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Abstract

Electricity is essential for socio-economic development, quality of life, and environmental
protection. Despite significant improvements in rural electrification, millions of people in
rural areas of developing countries, especially in sub-Saharan Africa, still lack access to
electricity. Off-grid mini-grid systems are a promising alternative to traditional grid
expansion, but ensuring their economic viability remains a significant challenge. To enhance
economic viability, most studies have focused on supply-side solutions; however, many mini-
grid programs in developing countries are still failing for various reasons, including
inadequate integration of demand-side factors such as load estimation, demand development,

demand-side management, and load composition.

The thesis aims to address mini-grid economic viability challenges by examining how
demand-side factors impact the planning, operational and tariff design of mini-grids, focusing
on four key specific objectives. First, comparing interview- and measurement-based load
profile estimation methods, identifying load categories and specific appliances responsible
for significant differences. The impact of these differences between methods and the
difference in load profile resolution on mini-grid sizing and cost is also examined using the
PSO algorithm. The findings reveal that interview-based methods underestimate peak loads,
daily energy use, and system costs (by up to 52%). The underestimation is more pronounced
for household load categories, due to appliances with high power ratings and cyclic operation
(e.g. electric cooking appliances). Hourly electric load estimation methods also lead to (9%)

cost underestimation.

Second, exploring the advantages of a multi-year-adaptive design approach on cost-optimal
long-term mini-grid component sizing under different demand evolution scenarios. PSO
algorithm is used with measured loads to determine component sizes under three demand
evolution scenarios and various design approaches. The results show that the multi-year-
adaptive approach helps to manage demand evolution challenges. It leads to significant cost-
savings in higher demand evolution scenarios compared to multi-year and single-year
approaches. These cost-savings increase with load flexibility (up to 4% with 10% flexibility),
higher discount rates (up to 9.4% with rates from 7% to 20 %), and component cost
reductions (up to 3.6% per 1% reduction). The study demonstrates how an adaptive
approach can be utilized to optimize mini-grid component sizing and enhance cost

efficiency.

Third, determining the impacts of demand-side management implementation and shifting

hours of electric cooking operation on the cost-efficient mini-grid sizing. To determine the



impact of demand-side management and shifting hours on mini-grid sizing and cost, a shifting
strategy is applied based on classification into high- and low priority loads. The results indicate
that implementing demand-side management on different load categories leads to significant
variations in potential levelized cost of energy reductions. Household and productive use load
categories have the largest capacity to reduce the levelized cost of energy. Shifting hours of
electric cooking in the household impacts the size of the mini-grid component, resulting in a

system cost reduction.

Finally, the thesis examines the impact of load compositions on the economic viability of
rural mini-grids, addressing the challenges of revenue and tariff settings due to future demand
uncertainties in already installed mini-grids. Using normalized high-resolution measurements
of households and productive users load profiles, the study determines the optimal load
composition that maximizes mini-grid revenue. Results indicate that for a system with fixed
capacity, there is an optimal mix of household and productive users that leads to high
revenue. However, this composition changes with differentiated tariffs between households
and productive users. Additionally, analysis using a mini-grid with spare capacity and three
future load composition scenarios under five tariff structures (fixed energy, fixed and
variable, time-of-use, power, and hybrid) shows that future load compositions
significantly impact cost-reflective tariffs and users' monthly bills, with the impact varying

across the tariff structures.

Keywords: Mini-grid; load estimation method; multi-year-adaptive design approach;
demand uncertainty; demand-side management; load categories; load composition; tariff

structures
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1. Introduction

In this chapter the background of the thesis along with the identified problem of statement
of the thesis are presented. Additionally, it outlines the main and specific objectives, the
research questions, and the key scientific contributions of the thesis, along with the resulting

scientific publications.

1.1.Background
The United Nations (UN), consisting of 193 member states, adopted the 2030 Agenda for

Sustainable Development on September 5, 2015. The 17 Sustainable Development goals
(SDG) outlined in this agenda includes a subset specifically aimed at improving people’s living
standards [1]. Among these goals, SDG 7 emphasizes access to affordable and clean energy,
such as electricity, which is a key enabler of socio-economic development and enhanced living
conditions. Electricity facilitates lighting, modern appliances, and comfort while driving
progress in sectors like healthcare, education, and agriculture through the operation of essential
tools and equipment [2]. Notably, modern energy system transformation is vital for achieving

all SDGs, with ~65% of targets linked to energy-related actions [3].

Despite significant global progress in increasing electric access, increasing from 83% in 2010
to 91% in 2020, substantial challenges persist, particularly in the Global South [4]. In 2023,
750 million people still lacked access to electricity, a decrease of only 10 million from 2022,
according to the International Energy Agency (IEA) [5]. The majority of those without access
reside in developing countries, especially in rural areas of sub-Saharan Africa (SSA), which
constitutes a significant portion of the global energy gap [4]. The IEA projects that by 2030,
approximately 660 million people will still lack electricity access, with 85%, around 560

million, residing in SSA [4].

Communities lacking electricity often rely on inefficient and harmful energy sources, such
as biomass, kerosene, and diesel generators. These practices not only harm the environment
and contribute to global warming but also pose significant health risks due to fumes and fire
hazards. Moreover, many of these communities depend on agriculture, yet limited electricity
access restricts agricultural commercialization by preventing value-added processing and other

productivity-enhancing measures [6].

To advance the broader SDG in SSA, fostering an innovative and sustainable energy
transition in rural areas is essential for expanding electricity access [1]. Previous efforts to

increase electricity access mainly relied on extending the centralized national grids, known as
1



grid extension. In SSA, government-controlled utilities oversee grid extension efforts.
However, unsustainable economies and high debt levels have constrained government budgets
in many SSA countries, making it challenging to achieve SDG 7 through grid extension alone
[4]. This risk increased in 2020 due to the COVID-19 pandemic and continued population
growth, which resulted in the highest number of people without electricity in the SSA for the
first time since 2013 [7].

Users in rural areas of SSA often exhibit distinct electricity demand characteristics and
driving factors, which differ significantly from those of users connected to main grids [8]. The
electricity demand in rural areas of SSA is characterized by dispersed consumers, low
consumption, and typically low-income levels [9]. The geographical remoteness and low
electricity consumption of rural users make grid extensions inefficient and costly, driving up

electricity tariffs [10], while low-income levels limit their willingness to pay for electricity

[11].

In recent years, both the performance of renewable energy technologies (RETs) and energy
storage have improved, and their capital costs have decreased [12]. Among RETs, solar
photovoltaic (PV) systems are gaining traction in SSA [13]. However, their costs in SSA are
still much higher than the world average due to political, financial, and technological risks [14].
Additionally, countries in SSA have an abundance of renewable energy resources (RES), such
as solar PV, wind power, small-scale hydropower, biomass, etc. Due to the potential of these
resources, the remoteness and isolation of rural communities, and the low cost-effectiveness of
grid extension for rural electrification, other oft-grid electrification options are emerging, such

as the solar home systems and mini-grids.

Solar Home Systems (SHSs), which are devices composed of a rooftop solar panel and a
small battery that supply electricity for a few low-consuming household appliances, are used
to electrify rural areas. They are usually designed to directly serve DC loads for lighting, and
cell phone charging, but also larger appliances such as TVs or fridges. Despite their
affordability, SHSs positively impact the rural quality of life or improve rural living [15].
However, SHSs are inadequate for fostering the economic development of rural areas, which

is largely driven by productive users [16].

Productive use of electricity (PU) can be defined as the use of electricity in operations that
enhance revenue or improve economic value. Some studies have defined it more broadly,

including the use of energy, both electrical and non-electric, for activities that enhance welfare

2



and income outcomes, such as gender equality, health, and education [17]. This study defines
productive use based on the first definition, focusing on economic activities rather than a

broader interpretation that includes electricity consumption for improving well-being.

Productive uses demand more power and energy than households (HHs), with their average
monthly electricity consumption often more than three times higher than that of typical
households [18]. In order to supply electricity for productive uses, larger systems, such as mini-
grids, are needed rather than solar home systems. Mini-grids are electric power generation and
distribution systems that may provide electricity to just a few customers in a remote settlement

or bring power to hundreds of thousands of customers in a town or city [13].

In the literature, the distinction between 'micro-grid' and 'mini-grid' is defined from a supply-
side perspective. Some define micro-grids as systems in the range of tens to hundreds of kW,
while mini-grids are associated with larger decentralized systems in the MW scale. Other
literature provides varying definitions based on connectivity, and operational characteristics.
However, due to the dynamic nature of electricity demand and its expansion over time and
across different areas, strict size-based definitions are limiting. In this study, the term 'mini-

grid' is used interchangeably to describe both terms.

Mini-grids can be either fully isolated from the national grid (off-grid) or connected to it.
Mini-grids can be developed or operated by state utilities, private companies, communities,
non-governmental organizations, or a mix of different players such as public-private
partnerships. The mini-grids can run on diesel, RES (solar PV, hydro, wind, biomass, etc.), or

as RES-diesel hybrids (HRES) [19].

Mini-grids are considered the most economically feasible solution for generating the
electricity needed to achieve SDG 7, according to IEA [5]. The World Bank estimates that in
2019, 47 million people worldwide were connected to 19,000 mini-grids, mostly hydro and
diesel-powered, at a total investment cost of $28 billion [19]. In order to reach universal access
by 2030, 490 million people will have to be served by at least 210,000 mini-grids, mostly solar
PV based, requiring an investment of $220 billion [19]. However, the costs of mini-grids are
still expensive for non-electrified rural areas, especially in SSA countries [20]. As a result, most
mini-grids in SSA depend on grants and subsidies to cover at least 30% of their investment
costs [21]. To support the SDG 7 goal, the UN has allocated more than half of the estimated

$45 billion annual budget to mini-grids and isolated power systems [22].



The economic viability of mini-grids (the ability to generate sufficient revenue to cover both
capital and operational costs while ensuring long-term financial sustainability) depends on
accurate planning to meet demand. Oversizing the system in anticipation of growing demand
leads to a poor system economy, hindering cost recovery and increasing tariffs and upfront
costs [23,24], while undersizing results in poor performance and reliability, potentially slowing
down local development by failing to meet demand growth or providing unreliable supply, thus

limiting growth [24,25].

Mini-grid planning involves a defined set of actions in the selection (viz. identifying, sizing,
and designing) of suitable technology mixes, and this may be guided by optimization based on
appropriate criteria (viz. mathematical programming) and matching of available energy
resources with the demand [26]. Based on the time scale considered during planning, the
planning horizon can be divided into short-term (from one month to one year), medium-term

(from one to ten years), and long-term' (beyond fifteen years) [27,28].

Mini-grids initial investment cost depends on the size of the installed components. The sizing
of components of a mini-grid in a cost-optimal manner (minimized investment and running
cost) is tied to the demand knowledge [29]. To acquire demand knowledge, it is necessary to

conduct demand assessment, load profile estimation, and analysis [30].

Demand assessment is conducted to estimate electricity demand and develop a corresponding
load profile that indicates the variation of electricity demand or load over a specific time
interval. The terms "electricity demand" and "load" are often used interchangeably but have
differences. Electricity demand refers to the amount of electricity consumption desired by
consumers at a given time, while load is the actual electricity consumption of consumers. In
the literature, various methods are employed to estimate the electricity demand in non-
electrified rural areas. Among them: (i) Tier-based method - assigning pre-defined consumption
tiers to different areas or users [31]. (ii) Relying on observed data from communities having
similar socio-economic characteristics method - this is based on the assumption that
communities that share similar socio-economic and geographical traits will share similar
electricity demand [24]. (iii) Load Archetypes method - estimating electricity demand by
defining load profiles for different user categories, which are then applied to simulate the

overall load of a community [32]. (/V) Interview method - estimating electricity demand by

1 The lifetime of mini-grids depends on the selected renewable energy sources [35].



gathering data on appliance usage through interviews [29]. (V) Measurement method-

estimating load profiles from data collected through electricity measuring equipment [30].

The demand assessment methods can be categorized into top-down (econometric) and
bottom-up (end-use) approaches. The top-down approach is based on large, aggregated data
sets and uses mathematical methods to estimate demand and its evolution over time. The
bottom-up approach is based on the behavior of every single user and summing up the effects
at the community level. Due to the high socio-technical complexity faced in rural areas, it is
difficult for top-down approaches to estimate demand efficiently. The bottom-up approaches
relatively can produce a more realistic load profile but, they suffer from a lack of data in

developing countries [29].

In mini-grid planning, different design approaches are utilized, mostly aiming for the least-
cost sizes to meet future electricity demand [27,33]. The commonly used “static/single-year”
design approach determines the component size and costs by using a representative, mostly
single-year, demand profile [34], assuming a constant demand. The multi-year approach, which
considers demand evolution over the full planning horizon to determine component size and
cost, is also utilized [35]. Additionally, an adaptive design is an iterative approach that makes
investment decisions for a specific period of time, typically annually, by increasing the system's

capacity to meet both past and expected future demand growth [23,35].

The mini-grids are often powered by RES. The output of RES is variable and is not known
with perfect accuracy [36]. This variability necessitates the incorporation of expensive energy
storage to minimize the effects of intermittence [37], or the installation of additional generation
capacity [38]. There are also demand variations on sub-hourly, hourly, daily, and/or seasonal
timeframes [39]. Given the intermittency of RESs, the evolving costs and performance
characteristics of individual technologies, and the uncertainties in the electricity demand, an

energy management system is required in mini-grids.

Flexibility can broadly be defined as a system’s ability to cope with variability in supply and
demand side while maintaining reliability at a reasonable cost over different time horizons.
Flexibility can be divided into short-term (i.e., flexibility adequacy) and long-term (i.e., system
adequacy). Flexibility adequacy refers to the short-term ability to keep the system balanced,
whereas system adequacy (the primary concern of the system) refers to the system's long-term
ability to meet its demand [23,40]. In mini-grids, load flexibility refers to a system's ability to

adjust electricity demand based on supply conditions, particularly to accommodate the
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variability of RESs such as solar and wind. This involves shifting or reducing loads during
peak times or when the generation is low, as well as increasing demand when there is excess

generation [41].

Flexible generation units, like hydropower or gas power, can provide flexibility in the supply
side [42]. On the demand side, load flexibility can be achieved by demand-side management
(DSM) [41]. DSM is a strategy that enables the interaction between consumer and utility, being
geared towards improving energy efficiency through demand profile modifications. There are
six broadly discussed and implemented techniques for DSM, including peak clipping, valley
filling, load shifting, load building, strategic conservation, and strategic load growth [43]. Load
shifting refers to the possibility of shifting electricity demand in time, either to offset peak
demand or to off-peak periods. It is the most commonly used DSM strategy, categorizing loads
based on various criteria [43]. The demand response (DR) program is a branch of DSM that
aims to motivate and influence electricity consumers to reshape their energy demands in return

for benefits offered by utility companies [37].

Once the technical solution is determined, a suitable business model is identified to ensure
the financial sustainability of the project. Within this step, the financial strategy for energy
service provision is established, and the tariff is set [31]. This is crucial because generating a
reasonable return on investment, typically dependent on these set tariffs, is essential for mini-
grids to be perceived as commercially viable and to secure their long-term economic

sustainability [44].

In SSA countries, mini-grid tariffs are calculated using five methodologies: (i) uniform
national tariff, matching with main grid tariff; (ii) efficient new entrant approach, which sets a
benchmark tariff estimated as the cost of service for a new market entrant; (iii) bid tariff, set
by the lowest price bid in a competitive process; (iv) individualized cost-based tariff, tailored
to each mini-grids cost recovery limit by the regulator; and (v) willing buyer/willing seller

model, where tariffs are agreed upon between the developer and customers [45].

Countries like Ethiopia (for capacity greater than 200kW), Kenya, and Rwanda have adopted
individualized cost-based tariffs, which help ensure cost recovery for developers and attract
private investment by reflecting project-specific costs. However, this approach faces challenges
in regulating mini-grids as infrastructure due to long payback periods and uncertainties, such

as the potential arrival of the main grid and future demand fluctuations [45].



Tariffs determined using different methodologies can have distinct structures, such as energy-
based, power-based, or hybrid tariffs (HT), which combine both. Energy-based tariffs depend
on metered energy usage, encouraging energy conservation, while power-based tariffs (PT) are
based on maximum power consumption and aim to limit peak usage. Energy-based tariffs can
either be fixed (fixed energy tariff, FET) or vary over time, such as time-of-use (ToU) tariffs,

which can support DSM strategies [46].

Block tariffs are another approach, charging different rates based on usage levels and
applying additional fees for exceeding thresholds [47]. Furthermore, the fixed and variable
tariff (FVT) is an energy-based tariff structure where the fixed rate covers a predetermined cost
per connection, and the variable rate depends on energy consumption within a specific time
period, typically one month. Tariffs can also be tailored to specific load categories, such as
households, productive uses, and community loads (CL), reflecting their varying usage patterns
[47]. The varying shares of these load categories within the system, particularly households,

and productive uses in this thesis, is called load composition.

1.2. Overview of the energy sector and mini-grids in Ethiopia

Ethiopia, with a landmass of 1.1 million square kilometers, is the third-largest and second-
most populous nation in SSA, with an estimated population of approximately 120 million. The
country is rich in renewable energy resources and benefits from geographically advantageous
locations. Ethiopia has an estimated exploitable hydropower potential of 45,000MW, solar
energy potential of 106GW with an average insolation of 5.5kWh/m? even during the rainy
season, wind energy potential of 10,000MW with average wind speeds of 3.5-5.5m/s for 6
hours per day, geothermal energy potential of 7,000MW, and 15-30 million tons of agricultural
waste that can be utilized for energy generation. Ethiopia also holds the second-highest
installed electricity generation capacity in SSA, at 4.5GW, with hydropower accounting for

nearly 90% of the total generation capacity [48,49].

Despite Ethiopia's massive potential in diversified energy sources, the electricity access rate
remains low. According to World Bank data from 2022, electricity access is only 43% in rural
areas and 94% in urban areas, resulting in approximately 55% total access to electricity
nationwide [4]. Studies reveal that around 89% of Ethiopia's total energy consumption in
households is dedicated to cooking, with a significant portion used for baking injera.
Preparation of injera, the cultural staple bread food item in Ethiopia, is known for its intensive

energy consuming cooking, requiring 5—6 kW per cooker [50]. Due to limited electricity access,



a large proportion of the population, particularly in rural areas, continues to depend on non-

renewable and unclean energy sources [51].

According to Ethiopia's National Electrification Plan (NEP 2.0), the Ministry of Water,
Irrigation, and Energy, responsible for planning and promoting energy sector development,
aims to achieve universal electricity access by 2025 [52]. The plan envisions meeting 65% of
the country's electricity demand through the national grid, while the remaining 35% will be
supplied by off-grid solutions, primarily solar home systems and solar PV mini-grids.
According to the Ethiopian Energy Agency (EEA) mini-grid is defined as “an off-grid
electricity generation and distribution system, i.e. a set of electricity generators and possibly
energy storage systems (distributed or embedded) interconnected to a distribution network that
supplies electricity to a localized group of customers with maximum capacity up to 10MW and

is not connected to the national grid” [53].

According to NEP 2.0, there are two main approaches to implementing mini-grid projects in
rural areas. The first involves government-led initiatives, where the Ethiopian Electric Utility
(EEU)? identifies 250 oftf-grid rural sites that are not yet connected to the national grid and
require electrification through solar PV-based mini-grids. The second approach invites private
companies to bid on these projects as part of the Universal Electricity Access Program (UEAP)
[52]. By 2024, the EEU and private companies had constructed fourteen solar PV-battery mini-
grids with capacities ranging from 75kWp to 725kWp, out of the planned 250, with additional
projects still under construction. Table 1 presents the capacity and location of these mini-grids.
This indicates that, despite various efforts to implement off-grid solutions, Ethiopia continues

to face significant challenges in achieving full electrification by 2030.

Table 1. Installed mini-grids in Ethiopia [54]

No | Location | Capacity | Installed No | Location | Capacity | Installed
(kw) (year) (kw) (year)
1 Koftu 250 2018 8 Biltu 75 2021
2 Qorelle | 325 2020 9 Behima | 200 2021
3 Alebasa | 275 2020 10 | Wassel 300 2021
4 Uguge 175 2021 11 | Bambaho | 275 2021
5 Tum 550 2021 12 | Kursewad | 75 2021
6 Omorate | 375 2021 13 | Daratole | 725 2024
7 Mino 225 2021 14 | Higlole 600 2024

2 EEU is a state-owned utility company that manages power distribution and sales from all power plants in Ethiopia including mini-grids.
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1.3. Problem statement

While mini-grids are crucial for enhancing electricity access in rural areas of developing
countries and achieving SDG 7, one of the significant challenges remain in ensuring their
economic viability for effectively expanding access [55]. Most existing studies on ensuring the
economic viability of mini-grids have focused on the supply side, addressing aspects such as
selecting appropriate technologies, optimizing component sizing, and minimizing upfront and
operational costs through various optimization algorithms and management systems. Despite
these efforts, many mini-grid programs in developing countries are still failing due to various

reasons, including socio-economic dynamics and regulatory challenges [10].

The socio-economic characteristics of users, including their living habits and perceptions of
technologies, are primarily reflected in their electricity demand characteristics [33]. To address
the challenges related to the economic viability of mini-grids, it is crucial to examine the
demand-side constraints and potential. Although few studies have examined the impact of
electricity demand dynamics and usage behaviors of rural communities on the economic
viability of mini-grids, they highlight the need to account for such changes in off-grid mini-
grid planning [25,56]. However, there remains a lack of understanding, particularly regarding
how demand-side factors such as load estimation, future demand development, demand-side
management, and load composition impact the planning, operation, and tariff design of mini-

grids.

Among these demand-side factors, load estimation is particularly challenging in mini-grid
planning for developing countries because of the lack of reliable, high-resolution data on
electricity demand, particularly in rural areas. This lack of data can impact the ability to design
and implement economically viable mini-grids. Interviews used to collect appliance ownership
and usage data are the most common method for estimating electricity load profiles; however,
these estimates often lack accuracy [32]. For instance, in Ethiopia, load estimation for mini-
grid design have typically been conducted using data that is often inaccurate, outdated, or
insufficient, such as the number of households in a town or satellite imagery, rather than
through extensive and detailed on-site demand assessments [25]. This can hinder the
deployment of solutions aimed at improving access to electricity in rural areas, such as the
design of economically viable mini-grids. Thus, to minimize the effects of uncertainties in load

estimation, it is essential to understand the errors that occur in the estimation methods.



Electricity demand development over time is subject to significant uncertainties [57]. As a
result, mini-grids often face challenges due to these uncertainties, which hinder realistic
planning by failing to account for socio-economic dynamics and productive use growth [10].
This is largely attributed to the complex socio-economic dynamics in areas with little or no
historical consumption data, frequent policy changes, and erratic technology diffusion [27].
Minimizing the impact of uncertainties in demand development needs mini-grid design

approaches that help to deal with the uncertainty in future demand.

Due to the typically low electricity usage of customers in rural areas, mini-grids often
struggle to generate the critical revenue needed for financial viability [16]. This challenge is
particularly pronounced in villages comprised solely of households, where providing
affordable electricity to geographically remote communities with dispersed populations, low
usage levels, and incomes averaging $1.50 a day poses significant difficulties [52,58].
Consequently, in SSA, private investors have been hesitant to invest in mini-grids due to high

levels of uncertainty and an unbalanced risk-return profile [57].

Demand-side management implementation strategies, implemented in various ways, are
critical to the economic viability of mini-grids and need to be examined thoroughly. While
demand-side management implementation has been studied at both the system and appliance
levels, controlling each appliance poses challenges in rural areas, such as increasing cost.
Additionally, studies focus more on productive users. Therefore, to fully exploit the potential
of demand-side management in rural areas, a strategy that reduces infrastructure costs and
expands its application from productive uses to households and community loads is essential.
This requires an analysis of its implementation strategy impact on mini-grid cost efficiency

across different load categories.

Mini-grids are often designed with the expectation of becoming economically viable once
installed, and this may attract commercial funding. However, low electricity usage by both
households and productive users in rural areas limit the revenue and hinder the economic
viability of mini-grids [16]. Economic viability also depends on the ability to recover costs
through cost-reflective tariffs. Yet, a significant gap between electricity cost-reflective tariftfs
and actual costs complicates long-term financing and cost recovery [59]. Designing these tariffs
is further complicated by demand uncertainties, which affect not only the rate of demand
growth but also the composition of that demand. This indicates the need to examine the impact

of load composition on revenue and tariff design.
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Therefore, investigating and understanding the impact of demand-side factors, including load
estimation, future demand development, demand-side management, and load composition, is
crucial to ensuring the economic viability of mini-grids, particularly for achieving both global

and local electrification goals.

1.4. Objective
1.4.1. Main objective

To develop economically viable mini-grids in rural areas, it is essential to address the
knowledge gaps in the existing literature regarding key barriers on the demand side that can
affect the supply side of mini-grids. Therefore, the main objective of the thesis is to examine
the impact of demand-side factors on the planning, operation, and tariff design of rural mini-

grids, with a focus on improving their economic viability.

The findings of this thesis will thereby contribute to scientific knowledge that helps to
address the low electrification rates in rural areas and developing countries at large.
Additionally, it will support the establishment of mini-grids as a solution to transform the

electrification conditions of rural communities in developing countries.

1.4.2. Specific objective
To achieve the main objectives of this thesis, the specific objectives and main research

questions addressed in the thesis are:

Specific objective 1: To compare electricity load estimation methods in rural mini-grids,

focusing on a case study in Ethiopia.

This will be used to answer the following research questions.

= How do electric load profile estimations using interviews and measurements differ in
the case of Ethiopia?

* How may the electric load estimation methods differences impact mini-grid sizing and
cost estimation?

= How may hourly electric load estimation impact mini-grid sizing and cost estimation?

Specific objective 2: To explore the advantages of design approaches for cost-optimal long-

term mini-grid design under future demand uncertainty.

This will be used to answer the following research questions.
=  What are the long-term advantages of a design approach that combines the multi-year

and adaptive (multi-year-adaptive) design approach in terms of mini-grid component
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sizing and cost compared to the single-year and multi-year design approaches under
different demand growth assumptions?
How do the impacts of load flexibility, varying discount rates, and future mini-grid

component cost reductions differ across the various design approaches?

Specific objective 3: To determine the impact of demand-side management on the sizing and

cost of mini-grids.

This will be used to answer the following research questions.

What is the impact of DSM implementation at the category level on the cost-efficiencies
of solar PV and HRES-based off-grid mini-grids in rural areas?

How large is the impact of DSM implementation at the category level on the cost-
efficiencies of solar PV and HRES-based off-grid mini-grids in rural areas, as compared
to the impact of load flexibility?

How does cost-efficient components sizing and the cost of mini-grids vary due to

shifting hours of cooking?

Specific objective 4: To examine the impact of load compositions on the economic viability

of rural mini-grids.

This will be used to answer the following research questions.

What composition of household and productive use loads leads to the maximum
revenue in systems with fixed capacity?
How can the future mini-grid load composition impact the monthly electricity bills of

users?

1.5. Scientific contribution

The main scientific contributions of this work, which are used to answer the research

questions, are summarized here.

Paper I provides a comparative analysis of interview- and measurement-based load profile

estimation methods in the case of Ethiopia. This paper explains the differences between load

profile estimations derived from interview and measurement methods, identifies the load

categories responsible for these differences, and examines the specific appliances that

contribute to the differences between the two methods. Furthermore, the paper provides an

understanding of the extent to which these differences and the difference in load profile

resolution can impact the cost and sizes of mini-grid systems.
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Paper II explores the advantages of a multi-year-adaptive design approach on cost-optimal
long-term mini-grid components sizing under three demand growth scenarios. It also evaluates
how load flexibility, varying discount rates, and potential future reductions in mini-grid
component costs differ across design approaches. By examining these, the paper adds to the
understanding of how the multi-year-adaptive design approaches can be further developed to
optimize mini-grid component sizing and cost efficiency while handling long-term

uncertainties.

Paper III examines the impacts of DSM implementation on the cost efficiency of mini-grids,
focusing on load categories rather than individual systems or appliances. It also evaluates the
potential of DSM implementation across various load categories to enhance mini-grid cost

efficiency in rural areas and compares this to the impact of load flexibility.

Paper IV explores how shifting the hours of electric cooking operation affects the sizing and
cost of mini-grids. It provides cost-optimal cooking hours that contribute to improving the

economic viability of mini-grids, with a particular focus on Ethiopia.

Paper V presents a load management approach to optimize the combination of household
and productive users in a mini-grid to maximize revenue. It also demonstrates how an
optimized combination of household and productive users can enhance revenue generation in

a mini-grid with fixed capacity.

Paper VI examines the impact of future mini-grid load compositions on monthly electricity
bills of different users. It also evaluates how future load composition and tariff structures
influence the design of cost-reflective tariffs, resulting in variations in system revenue collected
from different load categories in a mini-grid with fixed capacity. Furthermore, the paper
provides policy implications in designing cost-reflective tariffs, implementing equitable

subsidies, and ensuring the protection of low-usage households.
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1.6. Thesis outline

The thesis is outlined as follows: Chapter 2 presents a literature review on load estimation,
mini-grid design approaches, demand-side management and tariffs. Chapter 3 presents the
research design of this thesis. This includes the methods employed in the study, including the
formulation of the research problem, the development of scenarios, the selection of the case
study area, and the data utilized to achieve the thesis objectives. Chapter 4 presents the results
and analysis of the study. In Chapter 5, the discussion of the results is presented by interpreting
the findings, comparing them with existing literature, exploring their implications, and
addressing the limitations. Chapter 6 presents reflection on the selected methodology and the
data used in this thesis. Finally, Chapter 7 concludes the thesis, summarizing the key findings

and suggesting areas for future research.
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2. Demand-side factors considerations for enhancing mini-grid economic
viability: A review
This chapter reviews existing studies relevant to the scope of the thesis, focusing on key
factors such as load estimation, mini-grid design approaches, demand-side management, and

tariff settings, with an emphasis on their economic implications.

2.1. Load estimation

To enhance interview-based demand assessment in rural areas, various studies propose
different methods and software tools. One approach involves estimating load profiles using
data from already electrified areas with similar socio-economic and geographical
characteristics [60]. Another study developed a stochastic bottom-up model-based software
tool called LoadProGen, which correlates the load factor with the coincidence factor,
representing the probability of simultaneous load peaks among electrical appliances used by
customers [61]. Additionally, a stochastic bottom-up model was proposed to determine load
profiles by considering the instantaneous working times of appliances, users' working habits,
and their economic status [62]. However, these methods, in [24,60—63], rely heavily on data
from interview as their initial input, making them prone to significant uncertainty. Furthermore,
machine learning models, which require extensive historical data for accurate predictions, have

been applied to estimate electricity demand for new customers in unelectrified areas [24,63].

Studies also examined the differences between load profile estimation methods based on
interviews and those based on measurements. A study on mini-grid in Tanzania show that
interview-based load profile estimation underestimates the load factor and capacity factor from
34 to 117%. It also shows underestimation in energy use by 48-117% and peak loads by 11%
[29]. Another study revealed that the average energy use estimated using interviews prior to

mini-grid implementation is more than four times higher than the actual measured energy [60].

Although the comparison between interview and measurement methods was estimated in
studies [29] and [60], they did not evaluate the impact on mini-grid sizing and cost estimation.
Additionally, these comparisons did not consider community loads or include metrics such as
responsibility factor, which is relevant for assessing the impact of DSM (which can help to
mitigate the uncertainty in estimation) at the planning stage. Comparing interview and
measurement methods across all load categories could link these categories to the system's total

load profile and clarify the connection between customers and load categories load profile.
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Due to the difference in load profile estimation methods studies have examined their impact
on mini-grid size and cost. A study on seven small-scale mini-grids in Malawi indicates that
component sizing scales proportionately with load estimation uncertainty. The cost of over-
estimating the load ranges from approximately $1.92 to $6.02 per watt-hour, while under-
estimation can significantly degrade reliability [64]. The minimized cost (cost efficiency) of
mini-grid configurations, especially those relying on a large share of renewable energy sources,
is significantly affected by stochastic load profile formulation methods that utilize interview

data [65].

The sizing and costs of mini-grid are heavily affected by the methods used to size system
components. Studies in [64] and [65] have examined the effect of load estimation methods on
mini-grid sizing and costs using intuitive and numerical method. An intuitive sizing method
assumes a worst-case scenario and a numerical method relies on average daily load but lacks
detailed load profile characteristics. These methods often lead to low-quality sizing solutions.
As a result, they limit the analysis of how interview-based load profiles compare with actual
measurements in sizing and cost estimation of mini-grid. On the other hand, most sizing
software’s relay on hourly load profiles [60]. However, the impact of load profile resolution

(hourly) on mini-grid sizing and cost has not been examined.

Therefore, it is important to compare load estimation methods by examining the differences
in each load category and considering metrics relevant to DSM implementation. Additionally,
the impact of load estimation methods and load profile resolution on the sizing and costs of

mini-grids needs to be determined using advanced methods such as metaheuristic algorithms.

2.2. Mini-grid design approaches

Various studies explore different mini-grid design approaches, often relying on single-year
design approaches with different optimization algorithms and tools to achieve high-quality
solutions. These algorithms include iterative optimization techniques [66], HOMER software
[67—70], and dynamic programming algorithm [71]. HOMER is a powerful tool for designing
hybrid systems, but it has significant limitations, especially in its restricted flexibility to adjust
the operating strategy and objective function. Moreover, the software depends on several
simplifications during the component sizing and optimization process, which can greatly
impact the accuracy of the results. Consequently, while HOMER may find the lowest-cost
solution, this result is not always the optimal solution, but rather the best option based on the

available data provided for each component.
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Additionally, various metaheuristic algorithms are employed, including genetic algorithm
(GA) [72], and particle swarm optimization (PSO) [73—76], Non-dominated Sorting Genetic
Algorithm (NSGA-II) [77], Virus Colony Search (VCS) algorithm [38], metaheuristic Gray
Wolf Optimization (GWO) algorithm [78], harmony search algorithm [79], and simulated
annealing algorithm [80]), and machine learning algorithms [12]. Among these algorithms, the
PSO algorithm produces higher quality results than iterative techniques HOMER and most
metaheuristic algorithms. It also requires less simulation time compared to most metaheuristic
algorithms [75], especially in single-objective optimization. However, machine learning
algorithms and hybrid metaheuristic algorithms are even faster and more efficient than PSO,

although machine learning algorithms require substantial historical data for training [81].

Several studies have also employed multi-year approaches that account for evolving demand
over the planning horizon [34,35,82—84]. Despite using different assumptions to represent
demand throughout the planning year, predicting future demand in rural areas remains
challenging. Consequently, both single-year and multi-year approaches are susceptible to
uncertainties regarding future demand [34,35]. To address these uncertainties in future demand,

various design approaches have been proposed in studies.

Among the proposed approaches, an adaptive design approach is one. This approach reduces
the impact of future demand uncertainties since decisions are made annually [35]. Additionally,
a comparison between a multi-year and adaptive approach, as opposed to a single-year
approach, revealed total cost reductions [35]. In rural areas of SSA, where skilled labor is
scarce, project management and financial services may not be consistently available each year
[85]. This indicates the challenges of implementing adaptive approach under this circumstance.
Conversely, study [35] suggests that to address these uncertainties, future work can explore

hybrid approaches that combine multi-year and adaptive (multi-year-adaptive) approach.

A flexible and adaptive design approach is also proposed for distribution capacity,
transformation capacity, and protection system levels [23]. This approach can reduce initial
investment costs while allowing the system capacity to expand in a controlled manner to meet
future demand. A multi-step based capacity expansion approach for medium-term planning is
presented [86]. Furthermore, a multi-year capacity expansion model using mixed-integer linear
programming (MILP) is proposed [84], but it lacks incorporation of an operating strategy.
Incorporating an operational strategy into mini-grid design could improve both the optimality

and computational efficiency of the design [87]. To address this gap, some studies have
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explored a multi-year capacity expansion approach that incorporates a load-following
operational strategy [34,82]. However, this load-following strategy can lead to an increase in
investment costs by over 15% compared to other strategies that better balance supply and

demand [87].

The aforementioned studies [34,84] are based on hybrid solar PV-based mini-grids with
battery energy storage systems (BESS) and diesel generators. However, in rural areas of SSA,
diesel generators are not cost-efficient and rarely used due to the high fuel and maintenance
costs, making diesel-based systems less visible in these regions [25,88]. Additionally, [84,86]
utilized interview-based load profiles. However, this method often lead to the under or over

estimation of both the component size and costs of mini-grids [29,88].

On the other hand, in the past decade, the cost of mini-grid components such as solar PV
panels and BESS have dropped by more than 80% [89]. Further cost reduction is expected in
the future due to different reason, such as due to technological development, expanded
manufacturing, and increased competition [35]. However, the aforementioned studies in mini-
grid designing have not examined the impact of such cost reductions. Additionally, the impact

of discount rates is not examined.

The discount rate, which reflects the cost of capital, risk, and expected returns on investments,
is essential for determining long-term costs and advantages [90]. The discount rate in
developing countries is higher than in developed countries. For instance, in SSA, it can exceed
18%, making it a crucial factor in determining the long-term size of mini-grids [91]. However,

the impact of discount rates is not examined in the aforementioned studies.

Therefore, to fully explore the potential of 100% renewable energy-based off-grid mini-grids
in rural areas of developing countries, it is essential to investigate hybrid design approaches.
These approaches combine the benefits of multi-year and adaptive designs to address
uncertainties in demand evolution and economic viability of mini-grid. Additionally, it is
crucial to determine the impacts of load flexibility, varying discount rates, and future
component cost reductions across these design approaches in the long-term sizing of mini-

grids, while also utilizing actual load data.

2.3. Demand-side management

The impact of DSM on the cost-efficiency of mini-grids has been studied using different
types of objective function. Optimizing demand combinations in order to much with the

available power supply help to reduce electricity costs [92,93]. DSM-based optimization was
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proposed and implemented in HRES sizing, revealing that the proposed management system
lower the initial capital cost of mini-grids for residential customers in rural areas [94]. A load
management that categorizes the demand into high- and low-priority loads was applied for
HRES sizing and indicated its potential to reduce electricity costs [95]. DSM approach based
on a flexible load priority list was implemented to minimize the operational cost of a mini-grid
without shedding critical loads [96]. Additionally, DSM using load shifting and frequency-
based pricing was proposed to maximize utilization of renewable resources and system

frequency [97].

The impact of demand response, which incentivizes and influences consumers to reshape
their usage in exchange for benefits offered by the operator, has been also studied with various
objectives. These include total cost reduction [38,40], enhancing economic performance and
supply-demand balance [98], and increasing the revenue and enhancing supply-demand

matching [99].

The aforementioned studies examined the impact of DSM more on the cost-efficiency of
mini-grids, indicated that DSM has a more significant impact on energy storage components
than on other components. This is indicates that DSM is crucial in areas with highly uncertain
and peaky loads, which often necessitate oversized RES and energy storage systems to ensure
adequate reliability and resilience [100]. However, these studies primarily focused on HRES-
based mini-grids rather than 100% renewable energy-based off-grid mini-grids. Additionally,
in the aforementioned studies, while the impact of DSM on the cost-efficiency of mini-grids
was determined by incorporating DSM strategies into mini-grid sizing, demand-side
uncertainties related to inaccurate load profile estimations and supply-side uncertainties linked

to intermittency were not considered.

There are studies examining the effects of demand-side and supply-side uncertainties on
DSM implementation for mini-grid sizing, showing that these uncertainties affect the costs and
reliability of mini-grids, though they were modeled differently across studies [38,77,101,102].
For instance, one study [77] used Chance Constrained Programming to model supply-side
uncertainties, while another study [101] applied the same approach to model uncertainties on
both the load and supply sides. Uncertainties related to both load and supply sides have also

been modeled using different distribution functions [38,102].

Furthermore, the impacts of DSM implementation strategies have been studied either at the

system level or appliance level, such as household appliances [92-95]. However, controlling
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each appliance is challenging and increases cost, as each needs to be connected to the controller
via cables or communication networks, especially in rural areas [43]. Despite these challenges,
DSM implementation in rural mini-grids need to be expanded from productive uses to include

household and community loads, as the evolving grid demands increased flexibility [103].

Therefore, to fully exploit DSM implementation in rural areas, a strategy that requires low-
cost for control and communication network infrastructure is essential [104]. In this regard, it
is important to investigate the potential impact of DSM implementation on the cost-efficiency
of mini-grids by considering different load categories, rather than focusing solely on the
appliance level. Thus, the impact of DSM implementation rather than at appliance level on the
cost-efficiency of mini-grids need to be determined by incorporating both load-side and supply-
side uncertainties, as neglecting these uncertainties could lead to inaccurate sizing and cost

estimations [29].

2.4. Mini-grid tariffs

There is a broad consensus that cost-reflective tariffs are essential for economic viability and
scaling up mini-grids [45]. However, the deployment of mini-grids has been slowed by a lack
of private sector investment, often due to unfavorable policies and tariffs that are too low for
investors to recover their total cost [22]. In many SSA countries, highly subsidized uniform
national tariffs are used, often set to match the main grid tariff and below the actual costs
incurred by mini-grids [44]. Mini-grid tariffs in Africa generally range from $0.05 to $0.30 per
kWh, yet studies show that operators need to charge between $0.50 and $1.00 per kWh to
recover costs[22]. While users seek affordable electricity and are willing to pay, this mismatch
calls for rethinking tariff structures and cost-recovery strategies to ensure the sustainability of

rural mini-grids [22].

Various studies have explored solutions to achieve the critical revenue needed to recover total
costs, especially when demand is lower than anticipated. One approach emphasizes increasing
the share of productive users and suggests that partnering them with microfinance
organizations could help developers encourage productive use [10]. Other studies have also
proposed integrating productive uses to stimulate demand [58,105] and expanding the mini-

grid capacity to meet the needs of productive users [82].

Additionally, the formation of public-private community partnerships is recommended to
increase the economic viability of mini-grid, with communities playing a key role as partners

[106]. A combination of household and productive electricity use offers both technical and
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economic benefits for the operator [55,107]. Increasing income flows without needing to
expand the generation system would improve the economic viability of mini-grids. Therefore,
it is crucial to analyze the different combinations of load categories, particularly household and

productive use, to maximize the revenue in a system with fixed capacity.

The aforementioned studies [58,82,105] indicated that the importance of productive uses in
enhancing the economic viability of mini-grids. However, it remains uncertain which loads will
grow and dominate future demand, indicating the uncertainty of load compositions in future
demand. This uncertainty arises from the fact that demand patterns and energy requirements
can change depending on characteristics and economic activities of the community after
electrification. Additionally, studies examine the drivers of electricity usage patterns [15] and
long-term forecasting methods [16]. However, to the best of the authors knowledge, no study
has determined future load compositions impact on monthly electricity bills of different users

within the system.
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3. Research design

This chapter outlines the research design, detailing the methods employed in the study,
including the formulation of the research problem, the development of scenarios, the selection

of the case study area, and the data utilized to achieve the thesis objectives.

3.1.Framework of the thesis

The thesis follows a mixed research approach, organized in a step-by-step framework as
outlined in Figure 1. First, it compares interview and measurement-based load profile
estimation methods, focusing on load categories and assessing the impact of hourly resolution
load estimation on mini-grid sizing and costs. Next, the study assesses various design
approaches for long-term mini-grid component sizing under three demand growth scenarios,
taking into account load flexibility, varying discount rates, and potential future reductions in
component costs. The study then examines the effect of DSM implementation at the load
category level and shifting hour of cooking on off-grid mini-grid cost-efficiency. Finally, it
investigates the impact of load compositions on revenue and monthly bill of users using five
tariff structures and analyzes their impact on users' electricity bills. Detailed methods for each

component are outlined in the following section.

3.2. Comparing load estimation methods

To compare interview and measurement methods of load estimation, metrics essential for
analyzing load profiles that impact mini-grids size and costs are utilized. These metrics include
peak load, daily energy use, and load factor. Additionally, metrics such as the coincidence factor
and responsibility factor, which are crucial for DSM implementation and analysis, are also
considered. These metrics are used to compare the two methods, interview-based and
measurement-based, across total load and load categories such as households, productive uses,
and community loads. Furthermore, to examine the impact of load estimation methods and
hourly resolution on mini-grid size and cost, the minimized cost and size are determined based
on load profiles estimated using both methods. This comparison of load profile estimation

methods is based on a selected case study area in Ethiopia.

3.2.1. Case
In comparing the two load estimation methods, a case study mini-grid located in Koftu (8.83°,
39.05°), 40km southwest of Addis Ababa, Ethiopia, is used. This rural village is served by an
oft-grid mini-grid comprising a solar PV capacity of 250kW (distributed in two sites with 200
kW and 50kW), a diesel generator with a capacity of 50kW, and a BESS of 1000kWh. Designed
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to serve approximately 2,884 people across 366 households, the system currently connects 146
households, a school, a water pump, a church, and a health center (which does not use
electricity). In December 2018, the mini-grid was funded by the Ministry of Trade, Industry,
and Energy of the Republic of Korea in recognition of the friendship between Ethiopia and

Korea.
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Figure 1. The thesis framework follows a step-by-step approach: load assessment, design
approach, demand-side management, and tariff design.
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3.2.2. Calculation of used metrics

The peak load, energy per day, load factor, coincidence factors and responsibility factors are
used metrics in comparation of the load estimation methods. Peak load is the highest power
demand over specific interval, whereas energy per day is the sum of energy use in specific
intervals divided by the number of days in the interval. The load factor, calculated using Eq.
(1), is the ratio of average load (P ay,) to peak load (P pcax), indicating energy utilization

efficiency [107].

Pr, ave

Load factor =

(1)

L, peak

The coincidence factor for each load categories, calculated using Eq. (2), is the ratio of

systems peak load to the sum of peak load of each load category (7) [29].

PL, peak

Coincidence factor = =————
Z PL, peak, i

(2)

The responsibility factor, calculated using Eq. (3), is the ratio of an individual load categories’
power at system peak time to each load categories peak load. This metric shows each load's

contribution to the system peak and guides DSM strategy implementation [108].

P ;(at system peak)

Responsibility factor,=

(3)

PL, peak, i

3.2.3. Load profile estimation

To estimate interview and measurement-based load profiles, a representative sample of users
was selected using a mixed sampling approach. Among the 146 households connected to a
mini-grid, stratified sampling was used to categorize households into low, medium, and high
electricity usage users, ensuring representation across usage levels. A sample of 26 households
was selected, consisting of 13 low-usage, 8 medium-usage, and 5 high-usage users. This
distribution balanced proportional representation (50% low usage, 30% medium usage, and
20% high usage) with the need for sufficient data across all groups to understand diverse
consumption patterns. Additionally, the recommendation of local EEU operator is considered
to select specific households among the connected ones, considering socio-economic diversity

and energy meter readings.

For measurement purposes, three households, one from each usage category (low, medium,

and high), were selected from the interview sample. Non-household loads, including
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productive uses and community loads, were included using census sampling due to their small
number. These included a water pump, a church, and a primary school, where the water pump
represents productive use, while the church and primary school serve as community loads. The
health center was excluded due to its lack of power usage, despite being connected. The

interviews and measurements were collected from November 28 to December 15, 2021

To estimate interview-and measurement-based load profiles, bottom-up demand modeling
was applied for households, productive uses, and community loads. The load profile for each
sample user in households, productive use, and community loads are estimated and scaled to
the total number of users in each load categories. These profiles are then summed up to obtain

the total weekly load profile for the case study area.

3.2.3.1. Interview-based load profiles

To estimate interview-based load profiles, based on recommendation in [29], questionnaires
with predefined questions were used to guide discussions. Questions were asked in no
particular order to facilitate open discussions and gather more information. Interviews were
divided into weekday and weekends to account for different load patterns and conducted in
both Afaan-Oromo and Amharic languages. The questionnaire covered the type and number of

appliances, their usage times, and nominal voltage.

Load profiles for each sample user were estimated without considering the coincidence
factor and appliance efficiency. The contribution of each appliance to the load profiles at time

t (E,) is given by (4) [29].

N n
e ) Py fe 4)

Where n and N is the total number of sample users and total number of users in each load
category. The power rating of the appliance at time t is P, and fc refers to the appliance's

functioning cycle, or the duration it remains on once it is on.

3.2.3.2. Measurement- based load profiles

The measurements are carried out using four FLUKE a3000 FC AC current clamp meters for
two weeks, one week for household and another week for PU and CLs. The FLUKE a3000 FC
AC current clamp meters can measure and store minimum, maximum, and average TRMS

current every minute for up to 400A AC and save up to 65,000 readings. The meters are
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connected to the connection point of a power meter, which was installed by the utility to

measure the power consumption of the users.

The measured average current is multiplied by the nominal voltage (220V for single-phase
and 380V for three-phase) to estimate sample users’ measurement-based load profiles and is
scaled to the total number of users in each load category and summed. The resolution of

estimated measurement-based load profiles is per minute.

3.2.4. Sizing

In the section below the mini-grid configuration and problem formulation used for mini-grid

sizing are presented.

3.2.4.1. Mini-grid configuration

In comparing the load estimation methods, the configuration of Koftu mini-grid is utilized.
This configuration includes a solar PV, BESS, converter, and an inverter on the supply side,
while excluding the unused diesel generator, which is not operational. It provides electricity to
various loads, including households, a school, a healthcare facility, and a water pump. The

schematic diagram of this system is presented in Figure 2.
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Figure 2. The schematic diagram of the mini-grid configuration used for load estimation
comparison.

3.2.4.2. Optimization problem formulation for mini-grid sizing

An optimization problem for mini-grid component sizing is formulated using objectives,
variables, and constraints. Levelized cost of energy (LCOE) and total present cost (TPC) are
common objective functions for mini-grid sizing. LCOE is used to compare mini-grids of
varying sizes, while TPC is more suitable for comparing mini-grids of similar sizes [82]. To

examine the impact of different electric load estimation methods and load profile resolution on
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mini-grid sizing and cost in rural areas, this study uses TPC minimization as the objective

function, calculated by Eq. (5).
TPC =IC + OMC + RC — PSV (5)

where IC represents the initial capital cost, including the component price, civil work, and
installation cost, calculated using Eq. (6). OMC stands for the operation and maintenance cost,
calculated using Eq. (7). RC is the replacement cost, calculated using Eq. (10), and PSV is the

present scrappage value of the mini-grid components (SV), calculated using Eq. (11).

ICZICPv+ICB+ICIv (6)
OMC = OMCpy + OMCg + OMC}y (7)
omic = omc, (2H) (1 () v .
B O\r—i 1+r r=i (8)
OMC=0OMCyXT r=i )}
Nrep 1 Txj
+ 1\ (Nyep+1)
RC = C
Z RCXCVX<1+I_> (10)
=1
Nrep+1 T+j
PSV = Z sv(1 al i)Nrep“ 11
B 1+r an

j=1
Where IC,,, [Cg, ICp, are the initial capital costs for solar PV, BESS, and inverter.
OMCy, OMCpy, OMCg and OMC;y are solar PV, BESS and inverter operation and maintenance
cost, i is the inflation rate of replacement units, r real interest rate, CRC is the nominal capacity
of the replacement units (solar PV in (kW); BESS in (kWh) and inverter in (kW)). Cy, is the
cost of replacement units (solar PV (§/kW); BESS (§/kWh) and inverter ($/kW)), and N, is

the number of unit replacements over the system life period, T.

The mini-grid sizing is subject to different constraints. Security constraint ensures a total
demand and supply energy match, as shown in Eq. (12). The BESS constraint ensures the state
of charge of a BESS (SOC) at any time t should lie between the minimum (SOC,,;,,) and the
full capacity of the BESS (SOC,,.x ), shown in Eq. (13). The maximum charge quantity of the
BESS (§0C,,,x ) takes the value of the nominal capacity of the BESS (Cg), and the minimum
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charge quantity of the BESS (SOC,,;»,), is determined using the maximum depth of discharge
(DOD).

Edem < Esup (12)
SOCpin < SOC(t) < SOChax (13)
where E .., and E,,, are, respectively, the total energy demand required and supplied.

3.2.5. Optimization algorithm used for mini-grid sizing

A PSO algorithm is applied to evaluate how electric load estimation methods and differences
in load profile resolution affect the size and cost of mini-grids in rural areas. PSO is a widely
used metaheuristic optimization algorithm for solving complex sizing problems in mini-grids.
In this algorithm (Figure 3), a potential solution is represented by each particle in the swarm,
which is evaluated for fitness using the objective function. In this study, particles represent the
size of a mini-grid component, while TPC serves as the objective function. Each particle adjusts
its movement based on its own best position (X;P) and the global best (X;P) of the swarm
[74,109]. The process continues until the defined criteria, such as reaching the maximum

iteration, are satisfied.

The position update equation, using Eq. (14), and the velocity update equation, using Eq. (15)
are the two main equations utilized for PSO implementation. Additionally, parameters in
optimization algorithm are to be modified in each iteration to converge towards the optimal

solution. These steps are repeated until the stopping conditions are met.
Vit +1) = wli(®) + G (XP () — X,(0) + Cora (X7 (O) — Xi(©) (14)

In the PSO algorithm, the population is represented by X, rl, and r2 denote random numbers,
t indicates the iteration number, C1 and C> are acceleration coefficients, and w is the inertia
weight used to enhance convergence speed. The inertia weight is calculated for each iteration
using a linear decreasing function, as shown in Eq. (16). This method of determining inertia
weight has been shown to minimize inaccuracy more effectively than alternative approaches

[110].
Xi(g+1) — Xi(g) + Vi(g+1) (15)

where X; @) is the global best solution, and X;” is the best particle position.

Wmax — Wmin .
Wi =Wpgy —————— X1 (16)
lmax
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where wy, 4, and w,,;,, are the maximum and minimum inertia weights, respectively, and i

represents the particle index.

Initializing PSO
Parameters al,a2
Swarm size,w,C1,C2

Randomly initialize particles position
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Computing particles fitness values |47

s the current fitness better
than the best experience?

No
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best experience XpOriencE s experience
global best No

N

update particles
position and velocity
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Figure 3. Flowchart for the PSO algorithm.
3.2.6. Modeling of mini-grid component

In cost-optimal mini-grid component sizing, system modeling plays a crucial role; thus, mini-

grid component modeling is presented in the section below.

3.2.6.1. Solar PV

A solar PV system generates electricity by directly transforming solar irradiance into
electricity output. The electricity output of solar PV array, as a function of on the average
irradiance in hour t ( 8;), total solar cells areas (PVA), and instantaneous PV cell efficiency
(uc(t)) is determined using by Eq. (17) [111]. The instantaneous PV cell efficiency and the total
solar cells areas required to supply the load demand are calculated by Eq. (18) and (19) [109]:

Py, = 60 X PVA X . (t) (17)

.uc(t) = Her [1- ﬁt(Tc(t) - Tcr)] (18)
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where p; is the temperature coefficient for silicon cells, u., and T, are the theoretical solar
cell efficiency and temperature, respectively. F; is the safety factor, Vp is the factor of
variability, which considers the impact of yearly radiation variation, and n,, is the power

conditioning system efficiency [74].

3.2.6.2. Battery energy storage system

The excess electrical energy generated by the solar PV system is stored in the BESS. When
the solar PV output falls short of meeting the demand, the stored energy in the BESS is
discharged. The charging and discharging of the BESS are influenced by the solar PV output
and the BESS's state of charge at any given moment. The state of charge of the BESS at a
specific time is represented by Eq. (20) and Eq. (21) [74]:

S0C(t+1)=S0C(t)(1 —o0)+ Pg(t)ng charging mode (20)
SOC(t+1)=S0C(t)(1 —0)—Pz(t)/np discharging mode (21)

where SOC is state of charge of BESS, 1 is efficiency of BESS, and o is self-discharge rate
of BESS. Pg(t) represents the power used for charging or discharging of the BESS at time t
and calculated using Eq. (22).

Pg(t) = Ppy(t) — Al (22)

L
Ninv

Where Ppy,(t) and P, (t) is the total power generated and required by the mini-grid system,

respectively.

3.2.6.3. Inverter
Inverters convert direct current to alternating current and must be capable of handling the

maximum anticipated alternating current loads at any hour of the day, with their size

determined using Eq. (23) [111]:

P
peak (23)

Ninv

Piny =

where Ppeqy 18 the maximum load, and n;,,, is inverter efficiency.
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3.2.7. Data and assumptions used

In estimating load profiles, all appliances are assumed to operate continuously (fc = 100%),
except for high power appliances intermittently, such as stoves, electric mitad (traditional
Ethiopian food baking machine), and water pumps. A functioning cycle of 50% is assumed for
stoves, mitad, and water pumps. The estimated load profiles based on interview method are
calculated on an hourly basis.

The weekly insolation profile of Koftu village is shown in Figure 4. The economic and

technical parameters used for mini-grid components sizing are listed in Table 2.

Table 2. Economic and technical parameters used for mini-grid components sizing.

Component, unit Price | OMC3 RC+($) | T Nreps | SVé | Reference
$) ($/year) (year) (%)

Solar PV, kW 1,500 |50 300 25 0 10 [112]

Civil Work, solar PV, kW | 40% 1% 40% 25 0 20 [74]

Inverter, kW 711 0 650 10 2 10 [74]

BESS, kWh 330 0 330 10 2 20 [113]

The PSO algorithm uses a population size of 100, an acceleration factor of 2, maximum and
minimum inertial weights of 0.9 and 0.4, respectively, and a maximum of 100 iterations, which
is also used as stopping criteria [110]. The study assumes a discount rate of 7% [114], an
inflation rate of 8.1% [115], and a planning horizon of 25 years, based on the maximum lifetime

of the system components [27].

3.3. Comparing mini-grid design approaches

To explore the advantages of multi-year-adaptive approach by comparing with the multi-year
and single-year approaches on mini-grid sizing and cost, the optimization problem formulated
in Section 3.2.4.2 is applied. Using this problem formulation, the size and cost for both single-
year and multi-year approaches, reflecting the upfront investment needed for the entire
planning horizon, are calculated. For the multi-year adaptive approach, additional component
sizes and costs are calculated at specific intervals including the initial calculations. These costs
calculated at specific intervals are then aggregated using a discount rate to determine the total

cost over the planning horizon.

3 OMC is operation maintenance cost.

4 RC is replacement cost.

5 Nrep is the number of replacements over the project lifetime, T.
6 SV is value of a scrap of the mini-grid components.
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The objective function used in the sizing of a mini-grid based on the design approaches
minimizes the TPC, which is defined in Eq. (5) in Section 3.2.4.3. Additionally, to account for
the uncertainty of future demand on mini-grid sizing, three distinct demand evolution scenarios
are developed. In the scenario development, a measured weekly load profile from a specific
case study mini-grid is used. The demand evolution scenarios and input data are specifically

tailored to an Ethiopian context, with details available in Sections 3.3.1 and 3.3.3.

To determine how the impact of load flexibility, varying discount rates, and future mini-grid
component cost reductions on sizing and cost differ across the various design approaches, the
formulated optimization problem is used. The results are then compared with the base case,
which does not include load flexibility. In this study, the load flexibility at each hour ¢ is

determines the amount of electricity load that is shiftable and is calculated using Eq. (24):
L(t) = P(t) X Lf (24)

where L(t) is the flexible load at hour t. P(t) is the load at hour t, and Lf is the percentage
of load flexibility.

3.3.1. Scenarios

Lack of data and demand uncertainty, especially in unelectrified rural areas, present
significant challenges for mini-grid sizing [57]. In order to represent these uncertainties, it is a
common procedure to develop scenarios of demand development, offering descriptive
pathways that indicate the possible future size and costs of mini-grids may evolve [116]. This
study applies three distinct demand growth scenarios, low, medium, and high, to represent
varying levels of demand growth. Previous studies and historical trends in Ethiopia are utilized

to develop the three scenarios, since the study is based on the Ethiopian context.

The average annual electricity demand growth rate across all load categories in the Ethiopian
national grid from 2001 to 2017 is 13% [117]. Additionally, the annual average electricity
demand forecasted for rural households in Ethiopia from 2012 to 2030 is 9.7% [118]. ]. In
newly electrified areas of Ethiopia using solar PV-based mini-grids, the annual demand growth
in the initial years has been observed to reach as high as 38% to 54% [18]. However, demand
growth may slow down (saturation) may occur from the expected or exciting due to various
reasons. For instance, in the case of Ethiopia, the adoption of improved energy-efficient
appliances and DSM can result in up to 41% energy savings from the total electricity demand

[117]. Additionally, there are other factors contributing to lower demand growth, including
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low-income levels, limited economic development and productive use activities, lack of

knowledge about electricity usage, and local climatic conditions [55]. Consequently, the study

considers the following three scenarios:

Scenario 11 (S-11) assumes low demand growth. In S-11, an annual demand growth
of 5% is assumed.

Scenario 12 (S-12) assumes medium demand growth. In scenario S-12, an annual
demand growth rate of 10% is assumed. This rate corresponds with the annual average
electricity demand growth observed in rural households, from which most of the
electricity demand in rural areas comes.

Scenario 13 (S-13) assumes high demand growth. In S-13, an annual demand growth

of 15% 1s assumed.

In scenario 11, a constant demand growth is considered over the entire planning horizon.

However, for scenarios 12 and 13, saturation is considered after some years over the planning

horizon. Specifically, in scenario 12, a 5% demand growth is considered during the final five

years of the planning horizon. In scenario 13, 10% demand growth followed by a 5% growth

is considered for the last two five-year intervals. Consequently, by the end of the planning

horizon, the initial demand increases by 3.2 times in scenario 11, 7.8 times in scenario 12, and

14.5 times in scenario 13. The respective demand growth evolution over the planning horizon

is presented in Figure 5.

3.3.2. Mini-grid design approaches

The optimal mini-grid component size and cost are determined in different ways in the three

design approaches (single-year, multi-year, and multi-year-adaptive):

In the single-year (SY) design approach, based on the demand at the planning horizon
end year.

In the multi-year (MY) design approach, by considering each year's demand evolution
for the entire planning horizon.

In the multi-year-adaptive (MYAD) design approach, for investment years in each

interval (every five years).
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Figure 4. Evolution of demand for scenarios 11, 12, and 13. The final year demand (in red)
indicates the demand growth considered for SY, while for MY, full growth evolution is utilized.
Dashed lines represent the investment years in each interval in MYAD.

3.3.3. Data and assumptions

Rural electrification in SSA is dominated by off-grid solar PV-based mini-grid [119]. Thus,
for mini-grid sizing, data from Koftu village, which is powered by solar PV-based mini-grid,
is used as case study. In comparing design approaches for mini-grid sizing, only the solar PV
and BESS are considered, as they have a significant impact than inverters [82]. However, the
cost comparison includes inverters in addition to solar PV and BESS. Additionally, Koftu
village weekly insolation profile is presented in Figure 5. The irradiance profile depicted in
Figure 5 is based on average weekly solar irradiation values. This approach was adopted due
to the relatively low intra-day and seasonal variability of solar irradiation in many parts of

Ethiopia. As a result, the profile appears smooth and exhibits minimal day-to-day fluctuations.

The comparison of design approaches with load flexibility assumes a 10% load flexibility. In
the base case a discount rate of 7% is applied, reflecting the risk-free assumption and the
interest rate in Ethiopia [114]. In order to analyze the impact of discount rates on the TPC of
the mini-grid, the study also considered higher rates of 15% and 20%. Additionally, an inflation
rate of 8.1% [115] and a planning horizon of 25 years” are applied.

7 Determined by the maximum lifetime of the system components based on [27].
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The costs of solar PV and BESS have decreased at an average annual rate of 8% in recent
years, but this trend may not continue indefinitely [89]. Therefore, to evaluate the impact of
future components cost reductions on the TPC of mini-grid across the design approaches, cost
reduction of 2%, 3%, and 4% per year are considered for solar PV and BESS. Additionally,
component sizes for each design approach are determined using the data described in Section

3.2.7.

Irradiance (kW/m2)

1 2 3 4 5 6 7
Time (day)

Figure 5. Koftu village weekly insolation profile [120].
3.4. Determining the impact of demand-side management
3.4.1. Determining the impact of demand-side management at the category level

To determine the impact of DSM implementation at the load category level on the sizing and
cost of mini-grids, the demand of a given case study system is categorized. The optimal, cost-
efficient sizing of the mini-grid is determined using a PSO algorithm described in Section 3.2.5.
This sizing is analyzed using two different mini-grid configurations, each employing a different
operating strategy. The optimized sizing is then compared with a load flexibility application
impact in determining the optimal size of off-grid mini-grid components. A detailed description
of the demand categorization, the two configurations, problem formulation, implemented

operating strategies, and the modeling of mini-grid components is provided.
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3.4.1.1. Demand categorization

The type of electricity consumers in the rural mini-grids, including households, productive
use and community consumers exhibit different load profile patterns in a static load profile
model [43]. Implementing financial incentives, such as time-of-use tariffs tailored to these
distinct load categories, is one of the most effective strategies for encouraging load shifting
from peak to off-peak times. This approach is particularly effective in resource-constrained
mini-grids in developing countries [39]. Therefore, to evaluate the impact of DSM on the cost
efficiency of off-grid rural mini-grids, this study categorizes demand into four distinct load
categories, each with distinct load profile patterns: household loads (C-1); community loads
(C-2); productive uses with nighttime loads (C-3); and productive uses without nighttime loads

(C-4).

A bottom-up methodology is employed to model the weekly load profile for each load
category. This approach relies on interview data collected by the EEU in the case study village.
The data provides information on appliance types, quantities, power ratings, and usage
probabilities. Each appliance's specific load profile is then estimated by multiplying its power
rating by its probability of use. These appliance-specific load profiles are aggregated to

estimate the overall load profile for each load category.

3.4.1.2. Mini-grid configurations
The two off-grid mini-grid configurations utilized in this study: Configuration 1 consists of

solar PV and BESS, making it a 100% RES based off-grid mini-grid; Configuration 2
represents a HRES based off-grid mini-grid, where a diesel generator (DG) is added to the solar
PV and BESS. Figure 6 presents a schematic diagram of the off-grid mini-grid system for both
100% RES and HRES based configurations.

3.4.1.3. Optimization problem formulation for determining the impact of DSM on mini-grid
cost-efficiency
To determine the impact of DSM implementation at the category level on the cost-efficiency

of the mini-grid, an optimization problem is formulated based on the mini-grid sizing
optimization problem presented in Section 3.2.5. In this formulation, component sizing is
determined using a priority-based load-shifting operating strategy. Additionally, the

minimization of LCOE, calculated based on Eq. (25), is considered as the objective function.

To analyze the impact across different load categories, sixteen combinations of the four load
categories are compared with the No DSM case (i.e., mini-grid component sizing without load
prioritization) in a priority-based manner. To compare the impacts of DSM implementation at
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the category level with load flexibility, the shiftable load, considered a low-priority load in the

implemented DSM operating strategy, is calculated and considered based on Section 3.3.
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Figure 6. Schematic of the off-grid mini-grid system, showing the load categories for
Configurations 1 and 2.
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In this study, the effect of uncertainties on both the demand-side (due to inaccurate load
profile estimations) and the supply-side (due to intermittency) on mini-grid sizing based on
demand-side management is considered and determined. This approach enhances the
formulated optimization. Additionally, the results of the optimization using PSO are validated
using an iterative method. In both the determination of the impact of uncertainties and the
validation of optimization, 10% load flexibility is considered. The objective function and

constraints utilized in this study are detailed in the subsequent sections.

3.4.1.4. Objective function
LCOE, calculated using Eq. (23), is used as the objective function of the optimization

problem.

LCOE — TPV X CRF -
~ LAE (25)

where LAE is the annual load demand (the summation of all demand per year), and CRF is
the capital recovery factor, which depends on the rate of annual interest (r) and plant life (T),
as shown in Eq. (26) [41]. The TPC is determined using Eq. (5) in Section 3.2.4.3. For
configuration 2, besides the TPC determined based on Eq. (5) for configuration 1, additional
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factors are included: initial capital cost, operation maintenance cost, replacement cost, fuel

costs (FC), and present scrappage value of the Dg.

CRF = ——————— 26
- (26)

The fuel cost of the DG is calculated using Eq. (27), where DGyis the total operating hours
of the DG during T and P is the fuel price per liter (§/L) [121].

FC = Ds(t)DG,P; (27)

3.4.1.5. Operating strategy
Typical energy management systems in mini-grids operate based on priority-list rules, where

assets are dispatched in a pre-set economic order: first renewable sources, then batteries, and
lastly diesel generators. Notable techniques include load-following and cycle-charging
operating strategies. The typical load-following strategy aims to minimize operating costs
using straightforward priority-list rules, dispatching RESs first, then energy stored in the BESS,
and lastly the diesel generators. Conversely, in the cycle-charging strategy, once the generator
is activated, it recharges the BESS until it is full or a preset threshold [34,122]. Although both
load-following and cycle-charging strategies may be sub-optimal, they require minimal

computational time, making them suitable for preliminary designs [87].

The operating strategy employed in this thesis incorporates a priority list for load categories,
in addition to supply-side technology. A load-shifting strategy is applied to manage load
categories based on priority, classifying loads into high-priority loads (HPLs) and low-priority
loads (LPLs). High-priority loads are non-shiftable and must be supplied at their operating time
as specified by the user. Conversely, low-priority loads can be rescheduled and shiftable to a
time when there is sufficient electric power generation from solar PV and the BESS is fully
charged. The maximum shifting time is 24 hours. Thus, the operating strategy maximizes the
energy served to high-priority loads and minimizes it for low-priority loads. The flowcharts for

the operating strategies used in configurations 1 and 2 are presented in Figure 7 and Figure 8.

The step-by-step description of the operational strategy flowchart for the two configurations

1s as follows:

Configuration 1: The electrical power from solar PV in hour t (Ppv(t)) is first utilized to meet

the high-priority load for that hour. Any surplus energy, (PBC(t)), based on the efficiency of

the inverter (]inv), 1s added to the available energy in the BESS (charging) from the previous
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period. This stored energy is then used to supply the high-priority loads during periods when
the electrical power generated by the solar PV is insufficient (discharging) to meet the demand,

denoted as PBD(t).

I Hourly data (Irradiation, temp, load) l

No » Fort=1:168 |«
v

Solar PV Power calculation(Ppv)

Supply HPL

yes No

! !
Peo(t)=Prpi(t)/ninv-Ppy(t) Pac(t)=Ppv(t)-PHrL(t)/ninv
Supply LPL l
SOC(t)=S0C(t- )+Psct)
A 4

SOC(t)=SOC(t-o )-Peo(t) t=t+1 yesJ

Figure 7. Flowchart of the operating strategy for Configuration 1.

The states of charge of the BESS, which is affected by the BESS self-discharge rate, must
remain between its minimum and maximum states of charge, i.e., SOCmin < SOC < SOChax.
During the charging phase, the BESS should not exceed its maximum SOC (SOCmax), and
during discharge, it should not fall below the minimum states of charge. Low-priority loads are
supplied when there is excess energy from solar PV, and the BESS reaches SOCmax. These low-
priority loads are then shifted to a later time when there is sufficient electricity generation from

the solar PV, and the BESS is at SOCnmax.

For Configuration 2, all the steps described for Configuration 1 are applied, with the
exception that the electrical power generated from solar PV and the stored energy in the BESS
may not be sufficient to meet the high-priority load demand. In this case, the high-priority loads
will be supplied by the DG, denoted as PDG(t).

3.4.1.6. Modeling of mini-grid component
In Section 3.2.6, the mathematical modeling of solar PV, BESS and inverter is presented. To

incorporate uncertainties in solar PV generation, a probabilistic model for solar PV output is
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applied to the presented solar PV model. Additionally, Beta Probability Density Function
(PDF) is used to model the distribution of solar irradiance, as illustrated in Eq. (28) [38].

r@riB) pa-—1 B-1
- 1— < <1 > >
) @) 6% 1( 0) 0<é ,a=>0,=20 (28)

0 otherwise

where o and B are elements of the Beta PDF. The p and ¢ terms represent the mean and

standard deviation of the Beta PDF, respectively.
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Figure 8. Flowchart of the operating strategy for Configuration 2.

The probability of the solar irradiance 6 can be calculated using Eq. (29):

P(6) = j £(6)d6 29)
V]

The instantaneous PV cell efficiency is determined based on the cell temperature [109]:

When the energy supplied by the solar PV and BESS is insufficient to meet high-priority
loads, a DG is utilized. The fuel consumption of the DG is contingent upon its output power at

each time-step, as illustrated in Eq. (30) [74]:
D¢ (t) = apPpgy(t) + BpPpgr (30)
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where D¢ (t) is the hourly fuel consumption of the DG, Pp4 is the average power per hour of
the DG, Ppg, is the rated power of the DG, and ap and B, are the coefficients of the fuel

consumption curve.

In the modeling of the electricity demand, uncertainties related to the demand are modeled

using a normal distribution function [38]:

fioaa(La) = : exp <_(Ld - Ldmean) /ZO'ZLd> (31)

ZmILdZ

3.4.1.7. Case, data, and assumptions
The selected case study area for this study is Bada village, located in the Afar region of north-

eastern Ethiopia at a latitude of 14.309° and a longitude of 40.072°. Bada village is currently
not electrified, but the EEU has chosen it for the implementation of an off-grid solar PV-based
mini-grid. The weekly insolation of the Bada village collected from PVGIS, is shown in Figure

10 [123].
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Figure 9. Weekly insolation profile of the Bada village.

Based on the data collected by the EEU and the load categorization described in Section
3.4.1, the load categorization for Bada Village is presented in Table 3.
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Table 3. Load categories for Bada village.

Load categories Number and types of loads
C-1 2,500 households
C-2 1 clinic, 1 health center, 1 animal clinic, 4 pharmacies, 2

kindergartens, 2 elementary schools, 4 mosques, 8 government
offices, 1 farmer training center, and 2 storehouses

C-3 200 mini-shops, 1 barber, 10 tailors, 8 hotels, and 1 video hall

C-4 5 flour millers, and 1 water pump

To estimate the weekly load profile for each load category, a bottom-up methodology is
employed. This approach considers the types and number of appliances, their power ratings,
and the probability of their use. Additionally, for the water pumping system, a minimum of 100
liters of water per day per family and 2400 liters per day for each pair of one health center and
one primary school is used [68]. In estimating load profile for miller, two operating days,

Thursday and Saturday (market days in the village), are taken into account.
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Figure 10. Weekly load profiles for the different load categories in the Bada village.

This study utilizes the economic and technical parameters of mini-grid components, along
with PSO parameters detailed in section 3.2.7. The fuel price is set at $0.62 per liter.
Uncertainty levels of 5% for solar irradiance and 11% for load profile estimation are taken into

account.
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3.4.2. Determining the impact of cooking appliances shifting hours on cost-efficiency of
mini-grid

Using the measured weekly load profile estimated in Koftu, this study determines the impact
of shifting cooking appliance usage times on cost-efficient mini-grid sizing and cost. The cost-
efficient mini-grid sizing is analyzed by identifying one hour of higher cooking appliance usage
in the Koftu mini-grid and shifting this higher usage to different hours of the day. The study
utilizes the problem formulation and mini-grid component modeling, data and assumptions
described in Section 3.2. Mini-grid sizing is determined for two cases: Case 1 involves shifting
100% of the one-hour cooking load, while Case 2 involves shifting 50% of the one-hour

cooking load.

3.5. Determining the impact of load composition
3.5.1. Determining the impact of load composition on revenue of min-grid

For determining the impact of different load combinations (particularly household and
productive users) on mini-grid revenue, two metrics are used: load factor and revenue. The
load factor measures the utilization of generated energy during a given period relative to the
maximum energy that could have been utilized in that period, which is especially important in
systems based on renewables. High-resolution (per minute) measured load profiles of
households and various types of productive uses are employed to calculate the load factors and
revenues. The load profiles of household and productive use are normalized based on daily
electricity consumption, enabling direct comparison and verification of electricity consumption
between households and productive uses. Once the load profiles are normalized, they are
combined in different ratios to examine the variations in daily load factor and revenue. The
most favorable load composition is identified based on the analyzed data. In this study, two
cases are explored: Case 1 includes all loads, and Case 2 removes the most atypical load profile

of the households among the measured load profiles of households.

In determining the impact of load composition on revenue, the tariff used plays a crucial role.
Additionally, differentiated tariffs exist between household and productive uses [55]. To
examine the impact of tariff differences on the revenue, both identical tariffs and a 10% tariff
difference are utilized. The revenue is normalized to the 100% household load, which serves

as the baseline.

3.5.1.1. Case, data and assumptions
The load data for household and productive electricity use collected from a community-based

mini-grid in southwestern Tanzania (refer to Appendix B for details) were utilized [55]. The
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household profiles consist of two low-consuming households and two high-consuming
households. Among the three households, two low-consuming and one high-consuming,
electricity usage patterns are similar, typically featuring an afternoon/evening peak. However,
the second high-consuming household exhibits a significantly higher peak, likely due to the

use of appliances such as a heater or cooker.

The measured loads for productive use include a bar, a workshop, and two mills, which are
representative of typical productive users. These productive loads show considerably higher
peak loads during the day compared to households. The bar maintains a relatively steady load
profile during its operating period, while the mills and workshop experience interspersed

periods of higher power demand with minimal demand [55].

3.5.2. Determining the impact of future mini-grid load composition on monthly bill of users

To determine the impact of future mini-grid load composition on users' monthly bills, the
required tariff is calculated to ensure the recovery of the mini-grid investment costs through
monthly revenue from bill. This calculation considers various scenarios of load composition
developments within the system. Five tariff structures, FET, FVT, ToU, PT, and HT, are
analyzed. These tariff structures serve different purposes, such as promoting renewable energy
use, managing peak demand, and encouraging energy efficiency [22]. Their utilization and
benefits depend on multiple factors, including user behavior, regulatory requirements, and the
specific objectives of power suppliers and decision-makers [44].Therefore, to determine the
impact of future load compositions on monthly electricity bills, the study calculates and
compares users' monthly electricity bills using the calculated cost-reflective tariffs based on
the considered different tariff structures and future mini-grid load compositions. Based on the

quantitative findings, the study explores potential policy implications.

The calculation utilizes realistic demand data derived from measured load data from a
specific case. The measured demand includes connected loads categorized into three household
types (HH-1 representing low usage, HH-2 representing medium usage, and HH-3 representing
high usage), productive uses, and community loads. Household load categorization follows a
multi-tier framework that classifies electricity consumption into distinct tiers: Tier 1 (low
usage) for consumption of > 0.012kWh and 0.003kW; Tier 2 (moderately low usage) for
consumption of > 0.2kWh and 0.05kW; Tier 3 (medium usage) for consumption of > 1kWh
and 0.2kW; Tier 4 (high usage) for consumption of > 3.4kWh and 0.8kW; and Tier 5 (very high
usage) for consumption of > 8.2kWh and 2kW [124].
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3.5.2.1. System description
Due to the anticipated future load growth in mini-grids and uncertainty regarding future

demand evolution, the initial generation capacity must significantly exceed the initial demand.
Otherwise, demand would quickly reach its limit, constraining further growth. In the early
stages of a mini-grid's operation, there is substantial uncertainty about how demand will evolve,
whether it will primarily consist of household demand or productive use demand and whether
it will grow rapidly or at a slower pace. This study takes this uncertainty into account by
assuming a fixed-capacity system with sufficient spare capacity to accommodate future growth.
Solar PV is assumed to be the main energy source, as it accounted for 50% of operational mini-

grids in 2020 [125].

3.5.2.2. Load composition scenarios

The growth in electricity demand results from both increased consumption by existing users
and new connections, which include households and productive users. Productive uses can be
classified based on their usage patterns and frequency into daily and non-daily categories, each

with distinct energy needs and consumption behaviors.

Daily productive uses are typically shops, small bars, and workshops, although their
electricity usage varies. Shops and small bars have peak loads in the evening, similar to
households. Workshops typically operate during the daytime and exhibit higher power demand
compared to shops and small bars [29,41].

Non-daily productive uses, on the other hand, are types of loads that are not used daily.
Examples include millers (M), which run three to four days per week, typically on market days
when a large quantity of grains are collected, and water pumps (WP) used for drinking water
and irrigation. In rural areas, certain families may use millers monthly, generally once or twice
a month [126]. Water pumps operate in cycles rather than daily, and millers usage is more

prevalent in rural areas compared to water pumps for irrigation [126,127].

To represent these different possible load developments, three alternative future load
composition scenarios are formulated based on demand growth from households and the two

types of productive uses.

e Scenario 1 (S-21): assumes that the demand growth comes entirely from households.
e Scenario 2 (S-22): assumes that the demand growth comes from households and daily

productive uses.
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e Scenario 3 (S-23): assumes that the demand growth comes from households and non-

daily productive uses.

In determining the load profile for each scenario, the base case (BC) load profile of existing
connected loads in the specific case study area is considered. In each scenario, the number of
load types contributing to demand growth is determined based on the system's capacity. This
involves incrementally adding one user at a time to the base case demand while evaluating the
system's energy and power limits as constraints. Once these limits are reached, the maximum
number of new connections is identified and used to develop load profiles for the three
alternative future load compositions. This demand growth is assumed to occur at any point
during the lifetime of the mini-grid. Furthermore, in S-2 and S-3, to account for potential
alternative load compositions within mini-grids, the study considers a mix of respective HHs

and PUs using the method presented in Section 3.5.1.

3.5.2.3. Cost-reflective tariff determination
To ensure the tariff is cost-reflective, it should, at a minimum, recover the investment costs

associated with mini-grids. In the study, in determining the cost-reflective tariff, the TPC is
used to calculate the monthly revenue requirement (RR) over the mini-grid lifetime in months
(T), as shown in Eq. (32). The TPC is calculated using initial investment cost, replacement cost,

operation and maintenance cost, and based on the allowed rate of return on investment [44,53].

TPC
RR = T ($) (32)

The calculation of the cost-reflective tariff, based on the tariff structure considered, is
described below.

Fixed energy tariff

The cost-reflective tariff using the FET structure is the ratio of the required RR of the system

to the monthly (m) energy usage for each user (i), as shown in Eq. (33).

RR),, [ $
FET = ézn ;ti (W) (33)

Fixed and variable tariff

The FVT structure includes both a fixed tariff (FT) component and a variable tariff (VT)
component. The FT is calculated based on the RR to return the TPC of the distribution system

only ((DC),,) and then divided it by the total number of users (n) as shown in Eq. (34). On the
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other hand, the VT, is calculated using in Eq. (33), but the RR utilized in this equation does not
account for the (DC),,, as shown in Eq. (35).

FT = SO %) (34)
n
_(RR)y —(DC) [ $
="5rb, (kW) (35)
Time of use

The ToU tariff structure involves setting tariff rates (prices for peak and off-peak hours) and
determination of tariff shape (duration of peak and off-peak hours), with peak hours being
periods of highest demand and off-peak hours occurring outside these times. To calculate the
peak tariff (Tp), the peak factor (f,) is multiplied by the RR and divided by the expected total
energy usage (D) during peak hours (N), as shown in Eq. 36). Similarly, to determine the off-
peak tariff (Typ), the off-peak factor (fo;,) is multiplied by RR and divided by the expected total
energy usage during off-peak hours (M), as shown in Eq. 37. The f,, is obtained by dividing
the average peak power during peak hours (AVR,,) by the total average peak hour (AVR}) (Eq.
41), while the f,, is determined by dividing the average peak power during off-peak hours
(AVR,,), by the AVRy (Eq. 42), where AVR is calculated using Eq. 40.

_RRpxfy( $
=i (v o
_ RRT X fop $
Np kW
avi, =210 (%) (38)
Mp kW
AR, =20 (%) (39
kW
AVR; = AVR, + AVR,, (W) (40)
_AVR, "
o = AVRy S
AVR,,
oo = J7R- (42)
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Power tariff

The cost-reflective tariff using PT is calculated by dividing the RR by the sum of the peak
demand for each load (D, ;), as shown in Eq. (43).

(RR) o

kW
PT = . 43
YiD,; \ month 43)
Hybrid tariff

The cost-reflective tariff using HT is calculated by combining both the energy and power
tariff components. The energy tariff component (HET) is determined by using 50% of the RR
from Eq. (32), while the power tariff component (HPT) is calculated using the remaining 50%
of the RR, as shown in Eq. (43).

3.5.2.4. Monthly electricity bill
Monthly electricity bill (MEB) for each user is calculated using the cost-reflective tariffs

based on FET, FVT, ToU, PT, and HT structures, using Eq. 44, 45, 46, 47, and 48, respectively.

I
MEBg; = FET * Z D; ($) (44)
i
I
MEBpyy = FT + VT = Z D; ($) (45)
i
N M
MEBroy =Ton * ) Du+Topu * ) D ($) (46)
n m
I
MEBy; = HET * Z D; + HPT «D,; ($) (48)
i

Where MEBgy, MEBgy, MEB1oy, MEBpy, and ME By are the monthly electricity bills of
users calculated using FET, FVT, ToU, PT, and HT structure, respectively.

3.5.2.5. Case, data, and assumptions
The selected case is a solar PV-based mini-grid located in Koftu, described in Section 3.2.1.

A 2021 survey showed that 146 households, 1 church (CH), 1 school (SCH), and 1 water pump
(WP) are connected. The measured demand of the connected load over one week, from

December 6 to 13, 2021, shows that only 27% of the generated energy is consumed, indicating
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a significantly larger supply capacity than the demand [88]. The daily energy use and peak

power for each load type are listed in Table 4.

Table 4. Daily energy use and peak power of the load types in the case.

Load types Energy per day (kWh) | Peak power (kW)
HH-1 0.08 0.02

HH-2 2 0.7

HH-3 6 2

CH 0.6 0.05

SCH 14 3

WP 9 7

The TPC of the selected mini-grid is $2.56M, calculated with a 7% discount rate and based
on the economic and technical parameters of the mini-grid components in Table 2, excluding
the diesel generators and the distribution system [88]. In SSA, the initial cost of distribution
networks, metering elements, and end-user devices averages 21% of their TPC [128]. This
study considers the distribution cost, with an additional 4% for operational and maintenance

costs [128], to be 25% of the overall TPC, totaling $0.85M.

In scenario formulation, medium household demand (HH-2) from the Koftu mini-grid is
considered in S-21. In Scenario S-22, WS is considered to represent a daily PU, while M is
considered to represent a non-daily PU in S-23. However, demand data from a mini-grid
located in southwestern Tanzania [29] is used for WS and M since the Koftu mini-grid has only
one PU (a WP). The daily energy use and peak power for WS and M used in the scenario

development are presented in Table 5.

Table 5. Daily energy use and peak power of the WS and M load types.

Load types Energy per day (kwh) | Peak power (kW)
WS 18 16
M 26 14

The energy per day ratio of HH-2 to WS and M is 9:1 and 13:1, respectively. Based on the
method described in Section 3.5.1, the highest load factor occurs when WS and M account for
approximately 71% and 89% of the shares, respectively, with the remaining shares coming
from HH-2 in S-22 and S-23. With this mix, the energy ratio between HH and WS, calculated
on a one-to-one basis, shifts to 22:1, while the ratio between HH and M shifts to 104:1. These

energy ratios are considered in the formulation of future demand growth for S-22 and S-23.
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The load types and energy per day for demand growth in each scenario are shown in Table 6.
The number of new HHs in S-21 is similar to that in S-22 and S-23. However, in addition to
these HHs, S-22 includes WS, and S-23 includes M, with the number of WS higher compared
to M. This difference is due to the non-coincident peak times of the load types with BC: HHs
peak during the morning and evening, while WS and M peak around midday. The total demand
per day in BC is 430 kWh/day, whereas for S-21, S-22, and S-23, it is shown in Table 6. This
difference in daily usage results in varying levels of excess energy, with S-22 exhibiting 12%

and 10% lower excess energy compared to S-21 and S-23, respectively.

Table 6. Number of load types and excess energy per day for each load composition scenario.

Scenarios | Load type Number of load types Total demand (kWh/day)
S-21 HH-2 225 887
S-22 WS 10 1065
HH-2 224
S-23 M 2 936
HH-2 224

To determine the peak and off-peak hours for calculating the cost-reflective tariff using a ToU
tariff structure, the load profiles are considered, as shown in Figure 11. The peak load in the
system occurs in the early morning, from 6 a.m. to 10 a.m., and in the evening, from 6 p.m. to
6 a.m. Therefore, peak hours are defined as the morning period from 6 a.m. to 10 a.m. and the
evening period from 6 p.m. to 6 a.m., while off-peak hours are those during the day, from 10

a.m. to 6 p.m.
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Figure 11. Load profiles for the base case and each load composition scenario.
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4. Results and analysis
This chapter summarizes the results and analysis of the thesis.

4.1. Comparison of load estimation methods

The estimated load profiles, based on interviews and measurements, are shown in Figure 12.
These profiles are presented per hour and per minute, respectively. The load profiles for
households, productive uses, and community loads, estimated from both interviews and
measurements, are presented in Figures 13a, 13b, and 13c, respectively. The interview- and
measurement-based load profiles both show similar peak loads of 79 kW during the nighttime
for each day, as shown in Figure 12. However, the measured data indicates a higher peak load
(over 150 kW) during the morning hours for about six hours each week. This morning peak, as
shown in the measurement-based load profile, is attributed to cooking appliances (such as
electric mitads and stoves) used in households, as depicted in Figure 13a. Notably, the base
load is overestimated in interviews by 274% compared to the base load in measurements, which

1S 66 W.

The high peak demand shown in the measurements, particularly during early morning hours,
is driven by the simultaneous use of high-power appliances such as electric stoves and
traditional electric mitads for injera baking. The operation of these appliances across multiple
households leads to a load coincidence effect, increasing instantaneous power demand. This
phenomenon is captured in the measured data but is absent in the interview-derived estimates.
The difference is likely due to underreporting or limited respondent awareness regarding
appliance usage patterns. This indicates the limitations of relying solely on interview data for

load estimation and impacts the design of mini-grid systems.

The estimated performance metrics for weekday, weekend, and weekly load profiles, based
on interviews and measurements, are presented in Table 7. According to Table 7, on weekdays,
both the energy per day and the load factor are lower compared to weekends, with a reduction
of 4% and 5% for interview data, and 4% and 20% for measurement data, respectively. This is
because the system is dominated by households and has higher usage on weekends. While there
is no difference in peak load between weekdays and weekends in the interview data, the
measurement data indicates that the weekday peak load is 15% higher than the weekend peak
load. Conversely, in the weekly load profile, the interview data underestimated the peak load

by 70% compared to the measurement data. Additionally, daily energy consumption is
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underestimated by interviews by 21% compared to measurements. However, interviews

overestimated the load factor by 162% compared to the measurement data.

The performance metrics show significant differences across the load categories. The
estimated metrics for each load category are presented in Table 8. The peak load of the
household load category is significantly higher than that of productive uses and community
loads for both load estimation methods. This indicates that, although per-customer energy
usage in households is lower, the number of households is much higher than that of productive
uses and community loads. Consequently, the impact of household load categories is higher
than other categories in the total load profile estimation. As a result, households contribute 61%
and 90% of the total energy in the interview- and measurement-based load profiles,
respectively. Therefore, the difference between the two load estimation methods in the total
load profiles is primarily due to households. However, the peak load of households and
productive uses in the interview-based load profile is underestimated compared to the

measurement-based profile, whereas this is not the case for community loads.
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Figure 12. Total interview- and measurement-based load profiles and in-zoomed one day (day
4) load profile.
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Figure 13. Load categories load profiles estimated based on interviews and measurements. (a)
Household, (b)productive use, and (c) community

The estimated load factor for all load categories indicates that the interview method
overestimated the load factor compared to the measurement method. This difference, shown in
Table 8, aligns with the difference in total load profiles shown in Table 7. Among the load
categories, the difference between the load factor estimated based on interviews and
measurements is more significant in productive use, where the load factor is overestimated by

12 times in interviews compared to measurements.

On the other hand, the coincidence of these load categories indicates that it is overestimated
in interviews (0.85) compared to measurements (0.89). The responsibility of households and
productive uses load categories for the peak load of the total load profile shows the same
contribution in both interview and measurement methods. However, the community load

categories responsibility factor is underestimated by 68% in measurement method.
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Table 7. Performance metrics for the total load profiles estimated based on interview and
measurement methods.

Metrics Interview Measurement
Weekday | Weekend Weekly | Weekday | Weekend | Weekly
Peak load (kW) | 79 79 79 265 223 265
Energy (kWh) 346 361 350 440 467 448
Load factor 0.182 0.190 0.185 0.069 0.087 0.071

Table 8. Performance metrics for load categories load profiles estimated based on interview
and measurement methods.

Metrics Interview Measurement

HH PU CL HH PU CL
Peak load (kW) 68 9 10 263 43 4
Energy (kWh) 215 73 62 407 27 14
Load factor 0.130 0.322 0.252 0.064 0.026 0.144
Responsibility factor 0.9 0.001 1 0.9 0 0.32

The results indicate that different load profile estimation methods can lead to varying mini-
grid component sizing and costs. The estimated cost-optimal mini-grid component size and
cost based on the total estimated load profile from interview and measurement methods are
presented in Table 9. Among the mini-grid components, the BESS size is more significantly
impacted compared to solar PV due to the significant difference in total energy and peak load
between the two estimation methods, as shown in Tables 7 and 8. Specifically, BESS sizes are
underestimated by 55% and solar PV by 43% when sizing is based on interview data compared

to measured data, resulting in a 52% underestimation of TPC in interviews.

Converting the estimated total load profile from per minute to per hour resolution leads to
underestimation of component sizes and costs. As shown in Table 9, BESS and solar PV sizes
are underestimated by 55% and 43%, respectively, in per hour resolution load profiles
compared to per minute load profiles, resulting in a 9% underestimation of TPC from per
minute. This difference is due to a 24% reduction in peak load in the per hour compared to the

per minute load profile, reducing from 265 kW to 200 kW.
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Table 9. The size of mini-grid components based on interviews and measurement method.

Interview Measurement

Per hour Per hour Per minute
BESS (kwWh) 204 449 455
Solar PV (kW) | 56 73 98
TPC (M$3) 0.579 1.105 1.217

4.2. Comparison of single-year, multi-year, and multi-year-adaptive design approaches

Based on the method presented in Section 3.3, this section details the cost-optimal mini-grid
component sizes and costs using SY, MY, and MYAD design approaches under three demand

growth scenarios

4.2.1. Comparison of single-year, multi-year and multi-year-adaptive design approaches on
mini-grid component sizing

The required additional cost-optimal mini-grid component size in MYAD shows variation
across the demand growth scenarios. The required additional solar PV and BESS sizes in the
MYAD approach for every five years during the planning horizon, for scenarios 11, 12, and 13,
both in the base case and with load flexibility, are shown in Figures 14a and 14b. In scenario
11, as depicted in Figure 14, the required additional solar PV and BESS sizes during the
planning horizon are significantly lower than the initial component size for the first five year
(initial capacity). In scenario 12, the smaller additional solar PV and BESS size requirements
are only observed in the second five years but are higher than the initial capacity in the other
five years of the planning horizon. Additionally, in scenario 13, the calculated results indicate
that the additional size requirements are equal to or greater than the initial capacity, with smaller

additions during demand growth saturation intervals compared to previous year’s requirements.

The total mini-grid component size required over the full planning horizon in MYAD results
in larger reduced component sizes that depend on demand growth, compared to the SY and MY
approaches. The total solar PV and BESS sizes required over the full planning horizon based
on the SY, MY, and MYAD design approach for both base case and with load flexibility for
scenarios 1, 2, and 3 are shown in Table 2. In MYAD, the initial solar PV and BESS capacity
required is smaller than the required size over the full planning horizon, shown in Table 2. This
smallerinitial capacity requirement compared to the total required component size is significant
for higher demand growth scenarios compared to other scenarios. However, these scenarios
show consistent relative reductions of 62%, 81%, and 88% for both solar PV and BESS when

compared to the sizes needed at the end of the planning horizon in scenarios 11, 12, and 13,
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respectively. Although this relative reduction decreases over the planning horizon, it remains

more significant for higher demand growth scenarios.

The MYAD approach results also reduces the total solar PV and BESS sizes required
compared to the SY and MY approaches. As detailed in Table 10, with higher demand growth,
MYAD reduces the required solar PV capacity by 7%, 11%, and 16% compared to SY for
scenarios 11, 12, and 13, respectively, and by 10% and 3% compared to MY for scenarios 12
and 13, respectively. This required capacity in scenario 11 is 2% larger than in MY, leading to
surplus capacity. Similarly, MYAD reduces BESS size by 7%, 11%, and 15% compared to the
SY and by 7%, 2%, and 4% compared to the MY for scenarios 11, 12, and 13, respectively. The
larger reduction in BESS size in scenario 11, even compared to scenarios 12 and 13, explains
the reason for higher solar PV capacity in MYAD for this scenario compared to MY. This

indicates how varying demand evolutions impact the cost-optimal system sizing.

The impact of different design approaches on cost-optimal mini-grid sizing is influenced by
how they account for projected demand evolutions over the planning horizon (see Appendix C
for average demands and the percentage differences between peak and average demand). The
SY approach, which does not consider potential demand evolution, results in a higher average
demand (see Appendix D). This may lead to larger solar PV capacity in SY approach. In
contrast, the MY approach, which considers demand evolution over the planning horizon,
shows a greater disparity between peak and average demands compared to MYAD and SY.
This necessitates a larger BESS capacity in MY than in MYAD and SY to consistently meet
demand. Additionally, the cost differences between mini-grid components also affect the

capacity variations among these approaches.

The impact of load flexibility on mini-grid sizing varies based on the design approaches. The
effect of implementing 10% load flexibility on cost-optimal mini-grid component sizing across
the different design approaches is presented in Table 10. As detailed in Table 10, different
design approaches show varying levels of solar PV and BESS size reduction when 10% load
flexibility is applied. In the SY and MY approaches, solar PV size remains largely unchanged
or shows minimal reduction, while there is a reduction in BESS size. In MY, the 10% load
flexibility application results in a more substantial reduction in BESS size than in SY and

MYAD approaches. This indicates that load flexibility application is more evident in the design
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approach that considers demand evolution and significantly influences the size of the

component responsible for managing demand variability, which is the BESS in this case.
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Figure 14. Calculated system additions for every five years during the planning horizon for the
MYAD approach under scenarios 1, 2, and 3 for the base case and with load flexibility: (a)

Solar PV, (b) BESS.

Additionally, Table 10 reveals that the solar PV/BESS ratio ranges between 0.15 and 0.2

kW/kWh across all scenarios and design approaches. This relatively low ratio stems from the

high morning energy demand in the case study area, primarily due to cooking appliances. Such

demand patterns require a larger BESS capacity to ensure sufficient energy supply during these

peak periods. Implementing various DSM strategies, such as shifting cooking appliance usage

to midday, could potentially reduce BESS size requirements, enhancing system cost-efficiency.
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Table 10. Mini-grid component size under scenarios 1, 2, and 3, for the SY, MY, and MYAD
approaches for the base case and with load flexibility.

Design approach
base case with load flexibility

Scenarios | Components SY MY MYAD | SY MY MYAD

Solar PV (kW) | 248 227 231 249 227 207
S-11 BESS (kWh) 1522 1516 1412 1389 1300 1272

Solar PV (kW) | 628 616 556 632 616 502
S-12 BESS (kWh) 3857 3523 3447 3519 3067 3069

Solar PV (kW) | 1232 1070 1036 1223 1070 936
S-13 BESS (kWh) 7512 6706 6420 6852 5878 5721

4.2.2. Comparison of design approaches on mini-grid total present cost

The MYAD approach leads to lower initial investment requirements compared to the total
investment required. In Figure 15, the required additional investments for MYAD, for each
five-year interval over the planning horizon, are presented. In MYAD, the initial costs comprise
74%, 53%, and 39% of the total TPC required by the end of the planning horizon for scenarios
11, 12, and 13, respectively. In scenario 11, characterized by lower demand growth, the MYAD
approach results in additional capacity installations that represent a smaller portion of the TPC
in later years compared to scenarios with higher demand growth. This is because the initially
installed components already meet a significant part of the demand. Consequently, the MYAD

approach offers substantial cost savings, especially when demand increases sharply.

MYAD leads to considerable cost savings compared to both SY and MY approaches. Table
11 presents the TPC over the planning horizon for various approaches. The cost savings of
MYAD are more significant in scenarios with higher demand growth. With a 7% discount rate,
MYAD reduces the TPC by 52%, 68%, and 74% compared to SY, and by 51%, 66%, and 70%
compared to MY for scenarios 11, 12, and 13, respectively. These savings are primarily due to
the postponement of additional investments, which lowers upfront costs. Moreover, the
approach reduces component replacement costs, especially for BESS and inverters, as well as
operation and maintenance expenses. It also enhances the scrappage value, contributing to a
lower TPC. The replacement cost for solar PV is zero because the project's lifespan aligns with

that of the solar PV system.

The application of load flexibility in MYAD results in greater TPC savings than the base
case. As shown in Table 11, using a 7% discount rate, applying 10% load flexibility in MYAD
boosts TPC savings by 4% compared to SY and by 2% compared to MY, relative to the base
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case. The LCOE for the SY approach is 0.58$/kWh, which decreases to 0.56$/kWh with load
flexibility. However, the LCOE is lower for both MY and MYAD compared to the SY approach.

The reduction in TPC with MYAD compared to SY and MY becomes more significant as the
discount rate increases, indicating higher cost savings at greater rates. Table 11 presents the
estimated TPC for various discount rates and design approaches. For instance, in scenario 11,
the TPC reduction increases by up to 6.1% compared to SY and by 4.1% compared to MY
when the discount rate is increased to 15% and 20%, respectively, compared to the 7% discount
rate. Similarly, in scenario 13, the relative reduction in TPC increases by up to 6.3% compared
to MY and 9.4% compared to SY at a 15% discount rate, and by 5.6% and 8.3% at a 20% rate,
respectively. Scenario 12 shows a relative reduction that falls between the results of scenario

11 and 13.
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Figure 15. Cost additions for every five years during the planning horizon for the MYAD
approach for the base case and with load flexibility for scenarios 11, 12, and 13.

The reduction in TPC with MYAD compared to SY and MY also becomes more significant
with future component cost reductions. The total present cost required over the planning
horizon for the MYAD approach under different annual cost reductions and mini-grid
component cost reductions is presented in Table 12. As shown in Table 12, the relative TPC
reduction with MYAD increases by 2.4%, 3.1%, and 3.2% compared to SY, and by 2.5%, 3.3%,

and 3.6% compared to MY, for each 1% annual decrease in solar PV and BESS costs.
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Table 11. Total present cost in M$ required over the planning horizon for the SY, MY, and
MYAD approaches for scenarios 11, 12, and 13 for the base case for different discount rates
and with load flexibility.

Design approach

base case with load flexibility

Scenario SY MY MYAD SY | MY | MYAD
discount rate
7% | 15% | 20% | 7% | 15% | 20% | 7% | 15% | 20% 7%

S-11 37 (2218|3621 |17 |1810] 07|36/ 34 1.6
S-12 95 |56 | 46 | 88 | 52 | 43 |30 15| 1.1 | 9.1 | 83 2.8
S-13 1851109 | 89 |163| 9.6 | 7.8 |49 | 23 | 1.6 | 17.8| 154 | 45

Table 12. Total present cost in M$ required over the planning horizon for the MYAD approach
under different annual cost reductions.

Scenario | Annual cost reduction of solar PV (per kW) and BESS (per kWh)
2% 3% 4%
S-11 1.7 1.7 1.7
S-12 2.8 2.7 2.6
S-13 4.5 4.3 4.1

4.3. Impact of demand side management

This section presents the impact of DSM implementation at the category level on the cost-
optimal off-grid mini-grid sizing. It also provides an analysis comparing this impact of DSM

implementation at the category level with load flexibility.

4.3.1. Impact of DSM implementation on the cost-efficiency of mini-grids

The cost-efficient sizes of the off-grid mini-grid components for each combination of load
categories with implemented DSM in Configurations 1 and 2 are shown in Figures 16, a, and
b. The size of the BESS, charged during higher levels of solar PV power production and
discharged during peak demand hours, is highly influenced by the shiftable loads through the
DSM implementation, as compared with the sizing of solar PV and DG.

As shown in Figure 16, a and b, different load categories with DSM have different impacts on
the BESS, solar PV, and DG sizing. In both configurations, DSM implementation in all load
categories will result in reduced power from solar PV (391.6 kW) and no need for BESS, since
all loads are low-priority loads and are scheduled for hours with higher production of solar PV

power. In Configuration 2, DSM implementation in all load categories results in no need for
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DG, thereby reducing the levels of CO2 emissions and operational costs. The cost-optimal sizes
of the BESS and solar PV in the No DSM case (base case), whereby all loads are high-priority
loads and operate at their scheduled times, are 1,584kWh and 491.8kW in Configuration 1 and
1,491kWh and 476.5kW in Configuration 2, respectively.

Among the load categories, DSM implementation in C-1 has a greater impact than the other
load categories, reducing the BESS and solar PV by 1,224kWh (77.2%) and 81.5kW (16.5%)
in Configuration 1, and by 1,249kWh (83.7%) and 85kW (17.8%) in Configuration 2,
respectively, as compared to the No DSM case. DSM implementation in C-3, C-4, and C-2, in
descending order of impact, reduces the cost-optimal BESS size by 21.9%, 5.3%, and 3.7%,
respectively, as compared to the No DSM case, as shown in Figure 16a. DSM implementation
in C-3 and C-4 reduces the cost-optimal solar PV size by 19.6% and 20.3%, respectively, as
compared to the No DSM case. However, for DSM implementation in C-2, the cost-optimal
solar PV size is nearly equal to that in the No DSM case. In C-2, community load, demand is
concentrated to the daytime, when there is a higher level of solar PV power production. This

indicates that the shifting strategy has a lower impact for C-2.

In Configuration 2, DSM implementation reduces the cost-optimal BESS size by 22.7%,
7.5%, and 8%, and the cost-optimal solar PV size by 19.4%, 19%, and 2.1% for C-3, C-4, and
C-2, respectively, as compared to the No DSM case, as shown in Figure 16b. DSM
implementation in C-3, with peak demand coinciding with solar PV power production, results
in lower DG size than for other load categories, as shown in Figure 16b. In the No DSM case,
the cost-optimal DG size is 29.5kW, which is only 6% of the solar PV size, whereas DSM
implementation in C-1, C-3, C-4, and C-2 results in cost-optimal DG sizes of 31kW, 14kW,
29kW, and 26k W, respectively.

The LCOE values, calculated using Eq. (2), for Configuration I (LCOE-1) and Configuration
2 (LCOE-2) are shown in Figure 17. In Configuration 2, DG supplies peak loads. As a result,
the BESS and solar PV needed to meet peak loads are reduced, resulting in a lower LCOE, thus
LCOE-2 is lower than LCOE-1. DSM implementation in C-1, greatly reduces the size of the
BESS and reduces the levels of solar PV and DG more than in other load categories, leading
to a dramatic decrease in LCOE: LCOE-1 is reduced by 45.8% and LCOE-2 by 47.6%, as
compared to the No DSM case. DSM implementation in C-3, C-4, and C-2 reduces the LCOE-
1 by 20.7%, 13%, and 1.6%, and LCOE-2 by 21.8%, 13.2%, and 5.1%, respectively, compared
to the No DSM case.
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Figure 16. Optimal component sizes for different load categories with DSM in: (a)
Configuration 1; and (b) Configuration 2.

4.3.2. Impact of load flexibility on the cost-efficiency of mini-grids

To determine the impact of load flexibility on the cost-efficiency of mini-grids, different
levels of load flexibility, considering low-priority loads in the implemented DSM operating
strategy, are used in the cost-optimal component sizing for Configurations 1 and 2, as shown
in Figure 18, a and b. The BESS size is particularly strongly influenced by load flexibility and

is reduced, on average, by 29.8% for every 10% increase in load flexibility for both
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configurations, resulting in no need for BESS for 100% load flexibility (an ideal case). This is
because flexible demand can be shifted to align with periods of peak solar generation, thereby
maximizing the direct utilization of solar energy and minimizing the mismatch between supply
and demand.
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Figure 17. LCOE-1 and LCOE-2 values for different load categories with DSM.

The cost-optimal solar PV size is reduced, on average, by 2.1% for every 10% increase in
load flexibility in Configuration 1, Figure 18a, and in Configuration 2, Figure 18b, on average
by 1.8%. DG, which is only available in Configuration 2, is reduced, on average, by 12.1% for

every 10% increase in load flexibility.
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Figure 18. Optimal component sizes for different percentages of load flexibility in: (a)
Configuration 1; and (b) Configuration 2.

The impacts of load flexibility on the LCOE values for Configuration 1 (LCOE-1) and
Configuration 2 (LCOE-2) are shown in Figure 19. Load flexibility reduces the LCOE by, on
average, 8.4% and 8.2% for every 10% increase in load flexibility for Configurations 1 and 2,

respectively.
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Figure 19. LCOE-1 and LCOE-2 values for different percentages of load flexibility.
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4.3.3. Comparison of the impacts of DSM implementation at category level and load

flexibility on the cost-efficiency of mini-grids

DSM implementation at the category level has the same impact as that achieved by using a
higher load flexibility, as shown in Figures 17 and 19. The DSM implemented in all the load
categories reduces the LCOE-1 by 58.7% and LCOE-2 by 58%, as compared to the No DSM
case, shown in Figure 17. This is equal to the result of 100% load flexibility, Figure 19.

The DSM implementation in C-1, Figure 17, reduces LCOE-1 and LCOE-2 to almost the
same extent as 55% and 58% load flexibility for Configurations 1 and 2 respectively, Figure
19. C-3, C-4, and C-2, Figure 17, have the capacity to reduce the LCOE to almost the same
extent as 25%, 16%, and 2% load flexibility for Configuration 1, and 26%, 16%, and 6% load
flexibility for Configuration 1, respectively, Figure 19.

In addition, as shown by a comparison of Figure 17 and Figure 19, the difference between
LCOE-1 and LCOE-2 diminishes with shiftable load categories, low-priority loads, and
percentage of load flexibility. This indicates that as shiftable load categories and load flexibility
increase, DSM implementation will increase the cost-competitiveness of a 100% RES-based

oft-grid mini-grid (Configuration 1).

4.3.4. Comparison of mini-grid sizing with and without considering uncertainty and

validation of the PSO result

The cost-optimal size of the mini-grid with and without consideration of load and supply side
uncertainties for Configuration 1 and 2 is shown in Appendix C. Cost-optimal sizing without
considering uncertainties reduces the size of the BESS and DG more than the solar PV, as
shown in Appendix C, since peak load variations caused by uncertainties is met by BESS and
DG. In Configuration 1, the cost-optimal size of the BESS and the solar PV are reduced by
3.2% and 2.4%, and in Configuration 2 by 2.5%, 2.6%, and 2.6% for the BESS, solar PV, and
DG, respectively.

The cost-optimal size of the mini-grid for resulting from the use of an iterative method in the
case of 10% load flexibility is shown in Table 13. In finding the cost-optimal size of the mini-
grid components, the results obtained from the PSO algorithm and the iterative method are
almost the same for both configurations, but the accuracy of the cost-optimal solution differs.
The convergence characteristic of the PSO algorithm for the cost-optimal sizing with and

without considering uncertainty is shown in Figure 20. As shown in the convergence
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characteristics of the PSO, the LCOE decreases as the number of iterations increases and finally

converges to the optimal value.

Table 13. Optimal size of mini-grid with and without considering uncertainty using PSO and Iterative
method for configuration 1 and 2.

Component, unit Configuration 1 Configuration 2
With Without With Without
uncertainty uncertainty uncertainty uncertainty
Iteration | PSO PSO Iteration PSO PSO
Solar PV, kW 441.6 4426 | 432.1 441.6 433.5 422.9
BESS, kWh 446 1425 | 1380 1410 12215 1189.9
DG, kW 0 0 0 26.5 26.5 258
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Figure 20. Convergence characteristics of the PSO algorithm for optimal size of mini-grid with and
without considering uncertainty.

4.3.5. Impact of cooking appliances shifting hours on cost-efficiency of mini-grid

The peak load in the Koftu system occurs in the early morning, from 8 AM to 9 AM, with a

total load profile peak of 265 kW. This peak is primarily caused by the household load category,

which peaks at 263 kW during the same hour. The second highest peak load, 250 kW, occurs

between 6 AM and 8 AM. In cases 1 and 2, the peak load shifts every hour from 8 AM to 9 AM
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to 11 PM. In case 1, the maximum peak load is 332 kW, which is 25% higher than the base
case peak load. However, in case 2, the peak load remains at 261 kW for all shifting hours,

which is 1.2% lower than the base case peak load.

Based on different cooking appliance shifting hours, Figure 21 shows the cost-optimal size
of the BESS, solar PV, and TPC of the mini-grid. The size of BESS is reduced by up to 3% for
both cases 1 and 2 compared to the base case, as shown in Figure 21. In the base case, where
cooking appliance shifting is not considered, the sizes of BESS and solar PV are 455 kWh and
98 kW, respectively, resulting in a TPC of $1.217 million. Shifting cooking appliances reduces

the solar PV size by up to 8% in case 1 and 3% in case 2.

The reduction in BESS and solar PV sizes can be higher if the second peak loads, occurring
between 6 AM and 8 AM, are shifted to the afternoon, as they are 5% lower than the first peak.
This reduction is achieved by shifting cooking appliance operating times to any time in the
afternoon between 1 PM and 5 PM, decreasing the mini-grid TPC by up to 3% in both cases.
However, the TPC of case 1 is higher than the base case if cooking is shifted from 8 AM to 9
AM to 12 AM and between 7 PM and 9 PM. This is because additional load during these hours
increases rather than decreases the peak load compared to the base peak load. Additionally, if

100% of cooking appliances are shifted in case 1, customer satisfaction may decrease.
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Figure 21. Calculated size and cost of mini-grid for the different shifting hours of cooking
appliance: (a) Solar PV, (b) BESS (C) TPC

4.4. Impact of load composition

The cost-reflective tariff and monthly bill of users calculated based on the different tariff

structures for each load composition scenario are presented in this section.

4.4.1. Load factor and revenue optimization

The load factor changes due to different compositions of the household and productive use

of electricity for the two cases shown in Figure 22. As shown in Figure 22, the highest load
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factor arises when the composition of loads is approximately 50 % productive use. The increase
in the load factor is expected to be around 20 to 40 % compared with 100 % household loads
and 100 to 500 % compared with 100 % productive use, dependent on load behavior. The
measurements indicate there is a 11:1 ratio in average energy usage for household and
productive use. Thus, with the 50 % composition, this indicates that there should be 11 times

more households’ customers than productive users to reach the maximum load factor.

How the total revenue changes due to the load composition is shown in Figure 23. The solid
lines show how the total revenues change for both case 1 and 2 when household and productive
use have the same tariff, the maximum point will be the same as for the load factor optimization.
With an increase of the tariff of 10 % for the productive use customers, the optimum is shifted
by about 3-5 percentage points towards a lower household share as indicated with the dashed
line in Figure 23. The shift makes the maximum number of household’s customers to be 10

times more than the number of productive use customers to reach maximum revenue.
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Figure 22. How the load factor changes due to different compositions of the household and
productive use of electricity for two cases.
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Figure 23. Normalized revenue for different compositions of household and productive load.
Two different cases are investigated. The dashed line is the revenue for with a 10 % increase of
tariffs for productive use.

4.4.2. Cost-reflective tariff

Cost-reflective tariffs for scenarios 21, scenario 22, and scenario 33 are shown in Figure 24.
The tariff structures depending on total energy usage, FET, VT of FVT (shown in Figure 24a),
and HET of HT (shown in Figure 24d), exhibit different cost-reflective tariffs for each scenario
but show the same relative differences between scenarios. Specifically, the cost-reflective tariff
for scenario 22 is 17% and 15% lower than scenario 21 and scenario 23. Among these tariff
structures, the cost-reflective tariff calculated using VT of FVT and HET of HT results in
reductions of 25% and 50%, respectively, compared to FET calculated for each scenario. This
is because the FT in FVT distributes 25% of TPC among users, averaging 7.5$/month per user,
while the HET in HT is based on 50% of the total RR. FT is 2% lower for scenario 22 compared
to scenario 21 and scenario 23 due to a 2% higher number of users. The cost-reflective tariffs
calculated using energy-based tariff structures are lower than the implied tariff (1.75$/kWh)
that unconnected customers in SSA would pay for energy generation through alternative means

like kerosene or batteries [22,44].

The cost-reflective ToU-based tariff, shown in Figure 24b, reveals that higher energy usage
during peak hours compared to off-peak hours, shown in all scenarios, results in peak-hour

tariffs that are 50% lower than off-peak tariffs in all scenarios. Due to these differences in
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energy usage in peak and off-peak hours among scenarios, peak and off-peak tariffs in scenario
22 exhibit the lowest tariff compared to scenario 21 and scenario 23. Specifically, the peak and
off-peak rates in scenario 22 are 22.3% lower than those in scenario 21, and 17% and 21.6%

lower than those in scenario 23, respectively.

The sum of each user's peak load can vary depending on load composition, even with a fixed
mini-grid capacity. The cost-reflective tariff based on the PT structure, which depends on the
total peak load, is shown in Figure 24c. As shown in Figure 24c¢, scenario 22, which has a high
peak load sum, results in power tariffs that are 33% and 27% lower than those in scenario 21
and scenario 23, respectively. On the other hand, the cost-reflective tariff based on the HT
structure that distributes the required revenue evenly to energy and power tariff components is
shown in Figure 24d. Both HET and HPT tariffs are 50% lower than FET and PT while

maintaining the same relative differences shown in FET and PT across scenarios.
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Figure 24. Cost-reflective tariff for each scenario based on the different tariff structures: (a)
FET and VT of FVT, (b) ToU, (c) PT, (d) HT.
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4.4.3. Monthly bill

The monthly electricity bills of different users, presented in Table 13, exhibit significant
variations based on the type of tariff structure used to calculate cost-reflective tariff and load
composition, particularly noticeable when compared to the commonly employed tariff
structure, FET. Lower monthly bills for users (HH-1, HH-2, HH-3, CH, SCH, and WP) are
shown in scenario 22, where a low cost-reflective tariff is yielded compared to scenario 21 and
scenario 23. The average reductions for all users shown in scenario 22 are between 12% and
33% when compared to in scenario 21 and between 10% to 27% when compared to in scenario
23, with the lowest and highest reduction in FV and PT structures, respectively. Yet, productive
uses and community loads show monthly bill reductions from similar tariff structures in
different load composition scenarios, but not for households, as shown in Table 13. Productive
use and community loads show significant reductions in monthly bills under FVT and PT and,
respectively. FVT reduces the monthly bill of users having higher consumption in the system,
reducing productive uses' bills by over 17% compared to FET. PT shows a bill reduction of
over 75% for CH and over 40% for SCH compared to FET. However, productive uses bills
under PT are more than 100% higher compared to those under FVT.

On the other hand, the extent of reduction and the tariff structure that leads to reduced bills
varies across different household usage levels and load compositions. Table 13 shows that PT
tariff structures lead to lower monthly bills than other tariff structures for household users in
scenario 22, showing reductions of 14% or more compared to FET. Whereas in scenario 21 and
scenario 23, the ToU tariff shows a reduced bill for HH-1 (reducing 25% or more compared to
FET), while FET shows a reduced bill for HH-2 (5% bill reduction compared to FV and ToU)).
Additionally, the monthly bill for HH-1 under ToU tariffs shows a reduction, although it is
slightly higher than PT. However, FV tariffs significantly increase monthly bills for low-usage
users like HH-1 and CH, by more than 8 and 2 times, respectively, compared to FET in all
scenarios. HH-3 exhibits a reduction in monthly bills under different tariff structures in scenario
21 (under FVT) and scenario 23 (under PT), resulting in reductions of 15% or more when

compared to FET.

The calculated monthly electricity bill using FET in all scenarios is lower than the implied
tariff. However, the monthly bill for HH-1 in scenario 22 is 69 times higher than the amount
calculated under the old tariff in Ethiopia, and 28 times higher compared to the amount under
the new tariff (see Appendix E for the old and new electricity tariffs in Ethiopia and Appendix

F for the monthly bills of users based on these tariffs). This difference is more pronounced in
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scenario 21 and scenario 23, with increases of 6% and 5%, respectively. While CH follows the
same pattern as HH-1, other households, as well as productive uses and community loads, show

monthly bills 5 to 11 times higher compared to those calculated using the new tariff in Ethiopia.

The variations in load composition significantly affect total revenue collection, even when
using old and new tariffs in Ethiopia, with scenario 22 generating the highest revenue compared
to scenario 21 and scenario 23. The total monthly revenue of the mini-grid calculated using the
cost-reflective tariff is higher compared to when it is calculated with the electricity tariff in
Ethiopia (see Appendix G). Specifically, the total monthly revenue under the cost-reflective
tariff is significantly 21, 16, and 20 times higher for scenario 21, scenario 22, and scenario 23,
respectively, compared to the old tariff, but this reduces to 12, 9, and 11 times under the new
tariff.

Table 14. Monthly bills for each user, calculated based on the cost-reflective tariff in different

tariff structures for each scenario. Colour coding indicates the cost level: the highest costs are
shown in red and the lowest costs in green within each user and scenario.

Monthly bill ($)
Tariff structures

Scenarios | Types of users | FET FVT ToU PT HB High
HH-1 | | 0.90
HH-2 | 26.87 | | 26.70
HH-3 | | 68.70 | 69.57 |

CH 755 |GMON 61 | as1 | o

SCH | 136.60 | | 137.65

S-1 WP | 142.05 | 189.19
HH-1 | | 0.68

HH-2 | 21.34 | 19.94
HH-3 | 56.88 | 53.37 | 56.17
CH 6.54 | 481 | 3.93

SCH | 114.85 | | 106.07

WP 94.39 | 110.35 | 135.60
S-2 WS | 252.59 | 285.21
HH-1 | | 0.85

HH-2 | | | 25.44 | 25.23
HH-3 | 65.44 | 65.35 | 7050
CH 7.65 | 583 | 4.73

SCH | 133.25 | | 131.19
WP | 139.22 176.86
S-3 M | | 217.08 | 318.25
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The monthly distribution of RR among households, productive uses, and community loads is
shown in Figure 25. Different tariff structures impact the total RR collected from these load
types. In scenario 22 and scenario 23, where there are more productive uses, ToU, and PT tariffs
reduce households bills and shift RR collection to productive uses, by reducing the households
share by 5% and 17% in scenario 22, and by 2% and 7% in scenario 23 compared to FET. The
HB tariff structure also shifts more RR to productive uses, reducing the households share by
8% in scenario 22 and 3% in scenario 23. Conversely, FV relatively reduces the RR share from

productive uses.
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Figure 25. Percentage shares of revenue from household, productive use and community load
from the total revenue, under the different tariff structures for each scenario.
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5. Discussion

This chapter discusses the results and analysis of the thesis, by interpreting the findings,
comparing them with existing literature, exploring their implications, and addressing the

limitations

5.1. Interviews- and measurements-based electric load estimation

This study conducts comparative analysis of interviews- and measurements-based methods
for electric load estimation and examines their effects on the sizing and cost of mini-grid
components. The comparison of the interview- and measurement-based methods was examined
in both the total and load categories of the load profile. The impact of the load estimation
method difference on the sizing and cost of mini-grid were studied using the weekly load
profile and PSO algorithm. In previous studies, the two methods were compared in estimating
the total load profile, and the impact on mini-grid component sizing and cost was analyzed
using the average daily load and a worst-case scenario. In addition, the impact of using hourly
resolution load profile estimation on mini-grid sizing and cost is examined. This was done

using a case village in a rural area of Ethiopia.

The findings show that using the interview- based electric load estimation can underestimate
the peak load, energy per day and cost, which can have a significant impact on investment
decisions. However, interview-based load estimation can overestimate the load factor because
of underestimation of peak load. This can have impact in income estimation since the higher

load factor implies higher mini-grid income [29].

Among the load categories, a significant difference between the methods is shown for
household demands due to peak load underestimation of the load profile of appliances with
high power ratings and cyclic operation in households. The study also indicates that while the
main difference is indeed in the household, the specific appliance or type of usage that causes
this difference also plays a significant role. According to the findings of this study, the main
difference in electricity demand estimation arises from cooking appliances used within the
communities, specifically from mitad. This implies that improvements of interview
assessments of appliances with high power ratings and cyclic operation, and time change (e.g.,
load shifting in cooking, particularly mitad) could have a significant impact on the outcome
and would be required when these types of assessments are used. This also implies that in
particular mini-grid modeling of systems dominated by household users’ needs to pay attention

to this.
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The responsibility factor difference of load categories between the methods is modest but
higher in the community load. This indicates that, in planning and operation of mini-grids,
matching the required demand and supply by implementing demand side management for

instance should consider the difference that can be expected in load estimation methods.

The result of this study indicates that the main difference between interviews- and
measurements-based methods for electric load estimation is cooking appliances. The type of
cooking used varies from one area to another because of consumer behavior, socio-economic
factors, time considerations, environmental factors, and technological differences. This
highlights that the consideration of electricity demand in relation to religion or cultural
behavior, as well as the socio-economic aspects, is of paramount importance prior to initiating
data collection. Additionally, it is essential to emphasize appliances with high power ratings
and cyclic operation that are unique to the area, rather than focusing solely on commonly found
appliances in other areas when estimating load profiles based on data from an electrified area

with a similar socio-economic and geographical context.

The interview and measurement assessments in per hour resolution show different impact on
mini-grid sizing and cost than the per minute measurement. High-resolution per minute load
profiles reveal peak loads not captured in low resolutions. These peak loads are often missed
in interviews and underestimated when converting per minute load profile to per hour.
Consequently, mini-grid sizing based on hourly data underestimates the battery energy storage
system size, leading to different cost estimations. This highlights that using hourly-resolution
data can underestimate the size and cost of technologies needed to meet peak loads. Therefore,
understanding how load profile estimation methods and resolutions impact mini-grid sizing
and total present cost is crucial. This knowledge helps mini-grid operators assess the risks of
interview-based methods and supports them in considering the costs and benefits of conducting

detailed load estimations [60].

5.2. Advantages of a multi-year-adaptive design approach

This study explores and quantifies the advantages of the multi-year-adaptive approach on
long-term mini-grid component sizing and associated costs under different demand growth
scenarios. The study also evaluates the impact of load flexibility, varying discount rates, and
potential future mini-grid component cost reductions across single-year, multi-year, and multi-

year-adaptive design approaches. By examining these, this study adds to the understanding of

78



how the multi-year-adaptive design approach can be further developed to improve mini-grid

component sizing and cost efficiency while handling long-term uncertainties.

The multi-year-adaptive approach results in lower component sizes, leading to total present
cost reductions compared to the multi-year and single-year approaches, in line with results of
previous studies showing that adaptive designs yield greater cost savings than the multi-year
and single-year approaches [34,35,84,86]. The result of the solar PV/BESS ratio (0.15 to
0.2kW/kWh) also aligns with an earlier study that reported a ratio of 0.12 to 0.19 [86] while a
study on eleven operational mini-grids run by private investors showed a considerably higher
ratio of 0.56kW/kWh [129]. The solar PV/BESS ratio reflects robustness, indicating the
system’s ability to operate normally without significant performance degradation despite
disturbances, uncertainties, and changes in demand, inputs, and energy resource conditions,
and enhancing the reliability of the mini-grid [82]. The calculated LCOE also aligns with
previous studies, reporting values for solar PV-based mini-grids just above 0.25 to 0.61$/kWh
[84,130].

The demand-supply energy matching constraint ensures that the load is fully met at all times,
since load curtailment is not considered in this study. This often increases system size and cost,
as components must be scaled to handle peak demand and lower generation. Additionally, the
SOC constraints for the BESS, which limits its operation between minimum and maximum
SOC levels, affect BESS sizing by requiring larger capacities to provide adequate usable energy
while ensuring safe operational limits. These constraints are intermittently binding;
SOC,,in binds during peak demand periods, while SOC,,, ,, binds during high energy generation

periods. Therefore, these constraints impact overall system sizing and cost [82].

The development of mini-grids involves various stages, each influencing the type and amount
of investment required. The earlier the stage, the riskier the project [131]. The multi-year-
adaptive design approach provides additional investment decision options, either at the
component or system level, unlike the multi-year and single-year approaches requiring
decisions at the outset. This postponement of additional investment decisions allows for
considerations of both present and future component costs and the potential national grid

connection in subsequent stages [23].

The final-year demand consideration in SY led to overcapacity and underutilization early on,
creating economic inefficiency and financing challenges. The perfect foresight demand

evolution requirement is challenging in MY due to the difficulty of predicting the future.
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Conversely, while SY remains the prevailing real-world investment strategy, MYAD offers
certain advantages. However, MY remains a valuable benchmark, as evidenced by previous

research such as [34,35,82—84].

The postponement of additional component installations will not only lower the upfront cost
but also further decrease the overall total cost. This cost-saving further increases with the
application of load flexibility, a high discount rate, and future component cost reductions. The
cost savings achieved by postponing additional investment decisions in multi-year-adaptive
approach highlight that it also minimizes the cost of the expansion strategy by implementing
the expansion in multiple stages rather than all at once. It also enables the utilization of
historical demand growth knowledge, which can help in later investment decisions and reduce
uncertainties related to load estimation and forecasting [35]. However, the cost savings in
MYAD, rather than all at once in SY and MY, can be impacted by economies of scale, which
were not explicitly modeled in this study. These could influence investment decisions by

favoring larger initial capacity installations in SY and MY compared to MYAD.

The multi-year-adaptive approach shortens the load forecasting time horizon for mini-grid
sizing compared to multi-year approach. In our case, the forecasting period is reduced by a
factor of five-to-five years, from twenty-five years to five years. This highlights that multi-
year-adaptive approach will help to deal with future demand uncertainties in long-term mini-
grid sizing. On the other hand, while the MYAD approach splits the full planning horizon into
five-year periods for adaptability, the approach is not fully decoupled. Each stage builds upon
the previous one by carrying over installed capacities and operational constraints (operation
and maintenance and replacement). This ensures continuity and allows the model to account

for long-term impacts, thereby reducing the risk of suboptimal mini-grid designs.

Compared to stochastically optimal system sizing, which provides a static system size with
sufficient operational flexibility to account for variability and uncertainties in future demand
by considering multiple random potential future demand scenarios [84], the multi-year-
adaptive approach dynamically updates plans as circumstances involve. For instance, if
demand development follows scenario 11 for the first five years but then shifts to scenario 12
or 13, the multi-year-adaptive approach allows plan updates based on the evolved demand in
scenario 12 or 13. However, it remains flexible and does not strictly adhere to the demand
trajectory of scenario 12 or 13, allowing for further updates as conditions change in subsequent

periods. This highlights that the MYAD approach reduces the impact of unforeseen demand
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spikes or drops, thus reducing reliance on future assumptions. Additionally, by reducing
reliance on static mini-grid design in stochastic system sizing, the MYAD approach offers a
practical and flexible way to address future long-term demand uncertainty and ensures more

robust system sizing decisions over time.

Timely component additions are essential for system reliability and economics since they
reduce the mismatch between demand and supply, enhance power availability, and decrease
system costs. However, the time interval for adding components over the planning horizon
must exceed the lead time (the time between the initiation and completion of the process) [132].
From this perspective, the multi-year-adaptive approach is more flexible than both the multi-
year and single-year approaches. This highlights how the multi-year-adaptive approach can
greatly increase the sustainability and scalability of mini-grids in rural areas by lowering
financial risks, optimizing resource allocation, and minimizing the possibility of oversized or
underutilized systems. It is also more realistic compared to the adaptive approach, which adds
additional mini-grid components every year, which certainly is challenging to implement in
rural areas. This indicates that the decision on when to add additional mini-grid components
should be based on different criteria (cost, reliability, environment, and social considerations,

etc.), of which many depend on the local context.

The multi-year-adaptive approach leads to significant cost savings in scenarios with higher
demand growth, which is highly likely in rural villages [28,41]. For villages with slower
demand growth, there is a smaller total present cost share in later years, resulting in less cost
savings compared to a village with higher demand growth (could be corresponding to a larger
village along a road, villages closer to urban areas, etc.). This highlights that the multi-year-
adaptive approach, offering more flexibility than the multi-year and single-year approaches,
seems to be a more economical and favorable choice, especially at higher demand growth.
Additionally, villages with higher demand growth can increase the cost-efficiency of the system

if the growth is from productive load categories [82].

Initial up-front costs are a major obstacle for mini-grid investment, especially in rural areas
with limited access to financial tools and banking services [85]. Thus, total cost constraints in
rural areas are limiting wider access to basic electricity. This stresses the importance of the
multi-year-adaptive initial investment cost reduction enabling available financial resources to
be used for basic access also at other sites instead of for oversized systems in a few villages.

Moreover, this reduction in initial investment costs provides opportunities to secure additional
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funding for subsequent investments [86]. This shows how crucial decisions regarding initial

investments are, as they serve as a foundation for all subsequent investments in the system.

Operation and maintenance costs increase based on the actual capacity installed and used in
any given year [84]. In the multi-year-adaptive approach, increasing capacity based on demand
growth will lead to reduced replacement, and operation and maintenance costs. The
postponement of additional component installations, particularly battery energy storage,
contributes to reduced system costs and possibly also environmental impacts. The reduction in
operation and maintenance costs can have a significant impact, especially on technologies with
higher operation and maintenance costs. Additionally, the development of a system with
demand growth helps operators to acquire technical skills (especially in smart systems)

gradually [23] for rural mini-grids in SSA having a lack of skilled personnel [39].

Mini-grids are established in order to provide electricity for the rural population in their
service area while balancing customer satisfaction and financial viability [60]. Cost savings
increase with the application of load flexibility in the multi-year-adaptive approach compared
to the multi-year and single-year approaches. These results highlight that the load flexibility
application in the multi-year-adaptive approach enhances techno-economic benefits by
reducing uncertainties and costs compared to the multi-year and single-year approaches.
However, the implementation of load flexibility needs continuous commitment from users and
may have lower social acceptance. Additionally, implementation through customer incentives-
based DSM incurs additional costs related to control and communication systems. However,
expenses can be reduced by implementing DSM at the load categories rather than at the

appliance level [41].

The multi-year-adaptive approach cost savings will be larger in contexts with higher general
risk considerations and higher discount rates as in many developing countries, even if major
differences also occur between countries that are comparable with respect to their state of
economic development [133]. The cost savings shown between the design approaches, because
of the discount rate, highlight the significance of the multi-year-adaptive approach is more in

the context of developing countries.

The cost savings from multi-year-adaptive approach also increase with future component cost
reductions (both market-driven and those resulting from supportive policies and incentives).
This highlights the advantage of the multi-year-adaptive approach not only in the planning

phase but also during system operation. For instance, if subsidies or regulatory changes are
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introduced after system installation, leading to lower component costs, the multi-year-adaptive
approach would allow developers to benefit from these reductions by incorporating them into
future stages of the project. This emphasizes the advantage of the multi-year-adaptive approach
in minimizing the risks associated with future cost fluctuations and highlights its suitability for
environments where future cost reductions or regulations changes are uncertain, offering a

more risk-averse strategy for mini-grid development.

The multi-year-adaptive approach requires more frequent sizing and field visits to upgrade
capacity, which can be challenging for mini-grids facing issues such as limited infrastructure
(like rugged landscapes and dense forests) or lack of transportation. Additionally, harsh weather
conditions, security concerns (including conflict in the area), limited or unreliable
communication, and resource constraints can limit the applicability of the approach. On the
other hand, mini-grid settings with fewer such challenges are more likely to successfully
implement this approach, although they may still incur some costs [125], but these are certainly

less in many cases than the potentially huge cost savings.

Component degradation both affects the performance of a mini-grid system and increases its
system costs [82]. Charge and discharge cycles also influence battery replacement costs [84].
This study does not take this influence into account but its effect would be smaller for MYAD

compared to SY and MY due to lower initial and total capacity.

Measured electricity load data, representing realistic load data, were used to represent the
initial year demand. The use of a one-week load profile to represent a full one-year load profile
introduces a simplification, especially in regions with marked seasonal demand variations.
However, this should not have much effect in Ethiopia since seasonal demand variations are
modest due to minimal weather fluctuations throughout the year and no marked seasonally

dependent changes of social behaviors.

Furthermore, the study is based on data from a specific case study area. The demand in this
area has a high morning peak due to the mitad use for bread (injera) baking. This is typical for
Ethiopia, but such a high morning peak is otherwise less common. The high morning peak
results in a low solar PV/BESS ratio, as would any high demand peak do, especially high
demands outside of the PV generation time. Higher electricity demands during early mornings
and evenings are more likely in areas dominated by residential demands and in villages where
a large population shares work in agriculture (individuals spend the majority of daytime on

farming activities) [29]. However, the main findings of the study, particularly the significant
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reduction in initial and overall components leading to initial and overall cost reductions and
helping in addressing uncertainties about future demand by the MYAD approach, should be

valid in most developing contexts.

5.3. DSM implementation at the category level and the cost-efficiency of mini-grids

The impacts of DSM implementation using a load-shifting strategy on the cost-efficiency of
off-grid mini-grids in non-electrified rural areas were determined. DSM analyses have often
been implemented on small systems in developed countries. However, this study focuses on
the mini-grids in rural areas of developing countries rather than in developed countries,
broadening the geographic focus area of DSM. The impact of DSM implementation was
determined at the category level rather than at the appliance level for four load categories:
household loads (C-1), community loads (C-2), productive uses with nighttime loads (C-3),
and productive uses without nighttime loads (C-4), each with different load profiles. While
each individual appliance must be operated within the load categories, it is unrealistic that a
utility would individually control end uses, which are typically aggregated by demand response
service providers. For this reason, individual appliance impacts are aggregated into categories
without losing appliance-level constraint fidelity [103]. This examination of DSM
implementation at the category level regarding the cost-efficiency of mini-grids provides
insights into the system-wide impacts of each load category on the techno-economics of mini-

grids, rather than focusing on the appliance level.

The component sizing was carried out for each combination of the four load categories using
a PSO algorithm. Load-side and supply-side uncertainties were also considered, but not their
development with time. The applied load-shifting strategy was conducted in a priority-based
fashion, with Configuration 1 supplying high-priority loads at the scheduled time and low-
priority loads only when there is sufficient power generation from solar PV and the BESS is
full. In Configuration 2, the high-priority loads were supplied using the DG when neither solar

PV generation nor BESS was sufficient.

In contrast to the day-ahead DSM strategy, which has been studied to determine the optimal
time when low-priority loads can be curtailed for higher levels of user satisfaction [43], the
load-shifting strategy applied in this study does not include load curtailment, thus increasing
system reliability. However, the results of the study are in line with those of previous studies
[92-95], regarding how the cost-efficiency of mini-grids is impacted by a priority-based
shifting strategy.
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The result reveals that the cost-effectiveness of rural mini-grids depends on the load category
mix considered when DSM is implemented. Among the load categories, the productive use
category, C-3, with a night-time load, has a greater impact on the cost-efficiency of mini-grids
than C-4, without a night-time load. This emphasizes that productive loads can increase the
cost-efficiency of mini-grids, but not all productive loads have equal impact. The impact of
DSM implementation in C-1, reducing the size of off-grid mini-grid components and the
LCOE, will likely become more important due to the increase in household connections in rural
areas [43]. C-3, while having a weaker impact than C-1, has the capacity to increase the load
factor of the mini-grid and improve its cost-efficiency [58]. However, balancing different load

categories is crucial for creating a cost-efficient mini-grid in rural areas [107].

The variation in LCOE reduction observed for the different categories indicates that different
DSM strategies (such as demand response), based on category level, can have a different impact
on system operation. However, system operators can choose a type of DSM implementation
that reflects their own perspectives. Importantly, depending on the ownership and business
model of the mini-grid, the relationship between the utility and its customers may differ

significantly, including in relation to the priority given to the load categories [134].

In a mini-grid framework, DSM implementation can be achieved through mechanisms such
as time-of-use electricity tariffs. These tariffs allow the control of each load category based on
its load profiles by applying different electricity rates at various times of the day. This pricing
signal encourages users to shift non-essential loads to off-peak periods. Implementing
this may require a smart metering infrastructure at the user level rather than at the
appliance level. However, the effectiveness of this DSM implementation and the degree of
user responsiveness to pricing signals or control commands can significantly impact the
reliability and overall efficiency of the DSM strategy. Uncertainties related to customer
behavior and participation can influence the operational and economic performance of the

mini-grid.

DSM implementation at the category level offers advantages over the appliance level, such
as reduced infrastructure and fewer operational and maintenance challenges. Rural mini-grids
require communication infrastructure and distributed smart meters for electricity usage
control, but this approach reduces system complexity as the number of users increases.
Additionally, category-level DSM implementation is less affected by load estimation

uncertainties.

Considering the order of impact among the load categories in terms of creating a cogis

efficient mini-grid, C-1, the household category, is the most significant followed by C-3, the



productive use category, followed by C-2 and C-4. Due to their load profiles, the capacity of
DSM implementation in C-1 and C-3 to reduce the LCOE is almost equal to the impacts
achieved by 55% and 25%, and 58% and 26% load flexibility for solar PV-based and HRES-
based off-grid mini-grids, respectively. C-1 and C-3 are the main contributors to the night-time
peak demand when there is no solar PV power production and, thus, more BESS is required to
ensure supply. C-2 and C-4, on the other hand, have peak demand during the daytime, when
there is higher solar PV power production. However, C-2 + C-4 have a higher peak and energy
demand than C-2 and C-4, resulting in a lower LCOE than C-2 and C-4, but higher than C-1
and C-3. Thus, the implementation of a load-shifting strategy in these categories would have a

weaker impact on reducing the BESS size and, therefore, a weaker impact on the LCOE.

DSM implementation in C-1, C-3, C-4, and C-2 enhances the cost-competitiveness of solar
PV-based, 100% RES-based off-grid mini-grids by reducing the BESS and solar PV size. This
contributes to decarbonization in the energy sector. Policy should encourage DSM
implementation in C-1 and C-3 for rural area electrification using 100% RES-based mini-grids.
However, DSM implementation requires reduced user consumption, such as reduced lighting
in C-1 and decreased consumption from low-priority loads like TVs, refrigerators, radios,

mobile charging, and other entertainment appliances in C-3.

Household consumers, which have a higher impact, in rural areas are characterized by low
demand and they are likely to resist shifting the load of certain appliances, such as lighting.
However, there are appliances that consume a significant amount of energy and have high peak
power demands, such as cooking appliances. The results of this study indicate that shifting
either 100% or 50% of the morning peak load consumption to midday hours can reduce the
total present cost of the mini-grid. For instance, in the case of Ethiopia, where injera, a
commonly consumed food that requires high energy consumption, is only baked four to five
times per week, there exists the potential to shift the usage of electric mitad and/or stoves to
mid-day. However, failure to implement such a shift result in challenges and peaks being added
to the system, which are attributed to economic growth, increased demand for new electric
appliances, and the growth of village size. This, in turn, leads to a greater need for distribution
cables and transformers to accommodate the morning peak loads. The impact becomes even
more pronounced when more households are connected to the mini-grid. Consequently, there
is a heightened risk of surpassing the maximum power capabilities of the local distribution
transformer when a large number of cooking appliances or appliances with high power ratings
and cyclic operations are connected [135].
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On the other hand, even if in the case area of this study the productive use, agricultural loads
are low but their operation is much more flexible than that of other productive users [103]. The
implications of this additional flexibility from agricultural loads, which are more likely in rural

areas, are significant in the cost-efficiency of mini-grids.

5.4. Load composition, revenue and monthly bill
5.4.1. Load composition and revenue

The impact of the load composition is crucial for increasing the economic viability of the
small off-grid mini-grids. Revenue can be increased, which could be used to financially
promote a transition to the optimum composition based on methods proposed in [10],
generating systematic knowledge on different options for configuring and managing mini-
grids. More productive use will not only lead to more a sound financial situation for the grid

operator but also generate income for the area [16].

Optimizing load composition is a key action that can improve financial revenues in off-grid
RES-based mini-grids. This can be implemented as part of a smart management strategy and
combined with demand-side management or even load frequency control. There is significant
potential value in demand-side management in renewable-based systems, as shown in [136]

for wind power.

Although the focus of this study has been on economic benefits, there are also environmental
benefits. Power sources with low running costs are often renewables with a lower
environmental impact. Avoiding over-capacity also has less negative environmental impact,

reducing impacts from manufacturing, transport, and waste handling.

5.4.2. Load composition and monthly bill

To determine the impact of load composition on the monthly bill of users, an installed solar
PV-based mini-grid designed with a larger capacity to deal with future demand uncertainties
was used. The cost-reflective tariff necessary to recover the required revenue to cover the total
present cost of the mini-grid was determined for five commonly used tariff structures: fixed
energy tariff, fixed and variable tariff, time-of-use tariff, power tariff, and hybrid tariff

combining both energy and power tariffs.

The fixed energy tarift is commonly known as a flat-rate tariff or simple energy tariff, widely
used for residential and small-scale users due to its simplicity. The fixed and variable tariff,
also referred to as a two-part tariff, combines a customer charge (fixed) with an energy charge

(variable). The time-of-use tariff, known as time-based pricing or dynamic pricing, is popular
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in advanced grids to encourage demand-side management. The power tariff is commonly
recognized as a demand charge or capacity tariff, typically applied to industrial and large
commercial users. Finally, the hybrid tariff integrates energy and demand charges and is known
as a combined energy and demand tariff, balancing costs and incentives for energy

consumption and peak demand management [137].

This analysis takes into account anticipated future load growth and calculates tariffs based
on demand-side profiles, under the premise that revenue generated from electricity sales must
completely cover the investment costs of the mini-grid. Given that the supply side is
constrained by the pre-installed infrastructure and the associated investment, the cost-reflective
tariff is established using various tariff structures that accommodate uncertainties in future
demand. These calculations examine different potential load growth scenarios, emphasizing
the expected mix of load categories, specifically households and productive users (load
composition), that are predicted to drive demand growth, while simultaneously addressing the

uncertainties inherent in demand development.

The results indicate that the future load composition of a mini-grid can significantly impact
the monthly bill of users that depends on cost-reflective tariffs. The cost-reflective tariff is
lower for load compositions consisting of more daily productive use compared to more
household and non-daily productive use. However, the magnitude of this difference depends
on the tariff structure used to calculate the cost-reflective tariff. Specifically, it is more
significant with power-based tariffs (33% and 27%) than with energy-based tariffs (17% and
15%), highlighting the significant impact of the peak load sum of users compared to aggregate
energy usage in the system. The time-of-use and hybrid tariff structures show differences that
fall between energy and power-based tariffs. Additionally, the fixed tariff component of the
fixed and variable tariff structure, dependent on the number of users, shows a modest (2%)

reduction by the future mini-grid load composition.

The low cost-reflective tariff for the future mini-grid load composition that consists of more
daily productive use, 0.351$/kWh, is more than 11 times higher than the old average price of
0.03$/kWh paid by household users in Ethiopia. Following a tariff reform starting on
September 11, 2024, which raises the average price to 0.078/kWh through quarterly price
adjustments and the largest increase in four years, the tariff of the future load composition that
consists of more daily productive use remains more than 4 times higher [138]. This difference

between the electricity tariff in Ethiopia and calculated cost-reflective tariff indicates that the
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revenues generated from electricity sales under both the existing and newly revised tariff
structures in Ethiopia are insufficient to recover the investment costs of mini-grid projects.
Furthermore, the findings suggest that achieving economic viability for off-grid mini-grids in
Ethiopia will require additional measures. These include promoting daily productive uses of
electricity (to increase demand and revenue) and implementing appropriate incentive
mechanisms and tariff restructuring. Such measures are particularly important for private mini-
grid developers, who face significant disincentives under the current low tariff rates, making it

difficult for them to achieve sustainable operations and attract further investment [82].

The new tariff shows a higher rate in Ethiopian birr (ETB) compared to the old tariff, but the
new tariff becomes higher than the old tariff by the final quarter of 2025/26. This is due to
Ethiopia's recent shift to a market-driven floating exchange rate, which led to an exchange rate
increase of around 55%, from 53 to 123.6 ETB/USD, based on the commercial bank exchange
rate on 28/09/2024 [139]. This highlights the importance of regularly evaluating tariff
structures and exchange rates to ensure the long-term viability and financial sustainability of

mini-grid systems within dynamic economic contexts.

The calculated bill for low-usage households is low in all scenarios except under the fixed
and variable tariff structure compared to the average monthly bill of 257 birr ($4.5) and the
median of 179 birr ($3.1) for households in urban Ethiopia [59]. Conversely, the bill for
medium and high-usage households is high. Additionally, the future mini-grid load
composition also shows an impact on the revenue of the system, even with old and new
electricity tariffs in Ethiopia, which are based on block tariffs, highlighting that the impact of
load composition is also present in the block tariff structure. This result also highlights that in
countries such as Ethiopia, which mandates mini-grid tariff reviews every four years [53], the
importance of considering the impacts of future mini-grid load composition and tariff structures

during tariff revisions as a key factor alongside other factors.

The load composition in rural areas of SSA is more likely dominated by households [140].
The result of this study highlights that a system with a higher proportion of households,
especially during the initial lifespan of the system, limits the connection of new demand growth
from households and non-daily productive use, compared to daily productive use, resulting in
a low cost-reflective tariff. In this regard, using time-of-use tariffs can encourage demand
growth in the system, especially in a system with a fixed capacity. Demand growth can be

achieved through time-of-use tariffs, for instance, by incentivizing electric mills to operate
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during peak solar hours rather than operating during morning hours. This timing benefits them
as they often use sunlight to dry their products, resulting in higher-quality, drier flour [16] and
allow to connect new users to the system. Additionally, using water pumps for irrigation and
millers during harvesting time can increase demand growth per year rather than using just one
of them. This demand growth can lead to reduced tariffs and help address challenges posed by
high rates, such as the limited ability of rural populations to afford electricity [55] [82].
However, the implementation of time-of-use tariffs requires advanced metering technology,
which may increase the required revenue and cost-reflective tariff, which can affect residential

electricity consumers based on their income and availability [141].

The result of this study shows that the impact of future mini-grid load composition may
significantly impact users' monthly bills, potentially affecting profitability, but the effect varies
depending on the tariff structure used. In evaluating the sensitivity of the different tariff
structures for users, the analysis highlights notable impacts on the monthly bill of users, where
the impact varies based on the type of load categories. Among the tariff structures, the power
tariff can reduce monthly bills for community load categories by more than 40%, but it
increases bills for productive use by over 100% compared to the fixed energy tariff. In the load
composition entirely consisting of households, high-usage households behave similarly to
productive uses, resulting in low monthly bills under fixed and variable tariff structures. On
the other hand, in load compositions with more household and non-daily productive use, lower
and medium-usage households experience reduced bills under time-of-use and fixed energy
tariff structures, respectively. Notably, the relative reduction in monthly bills is more
pronounced for lower usage households (more than eight times under fixed and variable
compared to fixed energy tariff structure), highlighting the importance of selecting appropriate
tariff structures based on usage levels. Additionally, these higher reductions in monthly bills by
time-of-use tariff for households highlight the significance of implementing demand-side
management for lower and medium-usage households. Furthermore, the result also highlights
that power tariffs can be less advantageous for productive uses and high-usage households.
However, power tariffs can provide more stable revenue and better cost recovery, even if users

reduce energy consumption, particularly in systems with more non-daily productive uses [141].

Most SSA countries recognize cross-subsidies that can be integrated into the tariffs of mini-
grids [53]. The difference shown in monthly electricity bills and the percentage shares of
collected required revenue per month suggests that certain tariff structures can incentivize
specific users while penalizing others. Consequently, the impact of load composition may lead
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to the need for additional subsidies or incentives if they are not properly accounted for. This
highlights the importance of considering the potential scale of subsidies or other grants required
to facilitate mini-grid development within existing regulatory frameworks, taking into account

the effect of the mini-grid load composition and the different tariff structures.

To support private mini-grid operators facing challenges from low domestic utility tariffs that
hinder cost recovery, technology-specific feed-in tariffs play a vital role[142]. In countries with
feed-in tariffs, such as Kenya, mini-grid operators receive a fixed price for every unit of energy
generated but sell energy to users at a different, often lower price compared to they received
[143]. In this regard, the result of this study shows that mini-grids with more daily productive
uses have financial advantages, depending on the tariff structure, compared to those with
mainly household and non-daily productive loads. Furthermore, the differences in collected
required revenue among the three load categories highlight that the impact of load composition
can lead to high monthly bills for households and impose substantial fiscal burdens on

governments providing subsidies for households if the impact is not taken into account.

The findings also indicate that mini-grid developers should select sites in rural communities
with existing economic activity or with productive use loads. To enhance revenue, some
developers have adapted their business models by adjusting tariff structures and encouraging
productive use loads. For instance, through appliance financing. However, this study highlights
the importance of a comprehensive approach when selecting mini-grid sites and business
models that consider the impact of load composition. Additionally, it is crucial to evaluate used
business models that stimulate demand by considering the resulting future load composition.
This evaluation is essential for ensuring the mini-grid's long-term sustainability, effectively
meeting the community's energy needs, and maintaining reasonable tariffs while securing a

viable return on investment.

In the study, an installed solar PV-based mini-grid designed with spare capacity to allow for
future demand growth was used. The study develops load composition scenarios based on
various categories, rather than focusing on specific appliances. This approach provides more
generalizable insights instead of solely focusing on a specific type of appliance or equipment
load. Additionally, using a fixed-capacity mini-grid allows to observe the impact while
maintaining a constant total present cost, despite uncertainties in load composition. However,
the case study area used in this study, characterized by a high morning peak due to mitad use

for injera baking, a common practice in Ethiopia, limits the capacity for connecting additional
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daily and non-daily productive uses. Despite this, the findings, particularly regarding the
impact of future mini-grid load composition on users' monthly electricity bills, are likely

applicable to many developing countries contexts.

Further significant policy implications can be drawn from the findings of the study. First,
governments often implement policies to expand access to services for low-income households.
In this regard, during tariff setting and revisions, it is crucial to pay particular attention to low-
usage households, as they are significantly affected by the future mini-grid load composition.
Therefore, it is important to consider the impact of load composition uncertainty in mini-grids,
both pre-and post-electrification, when making tariff decisions and revisions to ensure fair and
affordable pricing among users and to implement time use of tariffs to protect low-usage

households while maintaining profitability for investors.

Second, considering the impact of future mini-grid load composition is critical for effective
subsidies. Therefore, when formulating policies to support specific types of appliances and
load categories, it would be case-specific for effective subsidization. This approach encourages

private actors and ensures the long-term sustainability of the mini-grid.

Third, while the productive use of electricity reduces the cost-reflective tariff, the extent of
this reduction varies depending on the type of productive use. Therefore, when designing tariffs
and financial models, it is crucial to consider both the type and extent of daily and non-daily

productive uses.
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6. Reflections on the selected method and data

As pointed in the problem statement of the thesis one of the main challenges that hinder rural
electrification using mini-grids is economic viability. The methodological approach adopted in
this thesis was designed to provide a comprehensive understanding of how demand-side factors
influence the economic viability of mini-grids. The study combined empirical data collection,
optimization modeling, and scenario analysis to address different aspects of mini-grid planning
and operation. While the selected methods effectively captured key insights, certain limitations

and areas for improvement are presented in this chapter.

This thesis explores the impact of load profile estimation by comparing interview-based
methods with measured load profiles for off-grid mini-grids. While interview-based methods
are popular due to their simplicity and practicality in resource-limited rural areas, they often
lack accuracy because respondents estimate their future electricity needs, leading to potential
inaccuracies. Although this study aims to assess load estimation methods in non-electrified
rural areas, it is conducted in electrified communities where residents are already aware of their
electricity usage and appliances. In non-electrified areas, interview-based assessments rely on
users' expectations of future consumption, making accurate estimates more challenging. The
difference shown in this study can be used as the minimum possible error for interview methods
in areas without prior electricity, and it highlights the need for methodological improvements.
This study proposes a hybrid approach, combining interview-based methods with direct
measurement in electrified rural areas with similar socio-economic characteristics. However, it
does not specifically evaluate how this approach improves load estimation accuracy in non-
electrified areas. This gap presents an opportunity for further research to refine and validate

hybrid methods for off-grid energy planning.

The interview-based load profile estimation method used in this study lacks stochastic
modeling of appliance usage. This can affect its ability to accurately capture the characteristics
of appliances, especially appliances with high power ratings and cyclic operation. Without
accounting for the randomness and variability in appliance usage, the interview method may
not fully capture electricity consumption patterns and lead to potential inaccuracies in load
estimation. However, despite this limitation, comparing interview-based methods and direct
measurements without incorporating stochastic modeling offers valuable input for stochastic

modeling. The result can be used to enhance the modeling of the stochastic properties of load

93



profiles by basing the modeling of the probability of randomness on real settings rather than

assumptions.

The interview-based method used in this study also overlooks the reliance on traditional fuels
in the village, such as woody biomass and fossil fuels, for cooking appliances. Since cooking
appliances significantly contribute to the difference between interview- and measured-based
load profiles, neglecting them in load profile estimation can lead to inaccuracies in future load
estimates. However, this study highlights potential solutions to address these challenges.
Specifically, it suggests a multi-year-adaptive design approach and implementing demand-side

management strategies, such as shifting cooking appliance usage to different hours of the day.

Despite the prevalence of single-year design approaches in mini-grid planning across SSA
due to funding and logistical constraints, this study clearly presents the advantages of a multi-
year adaptive design approach, presenting it as a potential alternative solution. This design
approach is essential for dealing with uncertainties in future demand, especially as communities
transition to modern energy sources and behaviors evolve. From a long-term planning
perspective, the multi-year adaptive design creates a flexible system capable of adjusting to
evolving demand, whether due to population growth, technological adoption, or shifts in energy

use behaviors.

Long-term mini-grid planning is inherently subject to uncertainties related to load flexibility,
discount rates, and potential future cost reductions for mini-grid components. In most existing
studies, these uncertainties are addressed as separate phases: mini-grid design focuses on
system sizing and operation, while financial modeling assesses economic feasibility. By
combining these elements, this study provides a more comprehensive perspective on the
uncertainties influencing mini-grid design. However, one limitation remains: political or policy
changes impact these uncertainties, which are difficult to quantify, may affect the findings,
particularly in highly dynamic regions. Although measured electricity load data was used to
represent initial-year demand, the reliance on a one-week load profile to approximate a full
year introduces simplifications and remains a limitation, particularly in regions with significant
seasonal demand variations. Furthermore, stochastic modeling was not considered during the
optimization of the cost and size of the mini-grid based on the utilized design approaches.
Instead, to represent potential future demand development, the study used multiple demand

growth scenarios.
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The impact of demand-side management at the category level, instead of at the appliance
level, is determined by using four load categories, with categorization based on grouping
similar load profile characteristics. Each load category is defined by distinct load profile
patterns. This approach is particularly useful in areas with limited historical consumption data,
a common challenge in unelectrified rural regions. However, in areas with more data
availability, clustering techniques can be applied to achieve more precise load categorization,

enhancing analysis and optimization.

This approach offered methodological insights into how demand-side management
implementation can enhance mini-grid economic viability. However, the success of demand-
side management depends on the elasticity of demand and the willingness of users to adjust
their consumption patterns, which is not explicitly explored in this study. Socio-cultural factors
that influence energy use behavior were also not explicitly explored in this study but could
offer valuable insights for improving demand-side management implementation. Additionally,
while the study examined the potential capacity of different load categories for demand-side
management and compared it with load flexibility, it did not quantify the cost-effectiveness of
demand-side management at the category level compared to the appliance level, nor did it

examine its impact on the long-term lifetime of storage systems.

In mini-grid components modeling, the battery energy storage system was modeled using a
state of charge-based approach, without a detailed battery degradation model. While the state
of charge framework captures short-term energy availability and operational dynamics, it does
not account for long-term performance deterioration from degradation mechanisms such as
capacity fade and increased internal resistance. These processes are influenced by several
operational factors, including frequent deep cycling, sustained operation at extreme state of
charge levels, high charge/discharge rates, and ambient temperature fluctuations [82]. Although
integrating a degradation model could enhance the practicality of the simulation, it may also
constrain the generalizability of the results, particularly in the comparative assessments of load
profile estimation methods and context of demand-side management. However, in the
comparative analysis of different mini-grid design approaches, system sizing and cost were
evaluated relative to each other rather than across varying load development scenarios. This

may obscure the impact of load dynamics on battery degradation.

The analysis of load compositions, revenue and tariff setting provides important insights into

the financial sustainability of mini-grids. The findings demonstrate the importance of
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optimizing the mix of household and productive-use loads to maximize revenue under various
tariff structures, addressing a critical challenge in mini-grid economics. However, the study
assumes a fixed capacity system and predefined demand growth scenarios based on the two
types of productive users, which may not fully capture real-setting in load evolution.

Additionally, the study doesn’t consider the impact of tariff setting on users’ consumption.

In this thesis, PSO algorithm is used to optimize mini-grid component sizing by minimizing
system costs under different demand scenarios. One of the key advantages of PSO is its ability
to handle complex, multi-dimensional optimization problems while maintaining computational
efficiency. Compared to traditional deterministic optimization methods, PSO offers flexibility
in searching for global optima without requiring detailed mathematical formulations of the
objective function. While the PSO method is validated through iterative methods and previous
studies, hybrid PSO variants can achieve better optimization of mini-grid components by

enhancing accuracy and efficiency.

Therefore, the novelty of this study lies in its examination of differences between load profile
estimation methods across load categories and its evaluation of the impact of electric load
estimation methods and load profile resolution on mini-grid sizing and cost estimation. This is
achieved by using a more advanced method, the PSO algorithm, compared to the average daily
load and worst-case scenario methods used in previous studies. Additionally, it quantifies the
advantages of multi-year adaptive design by using measured load data from a real setting and
an entirely renewables-based mini-grid. The study includes operating strategies in the
optimization of multi-year adaptive design and extends the investigation of design approaches
by considering load flexibility, discount rate, and future component cost reduction

uncertainties.

The study also presents a smart management strategy aimed at improving load factors by
optimizing the composition of household and productive-use loads, enhancing economic
viability without the need to increase generation capacity. Furthermore, it introduces a novel
methodological approach to demand-side management at the category level rather than the
appliance level, leading to cost-efficiency improvements in autonomous mini-grids. Lastly, it
presents a methodological approach to determining cost-reflective tariffs based on the demand

side and determining the impact of load composition on user bills.
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7. Conclusions and future work

7.1. Conclusions

This thesis examines the impact of load profile estimation methods, design approaches,
demand-side management, and the load composition of different types of users on the economic
viability of rural mini-grids. The findings of this thesis from six separate but inline studies,
three journals and three conferences, show the critical role of demand-side factors in the
planning, operation, and tariff design of rural mini-grids, which are vital for the economic

viability of mini-grids.

The result reveals that commonly used interview-based load profile estimation methods in
rural areas significantly underestimate peak load and energy demands compared to
measurement methods, leading to substantial underestimation of mini-grid costs. The
underestimation is more significant in household load categories than in productive use and
community load categories. This is primarily due to cooking appliances in household load
categories, which have high power ratings and cyclic operation. The study also found that
hourly resolution based electric load estimation can result in different cost estimations
compared to per minute, impacting investment decisions. Therefore, improving interview-
based assessments for high-power appliances and their cyclic operation is crucial for enhancing
load profile estimation in rural areas, particularly for household-dominated communities.
Additionally, to improve load estimation, it is essential to identify high-power appliances that
are region-specific, such as the mitad in Ethiopia, through a careful examination of consumer

behavior.

The findings indicate that a multi-year-adaptive design approach helps to deal with
uncertainties about future demand through its adaptive component. Compared to the other
multi-year and single-year design approaches studied, it also results in significant mini-grid
component size and cost reductions. High-demand growth scenarios, the application of load
flexibility, and a high discount rate combined with future component cost reductions further
increase the cost savings achieved through the multi-year adaptive approach. Therefore, since
investment costs in general and initial up-front costs in particular are major obstacles for mini-
grid investments, and high demand growth is to be expected even with uncertainties in its
estimation, in many locations where mini-grids are constructed, the findings underline the
importance of considering the multi-year-adaptive design approach when investments are

made. To further enhance the advantages of the multi-year-adaptive design approach, it is
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crucial to couple it with strategies promoting load flexibility and to implement it in regions
with higher discount rates. Additionally, it helps to factor in the potential future mini-grid
component cost reductions, whether market-driven or supported by policies and incentives, in

long term mini-grid planning.

The analysis of demand-side management implementation at a category level reveals
significant variations in mini-grid component sizes and reductions in levelized cost of energy.
These variations impact the economic viability of mini-grids. Battery energy storage is more
affected by demand-side management than solar PV and diesel-fueled generators. Among the
load categories, households and productive uses with nighttime loads have the greatest
potential to reduce levelized cost of energy. Furthermore, implementing demand-side
management at the category level in rural mini-grids, rather than at the appliance level, can
reduce initial, operational, and maintenance costs. It also simplifies the complexity associated
with controlling and connecting appliances. Therefore, due to its cost-effectiveness and ease of
integration with tariff settings, such as time-of-use electricity tariffs, implementing demand-
side management at the category level is more advantageous than at the appliance level when

considering demand-side management implementation in mini-grids.

The result also reveals that correctly combining the number of household and productive
users can enhance the revenue of a mini-grid. However, the share of productive users should
not be too high. For systems with a fixed capacity, there is a specific mix that achieves a high
load factor in the composition of households and productive use of electricity and enhancing

the economic viability of a mini-grid.

Finally, the findings show that mini-grid load composition significantly impacts users'
monthly bills, which in turn can impact the economic viability of mini-grids. The impact of
future mini-grid load composition on users' monthly bills depends on the tariff structure. Mini-
grid load compositions with daily productive uses result in lower cost-reflective tariffs
compared to those composed entirely of household and non-daily productive uses. The future
mini-grid load composition affects monthly electricity bills differently across load categories,
with households being more affected. Therefore, it is important to consider the future load
composition effect when setting tariffs and designing policies in mini-grids, such as subsidies,

especially in protecting low-usage households in tariff decisions.

Collectively, the thesis emphasizes the need for improved interview-based load profile

estimation for better mini-grid planning, the benefits of multi-year adaptive designing to
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address future demand uncertainties, and the significance of implementing demand-side
management at the load category level rather than the appliance level. It highlights the
importance of balancing household and productive users to maximize revenue and operational
efficiency and considering future load composition when designing cost-reflective tariffs to
ensure profitability and economic viability. Therefore, the thesis further emphasizes the
importance of an integrated mini-grid planning framework that incorporates demand-side
factors, which have often been overlooked, alongside widely studied supply-side
considerations to enhance the economic viability of mini-grids in rural areas, particularly in

regions with limited data and uncertain demand forecasts.

By addressing these aspects, the thesis contributes to filling critical research gaps and
provides valuable frameworks for policymakers, investors, and mini-grid developers. It
supports rural electrification efforts and contributes to the development of technologies and
strategies that enhance clean energy access and its productive use. Ultimately, this research
aligns with and advances global sustainability efforts, particularly contributing to achieving the

United Nations' Sustainable Development Goals.

7.2. Future work

The findings of this study indicate several potential areas for future research. One direction
is the examination of hybrid methods that combine interviews and measurements from
electrified areas with similar socio-economic and geographical contexts to improve accuracy
in estimating load profiles of unelectrified areas. The integration of Geographic Information
System tools to estimate the total population catchment and other critical factors can be

considered in this examination.

The advantages of the multi-year adaptive design approach can also be explored by
accounting for uncertainties regarding the arrival of the main grid to mini-grids, particularly in
rural areas that are feasible for connection but not yet connected. Further work on demand-side
management can enhance load categorization through clustering algorithms and improve
prioritization, as well as examine the impact of load categorization on the long-term lifetime
of different types of storage systems. Future research could investigate the effects of load
compositions on mini-grid economic viability and reliability while considering options such as
capacity expansion. Additionally, research could examine how load compositions influence the
selection of different storage technologies to enhance mini-grid economic viability and

reliability.
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Abstrace—To provide electricity to unelectrified sub-Saharan
Africa rural areas, mini-grids could play a key role. Mink-grid
components size and investment cost, which is high for rural
customers, need load profile knowledge for the design of a cost-
efficient system. However, load profiles may vary based on the
estimation method used, which leads to different mink-grid sizes
and costs, This study compares interview and measurement load
profile estimation methods in the case of Ethiopia. The impact
of hourly electric load estimation on mini-grid sizing and cost is
also determined. The result indicates that the interview method
shows significant underestimation in peak load, energy per day
and cost. The peak load and energy per day are underestimated
by 7% and 21%, while load factor is overestimated by 162% in
interviews. This leads to a 52% cost underestimation. In
addition, hourly electric load estimation is prone to error that
leads to a 9% cost underestimation.

Keywords— Interview, load estimation, load  profile,
measurement, mini-grid

LINTRODUCTION

Reliable and affordable energy, the seventh United Nations
Sustainable Development Goal (UNSDG), is recognized as an
essential factor for the socio-cconomic development and
economic growth of any country to meet basic human needs.
However. achieving UNSDG 7 is an ongotng struggle for sub-
Saharan Africa (SSA) countries [1]

To provide electnicity to unelectnfied neal areas in SSA
countries. mni-grids could play a key role. Min-grids are
¢lectric power generation and distribution systems that may
provide electricity 1o just a few customers in a remote
settlement or bring power o hundreds of thousands of
customers 1n @ town or city [2] However, mini-grids are still
expensive in non-clectrified rural areas, especially in SSA
countries [1]

Nini-grids mitial investment cost depends on the size of the
mnstalled compoenents, which need the load profile knowledge
to design a cost-efficient system [3]. However, load profile
estimation ts one of the greatest challenges in non-electnitied
rural areas [4]

Interviews arndl measurements are the common methods
used for estimating load profiles. Load profiles estimated
based on interviews (interview-based load profiles),
commonly used, are estimated based on appliances and usage
data collected through interviews. However, individuals
without access may underestimate or overestimate their
¢lectnenty demand without first realizing ¢lectnfication
opportunities  |3], Measurement-based load profiles are
estimated based on measurement data collected using

This research work is fimded by SIDA.
979-8-3503-3755-6/23/831.00 €2023 [EEE

Gothenburg, Sweden
iimny elmberg@chalmers se

Chalmers Untversity of Technology
Gotherburg, Sweden

eribahlgren(@chalmers.se

clectricity measurmg equipment This requires equipment,
which can be expensive. and technical knowledge. and it is
difficult to get measurable electricity usage in non-clectrified
rural sreas. Measurement-based load profiles improve time
resolution and can reveal load profile knowledge not obtained
from mterview-based load profiles, but mcomrect handling of
the measuring equipment results in inaccurate esumations [4].

Previous studies have focused on the differences between
interviews and measurements In particular, the load factor
and capacity factor are underestimated by 34-117%% in
inlerview assessments, which also underestimate energy use
and peak loads, by 48-117% and 11%. respectively [3]. The
average energy estimated using interviews prioe to mini-grid
implementation 15 more than four times that of the measured
(51

As a result of these differences in load profile estimation
methods, studies examined the electric load estimation
uncertainty impact on mini-grid size and cost-efficiency. A
study on seven small-scale mini-grids shows component
sizing scales proportionately with load estimation uncertainty
|6] The optimal {cost-efficient) system configuration 1s also
significantly affected by stochastic load profiles formulation
methods using interview data [ 7]

Mini-grid sizing and cost depend on the sizing method used.
A majority of computer aided sizing methods uses a load
profiles in hourly basis [5]. However, in the above studies, [6]
and [7], electric load estimation uncertamnty impact on min-
grid sizing and cost was studied based on an intwitive sizing
method, considering a worst-case scenano, and a numerical
method, using average daily load. which lacks additional load
profile characteristics. Heuristic algorithms, such as particle
swarm optimization (PSO), yield high quality solutions m
mini-grid sizing [8] In addition, the impact of hourly
resolution load profile estimation on mini-grad sizing and cost
15 not examined

On the other hand, in [3} and [5], they compared interviews
and measurement methods without examining their impact an
mini-grad sizing and cost estmation In addition, the
comparison of the twe methods between load categories
daesn’t include community loads (CLs) and metrics more
relevant to assessing the impact of demand-side management
(DSM) at the planning stage,

Based on the wdentified knowledge gaps, this study ams to
examme the differences between load profile estimation
methods by considering metrics that are important for DSM

112



2023 [EEE PES/TAS PowerAlrica

implementation. The impact of the two methods of electne
load estimation difference, and the difference in load profile
resolution on the size and cost estimation of rural area mmi-
gnds 15 also examined using PSO algorithm The main
research questions addressed in this study are!

*  How do electric load profile estimations using
interviews and measurements differ in the case
of Ethiopia™

*  How may the electric load estimation methods
differences mmpact mint-grid sizing and cost
estimation?

= How may howrly electric load estimation impact
mini-grid sizing and cost estimation?

Il CASESTUDY AND ASSUMPTIONS USED

The rural commumty of Koftu (8.83%, 39.05%), located
40km southwest of Addis Ababa, Ethiopia 1s used as a case
study village. The Kol village 1s electrified by a solar PV-
based autonomous mini-prad constructed by the Minstry of
Trade, Industry, and Energy of the Republic of Korea in
recognition of the fnendship between the federal democratic
Republic of Ethiopia and the Republic of Korea in December
2018

The mun-grid contains 250kW of solar power at two sites
with 200kW and S0kW each, as well as a SOKW diesel
generator and a 1000kWh battery capacity. The mini-gnd 1s
expected to be able 1o supply a population of approxmmately
2884 distributed i 366 households, but so far only 146
houscholds, 1 school, 1 water pump, | health center (not using
power), and | church has been connected to the mini-grid.

During sampling, 26 households (HHs) were selected for
interviews of which 3, representing Jow, medium and high
clectnonty usage, were used for the measurements. There are
Just one productive use (PU) (& water pump) and two CLs (a
church and a primary school) and thus all these three non-
houschold loads were used for both mterviews and
measurement. The health center was excluded due to lack of
power usage (connected but no power use due to lack of
electronic appliances). Interview and measurement data were
collected between November 28 and December 15, 2021,

Used ecopomic and technical parameters of the mini-gnd
components are listed in Table I A function cycle of 50% is
considered for Stoves. Mitad, and water pump. Mini-grid
configuration containmng solar PV and battery energy torage
(BES) is considered in this study,

1 METHOD

To compare the electric load estimation methods, the
performance metrics and opumal sizing of mini-grid
components are estimated using interview- and measurement-
based load profiles, for a selected case study area in Ethiopia,
Koftu A random sampling method with 29 sampling sizes for
mterviews and 3 for measurements are used.

Performance metnes are peak load, energy per day, load
factor, coincidence factor, and responsibility Tactar. These
metrics are compared for the total load profiles and load
categones in the case study area. The load categories are HH,
PU, and CL.

TABLEL ECONOMIC AND TECHNICAL PARAMETERS OF THE MINI-
G COMPONENTS.
Components Price OMC RC | Time sv
$) {Sivear} (8) | (vewrt | (%)
Sclx PV, kW 1500 30 300 25 10
Invester. KW 711 0 650 10 10
| BES. kWh 330 0 EETIN 1D 20

The peak load i1s the maximum power demanx at a specific
time, Energy per day is the total energy in each day divided by
the otal days. Load factor 1s the ratio of the mean electricity
load used (Py, 4vg) within a specified time mterval divided by
the peak load at a specific time (Pp g, 1t is the measure of
electrical energy utihzation dunng a specific tme [9].

Load factor = p—L‘ﬂ 1
pL peak
The coincidence factar. which indicates the probability of
load peaking at the same time, is estimated by dividing the
system's peak load by the sum of each load category’s peak
loads (i) [3].

Pl.. peak

Coincidence factor =
E PL.p-ki

2

The responsibility factor is the electneity power of an
individual load at the system peak time divided by the peak of
each load. [t indicates the share of the individual load peak
contribution to the system peak, which can be used as a DSM
guidelme [10].

Py (at system peak)

Responsibility factor,~ (3)

Py Lopeak, i
A. Load profile estimation

In estimatng interview- and measurement-based load
profiles, the respective load profiles for HH, P11, and CL
categories are determined using representative sample users,
using hottom-up demand modeling.

The representative sample users were selected within the
case study arca based on the recommendation of the Ethiopian
Electric Utility operator (1o represent the soci-economx
variability of the case arer) and their power meter readings
simce the users in the case study area are electnfied. The load
profile for cach sample user in each load category is estimated
and scalexd to the total number of users in HHs. PUs. and CLs.
The load profiles of each load category are summed to get the
total weekly load profile for the case sty area,

1) Interview-based load profiles

To estimate mterview-based load profiles, nterviews are
conducted hased on the interview protocol recommended in
[3]. with predefined questions to guide the discussion The
questions were not asked in any particular order to put
resporklents at ease and facilitate an open discussion, resulting
inmore formation

Self-developed questionmaire s used, and it includes
questions about the type, number, time of clectricity usage,
and nominal voltage of appliances used. Weekend load
patterns may differ from weekday load pattems; thus. the
questionnaire 1s divided into two sections; weekday and
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weekend. Interviews are conducted in Afaan-Oromo and
Ambharic languages.

The load profiles of each sample user are estimated without
considering applunces coincidence factor and efficiency, The
contribution of cach appluance to estimating the load profile
for cach load category at the time t (E,) s given by (4) [3],

Em ) Py @)

where n is the wlal number of sample users in the losd
categorics, and N is the total number of users in cach load
cutegory, P, 1 the power rating of the appliance at time 7 and
fe is the functioning cyvele of the appliance, on-off time of
appliance once it is on,

All appliances are modelled with an assumption of
continwous operation (fe = 100%) except for appliances used
over shorter periods at high power, such as stoves, mitad (the
conventional clectric injera (Ethiopian food) baking machine}),
and water pumps. Interview-based load profikes arc hourly.

2) Measurement-based load profiles

The measurements are carried out using four FLUKE 23000
FC AC current clamp meters for two weeks. one week for
houscholds and another week for PU and CLs. The FLUKE
3000 FC AC current clamp meters measure and store
minimum, maximum, and average TRMS current every
minute for up to 400A AC. The meter can store up to 65,000
rcadings.

The meters are connected 1o the e ction point of a power
meter. which was installed by the utility to mecasure power
consumption. The measured average ourrent is multiplicd by
the nominal voltage (220V for single-phase and 380V for
three-phase) to estimate sample users’ measurement-based
load profiles and scaled to the total number of users in cach
load category. Estimated measurement-based load profiles are
per minute.

B. Sizing

In this study, a PSO algorithm is used for mini-grid sizing
based on the estimated load profiles. Sizing of the mini-grid
components s determined by considering the minimization of
total present vost (TPC) as an objective function. The problem
formulation and mmi-grid component modeling used in this
study is based on in [8].

IV, RESULTS

The estimated total mterview- and measurement-based load
profiles, per hour and minute, respectively, are shown in Fig.
1. The load profiles of HH. PU. and CL are estimated based
on mterview and measurement and shown in Fig. 2, 3 and 4,
respectively,

As shown in Fig, 1, the micrview and measurement have
nearly the same peak load (79kW) during night-time for cach
day, but the measurement indicates a peak load (=1 50KW) that
occurs during the moming time for around 6 hours, per week.
The moming peak load shown in the measurement-based load
profile comes from cooking appliances (stove and mitad) in
houscholds, as shown in Fig. 2. Interviews overestimate the
base load by 274% compared to the measured basc load, 66W.

The performance metrics  for  total  interview-  and
measurement-based load profiles are calculated for weekday,
weekend, and weekly load profiles, and shown in Table IT and
11, As shown in Table T1, peak load and energy per day are
undercstimated in interviews by 70% and 21%. respectively.
However, the load factor 15 overestimated by 162%.The
energy per day and load factor i the weekend is higher than
the weekday, by 4% and 5%, in total interviews and 4% and
20% in total measurements, respectively. There s no
difference in peak load between the weekday and weekend in
interviews. However, in measurements, weekday peak load 1s
15% higher than weekend peak load,

The performance metrics for the mierview- and
measurement-based load profiles are caleulated for cach load
category and shown in Table TV, As shown in Table IV, the
HH peak load is much higher than PU and CL peak loads for
both miterviews and measurement since the peak load of HIT
and PU i1s underestimated in interviews, but not for CL.

Even if the per customer usage in HH is less, the number of
HH 15 much higher than PU and CL. where 61% and 90% of
the energy in the total nterview-and measurement-based load
profile comes from the HH. So that the difference between the
two methods deseribed above. in total interview- and
measurcment-based load profiles. mainly comes from the HH.
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As shown in Table IV, the load factor is overestimated in
interview for all load categonies. which is in line with the
difference in total load profiles shown in Table IT and 111 and
results in studies [3]. However, the difference in load factor s
higher n PU than HH and CL, where the load factor of PU in
the interview is overestimated by 12 times.

The coincidence factor of load categories, calcunlated using
(2), for measurement. 0.89. is higher than interview. 0.85. The
responsibility factor caleulated using (3). for HH and PU is the
same in both interview and measurement, but not for CL,
which i3 68% lower in the measurement method.

TABLE 1l PERFORMANCE METRICS FOR TOTAL INTERVIEW-BASED
AIAD

[ Metrics | Weekday | Woekend | Weekly |
Peak load (KW) s 79 79
Energy (k'Wh) 36 361 350
Load factor 0182 0.390 0185

TABLE I PERFORMANCE METRICS FOR TOTAL MEASUREMENT-
BASED LOAD PROFILE
Metrics woekday | weekend | woekly
Peak load (kW) 265 22 265
| Encgy (KWh) 140 167 418
Lo factor 00603 0 U873 00708

TABLE IV, PERFORMANCE METHICS FOR LOAD CATEGOREES
Load Metries Interview | Messurement
|_cutegory
HH Pk foad (KW ) 68 263
_Energy (KWh) 215 407
Load fadtor 0130 0.064
Responstility factor 9.9 09
pu Peak load (kW) ° 13
_Eneruy (KWh) 73 27
| Load facdor 0322 0.026
Res; ability factor 1001 0
CL Peak load (kW) 10 4
|_Enemuy (KWh} 62 14
Load factor 0252 014
Responsihility factor | 0.32
TABLE V THE OPTIMAL SIZE OF MINI-GRID COMPONENTS
Interview Measurement
Pey hour Per bour Fer minure
BES (kWh) M A49 455
Sotar PV (kW) 56 73 o
TPC (MS) 0.579 1108 1.217

The optimal mini-grid components szes for interview- and
measurement-based load profiles, per hour and minute, are
shown in Table V. The optimal BES and solar PV sizes are
underestimated by 55% and 43%. respectively. when it is
caloulated using inlerviews. resulting in a  52%
underestimation of TPC. This difference in size is mamly due
1o the underestimation of total energy and peak load in the
mterview method shown in Table I and 11L

The peak load is reduced to 200KW from 265kW when the
per minute measurement-based load profile is converted to an
hourly load profile, a 24% reduction from the per minute
profile. As a result of this conversion. the BES and solar PV
sizes awre underestimated by 1.3% and 25% compared to per
minute measurements. This reduction in BES and solar PV
size underestimates the TPC by 9% from per minute
megsuremenls,

V. Discussion

This study aims to compare two clectric load estimation
methods and their impact on mini-grid component sizing and
cost, The scientific contributions of this study are: first, the
comparnson of the interview and measurement methods was
examined in load categories. Sccond, the impact of the load
estimation method difference on mini-grid components was
studied using the weekly load profile and PSO algonithm.
Previously, similar studics compared the total load profile
cstimation the two mecthods but impact on mini-grid
components were studied usmg average daily losd and a
worst-case scenario. In addition, the impact of using hourly
resolution load profile estimation on mini-grid sizing and cost
is examined. This was donc using a case village in a rural arcy
of Ethiopia.

Interview and measurement methods show a significant
difference in load factor metrics. where the productive use
showing the larger difference than in other load categorics.
The lower load factor implies lower mini-grid mcome [3]
However, productive usc  impacts  mini-grid  income
considerably. even if it requires an optimal combination of
load categonies {9].
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Results show that. due to appliances with high power ratings
and cvelic operation, the household load category is
underestimated compared to the productive use and
community loads. This mplies that improvements of
interview assessments of apphiances with high power ratings
and cyclic operation, and time change {e.g . load shifting in
cooking) could have a significant impact on the outcome and
woukd be required when these types of assessments are used.
This also implies that in particular mini-grid modeling of
systems dominated by household users’ needs to pay attention
10 this.

It could be worthwhile to target the load categories with
higher responsibility, and higher contribution to the peak
system, using DSM [10]. According to the results, the
responsibility factor of the community lead differs between
mterview and measurement-hased load profile, 68% lower in
measurement. This indicates that. in planning and operation of
min-gricds. matching the required demand and supply by
implementing DSM for instance should consider the
difference that can he expected 1n load estimation methods

The interview and measurement assessments in per hour
resolution show different impact on mimi-gnd sizing and cost
than the per minute measurement assessment Since high
resolution load profiles, per minute, show peak loads not
shown m low resolution. This peak load s not shown in the
interviews and reduced when the per minute load profile is
converted 1o per hour. As a result of the peak load difterences,
mint-grid sizing indicates that the BES size is reduced based
on mterview and measurement per hour data, resulting m
different cost estimations, Therefore, ¢lectric load estimation
using different methods endior resolution can result in
different cost estimations, which can have a significant impact
on investment decisions,

An understanding of how load profile estimation methods
impact mini-grid sizing and total present cost will assist mini-
grid operators in assessing the risk of fead profile estimation
methads at the planning stage and also provides them support
for considering the costsand henefits of conducting interviews
for lead ¢stimation [S].

Different technmiques have been developed recently to
improve load profiles estmation metheds. For nstance, using
data from an electnfied area with a similar socic-economic
and geographical context [5), and a stochastic bottom-up
maoxdel hased on the coincidence factor [ 7). However, they rely
on interview data as primary input data.

The main difference between interview and measurement
data s in the momning peak time, due to appliances with high
power ratings and cyvelic operation Interview-based lead
profiles can be improved to a certain extent If appliances with
high power matings and cyclic operation are considered
without affecting peak loads and energy consumption.

The use of a hybrid mterview and measurement method
may improve load profile estimations i rural arcas.
Identifying the type, number. and time of electricity usage
using interviews together with measured appliance load
profiles {¢.g.. appliances with high power ratings and cyelic
operation) and taking the comncidence factor into account,
rather than using the power mating of such appliances.
Measured apphance load profile data from eleetrified arcas

with similar socio-economic and geographical contexts can be
used. Future stixlies may address this,

VI  CONCLUSION

In this study, interview and measurement methods used for
load profile estimation in rural area are compared m the case
of Ethiopia. The results ndicate that the mterview method
shows a significant underestimation of the peak load, energy
per day and cost of mini-gnids. Among the load citegories, the
significant underestimation is for houschold demands rather
than for the productive use and community loads. This is due
1o peak load underestimation of appliances with high power
ratings and cyelic operation m houscholds. In the interviews,
peak load and energy per day are underestimated by 7070 and
21%, while the load factor 1s overestimated by 162%. This
leads to a 52% underestimation of cost. In addition, hourly
clectric load estmation is prone to errors leading to a 9%% cost
underestimation.
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ARTICLE INFO ABSTHACT
Keywoords. Mini-grids are cssential for rund electrificstion in sub-Sahnnan Afrdes, but due 1o uncertabnty about future de-
larad electrification mand evolution in non-electrified communities, cost.optimal long-term sizing and design is particularly difficult.

Solar PV mind-gnd design

Muiti year adaptive desigu appronch
Desnmnrd evoluthon scrannos

Particle swans optimiestion

Standard, non-adaptive design approaches single-year and malti-year, are highly susceptible o demand evols-
tion uncertninties. Despiie potentindly great sdvantages lhm In o lack of studies investigating adaptive design
approaches. Thu. this study, using particle i cxpl the advantages of a multi-year
adaptive apj h on cost-opti 'lunghcmmwammgridmmpmmmhgun&rlhmc&:undmd-
tion sconarias, considering lhr impacts of load fexibility, varying discount mates, and potentinl future mini-grid
component cost reductions. The results show that the malti-yesr-adaptive npp h helps 1o demand
evolution challenges. It leads 1o significant cost-savings, up w three-quarters, In higher demand evolution see-
nariox, compared to multi-year and single- yesr approaches. These costsavings increase with load flexibility (up
1er 4 % with 10 % Dexibility), higher discount rutes (ap ta 9.4 % with rates from 7 % 1o 20 %), and component

cost reductions (up to 3.0 % per 1 % reduction). The stedy deay

s how an adaptive approach o be

utilized to optimize mind-grid component sizing and enhance cost efficlency.

1. Introduction

More than half a billion people will still lack reliable and affordable
electricity in 2040 [1], the majority of whom live in rural areas of
sub-Saharan Africa (SSA) [2]. Many factors contribute to this Jow elec-
trification rate, inchuling a lack of necessary investment capital, Jow
power demands, and a lack of proper planning and pollcles [3].

Mini-grids are seen as a promizsing solution for rural electrification in
SSA [4]. Mini-grid planning involves selection (viz. identifying, sizing,
and designing) of sultable technology mixes, and this may be guided by
optimization based on appropiiate eriteria (viz mathemarcal pro-
gramming) and matching of available enesgy resources with the demand
[5]. Based on the time scale considered during planning, the planning
horizon can be divided into short-rerm (from one month to one year),
mediwm-term ({rom one to ten years), and long-term (beyond ten yvears)

* Corresponding anthor,

[1,5].

To size mini-grid components in a cost-optimal manner (minimized
investment and running cost), demand development needs to be taken
into account 7], Howevet, estimations of long-term future electricity
demand are challenging in rural areas, especially with no prior elec-
tricity access and use [8,9). Such demand estimations are often subject
to Jarge uncertalnties [ 10] due to the camplex socio-economie dynamics
affecting electriclty demand developments in areas with no ot very low
historical consumption, frequent policy changes, and erratic technology
diffusion [1]. These uncertalnries about future electricity demand may
negatively affect mini-grid sizing and cost [ 1 0]. Oversizing the system in
anticipation of growing demand leads to a poor system econemy [11),
while undersizing results in poor petrformance and reliability [12].

The load forecasting literature presents two remedial methods. ()
reducing the forecasting horizon to less than half of the data history

E-mail addresses: themdl ki gaall.com (M.A. Gelehu), jlmmy chaberg@ichalmons se (3. Ehaberg), dodercjoshiie gmail com (- Shiferaw), ertle shigrenit chalmen

w (EO. Aligren),

' The lifstime of mini-grids depends on the selected renewable energy technology 1271

httge/ /ol org/10 101G segy. 2005 100178

Roccived 18 April 2024; Received in revised form 24 Febeuary 2025 Accepted 20 February 2025

Available online 28 Fehenary 2025

2666-9552/4 2025 The Authors. Poblished by Elsevier Lid. This is an open sccess srticle under the CC BY lioense (hip:/ /-

‘creativecommons org/liomses /Ty /4.0/).

118



MA Gelols exal

length, resulting in more accurate forecasts; (i) developing probabilistic
demand forecasts o understand and manage the possible impact of
potental demand growth [ 7). Another approach is to use the arbitrary
trend method that incorporates justified assumptions based on literature
and historical trends, which may capture the complexities behind the
evolution of electricity demand. The use of the arbitary trend method is
usually combined with multple demand evolutions, enabling wun-
certainties associated with assumptions about future demand evolution
to be addressed [!].

In mini-grid planning, different design approaches are utilized,
mostly aiming for cost-optimal sizes to meet future clectricity demand
[1,14]. A single-year design approach is comumnonly wsed i studies to
determine the compenent size and costs by using 4 representative,
maostly single-year, demand profile (1], assuming constant demand over
the full planning horizon, This design approach simplifies system design
but wsing this approach for long-term sizing, especially In rwal com-
munities with high demand giowth, may not ensure longterm
sustainability.

In the studies applying the single-year design approach for mini-grid
sizing, varlous optmization algorithms and tools are utilized w yleld
high-quality solutions. These include iterative optimization techniques
[15], HOMER [16-19], metaheuristic algorithms (dymamic program-
ming algorithm [20], genetic algorithm (GA) [21], and particle swarm
optimizarion (FS0) [ 22 - 24])) and machine learning algorithms [25]. The
PSO algorithn is powerful, well knowny and yieds high quality solu
tions In a shoreer simulation tme than keratve techniques, HOMER,
and most heuristic algorithms for minigrid sizing [21], especiaily in
single objective optimization, Machine learning algorithms are also
faster and more efficient at yielding high-quality sofutions than heuristic
algorithms but require significant amounts of historical data ar the
training stage [20]. The mult-year approach, which considers evolving
demand over the full planning horizon to determine component size and
cost, Is also used [2/]. However, due to the difficulty in estimating
funge demand in rwwal areas, both single-year and multi-year ap-
proaches are susceptible to uncertainties about future demand [4,77].

An adaptive approach is an iterative approach that makes investment
decisions for a specific period of dme, typleally annually, by Increasing
the system's capacity (0 meet both past and expected futwre demand
growth [11,77], This design approach reduces the impact of future de-
mand uncertainties since decisions are made anmually, However, access
to skilled labor and financial sesvices may not always be readily avall-
able every year in rural areas of SSA [28). Implementing an adaptive
approach can thus be challenging under these clicumstances. Specif-
ically [27], recommends exploring hybrid approaches combining
multi-year and adaptive approaches (multi-year-adaptive approach) for
funre work.

To address unceyrainties about future demand, a fexible and adap-
tive approach is also propesed for the distribution systems, allowing the
systemn capacity to grow in & controlled mammer [11]. Additionally, a
multi-step approach for medium-term plarming Is presented, whereby
installed capacity is expanded according to demand evolution [29], A
multi-yeas-based capacity expansion using mixed-integer Iinear pro-
gramming (MILP) is also presemted [30]. However, in Ref. [J0], no
actual operating suategy was utilized, which ks common In typical MILP
approaches. Including an operating strategy could enhance both the
optimality and computational efficiency of the solution [71], Building
upon the limitadon of [J0], [4,02,00] examines multi-year based ca-
pacity expansion while consider ing a load-following operating snategy
(prioritizing energy sources to meet the demand ), but the load-following
operating strategy can increase the investment by more than 15 %
compatred to the application of operating strategies that can help o
mitigate supply-demand imbalances [11],

The aforementioned studies [4,00] are based on solar PV-based
mini-grids with battery energy storage systems (BESS) and diesel gen
erators. However, in rural areas of SSA, diesel generators are rarely used
due to the high diesel cost, as well as the maintenance and operational
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expenses involved, making diesel-based systems less feasible in these
regions [5,12]. Additionally [29,00], udlized synthesized load profiles
derived from Initial load assessments based on Interviews, but
interview based assessments may result in an underestimation of both
the size and cost of mini-grids [5,9].

Smdies have also investigated approaches to deal with supply-side
uncertaintles for mini-grd, such as long-term power generation estl-
mation [34], investment estinations [55], expansion plarming under
grid outage risks [1¢], and expansion planning under the uncertain
artival of the main grid [37], The cost of essential supply side mini-grid
components like solar PV panels and BESS has decreased by over 80 % in
the past decade [5], Due to technological development, production
expansion, and increased competition, furthes mini-grid component cose
reductions are antivipated [27], Howeves, the above studies have not
adequately captured such cost reductions. Additionally, the discoumt
rate, which reflects the caphtal cost, risk, and expected return on in-
vestments, plays a <ruclal role in determining costs and long-term
benefits [39], In SSA, the discount rate can reach more than 18 %,
making it a critical factor i long-term mini-grid sizing [40].

Temporal electriclty demand varlations can Impact cost-optimal
component sizing [14). Flexibility can broadly be defined as a sys
tem's ability to cope with variability im demand while maintaining
reliability at a reasonable cost over different time horizons, Flexibility
can be divided inwo shorr-term (e, Aexibility adequacy) and long-term
(i.e,, system adequacy). Flexibility adequacy refers to the short-term
ability 1o keep the system balanced, wheveas system adequacy (the
primary concem of the system) refess (o the system’s long-term ability o
meet its demand [11,41]. Load flexibility can be achieved by
demand-side management (DSM) mcluding load shifting [42], which
refers to the possibility of shifting electricity demand i time, elthes w
offset peak demand ot to off-peak pesiods,

While there are studies that examined its application in the short-
termy, boad flexibility is also significant and plays a crucial role in
balancing supply and demand in the long term [13], In some rural areas,
DSM is implemented through load management to address electricity
shortages [44] and load scheduling o prevent system overloads [15] in
mini-grids.

The studies presented above [15-24], on mini-grid sizing indicate
that most designs rely on a single-year approach, simplifying sizing,
while only & few focus on multi-year approaches, [4,27,00,3233], but
both of which are susceptible to wncertainty about futire demand, To
realize the potential of mini-grids in developing countries, it is crucial o
design them smantly to deal with the impacts of the uncertainty about
future demand, Previous stadies [11,27,29,30,32,03], have proposed
different approaches to address this incertainty, However, none of these
studies examine hybrid methods that combine the advantages of
multi-year and adaptive designs while considering the effects of load
fexibility, varying discount rates, and future component cost reductions
for sizing 100 % renewable energy-based autonomous mini-grids based
on measured load dara. Thus, this study aims w explore the advanrages
of a multi year adaptive approach on long term mink-grid component
sizing and cost under different demand evolution assumptions, It is
guided by these main research questions:

« What are the long term advantages of a multi-year adaptive design
approach in terms of mini-grid component sizing and cost compared
to the single-year and multi-year design approaches under different
demand evolution assmmptions?

- How do the impacts of load flexibility, varying discount rates, and
future mind-grid components cost yeductions differ across the various

design approaches?

The overall problem formularion is generic and applies to most non-
electrified rural sertings in SSA, but the actual caleulations canied out
are based on a single case, A solar PV-based mini-grid, which is entirely
based on RES and operating autonomously, was chosen as the case, as it
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is the currently dominating of-grid elecuification solution in SSA, and
due to its flexibitity and modularity [40), The demind evolution sce.
narios applied, and data used for the calculations are from an Ethiopian
setting.

The novelty of this study Is due to its quantification of multi-year-
adaptive design advantages by using measured load data from a real
setting and an entirely renewables based mind grid; its inclusion of
operating strategies into the optimizations of multi-year-adaptive
desigr; and its extension of the design approaches investigation by
considering load flexibility, discount rate, and future component cost
reduction uncertaimties.

2. Method

In order to represent future demind uncertainties, this study builds
upon thiee demand evolution scenarios In an off-grid mini-grid seming.
To obtain a realistic load profile for the calewlations, measured weekly
electrical demand load data over one week, Decembes 6-13, 2021, from
a recently solar PV electrified village were used,

To explore the long-term advantages of a multi-year-adaptive design
approach for minl-grid component sizing and cost compated to single-
year and multi year design approaches under the three demand evolu:
tiom seenarios, a mini-grid component sizing-based optimization prob-
e was formulated and utilized, The optimization problem considers
the cost-minimization objective function, It also ensures that demand is
met, taking ino account different load growth assumptions and design
approaches.

To compare design approaches through mini-grid compuonent sizing,
only the solar PV and BESS components were considered, as they
demorstrate higher fmpacts than inverters [32], However, the cost
comparison includes solar PV, BESS, and inverter components costs, The
mini-grid component size and cost for single-year and multi-year were
calculated once initially, indicating the inital investment for the full
plamning horizon. The additional component sizes and costs in the
multi year-adaptive approach were caleulated for each specific time
interval. The estimated additional costs were aggregated to calculate the
total cost over the planning horizon, using a discount rate.

To determine how load flexibility, varying discount rates, and future
minkgrid component cost reductions differ across the varlous design
approaches, the formulated optimization problem was used, and its
result was compared with the base case (without load flexibility), Load
flexibility, as used in this study, indicates the amount of shiftable elec-
wlelty logd from 1 h to another hour. In the case of design approaches
applying load Rexibility, a certain percentage of demand ateach timet is
considered a shiftable load. A priority-based operating strategy, ” ¢las-
sifying loads as shiftable and non-shiftable for each howr, while also
prioritizing energy sources, as in the load-flowing operating strategy,
was used, In addition, 1o address the uncertainty regaiding the future
discount rate and future minigrid component cost reductions, the as-
sumptions of thes: were varied in a sersitivity analysis. Detailed de-
scriptions of the scenarlos, design approaches, problem formulation, and
optimization methods used are provided in the following sections,

2.1, Scenarios

In rmal areas without access w electricity, the uncertainty of future
demand poses challenges to mini-grid sizing [10]. To mitigate this,
multiple demand evolution scenarios might be developed providing a set
of descriptive pathways indicating how future mini-grid size and costs
need 1o be developed [47]. Therefore, three different demand evolution
scenarios representing low, medium, and high demand growth were
developed and applied in this study. They offer a set of descriptive

2 A decailed descripeion of the priotity-based operating strategy is given In
Ref, [12].
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pathways showing how future demand may develop.

Since the study is based onan Ethiopian case, the assumed growth of
the three scenarios is based on Ethiopian electricity demand growth. The
average annual electricity demand growth rate for all load types in the
Ethiopian national grid is 13 % [ 4] and is expected to grow by over 14
% anmeally, with rural households’ demand expected 1o grow atarate of
9.7 % per year [15). Inrecently electrified localities, demand growth has
been shown to be as high as 38 % and 54 % per year in the first years
following electrification [49], However, dernand growth saturation may
oceur, slowing down growth rates due 1o various reasons, among them
the adoption of improved encrgy-efficient appliances and DSM, which
can result in up to 41 % energy savings [47]. Demand growth can also be
low due w low income levels, limited economic development and pro-
ductive use actlvities, poor prior knowledge about elecaicity usage and
its benefits, and local climatic conditions [50], This tesults in the
following three scenarios:

e Scenario 1 (S 1) represents a generally low demand growth. InS 1, a
demand growth of 5 % per year is assumed.

o Scenario 2 (S 2) represents medium demand growth, corresponding
to the atmual average electricity demand growth in rural households
since most of the rural area demand is from households, In S 2, a
demand growth of 10 % per year Is assumed.

o Scenario 3 (S 3) represents high demand growth for all lead rypes. In
§ 3, a demand growth of 15 % is assumed.

Seenarios 2 and 3 do not consider constant growth over the entire
planning horizon but instead reflect saturation after some years. Thus,
for scenario 2, a 5 % demand growth was considered for the last five
years of the planning horizon, whereas for scenario 3, 10 % and 5 %
demand growth were considered for the kast two five years, respectively,
Int this way, scenarios 1, 2, and 3 ncrease the initial demand by 3.2, 7.8,
and 14.5 times, respectively, at the planning horizon end year. The
respective demand growth evolution over the planning harizon is shown
in Fig. 1,

2.2. Design approacies

The optinal mini-grid component size and cost are determined. in
different ways In the three design approaches (single-year, multl-yeas,
and multi-ycar-adaptive);

o In the single-year (SY) design approach, based on the demand at the
planning horizon end year.

o In the multi-year (MY) design approach, by eonsidering each year's
demand evolution for the entire plarming horizon.
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Fig. 1. Considered evolution of demand growth for scenanos 1, 2, and 3
throughout the 25 years, The final year demand (in red) indicates the demand
growrh considered for Y, while for WY, the full demand growth is considered.
Dashed lines represent the investment yeuss in each interval in MYAD.
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o In the multi-year-adaptive (MYAD) design approach, for investment
years in each interval (every five years),

2.3, Problem formulation

A component-sizing-based optimization problem was formulated
based on the mini-grid configuration used and sizing (variables, objec
tive, and constraints), Each of them is explained in the following section.

2.3.1. Mint-grid configuration

The main components of the studied mini grid inclode solar PV, the
BESS with a convertes, and an inverter on the supply side, These provide
electricity to varbous load types, The schematie diagram of the studied
mini-grid is shown in Flg 2,

232 Siming

To compare design approaches with different demand evolutions,
minimization of the total present cost (TPC), calculated using Bq, (1), is
used as the objective function for sizing:

TPC =IC + OMC + RC - PSV )
where IC s the initial cost that includes the capital cost (component
price, balance of system cost, installation cost, and soft costs), and the
cost of clvil work. OMC Is the operation and maintenance cost, RC is the
replacement cost, and PSV is the present serappage value of the mini.
grid. The mini-grid components considered are solar PY, BESS, and
Inverter. Appendix | provides detailed equarions of OMC, RC, and PSV.

The minkgrid sizing, at every time step, is subject to the consnaint of
ensuring a total demand-supply energy match without load cuttailment
(loss of load), thereby increasing system reliability, for both base and
with flexibility eases, shown In Eq. (7). Addidonally, a BESS constaint,
where the state of ¢harge of a BESS (SOC) at any time ¢ should lie be
tween the minimum (SOC.,) and the full capacity of the BESS
(SOC s ) shown in Eq. (32, The maximun charge quantity of the BESS
| SOC anx ) takes the value of the nominal capacity of the BESS (Cy) and
the minknum charge quantity of the BESS (SOC, | Is determined using
the maximum depth of discharge (DOD).

Egn < Eny
SOC o < SOC(L) < S0C,,

@)
(@

where £, and E,,,, respectively, are the ol energy demand required
and the total enesgy demand supplied in the autonomous mini-grid,

2.4. Optimization method

The PSO algorithm was used for mini-grid sizing based on the design
approaches used. In PSO, the objective fimetion (TPC) i determined by
generating and caleulating the valwe of each random population of
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decision variables or particles, In this study, the particles are the sizes of
mini-grid components. In each iteration, the objective function of each
particle was evaluated, with each partlele’s solution saved as lts per-
soral best, and the best solution across all particles saved as the global
best, Moreover, in each iteration, particles position and velocity are
updated based on personal and global best. This will continue until the
maximum fteration is reached,

The following parameters are used for the PSO algorithm: population
size of 100, maximum and minimum inertia weight of 0.9 and 0.4,
respectively [42,51], acceleration factor of 2, and the maximum saumber
of iterations is 100,

2.5. Muni-grid component modeling

In cost-optimal mini-grid component sizing, system modeling plays a
crucil yole; thus, mini grid component modeling is presented in the
section below,

2.5.1. Modeling the solar PV oupur

The electricity output of solar PV was estirated based on the average
irradiance i hour ¢ ( &), surface size of the cell (PVA), and instanta-
neous PV cell efficiency (ue(r)), expressed by Eq. (1) [52], The Instan-

aneous PV cell efficiency and PVA were caleutated by Eqs. (5) and (6]

[53):

Byy = 0, 5 PYA % i (t) 4

#ftl =p 1 = B{TA0) - Tsr)| (5)
4 PR

A= PemlOb: ()

24 S Hol (01N Ve

wheze g, is the temperature coefficient for silicon cells, g, and T, are the
theoretical solar cell efficiency and tempesature, respectively, F, is the
safety factor, Ve Is the factor of variability, and n, is the power condi-
taning system efficiency [23].

2.5.2. Battery energy storage system

The surplus ectrical energy from the solar PV & stored i the BESS
and discharged from the BESS when the solar PV output is not sufficient
to supply the demand. BESS charging and discharging depends on the
solar PV output and the BESS state of the charge at any given time. The
BESS state of charge at a specified time is expressed i Eq, (/) and Eq. (9}
[23):
SOC(t=+1)=S0C(t){1 - o) 4 Pglein, charging mode 7)

SOC{t+ 1) =80C{t}{1 — ¢) — Pgirin, discharging mode (8)

where SOC is the BESS state of charge, fg is the BESS efficiency, and o is
the BESS self-discharge rate, Py(r] 1epresents the charging or discharging

Fig. 2, A schematic diagram of the autonomous solar PV-hased mini-gtid configuration used In the study,

3
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power of the BESS at time ¢,

2.53. Power nverter

An inverter is used for conveating DC 1o AC and must be able to
manage the maximum expected AC loads for any of the hours of the day.
The size of the inverter was calculated using Eq. (7) [52):

Pe -ff ©)

where P is the peak of the demand and ny, is the efficiency of the
inverter.

3. Case, data, and assumptions
3.1. Case

The Koftu village, located at 8.83°, 39.05%, 40 kin southwest of Addis
Ababa, Ethiopia, is supplied by a solar PV-based autonomous mini-grid
since 2018, The mini-grid uses 250 kW of solar power Installed at two
sites with 200 kKW and 50 kW each, a 50 KW diese! generator, and 1000
kWh of battery capacity, designed using a single-year approach,

3.2 Dam used

In determining the component size for the SY, MY, and MYAD ap-
proaches, the economic and techmical parameters of the mini-grid
components, PSO parameters, demand data, solar imadiance data, and
assumptions were utilized, The economie and technical paramerers of
the mini-grid components used are presented in Table 1. The economic
data used in this study is based on the seientific literature [20,42,54,55],

Electricity consumption data wese measured data in the Koftu village
using FLUKE ad000 FC AC clamp meters. To reduce computational
sizing time, a one-week load profile was utilized to represent a one-year
load profile. Howrly load profiles were constructed and used based on
the collected per-minute demand load data. The insolatlon profile used
is also based on data representative of the Koftu village, The measured
weekly load profile and insolation for Koftu village are shown in Figs
and 4, respectively.

The peak load poses a challenge for mini-grid sizing and matching,
particularly when dealing with highly fuctuating RES. In the load
profile, iz 1, the peak load oceurs during the moming hours due to the
usage of cooking appliances such as stoves and mitad (the conventional
electric injera (Ethiopian food) baking machine) in houscholds, This
morming peak is 2-4 times highes than the evening peak load, in contrast
1o commondy known load profiles in rural mini-grids.

The assumptions used in this study include 10 9% load flexibilicy, A
baseline discount rate of 7 % was considered based on the risk-free
assumption and the interest rate of the National Bank of Ethiopia
[57]. To examine the effect of the discount rate on the TPC of the system,
in addition to the baseline discount rate of 7 %, higher discount rates of
15 % and 20 % were also considered. An Inflation rate of 8.1 % [55], and
a project life of 25 years, determined by the maximum lifetime of the
system components, in accordance with [1], was applied,
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Fig. 3, Measured weekly load profile in Kofte village, used for the inival year
in all scenarios of demand development,
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Fig. 4. The cadculated weekly average insolation profile for Koftu village [10].

Even if studies indicate that the costs of solar PV and BESS have
dropped with an average yearly reduction of B % I recent years, it is
expected that the rate of cost reductlon may not contlrue at that pace
[#8]. Thas, to examine the effect of cost reductions for solar PV and
BESS, annual cost reduction rates of 2 %, 3 9%, and 4 % were applicd.

4. Result and analysis

In this section, the calculation results are presented; the cost-optimal
mini-grid components size caleulated using Eq. (4) and Eq. (/) and costs
using ¥q. (1) for the three approaches, SY, MY, and MYAD under the
thres demand evolution scenarios,

Table 1

Economic and techmical parameters of the mini-grid components.
Component, uait Capitid cost ($) OMC(S/ye) RC'(8) Tyear) Neep SV %) Refexence
Solm PV, KW 1500 50 300 5 o 10 [12,55)
vl Wok, sddar PV, kKW 40 % 1% 40 % 25 [ 0 [23,42)
Inverter, kW m 0 &50 10 2 10 (23,423
BESS, kwh 330 0 30 10 2 0 (42,59

* OMC is operation msaintenance cost,

U RG is roplacement cost.

“ Nrep is the nnmber of replacements over the peoject lifetime, T.
* 8V is value of a scrap of the mint-grid components,
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4.1. Comparison of design opproaches on mini-grid component sizing

The additlonal solar PV and BESS size requirement in MYAD varles
across the theee scenarios and depends on demand growth, The caleu
lated system additions for every five years during the plarming horizon
for the MYAD approach, for scemarios 1, 2, and 3, for both base case and
with load flexibility, are shown In Vg 53 and b, As shown in the figue,
in scenario 1, the additional component size s smaller than the initial
componenit size for the first five years (initial capacity), Howeves, in
scenarios 2 and 3, the additional size requirements are equal (o or higher
than the initial size or the previous year's requirements, and also smaller
during demand growth saturation,

In MYAD, compared 1o the requited component size over the full
plarming horizon, the initial capacity is smaller for the higher demand
growth scenarios, but they exhibit the same relative reduction of 62 %,
&1 %, and B8 %, for both solar PV and BESS, when compared with the
respective sizes needed at the end of the planning horfzon in scenarios 1,
2, and 3, respectively, This refative reduction decreases with the plan-
ning horizon, but it is larger for higher demand growth scenarios.

With higher demand growth, the MYAD approach results in larger
reduced component sizes compared (o the SY and MY approaches ove
the entire planming horizon, As shown in Table 2, MYAD 1educes the
solar PV size by 7 %, 11 %, and 16 % compared w the SY for scenarios 1,
2, and 3, respectively, and by 10 % and 3 % compared to the MY for
scenarios 2 and 3, respectively, However, in scenario 1, it is 2 % larger
than In MY, leading to excess electicity production. MYAD also reduces
BESS size by 7 %, 11 %, and 15 % compared 1o the SY and by 7 %, 2 %,
and 4 % compared to the MY for scenarios 1, 2, and 3, respectively. This
indicates that the higher relative reduetdon in BESS size I scenario 1
(even compared to scenarios 2 and 3) s the reason for the higher solar
PV capacity in scenario 1 in MYAD compared to MY, This shows the
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Fig. 5. Calculated system additions for every five years during the planning
horizon for the MYAD approach under scenarios 1, 2, and 3, both for the base
case and with lead flexibility: (a) Solar PV, (b) BESS,
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impact of the different demand evolution scemarios on the optimized
system [ 0],

The differences regarding how the design approaches take into ac-
count the likely demand evolution over the planning hotizon impact the
resulting optimized system design and sizing (see Appendin 2 for
average demands and percentage differences between peak demand and
average demand). The lack of consideration of a likely demand evolu-
tion in the SY approach leads (o a higher average demand (see Appondin
7) and can result in higher solar PV capacity in SY than in the MY and
MYAD appicaches. On the other hand, the accounting for demind
evolution in MY increases the relative difference between peak and
average demands compared o MYAD and SY. This leads to a higher
BESS capacity being required in MY than in 8Y and MYAD o ensure that
demand is always met. The cost difference between solar PV and BESS
can also impact the resulting capacity difference between the
approaches.

Load flexibility affects mini-grid component sizing [42). The effect of
applying 10 % load flexibility is shown in Table 2, The design ap-
preaches demonstrate varying degrees of component size reduction with
the application of load flexibility. MYAD exhibits a relatively higher
overall component size reduction than SY and MY. in SY and MY, there is
ecither no difference or only a slight difference in solar PV size, but there
is a reduction in BESS size. In MY, with the application of load flexibility,
there §s a higher reduction In HESS size than in SY and MYAD. This &s
because load flexibility has a higher impact on the component respon-
sible for managing the demand varfability, the BESS in this case.

As shown in Table 2, the solar PY/BESS 1atio ranges from 0,15 w0
0.2kW/kWh for all scenarios in all design approaches, However, the
result In Table 2 is a low ratio value due to very high moming loads in
the case study area caused by cooking appliances, resulting in a laiger
BESS size, This BESS size can potentially be reduced through different
DSM strategies, such as shifting the usage of cooking appliances to
midday [59].

4.2. Comparison of design approaches on mini grid total present cost

The caleulated cost additions for every five years during the planning
horizon are shown In Flg 0. The MYAD approach results in reduced
initial investment requirements, The initial cost requirement constitutes
74 %, 53 %, and 39 % of the total TPC required at the plarming horizon
end year for scenarlos 1, 2, and 3, respectively. In MYAD, lower demand
growth, such as in scemario 1, resuls i the installation of additienal
capacity representing a sialler share of TPC in subsequent years than in
higher dermand growth scenarios since initially installed components
already satlsfy a substantlal portion of the demand. This shows that the
MYAD approach in particular leads w very large cost-savings when
demand Is growing sharply.

These results indicate that MYAD results in significant cost savings
compared to MY and SY. The TPC over the planning horizon for the
different approaches is shown in Tuble 5. The cost-savings of MYAD
compared to MY and SY are larges in the higher demand growth sce-
marios, Using a 7 % discount riate, MYAD reduoces the TPC by 51 9%, 66 %,
and 70 % compared to MY and 52 %, 68 %, and 74 % compared to SY for
scenarlos 1, 2, and 3, respectively. The cost-savings in the MYAD
approach stem from postponing additional Investments, thus reducing
immediate costs. Postponing mvestments also 1educes component
replacement costs, particularly for BESS and inverters, operation and
malntenance costs, and Increases the scrappage value, These cost re-
ductions result in a lower TPC, with Savings inereasing at @ high discount
rate, The replacement cost for solar PV is zero since the project’s lifespan
matches the solar PV's.

Load fexibility application in MYAD shows a highes TPC saving than
for the base case. As shown in Table O, wsing a 7 % discount r1ate,
compared to TPC savings from MYAD in the base case, applying 10 %
load flexibility in MYAD increases TPC savings by 2 % and 4 % compared
to MY and SY, respectively, The LCOE for the SY approach & 0.58
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Table 2
Caleulaed mini-grid component size under scenarios 1, 2. and 3, for the SY, MY, and MYAD appeoaches for the base case and with load fexibility,
Secnmtos Companenty Design appeoach
huisee cinee with head Mesibility
sy MY 1YAD sy My MYAD
51 Solar PV (kW) 248 27 21 240 237 207
BESS (KWh) 1522 1516 1412 1389 1300 1272
$2 Sclar PY (kW) 628 616 556 632 616 502
IWESS (KWh) 3857 a523 3497 3519 067 69
83 Soar PV (kW) 1292 1070 1090 1229 1070 90
BESS (KWh) 7512 6706 6420 6852 S878 5721
5. Discussion
3 e wi w15 W)
This study explores and quantifies the advantages of the MYAD
38 buse oo with load flexiyility approach on long-term mind grid component sizing and assoclated costs
undex different demand evolution scenarios, linking future demand
a uncertainty to various village level demand developments. To determine
§ LS cost-optimal component sizes, the PSO algorithm was used along with a
o measwed load profile. In contrast to previous stidbes focusing on the
Peor analysis of mini-grid design approaches, this smdy compares the
application of load flexibility across design approaches on system ade-
lll I I . u I I quacy, going beyond previous studies’ focus on flexibility adequacy,
0 5 2 pons & %3 %3 Additionally, & priority-based operating strategy Is used, Furthermore,

Soumanes

Fig. 6. Calculated cost pdditions for every five years during the planming ho-
rizon for the MYAD approach, both for the base case and with lowd fexibility
for scenanios 1, 2, and 3,

$/%KWh, and with the application of load flexibility, it decreases to 0.56
$/kWh. However, the LCOE is lower for the MY and MYAD than for the
SY approach,

The estimated TPC for different discount rates is shown in Table 3.
The TPC reduction in MYAD compared to MY and SY increases under
higher discount rates, highlighting greater cost savings at higher rates,
As shown In 1 able 0, compared to the TPCreduction with & 7 % discount
rate, in S-1, the reduction in TPC increases relatively by up o 4.1 % and
6.1 % compazed to MY and SY when the discount rate is raised to 15 %
and 20 %, respectively. Similarly, inS-3, the reduction in TPC Increases
by up (o 6.3 % and 9.4 % compared to MY and by 5.6 % and 8.3 %
compared to SY when the discount rate increases to 15 % and 20 %,
respectively, The relative reduction in S-2 falls between the results of S-1
and S-3.

The effect of the MYAD postponement of additional investment in
creases with mereasing anmual component cost reductions as shown i
Fable 4 for the TPC required over the planning horizon, For every 1 %
armual reduction in solar PV and BESS costs, the cost-savings of MYAD
relative to MY and SY improve by 2.5 %, 3.3 %, and 3.6 % compared o
MY, and by 2.4 %, 3.1 9%, and 3.2 % compared to SY for scenarios 1, 2,
and 3, respectively,

this study compares the design approaches under different discount
rites and potential future cost reductions in mini-grid components. By
examining these, this study adds to the understanding of how the MYAD
design approach can be further developed for cost-efficient optimization
of mini-grid component sizing

This study mainly contributes by: (1) quantifying the advantages of
the MYAD design approach in terms of component sizing and cost-
savings under different demand evolution scenarios compared o other
design approaches; and (i) indivating how sizing and cost-savings differ
in mini-grid design approaches when load flexibility is applied, under
different discount rates and potential future mini-grid components cost
reductions.

The MYAD approach results in lower component sizes, leading to
total present cost reductions compared to the MY and SY approaches, in
line with results of previous studies showing that adaptive designs yield
greater cost-savings than the MY and SY approaches [4,27,29,390). The
result of the solar PV/BESS ratio (0.15-0, 2ZkW/KWh) also aligns with an

Table 4
Total present cost in M$ required over the planning honzon for the MYAD
approach under different annual cost redactions,

Scepatlo Annuid cost cedection of saa PV (pes kW) and BESS (per kWh)
2% % i%

51 L7 1.7 1.7

52 28 7 20

53 5 13 a

Table 3
Tatad p cost in M$ d over the planning hotizon for the SY, MY, and MYAD approaches for seenarios 1, 2, and 3 for the base case foe different discount rates
and with foad fexibiliry.
Seenmio Design appeoach
base case with load Sexibility
sY MY MYAD sY MY MYAD
diseannt (one
7% 1% 20% 7% 1% 20 % 7% 1% 0% 7%
51 a7 2.2 1.8 5.6 21 17 18 10 07 a6 34 16
52 95 56 16 8.8 52 13 3.0 15 (B 21 83 2.8
33 185 10,9 89 163 96 78 49 23 L6 178 154 45
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earlier study that reported a ratio of 0.12-0.19 (2] while a study on
eleven operational mini-grids run by private investors showed a
considerably highes ratlo of 0.56kW/KWh [6.0]. The solar PV/BESS ratlo
reflects robustness, indicating the system’s ability to operate normally
without significant performance degradation despite disturbances, un-
certainties, and changes in demand, nputs, and energy resource con-
didons, and enhancing the reliability of the mini-grid [22]. The
caleulated LCOE alse aligns with previous studies, reporting values for
solar PV-basod mini-grids just above 0.25 to 0.61$/kWh [70,01],

The demand-supply energy matching constraint ensures that the load
is fully met at all times, since load curtailinent is not considered in this
study. This often increases system size and cost, as components must be
sealed to handle peak demand and lower generation, Addidonaily, the
SOC constraings for the BESS, which limits its operation between mini-
mum and maximum SOC levels, affect BESS sizing by requiring larger
capacides to provide adequate useable energy while ensuring safe
operational limits. These constaings are intermittently binding SOCyg
binds during peak demand periods, while SOC,... binds during high
energy generation periods. Therefore, these constraints impact overall
system sizing and cost [12]).

Mini grid developmental stages determine the type of investment
and financial resources required fos funding. The carlier the stage, the
riskier the project [62]. The MYAD approach gives additional invest-
ment decision options (either at the component or system level), unlike
the MY and SY approaches requiring decisions at the outset. This post
ponement of additional investment decisions allows for considerations
of both present and future component costs and the potential national
grid connection i subsequent stages [11]. However, the final-year de-
mand consideration in8Y led to overcapacity and underutilization early
on, ereating economic inefficiency and challenges in financing, On the
other hard, the perfect foresight demand evolution requirement makes
MY less realistic compared to adaptive approaches like MYAD, which
better reflect real-world investment strategies. However, MY remains a
valuable benchmark, as evidenced by previous research such as [1,27,
30,32,331,

The postponement of additional component installations will not
only lower the upfront cost but also further decrease the overall toral
cost, This cost-saving further increases with the application of load
flexibility, a high discount rate, and future component cost reductions,
The cost-savings achieved by postponing additional mvestment de-
cislons In MYAD highlight that it also mindmizes the cost of the expan-
sion strategy by implementing the expansion in multiple stages rather
than all at once, It also enables the utilization of historical demand
growth knowledge, which can help in Jater investment decisions and
reduce uncertainties related to load estimation and forecasting [ 7],
However, the cost savings in MYAD, rather than all at onece in SY and
MY, can be impacted by economies of scale, which were not explicitly
modeled in this study, These could influence mvestment decisions by
favoring larger initial capacity installations in SY and MY compared to
MYAD.

The MYAD approach shortens the load forecasting time horizon for
mini-grid sizing compared to MY. In our case, it is reduced by a factor of
five w five years, This highlights that MYAD will help to deal with future
demand uncertaintes in long-term minigrid sizing, Swchastically
optimal system sizing provides a fixed system size with the flexibility ©
handle future demand uncertainties and variability [30]. In contrast, the
MYAD approach updates plans dynamically as eircumstances change.
For instance, if demand development follows scenario 1 for the first five
years but then shifts to scenario 2 or 3, the MYAD approach allows plan
updates based on the evolved demand in scenario 2 or 3. However, it
remains flexible and does not strictly adhese to the demand trajectory of
scenario 2 or 3, allowing for further updates as conditions change in
subsequent periods. This highlights that the MYAD approach reduces the
Impact of unforeseen demand spikes or drops, thus reducing relfiance on
futwe assumptions, Additionally, by reducing reliance on static
mini-grid design in stochastic system sizing, the MYAD approach offers a
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practival and fexible way to address future long-term demand uncer-
tainty and ensures more robust system sizing decisions over time.

Timely component additions are essential for system reliability and
econamics since they reduce the mismatch between demand and supply,
enhance power availability, and decrease system costs. However, the
time interval when additional componenss are added over the planning
hordzon must exceed the lead time (the tme berween the initdation and
completion of the process) [175], From this perspective, the MYAD
approach & more flexible than both the MY and SY approaches, This
indicates how the MYAD approach can gready increase the sustain.
ability and scalability of mini-grids in rural arcas by lowering financial
risks, optimizing resource allocation, and minimizing the possibility of
oversized or underutilized systems. It & also more yealistic compared o
the adaptive approach, which adds additional mini-grid componens
every year, which certainly is challenging to implement in rural areas,
This indicates that the decision on when w0 add additional mini-grid
components should be based on different criteria (cost, reliability,
environment, and sovial considerations, ete.), of which many depend on
the local context.

The MYAD approach leads to significant cost savings In scenatlos
with higher demand growth, which is highly likely in rual villages [75],
For villages with slower demand growth, there i a smaller TPC share in
later years, resulting in less cost-savings compared to a village with
higher demand growth (could be corvesponding to a farger village along
a road, villages closer 1o wrban areas, e1c.). This highlights that the
MYAD approach, offering more flexibility than the MY and SY ap-
proaches, seems to be a more economical and favorable choice, espe
cially at higher demand growth. Additionally, villages with higher
demand growth can increase the cost-efficiency and bankability of the
system if the growth is from productive load categories [57).

Initial up-front costs are a major obstacle for mini-grid investment,
especially in rural areas with limited access to financial tools and
banking sesvices [28). Thus, total cost consaaines in rural areas are
limiting widey access 1o basic electricity. This stresses the importance of
the MYAD initial investment cost reduction enabling available financial
resources to be used for basic access also at other sites instead of for
oversized systems in a few villages, Moreover, this reduction in initial
investment costs provides opportunities to secure additional funding for
subsequent investments  [29]. This shows how crucial decisions
regarding initial investments are, as they serve as a foundation for all
subsequent investments in the system.

Operation and maintersnee costs increase based on the actual ca-
pacity installed and used in any given year [30], In the MYAD approach,
increasing capacity based on demand growth will lead o reduced
replacement, and operation and maintenance costs, The postponement
of additional component installations, particularly battery energy stor-
age, conuibutes 1o reduced sysiem cosis and possibly also environ
mental impacts, The reduction in operation and maintenarnce costs can
have a significant impact, especially on technologies with higher oper-
ation and maintenance costs. Additionally, the development of a system
with demand growth helps operators to acquire technical skills {espe-
cially i smart systems) gradually |1 1] for rural mimi-grids in SSA having
a lack of skilled pessonnel [61],

Mini-grids are established In crder o provide elecniclty for the nural
population in their service area while balancing customer satisfaction
and fnancial viability [+4]. The results highlight that the load flexibility
application in the MYAD approach enhances techno-economic benefits
by 1educing uncertaintes and costs compared o the MY and SY ap-
proaches. However, it requires users’ commitment, may have lower
seckal acceptance, and incws additional costs for implementing DSM.
Inplementing DSM at the load categories rathes than the appliance level
reduces the additional costs [ 2],

The MYAD cost-savings will be larger In contexts with higher general
risk considesations and higher discount rates as in many developing
countries, even if major differences also occur between countries that
are comparable with respect to their state of economic development
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[05]. The cost-savings shown between the design approaches, because of
the discount rate, highlight the significance of the MYAD design
approach is more In the context of developing counuies.

The ncrease i costsavings in MYAD, by future component cost
reductions (both market-driven and those resulting from supportive
policies and incentives), highlights MYAD's advantage not only in the
planning phase but also during system opesation For instance, If sub-
sidies or regulatory changes are inuoduced after system nstaliation,
leading to lower component costs; the MYAD approach would allow
developers to benefit from these reductions by incorporating them into
future stages of the project, This highlights the advantage of the MYAD
approach in minimizing the risks associated with future cost fluctuations
and s sujtabllity for environments where funme cost reductions or
changes in regulations are uncertain, providing a more risk-averse
strategy for mini-grid development.

The MYAD requires more frequent sizing and field visits to upgrade
capacity, which can be challenging for mini-grids facing issues such as
limnited infrastiucture (like rugged landscapes and dense forests) or lack
of transportation. Additionally, harsh weather conditions, security
concems (including conflict In the area), Hmited or unreliable commnm-
nication, and resowrce comstraings can limit the applicability of the
approach. On the other hand, mini-grid settings with fewer such chal-
lenges are more likely to successfully implement this approach, although
they may still Incur some costs [66], but these are certainly less in many
cases than the potentially huge cost-savings.

Component degradation affects both the performance of & mini-grid
system and increases its systemn costs [32], Charge and discharge cycles
also influence battery replacement costs [+0], This study does not take
this influence o account but its effect would be smaller for MYAD
compared to SY and MY due 1o lower initial and total capacity,

Measured electricity load data, representing realistic load data, were
used to represent the initial year demand. The use of a one-week load
profile to represent & full one-year load profile inoduces a simplifica-
tion, especially in regions with marked seasoral demand variations.
Howeve, this should not have much effect in Ethiopia sinee scasonal
demand variations are modest due to minimal weather fluctuations
throughout the year and no marked seasonally dependent changes In
soeil behaviors,

Furthermore, the study is based on data from a specific case study
area. The demand in this area has a high morning peak due to the mitad
use for bread (injera) baking, This is typleal for Ethiopla, but such a high
motning peak is otherwise less common. The high morning peak results
in a low solar PV/BESS 1atlo, as would any high demand peak do,
especially high demands outside of the PV generation time. Higher
clectricity demands during early mormings and evenings are more likely
in areas dominated by residential demands and in villages where a large
population shares work in agrieultne (ind ividuals spend the major ity of
daytime on farming activities) [9], However, the main findings of the
study, particularly the significant reduction in initial and overall com-
ponents Jeading to initial and overall cost reductions and helping in
addressing uncertainties about futuye demand by the MYAD approach,
should be valid in most developing contexts,

6. Conclusions

This study imvestigates and quantifies the possible advantages of the
multi-year-adaptive design approach for off-grid mini-grids in terms of
minigrid component sizing and cost under three different demand
evolution scenarios based on real setting demand data. The study also
evaluates the impact of load flexibility, varying discount rates, and

Soxare Energy 18 (2025) (00178

potential future mini-giid component cost reductions across single- year,
multi-year, and mult-year-adaptive design approaches. To determine
cost-optimal component sizes over a 25-year project life across various
design approaches, particle swarm optimization was vsed,

Ouwr findings show how the multi-year-adaptive design approach
helps to address the uncertainty about future demand evolution in
previously non-elecnified areas, and thus of partieular relevance for
rurdl electrification in SSA, Compared (o the other two design ap-
proaches studied, it also results i significant mini-grid component size
and cost reductions, specifically during the early years of the studied
system'’s project lifetime. The size reductions are particularly large in
high demand growth scenarios, 1esulting i a reduction of the initial
investment cost by up to 60 %, These component size reductions lead o
significant total present cost savings (51 %, 66 %, and 70 % when
compared to the multi-year and 52 %, 68 %, and 74 % when compared
to single-year design approaches for low, medium, and high demand
growth scenarios, respectively). The application of 10 % load flexibility
leads to modest total present cost reductions, 2 % and 4 % larger re-
ductions in the multi-year-adaptive than in the multi-year and single-
year approaches, respectively. A high discount rate combined with
future component cost reductions further increases the cost savings
achieved through the multi-year adaptive approach, In this study, a
relatively low solar PV/BESS ratio was found due to very high morning
loads in the case study area due to the mitad use for bread (injera)
baking.

Since investment costs in general and the inital up-frone cost in
particular, are major obstacles for mini-grid investments and high de
mand growth i t be expected in many locations where mini-grids are
constructed, the study findings underline thar the multi-year-adaptive
design approach ought 1o be considered when investments ate made.
To fusther enhance the advantages of the multi-year-adaptive design
approach, coupling it with strategies promoting load flexibility is
crucial, and Implementing It in regions with higher discount rates pro-
vides additional benefits. Additionally, potental futuge mintgrid
component cost reductions, whether market-driven or supported by
policies and incentives, should be factored in. Further 1esearch can
explore the benefits of the approach, such as enhancing system rell-
ability, environmental impacts, and its practical application,
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Appendix 1. Used equations
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Appendix 2, Demand characteristics in demand profile used for the design approaches: (a)Average demand, (b) Percentage difference

between average and peak demand
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Appendix 3. System capacity and cost in each five years during the planning horizon for MYAD design for the base case and with load

flexibility for scenarios 1, 2, and 3: (a) Solar PV,

(b) BESS, (¢) Cost

127



Sours Btergy 1N CA025) 100178

MA. Gefchw e ol
1204) s) =5 ml0 w15 w20
360 base case with load flexibility
=
S
Z 600
=
<
v
. lllll I|I II il l|| II
S S$2 S3 S S2 S3
Scenarios
(a)
$000 B0 =5 ®m10 =15 =20
base case with load flexibility
6000
=
=
= 4000
v
v
=
’ lllll llI II il l|| .
S S2 S3 S S$2 S3
Scenarios
(b)
10 w0 =5 m|0 =15 m20
75 base case with load lexibility
g
o
2
~/
0 ol lRH ORER wnd aREA
S1 §2 S3 - S S2 S3
Scenarios
(c)

1

128



MA Gdcdu eral

Data availability

Data will be made available on request,

References

11
2]
3

81}

(61

(9}

(o]
nj

(12]

(13]

4]
115]

16]

n7

(18]
119]

f20]
(211
1221
{23]

124]

Riva ¥, Tognollo A, Gardumi ¥, Colombo £ Loog term enesgy { ancing 20d

demand foteeast (o remote aeas of devedogang countiies: d assifieation of case

studies and insghty froem a moddli ive. Bnecgy Strategy Rey 2018;20

71-89, hupe /ol org/ 10,1016/ ESR. 2016, 06004,

Weiggtn VB Wold eneegy outlook, 1986 p 23-8,

Optyn om How basc accesy lndemiﬂty mvﬂm tempocdl y increasing foud
1 halds in rucad & Enemgy Develop

2020,5%:97-106, Hirpes oo 10, I"'Nv LESD 2020, 09,006,

Fiodti [ Pdi D, Duenns Mactines P, Perer Acciagn | Malti-vear stochusstic

planning of offgrid microgids sabject 1o significant fead growth uncemaingy:

overconiing sirgd e vem mahodoogies, Bec Power Syst Res 2021:194:107053,

hittpec /S0l oo/ 10, 101640 FPSILI02T 107053,

Kimali 2, ledmlu G, Lubwana M, Kirables JB, Sebbit A Energy scenaios for

wreated Banp ditan aen ds & il e 2050, & TIMES VEDA

ol ysis. Sm-tl!nuxy 2023;10:100099. bxtps. [ dok oog, 10,1010,

SEGY. 2023100099,

Schdler F, Wiese F, Weinond JM, Dondokovié TIF, McRentm Il An expert ssovey to

assess the current status ond futece challenges of energy system anadysis. Smut

mm' 2021;4: 100057, terpe /o o0g 10,1016/ 8EGY. 2021 100657,

igsson [, Atlgren EO, Molander §. Tacking complexity and prolian

focnmal ation in recal dectnification throegh concepeund modd lieg 0 system

dynamies, Syst Res Behav Sed 202037 141-53. hirpe /ol onge/ 10 1002 e 261 1,

Geehu MA, Phobecg J, Abgren PO, Compartison of dectaiaty lond estimation

methody i casal mini grids cnse stedy in Bthiopin, 1EEE PES/IAS PowerAfrica

Isritute of Bectrical and Becttoosey Engineets; 2023, p 1.5, b o oy

105209/ Powes Aftiicab 7982 20231 0063276,

Hartvigsson E, Ahlgren EO. Comparison of load peofi ex in a minlgrid:

[26]

27

(28]

129]

f30]

3

Smart Energy 18 (2025) 100178

Recovery, Utl Environ BYY 202001-200 bt pe /oty 101080,

1556746, 2020, 631 107,

Aboda |, Otumuni M. Tatry L An innovative approach foo the optimid stzieg of
mini grids in reral arey itegeating the dersand, the sepply, 204 the guid. Renew
Sastnin Foergy Rev 2021146110017, hitpe s doil oeg 1010060

ASUIL20J1. 351100

Kheai R, Raemi P, Mabmoadi A, Bidcam A, Khooban MH. Idachine |earing based
siziog of @ renewall e-battery systers foc grid-conmected honses with fst-clisgiog
eectric vetide. IFE2 Trars Sustain Energy 2022;14:1949-23029, lirpes s Mdolocy,
10,1109/ TSTR 2022 3227005,

Poconnk ZX, Stadler M, Fatry K EMciont malti-vesr economic enagy planning o
microgsids. Appl Energy 2010255113771, trpas, dolocg 103004/

Ny 4019113771,

Hartvigsson E, Stadler M, Caudoso G. Rourad o ectrifi and 1 X
with a0 integrated modeicg appeoacty Henew Enesgy 201&!15:30940. hitrpe
Aol g N0 1016, RENENE 207 7.08 044,

Sayani i, Ortegn-Artiags P, Ssodwel P, Bab 0" bihi A."" Dot
Sixing solnr baved mirs grids foe growing el ingghts fom rucadl
India J Pve Enagy 202,501 9004, mu- Sl rq 10 10062515 7685/
AL,

H, Lombacdl F, Galdicnl G, Rinaddl L, Bddermma S5, Pavided e M et i,

lm&mm swing of tucdd mmqﬂd: a«amltu for logd evd urion theosgh mdt-
plan and ioe. Energy Sustain. Devel op 2000;

smm futpe /ol ong, 10,1016/ ES0.2020.07 00E

Micsgdl A, Floit D, Cherebin P, Duenis. M-'tlmt P Oyt sk dcdanomnlm

nini grids with detesrmistic neethod.

with [ow computarionsd requirements, Mlﬂ :«mns 421-1 P!qn Jdoh u-;,
RSO RN 0421 A 2020:13:4214

Wassie YT, Abgren EO, Long term optimeal capacity 1g for an

operuting off-grid PV oinl-grid o ourd Afvien under amxmkmnd eunlation

seenmios, Boecgy Susten. Desddop 202376 101305, herpwe dad g 1010060

EA0.200 . 101908,

o

33] Fargji J, Hashei-Dezubi H, Ketsti A Malri- Yo Load growth-tased optin
o ot’yld‘ d microgrid adering | ong tesm lond demand
i a case stody of Tehron, Iran. smln Energy Technd Assessments

of performanee metries usiog measured and interview Sased datn. Poergy Sestain
Develop 2016;43:166-95, Iivpe /doi oge 10 10165 enl 201001 409,
Riva F, Ahlborg H, Hartvigsson E, | i 8, Colombo E Blectricity nceess and
turd devd teview of cornglex yocio-e ie dynami un\lmld
diagrams foc mote appropeiate encrgy modelling, Energy Sastuin. Devdop 2018;
43:209-29, turpec, /80100 10 T0T6,4 ESTA 01 8,02 004
m:baa J Ahborg H, Hmm E Apgueach for flexilde sod adaptive

wd design in rured dectrification and its imgdications.
Energy Sanin. Devdop 2020,54:101-10. tetpws/ded iz 1010160
ESD2019.10.002
Wassle YT, Abdgren BD. Pesformance and ved fubility anot ysis of an off grid PV muien -
rid gystemin rured topiesl Alvies a case sudy in southern Etheopia, Devdop Bng.
2023;8:100106. htpre /. dol oz 101016, deveng, 2020100116,
Hoegg T, Shahidehpoar M. Load ioreensming cose vudy, HISPC Wadungron, DC
USA; US Deprmrment of Bonge 2015 0 171
Riva F, Gardumi F, Togndlo A, Colombo B, s«uum awigy denssod and
optimi sation modd s foc focal Long term dectricity pl upplication to rarad
India. Pnergy 20091663246, heape . dolong. 10 1016/ ) ENIRGY 2018 10.067,
Nenezi I, Syknlski JK, Rotarn M. Grid -conmected phiotovaltale roodul e and array
wnng based on an itermive approsch. Ing J Smast Grid ean Frergy 20145
29754, beips/ /6oh.ong/ ) 012720/ ygee 3 2,242 254,
Sigurehion SG, Paleta R, Malmquist A, Pina A Feagbility stedy of wsing » biogas
engine as backup in n decentradixed bybrid (PV/wind/battery) power generation
svstem - ease stody Kerpw, fnergy 2015,9000 83047 Ferpw S dos a 10100010
eneigy, 2015.07.008,
Bekde G, Tadesse G Feasibility stady of sl Hydeo/ PV, Wind by brid systen for
offgrid rurd o ectrification in Bhiogia. Aggd Energy 200297515, higgw do
o 101010, npeeryy. 3P L L LAY,
Higessie T, Bogae W, Bekele F, Dibssn B Feasi bilicy stady for power genecation
usirgg off- goid energy svstem o micco bydoo-PV-diesd generstoc-batiey foo
turid swen of Bhiopin: the cuse of Mdkey Hern villgge, Western Erhiopin, AIMS
Energy 2017566790, hargs// dos org 10 2934 ‘eomygy 2017 4,667,
Halabi LA, Mekhilef S, OF iwn L, Hazdton J. Perf wiadyvis of hybrid
PV/diesed /bmtery system using HOMER: o case stedy Sabah, Malaysia Energy
Convers Maenag 2017,1446322-39, hrgadod s 10301004
encotnnn, 217 04,070,
Hgsyen TA, Crow ML, Himoge AC. Optimal sizding of 2 vanadinm redox battery
system foe miorogrd systems, 1EEE Trans Sustmn Eneigy 2015,6:729-37, s
doi.ong/ 1O 1100,/ TETE 2015 2404760,
Magnee D, Saees DU Optimizati on of PV battery systems udng genetic dgocithings.
Energy Peoc 2016,99:332.40, Ninpw /Aol oeg. 10,1010/ 2 EGYPRO 201610 123,
Holan §, Strachan S, Rakhes P, Prame 1. Optirnized netwoek plaoniog of mioi grids
for the rurd dertrification of devd oping coentries. IEFE PES PowerAftica
Irswiture of Blecniest a0d Bectoni s Bagineers; 2007, p $89-94, Yurpw ooy
10,5109, Powee Aftien. D01 T 7091274,
Mohamed tA, Hramaly AM, Molsh AL Swarm intdligence based optimization of
gtid-dependent hybeid renewalle energy systems. Renew Sustain Becgy Rev
2007,77:515-24. htvps//dolocg, 1010160 IS ERL2017. 04,008,
Kunsat 5, Kawe T, Upadhyay 5, Sharma V, Vitssd D, Optimal sidog of stand done
hydeid renwadl e enmgy system with Load shilting. Energy Soarces, Pact A

[34]

35

£36]

391
[10]

[l

a2l

3]

[44]

[as]

[46]

147

(18]

2020,42:]”21, v /00 g 10, 1016/2 SETA 2020, 100027,

Yimuz Y, Hegoor G, Kaezurormskn M, Weber GW, Yilmaz Y, Nelgort G, et o
Loag termn wind power and global wmming prediction using IMARS, ANN, CART,
18, ond RF. J ind Manag Opthm 2024, 20:2193-216, herpe dol oo 10 3004
JMO2023162,

Gall A Optimizagion of renewabl e energy projest poctiolio sd ection usng hy brid
AIS-AFS dgocithin in so internationsl case stody. Sei Rep 20243417388 1o
donorg /10,1030, 491 598 024- 05444 W,

Parg K, Zhos J, Tslanikos $, Coit DW, Ma Y. Long-tecm microgeld expansion
phanniog with cesilience and enviconmentd benefies weing deep ranfuncenen
lentnireg. Renew Sestain Bnergy Rev 2024191118068, Lerpe ot ong 101056,
RSEN 20021 14058

sznun N, Pdiecchia G, Sarggongio L Shendrikova D, Soares CA, Metey B, et o
¥ irg third gy wamids: malti objective optinuzation and beownfield
I o moddling vilage scde ongrhd und offgrld energy
otems. M\tw Sustmn Powrgy I'nm 20233100053, herps /dod otg 14,1056,
RSET 20058 100043,

Ramasamy V, Feddman D, Desal J, Margolis 3 US. Solar Photovaltale Syster and
Enesgy Stocuge Cost Benchmaks: Q1 2021 2021, hope Jdoiog 10217

2, 10460,

Sttty J, 3 F Stnoiaseek D DAseouen Comes b eose gy systens anod s Dise sason
Paper. WS

Pl chettn (G, Dagriachew Afi, Hof AF, Milne D). The cde of regulatocy, ket and
o sk for dertriony necess | in sub-Sahuman Altlen. Bnegy
Sestain. Devel op 2021;62:136-50, bips/dos o,/ 10 101608502001, 04 002
Teanka GG, Forreira P, Vae AIF. Integrating supply and demand side minagenene
in cenewahl e-based enegy systems. Enegy 202,23 120978 Teipsdos niy
1010106,/ ENFRGY 2021124978,

Gelchs 1A, Ehnberg J, Stuferaw D, Ablgren BD. Impart of demand side
ENEeroeen 00 the sizing of autonomons sol & PV-based mini grids. Energy 2023;
278: 127084 livpre/ dok org/ 10, 1016/} enwetgy 2003 127884,

Gebeemeskd DH, Aligren BO, Beyene G Loog term evolution of enesgy and
eectrlaty decnand forecasting the case of Brtwopre, Bnecgy Strategy Rev 2021,36:
100671, Mrps./dos org/10.1016,0. ES5L 2021, 100671,

Wang X Wang H, Atin SH, Demand-side manmgensent for of grid sol s powered
miccogrids: & case stady of veesd dectrification in Tonzania. Bnagy 2021224
120229, trtpw/ ot orgy 10,1016/ ) ENERGY, 2001, 120729,

Ngowt JM, Bingens I, Atdgren BO. Benefits and chall enges to prodpetlve ese of ofs
wrid toeel decrifeation: the case of mioi-tydeopower in B ongwa: Tareania
Boergy Sustain. Devedop 20095892303, ftepw: Aol ceg 1030162

BSD 301910001

Aziz $, Chowdhery SA. ¢ d of yolur mire-grids in Bangladests o
two-stage Datn Envel openent Analysis. Qeanet Enviton Sys 2021; 2100005
Prpw/ Aok o/ 10, 1616, CESYS. 2020, 1 0001013,

Meckirger Philipgs, Pepadis Bism, Bomt Mattin, Recee Tdep B Maniitry of Bvergy
and Petrod emn Wiue sz sbid] ot be? A gaide 1o ool grid siziog ond densnd
iecaming 2016,

Mondal MAH, Bryan E, Ringler C Mekonnen 0, Rosegrant M. Ethiopsan enetgy

statas and demand scenaios: poospects to lmpeove enesgy efficiency and mirigate
GHG aroissions. Bocrgy 2018 149%361-22 hope - dol o/ L0 100000

LHENGY. 2010 02 067,

129



MA Gelchw exal

[49] Wassie YT, Abdgren BO. Undesstanding the load grofies and deetriciry
consurgrion patteros of PV mioigrid costonens in turd offgrid est Aftica s
data driven stedy. BEncegy Policy 2024185119969, birpe dolong 1030160
EHPOL 2021 11306%,

[50] Hmtvigssen E, Ehaberg J, Ablgren EO, Molandes S. Linking hoasehold and
productive wse of docrrielty with mini-gid dinwnsioning sod opecation, Feigy
Suntsin, Devdop 2021;60:62-9, lirpe . dol e/ 10 1016/ end 2020 12004

[51] Bansal JC Singh PK, Sacaswat M, Verma A, Jadon S8, Abcaham A. Inertia weight
steategi es in partid ¢ swacrn opeinizstion. Third warld congtess on nature and
bidogicall y inspited compating. IEEE 2001 p 63340 lwipe //dol nig /10 1108,
HalI€.2011.0089059,

[52] Mohamed MA, Btsmaly AM, Aldah Al Sizing and techino-economic snd ysiv of
stond - cae hybed photovaltaic/ wind /diesd /bmtery powes generation systems.
J Renew Sustain Energy 2015, 7-063128, hipe,/dol oo ) 0 106171, 4938154,

[53] Elsheikh AH, Al Hazz M. RBeview on apglications of particl e yautm ogtimizsicn
in solar energy systems. lot J Envicon Soi Technol 201910: 115870, hopsdod
/10, 0007/M9762.010. 1970 %,

[54] Kipeoo MK, Lotfy ME, Adewsyi OB, Cocter A, Howlader AM, Senjyn T, Integated
Wuch to( eaimd teehao-economie planning foe high renewalle encrgy based

idexing cost of emagy storsge and demsaod response
s l.'nuw Convers an 2000,215: 11291 7. betper/ ol org/ 10001041
FHOOMMAN. 20010, 11297,

[55] Ehezi R Mahmoudi A, Whitey D, oalnd wizirgg aid mnpumve ol yss of
tookop PV and battesy foc guid hal ds wi electric and gas
dectricity nolity. Pnergy 2022251123876, nn;-r,,du ux, w 1016/
ENERGY.2022. 123676,

[56] PVYIS Photiwd tme geograptied lnfmmation systens 2019,

Syt Enorgy 18 (2025) 100178

(571 Notionad baok of Exhiaplo, 1-3, brrpe . oose ket e barde ¢ onny Pl 20 Eectives, bad
M ngbasioes Intecesitednective (ol [Aceesved 7 June 2022).

[58] Kebede KY. Viakility study of grid conneeted solar PV system in Bhiopia. Sustun
BEnergy Teehnol Assessments 20015, 10663-70, Tetpedol o 10 1006/

»1n 2075 02,000

[59] Gelehu MA, Ennberg ) Atigren BO. Mipact of cooking oppliances shiing hoses in
cored minigady: cuse stody in Bhiopia, [EEE PES/IAS PowerAftice Institute of
Hectrical nnd Hectronics Engineers; 2025 po 1-3. hrpe dolocg. 101109,
POWer ATHeat7992, 2029, 10363204,

[60] Sed J, Wmner G, Millx A Influence of bosiney models on PV-battery dispateh
decisions and marker vidue: a pilot stady of operating places. Adv Apdd Energy
20225100076, httpe /7 doi.org /10 1016/3 ADAPIN 2021 100076,

[61] Come Zebra El, van der Windt HJ, Nhumalo G, Famj APC A review of hybed
tenewalle enongy systems in mkn-gads for off geid deenification in developing
coarties. Renew Sustain Energy Rev 2021184111636, Livpw ol o 101010
JRSER, 2021311038,

(621 Babavomi 00, COhsbive B, Denwigwe 1H, Somerun TE, Adedoja 08, Somefsn CT,
et dl A ceview of renewalle uﬂgi‘ oini gridy in Sub-Sahaman Aftica. Frout
Enecgy Res 20231001982 hetpse /ol ong/ 10, 3350,/ PEMILG 2022, ) 059125,

[63] Sht)t B, Broce A, MacGill | s-ney based churacterisation of enetgy wervices for

d design and operation of sandalone microgrids Renew Sostan Energy
MNIOIOI 493-502 hetpe 7/docorg 10 1016,0 RSERLIOIR 11016

[64] Blodgett G Davertianer 2, Lovie H, Kickhiam L Accuracy of etvergy -sse surveyy
peedicting rord enini grid aser consumption. ¥nergy Sustmn Develop 2017;41:
88-106. herpw'// Aok ot 10,1016/, 1510201 7.08.002,

[65] Steffen B. Estimating the cost of capite for tenewable energy projects. Energy Eron
2020;88:104783, himpw //dok g 10 1016/1 EHECD 2000 104783,

[66] “duhd Mackot Repoet. Minsi-yridy pactishipn 2020 22

130



Paper I11

131



Foeryy 278 (20275 127884

Contents fists available at ScienceDirect

Energy

journal homepage: www alsaviar.comfocateenergy -

EISE\"I ER

Impact of demand-side management on the sizing of autonomous solar
PV-based mini-grids

Milky Ali Gelchu®, Jimmy Ehnberg ", Dereje Shiferaw °, Erik O. Ahlgren

Y School of Mnetriral and Compaer Frgmeerig, Addis Abaha | wwrsity, Addis Abba, Hehiopin
Y Dvpartment of Flavarica) Englasertng, Chalmrs Dniversity of Tackeelogy, Gathenbary, Swaden
" Dvparmment of Space, Earth, end Enviroamen, Cholmers Undrsity of Techuology, Gothmbery, Sweden

ARTICLE INFO ABSTRACGT

Tiandling Tivar: Dr. Veoeik Tuod Solar PV-bused autonomans mrini-grids reprosent un economically affordable and robust clectrification option foe

rural communitics. However, the initial fnvestasent cost for e ble cncegy technologics such as solar IV
Keywenty: remains high for rural communities, Implementation of demand-side manngensent {DSM) could increase the cost
Desnand sade munageineat efficiency of mini-grids in rural areas. This requires demand.side knawledge, but litte is still known of electricity
;““;:"‘“"" demands in recently electrified areas and, In particulae, of how DSM implementation could impact mini-grids
Mits d The few atindbies avadlable focuy dlh.rv on systems or on applisnce levels whike this stndy atmy 1o determine

vost-efficiency impacts of DSM | at s estegory bevel A shifting strategy i spplicd bused on
classification into high priarity lnnds and Imv pmnly loads. Autonomous rural mini-grid mmpmmlsmxg for
four different load and load flexibility are d out using particle opti jon. The 1

show that diffesent boad category combinations result In large vartations in terms of poanr levelized energy
cost reductions and, thag, in terms of the cost-aptimal slving of the mini-grd components. The DSM lmple-

Particle swarm opthmization

on the b

bl and prodoctive use categories have the Inmyl upadly of redncing the levelized

emergy cost, by 45.8% and 20.7%, respectively, compared (o the no 4 side e
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1. Introduction
Access to afforcable electricity is a vital enabling factor for human
development, and Improving this access in developing countiles is one

part of the seventh United Nations Sustaimable Development Goal
(UNSDG) [1]. One billlon people, tepresenting 13% of the warld's
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population, lacked access to electricity in Year 2017. Roughly half of
these people live in sub-Saharan Africa (SSA), with a large majority
inhabiting rurnl areas {]. UNSDG stipulates the need for an innovative
sustainable energy transformation for rural areas [1].

Autonamons mini-grids constitute an economically affordable and
robust electrification option for non-electrified areas in which exten-
sions to the electric grid are not techno-economically feasible [3].
Minl-guids are electric power generation and distributicn systems that
provide electricity to a few customers in a remote settlement or bring
power to hundreds of thousands of customers in a town or city.
Mini-grids can be either fully isolated from the national grid (autono-
mous) or connected to it [4).

Mini-grids are a fundamental “building block of the Smart Grid™ [5].
Stilies define the tesm “Smart Grid” in various ways, but mast of the
definitions share the ilea that the Smart Grid is a stable, efficient anc
reliable system [6]. Among the definitions, the European Technology
Platform defines a Smart Grid as: “an electricity network that can intelli-
gently integrate the actions of all users connected to {f - generators,
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consumers, and those that do bath to efficienty deliver sustainable, economic,
and secure electricity supplies” [ 7],

In recent years, the capital costs of renewable energy technologies
(RETs) have been decreasing [1]. Among RETS, salar photovoltale (PV)
systems are gaining vaction in SSA 4], although costs in SSA are sill
much higher than the world average due to political, financial, and
technological risks [#],

‘There are many non-electrified areas In SSA countries recelving high
leveds of solar inadiation, E.g. Ethiogia, with an rnwal elecoricity access
rate of 27%, has a potential toral solar electricity reserve of 2.199
million TWh/annum with average insolation level of 5.25 kWh/m? [9].
Thus, solar PV- and battery energy storage (BES)-based autonomous
mini-grids represent potential sustainable and reliable solutions for the
elecurification of 1ual areas [10].

The initfal investment cost for solar PVs remains high for rural
communities, and financial viability has been achieved until now only
through heavy subsidization of this cost [|1]. Consequently, in SSA,
private stakeholders have been reluctant to invest in mini-grids due to
the high level of uncertainty and the uncertaln investment risk-yeturn
profile [12].

Mini-grid supply-side optimization and component sizing have been
studied with different optimization methods in order to overcome the
aforementioned banlers o minigiid nvestments. While an iterative
optimization technique for solar PV system sizing has been presented
[ 1], it is usually time-consuming and may not provide accurate results.
The Hybeid Optimization of Multiple Energy Resources (HOMER) soft
ware has been used for sizing hybrid renewable energy sources (HRES)
[14]. However, it lacks flexibility in relation to altering the operating

-suategy and objective function.

In supply side optimization studies, hewistic optimization algo-
rithms have also been used, including a dynamic programming algo-
rithm wsed for sizing of energy storage [5], & genetic algorithm (GA)
used for optimal sizing of a PV-diesel-battery system [10],
Non-dominated Soiting Genetie Algorithm (NSGA-ID) used for HRES
sizing based on different objectives [16], Virus Colony Search (VCS)
algorithm [1 7], memheuristic Gray Wolf Optimization (GWO) algorithm
[1%], and Pardele Swarm Optimizaton (PSO) algorithms used for
optimal sizing of diffesent renewable energy sowrce combinations
| 19-21). The PSO algorithm yields high-quality solutions m a shorter
simulation time than the iterative, HOMER, and most of the heuristic
algorithms described abave [20,22].

In yecent years, machine learning algorithms are also used in supply
side optimization, They have short computational time and high
exploration effictency compared to hewristie algorithms. However, ma-
chine leaming algorithns require significant amounts of histarical data
at the uaining stage [27].

Om the supply side, the output of renewable energy sources (RES) is
variable and is not known with perfect accuracy (referred ro as ‘uncer-
tinty ') [24], This uncertainty necessitates the incorporation of expen-
sive BES to minimize the effects of intermittence [25), the installation of
additional generation capacity, or load flexibility [ /], There are also
demand variations on sub-howly, howly, dally, and/or seasonal thne-
frames [26].

Flexibility is the ability of the system to cope with variations
generation and load. Flexibility carmot be provided solely by flexible
generatlon units, e.g., hydropower or gas power, as It also requires a set
of policies and control methods to manage the electrical loads, refered
to as Demand-Side Management (DSM) [ 7], Load flexibility can involve
the shifting of the elecuicity demand to another time to offset the peak
dermand or to maxinize the use of electricity from RES [70].

DSM is a Smart Grid strategy that enables the interaction between
consumer and utility, being geared towards improving energy efficiency
through demand profile modifications. There are six broadly discussed
and implemented techniques for DSM including: peak clipping, valley
filling, load shifting, load building strategic conservation, and strategic
load growth [2/]. Load shifting, which is the most commonly wsed DSM
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strategy, & performed by load categorization based on variows criteria
1271,

Different studies examined how DSM implementation for different
load profiles affects the cost-effectiveness of minl-grids. Optimized de-
mand combinations et can be met using the available supplied power
to reduce the cost of electricity [8,29]. DSM-based optimization was
proposed and implemented for HRES sizing to reduce the initial capital
cost of minkgrids [11]. Smart Grid concept-based load management,
which divides the load profile inte high and low priority loads, was
applied for HRES sizing for electricity cost minimization [30]. An energy
management strategy was proposed and implemented with DSM w
minimize the operating cost of energy storage system of mini-grid [71],
DSM was implemented by using a flexible load priority list to minimize
the operational cost without shedding critical loads in & mini-grid [72].
DSM using load shifting and frequency-based pricing was proposed o
maximize wtilization of renewable resources and system frequeney (7],

The demand response (DR) program is a branch of DSM that aims to
motivate and Influence electricity consumers to reshape thell energy
demands in return for benefits offered by utility companies [25], The
impact of DR has been studied with different objectives, for mstance, for
total cost reduction |17], for financial and load balancing [1], to
achieve supply-demand balance and increase profit of power suppliers
[115), and for power system planning using techno-economical optimi-
zation 1o reduce the (ol cost [50].

The above-presented studies investigated the impact of DSM on the
costefficiency of HRES based mini-grids rathes than that of 100% RES
based autonomous mini-grids. Furthes, the impacts of DSM imple-
mentation strategies have been studied either at the system level or
appliance level, e.g., household appliances [11,28 0], but the conuol
of each appliance is not an easy task as every appliance needs o be
cormected to the controller through cable or communication networks,
especially in rural areas [/7]. Thus, for the full exploitation of DSM
implementation in nual areas, a low cost conwol and communicadon
network infrasoucture is essential (57,

In the aforementioned studies, even if the impact of DSM on the cost
efficiency of mini-grids was determined by incorporating DSM into the
mini-grid sizing methodology, there were no consideration of the load-
side uncertainties related 1o inaccurate load profile estimations or of the
supply-side uncertainties linked w intermittency, Some studies have
examined the effects of such uncertainties in relation to DSM imple-
mentation for minkgrids sizing and shown that the load and supply-side
uncertainties impacts the optimum economic and reliability design of
mini-grids, but the uncertainties were modeled differently in the studies
[1e,07,55,50], For example, one study [16] used Chance Constrained
Programiming (CCP) (o address the supply side uncestainties, whereas
another study [58] used OCP to model both the loadside and
supply-side uncertainties, Uncertainties linked to both the load and
supply sides have also been modeled using different disnibution fune-
tons {17,39],

Based on the identified knowledge gaps, this study investigates the
potential impact on cost-efficiency of DSM implementation by
addressing different load categorles (rather than looking only at the
appliance level), In addition, the impacts on cost-efficiency of DSM
implementation and load flexibility are compared.

The main research questions addressed in this study are:

o What & the impact of DSM implementation at the category level on
the cost-efficiencies of solar PV and HRES-based autonomous mini-
grids in nal areas?

® How large is the impact of DSM implementation at the category level
on the cost-efficiencies of solar PV and HRES-based autonomous
mini-grids in nwal areas, as compared to the impact of load
Nexibility?

The remainder of this paper is structured as follows. The method
used, configurations, and modeling of the companents of the mini-grid

133



MA, Gl et af.

are described i Section 2. Section 3 describes the dara used, section 4
describes the results and analysis, section 5 discusses the results and
section & draws some overall conclusions from the work.

2. Method

The electricity demand distribution in rural areas of SSA is charac-
tesized by dispersed consumers, low consumption, and low income
levels of the consumers [40], Low income levels affect the willingness to
pay for electricity, which in turn depends on the electricity tariff, in that
stiong willingness to pay is associated with a low electricity tariff [41].
Thas, the impact of DSM implementation at the category level on the
sizing of a costefficlent, solar PV-based, autonomous minigrid is
determined on the basis of levedized energy cost (LEC) minimization,

The optimal, cost-cfficient sizing of avtonomous mini-grid compo-
nents based on LEC minimization is determined using a PSO algorithm,
characterized by easy implementation, robustness, computation effi-
cieney compared with other existing heuristic algorithms and exhibiting
good performance in solving these types of problems [22,47], To vali-
date the results obtained from the PSO algorithm an iterative method is
used.

To study the impact of DSM implementation at the category level on
the configuration of the autonomous mini-grid, two different configu
rations are used. Similarly, the impact of DSM implementation at the
category level is compared with load flexibility by determining the
optimal sizing of autonomous mini-grid components, For this, condi-
tions representing a village in northeastern Ethiopia is used.

In the following sections, the demand categorization, mini-grid
configurations used, problem foymutation, operating snategy used for
DSM, method of optimization, and the modeling of mini-grid compo
nents are described.

2.1. Demand categorization

I a static model of the load profiles in the rural mini-grids, the
productive use and community types of electricity consumers have been
shown to present different load profile pamerns than the housshold
consumers [27]. These different load profile pattemns can be used 1o
design a financial nventive entailing different tariff sewings for different
load categories to encourage load -shifting from peak to off-peak periods
(time-of-use tariffs), which & the most effective measure to implement
DSM.

To determine the impact of DSM on the cost efficiency of an auton-
omouss rural mini-grid, this study proposes the implementation of DSM
for fowr load categories with different load profile pattems. The fouw
load categories are: household loads (C-1); community loads (C-2);
productive use (PU) loads having night time load (C-3); and PU loads not
having night time load (C-4).

The sizing of mink-grids requires knowledge of the eecaicity load
profile [17]. Load profiles may exhibit variabicy. However, most of the
variations are Hmited in developing SSA countries, since weather con
ditions are similar throughout the year and social behaviors are essen-
tially umchanging [44]. In the sizing of a cost-efficient autonomous
mink-grid system, weekly load profiles are used for each load category.

To model the weekly load profile for each load category, a bottom-up
methodology is applied. The load profiles are estimated based on data
collected by the Ethiopian Electric Utility (EEU), the state-owned power
utility, The collected data include appliance type and number, power
rating, and probability of being used. An appliance-specific load profile
is estimated for each appliance by multiplying the appliance power
rating by the appliance probability of use. A load profile for each load
category is estimated by summing up the appliance specific load
profiles,
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2.2, Configurations

Two configurations of an autonomous mini-grid are used. Configu-
ration 1 contains omly solar PV and BES and is, thus, a 100% RES-based
autonomows mind-grid. Configuration 2 represents a HRES-based
autonomous mini-giid in which a diesel generator (DG) is added w0
the solar PV and BES. A schematic of the autonomeous mini-grid system
with both configurations is presented in iz 1.

2.3. Problem forrmudation

In this study, the Impact of DSM implementation at category level on
the cost-effsciency of mini-grid & formulated as an oprimization prob-
lem, which determines the component sizing using a priority-based load
shifting strategy. The objective function is minimization of the LEC. To
determine the impact difference among the load categories, sixteen
combinations of the four load caregoties are compared with the o DSM
case (i.e., minigrid component sizing without load prioritization) in a
priority-based fashion, For comparison of the impact of DSM imple-
mereation at a category level with load flexibility, different percenzages
of load flexib ity for the two configurations are wsed. The load flexibility
at each howr rdetermines the amount of electricity load thatis shiftable.
The shiftable load which & comsidered a low pricrity load in the
implemented DSM operating strategy is caleulated using Eq. (1)

L) =Pt} < If (1)

where Liz) i the flexible load athour «, P(r] is the load athour £, and If is
the percentage of load flexibility.

To increase the robustness of the optimization problem, load-side
unecertaintes related to inaceurate load profile estimations and supply-
side uncertainties related o intermittency are considered. To deter-
mine how the uncertamties impact the minigrid sizing component
sizing with and without uncertainties considered is calculated, In
addition, the validation of the results is examined using an iterative
method. In determining the Impact of uncertainties and validation of the
results using an iterative method, a 10% load flexibility case is used. The
objective fumction and constraints used for this study are explained in
the following sections.

231, Objective funetion

The levelized energy cost (LEC) is the objective function of the
optimization problem, [t is an indicator for the cost-reflective tariff and
is calewlated as:

* . i
a ks
3 |
B !

> |

Fig. 1. Schematic of the sutonomous mini-giid system, showing the load car-
egories for Configurations | and 2,
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TPV x CRF

BT -
- LAE

(2)
where LAE is the annual Joad demand (the summation of all demand pes
year), and CRF is the capital recovery factor, which depends on the rate
of annual Interest (r) and plant ife (). 7PV is the total present cost of the
entire system and is caleulated as:

TPV = IC 4 OMC 4 RC + FC — PSV (3
where IC is the mitial capital cost, OMC & the operation maintenance
cost, RC is the replacement cost, FC is the fuel costs, and PSV is the
present serappage value of the mini-grid components. The initial capltal
cost includes the component price, the cost of civil work, and the
installation cost for the autonomous mini-grid components.

The fuel cost of the DG is caleulated as:

FC = Dy(1)DGPy (&)
where DG, is the total operating hours of the DG during time 7, and Py is
the fuel price per liter [50].

2.3.2. Design constraints

The mini-grid sizing is subject to various constraints, Security con
straints to enforce the autonomous mini-grid should cover the required
energy demand-supply and are expressed as:

Eau < gy (5)

where Eg,, and E,g, respectivady, are the total energy demand required
and the total energy demand supplied in the autonomous mini-grid,

In addition, there is the BES consnraing the state of charge of a BES
(SOC) at any time ¢ should lie between the minimum (SOC,, ) and the
full capacity of the BES (SOC,,. ). This limit of a state of charge is
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expressed by Eq, (6}, where the maximum chaige quantity of the BES
(SOC,,.. | takes the value of the nominal capacity of the BES (Cg), and
the minimurn charge quantity of the BES {SOC,,), is determined using
the maximum depth of discharge (DOD):

SOCL, £ 30C(:) < 50C,. (6)

2.4, Operating strategy

A load-shifting stategy opesating stzategy is used to manage load
categories in a priority-based fashion based on a classification into high-
priority leads (HPLs) and low-priority Joads (LPLs). HPLs are non
shiftable loads and are, therefore, allowed to operate at their sched-
uled time by the user. In contrast, LPLs are shiftable loads which can be
shifted to a time when there is sulficient electric power generation from
solar PV and the BES is full. The maximum allowed shifting time is 24 h.
Thus, the used operating strategy maximizes the houts of energy served
for HPLs and minimizes them for LPLs, The flowcharts of the operating
strategies used for Conbgurations 1 and 2 are shown i Figs, 2 and 5,
respectively.

The step-by-step description of the flowchart used for the configu-
rations operational swategy Is as follows. For Configuration 1, the
electrical power from solar PV in hour & (Ppd0)), is first used to satisfy
the HPL in that hour, and the remnaining energy, (Pacl(t)), expressed
based on the efficiency of the inverter (n,, ) if any, is added to the
available energy in the BES (charging) from the previous period. This
stored energy B used o supply the HPLs during the period when the
electrical power generated from solar PV is insufficient o satisfy (dis
charging) Py{). However, the state of charge of the BES (SOC),
expressed based on the BES self-discharge rate (o), is less than the
maximum state of charge (SOl ) duning charging, and the BES must
be above its minimum state of charge (SOCy,,) during discharge. The

| Hourly data (Irradiation, temp, load) |

B

No

Fort=1:168

Solar PV Power calculation(Pe)

Yes
yes

¥ !

Paa(t)=Pue{t)/Nim -Pou(t) Pac{t)=Pe{t)-Pas (1) frjiow
Supply LPL

Supply HEL SOC(t)=SOC(t-0 }+Psart)

SOC(1)=SOC{t-o )-Pan(t) t=t+1 es—]

T

Fig. 2. Flowchan of the operating stategy for Configuration 1.
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I Hourly data (Irradiation, temp, load) I

Fort=1:168

Solar PV Power calculation(Pg)

i !

Pas{t)=PwL(t) /nim -Pax(t)

Paclt)=Pon{t)-Pun 8}/
Su HPL ] | Sueg? HPL | Supply LPL
Soausono iy SOC{t)=S0C[t-0 }+Pacit]
t=t+1 yes
Peop=Pus(t)/nirv -Ppuit)

Fig. 3. Flowchar of the operating suaregy for Configuration 2.

LPLs are supplied when there is excess energy from solar PV and the BES
is equal to SOCyu. Thus, the LPL is shifted to a time where there is
sufficient electricity generation from the solar PV and the BES is equal to
SOCnar-

All the steps described for Configutation 1 are applied in Configu
ration 2, with the exception that the electrical power generated from
solar PV and stored enesgy in the BES is not sufficient to supply the HPL,
which means that in this case the HPLs will be supplied using the DG
(Ppalt)).

2.5. Method of oprimization

The PSO algorithm is used to identify the optimal sizes of the com-
ponents of the autonomous mini-grid, while minimizing the LEC as an
obfective function using the MATLARE software.

PSO i one of the most popular hewristic optimization algorithms
used Lo solve optimization problems, In the PSO algorithm (Fi 4), each
particle (swarm) represents a potential solution, and these solutions are
assessed by the optimization objectdve function to determine thel
fitness. In the PSO algorithm, each particle modifies its movement ac
cording to the best position achieved previously by the particle (X;7) and
the global best (X7} position of the entire population (1o which it be.
](my) [45,46].

The two equations used for PSO are the position update equation
[Eq. (71] and the velocity update equation, [Eq. (8)]. These are to be
modified In each lteration of the PSO algorithm, so as to converge to the
optitmum,

Vdt+ 1) =wWilt) + Cn(X2(0) —Xi(2)) + Con (X3 (2) - Xek1)) ()

The PSO algorithm represents the population as the tesm X, ry and rz
represent rtandom mumbers, ¢ represents the iteration numbes, € and C2

represent the coefficients of aceeleration, and wis the inestia weight that
is used to improve the speed of convergence. The inertia weight is
calculated for each iteration using a linear deceasing inertia weight,
which has the lowest inaccuracy compared to other Inertia weights [22]:

_\';ll".' =x‘w + V;;pn (8)
whete X:@ i the global best solution, and X# is the best personal po-

sition, The above steps are pesformed until the stopping conditions are
met,

i W....i ~ Wmis )

”‘l = “I-N

where Wiy and wags are the maximum and minimum inertia weights,
respectively, and ( represents the particle index.

2.6, Modeling of system components

The modeling of the mini-grid components is a significant step in the
optimization for different configurations. The mathematical modeling of
each mini-grid component is described In the next section.

2.6.1. Modeling the solar PV output
The power of a solar PV array as a functdon of the solar innadiance and
the ambient temperature is defined by Eq. (10) [17],

Pay =6, % PVA x u,{1) (10)
where &, Is the average lrradiance Inhour ¢, PVA is the surface size of the
cell, and uede) is the instantaneous PV cell efficiency.

Howeves, solar PV generation canmot generate a constant edectrical
power output, Therefore, a probabilistic model of PV output, the Beta
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Parameters 81,82
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Fig. 4. Flowchart for the PSO algorithan.

PDF, is used to model the distibution of the solar innadiance, as shown in
Eq.(11¥% [17).

,.:—“f"r}ti,]) g 0ce<1,a204290
fng an

0 otherwise

where xand i are elements of the Beta diswibution function. The y and o
terms represent the mean and standard deviation of the Beta PDF,

respectively.
The probability of the solar inadiance 6 can be calenlated using Eq.
(12
"’
/ rid)de 12)
&,

The instantaneous PV cell efficiency can be caleulated in terms of the
cell emperamre as [40]):

#A) =01 = BT — T a3

Piey=

where J, is the temperature coefficient, in the range of 0,004-0.006 for
silicon cells, The terms x4, and ¥, are the theoretical solar cell efficiency
and temperature, respectively,

The value of PVA, which is the total solar cell area required tw supply
the load demand, can be calculated from Eq. (14):

| & P.(ilF,
PVA st el 14
2‘ g i r(f)'l,y"r ( )
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where F, is the safety factor, which mcludes the possible allowance of
insolation data inaccuracy, Ve is the factor of variability, which con-
siders the impact of yearly radlation variation, and n, Is the power
conditioning system efficiency [15].

2.6,2. Battery energy storage (BES)

BES charging and discharging depends on the enetgy production and
state of the charge of the BES at any given time. The state of the charge of
the BES at a specified time is expressed by Eq. (15) and Eq. (150 [45]:

SOC(r+1)=50C{1)(1 — ) + Psl7)ny charging mode (15)
SOC(r+1)=80C{1){1 —a) — Pyl1) /0y dachesgng mode (16)
where Pa(s) = Por(f) - P—:"ﬂ a7

Pro(t) and P (t) are the total power levels produced by the mini-
grid system and required by the HPL at time 1, 1espectively, SOC is the
state of charge of the BES, n, is the efficlency of the BES, and « is the BES
self-discharge rate. P (t) represents the charging or discharging power of
the BES at time 1.

2.6.3. Power inverier
Inverters, which are responsible for converting DC to AC, is caleu-
lated using Eq. (18) [47]:

P,
P\;_,,:‘_“' 18
-5 (18)

wWhere Poes is he peak of the load demand, and ny,, i the efficiency of
the inverter,

2.6.4. Diesel generator model

A DG is used to meet the HPLs in case the enesgy provided by the
solar PV and BES is insufficient, The amount of fuel consumed by the DG
depends upon its output power at each time-step [45]:

Dy(t) = apPpy{f) + fpPry 19
where D;(t) is the howrly fuel consumption of the DG, Py, is the average

power per hour of the DG, Pp, Is the rated power of the DG, and ap and
#i, are the coefficients of the fuel consumption curve.

2.6.5. Demand modeling
In the modeling of the eleculelty demand, uncertainties related
the demiand are modeled using a normal distribution function [17]:

s ! - _ A n
.rhi‘(Ll)“ \/—WW( ‘l\l Lg..l "20‘[4) (20]
3. Data used

The Bada village wits selected as a case for this study, Tt is situated in
a rural setting in the Afar region of northeastern Ethiopia (latitode,
14.309" and longitude, 40.072°). The village Is currently non-electrified.
It has been selected by the EEU for implementation of an autonomotts,
solar PV-based mini-grid, The weather data fos the village collected from
the Photovoltaie Geographical Information System (PVGIS) are shown
in Flg 5 [45], Weekly load profiles, estimated based on interview data
collected by EEU (as described in Section 2.1), are shown in Fig. o,

Based on the data collected by the EEU and the Ioad categorization
described in Section 2.1, the load categorization for Bada village is
showmn in Table 1,

For the weekly load profile estimation, the following assumptions are
applied: for water pumping, a minimum demand of 100 L of water per
day per family and 2400 L/day for s health center and # primary school,
each [12], and for the miller load profile estimation, two market days
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(Thursday and Saturday).

3.1, Economic and technical parameters of the mint-grid components

The economic and techmical parameters of the mini grid components
used are listed in Table 2. The fuel price considered i 0.62 $/L. Un-
certainty levels of 5% and 11% are considered for the solar inadiance
and load profile estimation, respectively. Other assumptions applied are
an interest rate of 7% [49], inflation rate of 8.1%, and a project lifetime
of 25 years [14].

When sizing the autonomous mini-grid components, the parameters
used for the PSOalgorithm are: patticle size (n) of 100, maximmm inet ta
weight of 0.9, and minimum Inertda weight (Wgis) of 0.4, since the
inertia weight from 0.9 1o 0.4 provides the best result as demonstrated
by experimental testing [22], To balance particle and global best, the
acceleration factors cq and ¢ are set to the same value, 2. A maximum of
100 fterations (naxy,) is used as a stopping ericerion.

4. Results and analysis

In this study, based on the sizing of the autonomous mini-grid
components, the impacts of DSM implementation at category level on
the cost-efficiency of an autonomos mink-grid In a non-electified rural
area are determined, The impacts of DSM implementation at the cate-
gory level are also compared with load flexibility based on the sizing of
the antonomous mini-grid componenss, To determine the optimal, cost-
efficient sizes of the autonomous mind grid components, calculated
using Eq. (1 ), Eq. (10}, Eq. (17) and Eq. (19), for each combination of the
four load categories with DSM and different percentages of load flexi-
bility, a PSO algovithm is used.

4.1, Impact of DSM implementation at category level on the cost-
efficiency of mini-grids

The optimal sizes of the autonomous mini grid components for each
combination of load categories with implemented DSM in Configura-
tions 1 and 2 are shown in ¥ig 7a and b. The size of the BES, charged
during higher levels of solar PV power production and diseharged during
peak demand hours, & highly influenced by the shiftable loads through
the DSM implementation, as compared with the sizing of solar PV and
DG

Table 1 v
Load categories for Bada village, As shown in iz, 7a and b, different load categories with DSM have
= b Pevor different impacts on the BES, solar PV, and DG sizing. In both configu-
coangiés " SO ratlons, DSM implementation in all load categortes will result in reduced
= T power from solar PV (391.6 kW) and no need for BES, since all loads are
! : e : LPLs and are scheduled for hours with higher production of solar PV
o x s omm:v‘gm' om":"f d,.:' S m‘l power. In Configuration 2, DSM implementation in all load categories
governmens offices, one Somee taining conter, and two results in no need for DG, thereby redueing the levels of COy emissions
storehouses ) and operational costs, The optimal sizes of the BES and solar PV in the
ca 200 reini-shops, 1 barber, 10 tallors, 8 hoteds, and 1 video hall Mo DSM case {base case), whereby all loads are HPLs and operate at their
o FE S00 IS OO0 for IR ThAY heduled times, ate 1584 kwh and 491.8 KW in Configuration 1 and
1491 kWh and 476.5 kW in Configuration 2, respectively.
Among the load categories, DSM implementation in C-1 has a greater
impact than the other load categories, reducing the BES and solar PV by
1224 kWh (77.2%) and 81.5 kW (16.5%) in Configuration 1, and by
Table 2
Economic and technical parameters of the mind-grid components.
Commponent, unit Puice (§) OMC (§/veax) RC{S) Tivem) Neep SV (%) Reference
Solar BV, XW 1500 50 25 0 10 1501
Gl Woek, soar BV, kW A0 1% A% 25 0 n [+
Irverter, KW ni 0 650 10 2 10 (441
BES, kwh 330 0 310 10 2 20 51
DG, kW 850 20 800 10 2 0 (R0

* SV 15 valwe of a scrap of the mini-gid components,
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Fig. 7. Optimal component sizes for different boad categories with DSM in: (a)
Configuration 1; and (b) Configuration 2.

1249 kWh (83.7%) and 85 kW (17.8%) in Configuration 2, respectively,
as compared to the No DSM case, DSM implementation in C-3, C-4, and
C-2, in descending order of impact, reduces the optimal BES size by
21,9%, 5,3%, and 3.7%, respectively, as compared to the No DSM case,
as shown in Fig /a, DSM implementation in C-3 and C-4 reduces the
optimal solar PV size by 19.6% and 20.39%, respectively, as compared 10
the No DSM case. Howeves, for DSM implementation in C 2, the optimal
solar PV size is nearly equal to that in the No DSM case, In C-2, com-
munity load, demand is concentrated to the daytime, when there is a
higher level of solar PV power productlon, This indicates that the
shifting strategy has a lower impact for C-2,

In Configuration 2, DSM implementation reduces the optimal BES
size by 22.7%, 7.5%, and 8%, and the optimal solar PV size by 19,4%,
19%, and 2.1% fox C-3, C-4, and C-2, respectively, as compared tothe No
DSM case, as shown in Fig 70,

DSM implementation in C-3, with peak demand coinciding with solar
PV power production, results in lower DX size than for other load cat-
egovies, as shown in 1 lg. /b, In the No DSM case, the optimal DG size 5
29.5 kW, which is only 6% of the solar PV size, whereas DSM imple
mentation in C-1, C-3, C-4, and C-2 results in optimal DG sizes of 31 kW,
14 kW, 29 kW, and 26 kW, respectively,

The LEC values, caleulated using Eq. (2 ), for Configuration 1 {(LEC-1)
and Configuration 2 (LEC-2) are shown in Fig. 8. In Configuration 2, DG
supplies peak loads. As & result, the BES and solar PV needed 1o meet
peak loads are reduced, 1esulting in a lower LEC, thus LEC-2 is lowe
than LEC-1, DSM mnplementation in C-1, greatly reduces the size of the
BES and reduces the levels of solar PV and DG more than in other load
caregories, leads w 4 dramarie decrease in LEC: LEC-1 is reduced by
45,8% and LEC-2 by 47,6%, as compared (o the No DSM case. DSM
implementation in C-3, C-4, and C-2 reduces the LEC-1 by 20.7%, 13%,
and 1.6%, and LEC-2 by 21.8%, 13.2%, and 5.1%, respectively,
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compared to the No DSM case.

4.2, Impace of lond fexibility on the costefficiency of mini grids

To determine the impact of load flexibility on the costefficiency of
mini-grids, different levels of load flexibility, calculated using Eq. (1)
and considering LPL in the implemented DSM operating strategy, are
wsed in the optimal component skzing for Configurations 1 and 2, as
shown in Fig. Jaand b, The BES size is particularly swongly influenced
by load flexibility and is reduced, on average, by 29,8% for cvery 10%
increase in load flexibility for both configurations, resulting in no need
for BES for 100% load Pexibility (an ideal case).

The optimal solar PV size is reduced, on average, by 2.1% for every

“ e

- ke Y IS (el

‘ Hen
- R =
8 A
i~
4
im =

™ A

™

. .
" mowm oW w
n-lnnlbunyt'w
(e}

“e -

- #Saler PV wDG wRES 180

i m
gw wnd
2 o
5 e =l i

d o

o] m

) .
Baw 10 2 3 W0 %N W0 N W W e
b Lond Aexibilicy (%)

by

Fig. 9. Optimal component szes for different percentages of load flexibility in:
{a) Configuration 1; and (b) Configuration 2.
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10% increase in load Mexib@ity in Configuration 1, Fig Ya, and in
Configuration 2, Fig b, on average by 1,8%, DG, which is onily avail-
able in Configuration 2, is reduced, on average, by 12.1% for every 10%
increase in load flexibility.

The Impacts of load flexibility on the LEC values for Configuration 1
(LEC-1) and Comfiguration 2 (LEC-2) are shown i Fig 10, Load flexi
bility reduces the LEC by, on average, 8.4% and 8.2% for every 104
increase in load flexibility for Configurations 1 and 2, respectively,

4.3. Comparison of the impacts of DSM implementation ar categary leve!
and load flexthility on the cost-efficiency of mini-grids

As shown In Fles B and 10, DSM implementation at category level
hits the same fmpact as that achieved by using 4 highes load flexibility,
The DSM implemented in all the load categories reduces the LEC-1 by
58.7% and LEC-2 by 58%, as compared to the No DSM case, shown in
Vly H. This Is equal to the result for 100% load flexibility, 1'lg. 10,

The DSM implementation in C-1, Fig K, reduces LEC:1 and LEC 2 to
almost the same extent as 55% and 589% load flexibility for Configura-
tions 1 and 2 respectively, Fig. |0, C-3, C-4, and C-2, I'ig. 5, have the
capacity to reduce the LEC to almost the same extent as 25%, 16%, and
2% load flexibility for Configuration 1, and 26%, 16%, and 6% load
flexibility for Configuration 1, respectively, Fig. 10,

In addition, as shown by comparison of Flge 8 und 10, the difference
between LEC T and LEC 2 diminishes with shiftable load categories,
LPL, and percentage of toad flexibility, This indicates that as shiftable
load categaries and load flexibility increases, DSM implementation will
increase the cost-competitiveness of a 100% RES-based autonomous grid
(Configuration 1),

4.4. Comparizon of mini grid sizing with and without considering
uncertamnty and validation of the PSO result

‘The optimal size of the mini-grid with and withour conslderaton of
load and supply side uncertainties for Configuration 1 and 2 is shown in
Appendix B, Optimal sizing withowt considering uncertainties reduces
the size of the BES and DG more than the selar PV, as shown in Appeadin
¥ since peak load variations caused by umcertainties is met by BES and
DG. In Configuration 1, the optimal size of the BES and the solar PV are
reduced by 3.2% and 2.4%, and in Configuration 2 by 2.5%, 2.6%, and
2.6% for the BES, solar PV, and DG, respectively.

The optimal size of the mini-grid for resulting from the use of an
itesative method in the case of 109 load fexibility is shown in Appendic
#. In finding the cost optimal size of the mini-grid components, the re-
sults obtained from the PSO algorithm and the fterative method are
almost the same for both configurations, but the aceuracy of the oprimal
solution differs. The convergence characteristics of the PSO algorithm
for the optimal sizing with and without considering uncertainty is shown
in Appendix C, As shown in the convergence characteristics of the PSO,
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Fig. 10. LEC | and LEC 2 values for differens percentages of load fexibility.
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the LCE decyeases as the mumber of Rexations increases and finally
converges to the optinal value.

5. Discussion

The impacts of DSM implementation using a load shifting stategy on
the cost-efficiency of autonomous mini-grids m non-electrified rural
areas were determined. The impact was determined at category level
rather than at appliance level for fouwr load categorles with different load
profiles. This & a novelty, since previous similar studies have deter.
mined the impact at appliance leved,

The component sizing was carried out for each combination of the
four load categoties using a PSO algorithm, Load side and supply-side
uneertainties were also considered, but not their development with
time. The applied load-shifting strategy was conducted in a priority-
based fashion, with Configuration 1 supplying HFLs at the scheduled
time and LPLs anly when there is sufficient power generation from solar
PV and the BES s full. In Configuration 2, the HFLs were supplied using
the DG when neither solar PV generation nor BES is sufficient,

In contiast to the day-ahead DSM stategy, which has been studied w
determine the optimal time when LPLs can be curtalled for higher levels
of wser satisfaction [27], the load <hifting strategy applied in this study
does not include load curtailment, thus increasing system reliability.
However, the results of the study are in line with those of previous
studies [11,24 0], regarding how the cost-efficlency of mini-grids is
impacted by 4 priority based shifting seategy.

The results show that different category combimations result in large
variability in terms of possible LEC reductions and, thus, in terms of the
optimal sizing of cost-efficient BES, solar PV, and DG, This indicates that
the cost-effectiveness of rural mini-grid depends on the load category
mix considered for HPL and LPL when DSM is implemented.

Considering the order of impact among the load categorles in terms
of creating a cost-effbeient mind-grid, C 1, the household category, is the
most significant followed by C-3, the productive use category, followed
by C-2 and C-4, Due to their load profiles, the capacity of the DSM
implementation in C-1 and C-3 10 reduce the LEC is almost equal 1o the
impacts achieved by 55% and 25%, and 58% and 26% load flexibility for
solar PV-based and HRES -based autoromous mini-grids, respectively, C-
1 and C-3 are the main contributors to the night-tirme peak demand when
there is no solar PV power production and, thus, more BES is required to
ensure the supply, C-2 and C-4, on the other hand, have peak demand
during the daytime, when there is higher solar PV power production,
However, C-2 + C-4 have a higher peak and energy demand than C-2
and C-4, resulting in a lower LEC than C-2 and C-4, but higher than C-1
and C-5. Thas, the implementation of a load-shifting soategy in these
categories would have a weaker impact on reducing the BES size and,
therefore, a weaker Impact on the LEC.

In Configuration 1 and 2, the productive uwse category, C-3, with a
night time load, have a greater impact on the cost-efficiency of mini-
grids than productive use category, C-4, without night time load. This
indicates that producdve loads can increase the cost-efficiency of min
grids [52,55], bur not all productive loads have equal impact. The
impact of DSM implementation in C-1, reducing the size of the auton
omous mini-grid components and the LEC, will likely become more
important with each year due to the pronounced increase in household
connectlons compared 10 other types of loads In rural areas [27]. While
C-3 has a weaker impact than C-1, it has the capacity to increase the load
factor of the mini-grid and improve the cost-efficiency of the mini-grid
[52]. However, balancing different load categories is an important fac-
tor, in addition o DSM Implementation at the category level to create a
cost-efficient mind-grid in rural areas [53].

‘The varlation in LEC reduction observed for the different categories
indicates thar different tarlff strucrures, based on category level, would
be required for systemn operation, Thus, DSM implemertation al cate
gory level can be used with smart pricing methods such as time of use
(TOU) electricity taziffs, which are more effective in mini-grids that have
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poor availabllicy of skilled personnel [2c] and have the capacity w
handle voltage dip and power deviations by mini-grids [17], DSM with
TOU electricity tariff enables the control of each load category based on
its Joad profiles, using different electricity tariffs for different load cat-
egories at different times of the day. However, system operators can
choose a type of DSM implementation that reflects thelr own perspec-
tives, Inportantly, depending on the ownership and business model of
the mini-grid, the relationship between the utility and its customers may
differ significantly, including in relation to the priority given to the load
categories [54].

DSM implementation requires use of communication infrastructure
and distributed sinart meters that sense and control the electricity usage.
As the users number Increases, and thus system complexity, this need
Increases exponent@lly [55]. However, less infrastructure is needed at
category level than at appliance level, This indicates that DSM at cate-
gory level i rural mini-grids will reduce the operational and mainte-
nance challenges by decreasing the complexity linked to controlling and
connecting appliances, which is assoclated with appliance level DSM
implementation [11,26-30],

In category level DSM implementation, aggregated load estimations
are sufficient [56].Thus, DSM implementation at category level is less
impacted by load estimation uncertainties since over and under appli-
ance load estimations offset each other [5/].

DSM implementation in C-1, followed by C-3, C-4, and C-2 i order of
impact, increases the cost-competitiveness of solar PV-based, 100% RES,
autonomous mini-grids by significandy reducing the BES and reducing
the solar PV size. In this way, DSM cont ibures to decarbonization of the
energy sector by promoting 100% RES-based avtonomous mini-grids,

The contribution of DSM to energy sector decarbonization indicates a
need for policies encowraging implementation of DSM In C-1 and C-3
rather than inC-4 and C-2 for rural area electrificadion using 100% RES-
based autonomous mind-grids. This also indicates that DSM applied m
combination with RETs subsidies creates options for 100% RES based
rural area dectrification,

DSM implementation at category level requires a reduction in the
level of consumption by usess, which certainly & a limitation 1o is
application, InC-1, lighting ks one of the main reasons for the night time
prak demand, and reduced lighting is required to create a cost-efficient
autonomous mini-grid, In addition to C-1, C-3 also requires decreased
consumptlon from LPLs such as TVs, refrigerators, radlos, mobile
charging, and other appliances used for entertainment. As a resulr, the
creation of more-cost-efficient antonemous minigrids by DSM imple-
mentation at category level will require decreased user consumption, in
e, affecting user satisfaction,

Further studies of DSM implementation at category level could
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involve increased categerization and load pricyitzation, as well as
implementation of other DSM strategies, e.g., the use of different sariff
settings in demand response programs, consideration of user satisfaction
and integration of alternative storage systems, such as pumped hydro
storage.

6. Conclusions

In this study, we investigate ways in which DSM implementation
contibutes o cost-efficient, autonomous mini-grids in non-electrified
rural areas. DSM exerts impacts on four load categories through
load-shifting strategy. The results show that DSM implementation has a
stronger impact on reducing BES than solar PV and the use of a diesel-
fueled generator. Load categories C-1 (household) and C-3 (productive
use) show the highest cost-efficiency impacts, reducing the LEC to ex-
tents that are almost equal to those achieved by 55% and 25%, and 58%
and 26% load flexibility for solar PV-based and HRES -based autonomous
mini-grids, respectively. In comparison to DSM implementation in C-1
and C-3, implementation in C4 and C 2 have lower impacts. However,
C-4 and C-2 can reduce LEC to almast the same extent as achieved by
16% and 29 load flexibility for solar PV-based autonomous mini-grids,
and 16% and 6% load flexib ity for HRES-based autonomous mini-grids,
respectively. Therefore, DSM Implementation in C-1 and C-3 will in-
crease the cost competitiveness of 100% RES based autonomous mini
grids in non-electrified nwal areas, as compared to the C4 and C-2
load categories. The study adds methodological novelty through its
approach of investigating mini-grid DSM implementation impacts at the
category level,
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Abstract— Cooking is an essential aspect of daily life in any

community, Electric cooking appliances have high power
ratings and cyclic operations and thus contribute strongly to a
system peak load. Optimal component sizing and cost are highly
impacted by the peak loads. Thus this study Investigates how
shifting hours of operation may impact mini-grid component
sizing and their cost in a village in Ethiopia. The results indicate
that shifting hours of electric cooking impacts the size of battery
energy storage and solar PV, resulting in a system cost
reduction. The results show that cooking appliance shifting to
mid-day has a minor impact on optimal component sizing and
the cost of mink-grids (total present cost reduced only by 3%).

Keywords—cooking appliance, cost reduction, load
shifting, mini-grid, solar P1”

LINTRODUCTION

Cooking is an cssential aspect of daily life in any
community. Electric cooking has the potential to improve the
quality of life for people who cook using biomass. This s both
by improving health by eradicating harmful emissions anxl by
removing the need to collect fuclwood, thus frecing up time
for other actwvines [1]. However, in rural areas of developing
countries, access to electricity for houschold consumption is
stlla luxury.

In Ethiopia, for example, about 55 percent of the
population lacks access to electriaity. Due to this low access
to electricity, households rely upon traditioral methods of
cooking baged on as burning of wood and charcoal [2]

To alleviate the problem of lacking access to electricity.
the Govemment of Ethiopia has started to implement off-grid
solar mini-grid solutions, to reach full electnfication by 2030
[3]. However, the investment cost of mini-grids to supply rural
households of Ethiopia poses a challenge [2].

Several studies have been conducted on the optimal sizing
of mini-gnds and the optimal combinations of renewable
energy sources, as well as the vanous demand side
management  (DSM)  measures  hased on  different
categorization techniques, and division of applinces into
shiftable and non-shiftable loads. However, it coukl also be
valuable to target specifically appliances with high power
ratings and cyclic operations, eg. m DSM, since these
appliances contribute much to the peak loads.

Preparation of injera, the cultural staple bread food item in
Ethiopta, 5 known for s intensive energy consuming
cooking. Injera baking on the traditional three-stone stoves
(95% of the population of Ethiopia still relies on traditional
biomass fuels for cocking), with an efficiency of 5-15%,
consumes huge amounts of firewood and is thus the cause of
deforestation, global warming and household air pollution [4].

This research work is funded by SIDA.
979-8-3503-3755-W23/531.00 €2023 IEEE

Several imitiatives have been taken to promote clean
energy and the use of local, sustamable, and green cooking
appliances. Electrical injera stoves (mitads) are a sound
alternative in Ethiopia It is estimated that the power
consumed by existing electric mitads 1s 3.5-6 KW per cooker
[4]

In rural areas. due to cooking apphiances. system peak
loads are mostly caused by households. Cooking appliances,
stoves and mitads, have high power ratings and cyclic
operations. When applisnces operate cyclically, they use a lot
of energy nitially, then gtop using it until their temperature
drops below a threshold, when they start drawing power again,

The system peak load is a challenge for mini-grid sizing
and matching especially with highly fluctuating renewable
energy sources. Using energy-¢lficient appliances can reduce
38% of household peak load [5]. In efficiency improvement
studies of electric mitads, up to 45% cnergy reduction has
been passible. However, this also implies a higher retail price
[4]. Thus, cooking, among the least favorable to be included
in DSM, contributes the most to the peak in mini-grids [5]

DSM can be based on different measures to reduce the
svstem peak load, Load shifting 15 one of the types of DSM
Shifting is when users reduce their consumption by tuming it
off during low solar PV electricily generation and mncrease
during higher solar PV electricity generation

Therefore, it 15 necessary to know the capacity of cooking
appliances in households during peak load time. It 15 also
important to know how sizing and the cost of mini-gnd 13
impacted by the hourly shifting of cocking. Thus, this study
examines the mpact of cooking appliance lead shifting at
different howrs of the day and how this affects optimal
component sizing and the cost of mini-grids. The research
questions of this sty are:

® How does cost-efficient components sizing and the cost
of mini-grids vary due 10 shifting hours of cooking?
* What are the cost-cfficient shifting hours for cooking?

II.  CaSE STUDY

To identfy the impact of shifting hours of cooking
appliances on the cost-efficient sizing and cost of mini-gnds,
load profile estimation 1s required and for ths, a case study
area is selected ina rural area of Ethiopia.

In this study. Koftu, a mini-grid located in a rural area of
Ethiopia, is used as case. Koftu (883° 39.05°) s located
40km southwest of Addis Ababa, Ethiopia. The mini-gnd uses
250kW solar power installed at two sites with 200kW and
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S0kW each, a 50kW diesel generator, and 1000kWh
battery capacity. The mini-grid 1s designed to supply 2884
households and 366 schools but has so far only been
connected to 146 households. 1 school, 1 water pump, 1
health center (not using electricity), anx 1 church.

. MeTHOD

The load profile of Koftu is estimated by selecting ample
users based on recommendations from the Ethiopian Electric
utility operator and their electricity usage. For measurements,
FLUKE a3000 FC AC current clamp meters were used. These
measure minmmum, maximum, and average TRMS currents
for up to 400A AC every minute. Measurements were taken
between November 28 and December 15, 2021

The measured average current 1s multiplied by 220V for
single-phase and 380V for three-phase to estimate sample
users’ measurement-based load profiles and scaled to the total
number of users in each lead category an summex to get the
total weekly load profile

Based on the weekly load profile estimated in Koftw, the
mmpact of shifting time of cooking apphances on the optimal
components sizing and cost of mini-grids is determined. The
optimal mini-grid sizing 1s determined by shifting cooking
appliances for different hours of the day. The objective
function was used to find cost-efficient (optimal) sizing of
mini-grid components s minimization of total present cost
{TPC) based on the data in Table I This study uses the
formulation and mini-grid components modeling in [6]

To see the impact difference of shifting, two cases are
studied: Case 1) assumes shifting of 100% of, on¢ hour
cooking load while case 2) assumes shifting of 50% of the
one-hour cooking load Optimal mini-grids sizing is camed
out for the two cases. The impact of any temperature
difference during the day 1s not considered

TABLE L EcomoMic AND TECHNICAL PARAMETIRS OF THE MINS-

GRID COMPONENTS.
Components Price OMC™ RCY | Time SV*
(S) (S'yaar) (S} (v ) %o)
Solar PV, kW 1500 50 300 25 10
Inverter, kW 711 0 650 | 10 10
BES, kWh 330 0 330 10 20

*Opernm i meremece o, * Replacenent oo, * Sorap of the mars- grd componentx
V. RESULTS

The estimated total load profile of Koftu is shown in Fig.
1. The peak load in the system occurs in the early morning,
from Bam-9am. The peak load of the total load profile s
265kW. This peak load is caused by the houschold load
category. Houschold peak load 1s 263kW, which comcides
with the peak hour of the total load profile, The second highest
peak loads, 250kW, occurs between Gam-Sam.

The moming peaks are due to electric cooking, as
confirmed through interviews conducted m parallel with the
measurements. This indicates that the characteristics of the
applience having high power and cyclic operation need to be
given more emphasis than other appliances in the bousehold
since they cin increase system peak load This is especully
important for mini-gnd built to electrify households or having
few productive use and community load, e.g., Koftu,

Fowrr (kW)

" ' ] ) 4 ] . Y
Tiewe (duyy

Fig. 1. Toral estimated load profile of Kofin.

Thus, for case 1 and 2 we examine how the peak load shifts
every hour, from 8am-%am to | 1pm. The peak load for case |
vanes based on the shifting hour. In case 1, the maximum peak
load is 332kW, which is higher than the base case peak load
by 25%. However, in case 2 the peak load is 261kW for all
shifting hours, which is 1.2% lower than the base case peak
load.

Based on different cooking apphance shifting hours, Fig,
2, 3 and 4, show the optimal size of the BES, solar PV and
TPC of the mini-grid. respectively. As shown in Fig 2, the
size BES reduced up 10 3% for case | and 2 as compared to
the base case.

The size of BES and solar PV in base case, where cooking
apphance shifting 15 not taken mto account, 1 455kWh and
O8KW, resulting i 1.217MS. The shifting of cooking
apphances reduces solar PV size by up 1o 8% and 3% in case
1 and 2, respectively. The reduction m BES and solar PV can
be higher if the second peak loads, occurring between Gam-
8am, arc shifted to the afternoon since 1t 18 5% lower than the
first peak. This reduction in BES and solar PV size 1s achieved
by shifting cooking appliance operating tme to any time in the
afternoon between 1pm-Spm. This reduction decreases the
mini-grid TPC up to 3% in both cases.

Total present cost of case 1 15 higher than the base case if
cooking 1$ shifted from 8am-%am to 12am and between 7pm
to 9pm. This 1s because there 1s additional load during these
hours and shifting of the load to those hours will increase
rather than decrease the peak Joad compared to the base peak
loadl. In addition, if 100% cooking appliances are shifted, case
1, customer satistaction may decrease

Lo
WOl BCwe2

<«
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Fig. 2. Optimal BES size for the different dhifting hour of cooking appliance.
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V. [DISCUSSION

The impact of shifting hours of cooking was studied on the
optimal components sizing and cost of mini-gnds. The result
shows that case |, shifting 100% consumption of the morning
peak load. does not show any difference compared 1o case 2,
where 50% of the moming peak load was shifted. Thus, a
shifting of half of the cooking to mid-day hours the total
present cost can be reduced. As mjer is only baked four to
five imes per week, there could be a potential of shifting the
electric mitad and/or stoves usage to mid-day

With economic growth, due to new e¢lectric appliance
demands including cookmng apphances, and village size
growth, further challenges and peaks are added, The peak
loads in the morning will increase the need for and planning
of distribution cable and transformers. With more households
connected to the mini-grid. this impact becomes larger
because most of the loads in Koftu are not connected as
planned yet. Thus, there is an increasing risk of exceeding the
maximum power capabilities of the local distribution
transformer when a large number of cooking appliances or
applhiances with high power ratings and cyclic operations are
connected [ 7].

One way to reduce the financial risks associated with mini-
grid development is to build adaptive and flexibie systems that
can follow the development of the load amd thereby the
development of local community [8]. Thus, cost-efficient
opumization of adaptive and flexible mint-grid systems will
be addressed in future work.

VL ConNcLusioN

The impact of shifting hours of cooking apphances s
examined using optimal components sizing and cost of mini-
grids. The result shows cooking apphances shifting 1o mid-
day has an impact on the optimal components s1zng and cost
of mini-grids. It can reduce the total present cost by 3%
compared to case without shifting cooking appliance.
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Abstract— One option to improve electricity access to the
one billion people currently lacking electricity access iy
autonomous mini-grids, Most of the unelectrified communities
are located in rural areas far from the current grids. Rural arca
communities are characterized by geographical remoteness
dispersed consumers, low consumption, and Hmited ability to
pay. The low consumption and limited ability to pay can affect
the revenue of the mink-grid operator and owner, often leading
to low cost-effectiveness of the mini-grid. However, as shown in
the current work, correctly combining the number of household
and productive users in a mini-grid can increase revenue by
40°% compared to only households i an equal tariff is
considered for both customer groups,

Keywords—mini-grid, productive  use, rural

electrification, household use, increased revenue.

INTRODUCTION

Electricity i1s essential as an enabler of sccial and
economic development and thus contribute to poverty
reduction. Electricity access, together with access to modemn
cooking fuels, is the seventh United Natwons Sustamable
Development Geal (UNSDG) for 2030 [1]. However,
globally one billion people, or 13%, stll lacked access to
clectricity in 2017 Roughly half of these people hive in sub-
Saharan Africa, and a majority of them live in rural areas [2].

In remote areas with low population density, renewable-
based autonomous mint-gnds 18 one opticn to Improve
electricity access. Currently, renewable energy technologies
are characterized by high initial capital costs but low
operational costs, The hugh capital cost can be a challenge for
many rural communities, since they are mainly characterized
by peographical remoteness, dispersed consumers, low
consumption and low income. In addition. they often have
difficulties to attract capital for long-term investment [3].

Rural electrification s a persistent challenge throughout
the world. In rural development, modemn energy has been, and
in most cases still are, Jooked at as having two distinet uses.
productive use {PU) and household use (1IT).

978-1-6654-0311-521/531.00 ©2021 |EEE

Productive use refers to the direct and indirect use of
electricity to produce goods or services for the production of
incame or value. Productive use of electricity in rural areas
1s expected to result in increased rural productivity, greater
economic growth, and a rise n rural employment, which s
expected to lead to raised incomes and reduced migration of
the rural poor to urban areas [4]

Electricity in houscholds in rural areas 1s maimnly used for
lighting, mobile phanes charging, and operation of a few
small appliances plus radios and sometimes TV sets
Household use of electricity 15 expected to positively impact
the rural quality of life or improve rural living [S]

Because of the typically low electricity usage of
houschold and productive use customers, mini-grids often
have problems to reach the critical revenue needed for
financial viability [4]. For instance, in Sub-Saharan African
private players have been hesitant to invest in mni-grids due
to the high level of uncertainty and unbalanced nsk-return
profile [6]

The literature has an abundance of studies examining rural
¢lectrification and bamiers 10 renewable enerpy deployment
to solve this problem For instance, in [7] they described
productive use as especially important to make mini-grids
financially viahle and that partnering with microfinance
orgamizations could be a way [orward for mini-grud
developers to foster productive use.

To achieye the economic viability of autonomous mint-
grids 1t is suggested in [8] to form public-private community
partnerships, involving communities as crucial partners, In [9]
they indicate that & mixture of household use and productive
use of electricity provides both technical and economic
benefits for the operator.

Increasing income flows without having 1o increase the
power output of the generation system would have positive
impacts on mini-gnds economic viability, Therefore, the aim
of this study is to find an optimal composition of houschold
and procluctive use loads to maximize the revenue in systems
with fixed capacity
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II. CASESTUDY

Measurements were done in an sulonomous community-
based mini-grid huilt by the ltalian NGO ACRA. The mini-
gnd, located in south-western Tanzania, generates power for
about 1145 houscholds, 344 small productive users, and 55
large productive users (¢ g. millers and small industries). The
mini-grid uses a small-scale hydropower plant: consisting of
two 150 kW Pelton turbines and started suppling in January
2017

Electnicity usage of the customers were measured using
an Amprobe 16-TRMS clamp on current meters. The device
has a measuring frequency of SHz and store values cach
minute (maximum, minmum, and average current for a
duration of 3.5 days. Power is calculated based on the
measured current and rated voltage of the customer 1.e 230
V for single-phase customers and 400 V for three phase
customers.

The measured load data for household use and productive
use of electricity in [9] 1s used. The measured load profiles of
household  use consider low-consuming  houscholds
{Household la and 2a) and high-consuming houscholds
{(Houschold 1b and 2b). Houscheld 1a, 2a and 1b shows
similar electricity usage typical for a houschold with an
afternoon‘evening peak. Household 2b shows a very high
peak, which is likely caused by either s heater or cooker

The measured productive use of electricity loads
considers a bar, a8 workshop and two mills Their demand
behaviors are quite typical for productive users The
distributzon is thus considered representative. They have a
considerable higher power demand during the day compared
to the households. The bar 1s characterized by a comparably
flat load profile during its opening hours. The mills and
workshop are characterized by very high peak loads with
pericds of very low lcads [9] All productive loads are
considered typical for its type

III. MeTHOD

The study focuses on two metrics (load factor and revenue)
for measuning the impact from different combinations of
household and productive users. The daily load factor 1s the
ratio of the mean electricity consumption used over the day in
relation to the peak consumption in a specific day, The load
factor is thus a measure of the capacity efficiency of the
system or how well the generation capacity is adapted to the
demand It1s the measure of the utilisation of electrical energy
during a given penod to the maximum energy which would
have been utilised in that period, especially mportant n
systems based on renewables,

High-resolution measurements of households and different
types of productive uses of electricity are used 1o calculate the
load factors and revenue streams. The combined times series
for household and productive use are nomalized based on
daily electneity consumption. The normalization method of
daily electricity consumption enables a direct companson and
verification of electnioity consumption in household and
productive use. The combination leading to maximum
revenue for the mini-grid operator 1s selected as the optimal
pomt. In total, the measurements meclude four households and
four productive users,

After the load profiles have been normahzed, they are
combined at different shares to analyse the change in daily
load factor and revenue.

The most favourable composition of the loads is dependent
on the measured loads. To get an indication of the dependence
two cases are investigated: with all loads (case 1) and with the
remaoval of the most untypical lead curve of the households
(case 2) which 1s previous section called Household 2b.

The daily revenues are based on clectnicity tanffs. Two
cases are investigated. Case one uses an identical tariff for
household and productive users. Since differentiated tariffs
exist between household and productive use [9] the impact of
the an additional 10 % tanfY &5 investigated to study the impact
of the differentiation. The révenue is normalised to the 100 %
houschold loads since that is considered the base load
situation.

Due to the different typical electricity use of household and
productive use is significantly different the number on
customers, houschold and productive use, are estimated. The
estimation is based on the same measured data used in the rest

of the study
IV, LOAD FACTOR OPTIMISATION

As shown mn Figure | the highest load factor arises when
the composition of leads is approximately S0 % productive
use. The merease n the load factor 15 expected to be around
20 1o 40 % compared with 100 %6 household loads and 100 to
500 % compared with 100 % productive use, dependent on
load behaviour.

The measurements indicate there isa 11:1 ratio in average
energy usage for houscheld and productive use. Thus, with the
50 % composition this indicates that there should be 11 times
more households™ customers than productive users to reach
the optimal load factor,

i e Caw
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Figure 1. How the lood factor changes due to different compositions
of the household and productive use of electricity for two cases.

V. REVENUE OPTIMISATION
Figure 2 shows how the total revenue changes due to the
load composition. The solid lines show how the total revenues
changes for both case 1 and 2 when household and productive
use have the same tanff, the optimal point will be the same as
for the load factor optimisation.
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With an mncrease of the tanft of 10 % for the productive  VIII FUTURE WORK

use customers the opumum is shifted with sbout 3-§
percentage points lowards a lower househokl share as
idicated with the dashed line i the figure. The shift makes
the optimal number of household’s customers to be 10 imes
mare than number of productive use customers to reach
MAXIMUM revenue.

Reveane
zt:t-::;:.n:

01 63 K3 M4 S W6 AT 0 e 1
Amomst of FU (%)

Figure 2, Narmalized revenue for different compositions of
household and productive lfoad. Two different coses ore
investigated. The dashed line (s the revenue for with 0 20 % Increase
of tariffs for productive use.

VL DISCUSSION

The mmpact of the load composition was shown to be
important to increase the economic viability of the small
autonomous mini-grids. The revenue can be increased which
could be used to financially promote a transition to the
optimum composition based on methods proposed in [7],
Mare productive use will not only Jead to more a sound
[inancial situation for the grid operator but also to meome to
the area [4]

Diesign of the load composition isa first step in actions that
could improve financial revenues in avtonomous renewable
based mini-grids This can be combined with demand side
management or even with load [requency control. There is a
large potential value of demand swle management in
renewable based systems as shown in [10] for wind power

Even though the focus in this sty has been on financal
benefits there are also environmental benefits as power
sources with low running costs are often renewables with a
lower environmental impact. Avouding over-capacity has also
less negative environmental mpact, both reduced mmpacts
from manufacturing and, transpart, and from waste handlings.

VII. CONCLUSION

For system with a fixed capacity there 1s an optimum when
it comes to the composition of houschold and productive use
of electricaty. If the same energy tarifl applies for both of the
type of customers, the optimum is around 11 times more
household than productive use customer However, this
changes with differentiated tariffs.

The ecomomic and technical benefits of optimal
combmations of household and prodluctive use need o be
studied further. This might include vanations of customers
types, different tarift semtings/structures and different sources
ar combinations of sources of power supply like solar, hydro
and wind. A larger dataset with more variation might also
affect the optimal combination. Extending the analysis with
end-uses for praductive use, rather than specific load profiles
could allow for an analysis of developmental aspects related
ta technical and economic aspects,
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Abstract

Renewables-based mini-grids can significantly increase electricity access in rural. non-clectrified
arcas. Despite their potential. mini-grid deployment has been slower than expected duc to low
profitability in arcas with initially low demand. TarifT scttings that would increase profitability arc
challenging duc to future demand uncertaintics, While previous studics have explored how tarifl
settings affect demand and productive use increases profitability, the impact of future load composition
on users' monthly bills remains unexplored. This study determines the impact of future load
compositions on monthly electricity bills under different tariff structures in a rural solar PV mini-grid.
By combining a casc with an already installed solar PV-based mini-grid with sparc capacity for future
demand evolution and three future load composition scenarios, the study calculates users monthly bills
using calculated cost-reflective tariffs for five different structures (fixed energy. fixed and variable,
time-of-use, power, and hybrid). The results show that future load compositions significantly affect
cost-reflective tarifls and users' monthly bills, with the effect depending on the tanfl structure. Power-
based tarifls show a reduction compared to energy-based tariffs in load compositions with more daily
productive use compared to houschold and non-daily productive uses. The effeet on the monthly bills
is significant for lower-usage houscholds.

Keywords: solar PV mini-grid. future load composition, load categories, productive use, monthly bill,
tanfl structures

1. Introduction

Renewable energy-based mini-grids play a crucial role in improving electricity access in rural areas
of sub-Saharan Africa (SSA). where the majority of the people without electricity access are living. and
are thus key to achieving the United Nations (UUN) Sustainable Development Goal (SDG) 7. However,
high upfront investment costs, despite low operational costs, hinder their economic viability and pose a
significant challenge in expanding electricity access in rural areas [1]. As a result. most mini-grids in
SSA depend on grants and subsidies to cover at least 30%0 of their investment costs [2]. To support SDG
7. the UN has allocated more than half of the estimated $45 billion annual budget to mini-grids and
isolated power systems [3].

To ensure the cconomic viability of mini-grids, it is essential that mini-grids are perceived as
commercially viable. generating a reasonable return on investment. which is typically contingent on
tariffs [4]. In SSA countrics. mini-grid tariffs are calculated using five methodologics: (/) uniform
national tarifl, matching with main grid tariff: () cfficient new entrant approach, which scts a
benchmark tarifl estimated as the cost of service for 8 new market entrant: (7i7) bid tarifl, sct by the
lowest price bid in a competitive process; (iv) individualized cost-based tanfl] tailored to cach mini-
grids cost recovery limit by regulator: and (v) willing buyer/willing seller model. where tariffs are
agreed upon between the developer and customers [5].

Many SSA countries use highly subsidized uniform national tanfls, ofien set equivalent to the main
grid tanfl and below the actual costs incurred by mini-grids, to achieve faimess and affordability for
users with electricity access [4]. Some countries, such as Ethiopia (for capacity greater than 200kW),
Kenya, and Rwanda, use individualized cost-based tariffs, which help to ensure cost recovery for
developers and attract private investment by reflecting  project-specific  costs, However, this
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methodology faces challenges in regulating mini-grids as infrastructure duc to the long payback periods
requirement and uncertaintics, such as main grid arrival and future demand uncertaintics [ 5],

Tarifl settings based on different methodologics may have distinet structures, including energy-based,
power-based, and hybnd tarifls, Encrgy-based tariffs are contingent on metered energy usage and
encourage energy conservation. They can be fixed energy tanifls (FET) or vary over time, such as time-
of-use (ToU) tariffs, which allow for demand-side management (DSM) [7]. The fixed and variable tariff
{FVT) is an energy-based tariff. where the fixed rate tariff has a predetermined cost per connection.
whereas the variable tarifft depends upon the energy consumption within a certain amount of time.
typically one month. Block tariffs are another option. which charges different rates based on usage
levels and additional fees for exceeding thresholds [6]. Power tarifls (PT) are based on maximum power
and thus could limit peak usage. Hybrid tariffs (HT) are a combination of energy and power-based
tariffs. Tariffx can be tailored to specific load categories. such as households (HH), community (CL).
and productive use of electricity (PU). reflecting their vaned usage patterns. In this study, load
compositions refer to the mix of electricity demand from different load categories, specifically from
HIs and PUs_ in a mini-grid.

To ensure the economic viability of mini-grids. various solutions and policies have been proposed by
studies. Nevertheless, especially in villages solely comprised of HIH, a significant challenge lies n
providing affordable electricity to geographically remote communities in rural arcas with dispersed
populations. low demands, and living on $1.5 a day, at a reasonable clectnicity tanfl” [7] [8].
Consequently, studies suggest the integration of PUs to stimulate demand [8.9], improve load factors,
and thereby reduce the levelized cost of electricity (LCOE) [10], and capacity expansion to meet the
demand from PUs [11]. However. the share of PUs to HHs should not be too high [12].

The aforementioned studies [8] [2] [10] [11] [12] highlight the pivotal role of PUs in enhancing the
cconomic sustainability of mini-grids. However, it remains uncertain which loads will grow and
dominate future demand, indicating the uncertainty of load compositions in future demand. This
uncertainty can be influenced by the characteristics and economic activitics of the community after
clectrification. Studics utilize multiple scenarios in order to represent the uncertainty of future demand
[13] and assess the impact of various tariff types on the clectricity consumption of different users [14].
Additionally. studics examine the drivers of ¢lectricity usage patterns [ 15] and long-term forccasting
methods [16]. Yet. to the best of the authors' knowledge, no study has determined the impact of load
composition on the monthly bills of users that depend on cost-reflective tariffs. defined as the minimum
tariff required to recover investment costs for mini-grids. Thus, the study aims to determines the impact
of future load compositions on monthly electricity bills under different tariff structures in a rural solar
PV mini-grid.

The problem formulation in this study is based on a conceptual feedback loop. as shown in Fig. 1.
where a mix of user load characteristics (orange arrow) influences system load composition, which in
tum impacts taniff settings (black arrows) based on policy decisions (blue arrow). These tanffs affect
users’ monthly bills (black arow), potentially altering users' load characteristics (orange arrow). The
study focuses on quantifying the black arrows, which represents how load composition affects tarifls
and how tariffs impact monthly bills, while also discussing the policy implications (blue arrow) and the
effects of tarifl structures on consumer behavior and system load (orange arrow) by incorporating
factors such as subsidics. demand-side management. and peak-hour pricing.

' Productive use of electricity is any application of electricity energy services in activities that increase income
or enhance economic value [34]
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Fig.1. Conceptual feedback loop of load composition and users’ monthly bill.

2. Method

To determine the impact of future load compositions on monthly electricity bills, the study employs
a guantitative research approach. The determination of this impact involves calculating the cost-
reflective taniffrequired for recovering the investment cost o f mini-grids through the collected monthly
revenue. Thisis done under alternative load composition evolutions (scenarios).

The calculation of the cost-reflective taniff utilizes FET, FVT, ToU, PT, and HT tanff structures
(pricing mechanisms used for different purposes). These tanff structures can be used for different
purposes based on the business model and incentives associated with the mini-grid [3], including
recovering costs, promoting the use of renewable energy sources, managing peak demand and
encouraging energy efficiency. The utilization and benefits of each tanff structure are influenced by
several factors such as user behavior, regulatory requirements, and the specific objectives of power
suppliers and decision-makers [4].

System revenue can depend on the efficiency of the system's capacity. To represent the different
possible load developments, a method is employed to identify a combination that leads to a high load
factor, which serves as ameasure of the system's capacity efficiency. The study determines the mix of
HHs and PUs by normalizing and combining their respective demands. This method iz adapted from

[12).

Therefore, to determine the impact of fature load compositions on monthly electricity bills, the study
calculates and compares users' monthly electricity bills using the calcul ated cost-reflective tariffs based
on the considered different tanff structures and future mini-grid load compositions. Based on the
quantitative findings, the study explores potential policy implications.

The calculation uses realistic demand data based on measured load data from a specific case. The
measured demand of the connected load, based on three categories of HHs (HH-1 representing low
usage, HH-2 representing medium usage, and HH-3 representing high usage), PU, and CLs are used.
Household load categorization follows a multi-tier framework that classifies electricity consumption
into distinct tiers: Tier 1 (low usage) is for consumption of = 0.012kWh and 0.003kW; Tier 2 (moderate
low usage) is for consumption of = 0.2kWh and 0.05kW; Tier 3 (mediumusage)is for consumption of
= 1kWh and 0.2KW, Tier 4 (high usage)is for consumption of = 3.4kWh and 0.8kW, Tier 5 (very high
usage) 15 for consumption of 2 8.2kWh and 2kW [17]. The framework, summarizing the steps taken
during the study, is shownin Fig 2.
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Fig. 2. The framework of the study,
2.1. System description

Due to expected future load growth in mini-grids and the uncertainty about the future demand
evolution. the initial generation capacity must be well above the initial demand. or ¢lse demand would
soon reach its limit and further growth be constrained, Thus, in the early life of a mini-grid, there is
considerable uncertainty about how demand will evolve, if it is to be mainly houschold demand or
productive use demand, and if it will develop rapidly or more slowly. This is the point of departure of
the system considered in this study, which assumes a hixed-capacity supply with considerable spare
capacity for future demand development. Supply is assumed (o be covered by solar PV, as this is now
the most common for new systems and accounted for 50% of operational mini-grids in 2020 [18].

2.2. Load composition scenarios

The growth of clectricity demand is duc both to increased consumption by already connected users
and connection by new uscrs, HHs, and PUs. PUs can be classified based on their usage patterns and
frequency into daily and non-daily PUs. cach with distinct energy needs and consumption behaviors.

The most common types of daily PUs are shops. small bars. and workshops. However. their electricity
usage characteristics differ. Shops and small bars have peak loads in the evening. similar to HHs. while
workshops (WSs) are typically used during the daytime and have a higher demand compared to shops
and small bars [19.20].

Non-daily PUs, on the other hand, arc load types that are not used daily. Examples include millers
(Ms), which operate three or four days per week, mostly during market days when more grains are
collected, and water pumps (WPs) for irrigation. Additionally. in rural areas, certain families often use
M monthly, typically once or twice per month [21]. WPs can be used for irrigation, operating in cvcles
rather than daily. Additionally, Ms are more likely to be used in rural areas compared to WPs for
irrigation [21.22].

To represent these different possible load developments, three alternative future load composition
scenarios are formulated based on the demand growth of HHs and the two types of PUSs,

. Scenario 1 (S-1) assumes that the demand growth is entirely from HIs,
. Scenario 2 (5-2) assumes that the demand growth from HHs and daily PUs,
. Scenario 3 (S-3) assumes that the demand growth from HHs and non-daily PUs,

In determining the load profile for each scenario, the base case (BC) load profile of existing connected
loads in the specific case study area is considered. In each scenario, the number of load types
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contributing 1o demand growth is determined based on the system's capacity. This involves
mcrementally adding one user at a time to the base case demand while evaluating the system's energy
and power hmits as constraints. Once these limits are reached, the maximum number of new
connections 15 identified and used to develop load profiles for the three altemative future load
compositions. This demand growth is assumed to occur at any point during the lifetime of the mmi-
grid. Furthermore. in 8-2 and S-3, to account for potential alternative load compositions within mini-
grids. the study considers a mix of respective HHs and PUs based on the method deseribed in Section
2,

2.3. Calculation of cost-reflective tariffs

To ensure that the tariff is cost-reflective. it should at least recover the total investment cost. including
replacement cost and operation and maintenance cost of the mini-grid. For determining the cost-
reflective tariff. the total present cost ( TPC) is used to calculate the monthly revenue requirement (RR)
over the mini-grid lifetime m months (T). as shown in Eq. (1). The TPC is calculated using the mitial
investment cost, replacement cost, and operation and maintenance cost [4.23].

=120 s) M

The calculation of the different cost-reflective tariffs. based on the taniff structure considered, 1s
described below.

Fixed energy tarill

The cost-reflective tariff using the FET structure is calculated by dividing the required RR of the
system by the monthly () energy usage for each user (1) as [24]:
(RR)m

FET = sz_Dr; {$/kW) (2)

Fixed and variable tarift

The FVT structure includes both a fixed tariff (FT) component and a variable tariff (VT) component.
The FT is caleulated based on the RR to retum the TPC of the distribution system only ((DC),,) and
then divided it by the total number of users (n) as shown m Eq. (3). On the other hand, the VT, is
caleulated using in Eq. (2), but the RR utilized m this equation does not account for the (DC),,, as
shown in Eq. (4) [24].

DC),e
rr=Cng) @)
(RR)m = (Dc)m
yr = 200m R m e w s
e 8/AW) @

Time of use

The ToU tariff structurc involves setting tariff rates (pricc for peak and off-peak hours) and
determination of tariff shape (duration of peak and off-peak hours). with peak hours being periods of
highest demand and off-peak hours occurring outside these times, To caleulate the peak tariff (Tp). the
peak factor (f,) is multiplied by the RR and divided by the expected total energy usage (D) during peak
hours (N) (as shown in Eq. 5). Similarly. to determine the off-peak tariff (T ). the off-peak factor (f,;,)
is multiplicd by RR and divided by the expected total energy usage during off-peak hours (M) (as shown
in Eq. 6). The £, is obtained by dividing the average peak power during peak hours (AVR,,) by the total
average peak hour (AVRy) (as shown in Eq. 10), while the [, 1s determined by dividing the average
peak power during off-peak hours (AVR,,). by the AVR, (as shown in Eq. 11). where AVR; is
caleulated using Eq. 9. The AVR,, and AVR,,, s calculated using Eq. 7 and 8, respectively [24].

157



RR; X f,,

To = i (8/kW) (5)

Top.= m;,,—of"ﬁ(ss/kW) (6)
"

AVR, = ?—ﬁ (kW /hr) %))
AVR,, 2'"“'" L (R fhr) (8)
AVRy = AVR, + AVR,, (kW /hr) (9)
e (10)
fop = ';:';’: (11

Power tariff

The cost-reflective tariff using PT is calculated by dividing the RR by the sum of the peak demand
for each load (D). as shown in Eq. (12).

PT = ‘-”T"-’ﬂ ($/kW fmonth) (12)
Hybrid tarifl
The cost-reflective taniff using HT is calculated by combining the energy and power tariff types. The

energy tariff component (HET) is calculated by using 50% of the RR caleulated using Eq. (2). while the
power tariff (HPT) is calculated based on the rest 50% of the RR, using Eq. (12).

2.4. Monthly electricity bill

The monthly electricity bill (MEB) for each user category is caleulated using the cost-reflective tariffs
based on the FET, FVT, Toll, PT. and HT structures, using Fg. 12, 13, 14, 15, and 16, respectively [24].

!
MEBg; = ET + Z D, ($) (13)
i
!
MEByyy = FT 4 VT » Z D, ($) (14)
i
N M
MEBygy = Tpn * Z Dy +Topp» Z Dy ($) (15)
n ™m
MEBy; = PT=D,; ($) (16)
I
MEB,; = HET -ZDi + HPT = D,; ($) (17)
{

Where MEBgy, MEBgyy, MEBy oy MEBpy, and MEB,; arc the monthly electricity bills of users
calculated using FET, FVT. ToU. PT, and HT structure. respectively.
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3. Case, data, and assumptions

A case with characteristics of recently installed mini-grids, with a considerably larger supply capacity
than demand. was sclected. Below, the sclected case is presented together with actual case-based data
inputs and other assumptions used for the calculations.

3.1, Case

The selected case is a solar PV-based mini-grid located in Kofiu (8.83°, 39.05°), Ethiopia, 40km
southwest of Addis Ababa, established m year 2018. The mini-grid consists of 250kW of solar PV, a
S0KW diesel generator. and a 1000kWh battery energy storage system (BESS) capacity. Excluding the
diesel generator. the mini-grid is capable of generating 1553k'Wh per day. A survey in 2021 showed that
146 HHs. 1 church (CH). 1 school (SCH). and 1 WP are connected. The measured demand of the
connected load over one week, from December 6 to 13, 2021, indicates that only 27% of the generated
energy is consumed, indicating a considerably larger supply capacity than demand [25]. The measured
demand is in per minute. The measured daily energy use and peak power for each load type in the Kofiu
mini-grid are listed in Table 1.

Table 1. Measured daily energy use and peak power data of cach load type in the Koftu mini-grid
[25].

Load types Daily energy use (kWh) | Peak power (k\V)
HH-1 0.08 0.02

HH-2 2 0.7

HH-3 6 2

CH 0.6 0.05

SCH 14 3

WP 9 7

3.2. Data and assumptions used

The TPC of the sclected mini-grid is $2.56M. calculated with a 7% discount rate and based on the
cconomic and technical parameters of the mini-grid components shown in Table 2 excluding the dicscl
generators and the distribution system. In SSA, the initial cost of distribution networks. metering
clements, and end-user devices averages 21% of their TPC [26]. This study considers the distribution
cost. with an additional 4% for operational and maintenance costs [26], to be 25% of the overall TPC,
totaling $0.85M.

Table. 2. Economic and technical parameters of the mini-grid components.

Component. unit Price | OMC? RC* T Nrep® | SV® | Reference
($) (Slyear) | (S) (vear) (%)

Solar PV, kW 1,500 | 50 300 25 0 10 127]

Civil Work. solar PV. KW | 40% | 1% 4% 25 0 20 128]

Inverter, kW 711 0 630 10 2 10 28]

BESS. kWh 330 0 330 10 2 20 [29]

7 OMC 15 operation maintenance cost.

#RC 1s replacement cost

“ Nrep 1s the number of replacements over the project lifetime, T.
58V is value of a scrap of the mini-grid components
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The measured medium usage houschold (HH-2) load profile from the Koftu mini-grid is assumed to
represent household demand growth in all scenarios. In S-2, WS is representing a daily PU. while M is
representing a non-daily PU in S-3. However, WSs and Ms demand assumptions are from a mini-grid
in southwestern Tanzania [19] since there is no connected WS and M in the Koftu mini-grid. The daily
energy use and peak power for WS and M used in the scenarios are presented in Table 3,

Table 3. Assumed daily energy use and peak power of the WS and M load types based upon measured
data from a mini-grid in southwestern Tanzania [19].

Load types Daily energy use (kWh) | Peak power (kW)
WS 18 16
M 26 14

The daily energy ratio of HH to WS and M s 9:1 and 13:1, respectively. The mix of HHs and PUs in
S-2 and S-3. determined using the method outlined in [12]. shows that WS accounts for 71% of the
daily energy in S-2, while M accounts for about 89%6 in S-3. with the rest coming from HHs. Based on
this mix, the daily encrgy ratio between HH and WS shifts to 22:1 and the ratio between HH and M
shifis to 104:1, The calculated mix of respective HHs and PUs s considered to represent future demand
growth in S-2 and S-3.

The load types and daily energy for each scenario, determined based on the method in section 2.2, are
shown in Table 4. The number of new HH in S-1 is similar to those in S-2 and S-3. However, in addition
to HH, 5-2 includes WS, and S-3 includes M, with the number of WS higher than M. This difference is
due to the non-coincident peak times of the HH with BC: HH peak 1s during the moming and evening,
while WS and M peak midday. The total daily energy in BC s 430kWh/day. The daily energy
differences between the scenarios result in varying excess energy compared to the installed capacity.
with S-2 showing 12% and 10% lower excess energy than S-1 and S-3. respectively.

Table 4. Number of load types and daily energy use. used in the formulation of each scenario.

Scenarios | Load tvpe Number of load tvpes Total daily cnerey use (KWh'day)
S-1 HH-2 225 887
S-2 WS 10 1065
HH-2 224
S-3 M 2 936
HH-2 224

To determine the peak and off-peak hours, in calculating the cost-reflective tariff using a TolU tariff
structure, the BC load profile is considered (shown in Fig. 3). The BC peak load occurs in the carly
morning and evening. Thus, the assumed peak hours are the periods from 1 1o 10 and from 18 to 24,
while the off-peak hours are the periods from 10 to 18 during the day.
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Fig. 3. Load profiles for the base case and the three scenarios.
4. Result and Analysis

The cost-reflective tarifls and monthly bills of users calculated based on the different tarifl structures
for each load composition scenario are presented mn this section.

4.1, Cost-reflective tariffs

For cach scenario (S-1, S-2, and S-3), the cost-reflective tarifls, calculated using Eq. 2-12, are shown
in Fig. 4. The tarifl structures based on energy use, FET, VT of FVT (Fig. 4a), and HET of HT (Fig.
4d), exhibit different cost-reflective tariffs while showing the same relative differences between
scenarios. Specifically, for S-2. the cost-reflective tariff is 17% and 15% lower than S-1 and S-3,
respectively, In cach scenario, the cost-reflective tanfl calculated using VT of FVT and HET of HT
results i reductions of 25% and 50%, respectively, compared to that caleulated using FET. This is
because the FT in FVT distributes 23% of TPC among users. averaging $7.5/month per user, while the
HET in HT 1s based on 50% of the total RR. §-2 shows a 2% lower I'l' compared to S-1 and 5-3 due to
a 2% higher number of users.

As shown in all scenarios. the cost-reflective ToU-based tariff (Fig. 4b) reveals that higher energy
usage during peak hours. compared to off-peak hours. results in peak-hour tariffs that are 50% lower
than off-peak tariffs. Due to differences in energy usage in peak and off-peak hours among scenarios,
5-2 exhibits the lowest peak and off-peak tariffs compared to 5-1 and S-3. Specifically. the peak and
off-peak rates in S-2 are 22.3% lower than those in S-1, and 17% and 21.6% lower than those in S-3,
respectively,

The sum of cach user’s peak load will vary depending on the future load composition, even with a
fixed mini-grid capacity, The cost-reflective tariff based on the PT structure, which depends on the total
peak load. is shown in Fig. 4c. As shown in Fig. 4¢ in the scenario, S-2, which has a high peak load
sum, results in power tarifls that are 33% and 27% lower than those in S-1 and S-3, respectively. On
the other hand. the cost-reflective tariff based on the HT structure that distributes the required revenue
evenly to energy and power tariff components is shown in Fig. 4d. Both HET and HPT tariffs are 50%
lower than FET and PT while maintamning the same relative differences shown in FET and PT across
seenarios.
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Fig. 4. Cost-reflective tarifl for each scenario based on the different tanfT structures: (a) FET and VT
of FV'T. (b) Toll, (¢) P1. (d) HT.

4.2. Monthly electricity bill

The monthly electricity bills of different users, presented in Table 5, exhibit significant variations
based on the type of tanfl structure used to calculate cost-reflective tariff and load composition.
particularly noticeable when compared to the commonly employed tariff structure, FET. In S-2, lower
monthly bills for users (HH-1, HH-2, HH-3, CH. SCH, and WP) are shown, where a low cost-reflective
tariff is yielded compared to S-1 and S-3. The average reductions for all users shown in S-2 are between
12% and 33% when compared to in S-1 and between 10% to 27% when compared to m S-3, with the
lowest and highest reduction in FV and PT structures. respectively. Yet. CL and PUs show monthly bill
reductions from similar tanfl structures in different load composition scenarios, but not for HHs, as
shown in Table 3. CL and PUs show significant reductions in monthly bills under PT and FVT,
respectively. PT shows a bill reduction of over 75% for CH and over 40% for SCH compared to FET.
FVT reduces the monthly bill of users having higher consumption in the system. reducing PUs’ bills by
over 17% compared to FET, However. PUs' bills under PT are more than 100% higher compared to
those under FVT.

The extent of reduction and the tariff structure that leads to reduced bills vary across HH usage levels
and load compositions. Table 3 shows that PT tariff structures lead to lower monthly bills than other
tariff structures for HH users in S-2, showing reductions of 14% or more compared to FET. Whereas in
S-1 and $-3, the ToU tarifl shows a reduced bill for HH-1 (reducing 23% or more compared to FET),
while FET shows a reduced bill for HH-2 (5% bill reduction compared to FVT and Tol7). Additionally,
the monthly bill for HH-T under Tol tanffs shows a reduction, although it is shghtly higher than PT.
However. FVT significantly increases monthly bills for low-usage users like HH-1 and CH. by more
than 8 and 2 times, respectively, compared to FET in all scenarios. HH-3 exhubits a reduction in monthly
bills under different tanfY structures in S-1 (under FVT) and S-3 (under PT). resulting in reductions of
13% or more when compared to FEET.

162



Table. 5. Monthly bills for cach user. caleulated based on the cost-reflective tartfl in different taniff
structures for each scenario. Color coding indicates the cost level: the highest costs are shown m red
and the lowest costs are in green for each user and scenario.

Monthly bill (S) High
Tanfl structures

FET FVT Toll i HB
. Low

Scenarios | Types of users
| HH-1

HH-2
[ HH-3

0.98 L 081 | 0.9

26.70
| 6.19 | 4.91
137.65
5-1 WP < 18919
HH-1 0.82

[ HH-2 21.39
-3
|
[ sCH

[wp | 9439
5-2 wS .8
0,95 |

[ 6544 | 6535 |
133.25

[cu
[ scH

[cH

S-3

In all scenarios, the caleulated monthly electricity bill using FET is lower than the tanfl in Ethiopia.
The monthly bill for FIH-1 in S-2 15 69 times higher than the amount caleulated under the old taniff in
Ethiopia and 28 times higher compared 1o the amount under the new tariff (see Appendix A for the old
and new electricity tariffs in Ethiopia and Appendix B for the monthly bills of users based on these
tarifls). This difference is more pronounced in S-1 and S-3. with increases of 6% and 5%, respectively.
While CH follows the same pattern as HH-1. other HHs. as well as CL and PUs. show monthly bills §
to 11 times higher compared to those caleulated using the new tariff in Ethiopia.

The variations in load composition significantly affect total revenue collection, even when using old
and new tariffs in Ethiopia. with S-2 generating the highest revenue compared to S-1 and S-3. The total
monthly revenue of the mini-grid calculated using the cost-reflective tariff is higher compared to when
it is calculated with the clectricity tariff in Ethiopia (see Appendix C). Specifically. the total monthly
revenue under the cost-reflective tariff is significantly 21, 16, and 20 times higher for S-1, §-2, and S-
3. respectively. compared to the old tanfT. but this reduces to 12, 9. and 11 times under the new tariff.

The monthly distribution of RR among HH. CL. and PU is shown in Fig. 5. The tanff structures
impact the total RR collected from these load types differently. In S-2 and S-3. where there arc more
PUs, ToU, and PT tariffs reduce HH bills and shift RR collection to PUs, by reducing the HH share by
5% and 17% in S-2, and by 2% and 7% in S-3 compared to FET. The HB tariff structure also shifis
more RR to PUs, reducing the HH share by 8% in S-2 and 3% m S-3. Conversely, FV relatively reduces
the RR share from productive uses,
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5. Discussion

The results of the study show how future mini-grid load compositions significantly impact the
monthly bill of users that depend on cost-reflective tariffs, which are lower for load compositions
consisting of more daily productive use compared to more household and non-daily productive use. The
magnitude of this difference depends on the tarifl structure, Tt is more significant with power-based
tanifls than with cnergy-based tanifls. This highlights the significant impact of the peak load sum of
users compared o the systems that aggregate energy usage. The impact of future mini-grid load
compositions on the monthly bills of users shows differences that fall between energy- and power-based
tarifls for time-of-use and hybrid tanfl structures, Additionally, the fixed tariff component of the fixed
and variable taniff structure shows a modest (2%) difference among the future mini-grd load
composition.

The caleulated cost-reflective taniff. determmed using the fixed energy tanfl structure, aligns with
previous studies, reporting values for solar PV-based mini-grids just above $0.25 to 0.6 1'kWh [30].
However, these cost-reflective tarifls are lower than the implied tanff (S1.75/KWh) that unconnected
customers in SSA would pay for energy generation through altemative means like kerosene or battenes
[3.4]. Additionally, the calculated monthly electricity bill using a fixed energy tariff in all future load
composition scenarios 18 lower than the imphed tanff.

The calculated low cost-reflective tanifl for the future load composition with more daily productive
use, $0.351/kWh. is more than eleven times higher than the old average tanifl, $0.03’kWh, paid by
houschold users in Ethiopia. In Ethiopia, a new tariff was implemented on September 11, 2024, which
rawses the average price to $0.07kWh through quarterly price adjustments and the largest increase in
four years [31]. This new tanff is still more than four times higher than the calculated low cost-reflective
tariff. This shows that both current and revised tariffs in Ethiopia are insufficient to cover mini-grid
investment costs, highlighting the need for additional measures to ensure cconomic viability.

The future mini-gnid load composition also shows an impact on the revenue of the mmi-grid, even
with old and new block tarifls in Ethiopia. This highlights the importance of considering the impact of
future mini-grid load composition as a key factor. alongside other considerations. during tariff revisions.
which oceur every four years in Ethiopia [23]. However, connecting to a system with changing tariffs
may pose risks, including price volatility, long-term investment challenges, reluctance to adopt demand-
side managemenl strategies, and ensuring profitability [32].

Houscholds are typically the primary users in rural areas of SSA. This study highlights that a system
with a higher proportion of houschold connections. especially during the initial lifespan, limits the
connection of new users and restricts demand growth. The limitation on demand growth results in high
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cost-reflective tariffs. Therefore, implementing tariffs that encourage demand growth, especially in a
system with a fixed capacity. is crucial. Increased demand can lead to reduced tariffs. addressing
challenges posed by high rates, such as the limited ability of rural populations to afford electricity [1)
[11]. This would be important for lower-usage houscholds. governments. and the profitability of
investors,

Demand growth can be achieved through time-ol-use tarifls, For instance, incentivizing eleetric mills
to operate during peak solar hours rather than in the moming, This timing bencfits users, as they often
usc sunlight to dry their products, resulting in higher-quality, drier flour [ 10]. Additionally, using water
pumps for irrigation and millers during harvesting can further increase annual demand growth,
However, caleulating the time-of-use tanfY based on supply rather than demand may be necessary.
Implementing time-of-use tanfls may also require advanced metering lechnology, which could raise
costs and necessitate demand flexibility from users [14].

The 1impact of future mini-grid load composition on users' monthly bills can signilicantly aflect
profitability. with the effect varying depending on the tanfl structure employed. Evaluating the
sensitivity of different tartfl’ structures reveals significant impacts on monthly bills and revenue
collection from load categories. Power tariffs can reduce monthly bills for community loads by more
than 40%, but they can increase bills for productive use by over 100% compared to fixed energy taniffs.
In the future load composition with only households. high-usage houscholds behave similarly to
productive uses. This finding indicates that power tariffs may be less advantageous for productive uses
and high-usage houscholds. However, power tariffs can provide more stable revenue and better cost
recovery. even if users reduce energy consumption. particularly in systems with more non-daily
productive uses [14). Furthermore. the differences in collected required revenue among the three load
categories highlight that load compositions with more household and non-daily productive use can lead
to increased revenue collection from houscholds. This can affect houscholds and governments or
utilitics providing subsidics for houscholds if the impact of load composition is not taken into account.

On the other hand. in load compositions with more houschold and non-daily productive use. low- and
medium-usage houscholds experience reduced bills under time-of-use and fixed energy tariff structures,
respectively. Notably. the relative reduction in monthly bills is more pronounced for low-usage
houscholds (more than cight times under fixed and variable compared to fixed encrgy tarifl structure),
highlighting the importance of selecting appropriate tarill structures based on usage levels, These
reductions in monthly bills for low-usage houscholds and the ability to connect additional productive
uscs under the time-of-use tanfl indicate that. for villages like Koftu, implementing a time-of-use tariff
is the most advantagcous option. The higher reductions in monthly bills by time-of-use tariffs for
houscholds also highlight the significance of implementing demand-side management for low and
medium-usage houscholds.

Most SSA countries recognize cross-subsidies that can be integrated into the tanffs [23]. The
differences in monthly electricity bills and the percentage shares of collected required revenue per
month indicate that certain tanfl” structures can incentivize specific users while penalizing others,
Consequently, this may create a need for additional subsidies or incentives for the penalized users. This
highlights the importance of considering the impact of the mini-grid load composition and the different
tanfT structures in cross-subsidies.

To support private mini-grid operators facing challenges from low tarifls, some countries use feed-in
tarifls. where operators receive fixed prices for every unit of energy generated. However. the energy is
sold to users at a different. often lower price compared to the feed-in tariff [ 33]. In this regard. this study
shows that mini-grids with future lead composition with more daily productive uses may have financial
advantages compared to those with mainly houschold and non-daily productive loads. These findings
highlight that mini-grid developers can sclect sites in rural communitics with existing cconomic activity
or productive use loads.

To enhance revenue, some developers have adapted their business models by adjusting tariff
structurcs and encouraging productive use loads. For instance, through appliance financing. However,
the result of this study highlights the importance of adopting a comprehensive approach in business
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models that take load composition impact into account. Additionally, it is crucial to evaluate used
busimess maodels that stimulate demand by considering the resulting future load composition. This
evaluation is essential for ensuring the mini-gnid's long-term sustainability, effectively meeting the
community's energy needs, and maintaining reasonable bills while securing a wviable retumn on
investment.

In this study. an installed solar PV-based mini-grid designed with spare capacity to allow for future
demand growth was used. The study develops future load composition scenarios based on load
categories rather than specific appliances, offering more generalizable insights. Usmg a fixed-capacity
mini-grid helps to determine the impact of load composition while maintaining a constant total present
cost. Additionally, the case study area used is characterized by a high moming peak. This high moming
peak is fess common. Despite this, the findings of the study are likely applicable to many developing
countries” contexts. The main contribution of the study 1s: (1) to indicate how the cost-reflective taniff 1
impacted by the future mini-grid load composition and tariff structures: and () to indicate how the
monthly bill of mini-grid users 15 mmpacted by the future mini-grid load composition and tarifl’
structures. The study adds methodological novelty by estimating cost-reflective tarifs from the demand
side, considering the load composition rather than the supply side, As future work, this study can be
expanded by considering additional case study areas, as the current analysis is based on data from a
specific case study area.

6. Conclusion and policy implications

This study determines the impact of mini-grid load compositions under various tanfl structures on
the monthly electricity bills of rural solar PV mini-grid users. The findings indicate that the future mini-
erid load composition can significantly affect users' monthly bills, with the effect varving depending on
the tariff structure. A mini-grid load composition with more daily productive uses results in a lower
cost-reflective tanfl compared to household and non-daily productive uses, with reductions of 33% and
27% under power-based taniff structures and 17% and 15% under energy-based tanfls.

The impact of future mini-grid load composition on users' monthly bills varies across load categories.
Among the load categories. households are more significantly impacted compared to community and
productive use. Community and productive users can have reduced monthly bills under power and fixed
and variable tariff structures. respectively. While low- and medium-usage houscholds can see reduced
bills under time-of-use and fixed energy tanfls, respectively, low-usage houscholds may face
significantly higher bills, up to eight times more, under fixed and vanable tanffs compared to fixed
energy tarifls, These findings emphasize the importance of considering the impact of future mini-grid
load compaosition for ensuring the economic viability and sustainability of mini-grids.

Further significant policy implications can be drawn from the findings of the study. First. govemments
often implement policies to expand access to services for low-income households. In this regard. during
tanifl scttmg and revisions, it is crucial to pay particular attention to low-usage houscholds, as they are
significantly affected by the future mini-grid load compaosition. Therefore. it is important to consider
the mmpact of load composition uncertainty m mim-grids. both pre-and post-electrification. when
making tariff decisions and revisions to ensure fair and affordable pricing among users and to implement
time use of tariffs to protect low-usage households while maintaining profitability for investors.

Second, considering the impact of future mimi-grid load composition is eritical for effective subsidies.
Therefore, when formulating policies to support specific types of apphances and load categories, it
would be case-specific for effective subsidization. This approach encourages private actors and ensures
the long-term sustamability of the mini-grid.

Third. while the productive use of electricity reduces the cost-reflective tariff. the extent of this
reduction varies depending on the type of productive use. Therefore, when designing tariffs and
financial medels, it is crucial to consider both the type and extent of daily and non-daily productive
uses.
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Appendix A, Old and new electricity tariff in Ethiopia
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Appendix B. Monthly bill of users based on the electricity tariffin Ethiopia
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Appendix C. Total monthly revenue based on the electricity tariff'in Ethiopia
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Appendix B. The measured load data for household use and productive use of electricity
used from [55]: (a) household, (b) productive use

300
E 200
g "
a 100 ‘ 1
0 — —q_‘-
0 6 12 18 24
Time [h]
400
300 {
g 200
Q
a. al —
100 L 1
5 )
0 6 12 18 24
Time [h]
(@)
800
600
=
& 400
200 [J " f“’
0
0 6 12 18 24
Time [h]
25
20
2 1 l
&
Z 10
o
o P | I
0 6 12 18 24
Time [h]
(b)

540 |
z =
: |
o201} |
0 \A{Mllh_i—
0 8 12 18 24
Time [h]
2000
1
1500 ¢ \ |
1000 *
500 | {
\
. A ) .
0 =) 12 18 24
Time [h]
20
s 15 . .
=
5 10
=
o
a
s {
| ‘ |
0 Al
6 12 18 24
Time [h]
15
i 10
]
g s
0 -+ |
0 6 12 18 24
Time [h]

172



Appendix C. Demand characteristics in demand profile used for the design approaches:
(a)Average demand, (b) Percentage difference between average and peak demand
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Appendix D. System capacity and cost in each five years during the planning horizon
for MYAD design for the base case and with load flexibility for scenarios 1, 2, and 3: (a)
Solar PV, (b) BESS, (c) Cost
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Appendix E. Old and new electricity tariff in Ethiopia
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Appendix F. Monthly bill of users based on the electricity tariff in Ethiopia
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Appendix G. Total monthly revenue based on the electricity tariff in Ethiopia

Monthly revenue ($)
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