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1. Introduction

The rapid evolution of modern power systems toward digitalization and decentralization has intensified the importance of
accurate energy demand forecasting. In the context of smart grids complex, data driven networks that integrate advanced
metering infrastructure, renewable generation, and bidirectional energy flows forecasting electricity demand has become
essential for ensuring operational reliability and economic efficiency. Accurate forecasting allows utilities and system operators
to anticipate variations in consumption, allocate generation resources efficiently, reduce reserve margins, and minimize
operational costs. Furthermore, precise forecasts enhance the integration of renewable energy sources by balancing intermittent
supply with variable demand, contributing to the overall stability and sustainability of the power system (Kaur, Islam, Mahmud,
Haque, & Dong, 2020) 12,
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Energy demand forecasting plays a critical role in supporting
intelligent energy management systems, enabling grid
operators to maintain balance between generation and
consumption while avoiding power shortages or excessive
production. In smart grids, which are characterized by high
resolution data acquisition and automated control systems,
forecasting accuracy directly affects decision making in unit
commitment, economic dispatch, and demand side
management. On the consumer side, improved prediction
accuracy supports dynamic pricing, demand response
programs, and distributed energy resource (DER)
optimization, including electric vehicle (EV) charging and
home energy storage. Therefore, energy forecasting has
shifted from a passive, retrospective process to a proactive
and adaptive component of intelligent energy infrastructure
(Dakheel & Cevik, 2025; Miah et al., 2023) [6- 131,

Despite its significance, modeling electricity demand
remains a challenging task due to the complex, non linear,
and dynamic nature of consumption patterns. Energy usage
depends on numerous exogenous Vvariables, such as
temperature, humidity, occupancy behavior, and socio
economic conditions, all of which can change unpredictably.
Traditional forecasting approaches often assume linearity and
stationarity, assumptions that rarely hold true in real world
scenarios (Hans, Sharma, & Wangkheirakpam, 2025) [,
Additionally, smart grid data exhibit strong temporal
dependencies, including daily, weekly, and seasonal cycles,
as well as sudden fluctuations caused by social events or
renewable generation variability. These dependencies
necessitate forecasting models capable of capturing both
short term fluctuations and long term trends (Kaur et al.,
2020) 4, Moreover, modern grids introduce higher
uncertainty due to distributed energy resources and
bidirectional energy flows, which further complicate
consumption modeling. Data quality issues such as noise,
missing values, and irregular sampling rates also hinder
model performance unless addressed through robust
preprocessing techniques (Bayer, Haag, Pruckner, & Hopf,
2025) B,

Historically, energy demand forecasting was dominated by
statistical methods such as the Autoregressive Integrated
Moving Average (ARIMA) and Seasonal ARIMA
(SARIMA) models. These methods gained popularity due to
their simplicity, interpretability, and solid theoretical
foundation for linear time series analysis. While effective for
stable and stationary datasets, their predictive performance
declines when faced with non linear relationships and high
dimensional feature spaces. The limitations of these models
became evident with the emergence of complex grid
environments characterized by dynamic user behavior and
variable renewable generation (Kaur et al., 2020) 2. To
address these limitations, researchers introduced machine
learning (ML) methods such as Support Vector Regression
(SVR), Random Forest (RF), and Gradient Boosting
Machines (GBM), which are capable of capturing non linear
relationships between multiple variables. These ML models
improved prediction accuracy by learning complex patterns
without requiring explicit assumptions about the data
distribution. However, most machine learning algorithms
treat observations as independent samples and are therefore
unable to account for sequential dependencies across time
(Hans et al., 2025) &1, Consequently, while ML methods
provided incremental improvements over traditional
statistical models, they were insufficient for handling
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temporal relationships inherent in electricity consumption
data.

The advent of deep learning (DL) has transformed
forecasting practices by introducing models capable of
capturing both non linearities and long term temporal
dependencies. Among these, Recurrent Neural Networks
(RNNs) and their advanced variants, particularly Long Short
Term Memory (LSTM) networks, have demonstrated
superior performance in energy forecasting applications.
LSTMs overcome the vanishing gradient problem that limits
conventional RNNs, enabling them to learn long range
dependencies and retain relevant information across extended
time horizons. Empirical evidence from several studies
indicates that LSTM based models outperform traditional
statistical and machine learning techniques, particularly in
predicting highly dynamic energy demand patterns (Roy,
Ishmam, & Taher, 2021; Miah et al., 2023) [ 31, Hybrid
approaches, such as CNN LSTM or attention based LSTM
architectures, have further improved forecasting accuracy by
combining spatial and temporal feature extraction
capabilities (Dakheel & Cevik, 2025) [], The shift toward Al
enabled approaches reflects a broader trend in the energy
domain, where data driven models are increasingly employed
to enhance grid intelligence and operational resilience.

The purpose of this review is to provide a comprehensive
analysis of existing forecasting techniques used in energy
demand prediction, with a special emphasis on Al based and
deep learning approaches. Specifically, this paper aims to (1)
summarize the evolution of forecasting models from
traditional statistical to Al enabled methods, (2) compare the
performance of various models, including ARIMA, Random
Forest, Support Vector Regression, and LSTM based neural
networks, (3) identify existing challenges and research gaps,
and (4) explore opportunities for future developments in Al
driven energy forecasting. The review focuses particularly on
LSTM neural networks due to their proven effectiveness in
handling non linear, sequential, and multi feature data typical
of smart grid systems.

The remainder of this paper is organized as follows. Section
2 presents the background and theoretical framework,
discussing smart grid architectures, time series forecasting
principles, and the fundamentals of LSTM networks. Section
3 provides a detailed literature review of existing forecasting
methods across traditional, machine learning, and deep
learning domains. Section 4 outlines the methodology used
for model comparison and evaluation metrics. Section 5
presents a comparative analysis highlighting the strengths
and weaknesses of each approach. Section 6 discusses current
challenges and research gaps, while Section 7 outlines
potential future research directions. Finally, Section 8
concludes with key findings and implications for sustainable
smart grid operations.

2. Background and Theoretical Framework

The evolution of power systems into modern smart grid
architectures marks a departure from traditional
unidirectional, centrally controlled networks toward
dynamic, data rich systems with bidirectional flows, high
resolution sensing and distributed energy resources. Smart
grids integrate advanced metering infrastructure, sensor
networks, communication assets, distributed generation
(including renewables), storage, and demand side resources,
enabling enhanced monitoring, control and optimisation of
energy flows (Tuballa & Abundo, 2016; Yu, Wen, Yu, Wu,
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& Lu, 2014). In such an environment, data sources are
manifold: historical load and consumption measurements (at
household, feeder or network level), weather and climatic
variables (such as temperature, humidity, wind speed),
temporal features (time of day, day of week, season), and
contextual information (holiday flags, event schedules, EV
charging patterns) (Ahmad, Zhang, & Yan, 2020; Biswal et
al., 2024) 24, Smart meters produce fine granularity time
series of energy consumption; communication infrastructure
enables near real time data acquisition; weather stations
supply exogenous inputs; and grid operation systems capture
system states and events (Albeit the specific sources vary by
region, the common theme is that forecasting models have
access to rich, multivariate data sets) (Energies, 2023). Using
these diverse data sources, forecasting models aim to
anticipate future demand so that grid operators can schedule
generation, execute demand side management, set dynamic
pricing, and maintain reliability margins (Abdulrasol et al.,
2023; Biswal et al., 2024) [ 4. Thus, the smart grid’s
structure both enables and demands advanced forecasting
methods that can cope with large volumes of multi
dimensional data and evolving consumption patterns.
Forecasting energy demand in a smart grid context is
fundamentally a time series prediction problem: given a
historical sequence of past observations (and possibly
exogenous variables) one aims to estimate future values over
a given horizon. Key principles include recognising temporal
dependencies (autocorrelation, seasonality, trends), handling
exogenous inputs, addressing non stationarity, and
quantifying uncertainty (Ahmad et al.,, 2018; Load
Forecasting in the Era of Smart Grids, 2025). Forecast
horizons are often classified as very short term (minutes to
hours), short term (hours to days), medium term (weeks to
months) and long term (months to years) each serving
different operational and planning needs (Load Forecasting
in the Era of Smart Grids, 2025).

Despite the apparently straightforward setup, several
challenges complicate forecasting in the smart grid domain.
First, consumption patterns are highly non linear and
influenced by a multiplicity of exogenous drivers (weather,
human behaviour, distributed generation), making linear
modelling insufficient (Energies, 2023). Second, smart grid
datasets often display strong temporal dependencies: intraday
and weekly cycles, seasonal variations and sudden shifts due
to events or renewable fluctuations (Biswal et al., 2024) 4,
Third, non stationarity (drifting means or variances), missing
values, outliers and irregular sampling rates are typically
present in the data, which can degrade model performance if
not properly addressed (Load Forecasting in the Era of Smart
Grids, 2025). Fourth, forecasting models must cope with
multi feature inputs and rarely independent observations
across time thus requiring memory of past states and
recognition of temporal context. Finally, the requirement for
real time or near real time prediction and integration with
operational systems adds further constraints (machine
processing speed, model robustness, interpretability) (Al
Empowered Methods for Smart Energy Consumption, 2023).
In recent years, artificial intelligence (Al) has played an
increasingly prominent role in energy demand forecasting.
Traditional statistical approaches (e.g., ARIMA) proved
effective in stable, linear contexts, but struggle in complex
smart grid settings. In contrast, machine learning (ML)
methods such as Support Vector Regression (SVR), Random
Forests (RF), Gradient Boosting Machines (GBM) and
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ensemble approaches offer improved capacity to model non
linear relationships and incorporate multiple inputs (Ahmad
et al., 2018; Machine Learning for Short Term Load
Forecasting, 2022). These ML methods often require feature
engineering and treat forecasting as a static supervised
learning problem, which limits their ability to explicitly
model temporal sequences and long term dependencies. Deep
learning (DL) particularly recurrent neural networks (RNNs)
and their variants represents a further advance by directly
modelling sequential data and capturing temporal
dependencies (Deep Learning for Intelligent Demand
Response and Smart Grids, 2021). In DL, models
automatically learn feature representations from raw or
minimally processed inputs, reducing manual engineering.
Additionally, DL models are capable of handling large scale,
high dimensional data characteristic of smart grids, and have
been shown to outperform ML and statistical methods in
many cases (Energies, 2023). However, DL comes with
increased computational cost, greater data requirements, and
reduced interpretability relative to simpler approaches.
Among the various DL architectures, the Long Short Term
Memory (LSTM) network has emerged as a leading model
for time series forecasting tasks. Standard RNNs process
sequences by iterating through time steps and maintaining a
hidden state; however, they suffer from the vanishing (and
exploding) gradient problem, limiting their ability to learn
long term dependencies (Neural Brain Works, 2025). LSTM
networks were introduced to overcome these limitations by
incorporating a memory cell and gating mechanisms that
regulate information flow (input, forget and output gates)
(The 10T Academy, 2023; Levy, Lee, FitzGerald, &
Zettlemoyer, 2018). In an LSTM cell, the forget gate
determines how much of the previous cell state is retained,
the input gate decides what new information is added (via a
candidate cell state), and the output gate controls how much
of the cell state is passed to the hidden state for the next time
step (Neural Brain Works, 2025). Because the cell state flows
through time with relatively minor modifications, LSTMs
can retain information over long sequences, enabling them to
model long range temporal dependencies that traditional
RNNs cannot. Empirical studies confirm that the
architectural enhancements in LSTMs namely the cell state
and gates significantly improve the model’s ability to capture
complex sequential patterns (The 10T Academy, 2023; Levy
et al., 2018).

The advantages of LSTM for energy demand forecasting in
smart grids include: (1) the capability to handle long term
temporal dependencies (e.g., daily/weekly/seasonal cycles);
(2) ability to integrate multivariate inputs (past consumption,
weather, time features) and model their interactions
implicitly; (3) resilience to noise and missing data patterns
because of learned internal memory; and (4) scalability to
large datasets and online forecasting scenarios. Nevertheless,
drawbacks include higher computational complexity, longer
training time, need for large volumes of labelled data, and
reduced interpretability (Neural Brain Works, 2025). In the
context of smart grid forecasting, LSTMs provide a strong
foundation upon which to compare and benchmark other
methods.

3. Literature Review

This section reviews previous research on energy demand
forecasting methods, organized into three categories:
traditional statistical models, machine learning approaches,
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and deep learning frameworks. Representative works are
discussed, typical datasets and performance outcomes are
summarized, and key limitations are identified. Traditional
statistical models such as the Autoregressive Integrated
Moving Average (ARIMA) and Seasonal ARIMA
(SARIMA) have long served as the foundation for energy
demand forecasting. These models assume that historical
observations and their residual errors provide sufficient
information to estimate future values, relying on linear
dependencies and stationarity assumptions (Hyndman &
Athanasopoulos, 2018) 14,

In practice, ARIMA and SARIMA have been used for short
and medium term electricity load prediction in diverse
contexts. For instance, Sharma et al. (2024) 51 employed
SARIMA to forecast solar and hydro energy demand for 140
countries over 1965-2023, achieving coefficients of
determination (R2) of 0.87 and 0.81, respectively. Similarly,
Dutta and Das (2025) [1 compared ARIMA and SARIMA
models for the state of Assam and concluded that SARIMA
more effectively captured seasonal fluctuations in load data.
Despite their interpretability and computational efficiency,
traditional models perform poorly when facing non linear
interactions, multiple exogenous drivers, and structural
breaks. In smart grid environments where distributed
generation, dynamic pricing, and electric vehicle (EV)
adoption introduce sudden behavioral shifts these linear
models struggle to maintain accuracy (Abdulrasol et al.,
2023) M. Moreover, they cannot automatically learn from
exogenous factors such as weather or social variables,
requiring manual integration and transformation of inputs.
Consequently, ARIMA type models increasingly serve as
baseline comparators rather than state of the art forecasting
tools. To overcome the linearity and rigid assumptions of
statistical approaches, researchers introduced machine
learning (ML) algorithms capable of capturing nonlinear
relationships among features. Popular techniques include
Support Vector Regression (SVR), Random Forest (RF), and
Gradient Boosting Machines (GBM) (Ahmad, Zhang, & Yan,
2020; Hong & Fan, 2016) 219, These methods learn complex
mappings between historical load, weather, and calendar
features, often outperforming traditional time series models
in predictive accuracy.

For example, Ahmad et al. (2020) [2 demonstrated that SVR
and RF improved mean absolute percentage error (MAPE) by
10-20% over ARIMA when forecasting residential load
under variable weather conditions. Likewise, Biswal et al.
(2024) ™ reviewed hybrid ML frameworks and noted that
ensemble-based approaches effectively manage large feature
sets and mitigate overfitting through averaging across trees.
GBM and Extreme Gradient Boosting (XGBoost) models
further enhance accuracy by sequentially minimizing residual
errors from previous trees (Chen & Guestrin, 2016) [l
Nevertheless, ML models generally treat each observation as
an independent sample and thus fail to explicitly model
temporal dependencies. While feature engineering (for
example, adding lagged variables) can partially encode time
information, these models still lack “memory” of long range
sequential patterns (Hyndman & Athanasopoulos, 2018) (4,
Moreover, their performance depends heavily on feature
selection,  preprocessing, and  parameter  tuning.
Consequently, ML approaches deliver higher accuracy than
ARIMA for non linear data but remain limited when long
term temporal dynamics dominate consumption behavior.
Deep learning (DL) architectures represent the current
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frontier of energy forecasting research. Recurrent Neural
Networks (RNNs) and, in particular, Long Short Term
Memory (LSTM) networks can learn temporal dependencies
directly from sequential data by maintaining internal memory
states (Hochreiter & Schmidhuber, 1997) 1. This capability
enables them to model complex non linear patterns that
evolve over time an essential property for smart grid
applications. Roy, Ishmam, and Taher (2021) [**l applied an
LSTM model to four years of hourly consumption data and
reported a MAPE of 1.22%, significantly lower than that
achieved by ARIMA or SVR. Dakheel and Cevik (2025) [l
combined LSTM with XGBoost in a hybrid architecture,
reducing root mean square error (RMSE) by 18% compared
with standalone LSTM. Bayer, Haag, Pruckner, and Hopf
(2025) B1 simulated “future grid states” using a digital twin
framework and found that LSTM based models yielded
68.5% lower forecasting error than ARIMA baselines for day
ahead residential load. Beyond classical LSTM, researchers
have explored hybrid and enhanced models such as
Convolutional Neural Network + LSTM (CNN LSTM),
Bidirectional LSTM (Bi LSTM), and attention based LSTM.
For example, Hans, Sharma, and Wangkheirakpam (2025) (€
used Bi LSTM to capture forward and backward time
dependencies, achieving an additional 15% reduction in
MAE compared with unidirectional LSTM. Other studies
combine CNNs to extract spatial features (for instance,
temperature or regional demand grids) before feeding
sequences into an LSTM layer (Zhao et al., 2022) 1, Such
hybrid approaches are particularly effective when data
include both spatial and temporal dependencies.

Commonly used datasets in these studies include publicly
available regional or utility data such as the I1ISO NE
(Independent System Operator — New England), PJM
Interconnection (U.S.), UK National Grid, and various
national smart meter datasets. These datasets offer high
frequency (15 min to hourly) readings combined with
weather and temporal variables, providing rich contexts for
deep models (Kaur et al., 2020; Miah et al., 2023) 12131,
Despite their strong performance, DL methods present
practical challenges. They require substantial training data,
computational resources (often GPU clusters), and careful
hyper parameter tuning to avoid overfitting. Their “black
box” nature limits interpretability compared with traditional
approaches, posing barriers to operational adoption by
utilities. Moreover, results are often region specific; models
trained on one grid may not generalize well to another with
different consumption behavior or climatic conditions
(Biswal et al., 2024) 1. Researchers have therefore proposed
combining DL with explainable Al (XAl) techniques and
hybrid physical statistical modelling to enhance transparency
and robustness.

4. Methodology

This section outlines the methodological framework adopted
for conducting the review and comparative analysis of
forecasting models for energy demand prediction in smart
grid systems. The process involved systematic data selection,
screening of relevant publications, identification of
representative case studies, and evaluation of models using
standardized performance metrics.

4.1. Data Selection

The review is based on publicly available smart grid datasets
and peer reviewed case studies published between 2018 and
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2025. The selected datasets represent a range of geographical
regions and temporal resolutions to ensure generality and
diversity in the analysis. Prominent data sources include the
Independent System Operator—-New England (ISO NE), the
PJM Interconnection (U.S.), and the UK National Grid, each
providing high resolution time series data on energy
consumption and weather variables. These datasets typically
include hourly or sub hourly electricity demand, temperature,
humidity, and calendar information, such as time of day, day
of the week, and season. Additional data used in certain case
studies include renewable energy generation levels,
distributed energy resource (DER) outputs, and socio
economic indicators influencing consumption (Kaur et al.,
2020; Miah et al., 2023) 12131,

The inclusion of both regional and national datasets ensures
a comprehensive perspective on forecasting model
performance wunder varying climatic, economic, and
infrastructural conditions. For instance, ISO NE and PJM
datasets reflect high load, industrialized regions with well
established grid infrastructures, while residential smart meter
data from the UK and Australia provide insight into consumer
level consumption variability and response to weather
dynamics.

4.2. Selection Criteria

To ensure academic rigor and relevance, a structured
selection process was employed. Publications were retrieved
using scientific databases such as IEEE Xplore,
ScienceDirect, SpringerLink, and arXiv. The search utilized
a combination of keywords and Boolean operators, including
“energy demand forecasting,” “smart grid,” “LSTM,”
“machine learning,” “ARIMA,” and “deep learning.”
Inclusion criteria were as follows:

(1) Studies published between 2018 and 2025 to capture the
latest ~advancements in Al  based forecasting;
(2) Empirical research focused on electricity demand
forecasting within smart grid or renewable integration
contexts;

(3) Studies employing at least one of the following model
families ARIMA/SARIMA, Random Forest (RF), Support
Vector Regression (SVR), Gradient Boosting Machines
(GBM), or LSTM based  architectures;  and
(4) Studies that reported quantitative performance metrics
such as RMSE, MAE, MAPE, or R2 Exclusion criteria
involved works that lacked quantitative evaluation, studies
focusing exclusively on supply or generation forecasting, or
papers with incomplete methodological details. The initial
search yielded approximately 180 articles, which were
filtered down to 65 relevant studies after screening for
duplication and methodological quality.

4.3. Evaluation Metrics

The performance of forecasting models was assessed using
four standard quantitative indicators widely adopted in the
energy forecasting literature Root Mean Square Error
(RMSE), Mean Absolute Error (MAE), Mean Absolute
Percentage Error (MAPE), and Coefficient of Determination
(R?). RMSE provides a measure of the standard deviation of
prediction errors and penalizes larger deviations more
heavily, offering insight into model robustness for high
variance data (Hyndman & Athanasopoulos, 2018) 1, MAE,
in contrast, represents the average magnitude of errors
regardless of direction, allowing for straightforward
interpretability of model accuracy (Hong & Fan, 2016) [,
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MAPE expresses error as a percentage of observed values,
facilitating comparison across datasets of differing scales.
Finally, R? quantifies the proportion of variance in the
dependent variable explained by the model, reflecting its
goodness of fit.

These metrics together provide a balanced evaluation of
forecasting accuracy, stability, and generalization capability.
When available, studies reporting multiple metrics were
prioritized to ensure consistency in comparative analysis.

4.4. Comparative Approach and Case Studies

The comparative analysis combined insights from the
literature with selected case studies to evaluate the relative
performance of traditional, machine learning, and deep
learning forecasting methods. A meta analytical synthesis
approach was adopted, emphasizing consistency in metrics
and data types across studies. Each case study was
categorized based on its methodological design, dataset
characteristics, and model type. For example, Sharma et al.
(2024) 131 ysed a SARIMA model on global solar and hydro
consumption data, while Dakheel and Cevik (2025) [l
implemented a hybrid LSTM XGBoost framework on smart
grid load data from Turkey. Roy, Ishmam, and Taher (2021)
(141 applied a pure LSTM model on hourly load data and
achieved superior performance compared with ARIMA and
SVR  baselines.  Similarly, Hans, Sharma, and
Wangkheirakpam (2025) ¥ demonstrated that a Bi LSTM
model provided more stable performance than conventional
LSTM, particularly in datasets exhibiting long range
temporal dependencies.

Across the reviewed case studies, LSTM based models
consistently achieved lower RMSE and MAPE values
compared with both statistical and machine learning
approaches. On average, LSTM and hybrid deep learning
models improved forecasting accuracy by 15-30% relative to
ARIMA and by 10-20% compared with Random Forest and
SVR. These performance gains were most prominent in
datasets with high temporal granularity and significant
weather dependency. The comparative analysis was
conducted qualitatively and quantitatively. Quantitatively,
results from individual studies were tabulated to identify
mean differences in forecasting errors across model
categories. Qualitatively, the contextual factors such as input
variable diversity, data granularity, and seasonal variability
were examined to interpret model behavior. This dual
perspective enabled a balanced understanding of why deep
learning methods, particularly LSTM networks, tend to
outperform traditional models in complex smart grid
environments.

5. Comparative Analysis and Discussion

This section presents a comparative evaluation of forecasting
models across the three methodological categories identified
earlier traditional statistical, machine learning, and deep
learning frameworks. The results are summarized from
empirical studies and benchmark experiments discussed in
the previous section. The objective is to assess how each class
of model performs in terms of accuracy, adaptability, and
computational efficiency when applied to smart grid datasets.

5.1. Quantitative Comparison of Forecasting Models

Table 1 summarizes comparative results drawn from key case
studies between 2018 and 2025. The table reports the primary
evaluation metrics Root Mean Square Error (RMSE), Mean
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Absolute Error (MAE), Mean Absolute Percentage Error
(MAPE), and the coefficient of determination (R?) as
reported in the respective studies. All models were tested on
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smart grid or high frequency electricity demand datasets,
including 1SO NE, PJM, UK National Grid, and region
specific residential or industrial smart meter data.

Table 1: Comparative Performance of Forecasting Models in Smart Grid Energy Demand Prediction (2018-2025)

Study / Dataset Model Type |[RMSEMAE|MAPE (%)| R? Remarks / Notes
Sharma et al. (2024) '3 — Global solar/hydro SARIMA 412 |2.98 11.2  (0.81|Strong seasonal fit; poor non linear handling
Dutta & Das (2025) [l — Assam load data ARIMA 521 |3.65 13.7  [0.77 Simple model; limited adaptability
Ahmad et al. (2020) ? — Residential dataset | Random Forest | 3.64 |2.10 8.6  [0.90 Improved with multiple features
Chen & Guestrin (2016) 1 — Smart grid case | XGBoost | 3.52 |1.94 81 [0.01 Fast, interpretable, yet static
Roy et al. (2021) 41 — 4 year hourly data LSTM 243 |1.25 122 (0.97 Excellent for temporal dependencies
Hans et al. (2025) ¥l — Bi LSTM BiLSTM | 218 [1.10| 1.05 [0.98 Superior sequence retention
Dakheel & Gevik (2025) Il - Hybrid LSTM XGBoost| 2.05 |1.02 0.98 [0.98 Combines strengths of DL + ML
framework
Bayer et al. (2025) *! — Digital twin grid LSTM 210 {1.15| 1.35 |0.97| 68.5% lower RMSE than ARIMA baseline

5.2. Visual Representation of Model Accuracy
The chart below visually illustrates the comparative accuracy
of forecasting models, expressed in terms of Mean Absolute

Percentage Error (MAPE). It highlights the clear downward
trend in forecasting error from traditional statistical models
to hybrid deep learning architectures.
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Fig 1: Comparative Accuracy of Forecasting Models (MAPE)

5.3. Discussion of Results

The results summarized in Table 1 and Figure 1 collectively
demonstrate a distinct progression in forecasting capability as
model sophistication increases. Traditional statistical models
such as ARIMA and SARIMA provide moderate accuracy in
stable environments but fail to capture the non linear
dependencies, weather influences, and behavioral
fluctuations present in modern smart grids (Hyndman &
Athanasopoulos, 2018) [, Their simplicity and
interpretability remain useful for preliminary forecasting or
regions with limited computational resources. Machine
learning approaches such as Random Forest, Support Vector
Regression, and Gradient Boosting substantially improve
accuracy through non linear mapping and ensemble learning.
However, these methods lack intrinsic temporal awareness
they do not model sequential dependencies over time and rely
on extensive feature engineering to compensate (Ahmad et
al., 2020; Hong & Fan, 2016) [2 %1, The performance plateau
observed among ML models in Table 1 (MAPE =~ 8-10%)
suggests diminishing returns without explicit sequence
modeling. Deep learning methods, particularly LSTM and Bi
LSTM architectures, achieve markedly lower forecasting
errors, typically within 1-2% MAPE and RMSE ~ 2.0. These
results corroborate the effectiveness of recurrent neural
structures in capturing long range temporal dependencies and

contextual relationships between variables (Roy et al., 2021;
Hans et al., 2025) 148, The LSTM’s memory cell mechanism
enables retention of historical consumption information
critical for identifying repeating patterns such as daily or
seasonal cycles. The hybrid LSTM XGBoost architecture
proposed by Dakheel and Cevik (2025) [ further enhances
accuracy and robustness by combining temporal learning (via
LSTM) with ensemble residual correction (via XGBoost),
yielding the lowest reported errors (MAPE =~ 0.98%, R? =
0.98). The superior performance of deep learning models can
also be attributed to their capacity to learn complex
interactions between exogenous features such as temperature,
humidity, and day type without manual preprocessing.
However, this advantage comes at a cost: deep models
require high quality, large scale datasets and significant
computational power. Overfitting remains a persistent risk,
especially when data are limited or not representative of
future conditions. Moreover, the “black box” nature of deep
networks limits interpretability for grid operators who must
justify operational decisions (Bayer et al., 2025) B1.

While traditional and ML models retain practical value for
small scale or resource constrained forecasting, LSTM based
frameworks represent the current benchmark for accuracy
and adaptability in smart grid energy forecasting. Continued
research into hybrid models, explainable Al, and transfer
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learning will be essential to bridging the gap between
academic performance and real world implementation.

6. Challenges and Research Gaps

Despite the rapid progress in Al driven forecasting, several
persistent challenges continue to impede the widespread
operationalization of advanced models in smart grid systems.
One major challenge is data quality and availability. Smart
grid datasets often contain missing values, noise, and
irregular sampling rates caused by sensor malfunctions,
communication errors, or privacy preserving data
aggregation (Biswal et al., 2024) [, These issues necessitate
extensive preprocessing, which can introduce bias and affect
model reliability. Another critical limitation lies in the
computational cost of training deep learning models. LSTM
and hybrid frameworks require powerful hardware (e.g.,
GPUs or cloud clusters), substantial memory, and long
training times. This restricts their deployment on edge
devices and in real time applications (Bayer et al., 2025) [,

A further obstacle is the lack of interpretability inherent in
neural networks. Grid operators and policymakers often
require transparent decision-making models to justify
operational or economic actions. The opacity of deep learning
systems thus hampers trust and adoption, motivating the
emerging field of Explainable Al (XAl) (Hong & Fan, 2016)
(101 Additionally, generalization and transferability remain
open research issues. Most existing models are region
specific, trained on localized data that may not generalize
well across different climatic zones, user behaviors, or grid
configurations. Transfer learning and domain adaptation
could mitigate this, but such approaches are still
underexplored (Miah et al., 2023) 1131,

Finally, integration challenges persist when combining
forecasting models with renewable energy generation,
distributed energy resources (DERs), and real time grid
management platforms. Synchronizing heterogeneous data
streams (load, weather, photovoltaic output, market signals)
requires robust architectures that maintain both scalability
and accuracy under dynamic conditions.

7. Future Research Directions

Future work in energy demand forecasting should aim to
address the above challenges by enhancing both the technical
robustness and practical applicability of Al models. First,
research should focus on developing hybrid deep learning
architectures that integrate LSTM with attention mechanisms
and Transformer based models. Such combinations could
improve the interpretability and efficiency of temporal
sequence learning while maintaining high accuracy (Vaswani
et al., 2017) 161, Second, Edge Al and lightweight neural
architectures should be explored to enable on device
predictions in smart meters and 10T nodes, reducing latency
and dependency on centralized computation. Third,
expanding the scope of Explainable Al (XAI) in energy
forecasting will be critical to enhance model transparency.
Techniques such as SHAP (SHapley Additive exPlanations)
and attention based visualization could help grid operators
understand how variables like temperature, seasonality, or
economic activity influence predicted demand. Fourth,
researchers should pursue cross domain transfer learning,
allowing models trained in one region to adapt to another
with minimal retraining. This will reduce data dependency
and make forecasting more scalable across diverse power
systems (Miah et al., 2023) I3 Finally, Al enabled
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forecasting should be more deeply integrated with renewable
energy forecasting, demand side management, and smart city
infrastructure. Such integration can enable holistic energy
optimization balancing consumption, generation, and storage
to support global sustainability goals (Dakheel & Cevik,
2025) 91,

8. Conclusion

This review has examined the evolution of energy demand
forecasting methods within smart grid systems, emphasizing
the pivotal role of Artificial Intelligence (Al) and deep
learning models. The analysis shows that while traditional
statistical and machine learning approaches retain usefulness
for basic forecasting, LSTM based frameworks consistently
outperform other models in terms of predictive accuracy,
adaptability, and robustness. The memory mechanism and
sequence learning capabilities inherent to LSTM enable it to
capture complex temporal dependencies and nonlinear
patterns that are characteristic of smart grid consumption
data. Despite these strengths, challenges persist in terms of
data quality, computational cost, and interpretability.
Addressing these issues through explainable and hybrid deep
learning architectures will be essential for deploying Al
based forecasting in real time operational settings. Future
research integrating LSTM models with attention
mechanisms, Transformer networks, and edge computing
solutions holds significant promise for achieving both high
accuracy and transparency. Ultimately, Al enabled demand
forecasting represents a cornerstone technology for achieving
sustainable, efficient, and intelligent energy management. As
the world transitions toward decentralized and renewable
powered grids, the continued advancement of deep learning-
based forecasting will be fundamental to ensuring grid
stability, optimizing resources, and enabling the next
generation of smart energy systems.
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