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Abstract

Fault detection and diagnosis is an important domain in modern process engineering, where
principal component analysis (PCA) is one of its powerful data-driven techniques. The use of
PCA in dynamic systems will approximate the dynamic behavior with a static one, which is
not convenient. To address this issue, one of the most well-known approaches is the use of time-
lag-shifted data; this approach is known as dynamic principal component analysis (DPCA).
However, DPCA is still not an optimal solution due to the effect of uncertainties on the model
parameters, which will lead to drifts and affect the performance of the model. In this disser-
tation, a new approach is proposed to overcome this issue by including uncertainties in the
modeling phase, which will ensure a safe interval for the data to fluctuate. This approach is
called interval-valued dynamic principal component analysis (IV-DPCA). To test the perfor-
mance of IV-DPCA, real data obtained from a cement manufacturing plant were used to build
and test the PCA, DPCA, and IV-DPCA models, then the three models were compared to
each other in terms of false alarm rate (FAR), missed alarms rate (MDR), and detection time
delay (DTD).

Keywords: Fault Detection; Principal Component Analysis (PCA); Dynamic Principal
Component Analysis (DPCA); Interval-Valued Dynamic Principal Component Analysis (IV-
DPCA).
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Introduction

The world is witnessing a great evolution in the industrial sector and the use of control
systems has become a necessity to increase efficiency and product quality. Therefore, faults
and errors can not be allowed if productivity is to be maximized as faults usually result in
impaired performance, malfunctions, or failures which can lead to partial or complete system
breakdown. To avoid this, faults need to be recognized before they cause damages. Therefore,
fault detection has become a top priority in modern process automation. The purpose of
fault detection and diagnosis is to ensure the reliability of the system by triggering an alarm
indicating the existance of at least one fault.

Many fault detection and diagnosis methods have been developed over the years. Each
method captures a subset of the diagnostic characteristics which may be more suitable for a
certain class of issues than other ones. Model-based methods require the creation of a cor-
rect mathematical model to represent the system, while data-driven methods rely on data
derived from the processes. Since industrial processes have become more complicated, a precise
mathematical model can not be extracted. Therefore, the attention is switched to data-driven
methods. One of the best approaches used of data-driven techniques is the principal component
analysis (PCA).

The main goal of the PCA technique is to minimize the dimension of a data set with many
connected variables while preserving as much variance as possible. On the other hand, the
application of PCA to dynamic systems leads to approximate the dynamic behavior. The use
of Ku’s suggested time-lag-shifted data method is one of the most well-known approaches to
overcome this problem [1].

Another challenge when using this approach is that the data can not be described accurately
due to the fact that uncertainties and measurement errors exists in the sensors used to obtain
it.

In this dissertation, a newly developed technique named Interval-Valued Dynamic PCA
(IV-DPCA) has been proposed as a solution to this challenge by extending the single-valued
DPCA technique to interval-valued one. The IV-DPCA is a repeated DPCA application on
data obtained under the same system conditions where the model is built based on the ex-
tracted interval eigenvalues, their corresponding interval eigenvectors, and the interval fault
indicators thresholds. Afterwards, various monitoring performances of the proposed technique
were established and compared to those of conventional PCA and DPCA methods.

This dissertation is organized as follows:

• In Chapter 1, fault detection and diagnosis terminologies, methodologies, and classifica-
tions are defined.

• In Chapter 2, the mathematical foundation of PCA, DPCA, and IV-DPCA is discussed
and their applications in a simulated example are given with the obtained results.

• In Chapter 3, PCA, DPCA, IV-DPCA techniques were applied in a real-life system (rotary
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General introduction

cement kiln) with a discussion of the results obtained.
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Chapter 1

Fault Detection and Diagnosis

1.1 Introduction
The creation of new equipment and technologies facilities data gathering from modern

processes. Engineers tried to use this information to improve plant operations and avoid costly
mistakes. There are abnormal circumstances that could lead to a partial or complete breakdown
in productivity and control of the factory.

Fault detection and diagnosis (FDD) techniques are categorized into two broad groups:
model-based FDD and data-driven FDD. Because modern industrial systems are multivariate
processes, significant amounts of data are gathered and utilized to offer operational status infor-
mation. This characteristic provides precedence for data-driven approaches and an advantage
when monitoring systems [2][3].

1.2 Terminology
to gain a better understanding of the field of fault detection and diagnosis, there are a few

principles that need to be comprehended.

• Fault: A fault is an unpermitted deviation of at least one characteristic property of
the system from the acceptable, usual standard condition. It is considered an abnormal
condition that may cause a reduction in or loss of the capability of a functional unit to
perform a required function [4].

• Failure: It is a permanent interruption of a systems ability to perform a required function
under specified operating conditions. It is the result of one or more faults, and it usually
arises after the beginning of operation or by increasingly stressing the system [4].

• Malfunction: It is defined as an intermittent irregularity in the fulfillment of a systems
desired function [5]. It is a temporary interruption of a systems function.

• Fault detection: The determination of the presence of one or more faults in the system,
as well as the time when they occurred [5][6].

• Fault diagnosis: The determination of the kind, size, location and time of detection of
a fault. It follows fault detection and includes fault isolation and identification.

• Fault isolation: Determination of the type and location of a fault [5].

3



1.3. Fault models

• Fault identification: Determination of the size and time variant behavior of a fault [5].

• Residual: The deviation between a measured and predicted value [7].

• Symptoms: A change in an observable quantity from normal behavior [5].

• Reliability: It is the probability that a component or system will perform a required
function for a given time when used under stated operating conditions.

• Safety: Ability of a system not to cause danger to persons or equipment or the environ-
ment [4]. It is concerned with the dangerous effects of faults, failures and malfunctions.

• Availability: It is the probability that a system or equipment will operate satisfactorily
and effectively for any period of time [4].

• Integrity: It is the ability of a system to detect faults in its own operation and to inform
a human operator [4].

1.3 Fault models
Faults can be classified into different classes depending on some given criteria:

1. Depending on where the fault occurs in the system, there are three types of defects:

• Actuator fault: It is a type of failure affecting the system inputs, usually due to
abnormal operation, excessive loading or material aging. Its consequences may vary
from higher energy to total loss of control [6].

• Sensor fault: They represent sensor readings that are incorrect. Cable or lead
breakage, broken connectors, and damaged cable insulation can all cause this.
Sensors are a system output interface to the outside world, and they provide informa-
tion about the system’s activity and internal states. As a result, sensor faults may
degrade the performance of systems that rely on data integrity to make decisions
[8].

• Plant components fault: They are faults that are not deemed actuator or sensor
faults. They occur as a result of component structural damage, and they can impact
the dynamical behavior of the system. The mathematical description or modeling
of these flaws can be difficult at times, and much experimentation may be required
before a model can be built.

Figure 1.1: Fault types according to their place of occurrence.
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1.3. Fault models

2. Fault can also be categorized based on their time dependency:

• Abrupt or stepwise faults: They occur instantaneously, often as a result of a
hardware problem. Typical examples of physical defects that result in an abrupt
fault are a stuck valve, a broken fan belt and a burnt electric motor.

• Incipient or drift-wise faults: They represent slow in time parametric changes,
often as a result of aging.

• Intermittent faults: They are faults that appear and disappear repeatedly.

Figure 1.2: Time characteristics of fault

3. Depending on how the fault is added, it might be categorized as follows:

• Additive fault: They commonly show as sensor offsets and can be quantitatively
represented as:

Y (t) = Yu(t) + f(t) (1.1)

• Multiplicative faults: Several plant characteristics have been altered. These flaws
represent the damage and malfunction of plant equipment in the following mathe-
matical form:

Y (t) = (α +∆α(t)) u(t) (1.2)

Figure 1.3: Fault types according to their mathematical form

5



1.4. Desirable characteristics of a fault diagnostic system

1.4 Desirable characteristics of a fault diagnostic system
It is useful to identify a set of desirable features that a diagnostic system should contain as

efficient methodology, and it is utilized to compare the different diagnostic systems. In FDD,
there are several criteria that are considered:

• Quick detection and diagnosis: When a malfunction occurs, the diagnostic system
should respond fast. High frequency effects will be detectable by a system intended to
identify failure fast. As a result, the system is sensitive to noise and can cause false alarms
in regular operation [9].

• Isolability: Isolability refers to the system diagnostic ability to discriminate between
distinct types of failures. The majority of classifiers deal with redundant data in various
forms. Classifier design has a finite amount of freedom. As a result, a classifier with a
high degree of isolability will generally fail to reject the uncertainty of the model and vice
versa [9].

• Robustness: A robust diagnostic system performance should be insensitive to the effects
of various noise and modeling uncertainties [9].

• Novelty identifiability: A fault detection and diagnosis system should be able to deter-
mine whether a process is operating normally or abnormally, and if an abnormal situation
develops, whether the cause is known or unknown.

• Adaptability: It is challenging to have systems that can be expanded. This would allow
processes to adapt in response to changes in external inputs, structural alterations, and
environmental circumstances. As a result, the diagnostic system should be flexible [9].

• Explanation facility: A diagnostic system should be able to identify where an issue
began and how it spread throughout the system [9].

• Storage and computational requirements: This requirement is particularly impor-
tant for the rapid deployment of diagnostic classifiers in real time. The systems should
then be well-balanced in terms of high storage capacities and low computational complex-
ity [9].

• Modelling requirements: The quantity of modeling necessary to construct a diagnostic
classifier is a significant consideration. Modeling effort should be kept to a bare minimum
for quick and easy deployment of real-time diagnostic classifiers [9].

Before making a definitive diagnosis, it is vital to understand the many transformations
that process measurements go through. The following are the four most important locations
where the diagnosing process can occur at any time:

• Measurement space: It is a space that contains all the FDD inputs systems, with no
prior problem knowledge linking these measurements. They can be stated mathematically
as: x = [x1, x2, . . . , xn], where n denotes the number of measurements.

6



1.5. Classification of fault diagnosis techniques

• Feature space: It is here that the measurements are processed in order to obtain
meaningful process behavior information. This can be accomplished by employing prior
knowledge of the situation. This space can be thought of as a collection of points
y = [y1, y2, . . . , yi], with yi denoting the ith feature retrieved from the previous data.

• Decision: The mapping from the feature space to the decision space is usually desig-
nated to meet some objective function. This transformation is achieved by either using
a discriminant function or in some cases using simple threshold functions. The decision
space is a set of points d = [d1, d2, . . . , dk], where k is the number of decision variables,
produced through appropriate feature space transformations [9] .

• Class space:It is the ultimate interpretation of the diagnostic system that the user
receives. Threshold functions, template matching, and symbolic reasoning can all be
used to convert the decision space to the class space. This space is made up of integers
c = [c1, c2, . . . , cm], with m denoting the number of failure classes and indicating which
one a given measurement pattern belongs to, including the normal region [9].

Figure 1.4: Transformation of measurement in a diagnostic system

1.5 Classification of fault diagnosis techniques
FDD methods can be classified into model-based methods and data-driven methods. The

most important aspects in a diagnosis classifier are the type of knowledge and the type of
diagnostic search strategy. The set of failures and the relationship between the observations
(symptoms) and the failures are the basic information required for fault identification, or it
could be gathered from previous experience with the procedure.

Prior knowledge is used in model-based approaches to identify disparities between model
simulation results and actual operation measurement, the models are created using some phys-
ical knowledge about the process that is required to comprehend it. In data-driven approaches,
Data can be translated and supplied as prior knowledge to a diagnostic system in a variety of
ways, if-then expressions are widely used to summarize expert knowledge.
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1.5. Classification of fault diagnosis techniques

Both of model-based and data-driven approaches can be divided into Quantitative models
and Qualitative models, Qualitative models use the qualitative relationships to detect and
diagnose faults instead of quantitative mathematical equations [8][10].

The diagram shown in Figure 1.5 depicts the various FDD approaches:

Figure 1.5: Fault diagnosis techniques

1.5.1 Model-based fault detection techniques
Model-based methods are based on analytical redundancy, which is achieved through func-

tional dependence among the process variables and is provided by a site of algebraic equations
or temporal relationships among the states and inputs/outputs of the system. Its main goal
is to check the actual system behavior against the system model consistency. This approach
assumes that the structure and parameters of the model are precisely known [10][11].

Quantitative model-based method

They are categorized according to the use of general input-output and state space models
to generate residuals:

• Observers: It works by estimating the system outputs based on the measurements
[8][10].

• Parity space: This method compares process behavior to a nominal process model. The
goal is to ensure that the mathematical equations of the system are consistent by using
actual data [8][10].

• Frequency Domain: Residuals are formed in the frequency domains by factoring the
monitoring the transfer function of the system [8][10].

8



1.5. Classification of fault diagnosis techniques

Qualitative model-based method

Declarative information is required for this technique, such as variable sign, variable ten-
dencies (growing, decreasing, or constant), order, and/or relative magnitude [10].They are
categorized into the following categories, depending on several types of qualitative knowledge
utilized in defect diagnosis:

• Qualitative physics approaches: This method is based on a detailed understanding of
all physical relationships and properties of a system. These links are then used to build
and solve mathematical equations [12].

• Fault tree approach: It employs fault progression through a dynamic system that can
be represented by fault trees, event trees, or causal networks. The association-based
approach relies on established rules to characterize the relationships between problems
and faulty system observations [8][13].

• Digraphs (Causal model approaches): A digraph is a graph in which the nodes
are connected by directed arcs. From the cause nodes, the arcs lead to the impact
nodes. This approach has been the most widely used form of causal knowledge for process
fault diagnosis [8][10]. It provides a very efficient way of representing qualitative models
graphically.

1.5.2 Data-driven fault detection technique
This method necessitates declarative data such as variable sign, variable tendencies (in-

creasing, decreasing, or constant), order, and/or relative magnitude. It gives information on
the state of a system when the physical process is unknown or incomplete [14].

quantitative data-driven method

• Qualitative trend analysis: It can be used to explain many critical events that occur in
the process, diagnose malfunctions, and predict future states, as it often provides valuable
information that improves thinking about process behavior [14].

• Expert systems: An expert system is a highly specialized system that solves issues in
a certain field of knowledge [15]. The main components in an expert system development
include[14]:

– Knowledge acquisition, choice of knowledge representation.
– The coding of knowledge in a knowledge base.
– The development of inference procedures for diagnostic reasoning and the develop-

ment of input/output interfaces.

qualitative data-driven method

Statistical and non-statistical approaches are two types of methods to extract quantitative
data. They approach the diagnostic problem as a pattern recognition problem, with data points
being classified into pre-determined groups [16][17].

9



1.5. Classification of fault diagnosis techniques

1. Multivariate statistical approaches: They classify data based on prior knowledge of
class distributions. These methods are based on the ability to compress data and reduce
its dimensionality, allowing critical information to be preserved and analyzed more easily
than the original large data set, and they can also handle noise and correlation to extract
actual information effectively [14][18].

• Principal component analysis (PCA): It converts a set of observations of possi-
bly correlated variables into a set of values of uncorrelated variables termed principal
components via an orthonormal transformation.

• Partial least squares (PLS): is a dimensionality reduction technique that aims
to maximize the covariance between the predictor (independent) matrix X and the
predicted (dependent) matrix Y for each component of the reduced space [19].

• Independent component analysis (ICA): It is a method for uncovering hidden
factors that exist beneath a set of random variables, measurements, or signals. It
tries to decompose a multivariate signal into non-Gaussian signals that are indepen-
dent [20].

2. Statistical classifier approach: Fault diagnosis is basically a classification problem,
and so can be modeled using a traditional statistical pattern recognition framework
[14][21][22].

3. Neural network approach: Fault detection has been successfully implemented using
neural networks. This method does not necessitate a specific understanding of process
structure. In general, it can be divided into two categories:

• The architecture of the network such as sinusoidal, radial basis, and so on.
• Learning strategy, such as supervised and unsupervised learning [10][14].

A comparison of numerous diagnostic procedures may be seen in Table 1.1:

Table 1.1: Comparison between various diagnostic techniques

Observer Diagraphs Expert system QTA PCA Neural network
Quick detection and diagnosis ✓ ? ✓ ✓ ✓ ✓

Isolability ✓ x ✓ ✓ ✓ ✓
Robustness ✓ ✓ x ✓ ✓ ✓

Novelty idenfiability ? ✓ x ? ✓ ✓
Classsification error x x x x x x

Abaptability x ✓ ✓ ? x x
Explanation facility x ✓ ✓ ✓ x x

Modelling requirement ? ✓ ✓ ✓ ✓ ✓
Storage and computation ✓ ? ✓ ✓ ✓ ✓

Multiple fault identifiability ✓ ✓ x x x x

10



1.6. Conclusion

1.6 Conclusion
In this chapter, we looked at some terminology connected to fault detection and diagnosis,

as well as the numerous sorts of problems that can be detected in a system and the various
methods used to identify and diagnose these faults, before concluding with a brief comparison
of some methods. In the next chapter, we will concentrate more on the principal component
analysis PCA technique and its dynamic versions, DPCA and IV-DPCA.

11



Chapter 2

Principal Component Analysis and its
Dynamic versions

2.1 Introduction
The manufacturing of sensors has increased enormously on both macroscopic and micro-

scopic scales, they have been inserted in almost every corner of our daily lives. In comparison
to model-based approaches for fault detection and diagnosis, the advancement of electronics in
general and sensors in particular (which allows for the redundancy of measurement data) has
given data-driven methods an advantage because it is a straightforward nonparametric method
that helps to extract useful information from complicated data sets.

Principal component analysis (PCA) has been termed one of the most utilized, researched,
and powerful techniques among data-driven methodologies [23]. Since PCA is considered the
most used technique in FDD, different approaches and methods were developed using it such
as its dynamic version DPCA and the developed IV-DPCA.

2.2 Principal Component Analysis (PCA)
PCA is one of the qualitative data driven methods. It converts a set of observations of

possibly correlated variables into a set of values of uncorrelated and ordered variables termed
principal components via an orthonormal transformation [24].

Principal component analysis is one of the oldest and best known techniques of multivariate
analysis. It was first introduced by Pearson (1901), and developed independently by Hotelling
(1933) [25].

2.2.1 General description
Principal component analysis main goal is to eliminate correlations between connected vari-

ables in the original data set and lower its dimensionality, while retaining as much as possible
of the variation present in the data set [26].

The following example depicts PCA using two-dimensional data X1 and X2. The best-fit
line (or axis in this case) corresponds to the first principal component PC1 that passes through
many points; in PCA, the more correlated the original data is, the better this line will explain
the actual values of the observed measurements; this line will best explain all the observations

12



2.2. Principal Component Analysis (PCA)

with the least amount of residual error. To put it another way, the line follows the maximum
variance of the projections.

Figure 2.1: Illustration of PCA in 2-D

2.2.2 Mathematical description
Naturally, reducing the number of variables in a data collection reduces accuracy; the answer

to dimensional reduction is to trade a little accuracy for simplicity. PCA goal is to reduce a
data set number of variables while maintaining as much information as possible.

Let X be our original data matrix with Xi representing the ith column describing the ith

random variable.
X = [X1, X2, . . . , Xm] (2.1)

It has the dimension n×m (X ∈ Rn×m), where n denotes the number of observations and
m denotes the number of random variables that make up the data (number of sensors).

First, our original data should be normalized (standardized), so that all variables have an
equal impact on the analysis. To get the normalized data Xn, we need to subtract the mean µ
of each random variable from the variable column and divide each value of that column by the
associated random variable standard deviation σ.

Xn = [X1−µ1

σ1
, X2−µ2

σ2
, . . . , Xn−µm

σm
] (2.2)

The corresponding covariance matrix is computed in the second step [27]. The goal of this
step is to figure out how the variables in the original data set varying from the mean in relation
to one another.

Cov(Xn) =
1

n− 1
XT

nXn (2.3)

A symmetric square matrix of dimension m×m is used as the covariance matrix. It is also
known as the variance-covariance matrix because the diagonal entries indicate each variable
variance, while the remaining entries show how variables fluctuate in relation to one another,
which is called the covariance term.

Cov(Xn) =


σ2
X1

σX1σX2 . . . σX1σXm

σX2σX1 (σX2)
2 . . . σX2σXm

... ... . . . ...
σXmσX1 σXmσX2 . . . (σXm)

2

 (2.4)
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2.2. Principal Component Analysis (PCA)

Next we move to the calculation of the covariance matrix eigenvalues and eigenvectors
(SVD), which provide us with important information about our data. The eigenvectors that
arise are of unit length (or orthonormal) which is crucial for PCA. These eigenvectors are new
variables that will be employed in the process of modifying the basis in order to create a more
straightforward and accurate data representation.

Cov(Xn) = P TΛP (2.5)

P is a square m×m matrix representing the loading matrix, which contains all the principal
components in a column-wise format, and Λ is a diagonal m×m matrix of ordered eigenvalues,
from highest to lowest (λ1 > λ2 > · · · > λm).

P =
[
P1 P2 . . . Pm

]
(2.6)

Λ =


λ1 0 . . . 0
0 λ2 . . . 0
... ... . . . ...
0 0 . . . λm

 (2.7)

There are equivalent principal components P1, P2, . . . , Pm, with P1 being more significant
than P2 and so on. P regroups orthonormal eigenvectors in the sense that:

PP T = I (2.8)

so,
P T = P−1 (2.9)

Following the creation of the new basis matrix P , the original data can be transformed into
a new representation known as the score matrix T , which is calculated as follows:

T = XnP (2.10)

In general,the first few principal components are sufficient to represent the data, since the
majority of the initial variation is compressed into them due to the presence of distinct linear
correlations among original variables. Instead of considering all PCs, a feature vector is created
by picking the first a PCs and eliminating the other m-a PCs that are of lesser importance.

The goal is to reorient the data from the original axes to the ones indicated by the primary
components using this created feature vector (hence the name Principal Components Analysis).
The altered variables space T̂ will be reduced in dimension as a result of this. where T̂ is:

T̂ = XnPa (2.11)

T̂ is a n× a matrix and Xn is a n×m matrix.

Pa = [P1 P2 . . . Pa] with a < m (2.12)

Reconstructing the data as a final step is critical, especially when employing the PCA for
data reduction and producing the error matrix E that will be used in the squared prediction
error (SPE or Q) analysis later on.

Because no information has been lost, the reconstructed data will be identical to the original
only when all PCs are used.

Xn = TP T (2.13)
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2.2. Principal Component Analysis (PCA)

Using the feature vector Pa reduces the dimension of the transformed variables’ matrix,
resulting in a little loss of information and leading the reconstructed data to differ slightly from
the original. The relations are expressed as follows:

Cov(Xn) =
[
P T
a P T

m−a

][Λa 0
0 Λm−a

][
Pa

Pm−a

]
(2.14)

X̂ = T̂P T
a = XnPaP

T
a = XnCa (2.15)

T̃ = XnPm−a (2.16)

X̃ = T̃P T
m−a (2.17)

The error is expressed as follows:

E = X − X̂ = X(I − Ca) (2.18)

The question that rises now is how to select the right number of retained component a when
we just want to maintain a few and keep the majority of the initial variation, that is what the
next subsection is going to be about.

2.2.3 Model dimension selection
Many procedures have been proposed for determining the number of components to be

retained in a PCA model. Among these methods there are [28][29], cross validation criteria
(CV) [30], parallel analysis [31] and cumulative percent variance (CPV) [32], which is used in
this study to determine the optimal number of maintained principal components. The following
formula is used to calculate the cumulative percent variance:

CPV =

∑a
i=1 λi∑m
j=1 λj

× 100%. (2.19)

The percentage of the created model, where, i is the number of maintained PCs with their
sum of variances greater than a specific percentage of the total variance [33].

2.2.4 Fault detection Indices
The PCA model of the process is created based on normal operating process data and

then used to check new measurement data for fault detection. The residuals are then put to
a statistical test to see if they are significant, based on the discrepancies between the fresh
measurement data and their predictions to the created model. To reflect the variability in prin-
cipal component subspace and the residual subspace, Hotelling’s T 2 statistic and the squared
prediction error (SPE) or Q statistic are commonly utilized [34]. For monitoring the principal
and residual space simultaneously, a third monitoring index ϕ statistic is introduced, which is
a combination of the T 2 and Q indices, weighted by their control limits [35].
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2.2. Principal Component Analysis (PCA)

Hotelling T 2 statistic

The variability in the principal component’s subspace is measured by the Hotelling’s T 2

statistic. It is determined by the initial eigenvalues that capture the most variation of data.
We can calculate it as follows:

T 2(k) = t̂(k)TΛ−1
a t̂(k) =

a∑
i=1

t2i (k)

λi

(2.20)

If the corresponding T 2 is less than or equal to the threshold value Tth that corresponds to
a specific confidence level (1− α) × 100%, the process is considered to be in a healthy state
[36]. The threshold Tth is determined as follows:

T 2
th =

a(n2 − 1)

n(n− a)
×Fa,n−a,α (2.21)

Where Fa,n−a,α is an F -distribution with degrees of freedom a,n− a and a significance level
α. The number of PCs vectors kept in the PCA model is a, and the number of samples used
to develop the model is n [36].

Square prediction error SPE or Q-statistic

The squared prediction error SPE or Q of the residuals for a new observation can be used
to discover new occurrences. The sum of the squares of the residuals is used to calculate the
Q statistic. In another way, the Q statistic provides a measure of the amount of variance that
the PCA model does not capture. It has the following equation:

Q = diag(EET ) (2.22)

where E is :
E = Xn − X̂n = Xn −XnPaP

T
a = Xn(I − Ca) (2.23)

Im×m is the identity matrix and Ca = PaP
T
a .

If the corresponding Q is less than or equal to the threshold value Qth that corresponds to
a specific confidence level (1− α) × 100%, the process is deemed to be in a healthy (normal)
state. If the value of the Q statistic, on the other hand, exceeds the threshold value, the system
is considered to be faulty (abnormal) [37] [38].

The threshold Qth is calculated as follows:

Qth = θ1

[
haca

√
2θ2

θ1
+ 1 +

θ2h0(h0 − 1)

θ21

] 1
h0

(2.24)

Where θi =
m∑

j=a+1

λj
i and h0 =

2θ1θ3

3θ22
for i = 1, 2, 3

and ca is (1− α)× 100% percentile for a standard normal distribution.
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2.2. Principal Component Analysis (PCA)

ϕ statistic

Yue and Qin [35] were the first to propose the composite index ϕ statistic. The index
is a hybrid of T 2 and Q statistics that provides information on variability over the entire
measurement space, it used to monitor both the principal and residual subspaces at the same
time.

ϕ =
T 2

T 2
th

+
Q

Qth

(2.25)

In a similar way, the ϕ statistic threshold can be determined by [36]:

ϕth = gχ2
h,α (2.26)

g and h are given as follow [34][36]:

g =
trace(Cov × w)2

trace(Cov × w)
(2.27)

h =
[trace(Cov × w)]2

trace(Cov × w)2
(2.28)

2.2.5 Monitoring performance
The statistical methods are evaluated using the following performance indices: fault detec-

tion time delay (DTD) is time required to indicate the fault after it occurs. False alarms rate
(FAR) and missed detection rate (MDR).

The goal of a reliable monitoring strategy is to achieve the fastest detection, as well as the
lowest FAR and MDR.

The following are the equations of them:

DTD = time of detection - time of occurrence (2.29)

FAR =
number of faults under the healthy state

number of samples under the healthy state
× 100% (2.30)

MDR =
number of healthy samples under the faulty state

number of the samples under the faulty state
× 100% (2.31)

For the sake of comparison between different techniques and determining the best among
them , a cost function J for each fault index is evaluated:

JT 2 = 1
3

(
FART 2 +MDRT 2 +DTD′

T 2

)
JQ = 1

3

(
FARQ +MDRQ +DTD′

Q

)
Jϕ = 1

3

(
FARϕ +MDRϕ +DTD′

ϕ

) (2.32)

For the reason that each of the aforementioned cost functions will be minimized in the unit
box, DTD needs to be normalized (DTD′ ∈ [0, 1])
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2.3. Dynamic Principal Component Analysis (DPCA)

2.2.6 Limitations of PCA
PCA has several advantages when it comes to dimension reduction, since it uses simple

mathematical computation.
However, the trade-off between dimensional reduction and information loss comes at a cost.

The loss of information is an unavoidable feature of PCA. Furthermore, classical PCA has
linear and static characteristics, which is not very convenient to deal with non-linear systems
or dynamic ones or both.

This limitations’ problem have motivated various researchers to develop several approaches.
One of those approaches is kernel PCA, which extends linear PCA to deal with nonlinearities
[39][40][41]. Another approach is dynamic PCA, which will be focused in the next section.

2.3 Dynamic Principal Component Analysis (DPCA)

2.3.1 General Description
When PCA is applied directly to the data matrix X, a linear static model is created. When

the data contains dynamic information, PCA will reveal a linear static approximation rather
than the exact relationships between the variables [42]. A static PCA model can be used to
detect and isolate disturbances in a dynamic system, as it is previously explained. However,
because the data contradict the condition of time independence, the statistical foundation of
this approach is lost because auto-correlation and maybe cross-correlation will exist between
the altered variables (scores) and could produce misleading results. A solution for this problem
is the use of dynamic PCA or DPCA with appending lagged data [1][43][44].

Dynamic PCA modeled on time lagged data is more useful for detecting disturbances fast in
dynamic systems [1] since the noise and scores subspaces of the built model will not contradict
the condition of time independence [43][44][45].

2.3.2 Mathematical approach
The DPCA approach is based on how to extract the linear relations before using PCA to

dynamic systems. The non-trivial solution of the following equation is used to identify linear
relationships between variables:

Xb = 0 (2.33)
There are m− r linear relations where the rank of X is r. Right singular vectors associated

with zero singular values which are obtained from SV D are the answer to equation (2.33) [46].
Because of the presence of noise, zero eigenvalues or singular values are uncommon in

practice. Random noise in the data causes variance, which causes the zero singular values to
be converted to non-zero but small values. The right singular vectors associated with the small
singular values will be the best solution to equation (2.33).

Since the current values of variables in a dynamic system are influenced by their previous
values, at least there is another one linear relationships between X(k) and X(k− 1) that must
be found. The connection will be the noise subspace of the following equation if all dynamic
relationships are first order systems [1].

[X(k)X(k − 1)] b = 0 (2.34)

In General:
XA(l)b = 0 (2.35)
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Where:
XA(l) = [X(k)X(k − 1) . . . X(k − l)]

=


XT (1) XT (0) . . . XT (1− l)
XT (2) XT (1) . . . XT (2− l)

... ... . . . ...
XT (n) XT (n− 1) . . . XT (n− l)

 (2.36)

The data matrix is made up of time shifted duplicate vectors, which is effectively the same
as the original PCA technique. Both static and dynamic relations should emerge in the noise
subspace with modest singular values if the number l is chosen correctly.

2.3.3 Design procedure
By using dynamic PCA to uncover static and dynamic relationships from data, one must

first establish the required number of time lags l and the main components or linear relations
[47]. The guidelines for choosing the appropriate number of components and system order are
as follows:

1. Set l = 0

2. Form data matrix X = [X(k)X(k − 1) . . . X(k − l)]

3. Perform SVD at each level l and determine a the number of PCs retained.

4. Deduce r the number of relations such that r = (number of variables − a)

5. calculate rn the number of new relations as follows:

rn(i+ 1) = r(i+ 1)−

(
r(i) +

i∑
j=0

rn(j)

)
(2.37)

6. The procedure ends when rn ≤ 0 and the number of time-lag is the one corresponding to
the previous level.

7. Apply PCA to the resultant augmented matrix and build the FDD model.

2.4 The proposed Interval-Valued Dynamic Principal Com-
ponent Analysis (IV-DPCA)

In virtually all circumstances, the true value can not be measured, and the data obtained in
a dynamic process are merely an approximation provided by the sensors, making it imperfect to
build an FDD model due to measurement errors or experimental conditions[48]. In this thesis,
a new technique called Interval-Valued Dynamic Principal Component Analysis (IV-DPCA) is
suggested to deal with this bottleneck.

Before going any further, it is preferable to check the basic interval arithmetic given in
Appendix A.

Figure 2.2 illustrates how the PCA for interval-valued data works, where the angle between
the minimum eigenvector P and the maximum eigenvector P represents the fluctuation given
to the data.
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X1

X2

Fluctuation space
Datum

P1P1
P2

P2

Figure 2.2: Illustration of IV-PCA in 2-D

2.4.1 Generating Interval-Valued Data
In order to generate IVD, several methods can be applied such as the measurement error,

mean and standard deviation and repeated experiment method.

Interval-valued data using error of measurement

Let X ∈ Rn×m be the data matrix containing n samples of m process variables, with
xj(k) denoting the jth variable. In order to create interval-valued data from single-valued
data, we assume that its variation is limited and can be represented by an interval of the form[
xj(k), xj(k)

]
, where xj and xj represent the lower and upper limits respectively for the jth

interval-valued variable with respect to the kth observation. We define δxj(k) as the error in
measurement:

δxj(k) = xm
j (k)− xr

j(k) (2.38)

Where:
xm
j (k) : The measured value.

xr
j(k) : The real value.

The new global interval matrix [X] can be represented as follows:

[X] =


[
x1(1), x1(1)

]
· · ·

[
xm(1), xm(1)

]
... . . . ...[

x1(n), x1(n)
]

· · ·
[
xm(n), xm(n)

]
 (2.39)

With: {
xj(k) = xm

j (k)− δxj(k)

xj(k) = xm
j (k) + δxj(k)

(2.40)

Interval-valued data using the mean and standard deviation

To create the IVD, we begin with a data matrix X ∈ Rn×m that comprises n samples of m
process variables, with xj(k) being the jth variable. The original data is then multiplied by a
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random uniformly distributed data matrix δx, with a mean of 0.1 and a variance of 1.

Xr =

 x11 · · · x1m
... . . . ...

xn1 · · · xnm

+

 δx11 · · · δx1m
... . . . ...

δxn1 · · · δxnm

 (2.41)

The generated data matrix is then normalised using the original data X mean and variance.
The goal of data normalisation is to convert the values of numeric columns in the dataset to a
common scale while preserving disparities in value ranges.

Xn =
Xr − mean (X)

STD(X)
(2.42)

• The mean of an n×m matrix X is the matrix M1×m where:

M1j =

∑n
i=1 xij

n
(2.43)

• The standard deviation of a matrix Xn×m is defined by a matrix S1×m where:

S1j =

√√√√ 1

n− 1

n∑
i=1

|Xij −M1j|2 (2.44)

Finally, the interval-valued data is obtained from the normalized data matrix and have the
following form:

Xf =


[
x1,1, x1,1

]
· · ·

[
x1,m, x1,m

]
... . . . ...[

xn,1, xn,1

]
· · ·

[
xn,m, xn,m

]
 (2.45)

Where: xi,j = min (Xi,j(k)) ; xi,j = max (Xi,j(k)).

2.4.2 Dimensionality Reduction
By recreating the covariance matrix, PCA seeks to minimise the dimensions of a huge

dataset. And the number of main components influences each step of PCA-based fault identifi-
cation as well as its performance. Various approaches are used to determine the total number
of main components, Some of them have already been discussed before (subsection 2.2.3).

These methods were created for single-valued PCA analysis as well as they can also be used
for IPCA or IV-DPCA but interval-valued data must be converted to single-valued data before
this can be done. There are various strategies for doing so, including the norm and mid-point.

Data Transformation Using Norm Method

The eigenvalues calculated from interval-valued data are in interval form.

λ =


λ1 λ1

λ2 λ2
... ...
λm λm

 (2.46)
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By determining the norm of each row of the matrix above, the interval-valued eigenvalues
are turned into single-valued eigenvalues. The eigenvalues matrix λnorm that results is of the
form:

λnorm =


λ1

λ2
...
λm

 ;where λi =

√
λi

2 + λi
2
+ λiλi

3
(2.47)

Data Transformation Using the Mid-point

This method employs the mid-points of the eigenvalues to generate single-valued ones which
may then be used to compute the number of retained components using one of the methods
previously outlined. The resulting single-valued eigenvalues matrix λmid is of the form:

λmid =


λ1

λ2
...
λm

 , where λi =
λi + λi

2
(2.48)

2.4.3 Fault indicators
Various statistical techniques are employed to quantify the variation in distinct subspaces

in order to determine the presence of abnormal behaviour in the system. IV-DPCA uses the
same indicators as the traditional PCA: T 2, Q and ϕ, with the inclusion of interval-valued data
management approaches.

Interval Hotelling T 2 statistic ([T 2])

The interval T 2 statistic ([T 2]) is similar to the traditional PCA. The first a components,
which collect the majority of the initial variance, determine the variation in the principle sub-
space. A lower and upper bound exist for the [T 2].[

T 2
]
=
[
T 2, T

2
]

(2.49)

The interval principle scoring matrix [Ta] must be determined before the upper and lower
bounds can be calculated.

[Ta] =
[[
t1, t1

]
,
[
t2, t2

]
, · · · ,

[
ta, ta

]]
(2.50)

The lower limit is represented by the ti index, while the upper bound is represented by the
ti index, with ti being the ithn× 1 vector. The T 2 interval is then calculated as follows:

T 2(k) = tT (k)Λ−1
a t(k)

T
2
(k) = t

T
(k)Λa

−1t(k)

(2.51)

The threshold computation for the Interval statistic is done for both T 2 and T
2 boundaries,

resulting in Tth
2 and Tth

2 respectively.
The system is considered to be faulty when both T 2 and T

2 exceeds simultaneously their
corresponding thresholds.
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Interval Square predict error statistic ([Q])

The variance among the residual subspace is calculated using Q, which is similar to the
conventional single-valued Q. The primary distinction is that the [Q] generates an interval
with a lower bound Q and a upper bound Q. that correspond to the lower and upper residuals
respectively, which constitute the interval error (residual) matrix [E].

[Q] =
[
Q,Q

]
(2.52)

[E] =
[
E,E

]
(2.53)

The following equations can be used to calculate the interval Q bounds:
Q = diag

(
EET

)
Q = diag

(
EE

T
) (2.54)

Both Q and Q are n × 1 column vectors, with each entity representing the SPE value for
that observation; and both E and E, which represent the residual lower and upper matrices
respectively, are of dimension n×m. The residuals interval [E] is calculated as follows, following
the same principle as mentioned before (subsection 2.2.4).

[E] = X × ([I]− [Ca]) = X ×
(
[I]− [Pa]× [Pa]

T
)

(2.55)

[I] represents the m×m interval identity matrix and [Pa] represents the interval principle
components matrix.

When dealing with the Interval statistic, the lower and upper [Q] bounds are determined,
yielding lower and upper thresholds values Qth and Qth that can be computed for both Q and
Q with a given confidence level as mentioned before (subsection 2.2.4).

The system is considered to be faulty when both Q and Q exceeds simultaneously their
corresponding thresholds.

Interval ϕ statistic ([ϕ])

As previously stated in subsection 2.2.4, The Interval [ϕ] is reliant on both [T 2] and [Q] for
interval data, as stated by the following equation:

[ϕ] =
[T 2]

[T 2
th]

+
[Q]

[Qth]
(2.56)

With [T 2
th] and [Qth] represents the interval thresholds for [T 2], [Q] respectively.

The system is considered under healthy state if at least one of [ϕ] indicator is less than its
corresponding threshold.

2.4.4 Interval-Valued Dynamic PCA Procedure
The main principles of Interval Valued PCA has been tackled so far. Based on those

principles the proposed IV-DPCA is build.
The flowchart represented in Figure 2.3 and the giving IV-DPCA algorithm summarize the

whole procedure.
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IV-DPCA proposed algorithm.
Output:

• [Imean, Istd].

• [λa, λa] & their corresponding [Pa, Pa]

• The thresholds [T 2
th, T 2

th], [Qth, Qth] and [ϕth, ϕth].

Input:
Load the data X∗ ∈ Rn×m.
Reshape X∗ into x ∈ R

n
j
×m×j.

For i = 1 : j do
xi = x(n

j
,m, i)

Compute l using the design procedure mentioned in section 2.3.3 and fix it to its smallest
value.

Form the augmented matrix xaug,i = [xi(0)xi(1) · · · xi(l)]
Compute the mean µ and the standard deviation σ of xaug,i and store their values.
Normalize xaug,i such that xn,i =

xaug,i−µ

σ

compute the covariance matrix Σi = cov(xn,i)
Perform SVD on the covariance matrix PΛP T = SVD(Σi)
Store the eigen-pairs (Λi, Pi)

End for
Find [λ, λ] and their corresponding [P , P ]
Use one of the dimension reduction techniques mentioned in section 2.4.2.
Compute the number of the retained components using
CPV (a) = 100×

∑a
i=1 λi∑m
i=1 λi

%
Compute [T 2, T

2
], [Q,Q] and their thresholds [T 2

th, T
2
th] and [Qth, Qth] respectively.

Compute [ϕ, ϕ] and their corresponding thresholds [ϕth, ϕth]
Compute [Imean,Istd] such that Imean = Average(µ) and Istd = Average(σ)
Return:

• [T 2
th, T

2
th], [Qth, Qth] znd [ϕth, ϕth]

• [λa, λa] and [Pa, Pa]

• [Imean, Istd]
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2.5. Simulation Example

Figure 2.3: IV-DPCA Flowchart

2.5 Simulation Example
In order to put what has been tackled so far into practice, let us consider the following

example:

z(k) =

[
0.118 −0.191
0.847 0.264

]
z(k − 1) +

[
1 2
3 −4

]
u(k − 1)

y(k) = z(k) + v(k)

Where u is the correlated input:

u(k) =

[
0.811 −0.226
0.477 0.415

]
u(k − 1) +

[
0.193 0.689
−0.320 −0.749

]
w(k − 1)

• The input w is a random noise with µw = 0 and σw = 1.

• v(k) random noise with µv = 0 and σv = 0.1.

The data matrix X with 1000 samples consists of:

X = [yTuT ]
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2.5. Simulation Example

PCA application
First step is to calculate Cov the covariance matrix of the data matrix X using equation

(2.3) .

Cov =


1 −0.096 0.124 0.541

−0.096 1 0.770 0.388
0.124 0.770 1 0.084
0.541 0.388 0.084 1


Second step is to compute the eigenpairs of the covariance matrix Cov:

Λ =


1.956 0 0 0
0 1.395 0 0
0 0 0.602 0
0 0 0 0.047

 P =


0.270 0.690 0.559 −0.374
0.622 −0.351 −0.292 −0.636
0.576 −0.357 0.514 0.525
0.456 0.523 −0.582 0.425


Remark: Those eigenvalues does not show any dynamic relation since PCA gives a statis-

tical approximation relation rather than a dynamic one.

In this example, CPV is used to select a the number of retained PCs. In order to have
CPV= 95% we need to select a = 3.

Both score and residual sub spaces are calculated by using equations (2.11) and (2.18)
respectively. Those sub spaces are used then to build the fault indicators shown in figure (2.4).
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Figure 2.4: Fault detection indicator under healthy operating conditions of the system via PCA
technique

Dynamic PCA application
As mentioned before, Dynamic PCA use time lagged data. To detemine l the number of

time lags needed for this example, the design procedure mentioned in section 2.3.3 yields to
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2.5. Simulation Example

l = 1 since rn = 0 if 2 time lags are used as shown in Table 2.1:

Table 2.1: Number of time-lags determination

Number of time lag l Number of variables Number of retrained PCs a Number of relation r rn
0 4 3 1 1
1 8 4 4 2
2 12 5 7 0

Therefore, the new data matrix to be used in the analysis is:

X = [y(k)Tu(k)Ty(k − 1)Tu(k − 1)T ]

The resultant eigenpaires indicate the existence of a dynamic relation since the 6th,the 7th

and the 8th eigenvalues are very close to zero.

Λ =



3.711 0 0 0 0 0 0 0
0 2.590 0 0 0 0 0 0
0 0 0.925 0 0 0 0 0
0 0 0 0.643 0 0 0 0
0 0 0 0 0.108 0 0 0
0 0 0 0 0 0.021 0 0
0 0 0 0 0 0 0.003 0
0 0 0 0 0 0 0 0



P =



0.177 0.411 −0.645 −0.221 −0.522 0.067 0.239 0
0.431 −0.0803 0.476 0.281 −0.526 0.467 0.083 0
0.486 −0.208 −0.0490 −0.0717 0.224 −0.199 0.345 −0.710
0.217 0.523 0.198 0.332 −0.143 −0.608 −0.360 −0.101
0.311 0.470 −0.141 0.134 0.566 0.531 −0.207 0
0.350 −0.411 −0.242 −0.281 −0.127 0.011 −0.745 0
0.354 −0.312 −0.338 0.520 0.147 −0.222 0.223 0.521
0.395 0.146 0.350 −0.624 0.148 −0.190 0.199 0.462



The next step is to calculate the score and residual sub spaces and then to derive the fault
indicators shown in Figure 2.5.
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2.5. Simulation Example
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Figure 2.5: Fault detection indicator under healthy operating conditions of the system via DPCA
technique

Interval-Valued Dynamic PCA
In order to generate interval valued data, two bounded uniformly distributed uncertainties

Un1 and Un2 are added to the state variable z as follows:

z(k) =

[
0.118 + Un1 −0.191

0.847 0.264 + Un2

]
z(k − 1) +

[
1 2
3 −4

]
u(k − 1)

Then we construct our model based on equations and terminologies mentioned before in
section 2.4, thus:

(
λ λ

)
=



[3.659 3.765]
[2.574 2.602]
[0.905 0.947]
[0.635 0.650]
[0.096 0.132]
[0.019 0.021]
[0.002 0.003]
[0.000 0.000]


Using the mid-point data transformation technique we get:

λmid =



3.712
2.588
0.926
0.642
0.109
0.020
0.003
0.000


Applying CPV technique indicates that a = 4 is sufficient to get 95% of the total variance.
The next step is the calculation of the interval scores and residuals sub spaces using Ap-

pendix A, and then to build the interval fault indicators shown in Figure 2.6.
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2.5. Simulation Example
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Figure 2.6: Fault detection indicator under healthy operating conditions of the system via IV-DPCA
technique

Introducing faults to the three techniques
In order to test the performance of the the three techniques, three actuator faults are

introduced to the system at sample time 100 until 300:

• Abrupt additive fault of 20%.

• Drift additive fault with slope k = 0.05.

• Random additive fault with µ = 1 and σ = 1

The following figures displays the outcomes:
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2.5. Simulation Example
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Figure 2.7: Fault detection indicator before and after the occurrence of an abrupt fault via (a) PCA,
(b) DPCA and (c) IV-DPCA
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2.5. Simulation Example
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Figure 2.8: Fault detection indicator before and after the occurrence of a drift fault via (a) PCA,
(b) DPCA and (c) IV-DPCA
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2.5. Simulation Example
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Figure 2.9: Fault detection indicator before and after the occurrence of a random fault via (a) PCA,
(b) DPCA and (c) IV-DPCA
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2.6. Conclusion

The results are giving in Table 2.2:

Table 2.2: Monitoring performances evaluation of fault detection indices via PCA, DPCA and IV-
DPCA

Type of fault The method used T 2 Q ϕ
FAR(%) MDR(%) DTD(s) FAR(%) MDR(%) DTD(s) FAR(%) MDR(%) DTD(s)

Abrupt
PCA 5.63 0.00 0 4.88 45.27 0 5.63 6.46 0

DPCA 5.76 0.00 0 5.38 16.92 0 5.63 1.99 0
IV-DPCA 4.30 0.00 0 3.20 5.97 0 2.90 0.00 0

Drift
PCA 6.01 8.96 18 5.26 16.42 15 6.13 8.46 15

DPCA 6.13 8.46 17 5.63 10.45 12 6.01 7.96 12
IV-DPCA 4.50 5.97 11 3.40 4.98 2 3.30 4.98 9

Random
PCA 5.88 0.50 0 5.01 15.92 0 5.63 0.50 0

DPCA 5.88 0.00 0 5.63 6.46 0 5.76 0.00 0
IV-DPCA 4.30 0.00 0 3.30 1 0 3.00 0.00 0

Now, the cost function J is calculated to determine the best method as well as the best
fault indicator . the result are in Table 2.3.

Table 2.3: Cost function values

Type of fault The method used JT 2 JQ Jϕ

Abrupt
PCA 1.88 16.72 4.03

DPCA 1.92 7.43 2.54
IV-DPCA 1.43 3.06 0.97

Drift
PCA 7.98 9.71 7.35

DPCA 7.68 7.35 6.65
IV-DPCA 5.31 3.13 4.25

Multiple
PCA 2.13 6.98 2.04

DPCA 1.96 4.03 1.92
IV-DPCA 1.43 1.43 1.00

Average
PCA 3.99 11.14 4.47

DPCA 3.85 6.27 3.70
IV-DPCA 2.72 2.54 2.07

The results are very interesting concerning the Q indicator using IV-DPCA technique since
it optimizes its cost by 77.2%. This results gives an optimistic guess that the proposed IV-
DPCA method will perform well in real life application.

2.6 Conclusion
In this chapter, different PCA methods were discussed and the difference between them was

highlighted. The major result is that applying static PCA directly on dynamic systems will
lead to inaccurate evaluation indices while the use of DPCA will lead to more accurate ones,
and IV-DPCA will lead to even more accurate ones.
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Chapter 3

Application for cement rotary kiln data

3.1 Introduction
The results presented in the previous chapter bring in mind the following question:"which

method among PCA, DPCA and IV-DPCA will acheive the best fault detection results?" To
answer this question, PCA, DPCA and IV-DPCA were applied to cement rotary kiln data and
the obtained results will be discussed and compared in this chapter.

3.2 PCA-based fault detection approach
At the beginning, a PCA model is constructed based on the first 500 observations of the

training data set described in Table B.1 in Appendix B, 18 retained principle components to
obtain 95% of the total variance of the data. lastly, a fixed threshold for the monitoring of 95%
confidence level. After that, T 2,Q and ϕ fault indicators were used to monitor the real process
fault and the simulated sensor fault described in Appendix B.

3.3 Number of time-lags determination
Before building DPCA and IV-DPCA models, the determination of the number of time

lags is a must. Therefore, the design procedure mentioned in section 2.3.3 was applied and the
results are summarized in Table 3.1 and l = 1 is selected based on it.

Table 3.1: Number of time-lags determination

Number of time lag l Number of variables Number of retrained PCs a Number of relation r rn
0 44 18 26 26
1 88 30 58 6
2 132 42 90 0

3.4 DPCA-based fault detection approach
Based on the results obtained in Table 3.1, the DPCA model is constructed from the first

500 samples of training data set using one time lagged data with the same confidence level and
30 retained principle components.
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3.5. IV-DPCA-based fault detection approach

3.5 IV-DPCA-based fault detection approach
In this case, the interval-valued data were obtained from 22 repeated experiments of 500

observations of the training data to quantify the uncertainties and errors of the measurement.
The IV-DPCA model is then built using one time lagged data with the same confidence

level as PCA and DPCA models.
T 2, Q and ϕ fault indicators were calculated and used to monitor the same aforementioned

faults.

3.6 Results and discussion
The three statistical indicators ([T 2], [Q], and [ϕ]) have been generated in order to compare

the three methods (PCA, DPCA, and IV-DPCA) that have been presented. Monitoring results
are shown in the graphs below, and evaluation indices are given in Tables 3.2 and Tables 3.3.
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Figure 3.1: T 2 fault indicator monitoring before and after the occurrence of real process fault via
(a) PCA, (b)DPCA and (c) IV-DPCA

35



3.6. Results and discussion
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Figure 3.2: Q fault indicator monitoring before and after the occurrence of real process fault via (a)
PCA, (b)DPCA and (c) IV-DPCA

36
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Figure 3.3: ϕ fault indicator monitoring before and after the occurrence of real process fault via (a)
PCA, (b)DPCA and (c) IV-DPCA
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Figure 3.4: Fault detection indicators before and after the occurrence of a fault (3) via IV-DPCA
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Figure 3.5: Fault detection indicators before and after the occurrence of a fault (5) via IV-DPCA
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Figure 3.6: Fault detection indicators before and after the occurrence of a fault (7) via IV-DPCA
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3.6. Results and discussion

Table 3.2 lists FAR under the healthy operation of a cement plant. It has been evaluated
in which the process was ensured to be in a healthy operating state, for training, testing, and
faulty data sets. Its contributed by the T 2, Q and ϕ statistics using the three PCA methods
tackled before. The bold values show the recommended greatest performance method.

Table 3.2: FAR contributed by different fault detection indicators via PCA, DPCA and IV-DPCA

Fault indicator The method used Training Testing Real fault Fault(1) Fault(2) Fault(3) Fault(4) Fault(5) Fault(6) Fault(7)

T 2

PCA 5.01 1.25 9.33 2.50 1.70 1.50 1.00 0.90 2.40 0.80
DPCA 5.01 2.58 98.66 2.80 1.40 1.60 0.30 2.40 15.62 5.80

IV-DPCA 0.00 1.11 63.11 0.10 0.8 0.00 0.00 0.10 0.50 1.70

Q
PCA 5.01 18.46 99.77 3.20 23.72 43.54 0.00 0.20 17.32 99.30

DPCA 5.01 21.05 99.78 4.20 26.73 47.35 0.00 1.80 7.51 93.59
IV-DPCA 0.00 0.01 0.00 0.10 0.10 0.00 0.1 0.00 0.10 0.70

ϕ
PCA 5.01 11.35 99.55 2.50 6.71 7.51 0.00 0.50 5.81 90.56

DPCA 5.01 14.19 99.78 2.60 12.91 18.92 0.00 0.90 18.72 89.40
IV-DPCA 0.00 0.01 0.00 0.10 0.20 0.00 0.00 0.10 0.10 0.80

The goal of a reliable monitoring strategy is to achieve the lowest FAR. From Table 3.2,
it can be seen that the proposed IV-DPCA approach is the best among the three approaches.
Furthermore, the results of PCA and DPCA indicates that the models are out of control. This
clearly indicates the superiority of the proposed method in the training set, the testing set, and
all faults where a low FAR is obtained for the rotary kiln.

The acquired findings demonstrate the potency of the IV-DPCA for uncertainties, where a
significant reduction was noted compared to PCA and DPCA.

The following table lists the findings MDR and DTD for the real fault and the simulated
sensor faults using PCA, DPCA, and IV-DPCA.

Table 3.3: MDR|DTD contributed by different fault detection indicators via PCA, DPCA and IV-
DPCA

Fault indicator The method used Real fault Fault(1) Fault(2) Fault(3) Fault(4) Fault(5) Fault(6) Fault(7)

T 2

PCA 1.84 | 12 1.40 | 0 96.81 | 36 7.19 | 28 36.93 | 11 0.00 | 0 16.77 | 61 0.00 | 0
DPCA 0.00 | 0 0.00 | 0 96.00 | 36 5.99 | 27 4.59 | 9 0.00 | 0 14.17 | 48 0.00 | 0

IV-DPCA 0.06 | 1 0.00 | 0 78.44 | 32 7.58 | 38 31.54 | 105 0.00 | 0 22.16 | 105 0.00 | 0

Q
PCA 0.00 | 0 3.19 | 0 0.00 | 0 38.52 | 98 3.39 | 17 0.00 | 0 11.38 | 55 0.00 | 0

DPCA 0.00 | 0 0.00 | 0 0.00 | 0 26.15 | 112 2.79 | 8 0.00 | 0 10.99 | 54 0.00 | 0
IV-DPCA 1.10 | 14 0.79 | 0 0.00 | 0 19.56 | 77 32.13 | 115 0.20 | 0 68.46 | 176 0.00 | 0

ϕ
PCA 0.00 | 0 1.40 | 0 0.00 | 0 7.58 | 28 2.99 | 11 0.00 | 0 11.58 | 55 0.00 | 0

DPCA 0.00 | 0 0.00 | 0 0.00 | 0 6.19 | 27 1.80 | 9 0.00 | 0 11.18 | 54 0.00 | 0
IV-DPCA 0.80 | 13 0.00 | 0 0.00 | 0 13.77 | 0 25.95 | 114 0.00 | 0 42.91 | 288 0.00 | 0

The outcome of Table 3.3 demonstrates once again how effective IV-DPCA is at identifying
simulated sensor defects. The detection time of the real fault, fault(2), fault(3), fault(4), and
fault(6) is delayed less in Q than T 2 and ϕ.

Similarly, the amounts of missed alarms are acceptable, except for the detection of: fault(2)
in T 2,fault(6) in Q using the monitoring indices.

For a broad overview of the performances, The cost function J is utilised to deduce which
on of the three techniques is the best approach in terms of all evaluation indices as well as fault
indicators.
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3.7. Conclusion

Table 3.4: Cost function values

fault indicators Methods Real fault Fault(1) Fault(2) Fault(3) Fault(4) Fault(5) Fault(6) Fault(7) Average cost J

T 2

PCA 3.97 1.30 35.23 4.76 13.38 0.30 10.45 0.27 8.70
DPCA 32.89 0.93 34.86 4.33 2.23 0.80 13.12 1.93 11.38

IV-DPCA 21.07 0.03 28.54 5.05 17.50 0.03 14.54 0.57 10.91

Q
PCA 33.26 2.13 7.91 33.87 2.26 0.07 13.23 33.10 15.73

DPCA 33.26 1.40 8.91 31.95 1.52 0.60 9.76 31.20 14.82
IV-DPCA 0.65 0.30 0.03 11.64 18.39 0.07 35.89 0.23 8.40

ϕ
PCA 33.18 1.30 2.24 6.89 1.73 0.17 9.46 30.19 10.65

DPCA 33.26 0.87 4.30 10.17 1.20 0.30 13.56 29.80 11.68
IV-DPCA 0.53 0.03 0.07 4.59 16.23 0.03 33.50 0.27 6.90

From Table 3.4, we can deduce that using ϕ fault indicator via IV-DPCA is the optimal
performance. It is true that the technique fails when it comes to fault (4) and fault (6) but
from an overall point of view, IV-DPCA monitoring performs is good since it has reduced the
average cost of Q indicator by 46.59% and 43.32% compared to PCA and DPCA respectively.

In addition,the proposed technique results in a huge improvement when it comes to Real
fault monitoring using Q and ϕ indicators compared to PCA and DPCA which is very promising.

3.7 Conclusion
In this part, the three methods (PCA, DPCA and IV-DPCA) were applied on real data

obtained from a Rotary KILN Cement Plant. The techniques were used then to monitor real
and simulated fault. Afterwards, they were compared in terms of evaluation indices. In general,
using IV-DPCA for fault detection gives strong performance since it has the best cost J defined
by the best indices FAR, MDR and DTD. This is due to the use of both dynamic behavior
and interval-valued data techniques in the modeling phase.
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Conclusion

Many practical process monitoring systems, including FDD techniques, have been exploited
and implemented for various industrial processes; these techniques come as a result of the signifi-
cant attention that fault detection and diagnosis approaches have received from both industrial
and academic fields. However, because of their distinct qualities, FDD approaches still face
several challenges when applied to actual industrial processes (e.g., multivariate, correlation,
non-linearity...).

The classification of fault detection techniques is presented in Chapter 1 of this dissertation;
fault diagnosis methods were classified into two main categories: Model-based and data-driven,
along with a very brief summary of each class. Information about a process ,that is typically
easy to get, is a quantitative data-driven diagnosis method, PCA is one of them.

PCA is a reliable method that has been used for a long time in many technical domains and
has seen a number of advancements. In this study, the application of PCA was expanded to
include dynamic process features using the well-known method of augmenting the data matrix
X(k) with time-shifted copies X(k − l), and to take measurement errors into consideration.

The capacity of the proposed interval-valued dynamic principal component analysis method
is to consider measurement uncertainties by treating them as regular process variation. In other
words, because the model is interval-based, any information that falls within the interval is
seen as a normal variation of the process, however information that falls outside the interval is
regarded as a fault.

To compare the models and statistics of PCA, DPCA, and IV-DPCA, the three approaches
were evaluated in a simulated example before applying them in real application. The proposed
IV-DPCA results demonstrate significant improvement in fault detection performance which is
very promising.
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Appendix A

Basic interval arithmetic

Basic interval arithmetic is defined as follows:
Given two elementary intervals [a, b] and [c, d], wher a ≤ b and c ≤ d :

• Sum of intervals:
[a, b] + [c, d] = [a+ c, b+ d] (A.1)

• Subtraction of intervals:
[a, b]− [c, d] = [a− d, b− c] (A.2)

• Product of intervals:

[a, b] ∗ [c, d] = [min(ac, ad, bc, bd),max(ac, ad, bc, bd)] (A.3)

• Division of intervals:

[a, b]

[c, d]
=

[
min

(
a

c
,
a

d
,
b

c
,
b

d

)
,max

(
a

c
,
a

d
,
b

c
,
b

d

)]
(A.4)

• Mean interval: Let us define the mean interval Imean[x] as:

Imean[x] =
1

N

∑
i

I[x]i (A.5)

where I[x]i ⊂ R∀i ∈ {1, . . . , N}

• Variance for interval-valued data: Given a set of N real bounded intervals I[x]i, (i ∈
[1, . . . ,N] ), we denote with Imean[x] the mean interval and with σ2 the scalar variance,
defined as:

σ2 =
1

N

N∑
i=1

d2 (I[x]i, Imean[x]) (A.6)

The variance definition can also be written according to the following formula:

σ2 =
1

N

N∑
i=1

(|xc
i − x̄c|+ |xr

i − x̄r|)2 (A.7)

Where xc
i =

1
2
(x̄i + xi) and xr

i =
1
2
(x̄i − xi)
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Appendix A: Basic interval arithmetic

• The interval valued dataset is defined as: Where the lower and upper bound matrices are
respectively defined as:

X =


x1,1 x1,2 · · · x1,p

x2,1 x2,2 · · · x2,p
... ... . . . ...

xn,1 xn,2 · · · xn,p

 , X =


x̄1,1 x̄1,2 · · · x̄1,p

x̄2,1 x̄2,2 · · · x̄2,p
... ... . . . ...

x̄n,1 x̄n,2 · · · x̄n,p

 . (A.8)
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Appendix B

Description of the cement rotary kiln

Following material flow direction from the top of the pre-heater tower downwards to the
cooler, the cement plant is divided into two portions (a) and (b). The rotary kiln is the beating
heart of each cement factory. Its job is to heat things to a temperature that allows chemical
reactions to occur. The proposed method was tested on the rotary kiln of Ain El Kebira cement
plant in eastern Algeria (first production line). It is around 80 metres long and 5.4 metres wide,
with a 3 degree incline. Two 560kW asynchronous motors rotate the kiln at a maximum speed
of 2.14rpm.

(a) pre-heater tower at the right along with rotary
kiln laying in horizontal to the left.

(b) cooler system with its heat ex-changer and to
the left and kiln appears to the right

Figure B.1: Ain El Kebira cement plant

The of cement material manufacture can be summarised as follows:
• The first phase involves feeding raw materials into a series of four cyclones positioned

on four floors at the top of two parallel towers. Using the hot counter stream gas and a
supplementary fuel burner located in the tower bottom, this phase primarily facilitates
material drying and dehydration.

• The pre-heated mixture enters the kiln in the second phase, due to its rotation, the
mixture progressively travels downstream to the kiln’s lower end. Using the main burner
and hot secondary gas returning from the cooler, the material is further heated in this
step. A liquid phase develops at high temperatures (more than 1450C0), speeding up
complex chemical reactions before entering the vitrification phase, in which materials
solidify anew but in a new structural form known as clinker.
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Appendix B: Description of the cement Rotary kiln

• Cement is made by milling clinker with additives. The cooler which comprises of several
fans, static and mobile grates, is used to cool the kiln product down to a temperature
less than 100C0 in the third phase.

The rotary kiln process is intrinsically challenging model due to its complex dynamic, multi-
variable nature, nonlinear reaction kinetics, significant time delays, and variable raw material
input characters. According to the authors, there no mathematical model that sufficiently
captures the behaviour of the process. Additionally, the product quality of industrial rotary
kilns is often assessed following the cooling of the clinker, which negatively restricts online
supervision.

The installation’s simplified schematic is shown in the following figure:

Figure B.2: Overview of the manufacturing process in the cement plant, depicting main unit opera-
tions (1-8) including the cement rotary kiln.

The applications in this work were made on a data collected on the cement plant of Ain
El-Kbira, Setif, Algeria. from January 23th, 2014 at 23 : 39 : 33PM to January 24th, 2014 at
04 : 30 : 00AM with acquisition rate of one second. Process now operates in manual centralised
mode, where every decision is made based on human experience. A continuous measurement
lasting for 4 hours, 50 minutes, and 28 seconds makes up the data set that was utilised (177428
seconds). When the system is surely in a healthy state, the first 15300 seconds are captured.
The later 2084 seconds are collected in the presence of a fault in the system. The total data set
holds information from 52 sensors spread along the process to monitor the different quantities,
i.e, temperature, pressure, flow,...etc. Finally, amongst the 52 sensors, the sensors 331-01-07 /
PE (or TE) and 341-01-07 / PE(or TE) are not used as feedback sensors for any control loop.

Table B.1 summarises the various data sets that will be used to build, test, evaluate, and
compare the suggested fault detection scheme’s performance.
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Appendix B: Description of the cement Rotary kiln

Table B.1: Data sets used for the application

Data sets Size Sampling intervals [s] Description

Training set 500 samples from X0 ∈
R11000×44 1 Normal operation data,to construct FD scheme

Testing set X0 ∈
R11000×44 1 Normal operation data,to test FD scheme

Process fault X0 ∈
R2084×44 1 Normal/Faulty operation, process fault

Sensor fault (7 sets) X0 ∈
R1500×44 1 Sensor fault simulations

• Training data are gathered during normal operation at a sampling rate of one sample every
20 seconds. This information is used to build the suggested fault detection technique,
which includes creating a PCA model and calculating thresholds.

• Data for testing is taken from the plant during normal operation with a 1 second sampling
interval. In terms of false alarms, this data set is utilised to compare the proposed defect
detection technique to the fixed threshold scheme in terms of accuracy and noise rejection.

• Faulty process data: this collection is divided into two sections; the first corresponds to
normal operation, while the second refers to abnormal operation. After 7 minutes, the
defect appears and progresses slowly. We employ it.

• Sensor faults: this collection includes seven simulated sensor errors that can occur during
the rotary kiln operation. It encompasses single and many faults that are abrupt, random,
intermittent, and gradual drift additive faults. The original data is acquired during
normal rotary kiln operation, and then faults are introduced from the 500th to 1000th
sample.
The different faults are:

Table B.2: Simulated sensors faults.

Fault Faulty variables Fault magnitude Description of the fault
Fault(1) 16 0.5% Additive random fault, with mean 0, and variance 0.05
Fault(2) 44 -2% Abrupt additive fault, bias b = 0.02
Fault(3) 30 +2% Additive fault: Linear drift from 0% to +2%; slope Ks = 4 × 10−5

Fault(4) 34 -2% Additive fault: Linear drift from 0% to -2%; slope Ks = -4 × 10−5

Fault(5) 12,18,43 [+,-,+]2% Abrupt additive fault 2% (multiple)
Fault(6) 4,6,8,14,24 [+,+,+,-,-]2% Additive fault: Linear drift from 0% to 2% (multiple); slope Ks = 4 × 10−5

Fault(7) 11 +4.5%,-5.5% Additive fault: Intermittent fault, changing intervals and amplitudes

1. variable 16 represents the speed of the induced draught fan installed in the top of
tower II for drawing gas from preheater cyclones to filters. It has a mean of 0 and a
variance of 0.05. This issue simulates a lack of speed sensor accuracy. It could also
signify a fan vibration that causes a minor oscillation in speed without changing the
average value.

2. An abrupt bias -2 in natural gas feed to the secondary burner, which can occur for
a variety of reasons, including a partial blockage in the natural gas tubes, natural
gas leakage, or simply a bias error in sensor readings. As a result, it has a negative
impact on the process’s performance and safety.

3. fault3 is a positive drift in the speed of the cooling unit’s first blowing fan, which
increased linearly from 0 to 2 in 500[s].
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Appendix B: Description of the cement Rotary kiln

4. Like fault3, fault4 is a negative drift in the speed of the third blowing fan.This flaw
could slow down the cooling of the clinker, resulting in a poor-quality product.

5. Multiple abrupt faults of magnitude 2, occurring simultaneously at different sensors
in positive and negative directions, are represented by 5. fault5.

6. fault6 also represents a series of 2 percent abrupt faults that occur simultaneously
at different sensors in both positive and negative directions.

7. This actuator/sensor fault has a changing interval (non-periodic) with a variable
amplitude from 4.5 percent to 5.5 percent and is a positive intermittent fault in the
speed of the exhauster fan of tower I. The actuator may be responsible for these
fluctuations in speed due to failures in the drive’s semiconductors or vibrations on
the fan shaft.
The speed sensor could possibly be to blame (tachometer). This fault occurs at
the following intervals: 500-580, 610-660, 700-740, 800-830, 870-900, and 975-1000,
with amplitudes of 5.5 percent, 4.5 percent, 5.5 percent, 5 percent, and 4.5 percent,
respectively.
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