PPN forecasting ﬁw\p\w

Review

Advances in Similar Day Methods for Short-Term Load
Forecasting for Power Systems

3

Monica Borunda "*, Luis Conde-Lépez 2(”, Gerardo Ruiz-Chavarria 307, Guadalupe Lopez Lopez 1,

Victor M. Alvarado *©0 and Edgardo de Jestis Carrera Avendaiio

Secretarfa de Ciencia, Humanidades, Tecnologia e Innovacién, Tecnolégico Nacional de México, Centro
Nacional de Investigacién y Desarrollo Tecnolégico, Cuernavaca 62490, Mexico

Centro Nacional de Control de Energia, Gerencia de Control Regional Oriental,

Heroica Puebla de Zaragoza 72307, Mexico; luis.conde@cenace.gob.mx

Facultad de Ciencias, Universidad Nacional Auténoma de México, Mexico City 04510, Mexico;
gruiz@unam.mx

Centro Nacional de Investigacién y Desarrollo Tecnoldgico, Tecnolégico Nacional de

México (TecNM/CENIDET), Cuernavaca 62490, Mexico; guadalupe ll@cenidet.tecnm.mx (G.L.L.);
victor.am@cenidet.tecnm.mx (V.M.A.); edgardo.cap@cenidet.tecnm.mx (E.d.J.C.A.)

Correspondence: monica.bp@cenidet.tecnm.mx; Tel.: +52-55-4009-9106

Highlights

What are the main findings?

e A study of the literature on short-term load forecasting was conducted using the
similar day (SD) methodology. The study focused on the last 25 years and covered
conventional, intelligent, and hybrid methods.

o  The methods operate in three stages: (a) selecting similar days; (b) choosing forecasting
techniques; and (c) integrating both steps to produce the short-term forecasted load
demand profile.

What are the implications of the main findings?

e  The operation of power systems is changing rapidly compared with just a few years
ago. Modern power system operation is increasingly complex due to uneven grid
expansion, high renewable penetration, and new technologies that change demand
behavior unpredictably. Additionally, unusual events occur more frequently, con-
tributing to this unpredictability. Therefore, forecasting tools need to be revisited and
improved continuously if they are to remain useful in real operating conditions.

e  The literature studied for this work indicated that very few methods have been de-
veloped for forecasting similar days, highlighting the need for forecasting tools that

remain accurate under abnormal or disruptive conditions. Attempts in this direction
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could include generating synthetic data and a history of similar days only in extreme
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the relevant literature on short-term load forecasting using SD methods reported between
2000 and 2025. This study analyzes how similarity is defined, how forecasts are generated,
and how both stages interact within the complete forecasting process in the reviewed
literature. Based on these criteria, a unified taxonomy is proposed to classify SD methods
into conventional, intelligent, and hybrid formulations. This study provides insight into
the methodologies, their performance, and the systems in which they have been tested.
The results show that SD-based approaches remain competitive for short-term forecasting
and that incorporating artificial intelligence techniques can further enhance their accuracy.

Keywords: artificial intelligence; energy demand; day-ahead load forecasting; load forecast-
ing; machine learning; power systems; similar day; short-term load forecasting; time series

1. Introduction

Currently, decarbonization is an urgent priority that must be pursued from every
possible front. To achieve carbon-neutral energy systems, cleaner energy sources must be
utilized, along with improved energy efficiency and management in energy systems [1,2].
Energy systems consist of electrical loads ranging from a few watts to hundreds of gigawatts
that must be supplied by electrical generation. A set of interconnected electrical components
that generate, transmit, and distribute electrical energy from power plants to satisfy load
demand is a power system. Thus, electrical load forecasting is essential for the success of
power systems, from their design and installation to their operation and maintenance [3-5].

Electrical load forecasting is needed at multiple timescales [6,7]. The load forecasting
horizons can be categorized as follows [8]:

e  Very short-term forecasts, ranging from minutes to one hour ahead, are essential for
managing contingencies using supplementary reserves or interruptible loads.

e  Short-term forecasts, ranging from hours to a few days ahead, are required for unit
commitment, the electric market, and reserve allocation [9]. In particular, in this time
horizon lies the day-ahead load forecasting, which is crucial for economic dispatch, the
electrical market, and the balance between all types of electric generation and storage.

e  Medium-term forecasts, ranging from a few days to weeks, are useful for maintenance
and fuel requirements.

e Long-term forecasts, ranging from months to years, are needed for investments and
expansion studies.

Given that renewable penetration, particularly the intermittent forms, and demand
variability continue to grow, accurate short-term load forecasting becomes more and more
important every day for system operators [10]. Even early on, methods that extracted infor-
mation from historical patterns were practical tools for anticipating next-day consumption,
such as the SD method.

The SD method is one of the oldest, most intuitive, and most used methods currently
in electrical utilities. In its simplest form, the SD method assumes that energy patterns
repeat under comparable weather and calendar conditions, making historical analogs a
valuable basis for forecasting. Although no publication documents the introduction of
the SD method, it is believed that utilities have applied it since the 1970s, since it was
documented in the 1980s [11]; it is described as an analogous day-selection procedure in
utility practices of the North American Electric Reliability Council (NERC) [12]. Indeed,
early implementations consisted of identifying similar days based on calendar attributes
or basic weather variables, and their load curves were used, directly or combined with
simple statistical calculations, to provide the day-ahead load curve. Since the methods were
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intuitive, easy to implement, and computationally low-cost, they were adopted by many
utility company operators. Later works formalized this idea by interpreting SD forecasting
as a pattern similarity problem in the space of daily load profiles, providing a theoretical
foundation for modern SD-based methods [13,14].

In recent years, the development of larger and more complex power systems, coupled
with the availability of vast amounts of high-resolution data and a growing demand for
improved forecasting quality, has posed significant challenges. To address this issue, which
is becoming a strategic focus in energy transition research, efforts are underway to develop
forecasting methodologies that achieve the following;:

(a) Capture the know-how of forecasting operators with data-driven information;

(b) Integrate more variables;

(c) Capture nonlinear behaviors;

(d) Account for structural changes in demand.

These methodologies include data-driven approaches, complex forecasting systems,
and the use of sophisticated tools, such as Al, either alone or in combination [15]. In
particular, load forecasting approaches can be broadly categorized into similarity-based
methods, data-driven deep learning models, and hybrid approaches, as shown in Figure 1.
While modern deep learning models, such as recurrent neural networks and Transformer-
based architectures learn temporal dependencies directly from historical data, similar day
methods rely on explicit similarity metrics to identify historical analog days.

LOAD FORECASTING METHODS

|
[ [ |

Similar Day Methods Deep Learning Forecasting Hybrid Approaches
(Objective of this review) Models Similarity + ML/DL
I I I
I I I I I I
. s - e RNN-based models Clustering + DL
Classh',f:tlhso'g‘s"a’ 187 '"tgg'g;";timslar' (LSTM, GRU) Similar-Day + ML
Y CNN models Pattern filtering

Attention models
(Transformers)

Figure 1. Conceptual taxonomy of load forecasting approaches, highlighting the position of similar
day methods within the broader forecasting landscape.

In recent years, deep learning architectures, such as recurrent neural networks and
Transformer-based models, have shown promising results in load forecasting due to their
ability to learn complex temporal dependencies. However, unlike similar day methods,
most of these approaches typically rely on data-driven representation learning rather than
explicit similarity-based selection of historical analog days [16-18].

This review focuses on similar day forecasting approaches.

Despite this evolution, the literature lacks a consolidated technical synthesis that
describes how SD methods have developed, which components drive their performance,
and how recent machine learning (ML)-enhanced or hybrid approaches relate to the original
formulation. Most existing studies focus on proposing new variations rather than situating
them within a coherent methodological structure.

This review addresses that gap by offering a technical perspective on SD-based fore-
casting. Specifically, this review achieves the following:

1.  Summarizes some recent advances in SD-based forecasting methods;
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2. Presents a structured taxonomy organizing the literature into a clear classification
based on similarity definition, forecasting model, and integration strategy;

3. Provides a comparison of approaches analyzing trends, performance ranges, and key
technical insights reported over the past two decades.

It is important to clarify that, in this work, conventional methods refer to methods that
do not use Al techniques, including heuristic, statistical, and other non-intelligent methods.

The goal of this work is to provide a structured view of SD-based methods for short-
term load forecasting and to highlight the developments that have shaped their perfor-
mance in contemporary power systems. The remainder of this work is structured as follows.
Section 2 presents the conceptual background of SD methods for short-term load forecast-
ing and introduces the analytical perspective and the taxonomy employed to classify SD
forecasting methods according to their structural characteristics. Section 3 presents the
results of the review, including a comparative analysis and identification of key technical
findings. Section 4 provides a critical discussion of the reviewed approaches, highlighting
cross-cutting comparisons, analytical insights, and practical implications for power system
operators. Finally, Section 5 concludes the paper and outlines directions for future research.

2. Materials and Methods

This section presents the conceptual background of SD methods for short-term load
forecasting together with the definition of the variables and the similarity metrics used
in conventional SD selection and describing the approaches followed in intelligent SD
selection. Additionally, the analytical perspective adopted in this work and the taxonomy
that groups SD forecasting methods according to their structural characteristics are outlined
at the end of this section.

2.1. Similar Day Method Background

The SD approach has been employed in short-term load forecasting for several decades
and continues to be one of the most practical ways to incorporate historical information
into prediction tasks. The SD method relies on the core assumption that if certain days in
the past share similar conditions with the target day, then their load profiles may be very
similar to that of the future target day. Early versions of the SD approach relied mainly
on simple rules, such as matching calendar characteristics or weather conditions [19], and
were widely adopted because they had low computational requirements and were easy for
system operators to interpret.

As more data became available, forecasting demands became more complex, and
the SD formulation expanded. Besides load data, additional variables, such as day type,
meteorological conditions, and various pattern indicators, were incorporated to better
define day-to-day similarity. Thus, the SD approaches expanded from a single, heuristic
procedure to a diverse set of techniques for selecting similar days and integrating them
into forecasting models. As part of the evolution of SD formulations, several studies
focused on identifying and classifying daily load patterns using data-driven techniques.
For instance, Zhang et al. (2012) proposed a clustering-based approach to extract typical
load profiles from high-resolution daily load curves of large electricity customers [20].
Although this work does not perform load forecasting or SD selection, it illustrates how
pattern recognition and clustering techniques can capture representative demand behaviors.
Such approaches later influenced intelligent SD methodologies, where clustering is used
intelligently as a preliminary step to identify candidate similar days or to enhance similarity
definitions beyond simple calendar or weather rules.

It is worth noting that some studies do not adopt calendar-based SD rules in a strict
sense but instead identify analogous historical instances through pattern-based similarity
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or data-driven partitioning of historical observations. Although these approaches differ
from conventional SD formulations, they share the same underlying principle of retrieving
historical analogs to support short-term load forecasting. For this reason, pattern-based sim-
ilarity methods [13,14] are considered within the broader scope of SD-inspired approaches,
particularly when intelligent or data-driven techniques, such as clustering, are used to
define similarity beyond explicit calendar or weather features matching the target day, thus
laying the foundation for intelligent and pattern-based SD methodologies [21].

Despite this diversity, as previously mentioned, most SD approaches share three
elements that form their backbone. The first is the definition of similarity, which determines
how candidate days are identified in the historical record as similar days. The second is
the forecasting model that uses the selected days, ranging from classical statistical tools to
more advanced machine learning algorithms. The third is the integration of the selection
and modeling, since the SD step can shape both the structure and inputs of the forecasting
model in different ways.

The evolution of SD approaches has evolved from conventional to intelligent methods,
and, more recently, to hybrid methods, where similarity conditions coexist with clustering,
optimization, or machine learning techniques. Therefore, a trend in load forecasting is
emerging, combining domain knowledge with data-driven methods to develop more
accurate and robust methodologies. Therefore, organizing SD approaches into a consistent
framework is useful for comparing them effectively and understanding their relationships.
The following subsections build this foundation, starting with the variables and distance
metrics that define similarity in SD-based forecasting.

2.2. Variables and Similarity Metrics

The SD approach is based on the premise that daily electricity demand patterns repeat
under comparable conditions. So, this approach relies on the definition of similarity be-
tween the target day and historical days. Thus, the first step of this process is the selection
of the conditions or characteristics, also known as similarity-defining features, which are
used to quantify similarity between days. However, similarity-defining features are time-
varying quantities underlying time series, such as historical load profiles, meteorological
observations, or calendar-related variables. For this reason, similarity-defining features can
be regarded as explanatory variables, since they evolve over time and describe the factors
that directly influence load dynamics, playing the role of explanatory variables in load
forecasting models. The explanatory variables capture temporal, climatic, and/or behav-
ioral patterns relevant to load demand. In many SD formulations, distances are computed
directly over historical load profiles, which constitute a particular case of similarity-defining
features. In addition to explicit distance-based similarity metrics, modern SD approaches
increasingly rely on learning-based similarity measures, where similarity is implicitly
learned through clustering, representation learning, or machine learning models rather
than predefined distance functions.

Hence, in SD forecasting, the definition of similarity depends on two elements:

(a) The set of variables selected to characterize the demand conditions;
(b) The metric used to compare these variables and quantify similarity between the target
day and historical days.

2.2.1. Variable Categories

SD methods for load forecasting typically use three main categories of explanatory vari-
ables:
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1.  Load variables, which incorporate short-term load history, such as the previous day’s
demand or recent load profiles representing temporal continuity and system inertia
in consumption behavior;

2. Weather-related variables, which correspond to meteorological conditions that may
influence electricity consumption, such as temperature, humidity, solar radiation,
wind speed, and other meteorological parameters;

3.  Temporal variables, which reflect calendar structure, such as the day of the week, hour,
season, holidays, working or non-working period, or special events, which capture
recurrent behavioral and operational patterns.

However, more categories could be considered, such as the following;:

4. Economic variables, which measure regional economic activity or performance, such
as regional gross domestic product, per capita income, electricity rates, inflation and
exchange rates, energy regulation, and economic crises;

5. Political variables, which represent the political activity of the region, such as public
policies, regulations, subsidies, tariff structures, international agreements, climate
commitments, presidential or congressional elections, political instability, and gover-
nance;

6.  Social variables, which characterize the region’s society, such as holidays, social events
and festivities, population density, level of urbanization, and social infrastructure.

2.2.2. Similarity Metrics

Once the variables are selected, the next step is to determine how to quantify the
similarity of the chosen variables between the target day and historical days. Several
distance metrics have been used for this purpose, ranging from simple to more elaborate
formulations [22-24]. Table 1 shows the main metrics used in conventional SD approaches.

Table 1. Similarity metrics used to quantify the similarity of the chosen variables between the forecast
day and historical days, where v(t) is the explanatory variable, with o the corresponding mean value,
chosen to find the similar days, at hour ¢, i € H runs from 1 to n and corresponds to a historical
day in the group of historical data H, and f corresponds to the forecast day, and i* is the similar
day value that, when maximized or minimized, determines the similar day. Additionally, AL; is the
deviation of the load of the forecast day and the historical day i, AL, ; is the deviation between their
load slopes, Av; is the deviation of the variable v chosen to find the similarity between the forecast
and the historical day i, and w;, w,, and w3 are the corresponding weight factors.

Name of the Metric Analytical Expression Condition for SD Selection
N2 o . .
Euclidean distance de(f,i) = \/Eﬁl (v(t)f _ v(t)’) * = argmin de(f,1)
Weighted Euclidean 5 A (f,1) = 5 5 i* = argmin dy, (f, 1)
distance \/wl (AL;)" +wo(ALs ;)" + w3 (Avy) ieH
Manhattan distance du(f,i) =Y, ’U(t)f - v(t)i' = arglrrelig dm(f,7)
. i (o) o)’
Cosine similarity cos(f,i) = t ]( )

i* = argmax cos(f, 1)
ie H

VIR (o)’ i (o)

Pearson correlation
coefficient

o(tY =) (v(t)' =7
r(f.i)= Z%il( v i)( - > 2 i* = argmaxr(f, 1)
VIR (o0 o) 22 (o) e

As shown below, the Euclidean and weighted distances are the most used, followed
by the Manhattan distance. However, there are also a few works that use the Cosine metric

https://doi.org/10.3390/ forecast8020032


https://doi.org/10.3390/forecast8020032

Forecasting 2026, 8, 32

7 of 50

and the Pearson coefficient. Nevertheless, there are probabilistic or fuzzy similarity indices,
which allow partial membership when weather uncertainty is significant [25]. More recent
work explores distances learned through machine learning models, with clustering being
the most common one, which capture structures not directly visible in raw variables alone
or in big datasets.

Since SD approaches involve the choice of variables and the distance metric, their
sensitivity to weather anomalies, structural breaks, or changes in user behavior is different.
Some approaches explicitly tune the metric or adjust the variable set to reduce these effects.
Others embed the similarity computation within optimization or hybrid schemes, using
learned weights to emphasize the variables most relevant to demand variability.

Thus, the combination of variables and distance metrics forms the foundation for
defining and evaluating the concept of similarity and strongly influences SD performance.
Indeed, this foundation is essential for interpreting how conventional, Al-based, or hybrid
SD methods behave and sets the stage for the analytical and taxonomic perspectives
introduced in the next section.

It is worth noting that not all similarity-based load forecasting approaches operate at
the level of individual days. Some recent studies explore similarity at an aggregated or
regional scale, where entire load profiles (daily, weekly, or yearly) are compared across
different systems rather than selecting analogous historical days for a specific target date.
For instance, clustering-based regional similarity combined with transfer learning has been
proposed to exploit structural similarities among power systems, enabling knowledge
transfer across regions with limited historical data [26]. Although these approaches do
not follow the traditional or pattern-based similar day paradigm, they reflect a broader
evolution of similarity concepts in load forecasting and highlight alternative ways of
leveraging historical information beyond day-level analogies.

2.3. Analytical Approach

In this work, the examination of SD methods follows a technical perspective, focusing
on how these approaches are built and how they have changed over time. This analysis
focuses on understanding the structure behind SD techniques rather than compiling an
exhaustive list of publications.

While reviewing the literature, three aspects appeared consistently across SD ap-
proaches, even when described in different forms:

1. The choice of variables and similarity criteria, which determines how historical days
are selected to form the set of similar days;

2. The forecasting model that uses information from the selected days;

3. The integration of the previous parts to complete the forecasting process.

By focusing on these shared structural elements, different SD variants can be com-
pared under a unified framework that highlights the progressive integration of machine
learning, optimization techniques, and hybrid architectures, and more elaborate definitions
of similarity. Understanding this evolution is essential for formulating a coherent taxonomy,
which is presented in the following subsection to organize SD methods according to their
operational structure and modeling strategy.

Finally, forecasting performance is evaluated using the Mean Absolute Percentage
Error (MAPE), given by

MAPE = l%
N i=1

YT H 100%, )

Xi

where x; and £; are the real and predicted N values of the variable, respectively. Even
though there are other errors such as Mean Absolute Error (MAE), the Root Mean Squared
Error (RMSE), the MAPE is one of the most common metrics to measure the accuracy of a
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forecasting model due to its interpretability and suitability for comparing systems with
different load magnitudes [27].

2.4. Proposed Taxonomy Diagram

The taxonomy diagram, shown in Figure 2, presents a structured classification of SD-
based short-term load forecasting approaches by decomposing them into their fundamental
building blocks. Rather than cataloging individual studies, the taxonomy focuses on the
structural logic that defines how SD methods operate, evolve, and relate to one another. It
organizes SD approaches into three conceptual layers, each representing a key decision in
the forecasting process.

(1) Similar Day Selection

Conventional SD Intelligent SD (Al) Hybrid SD
(Rule-based) (Optimized/ML-Enhanced) (Combined Approaches)
= Type of day = Clustering-based SD = Feature extraction
= Weather-based rules = Metaheuristic tuning = Wavelet+SD
= Calendar similarity = Learning similarity metrics = SD + ML feature fusion

Load-shape heuristics

(2) Forecasting Model

Conventional models Al-based Forecasting Hybrid Models
(Statistical) (ML models) (ML + Statistical)
= ARIMA/SARIMA = SVR, RF, Gradient Boosting = ML-corrected ARIMA
= Regression models = kNN, Elastic Net = Residual hybrid models
= Exponential smoothing = Ensembles = Multi-stage forecasting

(3) Integrated SD Forecasting Strategies

= Conventional SD + Conventional Forecasting = Intelligent SD + Conventional Forecasting
= Conventional SD + Intelligent Forecasting = |ntelligent SD + Intelligent Forecasting

= Hybrid SD Forecasting
Figure 2. Taxonomy of the SD-based methods for short-term load forecasting.

The following section presents the reviewed literature organized according to this
taxonomy together with an analysis of the methodologies highlighting the most impor-
tant findings.

- First Layer: Similarity Selection Mechanism

The first layer classifies SD methods according to how similar days are identified from
historical data. This layer reflects the knowledge paradigm used to define similarity.

e  Conventional SD methods rely on explicit, rule-based criteria derived from domain
expertise, such as calendar attributes (day type, season, holidays) and basic weather
conditions. These approaches do not use Al techniques and have been widely adopted
in utilities due to their simplicity, transparency, and low computational cost.

e Intelligent SD methods employ data-driven techniques—such as clustering, optimiza-
tion algorithms, or machine learning—to identify similar days. These methods are
particularly effective when large datasets are available, as they can uncover latent
structures and complex similarity patterns not captured by simple rules.

e  Hybrid SD methods combine conventional similarity rules with intelligent or signal-
processing techniques. By merging explicit domain knowledge with data-driven
similarity learning, hybrid approaches aim to capture more complex and nonlinear
demand behaviors.

This layer highlights the evolution of SD similarity definition from heuristic rules to
intelligent and hybrid formulations.
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- Second Layer: Forecasting Model

The second layer categorizes the forecasting models applied after the similar days have
been selected. It reflects how information extracted from historical analogs is transformed
into load predictions.

e  Conventional forecasting models include classical statistical techniques such as linear
regression, exponential smoothing, and ARIMA. These models are interpretable and
computationally efficient but limited in capturing nonlinear relationships.

e  Al-based forecasting models use machine learning and data-driven techniques, such
as Support Vector Regression, Random Forests, gradient boosting, neural networks,
and ensemble learners. These models are capable of modeling nonlinearities and
complex interactions among variables.

e  Hybrid forecasting models integrate multiple forecasting techniques, often through
multi-stage architectures or residual correction schemes, to improve accuracy and ro-
bustness.

This layer emphasizes that forecasting accuracy depends not only on similarity selec-
tion but also on the modeling strategy applied to the selected data.

- Third Layer: Integrated Forecasting Strategy

The third layer represents the interaction between similarity selection and forecasting
models, defining the overall SD-based forecasting architecture. Different combinations
are possible:

e  Conventional SD combined with conventional or Al-based forecasting models.

e Intelligent SD combined with conventional or Al-based forecasting models.

e  Fully hybrid systems, where both similarity selection and forecasting models are hy-
bridized.

The choice of integration strategy depends on data availability, system complexity, and
operational constraints. This layer underscores that SD forecasting is not a single algorithm
but a modular framework, where similarity identification and prediction modeling jointly
determine performance.

3. Results
3.1. Structured Organization of the Literature

The reviewed literature spans more than two decades (approximately 2001-2025),
revealing a clear methodological evolution in SD-based short-term load forecasting. Early
studies predominantly relied on rule-based similarity selection combined with conven-
tional statistical forecasting models, while more recent works increasingly incorporate
artificial intelligence either in the similarity selection stage, the forecasting model, or both.
This evolution culminates in hybrid SD frameworks that integrate multi-stage or fused
methodologies. Figure 3 summarizes the percentage of the literature studied according to
the proposed taxonomy of a total of 83 reviewed works. The results are as follows:

e  Conventional SD approaches correspond to 39% (outer ring): 11% utilize conventional
forecasting methods, while 28% employ intelligent forecasting methods (inner ring).

e Intelligent SD approaches correspond to 14% (outer ring): 6% use conventional fore-
casting methods and 8% apply intelligent forecasting methods (inner ring).

e  Hybrid approaches, either on SD or forecasting methodologies, correspond to the
remaining 47% (outer and inner ring).
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4

Figure 3. Distribution of the literature with methodologies according to the classifications in the
proposed taxonomy.

Most studies utilize data from various countries worldwide. China leads in job num-
bers, followed by the USA, Australia, Japan, and India. Figure 4 illustrates the participation
rates for the various countries. Despite regional differences, the explanatory variables
used to determine similarity remain fairly consistent across the studies. Load, weather,
and calendar variables dominate the selection process, while economic or social indicators
appear in a small number of works.

= China
= USA
= Australia
4 % = Japan
= India
= Competitions
% = Spain
n = Mexico
m . UK
= Iran
” = Korea
¢ = Slovakia

¢ = Uruguay
= Serbia

= Thailand

n = Singapore

= Others

Figure 4. Percentage of countries where the different SD forecasting approaches from the revised
literature have been applied. The level “competitions” refer to organized networks to compete on
electricity load forecasting.

3.2. Literature Search and Selection Criteria

The literature search was conducted using major scientific databases, including IEEE
Xplore Digital Library, Scopus, Web of Science, ScienceDirect, and SpringerLink. These
databases were selected to ensure comprehensive coverage of the peer-reviewed literature
in engineering and energy systems.

The literature search was conducted using a set of predefined keywords associated
with short-term load forecasting and similar day approaches. The primary search terms
included “short-term load forecasting”, “day-ahead load forecasting”, “similar days”, and
“power systems”. These terms were combined using logical operators (AND, OR) and
applied across multiple scientific databases to ensure a comprehensive and systematic iden-
tification of relevant studies. Additional variations and related terms were also considered
to capture different formulations used in the literature.

In addition to the inclusion criteria, exclusion criteria were applied to ensure the
relevance of the selected studies. Studies focusing on load forecasting in domains other
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than power systems—such as buildings, electric vehicles, residential households, or micro-
level energy consumption—were excluded. The review specifically targets forecasting
methods applied to power system-level demand, ensuring consistency in the scope and
applicability of the analyzed studies.

3.3. Taxonomy of Similar Day Forecasting Approaches

In this subsection, we summarize some of the most recent works published. The
works are organized in tables according to the taxonomy described above, which is also
illustrated in the last layer of Figure 2. The main information extracted from these studies
includes (a) the SD selection method, (b) the forecasting technique applied, (c) the input
variables used, (d) the reported forecasting error, and (e) the country where the power
system data was collected. As mentioned at the end of Section 2.3, the forecasted error
is provided by the MAPE. In general, we include the minimum and maximum values
reported in the literature, but in the cases where this information is missing, we specify the
reported forecasting error. Finally, unless otherwise stated, the target variable in all studies
is the electricity load demand (hourly, daily, or peak load, depending on the references) of
power systems.

It is important to highlight that although multiple performance metrics are used in the
literature, including the RMSE and the MAE, the MAPE remains the most widely adopted
metric in short-term load forecasting due to its interpretability and scale-independence.
For this reason, the comparative analysis in this review is primarily based on MAPE values.
However, it is noted that only 4 out of 85 revised references do not report the MAPE, as
explicitly stated in the tables.

3.3.1. Conventional Similar Day Methods and Conventional Forecasting Approaches

The summary of some main works employing conventional approaches for similar
day classification and load forecasting is presented in Table 2.

Therefore, the short-term load forecasting methodologies under the category of conven-
tional SD with conventional forecasting methods mainly use day-type rules and Euclidean
distance metrics on load and temperature data for similar day selection. Moreover, as
forecasting methodologies they employ regression, ARIMA or exponential smoothing,
among others.

3.3.2. Conventional Similar Day Methods and Intelligent Forecasting Approaches

The summary of major works using conventional methods for similar day classification
and intelligent techniques for load forecasting is provided in Table 3.

Thus, the short-term load forecasting methodologies under the category of conven-
tional SD with intelligent forecasting methods mainly use day-type/calendar rules or
distance metrics on load and temperature data for similar day selection. However, as
forecasting methodologies, they employ machine learning techniques such as ANN, SVM
and Random Forest, among others, or shallow deep learning models.

3.3.3. Intelligent Similar Day Methods and Conventional Forecasting Approaches

The summary of key works utilizing intelligent methods for similar day classification
and conventional techniques for load forecasting is presented in Table 4.
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Table 2. Summary of key information on forecasting methods using conventional similar day classification and conventional load forecasting techniques.
Author, Year, Conventional Similar Day Conventional Technique for Input Model Type of Achieved MAPE (%) Data Source
and Reference Selection Method Load Forecasting Variables Target Day (min, max) (Location)
A base load forecast with the
Similar days are calculated = weighted load from similar days .
. L . Temperature, day Daily: o -
using heuristic rules based  is calculated, and then . . Virginia Electricity
Rahman et al., ; . type, season, time of Weekdays, (2.43, 3.30); 2
on season, day type, time corrections from a Base Factor . Utility,
1988 [28] : day, and load data weekends Hourly:
of day, and dry-bulb and a Dynamic Temperature USA
Lo . . from 1983 (0.43,5.43)
temperature similarity Factor associated with
temperature are applied
Euclidean distance First, the total daily energy is Monthlv:
. considering the daily forecasted, and then the daily Temperature, day Weekdays, Y Power Utility of
Ruzic et al., 2003 e (1.21, 2.58); .
[29] energy, temperature, day load shape definition is type, and load data Weekends, Dailv: Serbia,
type, and time distance determined based on the type of from 1988 to 1998 holidays a 48y’4 18) Serbia
factor day T
Constructs an
tzrcl)crllz(c_lrer;?rﬁ) plc?ag (iata: e The forecasted load is calculated Temperature, da Weekdays
Mu et al., 2010 & cay type, from the weighted average of P »qay S Daily: Hainan Power Grid,
week, and temperature, L . . type, week type, and ~ weekends, .
[30] . the similar load profiles using . (0.24, 1.67) China
and then uses Cosine L . load data from 2008 holidays
S enhanced similarity weights
similarity to choose the
similar days
The total load is decoupled into
the secular trend load, which is
forecasted using a nonlinear
Similar days are time polynomial regression and  Temperature, wind . .
. s . o . . Regional Chinese
Jin, 2011 constructed by minimizing meteorological load, which is speed, humidity, Generic da Daily: OWer compan
[31] the Euclidean distance of forecasted using linear rainfall, and load data y (0.01, 7.66) b pany

China
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Table 2. Cont.

Author, Year, Conventional Similar Day Conventional Technique for Input Model Type of Achieved MAPE (%) Data Source
and Reference Selection Method Load Forecasting Variables Target Day (min, max) (Location)
Similarities between daily
Dudek, 2015 patterns of the > easone}l Average of similar daily load Load data from 2002 Daily: Polish Power System,
cycles of load time series Weekdays
[13] using Euclidean and patterns to 2004 (1.90-9.44) Poland
Manhattan distances
Similar days are selected .
. . using the box-counting The forgcasted load is . . Eastern Slovakian
Jian-Kai et al., . ) determined by a Fractal Weekdays, Daily relative error: .
fractal dimension of the . . o . 4 Electricity
2015 . . Interpolation Function, which is  Daily load curves weekends, Maximum—3.7; .
daily load curves, using the . Corporation,
[32] constructed through an Iterated holidays Average—1.6 .
fractal measure as the - Slovakia
similarity Function System
A priority index of similar The system is partitioned into
Karimi et al days involving the ?ﬁ:if;tézgllg:j :g] }Sgigined Daily: Iran’s National Power
v weighted Euclidean norm . o Load data from 2011 Weekdays, (0.91,1.27)
2018 according to the priority index Network,
of the temperature of the to 2014 weekends Average:
[33] . . and the forecasted load; the Iran
cities in the region and date . 1.01
roximity forecasted load is the sum of the
P former ones
The Behind-the-Meter
Photovoltaic effect of the similar
day groups is removed; then, Holiday type, day of
Similar davs are selected genetic algorithms are used to the week, temperature, Daily:
- cay . optimize a weather threshold Behind-The-Meter (0.79,4.73) Korean power system
Son et al., 2022 according to the holiday e . . . . .
[34] pattern and the day of the and a sensitivity matrix for each Photovoltaic Holidays Average in a year: operator,
week similar load profile; and finally, = generation, and the 2018,1.76 Republic of Korea
the forecasted load profile is load data from 2018 to 2019, 2.62
obtained by the weighted 2019

aggregation of the modified
profiles
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Table 2. Cont.

Author, Year, Conventional Similar Day Conventional Technique for Input Model Type of Achieved MAPE (%) Data Source
and Reference Selection Method Load Forecasting Variables Target Day (min, max) (Location)
Monthly:
(0.50, 2.14);
The forecasted maximum load is Weekdays, Blackout day:
Conde-Lépez Similar days based on . . Temperature, day weekends, 44.00; National Center for
- obtained by pattern matching .
et al., 2025 calendar day and similar . . type, and load data holidays, Cold front: Energy Control,
. and heuristic correction from !
[35] temperature conditions . from 2025 anomalous 0.60; Mexico
four recent similar days
days Flood,
weekly:
2.19
Table 3. Summary of key information on forecasting methods using the conventional similar day classification and intelligent load forecasting techniques.
Author, Year,and  Conventional Similar Day Intelligent Technique for Load Input Model Type of Achieved MAPE Data Source
Reference Selection Method Forecasting Variables Target Day (%) (min, max) (Location)
. Euclidean distance with The forecasted load is obtained as Temperature and load Weekdays, Weekly: Okinawa Electric
Senjyu, 2002 . cy . ) data, from 1995 to (0.9,1.63);
weighted factors considering the the output of an ANN trained weekends, . g Power Company,
[36] o 1997, and a load . Maximum daily:
load and temperature data with similar days . holidays Japan
correction factor 14
Euclidean distance with The forecasted load is obtained as  Load and temperature Monthly: Okinawa Electric
Mandal et al., 2004 weighted factors considering the corrected output of mean data, from 1999 to Weekdays, (0.78, 3.01); Power Compan
[37] temperature, day type, and load similar day data obtained from an 2000, and the type of =~ weekends Seasonal: Japan pany,
data artificial neural network day (0.80, 3.15) p
(a) The similarity degree is
It:)r ];(;Véci?igzr?e cslznl}e(e)zf(j?fhe The forecasted load is the output ~ Temperature, Dail
He et al., 2005 ydes N of a neural network with a humidity, wind speed, Weekdays, y Hebei province,
load data; (b) the day similarity . (one .
[38] deeree is measured by the back-propagation momentum day type, and load weekends sample): 2.64 China
5 Y training algorithm data from 1999 ple): &

Cosine similarity metric of the
correlated factors
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Table 3. Cont.

Author, Year,and  Conventional Similar Day Intelligent Technique for Load Input Model Type of Achieved MAPE Data Source
Reference Selection Method Forecasting Variables Target Day (%) (min, max) (Location)
. . . The forecasted load is obtained as Hourly: . .
Mandal et al., 2006 We1ghtec} Euclidean distance the output of an ANN with Temperature and load Weekdays, (0.72, 0.80) Okinawa Electric
considering temperature and . weekends, Power Company,
[39] load data averaged load data from similar ~ data from 1999 to 2000 holidavs Monthly: Japan
load curves y (3.95, 6.16) p
. . . The forecasted load is obtained as
Euc.:hdean distance wit h . the output of an ANN with Type of day, load, and Weekly:
Mandal et al., 2006 ~ weighted factors considering . Weekdays,  (0.56, 1.30); NEMMCO,
averaged load data from similar ~ temperature data from .
[40] load, temperature data, and the d fd d weekends Monthly: Australia
type of day ays, type of day, an 2000 to 2003 (0.77,2.06)
M temperature data A
The selection of the similar day
is based on the load periodic
Chang-Chun et.al, vartation rule, the day type The forecasted load is calculated Load data, type (.)f d ay Weekdays,  Dalily: Henan
2008 difference, and the Pearson using a Support Vector Machine temperature, visibility, weekends (1.73,5.48) rovince, China
[41] correlation coefficient for the & pp and rainfall from 2001 e p ’
temperature, visibility, and
rainfall
The s.1m11ar1ty is provided by the Thg for.ecaste.d day is Comput.ed Chinese Nanjing
time interval and the Euclidean  using either linear extrapolation .
Sun et al., 2008 . Load and temperature Weekdays,  Daily: Interconnected
distance of the temperatures or a fuzzy Support Vector
[42] . . . . data from 2004 weekends (1.01, 2.23) Power System,
between the historical and target Machine, depending on the day China
days type
The similar day is selected by The similar day’s load is Day type, wmd.—chﬂl
choosing the similar day type decomposed into low- and temperature, wind ISO New
Chen et al., 2010 AP ’ . speed, dew point, Weekdays, = Monthly:
[43] load data, and minimizing the high-frequency components, and humiditv. cloud cover.  weekends (1.32, 3.24) England,
Manhattan distance of weather  then a separate neural network is Y ! e USA

features

used to forecast both components

and precipitation and
load data from 2006
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Table 3. Cont.

Author, Year,and  Conventional Similar Day Intelligent Technique for Load Input Model Type of Achieved MAPE Data Source
Reference Selection Method Forecasting Variables Target Day (%) (min, max) (Location)
The similar day is selected by Fuzzy logic, whose parameters Dav tvpe
. . minimizing the Euclidean are determined by evolutionary s Y P . EUNITE
Jain and Jain, 2012 . 1 PR . temperature, Weekdays,  Daily:
distance considering optimization, is used to modify T Network
[44] 29 humidity, and load weekends (1.09, 2.09) i
temperature, humidity, and day  the load curves of the selected Competition
. . data from 1997
type with weight factors days
o Similar days are identified using The forecasted load profile ©
Ebrahimi et al., ) L. constructed from 3 load profiles .
3 essential load characteristics: . Load data from 2002 . Daily:
2013 . with the closest value of the Holidays Isfahan, Iran
[45] average, standard deviation, 3 essential characteristics. each to 2005 (1.06, 16.20)
and self-correlation . !
corrected with a set of fuzzy rules
Two independent Elec.:trl'c .

- Reliability
back-propagation neural 1 of
networks are trained separately Over the dataset: Council of Texas

Eapen and Simon,  The similar day is defined as the .. Load data from 2004 . (ERCOT), USA;
for similar day and day-ahead Weekdays, ERCOT- Max 19.56;

2018 same day of the week one week . (GEFCOM) and 2014 Global Energy

: load forecasting; the forecasted weekends GEFCOM-Max .

[46] earlier . (ERCOT) Forecasting
load is the output of a 17.95 .
second-stage sequential neural Competition
network (GEFCOM) of

2012
Similar days are chosen by F01jecasjr ng 'S perf ormed by
S . estimating the daily peak load
minimizing the Euclidean . . . Load data of Lunar Week of . .

Song et al., 2018 . using fuzzy linear regression and , Daily: Republic of

distance of the load, hour by . New Year’s Day from  Lunar New

[47] reconstructing the hourly load , (1.98, 7.04) Korea

hour, of the past Lunar New . . . 1991 to 2018 Year’s Day
; profile by scaling normalized
Year’s Day .
similar day load patterns
Regional
Similar days only for regional The forecasted load is determined = Temperature, load zgz;lta clia . Daily: gfssti rilllti(i)xer

Barman et al.,, 2020  special event days and using a Support Vector Machine  data, and hour for the ays: Rongali Bihu: 1.79,

: : . o . . Rongali . Company

[48] Euclidean distance for with hyperparameters optimized  regional special event Bihu. Durea Durga Puja: 1.72, Limited

temperature with a Grey Wolf Optimizer days from 2012 to 2016 . 50 Diwali:1.68 o
Puja, and India
Diwali
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Table 3. Cont.

Author, Year,and  Conventional Similar Day Intelligent Technique for Load Input Model Type of Achieved MAPE Data Source
Reference Selection Method Forecasting Variables Target Day (%) (min, max) (Location)
Particle Swarm Optimization and
Gunduetal, 2022  Euclidean distance considering  Gated Recurrent Unit network Ilsgljfugftat(f)rg/[rzrch Weekdays,  Weekly: Sé?:f;siiergy
[49] load data trained with day-ahead and y Weekends (0.49, 0.68) ng
o 2007 Competition
similar day data
Temperature,
Xiang et al., 2022 El'lc;?dean ?orm' o}flload.data Output of the deep neural hum.1d.1ty,. wind sp eefd, Weekdays, Weekly: hi
[50] with sample weight assignment network precipitation, type o Weekends, (3.30, 10.80) China
considering the type of day day, and load data Holidays R
from 2016
The similar day is defined by a The load de.ata is decomposed into Australia
: . low- and high-frequency -
weighted Manhattan distance components with wavelet Temperature Weekl Electricity
Zhang etal., 2022 involving dry-bulb temperature, P - pel ’ Weekdays, Y Market Operator,
. transform; prediction of low- and  humidity, and load average:
[51] dew point, wet-bulb . . Weekends New South
1 high-frequency components with  data from 2006 to 2010 1.66
temperature, humidity, and load Wales,
a long short-term neural network .
data X Australia
is conducted separately
Pearson correlation coefficient
method for meteorological
Wei et al., 2023 fz.tct'ors,. week, and time factor Output of a deep belief network Tempe}"ature, relative ~ Weekdays, Daily ‘ .
[52] similarity for week type and trained with similar days humidity, and load Weekends, average: China
type of day, and state data from 2019 to 2022 Holidays 3.06
regulations define the similarity
day
T . National Center
Similarity based on the average  The forecasted load is the Temperature, type of
Ortega et al., 2023 ) Hourly: for Energy
temperature of the main load outcome of a long short-term day, and load data Weekdays
[53] (0.07,9.44) Control,
zones and day type memory neural network from 2016 to 2023 Mexico
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Table 3. Cont.

Author, Year,and  Conventional Similar Day Intelligent Technique for Load Input Model Type of Achieved MAPE Data Source
Reference Selection Method Forecasting Variables Target Day (%) (min, max) (Location)
The N larity is deter.nur}ed by The predicted load is the output =~ Temperature, .
. calculating the Gaussian index LT . Daily
Jiao et al., 2023 of a long short-term memory and  irradiance, wind Weekdays, .
between two feature vectors . . . . o average: China
[54] . radial basis function neural speed, wind direction, Weekends
containing the temperature, network and dav tvpe 2.33
irradiance, and weekday type yp
L Minimization of the Euclidean A long short-term memory neural Air temperature, .
Linzi et al., . . s . - Daily . L
2023 distance of meteorological network with input parameters relative humidity, Weekdavs Average: Regional grid in
[55] factors weighted by their grey optimized using a Firefly rainfall, and load data y 0.01 81g ' Western China
relation degree algorithm from 2018 to 2020 '
The load data is decomposed and
Weighted K-dimension sea.sor.lahty is obtalngq using Average peak load: N
; . variational and empirical mode All days—4.89 Electricity
Euclidean distance, where the K . . ) .
Aswanuwathetal.,, . . ) decomposition and fast Fourier Weekdays, = Holiday Generating
dimensions and the weights are . L Day type and load .
2023 L . transform; this information is the Weekends, days—7.09 Authority of
the significant variables and . o data from 2016 to 2018 . .
[56] coefficients obtained in a input of an artificial neural Holidays Week and Thailand,
: . network with optimized weekend days— Thailand
stepwise regression h . .
yperparameter configuration to 2.80
forecast the peak load
The input data are split into long,
medium, and short-term; stepwise
regression selects medium-term Weekdays, Electricity
Aswanuwath et al., Similar day selected by day type input dat.a; short—?erm input data Load data from 2018 Wee.kends., Monthly: Generafcmg
2024 for lone-term input set are used in the grid-optimized t0 2020 Holidaysin average: Authority of
[57] & P long short-term memory neural disrupted 3.07 Thailand,
network; and long and situation Thailand

medium-term input data are used
for an optimized neural network
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Table 3. Cont.

Author, Year,and  Conventional Similar Day Intelligent Technique for Load Input Model Type of Achieved MAPE Data Source
Reference Selection Method Forecasting Variables Target Day (%) (min, max) (Location)
Load forecasting is conducted Singapore’s
Wang et al., 2025 Sm}llar day load prqﬁles used as witha Bl—dlre.ctlonal Gated Temperature, day Weekdays,  Hourly: Nat1or.15}1
58] an input feature derived from Recurrent Unit neural network type, and load data Weekends (3.67, 3.78) Electricity
historical load patterns with multi-input multi-output from 2018 to 2019 R Market System,
architecture Singapore
Table 4. Summary of key information on forecasting methods using intelligent similar day classification and conventional load forecasting techniques.
Author, Year,and  Intelligent Similar Day =~ Conventional Technique for Input Model Type of Target  Achieved MAPE Data Source (Location)
Reference Classification Method Load Forecasting Variables Day (%) (min, max)
New York Independent
Monthly: System Operator,
3 p The forecasted load is calculated NYISO: USA; . .
Martinez-Alvarez e . (3.41, 6.88); Australia National
Day pattern similarity is by averaging the samples Load data from Weekdays, .
etal., 2011 . . ANEM: Electricity Market,
found by clustering corresponding to the same 2005 and 2006 Weekends .
[59] attern (3.91, 6.12); Australia;
p OMEL: Electricity Market
(2.34, 6.21) Operator,
Spain
The load is decomposed into
S Temperature,
K-means clustering is non-weather dependent, humiditv. dav tvoe
Feng and Ryan, applied twice, first to find temperature-dependent, and hour of fﬂe d}; ype Weekdays, Daily weighted Independent System
2016 seasons and then to humidity-dependent season. and IOZ,d Weekends, MAPE: Operator New England,
[60] group days according to ~ components, and then the / Holidays (2.00, 4.00) USA

temperature

forecasting is performed per
component via epi-splines

data from 2011 to
2012
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Table 4. Cont.

Author, Year,and  Intelligent Similar Day =~ Conventional Technique for Input Model Type of Target  Achieved MAPE Data Source (Location)
Reference Classification Method Load Forecasting Variables Day (%) (min, max)
zztt_ei;tlﬁzzdrileﬁéﬁ The sequence of labels matching ?;)IOSI;H;;:S)'
Martinez-Alvarez y-nsp S the sample to be forecasted is Weekdays, o
where pattern similarity . . Load data from Daily:
etal., 2019 . . obtained and weighted Weekends, Uruguay
is found by clustering to . 2007 to 2014 . (5.06, 6.01);
[61] . . . . averaging is performed to Holidays
discretize the time series obtain the forecasted load Hourly
in a sequence of labels (5.09, 6.99)
. . Pattern—based 51m1.1ar1ty The forecasted load is obtained  Big data of load
Pérez-Chacén is found by clustering of . . . . Weekdays, .
. . : via weighted averaging of the time Daily:
et al., 2020 big data load time series s . Weekends, Uruguay
; .. sequence of labels similar to the  series from 2007 to . (4.70, 6.96)
[62] using K-means, obtaining tareet da 2014 Holidays
a sequence of labels & y
A neural network that The forecasted day is computed Weekdavs
Jiang et al., 2023 assigns similarity weights ~ with a linear model, auto Load data from Weeken(}i]s, Daily: A recion of China
[63] for similar day screening  regression, based on the similar 2009 to 2015 Holidays ’ (2.83,10.98) &

is employed

day screening results
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Therefore, the short-term load forecasting methodologies under the category of in-
telligent SD with conventional forecasting methods mainly use clustering, with different
algorithms, SOM, regression trees or grey relational analysis to obtain similar days. Then,
they employ conventional forecasting techniques such as regression or ARIMA models
within each group of similar days.

3.3.4. Intelligent Similar Day Methods and Intelligent Forecasting Approaches

A summary of key studies using intelligent methods for similar day classification and
load forecasting techniques is presented in Table 5.

Thus, the short-term load forecasting methodologies under the category of intelligent
SD with intelligent forecasting methods use a machine learning technique to select SDs,
such as clustering, SOM, grey relational analysis, etc., and to forecast the load, such as
ANN, LSTM, GRU, etc.

3.3.5. Hybrid Similar Day Metrics Forecasting Approaches

The summary of the main works employing hybrid methods for similar day classifica-
tion or load forecasting techniques is presented in Table 6.

Thus, the short-term load forecasting methodologies under the category of hybrid
methodologies for SD and forecasting models often use multi-criteria, such as calendar
rules, distance, correlations and grey relation analysis, for the selection of SD. Concerning
load forecasting, load decomposition, using wavelets or EMD/VMD, is often used and
forecasting is then performed per component. Additionally, machine and deep learn-
ing techniques are also used to add residual corrections. Other methodologies present
ensembles of models combining SD-based forecasts with non-SD models.

3.4. Distribution of Studies by Methodological Category

Table 7 provides a taxonomy-based quantitative synthesis of these methodologies
identified across the reviewed studies, which are classified into conventional, intelligent,
and hybrid SD approaches.

The results indicate that conventional SD methods are predominantly distance-based,
with Euclidean distance (26%) and weighted Euclidean distance (18%) being the most
frequently employed metrics. Calendar-based selection (18%) and Pearson correlation (10%)
also remain widely used, confirming the continued relevance of deterministic similarity
measures in SD modeling.

In contrast, intelligent SD approaches are primarily driven by clustering techniques,
particularly K-means (43%) and other algorithms (14%), followed by regression tree meth-
ods (14%) and neural-network-based or metaheuristic techniques (29%). This distribution
reflects a methodological transition toward data-driven similarity construction, where
implicit grouping mechanisms replace explicit metric definitions.

Hybrid SD methodologies integrate deterministic distance measures with clustering
or learning-based components. Within this category, K-means-based strategies (22%) and
Euclidean-type distances (18%) remain central, followed by correlation analysis (8%), grey
relational analysis (4%), or neural network modules (4%).

Overall, the quantitative distribution highlights a progressive evolution from purely
metric-based similarity definitions toward clustering-enhanced and hybrid architectures,
evidencing the growing methodological sophistication of SD-based forecasting frameworks.
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Table 5. Summary of key information on forecasting methods using intelligent similar day classification and intelligent load forecasting techniques.

Author, Year,and  Intelligent Similar Day Intelligent Technique for Load Input Model Type of Achieved MAPE Data Source
Reference Selection Method Forecasting Variables Target Day (%) (min, max) (Location)
Deterministic annealing
clustering of attributes, . . Temperature, Monthly:
Mori et al., 2001 such as temperature, The maxumum load is the output of a humidity, discomfort (3.27,4.91)
Lo : . multilayer perceptron neural network, . Weekdays . Japan
[21] humidity, discomfort index, which is trained for each cluster index and load data Daily:
and load, is used to form from 5 years (2.96, 3.66)
groups of similar days
- . Temperature,
Case-based reasoning with To extract the prmc1.pal case attributes, humidity, Weekdays, Daily Hang .Zhou
Wang, 2006 - . a fuzzy set method is used; the peak et . Electric Power
self-organizing maps is ; . precipitation, day Weekends, average:
[64] L load of the forecasted day is obtained . Company,
used to cluster similar days . type, and load data Holidays 0.05 .
from the ones of the most similar case China
from 2000 to 2002
Using classification and
regression tree recognizes
different patterns of daily . .
Guo and Niu, 2008  load temperature, The forecasted load is obtained as the Wee-lther and date Weekdays, HeBei Electric
1 . . o attributes and load Weekends, Not reported Power Company,
[65] humidity, rainfall, air output of an artificial neural network . .
. data from 2007 Holidays China
pressure, cloud quantity,
wind speed and direction,
and day type
Using classification and
regression tree recognizes
Guo and Niu, 2009 different daily patterns The forecasted load is obtained using Wez'ither and date Weekdays, Weekly: HeBei Electric
[66] based on temperature, Support Vector Regression attributes and load Weekends, (1.73, 3.18); Power Company,
humidity, rainfall, air data from 2007 Holidays e China
pressure, cloud cover, and
wind speed
Similar samples are The load forecasting value is obtained
Dunetal 2o PNl winga Suppot Vo RBrsen gy lond Weekdys, How
[67] & p data Weekends (1.06, 2.79) &g,

optimized with Particle
Swarm Optimization

optimized with Particle Swarm
Optimization
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Table 5. Cont.

Author, Year,and  Intelligent Similar Day Intelligent Technique for Load Input Model Type of Achieved MAPE Data Source
Reference Selection Method Forecasting Variables Target Day (%) (min, max) (Location)
Similar day groups are
found by K-medoids
clustering to identify daily =~ A temperature-based k-nearest
load patterns using a neighbor filtering is applied and a Temperature, day Weekdays Portuguese
Martins et al., 2022 ) Lo ; ! ! Monthly: Transmission
[68] convex distance, whichisa weighted mean of the selected type, and load data weekends, 2.7,5.1) System Operator
combination of Euclidean,  neighbor day’s load profiles are from 2014 to 2017 Holidays R ¢
o Portugal
Pearson-base, periodicity, = performed
and autocorrelation-based
distances
. Genetlc- algorlthm-baseq A feed-forward multilayer artificial Temperature, wind Norwegian
Jankovi¢ et al., smart similar day selection : I >
) neural network with optimized speed, sky cover, type Weekdays, = Monthly: Transmission
2022 that calculates weight h ith . ¢ 1 K
[69] coefficients for similarity yperparameters with genetic of day, and load data ~ Weekends (1.59, 2.20) System Operator,
factors algorithms forecasts the hourly load from 2015 to 2020 Norway
Table 6. Summary of key information on forecasting methods using hybrid approaches.
Author, Year,and  Similar Day Classification Technique for Load Input Model Type of Achieved MAPE Data Source
Reference Method Forecasting Variables Target Day (%) (min, max) (Location)
First, low and high load decomposition Load, wind speed and
Fuclidean distance is conducted using wavelet direction, cloud cover, Weekdavs
Chen et al., 2008 oy . ) . decomposition; then, multilayer wind chill s Weekly: New England,
considering wind chill Weekends,
[70] temperature and load data  Pereeptron networks are used to temperature data, and Holidavs (1.32,3.24) USA.
p forecast the low- and high-frequency dew point from 2003 y
load to 2005
The daily load curve is divided into .
. . Ningbo
Similar days are selected by 3 time zones according to temperature Electricity
. . . sensitivity, and the forecast uses either ~Temperature, day . 4
Lu and Liu, 2011 clustering using K-means li . Daily: Corporation,
inear regression or Support Vector type, and load data Weekdays -
[71] based on temperature . . . (1.02, 2.67) Zhejiang
A Regression; a linear programming from 2001 to 2003 .
similarity . . : . province,
smoothing stage is applied to the final China

forecasted load curve
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Table 6. Cont.

uthor, Year, an imilar Day Classification Technique for Loa nput Mode eo chieve ata Source
Author, Y d  Similar Day Classificati Technique for Load Input Model Type of Achieved MAPE  Data S
Reference Method Forecasting Variables Target Day (%) (min, max) (Location)
Al-Qahtani and K-nearest neighbor The forecasted load is obtained by Weekdays,
Crone. 2013 regression based on averaging the values of the k-means Day type and load Weekends, Daily average: 1.81 UK electricity
[72] ’ Euclidean distance in a clustering of the most similar historical ~data from 2001 to 2008 and bank Y e & load data, UK
multivariate feature space  days holidays
Daily peak load signal is decomposed
into low- and high-frequency
. Multiple correlation components with Discrete Wavelet Temperature, , .
Moazzami et al., L ) e . ) ) Iran’s National
2013 coefficient analysis of load  Transform; artificial neural networks, =~ humidity, wind speed, Weekdavs Daily: Grid
(73] with weather variables, day optimized with genetic algorithms, are and load data from Y (1.20,1.58) Iran !
type, and season trained for each frequency; and the 2006 to 2011
final forecast is obtained via wavelet
reconstruction
. . Temperature,
An extreme gradient Tfhe‘ 106'ld profiles are decompose.d into humidity, Independent
. ) intrinsic mode functions and residual . . Weekdays, )
Zheng etal., 2017  boosting-based weighted . . precipitation, wind Monthly: System Operator
. ; errors, which are then forecasted using Weekends,
[74] K-means algorithm is used 2 lone short-term memorv neural speed, day type, and Holidavs (0.75,1.87) New England,
to cluster the similar days & y load data from 2003 to y USA
network separately
2016
Factor Analysis is used to
obtain a set of latent factors Temperature
from 22 variables related to  The forecasted load is the output of an perature,
. . . humidity, visibility, air ~Weekdays, .
Sun et al., 2018 load behavior; then, ant extreme learning machine, whose . . Yangquan City,
L ) : . pressure, wind speed, = Weekends, Daily average: 0.49 .
[75] colony clustering is used to  input weights and bias threshold are dav tvpe. date. and Holidavs China
obtain similar days optimized with a bat algorithm Y Lype ’ y
load data from 2013

according to similar latent
factors
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Table 6. Cont.

Author, Year,and  Similar Day Classification Technique for Load Input Model Type of Achieved MAPE Data Source
Reference Method Forecasting Variables Target Day (%) (min, max) (Location)
. Support Vector Regression model with

?;;T;l?;ii?ﬁ;f Sflllided radial basis function kernel, whose Temperature, Weekdavs State Load
Barman et al., 2018 . 8 hyperparameters are optimized using  humidity, day type, S Weekly: Dispatch Centre,

weighted Euclidean weekends
[76] . . the Grasshopper Optimization and load data from . ! (1.40, 1.50) Assam,

distance considering pper -p holidays

- Algorithm, trained with similar day 2013 to 2015 India

temperature and humidity data

Similar days are selected

yvs;?ghfsf:zzzo(;;?g{;ihon Selected similar day load series are

integ ratespp decomposed using empirical mode

entr%py—weighte d decomposition; each component is
Liu et al., 2018 temperature similarity and forec;flsted usme a bat Temperature, day Weekdays,  Daily: South China,

. algorithm-optimized Support Vector type, and load data .

[77] weighted K-means . . . weekends (1.35, 2.05) China

clustering of load profiles Machine and refined via a Kalman from 2014 to 2015

ensuringgconsis terﬁ:y in ’ filter, and the final load forecast is

both weather conditions Ofézarcltejdbc};;elczﬁsez;dmg all

and load pattern P p

characteristics

Forecasting is performed using a

Similar days are selected by  three-stage hybrid framework Nord Pool

clustering combining wavelet decomposition and Temperature, electricity market,
Nazar et al., 2018  wavelet-decomposed daily =~ Kalman filtering for initial prediction,  electricity price, and Weekdays, = Monthly: Europe;
[78] load patterns using the followed by multilayer perceptron load data from 2011 to  weekends (1.31,3.32) Mainland Spain

Kohonen self-organizing
map

neural networks for load forecasting
and a final refinement stage to reduce
residual errors

2012

electricity market,
Spain
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Table 6. Cont.

Author, Year,and  Similar Day Classification Technique for Load Input Model Type of Achieved MAPE Data Source
Reference Method Forecasting Variables Target Day (%) (min, max) (Location)
Similar days are selected
using clustering based on
. day type and time distance The forecasted load is calculated with Temperature, day Cal.culated overa g .. Grid
Liao et al., 2019 and the degree of . . . type, and load data Weekdays,  period of two .
. extreme gradient boosting regression . Corporation of
[79] normalized temperature . L from weekends weeks of testing: . X
correlation between the trained on the similar day samples 2014 to 2018 0.088 China, China
day to be predicted and the
historical days
Euclidean distance l\A/[cs)fzeilion/ilzggtoe Ii{seiiilslf‘c])i inftiigfated Temperature, cloud State Load
Sun et al., 2019 considering the heat index, g 5 cover, wind speed, Weekly: Dispatch Center,
prediction, and then a neural network . Weekdays
[80] day type, and calendar : : . heat index, and day (4.83,8.42) Assam,
constraints is used to capture the nonlinearity for a tvpe from 2012 India
refined prediction yp
Introduce a season-specific
Barman and similarity based on a The forecasted load is the output ofa ~ Temperature, cloud State Load
Choudhury. 2019 weighted Euclidean Support Vector Machine with cover, wind speed, Weekdays,  Weekly: Dispatch Center,
[81] Y distance using hyperparameters optimized with the = day type, and load weekends (1.56,1.79) Assam,
season-specific Firefly Algorithm data from 2013 to 2016 India
P y Alg
meteorological variables
sz(}i] :slf(;glrtl?fl aaaelﬁi)ssfcs An Analytic Hierarchy Process with
. . Y weights is used with a
influential external factors, . Temperature, .
and then fuzzy C-means back-propagation neural network, a weekday index Weekdays Daily:
Huang et al., 2019 S . Support Vector Machine optimized L *(0.04,9.09); Regional system
clustering, including load . . e month, date, holiday weekends, :
[82] with Particle Swarm Optimization, and . . . Overall: power, China
and calendar . . indicators, and load holidays
an Auto Regressive Integrated Moving 3.42

characteristics, is used to
group the historical data
into similar days

Average time series model to obtain
the load forecast

data
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Author, Year,and  Similar Day Classification Technique for Load Input Model Type of Achieved MAPE Data Source
Reference Method Forecasting Variables Target Day (%) (min, max) (Location)
Hybrid technique: (1) apply empirical
Starting from the nearest mode decomposition to the load and - .
L . . . Electricity price, day .
historical days, a price series; (2) convert them into Singapore
. t of the week, hour of Weekdays, =
Kong et al., 2020 multi-factor images and apply them to a long ; . Hourly average: Electricity
. e . the day, holiday index, weekends,

[83] correlation-based similarity =~ short-term convolutional neural . 1.10 Market,

function i : o and hourly load data ~ holidays .

unction is applied to select network for prediction; and (3) apply Singapore
o from 2014 to 2016
the similar days them to a fully connected neural
network

Similar days are selected

using a Reinforcement Temperature, solar

Learning-based model irradiation, rainfall, Monthly: Korea Power
Park et al., 2020 (deep Q-network), which The forecasted load is the outputofa ~ day distance, Weekdays,  (1.17,1.83); Exchange,
[84] learns an optimal similarity —back-propagation neural network weekdays, special weekends Daily: Repulic of

policy by maximizing a days, and load data (0.93,1.80) Korea

reward provided by a from 2018

Euclidean distance

Similar days are selected by

minimizing a weighted The load forecast is performed witha  Temperature, relative
Lu et al.. 2020 meteorological similarity Wavelet Neural Network whose output  humidity, rainfall, Generic day Maximum hourly
[85] v measure; the is corrected using a probabilistic error ~ season indicators, and  of each MAPE: China

season-derived weights are  based on historical forecast errors from load data from 2013 to  season 1.38

derived from partial the meteorological similar days 2014

correlation coefficients
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Author, Year,and  Similar Day Classification Technique for Load Input Model Type of Achieved MAPE Data Source
Reference Method Forecasting Variables Target Day (%) (min, max) (Location)
Dynamic nearest neighbor
with compensation The nearest workday and a
consisting of selecting the ~ compensatory holiday load is Temperature, day of
Gunawan and nearest workday and forecasted by means of a long the week, holiday Dailv:
Huang, 2021 compensatory holidays short-term memory neural network, occurrence, hour of Holidays @ OOy‘4 00) Asia
[86] and the use of dynamic and these outputs are the inputs of the day, and load for R
time warping to compare another network to forecast the load of 9 holidays
daily load curves with the target holiday
select similar days
An improved maximum
de.V1a.t on 51m11ar1ty. The day is segmented in 7-time
criterion is used; daily load . )
intervals, and a back-propagation Temperature, .
curves are clustered . 1. . Weekdays, . State Grid,
Wang et al., 2021 . neural network is used for each humidity, wind speed, Daily: .
according to shape ) . . . s weekends, Henan Province,
[87] S . - segment; the daily forecast is obtained  precipitation, and load . (1.62,1.98) .
similarity, with deviation . . holidays China
by integrating all the segment data from 2017 to 2019
thresholds, and the target redictions
day is assigned to the most P
similar cluster
Daily:
Daily load sequences are Poland European
oorn,and then the — The oad s predicted using a neura GreotBritvin Transmission
Dudek, 2021 pafterns, anc network, where the training error is Load data from 2012 ~ Weekdays,
Euclidean distance/dot . A (2.95, 3.15); System
[88] . : weighted based on pattern similarity to  to 2015 Weekends
product is computed in the tareet da France Operators for
them to select the similar & y (1.80, 1.87); Electricity,
days Germany Europe
(1.50, 1.64)
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Author, Year,and  Similar Day Classification Technique for Load Input Model Type of Achieved MAPE Data Source

Reference Method Forecasting Variables Target Day (%) (min, max) (Location)
Similar day selection is
carried out with a Temperature. wind

Jankovié et al multi-stage filtering with The forecasted load is the outcome of a S eeICDI davli ,ht Elektromereza

2021 v weighting coefficients feed-forward artificial neural network drl)lrati/on }(Iiag tpe Weekdays, = Hourly: Srbije,

[89] optimized with Particle with parameters optimized with and loa dl da t}; fi-lcl))n{ Weekends (0.06, 2.29) Transmission
Swarm Optimization using Particle Swarm Optimization 2018 System, Serbia
weather factors, daylight
duration, and load
Light gradient boosting Temperature
machine-based feature The forecasted load is obtained with an humIi) dit wi,n dspeed.  Weekdavs New South Wales

Zhao et al., 2021 importance analysis encoder-decoder Transformer neural hour of t};e da (i ! Weekenc}ilsl Monthly: Svstem

[90] followed by K-means network with a self-attention . Y, qay . ! (0.93,1.23) Y #

. . . index, and load data ~ Holidays Australia
clustering for similar load =~ mechanism
. from 2006 to 2010
pattern selection
Similar days are Temperature,
dynamically identified by =~ Load forecasting is performed using an humidity, wind speed
calculating the Manhattan  attention-based encoder-decoder and direction, holiday
. C ) o Global Energy

Xiong et al. 2021 distance between feature bi-directional long short-term memory indicator, hour of the =~ Weekdays, Overall Forecastin

[91] & v vectors of historical and architecture that integrates day, day of the week, = Weekends, annual: 1.93 Compe titic%n 2014
forecast days, with weights feature-selection attention in the month of the year, Holidays o ExterP: ded dataset
assigned using a encoder and hierarchical temporal utility discount
SoftMax-based attention attention in the decoder programs, and load
mechanism data from 2006 to 2014

Nantong Power
K-means clustering Supply Company,
applied to historical The forecasted load is obtained with Temperature, day China;

Dong et al., 2022 load data using Support Vector Regression with radial  type, and seasons Weekdays, = MAPE valuesnot = EUNITE Load

[92] temperature, day type, and basis function kernel trained with the ~ from 3 periods Holidays reported Forecasting
seasonal cluster corresponding to the target day spanning 1998 to 2020 Competition,
attributes Slovakia;

REFIT, UK
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Table 6. Cont.

Author, Year,and  Similar Day Classification Technique for Load Input Model Type of Achieved MAPE Data Source
Reference Method Forecasting Variables Target Day (%) (min, max) (Location)

Quantile regression long short-term

Zhao et al., 2022 K—mgang clustering . memory n.eural networl.< forecasts the Load data from 2012 Weekdays, Weekly: New South
[93] cgnmdermg the Euclidean  load for dlff?rent qu'antﬂes apd then t0 2013 Weekends Average: Wales, '
distance of the load data the probability density function is 9.19 Australia
obtained for the target day
The Pearson correlation
coefficient method is used
to identify the
meteorological factors and
day type influencing the Temperature, wind, )
Pang et al., 2022 load; the similar day sets Support Vector Machine optimized by  radiation, rainfall, ‘\;\]\feekdays, Weekly.. Nanjing,
. e . eekends, Average: )
[94] are constructed using gray  an artificial bee colony algorithm type of day, and load Holidavs 1.79 China
relational analysis with the data from 2003 y '
Pearson coefficient as the
weight; and finally, the set
of similar days is refined
with K-means clustering
Daily load series clusters
based on shape selection Temperature,
are made by the K-shape A neural network with two inputs: the = sunshine hours and
Shi and He, 2022 method; then, the extreme  shape like-similar days and the other meteorological =~ Weekdays, =~ Weekly in one Southeast China
[95] gradient boosting classifier ~meteorological-like similar days is facts; date Weekends sample: 2.74
is used to classify the data  used to forecast the load profile information; and load
according to meteorological data from 2017 to 2021

and date information
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Author, Year,and  Similar Day Classification Technique for Load Input Model Type of Achieved MAPE Data Source
Reference Method Forecasting Variables Target Day (%) (min, max) (Location)
Weighted difference Fuzzy Support Vef:tor Machme. to Temperature, Daily:
Yang et al., 2022 . forecast daily maximum and minimum humidity, day type, Weekday, 4 .
function of load, day type, . . Maximum-4.07; China
[96] ; load and then linear extrapolation of and load data from Weekend
and meteorological factors . Average-1.55
similar days for the load curve 2017
Comprehensive grey Weeklv:
Wang et al., 2023 relational analysis of A recurrent neural network with Gated Load data from 2006 ~ Weekdays, Avera yé. ENTSO-E,
[97] meteorological factors, load Recurrent Units to 2018 Weekends 185 & Europe
data, and type of day '
Similar days are found by
"y using a multilayer encoder The forecasted load is the output of Temperafcure, calendar, Daily value for the Southeast
Paji¢ et al., 2023 neural network that seasonality, and load .
L . a fully connected feed-forward Weekdays forecasted day: European utility,
[98] minimizes the Euclidean e data from 6 years
. I artificial neural network . s 2.21 Europe
distance considering load (period not specified)
and temperature data
Spanish Electric
Similar days are found NetW?rk (RE}I:.)’
using a pattern Spain; Australian
Over all test Energy Market
. . sequence-based method A neural network, whose parameters L
Criado-Ramén that applies self-organizing are optimized with genetic algorithms Type of day, month, Weekdays period: Operator
etal,, 2023 ma spcl)) timized V\i;ith s is traIi)ned with similgar a’fterr‘iJy " and load data from Weeken(}ils/ REE—3.62; (AEMO),
[99] ps, optum: . p 2009 to 2019 AEMO—4.74; Australia; New
genetic algorithms, to find  sequence clusters NYISO—S5.22 York

clusters with similar
characteristic load shapes

Independent
System Operator
(NYISO), USA
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Author, Year,and  Similar Day Classification Technique for Load Input Model Type of Achieved MAPE Data Source
Reference Method Forecasting Variables Target Day (%) (min, max) (Location)
The grey weighted Variational Mode Decomposition is
correlation method is used  performed and a conditional Temperature
to generate similar days by = generative adversarial network, with a p ) M . .
Bu et al., 2023 . . humidity, rainfall, day =~ Weekdays, Monthly: Shanxi Province,
calculating the Pearson convolutional neural network, .
[100] . . type, and load data Weekends (1.70, 4.21) China
correlation coefficient captures features of each mode and from 2014
between load and relevant  extracts the nonlinear and dynamic
factors behavior to forecast each mode
Temperature,
humidity, wind speed Independent
Feature-distance similarity =~ Attention-based encoder-decoder :;ig:?;lc;)rx;(ﬁ;izy, g)ysézrtlor—New
Xiong and Zhang,  with soft similar day within a bi-directional long short-term . 7"~ Weekdays, P
.. . indicators; and hour Yearly: England, USA,
2023 weighting implemented memory and Gated Recurrent Unit Weekends,
. . . . of the day, day of the . (1.66, 2.15) (2015-2019) and
[101] through hierarchical framework with feature weighting and Holidays .
temporal attention error correction week, month of the North American
year, and load data in Unity, USA
2 periods: 2015 to 2017 (1987-1991)
and 1985 to 1992
Adapt1y ¢ h1erarch1§a1 Stacking integrated algorithm based on
clustering considering . Temperature, weather o
Luo et al., 2024 temperature. dav tvpe convolutional neural networks, tvpe. dav tvpe. and Weekdays, Daily: Quanzhou,
[102] P s day ype, bi-directional long short-term memory ype, day type, Weekends (4.74, 5.20) China
weather type, and load : d load data from 2018
data attention, and XGBoost
Similar days are selected Pennsylvania-
using fuzzy clustering and . New
. consider the weight of the The forecasted load is the output of a Temperfelture, day . Weekdays, . Jersey-Maryland
Amini et al., 2024 , long short-term memory neural type, wind, humidity, Daily: .
factor’s influence on the . . Weekends, Regional
[103] network with the normalized energy of and load data from . (1.32,3.63) .
load, such as day type, o . Holidays Transmission
similar days as the input 2019 to 2023 L
temperature, season, and Orgamzanon,
TV peak-up USA
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Author, Year,and  Similar Day Classification Technique for Load Input Model Type of Achieved MAPE Data Source
Reference Method Forecasting Variables Target Day (%) (min, max) (Location)
o A convolutional neural network witha Temperature, Daily: .
Wang et al., 2024 Slmllalj days are chosen long short-term neural network humidity, day type, Weekdays, Weekday-1.2. Zhe]l.ang
according to day type and > . Weekends, Province,
[104] calendar-based distance optimized using a Sparrow Search and load data from Holidavs Weekend-2.0. China
Algorithm forecasts the load 2010 y Holiday-1.6
K-means .Clus.t ering of daily The forecasted load is the output ofa ~ Temperature, relative . .
load profiles is conducted T Daily: National Center
Borunda et al,, . . long short-term memory neural humidity, irradiance,
to find seasonality; for each . . Weekdays,  (0.63,1.48); for Energy
2025 S network trained for each season, atmospheric pressure,
cluster (season), similar . ) . . Weekends Weekly: Control,
[105] d o . including the representative load and ~ wind speed, and load .
ay selection is carried out loeical diti f th . data f (1.14, 1.25) Mexico
based on day type meteorological conditions of the region data from 2016 to 2022
Load data is decomposed into
multi-scale components using
. . optimized feature mode
Gaussian mixture e _ Temperature,
clustering with an decomposition; the quantile interval humidity, wind speed
Luo et al., 2025 improved crested forecasting is performed with a seal levell ressure " Weekdays, Daily: Elia Company,
[106] prove L . convolutional Bi-directional Gated P ’ Weekends (1.40,2.18) Belgium
porcupine optimizer using Uni ) del: and and load data from
weather and week day type ecurrent Unit attention model; an 2018
the final forecast is obtained by
aggregating the component values and
their intervals
A weichted eizenspace Decomposition of low-, medium-, and
5 sensp high-frequency components using .
coordinate system iational Mode D o ith Temperature, relative Dailv:
considering temperature Variational Mode Decomposition wit humidity, aily:
Cheng et al., 2025 . L 1. ! Beluga Whale Optimization; .0 Weekdays, (2.2, 20) )
relative humidity, . . precipitation, type of . China
[107] . high-frequency modes are predicted Holidays Average:
precipitation, weekday with a similar dav averace and low- day, and load data 781
index, and load data is y & from 2012 to 2014 ’

used to measure similarity

and medium-frequency modes with a
neural network
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Author, Year,and  Similar Day Classification Technique for Load Input Model Type of Achieved MAPE Data Source
Reference Method Forecasting Variables Target Day (%) (min, max) (Location)

Days are classified into Auto Regressive Integrated Moving

Average and Support Vector Microgrid
weekdays and weekends, . . Temperature, .
- Regression generate forecasts, which . 1 demonstration

Zhao et al., 2025 and then similar days are . . humidity, day type, Weekdays, o

. s . are combined through an adaptive Not reported project in
[108] identified with K-means . .. . and load data from Weekends .

. weighted ensemble optimized with a northwest China,
clustering based on load 2015

Particle Swarm Optimization China

profiles and weather type algorithm with elastic momentum
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Table 7. Percentage of the main SD methodologies used in the conventional, intelligent, and hybrid
load short-term forecasting approaches studied in the literature.

Type of SD Method SD Method Percentage (%)
Euclidean 27
Distance =~ Weighted Euclidean 21
Manhattan 9
Calendar day/day type 13
Conventional Pearson coefficient 6
(32 references) Cosine similarity 6
Pattern of the day
Fractal measure
Others Mean temperature 9
Gaussian coefficient
K-means 15
K-medoids 7
Clustering Fuzzy C-means 7
Annealing 7
Intelligent Pattern similarity 22
(14 references) Regression tree 14
Neural network
Self-organizing maps
Others Genetic algorithms 28
Particle Swarm Optimization
Euclidean 11
Distance =~ Weighted Euclidean 9
Manhattan 2
K-means 13
K-means with weights 2
Clustering Fuzzy 5
Other algorithms 9
Pearson correlation coefficient 4
Correlation analysis 7
Hybrid Grey relational analysis 7
(39 references) Calendar day type 5
Attention-based 4
Neural networks 4
Multi-stage filtering
K-shape method
Gradient boosting
Others Self-organizing maps 18

Genetic algorithm

Particle Swarm Optimization

Weighted eigenspace

3.5. Temporal Evolution

Overall, the literature reveals a gradual shift from simple, rule-based SD formulations
toward intelligent and hybrid SD frameworks that integrate clustering, machine learning,
and feature-extraction techniques. This structure supports the taxonomy presented in the
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next subsection. Figure 5 shows the methodological evolution of SD load forecasting ap-
proaches. Early studies were predominantly based on conventional similar day approaches
combined with classical forecasting methods. Over time, a transition toward intelligent
and hybrid approaches can be observed, reflecting the integration of machine learning and
advanced data-driven techniques.

Years
2006-2010 I 2.

0 20 40 60 80 100 %

Conventional SD + Conventional Forecasting
B Conventional SD + Intelligent Forecasting
Intelligent SD + Conventional Forecasting
M Intelligent SD + Intelligent Forecasting

W Hybrid SD Forecasting

Figure 5. Methodological evolution of similar day load forecasting approaches across different
time periods. The stacked bar chart illustrates the relative proportion of methodological categories,
highlighting a clear transition from conventional similar day approaches toward intelligent and
hybrid forecasting frameworks in recent years.

3.6. Technical Characteristics of Reviewed Studies

The analysis of the reviewed literature reveals several consistent patterns in terms of
input variables, forecasting configurations, and methodological preferences.

Regarding input variables, most studies rely primarily on historical load data as
the core predictor. In addition, weather-related variables—particularly temperature—are
frequently incorporated due to their strong influence on electricity demand. Other variables,
such as humidity, wind speed, and solar radiation, are included less consistently. Temporal
features, including hour of the day, day of the week, and seasonal indicators, are also
commonly used to capture periodic patterns in load behavior.

In terms of forecasting scenarios, the majority of studies focus on regular operating
conditions, particularly weekday and weekend load forecasting. However, several works
explicitly address special cases such as holidays, which are characterized by more irregular
demand patterns. These special day scenarios are generally more challenging due to
reduced predictability and deviations from typical consumption behavior.

From a methodological perspective, a clear predominance of hybrid and intelligent
approaches can be observed in recent studies. While conventional SD methods remain
relevant, especially in simpler or more stable contexts, there is a growing trend toward
combining SD selection with machine learning or deep learning techniques. These hybrid
approaches aim to improve forecasting accuracy by integrating pattern-based reasoning
with data-driven modeling capabilities.
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Overall, these findings highlight a transition from traditional, rule-based SD ap-
proaches toward more flexible and adaptive frameworks that incorporate additional vari-
ables and advanced modeling techniques. These technical characteristics provide important
context for understanding the performance results presented in the following subsection.

3.7. Performance Overview Based on MAPE

The performance of the reviewed methods was analyzed using the MAPE. Figure 6
presents the distribution of MAPE values across the proposed taxonomical categories.
The subsequent results follow:

1.  The best and most consistent results are obtained with Hybrid approaches (Figure 6e),
despite some outliers; the results show the lowest variability;

2. The second-best results (second-lowest variability across all approaches) were ob-
tained from conventional SD + intelligent forecasting models (Figure 6b), with
some outliers;

3. The third-best results belong to conventional SD + conventional forecasting models
(Figure 6a). In this approach, weekly MAPE results were not reported, but the
variability in hourly, daily, and monthly MAPEs is lower than that in the intelligent
approaches shown in Figure 6¢,d;

4. The fourth-best results are for intelligent SD + conventional forecasting models
(Figure 6¢). In this approach, weekly MAPE results were not reported, but the variabil-
ity in hourly, daily, and monthly MAPEs is lower than the intelligent approaches of
Figure 6d;

5. Resultant MAPE value for intelligent SD + intelligent forecasting models (Figure 6d)
shows the widest interquartile range (IQR) for daily and monthly MAPEs, but with
minimum variability between the lowest and highest MAPE values, that is, very short
whisker length;

6.  The largest number of results reported across all methodologies corresponds to the
daily MAPE. For this reason, Figure 6f shows a comparison of the daily MAPE values
obtained by all methodologies. The best results are achieved with conventional SD
+ intelligent forecasting models and hybrid SD approaches (combined similarity +
combined forecasting), with low MAPE values and low variability. It is important to
highlight that conventional SD + conventional forecasting models achieve excellent
results comparable to those of intelligent methods, demonstrating the effectiveness of
the method.
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Figure 6. Box plot charts for the different MAPE values—hourly, daily, weekly, and monthly—
reported in the reviewed works. The graphs were produced according to the classification of the
proposed methodology: (a) conventional SD + conventional forecasting models; (b) conventional SD
+ intelligent forecasting models; (c) intelligent SD + conventional forecasting models; (d) intelligent
SD + intelligent forecasting models; and (e) hybrid SD forecasting models. Figure (f) shows the
comparative boxplot of the daily MAPE values for the 5 types of models. Note that there were no
reported data for weekly MAPES for figures (a,c).

3.8. Key Findings from the Reviewed Studies

Building on the technical characteristics described previously, several key findings
emerge from the reviewed studies.

First, the selection of similarity variables is a critical factor for forecasting per-
formance, with historical load and temperature consistently identified as the most
influential predictors.

Second, methods that employ more advanced similarity-definition techniques—such
as clustering, weighted metrics, or intelligence-based procedures—generally outperform
those based on fixed distance rules.

Third, the integration of intelligent techniques in either the SD selection or forecasting
stage enhances accuracy, particularly under nonlinear and evolving demand conditions.
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Finally, hybrid approaches—where similarity and forecasting are tightly coupled—
offer a practical balance between interpretability and accuracy, emerging as one of the most
promising directions for SD-based short-term load forecasting.

4. Discussion

While the previous section provides a structured overview of the reviewed studies, a
deeper analysis is required to interpret the observed patterns and their implications. This
section presents a cross-cutting discussion of methodological performance, limitations, and
emerging trends, with particular emphasis on the conditions under which Similar-Day
approaches are effective or fail, and their practical relevance for power system applications.

4.1. Cross-Cutting Comparison

A cross-cutting comparison of the reviewed methodologies reveals clear trade-offs
across several key dimensions, including accuracy, robustness, interpretability, and imple-
mentation complexity.

In terms of accuracy, hybrid Similar-Day approaches and intelligent SD combined with
advanced forecasting models consistently achieve the best performance, while conventional
SD combined with classical forecasting methods tends to show lower accuracy, particularly
in complex or highly dynamic systems.

Regarding robustness, conventional approaches are more vulnerable to regime changes
and extreme events, such as those caused by behavioral shifts, electrification trends, or
climate variability. Although intelligent and hybrid approaches generally exhibit improved
adaptability, they still require additional mechanisms—such as data augmentation or
specialized modules—to effectively handle rare or anomalous conditions.

From the perspective of interpretability, conventional Similar-Day methods remain
the most transparent, as their decision-making process is directly linked to observable
historical patterns. Intelligent SD approaches based on clustering offer a moderate level
of interpretability, while fully intelligent and hybrid models tend to behave as black-box
systems unless explainable artificial intelligence (XAI) techniques [109] are incorporated.

These methodological differences are also reflected in their data and infrastructure
requirements. Conventional approaches require minimal data and computational resources,
whereas intelligent and hybrid methods demand more extensive datasets, higher computa-
tional capacity, and more sophisticated model tuning. Similarly, implementation complexity
increases progressively from conventional to intelligent and hybrid approaches.

Overall, these results indicate that no single methodology is universally optimal.
Instead, the selection of an appropriate approach depends on the specific operational
context, including data availability, system variability, and the required balance between
accuracy, interpretability, and computational cost.

To provide a structured comparison of the reviewed methodologies, Table 8 summa-
rizes their main advantages, limitations, and typical conditions under which each approach
performs best.
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Table 8. Comparative analysis of methodologies, including examples with their advantages, disadvantages, and the situations in which they perform best.

Methodologies

Advantages

Disadvantages

Best Performance When:

Conventional SD
+
Conventional Forecasting Models

High interpretability, simplicity, low
computational requirements, easy
implementation, historically proven in
operational environments

Limited ability to capture nonlinearities,
poor adaptability to structural changes,
weak performance under extreme events,
limited feature space

Stable systems, predictable weather
patterns, environments prioritizing
interpretability and robustness over
maximum accuracy

Conventional SD

+
Intelligent Forecasting Models

Improved nonlinear modeling, better
accuracy with minimal change in SD logic,
easier integration into existing workflows

Performance depends on similarity
definition, risk of overfitting, reduced
interpretability

Scenarios requiring moderate accuracy
improvement with available data and ML
expertise

Intelligent SD
+

Conventional Forecasting Models

Improved similarity definition via
clustering, better data homogeneity,
enhanced performance with simple models,
balanced interpretability

Requires careful preprocessing, complex
parameter tuning, limited performance in
extreme or rare events

Systems with clear regimes (seasonal,
weather-driven), where improving
similarity is key

Intelligent SD
+

Intelligent Forecasting Models

High accuracy potential, ability to capture
nonlinear and dynamic patterns, flexible
architectures, suitable for probabilistic
forecasting

High complexity, reduced transparency, risk
of overfitting, high computational cost

Complex and evolving systems where
accuracy is a priority and advanced
infrastructure is available

Hybrid SD Forecasting Models

Best overall performance, robustness across
conditions, modular design, supports
probabilistic forecasting

Very high complexity, integration
challenges, difficult error attribution

Highly complex environments requiring
state-of-the-art performance and robust
forecasting frameworks
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This comparison highlights that methodological selection involves clear trade-offs
between accuracy, interpretability, robustness, and implementation complexity. Building
on this comparison, the following section provides a deeper analysis of the underlying
mechanisms driving these differences, as well as the emerging trends shaping the evolution
of Similar-Day approaches.

4.2. Analytical Insights and Emerging Trends

Beyond methodological categorization, the reviewed literature reveals a set of recur-
ring patterns that explain not only how these approaches perform but also why certain
strategies consistently outperform others under specific conditions.

In particular, the evolution of SD methods highlights the growing importance of
similarity definition, data structure, and system dynamics over the mere selection of
forecasting models. At the same time, emerging challenges such as structural changes in
load behavior, increasing system complexity, and the need for uncertainty quantification
are reshaping the way forecasting methodologies are designed and applied.

The following subsections synthesize these insights, identifying key trends and con-
ceptual advances that characterize the current state and future direction of SD approaches
in power system load forecasting.

4.2.1. SD Is Not Obsolete; It Is Being “Upgraded”

Despite the rapid growth of machine learning and deep learning techniques, the SD
principle remains a fundamental component of operational load forecasting. Its persistence
is explained by its intuitive nature and strong alignment with operator experience.

The continued relevance of SD can be attributed to the following;:

(a) Its intuitive logic based on identifying historical days with similar conditions;
(b) Its strong alignment with operator expertise and calendar/weather heuristics;
(c) Its ability to provide transparent and interpretable forecasting frameworks.

However, what is evolving is not the SD principle itself, but the way in which simi-
larity and forecasting are implemented. Traditional approaches based on simple averages
or regression models are being progressively replaced by more advanced techniques, in-
cluding machine learning and deep learning models such as LSTM, GRU, support vector
machines, ensemble methods, and probabilistic forecasting frameworks.

This evolution is reflected in the increasing adoption of hybrid and intelligent SD
approaches, indicating that SD is not being replaced, but rather integrated into modern
data-driven forecasting frameworks.

4.2.2. Why the Similarity Definition Matters More than “Just a Better Model”

The taxonomy and reported percentages indicate that differences in Similar-Day ap-
proaches are largely driven by the choice of distance metrics and input variables used to
define similarity. Even when powerful machine learning models are employed, their per-
formance is constrained by the quality of the input data, as similarity definition effectively
determines what the model can learn.

The performance results show that simply replacing classical models (e.g., ARIMA or
regression) with ANN or LSTM yields limited improvements if similarity is not properly
defined. In contrast, the largest gains are achieved when Similar-Day sets are carefully
constructed using techniques such as clustering, weighted metrics, or grey relational
analysis, and combined with ML/DL models trained on structurally consistent data.

This supports a two-stage design philosophy: first, define similarity through appropri-
ate data selection and feature engineering; and second, apply a suitable forecasting model.
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4.2.3. Structural Breaks: Where SD Is Weakest and Where Research Is Still Needed
Several structural disruptors where classical SD approaches fail can be identified:

e  Social shifts: COVID-19, hybrid work, informal bridge holidays, etc.
e Climate extremes: heat waves, cold snaps, hurricanes, floods and, wildfires.
e New loads: data centers, crypto mining, EV charging and, behind-the-meter PV.

From a quantitative perspective, very few methods are specifically designed for anoma-
lous or extreme conditions, and forecasting errors during such periods can increase sig-
nificantly (e.g., MAPE values exceeding 40% during blackout days). Moreover, most SD
definitions are calibrated on “normal” years and fail to capture emerging regimes, such as:

o  Weekend peaks exceeding weekday peaks;
e  Pronounced midday troughs due to PV generation;
e Sudden EV-charging surges.

These limitations reveal critical gaps:

1.  Data scarcity for extreme events;
Nonstationary conditions driven by climate and behavioral changes;

3. Poor representation of new demand drivers (e.g., Behind-the-Meter PV, EVs, large
industrial loads, market price signals).

Addressing these challenges requires approaches such as synthetic data generation,
extreme-event-specific models, and the integration of XAl for anomaly diagnosis, which
are aligned with current ML trends and are feasible for TSOs and ISOs.

4.2.4. The Rise of Clustering and Hybrid Architectures: Why This Makes Sense

The reported percentages indicate that clustering-oriented methods (e.g., K-means,
K-medoids, SOM, and fuzzy C-means) represent a significant fraction of intelligent and
hybrid SD approaches. In this context, clustering can be understood as a form of structural
segmentation of the load time series based on season, day type, temperature regime, or
load shape.

Once clustering is applied, several advantages emerge:

e  Each cluster becomes more homogeneous, making it easier to model with simpler or
specialized algorithms.

o  Cluster-specific models can be designed to capture local behavior (e.g., high-
temperature vs. mild conditions).

e  C(lusters can often be interpreted in physical terms (e.g., summer cooling regime,
winter heating regime).

This approach helps reconcile the trade-off between accuracy and interpretability. On
one hand, the Similar-Day concept remains intuitive—forecasting is based on historical
days that exhibit similar behavior. On the other hand, machine learning models, which are
often opaque, can be complemented by clustering and XAI techniques to provide insight
into which cluster and variables drive the forecast.

In operational environments, this interpretability is critical. System operators are
more likely to trust and adopt Al-based forecasting when the model can be explained in
terms of recognizable conditions, such as a high-temperature weekday in summer with a
characteristic peak demand pattern.

4.2.5. Deterministic vs. Probabilistic SD: The Next Frontier

The reviewed literature shows that most SD approaches are deterministic, focusing
on point forecasts and reporting performance through metrics such as MAPE. However,
a smaller subset of more recent studies has begun to explore probabilistic formulations,
including quantile regression and interval forecasting based on deep learning models.
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In the current context of increasing uncertainty—driven by extreme events, renewable
integration, and the growth of behind-the-meter generation—probabilistic forecasting
becomes essential. In particular, it enables:

e Risk-aware unit commitment and reserve allocation.
e  Better alignment with security-constrained economic dispatch under uncertainty.
e  The provision of realistic confidence intervals instead of a single deterministic trajectory.

From a methodological perspective, Similar-Day approaches are naturally well-suited
for probabilistic forecasting. Each similar day can be interpreted as a sample of possible
system behavior under comparable conditions, allowing the direct estimation of:

o Load distributions or quantiles.
e  Scenario sets for stochastic optimization.

Despite these advantages, the development of fully probabilistic SD frameworks
remains limited compared to traditional point-forecasting approaches, representing a clear
and promising direction for future research.

4.2.6. Interpretable and Explainable SD

Beyond the methodological advances shown in this work, another opportunity to
strengthen similar day forecasting lies in integrating XAl So far, SHapley Additive ex-
Planations (SHAP) have been employed to interpret a forecasting model by quantifying
the contribution of each input variable for load forecasting [58]. However, it can also be
used in extreme conditions—such as heat waves, sudden behavioral shifts, or atypical
system events—that often disrupt the assumptions under which traditional SD models
operate. Under these non-standard conditions the importance of input variables can shift
dynamically, making model interpretation essential. Recent studies have shown that XAI
tools can find changes in variable importance during anomalous periods [110]; thus, they
could help diagnose when a forecasting model relies on unstable or non-representative
patterns [111]. Techniques such as SHAP [112] provide transparent insight into why certain
days are selected as similar and how their features influence the forecast. By improving in-
terpretability under stress conditions, XAI can make SD-based short-term forecasting more
robust and trustworthy, representing a promising and practical direction for future research.

In this context, XAl techniques can:

e Reveal changes in variable importance (e.g., humidity or wind-chill becoming more in-
fluential).

e Identify when models rely on unstable or outdated features.

e  Distinguish between data quality issues and genuine regime shifts.

For SD approaches specifically, XAl could provide answers to key operational questions:

e  Why were certain days selected as similar?
e  Which variables are driving the similarity or clustering process?
e  When large errors occur, which features contributed to the misprediction?

This level of transparency is particularly valuable in operational environments, as it
transforms SD-based forecasting from a black-box system into a tool that can be interpreted,
audited, and improved collaboratively by engineers and data scientists.

4.3. Practical Implications for Power System Operators

Bringing all of this together, the quantitative evidence and analysis suggest the fol-
lowing practical takeaways for control-center and TSO/ISO environments, where load
forecasting is a critical operational process:

1.  Keep SD approaches, but modernize them:
SD methods should not be abandoned, but integrated into clustering, decomposi-
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tion, and machine learning pipelines to enhance performance while preserving their
intuitive foundation.

2. The first step is to invest in similarity definition:
It is essential to identify the key variables that define similarity in the system—such
as load, temperature, humidity, photovoltaic generation, electric vehicle penetration,
and calendar effects—and refine SD selection using clustering, grey relational analysis,
or correlation-based methods.

3. Use hybrid architectures as a default strategy:
Combining SD selection with signal decomposition techniques (e.g., wavelets, EMD,
VMD), machine learning or deep learning models, and residual correction improves
both accuracy and robustness.

4. Design explicit strategies for extreme events:
Dedicated SD models for anomalous conditions and the use of synthetic data or
scenario generation are necessary to address data scarcity and improve performance
under rare but critical events.

5. Move toward probabilistic SD-based forecasting:
The use of similar-day ensembles, quantile methods, and interval forecasts enables
more robust decision-making under uncertainty.

6. Adopt XAl for trust and diagnosis:
Integrating explainable Al techniques, such as SHAP, allows operators to interpret
feature contributions, understand clustering behavior, and diagnose forecasting errors.

5. Conclusions

This review synthesized more than two decades of Similar Day-based short-term load
forecasting research and proposed a unified taxonomy that organizes existing methods
according to the similarity-definition mechanism, the forecasting model, and their inte-
gration strategy. This framework enables a clearer understanding of the evolution of SD
approaches, from rule-based formulations to intelligent and hybrid architectures.

The analysis confirms that, despite the increasing adoption of artificial intelligence
techniques, SD-based methods remain widely used due to their intuitive nature, low imple-
mentation cost, and strong connection to operational knowledge. However, their traditional
formulations are increasingly challenged by structural changes in power systems, includ-
ing social shifts (e.g., post-COVID behavioral patterns and hybrid work), climate-driven
extreme events, the emergence of new large and distributed loads, and the growing impact
of behind-the-meter generation. These factors introduce nonstationarity and increased
variability that cannot be fully captured by conventional similarity rules.

In this context, the evidence indicates that the future of SD-based forecasting lies not in
its replacement, but in its transformation. Enhancing similarity definitions through richer
explanatory variables and adaptive strategies, together with the integration of clustering,
machine learning, and hybrid modeling approaches, enables more accurate and flexible
forecasting frameworks. In particular, hybrid architectures provide a practical balance
between interpretability and accuracy, while probabilistic formulations offer a pathway to
address uncertainty under increasingly complex operating conditions.

Finally, this work identifies key directions for future research:

e  Systematic evaluation of SD methods under extreme conditions and other atypical
operating conditions.

e  Standardization of similarity metrics and variable sets to facilitate method comparison
and reproducibility across systems and regions.

e Integration of high-resolution meteorological forecasts and climate information into
SD selection and forecasting models.
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e Improved representation of emerging demand drivers,
e Broader adoption of probabilistic and explainable Al techniques to quantify uncer-
tainty and improve model transparency, particularly under stress scenarios.

These developments are essential to ensure reliable, transparent, and robust forecasting
in modern power systems.
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Abbreviations

The following abbreviations are used in this manuscript:

Al Artificial Intelligence
ANNSs Artificial Neural Networks
ARIMA  Auto Regressive Integrated Moving Average

BTM Behind-the-Meter (Generation)
DL Deep Learning

EMD Empirical Mode Decomposition
GBoost Gradient Boosting

GRU Gated Recurrent Unit

ISO Independent System Operator

LSTM Long Short-Term Memory

MAPE Mean Absolute Percentage Error

ML Machine Learning

MLOps  Machine Learning Operations

NSDAR  Neural-based Similar Day Auto Regression
NERC North American Electric Reliability Council

NN Neural Network

PSO Particle Swarm Optimization
1Y% Photovoltaic

RBF Radial Basis Function

RF Random Forest

SDs Similar Days

SHAP SHapley Additive exPlanations
SOM Self-Organizing Map

SVR Support Vector Regression
SVM Support Vector Machine

STLF Short-Term Load Forecast

TSO Transmission System Operator
VMD Variational Mode Decomposition
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XAI Explainable Artificial Intelligence
XGBoost  Extreme Gradient Boosting
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