
Copyright

by

Ray Chen Wang

2017



The Dissertation Committee for Ray Chen Wang
certifies that this is the approved version of the following dissertation:

Geometric Fault Detection Using 3D Kiviat Plots and

their Applications

Committee:

Ross Baldick, Supervisor

Michael Baldea, Co-Supervisor

Ari Arapostathis

Thomas F. Edgar

Joydeep Ghosh



Geometric Fault Detection Using 3D Kiviat Plots and

their Applications

by

Ray Chen Wang, B.S.; M.S.E

DISSERTATION

Presented to the Faculty of the Graduate School of

The University of Texas at Austin

in Partial Fulfillment

of the Requirements

for the Degree of

DOCTOR OF PHILOSOPHY

THE UNIVERSITY OF TEXAS AT AUSTIN

May 2017



Dedicated to my parents, Weiguo Wang and Shaoxing Chen, and my dear

sister Connie Wang.



Acknowledgments

Too many people have helped me and kept me company throughout

my time here, and while I will try my best to mention them all, know that it

is an impossible task. Foremost in my mind are my group members both past

and present. Dr. Siyun Wang, Dr. Conan Jungup Park, Dr. Cara Touretzky,

Dr. Richard Pattison, Dr. Bo Lu, Dr. Shu Xu, and Dr. Matt Walters – thank

you for providing me with advice and support as I was getting to grips with

graduate school life. Dr. Ankur Kumar, Abby Ondeck, Corey James, and

Melissa Donahue, thank you for your camaraderie and jumping through the

hoops with me. Calvin, Jodie, Joannah, Hari, Morgan, Lingqing, and Joesph,

thank you for keeping the group going strong, I know I leave the group in good

hands. Should any of you be reading this, I leave a standing offer to come visit

me whenever and wherever, and I will make time for you.

I’d also like to thank the people I’ve met working in the industry –

Mark Nixon, Willy Wojsznis, Ricardo Dunia, Noel Bell, David Strobhar, Ike

Brackin, and Tom Kindervater. My project would not be possible without your

support. I would also like to thank the people at Dow, namely Leo Chiang and

Ivan Castillo, for their support and words of encouragement. I thank you all

for your industry expertise and perspective that I otherwise would not have.

I wish to thank my committee members, Dr. Ari Arapostathis and

Dr. Joydeep Ghosh, for taking their time out to serve on my committee and

provide their invaluable insight and knowledge to help further my research.

Most importantly, I would like to thank Dr. Michael Baldea, Dr.

v



Thomas F. Edgar, and Dr. Ross Baldick for their guidance and insight

throughout my M.S. and Ph.D life. It was a winding road and not with-

out setback, but you got me through it all the same. I am a better (and

hopefully wiser) person for this experience, and there are few words that can

describe my gratitude.

vi



Geometric Fault Detection Using 3D Kiviat Plots and

their Applications

Publication No.

Ray Chen Wang, Ph.D.

The University of Texas at Austin, 2017

Supervisors: Ross Baldick
Michael Baldea

The surge in large-scale data being collected through various social

and economic systems comes along with the ever-increasing need to under-

stand and gain insight from the data being collected. This has spurred on the

development and advent of big data analytics in many different areas such as

healthcare, e-commerce, and group-sharing applications.

This applies also to the process industry as well, as the development

of more complex processes, which in turn require increased monitoring, mean

that a larger amount of data are being collected than previously seen. This

data is not only high in volume (measurements taken with a high sampling

frequency), but also high in dimensionality (many sensors set up throughout

the process).

Process monitoring requires the continuous observation of such high

dimensional and high volume data, but current visualization techniques do not

lend themselves to do doing so. Furthermore, parallel to process monitoring

is the desire for fault detection capability – to detect faults as soon as they

vii



occur or predict them before they occur. For that reason it is ideal if there

is a visualization technique that also contributes to fault detection efforts, so

that both process monitoring and fault detection is satisfied.

To that end, in this dissertation the development of three-dimensional

(3D) Kiviat diagrams and its use in fault detection is explored in great detail.

In Kiviat diagrams, axes are laid out radially around a center point, in contrast

to axes being perpendicular to one another in traditional score plots, or in

parallel to one another as seen in parallel coordinates. This theoretically allows

for an infinite number of axes, and therefore high dimensional data, to be

plotted on one figure at once. Due to the time-explicit nature of process data,

the addition of a third axis normal to the Kiviat diagram is proposed as well.

In the Kiviat diagram representation, each sample forms a polygon on

the plot. This is taken advantage of for fault detection purposes by condensing

each polygon into its centroid. By doing so the state of the process at every

point in time can be represented by its centroid – this allows for multivariate

fault detection to be performed.

Using these centroids, a variety of fault detection mechanisms are pro-

posed specific to the types of processes the data is obtained from. The mech-

anisms are developed for 3 process types commonly seen in industry – con-

tinuous processes, batch processes, and periodic processes. For each process

type the fault detection mechanism is detailed and case studies are laid out,

demonstrating the application of the method.
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Chapter 1

Introduction

1.1 The Advent of Big Data

Recent years have brought an increase in the availability of large-scale

data sets describing the state and trends of a broad array of social, economic

and industrial systems. The contributing factors to the advent of the “Big

Data” age are numerous – they include the explosive growth of, among oth-

ers, business and transactional-type operations (e.g., e-commerce, enterprise

resource planning) as well as social media, coupled with a significant rise in

data transmission and storage capabilities.

The availability of such massive and often heterogeneous data sets has,

in turn, triggered intense research activity to develop fast and scalable analysis

methods. Loosely termed as “data mining”, such methods aim to identify new

(and often unexpected) correlations and insights from existing data1. The

range of applications reported in the literature is broad, including, e.g., e-

commerce2, traffic analysis3, finance4, and healthcare5.

Process industries have been a leading source of large data sets. One of

the most frequent uses of recorded data is the development of mechanisms for

identifying and characterizing process faults. The task of process monitoring

has become increasingly challenging as the volume and dimensionality of the

data increase. Depending on plant size, records of the time evolution of hun-

dreds to tens of thousands of variables (“tags”) may be collected (often with

1



sampling intervals of less than one minute) and made available in data histo-

rians. Process operators thus often find themselves “drowning in data”6 due

to the lack of time and resources required to analyze and generate information

and value from these large volumes of data. Nevertheless, tools such as princi-

pal component analysis (PCA) and partial least squares (PLS) regression have

been successfully used to detect and isolate faults pertaining to individual pro-

cess variables and units. Applications on both in silico test cases and real-life

industrial problems have been reported in the literature (see, e.g., the reviews

in7;8;9;10).

The tools listed above are typically implemented for process monitoring

by control room operators, who often rely on visual data representations to

draw empirical inferences about the process state and potential operational

difficulties. Here, too, dimensionality reduction techniques such as PCA have

proven to be valuable, forming the basis for, e.g., score and square prediction

error (SPE) plots.

Visual representations are hampered by the limitations of the Cartesian

system: data can be plotted in only three dimensions (equivalently, only three

attributes of each data sample can be represented simultaneously). Monitoring

multiple such two- or three-dimensional plots makes it difficult for process

operators to observe and interpret a broad repertoire of time-dependent process

trends and events.

To that effect, this dissertation will put forward a novel visual repre-

sentation of data, the three-dimensional (3D) Kiviat diagram, and its use in

process monitoring and fault detection. A variety of applications to different

types of process data sets (both simulated and actual industrial data) will be

explored.
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1.2 Dissertation Outline

The dissertation is structured as follows:

Chapter 2 will provide further background on the visualization of data

and its use in fault detection, as well as taking a closer look at parallel co-

ordinate plots and the development in that field thus far. I then introduce

the primary method used in this dissertation, three-dimensional (3D), time-

explicit Kiviat diagrams. Details on how the visualization is generated from

multivariate data using an example data set are provided and the concept of

centroids is introduced here. The use of 3D Kiviat diagrams is demonstrated

by performing fault detection on data from continuous processes. In this chap-

ter the fault detection mechanism (starting from univariate control limits and

moving to multivariate control limits) for continuous processes is developed in

detail and the method’s performance is assessed using case studies from both

simulation and actual industrial sources.

Chapter 3 focuses on the application of the method to batch processes.

Similar to Chapter 4, the fault detection mechanism used for batch processes

(which differs from that used for continuous processes) is outlined and detailed

in this chapter. The chapter contains case studies from both a simulation

and an industrial data set. The method’s performance is again compared to

methods found in literature.

Chapter 4 focuses on the method’s application to periodic processes. A

fault detection mechanism that combines the mechanisms of both continuous

and batch process is introduced for use in periodic processes. This chapter

includes case studies from two periodic process simulations, and the method

is compared to traditional methods used for continuous and batch processes.

3



It is notable that fault detection with regards to periodic processes are not

well-studied, so a good comparison with previous work is not forthcoming.

Chapter 5 contains potential directions for future work in this field,

such as getting a better understanding of the method beyond applications as

well as potential areas of performance improvement. The contributions made

in this dissertation are summarized.

4



Chapter 2

Background

2.1 Visualization of Multivariate Data and Visualization-
Based Fault Detection

In order to break the “curse of dimensionality” in visualizing process

data, more recent research has focused on process monitoring based on rep-

resenting multi-dimensional data in parallel coordinates. Initial efforts12;13;14

considered plotting the data or leading PCA components in parallel coordi-

nates; they were later expanded15 to include PCA-based statistical tests, such

as Hotelling’s T 2 and Q statistics, and improved definitions of the confidence

regions.

2.1.1 Parallel Coordinate Plots

The use of parallel coordinates, first proposed by Inselberg16, has been

explored as a method of displaying multivariate information. In a parallel

coordinate plot, each (multivariate) data sample is represented by an open

This chapter follows closely the material published in R.Wang, T. F. Edgar, M. Baldea,
M. Nixon, W.Wojsznis, and R. Dunia. Process fault detection using time-explicit kiviat
diagrams. AICHE Journal, 61(12):4277-4293, 2015.11 The author is the primary author of
the paper and carried out all research outlined in the paper.
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line that connects the values of each variable in the respective sample. The

variables are plotted on a set of parallel ordinates, with no abscissae (Figure

2.1).
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Figure 2.1: Data visualization in parallel coordinates for a five-dimensional data
set. Each coordinate can be regarded as the ordinate of a regular time-series plot.
Data samples are added to the plot as they are acquired; subfigures a-d represent a
sequence of four samples. Data from Appendix A (samples 7 through 10).

Initial efforts aimed at visualization-based fault detection using parallel

coordinate plots12;13 considered plotting the data or leading PCA components,

followed by defining a univariate confidence region around the plot. A fault is

declared once the data fall outside the confidence region (Figure 2.2).

Later, these concepts were expanded to include PCA-based statisti-

cal tests, such as Hotelling’s T 2 and the Q statistics15. With the aid of

appropriately-defined (visual) confidence regions, these techniques were proven

to be successful in the detection of process faults and events17.

However, parallel coordinates are ill-suited for use with data sets with

significant variability in time; while the multivariate aspect of such data sets

is adequately addressed, parallel coordinate plots are affected heavily by clut-

tering – when used for process monitoring, data points in parallel coordinates

overlap and eventually obscure any potentially meaningful information. This
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Figure 2.2: Fault detection using parallel coordinates: univariate upper and lower
control limits are used to define a ribbon-like confidence region on the plot. Data
samples that fall outside this confidence region indicate a fault in the process. Data
from Appendix A.

issue is generally dealt with by designating the first two parallel axes as date

and time, which may then be used to select and filter for the desired period of

time18.

2.2 Data Representation Using Time-explicit Kiviat Di-
agrams

Kiviat diagrams (named after Philip J. Kiviat19, also referred to as

Kiviat plots, star plots or spider plots), can be regarded as an evolution of the

parallel coordinates plot. However, here the coordinate axes extend radially

from a center point, similar to spokes of a bicycle wheel. Akin to paral-

lel coordinates, Kiviat diagrams enable plotting multivariate (normalized and

mean-centered) data. However, since the axes are no longer adjacent to one

another, the variable values in each sample are connected to form a closed

line/polygon instead of the open lines found in parallel coordinates. Further-

more, unlike parallel coordinate plots, the time dimension can be captured via
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an additional coordinate, which is normal to the plot plane at the center of

the diagram20 (Figure 2.3, a).
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(d) Top view of plot

Figure 2.3: Representing multi-dimensional data in time-explicit Kiviat diagrams.
A five-dimensional data set with one-minute sampling time is used for illustration
purposes. The first sample is represented in radial coordinates and a time axis
normal to the plane of the plot is added (a). Subsequent samples are added as
radial plots aligned along the time axis (b-c). The diagram can be updated by
adding such “data slices” in a first-in, first-out fashion. The top view of the plot is
equivalent to projecting all data on the radial coordinate plane (d). This graphical
representation is related to the parallel coordinate system introduced by Inselberg16;
however, it brings the crucial advantage of an explicit representation of time. Data
from Appendix A (samples 8 through 10).

Making use of the fact that each sample is a polygon as opposed to an

open line, samples in time can be represented by stacking multiple polygons

on top of one another. The result is a three-dimensional figure resembling a

cylinder comprised of many polygons (Figure 2.3, b-c). The two-dimensional

polygon of the Kiviat diagram at one sample time can therefore be considered

a “data slice” corresponding to the respective time sample of the time series

data. A detailed example of constructing a time-explicit Kiviat diagram is

provided in Appendix B.

Such time-explicit Kiviat diagrams have found applications in computer

science, typically for the visualization of software performance21;22. This thesis
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introduces a novel aspect of time-explicit Kiviat diagrams and their use in

process fault detection.

2.3 Concept of Centroids

In this work, we propose to rely on a unique feature of time-explicit

Kiviat diagrams. Specifically, the fact that each data point is represented as

a closed polygonal line allows for calculating a centroid of the corresponding

data slice (Figure 2.4), which then constitutes a multivariate representation of

the process state at that time instant.
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Figure 2.4: The centroid of each slice (diamonds in plot b) constitutes a single-
point, multivariate representation of each data slice. Data from Appendix A (sam-
ples 7 through 10).

We compute the centroid positions in a 2D Cartesian coordinate system,

which is located at the center of the radial plot. For an n-dimensional data

set with m samples, the positions of the n polygon vertices translate trivially

to {Xi, Yi}, i ∈ {1, . . . , n}, and the coordinates of the centroid for data point
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j ∈ {1, . . . ,m} can be determined as:

Xcentroid,j =

n∑
i=1

Xi,j

n

Ycentroid,j =

n∑
i=1

Yi,j

n

(2.1)

Since in our framework the data in a set are always normalized prior

to plotting (See Appendix B), the steady state region of the data generally

consists of near-regular polygons centered around the intersection of the axes of

the Kiviat diagram. This in turn means that the centroids of the steady state

region are always clustered near this intersection point, with slight deviations

from point to point due to noise.

Consequently, a change in the continuous process would be reflected as a

movement of the centroids – as the process changes, variable values change and

the polygons warp in shape. The centroids corresponding to those polygons

will change and move as a result. This characteristic of the centroids will form

the basis of the fault detection methods discussed subsequently.

Remark 1. It is possible that two similar polygons – that is, polygons that

are of the same shape and orientation, but of different sizes – have the same

centroid. In principle, this could impede on the fault detection framework

discussed later. However, this is highly unlikely to occur in practice since it

would require that the variables in the data set to be completely correlated and

have the same scaling. In a different vein, for cases where multiple variables

are closely correlated23;24;25, PCA can be used to alleviate collinearity. The

number of correlated variables used in fault detection can also be reduced

based on process knowledge (this includes, e.g., considering only one of several

redundant sensors).
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2.4 Representing Large Data Sets

Process data sets often contain a large number of variables; high di-

mensionality makes data analysis challenging and dimensionality reduction is

therefore desirable.

This issue can be addressed in several ways. First, assuming that suffi-

cient process knowledge is available, the subset of the variables to be plotted

can be user-selected. This approach is, however, less practical when dealing

with an unknown/unfamiliar process, in which case a more rigorous approach

for reducing the dimensionality of the data set should be used.

Principal component analysis (PCA) can be used to reduce the dimen-

sionality of the data. PCA accomplishes this through the linear transformation

of variables into principal components. A subset of the principal components

is selected for analysis, generally based on the total variance captured 26. PCA

has been used extensively in literature to conduct fault detection and isolation

(e.g.,Russell et al.27 and Wise et al.28), and excellent reviews on its use are

available29;30;31. Returning to the proposed time-explicit Kiviat framework, in

the case of large-scale data sets with a large number of variables, it may be

more practical to represent the PCA scores rather than the data themselves.

Typically the number of components/scores to be represented is selected based

on the amount of variance that is desired to be captured. If there are practical

limitations on the number of coordinates that can be used in the Kiviat plot,

a fixed/limited number of scores can be employed as well.
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2.5 Fault Detection Using Time-explicit Kiviat Diagrams
for Continuous Processes

We begin by noting that time-explicit Kiviat diagrams can be gener-

ated and updated in real-time as measurements from a physical process are

collected. The time horizon of the diagram is defined in terms of the number

of data slices to be plotted at a given time (i.e., the height of the cylinder).

Then, once a new scan of the data is obtained, the corresponding data slice is

added at the top of the diagram, while the oldest data slice is removed from

the bottom in a “first-in-first-out” fashion. The time horizon is user-defined

and dependent on the time scale and resolution desired.

2.5.1 Univariate Approach

The above observation opens the possibility of carrying out fault de-

tection, based on evaluating the deviation of the current data from a desired

or nominal operating state. By defining the state vector of a process from a

geometric point of view, criteria can be established for the nominal operation

of a process and deviations therefrom.

Referring to Figure 2.3 a-c, note that the state of the process (assum-

ing for now that all the variables are represented in the time-explicit Kiviat

diagram) is fully defined in terms of the location of the data points on each of

the axes.

Thus, confidence limits for each state variable can be defined using

available methods (e.g., defining upper and lower bounds for each variable)32;33;34.

Uniting all the upper limits and, respectively, all lower limits of these confi-

dence intervals results in an outer and, respectively, inner hull, which define

a confidence region for the operation of the process (Figure 2.5). Thus, a

12



data point whose Kiviat slice falls outside this confidence region is potentially

indicative of a faulty behavior.
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(a) Polygons represent normal oper-
ation and are used to generate inner
and outer hulls

(b) New sample acquired at t =
10min (dashed polygon) violates
hulls and is considered a fault

Figure 2.5: Inner and outer hulls (shown in red and, respectively, light blue in
Figure 2.5b) for the time-explicit Kiviat diagram can be defined based on upper and
lower bounds of the confidence interval for each variable. Assuming that samples
for t ≤ 9 min represent normal operation, the normal operating region is defined
as the shell between the inner and outer convex hulls of the plots for t ≤ 9 min.
The sample collected at t = 10 min is outside the normal operating region and is
an indication of faulty operation. Data from Appendix A (samples 7 through 10).

This approach to fault detection is then completely equivalent to that

discussed in the context of parallel coordinates (Figure 2.2). However, owing

to Kiviat diagrams using a closed polygonal line to represent each data scan

(rather than an open line as is the case in parallel coordinate plots), the ribbon-

like confidence region used in the parallel coordinate framework is transformed

into an annular region as shown above.
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2.5.2 Multivariate Approach

Defining the confidence region for an entire process based on confidence

limits for individual variables amounts to a univariate analysis. Interactions

between variables are, however, important in the occurrence (and detection)

of process faults, and the potential of univariate analyses (i.e., monitoring

multiple process variables based on their individual control limits) for reaching

“blind spots” has been recognized early on (see, e.g., Kourti and MacGregor29).

Dunia et al.15 have addressed the issue by solving a series of optimiza-

tion problems to define the representation of multivariate constraints (either

linear or quadratic) in parallel coordinates. In this subsection the centroids

described previously are used to conduct fault detection.

In the case of a fault, one or several process variables deviate from their

steady-state, nominal values. As a consequence, the corresponding vertices of

the data representation in the time-explicit Kiviat diagram will change position

and shift the shape of the polygon representing the respective data sample.

This in turn shifts the location of the centroid of the polygon.

A fault is thus signaled by the shift in position of the centroids of the

data samples corresponding to the faulty state. Therefore, assuming that the

process has a single, nominal, steady state, the centroids corresponding to

normal operation form a single, tight cluster (which, based on the data pre-

processing is located at the intersection of the axes of the Kiviat diagram),

whereas the centroids corresponding to data collected when the process devi-

ates from this nominal state lie outside this cluster.

Based on this observation, time-explicit Kiviat diagrams lend them-

selves naturally to defining the following fault detection scheme:
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• Define a confidence region around the cluster of centroids corresponding

to the nominal operating state.

• Monitor current process operating data and represent them on the time-

explicit Kiviat diagram.

• If the centroid of the representation of a newly acquired data point is

not within the aforementioned confidence region, a fault is declared.

In what follows, we describe the steps of a procedure for computing a

confidence region for the centroids in the Kiviat diagram.

Step 1 Assume that matrix X ∈ IRm×n (which contains m time-resolved mea-

surements of n process variables) represents a “golden period”35 of steady-

state operation of the process with good performance. We then define

the covariance matrix Σ = XXᵀ and compute its eigenvalues λ and

eigenvectors vi, i ∈ {1, . . . , n} i.e.,

λv = Σv (2.2)

Step 2 Use the λ and v values to define an n-dimensional confidence ellip-

soid around the steady state operating region. The equation for the

n-dimensional confidence ellipsoid can be written as

(x− x̄)ᵀΣ−1(x− x̄) = 1 (2.3)

Specifically, the coordinates of the center of the ellipsoid will be given by

the vector X̄ = [x̄1, . . . , x̄n] of the means of each variable, the orientation

of the axes of the ellipsoid in the n-dimensional hyperspace is provided
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by the eigenvectors v, while the length of the axis is determined by the

eigenvalues of the covariance matrix. For the confidence ellipsoid, while

the orientation of the axes do not change, their lengths are scaled using

the critical value κ of the χ2 distribution that corresponds to the desired

confidence level of the ellipsoid

li = 2
√
κλi ∀i ∈ {1 . . . n} (2.4)

Step 3 Project the n-dimensional ellipsoid on the Kiviat diagram plane to define

an appropriate confidence region for the centroids. To do so, we observe

that the extremes of the n-dimensional ellipsoid in any given dimension

can be represented on the Kiviat diagram, and describe an annular region

(Figure 2.6 a). Note that this region will likely be different from the

univariate confidence region described above.

Step 4 The multivariate confidence ellipse is then computed from the locus of

the centroids of polygons contained within the annular region. We use

a sampling-based procedure for determining this ellipse (Figure 2.6 b).

Specifically, we sample the annular region at random, by generating data

scans using values uniformly distributed within the bounds of each vari-

able and thus located inside the annular region.

It is possible that polygons situated close to the edges of the annular

region would in effect be outside the confidence ellipsoid. To prevent

this, each random polygon is verified to correspond to a point inside the

confidence ellipsoid in the n-dimensional by using the following steps:
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Figure 2.6: a) Limits in time-resolved Kiviat diagram. Black arrows indicate
limits for each variable. Blue and green lines are the extrema of the confidence
ellipsoid. b) Sampled points within the annular region (in red) are used to generate
the confidence ellipse

(a) Apply the transformation matrix W−1 to the coordinates Y of the

randomly generated polygon, to obtained the transformed coordi-

nates Z:

Z = YW−1 (2.5)
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where

W = v
√
λ (2.6)

(b) Compute the norm D = ‖Z‖ and compare the resulting value with

the radius of the unit sphere. Then, if D ≤ 1, the randomly gener-

ated polygon corresponds to a point within the confidence ellipsoid

and is retained for computing the confidence ellipse as described

below. Else, the polygon is discarded and a new polygon is gener-

ated.

(c) Repeat the procedure until the prescribed number of random poly-

gons (typically, 5,000) is reached.

The calculation of the minimum area enclosing ellipse36, of center c,

(X − c)ᵀA(X − c) = 1, is an optimization problem, aimed at minimizing

minimize
A,c

log(det(A))

subject to (Pi − c)ᵀA(Pi − c) ≤ 1 i = 1, 2.
(2.7)

where P is the matrix of centroid locations.

The application of this procedure to a simple data set with three variables is

demonstrated in Appendix C.

Remark 2. Earlier work by Kourti and MacGregor29 has shown that univariate

control charts may result in “blind spots”, whereby the current state of a

(bivariate) process falls within the control limits of both variables, but not

within the joint normal operating region, resulting in a failure to detect an

abnormal event (Figure 2.7). The fault detection framework discussed in this

paper can be interpreted from this perspective as a multivariate control chart,

where the confidence ellipse denotes a n-dimensional normal operating region.
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As a consequence, this framework is expected to have superior fault

detection performance to that provided by the univariate approach described

earlier in the paper, and, implicitly, to the fault detection performance pro-

vided by setting upper and lower control limits on each variable represented

in a parallel coordinate plot.

(a)

x

Upper Control Limit

Lower Control Limit

Sample in question

Centroid of samplex

(b)

Figure 2.7: Univariate versus multivariate control limits: a) Univariate control
limits suffer from “blind spots” in a multivariate setting: a data sample (marked
⊗) can be within the control limits from the perspective of every variable on the
respective univariate control charts, but fall outside the multivariate confidence
region. Reprinted from Control Engineering Practice, Volume 3(1), J.F. MacGre-
gor, T. Kourti, Statistical process control of multivariate processes, Pages 403-414,
c©1995, with permission from Elsevier. b) The proposed fault detection framework
can be interpreted from the perspective of an n-dimensional control chart. Here,
too, the sample represented in dashed line falls within the control limits of each
individual variable, but the corresponding centroid (marked ⊗) is not within the
multivariate confidence ellipse.
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2.6 Case Studies

2.6.1 Compressor Surge

Surge is an undesirable compressor condition, whereby the gas flow in

the system reverses due to high back pressure. This is primarily due to low

flow rates through the compressor system relative to the power input37. As a

result, the compressor back pressure may be higher than the output pressure,

resulting in the reversal of flow. This leads to machine vibration and may

cause irreversible physical damage. Recovery from a surge event requires all

compressed gas to be removed from the compressor system and restarting the

compression process17.

Anticipating and preventing the occurrence of such events is therefore

of very high interest to process operators. In this section, thirty surge event

data sets occurring in a industrial five-stage compressor (Figure 2.8) are an-

alyzed. In each case, the timing of the surge event was determined based on

operator experience. Each data set captures a single surge event, and the

process historian database was queried for all the variables pertaining to the

compressor operation for four days prior to, and one day after the occurrence

of the surge event. Data are sampled at one minute intervals, and each data

set contains 7200 samples17. The number of variables in each data set is 76,

consisting of flow, pressure and temperature sensor readings for the compres-

sor stage. Communication with the company that provided the data indicated

that the operation during the four days prior to each surge event appeared to

be at steady state.

Time-explicit Kiviat diagrams of the data (both fault-free and faulty)

from one of the available data sets are presented in Figure 2.9 a and b. In

order to facilitate fault diagnosis by operators, the sequence in which the
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Figure 2.8: Schematic of compressor system17

variables are displayed may be reordered to follow the main process flow from

compression stage 1 through stage 5 (note that this may not be possible for

more complex flowsheets involving, e.g., recycle streams).

A plot of the flow rates corresponding to the five stages of the com-

pressor is provided as well in Figure 2.11. A 95% confidence ellipse using the

steady-state samples from all thirty data sets as training data was constructed,

and the fault detection mechanism described above is used to analyze the ad-

vent of surge. The results of fault detection are shown in Table 2.1, which

provides the time required for fault detection (i.e., the time instant where the

21



(a) Time-explicit Kiviat diagram
with no fault present

(b) Time-explicit Kiviat diagram
of a data set with a fault

(c) Top-view of the Kiviat dia-
gram when a fault is present

(d) Centroid plot showing con-
fidence ellipse and the deviation
of the centroids when a fault is
present

Figure 2.9: a) High-dimensional time-explicit Kiviat diagram of all variables in a
fault-free compressor data set. b-d) High-dimensional time-explicit Kiviat diagram
of all variables in compressor data set 3, where a fault was present.

centroids violate the normal operating region defined by the confidence ellipse).

For reference, the time when the surge event occurred was estimated by the

operators to be t = 5760 minutes in each data set, and a performance indi-

cator, the early detection time (EDT), defined as the difference between the

operator-estimated time of fault occurrence and the time of fault detection by

the proposed method, is established. A positive early detection time is desir-

able, and is illustrative of the predictive capabilities of the proposed method.
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Negative detection times for a given fault suggest that the fault would have

been detected by the proposed method after it had been identified by process

operators.

Very few false alarms (i.e., flagged samples that cannot be related to

the surge event, such as samples at the very beginning of the data set) occurred

for the majority of datasets. The false alarm rate for the data is 0.77%.

PCA was applied to this data set (see a visualization example in Figure

2.10) and the scores used for fault detection. The fault detection times and

EDT when using PCA scores is provided in 2.1. For comparison purposes we

have included detection times when using standard PCA T2 and Q statistics,

as well as when process variables are directly used in the framework. Five

principal components were used, which captured 74% of the variance in the

steady state data. The number of principal components selected was based on

a minimum threshold of 70% for the amount of variance captured.

Applying PCA, a fault was detected in 28 of the 30 data sets, in 25

of which the EDT was positive, indicating that the fault was detected early

(i.e., prior to operators becoming aware of its advent) and preventive measures

could be taken. It is key, however, to note that the representation of data loses

physical meaning after conducting PCA – in Figure 2.9 it is shown that the

physical variables can be arranged in sequence of their appearance on the

flowsheet, but if PCA is applied, each principal component is a combination of

multiple variables and the visual representation is not physically meaningful.

In the case of using the raw data directly, a fault was detected in 28

of the 30 data sets. Furthermore, in 25 cases, the early detection times were

positive. When using PCA T2, a fault was detected in 29 of the 30 cases,

but there were 5 cases where the EDT was negative, indicating that the faults
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(a) Time-explicit Kiviat diagram
(b) Top-down view of the Kiviat
diagram

(c) Centroid plot showing confi-
dence ellipse

Figure 2.10: Time-explicit Kiviat diagrams of principal components in compressor
data set 8. Note that by reducing the number of axes to plot, the graphical load is
significantly reduced and it is very clear which principal components are changing.
However, each axis loses physical meaning since principal components are being
plotted instead of variables. Nevertheless, significant loading values for a given
direction may be physically meaningful and provide a starting point for basic fault
diagnosis purposes.

would not have been anticipated prior to detection by operators. When using

fault detection based on the PCA Q statistic, a fault was detected in 28 of

30 data sets, but the EDT was negative in 8 cases, indicating again that

detection by the operators would have preceded the indication of this fault

detection mechanism.
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Figure 2.11: Plots of five flow variables values corresponding to each of the 5
stages. Values have been normalized

Note that for the above case study, the details of the compressor opera-

tion and the conditions surrounding any given surge event were not provided;

furthermore, no cleaning (such as the elimination of outliers) was performed

on the data. It is therefore difficult to determine reasons as to why the method

performed well in some cases, but failed to predict or detect a surge in other

cases. Potential (but not confirmed) reasons include human error in estimating

surge time as well as database errors when recording the data.
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Table 2.1: Fault detection times and early detection time (EDT) for 30 compressor
surge data sets

Dataset # EDT (minutes): PCA with
Kiviat Diagram

EDT (minutes): Raw
data with Kiviat Dia-
gram

EDT (minutes): PCA
T2 (no Kiviat Dia-
gram or visualization)

EDT (minutes): PCA
Q (no Kiviat Diagram
or visualization)

1 31 31 31
2 42 42 42 42
3 1768 1773
4 748 757 716 585
5 -7 45 -68 -67
6 44 44 44 45
7 52 52 52 53
8 1335 1337 1336 1351
9 325 325 42 84
10 1434 878 33 33
11 721 440 70 41
12 229 143 62 33
13 1519 1335 1337 1332
14 39 43 39 36
15 877 932 263 -13
16 17 53 -6
17 1369 1410 1307 135
18 35 32 35 36
19 26 26 25 26
20 2463 2116
21 1079 1093 206
22 61 34 103 114
23 1133 1109 180 180
24 561 575 143 204
25 3 37 -15 -28
26 -52 -50 -50 -49
27 -27 -64 -28 -62
28 33 -43 -59 -41
29 25 25 25 -25
30 178 176 58 102
A negative value indicates that the fault was detected after the operator-estimated fault time.
Blank cells indicate that no fault was detected by the method.

2.6.2 Compressor Surge Long-term Study

In addition to the above case study, a separate long-term study was

performed on the same compressor system. In this study, data collected over

a period of 16 years (1998-2014) were used as the training dataset – the sample

time for this dataset was two hours, and the number of variables in was 70 –

this differs from the 76 variables used in the previous case study as only 70

common variables were measured throughout the 16 year period. With help
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from the provider of the data, significant preprocessing of the data was per-

formed – heuristics were used to identify non-steady state data such as periods

of system shutdown and triggered alarms, and data surrounding those regions

were removed. Through preprocessing the size of the dataset was reduced to

about 70% of its original size. The remaining data were then normalized and

PCA used as a dimensionality-reduction technique to reduce the number of

variables from 70 variables to 32 principal components, accounting for 99% of

the variance in the data.

The test data consisted of two smaller datasets on a higher resolution

time scale (1 minute sample rate). In the first dataset, the method was tested

to verify if faults can be detected before they were flagged by operators. In

the second case, the method was tested on its false alarm performance – that

is, if the method raises any false alarms.

When the first test dataset was analyzed, the method was able to detect

the fault about an hour and a half before the fault was flagged by operators

previously, while in the second test dataset, no false alarms were raised by the

fault detection mechanism. This demonstrates the method’s capability even

when using training data collected over a long period of time and at a lower

sampling rate. In principle, this also allows for the method to be used in the

detection of slow drifts in process operation over time.

Table 2.2: Comparison between methods on test data

Proposed method PCA T2 PCA Q
Detection Time (Operator flag time is 1:17 PM) 11:48 AM 12 PM 1:19 PM
False alarm raised No Yes No

For further comparison, fault detection was done using PCA T2 and Q

statistics and the same model building methodology described above. Using
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the T2 metric, we are able to detect the fault before the operator flagged

time, but after our proposed method; furthermore, there was evidence of false

alarms prior to fault detection. Using PCA Q metric on the other hand, we

only detected the fault after it was flagged by operators, demonstrating that

it is not as effective as the other two measures.

2.6.3 Flare Detection

A separate industrial case study that was considered was flare detection.

In the petrochemical industry, many process units produce combustible waste

gas that is then fed into a loop, ending in a boiler that uses the gas for steam

generation. The gas is handled by a compressor prior to entering the boiler.

If the capacity of the compressor is exceeded, the excess gas is burned off in

a flare tower. Flaring is undesirable as it is a waste of energy and carries

significant environmental effects and associated penalties.

P5

P4

P3 P2

P1

Steam 

Generation

Flare Tower

Figure 2.12: Theoretical schematic of waste gas loop consisting of process units
(P1 to P5), flare tower, and compressor.

The goal of this case study, therefore, was to attempt to flag the onset
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of flare events before they occur. A model was built using a year’s worth of

training data. PCA was used to reduce the dimensionality of the data from

130 variables to 31 principal components, accounting for 70% of the variance

in the data. The training data contained flare events as well, and these were

removed prior to model building. For validation, fault detection was performed

on the original training data to see if those same removed flare events could

be detected. The results were compared against a calculated metric called the

pressure/level ratio – if the pressure-to-level ratio in the flare tower exceeds

a threshold value, a flare has occurred and the occurrence is flagged. This

metric is used by operators to determine if a flare has occurred or not.

Table 2.3: Comparison of proposed method against calculated flare metric for
validation

Proposed Method Calculated Metric
Flare 1 8:58 AM 10:06 AM
Flare 2 1:01 PM 3:58 PM
Flare 3 2:46 AM 10:34 AM
Flare 4 10:47 AM 6:37 PM

For testing purposes, a day’s worth of more recent test data was then

used to see the performance of the method on new data. The flare event time

was known to be at 8:28 AM, and the proposed method was able to flag the

onset of flaring at 6:49 AM – this again demonstrates that the method is able

to predict the onset of flare and flag the event before it occurs.

2.6.4 Tennessee Eastman Process

The Tennessee Eastman Process (TEP)38 was used to further validate

the fault detection method proposed in this chapter. The motivation behind

this exercise was to test the ability of the proposed method to detect known
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faults; furthermore, the TEP constitutes a very useful benchmark given that

a number of fault detection studies have been published in the literature. In

this chapter, we will refer to the work of Russell et al.27 and Tamura and

Tsujita39, who implemented and tested a complement of linear PCA-based

fault detection methods, as well as to the work by Zhang40, where nonlinear

(kernel) PCA is used. The TEP model was originally provided as a black-box

FORTRAN code29, and ported to MATLAB at a later date41. The latter

version was used in this study. The process is open-loop unstable and two

temperature cascade control loops as suggested by McAvoy and Ye42 were

used to stabilize the process. A process diagram is provided in Figure 2.13.

The TEP simulator has provisions for applying twenty faults (of which

five are not described specifically); they are listed in Table 2.4.

In performing our fault detection tests, we proceeded as follows: for

each fault, the simulator was run for at least 12 hours (720 minutes), and an

individual fault was injected at t = 300 minutes. The random seed of the

noise signal generator was changed between every run. Fault detection using

the proposed framework was conducted on the data obtained from the simu-

lation, with the steady-state operating region being defined based on training

data from a fault-free run of 12 hours. As in the previous case study, using

a threshold of 70% for the variance captured, the number of principal com-

ponents selected was nine, and the variance captured for normal (fault-free)

operation was 70.1%. A 95% confidence ellipse was used for all cases. Sample

Kiviat diagrams are provided below in Figure 2.14.

Sample plots of the temperatures throughout the process are presented

in Figure 2.15.

The results of our fault detection analysis are provided in Table 2.5.
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Figure 2.13: Schematic of the Tennessee Eastman Process38

The data reported in the aforementioned papers are included for comparison.

The detection time refers to the time required for a fault to be reported after

it was injected at t = 300 min.

The data in Table 2.5 show that the proposed fault detection method

performs very well compared to other methods in terms of fault detection time.

One fault (fault 19) was only detected by one of the methods, which can likely

be attributed to the small impact that it has on the system states and outputs.

The false detection and missed detection rates were also computed. A fault is
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Table 2.4: List of available faults in TEP43

Fault No. Description Type
1 A/C feed ratio, B Composition constant (stream 4) Step
2 B Composition, A/C ratio constant (stream 4) Step
3 D feed temperature (stream 2) Step
4 Reactor cooling water inlet temperature Step
5 Condenser cooling water inlet temperature Step
6 A feed loss (stream 1) Step
7 C header pressure loss – reduced availability (stream 4) Step
8 A, B, C feed composition (stream 4) Random variation
9 D feed temperature (stream 2) Random variation
10 C feed temperature (stream 4) Random variation
11 Reactor cooling water inlet temperature Random variation
12 Condenser cooling water inlet temperature Random variation
13 Reaction kinetics Slow drift
14 Reactor cooling water valve Sticking
15 Condenser cooling water valve Sticking
16 Unknown
17 Unknown
18 Unknown
19 Unknown
20 Unknown

only considered detected when two consecutive samples are flagged as a fault.

Since the time when a fault is implemented is known, a binary approach is

taken – all samples taken prior to t = 300 minutes are considered to be normal

operating data, and all samples taken after t = 300 minutes are considered

faulty data. Therefore any samples before t = 300 minutes that are flagged as

a fault result in a false detection, while any sample after that point in time

that is not detected is considered a missed detection. This definition is used

to calculate the false detection and missed detection rates and is similar to the

method used by Zhang to calculate these parameters40. From Table 2.6, note
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(a) Time-explicit Kiviat diagram
for fault 2

(b) Time-explicit Kiviat diagram
for fault 11

(c) Time-explicit Kiviat diagram
for fault 20

Figure 2.14: High-dimensional time-explicit Kiviat diagrams of principal compo-
nents for several TEP faults

that the proposed method compares favorably with the other approaches used

in the literature.

As seen in Table 2.7, the false detection rate of the proposed method

is in line with other methods, while providing improved fault detection times

and lower missed detection rates.
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Figure 2.15: Temperature plots of various process units for Fault 20. All temper-
atures are given in ◦C

2.7 Summary

In this chapter, the key concepts of a Kiviat diagram and the use of

an additional dimension to make plots time-explicit is explored. The crux of

the fault detection methods outlined hereafter, centroids, is introduced and its

derivation explained. For a detailed explanation of the construction of Kiviat

diagrams, please refer to Appendix A.

To demonstrate the use of centroids, a novel method for the detection

of faults in continuous processes based on operating data is proposed. The

method consists of creating a multivariate control chart for large data sets
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Table 2.5: Fault detection time for Tennessee Eastman Process

Detection Time (Minutes)
Russell, Chiang, and Braatz27 Tamura and Tsujita39 Zhang40

Fault No. Proposed Method Avg. Time of other methods PCA T2 PCA Q DPCA T2 DPCA Q CVA T2
s CVA T2

r CVA Q PCA Q PCA T2 KPCA KICA Imp. KICA
1 3 13 21 9 18 15 6 9 6 21 21 15 9 6
2 8 41 51 36 48 39 39 45 75 27 33 30 36 33
3 17
4 2 234 9 453 3 1386 3 9 6 6
5 2 8 48 3 6 6 3 3 0 3 3 3
6 2 9 30 3 633 3 3 3 0 15 15 3 3 0
7 2 5 3 3 3 3 3 3 0 15 15 3 3 0
8 46 64 69 60 69 63 60 60 63 54 60 75 69 60
9 201 899 894 903
10 52 131 288 147 303 150 75 69 132 99 150 60 51 42
11 39 271 912 33 585 21 876 33 81 69 57 45
12 14 15 66 24 9 24 6 6 0 9 6 3
13 124 110 147 111 135 120 126 117 129 48 48 123 114 99
14 8 6 12 3 18 3 6 3 3 3 3 3
15 32 865 2220 2031 27 27 21
16 56 304 936 591 597 588 42 27 33 153 624 27 21 9
17 112 89 87 75 84 72 81 60 69 189 192 57 51 51
18 113 242 279 252 279 252 249 237 252 237 252 222 198 195
19 140 246 33
20 180 189 261 261 267 252 246 198 216 39 45 177 165 135
Blank cells indicate that no fault was detected

Table 2.6: Missed detection rates for Tennessee Eastman Process

Missed Detection Rates (lower is better)
Russell, Chiang, and Braatz27 Zhang40

Fault No. Proposed method PCA T2 PCA Q DPCA T2 DPCA Q CVA Ts
2 CVA Tr

2 CVA Q KPCA KICA Imp. KICA
1 0.018 0.008 0.003 0.006 0.005 0.001 0 0.003 0 0 0
2 0.018 0.02 0.014 0.019 0.015 0.011 0.010 0.026 0.02 0.02 0.02
3 0.542 0.998 0.991 0.991 0.990 0.981 0.986 0.985 0.96 0.94 0.92
4 0.040 0.956 0.038 0.939 0 0.688 0 0.975 0.91 0.18 0.19
5 0.002 0.775 0.746 0.758 0.748 0 0 0 0.75 0.71 0.71
6 0.005 0.011 0 0.013 0 0 0 0 0.01 0 0
7 0.007 0.085 0 0.159 0 0.386 0 0.486 0 0 0
8 0.102 0.034 0.024 0.028 0.025 0.021 0.016 0.486 0.03 0.03 0.02
9 0.829 0.994 0.981 0.995 0.994 0.986 0.993 0.993 0.96 0.95 0.95
10 0.138 0.666 0.659 0.580 0.665 0.166 0.099 0.599 0.57 0.19 0.20
11 0.171 0.794 0.356 0.801 0.193 0.515 0.195 0.669 0.76 0.19 0.18
12 0.069 0.029 0.025 0.01 0.024 0 0 0.021 0.03 0.03 0.02
13 0.283 0.06 0.045 0.049 0.049 0.047 0.040 0.055 0.06 0.05 0.05
14 0.040 0.158 0 0.061 0 0 0 0.122 0.21 0 0
15 0.188 0.988 0.973 0.964 0.976 0.928 0.903 0.979 0.95 0.95 0.94
16 0.138 0.834 0.755 0.783 0.708 0.166 0.084 0.429 0.70 0.20 0.20
17 0.266 0.259 0.108 0.240 0.053 0.104 0.024 0.138 0.26 0.05 0.05
18 0.266 0.113 0.101 0.111 0.100 0.094 0.092 0.102 0.10 0.10 0.09
19 0.996 0.873 0.993 0.735 0.849 0.019 0.923 0.97 0.25 0.23
20 0.411 0.701 0.570 0.644 0.558 0.44 0.342 0.547 0.59 0.42 0.50
Blank cells indicate that no fault was detected
Missed detection rates not available for Tamura and Tsujita39

through the use of time-explicit Kiviat diagrams. PCA can be used to reduce

the dimensionality of the data as well when needed. Through the use of

centroids it is possible to capture snapshots of the process at any given point
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Table 2.7: False detection rates for Tennessee Eastman Process

False Detection Rates (lower is better)
Proposed method 0.032

Russell, Chiang, and Braatz27 PCA T2 0.014
PCA Q 0.16
DPCA T2 0.006
DPCA Q 0.281
CVA Ts

2 0.083
CVA Tr

2 0.126
CVA Q 0.087

Zhang40 PCA T2 0.005
KPCA T2 0.0152
KICA T2 0.0031
Improved KICA T2 0.0027

False detection rates not available for Tamura and Tsujita

in time and monitor the process through the use of multivariate control charts.

This is superior to the use of univariate control limits in parallel coordinates.

An added benefit of the framework is a time-explicit visual representation

of multivariate data, which was not possible using most traditional plotting

methods.

Through extensive validation, it is shown that the developed method

performs comparably with existing fault detection algorithms from the litera-

ture. Further, we showed that its application to real plant operating data for a

multi-stage compressor as well as to a waste gas loop could lead to anticipating

the advent of systemic faults such as surge and flaring prior to these events

being detected and flagged by operators.
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Chapter 3

Time-explicit Kiviat Diagrams: Framework

and Application to Fault Detection in Batch

Processes

In this chapter, time-explicit Kiviat plots are used to visualize and

perform fault detection on process data obtained from batch processes. The

sections below introduce the challenges associated with batch data and how

time-explicit Kiviat plots can be used to resolve these challenges in a novel

fashion. This chapter closely follows material to be published in Wang et al.44

3.1 Background

Batch processing is extensively used in the production of high-value,

typically low-volume materials including pharmaceuticals and microelectron-

ics. The economic cost of lost process performance is typically elevated, and

has motivated extensive research in batch process monitoring, fault detection

and control. Data-driven methods have an important role in this area. The

operating data sets used for model-building purposes comprise measurements

of the process variables collected from many batch runs, and are thus often of

the “big data” class.

A primary challenge for batch process monitoring techniques is to define

“normal” operation, i.e., the “yardstick” by which subsequent operating cycles
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are evaluated and can be identified as successful or failed. The states of a batch

system are constantly changing, and the system may go through multiple

phases involving multiple unit operations45 and, as a consequence, there is no

nominal steady-state to refer to (as is the case in continuous systems). Rather,

the control, monitoring and performance evaluation methodologies developed

for batch processes must account for their transient, dynamic nature.

Secondly, batch durations are not fixed, meaning that the duration of

the phases of a batch process can change between runs, which in turn hinders

the use of models that assume that the process will or should be in a specific

state at a particular time instant.

Finally, there are two different types of variability to consider: intra-

batch variations (variations that occur within a single batch run) and inter-

batch (or run-to-run) variations (variations that occur across runs). Equiv-

alently, there are two time scales to consider: a fast time scale which is the

order of magnitude of the rate of evolution of a batch, and a slower time scale

that spans the time horizon of a production campaign that involves multiple

batches.

The body of literature on data-driven batch process monitoring (which,

amongst others, attempts to address the above challenges) is vast46. One of

the most widespread approaches is multi-way principal component analysis

(MPCA), introduced by Wold et al.47 and popularized by Nomikos and Mac-

Gregor31;48. The key idea behind MPCA is the batch-wise unfolding of the

three-dimensional (Time x Variables x Batches) batch data matrix into a spe-

cific two-dimensional matrix that captures the variation of the data across

batches, followed by conducting principal component analysis (PCA) on this

“unfolded” data structure. Several variations of MPCA methods were intro-
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duced later: Yoo et al.49 and Lee et al.50 used multi-model MPCA and kernel

MPCA to monitor the different phases of the batch operation. Li et al. used

a recursive approach with PCA to perform adaptive monitoring of batch pro-

cesses to update the model51. Yoo et al. also explored using independent

component analysis (ICA) to analyze unfolded batch data52. Hu et al53 and

Kourti et al.54;55 have also applied the same unfolding method, but using par-

tial least squares (PLS) instead to relate the batch quality variables to the

batch process variables. Wurl et al. used PLS to specifically monitor batch

startup56.

In a different vein, Meng et al.57 proposed the use of parallel factor

analysis to perform online batch monitoring, with the benefit that the method

can handle three-dimensional data directly without the need for unfolding. A

comparison of the MPCA and PARAFAC approaches can be found in West-

erhuis et al.58.

An alternate approach to online multivariate statistical process mon-

itoring can be found in Ündey et al.59 Ündey et al. employ variable-wise

unfolding for online process monitoring as it can handle unequal batch lengths

easily and avoids needing to account for uneven batches during data process-

ing. Later works by Yu et al.60 and Camacho et al.61 further developed the

use of variable-wise unfolding in online process monitoring.

Dynamic principal component analysis (DPCA), initially developed for

the analysis of transient continuous processes26 has also been applied to batch

data, in this case to capture intra-batch variations in the data62.

In this chapter, we present a novel approach for monitoring and fault

detection in batch processes based on visualization of batch operating data in

Kiviat plots. The novelty of this contribution consists of an extension of our

39



previous results to account for the inherent transients present in the operat-

ing cycles of batch systems, while dealing with variability in cycle durations.

A time-wise unfolding (as opposed to the conventional batch-wise unfolding)

rearrangement of the data collected from multiple runs of a batch process is

proposed. The resulting “flattened” batch data are utilized to construct refer-

ence batch trajectories and the corresponding time-varying confidence intervals

for process monitoring and fault detection.

3.2 Visualizing Batch Data

In the case of continuous processes, the plot can only be used to repre-

sent a snapshot of process operations (that is, the time window of data that

can be plotted is inherently finite). On the other hand, the trajectory of a

batch can be represented in its entirety.

In analyzing batch process operations it is, however, of interest to an-

alyze, visualize and compare multiple (successive) batches. To this end, the

corresponding data must be unfolded; that is, the (I×J×K-dimensional data

matrix (with I batches, J time samples and K process variables - Figure 3.2a)

must be converted into a two-dimensional array. Most approaches relying on

principal component analysis or partial least squares regression (PCA/PLS)

use a batch-wise unfolding of the data (Figure 3.2b), whereby the matrix re-

structured into a I × JK-dimensional array.

By contrast, in this work a time-wise unfolding of the data (Figure 3.2c)

is proposed, whereby the data are rearranged in a time by batch and variable

manner, resulting in a J × IK-dimensional array.

The motivation for this unfolding approach, which will become more
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(a) Continuous process data are plotted
on a fixed-length window, where data up-
dated in a first-in, first-out fashion in or-
der to represent current and immediate
past values.

(b) Batch process data are represented
in their entirety, and the size of the time
window is adjusted to match the (known)
batch lengths. Multiple (e.g., color coded)
batches can be visualized on the same
plot.

Figure 3.1: Representation differences of centroids in time-explicit Kiviat diagrams
for continuous and batch processes.

apparent below, stems from our interest in characterizing the trajectory of

specific batches (in terms of successful or faulty): it is thus critical to cap-

ture how each variable of each batch evolves along the batch/time coordinate.

Time-wise unfolding more explicitly preserves the time-series nature of the

data than batch unfolding.

3.3 Fault Detection Using Time-explicit Kiviat Plots
for Batch Processes

In this section, we describe the use of the aforementioned visualization

framework in performing analysis of batch data and detection of faulty batches.

To begin, we make the following assumptions:

Assumption 1. A set of successful reference (“golden”) batches has been iden-
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Figure 3.2: Unfolding of batch data, the different column and row lengths corre-
spond to differences in batch length

tified and the corresponding data are available.

Assumption 2. The differences between the durations of all batches (batch

lengths), whether reference batches or new data corresponding to a new/unknown

batch, are not statistically significant.

Assumption 1 allows us to define a time-dependent confidence region

in the time-explicit Kiviat plot, such that if the centroids of all batch samples

fall within this region, the batch can be considered to be successful, and faulty

otherwise. Assumption 2 safeguards against triggering false alarms when the
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duration of a batch exceeds that of the reference batches, and will be relaxed

later.

Using these assumptions, the confidence region can be defined as fol-

lows:

1. Perform time-wise unfolding of the reference set of batch data, and plot

them in the time-explicit Kiviat diagram

2. In this representation, each data “slice” contains the values of all the

variables across all reference batches at the corresponding sampling time

(Figure 3.3). Assumption 2 ensures that the values of the same variable

will be similar across the set of batches.

Batch 1
Batch 2
Batch 3
Batch 4
Batch 5

Figure 3.3: Each colored polygon is a sample of the process at the same time
instant across batches.

3. Determine the centroids of the polygons corresponding to the visualiza-

tion of each batch following the method described in the previous chap-

ter, and plot them in a (separate) time-explicit Kiviat diagram (Figure

3.4).
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Batch 1
Batch 2
Batch 3
Batch 4
Batch 5

Figure 3.4: The corresponding centroid to each sample reading across batches is
colored correspondingly.

4. Construct a confidence region for the centroids at each time instant (Fig-

ure 3.5).

Batch 1
Batch 2
Batch 3
Batch 4
Batch 5

Figure 3.5: The confidence region is drawn around the centroids alone in blue.

Below, the process for determining the confidence regions is detailed:

• Assuming the centroids for all batches at every sample time have

been determined through methods described in the previous chap-
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ter, calculate the covariance matrix C at every sample point.

Ct = XtX
ᵀ
t , t ∈ N (3.1)

Where X is the matrix of the coordinates of the centroids in the

2D plane of the Kiviat plot (calculated using Equation 2.1 in the

previous chapter), and N is the run length of the batches.

• Compute the eigenvalues λt and eigenvectors vt of the covariance

matrix

λtvt = Ctvt, t ∈ N (3.2)

• The eigenvalues λt, along with the critical value of the χ2 distri-

bution κ, are then used to calculate the length of the axes of the

ellipse as follows

lti = 2
√
κλti ∀t ∈ N, i ∈ [1, 2] (3.3)

• Using the calculated lengths as the new eigenvalues and the original

eigenvectors directions, the equation of the confidence ellipse takes

the form

(Xt − X̄t)
ᵀΣt(Xt − X̄t) = 1 (3.4)

with X̄t being the mean of the centroids at time t and Σt the matrix

with the desired eigenvalues and eigenvectors described in the prior

step.

5. Plot the confidence region in time-explicit Kiviat plot. The confidence

region will typically take the shape of a funnel when viewed in three

dimensions (Figure 3.6).
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Figure 3.6: Confidence region at every data point drawn (green) for sample batch
process data resembles a funnel or tube in 3D.

The visualization framework described above offers a natural means

for performing analysis and fault detection on data collected from batches

run outside the reference set. To this end, the centroids of data from a new

batch are plotted (see Step 3 above) on the same plot as the confidence region.

If any points fall outside the confidence region, the batch can be considered

faulty; conversely, if all points are within the region, the batch is successful.

Note that this approach is applicable both off-line (i.e., to data collected at

the completion of the batch, and representing the entire trajectory) and in

real-time, with data being represented and analyzed as they are collected from

the physical system.
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3.3.1 Batch Alignment

A potential challenge for the application of the proposed methodology

arises in cases when Assumption 2 is not fulfilled. That is, the durations of

the reference batches and the lengths of the batches to be analyzed are quite

different. A conceivable consequence of this discrepancy is that there may not

be a sufficient number of “long” batches (i.e., batches with the most extensive

duration) to obtain appropriate confidence ellipses in the final sections of the

batch time span. In order to deal with such circumstances, Assumption 2 is

relaxed to:

Assumption 3. The durations of the batches captured in the reference data

set are sufficiently different to reveal the fact that batch duration variability

in the operation of the process under consideration is significant.

Assumption 3 then suggests that the analysis procedure described above

should be accompanied (and, indeed, preceded by) a data preprocessing step,

whereby all batches are aligned to a common duration. There are several ways

to handle this task. The simplest is truncation of data; however, its simplicity

comes at the cost of information loss, and expert knowledge is often key to ob-

taining meaningful results. Another relatively simple and intuitive approach

is the method of indicator variables (IV), where a monotonically increasing

or decreasing process variable is used to track batch progress and to establish

whether or not a batch run is complete58. However, such indicator variables

cannot be identified in all practical cases of interest. Statistics Pattern Analy-

sis (SPA), proposed by He et al.63, deals with this challenge by characterizing

uneven batches through batch statistics such as the mean, covariance, and

skewness.
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Dynamic time warping (DTW) is a widely-used method for aligning

time-series data, and has been successfully applied to align batch trajectories.

The principle is quite simple, and consists of shifting data points (which visu-

ally amounts to “stretching” and ”warping” the plot of the data against time)

such that an appropriately defined distance between the data set under consid-

eration and a reference data set is minimized and the key features of the data

are aligned64. Kassidas and MacGregor applied DTW to the synchronization

of batch trajectories, aiming to obtain new data sets having the same duration

but preserving their original dynamic features65.

Subsequent modifications, such as robust derivative DTW66 and cor-

relation optimized warping67 aimed to improve the performance of the DTW

algorithm. In this chapter, DTW is used as a pre-processing method for align-

ing batch data. In particular, we will rely on asymmetric DTW as described

by Kassidas and MacGregor65. In regular DTW, only pairs of batches may be

compared at a time – furthermore, the length of the resulting aligned batches

may differ for different pairs of batches. For instance, if a reference batch A

is used to align both batch B and batch C, the resulting aligned batches of A

with B as well as A with C may be different. So although the batch pairs may

be aligned with one another, they are not aligned with all other batches.

Asymmetric DTW handles this problem by aligning one pair of batches

together, then using the reference batch in that pair to map all subsequent

batches. Although all following batches are still aligned pairwise with the

reference batch, the resulting warping of this new pair is mapped back to the

warping presented in the original batch pair. In doing so not only are the

batches aligned with the reference batch, but they are also all of equal length

to the first batch pair alignment.
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3.4 Case Studies

3.4.1 Fed-Batch Penicillin Reactor

In order to demonstrate the batch monitoring and fault detection tech-

niques described in this chapter, the PenSim simulator developed by Birol et

al.68 is utilized to model the performance of a fed-batch reactor that produces

penicillin. A schematic of the reactor is presented in Figure 3.7.

Acid

Base

Cold 

Water

Hot Water

FC

FC

Temp.

pH

Substrate

Air

Figure 3.7: Schematic of the PenSim process68

The inputs to the simulator are the aeration rate, agitator power of the

reactor, glucose feed rate and feed temperature. The outputs of the simulator

are concentrations of the species in the reactor – biomass, glucose, penicillin,

dissolved oxygen, and carbon dioxide – as well as culture volume, acid flow

rate, base flow rate, reactor temperature, generated heat, pH value, and cool-

ing/heating water flow rate68. A total of sixteen process variables (Table 3.1)

are considered to be measured and thus can be used for process monitoring

and fault detection. Two feedback control loops (pH and temperature) are

implemented. Faults can be induced selectively to the aeration rate, agitator
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Table 3.1: List of variable numbers and their corresponding descriptions. All
variables values are normalized prior to use.

Variable Number Variable Description
x1 Aeration rate (l/hr)
x2 Agitator power (W )
x3 Substrate feed rate (l/hr)
x4 Substrate temperature (K)
x5 Substrate concentration (g/l)
x6 Dissolved oxygen concentration (g/l)
x7 Biomass concentration (g/l)
x8 Penicillin concentration (g/l)
x9 Culture volume (l)
x10 Carbon dioxide concentration (g/l)
x11 pH
x12 Temperature (K)
x13 Generated heat (cal)
x14 Acid flow rate (ml/hr)
x15 Base flow rate (ml/hr)
x16 Cooling/Heating water flowrate (l/hr)
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power or the glucose feed rate. For more information, the reader is referred to

the original publication by Birol et al.68

In this case study, a reference data set consisting of twenty batches

of fault-free data was generated. These are used to generate the ellipses that

characterize normal batch operation (Figure 3.10) illustrates this process using

a smaller number of batches (six) in order to preseve clarity. Subsequent

simulations were run to obtain faulty data, with a fault (either a step or ramp

fault) being introduced at t = 100 h, and lasting till t = 130 h. The magnitude

and type of fault were varied, allowing for the generation of multiple “faulty”

batches. A list of faults tested is found in Table 3.2.

The data from one batch is presented in both the conventional multi-

variable view (Figure 3.8) and the 3D Kiviat plots view (Figure 3.9) for visu-

alization purposes.

For comparison purposes fault detection using the online multiway PCA

(MPCA) framework outlined in Lee et al. was also conducted on the same

faults50. The results from MPCA are presented alongside results found using

the proposed method.

Table 3.2: List of available faults in PenSim

Fault No. Description Type
1 30% increase in substrate feed Step
2 0.1 l hr−1 increase in substrate feed Ramp
3 30% increase in aeration rate Step
4 1 l hr−1 increase in aeration rate Ramp
5 30% increase in agitation rate Step
6 0.01 W increase in agitator power Ramp
7 Break down in temperature control loop Break down
8 Break down in pH control loop Break down
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Figure 3.8: Values of all 16 variables (Table 3.1) plotted on score plots.

Table 3.3 shows the fault detection speeds of the proposed method for

different types of faults.

The false detection rates (defined as faulty samples before the fault is

implemented) for the different methods are also shown in Table 3.4.

These results above demonstrate that the proposed framework allows

for detecting faults occurring in batch processes at a similar speed to that of

52



0

100

200

300

400

x9

500

x10x8

600

x6

x4

x11x7

S
am

pl
e 

N
o.

x12 x13x5 x14x15x3 x16x2 x1

Figure 3.9: One batch process run represented on a single radial plot. Each labeled
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(a) Reference batch data. (b) Confidence region (green).

Figure 3.10: Batch data and the corresponding confidence regions (six batch runs
are used for clarity).

MPCA, while reducing the number of false alarms raised. Furthermore, the

methodology provides an intuitive means for visualizing batch data, which can
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Table 3.3: Fault detection times for PenSim data (lower is better)

Dataset # Fault Detection Time
(Confidence ellipse
method)

MPCA T2 MPCA SPE

1 1 0.5 0.5
2 7 2.5 3.5
3 0.5 0.5 0.5
4 0.5 1.5 0.5
5 0.5 0.5 0.5
6 3 3 3.5
7 1 1.5 0.5
8 1 1 1

Table 3.4: False detection rates for PenSim data (lower is better)

Dataset # False Detection Rates
(Confidence ellipse
method)

MPCA T2 MPCA SPE

1 0 0.345 0.055
2 0.01 0.285 0.065
3 0.08 0.275 0.035
4 0.02 0.115 0.025
5 0.125 0.205 0.11
6 0.065 0.215 0.135
7 0.155 0.205 0.14
8 0.105 0.485 0.205

be helpful both for monitoring purposes (i.e., in real time) and later analysis

and reporting of process operations.

3.4.2 Semiconductor Etching Process

The next case study focuses on the semiconductor etching process

dataset described by Wise et al.69 and further studied by He et al.70;63. The

data are obtained from the industrial operation of a LAM 9600 Metal Etcher

at Texas Instruments69 over 129 wafers, with each wafer etching operation

being considered as an individual batch. Of the 129 batches, 108 were oper-

ated under normal conditions, while the remaining 21 batches were subject to

intentionally induced faults. There are a total of 19 measurements for each

batch and the data are presented with a 1-second sampling time.
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The 108 normally-etched batches were used as training data and the 21

faulty batches were used as testing data. The performance of a fault detection

approach is considered satisfactory if all 21 faults are detected. Batch length

variation was small, with a mean length of 100 samples and a standard vari-

ation of 8 samples; thus, no additional preprocessing was carried out beyond

normalization of the data set. A visualization of the training data is shown in

figure 3.11.
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Figure 3.11: Visualization of 6 training data batches (individually colored) and
the confidence ellipse built around all batches (green). Due to insufficient samples
at the end of batches, confidence ellipses are not generated for the last samples.

Table 3.5 lists the faults induced as well as the results of fault detec-

tion using the method proposed in this paper and, for comparison, the results

obtained using two other methods found in literature. 20 of the 21 faults are

analyzed to keep the comparison even across the three methods. The first

method used as a basis for comparison is Statistical Pattern Analysis (SPA),
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which was briefly covered in the previous section, and entails the use of higher

moment statistics such as skew and kurtosis of the batches in process moni-

toring, as opposed to analyzing process data directly63. The second method

used for comparison purposes is based on k-Nearest Neighbor (kNN) rules for

fault detection70, under the premise that a faulty sample will be further from

the nominal normal trajectory than a non-faulty sample. For detailed descrip-

tions of the faults, please refer to the paper by Wise et al.69 Fault detection is

reported as a binary result (detected or not detected), in line with the results

presented in related past publications63;70.

The proposed method achieves comparable or superior fault detection

performance compared to the methods previously reported in the literature.

Notably, 19 of the 20 faults are detected (vs. 19 for SPA and only 17 for kNN).

3.5 Summary

In this chapter, using the concept of centroids as described earlier in

the dissertation, and being cognizant of the differences between continuous

and batch processes, a novel fault detection method using time-explicit Kiviat

diagrams is introduced and used to analyze multi-dimensional, transient data

from batch processes.

As is the case with many methods dealing with batch processes, the

proposed framework relies on the assumption that batch lengths are (nearly)

the same. If the batches are of dissimilar lengths, confidence ellipses near

the end of a run will be inaccurate due to insufficient data. In such a situ-

ation, dynamic time warping (specifically, asymmetric dynamic time warping

(aDTW)65) can be used to obtain a set of transformed batch data that are of

the same length.
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Table 3.5: Fault detection results for TI Etch data69

Fault Description Proposed method SPA63 kNN70

TCP +50 1 1 1
RF -12 1 1 1
RF +10 0 1 0
Pr +3 1 1 1
TCP +10 1 0 0
BC13 +5 1 1 0
Pr -2 1 1 1
Cl2 -5 1 1 1
He Chuck 1 1 1
TCP + 30 1 1 1
Cl2 +5 1 1 1
RF +8 1 1 1
BC13 -5 1 1 1
Pr +2 1 1 1
TCP -20 1 1 1
TCP -15 1 1 1
Cl2 -10 1 1 1
RF -12 1 1 1
BC13 -10 1 1 1
Pr +1 1 1 1
TCP +20 1 1 1

The proposed methodology was applied to two case studies. In the first

case study, a comparison with the established multi-way PCA approach showed

that the proposed method has comparable fault detection speeds while showing

lower false detection rates, with the additional benefit of an intuitive visual-

ization of process data. Comparison with more recently introduced methods

such as SPA in the second case study showed similar results in terms of fault

detection – both methods were able to detect most of the faults present in

the semiconductor etching process dataset. Furthermore, the latter case study
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demonstrated that our approach can deal with unequal batch lengths, as long

as the differences in batch duration are small.
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Chapter 4

Time-explicit Kiviat Diagrams: Framework

and Application to Fault Detection in Periodic

Processes

4.1 Introduction to Periodic Processes

Periodic, cyclical operation has found several important applications in

the chemical process industries. On the one hand, there are processes which,

due to physical limitations, must be run in a cyclical fashion. Notable exam-

ples here include separation systems, such as pressure- and temperature-swing

adsorption, whereby the limited capacity of the adsorbent is compensated

for by operating multiple adsorbent-filled vessels (“beds”) in parallel, with

typically one bed being in contact with the process stream while the others

undergo regeneration steps72;73. Chromatographic separations fall under the

same category – the control and optimization of simulated moving beds, which

involves the switching of inlet and outlet feeds periodically, has been a topic

of exploration74;75;76.

This chapter follows closely the material published in R. Wang, T.F. Edgar, and M.
Baldea. A geometric framework for monitoring and fault detection for periodic processes.
AIChE Journal, 2017.71 The author is the primary author of the paper and carried out all
research outlined in the paper.
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Periodic operation can also be imposed on what would otherwise be

conventional continuous processes in order to improve operating economics.

Assuming a process model is available, the Π criterion77;78 provides the the-

oretical foundation for determining the merit of employing such an operation

and control strategy for for improving process performance. The Π criterion

has been applied early on to analyze and enhance the operation of chemical

reactors79;80;81;82 and was later studied extensively in the context of process op-

erations and control83;84;85. It is, nevertheless, worth noting that Π criterion-

based analysis becomes unwieldy as the complexity of the process (and of its

model) increases.

The desirable effects (typically expressed in terms of improved yield

of a useful product) of “periodic forcing” or “forced modulation” on chemical

reaction networks86;87;88 have been acknowledged in the literature. Specific ex-

amples of process applications of cyclical/periodic operation include ammonia

synthesis89, catalytic oxidation90, catalytic cracking91, and polymerization92.

The process units used in these periodic operations range from continuously

stirred tank reactors (CSTRs) to catalytic reactors93;94;95. More recently, Ili-

uta and Larachi96 explored the periodic operation of carbon capture systems.

Moreover, it was shown in the context of economic model predictive control

(EMPC), that the economically optimal operation of what are habitually con-

sidered continuous processes, may in fact be periodic97;98;99;100;101.

The economic importance of periodic processes provides a strong incen-

tive for ensuring their operational performance, with process monitoring and

fault detection being a key enabler to this end. However, process monitor-

ing techniques for periodic processes have received insufficient attention in the

literature. It is important to note that the methods and tools used for mon-
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itoring continuous processes do not translate directly to the periodic realm,

owing to the fact that a these processes are constantly in a transient regime –

a periodic process is essentially never at a “steady state” in the sense utilized

in continuous process operations. As an alternative method, Pan et al. pro-

posed using a stochastic state space model to describe the statistical behavior

of changes on a cycle-to-cycle basis and used a Kalman filter method for pro-

cess monitoring on a waste water treatment system.102. On the other hand,

tools used in batch process monitoring, such as Multiway Principal Compo-

nent Analysis (MPCA), are to some extent applicable in periodic systems. For

example, in Kim et al.103, MPCA was used to monitor periodic (daily as well

as seasonal) air pollution in subway stations. Using MPCA, the authors were

able to predict more accurately the air quality in subway stations compared to

univariate monitoring methods, as well as to isolate characteristics of seasonal

variations of different air pollutants. Nevertheless, there are important dif-

ferences between batch and periodic systems: chemical batch processes follow

a recipe with well-defined start point and desired end-point characteristics;

the evolution of the process between these points may vary in duration and

trajectory in the state space. On the other end, the start and end points for

cyclical processes coincide, and a periodic steady-state is reached, whereby the

state-space trajectory of one cycle differs minimally from the preceding and

subsequent ones.

Motivated by the above, a novel approach for monitoring and fault

detection in periodic processes is presented in this chapter. A two-step fault

detection approach is outlined, based on detecting inter-cycle variations to

locate a faulty cycle, and intra-cycle changes to determine the exact timing of

a fault. The application of the method is illustrated with two simulation case
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studies.

4.2 Motivating Examples

4.2.1 Rotating Wheel

An everyday life example is used to illustrate the challenge of detecting

faults in the operation of periodic systems. Consider a rotating wheel trav-

eling along a smooth surface (Figure 4.1). A sensor (shown in red on Figure

4.1a) measures the distance between the sensor location on the wheel and the

ground; as the wheel rotates, the sensor output is periodic (Figure 4.1b).
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Figure 4.1: Rotating wheel with position sensor and corresponding sensor output

This simple example is modeled using a 18” wheel in diameter, without

taking into account any friction effects. The wheel makes a full revolution once

every 4 seconds.

Assume now that a small obstacle (e.g., a pebble) appears in the path

of the wheel, creating a disturbance in its operation. The wheel will likely

continue its travel by rolling over the obstacle, but the cyclical pattern of

rotation will be disturbed (Figure 4.2).
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Figure 4.2: Illustration of wheel example with pebble (a), and corresponding
measurement output (it is hard to determine when the disruption has occurred) (b)

This disruption may not be readily observable in the sensor output,

and it is thus difficult to determine the point in time when the disturbance

has occurred (Figure 4.2b).

However, consider now that an additional sensor is available, providing

a measurement of the horizontal movement of the wheel; corroborated with the

first sensor data, a composite measurement, the distance traveled per wheel

rotation (i.e., distance traveled per cycle), can be obtained. On a smooth sur-

face, the horizontal distance traveled is the same for every full rotation; in the

presence of a disturbance, the distance traveled per rotation will change. Note

that this composite value is not cyclical; rather, it is a sampled measurement

that characterizes each cycle and as a consequence, when a periodic steady

state is reached, its value will be stationary. Conversely, when cycles deviate

from the said periodic steady-state, the value of the composite metric will

change, pointing out inter-cycle variations (Figure 4.3b). Once the problem-

atic cycle has been identified, the exact point in time when the disturbance has

occurred (i.e., an intra-cycle analysis) can be performed by comparing data
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from this cycle to data pertaining to normal operating cycles.
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Figure 4.3: Illustration of distance measurement used (a), and corresponding out-
put over four cycles (b)

4.2.2 CSTR with Periodic Operation

Consider a system described in the early literature by Dorawala and

Douglas104. The process consists of a CSTR where feed material A undergoes

two competing reactions, 2A→ B and A→ C. The process can be described

using a system of three coupled differential equations:

dCA
dt

= −k1exp(
−E1

RT
)C2

A − k2exp(
−E2

RT
)CA +

q

V
(CAo − CA) (4.1)

dCB
dt

= k1exp(
−E1

RT
)C2

A −
q

V
CB (4.2)

dT

dt
=

q

V
(Tf − T ) +

Ua

V CPρ
(Tc − T )+

1

CPρ
[(−∆H1)k1exp(

−E1

RT
)C2

A + (−∆H2)k2exp(
−E2

RT
)CA] (4.3)
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Table 4.1: Parameters for CSTR modeled by Dorawala and Douglas104

k1 = 1× 1019ft3/lbmolh k2 = 9.49× 1012h−1
E1 = 28000cal/gmol E2 = 21000cal/gmol
T = 331.78K Tf = Tc = 319.1K
q = 10ft3/h V = 100ft3

R = 1.987cal/gmolK Ua = 88.5Btu/h◦R
Cp = 1Btu/lbmol◦R ρ = 1lbmol/ft3

(−∆H1) = 27000Btu/lbmol (−∆H2) = 20000Btu/lbmol
Cao = 0.01lbmol/ft3

Table 4.2: Variable definitions for CSTR modeled104

k1,k2 Rate constants
E1,E2 Activation energies
T Temperature of reactor
Tf Temperature of input flow
Tc Temperature of cooling jacket
q Input flowrate
V Volume
R Gas constant
Ua Heat transfer coefficient
Cp Specific heat
ρ Density
(−∆H1), (−∆H2) Enthalpy of reactions
Cao Input flow concentration

with the parameters given in Table 4.1. A description of the variables is

provided in Table 4.2.

Sterman and Ydstie83 demonstrated that periodic operation of this

system (imposed using the feed temperature Tf as a manipulated variable,

subject to sinusoidal forcing) leads to a considerable 7.7% improvement in

yield compared to operating at steady state.

The reactor state variables subject to operation under the periodic con-
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trol developed by Sterman and Ydstie are shown in Figure 4.4, demonstrating

complex operating patterns that are difficult or impossible to analyze using

available tools for continuous or batch processes.
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Figure 4.4: Evolution of CSTR composition and temperature during periodic
operation

The simple examples shown above point out several essential features

of, and analysis challenges related to, monitoring the operation of periodic

systems:

• Monitoring and fault detection must consider both inter-cycle and intra-

cycle variations

• The systematic identification and characterization of the periodic steady

state from operating data is critical

• The characterization of the periodic steady state may be facilitated by

using multiple sensors and, as a consequence, the size of the data sets

collected from process operations may grow

• The appropriate visualization of process data may be of considerable

assistance in performing fault detection and in communicating the out-

comes of fault detection analysis to, e.g., process operators.
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4.3 Fault Detection Using Time-explicit Kiviat Diagrams
for Periodic Processes

In what follows, the framework provided by time-explicit Kiviat dia-

grams is relied on to develop a new approach for visualization of data collected

from periodic processes, and for performing visualization-based fault detection.

The use of centroids for representing process data is key to the ap-

proach, as it will allow for the definition of a normal operating state from

both an inter-cycle and intra-cycle perspective, as well as the corresponding

deviations/faults. Note that the centroids of time-explicit Kiviat diagrams

constitute an ideal means for visualizing data from periodic process opera-

tions: Figure 4.5 shows a plot of the centroids of each data sample for the

three dimensional data obtained from the CSTR in the example presented

above (also refer to Figure 4.4).
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Figure 4.5: (a) Time-explicit Kiviat diagram of centroids of data from CSTR
example (b) top-down view evidencing cyclical behavior.

In developing the methodology below, two reasonable assumptions are

used:

Assumption 1. A set of successful reference cycles has been identified.
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Assumption 2. The amount of time each cycle takes (the period of the cycle)

is known.

Assumption 1 is common to all data-driven process monitoring ap-

proaches, and ensures that the normal, fault-free operating state can be ap-

propriately defined. Assumption 2 reflects the fact that the duration of each

cycle is either known (given that cyclical operation is induced by a controller,

either based on switching setpoints or via some programmable logic) or can

be determined from data.

On the basis of these assumptions, a two-step fault detection method-

ology is proposed as follows:

4.3.1 Inter-cycle Detection

Step 1: Select a subset of “normal” historical data from the available data set,

per Assumption 1.

Step 2: Separate available “normal” historical data into n cycles; this is possible

since per Assumption 2 the duration of each cycle is known or can be

determined. Determine the centroids of each data sample within each

cycle.

Step 3: For each cycle, determine a “centroid of centroids”, i.e., the average of

all the centroids in that particular cycle. This “centroid of centroids”

is calculated by finding the average of the X and Y coordinates of all

the centroids in that cycle. This step produces n such cyclic centroids

corresponding to n cycles in the data (Figure 4.6).

Step 4: Use the cyclic centroids to define an inter-cycle confidence region. This

region is elliptical in shape and is defined as follows:
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Figure 4.6: Depiction of centroids and cyclic centroids (One cycle illustrated)

• Calculate the covariance matrix C of all the cyclic centroids

Ct = XtX
ᵀ
t , t ∈ n (4.4)

Where X is the matrix of the coordinates of the centroids in the

2D plane of the Kiviat plot, and n is the number of cycles in the

data.

• Compute the eigenvalues λt and eigenvectors vt of the covariance

matrix

λtvt = Ctvt, t ∈ n (4.5)

• The eigenvalues λt, along with the critical value of the χ2 distri-

bution κ, are then used to calculate the length of the axes of the

ellipse as follows

lti = 2
√
κλti ∀t ∈ n, i ∈ [1, 2] (4.6)
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• Using the calculated lengths as the new eigenvalues and the original

eigenvectors direcetions, the equation of the confidence ellipse takes

the form

(Xt − X̄t)
ᵀΣt(Xt − X̄t) = 1 (4.7)

with X̄t being the mean of the centroids at time t and Σt the matrix

with the desired eigenvalues and eigenvectors described in the prior

step.

Steps 2-4 allow for the carrying out of inter-cycle fault detection as

follows:

Step 5: For any data not part of the historical training data set used in the

previous steps, flag a cycle as problematic if the corresponding cyclic

centroid lies outside the cyclic confidence ellipse (Figure 4.7).

Cyclic Centroids

Problematic 

Cyclic Centroid

Cyclic Confidence 

Ellipse

Figure 4.7: Illustration of cyclic centroid inter-cycle fault detection step. The
problematic cycle is identified in black.
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4.3.2 Intra-cycle Detection

The identification of problematic cycles now allows for intra-cycle de-

tection to be performed; to this end, a set of intra-cycle confidence regions is

defined and used as described below:

Step 6: Using the same technique as in Step 4, define a confidence region for

each sample across all non-problematic cycles (for cycles with period m

and sampling time of 1, the number of confidence regions generated is

also m) – Figure 4.8.

Step 7: Compare the centroid of each sample in a problematic cycle with the cor-

responding confidence region (Figure 4.8b). The moment of occurrence

of a fault can be established when one (or several consecutive) sample(s)

lie outside the respective confidence region(s).

Remark 3. The framework described above provides a means for performing

analysis and fault detection on data collected from periodic processes. The

centroids of data from any new cycle can be plotted on the same plot as the

confidence regions used. If any points fall outside of the confidence ellipses,

the new cycle can be considered faulty and secondary analysis to determine

where in the cycle a fault occurred can be done; conversely, if all points are

within the region, the cycle is “normal” and operation can continue.

Remark 4. In a real-time application online, however, the above indicates that

the cycle must be completed before any analysis is done. This is so that the

cyclic centroids can be calculated accurately and inter-cycle fault detection can

be applied to the new cyclic centroid. The tradeoff here is that a potentially

faulty cycle is allowed to run to completion. To combat this, ideally a just-in-

time methodology is implemented, whereby both inter- and intra-cycle fault
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Figure 4.8: Illustration of Steps 6 and 7. Subfigure (a) shows the centroids and
samplewise confidence ellipse at a specific sample time in a cycle. Each colored
centroid corresponds to the same sample time but for a different cycle. In (b), the
samplewise confidence ellipse and centroids are shown for a problematic cycle (in
red). It can be seen that the problematic cycle deviates from the normal operating
region starting at the seventh sample time in the cycle. Subfigure (c) provides a
time-explicit view of (b).

detection is done as soon as a new cycle is complete – this would allow the

fault to be detected (although not necessarily corrected) before the subsequent

cycle is complete. This is dependent on factors such as the process periodicity

and the speed of the computer running the fault detection algorithm.
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Remark 5. In the case that there are small variations in cycle length due to

properties of the process, neither inter-cycle nor intra-cycle fault detection

is significantly affected. For inter-cycle detection, since the cyclic centroid

calculations (described above) are not influenced greatly by any individual

sample, the effects of cycle length variation is minimal. As for intra-cycle

detection, most cycle length variations would occur either at the beginning or

the end of cycles, indicating a delay between the end of one cycle and the start

of another; However, the variations and faults of interest would likely occur

within a cycle, while the process is going through the cycle, not in between

cycles. Time warping is not recommended as it can introduce artifacts between

all cycles and significantly affect both inter- and intra-cycle fault detection.

Remark 6. Although frequency-domain analysis can be used to carry out inter-

cycle fault detection and identifying problematic cycles, it cannot carry out

intra-cycle fault detection since there is generally no oscillation within a cycle.

This means that it cannot be used to determine when in a cycle does the

deviation begin. Crucially, this would hamper fault isolation efforts. Referring

back to the first motivating example, the use of the frequency domain is akin

to measuring the horizontal movement of the wheel – the frequency is not

expected to change, and it is indicative of a problem should the frequency

change. However, it cannot reveal when the cycle changes (i.e. when the

wheel rolls over the pebble), which is what the second part to the proposed

method accomplishes.

Remark 7. While strictly using intra-cycle fault detection and foregoing inter-

cycle fault detection is viable, it is not an efficient use of resources. For m

cycles of testing data, each with n samples per cycle, using intra-cycle fault

detection requires mn comparisons between training and testing data, whereas
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using a combination of inter- and intra-cycle detection requires m + n com-

parisons, since only the problematic cycle’s samples are analyzed. Therefore

this configuration of inter-cycle and intra-cycle fault detection lends itself to

an online implementation, since the number of comparisons that need to be

done are fewer, potentially increasing fault detection speed.

4.4 Case Studies

4.4.1 CSTR with Periodic Operation (Continued)

Revisiting the CSTR with periodic operation described in the “Moti-

vating examples” section, the inclusion of operating faults in the system is

considered. As the process is naturally oscillatory even with no controller

present104, two faults in the form of step changes were implemented by chang-

ing parameters of the open-loop reactor. The first fault entailed a change in

Ua, emulating the advent of fouling in the reactor jacket. In this case, the

value of Ua was decreased by 4.5% (From 88.5 Btu/h◦R to 84.5 Btu/h◦R).

The second fault entailed a change in Cao, the concentration of A in the reac-

tor feed stream. A decrease of 1% (From 0.01 lbmol/ft3 to 0.0099 lbmol/ft3)

was considered. Both faults were imposed at t = 4000h and the model was

simulated for a total of 7600 hours; the data set was obtained by sampling the

simulation results with a sample time of 0.1h.

The procedure followed to carry out fault detection for this example is

presented below, with reference to Steps 1-7 described above:

• The first 3000 hours of normal operating data were used as a training

data set (Step 1).

• The period of oscillation of the system was determined to be about 17
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hours using frequency analysis, and accordingly the data were divided

into cycles, each containing 170 samples (Step 2).

• The normal operating data were represented as centroids in the time-

explicit Kiviat diagram. These centroids were then used to calculate the

cyclical centroid for each cycle (Step 3), as shown in Figure 4.9.

CA

CB

Temp

Figure 4.9: The centroids of a cycle (in blue) are used to calculate the correspond-
ing centroid of centroids (shown in red).

• An inter-cycle confidence region was generated (Step 4).

• Fault detection was then carried out on the testing dataset (which con-

tains the 4600 hours of operation) containing the fault and the problem-

atic cycle (Step 5), as illustrated in Figure 4.10.

• Once the problematic cycle was identified, we proceeded with detecting

the time instant corresponding to the occurrence of the fault. To this
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Figure 4.10: Fault detection results for CSTR case 1: a) Data centroids for CSTR
case 1 and b) cyclic centroids corresponding to the cycles of the normal operating
data. Red indicates cycles that are flagged as faulty, blue indicates cycles that
fall within the confidence region. The data centroids corresponding to the cyclic
centroids are provided in (b)

end, intra-cycle confidence ellipses were built as stipulated in Step 6.

in this case, the same centroids employed in the calculation of the cyclic

centroids was used. 170 intra-cycle confidence regions were generated,

corresponding to the 17h cycle time and 0.1h sample time.

• Following Step 7, all the samples in the problematic cycle are compared

against their corresponding intra-cycle confidence region; the occurrence

of a fault is signaled when three or more consecutive samples deviate

from their respective confidence region.

Table 4.4 shows the fault detection results for the two cases in terms of de-

tection delay, defined as the difference in time between the time instant when

the fault is detected and the (known) time when the fault was implemented

in the simulation. For comparison purposes dynamic PCA (DPCA)105 and

multiway PCA (MPCA)106 is performed on the data as well. For an equitable
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Figure 4.11: Intra-cycle fault detection is carried out on the first problematic cycle
in fault 1. Each sample in the problematic cycle is compared against the intra-cycle
confidence region (in red) – samples that lie inside of the region are colored blue,
whereas samples that lie outside the confidence region are colored in black. A top
down view is also provided in (b)

comparison, the window size used in DPCA is the period of the process, and

in MPCA each cycle is considered one batch run.

Case Fault Description
1 Decrease in Cao
2 Ua decreased by 4.5% of original parameter value due to fouling

Table 4.3: Fault description for case 1 and case 2 (For Table 4.4)

Method used Detection Delay for Case 1 Detection Delay for Case 2
Proposed method 4.7 0.1
DPCA (Russell et al.105) T 2 9.2 3.5
DPCA (Russell et al.105) Q 5 3.5
MPCA (Lee et al.106) T 2 1.8 0.2
MPCA (Lee et al.106) Q 0.2 0.1

Table 4.4: Detection delay (h) results for CSTR example

A visualization of the data relevant to the occurrence of the fault for

Case 2 is provided in Figure 4.12.
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Figure 4.12: Visualization of data for fault case 2. Plot of centroids for the whole
dataset (a) and plot of the specific cycle when fault 2 was detected (b). Red lines
indicate the confidence ellipse for that particular sample, so a deviation of the blue
from the red trajectory indicates a deviation in the cycle.

It is important to note that in both cases the application of the proposed

method led to the detection of a fault in the cyclical process operation in a

very timely manner (within one cycle, which is the lowest possible time period
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for such operation to be carried out). Due to the long period (17 hours) of

the process, in an online setting it is likely that the fault will be captured

on the initial faulty cycle before the subsequent cycle is complete, thereby

blocking propagation of the fault. Both DPCA and MPCA detected faults

within one cycle as well, with DPCA generally being the slowest of the three

methods. MPCA, on the other hand, was the fastest to detect fault 1, and

led to detecting fault 2 much faster than DPCA. However, note that special

changes needed to be made in order to implement DPCA/MPCA, since these

methods are not designed specifically to deal with periodic data.

4.4.2 Pressure Swing Adsorption Process

An air separation system, aimed at separating oxygen (the useful prod-

uct) from air via pressure swing adsorption (PSA), is modeled. A schematic of

the PSA system is shown in Figure 4.13. The process was simulated using the

gPROMS gML Separations - Adsorption model library107. The model consists

of a two-bed, four-step (pressurization, adsorption, blowdown, and desorption)

isothermal process, which is subject to the following switching strategy:

Table 4.5: Switching strategy for PSA simulator

Duration (s) Bed 1 State Bed 2 State
2 Pressurization Blowdown
60 Adsorption Desorption
2 Pressure Equalization Pressure Equalization
2 Blowdown Pressurization
60 Desorption Adsorption
2 Pressure Equalization Pressure Equalization

The model represents radial and axial flows in the bed as well as the

reactions that occur in the beds using Langmuir isotherms. Table 4.6 summa-
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Bed 1 Bed 2

Air

N2, O2

O2

P2 decreased

during 

blowdown/

desorption

Figure 4.13: Schematic of the PSA system; the solid lines denote the flow pathway
of the gas, while the dashed lines represent inactive piping. As shown in the figure,
Bed 1 is the active (on-stream) bed, while Bed 2 is being regenerated.

rizes the system parameters.

Table 4.6: Parameters for PSA simulator

.

Feed flowrate 0.00364mol/s
Temperature of feed 298.15K
Length of bed 0.35m
Radius of bed 0.0175m
Particle radius 0.003175m
ε (void fraction) 0.4
Pfeed 300000Pa
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In many PSA use cases in the air separation realm, the purity of the

product oxygen stream is a critical operating constraint that should not be

violated and, as such, timely fault detection is important. Note that in this

process the switching time between adsorption and desorption steps is rel-

atively short, so any fault detection approach should be implementable in

real-time.

In this case study, a total of 26 variables relating to the flowrate of the

feed, as well as pressures and concentrations in and across both beds were used

for observation. White noise with a signal-to-noise ratio of 30 was added to

the simulated results.

The temperature and pressure of the feed were modified to simulate

faults in the process (Table 4.7). These faults were implemented at t = 5000

seconds and the process ran for 10000 seconds. Similarly to the previous

case study, the detection delay metric is used to demonstrate fault detection

performance. The results summarized in Table 4.7 evince excellent detection

performance, with the fault being detected in within one operating cycle of

its occurrence (the PSA process has a period of about 150 seconds). To study

the effects of noise on the proposed method, the detection delay results for

signal-to-noise ratios of 10 and 5 respectively is included.

In this case study all faults were captured within one cycle of operation

during post-operation analysis of the nominal (SNR 30) case. However, due to

the fast nature of the process, in a real-time implementation the time taken to

run the fault detection algorithm may be longer than the period of the cycle,

potentially requiring a small number of additional cycles before the fault is

detected. Note that there is a significant increase in detection delay as the

amount of noise increases, however, the faults can still be detected within 2 to
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3 cycles of operation in most cases.

For further comparison the performance of the proposed method was

tested against DPCA and MPCA as described in the previous case study. The

analysis was done on the nominal SNR 30 case study. The comparison is shown

in Table 4.8.

The performance of the three methods is comparable, although the

proposed method performs better for the majority of the cases. The two

PCA-based methods performed similarly for periodic process data.

4.5 Summary

In this chapter, borrowing from both batch and continuous fault de-

tection methods, a multivariate approach for analyzing data and conducting

fault detection for periodic process operations is developed. The fault detec-

tion mechanism consists of two steps: first, inter-cycle detection is performed

to identify a problematic operating cycle, followed by intra-cycle detection

aimed at establishing the time of occurrence of a fault. The proposed method-

ology was applied to two periodic processes, evincing excellent fault detection

performance compared to PCA-based methods for continuous and batch data.

The methodology is suitable for both online and offline analysis, since

it requires data corresponding one cycle to perform fault detection, and a fault

can be detected in a time interval that is typically shorter than the duration

of a cycle. This work provides a useful initial point in the field of periodic

process fault detection and it will motivate further development in the analysis

of periodic process data and associated fault diagnosis techniques.
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Chapter 5

Future Work and Summary of Contributions

Outside of the further application of this method to other types of

processes, the main future research direction lies in obtaining a better under-

standing of the method in general. This chapter will briefly outline possible

future areas this research may cover.

5.1 Potential Directions for Future Research

5.1.1 Going Beyond Time-Series Data

It would be ideal if the 3D visualization method could be extended to

non-time series data – what would the z-axis be, and how does one choose

which process variable should serve as the 3-dimensional axis. Perhaps this

would be a way to show how many variables are dependent on a given impor-

tant variable, serving as an alternative to score plots – instead of time, the

trend of how many variables correlate to one another may be more easily vi-

sualized. I believe that research into the visualization of non-time series data

is the natural next step to take.

In the visualization field, there is some initial work done on the use

of 3D Kiviat diagrams as a means of visualization108;109;22;110, but few have

explored using such visualizations as a tool for analysis. The same is true in

engineering, as visualization and analysis of data are generally kept separate
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from one another. There is room for this research to fill that gap in knowledge,

but currently it is unclear if there is any interest in such a concept.

5.1.2 Incorporating Non-continuous Variables

In that vein, consideration should also be given to the incorporation

of discrete variables into Kiviat diagrams, since those are not uncommon in

industrial processes. The use of centroids implicitly assumes that variables are

continuous and that the movement of centroids are “smooth” – the degree of

centroid movement reflects the amount of change in variables. Incorporating

non-continuous variables would mean that this is no longer the case – cen-

troids will appear to “jump” as discrete variables change their value. Discrete

variables also do not lend themselves to normalization and scaling of data –

continuous readings such as temperature and pressure can be scaled appro-

priately as needed, but discrete options less so. Learning how/if it is possible

to distinguish between centroid movement due to continuous variable changes

and centroid “jumps” due to discrete variable changes is a key breakthrough

that must be accomplished before including such variables can be considered.

5.1.3 Order of Axes

An aspect of Kiviat diagrams that may be of benefit to the above effort

is the order of the axes. In this current research the order of axes is not

examined in depth, as the axes are either principal components (which are

orthogonal to one another), or as variables from a dataset that are provided

in a coherent fashion (in the order they appear on a flowsheet – variables

associated with one another are grouped together).

However, there is value towards examining the effect of different ar-
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rangement of axes on fault detection performance. In previous chapters it was

noted that two variables located opposite of one another will “cancel out” their

effects on the centroid, and that it is generally not desirable since the centroids

should reflect changes in the process. Therefore it may be of value to identify

such cases ahead of time and optimize the order of the axes in a way that this

canceling effect is reduced. Alternatively, there may be cases (such as when

including discrete variables), where it is desirable to reduce but not eliminate

the effect of certain variables on centroids.

With that in mind the order of axes may prove to be a useful factor

for further improving the visualization and analysis capability of 3D Kiviat

diagrams.

5.2 Summary of Contributions

This dissertation focused on the development of a novel data visual-

ization framework and its application to fault detection for different types of

industrial processes. The purpose of this framework is to provide a better

method for visualizing multivariate data, which is often difficult to accomplish

using traditional plotting techniques. Based on this visualization framework

and its use of polygons, the concept of centroids is introduced and fault de-

tection methods based around these centroids are developed. These fault de-

tection methods are then demonstrated through the use of case studies and

comparison with existing methods in literature.

Chapter 2 provides background information on the visualization of mul-

tivariate data, primarily parallel coordinates. The origins and current appli-

cation of parallel coordinates is explored, and fault detection methods using

parallel coordinates is briefly detailed. We then introduce time-explicit Kiviat
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diagrams and how they are generated. The difference between Kiviat diagrams

and parallel coordinates – parallel coordinates resulting in open lines while

Kiviat diagrams lead to closed lines (polygons) – is highlighted, and the use

of centroids, a property of the polygons, is introduced. Further details about

the construction of Kiviat diagrams are provided in Appendix B. The use of

PCA as a method for dimensionality reduction is explored – this is mainly for

cases where the large number of variables make visualization difficult due to

a lack of appropriate spacing between variables in the Kiviat diagram. The

application of time-explicit Kiviat diagrams to fault detection is demonstrated

in the chapter, beginning with continuous processes. An initial approach to

univariate fault detection using the polygons of a Kiviat diagram (following

the discussion of fault detection in parallel coordinates) and how it would look

in Kiviat diagrams is explored. However, the shortcomings of univariate fault

detection is also highlighted, and instead a shift to multivariate fault detection

is recommended. The previously-introduced centroids allow for a multivari-

ate representation of process data and is used in the fault detection methods

thereafter. In this chapter the continuous process fault detection method is

outlined, chiefly the use of a confidence ellipse to help define a steady state

period. The outlined method is then applied to case studies and the results

detailed in the chapter.

Chapter 3 considers the application of centroids and the visualization

framework to batch process data. Due to the non-steady state nature of batch

processes, a different fault detection method is proposed, whereby multiple

confidence ellipses are used to characterize the batch process at every sample

time. This allows for a characterization and visualization of the full batch tra-

jectory. Fault detection is then carried out by examining test batch data one
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sample at a time. In the case of significantly uneven batch lengths, asymmetric

dynamic time warping is recommended to make all batch lengths equal, keep-

ing in mind the potential issues dynamic time warping may introduce. Case

studies are then used to demonstrate the method in action and its performance

compared to methods found in literature.

In Chapter 4, a combination of the continuous and batch fault detection

methods is used to perform fault detection on periodic (cyclic) processes. Inter-

cycle fault detection, similar to continuous process fault detection, is first used

to identify abnormal or faulty cycles in the data, and then intra-cycle fault

detection, similar to batch process fault detection, is used to pinpoint where

in the faulty cycle does the fault actually occur. A motivating example is used

to better illustrate this concept, and the fault detection method is applied to

data obtained from simulation case studies.

In Chapter 5 (this chapter), three potential future directions for the

research are outlined that either help better understand the uses and properties

of Kiviat diagrams or extend Kiviat diagrams beyond time-series process data.

Finally, the work contained in this dissertation is summarized.
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Appendix A

Sample data used for figures

The following table provides the data used to generate Figures 2.1, 2.2,

2.3, 2.4, and 2.5.

These data were obtained by simulating the simple CSTR model adapted

from the textbook Nonlinear Process Control by Henson and Seborg111 – the

MATLAB model is graciously provided by Dr. John Hendengren112. A step

change (simulating a fault) was made at sample 10 that resulted in an in-

creased temperature reading (Variable 4) that later propagated to the rest of

the system, this was then corrected at sample 20 and the system returned

to its original state. The first two variables are concentration readings, the

next two columns are temperature readings, and the final column is a valve

constant.
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Table A.1: Data used for figures

Sample Number x̂1 x̂2 x̂3 x̂4 x̂5
1 0.95 0.03 313.91 289.41 1
2 0.90 0.098 315.26 289.42 1
3 1.01 0.04 313.07 289.23 1
4 0.89 0.02 313.08 288.89 1
5 0.92 0.019 311.81 288.11 1
6 0.96 0.01 311.3 289.88 1
7 0.98 0.04 313.45 288.85 1
8 0.98 0.02 312.46 292.88 1
9 0.96 0.06 313.31 290.47 1
10 0.94 0.01 311.82 312.04 1
11 0.92 0.07 313.56 309.72 1
12 0.88 0.13 335.93 309.84 1
13 0.01 0.97 408.07 312.52 1
14 0.14 0.81 381.81 312.94 1
15 0.15 0.86 383.75 310.07 1
16 0.02 0.92 383.26 313.37 1
17 0.19 0.86 383.40 310.95 1
18 0.07 0.91 384.07 310.74 1
19 0.16 1.00 385.13 314.38 1
20 0.18 0.94 382.83 293.07 1
21 0.03 0.95 385.17 291.81 1
22 0.52 0.61 325.91 290.8 1
23 0.97 0.27 312.15 288.92 1
24 0.89 0.12 312.82 289.77 1
25 0.96 0.16 311.84 293.64 1
26 0.96 0.01 310.87 285.96 1
27 1.0132 0.02 314.11 288.73 1
28 1.01 0.15 313.35 289.62 1
29 0.90 0.07 312.14 290.3 1
30 0.93 0.05 312.77 286.43 1
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Appendix B

Construction of time-explicit Kiviat diagrams

A simple 3-dimensional, 10 sample (i.e., n = 3, m = 10) example is pro-

vided to demonstrate how the time explicit Kiviat diagrams are constructed.

For simplicity, the data for this example are a subset of the data provided

in Appendix A. Specifically data from the first three columns and samples 5

through 15 were selected to reflect changes in the process.

Table B.1: Data used in Appendix B

Sample Number x̂1 x̂2 x̂3
5 0.92 0.019 311.81
6 0.96 0.01 311.3
7 0.98 0.04 313.45
8 0.98 0.02 312.46
9 0.96 0.06 313.31
10 0.94 0.01 311.82
11 0.92 0.07 313.56
12 0.88 0.13 335.93
13 0.01 0.97 408.07
14 0.14 0.81 381.81
15 0.15 0.86 383.75

Step 1 Normalization of the data set. Each variable is transformed to have zero

mean and unit standard deviation. The data in Table B.1 are normalized

using the equation below.
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xj,i =
x̂j,i − x̄i
σi

∀j ∈ {1, . . . ,m}, ∀i ∈ {1, . . . , n} (B.1)

where x̂j,i represents the “raw” data point, x̄i is the mean value of vari-

able i ∈ {1, . . . , n} across all m samples, and σi is the corresponding

standard deviation. After normalization, the data take the values in

Table B.2:

Table B.2: Normalized data used in Appendix B

Sample Number x1 x2 x3
5 0.52 -0.64 -0.66
6 0.63 -0.68 -0.68
7 0.67 -0.58 -0.62
8 0.66 -0.63 -0.65
9 0.63 -0.55 -0.62
10 0.57 -0.68 -0.66
11 0.52 -0.51 -0.62
12 0.43 -0.37 -0.01
13 -1.78 1.76 1.96
14 -1.95 1.37 1.25
15 -1.41 1.50 1.30

Step 2 Calculate the position (in terms of radial angles) of the axes in polar

coordinates, with the first axis starting at 0 radians. Axes are spaced 2π
n

radians apart.

Step 3 Determine the overall radius of the Kiviat diagrams using the maximum

and minimum values of each variable over the entire data set.

The overall minimum of each variable is subtracted from each sample

of the variable, and the difference is divided by the variable range (the
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difference between the overall maximum and minimum). Thus, the rep-

resentation of each sample of each variable on the corresponding axis

is obtained. A gain is used to ensure that data points stay within the

bounds of the radial plot, and a bias is added to ensure that the min-

imum points on each axis do not “cross through” the origin owing to

fluctuations in each variable. Typical values for the gain and bias are

0.8 and 0.1, respectively113.

Radial Position =
gain ∗ (data point− overall minimum)

(overall maximum− overall minimum)
+ bias(B.2)

Figure B.1 shows the ranges each variable on the the axes of the Kiviat

plot.

x
1
 = −1.78 to  0.67

x
2
 = −0.68 to  1.76

x
3
 = −0.68 to  1.96

Figure B.1: Ranges of variables in the Kiviat plot

Step 4 Connect the points corresponding to all variables for a particular sample

time to form a polygon (Figure B.2).
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Figure B.2: Polygon corresponding to data sample 1

The time dimension is captured via a time axis normal at the origin to the

plane of the Kiviat diagram. Once an initial polygon has been produced

from the first data sample, subsequent samples can be represented as

polygons whose origin is situated on the time axis at a pre-determined

vertical distance from the first polygon. It is convenient to assume that

data are sampled with a uniform sample rate, but non-uniformly sampled

data can be displayed easily.
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Appendix C

Determining the multivariate confidence

ellipse

We use the plots and data from Appendix B to demonstrate the con-

struction of a multivariate confidence ellipse. We begin by representing the

normalized points in the n-dimensional Cartesian space. For the example con-

sidered here, this representation can be visualized as in Figure C.1 (this is not

possible in higher dimensions).
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Figure C.1: Sample data from Table B.1, points in black correspond to normal
operation, points in red correspond to faulty data

We then determine the confidence ellipsoid around the subset of data

that correspond to normal operation.
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Figure C.2: The cluster of points bounded by an ellipsoid

To this end, we calculate the covariance matrix of these data and use

eigendecomposition (Equation 2.2) to obtain the vector direction and length

of the ellipsoid axes.
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Figure C.3: The extreme points of the ellipsoid are depicted by solid marked points

Then, we calculate the extremities of the ellipsoid as points in the

n-dimensional space, and represent these extrema as polygons in the Kiviat
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diagram, obtaining the limits described in Step 3 in chapter 2.5.2 (Figure C.4).
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1
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x
2
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x
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Figure C.4: The extreme points of the ellipsoid are depicted in the Kiviat diagram
by the blue and green polygons

We now apply Step 4 from that same chapter, generating a series of ran-

dom polygons that are bounded by the two extreme polygons and determining

their centroids. The minimum enclosing ellipse that bounds these centroids

is calculated by solving the optimization problem in Equation 2.7. With a

sufficient number of random points we are able to generate a projection of

the n-dimensional ellipsoid into the 2D radial plot space. We use this mini-

mum enclosing ellipse as our multivariate confidence limit for fault detection.

It is seen in Figure C.5b that the second cluster of data falls outside of the

confidence ellipse, and will be classified as faulty data.
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(a) Minimum enclosing ellipse found for
the sample polygon centroids (black).
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(b) Confidence ellipse used to distinguish
faulty and non-faulty points

Figure C.5: Minimum enclosing ellipse generation
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[59] C. Ündey, S. Ertunç, and A. Çinar. Online batch/fed-batch process

performance monitoring, quality prediction, and variable-contribution

analysis for diagnosis. Industrial & engineering chemistry research,

42(20):4645–4658, 2003.

[60] J. Yu and S. J. Qin. Multiway gaussian mixture model based multiphase

batch process monitoring. Industrial & Engineering Chemistry Research,

48(18):8585–8594, 2009.
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