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The increasing power demand, transmission line congestion, and increasing
electricity traffic necessitate the effective implementation of demand-side man-
agement (DSM) strategies to improve energy efficiency and sustainability. This
research presents an optimized DSM framework for large power consumers in
the Western Cape municipality, utilizing particle swarm optimization (PSO)
integrated with machine learning improved prediction algorithms to achieve
peak clipping and reduce peak load power demand under real-time pricing
conditions. The developed algorithms were validated using actual energy con-
sumption data from large industrial customers in the Western Cape province.
Simulation results indicate that the PSO-driven DSM framework significantly
reduces peak demand, improves the load factor, and offers substantial cost
savings compared to conventional load management techniques. This study
highlights the potential of intelligent optimization methods to support mu-
nicipalities and major energy users in adopting more flexible, affordable, and
sustainable energy consumption practices.
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1. Introduction

Demand-side management (DSM) plays a vital
role in modern power systems by strategically
managing consumer electricity usage to improve
overall grid stability and operational efficiency. 1

Through DSM programs, utilities aim to reduce
peak load, balance demand and supply, and op-
timize overall network performance. 2 As DSM
practices evolved over time, integrated resource
planning was introduced, broadening the scope
of traditional planning by incorporating DSM re-
sources into the power system alongside supply-
side options to ensure a more balanced and effi-
cient approach. 3 Some of the commonly applied

DSM methods include peak clipping, which re-
duces demand during high-load periods, and load
shifting, in which demand is shifted to off-peak
periods. 4 The concept of DSM gained substan-
tial momentum during the 1970s and 1980s, as
utilities and regulators viewed it as a means to
mitigate supply growth in response to rising en-
ergy demand, the oil crisis, and growing environ-
mental awareness. 5

More recently, advancements in smart grid
technologies have enabled the integration of
both model-based and model-free approaches to
DSM, enhancing the efficiency and reliability of
grid operations by leveraging distributed energy
resources and adaptive learning strategies. 6,7
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Among these approaches, particle swarm opti-
mization (PSO) has emerged as one of the most
widely used optimization techniques in DSM ap-
plications, primarily due to its ability to han-
dle complex and nonlinear scheduling problems.
It has been successfully employed to optimize
load patterns, increase grid performance, and re-
duce overall operation costs. 8 Moreover, PSO
has demonstrated strong compatibility with real-
time analytics and demand-response systems, ef-
fectively mitigating peak demand challenges. 9

A well-designed algorithm can perform com-
putations far more efficiently than an inefficient
one, even without changes to the underlying hard-
ware. This implies that improvements in algo-
rithmic design can, in effect, make computers
“faster.” Techniques such as precomputing com-
ponents of a problem or streamlining solution
methods exemplify how intelligent algorithm de-
sign can significantly enhance overall computa-
tional efficiency. 10? ,11

Nevertheless, when the availability of renew-
able energy generation is low, offset measures such
as regulated demand curtailment or the use of
energy storage alternatives are usually essential.
These conventional emergency methods, such as
load shedding, in which certain consumers are
temporarily disconnected, remain controversial
because of their adverse social and economic im-
pacts. Large-scale energy storage systems or grid
reinforcement can serve as alternatives in many
developing regions, but their implementation is
often limited by high capital cost and long de-
ployment timelines.

Recent advances in DSM have emerged
through collaborative efforts among utility com-
panies, environmental experts, and policymak-
ers to maximize energy use and promote sus-
tainability goals. 13 Inspired by natural phenom-
ena such as bird flocking and fish schooling,
a population-based stochastic algorithm known
as PSO was first introduced by Kennedy and
Eberhart. 5 Its simplicity and proven ability to
identify optimal solutions for complex, nonlin-
ear, and multi-dimensional problems have con-
tributed to its widespread adoption across mul-
tiple engineering domains. 14 PSO facilitates the
exploration of solution space through information
sharing among particles, thereby enabling con-
vergence toward optimal solutions. 15 In the field
of DSM, PSO has been utilized to enhance load
management, improve demand balance, and opti-
mize energy use planning systems.

Peak clipping focuses on reducing power re-
quirements during peak periods through direct

load regulation, tariff-based incentives, and cus-
tomer engagement measures. 16–18 This relieves
pressure on the electricity network and reduces
dependence on peaking power stations, which
are typically expensive. Instead, the load shift-
ing process utilizes time-of-use (TOU) pricing
incentives and other mechanisms to encourage
consumers to shift their consumption from peak
hours to off-peak periods. 19 In addition, flexible
load shaping dynamically adjusts the load pro-
file (LP) of consumers to optimize grid utilization
during times of low demand. 20

Other energy efficiency measures, such as the
use of high-efficiency appliances, smart control
systems, and duty cycling, also reduce aggregate
energy consumption levels. 21 This study presents
an analysis of how PSO can be applied to optimize
multi-objective DSM strategies and create adapt-
able frameworks that respond to grid conditions
in real time. It involves commercial customer LPs
in the Paarl area, which are typified by clear highs
and lows of LPs. These trends imply the neces-
sity of refined load control: drastic decreases in
demand can be caused by scheduled maintenance
or interruptions, and high usage during peak busi-
ness hours puts much stress on infrastructure and
increases operational costs. 22,23

Using the analysis, the significance of DSM
methods, comprising load shifting and peak clip-
ping, can be described in terms of enhancing
system reliability and reducing operational costs.
Incentive-based demand response, automated de-
mand response (ADR), 24 and TOU tariffs are
recent innovations that have been shown to be
effective in curbing peak demand and enhanc-
ing customer engagement in DSM. Nevertheless,
these tariff structures are being refined to bet-
ter align customer-sited energy technologies with
grid efficiency objectives. Storage technologies,
in particular, are well positioned to respond to
such residential price signals by enabling cus-
tomers to arbitrage between high and low retail
prices, for instance, by shifting consumption un-
der a TOU tariff or balancing import and export
under a net billing tariff, although these meth-
ods are usually limited in terms of their scalabil-
ity, adaptability, and responsiveness to changes in
grid dynamics. 25,26

PSO is a well-established heuristic optimiza-
tion technique, widely recognized by the techni-
cal community for its stability and effectiveness
in solving complex, nonlinear optimization prob-
lems. Although PSO has demonstrated signifi-
cant potential in several DSM applications, the
current models are mostly limited to simulations
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or restricted to general datasets with limited ver-
ification using real-world utility datasets. More-
over, there is little research focused on integrating
heuristic optimization with artificial intelligence
(AI) and machine learning (ML). The machine-
learning improved prediction (MLIP) formulation
for one-dimensional cutting stock problems inte-
grates the most common objectives into a sin-
gle framework, with particular focus on reducing
trim loss, that is, leftover material too small to be
reused, while enabling adaptive control and pre-
dictive load management. 27–29

A comprehensive review of the literature high-
lights critical gaps that hinder the widespread
adoption and effective performance of intelligent
DSM systems. A primary limitation is the fre-
quent reliance on synthetic or assumed LPs,
which reduces the practical applicability of op-
timization outcomes to real power grid opera-
tions. In addition, traditional heuristic methods,
including conventional PSO, often exhibit chal-
lenges such as premature convergence and inad-
equate handling of system constraints under dy-
namic and uncertain operating conditions. An-
other notable shortcoming is the limited incor-
poration of predictive analytics, which is essen-
tial for enabling real-time, data-driven decision-
making in DSM strategies. Although peak clip-
ping and load shifting are well-known DSM tech-
niques, this study introduces an MLIP-based ap-
proach to enhance load management effectiveness.
Using real-world data from Somerset West, the
MLIP-based approach demonstrates significant
reductions in peak demand (down to 0.2MW)
while shifting loads to off-peak periods, providing
practical insights for utilities and grid operators.
Compared to traditional PSO-based DSM meth-
ods, the proposed strategy achieves improved cost
savings, lower peak-to-average ratios, and reduced
load variability, offering a replicable framework
that advances both the methodology and practi-
cal application of DSM for more efficient power
system operation. 30,31

In response to changing demand patterns, ML
approaches that enable adaptive and anticipa-
tory load management are rarely incorporated
into current DSM frameworks. Furthermore,
most theoretical DSM models have not been suf-
ficiently translated into practical applications;
for instance, reliable tools and simulations—such
as those created in MATLAB—suitable for op-
erational use by utility companies are still in
their infancy. Finally, few studies provide spe-
cific, evidence-based recommendations that could
guide regulatory frameworks or influence energy
policy decisions, highlighting weak connections

with policy development. Addressing these gaps
is essential for advancing DSM into a sophis-
ticated, perceptive, and policy-relevant solution
for contemporary energy systems, facilitating de-
mand forecasting, cost-effective peak reduction,
and seamless integration of renewable energy
sources, thereby addressing both technical and
economic challenges in modern power systems.

Several key contributions of this study, encom-
passing both methodological innovation and prac-
tical significance in DSM, are summarized below:

(i) The study utilizes PSO to optimize DSM
strategies for improved energy efficiency
and to effectively reduce grid congestion.
The integration of MLIP and conventional
PSO techniques in DSM provides valuable
insights into intelligent, adaptable, and
predictive energy management.

(ii) The energy consumption LPs of large
power users from the Paarl area, within
the City of Cape Town Metropolitan Mu-
nicipality, are used to validate the pro-
posed model. This ensures the reliability
and practical applicability of the results.
The simulation results demonstrate signif-
icant improvements in energy consump-
tion, load distribution efficiency, and grid
resilience.

(iii) The study promotes the adoption of data-
driven, predictive DSM frameworks and
provides insightful guidance to help utility
companies, end users, and policymakers
in supporting the development of a more
intelligent and sustainable energy infras-
tructure.

2. Demand-side management
formulation problem

Throughout the day, energy consumption fluctu-
ates significantly, with periods of peak demand
placing a substantial burden on the power infras-
tructure and leading to higher electricity prices.
Load-shifting techniques aim to lower energy use
during peak hours, thereby reducing peak de-
mand. Conventional DSM techniques rely on
fixed load reduction methods, which may not be
the most effective means of ensuring grid stability
and achieving cost savings.

To evaluate the effectiveness of the proposed
PSO framework in a real-world context, this study
applies the model to empirical energy consump-
tion data obtained from a commercial customer
located in Paarl, South Africa. The dataset covers
a 1-year cycle, from July 2024 to June 2025, and
reflects daily and seasonal fluctuations in LPs.

73



A. Mpaka and S. Krishnamurthy / IJOCTA, Vol.16, No.1, pp.71-90 (2026)

The identity of the commercial customer will not
be disclosed due to privacy and data protection
considerations.

The optimization scenario aims to control de-
mand through load shifting, thereby minimizing
total electricity costs and alleviating the burden
on the power grid during periods of highest de-
mand. The model is designed to transfer up to 1
MW of electrical load between peak and off-peak
periods based on TOU electricity tariffs. This
comparative analysis enables the evaluation of the
PSO-based strategy’s operational and economic
benefits under real consumption conditions.

2.1. Mathematical formulation problem

Peak clipping and load shifting are key DSM
strategies aimed at reducing total energy costs by
optimizing LPs over time. Mathematically, the
problem is formulated as an optimization model
where the objective is to minimize the total cost
of electricity consumption while satisfying system
and operational constraints.

The objective function is to minimize total en-
ergy cost:

Ctotal = Cpeak + Coff−peak (1)

Cpeak =
∑

h∈peak
Lh .Ppeak (2)

Coff−peak =
∑

h∈off−peak

Lh .Poff−peak (3)

where Lh is the load at hour h, and Ppeak,
Poff−peak are peak and off-peak prices, respec-
tively.

The optimization problem aims to minimize
the load operating cost, defined as the total of
P (t)×Crate(t) across all time intervals, while en-
suring that the peak load does not exceed 0.2
MW:

Minimize : C =
∑
t

(P (t) × Crate(t)) (4)

subject to Ppeak ≤ peak demand.

2.2. Method 1: Peak clipping

Peak clipping is a significant DSM approach that
establishes a “ceiling,” which limits the supply of
power during periods of peak load to prevent full
power utilization and minimize peak demand rat-
ings in electric power systems. Peak clipping can
be calculated using Equation (5):

Pclipped(t) = min(P (t), PMAX) (5)

where PMAX represents the upper allowable load
limit, and P (t) denotes the actual power demand
at a given time t. This equation balances the load
and reduces stress on the power grid that would
otherwise result from constant high demand.

In this study, load clipping was incorporated
into the optimization model to impose operational
constraints, reduce costs associated with peak de-
mand, and promote smoother and more efficient
grid operation.

2.3. Method 2: Load shifting

Load shifting is a widely used DSM technique
aimed at redistributing the electrical load from
peak periods to off-peak hours without affect-
ing the total amount of energy consumed. Such
planning reduces the imbalance between supply
and demand, enhances grid reliability, and lowers
overall energy cost. Load shifting can be calcu-
lated using the following equations:

Pshifted(t) = P (t)−∆P (t) (6)

∆P (t) = Pexcess(t)× S(t) (7)

In Equation (6), P (t) represents the ini-
tial power demand at a particular time t, and
P shifted(t) represents the altered load after the
shift is applied. ∆P (t) indicates the amount of
load shifted.

Equation (7) illustrates how the excess load
Pexcess(t) is multiplied by a shift factor S(t),
which determines the proportion of excess load
that must be shifted based on control logic or sys-
tem conditions. This formulation is dynamic and
adaptive, allowing the redistribution of loads dur-
ing peak periods and the optimization of energy
use within system limits.

2.4. The optimization method for load
shifting and peak clipping in the
demand-side management system

Optimization techniques are essential for the ef-
fective implementation of DSM strategies. One
of the most widely used techniques is PSO, which
can be easily implemented and has been shown to
be highly effective in solving complex optimiza-
tion problems. This section discusses the poten-
tial challenges of applying optimization methods
to DSM and provides a qualitative assessment of
using PSO to enhance key DSM objectives, specif-
ically peak clipping and load shifting. Addition-
ally, it highlights the main advantages and limi-
tations of employing PSO within this context.

DSM comprises a set of measures aimed at
controlling energy system operations by managing

74



Optimized demand-side management for large power consumers...

consumer usage in real time. These programs seek
to modify existing consumption patterns to better
align with energy supply and demand, as shown
in Figure 1. Successful DSM programs can lead to
significant changes in consumer energy consump-
tion patterns, thereby influencing the total load
experienced by power utilities. DSM initiatives
have the potential to reduce electricity costs and
promote a more stable and reliable energy system
by restructuring major components of the electri-
cal distribution network, which involves LP shap-
ing and maximum demand management. Such
behavioral adjustments not only improve system
reliability but also provide economic benefits for
both utilities and end users.

2.4.1. Load shifting

Various methods were employed for load shifting:

(i) TOU tariffs: The simplest and most com-
mon load-shifting method involves the use
of TOU tariffs. Through time-based elec-
tricity pricing, consumers are incentivized
to reduce their usage during peak periods
and shift consumption to off-peak hours.

(ii) ADR: ADR systems operate within smart
grids and utilize advanced metering in-
frastructure to adjust loads based on con-
trol signals. For example, real-time load
shifting 24 is enabled through widespread
adoption of the OpenADR standard in the
United States.

(iii) Peak load control devices: Devices in-
stalled at consumer premises can auto-
matically reduce or postpone the opera-
tion of non-essential devices during peak
hours. Such devices have been shown to
achieve substantial load reduction in pre-
vious studies.

2.4.2. Peak clipping

In modern energy management, peak clipping has
become a vital strategy for enhancing power grid
efficiency and sustainability. It involves reduc-
ing the maximum load during periods of peak
demand, thereby minimizing the need for addi-
tional, often less efficient, power generation re-
sources.

Methods for peak clipping include:

(a) TOU pricing

A common approach to peak clipping is the imple-
mentation of TOU pricing. TOU pricing entails
a time-based electricity tariff structure designed
to encourage consumers to adjust the timing of
their energy use. Studies have shown that TOU
pricing can significantly reduce peak loads when

consumers adjust their consumption patterns in
response to the prevailing pricing schemes, as they
seek to benefit from lower electricity rates during
off-peak hours. 32,33

(b) Critical peak pricing

Another approach that involves applying higher
prices during critical peak periods is critical peak
pricing (CPP). The strategy provides a strong fi-
nancial incentive for consumers to reduce their
electricity consumption during such periods. Pre-
vious studies have indicated that CPP holds
strong potential for peak load reduction, partic-
ularly when combined with consumer awareness
programs and the implementation of real-time
feedback mechanisms. 34

(c) ADR

ADR is a technology-driven system designed to
automatically reduce load during peak periods.
ADR systems can be integrated with smart me-
ters and home automation technologies. Through
the use of smart meters, appliances, as well as
heating, ventilation, and air conditioning systems,
in a residence can be controlled based on sig-
nals provided by the utility. This approach has
demonstrated enhanced reliability and efficiency
in peak clipping, as it minimizes the need for man-
ual intervention. 35

2.5. Particle swarm optimization

The proposed approach aims to successfully co-
ordinate electricity consumption through peak
clipping and load shifting strategies. The pri-
mary objective of these strategies is to reduce
the system’s peak load and flatten the overall LP,
thereby enhancing grid stability and operational
efficiency. Furthermore, this methodology seeks
to lower operational costs in residential load man-
agement through the integration of renewable en-
ergy sources, including photovoltaic systems and
energy storage batteries. 36 A key objective of this
load management initiative is to reduce electricity
demand during peak periods, particularly within
the constrained evening hours.

Consumers participating in DSM programs
operate under tariff agreements, in which they
receive compensation for any surplus energy fed
back into the grid. This general strategy can be
adapted to accommodate a wider range of con-
sumers with different operating conditions and re-
source capacities, thereby enhancing participation
and overall program effectiveness.

PSO is an evolutionary optimization tech-
nique inspired by the collective behavior observed
in natural swarms, such as flocks of birds. PSO
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Figure 1. Demand-side management techniques: (A) peak clipping and (B) load shifting

employs an iterative model to optimize an objec-
tive function by continuously improving the po-
sitions of individual agents (also referred to as
particles) in the solution space, until the swarm
converges to an optimal or near-optimal solution.
With respect to DSM, PSO has been applied to
minimize peak demand through the smart redis-
tribution of electrical loads within predetermined
operational constraints, thereby achieving effec-
tive peak clipping and load shifting. 37

2.5.1. Particle swarm optimization algorithm
for demand-side management
application

To identify the optimal load distribution path and
energy storage configuration, PSO is applied to
achieve effective peak clipping.

The optimization problem seeks to mini-
mize a fitness function f(X), where X =
(x1,x2, ..., xD) represents a candidate solution in
a D-dimensional search space.

A swarm consists of N particles, and each par-
ticle i has:

(i) Position vector: xi(k) = [xi,1(k), . . .,

xi,D(k)] at iteration k. (8)

(ii) Velocity vector: vi(k) = [vi,1(k), . . .,

vi,D(k)] at iteration k. (9)

Each particle remembers the best position it
has visited (i.e., the position corresponding to the
lowest fitness value):

pbesti = arg min
xi(j),j≤k f(xi(j)) (10)

The swarm keeps track of the best position
among all particles:

gbest = argmin
i=1,...,N f(pbesti ) (11)

Velocity and position are updated for each
particle i and dimension d as follows:

vi,d(k + 1) = w · vi,d(k) + c1 · r1
(
pbesti,d − xi,d (k)

)
+c2 · r2

(
gbestd − xi,d (k)

)
(12)

xi,d(k + 1) = xi,d(k) = vi,d(k + 1) (13)

X(t+ 1) = X(t) + V (t) (14)

V (t+ 1) = ω · V (t) + c1 · r1 · (Pbest −X(t))

+c2 · r2 · (Gbest −X(t))
(15)

where:

(i) ω is the inertia weight (0.7).
(ii) c1 and c2 are the acceleration constants

(1.5 each).
(iii) r1 and r2 ∼ U(0, 1) are random scalars.
(iv) pbesti,d is the personal best position.

(v) gbestd is the global best position.

(a) Electricity tariff The electricity tariff at each

time step t is determined by considering the sea-
son, type of day, and hour:
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Price(t) =



HighPeakPrice, t ∈ High-season peak hours

High StandardPrice, t ∈ High-season standard hours

HighOffPeakPrice, t ∈ High-season off-peak hours

LowPeakPrice, t ∈ Low-season peak hours

LowStandardPrice, t ∈ Low-season standard hours

LowOffPeakPrice, t ∈ Low-season off-peak hours

WeekendPrice, t ∈ Weekend


(16)

(b) Peak and off-peak hours

Peak-hour indicator:

Peak(t) =
{

1, if t∈[6:00−8:00] ∪[15:00−19:00]
0, otherwise

}
(17)

Off-peak-hour indicator:

Offpeak(t) = 1− peak(t) (18)

Original peak load

Ppeak,original =
max
t ∈ peak hoursPload(t) (19)

(c) Target peak reduction

The target peak load reduction is defined as a ran-
dom fraction between 10% and 15% of the original
peak load:

α ∼ Uniform(0.10, 0.15)

Ppeak,target = α× Ppeak,original (20)

(d) Peak clipping constraint

The shifted load during peak hours is calculated
as:

Pshifted(t) = max(Pshifted(t)− Ppeak,target,

0.2× Ppeak,original, t ∈ peak hours
(21)

(e) Energy conservation and redistribution

Total energy before shifting:

Ebefore =
∑
t

Pload(t) (22)

Total energy after shifting:

Eafter =
∑
t

Pshifted(t) (23)

Energy lost due to clipping:

Elost = Ebefore − Eafter(should be non-negative)

(24)
The energy lost Elost is redistributed to off-

peak hours proportionally using random weights:

Pshifted(t) = Pshifted(t) + βt × Elost,

t ∈ off peak hours
(25)

where weights βt satisfy:

∑
t∈offpeak

βt = 1, βt ≥ 0 (26)

(f) Fitness (objective) function

Fitness combines the shifted peak load and
penalty for energy imbalance:

Fitness = max
t∈peak Pshifted(t) + |Ebefore − Eafter|

(27)
Cost calculation before and after shifting:

Cbefore(t) =
∑
t

Pload(t)× price(t) (28)

Cafter(t) =
∑
t

Pshifted(t)× price(t) (29)

Cost savings:

∆C = Cbefore − Cafter (30)

Under the PSO model used in DSM, a given solu-

tion is represented by each particle in the swarm.
In this context, a load management strategy con-
stitutes a potential solution, defined by specific
values of shifted and clipped loads. The parame-
ters guiding the optimization process include the
particle velocities, the positions of particles, the
inertia weight, and the acceleration coefficients.
The effectiveness of each particle is calculated us-
ing the objective function, which takes into ac-
count factors such as load flattening, peak de-
mand minimization, and overall system efficiency.
The ultimate goal is to determine the optimal bal-
ance between enhancing grid stability and mini-
mizing the cost of energy consumption.

During the iterative process, the algorithm
checks the convergence criteria, typically by
reaching the maximum number of iterations or ob-
serving minimal differences in fitness values across
consecutive iterations. If these criteria are not
met, the PSO updates are applied to adjust each
particle’s position and velocity, enabling particles
to explore the solution space by learning from
their individual best-known positions and the col-
lective best-known positions of the swarm.

Once the convergence condition is fulfilled, the
method proceeds with two crucial DSM opera-
tions:
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(i) Load shifting (≤ 1 MW): Adjusting the
demand curve by relocating non-critical
loads from peak to off-peak hours.

(ii) Peak clipping (≤ 0.2 MW): Actively re-
ducing consumption during peak hours
through distributed energy resources or
automated control systems.

An optimized LP exhibiting a more stable, ef-
ficient, and manageable demand curve is obtained
after the application of these strategies. These
processes yield a system that can guide future
planning and policy development or be incorpo-
rated into grid operations.

A structured approach for PSO-based electric-
ity demand optimization is shown in Figure 2.
By continuously modifying customer demand pat-
terns through load shifting and peak clipping, this
nature-inspired optimization technique effectively
regulates LPs. Particle positions and PSO pa-
rameters are initialized at the beginning of the
process.

Figure 2 illustrates the effective implementa-
tion of PSO in an applied DSM environment, ad-
dressing operational challenges with both adapt-
ability and computational efficiency. The spec-
ified load targets—including a 1 MW load shift
and a 0.2 MW load clipping—represent con-
straints defined within the model, emphasizing
practical and applicable approaches to energy
management. This study contributes significantly
to the field by demonstrating how nature-inspired
optimization can enhance the intelligence and sus-
tainability of power systems.

2.6. Machine learning improved
prediction algorithm

The initial step in the MLIP process is data ac-
quisition, during which past and real-time energy
consumption data are extracted from distributed
energy resources, smart meters, and transmission
lines within substations. To ensure quality and
consistency, preprocessing is performed. Tech-
niques commonly employed to prepare the dataset
for the prediction model include noise filtering,
missing value imputation, and data normaliza-
tion. This preprocessed data are then fed into
the MLIP model, which—through ML techniques
such as gradient boosting algorithms or neural
networks—generates both short- and long-term
load forecasts.

Having obtained the forecasted load, DSM
decision engine optimization techniques are em-
ployed to identify predicted peaks and valleys us-
ing two DSM strategies:

(i) Through a load-shifting approach, non-
essential energy consumption is relocated
to off-peak hours, thereby flattening the
load curve and reducing grid stress.

(ii) Using a peak-clipping strategy, the algo-
rithm identifies periods of highest con-
sumption and employs automated control
systems (e.g., battery storage or appli-
ance cycling) to reduce demand during
these times. The strategy is then opti-
mized through an optimization loop that
continuously adjusts performance param-
eters to enhance overall efficiency. This
phase may involve redesigning DSM tech-
niques, modifying parameters within the
ML model, or revising forecasts based on
new data or operational constraints.

The optimized control signals are then trans-
mitted to utility control centers or end-user sys-
tems to perform load shifting and peak clipping in
real time. The primary objectives are to stabilize
the grid, reduce energy costs, and improve overall
system efficiency.

To ensure accurate forecasting, the data incor-
porate LPs, tariffs, and weather trends. Figure
3 illustrates the MLIP flowchart, which focuses
on load shifting and peak clipping and provides
a structured framework for integrating predictive
analytics with DSM optimization.

The primary objective of the MLIP model
is to optimize load curves by reducing peak de-
mand and achieving energy savings without com-
promising system efficiency or customer comfort,
through:

(i) Accurate forecasting of future electricity
demand.

(ii) Implementing informed, data-driven
strategies to shift or clip loads during
peak periods.

(iii) Maintaining total energy balance by redis-
tributing lost energy to off-peak hours.

2.6.1. Key principles of the machine learning
improved prediction method

The MLIP technique for DSM optimization is
based on the following principles:

(a) Data-driven load prediction

ML models are trained on historical load data to
capture complex patterns associated with:

(i) Time of day.
(ii) Seasonality (e.g., summer, winter).
(iii) Tariff structure (TOU pricing).
(iv) Type of day (e.g., weekend, weekday).
(v) Weather conditions (if available).
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Figure 2. Flowchart of the PSO-based demand-side management process incorporating load shifting and
peak clipping
Abbreviation: PSO: Particle swarm optimization.

These models are used to predict future load

values P̂load(t), which inform the peak clipping
strategy.

(b) Dynamic peak load identification

ML improved prediction identifies high-demand
periods using predicted load values and classifies
them as peak hours, typically:

Peak(t) =
{

1, t∈ [06:00−08:00] ∪ [15:00−19:00]
0, otherwise

}
(31)

Original peak load:

Ppeak,original =
max
t ∈ peakP̂load(t) (32)

(c) Target peak reduction strategy

To reduce the load during peak hours, a target
peak is set based on a randomly selected reduc-
tion factor α ∼ Uniform(0.10, 0.15):

Ppeak,target = α× Ppeak,original (33)

During peak hours, the load is clipped so as
not to exceed this target:

Pshifted(t) = max(P̂load(t)− Ppeak,target,

0.2× Ppeak,original)
(34)

(d) Energy balance through redistribution

The load reduction results in lost energy:
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Figure 3. The flowchart of the ML improved prediction–based demand-side management process
incorporating load shifting and peak clipping
Abbreviation: ML: Machine learning.

Elost=
∑
t

P̂load(t) -
∑
t

Pshifted(t) (35)

The MLIP model ensures energy conservation
by redistributing Elost across off-peak hours using
proportional allocation:

Pshifted(t) = Pshifted(t) + βt × Elost, t ∈ off-peak

(36)
subject to: ∑

t∈off - peak

βt = 1, βt ≥ 0 (37)

The weights βt can be:

(i) Estimated from historical redistribution
patterns using regression-based ML mod-
els.

(ii) Generated using random sampling fol-
lowed by normalization.

(e) Objective function

The objective function balances peak minimiza-
tion and energy conservation:

F = max
t∈peak Pshifted(t)+ |Ebefore-Eafter| (38)
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This ensures that the solution minimizes peak
load while maintaining energy integrity.

Cost optimization is incorporated by including
tariff data, and MLIP evaluates the cost impact:

Cbefore(t)=
∑
t

P̂load(t)x price(t) (39)

The MLIP flowchart outlines an ML-based ap-
proach for DSM, focusing on peak clipping and
load shifting. The algorithm begins by read-
ing historical load, tariff, and external parame-
ter data. Feature descriptors are calculated to
capture demand characteristics, which are then
used to train a predictive model. A loss func-
tion evaluates prediction accuracy, and gradients
are computed to update model parameters iter-
atively. The process repeats until convergence is
achieved or the maximum number of iterations is
reached. The resulting trained MLIP model accu-
rately forecasts LPs and informs optimal energy
shifting strategies, ensuring peak demand reduc-
tion while maintaining energy balance and sup-
porting smart grid efficiency goals.

3. Load management optimization for a
commercial customer in the Paarl
area

This study focuses on optimizing load man-
agement for a commercial customer in the Paarl
area of the Western Cape, within the City of Cape
Town Metropolitan Municipality. The region ex-
hibits pronounced peak electricity demand during
the following periods:

(i) Peak: Weekdays (07:00–10:00; 18:00–
20:00).

(ii) Standard: Weekdays (06:00–07:00; 10:00–
18:00; 20:00–22:00).

(iii) Off-peak: All other times, which impose
significant stress on both the local distri-
bution network and end-users.

Elevated consumption during these periods re-
sulted in increased electricity costs, as the City
of Cape Town’s tariff structure was demand-
sensitive. Table 1 presents the 2024–2025 power
generation and distribution charges under the
Large User Low Voltage TOU category and pro-
vides an overview of the tariff structure applica-
ble to large commercial electricity customers in
the Paarl district. Both service and energy prices
were included in the tariff, and value-added tax
was charged.

Notably, the peak energy tariff increased by
11.58% (reaching 777.73 c/kWh) during June

through August, when demand was at its high-
est. Similarly, standard and off-peak tariffs in-
creased by more than 10% during both high-
and low-demand periods, with low-demand peak
charges reaching 290.54 c/kWh. These increased
rates highlight the importance of implementing
DSM techniques to reduce peak-period costs and
encourage load shifting to off-peak times, espe-
cially for businesses with significant and fluctu-
ating consumption patterns, where peak demand
reached 0.2 MW.

The electricity tariffs and original peak
loads for different demand seasons are sum-
marized in Table 2. During the high-
demand season, the peak tariff was significantly
higher at 777.73 c/kWh (7.7773R/kWh) com-
pared to the low-demand season (290.54 c/kWh;
2.9054R/kWh). The standard and off-peak tar-
iffs, as well as the original peak load, are also pro-
vided in Table 2 to illustrate seasonal variations.

This study was based on the municipal tariff
document’s 2024–2025 energy price schedule, 38

which applied TOU rates in c/kWh. The follow-
ing tariffs were applicable:

(i) Original peak load = 2,718.69 kW
(ii) High-peak tariff = 777.73 c/kWh

Conversion to Rands (ZAR) :
777.73

100
= 7.7773 R/kWh

(40)
Cost calculations:

Cost = Load(kWh) × Tariff(R/kWh) (41)

Cost = 2, 718.69 kWh × 7.7773 R/kWh

Cost = ZAR 21, 137.88

Two methods were employed to assess the
effectiveness of DSM strategies. The PSO al-
gorithm was applied for peak clipping (Section
2.2), while a hybrid MLIP approach was used
for load shifting (Section 2.3). Results indi-
cated that PSO-driven load management tech-
niques offered significant potential for cost reduc-
tions when comparing pre- and post-optimization
situations, particularly for peak clipping. These
findings highlight the effectiveness of intelligent
optimization strategies in reducing peak demand
and associated electricity costs in business opera-
tions.
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Table 1. Commercial electricity generation and distribution tariffs (consumption and generation)

Large-user low-voltage Unit Value-added 2024/2025 2024/2025 2024/2025 2024/20025 % increase
time-of-use tariff tax
Service charge R/day y 175.74 0.00 175.74 202.10 11.78%
Energy charge: High demand (June–August)

Peak c/kWh y 635.53 40.76 676.29 777.73 11.58%
Standard c/kWh y 197.25 40.76 238.01 273.71 11.21%
Off peak c/kWh y 110.24 40.76 151.00 173.65 10.87%

Energy charge: Low demand (September–May)
Peak c/kWh y 211.88 40.76 252.64 290.54 11.24%
Standard c/kWh y 147.99 40.76 188.75 217.06 11.06%
Off peak c/kWh y 96.35 40.76 137.11 157.68 10.78%

Note: “y” indicates the 15% current value added tax in South Africa.

Table 2. Electricity tariffs during high- and low-demand season

Season Peak tariff Standard tariff Off-peak tariff Peak tariff
(c/kWh) (c/kWh) (c/kWh) (R/kWh)

High-demand season 777.73 273.71 173.65 7.7773
Low-demand season 290.54 217.06 157.68 2.9054

3.1. Particle swarm optimization for load
management

Prior to optimization, electricity costs were ele-
vated due to high peak demand. Following the
implementation of PSO optimization, the peak
load was successfully reduced while maintaining
overall energy balance. Demand was shifted to
less expensive off-peak hours, and both consumers
and the municipality benefited from lower peak-
demand charges and improved grid stability.

Simulation results indicate that the PSO al-
gorithm effectively reduced peak load demand
and shifted energy consumption to off-peak hours.
Compared with conventional DSM strategies,
PSO achieved optimal load-shifting performance
when applied with 20 particles and 50 iterations.

4. Simulation results and analysis of
the demand-side management
problem

4.1. Simulation results and analysis of the
demand-side management problem
using particle swarm optimization

The “peak load reduction over time” plot (Figure
4) illustrates the effectiveness of PSO in flatten-
ing the LP of a commercial client in Paarl be-
tween January 2024 and June 2025. The origi-
nal and optimized load curves are presented in a
time-series format. Figure 4 depicts both the orig-
inal and optimized LPs, with horizontal lines rep-
resenting the original and reduced peak demand
levels.

The LP exhibited notable peaks prior to op-
timization during high-demand periods, particu-
larly from 6:00 to 8:00 and from 15:00 to 19:00,

which corresponded to the TOU pricing struc-
ture of the area. These peaks placed a significant
strain on the grid and resulted in higher energy
costs. After optimization, a significant reduction
in peak load was observed, and excess demand
was effectively redistributed to off-peak hours.

Figure 5 represents the LP comparison before
and after the PSO-based DSM in June 2024 over
a single day. Following the implementation of the
PSO algorithm, the optimized LP showed a reduc-
tion in overall monthly energy usage, with a sig-
nificant decrease during peak months. These find-
ings indicate that, particularly during high-tariff
periods, the algorithm effectively redistributes or
reduces shiftable and discretionary loads while
maintaining the commercial customer’s overall
operational needs.

Figure 6 presents a comparison of the hourly
average LP between the original and optimized
loads. The red line represents the original load,
while the blue dashed line represents the opti-
mized load after applying peak clipping and load-
shifting techniques. The findings revealed that
the peak-hour loads in the morning and evening
were effectively reduced, with energy shifted to
off-peak periods, leading to a smoother and more
balanced daily LP.

By improving load consistency, the optimiza-
tion technique reduces intra-day and seasonal
peaks. In addition to helping consumers lower
electricity costs, it also contributes to grid stabil-
ity, particularly during periods of high regional
demand. These findings confirm that the PSO
framework serves as an effective tool for seasonal
DSM planning.
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Figure 4. Peak load reduction over time using particle swarm optimization-based demand-side management

Figure 5. Load profile comparison before and after particle swarm optimization-based demand-side
management

Table 3 summarizes the key performance indi-
cators before and after optimization using PSO-
and MLIP-based optimization techniques for load
management in a commercial facility located in
Paarl. The findings revealed that DSM perfor-
mance was significantly enhanced when the PSO
algorithm was applied to the LP of the commer-
cial client in Paarl. With a peak clipping impact
exceeding the intended reduction of 307.98 kW
(11.33%), the optimization successfully reduced

the peak demand from 2718.69 kW to 543.74 kW.
In addition to smoothing the daily load curve, this
pronounced clipping and subsequent load redis-
tribution also reduced grid strain during critical
peak hours.

In financial terms, the DSM approach resulted
in significant savings. The total cost of electric-
ity before optimization was ZAR 51,281,393.11,
which decreased to ZAR 48,831,664.25 after opti-
mization. Strategic load shifting from costly peak
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Figure 6. Hourly average load profiles of original and optimized loads following demand-side management

Table 3. Summary of demand-side management performance using particle swarm optimization and machine
learning improved prediction.

Metric PSO MLIP
Original peak load (kW) 2718.69 2718.69
Reduced peak load (kW) 543.74 1450.31
Target peak load reduction 307.98 (11.33%) 328.98 (12.10%)
Total cost before optimization (ZAR) 51,281,393.11 51,281,393.11
Total cost after optimization (ZAR) 48,831,664.25 48,740,484.33
Total cost saving (ZAR) 2,449,728.86 2,540,908.78
Abbreviations: MLIP: Machine learning improved prediction; PSO: Particle swarm optimization.

periods to lower-tariff off-peak hours yielded a to-
tal cost saving of ZAR 2,449,728.86. These find-
ings indicate that PSO is both technically feasible
and financially viable for DSM in commercial set-
tings with high loads under TOU tariff structures.

The findings further demonstrate that ML-
enhanced forecasting and load control can effec-
tively reduce peak loads and minimize operating
costs. The application of the MLIP algorithm ex-
hibited strong DSM capabilities for a commercial
client’s LP in Paarl. A significant peak reduc-
tion was achieved, with the initial peak load of
2718.69 kW reduced to 1450.31 kW. By surpass-
ing the target reduction of 328.98 kW, or 12.10%
of the initial peak, the MLIP-based DSM frame-
work demonstrated high predictive accuracy and
effective dynamic control performance.

The MLIP approach also resulted in signifi-
cant operating cost savings. Energy costs were

ZAR 51,281,393.11 before optimization, decreas-
ing to ZAR 48,740,484.33 after optimization. This
corresponds to a slightly higher total cost saving
of ZAR 2,540,908.78 compared to the PSO-based
strategy. Intelligent forecasting and precise load
redistribution offset the relatively higher retained
peak load in MLIP compared with PSO, high-
lighting the efficacy of hybrid AI-augmented DSM
systems under fluctuating tariff conditions.

4.2. Simulation results and analysis of the
demand-side management problem
using the machine learning improved
prediction method

Figure 7 illustrates the impact of the MLIP opti-
mization algorithm on peak load during the Jan-
uary 2024–June 2025 simulation period. The red
and blue lines represent the initial and optimized
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LPs generated by MLIP, respectively. The orig-
inal peak load (2718.69 kW) and the reduced
MLIP peak load (1450.31 kW) are shown as hor-
izontal dashed lines, indicating the upper load
boundaries before and after optimization.

The time-series analysis demonstrated that
MLIP effectively performs peak clipping by sig-
nificantly reducing acute demand spikes that lead
to high energy costs and grid instability. By re-
distributing the clipped load to off-peak periods,
the optimization preserves the overall energy bal-
ance while achieving a target reduction of 328.98
kW, equivalent to 12.10% of the original peak.

In contrast to conventional load management
techniques, the MLIP algorithm adapts demand
seamlessly and intelligently while maintaining
load continuity. A steadier and grid-friendly LP
was produced by flattening high-demand periods
from March to October 2024.

Overall, the MLIP algorithm exhibits strong
performance in demand leveling and operational
cost control, validating its applicability for real-
world DSM under TOU tariff structures.

The comparison between the original and
MLIP-based hourly average LPs demonstrated a
significant shift in peak hours and improved load
smoothing under the MLIP approach, particu-
larly between 8:00 and 18:00, as shown in Figure
8.

Figure 9 depicts the daily LP for June 19,
2024, illustrating the reduction in peak load
achieved through MLIP optimization, with the
optimized peak load significantly lower than the
original.

4.3. Comparative study of simulation
results of the PSO and MLIP
algorithms for the DSM problem

Table 4 provides a comparative summary of the
statistical and performance indicators. The eval-
uated DSM strategies were benchmarked against
previously reported results, emphasizing load-
shifting and peak-clipping techniques.

5. Discussion

This section discusses the effectiveness and practi-
cal applications of two DSM strategies (PSO and
MLIP) applied to a large power user in South
Africa, with a particular focus on peak load reduc-
tion, energy cost savings, and the balance between
technical performance and practical feasibility.

5.1. Peak load mitigation

The MLIP approach achieved a lower peak of
1450.31 kW, equivalent to a 12.10% reduction

compared to PSO. Although the PSO technique
had a target reduction of 11.33%, it ultimately
reached the same lowered peak, indicating that
it operated under a more conservative redistribu-
tion.

These findings underscore the flexibility of
metaheuristic techniques in tailoring the opti-
mization process to different DSM priorities,
whether minimizing stress on infrastructure or en-
suring customer-side operational continuity.

5.2. Cost optimization and tariff
sensitivity

The economic outcomes of the optimization meth-
ods indicate cost savings exceeding ZAR 2.4 mil-
lion across both techniques, reinforcing the finan-
cial feasibility of load shifting.

With the most significant cost reduction of
ZAR 2,540,908.78, MLIP proved to be the most
effective in aligning LPs with low-tariff periods.
This is likely attributable to its emphasis on fore-
casting and rule-based shifting, which prioritizes
cost-efficient operating windows.

PSO achieved a peak reduction equivalent to
cost savings of ZAR 2,459,652.84. However, when
the clipped loads are redirected to mid-tariff hours
instead of low-tariff hours, it suggests that aggres-
sive peak clipping might not necessarily yield the
greatest cost savings.

This highlights a crucial trade-off: cost-
oriented optimization may not always align with
objectives aimed at minimizing peak load, and
vice versa. Consequently, the utility’s DSM goals,
whether focused on reducing tariff costs or im-
proving grid reliability, should guide the selection
of the most appropriate optimization technique.

5.3. Algorithmic behavior and load
redistribution

Each algorithm’s inherent behavior influences
how it redistributes energy:

(i) The PSO algorithm, grounded on swarm
intelligence, produces a moderate redis-
tribution profile with controlled variance
by maintaining a balance between explo-
ration and convergence.

(ii) MLIP functions as a predictive control
mechanism, making it more suitable for
industrial consumers that require smooth
redistribution and operational stability
rather than abrupt load variations.
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Figure 7. Peak load reduction using MLIP
Abbreviation: MLIP: Machine learning improved prediction.

Figure 8. Comparison between the original and MLIP-based hourly average load profiles
Abbreviation: MLIP: Machine learning improved prediction.

5.4. Practical implications and utility
strategies

From the utility’s perspective, the findings align
with a multi-objective DSM framework that op-
timizes both technical and economic parameters.
For example:

(i) When minimizing operational costs is the
primary objective, MLIP is more suitable.

(ii) When peak reduction is prioritized for
grid relief, such as during emergency de-
mand response or capacity-constrained
scenarios, PSO is more suitable.
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Figure 9. Daily load profile on June 19, 2024, showing peak load reduction achieved through MLIP
optimization
Abbreviation: MLIP: Machine learning improved prediction.

Table 4. Benchmark of demand-side management results and the proposed particle swarm
optimization/machine learning improved prediction approach (hypothetical ratios)

Statistical/performance Benchmark DSM Benchmark DSM Proposed PSO Proposed MLIP
metric (load shifting)a (peak clipping)b optimization optimization
Maximum power (kW)/reduced peak load 8.890 6.170 543.73 1450.31
Minimum power (kW) 2.200 2.200 300.00 700.00
Peak-to-peak power (kW) 6.690 3.970 243.74 750.31
Mean power (kW) 4.903 3.645 360.00 1150.00
Median power (kW) 5.000 2.899 355.00 1140.00
RMS power (kW) 5.190 3.873 365.00 1160.00
Maximum load hour 12 13 12 13
Minimum load hour 4 4 4 4
Peak-to-average ratio 1.813 1.693 1.51 1.26
% peak reduction 0.892% 31.215% 11.33% 12.10%
Total cost before optimization (ZAR) – – 51,281,393.11 51,281,393.11
Total cost after optimization (ZAR) – – 48,831,664.25 48,740,484.33
Total cost saving (ZAR) – – 2,449,728.86 2,540,908.78

Notes: aData adapted from Philipo et al. 39 bData adapted from Faia et al. 40

Abbreviations: DSM, demand-side management; MLIP, machine learning improved prediction; PSO, particle swarm optimization;
RMS, root mean square.

Furthermore, a hybrid approach that in-
tegrates the predictive forecasting capability
of MLIP with the search-based optimization
strength of PSO could yield enhanced peak re-
duction and cost-saving results.

6. Conclusion

This study demonstrated the successful integra-
tion of PSO and MLIP models as effective ap-
proaches for optimizing DSM among large power
consumers in the Western Cape Municipality.
The proposed hybrid framework enables more

accurate load forecasting and cost-efficient load
scheduling, leading to improved energy efficiency,
lower peak demand, and reduced operational
costs. The integration of ML techniques, par-
ticularly in forecasting consumption patterns, en-
hances the responsiveness and reliability of DSM
strategies, allowing the PSO algorithm to make
more informed scheduling decisions. The MLIP
solution achieved a cost reduction of ZAR 2.54
million, compared with PSO, which achieved an
11.33% reduction in peak load and a correspond-
ing cost saving of ZAR 2.45 million. Simula-
tion results indicate that the proposed approach
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outperforms traditional DSM methods by adap-
tively responding to dynamic demand and tar-
iff conditions. Overall, this research highlights
the potential of integrating AI-driven forecasting
with metaheuristic optimization to enhance en-
ergy management at both municipal and indus-
trial scales. Future studies could focus on real-
time applications, integration with renewable en-
ergy systems, and the application of advanced
deep learning models for more accurate load fore-
casting.
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12. Köppchen B, Stadler I, Nebel A. Effects
of non-industrial decentralized demand-side-
management on energy costs and battery stor-
age requirement in Germany’s power grid. En-
ergy. 2025;323:135892.
https://doi.org/10.1016/j.energy.2025.135892

13. Meng F, Lu Z, Li X, et al. Demand-side energy
management reimagined: a comprehensive liter-
ature analysis leveraging large language models.
Energy. 2024;291:130303.
https://doi.org/10.1016/j.energy.2024.130303

14. Mataifa H, Krishnamurthy S, Kriger C. Com-
parative analysis of the particle swarm optimiza-
tion and primal-dual interior-point algorithms
for transmission system Volt/VAR optimization
in rectangular voltage coordinates. Mathematics.
2023;11(19):4093.
https://doi.org/10.3390/math11194093

15. Sun H, Cui X, Latifi H. Optimal management
of microgrid energy by considering demand side
management plan and maintenance cost with de-
veloped particle swarm algorithm. Electr Power
Syst Res. 2024;231:110312.
https://doi.org/10.1016/j.epsr.2024.110312

16. Andruszkiewicz J, Lorenc J, Weychan A. Price-
based demand side response programs and their
effectiveness on the example of tou electricity tar-
iff for residential consumers. Energies (Basel).
2021;14(2):287.
https://doi.org/10.3390/en14020287

17. Gorman W, Barbose G, Baik S, Miller C, Car-
vallo JP. Backup power or bill savings? How
electricity tariffs impact residential solar-plus-
storage usage in the United States. Util Policy.
2025;96:102035.
https://doi.org/10.1016/j.jup.2025.102035

18. Tijjani Dahiru A, Wei Tan C, Salisu S, Yiew
Lau K, Ling Toh C, Lawan Bukar A. A review
of demand side management strategies and elec-
tricity tariffs in distributed grids. ELEKTRIKA
J Electr Eng. 2022;21(3):13–22.
https://doi.org/10.11113/elektrika.v21n3.358.
Available: https://elektrika.utm.my

19. Tzanes GT, Zafirakis DP, Kaldellis JK. Prac-
tice of a load shifting algorithm for enhancing
community-scale RES utilization. Sustainability
(Switzerland). 2024;16(13):5679.
https://doi.org/10.3390/su16135679

20. Jasim AM, Jasim BH, Neagu BC, Alhasnawi BN.
Efficient optimization algorithm-based demand-
side management program for smart grid residen-
tial load. Axioms. 2023;12(1):33.
https://doi.org/10.3390/axioms12010033

21. Wang Y, Chen Q, Hong T, Kang C. Re-
view of smart meter data analytics: applica-
tions, methodologies, and challenges. IEEE Trans
Smart Grid. 2019;10(3):3125–3148.
https://doi.org/10.1109/TSG.2018.2818167

22. Mohammad Rozali NE, Wan Alwi SR, Manan
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