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Abstract 

Building systems, particularly Heating, Ventilation, and Air Conditioning (HVAC) systems, are 

prone to various operational issues that can significantly impact their performance. These issues, 

ranging from sensor malfunctions to equipment failures and suboptimal system operations, often 

result in a cascade of negative consequences. These include excessive energy consumption, 

inflated maintenance expenses, compromised indoor environmental quality. Research indicates 

that such system faults and inefficient controls can lead to energy wastage of 15% to 30% in 

buildings. In recent years, the widespread implementation of building automation systems, coupled 

with advancements in data analytics, sensor technology, and machine learning algorithms, has 

sparked growing interest in data-driven Fault Detection and Diagnostics (FDD) for HVAC 

systems. Many studies have explored traditional machine learning and deep learning models 

trained in supervised, semi-supervised and unsupervised ways. However, several gaps in the 

literature persist. These include a lack of studies in residential contexts, unclear understanding of 

temporal dependencies' importance, insufficient research on addressing labelled data challenges 

for unseen fault detection, and limited studies using real building data. This thesis aims to address 

several objectives. Firstly, it investigates the efficacy of select supervised methods in residential 

settings, focusing on a minimalist feature set to optimize practicality and efficiency. Secondly, the 

research evaluates the potential of multivariate time series classification algorithms for FDD, 

exploring their capacity to capture temporal patterns in HVAC system behaviour. Lastly, the study 

develops and tests a novel self-supervised learning algorithm. This approach leverages unlabelled 

data to accelerate the data annotation process, a step in overcoming the scarcity of labelled datasets 

in real-world scenarios. The performance of this self-supervised method is rigorously assessed 

using data from an actual building. To address the first objective, a case study was done on a 

residential building using simulated data. Extreme Gradient Boosting exhibited an accuracy of 

85% using minimal features while accounting for the risk of overfitting. Moreover, interpretability 

methods were used to insure model transparency both in global and local model’s decision. For 

the second objective a benchmarking study was done on multiple multivariate time series 

classification algorithms used against open-source datasets. Deep learning-based algorithms 

exhibited the highest performance with an F1 score of 0.92, 0.85 and 0.61 respectively on the three 
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datasets used. For the third objective, an innovative transformer-based self-supervised method was 

developed to leverage unlabelled data for fault detection. The method was coupled with dynamic 

thresholding technique called peak of threshold to detect more subtle faults. This approach aims 

to address the critical challenge of data annotation in real-world applications. The method was 

tested using data from a university campus building. The algorithm successfully identified various 

faults, primarily in the monitoring system, but also uncovered issues in the air handling unit 

scheduling.  
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CHAPTER 1 

 

1 Introduction 

This section is divided into four subsections. First the motivation of this thesis will be presented. 

Secondly, an overview of the literature is discussed. Thirdly the objectives and research questions 

this thesis trying to answer are presented and lastly the work structure of the upcoming sections. 

1.1 Motivation 

Buildings are complex integrated systems consisting of multiple components and subsystems and 

sensors. According to the United Nations Environment Program, 39% of the carbon dioxide 

emissions is attributed to the building systems [1]. Due to malfunctioning in the control, 

monitoring systems and equipment, 30% of the energy use in buildings is wasted [2], [3]. It is 

estimated that 0.37 to 17.96 EJ of additional energy consumption is due to faulty operations in 

buildings systems in the US [4]. Automated Fault Detection and Diagnosis (AFDD) provide a 

solution to tackle this problem [4],[5]. Many AFDD methods have been developed in both 

component level and whole building level. Kim, Katipamula and Brambly provided a 

comprehensive classification and review of system AFDD for Heating, Ventilation and Air 

conditioning (HVAC) [6], [7], [8]. According to this classification, AFDD methods can be divided 

into two main categories: qualitative and quantitative model-based methods (rule-based and 

physics-model based), and process history-based methods (mostly data driven and machine 

learning-based methods). Qualitative and quantitative methods are very popular among engineers 

and researcher as they are clear and easy to understand, however, due to their low scalability, their 

specificity and high development cost, the market adaptation has been low [9]. Therefore, process 

history-based AFDD methods received greater attention in the past decade due to their scalability 
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and low implementation cost. However, process history-based performance depends heavily on 

the quality of the data used for training [10]. The majority of the AFDD methods are developed 

and evaluated using simulated system data [11], [12]. This is because implementing faults, 

cleaning and handling real buildings data are challenging. Gradual faults have an impact overtime 

that is very challenging to detect [13]. There are also the issues with the data quality coming from 

the Building Automation System (BAS), like: noisy sensors, missing data, sensor faults and 

sensors accuracy). Many studies attempted to detect and diagnose anomalies in buildings by 

analysing the daily energy patterns[14], [15]. 

Many challenges face any FDD (Fault Detection and Diagnosis) system in all types of buildings 

[16]. These challenges are multifaceted and include: the scarcity of labelled data for abnormal or 

faulty operations [17], which hinders the development of accurate fault detection models; issues 

of scalability, as solutions need to be applicable across diverse building systems and sizes; 

transferability concerns, where models trained on one building may not perform well on another; 

and the critical need for interpretability of results [16], [18], [19]. Traditional approaches to HVAC 

fault detection and diagnostics have relied heavily on manual inspections, rule-based systems, and 

simplistic threshold alerts. However, these methods are often inadequate in addressing the 

complexity of modern HVAC systems, which integrate numerous components and operate under 

varying conditions. The advent of data-driven techniques, powered by machine learning and 

artificial intelligence, offers a promising solution to these challenges. These advanced methods 

have the potential to detect subtle anomalies, predict impending failures, and provide deeper 

insights into system behaviour. However, the application of data-driven FDD in real-world HVAC 

systems, particularly in the residential sector, remains limited. This gap between research 

advancements and practical implementation motivates the need for comprehensive studies that 

address the unique challenges of applying data-driven FDD to HVAC systems, including issues of 

data quality, model interpretability, and adaptability to diverse building types. A key motivating 

factor for this research is the scarcity of labelled fault data in HVAC systems, which poses a 

significant barrier to the development and deployment of supervised learning approaches. Unlike 

other domains such as computer vision or natural language processing, where large datasets of 

labelled examples are often available, HVAC fault data is typically sparse and challenging to 

obtain. This scarcity is due to the infrequent occurrence of faults, the cost and disruption associated 

with inducing faults for data collection, and the need for expert knowledge to accurately label fault 
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data. Another factor is the lack of studies of data driven FDD in the residential context. This is 

usually due to the limited amount of data available in that context plus the relatively lower 

economic incentive compared to the commercial one.  

1.2 Literature review 

In this section, the literature review will be presented. The section is divided into subsections in 

function of the steps used in the process of FDD in HVAC systems I introduce in Figure 1.  

1.2.1 Overview of the literature 

Fault detection and diagnostics techniques for HVAC systems are typically divided into two main 

categories: knowledge-driven and data-driven approaches [20]. Knowledge-driven techniques are 

based on physical principles and are further divided into model-based and rule-based approaches. 

Model-based methods use physical or statistical models as benchmarks, identifying faults when 

observed values significantly differ from the model's predictions [21], [22]. Rule-based 

approaches, on the other hand, rely on diagnostic rules developed by experts in the field [23], [24]. 

These knowledge-driven methods offer transparent reasoning processes, but developing precise 

models or extensive rule sets is complex and time-intensive, given the diversity and intricacy of 

HVAC systems. In contrast, data-driven methods analyse operational data to automatically identify 

relationships between faults and associated variables, making them more practical for real-world 

implementation. This classification scheme, despite its limitations, was sufficient when most 

methods relied on physical models and was widely adopted by other reviewers, including Chen et 

al. [25]. However, the rapid advancement of data science has led to a shift in focus towards data-

driven Fault Detection and Diagnosis (FDD) in recent review articles. Zhao et al. [26] reviewed 

AI-based FDD methods for building energy systems, proposing separate classification schemes 

for fault detection and diagnosis. Both schemes categorized studies as either data-driven or 

knowledge-driven. Fault detection methods were further subdivided, with data-driven approaches 

including classification-based, unsupervised learning-based, and regression-based methods, while 

knowledge-driven approaches encompassed model-based and rule-based methods. For fault 

diagnosis, data-driven methods included classification-based and unsupervised learning-based 

approaches, while knowledge-driven methods comprised inference-based (e.g., Bayesian network, 
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fuzzy logic) and diagnostic rule-based methods. Some methods were additionally labelled as AI-

based. Mirnaghi and Haghighat [27] reviewed FDD in large-scale HVAC systems using data-

driven methods, classifying FDD into model-based, data-driven, or knowledge-based categories. 

They further divided data-driven methods into qualitative (expert systems, fuzzy logic, pattern 

recognition, frequency analysis) and quantitative (statistical methods, neural networks) 

approaches. They defined knowledge-based methods as a combination of qualitative model-based 

methods (structural graphs, fault trees, qualitative physics) and data-driven subcategories (fuzzy 

logic, expert systems). In this section, a review of the literature for each component of the proposed 

solution will be presented. 

1.2.2 Data cleaning, preprocessing and feature engineering 

Datasets from Building Automation Systems (BAS) often suffer from incompleteness due to 

various issues, leading to information loss [28]. This significantly impacts Fault Detection and 

Diagnosis (FDD) outcomes. Literature on missing data imputation for building data covers 

univariate time series using statistical [29], [30] and machine learning methods [31], [32]. Recent 

ensemble methods have shown improved performance [33], [34]. While most imputation 

techniques focus on general applications, some studies address missing data specifically for FDD. 

Li et al. [35] proposed a filtering technique using temporal and spatial information, while Wang et 

al. [36] employed the expectation-maximization algorithm, both demonstrating improved FDD 

performance with data imputation.  

Before training FDD algorithms, data preprocessing is essential to enhance performance. This step 

includes tasks like feature selection, data scaling, and partitioning [37]. Typically, preprocessing 

is done offline by selecting relevant features from historical data, which are then applied to 

snapshot data. In BAS, where numerous sensors may provide redundant measurements, selecting 

informative features is crucial for effective data-driven FDD methods [38]. Using all available 

features could lead to overfitting, increased complexity, and higher computational costs [39]. 

Therefore, feature selection is necessary to simplify the model and reduce overfitting. 

Various feature selection methods, including filter, wrapper, embedded, and hybrid approaches, 

are used in FDD applications [40]. For example, Li et al. [41] introduced the Information Greedy 

Feature Filter (IGFF) to efficiently select informative features from Air Handling Unit (AHU) data, 
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demonstrating strong performance with the ASHRAE RP-1312 dataset [42], [43]. While filter 

methods are computationally efficient, they may not always yield the highest model accuracy [39]. 

Wrapper methods, though more computationally intensive, can optimize feature sets by evaluating 

different combinations, as shown by Namburu et al. [44]. However, wrapper methods are prone to 

overfitting [38]. Embedded methods, which combine aspects of filter and wrapper techniques 

within specific algorithms like Decision Trees (DT) and Random Forests (RF), have also been 

successfully applied [45]. Recent advancements have focused on feature extraction methods that 

identify "localized" patterns in time series data, aiding in feature selection. For instance, Zhang et 

al. [38] developed a framework integrating feature extraction and selection for whole-building 

FDD, which enhances model generalization by considering diverse fault behaviours. However, 

using wrapper methods in such contexts can significantly increase computation time. 

1.2.3 Supervised algorithms for FDD 

This section starts with the review of supervised models used in the literature. Later sections are 

dedicated to tree-based ensemble methods that are widely used in FDD applications. 

1.2.3.1  Review of supervised models 

Supervised learning requires labelled datasets where both input and output data are known, 

enabling the model to establish a mathematical function that predicts output from new inputs. This 

type of learning is split into classification (for discrete values) and regression (for continuous 

values), offering high interpretability and reliability [46]. Common supervised techniques in the 

HVAC field include Multi-Layer Perceptron (MLPs) [47], [48], [49], [50], and their deep learning 

derivatives such as Convolutional Neural Networks (CNNs) [51], [52], [53] and Recurrent Neural 

Networks (RNNs) [54]. MLPs are sometimes combined with other models like regression trees 

[55]. For example, Aguilar et al. [49] developed an Autonomous Cycle of Data Analysis 

(ACODAT) using Random Forests (RF) and linear regression for binary classification, followed 

by an MLP and RF model for behaviour prediction. Other notable methods include SVM-MSPCA 

for feature extraction and fault diagnosis [56], and various Bayes-based algorithms like Bayesian 

classifiers [57], [58], diagnostic Bayesian networks [59], [60], and Naive Bayes combined with 

decision trees (DTs) and RF [61]. Less common but still used algorithms in HVAC Fault Detection 

and Diagnosis (FDD) include XGBoost [62], [63], supervised auto-encoders (SAE) [64], 

diagnostic multi-query graphs (DMG) [65], hidden Markov models (HMM) [35], and ensemble 
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models such as those based on k-nearest neighbour (KNN) [66] or boosted regression trees (BRT) 

[67]. The following sub-sections are a display on the most used tree based and ensemble methods 

used in the literature. 

1.2.3.2 Decision trees 

Decision Tree (DT) models are versatile tools that can be employed for both classification and 

regression purposes. These models are structured using root nodes, decision nodes, and leaf nodes. 

The root node, also known as the parent node, represents the entire dataset and is responsible for 

dividing the data into two or more child nodes. When constructing a DT, key decisions involve 

selecting features to include as inputs, determining the criteria for splitting nodes, and deciding 

when to cease further branching. Notably, the growth of trees occurs randomly, necessitating the 

use of pruning techniques to enhance the model's performance by removing branches that rely on 

less important features. Pruning helps reduce the model's complexity, thereby mitigating 

overfitting and improving its generalization accuracy. Important concepts in DT construction 

include entropy and information gain, which are crucial for determining how branches are split. 

Entropy measures the unpredictability in a series of events and acts as an estimator, while 

information gain, calculated using a specific formula, provides insight into the certainty of the 

target variable's class. DT models (DTs) are generally straightforward to develop and offer high 

interpretability since they can be easily visualized and explained. Additionally, feature selection 

occurs implicitly within the model. However, overfitting is a common issue, as DTs can become 

overly complex and fail to generalize well to new data. Another potential problem is bias, which 

can arise if class imbalance within the dataset is not properly addressed [68]. 

DTs have been utilized as benchmark models to interpret MLPs [55]. In one study, DTs were 

analysed using a combination of temporal ARM techniques [69]. These trees were applied to detect 

faults during the non-transient periods of datasets, with their rule-based approach providing 

interpretability while the data-driven methodology enabled the automatic learning of operational 

patterns. However, it was necessary to reduce the granularity of the ASHRAE 1312-RP dataset to 

achieve optimal model performance. Additionally, DTs were used to classify data categories at the 

zone level, in conjunction with association methods [70]. In the context of system health 

monitoring, DT models were implemented due to their simplicity, enabling the differentiation 

between normal and abnormal operations [61]. Similar classifications were conducted in another 
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study, where DTs served as post-mining tools to distinguish between normal and abnormal data 

[71]. Moreover, DTs were employed to classify residuals generated in certain applications [72]. 

This model does not require complex hyperparameter optimization and outperforms other methods 

like Back Propagation Neural Networks (BPNN), MLP, Support Vector Machines (SVM), and 

LSTM networks. 

1.2.3.3 Random Forest 

If a Decision Tree (DT) model shows excessive variance despite applying suitable regularization 

techniques, it can be substituted with an ensemble of DTs known as a Random Forest (RF) model. 

The RF model predicts a class by averaging the outputs of multiple trees, and its accuracy tends to 

increase as more trees are added. This enhancement is achieved through a process called bagging, 

which involves sampling with replacement, along with random feature selection at each step of 

tree construction. This method trains ensembles of trees to achieve higher predictive accuracy. 

Essentially, the RF model manages to encode more complex distributions by employing highly 

expressive individual trees, whose variance is subsequently constrained through a voting 

mechanism during inference. However, training an RF model demands more computational 

resources compared to a DT. Additionally, RF models do not handle sparse data effectively and 

are not well-suited for extrapolation tasks, making classification random forests more commonly 

used than regression trees [46]. 

RF models have been studied and compared with autoregressive (ARX) models for predicting 

fault-free operation, specifically in predicting the total heating capacity of buildings, followed by 

fault detection using residual analysis [73]. While RF models are more challenging to interpret, 

they are less prone to overfitting and offer an efficient strategy for nonlinear modelling. Parzinger 

et al. [74] expanded their previous research by creating an algorithm to determine the optimal 

decision rule for identifying errors. Wu et al. [75] introduced an innovative hybrid method 

combining classifier chains with the integrated RF approach (CC-RF) to address concurrent faults 

in RLT units as a multi-label problem. 

RF models are frequently used in hybrid approaches to boost accuracy and are particularly 

recommended when many classes need to be predicted. Although the lack of interpretability can 

be a drawback in the field of HVAC system monitoring, RF models have demonstrated strong 

predictive performance. 
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1.2.3.4 Extreme Gradient Boosting 

Some limitations of Random Forest (RF) modelling can be addressed through the use of XGBoost, 

an advanced ensemble learning technique rooted in gradient boosting. This powerful algorithm 

operates by allowing each successive predictor to correct the cumulative errors made by its 

predecessors. In XGBoost, the individual models that comprise the ensemble, typically DTs, are 

constructed sequentially, each one focusing on the residuals of the previous models. These 

individual classifiers then combine to form a robust and more accurate model [76]. 

In [62], a hybrid reference model known as multi-region XGBoost was applied as a classifier, 

incorporating a type of DT called Classification and Regression Trees (CART). The results 

demonstrated the model's high accuracy in identifying errors, suggesting that it generalizes well 

and serves as a reliable and efficient model for FDD. This model outperformed both Support Vector 

Machines (SVM) and the standard XGBoost model. Additionally, XGBoost was used as a 

prediction model for energy consumption in [63], where it was combined with a novel dynamic 

threshold technique for FDD. This method effectively detected fault occurrences and dynamically 

adjusted the threshold value based on the real-time moving average and moving standard deviation 

of the forecasts. 

Although XGBoost is not yet widely used in HVAC FDD applications, it excels in handling large 

datasets and class imbalances, often outperforming models like SVMs in FDD tasks. Furthermore, 

due to its foundation in decision tree boosting, which involves a sampling technique, XGBoost 

models are resistant to distribution skewness. 

1.2.4 Unsupervised algorithms for FDD 

Unsupervised learning is applied to discover patterns in datasets where the data are unlabelled. 

Unlike supervised learning, which predicts outputs, unsupervised learning focuses on identifying 

relationships between data instances based on shared patterns. This type of learning can be further 

categorized into clustering and association techniques. Clustering involves grouping data instances 

that exhibit similar patterns, while association uncovers the underlying rules that define the data 

structure. 

Clustering approaches like k-means with squared Euclidean distances, Ward’s linkage using 

Euclidean distances, and Gaussian mixture model (GMM) clustering have been employed in 
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studies [77], [78], [79]. Additionally, association rule mining (ARM) techniques have been 

implemented using methods such as the FP-growth algorithm [80], [81], episode-based association 

methods [70], and Apriori, ECLAT, and FP-growth algorithms [71], along with Temporal ARM 

(TARM) utilizing the cSpade algorithm [69]. Other specialized algorithms identified in this context 

include a feature extraction model known as three-way data-based kernel Slow Feature Analysis 

(SFA) [82], conditional Wasserstein Generative Adversarial Networks (GANs) combined with an 

optimized ensemble learning quality control protocol [83], and autoencoders integrated with long 

short-term memory (LSTM) networks [84]. 

A multi-regional XGBoost model based on Classification and Regression Trees (CART) was 

developed using a mean-shift clustering technique [62]. Clustering following the “Follow the 

Leader” algorithm was also performed, followed by frequency analysis to label anomalous data 

[55], [69]. A study presented in [77] proposed a machine learning-based multi-stage automatic 

fault detection system that focuses on analysing Fan Coil Unit (FCU) subsystems. This method 

employs sequential two-stage clustering to detect abnormal behaviour. Another clustering-based 

method was applied in [78], where faults were identified using Ward’s linkage method with 

Euclidean distances, uncovering issues that were previously overlooked by operational staff and 

commercial FDD tools. Furthermore, anomaly detection at the zone level was performed using 

various clustering techniques, such as k-means, Gaussian mixture, and agglomerative clustering 

algorithms, with the best algorithm selected based on the Calinski–Harabasz index [79]. Feature 

selection was also conducted using clustering analysis, which included agglomerative hierarchical 

clustering, k-means, and Partitioning Around Medoids (PAM) algorithms [71]. In a hybrid 

approach, a physical model was developed and evaluated through a clustering technique by 

measuring distances between instances to differentiate between normal operation and four types 

of faults [27]. 

The study detailed in [98] implemented a two-step rule extraction approach, utilizing both 

Decision Trees (DT) and Temporal Association Rule Mining (TARM). The TARM techniques 

were employed specifically for detecting faults during transient periods. In contrast, the research 

described in [70] concentrated on metadata inference without relying on semantic information. 

The authors developed a zone-level inference method that included classification using DTs and 

an association method known as episode-based association. After classifying the data points, the 
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association method was used to uncover functional relationships among these point classes by 

grouping the data through various matching strategies. In another study [71], an anomaly detection 

and dynamic energy performance evaluation method for HVAC systems was proposed, focusing 

on evaluating multiple energy performance metrics of individual buildings over short intervals, 

such as hourly. This method involved clustering techniques, where the ARM method was applied 

to each data cluster. The post-mining process was further assessed using DTs. Additionally, to 

automate the rule selection process and enhance the performance of the ARM method, the authors 

in [80] improved the post-mining of associated rules by developing a comparison-based post-

mining approach. This approach involved grouping, normalizing, comparing association rules, and 

conducting expert rule analysis. Similarly, the post-mining process was refined in [81] by 

proposing the use of a fuzzy analytic hierarchy process. This method included three main criteria 

and six sub-criteria to evaluate the significance of each association rule. Fuzzy set theory was 

employed to assess the sub-criteria, and the analytic hierarchy process was used to determine the 

weight of each criterion and sub-criterion, resulting in a comprehensive evaluation of the rules. 

Finally, a k-means clustering algorithm was used to classify the rules based on their Euclidean 

distance. 

1.2.5 Fault types 

According to [85]. Faults in HVAC systems can be categorized into the three main types. Condition 

based faults which can be defined as the presence of an improper or undesired physical condition 

in a system or piece of equipment. An example of that would be a damper stuck in an AHU. 

Behaviour based faults which can be defined as the undesired behaviour during the operation of a 

component. Finally outcome based faults which is the quantifiable deviation from the correct 

outcome of a component. 

1.3 Objectives  

The research presented in this thesis aims to contribute to the foundational components of a 

comprehensive Fault Detection and Diagnosis (FDD) system, as illustrated in Figure 1. This 

proposed system architecture begins with the ingestion of both real-time (online) and historical 

data from a Building Management System (BMS). This data undergoes cleaning and preprocessing 
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to ensure quality and consistency. Historical data serves a dual purpose: it is utilized to train and 

evaluate a binary unsupervised classification algorithm. This algorithm is designed to distinguish 

between normal operating conditions and anomalous or potentially faulty states. The strength of 

using an unsupervised approach here lies in its ability to detect novel fault patterns without prior 

labelling, addressing the challenge of limited labelled fault data. Data points identified as faulty 

by the unsupervised model undergo manual annotation by domain experts. This crucial step 

enriches the system's knowledge base, with annotated faults being stored in a dedicated fault 

database. This database serves as a valuable resource for training subsequent supervised models, 

which will leverage both the annotated fault data and data from normal operations. To enhance the 

system's adaptability and performance across different HVAC systems, the fault database can be 

augmented with data from similar implementations. Furthermore, transfer learning techniques [86] 

can be employed to leverage knowledge gained from related systems, potentially improving the 

supervised model's performance on new, unseen building systems. The supervised model forms 

the core of the fault diagnostics capability. To address the interpretability challenge, this model 

should be coupled with ad-hoc interpretability methods, particularly for black-box models. These 

methods aim to provide insights into both global model behaviour and local decision-making 

processes, enhancing trust and facilitating actionable insights for building managers Model 

calibration is another critical aspect, ensuring that the model outputs accurate probability 

estimates. This calibration is essential for reliable uncertainty quantification in each prediction, a 

feature that is invaluable for decision-making in building management. Various frameworks can 

be employed for uncertainty quantification in supervised models, including Bayesian approaches 

[36], [87] and conformal prediction methods [88]. The FDD system culminates in a comprehensive 

evaluation phase and the generation of FDD reports. These reports provide actionable insights back 

to the building management systems, creating a feedback loop that continually improves building 

performance and energy efficiency. 



28 

 

 

Figure 1: Illustration of proposed FDD solution. 

It is important to note that this solution does not aim for full autonomy since manual annotation is 

needed as an intermediate step between the unsupervised and the supervised algorithms. The 

reasoning here is that while full autonomy should be a goal in the future but with the lack of quality 

data, human intervention is needed for a robust solution until sufficient data is collected and 

annotated for a system. 

This thesis addresses three primary research questions. The first question examines the 

effectiveness of supervised ensemble methods in fault detection and diagnostics (FDD) within 

residential settings, specifically focusing on implementations that utilize a minimal feature set. 

The second question explores the benefits of employing multivariate time series classification 

algorithms, designed to inherently account for temporal dependencies in time series data, and 

compares their performance against other supervised learning methods. Lastly, the thesis 

investigates strategies to overcome the challenge of labelled data scarcity in FDD applications. It 

evaluates the potential of self-supervised learning approaches as a viable solution to enhance data 

utilization and improve model training and whether this is applicable in a real building setting. The 

activities addressed in the four chapters addresses the three main components in Figure 1. The first 

component is the data preprocessing. The work explores different methods to preprocess data 
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before any data modelling. The second component is the binary classification component. This is 

addressed in chapter four where a novel approach to detect anomalous patterns in the data. The 

third is the multi class classifier where the first chapters tries to answer the question about the best 

possible algorithm to be used and the exploration of interpretability and uncertainty quantification 

methods. 

1.4 Work structure 

The work presented in this thesis is divided into four chapters. In the introductory chapter, the 

work motivation and objectives are presented as well as a summarized review of the literature.  

The second chapter titled “Data driven fault detection and diagnostics for hydronic and monitoring 

systems in a residential building” is a study on the applicability of data driven models in a 

residential context where a model simulating the operation of a heat pump connected to a hydronic 

system in a residential building is developed and faults were injected to simulate faults in hydronic 

and monitoring systems. A comparison between different models is presented and some global and 

local explanation to the models’ behaviour using ad-hoc interpretability frameworks. 

The third chapter titled “Multivariate time series classification algorithms benchmarking for FDD” 

presents a benchmarking study of multivariate time series classification algorithms on an open-

source datasets for FDD purposes to assess the usability of such models in FDD operation. Those 

models tend to focus on temporal features and dependencies rather than spatial dependencies that 

most algorithms used on tabular data use. A brief comparison of the performance of supervised 

models for tabular data is also presented. 

The fourth chapter titled “Self-supervised Transformer based architecture for fault detection in 

HVAC systems.” Presents a novel self-supervised model that aims to detect faults in systems 

without any dependencies on label data. The architecture is an adaptation of the transformer 

encoder architecture coupled with a dynamic thresholding technique aimed at identifying 

underlying trends in multi-variate time series to flag anomalous patterns. 

The closing chapter is a conclusion of all the work presented in the thesis and future research work 

that might be useful for future researchers.  



30 

 

CHAPTER 2 

2 Data driven FDD for hydronic and 
monitoring systems in a residential building 

In this chapter, supervised methods will be tested in a case study of a residential context. The case 

study includes faults in the hydronic and monitoring systems of a residential building. The chapter 

is divided into three sections. First the case study will be presented including the envelope 

characteristics, mechanical systems and description of the simulations and faults implemented. 

Next section will include the description of the supervised models used in this chapter and the data 

preprocessing steps. Finally, the results will be presented. The goal of this chapter is to explore the 

applicability of data driven FDD method in a residential context, the explainability of the method 

used and the uncertainty quantification.  

2.1 Challenges of FDD in the residential sector 

The residential sector has a different constraints and limitations from the commercial sector when 

it comes to FDD solutions [89]. Residential buildings are often equipped with relatively less 

complex HVAC systems than commercial buildings. However, monitoring systems in residential 

buildings have limited capabilities making the buildings data poor with no standard 

communication protocols [90].   

2.2 Case study 

In this section the case study involved will be presented, including the envelope, the mechanical 

system used and the simulation process including the faults implemented.  
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2.2.1 Envelope properties and setpoints 

The apartment presented consists of five rooms as shown in Figure 2. A living room with an area 

of 32.5 m2, two bedrooms with an area of 18.8 and 20.1 m2 and two bathrooms. It is adjacent to 

two other apartments in the North-West and North-East, while the living area and the second 

bedroom border on the North-West and North-East respectively with a common area that includes 

a stairwell and elevators. The remaining part of the perimeter walls is in contact with the external 

environment. Table 1 summarizes some of the features of the apartment including the U values of 

envelope components, net walkable area, number of occupants.  

 

Figure 2: Apartment plan, areas of the rooms and adjacency information. 

Table 1: Case study characteristics. 

Net walkable surface 81.57 m2 

Local average height 2.7 m 

Number of occupants 2 

U values (W/m2/K) 

External walls 0.225 
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Internal walls towards 

stairwell 
0.685 

Partition between apartments 0.267 

Windows 1.31 

 

For the infiltration and ventilation for both living room and bedrooms the parameters were set as 

shown in Table 2. 

Table 2: Infiltration and ventilation rates for Summer and Winter. 

Parameter Living & 

bedrooms 

Infiltration [m3/s] 0.825 

Daily natural ventilation (winter)  

& Daytime (Summer) [l/s] 

4.125 

Nighttime natural ventilation 

(Summer) [l/s] 

0.825 

Mechanical ventilation rate [1/h] 0.5 

 

For the shading system, it was assigned a different degree of opening depending on the season in 

question. In the cooling season they were closed 85% in the living area and 70% in the sleeping 

area, while in the heating season they were closed at 45% in both thermal zones. The internal loads 

were taken as 60 W/person for the sensible loads and 20 W/person for the latent following the 

occupancy schedule shown in Figure 3. The set points temperatures are set to be 20 °C with a 

setback of 18 °C in winter and 26 °C with a setback of 28 °C in summer corresponding to the 

occupancy schedule. 
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Figure 3: Weekly occupancy schedule 

2.2.2 Mechanical system scheme 

An entirely electric plant system was considered as shown in Figure 4. The plant is characterized 

by an air-water heat pump connected to a radiant floor for heating and fan coils for cooling and 

180 l storage tank for the production of domestic hot water. The heat pump and the storage tank 

are into the perimeter structure of the house. Finally, there is also a photovoltaic system of 23.3 m2 

area for 3.2 kWp. The hydronic system consists of a pump regulated by a flow signal, two three-

way valves that regulate the distribution of water in the system, pipes and joints that distribute it 

where required. This system can manage n thermal zones that can be served either by radiant floors 

or by fan coils, whose circuits can be operated using two-way valves. 
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Figure 4: Schematic of the plant design [Source: Ariston]. 

2.2.3 Dynamic simulations and faults implemented 

A detailed physical model was created for this project using Modelica language buildings and 

IBPSA’s libraries were used to model all the components [83]. The simulations were run with a 

time step of 10 minutes. Simulations were run from 15th of December to the 1st of April in the 

winter case and from 1st of June till 1st of August for the Summer case. 12 faults were considered 

both in the hydronic system and the monitoring system. Figure 5 shows a simplified scheme of the 

system with the faults implemented highlighted. While Table 3 contains all the faults implemented 

and their description. The faults are simulated for the whole period in both summer and winter. 

The sensors faults are modelled by adding constant noise that ranges between -0.5°C to +1.5°C in 

the first case and a random noise with a mathematical function that adds a deviation to the 

measurements that adds up to +5°C to the readings. While the valve faults are added by increasing 

the leakage parameters provided from by the library in the component features. Finally, for the 

circulating pump fault, a mathematical function was provided to the input signal of the pump to 

decrease the required flow rate by 10%. 
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Figure 5: Simplified system scheme with the faults implemented highlighted with red dashed line. 

Table 3 Faults implemented in the model. 

Fault 

no. 

Fault Description 

1 - 4 Three-way valve no.1 and 2 

leakage 1% and 5% 

The flow going into the three-way 

valve is leaking 1% and 5% of its 

volume to the wrong direction 

5 Two-way valve no.1 blockage 

1% 

1% of the flow going into the two-

way valve is blocked 

6, 8, 10 Weather, Bedroom1 and 

living room dry-bulb 

temperature sensor with 

added constant noise 

Random noise is added to the 

sensors reading. The noise is 

ranging from -0.5°C/+1°C 

7, 9, 11 Weather, Bedroom1 and 

living room dry-bulb 

temperature sensors with 

increasing deviations and 

added noise 

Deviation and random noise are 

added to the sensors reading. 

The noise is ranging from -

0.5°C/+1°C, while the deviation is 

adding up to +5°C 

12 Circulating pump inadequate 

flow 

The circulating pump is only 

providing 90% of the supposed 

flow rate. 
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2.3 Automated fault detection and diagnostics 

In this section, firstly, the algorithms used to detect faulty operation of the system will be 

introduced, then the data preprocessing step and the assessment methods used to evaluate their 

performance are discussed. 

2.3.1 Data driven models 

Data driven approach means that the decisions are made based on data analytics instead of 

intuition of an expert. In the fault detection and diagnostic context, statistical models are 

trained on the data from the system at hand from both healthy and faulty operations. The 

source of the data can be a simulation of the system or from experimental setup. The trained 

statistical model should be able to detect faulty operation of the system without the need of 

experts or intuition about the system. 

In this section the Machine Learning (ML) algorithms used are listed. In this chapter, Random 

Forest (RF), K nearest neighbours (KNN), CatBoost [93], XGboost [62] and explainable 

boosting machine (EBM) [94] were used. 

2.3.2 Data preprocessing 

Data preparation is a crucial step that significantly impacts model performance. Typically, this 

process involves cleaning raw sensor data, handling missing values, and normalizing or scaling 

features to ensure all variables contribute equally to the model.  Since the data in this part is a 

result of simulation, no cleaning or noise reduction was done. Each feature was normalized using 

Eq.( 1. 

 𝑥𝑠𝑐𝑎𝑙𝑒𝑑=
𝑥−𝑥𝑚𝑖𝑛
𝑥𝑚𝑎𝑥−𝑥𝑚𝑖𝑛

 
( 1 ) 

 

Tree-based algorithms split the data into subsets based on certain conditions, usually involving 

feature values. These splits are determined by measures such as Gini impurity, information gain, 

or variance reduction, which are used to find the optimal conditions to partition the data. Unlike 

many machine learning algorithms, tree-based methods such as Decision Trees, Random Forests, 
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and Gradient Boosting Trees do not require feature scaling. This is due to the intrinsic properties 

of how these algorithms operate. 

Since none of the algorithms used has an inherit representation of time, temporal features were 

extracted from the time using cyclical feature encoding given a feature x and period of T: Eq. ( 2. 

Where x is the original value of the cyclical feature and T is the period of the cycle (e.g., 24 for 

hours of the day, 7 for days of the week, 12 for months of the year). A representation of the 

cyclicality intended for the hours and days components is presented in Figure 6. 

 
𝑥sin=sin⁡(

2𝜋⁡𝑥

𝑇
)

𝑥cos=cos⁡(
2𝜋⁡𝑥

𝑇
)

 

( 2 ) 

 

The features used to train the model are easy to monitor and accessible in real buildings as 

mentioned previously. The features used are as follows: 

1. Thermal zones dry bulb temperatures (bedroom 1 and 2, bathroom 1 and 2 and the living 

room); 

2. Inlet and outlet temperatures of the heat pump; 

3. Heat pump electrical consumption. 
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Figure 6: Representation of cyclical temporal features. 

2.4 Results and discussion 

In this part, Accuracy (Eq. ( 3), Precision (Eq. ( 4), Recall (Eq. ( 5) and F1 score (Eq. ( 6) were used 

as evaluation metrics for the algorithms. Each metric is defined in function of True or False 

Positives (TP, FP) and True or False Negatives (TN, FN). TP is the number of true positive samples, 

which indicates a positive result for both true and predicted results. FP is the number of false 

positive samples, which indicates a negative true label and a positive predicted result. FN is the 

number of false-negative samples, which indicates a positive true label and a negative predicted 

result. TN is the number of true negative samples, which indicates a negative true label and a 

negative predicted result. Accuracy calculates the ratio of the total number of correct predictions 

to the total number of predictions. Precision calculates the ratio of labelled faulty instances that 

have been correctly identified as faulty samples. Recall measures the number of faulty samples 

that have been correctly identified as faulty instances. F1 score balances precision and recall. 

Accuracy =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
 ( 3 ) Precision =

𝑇𝑃

𝑇𝑃+𝐹𝑃
 

( 4 ) 

Recall =
𝑇𝑃

𝑇𝑃+𝐹𝑁
 ( 5 ) 𝐹1 Score =

2× Precision × Recall 

 Precision + Recall 
 ( 6 ) 
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2.4.1 Performance on evaluation metrics  

Table 4: Results of the algorithms used. 

Model 
Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1 Score 

(%) 

Random 

Forest 
84.0 84.7 84.0 84.3 

XGBoost 83.8 83.5 83.8 83.6 

CatBoost 76.4 75.5 76.4 75.8 

KNN 57.1 64.9 57.1 60.1 

EBM 57.2 55.5 57.2 55.4 

 

The data was splitted 80% for training and 20% for testing. The results for the metrics are stated 

in Table 4. Even though Random Forest, XGboost and CatBoost seems they are performing better 

than the rest, Overfitting must be avoided to be able to generalize well in the field. This can be 

checked by plotting the learning curve for each algorithm. The learning curve shows how well the 

algorithm is performing under different number of training examples. The results are usually an 

average of cross validation with five folds. 

In Figure 7 and Figure 8, the learning curves of RF and XGboost are displayed.  The solid lines 

are the mean of the fold accuracy result while the shaded area is the standard deviation. Both 

algorithms showed overfitting signs especially RF where it seems the algorithm showed almost 

perfect score in the training set but cross validation scores mostly below 0.5. XGboost however 

showed less extreme sign of overfitting. The overfitting is judged by the gap between the training 

and testing results and how big the variation of the results among the same fold as demonstrated 

by the standard deviation. 
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Figure 7: Learning curve Random Forest. 

 

Figure 8: Learning curve XGboost. 

Overfitting is usually an issue that occurs due to the over complexity of the model versus relatively 

simple data pattern or highly noisy data where signal to noise ratio is low causing the model to be 

fitted mostly on the noise causing poor generalization capability. Since we are using a minimal 

number of features, most likely the cause of this issue is the overcomplexity of the model. To deal 
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with this issue, hyperparameter tuning was performed on both algorithms using Bayesian 

optimization [95]. Bayesian optimization is an efficient method for hyperparameter tuning that 

leverages probabilistic models to optimize the objective function. Unlike traditional grid search or 

random search methods, which explore the hyperparameter space in a systematic or purely random 

manner, Bayesian optimization builds a surrogate model. In this case, a Gaussian Process, to 

approximate the objective function. This model predicts the performance of different sets of 

hyperparameters and uses this information to intelligently choose the next set of hyperparameters 

to evaluate. The process iteratively updates the surrogate model based on the results of each 

evaluation, allowing it to focus on the most promising regions of the hyperparameter space. By 

balancing exploration (testing hyperparameter sets in less-explored areas) and exploitation 

(focusing on hyperparameters that have performed well in the past), Bayesian optimization can 

find optimal or near-optimal hyperparameters more efficiently than exhaustive or random search 

methods. In Figure 9 and Figure 10 the learning curves for the fine-tuned variations are presented. 

 

Figure 9 Learning curves of fine tunned Random Forest. 
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Figure 10 Learning curves for the fine-tuned XGboost. 

The fine tuning was aiming to find a better parameter to achieve better accuracy without increasing 

model complexity. Both models showed signs of decreased overfitting. This is evident by the better 

conversion rate between training score and cross validation rate and the less standard deviation 

among the cross-validation scores. Despite the better accuracy achieved by RF, XGboost seems to 

achieve better conversion rate and reasonable accuracy indicating less overfitting so it was chosen 

as the best algorithm for further analysis. 

To identify the performance of XGboost on individual classes of faults, the confusion matrix for 

both training and testing sets is shown in Figure 11. 
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Figure 11: confusion metrices of XGboost for both training and testing sets. 

The algorithm seems to struggle the most in classifying Classes 3,4 and 6 which are the leakage in 

the second three-way valve of 1% and 5% and the constant error in the outdoor dry bulb air 

temperature. Those classes are often mistakenly classified as each other or as Class 0 which is the 

healthy operation meaning that those faults are subtle enough to not disrupt the distribution of the 

data so the algorithm cannot distinguish between those faults and the healthy operation. Excluding 

those three faults from the faults list increase the overall accuracy of the model up to 95%. Possible 

solutions include generating more data for those two faults, engineer features that distinguish those 

two faults specifically or adding more feature to the model. Other solution is to train different 

models specialized on those faults and combine the results from the original model choosing the 

higher probability prediction. On the other hand faults like the sensors error combined with 

deviation and the leakage in the first three-way valve are almost perfectly classified. 

2.4.2 Model behaviour interpretation 

To ensure transparency and reliability, it is essential to explain and effectively communicate the 

behaviour of machine learning models to end users. This explainability is typically achieved 

through two types of interpretations: global and local. Global interpretation provides insights into 

the overall behaviour, performance, and key features influencing the model, while local 

interpretation delves into the reasoning behind individual predictions, revealing how the model 

arrived at specific outcomes. 
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In this part, two approaches will be explored to achieve both types of interpretations. The first 

approach will rely on distilling information from the trees directly. The model chosen has 100 

estimators and each one has a depth of seven. Global interpretation in this case is difficult due to 

the scale of the trees but still possible if done through interactive plots. The following Scalable 

Vector Graphics (SVG) file is generated using the code in [96]. This file can be found through this 

direct link (Trees Visualization) that can be opened on any browser. Part of the visualization can 

be found in Figure 12. While the figure is quite challenging to depict, there are some useful insights 

there. The first one is that most important splits are based on the features related to the bathroom 

temperatures (TAirBathroom1 and TAirBathroom2), followed by the living room temperature in 

lower nodes. This indicated the importance of those features in the model decisions. 

 

Figure 12: part of the information distillation from XGboost. Full figure can be found here. 

One other observation is that some classes are identified earlier in the depth of the trees and more 

confidently than other classes such as classes 5, 9 and 11 which are the two-way valve leakage, 

living room sensor fault with increasing noise and bedroom 1 sensor fault with increasing noise. 

As expected, most of the increasing noise faults are easily identified. On the other hand, confirming 

https://drive.google.com/file/d/1GHlxVyqw5e1qTWZCoq5Bto8Os4cLp8Vz/view?usp=sharing
https://drive.google.com/file/d/1GHlxVyqw5e1qTWZCoq5Bto8Os4cLp8Vz/view?usp=sharing
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what previously was mentioned, the faults related to the second three-way valve leakages are 

hardest to predict. 

For local explanation, any set of points can be tracked down through the distilled tree to reach the 

prediction. In Figure 13, an example of a local explanation for a point prediction. It is notable that 

the road down the trees only used two features, and the confidence of the prediction was around 

30% meaning that only 30 trees chose class 1 prediction. 

Despite having full transparency in this method of interpretation, it might be challenging for non-

experts to navigate. A more accessible method of interpretability can be using SHAP (SHapley 

Additive exPlanations) framework. introduced by Lundberg and Lee (2017) [97], SHAP offers a 

unified, theory-driven approach to interpreting model predictions, particularly for complex models 

like deep learning or ensemble models. This framework is based on concepts from cooperative 

game theory, specifically the Shapley value, which quantifies the contribution of each feature to 

the prediction of a model. 

 

Figure 13: An example of a local prediction path. Full SVG figure can be found here. 

https://drive.google.com/file/d/1bStBBsiG6CmDz4LIOOXEx7eVm-VkR3yo/view?usp=drive_link
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SHAP values are computed as the average of the marginal contributions across all possible 

coalitions of features. Mathematically, the Shapley value for a feature J is defined in Eq. ( 7 ). 

 
𝜙𝑗= ∑  

𝑆⊆𝑁∖{𝑗}

∣𝑆!(𝑛−|𝑆|−1)!

𝑛!
[𝑓(𝑆∪{𝑗})−𝑓(𝑆)] 

( 7 ) 

 

Where N is the set of all features, S is a subset of features excluding j, f(S) represents the prediction 

model's output using the features in set S, and n is the total number of features. This formula 

calculates the average impact of including the feature j in the model across all possible 

combinations of other features. 

In the context of an XGBoost model used for either classification or regression tasks, SHAP can 

provide both global and local interpretability. Globally, SHAP values can reveal the overall 

importance of features across all predictions, showing which features are generally most influential 

for the model's decisions. Locally, SHAP offers detailed insights into why individual predictions 

were made, attributing specific output changes to particular features for single instances. 

Regarding the global interpretation, the average impact of each feature on certain predicted class 

can be estimated by aggregating the SHAP values as shown in Figure 14. Confirming the previous 

results, Bathroom 1, Living room and the Bedroom 1 temperatures have the highest impact on the 

predictions. 
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Figure 14 Global interpretation of the model using aggregated SHAP value. 

Also, the feature importance for the prediction for each individual class can be plotted using the 

mean absolute SHAP value for the specific class as shown in Figure 15. The Figure displays the 

feature importance for Class 10 (constant noise added to the living room temperature sensor). The 

x axis represents the SHAP values for this class. Higher positive values increase the likelihood of 

predicting Class 8 and negative values decrease the likelihood. The features are ordered by 

important. The bathroom temperature sensor has the highest importance followed by the living 

room temperature. As for the spread in values for each feature, the wider the spread of points, the 

more varied the feature's impact across different instances. The coloured scale indicates the values 

of the features. As expected for example, the higher the temperature of the living room the more 

positive effect it has on increasing the likelihood of Class 8. 
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Figure 15: Features importance for predicting Class 8 (constant noise on living room sensor). 

Locally for each prediction, the contribution of each feature to the prediction can be extracted as 

shown in Figure 16. The figure shows one point that was predicted as Class 8 and the contribution 

of each feature to the SHAP value. The green bars represent positive effect on predicting Class 8 

(the right prediction in this case), while the red bars mean the features contributes negatively for 

the prediction of the class. 
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Figure 16 Local explanation of one prediction of Class 8 using SHAP. 

It is worth noting that also the probability of each class for each prediction can be quantified. It 

was notable that the classes that are poorly predicted like Class 0, 3, 4 and 6 have almost equal 

probabilities between multiple classes meaning that usually the model is not confident about the 

decisions of those classes. To demonstrate this, Figure 17 and Figure 18 are two examples of 

individual predictions. In the first example in Figure 17, the model has almost split decision 

between class 3 and 4 reflecting high uncertainty in the prediction. While in the second example 

in Figure 18, the model misclassified the point as class three while the actual class was zero. It is 

also visible that the model was highly uncertain about the prediction. 
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Figure 17: Local prediction probabilities. The actual class is Class 3 (highlighted), and the model predicted it. 

 

Figure 18: Local prediction probabilities. The actual class is Class 0 (highlighted), and the model predicted Class 3.  
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CHAPTER 3 

3  Multivariate time series classification 
algorithms benchmarking 

The goal of this chapter is to investigate the use of 9 algorithms that are designed specifically for 

multivariate time series classification. The algorithms will be tested against three open-source 

datasets used for benchmarking FDD algorithms. The problem is formulated as multi class 

classification task. This chapter is divided into three sections. Firstly, the algorithms used will be 

explained, then the datasets used, and the data preprocessing procedure will be illustrated. Lastly 

the results will be discussed. 

3.1 Background 

This section is organized into six subsections. The first subsection provides an overview of time 

series definitions and their relevance in FDD research. The subsequent five subsections each focus 

on a different type of time series classifier: distance-based, interval-based, convolutional-based, 

deep learning-based, and dictionary-based. 

3.1.1 Time series definition and status in FDD research 

In the classification of univariate time series, each example is defined by a pair (𝑥,𝑦), where 𝑥 

consists of 𝑚 observations (𝑥1,…,𝑥𝑚) representing the time series, and 𝑦 is a categorical outcome 

with a number of possible outcomes. Classification algorithms predict the probability distribution 

of 𝑦 based on 𝑥. In the context of Multivariate Time Series Classification (MTSC), the data input 

is a collection of vectors within a 𝑑 dimensional space denoted as 𝑥=(𝑥1,…,𝑥𝑑) with each 𝑥𝑘 

representing a sequence (𝑥1,𝑘,𝑥2,𝑘,…,𝑥𝑚,𝑘). We reference the 𝑗-th data point in the 𝑖-th sequence 

as 𝑥𝑖,𝑗,𝑘. MTSC presents unique challenges due to the possibility of relevant features stemming 
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from the interplay between different dimensions, in addition to the autocorrelation within a single 

time series. Moreover, the substantial amount of data can hinder the identification of distinctive 

features. MTSC algorithms can be sorted into similar categories as univariate Time Series 

Classification (TSC) methods, based on their foundational approach, including methods based on 

distance metrics, shapelets, histograms, and neural networks. This section provides a brief 

explanation of the eight different algorithms employed in this study, categorized into five distinct 

types: distance-based, interval-based, deep learning-based, convolutional-based, and dictionary-

based methods. 

As demonstrated in the introductory chapter, many studies have shown the effectiveness of the 

data driven approach for FDD applications in buildings HVAC systems. However, few studies 

have tried to deal with the temporal dependence in HVAC systems operational data or benchmark 

algorithms that natively with time series. Wang et al. [98] introduced an innovative hybrid FDD 

approach for chillers. This approach leveraged time series data and integrated a 1D-CNN with a 

GRU. Their findings demonstrated that this method was particularly effective, especially in 

identifying minor faults, outperforming other techniques like 1D-CNN, GRU, LSTM, BPNN, 

PCA_BPNN, and 1D-CNN_LSTM. Jiang et al. [99] created a modular framework incorporating 

machine learning techniques for supervised learning on time series data. This framework combined 

an autoencoder (AE) with classifiers to predict faults in chillers using time series data. The results 

showed that the framework substantially improved prediction accuracy, achieving around a 30% 

increase over baseline models. 

3.1.2 Distance-based classifiers  

Distance-based classifiers measure the similarity between time series using specialized distance 

functions tailored for time series data. Often referred to as elastic distances, these functions are 

designed to adjust for misalignments between series by allowing for shifts or modifications within 

the series. A highly favoured method for Time Series Classification (TSC) involves the application 

of a 1-Nearest Neighbour classifier [14], integrated with a specialized distance function. This 

function is designed to correct for any misalignment in the series by enabling adjustments. The 

most widely used distance function for this task is Dynamic Time Warping (DTW). To compute 

the distance between two time series, one designated as 𝑎=(𝑎1,𝑎2,…,𝑎𝑚) and the other as 𝑏=

⁡(𝑏1,𝑏2,…,𝑏𝑛), the following procedure is adopted: 
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1. Construct a matrix 𝑀 of dimensions 𝑚⁡×𝑛 where the element 𝑀𝑖,𝑗 represents the square 

of the difference between 𝑎𝑖 and 𝑏𝑗; 

2. A warping path⁡𝑃, which is a sequence of matrix elements 𝑃=

⁡((𝑒1,𝑓1),(𝑒2,𝑓2),…,(𝑒𝑠,𝑓𝑠)), is selected from matrix 𝑀 in such a way that it follows 

specific rules: 

¶ The path starts at (𝑒1,𝑓1)=(1,1) and ends at (𝑒𝑠,𝑓𝑠)=(𝑚,𝑛); 

¶ The path increments are constrained such that 0≤𝑒𝑖+1−𝑒𝑖≤1 for all 𝑖 and 0≤

𝑓𝑖+1−𝑓𝑖≤1 for all 𝑖. 

3. The distance along the path 𝑃 denoted as 𝐷𝑝 is the sum of the elements of 𝑀 along 𝑃, 

defined as 𝐷𝑃=∑  𝑠
𝑖=1𝑀𝑒𝑖,𝑓𝑖.; 

4. The goal is to find 𝑃∗ over all possible paths⁡P⁡through matrix 𝑀, thus 𝑃∗=𝑚𝑖𝑛
𝑃∈𝐷
 𝐷𝑃(𝑎,𝑏); 

5. To determine the optimal distance, the following recursive relation is employed, which 

computes the minimum of three neighbouring points in the matrix: 

 

𝐷𝑇𝑊(𝑖,𝑗)=𝑀𝑖,𝑗+𝑚𝑖𝑛{

𝐷𝑇𝑊(𝑖−1,𝑗).
𝐷𝑇𝑊(𝑖,𝑗−1).
𝐷𝑇𝑊(𝑖−1,𝑗−1).

 

( 8 ) 

 

The final computed distance using DTW is 𝐷𝑇𝑊(𝑚,𝑛) after applying the recurrence relation 

throughout the matrix. In this study, we used the 1 NN method with DTW distance function. For 

short the method will be referred to as DTW. 

3.1.3 Interval based classifiers 

Approaches based on intervals examine specific segments of the complete series that are phase-

dependent, deriving aggregate statistics from these subsections to facilitate classification. We used 

the Canonical Interval Forest (CIF) [101] in this study. CIF combines the capabilities of Time 

series Forest (TSF) [102] and catch22 [17]. While TSF traditionally uses simple summary statistics 

(mean, standard deviation, slope) for each interval, CIF incorporates a set of 22 more complex and 

descriptive features from the "catch22" toolkit. These features cover various aspects of the time 

series data, providing a richer set of descriptors. CIF employs a forest of decision trees to classify 

time series based on the extracted features. Each tree in the forest makes a decision based on a 
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subset of features and intervals, and the final classification is determined by a majority vote across 

all trees in the forest. This ensemble approach helps improve accuracy and robustness. 

3.1.4 Convolutional based classifiers 

Convolution involves using a subsequence to extract features from a time series. This process 

involves sliding the convolution across the series and computing the dot product at each position. 

This generates a new series, commonly referred to as an activation map or feature map, where 

higher values indicate a strong correlation with the convolution. 

ROCKET [104] derives two key features from the output feature maps: the highest value, often 

termed as a max pooling operation, and the ratio of positive values, also known as positive 

predictive value (PPV). For instance, considering the first element of the feature map, which is 

computed through a dot-product operation between 𝑇1:3∗𝑢=𝑇1:3⋅𝑢 resulting in 0+0+3=3 

The max pooling method identifies the peak value from the feature map to be used as a feature, 

and in the given example, the PPV is calculated to be 8/11. Numerous random convolutions are 

created and integrated with these two features to form an enhanced training dataset. This enriched 

dataset is then applied to train a linear classifier. ROCKET also incorporates dilation, which 

effectively acts as a down sampling mechanism by creating intervals between data points. In this 

context, a convolution with a dilation factor of 𝑑 is matched against data points that are spaced 𝑑 

steps apart to measure the separation. ARSENAL [105] an ensemble of ROCKET transformers 

using Ridge classifier [106] base classifier. Weights each classifier using the accuracy from the 

ridge cross-validation. Allows for generation of probability estimates at the expense of scalability 

compared to ROCKET. 

3.1.5 Deep learning-based classifiers 

Wide range of neural network-based architectures have been used for TSC purposes in the 

literature [107]. In this study we used three deep learning-based classifiers. 

In their 2017 paper, Wang et al. introduced an advanced Residual Network (ResNet) [108]. This 

model is 11 layers, with the initial nine being convolutional layers followed by a Global Average 

Pooling (GAP) layer that processes the time series data across the temporal dimension. ResNets 

are distinguished by their use of shortcut residual connections that link the output of a residual 
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block back to its input. This setup facilitates the direct flow of gradients during training, 

significantly mitigating the issue of vanishing gradients. The described network structure includes 

three such residual blocks, each capped by a GAP layer and culminating in a softmax classifier. 

The classifier is designed to have as many neurons as there are classes in the dataset. Within each 

block, the layers consist of three sequential convolutions, where the outputs are combined with the 

block's input and forwarded to the subsequent layer. Uniformly across the network, each 

convolution utilizes 64 filters, employs the ReLU activation function, and is preceded by a batch 

normalization step. The lengths of the filters in these convolutions vary, being 8, 5, and 3 for the 

first, second, and third convolutions, respectively. 

The Multivariate Long Short-Term Memory Fully Convolutional Network (MLCN) [109] merges 

LSTM and FCN technologies to enhance multivariate time series classification. This architecture 

leverages LSTMs to learn sequence dependencies and FCNs for feature extraction. Additional 

adaptations include squeeze-and-excitation blocks in the first two convolutional layers to adjust 

feature map interdependencies. The model comes in two variants, one with and one without an 

attention mechanism in the LSTM layers. However, studies across 35 datasets revealed minimal 

performance differences between the two. For simplicity and reproducibility, the version without 

the attention mechanism is preferred. In original tests, the number of LSTM cells was variable; in 

current applications, it is fixed at 64 for consistency across datasets [110]. 

InceptionTime is an ensemble of deep convolutional neural network models tailored for TSC [111]. 

This approach leverages the architecture of Inception-v4 by deploying multiple Inception modules 

within each network, where each module applies a variety of filters simultaneously to the input 

time series. This allows the network to capture and learn from a broad range of features at different 

scales. To enhance stability and performance, InceptionTime combines five such networks with 

randomly initialized weights, utilizing the ensemble's aggregate output for classification. This 

structure provides a robust and efficient way to handle the complexity and diversity of time series. 

3.1.6 Dictionary based classifiers 

Dictionary based approaches adapt the bag of words model commonly used in signal processing, 

computer vision and audio processing for time series classification [112]. These approaches use 

phase-independent subsequence’s by sliding a window over time series. However, rather than 
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measuring the distance to a subsequence, as in shapelets, each window is transformed into a word, 

and the frequency of occurrence of repeating patterns is recorded. Dictionary based methods 

usually involve several steps: 

1. subseries Extraction: Each time series is divided into overlapping windows or subseries. 

2. discretization: Each window is transformed into a discrete-valued word. This involves 

normalizing the values in the window to have a uniform standard deviation, reducing the 

dimensionality using a truncated Fourier transform to retain only the most significant 

coefficients, and then converting these coefficients into symbols from a fixed size alphabet. 

3. feature Vector Construction: A sparse feature vector is created from histograms of the word 

counts. 

4. classification: These feature vectors are then used with machine learning algorithms to 

classify the time series. 

5. In this study, we use the MUSE method [113] which extends the WEASEL algorithm [114] 

to handle multivariate time series data, employing the Symbolic Fourier Approximation 

(SFA) for the discretization process. This method stands out by its ability to effectively 

transform real-valued measurements into discrete symbols, enabling sophisticated pattern 

recognition in complex datasets. 

In this study, we use the MUSE method [113] which extends the WEASEL algorithm [114] to 

handle multivariate time series data, employing the Symbolic Fourier Approximation (SFA) for 

the discretization process. This method stands out by its ability to effectively transform real-valued 

measurements into discrete symbols, enabling sophisticated pattern recognition in complex 

datasets. 

3.2 Datasets description and preparation 

This section is divided into two subsections. First subsection is introducing the datasets used in the 

study including the faults implemented. The second subsection is describing the data preprocessing 

procedure. 
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3.2.1 Datasets description 

Three datasets for fault detection and diagnostics from the Lawrence Berkley National Laboratory 

(LBNL) [115] have been used. These datasets can be used to evaluate and benchmark the 

performance accuracy of FDD algorithms or tools. It contains operational data from simulation 

and laboratory experiments. In this study we used three of the eight datasets. The three datasets 

used are generated using Modelica and EnergyPlus [116]. The simulations generated one year of 

data, each with a time step of one minute. Each dataset contains one file of fault free case and 

several files with different faults injected into the models. A brief description of the datasets and 

the faults imposed is given in the following subsection. The full description, data points definition 

and control sequences can be found in the documentation provided for each dataset in [115]. 

The first dataset is a simulated boiler plant -shown in Figure 19 - serving a 12-story building with 

individual floors having a dedicated AHU serving five zones, and individual zones having a 

dedicated VAV terminal unit. Each terminal unit has a reheat coil that uses hot water produced by 

the plant. The plant consists of two parallel boilers and pumps that distribute the hot water to these 

reheat coils. Sensors and valves are also used to control water flow through the plant.  The dataset 

contains 22 features both continuous and discrete signals. The faults imposed in the model are 

provided in Table 5.  
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Table 5 Input scenarios and fault imposed in the boiler plant model. Taken from [106] 

Input scenarios Method of Fault 

Imposition Fault type Fault intensity 

The hot water leaving 

temperature sensor of boiler 1 

Sensor bias 

-4°C, -2°C, 2°C, 

4°C 

Add bias to sensor 

output 

The hot water leaving 

temperature sensor of the hot 

water loop 

-4°C, -2°C, 2°C, 

4°C 

The differential pressure sensor 

in the hot water loop 

-20%, -10%, 

10%, 20% 

 

Boiler 1 heat exchanger 
Fouling 95%, 80%, 65% 

Multiply intensity 

value by heat 

transfer coefficient 

Controller PI for boiler supply 

temperature setpoint 

Inappropriate 

tuning 
- 

Modify gain value 

of controllers 

 

 

Figure 19: Schematic of the boiler plant taken from [106]. 

The datapoints used in the training process is shown in Table 6 
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Table 6 Data points of the boiler datasets used in training 

Data point name Diagram point 

Abbreviation 

Description 

Outdoor Air: Dry Bulb Temperature OA_TEMP Dry bulb temperature of outdoor air 

Secondary Loop Load SEC_POW Calculated heating load from hot 

water loop, product of hot water 

loop flow and supply/return 

temperature difference 

Hot Water Loop: Differential Pressure HWL_DP Pressure differential of the hot 

water loop 

Hot Water Loop: Supply Water Temperature HWL_SW_TEMP Temperature of the water leaving 

the hot water loop 

Hot Water Loop: Return Water Temperature HWL_RW_TEMP Temperature of the water entering 

the hot water loop 

Hot Water Loop Supply Water Temperature 

Setpoint 

HWL_DPSPT Setpoint for temperature of the 

water leaving the hot water loop 

For boiler 1 and 2 (the name of data points is followed by 1, 2, respectively):  

Boiler: Status  BOI_STA  On-off status of a boiler (0,1) 

Boiler: Supply Water Temperature  BOI_SW_TEMP  Temperature of the water leaving a 
boiler  

Boiler: Return Water Temperature  BOI_RW_TEMP  Temperature of the water entering a 
boiler  

For each hot water pump (pump variables are followed by 1, 2, respectively):  

Hot Water Loop Pump: Speed Ratio  PM_SPD  Speed of a pump  

Pump: Status  PM_STA  On-off status of a pump  

Pump: Power Consumption  PM_POW  Power consumption of pump  

 

The second dataset is simulated chiller plant serves the same building as the boiler plant shown in 

Figure 20. The chiller plant serves the dedicated AHU on each floor with cold water. The plant 

consists of a primary loop with three chillers for producing chilled water, a secondary loop for 

delivering chilled water to the AHUs, and a condenser water loop with cooling towers for rejecting 

heat to the ambient. Sensors, pumps, and valves are used to control water flow through the plant. 

The dataset contains 77 features both continuous and discrete signals. The faults imposed in the 

model are provided in Table 7. 

Table 7: Input scenarios and fault imposed in the chiller plant model. Taken from [106]. 

Input scenarios Method of Fault 

Imposition Fault type Fault intensity 



60 

 

The chilled water leaving 

temperature sensor of Chiller 

1 

Sensor bias 

 

-2°C, -1°C, 1°C, 

2°C Add bias to sensor 

output 

The condenser water leaving 

temperature sensor of Cooling 

tower 1 

The differential pressure 

sensor in the secondary 

chilled water loop 

-20%, -10%, 10%, 

20% 

The condenser water leaving 

the three-way valve 
Leakage 25%, 50%, 75% 

Increase the default 

minimum position 

setting 

The condenser water leaving 

the three-way valve 
Stuck 50%, 75% 

Assign a fixed 

simulated 

controlled device 

position 

Cooling tower 1 heat 

exchanger 
Fouling 95%, 80%, 65% 

Multiply intensity 

value by heat 

transfer coefficient 

Controller PI for condenser 

loop supply temperature 

setpoint 

Inappropriate 

tuning 
- 

Modify gain value 

of controllers 

 

 

Figure 20 Schematic of the chiller plant taken from [106]. 
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The data points used in the training process are shown in Table 8.  

Table 8 Data points of the Chiller plant datasets used in training 

Data point name 
Diagram Point 

Abbreviation 
Description 

Secondary Loop Cooling Load Calc CWL_SEC_LOAD 

Calculated cooling load from secondary loop, 

product of secondary loop flow and 

supply/return temperature difference 

Secondary Chilled Water Loop: 

Return Water Temperature 

CWL_SEC_RW_

TEMP 

Temperature of the water entering the 

secondary chilled water loop 

Secondary Chilled Water Loop: 

Supply Water Temperature 

CWL_SEC_SW_T

EMP 

Temperature of the water leaving the 

secondary chilled water loop 

Secondary Chilled Water Loop: 

Chilled Water Flow Rate 

CWL_SEC_CW_

FLOW Flow rate of the secondary chilled water loop 

Three-way Valve: Control Signal TWV_CTRL 

Control signal of condenser water loop 3-way 

mixing valve 

Cooling Tower Supply Water 

Temperature Setpoint 

CT_SW_TEMPSP

T 

Set point of temperature of the condenser 

water leaving cooling tower 

Condenser Water Loop: Supply 

Water Temperature 

CDWL_SW_TEM

P 

Temperature of the water leaving the 

condenser water loop 

Condenser Water Loop: Return 

Water Temperature 

CDWL_RW_TEM

P 

Temperature of the water entering the 

condenser water loop 

Condenser Water Loop: Chilled 

Water Flow Rate 

CDWL_CW_FLO

W Flow rate of the condenser water loop 

Primary Chilled Water Loop: Return 

Chilled Water Temperature 

CWL_PRI_RW_T

EMP 

Temperature of the water entering the 

primary chilled water loop 
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Primary Chilled Water Loop: Supply 

Water Temperature 

CWL_PRI_SW_T

EMP 

Temperature of the water leaving the primary 

chilled water loop 

Primary Chilled Water Loop: Chilled 

Water Flow Rate 

CWL_PRI_CW_F

LOW Flow rate of the primary chilled water loop 

Primary Loop Chilled Water Supply 

Temperature Setpoint 

CWL_PRI_SW_T

EMPSPT 

Setpoint for temperature of the water leaving 

the primary chilled water loop 

Outdoor Air: Dry Bulb Temperature OA_TEMP Dry bulb temperature of outdoor air 

Outdoor Air: Wet Bulb Temperature OA_TEMP_WB Wet bulb temperature of outdoor air 

Secondary Loop Differential 

Pressure Setpoint 

CWL_SEC_DPSP

TS 

Setpoint of Secondary loop differential 

pressure 

Secondary Chilled Water Loop: 

Pressure Differential CWL_SEC_DP 

Pressure differential of the secondary chilled 

water loop 

For cooling tower 1, 2, 3, the name of data points is followed by 1, 2, 3, respectively 

Cooling Tower: Status CT_STA On-off status of a cooling tower 

Cooling Tower: Water Flow Rate CT_FLOW Flow rate of a cooling tower 

Cooling Tower: Return Water 

Temperature CT_RW_TEMP 

Temperature of the water entering a cooling 

tower 

Cooling Tower: Supply Water 

Temperature CT_SW_TEMP 

Temperature of the water leaving a cooling 

tower 

Cooling Tower: Speed CT_FAN_SPD Speed of a cooling tower fan 

Cooling Tower: Speed Control 

Signal 

CT_FAN_SPD_C

TRL Control signal for cooling tower fan speed 

Cooling Tower: Power Consumption CT_POW Power consumption of a cooling tower 
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For chiller 1, 2, 3, the name of data points is followed by 1, 2, 3, respectively: 

Chiller: Status CHL_STA On-off status of a chiller 

Chiller: Control Signal 

CHL_COMP_SPD

_CTRL Control signal for chiller compressor speed 

Chiller: Chilled Water Flow Rate CHL_CW_FLOW Flow rate of the chilled water leaving a chiller 

Chiller: Condenser Water Flow Rate CHL_CD_FLOW 

Flow rate of the condenser water leaving a 

chiller 

Chiller: Return Chilled Water 

Temperature CHL_RW_TEMP 

Temperature of the chilled water entering a 

chiller 

Chiller: Supply Chilled Water 

Temperature CHL_SW_TEMP 

Temperature of the chilled water leaving a 

chiller 

Chiller: Supply Condenser Water 

Temperature 

CHL_SWCD_TE

MP 

Temperature of the condenser water leaving 

a chiller 

Chiller: Return Condenser Water 

Temperature 

CHL_RWCD_TE

MP 

Temperature of the condenser water entering 

a chiller 

Chiller: Power Consumption CHL_POW Power consumption of a chiller 

 

The third dataset is generated from a simulated system consisting of a single-duct air handling unit 

(SD-AHU) providing conditioned air to five VAV terminal units, each serving a single zone (four 

perimeter and one interior) on the middle floor of a three-story building. The schematic of the 

system is shown in Figure 21. The SD-AHU has a chilled water-cooling coil, variable speed supply 

and return fans, and delivers air at a constant temperature and static pressure to the terminal units. 

Individual terminal units control the volume of air entering a zone and use hydronic reheat when 

necessary to satisfy the temperature setpoint in a zone. The dataset contains 30 features both 

continuous and discrete signals. The faults imposed in the model are provided in Table 9.  
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Table 9: Input scenarios and fault imposed in single duct AHU model. Taken from [106]. 

Input scenarios Method of Fault 

Imposition Fault type Fault intensity 

Outdoor air temperature sensor bias 2°C, 4°C, -2°C, -4°C Add bias to sensor output. 

Supply air temperature sensor bias 2°C, 4°C, -2°C, -4°C Add bias to sensor output. 

Stuck outdoor air Damper 
10%, 25%, 75%, 

100% open 

Automated override of 

outdoor air damper position 

to indicate that OA damper 

is stuck. 

Leaking cooling coil valve 
10%, 25%, 40%, 

50% 

Adjusted the minimum coil 

valve position value when 

the control signal is zero. 

Stuck cooling coil valve 
10%, 25%, 50%, 

75% 

Automated override of coil 

valve position to indicate 

that valve is stuck. 

 

 

Figure 21: Schematic of the single duct AHU system taken from [106]. 

The data points used in the training process are shown in Table 10. 

 



65 

 

Table 10 Data points of the Single duct AHU datasets used in training 

Data point name 
Diagram Point 
Abbreviation 

Description 

AHU: Supply Air Temperature 
SA_TEMP 

AHU supply air temperature 

AHU: Supply Air Temperature Set 
Point 

SA_TEMPSPT 
AHU supply air temperature set point 

AHU: Outdoor Air Temperature 
OA_TEMP 

AHU outdoor air temperature 

AHU: Mixed Air Temperature 
MA_TEMP 

AHU mixed air temperature 

AHU: Return Air Temperature 
RA_TEMP 

AHU return air temperature 

AHU: Supply Air Fan Status 
SF_SPD_DM 

AHU supply air fan status; 0-off, 1- on 

AHU: Return Air Fan Status 
RF_SPD_DM 

AHU return air fan status; 0-off, 1- on 

AHU: Outdoor Volumetric Airflow 
OA_CFM 

AHU outdoor airflow 

AHU: Return Volumetric Airflow 
RA_CFM 

AHU return airflow 

AHU: Supply Volumetric Airflow 
SA_CFM 

AHU supply airflow 

AHU: Supply Air Fan Speed 
Control Signal 

SF_CS 
Control signal for AHU supply air fan 

speed; ranges from 0 to 1; 0 - fan 

speed is 0%, 1 - fan speed is 100% 

AHU: Supply Air Fan Speed 
Position 

SF_SPD 
AHU supply air fan speed; ranges from 0 
to 1; 0 - fan speed is 0%, 1 - fan speed is 

100% 

AHU: Return Air Fan Speed 
Control Signal 

RF_CS 
Control signal for AHU return air fan 
speed; ranges from 0 to 1; 0 - fan 

speed is 0%, 1 - fan speed is 100% 

AHU: Return Air Fan Speed 
Position 

RF_SPD 
AHU return air fan speed; ranges from 0 
to 1; 0 - fan speed is 0%, 1 - fan speed is 

100% 

AHU: Supply Air Fan Power 
SF_WAT 

AHU supply air fan power 

AHU: Return Air Fan Power 
RF_WAT 

AHU return air fan power 

AHU: Outdoor Air Damper 
Control Signal 

OA_DMPR_DM 
Control signal for AHU outdoor air 

damper; ranges from 0 to 1; 0 – damper 
should be fully closed, 1 – damper 

should be fully open 

AHU: Outdoor Air Damper 
Position 

OA_DMPR 
AHU outdoor air damper position; ranges 
from 0 to 1; 0 – damper should be fully 

closed, 1 – damper should be fully open 

AHU: Return Air Damper 
Control Signal 

RA_DMPR_DM 
Control signal for AHU return air damper; 

ranges from 0 to 1; 0 – damper should 
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be fully closed, 1 – damper should be 
fully open 

AHU: Return Air Damper 
Position 

RA_DMPR 
AHU return air damper position; ranges 
from 0 to 1; 0 – damper should be fully 

closed, 1 – damper should be fully open 

AHU: Cooling Coil Valve Control 
Signal 

CHWC_VLV_DM 
Control signal for AHU cooling coil valve; 
ranges from 0 to 1; 0 – valve should be 
fully closed, 1 – valve should be fully 

open 

AHU: Cooling Coil Valve 
Position 

CHWC_VLV 
AHU cooling coil valve position; ranges 

from 0 to 1; 0 – valve should be fully 
closed, 1 – valve should be fully open 

AHU: Supply Air Duct Static 
Pressure 

SA_SP 
AHU supply air duct static pressure 

AHU: Supply Air Duct Static 
Pressure Set Point 

SA_SPSPT 
AHU supply air duct static pressure 

setpoint 

Occupancy Mode Indicator 
SYS_CTL 

Indicator if the system operates in 
occupied mode; 1-occupied mode, 0-

unoccupied mode 

Zone 1: Air Temperature 
ZONE_TEMP_1 

 

Zone 1 Air Temperature 

Zone 2: Air Temperature 
ZONE_TEMP_2 

 

Zone 2 Air Temperature 

Zone 3: Air Temperature 
ZONE_TEMP_3 

 

Zone 3 Air Temperature 

Zone 4: Air Temperature 
ZONE_TEMP_4 

 

Zone 4 Air Temperature 

Zone 5: Air Temperature 
ZONE_TEMP_5 

 

Zone 5 Air Temperature 

 

3.2.2 Datasets preparation 

The procedure for the data preparation is the same for the three datasets. The data was first 

resampled from one-minute interval to ten minutes. This was done to reduce the computational 

cost after encountering multiple memory issues dealing with the data in the one-minute interval 

form. The resampling was done by means for the continuous variables and the mode for the 

discrete ones. Since the data was provided in a separate file for each fault state, the data was 

labelled, concatenated, and then normalized. All the TSC models need to have a specific format of 

the data of multi-index format, instances which is a consistent window of time and time points 

which is the timestep. We choose to prepare the data in a daily instance. The data was split into 

five folds each with an expanding number of instances for the training set while shifting the 

window of the testing set as demonstrated in Figure 22. 
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Figure 22: Expanding window for data splitting. 

3.3 Results 

This section includes four subsections. The first evaluates the performance of the algorithms. The 

second analyse the computational load of each algorithm and the third subsection compare the 

classifiers type according to the types introduced in section 1. Finally, a comparison with an 

ensemble supervised algorithm used in chapter 2 is detailed. 

3.3.1 Performance evaluation 

Table 11 provides the aggregated results from the five-fold cross-validation applied across three 

datasets. The results include accuracy, precision, recall and F1 score. Each metric is defined in 

function of True or False positives (TP, FP) and True or False negatives (TN, FN). In Figure 23 

the relative performance of the algorithms according to the F1 score is displayed and in Figure 24 

the individual performance of each algorithm is shown. 

The analysis of classifier performance across three datasets (Boiler Operation, Chiller Plant, and 

Single Duct AHU) reveals significant variations in accuracy and overall effectiveness. As shown 

in Figure 23 and can be deducted from Table 11, the LSTMFCN emerges as the top performer, 

consistently demonstrating superior performance across all datasets. On the Boiler Operation 

dataset, it achieves the highest accuracy (99.16%) and F1 score (99.16%), setting a benchmark for 

performance. This classifier's strong showing across all datasets indicates its robustness and 

adaptability to different types of time series data in HVAC systems. The CanonicalInterval Forest 

and KNeighborsTimeSeries also exhibit impressive performance, particularly on the Boiler 

Operation dataset, where they match or closely trail the LSTMFCN in accuracy and F1 score. 
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A notable trend observed is the general decline in performance for most classifiers when applied 

to the Single Duct AHU dataset. This suggests that this particular dataset may present unique 

challenges or complexities that are not as prevalent in the Boiler Operation or Chiller Plant 

datasets. For instance, while the LSTMFCN maintains the highest accuracy (66.07%) on the Single 

Duct AHU dataset, this is a significant drop from its performance on the other two datasets. 

Similarly, other top-performing classifiers like CanonicalInterval Forest and ResNet see their 

accuracy decrease to around 65-67% on this dataset. This consistent drop in performance across 

classifiers highlights the importance of considering dataset-specific characteristics when selecting 

and implementing classification models for HVAC systems. In the appendix at the end of the thesis, 

I investigate this performance drop in detail.  

 

 

 Figure 23: Heat map of F1 scores of all algorithms across datasets. 

Some classifiers exhibit notably poor performance across all datasets. Arsenal and Rocket, for 

example, consistently show low accuracy and F1 score, with their best performance still falling 
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below 50% accuracy on any dataset. This can be clearly seen in their individual radar plots in 

Figure 24 and their relative performance in Figure 23. This suggests that these classifiers may not 

be well-suited for the specific challenges presented by HVAC system data, regardless of the 

particular subsystem being analysed. On the other hand, classifiers like InceptionTime and ResNet 

show moderate to good performance with an average accuracy of 0.81 and 0.82 across the three 

datasets respectively. Their performance, while not matching the top classifiers, remains consistent 

across datasets, indicating a certain level of reliability. These observations underscore the 

importance of thorough benchmarking and careful classifier selection in time series classification 

tasks for HVAC systems, as the choice of classifier can significantly impact the accuracy and 

reliability of the results. 
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Figure 24: Radar plot for each algorithm performance on all three datasets. 

Table 11 Results for the three datasets. 

 SD-AHU Chiller plant Boiler plant 

Classifier 

R
u
n

ti
m

e
 

(m
in

) 

A
c
c
u

ra
c
y
 

P
re

c
is

io
n
 

R
e
c
a

ll 

F
1

  

R
u
n

ti
m

e
 

(m
in

) 

A
c
c
u

ra
c
y
 

P
re

c
is

io
n
 

R
e
c
a

ll 

F
1

  

R
u
n

 t
im

e
 

(m
in

) 

A
c
c
u

ra
c
y
 

P
re

c
is

io
n
 

R
e
c
a

ll 

F
1

 

CIF 54 0.65 0.63 0.65 0.63 152 0.84 0.84 0.84 0.83 94 0.97 0.98 0.97 0.97 

ResNet 500 0.67 0.60 0.67 0.61 558 0.86 0.87 0.86 0.86 385 0.96 0.97 0.96 0.96 

Arsenal 10 0.45 0.40 0.45 0.39 10 0.45 0.46 0.45 0.40 12 0.26 0.24 0.26 0.22 

Inceptio-

nTime 

196 0.67 0.63 0.67 0.64 220 0.84 0.86 0.84 0.84 170 0.97 0.98 0.97 0.97 

TimeSerie

sSVC 

123 0.66 0.60 0.66 0.62 175 0.58 0.58 0.58 0.55 85 0.48 0.46 0.48 0.42 

1nn DTW 0.61 0.63 0.55 0.63 0.57 2.1 0.60 0.67 0.60 0.61 0.28 0.97 0.98 0.97 0.97 

Rocket 60 0.48 0.42 0.48 0.43 68 0.46 0.49 0.46 0.45 54 0.24 0.25 0.25 0.22 

MUSE 11.5 0.63 0.51 0.63 0.55 26 0.68 0.70 0.68 0.68 3 0.83 0.85 0.83 0.82 

LSTMFC

NC 

120 0.66 0.61 0.66 0.62 232 0.87 0.86 0.87 0.85 98 0.98 0.98 0.98 0.98 
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3.3.2 Runtime analysis 

Figure 25 illustrates the computational efficiency of each classifier and in Figure 26 the relative 

runtimes are shown for all classifiers across datasets are shown in form of a heatmap for an easier 

comparison. The runtime analysis of the classifiers across the three reveals significant variations 

in computational efficiency. The KNeighborsTimeSeries classifier consistently demonstrates the 

fastest performance, with runtimes ranging from a mere 0.29 minutes on the Boiler Operation 

dataset to 2.18 minutes on the Chiller Plant dataset. This exceptional speed makes it an attractive 

option for real-time or resource-constrained applications. In stark contrast, the ResNet classifier 

exhibits the longest runtimes across all datasets, requiring 384.87 minutes (about 6.4 hours) for 

the Boiler Operation dataset, 558 minutes (about 9.3 hours) for the Chiller Plant dataset, and 500 

minutes (about 8.3 hours) for the Single Duct AHU dataset. This substantial computational demand 

suggests that ResNet may be more suitable for offline analysis or scenarios where computational 

resources are not a limiting factor. 

 

Figure 25: Runtime comparison across datasets. 

Among the other classifiers, there is a wide spectrum of runtime performance. The LSTMFCN and 

InceptionTime classifiers, while showing high accuracy, also demand significant computational 

resources. LSTMFCN requires 97.9 minutes for the Boiler Operation dataset, 231.6 minutes for 

the Chiller Plant dataset, and 119.8 minutes for the Single Duct AHU dataset. InceptionTime shows 

similar patterns, with runtimes of 170.2, 220.1, and 196.01 minutes for the respective datasets. The 
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CanonicalIntervalForest classifier falls in the middle range, with runtimes of 94.2, 151.8, and 53.7 

minutes across the three datasets. These moderate runtimes, combined with its good accuracy, may 

make it a balanced choice for many applications. 

Interestingly, some classifiers that showed poor accuracy perform relatively quickly. The Arsenal 

classifier, for instance, completes its computations in 12.38, 9.91, and 9.52 minutes for the Boiler 

Operation, Chiller Plant, and Single Duct AHU datasets, respectively. Similarly, the Rocket 

classifier finishes in 53.4, 68, and 60.1 minutes across the three datasets. The MUSE classifier also 

shows relatively fast performance, with runtimes of 3.1, 25.9, and 11.6 minutes. However, the 

TimeSeriesSVC classifier, despite its convolutional nature, requires substantial computational 

time, with runtimes of 84.8, 174.9, and 123.4 minutes across the datasets. These results highlight 

the important trade-off between computational efficiency and classification accuracy, emphasizing 

the need to consider both factors when selecting a classifier for specific HVAC system analysis 

tasks. 

 

Figure 26: Heat map of runtimes across datasets. 
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3.3.3 Comparing performance across classifiers categories 

The box plot in Figure 27: offers an overview of accuracy distribution across different classifier 

categories. Deep learning-based and interval-based classifiers demonstrate the highest median 

accuracy and the largest interquartile range, suggesting they generally perform well but with 

significant variability across datasets or individual classifiers within the category. Distance-based 

classifiers show a high median accuracy as well, but with a smaller spread, indicating more 

consistent performance. In contrast, convolutional-based classifiers exhibit the poorest 

performance, with the lowest median accuracy and several outliers, pointing to potential 

limitations or mismatches between these algorithms and the nature of the datasets. 

In Figure 28 the average accuracy of the classifiers across datasets vs the average runtime is 

plotted. This plot offers a comprehensive comparison of various classifier categories, evaluating 

their performance based on average runtime (displayed on a logarithmic scale) and average 

accuracy. The data reveals a general trend where increased computational time correlates with 

higher accuracy, though with notable exceptions. Distance-based methods emerge as the most 

efficient, boasting the fastest runtime while maintaining respectable accuracy. In contrast, deep 

learning and interval-based approaches achieve the highest accuracy but at the cost of significantly 

longer processing times. Interestingly, convolutional-based methods stand out as an anomaly, 

consuming substantial computational resources yet yielding surprisingly low accuracy. 

The Boiler dataset stands out as the one where all classifier categories achieve their highest 

accuracy, with deep learning-based, distance-based, and interval-based methods all reaching 

exceptionally high accuracy (0.976 - 0.979). This suggests that the Boiler Operation data may have 

clearer patterns or be easier to classify overall. In contrast, the Single Duct AHU dataset appears 

to be the most challenging, with all categories showing their lowest accuracy scores on this dataset, 

though deep learning-based methods maintain a relative advantage. 
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Figure 27: Box plot of the average algorithm's performance across datasets by category. 

 

Figure 28: Average accuracy vs runtime per classifier category. 

 

To further understand the performance variations, statistical analyses were conducted on the 

results. Although CIF and KNN with DTW showed higher average metrics, the differences were 



77 

 

not statistically significant (p-values > 0.05). This analysis suggests that while some classifiers 

may perform better on average, the differences might not be meaningful in practical applications 

without further optimization. The potential for improving classification results through advanced 

feature engineering is considerable. Adjusting data sampling rates and enhancing feature extraction 

techniques could lead to significant performance gains, as indicated by the initial discrepancies 

observed in classifiers' performances across the three datasets. Exploring these avenues could 

provide deeper insights and more robust models for fault detection in HVAC systems. 

The extended analysis of classifier performance across multiple datasets highlights the importance 

of algorithm selection based on the specific characteristics of the data. While CIF and KNN with 

DTW are generally robust across various settings, their effectiveness can be enhanced through 

tailored feature engineering. This study's findings underline the need for comprehensive testing 

and optimization to deploy effective fault detection and diagnostics solutions in real-world 

scenarios. 

3.3.4 Comparison with tree-based ensemble method 

While algorithms like InceptionTime and CIF demonstrated good overall performance with 

average accuracy of 0.8 across the three datasets, it is worth comparing their performance to 

supervised ensemble methods. In this subsection, the comparison to the method used in chapter 2, 

XGBoost, is conducted. The results can be seen in Table 12.  

Table 12: Performance comparison between XGBoost and LSTMFCNC across datasets 
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XGBoost 0.21 0.62 0.62 0.62 0.56 0.16 0.92 0.90 0.92 0.91 0.14 0.99 0.97 0.98 0.99 

LSTMFC

NC 

120 0.66 0.61 0.66 0.62 232 0.87 0.86 0.87 0.85 98 0.98 0.98 0.98 0.98 

 

The results show that overall, XGBoost has similar results to LSTMFCNC but with extremely low 

runtime. For the single duct AHU, LSTMFCNC scores slightly higher with an accuracy of 0.66 vs 
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0.62 for the XGBoost. While the runtime for LSTMFCNC is 120 minutes vs 0.21 minutes for 

XGBoost. For the chiller plant dataset, the XGBoost has a slightly better performance with an 

accuracy of 0.92 and runtime of 0.16 minutes vs 0.87 accuracy for LSTMFCNC and runtime of 

232 minutes. 

The similar performance of both models might suggest that while there are temporal patterns in 

the three datasets, they may not be the dominant factor in distinguishing between classes. This 

means that spatial dependencies -correlation between features- in the three datasets are as 

important as temporal dependencies since XGBoost does not explicitly model the temporal 

dependencies.  
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CHAPTER 4 

4 Self-Supervised Transformer based 
architecture for fault detection 

4.1 Background 

Recent research in the building sector has concentrated on two learning approaches to address the 

scarcity of labelled data: transfer learning and semi-supervised learning [117], [118]. Solutions 

based on transfer learning propose using insights gleaned from data-rich buildings to tailor models 

for buildings with less data [119], [120]. This approach offers a promising way to exploit 

operational data from various building systems and conditions. However, it presumes the 

availability of data from buildings with similar characteristics, which may not always be the case. 

In focusing on the data from individual buildings, other studies have assessed the merits of semi-

supervised learning in using unlabelled operational data [121]. Yan et al. examined the efficacy of 

various semi-supervised algorithms in categorizing faults in AHUs [122], finding that this 

approach can significantly enhance model performance even with limited labelled data. Fan et al. 

introduced a unique semi-supervised framework using artificial neural networks for diagnosing 

faults in AHUs, employing a base model trained on limited labelled data and iteratively updating 

it with high-quality pseudo labels derived from unlabelled data [123]. Li et al. applied semi-

supervised generative adversarial networks to better understand the distribution of unlabelled data, 

thereby improving fault diagnosis in chillers [124], [125]. Their approach involved training a 

discriminator model to classify real data labels while distinguishing between real and artificial data 

samples, thus facilitating the creation of a reliable fault classification model with minimal labelled 

data. A notable limitation of semi-supervised learning is its partial dependence on initial labelled 

data. For example, in the widely used self-training method, the quality of pseudo labels generated 

from unlabelled data can be substandard if the initial model is developed with an extreme scarcity 
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of data, potentially leading to decreased performance in predictive modelling. One of the main 

reasons behind the lack of adoption of data driven FDD in the building sector is due to the fact that 

most proposed methods depend entirely or partially on labelled data which is inherently difficult 

to systematically obtain for several reasons: 

1. expertise requirement: accurately labelling faults requires a deep understanding of building 

systems and operations, which necessitates the involvement of domain experts. This can 

significantly increase the time and cost associated with the data labelling process; 

2. variability and complexity: buildings vary greatly in their design, usage, and maintenance, 

leading to a wide range of potential faults that are often complex and interrelated. This 

variability makes it challenging to create a comprehensive labelling schema that accurately 

represents all potential faults; 

3. dynamic environments: the operational conditions of buildings and their systems can 

change over time, affecting fault manifestations. This dynamic nature requires continuous 

updates to labelled data to remain relevant, adding to the complexity and cost of the 

labelling process. 

Self-supervised learning emerges as a promising solution, offering a potential means to reduce the 

reliance on labelled data in predictive modelling [126] Self-Supervised Learning (SSL) represents 

a segment of unsupervised learning that leverages internally generated tasks, known as pretext 

tasks, to extract supervisory cues from data without labels. These internally devised challenges 

enable the model to extract knowledge from the dataset, which in turn fosters the creation of 

meaningful representations for subsequent analytical tasks. SSL circumvents the need for 

externally labelled data since the supervisory signals are intrinsically obtained from the data. 

Owing to the strategic design of these pretext tasks, SSL has marked notable advancements in the 

realms of Computer Vision (CV) and Natural Language Processing (NLP). 

In this chapter, we used and trained an encoder-only transformer-based architecture in a generative, 

self-supervised manner. This method was tested against unlabelled data from a real building 

equipped with a heat pump (HP) that is connected to an AHU for ventilation and a floor heating 

system. 
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4.2 Transformer introduction & applications 

The goal of this section is to give an overview of the original transformer architecture as it was 

introduced for Natural language processing (NLP) purposes and all its components (positional 

encoding, multi head attention, feed forward and residual network). Then how this architecture 

was adapted to be used for time series data. 

4.2.1 Vanilla transformer 

The innovation of Transformer in deep learning [127] has brought great interest recently due to its 

excellent performances in NLP [128] computer vision (CV) [129], and speech processing [130]. 

Over the past few years, numerous Transformer variants have been proposed to advance the state-

of-the-art performances of various tasks significantly. There are quite a few literature reviews from 

different aspects, such as in NLP applications [131], CV applications [132], and efficient 

Transformers [133]. 

The classic Transformer introduced by [127] is essentially built on an encoder-decoder framework. 

This structure comprises multiple identical layers in both the encoder and decoder. Each layer is 

characterized by two main components: a multi-head attention mechanism and a position-specific 

feed-forward network. The decoder further integrates a cross-attention mechanism that works in 

tandem with the multi-head self-attention and the position-wise feed-forward module. 

4.2.1.1 Encoding the input and position 

In contrast to models like LSTM and RNN, the basic Transformer doesn't use a recurrent 

mechanism. Instead, it adds positional encoding to the input embeddings to capture sequential 

information. We briefly explain some prominent positional encoding methods. In the standard 

Transformer, each sequence position, denoted as: 

 
𝑃𝐸(𝑡)𝑖={

sin⁡(𝜔𝑖𝑡)    𝑖%2=0

cos⁡(𝜔𝑖𝑡)    𝑖%2=1
 

( 9 ) 

 

𝜔𝑖𝑡 represents a predefined frequency for each dimension. An alternative approach is to learn these 

positional embeddings, which offers more adaptability, as suggested by [134]. For relative 

positional encoding the is that the relationships between sequence positions can be more 
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informative than their absolute positions. Some techniques have been devised to add relative 

positional encodings directly to the attention mechanism's keys. Shaw and team in 2018 provided 

insights into this. Additionally, there are hybrid methods that merge both absolute and relative 

positional encodings, where the positional information gets combined with the token embeddings 

directly. 

4.2.1.2 Multi-head attention 

With Query-Key-Value (QKV) model, the scaled dot-product attention used by Transformer is 

given by: 

 
Attention⁡(𝐐,𝐊,𝐕)=softmax⁡(

𝐐𝐊𝐓

√𝐷𝑘
)𝐕 

( 10 ) 

 

where queries 𝐐∈ℛ𝑁×𝐷𝑘, keys 𝐊∈ℛ𝑀×𝐷𝑘, values 𝐕∈ℛ𝑀×𝐷𝑣, N, M denote the lengths of 

queries and keys (or values), and Dk, Dv denote the dimensions of keys (or queries) and values. 

Transformer uses multi-head attention with H different sets of learned projections instead of a 

single attention function as: 

 MultiHeadAttn⁡(𝐐,𝐊,𝐕)=⁡Concat⁡(⁡head⁡1,⋯,⁡head⁡𝐻)𝐖
𝑂 ( 11 ) 

 

where  head𝑖= Attention (𝐐𝐖𝑖
𝑄,𝐊𝐖𝑖

𝐾,𝐕𝐖𝑖
𝑉).The Attention() function computes the relevance 

of different values based on the queries and keys. For each query, Attention() assigns weights to 

the keys based on their similarity, and these weights are used to aggregate the corresponding values 

into a single output. This allows the model to focus on the most relevant parts of the input when 

making predictions. 

4.2.1.3 Feed-forward and Residual Network 

In this formula 𝐇′ represents the output from the preceding layer. 𝐖1 is a matrix of dimensions 

appropriate for mapping the input features to an intermediary dimension, while 𝐖2 serves to map 

these intermediary features to the desired output dimension. Similarly, 𝐛1 and 𝐛2 are bias vectors 

corresponding to each weight matrix and are subject to optimization during training.  
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 𝐹𝐹𝑁(𝐇′)=ReLU⁡(𝐇′𝐖1+𝐛1)𝐖2+𝐛2, (12)  

 

In this formula 𝐇′ represents the output from the preceding layer. 𝐖1  is a matrix of dimensions 

appropriate for mapping the input features to an intermediary dimension, while 𝐖2 serves to map 

these intermediary features to the desired output dimension. Similarly, 𝐛1 and 𝐛2 are bias vectors 

corresponding to each weight matrix and are subject to optimization during training. As the 

network depth increases, it becomes beneficial to incorporate a residual connection, along with 

layer normalization, to enhance the flow of gradients during training. Thus, the module can be 

extended as follows: 

 𝐻′=LayerNorm⁡(SelfAttn⁡(𝑋)+𝑋)

𝐻=LayerNorm⁡(𝐹𝐶𝑁(𝐻′)+𝐻′)
 

( 13 ) 

 

Here SelfAttn⁡() signifies the self-attention mechanism that processes the input X. and 

LayerNorm⁡() denotes the process of layer normalization.  

4.2.2 Transformers for time series and anomaly detection 

In recent advancements, the Transformer architecture, originally designed for natural language 

processing, has been extensively modified to cater to the intricacies of time series data [135], [136]. 

One pivotal adaptation is the introduction of adaptive positional encoding techniques, moving 

beyond the vanilla model's basic positional encoding. Research indicates dynamic embeddings 

derived directly from time series data, such as those introduced by learning layers within the 

Transformer [137] or generated through LSTM networks [138], significantly enhance model 

efficacy by providing tailored flexibility and capturing the sequential order inherent in time series. 

Moreover, leveraging timestamps as an additional form of positional encoding, as seen in models 

like Informer [139], Autoformer [140], and FEDformer [141], brings forth the untapped potential 

of time-specific data points. This approach underscores the value of incorporating both regular 

intervals and significant dates to enrich the model's temporal understanding. 

Addressing the computational challenges of the self-attention mechanism, proposals like LogTrans 

[142] and Pyraformer [143] have introduced efficient strategies through inducing sparsity and 
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exploiting the self-attention matrix's low-rank characteristics, respectively. Architectural 

innovations further include hierarchical structuring, as implemented by Informer [139] and 

Pyraformer [143], to process time series at varying scales, enhancing both model efficiency and 

data interpretation capabilities. 

Transitioning to anomaly detection, the transformative application of the Transformer architecture 

[144] and its integration with generative neural models such as VAEs [145], [146], [147], [148] 

and GANs [149] have marked significant improvements in detecting time series anomalies. 

Adversarial training methods [147], multi-scale approaches [146], and graph-based learning 

frameworks exemplify the broadening scope of Transformers in capturing complex temporal 

relationships and multivariate series characteristics. These adaptations underscore the 

architecture's versatility in enhancing anomaly detection accuracy and addressing the limitations 

of traditional methods. 

In sum, these modifications, and applications of the Transformer architecture to time series 

analysis and anomaly detection highlight the ongoing innovation in adapting deep learning models 

to the unique demands of time series data, significantly improving their performance and 

applicability across various tasks. 

4.3 Methodology of fault detection using a Transformer 

architecture 

In this section we introduce the data preprocessing procedure, the model used in the study, the self-

supervised training method used for the pretraining step and finally the dynamic thresholding 

technique used to flag the anomalies. 

4.3.1 Core Architecture 

Central to our approach is an encoding mechanism inspired by the transformer architecture 

delineated by [127]. Our model diverges from this foundational design in that it eschews the 

decoder module, opting instead for an encoder-only framework The primary reason for employing 

only an encoder in this research, focusing on multivariate anomaly detection in time series, is due 

to the non-generative nature of the task. Unlike the original Transformer architecture, which was 

designed for language translation - a generative task requiring an encoder to understand one 
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language and a decoder to generate another - anomaly detection in time series data involves 

identifying deviations from normal patterns within the same data context. Therefore, a decoder is 

unnecessary; the encoder alone is sufficient to model and identify these anomalies effectively. This 

approach streamlines the model and makes it more computationally efficient, focusing its learning 

capabilities on recognizing irregularities in the time series data. The computational efficiency 

improvement stems from the fact that in Central to our approach is an encoding mechanism 

inspired by the transformer architecture delineated by [127]. Our model diverges from this 

foundational design in that it eschews the decoder module, opting instead for an encoder-only 

framework The primary reason for employing only an encoder in this research, focusing on 

multivariate anomaly detection in time series, is due to the non-generative nature of the task. 

Unlike the original Transformer architecture, which was designed for language translation - a 

generative task requiring an encoder to understand one language and a decoder to generate another 

- anomaly detection in time series data involves identifying deviations from normal patterns within 

the same data context. Therefore, a decoder is unnecessary; the encoder alone is sufficient to model 

and identify these anomalies effectively. This approach streamlines the model and makes it more 

computationally efficient, focusing its learning capabilities on recognizing irregularities in the time 

series data. The computational efficiency improvement stems from the fact that in traditional 

encoder-decoder architectures, both the encoder and decoder independently contribute to 

computational complexity due to the self-attention mechanism’s pairwise comparison of tokens, 

resulting in a quadratic relationship with the input sequence length. By adopting an encoder-only 

model, we remove the need for the decoder and its associated complexity entirely. In the context 

of anomaly detection, where the decoder's generative function is not required, our approach 

effectively halves the self-attention computation. Therefore, for a time series of length (n), while 

an encoder-decoder model would require 𝑂(2.𝑙.𝑛2) operations for 𝑙 operations due to the 

combined processing in both the encoder and decoder, our encoder-only model require only 

𝑂(𝑙.𝑛2) operations. This is a conservative estimate, as it does not factor in the additional 

computational load imposed by the autoregressive nature of the decoder, which cannot be 

parallelized across sequence positions. We provide an illustrative representation of our model's 

universal structure in Figure 29, applicable to an array of tasks. Table 13 provides a detailed 

breakdown of each layer within our model, its functionality, and the extent of its utilization within 

the core architecture. The reader is directed to the seminal transformer literature for a 
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comprehensive elucidation of the model, whilst this discourse will focus on the modifications, we 

introduced to facilitate the processing of multivariate temporal sequences as opposed to linguistic 

token sequences. 

 

Figure 29: on the left figure (starting from the bottom): the main architecture of the algorithm the steps of 
preprocessing and encoding of the data to the model dimension (d) are displayed; on the right the modelling and 

reconstruction of the data to the origin. 

Table 13: Model architecture breakdown. 

Layer name Layer type Description 
Number of 

layers 

Input 

normalization 
Preprocessing 

Standardizes the input data to zero 

mean and unit variance. 
1 per feature 

Linear projection Transformation 
Projects normalized features into a 

d-dimensional model space. 
1 

Positional 

encoding 
Encoding 

Adds learnable temporal context to 

input sequences. 
1 

Multi head 

attention 
Self-Attention 

Processes sequences in parallel, 

focusing on different parts of the 

sequence simultaneously. 

2 (7 attention 

heads each) 

Feedforward 

network 
Transformation 

Applies point-wise transformations 

to the output of the attention layer. 
2 

Add & Norm 
Residual 

connection 

Combines the outputs of the 

attention and feedforward networks 

with layer normalization. 

4 (2 per 

encoder layer) 

Output 

projection 
Reconstruction 

Maps the encoded sequence back 

to the original feature space for 

reconstruction. 

1 
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Each datum for training, denoted as⁡𝑋 within the real value space ℝ𝑤∗𝑚 , represents a multivariate 

temporal sequence comprising⁡𝑤⁡instances across 𝑚 distinct variables, thus forming a series of 

feature vectors 𝑥𝑡 within ℝ𝑚. Prior to dimensionality transformation, the feature vectors⁡𝑥𝑡 are 

subjected to a normalization process—subtracting the mean and scaling by the variance computed 

across the training dataset—and subsequently projected linearly into a 𝑑 dimensional vector space, 

𝑑 being the inherent dimensionality of the transformer's internal sequence representation, often 

referred to as the model dimension: 

  𝑢𝑡=𝑊𝑝𝑥𝑡+𝑏𝑝  
 

(14)  

 

Herein 𝑊𝑝∈ ℝ𝑑∗𝑚and 𝑏𝑝∈ ℝ𝑑 are parameter matrices and vectors subject to optimization, with 

𝑢𝑡∈ ℝ𝑑 representing the series of model inputs analogous to the lexical embeddings in linguistic 

transformers. These inputs are subsequently transformed into the queries, keys, and values for the 

self-attention mechanism upon integration of positional encodings and subsequent application of 

the associated transformation matrices. The transformer, inherently a feed-forward construct, lacks 

innate sensitivity to input sequence order. To instill an awareness of temporal structure within the 

model, we introduce positional encodings 𝑊𝑝𝑜𝑠⁡∈ ℝ𝑤∗𝑑 into the input vector sequence 

𝑈⁡∈ ℝ𝑤∗𝑑=[𝑢1,𝑢2….𝑢𝑤], thereby obtaining  𝑍⁡=⁡ 𝑈+𝑊𝑝𝑜𝑠. 

In a departure from the fixed, sinusoidal positional encodings posited in the original transformer 

paradigm, our model utilizes a set of positional encodings that are subject to optimization. This 

alteration is substantiated by empirical evidence indicating enhanced performance across all 

considered datasets. These learnable encodings seem to minimally interfere with the temporal 

data's quantitative attributes. We postulate that this is attributable to the encodings evolving to 

occupy a vector subspace that is approximately orthogonal to that of the time series data, a 

hypothesis supported by the higher-dimensional nature of the embedding space which simplifies 

the attainment of orthogonality. In this study, time2vec method [150] was used to encode time 

stamps in the data. In a departure from the fixed, sinusoidal positional encodings posited in the 

original transformer paradigm, our model utilizes a set of positional encodings that are subject to 

optimization. This alteration is substantiated by empirical evidence indicating enhanced 

performance across all considered datasets. These learnable encodings seem to minimally interfere 
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with the temporal data's quantitative attributes. We postulate that this is attributable to the 

encodings evolving to occupy a vector subspace that is approximately orthogonal to that of the 

time series data, a hypothesis supported by the higher-dimensional nature of the embedding space 

which simplifies the attainment of orthogonality. In this study, time2vec method [150] was used 

to encode time stamps in the data. 

 
𝐭𝟐𝐯(𝜏)[𝑖]={

𝜔𝑖𝜏+𝜑𝑖,     if 𝑖=0

ℱ(𝜔𝑖𝜏+𝜑𝑖),     if 1≤𝑖≤𝑘
 

( 15 ) 

 

Where 𝐭𝟐𝐯(𝜏)[𝑖] is the 𝑖𝑡ℎ⁡element of 𝐭𝟐𝐯(𝜏). ℱ is a periodic activation function and 𝜔𝑖s and 𝜑𝑖s 

are learnable parameters. Time series data is inherently variable in length. Our architecture 

effectively addresses this heterogeneity by establishing a uniform maximum sequence length 𝑤 

for the dataset. Sequences falling short of this length are augmented. The model was trained on a 

window size of 96 corresponding to Ine day of measurement. We used 2 layers of transformer 

encoders and 2 layers of feed forward unit of encoders. While 7 heads were used in the multi head 

attention. 

4.3.2 Self-supervised learning pre-training 

For the foundational self-supervised pre-training phase of our model, we engage an autoregressive 

task wherein a portion of the input data is occluded with zeros, compelling the model to predict 

the concealed information. This process entails the systematic obscuration of subsets of the input 

sequence—achieved through the multiplication of the input X⁡∈ ℝ𝑤∗𝑚 with binary mask M, 

generated independently for each sample. In this masking schema, a proportion⁡r⁡⁡⁡of each mask 

column (equivalent to a singular variable in the time series) oscillates between segments of zeros 

and ones, following a predetermined state transition probability distribution to determine the length 

of each obfuscated segment, thereby generating sequences with a geometric distribution 

characterized by a mean unmasked segment length 𝑙𝑢 and a mean masked segment length 𝑙𝑚 , as 

given by 𝑙𝑢=
1−𝑟

𝑟
𝑙𝑚 with 𝑙𝑚 being set to 3 for the conducted experiments. 

We adopt this masking strategy—distinct from the "cloze" method employed in NLP models such 

as BERT—where the masked values in the time series are supplanted by zeros, as opposed to 

replacing word embeddings. This method is designed to incite the model to not only predict the 



89 

 

immediate succeeding values but also to integrate the temporal dependencies between variables. 

A linear layer with optimizable parameters 𝑊𝑂∈ℝ
𝑚×𝑑,𝑏𝑂∈ℝ

𝑚 s applied to the terminal vector 

representations 𝑧𝑡∈ℝ
𝑑 at each time step, with the model simultaneously estimating the complete 

unobscured input vectors 𝑥𝑡 ; however, the Mean Squared Error (MSE) is computed solely for the 

predictions on the masked segments as indicated by the mask set 𝑀={𝑡𝑖:𝑚𝑡𝑖=0} where  𝑚𝑡𝑖 

are the elements of the mask 𝑀. The MSE for each data sample is as follows: 

 ⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡𝑥𝑡=𝑊𝑂𝑧𝑡+𝑏𝑂

𝐿𝑀𝑆𝐸=
1

|𝑀|
∑  

(𝑡,𝑖)∈𝑀

(𝑥(𝑡,𝑖)−𝑥(𝑡,𝑖))2 

( 16 ) 

 

This pre-training objective is methodologically divergent from denoising autoencoders as it does 

not consider the entire input reconstruction but rather focuses on the masked segments. Notably, 

this approach is not reliant on assumptions of noise characteristics typically postulated in denoising 

paradigms, such as Gaussian distributions. The design also takes into account the distributions of 

the actual masked values and the subsequent impact on learning. The pre-training step overview 

can be seen in Figure 30. 
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Figure 30 Pre-training step overview. 

4.3.3 Dynamic thresholding and fine tunning 

After the reconstruction of the multivariate time series, the anomaly scores are calculated using 

the absolute difference between the original and the predicted ones, multiplied by the average 

attention weights of each window averaged over multiple heads. Dynamic thresholding technique 

is then applied to the anomaly scores to flag anomalies that exceed the threshold.  

In this work, I implement the Peak Over Threshold (POT) method, which enables the automatic 

and dynamic selection of thresholds [151] and used by [152]. This technique is grounded in the 

principles of extreme value theory, facilitating the fitting of data distributions using a Generalized 

Pareto Distribution. The first step in the POT method is to set an initial threshold 𝑡 in a window 

𝑤. This threshold is set such that only the most extreme values in the data set for each window are 

considered for further analysis. In this research this value was chosen as 85th percentile with a 
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window of 2 hours. Once the threshold is set, the method focuses on the excesses over this 

threshold. These excesses are defined as: 

  𝑌𝑖=𝑋𝑖−𝑡  
 

( 17 ) 

 

Where 𝑌𝑖 is the excess over the threshold, 𝑋𝑖 is the individual anomaly score at a certain time stamp 

and 𝑡 is the initial threshold. The distribution of excesses over the threshold is fitted to generalized 

pareto distribution (GPD). The GPD is characterized by two parameters: scale parameter 𝜎 and the 

shape parameter 𝛾. The cumulative distribution function (CDF) of GPD is given by: 

 

𝐺(𝑦;𝜎,𝛾)=

{
 

 1−(1+
𝛾𝑦

𝜎
)
−
1
𝛾
,     if 𝛾≠0

1−exp⁡(−
𝑦

𝜎
),     if 𝛾=0

 

( 18 ) 

 

where 𝑦>0⁡,𝜎>0, and ⁡𝑦≤−
𝜎

𝛾
 for 𝛾<0. The 𝜎,𝛾 are the scale and the shape parameters 

respectively. Those parameters are estimated using the Maximum Likelihood Estimation (MLE). 

In this paper we used the Grimshaw tricks [49] to calculate the maximum value of maximum 

likelihood function. 

Once the GPD parameters are estimated, the distribution in each window can be used to assess the 

extremeness of new observations. An observation is flagged as an anomaly if its excess over the 

threshold has a low probability under the estimated GPD. This is typically done by computing the 

quantile or the survival function of the GPD for a new observation and comparing it to a pre-

defined risk level 𝑞. If the probability of observing an excess over the threshold is lower than⁡𝑞. 

Finally, the quantiles are calculated for a given probability level using the inverse of the GPD's.  

CDF. This quantile represents the value for which there is a probability 𝑞 that the observed value 

will exceed it. The formula for quantile calculation under GPD is: 

  𝑧𝑞=𝑡+
𝜎

𝛾
((1−𝑞)−𝛾−1) for 𝛾≠0  

 

(19)  
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Where 𝑧𝑞 is the quantile for a probability of 𝑞. The calculated quantiles will be used as the 

calculated threshold for the anomaly scores. In the case of 𝛾=0, the quantile is calculated using 

the exponential distribution formula. This dynamic threshold is set for each feature’s anomaly 

score. An anomaly is flagged if the anomaly score of any feature exceeded the threshold. 

Lastly, if labelled data becomes available, the model can be fine-tuned to further refine its fault 

detection capabilities. During fine-tuning, the labelled data is used to adjust the encoder's weights 

through backpropagation, specifically training the model to better classify instances as normal or 

faulty. This step enhances the model's precision in identifying faults by leveraging direct feedback 

from the labelled examples. 

4.4 Case study 

4.4.1 Building envelope and HVAC system 

VELUXlab stands as the pioneering Nearly Zero Energy Building in Italy, situated within the 

confines of a university campus. The journey of VELUXlab began in 2011 when VELUX 

embarked on a project to transform the Atika demo-house into an innovative laboratory under the 

auspices of Politecnico di Milano. Initially designed to exemplify a model home suitable for the 

Mediterranean climate, the building underwent significant enhancements under the guidance of 

Politecnico di Milano's design team. These upgrades transformed it into an active prototype, 

offering a tangible example for the development of future sustainable buildings [154]. 

The retrofit process of the building involved both the improvement of the envelope’s layering with 

new and high performances materials that increased the technical performances of the building 

case (U-values down to 0,124 W/m2/K), and the implementation of systems. Static and dynamic 

simulations helped to calibrate the design choices to lead through the minimization of energy 

needs. 
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(a) (b) 

Figure 31: a) A picture of the building after renovation and localization at Politecnico di Milano, Bovisa Campus; b) 
plan and a section of the building. 

The HVAC system is comprised of air water heat pump as a generation source in the system with 

7 kW in heating and 6.1 kW in cooling. As a mechanical ventilation and emission system, air 

handling unit with maximum flow rate of 470 m3/h with over 90% heat recovery. Radiant floor is 

also used as an emission system with capacity of 90 W/m2 for heating and 30 W/m2 for cooling. 

11 m2 of photovoltaic panels are used, the field is capable of generating 2 kWp. 

The HVAC system undergoes continuous monitoring to evaluate the efficiency of its components 

and to optimize system control, thereby ensuring optimal indoor comfort. This monitoring 

framework incorporates a range of sensors, including those for temperature, relative humidity, and 

CO2, as well as heat and electrical meters. Figure 32 presents a schematic representation of the 

HVAC system, highlighting the specific locations of these sensors. 
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Figure 32 Schematic of the HVAC system and the positions of the sensors of the monitoring system. 

 

  

(a)           (b) 

Figure 33: actual system implementation. a): top: Air handling unit; bottom: radiant floor; b): indoor unit of the 
heat pump. 
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4.4.2 Data description 

The monitoring system initially incorporated over 50 sensors, measuring both numerical and 

discrete variables. To ensure data integrity, sensors exhibiting more than 15% missing values were 

excluded, effectively narrowing down the dataset to the most complete time series. The missing 

values were the results of sensors not logging the values either due to communication errors or 

sensors malfunction. Further refinement was achieved by evaluating feature correlations; in 

instances where feature pairs demonstrated a correlation exceeding 95%, one feature from each 

pair was removed to reduce computational complexity. The data has a range of time steps from 1-

10 minutes then later resampled to 15 minutes. The resampling was done by mean aggregation to 

preserve central tendency of the time series. Analysing the frequency content and probability 

distribution of the data post-resampling, we confirmed that the mean aggregation process did not 

introduce significant artifacts or biases. Figure 34 shows the correlation matrix among the features. 

Correlated features such as AHU damper signal, AHU CO2 control state and AHU fan signal were 

detected and chosen from. Moreover, features were representing the same measurement but from 

different monitoring systems -such as external weather station outdoor temperature reading and 

internal monitoring system reading for external temperature were detected. This process resulted 

in the selection of 14 features for subsequent analysis, as detailed in Table 14. In Table 15, the 

uncertainty for each type of measurement is displayed. 

Table 14 The measurements from the system that is used in the training of the model. 

System component Measurement 

Heat pump 

Forward temperature 

Inlet temperature set point 

Return temperature 

Electric power consumption 

Water flow rate 

Modulating signal of the mixing valve 

Air handling unit 

Forward temperature 

Return temperature. 

Electric power consumption 

Water flow rate 

Outdoor conditions 
Dry bulb temperature 

Relative humidity 

Indoor conditions 
Dry bulb temperature 

CO2 concentration 
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Table 15 Measurement uncertainty for used features. 

Measurement Uncertainty 

Electric power ±1% 

Water temperature ± 0.12 °C 

Temperature ±0.5 °C 

Water flow rate ±2% 

Relative humidity ±2% 

CO2 concentration ±50 ppm 
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Figure 34 Correlation between the features. 

4.5 Results and discussion 

As explained previously, anomalous periods are flagged subsequent to the computation of anomaly 

scores for each feature, upon the application of Peak-Over-Threshold (POT) thresholding. A 

timestep is classified as anomalous if it surpasses the threshold for any feature. 
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a) Relative humidity sensor readings, the reconstructed time series from the algorithm. 

 

b) Anomaly scores and the dynamic threshold from actual readings and the reconstruction and the attention scores. 

Figure 35: Demonstration of the fault detection process in case of both sequential and point anomalies. 

Since no labelled data is available, the assessment of the method was done through two metrics. 

First how well the reconstructed time series matches the original in the features and the second is 

analysing the flagged instances. In general, for time series fault instances, there are two types of 

anomalies, point and sequential. The point anomalies are mostly labelled correctly in the data as 

demonstrated in Figure 35 where multiple point anomalies in the relative humidity sensor readings 

are correctly labelled. Those anomalies are quite common in sensor readings and easy to detect for 

most anomaly detection algorithms. Sequential anomalies on the other hand are much harder to 

detect and label by anomaly detection algorithms, since it requires identifying the underlying trend 

or multiple trends in the data and detect the deviation from it. In Figure 36 and Figure 37, sequential 

anomalies are apparent in the data as the cyclical nature of the trend stops and a non-zero linear 

trend starts for a period of time. The method proposed was able to detect the change in the trend 
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correctly but not for the entirety of the anomalous period. Since the method is primarily built on 

the anomaly score, which is a function of the reconstruction error, when the reconstruction error 

reach zero on the points where there is intersection between the reconstructed time series and the 

original one, the anomaly score reaches zero preventing the continuation of the detection. 

In Figure 35, we can see that while the beginning of the fault correctly detected with a spike of 

anomaly score, the detection stopped when the reconstruction error reached zero and 3 hours of 

the fault was not detected. In Figure 36, the same behaviour appeared in the indoor sensor readings. 

Four different anomalous periods were detected and a total of 6 hours out of 50 hours were 

detected. 

The highlighted intervals within Figure 36 are instances where the anomaly score exceeded the 

designated threshold, signalling a fault. 
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a) Indoor temperature sensor readings, the reconstructed time series from the algorithm 

 

b) Anomaly scores and the dynamic threshold from actual readings and the reconstruction and the attention scores. 

Figure 36 Indoor temperature sensor readings, the reconstructed time series from the algorithm and the anomaly 
scores as a demonstration of sequential anomaly in the readings. 

Figure 37 provides a comprehensive visualization of the outcomes for each feature, along with the 

anomalies identified by the algorithm. A notable aggregation of such faults is observable between 

October 19th and December 23rd. Upon scrutiny of this interval, a significant malfunction within 

the monitoring system was revealed, impacting all sensors with the exception of those associated 

with the weather station that records external dry bulb temperature and relative humidity. This 

malfunction led to shifting of the measurement trend to be linear instead of noisy cyclical. 
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Figure 37 Summary of the outcome for all the features. The highlighted areas are the periods labelled as faults. 
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One other type of fault that has been identified is related to scheduling patterns shown in Figure 

38. The AHU being constantly on during night hours in winter of 2022 triggered a fault. This 

happened because of the night ventilation that was set during Summer was not turned off during 

winter. 

 

Figure 38: Air handling unit power consumption. Scheduling fault detected is highlighted in red. 

Since the model has a window size of 96 which represents one day, the model was able to 

reconstruct the trends well as shown previously, however, some peaks were not captured in the 

same precision due to the window size choice. A smaller window choice might solve this issue but 

will increase the computation cost and compromise capturing the longer trends in different 

dimensions. A future solution might be to have a dual encoder with different window sizes. Despite 

the fact that this will lead to increased computational cost, the results should attend to both long 

and short trends given a correct way of combining the outcome from the dual encoders. 
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Figure 39 Original time series vs reconstructed time series vs reconstructed for AHU power consumption with 
average attention scores for every time step. 

Figure 39 visualizes the average attention weights of each window averaged over multiple heads. 

It is apparent that there is a high correlation between the attention weights and peaks and sudden 

changes in the time series. Analysing the attention weights across different dimensions it was also 

noticed that the model higher attention weights to different dimensions where the deviations are 

higher, allowing the model to specifically detect faults in each dimension individually with the 

contextual trend of the complete sequence as prior.  
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CHAPTER 5 
5 Conclusions 

Data-driven fault detection and diagnostics (FDD) in HVAC systems have emerged as a prominent 

area of research, especially in the context of building management. Despite significant 

advancements in literature, there remains a noticeable gap between research developments and the 

availability of fully automated data-driven FDD solutions in the commercial market, particularly 

within the residential sector. The success of any data-driven application hinges on the quality, 

availability, and ease of annotation of the data. While the decreasing costs of sensors have 

facilitated widespread adoption of monitoring systems across various building types, leading to 

the accumulation of vast datasets, the reliability of this data is often inconsistent. The monitoring 

systems are frequently plagued by disruptions and faults, whether originating from data pipelines, 

infrastructure, or the sensors themselves. 

Another critical challenge that impedes the widespread adoption of data-driven FDD systems is 

the scarcity of labelled data for HVAC operations. The annotation process is both labour-intensive 

and requires domain expertise, unlike fields such as Natural Language Processing (NLP) or 

Computer Vision (CV), where non-experts can often handle data labelling. This reliance on expert 

annotation adds a significant barrier to the development and deployment of effective FDD systems. 

Much of the existing research has focused on supervised learning algorithms, which require 

labelled data, and semi-supervised learning, which relies on smaller amounts of labelled data. 

While these methods are powerful, especially semi-supervised learning where minimal labelled 

data can yield significant results, their application in real-world systems is limited by their inability 

to detect or diagnose previously unseen faults. Additionally, these models often function as black 

boxes, offering little insight into their decision-making processes, which can be problematic for 

practical applications where interpretability is crucial. 
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Given these challenges, arguably the immediate goal for most HVAC systems should not be the 

pursuit of full automation in FDD. While full automation should remain the ultimate objective, the 

current focus should be on developing highly efficient data collection and labelling pipelines. To 

this end, It is proposed to decouple the processes of fault detection and fault diagnostics. Fault 

detection, which typically relies on unsupervised learning, should not depend on labelled data and 

should be designed to identify unrecognized patterns in the data. Ideally, unsupervised algorithms 

should be capable of detecting both spatial and temporal patterns across all features. Once these 

unrecognized patterns are identified, manual labelling should be performed by facility managers 

or system experts. This approach narrows the scope of the labelling task, making it more 

manageable and time efficient. 

Manual annotation should continue until a sufficient number of faults have been labelled and stored 

in a dedicated database. Additionally, data from similar systems operating under comparable 

conditions can be integrated into this fault database, enhancing its robustness. Once an adequate 

volume of labelled data has been accumulated, fault diagnostics can then be performed using 

supervised or semi-supervised algorithms. These diagnostic models should be paired with 

interpretability frameworks and uncertainty quantification mechanisms to ensure transparency in 

the decision-making process. 

In this thesis, The aim was to contribute to both aspects of fault detection and diagnostics. A self-

supervised fault detection algorithm that incorporates dynamic detection thresholds was 

introduced in Chapter 4, and the application of widely used tree-based ensemble algorithms was 

explored in Chapter 2. Additionally, interpretability frameworks to enhance the transparency of 

these algorithms was implemented.  The feasibility of using multivariate time series classification 

algorithms for fault diagnostics was assessed in Chapter 3. Through these contributions, I hope to 

bridge some of the gaps in the current state of FDD research and offer practical insights for future 

developments in the field. 

In the case study, detailed in Chapter 2, The efficacy of machine learning algorithms in detecting 

and diagnosing faults in a complex, interconnected system was demonstrated. The study utilized a 

detailed model of a residential apartment, complete with a heat pump, radiant floor heating, and 

fan coils for cooling. By simulating various fault scenarios, including sensor faults, valve leakages, 

and pump malfunctions, the research provided a comprehensive dataset for training and evaluating 
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FDD algorithms.  

The comparative analysis of the most widely used machine learning algorithms, including Random 

Forest, XGBoost, CatBoost, K-Nearest Neighbours, and Explainable Boosting Machine, offered 

insights into their relative performance in the context of HVAC fault detection. The results 

highlighted the superior performance of ensemble methods, particularly Random Forest and 

XGBoost, in accurately identifying and classifying faults with an initial accuracy of 84% and 

83.8% respectively. However, the study also revealed the critical importance of addressing 

overfitting issues, which were mitigated through careful hyperparameter tuning. In addition, this 

work displayed the application of interpretability techniques to enhance the transparency and 

trustworthiness of the FDD models. The use of SHAP (SHapley Additive exPlanations) values 

provided both global and local interpretations of the model's decision-making process. This 

approach not only improved the understanding of how the models arrived at their predictions but 

also offered valuable insights into the relative importance of different features in fault detection. 

Such interpretability is crucial for gaining the trust of building managers and technicians who may 

be hesitant to rely on "black box" AI systems for critical infrastructure management. The work 

also explored briefly the uncertainty in the model’s local decisions. The models showed weak 

performance in some faults and that reflects the high uncertainty in the decision-making process. 

Examples were shown of predictions with less than 13% confidence. 

The research also addressed the challenge of temporal dependencies in HVAC operational data. 

Chapter 3 presented a comprehensive benchmarking study of multivariate time series classification 

algorithms for FDD applications. This study filled a crucial gap in the literature by systematically 

evaluating the performance of various algorithms designed specifically for time series data, 

including distance-based, interval-based, convolutional-based, and deep learning-based classifiers. 

The benchmarking study utilized three open-source datasets representing different HVAC 

subsystems: a boiler plant, a chiller plant, and a single-duct air handling unit. One of the key 

findings from the benchmarking study was the superior performance of deep learning-based 

algorithms especially the LSTM-FCN (Long Short-Term Memory Fully Convolutional Network) 

algorithm across all datasets with F1 scores of 0.98, 0.85 and 0.61 in the three datasets respectively. 

This result underscores the potential of hybrid deep learning approaches that combine the sequence 

modelling capabilities of LSTM with the feature extraction power of convolutional neural 

networks. The study also highlighted the strong performance of the Canonical Interval Forest with 
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F1 scores of 0.97, 0.82 and 0.62respectively and ResNet a with F1 scores of .95, 0.82 and 0.62 

respectively, suggesting that both traditional machine learning and deep learning approaches have 

merit in HVAC fault detection. Another aspect of the study was the analysis of computational 

efficiency alongside accuracy. This dual consideration is crucial for real-world applications, where 

the trade-off between model performance and computational resources must be carefully balanced. 

The study revealed significant variations in runtime across different algorithms, with some high-

performing models like ResNet requiring substantially more computational resources than faster 

alternatives like K-Nearest Neighbours with Dynamic Time Warping with a runtime of up to 500 

minutes for ResNet and 0.62 for Dynamic Time Warping. Then we compare the performance of 

the best performant model which is the LSTM-FCN with the ensemble method XGBoost used in 

chapter 2 to assess whether there is an advantage in performance, the results shows that XGBoost 

scored F1 score of 0.99, 0.91 and 0.56 in the three datasets respectively which is very similar to 

the LSTM-FCN with a much lower runtime of 0.14, 0.16 and 0.21 minutes respectively. 

Building upon the insights gained from the supervised learning approaches, Chapter 4 introduced 

a novel self-supervised transformer-based architecture for fault detection in HVAC systems. This 

approach addresses one of the fundamental challenges in the field: the scarcity of labelled fault 

data. By leveraging the power of self-supervised learning, the proposed method can learn 

meaningful representations from unlabelled time series data, making it particularly valuable for 

real-world applications where annotated fault data is limited or non-existent. The self-supervised 

transformer architecture incorporates several key innovations. First, it adapts the transformer 

model, originally designed for natural language processing tasks, to the specific challenges of 

multivariate time series data in HVAC systems. The use of learnable positional encodings and the 

integration of the Time2Vec method for encoding timestamps allowed the model to effectively 

capture both short-term and long-term temporal dependencies in the data. A crucial aspect of the 

proposed architecture is its encoder-only design, which streamlines the model and improves 

computational efficiency compared to full encoder-decoder architectures. This design choice is 

particularly well-suited to the task of anomaly detection, where the goal is to identify deviations 

from normal patterns rather than generate new sequences. The self-supervised pre-training 

approach, based on an autoregressive masking task, enables the model to learn robust 

representations of normal system behaviour without requiring labelled fault data. This pre-training 

step is a key innovation that allows the model to generalize well to unseen data and potentially 
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detect novel fault types that were not present in the training data. The integration of a dynamic 

thresholding technique based on extreme value theory further enhances the model's ability to adapt 

to changing operational conditions and detect anomalies with high precision. The use of the Peak 

Over Threshold method, coupled with the Generalized Pareto Distribution, provides a statistically 

rigorous approach to setting anomaly detection thresholds that can automatically adjust to the 

characteristics of the data. 

To validate the effectiveness of the proposed approach, the model was applied to real-world data 

from a Nearly Zero Energy Building equipped with a complex HVAC system. The results 

demonstrated the model's ability to accurately reconstruct normal system behaviour and identify 

both point anomalies and more subtle sequential anomalies. Most of the faults detected were 

related to the monitoring system. Those faults detected were both point anomalies and sequential 

ones. Also scheduling faults were detected. The model's attention mechanism provided additional 

insights into which aspects of the multivariate time series were most relevant for detecting 

anomalies at different time points. The case study also highlighted some limitations and areas for 

future improvement. For instance, the fixed window size used in the current implementation may 

not be optimal for capturing both short-term and long-term patterns simultaneously. Future work 

could explore multi-scale approaches or adaptive window sizes to address this limitation. 

As for future area of research uncertainty quantification represents a crucial next step in enhancing 

the reliability and trustworthiness of FDD systems. While the current work has focused on 

improving the accuracy and interpretability of fault detection models, quantifying the uncertainty 

associated with these predictions is essential for practical implementation. Future research should 

explore the application of frameworks such as conformal prediction to FDD models. Conformal 

prediction offers a mathematically rigorous approach to constructing prediction intervals with 

guaranteed coverage probabilities, regardless of the underlying distribution of the data. This could 

provide building managers with valuable information about the confidence level of fault 

predictions, enabling more informed decision-making. For instance, in cases where the model 

predicts a fault but with high uncertainty, managers might opt for additional manual inspections 

rather than immediately initiating costly maintenance procedures. Moreover, uncertainty 

quantification could help in identifying areas where the model's knowledge is limited, potentially 

indicating the need for additional training data or highlighting novel fault types that the model is 

not yet equipped to handle confidently. Integrating these uncertainty estimates with the 
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interpretability techniques explored in this thesis could offer a more comprehensive understanding 

of the model's decision-making process and limitations. 

Another critical area for future research lies in addressing three fundamental challenges that impact 

the practical adoption of FDD systems: transferability, portability, and deployment. The 

transferability of FDD models across different buildings and HVAC systems requires innovative 

approaches to develop more generalizable solutions. Future research should explore transfer 

learning techniques that can leverage knowledge gained from well-monitored buildings to enhance 

FDD performance in buildings with limited historical data. Additionally, the development of 

building-agnostic feature extraction methods that capture universal fault patterns rather than 

building-specific characteristics could significantly improve model transferability. The portability 

challenge presents another promising research direction, specifically in creating standardized 

frameworks that can accommodate diverse HVAC configurations and sensor arrangements. 

Research efforts should focus on developing adaptive architectures that can automatically adjust 

to different system configurations and sensor types without requiring extensive reconfiguration or 

retraining. Regarding deployment, future work should investigate efficient methods for integrating 

FDD systems with existing building management infrastructure. This includes developing 

standardized protocols for real-time data processing, exploring edge computing solutions to reduce 

computational overhead, and creating scalable architectures that can efficiently handle multiple 

buildings simultaneously. Research in these areas would bridge the current gap between theoretical 

FDD models and their practical implementation, ultimately facilitating wider adoption of these 

systems in real-world applications.   
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Appendix 

In this Appendix, the investigation in why all the classifiers presented in Chapter 3 performed 

poorly on the single duct AHU dataset. In Figure 40, visualization of the dataset projected into a 

2D plan using PCA. Figure 40 shows that most classes are not easily separable into clusters. 

 

Figure 40: Dimensionality reduction of SD-AHU dataset using PCA. 
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Figure 41 Confusion matrix of LSTMFCNC. 

Figure 41 shows the confusion matrix of the LSTMFCNC algorithm. The figure shows some key 

insights on why the algorithm performed poorly with an accuracy of 0.61. The algorithm is doing 

relatively well in most of the 20 classes except for 6 classes. Classes 6,7 and 8 are representing the 

cooling coil valve leakage of 25%, 40% and 50% respectively. The three classes are misclassified 

as class 5 which is the cooling coil valve leakage of 10% meaning that while the algorithm can 

detect the fault of the cooling coil valve leakage, it can not distinguish the intensity of that fault. 

Same case for classes 17, 18 and 19 which represent the outdoor air temperature sensor bias of -

4°C, +2°C and +4°C. The algorithm can classify the fault of the sensor bias but can not classify 

the intensity of the fault. 
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When plotting the data distribution for the classes 5, 6, 7 and 8, the data distribution is identical 

for all the files containing the data. This could be either error in the simulation or that the fault 

intensity does not affect any of the features. The following figures are some of the feature’s 

distribution and time series plots to demonstrate the fact that all the intensities are identical. 

 

Figure 42 Time series plot of AHU cooling coil valve control signal for the four intensities of the cooling coil valve 
leakage. 

 

Figure 43 Histogram of the data distribution of AHU cooling coil valve control signal for the four intensities of the 
cooling coil valve leakage. 
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Figure 44 Time series plot of zone4 air temperature for the four intensities of the cooling coil valve leakage. 

 

Figure 45 Histogram of zone4 air temperature for the four intensities of the cooling coil valve leakage. 

Figure 43 and Figure 45 shows the data distribution of the AHU cooling coil valve control signal 

and zone 4 air temperature respectively for the four intensities of the cooling coil valve leakage 

faults. While Figure 42 and Figure 44 shows a plot of 3 days of data for the same fault intensities. 

Those figures confirm the assumption that the four fault intensities have identical data distributions 

meaning they are indistinguishable from each other. 


