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The rapid growth of energy demand in urban areas emphasizes the necessity of
efficient demand-side management (DSM) strategies in smart homes. This
study presents a heuristic-based optimization framework for appliance
scheduling in smart home environments that incorporates renewable and
sustainable energy resources (RSERs) and energy storage systems (ESSs). The
objective is to minimize the electricity cost and the peak-to-average ratio
(PAR) while satisfying the user comfort constraints. Three optimization
techniques, genetic algorithm (GA), binary particle swarm optimization
(BPSO), and wind-driven optimization (WDO), are implemented and
evaluated in three scenarios: without renewable integration, with RSERs, and
with both RSERs and ESSs. Simulation results show that BPSO has the lowest
electricity cost and carbon emissions, while WDO has a faster convergence
speed and competitive performance in PAR reduction. RSER and ESS
integration has a major positive impact on energy efficiency, grid dependence,
and sustainability. The results give useful insights to choose appropriate
optimization methods and contribute to the development of effective,
sustainable, and user-centric smart home energy management systems.
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1. INTRODUCTION

Rapid urbanization in some areas has caused an increase in the demand for energy management
systems in residential buildings. Smart homes (SHs) with smart metering infrastructure, smart controllers, and
automated appliances are key elements of modern demand side management (DSM) programs. These systems
are able to perform dynamic load control using real-time electricity pricing, demand response (DR) signals,
and local energy availability [1]-[5]. In addition, the incorporation of renewable and sustainable energy
resources (RSERs) such as solar photovoltaic (PV) systems with energy storage systems (ESSs) enhances the
capability of households to decrease grid dependency, operational costs, and carbon emissions [6]-[8].

However, efficient appliance scheduling in smart homes is still a challenging task due to the
stochastic nature of renewable generation, time-varying electricity tariffs, and user comfort constraints. The
scheduling problem is inherently nonlinear, combinatorial, and multi-objective, so traditional optimization
techniques are not sufficient to find optimal solutions in a reasonable computational time [9]-[12]. Moreover,

Journal homepage: http://ijpeds.iaescore.com


https://creativecommons.org/licenses/by-sa/4.0/

1748 O ISSN: 2088-8694

DSM strategies are limited in effectiveness by poor scheduling, which can lead to high peak demand,
increased electricity cost, and user discomfort [13]-[14].

Heuristic and meta-heuristic optimization techniques have been widely adopted to overcome these
challenges, due to their flexibility and ability to solve complex optimization problems. Genetic algorithm
(GA) and particle swarm optimization (PSO) based methods have been proved effective in reducing the
electricity cost and peak-to-average ratio (PAR) in residential energy systems [15]-[18]. For example,
Junior et al. [10] and Bharathi et al. [9] reported remarkable improvements in load scheduling using GA
based approaches. Likewise, the effectiveness of PSO and binary particle swarm optimization (BPSQO) for
discrete appliance scheduling problems was demonstrated by Menos-Aikateriniadis et al. [3]. Recently,
wind-driven optimization (WDQO) and some other advanced heuristic techniques have been studied for their
enhanced convergence characteristics and robustness under dynamic conditions [19]-[23].

However, a lot of the research that has already been done focuses mostly on simplified system
models or single-algorithm implementations. Renewable integration, storage systems, and user comfort
criteria are frequently overlooked or oversimplified. The requirement for updated and thorough comparative
assessments is further highlighted by the fact that previous methods [24]-[28] are not adaptable to
contemporary smart grid setups.

Despite substantial advancements, there are still a number of research gaps. First, there aren't many
unified frameworks that assess various heuristic optimization methods in a methodical manner under the
same operating conditions. Second, not enough research has been done on how RSERs and ESSs together
affect DSM performance in various progressive integration settings [29]-[31]. Third, the actual applicability
of many studies is limited by their inadequate modeling of user comfort, delay tolerance, and environmental
impact. Lastly, the capacity to determine the best optimization method for practical smart home applications
is limited by the lack of thorough comparison analysis.

This study creates a thorough heuristic-based DSM framework for smart home energy management
in order to fill in these gaps. The following are this work’s main contributions:

- The creation of a multi-objective optimization approach to reduce PAR and electricity costs while
preserving user comfort.

- Three heuristic approaches are implemented and evaluated in comparison: WDO, BPSO, and GA.

- Three realistic scenarios are analyzed for system performance: i) without RSER/ESS, ii) with RSERs,
and iii) with both RSERs and ESSs.

- The incorporation of many performance measures, including user discomfort, carbon emissions, PAR,
and power cost.

- Examining each algorithm's convergence behavior and optimization effectiveness under the same
constraints.

The suggested framework offers a methodical and useful way to maximize energy use in smart homes.
This work enhances environmental sustainability, lowers peak demand, and improves energy efficiency by
combining advanced heuristic optimization approaches with renewable energy sources and storage systems
[26]-[30]. Researchers and practitioners can choose appropriate optimization algorithms for DSM applications
with the help of the comparative insights gained from this work. The results also encourage the creation of
intelligent, scalable, and user-focused energy management solutions for smart grid scenarios in the future.

2. METHODOLOGY FOR HEURISTIC-BASED APPLIANCE SCHEDULING IN SMART
HOMES

In order to control smart home energy under DSM, this study uses a simulation-based multi-
objective optimization approach. Subject to user comfort limits, the goal is to schedule household appliances
as efficiently as possible while minimizing electricity costs and PAR. Under the same operating conditions,
three heuristic optimization methods are implemented and assessed: BPSO, WDO, and GA. The ESSs,
renewable and RSERs on system performance are evaluated using a scenario-based methodology.

Three heuristic optimization techniques (HOTS) are used to successfully address this optimization
problem: BPSO, WDO, and GA. To find near-optimal schedules, each method encodes the appliance
scheduling matrix, iteratively assesses the fitness function, and performs selection, mutation, or velocity
updates. WDO uses pressure and velocity dynamics to replicate atmospheric particle movement, BPSO
mimics social movement patterns, and GA mimics biological evolution. These algorithms were selected
because they can solve multi-objective, nonlinear, and constrained optimization problems that are common in
smart home energy scheduling. To guarantee a fair comparison, all procedures are carried out under the same
appliance restrictions and energy supply conditions.

Lastly, the effect of RSER and ESS integration is evaluated by testing the performance of GA, BPSO,
and WDO in three different situations. Renewable energy and storage are not used in scenario 1; renewable
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energy is used in scenario 2; and both renewable energy and ESS are used in scenario 3. For every scenario,
metrics including electricity cost, PAR, user pain, and carbon emissions are calculated. Plotting the results
shows how well the algorithm performs, how it converges, and how it gets better with time from scenario 1 to
scenario 3. As illustrated in Figure 1, this methodological approach shows how integrating renewable energy
sources with heuristic optimization improves the sustainability and energy efficiency of smart homes.

Input Data
Tariff (TOU/RTP)
RSER generation
ESS parameters
Appliance data
« User preferences

!

System Modeling &
Pre-processing

« Load categorization

« Battery model

« Time siot allocation

!
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« Evolution/Update rules

!

Optimal Schedule
Selection
(Best fitness solution)
« Appliance & ESS control
« Real-time monitoring

Figure 1. Heuristic-based appliance scheduling in smart homes

2.1. Genetic algorithm (GA)

The genetic algorithm begins by randomly generating an initial population of appliance schedules.
Each chromosome represents one feasible schedule. The objective function evaluates each chromosome
according to electricity cost, PAR, user comfort, and emissions. Tournament selection is used to identify the
fittest individuals. Multi-point crossover and adaptive mutation generate new offspring. The evolutionary
process continues until the maximum number of generations is reached or convergence is achieved.

2.2. Binary particle swarm optimization (BPSO)

The traditional PSO algorithm is extended to binary search spaces by BPSO. Each particle
represents a potential schedule and uses a sigmoid transfer function in conjunction with a velocity update rule
to update its position. The velocity update can be written as (1):

vitt = wouf + ¢y + (pbest; + xf) + ¢,y (ghest — x}) (1)

and the sigmoid function as shown in (2).

1
1+e™V

s(v) =

2.3. Wind-driven optimization (WDO)

WDO simulates atmospheric motion, in which solution particles are subject to Coriolis influences,
pressure, and gravity. Strong global search capabilities are made possible by this physics-based behavior,
which enhances energy optimization by effectively reducing cost, PAR, and carbon emissions.

O]

C_vdlm

1
Vnew = (1 - a)vcurrent — 9 Xcurrent T RT - |1 - 7| : (xbest - xcurrent) + ol-ther (3)

3. PERFORMANCE METRICS
3.1. Cost saving

The household's overall cost for grid energy usage throughout the scheduling horizon is assessed by
the electricity cost metric. This measure accurately captures the optimization algorithm's financial
performance as well as its capacity to take advantage of low-cost times and renewable energy sources.
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C =31 1(Pyria(t) - At - p(D)) @)

cost Saving = Cbasceﬂ x 100% (5)
base
3.2. PAR reduction
The algorithm's ability to reduce peak electricity demand in relation to average usage is measured by
PAR reduction. Smoother load distribution is indicated by lower PAR values, which lessen grid stress and
improve overall system stability and efficiency. The PAR is defined as (6) and (7).

PAR = rgg}‘(Ptota.l(t)) (6)

1
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3.3. Emission reduction

The amount by which carbon emissions are reduced following optimization is measured by this
statistic. Greater reduction percentages demonstrate the smart home energy management system's efficient
utilization of renewable energy, decreased reliance on the grid, and enhanced environmental sustainability.
The total carbon emissions are calculated as:

E = ZZ:l(Pgrid (t) - At - 6) (8)
Emission Reduction= E”“Zeﬂ*mo (9)
base

4. PERFORMANCE COMPARISON OF GA, BPSO, AND WDO FOR SMART HOME
ENERGY OPTIMIZATION
Three optimization strategies are contrasted in the table according to cost, PAR, emissions, and
execution time. WDO operates at the fastest rate, whereas BPSO achieves the lowest cost and emissions. As
Table 1 illustrates, GA and WDO exhibit the same cost and PAR, suggesting similar optimization behavior
under these circumstances.

Table 1. Performance comparison of GA, BPSO, and WDO

Sl.no Algorithm (algo) Cost PAR Emissions Time (s)
1 GA 2.22 4378 15.34 7.20
2 BPSO 2.20 4.451 15.09 7.65
3 WDO 2.22 4.378 15.34 6.21

5. RESULTS AND DISCUSSION
5.1. Convergence curve comparison

During appliance scheduling, the convergence curve assesses how well the optimization algorithms
(GA, BPSO, and WDO) approach ideal solutions. The fitness function's variation over iterations is shown in
Figure 2. The fitness value of all three algorithms shows a steady declining trend, indicating that they are
capable of successfully resolving the multi-objective DSM issue. Because of its physics-based approach,
which guarantees a better balance between exploration and exploitation, WDO exhibits the fastest
convergence among them, attaining stability in fewer iterations. GA, on the other hand, converges more
slowly because its stochastic crossover and mutation procedures may postpone convergence while increasing
search diversity. BPSO performs moderately and benefits from swarm intelligence, although, as Figure 2
illustrates, it occasionally has premature convergence.

5.2. Metric comparison of GA, BPSO and WDO

Four important performance parameters for the three optimization algorithms are compared in this
bar graph: power cost, peak-to-average ratio (PAR), emissions, and user discomfort. Plotting these numbers
side by side makes it easy to see which approach offers better scheduling and more energy savings. The
display makes it easy to compare algorithm capabilities and illustrates trade-offs across metrics. As seen in
Figure 3, this study is crucial for choosing the best heuristic optimization technique for demand-side control
and smart home energy management.
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Figure 3. Metric comparison of GA, BPSO, and WDO

5.3. Grid vs solar energy

The fluctuation of solar PV generation and grid energy usage over a 24-hour period is shown in
Figure 4. The findings demonstrate that solar energy makes a substantial contribution during the day,
lowering dependency on the grid. A significant amount of the load is provided by renewable energy during
peak sunlight hours, which lowers power prices and emissions. However, the system relies on grid power at
night or at times when solar generation is minimal, highlighting the necessity of energy storage systems
(ESSs) to increase energy availability and autonomy. Optimized appliance scheduling and solar integration
work together to reduce peak demand and smooth the load profile.

During appliance scheduling, the convergence curve contrasts the speed and efficiency with which
GA, BPSO, and WDO arrive at ideal solutions. The graph displays algorithm stability, search efficiency, and
improvement trends by charting the optimal fitness value over iterations. A more effective optimization
strategy is indicated by faster convergence. The optimization behavior and performance consistency of each
heuristic technique are highlighted in this visualization, which aids in determining which algorithm reduces
cost, PAR, emissions, and discomfort the best.
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Figure 4. Grid vs solar energy usage

6. CONCLUSION

All three heuristic algorithms (GA, BPSO, and WDO) progressively lower the fitness value over
iterations, demonstrating successful optimization, according to the convergence study. WDO has better
exploration and exploitation capabilities for appliance scheduling, converging more quickly and reaching a
lower fitness value. This pattern is further supported by the metric comparison, which shows that WDO has
the lowest electricity cost, PAR, emissions, and user discomfort, followed by BPSO and GA. These results
imply that WDO offers a more effective and balanced optimization performance for energy management in
smart homes. The load shifting curve, where the optimized load profile shows fewer peaks and a smoother
distribution throughout the day, demonstrates the efficacy of DSM. This change reduces energy costs under
time-of-use pricing and lessens the strain on the grid. Lastly, the solar versus grid energy graph shows that
renewable energy makes a substantial contribution during the day, lowering reliance on the grid and
promoting sustainable operation. In general, heuristic optimization combined with renewable energy
improves cost effectiveness, lowers peak demand, and improves environmental performance in smart homes.
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