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HIGHLIGHTS

« First comprehensive review of peak demand forecasting, analyzing 186 studies.

« Categorized studies into three stages and defined a unified forecasting framework.
« Analyzed the evolving role of machine learning in different application contexts.

« Identified key challenges and outlined emerging trends for future research.

ARTICLE INFO ABSTRACT

Keywords: Peak demand forecasting involves predicting the maximum electricity demand within a specific period, which
Deep learning plays a key role in maintaining the efficiency and stability of power systems. The rapid evolution of power systems,
Machine learning ) driven by advanced metering infrastructure, local energy applications such as electric vehicles, and the increasing
Peak demand forecasting adoption of intermittent renewable energy, has introduced greater randomness and reduced predictability in
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peak demand. Given the pressing need to address more diverse implementation requirements across different
contexts, accurate and reliable peak demand forecasting has become increasingly important. To the best of our
knowledge, this study is the first to provide a comprehensive overview of peak demand forecasting methods.
It systematically reviews 186 studies published since the 1950s, categorizing these methods into three stages
based on their developmental timeline. Building on this, the study defines a unified framework for peak demand
forecasting and offers an in-depth analysis linking these methods to the practical needs of power systems. Notably,
it highlights the growing importance of machine learning-driven forecasting models in addressing the increasing
complexity of modern energy environments. Furthermore, this study identifies key research gaps and points out
emerging trends that hold potential for advancing innovation in this field.
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Nomenclature

Abbreviations

AdaBoost Adaptive Boosting

Al Artificial Intelligence

AMI Advanced Metering Infrastructure

ANN Artificial Neural Network

ARIMA Autoregressive Integrated Moving Average

AUC Computed Area Under the Curve

CPI Consumer Price Index

CLARA Clustering Large Applications

CNN Convolutional Neural Networks

cINN Conditional Invertible Neural Networks

CRPS Continuous Ranked Probability Score

DER Distributed Energy Resources

DSM Demand-Side Management

DTW Dynamic Time Warping

EVT Extreme Value Theory

GA Genetic Algorithms

GB Gradient Boosting

GNP Gross National Product

GRA Grey Relational Analysis

GRU Gated Recurrent Unit

GDP Gross Domestic Product

HVAC Heating, Ventilation, and Air Conditioning

HR Hit Rate

ICEEMDAN Improved Complete Ensemble Empirical Mode
Decomposition with Adaptive Noise

IoT Internet of Things

KPI Key Performance Indicator

LSTM Long Short-Term Memory Networks

LTPDF Long-Term Peak Demand Forecast

MAE Mean Absolute Error

MAPE Mean Absolute Percentage Error

ML Machine Learning

MLP Multilayer Perceptrons

MSE Mean Squared Error

MTPDF Medium-Term Peak Demand Forecast
MI Mutual Information

PAPE Peak Absolute Percentage Error

PCA Principal Component Analysis

PICP Coverage Probability of Prediction Intervals
PV Photovoltaic

QRNN Quantile Regression Neural Networks
RBFN Radial Basis Function Networks

RFE Recursive Feature Elimination

RL Reinforcement Learning

RMSE Root Mean Squared Error

RNN Recurrent Neural Network

SARIMA Seasonal Autoregressive Integrated Moving Average
SHAP Shapley Additive Explanations

SOM Self-Organizing Maps

STPDF Short-Term Peak Demand Forecast
SVR Support Vector Regression

SVM  Support Vector Machines

XGBoost Extreme Gradient Boosting

Symbols

y Predicted peak value

y Actual peak value

n Number of training samples

7 Predicted peak time

t Actual peak time

€ Tolerance residual for peak time

h; Binary flag indicating whether the predicted peak time falls

within the tolerance interval

1. Introduction

The global energy landscape is undergoing a paradigm shift driven by
the integration of renewable energy, Advanced Metering Infrastructure
(AMI) [1], and the increasing reliance on data-centric solutions. Central
to AMI systems are smart meters, which enable real-time data exchange
between energy suppliers and end-users. As of mid-2024, the UK gov-
ernment reported that 36.2 million smart meters, comprising 63 % of all
meters in Great Britain, had been installed [2]. Smart meters pave the
way for smart energy applications such as Demand-Side Management
(DSM). On the other hand, the integration of high-resolution energy
consumption data with distributed intermittent energy resources such as
wind, has introduced an unprecedented level of diversity and complexity
to electricity demands [3].

Different electricity generation units have been adopted in power
plants to meet these demands. Among all units, peak load power plants
stand out for their economic inefficiency and environmental impact,
as they operate exclusively during peak demand periods and are of-
ten highly polluting units. Sheffrin et al. [4] suggest that reducing peak
loads by 5 %-15 % can produce substantial benefits, including resource
optimization and lower real-time electricity tariffs. However, achieving
these reductions requires effective strategies for managing peak demand.
These strategies often leverage incentive and penalty mechanisms,
including programs such as interruptible load control, demand-side bid-
ding, and emergency demand response [5,6]. The central aspect of these
strategies is accurately forecasting future peak demands, which guaran-
tees optimal resource distribution and minimizes unnecessary costs and
environmental impacts.

Peak demand forecasting differs from general load demand forecast-
ing. While general load demand forecasting focuses on typical electricity
consumption patterns driven by predictable daily or seasonal trends
under stable system conditions, peak demand forecasting targets rare
and extreme events that impose maximum stress on the power sys-
tem. These events are highly sensitive to extreme factors, such as
severe weather conditions [7], which can cause sudden and excessive
spikes in electricity demand, necessitating specialized forecasting meth-
ods to maintain system reliability and manage resources effectively.
Furthermore, evolving power systems, marked by the growing integra-
tion of distributed and intermittent energy sources such as wind and
solar, along with advancements in energy storage technology, have
brought new dynamics to peak load forecasting. These shifts have ren-
dered traditional forecasting methods often inadequate, creating an ur-
gent need for advanced techniques capable of addressing these dynamic
challenges.

In response to these demands, Machine Learning (ML) has emerged
as a transformative tool for peak demand forecasting in modern power
systems. Modern power systems encompass diverse variables, includ-
ing renewable energy generation patterns, energy storage dynamics,
and real-time demand fluctuations. By integrating these variables, utiliz-
ing high-resolution data, and automating feature extraction, ML-driven
methods offer dynamic and adaptive capabilities for efficient peak de-
mand forecasting [8]. These ML-driven methods include the application
of deep learning to capture complex relationships in peak demand, ad-
vanced probabilistic models to quantify uncertainty in forecasting, and
hybrid approaches that combine ML techniques with traditional meth-
ods to improve precision and robustness [9]. Moreover, accurate peak



S. Dai, F. Meng, H. Dai et al.

Table 1
The importance of peak demand forecasting for electricity stakeholders.

Electricity market
stakeholders

Importance of peak demand forecast

Grid operators Improve the utilization rate of power generation
equipment.
« Reduce the cost of power generation and investment in
power facilities.
Alleviate the supply pressure of the grid during peak
hours [4].
Make reasonable tariff schemes so as to maximize
profits.
« Offer energy-efficiency rebates to encourage customers
to reduce peak demand [6].
Improve the economic benefits and save production
resources.

« Alleviate environmental pollution by distributing

emissions concentrated in the peak hours [10].

Residential end-users « Save electricity bills and improve living standards [13].
Governments

Electricity retailers

Commercial and
industrial end-users

« Enable a reliable power supply system.
Ensure economic growth and social welfare [11].

demand forecasting, achieved through these ML-driven techniques, is
crucial for achieving both environmental and economic objectives. By
anticipating demand spikes, system operators can activate demand-side
measures, optimize dispatch from lower-emission sources, and avoid
turning on carbon-intensive peaker plants that are often reserved for
emergencies. Better foresight also enables more effective integration of
intermittent renewables, reducing curtailment and balancing needs. For
resource planners, accurate forecasts inform infrastructure investments
by identifying true capacity requirements, preventing overbuilding and
improving cost-efficiency. As summarized in Table 1, these forecasts
address the specific needs and priorities of key stakeholders in the
electricity market, including grid operators, electricity retailers, end-
users, and governments, by providing tailored benefits that support their
operational and strategic goals [10-12].

Given the increasing reliance on ML in power systems and its
transformative impact on peak demand forecasting, a systematic re-
view of its evolution and current state is essential. Despite growing
interest in this area, no review has yet comprehensively addressed
this specific domain. Recognizing this gap, this study examines the
development of peak demand forecasting methods, focusing on the
primary research question: How have peak demand forecasting methods
evolved from statistical approaches to ML-driven techniques, and how do
these ML advancements address the challenges of modern power systems?
The review highlights methodological trends, identifies existing chal-
lenges, and explores pathways for future innovation in peak demand
forecasting.

Unlike general load forecasting, which has been extensively re-
viewed in existing research and surveys [14-17], this review specifically
narrows its scope to peak demand forecasting. Several related sur-
vey papers provide valuable insights into this area. For example, [3]
discussed the role of various flexible resources in microgrids, high-
lighting their impact on operational strategies and the integration of
renewable energy sources, both of which are essential for ensuring sta-
ble and reliable peak demand forecasting. [18] examined the role of
demand response in managing forecast uncertainties, shedding light
on the factors that influence peak demand forecasting. Furthermore,
[19] reviewed artificial intelligence based strategies for load forecast-
ing, highlighting the potential of hybrid and ensemble techniques for
improving prediction accuracy in sustainable energy planning. By con-
centrating on peak demand forecasting, this study offers a thorough
exploration that connects peak demand forecasting methods with the
practical requirements of modern power systems. In the context of evolv-
ing power systems, the study further emphasizes the transformative role
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of ML-driven peak demand forecasting models in addressing the in-
creasingly complex challenges encountered in dynamic and multifaceted
environments.

The contributions of this study are fourfold. First, it provides a
comprehensive analysis of the evolution of peak demand forecasting
methods, emphasizing the transformative role of ML in addressing the
complexities of modern power systems. Second, it establishes a unified
framework to define peak demand forecasting, synthesized from the re-
viewed studies. This framework serves as a reference for future research
and provides a foundation to address the specific challenges of this do-
main. Third, this study thoroughly analyzes the contexts of application,
advantages and limitations of various ML-driven forecasting methods,
providing valuable insights into their practical utility. Finally, it identi-
fies under-explored opportunities for integrating emerging technologies
and offers a roadmap for future research.

The remainder of this paper is organized as follows: Section 2 de-
tails the systematic review approach utilized and offers a summary of
key findings from the literature, including a unified framework for peak
demand forecasting. Section 3 highlights the challenges faced in early
power systems and reviews traditional peak demand forecasting meth-
ods along with their limitations. Section 4 traces the evolution of peak
demand forecasting methods and discusses significant breakthroughs
in the field. Section 5 explores the contemporary trends in peak de-
mand forecasting methods. This section also examines these methods
across various application contexts and reflects on the advancements
and current limitations of peak demand forecasting. Section 6 presents
future research directions in this field, identifying current research gaps
and pointing out emerging trends. Section 7 concludes this study by
summarizing the key findings.

2. Research methodology and primary findings

The focus of this study is on the evolving role of ML in peak demand
forecasting to address emerging challenges in power systems. Unlike
general load forecasting, which focuses on forecasting electricity usage
patterns under stable conditions, peak demand forecasting emphasizes
accurately predicting extreme values. This involves accounting for the
interplay of complex factors and addressing uncertainties inherent in
predictions across different forecasting contexts. This study positions
peak demand forecasting as both a distinct and integral component of
general load forecasting, examining the development of the field and
how ML has transformed it by providing more precise, scalable, and
adaptable forecasting methods.

To achieve this, the review adopts a systematic strategy aimed at
obtaining meaningful insights into the evolution of peak demand fore-
casting methods, their practical applications, and the factors influencing
their effectiveness. This approach includes defining the scope of the
study, selecting and analyzing relevant literature, synthesizing the find-
ings into a unified framework, categorizing the selected research into
three distinct stages based on their publication dates, conducting an in-
depth analysis of each stage tracing the evolving role of ML in peak
demand forecasting, and finally offering insights into future research
directions.

2.1. Systematic review strategy

Table 2 details the methodology adopted to search and identify
the relevant literature. Our search strategy was designed to systemat-
ically identify peer-reviewed studies on peak demand forecasting. For
comprehensive and reliable coverage, the literature search was con-
ducted across three major scholarly databases: Scopus, Web of Science,
and Google Scholar. Scopus was chosen for its extensive coverage
of engineering, energy, and applied science journals and conferences.
Web of Science was included because of its coverage of core journals
in energy systems and operations research. Google Scholar was used
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Table 2
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Strategy for identification and selection of relevant papers.

1 - Topic

The evolving role of ML in peak demand forecasting for power systems

2 - Research questions

3 - Searching keywords
4 - Searching database

5 - Selection criteria

Primary research question: How have peak demand forecasting methods

evolved from statistical approaches to ML-driven techniques,

and how do these ML advancements address the challenges of modern power systems?
Sub-research questions:

— Fundamental context: What methodologies dominated peak demand forecasting
before ML, and how did they address early power system challenges?

— Transition to ML: What breakthroughs have facilitated the shift

to ML-driven peak demand forecasting?

— Contemporary trends: What are the most effective ML techniques in peak

demand forecasting, how do they vary across different contexts,

and what are their key advantages and limitations?

— Future directions: How can emerging trends in ML support the development of sustainable
and adaptable energy solutions?

(‘peak’ OR ‘maximum’) AND (‘demand’ OR ‘load’ OR ‘load demand’) AND (‘forecasting’ OR ‘estimation’ OR ‘prediction’)
Google Scholar, Scopus and the Web of Science

— Papers published in English in peer-reviewed journals and conferences were included.

— Papers focused on methods specific to peak demand forecasting were included.

- Papers focused on the comparison of different methods were included.

to complement these sources by offering the widest coverage across
disciplines and publishers.

The search queries were tailored to focus on peak demand forecasting
rather than general load forecasting. They were organized around three
core concepts in the field: peak (‘peak’, ‘maximum’), demand (‘demand’,
‘load’, ‘load demand’), and forecasting (‘forecasting’, ‘estimation’, ‘pre-
diction’). These terms were combined using Boolean operators to form
the query (‘peak’ OR ‘maximum’) AND (‘demand’ OR ‘load’ OR ‘load
demand’) AND (‘forecasting’ OR ‘estimation’ OR ‘prediction’). Broader
terms such as ‘load forecasting’ or ‘power demand forecasting’ were de-
liberately excluded, as they tend to retrieve studies outside the scope
of this review. Word-form variations were accounted for during the
search and screening process, ensuring that differences in phrasing did
not affect the results retrieved. For example, the query ‘peak demand
estimation’ also retrieved results containing ‘peak demand estimate’ or
‘estimating peak demand’. After records were retrieved, we employed
a two-stage manual filtering process. First, we filtered out papers that
were not written in English or not published in peer-reviewed venues.
Second, we excluded papers that did not focus on methods specific to
peak demand forecasting or on comparisons of different peak demand
forecasting methods. In total, we obtained 186 papers published since
1950.

We must also recognize that our analysis might not reflect the
latest developments in proprietary peak demand forecasting in the
energy sector, such as confidential algorithms used for operational
decision-making or trading. These advancements, which are not publicly
accessible, probably comprise a significant share of cutting-edge knowl-
edge in the domain. As a result, the findings presented here may not
fully encompass the range of innovations in peak demand forecasting,
especially in private and industrial environments.

2.2. Overview of findings

After applying the initial screening criteria, the core dataset for this
review comprises 186 studies, all of which form the basis for future
analyses.

Fig. 1 illustrates a word cloud summarizing the key methodolo-
gies employed in peak demand forecasting. Key terms such as ‘ANN’
(Artificial Neural Network), ‘neural network,” and ‘regression’ domi-
nate the word cloud, reflecting their central role in both traditional and
contemporary forecasting techniques. Terms like ‘LSTM’ (Long Short-
Term Memory Networks) and ‘CNN’ (Convolutional Neural Networks)
highlight the increasing use of ML models in modern power systems.
Meanwhile, the presence of ‘ARIMA’ (Autoregressive Integrated Moving
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F)mlm
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Fig. 1. Word cloud of peak demand forecasting methods based on 186 reviewed
studies.

Average) highlights the continued significance of statistical time se-
ries models for analyzing historical data trends. Terms like ‘hybrid’ and
‘fuzzy’ emphasize the use of integrated and adaptive methods to enhance
forecasting accuracy and robustness. Furthermore, terms such as ‘clus-
tering’ and ‘ensemble’ reflect the application of specialized techniques
to refine forecasting models.

The analysis of the reviewed studies shows a slow rise in publication
activity up to 1990, a significant increase between 1991 and 2010, and
steady growth from 2011 onward, highlighting the growing academic in-
terest and continuous progress in the field. Based on these observations,
the development of peak demand forecasting can be roughly segmented
into three distinct stages:

« Pre-ML stage (up to 1990): Characterized by a limited research vol-
ume and reliance on traditional statistical methodologies such as
linear regression and basic time series models.

Transition to ML (1991-2010): Marked by the integration of hybrid
models, improved computational tools, and the introduction of early
ML techniques.

ML stage (from 2011 onward): Defined by the broad use of ML
and data-driven forecasting models that address the complexities
of decentralized power systems and the growing role of renewable
energy.

Note that the three stages are heuristic time bands defined by publi-
cation year. Because methods diffuse gradually, some papers near the
boundaries display traits of adjacent stages. For example, statistical
models remain widely used in the ML era, and early ML and hybrid
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Fig. 2. Growth trend of publications and key stages in peak demand forecasting.

studies appeared during the 1990s. To manage overlap, we reference
these studies in multiple sections but only tally each paper once at the
stage level. Stage totals are therefore descriptive and should be consid-
ered along with the cross-stage hybridization patterns, which are further
summarized in Table 8. To avoid double counting, we keep counts by
publication year and focus our conclusions on directional trends such as
the growth of ML use and increasing hybridization, which do not depend
on strict boundary choices.

Fig. 2 shows the publication trend of research output across these
three stages of peak demand forecasting. Specifically, from 1957 to
1990, research contributions were relatively limited and mainly focused
on foundational statistical methods. The 1990s marked a turning point,
possibly influenced by improvements in computational power and the
growing complexity of power systems. During this time, early ML tech-
niques and hybrid models for peak demand forecasting began to emerge.
The 2010s saw a steady increase in research output, possibly influ-
enced by the global push for sustainable energy and the increasing
use of renewable energy sources. During this period, more ML tech-
niques such as LSTM and CNN gained prominence, reflecting a shift
towards models better suited to addressing the complexities of mod-
ern power systems in terms of accuracy and scalability. With these
methodological and conceptual transformations, the variety of publica-
tion platforms has also increased. Early research was primarily published
in engineering-focused journals, whereas more recent work has ap-
peared increasingly in interdisciplinary publications covering energy
economics, policy, and sustainability. This broader range of publications
signifies a growing recognition that peak demand forecasting extends
beyond technical modeling, playing an increasingly important role in
strategic decision-making within power systems.

2.3. Unified framework for peak demand forecasting

Drawing from the analysis of the reviewed studies, a unified frame-
work for peak demand forecasting was developed, as shown in Fig. 3.
Peak demand forecasting begins by defining the geographical scope and
time horizon. Next, key variables are identified and grouped into en-
dogenous variables (e.g., historical peak loads) and exogenous variables
(e.g., temperature changes, public events, and economic disruptions).
Before model construction, many studies emphasize a dedicated data
preparation step. In the context of peak demand forecasting, this step
is shaped by the nature of the data. Load records from smart meters
and feeders often contain gaps or sensor errors, which have been han-
dled through imputation or multi-source fusion [20,21]. Normalization
and scaling are frequently applied to stabilise training when variables
differ in magnitude, especially in household and building-level studies
[22,23]. Noise reduction and decomposition techniques such as empir-
ical mode decomposition and wavelets are used to filter volatility and
expose clearer structures in the load series [24,25]. Feature selection

methods, most notably PCA, have been used to reduce dimensionality
and highlight relevant weather or economic drivers [26,27]. Clustering
methods such as SOM or K-means are applied for similar-day selection
and to capture user groups with comparable behavior [28]. In rarer
cases, data augmentation based on Extreme Value Theory (EVT) has
been used to generate synthetic extremes [29], and robust regression
frameworks explicitly account for anomalies [30]. Moreover, emerging
smart meter and IoT sources further increase heterogeneity in data reso-
lution and reliability, which calls for fusion and alignment strategies in
data preprocessing.

Forecasting models are then developed using methods such as sta-
tistical approaches or ML techniques. Following this, the models are
evaluated through a process of iterative adjustments to ensure reliable
performance [31]. Finally, the process delivers the output, including the
predicted peak value (maximum load) and/or the peak time. In the fol-
lowing subsections, each component of the framework will be discussed
in detail.

2.3.1. Forecasting scope and horizon

Peak demand forecasting operates across multiple scopes, each tai-
lored to the specific needs and objectives of various stakeholders in the
electricity market (see Table 1). These scopes vary at national, regional,
municipal, and local levels, each addressing unique challenges for peak
demand management.

At the national level, peak demand forecasting supports large-scale
energy policy-making and infrastructure development, addressing inter-
regional energy transfers and balancing the national grid. At the re-
gional level, the focus shifts to balancing grid operations within states,
provinces, or utility regions, often aggregating demand across multiple
municipalities or localities. The municipal level targets urban energy
needs, supporting city or town-wide demand management, often relying
on aggregated data from municipal grids or city-wide demand profiles.
At the local level, forecasting focuses on smaller-scale entities, such as
neighborhoods, microgrids, or distribution feeders, which require more
granular data inputs (e.g., time-of-use data) to optimize operational
efficiency.

It should be noted that the local and municipal levels are often col-
lectively referred to as the ‘local’ level [32,33]. However, they differ in
their focus within power systems. The local level emphasizes smaller,
specific areas, capturing granular variations in peak demand, whereas
the municipal level considers broader factors such as urban density and
socio-economic activities that shape distinct load usage patterns [34].
This difference is important, as municipal areas function as intermedi-
aries, translating regional energy strategies into localized actions [35].
By refining the geographical scope in peak demand forecasting, we can
more accurately track trends in forecasting methods, explore spatial and
socio-economic disparities across different geographic levels, and better
capture the hierarchical structure of power systems.
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Table 3

Research distribution across forecasting scopes and stages.
Scope Pre-ML Transitioning ML Total
Regional 9 50 39 98
National 1 14 30 45
Local 1 29 34
Municipal 1 2 6 9

Fig. 4 illustrates the distribution of the reviewed studies across the
four forecasting scopes. Overall, regional studies account for the largest
share, 52.7 %, emphasizing their key role in grid management. While
municipal work is scarce, 4.8 %, this reflects limited research at the city
and town levels. However, these figures are cumulative totals for dis-
tinct stages, and the emphasis of research has shifted as the field moved
from earlier phases into the machine learning stage. Table 3 shows the
research distribution across different scopes in different stages. In the
pre-ML and transitioning stages before 2011, regional studies far ex-
ceeded other scopes. Since the machine learning stage, the profile has
shifted. Numbers for regional, national, and local studies are now simi-
lar, and municipal research totals nine, with six in this stage. Compared
with earlier periods, national, local, and municipal research increased
sharply while regional counts declined. This pattern indicates that the
large number of regional studies reflects the focus of earlier stages rather
than the current emphasis. The shift likely stems from improved access
to granular data, together with stronger modeling toolkits. Although
municipal and local studies remain underrepresented, the emergence
of advanced ML techniques such as transfer learning, multitask learn-
ing, and multi-agent modeling offers promising avenues to improve peak
demand forecasting at these levels.

In addition to its scope, peak demand forecasting also varies in its
time horizon. Although the forecast horizon of the general load forecast
is well known, there is no such summary for peak demand forecast-
ing. Therefore, building on definitions commonly used in general load
forecasting studies [14,36] and informed by patterns observed across
the reviewed literature, we classify the time horizon of peak demand
forecasting into the following categories:

« Short-term peak demand forecast (STPDF), to forecast peak demand
from several hours to days ahead (days<7).

« Medium-term peak demand forecast (MTPDF), to forecast peak
demand from weeks to months ahead (months<12).

« Long-term peak demand forecast (LTPDF), to forecast peak demand
more than a year ahead.

Based on the reviewed literature, we present the primary focus for each
forecasting horizon: 1) in STPDF, daily peak demand forecasting is most
commonly utilized; 2) MTPDF is primarily concerned with weekly and
monthly peak demand; and 3) LTPDF mainly focuses on annual peak
demand forecasting.

2.3.2. Influential variables in peak demand forecasting

Accurate forecasting models rely on a combination of endogenous
and exogenous variables that influence energy demand. Endogenous
variables are internal factors that directly represent the behavior and
dynamics of the system, while exogenous variables are external factors
that impact energy demand but are not inherently part of the internal
dynamics of the power system [37].

In the context of peak demand forecasting, endogenous variables pri-
marily consist of historical peak load data. Specifically, peak load data
from similar days is a commonly employed endogenous variable, as it
allows forecasting algorithms to identify and utilize recurring patterns
in demand, such as daily or seasonal fluctuations, which are relevant
for making accurate predictions for different forecasting periods. For in-
stance, Yu et al. [38] proposed algorithms that first identify similar days
and then utilize the peak demands of these days as historical training
data, thereby enhancing the model ability to predict future daily peaks
accurately.

Unlike general load forecasting models, which predict overall load
patterns over time using detailed, continuous datasets such as hourly
data points for each day (i.e., 24 data points per day) or other granu-
lar intervals, peak demand forecasting models focus specifically on peak
load values, such as the daily peak (i.e., a single data point per day)
or other granular intervals. Peak demand forecasting models can also
incorporate the peak load time (i.e., a data pair for each day). By fo-
cusing exclusively on peak load values and potentially the timing of
these peaks, peak demand forecasting significantly reduces the number
of data points. This reduction leads to higher computational efficiency.
Amjady [39] compared the number of input features and computation
time between the hourly load forecasting and the daily peak demand
forecasting using the same historical data. Their statistical analysis re-
vealed that only six input features were necessary for daily peak demand
forecasting, whereas 171 input features were required for hourly load
forecasting.

While endogenous variables such as historical peak load are in-
dispensable, relying on them alone risks overlooking abrupt shocks
driven by exogenous factors. For example, extreme weather, calen-
dar events, and policy interventions can trigger sudden deviations that
cannot be inferred solely from past peaks. Moreover, the interplay
between endogenous and exogenous variables is rarely linear or uni-
directional. Demand itself can influence exogenous drivers, such as
through tariff changes or demand-response activation, creating feed-
back loops that complicate model design. Addressing these complexities
requires models that can capture non-linear and bidirectional relation-
ships, where machine learning methods such as neural networks or
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Table 4
Paper distribution on the utilization of exogenous variables across different forecasting
stages.
Stage Weather Calendar Economic Policy None
Pre-ML 7 (77.8 %) 3(33.3%) 2(22.2 %) 0 (0 %) 2(22.2 %)
Transitioning to ML 61 (81.3 %) 28 (37.3 %) 15 (20.0 %) 0 (0 %) 5 (6.7 %)
ML 75 (74.3 %) 31 (30.7 %) 30 (29.7 %) 7 (6.9 %) 14 (13.9 %)

Table 5

Summary of the exogenous variables used for peak demand forecasting models. GDP: Gross Domestic Product; GNP: Gross
National Product; CPI: Consumer Price Index; PV: Photovoltaic; HVAC: Heating, Ventilation, and Air Conditioning; DSM:

Demand-Side Management; KPI: Key Performance Indicator.

Category Commonly used variables

Other variables

Weather Average temperature, maximum,/minimum

temperature, humidity, wind speed

Calendar
holidays

Economic

Policy Tariff system changes, HVAC operation schedules

Day type classification (weekday/weekend), public

GDP index, population growth/trends, market prices

Cooling/heating degree days, daily degree-days,
heatwave patterns, precipitation, rainfall, soil tem-
perature, atmospheric pressure, wind direction,
solar radiation, luminosity, cloud height, visibil-

ity, seasonal patterns, temperature cycles, pressure,
wind chill factor

Time of day, time of year, seasonality, religious
events (e.g., Ramadan, Eid, Hajj), special socio-
economic events, operational events, seasonal cyclic
effects, trigonometric encodings, solar terms

GNP, CPI, general economic indicators, household
demographics, appliance usage patterns, population
and household data, industrial production, load fac-
tor, renewable energy capacities (e.g., PV capacity),
socioeconomic trends

Policy goals, DSM participation rates, load diversity,
time of use, building energy efficiency, grid quality
parameters, KPIs

recurrent architectures have clear advantages over static regression
frameworks.

Exogenous variables provide additional contextual information that
enhances the accuracy and reliability of peak demand forecasting mod-
els. Based on the reviewed studies, the exogenous variables used are
classified into four main groups: weather, calendar, economic, and pol-
icy. Table 4 highlights the evolving use of these exogenous variables
in peak demand forecasting across three development stages. Weather
variables are observed to consistently play a key role at every stage.
Economic variables, on the other hand, show a marked increase in their
influence during the ML phase. Calendar factors display a more com-
plex trend, initially rising during the transition stage and then slightly
decreasing during the ML stage. Policy variables are rarely used at all
stages, with some studies choosing to exclude exogenous variables. This
omission might signify difficulties in merging diverse variables or sug-
gest that simpler models, which rely solely on endogenous variables, are
more practical or effective based on the forecasting context and available
data.

Table 5 summarizes the exogenous variables employed in the peak
demand forecasting models, highlighting the commonly used variables
identified in the reviewed studies. Among these, weather variables such
as maximum and minimum temperature are important as they capture
the variations in temperature that directly influence energy demand pat-
terns. It should also be noted that some variables are internally related
and can affect each other. For example, Contaxi et al. [40] noted that
high relative humidity during months with apparent seasonality (e.g.,
summer or winter) can lead to increased demand for cooling or heating,
which in turn impacts the accuracy of peak demand forecasts. To address
this issue, the authors proposed quantifying relative humidity in terms
of its effect on temperature fluctuations. By integrating this adjustment
into the model, they were able to correct inaccurate input variables,
thereby improving the forecasting accuracy for peak demand. A further
limitation arises from reliance on single weather station measurements.
Forecast accuracy can suffer when there is spatial misalignment between

observation sites and demand centers, or when systematic biases are
present in the instruments. Recent research addresses these challenges
through the integration of multi-source meteorological datasets, includ-
ing reanalysis products and satellite-derived indicators, which enhance
the robustness of weather-driven peak demand forecasts.

Calendar variables have a significant influence in areas with rare
special events and regular holidays. In the study by Saini and Soni [26],
the influence of lunar calendar festivals in Egypt on peak load was con-
sidered, and the influence of Ramadan is quantified as a weight factor
and input into the expert system. The prediction results showed that
the models considering special festivals performed better than others.
Moreover, load consumption on the weekends and holidays of commer-
cial and industrial sectors is considerably different from that of working
days, and the peak demand may not even occur in these sectors during
non-working days. Therefore, some of the reviewed works separately
modeled historical data based on these calendar factors to improve the
forecast performance. Ramanathan et al. [41] trained models separately
for each hour of a weekday and weekend day, respectively, which re-
sulted in 48 independent models to predict the daily morning peak and
the afternoon peak. This time-division modeling method distinguishes
between working days and non-working days, which overcomes the
defect of the traditional model in peak demand forecasting on weekends.

Socio-economic indicators such as Gross Domestic Product (GDP),
household demographics, and market prices do more than provide long-
term background trends, they also shape the structural composition
of demand. Industrial growth, urbanization, and changes in household
appliance ownership can alter both the magnitude and the timing of
peak loads. Incorporating these drivers helps forecasting models remain
sensitive to structural shifts in consumption patterns and improves their
ability to anticipate emerging demand pressures.

Economic variables capture the broader socio-economic factors that
influence electricity consumption patterns over medium to long-term
horizons. The increasing incorporation of economic variables, especially
in the ML-driven peak demand forecasting stage, demonstrates their
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importance in accounting for factors such as economic expansion, tech-
nological advancements, and shifts in consumer behavior. Commonly
utilized economic indicators include the GDP index, population trends,
and market prices, which provide information on overall economic
health and demographic changes that affect load demand. Moreover,
policy variables include regulatory and policy-driven factors that can
significantly impact load consumption. For instance, Jang et al. [42]
calculate the demand-saving impact of DSM efforts and integrate this
into a probabilistic framework for LTPDF, effectively treating DSM as
a key factor in mitigating future peak electricity loads. Although policy
variables are less frequently integrated compared to other exogenous
variables, they are essential to align forecasting models with government
regulations and strategic energy initiatives.

2.3.3. Evaluation indicators for peak demand forecast

The evaluation indicators of peak demand forecasting models typi-
cally rely on both standard accuracy measures and specialized indicators
designed for peak-specific contexts. These indicators build upon the for-
malization of peak demand as the maximum load observed over the
specified horizon, reflecting both system stress and cost escalation under
peak conditions. Commonly adopted metrics include Mean Absolute Error
(MAE), Mean Squared Error (MSE), Root Mean Squared Error (RMSE),
Mean Absolute Percentage Error (MAPE), and R>. Although these metrics
are well established in general load forecasting [43], their implications
in the context of peak demand forecasting merit further discussion.

General error metrics. MAE has been widely applied in early neu-
ral network studies [39,44], offering an intuitive measure of average
error magnitude in megawatts, which is easily interpretable by oper-
ators. However, because it weights all deviations equally, it does not
emphasize extreme errors. MSE and RMSE are more sensitive to large
deviations and are often preferred when peak errors are operationally
critical [45,46]. Yet, this quadratic penalization makes RMSE particu-
larly sensitive to outliers, as shown in studies under atypical days or
extreme weather conditions [47,48]. MAPE remains the most reported
indicator across decades of research [8,49-51], due to its normalized
form that allows comparison across regions and datasets. However, it be-
comes unstable when the actual load values are small (e.g., in feeder or
household-level studies) [22,52], and it tends to exaggerate errors under
non-normal distributions. R? is also reported in several regression-based
and building-level works [53,54], which is the coefficient of determi-
nation, providing a measure of variance explained. While useful for
model benchmarking, R?> can be misleading in non-stationary contexts,
since a high fit does not necessarily imply accurate peak capture. To
avoid optimistic estimates, studies commonly adopt blocked or sea-
sonal cross-validation and compare multiple metrics jointly (e.g., MAPE
with RMSE and interval coverage), especially when data are noisy or
imbalanced.

Peak-specific indicators. To better capture performance at extreme val-
ues, Peak Absolute Percentage Error (PAPE) was introduced in hybrid
models [55], quantifying deviations only at the daily or seasonal maxi-
mum. Assuming that y is the predicted peak value, y is the actual peak
value, and n» is the number of training samples:

$={319 .0} @
y={Vv2 00} 2

PAPE [55] is defined as:
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The range of PAPE is [0, +c). PAPE equal to 0 % represents a perfectly
trained model, while PAPE greater than 100 % indicates an unacceptable
model. While PAPE focuses attention on peak accuracy, it inherits the
instability of MAPE under small denominators and does not provide any
temporal dimension of error.
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Temporal accuracy of peak demand forecasting models is often as-
sessed through the Hit Rate (HR), which measures whether predicted
peaks occur within a specified tolerance window [55,56]. Assuming that
7 is the predicted peak time, ¢ is the actual peak time, » is the number of
training samples:
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By using e to represent the tolerance residual for the peak time and
h as a flag to represent whether the predicted time falls within the
tolerance interval [¢; — ¢, t; +¢], then we have HR [55] defined as follows.
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Peak time forecasting is usually measured by HR [55,57], which
specifies a period before and after peak demand occurrence as the fore-
cast error tolerance range. The prediction is considered correct as long
as the predicted time falls within the tolerance interval. HR is particu-
larly useful in operational contexts where anticipating the correct period
is more valuable than predicting the exact timestamp. However, it has a
binary nature: predictions just outside the tolerance interval are penal-
ized equally to gross mispredictions, and it ignores the magnitude of the
timing error.

Classification-based indicators. In some studies, peak demand fore-
casting is framed as a classification rather than a regression problem,
for instance, identifying whether the next day will contain a critical
peak event or whether a forecasted hour falls within a peak period
[56,58-60]. In these cases, the evaluation is reported using accuracy,
precision, recall, F1 score, or Computed Area Under the Curve (AUC) in-
stead of continuous error metrics. Accuracy is commonly reported for
daily peak occurrence [58], but these metrics are sensitive to class im-
balance, since non-peak days vastly outnumber peak days in typical
datasets. Thus, recall and AUC are often prioritised to ensure that peak
events are not missed, even at the cost of higher false alarms.

Probabilistic and uncertainty-aware indicators. Unlike point-based mea-
sures such as MAE or MAPE, which only evaluate the average magnitude
of forecast errors, probabilistic indicators assess the quality of the entire
predictive distribution. They capture both the reliability and sharp-
ness of interval or density forecasts, which is crucial in peak demand
forecasting where operators must plan for uncertainty in extreme load
values. The Coverage Probability of Prediction Intervals (PICP) measures
the proportion of observed values that fall within a forecasted confidence
interval [61]. A higher PICP indicates that uncertainty ranges are well
calibrated, although excessively wide intervals may trivially achieve
high coverage while providing little operational value. The Continuous
Ranked Probability Score (CRPS) evaluates the distance between the cu-
mulative distribution function of the forecast and the actual observation.
It is analogous to MAE but for probabilistic forecasts: lower CRPS val-
ues indicate that the forecast distribution assigns higher probability
mass close to the realized outcome [62,63]. Unlike PICP, CRPS rewards
both calibration and sharpness simultaneously, making it one of the
most widely used scoring rules for probabilistic load and peak demand
forecasting. Other indicators include the prediction interval normalized
average width and the prediction interval coverage probability deviation,
which jointly evaluate the trade-off between interval sharpness and re-
liability [64]. These indicators collectively offer a clearer glimpse of
model performance, indicating that even with a low point error like
MAE, risk might be underestimated if intervals are consistently narrow.
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Thus, for peak demand forecasts, probabilistic evaluation is crucial to
prevent electricity shortfalls from under-prediction and extra costs from
over-prediction.

An effective evaluation strategy for peak demand forecasting de-
pends on aligning metric selection with the decision context, while also
reflecting how evaluation practice has evolved in the literature. Across
the reviewed studies, MAPE is the most frequently reported point met-
ric (typically alongside RMSE/MAE), while classification metrics appear
mainly when peaks are framed as events. Peak-specific indicators (PAPE,
HR) are used in a minority of works to emphasize performance at ex-
tremes. Probabilistic and uncertainty-aware scores (e.g., PICP, CRPS)
are reported in more recent ML papers and long-horizon settings, where
calibrated intervals matter for planning. Rather than relying on any
single indicator, studies increasingly report a small set (e.g., MAPE +
RMSE + PICP/CRPS) to balance average accuracy, tail sensitivity, and
uncertainty.

2.3.4. Outputs of peak demand forecasting

Peak demand forecasting typically aims to predict a single value
(e.g., peak load) or a pair of values (e.g., peak load and its time/date).
Despite their significance, existing studies have not established a unified
definition of the output of peak demand forecasting. By reviewing the
literature, the following key types of output can be identified for peak
demand forecasting:

(1) Peak time: Forecasting the time of peak demand.

(2) Peak value: Forecasting the peak demand value.

(3) Peak value & time: Forecasting both the peak demand value and
its time.

(4) Load profile: Forecasting peak (or together with valley) values as
intermediate results, serving as inputs to produce load profiles.

Each of these output types carries distinct practical relevance de-
pending on the stakeholder. Peak time forecasts are particularly valuable
for demand response program activation and load shifting. Forecasting
the peak value helps utilities with generation scheduling and infras-
tructure stress testing. Forecasting both the peak value and time offers
more granular control for system operators and facilitates dynamic pric-
ing and operational planning [65]. Meanwhile, load profile forecasts
are especially useful for long-term infrastructure investment, regula-
tory planning, and tariff design, making them more relevant to pol-
icymakers. Consumers also benefit indirectly, as accurate forecasting
across these outputs contributes to improved grid reliability, fairer
pricing mechanisms, and enhanced integration of distributed energy
resources.

Fig. 5 illustrates the distribution of these forecast outputs across re-
viewed studies. It can be seen that the vast majority of studies focus on
forecasting the peak value, while a smaller proportion considers fore-
casting the peak (and sometimes valley) value as an intermediate result
to generate load profiles. Meanwhile, only a minimal fraction of stud-
ies focus exclusively on predicting the peak time. In addition, forecasting
both the peak value and its time accounts for 5.4 % of the reviewed stud-
ies, which provide a more comprehensive forecast addressing not only
the magnitude of the peak demand but also its temporal characteristics.
Although less common, multi-output models that jointly predict peak
value, timing, or load profiles can exploit correlations among outputs,
offering stakeholders richer and more integrated insights for operational
and market decision-making.

Beyond peak value and timing, outputs that capture duration and
variability have important applications. Forecasting the persistence of
high load periods informs system flexibility and reserve requirements,
while variability measures are directly linked to ramping needs un-
der renewable integration. Such outputs also support demand response,
storage scheduling, and long-term planning based on load duration
curves [21,29,66], highlighting their growing relevance in renewable
and Distributed Energy Resources (DERs)-rich systems. In this review,
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Fig. 5. The distribution of the peak demand outputs among reviewed studies.

we focus on peak value and timing, as these remain the dominant out-
puts in the literature and are most directly linked to system operation.
While we do not provide a systematic quantification of the duration-
and variability-aware outputs here, we revisit these outputs in the con-
text of renewable integration and DERs, where ramping and persistence
materially affect operations and planning.

2.4. Primary trends and insights

In this section, we provide a comprehensive summary of the liter-
ature on peak demand forecasting models by systematically mapping
the studies to the previously defined unified framework, as shown in
Table 6. This framework serves as a structured approach to categorize
and compare the different methodologies and findings, highlighting key
trends, models, and variables considered in peak demand forecasting. It
should be noted that some of the reviewed studies employ hybrid mod-
els, rather than relying on a single method, and are not listed in Table 6.
These studies will be discussed later in this section.

2.4.1. Peak demand forecasting insights

In this section, we provide a comprehensive summary of the liter-
ature on peak demand forecasting models by systematically mapping
the studies to the previously defined unified framework, as shown in
Table 6. This framework serves as a structured approach to categorize
and compare the different methodologies and findings, highlighting key
trends, models, and variables considered in peak demand forecasting.

The reviewed studies on peak demand forecasting reveal a complex
interplay between the various components of the forecasting framework.
A diverse range of methods has been employed, from traditional sta-
tistical approaches to ML techniques. Notably, the choice of methods
appears to be closely related to the specific forecasting horizon. For
STPDF, models are designed to capture immediate fluctuations in de-
mand, relying heavily on high-frequency variables such as weather and
calendar data. Commonly utilized methods include regression, stochas-
tic time series, and ANN models. Ensemble learning methods, which
combine multiple models, are also increasingly adopted to enhance ro-
bustness. The focus in this horizon covers all types of outputs, with a
primary emphasis on predicting the peak value. Some attention is also
given to the peak time or combined peak value with time, as well as to
forecasting the peak demand as intermediates to assist in the prediction
of load profiles. In this horizon, the data are typically stationary and
abundant, allowing models to exploit fine-grained temporal patterns.
Lightweight and interpretable methods often perform competitively, and
the main challenge is modeling rapid demand variability.

In the context of MTPDF, the complexity of inputs and forecasting
requirements increases. Models often incorporate economic variables
alongside weather and calendar data to capture seasonal patterns and
mid-term demand fluctuations. Stochastic time series models and ANNs
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Table 6
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Comprehensive summary of the reviewed literature mapped to the unified peak demand forecasting framework. W: Weather; C: Calendar;
E: Economic; P: Policy; N: National; R: Regional; M: Municipal; L: Local; V: Peak Value; T: Peak Time; V +T: Peak Value & Time; LP: Load

Profile.
Methods Forecast horizon ~ Input variables Geographic scope Output References
w C E P N R M L v T V+T LP
STPDF v 4 v v v v v [41,67-75]
Regression MTPDF v v v v [76]
LTPDF v v v v/ v o/ [53,54,66,77-80]
STPDF v v v v v [39,81-85]
Stochastic time series MTPDF v v o/ v v [86-89]
LTPDF v v v v v v [90,91]
STPDF v v v [52]
Time series decomposition MTPDF v v v v v [92,93]
LTPDF v 4 4 v v [62,94]
STPDF
Grey prediction MTPDF
LTPDF v v v [571
STPDF v v v v v v v v v v v v [26,44,45,50,58,95-122]
ANN & variants MTPDF v 4 v v v v [123-125]
LTPDF v v v v v v [126-132]
STPDF v v v v 4 [133-135]
Fuzzy logic MTPDF
LTPDF
STPDF v v v v [136]
Genetic algorithm MTPDF
LTPDF
STPDF v v v [48]
Extreme value theory MTPDF
LTPDF v v 7/ v v 7/ [29,46]
STPDF v v v [137]
Bayesian networks MTPDF v v 4 [138]
LTPDF v v v v [139,140]
STPDF v v o/ v v 7/ [141-146]
SVM/SVR MTPDF
LTPDF
STPDF v v o/ v v 7/ v [20,147-151]
Ensemble learning MTPDF
LTPDF
STPDF v v v v [60]
CNN & variants MTPDF
LTPDF
STPDF v 4 v v v v v v [22,63,152-156]
RNN & variants MTPDF v v v v [157]
LTPDF

are commonly applied to MTPDF. Time series decomposition tech-
niques also emerge as valuable tools for MTPDF, helping to separate
trend and seasonality components. Most of these approaches focus on
predicting peak values, whereas fewer studies expand their scope to
forecast both peak value and time, and some concentrate on forecasting
load profiles. Here, semi-stationary conditions are common, requiring
models to handle both short-term fluctuations and seasonal effects.
Feature decomposition and hybrid approaches become more important,
and probabilistic outputs are often preferred to reflect medium-term
uncertainty.

LTPDF is marked by increased uncertainty and fluctuation, and a
wider range of input variables, including policy factors and long-term
economic trends. Commonly utilized methods include regression, ANN,
and grey prediction models. These long-term approaches often focus
primarily on forecasting the peak value, with fewer studies address-
ing combined metrics to forecast both the peak value and its time. One
critical challenge in LTPDF is the non-stationarity of input data, result-
ing from evolving policies, market structures, and technology adoption
over time. To mitigate this, models must handle structural shifts and
long-term uncertainty, often relying on advanced feature extraction

10

methods, adaptable learning algorithms and interpretable modeling
frameworks.

Table 6 also highlights notable differences in the geographic scopes
addressed by forecasting studies. At the national level, STPDF and LTPDF
are the most common focuses, addressing the need for both immediate
operational adjustments and strategic, policy-driven planning. Methods
like regression models and stochastic time series are frequently used,
with ANNs and time series decomposition also playing a growing role
in handling complex data and long-term trends. At the regional level,
STPDF dominates, while MTPDF and LTPDF are explored with nearly
equal attention. ANNs are widely used, alongside regression and ensem-
ble models for robust and reliable predictions. The municipal level sees
less exploration, with studies focusing mainly on STPDF and LTPDF.
ANNs are the most commonly used methods in this scope, valued for
their ability to handle localized data, whereas stochastic time series and
Bayesian networks are occasionally applied to capture temporal patterns
and uncertainties. The local scope is explored more frequently than the
municipal scope, with a strong focus on STPDF to manage community-
specific demand fluctuations. Regression, ANN, and Recurrent Neural
Network (RNN) models are often used because of their ability to work
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Table 7
Performance benchmarking of peak demand forecasting methods across three stages based on the reviewed studies.

Stage Methods General (MAPE) Peak-specific Classification Probabilistic

Pre-ML Regression (n=4) 3-10 % - - -
Stochastic TS (n=4) 4-8% - - -

Transitioning  Regression (n=7) 1.5-6 % - - -

to ML Stochastic TS (n=4) 1-6 % - - 80-90 % (PICP)
Time series decomposition(n=1) 1.8-3.0 % - - -
Grey prediction (n=1) ~1.3% - - -
ANN & variants (n=25) 1-6 % 2-3 % (PAPE) - -
Fuzzy logic (n=2) 1-3% - - -
Genetic algorithm (n=1) 1.8-3% - - -
Extreme value theory (n=1) - - - Return levels (1-20 yr)
SVM/SVR (n=2) 0.8-2.5 % - - -

ML Regression (n=5) 1.5-3.9% - - -
Stochastic TS (n=3) 1.0-6.0 % - - -
Time series decomposition (n=3) 1.8-5.1 % - - 0.2-0.5 (CRPS)
ANN & variants (n=18) 0.5-5.6 % 2-5 % (PAPE), 85-93 % (HR) 85-92 % (Acc), ~95 % (Recall), -

~0.97 (AUC)

Fuzzy logic (n=2) 0.6-2.3 % - - -
Extreme value theory (n=2) 3.8-5.8% - - Return levels (2-10 yr)
Bayesian/GP (n=3) 1.5-5.7 % - - 90-100 % (PICP), 0.1-0.3 (CRPS)
SVM/SVR (n=4) 0.6-2 % - - 85-95 % (PICP)
Ensemble learning (n=6) 1.6-5 % up to 95 % (HR) 90-96 % (Acc), >90 % (Recall) 90-95 % (PICP)
CNN & variants (n=1) - - 85-92 % (Acc) -
RNN & variants (n=6) 1.0-5.7 % 1-3 % (PAPE) - -

Note: Reported ranges are aggregated from reviewed studies. General metrics use MAPE for comparability.SVM/SVR typically 0.6-2 %; one study reported up to
~16.8 % [146]. Ensemble learning typically 1.6-5 %; one study reported ~23 % MAPE [20].

with fine-grained sequential data. Across all scopes, STPDF is the most
common, reflecting its importance for operational planning.

The choice of outputs further influences the selection of forecasting
approaches. The peak value remains the most commonly forecasted out-
put, given its essential role in operational planning. There is a growing
interest in more complex outputs including forecasting both the peak
value and time, and load profiles, which require flexible techniques like
grey prediction, fuzzy logic, and ensemble learning methods. These out-
puts provide richer insights into demand dynamics but are currently
less frequently addressed in the reviewed literature. Where reported,
peak-specific measures such as PAPE and HR confirm notable gains in
capturing the timing of peaks, while classification metrics appear in
more recent work that frames peak prediction as an event detection
problem, extending the evaluation beyond conventional error measures.

The interconnection among these factors reflects the complexity
of peak demand forecasting, where various aspects of the forecasting
framework must be considered together. Forecasting horizons define the
scope of the analysis, which in turn influences the selection of input
variables and the resolution of geographic scales. Similarly, the choice
of outputs shapes the methodological approach, determining whether a
model focuses on aggregated indicators like peak value or more complex
metrics such as forecasting both the peak value and time. This highlights
the essential need to adapt forecasting techniques to the unique combi-
nations of different geographic regions, varying time horizons, and the
specific objectives of diverse stakeholder groups. Building on the above
comparison, we further carried out a detailed performance evaluation
of peak demand forecasting method families across stages, as shown
in Table 7, offering a clearer view of the evolution in peak demand
forecasting practice.

In the pre-ML stage, forecasting methods were largely limited to
traditional regression and stochastic time series approaches, yielding
general error rates in the range of 3-10 % [67,69,76] and 4-8 % MAPE
[158,159], respectively. These methods lacked tailored peak-specific
evaluation and could not accommodate classification or probabilistic
forecasts, limiting their applicability in handling uncertainty or rare
peak events.

During the transitioning-to-ML stage, a broader set of techniques
emerged. Regression and stochastic models were retained but improved,
showing reduced MAPE ranges (down to 1-6 %) [39,41,61,70-72,78,
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79,88]. Notably, hybrid architectures began to incorporate decompo-
sition (e.g., time-series and grey models), soft computing (fuzzy logic,
ANN), and evolutionary techniques (e.g., genetic algorithms), improv-
ing model responsiveness to the nonlinearities of peak load behavior.
ANN variants became especially prominent, with MAPE as low as 1 %
[160,161], and PAPE between 2-3 % [39]. Fuzzy logic models showed
low MAPE (1-3 %) [162,163], highlighting early efforts to incorpo-
rate interpretability and rule-based reasoning into peak load forecasting.
Although still nascent, probabilistic forecasting emerged using stochas-
tic and EVT-based methods, reporting meaningful indicators such as
PICP and return level intervals for extreme peaks.

In the ML-driven stage, model sophistication and diversity signifi-
cantly increased. ANN variants consistently demonstrated high perfor-
mance, with general MAPE as low as 0.5 % [131] and peak-specific
classification metrics reaching 95 % recall and 0.97 AUC [58]. Ensemble
learning and deep neural architectures (RNNs, CNNs) enabled improved
learning of temporal and spatial dependencies, achieving high classifi-
cation accuracy (up to 96 %) [148,155] and HR for peak events (up
to 95 %) [150]. Probabilistic forecasting became more robust, partic-
ularly through Bayesian models, Gaussian processes, and ensembles,
with PICP ranging from 85-100 % [63,64,137] and CRPS scores as
low as 0.1 [62,164], indicating reliable interval forecasts. Moreover,
dimensionality reduction and decomposition strategies (e.g., wavelet,
ICEEMDAN) were increasingly integrated into ML pipelines to handle
high-dimensional data and preserve peak-relevant patterns.

Overall, the evolution reveals a clear trend: from deterministic mod-
els centered on error reduction in the early stages, to more holistic,
adaptive, and uncertainty-aware models in the ML stage. The shift to-
ward peak-specific, classification, and probabilistic metrics highlights a
growing awareness that peak demand forecasting requires both accuracy
and interpretability under uncertainty.

2.4.2. Hybrid peak demand forecasting insights

Expanding on the findings from the analysis of individual fore-
casting methods, Table 8 provides a summary of hybrid models used
in the reviewed literature. In particular, techniques such as exponen-
tial smoothing, Kalman filtering, and expert systems, which were not
included in the previous Table 6 of standalone methods, are present
in hybrid models. Hybrid models integrate different methods at various
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Table 8
A summary of hybrid models utilized across different stages, with the ML
components highlighted using underlines.

Pre-ML Stage

Stochastic Time Series + Exponential Smoothing [165]

Regression + Time Series Decomposition [158]

Stochastic Time Series + Time Series Decomposition + Exponential Smoothing [166]
Regression + Expert Systems [159]

Transitioning to ML

Regression + Stochastic Time Series [99,167]
Fuzzy Logic + Expert Systems [162,168]

Regression + Time Series Decomposition [169-171]
ANN + Fuzzy Logic [172-175]

Stochastic Time Series + ANN [47]

Stochastic Time Series + Exponential Smoothing [176]
ANN + Ensemble Learning [160]

Regression + Fuzzy Logic [30,177,178]

Stochastic Time Series + Expert Systems [39]
Regression + Expert Systems [179]

ANN + SOM [27,180]

ANN + Genetic Algorithm [181]

Expert Systems + SOM + Fuzzy Logic [28]

Stochastic Time Series + Time Series Decomposition [24,25]
SVM/SVR + Time Series Decomposition [182]
Stochastic Time Series + Grey Prediction [183]
Stochastic Time Series + Fuzzy Logic [161]

Fuzzy Logic + Genetic Algorithm [163]

ML Stage

Stochastic Time Series + Time Series Decomposition [184]
ANN + Genetic Algorithm [185-189]

ANN + Genetic Algorithm + SVM/SVR [55,190]
Regression + Genetic Algorithm [191]

Regression + Time Series Decomposition [192,193]

ANN + Fuzzy Logic [194]

Regression + Stochastic Time Series [195]

Time Series Decomposition + Fuzzy Logic + Exponential Smoothing [196]
Regression + ANN [197-199]

Time Series Decomposition + SVM/SVR [51,200]
Regression + Bayesian Networks + SVM/SVR [201]

Time Series Decomposition + GRU [38]

Time Series Decomposition + Kalman Filtering [202]
Stochastic Time Series + SVM/SVR + ANN [203]
SVM/SVR + ANN [204]

Time Series Decomposition + Exponential Smoothing [205]
Regression + Extreme Value Theory [42]

Stochastic Time Series + LSTM [8]

ANN + LSTM [206]

CNN + LSTM [164]

Time Series Decomposition + LSTM [21]

Time Series Decomposition + CNN [7]

ANN + Ensemble Learning [207]

Time Series Decomposition + RNN [64]

stages of peak demand forecasting. In the table, we specifically highlight
the ML components within these models to offer a clearer perspective
on the role and impact of ML in advancing peak demand forecasting.

Hybrid methods aim to address the limitations of standalone tech-
niques by leveraging their complementary strengths, enhancing the
performance of peak demand forecasting models. It can be seen that
the advancement of hybrid methods corresponds to the developmental
trajectory of the three stages of peak demand forecasting, demonstrating
a shift from traditional statistical methods to ML-driven models.

In the pre-ML stage, traditional statistical methods were the primary
focus of research. Most studies explored combinations of statistical tech-
niques to improve forecasting accuracy and address various modeling
challenges.

Later, the transitioning stage marked a gradual integration of ML
methods alongside traditional statistical approaches. During this phase,
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while most studies continued to combine statistical methods, some
began exploring the potential of blending statistical and ML techniques.
Examples include regression combined with fuzzy logic and stochastic
time series combined with ANN, demonstrating how ML could comple-
ment existing statistical models. Hybrid ML methods have also started
gaining traction, with the combination of ANN and fuzzy logic emerg-
ing as a popular approach. This stage highlights a shift in research
methods, where statistical methods remained central, but ML methods
were increasingly recognized for their potential to enhance peak demand
forecasting models.

During the ML stage, ML methods became a key component of hy-
brid models. Hybrid models combining ANN with genetic algorithms
were frequently used [208]. Moreover, models integrating statistical
methods with ML methods remained popular, including combinations
such as regression with ANN and time series decomposition with dif-
ferent ML methods such as CNN, RNN, LSTM, and Gated Recurrent
Unit (GRU). However, hybrid models that combined only statistical
techniques became relatively rare. The ML stage marked a growing em-
phasis on ML-driven hybrid models, reflecting a shift toward advanced
ML techniques to address complex research problems in modern power
systems.

The evolution of hybrid methods across the three stages shows both
continuity and progression. Importantly, there is overlap across stages:
some purely statistical hybrids continued to be used well into the ML
stage, while physics-informed hybrids emerged earlier than expected
in specific long-term applications. This overlap suggests that the cate-
gorisation into three stages is a simplification, but it is still useful to
capture the broad trajectory of methodological development. Moreover,
within the literature, three main strategies for hybrid model integra-
tion can be observed. Sequential hybrids detrend or decompose demand
data before ML captures non-linear residuals. Parallel hybrids gener-
ate forecasts independently with statistical and ML models and combine
them through averaging or ensembles. Physics-informed hybrids embed
domain knowledge and physical constraints directly into ML training.
Table 9 provides a summary of the hybrid models reviewed, mapped
to the unified peak demand forecasting framework, including their dis-
tribution over horizons, the top two most used input combinations,
outputs, and their reported error reduction range.

Building on this summary, clear patterns emerge regarding the ben-
efits of each approach. Sequential hybrids dominate STPDF, where
preprocessing improves robustness and yields error reductions of up
to 45 % while preserving some interpretability. Parallel hybrids, more
evenly spread across STPDF and MTPDF applications, deliver 10-30 %
improvements by combining complementary error patterns, offering
greater stability across feeders. Physics-informed hybrids, though fewer,
are concentrated in MTPDF and LTPDF, embedding economic or DSM
factors alongside weather and calendar drivers. These deliver the great-
est gains and generalise better to unseen scenarios. Alongside these
benefits, several challenges were noted across the reviewed studies.
Sequential hybrids, while interpretable, add preprocessing complexity
and depend heavily on decomposition quality. Parallel hybrids re-
duce transparency and require careful weight calibration to avoid bias.
Physics-informed hybrids demand richer data and more complex model
design.

These differences illustrate the trade-offs between complexity, in-
terpretability, and accuracy. Sequential hybrids balance simplicity and
robustness, parallel hybrids favour accuracy and stability at the cost
of clarity, and physics-informed hybrids extend reliability for planning
tasks but demand greater modeling effort, adding design complexity
and interpretability challenges, highlighting the trade-offs faced in this
area. The choice of hybrid strategy therefore aligns with forecasting
needs: sequential for short-term operations, parallel for regional or
feeder stability, and physics-informed for long-term capacity and pol-
icy planning. This progression also indicates that while ML components
increasingly dominate hybrid models, traditional statistical methods
remain complementary. They provide interpretable baselines, reduce
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Table 9
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Summary of the hybrid models in the reviewed literature mapped to the unified peak demand framework. W: Weather; C: Calendar; E: Economic;
P: Policy; N: National; R: Regional; M: Municipal; L: Local; V: Peak Value; T: Peak Time; V + T: Peak Value & Time; LP: Load Profile.

Strategy Typical setup Forecast horizon Input (top 2) Geographic scope Outputs Improvement #papers
Sequential Decomposition or STPDF (18) W+C((12) R(D V (22)
smoothing — ML MTPDF (5) W (5) N (7) T (2)
ANN, SVR, fuzzy) LTPDF (3) L(5) V+T (1) 20-45 % 26
M@3)
Parallel ARIMA/SARIMAX + STPDF (13) R(7) V(@14
ML (ANN, SVM) MTPDF (6) W+C (10) N (6) T (3) 10-30 % 22
via averaging/ensembles LTPDF (3) W+C+E (5) L(5) V+T(3)
M (4) LP (2)
Physics-informed ML with MTPDF (7) W+C+E (6) N (6) LP (8)
domain knowledge LTPDF (6) W+C+E+P (5) R (6) VvV (7)
(expert systems, EVT, Kalman) STPDF (5) L4) T (2) 25-50 % 18
M (2) V+T (1)

Note: The reported improvement ranges are calculated as the relative percentage reduction in error (e.g., MAPE, RMSE, MAE) compared with the
baseline model(s) reported in each study. For example, if a baseline MAPE was 5 % and the hybrid method achieved 3 %, the improvement was
recorded as (5-3)/5 = 40 %. The ranges shown summarize the minimum and maximum improvements observed across all reviewed studies within

each strategy.

noise before ML processing, and in many cases remain as benchmarks or
support modules, highlighting their lasting significance in peak demand
forecasting.

3. Fundamental context: pre-ML stage

In the pre-ML stage, various statistical methods were employed for
peak demand forecasting. Fig. 6 shows both a word cloud and an inclu-
sive counting bar chart. The word cloud conveys the diversity of methods
reported in the literature, while the bar chart reports their frequency us-
ing inclusive counting, where hybrid studies are counted under each of
their constituent methods. Regression analysis and stochastic time series
models were the most widely applied techniques. Decomposition meth-
ods and exponential smoothing were also popularly utilized to identify
trends and seasonal patterns in demand. Peak demand forecasting mod-
els during the pre-ML stage provided interpretable solutions with low
computational demands, aligning with the technological constraints in
early power systems. This section will first examine these constraints
and then discuss the development of forecasting methods designed to
address these challenges.

3.1. Challenges in early power systems

Peak demand forecasting was an important yet complex task for
maintaining reliability, optimizing operations, and supporting long-term
planning in the early power systems. During this period, the challenges
were closely tied to the operational and planning needs of power sys-
tems. Based on the reviewed studies, the key challenges in early systems
can be summarized as follows.

Regression

Stochastic Time Series

Exponential Smoothing

Time Series Decomposition

Expert Systems
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A major challenge in peak demand forecasting was capturing the
variability and irregularity of peak demand patterns, driven primarily by
exogenous variables such as weather, economic activity, and social be-
havior. Extreme weather conditions, such as heatwaves or cold spells,
often led to abrupt spikes in electricity consumption for cooling or heat-
ing purposes. For instance, El-Razaz and Al-Mohawes [81] forecasted
weekly peak demand in Saudi Arabia and emphasized that temperature
surges in the summer could cause abrupt rises in electricity usage, com-
plicating the peak demand forecasting. Additionally, industrial activity
and socio-economic growth introduced irregular trends that required
careful modeling, especially for fast-growing economies [158,165]. In
the early power systems, many peak demand forecasting models strug-
gled to capture these abrupt changes, often requiring additional weather
variables or binary event indicators to detect anomalies.

Peak demand forecasting also faces the challenge of integrating sea-
sonal and cyclical nature of the peak demand, which has disproportionate
impacts on peaks compared to overall demand. For instance, during hol-
idays or special events, overall energy demand might rise moderately,
but peak demand can experience a more significant increase, resulting
in sharper spikes in energy use that must be accounted for in forecasting.
Peak demand exhibits predictable daily, weekly, and seasonal cycles in-
fluenced by work schedules, holidays, and climatic changes. However,
deviations caused by irregular events, such as public holidays, cultural
celebrations, or unexpected industrial activity, pose additional complex-
ities. Papalexopoulos [69] demonstrates the importance of incorporating
calendar effects to address these anomalies, emphasizing the need for
peak demand forecasting models capable of handling both regular cycles
and unexpected disruptions.
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Fig. 6. Peak demand forecasting methods in the pre-ML stage. The bar chart (left) shows the quantitative frequency of methods based on inclusive counting, and the
word cloud (right) provides an overview of the terminology used in the reviewed studies.
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The timing of peak demand was another key focus. Accurate tim-
ing is essential for grid stability, as misaligned forecasts can lead to
overloading or under-utilization of resources during peak periods. Grid
operators need precise forecasts for peak times to prevent overloads and
to optimize the utilization of available infrastructure. Hsu and Ho [168]
highlighted the difficulty of synchronizing forecast peak times with real-
world conditions, especially in regions with rapidly changing industrial
or urban activity, where peak demand occurs with great variability.

Another challenge was the limited availability of data specifically tai-
lored for peak demand forecasting. In early power systems, as energy
demand continued to grow in rapidly developing regions, forecasting
peak demand became increasingly challenging. Barakat and Eissa [158]
emphasized the increased complexity of capturing peak demand data
within the fast-growing regions. Moreover, high-resolution data, such as
detailed hourly consumption patterns, were often unavailable in early
power systems. While general demand forecasting models could rely on
daily or weekly load profiles, peak demand forecasting required focus-
ing on the highest load values within specific time intervals. The lack of
such detailed data often limited the accuracy and effectiveness of peak
demand forecasting models.

Finally, operational and computational limitations also restricted the
complexity of the models used for peak demand forecasting. Early power
systems required models that could provide actionable predictions to
support operational decisions. While many peak demand forecasting
models during this period provided interpretability and computational
efficiency, these models often required manual adjustments to handle
non-linearities and irregular events in the dataset [69,81,86,158].

3.2. Pre-ML peak demand forecasting methods

The challenges inherent in the early power systems gave rise to the
use of statistical methods for peak demand forecasting. In the pre-ML
stage, regression models were foundational for peak demand forecasting
due to their simplicity and flexibility in capturing relationships between
peak demand and explanatory variables. Many studies have applied re-
gression models to forecast peak demand, incorporating various factors
such as economic indicators, weather conditions, and special events. For
example, Towill [76] utilized regression with GDP and temperature data
to forecast peak demand for the CEGB North West Region in the UK.
Stetson and Stark [68] applied regression to forecast the peak demand of
rural residential customers in Kansas, USA, considering coincidental and
non-coincidental peak demands. Moreover, Papalexopoulos [69] em-
ployed regression models incorporating holiday and temperature effects
to perform STPDF. Despite their strengths, regression models often as-
sumed static relationships between variables, limiting their adaptability
to non-linear interactions and abrupt demand spikes [170].

Stochastic time series models were widely used to capture trends
and seasonal patterns in peak demand. These models, such as ARIMA,
autoregressive models, and moving average models, are effective for
modeling and forecasting time-dependent data with inherent random-
ness. Based on the reviewed studies, these stochastic models were often
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combined with additional techniques to enhance forecasting accuracy.
For example, El-Razaz and Al-Mohawes [81] utilized decomposition
and autoregressive models to forecast weekly peak demand in fast-
developing cities. Similarly, Elrazaz and Mazi [165] employed decompo-
sition techniques in hybrid models combining ARIMA with exponential
smoothing to forecast weekly peak demand. The stochastic time series
models can effectively manage seasonal and cyclical variations but are
constrained by assumptions of stationarity and require extensive pa-
rameter tuning, limiting their application in rapidly evolving power
systems.

Time series decomposition methods have further enhanced peak
demand forecasting by isolating various components such as trend, sea-
sonal, cyclical, and irregular variations. For instance, early work by
Gupta [86] applied Fourier transformations, a specific type of time se-
ries decomposition, to stabilize nonstationary series for monthly peak
demand forecasting. Additionally, Barakat and Eissa [158] integrated
decomposition with regression to address cyclic and irregular compo-
nents in fast-growing regions. While decomposition methods improved
the accuracy of forecasts by isolating different demand components,
they often relied on aggregated data, limiting the granularity and
responsiveness to short-term irregularities or real-time variations.

Exponential smoothing is another commonly used method in early
power systems for peak demand forecasting, assigning exponentially
decreasing weights to older data while emphasizing more recent ob-
servations. Variants such as single, double, and triple exponential
smoothing (Holt-Winters method) address data with increasingly com-
plex trends. For example, Barakat et al. [166] applied exponential
smoothing for STPDF in fast-developing utilities. In the reviewed studies,
exponential smoothing was frequently used in hybrid models to improve
performance, often in combination with stochastic time series models.
However, because exponential smoothing relies on manually selected
smoothing coefficients, it may struggle to adapt effectively to highly
volatile time series.

In the pre-ML peak demand forecasting, hybrid approaches combin-
ing multiple statistical techniques were also explored. Such as combining
ARIMA models with decomposition and exponential smoothing [165],
and the composite regression-decomposition models [158].

The methods outlined above formed the foundation for peak demand
forecasting, addressing challenges such as variability, seasonality, and
data limitations in early power systems. Table 10 summarizes the stud-
ies assigned to their respective methods, highlighting the challenges they
tackled and their inherent limitations. Our review identifies a set of
open questions that motivate subsequent developments. One concerns
how regression frameworks can adapt to evolving non-linear relation-
ships without relying on static specifications. Another relates to how
stochastic time-series models can remain robust under structural breaks
and rapid regime shifts while reducing the burden of manual param-
eter tuning. A further challenge is whether feature selection can be
automated in ways that embed domain knowledge such as weather, tar-
iffs, demand-side management, and policy, thereby reducing overfitting
and improving transferability. An additional question concerns which

Table 10
A summary of peak demand forecasting methods in pre-ML stage.
Method Description Challenges Addressed Limitations
Regression Linear/parametric models with exogenous Variability, weather, socio-economic Static assumptions, weak for non-linearities or
inputs. drivers. sudden spikes.
Decomposition Trend-seasonality-noise separation. Seasonal/holiday fluctuations. Aggregated data only, poor for short-term

Stochastic Time Series ARIMA-type models exploiting autocorrelation.

Exponential Smoothing Holt-Winters and variants.

Hybrid Models Combined multiple statistical methods.

Seasonal and cyclical patterns.

Short-term trend smoothing.

Integrated trend, seasonality, exogenous
inputs.

irregularities.
Assumed stationarity, limited adaptability.

Failed under abrupt shocks, inflexible for
peaks.

Higher complexity and tuning effort.
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decomposition strategies are best suited to capture high-resolution,
short-lived irregularities rather than relying on aggregated seasonal
patterns. Exponential-smoothing families also raise the issue of how to
make them adaptive to volatility and peak episodes without repeated
manual recalibration. A final question is how interpretable statistical hy-
brids should be designed so as to balance complexity, generalization, and
transparency. These questions provide the foundation for the transition
to the ML-era methods examined in the following sections.

4. Transitioning to ML-driven peak demand forecasting

The period between 1991 and 2010 represented a significant transi-
tion in peak demand forecasting methods, characterized by the evolution
from traditional statistical approaches to ML-driven techniques. This
era reflected the growing complexity of power systems and the need
for more adaptable, scalable forecasting models to meet rising demand.
Fig. 7 illustrates the methods adopted during the transition stage. It
can be observed that key advancements during this period included
the introduction of ANNSs, fuzzy logic, and hybrid models that inte-
grated statistical and ML methods [209]. While statistical methods
like regression and ARIMA remained widely used, they were often
combined with these more recent techniques to enhance model per-
formance. Additionally, data-driven approaches became increasingly
popular, incorporating tools such as clustering, optimization algorithms,
and probabilistic forecasting approaches. These innovations marked a
shift towards computational intelligence, addressing the rising chal-
lenges of modern power systems, and laying a foundation for future
advancements.

This section is divided into two subsections: key advancements and
breakthroughs. The key advancements subsection highlights method-
ological developments that have enhanced the performance of peak
demand forecasting models over time. The breakthroughs subsection
explores transformative innovations that have reshaped the field, intro-
ducing novel approaches and perspectives to address the complexities
of peak demand forecasting.

4.1. Key advancements

4.1.1. Evolution of statistical methods

During this transitioning stage, a variety of statistical models from
the pre-ML stage were enhanced to improve forecasting performance.
Regression models remained foundational in peak demand forecast-
ing, while significant advancements were made in stochastic time
series modeling techniques. Barakat et al. [99] modeled seasonal load
variations using Seasonal Autoregressive Integrated Moving Average
(SARIMA), effectively capturing seasonal patterns. However, SARIMA
presumes weak stationarity and linear dynamics, and its performance
can deteriorate under structural breaks such as tariff changes, non-
linear weather-load interactions, or abrupt regime changes. To mitigate
these limitations during this period, four extensions were explored: (i)
non-stationary state-space formulations with time-varying parameters
estimated via Kalman filtering [172]; (ii) ARIMA variants to capture
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volatility clustering [24]; (iii) decomposition-first pipelines (e.g., em-
pirical mode decomposition) to isolate non-stationary components prior
to residual modeling [94]; and (iv) SARIMAX and dynamic-regression
structures that incorporate exogenous drivers directly into the linear
framework [39,161,167].

Moreover, some complementary approaches, such as the Kalman fil-
tering and grey prediction, also emerged to address uncertainty and
data scarcity. Kalman filtering iteratively refines the forecasts through
a prediction-correction process, as demonstrated in hybrid learning
schemes for daily and weekly forecasts by Dash et al. [172]. Its main
strengths are online error correction and robustness to missing or noisy
measurements. The key limitations include sensitivity to mis-specified
process and measurement noise, reliance on assumptions that are of-
ten linear and Gaussian, and limited ability to capture long-horizon
trend shifts unless the state model is made explicitly time-varying.
Meanwhile, grey prediction utilizes limited historical data to identify
patterns and optimize models for peak demand forecasting. For example,
Ran and Chaoyun [182] employed grey correlation theory to analyze
the relationship between meteorological variables and the daily peak
load, which is particularly useful in scenarios with insufficient historical
data. Zhengyuan Yang et al. [57,183] both utilized hybrid grey mod-
els combined with ARIMA, improving accuracy for monthly and yearly
forecasts, where the grey prediction is effective in identifying trends
using minimal data, which complements the ability of ARIMA to man-
age non-stationary data. Grey prediction performs well in data-scarce
and smoothly evolving settings, but it is sensitive to background-value
choices and tends to degrade in volatile or regime-shifting systems.
When combined with ARIMA, it can recover short-run dynamics while
still retaining the advantages of small-sample performance.

4.1.2. Integration of ANNs

The emergence of ANNs, modeled after the structure and function-
ing of the human brain, marked a significant milestone in the evolution
of peak demand forecasting. First introduced in the early 1990s, these
models brought a new level of adaptability and capability to handle
complex, non-linear relationships in forecasting scenarios. ANNs con-
sist of interconnected artificial neurons organized in multiple layers to
facilitate information processing and communication. A typical ANN
architecture includes an input layer, one or more hidden layers, and
an output layer. Each neuron, except those in the input layer, receives
inputs from the previous layer through weighted connections. The ag-
gregated input is then processed by an activation function to produce
the output.

Studies from the early 1990s demonstrated the potential of ANNs
in STPDF. For instance, Saeed Madani [98] utilized hourly temperature
and load data from Seattle to develop an ANN model for forecasting daily
and hourly peak demand, achieving significant accuracy improvements
compared to traditional regression models. Hsu and Chen [50] utilized
an ANN model to predict annual peak demand in Taiwan, which demon-
strated the adaptability of the ANN model to non-linear dependencies in
regional energy demand.
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Fig. 7. Peak demand forecasting methods in the transitioning stage. The bar chart (left) shows the quantitative frequency of methods based on inclusive counting,
and the word cloud (right) provides an overview of the terminology used in the reviewed studies.
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Over the years, ANNs have evolved with the introduction of var-
ious architectures such as Multilayer Perceptrons (MLP), Radial Basis
Function Networks (RBFN), and Self-Organizing Maps (SOM). For in-
stance, MLPs have been applied using economic, demographic, and
weather variables to predict regional peak demand, showcasing their
adaptability in modeling diverse peak demand-related exogenous vari-
ables [50]. Moreover, RBFNs have been explored for computational
efficiency. Nagasaka and Al Mamun [126] utilized RBFNs to predict
daily peak demand for commercial buildings, demonstrating that RBFNs
require less training time while maintaining high forecasting accuracy.
In addition, SOMs have proven to be effective in clustering load pro-
files and isolating similar consumption patterns. For example, Hsu and
Yang [95] employed the SOM to classify load patterns into day types,
demonstrating their utility in identifying groups with similar hourly
load profiles for STPDF. The flexibility and adaptability of ANNs and
their variants make them well-suited to handle the variability in peak
demand patterns. These advantages have established ANNs as a funda-
mental ML method for enhancing the accuracy and reliability of peak
demand forecasting in evolving power systems.

Despite these advantages, ANN-based forecasting models face sev-
eral limitations. Overfitting is a recurrent risk, particularly under sparse
peak-event data, where models can memorise noise instead of captur-
ing generalisable patterns [50]. Local minima also hinder convergence,
especially in earlier training algorithms, although later optimization
methods such as predictive backpropagation [100] and quasi-Newton
schemes [26] have helped mitigate this challenge. Hyperparameter
choices further play a critical role in ANN-based forecasting models:
the number of hidden layers, neuron counts, and learning rates directly
affect accuracy and generalizability, while activation functions such as
sigmoid or ReLU determine the ability to model non-linear load-weather
interactions. Regularisation methods, including Bayesian regularisation
[110] and dropout, have proven essential for enhancing generalisation
and reducing overfitting. Another important issue is robustness. ANN
performance can deteriorate under changing data distributions, outliers,
or missing values, which are common in peak demand datasets. Some
studies have addressed this by applying rolling-origin validation [50],
incorporating noise-resistant activation functions, detecting and filtering
outliers before training [126], or using fuzzy pre-processing to handle in-
complete inputs [173]. Overall, ANNs have clear potential for modeling
variability in peak demand, but their performance in practice is strongly
affected by the way architectures are designed and by how robustness
is handled under noisy or incomplete data.

4.1.3. Introduction to fuzzy logic systems

During the transitioning stage, the incorporation of fuzzy logic sys-
tems into peak demand forecasting marked a significant advancement.
Traditional deterministic models assume that the exogenous variables,
such as temperature, have a fixed, predictable impact on electricity
demand. However, in real-world scenarios, load data often include un-
certainty and randomness, influenced by factors such as unexpected
weather changes, human behavior, or industrial activity. Deterministic
models struggle to capture these variations because they lack mecha-
nisms to incorporate randomness or adapt to unexpected events. In con-
trast, fuzzy logic systems offer a more adaptable approach by utilizing
linguistic variables and rule-based reasoning [210].

Early applications of fuzzy logic in peak demand forecasting fre-
quently involved combining it with neural networks to develop hybrid
models. For example, the fuzzy-neural network developed by [173]
demonstrated a two-stage approach for short-term forecasting of peak
and average loads. In the first stage, fuzzy rules were applied to pre-
process inputs such as temperature, rainfall, wind speed, and seasonal
variations, transforming these inputs into fuzzy linguistic variables.
These processed inputs were then fed into an ANN, which captured
the non-linear relationships between the fuzzy inputs and the forecasted
load. This hybrid model proved capable of handling diverse conditions,
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including weekends, holidays, and extreme weather scenarios, achiev-
ing impressive forecasting accuracy with an average daily error below
0.7 %. Later, Kiartzis et al. [162] introduced a fuzzy logic expert sys-
tem that further highlighted the adaptability of fuzzy logic. This system
utilized a set of rules derived from historical data and expert knowl-
edge to make predictions under uncertain conditions. By incorporating
domain-specific heuristics, the fuzzy logic expert system significantly
outperformed traditional statistical models in peak demand forecasting
tasks.

Overall, the fuzzy logic systems and their hybrid models that com-
bine with ANNs enhanced the adaptability and accuracy of peak demand
forecasting, particularly in environments where demand was influenced
by variable factors such as weather and operational changes. These mod-
els provided a powerful tool to manage dynamic energy demands by
effectively handling ambiguity and integrating both quantitative and
qualitative data, leading to more informed decision-making in power
systems. However, a key challenge in fuzzy logic systems lies in the
choice of membership functions and rule sets, which can be subjec-
tive and sensitive to the expertise of system designers. In peak demand
forecasting, triangular or Gaussian membership functions have been
commonly used, but studies show that performance varies with the
functional form, requiring empirical calibration against historical data
[162,173]. Rule-based reasoning also depends on the availability of
reliable heuristics; incomplete or poorly specified rules can lead to
inconsistent forecasts. Handling noisy or missing inputs is another limi-
tation, since weather or economic variables are not always recorded at
the needed resolution. Fuzzy systems partly address this by tolerating
imprecision in input values, and hybrid fuzzy ANN or fuzzy expert de-
signs have shown robustness when faced with incomplete information
[30,177]. However, there is a continual risk that inaccurate or overly
broad membership functions may decrease the accuracy of forecasts,
emphasizing the importance of systematic validation.

4.1.4. Hybrid modeling approaches

During the transition stage, hybrid modeling approaches emerged
as a response to the evolving complexity of power systems. On the
one hand, the focus on hybrid statistical techniques is still popular,
such as stochastic time series, regression, and decomposition meth-
ods. Table 11 provides a quantitative comparison of hybrid models
with their baselines during the transition stage. It indicates that the
statistical hybrids for peak demand forecasting generally delivered in-
cremental improvements. These combinations aimed to enhance the
accuracy and robustness of forecasts by leveraging the complementary
strengths of statistical methods to handle seasonality, trends, and irreg-
ularities in demand data. For instance, Haida and Muto [49] utilized
regression-based forecasting with transformations to capture non-linear
relationships and seasonal fluctuations, particularly during transitional
periods. Moreover, exponential smoothing has been commonly utilized
to combine with stochastic time series [176] or decomposition methods
[24], stabilising short-term fluctuations and improving the forecasting
of volatile demand patterns. These statistical combinations formed the
foundation of hybrid approaches, addressing many limitations of stan-
dalone statistical models but remaining constrained in their ability to
manage non-linearity and uncertainty.

On the other hand, a notable trend in the transitioning stage is
the combination of traditional statistical methods with emerging ML
approaches. These combinations were aimed at overcoming the static
assumptions of statistical methods and enhancing the adaptability of
the forecasting models to non-linear and uncertain peak demand pat-
terns. As shown in Table 11, these mixed hybrids proved considerably
more effective. By incorporating ANN, expert systems, fuzzy logic, and
grey prediction into time-series models, studies consistently reported
stronger results than either statistical or ML baselines. Regression mod-
els were often integrated with ML techniques like fuzzy logic [30,1771,
expert systems [179], and time series decomposition [169,170], allow-
ing for improved handling of uncertainty and non-linear patterns while
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Table 11
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Comparison of hybrid models with baseline models in the reviewed peak demand forecasting studies in the transitioning stage.

Study Hybrid model Baselines Hybrid vs baseline MAPE (Improvement)
Hor et al. [24] Stochastic TS + Decomposition ARIMA 2.16 % vs 3—-4 % (130-46 %)

Nazarko and Zalewski [177] Regression + Fuzzy Logic Regression 2.5-3.0 % vs 4-5 % (140-50 %)

netal. [30] Regression + Fuzzy Logic Regression 0.44 % vs 0.84 % (148 %)

Kandil et al. [179] Regression + Expert System Regression; 2.6 % vs 4-5 % (140-48 %) [Regression]

Haida and Muto [169] Regression + Decomposition

Haida et al. [170]
Choi et al. [47]

Regression + Decomposition
Stochastic TS + ANN

Fadhilah et al. [161]
Zhengyuan [183] Stochastic TS + Grey Prediction
Amjady [39] Stochastic TS + Expert System

Ran and Chaoyun [182] Wavelet Denoising + SVM

Stochastic TS + Regression + Fuzzy Logic (ANFIS)

Dongxiao et al. [25]
Gavrilas et al. [181]

Stochastic TS + Decomposition
ANN + Genetic Algorithm

Amin-Naseri and Soroush [27] SOM + ANN

Wang [28] Expert System + SOM + Fuzzy Logic

Box-Jenkins

3.4 % vs 6 % (143 %) [Box-Jenkins]

Regression Annual: 1.50 % vs 1.76 % (|15 %)
Spring/Fall: 1.43-1.68 % vs 1.93-2.16 % (120-30 %)
Regression 1.29 % vs 2-3 % (}36-57 %)
Holt-Winters; 1.3-1.5 % vs 15-100 % (1>90 %)
SARIMA

AR(2); RegARMA

GM(1,1); ARIMA

1.47 % vs 1.27-3.45 % (10-57 %) [AR(2)]
1.47 % vs 1.9-2.0 % (123 %) [RegARMA]
2.20 % vs 2.66 % (117 %) [GM(1,1)]

2.20 % vs 4.72 % (153 %) [ARIMA]

ARIMA; ANN 1.15-1.48 % vs 1.9-2.4 % (|22-40 %) [ARIMA]
1.15-1.48 % vs 1.2-1.5 % (|0-20 %) [ANN]

SVM 2.6 % vs 3.5 % (126 %)

ARIMA 2.0 % vs 2.5 % (120 %)

ANN 11 % vs 10 % (19 %)

ANN; Regression

ANN

1.83 % vs 2.02 % (19 %) [ANN]
1.83 % vs 2.25-2.54 % (119-28 %) [Regression]
0.05 % vs 2-3 % (197-98 %)

Note: Metrics as reported in the original studies. Average absolute error (%) and average error (%) are equivalent to MAPE.

maintaining the interpretability of the peak demand forecasting models.
Stochastic time series models were paired with ML approaches such as
ANN [47], fuzzy logic [161], grey prediction [183], and expert systems
[39], effectively managing time-dependent variations and benefiting
from the pattern-recognition capabilities of the ML. Time series decom-
position emerged as a common bridge, separating demand data into
components such as trends and seasonality before applying ML meth-
ods like support vector machines [182] and ANN [25] to enhance the
model performance. For example, Ghomi et al. [109] employed Fourier
transformations to extract seasonal components, which were then fed
into neural networks for STPDF, effectively capturing complex seasonal
variations in the peak demand data. Decomposition proved especially
useful in this period as it improved performance by allowing models to
better capture seasonality and filter out noise. This highlighted the im-
portance of preprocessing in the peak demand forecasting framework,
and demonstrated the complementary roles of the two methods, where
statistical approaches offered structure and clarity, and ML introduced
flexibility and enhanced pattern recognition.

Moreover, there was a growing trend in developing advanced hy-
brid models that combined multiple ML techniques to further enhance
performance. For instance, Gavrilas et al. [181] integrated ANN with
genetic algorithms to optimize model parameters, while Amin-Naseri
and Soroush [27] combined ANN with SOM to improve clustering and
pattern recognition in peak demand data. Additionally, hybrid mod-
els incorporating fuzzy logic with genetic algorithms [163] or expert
systems with SOM and fuzzy logic [28] demonstrated the potential of
combining diverse ML methods to tackle the complexities of evolving
power systems. The quantitative comparison in Table 11 also shows
that the benefits of ML hybrids varied. Optimization-based hybrids pro-
duced only marginal improvements, while hybrids using clustering or
fuzzy reasoning delivered the most substantial accuracy improvements.
This suggests that hybrids added the most value when they introduced
new ways of representing or structuring load patterns, rather than only
tuning model parameters.

4.2. Breakthroughs

4.2.1. Feature engineering and selection
As power systems evolve, peak demand forecasting requires well-
designed approaches to select and structure model inputs, effectively
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addressing the challenges of increasingly variable and extreme energy
demand patterns. Unlike general forecasting methods, which often
prioritize average trends under stable conditions, peak demand fore-
casting models focus on identifying and highlighting the key variables
responsible for sudden and significant fluctuations in electricity con-
sumption. This emphasis on targeted variables highlights the importance
of feature engineering, which refines input data to improve model ac-
curacy. Moreover, during the transition period, weather-related factors
remain important for forecasting, but the changing energy landscape
also requires incorporating a wider range of socio-economic variables.

Techniques such as Principal Component Analysis (PCA) have sig-
nificantly enhanced the feature engineering process by identifying and
emphasizing the most critical variables influencing peak loads, while
effectively reducing noise and minimizing the impact of less relevant
factors. For instance, Saini and Soni [26] employed PCA to preprocess
weather and load-related variables, effectively minimizing redundancy
in the dataset. This approach distilled 11 principal factors from an
initial set of 28 variables, achieving a 96 % reduction in data di-
mensionality. The refined dataset not only facilitated more efficient
neural network training but also improved interpretability by high-
lighting the weather variables most strongly associated with daily
peak loads. Later, Amin-Naseri and Soroush [27] utilized PCA for di-
mensionality reduction in a feedforward neural network framework,
enabling the model to concentrate on the most relevant variables.
While PCA is effective for linear dimensionality reduction, it may not
fully capture non-linear relationships in high-dimensional load data.
Alternative techniques, such as r-distributed stochastic neighbor em-
bedding, autoencoders, and Isomap, have been explored in related
domains for their ability to preserve complex local structures or un-
cover latent representations. Future comparative studies could further
evaluate the trade-offs among these approaches in terms of inter-
pretability, robustness, and forecasting performance in peak demand
applications.

With the transition of power systems towards accommodating in-
creased economic activities and urban development, capturing a broader
range of variables became essential during this stage. For example,
Belzer and Kellogg [46] demonstrated the importance of integrating
economic indicators such as GDP growth, which indirectly influence
peak loads through changes in industrial and commercial energy use.
Similarly, Saini and Soni [26] included economic factors to reflect
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the broader socio-economic context affecting electricity consumption
patterns. Moreover, as energy markets became more competitive and
tariff structures more complex, understanding the interplay between
pricing mechanisms and consumer behavior became vital for accurate
peak demand forecasting. Lee et al. [163] emphasized the role of elec-
tricity tariff structures in shaping peak demand, integrating tariff-related
variables to better model the impact of economic policies on energy con-
sumption patterns. Addressing the challenges posed by high-dimensional
input spaces has become especially important as forecasting models
incorporate growing numbers of features related to socio-economic, be-
havioral, and meteorological variables. Feature engineering techniques
such as PCA, combined with targeted selection strategies, mitigate this
issue by reducing noise and collinearity. Further, sparse representation
techniques, such as Lasso-based selection, may support model general-
ization by enforcing parsimony, especially in high-dimensional settings.
Manifold learning methods, including locally linear embedding, also
offer potential to uncover intrinsic low-dimensional structures in com-
plex load data, although their integration into operational forecasting
remains limited.

4.2.2. Advancements in optimization algorithms

The integration of advanced optimization techniques with traditional
and ML-driven peak demand forecasting methods has enabled models
during the transition stage to be more accurate and robust.

One notable advancement is the application of evolutionary algo-
rithms such as Genetic Algorithms (GA). For instance, Kato et al. [136]
introduced a GA-based model, which utilized tree structures and the
minimum description length principle to effectively model daily peak
loads. This approach adeptly captured fluctuations in weather condi-
tions and daily load patterns, resulting in notable improvements in
the accuracy of forecasts. Gavrilas et al. [181] further combined ANN
with genetic programming for peak demand forecasting in distribution
systems. This hybrid approach used symbolic regression and correla-
tion filtering to generate analytical expressions, matching the predictive
accuracy of neural networks while improving interpretability and struc-
tural flexibility. GA became the optimiser of choice in peak demand
forecasting because it handles mixed-variable optimization problems ef-
fectively, such as tuning ANN weights or fuzzy membership functions.
Its global search ability makes it less prone to local minima, which is
valuable in complex hybrid models. Fuzzy-GA hybrids provide a clear
example of this trend. Lee et al. [163] demonstrated how GA can au-
tomate the tuning of fuzzy membership functions and rule weights,
reducing the subjectivity of fuzzy design and adapting the system to
changing peak demand conditions. This integration improved accuracy
in uncertain scenarios but introduced added computational cost and
reduced transparency, since both the fuzzy rule base and the optimiza-
tion layer obscure interpretability. As such, fuzzy—GA hybrids highlight
the trade-off between predictive power and explainability, a recurring
theme in operational forecasting applications.

Although GA dominates the reviewed studies, this reflects both its
early adoption and its suitability for mixed-variable optimization rather
than inherent superiority. Other metaheuristics, such as particle swarm
optimization and ant colony optimization, have been reported in re-
lated energy forecasting tasks [211-213], where they offered faster
convergence or required fewer parameters to tune. Subsequent research
could benefit from examining these options to enhance computational
efficiency or robustness in peak demand forecasting.

Optimization techniques have also been important in training com-
plex neural network architectures. Morioka et al. [100] introduced pre-
dictive backpropagation for next-day peak load forecasting, effectively
handling dynamic time series data through incremental learning. Saini
and Soni [26] employed Levenberg-Marquardt and quasi-Newton meth-
ods to accelerate convergence and improve accuracy, while Saini [110]
utilized Bayesian regularization to mitigate overfitting and enhance
generalization. Moreover, structural advancements such as hierarchical
and cascaded neural networks complement these optimization trends.
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Carpinteiro et al. [180] proposed a hybrid hierarchical model combining
self-organizing maps and single-layer perceptrons for improved LTPDF.
Broadwater and Sargent [70] designed cascaded neural networks that
leverage multi-layered outputs, reducing errors in short-term forecasts.

Robust regression techniques and least squares methods have also
been employed to enhance the resilience of forecasting models against
outliers and anomalies in load data. Haida et al. [170] introduced non-
iterative least absolute value estimation for LTPDF, effectively rejecting
outliers and ensuring more stable and accurate annual peak load pre-
dictions even in the presence of anomalous data points. Moreover, Jin
et al. [30] combined robust regression with fuzzy clustering to man-
age outliers and classify solar terms in daily peak load data, enhancing
the model ability to handle extreme weather conditions and irregu-
lar load patterns. In the studies we reviewed, robust regression most
often appeared in the form of least-absolute-value or quantile mod-
els. This has been a pragmatic choice for peak-load applications, as
it accommodates asymmetric and heavy-tailed errors that arise during
heatwaves or demand-side management events, and it can be imple-
mented through linear-programming routines with stable run times.
Huber-type M-estimators [214] can also be considered in peak demand
forecasting, particularly for rolling feeder operations where anomalies
are mild but frequent, although they are less commonly reported in the
peak-demand literature because their down-weighting mechanism is less
effective for extreme tails. The choice of robust regression therefore de-
pends both on the error profile, whether dominated by tail risk or by
mild contamination, and on the required update cadence, distinguishing
between periodic planning and frequent online updates.

Support Vector Machine (SVM) and kernel-based optimization meth-
ods have also been explored for their capacity to handle non-linear
relationships and high-dimensional data in peak demand forecasting.
Wang et al. [141] applied least squares SVM for STPDF, leveraging
SVM to model complex dependencies and achieve precise predictions
even during special periods with extreme load consumption patterns.
El-Attar et al. [142] combined Support Vector Regression (SVR) with a
local prediction framework and correlation dimension-based time series
reconstruction, effectively denoising load data using wavelet trans-
formations and capturing intricate temporal dependencies for highly
accurate peak demand forecasting.

4.2.3. Probabilistic forecasting approaches

Probabilistic forecasting approaches have gained substantial traction
in peak demand forecasting due to their ability to quantify uncertainty
and provide a range of possible peak demand forecasts. These methods
are particularly valuable for risk management, capacity planning, and
decision-making in increasingly complex and variable power systems.

Extreme Value Theory has played a key role in modeling the
statistical behavior of extreme load events, which are essential for
LTPDF. Belzer and Kellogg [46] incorporated Monte Carlo simulation
with extreme value distribution to forecast long-term peak demand.
Probabilistic models have also been developed to provide compre-
hensive forecasts that cover various sources of uncertainty in peak
demand. Hor et al. [24] combined ARIMA with generalized autore-
gressive conditional heteroskedasticity models to conduct LTPDF. This
hybrid approach enabled risk-based quantile estimation for load volatil-
ity, providing probabilistic forecasts that captured the variability and
potential extremes in peak load values. Moreover, Mcsharry et al.
[61] utilized stochastic time series models combined with probabilistic
forecasting techniques to simulate weather variables and predict peak
load magnitudes and timings, generating a range of possible peak de-
mand outcomes that aid in assessing system reliability and formulating
contingency plans.

While Bayesian networks offer a robust framework for probabilistic
forecasting by modeling dependencies among various influencing fac-
tors, their application in peak demand forecasting was limited during
the transitioning stage. The foundational principles of Bayesian net-
works were explored towards the end of this period, setting the stage
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for their broader adoption in subsequent years. Saini [110] introduced
Bayesian regularization in ANN to incorporate uncertainty in peak de-
mand forecasting. By leveraging Bayesian principles, the model was able
to better handle parameter uncertainty and provide more reliable proba-
bilistic forecasts, laying the groundwork for more efficient probabilistic
modeling techniques in future research. Moreover, density forecasting
techniques have further advanced probabilistic forecasting by provid-
ing comprehensive probabilistic insights into peak demand. Hyndman
and Fan [79] utilized semi-parametric additive models combined with
simulation techniques to forecast the density distribution of the long-
term peak demand, incorporating temperature simulations and residual
bootstrapping to provide detailed insights into the fluctuations of peak
demand.

In addition to Bayesian networks, other advanced probabilistic meth-
ods such as Bayesian neural networks and Gaussian processes began
to receive attention during this period for their capacity to represent
parameter uncertainty and non-linear relationships. Bayesian neural
networks incorporate prior distributions over weights and produce pre-
dictive distributions rather than point estimates, which are particularly
valuable when data are sparse or noisy, a common situation in peak
demand scenarios [110]. Gaussian processes, on the other hand, offer
closed-form posterior distributions and uncertainty bands, making them
highly interpretable and suitable for long-term planning. However, these
methods also posed practical challenges, including high computational
costs and difficulties with scaling to high-dimensional inputs, which
constrained their widespread use during the transition stage.

5. Contemporary trends: ML-driven peak demand forecasting

The emergence of ML techniques has revolutionized peak demand
forecasting, marking a new era characterized by the ability to model
complex patterns and interactions within energy consumption data. A
key enabler of this transformation is the availability of large, high-
resolution datasets generated by the smart meters, which provide
granular insights essential for accurate modeling and real-time decision-
making [215]. In the ML stage, peak demand forecasting models
leverage these datasets, enhanced computational power, and robust al-
gorithms to achieve better forecasting performance. As illustrated in
Fig. 8, it is also worth noting that some statistical methods, such as
regression and stochastic time series models, remain popular in this
era. They are especially useful when samples are short or when strong
seasonal and calendar structures dominate. These models yield clear co-
efficients, often serving as the structural core in hybrid systems. For
example, decomposition or state-space blocks address trend and season-
ality, whereas a non-linear learner models the residual [21,202]. The
non-linear component is typically modeled by ML. From a theoretical
perspective, ML algorithms enhance forecasting accuracy by capturing
non-linear relationships and variable interactions that classical models
cannot easily represent. Neural networks approximate arbitrary non-
linear functions through layered compositions of activation functions,
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with mechanisms such as dropout and weight regularisation prevent-
ing overfitting and improving generalisation [216,217]. Kernel-based
methods like SVM/SVR project input data into high-dimensional fea-
ture spaces, making non-linear interactions linearly separable [218].
Ensemble methods reduce variance and bias by combining diverse
learners, thereby stabilising forecasts across heterogeneous demand
conditions [219,220]. These approaches effectively capture intricate
dependencies within increasingly diverse and complex data sources, in-
cluding those from renewable energy, active DSM, and decentralized
generation. Methods in this era also emphasize probabilistic and ex-
plainable Artificial Intelligence (AI) models that address uncertainty
and interpretability. Moreover, advanced feature engineering and trans-
formation techniques have also enhanced the ML-driven peak demand
forecasting to optimize the input representation for ML models.

Based on the above observations, it is evident that ML-driven meth-
ods have emerged as an increasingly important approach for modern
peak demand forecasting. The growing availability of high-resolution
datasets and advancements in computational power have further ex-
panded the opportunities for leveraging these methods in this domain.
To provide a comprehensive understanding of the evolution and signif-
icance of ML-driven methods in peak demand forecasting, this section
offers an in-depth exploration of the most commonly used ML techniques
in the field, highlighting their technical intricacies, applications across
various contexts, and an assessment of their performance. By explor-
ing the application contexts and evaluating these methods, this section
aims to shed light on their transformative potential and provide insights
into their contributions to overcoming the challenges of peak demand
forecasting in modern power systems.

5.1. Techniques and models

5.1.1. Deep learning architectures

As a subset of ML, Deep Learning (DL) architectures leverage deep
neural networks to automatically extract and represent complex, high-
dimensional patterns. These architectures have significantly advanced
peak demand forecasting by effectively modeling the intricate temporal
and spatial dependencies inherent in electrical load data. By utilizing
multiple layers of processing, DL architectures capture complex patterns
and interactions, thereby improving the performance of peak demand
forecasting models across diverse applications and contexts. As summa-
rized earlier in Table 7, which benchmarks forecasting methods across
stages, DL models generally achieve lower forecasting errors (0.5-5.7 %)
than classical statistical approaches such as ARIMA or SARIMA (typically
3-10 %). Based on the reviewed studies, key DL architectures employed
in peak demand forecasting are RNNs, CNNs, and hybrid models that
integrate multiple DL techniques.

RNNs are particularly well-suited for sequential data processing,
making them a powerful tool for peak demand forecasting. While tradi-
tional RNNs are good at capturing short-term dependencies, they face
challenges with long-term dependencies due to vanishing gradients.
Advanced variants such as LSTMs and GRUs address these limitations
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by introducing mechanisms that enhance memory retention and se-
lective information flow. LSTMs, with their memory cells and gating
mechanisms (input, forget, and output gates), are adept at modeling
long-term dependencies and sudden spikes in load data. These attributes
make LSTMs invaluable for forecasting peak demand events character-
ized by abrupt changes. For instance, Mughees et al. [155] demonstrated
the efficacy of a deep sequence-to-sequence bidirectional LSTM model
for day-ahead peak demand forecasting, which utilized bidirectional
processing of input sequences to capture comprehensive temporal pat-
terns. GRUs, a streamlined alternative to LSTMs, reduce computational
complexity by employing fewer parameters while maintaining compa-
rable performance. Yu et al. [38] proposed a GRU model combined with
Dynamic Time Warping (DTW) to enhance daily peak demand fore-
casting, achieving improved pattern recognition and reduced prediction
errors. Across the reviewed studies, LSTM and GRU architectures were
often trained using rolling-origin validation and tuned with respect to
forecast horizon, enabling them to generalise under shifting load condi-
tions. Compared to traditional RNNs, LSTM/GRU variants consistently
improved robustness against noise, missing values, and distributional
drift, particularly when combined with pre-processing or hybrid feature
extraction.

CNNs are good at identifying patterns and extracting spatial fea-
tures from multidimensional data, such as load curves. Their hierarchical
learning capability enables the detection of detailed load patterns that
may indicate or coincide with peak demand events. CNNs are partic-
ularly effective in scenarios requiring the decomposition and analysis
of load data. For example, Liu and Brown [60] applied CNN models
for predicting the timing of coincident daily peak loads, leveraging
wavelet decomposition to enhance the extraction of temporal patterns
and achieve greater forecast precision.

In peak demand forecasting, CNNs may fail to capture long-range
temporal structures, while RNNs are prone to vanishing gradients.
Hybrid CNN-LSTM architectures and dilated temporal convolutions
have been proposed to address these limitations, as they combine local
pattern extraction with extended receptive fields. In addition, residual
and skip connections have been shown to improve stability during train-
ing. Zhang et al. [164] proposed a CNN-LSTM hybrid model with an
encoder-decoder structure for LTPDF, demonstrating the synergy be-
tween CNN-based feature extraction and LSTM-based temporal learning.
On the other hand, Liu and Brown [56] investigated the application of
CNN and LSTM models to predict the occurrence time of daily peak
loads. Their research revealed that LSTMs demonstrate proficiency in
capturing temporal relationships, whereas CNNs are adept at feature
extraction from historical datasets.

Recent advancements include models that incorporate even more
complex architectures. Deng et al. [148] introduced CNN-Transformer
hybrid models, which enhance adaptability to extreme weather condi-
tions by integrating weather-dependent factors into load predictions.
Additionally, He et al. [63] employed Conditional Invertible Neural
Networks (cINN) in conjunction with LSTM variants to include uncer-
tainty quantification, offering a probabilistic approach to peak demand
forecasting.

5.1.2. Ensemble learning techniques

In the modern power systems, ensemble learning has emerged as a
robust approach to enhance the accuracy and reliability of peak de-
mand forecasting by training multiple learners and aggregating their
predictions. The aggregation is achieved through strategies such as av-
eraging, voting, and stacking [221], which exploit the complementary
strengths of individual models. Ensemble methods can be broadly clas-
sified based on their generation process into sequential approaches and
parallel approaches.

Boosting, a sequential ensemble method, focuses on iteratively cor-
recting the errors of earlier models by giving greater weight to instances
that were previously misclassified. This process continues until a pre-
defined number of learners is generated or the learning criteria are
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met. Boosting algorithms, such as Adaptive Boosting (AdaBoost) and
Gradient Boosting (GB), have proven particularly effective in address-
ing the complex dynamics of peak energy demand. Ahmad and Chen
[222] highlighted the advantages of AdaBoost in forecasting load pro-
files across different time horizons, ranging from one month to one year.
This study demonstrated that AdaBoost could effectively capture sea-
sonal variations and dynamic load patterns, outperforming traditional
ML models. Moreover, Zhang et al. [223] demonstrated the utility of GB
in STPDF for Southern California. Their findings revealed the importance
of the integration of renewable energy, identifying solar capacity as a
key driver of peak demand. Further, Lu et al. [224] combined Extreme
Gradient Boosting (XGBoost), an advanced variant of GB, with empiri-
cal mode decomposition techniques to predict daily peak load, achieving
notable reductions in forecast errors. In practice, boosting frameworks
typically rely on small learning rates for stability, with tree depth tuned
to balance bias and variance. Subsampling of rows or features helps re-
duce correlation among learners, while early stopping is often applied
to prevent overfitting. Although boosting excels at capturing complex
interactions and handling imbalanced peak events, it can be sensitive to
mislabeled outliers and distributional drift, requiring careful calibration
and regularization [20,225].

Bagging, a parallel ensemble method, builds multiple learners on
different bootstrap samples of the training dataset and combines their
predictions to reduce variance and improve robustness. For regression
tasks, bagging typically employs averaging or median aggregation to fi-
nalize predictions. Erick Meira and Fernando Luiz [226] utilized bagging
to forecast the monthly load demand in countries at varying stages of
development. Their innovative combination of bagging with exponen-
tial smoothing and SARIMA showcased the flexibility and effectiveness
of the proposed methods in different contexts. Furthermore, their intro-
duction of the remainder sieve bootstrap as a variant of bagging further
improved forecast accuracy, yielding superior performance across di-
verse power systems. Bagging approaches can struggle when features are
strongly correlated and sometimes underfit sharp extremes [148,150].
These limitations motivate refinements such as random forest, which
extends bagging with random feature selection.

Random forest generates multiple bootstrap samples, constructs a de-
cision tree for each, and uses voting for classification or averaging for
regression tasks [221]. As the number of trees increases, random forest
typically achieves lower generalization error and greater training effi-
ciency compared to bagging. In practice, random forests are commonly
configured with a few hundred trees, which provide a good balance
between variance reduction and computational cost. To prevent over-
fitting, tree depth is usually kept shallow and minimum leaf sizes are
enforced, while group-wise subsampling or principal component analy-
sis can be used to decorrelate features and further stabilize predictions.
Fan et al. [147] utilized random forest for peak demand forecasting,
assigning weights via genetic algorithms and identifying random forest
as a key contributor to improving the forecast accuracy. Furthermore,
Wang et al. [227] applied random forest to predict hourly load pat-
terns in educational buildings, outperforming regression trees and SVM,
while highlighting the varying importance of features across differ-
ent semesters. Furthermore, Berrisch et al. [9] developed an ensemble
method integrating random forest with generalized additive models and
deep neural networks, resulting in more robust peak demand forecasting
models.

5.1.3. Probabilistic and explainable AI models

In the ML-driven peak demand forecasting stage, advancements in
probabilistic and explainable AI models have significantly influenced
peak demand forecasting by addressing the inherent uncertainties and
improving interpretability in power systems. During the transitioning
stage, early advancements in probabilistic methods laid the ground-
work for contemporary approaches. Building upon these foundations,
these methods have evolved from traditional probabilistic techniques
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to enhanced hybrid and Al-driven approaches, providing enhanced
reliability and decision-making support.

The utilization of probabilistic forecasting became more popular
in the 2010s and beyond, as computational resources and data avail-
ability improved. For instance, Atsawathawichok et al. [139] utilized
Gaussian processes with multiple kernel designs to forecast long-term
peak demand, optimizing feature-based kernels to enhance the forecast-
ing accuracy. Moreover, Shabbir et al. [138] employed Bayesian additive
regression trees and conditional kernel Gaussian process regression
in conjunction with SVR to model contingency parameters, providing
probabilistic forecasts that integrate socio-economic and environmen-
tal uncertainties. Compared with Gaussian processes, which encode
smoothness and periodic structure via kernels and provide analytically
calibrated intervals on small-to-medium datasets, and Bayesian additive
regression trees that capture regime changes and interaction effects in
mixed weather-calendar-economic inputs, we observe complementary
strengths and failure modes. Gaussian processes may under-represent
tail risk unless non-Gaussian likelihoods or non-stationary/heteroscedas-
tic kernels are used, and their cubic scaling constrains large feeder-level
deployments [138,139]. By contrast, Bayesian additive regression trees
are robust to non-stationarity and categorical drivers but can be conser-
vative near extremes and extrapolate poorly beyond the training support
[138,201]. Across the reviewed studies, Gaussian processes tended to
achieve lower distributional scores (e.g., CRPS) when relationships were
smooth and covariates were dense and high-quality, whereas Bayesian
additive regression trees performed better under structural breaks (pol-
icy or tariff shifts) and heterogeneous feeders dominated by interactions
[62,139,201]. These complementary properties motivate combining ker-
nelized baselines with tree-based Bayesian learners for stress-testing
peak scenarios [138,201].

Quantile Regression Neural Networks (QRNN) have also gained
prominence for their ability to estimate conditional quantiles, thereby
offering a comprehensive probabilistic view of peak load variations.
He et al. [64] demonstrated the efficacy of a hybrid model combining
noise-assisted multivariate empirical mode decomposition with QRNN
to produce probability density forecasts. This approach effectively de-
composes high-frequency noise, leading to more accurate peak demand
forecasts. cINNs represent another advancement in probabilistic fore-
casting. Heidrich et al. [125] introduced cINN for MTPDF, leveraging
feature generation and statistical inputs to quantify uncertainty in both
peak values and their timing. By providing a probability distribution
instead of a single predicted value, this approach enhances risk man-
agement and informs capacity planning, offering a more comprehensive
framework for decision-making.

In recent years, there has been a growing emphasis on not only
improving performance but also ensuring the interpretability of ad-
vanced ML-driven models. Explainable AI techniques aim to demystify
the decision-making processes of these models, enhancing trust and fa-
cilitating informed decision-making. Jang et al. [121] integrated deep
neural networks with SHAP (SHapley Additive exPlanations) to explore
feature importance in daily peak demand forecasting. This combination
improved model transparency, offering stakeholders clearer insights into
the factors influencing peak demand forecasting. Hybrid models that in-
tegrate probabilistic methods with explainable Al greatly benefit from
the combined strengths of both approaches. Soman et al. [154] intro-
duced a hybrid model integrating cINN with traditional neural networks
to generate probabilistic forecasts while maintaining interpretability for
peak demand forecasting. Moreover, Fu et al. [150] employed an ensem-
ble ML approach combining random forest, gradient boosting machine,
and logistic regression to predict the probabilities of peak day and peak
hour. The proposed method incorporated data augmentation and feature
engineering to provide probabilistic forecasts with clear explanations
of influential factors. A practical gap remains between distributional
forecasts and common explanation tools. Point-based attributions such
as SHAP applied to expected predictions can hide how feature influ-
ence differs across quantiles, which is often where operators are most
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concerned with tail risk [121]. Explanations of probabilistic models also
inherit Monte Carlo variability from posterior sampling, which raises
questions about reproducibility, and the computational burden is con-
siderable for Gaussian processes and Bayesian additive regression trees
at the feeder scale. To address these challenges, the literature describes
several practices. One is to report quantile-aware attributions so that fea-
ture effects are accompanied by credible intervals, and another is to pair
global importance measures with calibration diagnostics such as PICP
or CRPS, ensuring that explanations reflect the quality of uncertainty
estimates [61,62,64]. Stability can be improved by fixing seeds and re-
porting the explanation variance across posterior draws. Explanations
are also more relevant when they are aligned with operational loss func-
tions, for instance, by weighting contributions according to the cost of
missed peaks [66,150].

5.1.4. Advanced feature engineering and transformation

Advanced feature engineering has become increasingly important in
ML-driven peak demand forecasting, leveraging a variety of techniques
to extract, select, and transform relevant features from diverse data
sources. These advanced methods improve the efficiency of forecasting
models by effectively capturing and leveraging underlying patterns and
dependencies within the data.

Mutual Information (MI) is a non-parametric method used to mea-
sure the dependency between variables, making it a powerful tool for
feature selection in peak demand forecasting. For instance, Abera and
Khedkar [228] employed CLARA (Clustering Large Applications) com-
bined with MI to cluster appliance use patterns. This approach enabled
the extraction of significant features related to appliance consumption
and household demographics from smart meter data, thereby improv-
ing the forecasting accuracy. Moreover, Haq et al. [204] utilized MI
for input selection in their hybrid model combining SVM, ANN, and
K-Medoids. By identifying the most relevant features, the model could
focus on the essential variables influencing peak demand, such as house-
hold demographics and appliance usage. Despite its utility, MI can be
sensitive to dataset size and dimensionality, particularly in the presence
of sparse or noisy data. To mitigate these limitations, studies in other
domains have explored the use of conditional mutual information and
kernel-based estimators that are better suited to small-sample scenar-
ios. Additionally, variance-based and entropy-based filtering techniques
have been employed as preprocessing steps to enhance the stability of MI
computations [229,230]. Future peak demand forecasting models may
benefit from incorporating these strategies to improve feature selection
robustness under challenging data conditions.

Recursive Feature Elimination (RFE) is another advanced technique
for feature selection that iteratively removes the least important fea-
tures based on model performance. Yang [83] integrated RFE with
prediction models to enhance the accuracy of next-day building energy
consumption and peak demand forecasts. By systematically eliminat-
ing irrelevant or redundant features, the model retained only those
variables that significantly contributed to the task, thereby reduc-
ing overfitting and improving generalization of the forecasting model.
While RFE provides a robust framework for static feature selection, few
studies have examined whether the features it removes are genuinely
irrelevant. In addition, more advanced techniques are needed to ad-
dress the complexities of time series and multi-variable datasets. One
promising approach is to integrate RFE with L1 (Lasso) or L2 (Ridge)
regularization within the underlying model to penalize overly complex
solutions, helping ensure that retained features are both informative and
generalizable [231].

DTW and Grey Relation Analysis (GRA) extend the concept of fea-
ture selection by focusing on specific characteristics of the data. DTW
aligns time series data by measuring similarity between sequences, even
if they are temporally misaligned, ensuring relevant patterns are iden-
tified for forecasting. Yu et al. [38] implemented DTW to analyze load
pattern similarity before applying GRU-based models, ensuring that only
the most relevant temporal features were used for forecasting daily
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peak loads. While DTW is ideal for handling temporal dependencies,
additional techniques are required to manage diverse datasets with
mixed variable types. For instance, DTW alone may struggle to capture
multiple seasonalities and underlying trends in complex time series. To
address these limitations, it can be integrated with seasonal-trend de-
composition techniques or combined with multiscale decomposition to
enhance temporal alignment and trend extraction prior to DTW-based
matching [232]. GRA complements these methods by evaluating the cor-
relation between variables and the target, ranking features to retain only
those with the most significant influence on predictions. Guo et al. [202]
incorporated GRA for variable selection in their hybrid model combin-
ing Fbprophet and adaptive Kalman filtering, effectively identifying the
most influential weather and industrial production factors that affect
monthly peak demand.

Moreover, advanced decomposition methods, such as empirical
mode decomposition and its variations, have been extensively utilized
to enhance feature extraction. Huang et al. [190] used multivariate
empirical mode decomposition combined with particle swarm opti-
mization and SVR to extract features from load time series, thereby
improving the day-ahead peak demand forecasting. Further, Zhang et
al. [21] applied ICEEMDAN (Improved Complete Ensemble Empirical
Mode Decomposition with Adaptive Noise) in conjunction with LSTM to
decompose the net load series, facilitating more accurate short-term net
load forecasting by isolating intrinsic mode functions relevant to peak
and valley predictions. However, mode mixing and sensitivity to noise
remain significant challenges in empirical mode decomposition-based
methods. Alternative approaches, such as variational mode decompo-
sition or filter bank methods that offer greater control over frequency
bandwidths and decomposition resolution, have remained largely un-
explored in peak demand forecasting [233]. Future research should
examine the potential of these methods to enhance feature extraction
and improve forecasting performance.

Wavelet decomposition has been effectively applied in several ML-
driven peak demand forecasting studies to capture both high and
low-frequency patterns in load data. For example, Abdellah and Djamel
[113] combined wavelet decomposition with ANN and genetic opti-
mization to forecast daily peak demand. The decomposition allowed
the model to reconstruct frequency components accurately, enhancing
its ability to predict peak demand under varying conditions. Similarly,
Panapakidis et al. [51] utilized the wavelet transform in combination
with SVR to decompose the load series, enabling more precise day-ahead
peak demand forecasting in the Greek power system. While wavelet
decomposition is effective for extracting multi-scale features from non-
stationary load time series, its performance is highly sensitive to the
choice of wavelet basis and decomposition level. These choices can sig-
nificantly influence the quality of the reconstruction and the consistency
of the extracted features. Further research is needed to develop system-
atic criteria or adaptive methods for selecting wavelet parameters in the
context of load forecasting.

These feature-engineering methods render large-scale and high-
dimensional datasets more tractable. MI and RFE reduce wide covariate
sets to the variables that carry the strongest signal. DTW aligns load
histories so that comparable patterns remain visible even when tim-
ing diverges. GRA prioritises exogenous drivers, retaining only the most
informative weather and industrial factors. Decomposition methods, in-
cluding multivariate empirical mode decomposition, ICEEMDAN, and
wavelets, disentangle trend, seasonal, and high-frequency components,
allowing models to ingest denoised channels rather than raw series.
To further enhance forecasting under non-linear and non-stationary
conditions, multiple decomposers can be combined with deep embed-
ding networks, enabling more adaptive representations tailored to the
structural complexity of peak demand signals. In practice, these tech-
niques reduce memory and compute load while preserving peak-relevant
structures, thereby mitigating the curse of dimensionality and enabling
models to process streaming data and support deployment in real time
[138,207].

22

Renewable and Sustainable Energy Reviews 227 (2026) 116500

Table 12
Geographical application level at different forecast horizons.
National ~ Regional =~ Municipal = Local  Total

STPDF 15 29 5 24 73
MTPDF 5 4 0 2 10
LTPDF 8 6 1 2 17
Multi 2 0 0 0 2
Total 30 38 6 28 102

5.2. Applications across different contexts

5.2.1. Geographical scalability

Geographical scalability defines the extent to which ML-driven peak
demand forecasting methods can be adapted across different spatial lev-
els. This subsection provides a detailed summary of the distribution of
specified methods across various geographical application levels and
forecast horizons based on the reviewed studies. The analysis maps
the prevalence and application of peak demand forecasting methods
within national, regional, municipal, and local contexts, as well as across
short-term, medium-term, and long-term forecasting horizons. Table 12
summarizes the research distribution on geographical application levels
across different forecast horizons.

At the macro level, national-level studies constitute the second most
substantial segment. These studies address country-wide peak demand
scenarios, integrating macroeconomic indicators, such as GDP, popula-
tion, and industrial data alongside traditional load and weather vari-
ables. These exogenous variables are often included within regression-
based, hybrid, or machine learning frameworks to capture their influ-
ence on peak demand. For example, Steinfeld et al. [80] employed
regression-based methods to focus on the long-term peak demand
characteristics of Sydney, Australia, providing policy recommendations
for peak load reduction. Similarly, Atsawathawichok et al. [139] uti-
lized Gaussian process models for LTPDF in Thailand, incorporating
multiple kernel designs to improve prediction accuracy. The focus
on national-level studies highlights the importance of peak demand
forecasting in energy planning and policy formulation, where aggre-
gated data and broader economic factors play a key role. However,
while the importance of macro-economic factors is acknowledged, cur-
rent national-level studies have rarely employed advanced econometric
approaches such as vector autoregression or structural equation mod-
els. Instead, they remain grounded in time-series or ML paradigms.
The complex interdependencies between macro-economic factors and
peak demand have yet to be systematically modeled. Future research
could therefore profitably integrate econometric methods with modern
ML to improve causal inference and interpretability in national-level
forecasting.

In contrast to the broader focus of the national-level studies, the
regional-level studies, which focused on more specific contexts, con-
stituted the largest segment, accounting for about 37 % of the total
number of studies reviewed. These studies often focus on areas within
countries, such as provinces, cities, or states, utilizing localized data
to address unique regional load consumption patterns and infrastruc-
tural characteristics. For instance, Tairen et al. [201] conducted STPDF
in Albuquerque, USA, and Huang et al. [190] employed the hybrid
model for day-ahead peak demand forecasting in New South Wales and
Victoria, Australia, highlighting regional variability in load patterns. The
focus on regional levels allows for more detailed and context-specific
forecasting models that can interpret regional economic activities, cli-
matic variations, and infrastructure differences. While regional level
studies provide valuable insights into local dynamics, they cannot en-
sure that the findings are representative of broader regional conditions.
Datasets used in the studies are typically drawn from single utilities or
service territories, with little attention to whether they reflect broader
regional level conditions. Cross-geographic validation and pooled anal-
yses remain rare, so findings from regional level studies often do not
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generalize beyond their original context, revealing a substantive gap.
For rare extreme events, synthetic scenario generation and weather re-
sampling can help expand sparse local records. When models are applied
across areas with very different climates or demand structures, transfer
learning or covariate shift adjustment may improve adaptability.

Zooming into more precise scales, there are fewer studies aimed at
the municipal level, about 6 % of the total number of studies, focusing
on citywide forecasts that incorporate municipal policy and tariff in-
formation. Nguyen and Manuel [137] demonstrated the application of
Gaussian process models for STPDF in Austin, USA, integrating Bayesian
updates for uncertainty quantification. This municipal focus is crucial for
urban energy management, where local governance and infrastructure
policies significantly influence peak demand patterns. The integration
of municipal-level data enables the development of forecasting models
that can support city-specific energy initiatives and sustainability goals.
However current municipal level studies rely mainly on time series and
machine learning models with weather and basic economic or tariff in-
puts. Only one study explicitly brings a policy lever into the input set
through dynamic tariffs in Lisbon [118], while the potential impact of
urban planning such as land use, density, and transport investments has
not been taken into account. Incorporating urban planning and policy
decisions as structured exogenous variables can strengthen municipal-
level peak demand forecasting by linking electricity use more directly to
land use patterns, infrastructure development, and policy interventions.
In this context, two potential approaches are particularly promising.
First, spatial econometric models, such as spatial lag, spatial error, and
spatial Durbin, can capture spillover effects and quantify how local
planning covariates propagate to citywide peaks. Second, integrating
multi-agent models with forecasting frameworks allows heterogeneous
household, commercial, and transport behaviors under different plan-
ning scenarios to be represented, producing more realistic demand
trajectories and improving both the accuracy and policy relevance of
municipal forecasts.

Moreover, local-level studies targeting granular scales, such as dis-
tribution feeders, microgrids, individual buildings, campuses, or specific
facilities, account for approximately 27 % of the research. These studies
often require high-resolution data to accurately reflect load variations
and capture the complex operational dynamics of localized power sys-
tems. For instance, Haq et al. [204] employed ARIMA and K-Means
clustering for STPDF on university campuses in Japan, effectively captur-
ing and analyzing the unique energy consumption behaviors associated
with educational institutions. Similarly, Waheed and Xu [207] integrate
deep neural networks with feature selection for high-resolution peak de-
mand forecasting in smart grid systems, highlighting the key role of
localized data in improving the granularity of the forecasting. Given
this reliance on high-resolution inputs, many local-level studies place
particular emphasis on preprocessing to improve data quality. Common
strategies include outlier detection and anomaly filtering (e.g., Isolation
Forest in small-industry forecasts [20], DBSCAN (Density-Based Spatial
Clustering of Applications with Noise) in substation studies [153]),
clustering to smooth noisy load patterns or identify day types (e.g.,
K-means in building and campus level studies [85,195,197]), and di-
mensionality reduction to remove redundancy (e.g., PCA-based filtering
in substation and feeder studies [105,192]). Some works further em-
ploy weather scenario generation [92] or demand-side management
scenarios [42] to address data sparsity in extreme conditions. Local-level
peak demand forecasting is critical for operational energy management,
as it facilitates the implementation of precise demand-response strate-
gies and supports the optimization of energy infrastructure at finer
scales.

It is worth noting that a small subset of studies addresses multi-level
geographical scalability, encompassing multiple spatial scales within a
single forecasting model. These studies often employ complex meth-
ods to handle diverse data sources and spatial hierarchies. For example,
Bovornkeeratiroj et al. [225] present a multi-method open-source toolkit
integrating LSTM, SVR, and SARIMA for multi-horizon peak demand
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forecasting at both regional and national levels. Although multi-level
studies highlight the potential for scalable forecasting models that
can transition across geographical and temporal scopes, they remain
significantly underexplored. Few studies have incorporated advanced
techniques such as transfer learning or meta-learning to enhance model
scalability and adaptability. Transfer learning allows knowledge to be
transferred from data-rich regions to data-scarce ones, improving fore-
cast accuracy in low-resource settings. Meta-learning goes further by
enabling models to adapt rapidly to new locations or temporal reso-
lutions through the identification of shared structures across related
tasks. However, multi-level forecasting has yet to fully leverage these
techniques in a consistent and scalable manner.

5.2.2. Forecasting horizon

The selection of appropriate forecasting methods is intrinsically
linked to the forecasting horizon and the nature of exogenous variables,
each playing a key role in accurately predicting peak energy con-
sumption [8,92,145]. Fig. 9 illustrates the relationships between these
variables and methods from the reviewed studies across STPDF, MTPDF,
and LTPDF, highlighting the increasing complexity and diversity of
variables as the forecasting horizon extends.

In the STPDF, weather-related variables emerge as the most influen-
tial factors across multiple modeling categories [73,143,155]. Notably,
hybrid models exhibit a high association with meteorological inputs,
such as temperature, humidity, or wind speed, demonstrating their ca-
pacity to capture volatile and dynamic weather patterns [51,55,189].
ANN models also show strong connections to weather variables, re-
flecting their effectiveness in learning non-linear relationships within
short-term horizons [111,115,185]. Furthermore, calendar-related vari-
ables (e.g., day of week, holidays) hold substantial relevance at this time
scale [134,195], particularly when using hybrid and neural network
models that integrate cyclical trends and seasonal effects. Meanwhile,
models like Bayesian networks or RNNs are sometimes employed for
selective short-term applications, especially where probabilistic or se-
quential dependencies are crucial [133,153].

As the forecast horizon expands to MTPDF, the influence of ex-
ogenous variables increases. Weather remains an integral factor, but
economic-related variables (e.g., GDP, industrial growth, demographic
shifts) gain more significance, mirroring the increased complexity within
this forecast horizon [157,184,192]. ANN and time series decomposition
models are commonly used to capture fluctuations in climate conditions
and cyclical demand trends in MTPDF [89,92,93]. RNN variants, includ-
ing LSTMs, are also moderately correlated with medium-term weather
and economic data, owing to their strength in modeling extended tem-
poral dependencies [155,234]. Calendar and economic variables both
play a substantial role in stochastic time series models [85,114], while
Bayesian networks are recognized for capturing probabilistic depen-
dencies among economic drivers that evolve over periods of weeks to
months [138,206].

In the LTPDF, weather and economic-related variables become even
more dominant. Hybrid models, which can integrate long-term cli-
matic trends, demographic changes, and market or policy factors,
are particularly effective in leveraging these inputs [8,139,140,164].
Regression-based models, ranging from simple econometric methods
to non-linear or quantile regressions, also exhibit strong reliance on
these variables, highlighting their proficiency in capturing linear and
non-linear trends over the long-term [53,80,203,235]. Additionally,
probabilistic or extreme value techniques are particularly relevant to
long-duration planning scenarios, as they are adept at handling rare
events and peak extremes [29,48]. Although policy-related variables
are less used, they still play a meaningful role in regression and hybrid
models, especially in cases where changes in policies such as renewable
energy mandates or demand response programs create lasting structural
impacts [42,66].

At present, only a very limited number of studies address multi-
horizon peak demand forecasting, which aims to generate coherent
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Fig. 9. Utilization of variables across forecasting methods and horizons.

predictions across different temporal scales such as daily, monthly,
and annual peaks. For example, Jin et al. [206] proposed a hybrid
LSTM-backpropagation neural network model that integrates multi-
source information to jointly predict medium- and long-term peak loads
in Guangdong, China. This approach leverages both neural sequence
learning and feedforward structures to bridge time scales, while also
incorporating weather, economic, and policy-related variables. Despite
these initial contributions, multi-horizon forecasting remains substan-
tially underexplored. Existing approaches often treat different horizons
separately and lack mechanisms to maintain consistent prediction per-
formance across time scales. Future research could advance this field by
developing hierarchical frameworks that explicitly align forecasts across
horizons, ensuring that aggregated short-term predictions converge with
long-term planning outcomes. Multi-task learning represents another
promising direction, where shared representations of variables such
as weather, economic activity, and policy shifts can produce horizon-
specific outputs while balancing short-term variability with long-term
structural trends. In addition, probabilistic methods are well suited
to represent how uncertainty propagates from short-term volatility to
long-term structural change, which can also improve the ability of
forecasting models to handle multi-horizon inputs. Incorporating these
methods would support the development of robust multi-horizon fore-
casting systems capable of supporting unified planning and operational
control.

In summary, in STPDF, the task is strongly shaped by immediate and
volatile factors, such as weather and calendar variables, which are ef-
fectively addressed by hybrid, ANN, and DL models [111,196]. As the
horizon extends to medium-term, economic considerations become more
influential, prompting the adoption of methods such as stochastic time
series and ANN for the MTPDF to track evolving socio-economic and
seasonal trends [85,157,236]. For LTPDF, weather and economic vari-
ables become increasingly significant, with hybrid and regression-based
approaches providing effective solutions for capturing long-term trends
[8,66,139,164]. On the other hand, in LTPDF, deep learning models
generally play a reduced role compared to medium or short-term con-
texts, largely due to sparse and coarse-grained input data, non-stationary
patterns driven by structural changes, and a high risk of overfitting
from limited training samples, highlighting the necessity of design-
ing advanced deep learning frameworks capable of processing diverse
inputs and modeling complex dependencies over long-term forecast
horizons.

5.2.3. Stakeholders and scope correspondence

Effective peak demand forecasting supports multiple stakeholder
groups, each characterized by distinct practical requirements and opera-
tional scopes. Aligning forecasting methods with these needs is essential
for delivering actionable, relevant insights. To effectively capture these
varied needs, forecasting models must be tailored in terms of fea-
ture selection, temporal resolution, and interpretability. For instance,
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residential, commercial, and industrial users differ not only in consump-
tion patterns but also in operational priorities, necessitating stakeholder-
specific configurations of inputs, model complexity, and performance
metrics. This subsection delineates the main stakeholder categories and
illustrates how various modeling approaches address their respective
challenges.

Grid operators and electricity retailers typically manage national or
regional forecasting tasks. Their concerns span grid stability, resource
allocation, and infrastructure planning, necessitating high-accuracy,
scalable methods that accommodate a broad range of exogenous vari-
ables. Ensemble learning, deep learning architectures, such as LSTM
and GRU, and hybrid models frequently appear in this setting. Lee and
Cho [8] describe a national-level approach using traditional machine-
learning techniques, whereas Zhang et al. [21] discuss system-wide
forecasting in Western Australia via hybrid frameworks. These models
support both short- and long-term strategies by integrating meteoro-
logical, operational, and economic factors, enabling utilities to deploy
informed solutions for peak load management.

Industrial and commercial entities operate on scales ranging from
municipal to regional, often covering short- to long-term horizons. Their
use cases include DSM, operational scheduling, and cost control, and
they tend to adopt hybrid models, ensemble learning, and deep learn-
ing to handle real-time data and operational constraints. In the mining
industry, Laayati et al. [149] introduce a fast forest quantile regres-
sion approach tailored for open-pit mine energy demand. Similarly,
airport terminal energy systems benefit from a CNN-Transformer hybrid
model that captures non-linear, dynamic load behavior [7]. Such setups
facilitate effective forecasting and load optimization, reducing both en-
ergy costs and operational risks. Neglecting the operational priorities or
constraints of these actors can lead to model outputs that are either inac-
curate or impractical, resulting in costly inefficiencies and unexploited
flexibility potential.

Residential buildings, characterized by localized consumption and
high variability, require short-term, high-resolution forecasting solu-
tions. Data often originate from smart meters and appliance-specific
usage patterns, guiding the adoption of DL architectures (e.g., CNNs,
LSTMs), fuzzy logic, and ensemble learning. An evolutionary LSTM en-
semble in Ai et al. [22] focuses on household peak demand prediction,
while Alduailij et al. [23] uses advanced neural networks to assess peak
energy consumption in smart buildings. These refined techniques enable
building managers and facility operators to optimize energy usage, re-
duce utility expenses, and maintain system stability. However, failing
to incorporate residential perspectives, such as comfort preferences or
behavioral variability, can hinder demand response program design and
erode public engagement in flexibility initiatives.

Government agencies and policymakers require national, long-
term forecasts that capture probabilistic and socio-economic variables.
Their models often integrate Bayesian networks, Gaussian processes,
or Explainable Al frameworks to capture uncertainty and provide
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transparent insights for policy decisions. Ploysuwan et al. [140] investi-
gate peak demand forecasting for the electricity generating authority in
Thailand, utilizing Gaussian processes at the national level. Meanwhile,
studies by Lee and Cho [8] and Zhang et al. [21] emphasize the relevance
of incorporating regional power system analytics into strategic poli-
cymaking. Such models supply probabilistic perspectives on long-term
demand and accommodate shifts in economic and regulatory landscapes,
reinforcing their value for energy policy formulation.

To support broader inclusion and ensure stakeholder trust, future
forecasting frameworks should incorporate participatory mechanisms
such as co-design workshops, survey-informed modeling priorities, or
iterative validation with stakeholder feedback. These mechanisms en-
sure that critical modeling assumptions, such as risk tolerances, forecast
granularity, or variable prioritization, are not imposed top-down but
are informed by real-world constraints and priorities. Moreover, since
stakeholder objectives may conflict, such as industrial reliability ver-
sus household affordability or utility-level stability versus distributed
flexibility, forecasting models must be embedded within multi-objective
planning frameworks. Techniques including hierarchical modeling, sce-
nario analysis, or Pareto optimization can help balance competing
demands, facilitating fair and efficient decision-making across system
levels.

5.2.4. Economic trends in application locations

Economic trends play an essential role in shaping the adoption and
implementation of peak demand forecasting methodologies in various
geographical regions. The interplay between economic development, in-
vestment in energy infrastructure, technological advances, and policy
frameworks significantly influences the focus and sophistication of the
forecasting models used in different regions. Fig. 10 presents a global
overview of where ML-driven peak demand forecasting methods have
been applied.

At a broad level, the distribution of these forecasting initiatives indi-
cates that advanced approaches are not limited to a single continent
but are spread throughout the world. An overall trend is observed:
countries investing heavily in energy infrastructure, data analytics, and
the integration of renewable sources typically employ more advanced
modeling methods. Their integration of cutting-edge ML technologies,
which blend statistical and ML-driven techniques, alongside frameworks
that align with policy highlights the significant impact of economic
trends, regulatory incentives, and technological capabilities on deter-
mining methodological preferences. However, disentangling the causal
relationships between these factors remains challenging. In many cases,
energy infrastructure growth and forecasting capacity co-evolve with
broader economic development. Future research could benefit from
more sophisticated econometric frameworks that explicitly model the
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dynamic and non-linear interactions between economic indicators (e.g.,
GDP, electrification rate), infrastructure variables (e.g., grid expansion,
smart meter penetration), and forecasting model adoption.

In countries with significant industrialization, such as the United
States and Canada, increasing concerns regarding grid reliability and
cost control are driving the advancement and implementation of en-
hanced forecasting systems [56,119,150,195]. These countries, sup-
ported by strong energy infrastructure, ample policy incentives for
renewable energy integration, and well-funded research, frequently em-
ploy ML-driven and hybrid approaches, including deep neural networks,
ensemble methods, and time series decomposition techniques, to achieve
precise and scalable peak demand forecasting [60,121,154]. In this set-
ting, standard methods often utilize feature extraction from weather,
calendar, and operational data, as well as attention-based frameworks,
to manage the complexity inherent in modern power systems. By
utilizing cutting-edge models capable of addressing both short-term
fluctuations and long-term patterns, system operators and policymak-
ers enhance forecast robustness, flexibility, and interpretability, thereby
facilitating more effective energy planning and grid management.

Meanwhile, in fast-developing countries, such as China, India, and
Iran, the increasing energy demand driven by industrialization and
urbanization encourages the use of advanced forecasting models that
capture the interaction between economic expansion, changing con-
sumption patterns, and renewable energy integration. Techniques such
as hybrid models [184,192], and ensemble models [147,148] are in-
creasingly adopted to tackle uncertainty. In India, for instance, models
based on ANN [111] or non-parametric probability density forecasts
[92] have proven effective in addressing the rapidly evolving nature
of data and complexity. Recent multi-stage frameworks further refine
mid-term electric load forecasting by integrating novel architectures in
Madhya Pradesh [124]. These approaches enable more robust, flexi-
ble, and accurate forecasting under dynamic load behavior and diverse
exogenous factors. However, in these contexts, the challenge of inte-
grating disparate data sources, especially when data quality or coverage
is uneven, remains significant. There is a growing need for adaptive
models that can accommodate missing, noisy, or delayed inputs without
compromising forecast reliability.

In emerging markets across other areas, the primary focus often lies
on expanding electricity access, improving grid stability, and employing
reliable forecasting techniques that can function effectively under such
conditions. Local utilities are increasingly incorporating methods such as
ANN and fuzzy logic, as well as econometric models tailored to smaller
datasets and cost-sensitive environments. In Nigeria and Zimbabwe,
for instance, annual peak demand forecasting leverages regression-
based or econometric models [53,131], while countries like Algeria and
Indonesia demonstrate the utility of adaptive hybrid methods and very

Fig. 10. Global projections of ML-driven peak demand forecasting. Each dot represents a country where ML-driven peak demand forecasting methods have been
applied. Blue dots represent developed countries, while green dots represent developing countries. The size of each dot reflects the number of applications, with
larger dots representing a higher frequency of applications. The top five countries with the greatest number of applications are the United States, China, Canada,

India, and Iran.

25



S. Dai, F. Meng, H. Dai et al.

short-term fuzzy logic to manage sudden load variations [93,134]. These
regions often grapple with limited access to high-quality, granular data,
which constrains the choice and performance of forecasting techniques.
In such cases, robustness becomes paramount, requiring forecasting
models that can tolerate imperfect or incomplete inputs through tech-
niques such as imputation, ensemble averaging, and uncertainty-aware
learning. Ignoring these data limitations can lead to systemic underesti-
mation or overestimation of peak loads, potentially causing suboptimal
planning decisions or resource misallocations. Therefore, the develop-
ment of lightweight, noise-resilient models is essential for the equitable
deployment of forecasting tools in low-resource settings. International
collaborations and targeted funding further facilitate the adoption of
these resource-efficient and scalable solutions, enabling operators to op-
timize demand-side resources, reduce power losses, and guide capacity
planning in cost-effective ways [48,113,135,191].

In summary, the observed patterns reveal a robust interaction among
economic growth, energy policy structures, technological investments,
and the advancement of forecasting models. Regions investing in data
collection systems, renewable integration, and digital infrastructure cre-
ate conditions where advanced forecasting can effectively improve grid
stability, inform infrastructure investments, and aid in meeting sus-
tainability goals. Addressing regional disparities in data access and
forecasting capacity is not only a technical issue but also a matter of
energy equity. Future directions should consider participatory design
processes that involve local stakeholders in the co-development of fore-
casting frameworks that reflect local realities, needs, and constraints.
On the other hand, regions with more constrained resources often adopt
phased approaches, gradually integrating more advanced and complex
models to address emerging needs during their rapid development. This
dynamic highlights the need to align advancements in peak demand
forecasting methods with economic realities, resource availability, and
policy goals, thus ensuring these methods remain effective and adaptable
across various power systems.

5.2.5. Integration with renewable energy sources

The integration of renewable energy sources, particularly solar pho-
tovoltaics (PV) and wind turbines, has introduced both complexities and
opportunities in peak demand forecasting. Unlike conventional genera-
tion, where output can be scheduled with relative certainty, renewables
exhibit intermittent behavior due to fluctuating weather conditions and
seasonal patterns. Even small deviations in solar irradiance or wind
speed can cause significant swings in net load, thereby complicating
traditional load prediction techniques. As a result, grid operators face
increased pressure to balance supply and demand, avoid overloading,
and maintain reliability while striving to achieve sustainability targets.
These challenges underscore the need for robust and adaptive forecast-
ing models capable of managing both rapid, short-term variability and
long-term trends in renewable output [21,132].

To address these challenges, researchers and utilities have explored
a range of advanced peak demand forecasting models tailored to
renewable-rich environments. For instance, Faraji et al. [132] developed
multi-year load growth models incorporating solar PV and wind turbines
to capture temporal shifts in net demand and guide optimal planning
of grid-connected microgrids in Tehran. In Western Australia, the EVT
has been employed to assess how PV capacity affects long-term sub-
station maximum demands, allowing utilities to identify high-demand
scenarios under various solar adoption rates [29]. Some short-term net
load forecasts combine LSTM networks with empirical mode decom-
position to capture the granular fluctuations introduced by rooftop PV
[21], while cINN has been proposed to model the complex interactions
between load profiles, climate variables, and high-renewable adoption
[125]. In parallel, studies focusing on DSM show that incorporating
peak-shifting strategies and storage solutions (e.g., battery systems)
can help mitigate the volatility introduced by intermittent renewables
[42,66]. Together these works map onto several theoretical pathways for
integrating renewable variability into peak demand forecasting. Some
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explicitly model demand-side behaviors through DSM and storage, while
others focus on net demand by combining load and renewable genera-
tion forecasts. Probabilistic frameworks such as EVT and cINN quantify
uncertainty, and the choice between forecasting in aggregated form
or independently at the feeder level determines whether variability is
smoothed or preserved. These dimensions highlight the different ways
in which variability and uncertainty can be represented in forecasting
frameworks under high renewable penetration.

Building on this, several approaches also extend the forecasting fo-
cus beyond single peak magnitudes. For instance, Zhang et al. [21]
explicitly predicted both peak and valley values of net load, providing a
measure of daily variability. DSM-oriented studies [42,66] demonstrate
how load-shifting strategies reshape load duration curves, highlighting
the importance of persistence alongside peak size. Similarly, the EVT
analysis of substation demand under PV penetration [29] links peak
estimation with return levels, effectively capturing the probability of sus-
tained extremes. These studies show that outputs reflecting duration and
variability are already emerging in renewable-rich contexts, and that
they provide insights into flexibility and ramping needs which cannot
be derived from peak values alone. The evidence collectively suggests
that peak demand forecasting in renewable-rich systems increasingly
requires attention to both the magnitude of peaks and their temporal
characteristics, such as duration and variability.

Despite these advances, critical challenges remain. One difficulty
is capturing the stochastic and weather-dependent nature of solar and
wind generation, where short-term fluctuations can cause rapid swings
in net load that even advanced models struggle to anticipate. Recent
studies have begun to address this by incorporating extreme weather
information into ensemble models [148] or by providing probabilistic
forecasts that explicitly quantify uncertainty [63], but the problem of
rapid intermittency remains unresolved.

Beyond methodological aspects, policy and economic drivers also
play an important role in shaping how renewables interact with peak
load. Incentives for DERs, such as rooftop PV, and the push for green en-
ergy have reshaped load curves, sometimes resulting in mid-afternoon
net load valleys (‘duck curve’ as introduced by Azemena et al. [237])
or late-evening peaks. Accurate forecasting models must now factor
in these shifting consumption and generation patterns, as well as the
ramping capabilities needed to maintain grid stability. Forward-looking
utilities and policymakers are incorporating demand response programs,
real-time pricing, and capacity market mechanisms to encourage con-
sumers to adjust their energy usage around renewable availability
[42,66]. Methodological advances and policy efforts combined ensure
that peak demand forecasting supports not only immediate operational
efficiency but also long-term sustainability, resilience, and economic
viability as renewables continue to expand across global power systems.

5.2.6. Advanced grid technologies

In modern power systems, advanced grid technologies, such as smart
meters, Internet of Things (IoT) devices, and real-time communication
networks, have redefined the way peak demand is measured, ana-
lyzed, and forecasted. These technologies offer high-frequency, granular
energy-consumption data at the household, building, and distribution-
feeder levels [204,228], revealing detailed load patterns that were
previously obscured by the coarse resolution of traditional metering.
By harnessing two-way communication between utilities and end-users,
system operators can not only monitor near-real-time load conditions
but also implement more responsive and targeted interventions. In this
way, advanced grid technologies serve as the backbone of data-rich en-
vironments, where ML-driven peak demand forecasting models can be
continuously refined to accommodate changing demand patterns and
exogenous variables such as weather, holidays, or pricing signals [236].

A core advantage of these innovations lies in the capacity to develop
dynamic, highly responsive forecasting models. With access to stream-
ing consumption data, utilities can integrate ML algorithms to predict
and respond to peak loads on a sub-hourly or minute-by-minute basis
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[23,155]. In some cases, ensemble and hybrid methods combine time
series decomposition, feature extraction, and real-time anomaly detec-
tion to capture abrupt shifts in load [20]. For instance, the rollout of IoT
sensors in commercial and industrial facilities enables DSM programs
that can shed or shift load in near-real time, mitigating spikes and en-
hancing grid reliability [20,42,66]. Moreover, at the utility or city scale,
robust data flows facilitate geospatial load analyses and predictive main-
tenance, further reducing the risk of unexpected outages and volatile
peak conditions [236].

However, the volume and velocity of data generated by advanced
grid technologies create significant challenges for scalable management.
An important issue is interoperability, since IoT devices and sensor net-
works often operate with heterogeneous protocols and data formats that
require harmonisation through standardized interfaces and metadata
schemes. Data quality is another concern, though many studies already
mitigate missing values, noise, and misalignment through cleaning, fil-
tering, and decomposition. In renewable and IoT-rich contexts, the high
frequency and decentralized character of data streams make these prob-
lems more acute, and robust preprocessing becomes a prerequisite for
integration into forecasting models. Emerging solutions include edge
computing and hierarchical data architectures, which allow initial pro-
cessing near the source to reduce bandwidth and latency, and federated
learning, which enables decentralized training while preserving pri-
vacy. Alongside these techniques, advances in storage infrastructure and
stream processing frameworks will be essential to ensure that forecasting
remains accurate and timely at scale.

Looking ahead, IoT-based frameworks and smart grid innovations
are poised to reshape peak demand forecasting models. By providing
high-frequency, granular data from widespread sensor networks, these
systems can reduce data latency and enhance the speed and accuracy
of forecasting analyses. Integrating ML algorithms with real-time IoT
data facilitates near-immediate situational awareness, improved grid
reliability, and cost-effective load management. For instance, smart
meter deployments enable dynamic, appliance-level monitoring [20,
228], while aggregated short-term forecasting techniques at the dis-
trict level leverage high-resolution consumption data to refine peak
forecasts [236]. As peak forecasting models become more reliant on mas-
sive, high-frequency datasets, investment in scalable stream-processing
frameworks and intelligent data pipelines will be increasingly impor-
tant. Techniques such as online learning and adaptive feature selection
can further ensure that ML models remain both accurate and computa-
tionally feasible in real-time settings. These advanced digital architec-
tures and adaptive forecasting methods offer utilities and policymakers
unprecedented insights and control over grid operations, ultimately
delivering more resilient and sustainable energy solutions [207].

5.3. Critical evaluation

5.3.1. Advantages of ML-driven peak demand forecasting

ML-driven methods have introduced several advancements that
specifically address the unique characteristics of peak demand forecast-
ing, which requires handling extreme variations and nonlinearities in
peak demand data.

Modeling non-linear demand relationships. ML-driven peak demand
forecasting models are particularly adept at capturing non-linear re-
lationships between variables that traditional statistical models often
fail to address. Recent frameworks developed to integrate multiple ML
algorithms have further leveraged this ability to capture diverse non-
linearities. For example, Gajowniczek et al. [59] demonstrated how
the integration of CART, K-NN, and ANN improved the classification
of seasonal peaks using the strengths of each algorithm to process
periodic variations in energy consumption. Similarly, Liu and Brown
[56] proposed a multi-algorithm framework combining Naive Bayes,
SVM, random forest, AdaBoost, CNN, and LSTM, enabling the model
to isolate intricate demand patterns and provide accurate forecasts un-
der diverse scenarios. Furthermore, open source tools like PeakTK by
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Bovornkeeratiroj et al. [225] have introduced platforms that integrate
diverse forecasting methods and datasets into a single framework. By
providing a standardized tool for evaluating and benchmarking fore-
casting methods, such platforms facilitate advancements in both model
development and application.

Adaptability to diverse variables. Peak demand forecasting must con-
sider highly dynamic and context-specific drivers, such as extreme
weather events and large-scale public gatherings. These transient events
create abrupt changes in energy consumption, necessitating models that
can dynamically adjust to such variations. Advanced feature extrac-
tion techniques, including RFE and PCA, play key roles by isolating
the most important variables while reducing noise, ensuring models
remain focused on impactful predictors [26,148]. Besides, integrating
multiple algorithms has proven effective for adapting to heterogeneous
energy consumption patterns. For example, Bellahsen and Dagdougui
[236] demonstrated that combining LSTM, random forest, and K-NN
enabled accurate building-level peak demand forecasting by leveraging
the strengths of each approach. LSTM networks are good at modeling se-
quential dependencies in time series data, while random forest handles
categorical and numerical data robustly, and K-NN captures local varia-
tions. This combination facilitates better performance when forecasting
demand across varied building types and usage patterns.

Handling extreme events and probabilities. Rare yet impactful events,
such as heatwaves and industrial surges, pose significant challenges
for peak demand forecasting due to their deviation from typical de-
mand patterns. Probabilistic approaches like EVT and Bayesian networks
are well-suited for modeling such outliers. EVT focuses on the statisti-
cal properties of extreme demand events, enabling accurate predictions
of peak probabilities during rare occurrences [46]. Bayesian networks,
on the other hand, model probabilistic relationships between vari-
ables, providing insights into the dependencies that drive peak loads
[138]. Incorporating these methods into broader ML frameworks en-
hances their predictive capability, particularly for long-term forecasts
where extreme events can have a disproportionate impact. For example,
combining EVT with ML-driven models improves reliability in scenar-
ios involving high-impact demand fluctuations [235]. In addition to
EVT and Bayesian networks, ensemble methods can also serve as prac-
tical tools for uncertainty quantification. By aggregating predictions
across diverse learners, ensembles provide distributions of outcomes
rather than point estimates, allowing decision-makers to evaluate the
confidence intervals of peak forecasts. This complements Bayesian ap-
proaches by addressing both epistemic and aleatoric uncertainty in
operational contexts.

Hybrid modeling for enhanced seasonal dynamics. Hybrid modeling
provides flexibility in addressing diverse demand patterns across dif-
ferent contexts. It is worth noting that, based on the reviewed studies,
integrating ML with traditional decomposition techniques has proven
highly effective in addressing the complexities of seasonal dynam-
ics in peak demand forecasting. For instance, the combination of
wavelet analysis with ANNs allows for the decomposition of data
into different frequency components [196]. This approach improves
the ability of the model to capture seasonal shifts and long-term
trends, resulting in more precise peak demand forecasts. Moreover,
Amara-Ouali et al. [238] explored multi-resolution modeling, which
integrates generalized additive models and ANN, highlighting how
decomposing time series data isolates periodic drivers of peak varia-
tions, enabling models to adapt dynamically to changes in consumption
patterns. These decomposition-ML hybrids function as adaptive smooth-
ing schemes, mitigating the limitations of fixed-coefficient exponential
smoothing by learning time-varying seasonal structures and non-linear
cross-effects.

Dynamic forecasting with temporal models. Dynamic forecasting re-
quires models capable of capturing the temporal dependencies inherent
in energy consumption patterns. Deep learning models such as RNNs
and LSTMs have proven particularly effective in this domain. For in-
stance, Yu et al. [38] demonstrated the effectiveness of RNNs in STPDF,
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achieving high precision by modeling temporal variations and incorpo-
rating recent load data. Similarly, Ibrahim and Rabelo [234] employed
deep architectures, including CNN, CNN-LSTM, and multihead CNN,
for MTPDF. These models captured complex behaviors in load pro-
files across multiple timescales, further emphasizing the importance of
temporal adaptability in handling dynamic demand scenarios.

Integration of real-time data. ML-driven methods are highly effec-
tive in integrating continuous real-time data streams from smart grids,
enabling more adaptive and responsive peak demand forecasting. Real-
time inputs, such as renewable energy generation levels, battery storage
capacity, and consumption data, allow forecasting models to adjust
dynamically to changing grid conditions, supporting timely decision-
making for peak load management. Through advanced feature engi-
neering and transformation, real-time data is reduced to a compact
set of denoised signals, enabling efficient, low-latency forecasting. For
example, Shabbir et al. [138] highlighted the improved accuracy of
probabilistic models when incorporating real-time data from smart
grids, showcasing the value of dynamic updates in managing fluctuating
demand scenarios. Similarly, Waheed and Xu [207] demonstrated how
deep learning models can learn incrementally from real-time energy con-
sumption data, improving the adaptability of forecasts to sudden shifts
in demand patterns.

5.3.2. Limitations and challenges

Despite these advantages, ML methods face specific challenges that
arise from the nature of peak demand forecasting.

Complexity of short-term extreme variations. While ML-driven peak
demand forecasting frameworks demonstrate significant advancements
in capturing non-linear relationships and diverse patterns, short-term
extreme variations, such as abrupt demand surges, remain challeng-
ing due to their unpredictable nature and high-frequency dynamics.
Traditional ML frameworks, even those enhanced with deep learn-
ing or hybrid approaches, may lack the responsiveness required for
such high-frequency changes. Models designed for short-term horizons,
such as CNN-LSTM architectures, demonstrate strengths in capturing
temporal patterns but encounter difficulties when applied to scenar-
ios with unexpected demand spikes, as highlighted in studies on dy-
namic peak load behaviors [56,234]. The inherent complexity of these
variations requires not only advanced temporal modeling, but also a
robust mechanism for incorporating real-time data to adapt to rapid
shifts.

Overfitting in peak scenarios. Overfitting poses a major challenge in
ML-driven peak demand forecasting and can be broadly observed in
two forms. The first type arises from data sparsity, particularly for rare
and extreme peak events. In such cases, models overly rely on limited
historical patterns, which restrict their ability to generalise to novel
conditions. For instance, Deng et al. [148] noted that boosting-based
learners required careful regularisation to avoid excessive focus on spe-
cific past events, while Hsu and Chen [50] found that ANNs, although
effective at capturing non-linear relationships, struggled to generalise
under sparse peak data. Hybrid approaches such as wavelet-ANN models
also risk overfitting by overemphasising decomposed seasonal features
[196]. Mitigation strategies here require strategies like regularization
(e.g., L1/L2 or dropout), robust cross-validation, and data augmenta-
tion through synthetic event generation [148]. These methods ensure
better generalization, enhancing the reliability of ML models for dy-
namic and evolving power systems. In addition, addressing overfitting
in peak demand forecasting requires careful control of input dimension-
ality, since high-dimensional data can worsen the risk of memorising
noise. Techniques such as Bayesian regularisation [110], recursive fea-
ture elimination [83], and cascaded or hierarchical neural networks
[70,180] reduce the effective dimensionality of the input space and im-
prove generalisation, thereby preserving transparency in the modeling
process. The second type of overfitting is design-related and emerges
in structurally complex hybrids. When multiple components are com-
bined, such as ANN fuzzy hybrids or deep learning-based hybrids, the
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increased capacity and large number of hyperparameters can lead to
memorising noise rather than capturing generalisable patterns. Studies
have addressed this through evolutionary optimization (e.g., GA or
hybrid modeling for enhanced seasonal dynamics) [181,190], careful
parameter and hyperparameter tuning [47,200], and embedding phys-
ical or economic constraints as regularisers [42,202]. These two forms
of overfitting show that model design must be adapted to the character-
istics of the available data and to the length of the forecast horizon.
Operational constraints also influence the choice of modeling strat-
egy. Because forecasting settings differ widely, no single architecture or
training procedure performs well across all conditions. In peak demand
forecasting, effective model selection therefore relies on benchmarking
across representative use cases, on testing the sensitivity of results to
model complexity, and on ensuring that outputs align with the needs
of downstream decision-making. Recent studies increasingly use modu-
lar hybrid designs that balance predictive accuracy with interpretability
and computational cost, pointing to the value of approaches that are
tailored to specific contexts rather than generic solutions.

Data gaps and rare event sampling. A recurring limitation in peak
demand forecasting is the incomplete or inconsistent availability of high-
quality data, which can be considered in three main folds. First, the
granularity of load data can frequently present issues. Resolution and
aggregation levels vary across studies, from hourly system-level data to
fine-grained smart meter or feeder measurements, and geographic cover-
age is not always consistent. Models trained on coarse or aggregated data
struggle to capture localized peaks or short-term fluctuations [68,201].
Addressing this limitation requires improved access to high-resolution
load measurements [199,207], hierarchical forecasting methods, and
transfer learning techniques to bridge gaps across regions. Second, many
models rely heavily on external drivers such as precise weather observa-
tions, calendar effects, and detailed economic indicators. However, these
exogenous variables are not always recorded uniformly or at the same
resolution [122,145]. Missing weather data, unlogged calendar events,
or incomplete socioeconomic records can lead to gaps in the training
dataset, reducing model accuracy and reliability. The reliance on de-
tailed external data is therefore a common shortcoming in peak demand
forecasting studies, since many utilities cannot guarantee uniform avail-
ability. Solutions explored in the literature include robust imputation,
multi-source data fusion, and probabilistic treatment of missing inputs
[20,118]. Third, the rarity of extreme peak events presents a major chal-
lenge, such as spikes caused by severe heatwaves or sudden economic
shifts. These events may only occur a few times each year (or less), lim-
iting the number of samples available to the model. ML-driven peak
demand forecasting models can struggle with such imbalanced data be-
cause they tend to bias predictions toward more frequently observed
conditions [21,42,48]. As a result, capturing the nuances of rare peak-
demand extremes requires specialized approaches, such as advanced
oversampling, synthetic data generation, or the aforementioned EVT, to
ensure that the forecasting model accounts for the small-but-important
fraction of cases that drive system stress and resource planning decisions.

Extreme-event uncertainty quantification. Techniques for extreme
event modeling, such as EVT and Bayesian networks, are indispens-
able for quantifying risks associated with rare but impactful peak load
events. However, these methods are computationally intensive, mainly
due to their reliance on parameter estimation, probability calculations,
and simulation-based validation. Belzer and Kellogg [46] emphasized
the computational burden introduced by implementing EVT for daily
peak demand modeling, where Monte Carlo simulations were essential
to handle the probabilistic nature of extreme demand events. While these
simulations improve predictive reliability, they significantly increase
processing times and resource requirements, making them challenging
to integrate into real-time applications. Similarly, ensemble methods of-
ten combine multiple models to improve accuracy, but can compound
computational costs during both the training and inference phases
[225,236]. These approaches require processing high-dimensional data,
frequent updates, and iterative optimization, further exacerbating the
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resource demands. Beyond computational aspects, extreme-event mod-
eling raises several practical concerns. First, EVT performance is highly
sensitive to assumptions of independence and threshold choice. Multi-
day heatwaves and demand-side interventions often induce dependence
and non-stationarity, which makes declustering, threshold diagnos-
tics, and covariate-driven non-stationary EVT advisable [29,42,48].
Second, when assessing coincident peaks, Bayesian networks enable
data-efficient, policy-aware ‘what-if’ analysis but can understate joint
tail co-movement. Copulas, including vine copulas, capture tail depen-
dence more effectively but require larger datasets and are harder to
interpret. Third, density forecasts also require systematic auditing with
measures such as the aforementioned PICP and CRPS. They are best
communicated through peak-oriented quantiles in the 90-99 % range,
combined with blocked or seasonal cross-validation to address the class
imbalance problem in peak demand forecasting [62,64]. Finally, in
climate-resilient planning, scenario-conditioned posteriors that incor-
porate temperature, electrification trends, tariff structures, and DSM
variables allow uncertainty estimates to be aligned more closely with
operational decisions [8,66,139,140].

Integration with decentralized power systems. As the penetration of DER
increases, such as rooftop PV panels, wind turbines, and home battery
storage, grid operators and utilities face new challenges in accurately
forecasting peak demand [22,132]. Traditional peak demand forecast-
ing methods often assume centralized generation of load profiles, but
decentralized systems introduce more variability and uncertainty. For
example, a sudden reduction in solar power due to cloud cover or a
coordinated discharge of battery storage systems can shift or flatten
load peaks in ways not captured by conventional models. Moreover,
the time-dependent interaction between variable renewable genera-
tion, storage units, and consumption patterns requires models that can
dynamically adapt to network constraints and localized microgrid sched-
ules [21]. As a result, effective forecasting in such environments calls for
enhanced approaches that capture localized consumption patterns, inte-
grate intermittent renewable production, and incorporate operational
constraints such as battery charging schedules or demand response sig-
nals. Another related limitation in decentralized environments is the
heterogeneity of data. Smart meters, rooftop PV inverters, IoT sen-
sors, and weather stations provide information at different temporal
resolutions and with varying reliability. Reconciling these heteroge-
neous inputs remains challenging and calls for advanced preprocessing,
multi-source fusion, and hierarchical modeling strategies.

Interpretability and stakeholder trust. Amid the rise of more complex
deep learning and ensemble algorithms for peak demand forecasting,
questions of interpretability have become important [74]. Utilities, pol-
icymakers, and end-users must comprehend not only the forecasted
load values but also the underlying drivers influencing these predic-
tions, such as weather fluctuations, calendar effects, economic trends,
or changes in consumer behavior. In black-box models where internal
decision-making processes are opaque, it becomes challenging to jus-
tify the forecast to regulators or to adapt operational strategies based
on model insights. This lack of explainability can undermine stake-
holder confidence and slow the adoption of cutting-edge forecasting
technologies. Decision-oriented explanations can help address this gap
by clarifying which variables contribute to the predicted peak and how
sensitive the forecast is to changes in those inputs. For utilities, this
information supports procurement and demand-response scheduling.
For policymakers, it offers a basis for tariff setting and targeted inter-
ventions. For consumers, it makes peak drivers more transparent and
encourages participation in demand-side programs. Recent work has
begun to introduce explainable Al techniques and model-agnostic meth-
ods such as SHAP, partial dependence plots, and rule-based decision
visualization [121]. These approaches shed light on the contribution
of different input variables, highlight periods of heightened risk, and
allow operators to trace how and why the model arrives at specific
peak forecasts. It should be noted that interpretability is necessary but
not sufficient for stakeholder trust. Forecasts also depend on reliable
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data, regulatory alignment, and workable system integration. Where
data are inconsistent, for example, with gaps in smart meter coverage
or variable sensor resolution [122,145], even transparent models may
produce insights that are not actionable. Regulatory frameworks like-
wise expect decisions to be justified, which many ML models cannot
yet provide without additional explanatory layers [53,121]. Integration
with SCADA (Supervisory Control and Data Acquisition), energy man-
agement systems, and tariff-setting systems presents further challenges,
since these infrastructures were not designed to handle outputs from
complex or probabilistic learning models [42,236]. A further issue is
the correlation among input variables. Weather, calendar, and eco-
nomic factors often overlap, creating multicollinearity that weakens
model reliability. Techniques such as PCA, regularization, and ensemble
learning help reduce this risk by limiting redundancy. In develop-
ing regions, the scarcity of exogenous data makes the problem more
acute, and researchers have turned to transfer learning and data aug-
mentation to compensate for missing information [239,240]. Yet even
with these approaches, models remain constrained by theoretical lim-
its, since capturing complex non-linearities requires representative data
and sufficient sample size, without which generalization is difficult to
achieve.

6. Future directions

The energy sector today is influenced by the swift integration of
new technologies, such as blockchain-enabled peer-to-peer trading, loT-
driven smart metering, and advanced deep learning architectures, which
introduce new forms of demand variability and high-resolution data
streams. At the same time, the rise of edge computing, federated learn-
ing, and multi-agent systems presents new opportunities to decentralize
and scale forecasting frameworks while respecting privacy and system
heterogeneity. However, these advancements also introduce pressing
challenges, including the need for explainable models, geographic gen-
eralizability, and seamless integration with DERs. As a result, the future
of peak demand forecasting lies in developing adaptive, interpretable,
and resilient systems capable of learning from diverse, real-time data
while supporting decision-making across increasingly complex grid en-
vironments. This section highlights existing research gaps that require
deeper investigation to address current limitations, as well as emerging
trends that are shaping the evolution of the field.

6.1. Research gaps

6.1.1. Data-efficient generalisation

A persistent challenge in peak demand forecasting is how to build
accurate models under conditions of scarce, noisy, or fragmented data.
This issue is particularly acute in newly developed urban areas, micro-
grids, or regions with limited metering infrastructure, where historical
records are insufficient to support complex machine learning models.

Transfer learning provides one potential pathway to address these
limitations. It refers to the practice of applying models or learned repre-
sentations from one domain or dataset to another, thereby reducing the
need for large amounts of target data. The feasibility of this approach
lies in the observation that peak demand patterns are often shaped by
common drivers, such as temperature, calendar effects, and daily activ-
ity rhythms, which tend to repeat in different contexts. For instance, Cai
et al. [239] demonstrated that transfer learning can improve short-term
load forecasting in data-scarce regions by transferring deep neural net-
work features learned from data-rich regions. Similarly, Li et al. [240]
proposed a multi-source transfer learning ensemble LSTM method that
selects similar source buildings and integrates their knowledge to im-
prove multi-load forecasting accuracy for target buildings with limited
data. These studies highlight the potential of transfer learning to reduce
data requirements while maintaining accuracy, making advanced ML
methods more accessible to regions with limited resources.

At the same time, geographic diversity poses additional challenges
for generalisation. Most peak demand forecasting studies have been
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conducted in developed regions such as North America, Europe, and
Australia, which benefit from long and reliable datasets, well-established
metering infrastructure, and relatively stable grid operations. By con-
trast, developing regions in Asia and Africa often face data scarcity, in-
consistent reporting standards, and unique grid infrastructures that limit
the application of advanced forecasting techniques [48,53,131,191]. In
these contexts, deep learning and hybrid models are less frequently ap-
plied due to insufficient historical data and the absence of essential
explanatory variables such as comprehensive economic indicators or
real-time sensor measurements [66,135,235]. Moreover, variations in
policy mandates and regulatory frameworks across countries can hinder
systematic data collection and open data sharing, posing challenges to
the broader application of complex forecasting methods [73,234].

Addressing these constraints requires a coordinated strategy across
modeling, data governance, and deployment. On the modeling side,
data-efficient yet robust approaches such as hierarchical learning or
transfer learning that borrow strength across comparable regions are
needed, complemented by probabilistic formulations that capture un-
certainty in short and noisy demand histories. On the data side,
initiatives such as anonymised dataset sharing, the establishment of
uniform quality standards, and training for local practitioners can im-
prove coverage, comparability, and trust in results [113,125]. Finally,
deployment frameworks must reflect regional constraints by adopting
privacy-preserving collaborative learning and lightweight edge imple-
mentations that respect limitations in bandwidth, computation, and
data-sharing norms [235].

6.1.2. Context-aware and explainable forecasting

A central challenge in peak demand forecasting is not only to predict
extreme loads accurately, but also to ensure that forecasts are transpar-
ent, contextually grounded, and usable for operational decisions.

Incorporating structured domain knowledge into machine learn-
ing models offers substantial benefits, especially in capturing context-
specific anomalies and system behaviors that are difficult to learn from
data alone. For example, planned maintenance, large public events, or
demand-response activations can disrupt regular load patterns, yet these
are rarely encoded in historical datasets. Miller et al. [241], for instance,
combined macroeconomic trends and temperature-related factors within
a fuzzy logic based system to improve long-term forecasts. Formalizing
such knowledge into structured inputs is, however, time-consuming and
requires cross-disciplinary collaboration, while models must be carefully
designed to balance domain-driven and data-driven signals.

Beyond structured knowledge, multi-source data streams further
strengthen forecasting. Natural language processing can extract se-
mantic features from policy announcements, news, and social media,
which signal demand shifts and have been shown to improve day-ahead
forecasts [242,243]. Likewise, computer vision can capture structural
drivers of peaks such as building density, rooftop solar, or EV charg-
ing infrastructure [244,245], though its application to peak forecasting
remains unexplored. In related energy studies, these textual and visual
signals have been used to trace policy changes, monitor infrastructure
growth, and detect sudden demand shocks.

Explainability ensures that enriched inputs translate into actionable
outputs. Operators must understand the factors elevating exceedance
risk, the reasons for intervention activation, and the methods to diagnose
unforeseen peaks. Recent advancements, such as the RAID framework
by Jang et al. [121], showcase the use of SHAP values to improve
the transparency of deep learning models by highlighting key vari-
ables such as past peak loads and temperature. However, achieving an
optimal balance between performance and transparency remains a chal-
lenge. While RAID improves interpretability, it still relies on complex
neural networks that can be difficult for stakeholders to fully under-
stand. Beyond RAID, other hybrid models have shown promise [200].
These approaches aim to clarify relationships between peak demand
drivers, such as weather patterns and historical load data. However,
their application often lacks generalization, making them less practical
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for diverse energy forecasting scenarios. Several promising methods re-
main underexplored in current peak demand forecasting practice. For
instance, local interpretable model-agnostic explanations can isolate the
specific drivers behind individual forecasts, providing localized insight
into model behavior. Similarly, neural additive models learn per feature
response curves that can be audited or constrained to reflect plausi-
ble demand-driver relationships [246,247]. By explicitly revealing how
predicted peaks vary with controllable inputs, such intrinsically inter-
pretable models offer more actionable insights than post-hoc attribution
alone. To address these challenges, future research should focus on de-
veloping explainable frameworks that deliver consistent and actionable
insights without sacrificing predictive accuracy, to ensure broader scal-
ability and stakeholder trust. Further, future work should also focus on
integrated pipelines where domain knowledge, textual and visual signals
are combined with explainable frameworks, producing forecasts that are
both robust to anomalies and transparent to stakeholders.

6.1.3. System-level architectures

System-level architectures for peak demand forecasting increasingly
rely on decentralized and distributed intelligence, where agents, edge
devices, and blockchain infrastructures collaborate to process data and
generate forecasts in real time. These approaches move beyond cen-
tralized pipelines and better reflect the heterogeneity and autonomy of
modern power systems.

Multi-agent systems refer to decentralized architectures composed
of multiple autonomous agents that interact, collaborate, or compete to
achieve individual or collective goals. Multi-agent systems can accom-
modate heterogeneous data streams from smart meters, loT devices, and
distributed resources, turning heterogeneity in peak demand forecasting
into a modeling feature rather than a limitation. Traditional forecast-
ing models, while effective for pattern recognition, often fail to capture
the emergent spikes driven by synchronized behaviors across diverse
consumers. Multi-agent systems, by contrast, can represent households,
appliances, and distributed resources with decision-making capabilities
and stochastic variability. For example, Ali et al. [248] demonstrate
how EV battery managers and load agents interact within a multi-
agent system to optimize dispatch and contribute to peak shaving, while
peer-to-peer demand response systems coordinate flexible loads without
centralized control [249]. These examples show how multi-agent sys-
tems can simulate localized load behaviors and interactions that give rise
to peaks, offering insight into the mechanisms behind demand surges
and enhancing interpretability. Moreover, multi-agent system frame-
works support scenario analysis of tariff changes, EV penetration, or
demand response programs, and can generate synthetic data or integrate
adaptive learning agents to bridge behavioral realism with predictive
precision.

Edge computing enhances real-time processing by bringing data pro-
cessing closer to the source, thereby reducing latency and improving
security. Promising techniques include clustering-based preprocessing
methods such as K-Medoids on edge devices to reduce data dimensional-
ity [204], and neural networks adapted to constrained environments for
high-precision load prediction [207]. However, several limitations hin-
der large-scale adoption. The diversity and volume of data across regions
challenge integration, while device constraints limit model complexity
and create trade-offs between accuracy and responsiveness [164,199].
A further difficulty is the lack of standardized protocols, which com-
plicates interoperability across infrastructures [206,234]. Recent work
suggests that distributed databases and stream-processing frameworks
can complement edge nodes by enabling scalable ingestion and synchro-
nization of high-frequency, heterogeneous data streams [225,238]. In
practice, edge devices are best suited for local filtering and dimension-
ality reduction, while distributed systems maintain consistency at larger
scales. Promising directions include model compression (pruning, quan-
tization, knowledge distillation) and adaptive online learning, which
allow models to remain efficient, responsive, and privacy-preserving in
edge environments.
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Decentralized peer-to-peer energy trading introduces volatile con-
sumption patterns and new load variables, significantly expanding the
complexity of forecasting frameworks. While integrating real-time trans-
actions, consensus mechanisms, and distributed ledger data into peak
load models offers substantial theoretical and practical opportunities,
it has not yet been comprehensively addressed in current methods.
Existing models for peak demand forecasting often overlook blockchain-
driven demand variability. Traditional regression-based methods, such
as those applied to regional systems, focus on static historical variables
and cannot capture decentralized exchanges [80]. Hybrid deep learn-
ing models that integrate feature transformation provide more accurate
forecasts under such conditions by clustering consumption patterns
and dynamically adapting to blockchain transactions [73,185]. Future
research may combine blockchain with edge computing, where local ag-
gregation of transaction data reduces latency before synchronizing with
distributed ledgers. Embedding forecasting models directly within smart
contracts or consensus mechanisms could further improve autonomy,
allowing forecasts to update dynamically as new transactions occur. To
ensure scalability and trust, lightweight privacy-preserving methods and
federated learning can be incorporated, while on-chain recording of fore-
cast outputs enhances auditability, reproducibility, and transparency. By
embedding interpretability and traceability into blockchain workflows,
decentralized systems can support more accountable and participatory
decision-making among prosumers, utilities, and regulators.

In summary, multi-agent systems, edge computing, and blockchain-
based trading can be viewed as complementary strategies for system-
level forecasting. When combined, they support forecasting frameworks
that are decentralized in structure, adaptive to changing operating con-
ditions, and transparent in their market interactions. Such designs link
predictive capability directly to the operational requirements of grid
management and to the participatory role of end users in future power
systems.

6.1.4. Integration with advanced DERs

While certain studies examine the integration of renewable energy
and storage [21,238], a comprehensive analysis of the modeling of
electric vehicles, distributed generation, and battery systems remains
necessary. These flexible resources serve as dynamic elements that in-
crease the complexity of the forecast by presenting a variety of diverse
and variable consumption behaviors [22,205]. Furthermore, modern
DERs require the incorporation of various data sources, such as smart
meter readings, renewable generation outputs, and electric vehicle
charging patterns, adding complexity to data preprocessing and fea-
ture engineering [150,225]. Studies such as Waheed and Xu [207] and
Heidrich et al. [125] highlight the difficulties in handling and integrat-
ing data from solar PV systems and battery storage, which are essential
for precise peak demand forecasting.

Moreover, deploying DERs across various application levels, from
residential to industrial, requires scalable forecasting models that can
accommodate diverse operational environments and ensure data con-
sistency across distributed nodes [20,125]. The scalability challenge is
highlighted in studies across different geographic and infrastructure con-
texts, such as smart grid systems [207] and industrial implementations
[149]. Future research will therefore need to focus on scalable frame-
works that combine data fusion with algorithm optimization, enabling
EVs, distributed PV, and storage to be modeled in an integrated way and
their impact on peak demand to be more reliably captured.

6.2. Emerging trends

6.2.1. Advanced deep learning techniques

Transformer-based architectures and attention mechanisms have
emerged as powerful tools for capturing long-range dependencies and
complex temporal patterns in peak demand forecasting. Hybrid mod-
els, such as CNN-Transformer combinations [7] and dual-attention
LSTM encoders [156], demonstrate enhanced capabilities in long-term
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and multi-scale demand predictions. Additionally, sequence-to-sequence
models [155], and hybrid CNN-RNN architectures [164] are increasingly
adopted to extract both spatial and temporal features, thereby improving
prediction accuracy for peak demand.

Another notable trend is the integration of probabilistic forecast-
ing methods with deep learning models [63] to address uncertainties
and provide more robust peak load predictions, utilizing models such
as cINN [125] to generate probability density functions of peak loads.
Furthermore, advancements in lightweight deep learning architectures,
including model pruning and efficient neural network variants such as
GRUs [38], are important for deploying real-time forecasting models
on resource-constrained edge computing infrastructures. By optimizing
algorithms for scalability and efficiency, these techniques enable the
seamless integration of heterogeneous data from DERs and smart me-
ters, thereby enhancing the resilience and adaptability of peak demand
forecasting systems [20,235].

6.2.2. Federated and distributed learning

With the increasing availability of high-resolution load data, such
as residential smart meter data, data privacy has become a major con-
cern in peak demand forecasting. Protecting consumer data using private
encryption algorithms is an essential task for researchers in the digi-
tal era [250]. The challenges related to electricity data transmission,
storage compliance, security, and privacy protection continue to im-
pede effective data utilization [251]. Additionally, the size and quality
of the data significantly influence the training quality of ML models.
However, relevant data necessary for accurate forecasting are often dis-
tributed across different organizations, each holding data that is subject
to privacy laws restricting full data sharing. Aggregating all data into a
centralized third-party database could facilitate the construction of ro-
bust forecast models, but it introduces significant security risks due to
the centralization of sensitive information [252].

Privacy-preserving strategies, such as federated learning, offer a solu-
tion by allowing model training on decentralized data without requiring
central storage of raw data [151]. This approach is particularly benefi-
cial for grid operators seeking collaboration across multiple utilities or
regional bodies while adhering to data privacy, security, and regulatory
requirements. By leveraging federated learning, diverse data sources
from different organizations can be combined to build accurate fore-
cast models without compromising data privacy. This is achieved by
training local models on-site and only sharing model updates (rather
than raw data) with a central server, allowing collaborative learning
across utilities while preserving confidentiality, ensuring compliance
with data regulations, and maintaining scalability through parallelized
training. Therefore, designing forecast frameworks that incorporate
privacy-preserving techniques such as federated learning represents a
promising future research direction to improve peak demand forecasting
[253-255].

6.2.3. Reinforcement learning and adaptive systems

Dynamic decision-making through Reinforcement Learning (RL)
presents a promising avenue for peak demand forecasting by enabling
models to make real-time adjustments based on evolving grid conditions.
Although still in the nascent stages, RL-based approaches can potentially
enhance the adaptability and responsiveness of forecasting systems.
Studies integrating evolutionary algorithms with neural networks have
demonstrated foundational advancements in developing more effective
and adaptive frameworks [22,55]. These studies highlight the feasibility
of incorporating adaptive optimization techniques, which are important
for managing the complexities and uncertainties inherent in peak load
prediction.

Emerging trends also emphasize the integration of adaptive systems
beyond traditional ML models. Hybrid models that combine ensemble
learning with adaptive feature selection [20,238] are gaining increas-
ing attention in research, offering improved robustness and flexibility
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in forecasting. Additionally, the utilization of anomaly detection meth-
ods within adaptive frameworks [21,149] allows models to identify
and respond to irregular consumption patterns, further enhancing the
forecasting accuracy. As research progresses, it is anticipated that the
convergence of RL with these adaptive methods will promote more
resilient and efficient peak demand forecasting systems, capable of lever-
aging real-time data and adapting to dynamic energy landscapes [64].
Moreover, graph neural networks are increasingly being explored for
their ability to model topological and spatial relationships in power
grids. By treating substations, feeders, and consumers as nodes in a
graph, graph neural networks can capture spatial dependencies and in-
terconnectivity patterns that influence the propagation of the peak load.
While their application in peak demand forecasting remains nascent, re-
cent studies on general load forecasting [256,257] suggest that graph
neural networks hold promise for localized forecasting, especially in
distributed grid environments.

6.2.4. Integration with smart grid technologies

IoT and real-time data, including smart meter readings and sen-
sor networks, substantially improve the responsiveness of forecasts
[204,207]. One optimal strategy is the deployment of edge-based pre-
processing and local anomaly filtering, which reduces data transmission
loads and enhances real-time responsiveness while preserving critical
load characteristics. While interoperability across heterogeneous IoT
systems remains a significant challenge, addressing it is crucial for en-
abling real-time forecasting that can directly support demand response
strategies and grid operations. For example, smart meter data enable the
disaggregation of household energy consumption, allowing models to
identify specific patterns of appliance usage and predict peak demands
with higher accuracy [85,228]. Additionally, the integration of sensor
networks within industrial and commercial buildings facilitates the col-
lection of detailed operational data, which can be leveraged to enhance
STPDF [20,117]. To ensure scalability, cloud-based or modular stream-
ing architectures allow real-time data pipelines to scale horizontally
while maintaining low latency. Moreover, data quality can be improved
through automated validation layers that filter out sensor faults, commu-
nication errors, and temporal inconsistencies prior to model ingestion.
These advancements not only improve forecast precision but also sup-
port the integration of DERs such as solar PV and battery storage
systems, thereby fostering a more resilient and sustainable energy grid
[21,64].

6.2.5. Sustainability and resilience focus

Climate adaptation is increasingly shaping the objectives and
methodologies of peak demand forecasting, particularly in the modeling
of extreme events such as heatwaves or severe storms [29,48]. Models
incorporating probabilistic methods or extreme value theory may yield
better insights into risk and system resilience. By capturing the tail be-
havior of load distributions, these methods allow forecasters to quantify
uncertainty and prepare for low-probability, high-impact events, which
are expected to increase under climate change scenarios. As power sys-
tems incorporate larger proportions of renewables, these approaches
also inform operational decisions about energy storage and distribution,
ensuring grid stability even under climate-induced supply and demand
fluctuations [21,207]. Recent studies show the growing emphasis on
sustainability by combining probabilistic forecasting frameworks with
policy-oriented variables, such as DSM participation and renewable en-
ergy penetration [42,66]. By simulating different policies or technology
adoption scenarios, grid operators can evaluate possible resilience mea-
sures and identify high-risk periods well before they occur [125]. These
methods can support adaptive planning by simulating how different ex-
ternal scenarios, such as policy shifts or environmental conditions, may
affect system performance, thereby informing strategic decisions around
flexible resource deployment.

Moreover, multi-resolution models capture both localized weather
impacts and broader system trends, offering comprehensive insights
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into grid vulnerabilities and resource adequacy [199,238]. Furthermore,
multi-horizon frameworks are gaining traction as they address overlap-
ping forecasting needs across short-term, medium-term, and long-term
planning horizons [8,225]. These comprehensive models integrate daily,
weekly, and even annual projections to provide a unified platform
for scheduling, operational control, and strategic investment decisions
[157,207]. To further enhance climate resilience, forecasting frame-
works should evolve toward integrated platforms that link probabilistic
forecasting with scenario-based planning tools. This enables system
operators to assess trade-offs between operational reliability, storage
deployment, and emission reduction goals. These sustainability-focused
efforts not only enhance the accuracy of predictions during normal con-
ditions but also strengthen the ability of the grid to withstand and
recover from extreme weather events, aligning peak demand forecast-
ing with broader green energy goals and climate adaptation strategies
[52,131].

7. Conclusion

This review of 186 studies traces the progression of peak demand
forecasting from statistical baselines to machine learning and hybrid
approaches, with emphasis on the elements that improve predictive per-
formance in practice. It aggregates published evidence and does not
include new case studies, proprietary methods, or interviews. These
will be valuable in future work that traces organisational processes
and deployment details in specific utilities. To retain contextual nuance
without new data collection, we stratify the synthesis by forecast hori-
zon, geographic scale, and data regime, and report areas of agreement
and disagreement across study clusters. Our conclusions are therefore
bounded by the literature base and are framed as patterns that recur
across methods, horizons, and regions. Statistical models continue to
play a central role because they make trends and seasonality explicit
and provide transparent benchmarks. Machine learning methods add the
capacity to capture non-linear effects and interactions that drive peaks
when data are carefully curated and validation is rigorous. Forecasting
outputs also need to move beyond a single peak value, since duration
and variability determine reserves, ramping, and flexibility in systems
with high renewable and distributed resources.

The choice of method is shaped by the operational task. Short-term
peak forecasting benefits from sequential hybrids, where denoising or
decomposition prepares the signal and non-linear learners capture resid-
ual spikes at sub-hourly or hourly horizons. Feeder and regional stability
tasks are supported by parallel hybrids that combine complementary
error patterns across locations while preserving local variability. Long-
term planning requires physics-informed designs that incorporate ca-
pacity margins, demand response constraints, and tariff rules so that
multi-year peak risks remain feasible under policy and network limits.

Machine learning has expanded the forecasting toolkit, but its use for
peak events faces clear limitations that remain open for future research.
Extremes are rare, which makes generalisation difficult and increases
the likelihood of overfitting in complex hybrids. Smart meter and feeder
data often contain gaps, noise, and misalignment, which can obscure
peak shape and timing unless properly cleaned. Real-time applica-
tions are constrained by latency and computational load when forecasts
must update continuously with new weather and distributed energy
signals. Transparency also remains uneven. Post-hoc explanations pro-
vide partial insights, but operators and regulators require peak-focused
justifications that identify the drivers of exceedance risk at a given
lead time and clarify how uncertainty affects decisions such as reserve
procurement or demand response.

From these observations, a focused roadmap for future research
and practice can be outlined. Four priorities stand out. First, meth-
ods must become more robust by addressing data gaps, noise, and rare
extreme events, supported by probabilistic forecasts that quantify un-
certainty. Second, interpretability needs to be strengthened through
attribution of peak risk to specific drivers and the use of intrinsically
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interpretable components. Third, scalability should be improved, for
example, through edge preprocessing, quality gates, and federated
learning that make high-frequency data usable without compromising
privacy or timeliness. Finally, evaluation practices must be standardized,
with stress-testing under missing data and backtesting against historic
extremes reported consistently across horizons and regions.

Peak demand forecasting now has a broader toolset than a decade
ago, but its value depends on how well methods are aligned with op-
erational decisions. When hybrid strategies are matched to horizon and
scale, when outputs capture both duration and variability, when uncer-
tainty in peak risk is quantified, and when explanations are tailored to
operator needs, machine learning approaches can improve accuracy and
reliability while remaining usable for system operators, planners, and
regulators.
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