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a b s t r a c t

This paper tackles the problem of model identification for monitoring of non-linear processes using evolving fuzzy
models. To ensure a high production quality and to match the economic requirements, industrial processes are
becoming increasingly complicated in both their structure and their degree of automation. Therefore, evolving
systems, because of their data-driven and adaptive nature, appear to be a useful tool for modeling such complex
and non-linear processes. In this paper the identification of evolving cloud-based fuzzy models is treated for
process monitoring purposes. Moreover, the evolving part of the algorithm was improved with the inclusion of
some new cloud-management mechanisms. To evaluate the proposed method two different processes, but both
complex and non-linear, were used. The first one is a simulated Tennessee Eastman benchmark process model,
while the second one is a real water-chiller plant.

© 2017 Elsevier Ltd. All rights reserved.

1. Introduction

In general, modern industrial processes are typical dynamic systems
with complex structures and frequently operating under a variety of
environmental conditions. For successful and optimal operation of any
process, it is important to detect, or even better, to predict undesired
events as early as possible. Due to this, model-based methods play a cru-
cial rule in the field of process monitoring and fault detection (Isermann,
1984). These methods can be used for measurable signals prediction
and for non-measurable parameters estimation. The method proposed
in this paper is used for both, prediction of measured signals and
for estimation of non-measurable parameters (performance production
indicators, pPIs).

The methods of process monitoring and fault diagnosis can be
classified into three general categories: methods based on mathemati-
cal/physical knowledge of the process; statistical data-driven methods;
and data-driven model-based methods.

The methods based on the mathematical/physical knowledge of
the process have been successfully applied in different industrial ap-
plications (Isermann, 2004; Gertler, 1998; Venkatasubramanian et al.,
2003b; Campos-Delgado and Espinoza-Trejo, 2011; Huang et al., 2012;
He et al., 2013). This type of methods use an a priori knowledge based
on fundamental understanding of the physics of the process. Beside their
wide-range usage (Isermann, 2011), the methods have several disad-
vantages. They are limited to linear models and in some cases to very

* Corresponding author.
E-mail address: goran.andonovski@fe.uni-lj.si (G. Andonovski).

specific nonlinear models (using linear approximation). Other problems
are disturbance simplification, parameter drifts, a priori estimation of
classification errors, adaptability to varying process’ conditions, etc.

Due to the information revolution and data expansion new data-
driven techniques have been investigated and developed. Data-based
schemes for system monitoring mainly concentrate on the data collected
from the processes. Statistical approaches (Qin, 2003) use this data to
extract the knowledge and to detect the faults. Principle component
analysis (PCA) (Li et al., 2000; Gertler and Cao, 2004; Chen et al.,
2016) and partial least squares (PLS) (Li et al., 2010; Zhang et al.,
2010; Chen et al., 2016) are two basic techniques. More recently,
independent component analysis (ICA) (Zhang and Qin, 2008; Tsai
et al., 2013) has received a lot of attention and has seen great success
in practice and (Venkatasubramanian et al., 2003a; Yin et al., 2014)
have provided a review of the basic statistical data-driven approaches
for process monitoring. In general, statistical data-based schemes can
effectively monitor only the industrial processes when they operate
under stationary conditions (Yin et al., 2014). However, this type of
methods are not suitable to handle the complex process dynamics under
changing environmental conditions.

The applicability of statistical data-based methods can be improved
by considering the system dynamics (Chapter 3 in Simani et al. (2003)).
Fault detection methods which combine the data-driven with model-
based approaches, have been presented by Precup et al. (2015). As
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dynamic models are required, the evolving-based identification methods
play an important role (Lughofer, 2011, 2015). In this case the process
model is not known a priori but is identified recursively from the
data streams. Furthermore, the acquired model could be used for the
prediction of the future system behavior.

The evolving methods can be divided into different categories
according to their structure, ability of learning, level of autonomous
adapting, etc. In the field of fault detection and process monitoring,
most of the evolving methods use Takagi–Sugeno (Takagi and Sugeno,
1985) type of fuzzy structure to construct the process model (Lughofer
and Guardiola, 2008; Chivala et al., 2010; Petković et al., 2012; Lemos
et al., 2013; El-Koujok et al., 2014; Dovžan et al., 2015). In this methods
the membership function (in a form of data clusters) usually follow the
Gaussian distribution using a predefined distance measure.

By introducing the new simplest form of fuzzy system (Angelov
and Yager, 2011), named AnYa, a new branch of evolving methods
have been developed. AnYa fuzzy system uses a non-parametric (cloud-
based) antecedent part which does not require any explicit definition
of the membership function or even a prior assumption of its form. The
membership functions and the evolving mechanisms are based on the
relative density of the current data according to the existing clouds.
The data clouds represent sets of previous data points with similar
properties. Contrary to the clusters, clouds do not have any boundaries
and they directly and exactly represent all previous data samples. More
information about differences between the data clouds and the clusters
can be found in (Angelov and Yager, 2011).

The AnYa based methods (Angelov et al., 2013; Costa et al., 2013;
Rosa et al., 2014) use local and global density to evolve the structure,
while the methods in (Škrjanc et al., 2014; Blažič et al., 2014) use just
local density with simple threshold to evolve the structure. The proposed
method in this paper represents an extension of the latter methods with
introducing new evolving mechanisms.

Based on the AnYa fuzzy system a fault detection method was
proposed by Costa et al. (2014a, b, 2015) which uses a recursive density
estimation to detect novelty in a statistical manner (without including
any dynamics of the process into the model).

For the purpose of process monitoring in this paper we propose
an improved evolving fuzzy model based on AnYa fuzzy system. This
method uses the ability of evolving the fuzzy structure to cope with
changing environmental conditions. On the other hand an NARX model
is used to deal with the process dynamics. This is the main advantage
over the existing process monitoring methods based on AnYa fuzzy
system (Costa et al., 2015; Precup et al., 2015). The new evolving
mechanisms are able to protect from addition of new clouds (rules)
based on outliers. Moreover, a new mechanism for removing the ‘‘less
active’’ and the ‘‘less informative’’ clouds is introduced. The activity is
a property of the cloud and it is defined as a relative number of data
samples associated with a particular cloud from its creation. On the
other hand, the second removing mechanism deletes the clouds that has
obtained less information and are less active in comparison with the
other clouds.

The proposed cloud-based model, as a tool for estimation of the
non-measurable parameters, is tested on a simulated input/output data
acquired from the Tennessee Eastman (TE) (Downs and Vogel, 1993)
benchmark process model. The non-measured production objectives of
the systems are defined through the production performance indicators
(pPIs), namely, Cost, Production and Quality (Glavan et al., 2012). The
models for these three pPIs are identified with the proposed fuzzy-
cloud-based method and the results are compared with the eFuMo
identification tool proposed by Dovžan et al. (2012, 2015) and with the
NNSYSID neural network tool (Norgaard et al., 2000). The main goal
is to monitor the process by detecting potential undesired future trends
based on the estimated production performance indicators.

A practical example to test the usability of the proposed method is a
real water-chiller plant (WCP) located in a local factory. The proposed
method is used as a model identification tool for undesired events

prediction. Using the real data, two variables are identified: the WCP’s
power production and the factory’s power consumption. The goal of
monitoring these indicators is to predict the future behavior of the
system in order to prevent unnecessary short-time start-ups of the water
chillers. This can improve the overall efficiency of the whole system.

The paper is organized as follows. In Section 2 the cloud-based
identification method is presented, while in Section 3 an improved
evolving mechanism for adding and removing clouds is presented.
Section 4 introduces the experimental results for a Tennessee Eastman
process, while in Section 5 the practical results for a water chiller plant
are presented. Finally, in Section 6, the main ideas and results are
summarized.

2. Cloud-based identification of a dynamic system

2.1. Fuzzy-rule-based model

Fuzzy systems are general approximation tools for the modeling of
non-linear dynamic processes. In this paper we use a fuzzy-rule-based
system with a non-parametric antecedent part presented by Angelov and
Yager (2011). The main difference is the simplified antecedent part that
relies on the data relative density. The rule-based form of the 𝑖th rule is
defined as:

𝑖 ∶ IF (𝒙𝑓 ∼ 𝑋𝑖) THEN 𝑦𝑖 = 𝑓 𝑖(𝒙𝑓 ) (1)

where the data sample (regression vector) 𝒙𝑓 (𝑘) = [𝑦(𝑘 − 1),… , 𝑦(𝑘 −
𝑛𝑎), 𝑢(𝑘−1),… , 𝑢(𝑘−𝑛𝑏)] includes the delayed system inputs and outputs
. The operator ∼ is linguistically expressed as ‘is associated with’, which
means that the current data 𝒙𝑓 is related to one of the existing clouds
𝑋𝑖 according to the membership degree (the normalized relative density
of the data). The input and output orders are denoted as 𝑛𝑎 and 𝑛𝑏,
respectively. Note that the input 𝑢(𝑘) does not have an immediate
influence on the output 𝑦(𝑘). The partial NARX model of the 𝑖th rule
is defined as:

𝑓 𝑖(𝑘) = 𝜽𝑖𝑇𝝍(𝑘) (2)

where the vector 𝝍(𝑘) =
[

𝒙𝑓 , 1
] 𝑇 consists of the regression vector

𝒙𝑓 (used for partitioning the data space) to which we usually add a
regressor 1. The vector of parameters for the 𝑖th cloud (rule) is denoted
as 𝜽𝑖 =

[

𝑎𝑖1,… , 𝑎𝑖𝑛𝑎 , 𝑏
𝑖
1,… , 𝑏𝑖𝑛𝑏 , 𝑟

𝑖
]

𝑇 . Once we have declared all the
parameter vectors 𝜽𝑖 for each cloud (𝑖 = 1,… , 𝑐) we can define the
output of the system in a compact matrix form:

𝑦(𝑘) =
𝑐
∑

𝑗=1
𝛽𝑗 (𝒙𝑓 )𝜽𝑗

𝑇𝝍(𝑘) = 𝜷𝑇 (𝒙𝑓 )𝜣𝑇𝜳 (𝑘) (3)

where 𝑐 is the number of existing clouds 1 (fuzzy rules), 𝜷𝑇 (𝒙𝑓 ) =
[

𝛽1, 𝛽2,… , 𝛽𝑐
]

is the vector of normalized relative densities determined
between the current data 𝒙𝑓 and all the existing clouds, and 𝜷𝑇 will
be discussed in the next subsection. The matrix 𝜣 =

[

𝜽1, 𝜽2,… ,𝜽𝑐
]

∈
R(1+𝑛𝑎+𝑛𝑏)×𝑐 contains the vectors of the parameters for all the existing
clouds.

2.2. Identification of the antecedent part

In this subsection we will describe an identification method for
the non-parametric antecedent part of the fuzzy-rule-based system
AnYa (Angelov and Yager, 2011). The method starts with zero fuzzy
rules (clouds) and the first cloud is initialized with the first data 𝒙𝑓
received. For each of the following data the normalized relative densities
𝛽𝑖 are calculated and then the current data is associated with one
of the existing clouds (according to the maximum density 𝛽𝑖, where

1 We use the term ‘existing clouds’ because this method is an evolving one and the
number of clouds changes when some requirements are fulfilled.
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𝑖 = 1,… , 𝑐) or a new cloud is added (evolving mechanisms are explained
in Section 3).

Before calculating the vector 𝜷 we need to calculate the local relative
density, which is defined by a suitable kernel over the distances between
the current data 𝒙𝑓 (𝑘) and all the data previously associated with the
cloud. The Euclidean distance (𝑑𝑖𝑗 (𝑘) = ‖𝒙𝑓 (𝑘) − 𝒙𝑖𝑓 (𝑗)‖) was chosen
in this case (also used by Angelov and Yager 2011, Angelov et al.
2013, Škrjanc et al. 2014), but any other distance could also be used,
e.g., the Mahalanobis distance was used by Blažič et al. (2015).

The local density 𝛾 𝑖(𝑘) of the current data 𝒙𝑓 (𝑘) with the 𝑖th cloud is
defined using the Cauchy kernel as follows:

𝛾 𝑖(𝑘) = 1

1 +
∑𝑀𝑖

𝑗=1(𝑑
𝑖
𝑗 (𝑘))

2

𝑀 𝑖

(4)

where 𝑀 𝑖 is the number of data points that belong to the 𝑖th cloud.
Eq. (4) should be rewritten in the recursive form for easier implemen-
tation, as follows:

𝛾 𝑖(𝑘) = 1
1 + ‖𝒙𝑓 (𝑘) − 𝝁𝑖(𝑘)‖2 + 𝜎𝑖(𝑘) − ‖𝝁𝑖(𝑘)‖2

𝑖 = 1,… , 𝑐 (5)

where 𝝁𝑖(𝑘) and 𝜎𝑖(𝑘) denote the mean value vector and the mean-square
length of the data vector from the 𝑖th cloud, respectively. Both of them,
𝝁𝑖(𝑘) and 𝜎𝑖(𝑘), can therefore be recursively calculated as:

𝝁𝑖(𝑘) = 𝑀 𝑖 − 1
𝑀 𝑖 𝝁𝑖(𝑘 − 1) + 1

𝑀 𝑖 𝒙𝑓 (𝑘) (6)

𝜎𝑖(𝑘) = 𝑀 𝑖 − 1
𝑀 𝑖 𝜎𝑖(𝑘 − 1) + 1

𝑀 𝑖 ‖𝒙𝑓 (𝑘)‖
2 (7)

The mean value and the mean-square length of the data vectors for
each new cloud are initialized as 𝝁𝑖(0) = 𝒙𝑓 (𝑘) and 𝜎𝑖(0) = ‖𝒙𝑓 (𝑘)‖2,
respectively. We have to note here that only the properties, 𝝁𝑖(𝑘) and
𝜎𝑖(𝑘), of the chosen cloud are updated by using (6) and (7), while the
properties of all the other clouds are kept constant.

Once we have calculated the local densities 𝛾 𝑖(𝑘) where 𝑖 = 1,… , 𝑐
we can calculate the degree of membership of the current data 𝒙𝑓 (𝑘)
with the cloud 𝑋𝑖. This is done according to the normalized relative
local density, which is defined as follows:

𝛽𝑖(𝒙𝑓 (𝑘)) =
𝛾 𝑖(𝑘)

𝑐
∑

𝑗=1
(𝛾𝑗 (𝑘))

𝑖 = 1,… , 𝑐 (8)

where 𝑐 is the current number of existing clouds.

2.3. Identification of the consequent part

In the previous subsection we updated the properties, 𝝁𝑖(𝑘) and
𝜎𝑖(𝑘), of the chosen cloud and we calculated the degree of membership
𝛽𝑖(𝒙𝑓 (𝑘)). Moreover, in Section 2.1 we mentioned that for the conse-
quent part we use an NARX model, the parameters of which are updated
(identified) using the Recursive Weighted Least Squares (rWLS) method
(Chapter 2 in Lughofer, 2011):

𝝍(𝑘) =
[

𝒙𝑓 (𝑘), 1
] 𝑇

𝑷 𝑖(𝑘) = 1
𝜆𝑟

(

𝑷 𝑖(𝑘 − 1) −
𝛽𝑖(𝑘)𝑷 𝑖(𝑘 − 1)𝝍(𝑘)𝝍𝑇 (𝑘)𝑷 𝑖(𝑘 − 1)
𝜆𝑟 + 𝛽𝑖(𝑘)𝝍𝑇 (𝑘)𝑷 𝑖(𝑘 − 1)𝝍(𝑘)

)

𝜽𝑖(𝑘) = 𝜽𝑖(𝑘 − 1) + 𝑷 𝑖(𝑘 − 1)𝝍(𝑘)𝛽𝑖(𝑘)
(

𝑦(𝑘) − 𝝍𝑇 (𝑘)𝜽𝑖(𝑘 − 1)
)

𝑖 = 1,… , 𝑐 (9)

where 𝝍(𝑘) is the extended regression vector, while the second and the
third lines in (9) represent the updating mechanisms of the covariance
matrix 𝑷 𝑖(𝑘) and the model parameters 𝜽𝑖(𝑘), respectively. The param-
eter 𝜆𝑟 ≤ 1 stands for the exponential forgetting factor, where the data
that appears 𝑝 samples ago is weighted by (𝜆𝑟)𝑝 (Nelles, 2001). The

parameter 𝜆𝑟 also prevents the covariance matrix 𝑷 𝑖(𝑘) from becoming
too small. It is initialized with a large positive definite matrix, usually
a diagonal one (𝑷 𝑖(0) = 𝛼𝑰 , 𝛼 ≫ 1, 𝑰 ∈ R(1+𝑛𝑎+𝑛𝑏)×(1+𝑛𝑎+𝑛𝑏)). Once we
have identified/updated the parameters of the consequent part in the
𝑘th step, we can calculate the estimated output as follows:

𝑦̂(𝑘) =
𝑐
∑

𝑗=1
𝛽𝑗 (𝒙𝑓 (𝑘))𝜽𝑗

𝑇𝝍(𝑘) = 𝜷𝑇 (𝒙𝑓 (𝑘))𝜣𝑇𝜳 (𝑘) (10)

3. Evolving mechanisms of the cloud-based method

In this section the evolving procedure of the antecedent part is
described. The cloud-based method is capable of evolving the structure
in an on-line manner using different mechanisms.

3.1. Adding new clouds (fuzzy rules)

As we mentioned earlier, this method starts with zero clouds and
the first cloud is initialized with the first data sample. Moreover, when
some requirements are fulfilled a new cloud (fuzzy rule) can be added,
and usually there are certain criteria (detection of non-linearity in the
system, preventing the addition of clouds based on outliers, etc.). In our
case we have four criteria for adding new clouds:

(1) The first criterion (Škrjanc et al., 2014) is related to the closeness
of the current data to all of the existing clouds. In the case that
all the local densities 𝛾 𝑖(𝑘) are smaller than some threshold 𝛾𝑚𝑎𝑥
than this criteria is fulfilled and is mathematically expressed as:

𝐶𝑎𝑑𝑑
1 = (𝛾𝑚𝑎𝑥 > max

𝑖
(𝛾 𝑖(𝑘))) ;

where 𝛾𝑚𝑎𝑥 ∈ [0, 1]. The value of this parameter was determined
experimentally to 0.85, but in practice any other value from the
range could be used, depending on the problem nonlinearity. A
larger value of the parameter means that more clouds are created,
while a smaller value results in adding just a few clouds (fuzzy
rules).

(2) The second criterion is new and complements the first one and
prevents new clouds being created based on outliers (see Fig. 1).
We wait for a certain number 𝜏𝑎𝑑𝑑 of consecutive samples that
satisfies the first criterion 𝐶𝑎𝑑𝑑

1 , and after that we add a new
cloud:

𝐶𝑎𝑑𝑑
2 = (𝑘 > 𝑘𝐶1

+ 𝜏𝑎𝑑𝑑 ) ;

where 𝑘𝐶1
is the number of consecutive samples fulfilling cri-

terion 𝐶𝑎𝑑𝑑
1 . The value of the parameter 𝜏𝑎𝑑𝑑 is equal to the

dimensionality of the regression vector (𝜏𝑎𝑑𝑑 = 𝑛𝑎 + 𝑛𝑏). If the
value of 𝜏𝑎𝑑𝑑 is too large we need to think how we will deal with
the data points 𝑘𝐶1

that should be stored in a buffer and used for
initializing the next data cloud.

(3) The third criterion (Škrjanc et al., 2014) is the number of data
samples 𝑛𝑎𝑑𝑑 that have to pass from the time stamp 𝑘𝑎𝑑𝑑 of the
last added cloud:

𝐶𝑎𝑑𝑑
3 = (𝑘 > 𝑘𝑎𝑑𝑑 + 𝑛𝑎𝑑𝑑 ) ;

where 𝑛𝑎𝑑𝑑 is one of the design parameters. This criterion freezes
the adding mechanisms for 𝑛𝑎𝑑𝑑 samples. This allows the newly
created cloud to accumulate some information from the data.
This helps the covariance matrix of the rWLS algorithm to be
calculated properly.

(4) The last criterion (Škrjanc et al., 2014) is related to the maximum
number of clouds 𝑐𝑚𝑎𝑥 that can be added:

𝐶𝑎𝑑𝑑
4 = (𝑐𝑚𝑎𝑥 > 𝑐) ;

where 𝑐 is the number of already-existing clouds. Actually this
parameter can be set to infinity because of the adding and
removing mechanism included in the evolving procedure. But
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Fig. 1. The red dashed line represents the threshold 𝛾𝑚𝑎𝑥 and the blue line represents the
value of maximal density max(𝛾 𝑖(𝑘)) at each step 𝑘. The outliers fulfill criterion 𝐶𝑎𝑑𝑑

1 , but
new cloud is added after 𝜏𝑎𝑑𝑑 consecutive data points. (For interpretation of the references
to color in this figure legend, the reader is referred to the web version of this article.)

still, if the operator deals with known process structure (or at
least he has a good assumption of it) this parameter can be set to
an appropriate value.

Therefore, if all four criteria (𝐶𝑎𝑑𝑑
1 and 𝐶𝑎𝑑𝑑

2 and 𝐶𝑎𝑑𝑑
3 and 𝐶𝑎𝑑𝑑

4 ) are
satisfied, a new cloud is added. For this adding mechanism we have to
set three parameters 𝛾𝑚𝑎𝑥, 𝑛𝑎𝑑𝑑 and 𝑐𝑚𝑎𝑥.

3.2. Removing clouds (fuzzy rules)

Besides all of the criteria that try to prevent the addition of new
clouds based on outliers, we defined two new properties, activity and
informativeness to detect ‘‘less active’’ or ‘‘less informative’’ clouds
(rules), respectively. The activity is defined as a relative number of data
samples associated with the cloud, counted from the moment of the
cloud’s creation. The condition for removing clouds is expressed as:

𝐶𝑟𝑒𝑚
1 =

(

𝑀 𝑖

𝑘 − 𝑘𝑖
< 𝜁 1

𝑐

)

𝑖 = 1,… , 𝑐 ;

where 𝜁 ∈ [0, 1] is a constant parameter. If 𝜁 = 0 then removing
mechanism is disabled, while if 𝜁 = 1 then with each new added cloud
the previous one is removed. Choosing 𝜁 = 1 is not a reasonable solution,
and therefore in practice the constant 𝜁 should be within [0, 1), usually
0.1 (Dovžan et al., 2015).

When removing clouds we should be very careful and conservative,
because we do not want to remove a cloud containing useful informa-
tion. Using just the first criterion 𝐶𝑟𝑒𝑚

1 could possibly lead to such a
problem. Therefore, beside the criterion 𝐶𝑟𝑒𝑚

1 we propose an additional
one for removing ‘‘less informative’’ clouds. The non-informative is a new
property of the cloud and expresses the number of data samples that
are most far away from a particular cloud. For each data point 𝒙𝑓 (𝑘)
we calculate all the local densities and find the one with the minimum
value (min𝑖(𝛾 𝑖(𝑘))). The number of such points for each cloud is denoted
as 𝑀̃ 𝑖. Finally, the second criterion is defined as:

𝐶𝑟𝑒𝑚
2 =

(

1 − 𝑀̃ 𝑖

𝑘 − 𝑘𝑖
<

𝜁
2

)

𝑖 = 1,… , 𝑐 ;

where 𝜁 is the same parameter as the one in 𝐶𝑟𝑒𝑚
1 and has the same

value (0.1). The whole mechanism for removing a cloud is a logical
combination (𝐶𝑟𝑒𝑚

1 and 𝐶𝑟𝑒𝑚
2 ).

The whole procedure for the fuzzy-cloud-based algorithm is ex-
plained through the flowchart presented in Fig. 2. This flowchart

Fig. 2. Cloud-based identification procedure (flowchart for one data sample).

represents the procedure for one data sample, and the same steps are
repeated for each data sample received. In Fig. 2 we can see three steps:
the identifying of the antecedent part, the evolving mechanism (adding
and removing clouds), and identifying the parameters of the consequent
part.

4. Simulation example: Tennessee Eastman process

4.1. Problem description

The Tennessee Eastman (TE) process presented in (Downs and Vogel,
1993) is a well-known benchmark model of a real chemical production
process.

TE is a complex non-linear, open-loop unstable process and it consists
of 41 measured and 12 manipulative variables, which opens up a wide
set of possible implementations. The process consists of five major
unit operations: the reactor, the product condenser, a vapor–liquid
separator, a recycle compressor and a product stripper. The five gaseous
inputs, namely A, B, C, D and E, are fed to the reactor where they
react to form liquid products. The products leave the reactor as vapors
while the catalyst remains in the reactor. In the next phase using the
cooler the products condense and they are separated in the vapor–liquid
separator. The non-condensed components are returned to the reactor
feed while the condensed move to the product stripper. At the end, the
two products, G and H, exit the stripper. There are also the byproduct
and the inert which are purged from the system in the vapor–liquid
separator phase. The detailed information about the TE process could
be found in (Downs and Vogel, 1993).

The production objectives for the TE process are defined through the
𝐶𝑜𝑠𝑡 proposed by Downs and Vogel (1993), and 𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛, and 𝑄𝑢𝑎𝑙𝑖𝑡𝑦
proposed by Glavan et al. (2013). Moreover, in (Glavan et al., 2013) the
most relevant manipulative input variables were selected (see Table 1),
which have the biggest impact on the selected production performance
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Table 1
Process manipulative variables selected by Glavan et al. (2012).

Notation Controlled variable setpoints

𝐹𝑝 Production rate index
𝑅2 Striper level
𝑅3 Separator level
𝑅4 Reactor level
𝑅5 Reactor pressure
𝑅7 %𝐶 in purge
𝑅8 Recycle rate
𝑅9 Reactor temperature
𝑟2 𝐷∕𝐸 feed rates

indicators (pPIs). The regression vectors 𝒙𝑓 (𝑘) for each pPI (model) were
selected as follows:

𝐶𝑜𝑠𝑡 ∶ 𝒙𝑓 (𝑘) = [𝑦(𝑘 − 1), 𝑦(𝑘 − 2), 𝐹𝑝(𝑘 − 1),

𝐹𝑝(𝑘 − 2), 𝐹𝑝(𝑘 − 4), 𝑅4(𝑘 − 1), 𝑅7(𝑘 − 1),

𝑅7(𝑘 − 5), 𝑅9(𝑘 − 1), 𝑅9(𝑘 − 5), 𝑟2(𝑘 − 1),

𝑟2(𝑘 − 4), 𝑟2(𝑘 − 5)]𝑇

𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛 ∶ 𝒙𝑓 (𝑘) = [𝑦(𝑘 − 1), 𝑦(𝑘 − 2), 𝐹𝑝(𝑘 − 1),

𝐹𝑝(𝑘 − 5), 𝑅4(𝑘 − 1), 𝑅4(𝑘 − 4), 𝑅7(𝑘 − 1),

𝑟2(𝑘 − 5)]𝑇

𝑄𝑢𝑎𝑙𝑖𝑡𝑦 ∶ 𝒙𝑓 (𝑘) = [𝑦(𝑘 − 1), 𝑦(𝑘 − 2), 𝐹𝑝(𝑘 − 1),

𝑅4(𝑘 − 1), 𝑟2(𝑘 − 5)]𝑇

The main goal is to identify the defined pPIs using the evolving
cloud-based method. The identification model is then used for on-line
prediction of the production performance indicators.

4.2. Simulation experiment

To evaluate the proposed method three sets of input/output signals
are acquired with a simulation of the TE process model. The first set
of signals is called TRAIN and it is used to acquire the models for
each output (learning phase). The other two sets (VAL1 and VAL2)
are used for the validation (4-step prediction) of the obtained models.
Furthermore, the estimated output 𝑦̂(𝑘) is compared to the original
output signal 𝑦(𝑘) and evaluated using the Mean Square Error (MSE),
which is defined as follows:

𝑀𝑆𝐸 = 1
𝑁

𝑁
∑

𝑘=1
(𝑦̂(𝑘) − 𝑦(𝑘))2 (11)

where 𝑁 is the number of samples in the output signals.
As we mentioned above, the proposed cloud-based method is

compared to the well-established fuzzy technique eFuMo, proposed
by Dovžan et al. (2012) and with the artificial neural network (ANN)
toolbox NNSYSID (Norgaard et al., 2000). The results for eFuMo and
ANN are part of the technical report (Gradišar et al., 2013). We have
to note here that the ANN models were optimized for each model
separately. The parameters are tuned using the Levenberg–Marquardt
optimization method (Nelles, 2001) and the Optimal Brain Surgery
method (Hassibi and Stork, 1993) is used for ANN pruning. In contrast
to that, the eFuMo and the proposed cloud-based method use the default
algorithm parameters for all models. The parameters chosen for eFuMo
by Gradišar et al. (2013) are presented in Table 2. The same parameters
are used to identify all three models (𝐶𝑜𝑠𝑡, 𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛, and 𝑄𝑢𝑎𝑙𝑖𝑡𝑦).
For a more appropriate and fair comparison of the proposed fuzzy
cloud-based method with eFuMo, the parameters that have the same
meaning are chosen the same (i.e., 𝛾𝑐 = 𝜆𝑟 = 0.9999, 𝜏 = 𝑛𝑎𝑑𝑑 = 80 and
𝑐𝑚𝑎𝑥 = 𝑐𝑚𝑎𝑥 = 20). The evolving parameter of the proposed cloud-based
method is defined as 𝛾𝑚𝑎𝑥 = 0.85.

To evaluate the efficiency of the newly proposed evolving mecha-
nisms in Section 3 four different experiments are provided, as follows:
OLD (old evolving mechanism, contains only 𝐶𝑎𝑑𝑑

1 , 𝐶𝑎𝑑𝑑
3 , and 𝐶𝑎𝑑𝑑

4 ),

Table 2
Chosen parameters of eFuMo method.

𝛾𝑐 𝛾𝑣 𝜆𝑟 𝜏 𝑐𝑚𝑎𝑥 𝑁𝑜𝑢𝑡 𝑘𝑛
0.9999 0.9999 0.9999 80 20 50 3

ADD (OLD with the addition of 𝐶𝑎𝑑𝑑
2 ), REM (OLD with the addition

of 𝐶𝑟𝑒𝑚
1 and 𝐶𝑟𝑒𝑚

2 ) and NEW (new evolving mechanism includes all the
evolving mechanisms from Section 3). The general idea is to see how
each of this mechanisms influence the efficiency of the algorithm.

The validation phase consists of two different approaches, off-line
and on-line. In the off-line mode the parameters (𝝁𝑖, 𝜎𝑖,𝑷 𝑖,𝜽𝑖) of the
algorithm are acquired just from the TRAIN data and during the
validation phase they are frozen. In the on-line mode the parameters
are updated during the validation phase. Therefore, we want to show
that the algorithm is capable of learning and evolving the structure in
an on-line manner.

The mean square error values (𝑀𝑆𝐸) of the validation phase are
shown in Tables 3–5, for each output 𝐶𝑜𝑠𝑡, 𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛 and 𝑄𝑢𝑎𝑙𝑖𝑡𝑦,
respectively. The models are acquired from the TRAIN data, while
they are validated on VAL1 and VAL2 data. We can see that the
on-line identification improves the performance of the cloud-based
algorithm in comparison with the off-line mode. Moreover, the cloud-
based method performs better than eFuMo for modeling the 𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛
and the 𝑄𝑢𝑎𝑙𝑖𝑡𝑦, while in the case of 𝐶𝑜𝑠𝑡, eFuMo provides better results.
Furthermore, we can compare the results between the different evolving
mechanisms proposed in the paper. In some cases the novelties improve
the performance of the algorithm, but unfortunately, in other cases they
provide worse results. We can notice that the ANN model outperforms
both, eFuMo and the proposed method, but this is due to the fact that
the ANN is optimized and tuned for each individual set of data (𝐶𝑜𝑠𝑡,
𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛 and 𝑄𝑢𝑎𝑙𝑖𝑡𝑦). Moreover, ANN has fixed structure and cannot
cope with the changes in nonlinear system dynamics. On the other hand,
eFuMo and the proposed method use the default values of algorithm
parameters and they are capable of evolving the structure according to
changing conditions. In this experiment, no explicit changes in system
dynamics takes part, but the evolving approach is used here to obtain
the structure of the system automatically –the structure does not have
to be chosen or optimized a priori as in the case of ANN.

5. Real process: Water-chiller plant

5.1. Problem description

An important part of a factory is the water-chiller plant (WCP).
The main purpose of the WCP is to supply cold liquid (usually water
or a glycol–water mixture) to the HVAC (heating, ventilation and air
conditioning) systems and other technological processes in the factory.
The WCP consists of water chillers and cooling towers as well as pumps
for distributing the media to the consumers. A single WCP is mainly
dedicated to an associated building, but it is also directly connected to
the central cooling system (CCS) in a star network. The WCP can transfer
the excess energy (cold water) to the CCS or it can receive energy from
the CCS when required. In the literature, we can find several approaches
to controlling, monitoring and optimizing a WCP (Albieri et al., 2007;
Zhang and Zhang, 2010a, b; Mu et al., 2016).

The water-chiller plant in our case consists of four water chillers
(WC01÷04) and four cooling towers (CT1÷4), one for each chiller (see
Fig. 3). The WC removes heat from the liquid (water) via a vapor-
compression cycle (blue lines in Fig. 3) and, as a necessary byproduct,
creates waste heat that must be exhausted. Water-cooled chillers are
cooled by a separate condenser water loop (the green lines in Fig. 3)
that is connected to outdoor cooling towers (CTs). The latter are usually
located on the roof of the building to expel heat to the atmosphere.
Cooling the WCs is an important part of the process because it improves
the thermodynamic and working effectiveness.

5



Please cite this article in press as: Andonovski G., et al., Evolving model identification for process monitoring and prediction of non-linear systems. Engineering Applications of Artificial
Intelligence (2017), https://doi.org/10.1016/j.engappai.2017.10.020.

G. Andonovski et al. Engineering Applications of Artificial Intelligence ( ) –

Table 3
𝑀𝑆𝐸 values (11) of validation based on the 4-step-ahead prediction for the first output (𝐶𝑜𝑠𝑡). TRAIN signal is used for the training phase, while VAL1 and VAL2 are used separately for
the validation phase.

TRAIN VAL1 VAL2

OLD OLD+ADD OLD+REM NEW OLD OLD+ADD OLD+REM NEW

Cloud based (on-line) 4.9654 4.8923 4.9654 4.8923 7.1088 7.0964 7.1088 7.0964
Cloud based (off-line) 5.1641 5.1478 5.1641 5.1478 7.4398 7.4436 7.4398 7.4436
eFuMo (off-line) 6.7610 3.7930
Neural network 3.5050 5.8610

Table 4
𝑀𝑆𝐸 values (11) of validation based on the 4-step-ahead prediction for the second output (𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛). TRAIN signal is used for the training phase, while VAL1 and VAL2 are used
separately for the validation phase .

TRAIN VAL1 VAL2

OLD OLD+ADD OLD+REM NEW OLD OLD+ADD OLD+REM NEW

Cloud based (on-line) 0.1761 0.1788 0.1761 0.1788 0.1642 0.1659 0.1642 0.1659
Cloud based (off-line) 0.1964 0.2006 0.1964 0.2006 0.1639 0.1664 0.1639 0.1664
eFuMo (off-line) 0.2654 0.3282
Neural network 0.1393 0.1285

Table 5
𝑀𝑆𝐸 values (11) of validation based on the 4-step-ahead prediction for the third output (𝑄𝑢𝑎𝑙𝑖𝑡𝑦). TRAIN signal is used for the training phase, while VAL1 and VAL2 are used separately
for the validation phase.

TRAIN VAL1 VAL2

OLD OLD+ADD OLD+REM NEW OLD OLD+ADD OLD+REM NEW

Cloud based (on-line) 0.1123 0.1387 0.1203 0.1466 0.0687 0.0687 0.0684 0.0682
Cloud based (off-line) 0.2310 0.2302 0.2853 0.2729 0.0683 0.0682 0.0694 0.0688
eFuMo (off-line) 0.0715 0.0881
Neural network 0.0596 0.0599

Fig. 3. Scheme of the water chiller plant CCS (Central Cooling System), WC (Water
Chiller), CT (Cooling tower), HVAC (Heating, ventilation and air conditioning). (For
interpretation of the references to color in this figure legend, the reader is referred to
the web version of this article.)

For this WCP, on the control level, the mechanism for turning on
and off separate WC is implemented. There are several criteria that are
taken into consideration for these procedures, such as the current power
consumption (𝑃𝐻𝑉 𝐴𝐶 ) of the facility (HVAC1 ÷ 3), the actual working
capacity (𝑃𝑊𝐶𝑃 ) and the operating time of each WC. Besides this, each
WC has a working priority (from 1 to 4) that is circularly shifted once
in a month. Thereby, an equal operating time for all the chillers is
ensured. Also the number of compressor start-ups cannot be larger than
a given limit value, which is another factor that influences the turning
on and off mechanism. When appropriate criteria are satisfied (not all
the parameters are measurable), an additional WC is turned on or the
working WC is turned off. In Fig. 4 the on and off statuses of each chiller
for a period of 28 days are presented. For these procedures the transient
period takes approximately 15 min (or slightly more). Therefore, we

Fig. 4. Turning on and off periods for each water chiller. The stars denote undesired
situations of short term start-ups and shut-downs of the chiller.

want to avoid short-term start-ups of the chillers. It would be really
useful if we could predict such scenarios and prepare our system to be
on time for the demands of the consumers.

5.2. Real experiment

To solve the problem described in the previous subsection, we
want to acquire models for the two key variables (𝑃𝐻𝑉 𝐴𝐶 and 𝑃𝑊𝐶𝑃 )
according to the environmental temperature (𝑇𝑒𝑛𝑣). Here we want to
note that 𝑃𝐻𝑉 𝐴𝐶 and 𝑃𝑊𝐶𝑃 are calculated on the control level and
directly stored in a local database. Also, the environmental temperature
is stored. The historical values for a duration of two months (see Fig. 5)
are used for the identification and validation of the models for both
variables. In Fig. 5 the left part of the signals (before the vertical dashed
red line) is used for the identification, while the right part (after the
vertical dashed red line) is used for the validation. The sampling time of
the signals is 𝑇𝑠 = 0.25 h. The regressor vectors for acquiring the models
𝑃𝐻𝑉 𝐴𝐶 and 𝑃𝑊𝐶𝑃 using the fuzzy-cloud-based method are chosen as
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Fig. 5. Real historical values of the input variable output variables 𝑇𝑒𝑛𝑣 in the top plot
and output variables 𝑃𝐻𝑉 𝐴𝐶 and 𝑃𝑊𝐶𝑃 (middle and bottom plot). (For interpretation of
the references to color in this figure legend, the reader is referred to the web version of
this article.)

Fig. 6. Power production. (a) Comparison between the real output 𝑃𝐻
𝑊𝐶𝑃 and the predicted

output 𝑃𝐻
𝑊𝐶𝑃 for 2-step ahead prediction. (b) Prediction error.

follows:

𝑃𝑊𝐶𝑃 ∶ 𝒙𝑓 (𝑘) = [𝑃𝑊𝐶𝑃 (𝑘 − 1), 𝑃𝑊𝐶𝑃 (𝑘 − 2),

𝑇𝑒𝑛𝑣(𝑘 − 1), 𝑇𝑒𝑛𝑣(𝑘 − 2), 𝑇𝑒𝑛𝑣(𝑘 − 3)]𝑇

𝑃𝐻𝑉 𝐴𝐶 ∶ 𝒙𝑓 (𝑘) = [𝑃𝐻𝑉 𝐴𝐶 (𝑘 − 1), 𝑃𝐻𝑉 𝐴𝐶 (𝑘 − 2),

𝑇𝑒𝑛𝑣(𝑘 − 1), 𝑇𝑒𝑛𝑣(𝑘 − 2), 𝑇𝑒𝑛𝑣(𝑘 − 3)]𝑇

where for both models the same structure is used, 𝑛𝑎 = 2 and 𝑛𝑏 = 3.
The other design parameters were tuned the same as in the simulation
example (see Section 4).

Acquiring relevant models is just a very first step when optimizing
the overall efficiency of the WCP. These models serve for the predic-
tion/estimation of the power consumption and the power production,
which in turn translates to the on/off commands for the WCs. Using the
predicted/estimated values of the output variables, 𝑃𝐻

𝑊𝐶𝑃 and 𝑃𝐻
𝐻𝑉 𝐴𝐶 ,

Fig. 7. Power consumption. (a) Comparison between the real output 𝑃𝐻
𝐻𝑉 𝐴𝐶 and the

predicted output 𝑃𝐻
𝐻𝑉 𝐴𝐶 for 2-step ahead prediction. (b) Prediction error.

Fig. 8. Example of process monitoring of WCP. (a) Water chiller 𝑊𝐶03 state (red stars
are undesired start-ups and shut-downs). (b) 2-step (30 min) ahead predicted values of
power production 𝑃𝐻

𝑊𝐶𝑃 and consumption 𝑃𝐻
𝐻𝑉 𝐴𝐶 . (c) A detail view of (a) and (b). (For

interpretation of the references to color in this figure legend, the reader is referred to the
web version of this article.)

for a period of 30 min (2-step ahead prediction), this can be easily done.
From Figs. 6 and 7 we can see that the predicted variables follow the
trend of the real ones. The mean square errors (MSE) for 𝑃𝐻

𝑊𝐶𝑃 and
𝑃𝐻
𝐻𝑉 𝐴𝐶 are 0.64×10−3 and 0.95×10−3, respectively. In Fig. 8 an example

is shown how the acquired models could be used for the purposes of
process monitoring. With 2-step ahead predicting of the values 𝑃𝐻

𝑊𝐶𝑃
and 𝑃𝐻

𝐻𝑉 𝐴𝐶 (Fig. 8b) we can prevent unnecessary turn-off of the third
WC (Fig. 8c). At point 32.6 an undesired turn-off is detected while the
predicted values show that the consumption and the production in the
future are expected to be within the limits. When the values are above
the upper limit a condition for turn-on an additional WC is fulfilled.

6. Conclusion

In this paper an evolving fuzzy model was applied for the monitoring
of non-linear processes. We focused on implementing new evolving
mechanisms to improve the performance of the cloud-based identifi-
cation method. These mechanisms prevent the addition of new clouds
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(rules) based on outliers and remove the existing ones that are either
inactive or not informative enough. The proposed evolving procedure
was tested on simulated sets of signals acquired from the Tennessee
Eastman process model. Three different models were identified and
evaluated using a 4-step-ahead prediction. Moreover, the results were
compared with the well-established identification method eFuMo and
with artificial neural network model. Beside this, a cloud-based method
was also tested on real data acquired from the water-chiller plant (WCP).
Two models have been identified, i.e., power production and power
consumption, which were further used for the prediction (2-step-ahead)
of these key indicators. The main goal was to optimize the overall
efficiency of the WCP by reducing the necessary start-ups of each chiller.
From the results we can conclude that the proposed evolving fuzzy
system is an efficient tool for monitoring non-linear processes.
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