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ARTICLE INFO ABSTRACT
Keywords: Accurate failure prediction is critical to achieving Predictive Maintenance (PdM) for Indoor Air
Predictive maintenance Quality (IAQ), which is highly related to resident well-being and operational effectiveness.

Digital twin

However, most existing studies emphasise anomaly detection rather than prediction. To develop a
Failure prediction

Indoor air quality precise and robust method for pre-emptive IAQ warning, this article integrated Convolutional

Neural network Neural Network (CNN), Bidirectional Long Short-Term Memory (BiLSTM), and Muti-Head

LSTM Attention (MHA) mechanism into a novel C-B-M model, synergistically incorporating feature
extraction, temporal dependency analysis, and contextual weighting mechanisms. Additionally, a
real-world dataset collected from various buildings in Singapore is employed in a detailed
comparative experiment with other benchmark models for different prediction periods, dataset
selection, and failure severity levels to illustrate the effectiveness and robustness of the proposed
method. Finally, a Digital Twin (DT)-oriented failure prediction framework for the indoor climate
is introduced and validated through the prototype system demonstrating the 3D building model
and IAQ alert information.

1. Introduction

Indoor air pollution is a global environmental concern, consistently associated with a significant health burden for residents.
Research has indicated that prolonged exposure to ambient air pollutants increases the susceptibility to airborne diseases, including
cardiovascular disease, respiratory ailments, and lung cancer [1]. Recently, the implementation of advanced maintenance solutions
within the building industry has extended its scope from Facility Management (FM) to indoor climate control [2]. Intelligent moni-
toring and maintenance of Indoor Air Quality (IAQ) are highly dependent on the constant collection and communication capabilities of
measurable IAQ indicators, which are poised to enhance performance through the integration with Digital Twin (DT) technology [3].
The real-time bidirectional information exchange enabled by DT enhances interactive capabilities and optimises planning scheduling
through the incorporation of physical measurements, encompassing factors like temperature, humidity, and PM2.5, as well as decision
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support feedback from the virtual realm, including features such as alarms, advisory inputs, and what-if analyses [4]. The development
of such technologies promotes the paradigm transformation from reactive to Predictive Maintenance (PdM), signifying a more pro-
active approach facilitated by applying real-time data communication and Artificial Intelligence (AI) algorithms to detect and foresee
failure events in equipment and environmental contexts [5].

As the mainstream maintenance approach, the preventive method follows periodic time-based or usage-based paradigms, exposing
inherent drawbacks such as fixed schedule inefficiency, over-maintenance risk, and limited adaptability for dynamic conditions [6].
Consequently, the emergence of PAM provides more proactive and effective strategies. Fault detection and failure prediction are
critical and fundamental problems during the PAM implementation. Prediction typically necessitates higher data analysis and algo-
rithm development requirements than detection, resulting in limited industrial application and research in the field. Effective and
acceptable prediction performance is essential to demonstrate the superiority of PAM over preventive approaches, specifically in terms
of enhancing operational efficiency and reducing resource consumption. Additionally, the precision, interactivity, and adaptability
offered by enabling technologies of DT-enabled PdM also contribute significantly to other advanced modelling-driven functions, such
as pedestrian localisation [7], intelligent robot control [8,9], and indoor localisation [10], showcasing the broad applicability and
transformative potential of this study across various domains.

For indoor climate maintenance, advancement has been achieved by prior studies in many aspects, including real-time monitoring,
comfort improvement, and even energy management optimisation [11]. However, serval limitations still exist during the imple-
mentation of PAM solutions within the building industry. Firstly, current research concentrates on operation monitoring instead of
failure prediction, requiring increased data exchange and algorithm requirements. Secondly, DT-enabled PAM methodology remains a
largely unexplored area, promising significant improvements in operational performance and decision support process. Thirdly, the
scarcity of real-world datasets impedes developing and evaluating advanced algorithms. To address the above gap, the author first
introduced an ensemble Deep Learning (DL) model that incorporates a Convolutional Neural Network (CNN), Bidirectional Long
Short-Term Memory (BiLSTM), and Muti-Head Attention (MHA) to develop an accurate and reliable IAQ warning system. Addi-
tionally, a unified IAQ-PdM framework is proposed from the DT perspective and verified by a prototype platform designed for visu-
alization and interaction. Lastly, accuracy, precision, recall, and F1 scores are utilised as the evaluation metric to assess the model in a
comparative experiment with other DL models based on a real-world dataset collected from Singapore, encompassing different sce-
nario configurations of the predictive period, severity level, and dataset selection.

The subsequent sections of this paper are structured as follows: Section 2 provides an overview of existing studies within the field,
and Section 3 presents the DT framework and elaborates on the system architecture. Section 4 introduces relevant neural network
models and the proposed methodology. Section 5 illustrates the experiment setup and outlines the dataset information, while Section 6
discusses the experiment results and showcases the DT platform. Conclusions and limitations are discussed in Section 7.

2. Related Work

This section provides an overview of existing academic works that have contributed to the advancement of PdM implementation,
including (1) Digital Twin in Facility Management, (2) Failure Detection and Prediction, and (3) Machine Learning (ML)-driven
Approach.

2.1. Digital Twin in Facility Management

Integrating the PdM strategy in the FM field is increasingly recognised as a pivotal aspect for improving operational efficiency and
minimizing downtime [12], with the DT approach greatly facilitating this progression. Serval researchers have contributed to the
deployments and implementations of DT-enabled FM solutions.

2.1.1. Theoretical Research

Existing theoretical research establishes the foundation and offers the framework for integrating the DT paradigm into FM systems,
primarily centred on literature analysis and conceptual frameworks. For literature analysis, a comprehensive examination of over
seventy articles was conducted by Hosamo et al. [13] to investigate the advancements afforded by DT adoption, highlighting the
significance of intelligent information management, Building Information Modelling (BIM) -FM interoperability, and information
exchange. Additionally, Hodavand et al. [14] conducted a systematic review focusing on the integration of DT in FM, emphasising the
optimisation of building lifecycle management and maintenance strategies. Piras et al. [15] contributed to this area by reviewing vital
enabling technologies and digital tools critical to the successful deployment of DT. On the conceptual framework front, Zhao et al. [16]
introduced a conceptual framework of DT-enabled FM to systematically integrate the industrial demands and technologies adoption,
which includes components such as data stream processing and information model cooperation. Moreover, Yitmen et al. [17]
developed an adapted model considering the building lifecycle management for incorporating the cognitive DT system, which has been
examined across various life stages of building assets. Quirk et al. [18] employed BIM as the foundational platform for the DT-driven
FM to investigate the implementation feasibility, covering deployment specifics regarding built environments, Mechanical, Electrical,
and Plumbing (MEP) infrastructures, information hardware, etc.

Although preceding studies have established foundations and pathways for practical implementation, limitations and concerns are
also identified. Notably, the lack of a unified interaction platform and data synchronisation system for multisource data and
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stakeholder requirements is currently apparent, which is crucial for continuous real-time decision support services for complex
buildings, potentially surpassing the capabilities of BIM [16]. Besides, exploring legal and financial dimensions throughout the
building lifecycle is anticipated to be instrumental in shaping future research and industry implementation [17].

2.1.2. Practical studies

Expanding on theoretical foundations, researchers increasingly deployed real-world solutions to bridge the gap between academia
and practical application, advancing the field’s practicality in industry settings. Table 1 summarises the deployment of DT-enabled FM
in related literature, highlighting the system functions and target assets. For independent buildings, university and residential
buildings emerge as predominant venues for implementing DT-enabled FM, concentrating on managing indoor environments and
energy consumption. Additionally, some studies have ventured into advanced areas such as evacuation guidance and failure detection.
Complex structures, such as hospitals, airports, and communities, present multifaceted environments that necessitate beyond-basic
functionalities. Alongside the functions mentioned above, sophisticated capabilities, including life cycle management, fire safety
measures, and financial efficiency improvements, are developed to enhance asset performance. Furthermore, DT technology is notably
advancing the inspection and maintenance processes within the transportation infrastructure.

Despite the significant progress in bridging theory and practice, several limitations and concerns have been highlighted in existing
research. A notable deficiency in current DT solutions is the absence of autonomous control over malfunctioning equipment [19].
Besides, the financial risks of deploying DT solutions across diverse building environments warrant careful consideration [20]. Finally,
incorporating maintenance schedules and budget constraints will significantly enhance the practical applicability of the DT system
[21].

2.2. Fdilure Detection and Prediction

The detection and prediction of failure events are pivotal to the PdM strategies, which are instrumental in ensuring the reliability
and efficiency of building facilities and environments [38]. This section categorises existing research into theoretical foundational
research and practical case studies, providing an overview of conceptual advancements and industrial applicability.

2.2.1. Theoretical Research

Theoretical studies focus on analysing the existing studies and developing the underlying frameworks or models that support PdM.
A detailed literature review on anomaly detection is provided by Nassif et al. [39], covering application scenarios, methodologies, and
evaluation metrics. Himeur et al. [40] examined current Al-based frameworks for fault detection in building energy utilization. They
presented a detailed classification system focused on the modules and criteria used in analysing these algorithms. For original
framework research, Hosamo et al. [41] developed a DT framework for occupant comfort improvement using an ontology
graphs-based method, integrating multisource data from BIM, sensor data, and resident feedback, while Roy et al. [42] developed a
taxonomy combining anomaly and building measurement typologies, offering a systematic framework for anomaly detection meth-
odologies. Furthermore, Chandra et al. [43] explored the principles of fault events and the statistical information for building facilities
management, and Kayan et al. [44] refined the implementation of IoT and ML techniques for anomaly detection via the AnoML
pipeline, underscoring the integration of AI methods, communication systems, and real-time deployment.

Table 1
Practical studies of the digital twin in facility management.
Building asset Ref Function
Independent building
University building [22] Building evacuation guidance
[23] Indoor air quality and thermal comfort optimisation; Real-time indoor environment control
[24] Facility failure detection; Electricity & Water, & Gas consumption reduction
[25] Energy management;
Residential building [26] Thermal comfort optimisation; Energy management
[27] Energy consumption reduction based on activity recognition
[28] Real-time monitoring of thermal comfort
Heritage building [29] Long-term indoor environment monitoring; Preventive maintenance
[30] Relative humidity optimisation; Ventilation system real-time control
Public toilet [20] Public health assessment; Indoor air quality evaluation; Energy management; Carbon emission reduction
Building complex
Hospital [19] Energy management; Facility faults reduction
Airport [31] Life cycle information demonstration; Digital management; Fire protection; Structure & MEP monitoring
Community [32] House stock energy management; Urban spatial distribution
[33] Energy management; Emissions reduction; Financial cost saving
[34] Regional energy management; Financial cost saving
[35] Predictive maintenance; Financial cost saving
Transportation infrastructure
Tunnel [36] Operations management; Traffic planning; Accident-prevention; Emergency response
Bridge [21] Digital maintenance; Real-time inspection
[37] Vulnerability assessment; Risk-based maintenance planning
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2.2.2. Practical Studies

Practical studies emphasise the application of PAM theories in real-world scenarios, demonstrating their practicality and effec-
tiveness in maintaining operational standards for different building-related targets.

Building facilities have garnered considerable attention for their parallels with manufacturing industry equipment in maintenance
and efficiency optimisation. Chen et al. [45] enhanced building facilities’ administration through dependability assessment and
scheduling improvements. Lu et al. [46] innovatively introduced an Industry Foundation Classes (IFC) - extension data structure into
the facility failure detection process and developed a DT-enabled asset management system for daily operation management.
Concurrently, Villa et al. [38] explored the synergistic use of IoT systems and BIM for effective fault detection and maintenance
scheduling. Malki et al. [47] utilised an ML-based methodology to identify emerging patterns and trends to improve energy system
maintenance. Besides, Santiago et al. [33] designed a significant data service architecture focused on analysing and predicting mal-
functions in Heating, Ventilation, and Air Conditioning (HVAC) systems. Alongside advanced digital technologies, many researchers
have employed DL methods to advance this field. Galvez et al. [48] presented a hybrid methodology that combines model-based and
data-driven strategies to address data scarcity in the PAM of HVAC systems. Additionally, Xia et al. [49] introduced a multi-layer
self-aware model utilising LSTM networks to improve the accuracy and reliability of Remaining Useful Life estimations, contrib-
uting to cost savings and reducing unforeseen breakdowns.

The indoor environment represents a significant application scenario where failure detection and prediction are pivotal in
enhancing safety, comfort, and energy efficiency. Li and Cai [50] developed a dynamic demand-responsive ventilation strategy to
reduce the transmission of COVID-19 and improve energy efficiency, while Wei et al. [51] introduced an innovative detection system
combining Autoencoders with LSTM networks to identify anomalies in indoor climates. Recognised as eco-friendly innovation
equipment, Vertical Green Living Walls (VGW) have gained significant interest within the building industry. Liu et al. [52] explored
ML-based techniques for monitoring the condition of VGW systems, thereby facilitating automated and intelligent PAM in indoor
environments. Moreover, Jung et al. [53] developed an abnormal detection model for indoor environments based on temperature,
humidity, and light intensity sensor systems to address the specific requirements of communal and open-plan offices.

2.3. Comparative Analysis of Existing Methods

The advancement of PAM in the construction industry is closely tied to the progress of modern information technologies. ML has
greatly enhanced PdM efficiency in fault detection, prediction, and decision-support functions. As shown in Table 2, a comparative
review of existing PAM methods illustrates the transition from traditional ML algorithms to advanced DL and DT-based frameworks,
each with distinct advantages and constraints. Conventional methods such as Random Forests, Support Vector Machines, and Bayesian
networks are robust and interpretable but insufficient for modelling nonlinear temporal and spatial dependencies in complex envi-
ronments. DL models such as LSTM and Autoencoders enhance temporal learning and anomaly detection, yet their performance re-
mains limited when addressing heterogeneous data and cross-system interactions. The proposed ensemble model integrates spatial,
temporal, and attention-based learning to capture dynamic variations and interdependencies among indoor air-quality parameters,

Table 2
Comparative analysis of existing methods.

Ref. Method Key strengths Reference limitations

[54]

Random Forest Classifier

Interpretable, suitable for tabular sensor data

Limited in capturing nonlinear temporal
dynamics

[19] Clustering, LSTM, Chinese NLP Handles unstructured text with LSTM Lacks multi-sensor fusion and spatial context
[49] LSTM-based Multi-Layer Self-Attention Captures long-term dependencies with High computation cost and limited
attention generalisation
[48] SVM, Logistic Regression, Decision Trees, KNN, Good baseline classification performance Insufficient for complex and non-stationary
patterns
[45] Particle Filter, Evolutionary Algorithm Robust to noise, suitable for stochastic Requires extensive parameter tuning
estimation
[46] Bayesian Change Point Detection Effective for change detection Sensitive to parameter priors
[41] Bayesian Network, ANN, SVM, Decision Tree Integrates multiple ML paradigms Limited scalability for real-time PdM
[51] LSTM-AE Learns nonlinear time-series representations Overfitting risk under small datasets
[53] LSTM Sequential modelling capability Unable to model spatial dependencies
[52] LSTM-AE Detects anomalies effectively Requires careful threshold tuning
[44] CNN, RNN, AE, SVM, Isolation Forest Extracts local and sequential features Fragmented architectures and limited
interpretability
[42] Supervised Learning Method Baseline predictive framework Limited adaptability to dynamic IAQ data
[27] Hidden Markov Model, Naive Bayes, SVM Probabilistic modelling capability Assumes stationary transition probabilities
[26] KNN Regression, SVR, Decision Tree, Linear Simplicity, interpretability Poor temporal feature learning
Regression
[47] Prophet, LightGBM, VAR Good for short-term trend prediction Ignores deep temporal dependencies
[50] Computer Vision Algorithm Visual detection of equipment anomalies Requires largely labelled datasets
[28] Computer Vision Algorithm Effective for visual defect recognition Limited temporal forecasting capability
[22] Bellman-Ford, Dual Sub-Gradient Algorithm Optimisation for maintenance scheduling Not designed for real-time PAM
Ours  CNN + BiLSTM + Multi-Head Attention Integrates spatial, temporal, and contextual High computational demand

learning;
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thereby providing a more comprehensive and adaptive PAM solution than existing single-network or conventional methods.
3. Digital Twin framework

This section details the proposed DT-enabled PdM framework for indoor climate, including (1) the Digital Twin Concept, (2) the
Predictive Maintenance Concept, and (3) the Digital Twin-enabled Predictive Maintenance Framework.

3.1. Digital Twin concept

DT is regarded as an innovative methodology for generating digital replicas for physical targets, allowing for real-time bidirectional
information exchange [55]. As shown in Fig. 1, the information from physical assets and operations are mapped to the virtual side,
formulating informed decisions on the digital platform based on real-world situations.

3.2. Predictive Maintenance Concept

Maintenance is the combination of all technical, administrative, and managerial actions during the product lifecycle to retain or
restore it to a state in which it performs the required function [56], while effective maintenance plays an important role in delivering
the functionality and serviceability of assets and facilities in B&C industry. The evolution of maintenance has witnessed a trans-
formative progression from traditional corrective maintenance practices to a proactive and predictive paradigm, and its evolution
history has been outlined in Fig. 2. Currently, maintenance is evolving towards the PdM strategy, aiming to optimise asset reliability
and operational efficiency by pre-emptively addressing issues before they manifest into critical failures.

3.3. Digital Twin enabled Predictive Maintenance Framework

Current maintenance solutions for indoor climate primarily emphasise real-time monitoring and anomaly detection. However,
predicting potential failure events is crucial in implementing PdM solutions, facilitating data-driven decision-making processes and
improving residential satisfaction. As the representative enablers for Industry 4.0, the DT paradigm is a dynamic and virtual repre-
sentation of physical systems, processes, or services, integrating real-time data, advanced simulation techniques, and predictive an-
alytics to create a virtual mirror of the physical world [55]. It offers an efficient platform for AI engine integration and enhancing user
engagement and solution delivery. As shown in Fig. 3 A layered failure prediction framework has been introduced to facilitate the
adoption of DT-enabled solutions in indoor climate control.

The physical layer initiates with data collection and ends with the information transfer to the cloud database, encompassing the
target environment and the devices used for data acquisition. Specific research objectives or practical task requirements guide the
selection and placement of devices. IoT systems are predominantly utilised for data collection, serving as a cornerstone in this domain.
Moreover, the landscape of information gathering is evolving with the introduction of advanced technologies such as infrared scanners
and cameras [57]. These emerging tools are progressively supplementing traditional IoT systems, broadening the scope and efficiency
of data acquisition. In this research, the building environment was meticulously scanned using a Faro scanner and a commercial IoT
system was employed to gather IAQ data.

The virtual layer is designed to achieve accurate mapping and visualization of the components present in the physical layer. Also,
this layer plays a crucial role in demonstrating the decision support information to stakeholders and operators in an understandable
and interactive format. This study employed the IScan2BIM scheme [58] to generate a 3D visualization model of the building

Information collection

1 1 |

1 n
I | 1 c ’ |
I ! . o :
. I D
" (.?) 1 | W I
i Operation 1
Operation Data |1 1 Data ! p |

€ ==y 1 I = == =p]
I | 1 1
| | 1
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—~——— \ ]
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Fig. 1. The schematic Figure of digital twin.
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Development of Maintenance Industry

Predictive
Condition-based
Maintenance before failure

Preventive 5 ; fai
Corrective Maintenance when failure occurred
Maintenance periodically detected.
Maintenance after failure
Maintenance 1.0 Maintenance 2.0 Maintenance 3.0 Maintenance 4.0 >

il
Hl&

& B

Fig. 2. The evolution of predictive maintenance.
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Fig. 3. Digital twin-enabled failure prediction framework for indoor air quality.

environment. Additionally, an indoor climate alarm system was developed to display the air quality index and provide alerts in case of
air quality deterioration. This comprehensive approach enhances understanding environmental conditions and facilitates timely re-
sponses to potential issues.

The connection between the physical and virtual layers is realized through the communication support module. Data streams from
the physical layer are transmitted to the cloud database using multiple communication protocols, including Wi-Fi, Bluetooth, Zigbee,
and 4G/5G networks, via secure MQTT and RESTful protocols. The cloud serves as the data management hub, performing integration,
transformation, and quality control before distributing the processed data to the virtual layer. Conversely, the virtual layer generates
decision-support outputs, such as predicted IAQ indices, failure risks, and maintenance recommendations, which are transmitted back
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to the physical layer through the same cloud interface. These outputs guide on-site control actions, such as triggering ventilation
adjustments or alerting operators through the indoor climate alarm system. This closed feedback loop ensures synchronous updates
and continuous interaction between the physical and virtual representations, forming the core mechanism of the DT-enabled PdM
system and facilitating intelligent monitoring, early anomaly detection, and adaptive decision-making.

Subsequently, the decision support layer contains the reconstruction of a 3D model and the development of a failure prediction
model. Given the volume and diversity of real-time, heterogeneous data collected, the initial step involves converting raw data into
meaningful information for modelling and analysis. Specifically, the point cloud data are captured and generated through the Faro
scanner, and the subsequent data processing involves removing noise and irrelevant points. At the same time, registration aligns
multiple scans into a unified coordinate system [58]. Then, the suitable dataset is divided into segments and labelled according to
real-world features, followed by the regeneration of the BIM model utilising the developed AI engine [59,60]. The processing pro-
cedure for sensor data is relatively straightforward, mainly involving cleaning and normalising, complemented by data splitting to
prepare it for practical DL model training. Finally, the C-B-M are developed to achieve the failure prediction and generate the alarm
information within the specific prediction periods.

The DT layer functions at the service and function level, leveraging real-time data from the physical side to offer capabilities such as
condition monitoring and failure prediction [55]. Various services and functions can be integrated into the unified platform, supported
by different decision-support models. This solution allows for continuous monitoring and analysis, leading to more informed and
effective decision-making processes.

3.4. Scalability Analysis for Large-scale Building Complexes

The proposed framework provides the basic concepts and fundamental basis for PAM in general single-building systems, where data
flow, system interactions, and management objectives remain relatively contained. However, extending its application to large-scale
building complexes introduces additional analytical considerations arising from the substantial increase in data volume, subsystem
heterogeneity, and the need for coordinated decision-making across multiple interconnected buildings. To explore the scalability of the
proposed framework comprehensively, Table 3 summarises the key distinctions between single-building systems and large-scale
building complexes in terms of data characteristics, system heterogeneity, and coordination requirements.

4. Deep Learning Methodology

This section provides detailed information on the related DL and proposed models.

4.1. Data Preprocess

The data preprocessing pipeline was developed to ensure the reliability, consistency, and readiness of the dataset for DL model
training and validation. As illustrated in Fig. 4, the complete workflow comprises four stages: data cleaning, imputation, normali-
zation, and data segmentation for temporal modelling.

(1) Data cleaning

Raw IAQ datasets were imported from four csv files. This step eliminates errors, inconsistencies, and irrelevant samples generated
during data collection, improving the dataset’s reliability. Missing or corrupted entries were identified using a null-value check, while
non-essential attributes were excluded to maintain feature uniformity. Outliers and sensor malfunctions were identified through
statistical inspection and removed accordingly. Moreover, feature correlation analysis was performed to assess redundancy between
variables. For instance, the original dataset collected from the devices contains both PM;.¢ and PM,.5, while PM;.( showed a strong
correlation with PMa.5, and therefore PM;.o was excluded to avoid multicollinearity and simplify the feature space.

Table 3
Scalability analysis for large-scale building complexes.

Aspect

General Building

Large-Scale Building

Framework Scalability

System Scale
Data Requirement

Communication
Architecture

Maintenance
Objective

Decision Support
Layer

Similar structure with limited IoT
systems.

Moderate and structured data
requirement

Local communication within
building-level networks.
Equipment- or floor-level service.

Independent decision-support
module for individual building.

Multiple interconnected structures with
diverse IoT systems.

Massive and multi-source data
requirement

Distributed communication among
multiple buildings and a central cloud.
Cross-building coordination and system-
level optimisation.

Networked decision-support module
requiring information fusion and
coordination.

Scalable DT hierarchy supporting federated
coordination across multiple buildings.

Distributed data management with cloud-edge
collaboration and real-time synchronization.

Hybrid communication architecture enabling cross-
building data exchange.

Multi-level maintenance strategy combining local and
global decision-making for efficiency and resource
sharing.

Federated decision-support layer and shared decision
logic enabling complex-wide optimisation.




W. Hu et al. Journal of Building Engineering 117 (2026) 114755

==
g D Qﬂ’. Train Test
_— ==
Data Process — u?-,:‘
=
Clean Interpolate Normalise Split

Fig. 4. Data processing pipeline.

(2) Data imputation

Missing values were addressed using an interpolation-based method to ensure temporal continuity and contextual accuracy.
Specifically, each missing sample was replaced by the average of its two adjacent observations, as expressed in Eq. (1). This simple yet
effective technique preserves the temporal dynamics of the IAQ dataset, minimizing bias introduced by data gaps.

i-1 i+1
ylm :w e))

(3) Normalization

To standardize feature magnitudes and enhance model convergence, Min-Max normalization was employed to scale all features to
the range [ — 1,1], as expressed in Eq. (2), ensuring equal contribution of each feature to the optimisation process. This normalization
step is particularly crucial for neural networks using gradient-based optimisation, as it prevents variable dominance due to differing
units or magnitudes.

Where yi, stands for the missing value, while y::! represents the neighbours’ value of the missing sample.

Value — Min . .
Scaled Value=————— x (New Max — New Min) + New Min (2)
Max — Min
Where Value is the original value of the feature, Min and Max refer to the minimum and maximum value of the feature in the dataset.
New Min and New Max are the target scope of the scaled range, while the range is set to [-1,1] in this study.

(4) Sequence generation and dataset partitioning

To facilitate temporal prediction, the normalized data were restructured into supervised sequences through a sliding-window
mechanism. In this process, a fixed window of twelve consecutive observations was defined as the input sequence, and the subse-
quent time step was designated as the prediction target. This temporal segmentation was executed through the data split function,
which systematically converts continuous time-series data into input-output pairs suitable for sequential learning. Following this
transformation, the dataset was partitioned into training (80 %) and testing (20 %) subsets using a deterministic split that preserves
chronological order, thereby preventing data leakage and ensuring fair evaluation of model generalization.

4.2. Convolutional Neural Network

CNN was initially proposed by Yann et al. [61], and its automatic and adaptive feature learning ability from the high-dimensional
dataset laid the foundation for numerous advancements [62]. Concurrently, its effectiveness extends to time series-related problems
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Fig. 5. Convolutional neural network structure.
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attributed to its robust pattern and feature detection capabilities [63]. As shown in Fig. 5, it is a feedforward neural network composed
of convolution, pooling, and full connection layers.

The CNN is critical in feature extraction primarily through its convolutional layer. For sequential inputs, the one-dimensional
convolutional structure is applied for image processing instead of two dimensions (width and height) [64]. Generated features are
processed through an activation function, such as Sigmoid, Tanh, and Relu. The convolution calculation is shown in Eq. (3).

fi=o0 (convlD(x,*W,) +b,) (€))

Where ¢ is the activation function, conv1D conducts the 1D convolution, x; is the input vector, W, refers to the kernel weight, b, stands
for the kernel bias.

Following the convolution operation, the pooling layer is utilised to diminish the features’ dimensionality and prevent over-fitting.
Mainstream techniques in this domain include average and maximum pooling, which calculate the mean or maximum value of the
feature points within a specified neighbourhood. The culmination of the abovementioned procedures results in extracting features with
critical information pertinent to future predictive tasks, which is the notable benefit of CNNs for time series problems, enabling
consistent feature detection over time and improving temporal data analysis.

4.3. Bidirectional Long Short-Term Memory

The BiLSTM is an advanced variation of the Recurrent Neural Network architecture [65]. Fig. 6 illustrates the structure of the
BiLSTM, which integrates two LSTM networks for concurrent data processing in both forward and backward temporal directions. This
bidirectional mechanism notably enhances the model’s predictive and analytical capacities for sequential datasets, allowing it to
capture patterns from past and future contexts [66]. Additional traversing of the input data significantly improves the ability to
forecast time series [67], while the integration with the robust feature extraction capabilities of CNN also elevates the model’s efficacy
in recognition and prediction tasks [68]. This synergistic combination leverages the strengths of CNNs in spatial feature extraction and
capitalises on the LSTM’s proficiency in capturing temporal dynamics, thus demonstrating considerable potential in temporal-related
tasks [69].

The LSTM unit is characterised by three fundamental gate structures: the input gate, the forget gate, and the output gate. Each of
these gates serves a crucial function in controlling the information flow. The details are as follows.

4.3.1. Input Sequence

Two distinct LSTM networks process the input sequence. For a given sequence X = {x1,X2,Xs,...Xr}, the sequence for Forward
LSTM is from x; to x, while for Backward LSTM is from xr to x;.

where T is the length of the sequence and x; is the input at time step t.

4.3.2. Details of LSTM unit

For each unit in forward and backward LSTM, the forget gate decides what portions of existing information should be discarded,
while the input gate determines the newly added information for the cell state. Lastly, the output gate regulates the information that
will be transferred to subsequent layers or emitted as the unit’s output. Table 4 outlines the calculation equations and detailed de-
scriptions for each step to elucidate these processes.

Fig. 6. Bidirectional long short-term memory schematic.
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Table 4
Equations and Process of LSTM unit.
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Gate Equation Process description

Forget Gate: Determine discarded information.
fe=0(Wy-[he1,x] +by) @

Input Gate: Decide added information.
ir=0(Wi-[h1,%]+bi) ()]

C,=tanh (W¢ - [h_1,%] +bc) (6)

Co=fi*Cor +1°C @
Output Gate:

00 =0(Wo - [he-1, %] +bo) ®

h, = o,*tanh (C,) 9)

Create the new candidate cell state.

Update the cell state.

Determine the output information.

Decide the next hidden state.

where ¢ denotes the sigmoid function. * denotes Hadamard product. W and b are the weights and biases for different gates. h,_; is the

previous hidden state. x; is the input at time step t. C, is the cell state at time step t.

4.3.3. Bidirectional Integration

The final output for each time step in a BiLSTM is typically the concatenation of the forward and backward hidden states i.e.,

[h’:"rward,h?“kw“rd] , capturing information from both past and future contexts in the sequence. This dual perspective allows us to perform

exceptionally well in tasks that require understanding the entire context of the input sequence. Fig. 6 shows the structure of BiLSTM.

4.4. Multi-head Attention

MHA was proposed by Vaswani et al. [70] and introduced as an innovative approach to enhance the model’s capability for
attending to various segments of the input sequence and extracting relevant features from multiple perspectives. Fig. 7 provides the

schematic depiction of the MHA architecture.

4.4.1. Scaled dot-product Attention

The concepts of Query (Q), Key (K), and Value (V) are fundamental components enabling the model to focus on specific parts of the
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Fig. 7. Multi-head attention mechanism.
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input data selectively. The Q vectors are designed to represent the current sequence of interest, serving as focal points for determining
the relevance of past data points within the attention framework, while the K vectors correspond to these past data points, enabling the
computation of attention scores that reflect their significance relative to the current time step. The V vectors are aligned with the actual
data points or features at each timestep in the input sequence.

The core component of MHA is the scaled dot-product attention, which computes the attention scores based on the Q, K, and V
vectors. The attention score for each element in a sequence is calculated by taking the dot product of the Q with all Ks, dividing each by

v/dx , and applying a softmax function to obtain the weights on the values. The equation is given as:

Attention (Q,K, V) = softmax (QKT ) 1% (10)
Y Vi

where dy is the dimension of the K vectors.

4.4.2. Multi-head Mechanism

The mechanism employs multiple attention heads instead of a single attention operation, enhancing its ability to discern various
information aspects from the input sequence. Each attention head independently projects the Q, K, and V vectors into distinct rep-
resentation subspaces through different and learnable linear projections, which allows the model to focus on different parts of the
sequence and capture a diverse range of information. The equation for the MHA mechanism is:

MultiHead (Q, K, V) = Concat(head, , ..., head;,) W° an

where head; = Attention (QW&KW{< , VWiV> and W2, WK, WY, and WP are parameter matrices.

4.5. The Proposed C-B-M model

This section introduces the details of the model principle and training workflow, comprehensively describing the theoretical
foundation and the procedural steps.

4.5.1. The Framework of the Model Principle
The ensemble DL model has emerged as a pivotal strategy in complex data-driven tasks such as fault detection and failure
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prediction [71]. Our proposed C-B-M model sequentially integrates CNN, BiLSTM, and MHA mechanisms to conduct the failure
prediction for IAQ based on time-series datasets. The framework of the proposed model is presented in Fig. 8.

The model starts with the CNN component, where the temporal features are learned and extracted from high-dimensional data
utilising the convolutional layers. This method is instrumental in identifying nuanced patterns and variations pertinent to environ-
mental factors affecting air quality. After the feature extraction, BiLSTM networks are deployed to effectively comprehend long-term
temporal dependencies within sequential data, analysing it from both forward and backward perspectives. The bidirectional frame-
work facilitates a comprehensive analysis of time-series data, which is critical in air quality forecasting, where past and future trends
significantly influence prediction accuracy. Finally, integrating the MHA mechanism marks a significant advancement in the model’s
design, offering improved interpretability of neural networks and focusing attention on the most relevant input segments for informed
decision-making.

Overall, this integration leverages the strengths of each method: CNNs for their ability to extract spatial features from time-series
data, BiLSTM for capturing long-term dependencies in time-series sequences, and MHA for focusing on the most relevant parts of the
data, thereby enhancing the model’s predictive performance.

4.5.2. Training Details

Table 5 meticulously outlines the training process for the C-B-M model to explain the model details further. The practical exper-
iment begins with the definition of its components and goes through its initialisation, forward pass processing, and training loop.

The convolutional layer, BiLSTM layer, attention mechanism, and fully connected layer are defined first, and then the model is set
up by initialisation. Input size, hidden channels, and kernel sizes are utilised for the convolutional layer, while the BiLSTM layer is
optimised for both forward and backward sequence learning with tailored layer counts and hidden sizes. Besides, the Attention
mechanism is designed to handle the bidirectional output by doubling its dimension. Finally, the setup is completed by incorporating a
fully connected layer, which bridges the final output size.

The forward pass begins with the sequential application of convolutional layers coupled with ReLU activation functions for non-
linearity. The output is then adjusted for LSTM compatibility, followed by the initialisation of hidden and cell states of the LSTM. After
LSTM processing, the data is reshaped for the application attention mechanism, where the MHA mechanism refines the LSTM output by
focusing on salient features. Finally, a residual connection combines the attention-enhanced output with the original LSTM output,
transferring to the fully connected layer for final predictions.

The training loop encapsulates the process within an iterative epoch structure, where the training data is shuffled and batch-
processed. Each batch undergoes a forward pass, loss computation against true labels, and an optimisation step via back-
propagation, iterating until the model parameters are tuned to achieve an accurate prediction based on the given input. This

Table 5
Training process for the proposed C-B-M model.

Definition

- Convolutional layer

- LSTM layer (Bidirectional)

- Attention mechanism (MultiheadAttention)
- Fully connected layer (Linear)

Initialisation:

- Initialize the convolutional layers based on the number of convolutional layers, input size, hidden channels, and kernel sizes.

- Initialize a bidirectional LSTM layer with the number of layers and hidden size.

- Initialize an attention mechanism with the LSTM output dimension doubled (to account for bidirectionality) and a single head.
- Initialize a fully connected layer to produce the final output size from the LSTM output size.

Forward pass:

- Apply the convolutional layers sequentially with ReLU activation.

- Permute the output to ensure compatibility with the LSTM input.

- Initialize the hidden and cell states of the LSTM.

- Pass the data through the LSTM.

- Reshape the output for MultiheadAttention

- Apply the attention mechanism on the LSTM output.

- Add the attention output to the original LSTM (residual connection) output.

- Apply the fully connected layer on the last output of the LSTM to get the final prediction.

Training loop:

- For each epoch:
a. Shuffle the training data.
b. Split the training data into batches.
- For each batch:
a. Perform a forward pass through the model.
b. Compute the loss between the model output and the true labels.
c. Perform backpropagation and an optimisation step.

Output the final model’s predictions

12
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comprehensive description illustrates the C-B-M model’s design and operational flow, highlighting its integration of convolutional,
recurrent, and attention-based mechanisms to enhance predictive performance on complex data sets.

5. Experiment

This section presents a detailed exposition of the target problem, dataset information, and experimental design.

5.1. Problem Formulation

Effective strategies for improving IAQ are essential in promoting a healthy and productive living and working environment, while
poor air quality can exacerbate respiratory conditions like asthma and allergies and has been linked to decreased productivity and
impaired cognitive function [11]. The United States Air Quality Index (USAQI) categorisation [72] is employed to define the failure
events for indoor climate [73]. As detailed in Table 6, the failure event is identified when the measured IAQ deteriorates beyond the
acceptable threshold set by the USAQ], indicating a potential health hazard for the building’s occupants. During the experiment, events
are defined as normal, failure with low severity, and failure with high-severity when the value of the Overall Index belongs to [0,100],
[100, 200], and [200, 5001, respectively. This systematic approach provides a precise and objective assessment of indoor air quality,
facilitating prompt interventions to protect the health and comfort of individuals within these environments.

The Overall Index computation approach is a segmented linear function applied to pollutant concentrations. The index is computed
for every environmental parameter, with the highest resulting index presented as the Overall Index. The below equation is utilised to
convert the parameter concentration into index categories.

— Thign — Tiow (

I C- Clow) + Ilow (12)

Chigh — Clow

where I represents the resulting index value, C is the pollutant concentration, Cj,, and Cpg, stand for the concentration breakpoint
below and above C, respectively, Ij,, and Iy refer to the index breakpoint corresponding to Ci,, and Cpgh.

5.2. Dataset Acquisition
This section contains the sensor deployment and the dataset introduction.

5.2.1. Sensor Deployment

The experimental IAQ data were collected from different residential buildings at different locations in Singapore through com-
mercial IoT devices. Fig. 9 showcases the device deployment during the data collection. Each site was continuously monitored between
Nov 2021-Nov 2022, with devices configured at a 1-min logging interval. The Kaiterra Sensedge Mini devices were factory-calibrated
prior to deployment, and additional data-level calibration procedures were implemented in this study, including exclusion of the initial
30-min warm-up period, removal of implausible outliers, and inter-sensor consistency validation across dwellings. The details of
sensor specifications and deployment protocol are shown in Tables 7 and 8, respectively. These additions address device capability,
placement, calibration, and data quality control, which are fundamental for ensuring the validity of PAM experiments.

5.2.2. Dataset Introduction

Table 9 provides the details of the experimental dataset, Fig. 10 illustrates the geographic locations of the monitored sites, while
Fig. 11 presents the distribution of the recorded parameters. To preserve clarity of the figure scale, outliers of particulate matter, COs,
humidity, and temperature were excluded from the boxplots, while the Overall IAQ Index is retained in its entirety. It should be noted
that the IAQ index provided by the Kaiterra Sensedge Mini devices is computed internally from multiple pollutants (PMs.5, CO2,
TVOCs, Os, temperature, and humidity). Although the raw measurements of O3 and TVOCs were not exported due to device output
settings, they were included in the internal index calculation.

Four datasets are acquired from Singapore’s east, west, south, and north regions to ensure a representation of environmental di-
versity, enabling a thorough evaluation of the algorithm’s robustness. The analysis reveals consistent trends across different datasets.
Firstly, the concentration of particulate matter and CO, predominantly exhibits low baseline levels with intermittent spikes, which is
also discernible in the distribution of the Overall Index, reflecting the correlation among these variables. Additionally, humidity
consistently fluctuates around its mean value, while temperature exhibits a steady upward trend over the observed period. Beyond
common trends, variations in air quality across different regions contribute to the distinct characteristics observed in the datasets. For
example, the Sengkang records the highest PM 2.5 level, while the Redhill is characterised by its highest humidity. Meanwhile, the
Woodland stands out for the highest carbon dioxide level and temperature. The expansive temporal and spatial scope of the dataset
provides a valuable resource for researching and investigating complex patterns and variations in indoor climate fields.

5.3. Experiment Design
The experiment details, including the experiment setup, experiment design, and evaluation metrics, are presented in this section.

13
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Table 6

Breakpoints Table for overall index values [72].

Classification

Index Category Index Value PMa 5 (pg /m®) CO2(ppm) TVOC(ppb) TVOC (pg /m?) O3 (ppb) 03 (pg /m?)
Normal Good 0-50 0-12 400-1000 0-220 0-1005.5 20-50 39.2-98.0
Moderate 51-100 12.1-35.4 1001-1500 221-660 1005.6-3061.7 51-100 98.1-196.2
Failure-low High 101-150 35.5-55.4 1501-2000 661-1430 3016.8-10056.1 101-165 196.3-323.7
Very High 151-200 55.5-150.4 2001-2500 1431-2200 10056.2-15084.2 166-205 323.8-402.3
Failure-high Very High 201-300 150.5-250.4 2501-5000 2201-5000 15084.3-20112.3 206-405 402.4-794.9
Very High 300-500 250.5-500.4 5001-10000 5001-10000 20112.4-25140.5 406-605 795.0-1187.6

0 32 NH M

SSZPIT (9202) LI I Sunoouisug Suippng Jo punor
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Fig. 9. Data collection & monitoring device.

Table 7
Specifications of kaiterra sensedege mini (SE-200/SE-200P).
Parameter Sensor Technology Range Resolution Accuracy
PM,.5/PM; o Laser particle sensor 0-1000 pg/m* 1 pg/m® +3 pg/m® (0-30 pg/m>);
+10 % (PM,.s, 30-1000 pg/m>);
415 % (PM; 0, 30-1000 pg/m>)
TVOC Multi-pixel MOx 0-60,000 ppb 1 ppb +15 % + 8 ppb
CO, Non-dispersive infrared 400-2000 ppm 1 ppm +40 ppm + 3 %
Ozone (03) Electrochemical 20-2000 ppb 1 ppb +10 %
Temperature Digital sensor —40 to 125 °C 0.01 °C +0.3°C
Relative Humidity Digital sensor 0-100 % RH 0.01 % RH +5 % RH
Resource: https://www.kaiterra.com/sensedge-mini-indoor-air-quality-monitor
Table 8
Sensor deployment protocol.
Aspect Implementation situation Rationale
Rooms type Living room Captures main occupant exposure zones

Mounting height
Ventilation proximity
Sensor count
Warm-up exclusion

1.2 m above floor

Installed on closed windows

3 per dwelling

First 30 min of readings removed

Approximates human breathing zone

Provides consistent placement and avoids airflow disturbance
Provides adequate coverage across unit layouts

Eliminates sensor stabilization artifacts

Data QA >5 % error days removed Ensures data reliability and continuity
<5 min gaps interpolated
Table 9
Details of dataset.
Location: Woodland Redhill Sengkang Lakeside
Building type: HDB-5 room HDB-3 room HDB 4-room Condo 3-room
Samples number: 525600 525600 525600 525600

Collection period:
Time interval:
IoT device:
Parameters:

Nov 2021 to Nov 2022
One sample per minute
Kaiterra

PM 2.5, CO,, Humidity, Temperature, Overall Index
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Fig. 10. The distribution of dataset location.
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Fig. 11. Distribution Boxplot of parameter and overall index.

Table 10
System Configuration.
Unit Description
Central Processing Unit 13the Gen Intel(R) Core (TM) i9-13900HX
Graphics Processing Unit NVIDIA GeForce RTX 4070
Random Access Memory 32GB
Operation System Windows 11
Deep Learning Framework Pytorch 2.0.1

16



W. Hu et al. Journal of Building Engineering 117 (2026) 114755

5.3.1. Experiment Setup

The experimental environment, including hardware configuration and software framework, is shown in Table 10, all models were
implemented in the PyTorch 2.0.1 framework and trained on a workstation equipped with an NVIDIA RTX 4070 GPU, Intel i9-
13900HX CPU, and 32 GB RAM.

To obtain robust and well-justified hyperparameter values, a three-stage strategy was adopted. First, a coarse grid search was
conducted to identify plausible ranges for kernel sizes, hidden dimensions, dropout rates, and attention heads. Second, Bayesian
optimisation refined the candidate space to balance predictive performance and computational efficiency. Finally, a five-fold cross-
validation procedure was employed to validate generalizability and avoid overfitting. The final configuration is outlined in Table 11,
where each parameter is reported alongside a rationale, clarifying its functional role in the architecture. Benchmark models were tuned
with the same search strategy, and common settings were aligned to ensure comparative fairness.

5.3.2. Design Guidelines
The experiment was conducted in adherence to the following guidelines to enhance the reliability of the results.

Basic performance analysis: The initial effectiveness verification of the proposed method is demonstrated through the timeline
figures, confusion matrix, and comparison analysis of training time and statistical index.

Comparative Study: Several advanced DL models, including CNN, LSTM, and BiLSTM, are employed as benchmarks to validate the
superior performance of the proposed method, ensuring a comprehensive evaluation and highlighting the strengths and potential
limitations of the proposed model.

Robust Exploration: The study employed varied prediction periods, severity levels, and dataset sections to evaluate the model’s
performance. The prediction period adjustment is achieved by setting the different lengths of the testing set with an unchangeable
training dataset (4 months with 172,800 data points). Failure severity is categorised into low and high degrees, providing insights
into the model’s responsiveness for different situations. Data from Woodland, Redhill, Sengkang, and Lakeside are selected to
comprehensively evaluate the proposed method across diverse scenarios.

Fairness Setting: The experiments are conducted 10 times for each scenario, and the average of these performances is defined as the
concluded results, which are intended to lessen the impact of various initialisations. Besides, the grid search methodology was
employed during parameter tuning to guarantee an equitable and meaningful comparative analysis.

5.3.3. Evaluation Metrics

Mean Absolute Error (MAE) and Root Mean Square Error (RMSE) are utilised to assess the original overall index predictions in
fundamental performance analysis. MAE calculates the average absolute difference between the predicted values and the actual values,
providing a straightforward interpretation of the prediction accuracy, while RMSE assigns higher weights to larger errors, making it
particularly useful in situations where large errors are especially undesirable.

1 -
1\/114}3:52;:1 ly: — ¥il (13)

[T -
RMSE=\["> ", (i = 3o)* (14)

Where n is the number of observations, y; are the actual value, and y; are the predicted value.

Condition labels are systematically assigned to each data sample based on corresponding values in the Overall Index, as detailed in
Table 12. As illustrated in Table 13, True Positives (TP), True Negatives (TN), False Positives (FP), and False Negatives (FN) are
fundamental to the calculation of the performance metrics, providing the quantitative basis for the evaluation of model performance.

Accuracy, precision, recall, and F1 score are commonly utilised to evaluate the performance of classification models in ML and
statistics tasks. Accuracy quantifies the overall correctness of the classification, representing the proportion of accurate predictions
(True failure and True normal) among the total number of predictions. Precision measures the proportion of true failure in the total

Table 11
Hyperparameter setting of the proposed model.
Hyperparameter Value Justification
Optimisation function Adam Offers adaptive learning rates and stable convergence.
Learning rate 0.0001 Ensures stable convergence with Adam optimizer.
Epochs 500 Providing sufficient training horizon, validated by loss monitoring.
Batch size 64 Balances GPU utilization with generalization performance.
CNN Kkernel sizes [3, 5] Captures both short- and mid-range temporal dependencies.
CNN stride 1 Preserves temporal granularity without information loss.
CNN hidden channels 32 Ensures adequate feature extraction capacity while controlling complexity
BiLSTM hidden dimension 64 Provides expressive capacity without overfitting risk.
BiLSTM layers 2 Enhances hierarchical temporal representation over single-layer structures.
Attention heads 4 Enables parallel focus on diverse temporal patterns with limited cost.
Dropout rate 0.3 Mitigates overfitting while maintaining representation power.
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Table 12

Label assignment according to overall index.
Overall Index Condition Label
[0-100] Normal 1
[100-200] Failure (Low Severity)
[200-500] Failure (High Severity) 3

Table 13
Definition of TP, TN, FP, and FN.
Term Definition Practical meaning
TP Instances correctly classified as positive. True failure.
TN Instances correctly classified as negative. True normal.
FP Instances wrongly classified as positive. Fake failure.
FN Instances wrongly classified as negative. Missed failure.

failure predictions, highlighting the model’s ability to trigger correct failure alarms. Recall, or sensitivity, demonstrates the proportion
of true failure among all actual failures, emphasising the model’s capacity to find all failure events. The F1-Score is a harmonic mean of
precision and recall, providing a balance between these two metrics, particularly useful when the class distribution is uneven. During
the practical implementation, appropriate indicators should be selected based on the specific conditions of the fault attributes. For
example, prioritising recall over precision when missing an alarm is costlier than a false alarm. Therefore, the F1 score more effectively
measures the algorithm’s overall performance. The following equations illustrate how the above parameters are derived:

Accuracy = % (15)
Precision = % (16)
F1 — Score = 2*TP€+—|—FN 17
Recall = (18)

F1 score also contributes to the uncertainty quantification for predictions, thereby offering valuable reliability insights for
maintenance planning. The F1 — Score formula can be converted into the following form (19), where p refers to the balance parameter
and plays a crucial role in adjusting the emphasis between precision and recall. During practical deployment, (1-precision) is employed
to quantify the rate of false alarms, which correspond to unnecessary maintenance actions, while (1 - recall) quantifies the rate of
missed alarms, reflecting maintenance actions that were needed but not performed. This differentiation is critical for optimising
maintenance strategies, allowing for the assessment of the trade-offs between the costs associated with unnecessary maintenance
actions and the potential losses resulting from unaddressed maintenance needs.

precision*recall

F1 - Score= (1+
core= (1+4%) (p**precision) + recall

19
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Fig. 12. Failure prediction results of our method (dataset = Woodland, prediction period = 120 days).
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6. Result Discussion

This section presents the basic performance evaluation of the proposed method and conducts a comparative analysis with other
benchmark models across various scenarios to further explore the interpretability and effectiveness of our method.

6.1. Basic Performance Analysis

This section presents the performance analysis of the proposed model, encompassing both Model Overall Performance and
Robustness Evaluation under Sudden Pollutant Spikes.

6.1.1. Model Overall Performance

This section investigates the basic performance of the proposed method to provide an initial understanding of its efficacy. The result
of the proposed method is demonstrated through a timeline figure and confusion matrix. Additionally, the comparison of training time
and statistical index with other benchmark models is also discussed.

Fig. 12 displays the prediction outcomes of the approach for the 120-day test set (172800 samples) collected from Woodland, while
Fig. 13 presents the corresponding confusion matrix. Values 1, 2, and 3 denote normal conditions, low-severity failures, and high-
severity failures, respectively. The analysis reveals that the algorithm achieves commendable accuracy across all three conditions.
However, a notable limitation is the misclassification of many high-severity failures as low-severity, as shown in Fig. 13. This result
primarily arises from two factors. Firstly, insufficient examples of high-severity failures hinder the algorithm’s ability to identify such
conditions accurately. Secondly, some high-severity conditions are not pronounced enough to distinguish them from low-severity
conditions definitively. Addressing these challenges presents a critical avenue for future research to enhance the algorithm’s preci-
sion in classifying failure severities.

6.1.2. Robustness Evaluation under Sudden Pollutant Spikes

(1) Identification of Sudden Pollutant Spikes

To assess the model’s ability to handle abrupt environmental variations, the high-severity pollutant condition was defined as an
extreme event corresponding to the red threshold line in Fig. 14 When the Air Quality Index (AQI) exceeded 200 US units, the system
was considered to experience a sudden pollutant spike. These instances occur intermittently throughout the dataset, forming a sparse
distribution of high-severity episodes amidst predominantly low-level conditions. Such peaks represent abrupt deteriorations of air
quality caused by transient pollution bursts, ventilation inefficiency, or sensor fluctuations.

(2) Model Prediction Behavior under Extreme Conditions

As illustrated in Fig. 14, the proposed framework effectively tracks abrupt pollutant spikes, with the predicted outputs closely
aligning with the ground truth during high-severity episodes. The integration of temporal convolution and bidirectional memory
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Fig. 13. Confusion matrix (dataset = Woodland, prediction period = 120 days).
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enhances sensitivity to rapid fluctuations, enabling the model to respond promptly to sudden variations. Quantitatively, the confusion
matrix in Fig. 13 substantiates the model’s robustness under extreme conditions. Despite a pronounced class imbalance, the framework
accurately recognizes high-severity failures, maintaining a strong diagonal pattern across all categories. Misclassifications between
moderate and high-severity states remain limited, underscoring the network’s resilience to noise and its capacity to generalize from
infrequent extreme samples. Together, these findings verify that the proposed network exhibits robust performance under sudden
pollutant spikes.

6.1.3. Basic Comparison Analysis

To evaluate the model comprehensively, Table 14 compares the training time and computational efficiency between the proposed
model and other benchmarks. The “Wall Time” denotes the total elapsed duration, while the “CPU Times Total” reflects the active
processing period. In addition, the “Average CPU Load” and “Peak GPU Memory” provide insights into hardware utilization. It is
observed that ARIMA achieves the shortest training time due to its simple statistical formulation. SVR and Prophet show longer du-
rations and higher CPU load, indicating greater computational demand. Among deep models, CNN records the best efficiency with
moderate CPU and GPU usage, benefiting from its lightweight structure. LSTM and BiLSTM require longer training and higher resource
consumption because of their sequential dependencies. Despite having the most complex structure among all models, the proposed
method benefits from the feature extraction process, reducing the overall training time and improving the performance. The proposed
model achieves a balanced trade-off between training time and resource cost, demonstrating efficient integration of spatial and
temporal learning.

As mentioned in Section 5.3.3, condition labels are assigned based on the predicted Overall Index during the practical imple-
mentation. Then, the performance is evaluated using accuracy, recall, precision, and the F1-score due to their appropriateness for the
classification problem. To further examine the model’s performance, Table 15 shows that the proposed method recorded the lowest
MAE and the second lowest RMSE for original Overall Index predictions, proving its superior accuracy.

6.2. Comparison Study with Benchmark Models under Various Scenario Settings

This section systematically analyses the proposed method’s performance in different failure severity and prediction period settings.
The experiments categorise indoor air conditions into three types: normal, low-severity failure, and high-severity failure. Moreover,

Table 14

Training time comparison (dataset = Woodland, prediction period = 120 days).

Model Wall Time CPU Times Total Avg. CPU Load (%) Peak GPU Memory (MB)
ARIMA 22.4s 1 min 57 s 42 % -

SVR 41.8 s 3min 36 s 61 % -

Prophet 55.3s 5min12s 69 % -

CNN 30.5s 3min 13s 38 % 1380 MB

LSTM 37s 4min 4s 44 % 1610 MB

BiLSTM 48.1 s 6min 37s 51 % 1930 MB
CNN-BiLSTM-Attention 40.6 s 4min 27s 49 % 2320 MB
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Table 15

MAE & RMSE performance comparison (dataset = Woodland, prediction period = 120

days).
Model Overall index

MAE RMSE

ARIMA 8.63 27.05
SVR 7.84 25.42
Prophet 7.26 23.96
CNN 6.65 23.14
LSTM 7.14 21.25
BiLSTM 6.17 18.14
CNN-BiLSTM-Attention 5.99 19.21

with the determined training set, various prediction periods ranging from 30 (43,200 samples) to 180 days (259,200 samples) are
considered to examine the multi-period prediction ability of the proposed model. The Woodland dataset is utilised in this experiment.
The experiment results are depicted in Figs. 15-17, providing a detailed analysis of the performance of the proposed and benchmark
models. This comparison aims to elucidate the model’s strengths and weaknesses, thereby contributing to a deeper understanding of its
efficacy within existing frameworks. Accuracy, Precision, Recall, and F1-Score are utilised as evaluation metrics to provide a multi-
faceted view of the model’s effectiveness, addressing its precision in prediction, ability to identify relevant instances correctly, and
overall reliability.

According to the results, the proposed model consistently achieves the highest performance across most evaluation metrics and
scenarios. Although ARIMA exhibits rapid convergence in short-term forecasts, its performance degrades sharply as the prediction
horizon extends, indicating limited adaptability to nonlinear and multivariate patterns. Both SVR and Prophet demonstrate moderate
accuracy in shorter horizons but fail to sustain stability beyond 90 days, mainly due to their dependence on smooth trend assumptions.
Among DL models, CNN maintains strong short-term precision, while LSTM and BiLSTM show sensitivity to extended temporal de-
pendencies, leading to gradual declines in recall and F1-score as the prediction period increases. In terms of recall, the performance of
our model varies across scenarios, exhibiting a clear advantage only in low-severity failure situations. As a comprehensive measure of
model effectiveness, the F1-score validates the efficacy of the proposed method, which excels in almost all testing scenarios.

The proposed algorithm demonstrates considerable advantages across all prediction periods and event types, except for individual
high-severity scenarios where the CNN and BiLSTM model exhibits marginally better performance. Addressing the data scarcity issue
in high-severity cases is expected to further enhance the benefits of the proposed method on the model’s ability to handle high-severity
scenarios and its inherent advantages.

Furthermore, our observations indicate that LSTM and BiLSTM methods experience a decline in performance as the prediction
period extends, a trend not observed in either the CNN or proposed model. This observation suggests that the CNN component more
effectively integrates temporal features, enabling the model to maintain stability over extended prediction periods. The exceptional
resilience and accuracy of the proposed model can be attributed to its ensemble approach, which leverages the LSTM’s accuracy in
time-series prediction and enhances algorithmic stability through the integration of CNN with the MHA mechanism.

6.3. Comparison Study with Benchmark Models under Different Datasets Selection

This section investigates the applicability and efficacy of the proposed method across different air quality scenarios, and the F1
score is employed for the model evaluation index because of its holistic measure of precision and recall. Three different datasets
gathered from the eastern, western, and southern regions of Singapore are utilised to provide a comprehensive representation of
environmental diversity and verify the model’s robustness. Additionally, such research extends its implications to cost-effective
regional energy optimisation because the adaptability of strategies is critical for the different datasets with unique characteristics [32].

Fig. 18 presents a detailed comparison of the performance of various DL models and traditional models across different datasets,
underscoring the adaptability and superior performance of the proposed method across different datasets. The results demonstrate that
the proposed model consistently achieves the highest F1-scores across most conditions, maintaining stability and superior performance
throughout all datasets. While traditional approaches perform reasonably well in short-term predictions, their performance declines
rapidly as the prediction horizon extends, indicating limitations in capturing nonlinear and multivariate temporal dependencies. For
normal and low-severity failure conditions, the proposed model exhibits a clear and consistent advantage over all comparison models,
reflecting its ability to generalize effectively across datasets. Under high-severity failure scenarios, the proposed method continues to
outperform other algorithms and even expands its performance margin with increasing prediction periods, demonstrating improved
adaptability to complex and volatile environments. In contrast, other methods show a decreasing F1-trend as the prediction period
lengthens.

Overall, the findings confirm the robustness, adaptability, and long-term stability of the proposed model across different datasets
and failure severities. These results highlight its strong potential for scalable deployment in real-world indoor environmental pre-
diction and energy optimisation tasks.
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6.4. Platform Deployment

This section details the creation of the prototype system designed for the verification and implementation of the DT concept. The
platform encompasses two integral subsystems: (i) an as-built BIM visualization platform and (ii) an IAQ monitoring system. Together,
these provide both spatial context and predictive intelligence.

(1) As-built BIM Visualization Platform

BIM has become a recognised standard in the construction industry for enhancing integration, efficiency, and collaboration.
However, most BIM-enabled solutions depend on as-designed models, limiting their applicability to pre-BIM era buildings, whereas as-
built BIM technologies enable advanced facility management for structures lacking original BIM data. In this study, IScan2BIM [74]
were utilised to establish the as-built BIM models for target buildings to achieve visualization and offer detailed layout information, as
shown in Fig. 19 (Left). The methodology flow is delineated in Fig. 20, and the practical demonstration can be accessed at https://
www.youtube.com/watch?v=RE-vNYs_i_w. Firstly, an autonomous scanning robotic integrating advanced Light Detection and
Ranging (LiDAR) technology named “BIMBot” is developed to produce a 3D point clouds dataset of the target building [75], which is
followed by the Al engine tailored for BIM reconstruction. The semantic information of civil structures is extracted from point clouds
using the BEACon algorithm [60] and then converted to the IFC format for the BIM reconstruction, whereas the MEP systems are
constructed via Pipenet [59]. Finally, the Amazon Web Services cloud platform is utilised for the model integration and demonstration.
IScan2BIM serves as the central platform for the integration of IAQ information (see Fig. 21).

(2) IAQ Monitoring System

To complement the visualization platform, a prototype application was developed using the Guietta and Tkinter Python libraries to
demonstrate real-time integration among sensor data, predictive modelling, and user interfaces. The Kaiterra Sensedge Mini sensors
continuously acquire PMs.5, CO2, TVOC, O3, temperature, and humidity data at 1-min intervals. After data cleaning and normalization,
the time-series are fed into the trained PyTorch model, which predicts IAQ indices, identifies dominant pollutants, and issues early-
warning alerts upon threshold exceedance. As illustrated in Fig. 19 (right), a desktop interface visualizes real-time sensor and
model outputs, including IAQ indices, alarm levels, and temporal dynamics. The current prototype operates using replayed data from
an online Excel dataset for verification; however, its architecture supports direct sensor-to-model communication via MQTT or REST
protocols, enabling real-time inference. Future developments will integrate a cloud-based time-series database and deploy the
inference engine as a Flask or Django web service to facilitate online access, cross-platform monitoring, and interoperability with
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facility management systems.
(3) Future Implementation

Future development will extend the prototype into a fully functional DT system integrating real-time sensing, predictive analytics,
and as-built BIM visualization within a unified cloud framework. The Kaiterra Sensedge Mini network will continuously transmit
PMs,.5, CO2, TVOC, O3, temperature, and humidity data via MQTT or REST APIs to a cloud-based time-series database. A real-time
preprocessing module will filter anomalies, interpolate short gaps, and synchronize multi-sensor inputs before feeding the cleaned
data into the developed model deployed as a Flask microservice. The model will generate IAQ forecasts, dominant pollutant identi-
fication, and early warnings, which are delivered through API endpoints to the operator interface and the IScan2BIM platform. The
cloud-based BIM environment will map sensor and model outputs onto the 3D spatial layout, highlighting high-risk areas and temporal
variations, while the dashboard will visualize real-time trends and alerts. Collectively, these modules establish a bidirectionally linked
DT ecosystem that synchronizes physical and virtual spaces to enable real-time monitoring, predictive maintenance, and intelligent
facility management.

7. Conclusion

Indoor climate maintenance in the building industry has garnered increasing attention from both academic circles and because of
its profound influence on the well-being and productivity of occupants [76]. Furthermore, there is a growing imperative to understand
how technological advancements in indoor climate systems extend benefits beyond academic interest and contribute meaningfully to
societal welfare, thereby potentially reducing healthcare costs and improving the general quality of life. This study delves into the
feasibility of incorporating the DL algorithm and DT perspective for failure prediction practices within the indoor climate domain.
Practical air quality datasets collected from different buildings are utilised as the foundational resource to support the study and
analysis. The contributions are listed below.

1. A DT-enabled PdM framework for the failure prediction of IAQ has been proposed, incorporating building environment virtuali-
sation and indoor climate demonstration. The proposed framework facilitates the future implementation of DT solutions and
additional function integration.

2. An ensemble DL model combining CNN, BiLSTM, and MHA mechanisms have been developed for predicting indoor climate fail-
ures, leveraging their unique strengths to enhance the model’s predictive accuracy and reliability.

3. An evaluation and comparative analysis have been conducted with three other benchmark models using 4 different datasets,
demonstrating the superior performance of the proposed method under different scenarios and the adaptability to different
datasets. The F1 score of the proposed method consistently exceeds 0.8 for normal and low-severity events, whereas it approxi-
mates 0.7 for the high-severity cases.

4. A prototype DT system for as-built BIM reconstruction and indoor climate failure alarm has been established to showcase the DT
concept and enhance the visualization during the experiment.

5. A comprehensive real-world dataset on IAQ has been collected from different locations in Singapore, addressing the issue of data
scarcity and contributing to future research in this field.

Future efforts could further advance the PAM implementation in indoor climate control areas. Firstly, some pollutants such as SO,
and NO, are not considered due to the limitation of IoT devices, can be addressed by the utilization of enhanced air quality sensor
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systems in the future. Secondly, the integration of functionalities such as energy optimisation and smart ventilation control into the DT
platform can provide more holistic and preventative solutions. Thirdly, the prototype DT system currently does not support real-time
cloud data uploading, and its user interface could be further refined to enhance user-friendliness. Privacy protection, computing re-
sources, and economic benefits also need more exploration during the practical deployment. Lastly, future work will not only look to
bridge technical gaps but also examine this research’s societal implications.

Besides, future extensions aim to extend the proposed framework toward large-scale building complexes comprising multiple
interconnected subsystems, including HVAC, lighting, and occupant-control networks. Achieving such scalability requires multi-agent
DT coordination, cross-building data fusion, and distributed or federated learning strategies to enable edge-level PAM. Moreover, the
underlying algorithmic architecture could be enhanced through the incorporation of adaptive attention mechanisms and graph-based
spatial-temporal representations, which can capture intricate inter-zone dependencies across buildings. These advancements would
strengthen model generalisation, improve computational efficiency, and enable real-time, data-driven decision-making for district-
level building clusters.

Overall, this study advances the PdM field by transitioning from condition monitoring and anomaly detection to failure prediction
through the development of the advanced DL approach. Besides, the proposed DT framework lays a solid foundation for future research
into scalable, intelligent, and collaborative PdM systems capable of supporting complex, interconnected building environments. The
research findings and insights lay the groundwork for DT-enabled PdM strategies, while the acknowledged limitations serve as a
roadmap for directing future research and development efforts.
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