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Summary:

Human activities have increased the emitted greenhouse gases into the atmosphere.
Among greenhouse gases, the excess of CO2 in the atmosphere has caused severe
environmental issues such as global warming and ozone depletion. Several international
agreements, such as the Paris Agreement, have been signed to reduce CO2 emissions
and their impacts on the environment. These agreements aim to reduce the CO2
footprint regarding all human activities (move toward CO2 neutralization). For this
reason, there have been substantial efforts to develop new methods and technologies
applied to the exhaust gas from industrial activities to reduce the concentration of
greenhouse gases (in a way that is not harmful for human and environment) prior to
release them into atmosphere. Post-combustion flue gases contain significant amount of
CO2. One common method for capturing CO2 released from post-combustion flue gases
is to use an amine-based (i.e., solvent) CO2 capture plant. Although these plants have
demonstrated good performances, the problem of foaming within their columns
(absorber and desorber) reduces the plant's efficiency. Due to the complexity of the
process, there is no physical model that can simulate foaming within a post-combustion
CO2 capture (amine-based) plant. Therefore, the main goal of this report is to develop,
for the first time, a data-driven model that can simulate and predict the mentioned
undesirable characteristic. The data used in this report was provided by technology
center Mongstad (TCM) that is the external partner of this project. The data includes the
time series (10968 hourly time-steps) of 35 features (i.e., physical properties of the
process) regarding the CO2 capture process of TCM post-combustion CO2 capture plant
(amine-based). It is worthwhile to mention that the solvent used in the TCM plant was
CESARL. Comprehensive data preprocessing was done in order to tag foaming/non-
foaming time-steps as well as to ensure the high data quality before feeding the data to
models. Furthermore, a correlation-based method was used for feature selection in order
to avoid feeding statistically similar features to the models (retained features are 14). An
artificial neural network (ANN) was employed to build a predictive foaming model. The
developed model showed a promising performance in predicting the foaming in the plant
where the model also was validated by comparing the results with a decision tree model
results. Overall, the findings of this report provide practical insights that may allow for
the prediction of foaming occurrence within post-combustion CO2 capture (amine-
based) plants. The latter can lead to the implementation of preventive measures that can
increase CO2 capturing efficiency, and thus favoring the environmental sustainability.

The University of South-Eastern Norway takes no responsibility for the results and
conclusions in this student report.
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Nomenclature

Nomenclature

Symbols Explanation Unit
> Foaminess coefficient [t]

14 Volume [m®]
14 Volume flow rate [st]

Gas fraction []

0 Reboiler duty [W]
m Reboiler mass flow rate [%]
T Temperature [°C]

c Specific heat capacity [Kg]- o)



1 Introduction

Climate change as a consequence of greenhouse gases emission has been in the limelight in
the recent years [1-3]. Among greenhouse gases, there always has been a huge concern
regarding CO2 emissions which in turn has accelerated global warming. Technologies
regarding CO2 capture at the source points (e.g., industrial emissions) have been applied
efficiently in practice [4]. More specifically, the post-combustion CO2 capture methods
applied to power plants and chemical process factories have been in the center of attention in
the last two decades as crucial high-techs in the CO2 neutralization [5, 6]. Many methods
have been implemented to capture post-combustion emitted CO2 from large scale plant,
while the most technologically mature and commercially viable one appears to be amine-
based chemical absorption [7].

1.1 Background and objectives

The post-combustion CO2 capture technology (amine-based) consists of two main steps:
absorption and desorption (see Figure 1.1). Post-combustion flue gas that possesses an
amount of CO2 enters at the bottom of absorption column. The flue gas is in contact with a
solvent, which is mainly amine-base solvent like monoethanolamine (MEA),
methyldiethanolamine (MDEA) or diethanolamine (DEA) [8, 9], within the absorber in the
presence of packing or tray. Since the CO2 is transferred from flue gas to the solvent, the
cleaned gas exits from the top of column into atmosphere with less amount of CO2. The rich
solvent (rich with the respect of having CO2) contaminated with CO2 exit from the bottom of
column and enter the stripper [10]. In the stripper, the heat required for thermal stripping
process is supplied by a reboiler. When stripping process is completed, the lean solvent is
regenerated and recycled into the absorber, again. Furthermore, the CO2 leaves the stripper as
the top product and it is prepared (condensed and stored) for further usage [10].
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Figure 1.1: Process flow diagram of post-combustion CO2 capture plant [10].



The post-combustion CO2 capture plants experience some challenges such as solvent
degradation [11], corrosion [7], cost of solvent [12] and foaming [13] that leads to negative
effects on the process efficiency [14]. In this report, the problem of foaming in the post-
combustion CO2 capture plants (amine-based) is investigated.

A big challenge in the post-combustion CO2 capture plants is foaming phenomena which
happens mostly in the water based amine solvent and results in poor efficiency [15]. There
have been some plant experiences [16-23] and research works [4, 24, 25] in the literature
regarding foaming problem in the acid gas plants that use amine-based aqueous solutions.
There are actions like solution reclamation, solvent filtration and introducing anti-foam to the
column that can mitigate the foaminess in columns. However, the latter can overcome
foaminess temporarily [17, 20, 21, 24].

Although there is hardly extracted specific quantitative relationship between physical process
properties of plant and foaminess, Bikerman, J.J [26] introduced a foaminess coefficient )
that is interpreted as average lifetime of a bubble (foam) before rupture and it has the
dimension of time (seconds). Furthermore, Robin Thiele and his team [27] had an
experimental study regarding foaminess coefficient. They used a method suggested by
Bikerman, J.J [28] in which passed nitrogen through sintered frit is injected in the liquid and
the height of created foam is measured. Afterwards, the height of foam and the area of
container were used to calculate the volume V of created foam and from equation 1.1
foaminess coefficient was calculated as:

DEES 1.1

where V is volume flow rate of nitrogen. However, this method works only for tray columns
and has some difficulties in measuring needed parameters in real plants.

Generally, there are two major types of columns: tray and packed columns where the tray
columns are more susceptible to foaming due to the nature and shape of them [29]. Two main
types of packed columns are structured and unstructured packed. When the liquid rate is low
(vapor rate is high), structured packing can face foaming more effectively than unstructured
packing. This is due to the fact that when the liquid rate within the packing is high, the liquid
can bridge over porosities and the vapor flowing upward causes foaming. On the other hand,
when the liquid rate is high unstructured packing is less prone to foaming since its interior
shape is more open laterally [29].

In another systematic study [30], foaminess of packed column (structured and unstructured)
with different solvent such as Methyl diethanolamine (MDEA), water and butanol was
evaluated and it was revealed that the foaminess occurs in the different places in the absorber
and desorber (packed columns) such as the liquid entrance (shows the importance of
distributer type), in the base, within the reboiler and inside the packing. Experiment showed
that the more void fraction within packing prones the packed column to more severe
foaminess.



It is worth mentioning that about half of foaming occurrence within columns in the industry
is reported to be in the acid gas treating units [31]. Although there have been several studies
in the literature [10, 32-37] regarding implementation of data-driven models in order to
simulate relevant properties of CO2 capture plants using amine-based solvent (interested
properties w.r.t output of model), there are a few scientific works to represent data-driven
model that can be useful in the simulation and prediction of foaming occurrence in the post-
combustion CO2 capture plants using amine-based solvent. For instance, Nwaoha, et al. [36]
implemented data-driven methods to model the process. The created model set the CO2
capture, foaming tendency and amine vaporization as outputs. In this study, the flow rate of
absorbed pentane (liquid hydrocarbon) by the rich amine-based solvent is chosen as the
foaminess tendency criteria (more absorbed pentane, more foaming tendency). Eventually,
the sensitivity analysis revealed that the most effective physical properties on the foaming
tendency was lean amine flow rate that was reported previously in a study by Bullin and
Brown [38].

As discussed earlier, since there is no physical based model that is able to simulate stable
foaminess (stable foams (i.e., the foams with lifetime more than a few seconds) can affect the
performance of plant) [30], this report studies and proposes a data-driven model by applying
machine learning, for the first time, to real data (CO2 capture utilizing amine-based solvent in
the fractionation columns) provided by Technology Center Mongstad (TCM). More
information about TCM is provided in the Appendix D. The ultimate goal of this report is to
create a model that can predict the foaminess occurrence based on the given process
properties. The latter can improve the efficiency of post-combustion CO2 capture plants
(amine-based) by adopting preventive actions before foaming occurs. For this sake, the data
will be preprocessed, and then fed into an artificial neural network (ANN) and also a decision
tree model. The extracted results of both models will then be compared to select the proper
model for foaming prediction in the post-combustion CO2 capture plant (amine-based).
Finally, there'll be a discussion about the parameters which mostly affect the occurrence of
foaming in such plants.

1.2 Structure of the report

This report is structured as follows: The chapter 2 explains the foaming problem and how it
impacts post-combustion CO2 capture processes and also appropriate machine learning
approaches to model foaming. Chapter 3 describes the data used in this study as well as data
preprocessing. Next, results and discussions are presented in Chapter 4. Finally, a conclusion
is made in Chapter 5.



2 Foaming in CO2 capture and
machine learning approaches

The definition of the foaming phenomenon and how its negative aspects can affect the
columns and therefore CO2 capture are discussed at first. The second section discusses the
concepts of artificial neural network (ANN), which is the main machine learning method
used in this report to simulate the problem of foaming in the post-combustion CO2 capture
plant (amine-based solvent). In addition, another machine learning method known as decision
tree is described at the end of the second part.

2.1 Foaming

Post-combustion CO2 capture processes suffer from the problem of foaming in the absorber
and stripper that decreases absorption efficiency, mass transfer area between solvent and flue
gas (i.e., containing CO2) [39] and also has negative effects in the stripper column.

2.1.1 Foaming definition

There are several definitions in the literature that describe how foams can be created. One
definition of foaming creation describes its process as rising the gas phase within the liquid
phase up without rupture [40]. Another definition describes foam as vapor or gas which is
encapsulated within a thin wall of liquid [29]. The systems with the probability of foaming are
facing two conversely sub-processes; the tendency to create the bubbles and tendency to
rupture them. Once the foam creation tendency win the competition and foam is stabilized, the
system efficiency will drop down [29]. In [27], foam is divided in three layers based on the gas
fraction ¢ (see Figure 2.1). If the foams in the Kugelschaum layer coalescence and create
bigger bubbles, Kugelschaum will be converted to Polyederfoam. On the other hand, if the
gravity forces which tries to make the wall of bubble thinner (drainage effect) win, the bubble
rupture occurs and Kugelschaum will be converted to Gasdispersion [27].

020,74 Polyederfoam

L 0,52<p<0,74 Kugelschaum

p<0,52 Gasdispersion

Figure 2.1: Foam types based on the gas fraction [41].
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The lifetime of a foam varies from seconds to years, but generally foams have limited
lifetime. A quick rupture occurs after 5 second, while an approximately stabilized foam can
tolerate up to three minutes [42].

2.1.2 Foaming structure

When a bubble is located within the Polyederfoam layer, three liquid films (lamellae)
intercept with angle of 120° in a plateau border that is illustrated in the Figure 2.2 [43].

~ Plateau border

Figure 2.2: Foams interception structure in the polyederfoam [43].

It has been seen that in the most cases, three items are needed for the foam generation; gas,
liquid and different types of foam agents such as impurities, macromolecules and surfactants.
The latter, naturally has low surface tension and therefore decreases the required energy to
expand gas inside the liquid capsule [43].

2.1.3 Forces acting on the foam

Across their lifetime, foams are subjected to forces acting on their walls, and this will result
in rupturing or stabilizing [40]. These forces are listed in the Table 2.1 and are as follow:

e Gravity (drainage): Gravity force acts on the liquid film and force it to move from the
wall into the base where the wall continues to become thinner until rupture happens [40].

e Interfacial tension: Surface tension creates a pressure gradient across the bubble wall with
higher pressure inside the foam. Different radiuses inside the bubble result in different
pressures in the lamellae and plateau borders leading to flowing liquid toward low-
pressure points (plateau borders), thinning foam wall and eventually rupture (see Figure
2.2) [43].

e Capillary: Sucks liquid from the base into the expanded surface of the bubble and help in
foam stabilization [40].

e Viscosity: Increasing viscosity opposes liquid drainage and result in the foam
stabilization [29].
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Table 2.1: Forces acting on the foam.

Forces result in rupture Forces result in stabilizing
Gravity (drainage) Capillary
Interfacial tension Viscosity

2.1.4 Effective mechanisms on foaming stability or rupture

There are four mechanisms that can affect stabilization of a foam which are listed below and
will be discussed shortly in the following.

e Marangoni effect

e Mass-transfer induced marangoni effect
e Ross-type foaming

e Gelatinous surface layer

Marangoni effect: When there is a surface tension gradient in the liquid phase, the liquid is
sucked from the points with lower surface tension into higher surface tension. For instance,
whenever an additive that has lower surface tension (surfactant) is introduced to the liquid
phase, the concentration of surfactant in the expanded area of the foam decreases and as a
result, the surface tension of the expanded part will be higher than the base of foam. At this
stage, marangoni effect causes that the liquid flows from balk liquid base toward expanded
wall and after a while the foam will be thicker and stabilized [29].

Mass-transfer induced marangoni effect: In the distillation columns, when there is no
Marangoni effect (lack of surface-active component or impurities), a foam can be stabilized
as a result of Mass-transfer induced marangoni effect. If the more volatile component of foam
has higher surface tension, and the fact that the more volatile component of the foam locates
in the expanded wall of the foam, the liquid is sucked into expanded wall of foam due to
surface tension gradient and foam stabilizes eventually [40].

Ross-type foaming: Sometimes a weak solution of liquid may lead into creation of second
liquid phase that is susceptible to foaming [44]. This counts for equilibrium effects and may
be mitigated by increasing the temperature [45].

Gelatinous surface layer: This phenomenon occurs when a chemical or intermolecular
interaction happens in the expanded liquid part of foam (due to impurities presence).
Gelatinous surface layer results in stationary liquid film which in turn mitigates drainage and
capillary effect (motionless layer) [40].

2.1.4.1 Role of particulates in foaming

One interesting fact about particulates is that they are not able to convert a non-foaming
system to foaming system. Instead, once the foam is created, depend on particulates shape,
composition and size, they can help to stabilize foaming [29]. One negative aspect that makes

12



it difficult to deal with foaming stabilization due to particulate in the fractionation columns is
the size of particulate. While the smaller particulates are more effective in foam stabilization,
it is more difficult to remove them from the liquid [29].

While the foams created solely by marangoni effect (known as physical foam) are susceptible
to drainage and are not considered as stable foam [40], Mass-transfer induced Marangoni
effect causes more stable foams and can lead to severe foaming in the columns [46]. The
formation of very stable foams includes two steps: At first, the foam is created by marangoni
effect or mass-transfer induced Marangoni effect, and secondly the foam will be stabilized by
the help of gelatinous surface layer [40].

2.1.5 Symptoms of foaming in the columns

Many foaming symptoms have been reported in the literature that are described in this
section. However, the foaming can also occur in the process with one, some or sometimes
without any symptoms (i.e., known up to present) [40], which are counted below:

1. Premature flooding and massive entrainment accompanied with pressure drop. The latter
can be interpreted as below [40]:
¢ Intrusive increasing in differential pressure [30].
e A differential pressure exceeding of 40% to 50% of tray spacing or exceeding
pressure drop 1 inch of liquid per foot of packed bed.
e Erratically variation in the differential pressure.
2. Steady-state condition dominates the system when flooding starts [45].
Abnormal temperature profiles. As an example, in the amine-base absorbers, difference
between inlet and outlet gas temperature decreases significantly along with dropping in
temperature difference between rich and lean solution [40].
High probability of losing solvent in the columns [14].
Decrease in the process efficiency [15].
Efficiency will increase by adding anti-foam [45, 47-49].
The solvent is regenerated incompletely in the columns [14].

w

N o ok

The symptoms mentioned above can be measured in post-combustion CO2 capture columns
(amine-based) to see if there is a relationship between these physical column characteristics
and foaming occurrence.

2.1.6 Foam neutralization using chemical additives

The simplest way to mitigate the foaming effect is to add foam inhibitors that are usually
liquid. Their ability to neutralize the foaming arises from the fact that they intend to spread
naturally over the expanded area of the foam and flow the liquid from the foam expanded part
into the base and eventually thinning and rupture of the foam [40].

Since prediction of foaming in Co2 capture is considered as a difficult task, the next section
investigates the potential use of machine learning methods to solve this problem.
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2.2 Literature review of machine learning methods
applied to CO2 capture

There are several criteria that we can use to categorize data-driven models. Frequency
domain models with dead time, data mining algorithms, fuzzy logic, stochastic models,
statistical models, state-space models, case-based reasoning models, geometric models, and

instantaneous models are the main categories [50]. Furthermore, each of the categories can be
subdivided into one or more specific techniques, as shown in Figure 2.3.

Frequency Domain

First'Second Order Over-damped Process

Data Driven Models

h

Statistical Models

-

State-Space Models

] Models d with Dead Time
— Artificial Neural Network (ANN)
Diata h:lining
Algorithms
S Support Vector Machine (5WVM)
—™ Fuzzy Adaptive Network (FAN)
| Fuzzy Logic Models #  Takagi-Sugeno (T-5) Fuzzy Models
L, Adaptive Network based Fuzzy Inference

System (ANFIS)

Linear and Polynomial Time Series
Regression

—

Auto Regression eXogeneous (ARX)

Auto Regression Moving Average
eXogeneous (ARMAX)

Auto Regressive Integrated Moving
Average (ARTMA)

-

Geometric Models

Sub-Space State Space IDentification
(451

Case-Based
Reasoning

h

Thin Plate Spline (TP3) Approximation

—

Stochastic Models

Topological Case Base Modeling (TCBM)

Probability Density Function (PDF)
Approximation

i

Instantaneous
Models

Y

Just In Time (NT) Model

Figure 2.3: Data-driven methods [50].

Among the whole data-driven models, this report focuses on the machine learning techniques.

As seen from the Figure 2.4, the machine learning procedure can be interpreted in 7 steps.
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Except for the first step, that is handled by external partner of this project (TCM), the other
steps will be implemented and discussed in this report.

1 Gathering Data

Preparing that data
Choosing a model
Training
Evaluation
Hyperparameter Tuning

Prediction

Figure 2.4: Machine learning procedure [51].

All types of machine learning methods can take discrete or continues values as input, but
regarding the type of output one can divide them into two main groups: regression and
classification. The output part of examples, fed into classification patterns for training only
include discrete values. As a result, the model in these patterns is capable of predicting
discrete values (e.g., labeling or categorizing). While in the regression patterns, the output
part of examples, fed into the model during training procedure is continuous and the model
can predict continuous values [52]. Since artificial neural networks (ANN) have a high
potential for predicting classification and regression patterns [53], this machine learning
method has been selected, a model is created, trained and tested using preprocessed data. In
addition, a decision tree model is implemented on the preprocessed data, and the results are
compared to the ANN results.

2.2.1 General concepts of artificial neural network (ANN)

The primary structure of a neural network is similar to that of the human brain which is
illustrated in the Figure 2.5. The network takes the input portion of preprocessed data,
processes it, computes the output, and finally calculates the difference between measured
output and predicted output using a well-defined cost function. Several tunable parameters
such as the number of hidden layers, the number of neurons in each hidden layer, the kind of
activation function, the quality and quantity of input features, optimizer type and learning rate
can influence how data is processed within the ANN as well as the quality of prediction.
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Figure 2.5: Similarities between ANN and biological neuron [54].
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The ANN architecture is shaped by the number of hidden layers, the number of neurons in
each hidden layer, the number of applied features and the number of predicted outputs. The
number of neurons in the final layer or output layer is determined by the number of items to
be predicted, and if this is the case in the classification patterns, the output layer can be
defined using the ‘softmax’ function. It is worth noting that ‘softmax’ is a function that
converts a vector of values to a vector of probabilities.

2.2.1.1 Neuron structure and performance

The preliminary part of calculations within a neuron is a matrix multiplication plus a bias
term. Matrix multiplication is performed between the output of previous layer neurons and
the weight matrix interfaced between the previous layer neurons and the neuron in the current
layer. Afterward, an activation function such as ‘sigmoid’, ‘tanh’, or ‘ReLU’ (see Figure 2.6)
can be used to obtain the neuron's output, which is then used as input to calculate the next
layer neurons (see Figure 2.7).

(a) ReLU 10 (b) sigmoid 10 (c) tanh 100

075 o
8 4 08 -
0.50
6 06 o 025 4
T T

T T T T T 1
4 1 0.4 =100 -75 -50 *2_.%25 0 25 5.0 75 10.0

~0.50 H
24 2 4

-0.79

r T T T T T T 1 T T T T T T T 1 00 =
400 -75 -50 -25 0.0 25 5.0 75 100 -100 -75 -50 -25 0.0 25 50 75 10.0

Figure 2.6: Typical activation functions used in neurons [55].
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Figure 2.7: Performance of single neuron [56].

2.2.1.2 Types of feeding the data into the ANN model (Batch vs. mini-batch)

One iteration is needed to optimize the model’s weights one time. The typical method
consists of passing the whole training set (batch) through the model in one iteration (epoch).
According to the novel technique, the training set is broken into smaller sets (mini-batch),
and weights will be optimized when a mini-batch passes through ANN (one iteration). As a
result, when all mini-batches (the entire training set) are run through ANN, the weights will
be optimized many times rather than once and this helps to speed up the optimization process.

2.2.1.3 Optimization process

When the model predicts outputs in a single iteration (forward propagation), the predicted
outputs are compared to the real output values, and the cost function, is calculated. It is worth
noting that the ultimate objective of the optimization procedure is to minimize the cost
function. To reach this goal, the weights and the bias terms are updated on each iteration
using the optimization algorithm and the learning rate (backward propagation). The whole
training set is divided into mini-batch groups and the weights and bias terms are updated after
passing a mini-batch through the model. Number of epochs is another parameter that must be
fine-tuned in a way that be kept as low as possible while still providing the best accuracy.
Furthermore, the number of neurons should be tuned to identify the minimum number of
neurons necessary to achieve acceptable accuracy during training and test procedure. Figure
2.8 represents a schematic view of the optimization process.

)

Figure 2.8: Optimization process (J(8,, 6,): Cost function, 6, and 6,: Weights) [57].
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2.2.1.4 Underfitting and overfitting

Underfitting occurs when the model’s accuracy on the training and test sets is poor. There are
some ways to avoid this undesirable outcome, such as selecting more features [58]. On the
other hand, if the model fits the training set with good accuracy but fails to generalize to new
samples (i.e., test set), it is considered overfitting and can be alleviated by using
regularization, drop-out or early stopping [58, 59]. Figure 2.9 depicts underfitting and
overfitting in a simple and clear manner.

N r N X r N X
X X
X X X X X(O\X
X % X X
X X XXX X X X% X X
X X _ XX X XX X
Under-fitting Appropirate-fitting Over-fitting
(too simple to (forcefitting--too
explain the variance) good to be true) /G

Figure 2.9: Underfitting, appropriate fitting and overfitting [60].

2.2.2 Decision tree model principals

Decision tree algorithm is constituted of different paths. Each path's logic is that it begins
with a root and then continues with some decision nodes. A Boolean within the decision node
divides the path into new paths, and each path ends if it reaches a leaf node [61].
Furthermore, the longest path between the decision node and the leaf node is known as max
depth. Figure 2.10 depicts a typical decision tree schematic algorithm.

’ Decision Node ‘

| Sub-Tree
‘ Decision Node ‘ ’ Decision Node ‘
v l v Y
Leaf Node Decision Node Leaf Node Leaf Node
Leaf Node Leaf Node

Figure 2.10: Typical decision tree algorithm [62].
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3 Data preprocessing

When it comes to using data-driven models to extract valuable information from a system,
one of the most important steps is data preprocessing. The reason is that the physical
relationships and equations are not known at all or the fact that finding physical relationships
between desired inputs and outputs are very rigorous work. Since data-driven models trust on
the given data to extract relationship between inputs and outputs, the given data must be
accurate and clean as much as possible.

3.1 Description of the provided data

A series of data in different excel files were given by TCM. The ‘USN - Foaming Data
Extract’ excel file includes three sheets consisting of ‘Flow Pressure & Temp’, ‘CHP Stripper
Profiles’ and ‘RFCC Stripper Profiles’. Furthermore, the lean and rich density of solvent are
given in the ‘Density include’ excel file. The whole given data include hourly time-steps
from ‘01.09.2019 00:00° to 30.11.2020 22:00” (10968 samples).

Figure 3.1 shows TCM post-combustion CO2 capture (amine-based) plant. The overall
objective of the plant is to capture the CO2 of the post-combustion flue gas before the gas is
released to the atmosphere in order to minimize the carbon emissions. The core elements of
this plant are: direct contact coolers (DCC), absorber, reboilers and two strippers that are
based heat and power plant (CHP) and the residual fluid catalytic cracker (RFCC). The
solvent used in this plant is CESAR1, a non-proprietary solvent developed as part of the EU
CESAR project and originally intended for use in the carbon capturing process. This mixture
(CESARL1) contains AMP and piperazine (both are amines) as well as water, and the goal of
creating this solvent is to replace conventional MEA [63]. The process begins when post-
combustion flue gas is introduced into the CHP and RFCC direct contact coolers,
respectively. Once the flue gas is cooled off, it enters the absorber and flows upward. On the
other hand, the lean solvent streams enter the absorber from the points that is higher than flue
gas entrance (orange lines at the left of absorber) and flows downward. When the flue gas
comes into contact with the lean solvent flow in the presence of structured packing (yellow
rectangles within the absorber), the CO2 in the flue gas transfers to the lean solvent flow and
converts it to the rich solvent flow (rich in terms of CO2 possession). Depleted flue gas
(Cleaned gas) exits from the top of absorber and the rich solvent flow exits from the bottom
of absorber into strippers. When the rich solvent flow is entered in the stripper from the point
above the structured packing (light brown rectangles within the strippers), it is warmed up by
the reboiler stream and solvent decomposition occurs. The released CO2 from the rich
solvent exits the stripper from the top and is stored for future use. The solvent, which now is
known as lean solvent, again, exits the stripper from the bottom and proceeds to the next
cycle into absorber. It is worth noting that the strippers do not operate simultaneously, and
therefore only one of them operates on a single time-step of the provided data. In general, all
of the features (columns in the excel sheets) in the provided data (all of the files provided by
TCM) consist of the entire time-steps, and due to the fact that both strippers cannot be online
at the same time, the entire time-steps must be tagged by one of the CHP or RFCC strippers.
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Figure 3.1: Schematic drawing of TCM post-combustion CO2 capture plant [64].

3.1.1 Foaming data extraction

‘USN - Foaming Data Extract’ file includes three sheets which are described in the following
subsections.

3.1.1.1 Flow, Pressure and Temperature

The ‘Flow, Pressure and Temperature’ table includes detailed information regarding solvent
flow rates, temperatures and pressures. Furthermore, the flow rate and temperature of
reboilers and also CO2 production rate in the strippers can be found in this excel sheet (see
Figure 3.2). The important aspect of this table that must be considered is that the data
regarding the temperature, pressure and flow rate of solvent are not tagged by strippers and
must be treated before any further usage.

Common Flows CHP Stripper Flows RFCC Stripper Flows

Lean Solvent Flow|Rich Solvent Flow|Rblir stream  |CO2 Prod Rblrstream  (COZ2 Prod CHP Rblr Temp | RFCC rblr tempRich Solvent Temp| Lean Solvent Temp| Rich Solvent Pressure| Lean Solvent Pressurg]

kg/h kg/h kg/h kg/h kg/h kg/h ol ol oC oC barg barg

8611-FT-2112 BE11-FIC-2004 |BE55-FI-2386B|8615-FT-2391(8655-FI-21588(3615-FT-2167|8611-T7-2385 |8611-TT-2157 |8611-TIC-2111 B611-TT-2256 8611-PT-2043 8611-PT-2257
01.09.2019 00:00| 0 0| 835.601861 0| 0| 17.93689588| 17.96459327 17.879645971 17.89524807 [ 0.112344157
01.09.201901:00| 0 0| 847.659196 0| 0| 17.04428624| 1755552831 16.51000518| 17.32245867 [ 0.10978869
01.09.2019 02:00| 0 0| 859.032703 0| 0| 15.65329217| 1£.94560471 15.611966% 16.6457667¢| [ 0.108837071
01.09.201903:00| 0 0| 860.955027 0| 0| 14.54348874| 16.46488714 1441720959 16.07262684| [ 0.109330007
01.09.2019 04:00| 0 0| 864.293677 0| 0| 13.78945178| 1£.11330119 13.56811277 15.61487451 [ 0.109056475
01.09.2019 05:00| 0 0| 871497724 0| 0| 13.01826161| 15.7578749 12.79695093 15.1548353 [ 0.109659438|
01.09.2019 06:00| 0 0| 871.748297 0| 0| 12.42691084| 15.44470378 12.17752018| 14.77792824 [ 0.110926658|
01.09.201907:00| 0 0| 870.267724 0| 0| 12.14545785| 1520836774 1181192137 14.42024461 [ 0.111442944)
01.09.2019 08:00| 0 0| 868.162613 0| 0| 12.18232855| 14.59979093 11 68866785 14.13242457 [ 0.112000813
01.09.2019 09:00| 0 0| 864.738557 0| 0| 12.46301049| 14.89773865 1181226489 13.58772168 [ 0.113209257
01.09.2019 10:00| 0 0| 849.489342 0| 0| 13.03944967| 149167825 12.2809839 14.09570264| [ 0.1136149
01.09.2019 11:00| 0 0| 858.224309 0| 0| 13.16297416| 14.50712097 12.4090645 1424757344 [ 0.113617012
01.09.2013 12:00 0| 0| 240.64384| o 0| 13.24305337( 15.01557183 12.66210733 14.69968722 0 0.11407373%
01.09.2019 13:00| 0 0| 845.865087 0| 0 13.559171| 15.23896439 12.56881058 14.5372234¢ [ 0.114749447
01.09.2019 14:00| 0 0| 848548975 0| 0| 13.82887655 15.491424] 13.23294587 15.14245402 [ 0.113898582
01.09.2019 15:00| 0 0| 846.450602 0| 0| 14.02539438| 15.67250822 13.3648035 15.15044911 [ 0.113240386|

Figure 3.2: Sample of provided data by TCM (‘USN - Foaming Data Extract’ file/ ‘Flow, Pressure and Temp’).
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3.1.1.2 CHP Stripper Profiles

Temperature profiles within the CHP stripper are given in this datasheet; temperatures at the
bottom of the stripper, at various points along the height and radios of the packing, above the
packing and at the stripper's outlet. Furthermore, the measured pressure drops in the demister,
water wash and packing are presented in this datasheet.

3.1.1.3 RFCC Stripper Profiles

The same temperature profiles (e.g., temperatures at the bottom of stripper) and pressure
drops profiles as CHP Stripper described above (section: 3.1.1.2) within the RFCC stripper
are provided in the data.

3.1.2 Solvent density

Lean and rich solvent densities are given in the ‘Density include’ excel file. This file also is
not tagged by the strippers and the time-steps of given data must be tagged before using in
the model.

3.2 Cleaning offline plant data and data allocation to the
strippers

The first step in the cleaning of the given data is to determine in which time-steps the plant
was offline and then removing all data associated with those time-steps. Based on the
external partner, TCM, plant’s knowledge, the time-steps where both strippers are offline can
be detected, as described below:

e Both rich and lean solvent flow rates are less than 10000 [kg/h]
e Both strippers (i.e., CHP and RFCC) produce CO?2 less than 1000 [kg/h]
e The temperature in the reboilers of CHP and RFCC strippers are lower than 33 (°C)

Furthermore, if the reboiler temperature of one stripper is less than 33 (°C), that stripper is
offline in the corresponding time-step, and the data must be deleted. Two separate Python
scripts were encoded to clean the data for strippers that are available in the Appendix B.

3.3 Finalizing data related to each stripper

For each stripper, the data is first read from the 'USN - Foaming Data Extract' and 'Density
include' excel files. The files are then stacked and the columns '8611-PDT-2442" and '8611-
PDT-2441" which represent the water wash pressure drop and demister pressure drop,
respectively, are removed (there are very few usable data in these columns). Following that,
the columns in which the number of 'NaN' values exceeds 40% of the total in that column are
deleted and afterwards, the time-steps that are tagged plant offline are removed from each
stripper data frame. Finally, after removing the remaining time-steps containing ‘NaN' values
or zeros, the total usable data for the strippers is obtained. It is worth noting that in a time-
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step, if any of the columns contains a 'NaN' or a zero, the entire data belong to that time-step
(row) is removed (TCM plant knowledge).

3.4 Finalizing the plant data

The final step in the data preprocessing in this report is to stack the data from both strippers

and convert it to an excel file for later use in the machine learning models. Usable number of
time-steps for each stripper and total number are shown in Table 3.1.

Table 3.1: Usable data (Usable time-steps).

Stripper # Usable data (time-steps)
CHP 1106
RFCC 3049
Total 4155

Besides, the total number of features after data preprocessing is 35, as shown in Figure 3.3.

e N7 N7 7 7
Lean solvent Rich solvent 8611-TT- 8611-TT- 8611-TT-
flow rate pressure 2401C 2403B 24468
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Rich solvent Lean solvent 8611-TT- 8611-TT- 8611-TT-
flow rate pressure 2401D 2403C 2446D
. J N\ J J o\ J \
[~ 0 ~ N N
Reboiler 8611-TIC- 8611-TT- 8611-TT- 8611-TT-
stream 2379 2402A 2404C 2382
i ZA A VAN VAN
% N ~N N N
co2 8611-TT- 8611-TT- 8611-TT- 8615-TT-
production 2399C 2402B 2405A 2350
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temperature 2401B 2403A 2446A density

Figure 3.3: Total features after data preprocessing (complete explanation regarding feature’s name is available
in Appendix C).
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3.5 Foaming data labeling

All the remaining time-steps must be tagged with ‘foaming’ / ‘not foaming’ classification so
that this information can be used as the output of the model (y) for the training and test
procedures. The procedure begins with analyzing the figure provided by TCM, which is
presented in Figure 3.4. For the period from ‘02.10.2019 10:00’ to ‘22.10.2019 23:00’ that
‘foaming’ / ‘not foaming’ classification is provided by TCM, the data regarding CO2
production rate, pack pressure drop, lean and rich solvent density and temperatures in
different positions within the CHP stripper were plotted and screened.
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Figure 3.4 : Labeled ‘foaming’ / ‘not foaming’ period for CHP stripper by TCM.

After analyzing the mentioned data features over the period of Figure 3.4, it was discovered
that foaming occurs in a time-step when all the following criteria are met simultaneously.

e Temperature at the bottom of packing is upper than 109 [°C].
e Temperature at the middle of packing is upper than 109 [°C].

e Lean solvent density is less than 1039 [%].
e Pack pressure drop is higher than 1 [mbarg] in the CHP and 0.1 [mbarg] in RFCC.

It is vital to notice that these special characteristics of the plant at the time of foaming are
included in the foaming symptoms mentioned in the foaming chapter (i.e., section 2.1.5). For
the sake of better understanding of the concept, Figure 3.5 (from a to c) depicts the mentioned
temperature, lean solvent density profiles and pack pressure drop. Regarding the last criteria
(i.e., pack pressure drop), the CHP pack pressure drop (see Figure 3.5d) higher than 1
[mbarg] represents the foaming with sufficient accuracy. However, the mentioned criterion
for CHP seems to be too high for RFCC pack pressure drop (see Figure 3.6). As a result, a
scaling between the maximum value and the foaming criterion for pack pressure drop was
performed (for CHP, the maximum pack pressure drop is 10 [mbarg]). Since the maximum
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pack pressure drop for RFCC is 1 [mbarg], the pack pressure drop criterion was found to be
0.1 [mbarg] by scaling.
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Figure 3.5 : Temperature profile at the packing’s bottom (a) and packing’s middle (b) as well as the lean solvent
density profile (c) and pack pressure drop profile (d) of CHP stripper (Turquoise square: not foaming, red
square: foaming).
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Figure 3.6: Pack pressure drop of both strippers (i.e., CHP and RFCC).

Once all of the foaming criteria are applied to the entire time-steps and both strippers, there
are 2450 time-steps that are labeled as foaming and the results are shown in Figure 3.7.

* 2450

e 10968 4155 ° 59%
° 38%

Figure 3.7: Data cleaning and labeling results.

3.6 Feature selection

As technology advances, it becomes easier to collect large amounts of data with a high
dimensionality. On the other hand, analyzing and extracting useful information from big data
with many features faces some challenges, such as high computational costs or a higher risk
of overfitting. Feature selection can be applied to data in machine learning approaches to
select the most optimal features out of all of them. The goal is to simplify the model, make it
more understandable and improve its performance [65]. As discussed earlier, the total number
of features after data preprocessing is 35 and it seems reasonable to implement a correlation-
based feature selection to see if there are any similar statistical behaviors between features.
The result of correlation-based feature selection is illustrated in the Figure 3.8. The most
noteworthy outcome of the feature selection is that the number of temperature features has
decreased drastically from 23 to 8 (not surprisingly). Furthermore, CO2 production was
deleted from feature’s list since it exhibited more than 0.9 similar behavior to the reboiler
stream, which seems to be reasonable. For instance, once foaming occurs within the stripper
and the CO2 production rate tends to decrease, the reboiler stream rate increases to
compensate for the foaming impact.
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Figure 3.8: Correlations among features (color bar denotes the statistical similarity between features).
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The final result is given in Figure 3.9 after applying the outcome of correlation-based feature

selection to the 35 existing features.

Figure 3.9: Deleted and kept features after feature selection (Green: retained & Red: deleted).
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3.7 Feeding data to machine learning models

The data fed into the machine learning models after feature selection consists of 4155 rows
(i.e., time-steps) and 15 columns (i.e., features). The first 14 columns are considered as input
(x), whereas the last column (foaming:1 and not-foaming:0) is considered as output (y). Next,
the data is shuffled and after that these input and output are assigned to x and y variables,
respectively. Afterwards, 80 percent of the data is allocated to the train set and the remaining
20 percent is maintained to test the model. At the next stage, input (training and test) is
normalized in order to prevent gradient exploding and also help to speed up the optimization
process (for ANN model). Once all of the preceding stages have been completed, the data
will be fed into the designed models.
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4 Results and discussion

The results of applying machine learning methods (ANN and decision tree) to predict the
foaming occurrence within post-combustion CO2 capture plant is presented, discussed and
compared in this chapter. Furthermore, an exploratory analysis is made over the selected
features to see their behavior when foaming/ not-foaming. Finally, a discussion is provided to
present insights that can be helpful in predicting and preventing foaminess within the post-
combustion amine-based CO2 capture plants.

4.1 ANN model

The ANN model includes 1 hidden layer with 60 neurons. The number of neurons was tuned
by encoding a for loop over entire model to determine how many neurons are required to
obtain an acceptable accuracy for both training and test set, as illustrated in Figure 4.1.
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Figure 4.1: Tuning the number of neurons in ANN model.

The type of layer is fully connected and the activation function used within the hidden layer
neurons is ‘ReLU’. Weights are assigned random values and the bias term is set to zero in the
first iteration. Since the model's output is a classifier (foaming/ not-foaming), its value can be
zero or one. As a result, the output activation function is set to ‘sigmoid’. The Figure 4.2
depicts a schematic architecture of adopted artificial neural network in this report.
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Figure 4.2: Schematic architecture of adopted ANN (number of neurons in the hidden layer are 60).
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The data allocated to training is split to groups of 64 examples (i.e., mini-batchs) and the cost
function, 'BinaryCrossentropy', is calculated after running a mini-batch through the model.
The backward propagation technique is then initiated, and an 'Adam’ optimizer is applied to
update the weights and bias terms where the learning rate is set to 1e~3. The number of
iterations (epochs) across the entire training set is initially set to 1000, and based on the
results shown in Figure 4.3, 400 epochs seem to be a suitable selection since the performance
of the model does not improve with increasing epochs.
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Figure 4.3: Number of epochs vs training set accuracy.

4.1.1 Performance of ANN model

The model achieves promising results in both the training and testing processes, which are
shown in the Table 4.1. Since the accuracies in both training and test are high, it is concluded
that the data is not underfitted by the final model. Furthermore, the test accuracy is slightly
lower than the training accuracy, indicating that the data is not overfitted by the final model.
The loss in the test is roughly as twice as training process, which seems reasonable.
Regarding the false negative results (i.e., predicted foaming while true labeling is not-
foaming), it can be confusing at first to understand why the test result outperforms the
training result. However, when the number of test and training sets are considered (train:
3324, test: 831), it seems logical to have more false negative during the training process (i.e.,
0.5 % and 1.7 % false negative in train and test, respectively).

Table 4.1: Results of ANN model in training and test with one hidden layer.

Procedure type Accuracy Loss False negative
Training 98.5% 0.0357 15
Test 97.5% 0.0618 14
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In order to better characterize the performance of the adopted ANN model, the results of a
confusion matrix on the test set are shown in Figure 4.4.
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Figure 4.4: Confusion matrix indicating the performance of the ANN model on the test set.

To achieve the best possible results, another hidden layer with the same settings (fully
connected layer, 60 neurons and activation function ‘ReLU’) was added to the model, and the
results are shown in Table 4.2. Although the accuracy in the training set increased by 1%, the

test accuracy dropped by 0.5%. Moreover, the number of false negative cases in the test set

increased in comparison with the number of false negative cases in the model with one
hidden layer (from 14 to 16). Considering these two changes in the results, as well as the fact
that the total number of neurons/hidden layers was doubled (resulting in a model with higher

order), it is likely that the model is slightly overfitting the data in the training set and cannot
generalize in the test procedure as good as the model with one hidden layer did. Therefore,

the model with one hidden layer seems to have a better performance on the data.

Table 4.2: Results of ANN model in training and test with two hidden layers.

Procedure type Accuracy Loss False negative
Training 99.4% 0.0156 9
Test 97% 0.1465 16

Besides, the split ratio of training and test data sets was tuned, but there was not a notable

change in the results.

30



4.2 Performance of the decision tree model

A decision tree model was used in order to validate the results obtained from the ANN
model. The input data and features to the decision tree model were identical to the ones to the
ANN model. Furthermore, the data was shuffled and 80 percent of the data was allocated to
the train set and the remaining 20 percent was kept to test the model (same procedure as
ANN). It is worthwhile to mention that the max depth (i.e., the longest path between decision
node and leaf node (see Figure 2.10)) was initially set to be flexible (i.e., depending to the
performance of the training set, the max depth is tuned), which caused the model to overfit
the data. Therefore, the max depth was tuned to find the optimal number that can prevent
overfitting, and it was revealed that using a max depth of 4, the model performs well in the
training and generalizes with sufficient accuracy in the test procedure. The obtained results
are shown in the Table 4.3.

Table 4.3: Results of decision tree model in training and test using a max depth of 4.

Procedure type Accuracy
Training 96%
Test 94.5%

The obtained results in the training and test are worse than the ANN results (2.5% and 3%
worse than ANN results in the training and test, respectively), indicating that the ANN model
offers promising accuracy.

4.3 Feature analysis based on labeling (foaming/ not-foaming)

An exploratory search was performed on the all of retained features after feature selection to
determine if there is a threshold that can separate the foaming and not-foaming data. For this
reason, the entire time-steps of all 14 features were plotted separately where the foaming and
not foaming time-steps were categorized by color (green: not-foaming, red: foaming; e.g., see
Figure 4.5). Following, an attempt was made on all of the created figures to find out if a
horizontal line (i.e., threshold) can classifies with sufficient accuracy the not-foaming labeled
time-steps (see the blue dash line in the Figure 4.5). Out of the 14 retained features, 7
feature’s plots (see Figure 4.5 to Figure 4.7) have the specified attribute; meaning that a
threshold can classify the foaming/ not-foaming condition.
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Figure 4.5: Temperature profiles belong to the packing’s bottom (a), packing’s middle (b), reboiler stream (c),
rich solvent (d) and lean solvent (e) while foaming/ not-foaming in the stripper. Blue dotted lines represent the
thresholds (see Table 4.4 for the exact value) of the foaming alarm.
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Figure 4.7: Density profile of lean solvent while foaming/ not-foaming. Blue dotted line represents the
thresholds (see Table 4.4 for the exact value) of the foaming alarm.

These features and the determined thresholds are presented in the Table 4.4.

Table 4.4: Feature’s foaming thresholds of TCM strippers.

Feature (physical property) Foaming threshold
Temperature at the bottom of packing 107 °C
Temperature at the middle of packing 109 °C

Temperature of lean solvent 118 °C

Pressure of lean solvent 1.5 [barg]

Density of lean solvent 1039 [%]
Temperature of rich solvent 113 °C
Temperature of reboiler stream 120 °C




4.4 Discussion

The ANN model fits the data roughly 98.5% in the training and 97.5% in the test set that is
due to the fine tuning of the number of neurons, number of epochs, number of hidden layer
and the split ratio (train and test). Furthermore, the results of the confusion matrix on the test
set (831 time-steps) show that the model predicted foaming incorrectly 14 times (i.e., false
positive) when there was no foaming, and it predicted not-foaming incorrectly 12 times (i.e.,
false negative) when there was foaming. The overall percentage of wrong prediction is
approximately 3% which indicates that the model generalizes on the new samples well. False
not-foaming prediction (when there was foaming) case is more critical than the false foaming
prediction (when there was no foaming) case. This is due to the fact that false not-foaming
prediction send wrong signal that there is no probability of foaming, and as a result, there are
no preventive reactions to stop the drop in the CO2 capture efficiency. Considering the latter
argument together with the fact that the predicted false not-foaming cases are less than
predicted false foaming cases (i.e., 12 comparing to 14), one can notices that the inefficiency
of the model happens less frequent in the critical conditions (i.e., false not foaming).

The ultimate goal of foaming prediction is to implement preventive measures prior to
foaming. Although adding anti-foam is one option, it will be beneficial to avoid foaming by
fine-tuning the features that have the greatest impact on foaming occurrence. As a result, it is
vital to better understand which features influence more the output of the ANN model. For
this purpose, a feature importance method (i.e., SHapley Additive exPlanations (SHAP)) was
applied to the final achieved ANN model. SHAP [66] is the method used to calculate the shap
value for each feature. The shap value represents how influential that feature is on the
model's output. To get the shap value, the impacts of that specific feature on the output for
each combination of features (including the one which the shap value is calculated for) is
computed, and then the average of all computed values are taken to obtain shap value for that
feature. The results of feature importance method are shown in the Figure 4.8.
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Figure 4.8: Feature importance applied on the fitted ANN model using SHAP technique.
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Considering the Figure 4.8 reveals that temperature at the bottom of stripper’s packing and
packing pressure drop are the features that have the greatest impact on the output of the ANN
model. Furthermore, the reboiler stream rate and reboiler temperature have also substantial
impact on the ANN model’s output (i.e., sixth and seventh shap value among all features,
respectively). The reboiler duty, that is calculated based on the equation 4.1, has direct
correlation with reboiler stream rate and temperature.

Q = mcAT, 41

where Q is the reboiler duty, i is the reboiler mass stream rate, c is the specific heat capacity
and AT is the temperature difference between inlet and outlet of reboiler streams. As
discussed in the section 3.6, CO2 production rate is highly correlated with reboiler duty and
stream. When foaming occurs within the stripper, the CO2 production rate tends to reduce. In
this case, an increase in reboiler duty compensates for the foaming effect and prevents
efficiency reduction. Therefore, it seems reasonable to consider increasing in reboiler duty is
a sign to react against decreasing in the CO2 production rate when foaming occurs.
Furthermore, it should be noted that the findings of feature importance (Figure 4.8) show the
importance of the packing pressure drop, packing temperature, and reboiler duty in foaming
occurrence which is in turn consistent with the mentioned foaming symptoms in the literature
(see section 2.1.5). Also, the exploratory analysis which has been done in the section 4.3
suggests that the temperature at the bottom and middle of packing, temperature of lean and
rich solvent and temperature of reboiler stream are indicators of foaming occurrence as this
has been mentioned in the literature too. As a result, if these features meet their thresholds
during the process, there will be a symptom of foaming and preventive actions such as
introducing anti-foam or fine-tuning the physical and thermodynamical parameters of the
process can be applied to improve the efficiency of CO2 capture process.
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5 Conclusion

Post-combustion CO2 capture plants (amine-based) face some challenges such as foaming
that occurs within the plant’s columns (absorber and stripper) and results in a decreased CO2
capturing efficiency. Methods such as adding anti-foam to the columns can mitigate the effect
of foaming. However, the main challenge is the foaming prediction before its occurrence.
Despite its importance, there has been no model that can simulate the foaming occurrence
based on the physics or thermodynamics of the process. Therefore, this report focused on the
developing, for the first time, a data-driven model that can simulate and predict the
undesirable foaming occurrence. The data used in this report was provided by technology
center mongstad (TCM) that is the external partner of this project. The data includes the time
series (10968 hourly time-steps) of 35 features (i.e., physical properties of the process)
regarding the CO2 capture process of TCM post-combustion CO2 capture plant (amine-
based). Comprehensive data preprocessing and feature selection was performed to ensure the
high data quality before feeding the data to the models. An artificial neural network (ANN)
was used to build a predictive model (the tuned ANN architecture includes 1 hidden layer
with 60 neurons and 1 output). The results showed 98.5% and 97.5% accuracy in the training
and test sets, respectively. In order to better understand the performance of ANN model, a
confusion matrix was created based on the obtained results. Regarding the obtained matrix, it
was revealed that the false predictions on the test set include only 3% where the number of
false not-foaming prediction (when there was foaming) cases is less than the number of false
foaming predictions (when there was no foaming) cases (foaming prediction is more
important than non-foaming prediction). To validate the obtained results of ANN model, a
decision tree model was used where the input data and features to the decision tree model
were identical to the ones to the ANN model. The obtained results in the training and test of
the decision tree model were found to be worse than the ANN results (96% and 94.5%
accuracy in the training and test sets, respectively), indicating that the ANN model offers
promising accuracy. Furthermore, the feature importance of the fitted ANN model was
studied to determine the impact of features on the model's output. For this sake, a feature
importance method, SHAP method, was applied on the finalized ANN model, and the results
showed that temperature at the bottom of stripper’s packing and packing pressure drop are the
features that have the greatest impact on the output of the ANN model. Furthermore, the
reboiler stream rate and temperature, which are directly related to the reboiler duty, have also
significant impact on the ANN model’s output. In addition, an exploratory analysis based on
the foaming condition was performed on the features and the results indicated that the
temperature at the bottom and middle of packing, temperature of lean and rich solvent and
temperature of reboiler stream are the main indicators of foaming occurrence. It is worth to
mention that the findings of the feature importance method and exploratory analysis are
consistent with the symptoms of foaming within the columns reported in the literature.
Overall, this study reported that the temperature of the column and solvent, packing pressure
drop, and reboiler duty have the greatest impact on the occurrence of foaming within the
post-combustion CO2 capture plant (amine-based).
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5.1 Future studies

Impurities (particulates) within the solvent, surface tension, lean and rich solvent viscosity
have been mentioned in the literature (i.e., section 2.1) that have the potential to contribute
the formation and stabilization of the foaming. Among these features, surface tension is an
important solvent property that can directly influence foaming occurrence. As mentioned in
the section 2.1.3 and 2.1.4, surface tension can contribute in the foaming formation at the first
stage, and then it has the potential to prevent foam rupturing (make it stabilized). The other
mentioned features (i.e., solvent, stripper and process properties) seems to have an indirect
effect on foaming occurrence by affecting surface tension. Therefore, the inclusion of the
mentioned features, especially surface tension, may results in more accurate modeling of
foaming.

In this report, the presence or absence of foaming within each time-step was determined
using some criteria applied to the provided data (i.e., section 3.5). These criteria were defined
based on the researches discussed in section 2.1.5 as well as the exploratory analysis on the
provided data throughout the time period of foaming labeled figure (i.e., Figure 3.4) given by
TCM. The employed labeling technique may classify the time-steps not as accurately as the
real foaming occurrence in the plant's actual strippers. For future studies, using an
experimental method to determine the occurrence of foaming at different time-steps can
represent more realistic characteristics of foaming process in the columns and therefore
improve the model’s accuracy.

As previously stated, TCM's provided data includes 10968 time-steps and the time interval
between time-steps is one hour. Since the nature of the physical reactions that results in
foaming within the stripper in each time-step may be influenced by previous time-steps, it
can be insightful to simulate the process using a recurrent neural network (RNN). In terms of
data preprocessing in this report, 6813 time-steps (62% of entire time-steps) were deleted,
and due to the gaps between time-steps, it was not possible to implement the RNN model.
Nevertheless, although the performance of the ANN model was satisfactory, employing RNN
model by use of consecutive time-steps data can unveil new aspects of the foaming process.
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Appendix A
FMH606 Master's Thesis

Title: Foaming prediction in the post-combustion CO2 capture plants (amine-based) by
utilizing machine learning techniques

USN supervisors: Leila Ben Saad and Ru Yan

External partner: Technology Centre Mongstad (TCM) v/ Rune Teigland

Task background:

Technology Centre Mongstad (TCM) is the world’s largest and most flexible test center for
developing CO2 capture technologies and a leading competence center for carbon capture.
TCM has been operating since autumn 2012, providing an arena for qualification of CO2
capture technologies on an industrial scale. A vast amount of data is collected from more
than 1000 online instruments in the amine plant and more than 1100 in the utility plant. In
addition, there are multiple sampling points for liquid sampling throughout the amine plant.
Hence a vast amount of data is readily available to be exploited.

Machine Learning (ML) can be applied when you have a complex task or problem involving
big data and many variables, but you do not know the formula/equation or classic regression
methods do not fit well.

Machine Learning methods has the potential to design, test and improve various aspects of
the CO2 process that are computationally time consuming or experimentally time consuming
and expensive. The use of ML techniques for carbon capture processes [1-4] is still emerging
and most investigations have been on simplified models.

The objective of this project is to build data driven models that can enhance the
understanding of relationships among key process parameters. The data available from TCM
open campaigns will be used as training data sets for ANN model to be built. The aim of ANN
model is to provide an analysis of the extracted rules and reveal most significant relationships
between them.

In this project, the focus will be mainly on the problem of foaming, which is a common issue
in gas-liquid scrubbing processes and results in poor CO2 capture rate, increased energy
penalty for CO2 capture, emissions and CO2 stream purity challenges and solvent losses. The
use of ANN model in this context will allow to predict the foaming risk.

References:

[1] Rahimi, M., Moosavi, S. M., Smit, B., and Hatton, T. A., “Toward smart carbon capture with machine
learning”, Cell Reports Physical Science, vol. 2, 2021.
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[2] Chan, V. and Chan, C., Learning from a carbon dioxide capture system dataset: Application of the
piecewise neural network algorithm, Petroleum, Volume 3, Issue 1, pages 56-67, 2017.

[3] Li, F., Zhang, J., Oko, E. et al. Modelling of a post-combustion CO2 capture process using extreme
learning machine. Int J Coal Sci Technol 4, 33-40, 2017.

[4] Nikolett Sipdcz, Finn Andrew Tobiesen, Mohsen Assadi, The use of Artificial Neural Network models
for CO2 capture plants, Applied Energy, Volume 88, Issue 7, Pages 2368-2376, 2011.

Task description:

Give an overview of CO2 capture technologies with focus on data monitoring and
control parameters.

Understand the problem of foaming in CO2 capture process and select its main key
parameters.

Review and inspect the state-of-the-art of adopting machine learning in the context of
CO2 capture process.

Describe the steps of developing data driven models using a machine learning approach.
Analyze and investigate various approaches utilizing Artificial Neural Networks to find
the most suitable models for this application.

Develop some of these models based on data from TCM and discuss the accuracy of
these models

Development languages & tools: Python offers a good platform for software development as
it is a well-known programming language and has access to great (open source) libraries and
frameworks for Al and machine learning (ML), flexibility, platform independence, some of the
libraries are:

Keras, TensorFlow, PyTorch and Scikit-learn for machine learning
NumPy for high-performance scientific computing and data analysis

Student category: IIA (EET, EPE, IIA or PT students)

Requirements: advanced coding skills in Python and some knowledge in machine learning

The task is suitable for online students (not present at the campus): Yes

Practical arrangements:

Data will be provided by TCM

Supervision:

As a general rule, the student is entitled to 15-20 hours of supervision. This includes necessary
time for the supervisor to prepare for supervision meetings (reading material to be discussed,

etc).
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Supervisor (date and signature): 01/02/2022

Leila Ben Saad

O

Student (write clearly in all capitalized letters):
Nasir Niayifar 238727@student.usn.no
Student (date and signature): 01/02/2022

A
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Appendix B

Finding offline time-steps (The same script is encoded for RFCC) script
import pandas as pd

import numpy as np

# %% Read the data and convert it to numpy

data_sheetl = pd.read_csv(r'C:\Users\amin\Desktop\USN - Foaming Data Extract.csv’)
data_sheetl.head()

data_sheetl = data_sheetl.to_numpy(dtype ='float32")

# %% Finding CHP offline

rich_solventflow =[]

rich_solventflow = data_sheetl]:, 1]

lean_solventflow =[]

lean_solventflow = data_sheetl]:, 0]

rblr_temp_chp =]

rblr_temp_chp = data_sheetl][:, 6]

rbir_temp_rfcc =]

rblr_temp_rfcc = data_sheetl][:, 7]

co2_chp =]

co2_chp = data_sheetl[;, 3]

co2_rfcc =]

co2_rfcc = data_sheetl[;, 5]

plant_offline_flow = np.asarray(np.where((rich_solventflow < 10000) & (lean_solventflow < 10000))).T
co2_prud_offline = np.asarray(np.where((co2_chp < 1000) & (co2_rfcc < 1000))).T
reboilers_offline = np.asarray(np.where((rblr_temp_chp < 33) & (rblr_temp_rfcc < 33))).T
chp_stripper_offline = np.asarray(np.where(rblr_temp_chp < 33)).T

chp_offline = np.concatenate((plant_offline_flow, co2_prud_offline, reboilers_offline,
chp_stripper_offline), axis=None)

chp_offline = set(chp_offline)
chp_offline = np.asarray(sorted(chp_offline))
chp_offline = pd. DataFrame(chp_offline, columns = ['‘column1')

chp_offline.to_csv(r'chp_offline.csv', index = False)
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Data preprocessing script
import numpy as np
import pandas as pd

import matplotlib.pyplot as plt

# %% Flow Pressure & Temp

pres_temp_chp = pd.read_excel('USN - Foaming Data Extract.xIsx', sheet_name= 'Flow Pressure &
Temp', header=5)

pres_temp_chp = pres_temp_chp.iloc[2:,2:]

pres_temp_chp = pres_temp_chp.reset_index(drop=True)
pres_temp_chp.rename(columns={'Unnamed: 2" 'date_time'}, inplace=True)
#set the date-time format

pres_temp_chp['date_time'] = pd.to_datetime(pres_temp_chp['date_time", format = '%d.%m.%Y
%H:%M")

#drop the columns belong to rfcc

pres_temp_chp.drop(['Rblr steam.1', 'CO2 Prod.1', 'RFCC rblr temp'], axis=1, inplace=True)

# %% CHP Stripper Profiles

chp_stripper = pd.read_excel('USN - Foaming Data Extract.xlsx', sheet_name="'CHP Stripper
Profiles', header=6)

chp_stripper = chp_stripper.iloc[2:,3:]

chp_stripper = chp_stripper.reset_index(drop=True)

#drop demister and waterwash pressure drops
chp_stripper.drop(['8611-PDT-2442', '8611-PDT-2441"], axis=1, inplace=True)

# %% Density

density = pd.read_csv('Density_include.csv')

# %% concatinate

chp_tot = pd.concat([pres_temp_chp, chp_stripper, density], axis=1)

# %% removing chp offline time-steps and columns with high number of nan values
offline_chp = pd.read_csv('chp_offline.csv’)

chp_tot = chp_tot.loc[~chp_tot.index.isin(offline_chp[‘column11)]

chp_tot = chp_tot.reset_index(drop=True)

xx = chp_tot.isnull().sum(axis = 0)

chp_tot.drop(['8611-TT-2399A', '8611-TT-2399B", '8611-TT-2403D', '8611-TT-2404A", '8611-TT-
2404B','8611-TT-2404D', '8611-TT-2405D', '8611-TT-2446C'], axis=1, inplace=True)

# %% nan & zeros

chp_tot = chp_tot.dropna()
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chp_tot = chp_tot[(chp_tot != 0).all(1)]

chp_tot = chp_tot.reset_index(drop=True)

# %% Flow Pressure & Temp rfcc

pres_temp_rfcc = pd.read_excel('USN - Foaming Data Extract.xIsx', sheet_name= 'Flow Pressure &
Temp', header=5)

pres_temp_rfcc = pres_temp_rfcc.iloc[2:,2:]

pres_temp_rfcc = pres_temp_rfcc.reset_index(drop=True)
pres_temp_rfcc.rename(columns={'Unnamed: 2": 'date_time'}, inplace=True)
#set the date-time format

pres_temp_rfcc['date_time'] = pd.to_datetime(pres_temp_rfcc['date_time'], format = '%d.%m.%Y
%H:%M")

#drop the columns belong to chp

pres_temp_rfcc.drop(['Rblr steam', 'CO2 Prod', 'CHP RbIr Temp'], axis=1, inplace=True)

# %% RFCC Stripper Profiles

rfcc_stripper = pd.read_excel('USN - Foaming Data Extract.xIsx’', sheet_name="'RFCC Stripper
Profiles’, header=5)

rfcc_stripper = rfcc_stripper.iloc[:,3:]

rfcc_stripper.drop([0], axis=0, inplace=True)

rfcc_stripper = rfcc_stripper.reset_index(drop=True)

#drop demister and waterwash pressure drops
rfcc_stripper.drop(['8611-PDT-2435', '8611-PDT-2436'], axis=1, inplace=True)

# %% concatinate

rfcc_tot = pd.concat([pres_temp_rfcc, rfcc_stripper, density], axis=1)

# %% removing rfcc offline time-steps and columns with high number of nan values
offline_rfcc = pd.read_csv('rfcc_offline.csv')

rfcc_tot = rfcc_tot.loc[~rfcc_tot.index.isin(offline_rfcc['columnl')]

rfcc_tot = rfcc_tot.reset_index(drop=True)

yy = rfcc_tot.isnull().sum(axis = 0)

rfcc_tot.drop(['8611-TT-2175A", '8611-TT-2175B','8611-TT-2178D', '8611-TT-2179A', '8611-TT-
2179B', '8611-TT-2179D', '8611-TT-2180D', '8611-TT-2181C' ], axis=1, inplace=True)

# %% nan & zeros

rfcc_tot = rfcc_tot.dropna()

rfcc_tot = rfcc_tot[(rfcc_tot != 0).all(1)]
rfcc_tot = rfcc_tot.reset_index(drop=True)
# %% total plant

plant_tot = pd.DataFrame( np.concatenate( (chp_tot.values, rfcc_tot.values), axis=0))
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plant_tot.columns = chp_tot.columns

plant_tot.to_excel('plant_tot.xIsx', startcol=-1)

# %% chp excel

chp_tot.to_excel('chp_tot.xIsx', startcol=-1)

# %% rfcc excel

rfcc_tot.to_excel('rfcc_tot.xIsx', startcol=-1)

Foaminess labeling script
import pandas as pd

import numpy as np

# %% read the chp and rfcc preprocessed tables
chp_tot = pd.read_excel(r'C:\USN\fourth semester\thesis\programing\pandas\chp_tot.xIsx")

rfcc_tot = pd.read_excel(r'C:\USN\fourth semester\thesis\programing\pandas\rfcc_tot.xIsx")

# %% foaming detection chp_tot
chp_tot['foaming'] =0

chp_tot.loc[(chp_tot['8611-TT-2401A"] > 107) & (chp_tot['8611-TT-2403A"] > 109) & (chp_tot['Lean
Amine Density'] < 1039) & (chp_tot['8611-PDT-2383" > 1), ‘foaming’] = 1

chp_tot['foaming'].value_counts()[1]

# %% foaming detection rfcc_tot
rfcc_tot['foaming] =0

rfcc_tot.loc[(rfcc_tot['8611-TT-2176A"1 > 107) & (rfcc_tot['8611-TT-2178A"] > 109) & (rfcc_tot['Lean
Amine Density'] < 1039) & (rfcc_tot['8611-PDT-2155] > 0.1), 'foaming] = 1

rfcc_tot['foaming'].value_counts()[1]

# %% foaming detection plant_tot

plant_tot = pd.DataFrame( np.concatenate( (chp_tot.values, rfcc_tot.values), axis=0))
plant_tot.columns = chp_tot.columns

plant_tot['foaming’].value_counts()[1]

plant_tot.to_excel('plant_tot_plusfoam.xIsx', startcol=-1)
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ANN model script

import numpy as np

import pandas as pd

from sklearn.model_selection import train_test_split
from sklearn.preprocessing import StandardScaler
import tensorflow as tf

from keras.models import Sequential

from keras.layers import Dense

import matplotlib.pyplot as plt

import seaborn as sns

# %% Importing the dataset

plant_tot = pd.read_excel(r'C:\USN\fourth semester\thesis\programing\foaming
detection\plant_tot_plusfoam.xlsx’)

# %% Feature selection based on correlation
x = plant_tot.iloc[:, 1:36]
corr = x.corr()
plt.subplots(figsize=(10,8))
sns.heatmap(corr)
columns = np.full((corr.shape[0],), True, dtype=bool)
for i in range(corr.shape[0]):
for j in range(i+1, corr.shape[0]):
if corr.ilocfi,j] >= 0.9:
if columnsi[j]:

columns[j] = False
selected_columns = x.columns[columns]
X = X[selected_columns]
y = plant_tot.iloc[:, -1]
plt.savefig('Correlation.pdf', dpi=120, format="pdf', bbox_inches="tight")
plt.show()

# %% Concatinate the data
plant_tot = pd.concat([x, y], axis=1)
# %% Shuffle the data

plant_tot_shuffled = plant_tot.sample(frac=1).reset_index(drop=True)

# %% Input output separation
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x = plant_tot_shuffled.iloc[:, 1:15]
y = plant_tot_shuffled.iloc[:, -1]

# %% Splitting the dataset into the Training set and Test set

X_train, x_test, y_train, y_test = train_test_split(x, y, test_size = 0.2)

# %% Input Scaling

sc = StandardScaler()

X_train = sc.fit_transform(x_train)
X_test = sc.transform(x_test)
x_train = pd.DataFrame(x_train)
X_train.columns = x.columns
X_test = pd.DataFrame(x_test)

X_test.columns = x.columns

# %% ANN model
foam_predictor = Sequential()
foam_predictor.add(tf.keras.Input(shape=(len(x_train.columns),)))
foam_predictor.add(Dense(
units = 60,
activation='"ReLU’,
use_bias=True,
kernel_initializer="glorot_uniform",
bias_initializer="zeros",
)
foam_predictor.add(Dense(
units = 1,
activation='sigmoid’,
use_bias=True,
kernel_initializer="glorot_uniform",
bias_initializer="zeros",
)
foam_predictor.compile(optimizer=tf.keras.optimizers.Adam(learning_rate=1e-3),
loss=tf.keras.losses.BinaryCrossentropy(),
metrics=[tf.keras.metrics.BinaryAccuracy(),
tf.keras.metrics.FalseNegatives()]

)

history = foam_predictor.fit(
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X=X_train,
y=y_train,
batch_size=64,
epochs=400,
validation_split=0.1,

initial_epoch=0,

# %% Model Accuracy
print("Evaluate on test data")
results = foam_predictor.evaluate(x_test, y_test, batch_size=128)

print("test loss, test accuracy:"”, results)

Decision tree model script

import pandas as pd

from sklearn.tree import DecisionTreeClassifier
from sklearn.model_selection import train_test_split
from sklearn import metrics

import matplotlib.pyplot as plt

import seaborn as sns

import numpy as np

# %% Importing the dataset

plant_tot = pd.read_excel(r'C:\USN\fourth semester\thesis\programing\foaming
detection\plant_tot_plusfoam.xlsx")

# %% Feature selection based on correlation
x = plant_tot.iloc[:, 1:36]
corr = x.corr()
plt.subplots(figsize=(10,8))
sns.heatmap(corr)
columns = np.full((corr.shape[0],), True, dtype=bool)
for i in range(corr.shape[0]):
for j in range(i+1, corr.shape[0]):
if corr.iloc[i,j] >= 0.9:
if columnsi[j]:
columns|j] = False

selected_columns = x.columns[columns]
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X = X[selected_columns]

y = plant_tot.iloc[:, -1]

plt.savefig('Correlation.pdf', dpi=120, format="pdf', bbox_inches="tight')
plt.show()

# %% Concatinate the data

plant_tot = pd.concat([x, y], axis=1)

# %% Shuffle the data

plant_tot_shuffled = plant_tot.sample(frac=1).reset_index(drop=True)

# %% Input output separation
x = plant_tot_shuffled.iloc[:, 1:15]
y = plant_tot_shuffled.iloc[:, -1]

# %% Splitting the dataset into the Training set and Test set

X_train, x_test, y_train, y_test = train_test_split(x, y, test_size = 0.2)

# %% Decision tree model

# Create Decision Tree classifer object
clf = DecisionTreeClassifier()

# Train Decision Tree Classifer

clf = clf.fit(x_train,y_train)

#Predict the response for test dataset

y_pred = clf.predict(x_test)

# %% Model Accuracy

print("Accuracy:",metrics.accuracy_score(y_test, y pred))
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Appendix C

Clarification regarding unclear feature’s names:

Regarding the features that show the temperatures within the packing, the table below
clarifies where each temperature is placed.

Temperatures inside packing

A = Closest to
packing wall

B

D = Closest to
packing center

8611-TT-2446A

8611-TT-2446B

8611-TT-2446D

8611-TT-2405A

8611-TT-2405B

8611-TT-2405C
Packing

8611-TT-2404C Height

8611-TT-2403A

8611-TT-2403B

8611-TT-2403C

8611-TT-2402A

8611-TT-2402B

8611-TT-2402C | 8611-TT-2402D

8611-TT-2401A

8611-TT-2401B

8611-TT-2401C | 8611-TT-2401D

8611-TT-2399C | 8611-TT-2399D

In addition, the location of temperatures outside of the packing is listed in the following table.

Temperature inside the stripper (Outside of packing)

8615-TT-2390

Temperature at the stripper’s outlet

8611-TT-2382

Temperature between packing’s top and stripper’s outlet

8611-TIC-2379

Temperature at the stripper’s bottom

Furthermore, the feature 8611-PDT-2383 represents pressure drop within the packing.
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Appendix D

Technology Centre Mongstad (TCM):

TCM as the world's largest carbon capture test center was founded in 2012. Gassnova,
Statoil, Total, and Shell own TCM and the major attention of the TCM is the evaluation and
development of new carbon capture technologies prior to their application on the full-scale
commercial plants. Companies who wish to test their carbon capture system before
implementing it in a full-scale plant (i.e., post-combustion in TCM) can decrease their risks
and expenses by using two units constructed in the TCM, i.e., Mongstad, Bergen in Norway;
that operate with various solvent-based techniques. Each of these units has a 12 megawatt
electrical capability and can capture 100,000 tons of CO2 (together) per year.
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