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Abstract- The consumption of electricity in households
shows growing levels of unpredictability and peaks in
demand, which negatively affect the stability of power
grids and decreases the efficiency of energy consumption.
Many research works have been dedicated to short-term
load forecasting and demand-side management; however,
only a small number of studies pay attention to the
combination of artificial intelligence algorithms that
would allow for the integration of accurate load
forecasting and optimal scheduling of the appliance in
the household. The present work aims to provide a
framework for Al-based residential energy management,
which integrates hybrid SWT-LSTM load forecasting with
Genetic Algorithm for optimal appliance scheduling.
First, the forecasting model was developed and tested on
the UK Domestic Appliance-Level Electricity (UK-DALE)
data set, in which high levels of the model's forecasting
accuracy were reached with Mean Absolute Error of
20.46 W, Root Mean Square Error of 44.25 W and R’
coefficient of 0.9868. Then, the forecasted load profile
was used in the Genetic Algorithm to determine the
schedule for the washing machine, dishwasher, water
pump, and iron in order to reach the reduction of the
average peak demand level on 25.73%, PAR reduction on
25.73%, increase in the Load Factor on 38.62% and
reduction of Peak Energy on 10.32%. For evaluating the
robustness and the ability to be generalized to other types
of operating conditions, the developed load forecasting
model was validated on the solar powered energy
consumption data set provided by the Centre for
Embedded AI and Smart Energy Systems, and resulted in
Mean Absolute Error of 83.09 W, Root Mean Square
Error of 195.32 W and achieved the coefficient of
determination R? of 0.9823.

Index Terms- Artificial Intelligence; Stationary Wavelet
Transform; Long Short-Term  Memory;  Genetic
Algorithm; Residential Energy Management; Load
Forecasting; Demand Side Management; Smart Grid.

L. INTRODUCTION
Smart homes have become an essential part of the
contemporary power supply system because of the

growing use of IoT, smart meters, and intelligent
household devices. The ability to monitor, automate,
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and control consumption of electricity by users is the
key feature of the intelligent home that brings
numerous advantages [1]. Nonetheless, rising
residential power needs have also been linked to peak
load problems, higher operational costs, and
inefficient utilization of energy resources [2], [3].
Given that residential consumption of electricity is
going to rise in the next few years, HEMS are
becoming ever more relevant in terms of energy
efficiency and demand management [4].

Short term load forecasting is essential for HEMS
since it supplies the necessary data for energy
management and load management [5]. Traditionally
employed models like ARIMA, SARIMA, and ANN
have been proven to be effective in electricity
forecasting; however, their effectiveness can be
hindered by the nonlinear nature of electricity
consumption, which is time-varying and non-
stationary in nature [5]-[9]. Deep learning methods,
especially LSTM networks, have received a great
deal of attention due to their capacity to recognize
temporal dependencies in the electricity load profile
[10]-{14]. Recent research has also been conducted
on hybrid architectures such as CNN-LSTM,
federated LSTM, Transformer architecture and SWT
assisted LSTM for enhanced feature extraction and
forecasting performance [12], [18]-[23]. Among all
the developed techniques, SWT-LSTM is a hybrid
algorithm that utilizes the advantages of SWT and
LSTM by incorporating signal decomposition using
SWT and temporal learning using LSTM for
forecasting load signals [10], [12].

Although forecasting must be accurate, for efficient
HEMS, intelligent demand side management (DSM)
needs to play an important role in deciding on which
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time the flexible loads will operate. Load shifting,
peak shaving, and demand response are examples of
the DSM strategy used to change the pattern of
electricity usage depending on the demand and price
of electricity [24], [25]. Genetic Algorithms (GA)
have been extensively used in the context of
scheduling of residential appliances owing to the
inherent capability of solving nonlinear optimization
problems [26], [27]. There are other methods like
Binary Orientation Search Algorithm (BOSA),
Binary Sparrow Search Algorithm (BSSA), and
hybrid meta-heuristic methods that have proven
successful in minimizing electricity cost, peak
demand, and PAR. [28]-[30].

However, even with these advancements, research in
forecasting and appliance scheduling has been
commonly done separately. In most of the scheduling
models, the assumption of availability of future load
information has been considered, while the forecast
models have been developed with the primary aim of
predicting load only [28], [29], [31]. In addition,
several studies rely on single, simulated, or limited
datasets, restricting assessment of model robustness
and generalization under different operating
conditions. Consequently, there is a need for an
integrated framework that combines accurate load
forecasting with forecast-driven appliance scheduling
and evaluates its performance across independent
datasets.

To address this gap, this study developed an Artificial
Intelligence (Al)-driven  residential energy
management framework integrating SWT-LSTM for
short-term electricity load forecasting with a GA-
based DSM strategy for flexible appliance scheduling
under Time-of-Use (ToU) conditions. The framework
was developed and evaluated using the UK Domestic
Appliance-Level Electricity (UK-DALE) dataset and
further validated using an independent electricity
consumption dataset collected from the Centre for
Embedded Artificial Intelligence and Smart Energy
Systems (CESAI), Abubakar Tafawa Balewa
University, Bauchi. The study therefore aims to
develop an accurate SWT-LSTM forecasting model,
design a GA-based appliance scheduling strategy for
reducing peak demand and improving load
distribution, and evaluate the robustness of the
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integrated framework using the two independent
datasets.

1L METHODOLOGY

This study developed an integrated Artificial
Intelligence (Al)-driven  residential energy
management framework that combines accurate
short-term load forecasting with intelligent appliance
scheduling to improve household energy efficiency
and support grid stability. The developed framework
integrates a hybrid Stationary Wavelet Transform—
Long Short-Term Memory (SWT-LSTM) model for
residential load forecasting with a Genetic Algorithm
(GA)-based demand-side management strategy under
Time-of-Use (ToU). The methodology follows a
systematic workflow comprising data acquisition,
preprocessing, load forecasting, appliance
scheduling, and performance evaluation, thereby
providing a unified framework for predictive and
optimized residential energy management.

The framework was designed to address the three
objectives of this study through four interconnected
stages. First, historical household electricity
consumption data are acquired and preprocessed to
generate high-quality time-series inputs for model
development. Second, the preprocessed load signal is
decomposed using the Stationary Wavelet Transform
and processed by a Long Short-Term Memory
network to generate accurate short-term electricity
demand forecasts. Third, the forecasted load profile is
supplied to a Genetic Algorithm that determines
optimal operating schedules for flexible household
appliances while satisfying operational constraints
and minimizing electricity cost and peak demand.
Finally, the forecasting and scheduling performances
are quantitatively evaluated using appropriate
prediction and de-mand-side management metrics.
Figure 1 illustrates the overall workflow of the
developed intelligent residential energy management
framework.

The developed Artificial Intelligence (Al)-driven
residential energy management framework was
designed to integrate accurate short-term load
forecasting with intelligent de-mand-side
management within a unified system. The framework
consists of four interconnected stages: (i) data
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acquisition and preprocessing, (ii) SWT-LSTM-based
load forecasting, (iii) Genetic Algorithm (GA)-based
appliance  scheduling, and (iv) performance
evaluation and model validation. These stages
operate sequentially to transform raw electricity
consumption data into optimized appliance schedules
that improve household energy efficiency while
supporting grid stability. Figure 1 presents the overall
workflow of the developed framework.

The methodology begins with the acquisition of
historical electricity consumption data from the UK
Domestic Appliance-Level Electricity (UK-DALE)
dataset, which serves as the primary benchmark for
model development. To evaluate the adaptability and
generalization capability of the developed forecasting
model, operational energy consumption data obtained
from the Centre for Embedded Al and Smart Energy
Systems, Abubakar Tafawa Balewa University,
Bauchi, are also incorporated during the validation
stage. Both datasets undergo preprocessing, including
data cleaning, timestamp standardization, resampling
into uniform 10-minute intervals, normalization using
Min-Max scaling, and transformation into supervised
learning sequences through a sliding-window
approach.

Following preprocessing, the normalized load signal
is decomposed using the Stationary Wavelet
Transform (SWT) to separate long-term consumption
trends from high-frequency fluctuations while
preserving the temporal characteristics of the data.
The decomposed signals are subsequently used to
train a Long Short-Term Memory (LSTM) network
for short-term residential load forecasting. The
forecasted load profile is then analyzed to identify
potential peak-demand periods, after which a Genetic
Algorithm optimizes the operating schedules of
flexible household appliances under Time-of-Use
(ToU) satisfying appliance operational constraints.
Finally, the developed framework is evaluated using
forecasting metrics, including Mean Absolute Error
(MAE), Root Mean Square Error (RMSE), and the
coefficient of de-termination (R?), together with
demand-side management metrics such as Peak
Demand Reduction, Peak-to-Average Ratio (PAR)
Reduction, Load Factor Improvement, and Peak
Energy Reduction. The forecasting model is further
validated using the independent institutional dataset
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to assess its robustness and applicability under a
different energy consumption environment. Figure 1
presents the overall workflow of the developed
framework.
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Figure 1. Overall workflow

2.1 Datasets

2.1.1 UK-DALE Dataset

The UK Domestic Appliance-Level Electricity (UK-
DALE) dataset was used to achieve the first and
second goals of this study. The dataset was created
by researchers at Imperial College London for use in
studies related to residential energy monitoring, load
forecasting, energy disaggregation, and demand-side
management. This dataset includes high-resolution
recordings of household electricity consumption and
the power consumed by each household appliance
from multiple occupied households within the United
Kingdom.

One of the main benefits of the UK-DALE dataset is
that it provides measurements of the consumption of
each  household appliance in addition to
measurements of aggregate electricity consumption.
Thus, it is appropriate to use this dataset to create
intelligent load forecasting algorithms and evaluate
scheduling techniques. The ability to measure the
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consumption of individual appliances allows for re-
scheduling flexible household loads while adhering
to appliance operating constraints.

In this study, the data on aggregate electricity
consumption of households were taken from the UK-
DALE dataset and used to create the SWT-LSTM
load forecasting algorithm. Additionally, four
controllable household appliances were selected for
demand-side management wusing the Genetic
Algorithm. These four appliances have flexible
operating periods that can be changed without having
a considerable impact on user comfort. The selected
appliances are Washing Machine, Dishwasher, Water
Pump and Electric Iron.

First, the electricity consumption records were
resampled into regular time intervals of 10 minutes to
ensure consistency throughout the forecasting
procedure. After data preprocessing, the records were
then split into train and test sets in an 80:20 split
ratio. Historical data for 48-time steps lookback
window was used to forecast the future electricity
demand.

The SWT-LSTM based electricity consumption
forecasting method utilized Daubechies-4 (db4)
wavelet with decomposition level equal to two. In the
developed forecasting network, two stacked Long
Short-Term Memory layers with 256 and 128
neurons in each one were used respectively. Dropout
layers with a probability of 0.2 were added after each
LSTM layer to avoid overfitting during training
procedure. For the training of the network, a batch
size of 32 was used for a maximum number of 120
epochs.

Finally, the resulting predicted load profile was
passed to the Genetic Algorithm-based Optimization
algorithm when the predicted electricity consumption
exceeded the defined peak demand threshold, which
corresponds to 80th percentile of daily load profile.
Parameters that were wused for algorithm
implementation were as follows: population size was
equal to 80 chromosomes, the number of generations
was 100, elite preservation size was 10 and mutation
probability was set to 0.20. These parameters allow
the algorithm to find optimal appliance schedules,
which can reduce the peak load demand.
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UK-DALE: Number of Electricity Meters per Building

E &

Number of Electricity Meters
=

1 2 3 4 5
Building Number

Figure 7: Electricity consumption time series for
Building 1, Meter 1.

Figure 7 illustrates the distribution of electricity
meters across the five buildings contained in the UK-
DALE dataset. The figure shows that Building 1 has
the highest number of electricity meters, with
approximately 54 meters, followed by Building 5
with 26 meters and Building 2 with 23 meters.
Buildings 3 and 4 have considerably fewer meters,
with approximately 5 and 6 meters, respectively. This
variation indicates that the level of electrical
monitoring differs among the buildings and that
Building 1 provides a comparatively rich source of
electricity measurements. For this study, building 1
was selected as the primary building for the
forecasting analysis, with the /buildingl/elec/meterl
measurement used to obtain the electricity load
signal. The relatively large number of meters
available in Building 1 provides a broader monitoring
environment and supports the selection of a
representative household electricity signal for the
subsequent forecasting analysis. The selected meter
provides the load measurements that were
subsequently processed and transformed before being
supplied to the forecasting framework.
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UK-DALE: Temporal Coverage of Electricity Data
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Figure 8: Temporal coverage of UK-DALE
electricity data

Figure 3.2 presents the temporal coverage of
electricity consumption measurements for the five
buildings in the UK-DALE dataset. The figure
demonstrates that the duration of data collection
varies substantially between buildings. Building 1 has
the longest period of recorded measurements,
extending from approximately 2012 to 2017, whereas
the other buildings have shorter observation periods.
This difference in temporal coverage is important for
a time-series forecasting study because the quantity
and continuity of historical observations influence the
amount of information available for identifying
consumption patterns. The extensive temporal
coverage of Building 1 provides a substantial
historical record from which electricity consumption
behaviour can be investigated. Consequently,
building 1 was selected for the present study. The
longer observation period allows the forecasting
framework to be developed using a relatively large
number of historical observations while also
providing sufficient data for separating the
observations into training and testing periods. This
supports the subsequent application of the Stationary
Wavelet Transform (SWT) and Long Short-Term
Memory (LSTM) model for short-term residential
electricity load forecasting.
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Figure 9: Electricity consumption time series for
Building 1, Meter 1

Figure 9 presents the electricity consumption time
series obtained from /buildingl/elec/meterl. The
figure shows considerable variation in electricity
consumption throughout the observation period.
Although the signal generally maintains a lower
consumption range for substantial portions of the
period, numerous short-duration increases and high-
amplitude peaks can also be observed. Some of these
peaks exceed approximately 5,000 on the plotted
consumption scale. The presence of these fluctuations
demonstrates the dynamic nature of residential
electricity demand.

The observed variability is particularly relevant to the
forecasting problem addressed in this study.
Residential electricity consumption is influenced by
the operation of household appliances and changes in
household activities, resulting in both relatively
smooth changes and sudden load variations.
Therefore, the load signal contains different
characteristics that must be captured adequately by
the forecasting model. The complexity and variability
observed in Figure 3.3 provide the motivation for
applying signal decomposition before the LSTM
forecasting stage. In this study, the Stationary
Wavelet Transform is employed to separate the load
signal into approximation and detail components,
allowing different characteristics of the electricity
consumption signal to be represented before
forecasting.
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UX-DALE: Daily Electricity Consumption Pattem

1
1500

1000

0 12 3 4 5 6 7T B 9 WU R DB KB B DI IBLNNADRDB
Haurof Day

Figure 10: Daily electricity consumption pattern for
Building 1, Meter 1

Figure 3.4 presents a heatmap of the daily electricity
consumption pattern for the selected electricity meter.
The horizontal axis represents the 24 hours of the
day, while the vertical axis represents the observation
dates. The colour intensity represents the magnitude
of average electricity consumption for a particular
hour and date. The figures show that electricity
consumption is not uniform throughout the day.
Instead, periods of relatively low consumption occur
alongside  periods of substantially  higher
consumption.

The occurrence of higher-intensity regions at
particular hours indicates that residential electricity
demand varies according to the time of day. The
heatmap also demonstrates that the magnitude of
consumption differs from one date to another,
indicating  temporal variability in household
electricity usage. For example, some observations
show considerably higher consumption values than
the surrounding periods. These variations provide
evidence of temporal patterns within the electricity
load and further support the treatment of the dataset
as a time-series forecasting problem.

The observed hourly and daily variations are
important to the developed forecasting framework
because the model must learn both the underlying
consumption behavior and short-term changes in
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demand. The presence of these temporal
characteristics supports the use of LSTM, which is
designed to learn dependencies within sequential
data. Furthermore, the rapid changes and fluctuations
observed in the load signal justify the use of SWT as
a preprocessing and decomposition technique before
the LSTM forecasting stage.

2.1.2 Centre for Embedded Artificial Intelligence and
Smart Energy Systems Dataset

An independent dataset on electricity usage was
created using the electric load data from the Centre
for Embedded Artificial Intelligence and Smart
Energy Systems (CESAI), Abubakar Tafawa Balewa
University, Bauchi, to evaluate the robustness and
generalization  capability of the developed
framework. Unlike the residential UK-DALE dataset,
the CESAI data set contains electricity consumption
behavior of a solar-powered institutional setting. This
dataset was obtained from the data collected based on
rated power, time of operation, location, and
operating schedule of the electrical loads per day
within various rooms in the offices, laboratories,
lecture rooms, conference rooms, and other academic
departments. The loads were summed up to create the
building load profile. Analysis of the framework
based on these two data sets reveals its effectiveness
in different operating conditions.

2.1.3 Data Preprocessing

Before building the models, UK-DALE and CESAI
datasets went through the same preprocessing process
to ensure the quality and synchronization of the data.
The steps involved in the preprocessing process
included data cleaning, synchronization of
timestamps, resampling, normalization, creation of
supervised sequences, and splitting of the datasets.
The invalid and missing entries were filtered out
before sorting the time-series data into chronological
order and resampling it in 10-minute intervals. After
that, the data were normalized between 0 and 1 by
Min-Max scaling to increase the numerical stability
of the model training process. The final step was
transforming the normalized time series data into
supervised sequences using a window size of 48 and
an 80:20 split between training and test sets. This
preprocessing procedure ensured consistent data
preparation for forecasting, optimization, and cross-
dataset validation.
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2.2 SWT-LSTM Forecasting Procedure

The normalized load signal was decomposed using
SWT, and the resulting components were converted
into supervised sequences using a 48-time-step
lookback window for LSTM training. The predicted
components were reconstructed using the Inverse
SWT to get the final short-term load forecast, which
was assessed using MAE, RMSE, and R? The
forecast was subsequently supplied to the GA
scheduling module when predicted demand exceeded
the defined peak threshold.

2.3 GA-Based Appliance Scheduling

The forecasted load was used as input to a Genetic
Algorithm (GA) for proactive scheduling of four
flexible appliances: washing machine, dishwasher,
water pump, and electric iron, while the refrigerator
was retained as a non-shiftable base load. Peak-
demand periods were identified using the 80th
percentile of the daily forecasted load as a dynamic
threshold; when this threshold was exceeded, the
forecast was passed to the GA for optimization.

Each chromosome represented a complete daily
appliance schedule, with genes corresponding to
appliance start times. Scheduling was performed at
10-minute intervals over a 24-hour horizon, subject
to appliance operating constraints. GA iteratively
refined candidate schedules through selection,
crossover, mutation, and elitism. The fitness can be
stated as:

F= wlppea!i+ WZEpeak + WgPAR + Wya (1)

where Ppeakdenotes the maximum predicted
household load, Epeakrepresents the total energy
consumed during predicted peak-demand periods,
PAR is the Peak-to-Average Ratio of the load
profile, and ogis the standard deviation of the
scheduled load profile, which measures load
variability. The weighting coefficients wy, wa, wa,
and wywere assigned values of 1.0, 1.0, 0.5, and 0.3,
respectively, to prioritize peak demand reduction
while simultaneously encouraging balanced energy
consumption and smooth load distribution.
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2.4 GA-Based Appliance Scheduling

Load forecast was optimized by Genetic Algorithm
(GA) by scheduling four shiftable loads: washing
machine, dishwasher, water pump, and electric iron,
with the refrigerator being the non-shiftable base
load. The chromosome encoding comprised the start
times of appliances and was limited within the
feasible daily scheduling period for each candidate
solution. Initially, 80 chromosomes were evaluated
based on the defined multi-objective fitness function.
The following parameters were used in the process:
tournament selection with tournament size = 5, single
point crossover, mutation rate of 0.20, and elitism of
10 chromosomes over 100 generations. The
chromosome with the least fitness value was selected
as the optimal schedule. The optimal appliance
schedules were then used together with the load
forecast to construct the final daily load curve.

2.5 Performance Evaluation

Performance of the developed framework was
analyzed through forecasting performance and
demand side management performance indicators.
The forecasting performance analysis was achieved
using of MAE, RMSE, and R? coefficient while
genetic algorithm scheduling strategy performance
was evaluated based on peak reduction, PAR
reduction, load factor improvement, and peak energy
reduction.

2.5.1 Mean Absolute Error (MAE)

Mean Absolute Error (MAE) measures the average
absolute difference between the predicted and actual
load values. Lower MAE values indicate better
forecast performance.

1 ~
MAE:; ILl|yl_yL| ()
where Vi represents the actual load value, Vi denotes
the predicted load value, and n is the total number of
observations used during model evaluation.

2.5.2 Root Mean Square Error (RMSE)

Root Mean Square Error (RMSE) evaluates the
standard deviation of the prediction errors by
assigning greater weight to larger forecasting errors.
Consequently, RMSE 1is particularly useful for
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assessing the overall prediction performance of the
forecasting model.

1 -
RMSEzJ; =1 (i = 91)? o)
Where Yi is the actual load value, Vi is, the predicted
load value, and n denotes the total number of
observations.

2.5.3 Coefficient of Determination (R?)

The Coefficient of Determination (R?) measures how
well the forecasting model explains the variability in
the observed electricity consumption data. Values
closer to one indicate better agreement between the
predicted and actual load values.

I, (01 -9
RZ — 1 R A i
T -0)? @)

Where Yi denotes the actual load value, yi

represents the predicted load value, Yi is the mean of
the actual load values, and n is the total number of
observations.

2.5.4 Peak Reduction

Peak Reduction measures the percentage decrease in
the maximum electricity demand after the application
of the scheduling algorithm. It indicates the
effectiveness of the developed demand-side
management strategy in reducing peak demand.

Peak —Peak
Peak Reduction (%) = ——Eefore" "2 After o 10
Peakpefore
(5)

where P eakBef orejs the maximum load before

scheduling, while P eakﬂf ter is the maximum load
after scheduling.

2.5.5 Peak-to-Average Ratio (PAR) Reduction

The Peak-to-Average Ratio (PAR) is a commonly
used indicator for evaluating the smoothness of an
electricity load profile. It is computed as the ratio of
the peak load to the average load. Lower PAR values
indicate a more balanced load distribution.

PAR = —peak_
Paverage (6)
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where Fpeak is the maximum load and Faverage
represents the average load over the scheduling
period.

The percentage reduction in PAR after scheduling is
calculated as:

P AR Reduction (%) = 2 Ri‘i‘]:_i‘q Rafter 100 7
Before

where £ A Rpefore and P A R after represent the
Peak-to-Average Ratio before and after optimization,
respectively.

2.5.6 Peak Energy Reduction

Peak Energy Reduction measures the percentage
decrease in the total energy consumed during
identified peak-demand periods after optimization.
This metric evaluates the effectiveness of the
scheduling algorithm in shifting electricity
consumption away from peak periods.

Peak Energy Reduction (%) = ﬂgepge_ﬁfﬁ X 100(8)
Before

where FE Ber orerepresents the total energy
consumed during peak-demand periods before

scheduling, while PE afterdenotes the
corresponding energy consumption after
optimization.

1. RESULTS AND DISCUSSION

This section includes information about the hardware
and software used, sources of the dataset, preliminary
data analysis, results, and results analysis. Visual
representation of results using figures, graphs, and
tables would be a great idea for this part. Formulas or
methods of evaluation are to be presented as well.
There should be discussion/analysis, and you can’t
simply rewrite your results in sentence form; instead,
you have to interpret the link between the results and
your initial hypothesis.

3.1 SWT-LSTM Forecasting Performance

To evaluate the forecasting capability of the
developed SWT-LSTM model, experiments were
conducted using the UK-DALE dataset. The
forecasting performance was assessed using the
Mean Absolute Error (MAE), Root Mean Square
Error (RMSE), and coefficient of determination (R?).
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Fig. 2 compares the actual versus predicted
household electricity load, while Table 1 summarizes
the quantitative performance metrics.

SWT-LSTM: Actual vs Predicted Load {=83 Hours)

a0

Figure 2. Actual versus predicted household load of
the developed SWT-LSTM model.

As illustrated in Fig. 2, the estimated load curve is
like real household power consumption for the entire
period of testing. Thus, the model not only considers
the usual pattern of consumption but also predicts the
peaks of  high-power consumption, which
demonstrates that the nonlinear temporal properties
of residential electricity consumption have been
learned by the model. Although discrepancies occur
in case of sudden load variations, the estimated load
curve remains highly correlated with the actual load.
Figure 3. Residual errors of the developed SWT-
LSTM model.

Figure 3 shows the correlation between the residual
and the load observed. The residuals tend to center
around zero in case of low and mid-level loads,
which show that the model predicts well. However,
in case of high load values, the residuals vary more
due to the difficulty in predicting sudden peaks in
demand. Nevertheless, the residuals remain relatively
small compared with the overall load magnitude,
confirming the robustness of the developed
forecasting model.

Table 1. Forecasting results of SWT-LSTM model
The above results from the quantification also
support the efficacy of the forecasting model. In this
case, the MAE and RMSE of 20.4571 W and 44.2508
W, respectively, show small prediction errors. On the
other hand, the coefficient of determination (R?) is
0.9868, which means that about 98.68 percent of the
variation in the actual load is explained by the model.
The results show that the integration of Stationary
Wavelet Transform with the LSTM gives effective
short-term residential load forecasting.
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3.2 Genetic Algorithm Scheduling Performance

The performance of the demand-side management
approach developed by the Genetic Algorithm (GA)
was assessed based on the load forecasts obtained
from the SWT-LSTM model for households. This
optimization technique changed the working schedule
of four shiftable household devices such that the peak
demand is reduced, the improved load curve is
achieved, and the energy consumption during high-
demand times is reduced. The performance of the
developed scheduling technique was measured based
on Peak Reduction, PAR Reduction, Load Factor
Improvement, and Peak Energy Reduction.

DSM Scheduling — One Day Load Profile
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Figure 4. Household load profile before and after
Genetic Algorithm-based appliance scheduling.

As shown in Figure 4, the adopted scheduling system
has been able to transfer the appliance loading pattern
to lower demand times thus leading to smoothening
of the entire load profile. While the initial load curve
shows a peak value of about 3.93 kW, the load after
scheduling is lowered to a peak value of about 2.62
kW, thus showing about a 33.31% peak lowering for
that particular day. While some appliances have been
rescheduled to operate at later times, there is no new
peak generated due to the scheduling. This shows that
the load scheduling algorithm has succeeded in
smoothening the daily load profile.

Table 2. Overall scheduling performance of the
developed Genetic Algorithm over ten evaluation

days.
Metric Value
MAE (W) 20.4571
RMSE (W) 44.2508
R2 0.9868

ICONIC RESEARCH AND ENGINEERING JOURNALS 3556



© SEP 2026 | IRE Journals | Volume 10 Issue 3 | ISSN: 2456-8880
DOI: https://doi.org/10.64388/IREV1013-1723518

Results in Table 2 are the averages for the 10-day
evaluation period. It was observed that the genetic
algorithm generated on average 25.73% saving in
peak demand as well as 25.73% in the Peak to
Average Ratio (PAR) values, which is an indication
of better balancing of household electricity demand
in a day. In addition to that, the average load factor is
increased by 38.62%. The developed optimization
algorithm was able to save energy consumption
during the predicted peak-demand time by 10.32%.
Regarding the robustness of the algorithm, the
positive reduction in peak demand and PAR was
observed on all 10 days, whereas positive reduction
in energy consumption during the peak period was
obtained on 9 out of 10 days.

3.3 Cross-Dataset Validation Using the CESAI
Dataset

To analyze the generalizability of the developed
forecasting framework, the SWT-LSTM method was
validated with CESAI data set that is different from
the UK-DALE data set, which had been utilized for
evaluating the method at first. This was done to
examine whether the developed approach can
perform reliably when applied to a different
consumption profile.

Impraved Final SWTLSTM Forecasting
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Figure 5. Performance of the developed SWT-LSTM
model on the CESALI dataset.

As illustrated in Figure 5, the predicted load tracks
the actual electricity load of the households almost
consistently over the entire period of analysis,
regardless of the normal operation period or high-
demand periods. Despite a small margin of deviation
seen during some spikes in the peak load, the SWT-
LSTM model proves itself capable of capturing the
general characteristics of the load time series as well
as major demand changes seen in the CESAI dataset.

IRE 1723518

Table 3. Performance of the developed SWT-LSTM
model on the CESAI dataset.

Metric Value
MAE (W) 84.40

RMSE (W) 202.23
R? 0.9823

Quantitative findings also show the strength of the
developed predictive model. The SWT-LSTM
algorithm produced an MAE of 84.40 W, RMSE of
202.23 W, and the R? value of 0.9823, meaning there
was good correlation between predicted and
measured values of electricity load. A very high R?
value means that the model accounts for more than
98% of the variance of the observed household
electricity consumption, while the relatively low
MAE and RMSE mean that prediction errors were
small.

Residuals vs Predicted Load
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Figure 6. Residuals versus predicted load for the
developed SWT-LSTM forecasting model on the
CESAI dataset.

Residuals of the constructed SWT-LSTM model for
the CESAI data are depicted in Figure 6. The
residuals appear to be randomly scattered across the
zero-error line, which indicates that the predictions
generated by the model are unbiased. Though there
are some larger errors while modeling high-load
conditions, most of the residuals still liec around the
zero-error level, proving the robustness and accuracy
of the predictions made by the developed model.

3.4 Comparison with Existing Studies

Comparison between the developed framework and
other related literature on residential load forecasting
and demand side management is provided in Table 4.
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Earlier research mainly concentrated on developing
efficient forecasting methods [12],[30].

Iv. CONCLUSION

This study developed an intelligent residential energy
management framework that integrates Stationary
Wavelet Transform—Long Short-Term Memory
(SWT-LSTM) for short-term electricity load
forecasting with a Genetic Algorithm (GA) for
appliance scheduling. The developed framework was
evaluated using the UK-DALE dataset and further
validated on the CESAI dataset to assess its
forecasting accuracy and generalization capability.
The results demonstrated that the SWT-LSTM model
achieved high forecasting accuracy, while the GA-
based scheduling strategy effectively reduced peak
demand and Peak-to-Average Ratio (PAR) and
improved the load factor. These results clearly show
that the developed framework was successful in
accomplishing the objectives of the research as it was
able to use accurate load forecasting along with
intelligent appliance scheduling in a combined way
through an energy management system in the
residential domain. Different from many existing
approaches where only forecasting or optimization is
considered, the developed framework considers both
and is able to validate the framework using two
different residential datasets. Despite obtaining
positive results from the developed framework, this
framework was only validated through simulation in
this study using publicly available datasets without
considering the actual implementation of the
framework with distributed energy resources and
electric vehicles. Therefore, the future research work
should be based on the actual implementation of the
framework with the consideration of these resources.
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