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Investigation of Machine Learning Approaches in Process Industry
ARSLAN FAROOQI
Department of Space, Earth and Environment
Chalmers University of Technology

Abstract
Today, industry is in continuous development, with digitalisation occurring at an
increasing rate. Industry 4.0 and Internet of Things are two common expression
which both concern the development of industry with focus on artificial intelligence
(AI). Studies have shown the benefits of applying various AI techniques in industry,
e.g. more accurate fault diagnostics and better estimation of remaining useful life
of process equipment.

The main aim of this master’s thesis project was to investigate and apply machine
learning methods as solutions to challenges identified in the process industry, and
evaluate the outcome.

A literature review was first conducted to gain insight in the process industry and its
current issues for which machine learning techniques could be applied. Thereafter,
a study visit to Södra Cell’s market pulp mill in Mönsterås was carried out, during
which a case study suitable for data-driven modeling was identified. The case study
involved one of the cooling towers at the mill, as well as process units in close prox-
imity to the cooling tower, for which input and output variables were defined. The
plant operators suspected fouling to negatively affect the performance of the cooling
tower, and asked if the system could be modeled to identify the fouling effect. This
hypothesis was investigated by modeling the system with two neural network ar-
chitectures; Multilayer Perceptrons (MLP) and Long Short-Term Memory (LSTM),
the latter being a type of recurrent neural network (RNN). The neural networks
were modeled based on data extracted from four years with a time resolution of
one hour. Comparing the results of the MLP networks with the LSTM networks
led to the identification of recurrency, which in this case referred to the fouling effect.

Out of all output variables, conductivity was set as the target variable, or the vari-
able of extra interest, as it was assumed to directly correlate with the amount of
fouling occurring in the cooling tower system. As fouling occurs, there is an increase
of metal ions in the recirculating cooling stream, leading to an increase in the mea-
sured conductivity.

The results showed that all LSTM networks, except for one, obtained better model
accuracy than the MLP networks. The best MLP network yielded a value of Mean
Squared Error (MSE) MSEMLP 2 = 0.003067 while the best LSTM network, LSTM
7, yielded MSELST M7 = 0.001335. Furthermore, all LSTM networks, regardless
of overall performance, modeled the conductivity output better than the MLP net-
works. The results give a clear indication that there is some recurrency present in
the modeled system, which confirms the plant operators’ hypothesis of fouling oc-
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curing in the system. The statistical model yielded in this thesis work could then be
used as groundwork for future projects. By accurately predicting the performance
of the cooling tower system, investment decisions and optimisation of operational
conditions could be carried out.

Keywords: Industry 4.0, Internet of Things, Multilayer Perceptrons, Neural Net-
works, Recurrent Neural Networks, LSTM, Machine Learning, Process Industry,
System modeling, Pulp Mill.
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1
Introduction

The world's economy is growing faster than ever, and with it grows the demand for
energy. This demand is mainly satis�ed through conversion of fossil fuels. There-
fore, the increase in energy use comes at the expense of the environment, which in
turn impedes the climate goal of keeping the global average temperature well below
two degrees, set during the Paris Agreement [1]. Reducing the energy consumption
worldwide is therefore of great importance, which is why the EU has established
the Energy E�ciency Directive [2]. This directive was revised in 2018, and mem-
ber states of the European Union have now been commissioned to improve energy
e�ciency by at least 32:5 % until 2030, compared to 2007 [3]. This improvement in
energy e�ciency is expressed as reductions in consumption of primary energy and
�nal energy [2].

In Sweden, national targets have been formulated which take economic develop-
ment into consideration. The government has commissioned the Swedish Energy
Agency to improve the intensity of Swedish energy consumption by50 %until 2030,
compared to 2005 [4]. In this context, energy intensity is measured as primary en-
ergy use per GDP [4]. Several di�erent areas to be improved have been identi�ed,
one of which is the industrial sector. In 2018, Swedish industry accounted for ap-
proximately 38 % of the �nal energy use in Sweden,141 TWh out of 373 TWh [5].
Based on data from 2015, the pulp and paper sector accounted for52 % of indus-
try's �nal energy use [6], which equals approximately20 %of Sweden's �nal energy
consumption. This indicates the importance of improving energy e�ciency in the
pulp and paper industry.

1.1 Background

Södra Cell Mönsterås is one of the largest pulp mills in Sweden, with an annual
production of 750 000 air-dried tons of pulp [7]. In addition, the mill also deliv-
ers district heating to the local community, exports green electricity, and produces
tall oil which can be used as a feedstock for biodiesel production [7]. In response
to the Swedish Energy Agency, Södra Cell Mönsterås has launched an initiative in
which the pulp mill plans to reduce their consumption of heat and electricity [8].
In addition, the mill also aims to produce excess electricity and increase production
e�ciency in order to reduce their consumption of chemicals [8].

One possibility for Södra Cell Mönsterås, among others, to pursue the aims set
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1. Introduction

in the above-mentioned initiative is to investigate if current operational strategies
can be optimised with respect to these aims. In this context, it is important to
take variations in operating conditions into account. The mill and all its processes
must be able to handle system variations with varying time-scale and magnitude.
Especially seasonal variations are of importance in Sweden, as the surrounding envi-
ronment changes signi�cantly depending on the season. Besides seasonal variations,
variations on shorter time-scales and disturbances need to be considered. For ex-
ample if disturbances in operating conditions are not handled properly, they may
propagate and result in increased demands of energy and chemicals.

Previous work has been carried out with regard to Södra Cell Mönsterås with a
special focus on the management of seasonal variations. In 2017, Nihlmark and
Mahmoud conducted a detailed inventory of operating data for the secondary heat-
ing system of Södra Cell Mönsterås, as the mill was lacking data in this area [9].
Additionally, a Pinch analysis was conducted to quantify the potential for energy
savings within the mill's secondary heating system. In 2018, Bokinge and Erlandsson
developed di�erent retro�t proposals for a subsystem of the mill's secondary heat-
ing system based on the results of Nihlmark and Mahmoud. The performance of
the di�erent retro�t proposals was evaluated with respect to seasonal variations us-
ing a computational tool developed by Bokinge and Erlandsson [10]. Furthermore,
Persson and Berntsson investigated seasonal variations and short-term variations
and their in�uence on the opportunities for energy savings in a pulp mill. They
concluded that compared to steam savings targets generated using annual average
process data values, the inclusion of monthly average values in their models reduced
the potential for steam savings by15 % [11]. In an additional study, Persson and
Berntsson showed that including average values of even shorter time-periods (i.e.
average values for 10-minute intervals) reduced the potential for steam savings even
further [12].

The combined results of the previous works indicate that variations in operating
data should preferably be considered when investigating opportunities for improv-
ing energy e�ciency of industrial energy systems. However, traditional methodolo-
gies for industrial energy systems improvements, such as pinch-based approaches,
have been developed primarily for steady-state values. Therefore, considering vari-
ations in operating data can be quite tedious since e.g., trial and error approaches
may be necessary. In order to evaluate how energy e�ciency of (industrial) en-
ergy systems is a�ected by varying operating data usually mathematical modelling
is required. These mathematical models can be evaluated and analyzed, e.g. by
means of simulation software. However, the systems involved in process industries
are large and complex and so are the mathematical models describing these systems.
Consequently, the mathematical evaluation of these models can be computationally
burdensome and may require substantial computational capacity. Additionally, in-
accuracies of mathematical models may cause discrepancies between measured data
and the results obtained by these mathematical models. Due to these discrepancies,
there is a risk that various industry systems, which are built upon the mathematical
models, will perform poorly. Thus, there has risen an interest in investigating these
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1. Introduction

problems through data-driven modelling, by the means of arti�cial intelligence (AI)
and one of its sub-groups, machine learning.

The Merriam-Webster Dictionary de�nes machine learning as:

�the process by which a computer is able to improve its own performance
(as in analyzing image �les) by continuously incorporating new data into
an existing statistical model�[13]

To clarify the Merriam-Webster Dictionary's de�nition of machine learning, a ma-
chine learning algorithm generates a statistical model. The machine learning algo-
rithm, or technique, continuously improves the performance of the statistical model,
i.e. increasing the accuracy, by incorporating new and more data. Thus, the algo-
rithm can produce a highly accurate statistical model, as long as there is su�cient
data available. Consequently, as the accuracy of the machine learning models are
dependant on data, they cannot be applied in cases where there is a lack of reliable
data.

As mentioned, machine learning can be utilised to generate statistical models with
high accuracy if su�cient amount of data is available. Commonly in industry, nu-
merous amounts of sensors are used to measure data, which is then fed to control and
monitoring systems. Subsequently, this data is logged and rarely used for any fur-
ther purpose. On the other side, the amount of available data strongly encouraged
approaches based on machine learning. Due to the algorithm's ability to improve
the statistical model it produces, paired with excessive amount of data available,
the statistical model can become very accurate. The fundamental di�erence between
the traditional approach and the machine learning approach is that the traditional
approach is equation-based while the machine learning approach produces models
based solely on data.

Another advantage with the machine learning approach is that it uses available
data, and requires no changes to the process systems or any further investments.
The lack of costs associated with this approach should motivate industry to inves-
tigate machine learning methods for handling problems in process industries.

1.1.1 The AI Potential

Many industrial sectors are currently being digitalised at an increasing rate.Indus-
try 4.0, the fourth industrial revolution, and Internet of Things are two expressions
often mentioned, which both refer to the development of industry with AI as a cen-
tre point.

Several studies have been carried out where the bene�ts of AI in process indus-
try have been demonstrated. Ragab et al. utilised machine learning, a subgroup of
AI, for fault diagnostics in industrial chemical processes [14]. The authors used the
process of Logical Analysis of Data (LAD), a machine learning technique, to build
a decision model with the purpose of diagnosing faults during operation [14]. This
was applied to a case study using data from a real black liquor recovery boiler in a
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1. Introduction

pulp mill, with results showing good accuracy of fault diagnostics [14].

Furthermore, Costello et al. constructed a machine learning model in order to
accurately determine the remaining useful life of gas circulator units [15]. By using
a data set containing historical operational data of a real gas circulator unit, the
constructed model was able to measure the health state of operating gas circulator
units in real-time [15].

In an additional study, Sainlez and Heyen compared the performance of several
machine learning techniques with the performance of multilinear regression mod-
els, in predicting atmospheric pollutants in the exhaust gas of the recovery boiler
in a Kraft pulp mill [16]. The results showed that some of the machine learning
techniques were substantially more accurate than multilinear regression models, in
predicting the NOx emissions of the recovery boiler.

Furthermore, a comprehensive system analysis was carried out by PiiA (Processin-
dustriell IT & Automation) together with Blue Institute. In this study, the authors
investigated how the implementation of AI can impact industry [17]. The authors es-
tablished the bene�ts of AI development in industry by presenting several currently
ongoing projects. In the report, the authors also analysed the market potential of
AI. They forecasted that the market for AI will grow by up to 40% per year, due to
the bene�ts achieved through AI solutions [17].

1.2 Aim

The main focus of this project is to approach challenges in process industry from a
data-driven perspective. The overall aim can be de�ned as:

Investigate machine learning methods as solutions to challenges identi�ed
in process industry, and demonstrate the validity of these methods, by the
means of data-driven modelling.

The project focused on identifying case studies at Södra Cell Mönsterås which are
suitable for the application of machine learning methods, and demonstrating the va-
lidity of the applied methods. The speci�c goals of the project were as follows:

ˆ Literature review to gain insight in process industry challenges for which ma-
chine learning approaches can be applied.

ˆ Identi�cation of case studies at Södra Cell's pulp mill in Mönsterås, suitable
for the application of machine learning methods.

ˆ Through literature review, map machine learning methods to determine which
approaches can be applied to the case studies identi�ed in the previous step.

ˆ Modelling of identi�ed (sub)systems included in the case studies, by means of
mapped methods and utilisation of available data.

ˆ Analysis and validation of results in order to further improve the statistical
models.

By applying machine learning methodologies to challenges in the process industry,
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1. Introduction

statistical models with good accuracy can be produced. In terms of model accuracy,
these statistical models can perform better than equation-based models due to the
ability of machine learning models to capture previously unknown correlations and
dependencies. The derived machine learning models can then be used as ground-
work for future work in improvements of various areas in process industry, which
subsequently can lead to improvements in energy e�ciency and reduced material
intensity. Examples of this could be improved controllability or earlier detection of
malfunctioning such as fouling of heat exchangers.
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2
Theory

This chapter aims to introduce the reader to the knowledge required to understand
and interpret the results of this work. First, the reader will be presented with a
general description of machine learning. Following this, a detailed description of the
machine learning techniques used in this project will be presented.

2.1 Machine Learning

The various techniques within machine learning can be grouped into categories,
which are presented in Table 2.1 together with the most common applications for
each category.

Table 2.1: Summary of the categories within machine learning.

Machine Learning Category Typical applications
Supervised Learning Regression modeling for descriptive and predictive analysis
Unsupervised Learning Pre-processing and post-processing of data
Reinforced Learning Robotics

In this thesis, machine learning algorithms based on supervised learning have been
utilised in order to generate statistical models of (sub)systems of process industry
plants with high modelling accuracy.

2.2 Supervised Learning

As the name indicates, supervised learning is a subset within machine learning which
refers to all machine learning techniques where the training of the algorithms is su-
pervised. Supervised learning or training implies the availability of data which the
machine learning algorithm can utilise to determine the accuracy of a statistical
model. By comparing the model output to the true output data, the algorithm can
improve the statistical model and minimize the error between the two outputs.

Within supervised learning, there are several subgroups such as decision trees (DT),
support vector machines (SVM) and arti�cial neural networks (ANN). In this master
thesis project, ANNs were the main focus and are explained further in 2.2.1.
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2.2.1 Arti�cial Neural Networks

ANNs are systems that loosely resemble the network of neurons in animal brains.
They consist of an input layer, in which data is fed to the network. This data is
then passed through hidden layers of neurons, and ultimately to the output layer, in
which an output is acquired. During training, the model output is compared to the
true output, often called label, and the ANN can then improve the accuracy of the
statistical model, based on the di�erence between the output layer and the label,
by aiming to minimise the error between the two. Within ANNs, there are several
various modelling approaches, such as Multilayer Perceptrons (MLP) and Recurrent
Neural Networks (RNN), which both will be described in detail.

2.2.1.1 Multilayer Perceptrons

A Multilayer Perceptron network is the simplest ANN and is illustrated in Figure
2.1.

Figure 2.1: Illustrative �gure of how a typical MLP is connected.

In Figure 2.1, the output values of each neuron propagate forward to the next layer,
multiplied with the weight wijk . The output value is generated by applying an
activation function to the input value of a neuron. There are several activation
functions, such as the sigmoid function, thetanh function as well as the recti�ed
linear unit (ReLU) function. In this project, the only considered activiation function
was ReLU. During training, the machine learning algorithm improves the accuracy
of the statistical model it produces, by changing the values of these weights in order
to minimise the di�erence between model output and the true output which can be
described by means of a loss function (see Subsubsection 2.2.1.2). The complexity of
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these kinds of statistical models can be increased by increasing the amount of neu-
rons per layer, as well as increasing the total amount of hidden layers. Generally,
deep learning refers to neural networks with more than three hidden layers. This
added depth allows the complexity of process industry systems to be retained in the
statistical model, given that there is su�cient data available for training.

To illustrate the mathematical operations happening in an MLP, Figure 2.2 shows
two hidden layers, with two neurons each, of an MLP network.

Figure 2.2: Two hidden layers of a MLP network.

The valuesj 1 and j 2 are the outputs of the neurons in the �rst layer, whilek1 and
k2 are the outputs of the neurons in the second layer. The outputs of the second
layer are then de�ned by,

"
k1

k2

#

= f a

 "
w11 w21

w12 w22

# "
j 1

j 2

#!

(2.1)

wheref a is the chosen activation function (e.g. ReLu).

2.2.1.2 Loss functions

For arti�cial neural networks, the loss function is the function which the machine
learning algorithm minimises during its training. There are several metrics of loss,
some of which are presented in Table 2.2 together with the problems they are typi-
cally used for. In this project, Mean Square Error (MSE) was used as a loss metric
while e.g. crossentropy loss metrics are generally used for various classi�cation prob-
lems, such as image recognition.
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Table 2.2: Various loss metrics available for arti�cial neural networks.

Loss metric Common applications
Mean Square Error (MSE) Regression modeling
Mean Absolute Error (MAE) Regression modeling, outliers have less impact
Binary Crossentropy Multi-label classi�cation
Categorial Crossentropy Single-label classi�cation

The MSE loss function is de�ned as:

L(y; ŷ) =
1
N

NX

i =0

(y � ŷi )2;

where y is the true output, ŷ is the predicted model output andN is the total
amount of observations, or data points. In contrast, the MAE loss function is
de�ned as:

L(y; ŷ) =
1
N

NX

i =0

jy � ŷi j

The main di�erence between MSE and MAE is that MSE squares the error, mean-
while MAE only accounts for the absolute di�erence. This means that for MSE
larger model errors a�ect the loss function to a greater extent.

2.2.1.3 Recurrent Neural Networks

Recurrent neural networks (RNN), similar to MLP, is a type of ANN used for regres-
sion modeling. In contrast to MLP, RNN account for recurrency, meaning that the
outcome at a given point is in�uenced (to some extent) by the outcome of previous
points. This means that the order of data points in the data set is extremely im-
portant, as the data is processed sequentially, rather than in a randomised fashion,
which can be the case for MLP. Figure 2.3 illustrates a simpli�ed version of a RNN.
There are also various types of RNNs. One such type is the long short-term memory
(LSTM) network, which will be used in this project.
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Figure 2.3: Simpli�ed illustration of how a typical RNN is connected. [18]

In Figure 2.3, each set ofx, h and y represent a typical MLP network, wherex is
the input layer, h are the set of hidden layers andy is the output layer, as shown in
Figure 2.1. However, instead of processing the entire data set in one such network,
as is the case with MLP networks, the data is divided in batches, called time steps,
creating a time series.

As an example, a dataset consisting of six data points could be divided into time
steps of three data points each. This would mean that the �rst time step included
data points one through three, the second time step consisted of data points two
through four, and so forth, until data point �ve is reached. At this point, the last
two data points, data point �ve and data point six, would be omitted since a full
batch size of three data points cannot be reached.

In Figure 2.3 each batch, or time step, is solved in a set ofx, h and y, and some of
the output is propagated forward to the next batch, through the weight factorwh.
This means that the �rst batch is processed in the set consisting ofx1, h1 and y1.
The second batch would then be processed in the set consisting ofx2, h2 and y2,
with the in�uence of the previous batch, through the weight factorwh, and so forth.

RNNs are suitable for regression modeling of time series data, meaning data in which
time is an important dimension. Thus, in this project, the terms time-dependancy
and time-dependant phenomena both refer to the behaviour of recurrency, where the
outcome of the previous data points a�ects the outcome of the current and following
data points, which RNNs account for in the modeling.
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2.2.1.4 Hyperparameters

In machine learning, hyperparameters are parameters whose values, or settings,
are pre-de�ned, prior to the training, and do not change during the process. As
an example, the number of hidden layers or the number of neurons per layer, are
both hyperparameters for MLP networks and LSTM networks. In Table 2.3, the
hyperparameters for MLP networks and LSTM networks are presented.

Table 2.3: Some of the available hyperparameters for MLP networks and LSTM
networks.

MLP network LSTM network
Hyperparameter
Number of hidden layers Yes Yes
Number of neurons per layer Yes Yes
Learning rate Yes Yes
Number of data points per time step No Yes

All hyperparameters presented in Table 2.3 have been described in Section 2.2.1.1,
except for learning rate. This is done in the following. When the machine learning
algorithm changes the weight factors of an MLP or RNN to minimise the loss func-
tion, the magnitude of changes to the weight factors is determined by the learning
rate. A high value for the learning rate means that the weight factors are being
modi�ed in large increments, and a small value for the learning rate results in the
weights being changed in small increments. Thus, the value of the learning rate can
a�ect the training results drastically. High values for the learning rate can result in
the algorithm minimising the loss function in a small amount of time. However, large
learning rates can also result in oscillating or unstable behaviour of the model, if the
steps taken are too large to accurately �nd the point where the loss is minimised.
In contrast, small values of the learning rate often lead to the loss function being
properly minimised, although at the cost of substantially longer training time.

2.3 Unsupervised learning

The second main category of machine learning, whose main constituents are vari-
ous clustering algorithms, is unsupervised learning. These clustering algorithms are
often used to identify certain commonalities of data points within data sets, which
can subsequently be grouped in clusters. Compared to supervised learning previ-
ously explained by means of ANNs, unsupervised learning di�ers in that there are
no labels which can be used to train the algorithms. Since there are no labels and
thus no feedback, the algorithms operate by identifying attributes present within
the dataset. Data with similar attributes is then grouped together. Generally, this
process can take many forms, depending on the clustering algorithm used.

Unsupervised learning techniques are often used for their powerful data process-
ing abilities, such as independant component analysis (ICA) and dimensionality
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reduction.

2.4 Limitations of machine learning

There are, however, some general drawbacks with machine learning methodologies.
When machine learning algorithms are trained, they excel at modeling and pre-
dicting outcomes in the range of the given data, with some extrapolation included.
However, if the system for which the algorithm has been trained, is changed to a
great degree, the algorithm will fail to anticipate the outcome. An example of this
can be observed in a system of heat exchangers. If one or more heat exchangers are
moved, or new heat exchangers are introduced to the system, the machine learning
algorithm will not be able to predict the subsequent change in energy demand.
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3
Methods

This chapter aims to describe the planning and execution of the thesis work, which
was divided into two main parts. The �rst part relates to a study visit at Södra Cell
Mönsterås, during which two case studies were de�ned. One case study was then
included for further analysis. Subsequently, several machine learning methods were
investigated and mapped with respect to their assumed applicability to model the
chosen case study. The details of the identi�cation and mapping are described in
Section 3.1. Following this, the modelling of systems involved the identi�ed process
industry challenges, via the means of the mapped machine learning methods, was
carried out. This part included �ltering and processing of data from Södra Cell
Mönsterås, as well as coding and using the identi�ed machine learning methods to
model the chosen case study. Finally, the results were analysed with respect to the
achieved model accuracy. Using the results as feedback, the data pre-processing
steps and hyperparameters were modi�ed in an iterative fashion, to improve the
model accuracy. This is described in detail in Section 3.2. The entire work�ow is
illustrated in Figure 3.1.

Figure 3.1: Illustration of the general work�ow process of the master thesis.

3.1 Identi�cation and mapping

This section aims to describe the details of work carried out in the �rst part of the
project, which includes the study visit to Södra Cell Mönsterås and the case study
de�ned there. Figure 3.2 illustrates all included parts and the work �ow.
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Figure 3.2: Flowchart of the work process in the �rst part of the project.

At an initial stage of the project, a thorough review of relevant literature was carried
out. Through the literature review, a general overview on typical challenges in
process industry was obtained. Furthermore, examples discussed in the literature
were identi�ed where machine learning approaches were applied in process industry.
This information was then used as a base for the meetings conducted during the
study visit at Södra Cell Mönsterås.

3.1.1 Study visit at Södra Cell Mönsterås

In the middle of February, a week-long study visit at Södra Cell Mönsterås was
carried out. During the �rst two days, discussions and meetings with engineers and
plant operators were conducted. In these meetings, two case studies were identi�ed
to be suitable for further consideration. During the selection process a relevant
research question was de�ned for each case study and the availability of measurement
equipment and historical data was investigated. With respect to the extent of this
thesis project, it was decided to select one case study for further analysis. Following
this, the system boundaries were de�ned by reviewing �ow sheets of the relevant
parts of the pulp mill. Additionally, detailed mapping of sensors and measurement
devices was conducted. This step was of great importance as the identi�ed sensors
and measurement devices were used at a later stage in the project, for the extraction
of data.

3.2 Data-driven modelling

The outcome of the �rst part of the project was a well de�ned case study involving
a subsystem at the pulp mill Södra Cell Mönsterås, which was modeled using the
identi�ed machine learning methods. This process included the coding and training
of the selected machine learning methods and the statistical models produced. As
described previously in this thesis machine learning approaches are highly dependant
on the available data. Thus, gathering, �ltering and processing of data were all
detrimental steps in ensuring good accuracy of the statistical models. An illustration
of the work �ow in this part of the project is presented in Figure 3.3.
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Figure 3.3: Work �ow chart of the second part of the project.

All steps described in Figure 3.3 were done by utilizing di�erent available packages
of the programming language Python. In the following sections, the data-processing
steps as well as coding of the machine learning algorithms are presented. The
essential code is presented in Appendix A.

3.2.1 Processing of data

During the study visit, input and output variables were de�ned for the chosen case
study. The data was then gathered with the help of the available monitoring in-
terface in Microsoft Excel, allowing the data to be extracted for further processing.
The data was extracted with a time resolution of one hour, from the beginning of
2016 to the beginning of 2020, exactly four years.

Once the data had been acquired, the �rst step was �ltering. To ensure that the
�nal statistical model has a good accuracy for typical operating conditions, the data
was �ltered to remove all periods of maintenance, as well as the transient behaviour
occurring during start-up and shutdown. This is presented more in detail in Section
4.2.1. Furthermore, the data was normalised to be able to present all data by means
of values between 0 and 1. The background for this normalisation step is further
explained in Subsection 4.2.1. The code for �ltering can be found in Appendix A.1
and the code for normalisation can be found in Appendix A.2

3.2.2 Construction and training of machine learning mod-
els.

With the data available in a �ltered and processed format, the di�erent machine
learning methods presented in Chapter 2 were utilised to develop and train statis-
tical models representing the case study. In this project, no generation of novel
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machine learning algorithms was done. Two di�erent architectures for ANNs were
evaluated: MLP networks and LSTM networks. MLP networks are described in de-
tail in Section 2.2.1.1 and LSTM networks are described in detail in Section 2.2.1.3.

Furthermore, the hyperparameters of the di�erent network architectures were varied
in an iterative procedure which is described in Subsection 3.2.3. A de�ned network
(with �xed hyperparameters) was trained using the extracted data and the train-
ing was interrupted if no su�cient improvement of the loss metric was observed for
several epochs but latest after 300 epochs. The code applied for the construction
and training of MLP networks is presented in Appendix A.3. For the constructed
LSTM networks, the code is presented in Appendix A.4.

3.2.3 Variation of hyperparameters

Based on the training results of each neural network, the hyperparameters were
varied in order to investigate the in�uence of a speci�c hyperparameter on the
model accuracy. The objective of this step was to achieve a high model accuracy.
As previously explained, the accuracy was determined by the loss metric MSE,
which was calculated continuously throughout the training of the models. Di�erent
hyperparameter settings were chosen and in Table 3.1, the chosen hyperparameter
settings for the MLP networks are presented.

Number of layers Neurons per layer Loss metric
MLP network 1 2 150 MSE
MLP network 2 4 150 MSE
MLP network 3 4 500 MSE

Table 3.1: Hyperparameter settings each of the MLP networks trained.

In Table 3.2 the chosen hyperparameter settings for the LSTM networks are pre-
sented .

Number of layers Neurons per layer Data points per time step Learning rate Loss metric
LSTM network 1 2 50 3 0.001 MSE
LSTM network 2 2 100 3 0.001 MSE
LSTM network 3 2 150 3 0.001 MSE
LSTM network 4 2 250 3 0.001 MSE
LSTM network 5 2 500 3 0.001 MSE
LSTM network 6 4 50 3 0.001 MSE
LSTM network 7 6 150 50 0.0001 MSE
LSTM network 8 8 150 100 0.0001 MSE

Table 3.2: Hyperparameter settings for each of the LSTM networks trained.
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Results

In this chapter, the results of the work, carried out as described in Chapter 3, are
presented. The �ndings are presented in two sections. First, the results obtained
during the study visit at Södra Cell Mönsterås are summarized. In the second
section, the results from the model training process, described in Section 3.2, and
the evaluation of these results are presented.

4.1 Study visit at Södra Cell Mönsterås

In the middle of February, a week-long study visit to Södra Cell Mönsterås was
carried out. During this week, through conducted meetings and data gathering, two
case studies were identi�ed as described in Chapter 3. The �rst case study involved
the plant's evaporator system, for which the plant has employed two di�erent main-
tenance and cleaning routines. A research question was de�ned as engineers and
operators at the pulp mill were interested in knowing if historical process data could
be used to determine if one of the two cleaning routines is preferable with respect
to performance indicators such as steam demand or usage of chemicals.

The second case study concerned one of the cooling towers at the plant. The plant
operators suspected a decline in performance of the cooling tower over time, and
were anticipating that some time-dependant phenomena such as fouling is the cause
of the performance decline. Since the cooling tower in question provides cooling
capacity for a condensing turbine running on steam produced in the recovery boiler
of the pulp mill, the performance of the cooling tower explicitly a�ects the amount
of generated electricity. It was therefore decided to investigate if historical data can
be used to develop a statistical model of the cooling tower system to validate or
rebut the suspicion of plant personnel.

After the identi�cation of the two case studies, the case study concerning the cooling
tower system was chosen to be the main focus of this master thesis project. In the
following subsection, the entire cooling tower system and all relevant parameters are
presented.

4.1.1 Cooling Tower Case Study

A schematic illustration of the cooling tower system considered in this project, is
presented in Figure 4.1.

19



4.
R

esults

Figure 4.1: A schematic view of the system in the cooling tower case study.
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In the schematic illustration, high pressure steam enters the turbine G6. After the
expansion, the steam leaves the turbine at pressure and temperature set by the plant
operators and controlled by vacuum pumps to be �nally condensed in the condenser
after turbine G6. The cooling medium utilised in the condenser is a stream of water
taken from the cooling water pool of cooling tower G6. The water stream enters
the condenser and leaves at higher temperatures. In order to maintain the cooling
capacity, the water stream is recirculated back to the cooling water pool through
spraying. This results in partial evaporation of the droplets into the ambient air
which further results i a cooling e�ect. To make up for the water lost in the evap-
oration process, a level controller regulates an inlet stream of mechanically cleaned
water, taken from a nearby river.

Furthermore, several sensors can be found in the cooling tower system. In Fig-
ure 4.1, the sensors are colour-coded according to how they were utilised in this
project. A description of the colour-coding system can be found in Table 4.1.

Colour Utilisation
Blue Used as input variables for the machine learning models

Green Used as output variables for the machine learning models

Table 4.1: Description of the colour-coding system.

Furthermore, a brief description of each sensor that was utilised, can be found in
Table 4.2.

Sensor name Description Measured unit
Inputs
F1 Calculated �ow measurement at turbine inlet kg/s
T1 Temperature measurement at turbine inlet °C
P1 Pressure indicator at turbine inlet MPa
LA Level indicator in condenser after G6 mm
LB Level indicator in condenser after G6 mm
LC Level indicator in condenser after G6 mm
F5 Flow measurement of circulating cooling stream kg/s
T2 Temperature measurement of mechanically cleaned water entering the cooling tower °C
F2 Flow measurement of mechanically cleaned water entering the cooling tower kg/s
F3 Flow measurement of mechanically cleaned water leaving the cooling tower kg/s
T4 Temperature measurement of circulating cooling stream entering condenser after G6 °C
T5 Temperature measurement of circulating stream leaving condenser after G6 °C
HI Ambient wet-bulb temperature measurement of environment surrounding cooling tower °C
LC Level indicator of reservoir in cooling tower %
FRA Speed measurement of cooling fan in cooling tower RPM
FRB Speed measurement of cooling fan in cooling tower RPM
F6 Flow measurement of side stream recirculated back to condenser after G6 kg/s
Outputs
GP Measurement of power generation from generator G6 MW
P7 Pressure indicator of stream leaving turbine G6 kPa
T7A Temperature measurement of stream entering condenser after G6 °C
T7B Temperature measurement of stream entering condenser after G6 °C
Q4 Conductivity measurement of circulating cooling stream mS/m

Table 4.2: A brief description of all included sensors in the project work.

As can be seen in Figure 4.1 and Table 4.2, a sensor measuring the conductivity
of the circulating cooling water stream was utilised. This measurement is of extra
interest as it might relate to the e�ect of fouling more than other parameters. The
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hypothesis is that fouling or corrosion on the heat exchanger surfaces in the cooling
tower system can lead to higher concentrations of metal ions in the circulating
cooling water stream. This would then be observed as an increase in the conductivity
measurement.

4.2 Model training and evaluation

In this section, the results obtained from model training and evaluation are pre-
sented. In a �rst step, historical process data was gathered from the sensors pre-
sented in Table 4.2, and preprocessed. This is described in Subsection 4.2.1. The
pre-processed data was then utilised to train di�erent statistical models by means
of machine learning, and the results were evaluated (see Subsection 4.2.2). For all
presented model results, the temperature output is presented as a mean of the two
temperature measurement output variables, T7A and T7B.

4.2.1 Data Gathering and Preprocessing

As described previously, historical process data was gathered for the time period of
four years, between 2016 and 2020. The data was acquired at a time resolution of
one hour, resulting in about35 000data points. Once the data had been gathered,
preprocessing was performed through the means of �ltering. These preprocessing
steps were done in order to eliminate all periods were the turbine was shut o�, such
as maintenance hours, as well as the transient behaviour occurring during shutdown
and startup. Consequently, the power production of generator G6 was used as an
indicator of the above mentioned events. This variable was used to �lter the data,
removing all data points according to the following criteria:

P(Power Production) < 5 MW

In addition, ten additional data points were removed both before and after the
periods for whichP < 5 MW to account for the transient behaviour occurring during
shutdown and startup. In Table 4.3, a detailed summary of the data gathering and
preprocessing is presented.

Time period of dataset 2016-01-01, 10:00 to 2020-01-01, 09:00
Total amount of data points 35 064
data points after preprocessing 31 881
Removed data points 3183

Table 4.3: Short summary of the data gathering and preprocessing steps.

Finally, the entire dataset was normalised between 0 and 1, as described in Section
3.2.1. By normalising the data, the loss metric, which the model tries to minimise
during training, becomes a more accurate representation of the model error.
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4.2.2 Model training

In Section 4.1, a research question for the cooling tower case study was de�ned
as that the plant operators suspected some time-dependant phenomena, which was
then anticipated to result in a decline of the cooling tower performance, over time.
To determine whether or not this was the case, several neural networks were trained
and the results were compared and evaluated.

4.2.2.1 Multilayer Perceptron Networks

Initially, three di�erent MLP networks were trained and the di�erent sets of hyper-
parameters have been presented in Table 3.1. The hyperparameter settings as well
as loss values obtained, for each MLP network, are presented in Table 4.4. As the
chosen loss metric for all networks was MSE, a lower value means greater accuracy
of the model.

Number of layers Neurons per layer Loss metric Loss value
MLP 1 2 150 MSE 0.004081
MLP 2 4 150 MSE 0.003067
MLP 3 4 500 MSE 0.005650

Table 4.4: Hyperparameter settings and loss values for each of the MLP networks
trained.

One can observe that added complexity to the model, i.e. adding additional layers,
yields better results in terms of model accuracy (compare MLP 1 and MLP 2).
On the other hand, increasing the number of neurons from 150 to 500 did result
in higher loss values (compare MLP 2 and MLP 3). In this context, it must be
considered that training was interrupted after a maximum number of 300 epochs.
Theoretically, a more complex model (as in additional neurons or additional hidden
layers) should never yield a higher loss value if the model is given su�cient training
time and assuming it is not stuck in a local optimum. However, the loss metric only
gives an indication of the overall model accuracy, and does not describe how the
model �ts each individual output variable. In Figures 4.2 through 4.5, the predicted
model outputs of the best performing MLP network (MLP 2) are compared to the
true outputs of the dataset, where each �gure illustrates each individual output
variable (power production of turbine in Figure 4.2, pressure of steam after turbine
in Figure 4.3, temperature of steam after turbine in Figure 4.4 and conductivity of
circulating cooling water in Figure 4.5). The data is presented as a moving average
over 200 data points, and the blue line represents the true output while the orange
line represents the predicted model output. The output graphs of the remaining
MLP networks (MLP 1 and MLP 3) are presented in Appendix B.1 and Appendix
B.2.
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Figure 4.2: Power production output of MLP 2, compared to the true output.
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Figure 4.4: Temperature output of MLP 2, compared to the true output.
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Observing the graphs gives some indication of the accuracy of the model output,
but small discrepancies between the variables are di�cult to determine. In Table
4.5, the individual loss metrics for each output variable of all MLP networks are
presented.

Power production Pressure Temperature Conductivity
MLP 1 0.001131 0.0006623 0.003199 0.01192
MLP 2 0.002063 0.0004330 0.001963 0.008826
MLP 3 0.0007746 0.0006143 0.003356 0.01964

Table 4.5: Individual MSE loss metric values for each output variable of all MLP
networks.

All MLP networks predict conductivity substantially worse than the other output
variables, as indicated by Table 4.5. The MSE of conductivity for all MLP networks
is around one order of magnitude larger than for the other output variables.

While MLP 2 is the best performing network in terms of overall accuracy, the results
show that this network has the poorest prediction of the power production, accord-
ing to Table 4.5. However, MLP 2 predicts temperature and pressure substantially
better than the other two MLP networks (MLP 1 and MLP 3). There is also a
large discrepancy in conductivity prediction between MLP 2 and the other MLP
networks. For conductivity, MLP 2 holds the lowest MSE of all MLP networks, as
indicated by Table 4.5.

In Figure 4.5, the conductivity output of MLP 2 is compared to the true output.
As indicated by the �gure, the conductivity is predicted at an acceptable level until
2018-07 on the x-axis. After this, the prediction fails to a greater extent, indicating
that there is something a�ecting the system which the MLP network does not ac-
count for.

By comparing Figures B.1 through B.4 and Figures B.5 through B.8 with Figures
4.2 through 4.5, as well as looking at the results in Table 4.4 and Table 4.5 it be-
comes evident that increasing the model complexity improved the model accuracy,
but only to a certain extent. One can both graphically and numerically determine
that the most complex MLP network, with four layers and 500 neurons per layer,
performs the worst, as indicated by Table 4.4. However, the increased complexity,
i.e. attempts of over�tting, did not yield improved results for the de�ned time of
training. Thus, it can be concluded that there occurs some phenomena which is
intrinsically hard to capture by means of MLP network structures.

4.2.2.2 Long Short Term Memory Networks

In addition to the three MLP networks, eight LSTM networks with di�erent sets
of hyperparameters (compare Table 3.2) were de�ned and trained. The hyperpa-
rameter setting of all trained LSTM networks, as well their respective loss values,
are presented in Table 4.6. The output graphs for all LSTM networks are presented
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in Appendices B.3 through B.10. Furthermore, the individual loss metrics for each
output variable of all LSTM networks are presented in Appendix B, Table B.1.

Number of layers Neurons per layer Data points per time step Learning rate Loss metric Loss value
LSTM 1 2 50 3 0.001 MSE 0.002557
LSTM 2 2 100 3 0.001 MSE 0.002181
LSTM 3 2 150 3 0.001 MSE 0.002229
LSTM 4 2 250 3 0.001 MSE 0.002084
LSTM 5 2 500 3 0.001 MSE 0.002315
LSTM 6 4 50 3 0.001 MSE 0.003640
LSTM 7 6 150 50 0.0001 MSE 0.001335
LSTM 8 8 150 100 0.0001 MSE 0.001523

Table 4.6: Hyperparameter settings and loss values for each of the LSTM networks
trained.

The �rst observation that can be made when comparing Table 4.4 with Table 4.6,
is that almost all eight LSTM networks performed substantially better than the
three MLP networks, with the poorest LSTM network (LSTM 6) performing only
slightly worse than the best MLP network (MLP 2). A reasonable explanation
for this di�erence in performance of LSTM and MLP networks is the occurrence
of some time-dependant phenomena, such as fouling, which is intrinsically hard to
capture by means of MLP networks. Consequently, this observation would be inline
with the research question which was to identify if indication for time-dependent
phenomena in the cooling tower system can be found. This becomes even more
evident when comparing the best MLP network with the best LSTM network. In
Figure 4.6 through Figure 4.9, the predicted model outputs of the best MLP network
(MLP 2) and the best LSTM network (LSTM 7) are compared to the true output
data (measurement data). The data is presented as a moving average over 200 data
points.
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Figure 4.6: Comparison of power output between the best MLP network and the best LSTM network, as well as the true power
output data.
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Figure 4.7: Comparison of pressure output between the best MLP network and the best LSTM network, as well as the true pressure
output data.
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