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Abstract — Integrating Artificial Intelligence (AI) into heating, ventilation, and air
conditioning (HVAC) systems is a promising approach that helps enhance energy efficiency
in buildings, which leads to cost savings and provides environmental benefits. However, the
effective performance of the AI models depends not only on the model design but also on the
data quality, reliability, size, availability, and management. This paper analyses recent studies
that apply Al models, specifically Deep Learning and Hybrid models, to achieve energy
efficiency in HVAC systems in buildings from a data perspective, examining various aspects
of data management. This analysis aims to provide insights into data-related challenges in Al-
driven HVAC systems and propose strategies to overcome them, ensuring more accurate,
efficient, and reliable models. The findings reveal that combining multiple data types can
enhance model performance and generalizability. The findings also indicate that data quality
is overlooked by researchers in many studies, where only 31 % of the analysed papers
discussed quality issues, reflecting that it is not yet a standard practice in this field.
Additionally, this analysis highlights the scarcity of reliable and audited data. Therefore, and
in response to this issue, this paper recommends accessible and reliable data resources that
can be employed in Al applications for HVAC systems in buildings.

Keywords — Building management systems; deep learning; energy efficiency; machine
learning.

1. INTRODUCTION

Heating, Ventilation, and Air Conditioning (HVAC) systems account for over 30 % of
worldwide energy consumed in buildings, making them a critical target to optimize [1]. The
integration of Artificial Intelligence (Al) in these systems has become a key strategy for
improving building energy efficiency. Al-driven approaches, particularly Deep Learning
(DL) and hybrid models, offer promising solutions by enabling intelligent control, fault
detection, and predictive maintenance [2], [3]. These technological advances save energy,
reduce costs, and reduce carbon footprints [4]. However, while Al-based HVAC systems
management solutions have significant potential, their effectiveness depends largely on the
quality and availability of data [5]. Challenges related to data availability, reliability, and pre-
processing remain significant [6]. Moreover, the lack of standardized data management,
privacy concerns, and limited real-world datasets hinder the training of robust models [7].
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Several studies have discussed the role of data in Al-driven HVAC optimization,
highlighting key challenges that align with this paper’s focus. Zhou et al. [8] reviewed the
application of data mining and machine learning techniques in building energy management.
Their work highlights the importance of data-driven strategies but does not extensively
discuss data quality issues, which this paper aims to discuss [8]. Similarly, Xiao et al. [9]
investigated the impact of data pre-processing and feature selection on HVAC energy
consumption prediction models, demonstrating that different smoothing methods and training
set sizes significantly affect model accuracy. Their findings highlight the need for robust data
handling practices but do not explore the broader challenges of data availability and real-
world applicability [9]. Additionally, Huang et a/. [10] compared real and simulated datasets
for building defect detection and concluded that models trained on simulated data struggle to
generalize to real-world conditions. This finding is particularly relevant to this study, as it
highlights the limitations of relying on simulated data for Al applications in HVAC. A study
by Albatayneh [11] highlighted that many countries lack up-to-date and reliable data on
residential building energy consumption, forcing researchers to depend on small-scale
surveys or incomplete measurements More recently, Mukhtar ef al. [12] emphasized that
reproducibility in HVAC and Machine Learning (ML) research is often undermined by poor
dataset reporting, accessibility, and the absence of publicly available data.

While prior reviews have examined Al applications in HVAC for energy efficiency,
discussions of data challenges are typically brief and confined to subsections. This study aims
to address this gap by utilizing insights from prior original research studies to conduct a more
thorough investigation into the data challenges associated with Al in HVAC applications. It
emphasizes data-related challenges and their impact on model accuracy.

This paper comprehensively analyses recent studies employing DL and hybrid Al models
designed to achieve energy efficiency in HVAC systems from a data-centric perspective. The
following sections present the methodology of the literature review and data extraction,
followed by results on data availability, data type, quality, sources by building type, and data
split, before concluding with key insights. This study aims to identify deficiencies in data
management practices in the application of Al for HVAC systems in buildings, propose
solutions to these challenges, and recommend accessible and reliable data resources.

This paper enhances the understanding of data-related challenges in Al-driven HVAC
applications and provides recommendations for optimizing models’ performance.

2. METHODOLOGY

This section discusses the approach taken to select relevant studies for this analysis. The
study selection followed the Preferred Reporting Items for Systematic Reviews and Meta-
Analyses (PRISMA) guidelines [13]. A review protocol was not registered, but the search
strategy (keywords, databases, and search fields) and selection criteria are reported to ensure
transparency and reproducibility. A visual summary of the articles used in the review and
selection process is provided by the PRISMA flowchart in Fig. 1. The literature search was
conducted using the keywords ‘Machine Learning’ and ‘HVAC’ in the ‘Title, Abstract,
Keywords’ fields across two major scientific databases: SCOPUS and Web of Science (WoS)
Core Collection. The initial search retrieved 1130 articles (637 from SCOPUS and 493 from
WoS). After removing duplicates, 715 articles remained for screening. After screening the
articles' titles and abstracts, 202 articles remained. Lastly, 36 articles were assessed for
eligibility and included in the analysis based on inclusion and exclusion criteria shown in
Fig. 2.
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Fig. 2. Literature selection criteria.
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— Only studies published within the last five years with complete bibliographic
information were included to reflect recent advancements in the field. The criteria for
inclusion were as follows:

— Studies must focus on HVAC systems in buildings and develop DL or Hybrid models.
This choice was made because DL and hybrid approaches have shown significant
potential in improving HVAC efficiency and require further evaluation [2].

— Review papers were excluded to focus on original research that develops and applies
Al models rather than summarizing existing work.

— Renewable energy studies were excluded to avoid data challenges specific to storage
and grid integration, ensuring a focused analysis on HVAC energy management.

— The analysed studies’ data must be publicly available or accessible upon request. This
criterion was applied to ensure transparency and reproducibility in Al model
development.

After screening the selected papers, a structured analysis was conducted to extract data
type, quality, availability, source, building type, data split, size, and data granularity. To
enhance clarity, Fig. 3 illustrates the desired extracted data attributes.

Data Split
Data Source

Data Size

1.

~

== | Building Type

Data Quality &=
Data Data Type
Granularity
Data
Avyailability

Fig. 3. Desired data extracted from the studies.

The characteristics depicted in Fig. 3 were chosen for their significance and impact on the
development and training of Al models in HVAC systems. Data source, building type, and
data type provide context regarding applicability. Furthermore, attributes like data size,
granularity, and availability affect robustness and accuracy, while data availability and data
split affect productibility and generalization [14]-[16]. This selection aligns with common
practices in reviews and research related to Al and energy, ensuring a structured overview of
data issues and potential avenues for improvement.

However, we were unable to derive meaningful conclusions, patterns, or insights regarding
the data size and granularity from the collected dataset. Our analysis did not reveal any clear
trends. Since we opted not to compare model performance, assessing their impact remains
challenging. Even so, the reviewed papers exhibit diverse data sizes and granularities, ranging
from large datasets with over 272 160 measurements [17] to smaller ones with 720 samples
per fault class [18].

Granularity also differed, with most studies using hourly data [19], [20], while some
reported different time scales [21], [22]. These differences highlight inconsistencies in dataset
structures.
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3. RESULTS

3.1. Data Availability

As presented in Fig. 1, 81 papers out of 166 were excluded from the studies in the full-text
article assessment due to the data being unavailable publicly or upon request. This highlights
a significant lack of transparency and credibility in many studies. Data accessibility is
important as it ensures transparency, enables the replication of scientific results, and
encourages data reuse by researchers and scientists. In the 36 papers analysed, 67 % of the
datasets are available upon request, while 33 % are publicly available. Despite the data being
available in both cases, the datasets available upon request pose some challenges, such as
limited accessibility, where access will depend on the author's willingness to share and how
fast they respond. Some researchers may need to fill out forms, agreements, or terms of use.
This can make it challenging and time-consuming to get access to the data. On the other hand,
publicly available datasets provide transparency and ease of access, allowing researchers to
instantly download the datasets, encouraging more collaboration. This highlights the need for
more open data source sharing and easy access to the data used in the studies to accelerate
the research process for other researchers and practitioners.

While open data provides transparency and benefits researchers, it is also important to point
out why some authors and data providers may have some constraints when it comes to data
sharing. These constraints include privacy concerns, particularly when occupant-related data
is involved, intellectual property restrictions, and the additional time and resources required
to prepare the datasets for public release. Additionally, authors may fear data misuse or loss
of competitive advantage [23], [24]. Addressing both user needs and data providers’
constraints is necessary to advance open data practices in HVAC and building energy
research.

The United Nations Educational, Scientific, and Cultural Organization (UNESCO) [25]
emphasizes that scientific knowledge should be “as open as possible,” while recognizing that
certain restrictions may be necessary to protect human rights, confidentiality, and intellectual
property. By encouraging scientists to develop tools and methods for managing data,
UNESCO aims to maximize data sharing and advance science [25].

Available Audited Data Sources

Open data sources, like Kaggle [26] for instance, provide datasets in different fields,
including HVAC systems. This encourages collaboration and provides value to researchers
who need data to train Al models. However, not all datasets on these platforms are audited or
are reliable. Some datasets are incomplete and unclear, which is a problem, especially for
HVAC systems, where building occupancy, climate, or maintenance activities can greatly
affect energy use but are often not included.

TABLE 1. RECOMMENDATION OF AUDITED DATA SOURCES

Data Source Name Description

[27] American Society of The majority of ASHRAE data sets are derived from research projects funded
Heating, Refrigerating and Air- by ASHRAE. Technical committees and experts closely monitor these projects.
Conditioning Engineers The methods used to collect, process, and analyse the data are reviewed to
(ASHRAE) ensure scientific credibility and accuracy.

[28] U.S. Department of Energy’s  Datasets provided by the US Department of Energy's Office of (OSTI) are
Office of Scientific and Technical — generally reviewed and validated.
Information (OSTI)
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The Al modelling process will be affected if the data used to train an Al model is inaccurate
or contains gaps. This can result in Al models making poor decisions, ultimately defeating
the purpose of using Al for energy efficiency [9].

Reliable and audited data for Al applications in HVAC systems remains scarce. In order to
solve this problem, we provide in Table 1 easily available and reliable data sources that can
aid in the creation of strong and efficient Al models for building energy management.

3.2. Data Type

In Al-driven HVAC applications, data typically falls into three categories: real-world data
[29], historical data gathered from past observations [30] and simulated/synthetic data
generated through models or simulations to supplement real-world scenarios [31]. Table 2
and Fig. 4 present the number of studies from the reviewed papers using different data types.

TABLE 2. THE DATA TYPES USED IN DIFFERENT STUDIES

Data Type Ref
[30], [32], [33], [34], [35], [36], [37], [38], [39], [40], [41], [42], [43], [44], [45],
Historical Data [46], [47], [48], [49], [50], [51], [52], [53], [54], [55], [56], [57], [58], [59], [60],
[61]
Real-Time Data [29], [32], [33], [34], [62]
Synthetic/Simulated Data [31], [32], [33], [34], [37], [46], [47], [52], [53], [57], [63]

Historical data has the most significant number of papers, which could indicate that this data
type is easily accessible or widely available. This could also reflect its reliability for model
training. However, Al models trained only on historical data impose limitations in adapting to
dynamic or unforeseen conditions. Only five studies used real-time data. This is likely due to their
complexity, latency issues, and high computational requirements.

Simulated
Real-Time

Historical

0 10 20 30 40

Fig. 4. Number of papers by data type.

Twelve studies used simulated (or synthetic) datasets. These allow the testing of Al models
when data is inaccessible, limited, or requires extensive pre-processing. They are valuable for
hypothesis testing and prototyping but could be less relevant to real-world complexities.

Combining multiple data types may help reduce challenges and provide deeper insights,
improving the generalizability of the AI model as demonstrated in one study [32]. This
research uses [32]. DL models that operate on different time scales, combining historical data
and real-time data to predict room conditions and adjust controls, which helps the system
reduce uncertainty and improve accuracy in different situations. Similarly, another study [33]
utilizes EnergyPlus-based simulations in combination with real-world weather data,
demonstrating that reinforcement learning-based HVAC control benefits from the synergy of
simulated and real-time environmental data. The hybrid approach allows for training robust
models capable of handling dynamic scenarios [33]. Moreover, the integration of
computational simulations with operational data in [34] shows improved energy efficiency,
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reinforcing the importance of multiple data sources in refining AI models for real-world
deployment.

These studies show that the integration of different data sources leads to more robust Al
models. By including multiple data types like historical trends, real-time variations, and
simulated scenarios, models can better adapt to new environments, reducing prediction errors
and improving overall HVAC efficiency.

3.3. Data Quality

The quality of the data used in Al models highly influences their performance. Quality
issues, such as noise and missing values, can affect model training and reduce accuracy [36],
[39]. This section discusses the quality issues addressed in the analysed papers. The result of
our analysis demonstrated that 69 % of the analysed studies did not discuss quality issues.
This suggests that many researchers do not prioritize data quality as a key factor in their
analysis and that it is not yet a standard practice.

Several studies address handling missing data. In study [36], the authors mentioned using
imputation to fill in missing values, while another study [39] discussed having quality issues,
including missing data and class imbalance problems. In study [43], linear interpolation was
applied to fill in the missing quarters of hours for outdoor temperature and humidity data.

The authors in [46] mention noise due to mismatches in the sampling rate, a critical issue
in HVAC systems with sensors operating in varying methods. The authors in [58] identify
problems such as incorrect entries and mismatches in historical data, highlighting how poor-
quality data affects the model’s prediction performance. Both studies [44] and [60] address
pre-processing steps to enhance data quality, such as interpolation, data cleaning to handle
missing data, and outlier removal.

While data quality issues can have a significant impact on Al model performance, many
studies do not report them, suggesting a gap in standard practice. However, those that do
acknowledge these challenges employ various methods such as imputation, interpolation, data
cleaning, and outlier removal to improve data reliability and increase model accuracy.

3.4. Data Sources by Building Type

The building types to data sources help to explore the patterns and challenges associated
with data sources specific to the building type when applying ML models for energy-efficient
HVAC systems. Table 3 shows that in residential buildings, simulated data, such as TRNSYS
and Ecotect, appeared more frequently than real-world data. This could be due to privacy
concerns and the high costs of retrofitting older buildings. However, given the small sample
size, this observation should not be generalized to all residential contexts. On the other hand,
for commercial buildings, the reviewed studies utilized structured and empirical datasets,
such as large-scale surveys, measured building data, and ASHRAE projects; this enables more
precise modelling.

Educational institutes and offices have leveraged diverse data sources from advanced data
collection tools, such as Building Automation System (BAS), Building Management System
(BMS), Computer Aided Monitoring System (CAMS), Internet of Things (IoT) sensors, district
heating monitoring tools, thermal cameras, and other environmental sensors [38], [44], [60], [62].
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TABLE 3. BUILDING TYPE AND DATA SOURCES
Ref. Building Type Data Source
[55] Commercial Commercial building in Singapore.
[59] Commercial Empirical data from a study by Borda et al. [44]
[41] Commercial ASHRAE Project RP-1312
[49] Commercial Survey of 50 Large commercial buildings, and measured data from one large
commercial building.
[34] Data Centre Not specified
[62] Educational The data source includes real-time frames captured by a camera for clothing
Institute classification.
[38] Educational BAS, CAMS, IoT sensors, and a district heating energy consumption monitoring
Institute tool.
[29] Educational Sensors (temperature, humidity, PIR) and thermal cameras in meeting rooms.
Institute
[46] Educational BMS.
Institute
[40] Laboratory ASHRAE Project RP-1043
[56] Not specified MZVAV-2 dataset from the ASHRAE project 1312
[58] Not specified Historical maintenance data from a firm.
[36] Not specified FLEXLAB dataset from Lawrence Berkeley National Laboratory.
[31] Not specified BIMs of real-world buildings.
[45] Not specified ASHRAE Project RP-1043.
[47] Not specified EnergyPlus building template "5ZoneAirCooled", Weather data collected from
Lester B. Pearson International Airport in Toronto.
[50] Not specified BIM data from CERTH's nZEB Smart Home in Greece,
Passive House database,
SRI assessment data.
[51] Not specified Historical operation data of the ACS.
[54] Not specified ASHRAE Project RP- 1312
[57] Office Simulated data from TRNSY'S software.
[60] Office 55 sensing devices
[33] Office Co-simulation environment based on Python and EnergyPlus.
[44] Office BMS of the Energy Center.
[48] Office EnergyPlus simulation model calibrated with actual building data.
[32] Office Simulations with rule-based control in a physics-based simulator.
[53] Office Generated using EnergyPlus simulation software.
[43] Production Plant HVAC parameters collected through Modbus protocol, outdoor environment

parameters from OpenWeatherMap.Indoor environment parameters from sensors,
smart meters, and supporting variables.

[30] Residential Simulated using TRNSYS software.

[42] Residential Not specified

[64] Residential Custom-designed sensor nodes that collect image and acoustic energy data.

[37] Residential Simulated data using Ecotect software.

[63] Residential Simulated data using Ecotect software.

[52] Residential BMS, energy meters, weather data, occupancy data, and historical consumption
Commercial patterns.

[61] Smart Buildings BAS

[39] Smart Buildings ASHRAE RP-884 dataset

[35] Sport Facility BAS, CMMS, IoT vibration sensors, and loT electric meters.
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These advanced tools and sensors demonstrate the potential of innovative BAS
applications. However, educational buildings are often controlled environments, which could
limit these studies to educational buildings and make them less relevant to other building
types. Smart buildings have also used advanced data collection tools such as BAS and other
real-time monitoring systems [39]. Their advanced technology and infrastructure make them
inherently suitable for ML implementation. Nevertheless, this indicates a data availability
gap in buildings that lack the same technologies and capabilities.

Building types such as laboratories, manufacturing plants, data centres, and sports facilities
were less frequently addressed. Furthermore, the unspecified building types in some studies,
such as [45], [47], [50], [51], which used datasets from ASHRAE projects, Building
Information Modeling (BIM), National Laboratory, and EnergyPlus, could limit the
applicability and relevance of the studies. This could make it difficult to gain a proper
understanding or adopt the presented solutions.

The diversification of data sources in older and less well-equipped buildings should be
encouraged, as well as the standardisation of practices for documenting building types and
data sources. This will improve the adaptability, scalability, and reliability of ML models
across different building types, promoting more effective energy-efficient solutions.

3.5. Data Split

The data-splitting approaches for AI model training and testing vary across the studies. As
shown in Fig. 5, the most common splits include splitting 80 % of the data for training and
20 % for testing [5], [17] or splitting 70 % for training and 30 % for testing [66], [67]. Some
studies applied time-based splitting, where June to July data was used for training and August
for testing [20]. Other studies, such as [19], [64], [68], did not report the data splits, which
could undermine their credibility.

Differences in data splitting approaches across studies underscore the importance of
selecting a careful method for reliable model evaluation. Transparent reporting of these
choices is essential to improve the interpretability and trustworthiness of Al research.

Not Provided ~ 50% Traning , 50% 80% Training, 20% 70% Training, 30% Other
Testing Testing Testing

Number of Studies

Data Split Approach

Fig. 5. Data split approaches in the studies.
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4. CONCLUSION

This review highlights several key challenges and opportunities. First, the lack of publicly
available, shared, and standardized datasets in HVAC and building energy is a major
limitation, hindering research progress and the ability to replicate and validate Al models
designed for buildings. Increasing open data sharing and improving access to audited datasets
would accelerate advancements in this area. Moreover, combining building-specific data
types, such as historical data on consumption patterns, real-time data (e.g., HVAC sensor
data), and simulated data from tools like TRNSYS or EnergyPlus, can improve model
generalizability and provide deeper insights. Another key challenge in HVAC-focused Al
research is that data quality issues are often overlooked, with many studies failing to report
noisy data caused by faulty sensors, missing values (such as sensor readings), or
inconsistencies (like calibration errors). Addressing these issues can improve the reliability
of HVAC Al models.

Among the residential buildings’ studies examined, simulated data were often employed
due to privacy concerns. However, given the limited number of cases, this observation should
be interpreted with caution. Additionally, buildings with advanced data collection
technologies, such as educational institutions and smart offices, have an advantage in data
availability, while older and less equipped buildings have significant gaps. Encouraging data
diversification and improved documentation practices can improve model adaptability,
scalability, and reliability across different building types.

Furthermore, many of the available datasets are incomplete. A transparent and standardized

way of reporting data would enhance the trustworthiness of Al-based energy management
solutions. In addition, differences in data splitting approaches among studies highlight the
importance of selecting a careful method and providing clear reporting to ensure reliable
model evaluation and comparability.
Addressing these challenges through improved data availability, quality, diversity,
verification, and transparent reporting will contribute to more robust and scalable Al
solutions, ultimately advancing energy-efficient and sustainable building management. The
study is limited in that it does not undertake an in-depth performance comparison on models
trained on different data sources, as this was not in the intended scope of the study.
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