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Development of automatic classiﬁer for sensor measurements of
an industrial process
Abstract. Clustering algorithms are usually based on an initial estimate of cores, have performance dependent on the number of clusters and
dimension of the data, and are performed ofﬂine. Thus, by categorizing a highly coupled sensor network as an industrial plant, it is necessary that
all these characteristics are achieved. The article presents an improvement of the TEDA-Cloud, based on the Typicity and Eccentricity Data Analitics
(TEDA). In this way,the proposed (TEDA-Cloud modiﬁed), method reduces the amount of stored data for merging cores and speeds up the classiﬁcation
of the presented data.
Streszczenie. Algorytmy klastrowania sa˛ zwykle oparte na wstepnym
˛
oszacowaniu rdzeni, maja˛ wydajność zależna˛ od liczby klastrów i wymiarów
danych i sa˛ wykonywane w trybie ofﬂine. Zatem, poprzez kategoryzowanie wysoce sprz˛eżonej sieci czujników jako instalacji przemysłowej, konieczne
jest, aby wszystkie te cechy zostały osiagni
˛ ete.
˛
W artykule przedstawiono ulepszenie chmury TEDA opartej na analizie typowości i ekscentryczności
danych (TEDA). W ten sposób proponowana (zmodyﬁkowana TEDA-Cloud) metoda zmniejsza ilość przechowywanych danych do łaczenia
˛
rdzeni i
przyspiesza klasyﬁkacje˛ prezentowanych danych.(Automatyczna klasyﬁkacja w procesie przemysłowym w sieci czujników)
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Słowa kluczowe: Klastrowanie, ekscentryczność, typowość, sieci czujników, dane strumieniowe, proces przemysłowy

Description of the methodology
The clustering and classiﬁcation of online form can be
presented as Fig. 1. The data are presented to the algorithm
that deﬁnes which cores represent the samples. If time samples are taken, the clusters may be used during the core de-

termination procedure. If the data is already stored in memory, the validation step can occur when all patterns have already been formed.
















 



 

  

Introduction
Clustering processes, in general, are dependent on the
problem to be presented. If we know in advance the number of cores representing the data or the tolerance needed to
consider the creation of a new core, then we will have a good
ranking. However, these conditions are not always available.
In an industrial process, for example, the need to identify patterns through clustering is hampered by the fact that known
methods are performed ofﬂine [1].
The K-Means is an example of a clustering algorithm that
needs in advance information on the number of core. In addition, the procedure is computationally costly because all data
is labeled at each new location of the cores. This makes it
unfeasible to use the algorithm in real-time processes.
Due to the limitations of existing clustering methods, a
new clustering method has been proposed, known as TEDACloud [2]. The method aims to solve all these limitations by
applying the concepts of eccentricity and typicity (TEDA) that
allows recursive methods of statistical calculations to be determined on the data [3].
Even with the improvement from TEDA-Cloud, clustering
still needs to store which points are about the classiﬁcation
of each pattern and also the number of points that are under the effect of two cores. The TEDA-Cloud classiﬁes the
data using statistical concepts that indicate a probability of
the point being associated with each cores. If the eccentricity is high enough to decide that the points presented do not
ﬁt any pattern, then a new core is formed. However, if the
data represented by a core are very scattered, they can affect the abagence of another core, allowing them to be joined
together. The determination of whether two cores should be
joined is calculated by the number of points that are together
in the two. This makes TEDA-CLoud a high computational
cost.
The TEDA-Cloud modiﬁed brings the improvement of the
way the fusion is deﬁned. The method avoids the labeling of
new data and also does not require that any additional data
be stored in the memory beyond the location of the cores and
their coverage on the data.

Fig. 1. Process of clustering and classiﬁcation

k-means
One of the ﬁrst algorithms based on the clustering
method was called k-means. This method is widely known to
have easy-to-understand techniques for implementation [4].
Based on the basic methodologies of groupings, it presents
applicability in the most diverse areas as: medicine [5], economics [6], in market research [7], engineering [8], psychological [9], among other areas in search of solutions of its
problems [10]. The k-means clustering method begins with
k seed data points. These points are used as the centers
of the clusters and any other remaining data sample added
is assigned to the nearest cluster centres. Then, the means
are calculated. Finally the samples are reassigned again,
until the clusters do not change. To peform well, this method
requires a prior knowledge about the number of clusters and
a user input [11]. Therefore, it is not possible to use this
method to create clusters on-line [1].
Teda
For a better understanding related to typicality and eccentricity, it is important to understand that these concepts
are based on a spatial perspective, but speciﬁcally on the
distance between the points of a sample. This distance can
be Euclidian, Mahalonobis, Cosseno, Manhattan and so on
[12, 13, 14]. Therefore, by knowing the distances between
points, it is possible to calculate the centrality of a given point,
which can be interpreted as how close or similar a data is to
the other data in the sample. Calculating the centrality, it is
possible to calculate the cumulative proximity, which is the
inverse of the centrality squared, being represented by (1):
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qN (xi ) =

(1)

N


All concepts presented are applied to data streams. For
the Euclidean squared distance, the eccentricity can be calculated by updating the mean, μ, and the variance, σ 2 [13].
Then, after N samples, have (7) e (8):

d2 (xi , xj ), N > 1

i=1

Eccentricity is the normalized cumulative proximity.
Thus, the eccentricity, ξN , for a given point xi in a data set is
calculated as (2):

2q (xi )
ξN (xi ) = N N
j=1 qN (xj )

(2)

2
(8) σN
=

Substituting (1), which is the cumulative proximity equation, in (2), is obtained the following equation (3) :

N

2
j=1 d (xi , xj )
ξN (xi ) = 2 N N
2
j=1
h=1 d (xj , xh )

(3)

τN (xi ) = 1 − ξN (xi ), N > 2, i > 1
Both concepts can be normalized by (5) and (6):

(5)

ζN (xi ) =

ξN (xi )
2

(6)

tN (xi ) =

τN (xi )
N −2



1
N


x N , μ1 = x 1

(N − 1) 2
1
σN −1 +
||μ − xN ||2 , σ12 = 0
N
N −1 N

With the disposition of the above values, the eccentricity
is updated using (9):

(9)

The coefﬁcient 2 is added in the equation because each
distance is counted twice and maintains the value of the
eccentricity,xi , between 0 and 1. The typicity of a data can
be calculated as the complement of the eccentricity. Therefore, the typicity can be obtained by the following expression
(4):
(4)

(7)

N −1
μN =
μN −1 +
N

ξN (xi ) =

1
2
+ (μN − xN )T (μN − xN )/N σN
N

Then the typicity is updated using the Equation (5).
Teda-Cloud
TEDA-Cloud stores the relevance of each sample in its
cores. Thus, the online classiﬁcation attempt is inefﬁcient,
since a ﬁxed amount of information is expected to be stored,
regardless of the number of samples presented to the algorithm.
The general diagram of the TEDA-Cloud algorithm, presented in Fig. 3, shows three phases: stream data, clustering and cluster extraction. In which the main phases is the
grouping process that performs the on-line calculation of eccentricity and typicity from the means and variations.


Since ξN (xi ), can only be between zero and one, each
value of ζN (xi ) must be between zero and 0.5.
The normalization of typicity and eccentricity, resembles
the probability distribution function (PDF), since the sum of
these values resulted in 1, but they are different because they
do not require the premises that are obligatory for probability
theory and both represent the standard spatial distribution
and frequency of occurrence of a data sample [13].
The Figure 2 provides a graphic example of the concept
of eccentricity for two-dimensional data, representing two parameters. In this example, the data B is a typical data, located near the other data and the data A should be considered eccentric, because it is spatially distant from the other
data. Brieﬂy, A should be considered more eccentric than B
and B is more typical than A [15].




2

Fig. 3. General ﬂowchart of the TEDA-Cloud method.

Only three characteristics are used for the creation of
clouds, which are the number of samples belonging to the
ith cloud, the mean and the variance. These statistical characteristics will be used to calculate the eccentricity of a data
cloud, and from the Chebyshev inequality, when a new data
is present in the set, it will be checked whether that data belongs to a speciﬁc data cloud or more than one, in case of
intersection between clouds. The Chebyshev inequality is
described as follows [14, 16]. If X is a random variable with
mean μ and variance σ 2 < ∞, then to N > 1, so the Chebyshev inequality is given by (10):





Fig. 2. Example of eccentric and typical data. Source [15].
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(10)

P {|X − μ| > N σ} <

1
N2

Or a similar inequality, according to (11):
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P {|X − μ| ≥ N σ} ≤

(11)

1
N2

However, to analyze this inequality from the TEDA’s perspective, in terms of the normalized eccentricity, (12) is used:

ζN (xi ) <

(12)

(m2 + 1)
2M

Where m represents the number of deviations from the
mean chosen to represent the data, ζN (xi ) is the normalized eccentricity of the data cloud, and M is the number of
samples in the data cloud.
Since a data is classiﬁed as not belonging to a data
cloud, this data cloud remains unchanged, although if this
data is classiﬁed as data from a cloud, that cloud will be updated recursively. First, there will be the update of the number of data in the cloud, which is done by (13):

S Ni := S Ni + 1

(13)

Where S Ni is the number of data that cloud i represents.
Then the mean and variance will be updated by (14), (15):

μiN :=

(14)

(15)

2
σN
:=
i

S Ni − 1 i
1
μN + N i xN
N
i
S
S

S Ni − 1 2
1
||x − μiN ||2
σNi (xi ) + Ni
S Ni
S −1 N

After updating the statistical parameters, the eccentricity
will be updated and then the normalized eccentricity (16):
(16)

ξN (xi ) =

1
2
+ (μN − xN )T (μN − xN )/((S Ni )(σN
))
S Ni

When a new data does not match with any of the data
clouds, a new data cloud is created. In this case, the data
2
= 0. Where
cloud will have S Ni = 1, μiN = xN and σN
i
i
μN is the center of the cloud.
As mentioned earlier, there are some situations where
clouds share some data, and an intersection occurs. These
intersections can occur between two or more clouds. In some
situations, these intersections are so relevant that clouds,
which share a large amount of data, merge, creating a new
cloud. Cloud merge occurs when the rules (17) or (18) are
obeyed.
(17)

S Ni ∩Nj > S Nj −Ni

(18)

S Ni ∩Nj > S Ni −Nj

In which S Ni ∩Nj is the number of points at the intersection of clouds Ni e Nj .
S Ni −Nj the number of points that belongs to the data
core Ni and not to the Nj .
This means that two clouds are merged when the number of samples belonging to the two clouds is greater than
the number of samples belonging exclusively to one of them.
When the clouds are merged, (19), (20) and (21) will update
the new cloud properties.

(19)

S Nl = S Ni + S Nj − S Ni ∩Nj

(20)

μlN =

(21)

σ2 =

(S Ni )(μiN ) + (S Nj )(μjN )
S Ni + S Ni
2
2
(S Ni )(σN
) + (S Nj )(σN
)
i
j

S Ni + S Nj

Teda-cloud modiﬁed
The new method TEDA-Cloud modiﬁed proposes to
accelerate the process of data-stream clustering. This is
possible because there is a reduction of stored data and
also because only the clouds that receive the data are selected to carry out the fusion. In addition, the Inequations
(17), (18), (19), (20) and (21) have as difﬁculty the need to
store, for each cloud, all the points to which they belong.
The values of S Ni , S Nj e S Ni ∩Nj through the formulas are only possible because the same information can be
stored in several clouds. This prejudice the algorithm in computational time because there is redundancy of information.
At the worst-case scenario, the same data can be in all the
clouds already deﬁned during the clustering process. Making
the amount of data stored only in the process of joining the
cores exceeds the amount of data already processed.
Storing the number of the classiﬁed samples for each
cloud is possible. However, in addition to storing a mass of
data, it is necessary that the sets in which the data belongs
are deﬁned for each sample. For example: Consider that in
a given clustering step we have n clouds, each with S i =
i
SN
samples classiﬁed to 1 < i < n. Thus, we also have
S ij = S Ni ∩Nj data stored at the intersection pairs of clouds
i and j , with 1 < i < j < n. The Equation (22) presents the
amount of data to be stored and analyzed on the necessity
or not of the fusion between the cores.

(22)

ST =

n

i=1

Si +

n−1


n


S ij

i=1 j=i+1

The Table 1 shows the number of parameters required
for classiﬁcation using TEDA-Cloud. When there is only one
core, only the amount of samples needs to be saved for clustering. With two or more, it is necessary to consider how
many points are in each cloud pair. Another possibility would
be to label each data with membership or not in relation to all
cores and to count points for each intersection of two clusters. But this alternative requires more processing, in addition to having to store a quantity of data proportional to the
size of the samples, it is necessary to make a recount of all
the points that are within each range of cores for each new
sample.
Table 1. Relation between the amount of clouds and stored samples
of TEDA-Cloud
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Number of Cores Required parameters
1
1
2
3
3
6
4
10
...
...
n

n(n+1)
2
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We then deﬁne the amount of total stored data ST as a
function of the number of cores by the (23):

(23)

ST =

n(n + 1)
2

The TEDA-Cloud modiﬁed proposal is to reduce the
amount of data stored in the grouping. Only their respective means and variances are stored. These values are updated dynamically and preserving them speeds up processing. Now, only 3n information needs to be stored per core.
However we do not have the information about the valj
i
ues of the intersections of the cores, SN
∩ SN
. These values
must be approximated or a criterion based on mean and variance must be deﬁned to predict the values of the number of
points between each two cores.
The criterion used was based on the distance between
the cores. The fusion will be performed when the centers are
close enough to be considered that together they represent
the same pattern. In this way, the choice of the union cores
is only deﬁned by the distances between centers.
To determine the union between two cores NA and NB ,
the distance between centers is used. Considering twodimensional samples as indicated in the Fig. 4, the distances
between the centers may follow the Euclidean norm.
(24)

dAB =



(
μA − μ
 B )2

The core range can be deﬁned by the radius which is exactly the standard deviation calculated in the clustering process. If the range of one of the cores NA or NB , over their
respective data, exceeds the distance dAB , then the cores
will be joined. The conditions of union are therefore:
(25)
(26)

dAB < μA + mσA
dAB < μB + mσB
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S ij = S i + S i−j

Since S i−j is the number of points belonging to the
smaller fused cluster and does not belong to the larger. This
value is approximated to be proportional to the range difference of cores over the data
(28)

S ij = α(rA − rB )

With A being the cluster having variance greater than
that of B and rA and rb their respective reaches in the same
direction of a vector μ
 AB . The α is chosen such that it is zero
σA
when
when the A core fully embeds the B and equals 2σ
B
it does not incorporate. The Equations (27) and (28) allow
an approximation of how many points the fused cores are to
have.
In the Algorithm 1 presents the Fusion Algorithm of
TEDA-Cloud modiﬁed. It is necessary that at least 2 samples of the sensors be available for classiﬁcation, due to the
requirements of Equations (4), (5) and (6).
Algorithm 1: Fusion Algorithm

Where m is the amount of standard deviations used to
describe the signiﬁcance of the categorized data and σA and
σB the standard deviations of the clouds NA and NB respectively. These equations replace (17) and (18) for the
implementation of TEDA-Cloud modiﬁed. In practice, cores
will be united when the breadth of one cluster invades the
center of another. This can be seen in the Figure 4.When the
two-core coverage area has no intersection, then at the analyzed moment the clusters are interpreted as independent
(Figure 4a). In 4b, the clusters have an intersection but not
enough to decide that the two represent the same core. The
others have an intersection large enough for one core to invade the center of the other cluster. The ﬁrst being a partial
intersection and the second a complete intersection. In these
two situations, the cores must be united.
The new core generated should incorporate statistical
characteristics of the cores that were fused. Therefore, the
use of the updates by (19), (20) and (21) with the number of
j
i
. Since this information is no longer saved,
points SN ∩ SN
this expression must be approximated according to the number of points of each core, their variances and their means.
The larger cluster (of greater variance) incorporates the
smaller cluster and it needs to ﬁnd out the number of points
associated to the joined cores. This quantity is approximated
by (27).
(27)

Fig. 4. Merge condition between cores

Input : Na - Clouds where dx was added
m - Number of standard deviations used to
represent a cluster
Output: N - New clouds merged
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18

S ← P airs(Na )
N ←∅
while S = ∅ do
(Nx , Ny ) ← f irstElement(S)
μx ← mean(Nx )
μy ← mean(Nx )
[σ 2 ]x ← variance(Nx )
[σ 2 ]y ← variance(Ny )
dist ← |μx − μy |
distx = m[σ 2 ]x + μx
disty = m[σ 2 ]y + μy
remove Nx , Ny from Na
if max(distx , disty ) > dist then
Nw ← merged(Nx , Ny )
add Nw to Na
S ← pairs(Na );
end
end

There are two procedures that allow the increase of
cores variances: The ﬁrst, which is a slower procedure, is
the natural increase due to the dispersion of the data. At
this time, all sensor measurements have near-average re-
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Tennessee Eastman Process
In order to understand better the performance of the process (TE), the Fig. 5 describes its operation. The process is
composed by four gaseous reagents (A, C, D, E) and four
main process, which are the reactor, condenser, vapor-liquid
separator and a stripper. In the end of the process, there
will be two products (G, H) and a by-product (F). The process’ simulation is disposable on Simulink, with 20 disturbances, 41 measured variables and 12 manipulated variables
[17, 18].
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ing becomes important. In contrast, when cores increase
in variance sufﬁciently to encompass another, a junction between cores must be realized.
The Figure 6 shows the evolution of the number of cores
in the TE plant clustering process.

Number of groupings

sults and no new clustering is required. In the second moment, two cores join together in the fusion. From that moment, a new cloud of data will arise to replace the junction of
the new clouds.



Fig. 5. Tennessee Eastman (TE) process diagram. Source [17]

Fig. 6. Cluster formation for (TE) with disturbance 13 using m = 1.5.

K-means used previously stored data and the TEDACloud and TEDA-Cloud modiﬁed methods will classify the
samples in real time. The criteria for comparison among the
methods were: number of cores determined and average occupation of the data stack to be processed. All methods determined the same amount of cores discovered by K-means.
However, comparing online methods, TEDA-Cloud modiﬁed
showed a lower average amount of stack occupation. The
results are summarized in Table 2 for the artiﬁcial data set.
Table 2. Clustering through TEDA-Cloud and TEDA-Cloud modiﬁed

Data Acquisition
The artiﬁcial data set was taken from a repository available in [19]. Five patterns are used: S-Set, A-Set, DIM-Set
and Unbalace. The data were presented in order, obeying the
sequence of time series and were compared on the amount
of determined cores.
Four disturbances were chosen of the 20 available on
simulation: Disturbances 6, 8, 13 and 14. The disturbances
6 indicates loss in feed of reagent A. The disturbance 8 represents a random variation of components A, B, and C at
the Stripper inlet. Disturbance 13 is a slow reaction reaction
kinetics. The disturbance 14 represents the sticking of the
reactor cooling water valve. In addition to the availability of
disturbances, the simulation also presents 41 sensors available for plant monitoring and control.
All data were simulated and processed in real time with
the sampling rate of T s = 1ms. For each new captured
data, the TEDA-Cloud and TEDA-CLoud modiﬁed algorithms
identify which cores it belongs to and decide its correct classiﬁcation. If the sample takes more than T s, then the new
captured data enters in the stack of data to be processed.
K-means was compared only in terms of the number of
cores formed, serving as a reference for the results of the
online classiﬁcation methods. Therefore, K-means was used
with the stored samples.
Results and Discussion
Are two the important steps in determining the rate at
which the time series is categorized. The process of creation
and union of cores.
The creation of a new core is necessary when the recent
data collected no longer represent a normality with those previously presented. In this situation, the need for a new group-

Set

S1
S2
A1
A2
Dim512
Dim1024
Unbalance

N

Dim

K

5000
2 15
5000
2 15
3000
2 20
5250
2 35
1024 512 16
1024 1024 16
6500 2
8

Average Stack
Occupation
TEDA- TEDA-Cloud
Cloud
modiﬁed
0.0598
0.0507
0.0426
0.0421
2.3118
0.1890
5.299
0.1127
9.4672
0.4170
9.7913
0.4259
0.6225
0.1748

Regarding the amount of patterns found in the simulation
plant, we have the results presented in Table 3. At the end of
the simulation with 3000 points of 41 sensor measurements,
TEDA-Cloud and TEDA-Cloud modiﬁed achieved an amount
close to K-means even executed online. TEDA-Cloud had a
larger number of cores because its data stack was busier for
real-time processing.
Table 3. Number of Cores using the m = 1.25.

Disturbance

K

TEDA-Cloud

Normal
Disturbance 6
Disturbance 8
Disturbance 13
Disturbance 14

14
12
26
65
120

14
20
30
85
208
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TEDA-Cloud
modiﬁed
14
12
26
70
138

95

Conclusions
This paper proposes a method of clustering for online
data of sensor measurements in a simulated plant. The proposed method is the TEDA-Cloud modiﬁed, which is an improvement of the TEDA-Cloud with regard to the quality of
clustering due to acceleration as the cores are formed and
essentially reduced - merged. The results show that the
same amount of cores are formed if the data were stored and
executed by the K-means method using the artiﬁcial data. In
addition, the method allows a smaller amount of information
to be stored for online execution of clustering when compared
to TEDA-Cloud.
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