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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 
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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 
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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 off-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 
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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].  
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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-term1 (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]. (IV) Interview method - estimating electricity demand by 

 
 

1 The lifetime of mini-grids depends on the selected renewable energy sources [35]. 
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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]. 
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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/m² 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, 
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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)2 identifies 250 off-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 

(kW) 

Installed 

(year) 

No Location  Capacity 

(kW) 

Installed 

(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.  
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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 tariffs 

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. 

https://doi.org/10.1109/PowerAfrica61624.2024.10759427
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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 

off-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. 

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  (PL, AVg) to peak load (PL, peak), indicating energy utilization 

efficiency [107]. 

Load factor =
PL, AVg

PL, peak

                                                                                                                           (1) 

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 (i) [29]. 

Coincidence factor = 
PL, peak

∑ 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]. 

Responsibility factor
i
= 

PL, i(at system peak)

PL, peak, i

                                                                                 (3)  

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 



26 

 

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 (Et) is given by (4) [29]. 

Et=
N

n
∑ Pm,t∙fc                                                                                                                                  (4)  

n

m

 

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 Pm,t 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. 

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). 

𝐼𝐶 = 𝐼𝐶𝑃𝑉 + 𝐼𝐶𝐵 + 𝐼𝐶𝐼𝑣                                                                                                                       (6) 

OMC = OMCPV + OMCB + OMCIV                                                                                                    (7)                                                                                            

OMC = OMC0 (
1 + i

r − i
) (1 − (

1 + i

1 + r
)

T

)    r ≠ i                                                                                (8) 

OMC = OMC0 × T       r = i                                                                                                                  (9) 

RC = ∑ (CRC × CV × (
1 + i

1 + r
)

T∗j

(Nrep+1)
)

Nrep

j=1

                                                                                    (10) 

PSV = ∑ SV (
1 + i

1 + r
)

T∗j
Nrep+1

Nrep+1

j=1

                                                                                                      (11)  

Where 𝐼𝐶𝑝𝑣 , 𝐼𝐶𝐵, 𝐼𝐶𝐼𝑣 are the initial capital costs for solar PV, BESS, and inverter. 

 𝑂𝑀𝐶0, OMCPV, OMCB and OMCIV 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)). 𝐶𝑉 is the 

cost of replacement units (solar PV ($/kW); BESS ($/kWh) and inverter ($/kW)), and 𝑁𝑟𝑒𝑝 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 (𝑆𝑂𝐶𝑚𝑖𝑛) and the 

full capacity of the BESS (𝑆𝑂𝐶max ), shown in Eq. (13).  The maximum charge quantity of the 

BESS (𝑆𝑂𝐶max ) takes the value of the nominal capacity of the BESS (𝐶𝐵), and the minimum 



29 

 

charge quantity of the BESS (𝑆𝑂𝐶𝑚𝑖𝑛), is determined using the maximum depth of discharge 

(DOD). 

𝐸𝑑𝑒𝑚 ≤ 𝐸𝑠𝑢𝑝                                                                                                                                      (12)                                                                                                                       

  𝑆𝑂𝐶𝑚𝑖𝑛 ≤ 𝑆𝑂𝐶(𝑡) ≤ 𝑆𝑂𝐶𝑚𝑎𝑥                                                                                                        (13) 

where 𝐸𝑑𝑒𝑚 and 𝐸𝑠𝑢𝑝 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 (𝑋𝑖
𝑝) and the global best (𝑋𝑖

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. 

𝑉𝑖(𝑡 + 1) = w𝑉𝑖(𝑡) + 𝐶1𝑟1(𝑋𝑖
𝑝(𝑡) − 𝑋𝑖(𝑡)) + 𝐶2𝑟2(𝑋𝑖

𝑔(𝑡) − 𝑋𝑖(𝑡))                             (14) 

In the PSO algorithm, the population is represented by X, r1, and r2 denote random numbers, 

t indicates the iteration number, C1 and C2 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  𝑋𝑖
(𝑔)

 is the global best solution, and 𝑋𝑖
𝑝 is the best particle position.  

𝑤𝑖 = 𝑤𝑚𝑎𝑥 −
𝑤𝑚𝑎𝑥 − 𝑤𝑚𝑖𝑛

𝑖𝑚𝑎𝑥
× 𝑖                                                                                                                      (16) 
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where 𝑤𝑚𝑎𝑥 and 𝑤𝑚𝑖𝑛 are the maximum and minimum inertia weights, respectively, and i 

represents the particle index. 

 

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 ( 𝜃𝑡),  total solar cells areas (PVA), and instantaneous PV cell efficiency 

(μc(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]:  

𝑃𝑝𝑣 = 𝜃𝑡 × 𝑃𝑉𝐴 × 𝜇𝑐(𝑡)                                                                                                                  (17) 

𝜇𝑐(𝑡) = 𝜇𝑐𝑟[1 − 𝛽𝑡(𝑇𝑐(𝑡) − 𝑇𝑐𝑟)]                                                                                      (18) 
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𝑃𝑉𝐴 =
1

24
∑

𝑃𝐿,𝑎𝑣(𝑡)𝐹𝑠

𝐻𝑡𝜇𝑐(𝑡)ƞ𝑝𝑐𝑉𝐹
                                                                                                                           (19)

24

𝑡=1

 

where  𝛽𝑡 is the temperature coefficient for silicon cells,  𝜇𝑐𝑟 and 𝑇𝑐𝑟 are the theoretical solar 

cell efficiency and temperature, respectively. 𝐹𝑠 is the safety factor, 𝑉𝐹 is the factor of 

variability, which considers the impact of yearly radiation variation, and ƞ𝑝𝑐 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]: 

𝑆𝑂𝐶(𝑡 + 1) = 𝑆𝑂𝐶(𝑡)(1 − 𝜎) +  𝑃𝐵(𝑡)ƞ𝐵            charging mode                                    (20) 

𝑆𝑂𝐶(𝑡 + 1) = 𝑆𝑂𝐶(𝑡)(1 − 𝜎) − 𝑃𝐵(𝑡)/ƞ𝐵          discharging mode                                              (21) 

where SOC is state of charge of BESS, ƞ𝐵 is efficiency of BESS, and σ is self-discharge rate 

of BESS. 𝑃𝐵(𝑡) represents the power used for charging or discharging of the BESS at time t 

and calculated using Eq. (22). 

𝑃𝐵(𝑡) = 𝑃𝑃𝑉(𝑡) −
𝑃𝐿(𝑡)

𝜂𝑖𝑛𝑣
                                                                                                              (22) 

Where 𝑃𝑃𝑉(𝑡) and 𝑃𝐿(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]:  

𝑃𝑖𝑛𝑣 =
𝑃𝑝𝑒𝑎𝑘

ƞ𝑖𝑛𝑣
                                                                                                                                                        (23) 

where 𝑃𝑝𝑒𝑎𝑘 is the maximum load, and ƞ𝑖𝑛𝑣 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 

($/year) 

RC 4 ($) T 

(year) 

Nrep5 SV6  

(%) 

Reference  

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 t is 

determines the amount of electricity load that is shiftable and is calculated using Eq. (24):   

𝐿(𝑡) = 𝑃(𝑡) × 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% is 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 7 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. 

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. 

 

 

 

 

 

 

 

 

 

Figure 6. Schematic of the off-grid mini-grid system, showing the load categories for 

Configurations 1 and 2. 

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 × 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 =
𝑟(1 + 𝑟)𝑇

(1 + 𝑟)𝑇 − 1
                                                                                                                          (26) 

The fuel cost of the DG is calculated using Eq. (27), where 𝐷𝐺ℎis the total operating hours 

of the DG during T and 𝑃𝑓 is the fuel price per liter ($/L) [121]. 

𝐹𝐶 = 𝐷𝑓(𝑡)𝐷𝐺ℎ𝑃𝑓                                                                                                                               (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 

is 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 (ƞinv), is 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). 

 

 

 

 

 

 

 

 

 

 

 

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 ≤ SOCmax. 

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 SOCmax. 

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 

Hourly data (Irradiation, temp, load)
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SOC(t)=SOC(t-σ )-PBD(t)
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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]. 

𝑓(𝜃) {

𝛤(𝛼)𝛤(𝛽)

𝛤(𝛼)+𝛤(𝛽)
𝜃𝛼−1(1 − 𝜃) 𝛽−1   0 ≤ 𝜃 ≤ 1, 𝛼 ≥ 0, 𝛽 ≥ 0

                                                   
0                                                 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒           

                                                   (28) 

where α and β are elements of the Beta PDF. The μ and σ terms represent the mean and 

standard deviation of the Beta PDF, respectively. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 8. Flowchart of the operating strategy for Configuration 2. 

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

𝑃(𝜃) = ∫ 𝑓(𝜃)𝑑𝜃                                                                                                                              (29)

𝜃𝑑

𝜃𝑐

 

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]: 

𝐷𝑓(𝑡) = 𝛼𝐷𝑃𝐷𝑔(𝑡) + 𝛽𝐷𝑃𝐷𝑔𝑟                                                                                                            (30) 
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where 𝐷𝑓(𝑡) is the hourly fuel consumption of the DG, 𝑃𝐷𝑔 is the average power per hour of 

the DG, 𝑃𝐷𝑔𝑟 is the rated power of the DG, and 𝛼𝐷 and 𝛽𝐷 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]: 

𝑓𝑙𝑜𝑎𝑑(𝐿𝑑) =
1

√2𝜋𝜎𝐿𝑑
2

𝑒𝑥𝑝 (
−(𝐿𝑑 − 𝐿𝑑𝑚𝑒𝑎𝑛

)
2

2𝜎2𝐿𝑑

⁄ )                                                           (31)               

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]. 

 

 

 

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. 

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.  

• Scenario 1 (S-21): assumes that the demand growth comes entirely from households.  

• Scenario 2 (S-22): assumes that the demand growth comes from households and daily 

productive uses.  



47 

• 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]. 

𝑅𝑅 =  
𝑇𝑃𝐶

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).  

𝐹𝐸𝑇 =
(𝑅𝑅)𝑚

∑ 𝐷𝑡,𝑖
𝑚
𝑡

(
$

𝑘𝑊
)  (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)𝑚) 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)𝑚, as shown in Eq. (35).

𝐹𝑇 =
(𝐷𝐶)𝑚

𝑛
($)  (34) 

𝑉𝑇 =
(𝑅𝑅)𝑚 − (𝐷𝐶)𝑚

∑ 𝐷𝑡,𝑖
𝑚
𝑡

(
$

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 (𝑓𝑝) 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 (𝑇𝑂𝑃), the off-peak factor (𝑓𝑜𝑝) is multiplied by RR and divided by the expected total

energy usage during off-peak hours (M), as shown in Eq. 37. The 𝑓𝑝 is obtained by dividing

the average peak power during peak hours (𝐴𝑉𝑅𝑛) by the total average peak hour (𝐴𝑉𝑅𝑇) (Eq.

41), while the 𝑓𝑜𝑝 is determined by dividing the average peak power during off-peak hours

(𝐴𝑉𝑅𝑚), by the 𝐴𝑉𝑅𝑇 (Eq. 42), where 𝐴𝑉𝑅𝑇 is calculated using Eq. 40.

𝑇𝑃 =
𝑅𝑅𝑇 × 𝑓𝑝

∑ 𝐷𝑛
𝑁
𝑛

(
$

𝑘𝑊
)  (36) 

𝑇𝑂𝑃 =
𝑅𝑅𝑇 × 𝑓𝑜𝑝

∑ 𝐷𝑚
𝑀
𝑚

(
$

𝑘𝑊
)  (37) 

𝐴𝑉𝑅𝑛 =
∑ 𝐷𝑛

𝑁
𝑛

𝑁
 (

𝑘𝑊

ℎ𝑟
)  (38) 

𝐴𝑉𝑅𝑚 =
∑ 𝐷𝑚

𝑀
𝑚

𝑀
(

𝑘𝑊

ℎ𝑟
)  (39) 

𝐴𝑉𝑅𝑇 = 𝐴𝑉𝑅𝑛 + 𝐴𝑉𝑅𝑚   (
𝑘𝑊

ℎ𝑟
)  (40) 

𝑓𝑝 =
𝐴𝑉𝑅𝑛

𝐴𝑉𝑅𝑇
 (41) 

𝑓𝑜𝑝 =
𝐴𝑉𝑅𝑚

𝐴𝑉𝑅𝑇
(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 (𝐷𝑝,𝑖), as shown in Eq. (43). 

𝑃𝑇 =
(𝑅𝑅)𝑚

∑ 𝐷𝑝,𝑖
𝐼
𝑖

(

$
𝑘𝑊

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. 

𝑀𝐸𝐵𝐸𝑇 = 𝐹𝐸𝑇 ∗ ∑ 𝐷𝑖 ($)                                                                                                              (44)

𝐼

𝑖

  

𝑀𝐸𝐵𝐹𝑉𝑇 = 𝐹𝑇 + 𝑉𝑇 ∗ ∑ 𝐷𝑖

𝐼

𝑖

 ($)                                                                                                   (45) 

𝑀𝐸𝐵𝑇𝑂𝑈 = 𝑇𝑃,𝑁 ∗ ∑ 𝐷𝑛

𝑁

𝑛

+ 𝑇𝑂𝑃,𝑀 ∗ ∑ 𝐷𝑚  ($)                                                                         (46) 

𝑀

𝑚

 

𝑀𝐸𝐵𝑃𝑇 = 𝑃𝑇 ∗ 𝐷𝑝,𝑖  ($)                                                                                                                    (47)  

𝑀𝐸𝐵𝐻𝑇 = 𝐻𝐸𝑇 ∗ ∑ 𝐷𝑖

𝐼

𝑖

  +  𝐻𝑃𝑇 ∗ 𝐷𝑝,𝑖  ($)                                                                                (48) 

Where 𝑀𝐸𝐵𝐸𝑇 , 𝑀𝐸𝐵𝐹𝑉𝑇, 𝑀𝐸𝐵𝑇𝑂𝑈 , 𝑀𝐸𝐵𝑃𝑇, 𝑎𝑛𝑑 𝑀𝐸𝐵𝐻𝑇 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. 

 

 

 

 

 

 

 

Figure 11. Load profiles for the base case and each load composition scenario.    

0

50

100

150

200

250

300

1
:0

0

2
:0

0

3
:0

0

4
:0

0

5
:0

0

6
:0

0

7
:0

0

8
:0

0

9
:0

0

1
0
:0

0

1
1
:0

0

1
2
:0

0

1
3
:0

0

1
4
:0

0

1
5
:0

0

1
6
:0

0

1
7
:0

0

1
8
:0

0

1
9
:0

0

2
0
:0

0

2
1
:0

0

2
2
:0

0

2
3
:0

0

  
2
4
:0

0

P
o
w

er
 (

k
W

)

Time (hr)

BC S-21 S-22 S-23



52 

 

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 

is 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.   

Figure 12. Total interview- and measurement-based load profiles and in-zoomed one day (day 

4) load profile.  
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  (c)  

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. 

 

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

and measurement methods. 

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.  

 

 

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 

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 
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Table 9. The size of mini-grid components based on interviews and measurement method. 

 

 

 

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 

smaller initial 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, 

 Interview  Measurement  

Per hour Per hour Per minute  

BESS (kWh) 204 449 455 

Solar PV (kW) 56 73 98 

TPC (M$) 0.579 1.105 1.217 
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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. 

(a) 

(b) 

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. 

 

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 

Scenarios Components 

Design approach 

base case with load flexibility 

SY MY MYAD SY MY MYAD 

S-11 

Solar PV (kW) 248 227 231 249 227 207 

BESS (kWh)  1522 1516 1412 1389 1300 1272 

S-12 

Solar PV (kW) 628 616 556 632 616 502 

BESS (kWh)  3857 3523 3447 3519 3067 3069 

S-13 

Solar PV (kW) 1232 1070 1036 1223 1070 936 

BESS (kWh)  7512 6706 6420 6852 5878 5721 
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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. 

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. 

Scenario 

Design approach 

base case with load flexibility 

SY MY MYAD SY MY MYAD 

discount rate 

7% 15% 20% 7% 15% 20% 7% 15% 20% 7% 

S-11 3.7 2.2 1.8 3.6 2.1 1.7 1.8 1.0 0.7 3.6 3.4 1.6 

S-12 9.5 5.6 4.6 8.8 5.2 4.3 3.0 1.5 1.1 9.1 8.3 2.8 

S-13 18.5 10.9 8.9 16.3 9.6 7.8 4.9 2.3 1.6 17.8 15.4 4.5 

 

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 26kW, respectively.  

The LCOE values, calculated using Eq. (2), for Configuration l (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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(a) 

(b) 

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. 

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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(b) 

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.  

 

 

 

 

 

 

 

 

 

 

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 

off-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  

uncertainty 

Without 

uncertainty 

With 

uncertainty 

Without 

uncertainty 

Iteration PSO PSO Iteration PSO PSO 

Solar PV, kW  441.6 442.6 432.1 441.6 433.5 422.9 

BESS, kWh  446 1425 1380 1410 1221.5 1189.9 

DG, kW  0 0 0 26.5 26.5 25.8 

 

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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(b) 

(C) 

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.  

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. 

          (a)                                                                                         (b) 

                                    (c)                                                                                  (d)                                                             

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.  

Scenarios Types of users  

Monthly bill ($) 

Tariff structures 

FET  FVT ToU PT HB 

S-1 

HH-1 0.98 8.34 0.73 0.81 0.90 

HH-2 25.68 26.87 27.47 27.71 26.70 

HH-3 79.18 66.99 68.70 69.57 74.37 

CH 7.85 13.49 6.19 1.97 4.91 

SCH 171.99 136.60 178.72 103.30 137.65 

WP 113.34 92.61 142.05 265.04 189.19 

S-2 

HH-1 0.82 8.04 0.57 0.54 0.68 

HH-2 21.39 23.47 21.34 18.49 19.94 

HH-3 65.94 56.88 53.37 46.41 56.17 

CH 6.54 12.33 4.81 1.31 3.93 

SCH 143.23 114.85 138.83 68.92 106.07 

WP 94.39 78.22 110.35 176.82 135.60 

WS 189.82 149.79 252.59 380.59 285.21 

S-3 

HH-1 0.95 8.30 0.69 0.75 0.85 

HH-2 25.02 26.35 26.62 25.44 25.23 

HH-3 77.14 65.44 65.35 63.86 70.50 

CH 7.65 13.32 5.83 1.81 4.73 

SCH 167.55 133.25 172.77 94.83 131.19 

WP 110.42 90.40 139.22 243.30 176.86 

M 157.23 125.51 217.08 479.27 318.25 

 

High 

Low 
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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. 

 

 

 

 

 

 

 

 

 

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 
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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; 

𝑆𝑂𝐶𝑚𝑖𝑛 binds during peak demand periods, while 𝑆𝑂𝐶𝑚𝑎𝑥 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 cost-

efficient mini-grid, C-1, the household category, is the most significant followed by C-3, the 
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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 tariff 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 0.07$/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 
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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. 

 

 



97 

 

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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Appendix B. The measured load data for household use and productive use of electricity 

used from [55]: (a) household, (b) productive use  
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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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(c) 

Appendix E. Old and new electricity tariff in Ethiopia  
 

Old 

tariff 

(ETB) 

New tariff (ETB) 

 
 2024/25 2025/26 2026/27 2027/28 

Monthly 

electricity 

consumption 

(kWh) 

 1st 2nd 3rd 4th 1st 2nd 3rd 4th 1st 2nd 3rd 4th 1st 2nd 3rd 4th 

Up to 50 kWh  0.27 0.35 0.43 0.52 0.6 0.68 0.76 0.84 0.92 1 1.08 1.16 1.24 1.32 1.4 1.48 1.56 

Up to100 kWh  0.77 0.95 1.13 1.31 1.49 1.67 1.85 2.03 2.21 2.39 2.57 2.76 2.94 3.12 3.3 3.48 3.66 

Up to 200 kWh 1.63 1.89 2.15 2.41 2.67 2.93 3.19 3.45 3.72 3.98 4.24 4.5 4.76 5.02 5.28 5.55 5.81 

Up to 300 kWh  2 2.46 2.92 3.38 3.84 4.3 4.76 5.22 5.68 6.14 6.6 7.06 7.52 7.98 8.44 8.89 9.35 

Up to 400 kWh  2.2 2.66 3.12 3.57 4.03 4.49 4.95 5.41 5.86 6.32 6.78 7.24 7.7 8.15 8.61 9.07 9.53 

Up to 500 kWh 2.41 2.85 3.29 3.73 4.17 4.62 5.06 5.5 5.94 6.39 6.83 7.27 7.71 8.16 8.6 9.04 9.48 

Above 500 kWh 2.48 2.92 3.35 3.79 4.23 4.66 5.1 5.54 5.97 6.41 6.84 7.28 7.72 8.15 8.59 9.03 9.46 

Small industry  1.53 1.76 2.02 2.29 2.56 2.82 3.09 3.36 3.62 3.88 4.15 4.41 4.68 4.93 5.2 5.46 5.73 
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Appendix F. Monthly bill of users based on the electricity tariff in Ethiopia 

 

 

Appendix G. Total monthly revenue based on the electricity tariff in Ethiopia   
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