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Abstract

Energy forecasting in smart buildings is a critical aspect of optimizing energy consumption
and improving sustainability in modern urban environments. This systematic literature
review aims to provide a comprehensive analysis of the current research trends, datasets,
forecasting methods, and models used in the context of smart building energy forecasting.
We reviewed studies published between 2010 and 2024, focusing on the methodologies
and techniques applied to predict energy usage in buildings equipped with advanced
technologies such as Internet of Things (IoT) devices, energy management systems (EMSs),
and renewable energy sources. This review highlights a shift from traditional statistical
methods to more advanced machine learning (ML) and deep learning (DL) models, with
notable improvements in forecasting accuracy. We also examine the datasets commonly
used in these studies and identify key challenges such as data availability, model general-
ization, and the integration of renewable energy. The findings indicate a growing trend
towards hybrid models that combine various forecasting techniques, with a particular focus
on real-time prediction and optimization. This review also identifies several research gaps,
including the need for larger, more diverse datasets, improved model interpretability, and
the integration of renewable energy in forecasting models. Ultimately, this review offers
insights into the state of the field and provides guidance for future research directions in
energy forecasting for smart buildings.

Keywords: systematic literature review; energy forecasting; smart buildings; machine
learning; deep learning; renewable energy integration; internet of things (iot); energy
management systems (ems); predictive modeling

1. Introduction

Smart buildings have emerged as a cornerstone of modern urban development, inte-
grating advanced technologies to enhance energy efficiency, comfort, and sustainability [1].
Central to their operation is the ability to accurately forecast energy usage, enabling better
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management of energy resources, minimizing operational costs, and supporting environ-
mental goals [2]. With the increasing adoption of IoT devices, machine learning algorithms,
and big data analytics, energy forecasting in smart buildings has transitioned from static
estimations to dynamic, real-time predictions [3]. This evolution not only improves energy
efficiency but also aligns with global efforts to create sustainable smart cities [4].

Despite these advancements, challenges persist in the energy forecasting domain [5].
Existing research often lacks standardization in methods and models, while the availability
of high-quality, real-world datasets remains limited [6]. Furthermore, discrepancies in
evaluating the performance of forecasting models hinder the establishment of benchmarks
for best practices [7]. This systematic literature review seeks to address these gaps by
consolidating research trends, cataloging commonly used datasets, and analyzing the effec-
tiveness of forecasting methods and models in smart buildings [8]. By identifying current
challenges and future opportunities, this study aims to provide a comprehensive reference
for researchers and practitioners striving to optimize energy usage in smart buildings.

2. Methodology
2.1. Review Method

This review employs a systematic literature review (SLR) methodology to ensure a
comprehensive and structured analysis of the existing research on energy forecasting in
smart buildings. The SLR process follows the Preferred Reporting Items for Systematic
Reviews and Meta-Analyses (PRISMA) guidelines to maintain transparency and replicabil-
ity [9]. This review begins by defining the research questions aimed at exploring trends,
datasets, methods, and models in energy forecasting [10]. A search strategy was then
developed, leveraging electronic databases such as Scopus, IEEE Xplore, Web of Science,
and SpringerLink [11]. Keywords and Boolean operators, including “energy forecasting,”
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“smart buildings,” “machine learning models,” “energy prediction datasets,” and “IoT
energy management,” were used to refine the search [3].

The study selection and screening process followed the Preferred Reporting Items for
Systematic Reviews and Meta-Analyses (PRISMA) framework, as illustrated in Figure 1.
The PRISMA flow diagram summarizes the identification, screening, eligibility assessment,
and inclusion of studies in the systematic literature review. The study identification,
screening, eligibility assessment, and inclusion processes are presented in the PRISMA 2020
flow diagram (Figure 1). To enhance methodological transparency, this revised version
includes explicit numerical information for each step of the PRISMA flow. A total of
1246 records were initially identified across all databases. After removing 312 duplicates,
934 articles proceeded to title and abstract screening, of which 612 were excluded due
to irrelevance to smart building energy forecasting. The remaining 322 full-text articles
were assessed for eligibility, and 211 were excluded for reasons including: insufficient
methodological rigor (87 studies), lack of empirical validation (64 studies), incomplete
dataset description (41 studies), and non-English manuscripts (19 studies). A total of
111 studies met all inclusion criteria and were incorporated into the final synthesis.

The selection process involved screening titles, abstracts, and full texts to ensure
relevance and quality [12]. Inclusion criteria required studies to be published in peer-
reviewed journals or conferences, focused on forecasting energy usage in smart buildings,
and available in English. Studies published between 2010 and 2024 were included to capture
recent advancements. Exclusion criteria eliminated duplicates, non-peer-reviewed articles,
and studies lacking methodological rigor or empirical validation [13]. Data extraction
templates were utilized to systematically record information on research objectives, datasets,
forecasting methods, evaluation metrics, and key findings [14]. The analysis and synthesis
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of these studies provided a foundation for identifying gaps, challenges, and emerging
trends in the field.

PRISMA 2020 FLOW DIAGRAM
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Figure 1. PRISMA 2020 flow diagram illustrating the identification, screening, eligibility assessment,
and inclusion of studies in this systematic literature review. Developed by the authors following the
PRISMA 2020 guidelines [9].

To ensure consistency and scientific validity, the review process adheres strictly to the
Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) guide-
lines [15]. The PRISMA framework provides a standardized procedure for identifying,
screening, and selecting relevant studies through a structured flow of information [16]. By
adopting PRISMA, this study minimizes the risk of selection bias, enhances the traceability
of decisions throughout the review process, and creates a clear audit trail of methodological
steps [17].

The review process began with the development of a detailed review protocol, which
outlined the motivation behind the study, the research questions, the datasets of interest,
and the analytical boundaries required to maintain a focused scope [18]. The protocol
served as a roadmap, ensuring that methodological decisions were made consistently and
transparently [19]. Research questions were formulated to explore several dimensions of
the topic, including: (1) how research trends in energy forecasting have evolved, (2) what
datasets and data sources are used, (3) which forecasting methods and models are dominant,
and (4) how model performance is evaluated across the literature [20]. These research
questions guided the search strategy and inclusion criteria.

A systematic and comprehensive search strategy was then developed to capture a
broad range of relevant literature across multiple disciplines such as engineering, computer
science, energy systems, environmental analytics, and data science [21]. Searches were
conducted across leading digital academic databases, including Scopus, IEEE Xplore, Web
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of Science, SpringerLink, ScienceDirect, and ACM Digital Library [22]. These databases
were selected due to their extensive coverage of high-quality research publications in
fields relevant to smart building energy forecasting [23]. The search strings were de-
veloped using combinations of keywords, synonyms, Boolean operators, and wildcard
symbols [24]. Example search terms include “energy forecasting,” “building energy predic-

o s

tion,” “smart building analytics,” “machine learning energy forecasting,” “deep learning
prediction models,” and “IoT-based energy management.” This comprehensive design
ensured that this review captured a wide distribution of methodological approaches and
research perspectives.

A multi-stage filtering process was employed, consistent with PRISMA guidelines [25].
The first stage involved removing duplicates using reference management software [26].
The second stage involved title and abstract screening based on predefined selection
criteria [27]. The third stage involved full-text screening to validate the methodological
soundness and relevance of the studies [28]. Studies lacking clarity in dataset description,
model explanation, evaluation metrics, or experimental setup were excluded to maintain
methodological rigor [28]. This systematic filtering ensured that the final set of articles

included only high-quality empirical research suitable for comprehensive synthesis.

2.2. Research Questions

This systematic literature review is guided by key research questions designed to
explore critical aspects of forecasting energy usage in smart buildings. These questions
aim to identify trends, evaluate methods, and highlight gaps in existing research. The
formulated research questions are as follows:

1.  What are the current research trends in forecasting energy usage in smart buildings?

2. What datasets are commonly used in energy forecasting studies for smart buildings,
and what are their characteristics?

3. What methods and models are predominantly applied for energy forecasting in smart
buildings?

4. What are the key challenges, limitations, and opportunities in the current research on
energy forecasting in smart buildings?

2.3. Search Strategy

The search strategy for this systematic literature review was designed to ensure the
comprehensive identification of relevant studies on forecasting energy usage in smart build-
ings. The process involved querying multiple academic databases, including Scopus, IEEE
Xplore, SpringerLink, and Web of Science, which are recognized for their extensive collec-
tions of high-quality publications in engineering, technology, and energy domains [29]. A
combination of keywords and Boolean operators was used to retrieve relevant articles [30].

7 i

The primary keywords included “energy forecasting,” “smart buildings,” “energy pre-
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diction models,” “machine learning,” “IoT energy management,” and “renewable energy
integration.” Boolean operators such as “AND,” “OR,” and “NOT” were employed to
refine and expand the search results where necessary.

The search was limited to peer-reviewed journal articles, conference papers, and review
studies published between 2010 and 2024 to focus on contemporary research. Articles
written in English were included to ensure accessibility and standardization. Additionally,
manual searches were performed by reviewing reference lists of key articles to identify any
relevant studies that might have been missed during the database search. To manage and
organize the search results, Mendeley Reference Manager (version 2.86.0) or Zotero (9.0.6)
was used, enabling efficient de-duplication and categorization of the retrieved articles.
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This systematic search strategy ensures a robust foundation for analyzing the trends,
datasets, methods, and models in energy forecasting for smart buildings while maintaining
the rigor and replicability of the review process.

2.4. Study Selection

The study selection process was conducted in multiple stages to ensure the inclusion
of high-quality and relevant studies on forecasting energy usage in smart buildings. The
initial stage involved screening titles and abstracts retrieved from the database searches
to eliminate studies that were clearly irrelevant, such as those focusing on unrelated
fields or non-building energy systems. In the second stage, the full texts of potentially
relevant articles were reviewed to assess their eligibility based on predefined inclusion and
exclusion criteria.

To enhance reliability, two reviewers independently assessed the studies against the
criteria, and disagreements were resolved through discussion or consultation with a third
reviewer. The final set of selected studies was documented in a PRISMA flow diagram to
provide a clear overview of the study selection process, including the number of records
identified, screened, excluded, and included. This rigorous selection process ensures that
this review is based on high-quality and relevant research, providing robust insights into
the field.

2.5. Data Extraction

The data extraction process for this systematic literature review was conducted using
a standardized template to ensure consistency and comprehensiveness. Each selected study
was thoroughly evaluated, and key information relevant to the research questions was
extracted. The extracted data included basic information such as the authors, publication
year, and title of the study, as well as the main research focus, such as energy consumption
forecasting or energy optimization in smart buildings. Additionally, details on the forecast-
ing methodologies used, such as machine learning algorithms, statistical models, or hybrid
approaches, were recorded.

Data related to the datasets used, including their size, source, and any preprocessing
steps applied, were also documented to assess the suitability and quality of these datasets.
To evaluate the performance of the forecasting models, evaluation metrics used in each
study, such as Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), and R?,
were also noted. The main findings of each study, including significant results, limitations,
and identified challenges, were extracted to provide a comprehensive overview of the
developments in this field. The extraction process was performed by two independent
reviewers to ensure accuracy, and any disagreements were resolved through discussion
or consultation with a third reviewer. All extracted data were organized in a spreadsheet
format for further comparative analysis and synthesis.

2.6. Study Quality Assessment and Data Synthesis

To ensure the reliability and validity of the findings, a quality assessment of the
selected studies was conducted as part of the review process. The quality of each study
was evaluated based on several criteria, including the clarity of the research objectives, the
rigor of the methodology, the transparency of data reporting, and the appropriateness of
the evaluation metrics. Each study was assigned a quality score based on these criteria, and
studies with significant methodological weaknesses or unclear reporting were excluded
from the final synthesis. This step was essential for ensuring that only high-quality studies
contributed to the overall conclusions of this review.

Following the quality assessment, the extracted data were synthesized through both
qualitative and quantitative approaches. Qualitative synthesis involved identifying recur-
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ring themes, trends, and patterns across the studies, particularly regarding the methods,
datasets, and forecasting models used in smart building energy forecasting. Quantitative
synthesis focused on comparing performance metrics, such as accuracy and error rates,
across different models and methods. The results were organized in a systematic manner
to identify key findings and gaps in the literature. This combination of quality assessment
and data synthesis provided a robust foundation for drawing meaningful conclusions
and identifying opportunities for future research in the field of energy forecasting for
smart buildings.

Quality Scoring Rubric To operationalize the quality assessment, each study was
evaluated using a structured scoring rubric comprising four dimensions:

1.  Clarity of research objectives (0-3);

2. Dataset transparency and reproducibility (0-3);

3. Methodological rigor and evaluation metrics (0-3);

4. Relevance to smart building energy forecasting (0-3).

Each study received a total score ranging from 0 to 12, and studies scoring below 7 were
excluded from the synthesis. Two independent reviewers performed the scoring. The inter-
rater reliability was calculated using Cohen’s Kappa (k = 0.81), indicating strong agreement.

2.7. Threats to Validity

While every effort was made to ensure the rigor and reliability of this systematic
literature review, several potential threats to validity should be acknowledged. First,
publication bias may have influenced the findings, as studies with positive or significant
results are more likely to be published, while studies with negative or inconclusive results
may be underrepresented. Despite efforts to include a broad range of studies, there is
always a risk that certain relevant articles, particularly grey literature or studies in non-
English languages, may have been overlooked.

Another potential threat is selection bias, which could arise from the inclusion criteria
set for study selection. By focusing only on studies published between 2010 and 2024 and
limiting this review to articles in English, some important research might have been ex-
cluded, particularly studies from non-English-speaking regions or those published outside
the defined timeframe. Additionally, the subjective nature of study quality assessment
could introduce bias, as two independent reviewers evaluated studies based on their per-
sonal judgment. Although disagreements were resolved through discussion, this process
could still introduce an element of inconsistency.

Lastly, data extraction errors might have occurred despite the use of standardized
templates and independent reviews. Although measures were taken to minimize these
errors, any inaccuracies in the extraction process could affect the integrity of the data
synthesis and analysis. Despite these potential threats, the overall methodology of this
review, which includes transparent reporting, double-checking, and systematic analysis,
aims to minimize these threats and ensure the validity of the findings.

3. Research Results

This section presents the key findings from the systematic review of studies on energy
forecasting in smart buildings. The results are organized based on the research questions,
providing insights into current trends, commonly used datasets, methodologies, and
forecasting models, as well as challenges and gaps identified in the literature.
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3.1. Research Trends

This review revealed that research in energy forecasting for smart buildings has in-
creased significantly over the past decade. Initially, studies focused primarily on traditional
statistical methods, but there has been a clear shift towards more advanced techniques
such as machine learning (ML) and deep learning (DL) algorithms. The integration of
Internet of Things (IoT) technologies, energy management systems (EMSs), and renewable
energy sources (RES) in smart buildings has become a prominent theme in recent studies.
Researchers are increasingly interested in real-time energy prediction and optimization, as
well as the combination of predictive models with smart grid systems to improve energy
efficiency and sustainability.

3.2. Datasets

A variety of publicly available and research-accessible datasets were used across the
reviewed studies. Among the most frequently referenced sources were the Building Data
Genome Project, the Pecan Street Dataport, and energy-related datasets available through
the UCI Machine Learning Repository. These datasets provide different levels of temporal
resolution, building types, geographic coverage, and energy-related variables. For example,
the UCI Machine Learning Repository provides the *Individual Household Electric Power
Consumption* dataset, which contains one-minute measurements of household electricity
consumption over approximately 47 months. The Building Data Genome datasets provide
building-level energy and associated metadata for benchmarking building energy forecast-
ing research, while the Pecan Street Dataport provides high-resolution residential energy
data, including whole-home and appliance-level electricity measurements, subject to the
access conditions specified by the data provider. The official data repositories and access
information for these sources are provided in the Data Availability Statement. However,
differences in data accessibility, sampling frequency, geographic context, building character-
istics, and preprocessing procedures remain important factors that limit direct comparison
across studies.

3.3. Forecasting Methods and Models

The studies reviewed employed a wide range of forecasting methods. Traditional
statistical models, such as Autoregressive Integrated Moving Average (ARIMA) and Linear
Regression, were commonly used in earlier studies. However, machine learning models
like Support Vector Machines (SVM), Random Forests, and Neural Networks (NN) have
gained popularity due to their ability to handle complex, non-linear patterns in energy
consumption. Recent studies have also explored hybrid models that combine traditional
statistical methods with machine learning to improve forecasting accuracy. Deep learning
models, including Convolutional Neural Networks (CNN) and Long Short-Term Mem-
ory Networks (LSTM), have also been increasingly applied for time-series forecasting in
energy prediction.

The normalized error ranges reported in Table 1. are synthesized from multiple
studies using different normalization strategies, including min-max scaling and mean-
based normalization. Although direct numerical comparability across studies remains
limited, the aggregated results indicate a consistent trend in which machine learning and
deep learning models achieve approximately 12-27% lower MAE compared to traditional
statistical approaches under comparable datasets and forecasting horizons.
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Table 1. Comparative Performance of Energy Forecasting Models in Smart Buildings.

MAE RMSE

Model Dataset (Normalized) (Normalized) Notes
Linear Regression ~ UCI Energy Dataset 0.18-0.25 0.22-0.30 Baseline model; performs adequately for
linear and low-variance patterns
ARIMA Building Da.ta 016-0.23 0.20-0.28 Effective for short—te}‘m forecastlpg; limited
Genome Project under non-stationary conditions
Support Vector Handles non-linearity well; sensitive to
Machine (SVM) Pecan Street Dataset 0.13-0.20 0.17-0.25 kernel and parameter tuning
Building Data Robust to noise; strong performance across
Random Forest (RF) Genome Project 0.11-0.18 0.15-0.22 different building types
Artificial Neural Improved accuracy over classical ML;
Network (ANN) UCI/Pecan Street 0.10-0.17 0.14-0.21 requires careful architecture design
CNN Building Da}ta 0.09-0.16 0.13-0.20 Effective fo.r high-resolution temporal
Genome Project patterns; mixed results across datasets
LSTM Peca.m Street /Multi- 0.08-0.14 0.12-0.18 Effective for capturing lor}g—term
building datasets temporal dependencies
Hybrid (ARIMA + . . 3 ~ Combines statistical stability with DL
LSTM/ML) Mixed public datasets 0.07-0.13 0.11-0.17 learning capability

3.4. Evaluation Metrics

The evaluation of forecasting models in the selected studies primarily used common
performance metrics, such as Mean Absolute Error (MAE), Root Mean Squared Error
(RMSE), R-squared (R?), and Mean Squared Error (MSE). The majority of studies reported
MAE as a standard metric for accuracy, with RMSE being frequently used for assessing
model precision. Notably, while some studies reported high forecasting accuracy with ma-
chine learning models, others noted challenges in model interpretability and computational
efficiency, especially in real-time applications.

Beyond descriptive trends, this revision integrates a comparative synthesis of forecast-
ing performance based on normalized MAE and RMSE values extracted from the included
studies. Machine learning and deep learning models demonstrated consistent improve-
ments of approximately 12-27% lower MAE compared to traditional statistical models
when evaluated under similar environmental, temporal, and building-scale conditions.
LSTM-based models outperformed classical ANN and SVM approaches particularly for
long-sequence temporal data, achieving an average RMSE reduction of 18%. However,
CNN-based models showed mixed performance depending on the temporal granularity
of the dataset, suggesting that no single model universally dominates across all building
types and climates.

3.5. Key Challenges and Gaps

Several challenges were identified in the reviewed studies. A primary concern is
the lack of high-quality, large-scale datasets for training and testing forecasting models.
Many studies relied on small, publicly available datasets, which may not fully represent
the complexity of real-world smart building systems. Another issue is the generalization
of models across different types of buildings and climates. Many models performed well
in specific case studies but failed to generalize across diverse conditions. Furthermore,
while machine learning models show promise, model explainability remains a significant
challenge, as many advanced models operate as “black boxes”. This issue reduces their
practical application in real-world settings where transparency and trust in predictions
are crucial.
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While many ML /DL models show performance advantages, these improvements are
not universally consistent across datasets. Differences in sampling frequency, building
types, climate zones, and preprocessing steps limit direct comparability. The absence of
standardized benchmark datasets reduces the strength of aggregated conclusions and
highlights the need for unified evaluation protocols in future research.

4. Future Research Directions

Future research on energy forecasting in smart buildings should move beyond de-
scriptive comparisons and focus on improving methodological rigor, generalizability, and
practical applicability. One critical direction is the development of standardized bench-
mark datasets that cover diverse building types, climate zones, and temporal resolutions.
The absence of unified datasets currently limits cross-study comparability and weakens
evidence-based conclusions regarding model performance.

Another important research avenue involves robust comparative evaluation frame-
works. Future studies should adopt standardized preprocessing pipelines, forecasting
horizons, and evaluation protocols to enable fair comparisons across statistical, machine
learning, and deep learning models. The integration of lightweight meta-analytic tech-
niques or normalized performance aggregation can significantly strengthen empirical
evidence in systematic reviews and empirical studies.

Model interpretability and explainability also remain open challenges, particularly
for deep learning approaches such as LSTM and hybrid architectures. Future work should
explore explainable AI (XAI) techniques to enhance transparency, trust, and adoption of
forecasting models in real-world smart building energy management systems. Improving
explainability is especially important for decision-makers who rely on model outputs for
operational and policy-level decisions.

Additionally, future research should increasingly address real-time and adaptive
forecasting by integrating online learning, concept drift detection, and edge comput-
ing. As smart buildings generate continuous streams of IoT data, forecasting models
must adapt dynamically to changing occupancy patterns, weather conditions, and energy
system configurations.

Finally, the integration of renewable energy sources, demand response strategies, and
multi-agent energy management systems represents a promising direction. Forecasting
models that jointly consider consumption, generation, and flexibility will be essential for
supporting sustainable and resilient smart building ecosystems within future smart cities.
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