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Abstract

The energy industry faces a variety of challenges as a result of the growing demand for electricity. The emphasis is shifting to
optimizing energy use in residential settings so as to achieve sustainable alternatives. The escalating demand for sustainable
energy practices in residential environments gives rise to innovative approaches to home energy management. In order to
significantly reduce home energy use and contribute to a more sustainable future, this paper proposes an optimization model for
home energy management that combines Model Predictive Control (MPC) with Demand Response (DR) strategy to reduce
energy consumption. The study used several types of data, such as the hourly load demand of a house and solar irradiance data.
Load demand profile, derived from historical electricity usage records, provided hourly energy consumption over a 24-hour
period, serving as essential input for predicting future energy needs using the MPC algorithm. Solar irradiance data and PV
system specifications were utilized to model the power generated by PV panels, while information about the battery energy
storage system, including its capacity, efficiency, and state of charge (SOC) limits, was essential for modelling the behavior of
the battery in storing and discharging energy. The model encompasses mathematical models and optimization tools for the
efficient usage of photovoltaic (PV) panels, battery energy storage systems (BESS), and grid power. With the aid of
MATLAB/Simulink simulations, the study demonstrated that MPC effectively predicts energy demand and allocates power
sources effectively, achieving a 41% reduction in energy costs compared to grid-only scenarios. Considering the results obtained,
this paper suggests areas of further research work, such as integrating dynamic pricing models in countries like Nigeria and
exploring hybrid renewable energy systems. This will build on the findings obtained in this work and further improve household
energy efficiency and sustainability.
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1. Introduction

Building energy use accounts for between 30 and 45 percent ~ banization, and technological improvements [3, 4]. The in-
of the world's energy use [1, 2]. Global energy consumption is creasing trend of energy consumption is putting strain on the
rising at an unprecedented rate due to population growth, ur- infrastructure that is currently in place, making the shift to sus-

‘Correspondence: Linus Idoko (linus.idoko@nmu.edu.ng)

Received: 25 April 2026; Accepted: 7 May 2026; Published: 4 June 2026

@ Copyright: © The Author(s), 2026. Published by Science Publishing Group. This is an Open Access article, distributed
@ under the terms of the Creative Commons Attribution 4.0 License (http://creativecommons.org/licenses/by/4.0/), which

permits unrestricted use, distribution and reproduction in any medium, provided the original work is properly cited.



http://www.sciencepg.com/journal/ijepe
http://www.sciencepg.com/journal/164/archive/1641503
http://www.sciencepg.com/
https://orcid.org/0000-0002-6193-550X
https://orcid.org/0000-0002-0719-9900

International Journal of Energy and Power Engineering

http://www.sciencepg.com/journal/ijepe

tainable energy methods imperative [5-7]. The increasing de-
pendence on electricity for day-to-day activities, in conjunc-
tion with the swift rise in population, highlights the necessity
of implementing more sustainable practices and models to al-
leviate the burden on existing energy systems and create the
foundation for a future energy environment that is both resili-
ent and ecologically conscious [8, 9]. This paper aims to de-
velop a home energy management system that optimizes the
utilization of available energy sources using Model Predictive
Control (MPC). The goal is to achieve cost-effective and sus-
tainable energy usage for homeowners.

This paper is quite different from existing research as it
shifts the focus from scheduling household appliances, which
is commonly addressed in the literature, to the scheduling of
power sources, namely photovoltaic (PV) systems, battery en-
ergy storage systems (BESS), and grid power. This approach
emphasizes optimizing the utilization of these energy sources
to enhance efficiency and reduce costs, offering a novel per-
spective in the field of home energy management.

There have been various models for effective home energy
management [10]. There are two primary approaches to im-
proving household energy efficiency and lowering bills: either
by lowering overall energy consumption or by postponing the
operation of specific appliances and utilizing off-peak and lo-
cal production rates. This can be categorized as consumption
reduction or consumption shifting [11]. The term consumption
reduction refers to lowering total energy usage, which is typi-
cally accomplished by raising consumer awareness, turning
off unused appliances, investing in energy-efficient equipment,
or enhancing the architecture and construction of buildings.
On the other side, consumption shifting aims to gradually
postpone specific loads, typically to off-peak times. Con-
sumption shifting usually entails shifting energy consumption
to period where there is a high generation. This can be done
using a model predictive control (MPC)-based approach for
home energy management (HEM) that incorporates demand
response (DR) strategies [12-14].

This model was able to cut the electricity bill by 20% and
also shift energy consumption from peak periods to support
grid stability while ensuring the comfort of users. Model Pre-
dictive Control (MPC) is able to anticipate how a building will
react to control demands and understand how to behave ap-
propriately to complete the required task [15]. MPC antici-
pates future energy demand using a mathematical model of the
home's energy use, taking into account weather predictions,
past data, and tenant behavior. In order to accomplish the in-
tended goals, it then optimizes the control of appliances and
energy sources over a few hours or possibly days [16]. MPC
algorithm is useful for scheduling appliances and energy stor-
age systems [17]. Although it can be difficult to create a pre-
cise and computationally effective model of a home's energy
usage, and it can also be computationally taxing to run the
MPC algorithm, particularly for complex systems. Also, it can
be difficult to create a precise and computationally effective
model of a home's energy usage, and it can be computationally
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taxing to run the MPC algorithm, particularly for complex sys-
tems [12]. Model predictive control offers a promising ap-
proach for achieving optimal energy management in smart
homes [15].

Consumption shifting could also involve using self-sched-
uling models in the home for appliances [18]. Self-scheduling
models enable devices or systems to automatically plan their
own energy draw depending on grid stability, cost, availability
of renewable energy sources, and even user preferences in or-
der to optimize energy use [10, 19, 20]. These strategies,
which are used in demand response programs, microgrids, and
household energy management systems, have the potential to
save costs while enhancing grid stability and integrating re-
newable energy sources more fully [21-23].

A self-scheduling model proposed in [21] suggests a cost-
effective home energy management system that also keeps
you comfortable. With the use of a discomfort index and real-
time pricing, it can arrange appliances to save up to 15% on
energy costs while keeping the temperature you want. This
method used Mixed-integer linear programming (MILP) and
holds promise for creating comfortable and sustainable smart
homes, but it still requires real-world testing and user behavior
consideration. Another scheduling strategy based on genetic
algorithms can be used to reduce energy usage through a
model created based on a scheduling algorithm for smart
home gadgets. It decreased energy use by as much as 20%. It
may not be expandable to larger households and is restricted
to a small set of appliances [24].

Imagine your appliances turning to solar power automati-
cally in the summer or during off-peak hours to save money.
That is the potential of merging renewable energy with self-
scheduling. This clever combination can lower energy costs,
increase the use of renewable energy sources, stabilize the sys-
tem, and lessen its impact on the environment. By integrating
renewable energy sources and using the suggested power us-
age scheduling strategy, energy consumption and users' elec-
tricity bills can decrease. This can be shown in [25], where an
energy management system for optimal power usage in smart
grids with renewable energy sources was developed using an
optimization algorithm to schedule power usage while mini-
mizing cost and carbon emissions. It reduces cost, carbon
emissions, and peak demand. Although this model requires
data availability and real-time forecasting accuracy.

There are various ways in which consumption reduction can
be implemented. They include: increasing consumer
knowledge, turning off appliances when not in use, purchasing
energy-efficient equipment, or improving building architec-
ture and construction [26].

In terms of building architecture and construction, there are
different strategies that can be used to reduce the amount of
energy used in homes. This process is known as energy retrofit
saving [27, 28]. This is the process of installing and/or replac-
ing parts of an existing building in order to make it more en-
ergy-efficient [29]. In order to attain energy efficiency, there
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is a focus on passive strategies that make use of natural phe-
nomena rather than active energy-consuming systems like
heating, ventilation, and air conditioning (HVAC) systems [30,
31]. These passive strategies include: insulation of walls, roofs,
and windows; Natural ventilation, which minimizes the need
for air conditioning systems by increasing natural circulation;
daylighting; passive solar shading, which involves the use of
external shade elements, like awnings or vegetation, to block
excessive solar heat gain in the summer [32, 33]. These strat-
egies have been proven to reduce annual energy consumption
in homes by about 33% [34].

Studies have further shown that consumer education initia-
tives can be an affordable means of encouraging energy effi-
ciency in developing nations. Adapting solutions to particular
situations and requirements may increase their efficiency even
further. Consumers had a visit from a qualified promoter who
gave advice on how to save energy, energy-saving techniques,
and energy-efficient lightbulbs [35]. Energy literacy is im-
portant both within and outside of the home, with potential
advantages for people, the environment, and society [36, 37].
This covers the following topics: awareness of the financial
consequences of energy use, ability to make informed deci-
sions about energy bills and tariffs, knowledge and compre-
hension of the energy consumption of specific appliances and
electronics, and ability to recognize and adopt energy-saving
behaviors in daily life [38]. End-user behavior has a major in-
fluence on household energy consumption, which makes up a
sizeable amount of total energy use [39-41]. For this reason,
interventions that promote energy-saving behaviors, such as
information campaigns, technological solutions, feedback
mechanisms, and incentives, must be effective [41]. Encour-
aging sustainable energy behaviors and reducing excessive en-
ergy consumption can be achieved by funding energy literacy
programs [42, 43]. Through the provision of appropriate edu-
cation and training on energy use, stakeholders and policy-
makers may enable communities to make well-informed
choices about their energy use habits [44, 45]. People are more
equipped to embrace more sustainable practices, like energy-
efficient technology adoption, renewable energy sources
adoption, and energy optimization, when they have a deeper
awareness of the subject [42, 46]. In the end, these initiatives
help achieve the shared objectives of lessening the effects on
the environment, cutting down on energy waste, and creating
a more sustainable future for future generations [47].

Demand response (DR) is the process of adjusting grid de-
mand for energy to match supply without compromising grid
operability or customer satisfaction [48-51]. It is a crucial
component of the smart grid phenomenon since it deals with
the grid's capacity to adjust to variations in demand while
maximizing grid stability and end-user advantages [52]. De-
mand-side management encompasses two main types of DR:
incentive-based and price-based [53]. Within the boundaries
of the electrical grid, demand response is an affordable and
environmentally beneficial program that may be used to bal-
ance supply and demand [54].
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Incentive-based demand response refers to when consumers
are offered financial incentives to allow the distribution com-
pany to control the operation of their appliances during times
of peak electricity demand [55, 56]. It is an active type of DR
in which consumers voluntarily allow the distribution com-
pany to control their energy consumption habits. By encour-
aging consumers to modify their patterns of electricity use to
better fit the needs of the grid, incentive-based DR programs
seek to reduce the burden on the grid during peak hours, im-
prove overall system reliability, and decrease consumer and
utility costs associated with electricity use [56, 57]. The incen-
tive-based demand response programs include: direct load
control, which is exchanged for an incentive payment, a utility
or system operator remotely turns off or cycles a customer's
electrical equipment on short notice to handle local or system
reliability emergencies [54]. Another program is Interrupti-
ble/curtailable service (I/C) in which customers who agree to
lower load during system emergencies will receive a rate dis-
count or bill credit. Other programs include capacity market
program, demand bidding, and ancillary service markets [57].

Price-driven demand response (PDDR) encourages users to
reduce their energy use by using electricity prices as control
signals [58]. Applying these power pricing signals aims to
simultaneously lower total energy usage and move a portion
of the peak demand into off-peak hours. The time-of-use
(TOU), critical peak pricing (CPP), and real-time pricing pro-
grams are all included in the PDDR [54].

2. Materials and Methods

2.1. Model Predictive Control

The home energy system management in this paper would
use Model Predictive Control (MPC) as the optimization
method. This system includes photovoltaic (PV) panels, bat-
tery energy storage systems (BESS), and grid power, in which
the MPC algorithm predicts future energy demand based on
historical load profile data and optimizes the scheduling of
available energy resources over a 24-hour period. Real-time
data was utilized at each time step by the MPC model to de-
termine the amount of energy to be drawn from the PV system,
the battery, and the grid in order to meet the house's energy
needs while minimizing costs. MATLAB’s 'fmincon' function
was used to solve a constrained nonlinear problem in the op-
timization process, where the goal was to minimize the cost of
grid energy consumption while ensuring the house's energy
demand was met. Constraints were formed to ensure that the
state of charge (SOC) of the battery stayed within operational
limits and that PV power generation was only utilized during
daylight hours.

This study required several types of data, such as the hourly
load demand of a house and solar irradiance data. Load de-
mand profile, derived from historical electricity usage records,
provided hourly energy consumption over a 24-hour period,
serving as essential input for predicting future energy needs
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using the MPC algorithm. Solar irradiance data and PV system
specifications were utilized to model the power generated by
PV panels, while information about the battery energy storage
system, including its capacity, efficiency, and state of charge
(SOC) limits, was essential for modelling the behavior of the
battery in storing and discharging energy. The study also as-
sumed a constant electricity price throughout the day, aligning
with the pricing structure in Nigeria for cost calculations and
facilitating the comparison of different energy management
strategies in terms of cost savings.

An accurate definition of these variables was crucial as they
formed the foundation for the predictions and optimizations of
the MPC algorithm. With the data prepared, the subsequent
phase entailed establishing the model in MATLAB. This step
included defining all relevant system parameters, such as the
PV panel capacity, battery state of charge (SOC) limits, and
the initial conditions (constraint equations) for the simulation.
The load profile served as the baseline energy demand, while
the MPC algorithm was utilized to optimize the scheduling of
energy resources like PV, battery, and grid over a 24-hour pe-
riod. The optimization problem was solved using MATLAB’s
fmincon function, with the objective function focused on min-
imizing grid energy costs and constraints ensuring the proper
operation of the battery and PV system. Once the model is set
up, the simulation for a chosen day can be executed. The MPC
algorithm adjusted energy allocation based on real-time data,
optimizing the system’s performance across the 24-hour pe-
riod. The results of the simulation were then interpreted, con-
centrating on the energy supplied by each source, the battery’s
state of charge, and overall energy costs.

2.2. Mathematical Modelling

The MPC framework involved solving this optimization
problem at each time step over a 24-hour period. The optimi-
zation provided the optimal power scheduling for the next
time step, and then the horizon shifts forward, and the process
is repeated.

The mathematical model for this paper consists of an objec-
tive function to minimize grid costs, the optimized variables

SOC(t+1) = SOC(t) + (Ppy (t) (t) - Pipaq(t) (1)) / battery capacity

When the battery is discharging:

PPV(t) < Pload (t)

SOC(t+1) = SOC(t) - Pggss(t) / battery capacity  (5)
PV Generation Constraint:
Solar panel efficiency = 0.20;
Solar panel area = 2;
Ppy, = solar irradiance * solar panel efficiency * solar panel
area * Temperature (W).
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representing the power from PV, BESS, and the grid, and con-
straints that ensure energy balance, battery management, and
operational limits.

2.2.1. Objective Function

The objective of the MPC is to minimize the total cost of
energy consumption in a home over a 24-hour period.
Minimize J(X) = YM; Costgria * Poria(®) (1)

J(x) is the cost function to be minimized
N is the prediction horizon (in this case would be 24 hours)

Costg,iqis the cost of electricity from the grid
Pgriq(t) is the power drawn from the grid at time t

2.2.2. Optimized Variables

This identifies the power that needs to be supplied by each
power source at each time step. They are:

Ppy (t): power generated by the PV system at time t

Pgrss(t): power supplied by the battery at time t

Pgpiq4(t): power drawn from the grid at time t

2.2.3. Constraints

Load Balance Constraint: At each time step, the total power
supplied must meet the house’s energy demand.
Pioaa(t) = Ppy(6) + Pppss(t) + Poria(®)  (2)
Where Pj,,4(t) is the load demand of the house at time, t.
Battery State of Charge Constraint: The state of charge of
the battery must remain within its operational limits.

<

SOCpin SOC(t) £ SOCpax 3)
Where SOC(t) is the state of charge of the battery at time, t.
For this study

SO0Cpin =0.2

SO0Cpax =1

When the battery is charging:

PPV(t) > Pload (t)
“4)

The PV is set to only provide power between 6 AM and 6
PM.

If Ppy(t) >0

The priority of which energy source would be used to pro-
vide power is:

PV > BESS > Grid

If Ppy (t) > Pioqa(t)

charge power = min (Ppy, (t) - Poqa(t), Pgrss(t)) (6)

If SOC(t)< 1
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SOC(t) = SOC(t)+ charge power / battery capacity  (7)

Equality constraint at time, t = Pp,(t) - Pj,44(t) + charge power

If SOC(t) = 1

Pgpss(t) = charge power

®

3. Results

Users in the simulation can choose a certain day to predict
using historical data. Because of this, it is possible to analyze
trends in energy usage and optimize the schedule of power
sources on any given day. The best time to schedule photovol-
taic (PV) panels, battery energy storage systems (BESS), and

If Pgss(t) =0;

®)

grid electricity is then predicted by the Model Predictive Con-
trol (MPC) algorithm in order to reduce energy costs and max-
imize efficiency over the selected 24-hour period.

Figure 1 shows the load profile for a typical day. This graph
provides the baseline energy demand that needs to be met by
the combination of PV, BESS and grid power over a 24-hour
period. This profile is important because it helps us to under-
stand the energy needs of the home for a particular day and
how it fluctuates and for planning the optimal use of the avail-
able power sources. Figure 2 also shows the power supplied
by the PV panels based on the irradiance data gotten for the
particular day.

Load Profile

10

15 25

Time (hours)

Figure 1. Load Profile of The House.

Solar Power Output Profile

10

15 25

Time (hours)

Figure 2. Solar Power Output Profile.
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Figure 3 then compares the load profile with the power sup-
plied by the PV system, the battery output, and the grid power.
This comparison illustrates how each power source contrib-
utes to meeting the energy demand throughout the day. It high-
lights the interplay of several power sources. During daylight

hours, PV power plays an important role in meeting the load
demand, as shown in Figure 4. When PV power is insufficient,
battery and grid electricity are used to make up the difference.
This further shows the effectiveness in balancing power sup-
ply from various sources to meet load demand efficiently.

ng‘lparison of Load Profile, PV Power, Battery Output, and Grid Power

Load
————— PV Power
Grid Power
20 —— Battery Output |
Total Power
=15t
=
=
]
r—
ELE 0 e "“"\/\_‘-—/-' i ¥ |

10

15

Time (hours)

Figure 3. Comparison of power provided by the different power sources.

PV Power Supplied and Solar Power Available

/
A,/
~

w

/
/

> 4
7

() = = ———

0 5

Power (kW)

10

ﬁvib(;we;éupphodv ] ‘
|= = = Solar Power Avaiable |

~
"
-

\
\

(& R
- 05 &
(o] -
& O 5 10 15 20 25 ¢
Time (hours)
2 Grid Power Supplied
s
<
:
a |
8 L + 4 i
0 5 10 15 20 25
Time (hours)

Figure 4. PV Supplied and available, BESS output and SOC, supplied Grid Power.

The energy savings achieved through the various configu-
rations of the home energy management are significant,
demonstrating Model Predictive Control’s effectiveness in op-
timizing energy usage. The reference configuration that would
be used is just the grid power, which resulted in the energy use
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0f 427.806kwh over a 24-hour period for a chosen date of 14"
July. This energy consumption value would serve as the refer-
ence point for comparing the performance of other configura-
tions. When photovoltaic power is introduced as the only ad-
ditional power source, the total energy consumption from the
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grid dropped to 388.2061Kwh, representing a 9.25% reduc-
tion. This shows that PV systems can contribute to energy sav-
ing as it harnesses solar power during daylight hours.

Incorporating the battery energy storage system (BESS)
into the energy management strategy yielded even more sav-
ings. If the system relies only on the BESS and the grid, the
total energy from the grid decreased to 287.806Kwh, resulting
in a 32.72% reduction compared to using only the grid as the
power source. This shows the need for energy storage in min-
imizing the inconsistent nature of solar power and further en-
sures a consistent supply of power. The BESS stores excess
energy during periods where there is low demand in the resi-
dents, which causes it to be used during peak demand time,
hence resulting in the reduced need for grid power.

The most energy saving occurs when the PV and BESS are
combined with the grid power in the home energy manage-
ment system. In this optimal arrangement, the overall energy
usage of grid power was decreased to 248.2061 Kwh, showing

a41.98% reduction from the reference scenario (the grid only).

This arrangement takes advantage of the strength of both re-
newable energy generation and storage, making best use of
solar power throughout the daytime and storing energy for pe-
riods of no solar generation. The combination of PV with
BESS has a combined effect that results in the best energy ef-
ficiency. Table 1 shows a clear comparison of energy saving
across the different configurations.

Table 1. Summary of energy used in the house.

Energy Used From Energy Cost
Power Supply Used 1\ 0 Grid (KWh)  Saved
Grid Only 427.06 -
GRID + PV ONLY 388.206 9.25%
GRID + BESS ONLY  287.806 32.72%
PV + BESS+ GRID 248.2061 41.98%

Table 1 summarizes the added benefit of implementing re-
newable energy sources and storage devices into the energy
management strategy. The significant energy savings achieved
with the combined PV and BESS configuration highlight the
value of a holistic approach to home energy management.

4. Conclusions

The system can respond to fluctuations in energy demand
and supply better than static control approaches by dynami-
cally altering the operation of PV, BESS, and grid power based
on real-time data and forecasts. This adaptability guarantees
that the energy system functions at optimal efficiency, reduc-
ing waste and making the most use of available resources.

7

Although this paper focused on a constant pricing environ-
ment, incorporating varying electricity prices like a real-time
pricing system or a time-of-use pricing system, could provide
additional opportunities for optimizing energy costs and im-
proving overall system efficiency. The findings of this paper
revealed that MPC is a robust and efficient approach to man-
aging household energy resources. By predicting energy de-
mand and optimizing the use of PV, BESS, and grid power in
real-time, the system was able to significantly reduce energy
costs. Specifically, a 41.98% reduction in energy costs was
achieved, highlighting the potential of MPC to provide sub-
stantial financial savings for homeowners. Additionally, the
paper showed that MPC could maximize the use of renewable
energy sources, further contributing to the sustainability of
household energy consumption.

Abbreviations
MPC Model Predictive Control
DR Demand Response
PV Photovoltaic
SOC State of Charge
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