tipping fee for food
to wastes
p unit selling price for
€ electricity
K Coefficient parameter for
cost function
a economies of scale factor
unit land rental fee for
p the installed capacity
5 residues rate for food
wastes
qQ purity rate for food
wastes
T lifecycle period
A discount rate

Okm, 20km,
25km, 29km,
36km, 40km

274 tpd
(ton per day)

230 kwh/ton

S$65 /ton

S$0.27/kwh
305,288
0.8

S$816/tpd

5%

70%

15
8%

the same. This distance is assumed
based on Google map

0 km represents the transporting
distance of the main site. It is assumed
that no additional effort is required to
transporting the wastes to the main site
if the wastes are collected within the
main site. The rest numbers are
represented as the distances from other
sectors to the main site and are assumed
based on Google map.

The total recycled food wastes in
Singapore in 2013 is 100,000 tonnes 3.

It is assumed that the biogas generation
rate is 150 m?/t 7. The electricity
conversion rate is 35% and only 80% of
the generated electricity can be sold to
power grid 3.

It is assumed to be slightly lower than
Cg4is to encourage organic waste
separation

It is estimated based on the Singapore
electricity tariff in 2013 3%,

It is estimated based on the real data
from 3. Detailed analysis can be found
in '%. A reasonable range of economies
of scale factor is 0.6 to 1.0.

It is generated based on .

The residues rate for incineration
technology is 10% in Singapore ***. The
resides rate for AD is assumed to be
less than 10% since it has high
efficiency *'.

In Singapore, the food wastes from
industrial and commercial areas have
about 30%-40% impurities ®

Long-term lifecycle period

A general discounted rate

11.4 Appendix IV: Hyperparameters used for TRPO agent training in chapter 5

TRPO Agent Hyperparameters Optimized via Optuna (not stated in Chapter 5)

n 0.000003

Timesteps per batch

1024
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A 0.99 pmax 0.1

Lam 0.97 Conjugate gradient iterations 20
Entropy coefficient 0.03 Conjugate gradient damping 0.023
factor
Value function step 0.000027 Value function iterations 5
size
€pg 0.35 Memory sampling Every 4 steps

11.5 Appendix V: Detailed mathematical formulation of power flow model from
chapter 6 (Note that equation numbering is separate from main text)

nt _ n,t nt
PNEL =ED - Pres

nt _ n,t n,t
Pres - Pwind,adj + va,adj

nt _ nt nt _ pnt
PLoad,Net =HD + ED Pres

nt _ : nt nt _ n,t nt
PHD,eh,res - mln(HD , Peh,max , PED,Load,Net ) ) PNEL < 0
nt _ nt _ n,t
PNHL = HD eh,res
nt _ pnt _ nt _ nt nt pnt
Pres,PL - Pres PHD,eh,res PNEL > PED,Load,Net ’ PHD,Load,Net <0

n € [Ny,,N5,N3,..Nyl, Vn,t

n,t _ nnt
Pba, out max Qba Cout

nt _ anty
Pba,in,max - gba Cln
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n,t nt
_mln( baoutmax'PNEL ) Pyp, " =0
n,t
mln( ba out,max’ P D Load,Net Pres PL’ PED ,Load,Net <0; PHD Load,Net

n,t
mln( ba inmax’ Pres PL Pres PL = =0; PHD Load,Net’ PED,Load,Net

L t—-1
Elzla - En + Nba +Ebanew

b t-1 't
El?a - En + Pbrtl Nba +Ebanew

ul,PB —

nt n,t n,t
Pn.t {PLoad,Net - (Eba ~ Y“pa ,min/’ PLoad,Net =

0 otherwise

nt _ nt _ nt
PHD Load,Net,PB — = HD Peh,res Peh,batt

t — E
PHD,Load,Net,PB,ES - PHD Load,Net,PB
nenN

n,t nt nt
Py = min(P, resPL By ,0) By =0

. n,t
n eNdeficit : Peg <0

. n,t
n e Nsurplus : Peg >0

t — n,t
P ul,es — z Pul,PB + P DLoad Net,PB
n € Ngeficit
t —
Puel,es,bpp - Z Pul PB
Nn € Ngeficit

t — n,t
Peg,es = Z Peg

N € Nsurplus

t — : t t t t
Pdist,es - mln( Pul.eSJ Peg,es: HPng' Pdist,es,max)
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5.0 < Plist os < 0.3 (EDES)

t
L tn ch
dist - N
t
Pt'n _ Pdist,es
dist — N
tn
gin  — Pevlaisc”
distref — Acb
cs

tn _ tn _
Rdist,actual - Rdist,ref[1 + acopper (Tactual Tref)]

t tn tn 2
Pdl,es - Z 3Rdist,actualldist

nenN

tn
It,n _ Pdist
dist — Vt,n
dist

t — pt t
Pres,exc,pp - Peg,es - Pdist,es

t — t t t
Puel,es,ppp — Tueles,bpp — (Pdist,es - Pdl,es)
Pay
04) — _anes
DL (%) = 100 —
dist,es
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11.6 Appendix VI: Model assumptions and parameters for Mongolian mobile
micro-grids case study from chapter 6

Please refer to the nomenclature table presented at the beginning of this thesis for the definition and

respective reference for each of these variables/ parameters.

Table 15: Parameters and assumptions used to build model in chapter 6.

Technical Parameters and Values/Ranges

T 30 years / 360 months
A 5%

Niny ~ 90%

Nbatt 75%

Ncoal stove 25%
Lot  14.6 MI/kg

Agsep 1.5 mm?
oy 1.678x10% Qm
T  20°C
(epaq; 0.393 %/ °C
EF,q  0.711tCOs eq/ MWh
EF.pq1 1.37tCOzeq./ 1000 kg
Oucria 2kW
Agria 1
Bgria 9
e 0.04 USD/kWh
¢e  52USD/m
Cpeang  0.352 USD/W
2.64 USD/W

Kyina  1.91 USD/W

GBM Model(s) Parameters
.umigration 0.5%

o
Umigration 5%

Ccoal
Com,pv
Com,wind
Com,pe
Cul
Cgrid

pgrid

1.52 USD/W
0.7 USD/ Wh
0.95

0.85

0.769

0.7

25 years

20 years
15 years

13 years

40 USD/ t

0.0048 $/kW/month
0.0032 $/kW/month
0.0001 $/kW/month
0.3417 USD/kWh
0.041 USD/kWh

0.17 USD/kWh
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UeD 3.14%

Ogp 15%
HHD 1%
Oup 6.5%
Opy 19.3%

Owing  14.2%

11.7 Appendix VII: Hyperparameters used for ACER agent training in chapter

6

ACER Agent Hyperparameters Optimized via Optuna (not stated in Chapter 6)

Nsteps 360
A 0.99
clip 10
Batch size 32
€ 0.0005
Buffer size 15000
Replay starts 4000
a 0.95

Qcoeff
Entropy factor
Exploration final €
n
ar
Replay ratio

Correction term

AKL

0.5
0.13
0.1
0.00009
0.99
7
10.0

0.6

11.8 Appendix VIII: Hyperparameters used for PPO agent training in chapter 7

PPO Agent Hyperparameters Optimized via Optuna (not stated in Chapter 7)

Miteps 360
A 0.99
Clip range 0.2
Batch size 32
Lam 0.85
Nepochs 4

VFEcoerr
Entropy factor
Gradi\x,

n
Minibatches

Clip range

0.5
0.05
0.3
0.000025
4
0.2
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11.9 Appendix IX: Hyperparameters used for IQN agent training in chapter 8

IQN Agent Hyperparameters Optimized via Optuna

n 0.00002 Quantile Samples (N, N’, K;)
A 0.99 CVaR,
Exploration initial € 1.0 Exploration final €
Batch size 32 Network update
k 10 Learning starts
€pE 0.35 Memory sampling

8
[0.25, 0.5, 1.0]
0.03
30000
90,000

Every 4 steps
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