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Abstract

Building worldwide contributes to 40% of the global energy consumption, and

most of that is due to Heating, Ventilation, and Air-conditioning (HVAC) systems.

A large part of this energy is wasted because of poor maintenance, inevitable degra-

dation, and improperly controlled equipment. Therefore, it is of practical relevance

and significance to study Fault Detection and Diagnosis (FDD) techniques for smart

buildings aiming at saving energy and offering more comfortable dwelling environ-

ment. Researchers have been tackling building FDD task with a wide variety of

techniques, such as analytical model-based, signal-based and data-driven methods.

Recently the data-driven method has shown its advantage in dealing with complex

systems with random penetrations. Most of the existing works tend to formulate the

data-driven FDD as a pure fault types identification task. Problems such as sever-

ity levels identification, inter-dependence information incorporation, and essential

features selection have long been ignored.

This dissertation addresses the aforementioned problems, and the details are sum-

marized as follows.

First of all, the building FDD task is directly formulated as a multiple classification

problem. A Discriminant Analysis-based Fault Classification (DAFC) method is

driven to conduct the detection and diagnosis. Linear Discriminant Analysis (LDA)

is firstly adopted to project the high dimensional data into a lower dimensional

space so as to achieve optimal class separation and maximum original information
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maintenance. Derived from the K-means Clustering, DAFC classification applies two

criteria to make a decision. The testing data set is classified to a certain cluster if:

1), it is the closest to that cluster by Manhattan distance; 2), Manhattan distances

between the testing data set and that cluster are within a certain range. By feeding

the training and testing data to DAFC, fault type is diagnosed at the first stage,

and the corresponding severity level is identified at the second stage. The proposed

two-stage data-driven FDD strategy is validated by the experimental data collected

by the ASHRAE Research Project 1043 (RP-1043). Results show that it can detect

and diagnose chiller faults and the corresponding severity levels effectively.

Although the two-stage FDD strategy generates satisfactory results, it only works

well when the number of included classes is small. Formulating the FDD task as

a pure multiple classification problem is not effective enough when the number of

included classes becomes large. Thus, a Tree-structured Fault Dependence Kernel

(TFDK) method is proposed to identify fault type as well as fault severity level

in a unified large margin learning framework. TFDK adopts structured labeling

to incorporate the inter-class dependence information and deals with the stream-

ing data with a corresponding on-line learning algorithm. As an improvement of

traditional classification methods, it encodes the dependence information in its fea-

ture mapping and takes regularized misclassification cost as the learning objective.

Similarly, following the ASHRAE Research Project 1043 (RP- 1043), TFDK is ap-

plied to solve the FDD for a 90-ton centrifugal water-cooled chiller. Experimental

results show that compared to conventional classification methods, TFDK can sig-

nificantly improve the FDD performance and recognize the fault severity levels with

high accuracy.

Lastly, previous works have justified that buildings and their operation can greatly

benefit from rich and relevant data sets. More specifically, data has been analyzed to

detect and diagnose system and component failures that undermine energy efficiency.
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Among the vast amount of measured information, some features are more correlated

with the failures than others. However, there has been little research to date focusing

on determining the types of data that can optimally support FDD. Thus, a novel

optimal feature selection method, the Information Greedy Feature Filter (IGFF)

method, is proposed to select essential features. On the one hand, the selection

results would serve as a reference for configuring sensors in the data collection stage,

particularly when the measurement resource is limited. On the other hand, with

the most informative features selected by IGFF, the performance of building FDD

could be improved and theoretically justified. A case study on Air Handling Unit

(AHU) FDD is conducted based on the ASHRAE Research Project 1312 (RP-1312).

Numerical results show that compared with several baselines, the FDD performances

of conventional classification methods are greatly enhanced by IGFF.

In summary, this dissertation studies the data-driven techniques and proposes

several effective strategies to solve the FDD problem for building chillers and AHUs.

Compared with previous works, the proposed DAFC can identify the fault severity

level at a second stage after fault types have been diagnosed. This dissertation also

focuses on recognizing both fault types and the corresponding severity levels in a

unified learning framework. Hence, the inter-class fault dependence information is

included with tree-structured labeling by the proposed TFDK algorithm. Besides,

by selecting essential subsets of variables that are more correlated to faults with the

proposed IGFF algorithm, not only the FDD accuracy is improved, but also the

FDD application becomes more convenient and practical.
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Chapter 1

Introduction

1.1 Background and Motivation

Building energy consumption contributes to more than 40% of the total energy

usage worldwide [1,2]. And almost 32% of that is due to Air-Conditioning and

Mechanical Ventilation (ACMV) systems [3,4]. One the one hand, a large part of

this energy is wasted because of poor maintenance, inevitable degradation, and im-

properly controlled equipment. On the other hand, the building energy demand will

continuously rise due to the growth of population, the long-term use of buildings and

the increasing demand for improved building comfort levels [5]. The Department

of Energy (DOE), the International Energy Agency (IEA), International govern-

mental Panel on Climate Change and other agencies have declared a necessity for

commercial buildings to become 70-80% more energy efficient [6]. Moreover, field

experience shows that 5-30% of energy savings can be achieved in buildings by ap-

plying early FDD and correcting the detected and diagnosed faults [7]. Recently,

the ASHRAE Handbook has put special emphasis on automated Fault Detection

and Diagnosis (FDD) for smart building systems. In particular, the new standard

highlights the necessity of maintaining the whole building system in good working
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2 1.1. Background and Motivation

conditions through FDD techniques as well as the significance of saving energy and

improving occupancy comfort level and building safety level via automated FDD

system [8]. Consequently, there is an increasing need for automated fault identi-

fication in smart buildings aiming at saving energy and offering more comfortable

dwelling environment [9,10]. Although the building designers and managers have al-

ready offered many effective methods for regular maintenance, improving the whole

building system’s performance through FDD is still of great importance in terms of

reducing the maintenance and repair costs [11–17].

A fault in the building means a deviation in the value of at least one characteristic

variable from its normal expected behavior, including improper performances of

ACMV systems, excessive building peak electrical demand, wrong system set-points

and operation schedules, equipment malfunction, inaccurate sensor measurements,

and so on. Research on ACMV divides faults into two categories [11]: (1) hard

failures that occur abruptly and cause the system to stop suddenly, and (2) soft faults

that cause performance degradation but the system still functions. Hard faults are

dangerous and may cause heavy economic losses once happen. Usually, traditional

Building Management System (BMS) alarms once glaring faults occur based on the

system thresholds. Thus, hard faults will not be studied in this dissertation since

they can be detected by inexpensive measurements and simple analysis. Soft faults,

such as a slow loss of refrigerant or partial condenser fouling, are not obvious enough

to be detected and diagnosed without well-designed analysis strategies. As a result,

in the past decades, researchers have dedicated significant efforts to develop FDD

algorithms and strategies that aim to detect soft faults [18–21].

By constantly monitoring system operations, FDD aims at detecting faults ahead

of time, diagnosing their causes and providing feedback to building operators, who

can make prompt reaction before severe damage is added to the system or additional

economic loss occurs [22]. Hence, advantages of building FDD including prolonging
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equipment life, improving the indoor comfort level, reducing the building operating

costs and maintenance expenses, and so on [23]. A typical FDD-based operation

and maintenance process includes the following four distinct functional processes

[24]: 1), detect anomalies through monitoring performances of building systems; 2),

diagnose the causes and identify the locations; 3), evaluate the severity level and

make decisions; 4), make alerts or recommendations to the facility managers, and

in some cases even automatically generate working orders or take corrective actions

directly within the BMS. This dissertation focuses on the detection and diagnosis

of typical soft faults for building chillers and Air Handling Units (AHUs).

Researchers have been tackling the building FDD task with a wide variety of

techniques, such as analytical model-based, signal-based and knowledge-based meth-

ods [24–28]. Recently the data-driven method has shown its advantage in dealing

with complex systems with random penetrations. To achieve an efficient data-driven

FDD design, it depends on well-grained sensory data harvested from the Wireless

Sensor Networks (WSNs) [29]. Usually, in commercial buildings, the empirical data

is collected through sensor networks and stored in the Building Management Sys-

tem (BMS) [30,31]. The data records outside environmental factors, internal loads,

and mechanical system working conditions [32]. To be specific, sensors are deployed

to collect data periodically according to fixed protocols. Base-station gathers sen-

sor data and transmits it to a remote data management system, which is exactly

the BMS or a separate server. Experts and researchers then analyze the empirical

data and give feedback to building operators if any fault is found. A typical data-

driven FDD system for smart buildings is depicted in Figure 1.1, including deployed

wireless sensor networks, a database management systems, and a decision support

system.

Figure 1.2 shows how the FDD tool integrates with the BMS and updates its

results successively. Firstly, the labeled historical data is accumulated into a fault
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4 1.1. Background and Motivation

Figure 1.1: Data-driven building FDD scheme, including deployed sensor networks,
a database management system, and a decision support system.

library and stored in a database as the “batch training” data set, based on which an

initial data-driven FDD model is obtained (by running the proposed algorithms).

Then, at each round of detection, real-time sensor measurements and monitoring

data are collected as the input of a stand-alone program, which implements the

classifier, to conduct FDD. Next, detection and diagnosis results are provided to

building managers and operators for further inspection and possible corrections.

Their feedback, i.e., another labeled instance, constitutes the “real-time training”

input of the algorithm, which is designed incrementally. With this on-line training

phase, the data-driven FDD model is refined and prepared for future FDD. The

process goes on iteratively as mentioned above.
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Figure 1.2: Schematic showing how to integrate the FDD tool into the BMS.

1.2 Objectives

Motivated by both the theoretical and practical importance of studying building

FDD, the main focuses and objectives of this dissertation are summarized as follows.

1. FDD with Distance-based Classifier

Formulate the building FDD as a pure multiple classification problem. Com-
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6 1.2. Objectives

mon fault types are detected and diagnosed at the first stage. The correspond-

ing fault severity level is identified at the second stage. The strategy achieves

relatively high FDD accuracy with low computational cost. It is also friendly

to BMS integration and real-time monitoring.

2. FDD with Tree-structured Learning Method

Identify both fault type and the corresponding severity level in a unified learn-

ing framework, and improve the FDD performance when more classes are in-

cluded. Extract inter-class independent information from the expertise system

analysis. The FDD algorithm incorporates the fault dependence information

with structured labeling and describes fault severity levels in a large margin

learning framework. The corresponding on-line updating procedure is also de-

veloped to monitor real-time streaming data.

3. FDD with Feature Selection Method

Determine the types of data that can optimally support FDD. The proposed

feature selection algorithm selects the optimal subset of features 1 by maximiz-

ing the mutual information between candidate variables and the fault labels.

The selected features can not only guide future experimenters and operators

to deploy sensors, but also improve the building FDD accuracy.

In summary, this dissertation focuses on studying data-driven building FDD tech-

niques. The fist objective is achieved by projecting the high dimensional data into a

lower dimensional space and then apply the proposed distance-based multiple clas-

sifier to diagnose fault types and the corresponding severity level at two separate

1The notion “feature” generally means a single variable in some cases or the combination of
variables in others. In this dissertation, the “feature” means a single variable but the proposed
feature selection method is not limited to that.
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steps. Following the ASHRAE Research Project 1043 (RP-1043) [33], the proposed

classifier is validated by the fault data of a 90-ton centrifugal water-cooled chiller.

The second objective is to improve the FDD performance by incorporating system

information with tree-structured labels instead of pure fault type classification. The

inter-class fault dependence information is incorporated to identify both fault type

and the corresponding severity level in a unified learning framework. At the same

time, FDD performance is improved compared with the conventional classification

methods. Similarly, the second FDD objective is justified with the experimental

data of the ASHRAE RP-1043. By achieving the first two objectives, it has been

justified that data can be analyzed to detect and diagnose system and component

failures that undermine energy efficiency. Among the huge amount of information,

some features are more correlated with the failures than others. To determine the

features that can optimally support FDD, naive dimension reduction or empirical

selection is far from enough. As a result, the third objective is to pick out prime

streams and improve the FDD performance with less sensors by an efficient theoret-

ically guaranteed algorithm. This objective is validated with the experimental data

of the ASHRAE Research Project 1312 (RP-1312) [34].

1.3 Literature Review

Previous review papers have presented enough reports on the investigating of

various faults for sensors, Air Handling Unit (AHU), Fan Coil Unit (FCU), chillers,

boilers, heat pumps, and so on [3,24,26–28,33–42]. This dissertation will not repeat

the related content. In this section, we mainly review existing FDD methods in the

building application field.
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8 1.3. Literature Review

1.3.1 FDD Methods Overview

FDD techniques focus on how to detect the occurrence of a failure automatically 2

and diagnose its location and cause as early as possible [21]. Over the past decade,

automated FDD has been brought to building energy efficiency field, especially to

the ACMV system, from the aerospace process control, manufacturing, nuclear and

national defense fields [3]. Reviewed FDD methods can be roughly divided into

three categories [6,39]:

1. Analytical model-based FDD method.

At the early stage, FDD method merely checks sensor measurements and sys-

tem outputs with predefined limits. However, the simple over-threshold check-

ing method becomes invalid when the system becomes complex. To overcome

difficulties with limit checking raised by system complexity, model-based FDD

was proposed based on the sophisticated state-space modeling and system

identification techniques [43–45]. However, those model-based FDD methods

stay in theoretical level, and few of them can be directly inserted to the BMS

to conduct real-time monitoring [46–48]. In a word, the model-based FDD can

detect and diagnose faults for a few on-line measurements and system outputs,

but it requires an explicit input-output model of the target system, which is

hardly available for large complex building system.

2. Signal-based FDD method.

Signal-based FDD method was first developed as a result of the significant

improvement of signal processing techniques. The signal-based FDD method

investigates the correlation between faults and system output signals, and im-

proved performance can be achieved by adding the signal pattern of healthy

2As has mentioned in Section 1.1, the “fault” considered in this dissertation means a “soft
fault”.
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status as a priori [25,27]. Usually, signal-based FDD methods mainly focus

on electronic signal and vibrations of motors and rotary machines due to re-

quirements of signal analysis techniques [49,50]. Its performance may degrade

if the system works in an unknown or unbalanced condition.

3. Knowledge-based FDD method.

Unlike model-based FDD method and signal-based FDD method, the knowledge-

based method relies on mass historical data and is entirely model free. The

knowledge-based FDD method discovers the hidden information buried in his-

torical data that represents the information redundancy among the system’s

variables [35,51,52]. This kind of method pays the highest computational costs

compared with other two kinds of methods. Due to those facts, the knowledge-

based method is commonly referred to as data-driven method [39]. Because

of the learn-by-example peculiarity, the performance of knowledge-based FDD

relies on how reliable the training data is.

All in all, thanks to the development of sensor network techniques and machine

learning methods, the data-driven FDD method has shown apparent advantages over

model-based and signal-based methods recently [39]. As an alternative to the com-

plex physical models, data-driven methods are derived only from readily available

sensor data [53]. It generates satisfactory performance under the big data back-

ground. This dissertation mainly focuses on studying data-driven FDD techniques.

1.3.2 Data-driven FDD Methods with Applications to Build-

ings

In the literature, miscellaneous works about data-driven building FDD have been

done, such as chiller fault detection and diagnosis [21,54–56], AHU sensor fault
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detection and diagnosis [57,58], variable air ventilation system sensor fault detection

and diagnosis [59–61], and soft fault detection in the whole ACMV system [62,63].

In the aforementioned FDD works, a wide range of statistical and machine learning

techniques have been explored as data-driven methods, including Principal Compo-

nent Analysis (PCA) [56,62,64], Statistical Process Control (SPC) [12,13,65], Mul-

tivariate Regression Models [66], Bayes Classifier [67–69], Neural Networks (NN)

[70–72], Fisher Discriminant Analysis (FDA) [58], Gaussian Mixture Model [73],

Support Vector Data Description (SVDD) [74,75], and Support Vector Machines

(SVM) [76–80]. Among these approaches, PCA and SPC are unsupervised methods

that do not require expert knowledge for fault labeling, but others like NN and FDA

are supervised multiple classification methods that depend on the availability of la-

beled training data. Once the hypothesis/model is fitted from the training phase,

new measurements will be tested by the classifiers and be assigned to corresponding

categories (normal or faulty) automatically.

Notwithstanding existing works on data-driven FDD has shown promising re-

sults in both detection accuracy and efficiency [28,35,81], problems such as inter-

dependence information incorporation, severity levels identification, and essential

features selection have long been ignored or over-simplified.

First of all, although it is quite intuitive to build fault dependence by analyz-

ing the connections and structures of each component of ACMV system, this prior

knowledge is rarely considered in current data-driven FDD literature. For example,

Zhao proposed a chiller fault detection method based on Support Vector Domain

Description (SVDD), which is a one-class classification technique describing the

support vector of data distribution. By training SVDD models for each fault type,

they extended the similar idea to a chiller fault diagnosis strategy in [75]. Noticing

that training a one-class classification model for each particular fault type is com-

putationally costly, alternative methods were adopted to formulate the FDD task
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directly as a multiple classification problem. To list a few, Du proposed to utilize

Fisher Discriminant Analysis (FDA) and Principal Component Analysis (PCA) to

diagnose multiple sensor faults in AHU [58]. Keigo employed semi-supervised FDA

to detect building energy faults and adopted Decision Boundary Analysis (DBA)

to discover the hidden relationship between the extracted features and the cor-

responding faults [82]. However, all of the aforementioned work is restricted to

modelling each type of fault separately with single (“flat”) class labels and ignores

valuable prior information on fault dependence, which could otherwise be exploited

(“fused”) to improve the detection performance of the machine learning method [83].

Moreover, when dealing with complex building systems, the number of fault types

(classes) is expected to be large, while usually, only small amount of labeled data

for each fault class is available. From a statistical learning perspective, adopting a

“flat” multi-class learning method and ignoring prior information will result in loss

of valuable information, thus leading to degraded performance [84,85].

Secondly, the presence of different fault severity levels is well acknowledged in

experiments but has long been ignored for FDD purpose. In a real building cooling

system, faults naturally exhibit at various levels of severity due to different sys-

tem /component degradations [33,41,86,87]. For instance, in the research of typical

chiller faults, condenser fouling is a physical obstruction which is caused by the

aggregation of non-decomposable chemical substances in the condenser tubes. It

lowers the effective heat transfer coefficient and decreases the water flow rate in

a manner consistent with the degree of aggregation. Hence the severity/degree of

fault provides researchers/system managers valuable information to optimize main-

tenance actions, as well as to set priorities for different system scenarios. On the

other hand, the advancement of the sensor network technology has considerably im-

proved the capability to monitor temperature, flow rate, pressure, etc. with a refined

spatial-temporal granularity [33]. In short, detecting severity level in a data-driven
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framework is not only favorable but also doable. Until now no work has tried to

identify how serious the identified fault is.

Thirdly, due to noisy and non-informative variables, direct utilization of raw data

may lead to degraded classification performance [88,89]. Motivated by the success

of multivariate statistics, researchers tend to use dimension reduction techniques to

eliminate noisy information. In existing works, the most extensively used dimension

reduction method is Principal Component Analysis (PCA) [64]. However, PCA does

not explicitly reveal the cause-and-effect relationships and thus is only suitable for

detecting abnormal conditions. For the purpose of diagnosis, supervised techniques

such as Linear Discriminant Analysis (LDA) [14], Joint Angle Analysis (JAA) [90],

and Partial Least Squares (PLS) [91] have been applied to diagnose building faults.

Those methods merely project the data in high dimension into a lower dimensional

subspace while the essential variables are still unintelligible. In addition, dimension

reduction is insufficient to warrant maximum improvement of FDD in the projected

subspace. Thus, more efficient techniques, which can pick out prime streams and

improve the classification, should be employed to the building FDD.

Moreover, unlike in laboratory environment, deploying sensors in active building

ACMV systems is expensive and challenging. Noticing that not all the experimen-

tal measurements are essential or accessible, recently researchers have proposed to

choose features through empirical knowledge or experience. Authors of [15] selected

24 primary variables according to their availability and control requirement in real

systems. Based on expert knowledge of chiller system structure and fault cover-

age, authors of [92] selected 12 variables to construct an FDD model. Zhao et al.

added extra 8 variables to the base selection of [93], and the results showed that 16

variables increased the fault detection rate [74]. Nevertheless, there is no rigorous

guarantee that the empirically chosen variables are optimal. Therefore, a systematic

strategy that could rationally select optimal variables with theoretical guarantees is
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in need for building FDD.

1.4 Contributions

The main contributions of this dissertation are based on the building FDD study.

Firstly, the distance-based multiple classifier is investigated to identify fault types

as well as the corresponding severity level in a two-stage data-driven FDD strat-

egy. Then, to recognize both fault type and the corresponding severity level in a

unified learning framework, a learning algorithm that incorporates inter-class fault

dependence information is developed. Besides, the feature selection task that aims

at improving FDD performance is studied. The contributions are summarized as

follows:

1. FDD with Distance-based Multiple Classifier.

1) The proposed DAFC method does not require an in-depth understanding

of chiller system’s physics and it is more efficient and flexible compared with

model-based methods;

2) it diagnoses typical faults with high accuracy and distinguishes the corre-

sponding severity level;

3) since sensor data is collected continuously and stored in the BMS, the strat-

egy may update the training data sets each time an unknown fault is detected;

4) due to the advantages of data-based algorithms, the proposed strategy can

be easily integrated into the BMS and then can be configured to display FDD

results as desired.

2. FDD with Tree-structured Learning Method.

1) A TFDK method is deduced to incorporate the fault dependence informa-

tion, and thus higher FDD accuracy is achieved compared with traditional
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14 1.5. Outline of Contents

classification methods;

2) an on-line learning method is developed to accommodate streaming data,

which enables seamless integration to the BMS and sequential decision-making

for ACMV schedule;

3) detailed information about the building performance is presented by identi-

fying fault severity levels, hence providing researchers and building managers

with more options on taking actions to handle the faults.

3. FDD with Feature Selection.

1) The IGFF-based FDD strategy can be applied to different kinds of building

working conditions regardless of the adopted FDD algorithms;

2) IGFF outperforms state-of-the-art feature selection methods in terms of the

FDD performance;

3) theoretically, IGFF achieves a guaranteed near optimal solution for mutual

information maximization with an optimum upper bound;

4) by applying the IGFF method to building fault data collected by ASHRAE

RP-1312, relevant variables have been selected and can be referred directly by

both experiment designers and AHU FDD researchers.

1.5 Outline of Contents

The remaining part of this report is organized as follows:

Chapter 2 introduces preliminary works about the data-driven fault detection and

diagnosis method.

Chapter 3 considers the FDD problem from the dimension reduction aspect. A

Discriminant Analysis-based Fault Classification (DAFC) method is proposed to
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diagnose fault types as well as the corresponding severity levels at two separate

stages.

Chapter 4 tries to improve the FDD performance and identify the fault types as

well as the corresponding severity level in a unified framework. A Tree-structured

Fault Dependence Kernel (TFDK) method is proposed to incorporate the inter-class

information.

Chapter 5 considers the fact that among the huge amount of measured variables,

some features are more correlated with the failures than others. The Information

Greedy Feature Filter (IGFF) method is proposed to tackle the feature selection

objective.

Chapter 6 gives conclusions and suggests possible future research directions.
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Chapter 2

Preliminaries

2.1 Classification Overview

Classifying an observation means predicting a qualitative response for it since the

classifier assigns the observation to a category or class. Usually, the classification

methods firstly predict the probability for each category, which is the basis for

making the classification.

Classification methods applied in this dissertation are common ones, including

Linear and Quadratic Discriminant Analysis (LDA and QDA), Logistics Regression

(LR), Decision Tree (DT), AdaBoost (AB), Neural Networks (NN), and Multiple

Support Vector Machine (MSVM). In the following subsections, these methods will

be briefly introduced. For more details, interested readers are referred to [94] and

[95].

2.2 Linear and Quadratic Discriminant Analysis

Linear Discriminant Analysis (LDA) and Quadratic Discriminant Analysis (QDA)

are among the most popular classifiers and have been wildly used in building FDD

field due to its simplicity and good track record.
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To start with, let’s recall that Bayes Classifier predicts the most likely class label

C = j given the feature measurements X = x ∈ <p

f (x) = arg max
j=1,...,K

P (C = j |X = x)

= arg max
j=1,...,K

P (X = x |C = j ) πj

(2.1)

where πj = P (C = j) is the prior probability of class j.

LDA approximates this rule by modeling the conditional class densities as multi-

variate normal

hj (x) = P (X = x |C = j ) = N (µj,Σ) (2.2)

where each class j has its own mean µj ∈ <p, but shares a common covariance

matrix Σ ∈ <p×p. Hence

hj (x) = 1

(2π)p/2 det (Σ)1/2
exp

{
−1

2
(x− µj)TΣ−1 (x− µj)

}
(2.3)

Since log (·) is a monotone function, let’s consider maximizing log (hj (x) πj) over

j = 1, ...K

fLDA (x) = arg max
j=1,...K

δj (x)

= arg max
j=1,...K

[
xTΣ−1µj − 1

2
µj

TΣ−1µj + log πj
] (2.4)

Then, the classification rule reduces to

f̂LDA (x) = arg max
j=1,...,K

δ̂j (x) (2.5)

where δ̂j (x) is the estimated discriminant function of class j. Thus, the LDA clas-

sifier 1 is

δ̂Lj (x) = xT Σ̂−1µ̂j −
1

2
µ̂Tj Σ̂−1µ̂j + log π̂j (2.6)

1Here, LDA classifier is formulated from the probability aspect. It is different from the LDA
algorithm described in Chapter 3 which is driven in terms of dimension reduction.
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Getting back to the general discriminant problem Eq. (2.3), if the Σj are not

assumed to be equal, then the convenient cancellations in Eq. (2.4) will not occur;

particularly, the pieces quadratic in x remains. Then, the QDA classifier is

δ̂Qj (x) = −1

2
log |Σj| −

1

2
(x− µ̂j)T Σ̂−1

j (x− µ̂j) + log π̂j (2.7)

A quadratic equation {x : δi (x) = δj (x)} describes the decision boundary between

each pair of classes i and j.

The QDA formulation for FDD purpose will treat normal and faulty conditions

as different classes, train the QDA model based on the historical data, and assign

the testing data to a certain class based on the outputs of classifier Eq. (2.7).

2.3 Logistic Regression

On the contrast with LDA and QDA, instead of estimating µ̂j, Σ̂j, and π̂j, one can

directly estimate the parameters of a linear classifier log
(
P (C=1|X=x )
P (C=2|X=x )

)
= β0 + βTx

(take the two-class classification as an example). This formulation is the Logistics

Regression (LR). LDA and QDA are quite efficient when the true class conditional

densities are normal, while LR is more robust to situations where they are not

normal. In real practice they tend to perform similarly in a variety of situations.

Note that P (C = 2 |X = x) = 1− P (C = 1 |X = x), and

log
(

p
1−p

)
= β0 + βTx⇔ p

1−p = exp
(
β0 + βTx

)
⇔ p =

exp(β0+βT x)
1+exp(β0+βT x)

(2.8)

Therefore the assumption is,

P (C = 1 |X = x) =
exp

(
β0 + βTx

)
1 + exp (β0 + βTx)

(2.9)
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P (C = 2 |X = x) =
1

1 + exp (β0 + βTx)
(2.10)

Suppose given samples (xi, yi), i = 1, ..., N , and assume that the class labels

are conditionally independent given xi, ..., xn. Since the Likelihood is L (β0, β) =
n∏
i=1

P (C = yi |X = xi ), and the Log likelihood is ` (β0, β) =
n∑
i=1

logP (C = yi |X = xi ).

For convenience, define

ui =

 1 yi = 1

0 yi = 2
(2.11)

Then, the Log Likelihood can be written as

` (β0, β) =
n∑
i=1

logP (C = yi |X = xi )

=
n∑
i=1

{log

(
exp(β0+βT x)

1+exp(β0+βT x)

)
ui

+ log
(

1
1+exp(β0+βT x)

)
(1− ui)

=
n∑
i=1

{
ui
(
β0 + βTx

)
− log

(
1 + exp

(
β0 + βTx

))}
(2.12)

Thus, the coefficients are estimated by maximizing the likelihood,

_

β0,
_

β
T

= arg max
β0∈,β∈p

n∑
i=1

{ui
(
β0 + βTx

)
− log

(
1 + exp

(
β0 + βTx

))
} (2.13)

After computing β̂0, β̂, the classification of an input x ∈ <p is given by

f̂LR (x) =

 1 if β̂0 + β̂T > 0

0 if β̂0 + β̂T 6 0
(2.14)

Extend Eq. (2.13) to multiple classes,

_

β0,j,
_

βj
T

= arg max
β0∈,β∈p

n∑
i=1

{ui
(
β0,j + βj

Tx
)
− log

(
1 + exp

(
β0,j + βj

Tx
))
} (2.15)
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2.4 Decision Tree

The tree-based method for predicting y from a feature vector x ∈ <p divides the

feature space into rectangles, and then fits a very simple model in each rectangle.

Rectangles are achieved by making successive binary splits on the predictor vari-

ables X1, ..., Xp. Since the splitting rules that segment the feature space can be

summarized as a tree, this approach is known as the Decision Tree (DT) method.

Suppose (xi, yi) , i = 1, ..., N is the training data, where yi ∈ {1, ..., Ke and x ∈ <p.

The classification tree defined M regions (rectangles) R1, ..., RM that correspond to

the tree leaves, respectively. Also, each region Rj is assigned with a class label

cj ∈ {1, ..., K}. Since each region Rj contains a subset of the training data, say

including nj points, the predicted class label is just the most commonly occurring

class among those points. A new point is then classified by

f̂Tree (x) =
M∑
j=1

cj · 1{x ∈ Rj} = cj such that c ∈ Rj (2.16)

Usually, a classification tree is built by the recursive binary splitting with the

classification error rate as the splitting criterion. Since an observation is assigned to

the most frequently occurring class, the classification error rate equals the fraction

of the training observations in that region, which do not belong to the most frequent

class:

E = 1−max
k

(p̂ik) (2.17)

where p̂ik is the percentage of training observations in the ith region that belong to

the kth class. Nevertheless, in practice classification error is not sensitive enough for

tree-growing; thus, two other preferable measures are introduced in the following.
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The first one is the Gini index which is defined as

Gini =
K∑
k=1

p̂ik (1− p̂ik) (2.18)

It is a measure of total variance across K classes. Since its value is small if all the

p̂iks are close to zero or one, it is referred to as a measure of node purity. A node

that contains predominantly observations from a single class would generate a small

Gini index.

The other one is the cross-entropy, given by

CE = −
K∑
k=1

p̂ik log p̂ik (2.19)

Since 0 ≤ p̂ik ≤ 1 and −p̂ik log p̂ik ≥ 0, the cross-entropy is near zero if all the p̂iks

are near zero or near one. Consequently, similar to the Gini index, the cross-entropy

is small if the ith node is pure. Actually, the aforementioned two measures are quite

similar numerically.

Due to their higher sensitivity to node purity compared with that of the classifica-

tion error rate, the Gini index and the cross-entropy are typically used to evaluate

the quality of a particular split when growing a classification tree. However, the

classification error rate is preferable if the objective is the prediction accuracy of a

final pruned tree.

2.5 AdaBoost

Boosting generally improves the accuracy of a given learning algorithm that com-

bines the results of several classifiers, such as classification trees. This is achieved by

combining B hypotheses (with a weighted voting) generated by repeating training

with different training subsets.It tries to transform a weak learning algorithm into
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a strong one.

A weak classifier only performs slightly better than random guess (i.e., the error

rate of a binary decision task is less than 50%). The hypothesis hweak is obtained by

applying a weak classifier. Then, the Boosting classifier (a strong one) is computed

as the linear combination of the B weak classifiers

f̂Boost (x) = sign

(
B∑
b=1

αbf̂
b (x)

)
(2.20)

AdaBoost (AB) is a basic boosting algorithm. Given training data (xi, yi) , i =

1, ..., N , the algorithm initializes the weights by wi = 1
n

for each i. Then, for

b = 1, ..., B, a classifier, which is usually a classification tree f̂Tree, is fitted to the

training data with weights w1, ..., wn. Next, calculate the weighted misclassification

error

eb =

N∑
i=1

wi · {yi 6= f̂Tree,b (x)}

B∑
b=1

wi

(2.21)

By letting αb = log{ (1−eb)
eb
}, weights are updated as

wi ← wi · exp
(
αb · 1{yi 6= f̂Tree,b (x)}

)
(2.22)

At last, the AdaBoost classifier is returned as

f̂Boost (x) = sign

(
B∑
b=1

αbf̂
Tree,b (x)

)
(2.23)

2.6 Neural Networks

Neural Networks (NN) are biologically inspired to mimic the human brain. Neuron

is the basic processing element in NN. Let X = (X1, X2, ..., XN) be the N inputs
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applied to the neuron Neuj, αi is the weight for input Xi and b is a bias, then the

output of the neuron is

Neuj =
i∑
i=0

xiαi − b, and V = f (u) (2.24)

Neurons are connected with connection links. Each link has a weight that multi-

plied with transmitted signal in the network. Each neuron has an activation function

to determine the output. Among all kinds of activation functions, nonlinear ones,

such as sigmoid and step functions, are commonly uses.

2.7 Support Vector Machine

Support Vector Machine (SVM) implements the Structural Risk Minimization

(SRM) principle to minimize the VC2 confidence interval. Rather than simply min-

imizing the training error, SVM minimizes the structural risk which expresses an

upper bound on generalization error. Assuming that the data is linearly separa-

ble, the algorithm aims at finding the smallest possible w or maximum separation

(margin) between the two classes. This can be formally expressed as a quadratic

optimization problem with soft margin

min 1
2
‖w‖2 + C

∑
ξi

s.t.

 yi
(
wTxi + b

)
≥ 1− ξi

ξi ≥ 0

(2.25)

The margin between two classes is extended by allowing some amount of slackness

which is represented by ξ’s. By definition, ξ’s should be larger or equal to 0. If

0 < ξ ≤ 1, it can be inferred that the data point lies somewhere between the margin

2VC dimension (for VapnikChervonenkis dimension) is a measure of the capacity (complexity,
expressive power, richness, or flexibility) of a space of functions that can be learned by a statistical
classification algorithm.
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and the correct side of hyperplane. On the contrary, if ξ > 1, it means the data

point is misclassified.

Then, the Lagrangian for this problem is

L (w, b, ξ, α, r) = min
w

1
2
‖w‖2 + C

∑
i

ξi−
∑
i

αi
{
yi
(
wTxi + b

)
− 1 + ξi

}
−
∑
i

riξi

(2.26)

Firstly, take the partial derivative of L with respect to w, b, ξ,

∂L
∂w

=
∂L
∂b

=
∂L
∂ξ

= 0 (2.27)

which results in,

w =
∑
αiyixi∑

αiyi = 0

αi = C − ri,∀i

(2.28)

Since the dual solution also have to satisfy KKT conditions

αi
{
yi
(
wTxi + b

)
− 1 + ξi

}
= 0

riξi = 0
(2.29)

Plug back into the original problem Eq. (2.26), the dual optimization objective is

max
α≥0

L (α) =
∑
i

αi − 1
2

∑
i,j

αiαjyiyjx
T
i xj

s.t.


∑
i

αiyi = 0

0 ≤ αi ≤ C, ∀i

(2.30)
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Chapter 3

FDD with Distance-based

Classifier

3.1 Introduction

As introduced in Chapter 1, data-driven method for building FDD is becoming

more and more popular due to the rapid development of machine learning techniques.

Unlike traditional black-box model whose parameters describe the correlations be-

tween inputs and outputs, data-driven methods use pure mathematical models to

uncover the hidden information buried in the historical data [24,27,35].

Motivated by the fact that the distance-based classification is an effective fault

detection and diagnosis technique but hampered by the high dimension. In this

chapter, the author proposes a distance-based classifier, the Discriminant Analysis-

based Fault Classification (DAFC) method, which is based on Linear Discriminant

Analysis and K-means Clustering technique. The FDD for a typical chiller system is

formulated as a multiple classification problem. Firstly, the proposed DAFC method

is applied to project the original data into a lower dimensional space and classify

the seven typical chiller faults as well as the normal condition. Then, fault severity
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level is identified similarly by DAFC.

The rest of this chapter is arranged as follows. Section 3.2 formulates the FDD

problem for chillers as a multiple classification problem. Section 3.3 introduces the

necessary techniques applied in this chapter. The details of the proposed two-stage

data-driven FDD strategy are presented in Section 3.4. The proposed strategy is

tested by the experimental data in Section 3.5. Section 3.6 summarizes the chapter.

3.2 Problem Statement

3.2.1 Chiller and Faults

Compressor

Condenser

Evaporator

Suction Line
Sensing Bulb

Pilot Valve

Main Valve

Discharge 

Line

Filter Drier

Main Gas Line

Main Liquid Line

Oil Tank

Economizer

Imprellers

Economizer

Figure 3.1: Schematic diagram of chiller components and refrigerant flow paths. A
typical centrifugal chiller system consists of the evaporator, compressor, condenser,
economizer, motor, pumps, fans, distribution pipes, etc..

In tropic area, such as Singapore, cooling systems, especially those with centrifugal
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chillers, account for a large portion of the energy usage of ACMV systems [92]. The

Chiller studied in this dissertation is a standard centrifugal water-cooled chiller with

a motor-driven compressor. As shown in Figure 3.1, the chiller system consists of the

following main components: evaporator, compressor, condenser, economizer, motor,

pumps, fans, distribution pipes, etc..

At the beginning of a refrigerant cycle, liquid refrigerant is distributed along the

evaporator and sprayed through small holes with high pressure in a distributor to

uniformly coat each evaporator tube. Here the liquid refrigerant absorbs enough

heat from the chiller water that is circulating through the evaporator tubes, thus

turning into refrigerant vapor. The chiller water is cooled down during this pro-

cess. Then the gaseous refrigerant is drawn through the eliminators (which remove

droplets of liquid refrigerant from the gas) and delivered into impellers where the

gas will be compressed. Once the compression is completed, the gas is discharged

into the condenser, where baffles distribute the compressed refrigerant gas evenly

across the condenser tube bundle. Cooling tower water which circulates through

the condenser tubes absorbs heat from the refrigerant, thus turning the gaseous

refrigerant into liquid. The liquid refrigerant then drains from the bottom of the

condenser and passes through an expansion valve, where its pressure and temper-

ature are decreased. At last, the low-pressure mixture enters the evaporator and

starts the next cycle.

As for chiller faults study, the ASHRAE RP-1043 has reported a significant number

of possible faults and failures [33]. However, not all of them are practical for further

examination as part of the fault detection and diagnostics scheme [11]. Faults chosen

for experimental testing are expected to be detected and diagnosed by monitoring

the thermodynamic states of the chiller. According to the survey of ASHRAE RP-

1043, researchers and building operators should pay attention to seven typical chiller

faults (regarding their frequency of occurrence and the economic losses caused by
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them):

� Condenser Fouling (CF)

� Excess Oil (EO)

� Reduced Condenser Water Flow Rate (FWC)

� Reduced Evaporator Water Flow Rate (FWE)

� Non-Condensable in the Refrigerant (NC)

� Refrigerant Leak/undercharge (RL)

� Refrigerant Overcharge (RO)

3.2.2 Distance-based Classification and Dimension Reduc-

tion

Usually, the BMS acquires and stores mass sensor data from various infrastruc-

ture systems of a building to monitor and control the building’s performance. Thus,

the BMS provides a large amount of data. Nevertheless, data collected under cer-

tain circumstances (normal or faulty) is high dimensional due to the complexity of

building systems.

The proposed classification approach for distinguishing fault working conditions

from the normal working condition is driven based on the K-means Clustering. The

testing data set is identified as belonging to one cluster according to two criteria 1.

Namely, 1), the testing data set is the closest to the corresponding cluster center

(there are several clusters for fault and normal conditions); 2), distances between

the testing data set and the cluster center (the closest one) are within the distance

1Note that in Section 3.4.1, three decision rules are utilized since DAFC method outputs three
kinds of diagnosis results: normal condition, known fault, or unknown fault. They are different
from the two classification criteria mentioned here.
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range of that cluster. Here, the “closest” means that the average distance between

the testing data points and the corresponding center is the smallest. However, due

to the “curse of dimensionality”, a fixed number of data points become increasingly

sparse as the Euclidean dimension increases. Thus, in high dimensional space, the

distances between the data points become relatively uniform, and the notion of the

nearest neighbor of a point is meaningless [96]. In general, the distances between

points are calculated as Lk norms. The meaningfulness of distances among points

in high dimension is sensitive to the value of k. Aggarwal has proved that the

Manhattan distance measure (L1 norm) is consistently more preferable than the

Euclidean distance measure (L2 norm) for high dimensional data mining applica-

tions [97]. Moreover, Linear Discriminant Analysis (LDA) has been proved to be an

effective dimension reduction method that preserves as much of the class discrimi-

natory information as possible when projecting high dimensional data into a lower

dimensional space [98,99].

As a result, in this chapter, LDA and Manhattan distance are adopted to tackle

the “curse of dimensionality”. In the following section, LDA is introduced from the

aspect of dimension reduction.

3.3 LDA Algorithm for Dimension Reduction

The optimal transformation matrix in LDA is obtained by minimizing the within-

class distance and maximizing the between-class distance simultaneously, thus achiev-

ing maximum class discrimination [100].
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3.3.1 LDA for Two Classes

In the two-class case, first define the within-class distance as

S2
1 =

∑
x1∈Class1

(x1 − µ1)(x1 − µ1)t, (3.1)

S2
2 =

∑
x2∈Class2

(x2 − µ2)(x2 − µ2)t, (3.2)

where x1 and x2 are samples from Class 1 and Class 2; µ1 and µ2 are the centers of

Class 1 and Class 2.

Define v as the transformation vector which projects the original data sets to a

lower dimensional space. Thus, vtxi is the projection of xi on the direction of v, and

the projection of class center µi is vtµi. By considering projected samples x̃i = vtxi

and projected class centers µ̃i = vtµi, the within-class distance for Class i (i = 1, 2)

after projection is derived as

S̃2
i =

∑
xi∈Classi

(x̃i − µ̃i)(x̃i − µ̃i)t

=
∑

xi∈Classi

(vtxi − vtµi)(vtxi − vtµi)t

=
∑

xi∈Classi

(vt (xi − µi))(vt (xi − µi))t

=
∑

xi∈Classi

vt (xi − µi) (xi − µi)tv

= vt

( ∑
xi∈Classi

(xi − µi) (xi − µi)t
)
v

= vtS2
i v,

By defining the within-class scatter matrix as Sw = S2
1 + S2

2 , which measures the

variances of original classes, the within-class scatter matrix after projection can be

written as

S̃w = S̃2
1 + S̃2

2 = vtS2
1v + vtS2

2v = vt(S2
1 + S2

2)v = vtSwv. (3.3)
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Secondly, define the between-class scatter matrix as

Sb = |µ1 − µ2|2 = (µ1 − µ2)(µ1 − µ2)t, (3.4)

where Sb measures separation between the means of two classes. Then, the projected

between-class distance is

S̃b = |µ̃1 − µ̃2|2 = |vtµ1 − vtµ2|2

= vt(µ1 − µ2)(µ1 − µ2)tv

= vtSbv.

Since the aim of LDA is to find the optimal transformation vector v by maximizing

the ratio of between-class distance and within-class distance after projection, the

objective function can be written as

J(v) =
S̃b

S̃w
=
|µ̃1 − µ̃2|2

S̃2
1 + S̃2

2

=
vtSbv

vtSwv
. (3.5)

Then, calculate the derivative of v and setting the function to be 0

d
dv
J (v) =

( d
dv
vtSbv)vtSwv−( d

dv
vtSwv)vtSbv

(vtSwv)2

= (2Sbv)vtSwv−(2Swv)vtSbv

(vtSwv)2
= 0.

By solving (Sbv)vtSwv − (Swv)vtSbv = 0, one can get a generalized eigenvalue

problem

Sbv = λSwv, (λ =
vtSbv

vtSwv
). (3.6)

If Sw has full rank (its inverse exists), one can convert Eq. (3.6) to a standard

eigenvalue problem

S−1
w Sbv = λv. (3.7)

Since Sb = (µ1−µ2)(µ1−µ2)t, points of Sbx are in the same direction as (µ1−µ2)
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for any vector x from the original space

Sbx = (µ1 − µ2)(µ1 − µ2)tx

= α(µ1 − µ2), (α = (µ1 − µ2)tx).
(3.8)

Thus, the eigenvalue problem can by solved as

Sw
−1Sbv = Sw

−1α(µ1 − µ2)

= α[Sw
−1(µ1 − µ2)]

= λv,

(3.9)

where the corresponding parameters are α = λ and S−1
w (µ1 − µ2) = v. So the

solution is

v = S−1
w (µ1 − µ2). (3.10)

3.3.2 LDA for K Classes

Next, the above calculation process is extended to K-class case. The within-class

scatter matrix Sw and the between-class scatter matrix Sb are expressed as

Sw =
K∑
i=1

S2
i =

K∑
i=1

∑
xi∈Class i

(xi − µi)(xi − µi)t, (3.11)

Sb =
K∑
i=1

ni(µi − µ)(µi − µ)t, (3.12)

µ =
1

N

∑
∀x

x =
1

N

K∑
i=1

niµi, (3.13)

where ni is the sample number of cluster i, N is the sample number of clusters, and

the maximum rank of Sb is K − 1.

Define V as the transformation matrix which projects the original data sets to

a lower dimensional space. Based on the derivation of the two-class problem, the
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scatter matrices for the projected samples is written as

S̃w = V tSwV, (3.14)

S̃b = V tSbV. (3.15)

Thus, the objective function is

J(V ) =
det
(
S̃b

)
det
(
S̃w

) =
det (V tSbV )

det (V tSwV )
. (3.16)

Then, solve the generalized eigenvalue problem

SbV = λSwV, (λ =
V tSbV

V tSwV
). (3.17)

The problem in (3.17) has at most K − 1 linearly independent eigenvectors, rep-

resented by v1, v2, ...vK−1 correspondingly. The optimal projection matrix V for a

D-dimensional subspace is given by the eigenvectors corresponding to the largest D

eigenvalues. Thus, LDA can project the original data set to a subspace of dimension

(K - 1) at the most.

3.4 Two-stage FDD Strategy with DAFC Method

The proposed FDD strategy is a two-stage data-driven method which formulates

the chiller FDD as a multiple classification problem. The goal is to distinguish

the 7 fault working conditions from the normal working condition for a centrifugal

water-cooled chiller and recognize different fault severity levels based on the pre-

defined severity level information. The fault types are recognized at the first stage,

and the corresponding fault severity levels are identified at the second stage. To
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formulate the FDD problem for chiller system, N observations are considered for

each training cluster at the fault type recognition stage, n observations for each

training cluster at the severity recognition stage, and d measurements (dimensions)

in each observation.

At the fault type diagnosis stage, centers for the fault clusters are defined as

µk = mean([Pk]N×d), (3.18)

where µk is the center of cluster k (k = 1, ..., K), and [Pk]N×d is an N × d matrix

which represents data set from cluster k. Each fault cluster includes data from all

severity levels.

If all the clusters are well-separated, the average distance between points within

one cluster and its center should be smaller than that between those points and

other cluster centers

mean(Dis(pk, µk)) < mean(Dis(pk, µk̄)), (3.19)

where pk represent the points from cluster k, µk̄ represent other cluster centers, and

Dis(., .) represents the distance between two points.

Here the distances between points of cluster k and the center µk are defined as

Manhattan distances

Dis(pkj, µk) =
d∑
i=1

|pkij − µki|, (3.20)

where pkj is the jth point in cluster k, j = 1, 2, ..., N , cki and pkij are the ith

coordinate values of pkj and µk (i = 1, 2, ..., d).

Since the real-time monitoring aims at detecting and diagnosing faults and the

corresponding severity levels for data set rather than a single data point. The mon-

itoring data set (which contains data points collected during a period) is diagnosed
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as a particular fault if it is the closest to the corresponding pre-defined fault cluster

center and within its trained Manhattan distance range, which is defined as

Uk = max(Dis(pkj, µk)), (3.21)

Lk = min(Dis(pkj, µk)). (3.22)

Similarly, at the fault severity level diagnosis stage, cluster centers are defined as

µlk = mean([P l
k]n×d), (3.23)

where µlk represents the cluster center of the lth (l = 1, ..., L) severity level of fault

type k, and [P l
k]n×d is an n× d matrix. The severity level can be identified by

mean(Dis(plk, µ
l
k)) < mean(Dis(plk, µ

l̄
k)), (3.24)

where plk represent the points from the lth severity level of fault type k, and µl̄k

represent cluster centers of other severity levels (except level l) of fault type k.

Next, the FDD algorithms applied are explained in the two stages.

3.4.1 Stage One: Fault Type Detection and Diagnosis

The flow diagram of the first stage is depicted in Figure 3.2. In the off-line learning

process, the historical data sets are taken from a fault library where a large amount

of data measured under normal and fault conditions are stored. Firstly, define one

normal cluster and seven fault clusters as eight training data sets. Secondly, remove

obvious outliers (apparent measurement errors) and normalize the eight training

clusters in the data pre-processing procedure. Thirdly, deal with the eight training

data sets by LDA, which transforms the original high dimensional data into a lower
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Examine Cluster Separation;

Calculate Centroid for Each Cluster.

Transform Data Sets by 

LDA Transformation Matrix

Data Pre-processing

Record Cluster Centers; 

Record Distance Ranges.

Data Pre-processing

Transform Data Set by 

LDA Transformation Matrix

The Transformed Data Set I

Calculate Distances between Points of Set I 

and Predefined Cluster Centroid Points
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The Chiller System 

is under Normal 
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Fault Library

Are all distance 

values within 

normal range?

Are all distance values within 

corresponding range?
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Faulty Operation
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Figure 3.2: First stage of the DAFC-based FDD strategy.
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dimensional space. Next, record the Cluster Centers (for simplification, named as

CC points) in the lower dimensional space as comparison criteria. Here, Manhattan

distance ranges between data points from one cluster and the corresponding cluster

center are also recorded.

In the on-line monitoring process, the monitoring data set could be real-time

streaming data collected from the BMS. After similar outlier removing and data

normalization procedures, the monitoring data set is firstly projected to the lower

dimensional space, which is exact the same as that in the training process. In the

following step, distances between monitoring data points and the eight CC points

are calculated. The diagnosis results are then generated according to the following

decision rules:

� If the monitoring data set is the closest to the pre-defined normal cluster,

and the distance values between the monitoring data points and the normal

CC point are within the corresponding Manhattan distance range, the chiller

system is diagnosed as working under normal condition.

� If the monitoring data set is the closest to the pre-defined fault cluster k, and

the distance values between the monitoring data points and the CC point of

fault k are within the corresponding Manhattan distance range, the chiller

system is diagnosed as working under the kth fault condition.

� If the monitoring data set is the closest to one of the pre-defined clusters, but

the distance values between the monitoring data points and the corresponding

CC point are beyond the corresponding Manhattan distance range, the chiller

system is diagnosed as working under an unknown fault condition.

The idea and calculation steps described above are depicted in details in Algo-

rithms 3.1 and 3.2 (Fault Type Recognition) 2. The jth monitoring data set is

2Due to the page length limit, DAFC algorithm for fault type recognition is written in two
separate parts, namely, Learning Algorithm 3.1 and Monitoring Algorithm 3.2
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Algorithm 3.1 DAFC for Fault Type Recognition I (Learning)

Input [Xi]N×d, [Xj]m×d
TRX ⇐ ∅, TEX ⇐ ∅, CC ⇐ ∅, U ⇐ ∅
TRD ⇐ ∅, TED ⇐ ∅, D ⇐ ∅, J ⇐ ∅, Y ⇐ ∅, I ⇐ ∅
for i = 1, ..., K do

[TRXi]N×D = LDA ([Xi]N×d)
CCi = mean([TRXi]N×D)
for t = 1 : N do
TRDi(t) = norm((TRXi(t, :)− CCi), 1)

end for
Ui = max([TRDi(t)])

end for

recognized as under the Ith fault condition (except that “I = 1” represents nor-

mal condition) if JUDGE = 1, and under an unknown fault working condition if

JUDGE = 2.

3.4.2 Stage Two: Fault Severity Level Recognition

Figure 3.3 shows the flow diagram for the strategy of fault severity level recog-

nition. Similar to the first stage, in the off-line learning process, historical sensor

data collected under all the severity levels of each pre-defined fault condition is

transformed into the lower dimensional space by LDA separately. After examin-

ing cluster separation, the severity level cluster centers are recorded as CC points.

In the on-line monitoring process, the monitoring data set is transferred from the

first stage, which has already been classified to a specific fault type. Firstly, as

described in Algorithm 3.3 (Fault Severity Level Recognition), the monitoring data

set is linked to the trained severity level CC points of the corresponding fault type.

Then, severity level diagnosis results are generated by comparing the Manhattan

distance values between all the monitoring data points and trained CC points.
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Algorithm 3.2 DAFC for Fault Type Recognition II (Monitoring)

for j = 1 : T do
[TEXj]m×D = LDA ([Xj]m×d)
for i = 1 : K do

for t = 1 : m do
TEDji(t) = norm ((TEXj(t, :)− CCi), 1)

end for
DDj(i) = mean([TEDji(t)])

end for
Jj = arg min ([DDj(i)])
Yj = [TEXj]m×D, (transfer to the 2nd stage)
I = Jj
if max (TEDjI) < UI then
JUDGE ⇐ 1

else
JUDGE ⇐ 2

end if
end for
Output JUDGE, Yj, I

3.5 Experiments and Results

3.5.1 Data Description

The proposed fault detection framework is tested with the data collected from the

ASHRAE RP-1043 project. As a brief introduction, one primary goal of the project

was to obtain state measurements for a typical cooling system under normal, and

various fault conditions. A 90-ton centrifugal water-cooled chiller is used, which

is relatively small such that a comprehensive experiment design is possible, and it

also bears enough representatives of chillers used in larger installations [33]. The

experiment was conducted in an indoor environment with a nearly constant ambient

temperature of 72◦F, and the specifications of ARI (Air-Conditioning and Refrig-

eration Institute) Standard 550 for Centrifugal and Rotary Screw Water-Chilling

Packages were adopted as the test requirements [33]. Sensor measurement is trans-

ferred to a database from the MicroTech controllers, which are mounted on the
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Figure 3.3: Second stage of the DAFC-based FDD strategy.

chiller. The test standard is controlled by three Johnson Controls Inc Air Handling

Unit (JCI AHU) controllers on an N2 bus which is an RS-485 network. As shown

in Figure 3.4, RS-485 is connected to the PC through COM Port 1 via an RS-485

to RS-232 converter.

During the experiment, nine typical faults suggested by the ASHRAE RP-1043

survey were introduced at multiple severity levels. More than 60 tests were con-
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Algorithm 3.3 DAFC for Fault Severity Level Recognition

Input Yj = [TEXji]m×D(i = Jj), [Xl
i]n×d

Learning
SLX ⇐ ∅, CC ⇐ ∅, SLD ⇐ ∅, D ⇐ ∅, SL⇐ ∅
for i = 1, ..., K do

for l = 1 : L do
[SLXl

i]n×D = LDA
(
[Xl

i]n×d
)

CCl
i = mean([SLXl

i]n×D);
end for

end for
Monitoring
for j = 1 : T do

for l = 1 : L do
for t = 1 : m do
SLDi

jl(t) = norm
(
(TEXji(t, :)− CC l

i), 1
)
, (i = Ji)

end for
DDi

j(l) = mean([SLDi
jl(t)])

end for
SLj = arg min

(
[DDi

j(l)]
)

end for
Output SLj

ducted, and for each test, 64 variables, including direct sensor measurement and

calculated physical indexes, were recorded once every 10 seconds. In this chap-

ter, seven commonly encountered faults are taken into account. Those faults are

emulated by various experimental methods as is summarized in Table 3.1. Three

tests under normal conditions were named test 0, test 1, and test 2. The Con-

denser Fouling (CF) fault was emulated by plugging tubes into condenser. The

Reduced Condenser Water Flow Rate (FWC) fault and Reduced Evaporator Water

Flow Rate (FWE) fault were emulated directly by reducing water flow rate in the

condenser and evaporator. The Refrigerant Overcharge (RO) fault and Refrigerant

Leakage (RL) fault were emulated by reducing or increasing the refrigerant charge

respectively. The Excess Oil (EO) fault was emulated by charging more oil than

nominal. And the Non-Condensable in Refrigerant (NC) fault was emulated by

adding Nitrogen to the refrigerant.
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Figure 3.4: Schematic showing chiller test stand control interface.

3.5.2 Tackle the “Curse of Dimensionality”

Firstly, eight clusters (one normal cluster and seven fault clusters) are considered

as the pre-defined training data sets. For each cluster, there are 433 measurements,

and 64 features for each measurement. To check how are they separated in the 64−d

space, one needs to calculate the distances between the data points and each clus-

ter center, and then examine whether data points from one cluster are the closest

to the corresponding center. In Figure 3.5, the distances between points from the

normal cluster, which is named “NMpoints” in the figure, and all the pre-defined

cluster centers, which are named “NM” and “fault 1-7” in the figure, are calculated

as L1 norms. The interval between 0 and the largest distance value is divided into

100 small distance intervals evenly. Figure 3.5 shows the probability densities of

data points that fall into each interval, where different colors represent the prob-
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Table 3.1: Typical chiller faults and corresponding experimental methods.

Name SL Description

NM 0/1/2 Tests run under normal conditions

CF 1/2/3/4 Plugged 20/33/49/74 tubes (out of 164) in the condenser

EO 1/2/3/4 Oil charge 14%/32%/50%/68% more than nominal

FWC 1/2/3/4 Reduce condenser water flow rate

by 10%/20%/30%/40%

FWE 1/2/3/4 Reduce evaporator water flow rate

by 10%/20%/30%/40%

NC 1/2/3/4 Adding 0.1/0.16/0.22/0.54 lbs Nitrogen to the refrigerant;

displacing about 1.0%/1.8%/2.4%/5.6%

of the volume at room temperature

RL 1/2/3/4 Refrigerant charge 10%/20%/30%/40% less than nominal

RO 1/2/3/4 Refrigerant charge 10%/20%/30%/40% more than nominal

*Note: SL means severity level; experiments of four severity levels are

conducted for each fault; the normal experiment is repeated three times.

ability densities of distances between different pre-defined cluster centers and the

normal data points. It is evident in Figure 3.5 that distributions of Manhattan

distance between testing data points and various cluster centers are similar. This

is a direct evidence of the “curse of dimensionality” which has been addressed in

Fan’s work-classification methods using all features are proved to be infeasible in

high dimensional space due to the noise accumulation when estimating a significant

number of noise features [101].

By projecting the high dimensional data to a lower dimensional space, LDA re-

duces the dimension. However, none of the original 64 input features is eliminated

since the projected variables are linear combinations of the original features. No-

tice choosing the most significant features among the original inputs is a fascinating

topic, the problem is addressed as the “feature selection” task for building FDD in

Chapter 5. Figure 3.6 shows different distributions of Manhattan distance between
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Figure 3.5: Distances between normal data points and each pre-defined fault cluster
in the original high dimensional space. Distributions of Manhattan distance for
different clusters are similar.

testing data points and different cluster centers after being dealt with by LDA. It

shows that normal cluster is separated from other fault clusters in the lower dimen-

sional space.

3.5.3 Fault Type Detection and Diagnosis Results

At the first stage, data sets of all fault types with four severity levels as well as the

three normal tests are defined as the training data. They are named as NM, CF,

EO, FWC, FWE, NC, RL, and RO. Given that the proposed strategy outputs FDD

results for a bunch of monitoring data points, and the raw data of ASHRAE RP-

1043 are collected every 10 seconds, sample size also represents the time duration

spent on data collection and how long the FDD algorithm can recognize a fault after
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Figure 3.6: Distances between normal data pointss and each pre-defined fault clus-
ter in the projected low dimensional space; processed by LDA. Distributions of
Manhattan distance for different clusters are different.

its occurrence. For example, the FDD strategy is stated to be able to recognize a

fault 10 minutes after its occurrence if 60 successive monitoring data points are

diagnosed. In this chapter, training data is sampled from RP-0143 data files every

2 minutes over an 866-minute-long period; and testing data sets are picked from

raw data files of RP-1043 with set size varying from 1 point to 714 successive points

(represents data collecting time from 10 seconds to 119 minutes). To verify how

the proposed algorithm diagnoses faults at the first stage, testing data sets sampled

from different severity levels (and normal condition) are dealt with by Algorithms

3.1 and 3.2 correspondingly. Fault type diagnosis results are generated based on the

algorithm outputs.

The fault type diagnosis accuracy is depicted in Figure 3.7. It shows that for all
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Figure 3.7: Accuracy of fault type detection and diagnosis as a function of the
incremental testing sample size when LDA reduces the dimension to 7. Parallel lines
x1/x2/x3/x4 mark where the accuracy curves (SL-1/2/3/4) converge to 1. Starting
points for SL− 1, SL− 2, SL− 3 and SL− 4 are (1, 0.90), (1, 0.91), (1, 0.98) and
(1, 0.99), respectively.

the testing groups Algorithms 3.1 and 3.2 present 100% prediction accuracy if the

testing sample size is large enough. More specifically, when dealing with testing data

from different severity levels, the accuracy converges to 100% at x = 72, x = 150,

x = 450 and x = 492, respectively. Those results mean that the FDD strategy

identifies a fault with 100% accuracy within 12 minutes, 25 minutes, 75 minutes,

and 82 minutes respectively after its occurrence. Of course, when the fault is at low

severity levels, it takes more than one hour to collect enough data to reach 100%

diagnosis accuracy, which seems too long. However, Figure 3.7 also tells that even

if the testing sample size is quite small Algorithms 3.1 and 3.2 still diagnose fault

types with high accuracy (89.81%, 91.48%, 87.83% and 98.80%, respectively).

LDA can reduce the original data up to the dimension of C−1, where C is the num-
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Figure 3.8: Accuracy of fault type detection and diagnosis as a function of the
incremental testing sample size when LDA reduces the dimension to 6. Parallel lines
x1/x2/x3/x4 mark where the accuracy curves (SL-1/2/3/4) converge to 1. Starting
points for SL− 1, SL− 2, SL− 3 and SL− 4 are (1, 0.91), (1, 0.93), (1, 0.96) and
(1, 0.97), respectively.

ber of total categories. Although none of the information provided by the original

input features is eliminated via LDA projection, some of the original information is

hidden under the linear combinations, which means that some information is “lost”

after projection. Compared with the original dimension, the category number C = 8

(1 normal condition plus 7 faults) is small, C-1 (i.e., 7) is directed selected as the

projected dimension at the first stage. In Figure 3.8,the accuracy of fault type de-

tection and diagnosis is shown as a function of the incremental testing sample size

when the dimension is reduced to 6. Based on the comparison one can see that when

the dimension is reduced to 6, the DAFC method needs larger testing sample sizes

than that in the case shown in Figure 3.7 (where the reduced dimension is 7) to

reach 100% accuracy. Similarly at the severity level recognition stage, the original
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data is reduced to dimension 3 since there are 4 severity levels for each fault type.
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Figure 3.9: Confusion matrix for classifying testing datasets sampled from all cate-
gories by DAFC, which is trained by seven typical chiller faults.

In the real application,it is acceptable that the FDD strategy can identify a fault

in 30 minutes after it occurs. Thus, one can set the monitoring sample size as

180, in which case the fault type diagnosis accuracy is higher than 97% (which is

also acceptable) for all the tested data sets. In Figure 3.9 the confusion matrix

of how the DAFC method recognize testing groups from all conditions (1 normal

condition and 7 faults) when the testing sample size is 180 is shown. To be specific,

L = 180 successive data points are picked to form one testing data set and shift

the starting point successively along the raw data files, which can be described

as Xtes = Xorg(1 + sift(i) : 1 + sift(i) + L, :). Since the shift vector is defined

as shift = 1 : 12 : (lenraw − L) and the raw data file includes lenraw = 5191
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observations, there are 418 (which is the length of shift matrix) testing data sets for

each category.
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Figure 3.10: Confusion matrix for classifying testing datasets sampled from the RO
fault file by DAFC, which is trained by seven typical chiller faults.

In particular, take the RO fault as an example to show how the proposed FDD

strategy recognizes a known fault. The raw data of RO fault provided by RP-1043

is firstly packed into 8 testing data sets. Each severity level of NC fault provides two

testing data sets, and each set contains 180 successive data points sampled from the

raw data file. Just as mentioned, there are 418 testing sets in total. In the testing

process, the 8 testing sets are labeled from 1 to 8 which are the same as the training

labels of the normal condition and seven typical faults. The confusion matrix in

Figure 3.10 shows that the DAFC method diagnoses all the testing data sets as

RO fault, and Figure 3.11 tells that all the testing data is within the corresponding

Manhattan distance range for RO fault (only one testing set for each severity level
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Figure 3.11: Distance values between testing datasets sampled from the RO fault
file and the pre-defined RO center & the trained RO distance range.

is listed). In this case, Algorithms 3.1 and 3.2 successfully identify all the testing

data sets as a known fault - the RO fault.

Other than the seven typical faults, the Defective Pilot Valve (DPV) fault is

another fault which is tested in RP-1043, but not considered in this study since it

is relatively rare compared with the seven typical ones. To show how the proposed

FDD strategy deals with an unknown new fault, sample 8 testing data sets from

the raw data file of DPV. Each of them contains 180 successive data points. Since

the shift vector is defined as shift = 1 : 1 : (lenraw − L) and raw data file includes

lenraw = 433 observations, there are 253 (which is the length of shift matrix) testing

data sets in total. According to the results shown in Figure 3.12, the DAFC classifier

trained by the seven typical faults claims all the testing sets to be normal. However,

by examining the Manhattan distance range, which is shown in Figure 3.13, one can
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Figure 3.12: Confusion matrix for classifying testing datasets sampled from DPV
fault file by DAFC, which is trained by seven typical chiller faults.

find that the distances between the testing data and pre-defined cluster centers are

out of range (only one data set is shown in the figure). As a result, Algorithms 3.1

and 3.2 diagnose the testing data sets obtained from RP-1043 DPV fault test as an

unknown new fault.

3.5.4 Fault Severity Level Recognition Results

Different fault severity levels in RP-1043 are defined by experimenters according

to experience [33]. Marking all the faults with four severity levels for each fault

qualitatively describes all the faults in a more detailed way. The severity level

diagnosis provides more information about the faults after recognizing the fault

types (such as how serious the fault is). Such information gives researchers and
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Figure 3.13: Distance values between testing datasets sampled from DPV fault file
and the pre-defined NM center & the trained NM distance range.

building managers more options on taking actions to handle the faults.

To validate the algorithm for fault severity level recognition, the same testing data

sets as that used at the previous stage are processed by Algorithm 3.3. For each

fault, the severity level diagnosis accuracy as a function of testing sample size is

generated. As shown in Figure 3.14, the diagnosis accuracy is relatively small with

small testing sample size. However, when the sample size is larger than 500 the

diagnosis accuracy converges to a value higher than 90% for each fault type. The

process of recognizing fault severity level is the same as identifying fault types,which

will not be repeated in this part. The confusion matrix for the recognition of severity

level for the EO fault and FWE fault are shown in Figures. 3.15 and 3.16. Note

that the severity level prediction accuracy for the EO fault is 84.17% when testing

sample size is 180, which is still acceptable and much high than random guess (25%

accuracy).
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Figure 3.14: Accuracy of fault severity level diagnosis as a function of the incremen-
tal testing sample size.

3.6 Conclusion

In this chapter,a two-stage data-driven strategy for building chiller FDD is pro-

posed. The strategy formulates the FDD as a multiple classification problem. LDA

is adopted to project high dimensional data into a lower dimensional space where

the data gets maximum class separation and remains its original class information as

much as possible. The fault type and the corresponding severity level are detected

and diagnosed if the monitoring data set is the closest to one of the pre-defined

fault clusters and within the corresponding trained severity level Manhattan dis-

tance range. The proposed FDD strategy is validated using the ASHRAE RP-1043

data. It successfully detects and diagnoses seven typical faults and reports unknown

faults. In addition, it also outputs how serious the diagnosed fault is. Compared

with previous works, the proposed strategy is highly efficient and flexible.
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Figure 3.15: Confusion matrix for classifying testing datasets sampled from the EO
fault file by DAFC, which is trained by its pre-defined four severity level.
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Figure 3.16: Confusion matrix of classifying testing datasets sampled from the FWE
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Chapter 4

FDD with Tree-structured

Learning Method

4.1 Introduction

By inspecting the existing works on building data-driven FDD, it is found that

they merely formulate the task as a pure fault type classification problem, whereas

fault severity levels and their inter-dependence have long been ignored. The pro-

posed DAFC method has been successfully applied in Chapter 3 to detect and

diagnose typical chiller faults and identify the corresponding severity levels at two

separate stages. However, DAFC tends to generate relatively poor classification re-

sults when the number of included classes becomes larger, and it cannot recognize

fault type and severity level at a unified step.

In addition, it is widely recognized in machine learning field that prior expert

knowledge conveys valuable dependence information which classification methods

should consider [85]. When dealing with complex building systems, the number of

fault types (classes) is expected to be large, while usually, only a small amount of

labeled data for each fault class is available. From a statistical learning perspective,
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adopting a “flat” multi-class learning method and ignoring the prior information may

result in loss of valuable information, thus leading to degraded performance [84].

The objective of this chapter is to design a novel data-driven FDD method, so

as to recognize faulty working conditions and identify the fault type and determine

how serious the identified fault is in a unified framework (instead of in two sep-

arate stages). Hence, the structured labeling technique is adopted to include the

dependence information and describe the severity levels in a large margin learning

framework. A Tree-structured Fault Dependence Kernel (TFDK) method is driven

and a corresponding on-line learning algorithm is developed for streaming data. As

an improvement of traditional classification methods, TFDK presents better FDD

accuracy by encoding tree-structured fault dependence in its feature mapping and

taking regularized misclassification cost as its learning objective. Also, TFDK is

applied to the FDD for a 90-ton centrifugal water-cooled chiller which is introduced

in Chapter 3. Experimental results show that compared to previous data-driven

methods, TFDK can greatly improve the FDD performance as well as recognize the

fault severity levels with high accuracy.

The remaining part of this chapter is arranged as follows. Section 4.2 presents

the formulation of structured fault dependence information in the building cooling

system. The derivation of TFDK which is based on structured building FDD for-

mulation is given in Section 4.3. Section 4.4 describes how to pre-process the chiller

sensor data. Section 4.5 presents the FDD results by TFDK and compares TFDK

with the state-of-the-art methods. Section 4.6 summaries this chapter.
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Figure 4.1: Schematic of the cooling system test facility and sensors mounted in the
related water circuits.

4.2 Problem Statement

4.2.1 Cooling System with Centrifugal Water-cooled Chiller

In this chapter, the FDD application is also conducted on the 90-ton centrifugal

water-cooled chiller which has been described in Chapter 3. As shown in Figure 3.1,

a typical centrifugal chiller system consists of: evaporator, compressor, condenser,

economizer, motor, pumps, fans, distribution pipes, etc. The refrigerant flow path is

depicted in Section 3.2.1, which will not be repeated here. The following paragraph

introduces how the cooling system is controlled.

In order to minimize the energy consumption of cooling systems, the entering

condenser water temperature set-point should be as low as possible. At the same

time, it should be at or above the lowest temperature attainable by cooling tower at

certain (wet-bulb) air temperature to avoid wasting fan energy for saturated value.

The chilled water supply (leaving evaporator water) temperature is maintained at its

set-point by regulating the cooling coil inlet valve position. The valve motor opens
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or closes to tune the valve position by a feedback controller which maintains the

pre-set chilled water supply temperature based on the difference between the set-

point and measured temperature value [102]. There are a great number of sensors

implemented within cooling systems in purpose of monitoring and controlling. In

order to detect and diagnose typical faults, analysis of sensor measurements for the

most essential variables of cooling system is included in this study. In this chapter,

24 essential variables are analyzed according to [74] and [92]. They are common

parameters for controlling and monitoring in cooling system, as listed in Table 4.1.

Also, a part of sensors mounted within the cooling system is illustrated in Figure

4.1.

4.2.2 Tree Structure Formulation

As introduced in Chapter 3, a large number of possible faults and failures have

been identified by the ASHRAE RP-1043, while not all of them would be practical

for further examination as part of the FDD scheme [33]. The faults chosen for exper-

imental testing are expected to be able to be detected and diagnosed by monitoring

the thermodynamic states of the chiller. Based on how often one fault occurs and

how much economical loss it causes, seven typical faults are picked as our research

content (the same as that in Chapter 3):

� Condenser Fouling (CF)

� Excess Oil (EO)

� Reduced Condenser Water Flow Rate (FWC)

� Reduced Evaporator Water Flow Rate (FWE)

� Non-Condensable in the Refrigerant (NC)

� Refrigerant Leak/undercharge (RL)
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Table 4.1: Definitions of 24 essential variables in a typical cooling system.

No. Label Description Units

1 TEI Temperature of entering evaporator water F

2 TEO Temperature of leaving evaporator water F

3 TCI Temperature of entering condenser water F

4 TCO Temperature of leaving condenser water F

5 kW Compressor motor power consumption kW

6 FWC Condenser water flow rate gpm

7 FWE Evaporator water flow rate gpm

8 TEA Evaporator approach temperature F

9 TCA Condenser approach temperature F

10 TRE Refrigerant temperature in evaporator F

11 PRE Pressure of refrigerant in evaporator psig

12 TRC Refrigerant temperature in condenser F

13 PRC Pressure of refrigerant in condenser psig

14 TRC sub Subcooling temperature F

15 T suc Refrigerant suction temperature F

16 Tsh suc Refrigerant suction superheat temperature F

17 TR dis Refrigerant discharge temperature F

18 Tsh dis Refrigerant discharge superheat temperature F

19 P lift Pressure lift across compressor F

20 TO sump Temperature of oil in sump F

21 TO feed Temperature of oil feed F

21 PO feed Pressure of oil feed F

22 TWCD Condenser temperature F

24 TWED Evaporator temperature F

� Refrigerant Overcharge (RO)

This chapter aims to distinguishing the seven faulty working conditions from the

normal working condition for a typical cooling system as well as recognize cor-

responding severity levels in a unified FDD framework (instead of in two separate

stages). Conventional FDD methods which assign the faults and their severity levels
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Figure 4.2: Seven typical faults and their locations in the cooling system. Faults 1
and 2 occur in the cooling tower water circle; faults 3, 5 and 6 occur in the refrigerant
circle; fault 4 occurs in the compressor; fault 7 occurs in the cooling coil water circle.

with plain labels and formulate the FDD task as pure multiple classification prob-

lem. Here,the fault dependence information is included into the feature mapping,

and the fault types as well as their severity levels are encoded with tree-structured

labels. Next paragraph introduces the tree-structured fault dependence information.

In the light of the expert knowledge about the cooling system configuration, the

chosen faults occur in different places within the cooling system, which leads to

structured inter-class relationships. As shown in Figure 4.2, chiller water flows

through the evaporator pipes and the cooling coil in Air Handling Unit. Therefore

the FWE fault, which occurs in the cooling coil water circuit, is relatively not closely

related to other faults that occur in other components or subsystems. Similarly, the

EO fault which occurs in the compressor motor oil tank is also relatively not closely

related to other faults. The NC fault and the RL/RO fault are correlated since

they are relevant to the refrigerant. The CF fault, which means condenser pipes are

partly blocked, and the FWC fault share the closest correlation because they locate
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Figure 4.3: Chiller faults with tree-structured labeling. Gradient arrows represent
severity levels under each fault type.
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Figure 4.4: Structured labels as a tree which encodes typical chiller faults and
corresponding severity levels.

in the cooling tower water circuit and will influence the condenser performance in

the first place once occur. On the basis of those prior expert knowledge, one can

describe the relationship among the faults and their severity levels with a “tree”,
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where different fault types as well as the normal condition are described as the

branch nodes (non-leaf nodes) and severity levels for one fault are regarded as the

leaf nodes rooted from the same parent node. The “tree” is depicted in Figure 4.3,

where the gradient arrows represent severity levels under each fault type.

4.3 TFDK Algorithm and Convergence Argument

4.3.1 Feature Mapping

This section introduces the feature mapping which incorporates the prior knowl-

edge about faults and severity level dependence. To begin with, let {(xi, yi)}ni=1

be a set of labeled training data, where xi ∈ Rd denotes the ith record of sensor

measurements (d streams) under system condition yi ∈ Y , {1, ..., q} (Detailed

data description is presented in Section IV). The tree-structured relationships be-

tween chiller faults depicted in Figure 4.3 can be encoded as Figure 4.4. Each node,

including the leaves for severity levels but except the root, is numbered with an

integer k ∈ {1, 2, · · · , s}. In this case, nodes 1 − 29 are classification categories,

the normal situation is encoded as node 1, and the seven faults as well as their

four severity levels are encoded as nodes 2 − 29. Nodes 30 − 39 are intermediate

nodes that represent the fault dependence. Next, to incorporate the tree-structured

information in each data sample, an attributes reweighing vector Λ (y) ∈ Rs and

the transformation Φ : Rd → Rd×s are considered according to [85], such that

Φ (x, y) = Λ (y)⊗ x (4.1)

where ⊗ denotes a tensor product, i.e. Φ (x, y) ∈ Rd×s is a vector containing all

products of coefficients from the first and second vector argument. Writing out

Φ (x, y),
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Φ (x, y) =



λ1 (y)× x

λ2 (y)× x

...

λs (y)× x


(4.2)

in which the attributes reweighing vector is defined as

λz (y) =

 vz, ifz � y

0, otherwise
(4.3)

where the relation � denotes that a node z is y or the ancestor of y. The re-weighting

parameter vz ≥ 0 could be used to include the different influence of node z on node

y. In the simplest case it can be set to 1, and λz becomes an indicator function. In

a more refined configuration, one can set vz to a positive number that reflects the

depth of node z in the tree.

Based on the above transformation one normal class and four severity levels for

each of the seven faults are numbered as 29 categories and their dependence consti-

tutes the additional 10 parent nodes in the tree. For example, the labeling and the

transformation for level 1 of the RL fault is

Λ (22) = [0, · · · , v22, · · · , v32, · · · , v37, v38, 0]T

Φ (x, 22) = [0, · · · , v22x, · · · , v32x, · · · , v37x, v38x, 0]T

With the feature mapping, consider a general version of discriminant functions F

for classification purpose,

F (x, y; w) , 〈w,Φ (x, y)〉 (4.4)

For simplicity, let 〈w,Φ (x, y)〉 = 〈wy, x〉. It is a straightforward consequence of
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the linearity of Eq. (4.4) to show that one can re-write F as an additive superposition

of linear discriminant as follows,

F (x, y; w) =
s∑

z=1

λz (y) 〈wz, x〉 (4.5)

where wz ∈ Rd is a weight vector associated with the rth class attribute. As a

concrete example, the discriminant function for node 22 in Figure 4.4 is

〈w,Φ (x, 22)〉 = 〈w22, x〉+ 〈w32, x〉+ 〈w37, x〉+ 〈w38, x〉

4.3.2 TFDK Learning Method

The learning objective is to find optimal parameters w for the classification func-

tion f , which can be written as,

f (x; w) , arg max
y∈Y

F (x, y; w) (4.6)

This chapter adopts a large margin learning formulation [103]. Firstly the multi-

class margin of a data sample (xi, yi) with respect to a parameterization w can be

defined as

γi , F (xi, yi; w)−max
y 6=yi

F (xi, y; w) (4.7)

Consider a category dependent cost ∆(yi, y) for misclassifying yi as y (which is

clarified in subsection 4.4.1, and interested readers can refer to [104] for more infor-

mation), one arrives at the following L2 regularized soft-margin learning objective

min
1

2
‖w‖2 +

C

n

n∑
i=1

ξi (4.8)
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Algorithm 4.1 On-line Update Algorithm

Input (xt+1, yt+1)
St+1 ⇐ ∅
while S1...St+1 still change do

for ı = t+ 1 : −1 : 1 do

w =
t+1∑
j=1

∑
y′∈Sj

αjy′δΦj (y′)

H (y) = (1− 〈w, δΦi (y)〉) ∆ (yi, y)
y∗ = arg max

y
H (y)

ξi = max
y∈Si
{H (y)}

if H (y∗) > ξi + ε then
Si ← Si ∪ {y∗}
αS ← Solve dual with S

end if
end for

end while
Output S1

′...St
′, St+1

′

s. t.


ξi ≥ 0

γi (w) ≥ 1− ξi
∆(yi,y)

∀ i (4.9)

where C is a hyper-parameter that tunes the margin loss penalty.

According to Eq. (4.4) and Eq. (4.7)

γi (w) = 〈w,Φ (xi, yi)〉 −max
y 6=yi
〈w,Φ (xi, y)〉

≤ 〈w,Φ (xi, yi)〉 − 〈w,Φ (xi, y)〉 (∀y 6= yi)

(4.10)

Letting δΦi (y)
∆
= Φ (xi, yi)− Φ (xi, y), for ∀i,∀y 6= yi, one can get

〈w, δΦi (y)〉 ≥ γi (w) ≥ 1− ξi
∆ (yi, y)

(4.11)

Thus the second constraint of Eq. (4.9) can be rewritten as

〈w, δΦi (y)〉 − 1 +
ξi

∆ (yi, y)
≥ 0 (4.12)
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The dual formulation of the above primal problem with the Lagrangian multiplier

method [105] is

L (w, ξ, α, η) = 1
2
‖w‖2 + C

n

n∑
i=1

ξi −
n∑
i=1

ηiξi

−
n∑
i=1

∑
y 6=yi

αiy

(
〈w, δφi (y)〉 − 1 + ξi

∆(yi,y)

) (4.13)

Computing the derivations of L with respect to the primal variables by KKT

conditions [106] results in

∂L
∂w

= 0⇒ w =
n∑
i=1

∑
y 6=yi

αiyδΦi (y) (4.14)

∂L
∂ξi

= 0⇒ ηi =
C

n
−
∑
y 6=yi

αiy
∆ (yi, y)

(4.15)

Plugging w and ηi into Eq. (4.13), one can get

L = −1
2

∑
i,j

∑
y 6=yi,y′ 6=yj

αiyαjy′ 〈δΦi (y) , δΦj (y′)〉+
n∑
i=1

∑
y 6=yi

αiy (4.16)

Since Eq. (4.8) is equivalent to min
α
−L, with the condition that the primal vari-

ables are non-negative, one can get

ηi =
C

n
−
∑
y 6=yi

αiy
∆ (yi, y)

≥ 0 (4.17)

Thus the primal-dual transition of the soft-margin learning objective is

min
α

1

2

∑
i,j

∑
y 6=yi
y′ 6=yj

αiyαjy′〈δΦi(y), δΦj(y
′)〉 −

∑
i

∑
y 6=yi

αiy

s. t.


αiy ≥ 0 ∀ i, ∀ y 6= yi∑

y 6=yi
αiy

∆(yi,y)
≤ C

n
∀ i

(4.18)
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Notice that the dual form only involves the inner product [107] of δΦi(y) and

δΦi(y
′), which admits direct calculation as follows

〈δΦi(y), δΦj(y
′)〉 = 〈Λ(y)− Λ(yi),Λ(y′)− Λ(yj)〉〈xi, xj〉 (4.19)

Hence, define the Tree-structured Fault Dependence Kernel (TFDK) as

K(i,y)(j,y′) =


0 if y = yi or y′ = yj

〈δΦi(y), δΦj(y
′)〉 otherwise

(4.20)

where K(i,·)(j,·) is a |Y| × |Y| matrix and constitute the (i, j)th block of the overall

kernel matrix K. It’s straightforward to check that K is positive semi-definite, and

thus the learning problem belongs to a convex quadratic program (QP). Although

various methods exist in literature to solve convex QP, for the problem at hand, the

presence of many linear constraints and the requirement for learning with streaming

data motivate us to design an online active set algorithm. Key update steps for the

algorithm is summarized in Algorithm 4.1, where one can simply use empty set for

the initialization of active sets. The convergence argument is included in the next

subsection.

4.3.3 Convergence Argument of the On-line Update Algo-

rithm

Our notation in this paper follows the large margin formulation in [103]. Interested

readers are referred to [108,109] for more background information.
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Step One

To prove that sufficient improvement can be obtained for the objective function

Eq. (4.18) in each iteration, firstly consider the dual formulation in Eq. (4.16) as

J (α) = −1

2
αTKα + nTα (4.21)

Define β as the update step size and τ as the update direction. Then

δJ (β)
∆
= J (α + βτ)− J (α)

= −1
2
τTKβτ − 1

2
τTβTKα− 1

2
τTβTKβτ + βnT τ

= −βαTKτ − 1
2
β2τTKτ + βnT τ

(4.22)

Thus by denoting 〈∇J (α) , τ〉 = nT τ − αTKτ

∂δJ(β)
∂β

= −βτTKτ −
(
αTKτ − nT τ

)
= 0

⇒ β∗ = nT τ−αTKτ
τTKτ

= 〈∇J(α),τ〉
τTKτ

(4.23)

Now substitute β∗ into δJ (β)

δJ (β∗) =
1

2

(〈∇J (α) , τ〉)2

τTKτ
∆
=

1

2
· D

2
ατ

τTKτ
(Dατ = 〈∇J (α) , τ〉) (4.24)

Since β is within a bounded section 0 ≤ β ≤ B

(I) If β∗ ≤ B, then

δJ (β∗) =
1

2
· D

2
ατ

τTKτ
; (4.25)

(II) If β∗ ≥ B, since J is Convex Quadratic

δJ (β∗) ≥ δJ (B)

= B
(
nT τ − αTKτ

)
− 1

2
B2τTKτ

= BDατ − B2

2
· τTKτ

(4.26)
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Note that τTKτ > 0 and B ≤ β∗ = Dατ
τTKτ

, then

δJ (β∗) ≥ B

(
Dατ −

1

2
· Dατ

τTKτ
· τTKτ

)
=

1

2
BDατ (4.27)

Hence, from (I) and (II), one can get

max
0≤β≤B

δJ (β) ≥ 1
2

min
{

D2
ατ

τTKτ
, BDατ

}
= Dατ

2
min

{
Dατ
τTKτ

, B
}

(4.28)

Step Two

At each step, assume (xi, yi) is newly added. Optimize αiy in Eq. (4.18) with the

upper bound

αiy ≤ ∆ (yi, y)
C

n
∆
= B (4.29)

Consider the dual formulation in Eq. (4.16). It is easy to see

∂L (α)

∂αiy
= 1−

∑
j,y

αjy′K(i,y)(j,y′) = 1− 〈w, δΦi (y
′)〉 (4.30)

Since H (y) = (w, δΦi (y
′)) ∆ (yi, y) and H (y∗) ≥ ξi + ε, then

∂L (α)

∂αiy
≥ ξi + ε

∆ (yi, y)
≥ ε

∆ (yi, y)
(∆ (yi, y) > 0, ξi ≥ 0) (4.31)

Assuming the step size τ = 1, one can obtain

Dατ = nT τ − αTKη = 1− αTK =
∂L (α)

∂αiy
(4.32)

Substituting Eq. (4.29) and Eq. (4.32) to the result of Step One (Eq. (4.28)), one

can get

δL (β) ≥ 1

2
min

{
1

K
· ∂L (α)

∂αiy
,
C

n
·∆ (yi, y)

}
· ∂L (α)

∂αiy
(4.33)
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Due to Eq. (4.31)

δL (β) ≥ 1
2

min
{

1
K
· ε

∆(yi,y)
, C
n
·∆ (yi, y)

}
· ε

∆(y,yi)
= 1

2
min

{
ε2

K[∆(yi,y)]2
, Cε
n

}
(4.34)

If (xi, yi) is already in the active set, the search direction τ could be tuned and

with a similar argument. One can obtain

δL (β) ≥ 1

2
min

{
ε2

4K[∆ (yi, y)]2
,
Cε

n

}
(4.35)

Step Three

By denoting Eq. (4.18) as L (α) and Eq. (4.8) as P (w), based on the Primal-Dual

Theory one knows that

L (α) ≤ minP (w) (4.36)

Let w = 0, according to Eq. (4.9) (thus ξi > ∆ (yi, y))

P (w)
∆
= min 1

2
‖w‖2 + C

n

n∑
i=1

ξi ≥ 0 + C
n

n∑
i=1

∆ (yi, y) (4.37)

L (α) ≤ minP (w) = C
n

n∑
i=1

∆ (yi, y) ≥ C ·max
y

∆ (yi, y)
∆
= C ·∆max (4.38)

Hence the optimal improvement of L (α) is at most C · ∆max. For each step the

improvement is at least 1
2

min
{

ε2

4K∆2
max
, Cε
n

}
as depicted in Eq. (4.35). Now one can

conclude that the algorithm will converge in the following steps

C ·∆max

1
2

min
{

ε2

4K∆2
max
, Cε
n

} = 2 max

{
4CK∆3

max

ε2
,
n∆max

ε

}
(4.39)
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Figure 4.5: Structured labels as a tree for typical chiller faults and corresponding
severity levels. Examples of misclassification cost among severity levels and fault
types.

4.4 Data Pre-processing

4.4.1 Evaluation Measures

To evaluate the effectiveness of the tree-structured classification method on a more

rigorous basis, two measures are employed : testing accuracy and testing cost.

Testing Accuracy

The goal is to estimate the chance that the predictor f (x) is correct on future

unseen data, i.e., the generalization performance of the predictor. In this work, the

empirical accuracy on a batch testing data set is used as an unbiased estimator.

Let sign [., .] be 1 if the predicted label of one testing data point accorded with its
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original label and 0 otherwise, the testing accuracy is

Accu (f) =
1

n

n∑
i=1

sign [f (xi) , yi] (4.40)

sign [f (xi) , yi] =

 1 f (xi) = yi

0 f (xi) 6= yi

(4.41)

where f (xi) is the predicted label for testing data point xi as in Eq. (4.6), which

represents that the data point is recognized as a certain severity level of one fault

type, and yi is the true label that records the real experiment condition.

Testing Cost

While testing accuracy is an unbiased estimator of classification correctness, it

treats all errors equally important, i.e., all types of errors induce the same cost. In

practice, however, the seriousness and the consequence of committing different types

of errors may vary significantly. In particular based on the tree-structured relation-

ships between different faults in Figure 4.4, the misclassification of one category to

another category will cause different losses. In order to incorporate this consider-

ation, the cost of misclassification among severity levels under the same fault type

is defined to be the lowest, the cost of misclassification among fault types derived

from different parent nodes to be higher, and the cost of recognizing fault as normal

to be the highest. Especially, one can assign a cost that is proportional to the node

distance in the tree depicted in Figure 4.5. For instance, the cost of misclassification

among leaf nodes 26 − 29 is 1; and the cost among leaf nodes 26− 29 and 18− 21

is 3. Putting all the defined costs in a cost matrix ∆, the misclassification cost can
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Figure 4.6: Raw data of five variables under normal condition collected by sensors
mounted in the cooling system.

be characterized by a loss function as

Fcost (f) =

q∑
i=1

q∑
j=1

∆ijg (yj, f (xi))∑∑
∆ijg′ (yj, f (xi))

(4.42)

where g (yj, f (xi)) is in fact a confusion matrix in which each row represents the

number of samples in predicted class while each column represents the samples in

actual (true) class, g′ (yj, f (xi)) represents how many testing data points will be

classified to category j if testing data from category i is averagely classified to other

categories, and ∆ij is the cost of classifying test data point from category i to j

(∆ij = 0 if i = j), and here Fcos t (f) is the absolute cost value for the classifier f .

Notice that the misclassification cost is considered as one optimization constraint

in Eq. (4.18).
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4.4.2 Pre-processing Methods for Chiller Sensor Data

Following the ASHRAE RP-1043, the cooling system studied in this chapter is a

typical centrifugal water-cooled chiller system with motor-driven compressor [33].

The experimental chiller fault data has been introduced in Chapter 3, which will

not be repeated here. Note that since the sensor measurements are time series,

they present periodic patterns mostly due to the on/off (open/close) states of some

components in the system. Figure 4.6 shows the raw data of five variables, where

periodic patterns and obvious outliers can be viewed. Before applying the tree-

structure FDD of the cooling system, raw data is pre-processed by removing periodic

patterns and outliers so as to avoid non-negligible side effects caused by confusing

patterns and outliers [110].

Outlier Removing

Sensor data for each variable is treated as a column vector and thus obvious

outliers can be detected by the Modified Thompson’s Tau method [111], which is

based on the absolute deviation of each record from the mean of the entire vector.

The strength of this method lies in the fact that it takes into account the dataset’s

standard deviation and average, and provides a statistically determined rejection

zone; thus providing an objective method to determine whether a data point is an

outlier. The rejection zone is given by

τ =
tα/2 (N − 1)

√
N
√
N − 2 + t2α/2

(4.43)

where tα/2 is the critical value from the Student’s t distribution [112], and N is the

sample size. The absolute deviation of the data set is

σ = |(X −mean (X))/S| (4.44)
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Figure 4.7: Outliers of “pressure of oil feed (PO feed)” are removed by Thompson
Tau method; the raw data is collected under eight working conditions (one normal
condition and seven fault conditions).

where S is the sample standard deviation. If σ > τ , the data point is an outlier. As

shown in Figure 4.7, the variable “pressure of oil feed (PO feed)” is measured by

corresponding sensors under 8 conditions (normal condition and 7 faulty conditions),

and the time series sensor measurements are smoother without outliers compared

with the raw data.

Periodic Pattern Removing

In this study, Wavelet-based de-noising is utilized to remove the confusing periodic

patterns. Wavelet Transform is an infinite set of various transforms ψ (t), and is

obtained from a single orthonormal wavelet, called mother wavelet or basic function,
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by scaling and shifting (translation). The wavelet series can be defined as

ψa,b (t) =
1√
a
ψ

(
t− b
a

)
(4.45)

where a and b represent the scale and translation parameters respectively. In the

discrete case where the Wavelet Transform can be used for de-nosing, the scale and

translation parameters are discretized as a = 2m and b = n2m. The dilated and

translated version of the mother wavelet ψ (t) can be written as:

ψa,b (t) =ψm,n (t) = 2−m/2ψ
(
2−mt− n

)
(4.46)

where m and n denote the scale and translation parameters respectively. Given an

original signal f (t), its wavelet coefficients are obtained through the inner product

operation:

W (a, b) =

∞∫
−∞

ψ∗a,b (t) f (t)dt (4.47)

where ∗ is the complex conjugate symbol and ψ is the basic function, which can be

chosen according to the properties of the given function f . The choice of mother

wavelet (e.g. Haar, Daubechies, Coiflets, Symlet, Biorthogonal, etc.) determines

the final waveform shape, and here Symlet is chosen as the basic function.

The essence of de-noising using Discrete Wavelet Transform (DWT) is to reduce

the noise in the wavelet transform domain [113]. Define the noisy observations as

W = [w1, w2, ..., wN ], satisfying

W = f + ε (4.48)

where f = [f1, f2, ..., fN ] is the desired noise-free signal, and ε = [ε1, ε2, ..., εN ] is the

observation noise. Firstly, DWT is applied to the noisy signal to produce the noisy

wavelet coefficients to the level where one can properly distinguish the signal pattern.

Then the inversed wavelet transform of filtered wavelet coefficients is applied to
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Figure 4.8: Temperature of leaving evaporator water pre-processed by Wavelet de-
noising (level=5); the raw data is collected under eight working conditions (one
normal condition and seven fault conditions).

obtain a de-noised signal. As shown in Figures 4.8-4.10, the raw data of leaving

evaporator water temperature is pre-processed by Wavelet-based De-noising with

increasing levels of wavelet decomposing. One can see from those figures that the

periodic patterns can be removed from the original raw data when the wavelet

decomposition level is relatively high.

4.5 FDD Results and Comparison

4.5.1 Experiment Set-up

A classical “training-testing” procedure is adopted to justify the statistical perfor-

mance of the proposed FDD framework. The chiller fault data is randomly divided

into two parts, one for fitting the TFDK model and the other one for testing the
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Figure 4.9: Temperature of leaving evaporator water pre-processed by Wavelet de-
noising (level=10); the raw data is collected under eight working conditions (one
normal condition and seven fault conditions).

attained model on unseen data set. Since labeled data usually has limited availabil-

ity in practice, the TFDK classifier is trained with various sample sizes to analyze

its impact on testing accuracy. Given that the raw data of ASHRAE RP-1043 is

collected every 10 seconds, sample size also represents the time duration spent on

data collection. For example, within 10 minutes, sensors can collect 60 data sam-

ples, each with 24 channels. In this chapter, the classifier is trained with 8 different

sample sizes (i.e. 6, 12, 18, 30, 48, 90, 120 and 180). For each configuration, the

testing data is randomly chosen from the pre-processed testing data set and testing

sample size is 1600 for each fault type (400 for each severity level) and 400 for the

normal condition.

Moreover, considering the availability of sensor measurements in a more practical

situation, 24 most accessible variables listed in Table 4.1 are chosen as algorithm
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Figure 4.10: Temperature of leaving evaporator water pre-processed by and Wavelet
de-noising (level=15); the raw data is collected under eight working conditions (one
normal condition and seven fault conditions). It can be viewed that periodic patterns
can be removed when the Wavelet decomposition level is relatively high.

input features. If a fault is detected, the desired output by TFDK includes not only

normal/fault types, but also 4 severity levels. Data groups of all fault types with

four severity levels as well as data collected under normal condition are defined as

the training data sets, i.e. 29 categories in total. Those categories are encoded with

tree-structured labels as depicted in Figure 4.4.

4.5.2 Comparison of Accuracy and Cost Among Different

Methods

TFDK is compared with the state-of-the-art methods, including Multi-class SVM

(MSVM) with RBF kernel, Decision Tree (DT), Neural Network (NN), AdaBoost

(AB), Quadratic Discriminant Analysis (QDA), and Logistic Regression (LR). Fig-
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Figure 4.11: Classification accuracy as a function of training sample size by different
methods; TFDK generates the highest accuracy. Figure (a) shows the classification
accuracy of different methods by data that is pre-processed by de-nosing and outlier
removing; figure(b) is the classification accuracy directly with raw data.

ure 4.11 shows the classification accuracy as a function of training sample size for

all the methods. In order to demonstrate the effectiveness of de-trending and de-

noising, two sets of experiments were conducted with (Figure 4.11 (a)) and without

(Figure 4.11(b)) the proposed pre-processing technique. Similarly the results of

testing cost as a function of training sample size for all the methods are shown in

Figure 4.13. Figures 4.12 and 4.14 also illustrate the accuracy improvement and

cost decrease for each considered classification methods (TFDK and other “plain”

methods) when the training sample size is 30. More specifically, the advantages

of TFDK over the state-of-the-art methods are inspected from the following three

aspect:

1. It is seen that TFDK outperforms all the other methods in terms of testing
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Figure 4.12: Comparison between classification accuracy by pre-processed data and
raw data. Data pre-processing helps to improve the classification accuracy.

accuracy and cost under different training configurations. More specifically,

TFDK achieves 1.49% to 9.19% accuracy improvement and 10.69% to 75%

cost decrease compared to the runner-up method. Note that the enhancement

is more significant when the sample size is larger. Although it appears that

the improvement is not obvious under small sample size (≤ 12), TFDK has

extra advantage of being robust to inter fault type misclassification, as will be

revealed later with confusion matrix.

2. As expected, the testing accuracy/cost increases/decreases accordingly with

the increment of training samples. For instance, the testing accuracy of TFDK

has boosted from 69.64% (6 training samples) to 99.12% (180 training sam-

ples); similar trends can be observed for the other methods, which reaffirms

the intuition that more training data is beneficial to data-driven FDD.
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Figure 4.13: Misclassification cost as a function of training sample size by different
methods; TFDK generates the lowest cost. Figure (a) shows the misclassification
cost of different methods by data that is pre-processed by de-nosing and outlier
removing; figure (b) is the misclassification cost directly with raw data.

3. Comparing the two sub-plots (a) and (b) of Figure 4.11 and Figure 4.13, it is

viewed that those methods with pre-processed data present better results in

general. Specifically, by looking into the case when the training sample size

is 30 and comparing the testing accuracy and cost for different methods in

Figures 4.12 and 4.14, it is seen that the proposed pre-processing techniques

greatly improve the performance of several methods such as TFDK, MSVM

and AB.
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Figure 4.14: Comparison between misclassification cost by pre-processed data and
raw data. Data pre-processing helps to reduce the misclassification cost.

4.5.3 Advantages of Incorporating Fault Dependence Tree

To further investigate the benefit of including the prior knowledge of fault de-

pendence, detailed classification results are compared for TFDK and MSVM. The

comparative results reflect the effect of tree-structured fault dependence information

because TFDK can be viewed as a hierarchical variation of the traditional large mar-

gin SVM. Sub-plots (a) and (c) of Figure 4.15 are the confusion matrixes of MSVM

and TFDK respectively when the training sample size is 6, which is the smallest

training sample size in our test; and sub-plots (b) and (d) of Figure 4.15 are the

confusion matrixes for MSVM and TFDK accordingly under the largest training

sample size of our test, which is 180.

As mentioned earlier, in the case of small training sample size, TFDK does not

bear notable improvement in accuracy compared to MSVM. However, close scrutiny

of Figure 4.15 (a) vs. (c) and Figure 4.16 (a) vs. (b) reveals that TFDK presents
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(a) TFDK: small sample size
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(b) TFDK: large sample size
Accuracy=99.12%, Cost=0.0175
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(c) MSVM: small sample size
Accuracy=68.08%, Cost=0.2090
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(d) MSVM: large sample size
Accuracy=89.19%, Cost=0.0700
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Figure 4.15: Confusion matrix of TFDK and MSVM among fault types under small
training sample size and large training sample size, respectively. In (a) and (c), both
TFDK and MSVM are trained with small training sample size, where they generate
similar classification accuracy, 69.64% and 68.08%. However, TFDK presents little
misclassification among fault types. In (b) and (d), TFDK and MSM are trained
with relatively large training sample size. TFDK presents very high classification
accuracy, while MSVM still presents apparent misclassification.

much lower misclassification rate among fault types. Figure 4.16 (a) and (b) show

that the detailed prediction assignment for EO fault by TFDK and MSVM. Indeed,

the errors of TFDK mainly occur among severity levels while the correct fault types

have already been assigned (Figure 4.16 (a)). On the other hand, quite a few errors

committed by MSVM occur among different fault types (Figure 4.16 (b)).

In the case of larger training sample size, the classification accuracy of MSVM is

89.19% which appears relatively high from the FDD perspective, nevertheless Figure

4.15 (d) presents that MSVM still generates significant misclassification rate among
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(a) Severity Level Recognition of EO Fault (TFDK Accuracy=69.64%)
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(b) Severity Level Recognition of EO Fault (MSVM Accuracy=68.08%)
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Figure 4.16: Confusion matrix of TFDK and MSVM for the severity levels of the EO
fault under small training sample size. To inspect the severity level identification
rates of EO fault under small training sample size, (a) shows that most of TFDK’s
misclassification occurs among its own four severity levels; while (b) shows that
MSVM presents misclassification to both its own four severity levels and other fault
types.

fault types under the large training sample size situation. Among all the methods,

when the training sample size is 180 the proposed TFDK behaves with extremely

high classification accuracy (99.12%) and very low misclassification cost, which is

shown in Figure 4.15 (b).
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4.6 Conclusion

In this chapter, a novel data-driven FDD method is proposed and a correspond-

ing on-line learning algorithm for streaming data is developed. Unlike traditional

classification methods which give each category plain labels and ignore the relation-

ship among different faults, the hierarchical kernel learning method assigns tree-

structured labels to the faults. To be specific, the fault dependence information

is encoded as a “tree” and the severity levels are described as child nodes of each

fault type rather than treating them as independent classes. With that, the prior

knowledge of the system and the task of identifying fault severity levels are dealt

with in a unified framework. Verified by detecting and diagnosing typical chiller

faults, TFDK is proven to be superior to the state-of-the-art methods.
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Chapter 5

FDD with Feature Selection

Method

5.1 Introduction

Through last two chapters, it is known that direct utilization of raw measurements,

which have noisy and non-informative variables, may lead to degraded classification

performance [88,89]. In Chapter 3, LDA algorithm has been applied to tackle the

“curse of dimensionality”. In Chapter 4, 24 primary variables are chosen according

to their availability and the control requirement in real systems. However, the LDA-

projected space (which is a linear combination of the original variables) does not

clarify the essential features. Moreover, there is no theoretical guarantee for the

empirically chosen variables to be the optimal ones (that can help to improve the

FDD accuracy to the largest extent). Hence, rigorous feature selection on theoretical

level needs to be studied.

In this chapter, a novel Information Greedy Feature Filter (IGFF) method is

proposed. IGFF selects the optimal subset of features by maximizing the mutual

information between candidate variables and fault labels. The selected features
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can not only guide future experimenters and operators to deploy sensors, but also

increase the building FDD accuracy.

Related works on traditional feature selection methods can be divided into two

categories, the filter method and the wrapper method [114]. The filter method

selects informative features and suppresses the least interesting ones regardless of the

underlying model assumption. Usually some dependence metrics e.g., the correlation

between variables and the target, are adopted as the selection objective [115,116].

However, previous filter methods are still heuristics that lack theoretical justification.

The wrapper method blends in a classifier with the straightforward goal to minimize

the classification error [117]. Usually, features selected by the wrapper method

can yield high accuracy only for the particular classifier. To incorporate different

scenarios, the selected variables are expected to be method-independent. Thus, the

filter method is more suitable for building FDD and will be the focus of this chapter.

The remaining part of this paper is arranged as follows. Section 5.2 introduces the

theoretical background. Section 5.3 describes the AHU system and formulates the

optimal variable selection problem as a mutual information maximization problem.

Section 5.4 is devoted to developing IGFF and analyze its performance. Case study

and experimental results are given in Section 5.5. Section 5.6 summarizes the paper.

5.2 Preliminaries

This section firstly reviews the notions of mutual information and submodular

function. Then, it formulates the optimal sensor configuration and feature selection

problem for AHU into cardinality constrained mutual information maximization.

Lastly, it analyzes the property of the objective and motivate approximate solution

methods.
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5.2.1 Mutual Information

Consider two random variables X and Y . The mutual information between X

and Y , denoted as I(X;Y ), can be defined in various ways:

I(X;Y ) = H(X)−H(X|Y ) = H(Y )−H(Y |X) (5.1)

= H(X) +H(Y )−H(X, Y ) (5.2)

= EP (X,Y ) log

(
P (X, Y )

P (X)P (Y )

)
(5.3)

= DKL (P (X, Y )‖P (X)P (Y )) (5.4)

where H(.) represents entropy, P (.) presents probability, and DKL(.) represents the

K − L divergence.

The first line of the definition shows an intuition: since entropy is a measure of

uncertainty in bits, the mutual information is the difference between the uncertainty

of the random variable X and the uncertainty of X given additional information

contained in Y . The definition is symmetric, as can be seen from the second and

third line of equivalence. The last two lines reveal another intuition: the mutual

information is the K-L divergence between the joint probability P (X, Y ) and the

product of the marginals P (X)P (Y ), which measures how “far” the two random

variables are from being independent.

The estimation of mutual information can be done by first estimating the joint

probability from data and then plugging into the definitions. In this chapter, [118]

is utilized for mutual information estimation.

5.2.2 Submodular Function

Submodularity is a natural diminishing returns property which widely exists in

economics, game theory, and network systems. There are three equivalent defini-
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tions of submodular functions that reveal distinct interpretations of submodularity

correspondingly.

Definition 1. Submodular Set Function

A submodular funciton is a set function f : 2Ω → R, which satisfies one of the three

equivalent definitions:

1. For every S, T ⊆ Ω with S ⊆ T , and every x ∈ Ω \ T ,

f (S ∪ {x})− f(S) ≥ f (T ∪ {x})− f(T ) (5.5)

2. For every S, T ⊆ Ω,

f(S) + f(T ) ≥ f(S ∪ T ) + f(S ∩ T ) (5.6)

3. For every S ⊆ Ω, and x1, x2 ∈ Ω \ S,

f (S ∪ {x1}) + f (S ∪ {x2}) ≥

f (S ∪ {x1, x2}) + f(S)

(5.7)

A set function f is called supermodular if −f is submodular. Definition 1 has

direct correction with the diminishing return property: the two sides of (5.5) can

be considered as marginal returns of the set function f at S versus the return at T ,

by adding additional element x. Definition 2 is better comprehended in the classic

max k-cover problem [119]. Definition 3 demonstrates that the contribution of two

elements is maximized by adding them individually to the base set. Note that this

property can be easily extended to the case with general k elements, which will be

used later to define submodularity index.

View f (S ∪ {x})− f(S) as a “first order derivative” of f at base set S, the first

definition in fact requires non-increasing derivative. Consequently, submodularity
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Figure 5.1: A typical single-duct VAV AHU system. The VAV system maintains
the supply air temperature (Tsa), which is measured and compared with pre-set
temperature by TC-1. TC-1 is linked to DC-1 to automatically adjust outside/return
air dampers for appropriate mixing air temperature (Tma) before entering the coil.

appears to be similar to “concavity” for set functions. Throughout this paper,

fX(S) , f (S ∪X) − f(S) is denoted for further analysis. The “concavity” intu-

ition coincides with the well-known fact that, despite being NP-hard, maximizing

submodular function with simple greedy heuristic has near optimal performance

guarantees [120]. On the other hand, it is also worth pointing out that submodular

function is also closely related to “convexity” due to its convex Lovász extension,

with which polynomial time algorithms, such as O(n5α+n6) in [121], can be designed

for unconstrained minimization.
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5.3 Problem Formulation

5.3.1 AHU and Faults

Modern building ACMV systems are equipped with maintenance routine and are

capable of identifying some obvious faulty situations. To further improve the main-

tenance and reduce the cost, specialized FDD strategy with delicate design and

high sensitivity is still of great importance. AHU is one of the most extensively

operated system in large commercial buildings. Typically, AHU is exceedingly cus-

tomized and is usually composed of sub-systems [122,123]. There is a high chance

for AHU to encounter hardware failures and control errors due to improper system

design, configuration and operation. Thus, unlike regular system FDD, AHU FDD

is relatively more complicated.

A common AHU is configured with Constant Air Volume system (CAV) or Vari-

able Air Volume system (VAV). In a VAV system, the supply fan is equipped with

a Variable Frequency Drive (VFD) which modulates the air flow according to dif-

ferent building load conditions. Whereas, a CAV system supplies air flow to a zone

constantly despite of building load variations. Fig. 5.1 depicts a typical single-duct

VAV system, which includes four subsystem controllers: the supply air Temperature

Controller (TC-1), the Damper Controller (DC-1), the supply air static Pressure

Controller (PC-1) and the return air Flow-rate Controller (FC-1).

AHU operating modes change in agreement with the seasonal outdoor air tem-

perature and humidity. There are four different modes as shown in Fig. 5.2. In

the mechanical heating mode (Mode 1), the outdoor air damper is maintained at its

minimum position. The supply air temperature is kept at its set-point by controlling

the heating coil valve position. In the free cooling mode (Mode 2), both heating

and cooling coil valves are closed. The supply air temperature is maintained at its

set-point by modulating the outdoor air dampers only. In the mechanical and econ-
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omizer cooling mode (Mode 3), the outdoor air damper is at the maximum position.

The supply air temperature is kept at the cooling set-point by adjusting the cooling

coil valve. In the mechanical cooling mode (Mode 4), the outdoor air damper is

fixed at the minimum position since the outdoor air temperature can not meet the

economizer set-point. The cooling coil valve is modulated to maintain the supply

air temperature at the cooling set-point.

According to their causes and locations, there are four categories of faults, i.e.

failures in AHU equipment, actuators, sensors and feedback controllers [26]. Sensors

and controller faults are similar since feedback controllers are typically operated in

accordance with sensor measurements. In experimental works (such as [41] and [34]),

sensor faults are emulated by manually changing the sensor calibration in the control

system. Twenty-five AHU faults that are commonly encountered in three seasons

(11 typical faults occur in spring, 8 typical faults occur in summer and 6 typical

faults occur in winter) are studied in this chapter. More information about AHU

faults can be found in Section 5.5.1.

5.3.2 Sensor Configuration and Feature Selection

The data-driven FDD which formulates the AHU FDD as a multiple classification

problem is the focus of this chapter. IGFF is applied to select relevant variables

regarding maximum mutual information in the first step. Then, the selected opti-

mal subset of variables is fed to different classification algorithms for FDD. More

information about experiment set-up is in Section 5.5.2. In this subsection, the op-

timal sensor configuration and feature selection problem for AHU is formulated as

the cardinality constrained mutual information maximization.

To formulate the feature selection problem, the goal is to select a subset of features,

or variables measured by the AHU sensor network, that has maximal dependence

with the target random variable, i.e., the fault label Y . With mutual information
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Figure 5.2: Operating modes of AHU. An economizer set-point can be the out-
door temperature set-point, the combination of outdoor temperature and humidity
set-points or the outdoor enthalpy set-point. When the outdoor temperature (and
humidity) are above the economizer set-point, the outdoor air intake will be a min-
imum quantity just to satisfy the ventilation requirement.

used as the dependence metric, the problem can be formulated as finding S ⊆ V ,

which has maximal I(S, Y ). To leverage sparsity, the cardinality constraints |S| ≤ k

is imposed on the number of selected features. Hence, the subset selection problem

for feature selection reads

argmax
S⊆V,|S|≤k

I(S;Y ) (OPT)

Hardness of the problem

The above problem is shown to be NP-hard even in the most special case: consider

a collection of independent Gaussian variables; then the above problems can be

reduced to the D-optimal design problem [124].

Proposition 1. The mutual information maximization problem (OPT) is NP-complete.
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Unless “P = NP”, it is unlikely to find any polynomial algorithm for the maxi-

mization. Thus, finding a resort to approximation algorithms is necessary. Given

the consecutively successful application of greedy algorithms for the subset selec-

tion of submodular functions, this study is motivated to apply the same technique.

The key issue, after all, is the submodularity of the above objective function, which

is discussed in the following subsection. The following subsection will analyze the

property of the objective and motivate approximate solution methods.

Solution Strategy

Firstly, to analyze the submodularity of the objective (OPT).For any x, Y, S ⊆ V

with f(S) , I(S;Y ), the derivative fx(S) at S for “direction” x has a more compact

form regarding conditioned mutual information: fx(S) = I(x;Y |S).

According to the first definition of submodularity, if the derivative is decreasing in

S, i.e. if fx(S) ≥ fx(T ) for any S ⊆ T ⊆ V and x ⊆ V \T , the objective I(S;Y ) is a

submodular function. By intuition, it seems that the dependence of two considered

phenomena decreases with a larger conditioning set (knowing more information).

Notwithstanding, it is generally not correct, and a counterexample could be con-

structed by having “explaining away” variables in graphic models. Therefore, the

difficulty for solving (OPT) is in general the objective I(S;Y ) is not submodular.

Note that with some extra conditional independence assumptions one can justify

the submodularity as stated in [125]. More specifically, if for any two random

variables s1, s2 ∈ S, the naive Bayesian model is satisfied, i.e., (s1 ⊥⊥ s2 | Y ), then

I(S;Y ) is a monotonic submodular function of set S [125].

In practice, the above assumption is rarely satisfied. If the conditional dependence

is weak or sparse, possibly the submodularity is not severely deteriorated. This

observation suggests that one can define a measure for the degree of submodularity,

instead of treating it as a yes-or-no property of set functions.
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A novel metric, namely Submodularity Index (SmI), is proposed in [126] to deal

with the lack of submodularity. In this chapter, the author follows the similar idea

and show that the performance of greedy algorithms is continuously determined by

this index. Hence, theoretically, one can apply greedy heuristics to the maximization

of a much broader class of set functions.

5.4 IGFF Algorithm and Performance Guarantee

This section first introduces the key term, Submodularity Index (SmI) and demon-

strates its interesting properties. Then, it applies the SmI to study the theoretical

performance guarantee of the proposed IGFF algorithm.

5.4.1 Approximate Submodularity with SmI

In literature, there are other works that characterize approximate submodularity,

such as the ε relaxation of definition (5.5) proposed in [127] for a dictionary selection

objective, and the submodular ratio proposed in [128] for R2 score. The SmI of [126]

is inspired by the third definition (5.7) of submodular function, and it is parallel

to the submodular ratio defined in [128]. Compared with existing works, 1) SmI is

more generally defined for all set functions. 2) it does not presume monotonicity.

3) In terms of computational convenience, SmI is suitable for functions involving

information, influence, and coverage metrics.

Firstly, following [126], the local submodular index for function f at location A for

candidate set S is defined as

ϕf (S,A) ,
∑
x∈S

fx(A)− fS(A) (5.8)

This definition can be considered as an extension of (5.7) for submodular functions.
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Essentially, it captures the difference between the sum of individual effect and aggre-

gated effect on the first derivative of the function. Moreover, for a given submodular

function f , the local submodular index ϕf (S,A) is super-modular of S.

Then, SmI is defined by minimizing over candidate variables, i.e., for a set function

f : 2V → R, the submodularity index (SmI) for location set L and cardinality k,

which is denoted by λf (L, k), is defined as

λf (L, k) , min
A⊆L

S∩A=∅, |S|≤k

ϕf (S,A) (5.9)

Thus, SmI is the smallest possible value of local submodularity index subject to

|S| ≤ k. Note that if implicitly assumes |S| ≥ 2 in the above definition, as in

the cases |S| = {0, 1}, SmI reduces trivially to 0. In addition, a set function f is

submodular if and only if λf (L, k) ≥ 0 ∀, L ⊆ V and k.

For functions that are already submodular, SmI scales how strong the submod-

ularity is. A function is super-submodular if its SmI is strictly larger than zero.

For functions that are not submodular, SmI provides an indicator of how close the

function is to submodularity. A function is quasi-submodular if it has a negative

but close to zero SmI.

Directly computing SmI by solving (5.9) is hard. In order to obtain performance

guarantee, a lower bound of SmI is sufficient and is much easier to compute. First,

observe the following transformation

∑
x∈S

I(x;Y |A)− I(S;Y |A) = G (S, {A, Y })− G (S, {A})

where G(W,Z) , H(W |Z) −
∑

w∈W H(w|Z) defined in terms of entropy is a sub-

modular function of W . By further investigating the properties of the function G,

one gets a lower bound for the SmI of the objective of (OPT). For any location sets
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L ⊆ V , cardinality k, and target process set Y , one has

λI({•}n;Y n)(L, k)

≥ min
W⊆V

|W |≤|L|+k

n∑
t=1

{
G|L|+k

(
W t, Y t−1

)
− G|L|+k

(
W t, Y t

)}
(5.10)

Since Eq. (5.10) is in fact optimizing the difference of two submodular (super-

modular) functions, existing approximate or exact algorithms [129] [130] could be

used to compute the lower bound.

5.4.2 IGFF Algorithm and Performance Bound

This subsection analyzes the performance of IGFF for maximizing non-monotonic,

quasi or super-submodular function in a unified framework. This general treatment

is emphasized as it enables a much richer class of functions to have access to sub-

modularity with theoretical guarantee.

With the knowledge of SmI, the IGFF algorithm (Algorithm 5.1) proposed in

this chapter is a variant of the classic greedy algorithm for maximizing cardinality

constrained monotonic submodular functions. Note that the IGFF algorithm has

the O(k|V |) complexity (number of calls of the oracle mutual information function),

making it suitable for large-scale problems.

In order to analyze the performance of the algorithm despite of its lack of submod-

ularity, more properties of SmI will be revealed. Given a set function f : V → R

and the corresponding SmI λf (L, k) defined in (5.9), letting B = A ∪ {y1, ..., yM}

and x ∈ B , and for {j1, ..., jM}, defining Bm = A ∪ {yj1 , ..., yjm}, B0 = A, BM = B,

then

fx(A)− fx(B) ≥ max
{j1,...,jM}

M−1∑
m=0

λf (Bm, 2) ≥Mλf (B, 2)

Essentially, the above result implies that, for functions lacking strict submodular-
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Algorithm 5.1 IGFF Algorithm for Subset Selection

Input Feature candidate set V , cadinality k
S0 ← φ
for i = 1, ..., k do
ui = argmaxu⊆V \Si−1

I(u;Y |Si)
Si ← Si−1 ∪ {ui}

end for
Output Sk

ity, as long as the second order SmI can be lower bounded by some small negative

number, the increasing derivative property (hence the submodularity as defined in

(5.5) is not severely degraded.

Theorem 5.1. The IGFF algorithm achieves

f(Sg) ≥
(

1− 1

e
+
λ′f (S

g, k)

f(Sg)

)
f(S∗), where

λ′f (S
g, k) =


λf (S

g, k) if λf (S
g, k) < 0

(1− 1/e)2λf (S
g, k) if λf (S

g, k) ≥ 0

Proof. Let S∗ denote the true optimal and xi+1 denote the greedy selection at base

set Si. Consider the following inequalities:

fxi+1
(Si) ≥ max

Mi+1⊆V \Si
|Mi+1|≤k

1

k

∑
x∈Mi+1

fx(Si) ≥
1

k

∑
x∈S∗\Si

fx(Si)

≥ 1

k
[λSi,k + f(S∗ ∪ Si)− f(Si)]

≥ 1

k
[λSi,k + f(S∗)− f(Si)]

where the first inequality is valid because xi+1 is the maximal greedy selection, the

second one is valid because S∗ \ Si ⊆ V \ Si and |S∗ \ Si| ≤ k, the third one is from

the definition of SmI, and the last is valid because f is monotonic. Rearranging the

Nanyang Technological University Singapore



Chapter 5. FDD with Feature Selection Method 101

inequality yields

f(Si+1) ≥
(

1− 1

k

)
f(Si) +

1

k
f(S∗) +

λSg ,k

k
(5.11)

Induction is adopted to prove the rest. Assume

f(Si) ≥

[
1−

(
1− 1

k

)i]
f(S∗) +

λSg ,k

k

i−1∑
j=0

(
1− 1

k

)j

It can be verified that this assumption stands for i = 1 with the definition and

monotonicity of SmI. From i to i+ 1, plugging the assumption into (5.11)gives

f(Sg) ≥

[
1−

(
1− 1

k

)k]
f(S∗) + λSg ,k

[
1−

(
1− 1

k

)k]

If the function is submodular, one has λSg ,k ≥ 0, then

f(Sg) ≥
(

1− 1

e

)
f(S∗) +

(
1− 1

e

)
λSg ,k (5.12)

≥

[
1− 1

e
+

(
1− 1

e

)2 λSg ,k

f(Sg)

]
f(S∗) (5.13)

which is based on f(Sg) ≥
(
1− 1

e

)
f(S∗). On the other hand, if λSg ,k ≤ 0, one gets

f(Sg) ≥
(

1− 1

e

)
f(S∗) + λSg ,k (5.14)

≥
(

1− 1

e
+
λSg ,k

f(Sg)

)
f(S∗) (5.15)

Compared to the classic 1 − 1/e ≈ 0.6321 guarantee, it is seen that for general

monotonic functions, a stronger bound is obtained when the function is submodular.

More importantly, for functions that are not submodular, such as the mutual infor-
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mation considered here, it has been shown that the guarantee is degraded but not

too much if the negative value of SmI is close to 0. The SmI dependent performance

bound implies that submodularity is better characterized by a continuous indicator

than being used as a “yes or no” property, which extends the application of greedy

algorithms to a much broader class of problems.

Another useful observation is that the performance bound is only related with

the ratio λ/f(Sg). In fact, in the proofing, a stronger result in terms of λ/f(S∗)

is shown for all cases. Also, a measure of submodularity that is comparable across

different set functions would be preferable. These considerations lead us to define

Normalized Submodularity index (NSmI) as

Λf (L, k) ,
λf (L, k)

f(L∗)
(5.16)

5.5 Experimental Results and Comparison

5.5.1 Data Description

In this chapter, the proposed feature selection framework for AHU FDD is tested

with the experimental data collected by the ASHRAE Research Project 1312 (RP-

1312) [34]. The project was implemented in the test facility at the Energy Resource

Station (ERS). As a brief introduction, RP-1312 conducted several on-site experi-

ments to emulate the dynamic behaviors of a single duct dual fan VAV AHU system

serving four building zones under various seasonal conditions. Authors of RP-1312

also archived the experimental data under normal and typical faulty status that

could be used in future research. Interested readers can refer to [42] for the details

about the test facility provided by Price and Smith.

As shown in Fig. 5.3, the experiment involved two AHUs, i.e., AHU-A and AHU-

B, which served as treatment and control groups, respectively. The testing space
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included rooms Inner A & B, West A & B, South A & B, and East A & B. Faults

were manually introduced into the air-mixing box, coils, and fan sections of AHU-A,

while AHU-B was operated at nominal states. During each experiment, the system

operation was scheduled “ON” during occupied period from 6 : 00 to 18 : 00 and

“OFF” during unoccupied period from 18 : 00 to 6 : 00. All the experiments were

conducted under the real weather and building load conditions. Tables 5.1-5.3 list all

the typical AHU faults considered in this chapter, which are emulated by RP-1312

during spring, summer and winter, respectively. Details about how those faults are

implemented can be found in [34].

5.5.2 Experiment Set-up

With the RP-1312 data, IGFF is applied to select the optimal subset of variables

for AHU FDD at first stage. IGFF algorithm selects optimal variables by maximizing

mutual information between the feature vector xi ∈ <1×n, i = 1, ...,m and the class

label vector Y ∈ <1×n. In the case of this paper, there are n = 720 samples, and m =

107 features for each fault (control signals are beyond the scope of consideration).

For comparison purposes, IGFF chooses a subset of k most related variables for each

fault, where k = 1, ..., 15.

Once top k features for each fault are selected, they are then fused together as

the input of some multi-class classifiers. To achieve detection and diagnosis simul-

taneously, the fault types as well as the nominal condition are combined as the class

labels. Classification accuracy, which is defined as the ratio of correct prediction

to total number as defined in Eqs. (4.40) and (4.41), is used to measure the FDD

performance.

During the FDD procedure, the experimental data of RP-1312 is randomly shuffled

to two groups, one for training and the other one for testing. The randomized

training-testing round is repeated 20 times to obtain confidence intervals.
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Figure 5.3: Layout of Energy Resource Station (ERS). AHU-A and AHU-B are
identical, and each AHU serves four zones. Three of the four zones have external
exposures and one only gets internal conditions. The A and B zones are mirror
images with identical external thermal loads.

Multiple classification based FDD techniques considered in this chapter include

Quadratic Discriminant Analysis (QDA), Logistics Regression (LR), Neural Net-

works (NN), and Multiple Support Vector Machine (MSVM) [94]. Since AHU oper-

ation modes are different among seasons, the FDD framework is formulated accord-

ing to the seasonal distinctions. To be specific, this chapter focuses on 11, 8, and 6

typical faults emulated in spring, summer, and winter, respectively. Consequently,

the FDD of AHU is a 12-class classification problem in the spring case, a 9-class

Nanyang Technological University Singapore



Chapter 5. FDD with Feature Selection Method 105

Figure 5.4: Spring test: FDD accuracy as a function of the number of selected
features for 11 faults. Lines “IGFF”, “ALL”, “EMP,’, “mRMR” and “SR” are
the FDD accuracy generated with IGFF-selected features, all features, empirically-
selected features, mRMR selected features, and SR selected features, respectively.

Figure 5.5: Summer test: FDD accuracy as a function of the number of selected fea-
tures for 8 faults. Lines “IGFF”, “ALL”, “EMP,’, “mRMR” and “SR” are the FDD
accuracy generated with IGFF-selected features, all features, empirically-selected
features, mRMR selected features, and SR selected features, respectively.

classification problem in the summer case, and a 7-class classification problem in the

winter case correspondingly. In terms of the classification (FDD) performance of the

aforementioned methods, IGFF selection is compared to four baselines, including all

features, empirical features (12 common variables listed in Table 5.7) [131], features

selected by the maximum Relevance Minimum Redundancy (mRMR) method [115]

and the Sparse Regularization (SR) based method [132].

5.5.3 Feature Selection Results

Tables 5.1-5.3 list the selected variables for each fault with k = 1, 2, ..., 15 under

three seasonal cases. Each variable is associated with a digit ID that represents

its position in the archived RP-1312 data file. Tables 5.4 and 5.5 list names of

corresponding variables.
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Figure 5.6: Winter test: FDD accuracy as a function of the number of selected fea-
tures for 6 faults. Lines “IGFF”, “ALL”, “EMP,’, “mRMR” and “SR” are the FDD
accuracy generated with IGFF-selected features, all features, empirically-selected
features, mRMR selected features, and SR selected features, respectively.

Results shown in Tables 5.1-5.3 review that the optimal sensor variables chosen

by IGFF are not the same for different faults in different seasonal cases. Interest-

ingly, even under the same seasonal condition optimal variables chosen by IGFF

are disparate for similar faults. As shown in Table 5.1, the variable “cooling coil

valve position” is the most relevant feature for detecting the Cooling Coil Valve

Stuck (CCVS) fault. While for the Outside Air Damper Stuck (OADS) fault and

the Exhaust Air Damper Stuck (EADS) fault, the most related features are not

the damper positions but the “room air flow rate” and the “return air flow rate”,

respectively. Furthermore, optimal variables vary from season to season. Take the

OADS fault as an example, the most relevant feature is “room air flow rate” for

spring, “outside air damper position” for summer, and “inner room VAV heating

coil entering water temperature” for winter.

It is worth mentioning that in real building ACMV infrastructures, sensor loca-

tions are also determined by AHU types. Hence, when choosing optimal variables

that distinguish faults from normal working condition, particular circumstances of

fault situations should be taken into consideration. As a result, the selection re-

sults obtained in this section are only applicable to similar AHU systems as the

ASHRAE RP-1312. However, the proposed IGFF method is a general feature se-

lection algorithm that can be applied to different FDD scenarios. Moreover from

an experimental design perspective, IGFF could guide experimenters and building
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operators to deploy sensors while certain budget constraint, e.g., number of available

sensors, has to be satisfied.

5.5.4 FDD Performance in Terms of Selected Features

In this section, IGFF is compared to several baselines to verify that it benefits

various classification methods (QDA, LR, NN, and MSVM). The results show that

IGFF outperforms the state-of-the-art feature selection methods.

IGFF V.S. Baselines

In Figs. 5.4-5.6, the FDD accuracy generated by the aforementioned four clas-

sification methods is shown as a function of the number of selected variables (k).

Baselines marked by “ALL”, “EMP”, ’mRMR’, ’SR’ are the FDD results produced

with all features, empirically-selected features, mRMR-selected features, and SR-

selected features 1. As a whole, it is seen that IGFF is consistently better than

baselines.

To be specific, it is obvious that the FDD using IGFF-selected features outper-

forms those using all features or empirically-selected features. For example, in the

spring case, it is observed that as much as 25.29%(QDA), 6.73%(LR), 14.46%(NN),

and 3.54%(MSVM) accuracy improvement as IGFF is applied instead of using all

features. This observation justifies the argument that the redundant or noisy in-

formation in the raw data would in effect impair FDD performance. Hence feature

selection for FDD is not only favourable when computation and resource cost is a

concern, but also can help eliminate irrelevant information for better FDD perfor-

mance. Besides, the accuracy improvement by IGFF compared to empirical features

is as much as 10.63%(QDA), 15.01%(LR), 18.07%(NN), and 19.57%(MSVM). This

reaffirms the benefit of a systematic feature selection method.

1Features selected by mRMR are listed in Tables 5.9-5.11. Features selected by SR are listed
in Tables 5.12-5.14.
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Compared to state-of-the-art feature selection methods such as mRMR and SR,

IGFF also produces the best FDD performance in terms of accuracy. Again, in the

spring case, the FDD accuracy with IGFF-selected features is higher than that with

mRMR selection by as much as 5.18%, 7.22%, 13.06%, 6.35% for QDA, LR, NN,

and MSVM, respectively. Also, IGFF-based FDD generates better accuracy than

SR-based FDD by as much as 11.83%, 8.83%, 21.79%, and 16.41%, respectively.

The enhancement appears since IGFF directly maximize mutual information and

has theoretical guarantee. On the other hand, mRMR can be viewed as a first order

approximation of information maximization [115], which is still a heuristic without

guarantees. SR can only incorporate linear dependence while the dependence of the

target on features often exhibits non-linearity in real-world FDD applications.

Detailed improvement by IGFF compared with the four baselines is listed in Ta-

ble 5.8. Note that there are negative values in Table 5.8 since classification per-

formance with one selected variable (k = 1) is worse than that with all features or

the empirically-selected features in some cases. Besides, it is shown that the FDD

accuracy is higher (by about 25%-30%) in summer and winter than that in spring.

More fault types are the direct cause for the lower classification accuracy in the

spring case. It’s worth pointing out that the classification accuracy, although not

perfect, is satisfactory as the number of class is relatively large (a random guess

would only generate 8.33% accuracy).

The Impact of Feature Selection on Classification Methods

Next, the performance of classification as a function of selected features will be

discussed.

1. As for the FDD accuracy generated with selected features (shown by line

“IGFF” and baselines “mRMR” & “SR”), the accuracy value starts with an

increasing trend along with the number of selected variables, then reaches the
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Figure 5.7: Greedy selection (IGFF) v.s. Exhaustive search (true optimum), with
bound (shaded area) provided by Theorem I. Note that the exhaustive search takes
23.7 hours to run on a cluster having 16 Xeon E5687 CPUs and requires 128G
memory, while IGFF only takes about 2 minutes on a laptop with a i7 3740qm CPU
and 4G memory.

best performance and decreases afterwards. This can be intuitively explained

as follows. Initially, incorporating more feature would enrich the information

coverage while this coverage tends to saturate after certain peak value. After

that, instead of enhancing FDD performance, non-informative features would

introduce extra noise and lead to lower accuracy.

2. Although as a generic feature selection method, IGFF improves FDD accu-

racy for all classification methods, it is worth noticing that methods respond

differently to the selected features under various conditions:
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(a) Theoretically, QDA and LR are more sensitive to the number of selected

features due to their conditional independence assumptions. Neverthe-

less, those assumptions are more vulnerable when the number of features

is larger. This is particularly the case for sub-plots (a)(b) in Fig. 5.4,

sub-plot (b) in Fig. 5.5, and sub-plot (b) in Fig. 5.6.

(b) Given a relatively small training and testing sample size, theoretically,

NN would not be as stable as other methods since its performance is

usually guaranteed by massive data. This can be observed in Table 5.8,

where variances of the accuracy by NN are larger than that by other

methods.

(c) − MSVM is the most stable method regarding the number of selected

features k (except for k = 1) since SVM is established on the basis of

selecting the most related variables. This can be observed in the four

sub-plots (d) of Figs. 5.4-5.6.

IGFF Performance for Information Maximization

Feature selection result in terms of maximizing the mutual information is shown in

Fig. 5.7. IGFF, mRMR and SR are applied to select the most related variables that

contribute to distinguishing fault from normal for each of the 25 faults accordingly.

The cardinality constraint is imposed from k = 1 to k = 8 under all the three cases.

For comparison purpose, an exhaustive search is also conducted to obtain the true

optimal solution and the corresponding objective values. It can be observed that

IGFF consistently presents a near optimal performance and outperforms mRMR

and SR regarding mutual information values. The performance bound given in
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Theorem 5.1 is also calculated through Eq. (5.10) and plotted in Fig. 5.7 (shown

as the shaded area). The bound seems loose at the first glance; however, it should

be noted that Theorem 5.1 covers all the possible combinations of optimality. To

the best of the authors’ konwledge, this is the first time that theoretical guarantee

is provided for FDD feature selection with mutual information.

Provided with the mutual information, the FDD performance can be consequently

guaranteed via the Shannon Coding Analysis [133,134]. As Shown in Fig. 5.8, with

Fano’s inequality, the theoretical bound by IGFF can be used to generate bounds

for the prediction accuracy. The confidence intervals (shaded areas between upper

and lower bounds) can be obtained for the hypothesis that the predicted label Ŷ

equals to true label Y , i.e., the probabilistic range for correct detection. Hence, the

shaded area illustrates possible degrees of confidence/certainty for the detection. As

seen in Fig. 5.8, theoretically, the prediction can be 100% correct (zero false alarm

for detection) with assumptions such as sample size is large enough, training data

and testing data sets are from the same distribution, etc. Moreover, this prediction

confidence is applicable to all the classification methods with FDD purpose.

5.6 Conclusion

In this chapter, the problem of optimally configuring sensors and selecting features

for building FDD is addressed. A case study on AHU FDD is conducted. The pro-

posed IGFF method is able to efficiently identify the most informative features for

FDD. Moreover, IGFF is justified theoretically since it maximizes mutual informa-

tion with guaranteed bound. To empirically verify the advantages of the proposed

method, firstly, IGFF is applied to select essential features based on ASHRAE RP-

1312 dataset. Then, the chosen sensor variables are fused together as the input

of several classification techniques(QDA, LR, AB, NN, and MSVM). Compared to
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Figure 5.8: Prediction bounds by IGFF for the four actuator faults in the winter case
as a function of the number of selected features (k). P (Ŷ = Y ) is the probability of
the prediction Ŷ = Y is true.

FDD results with all features, empirically-selected features, and features selected by

state-of-the-art feature selection methods, it is observed that IGFF outperforms the

other alternatives.
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Table 5.4: Sensor number and the corresponding variable names (I).

Sensor Number Variable Name
1 Heating coil valve position
2 Cooling coil valve position
3 Exhaust air damper position
4 Return air damper position
5 Outside air damper position
6 Supply Fan power
7 Return fan power
8 Heating water pump water flow rate
9 Chilled water pump water flow rate
10 Supply fan speed
11 Room air flow rate
12 Supply air flow rate
13 Return air flow rate
14 Outside air flow rate
16 Supply air temperature
17 Mixed air temperature
18 Heating coil differential air temperature
19 Cooling coil differential air temperature
20 Static pressure
21 Supply fan differential pressure
22 Return fan differential pressure
23 Supply fan speed
24 Return fan speed
25 Supply air related humidity
26 Return air related humidity
27 Outside air temperature
28 Outside air damper temperature
29 Heating coil entering water temperature
30 Heating coil leaving water temperature
31 Heating coil mixed water temperature
32 Cooling coil entering water temperature
33 Cooling coil leaving water temperature
34 Cooling coil mixed water temperature
35 Heating water pump differential pressure (PSI)
36 cooling coil entering air humidity
37 cooling coil leaving air humidity
38 Inner room temperature
39 Inner room plenum temperature
40 Inner room VAV entering air temperature
41 Inner room VAV differential air temperature
42 Inner room VAV heating coil valve position
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Table 5.5: Sensor number and the corresponding variable names (II).

Sensor Number Variable Name
43 Inner room VAV damper position
44 Inner room VAV maximum flow
45 Inner room VAV minimum flow
46 Inner room VAV differential pressure
47 Inner room VAV air flow rate
48 Inner room VAV heating coil entering water temperature
49 Inner room VAV heating coil leaving water temperature
50 Inner room VAV water flow rate
51 West room temperature
52 West room plenum temperature
53 West room VAV entering air temperature
54 West room VAV differential air temperature
55 West room VAV heating coil valve position
56 West room VAV damper position
57 West room VAV maximum flow
58 West room VAV minimum flow
59 West room VAV differential pressure
60 West room VAV air flow rate
61 West room VAV heating coil entering water temperature
62 West room VAV heating coil leaving WT
63 West room VAV water flow rate
64 South room temperature
65 South room plenum temperature
66 South room VAV entering air temperature
67 South room VAV differential air temperature
68 South room VAV heating coil valve position
69 South room VAV damper position
70 South room VAV maximum flow
71 South room VAV minimum flow
72 South room VAV differential pressure
73 South room VAV air flow rate
74 South room VAV heating coil entering water temperature
75 South room VAV heating coil leaving water temoerature
76 South room VAV heating coil water flow rate
77 East room temperature
78 East room plenum temperature
79 East room VAV entering air temperature
80 East room VAV differential air temperature
81 East room VAV heating coil valve position
82 East room VAV damper position
83 East room VAV maximum flow
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Table 5.6: Sensor number and the corresponding variable names (III).

Sensor Number Variable Name
84 East room VAV minimum flow
85 East room VAV differential pressure
86 East room VAV air flow rate
87 East room VAV heating coil entering water temperature
88 East room VAV heating coil leaving water temoerature
89 East room VAV water flow rate
90 Inner room base board current Amps
91 West room base board current
92 South room base board current
93 East room base board current Amps
94 Inner room A lighting power
95 West room A lighting power
96 South room A lighting power
97 East room A lighting power
98 Inner room B lighting power
99 West room B lighting power
100 South room B lighting power
101 East room B lighting power
102 Heating coil water flow rate
103 Cooling coil water flow rate
104 Heating coil energy
105 Cooling coil energy
106 Supply fan energy
107 Return fan energy
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Chapter 6

Conclusions and Future Works

6.1 Conclusions

Fault detection and diagnosis is quite essential in terms of reducing building energy

consumption and improving indoor occupancy comfort level. Seven typical chiller

faults and twenty-five AHU faults have been studied. Basically, the proposed FDD

algorithms are designed with the assumption that all the sensor measurements are

correct and reliable. However, as a common sense, there is high chance for sensor

malfunctions such as sensor drafting, which is categorized as sensor fault. Sensor

faults are not included in the seven typical chiller faults, but they are considered as

one single category of AHU faults in Chapter 5. Although sensor faults are different

form device/equipment faults as well as controller faults (as discussed in in Chapter

5), learning algorithms can also revel the hidden difference among those faults and

fault free condition so as to identify them.

As a summary, this dissertation studies the data-driven techniques and proposes

several effective strategies to solve the FDD problem for building chillers and AHUs.

The proposed DAFC can identify the fault severity level at a second stage after fault

types have been recognized. Then, the system structured information is incorpo-
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rated to the learning algorithm such that fault types and the corresponding severity

levels can be diagnosed in a uniformed framework. The proposed TFDK methods

outperforms the state-of-the-art classification techniques in terms of building FDD.

Besides, by selecting features that are more correlated with faults with the pro-

posed IGFF algorithm, not only the FDD accuracy is improved, but also the FDD

application becomes more convenient and practical. All in all, the FDD for building

chillers and AHUs is studied from the following aspects.

1. A two-stage strategy for detection and diagnosis of typical chiller faults using

distance-based classifier;

2. Fault detection and diagnosis for building cooling system with a tree-structured

learning method;

3. Optimal sensor configuration and feature selection for AHU fault detection

and diagnosis.

Firstly, the proposed two-stage data-driven FDD strategy formulates the chiller

FDD task directly as a multiple classification problem. The Discriminant Analysis-

based Fault Classification (DAFC) method is driven due to its intuition and sim-

plicity. To tackle the “curse of dimensionality”, LDA is firstly applied to project

the high dimensional data into lower dimension so as to achieve maximum class

separation and optimal information maintenance. After the LDA projection, fault

types are detected and diagnosed by DAFC classifier in the lower dimensional space

at the first stage. Similarly, at the second stage, the severity level of the diagnosed

fault is identified by DAFC. The proposed strategy is validated by the experimental

data of the ASHRAE Research Project 1043 (RP-1043). Results show that the two-

stage FDD strategy using LDA and distance-based classifier can detect and diagnose

chiller faults effectively.
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Secondly, a tree-structured learning method is considered to identify fault types

as well the corresponding fault severity level in a unified framework. The proposed

TFDK method adopts structured labeling to include the inter-class fault dependence

information and describe the severity levels. Thus, TFDK can identify a fault and

recognize its severity level at one step. Also, TFDK is validated by the chiller fault

data of RP-1043. Numerical results show that compared to previous data-driven

methods, TFDK can greatly improve the FDD performance as well as recognizing

the fault severity levels with high accuracy.

Lastly, the problem of optimally configuring necessary sensors and selecting es-

sential features for building FDD is addressed. The proposed IGFF method can

efficiently identify the most informative features, and it is justified theoretically

since it maximizes mutual information with guaranteed bound. To verify the ad-

vantages of IGFF, the AHU FDD following the ASHRAE Research Project 1312

(RP-1312) is studied. Experimental results show that the FDD performance is im-

proved by fusing IGFF-selected features to several common classification methods

other than using all features, empirically-selected features, or features selected by

state-of-the-art methods.

6.2 Future Work

The following problems would be considered in the future work.

6.2.1 On-site Experiments

In this dissertation, experimental data collected by ASHRAE Research Projects

1043 and 1312 are utilized to validate the proposed FDD strategies and algorithms.

However, since different working conditions, such as outdoor environment, indoor

electricity schedules, or indoor occupancy levels, will result in different building per-

Nanyang Technological University Singapore



126 6.2. Future Work

formances, comprehensive experiments are needed so as to explore FDD strategies

and algorithms that could be applied to building systems under as many working

conditions as possible. On the one hand, there are many references about how to

introduce soft faults to ACMV components, such as reducing water flow through a

device to simulate tube fouling and adding foreign gas to change the inner pressure

so as to simulate system overcharge. On the other hand, hard faults like high-

power electrical appliances and abrupt device failure can be easily simulated by

experimental methods. In addition, building simulation tools, such as HVACSIM+,

EnergyPlus and TRNSYS, can be applied to provide a reference calibration for

experimental data.

6.2.2 FDD with Incomplete Data

Usually, in commercial buildings, sensors are deployed to collect data periodically

according to fixed protocols. The raw data collected from WSNs is rarely satisfac-

tory for direct data analysis. Incomplete data, namely missing and corrupted values

exist in the raw dataset, is one of the most frequently encountered situations for

building researchers. Thus, reconstructing missing values before conducting FDD is

an interesting topic. In pattern classification field, naive data interpolation meth-

ods have been extensively applied to handle missing values. However, the existing

techniques merely utilize information extracted from either time series adjacency or

channel adjacency of sensor streams to infer the expected data. Also, most of the

them rely on stationary or independent and identically distributed assumptions that

are rarely true in real FDD datasets. Its worthy of developing a method that could

take both the time series and channel adjacency information into consideration. The

reconstructed data will help with the improvement of FDD accuracy.
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6.2.3 FDD with Unsupervised Method

When considering FDD for real buildings, supervised FDD is hardly possible due

to the following reasons.

1. The BMS merely stores normal data while well labeled fault data is rare.

What’s worse, on-site experiments are hard to emulate in commercial buildings

since experiments are supposed to perturb the ACMV working conditions and

physical damage might be caused.

2. Granted that experiments are possible in laboratorial test-beds, currently

available datasets are limited in terms of sample size and fault types. For

example, as introduced in Chapter 3, only seven out of hundreds chillers faults

were emulated in the ASHRAE RP-1043.

3. Since the building performance is influenced greatly by the outside/inside con-

ditions, fault data collected in test-beds cannot be directly used as training

datasets for detecting and diagnosing faults for commercial buildings.

Thus, from the aspect of real application, it is interesting to develop unsupervised

or semi-supervised methods to detect building abnormal conditions based on limited

labeled data and try to identify possible reasons.

6.2.4 Identifying Unseen Faults

Although typical faults introduced in Chapters 3 and 5 are common faults that

occur most frequently, there are still high chances that other faults might happen in

a real building. It is impossible to emulate every possible fault in the experiment.

As a result, the FDD method needs to be capable of recognizing new faults. Other

than the unsupervised method mentioned in last subsection, unseen (new) faults can
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be identified by incorporating expert knowledge into the learning algorithm. This

work would be an extension of the work described in Chapter 4.

6.2.5 Identifying Concurrent Faults

To the best of the author’s knowledge, most of the existing building FDD studies

are focusing on detecting and diagnosing single fault at one time. However, in real

applications, both chiller plant and AHU may have multiple faults. If two faults

occur at the same time, the fault characteristics should not be the simple superposi-

tion of their characteristics when occur alone. What’s worse, in real systems, some

faults usually might cause the occurrence of other faults. For example, a stuck fan

may cause malfunctions of damper since the controllers are trying to maintain the

system’s balance, and the casual relationships are different from system to system.

Given those aforementioned situations, it is impossible for researchers to emulate

and collect data for all kinds of fault combinations and possibles situations. As a

result, the traditional supervised classification techniques and the proposed meth-

ods in this dissertation seem to be not powerful enough. New algorithms should

be designed specifically aiming at solving the concurrent and casual relationships

among multiple faults.
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