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Abstract

Global warming is a serious issue that is being tackled from various fronts, one of them
is the decarbonization of electrical energy systems, which may be addressed by introducing
clean Distributed Energy Sources (DERs) such as Renewable Energy Resources (RESs)
and Energy Storage Systems (ESSs). These types of technologies can be clustered to form
Microgrids (MGs), which have proven to be technically and financially feasible solutions
to supply electricity demand while reducing emissions and increasing resiliency. MGs can
operate isolated or connected to the grid, both in rural and urban settings, which allows
them to interact with the existing electricity grid to enhance its capabilities and function-
alities, while improving power quality, reducing network congestion, increasing efficiency,
reliability, and flexibility, and delaying investments in transmission and distribution sys-
tems. Hence, this thesis focuses on various relevant and timely aspects of MG planning,
in particular for isolated Remote Communities (RCs) and for the interconnection of MGs
and their integration with Active Distribution Networks (ADNs) to form Multi-Microgrid
(MMG) systems.

The deployment of clean MGs to satisfy RC electricity needs, considering their inherent
geographic characteristics, imposes a series of challenges that must be taken into account
when planning them. Thus, delivering electricity to RCs is economically and environ-
mentally expensive, as the main source of electricity is diesel generators, which present
significant Greenhouse Gas (GHG) emissions, and Operations and Maintenance (O&M),
transportation, and fuel costs. Therefore, an optimization model for the long-term plan-
ning of RC MGs to introduce RESs and ESSs is proposed in this thesis, with the objective
of reducing costs and emissions. The presented model considers lithium-ion batteries and
hydrogen systems as part of ESSs technologies. The model is used to investigate the feasi-
bility of integrating these DERs in an MG in Sanikiluaq, an RC in the Nunavut territory in
Northern Canada, where several planning scenarios with various combinations of resources
are considered in order to assess the impact of different technologies. The results show that
wind resources along with solar and storage technologies can play a key role in satisfying
RC electricity demand, while significantly reducing costs and GHG emissions.

Independent MGs can be interconnected to form MMG systems in the context of ADNs,
bringing valuable benefits such as energy use, power quality and stability improvements,
as well as flexibility and thus economic enhancements for both costumers and utilities.
Therefore, a Two Stage Stochastic Programming (TSSP) model is proposed for the plan-
ning of MMGs within ADNs at Medium Voltage (MV) levels to minimize the total costs,
while benefiting from interconnections of MGs and considering uncertainties associated
with electricity demand and RESs. Furthermore, the model includes long-term purchase
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decisions and short-term operational constraints, using Geographical Information Systems
(GIS) to realistically estimate rooftop solar limits. The planning model is used to study
the feasibility of implementing an MMG system consisting of 4 individual MGs at an ADN
in a municipality in the state of São Paulo, Brazil. The results show that the TSSP model
tends to be less conservative than the deterministic model, which is based on simple and
pessimistic reserve constraints, while being computationally more efficient than the usual,
Stochastic Linear Programming (SLP) and Monte Carlo Simulations (MCS) approaches,
with adequate accuracy.

Finally, the MMG planning model at MV is further extended to include the Low Voltage
(LV) grid. Thus, a model is proposed for the realistic planning of MMGs in the context of
ADNs, with the assistance of GIS. The model considers the distribution system grid with
an adequate level of detail for multi-year planning as well as the geographic features of the
studied region. Similar to the MV model, it also includes long-term purchase decisions and
short-term operational constraints, and considers uncertainties associated with electricity
demand and RESs using a TSSP approach. GIS along with Deep Learning (DL) are
used to more accurately estimate the rooftop areas within the studied region for solar PV
deployment, as well as for modelling the LV grid. The planning model is then used to study
in more detail the feasibility of implementing the MMG system previously considered in
São Paulo, Brazil. The results of the extended TSSP LV grid model are compared with
the results obtained using MCS and the less detailed TSSP MV grid model, demonstrating
that both TSSP solutions are close to those obtained with MCS at a lower computational
cost, while providing accurate and practical planning results.
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Chapter 1

Introduction

1.1 Motivation

Recent catastrophic events related to global warming have raised concerns across the world
and encouraged a paradigm shift in the generation and consumption of electricity [1, 2].
According to [3], 25% of the global emissions correspond to electricity and heat production,
and therefore reducing emissions from energy generation is an important step in the �ght
against global warming. To address this concern, governments are promoting initiatives
for decarbonization of the power sector, in which the use of Renewable Energy Resources
(RESs) and Energy Storage Systems (ESSs) is advocated as their capital costs continue to
decline [4]. These e�orts have motivated the advent of small-scale clean energy generation
initiatives across the world [5], reducing Greenhouse Gas (GHG) emissions at relatively
lower costs, especially for those living in communities far from the grid.

Distributed Energy Resources (DERs) such as RES and ESS can be clustered to form
Microgrids (MGs), which have proven to be technically and �nancially feasible solutions
to supply electricity demand while reducing operational costs and emissions [5]. MGs can
operate in both grid-connected and isolated forms, enabling the interaction with the exist-
ing electricity grid, enhancing its capabilities and functionalities, improving power quality,
reducing network congestion, increasing energy e�ciency, reliability and 
exibility, and de-
laying investments in transmission and distribution systems [5{10]. These characteristics
can service various types of locations, but are of most value for Remote Community (RC)
or isolated MGs, where RES and ESSs can be introduced in order to reduce GHG emissions
and costs associated with the use of fossil fuels for electricity generation, while improving
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resilience [11]. Thus, the planning of an appropriate energy supply mix to satisfy electricity
demand in RC MGs in the long-run needs to be properly addressed.

Coordinated and properly interconnected MGs, which are referred to as Multi-Microgrid
(MMG) systems, can provide valuable bene�ts for consumers and system operators, as
these systems can share resources and thus enhance reliability and reduce costs and GHG
emissions [12]. Moreover, the coupling of one or more neighboring MGs can be used to
overcome individual MG stability, control, and supply issues, as independent MGs can
be clustered to better withstand disturbances and share DERs [10, 13]. Therefore, as
individual MGs are known to be valuable to consumers and operators, it is important to
consider the operation, control, and planning of MMGs.

MMG systems can be e�ectively integrated within Active Distribution Networks (ADNs).
Hence, the development of a proper MMG long-term planning framework that takes into
consideration real parameters and conditions associated with the location of RES is nec-
essary. The planning of MMG systems is a decision-making issue, where technical and
economic criteria must be considered to select the optimal location and mix of genera-
tion and storage resources that are necessary to satisfy the end-users energy requirements.
Therefore, optimization models that include a wide variety of constraints are used, in
which the complexity of the solution depends on the selected approach and degree of detail
considered for modelling. In addition, planning models are prone to uncertainties associ-
ated with demand and availability of resources, and thus these need to be included in the
mathematical formulation to obtain more accurate results.

Geographical Information Systems (GIS) are being applied to power systems, improving
the management and development of conventional generation sources, addressing location-
related problems, and helping in ADN real-time operation and maintenance when inte-
grated with Supervisory Control and Data Acquisition (SCADA) systems [14]. Therefore,
GIS allow the inclusion of georeferenced parameters within the optimization formulation,
thus allowing the visualization of the results over the real network using maps. This can
help enhance the decision-making process, while o�ering tools to better understand and
interpret the results, which facilitates its implementation.

As per the aforementioned discussions, this thesis aims at providing an optimization
model for the long-term planning of RC MGs, focusing on the inclusion of clean DERs.
Then, based on the planning model developed for islanded MGs in RCs, which is a particu-
larly challenging and somewhat unique planning problem, this research concentrates on the
long-term planning of MMG systems in the context of ADNs, considering both the Medium
Voltage (MV) and Low Voltage (LV) grids, utilizing a stochastic approach to solve such
problems to consider uncertainties. GIS are used to estimate speci�c parameters within the

2



optimization models to account for the spatial features of the ADN. Thus, the next section
provides an overview of the state of the art on RC MGs, MMG system planning under
uncertainty and applications of GIS for RES estimation and MMG planning, identifying
relevant gaps that form the basis for the main objectives of the research presented in this
thesis.

1.2 Literature Review

In this section, a review of several papers relevant to the developed research is presented,
followed by a discussion of the main gaps in the existing literature that this thesis addresses.

1.2.1 Remote Community Microgrids

RC MGs demand can be satis�ed using a wide variety of DERs, including RES and ESS,
to reduce GHG emissions and improve resiliency [15{18]. In this context, the feasibility
of integrating hydrogen ESSs in RC MGs is a particularly relevant issue nowadays. Thus,
this section focuses on discussing the state of the art on electri�cation of RC MGs using
RESs and ESSs, including hydrogen systems.

Given the widespread use of fossil fuels for electricity generation in RCs, the integration
of clean DERs has been extensively analyzed. For example, a deterministic model for
planning the integration of RESs and ESSs in Canadian RC MGs is proposed in [19], aiming
to reduce emissions and costs associated with the operation of diesel generators. In [20], a
multiple-year planning model is presented to study the economic feasibility of integrating
RESs in RC MGs, while maximizing social welfare. A model for the planning and operation
of RC MGs is proposed in [21] using an integrated techno-economic optimization and power
management approach, focusing on Levelized Cost of Energy (LCOE) and GHG emissions
reduction; the proposed optimization model is solved applying meta-heuristics and is used
to plan for the required solar panels, batteries, and wind turbines needed to satisfy the
demand of an RC in India. The problem of ESS sizing is studied in [22] for isolated wind-
diesel power systems, which is formulated using a Two Stage Stochastic Programming
(TSSP) approach with the objective of minimizing the cost of supplied energy; it is observed
that the use of ESSs can lead to costs reductions and 
exibility enhancement of diesel-based
RC MGs.

The integration of hydrogen systems as part of the ESSs considered for RCs is studied
in the literature using di�erent types of models. For instance, in [23], the feasibility of
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replacing diesel generators with reformer and fuel cell systems in Canadian RCs is studied,
it is observed that fuel cells can help improve the e�ciency of the power-delivery system,
while helping reduce emissions in the long-term. A heuristic algorithm is suggested in [24]
for the long-term planning of isolated communities, where the size of wind and hydrogen
ESSs is determined based on economic and reliability constraints. The MG planning for
Canadian RCs using di�erent mixtures of non-RESs and RESs, including hydrogen ESSs,
is proposed in [25] using HOMER1, it is observed that a signi�cant reduction and even
elimination of diesel generation is possible, with substantial savings. Similarly, in [26], the
feasibility of implementing solar panels along with hydrogen ESSs in the isolated Brazilian
Amazon region is studied using HOMER, concluding that one of the key points for the
massive adoption of hydrogen ESSs is the reduction of its costs. RETScreen2 is used in [27]
to study the feasibility of implementing RESs and hydrogen ESSs in two RCs of Bhutan,
a country in South Asia, demonstrating the technical feasibility of using DER mixes that
include hydrogen ESSs.

1.2.2 Multi-Microgrid Planning

A set of interconnected or networked MGs is noted by di�erent names such as community
of MGs [28{30], MMG [31{36], nested MGs [37], or MG cluster [13,32,38]. Thus, given the
focus of this thesis on MMG systems, relevant topics related to such systems are brie
y
presented next. For instance, references [39{46] explore di�erent strategies for the control
and interconnection of multiple ac and dc MGs for reliability enhancement, considering
existing and new DERs. In [32,46{48] possible architectures for MMG systems connected
to the grid are discussed, and [49] o�ers a concise guide for the design, operation, and
integration of islanded MMG systems. The problems of day-ahead scheduling and energy
management are examined in [50] and [51], and stability problems and solutions in MMG
systems are studied in [52{58]. Finally, the need for MMG long-term planning studies
that consider the interactions among MGs and ADNs is identi�ed in [5, 34,47, 59]. Since,
this research focuses on the long-term planning of interconnected MGs to develop relevant
decision-making tools that properly consider the integration of MGs with RESs and ESSs
in the context of ADNs, the rest of the section concentrates on discussing the state of the
art on MMG planning.

The planning of MMGs includes the optimal sizing and sitting of DERs, which can
signi�cantly improve the resilience of the systems. This important aspect of the operation of

1Hybrid Optimization of Multiple Energy Resources software.
2RETScreen Clean Energy Management Software.
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MGs has been analyzed through di�erent planning-based resilience enhancement methods
[60]. For example, in [61], a three-level Mixed Integer Linear Programming (MILP) problem
to allocate DERs in MMGs is studied to reduce load shedding and increase resilience
during extreme events. Similarly, [62] proposes an approach for the optimal recon�guration
of ADNs into MMGs, using stochastic models for representing uncertainties related to
wind speed and solar irradiance, aiming at minimizing electricity costs and improving
reliability and voltage pro�les. In [29], the optimal interconnection of MMGs by using
a probabilistic Minimal Cut-Set approach and a reliability cost/worth analysis to plan
the optimal interconnection of MGs with RESs is proposed. Likewise, [63] proposes a
method for planning MMG systems through generation and transmission system expansion
simultaneously, while guaranteeing demand satisfaction with acceptable levels of reliability,
minimizing investment and operational cost, with reduced load shedding. Similarly, [64]
and [65] propose the planning of MMGs within ADNs for resilience, while improving the
use of existing local DERs. The optimal partitioning of an ADN into interconnected MGs
is proposed in [66], considering grid-connected and islanded modes of operation. However,
even though the aforementioned approaches focus on some essential aspects of power system
operations such as resilience, the majority assume DERs already exist in ADNs, and their
goal thus is the planning of the optimal connection structure of MGs that would make the
aggregated system more robust.

1.2.3 Microgrid Planning Under Uncertainty

Uncertain parameters related to RES generation and electricity demand a�ect short-term
and long-term decisions, and therefore need to be included when planning MGs and MMG
systems. Thus, a review of the main literature in which uncertainty is considered in the
planning of those systems is presented next.

Uncertainties in RES generation and electricity demand are some of the parameters
considered within the planning of MGs and MMGs [67,68]. For instance, in [62], probability
distribution functions (pdfs) are used to address uncertainties related to solar and wind
generation, while demand growth factors based on historical data are used for stochastic
modelling. In [69], a two-stage chance-constrained stochastic model with enhanced bilinear
Benders decomposition and stochastic scenarios is presented for the allocation of MMGs,
where uncertainties related to RES generation, islanding, and load demand are considered
as scenarios. A model is formulated in [70] for the operation and expansion planning of
ADNs with MMGs, using robust optimization and a contingency-constrained approach
to account for uncertainties related to generation capacity and electricity demand. In
[71{73], game theory and Nash equilibrium principles are used to address the transactions
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among all the participants; perfect forecast assumptions for electricity price and demand
are used in [71], statistically-generated scenarios for RES generation are used in [72], and
weather and demand forecast are used in [73]. A heuristic model is presented in [74] for
the sizing and allocation of DERs in Distribution Systems (DSs) to form MGs, accounting
for variability and uncertainties in load demand and power generation. Similarly, [75]
considers uncertainties related to RES generation and demand, but proposes a stochastic
multi-objective model along with a heuristic approach for risk assessment, which is used
to plan MMG systems within real DSs. In [76], the planning of community MGs with a
market-based approach is proposed, where a TSSP model with Benders decomposition is
developed to consider uncertainties associated with electric load and substation, generation
units, and transmission lines outages. Finally, [77] studies the planning of partially self-
su�cient grid-connected MGs by proposing a data-driven model that limits the amount
of energy transacted with the DS at the Point of Common Coupling (PCC), considering
uncertainties related to electricity demand by selecting typical days from historical data.

1.2.4 Application of GIS for RES Evaluation and Power Systems
Planning

The identi�cation and estimation of RESs using GIS have been proposed by di�erent
authors. For instance, in [78], wind energy potential with consideration of environmental
impacts is studied in di�erent provinces of Turkey to identify proper sites for wind turbine
installation. Similarly, in [79], an approach is proposed to establish suitable locations in
the Canary Islands for the installation of wind turbines, considering technical, economic,
and spatial constraints. GIS-based imagery analysis can also be used for determining solar
energy potential, and is therefore used along with solar photovoltaic generation modelling
in [80{83] to estimate the rooftop solar photovoltaic potential for various locations around
the world. In this context, [84, 85] use GIS tools to determine suitable regions for solar
energy development in India and Zambia, respectively. Some other applications more
relevant to the proposed research framework in transmission lines, DS, and MG planning
are discussed next in some detail.

GIS-based tools can be used for di�erent aspects of power systems planning. For
example, in [86, 87], GIS tools are used to identify optimal routes for transmission lines
at minimum investment cost, while guaranteeing the security of the system. Similarly,
a method for determining the optimal routing of medium voltage DSs in sparse rural
areas using GIS, Genetic Algorithms (GAs), and Dijkstra's shortest path algorithm is
proposed in [88]. Likewise, the problem of feeder routing in DSs is analyzed in [89], where
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Geographic Information (GI) is used along with graph theory to decide on the optimal
radial topology of the DS network, while considering uncertainty associated with rooftop
solar generation and demand, and ensuring acceptable resilience levels at minimum cost.
In [90], GIS tools are used over a raster map for the optimal planning of substations,
considering geographic constraints and location-related costs, while ensuring proper service
areas and overall economic minimization. The planning of substations is also studied in
[91], where GIS tools are used to assist in specifying the location, capacity, and area
coverage of substations, while guaranteeing minimum overall costs. As highlighted here,
either the parameters obtained from GIS analysis can be introduced into an optimization
formulation, or certain parameters can be optimized whiting a GIS-based software, but it
is clear that the use of GIS enhances the sensibility and quality of planning results.

The use of GIS for the planning of MGs has also been studied in the literature. For
instance, in [92], GIS tools are applied in the optimal sizing and allocation of DERs for
MGs. In [93], nighttime satellite imagery and census data are used to estimate the size
and structure of MGs in rural areas. A methodology is presented in [94] for the optimal
formation of MMG systems, considering spatial characteristics. Similarly, in [95], a frame-
work is proposed for forming and clustering LV DSs to form MMG systems, considering
electrical, economic, and geographical constraints with minimum cost.

1.2.5 Discussion

Based on the overview of the existing state of the art on the types of DERs used for RC
MGs, di�erent technologies have been proven to be feasible, including solar panels, battery
ESSs, and wind turbines. However, hydrogen ESSs have not been widely considered,
which should be addressed, as these systems have started to gain more attention, given
their current state of development and the considerable reduction in their capital costs.

As discussed in the preceding sections, the focus of existing research has been mainly
on the planning of independent MGs and of interconnected MGs forming MMG systems.
In this context, the majority of the available papers consider ADNs as the natural choice
for the formation of MMGs, due to the availability of existing DERs as well as the required
infrastructure. However, in most of the existing literature, the main focus of the MMG
planning models has been the creation of MGs within the ADNs, without considering
the required investments along the planning horizon. Furthermore, with respect to the
level of detail of the planning models, there is a trade-o� between the level of granularity
of the ADN and DS and the level of complexity of the models used for the solution of
the planning problem. Hence, most papers make simplifying assumptions to manage the
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model complexities, which leads to impractical results. In addition, most papers do not
properly consider the fact that MGs in MMG systems only have one PCC through which
transactions among MGs should take place, assuming that the MGs forming the system
are all interconnected with each other, which is unrealistic.

It has been observed that the proposed approaches in the literature are based on topo-
logical considerations, not giving much attention to the geographical characteristics of the
MGs locations, leading to inaccuracies or unpractical planning results. On the other hand,
it can be observed that GIS can assist in �nding not only feasible, but realistic areas for
the installation of transmission lines, substations, transformers, and protection equipment.
The use of GI and GIS tools has been also extended to the planning of RESs, with the
practical application of the results obtained from planning models, especially in locations
with limited space, where buildings are in close proximity to each other, which is the case
of many DSs and ADNs. In addition, when the location of many elements of the network
is unknown or overlooked, the results may be feasible (from an optimization viewpoint)
but not possible to implement. Likewise, it is important to highlight the possibility of ex-
tracting or validating information over imagery, throughout the use of GIS, while applying
GI-based parameters to improve the economic impact of the solution of the optimization
problems. Thus, planners can integrate RESs and ESSs with more con�dence in order to
support clean energy policies to motivate carbon footprint reduction pathways.

It is the intention of the research conducted in this thesis to ful�ll the aforementioned
gaps identi�ed in the existing literature. Therefore, a model for the planning of RC MGs
that considers hydrogen systems as part of its ESSs is �rst proposed. This model is then
used as the basis of an MMG stochastic planning model, which includes the most relevant
features of MGs, ADNs, and DERs, with an adequate level of detail for practical decision-
making; nevertheless, given the nature of MMG systems, hydrogen and diesel systems are
not considered in the MMG planning problem. Finally, GIS are used to model elements of
the ADN, better estimate parameters required for the planning models, and improve the
interpretation and visualization of the planning results on the ADN, aiming at producing
more useful results.

1.3 Research Objective

Based on the aforementioned discussion, the primary contributions and objectives of the
present thesis are as follows:

ˆ Propose a long-term multi-year planning model for the integration of RESs and ESSs,
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including batteries and hydrogen storage systems, in RC MGs for GHG emission and
cost reduction.

ˆ Propose a novel long-term multi-year planning model for creating MMG systems
considering an ADN at MV level, where the actual grid is represented by considering
the maximum power transfer capacity at the PCC. The model includes long-term
purchase decisions and short-term operational constraints, and the formulation of the
energy transactions among all participants, i.e., between the independent MGs and
between each MG and the ADN.

ˆ Apply TSSP to develop a new cost minimization model to consider uncertainties re-
lated to RES and demand, relying on an optimization-based scenario tree generation
approach based on geometric Brownian motion (GBM) and statistical measures to
represent scenarios.

ˆ Extend the MMG long-term multi-year planning model to include the LV grid, with-
out considering the electrical characteristics of the feeders. This model includes
long-term purchase decisions for RESs and ESSs, long-term transformers capacity
selection, short-term operational constraints, and the formulation of the energy trans-
actions among all participants.

ˆ Propose a methodology to estimate the location of the MV and LV ADN and de�ne
the number of users connected to each MV/LV transformer inside the MMG system
using GIS tools. Furthermore, use Deep Learning (DL) techniques on high-resolution
imagery to identify the rooftops of the buildings in the studied region, to determine
the real available solar capacity.

ˆ Test and validate the MV and LV planning models in a real system, based on an ADN
at a municipality in the state of S~ao Paulo Brazil, and compare the performance
of the proposed TSSP planning models against deterministic, Single Stage Linear
Programming (SSLP), and Monte Carlo Simulations (MCS).

1.4 Thesis Outline

The rest of the thesis is organized as follows:

ˆ Chapter 2 presents a review of background topics relevant to the novel research re-
ported in this thesis. Thus, an overview is provided of RC MGs, MG and MMG
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planning, stochastic optimization, and the use and applications of GI-based param-
eters and GIS tools for MMG planning.

ˆ Chapter 3 presents a deterministic optimization model for the long-term planning of
RC MGs utilizing RESs and ESSs, including hydrogen systems. The model is used
to investigate the feasibility of integrating these types of DERs in an MG in an RC in
Northern Canada. Various results and comparisons of the proposed planning model
in terms of DER capacities, costs, and GHG emissions are provided.

ˆ Chapter 4 presents a model for the planning of MMGs in the context of ADNs at
MV level. The model aims to minimize the total costs and considers uncertainties
associated with electricity demand and RES using a TSSP approach. The planning
model is used to study the feasibility of implementing a 4-MG system at an ADN
in Brazil. Planning results and comparisons are presented for deterministic, SSLP,
MCS, and TSSP models.

ˆ Chapter 5 presents an extension of the model presented in Chapter 4 for the planning
of MMGs in the context of ADNs at LV levels. The planning model is used to study
the feasibility of implementing the previously studied 4-MG system in Brazil, using
GIS for modelling the MV and LV grids and for estimating the maximum solar PV
potential of the MMG system. Various results and comparisons in terms of DER
capacities and costs obtained with TSSP and MCS models are presented.

ˆ Chapter 6 summarizes the thesis content and presents the main conclusions and
contributions of the research, as well as a possible scope for future work.
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Chapter 2

Background Review

In this chapter, an overview of the relevant background on the main topics for this research
is provided. Thus, pertinent fundamentals on RC MGs, MG and MMG planning, stochastic
optimization, and GIS are presented next.

2.1 Canadian Remote Community Microgrids

Canadian northern territories, Nunavut, Northwest Territories, and Yukon, which are
nearly 40 percent of Canada's land mass are massive and sparsely populated. Of the
114,000 people who live in northern territories, many reside in the territorial capitals of
Iqaluit, Yellowknife, and Whitehorse. The largest of the 13 provinces and territories in
Canada is Nunavut, illustrated in Figure 2.1 [96], with a total landmass of 1,936,113 km2,
distributed along 25 fully di�erentiated communities.

RCs' unique features such as distant location, extreme weather conditions, energy con-
sumption patterns, limited availability of energy sources, and absence of connection to
the bulk power system have made supplying their electricity needs a challenging problem.
Moreover, since these communities are spread across Canada they cannot bene�t from
the economy of scale or low-cost generation, and in some cases, it can be unpractical and
relatively expensive to interconnect them. Furthermore, with the exception of a few local
hydro grid-tied communities in Yukon, Northwest Territories, and Quebec, the main source
of electricity in the majority of these RCs is diesel generators. Thus, electricity delivery is
economically and environmentally expensive due to the signi�cant Operation and Mainte-
nance (O&M), transportation, and fuel costs, since the fuel is purchased and shipped in
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Figure 2.1: Nunavut.

bulk during the short summer seasons and stored in tank facilities in each community for
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the longer cold seasons [15{17,19,20,97,98].

Due to the aforementioned challenges and particular needs of RCs, the reduction in
the use of fossil fuels is required for environmental and economic reasons. Thus, RC MGs
should be planned to guarantee the supply of their demand with enhanced 
exibility and
reliability, while reducing the consumption of fossil fuels, thus reducing GHG emissions in
the long term. Consequently, the development of planning models that consider the cost
challenges in RCs, intermittency of RESs, e�ective strategies for operating ESSs, and the
integration of these technologies with the existing generation is required, as explained next.

2.2 Microgrid Planning

Current power systems face new challenges in supplying electricity demand, as global
warming worsens and thus the need for clean DERs increases to help address climate
change. These technologies have remarkably matured in the last decade, which has facili-
tated their incorporation through di�erent mechanisms, among which the implementation
of MGs stands out [99]. In addition, the declining costs of ESSs and RESs, technological
advances in monitoring and control, and recent movement towards smart, decentralized,
and resilient networks are facilitating the development and operation of MGs in both rural
and urban settings, in isolated and/or grid modes. Thus, the development of a proper
long-term planning framework is fundamental to analyzing integration barriers and future
real-time operation challenges within MGs. In this thesis, two di�erent, but related, plan-
ning frameworks are studied, one for isolated MGs, which is applied for RCs, and another
one for MMG systems in the context in ADNs.

2.2.1 Isolated Microgrid Planning

Due to the unique features and needs of RCs, the deployment of clean MGs to supply
their electricity demand is proposed in this thesis, as MGs have the potential to reduce
GHG emissions, and increase 
exibility and reliability using RESs and ESSs [7,16,17]. The
planning of MGs can be de�ned as a strategic process that justi�es the installation/upgrade
of new/existing equipment, particularly DERs that include RESs and ESSs [100]. As
explained in [34], the planning of MGs must determine the investment decisions on DERs
to satisfy demand, with comprehensive consideration of their costs, operating conditions,
and system status. In addition, contrary to the traditional grid planning models, the
planning of MGs should consider their capability to operate connected or isolated from the
ADN, and also the inherent RES variability in addition to other uncertainties.
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The planning of MGs can be formulated as an optimization problem, where an objective
function is minimized or maximized and a set of parameters and decision variables are
included, while considering operational, geographical, and environmental constraints. The
MG planning framework applied in this thesis is shown in Figure 2.2, where the objective
function seeks to minimize the costs associated with the investments and operations of the
MG. The formulation of the problem includes the MG electricity demand, which should
be modeled for the planning horizon using growth factors or statistical properties due to
its uncertain nature. Moreover, operating reserve constraints are essential in stand-alone
MG planning to guarantee system adequacy at all times, given the absence of a connection
with the bulk power system. As per DERs modelling, the power outputs are a function
of environmental parameters such as solar irradiance and wind speed and are subject to
operating constraints and uncertainty.

Figure 2.2: General framework for the planning of MGs.
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2.2.2 Multi-Microgrid System Planning

Figure 2.3: General overview of an MMG system.

An MMG system can be de�ned as a cluster of independent MGs, where each MG
is connected to the ADN through a single PCC, as depicted in Figure 2.3 [12]. In this
context, each MG is managed by its own controller, while the central controller coor-
dinates the connection among MGs and the ADN; thus, from the Energy Management
System (EMS) perspective, the central controller optimizes the transactions among indi-
vidual MGs and the ADN, whereas the local controllers optimally dispatch DERs. An
MMG planning model can be also posed as an optimization problem, where an objective
function is minimized or maximized, and di�erent types of constraints are considered to
decide on the installation/upgrades of new/existing equipment, in particular DERs such
as RESs and ESSs, which are an essential part of MGs but shared with the MMG system.
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Thus, binary variables representing ESS operational states or DER purchase decisions in
multiple interconnected MGs appear in this type of problem, which results in a large com-
putational burden. Other factors that contribute to the latter are the level of granularity
of the ADN grid, the consideration of uncertainty in one or more parameters of the model,
and the consideration of the interactions among the participant MGs and the ADN, since
the electricity demand can be satis�ed by DERs inside each MG and by the shared ADN.

The MMG planning framework applied in this thesis is shown in Figure 2.4, where the
objective function seeks to minimize the costs associated with the investments, operations,
and energy transactions of the MMG system. The formulation of the problem includes the
consideration of each MG's demand, which should account for growth factors and uncer-
tainties. In this case, the operating reserves constraint is used to guarantee overall system
adequacy by ensuring each MG can operate disconnected from the ADN. Since in MMG
systems energy is transacted at the MG PCCs, constraints re
ecting these interactions
need to be considered. Finally, as in isolated MGs, DER modelling requires environmental
parameters such as solar irradiance and wind speed, and are also subject to operating
constraints and uncertainty.

Di�erent types of decision variables, i.e., continuous, integer, or binary, are used in the
mathematical formulation of MG and MMG planning models. In addition, the constraints,
which restrict or de�ne the values of the decision variables, can be linear and nonlinear;
thus, the optimization planning model is usually described using Mixed Integer Program-
ming (MIP) linear or nonlinear approaches [101]. Furthermore, the set of parameters that
constitute the inputs of the optimization problem is illustrated in Figure 2.5:

ˆ Technical and operational: These include parameters related to the functionality of
DERs such as lifetime and power generation curves (wind turbines, thermal energy
generators); requirements for the normal operation of DERs such as their upper
or/and lower generation limits, O&M schedule for certain DERs; and normal opera-
tion requirements such as limits of the PCC, distribution transformers, and feeders.
Additional operational restrictions may be the charge and discharge of ESSs, trading
restrictions between individual MGs and the ADN, and speci�c boundaries for the
installation of DERs.

ˆ Economic: These are fuel costs and consumption curves for certain DERs, electricity
prices, DER investment costs, and DER O&M costs.

ˆ Environmental: These parameters are related to the location of the MGs and thus
include but are not limited to: GHG emission limits, RES generation limits, ge-
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Figure 2.4: General framework for the planning of MMG systems.

ographical location of MGs and ADN's elements such as distribution transformers
and feeders, and cadastral information.

On the other hand, the following are the possible outputs of the planning problem and are
illustrated in Figure 2.5 as well:
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Figure 2.5: General overview of the inputs and outputs of the MG and MMG problem.

ˆ DER capacities and mix of technologies to invest in, plus the optimal annual capacity
additions until the end of the planning horizon.

ˆ The total cost and breakdown of individual costs, which includes fuel cost, DER
investment cost, energy transaction costs, and DER O&M cost.

ˆ The exact location of DERs, which can be linked to the PCC or MV/LV transformers,
depending on the details of the model.

2.3 Optimization under Uncertainty

Optimization under uncertainty refers to most practical engineering applications where
randomness, which is prevalent and inevitable, is present, and thus should be considered
in the inputs and outcomes of mathematical formulations. Some sources of uncertainty can
be associated with the lack of information or knowledge, or lack of ability to measure and
model the physical world, which may be reduced or eliminated by collecting more data.
Other sources of uncertainty are random variations, and even though these can not be
suppressed or reduced by collecting more knowledge or information, they can be controlled
[102,103].

In the context of uncertainty in mathematical models, consider the following optimiza-
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tion problem:

min
x;y

cT x + qT y

s.t. Ax = b

Tx + Wy = !

x � 0; y � 0

(2.1)

wherex and y are decision variables,c and q are parameters of the objective function and
A, b, T, and W are constraint parameters. For the deterministic case,! can be assumed
to be a constant parameter, whereas, for stochastic problems,! may be considered a
random variable. The modelling of these uncertainties, in the long run, is a challenging
task in the planning problem, for which a variety of techniques such as Stochastic and
Robust Optimization are available to consider the impact of uncertainties in these types of
studies. Stochastic programming is a well-recognized approach for decision-making under
uncertainty, where some parameters are assumed to be described by random variables
with a known pdf. The three stochastic programming methods used in this thesis are
MCS, SSLP, and TSSP, which are described next.

2.3.1 Monte Carlo Simulations (MCS)

For the cases when! is uncertain in (2.1), MCS can be applied to generate samples of
the outputs, using random samples of the inputs, based on a known pdf. This method
is based on the Central Limit Theorem, which states that the sample means follow a
normal distribution for a large number of samples, and the Strong Law of Large Numbers,
which guarantees that the sample mean converges to a constant value. Thus, consider
the expected value of the random variablex, i.e, � = E(x), where a set of random and
independent valuesx1; x2; :::; xn is de�ned using x's pdf. The average of these sampled
values can be determined as follows:

ûn =
1
n

nX

i =1

x i (2.2)

which is considered an estimate of the expected value� . This principle can be used to
solve (2.1) for a large set of samples 
 =f ! 1; ! 2; ! 3; :::! N c g de�ned using ! 's pdf, for
which the optimization problem (2.1) is solvedNc times, where the average value of the
objective function converges to a constant value. Thus, the following problem is solved for

19



k = 1; ::; Nc:

min
xk ;yk

cT xk + qT yk

s.t. Ax k = b

Txk + Wyk = ! k

xk � 0; yk � 0

(2.3)

2.3.2 Single Stage Stochastic Linear Programming (SSLP)

For stochastic approaches, the uncertainties can be considered as continuous time random
variables, for a �nite number of possible values or realizations 
 =f ! 1; ! 2; ! 3; :::! N g with
corresponding probabilitiesp1; p2; p3; :::; pN . In this case, (2.1) can be written for each
realization of the uncertain value! k as the following equivalent stochastic model:

min
xk ;yk

NX

k=1

(cT xk + qT yk)pk

s.t. Ax k = b 8k = 1; :::; N

Txk + Wyk = ! k

xk � 0; yk � 0

(2.4)

thus minimizing the expected valueE of the objective function, which yields in one stage
the optimal values of all possible realizations considered.

2.3.3 Two-Stage Stochastic Programming (TSSP)

The decisions on the capacities needed to satisfy the MMG system's demand are non-
anticipative in nature, i.e., these decisions are made \here and now" without any knowledge
of the associated uncertainties. On the other hand, the operating decisions are anticipa-
tive, i.e., they are considered as a \wait and see" response to the observed uncertainty
outcomes. This type of sequential decision-making process, which is based on the con-
tinuous realization of some stochastic processes, can be handled by a TSSP approach,
which e�ciently combines the aforementioned characteristics of the problem by dividing
the decisions into two stages. Thus, the objective function includes the �rst stage function
(non-anticipative), which corresponds to the purchase decisions, and the expected value
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of the second stage function (anticipative), which corresponds to the operating decisions
[104]. Replacing the random parameters with their expected values addresses the limita-
tions associated with the increasing dimension of the problem, which is a common issue in
Multistage Stochastic Programming (MSP) approaches [105]. Thus, in this method, two
optimization problems need to be solved, with the following second stage problem being
introduced �rst for clarity:

min
yk

Qk = qT yk

s.t. Txk + Wyk = ! k 8k = 1; :::; N

yk � 0

(2.5)

whereyk are the second stage decision vectors andxk are the �rst stage decision vectors.
The optimal values of this stage can be de�ned asQ�

k(x; 
). On the other hand, the �rst
stage problem can be formulated as follows:

min
x

cT x + E[Q�
k(x; 
)]

s.t. Ax = b

x � 0

(2.6)

Hence, the two stages can be integrated into one as follows:

min
x;y k

cT x +
NX

k=1

pkqT yk

s.t. Ax = b

Tx + Wyk = ! k 8k = 1; :::; N

xk � 0; yk � 0

(2.7)

which can be solved using any suitable linear solver such as CPLEX, Xpress, or Gurobi.

2.3.4 Scenario Tree Generation

Within certain stochastic optimization approaches (TSSP and SSLP), uncertain parame-
ters 
 are assumed to follow a probability p
 . Thus, these can be treated as continuous
time random variables and can be approximated by discrete pdfs using scenario trees. For
the MMG planning model presented in this thesis, the scenario tree is generated using a
Moment Matching (MM) approach where, on one hand, uncertainties associated with RES
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are handled using their inherent statistical properties [106,107]. On the other hand, uncer-
tainties related to electricity demand are handled using GBM, since demand evolves with
time and there is an underlying annual growth rate relative to previous years [107, 108].
This approach assumes a normal and log-normal �t of the data; however, other scenario
generation and reduction techniques based on other pdfs could be used to build the scenario
tree to �t the statistical properties of the data [109].

Geometric Brownian Motion

Any continuous stochastic processX (t) is a Brownian motion (BM) with drift coe�cient
� and variance� 2 if X (0) = 0, X (t) has stationary and independent increments, andX (t)
is normally distributed with mean � t and variance� 2

t . The stochastic processS(t) = eX (t)

is called GBM, where the measure� (t) = log
� S(t+1)

S(t )

�
is normally distributed with mean

uS and standard deviation� S, and therefore has the expected valueE, varianceVar, and
skewnesssk of a Log-normal pdf, as follows [108]:

E
�
S(t + 1)

�
= S(t)e� S +

� 2
S
2 (2.8)

Var
�
S(t + 1)

�
= S(t)2(e� 2

S � 1)e2� S + � 2
S (2.9)

sk
�
S(t + 1)

�
= ( e� 2

S + 2)
p

e� 2
S � 1 (2.10)

Moment Matching Approach

In order to generate scenarios with relevant states for RES and electricity demand and
represent all the required time periods, an MM technique is used, which is a data-driven
approach to systematically generate scenarios considering relevant statistical properties.
Therefore, the uncertain parameters of the TSSP problem and its probabilities become
variables of a Nonlinear Programming (NLP) problem. The purpose of the NLP problem
is to de�ne the optimal values for a pre-speci�ed structure for the scenario tree, which
minimizes the squared di�erence between the statistical properties calculated from the
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tree and the ones calculated directly from the existing data, as follows [110]:

min
x;p

X

j

� j

�
f j (X; P ) � SV AL j

� 2

s.t.
X

j 2 S

ps = 1;

ps � 0

(2.11)

whereS is the set of all speci�ed statistical propertiesj , and SV AL j is the speci�ed value
for the j th statistical property in terms of the original random variables. X represents
a single pair of representative values of the uncertainties, i.e., demand and RES, andP
represents the associated probabilities;f j (X; P ) is the mathematical discrete expression of
the j th statistical property of interest, computed for X and P; and � j denotes the weight
for the j th statistical property [107,108].

2.4 Geographic Information Systems

GI is de�ned as a set of facts, data and/or evidence related to events, activities, and objects
located on or near the surface of the earth, including spacial or geospatial data [111]. GI
usually associates location information with attribute information describing the object and
temporal information [111]. In addition, GI is organized and displayed using maps, which
are instruments to communicate, calculate, display, and understand the interrelation of
objects, using locations and attributes [112]. Therefore, georeferenced data have two main
components: A spatial description of the location or spatial distribution of a geographical
phenomenon, and a set of attributes describing the properties of the geometrical data (see
Figure 2.6-a) [113]. GI can be represented using one or a combination of the following
approaches [113]:

ˆ Raster Data Model: Uses an array of cells or pixels to represent real-world objects.
This model stores data using a matrix of grid values, which can represent a continu-
ous �eld (elevation, temperate), an image (satellite image, scanned map), or category
numbers, as shown in Figure 2.6-b. They are extensively used for analytical appli-
cations such as disease dispersion models, surface-water 
ow analysis, and electricity
demand growth [14,113].

ˆ Vector Data Model: It is used to represent lines, points, areas, and geographic fea-
tures according to their coordinates, as depicted in Figure 2.6-c. This model is
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associated with the discrete view of the objects, and is widely used to represent
built-environment entities such as road borders and buildings [14,113].

Figure 2.6: Data models in GIS: (a) Attribute Data Model, (b) Raster Data Model, and
(c) Vector Data Model.

GIS are computer-based information systems that provide a way to create, manage,
visualize, analyze, and interpret GI [114]. By uncovering rich information such as rela-
tionships and patterns from the data, GIS can assist in making smarter decisions [114]. A
modern GIS has at least three main capabilities: (1) georeferenced data management by
means of layers that contain the features of the system (see Figure 2.7 [14]): (2) spatial
analysis tools allowing spatial regressions, distance optimization analysis, population, and
land use identi�cation, among others; and (3) decision-making awareness for planning and
O&M [113].

In the context of power systems, utilities can use GIS to build a consolidated view
of the grid, which provides enough resources to solve location-related problems, improves
the understanding of the real-time operation, and provides insights for network planning
[14]. In addition, GIS tools are useful for the management and development of generation
sources, and can make an important di�erence when planning and developing RESs due to
their close relationship with the environment. GIS tools can also be used for solving and
modelling a variety of problems such as water reservoirs for hydroelectric plants considering
environmental parameters (i.e., in�ltration, rainfall, soil types, and evaporation), load
forecasting, risk management, fossil fuel-based plants emissions, wind speed prediction for
wind farms considering topographic and environmental parameters (i.e., noise level pro�les,
bird migration patterns, and strobe light e�ects), and O&M scheduling for solar and wind
generation.
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Figure 2.7: Example of information layers of GIS for electrical utilities.

2.4.1 Deep Learning

Deep Neural Networks (NNs) or DL is a Machine Learning (ML) tool widely used for image
recognition, which allows automatic image feature extraction for image classi�cation [115].
DL refers to a wide class of supervised and unsupervised ML techniques and architectures,
where knowledge is extracted using many layers of non-linear information processing that
are hierarchical in nature [116]. The majority of DL techniques use NN architectures, and
contrary to traditional NNs containing 2-3 hidden layers, DL can use as many as 150 layers
[117]. Thus, large sets of labeled data and NN architectures, that learn features directly
from the data without the need for manual feature extraction, are needed for training DL
models [118]. In this research, as an application of DL, Mask Region-Based Convolutional
Neural Networks (Mask R-CNNs) are utilized to process high-resolution imagery to extract
higher-dimensional and more abstract information for detecting feasible areas for installing
solar PV. This approach uses Convolutional Neural Networks (CNNs) as its backbone, and
a description is thus presented next.
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Convolutional Neural Networks (CNN)

CNNs are one of the most popular types of DL, which are specialized NNs for processing
data with known grid-like topology and have superior performance with images, speech,
or audio signal inputs [119]. The structure of image data is of particular interest to this
research, as it can be seen as a two-dimensional grid of pixel values that denote brightness
and color, as depicted in Figure 2.8 [120]. Therefore, taking advantage of matrix multipli-
cation and convolution operation, CNNs can identify patterns within an image using three
main types of layers, as follows [116]:

Figure 2.8: Image represented as a grid of pixels.

ˆ Convolutional Layer: This is the fundamental building block of a CNN. Using this
layer, dot product between two matrices, one containing the set of parameters to
learn (kernel) and another parameter describing the interaction between each input
and each output unit, is performed. When the forward pass is made, the kernel slides
across the height and width of the image, creating an image representation of the
receptive region. A kernel response is generated by computing an activation map
in two dimensions, which results in a representation of the image for each spatial
position. Convolution combines three important ideas:sparse interactionby making
the kernel smaller than the input, parameter sharingby using the same parameter
for more than one function in a model, andequivarianceby a�ecting the inputs and
outputs in the same way.
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ˆ Pooling Layer: Any CNN layer has three stages, one where several convolutions are
performed in parallel to produce a set of linear activations1, a second one where
the linear activations are run through a nonlinear activation, and a third one (the
pooling layer) where the output of the layer is modi�ed. Pooling is a downsampling
operation, which is in charge of replacing the net's output at a certain location with
a summary statistic of nearby outputs, ensuring invariance to translation. The most
common pooling operations are max pooling, where the pixel with maximum value
within the current view is selected, and average pooling, where the average values of
the current view are extracted.

ˆ Fully-connected Layer: In this layer, the pixel values of the input are connected to
all neurons and are used at the end of a CNN for classi�cation.

Mask Region-Based Convolutional Neural Networks (Mask R-CNNs)

Image segmentation, which is the precise delineation of objects in an image, uses tradi-
tional object vision to localize and classify objects using bounding boxes, and semantic
segmentation to classify each pixel into a prede�ned set of categories [121]. Thus, this is
used here to detect building footprints, which is very useful for de�ning potential areas
for solar PV installation. There are di�erent methods for image segmentation, and their
applicability depends on the purpose of the study, characteristics of each Region of Inter-
est (RoI)2, and information availability; in this research, since the buildings in the studied
region are very close to each other, a Mask R-CNN method is used [122].

Mask R-CNN, depicted in Figure 2.9, is a specialized kind of NN that can be employed
to process image data, which predicts objects class and bounding boxes by using two stages,
as follows [121,123]:

ˆ Stage 1: This stage consists of two NNs (backbone and Region Proposal), which
proposes candidate object bounding boxes, and is based on a Fully Convolutional
Neural Network (FCNN)3 that is trained end-to-end. It uses a method called Region
Proposal Network (RPN) to recommend multiple objects that can be identi�ed within
an image, and the output is a set of rectangular proposals (RoIs), which are used for
further processing.

1An activation function is a small mathematical expression which decides whether a neuron �res up or
not.

2RoI is de�ned as a proposed region from the original image.
3In a FCNN, the fully-connected layers of a CNN are replaced by convolutional layers, which is useful

for pixel classi�cation.
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Figure 2.9: The Mask R-CNN framework for instance segmentation.

ˆ Stage 2: In this stage, using a method called RoiPool, features are extracted from
each candidate box and classi�cation and bounding-box regression4 are performed.
At the same time, segmentation masks (desired features) are predicted on each RoI
using a method called RoIAlign. The output from RoIAlign layer is then fed into
the mask head, which consists of two convolution layers, predicting a segmentation
mask for each RoI with a pixel-to-pixel correspondence.

2.5 Summary

In this chapter, an overview of Canadian RC MGs was presented, discussing their unique
characteristics relevant to planning. Then, the planning frameworks for stand-alone MGs
and MMG systems were discussed, highlighting the main features of the associated opti-
mization models as well as their relevant inputs and outputs. Finally, important concepts
related to the use GIS for MMG planning and modelling of their associated grids were
discussed, including the use of DL for rooftop detection.

4Bounding-box regression is a technique that regresses from either region proposals or �xed anchor
boxes to nearby bounding boxes of a pre-de�ned target object classes [124].
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Chapter 3

Renewable Energy Integration in
Canadian Remote Communities

In this chapter, an optimization model for the long-term planning of RC MGs utilizing
RESs and ESSs, including hydrogen ESSs, with the objective of reducing costs and emission
is proposed. The model presented in this chapter intends to help RCs recognize and
quantify the potential bene�ts of implementing MGs through the use of RESs and ESSs,
promoting their adoption for RC MGs decarbonization. The particular gap this model
addresses is the inclusion of hydrogen systems as part of the ESS technologies considered
in the planning process.

3.1 Planning Model Description

The proposed planning model is formulated using the optimization framework presented
in Section 2.2.1 to plan the energy resources in RCs using solar panels, diesel, and wind
generators, in combination with battery and hydrogen ESSs. In addition to the plan-
ning constraints, restricting the type and amount of generation in di�erent years, the
model contains operational constraints with binary variables associated with the hourly
on/o� status of diesel generators, and the charging and discharging status of batteries and
hydrogen ESSs. Integer variables are used to prescribe the quantities of di�erent tech-
nologies for economic evaluation, while the variables representing the generation, State of
Charge (SOC) of batteries, and hydrogen ESSs are continuous. The model can therefore
be characterized as a MILP problem as described in detail next.
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In the equations that follow, all generators and storage capacities are part of the set
I = f ig, while existing diesel generators, new diesel generators, and RESs and ESSs form
the sub-setsE = f eg, N = f ng, and � = f pg, respectively. The subset � includes subsets
of solar panelsS = f sg, wind turbines W = f %g, batteries B = f bg, fuel cellsF = f f g,
electrolyzers � = f � g, and hydrogen tanksQ = f qg. Finally, y is the index used for years,
and the indexh is used for representative hours.

3.1.1 Objective Function

The following objective function represents the summation of the Net Present Value (NPV)
of the capital, fuel, and O&M costs of the generators in the MG:

Z =
X

i;y 8i 2f N; � g

K i;y A i;y +
X

i;y;h 8i 2f E;N g

� DF h;y;i +
X

i;y;h 8i 2f E;F;N g

�c i Pi;y;h +

X

i;y 8i 2 � � F

� Hci I i;y

(3.1)

whereK i;y is the NPV of the capital cost of a generation uniti , installed in year y; A i;y is
the amount of installed capacity ofi in year y; D is the unit cost of diesel fuel;F i;y;h is the
hourly diesel fuel consumption1; ci is the hourly O&M cost; Pi;y;h is the generated power
from generatori , in year y and hour h; and I i;y is the total installed capacity of generatori
in year y. Note that the total capital cost in the �rst term of (3.1) is de�ned over generators
� and N , and the fuel cost is considered only forN and E. Since the representative hoursh
are considering one day in each month, to reduce the size of the problem for computational
feasibility while maintaining adequate accuracy, there is 24 (average hours/month)� 12
(months), which equals 288 hours for each variable or parameter indexed byh. Factor �
represents the days of the month, i.e.,� = 30. The units of each parameter and variable
are shown in the Nomenclature section.

1F i;y;h is computed using the fuel curves available in [19], which are nonlinear and thus piece-wise
linearization is used for their representation.
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3.1.2 Constraints

Installed DER Capacity

The total installed capacity I i;y for i 2 f N; � g each year is calculated by updating the
total installed capacity of the previous yearI i;y � 1, as follows:

I i;y = A i;y + I i;y � 1 8i 2 f N; � g; y (3.2)

where the capacity additionsA i;y for i 2 f N; � � Sg at each year is de�ned by the product
of the number of generators added each yearN i;y , and their respective individual rated
capacity R i , as follows:

A i;y = N i;y R i 8i 2 f N; � � Sg; y (3.3)

Note that N i;y is an integer variable fori 2 � � S, and is a binary variable fori 2 N , since
only one diesel generator of a prede�ned capacity is allowed to be added to the generation
portfolio each year, to constraint emissions. Finally, the capacity additions of solarA s;y

is a continuous variable, as the installation of solar panels is more versatile since power
fractions can be accommodated in practice.

Supply-Demand Balance

The summation of the power generated by existing and new diesel generatorsPe;y;h and
Pn;y;h , solar panelsPs;y;h , wind turbines P%;y;h, fuel cellsPf;y;h , and battery storage discharge
Pdch

b;y;h should satisfy the total consumers' demandPd
y;h , the battery storage chargeP ch

b;y;h,
and the power consumed by the hydrogen ESS's electrolyzerP�;y;h , at each hourh and year
y, as follows:

X

i 2f E;F;N;S;W g

Pi;y;h +
X

B

Pdch
b;y;h = Pd

y;h +
X

B

P ch
b;y;h +

X

�

P�;y;h 8h; y (3.4)

Operating Reserves

To accommodate the uncertainties associated with demand, solar, and wind generation,
the rated capacity of existing diesel generatorsR e and the total installed capacity of new
diesel generatorsI n;y and fuel cellsI f;y , plus the batteries SOC per hourSOCb;y;h, have
to be greater than the hourly consumers demandPd

y;h by a given factor � , and solar and
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wind generation by given factors
 and � , respectively, for every hour during the planning
horizon, as follows:

(1 + � )Pd
y;h + 


X

S

Ps;y;h + �
X

W

P%;y;h �
X

E

Re +
X

i 2f F;N g

I i;y +
X

B

SOCb;y;h 8h; y

(3.5)

Diesel Generator Limits

At every hour during the planning horizon, the power generated by diesel generatorsPi;y;h

for i 2 f E; N g has to be less than or equal to the rated capacity of existing generatorsR e

and the total installed capacity of new diesel generatorsI n;y , and should also be greater
than the minimum loading level de�ned by i for i 2 f E; N g, which is a factor of the rated
capacity, as follows:

Pn;y;h � I n;y un;y;h 8n; h; y (3.6)

Pe;y;h � R eue;y;h 8e; h; y (3.7)

Pn;y;h �  n I n;y un;y;h 8n; h; y (3.8)

Pe;y;h �  eR eue;y;h 8e; h; y (3.9)

where ui;y;h for i 2 f E; N g is a binary variable indicating the operating on/o� state of
new and existing diesel generators. Equations (3.6) and (3.8) are nonlinear, and therefore
are linearized by introducing the continuous variableDn;y;h , for which 0 � Dn;y;h � �, to
replace the productDn;y;h = R eue;y;h, as follows [125]:

Pn;y;h � Dn;y;h 8n; y; h (3.10)

Pn;y;h �  nDn;y;h 8n; y; h (3.11)

where the following constraints must be added to forceDn;y;h to take the value ofR eue;y;h:

Dn;y;h � � � un;y;h 8n; y; h (3.12)

Dn;y;h � I n;y 8n; y; h (3.13)

Dn;y;h � I n;y � �(1 � un;y;h ) 8n; y; h (3.14)

Dn;y;h � 0 8n; y; h (3.15)
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Diesel Generator Service Life

The useful life of new diesel generators and the remaining life of existing diesel generators
� i for i 2 f E; N g, in hours, is taken into account by computing their total amount of
operating statesui;y;h for i 2 f E; N g during the planning horizon as follows:

X

h;y

�u i;y;h � � i 8i 2 f E; N g (3.16)

Note that the factor � = 30 is used to represent the life of the generators over a year.

Diesel Generator Availability

This constraint is used to re
ect the maintenance of existing and new generators during
the planning horizon. Thus, a percentage of the total number of available hoursT in an
average year is assigned for this purpose, as follows:

X

h

ui;y;h � H (1 � T ) 8i 2 f E; N g; y (3.17)

Solar Power Generation

The solar power generation output is computed as a direct function of the hourly incident
irradiance Gh, hourly cell temperature� h, and derating factor ' , which is a scaling factor
to account for e�ects of dust, wire loses, and other deviations of the solar output from its
ideal value, as follows:

Ps;y;h = ' I s;y

�
Gh

Gstc

�
[1 + �(� h � � stc)] 8s; y; h (3.18)

wherestc stands for standard test conditions.

Wind Power Generation

The wind power is computed as a function of the hourly wind speedSh as follows:

P%;y;h = W(I %;y; Sh) 8%; y; h (3.19)
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where the power generated by every wind turbine is computed using its turbine power
curve W(�) and the wind speedSh at every time-step [126].

Battery SOC and Limits

The following constraint computes the SOC of the batteries as a function of the batteries'
chargeP ch

b;y;h and dischargePdch
b;y;h for every hour of operationh, considering the charging

� ch and discharging� dch e�ciency rates:

SOCb;y;h+1 � SOCb;y;h = � chP ch
b;y;h �

Pdch
b;y;h

� dch
8b; y; h (3.20)

In order to track the continuity of the battery's SOC through the years, the SOC at the
�rst hour of the next year considers the SOC of the last hour of the previous year as follows:

SOCb;y+1 ;1 � SOCb;y;H = � chP ch
b;y;H �

Pdch
b;y;H

� dch
8b; y; h (3.21)

In addition, this SOC is subject to the following constraints re
ecting the minimum and
maximum capacity of the batteries:

SOCb;y;h � I b;y 8b; y; h (3.22)

SOCb;y;h � � I b;y 8b; y; h (3.23)

where� is a factor to indicate the depth of discharge of the batteries.

The following constraints re
ect the maximum charging and discharging limits respec-
tively, and are functions of the depth of discharge� , the total installed battery capacity
I b;y, and the continuous time duration of chargingtch and dischargingtdch, which are bat-
tery parameters chosen to keep reasonable equipment costs, while having adequate energy
resources in a day:

Pdch
b;y;h �

�
1 � �
tdch

�
I b;y 8b; y; h (3.24)

P ch
b;y;h �

�
1 � �
tch

�
I b;y 8b; y; h (3.25)

Furthermore, the following constraints guarantee minimum charging/discharging power at
a given hour:

Pdch
b;y;h � udch

b;y;h 8b; y; h (3.26)
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P ch
b;y;h � uch

b;y;h 8b; y; h (3.27)

whereudch
b;y;h and uch

b;y;h are binary variables indicating the battery operating states. Finally,
in order to prevent charging and discharging from occurring at the same time, the following
equation is used:

Pdch
b;y;hP ch

b;y;h = 0 8b; y; h (3.28)

which is not linear and is therefore substituted by the following set of equations:

Pdch
b;y;h � udch

b;y;hM 8 b; y; h (3.29)

P ch
b;y;h � uch

b;y;hM 8 b; y; h (3.30)

udch
b;y;h + uch

b;y;h � 1 8b; y; h (3.31)

whereM is a large number used to ensure (3.29) and (3.30) are redundant if their associated
binary variable becomes 1. Finally, the following constraint de�nes the life span of each
battery for C cycles of charge and discharge, assuming that each cycle is de�ned as one
sequence of charge and discharge:

X

h;y

(P ch
b;y;h + Pdch

b;y;h) � C
X

y

A b;y 8b (3.32)

Hydrogen System

The hydrogen system is composed of an electrolyzer, consuming electricityP�;y;h for gen-
erating the hydrogen that is stored at high pressure in tanks, which is used later by the
fuel cells to generate electricityPf;y;h , as illustrated in Figure 3.1. For this system, the
SOC of the hydrogen tank for every hour of operationSOCq;y;h is a function of the power
generated by the fuel cellsPf;y;h and the power consumed by the electrolyzerP�;y;h , which
can be transformed into hydrogen consumption as follows [127]:

SOCq;y;h+1 � SOCq;y;h =
1

1 + lC

P�;y;h � �

V
�

Pf;y;h

V � f
8q; y; h (3.33)

In order to track the continuity of the hydrogen tank SOC through the years, the SOC at
the �rst hour of the next year considers the SOC of the last hour of the previous year as
follows:

SOCq;y+1 ;1 � SOCq;y;H =
1

1 + lC

P�;y; H � �

V
�

Pf;y; H

V � f
8q; y; h (3.34)
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where, for every yeary, the hourly SOC limits of the hydrogen tank are constrained as
follows:

SOCq;y;h � #I q;y 8q; y; h (3.35)

SOCq;y;h � #I q;y 8q; y; h (3.36)

V is the Higher Heating Value of Hydrogen;lC is the hydrogen compressor load;I i;y

is the net capacity of the hydrogen tank;� f and � e are the e�ciency of fuel cells and
electrolyzers, respectively; and# and # are per unit constants de�ning the maximum and
minimum hydrogen tank limits.

In addition, the power generated by the fuel cellsPf;y;h and the power consumed by
the electrolyzersP�;y;h are constrained by their total installed capacityI i;y for i 2 f F; � g
as follows:

Pi;y;h � I i;y 8i 2 f F; � g; y; h (3.37)

Figure 3.1: Schematic representation of a hydrogen storage system.

3.2 Case Study

The model proposed in Section 3.1 is used to investigate the feasibility of integrating RESs
and ESSs in the planning of the MG of Sanikiluaq. This is an Inuit RC of 850 residents
that is located in the southernmost part of Nunavut, about 150 kilometers o� the west
coast of Nunavik, Quebec, on the Belcher Islands (see Figure 3.2 [96]). Sanikiluaq is the
only permanent settlement of the archipelago and the center of administration, trade, and
communal life, as other parts of the islands serve as temporary residences. This community
generates and distributes its own electricity in an independent/islanded fashion, and diesel
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is used for electricity generation, in addition to its use for heating and transportation [128].
The various parameters needed to apply the planning model presented in Section 3.1 to
this RC are provided next.

Figure 3.2: Sanikiluaq community.

Electricity Demand

The hourly load for the Sanikiluaq community was extracted from [19] and [126] and is
depicted in Figure 3.3. This data can be used to calculate the hourly averages for a year
with 288 representative hours, as explained in Section 3.1.

Existing Diesel Generators

The main characteristics of the existing diesel generators are presented in Table 3.1. It
is assumed that the minimum load of these generators is a typical 40% of their nominal
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Figure 3.3: Sanikiluaq's yearly average load pro�le.

power, i.e., e = 0:4. In addition, Generators 1, 2, and 7 are in standby mode during even
years, whereas Generators 3, 4, 5, and 6 are in standby mode during odd years, throughout
the planning horizon. All generators, including those in standby mode, are assumed to act
as reserves for the MG, as per [19] and [126].

New Diesel Generators

It is assumed that diesel generators may be aggregated to the generation portfolio for load
supply and as reserves. Therefore, two types of diesel generators were considered, with
their main characteristics being presented in Table 3.2. It was assumed that the minimum
load of these generators is also a typical 40% of their nominal power, i.e., n = 0:4, as per
[19] and [126].
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Table 3.1: Main Generators' characteristics at Sanikiluaq
Fuel consumption curve parameters

Gen. Capacity Lifetime a b c
[kW] [h] [l=h=kW2] [l=h=kW] [l=h]

1 330 35,339 -0.0006 0.5212 -15
2 330 21,600 -0.0006 0.5212 -15
3 330 14,400 -0.0006 0.5212 -15
4 330 7,200 -0.0006 0.5212 -15
5 500 64,696 0.00003 0.2105 10.3
6 540 68,820 0.00003 0.2144 10.3
7 550 100,000 0.00003 0.2105 10.3

O&M 0.0218$/kWh - For all generators

Table 3.2: New diesel generator parameters

Gen.
Capacity Lifetime a b c

[kW] [h] [l=h=kW2] [l=h=kW] [l=h]
1 320 100,000 -0.0002 0.3287 3
2 520 100,000 -0.00003 0.2227 10.3

Cost 727$/kW - For all generators
O&M 0.0191$/kWh - For all generators

Solar Panels and Irradiance

Solar panels are assumed to be connected through an inverter to the MG. The solar cell
temperature� and monthly solar irradianceG, with their averages, are illustrated in Figure
3.4, as per [19,129]. The operational parameters and costs associated with the panels are
shown in Table 3.3.

Table 3.3: Solar panels parameters at Sanikiluaq
Cost O&M � ' Lifetime � stc Gstc

[$/kW] [$/kWh] [pu/ � C] [%] [years] [� C] [kW/m 2]
5,082 0.0145 -0.041 98 20 25 1
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Figure 3.4: Sanikiluaq's monthly average (a) temperatures� and (b) solar irradianceG.

Wind Turbines and Speed

Wind generators with 250 kW of nominal capacity were considered with the monthly
average wind speeds shown in Figure 3.5. The economic and technical input parameters

40




	List of Tables
	List of Figures
	List of Acronyms
	Nomenclature
	Introduction
	Motivation
	Literature Review
	Remote Community Microgrids
	Multi-Microgrid Planning
	Microgrid Planning Under Uncertainty
	Application of GIS for RES Evaluation and Power Systems Planning
	Discussion

	Research Objective
	Thesis Outline

	Background Review
	Canadian Remote Community Microgrids
	Microgrid Planning
	Isolated Microgrid Planning
	Multi-Microgrid System Planning

	Optimization under Uncertainty
	Monte Carlo Simulations (MCS)
	Single Stage Stochastic Linear Programming (SSLP)
	Two-Stage Stochastic Programming (TSSP)
	Scenario Tree Generation

	Geographic Information Systems
	Deep Learning

	Summary

	Renewable Energy Integration in Canadian Remote Communities
	Planning Model Description
	Objective Function
	Constraints

	Case Study
	Scenarios
	Assumptions and Criteria
	Results and Discussion

	Summary

	Two-Stage Stochastic Optimization Model for Multi-Microgrid Planning
	Planning Model for Medium Voltage Grid
	Objective Function
	Constraints
	TSSP Model
	SSLP and Deterministic Models

	Simulations and Results
	Case Study
	Assumptions and Simulation Criteria
	Numerical Results
	Sensitivity Analysis

	Summary

	GI-based Stochastic Optimization Model for Multi-Microgrid Planning
	Medium and Low Voltage Grid Planning Model
	Objective Function
	Constraints
	TSSP Model

	DER and LV Network Identification through GIS Tools
	Solar PV Potential
	MV/LV Network Modelling

	Simulations and Results
	Case Study
	Assumptions
	Numerical Results

	Summary

	Conclusions
	Summary and Conclusions
	Contributions
	Future Work

	References

