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Chapter 1: Introduction to Predictive Maintenance in Buildings 

 

Building maintenance has changed drastically over the last few decades, moving from basic 

reactive procedures to increasingly sophisticated predictive ones, thanks to machine learning. This 

shift stems not only from technological advancements but also from the increasing technical 

complexity of contemporary buildings and the desire to enhance efficiency. A perspective like this, 

creates an important context for introducing predictive maintenance using machine learning in 

today’s facilities. 

 

Modern commercial buildings are essentially interconnected systems of great complexity, whose 

mechanical electrical plumbing systems require monitoring and maintenance to ensure the 

comfort, health, safety and efficient operation of occupants. Innovations in technologies for smart 

buildings coupled with artificial intelligence and machine learning present exciting opportunities 

to foresee equipment failures before they happen, schedule maintenance, lower operational costs 

and prolong the life of equipment. 

 

1.1 The Evolution of Building Maintenance Strategies 

 

Building maintenance strategies have progressed through several distinct phases, each 

representing a measurable advancement in sophistication and effectiveness. The earliest and most 

basic approach, reactive maintenance, involves repairing or replacing equipment only after it has 

failed. While this run-to-failure strategy minimizes upfront planning and labor costs, it typically 

results in unexpected downtime, emergency repair expenses, and potential secondary damage to 

related systems. Studies indicate that reactive maintenance costs can run three to five times higher 

than proactive alternatives when total lifecycle expenses are considered. 

 

Preventive maintenance became the dominant practice throughout much of the twentieth century, 

establishing scheduled maintenance activities based on time intervals or equipment operating 

hours. This approach reduced unexpected failures but often resulted in maintenance activities 

performed on equipment still in good condition, as well as missed interventions on equipment 

degrading faster than anticipated. Industry research suggests that 30 to 40 percent of preventive 

maintenance activities may be performed on equipment that does not yet require attention, 

representing significant inefficiency. 

 

Condition-based maintenance advanced the field toward more targeted interventions, using 

periodic or continuous monitoring to assess equipment condition and schedule maintenance based 

on actual degradation rather than arbitrary time intervals. Technologies such as vibration analysis, 

thermography, and oil analysis enabled maintenance teams to identify developing problems and 

intervene at optimal times. This approach reduces unnecessary maintenance while better targeting 

equipment approaching failure. 
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Predictive maintenance using machine learning represents the current state of the art, leveraging 

advanced algorithms to analyze operational data, identify patterns indicative of impending failure, 

and forecast remaining useful life with unprecedented accuracy. Unlike condition-based 

maintenance, which relies on predetermined threshold values, machine learning models can 

identify subtle patterns across multiple variables simultaneously, continuously improving their 

predictions as they process additional data over time 
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1.2 Understanding Predictive Maintenance 

 

Predictive maintenance helps to maintain the equipment in the modern world through the means 

of forecasts. The primary method involves utilizing historical and real-time information through 

sensors of equipment, building automation systems, and maintenance history to assist forecast 

failures of equipment.  With this capability, maintenance teams can intervene at the best possible 

time prior to failure and without unnecessary maintenance. 

 

Data sourced from equipment sensors and building systems kicks off the predictive maintenance 

process that follows a defined workflow. The data is pre-processed and feature engineered to 

generate relevant characteristics, followed by the training of a model on historical failure data. 

Trained models always check new data to forecast the condition of equipment and its remaining 

useful life.  Maintenance scheduling is based on these predictions, outcomes of maintenance are 

fed back into predictions. 

 

Machine learning facilitates predictive maintenance by detecting complex and nonlinear 

relationships in equipment data that are not practical or feasible for humans to detect manually. 

The algorithms can process thousands of sensor readings at a single time to identify real threats 

ahead of failure days, weeks or even months in advance. The more data models process, the better 

predictions they make, and the better their predictions, the better they become. 
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Key performance indicators for predictive maintenance programs include prediction accuracy, 

false positive and negative rates, lead time before failure, maintenance cost reduction, and 

equipment uptime improvement. Research indicates that well-implemented predictive 

maintenance programs can reduce maintenance costs by 25 to 30 percent, decrease equipment 

downtime by 35 to 45 percent, and extend equipment service life by 20 to 40 percent compared to 

traditional preventive maintenance approaches. 
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1.3 The Business Case for ML-Based Predictive Maintenance 

 

To implement predictive maintenance using machine learning requires a serious investment in 

sensors, data and analytics platforms and organizational capabilities. To prepare a convincing 

business case, the cost and benefits must be quantified on all counts. This includes direct 

maintenance cost savings, as well as avoided downtime, energy efficiency gains, extended life of 

equipment, and risk mitigation. 

 

By optimizing the time to perform maintenance such that preventive activities do not get 

performed unnecessarily and emergency repair costs do not incur, maintenance costs are 

minimized directly. Research indicates that emergency repairs can cost two and five times more 

than maintenance for the same job. This phenomenon is caused by the use of more expensive labor 

rates, rapid purchase of parts and loss of production. Using predictive maintenance means 

scheduled job-interventions can capture most of the costs difference while not wasting money on 

needless preventative maintenance. 

 

Not having downtime is one of the single biggest value drivers. This is especially true of facilities 

where equipment failure will cause operational interruptions and/or loss of comfort and productive 

use for occupants. Tenant complaints, lease violations and reputational harm can arise from HVAC 

system failures during extreme temperature weather in commercial office buildings. Healthcare 

facilities are a patient safety concern. If data centers breach their service level agreement, they may 

be penalized. In order to calculate downtime costs accurately, one must understand the specific 

operational impacts within each type of facility. 

 

Predictive maintenance implementation often comes with energy efficiency improvements. 

Normally well-maintained equipment consumes more energy than equipment which is not well-

maintained. A chiller whose heat exchanger surfaces have become fouled may use 10 to 25 per 

cent more energy than the same equipment in clean condition. Preventive maintenance allows you 

to detect when a machine’s efficiency is degrading and fix it. 
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1.4 Overview of Building Systems Suitable for Predictive Maintenance 

 

The building systems do not lend themselves equally to predictive maintenance. The ideal 

candidates have a lot in common: their components do not fail catastrophically but degrade 

steadily, their failure incurs costs that are significant in operational or financial terms, they 

generate, or can be equipped with sensors that offer relevant operational data, and there is sufficient 

historical failure data to train accurate predictive models. 

 

The main focus of building predictive maintenance programs is HVAC systems. Building energy 

systems consume around 40 percent of the total energy consumption of a building and these 

systems contain multiple parts, components, and equipment which can be predicted to degrade in 

a systematic fashion. Predictive monitoring can enhance a variety of systems including chillers, 

boilers, air handling units, and their controls. Many facilities can benefit from analytics leveraging 

building automation system data without extensive deployment of new sensors. 
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Predictive maintenance is ideally suited to electrical systems such as transformers, switchgear, 

UPS, and emergency generators. Rich data for fault detection can be obtained by thermal imaging, 

partial discharge monitoring, and power quality analysis. Electrical system failures can lead to 

local outages and serious arc flash events. Consequently, investing in predictive capabilities is 

warranted. 

 

There is great visibility and safety impacts and regulations for vertical transportation systems 

including elevators and escalators. Hence, they will require predictive approaches. Contemporary 

elevator systems produce significant operational data. Moreover, equipment manufacturers are 

increasingly integrating predictive maintenance into their service offerings. Leak detection and 

monitoring of pumps and water heaters may not attract as much attention as their HVAC 

counterparts, but they are still indispensable as they can lead to similar costly water damage. 
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Chapter 2: Machine Learning Fundamentals for Building Applications 

 

Effective implementation of predictive maintenance requires a working understanding of the 

machine learning techniques that power these systems. This chapter introduces fundamental 

concepts, algorithms, and approaches most relevant to building applications, providing the 

technical foundation needed to evaluate, implement, and optimize predictive maintenance 

programs. While detailed mathematical treatment is beyond this course's scope, building 

professionals benefit considerably from a conceptual understanding of how these technologies 

work. 

 

2.1 Introduction to Machine Learning Concepts 

 

Machine learning is an area of artificial intelligence that aims to create algorithms that perform 

better with experience. Machine learning systems do not strictly follow different rules that 

programmers have coded into them for every situation. They use analysis of data to create a pattern 

and use that pattern in a different situation. Such correlations will be useful for predictive 

maintenance when the relationship between the failure event and the sensors installed on the 

machine is complex for the human analyst to interpret using common methods. 

 

There are several steps involved in the machine learning workflow. The act of Data Collection 

involves gathering relevant information, including from sensors, maintenance records, etc. Data 

preparation is cleaning and transforming your data for analysis. Feature engineering is the process 

of transforming raw data into features that will help in predictive modeling. Training algorithms 

to identify patterns in a context through historical data whose outcome is known Testing the model 

on data that was not used during training ensures performance. In the final step, we deploy the 

model to go live. 

 

Machine learning models utilize key components as part of their training. These include the 

features, labels, and training data. Firstly, features are the input variables that enable predictions. 

Secondly, labels are the expected outcomes that the model learns. Lastly, training data is the 

historical data or examples that the model learns from.  The patterns you learned are represented 

by the model itself. When building professionals grasp these concepts, they can communicate more 

effectively with data science teams and make more informed decisions regarding predictive 

maintenance implementations. 
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2.2 Supervised and Unsupervised Learning Approaches for Maintenance 

 

Predictive maintenance of a machine can be done using two types of machine learning approaches. 

In supervised learning, the historical data is labelled meaning that we know the input features and 

what the predicted outcome is.  In the case of predictive maintenance use, we refer to training data 

that includes sensor values leading up to known failure occurrences. The algorithm learns about 

the latent variables in the sensor data that preceded the failure and uses it to forecast failure. 

 

Predictive maintenance commonly uses supervised learning algorithms such as random forests, 

gradient boosting machines, support vector machines, and neural networks. Random forests 

aggregate a multitude of decision trees to formulate robust predictions. These predictions can 

accommodate the multiple variations of sensors. Gradient boosting methods iteratively improve 

predictions by focusing on the cases that previous models mispredicted. These algorithms are great 

at classification, such as determining whether a piece of equipment will fail within a particular 

time frame. 

 

The method of uncovering hidden patterns in dataset using specific algorithms is called 

unsupervised learning. In case of buildings that are not much failed, unsupervised techniques are 

able to detect abnormal behaviour, identify operational modes or cluster similar equipment 

behaviour without requiring huge labelled training data.  These techniques are especially valuable 

for identifying previously unidentified failure modes or detecting minor changes in equipment 

behavior that merit investigation. 
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Semi-supervised learning uses a small amount of labeled data along with larger unlabeled datasets. 

It is often more practical to use a hybrid approach for building applications that have some labeled 

failure examples in maintenance records, but it is impractical to label all historical data. Applying 

models trained on one dataset – a “transfer learning” strategy – represents another option for 

facilities that do not have much locally drawn data. 
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2.3 Deep Learning and Neural Networks in Building Systems 

 

Renowned for excellent performance on complex recognition problems, deep learning is a machine 

learning technique use multilayer artificial neural networks. These algorithms can automatically 

learn the representation of features from data, reducing the need for manual engineering. Deep 

learning can pick up changes in sensor data that traditional machine learning systems can’t in 

context of building systems that generate significant amounts of sensor data. 

 

Deep learning techniques for processing sensor data from various pieces of building equipment 

include convolutional neural networks. These were originally designed for image classification 

problems.  By assessing the sequence of sensor readings as a one-dimensional signal, these 

networks can detect temporal patterns associated with the emergence of equipment problems. Long 

short-term memory networks (LSTM), a type of recurrent neural network, are designed to learn 

sequentially from given data. LSTM networks are capable of recognizing long-term dependencies. 

Therefore, these networks will learn the long-terms dependencies from the equipment behavior.  

 

For predictive maintenance, autoencoders are a particularly useful deep learning architecture. 

Auto-encoders are networks that compress input data into a lower-dimensional representation and 

reconstruct the original output. When these algorithms are tasked with the normal working of the 

equipment, they will not be able to reconstruct the faulty data accurately. Thus, it becomes easier 

to detect abnormal behavior of the equipment even when the algorithm is not trained explicitly on 

the failure modes. This unsupervised method can help discover novel failure modes not found in 

historical data. 

 

Deep learning methods are very powerful, but they will need a lot of computer power and training 

data to be at the peak of performance. In fact, for many building applications, traditional machine 

learning algorithms may deliver similar accuracy with simplicities of implementation and 

interpretation. 

 

The selection of approaches should be based on the available data, computational resources, 

interpretability requirements and nature of prediction task. 
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2.4 Time Series Analysis and Anomaly Detection 

 

Essential to predictive maintenance applications, time series analysis is based on time-stamped 

data continuously generated by building systems. Trends, seasonality and autocorrelation 

characterize time series data which require special methods for analysis. By grasping these traits, 

we can more accurately model and predict the behavior of equipment over time. 

 

The trends demonstrate gradual changes which takes place in the equipment over a long period of 

time.  Seasonality refers to reoccurring events at fixed interval. For example, daily load cycles or 

annual heating and cooling. Autocorrelation is a measure of the correlation between current and 

past values. For instance, equipment readings are generally correlated with recent readings. To put 

it differently, predictive models should account for these factors and differentiate the normal 

variation and developing problems. 

 

Anomaly detection is when data points differ from expected patterns of behavior.  Through historic 

distributions, statistical methods establish limits on the readings and raise a red flag when these 

are exceeded. Machine learning techniques learn more complex representations of normal 

behavior, which allows them to detect more subtle multivariate anomalies compared to univariate 

methods. The challenge is how to be sensitive enough to pick up wanneer fantastic issues arise, 

but not so sensitive as to experience a lot of false alarms due to normal operational variation. 

 

The estimation of remaining useful life predicts how long the equipment may function before 

failure. This regression task involves modeling degradation trajectories and uncertainty associated 

with predictions. The mechanisms of probabilistic approaches give confidence intervals instead of 

a single point estimate. This helps maintenance planners to assess risk and take scheduling 

decisions with full knowledge of uncertainty. 
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Chapter 3: Data Collection and Sensor Systems 

 

The effectiveness of machine learning-based predictive maintenance depends fundamentally on 

the quality and comprehensiveness of available data. This chapter examines the data infrastructure 

required to support predictive maintenance programs, including building automation systems, 

supplemental IoT sensors, data preprocessing requirements, and storage strategies. Understanding 

these technical foundations enables informed decisions about infrastructure investments and 

implementation approaches. 

 

3.1 Building Automation Systems and Data Sources 

 

Building automation systems represent the primary data source for many predictive maintenance 

implementations. Modern BAS platforms monitor and control HVAC, lighting, fire safety, and 

other building systems while generating substantial operational data. These systems typically 

include thousands of data points covering temperatures, pressures, flow rates, equipment status, 

and control signals that provide rich information about equipment operation and health. 

 

Accessing BAS data for analytics requires understanding the system architecture and available 

interfaces. BACnet, the most common building automation protocol, provides standardized 

methods for reading data points and historical trends. Many modern BAS platforms include API 

interfaces enabling programmatic data extraction. Older systems may require protocol translation 

or manual data export processes. Data historians built into or added to BAS platforms store time-

series data at configurable intervals, though default settings may not provide sufficient resolution 

for detailed analytics. 

 

Common BAS data points valuable for predictive maintenance include supply and return air 

temperatures, chilled and hot water temperatures and flows, equipment run status and commanded 

states, variable frequency drive speeds and power consumption, zone temperatures and setpoints, 

and outdoor air conditions. The specific points available depend on the installed equipment, 

sensors, and BAS configuration. Conducting a thorough inventory of available data points 

provides the foundation for analytics planning. 

 

3.2 IoT Sensors for Equipment Monitoring 

 

While building automation systems provide substantial data, supplemental Internet of Things 

sensors can fill gaps in monitoring coverage and provide higher-resolution data for specific 

predictive maintenance applications. IoT sensors have become increasingly affordable and easy to 

deploy, enabling targeted monitoring of equipment and conditions not covered by existing BAS 

infrastructure. 
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Vibration sensors represent one of the most valuable additions for predictive maintenance, 

providing early warning of mechanical problems in rotating equipment including motors, fans, 

pumps, and compressors. Modern wireless vibration sensors can be deployed on equipment 

without complex installation, transmitting data to cloud platforms for analysis. Machine learning 

algorithms trained on vibration signatures can detect bearing wear, imbalance, misalignment, and 

other developing faults weeks or months before failure. 

 

Power monitoring at the equipment level provides another rich data source. Current and power 

consumption patterns change as equipment degrades or operates abnormally. Smart circuit 

breakers, power meters, and clamp-on current sensors can monitor individual equipment or circuits 

without major electrical modifications. Analyzing power signatures over time reveals developing 

efficiency problems and abnormal operating conditions. 

 

Environmental sensors monitoring temperature, humidity, air quality, and other conditions can 

identify operating environments that accelerate equipment degradation. Acoustic sensors can 

detect unusual sounds from equipment, complementing vibration monitoring. Thermal sensors 

using infrared technology can identify hot spots indicating electrical or mechanical problems. The 

choice of supplemental sensors depends on the specific equipment being monitored and the failure 

modes of greatest concern. 

 

3.3 Data Quality, Preprocessing, and Feature Engineering 

 

Raw data from building systems rarely arrives in a form suitable for immediate machine learning 

application. Data quality issues including missing values, sensor errors, inconsistent timestamps, 

and outliers require systematic preprocessing before analysis. Feature engineering then transforms 

cleaned data into representations that enable effective machine learning, often making the 

difference between mediocre and excellent predictive performance. 

 

Missing data is endemic in building systems due to sensor failures, communication interruptions, 

and system reconfigurations. Simple approaches include deleting records with missing values or 

filling gaps with constant values, but more sophisticated methods such as interpolation, forward-

filling, or model-based imputation often produce better results. The appropriate handling depends 

on the pattern and cause of missing data and the requirements of downstream analysis. 

 

Outlier detection and handling presents challenges in building systems where operational changes 

can produce legitimate extreme values. Statistical methods flag values beyond expected ranges, 

but determining whether outliers represent sensor errors, unusual operating conditions, or early 

signs of equipment problems requires domain knowledge. Automated outlier handling must 

balance removing erroneous data against preserving genuine signals that may carry predictive 

value. 
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Feature engineering creates derived variables that capture equipment behavior more effectively 

than raw sensor readings alone. Common features include rolling statistics such as moving 

averages and standard deviations, rate of change calculations, operational duration counters, 

efficiency calculations from related variables, and time-based features capturing daily and seasonal 

patterns. Domain expertise about equipment operation guides feature creation, though automated 

feature engineering tools can also discover effective features. 

 

3.4 Data Storage and Management Strategies 

 

Predictive maintenance programmes generate large amounts of data which require a proper storage 

architecture.  The decisions regarding on-premises versus cloud storage, database technologies, 

and retention policies influence the cost, performance and analytics of the system. Data 

management strategies provide a balance between storage cost vs analytical requirement. In 

addition, manage for security and compliance. 

 

Time series databases that are optimized for consecutive time-stamped data provide greater gains 

than general-purpose data bases for building analytics. The specialized database stores data that is 

efficient to compress, enables fast queries over time ranges, and comes with built-in functions for 

time-series operations. Frequently used options are InfluxDB, TimescaleDB, and cloud-based 

services from key providers. Selection criteria are query performance, storage efficiency, 

integration capabilities and operational complexity. 

 

Data retention policies ought to weigh data forensics against storage fees and regulations. Even 

though ML likes to train with maximum historical data, it is not viable to store raw sensor data at 

high resolution indefinitely. You can use a tiered approach where you maintain more recent data 

at full resolution while aggregating or downsampling older data to save on storage costs whilst 

maintaining analytical value. Decisions about retention can be informed by knowing what data 

was collected and what analytics it could support. 

 

Cloud platforms provide scalable storage and computing power that can simplify the 

implementation of predictive maintenance, particularly for organizations without substantial on-

premises IT. Leading cloud providers provide time-series services, machine learning and pre-

packaged analytics tools. Nonetheless, the following items must be evaluated for data transfer 

rates, latencies for live applications and status of data sovereignty. Building applications can often 

strike the most practical balance with hybrid architectures that keep local processing yet use the 

cloud for backup and analytics. 
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Chapter 4: ML Models for Building Equipment Maintenance 

 

This chapter examines specific applications of machine learning for predictive maintenance across 

major building systems. For each system type, the discussion covers relevant failure modes, 

suitable monitoring approaches, applicable machine learning techniques, and documented results 

from implementation experience. Understanding these specific applications provides practical 

guidance for implementing predictive maintenance programs tailored to particular building 

systems and equipment types. 

 

4.1 HVAC System Predictive Maintenance 

 

HVAC systems represent the primary focus of building predictive maintenance due to their critical 

importance, operational complexity, and data availability. Major components including chillers, 

boilers, air handling units, cooling towers, and associated controls each present distinct failure 

modes and monitoring opportunities. Machine learning models trained on operational data can 

detect degradation and predict failures across these diverse equipment types. 

 

Chiller predictive maintenance leverages the extensive monitoring available on modern centrifugal 

and screw chillers. Key parameters include approach temperatures across evaporators and 

condensers, compressor discharge temperatures and pressures, oil temperatures and pressures, and 

motor current draws. Machine learning models can detect refrigerant charge problems, heat 

exchanger fouling, bearing wear, and developing electrical issues by identifying subtle changes in 

these relationships before efficiency degradation or failure becomes apparent. 

 

Air handling unit predictive maintenance focuses on fan motors, bearings, belts, coils, and 

dampers. Vibration monitoring of supply and return fans provides early warning of bearing wear, 

imbalance, and belt problems. Coil performance monitoring using temperature differentials and 

flow rates detects fouling that reduces capacity and increases energy consumption. Filter 

differential pressure monitoring enables optimal replacement timing. Comparing damper position 

feedback against commanded position helps identify actuator failures before they impact air 

distribution. 

 

Variable frequency drive monitoring has become increasingly important as these devices 

proliferate in building HVAC systems. Machine learning models analyzing drive electrical 

parameters can detect developing capacitor failures, thermal problems, and motor insulation 

degradation. Since VFD failures can cascade to associated equipment damage, early detection 

provides substantial value. Integration with motor monitoring enables comprehensive rotating 

equipment coverage throughout the mechanical systems. 
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4.2 Electrical System Fault Prediction 

 

Electrical system failures can result in equipment damage, fire hazards, and extended building 

downtime, making predictive capabilities particularly valuable. Machine learning applied to 

electrical system monitoring data can identify developing problems in transformers, switchgear, 

panels, and distribution equipment before failures occur. The consequences of electrical failures 

justify investment in comprehensive monitoring and analytics for these systems. 

 

Transformer predictive maintenance has a long history in utility applications, with techniques 

increasingly applied to building distribution transformers. Dissolved gas analysis of oil-filled 

transformers provides early indication of internal problems including overheating, arcing, and 

insulation degradation. Temperature monitoring of dry-type transformers combined with load data 

enables thermal modeling that predicts overload conditions. Machine learning models combining 

multiple parameters improve upon traditional threshold-based approaches. 

 

Power quality monitoring provides rich data for detecting developing electrical problems. 

Harmonics, voltage sags and swells, transients, and other power quality events can indicate 

equipment problems throughout the distribution system. Machine learning classification of power 

quality events can identify their sources and assess their severity. Trend analysis of power quality 

metrics over time reveals gradual degradation in distribution equipment well before it manifests 

as a system fault. 

 

Thermal monitoring of electrical equipment using infrared sensors or periodic thermal surveys 

detects hot spots indicating loose connections, overloaded circuits, or failing components. Machine 

learning approaches can automate analysis of thermal images, identifying abnormal patterns and 

tracking temperature trends over time. Integration with electrical monitoring data enables 

comprehensive condition assessment across the full distribution system. 

 

4.3 Elevator and Vertical Transportation Systems 

  

Elevators combine high visibility, safety implications, and regulatory requirements that make them 

natural candidates for predictive maintenance. Modern elevator systems generate extensive 

operational data through their controllers, and supplemental IoT sensors can provide additional 

monitoring capability. Machine learning analysis of this data enables prediction of component 

failures and optimization of maintenance scheduling in ways that traditional time-based service 

contracts cannot achieve. 

 

Door system failures represent the most common elevator maintenance issue, accounting for 

approximately 60 to 80 percent of service calls. Machine learning models analyzing door opening 

and closing times, motor current draws, and safety edge activations can detect developing 

problems including track misalignment, roller wear, motor degradation, and sensor fouling. 

Predicting door problems enables scheduled repairs during low-traffic periods rather than 

emergency responses when elevators trap passengers. 
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Traction system monitoring focuses on the motor, drive, brake, and sheave components that move 

the elevator car. Vibration analysis of the machine reveals bearing wear and mechanical problems. 

Drive electrical parameters indicate developing issues with power electronics. Brake wear 

monitoring ensures safe stopping capability. Rope inspection systems can automatically detect 

wire breaks and other rope degradation requiring replacement before safety margins are 

compromised. 

 

Ride quality monitoring using accelerometers mounted on elevator cars detects problems affecting 

passenger comfort and indicating mechanical issues. Excessive vibration, jerky acceleration, or 

rough leveling may indicate guide rail problems, roller wear, or control issues. Machine learning 

classification of ride quality events can identify specific failure modes and track degradation trends 

over time, providing a comprehensive picture of elevator health. 
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4.4 Plumbing and Water System Monitoring 

 

Failures of water system equipment can do significant damage to property and disrupt business 

operations.  Thus, predictive maintenance of water system equipment is becoming an increasingly 

attractive proposition in the plumbing business. Due to a reduction in sensor costs and machine 

learning techniques becoming more developed, plumbing predictive maintenance is on the rise 

despite it being less commonly targeted than HVAC or electrical systems.  The primary uses are 

to monitor the pump, maintain water heaters and detect leaks. 

 

This pipeline predictive maintenance is essentially just like what is done on the fans and motors in 

HVAC systems.  Specifically, monitoring vibration, temperature and current would pick up defects 

on the bearings, degradation of the seals and impeller issues. Predictive monitoring is important 

for domestic water pumps, sump pumps, and sewage ejector pumps due to the consequences of 

failure. Flow and pressure sensors are capable of detecting blockages or other issues in the system 

that are increasing loads on the pump before the pump actually fails. 

 

Water heater monitoring looks at tank temperature stratification, heating element performance and 

anode rod condition, each of which affects efficiency and lifespan. Using machine learning to 

analyze heating cycles and recovery times allows us to detect the degradation of elements, 

sediment build-up and leaks that are developing. Monitoring combustion efficiency for gas-fired 

water heaters adds another dimension to predictive capability. 

 

Thanks to machine learning, the ability to detect leaks has moved toward pattern recognition from 

measuring flow and triggering an alarm.  Models using machine learning to examine water meter 

data can identify differentiating signatures of categories of leaks and distinguish them from actual 

usage. Sensors mounted on the pipes can hear signs of developing failures. This is possible before 

water damage happens. It can be repaired before causing a minor leak to become a major loss 

event. 
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Chapter 5: Implementation and Future Trends 

 

For effective implementation of machine learning-based predictive maintenance, planning, 

alignment and phasing is important. This chapter offers practical implementation guidance while 

analysing the new technologies and industry trends that will shape future capabilities. 

Understanding both the near-term implementation and longer-term technology evolution affords 

strategic advantage in planning predictive maintenance programs. 

 

5.1 Implementation Roadmap and Best Practices 

 

Successful predictive maintenance implementation typically follows a phased approach that builds 

organizational capability while demonstrating value at each step. Beginning with pilot projects on 

high-priority equipment enables learning and refinement before broader deployment. This phased 

strategy manages risk while building the business case for expanded investment. 

 

The assessment phase evaluates current maintenance practices, identifies highest-value 

opportunities, and documents available data sources and quality. This phase should inventory 

existing BAS data points, maintenance records, and equipment criticality. Engaging maintenance 

staff in this assessment captures valuable domain knowledge about equipment failure patterns and 

current pain points that data alone cannot reveal. 

 

Pilot implementation focuses on a limited equipment set with clear value potential and good data 

availability. Chillers and air handling units frequently serve as pilot targets given their criticality 

and extensive monitoring. The pilot phase validates data quality, develops initial models, and 

establishes baseline metrics for measuring improvement. Pilots should run long enough to capture 

seasonal variations and sufficient failure events for model validation. 
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Scale-out expands proven approaches to additional equipment while incorporating lessons learned 

from pilots. This phase often requires additional sensor deployment, data infrastructure upgrades, 

and process changes to act on predictions effectively. Integration with computerized maintenance 

management systems enables automated work order generation based on predictions. Ongoing 

model monitoring and retraining ensures continued accuracy as equipment and operations evolve. 

 

5.2 Integration with Building Information Modeling 

 

Building Information Modeling provides a digital representation of physical and functional 

characteristics that can enhance predictive maintenance capabilities. Integrating BIM with 

operational data and machine learning analytics creates a comprehensive digital twin enabling 

visualization, analysis, and management of building systems throughout their lifecycle. This 

integration represents a significant opportunity for advanced facilities seeking to maximize the 

value of both their BIM investment and their predictive maintenance program. 

 

BIM integration enables spatial visualization of predictive maintenance insights, showing 

equipment health status within a three-dimensional building model. Maintenance staff can 

navigate virtually to equipment locations, review historical data, and access documentation. Color-

coding equipment by predicted condition provides intuitive awareness of maintenance priorities. 

This visualization capability improves maintenance planning and communication across teams and 

stakeholders. 
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Digital twin implementations extend BIM with real-time operational data, creating dynamic 

models that reflect current building state. Machine learning models can simulate equipment 

behavior under different conditions, predicting the impact of maintenance activities or operational 

changes. This simulation capability enables optimization of maintenance scheduling and 

assessment of the risks associated with maintenance deferral. 

 

Standards such as COBie and IFC provide frameworks for integrating equipment data with BIM 

models, though implementation remains challenging in practice. The industry is moving toward 

greater standardization that will simplify integration over time. For new construction, specifying 

digital handover requirements ensures operational data connectivity from building occupancy. For 

existing buildings, phased digitization of equipment records supports gradual BIM integration. 

 

5.3 Edge Computing and Real-Time Processing 

 

Instead of sending all the data collected from IoT devices to a centralized cloud system for 

processing, edge computing forwards data close to its source. Thus, it offers several advantages in 

building predictive maintenance. Performing machine learning models locally on hardware, or 

edge computing, reduces latency, reduces bandwidth needs, increases data security, and even 

operates when there is no connection. Building applications are now better with edge computing 

at disposal. 

 

Today’s edge computing hardware is powerful enough to run trained machine learning models in 

real time. Edge industrial gateways, building controllers with enhanced computing capacity, and 

dedicated analytics appliances can conduct inference operations on streaming sensor data.  The 

ability to check at the edge allows for the detection of anomalies and the updating of predictions 

without the cloud roundtrip time delays. 

 

If you are pursuing a hybrid architecture that combines edge and cloud computing, you are likely 

to obtain optimal solutions. With real-time inference and immediate alerting, edge systems transfer 

summary data to a cloud for storage, model training and enterprise-wide analytics. Combining the 

agility of edge technology with the expansive storage and processing capabilities of cloud 

platforms is this architecture. 

 

When you deploy models to edge devices, you must account for computational restrictions, model 

updates, and monitoring for degradation. Frameworks like TensorFlow Lite and ONNX Runtime 

allow deployment of trained models to edge hardware with limited resources. Automated processes 

for retraining and deploying models keep edge models updated as equipment behavior shifts. 
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5.4 Emerging Technologies and Industry Outlook 

 

The predictive maintenance field is continuously changing with newer technologies promising 

enhanced capabilities in the years to come. These trends serve as a guide for strategic planning and 

investment decisions that organizations take. Although there will be uncertainties in specific 

technological developments, there are nevertheless several likely directions for the future. 

 

Federated learning allows a model to be trained in multiple buildings without sharing the raw data, 

thus protecting privacy while benefiting from a broader dataset. 

This approach is designed so that equipment manufacturers and service providers can develop 

better models using data on their entire installed base.  However, data from individual buildings 

will not be publicly released. The development of models using federated learning could be quicker 

and could improve accuracy for rare failure events any building may experience infrequently. 

 

Generative AI and large language models are starting to impact building operations with natural 

language interfaces to building systems and automated reports. Using conversational language, 

maintenance technicians would query building data and get an automated analysis of equipment 

conditions and new work orders through voice. This enables staff with no data science credentials 

to get predictive maintenance insights more easily. 

 

In the long term, robotics and AI may help in doing maintenance autonomously. The introduction 

of self-diagnosing machines, robotic inspection systems that autonomously reschedule 

maintenance, and automatic adjustment of operating parameters based on predicted conditions will 

reduce human involvement in maintenance of the equipment in future. Although ultimate 

autonomy is still some time away, leading facilities are already on the path to automating 

maintenance decision-making and scheduling. 
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