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Abstract: As the world moves toward a low-carbon future, a key challenge is improving
buildings’ energy performance while maintaining occupant thermal comfort. Emerging
digital tools such as the Internet of Things (IoT) and Building Information Modeling (BIM)
offer significant potential, enabling precise monitoring and control of building systems.
However, integrating these technologies into a unified Digital Twin (DT) framework re-
mains underexplored, particularly in relation to thermal comfort. Additionally, real-world
case studies are limited. This paper presents a DT-based system that combines BIM and
IoT sensors to monitor and control indoor comfort in real time through an easy-to-use web
platform. By using BIM spatial and geometric data along with real-time data from sensors,
the system visualizes thermal comfort using a simplified Predicted Mean Vote (sPMV)
index. Furthermore, it also uses a hybrid machine learning model that combines Facebook
Prophet and Long Short-Term Memory (LSTM) to predict the future indoor environmental
parameters. The framework enables Model Predictive Control (MPC) while providing
building managers with a scalable tool to collect, analyze, visualize, and optimize thermal
comfort data in real time.

Keywords: thermal comfort; machine learning; BIM; IoT; digital twin; facility management

1. Introduction
The building sector is a significant contributor to global energy consumption and

environmental pollution, accounting for over 40% of global energy use and 33% of green-
house gas emissions [1]. Energy consumption in buildings is mainly driven by Heating,
Ventilation, and Air Conditioning (HVAC) systems, lighting, domestic hot water systems,
and electronic appliances. Among these, HVAC systems are the most energy-intensive,
often consuming the largest share of a building’s total energy expenditure. HVAC systems
are responsible for maintaining indoor thermal comfort, a critical factor considering people
spend around 90% of their time indoors, with 70% of that time in residential settings.
The International Energy Agency (IEA) reports approximately 3.6 billion cooling systems
are currently in use globally, with an expected 400% increase by 2050. Enhancing HVAC
efficiency could save 1300 gigawatts of energy. However, reducing HVAC energy use
cannot be achieved simply by lowering system operation (e.g., reducing operating hours
or lowering temperature setpoints beyond the required), as thermal comfort and energy
consumption are deeply interdependent and complex [2]. Consequently, HVAC systems,
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while essential for comfort, often result in higher energy costs, contributing significantly to
overall building energy consumption.

Recent research in the built environment focuses on integrating Building Information
Modeling (BIM) with Internet of Things (IoT) technologies to optimize building perfor-
mance through the Digital Twin (DT) concept in different domains, i.e., photovoltaic (PV)
system monitoring [3], HVAC optimization, lighting control, and occupancy-based energy
management [4]. BIM’s integration with IoT allows for dynamic digital representations
of physical buildings, enabling real-time data exchange between the physical and digital
replicas, which facilitates enhanced monitoring, management, and optimization of building
systems [5]. By adding thermal comfort indices into the BIM model and DT platform,
real-time data on factors like air temperature, humidity, and air velocity can be used to
optimize HVAC operations. Such integration could lead to the emergence of the DT con-
cept to maintain indoor thermal comfort and energy efficiency of buildings as an essential
innovation in the built environment (BE), enabling more accurate simulations, predictive
maintenance, and the optimization of HVAC systems.

Despite significant advancements in DT technology across industries such as manu-
facturing, healthcare, and transportation, its adoption in the BE, specifically for thermal
comfort assessment and HVAC control, remains in its early stages [6]. While the American
Society of Heating, Refrigerating, and Air-Conditioning Engineers (ASHRAE) Standard
55 provides guidelines for thermal comfort assessment using traditional models like the
Predicted Mean Vote (PMV), its adoption in a DT environment presents substantial chal-
lenges [7]. The PMV model relies on a range of inputs, including air dry bulb temperature,
mean radiant temperature, humidity, air velocity, clothing insulation, and metabolic rate,
which are difficult to monitor in real time [8,9]. Even if such devices are developed to
monitor all these parameters in real time, the setup will be costly, and not just to develop but
in maintenance as well. Therefore, traditional Building Automation and Control (BAC) sys-
tems often prioritize temperature regulation over the thermal comfort index, neglecting the
occupants’ thermal comfort needs [10]. Existing research has aimed to develop enhanced
models and indices for assessing thermal comfort that are more adaptable to real-world
applications; however, the challenge of integrating these models with DT environments
persists. Despite ongoing efforts to implement advanced technologies in BE like BIM, IoT,
and Machine Learning (ML), combining these tools into a DT platform to effectively to
optimize both thermal comfort and energy efficiency remains a significant challenge.

To address these issues, this study extends the DT concept to BE for thermal comfort
optimization by developing a virtual model of a physical building for remote real-time
monitoring and management of indoor environments. The main purpose of this study is to
develop a DT-based framework that integrates BIM-IoT and ML to monitor and predict real-
time thermal comfort in the BE, aiming to improve occupant thermal comfort and optimize
HVAC operations. By integrating BIM and IoT technologies and utilizing predictive tools
for time series analysis, the research develops a web-based DT platform. This platform
allows users to remotely monitor thermal comfort parameters and the simplified Predicted
Mean Vote (sPMV) index in real time within a BIM environment. Furthermore, the recorded
data are also processed using ML algorithms, which predict optimal thermal conditions
and the PMV index based on observed trends and seasonal variations. Based on these
predictions, the system dynamically adjusts the Air Conditioning (AC) setpoint to optimize
occupant comfort.

The DT framework developed in this study is based on open-source tools, enabling the
real-time calculation, prediction, and visualization of thermal comfort indices within a BIM
environment. For thermal comfort assessment, the framework utilizes simplified sPMV
models, which, as demonstrated in recent studies, offer a more practical easily adoptable
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and justifiable approach by requiring fewer inputs [11]. This simplification further enhances
the adoption of ML in DT environments [12], and its integration with DT technologies
improves the effectiveness and adaptability of the sPMV models for real-time monitoring
and prediction [13]. This combination supports human-centered HVAC systems, which
prioritize occupant comfort [14]. As global energy demands rise due to HVAC operations,
adopting open-source tools is also equally important [15]. Open-source tools are cost-
effective and offer flexible solutions that promote customization, open standards, and
interoperability, making them highly valuable for developing countries by enabling a
broader range of users to adapt [16]. The experimental study conducted is proof of concept
that the developed framework allows facility managers and owners to make informed
adjustments, improving occupant thermal comfort remotely in a DT environment. This
research demonstrates the feasibility of scalable DT-driven building management solutions
for thermal comfort management, promoting the adoption of cost-effective digital solutions
for wide adoption globally.

The rest of the paper is organized as follows: Section 2 reviews the relevant literature
on thermal comfort models, ML algorithms, and DT frameworks, establishing the context
for the research. Section 3 highlights the unique aspects and purpose of the proposed
framework. The approach, detailed in Section 4, discusses the development of a BIM-
based DT platform, integrating IoT monitoring, a real-time database, and a user interface,
along with thermal comfort modeling and ML-based prediction. Section 5 showcases
the setup for the experimental study. Section 6 discussed the results, demonstrating the
system’s precision and an actual implementation of the methodology. Section 7 presents
key discussions, this study’s limitations, and future directions. Finally, Section 8 provides
concluding remarks for this research.

2. Background
2.1. Thermal Comfort Models

The ASHRAE defines thermal comfort as a state of mind that indicates satisfaction with
the thermal environment and is evaluated subjectively [17]. Thermal comfort models have
evolved over the years to address the complex interplay between environmental conditions
and human thermal sensations. The most widely recognized model in this field is the
model proposed by Fanger. The PMV index determined by this model depends on a variety
of physiological and environmental variables like clothing insulation, metabolic rate, air
velocity, mean radiant temperature, indoor temperature, and relative humidity. Equation (1)
can be used to compute the PMV index [18]. The second metric, Predicted Percentage of
Dissatisfied (PPD), provides a numerical estimate of the proportion of occupants who will
feel uncomfortable at a specific temperature [19]. Figure 1 shows the typical relationship
between PMV and PPD [20].

PMV =
[
0.303 × e−0.036M + 0.028

]
×

{
(M − W)− 3.05 × 10−3

×[5733 − 6.99 × (M − W)− Pa]− 0.42 × [(M − W)− 58.15]
−1.7 × 10−5 × M × (5867 − Pa)− 0.0014 × M × (34 − ta)

−3.96 × 10−8 × fcl ×
[
(tcl−(t]

− fcl × hc × (tcl − ta)}

(1)

where PMV is the index of thermal comfort; M shows the metabolic rate (W/m2), indicating
the body’s energy expenditure; W represents effective mechanical power (W/m2), and
water vapor pressure is denoted by Pa (Pa), while ta indicates the air temperature (◦C) and
tr represents the mean radiant temperature (◦C). The clothing area ratio f cl describes the
proportion of the body covered by clothing; tcl signifies the temperature of the clothing’s
outer surface (◦C). Lastly, hc is the convection heat transfer coefficient (W/(m2·K)).
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Despite the adoption of Fanger’s PMV model by various standards, it often falls short
in real-world applications due to its extensive data requirements and its reliance on high-
precision sensors [20,21]. Accurately measuring all the parameters required for Fanger’s
model requires specialized and costly equipment that may not be feasible or available in all
environments. The deployment of these sensors, even for a single location, is expensive, and
many of them require regular calibration to maintain accuracy, adding to operational and
maintenance costs. To address this, researchers have developed thermal models suited for
real-world scenarios that work with limited data. Kim et al. [22] created a Personal Comfort
Model (PCM) that predicts individual thermal comfort using IoT and ML. Although PCMs
consider individual physiology and sensations, they face challenges due to the subjective
nature of thermal comfort and the need for multiple sensors. Buratti et al. [11] developed
an sPMV that evaluates thermal comfort by measuring only temperature and humidity.
The sPMV model improves the Rohles model by extending its applicability to a wider
range of clothing insulation values (0.25–1.65 clo) while requiring only air temperature
and relative humidity measurements. It provides a more accurate PMV estimation, with
separate equations for men, women, and combined groups across different insulation
ranges, reducing errors and improving reliability. The model achieves a mean standard
deviation of 0.22, ensuring a consistent ±0.2 variation in PMV calculations, making it a
reliable tool for thermal comfort assessment. Its simplified approach is particularly useful
for DT applications where only limited environmental data are available in real time.

2.2. Machine Learning Algorithms in Predicting Thermal Comfort

Advances in ML have progressively enhanced the accuracy of thermal comfort predic-
tions. Early studies primarily relied on Support Vector Machines (SVMs) and traditional
regression models, but with the increasing availability of complex datasets, researchers
have shifted toward more advanced techniques. Long Short-Term Memory (LSTM) net-
works gained prominence due to their ability to handle sequential data, making them
particularly effective for time-series forecasting. More recently, Artificial Neural Networks
(ANN) and ensemble learning methods, such as Gradient Boosting, Decision Tree (DT),
and Random Forest (RF), have been widely adopted for their ability to capture nonlinear
relationships and improve predictive performance [23,24]. Over time, these models have
demonstrated significant improvements in key metrics such as accuracy, F1 score, precision,
and recall, making them increasingly effective for optimizing HVAC control and thermal
comfort assessment [25,26]. For instance, Zhang et al. [27,28] developed a thermal comfort
model using an enhanced Random Forest and Bayesian meta-learning approach for PCM,
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while Chai et al. [29] predicted thermal comfort votes using ANN. According to Fard
et al. [30] and Fathi et al. [31], the most commonly used models in thermal comfort predic-
tion algorithms are ANN, SVM, and ensemble learning methods. This preference is largely
influenced by the nature of the available data, as many studies rely on ASHRAE dataset II
and Fanger’s PMV model, which are often supplemented with questionnaire-based survey
responses to capture subjective thermal comfort feedback.

Since the choice of an ML model depends on the type of data used for training and
testing, this study specifically focuses on the sPMV thermal comfort assessment model in
real-time settings. The data collected in this study are time-series data, characterized by
temporal dependencies, seasonality, and trends that require models capable of capturing
such dynamics. While traditional models like ARIMA, SARIMA, and gradient boosting
methods have been applied to time-series forecasting, they often fall short in capturing
complex nonlinear patterns inherent in environmental data [32,33]. However, recent
research in the domain of ML highlights that models like FB Prophet and LSTM as more
effective solutions for time series data forecasting due to their ability to model seasonality
and long-term dependencies. Consequently, integrating FB Prophet and LSTM into thermal
comfort prediction frameworks offers a promising pathway to optimize HVAC systems
and improve occupant comfort. Nevertheless, the integration of ML-based thermal comfort
models with traditional PMV models remains an active area of research, continually aiming
to enhance predictive accuracy and operational efficiency.

2.3. Digital Twin

As ML and PMV models pave the way for improved thermal comfort models, DT
technology offers the BE sector a powerful framework for real-time data monitoring, asset
tracking, maintenance, and energy optimization. DT technology has gained more rapid
acceptance in AEC sectors than BE, with the construction industry adopting innovative
technologies faster, while the BE sector has been slower to evolve [34–36]. Nevertheless,
DT hold transformative potential for the BE sector due to its ability to make data-driven
decisions throughout an asset’s lifecycle. Recent studies highlight this potential. Hasamo
et al. [37] developed a DT framework for HVAC systems that integrates BIM and real-
time data to optimize energy use and thermal comfort. However, the study uses BMS
sensor data and ANN for prediction, while effective, ANN may not capture long-term
patterns. Additionally, it relies on proprietary software like MATLAB R2022a and Autodesk
Revit 2022, making it an expensive option. It also lacks a user-centric interface for facility
managers or occupants to interact with the system, limiting accessibility and making it less
cost-effective for broader adoption. Lydon et al. [38] developed a DT-centric thermal design
for a lightweight roof structure, optimized for renewable geothermal energy, covering the
entire building simulation during both design and operational phases. Similarly, ElArwady
et al. [39] applied DT approaches to model indoor environments, using Autodesk Forge
as an online viewer for BIM models. However, the study did not consider any thermal
comfort assessment index, limiting its ability to quantitatively evaluate occupant comfort.
Shahinmoghadam et al. [40] combined BIM, IoT, and Virtual Reality (VR) to develop an
immersive application designed for real-time monitoring of thermal comfort. The prototype,
tested in a controlled environment, demonstrated a strong correlation between the system’s
output and the observed thermal sensations of users. However, the use of Augmented
Reality (AR) and Virtual Reality (VR) technologies may lead to increased implementation
of costs at actual project sites.

The literature review highlights that much of the existing research remains fragmented,
focusing separately on BIM, ML, or thermal comfort indices without utilizing their com-
bined potential. Studies that attempt integration often rely on proprietary software, which
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presents challenges related to scalability, cost, and interoperability. The lack of integra-
tion between different software and real-time data feeds further limits the development
of adaptive, closed-loop control systems necessary for dynamically optimizing thermal
comfort [41]. Despite advancements in tools and models for improving thermal comfort
and energy efficiency, most research still relies on the Fanger PMV model as the founda-
tional framework, which lacks adaptability for real-time, data-driven decision-making. To
meet the evolving demands of the construction industry and digital automation, linking
thermal comfort indices with BIM tools in the context of DT is essential. Models such
as sPMV offer greater flexibility and accuracy, as they can be more effectively integrated
with ML algorithms and DT platforms, enabling predictive control and enhanced occupant
comfort [42,43].

This study introduces a novel framework that integrates thermal comfort indices into
a DT platform built using BIM and enhanced by real-time data from IoT sensors. This
integration allows for dynamic monitoring of and adjustments to indoor thermal condi-
tions based on real-time data. Traditional BMSs often lack the ability to dynamically adjust
thermal comfort index in real time, which leads to inefficiencies in energy consumption
and occupant discomfort. The proposed approach addresses this gap by enabling continu-
ous monitoring of environmental parameters such as temperature and humidity through
real-time IoT data. This remote real-time integration allows for more accurate assessments
of thermal comfort and facilitates dynamic adjustments to HVAC systems, optimizing
occupant thermal comfort [44]. A key novelty of this study is the integration of a thermal
comfort index sPMV into the DT platform, enabling real-time thermal comfort assessments
in large-scale BMSs. By incorporating machine learning models for predictive analytics,
the system can also forecast thermal comfort changes, facilitating proactive HVAC control.
This approach significantly enhances occupant satisfaction by maintaining optimal thermal
conditions. To ensure optimal system performance, digital solutions were selected based
on specific criteria, including cost-effectiveness, interoperability, scalability, and support
for real-time data handling. Platforms such as Firebase were selected for their robust capa-
bilities in managing real-time sensor data streams, while IFC.js, an open-source library, was
used for web-based 3D BIM visualization. BIM integration followed openBIM standards
to ensure flexibility and system compatibility. Key performance indicators (KPIs) for the
system included system responsiveness, ease of user thermal comfort assessment, data
accuracy, scalability, and cost effectiveness. The use of open-source tools and cost-effective
IoT devices ensures the scalability and accessibility of the solution, making it applicable in
diverse environments, including regions with limited resources [45].

3. Research Aim
With rising energy demands driven by an increase in cooling appliances, researchers

have focused on developing and implementing digital technologies to optimize HVAC
system operations. However, these efforts often concentrate on isolated applications, such
as PMV models or the use of IoT sensors, without fully exploring the potential for a
comprehensive, real-time framework that works throughout the building lifecycle [46].
While DT and ML hold significant promise for enhanced predictive capabilities through
the integration of ML and IoTs, their application within open-source BIM platforms is not
widely addressed. This limitation hinders the broader implementation of DT solutions,
particularly in contexts where cost and accessibility are critical factors. To address these
research gaps, this study aims to develop an integrated system that uses open-source tools,
real-time IoT data, and advanced ML algorithms for optimizing indoor environments. The
specific objectives are as follows:
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1. To create a web-based, open-source, user-friendly platform integrated with IoT sen-
sors for the real-time monitoring and visualization of thermal comfort indices in a
BIM environment.

2. To improve thermal comfort assessments by employing ML algorithms such as LSTM
networks and FB Prophet, enabling the prediction and maintenance of optimal indoor
conditions tailored according to the user’s custom preferences.

3. To establish a DT framework that facilitates automated dynamic control and optimiza-
tion of HVAC preventing it from becoming over-controlled, as excessive temperature
adjustments and compressor cycling can lead to high power consumption without
achieving optimal thermal comfort.

4. Materials and Methods
This study employs a design science research approach, involving the development of

an integrated IoT-based system, experimental data collection, and predictive modeling to
optimize thermal comfort and energy efficiency in buildings. The methodology is divided
into two phases: (1) system development and (2) data processing. The first phase focuses
on developing an IoT device for monitoring thermal comfort parameters and controlling
the HVAC system by adjusting the AC setpoint. It also includes the development of a
web-based BIM platform and cloud data storage for real-time monitoring. The second
phase addresses the post-collection processing of data, specifically the thermal comfort
model and ML algorithms applied to analyze and predict thermal comfort indices.

The framework of the developed real-time thermal comfort monitoring and DT system
comprises temperature and humidity sensors that continuously record temperature and
humidity in a specified location over time. These sensors are wired to the core controller,
which allows for the governance of their key functions, data collection, and transmission of
collected data to a cloud database via wireless communication modules. The data stored in
the cloud database connects to the user interface of the DT platform through database API.
In the DT visualizer, when the data retrieved is processed and sPMV index is calculated
and displayed. The platform also allows the user to automatically control the AC setpoint
using ML-based predicted thermal environment or manually from the dashboard. In
such cases, an infrared (IR) signal is sent from the IoT device to the AC controller, which
adjusts the AC cooling/heating setpoint as per the signal. An overview of the framework
architecture can be seen in Figure 2. This section details the components of the developed
system, starting with the development of IoT devices and the web platform, followed by
the adopted thermal comfort indices and ML algorithms.
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4.1. System Architecture and Components
4.1.1. IoT Module Hardware Configuration

The IoT framework for monitoring thermal comfort parameters and the control of the
AC setpoint integrates several hardware components, including sensors and IR modules
and the ESP32 Wroom board [47]. The ESP32 microprocessor, developed by Espressif
Systems, is a versatile prototype board. With its built-in Wi-Fi and Bluetooth capabili-
ties, dual-core processing, and extensive connectivity options, the ESP32 is particularly
suitable for IoT applications. Its affordability, significant memory capacity, and strong
community support make it an ideal choice for various projects, from home automation to
wearable devices.

The circuit for the developed IoT-based device is designed for efficient data collection
and communication. Specifically, it contains an ESP32, a DHT22 sensor, a clock module,
an SD card module, a power controller, power jack, battery, and IR transmitter. The actual
prototype and circuit diagram can be seen in Figure 3. Table 1 details the specifications
of the modules used. The ESP32 acts as the central microcontroller, interfacing with the
DHT22 to gather temperature and humidity data, while the DS3231 clock module provides
real-time timestamps in case of no connection with the internet. The SD card module is
used for data storage backup in case of an internet outage, and the IR transmitter enables
communication with the HVAC system. The power controller ensures a stable voltage
supply from either an external power jack or battery. All components share a common
ground, with VCC connections depending on the voltage requirements (typically 3.3 V or
5 V) provided by the power controller.
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Table 1. Description of sensors used in real-time thermal comfort parameter monitoring.

Component Supply Voltage Current Memory/Measuring Range

ESP32 Wroom 2.2 V~3.6 V 80 mA Flash Memory: 4 MB
KY005 5 V 30~60 mA -

DHT22 3.5 V~5.5 V 0.3 mA Humidity: 0~100 ± 1%;
temperature: −40~80 ◦C ± 0.5

4.1.2. IoT Architecture

This study employs a five-layer IoT architecture, as outlined by Zhong et al. [48], to
support real-time thermal comfort monitoring and HVAC control through IR technology.
The IoT architecture enables seamless communication and compatibility among devices,
facilitating efficient data collection and exchange on thermal comfort parameters, thereby
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enhancing the ability to monitor and adjust indoor environments for optimal comfort [49],
as shown in Figure 4.
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1. Sensor Layer

The Sensor Layer forms the foundation of the IoT architecture and is responsible for
gathering data from the physical environment. This layer includes various sensors, such as
temperature and humidity sensors, as well as devices like the KY005, which receives and
transmits infrared (IR) signals between air terminals.

2. Communication Layer

The Communication Layer facilitates data transfer between devices, sensors, and the
cloud. Sensor data from the sensing module are transmitted to the database, while control
setpoints are retrieved from the database and sent back to the device to communicate
with the HVAC terminal unit. In the office case study in this research, an IR module is
used to interface with the HVAC system; however, this should be viewed as a simplified
implementation. In scenarios where IR communication is not feasible, an alternative
approach involves using an additional ESP module wired directly to the HVAC control
system, allowing for integration with the DT platform. But, in any case, the main function
of this layer is to establish secure connections, manage data transmission protocols, and
ensure reliable and seamless communication between all system components.

3. Support Layer

The Support Layer is responsible for the backup of the SD card, processing, analyzing,
and interpreting raw data from the sensors. This layer applies algorithms, machine learn-
ing models, and data analytics techniques to extract insights, detect patterns, and make
informed decisions.

4. Application Layer

The Application Layer provides an interactive platform for users to engage with the
IoT system. This layer presents the processed data in a user-friendly format, allowing users
to monitor, control, and adjust settings, receive notifications, and interact with the system
through dashboards, apps, or voice assistants.

5. Security Layer
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The Security Layer protects the IoT system against unauthorized access, data breaches,
and cyber threats. This layer implements robust security protocols and encryption meth-
ods when connecting with the database to ensure the integrity and secure transmission
of the data.

4.1.3. Digital Twin Elements

A DT serves as a detailed digital representation that integrates various data and infor-
mation sources, such as CAD drawings, 3D models, simulations, analytics, and sensor data,
to mirror a physical object or system [50]. Figure 5 illustrates the three basic elements of a
Digital Twin: physical assets, a digital replica, and connections. However, the DT frame-
work proposed in this study is specifically designed to support the real-time monitoring
of HVAC performance and indoor thermal conditions to ensure smooth operation while
using an open-source approach. Two additional components are also included: a Data
Container and a Service Provider. The Data Container allows for the storage and manage-
ment of both real-time and historical data, supporting scalable and responsive operation,
while the Service Provider facilitates data analysis and control in a user-friendly platform.
The combination of these components contributes to a comprehensive DT model that not
only enables real-time monitoring but also provides predictive capabilities and integration
with other digital systems to optimize HVAC operation management and indoor thermal
comfort effectively.
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Physical Object
The physical asset refers to the real-world object or system that is mirrored by a

digital replica. The DT collects real-time data from the physical asset, enabling enhanced
monitoring and management. By simulating various scenarios, the DT predicts the asset’s
behavior under different conditions, optimizing its functionality, effectiveness, and lifespan.
This integration of physical and digital systems supports data-driven decisions, ultimately
improving asset performance and longevity.

Digital Replica
A digital replica, also known as a virtual replica, is a virtual representation of a physical

object, system, or process, created by combining 3D models, data integration, simulations,
and analytics. It replicates the characteristics, properties, and behavior of a physical entity.
Laser scanning technology or CAD modeling captures the precise measurements and
dimensions of a building, providing the foundation for creating a detailed 3D digital model,
which is subsequently represented by a highly detailed BIM model. Digital replicas can be
exported in formats like IFC, a standardized data model that enables interoperability across
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different software platforms. By using digital replicas, industries can optimize the design,
operation, and maintenance of physical assets, leading to improved decision-making,
increased efficiency, and enhanced innovation.

Connection
In the development of DT, connection represents the critical link between the physical

asset and its digital replica. Connection allows for real-time data flow from sensors and IoT
devices, keeping the DT in sync with the physical asset’s current state. In the developed DT,
assets in the BIM model are mapped to real-time data recording and IR signal-processing
IoT modules in developed web applications through the use of IFC schema. The IFC scheme
enables a standardized framework for representing and exchanging information about
building components, systems, and their attributes. The developed web platforms and
cloud databases are connected through the use of API, the connection supports bidirectional
communication, enabling the DT to receive data and send commands to the physical asset.

4.1.4. Real-Time Database

Once the thermal comfort parameters are recorded by the sensor, the IoT device
transmits the data to a real-time database via Wi-Fi. In this study, Firebase’s Database, a
cloud-based NoSQL solution that operates on a client-server architecture, is used due to
its efficiency and versatility [51]. One of Firebase’s key benefits is real-time bidirectional
data syncing via WebSockets, ensuring that updates are immediately reflected across all
connected devices, and a generous free tier. This capability is crucial for applications
that require real-time information, such as monitoring and adjusting thermal comfort in
real-time. The cloud database stores data as a hierarchical JSON tree, accessible via a
RESTful API or WebSockets. For this study, the data within Firebase are structured to
support different operations. In Figure 6a, demo data recorded in a sensor-simulated style
for testing and debugging purposes can be seen under the path of DemoSensor; second,
there is a path for experimental data recorded by the IoT device and stored in the database
under Sensor path; and third, there is a path for AC setpoint data, where the DT platform
stores information that the IoT device accesses to adjust the AC settings, as illustrated in
Figure 6b.
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Data security is ensured through Hypertext Transfer Protocol Secure, which uses Se-
cure Sockets Layer or Transport Layer Security encryption during the connection between
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the device and the database, protecting the integrity of the data as they are transmitted
between the device and the Firebase services. Specifically, our study utilizes secure authen-
tication methods, including email/password authentication for the IoT device, OAuth, and
secret keys for secure API access on the DT web visualizer side. Firebase also provides a
comprehensive suite of tools, including python libraries, user authentication, cloud storage,
and usage analytics. These features streamline application development and management
by securing user access, offering scalable storage solutions, and providing insights into
application performance. The free tier for starter projects significantly reduces initial costs,
making it accessible for small-scale implementations and rapid prototyping.

4.1.5. Developed Web Application

In this study, a web-based DT platform for thermal comfort monitoring, prediction,
and control of AC setpoints is developed, as can be seen in Figure 7. The DT platform was
built upon the code and framework developed by ThatOpen, earlier known as IFC.js. Cus-
tom modification has been performed in the IFC.js framework to connect it with the cloud
database and visualize the results of the monitored data. The DT platform is developed
using TypeScript and three.js, where three.js is employed for visualizing the 3D environ-
ment of the monitored space. The user interface is designed with JavaScript, HTML, and
CSS [52]. As part of the system’s capabilities, the DT visualizer serves two main functions:
monitoring and control. Through monitoring, users can track real-time data, while the
control function allows them to adjust settings based on the information provided. Once
the IFC file is loaded into the platform, it explores and visualizes the model as per the
IFC scheme. Each device within the BIM model, i.e., the thermostat, air terminal, and
custom sensor, is represented as an IFC object, with specific attributes like device type,
manufacturer, installation location, and connection status. The connection between the web
application and the cloud database is achieved through the Firebase API, allowing for real-
time data synchronization and remote access for further analysis. For data visualization
on the front end, Plotly.js v2.26.1 was utilized to display interactive thermal comfort data.
The application is also connected with Python-based ML algorithms using Node.js server
libraries (e.g., Express for routing, CORS for handling cross-origin requests, and spawn
for running external processes). A hybrid ML model is implemented using Scikit-learn,
prophet modules which facilitate predicting thermal comfort parameters.
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The developed web application features a user-friendly interface that simplifies the
access to and analysis of sensor data, prioritizing ease of use for efficient monitoring
and evaluation of environmental conditions. With just a single click, users can retrieve
the temperature, humidity, and sPMV index of space. The platform offers flexible data
retrieval options, allowing users to access data for the last 30 min, hours, 24 h, or 5 days.
Once the data are visualized, any new data sent by the IoT device are automatically
loaded and displayed on the graph. The graph can be customized to show temperature,
relative humidity, or the sPMV index through a toggle button on the right in the sensor
dashboard menu. Additionally, the platform provides users with the option to remotely
monitor and adjust the AC cooling setpoint. By offering real-time insights into the thermal
conditions of space, the platform enables facility managers and owners to remotely adjust
the AC setpoint to achieve the desired thermal comfort level. Furthermore, the platform
supports the dynamic adjustment of the AC setpoint based on the ML predictions of
thermal conditions, ensuring optimized comfort. Figure 8 illustrates the dataflow chart for
the web application.
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4.2. Data Processing
4.2.1. Thermal Comfort Model

Thermal comfort in indoor environments is often evaluated using the model pro-
posed by Fanger et al., which is also adopted by international standard organizations and
ASHRAE. Thermal comfort calculated using this model is represented as the PMV index. It
is known for its precision in determining the optimal temperature range for a wide number
of users. However, it requires several input parameters, and acquiring real-time data for
all these variables can be challenging [53]. For effective real-time monitoring with fewer
parameters, a simplified model is necessary to maintain accuracy without the complexity
of the full PMV model.

An enhanced model of sPMV originally proposed by Rohles, refined by Burrett, as
detailed in [54], has extended its applicability to a broader range of clothing insulation
levels. This improved model uses only indoor air temperature and relative humidity as
input parameters for a specific clothing insulation factor, which simplifies the evaluation of
thermal comfort while closely approximating the results of the Fenger model. This simple
approach makes it easier to operate and still provides reliable comfort assessments, as can
be calculated in Equation (2). Previous studies have validated this method by comparing
it to more complex models and real-world thermal comfort data. The results consistently



Buildings 2025, 15, 1584 14 of 28

showed that this improved model delivers accurate predictions of occupant comfort. The
mean value of the standard deviation is 0.22 when applying the new model, meaning the
calculated value of PMV varies, on average, by ±0.2. This is a good result, as it provides a
reliable estimation of the comfort conditions in the environment, confirming the model’s
effectiveness in practical applications.

IPMV = aT + bPv − c (2)

Pv =
RH
100

× 0.611 × 10[
7.5×T

273.3+T ] (3)

where IPMV is the index value of PMV; T is dry bulb indoor temperature in ◦C; Pv is
vapor pressure kPa derived from relative humidity RH and temperature as described in
Equation (3); and a, b, and c are known parameters from Burrett’s study based on clothing
insulation level Icl.

4.2.2. Machine Learning Tools

This research focused on thermal comfort assessment through the sPMV model, col-
lecting time series data on dry bulb temperature and relative humidity at five-minute
intervals. Therefore, this study adopts a hybrid time series forecasting model that combines
the strengths of FB Prophet and LSTM networks for indoor thermal condition prediction.
By integrating the outputs of FB Prophet and LSTM, a robust and effective forecasting
model is created.

Facebook and Neural Prophet
Facebook Prophet is a time series forecasting model developed by Facebook’s Core

Data Science Team [55]. It is designed to handle various components of time series data,
including trends, seasonality, and holidays. Prophet models these elements separately and
then combines them to produce forecasts, as described in Equation (7).

y(t) = g(t) + s(t) + h(t) + e(t) (4)

where y(t) is the forecasted value at time t. This equation combines four key components:
g(t), the trend component, which can be specified as a linear or logistic function; s(t), the
seasonality component, represented as a sum of Fourier terms to capture daily, weekly,
and/or yearly cycles; h(t), the holiday component, accounting for the impact of irregularly
occurring holidays; and e(t), the error component, representing the residual changes not
captured by the model [33]. Figure 9 provides an overview of the forecasting process.
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The forecasting process begins with generating time series forecasts based on parame-
ters and specifications that are easily interpretable. The model then assesses its forecast
performance; if the results are found to be suboptimal, it signals a human analyst for review.
This human-in-the-loop approach allows the analyst to adjust the model based on feedback,
facilitating iterative refinement and enhancing the accuracy of the forecasting results.

Long Short-Term Memory Network
A type of recurrent neural network (RNN) known as LSTM networks is designed to

effectively mitigate the short-term memory problem found in traditional RNNs while ad-
dressing the challenge of learning long-term dependencies [56]. The fundamental structure
of an LSTM model comprises four key layers, as illustrated in Figure 10: the forget gate
layer, input gate layer, memory cell layer, and output gate layer. The behavior of these gate
layers is defined by Equations (5)–(10).

ft = σ
(

ht−1W f + xtU f
)

(5)

it = σ
(

ht−1Wi + xtU f
)

(6)

Ĉt = tanh(ht−1Wg + xtUg) (7)

Ct = σ
(

ft ∗ Ct−1 + it ∗ Ĉt
)

(8)

ot = σ(ht−1Wo + xtUo) (9)

ht = ot ∗ tanh(Ct) (10)
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In the above equation, x represents the input signal; f denotes the forget layer cell; h
indicates the hidden layer; Cb refers to the candidate hidden state; C represents the unit’s
internal memory; ot signifies the output; U is the weight matrix connecting the input layer
to the hidden layer; and W represents the connection between the previous and current
hidden layers.

Combining LSTM with FB Prophet
The hybrid model adopted in this study combines the strengths of LSTM and FB

Prophet by integrating their outputs. The model operates in two stages: first, it fits the
Prophet model to the training data using indoor temperature or humidity as the target
variable (y) along with outdoor temperature and humidity as an additional regressor and
generates initial predictions using the predict() function. In the second stage, the FB prophet
prediction and actual values are used as input to train the LSTM model, which captures
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complex temporal dependencies and residual patterns that the Prophet alone may not
address. FB Prophet is particularly well suited for handling time series data with strong
seasonality and external regressors, while LSTM excels at capturing long-term dependen-
cies and nonlinear relationships, making them a more effective combination for time series
forecasting compared to traditional statistical models like ARIMA or ML algorithms like
Random Forest, which may struggle with sequential dependencies. By using Prophet’s
capability to model seasonality and external regressors and LSTM’s strength in learning
nonlinear relationships, the hybrid approach delivers improved forecasting performance,
making it particularly effective in scenarios with mixed linear and nonlinear dynamics.

To address potential weaknesses in either method, a safety net mechanism is integrated
into the hybrid model. If the accuracy of one method falls significantly below the other,
surpassing a 2% mean average percentage error threshold, the underperforming model is
automatically excluded from the hybrid framework. This threshold, established through
empirical testing across various datasets, provides a balance between robustness and
adaptability. By dynamically adjusting the model’s composition, the safety net ensures that
the hybrid approach consistently maintains optimal performance, even when one of the
methods is less effective.

5. Experimental Design
To evaluate the practicality and effectiveness of the developed DT, a case study was

conducted in Rawalpindi, Pakistan. The experimental design of the study aimed to assess
the system’s ability to accurately monitor and predict thermal comfort conditions, using
a set of developed IoT devices. Two sets of devices were employed and located inside a
shared office and outside the residential property nearby. The devices were set up to record
both indoor and outdoor temperature and humidity values, providing a comprehensive
view of environmental conditions. These devices were strategically placed to capture
the minimum data for analysis, ensuring that both internal and external factors affecting
thermal comfort were accounted for.

The placement of the IoT devices is shown in Figure 11a,b. The indoor office device was
installed on the interior gypsum wall, approximately 1.2 m above the floor, as suggested by
established guidelines for thermostat placement. ANSI recommends placing thermostats
and other electronic devices within reach of a seated person as an ADA guide [57,58].
ASHRAE-55 recommends placing temperature and humidity sensors between 1.1 and
1.7 m [7]. Most manufacturers recommend placing thermostats within the human breathing
zone and keeping sensors at least 50 cm away from heavy walls, such as concrete, to
capture data most representative of occupant conditions [59] and to avoid interference
with temperature and airflow readings. Gypsum walls have a minimal impact on airflow
and temperature distribution. In this study, the developed sensors are positioned on a
gypsum wall. Additionally, the airflow from fans directed towards them helps ensure
accurate environmental data that reflect typical office conditions. The outdoor sensors
are placed at a residential house nearby at a height of 8′ from the floor to monitor the
outdoor environmental conditions. The collected indoor and outdoor measurements
indicated the effectiveness of the data collection system, ensuring a more comprehensive
assessment of environmental factors influencing thermal comfort. This approach highlights
the system’s applicability in real-world scenarios, particularly in subtropical climates
similar to those of Rawalpindi.
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Figure 11. Device placement locations: (a) indoor and (b) outdoor location.

An LOD350 BIM model of the office was developed in Revit 2024 as a digital replica of
the physical building. The office space is 36 × 18 × 12 ft. It includes two air terminals for a
split HVAC system, accompanied by five ceiling-mounted air fans for improved ventilation.
The space is occupied by a team of 24 individuals of mixed genders, working in two shifts:
the first from 9 a.m. to 5 p.m. and the second from 3 p.m. to 11:45 p.m. Additionally, eight
workstations dedicated to architectural rendering operate regularly, which also contributes
to the office’s heating load. The space has one fixed glazing, which is not exposed to direct
sunlight, as well as a single door for entry. The office roof, however, is directly exposed
to sunlight, influencing indoor temperatures and increasing the demand for the HVAC
system. For the sensor device placed in the model, separate Revit families were made and
were then placed in the model to correctly reflect the placement and nature of the sensed
data. Once the BIM model was completed, it was exported to an IFC 2 × 3 coordination
format and saved locally. The IFC file was further loaded into the developed platform,
where the developed model was visualized, and upon locating the sensor in the model and
clicking on it, a popup displayed the data recorded by that particular device in the web
tool. The developed Revit model for the study can be seen in Figure 12.
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6. Results
6.1. Pre-Calibration

Before the field implementation of both devices, a preliminary calibration and testing
phase was conducted. In this phase, the two devices were placed in the same place indoors,
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with data collected continuously for a period of seven days at five-minute intervals. During
this period, temperature and humidity were recorded using both the newly developed
device and an external thermistor (±0.1 ◦C) for comparison purposes. The results indi-
cated no considerable discrepancies between the two devices in terms of temperature and
humidity measurements, as can be seen due to low Root Mean Squared Error (RMSE)
and Mean Absolute Error (MAE) values. As shown in Figure 13, temperature readings
showed a minimal difference of 0.6 ◦C between the two devices, while humidity levels
remained consistent, showing no noticeable variation between the two. A summary of
the data collected from 9 July 2024 to 15 July 2024 and used for calibration is presented in
Table 2.
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recorded.

Table 2. Summary of calibration data.

Statistic Indoor
Humidity %

Indoor
Temperature ◦C

Outdoor
Humidity %

Outdoor
Temperature ◦C

Count 1645 1645 1645 1645
Mean 51.37 32.91 50.36 33.76

Std 6.69 0.50 7.80 1.64
Min 32.10 31.06 23.10 31.8
25% 46.98 32.56 46.00 33.27
50% 51.00 32.80 50.50 33.3
75% 54.00 33.29 53.80 33.8
Max 71.00 34.69 71.00 45.25

Despite accurate data recordings, other operational issues were observed. This was
primarily related to the disconnection and reconnection of the IoT devices during power
outages or wireless network resets. These interruptions, though not affecting the sensor
data themselves, were a potential risk for continuous data monitoring. To address these
concerns, system adjustments were made to ensure automatic reconnection and stabiliza-
tion following any network or power disruptions. These improvements were implemented
prior to the experimental data collection for the study, ensuring that subsequent data would
be both accurate and uninterrupted.

6.2. Results of Field Data

Once the preliminary testing of the IoT-based devices was completed and data were
successfully recorded on the cloud server, the sensors were deployed in their designated
locations. One device was placed inside an office, connected to the cloud via the office
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Wi-Fi network, while the other was installed at a nearby residential property. Data was
continuously recorded throughout the month of August, as illustrated in Figure 14a,b. A
summary of the data collected for the study from 15 July 2024 to 15 August 2024 can be seen
in Table 3. During the data exploration and cleaning, some data points were missing due to
missing timestamps, which resulted in the corresponding values being overwritten in the
database with a “0” zero key. To resolve this, linear interpolation was applied to fill the
missing values using the Python library pandas. Linear interpolation was chosen because
it estimates missing values based on the trend of the surrounding data points, providing a
simple yet effective way to maintain continuity in the dataset. Since the data are collected
every 5 min, linear interpolation ensures that the imputed values align with the overall
time series trend, minimizing distortions and preserving the integrity of the data.
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Table 3. Summary of experimental data.

Statistic Indoor
Humidity %

Indoor
Temperature ◦C

Outdoor
Humidity %

Outdoor
Temperature ◦C

Count 8440 8440 8440 8440
Mean 52.14 29.06 57.11 34.35

Std 8.62 3.65 10.66 3.34
Min 33.90 20.65 15 26.81
25% 45.10 25.80 50.8 32.21
50% 50.90 29.61 59.1 33.8
75% 59.10 32.07 65.9 35.6
Max 76.90 36.91 75 51.3

Visual analysis of the recorded data reveals distinct daily and weekly patterns in
temperature and humidity fluctuations. Notably, indoor temperatures and humidity levels
surge around midnight, when the office is unoccupied, before decreasing in the mid-
morning. A subsequent increase occurs in the late afternoon, coinciding with the overlap of
both office shifts and excessive roof heat due to sun, followed by a moderate decline when
one shift departs. After the HVAC system shuts down, temperatures and humidity begin
to escalate. Similarly, weekly trends exhibit decreased temperature and humidity readings
during weekdays, with elevated levels on weekends when the office is closed. The mean
temperature and humidity graph, accompanied by error bars illustrating daily deviations,
shows the overall average temperature and humidity levels observed throughout the
week. These findings offer significant insights into daily and weekly variations in indoor
temperature and humidity, as can be seen in Figure 15.
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Figure 15. Trends and seasonality observed in indoor temperature and humidity data.

After cleaning the data and filling out the missing values using linear interpolation, the
temperature and humidity readings were used as input for the sPMV equation. The PMV
index was calculated using the enhanced sPMV equation proposed by Burrati. To bench-
mark sPMV against PMV, PMV was calculated using ASHRAE 55-2023, assuming mean
radiant temperature is equal to dry bulb temperature, v = 0.1 m/s, met = 1.0, and clo = 0.5.
The sPMV index was calculated using an enhanced Buratti model, with space-specific
coefficients for clothing insulation defined in the BIM model (0.25–0.5 clo): a = 0.2803,
b = 0.1717, and c = 7.1383. Figure 16a presents the PMV and sPMV indices over time;
MAE 0.29 and RMSE 0.37 shows a strong correlation and validates the use of sPMV for
preliminary thermal comfort assessments with minimal error. This graph highlights the
variations in indoor thermal comfort.
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Figure 16. (a) sPMV index calculated using Burrati’s equation; (b) statistical trends in sPMV: daily
and weekly patterns.
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The sPMV data reveal distinct hourly and daily trends in the office’s thermal comfort
(see Figure 16b). In the early mornings, before occupancy but after the HVAC system
starts, the space is likely comfortable, reflected in the low sPMV. As the workday begins
and occupants arrive, sPMV gradually increases due to metabolic heat and equipment
usage. A potential dip occurs around lunch, possibly due to reduced activity. The space
remains relatively comfortable between shifts, but sPMV rises again as the second shift
arrives and activity increases. While weekday sPMV values remain relatively consistent, a
significant spike occurs on weekends, when the HVAC system is entirely off, demonstrating
the impact of solar gain through the roof in the absence of mechanical cooling during the
hottest summer month. This highlights the interplay between occupancy, equipment load,
solar radiation, and the HVAC system’s operational schedule in determining the office’s
thermal environment.

Machine Learning Models
The dataset used for the ML model in this study consists of indoor temperature and

humidity data collected at 5 min intervals over a three-week period. Daily and weekly
trends were observed in both temperature and humidity, with periodic fluctuations that
align with building occupancy and HVAC use. The average indoor temperature across
these data was 29.06 ◦C, and the mean humidity level was 52.14%. To ensure robust
forecasting, the data were split into training and testing sets, with two weeks (4032 data
points) used for training and the third week (2016 data points) for testing, beginning from
22-07-2024 at 00:00 and ending on 11-08-2024 at 00:00. This split provided a balanced
dataset for assessing the performance of our hybrid model, combining the FB Prophet
model and an LSTM network for time series forecasting.

The hybrid forecasting model combines Prophet to capture seasonal and trend com-
ponents with LSTM to model residuals and temporal dependencies. Indoor temperature
and humidity data were first used as inputs for the FB Prophet along with outdoor temp
and humidity data as regressors; then, the FB Prophet’s initial prediction and actual values
were used to train the LSTM model. Hyperparameter tuning for the hybrid model was
performed using manual tuning, with the optimal settings for each model component
determined through cross-validation. The hyperparameters related to the hybrid model
are shown in Table 4.

Table 4. Hyperparameters for FB Prophet and LSTM for time series forecasting.

Model Parameter Current Value

FB Prophet

Seasonality (weekly) Period = 7; Fourier Order = 14

Regressors Outdoor Temperature and Humidity

Prediction Frequency 1D

LSTM

Look-back Window 48 h (24 steps at 5 min intervals)

LSTM Layers and Neurons 3 layers, 64 neurons each

Batch Size 16

Epochs 50

Optimizer Adam

Loss Function MSE

The learning curve of the hybrid Prophet–LSTM model demonstrates consistent im-
provement in predicting temperature, humidity, and sPMV with additional training data.
The model’s training error decreases steadily, indicating its capacity to capture both high-
level trends and fine-grained temporal patterns. The validation error stabilizes as training
progresses, suggesting that the model effectively balances accuracy and generalization,



Buildings 2025, 15, 1584 22 of 28

avoiding both overfitting and underfitting. The actual vs. predicted data comparison
highlights the FB prophet model and hybrid Prophet-LSTM model’s accuracy in tracking
temperature, humidity, and sPMV trends, with predicted values closely aligning with
observed data, as shown in Figure 17.
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This study further assessed the prediction accuracy for temperature, humidity, and
sPMV using MAE, MAPE, R2, and RMSE. Prophet excelled at capturing seasonal and
trend patterns, while LSTM outperformed it in dynamic environments, especially with
sPMV, effectively learning from previous sequences. The hybrid model combined the
strengths of both approaches, achieving consistently better accuracy with lower errors and
higher R2 values across all parameters compared to Prophet, as can be seen in Figure 18.
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For temperature predictions, the hybrid model achieved a test MAE of 0.29 and an R2 of
0.96, outperforming Prophet’s MAE of 0.788 and R2 of 0.891. The complete error matrix
for all the parameters is shown in Table 5. These results highlight the hybrid model’s
robustness in minimizing prediction errors and improving reliability for dynamic and
seasonal data patterns.
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Table 5. Error metrics for ML models for temperature, humidity, and sPMV.

MAE RMSE MAPE R2

Train Test Train Test Train Test Train Test

Temperature
Prophet 0.7429 ◦C 0.788 ◦C 0.97 ◦C 0.9986 ◦C 2.68 3.65 0.9225 0.891

Hybrid 0.29 ◦C 0.29 ◦C 0.41 ◦C 0.49 ◦C 1.03 1.12 0.97 0.96

Humidity
Prophet 2.4557% 2.4593 3.3718% 3.1411% 4.66 4.99 0.8382 0.7518

Hybrid 0.78% 1.27% 1.35% 1.98% 1.58 2.49 0.93 0.91

sPMV
Prophet 0.1107 0.1215 0.1466 0.1542 24.27 26.87 0.914 0.8732

Hybrid 0.05 0.06 0.07 0.09 6.83 13.73 0.96 0.94

The combined use of Prophet and LSTM models offers a comprehensive predictive
framework for indoor climate control, with each model’s strengths complementing the
other’s limitations. Prophet effectively handles longer-term trends and seasonal fluctua-
tions, making it well suited for applications where regular patterns exist, such as office
buildings. In contrast, LSTM excels in handling dynamic, nonlinear changes in temperature,
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humidity, and sPMV, making it particularly useful for scenarios with irregular occupancy
or unpredictable environmental changes. Comparison metrics and visualizations affirm the
value of employing a dual-model approach, which could inform adaptive HVAC control
systems to enhance thermal comfort. In the developed DT application, each time the user
requests forecast data, it initiates a process where a command is sent to a Python server via
an API. This server retrieves previously stored historical data of the environment. Upon
retrieval, the historical data are used to train a forecasting model in real time. The resulting
forecast information is then displayed within the Digital Twin interface, providing users
with up-to-date predictive insights based on the latest available data.

7. Discussion
As global temperatures and population rise, the demand for HVAC systems is pro-

jected to increase, adding substantial strain on energy resources, given that HVAC systems
are among the largest energy consumers in residential and commercial buildings. This
study aimed to implement advanced technologies like BIM and IoT to enable the real-time
monitoring and visualization of indoor thermal conditions with a focus on optimizing
HVAC operations. The proposed systems feature an improved energy efficiency of the
building by protecting the overuse of the HVAC system, resulting in lower power consump-
tion and improved thermal comfort. This study concluded that with the sensing capabilities
of IoT devices and the parametric modeling features of BIM, the building can be virtually
represented with advanced real-time visualization of the indoor thermal conditions, which
could also allow the facility manager to remotely control the HVAC system for better
optimization of thermal comfort.

This study further monitored and predicted thermal comfort in terms of temperature,
humidity, and sPMV using a hybrid ML approach that combined the FB Prophet and LSTM
models. The ML model utilized FB Prophet to capture the seasonal and trend components
of the time series data, followed by LSTM to model the residuals and additional patterns.
The performance of this combined methodology was robust, with the model demonstrating
a training R2 of 0.96 and a testing R2 of 0.94 for the sPMV test set. The results are consistent
with the study conducted by ElArwady et al. [39], where NeuralProphet achieved training
and testing R2 scores of 0.99 and 0.94, respectively. The LSTM models utilized for PMV
predictions by Khan et al. [60] attained training and testing R2 scores of 0.94 and 0.83,
respectively. While both models effectively captured the dynamics of indoor thermal
conditions, LSTM’s integration provided an edge in refining the predictions. The system’s
accuracy, evidenced by high R2 scores for both training and testing sets, allows for effective
forecasting, contributing to real-time adjustments in indoor comfort levels. This hybrid
approach enhances the usability of the framework for monitoring and optimizing thermal
comfort in indoor environments.

This study highlights the potential of IoT-based monitoring and DT technology as
a powerful, reliable tool for driving energy-saving actions with low-cost devices. This
research aimed to address significant gaps in the existing literature on thermal comfort
monitoring in the BE. Previous studies have highlighted several limitations, such as insuffi-
cient automation [61], poor data management infrastructure [62], underuse of open-source
tools [63], and a lack of thorough validation for computational models [64]. To overcome
these challenges, this study proposes a new, integrated framework that BIM alongside
automation. This cutting-edge system merges advanced automation features, effective
data retrieval, and advanced ML-based computational methods to improve the efficiency
and accuracy of thermal comfort management in buildings. The framework’s use of open-
source hardware and software ensures flexibility, scalability, and cost-effectiveness. This
approach also allows for easy integration with existing BMSs, even in closed ecosystems,
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using standard protocols like MQTT and REST APIs, or middleware for systems using
HVAC control protocols such as BACnet.

Future research should address challenges such as the reliance on continuous power
supply and stable internet access, which could limit system implementation in areas with
wireless constraints. Another focus should be on developing personalized thermal comfort
systems that adapt to individual preferences over time. While this study demonstrates the
viability of remote sensing for thermal comfort management, it is limited by the small scale
of the monitored environment for a short duration; larger-scale implementations involving
facility managers are necessary to assess reliability and scalability. Future efforts should
improve predictive ML models using techniques like reinforcement learning and edge
computing for real-time decision-making while integrating blockchain with DT platforms
to boost data security. Ultimately, continued advancements in AI and ML, combined
with user feedback, will lead to more adaptive and efficient thermal comfort systems for
buildings of the future.

8. Conclusions
The integration of BIM, IoT sensors, and ML algorithms to develop DT represents

a significant advancement in optimizing building performance and enhancing occupant
comfort. By using real-time data from IoT sensors and utilizing advanced ML-based
predictive models, this approach provides actionable insights for facility managers and
building owners, enabling them to make informed decisions regarding indoor environmen-
tal conditions. The development of a BIM-IoT integrated platform offers a novel way to
monitor, control, and predict thermal comfort in buildings, maintaining optimal comfort
for occupants. Additionally, hybrid ML prediction models such as FB Prophet and LTSM
provide insights for future building operation conditions, thereby enabling smarter control
of HVAC systems. This technology promises to be a valuable tool for the future of sus-
tainable BT, driving innovation in the real-time monitoring and predictive management of
building environments.

As the construction industry and built environment continue to embrace digital trans-
formation, challenges such as data security, system integration, and cloud reliability must
be addressed. Despite these hurdles, the combination of BIM, IoT, and DT frameworks
offers vast potential for revolutionizing the way buildings are managed throughout their
life cycles. The use of ML techniques enhances predictive capabilities, allowing for more
accurate thermal comfort forecasting and improved energy utilization. By refining these
technologies and adopting open-source tools, the accessibility of such systems can be broad-
ened, particularly in developing regions where proprietary solutions are often unaffordable.
This approach promotes both sustainability and inclusiveness, offering a path toward more
efficient and occupant-centric building environments.
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