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Abstract
Universal Access to Energy is one of the most significant challenges of our time, and energy
is an enabling factor that fosters development in several fields such as education and
healthcare. The United Nations’ seventh Sustainable Development Goal (SDG7) acknowledges
the importance of energy access, and it establishes the target of achieving universal access to
modern forms of energy that are affordable, reliable, and sustainable by 2030. Significant
efforts are imperative to meet this deadline as there are approximately 840 million people that
currently do not have access to electricity.
Establishing an electrification agenda is a complex task that depends on many socio-political
factors. A suitable electrification plan should rely on solid hypotheses, rigorous analysis, and
accurate data.
Computer-based models have recently gained momentum in electrification planning, as
they can identify the lowest-cost designs that provide desired levels of electricity access in
large-scale areas. The automated calculation of the designs can help optimize the allocation of
resources devoted to universal electricity access, expediting development.
In this thesis, we focus on one electrification planning tool: the Reference Electrification
Model (REM). REM determines the least-cost electrification mode for each consumer (i.e., a
standalone system, a mini-grid, or an extension of the power grid). REM calculates detailed
technical designs at the building level, optimizing the generation of off-grid systems and the
networks of mini-grids and grid extensions.
REM is the result of ongoing teamwork. The first prototype of REM was presented in the
master thesis of Douglas Ellman, which was defended at MIT, Cambridge, Massachusets, USA,
in 2015. This first prototype is the starting point of this thesis.
The first prototype of REM provided inconsistent results, and substantial efforts were
devoted to scrutinizing and improving its algorithms. The first part of this thesis describes
several upgrades implemented into the first prototype of REM, which resulted in robust
performance after the upgrades.
The second part of this thesis focuses on the development of new algorithms in REM. We
present a novel method that quickly estimates the network cost of any potential low-voltage
mini-grid that could appear in the solution of a large-scale planning case. We also present two
clustering algorithms. The first clustering algorithm groups the consumers into mini-grids, and
the second one determines which consumers should be electrified with extensions of the
power grid. The new algorithms provide more optimal results than the original algorithms of
REM or present other advantages.
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Resumen
El acceso universal a la energía es uno de los mayores desafíos de nuestro tiempo y la
energía es un factor empoderante que acelera el desarrollo en campos diversos como
educación y sanidad. El séptimo objetivo de desarrollo sostenible de las naciones unidas
reconoce la importancia del acceso a la energía, y aspira a alcanzar un acceso universal a formas
de energía moderas que sean asequibles, fiables y sostenibles en el 2030. Es imperativo realizar
esfuerzos significativos para cumplir este plazo ya que actualmente más de 840 millones de
personas no tienen acceso a electricidad.
Establecer la agenda de electrificación de una región subdesarrollada es una tarea compleja
que depende de multitud de factores sociopolíticos. Además, cualquier plan debe basarse en
hipótesis sólidas, un análisis riguroso y datos precisos.
Recientemente, los modelos computacionales han ganado importancia, ya que pueden
identificar los diseños de menor coste que satisfacen los niveles de acceso a la electricidad
deseados en áreas de gran tamaño. El cálculo automatizado de los diseños puede ayudar a
optimizar la distribución de recursos dedicados al acceso universal a la electricidad, acelerando
su desarrollo.
En esta tesis nos enfocamos en un modelo computacional de planificación: el Modelo de
Electrificación de Referencia (REM, por sus siglas en inglés). REM determina el modo de
electrificación de menor coste para cada consumidor (es decir, un sistema aislado, una minired o una extensión de la red), y propone diseños técnicos detallados a nivel de edificio,
optimizando la generación de los sistemas aislados y mini-redes y la red de las mini-redes y
extensiones de red.
REM es el resultado de un gran trabajo en equipo. El primer prototipo de REM se presentó
en la tesis de máster de Douglas Ellman, que fue defendida en el MIT, Cambridge,
Massachusets, USA, en 2015. Este primer prototipo es el punto de partida de esta tesis
doctoral.
El primer prototipo de REM proporcionaba resultados inconsistentes, y se dedicó un
esfuerzo sustancial a analizar y mejorar sus algoritmos. La primera parte de esta tesis describe
varias mejoras que se implementaron en el primer prototipo de REM, que mostró un
comportamiento robusto tras las mejoras.
La segunda parte de esta tesis se centra en el desarrollo de nuevos algoritmos en REM.
Presentamos un nuevo método que estima rápidamente el coste de red de cualquier mini-red
potencial que podría ser parte de la solución de un caso de planificación a gran escala. También
presentamos dos algoritmos de clustering. El primer algoritmo de clustering agrupa los
consumidores en mini-redes y el segundo determina qué consumidores deberían ser
electrificados con extensiones de red. Los nuevos algoritmos proporcionan resultados más
óptimos que los algoritmos originales de REM o presentan otras ventajas.
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“Perhaps I could best describe my experience of doing mathematics in terms
of entering a dark mansion. You go into the first room and it's dark, completely
dark. You stumble around, bumping into the furniture. Gradually, you learn
where each piece of furniture is. And finally, after six months or so, you find the
light switch and turn it on. Suddenly, it's all illuminated and you can see exactly
where you were. Then you enter the next dark room...” Andrew Wiles.
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.

INTRODUCTION

Access to electricity remains a crucial challenge in many parts of the world. The complexity
of electrification planning in an underserved region is partially exemplified by the technical
alternatives available: centralized grid extension has been the status quo for over a century,
but off-grid mini-grid and individual standalone systems have recently gained popularity.

Public governments, private investors, and entrepreneurs (among others) would benefit
from the knowledge of the least-cost electrification modes and system designs over their
territories of interest, to be used as a basis upon which to add further considerations. The
magnitude of the universal energy access challenge, the amount of information involved, and
the diversity of options for intervention compel the use of computer-based planning models.
In this thesis, we describe one of these models — the Reference Electrification Model (REM)
— which is a state of the art tool. The first prototype of REM was developed at the
Massachusetts Institute of Technology (MIT), but it provided inconsistent results. The first part
of this thesis (chapter 3 and chapter 4) focuses on scrutinizing and improving the previously
developed algorithms of REM so that the model could be applied in actual planning projects.
The second part of this thesis (chapter 5 and chapter 6) focuses on the development of novel
algorithms in REM.
This chapter introduces the electrification planning problem from the techno-economic
perspective. We also present the motivation of this thesis, the problem that the thesis is
addressing, and the structure of the thesis.
Part of this chapter has been published in the following papers:
Ciller, P., Lumbreras, S., 2020. Electricity for all: The contribution of large-scale planning
tools to the energy-access problem. Renewable and Sustainable Energy Reviews 120, 109624.
https://doi.org/10.1016/j.rser.2019.109624
Ciller, P., Ellman, D., Vergara, C., Gonzalez-Garcia, A., Lee, S.J., Drouin, C., Brusnahan, M.,
Borofsky, Y., Mateo, C., Amatya, R., Palacios, R., Stoner, R., de Cuadra, F., Perez-Arriaga, I., 2019.
Optimal Electrification Planning Incorporating On- and Off-Grid Technologies: The Reference
Electrification Model (REM). Proceedings of the IEEE 107, 1872–1905.
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https://doi.org/10.1109/JPROC.2019.2922543

1.1. The path to Universal Access to energy
Access to electricity is a critical enabling factor of human development, as it allows
improvements in different areas such as education and healthcare. The importance of energy
access is acknowledged in the seventh Sustainable Development Goal (SDG7), which comprises
several targets and indicators to measure progress. Target 7.1 aims at achieving universal
access to forms of energy that are reliable, affordable, and modern by 2030. Substantial
progress will be necessary to meet this deadline as there are around 840 million people without
access to electricity, and projections show that 650 million people could lack access to
electricity in 2030, being 585 million located in sub-Saharan Africa (International Energy Agency
et al., 2019).
Nevertheless, there are reasons for optimism. The population without access to electricity
has dropped since 1990, and the electrification rates have grown substantially in recent years.
People with access to electricity raised from 83% to 89% between 2010 and 2017, and 153
million people achieved access to electricity annually between 2015 and 2017. Considerable
progress was made in South Asia (especially in India and Bangladesh), where electricity access
raised from 75% to 91% in the period 2010-2017 (International Energy Agency et al., 2019).
Regretfully, the electrification rates are staggering in sub-Saharan Africa, where 600 million
people do not have access to electricity (International Energy Agency, 2019). Kenia and Ethiopia
have made significant progress, but the countries with the lowest electrification rates are
located in Africa (i.e., Burundi, Chad, Malawi and the Democratic Republic of Congo are the
only countries with an electrification rate lower than 20% (World Bank, 2020)). The challenge
is even more intricate because the population of Africa is expected to increase to 2.4 billion
people by 2050 (World Population Review, 2020). Figure 1-1 shows the status of electricity
access in 2017.
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Figure 1-1: Population percentage with access to electricity by country in
2017. Source: (International Energy Agency et al., 2019).
There are also approximately 2.9 billion people that do not have access to clean cooking
facilities, with 1.3 billion being located in India and China. The use of polluting elements to cook
such as burning biomass is producing around 4 million deaths each year as well as contributing
to deforestation and climate change. Projections estimate that 2.2 billion people will not have
access to clean cooking technologies by 2030.
Finally, there is not a commonly agreed and well-established definition of electricity access.
For instance, in some countries a village could be considered electrified even if only 10% of its
consumers have access to electricity, which causes an erroneous perception of the magnitude
of the universal energy access challenge. Moreover, simple metrics such as the number of
people that have access to electricity or clean cooking facilities do not include information
regarding relevant aspects such as availability of the service (i.e., the frequency and duration of
interruptions) or quality of service (i.e., voltage stability), among other considerations.

1.2. The electrification planning process
Electrification planning of an underserved region is a complex task that involves social,
financial, political, and regulatory aspects, and the need for electrification is mainly in rural
areas but we cannot exclude peri-urban or urban zones. A plan backed-up by rigorous, reliable
analysis has a higher chance of being successfully implemented. To that end, several computer
models and planning methodologies have been developed by different institutions (MonerGirona et al., 2018). These tools provide valuable assistance in finding the best technoeconomic electrification plan for a region, which usually involves a combination of standalone
systems, mini-grids, and grid extension designs.
Figure 1-2 shows the different phases of the electrification planning process, which is
represented as a set of sequential steps. In practice, it turns out to be more of an iterative
3

process that could last many years and needs to adapt to the new information available or a
changing political or regulatory framework.

Figure 1-2: The electrification planning process. Source: adapted from
(Ciller and Lumbreras, 2020).
The goal of the first step is to obtain a clear definition of the problem (i.e., what is the region
to be electrified, what is the electrification target and the budget available), and the regulatory
framework. There may be, for example, penalties for using polluting technologies or subsidies
for the use of clean energy. Grid-connections could be mandatory for consumers located close
to the power grid.
The second step aims at obtaining all the input data needed for the planning process. It
typically includes catalogs of generation and network components, the location of the
consumers and their demand profiles, the layout and techno-economic characteristics of the
power grid, some techno-economic parameters such as discount rates and the number of years
to consider for the project, the topography of the region, and information related to off-grid
generation such as solar irradiance or wind speed.
The preferences of the consumers should be collected as part of the data-gathering process
as they could constraint the electrification solution (Santos Pérez, 2015). For example, certain
consumers could prefer to avoid diesel generation because it requires specialized
maintenance, safety concerns, may lead to corruption, logistic problems in the supply of fuel,
or cost, among other reasons.
Electrification planning tools usually require a considerable amount of data. The process of
obtaining the necessary information is difficult in developing countries, where there is generally
a scarcity of reliable data (Cader et al., 2018), but is critical for sound planning. For example,
detailed demand profiles are difficult to obtain (Blodgett et al., 2017; Louie and Dauenhauer,
2016), but they have a substantial impact on the electrification plan.
The goal of the third phase is to obtain the best techno-economic solution for the problem
that was defined in the first phase, and the input data obtained in the second phase. Computer
tools play a prominent role in this phase. An electrification plan should determine the
electrification mode for each consumer (i.e., standalone system, mini-grid, or grid extension)
as well as generation designs for mini-grids and standalone systems, and network designs for
mini-grid and the extensions of the power grid. It should also include a reasonable estimation
of the total cost of the plan and electric designs for all systems in the solution.
The fourth phase aims at the successful implementation of the solution obtained. Local
teams should analyze the solution obtained in the third phase, adapt it to the particular
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conditions of their locality, and prepare detailed engineering designs ready for construction.
The next section gives an overview of the third phase, which is the focus of this thesis.

1.3. The techno-economic planning problem
The techno-economic planning problem aims at determining the optimal combination of
isolated systems, mini-grids, and grid extensions that electrify a given set of consumers and
their corresponding demand profiles. The solution of the problem should also include
generation designs for the isolated systems and mini-grids and network designs for the minigrids and grid extensions.
The objective function that is considered most frequently is the total investment and
operation cost (which should include the cost associated with lack of supply), so most models
address this problem by performing a cost minimization. There are also relevant constraints
that should not be neglected, such as the reliability of the systems, the total emissions, the total
budget, or the existence of protected areas.
The optimization of grid extensions has been thoroughly studied in problems where it is the
only electrification alternative (Georgilakis and Hatziargyriou, 2015). However, the inclusion of
mini-grids and isolated systems as viable electrification solutions makes the electrification
planning problem particularly challenging. The number of decision variables needed to
characterize an electrification plan is very high. The most important ones are those defining:
▪

▪

▪

▪
▪

The grouping of consumers into clusters, and the determination of the electrification
mode of each cluster (a combination of standalone systems, a mini-grid or an
extension of the power grid).
The generation design for each off-grid system (generation and storage
technologies, capacities, and locations), and its dispatch strategy (i.e., which
technologies are used to satisfy demand at each specific hour).
The network design of each mini-grid and grid extension: voltage, type, and layout of
distribution lines, as well as the location and the capacity of any new transformers
and substations.
Reinforcements or additional generation resources that might be needed upstream.
The timeline of the project, which is usually divided into several phases.

A brute force approach that would guarantee the global optimum is provided in Algorithm
1-1 . However, the computational resources needed to apply Algorithm 1-1 successfully are far
beyond what is presently available. Even the optimization of the network and layout of a single
mini-grid is a process that requires significant computational resources, and there are generally
thousands of possible mini-grids in an electrification planning project.
1

Algorithm 1-1 assumes a static approach (i.e., it optimizes the solution for a specific year, but it does not
consider temporal implications regarding the implementation of the solution or the evolution of the
systems). A dynamic approach is out of the question with the current computational resources, and all
large-scale planning models approach the large-scale planning problem in a static way.
1
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Algorithm 1-1 Brute Force
procedure Brute Force
for each possible clustering configuration 𝐶
for each cluster 𝑐 ∈ 𝐶
calculate the cost of mini-grid
calculate the cost of grid-extension
calculate the cost of isolated systems
select the least-cost option
end for
calculate the total cost of configuration 𝐶
if 𝐶 is the least-cost configuration evaluated so far then
𝑆=𝐶
end if
end for
return 𝑆
end procedure

The models and methods that address this problem necessarily need to apply smart
heuristic algorithms or modeling simplifications. The higher is the level of modeling complexity,
and the deeper is the exploration of the space of candidate solutions, the more realistic will be
the planning recommendations; but they come at the expense of a high computational burden.

1.4. The role of computer models: the Reference Electrification Model
(REM)
Several electrification planning models have been developed to deal with the technoeconomic electrification planning problem. They exploit the advantages of Geographic
Information Systems (GIS), providing instant access to public databases and the least-cost
electrification solution for a large-scale region (Moner-Girona et al., 2018). Most of these tools
provide first-pass information based on quick estimations. This is useful, but the estimations
lack the level of detail needed for an implementable electrification plan. These tools apply
certain simplifications, such as grouping the consumers into villages or cells beforehand
(although the best grouping of consumers may be different) or estimating the network costs
with purely geometric calculations that do not include constraints concerning electrical
feasibility.
Although the data-gathering process is usually complicated and time-consuming, digital
information is now more abundant than ever. GIS-based technology provides instant access to
databases that contain geospatial information such as the location of roads, lakes, and the
power grid. The High Resolution Settlement Layer (HRSL) estimates the human population with
a resolution of approximately 30x30 meters (Facebook Connectivity Lab and Center for
International Earth Science Information Network - CIESIN - Columbia University, 2016), and
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digital metering could provide detailed consumption information. If the trend continues, the
availability and accuracy of information will increase in the upcoming years.
Currently, it is possible (albeit usually difficult and expensive) to obtain information with a
high level of resolution, and not considering it could have a substantial impact on the planning
solution (International Energy Agency, 2018). A higher level of modeling detail also leads to a
more realistic outcome. The MIT-Comillas Universal Energy Access Laboratory (UEA Lab) has
developed REM, which is state of the art in electrification planning, to take advantage of
abundant digital information becoming quickly available.
In this thesis, we describe REM in its current state and present several developments that
improved its performance. REM performs automated least-cost electrification design; it
determines cost-optimal combinations of electrification modes for a given study region,
including single building standalone systems, isolated grids with local electricity generation or
mini-grids, and extensions of the existing distribution network. REM performs this task with a
very high level of spatial granularity, producing detailed designs down to the individual
consumer level. It prescribes network infrastructure layouts, local generation configurations,
and storage options. These capabilities are intended to allow planners to make better-informed
decisions about electrification modes, budget allocations, and bills of materials; ministries and
regulators can get quantitative support for policy design; and developers can gain detailed
insights into the potential for off-grid systems in a region. REM can also facilitate participatory
planning approaches by providing references for least-cost electrification designs that can be
evaluated by different stakeholders.
REM considers the specific demand profile of each consumer (incorporating residential,
commercial, and industrial loads) and determines the least-cost grid/off-grid electrification plan
by comparing a large number of clustering alternatives through a combination of heuristic
optimization, mathematical algorithmic optimization, and simulation algorithms. These
algorithms account for estimated yearly weather conditions and demand profiles, targets of
quality of electricity supply, the reliability performance of local distribution lines, voltage and
capacity constraints of lines and transformers, catalogs of power system components for gridextension and off-grid systems, any existing limits or targets in the use of fossil fuels or
renewables or carbon emissions, and implications of the topology of the terrain: forbidden
areas, use of prescribed paths such as roads or streets, and extra costs due to factors like
altitude or the slope of terrain being considered.
REM has been applied to multiple real electrification planning problems, ranging from cases
representing small areas with hundreds of consumers to comprehensive analyses of entire
countries with millions of them. Specifically, REM has been applied to develop master
electrification plans in Rwanda, Uganda, Mozambique, and Indonesia.
REM results from the combined efforts of many former and current members of the UEA
Lab. The UEA Lab is a joint research group of MIT, Cambridge, Massachusets, USA, and the
Institute for Research in Technology (IIT), Madrid, Spain (IIT-Comillas, 2020a).
The UEA Lab saw the potential of geospatial planning models and their application as
decision support tools in the provision of universal access to energy. As a result, the UEA Lab
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developed several works related to this topic (González–García et al., 2014).
The goal of one such work was to develop a computer tool that performed large-scale
automated electrification in developing countries, considering as viable solution the traditional
extensions of the power grid and off-grid alternatives such as mini-grids and isolated systems.
The MIT team spearheaded the creation of such a model (with the collaboration of IIT),
offering a master thesis to that end. The thesis was authored by Douglas Ellman and cosupervised by Claudio Vergara and Ignacio Pérez Arriaga. Initially, the group did not have a clear
picture of how the finished tool would operate.
At that time, Claudio Vergara did a research stay of one year at IIT (from October 2013 to
October 2014), and he learned about the Reference Network Model (RNM). RNM is a tool
developed at IIT about 15 years ago that performs automated distribution network designs.
The research team realized that using RNM as a routine that designs networks inside the
abovementioned computer tool would enormously enhance the capabilities of the new model.
RNM designs the minimum-cost network that meets demand under quality-of-service
specifications, using a user-provided catalog of equipment to specify distribution infrastructure
down to the individual consumer level. RNM has been highly scrutinized: the Spanish
distribution utilities have validated its results; RNM was then accepted by Spanish regulators as
a decision-support model to determine appropriate remuneration figures for electric power
distribution. RNM has been used for this same purpose in several other countries and many
technical studies.
After a lot of hard work, Douglas Ellman presented his master thesis in June of 2015 (Ellman,
2015). The master thesis introduced the first prototype of the Reference Electrification Model
(REM) and structured REM as a sequential process divided into several submodules. This highlevel structure has stood the test of time, and it is still present in the current version of REM.
Douglas Ellman left the team a few months after completing his master thesis. After his
departure, the IIT team performed the bulk of REM’s development. The first prototype of REM
provided inconsistent results, and the team realized that it needed a complete overhaul while
maintaining its high-level logic and structure. Fernando de Cuadra and Pedro Ciller scrutinized
the model’s algorithms, conducting an in-depth analysis that shed light on the issues of this first
version model. In the first phase, Pedro and Fernando complemented the in-depth review and
precise detection of hidden software and logic errors with several enhancements and upgrades
that turned the first prototype of REM into a robust and reliable tool. Pedro Ciller presented a
master thesis, supervised by Fernando de Cuadra, in June of 2016 that describes several of
these enhancements (Ciller Cutillas, 2016).
Once REM was in good shape to be applied in actual electrification planning projects, the
development continued in a second phase with the addition of new capabilities that the
practical application of the tool revealed to be essential; further detection and correction of
performance issues was still necessary.
The Enel Foundation funded the first application of REM in a project, which involved two
test cases with approximately 3,000 and 15,200 consumers in regions of Colombia and Kenia,
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respectively (IIT-Comillas, 2016). This project was developed during the second half of 2016.
In the years that followed, REM played a crucial role in many large-scale electrification
projects. The model was applied in the South Service Territory in Uganda in 2017 to identify
areas that are best suited for electrification with mini-grids (IIT-Comillas, 2017a). The UEA Lab
developed the electrification master plans of Rwanda (IIT-Comillas, 2017b) and Mozambique
(IIT-Comillas, 2019a) between 2017 and 2019. Andrés González García was vital in the success
of these projects, contributing to REM’s development and its customization to the needs of
each project.
In parallel with the projects, several MIT students contributed to different aspects in the
development of REM, while the work on the core algorithms of the model continued being
developed by Pedro Ciller and Fernando de Cuadra at IIT, with Sara Lumbreras joining later and
Ignacio Pérez Arriaga as director of the overall UEA Lab team. At MIT, Vivian Li developed a
particular REM configuration, named LREM (Local REM), which provides detailed electrification
designs where all consumers are connected to the same mini-grid (Li, 2016). Turner Cotterman
and Matthew Brusnahan applied LREM in India, Nigeria, and Rwanda (Cotterman, 2017;
Brusnahan, 2018). Turner Cotterman also explored the impact of upstream reinforcements in
REM’s final electrification solution (Cotterman, 2017). Cailinn Drouin studied the incorporation
of topography into REM (Drouin, 2018).
All of these MIT students have spent several weeks in Madrid in the framework of the
collaboration established between IIT and MIT. As one more example of this joint effort,
Olamide Oladeji (an MIT student) worked with Pedro Ciller and Fernando de Cuadra on a
clustering algorithm that determines the consumers that REM should electrify with extensions
of the power grid (Oladeji, 2018). This clustering algorithm is described in chapter 6 of this
thesis.
Table 1-1 shows the primary affiliation and position that the abovementioned members of
the UEA Lab held during the development of this thesis. This list is by no means exhaustive (i.e.,
the UEA Lab has more former and current members that have been involved in the
development of REM), and it does not necessarily describe the current affiliation or position of
the members of the team. Reference (MIT & IIT-Comillas Universal Energy Access Lab, 2019)
presents a complete list of former and current members of the UEA Lab as well as an updated
list of the projects, publications, and theses related to REM.
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Ignacio Pérez Arriaga, Professor at IIT-Comillas and MIT
IIT-Comillas

MIT

Fernando de Cuadra, Professor

Claudio Vergara, Postdoctoral Associate

Sara Lumbreras, Associate Professor

Douglas Ellman, Master Student

Pedro Ciller, Ph.D. Candidate

Olamide Oladeji, Master Student

Andrés González García, Ph.D. Candidate

Matthew Brusnahan, Master Student
Vivial Li, Master Student
Cailinn Drouin, Master Student
Turner Cotterman, Master Student

Table 1-1: Affiliation and position held by several UEA Lab members during
the development of this thesis.
Members of the UEA Lab recently created a company named WAYA, which provides
consulting services regarding the application and commercialization of REM in projects that
involve electrification master plans in developing countries, among other things. Several
projects and research works that involve REM are currently ongoing (and hopefully will
continue for many years).
The work presented in this thesis takes the reference (Ellman, 2015) as a starting point. The
first part of this thesis focuses on improving the logic of the main algorithms of REM, upgrading
the first prototype of REM until it exhibited a robust performance so that it could be applied in
actual electrification projects. Some of the improvements are presented in reference (Ciller
Cutillas, 2016). Chapter 3 presents an overview of REM and the list of enhancements
implemented in the first prototype of REM. Chapter 4 delves deep into the optimization of offgrid generation designs for large-scale areas that REM performs.
The improvements implemented into the first prototype of REM were aligned with the
algorithms presented in reference (Ellman, 2015) (i.e., the goal was to ensure that the existing
algorithms of REM worked adequately). However, there was plenty of room to develop new
algorithms that followed different approaches.
The second part of this thesis focuses on the development of novel algorithms that apply
other strategies. One of them is the design of an algorithm that provides a quick estimation of
the network cost of any potential mini-grid of a case study, which is presented in chapter 5.
Two new clustering algorithms have also been developed, which are described in chapter 6.

1.5. The challenges of high-resolution modeling
Working with a high level of resolution has several drawbacks. Firstly, it is necessary to
devote a substantial amount of time to gather and process the data. Secondly, the computation
time needed to obtain the planning solution of a large-scale area is significant. There are several
“dimensions” concerning the level of resolution that are important in electrification planning.
This thesis focuses on the spatial and temporal aspects of high-resolution modeling.
The spatial resolution refers to the location of the loads and the existing power grid. We can
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distinguish among several levels of aggregation of consumers: the consumer itself, villages,
settlements, or cells. Similarly, the power grid can be modeled considering the routes of
transmission and distribution lines and the location of the transformers, although less detailed
representations could be considered. Figure 1-3 shows different spatial resolutions regarding
the location of consumers.

cc
c

(a)

(b)

(c)

Figure 1-3: Example of the consumers with three different levels of spatial
resolution: (a) the consumer itself, (b) cells, and (c) villages.
Some problems are inherent to a high level of spatial resolution. If a model operates with
villages, then it will not be able to calculate the network layout that connects each consumer
to the power grid or the generation site of the mini-grid. Moreover, it may not be necessary to
group the consumers into viable mini-grids or grid extensions if a model operates at the village
level because the villages by themselves could be considered as viable mini-grids or grid
extensions.

kW

kW

The temporal resolution refers to the demand profiles and potential of renewable
technologies (such as solar irradiance or wind speed). For example, we could consider hourly
or daily demand profiles for consumers. The level of temporal resolution considered has an
impact on the designs of off-grid systems (Stenzel et al., 2016). Figure 1-4 shows different
temporal resolutions regarding demand profiles.
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Figure 1-4: Example of a daily demand profile with two different levels of
temporal resolution: (a) one hour, and (b) eight hours.
Some problems arise when the temporal level of resolution is high. For example, it is not
possible to optimize the hourly dispatch of a mini-grid if its hourly demand is completely
unknown (unless we assume a hypothesis such as that the demand is constant). In that case,
only quick estimations based on rules of thumb or similar methods could be obtained.
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However, if a model assigns an hourly demand profile to each consumer, then it is possible to
implement an optimization method to size the generation design of the (potentially thousands
of) mini-grids that appear in a large-scale case study, considering the hourly dispatch of the
systems.
There are other levels of resolution that are relevant in electrification planning, although
their impact is not analyzed in this thesis. One example is related to the number of load types
(or consumer types) considered. We could consider that all the consumers of a case are
residential, but that would neglect the impact of productive loads (such as hospitals or schools)
in the electrification solution. Another example is related to the network and generation
catalogs and the maximum number of elements that they can contain: a network catalog could
be limited to one line for each voltage level, or it can contain several lines for each voltage level.
It is reasonable to wonder if modeling the problem with a high-resolution level is worth the
effort considering the uncertainty related to the input parameters. The electrification solution
can change drastically if we assume that all the consumers in a region have the same demand
profile instead of considering that there are productive loads with different demand profiles
(Ciller et al., 2019a). Similarly, the optimal solution for a village may include a smart
combination of different electrification alternatives (AC individual systems, mini-grids, and grid
extensions), but it is not possible to obtain such a combination unless we consider a spatial
resolution more detailed than the village level shown in Figure 1-3. Therefore, modeling the
problem with a high resolution is worthwhile.
It is necessary to develop or apply techniques that balance accuracy and computation time
to deal with problems inherent with a high level of spatiotemporal resolution. These “new”
problems have motivated the research question that has fueled the development of this thesis:

How can large-scale electrification planning balance detailed modeling with feasible
computational resources?
The notion of feasible computational resources implies that the algorithms should work
effectively in cases of realistic size in an ordinary computer. Electrification master plans are
often developed at the national level (Korkovelos et al., 2017; Rwanda Energy Group (REG),
2019), so we consider that a case of realistic size refers to a large-scale region such as an entire
country, but not a continent. We also assume that an ordinary computer refers to a personal
computer (i.e., an unspecialized computer intended for the individual user), but not clusters of
computers or supercomputers.
A proper balance between detailed modeling and computational resources narrows the
methods that we can consider. There are computationally intensive approaches that succeed
in a village-scale problem but would run into an excessive computation time if extrapolated to
regional planning. The techniques based on classical optimization such as mixed-integer linear
programming cannot handle the electrification planning problem as a whole, although they can
play an important role in solving specific subproblems.
This thesis contributes to the electrification planning problem and the development of REM
with the improvement or the creation of several heuristic algorithms, which keep a proper
balance between optimality and computation time.
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We provide computation times several times among the thesis. All the computation times
were obtained with an HP computer with 16 GB of RAM and the Intel(R) Core (TM) i7-8550U
CPU @ 1.80GHz 1.99GHz processor. The operating system of the computer is Windows 10 (64
bits).

1.6. Thesis objectives and structure
This thesis aims at improving REM by enhancing the optimality of its algorithms or including
new functionalities that broaden its capabilities. This general-scope goal crystalizes into several
objectives, complemented by an analysis of the remaining methods and tools relevant to rural
electrification planning. Specifically, the objectives of this thesis are the following:
1. To classify the main methods and tools that deal with the techno-economic planning
of large-scale underserved regions. To that end, we present a conceptual formulation
that lays the ground for classification methods and tools. We handle this goal in
chapter 2.
2. To turn the first REM prototype into a robust, reliable tool that can be applied in real
large-scale electrification planning projects and whose results can be trusted. We focus
on this goal in chapter 3 and chapter 4.
3. To elaborate a method that provides a fast but accurate estimation of the network
cost of any potential mini-grid in a large-scale planning case. We address this goal in
chapter 5.
4. To further enhance the clustering of REM, which groups the individual consumers into
candidate mini-grids and extensions of the power grid. The clustering of consumers
has a substantial impact on the final solution that REM provides, and we deal with this
goal in chapter 6.
The remainder of this section summarizes the content of the chapters of this thesis, which
is structured into two parts. The first part focuses on ensuring that the algorithms of the first
prototype of REM worked adequately, and it presents substantial contributions to the main
algorithms of the model. The second part focuses on the development of new algorithms. This
thesis also reviews the methods and tools that address the large-scale electrification planning
problem from the techno-economic angle.
Chapter 2 reviews the methods and tools that address the techno-economic planning
problem at a large-scale. We present a conceptual formulation of the problem that lays the
ground for classifying the tools according to their modeling complexity.
Chapter 3 presents an overview of REM's high-level structure and a description of the
algorithms present in the first prototype of REM, including a description of the financial model.
We describe several enhancements that were implemented in the first prototype of REM,
increasing its robustness and optimality substantially. We also present some improvements
that increase the capabilities of the model, such as the addition of solar kits as viable
electrification solutions or handling multiple types of consumers.
Chapter 4 describes the method that REM uses to optimize the generation designs of minigrids and standalone systems. We also analyze why a single-system tool or method (i.e., a tool
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or method that optimizes the generation design of an individual mini-grid) is not directly
applicable to large-scale planning.
Chapter 5 introduces a method that quickly estimates the network cost of all potential minigrids of a case study. This method outperforms the rules of thumb that most electrification
tools apply.
Chapter 6 presents two novel clustering algorithms. The first algorithm (exhaustive
clustering) calculates the optimal grouping of consumers into mini-grids, and it applies the
method introduced in chapter 5 to estimate the network cost of the mini-grids.
The second algorithm (top-down clustering) determines which consumers are better
electrified with extensions of the power grid and which should be electrified with off-grid
systems.
Chapter 7 presents the conclusions and future research lines that would expand the
capabilities of REM or improve its performance.

1.7. Evolution of REM and contributions of the author of the thesis
We can distinguish among three different versions of REM. The initial version corresponds
to the first prototype of REM, which was mainly developed at MIT and is described in (Ellman,
2015). This first prototype of REM is the starting point of this thesis, and its high-level structure
and algorithms are described in section 3.1 and section 3.2, respectively.
The intermediate version of REM includes all the upgrades and improvements presented in
section 3.3 and chapter 4. These enhancements redesign critical parts of the algorithms of the
first prototype of REM and add new functionalities such as the capability of handling several
types of consumers and considering solar kits as a viable electrification solution.
The current REM version incorporates the new algorithms presented in chapters 5 and 6,
and the clustering submodule is different as two additional clustering algorithms are included
in REM. We explain the changes related to the clustering submodule in chapter 6.
Figure 1-5 shows the evolution of REM along with this thesis (the dates are approximate).
Regarding the contributions of the author of the thesis, the top-down algorithm presented in
chapter 6 was jointly developed among an MIT student (Olamide Oladeji) and the author of this
thesis. The remaining work presented in this thesis was primarily developed by the author of
this thesis, although it was enriched by many ideas and discussions with other members of the
UEA Lab.
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Figure 1-5: Evolution of REM.
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“All models are wrong; some models are useful.”
George Box

2

2

A REVIEW OF ELECTRIFICATION PLANNING

METHODS AND TOOLS

This chapter discusses the methods and tools that address the techno-economic planning problem
in an underserved region. We present a conceptual formulation that sets the ground for the analysis
of methods and tools, which are classified according to their modeling complexity.
The content of this chapter has been published in the following paper:
Ciller, P., Lumbreras, S., 2020. Electricity for all: The contribution of large-scale planning tools to
the energy-access problem. Renewable and Sustainable Energy Reviews 120, 109624.
https://doi.org/10.1016/j.rser.2019.109624
The rest of this chapter is structured as follows: section 2.1 presents several subproblems that are
inherent to large-scale planning in an underserved region. Section 2.2 introduces a conceptual
formulation of the techno-economic planning problem, which is used in section 2.3 to classify the
methods and tools according to their modeling complexity. Section 2.4 presents future lines of
development for electrification planning tools.

2.1. The techno-economic planning problem
This section briefly describes three subproblems that are part of the techno-economic planning
problem, which was introduced in chapter 1, and whose goal is to determine the optimal combination
of standalone systems, mini-grids, and grid extensions that electrify an area.
The three subproblems that comprise the techno-economic planning problem are (a) the
generation sizing problem, (b) the network design problem, and (c) the clustering problem. Figure 2-1
shows the most frequent decisions involved in the three subproblems, as well as their objective
functions.
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Figure 2-1: The techno-economic electrification planning subproblems.
The three subproblems are interconnected as their solutions are not independent of each other.
•

Regarding mini-grids, the generation sizing and network design problems determine the
generation and network designs of a mini-grid, but the clustering obtains the consumers
that belong to the mini-grid first. Similarly, the clustering groups the consumers into minigrids, but the optimal grouping of consumers into mini-grid depends on the generation
and network costs, which are calculated solving the generation sizing and network design
problems, respectively.

•

Regarding grid extensions, the network design problem determines the layout and cost of
an extension of the power grid. Still, the clustering identifies the consumers that belong
to that extension of the power grid first. In a similar manner, the clustering groups the
consumers into grid extensions, but it needs accurate estimations of the network costs of
grid extensions, which are provided by the network design problem.

The generation sizing and the network design problems need to be solved a significant number of
times in the large-scale electrification planning problem, so a direct application of methods that were
designed to address a single instance of these problems may fail for computational reasons.

Clustering
The clustering problem consists in grouping the consumers into the best candidate systems
(isolated, mini-grids, and grid extensions). There are few references related to clustering applications
to the techno-economic electrification planning problem in the literature. Reference (Parreno Jr and
Del Mundo, 2015) is such an example, although this process has manual steps and cannot be adapted
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easily to large-scale cases. Reference (Govender et al., 2001) is another example, but this reference
does not consider the off-grid technologies and their costs in the process.
Most tools and methodologies require the planner to define the clusters beforehand and
introduce them as inputs (villages, settlements, or cells), although a few tools such as GEOSIM, the
Open Source Spatial Electrification Tool (OnSSET) and REM include a clustering algorithm. Figure 2-2
shows a clustering example obtained with REM, where consumers that belong to the same clusters
are represented with the same color. The location of consumers often follows roads or rivers, which
is reflected in their spatial representation.

Figure 2-2: Clustering of consumers obtained with REM. The already-existing
distribution network is represented with black lines.

Generation sizing
The off-grid generation design or generation sizing problem consists in calculating the best
generation design for a given off-grid system and its corresponding demand. The inputs of the tools
that aim at this problem usually include demand profiles and a catalog of components that includes
the techno-economic parameters of the generation technologies. There are reviews related to the
methods used to sizing hybrid energy systems (Luna-Rubio et al., 2012) as well as their configurations
and control methods (Upadhyay and Sharma, 2014). The main software tools that aim at sizing hybrid
energy systems are discussed in (Sinha and Chandel, 2014). Some of the most widely-known mini-grid
generation design tools are the Hybrid Optimization Model for Multiple Energy Resources (HOMER)
(Lambert et al., 2006) and the Distributed Energy Resources - Customer Adoption Model (DER-CAM)
(Lawrence Berkeley National Laboratory, 2017).
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The generation sizing problem also aims at determining the optimal dispatch of the off-grid system
(i.e., the real-time operation so that the operating costs are minimized). The dispatch can be obtained
with classical optimization methods, although most tools apply heuristic strategies that require a
reduced computational time at the expense of losing optimality (Neves and Silva, 2015; Alramlawi et
al., 2019).
Figure 2-3 shows the daily dispatch that REM provides for a mini-grid applying a load following
strategy. The load following strategy is a heuristic dispatch where the resources used to meet the
demand always follow the same order: solar, battery, and diesel. If there is solar energy available after
meeting the demand, then it will be used to charge the battery. The diesel generator is not used to
charge the battery in the load following strategy. REM may not use the diesel generator to meet the
demand if the marginal cost of diesel is higher than the Cost of Non-Served Energy (CNSE).
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Figure 2-3: REM’s daily sample dispatch of a mini-grid. The black line represents
its total demand.
The dispatch shown in Figure 2-32 uses solar energy to meet the demand and charge the batteries
during the day. The energy stored in the batteries is used to meet the demand in the evening, and the
diesel generator meets the demand at night. However, the diesel generators make noise when they
operate, which is particularly unpleasant during the night. A cycle charging dispatch strategy could be
implemented to avoid using the diesel generator during the night.
The circle charging dispatch strategy operates the diesel generator at its maximum capacity when

2

REM operates with a temporal resolution of one hour, and it interpolates among the hourly values of
the demand and mini-grid components when it plots a dispatch. The dispatch can give the impression that
the battery is being charged and discharged simultaneously, although this does not happen.
The solar dispatch only includes the amount of solar energy used to charge the battery, which is limited
by the state of charge and the speed of charge of the battery. The dispatch does not show the total available
solar energy.

21

it is used, and it charges the battery with the energy left after meeting the demand. With the cyclecharging strategy, the diesel generator would operate at its maximum capacity to meet the demand
and charge the batteries during the evening, and the batteries would meet the demand during the
night.

Network design
The network design problem aims at obtaining the best power distribution network for a mini-grid
or a grid extension. The tools that address this problem require the location and the demand of the
consumers, the location of the existing power grid (only for grid-extension designs), and a catalog of
network components (lines and transformers).
Village Power Optimization model for Renewables (ViPOR) is a network design tool that obtains
the distribution network of a single mini-grid applying a simulated annealing algorithm (Lambert and
Hittle, 2000). However, ViPOR is currently unsupported and it does not incorporate electric constraints
in the calculation of network designs.
A review of the methodologies and tools used to calculate the power distribution network has
been recently published (Georgilakis and Hatziargyriou, 2015). One of the most advanced existing
network design tools is the RNM (Mateo Domingo et al., 2011), which is used in REM to calculate
network designs for grid extensions and mini-grids. Figure 2-4 shows the projection onto Google Earth
Pro of a grid-extension design calculated with RNM, which calculates the layout of the Medium
Voltage (MV) and Low Voltage (LV) lines, and the location of the transformers.

Figure 2-4: REM’s network design for a grid extension. The already-existing
distribution network is represented with black lines.
This review focuses on tools and methodologies that address the large-scale techno-economic
electrification planning problem as a whole. This implies that tools such as HOMER and ViPOR are not
included in the review since they only deal with specific parts of the problem, and they operate at the
small-scale level (i.e., an individual village or settlement).
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There are several reasons to include only large-scale tools and methods in the review. In the first
place, some reviews already deal with the methods (Luna-Rubio et al., 2012) and tools (Sinha and
Chandel, 2014) at a small-scale level. In the second place, the nature of the problem is different since,
in most cases, there is no need to cluster the consumers when a village or a settlement is electrified
because all the village or settlement is electrified altogether as a single system. Finally, the
computational resources needed to solve a small-scale problem are lower, allowing the use of classical
optimization techniques or computationally intensive procedures that would fail in a large-scale
problem.
The next section introduces a conceptual formulation of the techno-economic electrification
planning problem, which is used in section 2.3 to classify the tools and methodologies that address
this problem at a large-scale scope.

2.2. A conceptual formulation
The existing mathematical formulations available describe the electrification planning problem
partially as they focus on a single village or community (Ferrer-Martí et al., 2013; Triadó-Aymerich et
al., 2016), or include a reduced level of detail (Zeyringer et al., 2015). A general formulation –which
was missing in the literature– is very valuable to build comparisons and focus discussions.
Large-scale tools deal with an extensive area such as a region or a country and consider only a
purely economic criterion for computational reasons. On a small scale, it is possible to consider factors
that go beyond cost, such as environmental impact, social impact (measured by the amount of NonServed Energy (NSE) or job creation), and regulatory conditions (such as subsidies or tax reduction for
certain types of technologies).
In addition, it is vital for the success of a project to consider stakeholder preferences. Often, this is
undertaken by generating a small list of non-dominated, feasible solutions. Then, the preferred
solution is identified as the candidate solution with the highest acceptance among stakeholders
(Santos Pérez, 2015). However, section 2.3 shows that no electrification planning tool or methodology
applies multicriteria optimization techniques.
The formulation proposed has been developed to serve as an illustration for the general statement
of the problem and its most important features. The following simplifications, accurate but useful,
have been adopted:
1. The formulation considers only generation costs and disregards the cost of other elements
such as inverters and charge controllers, which are comparatively much cheaper
(Bhattacharyya, 2015; Azimoh et al., 2017).
2. Only one line can be installed between each pair of nodes. Parallel lines are not considered
in most projects, as demand profiles are usually low compared to line capacities, so that
parallel lines are not usually useful.
3. The cost of losses is calculated in a simplified way.
4. Standard network constraints such as voltage drops and reliability constraints are not
considered, given that they increase the complexity considerably. They can be included in
subsequent analyses.
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5. The capacity of the generation elements of the mini-grid is considered continuous, and linear
piecewise functions approximate the investment cost of these elements.
6. Generators installed in a mini-grid can be located only in consumers that belong to the minigrid. Similarly, MV/LV substations can be located only in consumers or the already-existing
network.
7. The efficiency of diesel generators is considered to be constant.
8. The existing distribution network is discretized into a finite number of candidate connection
points, which are considered for grid-extension designs. Each candidate connection point has
a value of energy cost ($/kWh) related to it. This energy cost value reflects an estimation of
the upstream generation costs plus the cost of reinforcements in the distribution and
transmission networks upstream.
9. All networks are three-phase and balanced.
10. The traditional DC power flow assumptions hold: the voltage of each node is one (in p.u.), the
difference of voltage angles between nodes is small, and the reactance of each line is much
larger than its resistance (Qi et al., 2012). The last assumption may not hold in MV and LV
distribution networks, but the error introduced may be acceptable provided that the
reactance of the lines is high enough (Purchala et al., 2005). If this is not the case, then nonlinear approximations can provide high accuracy (Baradar and Hesamzadeh, 2015).
Regional planning methods apply similar simplifications to deal with the techno-economic planning
problem at a large-scale level (Zeyringer et al., 2015; Abdul-Salam and Phimister, 2016a).
Although the electrification planning problem has a dynamic and stochastic nature, this section
presents a static formulation, which is consistent with the approach found in the full list of the
literature surveyed. For the time being, no large-scale tool or methodology can handle multiple time
horizons or include robust optimization methods to effectively cope with uncertainties, which are
frequent in developing countries due to the lack of reliable data.

Sets
𝑁

supply and demand nodes;

𝐼∈𝑁

demand nodes (households, schools, health centers, etc.);

𝑆∈𝑁

supply nodes (already existing network candidate connection points);

𝑌

off-grid elements (generation technologies and batteries), on-grid generation and
grid extension components (MV/LV substations and lines);

𝐺∈𝑌

off-grid elements (generation technologies and batteries) and on-grid generation;

𝑈∈𝐺

off-grid elements (generation technologies and batteries);

𝑇∈𝐺

generation elements, both off-grid (namely diesel, solar and wind) and on-grid
generation;

𝐶

available elements of the catalog for off-grid generation technologies, batteries,
MV/LV substations and lines;

𝐻

hours for the period considered (usually one year: 8760 hours);
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𝑉

voltage levels (namely LV and MV).

Parameters
𝑎𝑛𝑛𝑢𝑎𝑙𝑓𝑎𝑐𝑡𝑜𝑟𝑦
𝑐𝑎𝑝𝑢𝑐

fraction of the cost of the 𝑦-th element that is amortized in one fiscal year.
It depends on its lifetime, the discount rate considered and its total cost;

capacity of the 𝑐-th element of the catalog associated with the element 𝑢 [kWh for
the batteries, kW for the remaining elements];

̅̅̅̅̅̅̅̅̅̅̅̅
𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦𝑔 maximum allowed capacity of generation elements and batteries installed [kWh for
the batteries, kW for the remaining elements];
𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦𝑔 minimum allowed capacity of generation elements and batteries installed [kWh for
the batteries, kW for the remaining elements]. These parameters are usually set to
0, which corresponds to no generation;
𝑐𝑒𝑛𝑒𝑟𝑔𝑦𝑠

energy cost related to each supply node [$/kWh]. This parameter accounts for the
cost of the upstream generation plus the upstream reinforcements in the distribution
and transmission networks;

𝑐𝑓𝑢𝑒𝑙

market price for diesel [$/liter];

̅̅̅̅̅̅̅̅̅̅
𝑐ℎ𝑎𝑟𝑔𝑒

maximum allowed hourly charge for a 1 kWh battery;

𝑐ℎ𝑎𝑟𝑔𝑒

minimum allowed hourly charge for a 1 kWh battery. This parameter is usually set to
0, which corresponds to no charge;

𝑐𝑖𝑛𝑣𝑢𝑐

investment cost required to acquire an element 𝑢 of capacity 𝑐 [$];

𝑐𝑙𝑚𝑛𝑣𝑐

investment cost of the 𝑐-th catalog line of voltage 𝑣 between nodes 𝑚 and 𝑛 [$]. This
parameter is only defined when the condition 𝑚 > 𝑛 holds to avoid duplicated
parameters;

𝑐𝑂&𝑀𝑦

operation and maintenance cost of element 𝑦 expressed as a fraction of its
investment cost [p.u.];

𝑐𝑠𝑚𝑐

investment cost of the 𝑐-th catalog MV/LV substation at node 𝑚 [$];

𝑑𝑒𝑚𝑎𝑛𝑑𝑖ℎ demand of node 𝑖 at hour ℎ [kWh];
̅̅̅̅̅̅̅̅̅̅̅̅̅̅ maximum allowed hourly discharge for a 1 kWh battery;
𝑑𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑒
𝑑𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑒 minimum allowed hourly discharge for a 1 kWh battery. This parameter is usually set
to 1, which corresponds to no discharge;
𝑒𝑚𝑖𝑠𝑠𝑖𝑜𝑛𝑠 metric tonnes of equivalent CO2 diesel emissions per liter [tCO2eq /liter];
𝑀

big-M parameter (sufficiently large number used in disjunctive equations);

𝑝𝑙𝑖𝑚𝑚𝑛𝑣𝑐

capacity limit of the 𝑐-th catalog line of voltage 𝑣 between nodes 𝑚, 𝑛 [kW]. This
parameter is only defined when the condition 𝑚 > 𝑛 holds to avoid duplicated
parameters;

̅̅̅̅̅̅̅̅̅̅𝑚ℎ𝑡 maximum generation profile in node 𝑚 at hour ℎ for a 1 kW capacity element of
𝑝𝑟𝑜𝑓𝑖𝑙𝑒
generation technology 𝑡 [kWh];
𝑝𝑟𝑜𝑓𝑖𝑙𝑒𝑚ℎ𝑡 minimum generation profile in node 𝑚 at hour ℎ for a 1 kW capacity generation
technology 𝑡. These parameters are usually set to 0, which correspond to no generation [kWh];
25

𝑠𝑏𝑎𝑠𝑒

base power [kW];

̅̅̅̅̅
𝑠𝑜𝑐

maximum allowed state of charge of the battery [p.u.]. This parameter is usually set
to 1, which corresponds to a fully charged battery;

𝑠𝑜𝑐

minimum allowed state of charge of the battery [p.u.];

𝑠𝑜𝑐𝑖𝑛𝑖𝑡

initial state of charge of the battery [p.u.]. This parameter should be set to a value
that belongs to the interval [𝑠𝑜𝑐, ̅̅̅̅̅];
𝑠𝑜𝑐

𝑥𝑚𝑛𝑣𝑐

reactance of the 𝑐-th catalog line of voltage 𝑣 between nodes 𝑚, 𝑛 [p.u.];

𝜀𝑐ℎ𝑎𝑟𝑔𝑒

efficiency of battery charge [p.u.];

𝜀𝑑𝑖𝑒𝑠𝑒𝑙

average efficiency of diesel generators [liters/kW];

𝜀𝑑𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑒 efficiency of the battery discharge [p.u.];
𝜀𝑛𝑒𝑡𝑤𝑜𝑟𝑘 network efficiency [p.u.]. This parameter is used to account for the network losses;

Variables
𝛣𝑚𝑐

binary variable that takes the value 1 if an only if the 𝑐-th catalog MV/LV substation
is located in node 𝑚;

𝛣𝐴𝑇𝑇𝑖

binary variable that takes the value 1 if an only if there is a battery located in node 𝑖;

𝐵𝐼𝑁𝐶𝑖𝑢𝑐

binary variable that takes the value 1 if 𝐶𝐷𝐸𝐶𝑖𝑢𝑐 (and therefore 𝐶𝐴𝑃𝑖𝑢 ) is between
𝑐𝑎𝑝𝑢(𝑐−1) and 𝑐𝑎𝑝𝑢𝑐 ;

𝐶𝐴𝑃𝑚(𝑦≠𝑙𝑖𝑛𝑒𝑠)

𝐶𝐷𝐸𝐶𝑖𝑢𝑐

positive variable that accounts for the capacity of the 𝑦-th element (except
lines) installed at node 𝑚 [kWh for the batteries, kW for the remaining
elements];

positive variable used to express the capacity cost 𝐶𝐴𝑃𝑖𝑢 of off-grid components with
a piecewise linear function;

𝐶𝐸𝑁𝐸𝑅𝐺𝑌𝑠 positive variable that accounts for the grid energy cost associated with the supply
node 𝑠 [$/kWh];
𝐶𝐹𝑈𝐸𝐿𝑖

positive variable related to the fuel cost associated with the diesel generator located
at node 𝑖 [$];

𝐶𝐻𝐴𝑅𝐺𝐸𝑖ℎ positive variable that accounts for how much the battery is charged in node 𝑖 at hour
ℎ [kWh];
𝐶𝐼𝑁𝑉𝑖𝑢

positive variable that accounts for the investment cost associated with off-grid
component 𝑢 located at node 𝑖 [$];

𝐷𝐼𝑆𝐶𝐻𝐴𝑅𝐺𝐸𝑖ℎ

positive variable that accounts for how much the battery is discharged in
node 𝑖 at hour ℎ [kWh];

𝐺𝐸𝑁𝑚ℎ

positive variable related to the real power generated at node 𝑚 in hour ℎ, either with
off-grid generation or with on-grid generation [kWh];

𝑃𝑚𝑛ℎ𝑣𝑐

free variable related to the directed power flow that goes through node 𝑚 to node
𝑛 at hour ℎ through the 𝑐-th catalog line of voltage 𝑣 [kWh]. This variable is only
defined when the condition 𝑚 > 𝑛 holds to avoid duplicated variables;

+
𝑃𝑚𝑛

positive variable that takes the maximum value of 𝑃𝑚𝑛ℎ𝑣𝑐 for each hour ℎ, voltage 𝑣
and catalog element 𝑐 if 𝑃𝑚𝑛ℎ𝑣𝑐 is positive [kWh]. Otherwise, this variable takes the
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value 0. This variable is only defined when the condition 𝑚 > 𝑛 holds to avoid
duplicated variables;
𝑆𝑂𝐶𝑖ℎ

positive variable related to the state of charge of the battery located at node 𝑖 in hour
ℎ [kWh];

𝑇𝐸𝐶𝐻𝐺𝐸𝑁𝑚ℎ𝑡

positive variable related to the real power generated at node 𝑚 by
technology 𝑡 at hour ℎ [kWh];

𝑇𝑂𝑇𝐶𝐼𝑁𝑉𝑦 positive variable related to the total investment cost associated with element 𝑦 [$];
𝑋𝐿𝑚𝑛𝑣𝑐

binary variable that takes the value 1 if nodes 𝑚, 𝑛 are connected with the 𝑐-th
catalog line of voltage 𝑣. This variable is only defined when the condition 𝑚 > 𝑛
holds to avoid duplicated variables;

Θ𝑚ℎ

phase angle at node 𝑚 at hour ℎ [radians];

Ξ𝑖ℎ(𝑡=𝑔𝑒𝑛𝑠𝑒𝑡)

binary variable that describes the commitment of a diesel generator (it takes
the value 1 if the generator at node 𝑖 is on at hour ℎ, and 0 otherwise);

Equations
The equations are classified into several groups, which are described in Table 2-1.
Group

Description

Distribution-network
equations

They determine the layout and capacities of lines and transformers included in distribution networks of minigrid and grid extensions. They include geometric considerations (equations 2-1-2-7) and electric criteria
(equations 2-8-2-16) that are frequently considered in the network design problem shown in Figure 2-1.

Generation equations

They determine the capacities of the off-grid equipment (equations 2-17-2-20) and the hourly dispatch
(equations 2-21-2-29) of each mini-grid and isolated system. They are related to the generation sizing
problem shown in Figure 2-1.

Cost equations

They model the way that costs are computed (equations 2-30-2-39) for each isolated system, mini-grid, and
grid extension design. The costs included account for the investment and operation cost of the elements of
the network and generation equipment.

Table 2-1: Formulation equations.
2.2.4.1. Distribution-network equations
Demand nodes cannot host on-grid generation:
𝐶𝐴𝑃𝑖𝑦 = 0 ∀𝑖 ∈ 𝐼, 𝑦 = {𝑜𝑛 − 𝑔𝑟𝑖𝑑 𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛} ∈ 𝑌

2-1

Supply nodes cannot host off-grid components:
𝐶𝐴𝑃𝑠𝑢 = 0 ∀(𝑠, 𝑢) ∈ 𝑆𝑈

2-2

Two nodes can only be connected through one line:
∑ 𝑋𝐿𝑚𝑛𝑣𝑐 ≤ 1 ∀(𝑚, 𝑛 | 𝑚 > 𝑛) ∈ 𝑁 2

2-3

𝑣,𝑐∈𝑉𝐶

Only one MV/LV substation can be located in a node:
∑𝑐∈𝐶 𝛣𝑚𝑐 ≤ 1 ∀𝑚 ∈ 𝑁

2-4
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If a demand node does not have an MV/LV substation installed, then it cannot belong to the MV
distribution network:
𝑋𝐿𝑖𝑗𝑣𝑐 ≤ ∑𝑧∈𝐶 𝛣𝑖𝑧 ∀(𝑖, 𝑗 | 𝑖 > 𝑗) ∈ 𝐼 2 , 𝑐 ∈ 𝐶, 𝑣 = {𝑀𝑉} ∈ 𝑉

2-5

∀(𝑖, 𝑗 | 𝑖 > 𝑗) ∈ 𝐼 2 , 𝑐 ∈ 𝐶, 𝑣 = {𝑀𝑉} ∈ 𝑉

2-6

𝑋𝐿𝑖𝑗𝑣𝑐 ≤ ∑𝑧∈𝐶 𝛣𝑗𝑧

If a supply node does not have an MV/LV substation, then it cannot be connected to a low-voltage
line:
∑𝑐∈𝐶 𝑋𝐿𝑠𝑚𝑣𝑐 ≤ ∑𝑐∈𝐶 𝛣𝑚𝑐 ∀(𝑠, 𝑚 | 𝑠 > 𝑚) ∈ 𝑆𝑁, 𝑣 = {𝐿𝑉} ∈ 𝑉

2-7

The balance of generation minus demand at each node and the power used to charge batteries is
equal to the power transmitted to the nodes that are connected to it (Kirchhoff’s First Law):
𝐺𝐸𝑁𝑚ℎ +𝐷𝐼𝑆𝐶𝐻𝐴𝑅𝐺𝐸𝑚ℎ −𝐶𝐻𝐴𝑅𝐺𝐸𝑚ℎ −𝑑𝑒𝑚𝑎𝑛𝑑𝑚ℎ +𝑁𝑆𝐸𝑚ℎ
𝜀𝑛𝑒𝑡𝑤𝑜𝑟𝑘

= ∑𝑛,𝑣,𝑐 ∈ 𝑁𝑉𝐶 𝑃𝑚𝑛ℎ𝑣𝑐 ∀(𝑚, ℎ) ∈

2-8

𝑁𝐻
Power flow equations must be satisfied (Kirchhoff’s Second Law):
𝑃𝑚𝑛ℎ𝑣𝑐 ≤

𝛩𝑚ℎ −𝛩𝑛ℎ
𝑥𝑚𝑛𝑣𝑐

∙ 𝑠𝑏𝑎𝑠𝑒 + 𝑝𝑙𝑖𝑚𝑚𝑛𝑣𝑐 ∙ (1 − 𝑋𝐿𝑚𝑛𝑣𝑐 ) ∀(𝑚, 𝑛 | 𝑚 > 𝑛) ∈ 𝑁 2 ,

2-9

(ℎ, 𝑣, 𝑐) ∈ 𝐻𝑉𝐶
𝑃𝑚𝑛ℎ𝑣𝑐 ≥

𝛩𝑚ℎ − 𝛩𝑛ℎ
∙ 𝑠𝑏𝑎𝑠𝑒 − 𝑝𝑙𝑖𝑚𝑚𝑛𝑣𝑐 ∙ (1 − 𝑋𝐿𝑚𝑛𝑣𝑐 ) ∀(𝑚, 𝑛 | 𝑚 > 𝑛) ∈ 𝑁 2 ,
𝑥𝑚𝑛𝑣𝑐
(ℎ, 𝑣, 𝑐) ∈ 𝐻𝑉𝐶
𝛩𝑚ℎ = 0 ∀ℎ ∈ 𝐻, 𝑚 = {1} ∈ 𝑁

2-10

2-11

Equations 2-9 and 2-10 provide an estimation of the power flow based on the traditional DC power
flow assumptions, and therefore the resistance of each line is not considered.
Power flows are bounded by capacity:
−𝑝𝑙𝑖𝑚𝑚𝑛𝑣𝑐 ∙ 𝑋𝐿𝑚𝑛𝑣𝑐 ≤ 𝑃𝑚𝑛ℎ𝑣𝑐 ≤ 𝑝𝑙𝑖𝑚𝑚𝑛𝑣𝑐 ∙ 𝑋𝐿𝑚𝑛𝑣𝑐 ∀(𝑚, 𝑛 | 𝑚 > 𝑛) ∈ 𝑁 2 ,
(ℎ, 𝑣, 𝑐) ∈ 𝐻𝑉𝐶

2-12

The variable 𝛣𝑚𝑐 takes the value 1 if and only if 𝐶𝐴𝑃𝑚𝑧 is equal to 𝑐𝑎𝑝𝑧𝑐 for the MV/LV substations:
𝐶𝐴𝑃𝑚𝑧 ≤ 𝑐𝑎𝑝𝑧𝑐 − 𝑀 ∙ (1 − 𝛣𝑚𝑧 ) ∀(𝑚, 𝑐) ∈ 𝑁𝐶, 𝑧 = {𝑀𝑉/𝐿𝑉 𝑠𝑢𝑏𝑠𝑡𝑎𝑡𝑖𝑜𝑛𝑠} ∈ 𝑌

2-13

The capacity of each MV/LV substation (if installed) is greater than or equal to the maximum power
flow that flows from it:
+
𝐶𝐴𝑃𝑚𝑧 ≥ ∑(𝑛 | 𝑚>𝑛)∈𝑁 𝑃𝑚𝑛
− 𝑀 ∙ (1 − 𝛣𝑚𝑐 ) ∀(𝑚, 𝑐) ∈ 𝑁𝐶, 𝑧 = {𝑀𝑉/
𝐿𝑉 𝑠𝑢𝑏𝑠𝑡𝑎𝑡𝑖𝑜𝑛𝑠} ∈ 𝑌

2-14
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+
𝑃𝑚𝑛
≥ 𝑃𝑚𝑛ℎ𝑣𝑐 ∀(𝑚, 𝑛 | 𝑚 > 𝑛) ∈ 𝑁 2 , (ℎ, 𝑣, 𝑐) ∈ 𝐻𝑉𝐶

2-15

Demand bounds NSE at each demand node:
𝑁𝑆𝐸𝑖ℎ ≤ 𝑑𝑒𝑚𝑎𝑛𝑑𝑖ℎ ∀(𝑖, ℎ) ∈ 𝐼𝐻

2-16

2.2.4.2. Generation equations
The total generated power is the sum of the power generated by technology:
𝐺𝐸𝑁𝑚ℎ = ∑𝑡∈𝑇 𝑇𝐸𝐶𝐻𝐺𝐸𝑁𝑚ℎ𝑡 ∀(𝑚, ℎ) ∈ 𝑁𝐻

2-17

Limits for the capacity of the generation elements and the battery:
𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦𝑔 ≤ 𝐶𝐴𝑃𝑚𝑔 ≤ ̅̅̅̅̅̅̅̅̅̅̅̅
𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦𝑔 ∀(𝑚, 𝑔) ∈ 𝑁𝐺

2-18

The maximum generation allowed for each technology depends on the capacity installed and a
generation profile that depends on technical parameters of the generation technology and resource
availability (such as solar irradiance or wind speed, among others). In the cases of on-grid generation
and diesel generators, the generation profile may be constant:
𝑇𝐸𝐶𝐻𝐺𝐸𝑁𝑚ℎ𝑡 ≤ 𝐶𝐴𝑃𝑚𝑡 ∙ ̅̅̅̅̅̅̅̅̅̅
𝑝𝑟𝑜𝑓𝑖𝑙𝑒𝑚ℎ𝑡 ∀(𝑚, ℎ, 𝑡) ∈ 𝑁𝐻𝑇

2-19

The minimum generation allowed for each generation technology depends on the capacity
installed and a minimum generation profile. This bound might not be useful if there is no actual
minimum generation for a capacity:
𝐶𝐴𝑃𝑚𝑡 ∙ 𝑝𝑟𝑜𝑓𝑖𝑙𝑒𝑚ℎ𝑡 ≤ 𝑇𝐸𝐶𝐻𝐺𝐸𝑁𝑚ℎ𝑡 ∀(𝑚, ℎ, 𝑡) ∈ 𝑁𝐻(𝑇\{𝑔𝑒𝑛𝑠𝑒𝑡})

2-20

If a diesel generator is installed, there is a minimum load restriction that must be met if the
generator is on:
𝑇𝐸𝐶𝐻𝐺𝐸𝑁𝑖ℎ𝑡 ≥ 𝐶𝐴𝑃𝑖𝑡 ∙ 𝑝𝑟𝑜𝑓𝑖𝑙𝑒𝑖ℎ𝑡 − 𝑀(1 − 𝛯𝑖ℎ𝑡 ) ∀(𝑖, ℎ) ∈ 𝐼𝐻, 𝑡 = {𝑔𝑒𝑛𝑠𝑒𝑡} ∈ 𝑇

2-21

𝑇𝐸𝐶𝐻𝐺𝐸𝑁𝑖ℎ𝑡 ≤ 𝑀 ∙ 𝛯𝑖ℎ𝑡 ∀(𝑖, ℎ) ∈ 𝐼𝐻, 𝑡 = {𝑔𝑒𝑛𝑠𝑒𝑡} ∈ 𝑇

2-22

The diesel generator produces emissions when it operates:
𝐷𝐸𝑖ℎ = 𝑇𝐸𝐶𝐻𝐺𝐸𝑁𝑖ℎ𝑡 ∙ 𝜀𝑑𝑖𝑒𝑠𝑒𝑙 ∙ 𝑒𝑚𝑖𝑠𝑠𝑖𝑜𝑛𝑠 ∀(𝑖, ℎ) ∈ 𝐼𝐻, 𝑡 = {𝑔𝑒𝑛𝑠𝑒𝑡} ∈ 𝑇

2-23

The operation of a diesel generator produces several polluting elements such as carbon oxides
(COx), nitrogen oxides (NOx), and sulfur oxides (SOx) (Sothea and Kim Oanh, 2019). The term that
accounts for the diesel emissions in the formulation is the total annual equivalent CO2 emissions. The
equivalent CO2 emissions of gas are calculated by determining the amount of CO2 that produces the
same global warming potential as the gas (myclimate, 2020). This metric allows us to measure and
compare the climate effects of several gases, and it has been used in the literature when optimizing
the generation of a mini-grid (Dufo-López et al., 2011).
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The variable 𝐵𝐴𝑇𝑇𝑖 takes the value 1 if and only if there is a battery installed in node 𝑖:
𝐵𝐴𝑇𝑇𝑖 ≤ 𝐶𝐴𝑃𝑖𝑔 ∙ 𝑀 ∀𝑖 ∈ 𝐼, 𝑔 = {𝑏𝑎𝑡𝑡𝑒𝑟𝑦} ∈ 𝐺

2-24

The state of charge of the battery at any hour but the first one depends on the state of charge of
the previous hour and on how much the battery has been charged or discharged in the previous hour:
𝑆𝑂𝐶𝑖ℎ = 𝑆𝑂𝐶𝑖(ℎ−1) + 𝜀𝑐ℎ𝑎𝑟𝑔𝑒 ∙ 𝐶𝐻𝐴𝑅𝐺𝐸𝑖(ℎ−1) −

𝐷𝐼𝑆𝐶𝐻𝐴𝑅𝐺𝐸𝑖(ℎ−1)
𝜀𝑑𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑒

∀(𝑖, ℎ) ∈

2-25

𝐼(𝐻\{1})
The initial state of charge of the batteries is set to 𝑠𝑜𝑐𝑖𝑛𝑖𝑡 if there is a battery installed:
𝑆𝑂𝐶𝑖ℎ ≤ 𝑠𝑜𝑐𝑖𝑛𝑖𝑡 ∙ 𝐶𝐴𝑃𝑖𝑔 − (1 − 𝐵𝐴𝑇𝑇𝑖 ) ∙ 𝑀 ∀𝑖 ∈ 𝐼, ℎ = {1} ∈ 𝐻, 𝑔 =
{𝑏𝑎𝑡𝑡𝑒𝑟𝑦} ∈ 𝐺

2-26

Constraints on the state of charge of the batteries:
𝐶𝐴𝑃𝑖𝑔 ∙ 𝑠𝑜𝑐 ≤ 𝑆𝑂𝐶𝑖ℎ ≤ 𝐶𝐴𝑃𝑖𝑔 ∙ ̅̅̅̅̅
𝑠𝑜𝑐 ∀(𝑖, ℎ) ∈ 𝐼𝐻, 𝑔 = {𝑏𝑎𝑡𝑡𝑒𝑟𝑦} ∈ 𝐺

2-27

Limits for the speed of charge/discharge of the batteries:
𝑐ℎ𝑎𝑟𝑔𝑒 ∙ 𝐶𝐴𝑃𝑖𝑔 ≤ 𝐶𝐻𝐴𝑅𝐺𝐸𝑖ℎ ≤ ̅̅̅̅̅̅̅̅̅̅
𝑐ℎ𝑎𝑟𝑔𝑒 ∙ 𝐶𝐴𝑃𝑖𝑔 ∀(𝑖, ℎ) ∈ 𝐼𝐻, 𝑔 =

2-28

{𝑏𝑎𝑡𝑡𝑒𝑟𝑦} ∈ 𝐺
𝑑𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑒 ∙ 𝐶𝐴𝑃𝑖𝑔 ≤ 𝐷𝐼𝑆𝐶𝐻𝐴𝑅𝐺𝐸𝑖ℎ ≤ 𝑑𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑒 ∙ 𝐶𝐴𝑃𝑖𝑔 ∀(𝑖, ℎ) ∈ 𝐼𝐻, 𝑔 =

2-29

{𝑏𝑎𝑡𝑡𝑒𝑟𝑦} ∈ 𝐺
2.2.4.3. Cost equations
As shown in Figure 2-5, the investment cost related to generation technologies and batteries is
interpolated using linear piecewise functions. These piecewise linear functions should reflect the
economies of scale in generation technologies.
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𝑐𝑖𝑛𝑣𝑢3
𝑐𝑖𝑛𝑣𝑢1

𝑐𝑖𝑛𝑣𝑢0
𝑐𝑎𝑝𝑢0

𝑐𝑎𝑝𝑢1

𝑐𝑎𝑝𝑢2

𝑐𝑎𝑝𝑢3

Figure 2-5: Linear interpolation of the investment costs.
Where 𝑐𝑖𝑛𝑣𝑢𝑐 is the investment cost of the 𝑢-th off-grid component that has capacity 𝑐 (which is
the element 𝑐𝑎𝑝𝑢𝑐 ). The formulation uses a binary variable 𝐵𝐼𝑁𝐶𝑖𝑢𝑐 that takes the value 1 if 𝑢-th offgrid component installed at node 𝑖 has a capacity that lies between 𝑐𝑎𝑝𝑢(𝑐−1) and 𝑐𝑎𝑝𝑢𝑐 . The
formulation also uses a positive variable 𝐶𝐷𝐸𝐶𝑖𝑢𝑐 that is equal to the capacity of the 𝑢-th generation
technology installed at node 𝑖 if that capacity lies between 𝑐𝑎𝑝𝑢(𝑐−1) and 𝑐𝑎𝑝𝑢𝑐 , and takes the value
zero in the remaining cases. The remaining of this section describes the cost-related equations.
Exactly one of the cost segments is active:
∑𝑐∈𝐶 𝐵𝐼𝑁𝐶𝑖𝑢𝑐 = 1 ∀(𝑖, 𝑢) ∈ 𝐼𝑈

2-30

Only the capacity that is related to the active cost segment is effective:
𝑐𝑖𝑛𝑣𝑢(𝑐−1) ∙ 𝐵𝐼𝑁𝐶𝑖𝑢𝑐 ≤ 𝐶𝐷𝐸𝐶𝑖𝑢𝑐 ≤ 𝑐𝑖𝑛𝑣𝑢𝑐 ∙ 𝐵𝐼𝑁𝐶𝑖𝑢𝑐 ∀(𝑖, 𝑢, 𝑐) ∈ 𝐼𝑈𝐶

2-31

The capacity of an element is equal to its active capacity:
𝐶𝐴𝑃𝑖𝑢 = ∑𝑐∈𝐶 𝐶𝐷𝐸𝐶𝑖𝑢𝑐 ∀(𝑖, 𝑢) ∈ 𝐼𝑈

2-32

The investment cost of an element is calculated using linear interpolation between the nearest
two elements of the catalog:
𝐶𝐼𝑁𝑉𝑖𝑢 = ∑𝑐∈𝐶(𝑐𝑖𝑛𝑣𝑢(𝑐−1) ∙ 𝐵𝐼𝑁𝐶𝑖𝑢𝑐 + (𝐶𝐷𝐸𝐶𝑖𝑢𝑐 − 𝑐𝑖𝑛𝑣𝑢(𝑐−1) ∙ 𝐵𝐼𝑁𝐶𝑖𝑢𝑐 ) ∙
𝑐𝑖𝑛𝑣𝑢𝑐 −𝑐𝑖𝑛𝑣𝑢(𝑐−1)
𝑐𝑎𝑝𝑢𝑐 −𝑐𝑎𝑝𝑢(𝑐−1)

2-33

) ∀(𝑖, 𝑢) ∈ 𝐼𝑈

The total investment cost associated with off-grid components is the sum of the corresponding
investment costs through the nodes:
𝑇𝑂𝑇𝐶𝐼𝑁𝑉𝑢 = ∑𝑖∈𝐼 𝐶𝐼𝑁𝑉𝑖𝑢 ∀𝑢 ∈ 𝑈

2-34

The investment cost of the lines is calculated using the binary variables related to their
connections:
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𝑇𝑂𝑇𝐶𝐼𝑁𝑉𝑦 = ∑(𝑚,𝑛 | 𝑚>𝑛)∈ 𝑁2 ,(𝑣,𝑐)∈𝑉𝐶(𝑋𝐿𝑚𝑛𝑣𝑐 ∙ 𝑐𝑙𝑚𝑛𝑣𝑐 ), 𝑦 = {𝑙𝑖𝑛𝑒𝑠} ∈ 𝑌

2-35

The investment cost of the MV/LV substations is calculated using the binary variables related to
their installment:
𝑇𝑂𝑇𝐶𝐼𝑁𝑉𝑦 = ∑𝑚,𝑐∈𝑁𝐶(𝐵𝑚𝑐 ∙ 𝑐𝑠𝑚𝑐 ), 𝑦 = {𝑀𝑉/𝐿𝑉 𝑠𝑢𝑏𝑠𝑡𝑎𝑡𝑖𝑜𝑛𝑠} ∈ 𝑌
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The on-grid generation cost depends on how much energy is provided by each supply node and
the cost of the upstream generation and reinforcements:
𝐶𝐸𝑁𝐸𝑅𝐺𝑌𝑠 = (∑ℎ∈𝐻 𝑇𝐸𝐶𝐻𝐺𝐸𝑁𝑠ℎ𝑦 ) ∙ 𝑐𝑒𝑛𝑒𝑟𝑔𝑦𝑠 ∀𝑠 ∈ 𝑆, 𝑦 = {𝑜𝑛 −
𝑔𝑟𝑖𝑑 𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛} ∈ 𝑌
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𝑇𝑂𝑇𝐶𝐼𝑁𝑉𝑦 = ∑𝑠∈𝑆 𝐶𝐸𝑁𝐸𝑅𝐺𝑌𝑠 , 𝑦 = {𝑜𝑛 − 𝑔𝑟𝑖𝑑 𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛} ∈ 𝑌
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The fuel cost depends on the diesel cost, the efficiency of the generator, and how much power is
generated:
𝐶𝐹𝑈𝐸𝐿𝑖 = (∑ℎ∈𝐻 𝑇𝐸𝐶𝐻𝐺𝐸𝑁𝑖ℎ𝑡 ) ∙ 𝑐𝑓𝑢𝑒𝑙 ∙ 𝜀𝑑𝑖𝑒𝑠𝑒𝑙 ∙ 8760/|𝐻| ∀𝑖 ∈ 𝐼, 𝑡 =
{𝑔𝑒𝑛𝑠𝑒𝑡} ∈ 𝑇
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The term 8760/|𝐻| (i.e., the number of hours of a year divided by the cardinality of the set 𝐻) is
included in equation 2-39 to ensure that the fuel cost is calculated on an annual basis.
2.2.4.4. Objective functions
This formulation considers three terms in the objective function, which represent the economic,
social, and environmental factors associated with the electrification solutions. The economic term in
the objective function minimizes the investment and running costs of the electrification plan.
The useful life of elements can vary significantly (i.e., the useful life of a line can be over 20 years,
whereas the useful life of a battery is usually around 5). To account for the different useful lives, the
economic parameter that is minimized in this formulation is the total annualized cost, which is
composed of investment, operation and maintenance, and fuel costs (which result from the use of
diesel generators).
𝑓1 = ∑𝑦∈𝑌

𝑇𝑂𝑇𝐶𝐼𝑁𝑉𝑦 ∙(1+𝑐𝑂&𝑀𝑦 )
𝑎𝑛𝑛𝑢𝑎𝑙𝑓𝑎𝑐𝑡𝑜𝑟𝑦

+ ∑𝑖∈𝐼 𝐶𝐹𝑈𝐸𝐿𝑖
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The social term weights in NSE, which accounts for the loss of welfare caused by leaving some
demand unserved:
𝑓2 = ∑𝑛,ℎ∈𝑁𝐻 𝑁𝑆𝐸𝑛ℎ

2-41

The environmental term incorporates the effects of emissions:
𝑓3 = ∑𝑛,ℎ∈𝑁𝐻 𝐷𝐸𝑛ℎ
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It is clear that there is a degree of conflict among the three objective functions, and analyzing the
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trade-offs among them would involve the application of multicriteria optimization techniques that
require solving several instances of a mono-objective problem (Ballestero and Romero, 1998). This is
not affordable in the case of large-scale planning, so tools and methods generally consider a costrelated objective function that may include economic penalties for non-served energy or emissions.
This conceptual formulation of the problem can serve as a common ground to classify tools and
methodologies for electrification planning. This classification is presented in the next section.

2.3. Classification of tools and methodologies
In this section, the tools and methodologies are classified according to their modeling complexity.
They range from first-pass tools, which offer information for a pre-feasibility analysis with a short
computation time, to the detailed analysis tools, which provide a solution that includes detailed
generation and network designs for all the grid extensions and mini-grids.
Figure 2-6 provides an overview of the complexity levels. The boundaries among levels are not
clear-cut, so there could be cases where a tool or methodology could arguably belong to one or
another level. A high modeling complexity comes at the expense of high computation time.

Figure 2-6: Classification of tools by modeling complexity.
We propose a classification framework based on the formulation introduced in section 2.2. This
framework applies a score to each tool and methodology in three different dimensions associated
with its generation sizing procedure, its network design algorithm, and its objective function. Each tool
is then ranked on each dimension with an average weighted sum of the corresponding criteria, which
is scaled to the interval [0, 1] (zero corresponds to the worst possible score, and one corresponds to
a perfect score). Table 2-2 shows the criteria considered for each dimension and their corresponding
weights, which are based on the authors' expertise.
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Dimension

Generation sizing

Aspects

Weight

Generation technologies considered

5

Generation sizing method

5

Location of the generation site

3

Mini-grid architecture

3

Criteria considered

3

Layout calculation method

5

Network levels considered

3

Topography

2

Criteria considered

3

Multicriteria approach

2

User-defined terms

2

Criteria considered

3

Network design

Objective function

Table 2-2: The classification framework.
Regarding generation sizing, the most frequently considered technologies include solar panels,
wind, diesel generator, hydro, and biomass. The methodology also values how easy it is to incorporate
a new generation technology into the tool or methodology. The generation sizing methods range from
estimating the Levelized Cost of Electricity (LCOE) to classical optimization methods that guarantee
optimality at the expense of a high computation cost. The possibility of considering several
architectures (that could be in Alternating Current (AC) and Direct Current (DC)) or customizing it is
very valuable. The generation equipment may be located in several spots or a single place, and the
most common criteria considered when solving this problem are cost, NSE, and emissions.
Regarding network design, network layout calculation methods range from estimating the LCOE
without designing the layout to using classical optimization techniques that ensure optimality at the
expense of a very high computation cost. Some tools consider usual electric constraints such as
maximum voltage drop allowed when designing the network of a mini-grid or a grid extension, and
they ensure the electric feasibility of the network performing power flows. Others rely entirely on
geometric calculations, but their network designs would need to be checked before implementation
since they could be electrically unfeasible. Most tools calculate the layout of the distribution networks
when extending the power grid, but connecting many consumers to the current distribution network
could imply reinforcing the distribution and transmission network upstream. Although upstream
reinforcements may be neglected in small-scale projects, they may significantly impact large-scale
electrification plans. Similarly, the viability and cost of a network design may be heavily influenced by
the terrain slopes and forbidden zones, such as the lakes and mountains of the analysis region. In
addition, future expenses may be avoided if the networks of mini-grids are grid-compatible. The most
common criterion considered when solving this problem is cost.
Regarding the objective function, there are two ways of dealing with a multicriteria problem. The
first one consists in defining a single objective function that includes all the criteria involved (i.e., the
total cost plus penalties for non-served energy and emissions). The second one involves working with
several objective functions and applying multicriteria optimization techniques to obtain the Pareto
frontier or set of non-dominated solutions. Some tools such as Logiciel d’Aide à la Planification
d’Électrification Rurale (LAPER) and GEOSIM include elements in their objective function that are
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associated with non-techno-economic factors such as political and development criteria for villages.
This allows the user to perform sensitivity analyses and measure the impact of these factors in the
electrification solution. Most tools and methodologies perform a cost minimization, but other criteria
such as minimizing emissions and NSE are relevant too.
The current electrification planning tools fail to deal with uncertainty, although it plays a critical
role in energy planning (Mirakyan and De Guio, 2015). This limitation can be mitigated using scenario
analysis, which involves defining several scenarios where the uncertain parameters take several values
and analyzing the corresponding impact on the planning solution. However, this is only a partial
solution (DeCarolis et al., 2017).
The critical uncertainty in the problem is related to demand. It is hard to obtain accurate demand
profiles in developing countries, and they are critical in electrification planning. The demand growth
is also difficult to estimate as it depends on several socio-economic factors such as population growth.
An inaccurate forecast of demand growth could translate into an oversizing of the systems. It could
also lead to an undersizing of the systems, which will have lower reliability than expected (Louie and
Dauenhauer, 2016).
Uncertainties are also relevant in off-grid generation technologies. Diesel generation has
uncertainties related to the fuel cost and fuel transportation from the nearest supply point to the
mini-grid (Fioriti et al., 2018). Wind profiles are very locational and can be modeled following a Weibull
distribution, whereas solar irradiance can be modeled following a Beta distribution (Khatod et al.,
2010). There is plenty of literature that deals with these uncertainties when optimizing the generation
size of a single mini-grid (Sharma et al., 2012), but those techniques are yet to be implemented into
large-scale electrification planning tools. Uncertainty has been thoroughly studied in the related
problems of distribution planning (Gholizadeh-Roshanagh et al., 2016) or transmission planning
(Lawson et al., 2016; Tsamasphyrou et al., 2000). These methods could also be adapted to
electrification planning tools.
The remaining of this section is devoted to analyzing the features of tools and methodologies that
belong to each level with the proposed framework. As the modeling complexity increases, so does the
number of equations considered from the conceptual formulation.

Pre-feasibility studies
Pre-feasibility tools operate with villages or cells, and they use LCOEs or similar economic indicators
to estimate the best electrification alternative for each village or cell. The main advantages of prefeasibility tools are low computation time and usability. Some of them exploit the benefits of GIS
technologies to access data such as the location of power plants, the layout of the power grid, solar
irradiance, wind speed, hydro potential, the layout of the roads, and population density (among
others). Instant access to GIS databases eliminates the need to gather and process specific data from
different sources, which is a time-consuming process.
Pre-feasibility tools can virtually consider any off-grid technology or combination of technologies
if there are analytic expressions that allow calculation of the LCOE or a similar economic indicator.
These tools provide an estimation of the cells that should be electrified with grid extensions, but they
generally do not calculate layouts for the grid extension or generation designs for the off-grid systems.
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These tools do not include most equations of the conceptual formulation introduced in section
2.2. Specifically, they only consider equations 2-1 and 2-2 from the distribution-network equations,
and they do not include any generation equation (IntiGIS is an exception since it sizes off-grid
generation with analytic expressions).
Perhaps the most advanced tool of this category is OnSSET (Mentis, 2017), which was developed
at the Royal Institute of Technology (KTH) as an open-source tool. OnSSET can estimate the electrified
consumers using GIS data, group the unelectrified consumers in square cells, and calculate the LCOE
of off-grid technologies that include solar, wind, hydro, and diesel. This model also incorporates
topography when estimates the LCOE of electrifying a cell with grid extension, adding cost penalties
on areas of high elevation and slope gradients. However, it does not consider alternative routes
between the network and a cell that could lower cost. Reference (Nerini et al., 2016) shows detailed
information related to the expressions involved in the LCOEs calculations. OnSSET has been updated
to include a clustering algorithm that merges nearby cells and adapted its grid-extension cost
estimations to deal with clusters (Korkovelos et al., 2019), and the interaction between OnSSET and a
method that provides accurate estimations of the generation costs of off-grid systems was recently
explored (Peña Balderrama et al., 2020).
The OnSSET methodology has been applied to sub-Saharan Africa (Mentis et al., 2017a), Nigeria
(Mentis et al., 2015), Ethiopia (Mentis et al., 2016), Afghanistan (Korkovelos et al., 2020), and Tanzania
(Menghwani et al., 2020). This model has also been applied in combination with a more general
energy modeling tool, Open Source Energy Modelling System (OSeMOSYS), to produce more detailed
results in sub-Saharan Africa (Mentis et al., 2017b) and Kenya (Moksnes et al., 2017), and the Division
of Energy System Analysis of KTH has carried out projects applying it to Nigeria, Tanzania, Zambia,
Afghanistan (Korkovelos et al., 2017) and Benin (KTH Royal Institute of Technology and SNV
Netherlands Development Organisation, 2018) in cooperation with the World Bank (WB), among
others (KTH Royal Institute of Technology, 2018).
Another relevant tool that belongs to this level is IntiGIS (Pinedo Pascua, 2012), which was
developed at Centro de Investigaciones Energéticas, Medioambientales y Tecnológicas (CIEMAT).
SOLARGIS (Monteiro et al., 1998) and SOLARGIS2 (Domínguez Bravo et al., 2008) are preliminary
versions of this tool. Reference (Amador and Domínguez, 2005) shows an application of the SOLARGIS
methodology in Lorca (Spain). IntiGIS is a more advanced version with enhanced capabilities, which
also groups consumers into cells and estimates their LCOE with analytic expressions. This model
considers wind, solar, and diesel as off-grid technologies and the grid extension possibility as an ongrid solution. An application of IntiGIS to Latin America is presented in (Domínguez and Pinedo-Pascua,
2009). An upgraded version, IntiGIS 2.0, has been developed recently (Page Arias, 2015; Romero
Otero, 2016), but we have not found publications in the literature related to it. The IntiGIS tool
includes several hybrid-configurations as off-grid alternatives and applies analytic expressions to size
their components.
We consider that LAPER (Fronius and Gratton, 2001) is a pre-feasibility tool because it requires the
user to provide an initial grid-extension network. Afterward, the model starts disconnecting villages
based on cost comparisons. LAPER also establishes an electrification schedule, ranking villages
according to several criteria that are weighted with user preferences. Reference (Soler et al., 2003)
shows an application of the LAPER model in Morroco.
The Rapid Electrification Screening Tool (REST) was created to provide a quick first-pass estimation
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that includes the detailed cost of several electrification solutions. Although it was developed to work
at a local level (focusing on a single village or community), this tool has been included in this review as
it can be applied iteratively to produce results similar to the ones provided by other tools included in
this section. The REST tool was developed to fight against energy poverty in Uganda, Tanzania, and
Kenya (Syngellakis et al., 2008).
There are also several methodologies in the literature that apply similar procedures. Electrification
planning methods based on spatial analysis have been applied to Burkina Faso (Moner-Girona et al.,
2016) and Africa (Szabó et al., 2011, 2013). Reference (Mahapatra and Dasappa, 2012) studies the
influence of several factors in the best electrification mode, including the distance to the grid and the
life cycle cost of the system. A summary of these tools is provided in Table 2-3. All of them minimize
a cost-related function to obtain the solution, which is usually the LCOE although it may be a net
present value or an annuity.
Network
Design
Year

Tool

Granularity
Level

NL

T

Objective
Function

Generation Design
Solar

Wind

Hydro

Diesel Biomass

Additional references

2017

OnSSET (Mentis
et al., 2017a)

Cell

No

Yes

Yes

Yes

Yes

Yes

No

Cost

(Mentis et al., 2015, 2016;
Nerini et al., 2016; Moksnes
et al., 2017; Korkovelos et
al., 2019; Peña Balderrama
et al., 2020; Korkovelos et
al., 2020; Menghwani et al.,
2020)

2016

(Moner-Girona
et al., 2016)

Cell

No

No

Yes

No

Yes

Yes

No

Cost

-

2013

(Szabó et al.,
2013)

Cell

No

No

Yes

No

Yes

Yes

No

Cost

(Szabó et al., 2011)

2012

(Mahapatra and
Dasappa, 2012)

Village

No

No

Yes

No

No

No

Yes

Cost (+)

-

2012

IntiGIS (Pinedo
Pascua, 2012)

Cell

No

No

Yes

Yes

No

Yes

No

Cost

(Amador and Domínguez,
2005; Domínguez and
Pinedo-Pascua, 2009; Page
Arias, 2015; Romero Otero,
2016)

2008

REST
(Syngellakis et
al., 2008)

Village

No

No

Yes

Yes

No

Yes

No

Cost

-

2001

LAPER (Fronius
and Gratton,
2001)

Village

Yes

No

Yes

Yes

Yes

Yes

No

Cost (*)

(Soler et al., 2003)

Table 2-3: Pre-feasibility tools and methodologies. NL=Network Layout,
T=Topograhy.
(*) LAPER includes user-defined terms that measure political, financial resources and development criteria to calculate an
electrification schedule, but the final electrification mode of each village is calculated solely with cost-minimization criteria.
(+) The impact of carbon emissions is considered, including cost terms in the calculations of the LCOEs.

Figure 2-7 shows the pre-feasibility classification according to the framework proposed in Table
2-2. LAPER is the most advanced tool in terms of network design and objective functions, although it
does not provide geospatial capabilities that facilitate data acquisition. IntiGIS is the most remarkable
one regarding generation designs since it includes several hybrid configurations among its off-grid
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candidate solutions, and it uses analytic expressions to size off-grid components, going one step
beyond other pre-feasibility tools.

Figure 2-7: Pre-feasibility tools classification according to the classification
framework.
Figure 2-7 shows that there is room for improvement in the objective-function dimension. There
is a trade-off between accuracy and computation time in the generation sizing and network design
dimensions, but the addition of user-defined criteria in a similar manner as LAPER and reference
(Mahapatra and Dasappa, 2012) should improve the tools without a significant increase in
computation time. However, the planer can also consider those criteria later, post-processing the
electrification solution that the tools provide.

Intermediate analysis tools
Intermediate analysis tools generally calculate the layout of the grid extensions with heuristic
methods based on minimum-spanning-tree algorithms, although they do not guarantee the electric
feasibility of the designs. Any tool that calculated off-grid generation designs with an algorithm that
went beyond rules of thumb that pre-feasibility tools apply would belong to this category too.
Unfortunately, we have only identified one methodology with this level of complexity in generation
designs (Blechinger et al., 2019), even though incorporating an iterative application of generation
sizing algorithms seems reasonably straightforward (Luna-Rubio et al., 2012; Upadhyay and Sharma,
2014).
As these tools are at an intermediate level, there is a partial correspondence between the aspects
they consider and the formulation introduced in section 2.2. They usually consider several
distribution-network equations (2-1-2-7) and some generation equations (2-17, 2-18, and a stylized
version of equations 2-19 and 2-20). Most intermediate analysis tools focus on cost minimization and
consider neither NSE nor emissions.
Reference (Blechinger et al., 2019) presents the most dominant method in this category,
developed by researchers from the Renier Lemoine Institut (RLI). It generates a raster map to
determine the layout of the network. The raster map is created considering topography information
such as terrain elevation, slopes, and location of protected areas and forests. This method applies an
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iterative process to determine the generation design of each mini-grid, simulating one year on an
hourly basis for each candidate generation design. The method also includes an initial clustering
algorithm, and it can divide the plan into several implementation phases to facilitate project
execution. Researchers from the RLI previously developed similar (albeit less sophisticated)
methodologies and applied them in Nigeria (Bertheau et al., 2016) and sub-Saharan Africa (Bertheau
et al., 2017).
Network Planner (Columbia University, 2017), which was developed by the University of Columbia,
is an open-source tool that considers diesel, solar, and batteries as off-grid technologies. The model
sizes the off-grid generation with rules of thumb, such as setting the battery capacity to a multiple of
the solar capacity.
Network Planner uses an iterative algorithm to calculate grid extension layouts (Parshall et al.,
2009). This algorithm compares the best off-grid solution for a village with its internal grid-extension
cost, which consists of a transformer and the low-voltage network cost, but it does not include the
cost of the MV line that connects the village to the power grid or another grid-electrified village. For
those villages with an internal network cost lower than its best off-grid cost, the model calculates the
maximum length that this MV line could have so that grid extension is the best option. Then, the model
iterates connecting villages where the maximum length is larger than its distance to the network or a
village that was connected in a previous iteration. Network Planner has been applied in Nigeria
(Ohiare, 2015; World Bank, 2016), Liberia (Modi et al., 2013), and Ghana (Kemausuor et al., 2014a).
The iterative procedure that Network Planner uses to connect villages to the grid is also applied in
(Banks et al., 2000), which was one of the first electrification planning methodologies proposed in the
literature. A similar method is presented in (Deichmann et al., 2011), which introduces an algorithm
that tries to emulate the development of the power systems to determine the expansion of the power
grid.
Another important tool that belongs to this level is GEOSIM, which was developed by Innovation
Energie Développement (IED). This tool labels some villages as Development Poles (DPs) according to
their inner potential, which is calculated based on health, local economy and education indicators, as
well as the distances to the remaining villages. Then, it creates clusters of villages that are electrified
together around DPs using an algorithm based on the Huff model (Huff, 1963). The idea of clustering
villages is entirely coherent when working with low-populated settlements that are close to each
other, and it is not present in most tools of this category or the previous one.
GEOSIM has been applied in several countries (Innovation Energie Developpement, 2018),
developing projects and selling licenses. Particularly, it was applied in Benin, Burkina Faso, Cameroon,
Ethiopia (Innovation Energie Développement, 2007), Madagascar, Mali, Niger, Tanzania, Cambodia,
and Lao People's Democratic Republic (Innovation Energie Développement, 2010).
A summary of the tools and methodologies that correspond to this section is provided in Table 2-4.
A few intermediate analysis tools use classical optimization to obtain the layout of the network, but
this comes at the expense of high computation times and a reduced number of villages that the
methodology can process.
One of these methodologies (Abdul-Salam and Phimister, 2016b) considers three objective
functions using hierarchical lexicographic programming (the first level maximizes the aggregated
demand electrified with grid extension, the second level minimizes the sum of the distances between
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grid extension villages and the power grid, and the third level minimizes the inter-distance among grid
extension villages). This methodology requires knowing beforehand the number of villages that are
electrified with grid extensions, which limits its applicability.
Another methodology that applies classical optimization to calculate the network layout is (AbdulSalam and Phimister, 2016a), minimizing a cost function and comparing the results with the heuristic
presented in (Parshall et al., 2009). The main drawback of this methodology is that it represents the
existing grid. Another methodology that uses classical optimization is (Zeyringer et al., 2015), which
applies a Mixed Integer Linear Programming (MILP) model to determine which cells should be
electrified extending the transmission network and which ones should have solar panels. However,
the size of the cells is considerably large (2,000 km2), and the off-grid generation is limited to solar
panels.
There are several general-purpose models such as Energy Flow Optimization Model (EFOM),
MARKet ALlocation (MARKAL), or The Integrated MARKAL-EFOM System (TIMES) that also use
classical optimization techniques. These models were developed to provide assistance in a wide range
of energy planning problems and allow the user to customize specific parts to develop a tailormade
application for their specific problem. Some of these models could deal with the techno-economic
planning problem up to a certain extent (Howells et al., 2005), and they can be combined with the
tools described in this review as in the case of OSeMOSYS and OnSSET (Mentis et al., 2017b; Moksnes
et al., 2017) mentioned in section 2.3.1. Although these models have been applied to small-scale
problems (i.e., a problem with a single village or settlement) (Fuso Nerini et al., 2015), they have not
been applied to large-scale planning cases in the literature. Therefore, these models are beyond the
scope of this review.
There are algorithms that design networks for the grid-connected villages (Kocaman et al., 2012),
but they are not included in Table 2-4 since they do not deal with the planning problem as a whole
(i.e., they do not consider off-grid alternatives as viable electrification solutions).
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Network Design

Objective
Function

Generation Design

Year

Tool

Granularity
Level

NL

TE

DL

UR

EF

T

Layout calculation

2019

(Blechinger et al.,
2019)

Cell

Yes

No

MV

Yes
(<)

No

Yes

MST-based calculations

Yes

No

Yes

Solar Wind Hydro

Diesel

Biomass

Biodiesel Sizing Method

Additional references

No

Yes

No

No

Iterative
process

Cost

(Bertheau et al., 2016,
2017)

Yes

No

No

No

No

Exogenous
calculations

Multiple
criteria (*)

-

(Abdul-Salam and
2016 Phimister, 2016b)

Village

Yes

No

MV

No

No

No

Classical Optimization
(hierarchical lexicographic
programming) + MST-based
calculations

(Abdul-Salam and
2016 Phimister, 2016a)

Village

Yes

No

MV

No

No

No

Classical Optimization (MINLP)

Yes

No

No

Yes

No

No

Exogenous
calculations

Cost

-

Cell

Yes

Yes

No

No

No

No

Classical Optimization (MILP)

Yes

No

No

No

No

No

Classical
Optimization

Cost

-

2015

(Zeyringer et al.,
2015)

2013

Network Planner

Village

Yes

No

MV

No

No

No

MST-based calculations

Yes

No

No

Yes

No

No

Analytic
Expressions

Cost

(Parshall et al., 2009;
Ohiare, 2015; World
Bank, 2016; Modi et al.,
2013; Kemausuor et al.,
2014a)

2011

(Deichmann et al.,
2011)

Village

Yes

Yes

HV/
MV

No

No

No

MST-based calculations

Yes

Yes

No

Yes

No

Yes

Exogenous
calculations

Cost

-

2010

GEOSIM

2000 (Banks et al., 2000)

Village

Yes

No

MV

No

No

No

MST-based calculations

Yes

No

Yes

Yes

Yes

No

No (+)

Cost

(Innovation Energie
Développement, 2007,
2010)

Village

Yes

No

MV

No

No

No

MST-based calculations

Yes

No

No

No

No

No

Exogenous
calculations

Cost

-

Table 2-4: Intermediate analysis tools and methodologies. NL=Network Layout, TE=Transmission Expansion, DL=Distribution Layout, UR=Upstream
Reinforcements, EF=Electric Feasibility, T=Topography, HV=High Voltage, MINLP=Mixed Integer Non-Linear Programming. MST=Minimum Spanning Tree
(<) This method includes a cost input parameter, in $/kWh, to account for power generation and transmission costs. This parameter may be used to include an estimation of the reinforcement costs in
an approximate way.
(*) Maximize demand covered by the grid, minimize distance among villages and the grid, and minimize dispersion among villages connected to the grid
(+) It estimates the LCOE to provide the best off-grid supply alternative, but it does not provide optimal generation sizes
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Figure 2-8 shows the intermediate analysis classification according to the framework
proposed in Table 2-2. Some intermediate analysis tools rank higher in network design than
pre-feasibility tools, but this does not happen in generation sizing.

Figure 2-8: Intermediate analysis tools classification according to the
classification framework.

Detailed generation and network designs
Detailed generation and network design tools operate with a very high level of modeling
detail. The network designs consider the usual electric constraints (such as maximum voltage
drop allowed) and topographical features of the region (such as terrain slopes and forbidden
zones). The optimization of generation designs simulates the dispatch of the system,
accounting for seasonalities and non-served energy. The main drawbacks of these tools are the
long computation times and the need for a significant amount of input data, which are
considerably difficult to obtain.
REM, which is further explained in chapter 3 and is the cornerstone of this thesis, is the only
tool that arguably can be classified at this level (Ciller et al., 2019a). The modeling detail
achieved in REM closely matches the conceptual formulation provided in section 2.2. All
distribution-network and generation equations are considered except equation 2-23, which
incorporates diesel emissions. Regarding the objective functions, REM minimizes the annual
investment and operation cost plus a penalty for NSE.
The core of this tool has three submodules that perform sequential tasks. The first
submodule (mini-grid generation) calculates generation designs for a set of representative offgrid systems using an ad-hoc adaptation of the Hooke and Jeeves algorithm (Hooke and Jeeves,
1961) and simulating the dispatch of the system for each candidate design that is evaluated.
The generation technologies considered are limited to solar and diesel.
The results of the mini-grid generation submodule are used in the second submodule
(clustering) to estimate the generation cost of off-grid systems. REM’s clustering groups the
consumers into clusters that represent optimal combinations of standalone systems, minigrids, and grid extensions. The clustering uses quick estimations of costs because the
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calculation of detailed designs for each potential cluster is computationally unaffordable.
The clustering of REM generates a hierarchical structure of clusters where each consumer
belongs to three clusters: an isolated cluster (the consumer on its own), an off-grid cluster, and
a grid-extension cluster. The hierarchical structure of clusters is evaluated in the third
submodule (final designs), which performs cost-comparisons among clusters to determine the
final electrification solution. REM obtains detailed designs for each cluster to perform the costcomparisons. REM goes one step further than other tools when incorporating topography,
introducing topographical considerations such as terrain slopes and forbidden zones when
optimizing the network layouts with RNM (Drouin, 2018).
RNM was not designed for planning in underserved regions but for helping regulators of
developed countries estimate the distribution network cost. This implies that RNM could design
networks that are not optimal in this context. However, network design methods described in
section 2.3.2 are not as sophisticated as RNM.
If many consumers are electrified with extensions of the power grid, it may be necessary to
reinforce the upstream distribution and transmission networks. There is plenty of literature
related to the calculation of the reinforcements needed to cope with additional demand, but
this problem has not been studied in the context of electrification in an underserved region.
Several strategies have already been considered to include in REM the upstream reinforcement
costs in the electrification solution (Cotterman, 2017), although they are in a preliminary stage.
At this point, no electrification tool incorporates an accurate calculation of costs related to
these reinforcements to the best of our knowledge.
Figure 2-9 shows the detailed generation and network designs tool classification according
to the framework proposed in Table 2-2.

Figure 2-9: Detailed generation and network design tools classification
according to the classification framework.
REM calculates generation designs more accurately than most tools analyzed here (the
procedure presented in (Blechinger et al., 2019) also simulates the behavior of the system for
a whole year), but it includes a limited number of generation technologies (solar and diesel) so
REM does not outrank other tools regarding generation designs. However, REM obtains a high
score in network designs since it considers electric constraints and considers the topographical
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features of the terrain when it optimizes the network layouts.
REM is the only tool that lies in the category of detailed generation and network designs,
and it is reasonable to question whether the level of modeling detail in REM is justified given
the uncertainty of the input data.
REM can be used at different scales, and for each one the level of uncertainty is different.
When applied in a small region, it is possible to survey each building and obtain its precise
location, whether it is already electrified or not, the proximity of existing network lines, and its
electricity demand. The input has little uncertainty as well as the output, and the level of detail
in REM is justified. However, REM was designed to tackle large-scale electrification planning
where the input data cannot be trusted.
A quantitative comparison between REM and other planning tools is out of this thesis's
scope. However, we have checked (International Energy Agency, 2018), and we are still working
on confirming our findings, that REM results are very sensitive to the level of modeling detail.
The output of REM differs considerably when we consider that all buildings in some territory
have the same average demand profile from the case where each building (residential, school,
church, shop, mine, etc.) has its own profile (Ciller et al., 2019a). If we clump all district buildings
in a single point (i.e., a village or a cell), it is impossible (unless strong assumptions are made)
to differentiate the three electrification modes.
Similarly, high-resolution demand profiles are also critical in planning. Reference (Peña
Balderrama et al., 2020) shows that the LCOE of several types of mini-grids varies more than
10% on average when quick cost estimations are replaced by optimization methods that lean
on detailed demand profiles to size mini-grids.
REM takes a long time (several days) to run one case for a sub-Sahara African country of
average size. Turning REM into a fully probabilistic model is out of the question today. However,
REM is a powerful tool in the hand of an experienced planner who understands where the input
uncertainty lies and who can run several scenarios, find out how robust the solutions obtained
are regarding this uncertainty and make a planning decision, which ultimately is – at least for
the time being – in the hands of the human planner.
The UEA Lab team has worked with governments and leading development banks –such as
the WB, the Asian Development Bank (ADB), and the Inter-American Development Bank (IDB)
– to develop master plans through REM, a clear indicator of REM's added value. Examples of
such master plans include the ones developed for Rwanda (IIT-Comillas, 2017b; Rwanda Energy
Group (REG), 2019), Indonesia (IIT-Comillas, 2019b), Mozambique (IIT-Comillas, 2019a), and
Ecuador (IIT-Comillas, 2020b).
REM has also been applied to case studies in the Vaishali district in India (Ellman, 2015),
Kenya and Colombia (IIT-Comillas, 2016; Mwalenga et al., 2016), Peru (Gonzalez-Garcia et al.,
2016), and Uganda (IIT-Comillas, 2017a). Therefore, planners appreciate the high-level
modeling detail of REM and its capabilities despite the uncertainty.
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2.4. Conclusions
This chapter briefly described the three main subproblems (generation sizing, network
designs, and clustering) that comprise the large-scale techno-economic planning problem in
developing countries. The generation sizing problem aims at finding the optimal generation
design and dispatch of each off-grid system. The goal of the network design problem is to
optimize the network layout of mini-grids and grid extensions. Finally, the objective of the
clustering problem is to group the consumers into mini-grids and grid extensions.
We also introduced a conceptual formulation of the large-scale techno-economic planning
problem. This formulation, which was missing in the literature, allowed us to classify the main
methods and tools that address this problem according to their modeling complexity. The
classification includes three categories.
The first category (pre-feasibility tools) includes methods and tools that provide quick
solutions at the expense of low computation time and a reduced level of modeling detail. Prefeasibility tools generally exploit the advantages of GIS technologies to provide instant access
to databases that contain essential inputs for the problem. Most of these tools operate with
villages or cells, and they minimize the LCOE of several electrification alternatives to determine
the best option for each village or cell. Perhaps OnSSET is the most dominant tool in this
category.
The second category (intermediate analysis tools) encompasses methods and tools that
operate at an in-the-middle level of modeling complexity. They tend to use rules of thumb or
simple methods to size the generation of mini-grids, and they calculate the layout of the grid
extensions with geometric techniques based on the calculation of the MST. Reference
(Blechinger et al., 2019) presents the most advanced methodology in this category.
The third category (detailed generation and network designs) refers to methods and tools
that address the planning problem with very detailed modeling. These tools optimize the
generation designs of off-grid systems with optimization methods that simulate the hourly
dispatch, providing an accurate estimation of the amount of non-served energy. They optimize
the network layouts using complex algorithms that include power flow calculations and the
standard electric constraints such as voltage drops. For the time being, REM is the only tool
that arguably belongs to this category.
Regarding additional developments, it would be interesting that a tool could perform
multiobjective optimization (for instance, considering cost, emissions, or NSE), allowing the
planner to analyze the trade-offs among several objective functions. Instead, most tools
minimize the total investment and operation cost (or a similar economic indicator). Some tools
include terms into the total cost that account for other factors (i.e., a penalty for NSE).
We consider that no tool can calculate the impact of grid-connections in the upstream
distribution and transmission network accurately. The impact may be negligible in small-scale
plans, but upstream reinforcements could be a significant part of the total electrification cost
in large-scale projects. New developments are necessary to measure the cost of reinforcing the
distribution and transmission networks accurately.
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Additionally, the existing generation sizing algorithms that simulate the dispatch of the minigrids consider a limited number of generation technologies (solar panels, batteries, and a diesel
generator). These algorithms should include more generation technologies, although their
computation time would increase.
Regarding network designs, the network design algorithms either neglect electric
constraints or were not developed to electrify underserved regions (this is the case of RNM,
which is used in REM). It would be interesting to develop network design algorithms aimed
explicitly at the electrification of underserved regions that can cope with voltage regulations
and power-flow constraints.
Eventually, future large-scale electrification planning tools should be better equipped to
deal with uncertainty as there is a scarcity of data in developing countries, and the existing
information is not always reliable. Although there are methods in the literature that successfully
address the uncertainty of specific parameters, they were designed to deal with a single minigrid or grid-extension. However, tools deal with a vast number of mini-grids and grid extensions
in large-scale planning so a straightforward application of these methods may fail for
computational reasons.
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“We are gambling on our vision, and we would rather do that than make ‘me-too’ products.”
Steve Jobs

3

3

THE REFERENCE ELECTRIFICATION
MODEL

Section 3.1 presents an overview of the high-level structure of REM, which was introduced
in REM’s first prototype (Ellman, 2015) and is still maintained. Section 3.2 presents the main
algorithms and the financial model of REM’s first prototype. Section 3.3 describes the most
significant upgrades implemented in the first prototype of REM, which was conceptually sound
at a high-level but provided inconsistent results. These upgrades turned REM into a robust
computer tool that produces reliable solutions and has been applied to develop several master
electrification plans and analyses. Section 3.4 presents a case study where the results that REM
provides before and after implementing the improvements presented in this chapter are
compared. Section 3.5 describes the main conclusions of this chapter.
The content of section 3.1, section 3.2, section 3.3.1.4, and section 3.3.3.4 have been
adapted from the following paper:
Ciller, P., Ellman, D., Vergara, C., Gonzalez-Garcia, A., Lee, S.J., Drouin, C., Brusnahan, M.,
Borofsky, Y., Mateo, C., Amatya, R., Palacios, R., Stoner, R., de Cuadra, F., Perez-Arriaga, I., 2019.
Optimal Electrification Planning Incorporating On- and Off-Grid Technologies: The Reference
Electrification Model (REM). Proceedings of the IEEE 107, 1872–1905.
https://doi.org/10.1109/JPROC.2019.2922543
A substantial part of section 3.3.2 comes from the following master thesis:
Ciller Cutillas, P., 2016. Clustering-related improvements in the Reference Electrification
Model. Master thesis. Universidad Pontificia Comillas, Madrid. School of Engineering.
The content of section 3.3.1.3, section 3.3.1.1, and the input data of the case study (and
part of section 3.4) have been adapted from the following paper:
Ciller, P., de Cuadra, F., Lumbreras, S., 2019. Optimizing Off-Grid Generation in Large-Scale
Electrification-Planning Problems: A Direct-Search Approach. Energies 12, 4634.
https://doi.org/10.3390/en12244634
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3.1. REM in a nutshell
This section provides an overview of REM and introduces its high-level structure. This highlevel structure, which was introduced in REM’s first prototype (Ellman, 2015) and is essentially
maintained in the current REM version, consists of several submodules that operate following
a sequential process.
REM represents demand at a much higher level of detail than the remaining existing
models. Instead of relying on aggregations, REM can deal at the individual building or consumer
level. This allows REM to calculate detailed generation designs for all off-grid systems and
network layouts for each mini-grid and grid extension. REM operates at a very high spatial
(individual consumer) and temporal resolution (it simulates the hourly dispatch of off-grid
systems to optimize generation designs).
REM groups the individual consumers into electrification clusters so that total system costs
are minimized. These clusters may denote groups of consumers to be connected to the same
mini-grid systems, groups to be connected to the existing grid, or clusters of single consumers
to be supplied with standalone systems.
The potential number of reasonable electrification clusters is unmanageable (for our
purposes, “reasonable” means that, for a given consumer, only the nearby consumers are
considered candidates to be electrified in the same system) in large-scale planning. The
problem is intricate as we do not know beforehand the least-cost electrification mode of each
consumer (isolated system, mini-grid, or grid extension).
REM groups the consumers into clusters following a two-step method. The first step (offgrid clustering) momentarily assumes that consumers will be electrified exclusively with offgrid systems. The clusters at the end of this step are the off-grid clusters. The second step (gridextension clustering) begins from the existing network and the off-grid clusters and introduces
the possibility of grid extensions. The clusters at the end of this step are the grid-extension
clusters.
REM does not decide the final electrification modes in the clustering process. This is
determined by performing cost-comparisons among the electrification clusters, which form a
hierarchical structure with three levels (see Figure 3-1). The grid-extensions clusters form the
on-grid level, the off-grid clusters form the off-grid level, and the individual consumers form
the isolated level.

50

Figure 3-1: Hierarchical structure of clusters. Source: adapted from (Ciller
Cutillas, 2016).
REM calculates the electrification solution comparing the cost of each grid-extension cluster
to the sum of costs of all the off-grid clusters that belong to it, and the least-cost alternative is
the one included in the final proposed electrification solution. A grid-extension cluster could
end up being electrified with off-grid systems if the added detailed cost of the off-grid clusters
underneath it is lower than the cost of a grid-extension design for the whole grid-extension
cluster. Similarly, the consumers of an off-grid cluster could be electrified with a grid-extension
design.
REM can obtain detailed generation and network designs to perform the cost-comparisons
among the electrification clusters. Still, it is not computationally affordable to calculate such
designs for each potential combination of consumers that is evaluated in the clustering process
so REM uses approximations of the generation and network costs when calculating the
electrification clusters.
Specifically, REM only optimizes from scratch the generation cost of a reduced subset of offgrid systems, which should be representative of the situations to be encountered in the case
being studied. This process is performed before the clustering, and the results are stored in a
look-up table so that the generation cost of the remaining off-grid systems can be interpolated
quickly.
The network costs are estimated based on geometric and electric considerations such as
distances among clusters (or a cluster with the power grid) and the peak demand of clusters.
The estimations of the network costs are calculated during the clustering process.
Figure 3-2 shows the high-level structure of REM, which mostly corresponds to the
procedure we have described in this section so far. This structure consists of five submodules
that operate sequentially. The first and fifth submodules are related to the processing of inputs
and outputs, respectively. The second, third, and fourth submodules represent the
computational core of REM and the contributions of this thesis focus on them.
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Figure 3-2: High-level structure of REM.
The goal of the first submodule (data preparation) is to obtain all the data that REM needs
and convert it into the formats that REM uses. Such data includes the location of the consumers
and the power grid, the demand profiles of the consumers, network and generation catalogs,
techno-economic parameters such as discount rates, and the pieces of information needed to
estimate the potential of generation technologies (i.e., the solar irradiance in the case of solar
generation).
In the second submodule (mini-grid generation), REM optimizes from scratch the
generation designs of a reduced number of off-grid systems, storing the results in a look-up
table. The generation cost of the remaining off-grid systems, if needed, can be quickly
interpolated.
In the third submodule (clustering), REM groups the consumers into clusters that represent
the optimal grouping of consumers into standalone systems, mini-grids, and grid extensions.
REM uses estimations of the generation and network costs to calculate the electrification
clusters.
In the fourth block (final designs), REM explores the hierarchical structure of clusters,
performing cost-comparisons to determine the electrification mode of each cluster (a
combination of standalone systems, a mini-grid, or an extension of the power grid). REM
calculates detailed network designs to perform the cost-comparisons among the clusters.
Although REM could optimize from scratch generation designs to perform the costcomparisons, the generation costs are generally obtained interpolating in the look-up table for
computational reasons. The accuracy of interpolated generation designs is precise enough for
large-scale planning.
The fifth submodule (process results) generates files that contain detailed information
about the electrification solution. Such information includes cost breakdowns for each
standalone system, mini-grid, and grid-extension design. REM also provides a graphical output,
which includes the projection of the final electrification solution onto Google Earth.
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The next section describes the second submodule of REM, mentioning how the model
optimizes the generation design of a representative off-grid system and how REM handles the
calculation of the look-up table.

3.2. The first prototype of REM
This section describes the first prototype of REM (Ellman, 2015), focusing on the main
algorithms of the model. Section 3.2.1 presents the look-up table calculation, which
corresponds to the second block of Figure 3-2. Section 3.2.2 describes the clustering algorithm,
which corresponds to the third block of Figure 3-2. Section 3.2.3 describes the calculation of
final designs, which corresponds to the fourth block of Figure 3-2. Finally, section 3.2.4 presents
the financial model of REM, describing how the first prototype of REM performs economic
calculations.

Mini-grid generation
The design of mini-grid generation depends on the demand, available technology, and local
conditions such as the cost of fuel and the hourly solar irradiance. REM assumes that mini-grids
have a centralized generation and operate in islanded mode. The adopted general architecture
for any off-grid system in REM is shown in Figure 3-3. REM does not include all the components
in every generation design. For instance, if a mini-grid has only a diesel generator, then charge
controllers and inverters will not be necessary.

Figure 3-3: Off-grid generation architecture in REM. © 2019 IEEE.
Reprinted, with permission, from (Ciller et al., 2019a).
3.2.1.1. The single-system generation sizing algorithm
The problem of optimizing the generation design of a single mini-grid has been thoroughly
studied in the literature (Luna-Rubio et al., 2012). One of the procedures used to deal with this
problem involves applying classical optimization modeling techniques such as mixed-integer
linear programming (Moretti et al., 2019). However, these methods are computationally
intense and may require substantial resources to optimize a significant number of generation
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designs, which is often the case in the applications of REM. Heuristic techniques provide the
right balance between optimality and computation time, so they are a good fit for REM.
The algorithm that the first prototype of REM uses to optimize the generation design of an
individual off-grid system is a variation of the Hooke and Jeeves algorithm (Hooke and Jeeves,
1961), which is an optimization method that starts from an initial central point and iterates
performing exploratory moves and pattern moves. The algorithm moves in a search space with
as many dimensions as variables are involved in the optimization process. It does not need to
calculate derivatives of the objective function.
Exploratory moves evaluate the objective function in several neighboring points around the
central point, obtaining information about directions where the objective function could
improve. Pattern moves explore the search space in the most promising direction obtained in
the exploratory moves, attempting to fasten the optimization process.
The Hooke and Jeeves algorithm is well-known in the literature, and it has been applied to
many different problems. Some fields of application include electric motors (Li and Rahman,
1990; Tutelea and Boldea, 2010) and mechanical engineering (Kirgat and Surde, 2014), among
many others.
The optimization that REM performs happens in a tridimensional search space, where the
dimensions are: (1) diesel generator capacity, (2) total capacity of the solar panels, and (3)
battery capacity. REM sizes the remaining components of the design afterward. The boundaries
of the search space are calculated considering the aggregated demand of the off-grid system.
The objective function that REM considers is the total cost, including investment and
operation cost plus a penalty for non-served energy (i.e., the estimated cost of the lack of
electricity supply to the end consumer). Some components of the cost of the candidate designs
depend on the operation of the mini-grid (i.e., fuel cost), so the model evaluates the objective
function for each candidate generation design by performing an annual simulation of the
operation of the mini-grid, adopting some generation dispatch strategy.
The first prototype of REM defined an initial central point and step lengths for the variables
involved, which were used to calculate neighbor points around the central point. Then, the
algorithm evaluated the cost of several neighbor points, moving along the least-cost direction.
If the algorithm could not reduce the cost moving along any of the direction evaluated, then
it reduced the lengths of the steps and evaluated neighbor points that were closer to the
central point. This procedure continued until the steps could not be reduced any longer. Figure
3-4 shows the flow diagram of the generation sizing algorithm of the first prototype of REM.
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Figure 3-4: Flow diagram of the generation sizing algorithm present in the
first prototype of REM.
The next section describes the dispatch strategy that the first prototype of REM used to
simulate the hourly dispatch of a generation design.
3.2.1.2. The dispatch algorithm
The first prototype of REM simulates the hourly dispatch of each candidate generation
design evaluated by the algorithm described in section 3.2.1.1. To do that, it applied an hourly
dispatch strategy named battery valuation, where the marginal costs of the generation
components determine the order of resources used to meet the demand.
The marginal solar cost is set to 0 $/kWh (solar panels generate electricity at an
approximately zero cost once they have been installed). The marginal cost of the diesel is
calculated assuming that it operates at half-load, and it depends on its efficiency and the fuel
cost. The costs of non-critical and critical non-served energy are input parameters of the model.
The battery valuation dispatch assigns a marginal cost to the use of the battery that depends
on its state of charge, the marginal costs of the remaining elements, and a correction that
accounts for losses and battery use. The idea is that the marginal cost of using the battery
increases as its state of charge decreases and vice versa.
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In most cases, the marginal cost of diesel is lower than the CNSE3 so that REM provides
solutions where off-grid systems serve a high percentage of their demands. By definition, the
cost of critical non-served energy is equal to or higher than the cost of non-critical non-served
energy. Hence, the marginal costs of the elements considered in the dispatch (except the
battery) usually satisfy equation 3-1:
𝑆𝑜𝑙𝑎𝑟𝑚𝑐 < 𝐷𝑖𝑒𝑠𝑒𝑙𝑚𝑐 < 𝑁𝑜𝑛𝐶𝑟𝑖𝑡𝑖𝑐𝑎𝑙𝑁𝑆𝐸𝑚𝑐 < 𝐶𝑟𝑖𝑡𝑖𝑐𝑎𝑙𝑁𝑆𝐸𝑚𝑐

3-1

Where 𝑆𝑜𝑙𝑎𝑟𝑚𝑐 , 𝐷𝑖𝑒𝑠𝑒𝑙𝑚𝑐 , 𝑁𝑜𝑛𝐶𝑟𝑖𝑡𝑖𝑐𝑎𝑙𝑁𝑆𝐸𝑚𝑐 , 𝐶𝑟𝑖𝑡𝑖𝑐𝑎𝑙𝑁𝑆𝐸𝑚𝑐 are the marginal costs
of solar generation, diesel generation, non-critical non-served energy, and critical non-served
energy, respectively. Table 3-1 shows the most frequent relationship between the state of
charge of the battery (𝑆𝑂𝐶) and the resource that determines its marginal cost in the battery
valuation strategy4.
State of charge interval

Resource that sets the marginal cost of the battery

0.5 ≤ 𝑆𝑂𝐶 ≤ 0.625

Critical non-served energy

0.625 < 𝑆𝑂𝐶 ≤ 0.75

Non-critical non-served energy

0.75 < 𝑆𝑂𝐶 ≤ 0.875

Diesel generator

0.875 < 𝑆𝑂𝐶 ≤ 1

Solar (0 $/kWh)

Table 3-1: Most frequent assignation of the marginal cost of the battery.
The marginal cost of the battery in each hour is usually calculated as the marginal cost of
the corresponding resource provided in Table 3-1 plus a correction that accounts for losses in
the mini-grid and battery use. Table 3-2 shows a frequent order of resources used to meet the
demand with the battery valuation strategy.
State of charge interval

Order of resources used to meet the demand

0.5 ≤ 𝑆𝑂𝐶 ≤ 0.625

Solar, diesel generator, non-critical non-served energy, critical non-served energy, battery

0.625 < 𝑆𝑂𝐶 ≤ 0.75

Solar, diesel generator, non-critical non-served energy, battery, critical non-served energy

0.75 < 𝑆𝑂𝐶 ≤ 0.875

Solar, diesel generator, battery, non-critical non-served energy, critical non-served energy

0.875 < 𝑆𝑂𝐶 ≤ 1

Solar, battery, diesel generator, non-critical non-served energy, critical non-served energy

Table 3-2: Most frequent order of resources used to meet the demand.
Once the dispatch has determined the order of resources that meet the demand, the
battery valuation strategy determines which resources are used to charge the battery. This
decision depends on the marginal cost of the battery, and the marginal cost and availability of

The CNSE accounts for the lack of supply (i.e., it is a penalty for the NSE). REM distinguishes between
two types of demand whose lack of supply may be penalized with different CNSEs: critical (which accounts
for basic or essential needs) and non-critical (which accounts for the remaining needs). The CNSE is
further explained in section 3.2.4.2.
4 We assume that the minimum allowed 𝑆𝑂𝐶 for the battery is 0.5 for the sake of simplicity, although it is
an input parameter of the model. If the minimum state of charge allowed is 𝑠𝑜𝑐, then the interval [𝑠𝑜𝑐, 1] is
divided into four subintervals of equal length to determine the ranges of the 𝑆𝑂𝐶 where each resource sets
the marginal cost of the battery. The minimum allowed 𝑆𝑂𝐶 usually lies in the range [0.3, 0.5] and
discharging the battery beyond the minimum allowed 𝑆𝑂𝐶 may harm the storage bank (HOMER Energy
LLC, 2019a).
3
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the remaining elements of the mini-grid.
Specifically, if the marginal cost of solar or diesel (plus a correction for losses and using
battery lifetime) is lower than the marginal cost of the battery, then that resource is used to
charge the battery (if it is still available after meeting the demand).
REM considers the kinetic battery model described in reference (Manwell and McGowan,
1993) to determine the maximum allowed charge and discharge rates of the battery in an hour.
The kinetic battery model, which is also used in HOMER (HOMER Energy LLC, 2019b),
represents the battery with two tanks. The first tank contains energy available for direct use,
and the second tank contains energy that cannot be used immediately. There are time
constraints that determine the amount of energy that can flow from one tank to the other in a
time period.
3.2.1.3. The look-up table
The task of calculating accurate generation designs for all the candidate mini-grids is
computationally unfeasible in a large-scale problem. This implies that the iterative application
of a generation sizing tool such as HOMER would not work for this application.
What REM does to solve this problem is to calculate only a few generation designs for a
representative number of candidate mini-grids and, if it needs the generation cost of another
design, the model will obtain it using linear interpolation. Figure 3-5 shows a small
electrification planning problem that we will use to illustrate this concept. There are 32
residential consumers in this problem with the same demand profile.
MV existing line
Residential consumer

Figure 3-5: Electrification problem example. © 2019 IEEE. Reprinted, with
permission, from (Ciller et al., 2019a).
Since all the consumers have the same demand, there are also 32 candidate off-grid
systems with different aggregated demands (those with 1, 2, …, 31, 32 consumers). Instead of
calculating these 32 generation designs, which would be a feasible strategy for this toy example
but not for a large-scale problem, REM could calculate the generation designs related to 1, 2,
5, 15 and 32 consumers. If it needs the generation cost of a generation design with, for instance,
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25 consumers, the model will interpolate the values, using the data from the designs with 15
and 32 consumers.
In this example, the look-up table would have a single axis with five representative points
related to residential consumers. The first prototype of REM was limited to one single
consumer type, so it was not possible to include productive loads in the cases. The first
prototype of REM automatically selected the look-up table's representative points, including
logarithmically spaced points up to the number of consumers of the case.

Clustering
The goal of the clustering process is to determine which consumers should be electrified
together (i.e., with the same system). Evaluating all the possible combinations of consumers is
computationally infeasible in large-scale problems, so the first prototype of REM uses a
Minimum Spanning Tree (MST) to obtain the potential connections among consumers.
Figure 3-6 adds the candidate connections to the example shown in Figure 3-5. Using the
consumer identifiers of Figure 3-6, it is clear that consumers 1 and 2 could be electrified
together, but a direct connection between them and consumers 31 and 32 is not worth
considering. However, consumers 1 and 32 could be electrified in a single mini-grid or grid
extension if economies of scale justify the gradual aggregation of more consumers until all the
consumers shown in Figure 3-6 belong to the same cluster.

1

MV existing line
Residencial consumer
Candidate clustering connection

2

31

32

Figure 3-6: Clustering candidate connections. © 2019 IEEE. Reprinted,
with permission, from (Ciller et al., 2019a).
3.2.2.1. Off-grid clustering process
The first step of the clustering process (off-grid clustering) temporarily assumes that all the
consumers will be electrified with off-grid systems. The algorithm makes consumer-grouping
decisions based on two conflicting drivers: (1) the savings in generation costs due to economies
of scale inherent to large mini-grids, versus (2) the increment of network costs associated with
grouping consumers together.
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REM evaluates first the arcs of the MST that are more likely to be activated by joining the
corresponding clusters, i.e., from the shortest to the longest arc. In each evaluation, the model
compares the costs of the configurations shown in Figure 3-7 to determine if the connection
should be activated. In the figure, triangles represent generation sites.

Configuration 1

Configuration 2

Figure 3-7: Off-grid clustering configurations. © 2019 IEEE. Reprinted,
with permission, from (Ciller et al., 2019a).
Configuration 1, where the clusters are electrified separately, has a higher generation cost
than configuration 2. However, configuration 2 has a higher network cost than configuration 1.
REM estimates the cost difference between both configurations (generation costs are obtained
from the look-up table described in section 3.2.1, and the line shown in configuration 2
approximates the incremental network costs between both configurations) and joins the
clusters if configuration 2 is less expensive. Figure 3-8 shows a possible off-grid clustering
solution with seven off-grid clusters for the example under consideration and the arcs of the
MST that have not been activated.
MV existing line
Residencial consumer
Candidate clustering connection
Off-grid cluster

OG1
OG5

OG2
OG3

OG4
OG6
OG7

Figure 3-8: Off-grid clustering example. © 2019 IEEE. Reprinted, with
permission, from (Ciller et al., 2019a).
The arcs of the MST are used as potential clustering connections; therefore, some of them
may be redundant (if they link the same pair of clusters) and just ignored. The clusters at the
end of this step are the off-grid clusters, and they are the starting point of the grid-extension
clustering process.
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3.2.2.2. Grid-extension clustering process
The second step of the clustering process (grid-extension clustering) starts from the existing
network and the off-grid clusters obtained in the first clustering step. Note that REM does not
decide the final electrification modes in the clustering process. This is determined in the final
design phase, described in section 3.2.3, when the different alternatives derived from the
clustering process are examined and final detailed comparisons are made.
The grid-extension clustering evaluates the arcs of the MST that join pairs of two different
off-grid clusters. This algorithm calculates the cost of several configurations to determine if it is
worth joining both clusters, under the assumption that at least one of them will be connected
to the grid. In the first set of configurations, which is shown in Figure 3-9, both clusters are
connected with a line (triangles represent here MV/LV transformers; thick lines are MV lines
and thin ones are LV lines). This implies that REM will join both clusters if a configuration from
this set ends up being the least-cost one.

Configuration 1

Configuration 2

Figure 3-9: Set of configurations that support merging grid-extension
clusters. © 2019 IEEE. Reprinted, with permission, from (Ciller et al.,
2019a).
Figure 3-10 shows several configurations with the clusters electrified separately. In
configurations 3 and 4, one of the clusters is electrified with an off-grid system (here triangles
Configuration 1'
Configuration 2'
are transformers or generation sites). If a configuration from Figure 3-10 is the least-cost one,
then REM will not connect both clusters.
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Configuration 3

Configuration 5

Configuration 4
Figure 3-10: Set of configurations that support keeping grid-extension
clusters separate. © 2019 IEEE. Reprinted, with permission, from (Ciller et
al., 2019a).
The clusters at the end of this step are named grid-extension clusters (admittedly a
confusing term, since many of these clusters may end up not being grid-connected). Following
with the example, Figure 3-11 shows the corresponding grid-extension clusters at the end of
the grid-extension clustering process and the arcs of the MST that have not been activated. In
Figure 3-11, none of the clusters appears as connected to the MV grid, as the purpose of this
grid-extension phase is not to decide on grid connection, but to get a better set of clusters that
will be thoroughly analyzed in the final designs phase.
Note that, in contrast to other electrification planning methods that are rule-based, REM
may find off-grid electrification solutions for consumers that are close to the network if the offgrid solution is less expensive. This typically happens when the aggregated demand of these
consumers is so low that – following a cost minimization logic – it does not justify the
investment in the minimum size transformer in the catalog and the corresponding wiring cost
needed for an extension of the power grid.

61

MV existing line
Residencial consumer
Candidate clustering connection
Grid extension cluster

GE1
GE2

GE3

GE4

Figure 3-11: Grid-extension clustering example. © 2019 IEEE. Reprinted,
with permission, from (Ciller et al., 2019a).
The clustering process creates a hierarchical structure of clusters where the first level
contains the grid-extension clusters, the second level contains the off-grid clusters, and the
third level contains the individual consumers. Figure 3-12 shows the structure that corresponds
to the example.

GE1

OG1

OG2

OG3

OG4

GE2

GE3

GE4

OG5

OG6

OG7

Figure 3-12: Hierarchical clustering of consumers. © 2019 IEEE.
Reprinted, with permission, from (Ciller et al., 2019a).
This cluster structure is used to determine the electrification mode of each consumer, and
the goal of the clustering processes is to deliver a quasi-optimal structure of clusters to be
thoroughly explored in the final design phase.

Final designs
In the final design process, REM exploits the hierarchical structure of clusters in Figure 3-12
to determine the best electrification mode for each consumer, which belongs to three nested
clusters: the individual consumer, its off-grid cluster, and its grid-extension cluster. REM
calculates mini-grids for the off-grid clusters, and extensions of the power grid for the grid-
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extension clusters.
REM obtains the least-cost electrification solution for a cluster by comparing its least-cost
electrification mode with the sum of the best electrification solutions of the clusters that are in
the immediately lower level in Figure 3-12. Therefore, cost evaluations are propagated bottomup in the structure of clusters.
In the example of Figure 3-12, let us consider the structure below GE1. First, REM would
find the cost of electrifying individually the consumers below OG1, providing each consumer
with an individual generation set. This solution is the temporary optimum solution for the OG1
set of consumers, and it is compared with the electrification cost for OG1 with a single minigrid. The least-cost solution becomes the temporary optimum solution for the OG1 set of
consumers.
The same process is applied to the consumers in OG2, OG3, and OG4, respectively. The
resulting group of least-cost solutions becomes the temporary optimum solution for the GE1
set of consumers (note that this solution may include a combination of isolated consumers and
mini-grids).
The final step is to compare this temporary optimum solution with electrifying GE1 as a
single extension of the power grid. The least-cost solution becomes the final optimum solution
for the GE1 set of consumers.
Figure 3-13 shows a possible final electrification solution for the example under
consideration. In this case, the cluster GE1 is electrified with a grid extension design, whereas
the remaining grid-extension clusters have lower costs when electrified with off-grid systems
that are coherent with the hierarchical structure.
MV existing line
MV new line
LV grid extension line
LV microgrid line
Grid extension consumer

Microgrid consumer
Isolated consumer

Microgrid generation
MV/LV transformer

Figure 3-13: Final electrification solution. © 2019 IEEE. Reprinted, with
permission, from (Ciller et al., 2019a).
In this stage, accurate network designs are calculated for the cost comparisons performed
to determine the final electrification mode of each consumer. REM uses RNM to obtain the
optimal network layouts and the corresponding costs.
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3.2.3.1. RNM as a network designer
RNM is a flexible model that can design a balanced three-phase quasi-optimal distribution
network from scratch, calculating the corresponding costs (Mateo Domingo et al., 2011). RNM
can create the entire distribution network starting from the transmission/HV distribution
substations, or only the medium and LV components, or only the LV network. RNM needs the
location of the transmission substations and the consumers, as well as techno-economic
information related to the catalog of components (mainly lines and substations/transformers).
If RNM is used to design only a part of the distribution network, the locations of the
corresponding upstream substations are required too.
RNM minimizes cost, subject to the usual electrical constraints, such as maximum allowed
voltage drop and maximum capacity. The model selects the best elements among a defined
catalog of components, and it considers the influence of topography when calculating a
network layout. RNM also allows forbidden and penalized zones.
3.2.3.2. Network design for mini-grids and grid extensions
The initial prototype of REM used RNM to design a single network for the mini-grid, and it
determined if it was LV or MV according to the number of transformers that RNM located: if
RNM placed one transformer, then REM assumed that it was the generation site of the minigrid, and only included the cost of LV lines. If RNM placed several transformers, then REM
assumed that the mini-grid had an MV design, and its network cost included the cost of
transformers, MV, and LV lines.
REM should provide LV designs for small mini-grids and MV designs for large ones, where
the “size” of a mini-grid here must be understood as a combination of distance, number of
consumers, and total load. Figure 3-14 shows examples of both types of networks, one with
only LV and the other one with MV and LV.
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Figure 3-14: Two examples of mini-grid network layouts. MV line (red
line), LV line (blue line), generation (green triangle), MV/LV transformer
(purple triangle). © 2019 IEEE. Reprinted, with permission, from (Ciller et
al., 2019a).
REM uses RNM only once when calculating a grid extension design. RNM computes the MV
and LV distribution networks of the corresponding grid extension. Since REM uses RNM to
calculate distribution networks and RNM provides three-phase networks, the electrification
solutions that REM provides always include three-phase networks.

Financial model
This section describes how REM performs economic calculations. REM considers direct
monetary costs and indirect societal costs in the economic evaluation of electrification plans.
3.2.4.1. Direct monetary costs
The direct monetary costs include investments in physical assets and diverse kinds of
operating expenditures. The costs are categorized as investment costs, operations and
maintenance costs, and energy costs. REM discounts future expenditures based on the
appropriate discount rate for each technology to account for the time value of money. By
allowing different technologies to be discounted with independent discount rates, REM
accounts for the diverse ownership structures and risk profiles that are possible in the studies
to be performed with the model. For instance, utility-owned grid-extension projects would
typically have a lower discount rate than privately-owned solar home systems.
REM is a static optimization planning model, which determines the minimum-cost solution
for just a future snapshot situation, i.e., one year in the future. Due to the wide range of
equipment lifetimes used in the electrification space, an annuity for that future year is
computed for each technology. This allows accounting for shorter-lived products, such as
batteries or solar home systems, and assets with long economic lives, like lines and
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transformers in the distribution networks.
For expenditures occurring on a non-annual basis, the expenditure is converted to a yearly
annuity 𝐴:
𝐴 = 𝐶 ∙ 𝑟⁄(1 − (1 + 𝑟)−𝐿 )

3.1

Where 𝐶 is the periodic expenditure, 𝑟 is the discount rate, and 𝐿 is the period. Direct
monetary costs include investment, operation and maintenance, and energy costs:
• Investment costs, or Capital Expenditures (CAPEX), are determined directly from the
system design and associated cost catalog. For grid extension, this is often dominated by the
cost/km of the distribution network, whereas for mini-grids, the $/kW for solar PV and $/kWh
for battery storage are often the most significant components of the total cost of supply. As
mentioned above, these capital expenditures are converted to annuities to compare projects
in the “static optimization” REM.
• Each equipment type is assigned an annual operational and maintenance cost based
on the local equipment characteristics and necessary expenditures to maintain equipment in
working condition. For distribution lines, this is defined by ($/km)/year, but for transformers,
batteries or diesel generation sets, this is defined simply as $/year for a given piece of
equipment.
• Direct energy costs happen in grid-extension projects, and in mini-grids with diesel
generation. For grid-extension projects, the cost per kWh of energy is the wholesale electricity
price when delivered at the MV level (which includes the price of energy at the wholesale level,
plus transmission and HV distribution costs). REM currently assumes a flat cost of electricity
regardless of hour-of-day or time-of-year, and the amount of energy demanded. REM accepts
as different input values of this wholesale electricity cost at different connection points, as lines
may need diverse reinforcements. For mini-grid systems with diesel generation, the price of
diesel fuel is the only energy cost.
3.2.4.2. Non-monetary costs
The least-cost optimization performed by REM also includes non-monetary costs. The main
societal cost is the CNSE, which is associated with the reliability of supply. REM imposes this
penalty on a per-kWh basis for every unit of energy demand that is not supplied. This penalizing
factor ensures that system reliability is adequately accounted for while ensuring that supply
does not become prohibitively expensive since the direct monetary costs quickly grow with
higher reliability levels.
A single value of CNSE cannot capture the diversity of situations of supply failure, as
perceived by consumers with different needs and at different times. As a reasonable
approximation to this complex reality, REM distinguishes between critical and non-critical loads
for all consumers and applies a different value of CNSE to the curtailment of critical and noncritical demand. Critical and non-critical demand profiles are specific for each type of consumer
and demand pattern, although REM cannot apply different values of CNSE for different
consumer types. Determination of the appropriate value for CNSE is a difficult task, which
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would require extensive and well-designed surveys of the involved consumers. An alternative
approach is modifying the values of CNSE as inputs to REM until the model delivers an
acceptable combination of cost and reliability of supply.

3.3. A kaleidoscope of improvements
This section presents the most significant improvements made in this thesis to turn the basic
first prototype of REM (Ellman, 2015), which conceptually contained all the basic ingredients
of the approach but was incapable of producing a workable design, into a fine-tuned computer
tool that – after overcoming a number of major challenges – produces reliable results for the
electrification of territories of basically any size. The improvements are classified according to
the three algorithmic blocks of Figure 3-2, which represent the main algorithms in REM (miniG
grid generation, clustering, and final designs). We place the symbols , , and
near the
titles of the subsections to refer to improvements related to the block of mini-grid generation,
clustering and final designs, respectively.

This section also describes improvements that expanded the functionalities of the first REM
prototype, such as adding solar kits as a viable electrification solution or enabling REM to deal
with several types of consumers. We place the symbol
near the titles of the subsections
that describe improvements related to the algorithms of the first prototype of REM, and we set
the symbol
close to the titles of subsections that present new functionalities such as the
addition of solar kits or enabling REM to work with several consumer types.

Mini-grid generation
Two improvements were implemented to enhance the optimality of the results. The first
one (master-slave decomposition) modified the hierarchy of variables of the algorithm that
optimizes the generation design of a point of the look-up table from scratch. The second one
(dispatch strategy) changed the dispatch strategy in REM. These two improvements were
essential for the proper performance of REM.
This section presents two additional improvements related to expanding the capabilities of
REM. The first one (addition of multiple types of consumers) increases the number of consumer
types REM can handle. The second one (synthetic demand patterns), currently under
development, focuses on reducing the number of representative off-grid systems that REM
needs to calculate to compute the look-up table. Synthetic demand patterns will be useful in
cases with many consumer types once the work is complete.
3.3.1.1. Master-Slave decomposition
The generation sizing algorithm of the first prototype of REM operates in a threedimensional search space where all technologies considered (solar panels, batteries, diesel
generator) are considered equally important in the algorithm.
In the search space, there is a significant difference among the axis related to the diesel
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capacity and the remaining axes. REM selects multiples of an individual solar panel or battery
to optimize the generation design of an off-grid system, allowing the operation of panels and
batteries in parallel racks. The possible values that the solar panels and the batteries could take
in the search space are given by combining several units or a single solar panel or battery in a
row, so the capacities of solar panels and batteries are multiples of a single element.
However, the use of diesel generators in parallel is more complex, and REM does not allow
this possibility. Therefore, the diesel capacities available are limited to the units available in the
generation catalog, and they are generally not multiples of a single diesel generator. Moving
from a diesel generator to the immediately bigger or smaller one could produce significant
variations of capacity (i.e., from 4 kW to 5 kW, or from 5 kW to 10 kW).
REM handles this difference among the off-grid technologies with a master-slave
decomposition where the master level controls the diesel capacity, and the slave level explores
a solar-battery plane with a fixed diesel capacity from an adequate starting search point
provided by the master level. The strategy of exploiting the structure of an optimization
problem with a nested decomposition has been successfully applied to other problems in the
literature (Liu and Zhang, 2014; Prada y Nogueira, 2017).
The master algorithm starts with a 100% renewable solution (no diesel), and the slave
problem finds the least-cost design in the no-diesel plane. Then, the master problem increases
the diesel capacity to the next diesel generator available on the catalog, and the slave problem
finds the combination of solar and battery that better fits the demand for that diesel generator.
This procedure continues until the master problem has considered all diesel generators
available in the diesel search space, which includes all diesel generators between the no-diesel
solution and the smallest diesel generator that can meet all the demand. The starting search
point in terms of solar and battery capacity is the best solution obtained at the previous
iteration (for the previous diesel generator). Figure 3-15 provides an example with diesel
generators of 0, 5, 8, 10, and 15 kW.
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Figure 3-15: Candidate generation designs that the algorithm considers.
As the diesel capacity increases, candidate designs have fewer solar
panels and batteries. Source: (Ciller et al., 2019b).
Figure 3-16 shows the flow diagram of the master problem. The master problem performs
an exhaustive search as it goes through all the available diesel generators in the diesel search
space (whose upper bound is the smallest diesel generator that can meet all the demand on its
own). This procedure requires a substantial amount of computation time in cases where the
number of diesel generators to be evaluated is high.
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Figure 3-16: Flow diagram of the master problem. Ddmax is defined as the
smallest diesel generator that can meet the demand of the system.
Source: (Ciller et al., 2019b).
The slave problem searches in the neighborhood of an initial central point provided by the
master problem, moving towards the neighbor point with minimum cost. If no neighboring
point improves the current solution, the algorithm reduces the step size until its value is below
a pre-specified threshold. Figure 3-17 shows an example of the slave problem, which
corresponds to the first iterations for the no-diesel plane shown in Figure 3-15.
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Figure 3-17: Slave problem example. The algorithm moves two times to a
neighbor point with lower cost, reduces the step length, and moves
another time. Source: (Ciller et al., 2019b).
Figure 3-18 shows the flow diagram of the slave problem. The slave problem, in practice,
behaves as a gradient-descent method with discrete derivatives since it always moves in the
lowest-cost direction.
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Figure 3-18: Flow diagram of the slave problem. The upper boundaries of
the solar and battery search spaces are defined as ten times the average
demand. Source: (Ciller et al., 2019b).
Table 3-3 shows several generation designs obtained with the generation sizing algorithm
that REM's first prototype applies. The generation cost per consumer for 100 residential
consumers is significantly higher than the total cost per consumer for 50 and 150 residential
consumers. Similarly, the generation cost per consumer for 200 residential consumers is
substantially higher than the total cost per consumer for 150 and 250 residential consumers.
The master-slave decomposition will show that the generation sizing algorithm of the first
prototype of REM reaches a local minimum when it optimizes the generation design of 100 and
200 residential consumers.
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Residential
consumers

Solar
capacity
(kWp)

Battery
capacity
(kWh)

Generator
capacity (kW)

Fraction of
demand
served
(p.u.)

Fraction of
demand
served with
diesel (p.u.)

Total cost
per
consumer
($/yr)

Computation
time (sec)

1

0.29

2.22

0

1

0

273.48

10.81

5

1.46

13.32

0

1

0

147.05

17.32

10

2.93

24.42

0

1

0

129.87

27.19

50

5.36

4.44

10

1

0.71

84.62

30.67

100

14.63

73.26

15

1

0.46

94.59

34.56

150

16.09

17.76

30

1

0.7

77.67

46.19

200

29.25

144.30

30

1

0.46

92.79

37.44

250

26.81

26.64

50

1

0.71

77.56

41.94

300

31.10

31.08

60

1

0.71

77.26

45.29

500

52.55

48.84

100

1

0.71

73.86

69.58

1,000

104.03

139.86

200

1

0.69

70.32

64.92

3,000

254.48

419.58

600

1

0.7

69.46

70.07

7,500

777.56

1,052.28

1,500

1

0.69

69.23

61.95

Table 3-3: Designs with the initial prototype of REM.
Table 3-4 shows several generation designs, which correspond to the same residential
consumers as the designs of Table 3-3, obtained with the master-slave decomposition
presented in this section. The generation cost per consumer decreases as the number of
residential consumers grows, which is a coherent result that shows that the master-slave
decomposition offers a more robust performance than the generation sizing algorithm of the
first prototype of REM.
Residential
consumers

Solar
capacity
(kWp)

Battery
capacity
(kWh)

Generator
capacity (kW)

Fraction of
demand
served
(p.u.)

Fraction of
demand
served with
diesel (p.u.)

Total cost
per
consumer
($/yr)

Computation
time (sec)

1

0.29

2.22

0

1

0

273.48

20.54

5

1.37

11.10

0

0.99

0

140.07

32.65

10

2.73

24.42

0

1

0

124.68

31.33

50

3.90

8.88

9

1

0.68

78.34

114.34

100

9.75

13.32

20

1

0.68

75.74

188.57

150

14.63

17.76

30

1

0.69

74.59

189.75

200

19.50

22.20

40

1

0.69

74.6

201.62

250

24.38

26.64

50

1

0.7

74.68

212.58

300

31.10

31.08

60

1

0.7

74.45

233.41

500

47.78

73.26

90

1

0.68

69.27

260.89

1,000

85.12

139.86

175

1

0.69

67.64

310.87

3,000

282.75

419.58

600

1

0.68

66.69

392.18

7,500

706.88

1,052.28

1,500

1

0.68

66.55

432.32

Table 3-4: Designs with the master-slave decomposition.
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The master-slave decomposition requires higher computation times than the generation
sizing algorithm of the first REM prototype because it performs an exhaustive search of the
diesel generators available, evaluating more diesel generators than the generation sizing
algorithm of the first prototype of REM. However, the computation times related to the
master-slave decomposition are still very affordable, and results show that the increase in
computation time is justified.
Figure 3-19 compares the generation costs provided in Table 3-3 and Table 3-4 up to 500
residential consumers, showing that results improved by changing the generation sizing
algorithm of the first prototype of REM, which assigned the same importance to all the
components involved in the optimization process, to a master-slave nested decomposition
where the diesel capacity is controlled in the master level and the capacities of solar panels and
batteries are controlled in the slave level.

Figure 3-19: Generation sizing comparison of results.
The load following strategy is applied to determine the hourly dispatch of the candidate
generation designs that REM evaluates to obtain the generation designs shown in Table 3-3
and Table 3-4.
The load following procedure uses first the solar energy to meet the demand and, if the
battery is not fully charged, the remaining solar energy is used to charge it. If there is not
enough solar energy, and the battery is not fully discharged, then the battery is used to meet
the demand. If there is still unserved demand after using the battery, then REM uses the diesel
generator or allows some non-served energy (a least-cost decision, depending on the penalties
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for non-served energy and the marginal diesel cost).
In the next section, we perform a thorough cost-comparison among the battery valuation
strategy and the load following dispatch.
3.3.1.2. Dispatch strategy
We thoroughly evaluate the cost differences among the battery valuation strategy and the
load following dispatch. For each cost-comparison, the generation design and the aggregated
demand are the same to ensure that the different dispatch strategies are the only reason
behind the different costs.
We perform the cost-comparisons by applying the master-slave decomposition introduced
in section 3.3.1.1 to optimize the generation designs for the combinations of residential
consumers presented in Table 3-4. REM computes the generation cost of each candidate
generation design with the battery valuation strategy and the load following dispatch.
Generation designs that do not include batteries lead to the same operation of the system with
both dispatch strategies so they are not included in the cost-comparisons.
Equation 3-2 defines the relative cost difference between the two dispatch strategies. Equation
3-2 implies that the relative cost difference is positive when the load following dispatch
outperforms the battery valuation strategy, and the relative cost difference is negative when
the battery valuation strategy performs better than the load following dispatch.
𝑅𝑒𝑙𝑎𝑡𝑖𝑣𝑒 𝑐𝑜𝑠𝑡 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 =

(𝐶𝑜𝑠𝑡 𝑏𝑎𝑡𝑡𝑒𝑟𝑦 𝑣𝑎𝑙𝑢𝑎𝑡𝑖𝑜𝑛−𝐶𝑜𝑠𝑡 𝑙𝑜𝑎𝑑 𝑓𝑜𝑙𝑙𝑜𝑤𝑖𝑛𝑔)
𝐶𝑜𝑠𝑡 𝑙𝑜𝑎𝑑 𝑓𝑜𝑙𝑙𝑜𝑤𝑖𝑛𝑔

3-2

Figure 3-20 shows the relative cost difference among the two dispatch strategies for all the
generation designs that REM evaluated. Most generation designs perform better with the load
following dispatch strategy than with the battery valuation strategy, but this is not true in all
the cases evaluated.
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Figure 3-20: Cost-comparisons among the dispatch strategies.
We have analyzed the generation designs where the battery valuation strategy performs
better than the load following dispatch, and they generally correspond to designs that cannot
meet demand in full unless the diesel generator is used to charge the battery. In these cases,
using the diesel generator to charge the battery (as the battery valuation strategy may do)
reduces the amount of non-served energy, leading to a better dispatch than the load following
strategy (which never uses the diesel generator to charge the battery). For example, a
generation design that includes a diesel generator and batteries but no solar panels will never
use the batteries with the load following dispatch. Still, the battery valuation strategy will
benefit from having batteries available.
Table 3-5 shows the number of evaluated generation designs for each combination of
residential consumers and the fraction of designs where the load following dispatch provides a
better cost than the battery valuation strategy. The load following dispatch performs better
than the battery valuation strategy in at least 78% generation designs for each combination of
residential consumers.
Residential consumers

1

5

10

50

100

150

200

250

300

500

1,000

3,000

7,500

Number of designs

33

79

71

278

482

515

567

591

662

710

927

1,154

1,259

Fraction of designs
with a positive relative
cost difference

0.97

1

1

0.78

0.86

0.86

0.82

0.82

0.81

0.83

0.83

0.86

0.86

Table 3-5: Number of designs and fraction of designs where the load
following dispatch outperforms the battery valuation strategy.
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We also apply the master-slave decomposition introduced in section 3.3.1.1 to optimize the
generation designs for the combinations of residential consumers of Table 3-4. This time, REM
simulates the hourly dispatch of each candidate generation design with the battery valuation
strategy5. Table 3-6 shows the corresponding results.
Residential
consumers

Solar
capacity
(kWp)

Battery
capacity
(kWh)

Generator
capacity (kW)

Fraction of
demand
served
(p.u.)

Fraction of
demand
served with
diesel (p.u.)

Total cost
per
consumer
($/yr)

Computation
time (sec)

1

0.29

2.22

0

0.86

0

370.51

20.68

5

1.27

8.88

0

0.77

0

264.43

29.50

10

1.37

0.00

5

0.98

0.73

146.83

35.06

50

4.88

4.44

9

1

0.74

80.64

127.80

100

10.73

6.66

20

1

0.74

79.33

220.48

150

14.63

17.76

30

1

0.73

76.66

231.53

200

21.45

33.30

40

1

0.72

75.95

237.49

250

26.81

39.96

50

1

0.72

75.39

257.27

300

31.10

46.62

60

1

0.73

75.06

267.80

500

52.55

73.26

90

1

0.73

70.63

342.46

1,000

104.03

139.86

175

1

0.72

67.65

408.62

3,000

311.03

139.86

600

1

0.75

70.21

482.31

7,500

777.56

1,052.28

1,500

1

0.73

69.32

540.85

Table 3-6: Designs with the master-slave decomposition and the battery
valuation strategy.
Figure 3-21 compares the generation costs shown in Table 3-4 and Table 3-6. The masterslave decomposition provides better results with the load following dispatch than with the
battery valuation strategy for one, five, and ten residential consumers. In these cases, the
battery valuation strategy leaves a significant amount of non-served demand if it does not
include a diesel generator.

There is an essential difference between the procedures followed to obtain Figure 3-20 and Table 3-6.
The procedure used to obtain Figure 3-20 uses the operational cost that the load following dispatch
provides to evaluate the generation, and the cost related to the battery valuation strategy is not used in the
algorithm (i.e., the load following dispatch “guides” the master-slave decomposition). However, the
procedure used to obtain Table 3-6 uses the battery valuation strategy to obtain the operational cost (i.e.,
the battery valuation strategy “guides” the master-slave decomposition).
5
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Figure 3-21: Master-slave decomposition with both dispatch strategies.
The battery valuation strategy also has disadvantages that are not present in the load
following dispatch. One such disadvantage is the oscillating behavior (the diesel generator and
the battery alternate to meet the demand in consecutive hours) that may appear in some
generation designs, and the diesel generator charges the battery in the hours it is used to meet
the demand (see Figure 3-22). It should be noted that REM interpolates among the hourly
values of the demand and mini-grid components when it plots a dispatch, giving a false
impression about the battery being charged and discharged simultaneously.
This behavior is not only suboptimal (it would be more economical to use only the battery
or the diesel generator to meet the demand during that timeframe) but also difficult to defend
from a practical point of view.
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Figure 3-22: Hourly dispatch with the battery valuation strategy.
Timeframes where the diesel generator and the battery are used
alternatively to meet the demand are highlighted with pink circles. The xaxis is measured in hours, and the y-axis is measured in kW.
The analysis provided in this section justifies changing the battery valuation strategy with
the load following dispatch, which is a robust method that has been thoroughly used in
generation sizing tools such as HOMER (HOMER Energy LLC, 2019c). The dispatch change was
a practical decision that improved REM's performance, but the two dispatch strategies studied
in this section are valuable heuristic methods.
3.3.1.3. Addition of multiple types of consumers
The first prototype of REM operates with one type of consumer, which limits significantly
the scope of the analysis performed as productive loads cannot be included appropriately. The
look-up table was extended to include several types of consumers at the expense of increasing
the number of representative off-grid systems that REM needs to calculate.
Specifically, adding a new consumer type to the look-up table implies adding one more
dimension in the space of consumers, and the total number of generation designs that REM
would need to calculate to be able to perform a satisfactory interpolation could be significantly
larger.
Figure 3-23 shows an example with three consumer types, where the representative minigrids are obtained as combinations of 0, 300, 700, and 1000 residential consumers, 0, 1, 5, and
10 hospitals, and 0, 1, 5, and 10 schools. REM would calculate generation designs for 4 × 4 x 4
= 64 representative off-grid systems, which correspond to the points in Figure 3-23.
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Figure 3-23: Look-up table example with three consumer types. Source:
(Ciller et al., 2019b).
The number of consumer types that REM can process limits the look-up table approach. A
case example with five different consumer types would imply a penta-dimensional look-up
table that would require computing too many points. This limitation can be overcome by
realizing that generation designs are related to the aggregated demand of candidate mini-grids
and not to specific combinations of consumer types. REM can associate the axes of the lookup table to “demand patterns” instead of consumer types. By doing so, REM can operate with
a number of consumer types that is higher than the number of axes of the look-up table, as far
as the demand of any consumer type can be expressed as a linear combination of a set of
“basic” demand patterns.
For example, we could have two different types of residential households (big and small)
and assume that the demand of a big household is five times the demand of a small household.
Then REM could have one demand pattern related to the small household profile, and the point
“5” of the look-up table could be either five small households or one big household since the
demand is the same in both cases.
It seems logical to explore this idea using dimension-reduction techniques that synthesize a
large number of demand profiles related to consumer types into a few basic demand patterns
associated with axes of the look-up table. Both the basic demand patterns and the linear
combinations are specific inputs to REM. Although the user can manually calculate basic
demand patterns, the task is far from easy in cases with several productive loads. Therefore, it
is interesting to devote some efforts to develop a computational procedure that distills a
reduced number of basic demand patterns from the demand profiles of the consumers.
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3.3.1.4. Synthetic demand patterns (currently under development)
We use the term “synthetic demand patterns” to refer to the basic demand patterns when
they are obtained with an automated dimensionality reduction technique. In contrast to the
load profiles of consumers, the synthetic demand patterns may not have a physical meaning
because they are only used as a tool to limit the number of dimensions of the look-up table.
Once a few – three, for instance – synthetic demand patterns have been computed, they would
allow REM to create a look-up table with a reduced number of dimensions – three, in our
example – even in cases with a significant amount of load types.
An attempt to calculate synthetic demand patterns, which is currently under development,
relies on applying Principal Component Analysis (PCA). PCA is a dimensionality reduction
technique that extracts a set of linearly independent features (which are the principal
components) that summarize the data. PCA is a technique that has been applied to problems
from a wide range of fields, such as load forecasting (Manera and Marzullo, 2005; Yingying and
Dongxiao, 2010; Xiao-fei and Li-qun, 2016).
We can apply PCA to decompose the demand profiles of the consumers into a linear
combination of principal components (which, in this particular case, are the synthetic demand
patterns) plus an average term. Figure 3-24 shows the PCA approximation of a residential
profile with three synthetic demand patterns (which are the principal components), where PCA
was applied to a set of 120 different demand profiles.
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Figure 3-24: Calculation of synthetic demand patterns with PCA. The
figure shows the principal components (top), the average term (middle),
and the real and approximated profiles (bottom). The approximated
profile is a linear combination of the principal components plus the
average term.
The synthetic demand patterns obtained with PCA present one major flaw: the demand
consumption may be negative at some hours (see the third component in Figure 3-24). There
is not a simple way of dealing with a negative demand when simulating the hourly dispatch of
a mini-grid, so the points of the look-up table need to be carefully selected to ensure that none
of them has a negative demand. The automated determination of the points of the look-up
table poses an additional challenge that is yet to be overcome, as the user determines the
representative off-grid systems whose generation costs are stored in the look-up table in the
current version of REM.

Clustering
The clustering step plays a crucial role in the final electrification solution, and many efforts
were devoted to analyze the first clustering algorithm and improve its performance. The
enhancements presented in this section are classified into three groups: the modeling
improvements, the improvements to the logic of the algorithm, and the interpolation
improvements.
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The interpolation improvements are the most relevant ones, as they avoid clustering
solutions with many small clusters that are rather suboptimal. The case study presented in
section 3.4 shows that the final solution depends heavily on the clustering results and the
impact of a suboptimal clustering in the final electrification solution.
3.3.2.1. Modeling improvements
The modeling improvements include:
- The addition of technical network losses in the cost calculation of lines that connect two
clusters or a cluster with the power grid. This enhancement improves the level of realism
considered when calculating the cost of lines.
- The addition of management costs as part of the total cost of the clusters. The
management costs are not only considered in the clustering but also considered in the final
electrification solution.
- The use of peak demands and center-to-center distances to size the network elements.
The first prototype of REM used average demands and minimum consumer-to-consumer
distances.
- The suppression of an alternative clustering logic that was present in the first prototype of
REM. This logic omitted configurations in the grid-extension clustering where one cluster is
electrified with an off-grid system.
3.3.2.1.1.

Addition of technical network losses

The first prototype of REM did not include technical network losses when estimating the
cost of a line that joins two clusters or a cluster to the power grid. The addition of the cost of
losses is translated into a more realistic cost estimation, although technical losses generally
account for a small percentage of the total energy (less than 10% in developed countries and
around 20% in developing countries (Mahmood et al., 2014)). Equation 3-3 provides the cost
related to power losses in a three-phase line for a year (Pande and Ghodekar, 2012):
𝐶𝑙𝑜𝑠𝑠 = 3 ∙ 𝐼 2 ∙ 𝑟 ∙ 𝐿 ∙ 8760 ∙ 𝑙𝑜𝑎𝑑 𝑙𝑜𝑠𝑠 𝑓𝑎𝑐𝑡𝑜𝑟 ∙ 𝑐𝑜𝑠𝑡 𝑜𝑓 𝑙𝑜𝑠𝑠𝑒𝑠

3-3

Where 𝐶𝑙𝑜𝑠𝑠 is the cost associated with power losses ($/year), 𝐼 is the maximum load of the
line (A), 𝑟 is the resistance of the line per unit of length (Ω/km), L is the length of the line (km),
𝑐𝑜𝑠𝑡 𝑜𝑓 𝑙𝑜𝑠𝑠𝑒𝑠 is the costs of losses parameter ($/kWh), and the 𝑙𝑜𝑎𝑑 𝑙𝑜𝑠𝑠 𝑓𝑎𝑐𝑡𝑜𝑟 term is
the load loss factor of the line. The cost of losses is set to the energy cost of the power grid in
the case of a line that joins two grid-extension clusters or a grid-extension cluster to the grid,
and it is interpolated in the look-up table in the case of a line that joins two off-grid clusters.
The load loss factor is defined as the ratio between the average power losses (𝑃𝑎𝑣𝑒𝑟𝑎𝑔𝑒 )
and the losses at maximum load (𝑃𝑚𝑎𝑥 ) in a period 𝑇 (Pande and Ghodekar, 2012). The load
loss factor is calculated with equation 3-4:
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𝑇

𝑃𝑎𝑣𝑒𝑟𝑎𝑔𝑒
1 ∫0 𝑃(𝑡)𝑑𝑡
𝑙𝑜𝑎𝑑 𝑙𝑜𝑠𝑠 𝑓𝑎𝑐𝑡𝑜𝑟 =
=
∙
𝑃𝑚𝑎𝑥
𝑃𝑚𝑎𝑥
𝑇

3-4

𝑇

Where 𝑃(𝑡) the instantaneous demand power losses and ∫0 𝑃(𝑡)𝑑𝑡 the energy losses of
the system during 𝑇.
Figure 3-25 shows the technical energy losses as a fraction of the total energy for the
activated connections (lines) in the off-grid clustering of the case study presented in section
3.4. Losses account for less than 20% of the total energy for approximately 95% of the lines.

Figure 3-25: Losses of a line as a fraction of the energy of the line.
3.3.2.1.2.

Addition of management costs

Management costs, which were not considered in the first prototype of REM, were included
in the cost-comparisons performed in the clustering algorithm. Annual management costs
differ by system type and size due to the nature of different pieces of equipment and different
business structures. When modeling the management cost for grid-extension projects and
solar home systems, REM assumes that economies of scale have been reached, and the
marginal management cost of each additional consumer is uniform. When considering the
management cost associated with mini-grids, REM assumes that each mini-grid will have some
fixed management cost, plus a monotonically decreasing marginal cost per additional
consumer. In this way, the model acknowledges the economies of scale associated with minigrids of increasing size.
In the case of off-grid systems, the user introduces the per-consumer management cost of
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three off-grid systems (they are expected to have a low, medium, and high number of
consumers) and how many consumers they have (it is not necessary to introduce the number
of consumers of the large off-grid system as REM can use the total number of consumers in the
case). Table 3-7 shows an example of the input data related to management costs.
Number of consumers small-size off-grid system

1

Number of consumers medium-size off-grid system

150

Annual management per-consumer cost of the small-size off-grid system ($/yr)

60

Annual management per-consumer cost of the medium-size off-grid system ($/yr)

16

Annual management per-consumer cost of the large-size off-grid system ($/yr)

9

Table 3-7: Example of input parameters related to management costs.
REM uses the parameters shown in Table 3-7 to adjust the parameters 𝐴, 𝐵, 𝑘 of the
function 𝑓(𝑚) introduced in equation 3-5, whose independent variable is the number of
consumers 𝑚 of an off-grid system.
𝑚

𝑓(𝑚) =

−
𝐴(1−𝑒 𝑘 )

𝑚

+𝐵

3-5

Equation 3-5 is similar to the one presented in reference (Carrasco et al., 2013) to estimate
the management costs, and it approximates other methodologies regarding the calculation of
management costs as a function of the number of consumers (Comisión de Regulación de
Energía y Gas, 2020).
Figure 3-26 shows an example of the management cost curve calculated with the numeric
values from Table 3-7. The management cost curve approaches 9 $/yr asymptotically since
REM associates that cost to an infinitely large mini-grid.
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Figure 3-26: Example of the management cost curve.
For grid-extension clusters, REM assumes that the management cost per consumer is
constant and equal to the management cost per consumer of an infinitely large mini-grid.
Following the example, REM would consider that the management cost of each consumer in a
grid-extension cluster is equal to 9 $/yr.
The management costs were also introduced in the cost-comparisons that REM performs
to explore the hierarchical structure of clusters in the final designs stage.
3.3.2.1.3.

Use of peak demands and center-to-center distances

The initial prototype of REM used the average demand and the shortest consumer-toconsumer distance to size the lines that estimate the incremental network cost. The peak
demand of the clusters replaced the average demand, and the center-to-center distance
replaced the shortest consumer-to-consumer distance.
3.3.2.1.4.

Suppression of alternative logic for the grid-extension clustering

The initial prototype of REM included two logics for the grid-extension clustering algorithm.
The first logic evaluated the cost related to configurations 1-5 from Figure 3-9 and Figure 3-10.
The second logic only considered configurations 1, 2, and 5 (so it did not include the
configurations where a cluster can be electrified with a mini-grid in the grid-extension
clustering).
The addition of configurations that reflect viable electrification should lead to better
clustering results. REM can electrify nearby clusters with different electrification modes in the
final solution, so configurations where a mini-grid electrifies one cluster and a grid extension
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electrifies the other cluster are always included in the grid-extension clustering now. Therefore,
the second logic is not present in the current REM version, although it provided better solutions
than the first logic in some cases (Ellman, 2015).
The second logic occasionally provided better results because the clustering process of the
first prototype of REM presented several flaws, which are identified and corrected in section
3.3.2. The suppression of several configurations masked the issues in some cases, but it did not
help overcome the real problems.
3.3.2.2. Improvements to the logic of the algorithm
The improvements to the logic of the algorithm aim at enhancing the robustness of the
algorithm, and they include:
- the addition of more candidate connections
- the addition of more loops through the candidate connections
- the inclusion of more configurations in the grid-extension clustering
3.3.2.2.1.

Addition of candidate connections

In the first prototype of REM, the clustering candidate connections are the arcs of the MST
that connects all the consumers. However, the MST often misses candidate connections among
nearby consumers that are worth considering. REM now obtains the clustering candidate
connections with the Delaunay triangulation.
The Delaunay triangulation is formed by a set of non-overlapping triangles whose vertices
are the consumers, and that covers the convex hull (i.e., the convex set of minimum area) of
the consumers. Besides, the Delaunay triangulation has several properties that capture the
vicinity relations among consumers, being the most relevant properties the following ones
(Peco, 2001):
1. The minimum spanning tree of a set of consumers is contained in the Delaunay
triangulation of that set of consumers. This property guarantees that the potential
connections that the first prototype of REM considers are still considered when the
Delaunay triangulation is applied.
2. The arcs of the Delaunay triangulation do not intersect.
3. Each consumer is connected with its nearest consumers.
The Delaunay triangulation has already been used to identify potential connections in
clustering algorithms related to distribution networks (Mateo Domingo et al., 2011; Navarro
and Rudnick, 2009).
If we have a case with 𝑛 consumers, then the minimum spanning tree provides 𝑛 − 1
candidate connections and the Delaunay triangulation provides 3𝑛 − 3 − ℎ = 3(𝑛 − 1) − ℎ
connections, being ℎ the number of arcs that form the convex hull of the set of consumers
(Peco, 2001).
In the case described in section 3.4, which has 6,688 consumers, the minimum spanning
tree provides 6,687 candidate connections and the Delaunay triangulation provides 20,037
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candidate connections, so this improvement almost triples the number of candidate
connections. Figure 3-27 shows a comparison among the clustering candidate connections
obtained with the Delaunay triangulation and the MST for the case study described in section
3.4.

Figure 3-27: Example that compares the clustering candidate connections
provided by a Delaunay triangulation and the MST of the consumers.
3.3.2.2.2.

Additional loops through the candidate connections

The off-grid and on-grid clustering algorithms now loop through all the unconnected
candidate connections until no new connection is activated in a loop. Each time a connection
is activated, the loop starts again from the beginning. In the initial clustering, the candidate
connections were evaluated only once, not considering connections worth activating later.
The off-grid clustering evaluates 9,319 potential connections among clusters in the case
study presented in section 3.4 if it performs a single loop among the Delaunay triangulation
arcs. In contrast, the off-grid clustering evaluates 18,209 potential connections if it performs
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multiple loops, restarting the loop each time a connection is activated. Therefore, this
improvement approximately doubles the number of candidate connections evaluated for the
case study of section 3.4.
We should note that the clustering algorithm may not loop through all the candidate
connections available even if it performs a single loop among them. As clusters grow, multiple
candidate connections may connect two clusters, and if the evaluation of one such connection
implies the merge of the clusters, then it is not necessary to evaluate the remaining connections
among these two clusters. Hence, it makes sense that the off-grid cluster only considers 9,319
potential connections when it performs a single loop among the Delaunay triangulation arcs,
which includes 20,037 potential connections.
Figure 3-28 shows an example where off-grid clusters are connected with several candidate
connections. There are four candidate connections between the clusters OG4 and OG6, and if
one of them was activated, then it would not be necessary to evaluate the remaining three
connections.
MV existing line
Residencial consumer
Candidate clustering connection
Off-grid cluster

OG1
OG5

OG2
OG3

OG4

OG6
OG7

Figure 3-28: Example of off-grid clusters joined by several candidate
connections. © 2019 IEEE. Reprinted, with permission, from (Ciller et al.,
2019a).
3.3.2.2.3.

Additional configurations in the grid-extension clustering

Finally, two configurations were included in the grid-extension clustering: configurations 1’
and 2’ (see Figure 3-29) were not considered in the initial clustering algorithm. Those
configurations account for cases where the grid-extension clusters are connected with an MV
line, and each cluster has its own transformer.
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Configuration 1

Configuration 2

Configuration 1'

Configuration 2'

Figure 3-29: Set of configurations that support merging grid-extension
clusters in REM after the improvements. © 2019 IEEE. Reprinted, with
permission, from (Ciller et al., 2019a).
3.3.2.3. Interpolation improvements
REM’s clustering follows a bottom-up approach where each consumer starts as a single
cluster, and nearby clusters may be connected based on a local cost-comparison. In the off-grid
clustering, the trade-offs between generation, management, and network cost are evaluated
to determine if two nearby clusters are better electrified together. Large off-grid clusters
benefit from savings related to economies of scale in generation and management, but they
have significant network costs. If the initial cost-comparisons among small clusters determine
that it is better not to join the clusters, then large off-grid clusters will not be created even if
they are part of the optimal clustering solution.
The interpolation improvements aim at measuring the trade-offs among costs accurately so
that the off-grid clustering does not reach a local minimum with a solution that includes many
small clusters. The interpolation improvements include the initial smoothing of the generation
costs and the use of a continuous network catalog for the calculation of the incremental
network costs.
- The first improvement (smoothing) focuses on economies of scale in generation. The
impact of the generation costs in the off-grid clustering is thoroughly explained in chapter 4,
but we describe in this section the initial fixes that ensured that a non-monotonous unitary
generation cost did not lead to issues in the clustering.
- The second improvement (continuous network catalog) focuses on incremental network
costs, which are estimated with a line that connects the clusters, or a cluster with the power
grid. The use of a continuous network catalog aims at improving the estimation of the
incremental network cost that was used in the first prototype of REM.
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3.3.2.3.1.

Initial smoothing

The curve obtained by interpolating the unitary generation costs stored in the look-up table
may not be monotonic, even after the implementation of the improvements described in
section 3.3.1. This section introduces two methods to ensure that the unitary generation costs
curve used in the clustering follow a monotonic behavior.
The first method is simple but effective. REM checks that the second point of the look-up
table has a unitary generation cost strictly lower than the first point of the look-up table. If this
condition does not hold, REM sets the unitary generation cost of the second point to 99% of
the unitary generation cost of the first point (so the unitary generation cost of the second point
is strictly lower than the unitary generation cost of the first point). Then, REM evaluates
whether the third point of the look-up table has a unitary generation cost strictly lower than
the second point of the look-up table. If this is not the case, REM sets the unitary generation
cost of the third point to 99% of the unitary generation cost of the second point. This procedure
continues looping through the remaining points of the look-up table until REM ensures that the
𝑖 − 𝑡ℎ point of the look-up table has a unitary generation cost strictly lower than the (𝑖 − 1) −
𝑡ℎ point.
Figure 3-30 shows the results of applying the first smoothing method to the generation
results shown in Table 3-3 (up to 500 residential consumers), which were obtained before
implementing the master-slave decomposition presented in section 3.3.1.1. The smoothing
procedure guarantees that the unitary generation cost strictly decreases when the number of
residential consumers increases.
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Figure 3-30: Application of the first smoothing method.
The second method adjusts the unitary generation costs with a piecewise exponential
function whose coefficients were calculated with the points of the look-up table. Although the
idea of adjusting the unitary generation cost with a strictly decreasing function is in the right
direction, the initial attempts did not provide consistent results in all cases. The current version
of REM can use a different type of curve to smooth the generation costs; further details are
provided in chapter 4 of this thesis.
Figure 3-31 shows an example where the first method (“Partially smoothed”) and the
second method (“Final smoothed”) are applied. The first prototype of REM could only operate
with one type of load, so the extrapolation of these methods for several types of loads was out
of the scope at that moment.
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Figure 3-31: Initial attempts to smooth the unitary generation costs.
Source: adapted from (Ciller Cutillas, 2016). The x-axis measures the
number of residential consumers, and the y-axis measures the unitary
generation cost ($/yr).
3.3.2.3.2.

Continuous network catalog

We refer to the network catalogs used to calculate the network layouts of mini-grids and
grid-extension designs as “discrete” because it includes a finite number of elements. The
lowest-capacity line of the discrete network catalog is generally too expensive to compensate
for the generation savings of two small clusters being electrified together. If that happened, the
initial connections would never be activated in the off-grid clustering, and the clustering would
never explore solutions that benefit from economies of scale in generation.
The use of a continuous network catalog prevents this issue (we refer to the network catalog
obtained interpolating and extrapolating the costs of the discrete network catalog as
“continuous” because it has elements of any desired positive capacity). Figure 3-32 shows the
annual cost of an LV line with a discrete and continuous catalog. The least-cost line in the
discrete catalog has a capacity of 135 A, which is oversized for residential demands in
developing countries.
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Figure 3-32: Costs of the discrete and continuous network catalogs of LV
lines in the clustering.
REM does not set the cost of the zero-capacity LV line to zero to reach a balance between
the clustering logic (which is not compatible with a discrete network catalog) and the real cost
of the networks (which are calculated with a discrete catalog). Specifically, the zero-capacity LV
line cost is set to one-fourth of the cost of the lowest-capacity LV line from the discrete catalog.
This number was adjusted evaluating the performance of the clustering in many cases, and it
has provided reasonable results so far. The optimization of the value that this number takes is
beyond the scope of this thesis.
The clustering algorithm uses quick estimations of the network cost to determine whether
to join the clusters, and we acknowledge that the cost of a line that connects two clusters or a
cluster with the power grid is not the best method to estimate the incremental network cost.
It was necessary to develop a new method (which is presented in chapter 5) that estimates the
network costs accurately to continue enhancing the clustering of REM.
The continuous catalogs of transformers and MV lines were calculated from the
corresponding discrete catalogs following the same procedure.
The continuous catalogs are a reasonable approximation to the real (discrete) catalogs, and
they are used only for clustering purposes. The network designs that appear in the final
electrification solutions are calculated with RNM and discrete components, so using a
continuous catalog in the clustering does not decrease the level of modeling realism of the final
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solution that REM provides.

Final designs

G

Four enhancements were implemented in the calculation of final designs. The first three
aim at improving the optimality of REM’s algorithms. The first one (evaluation of off-grid
clusters with grid extensions) calculates grid-extension designs for off-grid clusters. The second
one (calculation of LV and MV mini-grids) changes the use of RNM to calculate the networks
for the mini-grids. The third one (more candidate connection points) includes additional
candidate connection points for the network calculation of grid extensions.
The fourth improvement presented in this section (addition of solar kits) enhances REM
capabilities, including DC solar kits as a viable electrification solution.
3.3.3.1. Evaluation of off-grid clusters with grid extensions

G

The first prototype of REM evaluated the hierarchical structure of electrification clusters
considering only grid-extension designs for grid-extension clusters, mini-grid designs for offgrid clusters, and isolated systems for isolated clusters (which are the individual consumers).
However, REM now allows a broader exploration of the clustering solution, where off-grid
clusters may also be evaluated as grid-extension designs.
Designing extensions of the power grid for the off-grid clusters may seem counterintuitive
at first (off-grid clusters were calculated without considering the grid), but it is better to proceed
this way. Off-grid clusters may include productive loads such as large factories, and their best
electrification solution could be a grid extension.
Although the exploration of more alternatives implies increasing the computation time, it
offers a more robust behavior as some small clusters may include productive loads with high
levels of consumption, and they could be better electrified with grid-extension designs. Table
3-8 presents the computation times related to evaluating the hierarchical structure of clusters
of the case study presented in section 3.4 (the characteristics of the computer are provided in
the last paragraph of section 1.5). The solution of the case study that REM provides after the
improvements only includes off-grid systems, so the evaluation of off-grid clusters as grid
extensions does not reduce the final electrification cost in this case.
Off-grid clusters are not evaluated with grid extensions

Off-grid clusters are evaluated with grid extensions

14 min, 05.60 sec

17 min, 36.30 sec

Table 3-8: computation times needed to evaluate the hierarchical structure
of clusters.
REM minimizes the additional computation time by quickly obtaining a lower bound of the
cost of a grid extension for an off-grid cluster. If the lower bound is higher than the cost of
electrifying the cluster with off-grid alternatives, it is clear that a grid extension will not be the
least-cost solution for the off-grid cluster. In that case, REM does not apply RNM to calculate
the grid extension's detailed network layout (this calculation accounts for the majority of the
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computation time needed to obtain the grid extension).
3.3.3.2. Calculation of LV and MV mini-grids

G

The initial prototype of REM used RNM once to calculate the network design of an individual
mini-grid, and its voltage level (i.e., LV or MV) depended on how many transformers RNM
placed in the design.
The initial strategy caused inconsistencies, such as having a mini-grid where cost decreases
when its demand increases because REM places a larger-capacity transformer instead of
several lower-capacity transformers. Figure 3-33 shows an example where REM interpreted
the network design of a mini-grid as MV because RNM includes two transformers in the
network design (left). However, the network design includes only one transformer when the
demand was multiplied by five, and REM interpreted it as an LV network design (right).

Figure 3-33: Mini-grid designs for two demand levels. Big green triangles
represent the generation sites, small green triangles represent
transformers, thick blue lines represent MV lines, thin blue lines represent
LV lines, and red dots represent consumers.
Table 3-9 includes the costs that REM's initial prototype considered for the network designs
shown in Figure 3-33. The total network cost decreases 38.30% when the demand is multiplied
by five because the first prototype of REM did not apply RNM properly to calculate the network
designs of mini-grids.
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Demand x1

Demand x5

Δ (%)

LV network cost ($/yr)

514

1,485

188.91

Distribution transformers
cost ($/yr)

759

0

MV network cost ($/yr)

1,134

0

-100

Total network cost ($/yr)

2,407

1,485

-38.30

-100

Table 3-9: Evolution of the network cost that the first prototype of REM
considered when a mini-grid demand is multiplied by five. The last column
contains the percentual increment between the first and second columns of
the table.
To avoid potential issues such as the one shown in Figure 3-33, REM now uses RNM twice
with different configuration parameters to obtain the least-cost network design for a mini-grid.
REM assumes that all the mini-grids have an LV generation system and evaluates two possible
networks:
•

LV network. REM assumes that the mini-grid has an LV distribution network.
Generation is also connected in LV, so no transformers are needed.

•

MV and LV network. REM assumes that the mini-grid has an MV network, and MV/LV
transformers with LV sub-networks to reach the consumers. Generation is assumed
to be connected at LV, so an extra MV/LV transformer is needed to feed the MV
network.

There are two additional improvements regarding the network designs of mini-grids:
- When RNM calculates an LV network design, there should be a transformer in the catalog
that can satisfy the demand of the entire mini-grid. If RNM cannot find a transformer that meets
the demand of the mini-grid, then it will gradually decrease the peak demand of the consumers
until it can obtain a solution (which may not be electrically feasible since RNM reduced the peak
demands). The current version of REM includes this transformer in the catalog when needed.
- REM always assumes that the generation site operates in LV, so it is necessary to add the
cost of an additional transformer located in the generation site to raise the voltage level in MV
mini-grids. The current version of REM includes the cost of this transformer, which was not
considered in the first prototype of REM.
3.3.3.3. More candidate connection points for grid extensions

G

The number of candidate network points considered for grid-extension designs was limited
to 10 in the first prototype of REM. It was increased to 150, and the distance between any pair
of candidate connection points has to be higher than a pre-specified threshold (100 m). The
addition of more candidate network points improved the grid-extension designs for big
clusters, which sometimes need to be connected to different lines.
Figure 3-34 shows an extension of the power grid where REM considers ten candidate
connection points, although additional connection points would be worth considering. The
already-existing MV lines are represented with black lines, and the location of the candidate
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connection points considered is highlighted with a thick black segment.

Figure 3-34: Case example with ten candidate connection points.
Figure 3-35 shows the same case example with 150 candidate connection points to the
existing power grid. The additional candidate connection points allow REM to consider several
lines to calculate the power grid extension, providing a realistic design.
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Figure 3-35: Case example with 150 candidate connection points.
Table 3-10 compares the network designs shown in Figure 3-34 and Figure 3-35. This
example illustrates the importance of adequately selecting the candidate connection points for
grid extensions because the MV network cost decreases by almost 15% when the number of
candidate connection points rises from 10 to 150.
10 candidate connection
points

150 candidate connection
points

Δ (%)

LV network cost ($/yr)

183,404

183,404

0

Distribution transformers
cost ($/yr)

171,561

171,561

MV network cost ($/yr)

205,177

175,219

0
-14.60

Table 3-10: Network designs with 10 and 150 candidate connection points.
The last column contains the percentual increment between the first and
second columns of the table.
3.3.3.4. Addition of solar kits

G

The first prototype of REM evaluates the cost of electrifying individual consumers with AC
generation systems when the model performs cost-comparisons among the hierarchical
structure of clusters, but the current version of REM can also consider DC solar kits as an
electrification alternative for individual consumers.
For low levels of demand, DC solar kits could be preferred to AC generation systems as the
electrification solution for small isolated consumers. Although AC standalone systems can
provide more energy, solar kits are more portable and less expensive, especially when it comes
to operation and maintenance costs and they could suffice for the small demands of many poor

99

households. This implies that solar kits are an option that is worth considering in an
electrification plan (Sun, 2017).
Solar kits generally meet the demand of essential household appliances, so they tend to
provide a lower level of utility to the consumer than the remaining electrification alternatives
(i.e., AC individual systems, mini-grids, and extensions of the power grid). The CNSE is critical in
solar kits, which have a low investment and operation cost (although the cost per kWh of
demand served is usually high in solar kits).
Solar kits have limitations that are not present in remaining electrification solutions. One
such limitation is their inability to handle demand growth. Extensions of the power grid and
mini-grids can cope with additional demand, reinforcing the upstream network (in the case of
grid extensions) or including additional generation modules (in the case of AC individual
systems and mini-grids) if needed. However, solar kits have a fixed generation that cannot cope
with the additional demand.
An additional limitation of solar kits is, of course, availability of supply. Solar kits, whose
components are usually a solar panel and a battery, generally provide less energy than AC
systems, and only for a few hours a day. The energy consumption of solar kits users typically
differs from their expected demand, and solar kit users adapt their electricity consumption to
the availability of energy in terms of peak energy and total available hours of use. The remaining
electrification alternatives generally do not impose such availability of supply constraints on the
users.
As a consequence of these limitations, we consider that the supply service that a solar kit
provides is different from the remaining electrification alternatives, and REM allows the user to
introduce a different non-served energy penalty only for solar kits to represent this difference.
There is an additional practical reason that justifies that solar kits use a different CNSE, which
is to allows the planner to control the penetration of solar kits in an electrification plan. The
optimal penetration of solar kits may depend on political constraints, budget restrictions, and
subsidies. This artifact allows the user to mimic these sort of objectives within the original
formulation of REM, which in principle would not allow for this.
The solar kits option is not fully compatible with a bottom-up clustering strategy because
they may break the monotonicity of the economy of scale function that makes clusters grow.
If REM applies the clustering algorithm described in section 3.2.2 (with the improvements
included in section 3.3.2), then it only considers solar kits as an electrification option in the final
designs phase (when deciding the best electrification mode of isolated consumers). Chapter 6
presents a new off-grid clustering algorithm that can handle solar kits and other constraints
that distort the monotonicity of economies of scale in generation.
Note that the comparison between solar kits and the other two delivery modes is not
straightforward. The choice of solar kits cannot be determined solely based on the single
parameter of the CNSE. It can be expensive to achieve with solar kits' reliability levels that are
comparable to those that can be more economically obtained with mini-grids or a reliable grid
connection. However, solar kits with what many households might consider an acceptable
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reliability level exist at modest prices and with attractive financing schemes. Solar kits are
individually managed without any external interference, and the availability of power can be
focused on the individual household priorities, but they generally supply low electricity intensity
appliances and their application to community or productive loads is less extended.

3.4. Case study
We apply REM (before and after the improvements) to a case study located in the region of
Cajamarca, in Northern Peru. This region has an area of approximately 400 km2, around 6,700
buildings, and several potential connection points to the projected network of 11 kV. Figure
3-36 shows a map of Peru and the Cajamarca region.

Figure 3-36: Peru map and location of the department of Cajamarca (blue
region). Map data: Google, Digital Globe, GADM 2015. Source: (GonzalezGarcia et al., 2016).
The Ministry of Energy and Mines approved the National Plan for Rural Electrification in
Peru, which considers the period 2014-2022 and has the goal of achieving universal access by
the end of this timeframe. The location of the buildings was obtained by manual identification
using imagery from Google Earth (see Figure 3-37), and the location of the projected network
of 11 kV comes from the National Rural Electrification Plan of Cajamarca.
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Figure 3-37: Location of the consumers for the case study. Map data:
Google, CNES/Airbus, Landsat/Copernicus. Source: (Ciller et al., 2019b).
The grid energy cost is 0.045 $/kWh, and the reliability of the power grid is 100% (GonzalezGarcia et al., 2016). The network catalog is based on reference (Gonzalez-Garcia et al., 2016),
where a similar case was analyzed using REM. All the consumers have the demand profile
shown in Figure 3-38, which was estimated by dividing the aggregated demand profile
presented in reference (Villanueva Saberbein and Aye, 2012) by the corresponding total
number of consumers.
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Figure 3-38: Residential demand profile. Source: (Ciller et al., 2019b).
Table 3-11 shows the off-grid generation components used in the case study. The solar
irradiance was obtained from reference (NREL, 2017), and the average diesel price is 0.5 $/l6.
Component

Model

Rated capacity(ies)

Rated voltage

Reference

Diesel generator

-

10 kW, 100 kW, 200
kW, 600 kW, and
1,500 kW

-

The data are based on
the expertise of the
UEA Lab, field trips,
and interviews

Solar panel

First Solar FS-497

97.5 W

-

(First Solar, 2017)

Battery

Lead-acid Trojan
L16RE

1,021 AH

2V

(Trojan Battery
Company, 2017)

Inverter

Sunny boy 5000TL

4.6 kW

-

(SMA Solar
Technology AG,
2017a)

Charge controller

Sunny island 6.0H

4.6 kW

-

(SMA Solar
Technology AG,
2017b)

Table 3-11: Available components for the off-grid systems.
The discount rate is 10%, and the CNSE is 1.5 $/kWh (Gonzalez-Garcia et al., 2016). Although
management costs are a substantial improvement, we set them to zero to establish a fair
comparison between REM before and after the improvements. Similarly, we do not include
solar kits in the case study.
The Improvements implemented in REM enhanced the results related to the look-up table
The average diesel price is similar to the ones we have considered in studies developed in African
countries. Although this value may seem low, it is realistic. We should note that the diesel fuel could be
subsidized, which could lead to a very inexpensive average diesel price.
6
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and the optimization of generation designs. Table 3-12 and Table 3-13 show the generation
designs for the representative combination of residential consumers calculated with REM
before and after the improvements (the technical specifications of the computer are described
in the last paragraph of section 1.5). The first prototype of REM automatically determined the
representative combinations of residential consumers, including logarithmically spaced points
up to the number of consumers of the case. However, the user determines the combinations
of residential consumers in the current version of REM so the representative combinations of
residential consumers shown in Table 3-12 and Table 3-13 are different.
Residential
consumers

Solar
capacity
(kWp)

Battery
capacity
(kWh)

Generator
capacity (kW)

Fraction of
demand
served
(p.u.)

Fraction of
demand
served with
diesel (p.u.)

Total cost
per
consumer
($/yr)

Computation
time (sec)

1

0.29

2.22

0

0.86

0

370.51

12.03

2

0.59

4.44

0

0.84

0

298.95

14.06

3

0.78

6.66

0

0.95

0

222.69

15.57

4

1.07

8.88

0

0.93

0

221.21

20.90

9

2.34

15.54

0

0.74

0

264.71

20.12

19

5.07

33.30

0

0.74

0

256.69

18.33

39

4.68

0.00

10

1

0.79

128.80

21.70

82

8.58

79.92

10

0.98

0.61

131.46

26.00

170

19.89

0.00

100

1

0.79

115.64

25.12

355

40.95

0.00

100

1

0.79

80.10

27.44

740

84.24

0.00

200

1

0.79

76.23

25.00

1,541

130.75

1,172.16

200

1

0.7

89.31

25.08

3,210

363.87

0.00

600

1

0.79

66.47

26.10

6,688

756.99

0.00

1,500

1

0.79

69.07

45.28

Table 3-12: Designs obtained with the first prototype of REM.
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Residential
consumers

Solar
capacity
(kWp)

Battery
capacity
(kWh)

Generator
capacity (kW)

Fraction of
demand
served
(p.u.)

Fraction of
demand
served with
diesel (p.u.)

Total cost
per
consumer
($/yr)

Computation
time (sec)

1

0.29

2.22

0

1

0

273.48

20.25

5

1.37

11.10

0

0.99

0

140.07

31.00

10

2.73

24.42

0

1

0

124.68

36.69

50

5.36

4.44

10

1

0.70

105.14

47.30

100

27.30

233.10

0

1

0

109.67

50.23

150

40.95

310.80

0

0.99

0

108.39

51.62

200

19.50

66.60

100

1

0.60

99.44

47.47

250

21.94

53.28

100

1

0.67

88.90

47.92

300

28.28

46.62

100

1

0.67

81.53

48.77

500

47.78

73.26

100

1

0.68

67.82

61.18

1,000

94.58

139.86

200

1

0.68

65.99

69.90

3,000

282.75

419.58

600

1

0.68

64.98

83.22

7,500

706.88

1,052.28

1,500

1

0.68

64.83

81.42

Table 3-13: Designs with the master-slave decomposition.
The unitary (per-consumer) generation costs provided in Table 3-13 do not monotonically
decrease when the number of residential consumers increases. We analyze the reasons behind
this behavior in chapter 4.
Figure 3-39 shows the generation cost per consumer that REM before and after the
improvements considers for the clustering algorithm. REM before the improvements directly
considers the generation costs shown in Table 3-12 and performs linear interpolation among
them, whereas REM after the improvements applies the first smoothing procedure described
in section 3.3.2.3.1 to the generation costs shown in Table 3-13.
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Figure 3-39: Generation costs that REM considers before and after the
improvements.
The only representative combination of residential consumers that appears in both Table
3-12 and Table 3-13 corresponds to one (isolated) residential consumer, so this is the only
generation design that is directly comparable. Table 3-14 compares the characteristics of a
generation design for an isolated consumer that REM provides before and after the
improvements. The generation design is the same in terms of capacities, although there are
significant differences regarding the total cost (which drops from 370.51 $/yr to 273.48 $/yr)
and the amount of served energy (which rises from 86% to approximately 100%). These
differences are caused by the improvements related to the dispatch strategy presented in
section 3.3.1.
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First prototype of
REM

REM after the
improvements

Δ (%)

Number of consumers

1

1

0

Peak demand (kW)

0.178

0.178

0

Average demand (kW)

0.039

0.039

0

Solar capacity (kW)

0.293

0.293

0

Battery capacity (kWh)

2.22

2.22

0

Generator capacity (kW)

0

0

-

Fraction of demand served

0.86

1

16.28

Investment and operation cost per demand served ($/kWh)

0.88

0.80

-9.09

Total cost per demand served ($/kWh)

1.09

0.81

-25.69

Total cost ($/yr)

370.51

273.48

-26.19

Table 3-14: Generation designs for an isolated consumer. The last column
contains the percentual increment between the first and second columns of
the table.
Figure 3-40 shows the daily dispatch of the generation design that the first prototype of
REM provides for an isolated consumer. The generation design meets the daily demand with
solar energy and charges the battery during the day to meet the nightly demand. However,
there are some nights where all the demand is not met.
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Figure 3-40: Daily dispatch of an isolated consumer (first prototype of
REM). The black line represents the total demand.
Figure 3-41 shows the daily dispatch of the generation design for an isolated consumer that
REM provides after the improvements. The behavior of the dispatch is very similar, although
the percentage of non-served energy has been reduced.
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Figure 3-41: Daily dispatch of an isolated consumer (REM after the
improvement). The black line represents the total demand.
The battery discharge showed in Figure 3-40 and Figure 3-41 is larger than the total demand
during nighttime to account for the mini-grid losses. It should be reminded that the solar
dispatch only shows the solar energy used to charge the battery, which depends on the charge
equations of the battery.
The generation costs have a substantial impact on the clustering solution. Figure 3-42 shows
the cumulative number of consumers per cluster for the off-grid clusters, which is significantly
different before and after implementing the improvements. 99.52% of off-grid clusters have
less than ten consumers with REM's first prototype, whereas that number drops to 15.97%
after the improvements. Similarly, 100% of off-grid clusters have less than thirty-five consumers
with REM's first prototype, and this figure drops to 55.56% after the improvements.
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Figure 3-42: Number of consumers per cluster for the off-grid clustering.
Figure 3-43 shows the cumulative number of consumers per cluster for the grid-extension
clusters, which is also significantly different. For example, 93.33% of the grid-extension clusters
have less than fifty consumers with REM's first prototype, and this figure drops to 74.31% after
the improvements. However, 94.44% of the grid-extension clusters have less than one hundred
consumers, and this figure rises to 95.83% after the improvements. This should not be
interpreted as a correct behavior of the grid-extension clustering when obtaining large clusters
in the first REM prototype: the size of some grid-extension clusters is not coherent with the
corresponding off-grid clustering, and some cascading effects kept connecting the clusters
beyond a reasonable size. The cascading effect sometimes produces significantly large clusters
(which correspond to the grid extension designs in Figure 3-44), masking the inefficient
behavior of the off-grid clustering in the first prototype of REM.
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Figure 3-43: Number of consumers per cluster for the grid-extension
clustering.
The off-grid clusters that REM provides after the improvements have more adequate sizes
and fewer generation costs than the off-grid clusters that the first prototype of REM calculates,
so they are more competitive and swift the final electrification solution towards off-grid
alternatives. Figure 3-44 shows the electrification solutions that REM provides before and after
implementing the improvements described in section 3.3. The first prototype of REM tends to
electrify consumers near the power grid with grid extensions and the consumers that are
further from the network with off-grid alternatives. However, REM provides an electrification
solution without any grid extension after implementing the improvements.
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(a)

(b)

Figure 3-44: Electrification solution provided by (a) the first prototype of
REM and (b) REM after the improvements described in this chapter.
Table 3-15 shows the cost summary of REM's electrification solutions before and after
implementing the improvements. The total annual electrification cost drops from 1,111,674
$/yr to 909,338 $/yr, which is a significant improvement.
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First prototype of REM

REM after the improvements

Mini-grids

Isolated

Grid
extension

All

Mini-grids

Isolated

Grid
extension

All

Δ All
(%)

Number of
consumers

1,425

245

5,018

6,688

6,685

3

0

6,688

0

Fraction of
consumers

0.21

0.04

0.75

1

1

0

0

1

0

Investment and
operation cost per
consumer ($/yr)

196.24

303.30

132.97

152.69

134.68

276

0

134.74

-11.76

Management cost
per consumer ($/yr)

0

0

0

0

0

0

0

0

-

CNSE per consumer
($/yr)

51.40

70.28

0

13.52

1.23

1

0

1.23

-90.90

Final cost per
consumer ($/yr)

247.64

373.57

132.97

166.22

135.9

277

0

135.97

-18.20

Total investment
and operation cost
($/yr)

279,641

74,308

667,262

1,021,211

900,309

828

0

901,137

-11.76

Total management
cost ($/yr)

0

0

0

0

0

0

0

0

-

Total CNSE ($/yr)

73,245

17,218

0

90,463

8,198

3

0

8,201

-90.93

Final cost ($/yr)

352,886

91,525

667,262

1,111,674

908,507

831

0

909,338

-18.20

Table 3-15: Electrification solution summary for the case study. The last
column contains the percentual increment between the “All” columns of the
table.
In this case study, REM calculates the generation costs of the final solution shown in Table
3-15 interpolating among the generation designs of the look-up table (which corresponds to
Table 3-12 and Table 3-13 in the cases of REM before and after the improvements,
respectively). This implies that most generation designs of the final electrification solution do
not include real, discrete generation components because the interpolation leads to
approximated designs. For example, REM (after the improvements) would provide a
generation design for a mini-grid with fifteen consumers that includes a diesel generator of
1.25 kW due to linear interpolation among the designs for ten and fifty consumers shown in
Table 3-13.
A final electrification solution with interpolated generation designs is accurate enough for
large-scale planning, where the purpose of a plan is two-fold. On the one hand, a plan should
establish the least-cost electrification mode that meets some minimum service standards in
the considered region (i.e., where the least-cost electrification solution consists of extending
the grid and where off-grid systems should be built). On the other hand, the plan should provide
a reasonable approximation to the overall cost and the bill of materials needed to accomplish
the electrification project. It is not the purpose of a large-scale plan to provide detailed
engineering designs ready for construction.
Table 3-16 shows the computation time that the main blocks of REM (see Figure 3-2) spend
in the case study (the computer characteristics are provided in the last paragraph of section
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1.5). In section 3.3.1.1, we explained that the master-slave decomposition requires more
computation time to calculate the look-up table than the initial generation sizing algorithm of
REM. This conclusion also holds for the case study.
First prototype of REM

REM after the improvements

Δ (%)

Look-up table

00:05:26

00:11:30

111.66

Clustering

00:09:22

00:05:37

-40.04

Final designs

01:04:55

00:17:36

-72.89

Table 3-16: Computation times of the case study in the format
hours:minutes:seconds. The last column contains the percentual increment
between the first and second columns of the table.
The clustering improvements presented in section 3.3.2 led to reducing the computation
time needed to calculate the clusters, which is surprising at first sight because several upgrades
raise the number of candidate connections, yielding an increase in computation time. However,
a change in incremental network costs calculations is the critical driver of the time reduction7.
Finally, the first prototype of REM needs to calculate more network designs than REM after
the improvements because the initial REM prototype provides a clustering solution with more
clusters than REM after the enhancements. Therefore, the initial REM prototype requires more
computation time to complete the final designs’ block than REM after the upgrades.
The next chapter will delve into REM’s mini-grid generation block and how discrete
generation components affect the clustering algorithm. We will present further developments
that go beyond the improvements introduced in section 3.3.1.

3.5. Conclusions
This chapter provides an overview of REM's first prototype, which is the starting point of
this thesis. The first prototype of REM presented a high-level structure, which is still present in
the current version of REM, which consists of five blocks that operate sequentially.
REM's first prototype provided inconsistent results that could not be applied in real cases,
and it was necessary to perform an in-depth analysis of the algorithms to determine the issues
behind the incoherent results. This analysis was complemented with several algorithmic
improvements.
This chapter describes the main algorithmic improvements implemented in the first
prototype of REM, turning it into a robust tool that produces reliable results. We also describe
several upgrades that expanded the capabilities of the model, such as the incorporation of solar
kits as a feasible electrification solution or the addition of multiple consumer types. The
enhancements presented in this chapter are classified according to the main algorithmic blocks
of REM.
The first REM prototype used MATPOWER (Zimmerman and Murillo-Sanchez, 2014) to calculate the
cost of lines that connected two clusters or a cluster of the power grid, but REM internally calculates the
cost of these lines after the implementation of a continuous network catalog described in section 3.3.2.3.2.
7
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We show the impact of the improvements in a realistic case study located in Cajamarca
(Peru). There is a notable improvement in off-grid generation costs: the generation cost of an
individual residential consumer decreases by 26.19% due to the dispatch change described in
section 3.3.1.2. The master-slave decomposition presented in section 3.3.1.1 also plays a
critical role (along with the dispatch change) in reducing the generation costs of the look-up
table.
Regarding the clustering of the case study, the interpolation improvements introduced in
section 3.3.2.3 ensure that the clustering avoids local minimum solutions with many small offgrid clusters (the first prototype of REM provides a clustering where 99.52% off-grid clusters
have less than ten consumers, whereas only 15.97% off-grid clusters have less than ten
consumers after the improvements).
The enhancements concerning the look-up table calculation and the clustering algorithm
lead to a remarkable improvement in the case study final electrification cost (which is reduced
by 18.2%). Although the proper use of RNM to design networks for mini-grids (section 3.3.3.2)
did not play a prominent role in the case study, we consider that is essential for the robustness
of the final electrification solutions in sensitivity analysis where the demand varies.
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“I learned that in the face of a void or in the face of any challenge, you can choose joy and
meaning.” Sheryl Sandberg

4

4

OFF-GRID GENERATION IN LARGE-SCALE
PLANNING

This chapter is a continuation of the developments presented in section 3.3.1, where we
analyzed and solved several issues present in the first prototype of REM concerning the
optimization of generation designs of off-grid systems. Further analysis allowed us to conclude
that modeling the capacities of some elements with discrete variables may lead to trouble
when REM groups the consumers into clusters. We developed two procedures to overcome
the difficulties. The content of this chapter has been published in the following paper:
Ciller, P., de Cuadra, F., Lumbreras, S., 2019. Optimizing Off-Grid Generation in Large-Scale
Electrification-Planning Problems: A Direct-Search Approach. Energies 12, 4634.
https://doi.org/10.3390/en12244634
Section 4.1 briefly describes how regional planning tools and single-system tools optimize
the generation designs of off-grid systems. Section 4.2 analyzes the drawbacks of a direct
application of the master-slave decomposition introduced in section 3.3.1.1 in regional
planning, and it presents a new smoothing method. Section 4.3 introduces a new algorithm
that REM applies to optimize the generation design of an off-grid system from scratch, which
is based on continuous variables. Results and conclusions are provided in Sections 4.4 and 4.5,
respectively.
Figure 4-1 shows how the smoothing method introduced in section 4.2 and the algorithm
based on continuous variables presented in section 4.3 fit the overall REM procedure. After
selecting the representative off-grid systems (which is now done by the user), REM can either
apply a combination of the master-slave decomposition presented in section 3.3.1.1 and the
smoothing method introduced in section 4.2 or directly use the continuous-component
implementation described in section 4.3.
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Figure 4-1: Incorporation of the smoothing method and the continuous
implementation into REM's algorithmic structure.

4.1. Generation designs
The optimization of off-grid generation designs is critical for the soundness of an
electrification plan, but most regional planning models calculate the generation capacity for
off-grid systems with methods that lack modeling accuracy. These methods provide valuable
first-pass information, but they lack the level of detail required for a sound electrification plan.
For example, Network Planner (Kemausuor et al., 2014b) sizes the generation designs with
analytical expressions based on rules of thumb, and OnSSET (Korkovelos et al., 2019; Mentis et
al., 2017a) uses analytical expressions to estimate the LCOE of off-grid systems. These models
do not consider the temporal operation of the system, neglecting the impact of seasonality in
renewable energy generation, which could be translated into periods where a significant
amount of the demand is not supplied.
On the other hand, the optimization of generation designs is a widely-studied problem from
the perspective of an individual off-grid system (Luna-Rubio et al., 2012; Upadhyay and Sharma,
2014). Some methods are based on classical optimization techniques such as Mixed Integer
Programming (MIP) (Domenech et al., 2018), whereas others apply heuristic algorithms (Brivio
et al., 2017), metaheuristic techniques (Borhanazad et al., 2014; Maleki and Askarzadeh, 2014;
Merei et al., 2013; Mohammed et al., 2018), or artificial intelligence methods (Lujano-Rojas et
al., 2013). Most methods minimize the cost of the system, although some methods include
other criteria such as minimizing carbon emissions (Tawil et al., 2018).
Several software tools optimize the generation design of a single off-grid system (Sinha and
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Chandel, 2014), being HOMER the most widely used. HOMER has been thoroughly applied both
in developed (Rahman et al., 2016) and developing countries (Al-Rubaye et al., 2018;
Gebrehiwot et al., 2019; Micangeli et al., 2017; Sen and Bhattacharyya, 2014). Other relevant
tools are DER-CAM (Hartvigsson et al., 2018), which considers a MILP formulation, and the
improved Hybrid Optimization by Genetic Algorithms (iHOGA) (Ganguly et al., 2017), which
uses a genetic algorithm.
Although some of these methods and tools are based on sophisticated optimization
techniques and detailed models, they are not directly applicable to regional planning. It is
necessary to optimize the generation designs of many mini-grids in large-scale planning, and
applying a computationally intensive approach for each design is not feasible. Single-system
methods also assume that the optimal electrification solution is an individual mini-grid that
electrifies all the consumers of the village or settlement. In contrast, the optimal number of offgrid systems and which consumers belong to each system need to be determined in regional
planning.
REM optimizes the generation designs of off-grid systems applying a method that combines
the high level of modeling detail of single-system tools with the massive electrification scope of
regional planning tools. To the best of our knowledge, there is only one regional planning
methodology that applies a similar level of modeling detail regarding generation designs
(Blechinger et al., 2019). This tool is described and analyzed in chapter 2.

4.2. A first approach to detailed regional planning
REM groups the consumers into electrification clusters minimizing the total costs of the
systems. The clustering algorithm that REM applies has two steps. In the first step (off-grid
clustering), REM assumes temporarily that only off-grid alternatives (standalone systems and
mini-grids) are the only viable electrification solutions. The best grouping of consumers into offgrid systems depends on the trade-offs between the costs involved, being the generation cost
one of them. If the estimations of the generation costs fail to capture the economies of scale
in generation equipment, then the off-grid clustering results may be far from optimal.
We now provide an illustrative example with one load type (residential) that shows the
limitations of the master-slave decomposition presented in section 3.3.1.1 for regional
planning, which is what REM essentially applied to optimize the generation designs after the
improvements presented in chapter 3. Any tool or method that aims at optimizing the
generation design with discrete generation components, such as those that deal with a single
mini-grid or village, would present the same limitations. The problems found, the solutions
proposed and the overall conclusions are fully applicable to cases with several types of loads,
but they are not used here for the sake of simplicity.
There are two diesel generators available with capacities of 10 kW and 100 kW, and the
representative mini-grids correspond to 1, 5, 10, 50, 100, 150, 200, 250, 300, and 500
residential consumers. Although the number of available diesel generators may seem low, it is
realistic. The logistics of dealing with an extensive catalog of diesel generators in a regional
planning project complicates the implementation phase, and some planners prefer to limit the
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available diesel options, purchase specific generators in bulk and benefit from volume discount
pricing.
Figure 4-2 shows the minimum cost per consumer for these representative combinations
of residential consumers, showing the partial optima obtained for the three diesel options (0,
10, and 100 kW) and the minimum cost curve (i.e., the minimum-cost design for each point).

Figure 4-2: Generation cost per consumer obtained with the discrete
algorithm. Source: adapted from (Ciller et al., 2019b).
This case illustrates two effects of having discrete diesel options. The first one is the
instability of the generation mix concerning the demand. In this case, mini-grids with less than
50 consumers do not include a diesel generator and mini-grids with a range of consumers that
lay between 50 and 100 consumers include a 10 kW diesel generator. However, mini-grids
between 100 and 150 consumers do not include the diesel generator because the 10 kW diesel
generator is too small. In comparison, the 100 kW diesel generator is too big and expensive for
this particular range of consumers. For mini-grids larger than 150 consumers, the generation
solution includes the 100 kW diesel generator.
The second effect is that the unitary generation cost is not a monotonically decreasing
function of the number of residential consumers. This second effect causes issues in the offgrid clustering of REM because the algorithm considers the trade-off between the additional
network cost and the generation and management savings (due to economies of scale) to
determine whether to join two clusters. Hence, if the management savings are small and the
generation cost per consumer starts increasing at some point, the algorithm would not find the
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best solution. In the case shown in Figure 4-2, the algorithm could stop joining clusters at sizes
of about 50 households, missing the economies of scale beyond 150 households.
To overcome this difficulty, we can smooth the generation-cost curve by adjusting the
coefficients of a family of curves that guarantee a monotonic behavior so the generation cost
per consumer always decreases when the number of consumers increases. Equation 4-1
defines this family of curves.
Pα,β,γ (x) =

α
+β
xγ

4-1

Where x is the number of residential consumers; α, β, γ are non-negative parameters that
REM adjusts, and Pα,β,γ (x) is the approximated unitary generation cost for x residential
consumers. Each curve of the form Pα,β,γ (x) is a decreasing convex function. Note that the
smooth curves must be replaced by smooth hypersurfaces in cases with more types of loads.
The curve introduced in equation 4-1 is an improvement over the initial smoothing methods
presented in section 3.3.2.3.1. The first method iteratively loops through the points of the lookup table. If the unitary generation cost of the 𝑖-th point is higher than the unitary generation
cost of the (𝑖 − 1)-th point, then the unitary generation cost of the 𝑖-th point is set to 99% of
the unitary generation cost of the (𝑖 − 1)-th point. This method does not guarantee that the
incremental reduction of the unitary generation cost decreases monotonously when the
number of residential consumers increases.8
The second method was based on a piecewise exponential function with two pieces. The
use of an exponential family of curves sometimes led to trouble. If only one exponential
function was used, then the approximation sometimes failed to capture the economies of scale
in generation for the initial points of the look-up table, which are critical. If two or more
exponential functions were used (such as in Figure 3-31), then the behavior of the piecewise
function in the neighborhoods of the hinge points (i.e., the points where two exponential
functions meet) sometimes was not smooth.
In the case study presented in this chapter, REM uses the smooth curve to determine the
off-grid clusters but not to compute the generation cost of off-grid systems in the final
electrification solution. Therefore, the use of the smooth curve in the clustering does not
involve any simplification for the final electrification solution of the case study presented in this
chapter.

4.3. The continuous-component implementation
Smoothing the cost values has some limitations. It may be difficult to smooth generation
costs if we are working on a case with several types of loads. For example, it is debatable
The savings due to economies of scale in generation are expected to decrease when the sizes of the
mini-grids grow. For example: if the number of residential consumers rises from one to two, then the unitary
generation cost should drop more than if the number of residential consumers increases from fifty to fiftyone. This property may not hold if we use the first smoothing method presented in section 3.3.2.3.1, but it
holds if we apply the smoothing method presented in this section.
8
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whether all types of loads should have equal importance when smoothing their generation
costs. Residential loads are more frequent, but productive loads have a substantial impact on
the final electrification solution.
It can be concluded from section 4.2 that modeling the capacities of diesel generators with
discrete variables is problematic. In this section, we propose a new logic for the master problem
that treats the diesel capacity as a continuous variable. When the diesel capacity is treated as
a continuous variable, the results of the master problem are not so heavily influenced by the
diesel generators available as the algorithm can interpolate among them to obtain a diesel
generator of any desired capacity.
The proposed logic for the master level performs a search by trisecting an interval (i.e.,
dividing an interval into three segments of the same length with four points), which is
shortened by discarding the diesel capacity that is further from the current best design and
trisected again. The process continues until the length of the interval is lower than a prespecified tolerance. A similar trisection procedure is applied in (Kong and Muzathik, 2012) to
determine the optimal point of the I-V and P-V characteristics of a solar panel. The slave
problem presented in section 4.2 has provided satisfactory results so far, so it has not been
necessary to modify it.
We present an illustrative example in Figure 4-3. In this case, we assume that the prespecified tolerance is 2 kW and the minimum capacity that meets the aggregated demand is
12 kW, so the boundaries of the diesel capacity are [0 kW, 12 kW]. The first set of points is
evaluated by trisecting this interval, which yields the 4 kW and 8 kW generators, and we assume
that the lowest-cost point corresponds to the 4 kW diesel generator. Hence, the highestcapacity generator (12 kW) is discarded and the second set of points is obtained trisecting the
interval [0 kW, 8 kW], which yields the 2.67 kW and 5.34 kW generators, and we assume that
the lowest-cost solution for the second set of points corresponds to the 5.34 kW diesel
generator. The lowest-capacity generator (0 kW) is therefore discarded, and the interval [2.67
kW, 8 kW] is trisected to obtain the third set of points, yielding the 4.45 kW and 6.22 kW
generators. The lowest-cost point of the third set of points is the 4.45 kW generator, which is
the final solution provided by the algorithm since |4.45-2.67| < 2.

122

Figure 4-3: Example of the continuous algorithm. The best solution for
each set of points is marked with a triangle of a wider boundary, and a
circle surrounds the final solution that the algorithm provides. Source:
(Ciller et al., 2019b).
The slave problem needs to calculate generation designs for two different diesel capacities
for each iteration since the first and the last points of the 𝑖-th set of points also belong to the
(𝑖 − 1)-th set of points. Figure 4-4 shows the flow diagram of the master problem presented
in this section.

Figure 4-4: Flow diagram of the master (continuous) problem. Source:
(Ciller et al., 2019b).
The next section presents a case study where we show that a direct application of the
master-slave decomposition presented in section 3.3.1.1 leads to an inefficient grouping of
consumers in the off-grid clustering, which reaches a local minimum. We also show that the
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smoothed curve introduced in section 4.2 and the continuous-component implementation
presented in this section enhance the clustering results.
In the case study presented in this chapter, the continuous diesel generators are only
considered to estimate the generation costs used to group the consumers into mini-grids (such
as the smoothed curve presented in section 4.2), but they are not used to calculate the
generation costs included in the final electrification solution. Therefore, continuous diesel
generators do not involve any loss of realism in the final electrification solution of the case study
presented in this chapter.
In the case studies presented in this thesis, REM calculates the generation costs of the final
electrification solution by performing a linear interpolation among the points of the look-up
table. This implies that the final electrification solution includes generation designs with
interpolated diesel generators even if the look-up table is calculated with discrete components,
which is considered accurate enough for large-scale planning.

4.4. Case study
The case study and the input parameters are very similar to the ones presented in section
3.4, so we will not provide a thorough description here. The capacities of diesel generators
available are 10 kW, 100 kW (as in the previous example in section 4.2), 200 kW, 600 kW, and
1,500 kW. The generation designs calculated correspond to 1, 5, 10, 50, 100, 150, 200, 250,
300, 500 (as in the previous example in section 4.2), 1,000, 3,000, and 7,500 residential
consumers.
Table 4-1 and Table 4-2 show the look-up table obtained with discrete and continuous diesel
capacities, respectively (Table 4-1 provides the same generation results as Table 3-13; we also
provide these results here for the sake of clarity). As shown in Table 4-1 and Figure 4-2, using
discrete capacities is translated into a non-monotonic behavior in the size of diesel generators
in the range from 50 to 200 households. In contrast, the diesel capacity increases consistently
with the number of residential consumers when handled as a continuous variable.
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Residential
consumers

Solar
capacity
(kWp)

Battery
capacity
(kWh)

Generator
capacity (kW)

Fraction of
demand
served
(p.u.)

Fraction of
demand
served with
diesel (p.u.)

Total cost
per
consumer
($/yr)

Computation
time (sec)

1

0.29

2.22

0

1

0

273.48

20.25

5

1.37

11.10

0

0.99

0

140.07

31.00

10

2.73

24.42

0

1

0

124.68

36.69

50

5.36

4.44

10

1

0.70

105.14

47.30

100

27.30

233.10

0

1

0

109.67

50.23

150

40.95

310.80

0

0.99

0

108.39

51.62

200

19.50

66.60

100

1

0.60

99.44

47.47

250

21.94

53.28

100

1

0.67

88.90

47.92

300

28.28

46.62

100

1

0.67

81.53

48.77

500

47.78

73.26

100

1

0.68

67.82

61.18

1,000

94.58

139.86

200

1

0.68

65.99

69.90

3,000

282.75

419.58

600

1

0.68

64.98

83.22

7,500

706.88

1,052.28

1,500

1

0.68

64.83

81.42

Table 4-1: Designs with discrete diesel capacities.
Residential
consumers

Solar
capacity
(kWp)

Battery
capacity
(kWh)

Generator
capacity (kW)

Fraction of
demand
served
(p.u.)

Fraction of
demand
served with
diesel (p.u.)

Total cost
per
consumer
($/yr)

Computation
time (sec)

1

0.29

2.22

0

1

0

273.48

25.53

5

1.37

11.10

0

0.99

0

140.07

146.55

10

2.73

24.42

0

1

0

124.68

203.22

50

5.36

4.44

8.9

1

0.70

100.97

261.90

100

9.75

13.32

18.8

1

0.68

87.76

343.35

150

14.63

17.76

26.8

1

0.69

81.87

323.43

200

19.50

22.20

35.7

1

0.69

79.08

356.33

250

24.38

26.64

44.7

1

0.70

76.97

365.97

300

28.28

31.08

53.6

1

0.70

74.96

389.68

500

47.78

73.26

99.1

1

0.68

67.84

397.13

1,000

85.12

139.86

178.2

1

0.69

64.70

458.40

3,000

254.48

419.58

534.6

1

0.69

63.83

508.14

7,500

636.19

1,052.28

1,336.2

1

0.69

63.63

631.48

Table 4-2: Designs with continuous diesel capacities. The pre-specified
tolerance of the continuous algorithm was set to 0.1 kW.
The continuous algorithm requires a higher computation time than the discrete algorithm
because it iterates several times until it reaches the pre-specified threshold (0.1 kW in this case
study, the characteristics of the computer are described in the last paragraph of section 1.5).
The initial iteration evaluates four diesel generators, whereas each additional iteration requires
the evaluation of two additional diesel generators. The discrete algorithm only needs to
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evaluate a reduced number of diesel generators in this case study (six diesel generators at most,
including the no-diesel solution).
The computation time is still manageable with the continuous algorithm, although it could
be reduced with parallel computing (i.e., several generation designs could be optimized
simultaneously as the optimization of one generation design is independent of the optimization
of the remaining ones).
Figure 4-5 shows the minimum cost design curve (obtained with the master-slave
decomposition described in section 3.3.1.1 and performing linear interpolation), the smoothed
curve (obtained applying the procedure described in section 4.2 to the minimum cost design
curve) and the continuous results (obtained with the method presented in section 4.3 and
performing linear interpolation). The continuous implementation captures better the trend of
economies of scale in generation.

Figure 4-5: Generation cost obtained with the master-slave
decomposition presented in section 3.3.1.1 and the methods described
in sections 4.2 and 4.3. Source: (Ciller et al., 2019b).
Figure 4-6 and Figure 4-7 show the cost breakdown of the generation designs obtained with
discrete and continuous diesel capacities, respectively. As expected, designs that include a
diesel generator have an Operational Expenditure (OPEX) that accounts for a much more
significant amount of the generation cost (the OPEX of diesel generators accounts for a much
larger percentage of the total cost than the OPEX for solar panels and batteries). This effect
especially stands out in Figure 4-6 as the design for 50 consumers includes a 10 kW diesel
generator but designs for 100 and 150 residential consumers do not include a diesel generator.
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Figure 4-6: Generation costs obtained with the discrete algorithm.
Source: (Ciller et al., 2019b).

Figure 4-7: Generation costs obtained with the continuous algorithm.
Source: (Ciller et al., 2019b).
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Figure 4-8 shows the sizes (number of consumers) of off-grid clusters obtained with discrete
diesel capacities, the corresponding smooth curve, and continuous diesel capacities. The offgrid clusters obtained with the smooth curve and continuous generators are similar, but they
are significantly different when generation costs are estimated directly from a look-up table
calculated with discrete diesel capacities.

Figure 4-8: Histogram that shows the number of clusters for each cluster
size obtained with the different generation algorithms. There are also
fourteen clusters with more than 100 consumers in the smoothed case
(the biggest one has 965 consumers) and twelve clusters with more than
100 consumers in the continuous case (the biggest one has 813
consumers), which are not shown for the sake of clarity. Source: (Ciller et
al., 2019b).
All electrification clusters have less than 100 consumers when generation designs are
obtained with discrete diesel capacities. In this case, the generation design for 100 residential
consumers has a higher cost per consumer than the generation design for 50 consumers. This
causes the clustering algorithm to reach a local optimum, and large mini-grids with low unitary
generation costs are never created. This issue, however, does not happen when the smoothed
curve or continuous diesel capacities are used. Indeed, there are a few off-grid clusters with
almost 1,000 residential consumers in those cases (beyond this point, the economies of scale
in generation are negligible).
The off-grid clusters have a strong impact on the electrification solution. Figure 4-9 shows
the electrification solutions obtained when the generation costs used to calculate the off-grid

128

clusters are obtained with discrete capacities, the smoothed curve, and continuous capacities.
All the solutions use mini-grids to electrify most consumers. Still, their number of consumers is
significantly lower when discrete diesel capacities are considered to calculate the off-grid
clusters.

(a)

(b)

(c)

Figure 4-9: Electrification solutions where off-grid clusters are calculated
with (a) discrete diesel capacities, (b) the smoothed curve, and (c)
continuous diesel capacities. Source: (Ciller et al., 2019b).
Table 4-3 shows the electrification costs obtained with the methods described in this
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chapter. The generation costs of the off-grid systems that appear in Figure 4-9 are calculated
using the generation cost curve based on discrete components to establish a fair comparison
among the three methods (i.e., the smoothed curve and the continuous-component
implementation are only applied to calculate the off-grid clusters). REM calculates the
generation costs of the final solution with the generation designs of Table 4-1, interpolating
among the generation designs optimized from scratch when needed (as in the case study
presented in section 3.4).
Consumers grouped
considering discrete diesel
capacities

Consumers grouped
considering the smoothed
curve

Consumers grouped
considering continuous diesel
capacities

Minigrids

Isolated

All

Minigrids

Isolated

All

Minigrids

Isolated

All

Number of
consumers

6,629

59

6,688

6,674

14

6,688

6,644

44

6,688

0

0

Fraction of
consumers

0.99

0.01

1

1

0

1

0.99

0.01

1

0

0

CAPEX per
consumer
($/yr)

76.28

108.24

76.56

77.35

108.24

77.41

74.26

108.24

74.48

1.11

-2.72

OPEX per
consumer
($/yr)

54.89

167.46

55.89

47.72

167.46

47.97

48.78

167.46

49.56

-14.17

-11.33

CNSE per
consumer
($/yr)

0.97

0.85

0.97

0.63

0.85

0.63

0.57

0.85

0.57

-35.05

-41.24

Final cost
per
consumer
($/yr)

132.15

273.48

133.39

125.70

273.48

126.01

123.61

273.48

124.60

-5.53

-6.59

Total
CAPEX
($/yr)

505,677

6,386

512,063

516,232

1,515

517,747

493,385

4,762

498,147

1.11

-2.72

Total OPEX
($/yr)

363,886

9,880

373,766

318,479

2,344

320,823

324,096

7,368

331,465

-14.16

-11.32

Total CNSE
($/yr)

6,444

50

6,494

4,210

12

4,222

3,799

37

3,837

-34.99

-40.91

Final cost
($/yr)

876,006

16,135

892,141

838,920

3,829

842,749

821,281

12,033

833,313

-5.54

-6.59

Fraction of
demand
served
(p.u.)

0.998

0.998

0.998

0.999

0.998

0.999

0.999

0.998

0.999

0.10

0.10

Cost per
kWh of
demand
served
($/kWh)

0.387

0.804

0.391

0.369

0.804

0.37

0.363

0.804

0.366

-5.37

-6.39

Δ All
Δ All
(smoothed) (continuous)

Table 4-3: Electrification solution summary for the three different
generation algorithms. The last column contains the percentual increment
between the “All” columns of the discrete and continuous diesel
components cases. The penultimate column contains the percentual
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increment between the “All” columns of the discrete diesel components and
the smoothed curve cases.
As expected, the final electrification cost is higher when REM calculates the off-grid clusters
considering discrete diesel capacities, and it is lower when REM calculates the off-grid clusters
considering continuous diesel capacities. Although the exact numbers depend on the network
or generation catalog, the crucial point is to notice that grouping the consumers into mini-grids
using generation costs based on a model with only discrete generation components may be
problematic.
Table 4-4 provides the computation times that REM’s main algorithms spend in the cases
presented in this section (the computer characteristics are provided in the last paragraph of
section 1.5). As we already mentioned, the use of continuous diesel generators involves an
increase in computation time in this case study (although the time is still manageable and could
be reduced with techniques such as parallel computing if needed).
Consumers
grouped
considering discrete
diesel capacities

Consumers
grouped
considering the
smoothed curve

Consumers
grouped
considering
continuous diesel
capacities

Δ smoothed
(%)

Δ continuous
(%)

Look-up table

00:11:30

00:11:30

01:13:54

0.00

542.61

Clustering

00:01:14

00:00:47

00:00:59

-36.49

-20.27

Final designs

00:27:52

00:08:33

00:12:30

-69.32

-55.14

Table 4-4: Computation times of the cases in the format
hours:minutes:seconds. The last column contains the percentual increment
between the first and third columns of the table. The penultimate column
contains the percentual increment between the first and second columns of
the table.
The clustering process spends similar computation times in the three cases, which is logical.
Finally, the final designs’ submodule requires more computation time when consumers are
grouped considering discrete diesel capacities than in the remaining cases due to the different
number of off-grid clusters (see Figure 4-8). An increase of off-grid clusters leads to a rise in
computation time because REM needs to calculate a detailed network design for each off-grid
cluster.

4.5. Conclusions
In this chapter, we introduced further developments of the content presented in section
3.3.1, which deals with the optimization of generation designs in off-grid systems and presents
solutions to some issues of the first prototype of REM. An analysis introduced in this chapter
studies the consequences of modeling with discrete variables the capacities of generation and
storage components. It can be concluded that components with discrete behavior could distort
economies of scale in generation, which leads to a problematic behavior of the off-grid
clustering.
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The chapter introduced two procedures that mitigated the impact of components with
discrete behavior on the off-grid clustering of REM. The first one approximated the generation
costs with a smooth curve, and the second one modeled the capacity of elements that could
alter the economies of scale with continuous variables. Both methods ensured that larger minigrids benefited from economies of scale in generation when grouping the consumers into minigrids, but the method based on continuous variables was directly applicable to cases with
several types of loads.
The case study shows that a straightforward application of any model based only on discrete
components (such as single-system methods or tools) could lead to suboptimal solutions when
clustering the consumers into off-grid systems. We can conclude that the two procedures
introduced in this chapter led to the better grouping of consumers into mini-grids.
Regarding additional developments, the method presented in this chapter has two
significant limitations. Firstly, the number of generation technologies was limited to solar
panels and diesel generators, and renewable energies such as wind or hydro should be included
in future developments. However, the addition of generation technologies involves dealing
with more dimensions when optimizing the generation design of an off-grid system from
scratch, which would increase the computation time. Secondly, demand profiles are
considered deterministic input parameters, whereas there is much uncertainty about demand
in developing countries. Hence, future work should aim at developing a more robust method
that can deal with uncertainties.
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“Once again I had to put myself in a vulnerable position in order to become stronger.”
Cédric Villani

5

5

ESTIMATION OF THE NETWORK COST IN
MINI-GRIDS

The first part of this thesis (chapter 3 and chapter 4) focused on turning the initial prototype
of REM into a robust tool that provided consistent results. It took substantial efforts to
scrutinize the algorithms of the model, finding the most critical issues, and overcoming them.
This chapter initiates the second part of the thesis, where we focus on developing new
algorithms from scratch. REM uses a look-up table to store the generation costs of a reduced
number of off-grid systems, and the generation costs of the remaining off-grid systems can be
interpolated in the clustering algorithm. It is very logical to wonder if REM could apply a similar
procedure with the network costs, optimizing from scratch the network layout of a few systems
and somehow using the corresponding results to estimate the network costs of the remaining
systems in the clustering.
We explored several ideas until we developed a satisfactory method that calculates a “lookup table” for the network costs of LV mini-grids, which is presented in this chapter. The method
provides very accurate estimations of the network costs, and it is applied in chapter 6 to
develop a new off-grid clustering algorithm.
The content of this chapter comes from the following paper:
P. Ciller et al., Network cost estimation for mini-grids in large-scale rural electrification
planning. Under preparation.
This chapter is structured as follows. Section 5.1 briefly describes some network
optimization methods and tools. Section 5.2 describes the mini-grid metrics that could be
useful in estimating network cost, and section 5.3 presents the network cost estimation
method. Section 5.4 introduces a case study, and the results of our method are compared with
an estimation aligned with the methods of regional planning tools. Section 5.5 includes the
conclusions as well as suggestions for additional developments.
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5.1. Network optimization tools and methods
There is plenty of literature related to the optimization of network designs in distribution
network planning (Georgilakis and Hatziargyriou, 2015), although these methods were not
explicitly designed for planning in underserved regions. One such example is RNM, which REM
applies to design distribution networks for mini-grids and extensions of the power grids. RNM
was designed to determine appropriate remuneration figures for electric power distribution,
and it took some effort (see section 3.2.3) to use it as a subroutine in REM.
Other distribution network models (Gómez et al., 2013) are similar to RNM, although they
generally do not include topographical considerations such as forbidden zones in the
optimization process. Most distribution network models apply heuristic methods or
metaheuristic techniques, and the use of classical optimization techniques is limited to small
networks as the optimization of a distribution network is a computationally-intensive process.
ANETO (Garcia Conejo et al., 2007) and Network Performance Assessment Model (NPAM)
(Larsson, 2005) are distribution network models that are similar to RNM, and they include the
usual electric constraints in their calculations.
Some tools calculate the network design of a single off-grid system, which is generally an
underserved village or settlement. ViPOR is a tool that calculates the network of an individual
mini-grid by applying a simulated annealing algorithm (Lambert and Hittle, 2000). Reference
(Steve Nolan et al., 2017) presents a method that calculates the network layout of a mini-grid
in the context of rural electrification. However, the scope of these methods is limited to small
mini-grids, and it is unclear if they could be directly extrapolated to regional planning.
Few methods in the literature aim at large-scale network cost optimization in rural
electrification planning. Reference (Kocaman et al., 2012) introduces a technique that
optimizes from scratch an MV and LV distribution network, calculating the location of the
transformers. This technique applies heuristic algorithms based on geometrical considerations,
but it does not include electric notions such as power flows or voltage drops.
Regional planning models presented in chapter 2 generally estimate the network costs of
mini-grids and grid extensions with analytic expressions or geometric calculations based on the
computation of MSTs. They generally provide fast results at the expense of not considering
electric constraints (such as power flows or maximum voltage drop allowed) and topographical
restrictions (such as forbidden zones and terrain altitudes). These tools usually consider only
one line and transformer for each voltage level, limiting the scope of the results severely.
Oppositely, REM accurately calculates the distribution network layout and its corresponding
costs for each grid extension design and mini-grid, providing very detailed information at the
expense of substantial computation time. REM cannot afford to optimize the network layout
of each potential mini-grid and grid extension that the clustering algorithm evaluates, and the
model uses quick estimations based on distances and peak demands of clusters. Experience
has shown that these estimations are not always accurate, and it is useful to devote effort to
improve them.
The rest of this chapter presents a “look-up-table” methodology that captures how the
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network cost of LV mini-grids behaves without optimizing all the network layouts from scratch.
The method selects a set of representative candidate mini-grids, optimizes their networks using
RNM, and uses this information to estimate the network cost of the remaining mini-grids.

5.2. Mini-grid metrics
This section describes the metrics that our method considers. The metrics capture the
electric and geometric properties that we expect to be representative of the network cost of a
mini-grid. Our method does not necessarily use all the metrics described in this section, but it
selects the ones that are better estimators of the network cost for each case study.
If several mini-grids are very similar in terms of consumers and demand, they could have
similar network costs. Figure 5-1 provides an illustrative example, showing the distribution
network of several mini-grids, which have been labeled 1, 25, and 82 in the example. Mini-grids
1 and 25 are very similar (same number of consumers, same demand, and very similar spatial
distribution of consumers), and mini-grid 82, although different, could have a similar network
cost.

Candidate
Mini-grids

1

2

25

81

82

Figure 5-1: Example with similar mini-grids. The black dots in the network
layouts represent the consumers. The green triangles represent the
generation sites, and the green lines represent the LV distribution
network.
There is a clear correlation between several metrics of a mini-grid and its network cost. If
we compare two mini-grids that are identical in every aspect but peak demand, then the one
with the greater demand is expected to have a higher network cost. Similarly, if we account for
the network cost of two mini-grids that only differ in the location of their consumers, then the
one with more dispersed consumers is expected to be more expensive. Size and demand are,
therefore, two important cost drivers that our method considers.
However, the network cost of a mini-grid does not change if we move all its consumers a
certain distance or if we rotate them around a certain point. The following properties formalize
these intuitive ideas about the metrics:
Cost-monotonicity: when the metric increases its value, the network cost also increases or
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stays at the same level. All the metrics considered satisfy this property.
Translation-invariance: the network cost of a mini-grid does not change if all the consumers
of that mini-grid are translated a specific distance in the same direction. All the metrics satisfy
this property.
Rotation-invariance: the network cost of a mini-grid does not change if all its consumers are
rotated a specific angle around the same point.
Scale-monotonicity: If we scale a mini-grid so that its consumers are more disperse, network
cost will increase so the values of the metrics should also increase. All the metrics satisfy this
property.
Table 5-1 presents the metrics, which are described in the remainder of this section.
Type

Variable
Electric moments (central)

Electric

Electric moments (rotation)
Aggregated and peak demand
Minimum-spanning-tree length

Spatial
Minimal area rectangle (min{width, height}, area, perimeter)
Other

Number of consumers

Table 5-1: Mini-grid metrics.

Electric Metrics
In this section, we briefly introduce the electric metrics that our method considers. These
metrics include the electric central moments, the electric rotation moments, and the demandrelated metrics.
5.2.1.1. Electric Moments (central)
The (𝑝, 𝑞) central electric moment is defined by the expression:
𝜇𝑝,𝑞 = ∬(𝑥 − 𝑥̅ )𝑝 (𝑦 − 𝑦̅)𝑞 𝑓(𝑥, 𝑦) 𝑑𝑥𝑑𝑦

5-1

Where the integral limits are given by the boundaries of the mini-grid and 𝑓(𝑥, 𝑦) is the
peak demand of the consumer (𝑥, 𝑦). In practice, we have a discrete number of consumers 𝑐
so the integral becomes a summation when computing the moments.
𝑖=𝑐

𝜇𝑝,𝑞 = ∑(𝑥𝑖 − 𝑥̅ )𝑝 (𝑦𝑖 − 𝑦̅)𝑞 𝑃𝑖

5-2

𝑖=1

The (𝑛 + 1) moments of order 𝑛 are given by the solutions of the equation 𝑛 = 𝑝 + 𝑞,
being 𝑝, 𝑞 nonnegative integers. The moments of odd order decrease when a consumer with
negative coordinates (−𝑥, −𝑦) is included in a mini-grid. This causes undesired effects since
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there is no difference in the final network cost between adding a consumer with coordinates
(𝑥, 𝑦) or (−𝑥, −𝑦) to a symmetric (with respect to the origin of coordinates) mini-grid.
Therefore, all moments of odd order and moments of even order where variables have an odd
exponent do not satisfy the cost-monotonicity property, and we do not consider them useful
predictor variables.
Hence, we include only the central moments of even orders where all the variables have
even exponents. In practical terms, it is enough to include central moments of orders 2, 4, and
6. The inclusion of additional central moments does not tend to improve the accuracy of the
models and generally produces collinearity among the variables.
The central moments included meet all the properties described in this section except
rotation invariance. The electric rotation moments are included to compensate for that.
5.2.1.2. Electric Moments (rotation)
Reference (Ming-Kuei Hu, 1962) introduces the rotation moments for image recognition,
and they are translation and rotation invariant.
𝐼1 = 𝜇2,0 + 𝜇0,2
2
𝐼2 = (𝜇2,0 − 𝜇0,2 )2 + 4𝜇1,1

5-3
5-4

𝐼3 = (𝜇3,0 − 3𝜇1,2 )2 + (3𝜇2,1 − 𝜇0,3 )2

5-5

𝐼4 = (𝜇3,0 + 𝜇1,2 )2 + (𝜇2,1 + 𝜇0,3 )2

5-6

𝐼5 = (𝜇3,0 − 3𝜇1,2 )(𝜇3,0 + 𝜇1,2 )[(𝜇3,0 + 𝜇1,2 )2 − 3(𝜇2,1 + 𝜇0,3 )2 ] + (3𝜇2,1
− 𝜇0,3 )(𝜇2,1 + 𝜇0,3 )[3(𝜇3,0 + 𝜇1,2 )2 − (𝜇2,1 + 𝜇0,3 )2 ]

5-7

𝐼6 = (𝜇2,0 − 𝜇0,2 )[(𝜇3,0 + 𝜇1,2 )2 − (𝜇2,1 + 𝜇0,3 )2 ] + 4𝜇1,1 (𝜇3,0 + 𝜇1,2 )(𝜇2,1
+ 𝜇0,3 )

5-8

𝐼7 = (3𝜇1,2 − 𝜇3,0 )(𝜇3,0 + 𝜇1,2 )[(𝜇3,0 + 𝜇1,2 )2 − 3(𝜇2,1 + 𝜇0,3 )2 ]
+ (𝜇0,3 − 3𝜇2,1 )(𝜇2,1 + 𝜇0,3 )[3(𝜇3,0 + 𝜇1,2 )2
− (𝜇2,1 + 𝜇0,3 )2 ]

5-9

Reference (Flusser, 2000) highlights that these moments are do not form a complete or
independent basis and adds another third-order rotation moment:
𝐼8 = 𝜇1,1 [(𝜇3,0 + 𝜇1,2 )2 − (𝜇0,3 + 𝜇2,1 )2 ] − (𝜇2,0 − 𝜇0,2 )(𝜇3,0 + 𝜇1,2 )(𝜇0,3
+ 𝜇2,1 )

5-10

Since 𝐼1 is a linear combination of electric central moments of order two we will not consider
it as a candidate variable, and we will include the remaining rotation moments 𝐼2 − 𝐼8 . The
rotation moments included meet all the properties described in this section.
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5.2.1.3. Demand
Although the peak demands of individual consumers are already considered in the
calculation of electric moments, the aggregated and peak demands of a mini-grid may provide
valuable information, and they are included in the metrics considered. The demand-related
metrics included meet all the properties described in this section.

Spatial Metrics
In this section, we briefly describe the spatial metrics that our method considers. These
metrics include the MST length and several metrics related to the minimal area rectangle.
5.2.2.1. Length of the MST
The length of the MST linking all consumers is calculated with the consumers of the minigrid and the generation site located at the demand-weighted center of the mini-grid (REM
always locates the generation site at this spot). This metric meets all the properties described
in this section.
5.2.2.2. Minimal Area Rectangle
The term Minimal Area Rectangle (MAR) refers to the rectangle of minimum area that
contains all the consumers of the mini-grid. The main geometric attributes of the minimum
rectangle of a set of points (consumers) are rotation-invariant, translation-invariant, and scalevariant, meeting all the desirable properties that we identified beforehand. Besides, any
increase in these metrics should lead to a more substantial network cost. Figure 5-2 shows an
example with several points and their corresponding MAR.
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Figure 5-2: Minimal area rectangle example.
MAR is sensitive to extreme values. The example provided in Figure 5-2 has one extreme
value with coordinates (50, 150) that increases the values of its area and perimeter significantly.
Since the perimeter depends linearly on the width and the height of the rectangle, the metrics
considered include area, perimeter, and the minimum between its height and width.

Other metrics
This section describes additional metrics that are useful to consider. For the time being, the
only metric that belongs to this section is the number of consumers of the mini-grids.
5.2.3.1. Number of consumers
We included several metrics that measure the “size” of a mini-grid (such as the length of
the MST or the aggregated demand). The number of consumers of a mini-grid is an additional
metric correlated to its size, and it is also considered. This metric meets all the properties
described in this section.

5.3. Method
Our method assumes that all mini-grids deploy an LV distribution network, which is
consistent with the usual regional planning results. Our method also assumes that the
topographical features of the terrain are not critical in the cost of the distribution networks (i.e.,
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for the time being, our method does not explicitly consider the impact of topography). Figure
5-3 shows a flow chart of the method, which follows three sequential steps. The first step is
network assignment, which calculates the number of linear regression models needed and
assigns the mini-grids to the models (a data point represents each one). The second step is
clustering, which applies a k-medoids algorithm to obtain a set of representative mini-grids for
each linear regression model. The final step is the calibration of linear models, which calculates
network designs for the representative mini-grids, and determines the metrics and coefficients
of the linear regression models.

Figure 5-3: Flow diagram of the network cost estimation algorithm.
One advantage of using several linear models to estimate the network cost of the mini-grids
is that our method can select different metrics and coefficients for each linear model.
For example, a linear model with small mini-grids that supply only residential consumers
could consider only the length of the MST of the mini-grids to estimate their network cost
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accurately. However, another linear model that estimates the network cost of large mini-grids
that include productive loads could also include several electric metrics to capture the impact
of productive loads and provide accurate estimations of the network costs.
Even if the metrics of several linear models are the same, their coefficients will be different,
and the cost estimation will be better than the one obtained with a single linear model. The
rest of this section describes our method in detail.

Network assignment: determination of the number of models to fit and
their correspondence with particular mini-grids
The network assignment step determines the number of linear regression models to use,
and it distributes all mini-grids of the case study among the models. Two mini-grids are assigned
to the same linear model if and only if their network costs are of the same order of magnitude.
One way of achieving this is to ensure that the quotient between the lengths of the MSTs of
any pair of mini-grids that belong to the same model is lower than or equal to a threshold 𝑄.
Equation 5-11 forces this constraint for each model 𝑛 ∈ {1, 2, … , 𝑁}:
𝑚𝑎𝑥(𝑙𝑒𝑛𝑔𝑡ℎ(𝑀𝑆𝑇𝑛 ))
≤𝑄
𝑚𝑖𝑛(𝑙𝑒𝑛𝑔𝑡ℎ(𝑀𝑆𝑇𝑛 ))

5-11

Where 𝑀𝑆𝑇𝑛 refers to the MSTs of the networks assigned to the 𝑛 − 𝑡ℎ model. The total
number of models 𝑁 depends on each case and must be calculated. Let 𝑢 and 𝑈 be the
minimum and maximum lengths of all the MSTs (in km), respectively. We consider the
sequence:
{𝑢, 𝑄 ∙ 𝑢, 𝑄 2 ∙ 𝑢, … , 𝑄 𝑁−1 ∙ 𝑢, 𝑄 𝑁 ∙ 𝑢}

5-12

It is clear that the quotient between any pair of consecutive terms in the sequence is equal
to 𝑄, so 𝑁 linear models are necessary and sufficient9 as long as 𝑁 is the minimum natural
number that satisfies equation 5-13:
𝑈 ≤ 𝑄𝑁 ∙ 𝑢

5-13

Dividing both sides by 𝑢 and taking logarithms yields:
𝑙𝑜𝑔𝑄 (𝑈/𝑢) = 𝑙𝑜𝑔𝑄 (𝑈) − 𝑙𝑜𝑔𝑄 (𝑢) ≤ 𝑁

5-14

9 If equation 5-13 holds and 𝑁 is the minimum natural number that satisfies equation 5-13, then
we have 𝑢 < 𝑄 ∙ 𝑢 < 𝑄 2 ∙ 𝑢 < ⋯ < 𝑄 𝑁−1 ∙ 𝑢 < 𝑈 ≤ 𝑄 𝑁 ∙ 𝑢 and we could group the mini-grids in 𝑁 linear
models whose MST lengths lie in the ranges [𝑢, 𝑄 ∙ 𝑢), [𝑄 ∙ 𝑢, 𝑄 2 ∙ 𝑢),…, [𝑄 𝑁−1 ∙ 𝑢, 𝑄 𝑁 ∙ 𝑢]. Similarly, if
equation 5-13 does not hold we would need at least 𝑁 + 1 linear models to group all the mini-grids
ensuring that equation 5-11 is satisfied.
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So equation 5-15 provides the minimum number of linear models needed in terms of 𝑈, 𝑢
and 𝑄.
𝑁 = ⌈𝑙𝑜𝑔𝑄 (𝑈) − 𝑙𝑜𝑔𝑄 (𝑢)⌉

5-15

Where ⌈𝑥⌉ is the lowest integer that is greater than or equal to 𝑥. However, equation 5-15
implies that the number of models tends to infinite if 𝑢 tends to zero, so equation 5-15 is only
applied if 𝑢 ≥ 1/𝑄 to avoid potential trouble. Otherwise, the number of models is determined
considering that a linear model could cover the range of MST lengths [𝑢, 1], and 𝑁 − 1 models
could cover the range [1, 𝑈]. Equation 5-15 is applied to the range [1, 𝑈] to determine 𝑁 − 1,
which yields:
𝑁 = ⌈𝑙𝑜𝑔𝑄 (𝑈) − 𝑙𝑜𝑔𝑄 (1)⌉ + 1 = ⌈𝑙𝑜𝑔𝑄 (𝑈)⌉ + 1

5-16

Equation 5-16 is also valid if 1/𝑄 < 𝑈 ≤ 1 because in that case only one model is needed
to cover the range [𝑢, 𝑈] ⊂ [𝑢, 1], and ⌈𝑙𝑜𝑔𝑄 (𝑈)⌉ = 0 so 𝑁 is set to the correct value. If 𝑈 ≤
1/𝑄, then 𝑁 is directly set to 1. Equation 5-17 comprises all the expressions used to calculate
𝑁 in terms of 𝑈, 𝑢 and 𝑄.
⌈𝑙𝑜𝑔𝑄 (𝑈) − 𝑙𝑜𝑔𝑄 (𝑢)⌉ 𝑖𝑓 𝑈 > 𝑢 ≥ 1/𝑄
𝑁 = { ⌈𝑙𝑜𝑔𝑄 (𝑈)⌉ + 1
𝑖𝑓 𝑈 > 1/𝑄 > 𝑢
1
𝑖𝑓 1/𝑄 ≥ 𝑈 > 𝑢

5-17

Once the number of models has been determined, the mini-grids are distributed among the
linear models. This process initializes each model with the same number of mini-grids. It
calculates the quotients between the maximum and minimum lengths of MSTs for each model
and, for those models that do not satisfy equation 5-11, it reassigns mini-grids from the closest
models (if they meet equation 5-11) to reduce their quotient. This process goes on iteratively
until equation 5-11 holds for each model (the first model may not be forced to satisfy this
equation if 𝑢 < 1/𝑄 < 𝑈). Figure 5-4 shows a stylized flow diagram of the network
assignation.
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Figure 5-4: Stylized flow diagram of the network assignment.
The threshold 𝑄 is set to ten in the case study (Weisstein, 2019), although other values are
possible because equation 5-11 implicitly assumes that there is a perfect linear correlation
between the MST and the network cost, which is not true (although the correlation is usually
very high). Setting 𝑄 to a value slightly lower than ten could mitigate the impact of this
assumption because the maximum cost difference among the mini-grids that belong to the
same linear model would be reduced.

Clustering (k-medoids)
Once the algorithm has assigned the mini-grids to linear models, the clustering step obtains
a representative set of mini-grids for each linear model. Detailed network designs are
calculated later for representative mini-grids, so the outcome of the clustering should be real
mini-grids that exists in the case study. To that end, the clustering step applies a k-medoids
algorithm, which also turns out to be more robust to outliers than other methods such as kmeans (Razavi Zadegan et al., 2013).
There are several implementations of the k-medoids algorithm in the literature. The
Partitioning Around Medoids (PAM) calculates an initial solution, and then performs all possible
swaps among medoids and non-medoids to improve the solution (Kaufman and Rousseeuw,
1990). The main drawback of PAM is that it is a computationally-intensive process that does
not perform well when dealing with large datasets. Clustering for LARge Applications (CLARA)
tries to overcome this drawback by applying PAM only on a reduced sample of the original
dataset, trading optimality for computation speed. The Clustering LARge Applications based on
RANdomized Search (CLARANS) also samples only a part of the original dataset, but the sample
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is not selected beforehand (Ng and Jiawei Han, 2002).
Our method applies the Matlab build-in function to perform the k-medoids algorithm
(MathWorks, 2014), which uses the PAM algorithm if the number of input points is lower than
3,000. If the number of input points is between 3,000 and 10,000, then it applies a method
based on reference (Park and Jun, 2009). If the number of input points is larger than 10,000,
then it evaluates a subset of the data following a procedure similar to CLARANS.
K-medoids is applied several times with an increasing number of clusters, and the sum of
point-to-medoid distances are computed. The process stops when the marginal gain of
increasing the number of clusters drops below a pre-established threshold (Bholowalia, 2014).
The clustering step always considers the length of the MST (a representative spatial metric)
and the aggregated demand (a representative electric metric) to determine the representative
mini-grids. These two metrics are since they are measured with different units. The length of
the MST is scaled with the average cost of the LV lines of the catalog, which is a reasonable
estimation of how much the network cost would increase for a given increment of the MST
length. The aggregated demand is scaled by an estimation of the network cost per kWh in the
analysis region, which could be obtained by expert advice or looking at previous reports or
publications that deal with electrification planning projects in the corresponding region.

Calibration of linear models
This step calculates accurate network designs for the representative mini-grids using RNM,
and it determines the most representative metrics for each model and their coefficients
applying hierarchical regression (Pedhazur, 1997), which has been successfully applied in many
fields (Megherbi et al., 2006; Moller et al., 2003).
This technique starts with an initial linear model and adds blocks of variables sequentially.
The process continues until the addition of variables does not improve the model, or there are
no more variables to add. The hierarchical levels determine the order followed to include
variables in the model: the first hierarchical level corresponds to the initial linear model, the
second level contains the first block of variables added to the model, and so on.
The expertise of the analyst plays a critical role in hierarchical regression, as he or she needs
to determine which variables are assigned to each hierarchical level. The most relevant
variables should be included in the initial levels, and the less important ones should be
incorporated in later stages.
We also considered applying stepwise regression, which is a similar procedure that starts
with an initial linear model, and variables are introduced or removed sequentially. In stepwise
regression, the sequential order of variables is determined by their statistical significance (i.e.,
the computer determines the order by calculating p-values).
Results are hard to replicate with stepwise regression, as small variations in the dataset
could lead to different regression models (Lewis, 2007). This would be a significant issue since
we are obtaining our representative networks with a k-medoids algorithm (whose outcome
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may depend on the initial solution).
Table 5-2 shows the variables included in each hierarchical level (a hierarchical level also
includes all the variables of the previous levels).
Hierarchical level

Variables added

1

Length of the MST

2

Number of consumers

3

Central moments of order 2

4

Central moments of order 4

5

Central moments of order 6

6

Minimum area rectangle metrics

7

Aggregated demand

8

Rotation moments

Table 5-2: Models used in the hierarchical regression.
We consider the length of the MST as the most relevant variable, followed by the number
of consumers of the mini-grid and its central moments, which are grouped by their order. In
this way, levels 1-5 include the spatial, electric, and “other” metrics that we consider
paramount. Levels 6-8 include the remaining metrics.
To avoid collinearity, our method applies the Belsley collinearity test (Belsley et al., 1980)
and removes the collinear variables from their corresponding hierarchical level. We also
compute the p-values to check at which point it is not worth adding more variables to the
model.

5.4. Case study
This section presents an application to a case study located in Rwanda, comparing the exact
network cost of mini-grids with the approximation that our method provides. The location of
the consumers and their demand profiles are based on the case presented in (Rwanda Energy
Group (REG), 2019). The location of residential consumers was obtained combining
information from the HRSL (Facebook Connectivity Lab and Center for International Earth
Science Information Network - CIESIN - Columbia University, 2016), a report from SOFRECO
(SOFRECO, 2013), and the expected population growth for 2024 (National Institute of Statistics
of Rwanda (NISR) and Ministry of Finance and Economic Planning (MINECOFIN) [Rwanda],
2012). Energy Development Corporation Limited (EDCL) provided the location of the
productive loads and their peak and average demands. The hourly demand profile of the loads
was estimated according to in-the-field surveys conducted in the village of Gicumbi (Li, 2016;
Santos Pérez, 2015).
The network and generation catalogs are based on the experience of the Universal Access
Laboratory, which is based on their participation in several projects combined with field trips
and conducted interviews.
The case study has 1,598,842 unelectrified consumers, which REM has grouped into 24,381
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candidate mini-grids (off-grid clusters). Many candidate mini-grids (97.73%) have at most 200
consumers, and the biggest candidate mini-grid has 647 consumers. The location of the
consumers and the candidate mini-grid sizes are shown in Figure 5-5.

Figure 5-5: Rwanda unelectrified consumers (left) and candidate mini-grid
sizes (right).
Our method groups the mini-grids into three linear models, and the lowest and the largest
MST lengths are 0.035 km and 13.64 km, respectively. Figure 5-6 shows the mini-grids that our
method assigns to the linear models.

Figure 5-6: Network assignation. This procedure firstly assigns the same
number of networks to each model and then reassigns networks from the
first to the second model. The networks are sorted according to the length
of the MST.
Table 5-3 shows the number of mini-grids that are assigned to each model.
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Condition for assignation (km)

Number of mini-grids

𝑙𝑒𝑛𝑔𝑡ℎ(𝑀𝑆𝑇) < 1

5,890

2 Model

1 ≤ 𝑙𝑒𝑛𝑔𝑡ℎ(𝑀𝑆𝑇) ≤ 2.832

10,353

3rd Model

2.832 < 𝑙𝑒𝑛𝑔𝑡ℎ(𝑀𝑆𝑇)

8,138

1st Model
nd

Table 5-3: Mini-grids assigned to each model.
For each model, the procedure selects a few representative mini-grids. The number of minigrids is determined imposing that the marginal gain of having more mini-grids drops below
10%, and the candidate number of mini-grids considered are 25, 31, 40, 50, 63, 79, 100, 126,
159 and 200 (ten points logarithmically spaced between 25 and 200). We scale the MST length
with a factor of 10,132.3 $/km and the aggregated demand with a factor of 0.4 $/kWh.

Figure 5-7: Number of clusters selection. Our method selects sixty-three
clusters for the first and the second model, and fifty clusters for the third
one.
The method adjusts three linear models calculating the network costs of the representative
mini-grids and using hierarchical regression. We consider that it is not worth adding more
variables into the model when the marginal gain of the adjusted 𝑅 2 is less than 10%, which
corresponds to the third hierarchical model in all cases (see Figure 5-8).
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Figure 5-8: Adjusted 𝑹𝟐 for each hierarchical level.
Although the three linear models have the same explanatory variables (length of the MST,
number of consumers, and central moments of order two), it is still advantageous to have
different linear models as the coefficients are different.
We compare the exact and approximated network cost of the 24,381 candidate mini-grids
to obtain the relative linear error (which is defined as the absolute value of the quotient
between the difference of costs and the real cost) that we incur with the model. Figure 5-9
provides the corresponding results.
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Figure 5-9: Linear relative error (p.u.) for each model.
We also compare our method with a linear model that only considers the MST length to
estimate the network cost (in this case, we directly force the model to use 200 representative
networks instead of using the marginal gain procedure described in section 5.3.2). Most
regional planning tools apply techniques based on the calculation of an MST to calculate the
network costs.
Figure 5-10 shows the linear error (p.u.) obtained for the 24,381 networks with both
procedures. The naïve estimation provides a linear relative error lower than 20% for 56.46% of
the networks, whereas our method obtains a linear relative error lower than 20% for 96.74%
of the networks.
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Figure 5-10: Linear relative error comparison.
Figure 5-11 shows the linear absolute error obtained with both procedures (which is defined
as the absolute value of the difference of costs). Our method obtains a linear absolute error
lower than 100 $/yr for 84.36% of the networks, and the more straightforward procedure
obtains the same error for only 57.93% of the networks.

150

Figure 5-11: Linear absolute error comparison.
Results show that our method significantly improves naïve approximations without
increasing computation time significantly, as it requires only the calculation of accurate designs
for less than 1% of the total mini-grids in this case study. Table 5-4 shows the computation
times required to calculate accurate network designs for the representative mini-grids and all
the mini-grids (the computer characteristics are provided in the last paragraph of section 1.5).
Representative mini-grids

All mini-grids

15 min, 28.62 sec

23 hours, 52 min, 38.48 sec

Table 5-4: Computation times needed to calculate the network designs.
The computation time needed to calculate the network designs for the representative minigrids is 1.08% of the computation time required to calculate the network designs for all the
mini-grids.

5.5. Conclusions
REM calculates detailed network designs for each mini-grid and grid extension that appears
in the final electrification solution. However, the model cannot afford to optimize the network
layout of each potential clustering solution that REM evaluates. In the clustering algorithm,
REM uses quick estimations of the incremental network cost that are based on peak demands
and distances among clusters (or a cluster with the power grid). These estimations do not
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capture the inherent complexity of distribution networks, and it is useful to improve them as
they play a critical role in the clustering of REM.
This chapter presents a method that estimates the network cost of all the potential LV minigrids of a large-scale electrification case. The algorithm distributes the mini-grids among several
linear regression models, performs a clustering algorithm, and only optimizes the network
designs of the representative mini-grids. A hierarchical regression method selects the minigrids attributes that are adequate to estimate the network cost for each linear regression
model. The explanatory variables considered include both spatial and electric metrics, and the
number of consumers of the mini-grid.
We compare the exact network costs of mini-grids with the estimations that our method
provides in a realistic large-scale case study, where our method optimizes the network designs
of less than 1% of the mini-grids to obtain the estimations. The computation time required to
optimize the networks of all the mini-grids is approximately one day. In contrast, the
computation time needed to optimize the networks of the representative mini-grids is around
fifteen minutes.
We also compare our method with a more straightforward estimation that is aligned with
the rules of thumb that some regional planning tools apply. Our method provides an estimation
where the linear relative error is lower than 20% for 96.74% of the mini-grids, whereas the
straightforward method provides an estimation where the linear relative error is lower than
20% for only 56.46% of the mini-grids. We also compare the linear absolute errors, and our
method obtains an error lower than 100 $/yr for 84.36% of the mini-grids, and the more
straightforward procedure obtains the same error for 57.93% of the mini-grids. We can
conclude that a straightforward method (such as the ones that regional planning tools apply)
may lead to significant errors when estimating the network costs.
Regarding additional developments, the method should be expanded to estimate the cost
of MV mini-grids too. Most of the steps of the current approach could hold for MV mini-grids,
but it may be necessary to change the hierarchical order of explanatory variables and add new
variables because transformers could account for a significant amount of the total network
cost.
It would also be interesting to explore the use of different hierarchical orders of variables
for the different linear models. Some variables could be critical for small mini-grids with a
reduced number of consumers and a low aggregated demand profile. Still, they may be less
important for large mini-grids with a significant amount of consumers and a high aggregated
demand profile.
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“If I’d observed all the rules, I’d never have got anywhere.”
Marilyn Monroe

6

6

CLUSTERING IN LARGE-SCALE
ELECTRIFICATION PLANNING

REM’s clustering improved significantly after implementing the improvements described in
section 3.3.2, but it still presented some weaknesses. We use the term standard clustering to
refer to the clustering algorithm presented in section 3.2.2 with the improvements described
in section 3.3.2.
The standard clustering applies quick estimations of the network cost when determining
whether nearby clusters should be joined. These estimations are crucial to the optimality of the
clustering, and they do not capture the complex behavior of distribution networks.
The economies of scale in generation also play a crucial role in the standard off-grid
clustering of REM. In chapter 4, we analyzed the impact of modeling the capacities of diesel
generators with discrete variables in the final electrification solution. REM’s standard clustering
cannot deal with elements or constraints that distort the economies of scale in generation.
In this chapter, we apply the network cost estimator introduced in chapter 5 to develop a
new off-grid clustering (exhaustive clustering) that overcomes the two main limitations of the
off-grid clustering: the use of inadequate network cost estimations and the inability to handle
elements or constraints that are incompatible with a monotonous behavior of the economies
of scale in generation.
This chapter also describes a new grid-extension clustering (top-down clustering) that was
jointly developed with Olamide Oladeji, which was an MIT student at that time. The top-down
clustering starts designing an extension of the power grid that electrifies all the consumers and
then performs cost-comparisons to "disconnect" parts of the network, electrifying the
downstream consumers with off-grid systems.
Part of the content related to the top-down clustering comes from the following paper:
Oladeji, O., Ciller, P., de Cuadra, F., Perez-Arriaga, I. Partitioning Distribution Networks: An
Approach to Integrated Electrification Planning. IEEE Transactions on Power Systems.
Submitted.
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The rest of this chapter is structured as follows: section 6.1 briefly describes some clustering
methods in the context of large-scale electrification. Section 6.2 explains the limitations of the
standard off-grid clustering of REM, introduces the exhaustive clustering and its application to
a case study. Section 6.3 introduces some limitations of the grid-extension clustering, presents
the top-down clustering and its application to a case study. Finally, section 6.4 presents the
conclusions and suggestions for additional developments.

6.1. Clustering methods
The clustering of consumers into combinations of standalone systems, mini-grids and grid
extensions plays a key role in determining the best techno-economic plan in an underserved
region, and many models perform crude simplifications to address it (Morrissey, 2019). Most
tools do not optimize the clustering of consumers into systems, and they consider the villages,
settlements, or cells as the natural clustering of consumers. However, the use of administrative
or artificial divisions as clusters may lead to inefficient solutions from the techno-economic
point of view. For example, the electrification of a village with off-grid systems could be less
expensive if the solution includes a smart combination of mini-grids and standalone systems
instead of a single mini-grid that electrifies all its consumers.
There are few clustering applications in the context of electrification planning in an
underserved region. Reference (Parreno Jr and Del Mundo, 2015) introduces a clustering
algorithm based on a weighted MST and applies it to an individual village. The GEOSIM tool
clusters villages around development poles (villages that are assigned a high score based on
several indicators) using an algorithm based on the Huff model (Huff, 1963). OnSSET
incorporates a clustering algorithm that merges adjacent cells into clusters (Korkovelos et al.,
2019). Similarly, reference (Blechinger et al., 2019) presents an electrification planning
methodology that generates buffers around populated areas, polling units, and schools. Then,
it clusters overlapping zones together. These methods are based on geospatial considerations,
and their main drawback is that they do not consider the costs involved in the final
electrification solution and the trade-offs among them when clustering the consumers.
There is some literature concerning the clustering of consumers in distribution network
planning. Reference (González-Sotres et al., 2013) introduces an algorithm that applies a kmeans clustering to optimize the size and location of transformers in distribution planning. The
RNM (Mateo Domingo et al., 2011), which REM uses to design distribution networks for minigrids and grid extensions, groups consumers into settlements following proximity criteria.
NPAM (Larsson, 2005) includes a bottom-up clustering where a cluster starts with a single
element, and nearby elements are included if they meet specific criteria. The ANETO model
(Garcia Conejo et al., 2007) divides the analysis region into cells and groups adjacent cells
together. However, models and methods that aim at distribution network planning electrify all
the consumers with extensions of the power grid, and they do not include off-grid alternatives
as viable electrification solutions. This implies that it may not be straightforward to extrapolate
these methods to the electrification of underserved regions, where mini-grids and standalone
systems play a key role in planning.
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6.2. Exhaustive clustering
This section first recapitulates the off-grid clustering, presenting its current limitations.
Then, it introduces a new algorithm, exhaustive clustering, that is based on the off-grid
clustering, but it overcomes its main weaknesses. Figure 6-1 shows how the exhaustive
clustering fits in the current version of REM.

Figure 6-1: Incorporation of the exhaustive clustering into REM’s
algorithmic structure.
The exhaustive clustering is an alternative to the off-grid clustering: both algorithms group
the consumers into off-grid clusters, which represent the candidate off-grid solutions for a case.

The limitations of REM's off-grid clustering
The standard clustering starts with each consumer being its own individual off-grid system.
Then, it performs cost-comparisons among nearby clusters to determine if it is worth
electrifying them with the same off-grid system (and hence it joins the corresponding clusters).
The cost-comparisons are based on trade-offs: large mini-grids (i.e., with a high aggregated
demand and many consumers) benefit from economies of scale in generation and
management costs, but they have substantial network costs.
The generation and management costs considered in the off-grid clustering accurately
represent the costs of the systems. However, the incremental network cost incurred if the
clusters are merged is estimated with a line that connects the centers of both clusters.
There are two reasons for using the cost of a line to estimate the incremental network cost.
On the one hand, it is not computationally feasible to obtain accurate network designs for the
three possible off-grid systems (the first cluster, the second cluster, and the merged cluster)

155

each time a cost comparison is performed. On the other hand, the off-grid clustering starts with
all consumers isolated and then joins nearby consumers generating bigger clusters. The
bottom-up, irreversible logic could easily reach a local minimum if the incremental network
costs are higher than the management and generation savings in the initial cost-comparisons.
This could happen if accurate network designs were calculated for all off-grid systems since the
lines of a network catalog are usually oversized for a few consumers with residential demand
profiles in unelectrified regions. This effect is mitigated by allowing interpolation among the
lines of the network catalog to estimate the incremental network cost (the use of a
“continuous” catalog in the clustering is explained in section 3.3.2.3.2).
The cost of an interpolated line, however, is not always a good estimator of the incremental
network cost among off-grid systems. Network designs follow a non-linear behavior as they
have to comply with electric constraints such as Kirchoff's laws or maximum voltage drop
allowed. It is necessary to calculate power flows to optimize a network design, and the task is
more laborious if a wide range of network components is available. An erroneous estimation
of the incremental network cost may be translated into merging clusters that are better
electrified separately, or not merging clusters that would be better electrified with the same
system.
The bottom-up, irreversible logic of the current off-grid clustering in REM also poses
challenges when incorporating some constraints that impact the final electrification solution
(and therefore should be modeled in the clustering). This logic requires that generation and
management costs behave monotonically: the generation and management cost of two
separated clusters cannot be lower than the generation and management cost of the two
clusters joined. However, constraints that establish (for example) that solar kits must be used
to electrify isolated residential consumers are not easy to incorporate in such logic because
they distort the monotonicity of generation costs.
Figure 6-2 shows two cost curves that we will use to illustrate this concept. The first curve
corresponds to a case where AC standalone systems are used to electrify isolated residential
consumers, and the second curve corresponds to a case where isolated residential consumers
are electrified with DC solar kits. Chapter 4 provides a thorough explanation of how these cost
curves are calculated, but the key idea is that REM optimizes the generation designs of a
representative set of off-grid systems, and then interpolates or extrapolates the generation
costs of the remaining ones if it needs them in the off-grid clustering.
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Figure 6-2: Generation cost curves where AC standalone systems and DC
solar kits are used to electrify isolated consumers.
Solar kits are low-cost electrification solutions that are not compatible with the
monotonicity of the generation cost curve (i.e., the unitary or per-consumer generation cost is
higher for an AC mini-grid with five consumers than for an isolated consumer with a single solar
kit). If the generation cost curve that corresponds to solar kits in Figure 6-2 is introduced into
the standard clustering in REM, then the final solution would possibly be a solar kit for all the
consumers. However, it could be better to have large mini-grids that benefit from economies
of scale in generation (that usually go beyond 50 residential consumers). Large clusters would
not be created because it is not worth joining two consumers into a single cluster since the
generation and network costs of the joined cluster would be higher than the sum of the
generation and network cost for the separated consumers.
To sum up, the standard off-grid clustering of REM has two significant drawbacks. The first
one is that it uses an estimator of the network cost that fails to capture the complexity of
network designs, causing clusters to merge when they should not and keeping clusters
separated that would be better electrified with the same off-grid system. The second one is
related to its logic: the clustering follows a bottom-up logic where connections among clusters
depend on greedy, irreversible decisions. This logic is sensitive to economies of scale in
generation and management, hindering the incorporation of constraints that somehow alter
their monotonicity.
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The Exhaustive clustering algorithm
This section presents a novel clustering algorithm (exhaustive clustering) that extends the
off-grid REM clustering to overcome its two main flaws. Exhaustive clustering uses a
sophisticated process to estimate the network cost of a mini-grid, which is based on a piecewise
linear model that considers geometric and electric metrics as explanatory variables of the
network cost. The network designs of only a few representative mini-grids are calculated
accurately, and the network cost of the remaining mini-grids can be quickly estimated. Further
details about this method are provided in chapter 5.
Exhaustive clustering performs a wide exploration of the space of candidate solutions for
the clustering problem, creating a hierarchical structure of clusters that is later evaluated to
determine the off-grid clusters. The creation and evaluation of a hierarchical structure of
clusters enables the incorporation of constraints that distort the monotonicity of economies of
scale in generation and management, which are adequately handled.
Figure 6-3 shows the flow diagram of the algorithm. The goal of the exploratory clustering
is to generate a subset of mini-grids that is representative of the case study, which is later used
to adjust the network cost estimator and to create a hierarchical structure of clusters. Finally,
the exhaustive clustering performs a cost evaluation of the hierarchical structure of clusters to
obtain the final clustering of consumers. The rest of this section provides a full description of
the algorithm.

Figure 6-3: Exhaustive clustering flow diagram.
The standard off-grid clustering in REM follows a bottom-up approach where every single
consumer is initially an independent cluster, and nearby clusters merge into larger clusters in
an iterative procedure. The intermediate clustering solutions generated through the process
turn out to be very useful, as they constitute the result of an extensive exploration of the space
of all reasonable groupings of consumers (i.e., only consumers that are close to each other can
be clustered together) into off-grid systems.
However, most of the space of clustering solutions remain unexplored because the
standard off-grid clustering in REM terminates when the savings in generation and
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management do not seem to compensate for the incremental network cost related to merging
two clusters. It could be interesting to explore this part of the space of solutions because the
incremental network cost estimator (i.e., the cost of a line that joins the centers of the clusters)
may be erroneous, and the off-grid clustering could have reached a local minimum. Therefore,
the standard off-grid clustering in REM has been modified to ensure a complete exploration of
the space of solutions, forcing clusters to merge as long as they do not grow large enough so
that an LV mini-grid would not be a viable electrification solution. Figure 6-4 shows an example
with several intermediate clustering solutions that the exhaustive clustering could consider.

(a)

(b)

(c)

Figure 6-4: Intermediate solutions where (a) most consumers are isolated
and clusters are small, (b) there are larger clusters and only a few isolated
consumers, and (c) all the consumers belong to the same cluster. Nearby
consumers that belong to the same cluster are represented with the same
symbol and color.
Each intermediate solution that is stored constitutes one layer of the hierarchical structure
of clusters, which is used first to adjust the network cost estimator and later evaluated to obtain
the clustering solution. For the time being, the exhaustive clustering stores the intermediate
solutions that are multiples of a certain number.
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1.1

1.1.1

First level

1.2

1.1.2

1.3

1.3.1

1.2.1

1.3.2

1.4

Second level

1.4.1

Third level

...
Figure 6-5: Hierarchical structure of clusters example.
Figure 6-5 shows an example of the hierarchical structure of clusters with three levels. The
electrification cost of cluster 1.1 (which is the least-cost solution between a mini-grid or a
combination of isolated systems for all its consumers) would be compared with the sum of
electrification costs of clusters 1.1.1 and 1.1.2. Similarly, the electrification cost of the remaining
clusters that belong to the second level of the hierarchical structure would be compared with
the sum of the electrification cost of the corresponding clusters from the third level. These
comparisons yield an off-grid electrification solution that could combine clusters from the
second and the third level. Finally, the cost of this electrification solution would be compared
with the electrification cost of cluster 1, and the least-cost alternative would be the
electrification solution. This evaluation of the hierarchical structure of clusters is very similar to
the one that REM performs to determine the best electrification mode of each consumer (see
section 3.2.3).
Exhaustive clustering performs a robust cost evaluation of the hierarchical structure of
clusters, overcoming the two main weaknesses of the standard clustering of REM. The
algorithm applies the network cost estimator presented in chapter 5 to evaluate the network
costs of mini-grids. Elements or constraints that distort the monotonicity in economies of scale
in generation, such as solar kits, are also considered in the cost evaluation. By doing so, the
algorithm considers accurate representations of all the costs involved.

Case study
We consider the case of Cajamarca to compare the off-grid clustering and the proposed
exhaustive clustering. The input parameters of the case study are similar to the ones used in
section 3.4, and the catalog of lines and transformers is the same used for the case study
presented in section 5.4. The only electrification solutions considered are mini-grids and
isolated systems. The exhaustive clustering stores the intermediate solutions that are multiples
of one hundred for the case study.
The generation designs are calculated with the continuous implementation introduced in
section 4.3, and the generation results of the case are the ones presented in section 4.4 that
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correspond to the continuous implementation. Therefore, we will only deal with the clustering
and the final results in this section.
In this case study, the generation costs considered in the clustering and the final solution
are calculated with the continuous algorithm. This implies that the clustering algorithm does
not commit errors regarding the estimation of generation costs because the generation cost of
each cluster exactly matches its final generation cost.
Therefore, we can evaluate the accuracy of the incremental network cost estimator that
the standard clustering applies. We can also assess the capabilities of the standard clustering
handling elements (such as solar kits) that are not compatible with a monotonic generation
cost curve.
Figure 6-6 shows the electrification solution with the standard clustering and the exhaustive
clustering. Both solutions seem very similar, but mini-grids tend to be bigger with the standard
clustering. As an example, we have surrounded a part of the solution with a red shape. REM
electrifies the surrounded consumers with two mini-grids when it applies the standard
clustering. Still, the model uses twelve mini-grids and several standalone systems to electrify
the same consumers when it applies the exhaustive clustering.

(a)

(b)

Figure 6-6: Electrification solutions where candidate mini-grids are
calculated with (a) the off-grid clustering and (b) the exhaustive clustering.
Figure 6-7 shows the cumulative number of consumers per cluster for clusters with less than
250 consumers (we limit the number of consumers for the sake of clarity). The distributions are
very similar. Approximately 8.25% of the clusters have 250 consumers or more with the
standard clustering, whereas that figure drops to 1.49% with the exhaustive clustering (those
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clusters are not shown in Figure 6-7). These numbers suggest that the standard clustering is
generating a few oversized clusters, which exhaustive clustering replaces by smaller clusters.

Figure 6-7: Number of consumers per cluster for clusters of less than 250
consumers.
Table 6-1 shows the electrification costs obtained using the standard clustering and
exhaustive clustering. The final cost is 6% more expensive with the standard clustering than
with the exhaustive clustering, which is a significant improvement.
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Consumers grouped with the standard
clustering

Consumers grouped with the
exhaustive clustering

Δ All
(%)

Mini-grids

Isolated

All

Mini-grids

Isolated

All

Number of consumers

6,666

22

6,688

6,584

104

6,688

0.00

Fraction of consumers

1

0

1

0.98

0.02

1

0.00

CAPEX per consumer ($/yr)

77.72

108.24

77.82

62.09

108.24

62.81

-19.29

OPEX per consumer ($/yr)

50.61

167.46

51

56.39

167.46

58.12

13.96

CNSE per consumer ($/yr)

0.31

0.85

0.32

0.46

0.85

0.47

46.88

Final cost per consumer ($/yr)

128.65

276.54

129.13

118.95

276.54

121.4

-5.99

Total CAPEX ($/yr)

518,097

2381

520,478

408,818

11,257

420,075

-19.29

Total OPEX ($/yr)

337,380

3684

341,064

371,288

17,416

388,704

13.97

Total CNSE ($/yr)

2,093

19

2111

3047

88

3,135

48.51

Final cost ($/yr)

857,570

6,084

863,654

783,154

28,761

811,914

-5.99

Fraction of demand served (p.u.)

0.999

0.998

0.999

0.999

0.998

0.999

0.00

Cost per kWh of demand served
($/kWh)

0.378

0.804

0.379

0.349

0.804

0.356

-6.07

Table 6-1: Electrification solution summary for the two clustering algorithms.
The last column contains the percentual increment between the “All”
columns of the table.
Table 6-2 shows the computation times REM needs to run the cases whose results are
provided in Table 6-1 (the computer characteristics are provided in the last paragraph of
section 1.5). The exhaustive clustering requires more computation time than the standard
clustering, mainly due to the time needed to calculate accurate network designs for the minigrids that the network cost estimator considers representative (14 minutes and 14 seconds).
Consumers grouped with the
standard clustering

Consumers grouped with the
exhaustive clustering

Δ (%)

Look-up table

01:13:54

01:13:54

0.00

Clustering

00:01:00

00:21:19

2,031.67

Final designs

00:17:21

00:19:29

12.30

Table 6-2: Computation times of the cases in the format
hours:minutes:seconds. The last column contains the percentual increment
between the first and second columns of the table.
The network cost estimator introduced in chapter 5 allows us to rerun the exhaustive
clustering while keeping track of the estimated electrification cost of all the intermediate
solutions that the clustering evaluates (regardless of whether they are stored in the hierarchical
structure of clusters that the exhaustive clustering generates). This is quite interesting, as now
we can estimate how the electrification cost varies when clusters merge.
Figure 6-8 shows how the electrification estimated cost changes in the latter connections
of the exhaustive clustering. The blue line represents the connections that the standard
clustering performs, and the red line is related to additional connections that the exhaustive
clustering activates to ensure that all the space of potential clustering solutions is searched.
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When two large off-grid clusters are joined, the network cost of the resulting cluster may be
substantially high due to the maximum voltage drop constraint. This effect causes a steep
increment of the electrification estimated cost in the red curve shown in Figure 6-8.

Figure 6-8: Variation of the estimated electrification cost in the exhaustive
clustering (base case).
The electrification estimated cost at the end of the standard clustering is 861,798 $/yr. It is
very close to the final cost provided in Table 6-1 for the standard clustering (863,654 $/yr),
which is calculated by designing detailed network designs for all mini-grids with RNM. This
implies that the network cost estimator is providing very accurate estimations of the designs
that RNM calculates later.
The standard clustering evaluates several configurations with a lower estimated cost than
861,798 $/yr (for example, the estimated cost is 851,929 $/yr after 6,510 iterations). The
electrification cost obtained with the exhaustive clustering (811,914 $/yr, see Table 6-1) is
lower than the cost of any of the intermediate solutions evaluated in the exhaustive clustering,
which implies that it is a combination of several levels of the hierarchical structure.
We perform a sensitivity analysis modifying two key parameters: the use of solar kits to
electrify isolated consumers and the minimum number of consumers that an off-grid cluster
needs to have so that a mini-grid is considered viable. This last parameter is set to 5, 10, 15, 25
and 50 consumers for the sensitivity, and the input parameters of the solar kit are provided in
Table 6-3.
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Investment and operation cost ($/yr)

172.8

Management cost ($/yr)

0

Per-consumer cost ($/yr)

0

Solar capacity (kWp)

0.18

Battery capacity (kWh)

0.978

Lifetime (yr)

5

CNSE ($/kWh)

0.98

Table 6-3: Parameters of the solar kit.
Table 6-4 shows the final electrification cost (which includes the investment and operation
cost plus the penalty for non-served energy) obtained with the standard clustering. As
expected, the final cost rises when the minimum number of consumers that a cluster needs to
reach to be a mini-grid is increased. The reduction of the cost that happens when solar kits are
introduced is higher when the minimum number of consumers to consider as mini-grid is
higher.
Minimum number of consumers to consider mini-grid
5

10

15

25

50

No

863,654

871,105

898,450

936,605

1,039,905

Yes

860,067

860,146

863,800

869,586

893,834

Solar kits

Table 6-4: Final costs ($/yr) obtained with the off-grid clustering.
Table 6-5 shows the final electrification cost obtained with the exhaustive clustering, which
outperforms the standard clustering in all the cases. Specifically, the electrification cost is
approximately between 5% and 8% better with the exhaustive clustering.
Minimum number of consumers to consider mini-grid

Solar kits

5

10

15

25

50

No

811,914

822,643

855,597

892,245

961,782

Yes

799,830

801,641

806,993

816,453

853,864

Table 6-5: Final costs ($/yr) obtained with the exhaustive clustering.
Figure 6-9 shows how the estimated cost changes when the exhaustive clustering connects
consumers in the case (a) solar kits, the minimum number of consumers to consider mini-grid
is 10, and (b) no solar kits, the minimum number of consumers to consider mini-grid is set to
50. As in Figure 6-8, the blue line represents the connections that the standard clustering
performs, and the red line is related to additional connections that ensure that all the space of
potential clustering solutions is searched.
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(a)

(b)

Figure 6-9: Variation of the estimated electrification cost in the exhaustive
clustering. (sensitivity analysis).
In case (a), the standard clustering activates too many connections, and the clustering
solution provided is worse than some intermediate solutions explored (as happens in the base
case, although this time the effect is more exaggerated). In case (b), the standard clustering
fails to activate connections that would produce a better electrification solution.

6.3. Top-down clustering
This section first recapitulates the grid-extension clustering, presenting its current
limitations. Then, it introduces a new algorithm, top-down clustering, that that aims at
overcoming the main weaknesses of the grid-extension clustering.
The top-down clustering starts calculating an extension of the power grid that connects all
the consumers. Then, this method sequentially evaluates if it is worth to disconnect or prune
an element of the network (i.e., a line or a transformer) and electrify the downstream
consumers with off-grid systems. There is a planning tool in the literature that applies a similar
strategy: LAPER examines the MV lines of an initial network provided by the user, and it
performs cost-comparisons to determine whether to disconnect villages from the grid and
electrify them off-grid (Fronius and Gratton, 2001). However, LAPER operates with villages
instead of consumers and it deals with the planning problem with a lower level of modeling
detail, which somehow limits the scope of its approach.
Figure 6-10 shows how the top-down clustering fits in the current version of REM, which is
the final product of this thesis. The current REM version starts from the high-level structure
presented in section 3.1 and the initial algorithms described in section 3.2. It includes the
enhancements described in section 3.3, the generation sizing methods presented in chapter 4,
and the two clustering algorithms described in this chapter.
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Figure 6-10: Incorporation of the top-down clustering into REM’s
algorithmic structure.
The top-down clustering, which is an alternative to the standard clustering, operates by
applying three sequential steps. In the first step, it calculates an initial extension of the power
grid that connects all the consumers of the case using RNM. The elements of that initial grid
extension represent the potential disconnections, which are evaluated in the second step of
the top-down clustering (top-down algorithm).
The top-down algorithm step performs cost-comparisons to determine if it is worth
disconnecting an element from the initial network and electrify its downstream consumers
with off-grid alternatives. At the end of this step, the top-down clustering provides a list of the
consumers that should be electrified extending the power grid, which are the ones that are still
connected to the initial power grid. The remaining consumers should be electrified with offgrid solutions, and they are grouped into off-grid systems with a straightforward application of
the off-grid clustering in the third step.

The limitations of REM’s grid-extension clustering
The grid-extension clustering in REM, which is described in section 3.2.2.2, also has several
drawbacks. Firstly, it starts operating from the off-grid clusters, which were calculated without
considering the characteristics power grid. The off-grid clusters are not necessarily the best
starting point for the grid-extension clustering process.
The procedure that some planners follow to determine where the power grid should be
expanded and which regions should be electrified with off-grid alternatives follows a

167

straightforward logic that overcomes this first drawback. First, the procedure determines
where the power grid should be expanded by applying criteria based on distances among
consumers and the power grid (i.e., each consumer closer than 2 km to the power grid is
electrified with an extension of the power grid). The consumers that do not satisfy the criteria
are electrified with off-grid solutions.
There is an idea behind this straightforward procedure that the top-down clustering follows:
it determines the grid-extension clusters first, and the off-grid clusters are calculated later. By
doing so, the characteristics of the power grid are considered in the calculation of the off-grid
clusters.
The grid-extension clustering also uses approximations to estimate the network costs
similar to the ones that the off-grid clustering applies. Specifically, the grid-extension clustering
estimates the incremental network costs with lines that connect the centers of two clusters or
the center of a cluster with the power grid.
The top-down clustering starts calculating a detailed extension of the power grid that
connects all the consumers, so the exact cost of each line and transformer of the initial network
is known. This implies that the top-down clustering has a good estimation of the cost of a line
or a transformer when the algorithm is evaluating if it is worth to disconnect an element of the
network and electrify the downstream consumers with off-grid systems.
Finally, the grid-extension clustering cannot cope successfully with topographical features
of the terrain, such as altitudes and forbidden zones. This is the most critical limitation of the
grid-extension clustering that the top-down clustering overcomes.
It would be necessary to evaluate several paths to determine the least-cost route each time
the grid-extension clustering calculates the cost of a line connecting two clusters or a cluster
with the power grid. However, these evaluations are computationally intensive and cannot be
performed each time the grid-extension clustering evaluates if it is worth connecting two
nearby clusters.
Figure 6-11 shows an example of a route that connects the center of a cluster with the
power grid when topography is considered. One method to determine the least-cost route
involves calculating a mesh and evaluating the cost of several lines that go inside the mesh. The
number of minimum-length paths that connect the center of the cluster and a point of the
network has a combinatorial nature, and it increases significantly with the number of cells of
the mesh (Better Explained, 2020).
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Figure 6-11: Example of a minimum-distance route that connects the
center of a cluster with the grid following the lines of a mesh.
REM uses RNM to calculate the initial extension of the power grid that connects all the
consumers, and RNM can handle topographical elements when it optimizes a distribution
network. The algorithms of RNM adapt the layout of the networks so that lines do not cross
forbidden zones, and the network routing is calculated considering the additional costs due to
terrain elevation and slopes.
The initial extension of the power grid that the top-down clustering obtains can be
calculated incorporating topographical considerations, ensuring that no element of the
network crosses a forbidden zone and that the extra costs due to altitudes are included in the
clustering process.

The top-down clustering
The top-down method starts by designing a distribution network that connects all the
consumers to the existing grid. RNM calculates the initial network, which has a radial topology
so it can be represented with a tree structure. Figure 6-12 shows a distribution network and
the corresponding tree representation.
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Figure 6-12: Distribution network (left), and tree representation (right).
We classify the nodes of the initial distribution network into three types: (a) Substations or
transformers (HV/MV substations and MV/LV transformers, the MV existing power grid is
modeled as a set of HV/MV substations), (b) Lines (the MV and LV distribution lines), and (c)
consumers.
Once the algorithm has generated the tree representation of the network, the top-down
method loops through each element of the tree to determine if it is best to "prune" the element
and electrify all the consumers downstream with off-grid solutions. We refer to the node that
is under consideration for pruning as the evaluated element, even if the best local decision is
not to prune the tree.
The algorithm performs a cost comparison between the two configurations shown in Figure
6-13 to determine if it is best to prune the evaluated element of the network and electrify the
downstream consumers with off-grid solutions. All the consumers that are below the evaluated
element considered are electrified as part of a grid extension in configuration A, whereas they
are electrified with a mini-grid in configuration B. The costs involved downstream from the
evaluated element in configuration A are grid energy cost, network cost, management cost,
and CNSE. The costs considered downstream the evaluated element in configuration B are
generation cost, network cost, management cost, and CNSE.
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Configuration A

Configuration B
MV existing line
MV grid extension line
LV grid extension line
LV mini-grid line
Microgrid generation site
MV/LV transformer
Mini-grid consumer
Grid extension consumer

Evaluated
element

Figure 6-13: Top-down clustering configurations.
It is straightforward to calculate all the costs involved but the network costs, and the topdown algorithm assumes that the network cost of the mini-grid in configuration B is
approximately equal to the cost of the network downstream the evaluated element in
configuration A. The assumption of an equal network cost might not hold for every case, but it
avoids the need for estimating the network cost of a mini-grid each time that an element is
evaluated. Further development of the top-down algorithm could be to use the network cost
estimator presented in chapter 5 to estimate the network cost of the mini-grid in configuration
A.
If there are several transformers downstream from the evaluated element in configuration
A, then the mini-grid of configuration B is MV, and the cost of an additional transformer located
at the generation site is included.
The capacities of some elements of the network could decrease if the evaluated element is
pruned because the consumers downstream would be electrified with off-grid systems. The
incremental cost related to the capacity reduction is measured using continuous catalogs of
lines and transformers (continuous catalogs were introduced in section 3.3.2.3.2 to estimate
the incremental network cost in the clustering).
A question that arises naturally is which order should be considered to evaluate the nodes
of the tree. In the bottom-up clustering, the arcs of the Delaunay triangulation are evaluated
from the shortest to the longest, so applying a distance-based criterion seems reasonable. The
peak demand of consumers also seems relevant, and the initial network provides additional
information, such as the tree structure.
The top-down algorithm determines the order of evaluation of the nodes according to a
criterion based on voltage drops, which depend on geometric and electric parameters. The
voltage drop at node 𝑖 is calculated with equation 6-1 in a three-phase system:
∆𝑉𝑖 = √3 ∙ 𝑧𝑖 ∙ 𝐿𝑖 ∙ 𝐼𝑖

6-1

Where 𝑧𝑖 , 𝐿𝑖 and 𝐼𝑖 are the impedance per unit of length (Ω/km), the length (km) and the
current (A) of node 𝑖, respectively.
We define the accumulated voltage drop of node 𝑖 as the maximum voltage drop between
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that node and any terminal node that is downstream node 𝑖 (we say that a node is terminal if
it does not have any node downstream). Figure 6-14 shows an example where the voltage
drops and accumulated voltage drops of lines are shown. Consumers and transformers have
zero length, so their voltage drop is zero and they do not increase the accumulated voltage
drops.

Figure 6-14: Example of the accumulated voltage drop.
The accumulated voltage drop at node 𝑖 can be calculated recursively using equation 6-2:
∆𝐴𝑉𝑖 = ∆𝑉𝑖 + 𝑚𝑎𝑥 {∆𝐴𝑉𝑐ℎ1 , ∆𝐴𝑉𝑐ℎ2 , … , ∆𝐴𝑉𝑐ℎ𝑛 }

6-2

Where 𝑐ℎ1, 𝑐ℎ2, … , 𝑐ℎ𝑛 correspond to the 𝑛 children nodes of node 𝑖 (i.e., the nodes that
are downstream 𝑖, and directly connected to 𝑖).
The electric moment of a node 𝑖 is calculated with equation 6-3:
𝑀𝑖 = 𝐿𝑖 ∙ 𝑆𝑖

6-3

Where 𝐿𝑖 and 𝑆𝑖 are the length (km) and the power (VA) of node 𝑖, respectively. The power
of a node is √3 times the product of its voltage (V) by its current (A):
𝑆𝑖 = √3 ∙ 𝑈𝑖 ∙ 𝐼𝑖

6-4

If we replace 𝐼𝑖 into equation 6-1 we obtain:
∆𝑉𝑖 = √3 ∙ 𝑧𝑖 ∙ 𝐿𝑖 ∙

𝑆𝑖
√3 ∙ 𝑈𝑖

=

𝑧𝑖
𝑧𝑖
∙ 𝐿𝑖 ∙ 𝑆𝑖 = ∙ 𝑀𝑖
𝑈𝑖
𝑈𝑖

6-5

Equation 6-5 implies that the voltage drop in a node is directly proportional to its moment.
We can define the accumulated moment of a node 𝑖 as we did with the accumulated voltage
drop in equation 6-2.
𝐴𝑀𝑖 = 𝑀𝑖 + 𝑚𝑎𝑥 {𝐴𝑀𝑐ℎ1 , 𝐴𝑀𝑐ℎ2 , … , 𝐴𝑀𝑐ℎ𝑛 }

6-6

As voltage drops are directly proportional to moments, equation 6-6 can be used to sort the
nodes according to their accumulated voltage drop.

172

The top-down algorithm sorts the nodes according to their accumulated moments (from
the highest to the lowest) using equation 6-6. Then, it evaluates the first node that does not
have unevaluated nodes downstream. This process continues until all the nodes have been
evaluated. When an element is pruned, the accumulated moments of its upstream nodes are
recalculated to account for the changes in the network.

Case study
We also consider the Cajamarca case to compare the standard clustering of REM and the
top-down clustering. The case study is the same as in section 6.2.3 with the exception of grid
extension being a viable electrification solution. The energy cost of the power grid is set to
0.045 $/kWh, and the reliability of the grid is 100% (Gonzalez-Garcia et al., 2016).
In order to establish a fair comparison between both clustering algorithms, REM applies the
same off-grid clustering (which determines the grouping of consumers into candidate off-grid
systems) in the standard clustering and the top-down clustering, and it corresponds to the
method presented in section 3.2.2 with the improvements described in section 3.3.2. The
integration of the top-down clustering and exhaustive clustering is a future research line that
is yet to be developed as they perform complementary tasks, although both clustering methods
are valuable on their own.
Figure 6-15 shows the electrification solution with the standard clustering and the top-down
clustering (the connections to the power grid are shown with black crosses). Both solutions
electrify most consumers with grid extensions, but they seem to be more abundant with the
top-down clustering.
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(a)

(b)

Figure 6-15: Electrification solutions where clusters are calculated with (a)
the standard clustering and (b) the top-down clustering.
Table 6-6 shows the electrification costs obtained using the standard clustering and the topdown clustering. The electrification cost obtained with the top-down clustering is
approximately equal to the electrification cost obtained with REM's standard clustering. It can
be concluded that several quasi-optimal solutions are very similar in terms of cost. Still, they
differ significantly in the combination of electrification alternatives (for example, the
percentage of consumers electrified with grid extension is 84% with the standard clustering,
but it rises to 93% with the top-down clustering).
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Consumers grouped with the standard
clustering
Mini-grids Isolated

Consumers grouped with the top-down
clustering

Grid
extension

All

Minigrids

Grid
Isolated
extension

Δ All
(%)

All

Number of
consumers

1,052

14

5,622

6,688

418

20

6,250

6,688

Fraction of
consumers

0.16

0

0.84

1

0.06

0

0.93

1

CAPEX per consumer
($/yr)

83.53

108.24

49.16

54.69

92.45

108.24

51.93

54.63

OPEX per consumer
($/yr)

59.6

167.46

43.9

46.63

55.57

167.46

45.39

46.39

CNSE per consumer
($/yr)

0.75

0.85

0

0.12

1.02

0.85

0

0.07

Final cost per
consumer ($/yr)

143.89

276.54

93.07

101.44

149.04

276.54

97.32

101.09

Total CAPEX ($/yr)

87,872

1,515

276,403

365,791

38,646

2,165

324,556

365,367

-0.12

Total OPEX ($/yr)

62,704

2,344

246,809

311,858

23,227

3,349

283,680

310,256

-0.51

Total CNSE ($/yr)

792

12

0

804

428

17

0

445

-44.65

Final cost ($/yr)

151,369

3,872

523,213

678,453

62,300

5,531

608,236

676,068

-0.35

Fraction of demand
served (p.u.)

0.998

0.998

1

1

0.997

0.998

1

1

Cost per kWh of
demand served
($/kWh)

0.422

0.804

0.274

0.298

0.437

0.804

0.286

0.297

0
0
-0.11
-0.51
-41.67
-0.35

0

-0.34

Table 6-6: Electrification solution summary for the two clustering algorithms.
The last column contains the percentual increment between the “All”
columns of the table.
Table 6-7 provides the computation times related to the cases whose results are shown in
Table 6-6 (the computer characteristics are described in the last paragraph of section 1.5). The
top-down clustering requires a significant computation time, which is mostly devoted to
calculating the initial tree structure (around eight hours). The process of pruning the tree and
recalculating the moments also lasts several hours (almost three hours). We should note that
the top-down clustering is still in an early stage of development (i.e., we have devoted many
more hours to standard clustering than top-down clustering), so there is still plenty of room for
optimizing the top-down code.
Consumers grouped with the
standard clustering

Consumers grouped with the
top-down clustering

Δ (%)

Look-up table

01:13:54

01:13:54

0.00

Clustering

00:00:58

10:48:26

66,979.31

Final designs

00:18:31

00:03:42

-80.02

Table 6-7: Computation times of the cases in the format
hours:minutes:seconds. The last column contains the percentual increment
between the first and second columns of the table.
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The final designs’ submodule lasts longer with the standard clustering than with the topdown algorithm because the top-down method provides the supply mode (off-grid or on-grid)
of each consumer. This reduces the number of network designs needed to obtain the final
electrification solution, although the time savings are negligible compared to the top-down
clustering time.
We also perform a sensitivity analysis to compare the top-down clustering and the standard
clustering modifying the reliability of the network and the fuel cost. Specifically, the reliability
of the network is set to 100%, 95%, and 90%. The cost of fuel is set to 0.5 $/l, 0.6 $/l, and 0.7
$/l. Table 6-8 shows the final electrification cost obtained with the standard clustering. The final
cost tends to rise when the grid reliability drops and the fuel cost is more expensive, although
there are small fluctuations when the fuel cost rises from 0.6 $/l to 0.7 $/l.
Grid reliability (%)

Fuel cost ($/l)

90

95

100

0.5

865,320

812,292

678,453

0.6

883,042

813,935

696,293

0.7

881,069

811,576

698,429

Table 6-8: Final costs ($/yr) obtained with the standard clustering.
Table 6-9 shows the final electrification cost obtained with the top-down clustering, which
outperforms the standard clustering when the grid reliability is 100%. However, the standard
clustering provides better results with lower reliability levels.
Grid reliability (%)

Fuel cost ($/l)

90

95

100

0.5

944,163

825,813

676,068

0.6

978,459

837,029

675,922

0.7

983,610

837,029

675,922

Table 6-9: Final costs ($/yr) obtained with the top-down clustering.
The cases with grid reliability of 100% and diesel costs of 0.6 $/l and 0.7 $/l have the same
electrification solution with the top-down clustering, which happens because the off-grid
systems of the solution do not include a diesel generator. The cases with 95% grid reliability
and diesel costs of 0.6 $/l and 0.7 $/l also have the same electrification solution for the same
reason.
It is interesting to look at the percentages of consumers that are electrified with grid
extensions and mini-grids (isolated systems are marginal in the cases considered for the
sensitivity analysis). Table 6-10 shows the percentage of consumers electrified with grid
extensions obtained with the standard clustering. The percentages stay still with grid
reliabilities of 95% and 100%, but they fluctuate when the grid reliability is 90%.
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Grid reliability (%)

Fuel cost ($/l)

90

95

100

0.5

0.12

0.63

0.84

0.6

0.25

0.63

0.84

0.7

0.18

0.64

0.84

Table 6-10: Fraction of consumers (p.u.) electrified with grid extensions
obtained with the standard clustering.
Table 6-11 shows the percentage of consumers electrified with grid extensions obtained
with the top-down clustering. The top-down clustering electrifies a higher percentage of
consumers with grid extensions in all the cases, and the percentages are quite different from
the ones that the standard clustering provides.
Grid reliability (%)

Fuel cost ($/l)

90

95

100

0.5

0.40

0.88

0.93

0.6

0.80

0.90

0.95

0.7

0.81

0.90

0.95

Table 6-11: Fraction of consumers (p.u.) electrified with grid extensions
obtained with the top-down clustering.
Although top-down clustering did not outperform the standard clustering, it constitutes a
valuable tool. It requires more research and development to improve its performance, but it
presents structural advantages that are missing in the grid-extension clustering of REM such as
considering the characteristics of the power grid when determining which consumers are
electrified with off-grid systems and incorporating the topographical features of the terrain
(further details were provided in section 6.3.1).

6.4. Conclusions
The performance of REM's off-grid clustering was substantially enhanced with the
implementation of the improvements described in section 3.3.2, but it still presented two main
flaws: the use of inadequate estimations of the incremental network costs and the inability to
cope with elements or constraints that somehow alter the monotonicity of economies of scale
in generation.
In this chapter, we introduce a novel off-grid clustering algorithm (exhaustive clustering)
that overcomes the two hurdles abovementioned. The exhaustive clustering applies the
network cost estimator introduced in chapter 5, and it performs a broad exploration of the
space of potential clustering solutions to overcome the hurdles related to non-monotonous
economies of scale in generation. We perform a sensitivity analysis that shows that the
exhaustive clustering systematically outperforms the standard clustering of REM.
We also present a new grid-extension clustering (top-down clustering) that starts from a
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grid extension design that connects all the consumers. Then, the top-down algorithm
systematically goes through all the elements of the network performing cost-comparisons to
determine if an element should be "disconnected" and the downstream consumers should be
electrified with off-grid systems.
The case study shows that the top-down clustering provides better results than the
standard clustering of REM in some cases, but it performs worse in others. The top-down
clustering tends to electrify more consumers with grid-extension designs than the standard
clustering of REM. However, the top-down clustering presents some structural advantages
over the standard clustering of REM such as incorporating topographical features.
Regarding additional developments, the exhaustive clustering presented only considers LV
mini-grids (as the network cost estimator cannot deal with MV mini-grids for the time being).
Therefore, it would be interesting to expand both the network cost estimator and the
exhaustive clustering so that they consider MV mini-grids in their calculations.
The method that the exhaustive clustering applies to determine which intermediate
solutions should be stored should be improved. The current procedure is straightforward, but
it could also consider how the estimated cost of the clustering configurations varies to
determine if it is worth storing an intermediate solution. For example, a clustering solution that
has a cost that is lower than any of the previous solutions could be automatically included in
the hierarchical structure of clusters.
Regarding the top-down clustering, a question that requires more research is whether RNM
should design additional distribution networks from scratch for the remaining grid-connected
consumers after the pruning of several elements. The top-down clustering only uses RNM at
the beginning to design the initial network, and continuous catalogs are used to estimate the
incremental network saving incurred when an element is pruned. The accuracy of these
estimations diminishes as the number of disconnected elements increase, leading to erroneous
pruning decisions. However, the optimization of more distribution networks and the calculation
of the corresponding trees could increase the computation time substantially.
The top-down clustering has been applied to cases with a relatively low number of
consumers (less than 10,000) so far. The optimization of the initial network and the calculation
of the corresponding tree are computationally intensive processes that limit the applicability of
the top-down clustering. It is necessary to develop a robust implementation that relies on
parallel computing techniques and smart simplifications so that the top-down clustering can be
applied in large-scale cases.
The top-down clustering also needs more research to understand why it tends to electrify
many more consumers with grid extension designs than the standard clustering of REM in cases
where the standard clustering of REM provides a better solution.
It would also be interesting to merge the top-down clustering and exhaustive clustering as
they complement each other. The top-down could determine first which consumers are
electrified with an extension of the power grid, and the exhaustive clustering could later group
the remaining ones into off-grid systems.
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“Success is not final, failure is not fatal: it is the courage to continue that counts.”
Winston Churchill

7

7

CONCLUSIONS AND FURTHER RESEARCH

This chapter presents the main conclusions and introduces the lines of future research that
this Ph.D. thesis has laid the ground for. It also summarizes the contributions of this thesis and
the publications derived from this work.
Large-scale electrification planning should balance the level of modeling detail necessary to
attain an acceptable accuracy level with a reasonable computational burden. A model that
requires to run an unmanageable amount of computational resources cannot be used in
practice, whereas a tool that operates with a low level of modeling detail will provide results
that have scarce value.
This thesis has focused on three inherent challenges in large-scale electrification planning,
where an appropriate balance among modeling accuracy and computation requirements is
critical. The first one is generation sizing, and it aims at calculating accurate generation costs
for each potential off-grid system in a region. The second one is clustering, and its goal is to
group the consumers into standalone systems, mini-grids, and grid extensions. The third one is
the network design problem, and it deals with the optimization of the network layout of minigrids and grid extensions.

7.1. Summary and conclusions
This section presents a summary of this thesis and the main conclusions. Both the summary
and the conclusions are classified according to the chapter they belong to. Chapter 2 has
presented a review of large-scale electrification planning tools and methodologies. Chapter 3
has presented an overview of REM and several improvements that were implemented into the
first prototype of REM, enhancing its robustness and consistency. Chapter 4 has described the
methodology that REM applies to design the generation of off-grid systems. Chapter 5 has
introduced a method that can estimate the network cost of any potential low-voltage mini-grid
in a case without the need to calculate its layout. Chapter 6 has presented two clustering
algorithms, and it has compared them with the standard clustering of REM.
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Large-scale electrification planning tools
Several tools and methods address the problem of finding the best techno-economic plan
for a large-scale area in developing countries. Generally, those plans combine traditional grid
extensions with off-grid alternatives such as mini-grids and solar kits.
Chapter 2 has introduced a conceptual formulation of the electrification planning problem
from the techno-economic side, which was missing in the literature. The formulation is used to
classify the main methods and tools according to the degree of modeling complexity that they
consider. Specifically, tools and methods are grouped into three categories: pre-feasibility
tools, intermediate analysis tools, and detailed generation and network design tools.
Pre-feasibility tools operate by aggregating the consumers into villages or cells. They
generally calculate the LCOEs for several electrification alternatives to estimate the
electrification solution of each village or cell. Most pre-feasibility tools take advantage of GISbased technologies, which instantly access input databases, and provide quick solutions at the
expense of a low level of modeling detail.
Intermediate analysis tools also group the consumers into villages or cells, and they estimate
the network layout of the grid extensions using algorithms that are based on the calculation of
an MST. However, they do not include electric considerations such as power flows when
designing the networks. Most of these tools size the generation design with rules of thumb or
relatively simple methods that do not measure seasonalities or the amount of non-served
energy in the dispatch.
Detailed generation and network design tools consider a very high level of modeling detail,
although this comes at the expense of high computational times and the need for many input
data. REM is the only tool that belongs to this category.

Domain-based improvements
Chapter 3 has provided an overall description of the first prototype of REM (Ellman, 2015),
including a description of its algorithms and its financial model. REM calculates the least-cost
electrification plan of a region, which generally includes a combination of standalone systems,
mini-grids with its own generation system, and extensions of the distribution power grid. REM
operates at a very high level of spatial granularity, providing detailed network designs at the
consumer level. REM also operates at a high level of temporal resolution, considering hourly
demand profiles for the consumers (which include residential and productive loads) and
simulating the dispatch of mini-grids and standalone systems. REM incorporates the
topographical features of the terrain when optimizing the network designs of mini-grids and
extensions of the power grid (Drouin, 2018).
REM applies several heuristic algorithms to determine the final electrification solution,
which is calculated by minimizing a combination of the actual cost plus a penalty for the nonserved energy. The actual cost includes investment, operation and maintenance, and
management costs. The penalty for the non-served energy accounts for the non-served
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demand that could result from reliability failures of the main grid or insufficient generation or
storage capacity of off-grid solutions. Reference (MIT & IIT-Comillas Universal Energy Access
Lab, 2019) presents a complete list of projects, theses, and papers related to REM.
Chapter 3 has described the main improvements that have been implemented in the first
prototype of REM, enhancing the robustness and consistency of its solutions. Examples of such
improvements include enhancements in the optimization of generation designs of mini-grids
and their dispatch, upgrades that dramatically improved the clustering of consumers into
systems, and a robust calculation of the distribution networks of mini-grids and extensions of
the power grid.
Chapter 3 has also introduced several upgrades that expanded the capabilities of the first
prototype of REM. Examples of such additional capabilities are the ability of REM to handle
multiple types of consumers and the inclusion of solar kits as a possible electrification solution.
All the improvements and upgrades presented in chapter 3, which have been classified
according to the part of the model they apply to, have significantly enhanced REM’s
performance.

Mini-grid generation design
Most regional planning models estimate the generation cost of off-grid systems using rules
of thumb or analytical expressions. Although these quick estimates provide valuable
information, they are far from a sound recommendation since they ignore essential factors
such as the hourly solar irradiance and explicit recognition of the CNSE.
Chapter 4 has described the strategy that REM uses to obtain the generation cost of any
off-grid system. The straightforward strategy of optimizing from scratch the generation design
of any potential mini-grid fails for computational reasons in regional planning. In order to
alleviate the computational burden, REM optimizes from scratch the generation designs of
several representative combinations of consumers and stores the results in a look-up table so
that generation designs for other combinations of consumers can be interpolated quickly.
This chapter has investigated the impact of modeling the capacities of generation
components with discrete variables in regional planning, performing an analysis that was
missing in the literature. We have concluded that a direct application of a single-village-based
method or tool that is based on discrete components may lead to issues in a large-scale
planning case because it may not capture the trend of economies of scale in generation.
This chapter has proposed two novel methods to overcome the issues that discrete
components may cause. The first one approximates the generation costs of off-grid systems
with a curve that guarantees that economies of scale in generation are adequately captured.
The second method, which is the one that REM currently uses, initially handles the capacities
as continuous variables to estimate the economies of scale in generation. REM can later adjust
the generation designs present in the final solution so that they have real, discrete components
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Estimation of the network cost in mini-grids
Large-scale planning models tend to estimate the network costs considering only geometric
criteria (generally based on the calculation of MSTs). However, a sound network design should
be calculated considering power flows and the usual electric constraints (such as the maximum
voltage drop allowed).
REM uses a different model (RNM) to optimize the network layout of mini-grids and grid
extensions. RNM is a mature model that designs distribution networks considering the
topographical features of the terrain (forbidden zones and raster map of altitudes), network
catalogs that include several lines with different capacities for each voltage level, and the usual
electrical constraints.
However, using RNM to optimize the network layout of each candidate mini-grid and grid
extension is time-consuming. It is useful to develop a methodology that keeps a proper balance
between accuracy and computation speed, going beyond the rules of thumb that most regional
planning models apply but estimating the network cost accurately without the computational
burden related to optimizing the layout from scratch.
Chapter 5 has described a procedure that estimates the network cost of any potential LV
mini-grid in a large-scale case without the need for optimizing its network layout from scratch.
The method optimizes the network designs of a representative set of mini-grids using RNM.
Then, it adjusts the coefficients of a piecewise linear model to estimate the cost of the network
of the remaining mini-grids.
The method considers a wide range of spatial and electrical metrics (such as the length of
the MST that connects all the consumers and the generation site, and central electric moments)
as candidate explanatory variables, and it applies hierarchical regression to determine which
explanatory variables are relevant for each part of the piecewise linear model.
This chapter has presented a case study where our method estimates the network cost
accurately, and it only needs to optimize from scratch the networks of less than 1% of the minigrids. The method has been compared with a more straightforward approach based on the
calculation of an MST, and it can be concluded that it provides significantly better results.

Clustering
Regional planning tools generally do not operate directly with consumers but with
aggregations of consumers such as villages, settlements, or cells. These tools do not try to group
the consumers into systems, and they consider the villages, settlements, or cells as the natural
clustering of consumers. However, the use of administrative or artificial divisions as clusters of
consumers may lead to inefficient solutions from the techno-economic point of view. For
example, the electrification of a village with off-grid systems could be less expensive if the
solution includes a smart combination of mini-grids and standalone systems instead of a single
mini-grid that electrifies all its consumers.
Chapter 6 has presented a clustering algorithm (exhaustive clustering) that groups the

184

consumers into candidate off-grid systems, aiming at the best possible solution from the
techno-economic point of view. The algorithm considers all the costs involved and the tradeoffs among them to reach the final solution. Besides, the cost estimations are based on detailed
modeling of the systems, which is crucial to obtain realistic results. The clustering method we
have proposed is an extension of the standard clustering of REM. The exhaustive clustering
performs an in-depth evaluation of the space of clustering solutions, storing several potential
solutions that form a hierarchical structure of clusters that is later evaluated to determine the
least-cost clustering configuration. We have presented a sensitivity analysis that shows that the
exhaustive clustering systematically outperforms the standard clustering of REM. The
exhaustive clustering also behaves more robustly than the standard clustering because it can
cope with constraints that distort the economies of scale in generation such as the use of solar
kits.
Chapter 6 has also introduced a clustering algorithm (top-down clustering) that determines
which consumers should be electrified with grid extension designs, which has been jointly
developed with an MIT student (Olamide Oladeji) (Oladeji, 2018). The top-down clustering
starts calculating a grid extension that electrifies all the consumers, and then it prunes elements
of the network (lines and transformers) if the consumers downstream are better electrified
with off-grid systems. We have presented a case study that shows that the top-down clustering
provides better results than the standard clustering of REM in some cases, but the standard
clustering of REM performs better in other cases. However, the top-down clustering presents
some structural advantages such as considering the location of the power grid when
determining the off-grid clustering and involving RNM in the estimation of costs related to
network elements.

7.2. Future research
This section describes the future research lines that derive from the work presented in this
thesis, which are classified according to the chapter they belong to. There is an additional
section that includes future research lines related to other aspects of REM.
The future research lines regarding the exhaustive and the top-down clustering (chapter 6)
should be prioritized. The clustering algorithms play an essential role in REM, and the
application of the exhaustive clustering substantially enhanced the model. Additional
developments concerning the clustering could lead to a similar improvement in the final
electrification solution.

Mini-grid generation design
This section includes two future research lines regarding the calculation of off-grid
generation designs in REM: (a) the addition of more generation technologies, and (b) the
implementation of a robust procedure that allows REM to cope with uncertainties. Although
both lines of research are important, we believe that the addition of new generation
technologies is critical and should be prioritized.
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7.2.1.1. Addition of generation technologies
The number of generation technologies that REM currently considers is limited to solar and
diesel, and more technologies such as mini-hydro or wind should be incorporated in future
versions of REM. There has been a first attempt to incorporate wind into REM (Schröder, 2019).
The adaptation of the algorithm that optimizes the generation design of a single off-grid system
has been successful, but there is still work to be done: wind generation is very locational (Liu et
al., 2019), and this poses additional challenges. Topographical features such as the roughness,
the altitude, and the contour of the terrain have a strong influence on the wind profile (Bansal
et al., 2002), and they need to be incorporated in the calculation of the look-up table.
One straightforward approach would be to add an axis to the look-up table that is related
to the hourly wind profile. For example, we could consider three possibilities: low wind profile,
medium wind profile, and high wind profile. Then, the locational features of each candidate
mini-grid would be translated into one value for the wind profile, which would be used to
interpolate in the look-up table. However, the addition of several axes to the look-up table leads
to a substantial increment in computation time, so this approach has limited applicability.
A different approach is based on dimensionality reduction, and it would involve working in
the space of attributes where the addition of new generation technologies or features does not
necessarily imply adding more axes to the look-up table. This approach is not straightforward,
so it would require a significant amount of work.
Another possibility would be to run a case without considering wind generation, and
selecting the off-grid systems where wind generation is promising afterwards. Then, the
generation designs could be recalculated for these systems, including the possibility of wind
generation.
The addition of mini-hydro generation in REM would pose similar challenges because it also
depends on locational features such as the distance of the off-grid system to the hydro site of
interest. It should also be highlighted that the addition of wind and hydro implies the need for
accurate data regarding both technologies. It would be necessary to obtain detailed wind maps
(Elliott, 2002), the location of the potential mini-hydro plants, and the flow rates of the rivers
(among other things) (Mandelli et al., 2013), and it is usually complicated to collect accurate
and detailed input data.
7.2.1.2. Dealing with uncertainties
The current version of REM is not properly equipped to deal with uncertainties because it is
based on deterministic heuristic methods. Regarding the optimization of generation designs,
there is uncertainty in the load because it is complicated to forecast future demand in an
underserved region where there is currently no access to electricity (Mandelli et al., 2016).
There is also uncertainty in the renewable generation, which is related to the solar irradiance
in the case of solar panels (Arun et al., 2009).
There are already methods in the literature that cope with uncertainties when optimizing
the generation design of a single mini-grid, some of them are based on stochastic optimization
techniques (Hajipour et al., 2015) or metaheuristic algorithms (Fioriti et al., 2018) combined
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with Monte-Carlo simulations. A direct application of these methods into REM may fail because
of computational reasons, but it would be interesting to explore an adaptation that only
considers uncertainty in the load. The uncertainty could be modeled with a reduced number
of scenarios concerning the load (i.e., we could consider several scenarios with high levels of
demand, several scenarios with a medium-level of demand, and some scenarios with a lowlevel of demand).

Estimation of the network cost in mini-grids
This section includes future research lines regarding the network cost estimator introduced
in chapter 5, which should be extended so that it can deal with (a) MV mini-grids, (b)
topographical features, and (c) extensions of the power grid. We consider that the inclusion of
MV mini-grids should be reasonably straightforward and should be prioritized. Extending the
network cost estimator so that it can include topographical features and grid extensions seems
more complicated and could require significant efforts.
7.2.2.1. Inclusion of MV mini-grids
The method that estimates the network cost of mini-grids should be extended to consider
MV mini-grids too. MV mini-grids include MV/LV transformers in their distribution networks,
and their cost should be accounted for (Domenech et al., 2018). It could be necessary to
readjust some parts of the method to measure the impact of MV/LV transformers on the total
network cost.
7.2.2.2. Addition of topography
It would also be necessary to improve the network cost estimator so that it can account for
topographical features such as terrain slopes and forbidden areas, which may play an important
role in the network design of a mini-grid (Müller et al., 2016; Shrestha et al., 2016). An initial
idea could be to add a third coordinate to the spatial metrics to account for the terrain altitudes
of the consumers and the generation site of the mini-grid.
We could include some spatial variables that measure the impact of forbidden areas in the
final cost. For each forbidden zone, we could compute the distance between the center of the
forbidden zone and the mini-grid and the total area of the forbidden zone (among other things).
7.2.2.3. Extrapolation to extensions of the power grid
It would be interesting to explore if the network cost estimator can be extrapolated to
estimate the network cost of a grid extension. It would be necessary to include metrics that
account for the location of the candidate connection points and their distance to the cluster,
and the grid energy cost (RNM uses this parameter when designing a distribution network so it
should be included in the method).
The extrapolation of the network cost estimator to deal with grid extensions does not seem
straightforward, and it could require substantial efforts to make it work. However, it could be
directly applied in the grid-extension clustering, replacing the current network cost estimator.
It could also be the starting point of a new grid-extension clustering that followed a logic similar
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to the exhaustive clustering.

Clustering
This section includes future research lines that are related to the two clustering algorithms
introduced in chapter 6: (a) the inclusion of MV mini-grids in the exhaustive clustering, (b) the
development of a new procedure to store clustering solutions in the exhaustive clustering, (c)
a general, robust implementation of the top-down clustering, and (d) the combination of the
exhaustive clustering and the top-down clustering into a single algorithm. The inclusion of MV
mini-grids and the development of a new method to store solutions in the exhaustive clustering
should be prioritized as they are reasonably straightforward, and their development would lead
to a substantial enhancement of the exhaustive clustering.
7.2.3.1. MV mini-grids in the exhaustive clustering
The exhaustive clustering should be expanded to consider MV mini-grids (this depends on
the network cost estimator). Although most mini-grids have an LV distribution network, it could
be reasonable to have MV mini-grids if the economies of scale in generation justify the extra
network cost, or the peak demand of consumers or their dispersion is high enough (Domenech
et al., 2018).
First, it would be necessary to extend the capabilities of the network cost estimator so that
it can handle MV mini-grids. Then, the exhaustive clustering could also explore the clustering
solutions that include MV mini-grids and evaluate their cost. Once the network cost estimator
is upgraded to include MV mini-grids, including them in the exhaustive clustering should be
straightforward.
7.2.3.2. Solutions stored in the exhaustive clustering
The method that the exhaustive clustering uses to determine which intermediate solutions
are stored in the hierarchical structure of clusters should be improved to include rules based
on cost variations. For the time being, the exhaustive clustering stores an intermediate
clustering solution if and only if a certain number of clusters have joined (for example, the
intermediate solutions after 100, 200, 300, …, clusters have joined).
A first approach would involve storing not only the intermediate solutions that appear when
a certain number of clusters have joined, but also storing each clustering solution that has a
lower cost than any previous solution that has already been stored. By doing so, we would at
least guarantee that the lowest-cost solution is stored. If this procedure consumes too much
computer memory in large-scale cases, then we could only store solutions that have a cost that
is 2% (for example) lowest than any of the previous solutions.
7.2.3.3. Robust implementation of the top-down clustering
The current implementation of the top-down clustering has only been tested in cases with
a relatively low number of consumers (less than 10,000 consumers), and the computation time
could be a challenge in cases where the number of consumers is more substantial. A first
approach to alleviate the computational burden would be to parallelize the algorithm: after
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RNM has designed the initial network that electrifies all the consumers, REM could identify the
specific lines of the power grid that RNM has used to design the network. Then, REM could
execute one independent top-down clustering for each line involved.
Another possibility that would reduce the computation time implies joining nearby
consumers together if they are closer than a specified threshold distance (i.e., we could join the
consumers that are closer than five meters) before starting the top-down clustering. RNM
already applies this strategy when designing a distribution network, but REM could consider a
different threshold distance.
Finally, it is necessary to run the top-down clustering in more cases and scrutinize the results
to gain an in-depth understanding of the algorithm and improve its performance. The topdown clustering seems to electrify more consumers with extensions of the power grid than the
standard clustering of REM, and this calls for further research.
7.2.3.4. Combining the top-down and the exhaustive clustering
The top-down and the exhaustive clustering should be merged into a single clustering
algorithm as they are complementary: the top-down clustering determines which consumers
should be electrified with grid extensions, and the exhaustive clustering groups into mini-grids
the remaining ones.
This implementation should be straightforward, but we believe that it would be better to
continue developing both algorithms separately for a while before considering the possibility
of merging them.

The future of REM
There are several future research lines related to enhancing the functionality of the model
or improving the performance of the current algorithms. This section describes what we
consider to be the remaining short-term priorities regarding REM development: (a) an accurate
calculation of the upstream reinforcements, (b) a robust implementation of the solar kits, and
(c) the automated calculation of synthetic demand patterns. The robust implementation of
solar kits should be prioritized since it would require a reduced effort to complete it.
7.2.4.1. Upstream reinforcements
The impact of grid-connections on the upstream distribution and transmission network
should be better modeled. For the time being, REM assumes that the cost of upstream
reinforcements is included in the constant input parameter that accounts for the energy cost
of the power grid.
A first approach consists in applying a brownfield10 model to the extensions of the power
grid to calculate the reinforcements required upstream. This approach would lead to

We should distinguish between greenfield and brownfield models. A greenfield model designs a
distribution network from scratch, and a brownfield model reinforces the already-existing network to
account for new consumers or an increase of the demand. The RNM that REM currently applies to
calculate the networks is a greenfield model, but there is also a brownfield RNM model.
10
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suboptimal solutions because an extension of the power grid could stop being the least-cost
electrification alternative once the cost of upstream reinforcements is calculated. However, the
approach can be extended to an iterative process in which the cost of upstream reinforcements
is used to update the input parameter that accounts for the energy cost of the power grid.
Then, REM obtains a new electrification solution. These ideas have already been tested
(Cotterman, 2017), but they are still in a preliminary stage and performing an iterative process
could be excessively time-consuming in a large-scale case.
A different alternative involves the top-down clustering algorithm. When the top-down
clustering designs the initial network, REM could apply a brownfield RNM model to calculate
the cost of the reinforcements needed. Then, those costs would be included in the costcomparisons that determine which consumers would be better electrified with off-grid
alternatives. We consider that this line of research is critical, and substantial efforts should be
devoted to developing a robust and efficient method that could be applied in REM.
7.2.4.2. Solar kits
Solar kits should be better modeled in REM. The current version of REM determines
whether to use a solar kit or an AC system to electrify an isolated consumer considering only
the peak demand of the consumer (i.e., the solar kit is used if and only if the peak demand of
the consumer is below a specific value). REM also calculates the amount of unserved demand
related to solar kits with a quick estimation, instead of simulating the hourly dispatch of the
system.
The future version of REM should model solar kits accurately, which could be achieved by
simulating the hourly dispatch of solar kits to calculate the amount of non-served demand. It
would be necessary to include a generation catalog for the solar kits in REM to simulate the
dispatch. REM could then compare the cost of the solar kit with the cost of an AC system to
determine the electrification solution for an isolated consumer, instead of doing a quick
calculation with the peak demand.
REM could also include several solar kits (the current version of REM only includes one solar
kit) and perform a cost-comparison to determine the least-cost individual system for each
consumer type.
7.2.4.3. Synthetic demand patterns
Large-scale planning cases have multiple types of loads, such as residential households,
schools, hospitals or telecom towers (among many others). Each type of load has a demand
profile that is considered in the calculation of the look-up table and could be independent of
the remaining profiles.
REM allows the user to define basic demand patterns to narrow the number of dimensions
of the look-up table. The demand profile of each type of load is expressed as a linear
combination of the basic demand patterns, limiting the number of dimensions of the look-up
table to the number of basic demand patterns.
However, the manual calculation of the basic demand patterns is complicated in cases with
many types of loads. It is useful to develop a procedure that automatically calculates the basic
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demand patterns out of the load profiles, and we use the term "synthetic demand pattern" to
refer to a basic demand pattern calculated with a dimensionality reduction method.
We are currently working on the calculation of synthetic demand patterns applying PCA,
but more work is required to obtain a solution that can be implemented in REM. The following
points need further research:
•

Synthetic demand patterns do not have a physical meaning, and they could take
negative values. It would be useful to find a method that produces synthetic patterns
without negative demands.

•

The user currently determines the representative off-grid systems whose generation
designs are calculated from scratch, but it is unclear if this is compatible with the
automated calculation of synthetic demand patterns. It could be necessary to develop
a robust method that automatically determines the representative off-grid systems
whose generation designs are calculated from scratch.

•

PCA allows the use of weights so that the profiles of some load types are approximated
accurately, but it comes at the expense of losing precision in the approximation of the
remaining load types. Further research is needed to determine how to assign weights
to the demand profiles of consumers when calculating the synthetic demand patterns.

7.3. Contributions
This section summarizes the main contributions of this thesis. The contributions are
classified according to the chapters of this work.

Large-scale electrification planning tools
The contributions presented in chapter 2 are:
•
•
•

The definition of the electrification problem from a techno-economic perspective,
including a formulation that is used to compare tools and methodologies.
The critical review of large-scale electrification planning methods and tools,
incorporating considerations about both modeling and solution methods.
The list of the main challenges concerning electrification planning tools that should be
addressed by the electrification community.

Domain-based improvements
The contribution presented in chapter 3 is:
•

An in-depth analysis that has led to the transformation of the first prototype of REM –
conceptually sound at a high level, but dysfunctional when applied to actual
electrification cases – into a sound, reliable, and fully functional computer tool that has
been already used in developing the master electrification plans of various countries,
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from Indonesia and Cambodia to Rwanda and Mozambique, plus specific analysis in
territories of Nigeria and India, among other cases. This has been achieved by
identifying the existing shortcomings in the initial algorithms and overcoming them.
This has resulted in significant improvements in the performance of (a) the
optimization of generation designs for off-grid systems, (b) the clustering of consumers
into candidate mini-grids and extensions of the power grid, and (c) the calculation of
the final electrification mode of each cluster. The analysis has also led to
enhancements that expanded the capabilities of the model, allowing REM to consider
different consumer types and including solar kits as a viable electrification alternative.

Mini-grid generation design
The contributions presented in chapter 4 are:
•

•

The study of the impact of discrete off-grid generation components (such as diesel
generators) in the standard off-grid clustering of REM, which groups the consumers
into mini-grids according to the generation costs (among others). This study has shown
that a method that optimizes the generation designs modeling all the capacities with
discrete variables (such as methods that operate with an individual village or
settlement) may lead to suboptimal solutions when grouping the consumers into minigrids.
Two alternative methods that mitigate the impact of discrete off-grid generation
components in the standard clustering of REM. The first one approximates the
generation costs with a smooth curve, and the second one models the capacity of
elements that could alter the economies of scale with continuous variables. Both
methods ensure that larger mini-grids benefit from economies of scale in generation
when grouping the consumers into mini-grids, but the method based on continuous
variables is directly applicable to cases with several types of loads.

Estimation of the network cost of mini-grids
The contribution presented in chapter 5 is:
•

A method that can estimate the network cost of any potential LV mini-grid in a region.
The method optimizes the network design of a representative subset of mini-grids,
and it uses the results to determine the explanatory variables and the coefficients of a
piecewise linear model, which can estimate the network cost of any LV mini-grid. We
have presented a real case study where the network cost of each mini-grid is calculated
accurately, and less than 1% of the network designs are optimized from scratch.

Clustering
The contributions presented in chapter 6 are:
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•

•

A clustering algorithm, named exhaustive clustering, that aims at determining the best
grouping of consumers into off-grid systems. This method applies the network cost
estimator presented in chapter 5, and it presents substantial advantages over the
standard off-grid clustering of REM. On the one hand, the exhaustive clustering is more
robust than the standard off-grid clustering because it performs a broader exploration
of the space of potential clustering solutions. On the other hand, the standard
clustering follows a logic that requires monotonous economies of scale in generation
(i.e., the quotient between the generation cost and the total demand of a mini-grid
cannot increase when the total demand of that mini-grid increases), but the exhaustive
clustering can handle elements or constraints that are not compatible with
monotonous economies of scale in generation (such as solar kits).
A clustering algorithm, named top-down clustering, that determines which consumers
should be electrified with extensions of the distribution power grid. This method
presents several advantages over the standard clustering of REM. For example, the
top-down clustering can handle topographical features such as terrain slopes or
forbidden zones that distribution lines cannot cross, and the standard clustering of
REM is not fully compatible with topography. Moreover, the cost estimations of
network elements (lines and transformers) are better in the top-down clustering than
in the standard clustering.

7.4. Publications
Part of the work presented in this thesis has been published in the following papers:
Ciller, P., Lumbreras, S., 2020. Electricity for all: The contribution of large-scale planning
tools to the energy-access problem. Renewable and Sustainable Energy Reviews 120, 109624.
https://doi.org/10.1016/j.rser.2019.109624
Ciller, P., Ellman, D., Vergara, C., Gonzalez-Garcia, A., Lee, S.J., Drouin, C., Brusnahan, M.,
Borofsky, Y., Mateo, C., Amatya, R., Palacios, R., Stoner, R., de Cuadra, F., Perez-Arriaga, I., 2019.
Optimal Electrification Planning Incorporating On- and Off-Grid Technologies: The Reference
Electrification Model (REM). Proceedings of the IEEE 107, 1872–1905.
https://doi.org/10.1109/JPROC.2019.2922543
Ciller, P., de Cuadra, F., Lumbreras, S., 2019. Optimizing Off-Grid Generation in Large-Scale
Electrification-Planning Problems: A Direct-Search Approach. Energies 12, 4634.
https://doi.org/10.3390/en12244634
We expect that part of the work presented in this thesis will be published in the following
papers:
P. Ciller et al., Network cost estimation for mini-grids in large-scale rural electrification
planning. Under preparation.
Oladeji, O., Ciller, P., de Cuadra, F., Perez-Arriaga, I. Partitioning Distribution Networks: An
Approach to Integrated Electrification Planning. IEEE Transactions on Power Systems.
Submitted.
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Some of the developments presented in this thesis were applied in cases that were analyzed
for a collaboration in the following two books:
International Energy Agency, 2018. World Energy Outlook 2018. International Energy
Agency, Paris. URL https://www.oecd-ilibrary.org/content/publication/weo-2018-en
International Energy Agency, 2019. Africa Energy Outlook 2019. International Energy
Agency, Paris. URL https://www.iea.org/reports/africa-energy-outlook-2019
In the first book mentioned (International Energy Agency, 2018), REM was applied to
analyze the potential for clean cooking in a representative area of Africa. REM was also applied
to study the importance of accurate demand projections and detailed spatial designs that go
down to the building level in a region located in the South Service Territory in Uganda.
In the second book mentioned (International Energy Agency, 2019), REM was used to
determine the impact of the grid reliability in the final electrification solution in a region located
in Rwanda.
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