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Abstract

In the face of escalating energy demand, this research proposes a demand-side management
(DSM) strategy that focuses on appliance-level load shifting in residential environments.
The proposed approach utilizes detailed energy consumption forecasts that are generated
by ensemble machine learning models, which predict usage at both whole-household
and individual appliance levels. This granular forecasting enables the development of
customized load-shifting schedules for controllable devices. These schedules are optimized
using a metaheuristic genetic algorithm (GA) with the objectives of minimizing consumer
energy costs and reducing peak demand. The iterative nature of GA allows for continuous
fine-tuning, thereby adapting to dynamic energy market conditions. The implemented DSM
technique yields significant results, successfully reducing the daily energy consumption
cost for shiftable appliances. Overall, the proposed system decreases the per-day consumer
electricity cost from 237 cents (without DSM) to 208 cents (with DSM), achieving a 12.23%
cost saving. Furthermore, it effectively mitigates peak demand, reducing it from 3.4 kW
to 1.2 kW, which represents a substantial 64.7% reduction. These promising outcomes
demonstrate the potential for substantial consumer savings while concurrently enhancing
the overall efficiency and reliability of the power grid.

Keywords: genetic algorithm; demand-side management; energy management; smart grid

1. Introduction

The term “Smart Grid” (SG) [1,2] refers to the efficient transmission and distribution of
electricity, which is achieved via the integration of control and communication technology
inside a conventional grid. The goal is to reduce global warming by lowering carbon emis-
sions and to lower electricity costs by managing loads more efficiently. Regarding energy
management, demand-side management (DSM) [3] is a key aspect of the smart grid. DSM’s
purpose is to enhance the economics of the power system by the optimal use of existing grid
energy. In the given context, controlling the load pattern can minimize peak load demand,
improving grid efficiency, lowering carbon emissions, and lowering the user’s electricity
price [4]. DSM modifies customer energy consumption patterns through various techniques
and programs, including financial incentives and behavioral modification via education.

DSM modifies customer demand patterns to accomplish the desired change in the
load shape of the power network. DSM techniques adjust load patterns by moving the
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demands made by shiftable appliances during peak hours and relocating these loads to a
more cost-effective time. Within DSM, the load pattern that indicates power consumption
can be altered in six ways [5]: peak clipping, valley filling, load shifting, flexible load shape,
strategic conservation, and strategic load growth. A graphical representation of all six
techniques is depicted in Figure 1. The peak clipping [6,7] technique is a direct load control
technique that aims to reduce the peak of a customer’s load profile at designated times.
As a result, both the peak demand and overall energy consumption are reduced. Valley
filling [8] is a form of load management technique that increases or builds off-peak loads.
This technique is preferable if a utility has excess capacity during off-peak hours. The net
effect of this technique results in an increment in total energy demand but no change in peak
demand. Load shifting is the most effective and widely used load management technique.
It essentially moves electricity consumption from one time period to another by shifting
the load from peak time to off-peak time. The net effect is a decrease in peak demand but
with no change in total energy demand. The strategic conservation [7] technique involves
reducing overall energy consumption by encouraging consumers to use energy-efficient
appliances and devices. The net effect is a reduction in both peak demand and the total
energy demand. Strategic load growth [6] tends to increase the market share of loads
supported by energy conservation and storage systems or distributed energy resources.
Peak demand and overall energy usage both rise as a result. Typically, it is executed by
either raising energy intensity or bringing on board additional clients. For example, an
area with four power plants can generate 400 MW, but the peak demand at any time of the
day goes up to 300 MW, with 100 MW remaining idle for the entire year. Now, the task
at hand involves the establishment of a customer base or the provision of incentives to
encourage companies to purchase or utilize energy from the available sources. Flexible
load shapes improve smart grid reliability by finding customers with flexible loads who
are prepared for that to be managed during critical periods in exchange for a variety of
incentives [6,7]. Thus, the government needs to identify such consumers, namely, those
who can work at any time period of the day. When the government asks them to operate
during peak periods, they should be ready to do so. If the government asks them to stop
their production, they should be able to stop production. And, if the government asks
them again to start production during the off-peak period, they should be ready to start
production during off-peak hours. These flexible consumers need to be identified in a
region by providing some incentives for them to flexibly change their operating schedules.
The overall results may be a reduction in peak demand and a change in total energy usage.

Peak Clipping

DEMAND SIDE
MANAGEMENT
TECHNIQUES

Strategic Conservation

Strategic Load Growth Flexible Load

Figure 1. Different demand-side management techniques [9].
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In the context of DSM, a dynamic pricing scheme, i.e., an electricity tariff, plays a key
role. Smart meters and intelligent metering equipment (as found in SGs) make it simple to
manage loads according to dynamic pricing schemes. Real-time pricing (RTP), time of use
(TOU), critical peak pricing (CPP), and direct load control (DLC) are some of the demand
responses (DRs) that dynamic pricing schemes often utilize in DSM programs. When
these demand response-based dynamic pricing methods are implemented in conjunction
with DSM strategies, penalties, and incentives, they impact client energy usage control. A
comprehensive overview of demand response programs is presented by Han and Piette
in [10] and can be classified into two main types: time-based DRs and incentive-based DRs.
Participants in incentive-based programs can receive incentives in exchange for agreeing to
reduce energy usage during periods of peak demand. Time-based programs provide clients
with time-varying electricity pricing, encouraging them to shift their respective loads to
low-priced hours [11]. The two types of DR can be further classified into various categories,
such as time-of-use rates, real time pricing, critical peak pricing and direct load control,
and emergency DR programs, respectively [12].

Recent developments in artificial intelligence, optimization techniques, and computa-
tional resources have empowered researchers to conduct research with greater ease and
accuracy. The optimization problems reported in the literature are being addressed through
classical techniques along with mathematical optimization, meta-heuristic techniques,
and hybrid-heuristic techniques [13]. Classical techniques include linear programming
(LP) [14], non-linear programming (NLP) [15], convex programming (CP), and dynamic
programming (DP) [16]. Meta-heuristic techniques are more popular and more efficient
optimization techniques than conventional techniques, due to the large search space needed
to find optimal solutions [17]. Meta-heuristics include genetic algorithms (GAs) [18], parti-
cle swarm optimization (PSO) [19], ant colony optimization (ACO) [20], and wind-driven
optimization (WDO) [21], among others. The hybrid-heuristic technique is the combination
of two or more algorithms [22]. Table 1 provides a comparative analysis of traditional,
meta-heuristic, and hybrid-heuristic techniques.

Table 1. Comparative analysis of optimization techniques.

Criteria Traditional Meta-Heuristics Hybrid Heuristics
o i, Sensitive, but may get stuck  Less sensitive, due to its stochastic Depends on the hybrid
Sensitivity to Initial Guess . . .
in local optima nature and exploration approach

Search Strategy

Combines deterministic and

tochasti . .
Stochastic stochastic strategies

Deterministic

Local vs. Global

Aims for a balance between

Primarily local search-based Can perform global optimization

Optimization local and global
Computational Generally efficient for Can handle complex and Complexity depends on
Complexity well-structured problems multimodal problems efficiently hybrid components

Convergence Speed

Converges faster in
well-structured spaces

May converge more slowly but can
handle complex, non-linear spaces

Depends on the specific
hybrid approach

Numerous research works have proposed many DSM strategies, with the key objec-
tive of reducing the load peak and energy consumption cost. In Ref. [23], an evolutionary
algorithm was utilized to schedule various numbers of appliances, by which means the
user load curve is moved closer to the predefined objective curve, which is inverse to the
electricity price signal. Furthermore, the article addresses a variety of loads, including
residential, commercial, and industrial loads. The reported results suggest that the evo-
lutionary algorithm method is more efficient than mathematical approaches for dealing
with a large number of loads. In Ref. [24], the authors suggested an integer linear pro-
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gramming (ILP)-based appliance scheduling strategy that shifts loads from on-peak to
off-peak to reduce power consumption expense and peak load. To reduce peak demand
and electricity costs, the authors of [25] employed a GA to schedule home load optimally.
They implemented a pricing scheme that used real-time pricing (RTP) and notified the
user one day in advance. PSO was also implemented for DSM optimization by the authors
of [26] to minimize customer electricity expenses. The ACO-based scheduling technique
was developed by Okonta et al. [27]; the time of unit (TOU) pricing plan, consumer comfort,
and electricity costs were the main focuses of the study. A GA-based load scheduling
technique was proposed for residential, commercial, and industrial areas in [18] to optimize
the cost and peak demand issues associated with energy consumption. Rahim et al. [28]
presented a load scheduling technique used to lower peak load, electricity costs, and
the peak-to-average ratio (PAR). Game-theoretic and evolutionary approaches have been
widely explored to analyze strategic interactions and long-run behavior in decentralized
power markets [29]; that study adopts a data-driven scheduling perspective to evaluate
residential load shifting under real-time pricing using the Pecan Street dataset. In Ref. [30],
forecasting of renewable energy, such as solar power, using LSTM has been shown to
improve prediction accuracy. Hybrid machine learning approaches combining LSTM and
reinforcement learning have been shown to optimize home energy management [31]. In
Ref. [32], decentralized federated LSTM models were used to predict energy demand in
smart homes while preserving data privacy, enabling optimized energy distribution and
improved energy efficiency. Moreover, ConvLSTM and BiConvLSTM models have been
shown to accurately forecast energy demand in electric vehicle charging station networks,
supporting more efficient energy management [33].

In the existing literature, numerous studies have proposed using DSM strategies; how-
ever, most of these studies have primarily focused on aggregated load data. Consequently,
the existing literature is limited in terms of providing an in-depth analysis of load-shifting
techniques for segregated loads, i.e., individual appliances. To reap the benefits of DSM
techniques in practical energy efficiency applications such as recommender systems, it is
necessary to formulate and evaluate individual appliance-level load shifting strategies.
Therefore, to address the identified shortcomings and realize the practical potential of
individual load shifting, this study concentrates on utilizing the results of segregated load
forecasting to achieve the implementation of load-shifting techniques for diverse shiftable
loads. The objective of this study is to minimize energy consumption costs and reduce
the peaks associated with energy consumption, thereby providing a more comprehensive
and targeted approach to DSM. The key contribution of this research work is summarized
as follows:

e  Employing segregated forecasted load data in addition to aggregated forecasted load
data, which are traditionally used for load shifting applications, and a load shifting
strategy is proposed for diverse individual loads, which is equally applicable for
aggregated load.

e  Digital simulations are carried out using real-world load measurements acquired from
the Pecan Street—Data port.

e  Comprehensive performance evaluation is carried out for an in-depth analysis of the
load-shifting strategies at segregated as well as aggregated levels.

The remainder of the paper is structured as follows: the detailed research methodology
of load shifting, along with problem formulation, is presented in Sections 2—4. Section 5
presents details of the digital simulations, the extracted results, and a corresponding
analysis. Section 6 concludes the paper.
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2. Research Methodology

To solve the optimization problem at hand, this research work formulates a research
methodology, which is detailed in the following subsections.

2.1. Forecasted Load Data Acquisition and Its Utilization in Demand-Side Management

This section of the paper focuses on the most crucial aspect of DSM, emphasizing
the importance of harnessing forecasted data for effective implementation. For this pur-
pose, actual load forecasting results that have been extracted are utilized for demand-side
management problems.

Accurate load forecasting is important to take maximum advantage of the DSM
technique, i.e., load shifting. The forecasting results utilized in this study were extracted
from ensemble machine learning models that demonstrated superior performance in a
previous study [34]. The forecasted data derived from these models form the basis for the
DSM strategies used herein. By utilizing these forecasting results, the aim is to identify the
objective curve that guides decision-making under specific conditions. Data from hourly
forecasted loads obtained from ensemble learners are utilized for the DSM technique.
The proposed algorithm is designed for one-day-ahead load shifting, i.e., a 24-h window
size from 8 am. to 8 am. This 8 am. to 8 am. window size was carefully chosen
for load-shifting applications to improve consumer comfort and flexibility in managing
their appliance usage. By starting at 8 a.m., users have the flexibility to adjust their
appliance usage well before or well after potential peak hours. The 8 am. to 8 a.m.
window size, therefore, aims to strike a balance between accommodating user preferences
and maximizing the opportunities for effective load shifting. Table 2 shows the hourly
forecasted load data with real-time pricing [23] for a 24-h window size.

Table 2. Hourly forecasted load with real-time pricing.

Hourly Forecasted Load (kWh)

. Price
Time (ct/kWh) AC ‘?Vl:st}l::rs f]iat;llli?rllces kg’;?lga III{C(:;m Microwave  Refrigerator LMoias(Cizllaneous
8am.-9am. 12 0.000 0.0040 0.0065 0.1422 0.0072 0.2626 0.0058
9am.-10 a.m. 9.19 0.000 0.0041 0.0061 0.0679 0.0091 0.3517 0.0086
10 am.-11 a.m. 12.27 0.000 0.0025 0.0062 0.0713 0.0067 0.1820 0.2010
11am-12 p.m. 20.69 0.000 0.0025 0.0719 0.0663 0.0070 0.1807 0.4457
12 p.m.-1 p.m. 26.82 0.000 0.0040 0.0428 0.0783 0.0061 0.1788 0.0056
1pm-2pm. 27.35 0.000 0.0038 0.0375 0.2741 0.0313 0.2203 0.0061
2 p.m.-3 p.m. 13.81 0.000 0.0028 0.0278 0.1147 0.0063 0.1824 0.0060
3pm—4pm. 17.31 0.000 0.0031 0.0262 0.1154 0.0062 0.1914 0.0060
4p.m-5pm. 16.42 0.000 0.0061 0.0172 0.0868 0.0061 0.1970 0.0056
5p.m.—6 p.m. 9.83 0.000 0.0028 0.0062 0.0911 0.0056 0.1491 0.0056
6 pm.—7 p.m. 8.63 0.000 0.0024 0.0062 0.1187 0.0060 0.1669 0.0056
7 pm.-8 p.m. 8.87 0.000 0.0018 0.0062 0.1202 0.0057 0.1511 0.0056
8 p.m.—9 p.m. 8.35 0.351 0.0024 0.0093 0.1528 0.0058 0.1705 0.0858
9 p-m.-10 p.m. 16.44 2.382 0.0037 0.0277 0.3598 0.0064 0.1488 0.5394
10 p.m.-11 p.m. 16.19 1.180 0.0024 0.0263 0.4164 0.0061 0.1267 0.7019
11 p.m.-12 am. 8.87 0.949 0.0028 0.0262 0.4120 0.0061 0.1770 0.4328
12am.-1am. 8.65 0.421 0.0036 0.0262 0.4472 0.0061 0.2332 0.1133
lam-2am. 8.11 0.558 0.0035 0.0096 0.1091 0.0059 0.1870 0.1554
2am.-3am. 8.25 0.240 0.0024 0.0069 0.0575 0.0058 0.1591 0.0760
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Table 2. Cont.
Hourly Forecasted Load (kWh)
Time zrti/iewm Clothes Kitchen Living Room . . Miscellaneous
AC Washer Appliances Appliances Microwave  Refrigerator Loads
3am—4am. 8.1 0.000 0.0011 0.0069 0.0571 0.0056 0.1061 0.0056
4am-5am. 8.14 0.205 0.0015 0.0069 0.0575 0.0057 0.1343 0.0665
5am.—6am. 8.13 0.000 0.0019 0.0069 0.0578 0.0057 0.1423 0.0057
6 am.—7 a.m. 8.34 0.205 0.0021 0.0069 0.0573 0.0057 0.1579 0.0672
7 am.—8 a.m. 9.35 0.000 0.0017 0.0069 0.0571 0.0056 0.1276 0.0056

2.2. Shiftable and Non-Shiftable Appliances

After load forecasting, the next step in implementing DSM techniques, specifically
load shifting, involves the task of categorizing appliances into shiftable and non-shiftable
types. In load shifting, the pivotal strategy involves shifting consumer load from peak
hours to off-peak hours. This requires categorizing appliances into two groups: shiftable
appliances and non-shiftable appliances. Shiftable appliances are the ones that can be
shifted from one time to another if the service provider (SP) deems it necessary. Such
appliances provide a dynamic response to load shifting and offer the flexibility required
to redistribute the energy usage in peak periods to reduce the grid stress, allowing for the
more efficient utilization of resources and contributing to overall grid stability. In contrast,
non-shiftable appliances are the ones that do not offer flexibility for load shifting. They are
essential for the everyday operations of a household and must remain operational until the
specific need of the consumer is fulfilled. Such appliances are not considered to be flexible
in terms of load-shifting tactics, and their uninterruptible functioning is dictated by the
household’s immediate demands and routine [35].

Table 3 enumerates the list of appliances categorized as shiftable and non-shiftable for
the purposes of this study [23,35]. This categorization serves as a foundational framework
for implementing load-shifting practices effectively, optimizing energy consumption, and
promoting a more sustainable and resilient power infrastructure.

Table 3. Shiftable and non-shiftable appliances” definition.

Shiftable Appliances Non-Shiftable Appliances
Air Conditioner Refrigerator

Clothes Washer Microwave

Kitchen Appliances Living Room Appliances

Miscellaneous Loads

3. Why Is a Genetic Algorithm Employed in This Study?

Of the above-mentioned techniques listed in Table 1, meta-heuristic techniques are
more commonly used and more effective optimization techniques than conventional tech-
niques, due to the large search space needed to find the optimal solution, and they are
less complex and easy to implement than hybrid-heuristic techniques [36]. Meta-heuristics
includes many techniques like the GA, PSO, and ACO. A comparative analysis is provided
in Table 4.

Given its widespread usage, and based on the comparative analysis presented, a GA
is employed for the current DSM problem. Therefore, this section provides a detailed
methodology of DSM using optimization techniques, i.e., a genetic algorithm (GA). A
GA can address complex optimization problems like DSM, and it uses a parallel search
mechanism across a population of potential solutions. This search mechanism enables it to
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avoid getting trapped in local optimal solutions and allows for a complete exploration of
the solution space [37]. As a result, the use of GAs aligns with the complex nature of DSM,
providing a robust and proper approach to such optimization problems.

In the proposed framework, an optimization algorithm is integrated with the specific
purpose of bringing the final load curve as close to the predefined objective load curve as
possible, and this alignment serves as the foundation for achieving the primary goal of the
DSM strategy, which is the reduction of utility bills and peak load. In pursuit of this goal,
an objective load curve is formulated and is chosen so that it is inversely proportional to
electricity market prices.

Table 4. Comparative analysis of meta-heuristics techniques.

Algorithm Pros Cons
H1gh1y amenable to pérallehzat?on, mitigates local Premature convergence, limited scalability,
GA optima through effective mutation, and keeps a . . .
. o and difficulty with multimodal problems
balance between exploration and exploitation
Less parallelizable, with parameter selection
PSO Easy to implement, fast convergence, versatility, challenges due to poor exploration, and does
and robustness not retain information about past searches,
due to a lack of memory
Capable of efficient clustering and route Less naturally parallelizable, compared to the
ACO construction, with a memory of past solutions, and GA and PSO, and time-intensive, with a
robustness to parameter settings comparatively low convergence speed

4. Problem Formulation and the Proposed Algorithm

The proposed DSM strategy introduced in this study schedules the connection time of
each shiftable device of the household, and its schedules are such that the load consump-
tion curve should come close to the predefined objective load consumption curve. The
mathematical formulation of the proposed load-shifting technique is given in Equation (1).

. N 2
f= MznzmzzeZ:t:1 (P,o[,d(t) — Pobjective(t)> 1)

In Equation (5), Py, (t) is the actual load consumption that has been forecasted, while
Popjecitve 1S the value of a predefined objective load curve. The objective load curve is
selected to be inversely proportional to the electricity pricing because the goal is to reduce
the utility bill. Consequently, each step’s objective curve is specified as in Equation (2).

P ()= 1/price(t) v p 5
ob]ectwe( ) - Z]I\il price(j) Zi:l load (i) 2)
The price (t) denotes the price per kWh of electricity at each time step, while the
objective curve defined in Equation (2) reflects the way in which the electricity bill is
balanced every hour. In instances of high prices, energy consumption tends to be lower,
and vice versa. The aim is to minimize the difference between the forecasted energy
consumption curve and the defined objective curve, as given in Equation (1).

After defining the objective function, the next step is to employ the GA to solve the
load scheduling problem. The GA generates solutions to optimization problems inspired
by natural evolution, utilizing processes such as selection, crossover, and mutation. The
procedure starts with a randomly initialized population chosen by the GA, which contains
sets of solutions also called chromosomes. The fitness of each chromosome/individual
is evaluated using the fitness function, and then the fittest individuals are selected. After
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selection, these individuals undergo an alteration process through crossover and mutation
operators, resulting in a newly generated population, which is then employed in the
subsequent evaluation process. This process of altering and generating a new population
continues until the maximum number of generations is reached. The best chromosomes are
considered to be optimal solutions based on their fitness, signified as those closest to the
predefined objective curve. The overall flow of the employed genetic algorithm is depicted
in Figure 2.

Population
Initialization

function.

Evaluate fitness ]

Termination Criteria
reached?

NO

| Elitism ] | Selection ] Return the best
solution found.

Crossover

Mutation

vy

Next Generation

Figure 2. Flow of the employed genetic algorithm for demand-side management.
The fitness function formulated in this problem is presented in Equation (3):
) 1
Fitness = 5 3)
Z%il (x(t) - Pobjective(t)>

where x(t) indicates the solutions generated by the GA, and Ppjecitye is the pre-defined
objective curve. Upon reaching the maximum number of generations, the algorithm
identifies the optimal solution x(t) based on its fitness value. A higher fitness value is
associated with a solution that either closely aligns or best converges with the pre-defined
objective curve.

The suggested DSM model is formulated as a day-ahead scheduling problem; how-
ever, the optimization framework can be regularly re-executed across a rolling horizon
as new demand forecasts and electricity price signals become available. This periodic
re-optimization aligns the proposed approach with over-time and online combinatorial op-
timization paradigms, as discussed by Duque et al. in [38], where sustained system perfor-
mance is achieved by repeatedly revisiting scheduling decisions in dynamic environments.

5. Simulation and Results

For simulation purposes, MATLAB 2019a was used. The simulations were carried out
using a Notebook with a Core i7 5th Gen CPU (2.6 GHz clock) and 8 GB RAM. To optimize
the performance of the GA, the GA parameters were also optimized. The parameters
included population size, the number of generations, crossover rates, and mutation rates.
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This exploration was carried out through experimentation [39], systematically evaluating
each combination to identify the parameters that yielded the best results. The selected
parameters are referred to herein as the best or optimized parameters. Brief details of the
different hyperparameters of the employed GA are presented in Table 5. The RTP signal
(based on data presented in Table 2, as used in the DSM) is shown in Figure 3.

Table 5. The employed parameters for the genetic algorithm.

Parameters Values
Pop_size 300
Num. of gen 50
Crossover rate 0.8
Mutation rate 0.1

Electricity Price (ct/kWh)

o
T
1

1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
N N N N O A A A S S S S S S S S S
¥ aT, ot AT Al AT 4T o W (R AT o o AT g T AT ¥ oF (B (P (PP ¥
Time (hrs)

Figure 3. Graphical representation of the real-time pricing signal.

5.1. Segregated Loads DSM

The simulation results depict the impact of implementing DSM on various shiftable
appliances, such as air conditioners (ACs), clothes washers, kitchen appliances, and mis-
cellaneous loads, within a household. The scheduling of shiftable appliances, such as the
AC, demonstrates a noteworthy reduction in the daily electricity bill from 83.1 cents to
65.7 cents, constituting a 20.9% decrease. Concurrently, the peak demand experiences a
substantial reduction from 2.382 kW to 0.4888 kW, indicating a notable 79.3% decrease in
peak load.

Similarly, the clothes washer exhibits a reduction in daily cost from 0.9 cents to
0.7 cents, reflecting a 22.2% decrease. The associated peak reduction is observed to be
from 0.0061 kW to 0.0045 kW, accounting for a 26.23% decrease. Likewise, other loads,
such as kitchen appliances and miscellaneous loads, contribute to a reduction in the
daily electricity bill from 7 cents to 4.1 cents (42% reduction) and 41.5 cents to 33.1 cents
(19.5% reduction), respectively. Correspondingly, the peak demand for both these loads
undergoes a substantial reduction from 0.072 kW to 0.031 kW (56.9% reduction) and
0.702 kW to 0.207 kW (70.5% reduction), respectively. Tables 6 and 7 provide a detailed
comparison of per-day cost and peak demand before and after the implementation of
DSM techniques, respectively. The impact of the implemented DSM techniques on various
shiftable appliances (AC, clothes washer, kitchen appliances, and miscellaneous loads) is
visually depicted in Figures 4-7.
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Figure 4. Demand-side management results for the air conditioner.
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Figure 5. Demand-side management results for the clothes washer.

The overall cost of electrical energy consumption for each hour by a specific appli-
ance is computed by multiplying the total energy consumption during that hour by the
corresponding electricity price for that period, as outlined below in Equation (4):

Cost; = p; *x E; (4)

where p; is the electricity consumption price in hour i, and E; is the energy consumed by an
appliance at hour i. Cost; is the energy consumption cost in an hour i. Therefore, the per-day
energy consumption cost will be the sum of the cost of each hour, as given in Equation (5).

Cost = Z?il Cost; (5)
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Figure 6. Demand-side management results for the kitchen appliances.
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Figure 7. Demand-side management results for miscellaneous loads.

Table 6. Impact of demand-side management on energy consumption cost for segregated loads.

Loads Cost Before Cost After Cost Reduction Percentage
DSM (Cents) DSM (Cents) (Cents) Reduction (%)
Air Conditioner 83.1 65.7 17.4 20.9
Clothes Washer 0.9 0.7 0.2 222
Kitchen Appliances 7.0 4.1 29 41.4
Miscellaneous Loads 415 33.1 8.4 20.2
Table 7. Impact of demand-side management on peak demand for segregated loads.
Load Peak Load Before = Peak Load Peak Reduction Percentage
oads DSM (kW) After DSM (kW) (kW) Reduction (%)
Air Conditioner 2.382 0.4888 1.89 79.3
Clothes Washer 0.0061 0.0045 0.0016 26.23
Kitchen Appliances 0.072 0.031 0.041 56.9
Miscellaneous Loads ~ 0.702 0.207 0.495 70.5
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5.2. Aggregated Load DSM

The individual appliances’ shift has an effect on consumer electricity bills and peak
reduction. This is because before the implementation of DSM, all loads were unscheduled,
but after DSM was implemented, some shiftable loads were scheduled based on the RTP
signal; such loads contribute to the overall consumer electricity cost and also to peak
demand reduction. The impact of the implemented DSM technique on aggregated load
(overall household load) is visually depicted in Figure 8.

The cost of total energy consumption by a consumer at each measured hour is equal
to the total energy consumed by all appliances at this hour, multiplied by the energy
consumption price at that hour, as given in Equation (6):

COSfl' = pi* ;121 Ei (a]) (6)

where Cost, is the total cost for hour 7, and p; is the energy price at hour i. E; (4)) is the
energy consumed by appliance j in hour i and 7 is the total number of appliances. The total
cost per day is the summation of each hour’s cost, as given below.

Cost = Efil Cost; 7)

Table 8 summarizes and compares the overall energy consumption cost and peak
load demand of a household with the implementation of the employed demand-side
management technique. From the presented results in Table 8, it is evident that employing
the DSM technique effectively reduces both the cost and peak demand of a household. The
consumer effectively decreased their electricity bills from 237 cents to 208 cents per day,
reflecting a substantial 12.24% reduction in the daily electricity expenditure.

Furthermore, the peak demand witnessed a significant decrease from 3.467 kW to
1.205 kW, translating to an impressive 65% reduction in the household’s daily peak demand.
These findings indicate effective household load management in response to the RTP
signal. Moreover, it is worth noting that with DSM, cost savings are dependent upon
customer inconvenience, with greater waiting periods resulting in increased savings. In a
well-implemented DSM framework, the advantages extend beyond customer benefits to a
positive impact on the utility. A notable advantage is the reduction in the peak-to-average
ratio (PAR), contributing to enhanced grid efficiency, stability, capacity, and a decrease in
power generation costs.

35 T T T T T T T T T T T T T
X13 Load Before DSM
Y 3.4676 Load After DSM
3_ -
25 =
s Ll ]
b
215} -
a
1L -
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Figure 8. Demand-side management results for aggregated load.
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Table 8. Impact of demand-side management on energy consumption cost and peak demand for

aggregated load.

Overall Cost before DSM (cents) 237
Overall Cost after DSM (cents) 208
Overall Cost Reduction (cents) 29
Percentage Reduction (%) 12.24
Peak Load before DSM (kW) 3.467
Peak Load after DSM (kW) 1.205
Peak Reduction (kW) 2.26
Percentage Reduction (%) 65

6. Conclusions

This study presents the implementation of the DSM technique of load shifting through
an optimization technique employing a GA. This proposed GA-based approach effectively
reduces both electricity cost and peak demand for shiftable household appliances. Specif-
ically, AC use exhibits a reduction in cost and peak demand of 17.4 cents and 1.89 kW,
respectively. Similarly, clothes washer use experiences a decrease in cost and peak demand
by 0.2 cents and 0.0016 kW, respectively, while kitchen appliance use witnesses a reduction
of 2.9 cents in cost and 0.041 kW in peak demand. Additionally, miscellaneous loads
demonstrate a decrease in cost and peak demand by 8.4 cents and 0.495 kW, respectively.
The cumulative impact of load-shifting strategies on overall household electricity cost
and peak demand was observed to decrease by 29 cents and 2.26 kW, respectively, which
signifies the effectiveness of the proposed GA-based load-shifting technique in terms of
optimizing both cost and peak demand for enhanced energy efficiency.
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