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Enhancing Entrainment Modeling of Fluidized Bed Reactors Using Physics Informed
Machine Learning

Lucas Guné Herman Hellsten

Department of Chemistry and Chemical Engineering

Chalmers University of Technology

Abstract

Entrainment is a fluidization phenomenon which has been thoroughly studied dur-
ing the last decades. Despite this, current entrainment models lack a fundamental
understanding of the underlying physics and yield poor results. In this project,
the recent developments in scientific machine learning, more specifically physics in-
formed machine learning; has been applied to improve modeling performance. The
data used in this project was taken from a 12 MW circulating fluidized bed boiler
from Chalmers Power Central. Three different physical models were studied and ap-
plied to a neural networks training process, resulting in average R2-scores of 0.376,
0.363 and 0.370. Owen values were calculated for the trained models, which along-
side analysis of the data with correlation matrices, principle component analysis and
partial least squares regression was used to find important parameters for explaining
entrainment. The analysis supports previous hypotheses of relevant parameters like
air flows, while also suggesting the importance of new parameters such as tempera-
tures. Results suggest that model performance worsens when both data availability
and underlying physics are limited. Improving performance therefore requires com-
pensating for one limitation by strengthening the other. If further studies are to be
made within the field, data from multiple boilers with different operating parame-
ters, such as geometry; should be considered.

Keywords: Elutriation, Entrainment, Fluidization, Principle component analysis,
Partial least squares regression, Physics informed machine learning, Explainable Al,
Circulating fluidized bed, Correction term model.
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Disclaimer

This project has used Artificial Intelligence (AI) as part of writing code and re-
viewing text. The purpose of this was mainly to provide fast debugging, while also
ensuring a certain scientific standard while writing.
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Below is the nomenclature of Fluidization, Data analysis and Machine Learning

Fluidization

Ai?"l
Airg

Airtot

dp,sauter

Fl UCrecirc

Decay constant in splash zone (m™!)

Mass air flow at bottom of boiler (kg/s)

Secondary air mass flow (kg/s)

Total mass air flow (kg/s)

Archimedes number

Drag coefficient of a falling particle

Effective diameter (m)

Particle diameter (m)

Sauter mean particle diameter (m)

Flue gas recirculation mass flow (kg/s)
Gravitational constant (m/s?)

Gravitational unit conversion factor

External circulation rate (kg/m?/s)

Elutration rate for a specific particle size (kg/m?/s)
Dimensionless entrainment solids flux

External circulation predicted by correlation (kg/m?/s)
External circulation predicted by neural network (kg/m?/s)
Sum of G¢" and GV (kg/m?/s)

Evaluated height (m)

Height of bed at minimum fluidization (m)

Height of transport zone (m)

Decay constant in transport zone (m™!)

Backflow ratio

xiii



L, L,

Uslip
Ut

'Ll/t,i

€m
Emf
€se
1
Pg
Ps

ps,entr

pS,Hb

s

Side length of boiler cross section (m)

Pressure drop over bed (Pa)

Frictional pressure drop (Pa)

Particle reynolds number

Particle reynolds number evaluated at minimum fluidization veloc-
ity

Temperature in top of boiler (°C)

Temperature in bottom of boiler (°C)

Primary gas velocity (m/s)

Gas velocity at the top of the boiler (m/s)

Minimum fluidization velocity (m/s)

Minimum fluidization velocity for a given particle size (m/s)
Solids velocity at the top of the boiler (m/s)

Slip velocity of a particle (m/s)

Terminal particle velocity (m/s)

Terminal particle velocity for a given particle size (m/s)

Voidage of packed bed
Voidage in a fluidized bed
Voidage at boiler exit
Viscocity of gas (Pa*s)
Gas density (kg/m?)
Solids density (kg/m?)

Density of gas and particle mixture entrained from packed bed
(kg/m?)

Density of gas and particle mixture at boiler exit height (kg/m?)
Sphericity of a particle

Data analysis

&

My

Xiv

Y-weight matrix for PLS
Difference in rank between two observations
Principle component &

Loading matrix for PCA



i
=

Bk =TS

N

i

[z

Loading for principle component £ of variable ¢
Score matrix for PCA /X-score matrix for PLS
Y-score matrix for PLS

X-weight matrix for PLS

Feature variable matrix

Average value of variables

Individual occurrence of a feature variable
Average value of targets

Individual occurrence of a target variable

Normalized variable value

Average of a variable

Physics Informed Machine learning

Ypred

Ytrue

Neuron output

Bias vector

Bias in a neural network

Correction function

The loss function of a neural network
Number of inputs going into a neuron
Neuron input

Coefficient of determination

Coefficient of determination for the test set
Coefficient of determination for the validation set
Potential from a neuron

Weight vector

Weight in a neural network

The predicted output of the neural network
The target value

Physical loss factor
Weight decay

Learning rate of a neural network

XV



0 Parameters of a given neural network
Input variables

A Physical loss normalization factor

Shapley and Owen values

J Feature variable

P Total number of model features

S Subset of model features

val(S) Prediction of model with information about variables in subset S
bj Shapley value of feature j

Xvi



Contents

List of Acronyms X
Nomenclature xiii
List of Figures xxi
List of Tables xxiii
1 Introduction 1
1.1 Background . . . . . . ... 1
1.1.1 Power central data . . . . .. ... ... .. ... .. ..... 2

1.1.2  Physics informed machine learning . . . . . ... .. ... .. 2

1.2 Objectives . . . . . . . . 3
1.2.1 Primary objective . . . . . . . ... ..o 3

1.2.2  Secondary objective . . . . . . .. ..o 3

1.3 Scope . . .. 3

2 Theory 5
2.1 Fluidization . . . . . . . .. ... 5)
2.1.1 Void fractions . . . . . . ..o 5

2.1.2  Frictional pressure drop . . . . . . . ... 5)

2.1.3 Minimum fluidization velocity . . . . . . . ... .. ... ... 5)

2.1.4 Terminal velocities of particles . . . . . . .. ... ... .... 6

2.2 Density and viscosity . . . . .. ..o 7
2.2.1 Sutherland’slaw . . . . .. ... oo 7

222 Idealgaslaw . . . . . ... ... 7

2.3 Physical models . . . . .. ... 7
2.3.1 Concentration decay ina CFB . . . . . .. ... .. ... ... 8

2.3.2 Merrick and Highley empirical correlation . . . . ... . ... 10

2.3.3 Particle slip velocity . . . . ... ... 0oL 11

2.4 Data pretreatment and analysis . . . . . . ... ... ... .. 11
2.4.1 Correlation Matrix . . . . ... ... .. .. ... ... ..., 11

2.4.2  Z-score normalization . . . . . . .. ..o 12

2.4.3 Principle component analysis . . . . .. .. ... .. ... .. 12

2.4.4 Partial least squares regression . . . . . . . ... ... ... 13

2.5 Artificial neural networks . . . . . .. ..o oL 14
2.5.1 Neurons . . . . . . ..o 14

Xvil



Contents

2.5.2 Feedforward network . . . . ... ... 0oL
2.5.3 Training of anetwork . . . . . ... ..o
2.5.4 Hyperparameters . . . . . . .. ... ... ..
2.6 Optimization and generalization of a neural network . . . . . . . . ..
2.6.1 Stochastic gradient-based optimization . . . . . .. .. .. ..
2.6.2 Weight decay . . . . . ... ...
2.6.3 Dropout regularization . . . . . . ... ...
2.6.4 Kaiming weight initialization . . . . ... ... ... ... ..
2.7 Grey-box modeling . . . . . ...
2.7.1  Correction term model . . . . . .. ... ..o
2.7.2  Physics informed loss function . . . . ... ..o
2.8 Shapley and Owen values . . . . . . .. .. .. ... ... ... ....
Method
3.1 Limitations . . . . . . . . . . .
3.2 Data . . . . . .
3.2.1 Pretreatment and data curation . . . . . .. .. ... ... ..
3.2.2 Dataanalysis . . .. .. ... oo
3.3 Physical model testing . . . . . ... oo Lo
3.4 Neural network . . . . .. .. ...
3.5 Implementation of physical models . . . ... ... ... ... ....
3.5.1 Correction term model . . . . . . ... ..o
3.5.2 Decay model . . . ... ...
3.6 PINNmodel . . . . .. .. .. . . .
3.7 Experimental setup . . . . . .. ..o
3.7.1 Train-validation-test split . . . . .. ... ... ... .....
3.7.2 Gridsearch . . . . .. ...
3.7.3 Cross validation . . . . . .. ... ... L.
3.8 Owenvalues . . . . . . . . . .. ..
Results
4.1 Data analysis . . . . . . . ...
4.1.1 Correlation matrix . . . . .. .. ...
4.1.2 PCA . .
4.1.3 PLS . . .
4.2 Merrick and Highley empirical correlation . . . . ... .. ... ...
4.3 Decay model . . . . . . . ..
4.4 Model performance . . . . . .. ...
4.5 Cross validation of performance . . . . . . ... ... ... ... ...
4.6 Owenvalues . . . . . . . .. .
Discussion
5.1 Dataanalysis . . . . . .. ...
5.1.1 Correlation matrices . . . . .. ... ... oo
51.2 PCA . . . .
5.1.3 PLS . . . .
5.2 Merrick and Highley correlation . . . . . . ... ... ... ... ...

xviii

21
21
21
23
23
24
24
24
24
25
25
26
26
26
27
27

29
29
29
30
30
31
32
33
36
38



Contents

5.3 Decaymodel . . . . . . ..o 47
5.4 Model performance . . . . . . .. ... Lo 48
5.4.1 PINN performance . . . .. ... ... ... ... ... 48

54.2 CTM and BB performance . . . . . . .. ... ... ... ... 48

5.5 Owen values . . . . . . . . . ... 49
5.5.1 Temperature. . . . . . . . . .. 49

552 Airflows . . . . . ... 50

5.6 Sustainability . . . .. ..o o 51

6 Conclusion 53
Bibliography 55
A Appendix 1 I

Xix



Contents

XX



List of Figures

2.1 Concentration decay of particles in the CFB boiler. . . . . . . .. .. 10
2.2 Neural network structure. . . . . . . ... .. ... ... 15
3.1 Correction term model. . . . . . . . .. ... ... L 25
3.2 PINNmodel. . . . . . . .. . . . 26
4.1 Correlation matrices for the data. . . . . . ... ... ... ... ... 29
4.2 Score and loading plots for PCA analysis. . . . . .. ... ... ... 30
4.3 Score and weight plots for PLS analysis. . . . .. ... ... ..... 31
4.4 Result plot for Merrick and Highley correlation. . . . . . . . ... .. 32
4.5 Result plot for decay model. . . . . . . ... ..o 33
4.6 Best performing PINN network. . . . . . .. ... ... ... ..... 34
4.7 Best performing CTM network. . . . . . .. .. .. ... ... .... 35
4.8 Best performing BB network. . . . ... ..o 36
4.9 Violin plot of R2 performance values for each network. . . . .. . .. 37
4.10 Violin plot of MAE of each network. . . . . .. .. ... .. ..... 38
4.11 Beeswarm and bar plots with Owen values for BB models. . . . . . . 40
4.12 Beeswarm and bar plots with Owen values for PINN models. . . . . . 41
4.13 Beeswarm and bar plots with Owen values for CTM models. . . . . . 42

xxi



List of Figures

xxii



List of Tables

4.1 Neural network hyperparameters and performance. . . . . . .. . .. 34
4.2 RZ, for seeds evaluated with Owen values. . . . . . .. .. ... ... 39

xxiii



List of Tables

XXiv



1

Introduction

This chapter presents the history of fluidized beds, Chalmers power central and
scientific machine learning. It also presents the scope and objective of this project.

1.1 Background

Fluidized beds have long been used in the chemical industry, and their technology
has been steadily improving. Early use of the technology included fluid catalytic
cracking, which is still used today. Fluidization is a phenomenon where particles in
a bed behave like a fluid when suspended by an upward flowing fluid [1]. The fluid
will also suspend some of the particles, which will be carried away from the bed up
into the riser. The finer particles will in a circulating fluidized bed (CFB) eventually
leave the riser in a process called external circulation.

The interest in external circulation and fluidized bed behavior is driven by its impact
on heat transfer and temperature distributions within reactors, as well as its central
role in emerging fluidized technologies for fuel conversion, such as chemical loop-
ing combustion and hydrogen production. These processes rely heavily on accurate
descriptions of particle dynamics to ensure efficiency, scalability, and operational
stability [1].

One of the first empirical correlations for such processes was published in 1955 [2].
More recently, CFBs have gained popularity due to the high fuel flexibility they pro-
vide [3]. Nevertheless, the numerical and analytical descriptions of the underlying
phenomena for CFBs remain largely empirical, lacking a fundamental theoretical
understanding. As a result, existing external circulation correlations can sometimes
deviate from experimental data by up to two orders of magnitude [2].

Most empirical correlations have been derived from small operational units [2]. The
differing geometries lead to difficulty generalizing over different scales, especially
larger ones. In addition to this, data measured from larger operating parameters is
scarce, often lacking in terms of resolution and range [4].
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1.1.1 Power central data

The Chalmers Power Central project began in 1947, with the purpose of researching
boilers on a larger scale. Over the years, the technology has gradually been upgraded
in order to meet the demand of a carbon dioxide-free power plant [5]. This extensive
research project has been documenting process data on a large operational scale in
order to enhance the knowledge of the fluidization phenomenon.

1.1.2 Physics informed machine learning

Recent developments within some areas of science have been heavily reliant on deep
learning, using large amounts of data in order to train data driven models. Although
this has shown great promise, other areas of science that do not have access to large
amounts of data are still bound to mechanistic models, as deep learning techniques
do not reach a satisfactory level of precision with smaller data sets [6]. A developing
field called scientific machine learning, aims to integrate traditional physical engi-
neering into the learning process of a neural network to improve performance. Two
of these methods are known as the universal differential equation (UDE) or physics
informed neural network (PINN). Compared to models without mechanistic knowl-
edge, a PINN can perform better even when the dataset is reduced by 80 percent,
as shown by Garakani and Chew [7].

In recent years, the application of physics-informed and physics-constrained machine
learning in chemical engineering has expanded rapidly. Mukherjee and Zavala [8]
describe how physics-constrained machine learning has shown great promise within
the field of closed-loop experimental design, real-time dynamics and control and han-
dling of multiscale phenomena; while also highlighting the technical and intellectual
challenges that come with it. It has also been applied within fludization engineering
by Feng, Deng, Chaffart, Yuan and Zhu in order to investigate the hydrodynamics
of the system [9].

Hybrid approaches have also demonstrated more accurate predictive capability in
process engineering problems. For example, Mondal and Sharma [10] developed a
PINN framework for gas-liquid annular flow prediction, where empirical correlations
are combined with machine-learning models to improve model generalization. Sim-
ilarly, Mohammadghasemi, Soesanto, Singh, Maciszewski and Huang [11] applied
scientific machine learning to primary separation vessels by integrating physical
constraints within a neural network. This led to models which could extrapolate
predictions to industrial-scale systems.

Furthermore, recent advancements within combustion modeling have been reviewed
by Deng, Wang, Kim and Koenig [12] and found to be successful for mechanism
discovery and more. Lastly, scientific machine-learning has also been found to be
applicable within fields outside of chemical engineering, such as enzyme engineering
and anomaly detection [13],[14].
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These developments illustrate how the integration of physical knowledge and ma-
chine learning is becoming increasingly important for modeling, optimization, and
discovery in chemical engineering.

1.2 Objectives

Existing elutriation correlation precision vary drastically depending on the operating
parameters. Currently, most of the research done for the elutriation phenomenon
remain empirical. The lack of a generalizing correlation highlights the need for
approaches that can capture the underlying physical mechanisms while keeping a
predictive accuracy across a wide range of operating conditions. Physics-informed
machine learning is particularly suitable for this purpose because it combines data-
driven modeling with physical principles, without relying on having large datasets
or highly precise physical models. This motivates the following objectives.

1.2.1 Primary objective

Develop a physics informed neural network with a wide range of inputs which can
predict elutriation with greater accuracy, in terms of R%-score and MAE, than
existing correlations.

1.2.2 Secondary objective

Extract meaningful mechanistic understanding between input variables and entrain-
ment using explainable AT methods.

1.3 Scope

The project is limited to data from Chalmers power central, and the error from
measurement instruments is considered negligible. The scalability of the model will
not be evaluated as there only exists data from the Chalmers power central boiler.
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Theory

2.1 Fluidization

Fluidization is a phenomenon where a bed of particles will start acting as a fluid
once a sufficient force of flowing medium is applied from below [1]. For this project,
the medium used is always a gas. The phenomenon begins at a velocity called the
minimum fluidization velocity, and as the velocity increases, the emulsion of gas and
solids will pass through different regimes. The fluid will also carry some suspended
particles with it [1]. This solid flow is called entrainment. The entrained flow rises
up through the freeboard, but a part of it back-mixes to the bed [3]. Particles of
different sizes do however have different terminal velocities, leading them to have
different flow rates causing separation of the different particle sizes. This is called
elutriation. The flow rate of one given particle size is called the elutriation rate [2].
The mass fraction weighted sum of all elutriation rates is therefore the same as the
entrainment rate. The particles which reach the top of the freeboard can leave the
system, and in a circulating fluidized bed (CFB) they are recirculated through a
cyclone back to the bottom bed [15]. This rate is called the external circulation.

2.1.1 Void fractions

In a bed of particles, one can not assume a continuous phase. Rather, it is a
heterogenous emulsion of gas and solids with voidage spread out across the bed. This
can be described by the void fraction €, which is essential in fluidization engineering

[1].
2.1.2 Frictional pressure drop

As stated by Kunii and Levenspiel, the frictional pressure drop Apy, has been found
to be correlated to the voidage of a packed bed by Equation 2.1 [1].

Apy, 1—¢€,)? Y 1 — €, pou?
Pir o~ 1508 : ) Plobot | 1 75=—m Polabor
h €m (Qbsdp) €m Gsdy

(2.1)

2.1.3 Minimum fluidization velocity

Fluidization occurs when particles resting on a bed interact with an upward flow
of gas from below. Each particle is dragged down by gravity and lifted up by drag

5



2. Theory

from the flowing gas. The minimum fluidization velocity, ¢, is found when the
following two forces are equal

drag force by __ | weight of (2 2)
upward moving gas | — | particles :

pressure drop cross-sectional
across bed area of tube

[16] or, by rearranging Equation 2.3

or

fraction specific
‘(’)‘%hég;f consisting weight (2 . 3)
of solids of solids

Apy

Ty (1 — €my) [(ps - pg)gl (2.4)

Je

Combining Equation 2.1 and Equation 2.4, we get

175 [ dytim g\ 15001 — emy) (dytimgpy ) _ d3pg(ps — pg)g 2.5)
€ ds 1 o I I ’
or the dimensionless alternative of Equation 2.5
1.7 150(1 — €py)
%Reﬂmf + WRepmf = A’l" (26)

where the variables Re,,; and Ar can be described by Equation 2.7 and Equation 2.8.

Ay,

Repmy = puﬂf & (2.7)
By (ps —

Ar — ppg(’;? Pa)9 (2.8)

These equations can then be used to solve for u,, ;. The voidage €, can be extracted
from table 3 in [1].

2.1.4 Terminal velocities of particles

When particles are fluidized, it means that the drag force from the primary gas is
equal to or greater than the gravitational pull on the particle. The terminal velocity
of a particle is the maximum velocity it can reach while falling freely. This velocity
can be derived from the following correlation

4dy(ps — 09)9]1/2

2.9
Tyen (2.9)

u = |
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where, the drag coefficient Cp can be calculated using

R% if 0 < Re, < 0.4 (Stoke’s law)

Cp =1 +95 if 0.4 < Re, < 500 (Intermediate law)

0.5
Rep

0.43 if 500 < Re, (Newtons law)

and the particle Reynolds number is evaluated at the free stream velocity with which
the fluid approaches the particle. This velocity can either be wg por OF g 10, depending
on the phenomenon of interest [16].

_ ud,pyg

Re
oo

(2.10)

2.2 Density and viscosity

Parameters such as density and viscosity of a gas vary depending on the surrounding
environment, enough so that they cannot be assumed to be constant. With this in
mind, sufficient formulas need to be applied in order to extrapolate true density and
viscosity as a function of temperature.

2.2.1 Sutherland’s law

At lower pressures, the viscosity is found to increase with temperature. In order to
determine the viscosity change with a two percent error, the following equation can

be used
n_ (T T+ s (2.11)
o n TO T+ S .

where S = 111.4K for a temperature range of 170K — 1900K, pg = 1.716 x 107°
and Ty = 273.15K [17].

2.2.2 Ideal gas law

In order to calculate the density, dependent on temperature and pressure, the ideal
gas law can be utilized;

_p
pg - RairT <212)
where R 8.314J K 'mol™! J
. “Tmol—
Ry = — = = 287—— 2.13
M~ 0.02897kgmol~! Kkg (2.13)

2.3 Physical models

There are three physical models being considered for this project for modeling exter-
nal circulation. The first one considers exponential decay of solids along the height
of the boiler, the second one has been empirically derived by Merrick and Highley
[18] and the third is based on slip velocity and voidage at the top of the boiler.
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2.3.1 Concentration decay in a CFB

In 1995, Johnsson and Leckner introduced a model for the vertical distribution of
solids in CFBs, consisting of three distinct zones [19]. This model was then further
developed by Djerf, Pallares and Johnsson into the version presented below [3]. The
three distinct zones are the dense bed, the splash zone, and the transport zone.
In the bottom of the furnace is the dense bed, which has an even distribution of
fluidized solids across the height. The dense bed does however have bubbles which
explode, leading to clusters of particles being ejected into the freeboard. This is
the dominant mechanism for solid transport in the area just above the dense bed,
also called the splash zone. The clustered solid concentration strongly decreases
exponentially, with a decay constant a which is found through a correlation by
Johnsson and Leckner [19]. The expression is shown in Equation 2.14

Uy

a=4x% (2.14)

Ug. bot

The other mechanism for solid transport is entrainment, which happens due to a
strong core flow in the boiler, dragging dilute particles upward. Some particles will
however escape from the core flow toward the edges, where they will back-flow to the
dense bed. This also leads to an exponential decrease in dilute solid concentration
over the height, which is described by the decay constant K. This constant is found
through a simple equation suggested by Johansson, Johnsson and Leckner, shown
as Equation 2.15 [15].

1
th
This mechanism is dominant in the uppermost region, called the transport zone. The

concentration of solids just above the dense bed p; ¢ptr is found through a correlation
by Djerf, Pallarés and Johansson [20] and shown as Equation 2.16.

K =

(2.15)

G = 0.0054 % (~2bet _1y2 (2.16)
Uy

G is a dimensionless entrained solids flux, which can be used to get psensr through
Equation 2.17.

G* S 0
Ps,entr = sPsTig bot (217)
Us
Using the two obtained decay constants, the concentration profile along the height
can be described by Equation 2.18.
(h—Hy)

P(h) - (ps,Hb - ps,entr) *e ¢ + Ps,entr * e_K(h_Hb) (218)

The first term of the equation describes the clustered, splashing solids, and the
second describes the entrained solids. Given the large decay constant of the clusters,
the first term in Equation 2.18 is negligible for large h. This means the concentration

8
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in the top can be given by inserting the solid exit height into only the second term,
removing the need to calculate p, g,. This concentration can then be used to describe
the external circulation through Equation 2.19

Gs = p(Hewit) * (g 1op — ue) * (1 — kp) (2.19)

where ug 4,y is calculated by Equation 2.20, where the constants 1.276 and 1.293 are
used with the temperature to describe the air and flue gas density respectively at
the given temperature.

1 . T, 1 T,
op — —A o —Fl recirc 2.20
Ugitop = g AT tot oz oz g H erecire ] 5g57 o0g (2.20)

In Equation 2.19, g, — u; describes the solid velocity, and 1 — k; describes the
proportion of particles reaching the exit height which actually leaves the system. The
back-flow ratio kj, is dependent on exit geometry, local particle size and concentration
and is calculated by Equation 2.21 which is a fit to experimental data done by
Johansson, Johnsson and Leckner [15].

ky = 0.0509 * In(H,/D,) — 0.015 (2.21)

D, is the equivalent bed diameter calculated by Equation 2.22 where L, and L, are
the side lengths of the boiler cross section.

2L, L
D, = 2y 2.22

The model in its entirety is shown as Figure 2.1, which is taken from Djerf, Pallares
and Johnsson [21].
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Figure 2.1: Concentration decay of particles in the CFB boiler.

2.3.2 Merrick and Highley empirical correlation

The data used in the Merrick and Highley study was obtained from a fluidized bed
combustion plant with a cross section of 0.91 x 0.91 m?, with fluidization velocities
operating in a range of 0.61 — 2.43 m/s and temperatures in a range of 704 — 899
celsius.

The correlation aims to quantify the elutriation of discretized particle sizes G ;.
The total external circulation is the sum of each particle contribution, where the
contribution of each one is proportional to the total weight fraction of the particle
size in the distribution.

Gs.i Ut

Dimensional analysis found patig o’ and %Z;;f”"t to be the most important
gtg,o0 mf,i

groups for determining elutriation. Using these grglfps and fitting an equation em-
pirically gave Equation 2.23.

w .\ 05 . 0.25
Gsi = pyligpor(A+ exp[ — 10.4<£> <#> ] (2.23)
Ug,bot Ug.bot — Umfi
Merrick and Highley also mentioned bed height might affect the elutriation, although
they did not have enough data to discern this fact [18].
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2.3.3 Particle slip velocity

A circulating fluidized bed boiler can be split into different regions, characterized
based on the fraction of solids. External circulation occurs at the columns exit, in
which the fraction of solids €, is very low compared to the bottom of the bed. Kunii
and Levenspiel [1] found that e is slightly larger than the carrying capacity of the
gas, something which can be attributed to the so called slip velocity between the
gas and the solids. This slip velocity is defined as gy = Ug10p — Us Where ug is the
mean solid velocity at the exit level of the column.

Knowing that €, is the fraction of solids and that u is the velocity of solids, we can
now define the elutriation rate with the following equation

Gs = €seusps * (1 — ky) (2.24)

Since Kunii and Lievenspiel aimed to explain the phenomenon in its most general

form, ug 0, was defined using the solid fraction at the exit ugs0p = Tfi’:”, meaning
the solids mean velocity can be defined as
Ug bot
Ug = .20 - uslip (225)

1— e,

At the top of the freeboard of the boiler, the fraction of solids is around the range
of 0.02 — 0.06, leading to the assumption that the particles are almost completely
dispersed in the gas stream. Completely dispersed particles implies that the inter-
actions between particles are almost negligible, therefore; it can be assumed that

Uslip ~ Uy (226)

[1]. With this assumption, the solid velocity in the top of the boiler and elutriation
rate can be calculated.

2.4 Data pretreatment and analysis

In order to perform initial data pretreatment and analysis, some mathematical meth-
ods were used. These are explained in this section.

2.4.1 Correlation Matrix

A correlation matrix is a matrix visualizing the correlation between all variables.
It represents a grid where each row and column is a variable. Where two variables
meet, the correlation between the two is shown. There are different correlation
metrics that can be used. The primary one is the Pearson correlation coefficient,
which is calculated with Equation 2.27

n

iy (zi — ) (i — y)
VI (2 — 2)2(yi — )2

(2.27)
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where x; and y; are the individual occurences of the variables, and z and y are the
average values of the variables [22]. A weakness with this metric is that it only
measures linear correlation. To measure non-linear monotonic correlation, one can
use the Spearman rank correlation coefficient [22]. It is calculated with Equation 2.28

60 di
n(n? —1)
where d; is the difference in rank between two observations. Rank is defined as the

order in which the variable value comes if all values of that variable are sorted by
size.

1 (2.28)

2.4.2 Z-score normalization

Z-score normalization is a technique used to normalize variables, to prevent the
magnitude of different variables from affecting the model. This is done by calculating
the mean and variance of a variable, and then subtracting each data point with the
mean and dividing with the variance. This makes each variable have zero mean and
unit variance. The formula can be found as Equation 2.29.

r—T

z= (2.29)

2
0%

2.4.3 Principle component analysis

Principle component analysis (PCA) is an unsupervised dimensionality reduction
method, which is based on finding the straight line which maximizes the variance
of the data when projected onto the given straight line [23]. This latent variable is
called a principle component, and it is the linear combination of feature variables
that has the ability to describe the largest amount of the total data variance. The
equation for one principle component is shown in Equation 2.30. The procedure
can then be repeated to find new lines, orthogonal to the first, which explain the
most of the remaining variance. The dimensionally reduced space then explains a
large part of the data variance, and different metrics can be plotted in the principle
component space to visualize trends in the dataset, which would otherwise not be
possible for a dataset with a lot of variables.

i=1

The sum of squares of the coefficients py; (loadings) for each principle component
is one to obtain a unique solution and prevent scaling. This constraint is shown in
Equation 2.31.

Yonii=1 (2.31)
=1

By projecting a data point z;,z;.1, ..., z, onto a principle component by inserting
it into Equation 2.30, the data point is transformed into PCA-space. This is called

12
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the score tj of the variable [24]. This can be expressed in matrix form as shown in
Equation 2.32 where capital letters represent scores, variables and feature variables
across multiple dimensions.

T=X=xP (2.32)

Scores T, alongside the previously mentioned loadings P are the two main metrics
that are used in PCA [24]. The loadings are as previously mentioned the coefficents
for the variables used when creating the principle components, representing the
locations of the variables in principle component space. Scores that are close together
are data points that have similar feature values, and loadings that lie in the same
direction are variables with high correlation. Loadings with high values also impact
the scores more, simply because the value in the linear combination is higher. The
scores and loadings are also related. Scores that are located in the same direction
as a loading are data points with a high value of that specific variable. This shows
the properties of scores in different regions of the plot.

2.4.4 Partial least squares regression

Partial least squares regression (PLS) is also a dimensionality reduction method,
which works similarly to PCA [24]. Latent variables are still generated that are a
linear combination of all the feature variables, as described in Equation 2.30. How-
ever, PLS is not an unsupervised machine learning technique, because the model
considers the target variables in order to make the latent variables good predictors
of the targets [25]. The targets are therefore also dimensionally reduced to a latent
variable through a linear combination. Unlike PCA, the latent variables from the
features and targets are not created to explain the most of the variance, but rather
to maximize the covariance between the two. There is also a difference in the no-
tation [24]. The linear combination which transforms the data points to scores is
in the PLS case called weights and denoted w as opposed to loadings denoted p in
PCA. The transformations to x-scores and y-scores for target and feature variables
are shown in Equation 2.33 and Equation 2.34 respectively.

T=X*W (2.33)
U=Y «C (2.34)

X-scores T and x-weights W for PLS are used and interpreted similarly to scores
and loadings for PCA [24]. The change is simply in the way that the latent variables
are constructed to maximize covariance instead of variance. Scores that are close
together in PLS share variance that is important for explaining the target value,
and weights in PLS that lie in the same direction share the same variance used for
predicting the target value. Large weights also indicates that a variable is important
for predicting the targets, since the variable is important for the latent variable
maximizing correlation with the targets. The y-weights C' can also be plotted with
the feature variables, showing the correlation between features and targets.

13
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2.5 Artificial neural networks

Artificial neural networks is a form of computation inspired by how the human brain
stores information. The brain is built on a network of neurons which send signals
to each other. Similarly, an ANN learns by changing the connections between their
neurons based on data given. These neural networks can be trained to find non-
linear patterns and then learn to generalize to other data [26]. A famous theorem
found by Hornik [27] states that any standard multilayer feedforward network with
a single hidden layer, arbitrary bounded and nonconstant activation function are
universal approximators.

2.5.1 Neurons

The neurons a neural network is built up out of act as non-linear, parameterized,
bounded functions. Each neuron receives n inputs and outputs a value a; which is
a linear combination of the inputs p;, weighted by the parameters w; and biased
by the parameter b;. This operation creates the potential v; which is shown in
Equation 2.35.

n—1

i=1

In order to capture non-linear trends, the activation function needs to be non-linear
itself. This is often done by using the rectified linear unit (ReLLU) activation function.
The potential is passed through the ReLLU function, leaving the output of the neuron
[28].

a;(v;) = max(0, v;) (2.36)

2.5.2 Feedforward network

A feedforward neural network is built out of layers of neurons. The initial layer of
neurons are called input neurons, each of which is connected to each neuron in the
next layer. Data is passed through each layer, being affected by biases, weights and
activation functions until it reaches the final layer, called the output neurons. The
layers in between the input and outer are often described as hidden layers. The
whole system is illustrated below.
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Figure 2.2: Neural network structure.
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2.5.3 Training of a network

In order to train a network, a measurable value needs to be assigned to the differ-
ence between predicted output ¥, produced by the network and the true target
Yirue given by the dataset. This value is given by a loss function £(Ypred, Ytrue). The
training process aims to find network parameters § = [w, b] that minimize the loss
over the training dataset.

With each activation function being known, the minimization of the loss can be
done using gradient-based optimization. The gradients of the loss with respect to
the network parameters are computed using a backpropagation algorithm, where
the gradients are derived from using the chain rule of calculus. Each loss is then
weighted by a set learning rate n in order to avoid unstable optimization.

The loss computations are repeated a number of times, a number called epochs, until
certain conditions are met. The conditions are unique to the experiment set up. In
order to speed up the process of training, multiple inputs can be passed through
the network in parallel. This multitude of inputs is denoted by the hyperparameter
batch size.

2.5.4 Hyperparameters

Hyperparameters are parameters unique to each network, unaffected by the opti-
mization from the backpropagation algorithm and often used to regulate the training
rate. These include the aforementioned number of layers, number of neurons per
layer, learning rate, number of epochs and batch size [28].
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2.6 Optimization and generalization of a neural
network

Even though it is proven that a feed forward neural network with sufficient capacity
can approximate any function [Hornik 1989, 1990, 1991], it is not a guarantee that
the training process will find this optimal set of parameters. The issues which are the
most common are poor optimization, meaning divergence or slow convergence during
training; and bad generalization, meaning the model does not perform well outside
of the training set. Poor generalization is either called underfitting, a phenomenon
where the model performs poorly on both training and test sets, or overfitting; where
the model performs well on training data but poorly on unseen data.

2.6.1 Stochastic gradient-based optimization

Stochastic gradient-based optimization methods such as the Adaptive moment es-
timation (ADAM) optimizer are used to efficiently train neural networks. ADAM
improves optimization by calculating moving averages of gradients, which results in
adaptive step sizes for each individual parameters. This allows for faster conver-
gence and improved stability, particularly in the presence of noisy gradients.

The Adaptive moment estimation with decoupled weight decay (ADAMW) is an
improved version of the ADAM Optimizer, which decouples weight decay from the
adaptive gradient update. This leads to a more consistent regularization effect across
parameters.

By reducing issues such as unstable updates and slow convergence, the optimizer
improves the efficiency of training and helps the model reach a good solution more
reliably. This primarily affects optimization and does not have a large effect on
generalization [29] [30].

2.6.2 Weight decay

Weight decay is a regularization technique used in machine learning to reduce over-
fitting. It introduces a weight decay parameter v that controls the strength of the
decay applied to model weights. During training, weights are gradually shrunk
toward zero by directly scaling the weights each update (as in ADAMW). This
discourages overly large weights and improves generalization.

2.6.3 Dropout regularization

A common issue that often leads to poor generalization in neural networks is co-
adaptation, where neurons become overly dependent on specific other neurons. This
means that features are only useful when certain other features are also present,
which makes the network unstable and prone to overfitting.

Dropout is a regularization technique designed to reduce this co-adaptation. During
training, each neuron is randomly omitted with a small probability, meaning the
network is effectively trained on different sub-networks of itself each time.
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As a result, neurons cannot rely on the presence of specific other neurons and must
learn features that are useful in many different network configurations. This reduces
co-adaptation and improves generalization [31].

2.6.4 Kaiming weight initialization

Kaiming initialization, introduced by Kaiming [32], is a weight initialization scheme
designed to preserve the variance of signals in deep neural networks with ReLLU
activations. The method is derived under the assumption that inputs and weights
are independent and zero-centered, and it seeks to prevent vanishing or exploding
activations by maintaining a constant variance across layers. For a layer with n;,
input units, weights are initialized such that:

Var(W) = (2.37)

27

This scaling compensates for the fact that ReLU activations zero out approximately
half of their inputs, thereby reducing the effective variance of the propagated signal.
By increasing the initial weight variance accordingly, Kaiming initialization ensures
that both forward activations and backward gradients remain well-conditioned dur-
ing training. The method can be implemented using either a normal distribution
N(0,n;y,) or a corresponding uniform distribution. It has become a standard initial-
ization technique for deep networks employing ReLLU and its variants. [32].

2.7 Grey-box modeling

In this project, there are two different methods incorporated into the neural net-
work. These methods utilize both machine learning and mechanistic models, often
described as grey-box modeling. These are explained below.

2.7.1 Correction term model

The empirically derived formulas for evaluating entrainment have been found to
have quite a large margin of error for different operating parameters [2]. In order
to compensate for this, a neural network can be trained to correct the fault of the
empirical solution. This method is similar to the universal differential equation
(UDE), which is a differential equation defined by a universal approximator. In this
case, the universal approximator acts as a sort of correction term, meaning it is
capable of representing any possible function with a given set of parameters. The
general form of this concept is

d
= J(1,,0) + g(u,1,6) (2.38)
where the function g(u,t,©) acts as the correction term to the physical equation

f(u,t,0) [6]. For a system without derivatives, a similar equation can be imple-
mented as seen below.

u(®) = f(©) +9(0) (2.39)

17



2. Theory

The goal of this integration into neural networks is to combine the best aspects
of machine learning with mechanistic models. As the function ¢(©) is unknown,
it is replaced with a neural network as such ¢(©) = NN(©) to approximate the
correction term.

2.7.2 Physics informed loss function

Another implementation of a physics informed neural network is to inform the net-
work of a physically based loss rather than correction. As mentioned above, neural
networks use gradient-based optimization to find the optimal weights. This is called
data-based loss and requires a sufficient amount of data to be effective. That data
need can be reduced if a physics informed residual, based on the outputs and inputs
of the network, is introduced into the loss function in the following way

L(ypreda Ytrue, @7 )\) - Ldata (ypretb ytrue> + )\Lphysics(ypreda @) (240)

This pushes the network to learn not just based on data, but also the physical
relations which define the system; reducing the need for data significantly [14],[9].
These loss weights play an important role in improving trainability and are to be
used-defined or tuned during automatically [33].

2.8 Shapley and Owen values

Shapley values originate from game theory, where it is a metric used to calculate in-
dividual player payout in a coalition based on contribution [34]. It was popularized
as an explainable Al metric by Lundberg and Lee in 2017 with the introduction of
Shapley additive explanations (SHAP) [35]. Shapley values are calculated using the
feature values as players, and the prediction as the payout, splitting the contribu-
tion of the model toward the prediction fairly between the feature values. There are
multiple SHAP methods to estimate Shapley values, depending on both the data
and the model. However, with a small enough dataset and simple enough model,
the exact Shapley values can be calculated.

Exact Shapley values ¢; are calculated for each prediction by considering coalitions
S of feature variables [34]. A coalition is any possible combination of feature vari-
ables excluding the feature variable j for which ¢, is calculated. For each S, model
predictions are made where the variables that are not a part of S or j draws random
values from the training set, to represent not having information about variables out-
side of the coalition. Predictions are also done while pulling random values from the
training set for variables that are not a part of S (including j). The Shapley value
for S is then the difference between the average over predictions of the model with
and without information about j, where lack of information is represented by the
previously mentioned random sampling. ¢; is then a weighted average over all pos-
sible S, where the most weight is put towards coalitions with few or many variables.
This is done, since that more clearly shows the isolated effect of j or the interac-
tion effects with the prediction as a whole. This weighting is shown in Equation 2.41
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where p is the total number of model features and val(S) is the prediction of the
model with information about variables in subset S [34].

One weakness with Shapley values is that the method inherently assumes that the
variables are independent [34]. This leads to the random sampling creating data
points which are highly unprobable if variables are correlated. One example could
be taking two highly correlated variables, and maximizing one while minimizing the
other. This is a data instance representing a fictional case that will never happen.
To circumvent this, one can hierarchically cluster the variables, and calculate the
Shapley values for each cluster [36]. The Shapley value calculation can then be done
within each cluster to fairly attribute the prediction to correlated variables. The
attribution is then called an Owen value.
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Method

3.1 Limitations

A project of this scale needs to adjust its scope in order to fit within the given time
frame. In order to achieve this, certain limitations were set. Many of the methods
used for obtaining the data have a margin of error caused by measurement uncer-
tainties. These uncertainties exist for all measurements in the CFB boiler. In order
to streamline the scientific process of the project, all data points were considered to
be correct.

Within PIML there are a great many different models to consider, even for the case
of CFB boilers. Therefore, the second limitation is that only three models were
trained and evaluated in light of the time limitation of the project.

3.2 Data

The data for the project comes from the Chalmers power central, where a 12 MW
CFB boiler with dimensions 1.5x1.5 meters with a height of 14 meters is used for
research [37]. The data was obtained as a time series, where all of the operating
parameters of the CFB boiler are recorded over time. The external solid circulation
cannot be measured at steady-state and therefore is not recorded over time. It is
instead calculated by doing a blow-out test. The blow out test starts with the boiler
reaching a steady state, after which the recirculation of solids suddenly is stopped.
The solids will then empty out of the boiler, reducing the pressure drop, which is
correlated to the external solid circulation by Equation 3.1.

_dAP A

- Nl
G, = *g (3.1)

Equation 3.1 is created by assuming that the entire pressure drop is due to the static
head, neglecting pressure drops due to acceleration, friction and air density in the
boiler. This assumption is justified by Kunii and Levenspiel, who found that 80-90%
of the pressure drop in a fast fluidized bed is due to the static head [1]. The pressure
drop must therefore be due to solids leaving the boiler creating Equation 3.2

dp dAP 1

_ e 3.2
dt — dt gh (32)
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Each blow out test was repeated 1-4 times, and the true value was taken as the aver-
age of all measurements. The test has been done a lot of times at the Chalmers boiler
over the last 15 years, operating at different conditions and varying the fluidization
particles. 148 data points were able to be recovered for this project, representing five
different fluidization particles and a wide range of boiler conditions. The fluidization
particles used were olivine, ilmenite, copper smelter slag (jarnsand), Baskarp sand
and silver sand. Baskarp sand and silver sand is mainly silica oxide, while olivine
has both silica oxide and magnesium oxide. The copper smelter slag is mainly iron
oxide, and ilmenite is an oxygen carrier mainly comprised of titanium oxide and
iron. All particles used are in Geldart group B.

The selection of feature variables were based on Chew, Cahyadi, Hrenya, Karri and
Cocco who made a review of entrainment correlations in [2]. All variables that were
used for a correlation in that review were considered for this project. The variables
are the Archimedes number, the Reynolds number, Temperature, particle size, par-
ticle density, air density, air viscosity, gas velocity, terminal velocity of particles, Re
number at terminal velocity, minimum fluidization velocity, cross sectional area of
boiler, diameter of boiler, particle Froude number, drag coefficient and freeboard
height. Some of these values, like the cross sectional area and freeboard height are
constant, but the other vary based on the run.

The power central had many different measurements to choose from to use as feature
variables, but not all of them were always measured when doing the blow-out tests.
In total, there were 12 features that were always measured. Two were discarded, be-
ing the oxygen gas percentage in the flue gas and the air mass flow used to transport
the fuel. The oxygen gas percentage describes the combustion process, but the main
effect of combustion relevant for the external circulation was considered to be the
temperature for air density and viscosity calculations. The fuel transport gas flow
was included in another metric, total secondary air, meaning that the information
was contained in another part of the data. As will be described in the results, the
metrics were also not very correlated with the external circulation rate.

The other 10 metrics were used to calculate all other variables and use as inputs
for the model. These were pressure drop over column, temperature in the bottom
of the column, temperature at the top of the column, gas velocity in bottom of the
boiler, primary air mass flow, secondary air mass flow, total air mass flow, recircu-
lated flue gas mass flow, particle density and sauter mean diameter of particles. The
pressure drop was kept as an explaining variable since it was used for the measuring
technique of the external circulation and describes the total solids mass in the boiler.

The particle size distribution was chosen to be represented by the sauter mean di-
ameter. Due to the data having a mix of materials, voidage at minimum fluidization
was assumed to be €, = 0.42. This is the same as mixed round sand in Table 3,
Chapter 3 of Kunii and Levenspiel [1]. As no sphericity is provided, the particles
are assumed to be near perfectly spherical, represented by a sphericity of ¢; = 0.95.
These assumptions were made to simplify the model.
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3.2.1 Pretreatment and data curation

Since the feature data was obtained as a time series of values with one sample /minute,
with only one recirculation rate being obtained, the steady-state values had to be
obtained from the time series. This was done by averaging the ten samples before
the blowout test was started. The sampling time is one minute, making it an aver-
age of 10 minutes. The z-values for each explaining variable as well as the external
circulation for every data point was plotted as histograms in order to look for out-
liers. The z-values were calculated as previously described with equation 2.29. The
outliers were identified by having an absolute z-value larger than 3. All outliers were
manually examined, to see if any part of the calculation was done incorrectly. If the
calculation was wrong, it was manually fixed.

The standard deviations of each variable in the ten samples that were averaged
before the blowout test was also plotted, in order to look for non steady-state condi-
tions before the blowout test. If the standard deviation at one test was a lot higher
than other cases, it was manually examined, to see the cause of the issue. If the
values were changing over the sampling time, the plant can be assumed to not be at
steady state, making the average a poor representation of the boiler state, and the
data point was discarded.

3.2.2 Data analysis

After the initial data curation and pretreatment, the data was analyzed further.
First, correlation matrices were made, using both the Pearson correlation as well
as the Spearman rank correlation. This was done to show which variables had the
largest correlation with the external circulation rate, making them suitable predic-
tors, as well as if any variables were very correlated with each other, and therefore
redundant.

PCA was also done, encompassing all of the previous aspects. The scores of the first
two principle components were plotted to look for outliers as well as uniformity or
clustering of the data. The plot was also color coded according to which particle
was used, to see if the behavior of the boiler changed with different particles. The
loadings were also plotted to check for correlation between explaining variables, and
see how each explaining variable affected the scores. The plot could also be used
in combination with the color-coded scores to see how each variable was affected
depending on the particle used.

The final data analysis done was PLS. This was done for the same reasons as the
principle component analysis, as PLS produces similar results as PCA. However,
PLS does connect the feature variables with the target variables. Thus not only
showing the inherent structure in the feature data, but instead showing it’s connec-
tion to the target data.
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3.3 Physical model testing

Two of the physical models proposed, that being Merrick and Highleys empirical
correlation, and the decay-model, were tested to see how well they performed with-
out being implemented into a neural network. Both models were applied to the
entire data-set, in order to assess their accuracy. This was done to test the models
predictive power by itself, with the hopes of later confirming whether the application
of machine learning improved upon the physical models.

3.4 Neural network

The neural network was built up on layers of neurons, varying depending on the
parameters of the experiment. Each neuron has a ReLU activation function, allow-
ing the network to model non-linear trends. The number of inputs were chosen in
accordance to the data analysis explained in section 3.2.

In order to streamline the training process, the ADAM optimizer given by PyTorch
was used. Both weight decay, dropout and an adaptive learning rate was passed as
hyper-parameters to the optimizer. These hyper-parameters were tested at different
values in order to achieve the optimal regression model fit. In addition to imple-
menting physically based models, a pure black box (BB) model was also developed
as a benchmark.

3.5 Implementation of physical models

There were three different physical models considered for this project. The first
was the Merrick and Highley empirically derived correlation, the second was the
exponential decay model and the third was the PINN network.

3.5.1 Correction term model

The empirically derived Merrick and Highley correlation, Equation 2.23, was used in
combination with a NN in order to achieve a less data reliant model. The external
circulation predicted by the correlation was calculated using the input values of the
network. The Merrick and Highley correlation calculates elutriation for a specific
particle size based on primary gas velocity, the cross sectional area of the boiler,
the terminal velocity of the particles and the minimum fluidization velocity of the
particles.

As seen in subsection 2.3.2, the variables required for this computation are then
Ug bot> Lbottom, Liop, Ps and dp. Since the Merrick and Highley correlation assumed
a constant temperature throughout the boiler, the average of the bottom and top
temperature was used in Equation 2.11 and Equation 2.12. All 10 input variables
were passed onto the neural network, which predicted a correction term. The cor-
rection term is then added onto the correlation prediction, which lastly gives a final
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prediction from the network. The final prediction is the value the network then
learns to adapt it’s loss function to. This is visualized in Figure 3.1

,C = A[SE(G?TEUI; ytrua)

I~

*)

e NN y GNN >

3 G{:red

corr
GS

Figure 3.1: Correction term model.

3.5.2 Decay model

The exponential decay model presented in subsection 2.3.1 was also considered for a
CTM-setup. However, as presented in the results in section 4.3, the physical model
performed quite poorly by itself. Therefore, the choice was made to not incorporate
it into the CTM-model, and instead focus on other models. The reasoning for this
is explained more clearly in the discussion in section 5.3

3.6 PINN model

Last is the PINN model, which utilized the voidage, solid velocity and slip velocity
at the top of the boiler in order to find the flux. The network predicts the solid
velocity and voidage, which is then used to calculate the external circulation. The
two outputs are also used to compute the residual used in a PINN, mentioned in
subsection 2.7.2.

The inputs used for the physical loss were wop, Tiop, s, dp, AtTior and Fregire. As the
phenomnenon occurs at the top of the boiler, ug+,, was used in order to evaluate Cp
and Re,, and the temperature at the top was used when calculating the viscocity
and density of the gas.

The physical loss residual was normalized by dividing the solids velocity predicted
by 410, in order to achieve a dimensionless loss. This is mathematically repre-
sented in Equation 2.40 as the variable A\. This was then multiplied with a factor
a to make sure the physical loss was around the same scale as the data loss. «
was then varied as a hyperparamter during experimentation. The PINN-model is
visualized in Figure 3.2
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Figure 3.2: PINN model.

3.7 Experimental setup

In order to efficiently experiment with different configurations of the grey-box mod-
els, a standard configuration template was implemented, where hyper parameters
could be tuned. These parameters included input size, number of layers, size of each
layer, dropout rate, batch size, weight decay, learning rate, epochs, patience, which
physical model should be used or if one should not be used at all.

3.7.1 Train-validation-test split

To evaluate model performance, data is split into three groups. One is the training
data which is used to train the model. The second is the validation data used to
validate the performance on unseen data during training. This is an important part
of training, as it clearly shows when a model is prone to overfitting. In order to not
cherry-pick the model performing best on the validation split, the final split called
the test set is used on the best performing model to get a final evaluation of model
performance on unseen data. The split used for this project was 64% training, 16%
validation and 20% test.

3.7.2 Grid search

A grid search was executed in which different combinations of hyper-parameters
were tested. Each hyper-parameters was assigned a finite set of values, hidden
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layer sizes € [[32,32], (64, 32],[128,64]]; dropout rates € [0.1,0.2]; v € [le™3,3e™1];
n € [le73,3e73]; Model type € [PINN,CTM, BB] and « € [0.1,1,10]. The hyper-
parameters which were kept static were the Batch Size = 32, Epochs = 50000 and
Patience = 15000. The grid search then evaluated all possible combinations of these
values and saved models which had an R?, > 0.5. After the grid search, the models

val

which then had the best average R?,, and RZ, were picked for evaluation.

3.7.3 Cross validation

After the grid search had established the best performing models for each network
type, a cross validation was run for each of the configurations for the respective
models. For each of the three best performing models, 60 different splits (later
denoted as seeds) of the dataset were trained on in order to encapsulate the variance
in performance due to data partitioning. This variance is presented in section 4.5
as a violin plot.

3.8 Owen values

As can be seen later on in the results in Figure 4.9, the seed caused large variance
in model performance. Therefore, the Owen values were evaluated for the three
different kinds of models for four different seeds, resulting in Owen values for 12
different models. The Owen values were evaluated for the test set in order to explain
how the model predicts on unseen data. The hierarchical clustering however, was
done on the training set; to ensure that the feature correlations identified by the
model through training are the same ones that the Owen value calculation considers.
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Results

4.1 Data analysis

Here, the results from the data analysis are presented. Each figure is given a brief
explanation of what it represents, and interesting results are pointed out.

4.1.1 Correlation matrix

Two correlation matrices were calculated. One using the Pearson correlation as cal-
culated by Equation 2.27 and one using the Spearman rank correlation as calculated
by Equation 2.28. These are shown as Figure 4.1a and 4.1b respectively. T} and
T; are the bottom and top temperature in the boiler. Air,,;, Air; and Airy are
the total-, primary- and secondary air mass flow into the boiler. Flue,qc.. is the
recirculated flue gas mass flow, u, is the gas velocity in primary zone (bottom of the
boiler), AP is the total pressure drop from the bottom to the top of the boiler and
dy squter and p, is the particle Sauter mean diameter and density respectively. Gy is
the target variable, solid external circulation rate.
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(a) Pearson correlation matrix. (b) Spearman rank correlation matrix.

Figure 4.1: Correlation matrices for the data.

The two figures show quite similar results, showing that the correlation between
the variables is linear and monotonic. The largest absolute correlation can be seen

29
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between top and bottom boiler temperature, followed by the correlations between
primary air, total air and gas velocity. All of these are positive correlations.

4.1.2 PCA

PCA analysis is presented through two plots, the score and loading plot. They show
the location of each data point and variable in the space of the first two principle
components. They are shown as Figure 4.2a and 4.2b. The colorings of the dots
refers to the type of particle used in the boiler during each run, with the legend
describing which color is which particle.

PCA plot of scores in 2D PCA plot of loadings in 2D
4 D
b 0.8
3 [ . .
® . ;o fig,
0.6 |
21 ® ’ P2 e
°® o~ &luerecie
14 @ c = 04
o . 2
g o g e ﬁp‘saurer
E 024 .
1
-1 v &P &
@ Olivine 0.0 4
2] @ Jarnsand .
@ lmenite
Baskarp —0.2
-3 Silver @ irtuer
6 s ) 0 2 a 06 -04 —02 00 02 04 06 08
PC1 Component 1
(a) Score plot from PCA. (b) Loading plot from PCA.

Figure 4.2: Score and loading plots for PCA analysis.

The score plot shows a clear clustering based on particle type, with ilmenite forming
its own cluster and one Baskarp sand data point along with most of the silver sand
and all of the olivine grouped together in its own cluster. The other points are
grouped together in the main cluster, consisting mainly of Baskarp sand. The
loading plot shows that the gas velocity in the bottom of the boiler ends up in the
same place as the total air flow. Apart from that, the variables are quite well spread
out, with most of the flow related variables on the right side and temperatures
alongside secondary air in the top. The fuel spreader and flue gas oxygen also
represent unique variance in the dataset, since they are far away from other variables.

4.1.3 PLS

The PLS results are shown in a similar manner to the PCA results, with a score
plot and a weight plot. They are shown as Figure 4.3a and 4.3b.
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(b) Weight plot from PLS.

Figure 4.3: Score and weight plots for PLS analysis.

The score plot for PLS also shows clear signs of clustering, but only the Ilmenite
now stands as its own cluster. The copper smelter slag has one point outside of the
main cluster, but it only has two points and one of them is in the middle of the
main cluster. The weight plot shows the air mass flows and gas velocity as the main
features describing the external circulation rate. Flue gas oxygen concentration is
also close to pressure drop, unlike the PCA loading plot. The fuel spreader flow
however shows unique covariance, but with low loading values and low correlation

to external circulation
the total air.

. The gas velocity in primary zone has also separated from

4.2 Merrick and Highley empirical correlation

The results for the empirical correlation are presented in Figure 4.4, where the

straight line is Yirue = Ypred-
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R2=-1.671, MAE=1.846
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Figure 4.4: Result plot for Merrick and Highley correlation.

The R%-score of the correlation is -1.671 and the MAE is 1.846. Looking at the
figure, it can be clearly seen that Merrick and Highley often overestimates the flux.

4.3 Decay model

The results for the decay model are presented in Figure 4.5. The straight line is

Ytrue = Ypred-
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R2=-1.953, MAE=1.282
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Figure 4.5: Result plot for decay model.

The model has a negative R?-score of -1.953 and the MAE is 1.282, indicating that
it predicts worse than simply taking the average external circulation rate. Very few
predictions are close to the straight line, meaning that the predictions are not close
to the true value. Most predictions are lower than the true values, predicting near
zero external circulation, and some predictions are even negative.

4.4 Model performance

Performance results are shown in Table 4.1, with each of the best performing con-
figurations and their respective R2,,,R%_, and M AE. As the black box model did
not perform above a B2, > 0.5 more than two times, four PINN models are shown

val
instead.

The performance of the configurations for each type of model is presented in a scatter
plot of y,req against ys. on the test set, where the R% ., and M AFE are displayed in
title.
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Table 4.1: Neural network hyperparameters and performance.

Network Type | Hidden Sizes Dropout a v n R:, R:, MAE
PINN (32,32) 0.1 1 le-3 3e-3|0.6245 0.2462 0.5900
PINN (128,64) 0.2 1 3e-3 3e-3|0.6104 0.3306 0.5230
PINN (128,64) 0.1 1 3e4 3e-3|0.6034 0.3213 0.5120
PINN (128,64) 0.2 1 1e-3 1e-3|0.5692 0.4030 0.5190
CTM (32,32) 0.1 - 3e-4d 3e-3 | 0.5767 0.3798 0.4600
CTM (128,64) 0.1 - le-3 3e-3|0.5457 0.1780 0.5660
CTM (32,32) 0.2 - le-3 3e-3|0.5222 0.4066 0.4860

BB (32,32) 0.2 - le-3 3e-3]0.6351 0.3066 0.4710
BB (32,32) 0.1 - 3e-4d 3e-3|0.5334 0.3341 0.5250

@ loss weighting parameter for physics term.
7 weight decay parameter.

T overall optimizer learning rate.

ypred(kg/mQ/s)

R2=0.403, MAE=0.519

ytrue(kg/mQ/S)

Figure 4.6: Best performing PINN network.

The best performing PINN network generally predicts external circulation well, al-
though it can be seen that predictions worsen as the true external circulation value
gets higher. The largest outlier appears at the highest external circulation rate, in
which the network predicts a much lower value.
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R2=0.407, MAE=0.486
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Figure 4.7: Best performing CTM network.

Similarly to the PINN network, the CTM network also predicts lower external cir-
culation rates fairly well while underperforming as the true values increase. The
same outlier can be found for the CTM model.
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R2=0.334, MAE=0.525
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Figure 4.8: Best performing BB network.

Lastly, the BB model also performs better for lower external circulation values,
however, the performance is slightly worse than the two previous models. The same
outlier can also be found for the BB model.

4.5 Cross validation of performance

The results of the 60 different data-set splits are represented in a violin plot. Each
data point is shown as a gray marker and the width of the violin shows an increase
in the concentration of similar points. The average test R?-score is 0.376 for PINN,

0.362 for BB and 0.370 for CTM.
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R2 Distribution Across Models and Splits (Violin Plot)
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Figure 4.9: Violin plot of R2 performance values for each network.

It can be seen across all models that they generally perform better on the valida-
tion set rather than the test set. The key difference between the models is that
the PINN models assumes an asymmetric distribution for the validation set, having
more points overachieve the mean while only having outliers underperform. The
CTM and BB model tend to have a more symmetric shape, where overachieving
and underachieving outliers have the same spread on the validation set. As for the
test set, the asymmetric trend is even more apparent for the PINN model, while the
CTM model distribution is a little more distorted but generally keeps it’s shape and
the BB model assumes an asymmetric distribution as well.

A violin plot of the test set MAE of each respective model is shown in Figure 4.10.
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MAE Distribution Across Models (Violin Plot)
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Figure 4.10: Violin plot of MAE of each network.

The violin plots of the MAE for each model, although different, tend to be more
similar to each other than the R? violin plots are. In Figure 4.10 it can be seen that
for both the CTM and BB model, points tend to cluster closer to the mean than
the PINN model.

4.6 Owen values

As previously mentioned, the Owen values were evaluated for the PINN, BB and
CTM models trained with random seed 0-3. The Owen values are shown in Fig-
ure 4.11, Figure 4.12 and Figure 4.13, represented with both a swarm and a bar
plot. The swarm plot shows the Owen values for each individual variable and pre-
diction in the test set with dots, colored depending on if the feature value is high
or low relative to the rest of the dataset. This way, one can see how the feature
value affected the final prediction. The bar plot sums up the mean absolute Owen
value for each variable, showing which variables affected the prediction the most.
It also shows the hierarchical clusters where the feature variables share more than
50% explaining power.

Note that the clustering varies between the seeds since it is based on the training

data, which varies with the seed due to the random train-validation-test split. When
interpreting the result, consider the variance in model performance as well. The
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performance for all networks considered is presented in Table 4.2.

Table 4.2: R7, for seeds evaluated with Owen values.

Network Type | Seed=0 Seed=1 Seed=2 Seed=3
BB 0.270  -0.052 0.218 0.175
PINN 0.467 0.126 0.639 0.319
CTM 0.374 0.072 0.443 0.465

39



4. Results

High
T +0.25
Tv : : ]
Air, - e Te
T Air, +0.24
Ainy . ® Airy
=
AP [ Aireot
L
dp, sauter . % Ug, bot
Fluerecirc * AP
Airiot dp,sauter ‘
Ug, bot P
o - % .
? Fluerecirc +0.08
T T T T T T Low
-06 -04 -02 0.0 0.2 0.4 0.6 0.00 0.05 0.10 0.20 0.25

SHAP value (impact on model output)

(a) Swarm plot for seed 0 BB model.

mean(|SHAP value|)

(b) Bar plot for seed 0 BB model.

High
Ty oo e el es seecse T 014
Air, T Airy
Ao . KT LTI, Aireot
Airy wosmeaie Sw oles ° Airy
S
7 P A K] T
2P - o senpemen % ap
Fluerecirc . ‘l i Po
Ug. bot b Fluerecire
Pe R Ug,bot +0.02
Low
-0.4 —0.2 0.0 0.2 0.4 000 002 004 006 008 010 012 014

SHAP value (impact on model output)

(¢) Swarm plot for seed 1 BB model.

mean(|SHAP valuel)
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High

T
Tb C X Y - - b
Airy - = Alre
T . . sauter
Afreor R g ° o

=
Airy - wSene . [ T

e
p,sauter .. . = 2 Alrtot

@

. e w
AP g Ug, bot

o
Fluerecirc ke i Airy
Ug, bot et AP
-
Pp Fluerecirc
T T T T Low
-0.5 0.0 0.5 1.0 15 0.00 0.05 0.10 015 0.20 0.25 030 035

SHAP value (impact on model output)

(e) Swarm plot for seed 2 BB model.

mean(|SHAP value|)

(f) Bar plot for seed 2 BB model.
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Figure 4.11: Beeswarm and bar plots with Owen values for BB models.
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(c) Swarm plot for seed 1 PINN model.(d) Bar plot for seed 1 PINN model.
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(e) Swarm plot for seed 2 PINN model.(f) Bar plot for seed 2 PINN model.
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Figure 4.12: Beeswarm and bar plots with Owen values for PINN models.
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(a) Swarm plot for seed 0 CTM model. (b) Bar plot for seed 0 CTM model.

High
. +0.26
Ty . ce  Bes o

T

Airy coo ote. S

no

Airy
Airgor ..

dp, sauter

Joan> bupiaxs

Feature value

Pp
AP

Fluerecie

<0

Ug, bot

- Low
06 -04 02 0.0 0.2 0.4 0.6 0.00 0.05 0.10 0.15 0.20 0.25
SHAP value (impact on model output) mean(|SHAP value|)

(¢) Swarm plot for seed 1 CTM model. (d) Bar plot for seed 1 CTM model.

High
o = Ts +0.29
T B I T .
. i
Airy ¢ emcmsadic wm o weemos iry
T: dp, sauter
Airor o Pr &
Airy > Te 3
] o
AP . % Aot g
8 E
Fluerecre - Ug.bot u
Ug, bot Airy
o, sauter oo o EI . W 40,09
Pe g Flueecire +0.09
T T T T T T T Low
—0.75 -050 -025 000 025 050 075 100 0.00 0.05 010 015 020 025 0.30
SHAP value (impact on model output) mean(|SHAP value|)

(e) Swarm plot for seed 2 CTM model. (f) Bar plot for seed 2 CTM model.

High
T, .- combrie mdee o o & e To 025
T . 4% eemd sssfem s wmmsm s T
Air ceedlSR e cm o e . . Air
Airy o edrades Sotee Sue . ° Airy ;
E} a
AP . e s AP l
Ug, bot LRI i‘ﬁ: Ug,bot i
Flueyacire Slad 2o2e & P l
Airor o iaSge de o i w
o A . o
dp, sauter .. b %" dp,sauter ‘
Low

06 -04 02 00 0.2 0.4 0.6 0.8 0.00 0.05 0.10 015 0.20 0.25
SHAP value (impact on model output) mean(|SHAP value|)

(g) Swarm plot for seed 3 CTM. model(h) Bar plot for seed 3 CTM model.

Figure 4.13: Beeswarm and bar plots with Owen values for CTM models.
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One can note that in general, the temperature seems to be an important parameter
for the BB models, with a high temperature in the top, and low temperature in the
bottom leading to high external circulation. Secondary air does also seem to be an
important parameter, with high secondary air leading to a high external circulation
prediction. The primary air, total air, and gas velocity in the lower region, which
seemed to be good predictors in the correlation matrix, do not seem to be the most
important parameters. The other parameters, such as flue gas recirculation, pres-
sure drop, sauter mean diameter and particle density are generally not important.

The PINN models show the same general trends as the black-box models. Temper-
atures are once again the most important parameters, with high top temperature
and low bottom temperature maximizing external circulation. Secondary air is once
again very important, alongside the primary air, total air and gas velocity in the
lower region. Seed 3 is however interesting, since the flue recirculation is an im-
portant parameter and the air velocity in the lower region has a negative effect on
external circulation, but it is only the case for one seed.

For the CTM models, the same patterns shown in the BB and PINN models are

valid. Temperatures are still the most important parameters, alongside secondary
air.
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Discussion

5.1 Data analysis

5.1.1 Correlation matrices

The correlation between the gas velocity, primary air and total air as seen in Fig-
ure 4.1 is very logical. The primary air is the main constituent of the total air,
which in turn is the largest gas flow making it the main contributing factor to the
gas velocity. The largest correlations with the external circulation rate are also
those variables, which makes sense, since it is the air which drags the particles out
of the boiler. The higher the velocity of the air, the higher the solid velocity ends up
since it is dependent on the gas velocity through Equation 2.25. The temperature
correlation also makes sense, since both measurements are from inside the boiler,
and the fluidized bed particles increase the heat transfer in the bed. In general, the
matrices also generate very similar results, showing that the correlation between the
variables is usually monotonic and linear.

5.1.2 PCA

The clustering of particle types in the PCA score plot in Figure 4.2a can be explained
by the density and Sauter mean diameter being included as variables in the dataset.
It can also in some cases be explained by the boiler being operated differently, or
behaving differently. One example of this is the ilmenite cluster, which is in the
direction of flue gas oxygen concentration. This indicates that the ilmenite data
points has a high oxygen concentration, which could be explained by the ilmenite
being an oxygen carrier. The operation of the boiler was perhaps controlled to have
a higher oxygen concentration to ensure a correct oxidation state, or the oxygen
carriers meant that less oxygen from the air reacted in the combustion.

The PCA loading plot in Figure 4.2b is also interesting. The fuel spreader flow and
oxygen percentage in the flue gases show unique variance in the PCA-space which
is problematic since they were removed as variables. Losing unique variance in the
dataset could be problematic if that variance can be used to describe the external
circulation. The primary gas velocity and total air also end up in the same place,
showing that they in the first two principle components provide the same informa-
tion.
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5.1.3 PLS

In the PLS score plot in Figure 4.3a, the cluster with olivine and silver sand has
been incorporated into the main cluster, and only the ilmenite cluster remains. This
is probably due to the previously mentioned oxygen carrier property of the ilmenite,
as well as the ilmenite being the heaviest particle. The dots in the main cluster also
covers the latent space quite nicely, not leaving holes in the data which would make
predictions in those zones difficult due to the lack of data. There is a hole however
between the ilmenite and main cluster, which could lead to difficulties.

In the PLS rotation plot in Figure 4.3b, the flue gas oxygen concentration is now
shown in the same space as the pressure drop. This indicates that despite the oxygen
concentration in the flue gases having unique variance as shown by the PCA loading
plot, its covariance with the external circulation rate is represented quite well by the
pressure drop. The fuel spreader flow does however show unique covariance with the
external circulation rate, which could be problematic. However, the loading values
are low, showing a small impact on the scores. The fuel spreader flow is however a
part of the total secondary air flow, meaning that it is still represented in the model.
This does show a weakness in only having access to the total secondary air, since
secondary air inlets exist at multiple different heights in the boiler, and the position
of the flows could affect external circulation.

5.2 Merrick and Highley correlation

As seen in Figure 4.4, the empirical correlation did not perform well on the CFB
boiler. This issue most likely stems from the two systems being too different. Mer-
rick and Highely fitted their correlation to a system with a much smaller scale,
assuming a uniform temperature distribution, not introducing secondary air into
the system and using different particles. As all of these factors greatly impact how
fluidization behaves, it is no surprise that the correlation itself did not perform well
on the CFB dataset.

Merrick and Highley’s correlation is also made to be used on a distribution of par-
ticle sizes rather than one particle diameter. Simplifying the system to a single
particle diameter means the model will fail to capture the difference in terminal
velocities of particles. Smaller particles have a lower terminal velocity as shown in
Equation 2.9 and therefore get entrained and elutriate more easily. The accurate
terminal velocity at the exit height is therefore smaller since the particles there are
on average smaller than the total in the system.
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5.3 Decay model

The decay model similarly to the Merrick and Highley correlation unfortunately has
very poor performance. This can be attributed to multiple factors. Firstly, the
decay model was not made to model external circulation to begin with, but rather
external circulation. It was suggested to model the vertical distribution of solids
inside a CFB boiler, but the phenomenon of interest in this case is the solids that
are leaving the boiler. Therefore, the mass concentration at the exit height has
to be multiplied with the approximated solid velocity ugpor — u; and the back-flow
ratio 1 — k;, to account for the rate at which the particles leave the system and exit
geometry effects respectively.

For the approximated solid velocity, the terminal velocity in this case is based on the
sauter mean diameter, which does not consider the fact that there is a distribution
of diameters for the particles used. This leaves similar problems to using the sauter
mean diameter in the Merrick and Highley correlation and could explain why the
decay model so often predicts low or sometimes negative external circulation. A
potential solution to this would be to combine the exponential decay with a popu-
lation balance, not only showing the decrease in particles over the boiler height but
also the decrease in particle size over the boiler height.

The model also features two correlations based on experimental fits rather than
physical equations. The value of p, ¢t and ky are both from experimental fits. Al-
though data from the power central boiler has been used for both of the fits, there
is also a lot more data used from other CFB units, meaning that the values used are
not best fits for the power central boiler. Since both values are obtained from cor-
relation, the values also lack a physical background and are sensitive to data errors
in the data used to calculate the correlation as well as data outside the valid range.
This is particularly important since the back-flow ratio is a very important aspect
in order to predict external circulation. The back-flow ratio has also as previously
mentioned been shown to depend on local particle size and concentration, which are
not used in the correlation. This makes it difficult for the correlation to predict the
correct back-flow ratio.

The performance of the decay model is worse than the Merrick and Highley correla-
tion. The R2-score is also negative, indicating that the model performs worse than
just predicting the mean external circulation. The interpretation from this is that
the decay model does not help understand the system, and a CTM-model with the
exponential decay equation would be approximately the same as a black box. The
theory was supported by results from the CTM-models that were trained with the
Merrick and Highley correlation, a correlation which also had a negative R?-score.
This is shown in Figure 4.9, where those CTM-models showed very similar results to
the BB-models. Therefore, with the time frame of the project in mind, the decision
was made to not apply the decay model in a CTM setup, since it was assumed that
it would give similar performance to a BB-model.
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5.4 Model performance

The model performance from the grid search, presented in Table 4.1 show that no
model ever exceeds a R?,, score of 0.6245. This however, is not the case once cross
validation is introduced, as the test and validation performance vary drastically
depending on how the data-set split is done. The common denominator for each
model is that performance on high external circulation rates is in general worse than
for low external circulation rates. The data-set contains two high external circulation
data points, meaning the model will have a hard time adapting to predictions of high
external circulation. The drastic spread of performance over the cross validation
can then be explained by the fact that the high value external circulation points
either ended up in the training set or the test set. If they were in the training set,
the model did not have to predict those values during the validation process and
therefore performed better. If the opposite happened, it had no frame of reference
for those high values and therefore performed much worse.

5.4.1 PINN performance

It can be seen in Figure 4.9 that the PINN model has an asymmetric distribution
for the R? -scores, and even more so for the R% ,-scores. Unlike the CTM and BB
model, the PINN model trained under the assumption that the physics incorporated
into the training process were the absolute truth. These physics included such as-
sumptions as the terminal velocity of a particle being equal to the slip velocity. The
asymmetric behavior of the model reflects the fact that these assumptions can only
be applied to specific cases. Therefore, the model performs a lot better when the
assumption is correct, and a lot worse when it simply is not correct; leading to a
very asymmetric distribution of performance points. This might also explain why
the model performed worse for high external circulation values. High external cir-
culation implies more interactions between particles and therefore terminal velocity
is not the only force acting on every particle, meaning it won’t be equal to the slip
velocity.

This conclusion is also supported by the results from other studies where PINN’s
have been implemented. In Wu, Sicard and Gadsden [14] and Feng, Deng, Chaffart,
Yuan and Zhu [9], generalization and performance improves drastically as a conse-
quence of PINN being implemented. However, in their papers, the physics used are
well established within the field it is applied and therefore the network benefits in a
much more significant way. Fluidization physics is famously unpredictable, meaning
a PINN network can benefit from it in certain cases, but also perform worse if the
physics are not in line with reality [2].

5.4.2 CTM and BB performance

Given a correlation which performed worse than taking the mean of all values, the
CTM model trained as if there was no physics incorporated into the model. As
Merrick and Highley provided no relevant information to the neural network, it
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could only extract information from the data set, which means that it trained under
almost the exact same conditions as the BB model. This also explains why the
performance of the CTM model mirrors that of the BB model, as their performance
distributions are very similar. The slight deviation between distributions comes from
the fact that the CTM model had to correct the empirical correlation based on the
data, while the BB model had to predict the external circulation based on the data.

5.5 Owen values

Since all three models with all four seeds give approximately the same feature impor-
tances, the results can be considered reliable. In order to get more reliable results,
testing should be done with more seeds. One should also consider that the models
do not have the best performance, ranging from -0.052 to 0.639. Therefore, the
feature importances described by the Owen values for the different models might
not be the feature importances that best describe the actual physical system, since
the models generally do not describe the system very well.

5.5.1 Temperature

The big surprise from the Owen values are the large temperature values, both for
the bottom and top of the boiler. This is surprising since the temperature does
not have a direct effect on the particle external circulation, unlike the total air flow
which is what in fact blows the particles out of the boiler. This was also reflected in
the correlation matrices, where both temperatures had very low correlation with the
external circulation rate for both correlation metrics, and the total air flow was the
feature with the highest correlation to external circulation rate. A physical expla-
nation to the high Owen values could be the temperature dependence on air density
and viscosity. Since the air flows are given as mass flows, and the gas velocity is
dependent on the volumetric flow and area, the density is needed to convert from
mass flow to gas velocity. Therefore, the gas velocity is dependent on the tempera-
ture and mass flows (except for in the bottom, where the gas velocity is in the data).
The density and viscosity additionally affects the Reynolds number and Archimedes
number, which in turn affects the minimum fluidization velocity as well as terminal
velocity and therefore solid velocity.

However, what is strange about the temperature Owen values is that the top temper-
ature and bottom temperature affects the prediction in different directions. A high
top temperature and low bottom temperature gives a high prediction. However, the
top and bottom temperatures are extremely correlated, which also explains itself
physically due to both temperatures being dependent on the heat generation by the
furnace combustion. This leads to the effect of the temperatures in the prediction
often netting a lower effect than the plots visualize, since the effects tend to cancel
each other out. The temperatures could also be a description of the hydrodynamic
conditions in the boiler, since a high primary air flow would lead to cold air flowing
into the bottom of the boiler, lowering the bottom temperature. A high primary air
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flow would also lead to a higher oxygen concentration, which could increase com-
bustion and therefore temperature if the air-fuel ratio is low. Large heat transport
to the top could also be a sign of the fluidized particles being entrained into the top
of the boiler, carrying heat with them, and increasing external circulation.

5.5.2 Air flows

The secondary air mass flow also has very high Owen values, with high secondary air
leading to a high prediction. This is strange, since the primary air coming through
the bottom of the boiler is what fluidizes and entrains the particles. The secondary
air still increases the air velocity in the upper part of the boiler, but it is usually
not considered when modeling entrainment.

Another interesting result are the low Owen values for primary air mass flow, to-
tal air mass flow and gas velocity in the lower region, despite these variables being
the most correlated with external circulation rate by both correlation metrics. The
values are also as previously mentioned the most important when representing the
hydrodynamics of the boiler, since the primary air flow is what enters through the
bottom, causing the particle fluidization.

One explanation for the small impact of these three variables could be that these
variables are the ones that are the most correlated with each other except for the
temperatures. This also makes sense when considering the variables physical mean-
ing. The primary air is the main constituent of the total air flow, and the gas velocity
in the lower region is a function of the primary air flow, recirculated flue gas and
bottom temperature, with the primary air flow being the main factor. Therefore, all
three variables roughly describe the same behavior, and the behavior of the boiler
could potentially be described by either one of the variables. Since the variables
also affect the prediction in the same direction (higher feature variable value ->
higher prediction), the sum of the mean absolute Owen values for all three variables
could represent the fluidization effect better. To evaluate it properly, the model
would need to be retrained with only one variable, supposedly the primary air mass
flow or gas velocity in primary zone. The Owen values for the primary air or gas
velocity would then be an accurate description of the importance of the phenomenon.

If the sum of the mean absolute Owen values for all three variables are used, it
becomes comparable in size to the bottom boiler temperature and larger than the
secondary air. However, if correlated features are to be grouped, the temperatures
should also be grouped which would still make temperature the most impactful
feature. As previously mentioned, the models do not have the best performance,
making them not the best description of the system in question. However, the clear
trend of high absolute temperature Owen values shows that temperature is a poten-
tially underestimated feature of consideration when modeling external circulation in

fluidized beds.
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5.6 Sustainability

PIML implementation for fluidized beds shows promise in multiple aspects of sus-
tainability. Improved modeling makes better process control and optimization pos-
sible, which would lead to better energy efficiency and economic feasibility. In turn,
this could cause fluidized beds to become a more viable alternative for both energy
and material production, while having lower emissions.

The lower need for data compared to traditional machine learning is also important,
since this allows a reduction in experiments required to obtain data. Experiments
are usually quite expensive for large scale process units such as fluidized beds, and
reducing the data need therefore improves the economic feasibility.

The implementation of physical equations into machine learning, as well as the use
of explainable Al also leads to a more responsible use of data. It gives strong insight
into how a model operates, compared to a BB model which as its name suggests
is very hard or impossible to interpret. The insight into the model enables critical
analysis use of data, leading to a more ethical decision making.
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Conclusion

Fluidized beds are still hard to model, both due to lack of data, uncertainty of
data and an absence of physical governing equations. However, the project shows
that PIML is a feasible modeling method for fluidized beds with promising improve-
ment in performance compared to traditional machine learning. The pre and post
data analysis supports previous hypotheses regarding which factors are relevant for
external circulation such as primary air and secondary air, while also showing that
temperature might be a more important factor than previously thought. This should
however be researched further, since the Owen values were uncertain and disagreed
with the correlation matrix, PCA and PLS.

The grey-box models trained in this project performs slightly better than current
mechanistic models and show promise for further studies within the field. Future
projects should aim to improve upon the previously mentioned lack of data. In
section 5.2, it is shown that data from different cross-sectional areas and exit con-
figurations do not translate well over systems. In order to improve upon this, data
should be obtained from systems with different operating parameters, specifically
geometric differences. These include, for example, position of secondary air flow and
exit configuration. Investments could also be made into better measurement units
to improve the quality of the data by reducing noise. Lastly, efforts should be put
towards steady state measurements of external circulation. This allows for the use
of the many methodologies used in scientific machine learning which utilize time
derivatives, as well as the continuous collection of data which would make the data
set a lot larger.

Implementation of more advanced physical models could also reduce the need for
data, as a better physical representation could describe a large part of the system
by itself. For example, taking into consideration the particle size distribution and
the separation of particle sizes along the height through a population balance.

For future research projects, the population balance should be considered, as well as
other methods which consider the entire particle size distribution and the difference
in terminal velocities. The previously mentioned issues with data uncertainty and
scarcity also warrants a more extensive search for data in future projects, as well
as research into how physics in CFB boilers can be better measured to obtain more
reliable data. Additionally, further investigation into variable importance should
be done in order to confirm or deny the strong external circulation dependence on
boiler temperature, as well as the relatively weak dependence on gas flows.
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