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ABSTRACT

Accurate forecasting of daily peak electricity demand is a critical challenge in modern
power system management, directly influencing grid stability, operational efficiency, and
energy cost optimization. Conventional statistical and linear time-series models often fail
to capture the complex nonlinear and temporal patterns inherent in electricity consumption,
particularly under dynamic environmental and socio-economic conditions. To address
these limitations, this study proposes an intelligent modeling framework leveraging
advanced neural network architectures, including deep feedforward networks (DFNs) and
long short-term memory (LSTM) based recurrent neural networks (RNNs), for high-
precision daily peak demand prediction. Drawing methodological parallels from
continuous monitoring systems in biomedical 10T applications, where real-time data
integration enhances predictive accuracy (N. Watthanawisuth et al., 2010; R. R. Adiputra
et al., 2018; E. Spano et al., 2016), the proposed framework incorporates high-resolution
historical electricity load data, environmental factors, and sequential demand patterns to
improve temporal modeling capability.

The models were trained and validated using multi-year load datasets, employing adaptive
learning techniques and cross-validation to ensure robustness and mitigate overfitting.
Comparative analyses revealed that LSTM-based RNNs outperformed DFNs and
conventional linear approaches, achieving a mean absolute percentage error (MAPE) of
2.8% and a coefficient of determination (R?) of 0.96, reflecting superior capability in
capturing temporal dependencies and abrupt demand fluctuations. Sensitivity analysis
identified temperature, humidity, and prior-day load as the most influential variables,
highlighting the importance of multi-factor integration for accurate peak demand
prediction. Simulated integration with real-time data streams demonstrated the practical
feasibility of adaptive forecasting, enabling near-instantaneous model updates for dynamic
grid management.

The study contributes to the field in three dimensions. First, it presents a methodological
advancement by combining temporally-aware neural networks with real-time adaptive
modeling, enhancing predictive performance beyond traditional approaches. Second, it
establishes operational relevance by demonstrating the potential for proactive demand-side
management, load balancing, and cost reduction in smart grid environments. Third, it
introduces an interdisciplinary perspective by leveraging design principles from 10T-
enabled health monitoring systems to inform energy demand forecasting strategies.
Limitations of the approach, including computational complexity, data requirements, and
sensitivity to sensor reliability, are critically discussed.

Overall, this research demonstrates that advanced neural network architectures, when
coupled with high-resolution, real-time data, provide a robust and scalable solution for
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daily peak electricity demand forecasting. The proposed framework offers both theoretical
and practical insights, with significant implications for the development of intelligent,
adaptive, and resilient energy systems, and establishes a foundation for future research
integrating renewable generation variables, hybrid modeling approaches, and large-scale
deployment in smart grid infrastructures.

INTRODUCTION

The rapid growth of urbanization, industrial
expansion, and increased residential electricity
consumption has intensified the complexity of
modern power systems. Accurate forecasting of
daily peak electricity demand has become a
cornerstone for efficient grid management, ensuring
reliability, minimizing operational costs, and
mitigating the risks of load imbalance. Inaccurate
demand prediction can result in over-generation,
leading to unnecessary operational expenses, or
under-generation, potentially causing blackouts and
grid instability. Traditional statistical models,
including linear regression and time-series
approaches, often fail to capture the inherent
nonlinearities and temporal dependencies present in
electricity consumption data, particularly under
rapidly changing environmental and socioeconomic
conditions (T. Gao et al., 2007).

With the emergence of smart grids and loT-enabled
energy infrastructure, data availability and resolution
have  improved  dramatically.  Continuous
measurement of energy usage at high temporal
resolution allows for more sophisticated modeling
approaches that incorporate both historical
consumption patterns and exogenous factors such as
weather variations, holidays, and demand-side
behavioral dynamics. These high-dimensional and
sequential datasets necessitate predictive models
capable of capturing complex temporal correlations
and nonlinear interactions. Advanced neural network
architectures, particularly recurrent neural networks
(RNNs) and long short-term memory (LSTM)
networks, have demonstrated exceptional capability
in sequence modeling, making them ideal for
forecasting daily peak electricity demand (Kristine
Joyce P. Ortiz et al., 2018; Y. Xie et al., 2017).

Drawing inspiration from the field of biomedical 10T
systems, where continuous monitoring and real-time
predictive analytics have Dbeen successfully
implemented to track physiological parameters (N.
Watthanawisuth et al., 2010; E. Spano et al., 2016;
R. R. Adiputra et al.,, 2018), this research
conceptualizes electricity load forecasting as an
analogous problem. In both domains, accurate
predictions depend on integrating high-frequency
data streams, accounting for nonlinear system
behavior, and adapting to unexpected perturbations.
The parallels between wearable medical monitoring
and smart grid demand prediction provide a novel
framework for developing adaptive, real-time
forecasting systems that leverage both historical data
and environmental inputs.

Despite the growing body of literature on load
forecasting, significant gaps remain. Traditional
feedforward neural networks (DFNs) have been
applied to model general nonlinear trends in
electricity consumption; however, their limited
ability to capture temporal dependencies restricts
predictive accuracy for daily peak demand. On the
other hand, RNNs and LSTMs can model sequential
patterns effectively but require careful optimization
and extensive datasets to avoid overfitting and
instability. Additionally, the integration of real-time
monitoring data, inspired by wireless sensor
networks in healthcare applications, has not been
fully explored in energy forecasting. Addressing
these challenges necessitates a holistic framework
that combines the temporal modeling power of
advanced neural networks with the adaptive
capabilities of loT-based monitoring systems (R. R.
Adiputra et al., 2018; Achmad Rizal et al., 2014).
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The primary objective of this study is to develop and
evaluate intelligent neural network-based models for
forecasting daily peak electricity demand with high
accuracy, robustness, and real-time adaptability.
Specifically, the research investigates the
comparative performance of DFNs and LSTM-based
RNNs in modeling nonlinear temporal patterns,
analyzes the impact of environmental and historical
demand variables on prediction accuracy, and
proposes a conceptual framework for real-time
adaptive forecasting. The study also critically
examines the operational implications of deploying
such models in smart grid environments, considering
computational complexity, data availability, and
reliability.

The significance of this research extends beyond
methodological advancement. Accurate peak
demand forecasting directly supports grid stability,
energy efficiency, and economic optimization,
enabling utilities to implement proactive load
management strategies such as dynamic pricing,
demand response programs, and contingency
planning. Furthermore, by adopting a cross-domain
perspective inspired by biomedical 10T systems, this
research contributes to the growing interdisciplinary
body of knowledge that leverages insights from
sensor-based monitoring and predictive analytics to
enhance energy system intelligence.

In summary, this study addresses the urgent need for
intelligent, data-driven approaches to daily peak
electricity demand forecasting. By integrating
advanced neural network architectures with high-
resolution, real-time data streams and leveraging
methodologies proven in the healthcare monitoring
domain, the research aims to provide a robust,
scalable, and operationally relevant solution. This
approach not only advances the state of the art in
energy forecasting but also establishes a framework
for applying adaptive, sensor-informed predictive
modeling to other complex, dynamic systems.

LITERATURE REVIEW

2.1 Overview of Load Forecasting Approaches

Load forecasting has historically relied on statistical
and regression-based methods, including
autoregressive models, moving averages, and linear
regression. While these methods provide baseline
estimations, they are inherently limited in capturing
nonlinear and temporal dynamics, particularly
during periods of atypical consumption. Recent
studies have highlighted the efficacy of neural
network architectures in addressing these limitations
by learning complex input-output relationships
directly from historical datasets (R. R. Fletcher et al.,
2010; T. Gao et al., 2007). Neural networks facilitate
adaptive modeling, allowing for dynamic updates as
new data becomes available, thereby improving
predictive reliability over conventional methods.

2.2 Neural Network Architectures in Energy
Systems

Deep feedforward networks (DFNs) and recurrent
neural networks (RNNs) have emerged as prominent
techniques for time-series prediction in energy
systems. DFNs, characterized by multiple hidden
layers, capture intricate nonlinear relationships
between input features such as historical load,
environmental variables, and calendar effects.
RNNSs, particularly long short-term memory (LSTM)
networks, incorporate temporal dependencies,
enabling the model to retain information across time
intervals, which is critical for daily peak demand
forecasting (Kristine Joyce P. Ortiz et al., 2018).
Studies on wearable and wireless monitoring
systems, though primarily in healthcare domains
(Achmad Rizal et al., 2014; N. Watthanawisuth et
al., 2010), demonstrate the practical advantages of
real-time data acquisition and adaptive model
updates, which are conceptually analogous to real-
time energy load monitoring.

2.3 Comparative Analysis of Prior Studies

T. Gao et al. (2007) emphasized the importance of
lightweight, adaptive architectures for real-time
system monitoring, highlighting design
considerations applicable to energy forecasting
frameworks. Similarly, N. Watthanawisuth et al.
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(2010) demonstrated the deployment of wireless
sensor networks for continuous monitoring,
providing methodological insights into integrating
streaming data for predictive modeling. These
approaches underscore the potential of combining
real-time data with neural network architectures to
enhance prediction accuracy and operational
responsiveness. Comparative literature indicates a
research gap in integrating advanced RNN-based
models with multi-factor electricity demand inputs,
particularly for daily peak estimation.

2.4 Research Gaps

Despite progress in machine learning-based load
forecasting, existing research  predominantly
addresses aggregate or hourly demand rather than
precise daily peak predictions. Furthermore, while
neural networks have been applied in analogous
domains, such as health monitoring (E. Spano et al.,
2016; R. R. Adiputra et al., 2018), there remains a
paucity of research that evaluates the robustness of
these models under high-variability demand
conditions, unusual climatic events, or rapid load
fluctuations. The current study addresses these gaps
by proposing a comprehensive framework for daily
peak demand prediction that incorporates both static
and dynamic inputs, informed by methodologies in
high-resolution data acquisition and adaptive
monitoring systems.

METHODOLOGY
3.1 Data Acquisition and Preprocessing

Accurate neural network modeling requires
comprehensive, high-resolution datasets. Historical
electricity load data, including daily peak values,
were compiled alongside exogenous variables such
as temperature, humidity, and day-type indicators
(weekday/weekend). Data preprocessing involved
normalization, outlier detection, and temporal
alignment to ensure model robustness. Insights from
wireless monitoring systems in healthcare (N.
Watthanawisuth et al., 2010; Achmad Rizal et al.,
2014) were adapted to simulate real-time data
acquisition pipelines, demonstrating the feasibility

of dynamic
modeling.

input integration for predictive

3.2 Neural Network Architectures
Two principal architectures were employed:
3.2.1 Deep Feedforward Networks (DFN):

DFNs consist of multiple hidden layers with
nonlinear  activation  functions, capable of
approximating complex mappings between input
features and daily peak demand. Layer
configurations were optimized using hyperparameter
tuning, including layer depth, neuron count, learning
rate, and regularization parameters, to minimize
mean absolute percentage error (MAPE).

3.2.2 Recurrent Neural Networks (RNN):

RNNSs, specifically LSTM networks, were deployed
to capture temporal dependencies across consecutive
days. LSTMs incorporate memory cells to retain
information across sequences, enabling the network
to model daily demand patterns influenced by
preceding days’ consumption. The network
architecture included input, LSTM, dropout, and
fully connected layers, with hyperparameters tuned
for convergence stability and prediction accuracy.

3.3 Model Training and Validation

The networks were trained using supervised learning
techniques with historical load data as target outputs.
The DFN and RNN models were optimized via the
Adam optimizer with adaptive learning rates. Cross-
validation ensured robustness, and performance
metrics included mean absolute percentage error
(MAPE), root mean squared error (RMSE), and
coefficient of determination (R?). Additionally,
sensitivity analyses were conducted to evaluate the
effect of individual input variables, inspired by real-
time monitoring studies in wireless sensor systems
(N. Watthanawisuth et al., 2010; R. R. Adiputra et
al., 2018).

3.4 Integration with Real-Time Monitoring
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Drawing from wireless loT frameworks in
healthcare (E. Spano et al., 2016; Achmad Rizal et
al., 2014), a conceptual pipeline was designed to
integrate real-time load measurements. Data streams
were processed to continuously update model
predictions, enabling adaptive peak demand
forecasting. This approach parallels adaptive health
monitoring systems where physiological parameters
are tracked and analyzed in real-time for timely
intervention.

RESULTS

The neural network models were evaluated against
historical peak electricity demand datasets spanning
multiple years. The following key findings were
observed:

1. Predictive Accuracy:

LSTM-based RNNs outperformed DFNs and
traditional regression approaches, achieving a
MAPE of 2.8% compared to 4.5% for DFNs. The
superior performance is attributed to the LSTM’s
capacity to capture temporal correlations in
sequential load patterns, consistent  with
observations in continuous health monitoring
frameworks (N. Watthanawisuth et al., 2010).

2. Temporal Pattern Modeling:

Analysis revealed that incorporating prior-day load
data significantly improved peak demand forecasts,
particularly for weekdays exhibiting cyclic patterns.
DFNs captured general nonlinear trends but lacked
fine-grained sequence modeling, emphasizing the
advantage of memory-enabled architectures.

3. Robustness under Anomalous Conditions:

During atypical demand events—such as holidays or
heatwaves—RNN predictions remained within 5%
of actual peak values, demonstrating resilience to
sudden demand spikes. Sensitivity analysis
confirmed that temperature and humidity were
among the most influential predictors, highlighting
the necessity of multi-factor input integration.

4. Real-Time Forecasting Feasibility:

Simulated integration with streaming load data,
inspired by loT-enabled monitoring in medical
devices (R. R. Adiputra et al., 2018; E. Spano et al.,
2016), confirmed that model updates could be
performed in near-real-time. The framework
supports adaptive decision-making, enabling utilities
to anticipate demand peaks and adjust generation
schedules dynamically.

5. Comparative Performance Metrics:

Model RMSE (MW) MAPE (%) Re

DFN 152 45 0091
LSTM-RNN 9.8 28 0.96
Linear Regression  21.7 6.8 0.84

These results indicate that advanced neural network
architectures, particularly RNNs, significantly
enhance peak demand prediction accuracy and
operational utility.

DISCUSSION

The findings demonstrate that advanced neural
networks provide a substantial improvement over
conventional forecasting approaches, corroborating
the theoretical premise that nonlinear, temporally-
aware architectures are well-suited for dynamic load
prediction (T. Gao et al., 2007; Kristine Joyce P.
Ortiz et al., 2018). The LSTM model’s superior
performance underscores the importance of
capturing temporal dependencies in sequential load
data.

5.1 Theoretical Implications:

The study bridges methodologies from wireless
monitoring systems in healthcare to energy demand
forecasting. Similar to continuous physiological
monitoring (N. Watthanawisuth et al., 2010),
incorporating real-time updates and multi-variable
inputs  enhances  prediction accuracy and
adaptability. This cross-domain conceptual transfer
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validates the utility of loT-inspired architectures in
power systems.

5.2 Practical Implications:

From an operational perspective, improved peak
demand forecasting enables utilities to optimize
generation schedules, reduce reserve capacity
requirements, and minimize operational costs.
Integration with smart grid infrastructure facilitates
demand-side management strategies, including
dynamic pricing and load shifting.

5.3 Limitations and Trade-offs:

While LSTM-RNNs outperform DFNSs, they require
higher computational resources and extensive
historical data for training. In low-data scenarios,
overfitting may occur, necessitating regularization
and cross-validation techniques. Additionally, the
model assumes reliable input streams; sensor failures
or data gaps can degrade predictive performance (N.
Watthanawisuth et al., 2010).

5.4 Comparison with Literature:

Prior research primarily addressed aggregate or
hourly load forecasting using linear models. By
contrast, this study leverages advanced neural
networks and loT-style real-time integration,
providing more accurate daily peak predictions.
Insights from healthcare monitoring literature offer
methodological parallels that enhance adaptability
and resilience in energy forecasting applications (R.
R. Adiputra et al., 2018; E. Spano et al., 2016).

CONCLUSION

This study presents a comprehensive framework for
predicting daily peak electricity demand using
advanced neural network architectures. Key
contributions include:

1. Methodological Innovation:

Integration of LSTM-based RNNs and deep
feedforward networks with high-resolution load and
environmental data for precise daily peak

forecasting.
2. Operational Utility:

Demonstration of real-time predictive capabilities,
enabling demand-side management and grid
optimization.

3. Cross-Domain Insights:

Conceptual adaptation of loT-based healthcare
monitoring systems provides a robust methodology
for dynamic energy demand prediction.

Future Research Directions:

Future studies may explore hybrid models
combining neural networks with optimization
algorithms, inclusion of renewable generation
variables, and deployment within operational smart
grid platforms. Addressing data scarcity and
ensuring model robustness under sensor failures
remain important challenges.
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