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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 fight
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 efforts 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 financially 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 efficiency, reliability and flexibility, 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 benefits 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 effectively 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 offering 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 specific parameters within the
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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 satisfied 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 electrification 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 RCMGs 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 flexibility 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 different 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 efficiency 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 different mixtures of non-RESs and RESs, including hydrogen ESSs,
is proposed in [25] using HOMER1, it is observed that a significant 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 different 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 briefly
presented next. For instance, references [39–46] explore different 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] offers 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 identified 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
significantly 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 different 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 reconfiguration
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 profiles. 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 affect 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-
sufficient 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 identification and estimation of RESs using GIS have been proposed by different
authors. For instance, in [78], wind energy potential with consideration of environmental
impacts is studied in different 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 different 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, different 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-off 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 finding 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 confidence 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 fulfill the aforementioned
gaps identified in the existing literature. Therefore, a model for the planning of RC MGs
that considers hydrogen systems as part of its ESSs is first 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:

• 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.

• 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.

• 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.

• 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.

• Propose a methodology to estimate the location of the MV and LV ADN and define
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.

• Test and validate the MV and LV planning models in a real system, based on an ADN
at a municipality in the state of São 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:

• 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.

• 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.

• 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.

• 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.

• 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 RCMGs, 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 differentiated 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 benefit 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 significant 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 flexibility 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, effective 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 different 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 different, 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 flexibility and reliability using RESs and ESSs [7,16,17]. The
planning of MGs can be defined as a strategic process that justifies 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.

Objective 
Function

Cost 
Minimization

Capital Costs

O&M

Fossil Fuel Costs

Supply - Demand Constraint

Operating Reserves

DER Generation Output

Constraints DER Operating Constraints

Operating limits

Lifetime

Availavility (Maintenance)

Energy Storage Systems

Charge/Discharge limits

State of Charge (SOC)

Lifetime

Optimization 
Problem

Investment limits

Fuel Consumption

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 defined 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 different 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 satisfied 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 reflecting 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.

Different 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 define 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:

• 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 specific boundaries for the
installation of DERs.

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

• 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.

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

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

• 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

cTx+ qTy

s.t. Ax = b

Tx+Wy = ω

x ≥ 0, y ≥ 0

(2.1)

where x 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, ω can be assumed
to be a constant parameter, whereas, for stochastic problems, ω 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 ω 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 variable x, i.e, µ = E(x), where a set of random and
independent values x1, x2, ..., xn is defined using x’s pdf. The average of these sampled
values can be determined as follows:

ûn =
1

n

n∑
i=1

xi (2.2)

which is considered an estimate of the expected value µ. This principle can be used to
solve (2.1) for a large set of samples Ω = {ω1, ω2, ω3, ...ωNc} defined using ω’s pdf, for
which the optimization problem (2.1) is solved Nc times, where the average value of the
objective function converges to a constant value. Thus, the following problem is solved for
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k = 1, .., Nc:

min
xk,yk

cTxk + qTyk

s.t. Axk = b

Txk +Wyk = ωk

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 finite number of possible values or realizations Ω = {ω1, ω2, ω3, ...ωN} with
corresponding probabilities p1, p2, p3, ..., pN . In this case, (2.1) can be written for each
realization of the uncertain value ωk as the following equivalent stochastic model:

min
xk,yk

N∑
k=1

(cTxk + qTyk)pk

s.t. Axk = b ∀k = 1, ..., N

Txk +Wyk = ωk

xk ≥ 0, yk ≥ 0

(2.4)

thus minimizing the expected value E 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 efficiently combines the aforementioned characteristics of the problem by dividing
the decisions into two stages. Thus, the objective function includes the first 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 first for clarity:

min
yk

Qk = qTyk

s.t. Txk +Wyk = ωk ∀k = 1, ..., N

yk ≥ 0

(2.5)

where yk are the second stage decision vectors and xk are the first stage decision vectors.
The optimal values of this stage can be defined as Q∗

k(x,Ω). On the other hand, the first
stage problem can be formulated as follows:

min
x

cTx+ E[Q∗
k(x,Ω)]

s.t. Ax = b

x ≥ 0

(2.6)

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

min
x,yk

cTx+
N∑
k=1

pkq
Tyk

s.t. Ax = b

Tx+Wyk = ωk ∀k = 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 Ω are assumed to follow a probability pΩ. 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 fit of the data; however, other scenario
generation and reduction techniques based on other pdfs could be used to build the scenario
tree to fit the statistical properties of the data [109].

Geometric Brownian Motion

Any continuous stochastic process X(t) is a Brownian motion (BM) with drift coefficient
µ and variance σ2 if X(0) = 0, X(t) has stationary and independent increments, and X(t)
is normally distributed with mean µt and variance σ2

t . The stochastic process S(t) = eX(t)

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

S(t)

)
is normally distributed with mean

uS and standard deviation σS, and therefore has the expected value E, variance Var, and
skewness sk of a Log-normal pdf, as follows [108]:

E
(
S(t+ 1)

)
= S(t)eµS+

σ2
S
2 (2.8)

Var
(
S(t+ 1)

)
= S(t)2(eσ

2
S − 1)e2µS+σ2

S (2.9)

sk
(
S(t+ 1)

)
= (eσ

2
S + 2)

√
eσ

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 define the optimal values for a pre-specified structure for the scenario tree, which
minimizes the squared difference 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

∑
j

θj

(
fj(X,P )− SV ALj

)2

s.t.
∑
j∈S

ps = 1,

ps ≥ 0

(2.11)

where S is the set of all specified statistical properties j, and SV ALj
is the specified value

for the jth 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, and P
represents the associated probabilities; fj(X,P ) is the mathematical discrete expression of
the jth statistical property of interest, computed for X and P ; and θj denotes the weight
for the jth statistical property [107,108].

2.4 Geographic Information Systems

GI is defined 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]:

• 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 field (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 flow analysis, and electricity
demand growth [14,113].

• 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 identification, 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 difference 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., infiltration, 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 profiles,
bird migration patterns, and strobe light effects), 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 classification [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.

• 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 interaction by making
the kernel smaller than the input, parameter sharing by using the same parameter
for more than one function in a model, and equivariance by affecting the inputs and
outputs in the same way.
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• 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 modified. 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.

• 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 classification.

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 predefined set of categories [121]. Thus, this is
used here to detect building footprints, which is very useful for defining potential areas
for solar PV installation. There are different 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]:

• 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 identified 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 fires up or
not.

2RoI is defined 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 classification.
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Figure 2.9: The Mask R-CNN framework for instance segmentation.

• Stage 2: In this stage, using a method called RoiPool, features are extracted from
each candidate box and classification 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 fixed anchor
boxes to nearby bounding boxes of a pre-defined 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 benefits 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 different years, the
model contains operational constraints with binary variables associated with the hourly
on/off status of diesel generators, and the charging and discharging status of batteries and
hydrogen ESSs. Integer variables are used to prescribe the quantities of different 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 = {i}, while existing diesel generators, new diesel generators, and RESs and ESSs form
the sub-sets E = {e}, N = {n}, and Π = {p}, respectively. The subset Π includes subsets
of solar panels S = {s}, wind turbines W = {ϱ}, batteries B = {b}, fuel cells F = {f},
electrolyzers Ξ = {ξ}, and hydrogen tanks Q = {q}. Finally, y is the index used for years,
and the index h 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 =
∑

i,y ∀i∈{N,Π}

Ki,yAi,y +
∑

i,y,h ∀i∈{E,N}

λDFh,y,i+
∑

i,y,h ∀i∈{E,F,N}

λciPi,y,h+∑
i,y ∀i∈Π−F

λHciIi,y

(3.1)

where Ki,y is the NPV of the capital cost of a generation unit i, installed in year y; Ai,y is
the amount of installed capacity of i in year y; D is the unit cost of diesel fuel; Fi,y,h is the
hourly diesel fuel consumption1; ci is the hourly O&M cost; Pi,y,h is the generated power
from generator i, in year y and hour h; and Ii,y is the total installed capacity of generator i
in year y. Note that the total capital cost in the first term of (3.1) is defined over generators
Π and N , and the fuel cost is considered only for N and E. Since the representative hours h
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 by h. Factor λ
represents the days of the month, i.e., λ = 30. The units of each parameter and variable
are shown in the Nomenclature section.

1Fi,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 Ii,y for i ∈ {N,Π} each year is calculated by updating the
total installed capacity of the previous year Ii,y−1, as follows:

Ii,y = Ai,y + Ii,y−1 ∀i ∈ {N,Π}, y (3.2)

where the capacity additions Ai,y for i ∈ {N,Π−S} at each year is defined by the product
of the number of generators added each year Ni,y, and their respective individual rated
capacity Ri, as follows:

Ai,y = Ni,yRi ∀i ∈ {N,Π− S}, y (3.3)

Note that Ni,y is an integer variable for i ∈ Π−S, and is a binary variable for i ∈ N , since
only one diesel generator of a predefined capacity is allowed to be added to the generation
portfolio each year, to constraint emissions. Finally, the capacity additions of solar As,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 generators Pe,y,h and
Pn,y,h, solar panels Ps,y,h, wind turbines Pϱ,y,h, fuel cells Pf,y,h, and battery storage discharge
P dch
b,y,h should satisfy the total consumers’ demand P d

y,h, the battery storage charge P ch
b,y,h,

and the power consumed by the hydrogen ESS’s electrolyzer Pξ,y,h, at each hour h and year
y, as follows: ∑

i∈{E,F,N,S,W}

Pi,y,h +
∑
B

P dch
b,y,h = P d

y,h +
∑
B

P ch
b,y,h +

∑
Ξ

Pξ,y,h ∀h, y (3.4)

Operating Reserves

To accommodate the uncertainties associated with demand, solar, and wind generation,
the rated capacity of existing diesel generators Re and the total installed capacity of new
diesel generators In,y and fuel cells If,y, plus the batteries SOC per hour SOCb,y,h, have
to be greater than the hourly consumers demand P d

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

(1 + β)P d
y,h + γ

∑
S

Ps,y,h + ρ
∑
W

Pϱ,y,h ≤
∑
E

Re +
∑

i∈{F,N}

Ii,y +
∑
B

SOCb,y,h ∀h, y

(3.5)

Diesel Generator Limits

At every hour during the planning horizon, the power generated by diesel generators Pi,y,h

for i ∈ {E,N} has to be less than or equal to the rated capacity of existing generators Re

and the total installed capacity of new diesel generators In,y, and should also be greater
than the minimum loading level defined by ψi for i ∈ {E,N}, which is a factor of the rated
capacity, as follows:

Pn,y,h ≤ In,yun,y,h ∀n, h, y (3.6)

Pe,y,h ≤ Reue,y,h ∀e, h, y (3.7)

Pn,y,h ≥ ψnIn,yun,y,h ∀n, h, y (3.8)

Pe,y,h ≥ ψeReue,y,h ∀e, h, y (3.9)

where ui,y,h for i ∈ {E,N} is a binary variable indicating the operating on/off state of
new and existing diesel generators. Equations (3.6) and (3.8) are nonlinear, and therefore
are linearized by introducing the continuous variable Dn,y,h, for which 0 ≤ Dn,y,h ≤ Υ, to
replace the product Dn,y,h = Reue,y,h, as follows [125]:

Pn,y,h ≤ Dn,y,h ∀n, y, h (3.10)

Pn,y,h ≥ ψnDn,y,h ∀n, y, h (3.11)

where the following constraints must be added to force Dn,y,h to take the value of Reue,y,h:

Dn,y,h ≤ Υ · un,y,h ∀n, y, h (3.12)

Dn,y,h ≤ In,y ∀n, y, h (3.13)

Dn,y,h ≥ In,y −Υ(1− un,y,h) ∀n, y, h (3.14)

Dn,y,h ≥ 0 ∀n, 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
αi for i ∈ {E,N}, in hours, is taken into account by computing their total amount of
operating states ui,y,h for i ∈ {E,N} during the planning horizon as follows:∑

h,y

λui,y,h ≤ αi ∀i ∈ {E,N} (3.16)

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

Diesel Generator Availability

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

h

ui,y,h ≤ H(1− T ) ∀i ∈ {E,N}, 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 τh, and derating factor φ, which is a scaling factor
to account for effects of dust, wire loses, and other deviations of the solar output from its
ideal value, as follows:

Ps,y,h = φIs,y

(
Gh

Gstc

)
[1 + ι(τh − τstc)] ∀s, y, h (3.18)

where stc stands for standard test conditions.

Wind Power Generation

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

Pϱ,y,h = W (Iϱ,y, Sh) ∀ϱ, 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 speed Sh at every time-step [126].

Battery SOC and Limits

The following constraint computes the SOC of the batteries as a function of the batteries’
charge P ch

b,y,h and discharge P dch
b,y,h for every hour of operation h, considering the charging

ηch and discharging ηdch efficiency rates:

SOCb,y,h+1 − SOCb,y,h = ηchP ch
b,y,h −

P dch
b,y,h

ηdch
∀b, y, h (3.20)

In order to track the continuity of the battery’s SOC through the years, the SOC at the
first 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 = ηchP ch
b,y,H −

P dch
b,y,H

ηdch
∀b, y, h (3.21)

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

SOCb,y,h ≤ Ib,y ∀b, y, h (3.22)

SOCb,y,h ≥ δIb,y ∀b, y, h (3.23)

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

The following constraints reflect the maximum charging and discharging limits respec-
tively, and are functions of the depth of discharge δ, the total installed battery capacity
Ib,y, and the continuous time duration of charging tch and discharging tdch, which are bat-
tery parameters chosen to keep reasonable equipment costs, while having adequate energy
resources in a day:

P dch
b,y,h ≤

(
1− δ

tdch

)
Ib,y ∀b, y, h (3.24)

P ch
b,y,h ≤

(
1− δ

tch

)
Ib,y ∀b, y, h (3.25)

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

P dch
b,y,h ≥ udchb,y,h ∀b, y, h (3.26)
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P ch
b,y,h ≥ uchb,y,h ∀b, y, h (3.27)

where udchb,y,h and uchb,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:

P dch
b,y,hP

ch
b,y,h = 0 ∀b, y, h (3.28)

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

P dch
b,y,h ≤ udchb,y,hM ∀b, y, h (3.29)

P ch
b,y,h ≤ uchb,y,hM ∀b, y, h (3.30)

udchb,y,h + uchb,y,h ≤ 1 ∀b, 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 defines the life span of each
battery for C cycles of charge and discharge, assuming that each cycle is defined as one
sequence of charge and discharge:∑

h,y

(P ch
b,y,h + P dch

b,y,h) ≤ C
∑
y

Ab,y ∀b (3.32)

Hydrogen System

The hydrogen system is composed of an electrolyzer, consuming electricity Pξ,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 electricity Pf,y,h, as illustrated in Figure 3.1. For this system, the
SOC of the hydrogen tank for every hour of operation SOCq,y,h is a function of the power
generated by the fuel cells Pf,y,h and the power consumed by the electrolyzer Pξ,y,h, which
can be transformed into hydrogen consumption as follows [127]:

SOCq,y,h+1 − SOCq,y,h =
1

1 + lC

Pξ,y,hηξ
V

− Pf,y,h

V ηf
∀q, y, h (3.33)

In order to track the continuity of the hydrogen tank SOC through the years, the SOC at
the first 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

Pξ,y,Hηξ
V

− Pf,y,H

V ηf
∀q, y, h (3.34)
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where, for every year y, the hourly SOC limits of the hydrogen tank are constrained as
follows:

SOCq,y,h ≤ ϑIq,y ∀q, y, h (3.35)

SOCq,y,h ≥ ϑIq,y ∀q, y, h (3.36)

V is the Higher Heating Value of Hydrogen; lC is the hydrogen compressor load; Ii,y

is the net capacity of the hydrogen tank; ηf and ηe are the efficiency of fuel cells and
electrolyzers, respectively; and ϑ and ϑ are per unit constants defining the maximum and
minimum hydrogen tank limits.

In addition, the power generated by the fuel cells Pf,y,h and the power consumed by
the electrolyzers Pξ,y,h are constrained by their total installed capacity Ii,y for i ∈ {F,Ξ}
as follows:

Pi,y,h ≤ Ii,y ∀i ∈ {F,Ξ}, 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 off 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 profile.

power, i.e., ψe = 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., ψn = 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/kW 2] [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/kW 2] [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 τ and monthly solar irradiance G, 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 ι φ Lifetime τstc Gstc

[$/kW] [$/kWh] [pu/◦C] [%] [years] [◦C] [kW/m2]
5,082 0.0145 -0.041 98 20 25 1
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Figure 3.4: Sanikiluaq’s monthly average (a) temperatures τ and (b) solar irradiance G.

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
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for the model are presented in Table 3.4, as per [129]. The turbine curveW (·) was assumed
linear between the cut-in and nominal speed, based on the actual power curves provided
in [126], as shown in Table 3.4:

Table 3.4: Parameters of wind generators
Cut-in Speed Nominal Speed Cut-out speed Lifetime

[m/s] [m/s] [m/s] [years]
2.5 7.5 25 20

Power Curve

W (S) = 30S − 75 kW for 2.5 ≤ S < 5
W (S) = 35S − 100 kW for 5 ≤ S < 7.5
W (S) = 250 kW for S ≤ 7.5 < 25
W (S) = 0 kW Otherwise

Cost 7,943 $/kW
O&M 0.0363 $/kWh

Figure 3.5: Average wind speed S at 21m hub height.
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Batteries

The battery modules in the MG planning model are assumed to be lithium-ion batteries
with 100 kWh and 20 kW peak power of charge/discharge, i.e., tch = tdch = 4h for δ = 0.2,
as per [19] and [126]. The economic and technical parameters for the implemented battery
model are presented in Table 3.5.

Table 3.5: Battery parameters
Cost O&M SOC0 ηCh ηDCh

[$/kWh] [$/kWh] [%] [%] [%]
1,504 0.0069 50 95 95

Hydrogen System

To model a hydrogen system, the fuel cells, an electrolyzer, and a hydrogen tank need to
be considered. The costs and main characteristics of these elements are presented in Table
3.6, as per [129,130].

Table 3.6: Hydrogen system parameters
Parameter Fuel Cells Electrolyzer Hydrogen Tank
Capacity 250 kW 330 kW 200 kg
Cost 168,581 $/u 1,279,000 $/u 249,745 $/u
O&M 2 $/h 194 $/y 12,400 $/y

Efficiency ηFC = 60% ηE = 70% -
Lifetime 50,000 h 15 y 25 y
System V = 39.4 kWh, lC = 0.02 pu

Constants ϑ = 0.95 pu, ϑ = 0.15 pu

3.2.1 Scenarios

Five scenarios are defined to apply the long-term planning model presented in Section
3.1. Note that in order to highlight the contributions of solar generators, each scenario
includes one case with solar and one case without solar generators. The cases with solar
generation are labeled with A, and the ones without solar are labeled with B. Thus, the
main characteristics of these scenarios, considering all possible combinations of DERs, are
as follows:
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• Business-As-Usual (BAU ) or Base Case: In this scenario, the only source of genera-
tion considered is diesel generation. Other DERs are not included here, as a base of
comparison for other scenarios considered in terms of costs, use of diesel, and GHG
emission reductions.

• 1A (I) and 1B (I − S): These scenarios include all DERs, i.e., diesel (E,N), solar
(S), wind (W ), batteries (B), and hydrogen (F,Q,Ξ).

• 2A (I −B) and 2B (I − {B, S}): All DERs except batteries are considered in these
scenarios.

• 3A (I − {F,Q,Ξ}) and 3B (I − {F, S,Q,Ξ}): All DERs except hydrogen ESSs are
considered in these scenarios.

• 4A (Π) and 4B (Π−S): In these scenarios, only RESs and ESSs are considered. Diesel
generation is considered but exclusively for reserves, to represent an MG supplied
primarily by renewable generation.

3.2.2 Assumptions and Criteria

The MILP model, described in Section 3.1, was solved using GAMS [131], with the CPLEX
solver. The following are the assumed values for the remaining model parameters [19,126,
129]:

• A typical discount rate of 8% for private investments is used.

• A reasonable planning horizon of 20 years is considered.

• Standard operating reserves for system adequacy of 50% for wind (ρ = 0.5), 25% for
solar (γ = 0.25), and 10% for load (β = 0.1) are considered [126,132].

• An average load growth of 1.0%/year is considered for this RC MG considering the
undergoing plans for energy efficiency and district thermal generation [133].

• It is assumed that the cost of the technology will not be changing throughout the
planning horizon, as the balance of the increasing equipment transportation costs
and decreasing capital costs may cancel each other for RCs.

• Ramping up/down constraints are not considered, since all diesel generators are able
to turn on and off in fractions of an hour.
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• The cost of diesel is fixed at 2.391 $/l, which is a high unsubsidized cost, as per [126].

• The maintenance time for all diesel generators is T = 0.1 [126].

• The cycles of charge and discharge for the batteries is C = 3000 [126].

• To control the inclusion of certain RESs and ESSs, for the considered scenarios, at
least one battery module, 1% of the annual energy supplied by solar, and/or one
hydrogen system module are assumed, otherwise, the model does not include these
DERs due to the cost minimization approach.

• The investment in RESs is allowed only in the first 5 years, assuming that this will
be a pilot project for RES integration in RCs, and new diesel generators are assumed
to be added from the 3rd to 10th year as per [126].

• For the cases where hydrogen is included in the MG, one full system is included in
the first year as part of a pilot implementation, leaving the algorithm to decide for
additional capacities assumed to be in future years. Thus, at least one electrolyzer
needs to be replaced at year 16, according to its useful lifetime, assuming a zero
salvage value.

3.2.3 Results and Discussion

The results of the simulations are shown and discussed in this section. Thus, the energy
mix resulting from running each scenario can be observed in Figure 3.6, which illustrates
the following:

• Scenarios 1B and 3B, in which solar generation is not considered, recommend in-
vestment in diesel generation. Note that larger diesel generation capacities are rec-
ommended in Scenario 3B, in which the only source of storage is batteries. Wind
generators do not replace solar generation as they have a larger capacity, which is
not needed to satisfy demand.

• Note that Scenario 3A shows the least capacity additions needed for the long-term
operation of the RC MG, where neither diesel generators nor fuel cells are considered,
and also highlights the versatility of solar PV, as explained in Section 3.1.2. In
addition, the total capacity in Scenario 3B is higher than the one in Scenario 3A
since more than one diesel generator is required to supply the demand.
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• In all scenarios, storage capacities of either fuel cells or batteries are used. For
example, in the scenarios with only fuel cells (2A and 2B), the energy that has
not been served by RESs or diesel generators is served by hydrogen ESSs. Also,
in Scenarios 3A and 3B, batteries are used, as these are the only available storage
capacity.

• In Scenarios 1A and 1B, in which the model can choose between investment in hy-
drogen or batteries, it recommends a portion of both ESSs.

• Observe that, for the scenarios where hydrogen ESSs are considered, the electrolyzer
capacity additions have been included in Figure 3.6. These elements will increase the
demand during the operation of the RC MG, as explained in Section 3.1.2.

• In Scenarios 4A and 4B, in which diesel generators are not allowed, more investment
in storage capacities is recommended due to the required system operating reserves
that account for variability for wind, solar, and load.

In Figures 3.7 and 3.8 the comparisons among costs and GHG emission reductions
for different scenarios are illustrated. Thus, Figure 3.7 depicts different types of costs
associated with each scenario, and Figure 3.8 illustrates the reductions of the total cost,
O&M costs, and GHG reductions in relation to BAU. As observed in Figure 3.8, the total
O&M costs decrease from 41% (3B) to 82% (4A), and the total costs decrease from 16%
(3B) to 34% (1B), with respect to BAU. Similarly, the cost of fuel is reduced from 52%
(3B) to 100% (4A and 4B), with respect to BAU. The most expensive scenario is 4B, in
which all RESs except solar are recommended, surpassing the total cost of BAU by only
0.16%, while reducing GHG emissions by 100%. In addition, even though Scenarios 3A
and 3B recommend the lowest capacity additions among other scenarios, their O&M and
fuel costs are higher, resulting in a considerably higher total cost. Observe also that the
cases with only hydrogen storage systems (2A and 2B) are less expensive than the cases
with only batteries as the storage capacity (3A and 3B).

Figures. 3.9 and 3.10 present the hourly operation of the MG generators and storage
systems versus demand, according to (3.4), during the 10th year of its operation for Sce-
narios 1A and 4A, which are chosen as they differ on their type of generation. Note that
Scenario 1A allows all DERs including diesel, while Scenario 4A allows only ESSs and
RESs. As shown, both batteries and hydrogen ESSs in combination with other DERs are
incorporated in the generation mix of the MG to satisfy the hourly demand. Observe also
that the hydrogen systems can considerably increase the total demand of the MG because
of the presence of electrolyzers, but the cost is still reasonable with very low or zero GHG
emissions.
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Figure 3.6: Total capacity additions during the planning horizon.

3.3 Summary

In this chapter, an optimization model for the long-term planning of RC MGs including
RESs and ESSs was proposed with the objective of reducing costs and GHG emissions.

46



Figure 3.7: Associated costs of the MG planning for 20 years.

The proposed model considers lithium-ion batteries and hydrogen systems as part of ESSs
technologies. The model was used to investigate the feasibility of integrating RESs and
ESSs in an MG in Sanikiluaq, an RC in the Nunavut territory in Northern Canada. The
results showed 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.
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Figure 3.8: Reduction of cost and emission compared to the Base Case (BAU).

Figure 3.9: Case 1A operation of the MG for the 10th year.
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Figure 3.10: Case 4A operation of the MG for the 10th year.
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Chapter 4

Two-Stage Stochastic Optimization
Model for Multi-Microgrid Planning

In this chapter, the model presented in Chapter 3 is expanded by incorporating uncer-
tainties associated with demand and RES using a TSSP approach for the planning of
interconnected MGs in the context of ADNs. The model presented in this chapter is from
the point of view of the system operator to support their long-term planning decision-
making, while considering the MV network. This model is further expanded in Chapter
5 to include the LV network with the help of GIS and ML tools for more realistic MMG
planning.

4.1 Planning Model for Medium Voltage Grid

The proposed planning model is based on the one presented in Chapter 3, where the index
m is added to variables and parameters related to demand, RESs, and ESSs to indicate
their operations and investment within each MG, and the index l is added to indicate the
transactions between two independent MGs as part of the supply-balance constraints. In
addition, for the operational constraints, index ω is introduced to account for the stochastic
scenarios since this model is formulated using the TSSP optimization framework introduced
in Section 2.3.3.

The planning model in this chapter is used to plan the energy resources in an MMG
system, using RESs and ESSs, without considering neither diesel generation nor hydrogen
ESSs, i.e., i ∈ {S,B}, as these DERs are atypical in urban ADNs, where MMG systems
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are expected to evolve, due to space and environmental considerations. The MV grid
is modeled by considering the maximum power transfer capacity at the PCC, without
including the electrical characteristics of the feeders. Furthermore, in addition to planning
constraints defining the type and amount of RESs and ESSs in each year, the model
contains operational constraints with binary variables associated with the hourly charging
and discharging status of batteries, and the power transactions between the participant
MGs and the ADN. Integer variables are used to specify the size of RESs and ESSs for
planning decisions, while the variables representing the power generation, batteries charge,
discharge and hourly SOC, and the power transactions are considered continuous. The
model can thus be characterized as an MILP problem, as described in detail next.

4.1.1 Objective Function

In this model, the objective function is formulated as the summation of the discounted
capital costs or NPV (first stage objective function) and the expected discounted O&M and
energy transaction costs (second stage objective function) of different stochastic scenarios
ω with corresponding probabilities pω. Thus, (3.1) is modified to include these transaction
costs as follows:

Z = C(Ai,y,m) +
∑
ω

(
OB

ω (P
ch
b,y,h,m,ω, P

dch
b,y,h,m,ω) +OS

ω(Ps,y,h,m,ω)

+Ebuy
ω (P r

y,h,m,l,ω, P
′r
y,h,m,ω)− Esell

ω (P s
y,h,m,l,ω, P

′s
y,h,m,ω)

)
pω

(4.1)

where the discounted capital cost, discounted O&M cost for RESs and batteries, and the
discounted cost of the energy purchased and sold are given by the following functions C(·),
OS

ω(·), OB
ω (·), Ebuy

ω (·), and Esell
ω (·) respectively:

C(Ai,y,m) =
∑
i,y,m

Ki,y,mAi,y,m (4.2)

OS
ω(Ps,y,h,m,ω) = λ

∑
s,y,h,m

cs,y,mPs,y,h,m,ω ∀ω (4.3)

OB
ω (P

ch
b,y,h,m,ω, P

dch
b,y,h,m,ω) = λ

∑
b,y,h,m

cb,y,m
(
P ch
b,y,h,m,ω + P dch

b,y,h,m,ω

)
∀ω (4.4)
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Ebuy
ω (P r

y,h,m,l,ω, P
′r
y,h,m,ω) = λ

∑
y,h,m

(∑
l

P r
y,h,m,l,ωel + P

′r
y,h,m,ωea

)
∀ω (4.5)

Esell
ω (P s

y,h,m,l,ω, P
′s
y,h,m,ω) = λ

∑
y,h,m

em

(∑
l

P s
y,h,m,l,ω + P

′s
y,h,m,ω + P d

y,h,m,ω

)
∀ω (4.6)

where factors λ = 30 and H = 288 are used to carry out the calculations over the whole
year, where H is the total number of representative hours in a year, i.e., 24 × 12 = 288
hours, based on a 24-hours average day for each of the 12 months. This approach is used
to reduce the problem size in view of the long-term horizon typical of planning models,
as described in Section 3.1. The units of each parameter and variable, for this and the
following definitions and equations, are presented in the Nomenclature section.

4.1.2 Constraints

Installed DER Capacity

For each MG m, (3.2) can be used to calculate the total yearly installed capacity, while
(3.3) can be used to update the amount of installed capacity at each year, as follows:

Ii,y,m = Ai,y,m + Ii,y−1,m ∀i, y,m (4.7)

Ai,y,m = Ni,y,mRi ∀i, y,m (4.8)

Note that in practice, the RESs of urban MGs, which is where MMG systems would
be likely developed, are mainly solar generators. In addition, RES generation is limited by
renewable resources; for example, the capacity of solar panels is limited by the real rooftop
area of the houses inside each MG (e.g., see Figure 4.1). Thus:∑

y

As,y,m ≤ Im ∀s,m (4.9)

Constraints (4.2), and (4.7) to (4.9) belong to the first stage optimization problem,
where the decision on the required capacities of DERs for each MG is made without any
realization of the uncertainties, i.e., there is no consideration of stochastic scenarios for
these variables. Constraints (4.3) to (4.6) and all the equations discussed next belong to
the second stage optimization problem, where the realization of the uncertainties influences
the operation of the MMG system.
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Figure 4.1: Sample of the roof areas considered in the case study determined using GIS
tools.

Supply-Demand Balance

For the planning of MMG systems, in addition to the RESs and ESSs satisfying the demand
within each MG and neighboring MGs, the ADN can also interact to sell and buy power.
Thus, the summation of the power generated by RESs, batteries storage discharging power,
the power received from other MGs, and the power received from the ADN should satisfy
the MG consumer’s demand plus the batteries storage charging power, the power sold to
other MGs, and the power sold to the ADN, as follows:∑

S

Ps,y,h,m,ω +
∑
B

P dch
b,y,h,m,ω + P r

y,h,m,ω + P
′r
y,h,m,ω = P d

y,h,m,ω +
∑
B

P ch
b,y,h,m,ω

+P s
y,h,m,ω + P

′s
y,h,m,ω ∀y, h,m, ω

(4.10)

Note that the variables and parameters in (4.10) are indexed by ω to show the realization
within each scenario. Also, the power received/sold from/to other MGs are defined as
follows:

P r
y,h,m,ω =

∑
l

P r
y,h,m,l,ω ∀y, h,m, ω (4.11)

P s
y,h,m,ω =

∑
l

P s
y,h,m,l,ω ∀y, h,m, ω (4.12)

with P r
y,h,m,l,ω = P s

y,h,m,l,ω for any specific hour of the planning horizon. Furthermore, in
order to prevent two MGs from selling and receiving power at the same time, the following
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constraint is used:
P r
y,h,m,ωP

s
y,h,m,ω = 0 ∀y, h,m, ω (4.13)

Similarly, any independent MG is not allowed to sell/receive power to/from the ADN at
the same time, which can be modeled by:

P
′r
y,h,m,ωP

′s
y,h,m,ω = 0 ∀y, h,m, ω (4.14)

Operating Reserves

To accommodate uncertainties related to the interruption of electricity delivery from other
MGs and the ADN, the batteries storage power capacity per hour SOCb,y,h,ω has to be
greater than the hourly demand and RES generation. Thus, (3.5) is modified as follows:∑

B

SOCb,y,h,m,ω ≥ P d
y,h,m,ω −

∑
S

Ps,y,h,m,ω ∀h, y,m, ω (4.15)

This guarantees that each MG can withstand a failure that may disconnect it from the
ADN at the PCC.

Operating Limits

The maximum power that any individual MG can sell to other MGs and the ADN at any
hour and year during the planning horizon is given by the available RES power and battery
storage discharge, as follows:

P s
y,h,m,ω + P

′s
y,h,m,ω ≤ Ps,y,h,m,ω + P dch

b,y,h,m,ω ∀b, s, y, h,m, ω (4.16)

In addition, the power flow at the PCC is limited by the upper limit of the MV link, as
follows:

|(P s
y,h,m,ω + P

′s
y,h,m,ω)− (P r

y,h,m,ω + P
′r
y,h,m,ω)| ≤ P PCC ∀y, h,m, ω (4.17)
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RES Generation

For every MG m, and stochastic scenario ω, the solar power generation output is computed
using (3.18), as follows:

Ps,y,h,m,ω = φIs,y,m

(
Gy,h,ω

Gstc

)
[1 + ι(τh − τstc)] ∀s, y, h,m, ω (4.18)

For wind power generation, (3.19) can be used, which considers wind speed and the
turbine characteristics; however, as previously discussed, this type of generation is not
expected in general in urban MGs, which are at the core of MMGs systems. Therefore,
the models, simulations, and results presented in this chapter focus on solar generation.

Battery SOC and Limits

For every MG m and stochastic scenario ω (3.20) to (3.28) and (3.32) can be used to define
the battery SOC, its boundaries, and the associated charging and discharging power limits.
Thus, the following constraints are used to compute the SOC of the batteries:

SOCb,y,h+1,m,ω − SOCb,y,h,m,ω = ηchP ch
b,y,h,m,ω −

P dch
b,y,h,m,ω

ηdch
∀b, y, h,m, ω (4.19)

SOCb,y+1,1,m,ω − SOCb,y,H,m,ω = ηchP ch
b,y,H,m,ω −

P dch
b,y,H,m,ω

ηdch
∀b, y, h,m, ω (4.20)

where its upper and lower limits are imposed by:

SOCb,y,h,m,ω ≤ Ib,y,m ∀b, y, h,m, ω (4.21)

SOCb,y,h,m,ω ≥ δIb,y,m ∀b, y, h,m, ω (4.22)

The maximum charging and discharging power limits are defined using the following
constraints:

P dch
b,y,h,m,ω ≤

(
1− δ

tdch

)
Ib,y,m ∀b, y, h,m, ω (4.23)

P ch
b,y,h,m,ω ≤

(
1− δ

tch

)
Ib,y,m ∀b, y, h,m, ω (4.24)
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and the minimum discharging and charging power at a given hour are imposed by:

P dch
b,y,h,m,ω ≥ udchb,y,h,m,ω ∀b, y, h,m, ω (4.25)

P ch
b,y,h,m,ω ≥ uchb,y,h,m,ω ∀b, y, h,m, ω (4.26)

In order to prevent charging and discharging from occurring at the same time, the following
equation is used:

P dch
b,y,h,m,ωP

ch
b,y,h,m,ω = 0 ∀b, y, h,m, ω (4.27)

Finally, the life span of each battery for C cycles of charge and discharge is defined by the
following constraint:∑

h,y

(P ch
b,y,h,m,ω + P dch

b,y,h,m,ω) ≤ C
∑
y

Ab,y,m ∀b,m, ω (4.28)

Equations (4.13), (4.14), and (4.27) are nonlinear and are linearized using the big
M technique, as in (3.28) [125]. Equation (4.17) is also nonlinear thus absolute value
properties are applied for its linearization as follows:

(P s
y,h,m,ω + P

′s
y,h,m,ω)− (P r

y,h,m,ω + P
′r
y,h,m,ω) ≤ P PCC ∀y, h,m, ω (4.29)

−(P s
y,h,m,ω + P

′s
y,h,m,ω) + (P r

y,h,m,ω + P
′r
y,h,m,ω) ≤ P PCC ∀y, h,m, ω (4.30)

4.1.3 TSSP Model

Using the set of equations described previously, the TSSP problem can be formulated as
an MILP problem as follows:

min
Ai,P r,P ′r,P s,P ′s

Eq. (4.1) → Total capital and operating costs

s.t. Eqs. (4.2) to (4.6)→ Costs functions

Eqs. (4.7), to (4.9)→ Installed capacity

Eqs. (4.10) to (4.14)→ Supply-demand

Eq. (4.15)→ Reserves

Eqs. (4.16) , (4.29) , (4.30)→ Operating limits

Eq. (4.18)→ Solar power generation

Eqs. (4.19) to (4.28)→ Batteries
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where capital and operating costs are minimized, considering cost functions that reflect
the transactions among individual MGs and the ADN and the investment in DERs. This
model considers the hourly operation of batteries and solar generation.

4.1.4 SSLP and Deterministic Models

The planning model presented in Sections 4.1.1 and 4.1.2 can also be formulated as a SSLP
problem, where the first stage objective function and constraints are modified, as follows:

Z =
∑
ω

(
Cω(Ai,y,m,ω) +OB

ω (P
ch
b,y,h,m,ω, P

dch
b,y,h,m,ω) +OS

ω(Ps,y,h,m,ω)

+Ebuy
ω (P r

y,h,m,l,ω, P
′r
y,h,m,ω)− Esell

ω (P s
y,h,m,l,ω, P

′s
y,h,m,ω)

)
pω

(4.31)

Cω(Ai,y,m,ω) =
∑
i,y,m

(Ki,y,mAi,y,m,ω) ∀ω (4.32)

Ii,y,m,ω = Ai,y,m,ω + Ii,y−1,m,ω ∀i, y,m, ω (4.33)

Ai,y,m,ω = Ni,y,m,ωRi ∀i, y,m, ω (4.34)∑
y

As,y,m,ω ≤ Im ∀m,ω (4.35)

The equation defining the solar power generation output is adjusted to consider (4.33) as
follows:

Ps,y,h,m,ω = φIs,y,m,ω

(
Gy,h,ω

Gstc

)
[1 + ι(τh − τstc)] ∀s, y, h,m, ω (4.36)

Likewise, the constraints defining the SOC upper and lower limits, minimum charging and
discharging power, and life span of the batteries need to be adjusted, respectively, so that
the decisions on the yearly capacity additions are also included in the stochastic scenarios
as follows:

SOCb,y,h,m,ω ≤ Ib,y,m,ω ∀b, y, h,m, ω (4.37)

SOCb,y,h,m,ω ≥ δIb,y,m,ω ∀b, y, h,m, ω (4.38)

P dch
b,y,h,m,ω ≤

(
1− δ

tdch

)
Ib,y,m,ω ∀b, y, h,m, ω (4.39)
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P ch
b,y,h,m,ω ≤

(
1− δ

tch

)
Ib,y,m,ω ∀b, y, h,m, ω (4.40)∑

h,y

(P ch
b,y,h,m,ω + P dch

b,y,h,m,ω) ≤ C
∑
y

Ab,y,m,ω ∀b,m, ω (4.41)

Therefore, the planning model formulated as a SSLP problem is as follows:

min
Ai,P r,P ′r,P s,P ′s

Eq. (4.31) → Total capital and operating costs

s.t. Eqs. (4.32), (4.3) to (4.6)→ Costs functions

Eqs. (4.33) to (4.35) → Installed capacity

Eqs. (4.10) to (4.14)→ Supply-demand

Eq. (4.15)→ Reserves

Eqs. (4.16) , (4.29) , (4.30)→ Operating limits

Eqs. (4.36)→ Solar power generation

Eqs. (4.19), (4.20), (4.37) to (4.40), (4.25) to (4.27), (4.41)→ Batteries

The deterministic model can be obtained from the aforementioned SSLP model with
only one scenario with probability one, where the uncertainties are approximated by their
average values. In addition, (4.15) needs to be modified as follows:∑

B

SOCb,y,h,m,ω ≥ (1 + β)P d
y,h,m,ω + γ

∑
S

Ps,y,h,m,ω ∀h, y,m, ω (4.42)

where β and γ represent arbitrary reserve values for demand and solar power. This con-
servative adequacy constraint is typically used to guarantee enough reserves to manage
demand and solar RES uncertainties, as described in Section 3.1.2.

4.2 Simulations and Results

4.2.1 Case Study

The planning model presented in Section 4.1.3 is used to study the feasibility of imple-
menting an MMG system consisting of 4 individual MGs, as illustrated in Figure 4.2, based
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in Figure 2.3, embedded in an ADN at a municipality in the state of São Paulo, Brazil.
The results of this model are compared with those obtained with the SSLP and determin-
istic models presented in Section 4.1.4 and MCS. All the input data, including technical,
economic, and environmental parameters used for this case study are introduced next.

DER1

ESS1

Load1

Local 
Controller1

Central Controller

MG1

DER2
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Load2

MG2
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ADN

DERs ESSs Loads

ADN 
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PCC1 PCC2 PCC3

Power System
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Controller2
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Figure 4.2: MMG system considered for the case study.

MMG System

For this case study, the MV grid of an ADN at a municipality in the state of São Paulo,
Brazil is clustered to form MGs, taking into account the presence of rooftop solar panels and
Electric Vehicle (EV) charging stations. Dijkstra’s algorithm is used to find the shortest
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paths between them, providing the location of a set of independent MGs, which are then
ranked according to their performance in terms of voltage profiles and power losses using
OpenDSS. For the case study, 7 clusters were identified as potential MGs. Furthermore,
the deterministic long-term planning model presented in Section 4.1.4 is applied to each
MG, considering null transactions with other MGs and the ADN, i.e., in isolated mode.
With these considerations, only 4 MGs achieved an optimal solution and are therefore part
of the MMG that is used for this case study. This process is summarized in Figure 4.3,
and was led by colleagues at the University of ABC, in Santo André, São Paulo, Brazil.

ADN
MG1

Portion of the 
ADN divided 

into MGs MG7

.

.

.
Losses

Voltage

MG1

MG4

.

.

.
Isolated

Planning

MMG System

PV EVs

Figure 4.3: Selection of MGs for MMG system.

Electricity Demand

The hourly load for the 4 MGs is used to calculate the hourly averages for a year with
288 representative hours, as explained in Section 4.1.1. The load has been divided into
variable and fixed parts, with the fixed demand representing EV demand not changing
thorough the planning horizon, as depicted in Figure 4.4, since the adoption of EVs within
the studied region is expected to be conservatively low for the considered planning horizon.
The variable demand has been modeled using electricity demand obtained from [134] and
growth rates obtained from [135], while the fixed demand has been modeled considering
users’ routine and traffic patterns in the state of São Paulo, Brazil, without considering
smart chargers, as per [136].
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Figure 4.4: MG demand: variable in blue, and fixed (EVs) in red.

Solar Panels

Solar panels are assumed to be connected through an inverter to the MGs. Hourly data for
solar irradiance and ambient temperature are synthetically generated using PVsyst software
considering statistical and meteorological constraints [137, 138]. The cell temperature,
which is the temperature of the surface of the PV array, is computed considering the
ambient temperature and other manufacture parameters, according to [139]. Thus, the
average solar irradiance, cell temperature, and resulting power obtained using (3.18) are
presented in Figure 4.5, which are computed using the monthly hourly average for cell
temperature and solar irradiance. The operational parameters and costs associated with
the panels are shown in Table 4.1, as per [129,140]. In addition, the limits for solar capacity
for all MGs, obtained using GIS tools, are 3271 kW for MG1, 2665 kW for MG2, 3834 kW
for MG3, and 1562 kW for MG4.

61



Table 4.1: Solar panels parameters
Ks,1,m cs,1,m ι φ τstc Gstc Lifetime∀m ∀m
[$/kW] [$/kWh] [pu/◦C] [%] [◦C]

[
kW/m2] [years]

871 0.002487 -0.041 98 25 1 20

Figure 4.5: Average solar irradiance, cell temperature, and resulting power availability in
W per kW installed for a municipality in the state of São Paulo, Brazil.

Batteries

The battery packs in the MMG planning model are assumed to be lithium iron phosphate
batteries with 20 kWh and 8 kW peak power of charge/discharge, i.e., tch = tdch = 2h with
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δ = 0.2. The economic and technical parameters for the implemented battery model are
presented in Table 4.2, as per [129,141], which yields a battery capital cost of 1,380 $/kW.

Table 4.2: Battery parameters
Kb,1,m cb,1,m ηCh ηDCh Lifetime∀m ∀m

[$/kWh] [$/kWh] [%] [%] [Cycles]
654 0.00187 81.6 % 81.6% 10,000

Scenario Tree

The first step in building the scenario tree is the definition of the statistical properties of
the uncertain parameters. Daily average solar irradiance between 1983 and 2007 and total
electricity consumption for Brazil between 1985 and 2020 are used to estimate the load
and irradiance pdfs from the given data. For the demand, a goodness-of-fit test indicates
that the parameter ζ and the increments in demand can be approximated by a Normal
distribution (Figure 4.6-a and Figure 4.6-b), and its statistical properties are presented in
Table 4.4. A goodness-of-fit test is used for solar irradiance, as depicted in Figure 4.6-c,
showing that this parameter can also be approximated with a Normal distribution, and
its statistical properties are presented in Table 4.3. This information is used to build the
GBM statistical properties according to Section 2.3.4, which are presented in Table 4.5.

The scenario tree presented in Figure 4.7 has been created considering three statistical
measures for both demand and solar irradiance: expected value E, variance Var, and
skewness sk. In addition, the scenario tree has been built so that the probability of
each scenario is greater than 2% or confidence levels greater than 98%; this assures that
scenarios with extremely low probabilities of occurrence are not included in the planning
process. The model follows the approach presented in Section 2.3.4, and aims to minimize
the square distance between the specified discrete statistical measures and the observed
statistical measures presented in Tables 4.3 and 4.5, respectively [138, 142]. Given the
nonlinear nature of the MM approach, and assuming that the probabilities of the scenarios
are problem variables, a high number of statistical properties could be obtained, which
can lead to costly computation and infeasible solutions of the NLP problem. Therefore, in
order to maintain a proper balance between the statistical characteristics of the scenarios
and the size of the tree, the total number of scenarios should be at least equal to the total
number of statistical measures plus one degree of freedom. Therefore, for the present case
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Figure 4.6: Normal quantile plots for (a) ζ factor, (b) demand growth, and (c) solar
irradiance using JMP software.
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study, there should at least be 7 scenarios (2 E, 2 Var, 2 sk, plus 1 additional scenario);
however, 9 scenarios are chosen to reduce computational burden and guarantee neither
under nor over specification [107, 108]. The nodes in the tree represent the states in the
planning horizon for the demand growth rate with respect to year 1 and solar irradiance
annual average with their respective probabilities. These scenarios are used for both the
TSSP and SSLP problems.

Table 4.3: Observed daily solar irradiance per year
Expected Value Variance Skewness

6.5076 0.0045107 0.132724

Table 4.4: Demand statistical properties
ζ = log(P d

y+1/P
d
y ) ∆P d

y = P d
y+1 − P d

y

Mean Variance Skw. Mean Variance Skw.
0.014148 0.00015 0.0036 0.0335 0.0008112 0.1327

Table 4.5: GBM Statistical properties
Expected Value Variance Skewness

E(P d
y+1) = 1.014324P d

y Var(P d
y+1) = 0.000151P d

y sk=0.036

4.2.2 Assumptions and Simulation Criteria

The NLP problem needed for the generation of the scenario tree and introduced in Section
4.2.1 was solved in GAMS [143], using the SNOPT solver. The MILP models, described
in Sections 4.1.3 and 4.1.4, were solved using GAMS, with the CPLEX solver. All the
models were solved in a server with an Intel Xeon CPU at 1.87 GHz. The following are
the assumed values for the remaining model parameters:

• The discount rate is d = 0.08 pu (8%), which is a typical private investment rate.
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Year 1 Year 2 Year 3 Year 4 Year 5 ? P?
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(1.047,6.507)

(1.032,6.508)

(1.060,6.511) (1.075,6.511)

(1,035,6.511) (1.050,6.511)

(1.007,6.513)
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(1,6.51)
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TOTAL 100%

Figure 4.7: Scenario tree for the planning of the MMG system, with a growth factor for
variable demand with respect to year 1 and average solar irradiance.

• The planning horizon chosen for this study is 5 years, as per [144–146], which is a
typical horizon used in distribution system planning studies in Brazil.

• θ1 = 2 for the expected value E, θ2 = 2 for the variance Var, to prioritize these
measures over the skewness sk with θ3 = 1, as per [108,110].

• Conservative operation reserves for system adequacy in the deterministic model: 25%
for solar (γ = 0.25), and 10% for load (β = 0.1), as per [132].

• The base daily prices for a 24-hour operation are, as per [142]: 0.11 $/kWh for h = 17
(intermediate), 0.17 $/kWh for 18 < h ≤ 20 (peak), and 0.08 $/kWh otherwise (off-
peak). These prices are the same for all participants, and therefore ea = es = em.

• Electricity price growth 4.81%/year, as per [142].

• The cost of solar panels and batteries decreases every year, by 9% for solar panels
and 21.1% for batteries, respectively, as per [147].
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• The O&M costs increase by 3% every year, as per the current average inflation in
Brazil [148].

• 800 iterations are needed for MCS since the moving average of the objective function
converges at around this value.

• The limit for the power transfer at the MG PCCs is 1200 kW, as per the capacity of
the existent distribution feeders.

• At least 10% of the maximum available capacity of solar generation should be in-
cluded for each MG; otherwise, the model does not include them due to the cost
minimization approach and low grid electricity costs.

4.2.3 Numerical Results

The results of the simulations are presented and discussed in this section. In Table 4.6,
the capacities of solar panels and batteries needed for the MMG system and the total cost
associated with each planning model are presented. The following observations can be
made from the obtained results:

• The deterministic model is the most expensive and most conservative model, due to
the arbitrary and conservative reserve requirements. Thus, the total cost is 15.6%
higher than the SSLP model, 14.1% higher than the TSSP model, and 12.7% higher
than the MCS model, which is considered the benchmark for the planning results.

• The total cost of TSSP is 16.4% lower than the deterministic model, 1.6% lower than
the MCS model, and 1.8% higher than the SSLP model. This seems acceptable since,
in this problem, the decisions on the amount of new equipment are made in the first
stage, without any realization of the uncertainties. Thus, the mathematical model
would attempt to satisfy all the operative conditions associated with the operative
scenarios in the second stage. Moreover, the closeness of this model’s performance
to the MCS model’s performance suggests that the number and statistical properties
of the scenarios are neither under- nor over-specified.

• The SSLP model is the cheapest, where the total cost is 18.5% lower than the deter-
ministic model, 1.8% lower than the TSSP model, and 3.4 % lower than MCS. This
model offers the least conservative results as the decision on the amount of batteries
and solar panels that should be installed inside each MG is made considering that
the realization of the uncertainties happens beforehand.
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In Figure 4.8, the capacity additions for the MMG system are shown, and Figure 4.9
presents the operation of the MMG system for year 5. As observed in Figure 4.8, the
majority of the capacity is installed at the beginning of the planning horizon and smaller
quantities are added later. This is of special interest to Brazilian distribution companies,
as they seek to invest during the first years of the project when government incentives for
sustainable technologies are available. Moreover, as observed in Figure 4.9, for each MG
the model decides on the energy that needs to be purchased, the energy that can be sold,
and guarantees demand-supply considering the internal generation and storage resources
for every hour during the planning horizon. In addition, it can be observed how the internal
generation is used to trade energy with other MGs, as expected, given the collaboration
among the participants. For example, at 10 am, when there is high solar power generation,
MG2 is buying 200 kW from MG3 and 70 kW from MG4; similarly, MG4 is buying 171 kW
from MG1. This decreases the amount of power that needs to be imported from the ADN,
which reduces congestion and increases reliability.

As observed in Table 4.6, the total solar capacities for the MMG system are very similar
among the planning models, since this RES has to be forced, as previously explained.
Nevertheless, there is a difference in the capacities of batteries planned for each independent
MG. As explained in Section 2.3.3, TSSP models make an important differentiation of the
variables according to whether they are enforced before or after the realization of the
uncertain values, which is closer to an actual planning process. As depicted in Table
4.6, the total cost of the TSSP model is closer to the MCS benchmark value than the
SSLP model. In addition, the standard deviation of the difference in the battery capacity
additions for each independent MG with respect to MCS benchmark is 11.6 kWh for the
TSSP model and 19.6 kWh for the SSLP model, which indicates that there is less variability
or spread in the TSSP results. Thus, the TSSP model guarantees the optimal distribution
of the required RESs and ESSs resources among the participant MGs, making it superior
to the SSLP model, at reasonable computational costs. Thus, the solution of the TSSP
model is 81.03% faster than the MCS benchmark, and at least 2.43% faster than the SSLP
model, which is important considering that the larger the problem the more relevant the
computational costs become.

4.2.4 Sensitivity Analysis

The impact of RES and EV penetration levels in the planning problem is examined here
by considering different RES targets and EV demand levels. Thus, the RES requirements
are varied from 5% to 50%, which is the maximum RES penetration for which a solution
can be obtained, in 5% increments of the maximum available capacity of solar generation.
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Figure 4.8: Yearly capacity additions for TSSP model.

On the other hand, given the low adoption rate of EVs in the region being studied, their
demand is assumed to double in increments of 10%, corresponding to 10 to 50% of the MGs
peak loads, which is not very likely in practice; nevertheless, to analyze a more significant
EV penetration, an additional increase of 100% in EV demand is also simulated. For these
studies, RES minimum penetration requirements are kept at 5% of the maximum available
capacity of solar generation, so that proper comparisons with respect to the base values
can be made.

The results of increasing the RES penetration requirements are presented in Figure
4.10, where, for example, it can be observed that the total cost of planning is increased
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Table 4.6: Total cost, computational cost, and capacities of solar panels and batteries at
the end of year 5

Deterministic model

MG
Batteries Solar Total Cost Computational Cost

[kWh] [kW] [kW] [M$] [hh:mm:ss]
1 460 184 327

2.18 00:02:13
2 740 296 266
3 720 288 383
4 1200 480 156

Total 3120 1248 1132
MCS model - Benchmark

MG
Batteries Solar Total Cost Computational Cost

[kWh] [kW] [kW] [M$] [hh:mm:ss]
1 429 172 327

1.90 22:07:23
2 689 275 267
3 661 265 384
4 1121 449 164

Total 2901 1160 1142
TSSP model

MG
Batteries Solar Total Cost Computational Cost

[kWh] [kW] [kW] [M$] [hh:mm:ss]
1 420 168 327

1.87 04:11:51
2 660 264 266
3 640 256 383
4 1080 432 156

Total 2800 1120 1132
SSLP model

MG
Batteries Solar Total Cost Computational Cost

[kWh] [kW] [kW] [M$] [hh:mm:ss]
1 405 162 327

1.84 04:17:58
2 642 257 266
3 628 251 383
4 1128 451 156

Total 2802 1121 1132

by 3.85% with respect to the costs with 5% penetration, if RES are 10% of the maximum
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available capacity of solar generation by the end of the planning horizon. Note that there
is a sudden cost increase at 45% RES penetration, where the total cost increases by 11.5%,
and after 50% RES penetration, the problem becomes infeasible.

Figure 4.11 illustrates the impact of EV penetration increases. Observe that a 10%
increment in the EV demand results in a total cost increase of 1.79% on average, which
is directly associated with an average 1.78% increase in ESS capacity. Also, observe that
there is a slight increase in RES penetration for all MGs, which is also observed when the
EV demand is increased to 200%, resulting in a 40.77% increment in total costs due mainly
to a 40.71% increase in ESS capacity with respect to the Base case. From all these results,
it can be concluded that the increase in RES penetration has a significant impact on the
total costs and solution feasibility, while the increase in EV demand affects the total cost
in proportion to the additional ESS capacity required to supply the EVs charging in the
MMG system.

4.3 Summary

In this chapter, a TSSP model for the planning of MMGs in ADNs was presented. The
model aims to minimize the total costs while benefiting from interconnections of MGs,
considering uncertainties associated with electricity demand and RES using GBM and as-
sociated pdfs. Moreover, the model includes long-term purchase decisions and short-term
operational constraints, using GIS to realistically estimate rooftop solar limits. The plan-
ning model was 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 showed that the TSSP model tends to be less conservative than the deterministic
planning model, while performing faster than a SSLP algorithm, with higher accuracy.
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Figure 4.9: Dispatch for each MG for the representative day of January at year 5.
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Figure 4.10: Sensitivity analysis with respect to varying levels of RES penetration for the
Base case EV demand.

Figure 4.11: Sensitivity analysis with respect to varying levels of EV demand for the Base
case minimum required RES penetration.
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Chapter 5

GI-based Stochastic Optimization
Model for Multi-Microgrid Planning

In this chapter, the TSSP model presented in Chapter 4 is extended by incorporating the
ADN LV grid. Here, GIS tools along with DL techniques are used to accurately model
the MV/LV ADN, and high-resolution satellite imagery is used to define the actual RES
availability, in order to more realistically plan an MMG system within the ADN.

5.1 Medium and Low Voltage Grid Planning Model

The model presented in this chapter is an extension of the one presented in Chapter 4
by incorporating the MV/LV grid, as depicted in Figure 5.1. The objective of the model
is to define the minimum required capacity for the transformers to supply demand, while
focusing on the investment in DERs within ADNs. Therefore, the sub-index t, which
represents the distribution transformers, is introduced in the operational and investment
variables and parameters, except for the variables indicating the energy transactions among
MGs and the ADN, as they take place at MV levels. Hence, the model decides the location
of RES and ESS capacities at the MV/LV transformers for each MG. The output of the
model is the planned capacities of RESs and ESSs, and the size of MV/LV distribution
transformers required to satisfy the hourly demand of an MMG system over the planning
horizon.

Similar to the model presented in Chapter 4, the MV grid is modeled by considering
the maximum power transfer capacity at the PCC, whereas the LV grid is modeled by
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including the capacity of the MV/LV transformers as well as the number of the served
users, without considering the feeders. Furthermore, in this extended model, for every
year, the investment in battery capacities is included using integer variables, and solar
capacities are included using continuous variables. Binary variables are used to represent
the hourly charging and discharging status of batteries, and power transactions between the
participant MGs and the ADN, whereas the size of the MV/LV transformers, RESs, and
ESSs is specified using integer variables. The variables representing the power generation,
battery charge, discharge, and hourly SOC, and the power transactions are continuous.
Therefore, this model can also be characterized as an MILP problem. The capital cost of
the MV/LV transformers is not considered here so the results of applying the model can
be directly compared to those obtained with the model from Chapter 4.

5.1.1 Objective Function

The objective function (4.1) as well as the cost functions (4.5) and (4.6) described in
Section 4.1.1 hold for the MMG planning problem presented in this chapter. However, in
order to consider the aggregation of DERs at each transformer, functions (4.2) to (4.4) are
redefined as follows:

C(Ai,y,m,t) =
∑
i,y,m,t

Ki,y,mAi,y,m,t (5.1)

OS
ω(Ps,y,h,m,t,ω) = λ

∑
s,y,h,m,t

(
cs,y,mPs,y,h,m,t,ω

)
∀ω (5.2)

OB
ω (P

ch
b,y,h,m,t,ω, P

dch
b,y,h,m,t,ω) = λ

∑
b,y,h,m,t

cb,y,m
(
P ch
b,y,h,m,t,ω + P dch

b,y,h,m,t,ω

)
∀ω (5.3)

5.1.2 Constraints

Installed DER Capacity

As observed in Figure 5.1, the solar panels and the RES and ESS capacities within each
MG are considered to be distributed among the MV/LV transformers. Thus, for each MG
m, (3.2) and (3.2) are used to define the corresponding DERs installed capacities seen at
each transformer t as follows:

Ii,y,m,t = Ai,y,m,t + Ii,y−1,m,t ∀i, y,m, t (5.4)
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Figure 5.1: General overview of an MMG system with consideration of the LV grid.
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where:
Ai,y,m,t = Ni,y,m,tRi ∀i, y,m, t (5.5)

Furthermore, the capacity of solar panels is limited by the real rooftop area of the houses
inside each MG as follows: ∑

y,t

As,y,m,t ≤
∑
t

Im,t ∀s,m (5.6)

Supply-Demand Balance

The total demand in the MMG system is equal to the summation of the MG consumer’s
demand, the batteries storage charge, the power sold to other MGs, and the power sold
to the ADN. This demand should be satisfied by the summation of the power generated
by RESs, batteries storage discharge, the power received from other MGs, and the power
received from the ADN, as follows:∑

S,t

Ps,y,h,m,t,ω +
∑
B,t

P dch
b,y,h,m,t,ω + P r

y,h,m,ω + P
′r
y,h,m,ω =∑

t

P d
y,h,m,t,ω +

∑
B,t

P ch
b,y,h,m,t,ω + P s

y,h,m,ω + P
′s
y,h,m,ω

∀y, h,m, ω

(5.7)

where the power received/sold from/to other MGs are defined by (4.11) and (4.12) with
P r
y,h,m,l,ω = P s

y,h,m,l,ω for any specific hour of the planning horizon. In addition, (4.13) and
(4.14) prevent any independent MG from selling/receiving power to/from the ADN at the
same time.

Operating Reserves

To guarantee each MG can withstand a failure that may cause their disconnection from
the ADN at the PCC, the following constraint, which is based on (4.15), is used to keep
an adequate amount of energy in the batteries at all times:

∑
B,t

SOCb,y,h,m,t,ω ≥
∑
t

P d
y,h,m,t,ω −

∑
S,t

Ps,y,h,m,t,ω ∀h, y,m, ω (5.8)
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Operating Limits

The power that each individual MG can sell to other MGs and the ADN is limited by the
available RES power and battery storage discharge seen at each MV/LV transformer, and
is enforced by the following constraint, which is based on (4.16):

P s
y,h,m,ω + P

′s
y,h,m,ω ≤

∑
t

(Ps,y,h,m,t,ω + P dch
b,y,h,m,t,ω) ∀b, s, y, h,m, ω (5.9)

In addition, the limit in the power flow at the PCC is represented by (4.29) and (4.30) as a
function of the power transacted at that point. Similarly, the capacity of each transformer
is limited by its power flow, as follows:

|Ps,y,h,m,t,ω + P dch
b,y,h,m,t,ω − P d

y,h,m,t,ω − P ch
b,y,h,m,t,ω| ≤ Tm,t ∀b, s, y, h,m, t, ω (5.10)

which is nonlinear and thus absolute value properties are applied for its linearization as
follows:

(Ps,y,h,m,t,ω + P dch
b,y,h,m,t,ω)− (P d

y,h,m,t,ω + P ch
b,y,h,m,t,ω) ≤ Tm,t ∀b, s, y, h,m, t, ω (5.11)

−(Ps,y,h,m,t,ω + P dch
b,y,h,m,t,ω) + (P d

y,h,m,t,ω + P ch
b,y,h,m,t,ω) ≤ Tm,t ∀b, s, y, h,m, t, ω (5.12)

RES Output

For every MG m, transformer t, and stochastic scenario ω, the power output of solar panels
is computed based on (3.18) as a direct function of the hourly incident irradiance, hourly
cell temperature, and derating factor, as follows:

Ps,y,h,m,t,ω = φIs,y,m,t

(
Gy,h,ω

Gstc

)
[1 + ι(τh − τstc)] ∀s, y, h,m, t, ω (5.13)

Note that RES power from wind is not considered in the model, as wind turbine deployment
in urban areas is unlikely as of now. However, such RES can be easily included in the model,
based on (3.19), as previously mentioned.
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Battery SOC and Limits

For every MG m, transformer t, and stochastic scenario ω, (3.20) to (3.28) and (3.32)
can be used to define the battery SOC, its boundaries, and the associated charging and
discharging power limits. Hence, the battery SOC and its upper and lower limits are
defined, respectively, as follows:

SOCb,y,h+1,m,t,ω − SOCb,y,h,m,t,ω = ηchP ch
b,y,h,m,t,ω −

P dch
b,y,h,m,t,ω

ηdch
∀b, y, h,m, t, ω (5.14)

SOCb,y+1,1,m,t,ω − SOCb,y,H,m,t,ω = ηchP ch
b,y,H,m,t,ω −

P dch
b,y,H,m,t,ω

ηdch
∀b, y, h,m, t, ω (5.15)

SOCb,y,h,m,t,ω ≤ Ib,y,m,t ∀b, y, h,m, t, ω (5.16)

SOCb,y,h,m,t,ω ≥ δIb,y,m,t ∀b, y, h,m, t, ω (5.17)

The charge and discharge power upper limits, and minimum charging and discharging
power are defined, respectively, by the following constraints:

P ch
b,y,h,m,t,ω ≤

(
1− δ

tch

)
Ib,y,m,t ∀b, y, h,m, t, ω (5.18)

P dch
b,y,h,m,t,ω ≤

(
1− δ

tdch

)
Ib,y,m,t ∀b, y, h,m, t, ω (5.19)

P dch
b,y,h,m,t,ω ≥ udchb,y,h,m,t,ω ∀b, y, h,m, t, ω (5.20)

P ch
b,y,h,m,t,ω ≥ uchb,y,h,m,t,ω ∀b, y, h,m, t, ω (5.21)

And the following constraint is used to guarantee that battery charging and discharging
do not take place at the same time:

P dch
b,y,h,m,t,ωP

ch
b,y,h,m,t,ω = 0 ∀b, y, h,m, t, ω (5.22)

which is nonlinear and is linearized using the big M technique, as in (3.28). Finally,
the following constraint defines the life span of each battery for C cycles of charge and
discharge: ∑

h,y

(P ch
b,y,h,m,t,ω + P dch

b,y,h,m,t,ω) ≤ C
∑
y

Ab,y,m,t ∀b,m, t, ω (5.23)
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5.1.3 TSSP Model

Using the set of equations listed previously, the TSSP problem can be formulated as an
MILP problem where capital and operating costs are minimized, considering cost functions
that reflect the transactions among individual MGs and the ADN and the investment in
DERs. This model takes into account the hourly operation of batteries and solar genera-
tion, and is defined as follows:

min
Ai,P r,P ′r,P s,P ′s

Eq. (4.1) → Total capital and operating costs

s.t. Eqs. (5.1) to (5.3), (4.5), (4.6)→ Costs functions

Eqs. (5.4), to (5.6)→ Installed capacity

Eq. (5.7)→ Supply-demand,

Eq. (5.8)→ Operating reserves

Eqs. (5.9), (4.29), (4.30), (5.11), (5.12)→ Operating limits

Eqs. (5.13)→ Solar power generation

Eqs. (5.14) to (5.23)→ Batteries

5.2 DER and LV Network Identification through GIS

Tools

5.2.1 Solar PV Potential

As mentioned in Section 2.4.1, building footprints can be detected using DL, which leads to
defining available rooftop areas for the installation of solar panels. This workflow is carried
out in ArcGIS Pro over high-resolution imagery, following the steps presented in Figure 5.2.
This process includes: data preparation by creating labels of the elements to be detected;
sample creation using Mask R-CNN format for training and testing; and inference to
generate bounding boxes over the studied region on the high-resolution imagery. Thus, the
maximum solar generation availability I in kW can be defined as a function of the available
rooftop area A in m2, peak solar irradiance G in kW/m2, and solar panels efficiency η in
p.u., as follows:

Im,t = At ×G× η ∀t,m (5.24)
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Figure 5.2: DL framework for detecting rooftops.

5.2.2 MV/LV Network Modelling

A methodology is proposed here to obtain an approximate representation of the MV/LV
grid in an MMG system. Thus, assuming the LV network is unknown, but the location
of the MV/LV transformers is given, the LV network can be outlined by identifying the
number of users connected to each transformer. This number can be further utilized to
divide each MG’s hourly demand proportionally, allowing the representation of the hourly
demand at each transformer. This is achieved considering that one or more transformers
divide each MG in a series of blocks, as depicted in Figure 5.3. Therefore, metadata
regarding the ownership and type of residences (cadastral information) can be used to
define the distribution of the users among all the transformers for all the MGs. If this
information is not available, 3D imagery or web-based map services can be used as an
alternative. For instance, as observed in Figure 5.4, if the element detected in the imagery
is an apartment building, the number of users can be estimated based on the number of
floors and average use of space per zone.

81



T = Transformer   

Tm1

R

R

R

R R

R

R

R

R

Tm2

R

R

R

R R

R

R

R

R

R = Rooftop

MediumVoltage ADN

Block m1 Block m2

R

R

R

R R

R

R

R

R

Block mtMGm

Tmt

Figure 5.3: Methodology to estimate the number of users for each MV/LV transformer.

5.3 Simulations and Results

5.3.1 Case Study

In this study case, the DL methodologies described in Sections 2.4.1 and 5.2.1 are applied
to define the solar generation availability over the studied region, using high-resolution
imagery. The methodology presented in Section 5.2.2 is used to define the number of users
located at each MV/LV transformers, of which the location is known. These parameters
are introduced in the planning model presented in Section 5.1, which is used to study the
feasibility of implementing an MMG system consisting of 4 individual MGs at the Brazilian
ADN previously studied in Chapter 4. All the input data, including technical, economic,
and environmental parameters used for this case study are discussed next.
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High resolution imagery Web-based map service

Figure 5.4: Use of high-resolution imagery and web-based map services.

Studied Region

A four-band (RGBN)1/multi-spectral high-resolution satellite imagery for the studied mu-
nicipality is used2, as recommended in [149].

Electricity Demand

For the 4 MGs identified in 4.2.1, the hourly average demand of a year for the required
288 representative hours is depicted in Figure 4.4.

1Four band imagery typically contains red, green, blue, and near-infrared bands. Only three bands can
usually be viewed at one time in most software applications, and the imagery’s natural color (red, green,
and blue bands) is used for this application.

2The high-resolution imagery was purchased from Satellite Imaging Corporation, Houston, TX
(www.satimagingcorp.com)
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Solar Panels

The rooftop solar panels are assumed to be connected through an inverter located at each
house. Also, for each MG, all the rooftop solar panels connected downstream from each
MV/LV transformer are assumed to be lumped at the corresponding transformer. Average
solar irradiance and cell temperature are used to compute the power output using (3.18).
The operational parameters and costs associated with the panels are shown in Table 4.1.

Batteries

Lithium iron phosphate battery packs with 20 kWh and 8 kW peak power of charge/discharge,
i.e., tch = tdch = 2h with δ = 0.2, are used for the case study. Additional technical and
economic parameters for the batteries are presented in Table 4.2.

Stochastic Scenarios

In this case study, the 9-scenario tree presented in Figure 4.7 is used, in which, at each
node, the demand growth rate is shown with respect to year 1 and the solar irradiance
annual average, for a 5-year planning horizon, with their respective probabilities.

5.3.2 Assumptions

Solar Generation Capacity

The analysis was performed in ArcGIS Pro in a server with two Intel Xenon Silver 4214
processors at 2.20 GHz, 512 GB ram memory, and NVIDIA RTX A5000 GPUs. For this
case study, 10,000 samples have been considered, of which 90% were used for training and
10% were used for validation. The batch size, which is the number of image tiles to be
processed for training is 4; the chip size, which sets the image size to train the model is
400 pixels; and the maximum epoch, which indicates the number of times the data set is
passed forward and backward through the NN, is set to 20. For the Mask R-CNN approach,
RestNet503 is used as the backbone/feature extracting NN, which contains 50 layers (48
CNN layers, one Max Pool layer, and one Average Pool layer), and a Regional Proposal
Network with 3 layers. In addition, the training process yields an optimal learning rate
between 5.24× 10−5 and 5.24× 10−6, which is extracted from the learning curve [122].

3RestNet stands for Residual Network [150]
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MMG Planning

The MILP model, described in Section 5.1 was solved using GAMS, with the CPLEX solver
in a computer with an Intel Xeon CPU at 1.87 GHz. In this case study, in order to promote
the integration of RES, at least 10% of the maximum available capacity of solar generation
is forced to be included for each transformer, at each MG; otherwise, the model does not
include them due to the cost minimization approach and low grid electricity costs. The
remaining model parameters are the same as in Chapter 4 and are summarized in Table
5.1.

Table 5.1: Model parameters
Discount rate d 8%
Electricity price growth 4.81%/year
O&M cost increase 3%/year (average inflation)
Solar panels cost decrease 9%/year
Batteries cost decrease 21.1%/year
MCS convergence 700 iterations

PCC power limit P PCC 1200 kW

Electricity Prices

(ea = el = em) $/kWh
0.11 for h = 17 (intermediate)
0.17 for 18 < h ≤ 20 (peak)
0.08 otherwise (off-peak)

5.3.3 Numerical Results

The results of the MMG planning model for the aforementioned ADN using the TSSP
approach are first compared with the MCS results, which are considered as a benchmark
for the case study. The results of the TSSP model presented in this chapter are also
compared with the ones obtained with the simpler TSSP model presented in Chapter 4,
based on the same solar PV limits obtained here.

Solar Generation Capacities

The DL methodology described in Section 2.4.1 is used to identify the rooftops of the
buildings within the studied region. Hence, the methodology depicted in Figure 5.2 is
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applied over the four-band high-resolution imagery that contains the studied region, as
per Figure 5.5. In order to train the classifier to assign pixels to the rooftop class, the
creation of training samples is needed. In ArcGIS Pro, a classification scheme to define
the rooftop class category is created using a geoprocessing tool called “Training Samples
Manager”, where samples are manually drawn over the imagery. Once all the samples have
been placed, these need to be exported in order to feed the DL model. This is achieved
by using another geoprocessing tool called “Export Training Data For Deep Learning”, in
which the imagery’s raster and the samples are inputted to create the desired DL training
data in Mask R-CNN format, with a chip size of 400 pixels.

Sampling 
(Mask R-CNN)

Training +  Testing (Deep 
Learning)

Data 
Preparation 
(Labeling)

ArcGIS 
"Training 
Samples 

Manager"

ArcGIS Export 
"Training Data 

For Deep 
Learning"

ArcGIS "API for Python"

Inference 
(Rooftops)

Trained Model

ArcGIS "Detect 
Objects Using 

DL"

Figure 5.5: DL process applied to the case study.

The training of the DL model is performed using an ArcGIS “API for Python” and
was completed in 134 hours and 28 minutes. Figure 5.6 depicts both the training loss
and validation error decreasing over time, and thus showing a good fit, with an average
precision score of 89.2%. The trained model allows the identification of the rooftop areas
for each MG, as depicted in Figures 5.7 to 5.10. Using these areas, the maximum capacity
of solar power for each MG is calculated using (5.24), assuming that 75% of the total
rooftop area is suitable for solar panels installation, considering the roof characteristics in
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the studied region. Also, a maximum solar irradiance of 722 kW/m2 and a 20% efficiency
for solar panels are considered. The results are presented in Tables 5.2 to 5.5.

Figure 5.6: Loss graph of training of the DL model.

Figure 5.7: Blocks, rooftops, transformers, and MV grid corresponding to MG1.
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Figure 5.8: Blocks, rooftops, transformers, and MV grid corresponding to MG2.

Figure 5.9: Blocks, rooftops, transformers, and MV grid corresponding to MG3.

Number of Users

To estimate the number of users connected to each MV/LV transformer, the methodology
presented in Section 5.2.2 is applied, which includes the use of the areas detected in Section

88



Figure 5.10: Blocks, rooftops, transformers, and MV grid corresponding to MG4.

5.3.3, web-based map services, and some public cadastral information. In addition, it was
assumed that a certain number of EVs can be adopted within each MG, based on existing
vehicle data. The number of estimated users and EVs are depicted in Tables 5.2 to 5.5.

MMG Planning

The results of the TSSP planning model are presented in Tables 5.6, 5.7, and 5.8. The
results in Table 5.6 show that the total cost of the TSSP model is consistently close to the
benchmark. In fact, the total cost in the TSSP model is only 3.07% lower than the one
obtained with MCS. However, the TSSP model is much faster than the MCS for the large
planning problem considered here due to its level of granularity.

The solar generation capacities obtained from the different models are shown in Table
5.7, which shows that all of them yield the same results for the size and location of solar
panels since as previously explained, RES requirements have to be forced into the model.
The batteries obtained with both TSSP models are very similar, with the standard devi-
ation of the difference in the capacity installed for each independent MG (Table 5.8) with
respect to the MCS benchmark being 10.1% or 16.7 kWh in average, which is relatively
small, thus validating the TSSP approaches.

In Figure 5.11, the capacity additions for the MMG system obtained with the TSSP are
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shown. Note that all the solar panels and 93.5% of the battery capacities are installed at
the beginning of the planning horizon, while the remaining battery capacity is added be-
tween the second and fourth year. This is particularly beneficial for Brazilian distribution
companies, given the limited-time government incentives for initial investments, as previ-
ously explained. In addition, unlike the model presented in Chapter 4, the extended model
provides more relevant details for decision-making, as the location of solar panels and bat-
teries within the studied region can be obtained. Thus, providing optimal capacities from
economic, technical, and geographical points of view, that can be actually implemented
within the studied region. Similarly, by enforcing the solar PV capacity at each trans-
former through (5.6), there is a realistic allocation of RES that cannot be obtained with
the model presented in Chapter 4.

Figure 5.11: Yearly capacity additions from the TSSP MV/LV model.

The minimum capacity of the MV/LV transformers for the TSSP model and MCS are
shown in Table 5.9, where the average difference in the total transformer capacity required
for the MMG system is only 1.47%. In addition, observe that the relationship between each
transformer’s capacity and the total transformer capacity inside each MG is not related to
the number and location of users exclusively, as (5.11) and (5.12) ensure that the capacity
of the transformers accounts for the power of DERs. Note that the location and capacity
of these transformers can be used for expansion planning of the complete distribution
network.
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5.4 Summary

This chapter presented a model for the realistic planning of MMG systems in the context
of ADNs with the assistance of GIS. The model considered the distribution system grid as
well as the geographic features of the studied region. It also included long-term purchase
decisions and short-term operational constraints, and considered uncertainties associated
with electricity demand and RESs using a TSSP approach. GIS along with DL were
used to estimate the areas of rooftops within the studied region. The proposed planning
model was used to study the feasibility of implementing the 4-MG system from Brazil,
previously studied in Chapter 4. The results of the model presented in this chapter were
compared with the results obtained using MCS and the less detailed TSSP model presented
in Chapter 4, showing that the stochastic solutions were close to those obtained with MCS
at a lower computational cost, and that the use of GI-data allowed to determine both the
capacity and location of the PV panels, batteries, and distribution transformers on the
MGs grid, thus providing more precise and useful planning results.

Table 5.2: Number of users and EVs, rooftop area associated with each transformer, and
RES limits for MG1

T1,t EVs Users Area (m2) RES max. capacity (kW)
1 - 12 1955 212
2 - 28 4970 539
3 2 29 3423 371
4 5 31 4659 505
5 - 22 4230 458
6 1 21 3962 429
7 7 28 3829 415
8 3 27 4262 462
9 - 23 4828 523
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Table 5.3: Number of users and EVs, rooftop area associated with each transformer, and
RES limits for MG2

T2,t EVs Users Area (m2) RES max. capacity (kW)
1 9 43 4477 485
2 - 18 3654 396
3 2 21 2011 218
4 - 21 2011 218
5 - 35 3442 373
6 2 19 3309 359
7 5 32 631 68
8 - 10 1951 211
9 5 14 2091 227
10 - 24 989 107

Table 5.4: Number of users and EVs, rooftop area associated with each transformer, and
RES limits for MG3

T3,t EVs Users Area (m2) RES max. capacity (kW)
1 - 36 4179 453
2 2 25 3835 416
3 3 18 3512 381
4 17 65 3071 333
5 3 22 3947 428
6 - 35 3128 339
7 3 24 4656 505
8 5 23 4341 470

Table 5.5: Number of users and EVs, rooftop area associated with each transformer, and
RES limits for MG4

T4,t EVs Users Area (m3) RES max. capacity (kW)
1 2 25 2147 233
2 2 16 1331 144
3 3 20 2033 220
4 4 13 1186 128
5 3 16 2208 239

92



Table 5.6: Total cost and computational cost
Model Total Costs Computational Costs

(M$) (hh:mm:ss)
MCS 1.95 632:00:00

TSSP without LV grid 1.87 03:16:44
TSSP with LV grid 1.89 46:25:31

Table 5.7: Total solar installed capacities for the MMG system, for TTSP and MCS
TSSP and MCS with MV/LV

t
MG1 MG2 MG3 MG4

(kW) (kW) (kW) (kW)
1 21 49 45 23
2 54 40 42 14
3 37 22 38 22
4 50 22 33 13
5 46 37 43 24
6 43 36 34 -
7 41 7 50 -
8 46 21 47 -
9 52 23 - -
10 - 11 - -

Total 391 266 332 96

TSSP without LV grid (kWh/kW)
Total 391 266 332 96
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Table 5.8: Total batteries installed capacities for the MMG system
MCS with MV/LV (kWh/kW)

t MG1 MG2 MG3 MG4

1 71/29 111/44 125/50 667/267
2 47/19 73/29 60/24 13/52
3 45/18 70/28 58/23 113/45
4 46/18 68/27 63/25 112/45
5 46/19 71/28 54/22 116/46
6 48/19 69/28 70/28 -
7 49/19 71/28 93/37 -
8 51/21 69/27 150/60 -
9 56/22 69/28 - -
10 - 73/28 - -

Total 459/184 743/297 667/267 1138/455

TSSP without LV grid (kWh/kW)
Total 420/168 660/254 640/256 1080/432

TSSP with MV/LV (kWh/kW)
t MG1 MG2 MG3 MG4

1 60/24 60/24 80/32 300/120
2 40/16 60/24 40/16 220/88
3 40/16 60/24 80/32 160/64
4 40/16 60/24 120/48 200/80
5 60/24 60/24 100/40 200/80
6 20/8 120/48 60/24 -
7 60/24 60/24 60/24 -
8 60/24 60/24 120/48 -
9 40/16 60/24 - -
10 - 80/32 - -

Total 420/168 680/272 660/264 1080/432
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Table 5.9: Transformers capacities
MCS (kW)

t MG1 MG2 MG3 MG4

1 41 166 97 455
2 49 54 74 211
3 60 70 67 252
4 81 61 238 187
5 40 88 72 210
6 45 65 82 -
7 92 105 92 -
8 65 41 117 -
9 49 77 - -
10 - 74 - -

Total 523 801 839 1316

TSSP (kW)
t MG1 MG2 MG3 MG4

1 40 151 91 362
2 42 51 65 242
3 61 69 80 244
4 74 57 259 211
5 47 83 92 197
6 40 90 79 -
7 104 106 74 -
8 67 38 117 -
9 43 79 - -
10 - 75 - -

Total 518 797 855 1256

95



Chapter 6

Conclusions

6.1 Summary and Conclusions

In this thesis, a framework for the planning of MMG systems in the context of ADNs
was proposed. In order to achieve this, an initial model for the planning of individual
MGs was presented, which was applied to the planning of RC MGs. This model was then
used to consider multiple MGs and the ADN both at MV and LV levels, while including
uncertainties associated with RES generation and demand.

In Chapter 3, a comprehensive model for the planning of RC MGs was developed. The
goal of this model was the identification of the optimal (most economical) size and mixture
of generation and storage resources, and the time of their deployment. It was based on
estimated parameters such as electricity demand and RES availability, where historical data
was used to reflect their variability. The planning of MGs was thus formulated through
an optimization model, consisting of an objective function, a set of parameters, decision
variables, and technical and economic constraints. As shown in the simulation results
presented in Chapter 3, the inclusion of RESs and ESSs significantly reduced the use of
fossil fuels, resulting in lower emissions (between 51.9% and 100%) for the RC MG studied.
Its inclusion not only helped lower relevant costs of the energy system, such as fuel storage
and its transportation to RCs, but also reduced the uncertainties associated with diesel
fuel prices.

The results presented in Chapter 3 clearly showed that wind resources along with solar
and storage technologies (batteries and fuel cells) can play a key role in satisfying the
electricity demand of RCs, while significantly reducing costs and GHG emissions. Further-
more, using the proposed MILP planning model, the operational and economic feasibility
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of RESs and ESSs in Canadian RC MGs was demonstrated. It was observed that these
technologies can help enhance electric grid flexibility, while encouraging structural and
economical change and supporting Canada’s ambitious goal of net-zero emissions by 2050.
Therefore, this model could be used by federal, provincial, territorial, municipal, and in-
digenous governments across Canada to study the integration of clean DERs, including
hydrogen systems, in diesel-dependent RC MGs.

The long-term planning of MMG systems from the point of view of the MV grid was
studied in Chapter 4 by expanding the planning model presented in Chapter 3, since in-
dependent MGs can be interconnected to form MMG systems in the context of ADNs,
bringing valuable benefits such as energy use optimization, power quality and stability
improvements, network congestion reductions, transmission and distribution system in-
vestment deferrals, efficiency, reliability, and flexibility enhancements for both costumers
and utilities. This was achieved by incorporating the constraints associated with the trans-
actions among all the participants, i.e, the independent MGs and the ADN, and the un-
certainties associated with demand and RES using a TSSP model. Within this approach,
decisions can be made in two stages, with the objective function including the first stage
function and the expected value of the second stage function. For the MMG problem,
the purchase decisions were assumed to happen in the first stage, without any knowledge
of the uncertain values, whereas the operation of the MMG system belongs to the sec-
ond stage of the problem. Therefore, for the computation of the expected value, a set
of scenarios (scenario tree) with their respective probabilities, i.e., random variables that
are approximated by discrete pdfs, was needed. The uncertainties associated with RES
were handled using their inherent statistical properties, whereas the uncertainties related
to electricity demand were considered using GBM, since demand evolves with time and
there is an annual growth rate relative to previous years.

The planning model presented and discussed in Chapter 4 was used to study the fea-
sibility 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 showed that the TSSP model was
less conservative than the deterministic planning model, which was based on simple and
pessimistic reserve constraints, while performing faster than a SSLP algorithm, with higher
accuracy. In this model, the optimal capacities of RESs and ESSs required to satisfy the
demand of each MG were obtained, while offering insight into the operation of the MMG
system and its flexibility during the planning horizon. Thus, the proposed model could
assist electricity system planners in planning and validating the formation of an MMG
system inside an ADN. It is interesting to note that the use of GIS tools allowed having
a more accurate estimate of the RES power availability for planning purposes. Therefore,
this relevant application of GIS was explored further in Chapter 5.

97



In order to include the LV grid within the MMG system, the model proposed in Chapter
4 was further expanded in Chapter 5 with the assistance of GIS, since GIS facilitates 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 offering tools to better understand and interpret the results,
which facilitates its implementation. Hence, a methodology to estimate the details of the
MV and LV ADN using GIS tools was proposed, where the number of users connected
to each MV/LV transformer inside the MMG system was defined. In addition, using GIS
tools and DL techniques over high-resolution satellite imagery, the rooftops of the buildings
were identified to determine the actual available solar capacity.

The TSSP approach was used to study the feasibility of implementing an MMG system
consisting of 4 individual MGs at the same ADN in São Paulo, Brazil. Therefore, the
capacities of RESs and ESSs, and the size of MV/LV distribution transformers required to
satisfy the hourly demand of the MMG system over the planning horizon were estimated.
The results of the model presented in Chapter 5 were compared with the results obtained
using MCS and Chapter 4’s model, demonstrating that the use of GIS allows determining
both the capacity and location of the PV panels, batteries, and distribution transformers
on the MGs grid, thus providing more precise and useful planning results, which can be
suitable for their actual deployment. In addition, it was demonstrated that the stochastic
solutions are close to those obtained with MCS at a lower computational cost.

The following are the main conclusions from this thesis:

• Despite the feasibility of running RC MGs with fuel cells only, it was concluded that
batteries should also be integrated in order to withstand rapid changes that are not
captured by the long-term planning, and which should not be taken by fuel cells
in real-time operation as this reduces their lifetime. Thus, batteries and fuel cells
should always be considered for MG operation in RCs.

• When comparing fuel cells with batteries, it has been demonstrated that the capacity
of fuel cells needed for the planning of RC MGs is lower than the capacity of batteries,
which is a consequence of the larger energy density of fuel cells.

• It has been shown that a TSSP approach for considering uncertainty in MMG plan-
ning provides a solution that is more accurate than the SSLP model, but not overly
conservative as the case of a deterministic model. The TSSP model is more pre-
cise than the SSLP model because of the hierarchical design of the decision-making
process in the TSSP model.
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• As the size of the MMG problem increases due to the level of granularity, it has
been observed that adequate results can be timely obtained using TSSP models, as
opposed to MCS.

• The relevant applicability and assistance of GIS for the formulation and solution
of MMG planning problems have been demonstrated, since GIS tools facilitate the
modelling of the distribution network by clearly identifying the location of the MV
grid and MV/LV distribution transformers. It was also shown that georeferenced
parameters can be included within the optimization formulation, which enhances
DER quantification and deployment. Finally, GIS allow visualizing the planning
results, using optimization tools that provide numerical results.

• In the proposed planning model, it is observed that each independent MG cooperates
to satisfy the demand of an MMG system embedded in an ADN. In this context,
the generation and storage resources are shared among the participant MGs and the
ADN.

6.2 Contributions

The most significant contributions of this thesis can be summarized as follows:

• Development of a long-term multi-year planning model for the integration of RESs
and ESSs, including batteries and hydrogen ESSs, in RC MGs for GHG emission
reduction. The proposed RC MG model was shown useful for the planning of a real
isolated Canadian system using various scenarios and energy mixes.

• Development of a novel long-term multi-year planning model for creating MMG sys-
tems considering an ADN at MV level. 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. This model timely specifies the RES and ESS capacities
required to convert a portion of an ADN into an MMG system, guaranteeing both
grid and isolated modes of operation.

• Application of a TSSP approach to consider uncertainties related to RES and de-
mand, relying on an optimization-based scenario tree generation approach, which is
based on GBM and statistical measures to represent scenarios.
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• Development of a MMG long-term multi-year planning model that considers both the
MV and LV grids. In addition to long-term purchase decisions for RESs and ESSs,
short-term operational constraints, and the formulation of the energy transactions
among all participants, this more detailed model includes long-term transformer ca-
pacity selection, which is very useful for actual ADN planning. Moreover, this model
has successfully integrated GI parameters and has facilitated the planning of DERs
with an increased level of granularity for the ADN.

• Development of a new methodology to estimate the location of the MV and LV
ADN using GIS tools and DL techniques to identify the rooftops of the buildings
in the studied region, facilitating the definition of the available solar capacity. This
methodology is based on the use of high-resolution imagery, web-based map services,
and ownership-related information. This methodology facilitates the estimation of
the number of users connected to each MV/LV transformer, which increases the level
of practicality of the planning model, and provides valuable tools for the modelling
of the grid.

• Testing and validation of the TSSP planning models at MV and LV levels in a
real system based on an ADN at a municipality in the state of São Paulo Brazil.
The practical application of these models has been demonstrated beneficial when
compared with the performance of deterministic, SSLP, and MCS approaches.

6.3 Future Work

Based on the work presented in this thesis, the following issues may be undertaken in
future research:

• Power flow equations may be included in the model to validate the operation of the
MMG system in the long-term, considering parameters such as voltage and frequency
at the PCC and at the MV/LV transformers.

• Electricity prices may be considered as variables in order to determine the price of
the electricity within the MMG system, and the possibility of competition among the
participant MGs in the context of community MG and MMG systems.

• Analyze the possibility of allowing MGs to offer services such as EV charging to
neighboring MGs to determine the corresponding electricity prices.
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• Expand the model for the planning RC MG to include thermal loads and analyze
the technical and economic implications of fuel cells providing both electricity and
heating.
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