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Significant amounts of data are collected and stored during chemical process operations. The corresponding datasets are
typically difficult to represent and analyze using traditional visualization methods. This article introduces time-explicit Kiv-
iat diagrams as a means to visualize the multidimensional time series data acquired from plant operations. This framework
is then used to build multivariate control charts for large scale time series datasets, and to develop a fault detection mech-
anism that lends itself to real-time implementation. The proposed methodology is applied to an industrial case study as
well as to data obtained from the Tennessee Eastman process simulator, showing very good performance. VC 2015
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Introduction

Recent years have brought a tremendous increase in the avail-

ability of large-scale datasets describing the state and evolution

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 others,

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

enterprise resource planning) as well as social media, coupled

with a significant rise of data transmission and storage capabil-

ities. In a different vein, high throughput experimentation in the

natural and life sciences has also played an important role in

generating large amounts of data that require analysis.
The availability of such massive and often heterogeneous

datasets 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

data.1 The range of applications reported in the literature is

broad, including, for example, e-commerce,2 traffic analy-

sis,3 finance,4 healthcare.5

Process industries have been a leading source of large datasets.

One of the most frequent uses of recorded data is the develop-

ment of mechanisms for identifying and characterizing process

faults. The task of process monitoring has become increasingly

challenging as the volume of the data increases. Depending on

plant size, records of the time evolution of a few hundreds to that

of tens of thousands of variables (tags) may be collected (often

with sampling intervals of less than 1 min) and made available in

data historians. Process operators thus often find themselves

“drowning in data”6 due to the lack of time and resources

required to analyze and generate value from these large volumes

of information. Nevertheless, tools such as principal component

analysis (PCA) and partial least squares regression have been

successfully used to detect and isolate faults pertaining to indi-

vidual process 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 in Refs. 7–10).
The tools listed above are typically implemented for process

monitoring by control room operators, who often rely on vis-

ual 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, for example, score and

square prediction error (SPE) plots.
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Visual representations are hampered by the limitations of

the Cartesian system: data can be plotted in only three dimen-

sions (equivalently, only three attributes of each data sample

can be represented simultaneously). Monitoring multiple such

two-dimensional (2-D) or three-dimensional (3-D) plots makes

it difficult for process operators to observe and interpret a

broad repertoire of time-dependent process trends and events.
To break this “curse of dimensionality,” more recent

research has focused on process monitoring based on repre-

senting multidimensional data in parallel coordinates. Initial

efforts11–13 considered plotting the data or leading PCA com-

ponents in parallel coordinates, were later expanded14 to

include PCA-based statistical tests, such as Hotelling’s T2 and

the SPE, and improved definitions of the confidence regions.
While parallel coordinate plots alleviate one of the short-

comings of presenting data in the Euclidean space (i.e., the

limitation on the number of dimensions that can be plotted),

they nevertheless present the disadvantage of not explicitly

representing time. Motivated by this, in the present work we

introduce time-explicit Kiviat diagrams as a class of multivari-

ate plots with an explicit time dimension. We discuss novel

applications of time-explicit Kiviat plots for characterizing the

operation of chemical processes via appropriate confidence

regions, and use these plots for the timely detection of process

faults and events. Finally, we demonstrate the application of

this novel framework to fault detection on data, both simulated

and collected from industry.
The article is organized as follows: Background for this

work is provided through a review of parallel coordinates and

their use. An introduction to 3-D time-explicit Kiviat plots is

followed by a discussion of their properties and their use in

fault detection. Subsequently, we present case studies based

on an industrial dataset as well as on data obtained from simu-

lating the Tennessee Eastman benchmark process.46 The case

studies illustrate the capabilities of the proposed framework;

comparisons with results from the literature are provided as

well. Finally, we discuss the results and delineate directions

for future work.

Background: Visualization of Multivariate Data
and Visualization-Based Fault Detection

Fault detection is a key area of process monitoring. Early

detection and prevention of process faults is highly valued by

practitioners, given the economic cost and safety risks that

faults may incur. Fault detection methods fall in three broad

categories: data-based methods include the use of PCA, T2

values and Q statistics, spectral analysis, and various other

analytical methods to extract information from process operat-
ing data. Model-based methods rely on building a (typically
first-principles) model of the plant and then comparing data
from the plant to the model through the use of residuals or
state observers to determine if a fault has occurred.
Knowledge-based methods use expert knowledge from plant
engineers to establish a rule-based system to determine if a
faulty condition has occurred. There are several papers avail-
able that review the different methods known in each cate-
gory,9,10,15,16 and a comprehensive presentation is beyond the
scope of this article.

Of the data-driven methods, we will focus in particular on
visualization-based approaches. Visualization is vital to the
analysis of data, and the representation of time series data
from the operation of chemical processes has received signifi-
cant attention over time.17–19 There are several important char-
acteristics that a visual representation of data should provide:

1. Capture the multivariate nature of data—this becomes
difficult as the number of “tags” or variables increases.

2. Explicitly represent the time dimension to capture
important trends.

3. Provide high resolution and minimize cluttering, which
in turn provide for fast and easy interpretation.

Figure 1. Data visualization in parallel coordinates for a five-dimensional dataset.

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 7–10). [Color figure can be viewed

in the online issue, which is available at wileyonlinelibrary.com.]

Figure 2. Fault detection using parallel coordinates: uni-
variate upper and lower control limits are used
to define a ribbon-like confidence region
around the plot (shown in dashed lines).

Data samples that fall outside this confidence region indi-

cate a fault in the process. Data from Appendix A. [Color

figure can be viewed in the online issue, which is available

at wileyonlinelibrary.com.]
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Parallel coordinate plots

The use of parallel coordinates, first proposed by Insel-

berg,20 has been explored as a method of displaying multi-
variate information. In a parallel coordinate plot, each

(multivariate) data sample is represented by an open 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 1).

Initial efforts aimed at visualization-based fault detection

using parallel coordinate plots11,12 considered plotting the data
or leading PCA components, followed by defining a confi-
dence region around the plot. A fault is declared once the data

fall outside the confidence region (Figure 2).
Later, these concepts were expanded to include PCA-based

statistical tests, such as Hotelling’s T2 and the SPE.14 With the

aid of appropriately defined (visual) confidence regions, these
techniques were proven to be successful in the detection of

process faults and events.21

However, parallel coordinates are ill-suited for use with
datasets with significant variability in time; while the multi-

variate aspect of such datasets is adequately addressed, paral-
lel coordinate plots are affected heavily by cluttering—data

points overlap and eventually obscure any potentially mean-

ingful information. This issue is generally dealt with by desig-

nating the first two parallel axes as date and time, which may

then be used to select and filter for the desired period of

time.22

Data representation using time-explicit Kiviat plots

Kiviat plots (named after Philip J. Kiviat,23 also referred to

as Kiviat diagrams, 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 parallel coordinates,

Kiviat plots enable plotting multivariate (normalized and

mean-centered) data. However, as the axes are no longer adja-

cent 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. Furthermore, unlike paral-

lel coordinate plots, the time dimension can be captured via an

additional axis, which is normal to the plot plane at the center

of the plot24 (Figure 3a).
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 3-D figure resembling a cylinder comprised of many

Figure 3. Representing multidimensional data in time-explicit Kiviat plots.

A five-dimensional dataset with 1-min 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 plot 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 Inselberg20; however, it brings the crucial advantage of an explicit representation of time. Data

from Appendix A (Samples 8–10). [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

Figure 4. Inner and outer hulls (shown in red and, respectively, light blue in Figure 4b) for the time-explicit Kiviat
plot 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 t510 min is outside the normal operating region

and is an indication of faulty operation. Data from Appendix A (Samples 7–10). [Color figure can be viewed in the online issue,

which is available at wileyonlinelibrary.com.]
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polygons (Figures 3b, c). The 2-D polygon of the Kiviat plot

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

plot is provided in Appendix B.
Such time-explicit Kiviat plots have found applications in

computer science, typically for the visualization of software

performance.25,26 As of yet, we are not aware of any applica-

tions in which they have been used for fault detection, a topic

that is explored in the remainder of the article.

Fault Detection Using Time-Explicit Kiviat Plots

The applications of time-explicit Kiviat plots that were

mentioned above are typically static, in the sense that they

consider a dataset whose membership does not evolve in time.
In this work, we note that time-explicit Kiviat plots can be

generated and updated in real-time, as measurements from a

physical process are collected. The time horizon of the plot 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 plot, 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.

Univariate approach

The above observation opens the possibility of carrying out

fault detection, based on evaluating the deviation of the cur-

rent data from a desired or nominal operating state. We begin

with defining the state vector of a process from a geometric

point of view, followed by establishing criteria for the nominal

operation of a process and deviations therefrom.
Referring to Figures 3a–c, we note that the state of the pro-

cess (assuming for now that all the variables are represented in

the time-explicit Kiviat plot) 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).27–29 Uniting all the upper

Figure 5. The centroid of each slice (diamonds in plot b) constitutes a single-point, multivariate representation of
each data slice.

Data from Appendix A (Samples 7–10). [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.

com.]

Figure 6. (a) Extrema of confidence ellipsoid projected
in time-resolved Kiviat plot. Black arrows
indicate the variable range 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.

[Color figure can be viewed in the online issue, which is

available at wileyonlinelibrary.com.]

4280 DOI 10.1002/aic Published on behalf of the AIChE December 2015 Vol. 61, No. 12 AIChE Journal

http://wileyonlinelibrary.com
http://wileyonlinelibrary.com
http://wileyonlinelibrary.com


limits and, respectively, all lower limits of these confidence

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

define a confidence region for the operation of the process (Fig-

ure 4). Thus, a data point whose Kiviat slice falls outside this

confidence region is potentially indicative of a faulty behavior.
This approach to fault detection is then completely equivalent

to that discussed above in the context of parallel coordinates

(Figure 2). However, owing to Kiviat plots 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 in Figure 4.

Multivariate analysis

Defining the confidence region for an entire process based on

confidence limits for individual variables amounts to a univari-

ate analysis. Interactions between variables are, however,

important in the occurrence (and detection) of process faults,

and the potential of univariate analyses (i.e., monitoring multi-

ple process variables based on their individual control limits)

for reaching “blind spots” has been recognized early on (see,

e.g., the classic article by Kourti and MacGregor30).
Dunia et al.14 have addressed the issue by solving a series of

optimization problems to define the representation of multivari-

ate constraints (either linear or quadratic) in parallel coordinates.

In this work, we propose a different approach, which exploits a

unique feature of time-explicit Kiviat plots. Specifically, the fact

that each data point is represented as a closed polygonal line

allows for calculating a center of gravity of the corresponding

data slice (Figure 5), which then constitutes a multivariate repre-

sentation of the process state at that time instant.
We compute the centroid positions in a 2-D Cartesian coor-

dinate system, whose origin is at the center of the radial plot.

For an n-dimensional dataset with m samples, the positions of

the n polygon vertices translate trivially to this Cartesian coor-
dinate system as fXi;Yig; i 2 f1; . . . ; ng, and the coordinates
of the centroid for data point j 2 f1; . . . ;mg can be determined
as

Xcentroid;j5

Xn

i51
Xi;j

n

Ycentroid;j5

Xn

i51
Yi;j

n
(1)

Since in our framework the data in a set are always normal-
ized prior to plotting (See Appendix B), the steady-state region
of the data generally consists of near-regular polygons cen-
tered around the intersection of the axes of the Kiviat plot.
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.

In the case of a fault, one or several process variables devi-
ate from their steady-state, nominal values. As a consequence,
the corresponding vertices of the data representation in the
time-explicit Kiviat plot 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 cent-
roids 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 prepro-
cessing is located at the intersection of the axes of the Kiviat
plot), whereas the centroids corresponding to data collected
when the process deviates from this nominal state lie outside
this cluster.

Figure 7. Univariate vs. multivariate control limits: (a) Univariate control limits suffer from “blind spots” in a multi-
variate 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 with permission from J. F. MacGregor and T. Kourti, Contr Eng Prac, Statistical process control of multivariate proc-

esses, 1995, Vol. 3(1), 403–414, VC 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. [Color figure can be viewed

in the online issue, which is available at wileyonlinelibrary.com.]
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Based on this observation, time-explicit Kiviat plots lend
themselves naturally to defining the following fault detection
scheme:
� 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 plot.
� 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 com-

puting a confidence region for the centroids in the Kiviat plot.
Step 1. Assume that matrix X 2 Rm3n (which contains m

time-resolved measurements of n process variables) repre-

sents a “golden period”31 of steady-state operation of the

process with good performance. We then define the covari-

ance matrix R5XX> and compute its eigenvalues ki and

eigenvectors vi; i 2 f1; . . . ; ng, that is

kv5Rv (2)

Step 2. Use the k and v values to define an n-dimensional

confidence ellipsoid around the steady-state operating region.

The equation for the n-dimensional confidence ellipsoid can

be written as

ðx2�xÞ>R21ðx2�xÞ51 (3)

Specifically, the coordinates of the center of the ellipsoid will

be given by the vector �X5½�x1; . . . ; �xn� of the means of each

variable, the orientation of the axes of the ellipsoid in the

Figure 8. Schematic of compressor system.21

[Color figure can be viewed in the online issue, which is

available at wileyonlinelibrary.com.]

Figure 9. (a) High-dimensional time-explicit Kiviat plot of all variables in a fault-free compressor dataset. (b–d)
High-dimensional time-explicit Kiviat plot of all variables in compressor dataset 3, where a fault was
present.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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n-dimensional hyperspace is provided by the eigenvectors v,
while the length of the axis is determined by the eigenvalues
of the covariance matrix. Specifically, axes lengths li are
scaled using the critical value j of the v2 distribution that cor-
responds to the desired confidence level of the ellipsoid,

li52
ffiffiffiffiffiffiffi
jki

p
8i 2 f1 . . . ng (4)

Step 3. Project the n-dimensional ellipsoid on the radial
plot 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 repre-
sented on the Kiviat plot, and describe an annular region
(Figure 6a). Note that this region will likely be different
from the univariate confidence region described above.

Step 4. The multivariate confidence ellipse is then com-
puted from the locus of the centroids of polygons contained
within the annular region. We use a sampling-based proce-
dure for determining this ellipse (Figure 6b). Specifically, we
sample the annular region at random, by generating data
scans using values uniformly distributed within the multivar-
iate bounds of each variable 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 ellip-
soid. 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:

a. Apply the transformation matrix W21 to the coordi-
nates Y of the randomly generated polygon, to obtained the

transformed coordinates Z

Z5YW21 (5)

where

W5v
ffiffiffi
k
p

(6)

b. Compute the norm D5 jjZjj and compare the resulting

value with the radius of the unit sphere. Then, if D � 1, the
randomly generated 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 generated.
c. Repeat the procedure until the prescribed number of

random polygons (typically, 5000) is reached.
The calculation of the minimum area enclosing ellipse,32 of

center c and axes lengths given by the matrix A,

ðX2cÞ>AðX2cÞ51, is an optimization problem, aimed at
minimizing

minimize
A;c

logðdetðAÞÞ

subject to ðPi2cÞ>AðPi2cÞ � 1 i51; 2 (7)

where P is the matrix of centroid locations.
The application of this procedure to a simple process with

three variables is demonstrated in Appendix C.
Remark 1. Earlier work by Kourti and MacGregor30 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 fail-
ure to detect an abnormal event (Figure 7). The fault detec-
tion framework discussed in this article can be interpreted
from this perspective as a multivariate control chart, where
the confidence ellipse denotes a n-dimensional normal oper-
ating region.
As a consequence, this framework is expected to have supe-
rior fault detection performance to that provided by the uni-
variate approach described earlier in the article, and,
implicitly, to the fault detection performance provided by
setting individual upper and lower control limits on each
variable represented in a parallel coordinate plot.

Representing large datasets and reducing dimensionality
of the data

Process datasets often contain a large number of variables;
high dimensionality makes data analysis challenging and

dimensionality reduction is therefore desirable.
This issue can be addressed in several ways. First, assuming

that sufficient process knowledge is available, the subset of the

variables to be plotted can be user-selected. This approach is,
however, less practical when an unknown/unfamiliar process is

under consideration, in which case a more rigorous approach for
reducing the dimensionality of the dataset should be used.

PCA can be used to reduce the dimensionality of the data.

PCA accomplishes this through the linear transformation of

Table 1. Fault Detection Times and Early Detection Time

(EDT) for 30 Compressor Surge Datasets

Dataset#

EDT (min):
PCA with

Kiviat
Diagram

EDT (min):
Raw Data with

Kiviat
Diagram

EDT (min):
PCA T2

(No Kiviat
Diagram or

Visualization)

EDT (min):
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 27 45 268 267
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
15 877 932 263 213
16 17 53 26
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 37 215 228
26 252 250 250 249
27 227 264 228 262
28 33 243 259 241
29 25 25 25 225
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.
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variables into principal components. A subset of the princi-

pal components is selected for analysis, generally based on

the total variance captured.33 PCA has been used exten-

sively in literature to conduct fault detection and isolation
(see e.g., Russell et al.34 and Wise et al.35), and excellent
reviews on its use are available.30,36,37 Returning to the pro-

posed time-explicit Kiviat framework, in the case of large-
scale datasets 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.

Remark 2. We note here that two similar polygons—
that is, polygons that are of the same shape and orienta-
tion, but of different sizes—have the same centroid. In
principle, this could impede on the proposed fault detec-
tion framework. However, this is highly unlikely to occur
in practice as it would require that the variables in the
dataset to be completely correlated and have the same
scaling. In a different vein, for cases where multiple varia-
bles are closely correlated,38–40 PCA can be used to alle-
viate 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).

Figure 10. Time-explicit Kiviat plots of principal components in compressor dataset 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 as 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. (a) Time-explicit Kiviat plot. (b) Top-view of the Kiviat plot. (c)

Centroid plot showing confidence ellipse. [Color figure can be viewed in the online issue, which is available at wileyonlineli-

brary.com.]

Figure 11. Plots of five flow variables values corre-
sponding to each of the five stages.

Values have been normalized. [Color figure can be

viewed in the online issue, which is available at

wileyonlinelibrary.com.]
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Remark 3. Although the same centroid can be calculated
from an infinite number of polygons, the set of polygons rel-
evant to the representation in this framework is in fact
bounded by the upper and lower (operating) limits of each
variable in the process.

Remark 4. Using PCA to reduce the dimensionality of the
data allows for extending the proposed framework to fault
isolation using contribution plots,41 which provide an indica-
tion of variables contributing to the deviation of the process
from its normal operating state. Furthermore, other dimen-
sion reduction methods can be used, along with the corre-
sponding fault diagnosis methods.42–44 These extensions
constitute the scope of our future research.

Case Studies

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 sys-

tem relative to the power input.45 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 com-

pressor system and restarting the compression process.21

Anticipating and preventing the occurrence of such events

is, therefore, of very high interest to process operators. In this

section, we analyze 30 surge event datasets occurring in a

industrial five-stage compressor (Figure 8). In each case, the

timing of the surge event was determined based on operator

experience. Each dataset captures a single surge event, and the

process historian database was queried for all the variables

pertaining to the compressor operation for 4 days prior to, and

1 day after the occurrence of the surge event. Data are sampled

Figure 12. Schematic of the Tennessee Eastman Process.46 [Color figure can be viewed in the online issue, which
is available at wileyonlinelibrary.com.]

Table 2. List of Available Faults in TEP
51

Fault No. Description Type

1 A/C feed ratio, B Composition
constant (Stream 4)

Step

2 B Composition, A/C ratio con-
stant (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
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at 1 min intervals, and each dataset contains 7200 samples.21

The number of variables in each dataset is 76, consisting of
flow, pressure, and temperature sensor readings for each com-
pressor stage. Communication with the industry partner that
provided the data indicated that the operation during the 4
days prior to each surge event appeared to be at steady state.

Time-explicit Kiviat plots of the data (both fault-free and
faulty) from one of the available datasets are presented in Fig-

ures 9a, b. To facilitate fault diagnosis by operators, the

sequence in which the variables are displayed may be reor-

dered to follow the main process flow from compression stage

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

complex flow sheets involving, e.g., multiple recycle streams).

PCA can be performed on the data to reduce the number of

variables that need to be plotted, an example of which is seen

in Figure 10.
A plot of the flow rates corresponding to the five stages of

the compressor is provided as well in Figure 11. We con-

structed a 95% confidence ellipse using the steady-state sam-

ples from all 30 datasets as training data, and used the

framework described above to analyze the advent of surge.

The results of fault detection using the proposed method are

shown in Table 1, which provides the time required for fault

detection (i.e., the time instant where the 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 5 5760 min in each dataset,

and we define a performance indicator, the early detection

time (EDT), as the difference between the operator-estimated

time of fault occurrence and the time of fault detection by the

proposed method. A positive EDT is evidently desirable, and

is illustrative of the predictive capabilities of the proposed

method. Negative detection times for a given fault suggest that

the fault would have been detected by the proposed method

after it was identified by process operators.
No false alarms (i.e., flagged samples that cannot be related

to the surge event) were raised for the majority of datasets.

The false alarm rate for the data is 0.77%.

Figure 13. High-dimensional time-explicit Kiviat plots of principal components for several TEP faults.

(a) Time-explicit Kiviat plot for fault 2. (b) Time-explicit Kiviat plot for fault 11. (c) Time-explicit Kiviat plot for fault 20. [Color

figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

Figure 14. Temperature plots of various process units
for Fault 20.

All temperatures are given in 8C. [Color figure can be

viewed in the online issue, which is available at

wileyonlinelibrary.com.]
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PCA was also applied to this dataset (see a visualization
example in Figure 10) and the scores used for fault detection.
The fault detection times and EDT when using PCA scores are
provided in Table 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 num-
ber 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 datasets,
in 25 of which the EDT was positive, indicating that the fault

was noticed early (i.e., prior to operators becoming aware of
its advent) and preventative measures could be taken. It is key,
however, to note that the representation of data loses physical
meaning after conducting PCA—in Figure 9, the physical var-
iables could be arranged in sequence of their appearance on
the flow sheet, but if PCA is applied, each principal compo-
nent is a combination of multiple variables and the visual rep-
resentation is not physically meaningful.

In the case of using the raw data directly, a fault was
detected in 28 of the 30 datasets. Furthermore, in 25 cases, the
EDTs were positive. When using PCA T2, a fault was detected
in 29 of the 30 cases, but there were five cases where the EDT

Table 3. Fault Detection Time for Tennessee Eastman Process

Detection Time (Min)

Fault
Number

Proposed
Method

Avg. Time of
All Other
Methods

Russell et al.34
Tamura and

Tsujita47 Zhang48

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 4. Missed Detection Rates for Tennessee Eastman Process

Missed Detection Rates (Lower is Better)

Fault
Number

Proposed
Method

Russell et al.34 Zhang48

PCA T2 PCA Q DPCA T2 DPCA Q CVA T2
s CVA T2

r 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 Tsujita.47
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was negative, indicating that the faults 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 datasets, but the EDT was negative in eight cases,

indicating again that detection by the operators would have

preceded the indication of this fault detection mechanism.
We note here that for the above case study, the details of the

compressor operation 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.

Benchmarking with the Tennessee Eastman process

simulator

The Tennessee Eastman Process (TEP)46 was used to fur-

ther validate the fault detection method proposed in this arti-

cle. The motivation behind this exercise is to test the ability of

the proposed method to detect known 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 article, we will refer to the work of Russell et al.34 and

Tamura and Tsujita,47 who implemented and tested a comple-

ment of linear PCA-based fault detection methods, as well as

to the work by Zhang,48 where nonlinear (kernel) PCA is used.

The TEP model was originally provided as a black-box FOR-

TRAN code,30 and ported to MATLAB at a later date.49 The

latter version was used in this study. The process is open-loop

unstable and two temperature cascade control loops as sug-

gested by McAvoy and Ye50 were used to stabilize the pro-

cess. A process diagram is provided in Figure 12.
The TEP simulator has provisions for applying 20 faults (of

which five are not described specifically); they are listed in

Table 2.
In performing our fault detection tests, we proceeded as fol-

lows: for each fault, the simulator was run for at least 12 h

(720 min), and an individual fault was injected at t 5 300 min.

The random seed of the noise signal generator was changed

between every run. Fault detection using the proposed frame-

work was conducted on the data obtained from the simulation,

with the steady-state operating region being defined based on

training data from a fault-free run of 12 h. As in the previous

case study, using a threshold of 70% for the variance captured,
the number of principal components selected was nine, and
the variance captured for normal (fault-free) operation was
70.1%. A 95% confidence ellipse was used for all cases. Sam-
ple Kiviat diagrams are provided in Figure 13.

Sample plots of the temperatures throughout the process are
presented in Figure 14.

The results of our fault detection analysis are provided in
Table 3. 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 5 300 min.

The data in Table 3 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 attrib-
uted 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 only considered detected when two
consecutive samples are flagged as a fault. As the time when
a fault is implemented is known, a binary approach is
taken—all samples taken prior to t 5 300 min are considered
to be normal operating data, and all samples taken after
t 5 300 min are considered faulty data. Therefore, any sam-
ples before t 5 300 min 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 defini-
tion is used to calculate the false detection and missed detec-
tion rates and is similar to the method used by Zhang to
calculate these parameters.48 From Table 4, we note that our
proposed method compares favorably with the other
approaches used in the literature.

Table 5. False Detection Rates for Tennessee Eastman

Process

False Detection Rates
(Lower is Better)

Proposed Method 0.032

Russell et al.34 PCA T2 0.014
PCA Q 0.16
DPCA T2 0.006
DPCA Q 0.281
CVA T2

s 0.083
CVA T2

r 0.126
CVA Q 0.087

Zhang48 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.

Table A. Data Used for Figures 1–5

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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As seen in Table 5, 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.

Discussion and Perspective

The case studies presented above, using both data collected
in silico from an industrial process simulator, and a rich com-

plement of industrial datasets, demonstrate the effectiveness
of the proposed method for fault detection. Along with fault
detection capabilities, our Kiviat diagram-based framework

can provide a time explicit representation of multivariate pro-
cess data.

Our informal interactions with industrial plant personnel

have shown that these multidimensional visualizations are
easily understood and followed by process operators, and

that operators can more easily detect the advent of a process
fault based on them. The visualization of multidimensional

data using time-explicit Kiviat diagrams was considered
preferable to parallel coordinates or the use of multiple 2-D

plots.
However, despite proven (and often superior) fault detec-

tion capabilities, the method is not without drawbacks. As

with all data-driven mechanisms, it is susceptible to noise,
so preprocessing of the data to remove outliers and noise

may be necessary. Selecting a low number of principal com-
ponents would also help reduce the effect of the noise. Simi-
lar to other data-driven methods, the proposed method is

affected by the quality of the “model,” which in this case
consists of the confidence ellipse in the centroid representa-

tion. The correct construction of the ellipse depends on the
selection of an appropriate steady-state region, and the pro-

posed method may be less effective (e.g., resulting in an
increased number of Type I and Type II errors) in processes

where the operation is oscillatory or strongly affected by
noise. This in turn affects the occurrences of false positive

and false negatives during fault detection. Our experience
suggests that the probability of false positives is relatively

small when the process noise is low, and can be lowered for
noisy data when filtering is appropriately applied. Under the

same conditions, the probability of occurrence for false neg-
atives is similarly small. As with many fault detection meth-
ods, slow, drifting disturbances are hard to detect in a

timely fashion in a noisy environment.

Conclusions

In this article, we propose a novel method for the detection

of process faults based on operating data. The method consists
of creating a multivariate control chart for large datasets

through the use of a time-dependent extension of Kiviat dia-
grams. PCA can be used to reduce the dimensionality of the

data as well when needed. Through the use of centroids, we
were able to capture snapshots of the process at any given

point in time and monitor the process through the use of multi-
variate 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 multivar-
iate data, which was not possible using most traditional plot-

ting methods.
Through extensive validation, we show that the proposed

method performs comparably with existing FDI algorithms

from the literature. Further, we showed that its application to

real plant operating data for a multistage compressor could

lead to anticipating the advent of systemic faults such as surge

prior to these events being detected by operators.
Our studies show that the computational cost of data analy-

sis within the proposed framework is reasonable, and that

most of the computational burden (i.e., determining the confi-

dence region) can be completed offline. This, together with

favorable feedback received from operators, suggests that the

proposed method has, in its present form, a strong potential for

real-time implementation in plant operations.
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Appendix A: Sample Data Used in Example

Table A provides the data used to generate Figures 1–5.

These data were obtained by simulating the simple CSTR

model adapted from the textbook Nonlinear Process Control by

Henson and Seborg52—the MATLAB model is provided by Dr.

John Hendengren.53 A step change (simulating a fault) was

made at sample 10 that resulted in an increased temperature

reading (Variable 4) that later propagated to the rest of the sys-

tem, this was then corrected at sample 20 and the system

returned to its original state. The first two variables are concen-

tration readings, the next two columns are temperature readings,

and the final column is a valve constant. Samples from this table

were used to generate Figures 1–5.

Appendix B: Construction of Time Explicit Kiviat
Diagrams

A simple 3-D, 10 sample (i.e., n 5 3, m 5 10) example is pro-

vided to demonstrate how the time explicit Kiviat diagrams are

constructed. For simplicity, the data for this example are a

Table B1. 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
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subset of the data provided in Appendix A. Specifically, data

from the first three columns and Samples 5–15 were selected to

reflect changes in the process.

Step 1. Normalization of the dataset. Each variable is
transformed to have zero mean and unit standard deviation.
The data in Table B1 are normalized using the equation B1

Figure B2. Polygon corresponding to data sample 1.

[Color figure can be viewed in the online issue, which

is available at wileyonlinelibrary.com.]

Figure B1. Ranges of variables in the Kiviat plot.

[Color figure can be viewed in the online issue, which

is available at wileyonlinelibrary.com.]

Table B2. Normalized Data Used in Appendix B

Sample
Number x1 x2 x3

5 0.52 20.64 20.66
6 0.63 20.68 20.68
7 0.67 20.58 20.62
8 0.66 20.63 20.65
9 0.63 20.55 20.62
10 0.57 20.68 20.66
11 0.52 20.51 20.62
12 0.43 20.37 20.01
13 21.78 1.76 1.96
14 21.95 1.37 1.25
15 21.41 1.50 1.30

Figure C1. Sample data from Table B1, points in black
correspond to normal operation, points in
red correspond to faulty data.

[Color figure can be viewed in the online issue, which

is available at wileyonlinelibrary.com.]

Figure C2. The cluster of points bounded by an ellip-
soid.

[Color figure can be viewed in the online issue, which

is available at wileyonlinelibrary.com.]

Figure C3. The extreme points of the ellipsoid are
depicted by solid marked points.

[Color figure can be viewed in the online issue, which

is available at wileyonlinelibrary.com.]
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xj;i5
x̂j;i2�xi

ri
8j 2 f1; . . . ;mg; 8i 2 f1; . . . ; ng (B1)

where x̂j;i represents the “raw” data point, �xi is the mean value
of variable i 2 f1; . . . ; ng across all m samples, and ri is the
corresponding standard deviation. After normalization, the

data take the values in Table B2.
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 2p
n radians apart.

Step 3. Determine the overall radius of the Kiviat plots

using the maximum and minimum values of each variable over

the entire dataset.

The overall minimum of each variable is subtracted from

each sample of the variable, and the difference is divided by the

variable range (the difference between the overall maximum and

minimum). Thus, the representation of each sample of each vari-

able 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 minimum 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, respectively.54

Radial

Position5
gain3ðdata point2overall minimumÞ
ðoverall maximum2overall minimumÞ1bias

(B2)

Figure B1 shows the ranges each variable on the axes of the

Kiviat plot.

Step 4. Connect the points corresponding to all variables

for a particular sample time to form a polygon (Figure B2).

The time dimension is captured via a time axis normal at the

origin to the plane of the Kiviat plot. 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 predetermined vertical distance from the first polygon. It

is convenient to assume that data are sampled with a uniform sam-

ple rate, but nonuniformly sampled data can be displayed easily.

Appendix C: Determining the Multivariate
Confidence Ellipse

We use the plots and data from Appendix B to demonstrate

the construction of a multivariate confidence ellipse. We begin

by representing the normalized points in the n-dimensional Car-

tesian space. For the example considered here, this representa-

tion can be visualized as in Figure C1 (this is not possible in

higher dimensions).

We then determine the confidence ellipsoid around the subset

of data that correspond to normal operation as seen in Figure

C2.

To this end, we calculate the covariance matrix of these data

and use eigendecomposition (Eq. 2) to obtain the vector direc-

tion and length of the ellipsoid axes.

Then, we calculate the extremities of the ellipsoid as points

in the n-dimensional space, and represent these extrema as pol-

ygons in the Kiviat diagram (Eqs. 3 and 4), obtaining the limits

described in Step 3 of the Multivariate Analysis Section

(Figures C3 and C4).

We now apply Step 4 from that same section, generating

a series of random polygons that are bounded by the two

Figure C4. The extreme points of the ellipsoid are
depicted in the Kiviat diagram by the blue
and green polygons.

[Color figure can be viewed in the online issue, which

is available at wileyonlinelibrary.com.]

Figure C5. Minimum enclosing ellipse generation. (a) Minimum enclosing ellipse found for the sample polygon
centroids (black). (b) Confidence ellipse used to distinguish faulty and nonfaulty points.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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extreme polygons and determining their centroids. The mini-

mum enclosing ellipse that bounds these centroids is calcu-

lated by solving the optimization problem in Eq. 5. With a

sufficient number of random points, we are able to generate

a projection of the n-dimensional ellipsoid into the 2-D

radial plot space. We use this minimum enclosing ellipse as

our multivariate confidence limit for fault detection. It is

seen in Figure C5b that the second cluster of data falls out-

side of the confidence ellipse, and will be classified as faulty

data.

Manuscript received Apr. 10, 2015, and revision received Sep. 8, 2015.
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