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Abstract. The significant increase in the relevance of issues related to reliability and safety in the production processes
of the various segments of the production network has led organizations to seek efficient methods to diagnose and detect
possible failures in their processes. Although there are many works related to Fault Detection and Diagnosis (FDD),
few of them are based on clustering and pattern recognition in time series, especially the multivariate ones. In addition,
there are no works related to the pattern recognition in time series that consider the process model as a constraint. This
paper proposes a new method for the pattern recognition in uni and multivariate time series, based on Fuzzy C-Means
(FCM), which directly considers the process dynamics in the clustering problem in order to ensure the feasibility of the
recognized patterns. The proposed method is applied in a case study that comprises the clustering and pattern
recognition of abnormal (failures) operation of a nonisothermal Continuous Stirred Tank Reactor (CSTR), a well-known
benchmark system used to compare various monitoring solutions and also used for the assessment of FDD techniques.
The results show that the proposed method (FCM coupled with a process model) is able to recognize patterns consistent
with the behavior of the process without worsening the quality of clustering and classification.

Keywords: clustering, multivariate time series, fault diagnosis, process model
1. INTRODUCTION

Due to the complexity of the production processes, companies from various segments of the production network are
looking for technological solutions to monitor, store and manipulate data in order to acquire knowledge of the process.
One of the applications of knowledge Discovery in Data bases (KDD) comprises the Fault Detection and Diagnosis (FDD)
(Fontes and Pereira, 2016).

Data clustering and pattern recognition in time series have been investigated through the use of traditional techniques,
especially in the case of univariate series (Liao, 2005; Keogh and Kasetty, 2002; Trebufia and Hal¢inova, 2013). The
Fuzzy C-Means (FCM) clustering algorithm represents a robust and consolidated alternative of non-hierarchical
clustering capable of recognizing patterns in uni or multivariate time series associated with process variables (Liao, 2005;
Izakian and Pedrycz, 2015; Trebuiia and Hal¢inova, 2013; D’urso and Maharaj, 2012). The clustering of multivariate time
series is less investigated and comprises a more complex problem due to its intrinsic features such as the choice of the
similarity metric and clustering validation. One of the widely used similarity metrics for the comparison between
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multivariate series comprises the PCA-based similarity metrics (SPCA) in its different versions (Singhal and Seborg,
2006; Khediri, Limam and Weihs, 2011; Deng, Tian and Chen, 2013).

However, traditional SPCA and the classic FCM algorithm are not able to ensure that the recognized patterns are
consistent with the dynamic behavior of the process, which, depending on the quality of information in the data, can lead
to obtaining patterns distant from the dominant dynamics or even not achievable. So far, no work involving the
reconciliation of patterns in optimization-based clustering problems has been verified. This paper reveals for the first time
possible inconsistencies in the pattern recognition in multivariate time series using an optimization strategy (FCM) and
presents two approaches (sequential and simultaneous) associated with two different types of problems involving the
reconciliation of these patterns through the dynamic process model. As in the traditional practice of data reconciliation
(Shuanghua, McLean and Thibault, 2007), pattern reconciliation means modifying patterns obtained from historical data
making them consistent with the reality of the process while preserving the quality of the clustering/classification results.

2. PRELIMINARIES
2.1 Multivariate time series and the PCA-based Similarity metrics (SPCA)

The univariate time series (UST) and multivariate time series (MST) are considered as objects in problems involving
clustering and pattern recognition (Maharaj and D’urso, 2012; Li and Wen, 2014). Time series comprise a series of

observations over time (time series) associated with a specific process variable z;(t) (j=1...,p;t=1...,m) (pisthe

number of variables, m is the number of observations and t indexes the measurements made at each time instant). A MTS
object comprises the case in which p>2 and can be represented by the following mxp matrix (Fontes and Budman, 2017):

z<| ¢ o (1)

where Z; is the object, z;(t) is the measurement of variable j (j=1, ..., p) at time instant t (t=1, ..., m) in the object Z;
(i=1,...,n objects). The column j contains the time series related to the variable j.

The Similarity metrics (SPCA) is based on the Principal Component Analysis (PCA) and quantifies the level of
similarity between two different objects (MTS represented by two matrices mxp, respectively) by comparing the
directions associated with the main components of each object (Yang and Shahabi, 2004; Singhal and Seborg, 2006). The
matrices to be compared can have the same number of columns (p), but not necessarily the same number lines or
observations (m) (MTS). The SPCA is restricted to the interval [0; 1] and values close to the unit indicate high similarity.
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where A and B are the matrices (multivariate time series), 0 is the angle between the i*" principal component of A and the
j™ principal component of B, k; and k are the quantities of principal components capable of describing more than 95% of

the variability of matrices A and B, respectively, and ko is the largest of k; and k.. where 4 and A® are vectors with the
eingenvalues of ATA and BB, respectively and "." indicates scalar product.

Equation (2) presents the modified SPCA,, in which each major component is weighted by the square root of its
corresponding eigenvalue (Singhal and Seborg, 2006), thus considering that each component describes different levels of

variability.
2.2 Method Fuzzy C-Means (FCM)

Cluster analysis or simply clustering aims at partitioning a given set (sample) of objects into homogeneus and well
separated clusters (subsets) according to criteria of similarity and dissimilarity (Dao et al., 2017, Déring and Lesot, 2006;
Hair, Black, Babin, Anderson and Tathan, 2009). The fuzzy c-means algorithm (FCM) is a non-hierarchical clustering
method that requires the pre-specification of the number of groups (Bezdek, 1981). The FCM is based on an optimization
problem Eg. (3) and (4) whose decision variables are the centers (vi, i =1, ..., c, prototypes or patterns) of each one of the
c clusters (¢ > 2) and the membership degree of each object to each cluster (Liao, 2005; Bezdek, Keller and Krisnapuram,
2005).
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The term fuzzy derives simply from the inherent characteristic of the FCM in assigning levels of intermediate
pertinence (in the interval [0, 1]) for each object in relation to each one of the groups (Berget, Mevik and Neas, 2008,
Hoppner, Klawonn, Kruse and Runkler, 1999).

min J, (U ,V)=ZZ{ufk

i=1 k=1

X Vi ”2} )

where cis the number of clusters, n is the number of objects, ui is the membership degree of the k% object to the i
cluster, U is the partition matrix (cxn matrix). The parameter ¢ (fuzzification coefficient) is related to the inherent
uncertainty of the partition problem and was the recommended value in the literature (¢ = 2). V is the set of prototype
vectors {vi, v, ..., v:}. Two additional constraints must be considered:

UeR™:u, €[0]] Zn:uik >0 Vi and chuik =1 4)
k=1 i=1

The analytical solution of the optimization problem represented by equations (5) and (6) comprises the following
expressions for the centers (patterns) of the clusters and levels of pertinence:
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The classical FCM algorithm comprises an iterative procedure through equations (5) and (6) and the metric adopted
is Euclidian (Berget, Mevik and Neas, 2008). In problems involving multivariate series, in which Euclidean distance does
not apply, equation (6) can not be used, and a classical optimization algorithm must be used to solve the problem described
by Eg. (3) and (4) (Fontes and Pereira, 2016).

In this work the modified SPCA,, Eg. (2) was adopted as a similarity metric. In addition, a bi-criterion constrained
clustering was adopted in order to maximize the split between clusters (patterns) avoiding the coalescence of clusters.

. X oy 1
minJ, (U,V) = Ui [SPCA:(xi,vj)T+ﬂ- 5 )
(UV) =L j-1 i=1 };1 [SPCA (vi WV )]
where f is an adjustable parameter. It was verified that even values close to zero are able to avoid coalescence between
groups. SPCA. is the complement of SPCA; (SPCA, (x,,V;) =1—SPCA, (x,V;)) -

2.3 Reconciliation of Patterns

Although the reconciliation of measured process data has been extensively analyzed over the past few years
(Shuanghua, McLean and Thibault, 2007), there are no studies to date suggesting the need for reconciliation of patterns
involving clustering and classification of time series.
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In this work, two types of problems are presented with the respective approaches of sequential and simultaneous
resolution aiming at the reconciliation of patterns in time series.

2.3.1. MTS with output variables

The first type of problem comprises the situation in which the time series present in each object comprise only process
output variables. In this case, the reconciliation of the patterns obtained consists in determining the temporal trajectory of
each output variable considered to be closer to the standard recognized by the clustering algorithm, but at the same time,
it attends the process dynamics. The resolution of this problem comprises the determination of a time sequence of inputs
consistent with reality (satisfies pre-specified process constraints) and, as a result, the respective trajectory of the output
variable predicted by the process model (reconciled pattern).

Once the centers (patterns) are recognized through the modified FCM algorithm (vi, i = 1, ..., ¢, [Eq. 7 and 4]), the
reconciliation comprises the following resolution of the following optimization problem, output variables present in each
object are affected by n and input variables, we have:

2

Wl(tm-!wne © I = ;Hyi —Yi (8)
Subject to:
Ly <W (1) < Sy, ALy < Aw (1) <AS,, i=1..n, ©)]
yi = f(w(),....w, (t),t) — Process model (10)

where w; (i=1,..., ne) are the input variables. The Eq. (9) constraints comprise maximum and minimum limits on the
absolute values and respective variations of each input, at each instant of time. y, e y (i=1,...,c) are the trajectories of

the output variables referring to the patterns recognized by the clustering algorithm and the reconciled trajectories,
respectively. The metric distance used for each output variable is the Euclidean distance in order to reconcile the dynamics
of the recognized trajectory to the dominant dynamics of the process (described through the process model).

2.3.2. MTS with input and output variables

The second type of problem comprises multivariate time series involving output variables and input variables. In this
case, the reconciliation consists in relating the time series referring to the output variables, in each recognized standard,
with the time series referring to the inputs in the same standard, through the process model.

The reconciliation strategy is carried out in this case through a simultaneous approach. A bi-criterion constrained
clustering comprises an objective function whose the first criterion is related to the fuzzy clustering itself Eq. (7) and the
second criterion sets a bond between the time series of each pattern based on the process model.

Consider a process with ny input variables of which only n; entries (n1 < ny) are part of each object, with n, remaining
entries (n2 + n1 = ny). The first ones are called Prototype Inputs (P1) and the others are called Free Inputs (FI). Therefore,
the set of input variables is divided into two subsets, namely, ij’, G=1,..n)andwf, (j=1,..,n,).

Each recognized standard (and each of the objects) v; (i=1, ..., ¢) is composed of time series referring to ny output
variables and n; input variables (PI). Each pattern v; includes an array of ny+n; columns, where viyj (i=1..,cand j=

1, ...,ny) refers to the time series of the output variable j in the pattern associated with group i and
vi; (i=1,..,c and j = 1,...,ny) refers to the time series of the input variable wf” in the pattern associated with group

Yoo y u oL, u
v, = |V Vin, Vi1 Vin, (11)
N —f— N— e’

nyoutputs ™ prototype inputs

where v} = wf'(t), j = 1,..,n,.

The optimization problem is structured as follows:
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(uyv) i=1 =1 i=1 };1 [SPCA&(VwV])] i=1 y=1
Subject to:
Zn:uik>0 \ Zc:uik:l v, (13)
k=1 i=1
L <Aw () <S; i=1..n, (14)
AL, < Aw(t) < AS; i=1 ..,n, (15)
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prototype inputs free inputs

The free inputs can be pre-fixed or not, depending on the features of the problem or process. If fixed, these are not
decision variables. The Euclidian distance is used as metrics in the part of the objective function (Eg. 12). « (a € [0,1])

is a tuning parameter (trade-off parameter). viy is the time series for output y (y = 1, ..., ny), associated with the standard
of groupi (i = 1, ..., ¢). The constraints (14) and (15) are analogous to (9).

3. CASE STUDY

The work comprised two steps: obtaining the database (time series); and recognizing patterns for different kinds of
fault (fault diagnosis). The nonisothermal Continuous Stirred Tank Reactor (CSTR) with cooling jacket dynamics and a
variable liquid level was simulated in order to generate historical data (Singhal and Seborg, 2002; Vaidyanathan and
Venkatasubramanian, 1992). This virtual plant (Fig. 1) is a benchmark process used to compare and analyze FDD
approaches.

Figure 1: Nonisothermal continuous stirred tank reactor (Singhal and Seborg, 2002)

The objects are represented by time series (Fig. 2). Two types of failures were analyzed, both related to the
disturbances in reactor charge flow (Qg): 30 fault objects were related to the step changes (with different amplitudes); and
30 other objects were related to the oscillations of damped and sustained types. Figure 2 presents the respective time
series (time window of 5 min) associated with two state variables, i.e., reactant concentration in the reactor (Ca), and
reactor temperature (T).
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Figure 2: Time series. (a) reactant concentration; (b) reactor temperature
4. RESULTS

The first test comprised objects composed of output variables (Ca and T). Figure 3 shows the patterns of each one of
the 2 clusters considered using FCM. The clustering results using the classical FCM algorithm (Eq. 3 and 4) presented
quite satisfactory results and no case of misclassification occurred. SPCA was able to recognize the complete distinction
between the failure objects (step disturbance and oscillatory disturbance in charge flow) and no misclassification was
verified. Although in both type of failures the temperature patterns (with and without reconciliation) are dynamically
quite similar, the same is not true for concentration. The pattern of the reactant concentration (Ca) recognized for the
oscillatory disturbance without reconciliation (just FCM) shows inconsistent dynamic behavior. In both type of failures,
the initial increase in the reactor temperature should cause an initial decrease in the reactant concentration which is really
verified in the reconciled pattern. The heterogeneity among the objects associated to this type of failure (oscillatory
disturbance in the feed flow) suggests that the SPCA metric and the classic algorithm FCM do not ensure the adherence
to the process once there is an increase in the complexity of the clustering problem associated with the absence of uniform
behavior between the objects of the same label (oscillatory disturbance). This is a typical and frequent situation in data
extracted from real industrial systems subject to noises and unknown disturbances. In addition, the reconciliation approach
(Eq. 8, 9 and 10) did not change the quality of the clustering and misclassification results have not been verified.
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Figura 3: Centers or Patterns (sequential reconciliation approach).
(a) reactant concentration; (b) reactor temperature

A second test comprised objects with the two output variables (Ca e T) as well as the feed rate (Qg) and the
simultaneous reconciliation approach was applied. The results obtained are shown in Figure 4. The reconciled patterns
also maintained the same quality of the classification results obtained with classic FCM (without reconciliation).
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Figure 4 shows that reconciled patterns present dynamic behavior different from the original patterns (without
reconciliation). In some cases, such as in the patterns related to the feed rate (Qr), the results obtained without
reconciliation are not consistent with the reality of the process and shows an initial decrease in this variable, as opposed
to the expected type of failure.

(a) (b)

1 T T T T T 1 T T T T T
—6—0scillation Failure Pattern - FCM
—%—Qscillation Failure Pattern - Reconciled Patte
—5—Step Failure Pattern - FCM

—— Step Failure Pattern - Reconciled Pattern

05
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—&—Oscillation Failure Pattern - FCM
——Oscillation Failure Pattern - Reconciled Pattern
—&—Step Failure Pattern - FCM

—— Step Failure Pattern - Reconciled Pattern

R ecactant Concentration

L L !

05 ‘ ; : ; : 05 ; ;
0 1 2 3 4 5 0 1 . 2 . 3 ) .4 5
Simulation Time /min Simulation Time /min
Q
—
<]
24
(@]
7
o
Q
(5]
e f —&— Oscillation Failure Pattern - FCM
—¥— Oscillation Failure Pattern - Reconciled Patter
—&— Step Failure Pattern - FCM
—— Step Failure Pattern - Reconciled Pattern
0.5

0 1 2 3 4 5
Simulation Time /min

Figure 4: Centers or Pattern (simultaneous reconciliation approach).
(a) reactant concentration; (b) reactor temperature; (c) feed flow rate.

5. CONCLUSION

This work presented the clustering and pattern recognition of abnormal (failures) operation for a nonisothermal CSTR,
which is a benchmark process used to compare and analyze FDD approaches. The results obtained show that FCM
algorithm coupled with SPCA are not capable of recognizing patterns consistent with the process dynamics even with e
achievement of classification results.

Two reconciliation approaches are proposed and apply according to the nature of the variables (inputs and/or outputs)
present in each sample object. The two approaches were able to obtain reconciled pattern without compromising the
quality of the clustering and classification results, i.e., without impairing the quality of fault diagnosis.
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