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Abstract: Due to failures or even the absence of an electricity grid, microgrid systems are becoming
popular solutions for electrifying African rural communities. However, they are heavily stressed
and complex to control due to their intermittency and demand growth. Demand side management
(DSM) serves as an option to increase the level of flexibility on the demand side by scheduling
users’ consumption patterns profiles in response to supply. This paper proposes a demand-side
management strategy based on load shifting and peak clipping. The proposed approach was modelled
in a MATLAB/Simulink R2021a environment and was optimized using the artificial neural network
(ANN) algorithm. Simulations were carried out to test the model’s efficacy in a stand-alone PV-battery
microgrid in East Africa. The proposed algorithm reduces the peak demand, smoothing the load
profile to the desired level, and improves the system’s peak to average ratio (PAR). The presence
of deferrable loads has been considered to bring more flexible demand-side management. Results
promise decreases in peak demand and peak to average ratio of about 31.2% and 7.5% through peak
clipping. In addition, load shifting promises more flexibility to customers.

Keywords: microgrid; neural network; demand response; energy storage; smart grid; demand-side
management; load shifting

1. Introduction

Undoubtedly, the availability, acceptability, efficiency and affordability of energy
are fundamental to advanced civilization and better quality of life [1,2]. Energy access
is essential in achieving healthy and productive households with a growing modern
economy [3]. Several reports advocate that the use of electricity by rural communities
in developing countries could be advantageous to its inhabitants, especially for services
related to water [4], agriculture, health, education and commerce [5,6]. Poor access to
electricity in rural areas has been linked to community development gaps, leading to rural
to urban migration and putting further stress on already strained urban infrastructure
systems [7–9]. However, in Sub-Saharan African countries, only about two-fifths of the
population has access to electricity, the lowest proportion in the world [3,10]. In East Africa,
the situation is still critical, since about 80% of the population has no or unreliable access
to electricity, the majority being people in rural areas [11,12]. Rural area electrification in
developing countries poses challenges in constructing power generation and transmission
networks [6]. Several studies have depicted that, despite the political efforts to improve
grid transmission and power generation, emphasis is more on the urban and industrial
loads due to their higher demand [13] and political relevance.
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Different solutions to bring electricity to rural areas include national grid extension,
stand-alone systems and microgrids [14]. Microgrids, small electricity networks, are pop-
ular solutions due to their ability to operate autonomously. They play a crucial role in
developing an electricity infrastructure built around renewable energy technologies that are
available locally at considerably reduced costs. Furthermore, microgrids can speed up elec-
tricity access to areas where grid extension is impossible within a short to medium period.
Microgrids have several advantages, such as their ability to create a decentralized system
of aggregated loads, and even in the scenario of interconnection, the option of operating
in an isolated mode [15]. However, microgrids face several setbacks regarding stability
and reliability due to their intermittent nature, the non-uniform distribution of renewable
energy resources and the stochastic behavior of energy needed to power loads [10]. During
periods of low renewable energy production, where the energy generated is insufficient
to cater to the increased demand, energy storage and/or load shedding are adopted to
address energy deficits [16,17]. Load shedding is when utilities intervene on the supply
side to reduce power consumption, whereby customers are disconnected for a particular
time [10,18]. Customers usually dislike this experience, as it is a source of several losses
and discomforts [18]. Other alternatives to cater for higher consumption are the use of
large storage devices, which are very expensive, and expansion of generation capacity,
which takes years in developing countries, particularly on the African continent [19–21].
Demand-side management (DSM) is the best approach for supply–demand matching by
which customer demand can be shaped to improve utilization factors and load balance [22].
In addition, DSM programs may defer capital investment in generation, transmission and
distribution networks and storage, and improve system load [23–25].

DSM can be implemented in several ways, and Figure 1 shows several categorizations
of DSM with associated load shapes. Peak clipping aims at reducing demand during peak
hours. Utilities achieve this control by incentivizing customers not to consume power
during peak hours, directly controlling loads or setting up higher prices. The method is
helpful in cases with no possibility of setting up or installing new power plants [23]. Valley
filling focuses on raising usage during periods of very low electricity profile to keep demand
and supply balanced, avoiding the startup and ramp-up costs of generators [26]. Load
growth is more common when using electric vehicles, where customers are encouraged
to increase usage up to a certain threshold for grid stability [27]. Load shifting gives
consumers options to shift their usage pattern to off-peak hours based on cheap tariffs.
It is the combination of load clipping and valley filling [10,12]. Flexible load shaping
is when consumers are flexible enough to shift their loads to different low usage slots.
Usually, customers willing to participate in this are identified and incentivized for their
participation [26,28]. Energy efficiency is when the overall load profile is lowered thought
the day by using more energy-efficient devices or through cyclic operation [29].
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2. Related Works

Several studies have been dedicated to demand-side management and load schedul-
ing over the years: The authors of [30] proposed an energy management framework for
appliances scheduling during peak and off-peak hours due to cost variations. Customers
could meet their daily energy requirements and save electricity costs, although the resulting
system was found complex. A strategy to decrease electricity costs through power usage
scheduling for both deferrable and non-deferrable loads was proposed, which led to the
creation of additional peaks during a period of low price of electricity [31]. The same
also happened when consumer load-scheduling targeting optimal demand management
caused more peaks in an incentive system [32]. In [33], control of domestic refrigerators
was performed to reduce peak demand and improve the voltage profile. The method was
successful without interfering with the quality of service. A real-time pricing mechanism
was achieved using bidirectional communication between customer and utility. Appliance
scheduling during peak and off-peak hours was possible through an intelligent system
without risking customer comfort [34]. An energy management model to minimize peak
energy consumption and electricity cost was proposed and implemented using the combi-
nation of modified, enhanced differential evolution (mEDE) and the grey wolf optimization
(GWO) algorithms [35]. Using the binary particle swarm optimization (BPSO) algorithm,
a DSM strategy was simulated in a MATLAB/Simulink environment to alleviate power
shortages in the Nigerian grid. The simulation results showed a reduction in the network
blackout areas per scheduled outage from 36.62% in the existing network to 14.08% in
the proposed network. Additionally, the load curve was maintained nearer to the desired
one [36].

By MATLAB/Simulink, demand-side management for household appliances is inves-
tigated by dividing loads according to their priority. Depending on the power generated
from sources, loads are able to switch themselves off/on. Results proved the economic
benefit of a real-time system versus a flat rate system, and improvement in electricity
bills was achieved [37]. A demand-side management (DSM) mode was simulated in a
MATLAB/Simulink environment to visualize the load profile before and after DSM for a
household in Bangladesh. By implementing three different DSM approaches, as shown in
Table 1, a better load profile was achieved, along with total power consumption and total
unit (kWh) consumption. This study is expected to be a tool to spread the benefits of DSM
and hence change electricity usage behavior among Bangladesh customers [38].

Table 1. Load profile before and after DSM for households in Bangladesh adapted from [38].

Measure for DSM Total (in kWh) Power Saved with
DSM (in kWh) Power Saved (in %)

Without DSM 47 0 0
Energy efficiency 33 14 29.78

Dynamic load control 43 4 8.51
Load shifting 47 0 0

Based on previous studies, most of the demand-side management strategies are imple-
mented in developed countries by combining the use of grid-connected microgrids [39–41],
more than one renewable energy source [42,43], electric vehicles [25] and different advanced
and costly storage techniques to assist load scheduling and peak reduction. Therefore,
the authors have concluded that DSM has not been fully utilized in East Africa, and the
concept of using flexible loads is not emphasized. Additionally, there is limited research
on stand-alone systems fully supplied by RES, a standard solution for microgrids in East
Africa. This study contributes with the less complex way of reducing storage cost and
depletion through load shaping to enhance load curve adaptation towards the availability
of solar power. In East Africa, the current regulations do not support grid integration
of microgrids and other renewable energy technologies that can enhance grid stability.
Additionally, East African communities face a scarcity of energy capital, making generation
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capacity far below optimal and undersized generation capacity common. This study is
ideal for such microgrids.

In this work, we used two DSM methods in a model solar PV-battery microgrid
using actual measured data of demand and irradiance to demonstrate the usefulness of
efficient use of power that is still lacking in East Africa. A model system was simulated in
MATLAB/Simulink with possibilities of deferrable loads that can participate in DSM. The
main contributions of this work are listed below.

• Load shifting and load clipping DSM approaches were adopted for a typical microgrid
in East Africa.

• Substantial power saving can be achieved through generation-demand matching
without deep discharge of the battery storage.

• The overall load profile is improved by widely exploiting the available renewable
energy resources, hence reducing total dependence on storage and the national grid,
both of which are scarce in Africa.

The subsequent sections of the paper are organized as follows. Section 3 elaborates
on the methodology, model development and simulation. Section 4 contains the detailed
results and discussion, and Section 5 concludes the paper.

3. Materials and Methods
3.1. Modelling of the Case Study

The case study in this work is a microgrid located in East Africa, which is supplied
with solar PV coupled with battery storage. The given microgrid is an isolated microgrid
without a grid connection.

3.2. Load Categorization

According to literature, residential loads are classified into the following three cate-
gories based on power or time flexibility:

(1) Shiftable interruptible load,
(2) Shiftable non-interruptible load,
(3) Consistent load.

The shiftable interruptible load comprises appliances whose operations can be in-
terrupted and scheduled to operate at any time, for example, personal computers, water
pumps, electric iron and microwave ovens. The shiftable non-interruptible loads cannot
be interrupted during operation, but they are flexible to be operated at any time. These
include appliances such as blenders and washing machines. Consistent loads are appliances
that are required to run almost all the time, for instance, fans, refrigerators and water dis-
pensers [44]. Appliances have been further categorized as time-shiftable, power-shiftable
and critical appliances by the authors of [35]. Time shiftable appliances are those whose
starting time can be shifted to any time slot within a scheduling time horizon, and they
can tolerate delay. The appliances are flexible to being shut down, shifted or delayed
when necessary, although they operate with a fixed power rating, for example, washing
machines and dishwashers. Power-shiftable appliances’ power can be changed between
their minimum and maximum values based on environmental status variations during
the time horizon. They can decrease or increase power use under some circumstances;
as examples, take electric heaters and air conditioners [45]. Critical appliances cannot be
interrupted or shut down until their operations are completed. They operate at fixed power
ratings and can only be delayed or shifted before starting the process; otherwise, user
comfort will be compromised.

Table 2 represents household appliance categories from [44] and the related on/off
times as described by the study performed in Bangladesh [38]. The appliances with almost
similar characteristics to African ones were used to simulate this case study. A decision on
the rating of deferrable loads to be switched on/off or shifted was made. It is noted that
the profiles will not be the same, since no two appliances can be of the same ratings and
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used for the same program all the time [46]. In addition, [47] estimated shiftable demand
by subtracting base demand from its peak for the days with similar characteristics. This
background gave the basis for evaluating this study’s deferrable load profile, as shown
later.

Table 2. Household appliances categories, ratings and hours of operation [23,44].

Appliance Category Appliance Name Power Rating
(kW)

Hours of
Operation/Day

Shiftable interruptible
Personal computer 0.03 4

Microwave 1.5 0.5
Pump (41 m, 75 LPM) 0.9 4

Shiftable
non-interruptible

Blender 0.3 4
Iron 1 2

Washing machine 0.5 2

Consistency
Refrigerator 0.3 6

Fan 0.05 8
Water Purifier 0.5 9

A MATLAB/Simulink-based model has been implemented to simulate the proposed
idea. A microgrid model with possible shiftable loads was simulated for 24 h, starting
from midnight and running for the next 24 h. Figure 2 shows the block diagram of the
model in Simulink, in which a three-phase system was connected to a battery and solar PV
with consumer loads. Irradiation measurement and battery state measurement were also
connected. Two management subsystems, which represent DSM by load shifting and peak
clipping, will be discussed further.
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The total load was divided into deferrable and non-deferrable load to enhance switch-
ing on/off loads during peak and off-peak hours. Figure 3 represents the simulation of the
two categories of load in Simulink.
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Figure 4 shows the energy inlet and outlet from the microgrid, including the battery’s
state of charge (SOC).
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3.3. Artificial Neural Network

An artificial neural network (ANN) is associated with an information processing
system that uses a mathematical model inspired by biological neurons. Based on internal
or external information in the network, an ANN can adapt, learn and change its structure
to create a precise relationship between variables [50,51]. In the ANN model, nodes called
neurons are directly interconnected to form a neural network for distributed parallel
processing, as depicted in Figure 5. Mathworks Matlab ANN Toolbox software was used
for the simulation. Three layers of feedforward architecture, namely, input, hidden and
output layers containing 2, 20 and 1 neuron(s), respectively, were used. The training
algorithm that performed better was the Levenberg–Marquardt Algorithm. The algorithm
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converged to a quadratic error of 10-2 at 40 steps, and regression close to 1 showed a close
correlation between outputs and targets, as shown in Figure 6.
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In Figures 8 and 9, the two DSM strategies (load shifting and peak clipping) are further
explained. The approaches make use of ANN to achieve the results. The use of switches
allows control of the on and off time of the shiftable loads. Unlike Figure 9, Figure 8 uses a
multiport switch with an additional input number 3 with an asterisk symbol to achieve load
shifting. This input takes care of hours of off-peak electricity, allowing loads to be added.
When the control signal detects neither 1 for peak clipping nor 2 for regular operation, it
jumps to 3 to enable load addition.
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The input data provided to the ANN control scheme were the consumer usage and the
time horizon of the day (24 h). Outputs were the interruptible loads switching conditions
that decreased or increased loads during peak or off-peak times. The overall horizon
was 24 h; based on this; the ANN returned instructions for generated signal pre-defined
deferrable loads to either switch off/on or shift to other time of the day depending on the
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4. Results and Analysis
4.1. Basic Case

This work employed the dataset from one of two microgrids at Bunjako, an island in
Uganda (East Africa). This specific microgrid has a total installed solar capacity of 80 kWp.
The two existing isolated microgrids plus another planned mini-grid aim to power four of
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the eight villages on the island, targeting a combined total of 500 connections. Figure 10
shows the total daily power consumption profiles of the customers connected to one of the
mini-grids for a period spanning July 2021 to September 2021, sampled into a daily load
profile. Peak demand of about 5 kW was observed between 1800 to 2200 h, implying that
most of the customers are back home and have switched on various electric appliances, for
example, lights, fans, televisions and so forth. Demand–response strategies and control
werew not considered or implemented in this case. Figure 11 shows the median, average,
maximum and minimum power consumed from the grid in a 24 h time horizon. The
average electricity demand of the data samples ranges from 1000 W to 2000 W, with a total
range from a minimum of about 750 W to a maximum of 5000 W. The median and average
values are closely related, and all the profiles peak in the evening, a typical load profile for
users in the village.
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Figure 11. Median, average, maximum and minimum power consumed from Bunjako microgrid
(from July to September 2021).

Electricity consumption significantly depends on the day, whether weekend or week-
day and the types of activities taking place on that day. It may further depend on several
factors, such as whether people stay at home most of the time; the kinds of people present
in the households, e.g., students; and the nature of economic activities. The box plot in
Figure 12 shows the variation in power consumed for different days of the week. The
central line on each box plot represents the median value, and the dots are the outliers.
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Figure 12. Variation in power consumed for different days of the week.

The analysis was performed by considering a week in February for which the irra-
diance was measured using irradiation sensors. The aim was to see the trend and the
fitting between the load profiles and irradiation, hence generating solar power. Figure 13
shows the measured power consumed and Figure 14 shows the measured irradiance from
22–28 February 2022.
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Figure 15 compares the average hourly power consumed and minimum irradiance
measured at the Bunjako microgrid (0◦0′10′′ N, 32◦8′4′′ E). As is typical, average irradiation
peaks around 11 am and after that declines, and the power consumption displays an
increasing trend during the hours of waning and no irradiance [52]. The solar power output
generated, as shown in Figure 16, was estimated using the following global formula [53].

Solar power generated (in W) = A× r× I × PR

where

A = total area in meters squared of the solar panel (For this case study the total area is
900 m2);
r = percentage solar panel yield efficiency (here it is 20.4%);
I = solar irradiance (in W/m2);
PR = performance ratio (0.75, default value).
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Figure 17 represents measurements of the microgrid model before DSM. The model
takes irradiance and demand data from the measurements, and accordingly, the profile of
deferrable loads is decided on based on the peak and base load profile.
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Figure 17. Simulink measurement results before the application of DSM in Bunjako Island.

4.2. Effect of Peak Clipping

Peak clipping is achieved using an energy controller or switches. The energy consump-
tion trend is monitored; if it approaches unwanted levels, the controller switches deferrable
loads off. Examples of deferrable loads that are eligible to be switched off are washing
machines, pumps, and water purifiers. In this work, the loads to be shut down are decided
based on consumer priority and hence grouped as deferrable and non-deferrable loads.

Figure 18 represents power usage reduction through DSM using the peak-clipping
strategy. A significant improvement in the load profile can be observed: A decrease of
about 31.2% in peak demand. This method shows a remarkable improvement in the PAR
of the system, as shown in Table 1. However, a question regarding customer comfort
exists, as discussed by [10,54], regarding the importance of considering priority for both
utility and customer points of view. The obtained results show better applicability than
the ones in [24], where the authors performed peak clipping DSM using a mixed integer
linear programming model and a considerable amount of energy, equivalent to 24.14 $/kW.
However, the methodology involves the interaction of microgrid with grid power, which
is not a typical case for microgrids in East Africa. Additionally, the results are further
differentiated from those in [55], in which peak clipping was achieved by trying to purchase
less energy from the grid and use most of the energy from the battery, which is a costly
solution in the East African scenario.
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Figure 18. Load profile before and after DSM (peak clipping) in Bunjako Island.

4.3. Effect of Load Shifting

Figure 19 represents DSM through load shifting. A close look at the simulation results
shows that deferrable load operation was shifted within the 24 h of a day. Most of the
operation was taken towards hours when the solar irradiance is higher to reduce storage
needs. Shifting most of the usage pattern towards hours of more generation gives a window
for most critical loads whose operation cannot be stopped to be supplied even during peak
hours, as shown in the results for around 18:00–19:00. Critical loads, such as security
systems and fridges, have strict energy necessities, and once their operation is initiated, it
becomes hard to reschedule [56]. However, adaptable and manageable appliances can be
rescheduled from peak hours to off-peak ones if the demand for these devices cannot be
satisfied [57].
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Figure 19. Load profile before and after DSM (load-shifting), 24 h system, Bunjako Island.

During peak hours, the clipping scheme keeps energy consumption and discomfort
lower by switching off excess loads. Load shifting allows rescheduling of appliances to
off-peak hours with less energy consumption reduction, as shown in Figure 20. The results
comparable to those in [56]. Likewise, a MATLAB simulation of load shifting considering
solar output was implemented using deferrable and non-deferrable loads. Results are
showed a peak demand reduction of about 45% in the main grid [53].
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Figure 20. Load profile before and after DSM (peak-clipping and load-shifting).

Figure 21 compares the estimated solar generation profile and demand before and
after applying DSM. It can be observed that the consumption was shifted to hours with
more solar production and clipped during less production. These results are essential for
improving overall system stability and sustainability.
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Figure 21. Comparison of solar generation and demand before and after DSM.

Table 3 represents the statistical parameters of the profiles before and after DSM. The
parameters displayed are the maximum (largest) and minimum (smallest) values of power
consumed within the 24 h time horizon. Peak to peak power represents the difference
between the maximum and minimum values of power consumed before and after DSM.
The mean and median values are the average and median of all the values within the
original load profile and profiles after DSM. The other statistical parameters are the root
mean square value of power consumed. Maximum and minimum hours represent the
maximum and minimum hours (the time of day) in which the maximum and minimum
mini-grid demand occur, respectively. The calculated peak-to-average ratio (PAR) and the
percentage reduction in peak after DSM are shown.
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Table 3. Statistical parameters of profiles before and after DSM.

Statistical Value Original Profile Load Shifting Peak Clipping

Maximum power (kW) 8.970 8.890 6.170
Minimum power (kW) 2.200 2.200 2.200

Peak to peak power (kW) 6.770 6.690 3.970
Mean power (kW) 4.899 4.903 3.645

Median power (kW) 4.989 5.000 2.899
RMS power (kW) 5.289 5.190 3.873

Maximum load hour 19 12 13
Minimum load hour 4 4 4

PAR 1.831 1.813 1.693
% Peak reduction 0.000% 0.892% 31.215%

4.4. Peak to Average Ratio (PAR)

PAR measures how an electric system’s reliability and efficiency are affected by peak
electricity consumption. It is calculated as the ratio of the peak to time-averaged power
level. Customers’ power consumption behavior directly affects the peak consumption
of the system. By maintaining the balance between supply and demand, PAR can be
minimized, which benefits both utility and consumer. One of the primary goals of DSM is
PAR minimization, and hence maintaining reliability and stability of the grid. PAR is given
as follows,

PAR =
Max (Power)

1
24

(
∑24

t=1 Power)

The plotted histogram, as shown in Figure 22, compares the PAR of demand profiles
before and after DSM using the two approaches. The profile before DSM has a PAR of 1.831,
whereas PC DSM and LS DSM have PAR of 1.693 and 1.813, respectively. Less reduction
in PAR in the case of load shifting resulted from the generated peak power consumption
(see Figure 19) after the loads were shifted. It can be seen clearly from the results that peak
clipping performed better in terms of minimizing PAR, having comparable results with
Load shifting. The results match those in [58]. Those authors performed load scheduling of
appliances using binary particle swarm optimization. The results showed a reduced PAR
from 1.85 to 1.42 for commercial loads, 1.23 to 0.96 for home and agricultural loads and
1.85 to 1.42 for industrial loads.
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5. Conclusions

In this work, we proposed scheduling household appliances based on load shifting
and peak clipping through DSM. We simulated the scheme in a MATLAB/Simulink envi-
ronment. The concepts of shiftable and non-shiftable appliances were modelled considering
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their operating times and the possibility of rescheduling. The proposed method was tested
using real-time data of a solar microgrid in East Africa for 24 h days. After applying the
proposed DSM strategies, it was observed that the load profile matched better with the solar
generation, since most of the usage pattern was shifted to hours of more power generation,
as shown in the results. This method provides a framework for more sustainable rural mi-
crogrids through properly utilizing renewable sources. A decrease in power consumption
from the microgrid promises grid stability, and thus subsequent saves expenses. Therefore,
the proposed method efficiently reduces energy consumption during the unavailability of
the sun. Due to the improved matching of load to generation, the required storage capacity
can be reduced.
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Nomenclature

ANN Artificial Neural Network
BPSO Binary Particle Swarm Optimization
DSM Demand Side Management
GWO Grey Wolf Optimization
LS Load Shifting
LPM Liters per minute
MATLAB Matrix Laboratory
PAR Peak to Average Ratio
PC Peak Clipping
PV Photovoltaic
RES Renewable Energy Sources
SOC State of Charges
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