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Abstract 
This study presented a quantitative systematic review of AI-enabled predictive maintenance models applied to 
fire alarm and smoke management systems, with the objective of evaluating their effectiveness in improving 
system reliability, operational efficiency, and fault detection accuracy. The analysis synthesized data from 62 
peer-reviewed studies covering diverse infrastructure environments, including hospitals, airports, commercial 
buildings, industrial facilities, and high-rise structures. The findings indicated that predictive maintenance 
models achieved a high overall mean accuracy of 91.6%, with deep learning and ensemble models outperforming 
traditional approaches by reaching accuracy levels of 94.2% and 93.5%, respectively. The results further 
demonstrated a significant reduction in false alarm rates by an average of 37.4%, alongside improvements in 
detection sensitivity, with recall values increasing to 90.8%. The study also revealed that dataset size and sensor 
integration significantly influenced model performance, as large datasets exceeding 200,000 observations 
achieved mean accuracy levels of 93.8%, compared to 87.2% in smaller datasets. Multi-sensor IoT-based 
systems demonstrated superior anomaly detection performance at 92.9%, highlighting the importance of 
integrated data environments. Detection latency improved by approximately 24.3%, indicating faster system 
responsiveness, while overall system reliability scores increased by 28.6% following predictive maintenance 
implementation. Statistical analysis confirmed that these improvements were significant, with large effect sizes 
observed in false alarm reduction and fault detection performance. Subgroup analysis showed variability across 
infrastructure types, with commercial buildings achieving the highest accuracy at 94.1%, while more complex 
environments such as industrial facilities reported lower performance at 88.9%. Hybrid models demonstrated 
consistent improvements across all environments, particularly in dynamic conditions. The findings also 
indicated strong positive correlations between dataset size, sensor integration, and predictive accuracy. Overall, 
the study provided comprehensive quantitative evidence that AI-enabled predictive maintenance significantly 
enhances the performance and reliability of fire safety systems, supporting its application as an effective and 
scalable solution for safety-critical infrastructure management. 
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INTRODUCTION 
Predictive maintenance refers to a data-driven maintenance strategy that utilizes real-time monitoring, 
statistical analysis, and machine learning algorithms to anticipate equipment failures before they occur. 
Unlike traditional reactive maintenance, which responds after a fault has occurred, or preventive 
maintenance, which follows fixed schedules, predictive maintenance optimizes intervention timing 
based on system condition and performance indicators. Artificial intelligence enhances this paradigm 
by enabling systems to learn from historical data, detect patterns, and continuously improve predictive 
accuracy (Dash et al., 2023). Within the context of fire alarm and smoke management systems, 
predictive maintenance involves monitoring components such as sensors, control panels, ventilation 
systems, and communication networks to ensure uninterrupted functionality.  
 

Figure 1: AI Predictive Fire Safety Framework 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
These systems are critical for early fire detection, occupant safety, and emergency response 
coordination. The integration of AI technologies such as neural networks, support vector machines, 
and deep learning frameworks allows for anomaly detection, fault diagnosis, and system optimization. 
Internationally, the growing complexity of building infrastructures, particularly in high-rise and smart 
cities, has amplified the need for intelligent maintenance solutions. Fire safety systems are no longer 
standalone units; they are embedded within interconnected building management systems, making 
reliability and responsiveness essential (Wong & Man, 2023). Predictive maintenance thus represents a 
shift toward proactive risk mitigation, leveraging digital transformation to enhance safety outcomes. 
The conceptual alignment between AI and predictive maintenance underscores the importance of data 
quality, sensor accuracy, and algorithmic transparency. As these systems evolve, they contribute to a 
broader ecosystem of intelligent infrastructure where safety, efficiency, and sustainability are 
interlinked through continuous monitoring and adaptive control mechanisms. 
Fire alarm and smoke management systems are integral components of modern building safety 
infrastructure, designed to detect fire incidents, alert occupants, and control smoke propagation. Fire 
alarm systems typically consist of detectors, manual call points, control panels, and notification devices 
that work together to identify and communicate fire hazards (Goh & Wang, 2022). Smoke management 
systems, on the other hand, include mechanical ventilation, pressurization systems, smoke exhaust 
fans, and dampers that regulate airflow to maintain tenable conditions during a fire event. These 
systems operate under stringent regulatory frameworks and must meet international safety standards 
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to ensure reliability. Their performance depends on the seamless interaction of hardware and software 
components, which are subject to environmental stress, wear and tear, and operational variability. 
Traditional maintenance approaches often rely on periodic inspections and manual testing, which may 
not capture emerging faults or degradation patterns. The introduction of AI-enabled predictive 
maintenance allows for continuous monitoring of system parameters such as temperature, airflow, 
signal integrity, and component responsiveness (Lock et al., 2023). By analyzing deviations from 
normal operating conditions, predictive models can identify potential failures in sensors, actuators, or 
communication links. This capability is particularly significant in large-scale buildings such as airports, 
hospitals, and commercial complexes, where system downtime can have severe consequences. The 
functional dynamics of these systems are further complicated by integration with other building 
services, including HVAC and energy management systems. Predictive maintenance thus enhances 
operational resilience by ensuring that fire safety systems remain fully functional and responsive under 
varying conditions, contributing to overall building safety and compliance (Mukhopadhyay et al., 
2021). 
Artificial intelligence plays a central role in enabling predictive maintenance by providing advanced 
analytical tools capable of processing large volumes of data and identifying complex patterns. Machine 
learning algorithms such as decision trees, random forests, and gradient boosting models are 
commonly used to classify system states and predict failure probabilities. Deep learning architectures, 
including convolutional neural networks and recurrent neural networks, are particularly effective in 
analyzing time-series data and sensor signals, which are prevalent in fire alarm and smoke 
management systems. These models can detect subtle anomalies that may indicate early signs of 
component degradation or malfunction (Onyinyechi, 2025; Koroniotis et al., 2020). The development of 
predictive maintenance frameworks involves data acquisition, preprocessing, feature extraction, model 
training, and validation. Sensor data collected from fire safety systems are often noisy and 
heterogeneous, requiring robust preprocessing techniques to ensure model accuracy. Feature 
engineering plays a critical role in capturing relevant indicators such as signal variance, frequency 
patterns, and temporal correlations. AI models are trained using historical data that include both 
normal operation and failure events, allowing them to learn distinguishing characteristics. Once 
deployed, these models continuously update their predictions based on new data inputs, enabling 
adaptive maintenance strategies (Onyinyechi & Ara, 2026; Rajathi et al., 2021). The application of AI in 
this domain also involves challenges related to model interpretability, computational efficiency, and 
integration with existing infrastructure. Nonetheless, the ability of AI to provide real-time insights and 
predictive capabilities makes it a powerful tool for enhancing the reliability and performance of fire 
safety systems. The evolution of these models reflects a broader trend toward intelligent automation 
and data-centric decision-making in infrastructure management. 
The effectiveness of AI-enabled predictive maintenance is heavily dependent on the quality and 
availability of data generated by sensor networks embedded within fire alarm and smoke management 
systems. These sensors measure a range of parameters including temperature, smoke density, airflow 
velocity, pressure differentials, and system status indicators (Onyinyechi, 2023; Rohmetra et al., 2023). 
The integration of Internet of Things (IoT) technologies facilitates the continuous collection and 
transmission of data to centralized platforms for analysis. This data ecosystem forms the backbone of 
predictive maintenance, enabling real-time monitoring and historical trend analysis. Data collected 
from multiple sources must be synchronized, validated, and stored in a structured format to support 
analytical processes. Edge computing is increasingly used to process data locally, reducing latency and 
enhancing responsiveness. Cloud-based platforms provide scalable storage and computational 
resources for training AI models and deploying predictive algorithms. The interoperability of sensors 
and communication protocols is critical for ensuring seamless data flow across different system 
components (Pirmagomedov et al., 2019). Data security and privacy are also important considerations, 
particularly in sensitive environments such as healthcare facilities and government buildings. 
Advanced data analytics techniques, including clustering, regression, and anomaly detection, are 
applied to extract meaningful insights from sensor data. These insights inform maintenance decisions, 
enabling targeted interventions and resource optimization. The integration of data ecosystems with AI 
models creates a feedback loop where system performance is continuously evaluated and improved. 
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This approach enhances situational awareness and supports proactive maintenance strategies, 
contributing to the overall effectiveness and reliability of fire safety systems in complex built 
environments (D’Souza et al., 2022). 
 

Figure 2: AI Predictive Fire Safety Framework 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Predictive maintenance offers significant advantages in terms of operational efficiency and risk 
mitigation, particularly in safety-critical systems such as fire alarms and smoke management. By 
anticipating failures before they occur, maintenance activities can be scheduled more effectively, 
reducing downtime and minimizing disruptions. This approach allows for optimal allocation of 
resources, as maintenance personnel can focus on components that exhibit signs of degradation rather 
than performing routine checks on all system elements. The ability to detect early-stage faults also 
reduces the likelihood of system failures during emergencies, thereby enhancing occupant safety 
(Maqbool et al., 2023). In large-scale facilities, where fire safety systems are distributed across multiple 
zones and floors, predictive maintenance enables centralized monitoring and coordinated response 
strategies. AI-driven analytics provide actionable insights that support decision-making, allowing 
facility managers to prioritize maintenance tasks based on risk levels and system criticality. The 
reduction in false alarms is another important benefit, as predictive models can differentiate between 
genuine fire events and sensor anomalies. This improves the reliability of alarm systems and prevents 
unnecessary evacuations. Furthermore, predictive maintenance contributes to compliance with safety 
regulations by ensuring that systems are consistently maintained at optimal performance levels. The 
integration of AI technologies into maintenance workflows also enhances documentation and 
reporting, providing a comprehensive record of system performance and maintenance history. This 
level of transparency supports audits and regulatory inspections (Taghikhah et al., 2022). Overall, 
predictive maintenance transforms fire safety management from a reactive process into a proactive 
strategy that emphasizes reliability, efficiency, and continuous improvement. 
The implementation of AI-enabled predictive maintenance in fire alarm and smoke management 
systems requires seamless integration with broader smart infrastructure frameworks. Modern 
buildings are increasingly equipped with interconnected systems that include energy management, 
security, HVAC, and occupancy monitoring (Akhtar et al., 2023). These systems share data and 
functionality through integrated platforms, enabling coordinated operations and enhanced efficiency. 
Predictive maintenance systems must be designed to interface with these platforms, ensuring 
compatibility and interoperability. Standard communication protocols and data formats are essential 
for facilitating integration across diverse system components. Middleware solutions are often used to 



American Journal of Interdisciplinary Studies, March 2026, 496-535 

500 
 

bridge gaps between legacy systems and modern AI platforms, enabling data exchange and functional 
alignment. The use of digital twins, which are virtual representations of physical systems, allows for 
simulation and analysis of system behavior under various conditions. This technology supports 
predictive maintenance by providing a dynamic environment for testing and optimization. The 
integration of AI models into building management systems enables automated responses to detected 
anomalies, such as adjusting ventilation settings or triggering maintenance alerts (Gadekallu et al., 
2021). This level of automation enhances system responsiveness and reduces reliance on manual 
intervention. Interoperability also extends to external systems such as emergency response networks, 
enabling real-time communication and coordination during fire incidents. The complexity of these 
integrations necessitates careful system design and rigorous testing to ensure reliability and 
performance. As smart infrastructure continues to evolve, the role of predictive maintenance becomes 
increasingly central to maintaining system integrity and operational continuity across interconnected 
environments (Samatas et al., 2021). 
The adoption of AI-enabled predictive maintenance for fire alarm and smoke management systems 
holds significant global relevance, particularly in the context of urbanization, industrialization, and the 
proliferation of smart cities. As building designs become more complex and densely populated, the 
demand for reliable and efficient fire safety systems has intensified. International standards and 
regulatory frameworks govern the design, installation, and maintenance of these systems, ensuring 
consistency and safety across different regions. Predictive maintenance aligns with these standards by 
providing continuous monitoring and performance validation, supporting compliance and enhancing 
system reliability. The global nature of infrastructure development necessitates scalable and adaptable 
maintenance solutions that can be implemented across diverse environments (Maraveas et al., 2021). 
AI technologies offer this scalability by enabling models to be trained on large datasets and deployed 
across multiple locations. The standardization of data formats, communication protocols, and 
maintenance procedures is critical for facilitating widespread adoption. Collaborative efforts among 
industry stakeholders, regulatory bodies, and technology providers contribute to the development of 
best practices and guidelines for AI-driven maintenance. The integration of predictive maintenance 
into fire safety systems also supports sustainability objectives by optimizing resource use and reducing 
waste associated with unnecessary maintenance activitie (Samatas et al., 2021)s. In regions with limited 
access to skilled maintenance personnel, AI systems can provide decision support and remote 
monitoring capabilities, enhancing system reliability. The global significance of predictive maintenance 
in fire safety reflects a broader shift toward intelligent infrastructure management, where data-driven 
approaches are used to enhance safety, efficiency, and resilience in built environments. 
The primary objective of this quantitative study is to systematically examine and synthesize the 
effectiveness of artificial intelligence–enabled predictive maintenance models applied to fire alarm and 
smoke management systems, with a focus on evaluating their performance, reliability, and operational 
efficiency across diverse infrastructural contexts. The study aims to identify and analyze various AI-
driven approaches, including machine learning and deep learning models, that are utilized for fault 
detection, anomaly prediction, and maintenance optimization within fire safety systems. A key 
objective is to quantitatively assess how these models contribute to reducing system downtime, 
improving detection accuracy, and enhancing overall system responsiveness under real-world 
conditions. Additionally, the study seeks to compare different predictive algorithms based on 
measurable performance indicators such as precision, recall, prediction accuracy, and computational 
efficiency. Another important objective is to investigate the role of data quality, sensor integration, and 
system architecture in influencing the effectiveness of predictive maintenance frameworks. The study 
also aims to evaluate how these AI-enabled systems support compliance with international fire safety 
standards and contribute to risk reduction in complex building environments. Furthermore, it intends 
to explore the scalability and adaptability of predictive maintenance models across various types of 
infrastructures, including commercial, industrial, and public facilities. By aggregating quantitative 
findings from multiple empirical studies, this research seeks to establish a comprehensive 
understanding of the strengths and limitations of current AI-based maintenance strategies. The 
objective extends to identifying patterns and correlations between model performance and system 
characteristics, thereby providing a data-driven foundation for evaluating existing methodologies. 
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Through this systematic review, the study aspires to present a structured and measurable analysis of 
how predictive maintenance technologies are transforming fire safety system management, 
emphasizing evidence-based evaluation without introducing speculative interpretations or forward-
looking assumptions. 
LITERATURE REVIEW 
The literature review section provides a structured and comprehensive synthesis of existing 
quantitative studies related to artificial intelligence–enabled predictive maintenance in fire alarm and 
smoke management systems. This section focuses on critically organizing prior empirical findings to 
establish a clear analytical foundation for evaluating model performance, system reliability, and 
maintenance optimization strategies. Predictive maintenance has gained substantial attention in safety-
critical infrastructure due to its capacity to reduce failure rates and enhance operational continuity 
through data-driven insights (Khaled, 2021; Zhang et al., 2021). Within fire safety systems, where timely 
detection and response are essential, the integration of artificial intelligence introduces advanced 
analytical capabilities that extend beyond conventional rule-based monitoring approaches. The 
literature reviewed in this section emphasizes quantitative methodologies, including statistical 
modeling, machine learning evaluation metrics, and performance benchmarking across diverse 
datasets and infrastructural settings. The purpose of this review is to identify key patterns, 
methodological approaches, and measurable outcomes reported in prior studies, with particular 
attention to variables such as prediction accuracy, false alarm rates, system downtime reduction, and 
computational efficiency. By synthesizing these findings, the section aims to highlight how different AI 
models perform under varying operational conditions and data environments (Manam & Ashfaq, 2022; 
Rosati et al., 2023). The review also considers the role of sensor data quality, feature engineering 
techniques, and system integration in influencing predictive outcomes. Furthermore, it organizes the 
literature into thematic categories that reflect core components of predictive maintenance frameworks, 
including data acquisition, model development, validation processes, and real-time deployment. This 
structured approach enables a systematic comparison of studies and supports the identification of 
consistent quantitative trends across the body of research (Cakir et al., 2021; Binte & Sazzadul, 2022).. 
The section serves as a critical bridge between theoretical concepts and empirical evidence, providing 
a detailed analytical context for understanding how AI-driven predictive maintenance contributes to 
the performance and reliability of fire alarm and smoke management systems. 
Predictive Maintenance Models in Fire Safety Systems 
The quantitative evaluation of predictive maintenance models in fire safety systems has increasingly 
focused on comparing the accuracy of various machine learning techniques, including support vector 
machines, random forests, and neural network architectures. Empirical studies consistently 
demonstrate that model accuracy varies significantly depending on the complexity of the dataset and 
the nature of system faults being predicted (Albert & Rashedul, 2023; Uppal et al., 2023). Neural 
networks, particularly deep learning variants, often exhibit superior accuracy in capturing nonlinear 
relationships within large-scale sensor datasets, while support vector machines provide stable 
performance in smaller, well-structured datasets. Random forest models are frequently highlighted for 
their robustness and ability to handle high-dimensional data without extensive preprocessing. 
Comparative analyses across multiple studies reveal that ensemble-based methods tend to outperform 
single-model approaches due to their capacity to reduce variance and improve generalization. 
Additionally, the selection of input features and the quality of sensor data play a critical role in 
influencing predictive accuracy. Studies examining fire alarm and smoke management systems 
indicate that hybrid models combining statistical and machine learning techniques often achieve higher 
accuracy levels than standalone models (Essa et al., 2023; Istiaq & Binte, 2023). These findings suggest 
that no single model universally outperforms others; instead, performance is context-dependent, 
influenced by system configuration, environmental conditions, and data characteristics. The synthesis 
of these comparative evaluations provides a quantitative basis for selecting appropriate predictive 
models tailored to specific fire safety applications. 
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Figure 3: Predictive Maintenance Model Evaluation Framework 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Quantitative literature on predictive maintenance emphasizes the importance of evaluating prediction 
error rates to determine model effectiveness in identifying system faults. Error metrics are widely used 
to assess the deviation between predicted outcomes and actual system behavior, offering a 
standardized approach for comparing model performance across studies. Research indicates that lower 
error rates are typically associated with models trained on high-quality, well-balanced datasets, where 
noise and missing values have been effectively addressed. Studies focusing on fire alarm systems 
highlight that prediction errors can arise from sensor inaccuracies, environmental variability, and 
limitations in model training (Ashfaq & Manam, 2023; Pech et al., 2021). In smoke management 
systems, error rates are particularly sensitive to fluctuations in airflow and pressure conditions, which 
can introduce variability in model predictions. Comparative analyses across multiple empirical studies 
reveal that ensemble and deep learning models generally achieve lower prediction errors compared to 
traditional statistical methods. However, these models often require larger datasets and higher 
computational resources. The literature also identifies the importance of continuous model updating 
to maintain low error rates over time, as system conditions evolve. Furthermore, the evaluation of 
prediction errors is closely linked to the reliability of maintenance decisions, as higher error rates may 
lead to missed fault detections or unnecessary maintenance interventions (Robel & Aminul, 2023; 
Sharma et al., 2020). The synthesis of these findings underscores the critical role of error measurement 
in validating predictive maintenance models and ensuring their practical applicability in fire safety 
systems. 
The reliability of predictive maintenance models in fire safety systems is heavily dependent on the 
application of rigorous statistical validation techniques. Cross-validation methods are widely 
employed to assess model performance by partitioning datasets into training and testing subsets, 
ensuring that models are evaluated on unseen data. This approach enhances the generalizability of 
predictive models and reduces the risk of overfitting. Confusion matrix analysis is another commonly 
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used technique, providing detailed insights into model classification performance by distinguishing 
between correctly and incorrectly predicted outcomes (Abid, 2021; Sazzadul, 2023). Studies in fire 
alarm systems demonstrate that validation techniques are essential for identifying model biases and 
improving classification accuracy. In the context of smoke management systems, statistical validation 
helps in evaluating the consistency of predictions under varying environmental conditions. Literature 
synthesis reveals that combining multiple validation techniques leads to more reliable performance 
assessments, as each method provides unique insights into model behavior. Additionally, statistical 
significance testing is frequently used to determine whether observed differences in model 
performance are meaningful or due to random variation. This is particularly important when 
comparing multiple predictive models across different datasets. The application of these validation 
techniques ensures that predictive maintenance models meet the required standards of reliability and 
accuracy for safety-critical applications (Albert & Rashedul, 2024; Daniyan et al., 2020). Overall, the 
literature highlights that robust validation frameworks are essential for establishing confidence in AI-
driven maintenance systems. 
The effectiveness of predictive maintenance models in fire safety systems is closely linked to dataset 
characteristics, sampling techniques, and benchmarking practices. Studies consistently emphasize that 
dataset size and diversity significantly influence model performance, with larger datasets generally 
enabling more accurate and reliable predictions. Sampling techniques such as random sampling and 
stratified sampling are commonly used to ensure that datasets are representative of real-world 
conditions, particularly in systems where fault occurrences are relatively rare. In fire alarm and smoke 
management systems, imbalanced datasets pose a significant challenge, as the number of normal 
operating instances often exceeds fault instances (Hisham & Nahar, 2024; Kaparthi & Bumblauskas, 
2020). Research highlights the use of resampling techniques to address this imbalance and improve 
model training. Performance benchmarking across multiple studies provides a standardized 
framework for comparing predictive models, allowing researchers to evaluate their relative strengths 
and weaknesses. Benchmarking practices often involve the use of common datasets and evaluation 
metrics, facilitating cross-study comparisons. The literature also underscores the importance of 
reproducibility in benchmarking, as consistent methodologies enable more reliable conclusions. 
Furthermore, studies indicate that benchmarking results can vary depending on system configuration, 
environmental conditions, and data preprocessing methods. This variability highlights the need for 
context-specific evaluations when selecting predictive maintenance models (Istiaq, 2024; Kaparthi & 
Bumblauskas, 2020). The synthesis of these findings demonstrates that careful consideration of dataset 
characteristics and benchmarking practices is essential for developing effective and reliable predictive 
maintenance solutions in fire safety systems. 
Sensor Data Quality and Feature Engineering 
Sensor data quality is a central concern in the quantitative evaluation of AI-enabled predictive 
maintenance for fire alarm and smoke management systems because predictive models depend heavily 
on the reliability of input signals. The literature shows that sensors used in fire safety infrastructure, 
including smoke detectors, temperature sensors, airflow sensors, pressure sensors, gas sensors, and 
control-panel monitoring devices, often operate under changing environmental conditions that 
influence data accuracy. Variations in humidity, dust accumulation, airflow disturbance, temperature 
fluctuation, and electromagnetic interference can introduce noise into sensor readings and reduce the 
reliability of predictive outputs (Istiaq & Hasan Or, 2024; Rojek et al., 2023). Studies on predictive 
maintenance systems emphasize that inaccurate or noisy sensor data can lead to incorrect fault 
classification, higher false alarm rates, and reduced model confidence. In fire alarm systems, noisy 
smoke or heat detector signals may be misinterpreted as early fault indicators, while in smoke 
management systems, unstable airflow and pressure readings can distort the assessment of fan, 
damper, and ventilation performance. Quantitative research therefore places strong emphasis on 
measuring sensor accuracy, signal stability, and deviation patterns before model training. Researchers 
commonly compare raw sensor readings with validated operational benchmarks to determine whether 
the data are suitable for predictive modeling. The broader literature also indicates that sensor 
calibration, signal filtering, and reliability testing are essential steps in improving data quality (Mahfuj 
Ahmed, 2024; Plathottam et al., 2023). Across multiple empirical studies, predictive models trained on 
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cleaner and more stable sensor datasets consistently produce stronger classification performance, lower 
prediction error, and more dependable maintenance recommendations. 
 
 

Figure 4: Sensor Data Quality Analysis Framework 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Missing data represent a major methodological issue in predictive maintenance research because fire 
safety systems generate continuous monitoring data that may be interrupted by communication errors, 
sensor malfunction, power instability, manual inspection gaps, or incomplete system logs. Literature 
on AI-based maintenance modeling shows that missing values can distort statistical patterns, weaken 
model training, and reduce the accuracy of fault prediction. In fire alarm systems, missing readings 
from smoke detectors, heat sensors, or control panels may prevent models from identifying early 
degradation patterns (Siddique, 2024; Sayad et al., 2019). In smoke management systems, absent 
pressure, airflow, or damper-position data can limit the ability of algorithms to evaluate system 
performance under different operating conditions. Quantitative studies commonly examine the extent 
of missing data before selecting appropriate imputation strategies. Simple imputation methods may be 
useful when missing values are limited, while more advanced data-driven techniques are often applied 
when missingness is frequent or unevenly distributed. The literature suggests that imputation quality 
directly affects predictive model performance because poorly estimated values may introduce artificial 
trends or conceal actual fault patterns. Studies comparing imputed datasets with incomplete datasets 
generally report improved model stability and stronger predictive accuracy after missing values are 
systematically addressed (Ibne & Aditya, 2024; Siraskar et al., 2023). Researchers also emphasize that 
the choice of imputation method should reflect the structure of the dataset, the type of sensor involved, 
and the temporal nature of the missing records. Overall, the literature positions missing-data treatment 
as a necessary preprocessing stage for developing reliable predictive maintenance models in safety-
critical fire protection environments. 
Feature selection is widely discussed in quantitative predictive maintenance literature because AI 
models perform more effectively when trained on variables that are strongly related to system 
condition, fault development, and maintenance outcomes. Fire alarm and smoke management systems 
generate large numbers of variables, including detector status, alarm history, temperature variation, 
smoke concentration, airflow rate, pressure differential, fan speed, damper position, battery condition, 
communication status, and environmental readings (Badawy et al., 2023; Rajib, 2024). Not all variables 
contribute equally to prediction accuracy, and irrelevant or redundant features can increase 
computational burden while reducing model interpretability. Studies using principal component 
analysis, correlation-based selection, wrapper methods, and embedded machine learning techniques 
show that feature selection improves model efficiency by identifying the most informative data 
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attributes. In fire alarm systems, selected features often relate to signal irregularity, detector sensitivity, 
response delay, and repeated fault patterns. In smoke management systems, important features 
frequently include airflow instability, abnormal pressure behavior, ventilation response time, and 
actuator performance. The literature indicates that models trained with carefully selected features 
generally achieve better classification results than models trained with excessive unfiltered variables 
(Golam, 2025; Kamyab et al., 2023). Feature selection also supports clearer interpretation of predictive 
outputs, which is important in safety-critical systems where maintenance decisions must be explainable 
and operationally meaningful. Across empirical studies, reduced and well-structured feature sets are 
associated with improved training efficiency, lower overfitting risk, and stronger generalization across 
different operating conditions. Therefore, feature selection is treated as both a statistical and practical 
requirement in AI-enabled maintenance modeling (Albert, 2025; Panchalingam & Chan, 2021).  
Machine Learning Model Performance Metrics in Fire Alarm Systems 
Machine learning model performance in fire alarm systems is commonly evaluated through 
classification metrics that measure how accurately models distinguish between normal operation, 
sensor faults, nuisance alarms, and genuine fire-related events. The literature shows that precision is 
especially important in fire alarm prediction because it reflects the extent to which predicted fault or 
alarm conditions are actually correct (Anick, 2025a; Balthazar et al., 2018). High precision reduces 
unnecessary maintenance responses and limits the operational burden created by false alerts. Recall is 
equally significant because it measures the model’s ability to identify actual abnormal or hazardous 
conditions. In safety-critical systems, low recall may allow early warning signals to remain undetected, 
weakening the reliability of the alarm infrastructure. F1-score is widely used because it balances 
precision and recall, making it useful when datasets contain unequal numbers of normal and fault 
cases. ROC-AUC comparisons are also frequently applied to evaluate how well models separate 
positive and negative classes across different decision thresholds. Studies examining support vector 
machines, random forests, gradient boosting, neural networks, and hybrid models generally report that 
ensemble and deep learning approaches perform strongly when trained on large and well-
preprocessed sensor datasets (Anick, 2025b; Balasubramanian et al., 2023). However, simpler models 
may perform competitively when datasets are smaller, cleaner, or less complex. Across the literature, 
classification metrics are not treated as isolated indicators; they are interpreted together to determine 
whether a model is suitable for operational deployment. This combined assessment is particularly 
important in fire alarm systems because a model must not only classify events accurately but also 
support dependable safety decisions under changing environmental and system conditions (Atif, 2025; 
Singh et al., 2020). 
False alarm reduction is one of the most important performance concerns in machine learning 
applications for fire alarm systems. Fire alarm networks often experience nuisance alarms caused by 
dust, humidity, steam, cooking aerosols, sensor aging, poor calibration, electrical interference, or 
environmental instability. The literature indicates that repeated false alarms reduce user trust, increase 
unnecessary evacuations, consume emergency-response resources, and create maintenance 
inefficiencies. Machine learning models are therefore evaluated not only by their ability to detect faults 
but also by their capacity to distinguish actual fire-related conditions from misleading sensor patterns 
(Khalid, 2025; Thakur et al., 2023). Quantitative studies commonly compare false alarm reduction 
percentages before and after machine learning implementation to determine whether predictive 
models improve system reliability. Random forest and gradient boosting models are frequently 
reported as effective because they can handle nonlinear interactions among environmental variables 
and sensor signals. Deep learning models also show strong performance when large volumes of time-
series alarm data are available. In fire alarm systems, detection reliability depends on the model’s 
ability to recognize subtle differences between nuisance signals and genuine emergency indicators. 
Literature also emphasizes that false alarm reduction should not come at the expense of missed 
detections. A model that simply suppresses alarms may appear efficient while reducing safety 
performance (Hasan, 2025; Metsker et al., 2019). Therefore, researchers commonly evaluate false alarm 
reduction alongside recall, sensitivity, and event-detection accuracy. Synthesized findings show that 
the most effective models are those that reduce unnecessary alerts while preserving strong detection 
capacity for real fire or system-fault conditions. 
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Figure 5: Fire Alarm Model Evaluation Framework 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Detection latency and response time are critical performance metrics in fire alarm systems because 
delayed classification can affect emergency response and occupant safety. Literature on machine 
learning-based fire alarm monitoring emphasizes that predictive models must process incoming sensor 
data rapidly enough to support timely warning and maintenance decisions (De Simone et al., 2022; 
Siddique & Prakash, 2025). Detection latency refers to the time required for a model to recognize an 
abnormal condition after relevant data patterns appear. Response time includes the broader system 
process, such as data transmission, preprocessing, model inference, alert generation, and 
communication with building management systems. Studies show that lightweight models such as 
decision trees, logistic classifiers, and some support vector machine configurations can offer fast 
response times, making them suitable for systems with limited computing capacity. More complex 
models, including deep neural networks and recurrent architectures, may provide higher classification 
accuracy but often require greater computational resources (Fan et al., 2023; Aminul, 2025). The 
literature therefore treats computational efficiency as a key factor in model evaluation, especially for 
real-time fire alarm environments. Model training time is also examined, particularly when systems 
rely on large historical datasets or require periodic retraining. High training costs may be acceptable in 
offline environments, but inference speed remains essential during live monitoring. Edge-based 
deployment studies further show that computational cost must be aligned with hardware limitations, 
memory capacity, and communication bandwidth. Overall, the literature suggests that effective fire 
alarm models must balance accuracy with practical processing demands, ensuring that predictive 
performance does not compromise the speed and reliability required in safety-critical systems (Jarota, 
2023; Aminul & Zakia, 2025). 
Overfitting and generalization error are major concerns in machine learning research on fire alarm 
systems because models trained on limited or highly specific datasets may perform well during testing 
while failing under different operational conditions. Fire alarm datasets often contain imbalanced event 
distributions, where normal operating records greatly outnumber actual fire events or confirmed 
system faults. This imbalance can cause models to learn dominant normal patterns while 
underperforming on rare but critical abnormal cases (Fassi et al., 2023; Sheak, 2025). The literature 
shows that overfitting frequently occurs when models become too closely adapted to the training 
dataset, capturing noise or site-specific characteristics instead of generalizable fire safety patterns. 
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Generalization error is therefore evaluated to determine whether models can maintain stable 
performance across different buildings, sensor types, environmental conditions, and maintenance 
histories. Researchers commonly use validation methods, independent testing datasets, and 
comparative benchmarking to assess model robustness. Ensemble methods often demonstrate strong 
resistance to overfitting because they combine multiple decision structures, while deep learning models 
may require larger datasets, regularization, and careful tuning to avoid unstable performance (Gutschi 
et al., 2019; Ashfaq & Ashraful, 2025). Studies also emphasize that model robustness depends on 
preprocessing quality, feature selection, sampling balance, and the representativeness of fault records. 
In fire alarm applications, poor generalization can lead to missed faults, excessive false alarms, or 
unreliable maintenance recommendations. Synthesized literature therefore presents overfitting control 
as a necessary part of quantitative model evaluation. Reliable predictive maintenance models must 
demonstrate consistent performance beyond the dataset used for training, particularly because fire 
alarm systems operate in diverse and changing real-world environments (Kallianiotis et al., 2022; 
Mainuddin, 2025). 
Smoke Management System Optimization 
Quantitative assessment of smoke management system optimization commonly begins with airflow 
modeling and pressure differential prediction because these variables determine how effectively smoke 
is controlled during fire events. The literature shows that smoke movement is influenced by building 
geometry, compartment size, stairwell pressurization, shaft leakage, mechanical ventilation capacity, 
temperature gradients, and door-opening conditions (Baalisampang et al., 2021; Murad, 2025). 
Predictive models are used to estimate airflow direction, smoke spread potential, pressure imbalance, 
and exhaust performance across different zones of a building. In smoke control systems, pressure 
differential prediction is especially important because insufficient pressure may allow smoke migration 
into protected escape routes, while excessive pressure may interfere with door operation and occupant 
movement. Quantitative studies often evaluate prediction accuracy by comparing model outputs with 
experimental measurements, sensor-based readings, or computational simulation results. Machine 
learning models, statistical regression methods, and physics-informed approaches have been applied 
to identify patterns in airflow and pressure behavior. Synthesized findings indicate that models 
perform more accurately when they integrate multiple inputs, including fan speed, damper position, 
temperature variation, leakage characteristics, and HVAC operating status (Shamsul, 2025; Zhu et al., 
2022). Studies also show that prediction accuracy improves when data are collected under diverse 
operating scenarios rather than stable laboratory conditions alone. In this literature, airflow and 
pressure prediction are not treated as isolated technical measures; they are connected to broader system 
reliability, evacuation safety, and mechanical control performance. Therefore, accurate modeling of 
airflow and pressure differential is a foundational requirement for evaluating smoke management 
system optimization in quantitative fire safety research (He et al., 2018; Shamsul & Morshedul, 2025). 
Simulation-based validation is widely used in smoke management research because full-scale fire 
testing is costly, complex, and often impractical in occupied or high-risk buildings. The literature 
indicates that computational fire models, zone models, airflow network models, and computational 
fluid dynamics simulations are frequently used to evaluate smoke spread, exhaust performance, 
pressurization effectiveness, and tenability conditions. These simulations allow researchers to test 
different fire sizes, ventilation settings, compartment configurations, and emergency-control strategies 
under controlled analytical conditions (Casas et al., 2023; Binte, 2025).  
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Figure 6: Smoke Management System Optimization Framework 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Quantitative validation usually involves comparing simulated results with experimental data, field 
measurements, or established engineering benchmarks. In smoke control systems, simulation-based 
validation is particularly useful for examining whether exhaust fans, dampers, vents, and 
pressurization systems can maintain smoke movement within acceptable limits. Studies show that 
validated simulations can support detailed analysis of smoke layer height, temperature distribution, 
visibility reduction, pressure variation, and airflow behavior. The literature also highlights that 
simulation accuracy depends strongly on input quality, boundary conditions, mesh resolution, fire-
source assumptions, and the representation of mechanical ventilation systems. Predictive maintenance 
models benefit from simulation outputs because simulated fault scenarios can expand available 
datasets where real failure records are limited (Golam, 2026; Battalio et al., 2021). Researchers also use 
simulation-based evidence to evaluate how system degradation, fan inefficiency, damper delay, or 
sensor error affects smoke control performance. Overall, the literature presents simulation-based 
validation as a critical quantitative method for assessing smoke management optimization, especially 
where empirical testing alone cannot capture the full range of emergency operating conditions. 
Failure Prediction in Fire Safety Infrastructure 
Reliability modeling in fire safety infrastructure focuses on measuring how consistently fire alarm and 
smoke management systems remain functional during normal monitoring, inspection cycles, and 
emergency operating conditions. Literature on predictive maintenance commonly uses failure-
frequency and repair-duration indicators to evaluate whether system components are stable, degraded, 
or operationally vulnerable. In fire alarm systems, reliability assessment often examines detectors, 
control panels, notification devices, communication modules, batteries, wiring networks, and 
supervisory circuits (Anick, 2026; Ansari et al., 2018). In smoke management systems, reliability 
evaluation commonly includes exhaust fans, stair pressurization equipment, dampers, actuators, 
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sensors, and HVAC-linked control components. Studies show that longer operating intervals between 
failures generally reflect stronger system reliability, while shorter repair durations indicate improved 
maintenance responsiveness and operational recovery. Quantitative literature also emphasizes that 
repair time is not only a technical measure but also an organizational performance indicator because 
delayed repair may result from parts availability, inspection quality, technician response, or poor fault 
documentation. Across empirical studies, predictive maintenance models improve reliability 
assessment by identifying recurring degradation patterns before equipment reaches critical failure. 
These models use historical failure records, inspection logs, sensor readings, and maintenance 
outcomes to estimate which components are most likely to fail (Fraqueza et al., 2020; Abdur & Aditya, 
2026). The literature therefore presents reliability indicators as essential quantitative measures for 
determining whether fire safety infrastructure can maintain readiness across diverse building 
conditions. 
Survival analysis and reliability curves are widely used in quantitative fire safety research to examine 
how system components perform over time and how failure probability changes with age, exposure, 
and operating conditions. In predictive maintenance studies, these techniques help researchers 
estimate the service life of critical components and identify periods when equipment becomes more 
vulnerable to malfunction. Fire alarm detectors may experience declining reliability because of dust 
accumulation, sensor drift, corrosion, environmental exposure, or repeated nuisance activation (Sheak, 
2026; Uslu, 2020). Smoke management components may show reduced reliability due to motor wear, 
damper stiffness, fan imbalance, filter restriction, and actuator degradation. Literature shows that 
reliability curves are useful because they allow researchers to visualize changes in failure behavior 
across the system life cycle. These curves support comparison between different equipment categories, 
installation environments, and maintenance strategies. Studies also indicate that survival-based 
approaches are especially valuable when failure events are unevenly distributed, as fire safety systems 
often operate for long periods without major faults. By combining survival modeling with sensor-based 
monitoring, researchers can identify whether observed performance decline is consistent with normal 
aging or indicates abnormal degradation (Fayaz et al., 2022; Shahab, 2026). The reviewed literature 
presents survival analysis as a structured quantitative method for linking system age, component 
condition, and failure likelihood in fire safety infrastructure. 
Probabilistic risk assessment models are important in fire safety infrastructure because they estimate 
the likelihood and severity of system failures under uncertain operating conditions. Literature on 
predictive maintenance applies probabilistic methods to evaluate how component faults, sensor errors, 
communication failures, and mechanical degradation may affect overall system performance. In fire 
alarm systems, risk assessment commonly focuses on missed detections, false alarms, delayed 
notification, detector malfunction, and control-panel faults. In smoke management systems, risk 
assessment often examines fan failure, damper misalignment, pressure loss, delayed activation, and 
poor integration with HVAC controls (Khan et al., 2023; Akter & Ashfaq, 2026). Quantitative studies 
show that probabilistic models are useful because they can combine multiple sources of uncertainty, 
including environmental variation, equipment age, inspection history, and fault frequency. Fault 
classification accuracy is another major concern because predictive maintenance systems must correctly 
identify fault types before maintenance decisions can be made.  
 



American Journal of Interdisciplinary Studies, March 2026, 496-535 

510 
 

Figure 7: Fire Safety Reliability Modeling Framework 

 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Machine learning models are frequently evaluated based on their ability to distinguish sensor 
degradation, communication interruption, power supply faults, mechanical failure, and abnormal 
operating conditions. Literature synthesis indicates that high fault classification accuracy improves 
maintenance prioritization, reduces unnecessary inspection, and supports faster technical response 
(Sekhar et al., 2018). Failure mode identification rates are especially important in complex fire safety 
systems where different faults may produce similar warning signals. 
The statistical relationship between system age and failure probability is a recurring theme in reliability 
studies of fire safety infrastructure. Research consistently indicates that aging components become 
more susceptible to performance decline because of material fatigue, environmental exposure, 
outdated control logic, reduced sensor sensitivity, and accumulated operational stress. In fire alarm 
systems, older detectors, batteries, wiring circuits, and control modules are often associated with higher 
malfunction rates and increased maintenance demand (Wei et al., 2023). In smoke management 
systems, age-related degradation may appear in fan motors, bearings, dampers, actuators, pressure 
sensors, and control interfaces. Quantitative literature shows that system age alone does not fully 
explain failure probability because maintenance quality, installation conditions, testing frequency, 
environmental exposure, and operational load also influence reliability outcomes. Predictive 
maintenance models strengthen this analysis by combining age-related variables with real-time 
performance indicators and historical maintenance records. Studies comparing traditional inspection-
based approaches with data-driven reliability modeling generally show that predictive methods 
provide a more detailed understanding of failure risk (Sosunova & Porras, 2022). The literature also 
emphasizes that failure probability should be interpreted at both component and system levels because 
a single degraded component can reduce the effectiveness of the entire fire safety infrastructure. 
Overall, reviewed studies position age-failure correlation as a key quantitative foundation for reliability 
modeling, fault prediction, and evidence-based maintenance planning. 
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Data-Driven Maintenance Scheduling and Cost Optimization 
Data-driven maintenance scheduling is widely examined in predictive maintenance literature because 
it directly affects the cost efficiency of fire alarm and smoke management system operations. 
Traditional preventive maintenance often follows fixed inspection intervals, which may lead to 
unnecessary servicing of healthy components or delayed attention to degrading equipment (Kumar & 
Channi, 2022).  
 
 

Figure 8: Data Driven Maintenance Optimization Framework 
 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Predictive maintenance, by contrast, uses operational data, inspection records, sensor outputs, and fault 
histories to schedule maintenance only when system indicators show measurable risk. Literature on 
fire safety infrastructure shows that this approach can reduce labor costs, spare-part waste, emergency 
repair expenses, and system downtime. In fire alarm systems, cost reduction is commonly linked to 
fewer unnecessary detector replacements, reduced nuisance-alarm investigations, and more accurate 
identification of failing control-panel components. In smoke management systems, savings are often 
associated with timely servicing of fans, dampers, actuators, and pressure-control devices before major 
mechanical failure occurs. Quantitative studies compare maintenance cost reduction percentages by 
measuring planned service costs against unplanned repair costs, emergency callout expenses, and 
downtime-related losses (Mataloto et al., 2019). The reviewed literature indicates that predictive 
scheduling is most cost-effective when maintenance decisions are based on reliable data streams and 
clearly defined failure thresholds. Overall, studies present data-driven maintenance scheduling as a 
measurable strategy for improving financial efficiency while preserving the operational readiness of 
safety-critical systems. 
Optimization models play an important role in data-driven maintenance scheduling because fire safety 
systems contain many interconnected components that must be maintained within limited budgets, 
labor capacity, and inspection windows. Literature on predictive maintenance frequently discusses 
linear programming, mixed-integer optimization, heuristic algorithms, and metaheuristic approaches 
as methods for improving maintenance planning (Cai et al., 2023). These models help determine which 
components should be serviced first, when maintenance should occur, and how resources should be 
distributed across multiple building zones or facilities. In fire alarm systems, optimization models may 
prioritize detectors, control panels, batteries, and notification circuits based on fault probability and 
operational criticality. In smoke management systems, they may prioritize fans, dampers, stair 
pressurization units, and HVAC-linked control elements based on failure risk and emergency function 
importance. Quantitative studies show that optimization-based scheduling can reduce unnecessary 
inspections and improve maintenance task sequencing. Heuristic algorithms are commonly used when 
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systems are large and complex because they can produce practical solutions with lower computational 
burden than exact optimization methods (Pisacane et al., 2021). The literature also emphasizes that 
maintenance optimization is not only a cost issue but also a reliability issue, since poorly scheduled 
maintenance can leave critical components vulnerable during emergency demand. Synthesized 
findings suggest that optimization models improve scheduling quality by aligning cost control, system 
risk, and resource availability within a measurable decision-making framework. 
Resource allocation efficiency is a major concern in predictive maintenance research because fire safety 
maintenance teams must manage technician time, spare parts, testing equipment, inspection routes, 
and system downtime constraints (Gerum et al., 2019). Literature on data-driven maintenance 
scheduling shows that efficient allocation depends on the ability to rank maintenance tasks according 
to risk level, urgency, component condition, and expected service duration. Predictive models support 
this process by identifying components with higher failure probability and separating them from 
components that remain within acceptable operating conditions. In fire alarm systems, efficient 
resource allocation may reduce repeated site visits, improve technician productivity, and decrease 
unnecessary troubleshooting. In smoke management systems, it may improve coordination of 
mechanical inspections involving fans, dampers, ducts, pressure sensors, and control interfaces 
(Basciftci et al., 2020). Scheduling algorithms are commonly evaluated by their computational 
performance, including how quickly they generate maintenance plans and how well they adapt to large 
datasets or multi-facility environments. Studies indicate that faster scheduling methods are especially 
useful for complex buildings where many fire safety components require coordinated maintenance. 
However, computational speed must be balanced with decision quality, because an overly simple 
schedule may overlook critical failure risks (Gerum et al., 2019).. The literature therefore treats resource 
allocation efficiency as a combined measure of cost control, technical prioritization, and scheduling 
accuracy. Across studies, data-driven scheduling improves maintenance performance by directing 
limited resources toward components with the greatest operational importance. 
IoT and Real-Time Data Analytics in Predictive Maintenance 
The integration of IoT and real-time data analytics in predictive maintenance has become central to 
improving the monitoring capacity of fire alarm and smoke management systems. In the literature, IoT-
enabled fire safety infrastructure is commonly described as a distributed network of detectors, sensors, 
gateways, controllers, and building management platforms that continuously exchange operational 
data. Data transmission latency is a major quantitative concern because delayed communication 
between sensors and analytical platforms can reduce the usefulness of predictive maintenance alerts 
(Ma et al., 2020). Fire alarm systems require timely transfer of smoke, heat, fault, battery, and 
communication-status data, while smoke management systems require rapid transmission of airflow, 
pressure, fan-speed, damper-position, and HVAC-status information. Studies show that high latency 
may weaken real-time anomaly detection by delaying the recognition of abnormal system behavior. 
Bandwidth utilization is also important because large sensor networks generate continuous streams of 
time-series data, especially in high-rise buildings, hospitals, airports, industrial facilities, and smart 
campuses. Literature indicates that bandwidth efficiency depends on data compression, sampling 
frequency, communication protocol, gateway capacity, and network architecture. IoT systems that 
transmit only relevant condition-monitoring data generally reduce network load while maintaining 
useful predictive information (Ma et al., 2020). Across studies, efficient latency and bandwidth 
management are associated with more stable predictive maintenance performance, stronger system 
responsiveness, and improved reliability in safety-critical monitoring environments. 
The literature on IoT-based predictive maintenance frequently compares edge and cloud processing 
because both approaches influence computational performance, response time, and system reliability. 
Edge processing refers to analyzing data near the source, such as within sensors, local controllers, 
gateways, or on-site servers. This approach is often valued in fire alarm and smoke management 
systems because it reduces dependence on external network connectivity and allows faster response to 
abnormal conditions. Cloud processing, by contrast, provides greater storage capacity, centralized 
analytics, and stronger computational resources for large-scale model training and historical data 
analysis (Geng & Wang, 2022).  
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Figure 9: IoT Predictive Maintenance Analytics Framework 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Studies show that edge systems are often more suitable for immediate anomaly detection, while cloud 
platforms are more effective for long-term trend analysis, model refinement, and multi-building 
performance benchmarking. In fire alarm systems, edge analytics can support rapid identification of 
sensor faults, nuisance-alarm patterns, and communication failures. In smoke management systems, 
edge devices can process airflow, pressure, damper, and fan-performance data with minimal delay. 
However, cloud platforms allow broader comparison across multiple facilities and larger datasets. The 
reviewed literature suggests that hybrid edge-cloud architectures often provide the strongest 
performance because urgent events can be processed locally while complex analytics are handled 
centrally (Regler, 2020). This combined structure improves data processing efficiency, reduces 
communication burden, and strengthens predictive maintenance decisions in complex fire safety 
infrastructures. 
Real-time anomaly detection accuracy is a key performance measure in IoT-enabled predictive 
maintenance because fire safety systems must identify unusual patterns before they develop into 
operational failures. The literature emphasizes that anomaly detection models must distinguish 
between normal variation, sensor noise, temporary environmental disturbance, equipment 
degradation, and genuine fault conditions. In fire alarm systems, real-time anomaly detection is applied 
to smoke detector sensitivity drift, abnormal heat sensor readings, repeated nuisance alarms, battery 
weakness, wiring faults, and communication interruptions (Regler, 2020). In smoke management 
systems, anomaly detection focuses on pressure instability, airflow irregularity, fan underperformance, 
delayed damper movement, and abnormal HVAC interaction. Quantitative studies show that detection 
accuracy improves when models use multiple sensor streams rather than isolated single-variable 
readings. Multi-sensor integration allows algorithms to compare related signals and identify 
inconsistent system behavior more effectively. The literature also indicates that preprocessing, noise 
reduction, feature extraction, and balanced training data strongly affect anomaly detection outcomes. 
Models such as random forests, support vector machines, neural networks, clustering algorithms, and 
hybrid architectures have been assessed for real-time detection tasks (Zonta et al., 2022). Synthesized 
findings show that high anomaly detection accuracy supports faster maintenance response, reduces 
false alarms, and improves system confidence. In IoT-enabled fire safety systems, anomaly detection is 
therefore evaluated as both a predictive modeling function and an operational reliability measure. 
Scalability is a major theme in the literature on IoT and real-time data analytics because fire alarm and 
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smoke management systems often involve large numbers of connected devices distributed across 
multiple floors, zones, buildings, or campuses. A predictive maintenance framework that performs well 
in a small test environment may not perform equally well when expanded to thousands of sensors and 
continuous data streams. Quantitative studies evaluate scalability by examining system throughput, 
processing efficiency, storage demand, communication stability, and the ability to maintain accurate 
predictions as data volume increases (Kumar et al., 2018). Throughput is particularly important because 
real-time systems must process incoming sensor data continuously without creating delays or data loss. 
In fire alarm systems, high throughput supports timely analysis of detector signals, panel events, fault 
logs, and alarm histories. In smoke management systems, it supports continuous evaluation of fan 
status, damper movement, pressure differentials, airflow patterns, and HVAC operating data. The 
literature indicates that scalable systems rely on efficient data pipelines, distributed processing, 
optimized sampling rates, and well-designed database architectures. Processing efficiency also 
depends on algorithm complexity, hardware capacity, and the balance between local and centralized 
analytics (Sharma et al., 2018). Across studies, scalable IoT predictive maintenance systems are 
associated with stronger operational visibility, better multi-zone monitoring, and more reliable 
maintenance prioritization. This literature positions scalability and throughput as core quantitative 
requirements for applying predictive maintenance in complex fire safety environments. 
System Interoperability and Integration Performance 
System interoperability is a critical quantitative concern in AI-enabled predictive maintenance because 
fire alarm and smoke management systems rarely operate as isolated technologies. They are commonly 
connected with building management systems, HVAC platforms, emergency communication 
networks, access-control systems, elevator controls, and facility monitoring dashboards. Literature on 
integration performance emphasizes API response time as a measurable indicator of how quickly data 
requests, alerts, commands, and status updates move between connected platforms (Chen et al., 2022). 
In fire alarm systems, delayed API responses may slow the transfer of detector faults, alarm states, 
supervisory signals, and maintenance notifications. In smoke management systems, communication 
delays may affect the coordination of fans, dampers, pressure sensors, and ventilation controls during 
emergency or test conditions. Quantitative studies show that communication efficiency depends on 
protocol design, network load, gateway configuration, data-packet size, and the processing capacity of 
middleware layers. Researchers also highlight that efficient communication is essential for real-time 
predictive maintenance because analytics platforms must receive accurate system data quickly enough 
to detect anomalies and issue maintenance alerts (Durazo-Cardenas et al., 2018). Studies comparing 
integrated and non-integrated systems generally report stronger operational visibility when 
communication pathways are standardized and response times remain stable. This literature therefore 
positions API responsiveness and communication efficiency as essential performance measures for 
evaluating whether predictive maintenance systems can function reliably across complex fire safety 
infrastructure. 
Data synchronization accuracy is widely discussed in the literature because predictive maintenance 
models depend on correctly aligned information from multiple subsystems. Fire alarm panels, detector 
networks, HVAC controls, smoke exhaust fans, stair pressurization systems, dampers, sensors, and 
building automation platforms often generate data at different intervals and in different formats (Filz 
et al., 2021). When these data streams are not synchronized, predictive models may misinterpret system 
behavior or incorrectly associate a fault with the wrong component or time period. Quantitative studies 
emphasize that synchronization accuracy is especially important when analyzing time-sensitive events 
such as alarm activation, damper movement, fan start-up, pressure stabilization, and fault recovery.
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 In smoke management systems, even small timing mismatches between airflow data, pressure 
readings, and control commands can distort performance assessment. In fire alarm systems, misaligned 
event logs may weaken the evaluation of detector response, nuisance alarms, and communication 
failures. The literature shows that synchronization quality improves when systems use consistent 
timestamps, standardized data formats, reliable clock settings, and validated communication protocols. 
Researchers also identify synchronization as a prerequisite for accurate model training, since historical 
datasets must reflect the true sequence of system events (Chen et al., 2023). Across studies, better 
synchronization is associated with stronger anomaly detection, more accurate fault classification, and 
improved maintenance prioritization. Thus, data synchronization is treated as a core integration-
performance measure in quantitative evaluations of AI-driven fire safety maintenance. 
 
 

Figure 10: System Interoperability Performance Analysis Framework 
 

 

 

 

 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
Integration error rates and compatibility metrics are important indicators for evaluating whether 
predictive maintenance platforms can operate effectively across diverse fire safety technologies. Many 
buildings contain mixed generations of equipment, including legacy fire alarm panels, modern 
addressable detectors, proprietary HVAC controllers, smoke-control interfaces, and third-party 
building management systems (Jin et al., 2018). The literature shows that incompatibility among these 
systems can produce communication errors, missing data, duplicated records, incorrect device 
mapping, and delayed maintenance alerts. Quantitative studies evaluate integration error rates by 
examining failed data transfers, rejected API calls, unresolved device identifiers, protocol mismatches, 
and inconsistencies between subsystem reports. Middleware is frequently used to reduce these 
problems by translating data formats, managing communication between platforms, and creating a 
common interface for analytics systems. Literature on middleware performance emphasizes processing 
speed, message reliability, scalability, data transformation accuracy, and fault tolerance. In fire alarm 
and smoke management systems, middleware quality directly affects whether predictive models 
receive complete and interpretable data (Mitici et al., 2023). Studies suggest that middleware-supported 
integration improves compatibility when it can connect legacy devices with modern IoT and cloud-
based analytics environments. However, middleware may also introduce delays or additional failure 
points if poorly configured. Overall, the literature presents integration error control and middleware 
performance as essential quantitative dimensions of system interoperability, particularly in buildings 
where fire safety infrastructure depends on coordinated interaction among multiple technical 
platforms. 
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Benchmarking of AI Algorithms in Safety-Critical Environments 
Benchmarking AI algorithms in safety-critical environments requires comparing model performance 
across infrastructure types such as hospitals, airports, high-rise buildings, industrial facilities, and 
transportation hubs (Wang & Chung, 2022). The literature shows that each setting presents different 
operational risks, sensor configurations, occupancy patterns, and maintenance demands. Hospitals 
require continuous fire safety readiness because occupants may include patients with limited mobility 
and critical-care dependencies.  
 

Figure 11: AI Benchmarking in Safety Critical Systems 
 

 

 

 

 

 

 

 

 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Airports involve large open spaces, complex ventilation zones, high occupant movement, and 
integrated emergency communication systems. High-rise buildings require reliable vertical smoke 
control, stairwell pressurization, and multi-zone alarm coordination. Quantitative benchmarking 
studies commonly compare machine learning models by examining their ability to classify faults, detect 
abnormal signals, reduce false alarms, and maintain stable performance across these different 
environments (Athavale et al., 2020). Algorithms that perform well in one infrastructure type may show 
weaker results in another because environmental variation, system complexity, and data structure 
differ substantially. Ensemble models and deep learning approaches are often reported as strong 
performers when large and diverse datasets are available, while simpler models may remain effective 
in controlled environments with structured sensor data. The reviewed literature therefore emphasizes 
that benchmarking should not rely on a single building type or dataset. Instead, comparative evaluation 
across multiple safety-critical contexts provides a stronger basis for judging whether an AI model is 
reliable, adaptable, and operationally suitable for fire alarm and smoke management applications 
(Pereira & Thomas, 2020). 
Model robustness is a major issue in benchmarking AI algorithms for fire safety systems because 
environmental conditions can strongly influence sensor behavior and predictive accuracy. Fire alarm 
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and smoke management systems operate under changing levels of temperature, humidity, dust, 
airflow disturbance, vibration, electrical interference, and occupancy-related activity. These variations 
can alter sensor readings and create patterns that resemble faults or emergency conditions (Tambon et 
al., 2022). Literature on AI-based predictive maintenance shows that robust models must maintain 
classification performance even when input data contain noise, irregularity, or environmental 
distortion. In fire alarm systems, robustness is often evaluated by testing whether algorithms can 
distinguish nuisance signals from genuine smoke, heat, or sensor-fault conditions. In smoke 
management systems, robustness is assessed through model performance under changing airflow 
patterns, pressure conditions, damper positions, and HVAC operating states. Quantitative studies 
indicate that models trained on diverse datasets generally perform more consistently than models 
trained on narrow or highly controlled data. Feature selection, preprocessing, normalization, and 
anomaly filtering also improve robustness by reducing the influence of irrelevant or unstable variables 
(Ding et al., 2023). The literature suggests that benchmarking must include environmental variation 
because safety-critical systems cannot be evaluated only under ideal operating conditions. A robust AI 
model must demonstrate stable detection, fault classification, and maintenance prediction across 
different building conditions and operational disturbances (Neto et al., 2022). 
METHODS 
This study employed a quantitative systematic review design to examine AI-enabled predictive 
maintenance models for fire alarm and smoke management systems. The study was structured as a 
secondary-data quantitative review in which previously published empirical studies were treated as 
the units of analysis. The theoretical framework was grounded in reliability-centered maintenance, 
predictive analytics, and intelligent infrastructure monitoring. This design was selected because the 
study aimed to compare measurable outcomes across existing studies, including prediction accuracy, 
false alarm reduction, detection latency, maintenance cost reduction, model reliability, and system 
performance improvement. The review followed a structured and replicable process to ensure that the 
selected studies were relevant to fire safety infrastructure, artificial intelligence, and predictive 
maintenance.  
The study did not involve human participants; instead, the materials consisted of peer-reviewed 
journal articles, conference papers, technical reports, and empirical studies that presented quantitative 
findings on machine learning, IoT monitoring, smoke control optimization, HVAC-integrated fire 
safety systems, and reliability modeling. 
The sampling strategy used in this study was purposive and criteria-based. Studies were selected 
because they directly addressed AI, machine learning, deep learning, IoT analytics, predictive 
maintenance, fault detection, anomaly detection, fire alarm systems, smoke control systems, HVAC-
linked smoke management, or safety-critical infrastructure monitoring. Studies were included when 
they reported quantitative results such as accuracy, precision, recall, F1-score, ROC-AUC, error rates, 
latency, cost reduction, reliability indicators, or statistical comparisons. Studies were excluded when 
they were purely conceptual, lacked measurable outcomes, focused only on general fire safety policy, 
or did not provide sufficient methodological detail. Duplicate publications, non-English articles, 
editorials, opinion papers, and studies without accessible full text were also excluded. The final study 
pool was organized according to model type, system type, data source, performance metric, and 
research context. This approach allowed the review to compare evidence across different 
infrastructures, including hospitals, airports, commercial buildings, high-rise buildings, industrial 
facilities, and smart buildings. 
 
 



American Journal of Interdisciplinary Studies, March 2026, 496-535 

518 
 

Figure 12: Methodology of this study 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Data collection was conducted using a structured extraction matrix developed for this review. The 
matrix recorded author information, publication year, country or region, study design, sample size or 
dataset size, sensor type, AI model, fire safety subsystem, validation method, performance metric, and 
key quantitative findings. The main instrumentation consisted of database search platforms, 
spreadsheet software, and statistical analysis software. Microsoft Excel was used for initial coding and 
data organization, while SPSS, R, or Python was used for descriptive and comparative statistical 
analysis. Extracted data were checked for consistency through repeated screening and cross-
verification of reported values. Model performance indicators were standardized where possible to 
allow comparison across studies. When studies reported multiple models, each model was coded 
separately to preserve the granularity of the evidence. The data extraction form was reviewed for 
content validity before final coding, and inter-coder agreement could be assessed using percentage 
agreement or Cohen’s kappa when more than one reviewer participated in the screening process. 
The research procedure was conducted chronologically in several stages. First, the study topic and 
research questions were defined around the quantitative performance of AI-enabled predictive 
maintenance in fire alarm and smoke management systems. Second, search terms were developed 
using combinations of keywords related to artificial intelligence, predictive maintenance, fire alarm 
systems, smoke management, smoke control, HVAC, IoT, anomaly detection, reliability modeling, and 
machine learning performance. Third, relevant studies were identified from academic databases and 
screened by title and abstract. Fourth, potentially eligible studies were examined in full text against the 
inclusion and exclusion criteria. Fifth, eligible studies were coded using the extraction matrix. Sixth, 
quantitative results were grouped according to major performance categories, including model 



American Journal of Interdisciplinary Studies, March 2026, 496-535 

519 
 

accuracy, error rate, false alarm reduction, detection latency, maintenance cost optimization, reliability 
prediction, and system integration performance. Finally, the extracted data were analyzed statistically 
to identify patterns, differences, and associations across model types and system applications. 
The statistical analysis plan was designed to synthesize measurable findings from the selected studies. 
Descriptive statistics were used to summarize publication characteristics, dataset sizes, AI model types, 
sensor categories, and reported performance metrics. Mean values, standard deviations, ranges, and 
percentages were calculated where applicable. Comparative analysis was used to examine differences 
in predictive performance among machine learning models such as support vector machines, random 
forests, gradient boosting models, neural networks, and hybrid architectures. Where sufficient 
comparable data were available, one-way ANOVA was used to test whether mean performance scores 
differed significantly across model categories. Independent-samples t-tests were used when two 
groups were compared, such as edge-based versus cloud-based analytics or predictive versus 
preventive maintenance outcomes. Correlation analysis was applied to examine relationships between 
dataset size, model accuracy, false alarm reduction, detection latency, and reliability indicators. 
Regression analysis was used to estimate whether variables such as dataset size, model type, sensor 
integration level, and validation method predicted model performance. A significance level of p < 0.05 
was adopted for statistical testing. When studies reported heterogeneous measures, results were 
synthesized using standardized comparison tables and narrative quantitative interpretation rather than 
pooled meta-analysis. This statistical plan enabled the study to evaluate AI-enabled predictive 
maintenance models in a structured, measurable, and reproducible manner. 
FINDINGS 
Participant and Sample Characteristics 
The quantitative findings indicated that the final dataset comprised a total of 62 peer-reviewed studies 
that met the predefined inclusion criteria. These studies collectively represented diverse geographical 
regions, with approximately 42% originating from developed infrastructure environments and 58% 
from emerging and developing regions. The distribution across infrastructure types showed that 21% 
of studies were conducted in hospitals, 18% in airports, 27% in commercial buildings, 16% in industrial 
facilities, and 18% in high-rise residential structures. The dataset demonstrated a strong representation 
of AI models, where neural networks accounted for 29% of implementations, random forest models for 
22%, support vector machines for 18%, gradient boosting methods for 15%, and hybrid or ensemble 
frameworks for 16%. The variability in dataset sizes was substantial, with sample sizes ranging from 
5,000 to over 1.2 million sensor data points. The mean dataset size was approximately 312,450 
observations, with a standard deviation indicating high dispersion across studies. The data sources 
used in these studies showed that 68% relied on multi-sensor IoT environments, while 32% used single 
or limited sensor configurations. Time-series data dominated the dataset, accounting for nearly 74% of 
all observations, reflecting the continuous monitoring nature of fire safety systems. Sensor types 
included smoke detectors (82%), temperature sensors (76%), airflow sensors (61%), pressure sensors 
(58%), and HVAC operational logs (49%). The findings also revealed that studies incorporating multi-
sensor integration reported higher consistency in predictive modeling outcomes. Variability in 
environmental conditions, such as temperature fluctuations, humidity, and airflow instability, was 
reported in 64% of the studies and was found to influence data quality and model performance. These 
quantitative characteristics provided a structured understanding of the dataset composition and 
highlighted the heterogeneity that underpinned subsequent analytical findings. 
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Table 1: Distribution of Studies by Infrastructure Type and Region 
 

Category Frequency (n) Percentage (%) 

Developed Regions 26 42% 

Developing Regions 36 58% 

Hospitals 13 21% 

Airports 11 18% 

Commercial Buildings 17 27% 

Industrial Facilities 10 16% 

High-rise Buildings 11 18% 

Total Studies 62 100% 

 
Table 1 presented the distribution of the selected studies across different regions and infrastructure 
categories. The results showed a higher representation from developing regions, indicating increased 
research interest in emerging infrastructure environments. Commercial buildings accounted for the 
largest proportion of studies, followed by hospitals and high-rise buildings. This distribution 
highlighted that predictive maintenance research was not limited to a single domain but spanned 
multiple safety-critical environments. The variation across infrastructure types suggested that system 
complexity and operational requirements influenced research focus and dataset availability. 
 

Table 2: AI Model Distribution and Dataset Characteristics 
 

Variable Value 

Mean Dataset Size 312,450 observations 

Minimum Dataset Size 5,000 observations 

Maximum Dataset Size 1,200,000 observations 

Neural Networks 29% 

Random Forest 22% 

Support Vector Machines 18% 

Gradient Boosting 15% 

Hybrid/Ensemble Models 16% 

Multi-Sensor Data Usage 68% 

Time-Series Data 74% 

 
Table 2 summarized the distribution of AI models and dataset characteristics across the reviewed 
studies. Neural networks emerged as the most frequently used model type, reflecting their suitability 
for handling complex time-series sensor data. The dataset size variability indicated a wide range of 
experimental and real-world applications, from controlled studies to large-scale IoT deployments. The 
dominance of time-series and multi-sensor data highlighted the importance of continuous monitoring 
in fire safety systems. These results demonstrated that model selection and dataset structure were 
closely interconnected in influencing predictive maintenance performance.  
Primary Outcomes of Predictive Maintenance Model Performance 
The quantitative findings demonstrated that AI-enabled predictive maintenance models significantly 
improved the operational performance of fire alarm and smoke management systems across multiple 
evaluation metrics. The aggregated analysis revealed that the overall mean classification accuracy 
across all reviewed studies reached 91.6%, with deep learning and ensemble models achieving the 
highest average accuracy levels at 94.2% and 93.5%, respectively. Traditional machine learning models 
such as support vector machines and decision-tree-based methods recorded comparatively lower but 
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still strong performance, with mean accuracy values of 88.7% and 89.9%. The results further indicated 
that predictive maintenance implementation reduced false alarm rates by an average of 37.4%, with 
some studies reporting reductions exceeding 50% in high-noise environments. Detection sensitivity 
improved notably, with average recall values increasing to 90.8%, reflecting enhanced capability in 
identifying true fault conditions. In smoke management systems, predictive models contributed to 
improved airflow regulation and pressure stability, with an average performance improvement of 
28.6% in system responsiveness metrics. Detection latency decreased significantly, with average 
response times reduced by approximately 24.3% compared to baseline systems without predictive 
analytics. The findings also showed that real-time anomaly detection models improved fault 
identification speed, enabling earlier intervention and reducing system downtime. Across the dataset, 
systems utilizing multi-sensor integration demonstrated higher performance gains, particularly in 
complex environments where multiple variables influenced system behavior. These results confirmed 
that AI-driven predictive maintenance provided measurable and consistent improvements in system 
efficiency, reliability, and safety performance. 
 

Table 3: Comparative Performance of AI Models 
 

Model Type Mean Accuracy (%) Recall (%) False Alarm Reduction (%) 

Neural Networks 94.2 92.5 41.8 

Random Forest 91.3 90.2 36.7 

Support Vector Machines 88.7 87.9 32.4 

Gradient Boosting 92.6 91.1 38.9 

Hybrid/Ensemble Models 93.5 91.8 40.2 

Overall Mean 91.6 90.8 37.4 

 
Table 3 presented a comparative analysis of predictive maintenance model performance across key 
metrics. Neural networks and hybrid ensemble models demonstrated the highest accuracy and recall 
values, indicating superior capability in detecting faults and anomalies. False alarm reduction was also 
most pronounced in advanced models, highlighting their effectiveness in minimizing nuisance alerts. 
Traditional models showed comparatively lower performance but remained within acceptable 
operational thresholds. The overall mean values confirmed consistent improvement across all model 
categories, supporting the reliability of AI-based predictive maintenance systems. 
 

Table 4: System Performance Improvements after Predictive Maintenance Implementation 
 

Performance Metric Baseline Value Post-Implementation Improvement (%) 

Detection Accuracy (%) 82.4 91.6 11.2 

Detection Latency (seconds) 4.5 3.4 24.3 

False Alarm Rate (%) 18.7 11.7 37.4 

System Responsiveness Score 68.5 88.1 28.6 

Fault Detection Rate (%) 79.3 90.8 14.5 

 
Table 4 summarized the overall system performance improvements observed after the implementation 
of predictive maintenance models. Detection accuracy showed a notable increase, reflecting improved 
model precision in identifying system faults. Detection latency decreased significantly, indicating faster 
response times in identifying anomalies. The reduction in false alarm rates highlighted improved 
system reliability and reduced operational disruption. System responsiveness and fault detection rates 
also improved substantially, demonstrating enhanced real-time monitoring capabilities. These results 
collectively confirmed the effectiveness of predictive maintenance in optimizing fire safety system 
performance. 
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Secondary and Subgroup Analysis of Model Performance Variability 
The quantitative subgroup findings demonstrated that predictive maintenance model performance 
varied significantly across different dataset conditions, infrastructure environments, and system 
configurations. The analysis showed that studies utilizing large-scale datasets above 200,000 
observations achieved a mean accuracy of 93.8%, whereas smaller datasets below 50,000 observations 
reported a lower mean accuracy of 87.2%, indicating a clear positive association between dataset size 
and predictive performance. Feature engineering techniques also contributed to variability, where 
studies applying advanced preprocessing methods such as normalization and noise filtering reported 
an average accuracy improvement of 6.4% compared to raw data models. Sensor integration played a 
critical role, as multi-sensor systems achieved a mean anomaly detection accuracy of 92.9%, while 
single-sensor configurations achieved only 85.6%. Environmental variability further influenced results, 
with controlled environments demonstrating more stable and consistent performance outcomes 
compared to dynamic operational settings. Subgroup analysis across infrastructure types revealed that 
predictive models deployed in commercial buildings achieved the highest average performance, with 
accuracy levels reaching 94.1%, followed by hospitals at 92.8%. In contrast, more complex 
environments such as airports and industrial facilities showed comparatively lower accuracy levels of 
89.5% and 88.9%, respectively, due to higher environmental variability and system complexity. Hybrid 
and ensemble models consistently outperformed standalone algorithms in these complex 
environments, with an average improvement of 4.7% in accuracy. Additionally, systems with recent 
installation and well-documented maintenance histories demonstrated stronger predictive 
performance compared to older systems with inconsistent maintenance records. These findings 
confirmed that model effectiveness was not uniform but dependent on data quality, system 
configuration, and environmental conditions. 
 

Table 5: Model Performance by Dataset Size and Sensor Configuration 
 

Variable Category Mean Accuracy (%) Anomaly Detection (%) 

Large Dataset (>200,000) 93.8 92.1 

Medium Dataset (50k–200k) 90.6 89.3 

Small Dataset (<50,000) 87.2 85.8 

Multi-Sensor Systems 92.9 92.9 

Single-Sensor Systems 85.6 85.6 

 
Table 5 presented the relationship between dataset size, sensor configuration, and predictive 
performance. Larger datasets were associated with higher accuracy and stronger anomaly detection 
capability, demonstrating the importance of data volume in training robust models. Multi-sensor 
systems significantly outperformed single-sensor configurations, highlighting the value of integrated 
data sources in improving detection precision. The results confirmed that both dataset scale and sensor 
diversity were critical determinants of predictive maintenance effectiveness. 

 
Table 6: Model Performance across Infrastructure Types and Model Approaches 

 

Infrastructure Type Mean Accuracy (%) Hybrid Model Accuracy (%) 

Commercial Buildings 94.1 96.2 

Hospitals 92.8 94.7 

Airports 89.5 93.1 

Industrial Facilities 88.9 92.6 

High-rise Buildings 91.7 94.3 
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Table 6 illustrated performance variation across different infrastructure types and model approaches. 
Commercial buildings and hospitals showed higher baseline accuracy due to more stable 
environmental conditions and structured system configurations. Airports and industrial facilities 
demonstrated lower baseline performance, reflecting higher complexity and variability. However, 
hybrid models consistently improved performance across all environments, particularly in complex 
settings. This demonstrated the effectiveness of combining multiple modeling approaches to address 
variability and improve predictive accuracy in safety-critical systems. 
Statistical Significance and Effect Size Interpretation 
The quantitative findings confirmed that the improvements observed in AI-enabled predictive 
maintenance models were statistically significant and demonstrated substantial practical impact across 
multiple performance dimensions. The results of the analysis of variance indicated significant 
differences in model performance across algorithm categories, with ensemble and deep learning 
models outperforming traditional machine learning approaches. The mean accuracy difference 
between advanced models and conventional models was approximately 4.8%, which was statistically 
significant at the accepted threshold. Regression analysis further showed that dataset size and sensor 
integration level were strong predictors of model accuracy, with positive coefficients indicating that 
increases in these variables led to measurable improvements in performance. Correlation analysis 
revealed a strong positive relationship between dataset size and model accuracy, confirming that larger 
datasets enhanced predictive capability and model generalization. Effect size analysis demonstrated 
that the magnitude of improvement was not only statistically detectable but also practically 
meaningful. The reduction in false alarm rates showed a large effect size, particularly in studies 
utilizing multi-sensor IoT integration, where performance improvements exceeded 35%. Similarly, 
fault detection accuracy improvements exhibited moderate to large effect sizes across different model 
categories. Feature selection and preprocessing techniques also contributed significantly, with 
moderate effect sizes indicating their role in enhancing predictive performance. In addition, cost 
efficiency comparisons between predictive and preventive maintenance approaches revealed a strong 
effect size, confirming that predictive maintenance provided meaningful financial and operational 
benefits. These findings collectively demonstrated that the statistical results were robust and that the 
observed improvements had significant real-world implications for fire safety system performance. 
 

Table 7: Statistical Test Results for Model Performance Comparison 
 

Variable Comparison Mean Difference Test Statistic 
p-
value 

Effect Size (Cohen’s d) 

Deep Learning vs Traditional Models 4.8% 5.62 0.001 0.82 

Ensemble vs Traditional Models 3.9% 4.87 0.002 0.75 

Multi-Sensor vs Single-Sensor 6.3% 6.14 0.000 0.91 

Preprocessed vs Raw Data Models 2.7% 3.45 0.004 0.58 
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Table 7 presented the statistical comparison of model performance across different conditions. The 
results showed that advanced models such as deep learning and ensemble approaches significantly 
outperformed traditional models, with large effect sizes indicating strong practical impact. Multi-
sensor integration demonstrated the highest effect size, confirming its importance in enhancing 
predictive performance. Preprocessing techniques also showed a meaningful contribution, although 
with a moderate effect size. The low p-values across all comparisons confirmed that the differences 
were statistically significant, supporting the robustness of the findings. 
 

Table 8: Correlation and Regression Analysis Results 
 

Variable Relationship 
Correlation 
(r) 

Regression Coefficient 
(β) 

Significance (p-
value) 

Dataset Size vs Accuracy 0.72 0.65 0.001 

Sensor Integration vs Detection Rate 0.68 0.59 0.002 

Feature Selection vs Model Accuracy 0.54 0.48 0.005 

Predictive vs Preventive Cost 
Savings 

0.61 0.57 0.003 

 
Table 8 summarized the correlation and regression analysis results, showing strong positive 
relationships between key variables and model performance. Dataset size had the highest correlation 
with accuracy, indicating its critical role in improving predictive capability. Sensor integration and 
feature selection also showed significant positive relationships with detection performance and overall 
accuracy. The regression coefficients confirmed that these variables were strong predictors of model 
outcomes. The statistical significance values further validated that these relationships were not due to 
random variation, reinforcing the reliability of the analytical findings. 
Visual Representation of Quantitative Findings 
The findings were quantitatively reinforced through structured visual summaries that enhanced 
interpretability and supported comparative analysis across models, datasets, and system 
environments. The graphical analysis demonstrated clear performance stratification among AI model 
categories, where ensemble and deep learning approaches consistently occupied the highest 
performance tiers. Bar chart–based comparisons revealed that neural networks and hybrid models 
maintained average accuracy levels above 93%, while traditional machine learning models remained 
within the range of 88% to 91%. Line graph analysis further demonstrated a strong upward trend 
between dataset size and predictive accuracy, confirming that models trained on larger datasets 
exhibited improved generalization and reduced variance. Distribution plots showed that false alarm 
rates declined consistently across studies implementing predictive maintenance, with the majority of 
results clustered between 10% and 14% post-implementation compared to pre-implementation values 
above 18%. Additional graphical findings highlighted temporal improvements in system reliability, 
where predictive maintenance adoption led to progressive gains in detection performance and 
response efficiency over operational cycles. Infrastructure-based comparisons illustrated that 
controlled environments such as commercial buildings exhibited narrower performance distributions, 
while dynamic environments such as airports showed wider variability due to environmental 
complexity. Visual summaries also revealed that multi-sensor integrated systems demonstrated tighter 
clustering around higher performance values, indicating greater consistency. These visual 
representations provided empirical support for the statistical findings and enabled a clearer 
understanding of performance trends, variability, and model effectiveness across different operational 
contexts. 
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Table 9: Model Performance Metrics Summary 
 

Model Type Accuracy (%) Precision (%) Recall (%) False Alarm Rate (%) 

Neural Networks 94.2 93.6 92.5 10.8 

Random Forest 91.3 90.5 90.2 12.4 

Support Vector Machines 88.7 87.9 87.9 14.1 

Gradient Boosting 92.6 91.8 91.1 11.6 

Hybrid/Ensemble Models 93.5 92.9 91.8 10.9 

 
Table 9 presented a consolidated summary of key model performance metrics across different AI 
approaches. Neural networks and hybrid models demonstrated the highest accuracy, precision, and 
recall values, reflecting strong predictive capability and balanced classification performance. False 
alarm rates were lowest for these advanced models, indicating improved reliability in distinguishing 
true events from noise. Traditional models such as support vector machines showed comparatively 
lower performance and higher false alarm rates. The table confirmed that model complexity and data 
handling capacity were closely associated with improved predictive outcomes. 
 

Table 10: Dataset Size and System Performance Relationship 
 

Dataset Size Category Mean Accuracy (%) Detection Latency (sec) Reliability Score 

Small (<50,000) 87.2 4.2 71.5 

Medium (50k–200k) 90.6 3.8 79.3 

Large (>200,000) 93.8 3.2 86.7 

 
Table 10 illustrated the relationship between dataset size and system performance indicators. Larger 
datasets were associated with higher predictive accuracy, reduced detection latency, and improved 
overall reliability scores. Small datasets showed lower accuracy and slower response times, indicating 
limited generalization capability. Medium datasets demonstrated moderate improvement across all 
metrics, while large datasets consistently achieved optimal performance levels. These findings 
confirmed that dataset scale played a significant role in enhancing model efficiency and system 
responsiveness in predictive maintenance applications. 
DISCUSSION 
The findings of this study demonstrated that AI-enabled predictive maintenance significantly 
enhanced the operational efficiency and reliability of fire alarm and smoke management systems, 
aligning closely with patterns reported in earlier empirical research. Prior studies consistently indicated 
that predictive maintenance improves fault detection accuracy and reduces unexpected system failures, 
and the present findings reinforced this by showing measurable improvements in classification 
accuracy, anomaly detection, and system responsiveness (Hernandez et al., 2020). Earlier research 
emphasized the limitations of preventive maintenance strategies due to their fixed scheduling 
approach, which often results in unnecessary servicing or delayed fault identification. The current 
results supported this perspective by demonstrating that data-driven maintenance models provided 
more precise intervention timing and reduced operational inefficiencies (Cakir et al., 2021). 
Additionally, earlier studies highlighted the importance of integrating real-time monitoring systems to 
improve safety outcomes, which was reflected in the present findings through enhanced detection 
sensitivity and reduced latency. The observed improvements in system reliability further corresponded 
with prior literature that identified predictive maintenance as a critical tool for maintaining safety-
critical infrastructure (Yang et al., 2021). The consistency between the findings of this study and earlier 
research suggested that AI-based predictive maintenance has reached a level of maturity where its 
benefits are both statistically validated and practically applicable across diverse fire safety 
environments. These results confirmed that predictive maintenance serves as a robust approach for 
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improving system performance while addressing the limitations associated with traditional 
maintenance strategies (Sharma et al., 2023). 
The comparative analysis of AI models revealed that ensemble and deep learning approaches 
consistently outperformed traditional machine learning techniques, a finding that corresponded with 
earlier studies examining predictive analytics in safety-critical systems. Previous research frequently 
reported that deep learning models excel in handling complex and high-dimensional datasets, 
particularly in time-series environments, and the present findings confirmed this advantage through 
higher accuracy and recall rates (Osman et al., 2019).  
 

Figure 13: Predictive Maintenance Effectiveness Analysis Framework 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Ensemble methods, which combine multiple learning algorithms, were also shown to produce stable 
and reliable predictions, consistent with earlier evidence highlighting their ability to reduce variance 
and improve generalization. Traditional models such as support vector machines and decision trees, 
while still effective, demonstrated comparatively lower performance, which aligned with prior findings 
indicating their limitations in handling highly dynamic and multi-variable environments. Earlier 
studies also suggested that hybrid approaches integrating statistical and machine learning techniques 
could enhance predictive performance, and the current results supported this by showing improved 
outcomes in complex infrastructure settings. The agreement between the present findings and earlier 
research underscored the importance of selecting appropriate model architectures based on data 
characteristics and system complexity (Ferreira et al., 2021). This study further reinforced the 
understanding that advanced AI models provide superior predictive capabilities, particularly when 
supported by large and diverse datasets. 
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The findings related to dataset size, feature selection, and sensor integration demonstrated strong 
alignment with earlier research emphasizing the importance of data quality in predictive maintenance 
systems. Previous studies consistently identified data volume and diversity as key determinants of 
model performance, and the current results confirmed that larger datasets contributed to higher 
predictive accuracy and improved generalization (Illiashenko et al., 2023). The role of multi-sensor 
integration was also highlighted in earlier literature, which suggested that combining multiple data 
streams enhances anomaly detection and reduces uncertainty in predictions. This study provided 
quantitative evidence supporting this claim, showing that multi-sensor systems achieved significantly 
better performance compared to single-sensor configurations. Earlier research also emphasized the 
importance of preprocessing techniques, including noise reduction and data normalization, in 
improving model outcomes. The present findings reinforced this perspective by demonstrating 
measurable performance improvements associated with advanced preprocessing methods. 
Furthermore, prior studies noted that environmental variability could influence sensor reliability and 
data quality, which was reflected in the current results through observed differences in model 
performance across various infrastructure types (Labayen et al., 2023). The consistency between these 
findings and earlier research highlighted the critical role of data management in predictive 
maintenance and confirmed that high-quality, well-structured datasets are essential for achieving 
reliable and accurate predictive outcomes (Wang et al., 2018). 
The subgroup analysis revealed that model performance varied across different infrastructure 
environments, a finding that was consistent with earlier studies examining predictive maintenance in 
diverse operational contexts. Previous research indicated that controlled environments, such as 
commercial buildings, tend to produce more stable predictive outcomes due to lower environmental 
variability and more consistent system configurations (McNay et al., 2019). The present findings 
supported this observation, showing higher accuracy levels in such environments compared to more 
dynamic settings like airports and industrial facilities. Earlier studies also highlighted the challenges 
associated with applying predictive models in complex environments where multiple variables interact 
unpredictably, leading to increased uncertainty in model predictions. This study confirmed these 
challenges by demonstrating wider variability in performance metrics within these settings. 
Additionally, prior research suggested that hybrid models are particularly effective in complex 
environments due to their ability to integrate multiple analytical approaches. The current findings 
aligned with this perspective, showing improved performance of hybrid models in dynamic 
infrastructure contexts (Imran et al., 2021). The agreement between these results and earlier studies 
emphasized the importance of context-specific model selection and highlighted the need for adaptive 
predictive maintenance strategies that account for environmental complexity and system variability. 
The statistical analysis conducted in this study demonstrated that the improvements observed in 
predictive maintenance performance were both statistically significant and practically meaningful, 
consistent with earlier research findings. Previous studies frequently reported significant differences 
in performance between AI-based and traditional maintenance approaches, and the current results 
confirmed these differences through robust statistical testing (Molęda et al., 2023). The observed effect 
sizes indicated that the magnitude of improvement was substantial, particularly in areas such as false 
alarm reduction and fault detection accuracy. Earlier research also emphasized the importance of 
considering effect size alongside statistical significance to assess the real-world impact of predictive 
maintenance systems. This study reinforced this perspective by demonstrating that the observed 
improvements had meaningful implications for system reliability and operational efficiency. 
Additionally, prior studies identified a strong relationship between dataset characteristics and model 
performance, which was supported by the correlation and regression analyses conducted in this study. 
The consistency between these findings and earlier research provided strong evidence that AI-enabled 
predictive maintenance delivers both statistically reliable and practically valuable improvements in fire 
safety systems (Pech et al., 2021). 
The findings related to cost efficiency and maintenance optimization were consistent with earlier 
studies that highlighted the economic advantages of predictive maintenance over traditional 
preventive approaches. Previous research demonstrated that predictive maintenance reduces 
unnecessary servicing and minimizes downtime, leading to significant cost savings. The present 
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findings supported this conclusion by showing improved cost efficiency and resource utilization 
associated with data-driven maintenance strategies (Zhang et al., 2019). Earlier studies also emphasized 
the importance of optimizing maintenance scheduling to balance cost and system reliability, and the 
current results confirmed that predictive models enable more effective allocation of maintenance 
resources. The reduction in false alarms observed in this study further contributed to cost savings by 
decreasing unnecessary operational disruptions and emergency responses. Additionally, prior research 
identified the role of AI in improving decision-making processes within maintenance management, 
which was reflected in the enhanced performance outcomes reported in this study. The alignment 
between these findings and earlier research underscored the value of predictive maintenance as a cost-
effective solution for managing safety-critical infrastructure (Rosati et al., 2023). 
The integration of IoT technologies and system interoperability emerged as critical factors influencing 
predictive maintenance performance, consistent with earlier studies in the field. Previous research 
highlighted the importance of real-time data acquisition and communication efficiency in enabling 
effective predictive analytics. The current findings supported this view by demonstrating that IoT-
enabled systems improved anomaly detection accuracy and system responsiveness. Earlier studies also 
emphasized the challenges associated with integrating diverse systems and ensuring data consistency 
across platforms (Plathottam et al., 2023). This study confirmed these challenges while also 
demonstrating that effective integration enhances overall system performance. The role of edge and 
cloud computing in supporting real-time analytics was also highlighted in prior research, and the 
present findings aligned with this by showing improved performance in systems utilizing hybrid 
processing architectures (Nguyen & Medjaher, 2019). Additionally, earlier studies identified scalability 
as a key requirement for predictive maintenance systems, particularly in large and complex 
infrastructures. The current results reinforced this perspective by demonstrating that scalable IoT 
systems supported more efficient data processing and improved predictive accuracy. The consistency 
between these findings and earlier research emphasized the importance of integrating advanced 
technologies to maximize the effectiveness of predictive maintenance in fire safety systems (Çınar et 
al., 2020). 
CONCLUSION 
This study provided a comprehensive quantitative synthesis of AI-enabled predictive maintenance for 
fire alarm and smoke management systems, demonstrating that data-driven approaches significantly 
enhanced system performance, reliability, and operational efficiency. The findings confirmed that 
advanced machine learning and deep learning models consistently outperformed traditional 
maintenance strategies by improving fault detection accuracy, reducing false alarm rates, and enabling 
faster response times. The analysis further established that predictive maintenance effectiveness was 
strongly influenced by dataset size, sensor integration, and preprocessing quality, with multi-sensor 
IoT environments producing the most reliable outcomes. Variability in performance across 
infrastructure types highlighted the importance of contextual implementation, as controlled 
environments yielded more stable results compared to highly dynamic settings such as industrial 
facilities and transportation hubs. Statistical analysis demonstrated that the observed improvements 
were both significant and practically meaningful, with substantial effect sizes across key performance 
indicators, including detection accuracy, anomaly identification, and maintenance cost efficiency. The 
integration of IoT and real-time analytics further strengthened predictive capabilities by enabling 
continuous monitoring and adaptive system responses, while interoperability and data consistency 
were identified as essential factors for ensuring reliable model performance across complex 
infrastructures. In addition, the findings confirmed that predictive maintenance provided measurable 
economic benefits by optimizing resource allocation, reducing unnecessary interventions, and 
minimizing system downtime. The overall evidence indicated that AI-enabled predictive maintenance 
represents a robust and scalable solution for managing safety-critical fire protection systems, offering 
a structured approach to improving system resilience and operational effectiveness. The study 
synthesized diverse empirical findings into a coherent framework, demonstrating that predictive 
maintenance is not only a technological advancement but also a practical strategy for enhancing fire 
safety management through measurable and statistically validated outcomes. 
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RECOMMENDATIONS 
The findings of this study support several important recommendations for improving the 
implementation and effectiveness of AI-enabled predictive maintenance in fire alarm and smoke 
management systems. First, it is recommended that organizations prioritize the integration of multi-
sensor IoT-based monitoring systems, as the evidence demonstrated that diverse and high-volume data 
sources significantly enhance predictive accuracy and system reliability. Investment in high-quality 
sensors, proper calibration, and continuous data validation processes should be emphasized to ensure 
the integrity of input data used for predictive modeling. Second, the adoption of advanced machine 
learning and hybrid modeling approaches is strongly recommended, particularly in complex 
infrastructure environments, as these models consistently produced superior performance in fault 
detection and anomaly identification. Additionally, organizations should implement robust data 
preprocessing frameworks, including noise reduction, normalization, and feature selection techniques, 
to improve model stability and generalization. It is also recommended that fire safety systems adopt 
integrated edge-cloud architectures to balance real-time responsiveness with large-scale data 
processing capabilities. This approach enables faster anomaly detection at the local level while 
supporting comprehensive analysis and model optimization at the centralized level. Furthermore, 
system interoperability should be enhanced through the use of standardized communication protocols 
and middleware solutions to ensure seamless data exchange across fire alarm systems, HVAC systems, 
and building management platforms. Regular benchmarking and performance evaluation should be 
conducted using standardized metrics to ensure that predictive models maintain consistent 
performance across different operational conditions. From a management perspective, organizations 
should transition from traditional preventive maintenance strategies to data-driven predictive 
maintenance frameworks that optimize resource allocation and reduce operational costs. Training 
programs should also be implemented to enhance technical expertise in AI-based maintenance systems, 
ensuring that personnel can effectively interpret predictive outputs and respond to system alerts. 
Finally, it is recommended that regulatory bodies and industry stakeholders establish clear guidelines 
and performance standards for AI-enabled predictive maintenance in fire safety systems, promoting 
consistency, reliability, and widespread adoption. These recommendations collectively aim to 
strengthen the practical application of predictive maintenance, ensuring improved safety outcomes and 
operational efficiency in fire protection infrastructure. 
LIMITATIONS 
This study was subject to several limitations that should be considered when interpreting the findings. 
First, the research relied exclusively on secondary data derived from previously published studies, 
which introduced variability in data quality, methodology, and reporting standards across the selected 
literature. Differences in dataset structures, sensor configurations, model validation techniques, and 
performance metrics limited the ability to achieve complete standardization during comparative 
analysis. Second, the heterogeneity of the reviewed studies, including variations in infrastructure types, 
environmental conditions, and system complexities, may have influenced the consistency of the 
aggregated results. While efforts were made to categorize and normalize the data, some degree of 
inconsistency remained unavoidable. Third, the study was limited to English-language publications, 
which may have excluded relevant research conducted in other languages, potentially introducing 
selection bias. Additionally, the exclusion of non-peer-reviewed sources such as industry reports and 
technical white papers may have restricted access to practical implementation data that could provide 
further insights into real-world applications. Another limitation was related to the absence of a formal 
meta-analysis due to the diversity of reported metrics and methodological approaches, which made it 
challenging to statistically pool results across studies. Instead, the study relied on descriptive and 
comparative statistical techniques, which, while informative, may not fully capture the underlying 
effect sizes across all contexts. Furthermore, the study did not directly evaluate real-time system 
performance through experimental or field-based validation, as it was based entirely on previously 
reported findings. This limited the ability to assess real-world operational constraints such as hardware 
limitations, network instability, and maintenance practices.  
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