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Abstract 

Most developing countries continue to face challenges in accessing sustainable energy. This study investigates a solar panel and 
battery-powered system for an urban off-grid microgrid in Nigeria, where demand-side flexibility and strategic interactions between 
households and utilities can optimize system sizing. A nonlinear programming model is built using bilevel problem formulation that 
incorporates both the households’ willingness to reduce their energy consumption and the utility’s agreement to provide price rebates. 
The results show that, for an energy community of 10 households with annual energy demand of 7.8 MWh, an oversized solar-
storage system is required (12 kWp of photovoltaic solar panels and 26 kWh of battery storage). The calculated average cost of 
0.31 €/kWh is three times higher than the current tariff, making it unaffordable for most Nigerian households. To address this, the utility 
company could implement Demand Response programs with direct load control that delay the use of certain appliances, such as fans,
irons and air conditioners. If these measures reduce total demand by 5%, both the required system size and overall costs could decrease
significantly, by approximately one-third. This adjustment leads to a reduced tariff of 0.20 €/kWh. When Demand Response is imple-
mented through negotiation between the utility and households, the amount of load-shaving achieved is lower. This is because house-
holds experience discomfort from curtailment and are generally less willing to provide flexibility. However, negotiation allows for
greater flexibility than direct control, due to dynamic interactions and more active consumer participation in the energy transition.
Nonetheless, tariffs remain higher than current market prices. Off-grid contracts could become competitive if financial support is pro-
vided, such as low-interest loans and capital grants covering up to 75% of the upfront cost.

Keywords: Game theory; Power demand flexibility; Microgrid
0 Introduction

One of the major challenges today is ensuring universal 
access to clean and sustainable energy, particularly for 
populations in developing countries, most of which are
located in tropical regions [1,2]. Access to electricity, more 
specifically, is one of the central pillars of social and eco-
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nomic development [3,4], which should enhance the fulfill-
ment of at least the basic needs such as lighting, access to 
educati on and fresh food, including healthcare, income
generation and job creation [4]. More than 600 million 
people worldwide still lack access to electricity, with elec-
trification rates varying significantly by region, from 
nearly 100% in North Africa to 45% in Sub-Saharan
Africa (excluding the country South Africa) and as low
as 25% in some rural areas [5,6]. 

Decentralised renewable power systems, such as solar 
photovoltaic (PV) panels, wind turbines and small hydro-
power plants, are among the most suitable and readily
available technologies to accelerate progress toward uni-
ervices by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. 
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versal access to modern energy services by 2030, in line 
with the 7th United Nations Sustainable Development 
Goal. Africa is richly endowed with vast renewable energy
resources, particularly solar energy [7]. In recent years, 
rapid advances in energy technologies and information 
and communication technology, combined with the signif-
icant decli ne in solar equipment prices, have created new
opportunities to access clean and sustainable energy.

This study focuses on microgrids equipped with solar 
photovoltaic panels in Sub-Saharan African cities. 
Although urban households generally have a higher elec-
trification rate than rural homes, they still face significant 
challenges. These include poor service delivery due to an
unstable grid, unreliable energy supply and low generation
capacity, with frequent load sheddings and blackouts [8]. 
Households situated near or entirely off the grid frequently 
lack access to electricity, particularly in peri-urban areas. 
More than half of the urban population lives in informal
settlements, accounting for at least 110 million people
[9]. Furthermore, high connection costs are a major barrier
to access the grid [10], which often incentivizes some users 
to make illegal connections to the grid, leading to signifi-
cant revenue losses for utilities [6]. 

Most of the literature on energy access in developing 
countries focusses on rural stand-alone and off-grid electri-
fication. These studies typically use mathematical models 
and optimization techniques to determine the size of
hybrid wind and solar systems with battery storage [11– 
14]. The primary objective is to optimize system design 
while ensuring a reliable power supply at minimal energy 
costs. This paper goes beyond technology sizing by incor-
porating strategies that utilities and households can use to
negotiate tariffs and optimally allocate electricity.

Game theory is widely used in the scientific literature to 
model interactions among participants, particularly 
through cooperative games such as Stackel berg, Nash,
and coalition formation between users, aggregators and
utilities. For example, [15] developed a coalitional game-
based optimization approach, demonstrating that house-
holds equipped with hybrid renewable-storage systems 
can considerab ly reduce electricity costs through energy
sharing and trading. Similarly, [16] applied cooperative 
game theory to interconnected microgrids, which achieved 
cost redu ctions and facilitated energy transactions between
communities. [17,18] extended decentralized optimization 
approaches for microgrid scheduling and coordination 
by developing a three-layer strategy applied to smart 
buildings and electric vehicle fleets. Non-cooperative 
games have also been applied to smart grids, such as in
peer-to-peer trade configurations [19] and at larger scales 
distributed energy resource management [20,21]. 

Most of negotiation-based approaches incorporate 
Demand Response programs to assess the technical poten-
tial of power systems to meet demand with reduced capac-
ity. These strategies are particularly important in
2

developing countries where affordability and community 
participation are critical to the success of energy systems. 
Demand Response methods and smart grid management 
encompass a diverse range of app roaches, from models
with passive consumers and direct load control, to those
involving proactive consumers who respond to tariff
options [22–24]. Incentive-based Demand Response is 
extensively developed using Stackelberg games, with the 
distribution system ope rator acting as the leader and pro-
sumers as followers [25]. This hierarchical approach coor-
dinates the community’s response to grid signals and 
facilitates effici ent demand-side management. A significant
body of work [18,26,27] highlights the potential of multi-
agent decision-making frameworks to manage dynamic 
load scheduling, storage dispatch and cost-sharing. Inno-
vative mu lti-objective algorithms based on metaheuristic
and artificial intelligence methods are developed in [28] 
for application at the apartment and buildin g level, and
in [17] for coordinating multiple microgrids at a larger 
scale. Furthermore, sophisticated home energy manage-
ment models are elabora ted to account for uncertainties
that may arise in domestic installations [29]. 

Most studies acknowledge the technical and economic 
benefits of integrating Demand Response into microgrid 
operation, reporting improvements in load management, 
peak reduction, and cost savings. Numerically, hous eholds
equipped with hybrid renewable energy and storage sys-
tems can achieve electricity costs reductions of 20%
according to [15] and up to 29% as reported in [26]. By 
contrast, other studies indicate moderate savings, ranging 
from 2.4% to 11.8% as documented in [16]. The reported 
reductions vary across studies in terms of scope and met-
rics, while some research emphasizes planning and load-
shifting potential rather than direct cost savings [29], 
which limits cross-comparability between findings.

The literature on microgrids and smart grid develop-
ment in Sub-Saharan Africa has expanded significantly.
For instance, ref [1] estimate the cost of a rural off-grid 
solar PV project in Nigeria and demonstrate that such 
off-grid solutions are often economically unviabl e when
compared to traditional on-grid contracts, which benefit
from government subsidies. In contrast, ref [30] assess 
the impact of PV-diesel hybrid systems on the Nigerian 
private sector, finding that these systems can lead to
improved reliability and notable cost savings. A study by
[31] found that load-shifting strategies in off-grid solar-
powered microgrids can reduce peak demand by 24% in 
a case study of rural electrification in Tanzania. In a
related context, ref [32] reviews optimization programs 
for hybrid off-grid microgrids in rural Sub-Saharan Africa, 
emphasizing the impor tance of long-term viability, afford-
ability, and social acceptance. Meanwhile, ref [33] quanti-
fies the impact of subsidies on the optimal design and 
affordability of microgrids, highlighting their critical role
in ensuring equitable access to electricity.
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While the majority of research has focused on rural off-
grid electrification, there remains limited attention to the
development of off-grid microgrids in urban areas. Ref
[8] investigated mini-grid and stand-alone systems to assess 
the costs associated with urban and rural electrification in 
SSA, as well as their projected development by 2030. Sim-
ilarly, ref [34] examined the relationship between grid 
extension solutions and off-grid modes of electricity access 
in SSA urban and rural areas, while also reviewing the 
state of knowledge regarding urban electric hybridi sation.
However, these analyses do not address Demand
Response, demand-side management, or their impacts at
the household or community level.

Despite technological advancements, socio-economic 
factors, which play a critical role in shaping Demand 
Response participation, remain underrepresented in the 
literature. Most studies adopt a primarily technical focus, 
emphasizing operational efficiency, the integration of 
renewables, and the incorporation of Demand Response, 
while paying only partial attention to user welfare. Only 
a limited number of works addresses behavioral parame-
ters that encourage households to reduce electricity con-
sumption by explicitly modeling user discomfort,
behavioral incentives, or the impact of community engage-
ment. For example, [18,35,36] incorporate consumer pref-
erences and inconvenience costs directly into the
optimization process, while [37] introduces user discomfort 
within utility functions by modelling the trade-off between 
energy savings and quality of experience. Reviews and pol-
icy analyses [38–40] highlight the critical importance of 
social acceptance and energy justice, particularly given 
the acute access and affordability challenges faced by 
informal settlements and peri-urban areas. These sources 
argue that the long-term success of Demand Response 
and microgrid deployment depends not only on technical
innovation, but also on effectively addressing socio-
economic realities and regulatory environments, especially
in rapidly urbanizing regions such as Sub-Saharan Africa.

For cross-comparison, Table 1 gathers various 
approaches within the field of smart grids that employ 
game theory applied to microgrids, with particular rele-
vance to the needs and constraints of developing countries. 
These approaches have been selected based on the way
they integrate innovative optimization methods to enhance
Demand Response, account for user behavior and discom-
fort, and incorporate socio-economic factors.

The success of these models is highly dependent on local 
context, including energy infrastructure and regulatory 
policies, requiring empirical evidence to adapt to the speci-
fic needs and conditions of each region. Our study is moti-
vated by the application of game-theoretic modeling to 
microgrids with Demand Response, realistically applied
to a developing country case study. The aim is to provide
energy transition stakeholders with orders of magnitude
regarding investment needs, household’s options for shift-
ing appliance usage, and the utility company’s tari ff
schemes to be implemented.

In line with the literature, this research employs game the-
ory to investigate an urban off-grid microgrid, and develops a 
nonlinear bilevel optimization model. The energy system con-
sists of solar PV panels and batteries, which together ensure a 
reliable electricity supply. The case study focusses on an off-
grid microgrid in Gombe State, Nigeria, and the evaluation 
outcome is the levelized cost of electricity (LCOE). The 
model framework integrates household utility and socioeco-
nomic constraints, including system cost considerations, i nto
the system sizing problem. With regard to regulation and
public and private financial support, the numerical results
provide recommendations for implementation that align with
national and regional energy policies. The following contribu-
tions to the relevant literature can be noted:

The study provides a contextualized implementation of 
game-theoretic models. Given the recognized limitation 
in data availability, significant effort has been devoted 
to data collection on energy consumption patterns and 
renewable energy resources, enabling accurate model cal-
ibration. The resulting detailed database includes hourly 
profiles for both sola r power potential and household
electricity consumption over one-year period.

Game-theoretic models typically assume rational 
behavior, which may not always reflect real-world con-
ditions. By incorporating behavioral factors, the study 
accounts for realistic social preferences that can influ-
ence Demand Response. The potential for demand 
shifting is assessed more realistically through the 
decomposition of household loads into specific device
usage, and by considering the duration of delay for
essential appliances, especially during the dry hot sea-
son, such as fans, irons and air conditioners.

By evaluating the feasibility of complex game-theoretic 
models under real-world constraints, this study identi-
fies tariff conditions that optimally align with the util-
ity’s cost recovery policy, supply–demand equilibrium,
and specific socioeconomic criteria for shifting the con-
sumption of selected household appliances.

The study carefully analyzes constraints faced by the 
utility in maintaining continuous supply, as well as 
household considerations regarding discomfort from 
reduced energy demand. Model findings underscore 
the importance of social and economic factors in the 
bargaining between household and the utility. The
negotiation process is shown to be essential for future
interactions among actors in urban Sub-Saharan Afri-
ca, as it enables for both affordable solar microgrids
and efficient allocation mechanisms.
3
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Table 1 
Comparative studies dedicated system optimization, grid managemen t with Demand Response and game theory methods.

Reference Method Contributions Limitations 

[1] Case study on off-grid photovoltaic systems Off-grid PV systems are viable solutions to improve 
electricity access in Nigeria, especially in rural areas

Focus on technical viability; 
limited socio-economic analysis

[11] Optimization modeling for hybrid PV/wind
systems sizing

Provides optimized sizing methods for off-grid hybrid 
systems to improve reliability and cost-effectiveness

Focus on technical optimization; 
lacks social considerations
Early model; recent 
technological advances are not
incorporated

[13] Optimization sizing model for hybrid solar-
wind systems

Proposes an improved model for sizing hybrid systems to
enhance efficiency and reduce costs

[14] Methodology development for sizing hybrid 
PV/diesel/battery systems

Theoretical model for economic sizing of hybrid systems; 
improves cost-effectiveness in off-grid areas in Columbia

Demand Response programs are 
not integrated

Shows cost savings and fair cost allocation via coalition
formation

Assumes rational actors; real-
world coalition dynamics may be
different

[15] Coalitional game theory for cost 
optimization in smart grid communities

May not scale well with many
microgrids or heterogeneous
participants

[16] Cooperative game approach for
interconnected microgrids

Demonstrates improved energy management and cost
sharing among microgrids

Robust ADMM-enabled decentralized
optimization

[17] Enables secure, decentralized coordination of microgrids
with robustness to uncertainties

Users’ disutility from flexibility 
provision is not accounted for

Three-layer game theoretic scheduling for
microgrids

[18] Unlocks Demand Response potential in smart buildings
and EV fleets; improves scheduling efficiency

Implementation complexity; 
depends on accurate modelin g of
building/EV behavior

[19] Review of game theoretic approaches for
peer-to-peer energy trading

Highlights potential of game theory for P2P trading to
increase flexibility and user engagement

Mostly theoretical; practical 
deployment challenges remain
Non-cooperative models may 
not achieve optimal social
welfare

[20] Non-cooperative game theory for energy
management in retail markets

Addresses renewable resource uncertainties and market 
dynamics in energy districts

Models adaptive, decentralized energy consumption
strategies

May be sensitive to parameter
choices; real-world validation
needed

[21] Evolutionary game approach for smart grid
energy scheduling

Site-specific; limited 
generalizabi lity

[22] Optimal sizing for microgrid with seawater 
electrolysis and Demand Response

Integrates seawater electrolysis and time-based Demand 
Response for remote Japanese microgrid

[23] Optimization of microgrid components 
under high renewables and DR

Proposes optimal sizing/siting considering DR and high
renewable penetration

Model-based; may not capture 
all operational realities

Optimizes size and Demand Response for off-grid
renewables

Focuses on technical aspects; 
social/beha vioral factors not
included

[24] Size optimization and DR for stand-alone
renewable systems

[25] Stackelberg game for incentive-based
Demand Response

Designs incentives for DR using hierarchical game theory Assumes rational response to 
incentives; may not reflect actual
user behavior

Energy optimization in smart buildings via
DSM

Proposes efficient demand side management for urban
buildings

[26] May require advanced metering 
and automation infrastructure
Complexity increases with 
number of microgrids and DR
programs

[27] Game theory for multi-microgrid energy 
management with DR and storage

Improves coordination and cost savings among microgrids

Algorithm performance may 
depend on real-world
characteristics

[28] Multi-objective cockroach swarm algorithm 
for apartment energy management

Enhances energy management in apartments using bio-
inspired optimization

Assumes user participation and 
EV availability; may not
generalize

[29] Robust home energy management with 
real-time pricing and electrical vehicles

Considers real-time prices and vehicle-to-grid for home
energy management

Case study and techno-economic analysis of 
demand-sid e management in off-grid solar
microgrids

[31] DSM strategies (load shifting, pricing) can significantly 
improve system reliability and cost-effectiveness for rural
electrification in Tanzania

Case-specific; generalizability to 
other regions or larger systems
may be limited

Stackelberg game-theoretic optimization 
for integrated energy systems with Demand
Response

[35] Stackelberg game approach improves scheduling under 
renewable uncertainty and Demand Response

Theoretical; real-world 
implementation and user 
behavior not fully explored
Model-based; practical 
deployment and scalability not
addressed

[36] AI-based optimization for multi-renewable 
energy systems to reduce carbon emissions

AI methods can enhance emission reduction and system
efficiency in multi-renewable setups

Appliance-level DR can optimize grid performance and user
costs

[37] Optimization of Demand Response 
considering appliance-level scheduling

Focuses on technical 
optimization; user acceptance
and behavior not included

4
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Reference Method Contributions Limitations 

[49] Nash-Stackelberg game for regional energy 
market with Demand Response

Game-theoretic approach improves market efficiency and
user participation

Theoretical; practical 
implementation and user 
heterogeneit y not fully addressed

[50] Real-time Demand Response algorithm
using Stackelberg game

Enables effective real-time DR in smart grids; leader–
follower dynamics modeled

Assumes rational actors; field 
validation needed

[51] Game-theoretic model for optimal time-of-
use pricing

Improves demand-side management and system efficiency
through dynamic pricing

Model-based; may not capture 
all consumer behavior

This 
paper 

Stackelberg game bi-level model of utility 
and households, with price rebates and
Demand Response programs

Leader-follower dynamics modeled for PV-battery 
microgrid sizing in peri-urban areas in Nigeria. Discomfort
accounted into household utility function

Assumptions on households’ 
willingness to curtail loads; field
validation needed
The remainder of the study’s structure is as follows. Sec-
tion 1 describes the urban off-grid MG and the components 
of the energy system. Section 2 presents the mathematical 
formulation of the optimisation problems for s ystem sizing.
Section 3 discusses simulation results in terms of case study 
model performance, followed by sensitivity analysis. Sec-
tion 4 ends with policy recommendatio ns.

1 Case study 

Solar energy is important in Africa, and SSA, in particu-
lar, receives the most sunlight, solar irradiation and warm 
weather (25–28 °C). Nonetheless, solar power deployment 
remains insignificant in the energy mix. Africa has only 
5 GW of installed solar PV capacity, accounting for less than 
1% of the world’s installed capacity. According to the IAE’s
Africa case scenario, solar PV will become the continent’s
largest electricity source, surpassing hydropower and natural
gas [6], with the rapid expansion of both grid-connected and 
off-grid microgrid systems. Electrification progress has been 
made in recent years through grid extension, which has been 
triggered by factors such as population density and high 
long-term demand and pea k loads. Currently, stand-alone
solar PV or off-grid microgrid systems are supplementing
central grid extension, particularly in rural SSA [8]. Building 
microgrids could accelerate access to electricity, as 100,000– 
200,000 microgrids could provide electricity to approxi-
mately 140 million rural Africans by 2040 [41]. 

The case study is a microgrid in Gombe state, located in 
North-East Nigeria, which has the lowest electricity access 
rate (26%) and the highest average poverty rate (76%)
among the country’s six geopolitical zones.

1.1 Resource estimation 

The solar energy potential in Gombe is estimated using 
the open-access database tool, Renewables ninja, devel-
oped by Imper ial College London and Energy and Tech-
nology Policy Group ETH Zürich,1 where the timestep is 
the hour and the outcome of power output is determ ined
by weather conditions at each geospatial coordinate. We
1 https://www.renewables.ninja/. 
choose a solar PV panel with a nominal power rating of 
1 kW, a 180° azimuth orientation, no solar tracking system 
and a tilt of 35°. The variability of the solar energy profile
is deterministic in this case [42], whereas stochastic meth-
ods could be used to obtain random variability [43]. The 
estimated solar PV output profile is used as an input to 
determine the optimal size of the off-grid solar PV/battery
system. Fig. 1 shows a PV output profile of 1 kWp power 
and 1508 kWh of power generation per year, with peaks of 
0.8 kW during the dry season (from November to March)
and 0.5 kW during the wet season (from April to October).

1.2 Load demand assessment 

In SSA, the average annual power consumption per 
capita ranges from 50 kWh in rural areas to 200 kWh in
urban areas [5]. The residential demand in Nigeria is based 
on loads collected in 2016 [44], where the aggregated load 
is determined using a bottom-up approach that takes into 
account parameters such as the number of households, 
appliance categories and number, a ppliance power rating
and the operating time and time windows for each urban
and rural household type. As ref [44] assumed similar load 
characteristics for typical weekdays and weekends, the 
52 weeks (weekdays and weekends) are considered repre-
sentative of the hourly load demand [45]. 

The weekly loads are then transformed into a represen-
tative load profile for a household by taking demographic 
characteristics into account (average household size in 
urban area, urban population ratio in total population). 
This is then converted into a load profile for a community
of 10 households, which corresponds to the size of our off-
grid system’s electricity demand. We assume that the aver-
Fig. 1. Hourly PV power generated over one year (Source: based on
Renewables ninja).

5

https://www.renewables.ninja/


R. Diatta et al. / Global Energy Interconnection xxx (2025) xxx–xxx

Fig. 2. Urban household daily load profile over a typical weekday and
weekend [44]. 

 

age size of an urban household is five people, which is con-
sistent with figures from the Nigerian National Bureau of 
Statistics, and that the urban population accounts for 48%
of the total population [46]. Fig. 2 depicts a daily load pro-
file for an urban household, with blue and red lines repre-
senting weekday and weekend loads, respectively. A 10-
household community’s total daily power consumption is 
22 kWh per weekday (20 kWh per weekend day), with a
maximum peak of 1.53 kW (1.44 kW in the weekend).

Further, the electricity demand is categorised by appli-
ance, which represents basic energy serv ices as defined by
the [6]2 : air conditioner, electric fan, cooking, audiovisual, 
electric iron, lighting and others (cold appliances, cloth 
dryer and washing machine). Appendix A shows the annual 
electricity demand for each appliance and indicates that the 
three largest consumer appliances are air conditioners, elec-
tric fans and lighting. In anticipation of the Demand 
Response, we investigate the device type th at may result
in recovered or increased load, following a DR event.

When an appliance cannot delay or shift its use at a later 
time, it is said to have non-recovery load characteristics. We 
divide devices into two categories: type 1 (lighting, cooking, 
audiovisual and electric irons, which account for 36% of 
annual electricity demand) and type 3 (air conditioner and 
electric fan, which account for 62% of the total, mainly 
due to the tropical climate in Nigeria, where temperature 
and humidity vary by season, i.e. dry or rainy). All type-3 
devices, as well as an electric iron from the ty pe 1 class,
are eligible for power consumption shifting. It should be
noted that the type 2 devices (washing machine, dishwasher
and electric vehicle) mentioned in [44]  are  not  common  in
our representative household and th us are not included.

2 Problem formulation 

2.1 Cost of system components 

Various economic criteria (life cycle cost, total annu-
alised cost and level ized cost of energy) are used in the lit-
2 Basic energy services include electricity services (e.g. several light 
bulbs, phone charging, a radio, a fan or television) and modern clean 
cooking facilities and fuels (e.g. natural gas, liquefied petroleum gas,
electricity, bioethanol and biogas systems and improved biomass
cookstoves).

6

CC c K 3

value as follows:

erature on decentralised energy system sizing [11]. The 
annualised cost of the system (Eqs. (1)–(9)) and the LCO E
(Eq. (10)) are the financial criteria used in this study to
determine the off-grid system design:

ACS CCpv CCbat CRF d L RCbat 

CRF d L OM pv OMbat 1

Variables CC, OM and RC are the capital investment 
cost, annual operation and maintenance cost and replace-
ment cost, respectively. The off-grid system consists of 
solar PV panels and battery storage, which are denoted 
by the subscripts PV and Bat. The capital recovery factor,
CRF(d, L) is the present value of an annuity that depends
on the real interest rate (d) and the project lifetime, L [14]: 

CRF d L d 1 d L 

1 d L 1
2

The initial cost is converted into an annual cost with the 
F formula, where the annual cost of solar PV and bat-

tery is the first term in Eq. (1). 
CR 

Costs of PV panels for investment and annual operation 
and maintenance are given in Eq. (3) and Eq. (4): 

pv pv pv 

OMpv /pv CC pv 4

where [€/kWp] denotes the PV cost per kilowatt peak, 
v [kWp] is the capacity of PV and is the fraction of 

PV OM cost in the total capital cost. We consider the life-
time of the project to be the PV panel’s technical lifetime,
i.e. 20 years. Thus, the replacement cost is zero (R v 0)
because the PV panel does not need replacement.

cpv 
Kp /pv 

Cp 

at [Costs of battery storage is given in Eq. (5), where cb €/ 
kWh] is the cost per unit of battery and at [kWh] is the 
batte ry capacity. The operation and maintenance cost per
year is given by Eq. (6), where / is the percentage of the 
batte ry OM cost in the total cost:

Kb 

bat 

CCbat cbat K bat 5

OMbat /bat CC bat 6

When the battery lifetime (5 years) is lower than the 
project duration (20 years) , the cost of replacement
becomes the following [16]: 
RCbat cbat CCbat SPWbat d Lb y 7

where is the derate factor of the initial battery capital 
cost, and the PWbat d Lb y the single payment present

cbat 
S 

SPW bat d Lb y 
y 

i 1 

1 
1 d i Lb

8

Lb is the lifetime and y the number of replac ements of
the battery:

y 
L 
Lb 

1 9
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The LCOE [€/kWh] is calculated by dividing the total 
system cost (acquisition cost, operation and maintenance 
cost and replacement cost) by the annual energy generated. 
Becau se energy is curtailed and thus not consumed in off-
grid systems, the LCOE cannot be calculated as the cost
per kWh generated [47]; therefore, we calculate the LCOE 
as the total cost per kWh energy consumed, [14,24]):e0 

h 

LCOE 
ACS 
8760 
h 1 e 

0
h

10
2.2 Optimization problem 

The model determines the optimal size of the off-grid 
project, with the goal of minimising total system cost, such 
as ensuring that the microgrid supplies power and meets 
demand at all hours of the year. Two main scenarios are
evaluated based on historical sizing (HS) and undersizing
(US), as shown at Fig. 3. 

The first scenario (HS) serves as the reference or bench-
mark case for system sizing, determining the capacity of 
solar panels and batteries. The second scenario (US) 
involves downsizing the off-grid system by incorporating 
DR programs, including load reduction for eligible appli-
ances. By integrating the strategic interactions between 
the utility and households, two tests are generated: without 
game (US-NG) and with game (US-G). The technical
potential to reduce the load is assessed in the absence of
the game, whereas in the presence of the game, the technical
potential is constrained by the household utility function
and the socio-economic parameters to reduce the load.

The optimisation models for the HS and US-NG sce-
narios are writt en in GAMS and solved using the CON-
Fig. 3. Flowchart of the off-grid system sizing problem methodology.
OPT solver [48]. The US-G scenario is expressed as a 
bilevel programming problem, which is solved using the 
general Extended Mathematical Programming (EMP) syn-
tax and the JAMS solver.

The input data comprise hourly load profiles, technical 
parameters for the PV panel and battery and economic 
preferences for curtailment and disutility compensation. 
The solar panel and battery capacities, effective demand 
and load curtailment are the decision variables. The out-
put is the total annualized cost of the energy system and
the LCOE, which is the average cost paid by households.

2.2.1 Historical sizing scenario 

The HS scenario determines the optimal PV and battery 
capacity by minimising total system cost (Eq. (11)) subject 
to constraints (Eqs. (12)–(27)). It should be noted that the 
term ‘system cost minimisation’ refers to a utility acting as 
a benevolent social planner, aiming to reduce consumer
bills by optimally sizing the energy project, thereby lower-
ing investment costs:

min 
Kpv Kbat 

OFHS CCpv CCbat RCbat CRF d L

OMpv OMbat 11

Constraints Eqs. (12)–(17) include equations introd uced
at Section 2.1, as foll ows:

The capital recovery factor of PV solar panels and
battery:

CRF d L d 1 d L 
12
1 d L 1
The investment cost of PV panels and batteries,
respectively:

CCpv cpv K pv 13
CCbat cbat K bat 14

The cost of battery replacement:

RCbat cbat CCbat 

y 
1 

15

i 1 1 d i Lb
The cost of operation and maintenance of PV panels
and batteries, respectively:

OMpv /pv CC pv 16
The LCOE is the ratio between the total annualized cost 
of the off-grid system and the sum of the hourly historical

energy demand over the year 8760
h 1 e

0
h :

OMbat /bat CCbat 17
7
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LCOEHS 
OFHS 
8760 
h 1 e

0 
h 

18

The constraint Eq. (19) is the system supply/demand 
balance and indicates that the hourly historical electricity 
demand is supplied by the solar PV energy output 
( var 

h ) and the power discharged by the battery (P when
the solar energy is absent or insufficient:

(e0 
h )

PV d 
h), 

PVvar 
h P d 

h e0 
h 19

PVEq. (20) defines the solar potential ( h Kpv) which at 
each hour should be higher than the solar power consumed
by households and by the battery while charging:

PVvar 
h P c 

h PVh Kpv 20

The solar power in excess is either consumed, charged 
or wasted Vwaste 

h ) when the battery attains the storage
limit:

(P 

PVwaste 
h PVh Kpv PVvar 

h P ch 21

Eqs. (22)–(27) include the storage dynamics and physi-
cal co nstraints of the battery:

Sh S h 1 Pc 
hg

c P d 
h 22

where 0 1 is the charging power efficiency. The ini-
tial stored energy is equal to the final state at the end of
the operation horizon:

gc 

SInitial SFinal 23

The battery is charging, dischar ging or unused:

Pc 
h P d 

h 0 24 

erConstraint (25) specifies the upp (0 8 Kbat) and 
lower (0.2 Kbat) bounds of the battery state of charge:

0 2 Kbat Sh 0 8 Kbat 25

Eqs. (26) and (27) are charging and discharging power 
constraints related to battery capacity, respectively:

0 Pc 
h Kbat 26

0 Pd 
h Kbat 27

As the main decision variables, the optimisation prob-
lem returns the total capacity of the PV pan Kpv)  in
kWp, the total capacity of the battery at) in kWh and
the LCOE in €/kWh.

el ( 
(Kb 

2.2.2 Undersizing scenario 

The undersizing scenario (US) introduces the DR pro-
gram in the historical case and includes the case without
game (US-NG) and with game (US-G).

Undersizing without game (US-NG) minimises a new 
system cost subject to similar constraints as in the histori-
cal case and to new constraints related to curtailment:
8

min 
Kpv Kbat 

OFUS NG CCpv CCbat RCbat CRF d L

OMpv OMbat 28

s t 212 17 and 0 27
A new power demand is formulated at Eq. (29) (eh), 

derived from the historical power demand net of the power
curtailed at ratio (Eq. (30)). Numerically takes two 
values: 0.3 for DR with shifting involving only appliances 
such as irons, fans and air conditioners, and 0.7 for DR
without shifting involving only lighting, cooking and
audiovisual.

h , h 

PVvar 
h P d 

h eh 29

1 h e0 
h e h 30

iEq. (31) describes the DR program, and x ndicates the 
annual load reduction rate, which is 5% of total annual
historical energy demand and 10% in a more ambitious
case.

1 x 
8760 

h 1 
e0 
h 

8760 

h 1

eh 31

The average cost of the energy system resul ts from PV
panels-battery resizing:

LCOEUSNG 
OF USNG 

1 x 8760 
h 1 e

0
h

32

Undersizing with game (US-G) describes the game with 
a bilevel problem by relating the amount of load that 
households are willing to reduce, to their welfare function 
and to a new (lower) price of electricity set by the utility.
Undersizing with game describes a non-cooperative Stack-
elberg game, wherein the utility is the leader and the
household is the follower [49,50]. 

The objective function (Eq. (33)) and constraints (12)– 
(27) and (31) for utility definition are similar to those 
defined in the US-NG case:

min 
Kpv Kbat 

OFUSG CCpv CCbat RCbat CRF d L

OMpv OMbat 33

s t 12 17 
20 27 
29 

p2 
OFUSG 

8760 
h 1 eh

34

The upper-level (Eqs. (33) and (34)) corresponds to the 
utility problem, while the lower-level (Eqs. (35)–(37)) cor-
responds to the household program. Constraint (35) 
defines the household’s objective function, which is a disu-
tility with two parts: the first part (p ) represents the cost 
of purchasing energy, where is the effective electricity
demand and is the unit sale price of electricity, which
is equal to the LCOE defined in Eq. (34); the second part

2eh 
eh 

p2
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0 
hb 

eh 
e0 
h 

a 
1 is considered to express the household’s 

dissatisfaction related to load curtailment [51], with 
parameters s the elasticity of demand to electricity price 
and as the willingness to curtail the load.

e 

a a 
b 

eh argmin 
8760 

h 1 
p2eh e0 

hb 
eh 
e0 
h 

a

1 35

Eqs. (36) and (37) are equivalent to Eqs. (31) and (32): 

1 x 
8760 

h 1 
e0 
h 

8760 

h 1

eh 36

1 h e0 
h eh e0 

h 37
2.2.3 Data calibration 

The power generated by PV system, included in data 
initialisation, is obtained from the Renewable Ninja web-
site by indicating the capacity of 1-kWp PV array and geo-
graphical location-specific data. The hourly load profile of
the 10-household community depicted in Fig. 2 contains 
data on power demand. The energy system consists of a 
silicium polycrystall ine cell PV module and a lithium-ion
battery (Table 2). Lithium-ion was chosen because it out-
performs other systems in terms of maturity, lifetime,
energy density, self-discharge and cost [45,52]. 

Demand flexibility is achieved through the load curtail-
ment program, which applies to devices that can delay 
their consumption (iron, air conditioner and fans), 
accounting for 70% of the total demand, and to appliances
that cannot postpone their consumption (cooking, audio-
visual and lighting), accounting for 30% of the total
demand.

3 Results and discussion 

We first size the off-grid microgrid so that the historical 
load is met. Then DR applies so that the household 
reduces the load at an annual rate of 5% of the total
demand, and 10%, alternatively. This corresponds to the
technical ability to achieve these rates without game (Sec-
tion 3.1) and with game (Section 3.2). Lastly, cost sensitiv-
ity tests apply to financial parameters (Section 3.3). 
Table 2 
Technical cost and lifetime parameters of the system components [45,53]. 

PV 
Capital cost, €/kWp 1250 
Lifetime, years 20 
O&M cost, % 1 
Battery 
Capital cost, €/kWp 275 
Lifetime, years 5 
O&M cost, % 2 
Financial 
Derate factor, % 20 
Real interest rate, % 6 
3.1 Optimization results for scenario undersizing without game 

(US-NG) 

The model, run for the historical scenario, returns 
capacities of PV panel of 12 kWp and battery of 26 kWh
for a total cost of 38,420 € and LCOE of 0.31 €/kWh
(Table 3). The case is unaffordable for most Nigerian 
households living in the studied area, because the tariff rate 
of this off-grid microgrid is 69% higher than a grid-
connected rate (around 0.095 €/kWh); therefore, in order
to reduce the overall cost, we undersize the PV system
by testing the DR strategy.

Resizing the microgrid demonstrates that reducing the 
demand by 5% significantly reduces energy system costs: 
with DR, but without shifting the load, PV and battery 
capacities are reduced by one-third and costs are reduced 
by 35%; when shifting is considered, variations are lower 
(15%). Surprisingly, DR calibrated at 10%, without shift-
ing, does not change the behaviour expected at 5% load
curtailment, indicating that the potential limit to shave
peaks is reached at 5%. This potential is further exploited
when shifting applies because the size of the energy system
is reduced for the battery but not for the solar panel.

Load seasonality related to the weather entails variable 
Demand Response. With Nigeria’s tropical climate, cool-
ing devices (electric fans and air conditioners) play an
important role in household response by season. Table 4 
shows the load decomposition based on a 5% annual load 
curtailment target for the DR programs. For DR without 
shifting, 266 kWh (68%) of the load is curtailed during the 
rainy season, compared with 127 kWh (32%) during the 
dry season. The targeted annual load to be curtailed for
DR with shifting is also reached and dispatched as follows:
226 kWh (58%) curtailed in the rainy season and 166 kWh
(42%) curtailed in the dry season.

Fig. 4 illustrates the periods during the year when load 
curtailment occurs, without shift, at a 5% annual rate
(Fig. 4a) and at 10% annual rate (Fig. 4b), and with shift
(Fig. 4c, Fig. 4d). We notice that the load is curtailed more 
frequently during the rainy season than during the dry sea-
son: the curtailment occurs more frequently be tween the
3000th and 7200th hours without shifting assumptions
and between the 3000th and 7900th hours with shifting.

To illustrate this, let us consider three days for each sea-
son. Figs. 5 and 6 compare the load for the historical
Table 3 
Model results of optimal sizing in historical and undersizing scenarios.

Indicator Historical 
sizing, HS

Under-sizing, no game, US-NG

Without shifting With shifting 

DR target/% 5% 10% 5% 10% 
PV/kWp 12 8.41 8.44 11.47 10.863 
Battery/kWh 26 18.18 18.07 22.827 19.95 
Total cost/€ 38,420 24,838 24,879 33,402 31,226 
LCOE/€/kWh 0.310 0.200 0.200 0.265 0.245

9
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Table 4 
Te energy flow curtailed with the DR program at 5% annual curtailment.

Season DR without shifting DR without shifting

Expected load curtailment/kWh Dry Rainy Total 
393 

Dry Rainy Total 
393 

Load curtailed/kWh 127 266 393 166 266 392 
Percentage of load curtailed in the target of 5%, % 32 68 100 42 58 100 
demand during the dry season (e.g. December) and the 
rainy season (e.g. June). Whatever the DR program is, 
with or without shifting, the rainy season has more load 
curtailed than the dry season, with different peak periods 
smoothed out by season. Morning peaks are slightly
smoothed in the DR program without shifting, while eve-
ning peaks are curtailed in magnitude rather than in dura-
tion (Fig. 5b for the rainy season compared to Fig. 5a for 
the dry season). This is explained by the fact that lighting 
or entertainment devices (e.g. audiovisual) or appliances
with no-shifting are appropriate for shaving peaks.

In contrast, morning peaks are significantly smoothed 
in the DR program with shifting (Fig. 6a, b). This is due 
to higher humidity during the rainy season and hot and 
dry conditions during the dry season, which encourages 
the use of temperature regulating devices, such as air con-
ditioners with a shifting need.

3.2 Optimization results for undersizing with game (US-G) 

When considering the strategic interaction of utility– 
household, socioeconomic parameters influence the techni-
cal potential to reduce the load, altering the no-game 
results obtained above and improving historical case fig-
ures. Interestingly, including the consumer’s willingness 
to reduce load as a function of the rebate on the bill,
results in lower reduction in the amount of energy cur-
tailed. This indicates that the social potential for demand
flexibility is lower than the technical potential.

The DR game without shifting, at 5% annual load cur-
tailment, returns 12% cost savings compared with the his-
torical case, and 16% cost savings at 10% load curtailment. 
This has a greater impact than without game, while it has 
no effect in the case 5% related to 10% (US-NG without 
shifting at 5% versus 10%). This is primarily due to the test 
with game having a greater remaining potential to reduce
load than the test without game. Nonetheless, the average
cost remains the same (0.287 €/kWh): a 10% lower invest-
ment cost (32,149 €) over a lower volume of energy con-
sumed (7082 kWh) is equivalent to a 10% higher
investment cost (33,877 €) over a larger energy flow
(7471 kWh; Table 5). 

A DR game with shifting reduces the energy system size 
even more than a DR game without shifting, revealing a 
willingness to reduce the load on appliances whose con-
sumption is postponed. Surprisingly, at 5% and 10% tests,
10
the results with and without game do not differ at all, indi-
cating that this case (US-Game with shifting) best repro-
duces the technical potential of load curtailment (US-No
Game with shifting).

In terms of curtailment targets (Table 6), the DR with 
game at 5% is almost achieved without shifting (99%) 
and only partially achieved with delay (71%), demonstrat-
ing the importance that households place on appliances 
related to temperature comfort over other activities (fans 
over lighting). The remaining 1% that the household does 
not reduce has a significant impact on system sizing: it rep-
resents 4 kWh with peaks that require additional PV and
battery when compared to the no-game case, or a cost dif-
ference of 23 points.

Fig. 7 (without shifting) and 8 (with shifting) show how 
households choose the moment of curtailment that has the 
least impact on utility. Furthermore, the load reduction 
occurs at similar periods across seasons (dry and rainy),
owing to households’ strategic decision to prioritise
devices that cannot induce shifting.

Interestingly, the DR game without shifting shows that 
as the curtailment rate increases (from 5% to 10%), the 
magnitude of peak shaving decreases, particularly for the 
two peak periods (morning and evening peaks), which
recalls the limit that the household achieves at the 5%
target.

The DR game with shifting, however, has seasonal cur-
tailment variations. Because of increased home occupancy 
activities and increased use of electrical appliances, mostly 
related to temperature regulation, hous eholds are more
willing to reduce load during the rainy season than during
the dry season (electric iron, fan and air conditioner;
Fig. 8). 

Seasonally, 58% of the curtailed load was recorded dur-
ing the rainy season, compared with 42% during the dry 
season (without shifting), and trends are similar in the case
with delay, i.e. 61% during the rainy season and 39% dur-
ing the dry season.

To summarise, a DR program makes the energy system 
less expensive, but without a game, it remains a technolog-
ical solution imposed on households, via for instance 
smart meters with norms. When a strategic game is used, 
load shifting could be more efficient than cutting the load
following norms; however, it appears to be less efficient in
terms of curtailed flows and costs than the case without
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Fig. 4. Expected DR occurrence over a year at 5% and 10% load
curtailment tests with and without postponement option

Fig. 5. DR at 5% rate without shifting over three days in dry (a) and
rainy seasons (b).

Fig. 6. DR at 5% rate with shifting over three days in the dry (a) and
rainy (b) seasons.
game. This demonstrates how social factors (disutility due 
to curtailment) and economic parameters (willingness to
receive for reduced consumption) affect the technical
potential when only technical sizing is used. Finally, 
appropriate regulation would prioritise contract negotia-
tion for flexibility through game over utility-imposed 
norms as they better account for households’ potential
to adopt sustainable behaviour. The design of the renew-
able energy transition requires the participation of all
11
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Table 5 
Sizing results of the off-grid MG by scenario.

Scenario HS US-No GAME US-GAME 

Indicator Without shifting With shifting Without shifting With shifting 

DR 0% 5% 10% 5% 10% 5% 10% 5% 10% 
PV, kWp 12 8.41 8.44 11.47 10.86 11.48 10.89 11.47 10.86 
Battery, kWp 26 18.18 18.1 22.83 19.95 24.73 23.50 22.83 19.95 
Total cost, € 38,42 24,84 24,879 33,402 31,226 33,877 32,149 33,402 31,226 
LCOE,€/MWh 0.31 0.20 0.20 0.265 0.245 0.287 0.287 0.279 0.272 
Cost saving over HS 35% 35% 13% 18.7% 11.8% 16.3% 13% 18.7% 

Table 6 
The load curtailed with DR game, with and without shifting (at 5% rate).

DR without shifting DR without shifting

Season Dry Rainy Total Dry Rainy Total 

Technical target/kWh 393 393 
Load curtailed/kWh Percentage,% 165 

42 
224 
58 

389 
1 00

111 
39 

172 
61 

283 
100 

Fig. 7. Load profiles in the US-G in the dry (a) and rainy (b) seasons
(without shifting).

3 Exchange rate between EURO and NAIRA used for the analysis is as
follows: 1 EUR = 463.64 NGN.
4 The 2016 Jos Distribution Company’s tariff for residential consumers 

is considered. Jos Distribution Company is one of the 11 electricity supply
and distribution companies in the North-East of Nigeria. For the tariff
structure see https://www.oecd.org/environment/cc/climate-futures/case-
study-achieving-clean-energy-access-in-sub-saharan-Africa.pdf. 

Fig. 8. Load in the US-G over three days in the dry (a) and rainy (b)
seasons (with shifting).
actors, and DR is an important step toward decentralising 
the electricity service for both the household and utility, as
consumer actors and new ethical utility players of the
transition.

3.3 Sensitivity analysis 

We address here the issue of high-level tariffs obtained 
for the off-grid microgrid to make the project appealing 
to both investors and beneficiary end-users. The average
cost obtained in the base case is 0.31 €/kWh (143.73 N/
12
kWh),3 which most Nigerian households cannot afford
without financial assistance. Currently the on-grid-
connected consumers contract power at 0.095 €/kWh
(43.91 N/kWh),4 therefore sensitivity tests are performed

https://www.oecd.org/environment/cc/climate-futures/case-study-achieving-clean-energy-access-in-sub-saharan-Africa.pdf
https://www.oecd.org/environment/cc/climate-futures/case-study-achieving-clean-energy-access-in-sub-saharan-Africa.pdf


R. Diatta et al. / Global Energy Interconnection xxx (2025) xxx–xxx

Fig. 10. Impact of interest rates on the average cost (LCOE) and total
cost.
in order to achieve new off-grid tariff rates competitive
with on-grid contracts.

3.3.1 Capital subsidies 

Upfront capital costs being one of the main ba rriers to
microgrid deployment [33,54], we test system cost reduc-
tion at different rates of 25%, 50% and 75% of the total
cost (Fig. 9). Capital subsidies are granted at the end of 
optimisations and do not affect the system sizing, therefore 
the same PV and battery capacities are required, with and 
without subsidies. Instead, the average cost, the LCOE, 
paid by households falls to 0.238 €/kWh (at a 25% subsidy
rate), 0.155 €/kWh (at a 50% subsidy rate) and 0.077 €/
kWh (at a 75% subsidy rate), with the latter improving
the on-grid rate by 19%.

3.3.2 Capital interest rate 

We vary the real interest rate, which is initially set at 
6%, in one-point increments between 1% and 12% to test 
trends found in the literature: higher interest rates increase
project cost, thereby increasing the average cost, and lower
interest rates reduce costs [33,58–60]. Our off-grid project’s 
economics are highly sensitive to this parameter, as 
obtained with the equation of the present value of the
annuity over the project’s lifetime (Eq. (2)). At a 1% inter-
est rate, the average cost is 0.22 €/kWh, and at a 12% inter-
est rate, the cost is 0.44 €/kWh (Fig. 10). 

3.3.3 Variation of battery lifetime 

According to experts, lithium-ion batteries will have 
advantages over lead–acid batteries in the long term, such 
as longer lifetime, low er maintenance and a greater num-
ber of lifecycles due to technological progress [52]. For 
the same battery and solar panel capacities, we run the test 
of increased lifetime from 5 to 10 years. The total cost nat-
urally decreases as the battery is replac ed less frequently
over the course of the project; however, it is less sensitive
than financial parameters ( 6% only of the previous cost).

4 Conclusion and policy implications 

Urban households in Sub-Saharan Africa facing unsta-
ble grid connections can benefit from abundant renewable
Fig. 9. Impact of capital subsidies on the average cost (LCOE) and total
cost.
sources such as solar power. However, financing issues and 
the development of decentralized markets remain signifi-
cant challenges [4]. This paper addresses the sizing and 
operating of off-grid solar-battery energy systems in Nige-
ria to provide a better understanding of solar investment 
design, governance models, and the potential interactions 
among stakeholders. Methodologically, this study inte-
grates a body of research that fills the gap in microgrid 
energy management by applying game theory and 
Demand Response concepts to developing countries. 
Using a nonlinear optimization program, a bilevel model 
is built to frame the strategic game between the utility
and households. This approach enables the evaluation of
investment costs alongside welfare variations resulting
from demand curtailment. Tests conducted include
Demand Response options proposed by the utility to
households, based on a game of tariff reductions and load
curtailment commitments, with the postponment of
selected household devices.

Results show that an off-grid microgrid of 10 households 
with an annual total demand of 7.8 MWh, requires an 
energy system composed of 12 kWp solar PV panels and 
batteries with a storage capacity of 26 kWh to reliably meet 
hourly demand throughout the year. The resulting tariff for 
this system configuration is 0.31 €/kWh, for a total invest-
ment of 38,420 € over a 20-year technical lifetime. Since this 
tariff is significantly higher than the market grid rate (by 
69%), demand-side flexibility emerges as an effective strat-
egy to reduce costs. By resizing the microgrid, a reduction 
in demand of 5% leads to a substantial decrease in energy 
system costs, by approximate ly one third. Tests involving
demand reduction through load postponement show a
more moderate effect on cost reduction (about –15%), as
this approach primarily reduces batteries requirements but
not the necessary capacity of solar panels.

Detailed data on seasonal solar power profiles and 
hourly electricity demand over the year made it possible 
to reveal the household preferences for demand shifting, 
the timing of curtailment decisions, and the prioritization 
of devices for power reduction. The results indicate that
reducing power consumption is more effective during the
rainy season than in the dry season, primarily due to
13
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increased household activities during periods of higher 
occupancy. The findings also demonstrate that households 
prioritize appliances related to temperature comfort, such 
as funs, over other devices like lighting. Over the course of 
the day, morning demand peaks are only slightly reduced, 
wher eas evening peaks are curtailed more in magnitude
than in duration. This suggests that lighting and audiovi-
sual devices used in the evening are particularly suitable
for peak shaving strategies.

Despite the implementation of Demand Response pro-
grams, household electricity tariffs remain high at 0.2 €/ 
kWh compared to the on-grid market tariff of 0.095 €/ 
kWh. Since system costs are strongly influenced by finan-
cial parameters, sensitivity analyses were conducted on 
the impact of financial aid. These tests revealed that off-
grid projects could become cost-competitive, reaching 
0.077 €/kWh, but only with substantial capital subsidies 
covering 75% of upfront costs. Nevertheless, providing sig-
nificant financial support for these energy projects could
stimulate industry growth and attract investment in off-
grid electrification. Such programs could be implemented
by local governments, working in partnership with
national and international co-financing funds. This collab-
orative approach would encourage private sector partici-
pation and help ensure reasonable returns on investment.

Access to reliable and affordable electricity remains a 
significant challenge in developing countries, especially 
for households in rural areas and informal urban settle-
ments. When considering how to replicate this study in 
other countries, it is important to account for Nigeria’s 
tropical climate, which features a high humidity rainy sea-
son and hot, dry season. In such conditions, cooling 
devices play a crucial role in household power consump-
tion. In particular, contracts for Demand Response should
recognize that postponing the use of temperature-
regulating devices, such as electric fans and air condition-
ers, can significantly impact comfort during periods of
power curtailment. Therefore, these contracts should be
designed to minimise discomfort caused by the temporary
unavailability of such appliances.

The strengths of the study steam from the way it com-
plements technological aspects of microgrid sizing with 
social and economic factors, such as the discomfort and 
household’s willingness to participate in Demand 
Response programs. This approach enables the design of 
future contracts through negociation between the utility 
and households. A key finding is that households are more 
willing to reduce their electricity usage when they are 
allowed to postpone the curtailed demand, rather than
being required to cut their demand without the option to
shift it at a later time. The study also demonstrates that
economic interactions alone are less effective at reducing
costs compared to direct technical control of demand cuts
by the utility. This is due to the inherent trade-off between
maximizing welfare and setting rebate rates.
14
Although negotiation might be time-consuming, it can 
offer greater flexibility by creating mutual benefits for both 
the utility and households, and can foster dynamic behav-
iors that adapt to rapidly changing energy configurations. 
In the future, both stakeholders are expected to play active 
roles in the energy transition, especially as off-grid systems 
face increasing demand without corresponding capacity 
expansion. By considering household welfare, alongside 
factors beyond historical power consumption, stakeholders 
can help buildi ng an ethical investment model that encour-
ages sustainable, long-lasting and adaptable consumption
behaviour during the transition to renewable energy.

Electrification services can help achieve broader goals 
such as socio-economic development, ed ucation and health
[56,57]. These services can also reduce cultural and technical 
barriers to the energy transition, including skill attributes 
and social acceptance. While financial assistance programs 
can help address economic barriers, providing full financi al
support for microgrids may encourage undisciplined beha-
viour [8,54]. For instance, project developers might oversize 
systems to qualify for grants, or face challenge such as cor-
ruption and the use of their counterfeit products, like low-
quality generic solar panels, which stem from institutional 
barriers and a lack of standards for renewable technologies. 
To address these issues, a scheme that offers partially sub-
sidised capital costs ti ed to the performance targets (such
as the quality of power delivered) could help eliminate these
strategic behaviors.

Governments and development institutions in other 
developing countries have implemented policy strategies to 
accelerate the widespread deployment of off-grid microgrid 
projects, aiming to expand access to sustainable electricity
at the lowest possible cost [33]. These policies include finan-
cial mechanisms such as subsidies for capital and operating 
costs, as well as non-subsidy incentives l ike tax breaks, loan
guarantees, partial risk guarantees, and concessions [54,55]. 

Government financial support for energy initiatives is a 
cornerstone of the ‘Nigeria Electrification Project’, a col-
laborative effort led by the Nigerian government, the 
World Bank and other international partners as the Ger-
man Agency for International Cooperation and the Afri-
can Development Bank. The program incentivizes 
private-sector participation in developing and operating 
economically viable microgrids through mechanisms like 
capital expenditures subsidies, competitive subsidy ten-
ders, and performance-based grant schemes. Its goal is to
deliver electricity to one million Nigerian households, pub-
lic educational institutions and underserved micro-, small
and medium-sized businesses [55]. These subsidies cover 
50%–75% of total capital expenditures, aligning closel y
with the rates tested in our analysis.

Future work will investigate the strategic game within 
energy communities by considering heterogeneous, rather 
than homogeneous, participants. It will also address con-
tractual provisions for deviations, such as periods where
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households might reject load curtailment requests. Further 
research is needed to better understand future electricity 
loads as the number of household appliances increases, 
as well as stochastic forecasting of both hourly demand 
and solar power generation profiles. Additionally, more 
studies are required to explore the indivi dual behaviour
in relation to social factors influencing real-time electricity
consumption, and how people respond to price signals and
information, for example by actively participating in sys-
tem sizing and maintenance.
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Appendix A 

Table A1 
Share of electric appliances [44]. 

Class of devices
 Device names
 Shifting
 Share in 

the energy
demand/%
Type 1
 Cooking
 No
 1 

Audiovisual
 No
 1 

Lighting
 No
 28 

Electric Iron
 Yes
 6 
Type 3
 Air Conditioner
 Yes
 41 

Electric Fan
 Yes
 21 

Others
 2 
TOTAL
 100 
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Methodology for sizing hybrid battery-backed power generation
systems in off-grid areas, Wind Solar Hybrid Ren. Energy Syst.
(2019). 

[15] A. Chis, V. Koivunen, Coalitional game based cost optimization of
energy portfolio in smart grid communities , IEEE Trans. Smart
Grids 10 (2) (2019) 1960–1970. 

[16] M. Movahednia, H. Karimi, S. Jadid, A cooperative game
approach for energy management of interconnected microgrids,
Electr. Power Syst. Res. 213 (2022) 108772. 

[17] S.A. Mansouri, E. Nematbakhsh, A. Ramos, A robust ADMM-
enabled optimization framework for decentrali zed coordination of
microgrids, IEEE Trans. Ind. Inf. 21 (2) (2025). 

[18] S.A. Mansouri, A. Paredes, J.M. Gonzalez , J.A. Aguado, A three-
layer game theoretic-based strategy for optimal scheduling of
microgrids by leveraging a dynamic Demand Response program
designer to unlock the potential of smart buildings and electric
vehicle fleets, Appl. Energy 347 (2023) 121440. 

[19] W. Tushar, C. Yuen, H. Mohsenian-Rad, et al., Transforming 
energy networks via peer to peer energy trading: potential of game
theoretic approaches, IEEE Signal Process Mag. 35 (2018), https:// 
doi.org/10.1109/MSP.2018.2818327. 

[20] M. Marzband, M. Javadi, J.L. Domı́ nguez-Garcı́a, M.M.
Moghaddam, Non-cooperative game theory based energy
management systems for energy district in the retail market
15

http://refhub.elsevier.com/S2096-5117(25)00081-7/h0005
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0005
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0005
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0005
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0010
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0010
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0010
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0010
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0015
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0015
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0015
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0025
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0025
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0025
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0035
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0035
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0035
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0040
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0040
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0040
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0040
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0045
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0045
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0045
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0050
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0050
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0050
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0050
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0055
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0055
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0055
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0060
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0060
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0060
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0060
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0065
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0065
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0065
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0070
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0070
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0070
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0070
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0075
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0075
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0075
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0080
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0080
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0080
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0085
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0085
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0085
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0090
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0090
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0090
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0090
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0090
https://doi.org/10.1109/MSP.2018.2818327
https://doi.org/10.1109/MSP.2018.2818327
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0100
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0100
http://refhub.elsevier.com/S2096-5117(25)00081-7/h0100


R. Diatta et al. / Global Energy Interconnection xxx (2025) xxx–xxx
considering DER uncertainties, IET Gener. Transm. Distrib. 10
(12) (2016). 

[21] Z. Zhang, H. Liu, Non-cooperativ e energy consumption scheduling
for smart grid: an evolutionar y game approach, ICNC-FSKD
2020. Lecture Notes on Data Engineering and Communications
Technologies, Springer, Cham, 2021. 

[22] M.M. Gamil, M. Sugimura, A. Nakadomari , et al., Optimal sizing
of a real remote Japanese microgrid with sea water electrolysis
plant under time-based Demand Response programs, Energies 13
(14) (2020) 3666. 

[23] S.M. Hakimi, A. Hasankhani, M. Shafie-kh ah, J.P.S. Catalão,
Optimal sizing and siting of smart microgrid components under
high renewables penetration considering Demand Response, IET
Renew. Power Gener. 13 (10) (2019) 1809–1822. 

[24] A. Chauhan, R.P. Saini, Size optimization and Demand Response
of a stand-alone integrated renewable energy system, Energy 124
(2017) 59–73. 

[25] M. Fochesato, C. Cenedese, J. Lygeros, A Stackelberg game for 
incentive-based Demand Response in energy markets, in: 2022
IEEE 61st Conference on Decision and Control (CDC), 2022,
https://doi.org/10.48550/arXiv.2204.08730. 

[26] B.N. Alhasnawi, B.H. Jasim, A.N. Alhasnawi, et al., A novel
efficient energy optimization in smart urban buildings based on
optimal demand side management, Energy Strat. Rev. 54 (2024)
101461. 

[27] B. Javanmard, M. Tabrizian, M. Ansarian, A. Ahmarinejad,
Energy management of multi-microgrids based on game theory
approach in the presence of Demand Response programs, energy
storage systems and renewable energy resources, J. Energy Storage
42 (2021) 102971. 

[28] B.N. Alhasnawi, B.H. Jasim, A.M. Bureš, et al., A multi objective
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