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Abstract—This paper presents a novel supervised clustering
technique including different clustering algorithms which cooperate together to span the decision space in a supervised manner.
It uses a variety of clustering methods for an efﬁcient partitioning.
An evolutionary algorithm is used to tune the key parameters of
the cooperative scheme which minimizes an error-based objective
function on the training dataset. The proposed supervised scheme
is developed for diagnosing faults in the Tennessee Eastman
process, which is a standard benchmark for fault detection and
diagnosis. Experimental results show that the proposed technique
can efﬁciently diagnose the process faults.
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I. I NTRODUCTION
The increasing demands for the safety and the reliability
of the systems result in increasing interests in fault detection
and diagnosis systems. In the last few decades, numerous
approaches have been successfully applied for fault detection
and diagnosis in industries [1]. Data driven techniques have
been extensively used for this purpose due to their accuracy
and adaptability [2].
Contemporary data-driven diagnostic systems are intelligent
classifiers that work in a supervised manner by using the
label data from both normal and faulty classes to increase
the sensitivity to the specific type of the fault [3][4]. The goal
is then to label any unseen pattern in test dataset by means
of the obtained knowledge from mapping the labeled data to
their class or decision space during the training session [5].
Among these techniques, clustering algorithms including kmeans [6], fuzzy c-means (FCM) [7] and Gaussian mixture
model (GMM) [8] have been used for fault detection task.
Although, these techniques are capable of identification of
anomalies and detecting faults, they are not designed nor
evaluated to diagnose the type or location of the faults, i.e.,
they cannot classify or isolate different classes of faults due to
their unsupervised nature. These unsupervised clustering techniques detect the faults by thresholding the input observations
representing any deviation from the normal behavior [3].
Thanks to evolutionary algorithms, clustering techniques
have been adopted for multi-class classification and fault
diagnosis in a supervised manner [9-11]. An evolutionary
algorithm is used to optimize Mahalanobis metrics of FCM
clustering algorithms, constructing a FCM classifier with a
priori knowledge about clusters [10]. These techniques are
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extended in the form of bagged ensemble of FCM classifiers
[11], [12], but only resampling techniques are used to create
the diversity among the individual FCM models. To improve
the performance, these techniques can only relay on increasing
the diversity by resampling the training data, and thus, their
performance cannot be improved where the individual FCM
classifiers are doomed to misclassify the points around the
complex decision boundaries. This is due to the nature of the
partitive FCM algorithm.
There exist other clustering algorithms based on the density [13] and the connectivity [14] of the patterns. Moreover, combination of several clustering methods is one of
the ongoing research directions. Cluster ensemble techniques
combine different clustering methods to improve the quality
and robustness of the results. These techniques are based on
two steps, clusters generation and consensus function [15]. To
improve the quality of clusters, cluster ensemble techniques
resort to an aggregation or consensus function. However, they
are computationally expensive due to creating and merging
multiple partitions. On the other hand, cooperative clustering
(CC) techniques have higher quality performance and lower
computational complexity [16].
In this work, a supervised cooperative clustering scheme
has been developed which makes use of various clustering
algorithms for the sake of increasing the variety. This scheme
contains three major modules: (a) individual unsupervised
clustering algorithms; (b) cooperation module; (c) genetic
algorithm optimization module. The general scheme of the
supervised cooperative clustering is illustrated in Figure 1.
The individual clustering techniques cooperate together for
partitioning the data while their parameters are adjusted
by minimizing an error-based objective function during the
training with labeled data using genetic algorithm. Thus, the
proposed novel scheme can be used as a powerful supervised
algorithm for multiclass classification tasks, which is applied
for diagnosing process faults in the Tennessee Eastman Process
(TEP).
The rest of the paper is organized as follow. The problem
statement and proposed approach is presented in the section
2. Tennessee Eastman Process (TEP) is presented in section 3.
Experimental results and conclusion are provided in sections
4 and 5, respectively.
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Fig. 1. General diagram of the proposed supervised cooperative clustering approach.

II. P ROBLEM S TATEMENT AND T HE P ROPOSED A PPROACH
Thanks to an evolutionary algorithm, here, a novel cooperative clustering technique has been developed for fault diagnosis
in a supervised manner. This scheme is based on various
clustering algorithms which cooperate together in partitioning,
aiming to classify the pattern of normal and faulty classes
by resorting to genetic algorithm which tries to minimize an
error-based objective function on the training data and find the
best values for the key parameters. The selected individual
clustering techniques and the cooperative clustering scheme
are firstly presented as they are the prerequisites for the precise
explanation of the proposed supervised cooperative clustering
scheme.
A. Individual Clustering algorithms
In this paper different types of clustering methods is reintroduced and applied cooperatively to form better clusters.
Methods have been chosen such a way to cover different
types of clustering algorithms to gain their advantages over
the others. Clustering techniques as an unsupervised approach
aims to cluster data in different partitions. These partitions
contain with meaningful groups of objects that share common
characteristics. Different clustering methods are used including
partitive and iterative based methods such as KM [17], BKM
[18], PAM [19] and FCM [20], density based method such as
DBSCAN [13], distribution based method such as GMM [21],
and competitive learning such as SOM [22].
1) K-means: In this algorithm initial cluster’s centroids are
selected to the dataset and all the objects are assigned to these
centroids by calculating the distance between objects to the
centroids. The centers of the clusters are found and will be
updated by iterative K-means until minimizing the squared

error as well as sum of distances of the points objective
function to the centers.
2) Bisecting K-means: In this method the whole dataset is
considered as one cluster and then partitioned in two parts by
K-means algorithm. The process is continued to achieve the
desired number of clusters.
3) Partitioning around medoids (PAM): In this approach a
representative object are selected in each cluster at each iteration. To find medoids, some objects are selected to minimize
an objective function which is the distances of all the objects
in a cluster to the cluster medoid. It is a significance approach
in noisy and small datasets but it is not useful for the large
dataset.
4) Fuzzy C Means (FCM): FCM which is indeed a fuzzy
version of K-means assigns each point to each cluster by
means of a degree of membership. In this algorithm every
point has a degree of membership to all clusters, instead of
being completely members of just one cluster.
5) DBSCAN: DBSCAN is an effective clustering method
to discover clusters in the dataset using local density of points
[13]. DBSCAN contains two adjustable parameters, Minpts
and Eps which Minpts are the number of points in a circle
with radius of Eps. The underlying idea is to have at least one
point near to the point belongs to a cluster with the distance
less than Eps. In DBSCAN clustering, we have two kinds of
points, border and core points. Border points belong to the
neighborhood within Eps radius of a core point and a core
point contains minimum number of points MinPts within its
neighborhood with Eps radius.
6) Gaussian Mixture Model (GMM): In GMM multivariate
normal density components are combined that each point
belongs to a cluster according to a probability of belonging
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of each individual clustering algorithm as follows:

Fig. 2. Cooperative Clustering graph in CC method. The two sub-clusters
with higher 𝑚𝑐𝑓 are merged. 𝐻𝑖 indicates the similarity histogram of subcluster 𝑖 and 𝐻𝑖𝑗 indicates the similarity histogram between two sub-clusters
𝑖 and 𝑗.

to each cluster. By selecting the component to maximize the
posterior probability, clustering is performed. GMM has been
used in fault clustering tasks [8].
7) Self Organizing Map (SOM) : In this method input space
is projected on prototypes of a low-dimensional regular grid
to be effectively utilized to visualize and explore properties
of the data [22]. Where the number of units are large, similar
units are grouped together.
B. Cooperative clustering (CC)
Cooperative clustering (CC) uses different clustering algorithms cooperatively to achieve the high quality clusters. Thus,
input to the cooperative clustering is the data to be partitioned
and 𝑀 different clustering algorithms which they have to
cluster the data into the 𝑐 clusters. The dataset is defined by 𝑋
of size 𝑛 × 𝑘 matrix 𝑋 = {𝑥𝑖 } , 𝑖 = 1, ..., 𝑛 where 𝑛 is equal
to the number of patterns and each of them has 𝑘 attributes
or features. Similarity (or distance) Matrix (SM), represents
pair wise cosine similarity between patterns. Since SM is a
symmetric matrix, we only consider 𝑛 × (𝑛 − 1)/2 elements.
In addition, each member of SM has value between -1 and 1.
Membership, 𝑚𝑒𝑚(𝑥), of each point 𝑥 ∈ 𝑋 in the dataset
can be calculated by the weights multiply to the assigned label
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𝑚𝑒𝑚(𝑥)∣𝑐1 ,𝑐2 ,...,𝑐𝑀 = 𝑤1 𝑚𝑒𝑚(𝑥)∣𝑐1 ×... × 𝑤𝑀 𝑚𝑒𝑚(𝑥)∣𝑐𝑀
(1)
where 𝑚𝑒𝑚(𝑥)∣𝑐𝑖 is the class label of pattern 𝑥 using i-th
clustering method 𝑐𝑖 , 𝑖 = 1, ..., 𝑀 , where 𝑀 is the number of
clustering algorithms and 𝑤𝑖 , where 𝑖 = 1, ..., 𝑀 , is the weight
of each clustering algorithm in voting a label, which can be
obtained during the training. Given two different data patterns
𝑥1 and 𝑥2 , these two patterns can only belong to the same
cluster or sub-cluster if 𝑚𝑒𝑚(𝑥1 ) = 𝑚𝑒𝑚(𝑥2 ), see equation
(1). Since each clustering method may assign different label
to one pattern or object and have different results, the number
of sub-clusters is more than or equal to the data clusters.
To represent each sub-cluster, similarity histogram as a
cosine statistical representation, is used as in [16]. Constant
similarity value intervals are used to determine the number of
bins (N), which is a preset parameter. Since cosine similarity
is between -1 and 1, size of each bin (b) in the histogram is
equal to 2/𝑁 . For every bin (b), histogram contains number
of similarities that fall into the same interval. Cooperative
contingency is considered as a graph where sub-clusters (SCs)
and their relationships are its nodes and edges, respectively.
The coherency of merging is applied to merge two subclusters. Fig. 2 is an example of the cooperative contingency
graph with four SCs. Histograms are updated after merging as
follows:
𝐻𝑝𝑞 (𝑏) = 𝐻𝑝 (𝑏) + 𝐻𝑞 (𝑏) + ∣𝑆𝑖𝑚(𝑥1 , 𝑥2 )∣
∀𝑥1 ∈ 𝑆𝐶𝑝 , 𝑥2 ∈ 𝑆𝐶𝑞 , 𝑏 = 0, ..., 𝑁 − 1

(2)

where (𝑏 − (𝑁/2)) × 𝑏𝑠 < 𝑆𝑖𝑚(𝑥1 , 𝑥2 ) ≤ (𝑏 − (𝑁/2)) ×
𝑏𝑠 + 𝑏𝑠. In the above equation,𝑏𝑠 is the bin size, 𝑆𝑖𝑚(𝑥1 , 𝑥2 )
is the similarity of two patterns 𝑥1 and 𝑥2 , 𝐻𝑝𝑞 is the
new cluster histogram obtained by merging two sub-clusters
𝑝 and 𝑞, 𝐻𝑝 (𝑏) is the number of similarities for the bin
number equal to 𝑏𝑡ℎ bin from similarity histogram 𝐻𝑝 .
Number of additional similarities from merging is defined
by ∣𝑆𝑖𝑚(𝑥1 , 𝑥2 )∣. Merging cohesiveness factor of two subclusters (SCs), (𝑚𝑐𝑓 (𝑆𝐶𝑝 , 𝑆𝐶𝑞 )), is equal to the weighted
number of the bin similarities (𝐻𝑝𝑞 (𝑏)) considering a threshold
𝛿 over the total count of similarities (𝑛𝑆𝑖𝑚 (𝑆𝐶𝑝 , 𝑆𝐶𝑞 )) which
can be reformulated as follows:
−1
Σ𝑁
𝑏=𝑏 𝑡ℎ ((𝑏 × 𝑏𝑠) − 1 + (𝑏𝑠/2)) × 𝐻𝑝𝑞 (𝑏)
𝑛𝑆𝑖𝑚 (𝑆𝐶𝑝 , 𝑆𝐶𝑞 )
(3)
where 𝑏 𝑡ℎ is the bin corresponding to the similarity threshold 𝛿.
At each iteration two SC with the maximum 𝑚𝑐𝑓 are
merged to form a new SC and similarity histograms of the
new SCs are calculated and cooperative contingency graph is
formed. This process is continued until the desired number of
clusters are extracted.
Two SCs are similar to each other, if their 𝑚𝑐𝑓 is high
enough and also their similarity histogram has more bins close
to 1 on the right hand side of the similarity histogram. As

𝑚𝑐𝑓 (𝑆𝐶𝑝 , 𝑆𝐶𝑞 ) =
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Fig. 2 illustrates, 𝐻13 has more bins in the right side of the
histogram and highest bins close to 1. It shows the higher
similarities between these two SCs, 1 and 3, and thus they
can be merged together to make a new sub-cluster.
C. Supervised Cooperative Clustering (SCC)
As mentioned above, clustering is an unsupervised learning
task where the information about class labels are not available
a priori. To diagnose faults in industrial plants, a supervised
CC, (SCC), is developed. In this scheme some parameters of
the clustering techniques and their weights are optimized in a
supervised fashion by means of genetic algorithm [23].
GA makes use of the ‘stochastic uniform selection’ mechanism to select a preset number of individuals from the population. It also uses the ‘scattered crossover’ operator to create
offspring for the next generation, and the ‘uniform selection’
operator for reinsertion of offspring in the population.
SCC makes use of different types of clustering algorithms
cooperatively, which need to be optimized. There is a list of
parameters: K-means: 𝑐, 𝑤; BKM: 𝑐, 𝑤; PAM: 𝑐, 𝑤; FCM:
𝑐, 𝑚, 𝑤; DBSCAN: 𝐸𝑝𝑠, 𝑀 𝑖𝑛𝑝𝑡𝑠, 𝑤; GMM: 𝐺, 𝑤; SOM:
𝐷, 𝑤; CC: 𝑏𝑡ℎ , where 𝑐 is the number of initial clusters that
each individual clustering method has to cluster the data to the
number of 𝑐 clusters, 𝑤 is the weight that is multiplied to the
labels, 𝐸𝑝𝑠 and 𝑀 𝑖𝑛𝑝𝑡𝑠 are parameters of the DBSCAN, 𝐺 is
the number of Gaussian components, 𝐷 is the number of layer
of the SOM, and 𝑏𝑡ℎ is the bin corresponding to the similarity
threshold in the CC method (See equation 3). To perform SCC,
these parameters are updated in a supervised manner to obtain
final clusters as close as possible to the a priori known classes
based on the available labeled data. The supervision is then
the process of minimizing the error function 𝐸(𝛤, 𝛤 ∗ ) using
genetic algorithm between the a priori known class label 𝛤
and the obtained class label 𝛤 ∗ as follows:
𝐸(𝛤, 𝛤 ∗ ) =

Count of misclassified patterns
Total number of patterns

(4)

The overall training step of the proposed supervised clustering is as follows:
1. Initialize first iteration to 1 (𝑖𝑡 = 1) and randomly
initialize all other parameters.
2. At each step of the genetic algorithm, 𝑀 different
clustering methods partition 𝑛 training data into 𝑐 clusters.
By applying partitioning results of 𝑀 clustering methods to
cooperative clustering with the preset parameters vector, data
is clustered into the desired number of classes at the iteration
t 𝛤 ∗ (𝑡) = (𝛤1∗ (𝑡), ..., 𝛤𝑐∗ (𝑡)).
3. Compute the error function using equation (4).
4. If E is less than the predefined threshold 𝜀, or
the number of iterations meet the maximum value, stop;
otherwise, increment 𝑖𝑡 by 1 and update parameters
𝑡
} to
vector {𝑐𝑡 ,𝑚𝑡 ,𝐸𝑝𝑠𝑡 ,𝑀 𝑖𝑛𝑝𝑡𝑠𝑡 ,𝐺𝑡 ,𝐷𝑡 ,𝑏 𝑡ℎ𝑡 ,𝑤1𝑡 ,𝑤2𝑡 ,. . .,𝑤𝑀
𝑡+ 𝑡+
𝑡+
𝑡+
𝑡+
𝑡+
𝑡+
𝑡+
𝑡+
}.
{𝑐 ,𝑚 ,𝐸𝑝𝑠 ,𝑀 𝑖𝑛𝑝𝑡𝑠 ,𝐺 ,𝐷 ,𝑏 𝑡ℎ ,𝑤1 ,. . .,𝑤𝑀
5. Return to step 2. Upon convergence the classifier is
constructed with best fit of the model parameters.

Fig. 3. Tennessee Eastman Process Benchmark [25].

Once a new test pattern becomes available its label can be
predicted by means of the SCC model whose parameters are
adjusted during the training phase.
III. T ENNESSEE E ASTMAN P ROCESS (TEP)
TEP [24] is a model of a realistic industrial process. The
model is widely studied as a challenging benchmark for
control and monitoring. There are five major units, i.e., reactor,
condenser, separator, compressor and stripper in the model
for the whole process. The process contains eight components
including inert and byproduct: A, B, C, D, E, F, G, and H,
in which G and H are two desired products. A, B, C, D,
E, and F are gaseous reactants which are fed to the reactor
to produce liquid products G and H. At the same time, the
two additional byproduct reactions occur too. The process has
41 measurements, i.e., XMEAS(1-41), and 12 manipulated
variables, i.e., XMV(1-12). The measurements or XMEAS
include 22 continuous process measurements and 19 sampled
process measurements. There are 20 different faults in the
model that they have been designed based on the details
in [25] by XMEAS and XMV. The data set used in this
paper are given in [25] and is popular for process monitoring
and fault diagnosis in researches. The data set includes 22
training sets and 22 testing sets of faults and normal process.
One training and one testing set was obtained under normal
operational condition and the other 21 sets were collected
under 21 different faulty conditions for 48 operation hours and
960 samples are obtained for each test data. Each fault data is
960×52 dimension. For each of 21 faulty testing sets, the fault
was introduced at 8th operation hour where it is 161th sample.
Fig. 3 illustrates schematic diagram of the TEP simulation.
Fig. 4 shows the TEP data of the two classes of normal and
fault 2 the first two dimension of the data (XMEAS 1 and
XMEAS 2).
IV. E XPERIMENTAL R ESULTS
In this section, the proposed Supervised Cooperative Clustering (SCC) approach is evaluated for fault detection and
diagnosis by Tennessee Eastman Process (TEP) challenging
dataset which is described in section 3. To form the SCC,
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TABLE I
FAULT DETECTION RATE USING SPARSE FEATURES (SR) AND PRINCIPAL COMPONENTS (PCA).

Fault
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20

Fault Type
A/C Feed Ratio, Stream 4
B Composition, Stream 4
D Feed Temperature Step Stream 2
Reactor Cooling Step Water Inlet Temperature
Condenser Cooling Step Water Inlet Temperature
A Feed Loss Step Stream 1
C Header Pressure Stream 4
A, B, C Feed Composition Random Variation Stream 4
D Feed Temperature Random Variation Stream 2
C Feed Temperature Random Variation Stream 4
Reactor Cooling
Condenser Cooling
Reaction Kinetics Slow Drift
Reactor Cooling Sticking Water Valve
Condenser Cooling Sticking Water Valve
Unknown
Unknown
Unknown
Unknown
Unknown
Average

Fig. 4. TEP data of the two classes of normal and fault 2 in two dimension
of the XMEAS 1 and XMEAS 2.

some clustering methods such as K-means, BKM, PAM, FCM,
DBSCAN, GMM and SOM are used. Principle component
analysis (PCA) [26] and Sparse Features (SR) [27] have been
applied to reduce the dimension and extract significant features
for the use of SCC.
A. Fault Detection
1) Clustering and fault detection using PCA: PCA is
utilized for projecting the high-dimensional feature into a more
meaningful and lower dimensional space. The TEP data is in
52 dimensions. To have a better performance the dimension
has been reduced to 7 using PCA. The resulting data to be
applied for clustering has 960 × 7 dimensions where the first
480 rows are normal and the remaining samples are faulty.
Fault detection has been conducted for all the faults. Table 1
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SR

PCA

99.95%
99.6 %
96.3%
99.37%
99.75%
90%
99.97%
88%
90%
99.75%
98.5
95%
98.2%
99.4%
98%
99.5%
95%
98%
99.5%
95%
96.94%

98.95%
99.1 %
96.3%
98.37%
99.35%
89.2%
99.96%
83%
91%
99.12%
98.6%
95.8%
98.8%
93.4%
96.9%
99.5%
95%
97%
98.5%
94%
96.09%

reports the detection accuracy by PCA dimension reduction
technique. Fig. 5 illustrates the decision boundaries of the
two classes of normal and fault 2 in two dimensions of the
first two components of the PCA. Fig. 5 shows that SCC has
more accurate decision boundaries than the other individual
clustering methods.
2) Clustering and fault detection using Sparse Features:
Sparse features (SR) [27] is an effective approach in which a
linear combination of basis vectors approximates a sample and
reduce the dimension. Redundant and non-orthogonal basis
vector can be learned using SR. One of main advantages of
this technique is its robustness to redundancy and noise. For
a given basis matrix (a) sparse coefficients of samples are
firstly extracted and then used for feature selection. Following
expression represents formulation of the SR model [27]:
(𝑎∣𝐵, 𝑠, 𝑘) = 𝑠1 𝑏1 + 𝑠2 𝑏2 + ... + 𝑠𝑘 𝑏𝑘 + 𝜀 = 𝐵𝑠 + 𝜀

(5)

where dimension of 𝑎, 𝐵, 𝑠 and 𝜀 is 𝑑 × 1, 𝑑 × 𝑘, 𝑘 × 1,
and 𝑑 × 1 respectively. 𝑘 is sparse features dimension. 𝐵 =
[𝑏1 , 𝑏2 , ..., 𝑏𝑘 ] and 𝑏𝑖 are dictionary and dictionary atom respectively, also 𝑠 is a sparse coefficient vector, and 𝜀 is an error
term. In the above equation, 𝐵, 𝑠, and 𝑘 are parameters of the
model. The error term is defined using a Gaussian distribution
with zero mean and isotropic covariance as 𝜀 ∼ 𝑁 (0, 𝛴)
and 𝛴 = 𝜔𝐼 where 𝜔 is equal to positive scalar and 𝐼 is
identity matrix. Also 𝑏𝑖 ∼ 𝑁 (0, 𝑍), 𝑍 = 𝐼 with zero mean
and identity covariance 𝐼. By considering Laplacian prior with
zero mean and isotropic covariance for the coefficient vector
and the Gaussian distributed likelihood, the posterior is stated
as follows:
𝑝(𝑠∣𝐵, 𝑎, 𝛴, 𝛤 ) = 𝑝(𝑎∣𝐵, 𝑠, 𝛴, 𝛤 )𝑝(𝑠∣𝐵, 𝛴, 𝛤 )/𝑝(𝑎)
∝ 𝑝(𝑎∣𝐵, 𝑠, 𝛴)𝑝(𝑠∣𝛤 )
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(6)

Fig. 5. Decision boundaries over the first two principle components.

−∥𝑠∥1 /𝛾

𝑝(𝑠∣𝛤 ) = 𝐿(0, 𝛤 ) = 𝑒

𝑘

/(2𝛾)

(7)

B. Fault Classiﬁcation
For the classification tasks, the two types of dimension
reduction methods have been applied. Three scenarios are

2

𝑝(𝑎∣𝐵, 𝑠, 𝛴) = 𝑁 (𝐵𝑠, 𝛴) = 𝑒−∥𝑎−𝐵𝑠∥2 /2𝜔 /(2𝜋)𝑑/2 𝜔 𝑑/2
(8)
By substitution equations (7) and (8) in equation (6) we have
𝐿(𝑠) = 𝑙𝑜𝑔𝑝(𝑎∣𝐵, 𝑠)+𝑙𝑜𝑔𝑝(𝑠) = −∥𝑎−𝐵𝑠∥22 /2𝜔−∥𝑠∥1 /𝛾+𝑣
(9)
where 𝑣 is a constant value. We extract sparse coding model
from data by minimizing expression 6 which is equivalent to
maximizing the posteriori.
𝑎𝑟𝑔𝑚𝑖𝑛𝑓 (𝑠) = 0.5∥𝑎 − 𝐵𝑠∥22 + 𝜆∥𝑠∥1

TABLE II
C LASSIFICATION PERFORMANCE OF THE FIRST SCENARIO .

Fault 1
Fault 7
Fault 10

SR
92.8
92
100%

PCA
91.5%
91%
98%

TABLE III
C LASSIFICATION PERFORMANCE OF THE SECOND SCENARIO .

(10)

where 𝜆 = 𝜔/𝛾 controls the trade off between sparsity and
error. The dimension of the data is reduced to 7 in this paper
using SR.
Fig. 6 illustrates the classification results using SR features.
These plot shows a better separation of the data of different
classes on the first two sparse features which enhances the
classification accuracy. Table 1 reports fault detection rate
using Sparse features.
As it can be seen from the Table 1 there exist some differences between the PCA and SR features results. Although the
process of SR is taking more times than PCA, it has better
performance comparing to PCA.

Normal
Fault 1
Fault 7
Fault 10

SR
100%
92%
94%
100%

PCA
100%
91.8%
94.3%
100%

TABLE IV
C LASSIFICATION PERFORMANCE OF THE THIRD SCENARIO .

Normal
Fault 1
Fault 2
Fault 7
Fault 10
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SR
100%
92%
96.5%
94%
98%

PCA
100%
91.8%
95.3%
94%
97%
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Fig. 6. Decision boundaries over the first two sparse features.

implemented for fault classification and diagnosis. At the first
scenario, three kinds of faults, 1, 7, and 10 have been selected
for classification. Training data includes the pattern of these
three faults in the following form:
)
(
{
𝑋𝑡𝑟𝑎𝑖𝑛 =( 𝑋𝑡𝑟𝑎𝑖𝑛1 , 𝑋𝑡𝑟𝑎𝑖𝑛7 , 𝑋𝑡𝑟𝑎𝑖𝑛10
)
(11)
𝑋𝑡𝑒𝑠𝑡 = 𝑋𝑡𝑒𝑠𝑡1 , 𝑋𝑡𝑒𝑠𝑡7 , 𝑋𝑡𝑒𝑠𝑡10
where 𝑋𝑡𝑟𝑎𝑖𝑛 denotes the training patterns and is a matrix
of size 1440 × 52. Test data, 𝑋𝑡𝑒𝑠𝑡 , includes the test patterns
and is a matrix of size 2400 × 52. Table 2 shows the fault
classification and diagnosis results of these faults that are A/C
feed ratio, C header pressure loss, and D feed temperatures
that all of them are coming from the stream 4. As the Table
2 reports, classification using SR features outperform PCA
components.
At the second step, normal class has been added to these
three fault classes. In this experiment, 4 classes of normal,
fault 1, fault 7, and fault 10 are classified. The training matrix
would be 1920×52 and test matrix would be of size 3200×52.
)
(
{
𝑋𝑡𝑟𝑎𝑖𝑛 =( 𝑋𝑁 𝑜𝑟𝑚𝑎𝑙 , 𝑋𝑇 𝑟𝑎𝑖𝑛1 , 𝑋𝑇 𝑟𝑎𝑖𝑛7 , 𝑋𝑇) 𝑟𝑎𝑖𝑛10
𝑋𝑡𝑒𝑠𝑡 = 𝑋𝑁 𝑜𝑟𝑚𝑎𝑙 , 𝑋𝑡𝑒𝑠𝑡1 , 𝑋𝑡𝑒𝑠𝑡7 , 𝑋𝑡𝑒𝑠𝑡10
(12)
Table 3 illustrates the reasonable classification performance
of the proposed approach for four classes in the presence of
the normal data. Similar to the previous scenario, classification
using SR features has better performance.
At the third scenario, fault 2 has been added to the previous
four classes. In this experiment, 5 classes of normal and faults
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are classified. The training matrix would be 2400×52 and test
matrix would be of size 4000 × 52.
)
(
{
𝑋𝑡𝑟𝑎𝑖𝑛 =( 𝑋𝑁 𝑜𝑟𝑚𝑎𝑙 , 𝑋𝑇 𝑟𝑎𝑖𝑛1 , 𝑋𝑇 𝑟𝑎𝑖𝑛2 , 𝑋𝑇 𝑟𝑎𝑖𝑛7 , 𝑋
) 𝑇 𝑟𝑎𝑖𝑛10
𝑋𝑡𝑒𝑠𝑡 = 𝑋𝑁 𝑜𝑟𝑚𝑎𝑙 , 𝑋𝑡𝑒𝑠𝑡1 , 𝑋𝑡𝑒𝑠𝑡2 , 𝑋𝑡𝑒𝑠𝑡7 , 𝑋𝑡𝑒𝑠𝑡10
(13)
Table 4 illustrates the acceptable classification performance
of the proposed approach for four classes in the presence of
the normal data. Similar to the previous scenario classification
using SR has better performance.
All the above experiments indicate that the proposed approach has a good classification performance in fault diagnosis
and is reliable to be implemented in industrial setting for
controlling and monitoring of the process, even in the presence
of the multiple faults.
C. Performance of the base classiﬁers during the training
Fig. 7 illustrates the weights of the base classifiers, 𝑤,
during 30 generation of the genetic algorithm for classification
of the normal, fault 1, fault 7, and fault 10. The weights
of each classification algorithm have been updated iteratively
in each generation. It shows that the weight of the GMM
is increasing during the training process. Fig. 7 shows that
base classifiers take random initial weights, but the weights to
GMM dominates other weights at last step of the classification
process during second scenario.
Best and mean penalty values of the genetic algorithm for
the 30 generations during the training, for classification of the
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during the optimization and training of the normal and faults 1, 7, and 10.

Fig. 8. Best and mean penalty value of the genetic algorithm during 30
generations of the training for classification of the normal and faults 1, 7, and
10.

normal and faults 1, 7, and 10 are presented in Fig. 8. The
best fit is decreasing along the 30 generations of the SCC and
the average penalty value decreases to match with the best
fit, which shows that genetic algorithm properly optimizes the
parameters during the training.
V. C ONCLUSION
In this paper a method for fault detection and diagnosis
has been proposed by means of clustering techniques which
cooperate together and optimize in a supervised fashion. This
method achieves high classification performance. Different
kinds of unsupervised clustering methods have been used in
the proposed cooperative scheme to generate more reliable
decision boundaries. Genetic algorithm has been applied to
optimize the parameters of the cooperative clustering including bin corresponding to the threshold, the number of the
initial clusters, and the key parameters of individual clustering
methods such as parameters in FCM, DBSCAN, GMM, and
SOM. The advantage of the proposed scheme is to have
multiple clustering algorithms which act cooperatively and
also generate multiple decesion boundaries which can reduce
the total error. Sparse features and PCA have been utilized for
dimension reduction. The proposed scheme has been examined
by Tennessee Eastman Process. The attained results show the
good performance of the proposed approach in fault detection
and diagnosis including multiple faults. Further research direction would be to study the proposed approach on different
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