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A B S T R A C T   

Solar PV-based autonomous mini-grids represent an economically affordable and robust electrification option for 
rural communities. However, the initial investment cost for renewable energy technologies such as solar PV 
remains high for rural communities. Implementation of demand-side management (DSM) could increase the cost- 
efficiency of mini-grids in rural areas. This requires demand-side knowledge, but little is still known of electricity 
demands in recently electrified areas and, in particular, of how DSM implementation could impact mini-grids. 
The few studies available focus either on systems or on appliance levels while this study aims to determine 
cost-efficiency impacts of DSM implementation at a category level. A shifting strategy is applied based on 
classification into high priority loads and low priority loads. Autonomous rural mini-grid components sizing for 
four different load categories and load flexibility are carried out using particle swarm optimization. The results 
show that different load category combinations result in large variations in terms of possible levelized energy 
cost reductions and, thus, in terms of the cost-optimal sizing of the mini-grid components. The DSM imple-
mentation on the household and productive use categories have the largest capacity of reducing the levelized 
energy cost, by 45.8% and 20.7%, respectively, compared to the no demand-side management case.   
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1. Introduction 

Access to affordable electricity is a vital enabling factor for human 
development, and improving this access in developing countries is one 
part of the seventh United Nations Sustainable Development Goal 
(UNSDG) [1]. One billion people, representing 13% of the world’s 

population, lacked access to electricity in Year 2017. Roughly half of 
these people live in sub-Saharan Africa (SSA), with a large majority 
inhabiting rural areas [2]. UNSDG stipulates the need for an innovative 
sustainable energy transformation for rural areas [1]. 

Autonomous mini-grids constitute an economically affordable and 
robust electrification option for non-electrified areas in which exten-
sions to the electric grid are not techno-economically feasible [3]. 
Mini-grids are electric power generation and distribution systems that 
provide electricity to a few customers in a remote settlement or bring 
power to hundreds of thousands of customers in a town or city. 
Mini-grids can be either fully isolated from the national grid (autono-
mous) or connected to it [4]. 

Mini-grids are a fundamental “building block of the Smart Grid” [5]. 
Studies define the term “Smart Grid” in various ways, but most of the 
definitions share the idea that the Smart Grid is a stable, efficient and 
reliable system [6]. Among the definitions, the European Technology 
Platform defines a Smart Grid as: “an electricity network that can intelli-
gently integrate the actions of all users connected to it - generators, 
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consumers, and those that do both to efficiently deliver sustainable, economic, 
and secure electricity supplies” [7]. 

In recent years, the capital costs of renewable energy technologies 
(RETs) have been decreasing [3]. Among RETs, solar photovoltaic (PV) 
systems are gaining traction in SSA [4], although costs in SSA are still 
much higher than the world average due to political, financial, and 
technological risks [8]. 

There are many non-electrified areas in SSA countries receiving high 
levels of solar irradiation. E.g. Ethiopia, with an rural electricity access 
rate of 27%, has a potential total solar electricity reserve of 2.199 
million TWh/annum with average insolation level of 5.25 kWh/m2 [9]. 
Thus, solar PV- and battery energy storage (BES)-based autonomous 
mini-grids represent potential sustainable and reliable solutions for the 
electrification of rural areas [10]. 

The initial investment cost for solar PVs remains high for rural 
communities, and financial viability has been achieved until now only 
through heavy subsidization of this cost [11]. Consequently, in SSA, 
private stakeholders have been reluctant to invest in mini-grids due to 
the high level of uncertainty and the uncertain investment risk-return 
profile [12]. 

Mini-grid supply-side optimization and component sizing have been 
studied with different optimization methods in order to overcome the 
aforementioned barriers to mini-grid investments. While an iterative 
optimization technique for solar PV system sizing has been presented 
[13], it is usually time-consuming and may not provide accurate results. 
The Hybrid Optimization of Multiple Energy Resources (HOMER) soft-
ware has been used for sizing hybrid renewable energy sources (HRES) 
[14]. However, it lacks flexibility in relation to altering the operating 
strategy and objective function. 

In supply-side optimization studies, heuristic optimization algo-
rithms have also been used, including a dynamic programming algo-
rithm used for sizing of energy storage [5], a genetic algorithm (GA) 
used for optimal sizing of a PV-diesel-battery system [15], 
Non-dominated Sorting Genetic Algorithm (NSGA-II) used for HRES 
sizing based on different objectives [16], Virus Colony Search (VCS) 
algorithm [17], metaheuristic Gray Wolf Optimization (GWO) algorithm 
[18], and Particle Swarm Optimization (PSO) algorithms used for 
optimal sizing of different renewable energy source combinations 
[19–21]. The PSO algorithm yields high-quality solutions in a shorter 
simulation time than the iterative, HOMER, and most of the heuristic 
algorithms described above [20,22]. 

In recent years, machine learning algorithms are also used in supply- 
side optimization. They have short computational time and high 
exploration efficiency compared to heuristic algorithms. However, ma-
chine learning algorithms require significant amounts of historical data 
at the training stage [23]. 

On the supply side, the output of renewable energy sources (RES) is 
variable and is not known with perfect accuracy (referred to as ‘uncer-
tainty’) [24]. This uncertainty necessitates the incorporation of expen-
sive BES to minimize the effects of intermittence [25], the installation of 
additional generation capacity, or load flexibility [17]. There are also 
demand variations on sub-hourly, hourly, daily, and/or seasonal time-
frames [26]. 

Flexibility is the ability of the system to cope with variations in 
generation and load. Flexibility cannot be provided solely by flexible 
generation units, e.g., hydropower or gas power, as it also requires a set 
of policies and control methods to manage the electrical loads, referred 
to as Demand-Side Management (DSM) [7]. Load flexibility can involve 
the shifting of the electricity demand to another time to offset the peak 
demand or to maximize the use of electricity from RES [26]. 

DSM is a Smart Grid strategy that enables the interaction between 
consumer and utility, being geared towards improving energy efficiency 
through demand profile modifications. There are six broadly discussed 
and implemented techniques for DSM including: peak clipping, valley 
filling, load shifting, load building, strategic conservation, and strategic 
load growth [27]. Load shifting, which is the most commonly used DSM 

strategy, is performed by load categorization based on various criteria 
[27]. 

Different studies examined how DSM implementation for different 
load profiles affects the cost-effectiveness of mini-grids. Optimized de-
mand combinations that can be met using the available supplied power 
to reduce the cost of electricity [28,29]. DSM-based optimization was 
proposed and implemented for HRES sizing to reduce the initial capital 
cost of mini-grids [11]. Smart Grid concept-based load management, 
which divides the load profile into high and low priority loads, was 
applied for HRES sizing for electricity cost minimization [30]. An energy 
management strategy was proposed and implemented with DSM to 
minimize the operating cost of energy storage system of mini-grid [31]. 
DSM was implemented by using a flexible load priority list to minimize 
the operational cost without shedding critical loads in a mini-grid [32]. 
DSM using load shifting and frequency-based pricing was proposed to 
maximize utilization of renewable resources and system frequency [33]. 

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 [25]. The 
impact of DR has been studied with different objectives, for instance, for 
total cost reduction [17], for financial and load balancing [34], to 
achieve supply–demand balance and increase profit of power suppliers 
[35], and for power system planning using techno-economical optimi-
zation to reduce the total cost [36]. 

The above-presented studies investigated the impact of DSM on the 
cost-efficiency of HRES-based mini-grids rather than that of 100% RES- 
based autonomous mini-grids. Further, the impacts of DSM imple-
mentation strategies have been studied either at the system level or 
appliance level, e.g., household appliances [11,28–30], but the control 
of each appliance is not an easy task as every appliance needs to be 
connected to the controller through cable or communication networks, 
especially in rural areas [27]. Thus, for the full exploitation of DSM 
implementation in rural areas, a low cost control and communication 
network infrastructure is essential [37]. 

In the aforementioned studies, even if the impact of DSM on the cost- 
efficiency of mini-grids was determined by incorporating DSM into the 
mini-grid sizing methodology, there were no consideration of the load- 
side uncertainties related to inaccurate load profile estimations or of the 
supply-side uncertainties linked to intermittency. Some studies have 
examined the effects of such uncertainties in relation to DSM imple-
mentation for mini-grids sizing and shown that the load and supply-side 
uncertainties impacts the optimum economic and reliability design of 
mini-grids, but the uncertainties were modeled differently in the studies 
[16,17,38,39]. For example, one study [16] used Chance Constrained 
Programming (CCP) to address the supply-side uncertainties, whereas 
another study [38] used CCP to model both the load-side and 
supply-side uncertainties. Uncertainties linked to both the load and 
supply sides have also been modeled using different distribution func-
tions [17,39]. 

Based on the identified knowledge gaps, this study investigates the 
potential impact on cost-efficiency of DSM implementation by 
addressing different load categories (rather than looking only at the 
appliance level). In addition, the impacts on cost-efficiency of DSM 
implementation and load flexibility are compared. 

The main research questions addressed in this study are:  

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

The remainder of this paper is structured as follows. The method 
used, configurations, and modeling of the components of the mini-grid 
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are described in Section 2. Section 3 describes the data used, section 4 
describes the results and analysis, section 5 discusses the results and 
section 6 draws some overall conclusions from the work. 

2. Method 

The electricity demand distribution in rural areas of SSA is charac-
terized by dispersed consumers, low consumption, and low income 
levels of the consumers [40]. Low income levels affect the willingness to 
pay for electricity, which in turn depends on the electricity tariff, in that 
strong willingness to pay is associated with a low electricity tariff [41]. 
Thus, the impact of DSM implementation at the category level on the 
sizing of a cost-efficient, solar PV-based, autonomous mini-grid is 
determined on the basis of levelized energy cost (LEC) minimization. 

The optimal, cost-efficient sizing of autonomous mini-grid compo-
nents based on LEC minimization is determined using a PSO algorithm, 
characterized by easy implementation, robustness, computation effi-
ciency compared with other existing heuristic algorithms and exhibiting 
good performance in solving these types of problems [22,42]. To vali-
date the results obtained from the PSO algorithm an iterative method is 
used. 

To study the impact of DSM implementation at the category level on 
the configuration of the autonomous mini-grid, two different configu-
rations are used. Similarly, the impact of DSM implementation at the 
category level is compared with load flexibility by determining the 
optimal sizing of autonomous mini-grid components. For this, condi-
tions representing a village in northeastern Ethiopia is used. 

In the following sections, the demand categorization, mini-grid 
configurations used, problem formulation, operating strategy used for 
DSM, method of optimization, and the modeling of mini-grid compo-
nents are described. 

2.1. Demand categorization 

In a static model of the load profiles in the rural mini-grids, the 
productive use and community types of electricity consumers have been 
shown to present different load profile patterns than the household 
consumers [27]. These different load profile patterns can be used to 
design a financial incentive entailing different tariff settings for different 
load categories to encourage load-shifting from peak to off-peak periods 
(time-of-use tariffs), which is the most effective measure to implement 
DSM. 

To determine the impact of DSM on the cost efficiency of an auton-
omous rural mini-grid, this study proposes the implementation of DSM 
for four load categories with different load profile patterns. The four 
load categories are: household loads (C-1); community loads (C-2); 
productive use (PU) loads having night time load (C-3); and PU loads not 
having night time load (C-4). 

The sizing of mini-grids requires knowledge of the electricity load 
profile [43]. Load profiles may exhibit variability. However, most of the 
variations are limited in developing SSA countries, since weather con-
ditions are similar throughout the year and social behaviors are essen-
tially unchanging [44]. In the sizing of a cost-efficient autonomous 
mini-grid system, weekly load profiles are used for each load category. 

To model the weekly load profile for each load category, a bottom-up 
methodology is applied. The load profiles are estimated based on data 
collected by the Ethiopian Electric Utility (EEU), the state-owned power 
utility. The collected data include appliance type and number, power 
rating, and probability of being used. An appliance-specific load profile 
is estimated for each appliance by multiplying the appliance power 
rating by the appliance probability of use. A load profile for each load 
category is estimated by summing up the appliance-specific load 
profiles. 

2.2. Configurations 

Two configurations of an autonomous mini-grid are used. Configu-
ration 1 contains only solar PV and BES and is, thus, a 100% RES-based 
autonomous mini-grid. Configuration 2 represents a HRES-based 
autonomous mini-grid in which a diesel generator (DG) is added to 
the solar PV and BES. A schematic of the autonomous mini-grid system 
with both configurations is presented in Fig. 1. 

2.3. Problem formulation 

In this study, the impact of DSM implementation at category level on 
the cost-efficiency of mini-grid is formulated as an optimization prob-
lem, which determines the component sizing using a priority-based load 
shifting strategy. The objective function is minimization of the LEC. To 
determine the impact difference among the load categories, sixteen 
combinations of the four load categories are compared with the No DSM 
case (i.e., mini-grid component sizing without load prioritization) in a 
priority-based fashion. For comparison of the impact of DSM imple-
mentation at a category level with load flexibility, different percentages 
of load flexibility for the two configurations are used. The load flexibility 
at each hour t determines the amount of electricity load that is shiftable. 
The shiftable load which is considered a low-priority load in the 
implemented DSM operating strategy is calculated using Eq. (1): 

L(t)=P(t) × Lf (1)  

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. 

To increase the robustness of the optimization problem, load-side 
uncertainties related to inaccurate load profile estimations and supply- 
side uncertainties related to intermittency are considered. To deter-
mine how the uncertainties impact the mini-grid sizing, component 
sizing with and without uncertainties considered is calculated. In 
addition, the validation of the results is examined using an iterative 
method. In determining the impact of uncertainties and validation of the 
results using an iterative method, a 10% load flexibility case is used. The 
objective function and constraints used for this study are explained in 
the following sections. 

2.3.1. Objective function 
The levelized energy cost (LEC) is the objective function of the 

optimization problem. It is an indicator for the cost-reflective tariff and 
is calculated as: 

Fig. 1. Schematic of the autonomous mini-grid system, showing the load cat-
egories for Configurations 1 and 2. 
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LEC =
TPV × CRF

LAE
(2)  

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). TPV is the total present cost of the 
entire system and is calculated as: 

TPV = IC + OMC + RC + FC − PSV (3)  

where IC is the initial capital cost, OMC is the operation maintenance 
cost, RC is the replacement cost, FC is the fuel costs, and PSV is the 
present scrappage value of the mini-grid components. The initial capital 
cost includes the component price, the cost of civil work, and the 
installation cost for the autonomous mini-grid components. 

The fuel cost of the DG is calculated as: 

FC=Df (t)DGhPf (4)  

where DGh is the total operating hours of the DG during time T, and Pf is 
the fuel price per liter [30]. 

2.3.2. Design constraints 
The mini-grid sizing is subject to various constraints. Security con-

straints to enforce the autonomous mini-grid should cover the required 
energy demand-supply and are expressed as: 

Edem ≤ Esup (5)  

where Edem and Esup, respectively, are the total energy demand required 
and the total energy demand supplied in the autonomous mini-grid. 

In addition, there is the BES constraint: the state of charge of a BES 
(SOC) at any time t should lie between the minimum (SOCmin) and the 
full capacity of the BES (SOCmax ). This limit of a state of charge is 

expressed by Eq. (6), where the maximum charge quantity of the BES 
(SOCmax ) takes the value of the nominal capacity of the BES (CB), and 
the minimum charge quantity of the BES (SOCmin), is determined using 
the maximum depth of discharge (DOD): 

SOCmin ≤ SOC(t) ≤ SOCmax (6)  

2.4. Operating strategy 

A load-shifting strategy operating strategy is used to manage load 
categories in a priority-based fashion based on a classification into high- 
priority loads (HPLs) and low-priority loads (LPLs). HPLs are non- 
shiftable loads and are, therefore, allowed to operate at their sched-
uled time by the user. In contrast, LPLs are shiftable loads which can be 
shifted to a time when there is sufficient electric power generation from 
solar PV and the BES is full. The maximum allowed shifting time is 24 h. 
Thus, the used operating strategy maximizes the hours of energy served 
for HPLs and minimizes them for LPLs. The flowcharts of the operating 
strategies used for Configurations 1 and 2 are shown in Figs. 2 and 3, 
respectively. 

The step-by-step description of the flowchart used for the configu-
rations operational strategy is as follows. For Configuration 1, the 
electrical power from solar PV in hour t, (Ppv(t)), is first used to satisfy 
the HPL in that hour, and the remaining energy, (PBC(t)), expressed 
based on the efficiency of the inverter (ƞinv), if any, is added to the 
available energy in the BES (charging) from the previous period. This 
stored energy is used to supply the HPLs during the period when the 
electrical power generated from solar PV is insufficient to satisfy (dis-
charging) PBD(t). However, the state of charge of the BES (SOC), 
expressed based on the BES self-discharge rate (σ), is less than the 
maximum state of charge (SOCmax) during charging, and the BES must 
be above its minimum state of charge (SOCmin) during discharge. The 

Hourly data (Irradia�on, temp, load)

Solar PV Power calcula�on(Ppv)

Is 
Ppv(t)>PHPL(t)/ƞinv

Is
SOC<SOCmax

No 

Supply LPL

No 

Is
SOC>SOCmin

yes

Yes

PBC(t)=Ppv(t)-PHPL(t)/ƞinv

SOC(t)=SOC(t-σ )+PBC(t)

Supply HPL

Yes

PBD(t)=PHPL(t)/ƞinv -Ppv(t)

SOC(t)=SOC(t-σ )-PBD(t)

For t=1:168

t=t+1

No

Supply HPL

yes

Fig. 2. Flowchart of the operating strategy for Configuration 1.  
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LPLs are supplied when there is excess energy from solar PV and the BES 
is equal to SOCmax. Thus, the LPL is shifted to a time where there is 
sufficient electricity generation from the solar PV and the BES is equal to 
SOCmax. 

All the steps described for Configuration 1 are applied in Configu-
ration 2, with the exception that the electrical power generated from 
solar PV and stored energy in the BES is not sufficient to supply the HPL, 
which means that in this case the HPLs will be supplied using the DG 
(PDG(t)). 

2.5. Method of optimization 

The PSO algorithm is used to identify the optimal sizes of the com-
ponents of the autonomous mini-grid, while minimizing the LEC as an 
objective function using the MATLAB software. 

PSO is one of the most popular heuristic optimization algorithms 
used to solve optimization problems. In the PSO algorithm (Fig. 4), each 
particle (swarm) represents a potential solution, and these solutions are 
assessed by the optimization objective function to determine their 
fitness. In the PSO algorithm, each particle modifies its movement ac-
cording to the best position achieved previously by the particle (Xi

p) and 
the global best (Xi

p) position of the entire population (to which it be-
longs) [45,46]. 

The two equations used for PSO are the position update equation 
[Eq. (7)] and the velocity update equation, [Eq. (8)]. These are to be 
modified in each iteration of the PSO algorithm, so as to converge to the 
optimum. 

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

g(t) − Xi(t)) (7) 

The PSO algorithm represents the population as the term X, r1 and r2 
represent random numbers, t represents the iteration number, C1 and C2 

represent the coefficients of acceleration, and w is the inertia weight that 
is used to improve the speed of convergence. The inertia weight is 
calculated for each iteration using a linear deceasing inertia weight, 
which has the lowest inaccuracy compared to other inertia weights [22]: 

Xi
(g+1) =Xi

(g) + Vi
(g+1) (8)  

where Xi
(g) is the global best solution, and Xi

p is the best personal po-
sition. The above steps are performed until the stopping conditions are 
met. 

wi =wmax −
wmax − wmin

imax
× i (9)  

where wmax and wmin are the maximum and minimum inertia weights, 
respectively, and i represents the particle index. 

2.6. Modeling of system components 

The modeling of the mini-grid components is a significant step in the 
optimization for different configurations. The mathematical modeling of 
each mini-grid component is described in the next section. 

2.6.1. Modeling the solar PV output 
The power of a solar PV array as a function of the solar irradiance and 

the ambient temperature is defined by Eq. (10) [47]. 

Ppv = θt × PVA × μc(t) (10)  

where θt is the average irradiance in hour t, PVA is the surface size of the 
cell, and μc(t) is the instantaneous PV cell efficiency. 

However, solar PV generation cannot generate a constant electrical 
power output. Therefore, a probabilistic model of PV output, the Beta 

Hourly data (Irradia�on, temp, load)

Solar PV Power calcula�on(Ppv)

Is 
Ppv(t)>PHPL(t)/ƞinv

Is
SOC<SOCmax

No 

Supply LPL

No

Is
SOC>SOCmin

yes

Yes

Yes 

PBC(t)=Ppv(t)-PHPL(t)/ƞinv

SOC(t)=SOC(t-σ )+PBC(t)

Supply HPLYes

PBD(t)=PHPL(t)/ƞinv  -Ppv(t)

SOC(t)=SOC(t-σ )-PBD(t)

For t=1:168

t=t+1
PDG(t)=PHPL(t)/ƞinv  -Ppv(t)

No

Supply HPL Supply HPL

Fig. 3. Flowchart of the operating strategy for Configuration 2.  
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PDF, is used to model the distribution of the solar irradiance, as shown in 
Eq. (11): [17]. 

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

(11)  

where α and β are elements of the Beta distribution function. The μ and σ 
terms represent the mean and standard deviation of the Beta PDF, 
respectively. 

The probability of the solar irradiance θ can be calculated using Eq. 
(12): 

P(θ)=
∫θd

θc

f (θ)dθ (12) 

The instantaneous PV cell efficiency can be calculated in terms of the 
cell temperature as [46]: 

μc(t) = μcr[1 − βt(Tc(t) − Tcr)] (13)  

where βt is the temperature coefficient, in the range of 0.004–0.006 for 
silicon cells. The terms μcr and Tcr are the theoretical solar cell efficiency 
and temperature, respectively. 

The value of PVA, which is the total solar cell area required to supply 
the load demand, can be calculated from Eq. (14): 

PVA=
1
24
∑24

t=1

PL,av(t)Fs

Htμc(t)ƞpcVF
(14)  

where Fs is the safety factor, which includes the possible allowance of 
insolation data inaccuracy, VF is the factor of variability, which con-
siders the impact of yearly radiation variation, and ƞpc is the power 
conditioning system efficiency [45]. 

2.6.2. Battery energy storage (BES) 
BES charging and discharging depends on the energy production and 

state of the charge of the BES at any given time. The state of the charge of 
the BES at a specified time is expressed by Eq. (15) and Eq. (16) [45]: 

SOC(t+ 1)= SOC(t)(1 − σ) + PB(t)ƞB charging mode (15)  

SOC(t+ 1)= SOC(t)(1 − σ) − PB(t) / ƞB discharging mode (16)  

where PB(t) =PPV(t) −
PHPL(t)

ηinv
(17) 

PPV(t) and PHPL(t) are the total power levels produced by the mini- 
grid system and required by the HPL at time t, respectively, SOC is the 
state of charge of the BES, ƞB is the efficiency of the BES, and σ is the BES 
self-discharge rate. PB(t) represents the charging or discharging power of 
the BES at time t. 

2.6.3. Power inverter 
Inverters, which are responsible for converting DC to AC, is calcu-

lated using Eq. (18) [47]: 

Pinv =
Ppeak

ƞinv
(18)  

where Ppeak is the peak of the load demand, and ƞinv is the efficiency of 
the inverter. 

2.6.4. Diesel generator model 
A DG is used to meet the HPLs in case the energy provided by the 

solar PV and BES is insufficient. The amount of fuel consumed by the DG 
depends upon its output power at each time-step [45]: 

Df (t)= αDPDg(t) + βDPDgr (19)  

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. 

2.6.5. Demand modeling 
In the modeling of the electricity demand, uncertainties related to 

the demand are modeled using a normal distribution function [17]: 

fload(Ld)=
1
̅̅̅̅̅̅̅̅̅̅̅̅̅̅
2πσLd

2
√ exp

(

− (Ld − Ldmean )
2/

2σ2Ld

)

(20)  

3. Data used 

The Bada village was selected as a case for this study. It is situated in 
a rural setting in the Afar region of northeastern Ethiopia (latitude, 
14.309◦ and longitude, 40.072◦). The village is currently non-electrified. 
It has been selected by the EEU for implementation of an autonomous, 
solar PV-based mini-grid. The weather data for the village collected from 
the Photovoltaic Geographical Information System (PVGIS) are shown 
in Fig. 5 [48]. Weekly load profiles, estimated based on interview data 
collected by EEU (as described in Section 2.1), are shown in Fig. 6. 

Based on the data collected by the EEU and the load categorization 
described in Section 2.1, the load categorization for Bada village is 
shown in Table 1. 

For the weekly load profile estimation, the following assumptions are 
applied: for water pumping, a minimum demand of 100 L of water per 
day per family and 2400 L/day for a health center and a primary school, 
each [12], and for the miller load profile estimation, two market days 

Ini�alizing PSO
Parameters a1,a2

Swarm size,w,C1,C2

Randomly ini�alize par�cles posi�on 
and veloci�es

Compu�ng par�cles fitness values 

Is the current fitness be�er 
than the best experience?

Set it as best 
experience

Set previous as 
best experience 

Set best of best 
experience as 

global best

update par�cles 
posi�on and velocity

Is Stop criteria met?

Yes

End

No

No
Yes

Fig. 4. Flowchart for the PSO algorithm.  
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(Thursday and Saturday). 

3.1. Economic and technical parameters of the mini-grid components 

The economic and technical parameters of the mini-grid components 
used are listed in Table 2. The fuel price considered is 0.62 $/L. Un-
certainty levels of 5% and 11% are considered for the solar irradiance 
and load profile estimation, respectively. Other assumptions applied are 
an interest rate of 7% [49], inflation rate of 8.1%, and a project lifetime 
of 25 years [14]. 

When sizing the autonomous mini-grid components, the parameters 
used for the PSO algorithm are: particle size (n) of 100, maximum inertia 
weight of 0.9, and minimum inertia weight (wmin) of 0.4, since the 
inertia weight from 0.9 to 0.4 provides the best result as demonstrated 
by experimental testing [22]. To balance particle and global best, the 
acceleration factors c1 and c2 are set to the same value, 2. A maximum of 
100 iterations (maxite) is used as a stopping criterion. 

4. Results and analysis 

In this study, based on the sizing of the autonomous mini-grid 
components, the impacts of DSM implementation at category level on 
the cost-efficiency of an autonomous mini-grid in a non-electrified rural 
area are determined. The impacts of DSM implementation at the cate-
gory level are also compared with load flexibility based on the sizing of 
the autonomous mini-grid components. To determine the optimal, cost- 
efficient sizes of the autonomous mini-grid components, calculated 
using Eq. (1), Eq. (10), Eq. (17) and Eq. (19), for each combination of the 
four load categories with DSM and different percentages of load flexi-
bility, a PSO algorithm is used. 

4.1. Impact of DSM implementation at category level on the cost- 
efficiency of mini-grids 

The optimal sizes of the autonomous mini-grid components for each 
combination of load categories with implemented DSM in Configura-
tions 1 and 2 are shown in Fig. 7a and b. The size of the BES, 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 Fig. 7a and b, different load categories with DSM have 
different impacts on the BES, solar PV, and DG sizing. In both configu-
rations, DSM implementation in all load categories will result in reduced 
power from solar PV (391.6 kW) and no need for BES, since all loads are 
LPLs 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 DG, thereby reducing the levels of CO2 emissions 
and operational costs. The optimal sizes of the BES and solar PV in the 
No DSM case (base case), whereby all loads are HPLs and operate at their 
scheduled times, are 1584 kWh and 491.8 kW in Configuration 1 and 
1491 kWh and 476.5 kW in Configuration 2, respectively. 

Among the load categories, DSM implementation in C-1 has a greater 
impact than the other load categories, reducing the BES and solar PV by 
1224 kWh (77.2%) and 81.5 kW (16.5%) in Configuration 1, and by 

Fig. 5. Insolation profile of the Bada village.  

Fig. 6. Weekly load curves for the different load categories in the Bada village.  

Table 1 
Load categories for Bada village.  

Load 
categories 

Number and types of loads 

C-1 2500 households 
C-2 One clinic, One health center, One animal clinic, four pharmacies, 

two kindergartens, two elementary schools, four mosques, eight 
government offices, one farmer training center, and two 
storehouses 

C-3 200 mini-shops, 1 barber, 10 tailors, 8 hotels, and 1 video hall 
C-4 Five flour millers, and one water pump  

Table 2 
Economic and technical parameters of the mini-grid components.  

Component, unit Price ($) OMC ($/year) RC ($) T(year) Nrep SVa (%) Reference 

Solar PV, kW 1500 50 300 25 0 10 [50] 
Civil Work, solar PV, kW 40% 1% 40% 25 0 20 [45] 
Inverter, kW 711 0 650 10 2 10 [45] 
BES, kWh 330 0 330 10 2 20 [51] 
DG, kW 850 20 800 10 2 20 [38]  

a SV is value of a scrap of the mini-grid components. 
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1249 kWh (83.7%) and 85 kW (17.8%) in Configuration 2, respectively, 
as compared to the No DSM case. DSM implementation in C-3, C-4, and 
C-2, in descending order of impact, reduces the optimal BES size by 
21.9%, 5.3%, and 3.7%, respectively, as compared to the No DSM case, 
as shown in Fig. 7a. DSM implementation in C-3 and C-4 reduces the 
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 optimal 
solar PV size is nearly equal to that in the No DSM case. In C-2, com-
munity load, demand is concentrated to the daytime, when there is a 
higher level of solar PV power production. This indicates that the 
shifting strategy has a lower impact for C-2. 

In Configuration 2, DSM implementation reduces the optimal BES 
size by 22.7%, 7.5%, and 8%, and the optimal solar PV size by 19.4%, 
19%, and 2.1% for C-3, C-4, and C-2, respectively, as compared to the No 
DSM case, as shown in Fig. 7b. 

DSM implementation in C-3, with peak demand coinciding with solar 
PV power production, results in lower DG size than for other load cat-
egories, as shown in Fig. 7b. In the No DSM case, the optimal DG size is 
29.5 kW, which is only 6% of the solar PV size, whereas DSM imple-
mentation in C-1, C-3, C-4, and C-2 results in optimal DG sizes of 31 kW, 
14 kW, 29 kW, and 26 kW, respectively. 

The LEC values, calculated using Eq. (2), for Configuration l (LEC-1) 
and Configuration 2 (LEC-2) are shown in Fig. 8. In Configuration 2, DG 
supplies peak loads. As a result, the BES and solar PV needed to meet 
peak loads are reduced, resulting in a lower LEC, thus LEC-2 is lower 
than LEC-1. DSM implementation in C-1, greatly reduces the size of the 
BES and reduces the levels of solar PV and DG more than in other load 
categories, leads to a dramatic decrease in LEC: LEC-1 is reduced by 
45.8% and LEC-2 by 47.6%, as compared to the No DSM case. DSM 
implementation in C-3, C-4, and C-2 reduces the LEC-1 by 20.7%, 13%, 
and 1.6%, and LEC-2 by 21.8%, 13.2%, and 5.1%, respectively, 

compared to the No DSM case. 

4.2. 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, calculated using Eq. (1) 
and considering LPL in the implemented DSM operating strategy, are 
used in the optimal component sizing for Configurations 1 and 2, as 
shown in Fig. 9a and b. The BES 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 configurations, resulting in no need 
for BES for 100% load flexibility (an ideal case). 

The optimal solar PV size is reduced, on average, by 2.1% for every 

Fig. 7. Optimal component sizes for different load categories with DSM in: (a) 
Configuration 1; and (b) Configuration 2. 

Fig. 8. LEC-1 and LEC-2 values for different load categories with DSM.  

Fig. 9. Optimal component sizes for different percentages of load flexibility in: 
(a) Configuration 1; and (b) Configuration 2. 
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10% increase in load flexibility in Configuration 1, Fig. 9a, and in 
Configuration 2, Fig. 9b, on average by 1.8%. DG, which is only avail-
able in Configuration 2, is reduced, on average, by 12.1% for every 10% 
increase in load flexibility. 

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

4.3. Comparison of the impacts of DSM implementation at category level 
and load flexibility on the cost-efficiency of mini-grids 

As shown in Figs. 8 and 10, DSM implementation at category level 
has the same impact as that achieved by using a higher load flexibility. 
The DSM implemented in all the load categories reduces the LEC-1 by 
58.7% and LEC-2 by 58%, as compared to the No DSM case, shown in 
Fig. 8. This is equal to the result for 100% load flexibility, Fig. 10. 

The DSM implementation in C-1, Fig. 8, reduces LEC-1 and LEC-2 to 
almost the same extent as 55% and 58% load flexibility for Configura-
tions 1 and 2 respectively, Fig. 10. C-3, C-4, and C-2, Fig. 8, have the 
capacity to reduce the LEC to almost the same extent as 25%, 16%, and 
2% load flexibility for Configuration 1, and 26%, 16%, and 6% load 
flexibility for Configuration 1, respectively, Fig. 10. 

In addition, as shown by comparison of Figs. 8 and 10, the difference 
between LEC-1 and LEC-2 diminishes with shiftable load categories, 
LPL, and percentage of load flexibility. This indicates that as shiftable 
load categories and load flexibility increases, DSM implementation will 
increase the cost-competitiveness of a 100% RES-based autonomous grid 
(Configuration 1). 

4.4. Comparison of mini-grid sizing with and without considering 
uncertainty and validation of the PSO result 

The 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 B. Optimal sizing without considering uncertainties reduces 
the size of the BES and DG more than the solar PV, as shown in Appendix 
B since peak load variations caused by uncertainties is met by BES and 
DG. In Configuration 1, the optimal size of the BES and the solar PV are 
reduced by 3.2% and 2.4%, and in Configuration 2 by 2.5%, 2.6%, and 
2.6% for the BES, solar PV, and DG, respectively. 

The optimal size of the mini-grid for resulting from the use of an 
iterative method in the case of 10% load flexibility is shown in Appendix 
B. In finding the cost optimal size of the mini-grid components, the re-
sults obtained from the PSO algorithm and the iterative method are 
almost the same for both configurations, but the accuracy of the optimal 
solution differs. The convergence characteristics of the PSO algorithm 
for the optimal sizing with and without considering uncertainty is shown 
in Appendix C. As shown in the convergence characteristics of the PSO, 

the LCE decreases as the number of iterations increases and finally 
converges to the optimal value. 

5. Discussion 

The impacts of DSM implementation using a load-shifting strategy on 
the cost-efficiency of autonomous mini-grids in non-electrified rural 
areas were determined. The impact was determined at category level 
rather than at appliance level for four load categories with different load 
profiles. This is a novelty, since previous similar studies have deter-
mined the impact at 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 HPLs at the scheduled 
time and LPLs only when there is sufficient power generation from solar 
PV and the BES is full. In Configuration 2, the HPLs were supplied using 
the DG when neither solar PV generation nor BES is sufficient. 

In contrast to the day-ahead DSM strategy, which has been studied to 
determine the optimal time when LPLs can be curtailed for higher levels 
of user satisfaction [27], 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 [11,28–30], regarding how the cost-efficiency of mini-grids is 
impacted by a priority-based shifting strategy. 

The results show that different category combinations result in large 
variability in terms of possible LEC reductions and, thus, in terms of the 
optimal sizing of cost-efficient BES, solar PV, and DG. This indicates that 
the cost-effectiveness of rural mini-grid depends on the load category 
mix considered for HPL and LPL when DSM is implemented. 

Considering the order of impact among the load categories in terms 
of creating a cost-efficient mini-grid, C-1, the household category, is the 
most significant followed by C-3, the productive use category, followed 
by C-2 and C-4. Due to their load profiles, the capacity of the DSM 
implementation in C-1 and C-3 to reduce the LEC is almost equal to the 
impacts achieved by 55% and 25%, and 58% and 26% load flexibility for 
solar PV-based and HRES-based autonomous 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 BES is required to 
ensure the supply. C-2 and C-4, on the other hand, have peak demand 
during the daytime, when there is higher solar PV power production. 
However, C-2 + C-4 have a higher peak and energy demand than C-2 
and C-4, resulting in a lower LEC than C-2 and C-4, but higher than C-1 
and C-3. Thus, the implementation of a load-shifting strategy in these 
categories would have a weaker impact on reducing the BES size and, 
therefore, a weaker impact on the LEC. 

In Configuration 1 and 2, the productive use category, C-3, with a 
night time load, have a greater impact on the cost-efficiency of mini- 
grids than productive use category, C-4, without night time load. This 
indicates that productive loads can increase the cost-efficiency of mini- 
grids [52,53], but not all productive loads have equal impact. The 
impact of DSM implementation in C-1, reducing the size of the auton-
omous mini-grid components and the LEC, will likely become more 
important with each year due to the pronounced increase in household 
connections compared to other types of loads in rural areas [27]. While 
C-3 has a weaker impact than C-1, it has the capacity to increase the load 
factor of the mini-grid and improve the cost-efficiency of the mini-grid 
[52]. However, balancing different load categories is an important fac-
tor, in addition to DSM implementation at the category level to create a 
cost-efficient mini-grid in rural areas [53]. 

The variation in LEC reduction observed for the different categories 
indicates that different tariff structures, based on category level, would 
be required for system operation. Thus, DSM implementation at cate-
gory level can be used with smart pricing methods such as time of use 
(TOU) electricity tariffs, which are more effective in mini-grids that have Fig. 10. LEC-1 and LEC-2 values for different percentages of load flexibility.  
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poor availability of skilled personnel [26] and have the capacity to 
handle voltage dip and power deviations in mini-grids [17]. DSM with a 
TOU electricity tariff enables the control of each load category based on 
its load profiles, using different electricity tariffs for different load cat-
egories at different times of the day. However, system operators can 
choose a type of DSM implementation that reflects their own perspec-
tives. 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 [54]. 

DSM implementation requires use of communication infrastructure 
and distributed smart meters that sense and control the electricity usage. 
As the users number increases, and thus system complexity, this need 
increases exponentially [55]. However, less infrastructure is needed at 
category level than at appliance level. This indicates that DSM at cate-
gory level in rural mini-grids will reduce the operational and mainte-
nance challenges by decreasing the complexity linked to controlling and 
connecting appliances, which is associated with appliance level DSM 
implementation [11,28–30]. 

In category level DSM implementation, aggregated load estimations 
are sufficient [56].Thus, DSM implementation at category level is less 
impacted by load estimation uncertainties since over and under appli-
ance load estimations offset each other [57]. 

DSM implementation in C-1, followed by C-3, C-4, and C-2 in order of 
impact, increases the cost-competitiveness of solar PV-based, 100% RES, 
autonomous mini-grids by significantly reducing the BES and reducing 
the solar PV size. In this way, DSM contributes to decarbonization of the 
energy sector by promoting 100% RES-based autonomous mini-grids. 

The contribution of DSM to energy sector decarbonization indicates a 
need for policies encouraging implementation of DSM in C-1 and C-3 
rather than in C-4 and C-2 for rural area electrification using 100% RES- 
based autonomous mini-grids. This also indicates that DSM applied in 
combination with RETs subsidies creates options for 100% RES-based 
rural area electrification. 

DSM implementation at category level requires a reduction in the 
level of consumption by users, which certainly is a limitation to its 
application. In C-1, lighting is one of the main reasons for the night-time 
peak demand, and reduced lighting is required to create a cost-efficient 
autonomous mini-grid. In addition to C-1, C-3 also requires decreased 
consumption from LPLs such as TVs, refrigerators, radios, mobile 
charging, and other appliances used for entertainment. As a result, the 
creation of more-cost-efficient autonomous mini-grids by DSM imple-
mentation at category level will require decreased user consumption, in 
turn, affecting user satisfaction. 

Further studies of DSM implementation at category level could 

involve increased categorization and load prioritization, as well as 
implementation of other DSM strategies, e.g., the use of different tariff 
settings in demand response programs, consideration of user satisfaction 
and integration of alternative storage systems, such as pumped hydro 
storage. 

6. Conclusions 

In this study, we investigate ways in which DSM implementation 
contributes to cost-efficient, autonomous mini-grids in non-electrified 
rural areas. DSM exerts impacts on four load categories through a 
load-shifting strategy. The results show that DSM implementation has a 
stronger impact on reducing BES than solar PV and the use of a diesel- 
fueled generator. Load categories C-1 (household) and C-3 (productive 
use) show the highest cost-efficiency impacts, reducing the LEC to ex-
tents that are almost equal to those achieved by 55% and 25%, and 58% 
and 26% load flexibility for solar PV-based and HRES-based autonomous 
mini-grids, respectively. In comparison to DSM implementation in C-1 
and C-3, implementation in C-4 and C-2 have lower impacts. However, 
C-4 and C-2 can reduce LEC to almost the same extent as achieved by 
16% and 2% load flexibility for solar PV-based autonomous mini-grids, 
and 16% and 6% load flexibility for HRES-based autonomous mini-grids, 
respectively. Therefore, DSM implementation in C-1 and C-3 will in-
crease the cost-competitiveness of 100% RES-based autonomous mini- 
grids in non-electrified rural areas, as compared to the C-4 and C-2 
load categories. The study adds methodological novelty through its 
approach of investigating mini-grid DSM implementation impacts at the 
category level. 
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Appendix A. Used equations 

CRF =
r(1 + r)T

(1 + r)T
− 1  

IOMC =OMC0

(
1 + i
r − i

)(

1 −
(

1 + i
1 + r

)T
)

r ∕= i  

OMC =OMC0 × T r = i  

RC=
∑Nrep

j=1

(

CRC ×CV ×

(
1 + i
1 + r

) T∗j
(Nrep+1)

)

PSV =
∑Nrep+1

j=1
SV
(

1 + i
1 + r

) T∗j
Nrep+1  

SOC(t+ 1)= SOC(t)(1 − σ)
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SOCmin =(1 − DOD)CB  

β=(1 − μ) ×
(

u × (1 + μ)
σ2 − 1

)

α=
μ × β
1 − u  

Tc(t)= Ta + 3Ht(t)

Appendix B. Optimal size of mini grid with and without considering uncertainty using PSO and Iterative method  

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 
BES, kWh 1446 1425 1380 1410 1221.5 1189.9 
DG, kW 0 0 0 26.5 26.5 25.8  

Appendix C. Convergence characteristics of the PSO algorithm
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