Development of statistical models for optimizing
the performance of the electrostatic filter in a
waste to energy plant

Ma st er 0 SSpacekarth,and Envinonment

MOOKLADA CHAISORN

Department of Space, Earth, and Environment
CHALMERS UNIVERSITY OF TECHNOLOGY
Gothenburg, Sweden 2021






MASTEROS T ISEASEBARTHNAND ENVIRONMENT

Development oftatistical models for optimizing the
performance of the electrostatic filter in a waste to
energy plant

MOOKLADA CHAISORN

Department oSpaceEarth,and Environment
Division of Enagy Technology

CHALMERS UNIVERSITY OF TECHNOLOGY
Goteborg, Swedep021



Development of statistical models for optimizing the performance of the electrostatic
filter in a waste to energy plant
MOOKLADA CHAISORN

© MOOKLADA CHAISORN, 2021-01-29

Masterds Thesi s
Department of Mechani@nd Maritime Sciences
Division of Energy Technology

Chalmers University of Technology
SE-412 96 Goteborg

Sweden

Telephone: + 46 (0)3172 1000

Cover:
Lillesjoverket, a municipal wastféred CHP plan{Source: Wdidevalla Energi

Department oSpaceEarth,and Environment
Goteborg, Sweder021-01-29



Development of statistical models for optimizing the performance of the electrostatic
filter in a waste to energy plant

Ma s t e r GnsSpacefarth,and Environment

MOOKLADA CHAISORN

Department oBpaceEarth,and Environment

Division of Energy Technology

Chalmers University of Technology

Abstract

Process data for aelectrostatic precipitatorESP from Uddevella Energi ABis
measuredwi t h-h @wmre r es ol ut 23 predictofshwhicteare ash e
concentrations, steam productions, voltages, currBagsgas propertiegsolumetric
flowrate, temperaturepressure,oxygen, and water contejit and exhaust gas
compositions (HG CO, NG, CO; and SQ). The data is preprocessed by removing
outliers usingstandard deviatioomethod andMahalanobis distance, resulting in 3
different scenarios (sl1, s2, and sSB). avoid overfitting data in each scenario is split
into training and t& sets for 7 cases having differamiount of data itraining and test
set(i.e., the training/test set percentages of data wed&0, 5545, 6040, 6535, 70

30, 7525, and 8€r0). The mainpredictivemodels are linear regression asupport
vector mahines SVM). Each of them iadditionallyapplied withprincipal componat
andysis (PCA) andpatrtial least squas€PLS) for dimensionality reduction. Thus, there
are 6 models in totdl.e., Linear regressionRrincipal componentegressioNPCR),
Partal-least square regressi¢RLSR), SVM, SVM with PCA, and SVM with PL$.
From investigationscenario 2 with outliers removed l8yandard deviatiomethod
gives the best performance in most cases. For the prediction trend, linear regression,
PCR and PLR models have bad prediction at very low and very high efficiekéyh

all 23 predictorsSVM with PLS give the best prediction trend among 6 models, and
case 6535 provides the best performance WRNSE of 0.0035R? of 0.86, MARE of
0.26% and MaxARE of 45%. Featureseledion is performed to improve the models.
The best predictor combination to be removed is, 8@, H-0O, HCI, CO, Qwet, R,,
and NQ, leaving 15 predictors for the modeldnusual trend of SVM and SVM with
PCA from using all predictors ieeducedor even disappearedwhile all models get
improved wherthis reduced set of 15 predictors is uss&¥M with PCA model gives
best performance for all splitting cases with 15 predictors and cas@ pfovides the
best indicator values with the losteRMSE of 0.0029, highest?Rf 0.9161, lowest
MARE of 0.19% and MaxARE of 1.94%lhus, SVM with PCA model with 15
predictors using scenario 2 and case580is recommended for ESP efficiency
prediction.

Key words: Electrostatic precipitator (ESP), Liae Regression, Support Vecto
Machines (SVM), Principal Component Analysis (PCA), Partial Least Square (PLS)
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Notations

Upper case letters

A
C
(XA
IG(m,xj')
5

0|

Npe

Xi
Z

Effective collection area (M)
Box constraint

Mahalanobis distance

Gamma matrix, kernel function
Current

Epsilon loss function
Lagrangian loss function
Deutsch number, it = WA/Q
Flue gas flow rate (Afs)
Voltage

Particle migration velocity (mg)
ith observation on thgh predictor variable
Principal component

Lower case letters
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fil(Xij)
k
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W
W

Fitted coefficients

Scalarvalued function of the predictor variablgs
Dimensionless parameter with valinem 0.40.6
Residual

ith response

Predicted response

Mean response

Greek upper-caseletters

E

ar

Covariance
Loadi ng Yy &gt 6™ ofirst principal component

Greek lower-caseletters

Gh, U
(%%

CoCo g‘

VIiI

Lagrangemultipliers

kth coeffigent

Constant term in the model

ith noise term, or random error
Epsilon margin

ESP efficiency

Mean of the distribution

Slack variables

Apparent dust resistivity
Standarddeviation of the distribution
Covariance of X and Y
Transformation that mapsto a highdimensional space



1 Introduction

As environmental regulations on air quality standards have become increasingly
stringent over the past few decades, the removal of particukzter (PM)entrained

in the flue gases from various industrial combustion processes is of vital importance.
An dectrostatic precipitator (ESP) plays a significant role to do this task. It is the most
commonand highly efficient device that is used tmtol and relucePM suspended

in the flue gas stream by mean of electrostatic foOEEB® has ability to treat large gas
volume at high removal efficiency up to 99.9% with low pressure dropmaintain

high performance of ESP is importaftws, it beomes the interesof this thesis on

how to bring technology to help thisogetherwith day-to-day operation in the plant

The main interest i® usemachine leming as a techgue to fird carelatiors between
operating pameters that ftuence ESP perfornmae.

Machine learing brings bgether statistics and computer science to enable computers
to learn howto do a given task while not being programmed to dd kealgorithmis

a trialanderror processising computational methods to learn information dihe
from dataand find a modelthat fits the data as best as possiate then make
predictions basedmothat. For exampls, one canuse machine Bning to predict
weathertemperature based ora set ofrelavantmeasurediatg or predict sales based
on many importantfactors or evenuseit for imagerecognition and fraud detection.
There area lotmoreindustrialapplications thait can be appliedwith the potential of
machinelearning, ESP process datan be used ttrain predicive modelsand then
these models can be usedpredictESP efficiency to ensurehat it isoperated with
good performance @o be aware of bad performance that may odaare speciftally,
the moded use relativgparameters thabave an impact on ESP penfioanceas predicto
variables for effiency predictiorin this work,the models inecldeobserved parameters
which areashconcentratiog oxygen and water content, aaghaist gas compositions,
together with operating parameterssuch as gas propertiggolumetric fowrate,
temperaturg andpressures)and electric fieldvoltage and current)'lhe models are
best to be used for exploratory purpose®srderto see thatvhat kind of predictors
influence theESPefficiency in what wg and in what extenin other wods, to use
these modelsnes nug knowthevalues othepredictor variableand must know under
which conditions th&SP is operating at a given momeiithe usage of themodels is
not to predictvhat will happen in the next meent, but to prop@smodels obperatim
(i.e., combination of parameterjat theESP can work better.

The simplest modelpically used in engineering applicatiolsdinear regression that
describes aesponse as a linear function of one or more predickbose advaced
modek such as Spport Vector Machine (SVMgan be usetbr nonlinear regression

to find deviation from the measured data by a small amount, with parameter values that
are as small as possible to minimize sensitivity to erfn. the other &and,
dimensionality eduction €chniques such &rincipal Component Analysis (PCAhd
Partial leassquaregPLS) are commonly applied when dealing with higimensional
data.PCA usesorthogonal transformation to convert a set of observations of possibly
correlded variabls into a st of linearly uncorrelated variableBLS regression is a
technique used with data that contain correlated predictor varidlitesPCA, this
technique costructs new predictseias linear combinations of the original predrsto
however, PLS castructs hesenew predictors byonsidering the observed response
values Thisgives PLS reliable predictive power.

CHALMERS, Space, Earth and Environment Ma st ésr 6s Thes 1



This thesis aims to develop statistical modelspredict ESP performance using

machine | earning aleg@drlie@hmsi macdelds oar s ulpiem e
regression and support vector achdchi aralrley
applied to both models to redurce wWsenknisnol
predictinbhefworck eincyexecutedThei bogsy MATL AB
of thiasteetudyesti gater abgy mondelgeher ambnezabi
exameihfeect of outlietheembdVakct mefhdadsaai amnad
val i daast ivognlelr fsmesnns i t i vi ty anal gsiss of operat
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2 Theory

This section aims to introduce the reader to the knowledge required to understand and
interpretthe results of this work. Firstlygn overviewof an electrostatic precipitator
(ESP) is presented. Secondéygeneral overviewtypes and techmjuesof machine
learning are presenteébllowed by detailed descriptionf @ach modelsed in this

study.

2.1 Electrostatic Precipitator (ESP)

An electrostatic precipitator (ESP) is the most comiaeh highly efficient device that

is used to control and redelPM sugerded in the flue gas stream by meant
electrostatic forcesESP hashe ability to trea large gas volume at high removal
efficiency up to 99.9% with low pressure drop. There are two main components inside
an ESP chamber which are higbltagedischarg@ dectrode system and a series of
neutral grounded collection plates. The high negativéiage provided by a
transformerrectifier (TR) set is applied to the discharge electrode creating an electric
field in the space between the electrode asibction plates(Figure2.11). When the

flue gas enters an ESP, the dust particles are charged negatively by mobile ions
generated at the high voltage electrode. The electrostatic force created by the electric
field on tre charged particles results in accelerating of the particles towards the
collection plates. The charged particle impacts the collection surface where it sticks and
loses its charges. With more and more particles, an ash layer is formed. The layer i
removel by rapping the plates, causing the dust to fall into hoppers located below the
plates.*-#

Transformer-Rectifier
(TR)

’ High Voltage Electrode
Rappers o Dust Particle

® Charged Dust Particle

Particle Free
ri/\‘Flue Gas Out

/ ,,_/\ Particle Free
| /f _4/ Flue Gas Out
”
,//
8y Collection |
@/ o
%5 Plates *
S (2 o
L
Flue G;s Hoppers
with Dust

In

Belt

Electric
Field

Flue Gas with
Dust In

Figure 2.11: ESP operating principle and main componéfits
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A well-known DeutschAnderson equatiors the smplest equation for estimating the
ESP collection efficiencylt is based on many ideal assumptions which are uniform
size distribution and no particle-emtrainment. It considers the particle dielectric
corstant, but not the resistivity which tee mostcommon factor considered when
designing an ESMMatts-Ohnfeldt equation is a modified Deuts8nderson equation
which is more commonly used for an ESP des@g shown inEquation (2.1) It
includes an addinal exponent of a dimensionless paedenk which ranges from 0.4

to 0.6 depending on the dust properties and standard deviation of the particle size
distribution. It is used to provide a more conservative estimate of the removal
efficiency 358l

-b p Qwno primb (2.1

where

Npe is the Deutsch number thigtNpe = WA/Q

A'is the effective collection area fn

Qis the flue gas flow rate (ifs)

W is the particlanigration velocity (m/s)

kis the dimenginless peameter with value from 0-40.6

Apart from the design parameters in Mditsnfeldt equation, a literature reviéW

shows that ESP performance can be influenced by several operating parameters such as
gas properties (velocity, temperature, dgngressire and humidity), PM properties

(size density, concentration, velocity, shape, adhesivity, resistivity, and dielect
constant) and electric field (voltage, current, and electric field strerfgmh)}oltage

and currentEquation(2.2)shows tte relatioxshp thatis often found in many industrial

ESP with¢ ¢. A higher collection efficiency can be achieved when tis Es
operated at the maximum available voltd@.

— %0 (2.2)

ESP performance is affect edl(Fidue2lt2hor appar en
good per f or ma nsvatue shduld be withinyfGne SxP6qm. The dust
resistivity can be affected lmas temperature, water content, and the gas composition.

Usually, the pa k v a |y appear®dt 15p00°C. 1©

High :
| Collection efficiency
|

Voltage

Current

Low

Low Electrical Resistivity High
. Unstable Function
du%’{g}:ﬁgplﬁxsgs~‘ N charging loss ckie 10
<+——— Normal ar - *+Rack o
bhenomenon Declining Back corona

efficiency phenomencon

Figure 2.1.2: ESP collection efficiendy?! ©!
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Morle t er at & ¥'2°%$rhewiE&Rwetidiency increased with decreasing air
flow velocity, increasing of gas temperatuiacreasing of applied voltage, and
decreamg in gas volume. One parameter reddte the gas volume is oxygen content.
Significant variations in oxygen may indicdéege swings in the gas flow rate that may
decrease ESP performan&é For gas temperature, it can affect the resistivity of the
particulate. It can also affect the gas properties to such an extent that they will change
the relative levels of voltagend current and the density and viscosity of the gas stream,
which affect particle migration parameteté1®

ESP operation depesan electronegative gases (such as oxygen, water vapor, carbon
dioxide, and sulfur dioxide/trioxide) to generateséiiective corona and to transport the
electrons from the discharge electrode to the collection plate. The presence of one or
more of thesg@ases is necessary to enhance ESP performance, and the relative level in
the gas stream is not always important t®EPeration. In most processes, these gases
are available. For Cand Q, they are often monitored on combustion sources as a
measure ofxxess air and combustion efficiency and not as an indicator of the potential
ESP operation. The presence of waterovapnd/or acid gases may be useful as
resistivity modifiers or conditioners, and they may be necessary for proper ESP
performance. On thetlver hand, they may cause a sticky particulate that is difficult to
remove, for example&5Q; generationn an ESP sevicing kraft pulp recovery boilex
Moreover, paicle concentrations are usually measured. The difteréetween the
amount of materialtathe inlet and outlet of the gas streams presithe basis for
removal efficiency calculation8®

These literature reviews present the importafia@ach operating parameter as well as
how they may relate or affect to one another. In this studyraleygerating parameters
mentioned above are seted to analyze their influence on the ESP collection
performance. These parameters are ash concentrations, steam production, voltage,
current, volumetric flowrate, temperature, pressure, oxygen and watemtoand
exhaust gas compositions (HCI, CO, §OCQO and SQ). For simplicity, only
parameters that nabe measured easily and continuously are taken into account in this
thesis work. Since laboratory tests are needed to analyze those important particula
properties such as resistivity and particie glistribution, they are discarded.

CHALMERS, Space, Earth and Environment Ma st ésr 6s Thes 5



2.2 Machine Learning

Machine learning algorithns a triatanderror procesghatuse computational methods
to learn information directly from daand find a model thdits the data as best as
possible The goal of this model training procedure is to develop a model thatadea
accurate predictiorsn new, previously unseentdal hevariousalgorithnms adaptively
improvethe modelperformance Wwen there are more saraplavailable for learning.
There are two types of machine learningpich are unsupervised learningand
supervised learning/arious algorithms for each categomg alown inFigure2.21.

MACHINE LEARNING

vy

~

"y

SUPERVISED UNSUPERVISED
LEARNING LEARNING
s N N -
CLASSIFICATION REGRESSION CLUSTERING
- J o\ J .
s N ~ -
Support Vector Linear Regression, K-Means, K-Medoids
Machines GLM Fuzzy C-Means
. vy A vy M
' . ™y ' ™ e
D';::mrm.am SVR, GPR Hierarchical
nalysis
p. / AN J \
e N ~ -
Naive Bayes Ensemble Methods Gaussian Mixture
\. J J \
- N ~ -
Nearest Neighbor Decision Trees Neural Networks
\ J J N
' ™ 4

AN

Neural Networks

S

A

Hidden Markov
Model

Figure 2.2.1: Machine Learning Algorithm&®!
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2.2.1 UnsuperivsedLearning

Unsupervised learning finds hidden patterns or intrinsic strestn data. It is used to
draw inferences from datasets consistifgnput data without ladled responses. The
most common technique for this type of machine learnii@justering It is used for
exploratory data analysis to find groupings in data. &pgibns for clustering include
gene sequence analysis, market resgand object recogniti. ¢!

2.2.2 Supervised Learning

Supervised machine learnimgms todevelopa model that makes predictions based on
evidence in the presence of uncertaifttyalgaithm takes a known set of input data
and known responses the data(output) and trains a odel to generate reasonable
predictions for the response to new datather words, trains a model on known input
and output data so that itrcgeneralize byredicing out of training sampleutputs.

By comparing the model outpto the true output dat the algorithm can improve the
statistical model and minimize the erfmetween the two outputSupervised learning
uses classification and regsion techniqueto develop predictive model¥]

Classificationtechniques predt categorical responsegich is the response typleat
can be labeled to belong orcertain group Classification models classify input data
into categories. Typical applications indki medical imaging, image and speech
recognition, and credit scorinfRegressiotechniques pedict continuous responses
such as numerical or signdige d data Typical applications include electricity load
forecasting and algorithmic trading!

This studyaimsto generate statistical models of the electrostatierfilt a waste to
energyplant with high modelling accuracy herefore,machine learninglgorithms
based on supervised learnilage selectedAs all data is available as continuous
varialdes, regression techniques will bgedwith the main focusn LinearRegression
and SupporVector Machine (SVM)Thesearefurther explained in the next section.

2.3 Linear Regression

A linear regressiois amodel describéthe relationshigpetweera depemlent variable
(or response, y) and one or mamdependent variablgsr predictors, X)Suppmse that
there is a design matrof n observationon p predictos. A response yof theith
observatiorcan be expressed as a function of predickpmn thatobservation. If there
is only one predictor in the moded € 1), it is called a simple lineaegression model.
If there are more than omeedictor it is known as anultiple linear regression model
which can be described asfunctionshown in a followmng equation.

w I IO 1T E o - "Q pfB I C®

where

yi is theith response

bk is thekth coefficient

bo is the constant term in the model

X is theith doservation on thgh predictor ariable,j = 1, ...,p.
Qis theith noise term, orandom error
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In general, a linear regression model can be a model of the form
w T I Q@ hd B - 0 pMB I c8
wherefk(Xj) is a scalawvalued function of th@redictorvariables Xj;.

The functiond(X) canbe in any form including nonlinear functions or polynomials.
The linearity in the linear regressiorodelsrefers to the linearityfahe coefficient$.
That is,the response variables a linear function of the coefficients.

The usual assumptions for linear regression modelshatehe noise termgU) are
uncorrelatedhaving independent normalistributionsof zero mean(E((J) = 0), and
constanwvarianceV(() 3 as&hown in equation &.and (26). The \ariance ofy; is
the same for all levels ofj and he responseg are uncorrelated.

0w O Qo b B - Qo K B C®
AR I T B O WAN AN 1 - H1 ) - o - , CH

The fittedlinear function isn the formof an equation (2)

~

® ®Q O K MR "Q ph8 R &

wherew is the estimated response dndre the fitted coefficients

The coefficients are estimated to minimize the mean squared difference between the
prediction vectowand the true response vecypithat is @ « 7F¢. This method is
called themethod of least squarednder the assnptions on the noise termseth
coefficients also maximize the likelihood of the prediction vector. In a linear regression
model of the forny = bX1 + b2Xo + ... +BpXp, thecoefficientby expresses the impact

of a oneunit change in predictdX; on the mean of the responseyk; (provided that all

other variables are held constant. The sign of the coefficient gives the direction of the
effect.[17:18.19
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2.4  Support Vector Machines (SVM)

Support Vector Machines (SVM) issaipervised learning algorithwhich can be used

for both clasdication and regression problems. These are also known as support vector
classification (SVC) and support vector regression (SVR), respectivalyisisection,
detailed description of SVR will be the main focus, as it &luss predictive models in

this study.

2.4.1 Support Vector Regression $VR)

Support Vector RegressiolsVVR) hasthe flexibility to define how much error is
acceptable in a moddt constructs dyperplanen multi-dimensional space to fit the
dataset in thedst possible wawith a predefiied or threshold error valu€? SVR is
different from a simple regressiama sense thaimple regression tries to minimize the
error rate while SVR model tries to fit the error within a certain threshold.

Several impdant terms associated with S\&e presented as follows:

Kernel is a function used to map a lowdimensional data points into higher
dimensional data points. There are many types of kernel such as Polynomial Kernel,
Gaussian Kernel, Sigmoid Kernel, etc.

Hyperplane In SVM, a hyperplagis a line used to separate tdata classes in a higher
dimension than the actual dimension. In SVR, a hyperplane is a line that is used to
predict continuous value.

Support Vector Data points that lie closest to the boand The distance of the points

is minimum or least. The suppe®ctors can be on the boundary lines or outside it.
Boundary Lineare two parallel lines drawn to the two sides of Support Vector with the
error threshold value J. These lines create a ngar between data points.

Chamderistics of SVR are usage oétels, absence of local minima, and capacity
control on margin. It contains all the main features that characterize maximum margin
algorithm.[?Y The Figure2.4.1 shows an examplaf onedimensional linear regression
function with epsilon intensive ban8lack variables3) measure the cost of the errors

on the training points. These are zero for all points that are inside the band.

y « Minimize:

"+ cZ (& +¢&)
i=1

1
|
p=ux+b T 2

£ » Constraints:
v,—wx,—b<e+ &

wx, +b—y, < E—I—;f

o [
5i+Si = 0

X
Figure 2.4.1: One-dimensional linear regression with epsilon intensive bafd
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2.4.1.1 Linear SVM Regression: Primal Formula

Fora training dataet that hag, as amultivariate set oN observations witlobserved

response valueg, the goalof SVRis to find a functiorf(x) that deviates from, by a

value no greater t harand@ttfesame eredshas flatras i ni n g
possible. Linear functiof(x) with the minimal norm valueb®) can ban a form (28).

Together withslack variablesthey allow regression errors to exist up to the value

of 3n anda‘n. This leads to the objectianction, known as the primal formula g2%*

24 SVR is formulated as minimization of the following functional:

ROIA TSV A cq
or Hros o, c&
C
subject taollowing constraints

Iniyal (xNjb )® Bh + 3
b n: (alBj+ b) 1 yn OU+ 3n”

I nian OO0

InnanO 0

The constan€ is the box constraint, a positive numeraue that controls the penalty
imposed on observations that lie outside the epsilon matgin(l helps to prevent
overfitting (regularization). This value determines the trafidetween the flatness of
f(x) and the amount up to which deviations larganUare tolerated.

The | dinseasitive logs function ignores errors that are withiistance of the
observed value by treating them as equal to zero. The loss is meaaseeddob the
distance between observed vayjuend theJboundary. Thisan bedescribeds:

Tt EgE Qws -

O 9 0ps - 1 OEAOXEOA (210)

2.4.1.2 Linear SVM Regression: Dual Formula
As for the dual formula, a Lagrangian function from the primal fundsaronstructed

by introducing nonnegative multipliets, andU , for each observatiox,. This leads to
the dual formula, wherié minimizes

0|

p
c | P p

subject to theonstraints

B | | * s
I n: @100
! n: ok @C

Theb parameter can be completely describe@ disear combination of the training
observations using the equation

I | | f o Ne
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The function used to predict new uak depends only on the support vectors:
Qw | |7 0w ¢P o

The KaruskKuhn-Tucker (KKT) complementarity conditions are optimization
constraints required to obtain optimal solutions. For lineaMS¥gression, these
conditions are

I n: Ch(O+ ani yn+ xaMj+ b) = 0

b Gy (O30 +yaT XaMji b) =0
Inan(CT U)=0

fnia' (Ci ) =0

These conditions indicate that all obse¢imas strictly inside the epsilon tube have
Lagrange multiplierst,= OandU, = 0. If eitherUyor U, is not zero, then the
corresponding observation is calledupport vectar

2.4.1.3 Nonlinear SVM Regression: Primal Formula
Some regression problems canrmg@uately be described using a linear modedubrin
a case, the Lagrange dual formulation can be extended to nonlinear functions.

A nonlinear SVM regression moden be obtainely replacing dot productMj with

a nonlinear kernel functioB(x1,x2) = <(i(x1),l(x2)>, wherel(x) is a transformation tha
mapsx to a highdimensional space. Table below describes several semidefinite kernel
functions.!?¥

Table2.4.1: Kernel functions

Kernel Name Kernel Function
Linear (dot product) | "Owho  wad
Gaussian "0 who AP o o
Polynomial "0 Wit p ww , where q i s |

TheGram matrixis ann-by-n matrix that contains elements,j= G(X,x). Each
element;,jis equal to the inner product of thgedictors as transformed Gy
However,it can use the kernel function to generate Gram matrix directly. Using this
method, nonlinear SVM finds the optimal functigk) in the transformed predictor
space!??
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2.5 Principal Component Analysis (PCA)

Principal Component Analysis (PCA) is an unsupervised statistical technique that uses
orthogonal transformation to convert a set of observations of possibly correlated
variables into a set of values of linearly uncorrelated variablespttisarily used for
dimensionality reduction in machine learniogreduce multidimensional data to lower
dimensions while retaining most of the informatiGad

Model overfiting isa frequenproblem associated with high dimensionality. If a model

Is overfitting, it loses the ability to generalize other observations beyond the training
dataset. This makes it much harder for the model to predict the response correctly when
dimensionéity of the dataset increases. To avoid such a problem, PCA is applied
remove redundant features so that the model becomes more efficient as PCA helps
boosting the learning rates and diminishing computaticosts 2%

PCA transforms an-dimensionalfeature space into a newdimensional space of
orthogonal componentsalled principal componentBrincipal componentsaveaxis
direction that minimizes projection error améximizesvariance The total number of
principal compnentsgenerateds equéto the dimensionality of the feature s&hey

are determined in ordef decreasing variance. It means that the first principal
componentaptures most of the variandée second principal component is the
direction ofmaximum variance which is not ammted by the first component and so
on. For a given dataset withobservations ang predictors X*, X2..., XP), the principal
component can be expressed as follows:

) ) ) » E ) (2.14)

where Zisf i r st pr i n c ipsahke loadingwectomcempriising ofiloadings

( &, 2a éPh ofdirst principal componeniThe loadings are constrained to a sum
of square equals to 1 as large magnitude of loadings may lead to largeevdtiatso
definesthe direction of the principal component (Z*) along which data varies the most.
It results in a line ipdimensional spce which is closest to tmeobservations.
Closeness is measured using average squared Euclidean distanég. X, &P are
normalized predictors that haweean of zero and standard deviation of one. Similarly,
the second principal component can be caebirom (214) by replacing 2a n d?

( & 20 €")intd the equatior?”

Figure2.5.1 shows an example of principal components in-tivaensional data. The

blue dots indicate original data. The black vectors are principal componeetsitgel

by applying PCA. The size of theaters indicates how much varianis explained by

that component. Since the two components are orthogonal to each other, it means that
they are uncorrelatef’
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Second principal component

irst principal component

T T T T T T
6 4 2 0 2 4 6

Figure 2.5.1: Principal components for twdimensional dat&”

PCA reduces dimensionality by discarding the principal components beyond a chosen
threshold of explained variande.general, the threshold can be @6 depending on

the datalt aims tocapturethe maximum amount ofariance with the fewest number

of components-or example, suppose tliae dataset hasobservations witlp predictor
variables. The correspondingripal components will b total of p axes As shown

in Figure 2.52 below, the principal components are plotted with their explained
variance,but here the first $out of p) principal components explain more than 95%
varianceof the dataSince thdransformed variables contaatmog the same amount of
information asn the original datathe rest components can be discarded if the chosen
threshold is 95%n such a case, it would be assumed titcomponents that contain
the last few percent of explained variance are likely toessmt noise more than
information.

100 — . . . . ; . ; — 100%
I Componentvariance
20 Cumulative variance P 190%
80 [ — 180%
o~
/,./'/
g ™ P 170%
c yd
&L 60r - 1 60%
& y
> s0f 150%
D
c 407 1 40%
@ ,
& a0 130%
LLI
20 1 20%
10 1 10%
0 0%
1 2 3 4 5 6 7 8 9

Principal Components

Figure 2.5.2: Explained variance of principal components in higjimensional data
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For a matrix X of n observationgandp predictorsthe dimensionally reduced form is
given by:
a W P v

To reduce dimensionality of data, the fikstolumns of then x n matrix areselected
to form n x k matrix . Since is k x n matrix andx® is n x 1 vector, the
productz? is k x 1 vector with reduced dimensions. Tagproximate reconstructian

the higher dimension can be computed from the followipgagon, giving X®approxas
n x 1 vector with the original number of dimensions.

w ta P o
In order to detemine the number of proipal components that are retained during the
dimensionality reduction, the following two metrics are considerée. objective of

PCA is to minimize the projection error given by (2.&and the total variation in the
data is given ¥(2.18).

P . .

¥ W W

A C® X
P .
= W
A P Y

The rule of thumlis, choose the smallest valuekpBuch that,

B o o

it o)

8t pé ip b ¢ w
BB m &
n

That is99% of the variance is retaineds acongguencethe number of dimensions

reduced isignificantsincemany features are highly correlat&@kenerally, values such
as9 51 9wvartance retention are usétf

2.6 Partial Least Square (PLS)

Partial leassquaregPLS) regression is a technique used with data that contain
correlated predictor variables. This technique constructs new predictor variables,
known ascomponentsas linear combinations of the original predictor variables. PLS
constructs these componentsil@ considering the observed response valliéss

gives PLS reliable predictive powé®d

Partial leassquaregPLY) is different frommultiple linear regressioand PCA that it

takes response values into account. Multiple linear regression finds a combination of
the predictors that best fit a respanB€A finds combinations of the predictors with
large variance, reducing correlations. However, PLS finds coutidmsa of the
predictors that have a large covariance with the response values. Thus, PLS combines
information about the variances of both thredictors and the responses, while also
considering the correlations among thé&h.

14 CHALMERS, Space, Earth anBnvironmentMas t er 6 s Thesi s


https://se.mathworks.com/help/stats/linear-regression-model-workflow.html

Partial least squares (PL#odel is based on the principal components on both the
independent data and the dependent dd idea is to find the principal scoresiof
A and®N A and use them to build a regression model between the scores. PLS
reg?res;]sion Is basexh the basic latent component decomposition and can be expressed
as 30,3 .

© Y 0 (2.20)

® Y O (2.21)
The matrix X is decomposed into two matriced, s which is the matrix that
produced linear combinations (scores) and M s which is matrix of coefficient
referred as Moading, plus an error matr@~ a . Similarly, Y is decomposed into
T,0 va (Y-loadings) andOv s (random errors). The matrix Tften
denoted as o6l atent var i aeblineas dombnation® asc or es o
follows (3031

YooOow (2.22)

where W are referred as the weights. There are many different approaches of finding
W. One of that ishe statisticallynspired modification of PLS (SIMPLS). The criterion
of SIMPLS & stated as:

0 AOCIvAD, 0 (2.3

subject ta) 0 pot 0o mw for j1 = 1, €&, Kk
where ware the columns of Whal,,  is the covariance of X and Y.

When T is estimated, loadings are estimateardaynary least squares for the model
(2.21). The regression matrix for PLS is formulated as

f WL (2.24)
Since . .
® Y O dOwo 0 O (2.25)

The latent components are then used for predidgtigniace of the original variables:
once T is constructed,'@s obtained as the least squares solution of Equatiaf)(2.

0 YY YD (2.26)
and the fitted response mattixmay be written as
® YYY YO (2.27)

For an uncentered raw observatiorethe predictiory of the response is given by:

N U © RN
wé—waeoooé—w g Y
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2.7 Outlier Detection

Obseved data usually are multidimensional that has higher chance of having unusual
observations. Thproblem is that a few outliers is always enough to distort the results
of data by altering the mean performance, increasing variability, etc. Therefore, outlie
detection shoulddof concernlin this section, outlier detection Isyandard devison
methodand byMahalanobis distance are mainly discussed.

2.7.1 Mean and Standard Deviation Method

One of the mostisplest statistical todd for outlier detection is th&-score whichthe
mean and standard deviation of the residuals are calculated and canZpaceck
indicateshow far the value of the data point is fromntean for a specific feature. A
Z-scorewith value ofl meanghatthedatapoint is 1 standardeviation away from its
mean. TypicallyZ-score values greater thaf or lessthan-3 are consided outliers.
[32 7-scorecan beexpressed a®llows:

Wl we S G— c& O

wherel is the standard deviation a“ds themean of the distribution of featuxe and
Xi is the value of théeatue x for theith sample.

However, this method can fail to detect outliers since all the outliers increase the
standard deviation. The more extreme the outlier, the more the standard deviation is
affected Figure2.7.1 below shows outlier detection by this method in which data points
within 3 standard deviations are remained.

U — 30 U U+ 30

4t 4
2r .
i [ : Y
-3 -2 -1 3

0 1 2

Figure 2.7.1: Outlier detectiorby mearandstandard deviatiomethod
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Outlier deteabn based on simple statistical tools generally assume thdtdaheaes

have normal distributions while neglecting the correlation between features in a
multivariate dataset. More advanced method for outlier detection based on machine
learning can handleorrelated multivariate dataset, detect abnormalities withim,the

and do not assume a normal distribution of the featé#e®ne method is to use
Mahalanobis distance as explained in the following section.

2.7.2 Mahalanobis Distance

From geometric point ofiew, the Euclidean distance is the shortest possible distance
between two points. However, the Euclidean distance measure does not consider the
correlation between highly correlated variables. It assigns equal weight to such
variables. Consequently, coraged variables get excess weight by Euclidean distance.

An alternative approach is Mahalanobis distance that scale the contribution of
individual variables to the distance value according to the variability of each variable.
This approach differs from Elidean distance as it considers the correlations between
variades. The Mahalanobis distance is a measure between a sample point and a
distribution which represents how fars from the mean in number of standard
deviations.This measure can be used @edt outliers if there are any outliers that do

not behave as normal as usual observations at least in one dim&hsidfahalanobis
distance from a vectorto a distribution with meaa and covariancé is defined by

the fdlowing equation(2.30). If the covariance matrix is the identity matrix, the
Mahalanobis distance reduces to the Euclidean dist&fce.

0 o ot o (2.30)

2.8 Statistical Indicators

In this section, theegression metrics that are commonly used when evaluating
regression models are presented. The equation® tseefer to the actual response
values of the model, where= 1, 2, é , n, andw to refer tothe model's prdicted
response values. Thaluen is the number of observations in the data setuaisdhe
mean of the actual response values.

Residual(ri) is the model error for each data point.
I 0 o C® p

Mean Absolute ErrofMAE) is the average magnitude of the residuals. This is an easy
to-interpret metric that has the same units as the response.

'L‘)é'OéB W WS CH ¢
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Mean Square ErrdMSE) is the average of the squared residuals. Most types of
regression will minimizehtis term to tain the model. Because of the squaring term, it
IS more sensitive to large errors and outliers thatMAE.

DYO+r ® C® o

Root Mean Squa Error (RMSE) is the square root of M&E. It has the same units
as the response (lIRAAE), but also emphasizes large errors and outliers I8E).
Ideally, this should be as close to 0 as possible.

'Yi)“Y'OéE o 6 & T

Sum of squared errors (SSE) is the sum of the squared residuals (as opposed to the
average valudSE). Used to calculatB?.

YYO w W ¢® L

Sum of squares total (SST) is a measure of the variance of the dataga@tte(mean
response). Used to calculd@®é It is as an gor metric when the "model" is simple
baseline model that always uses the mean as the predicted value.

YYY 0w w C® @

R?is the relative difference in the total erroraibed by fitting a model. If a model fits
the data well, the model error is small @rdwill be close to 1. If the model fits the
data poorly, then the model error is large BAavill be close to 0. This nec is also

called the Coefficient of Determitian.
VVYYYO .
Ny Co X

Mean Absolute Percentage Error (MAPE)Xhe average relative error, reported as a
percentage. It measuresvhlarge the residuals are relative to the scale of thealgta,

if the MAPE is 20%, the model predictions are off by an average of 20@ally, it
should be as close to 0 as possible.

pTT o Y
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Methodology

3
This ohaepsteineas hi ne | earning workflow used i
as the proceddirfef groenitmprhoedreelnst f or ESP ef fi
pl atform used in this woask siesvdUAdIL ABWi(IRD @ & ¢
and applications for training model s.

3.1 Machine Learning Workflow

This project aims to build and develop predictive models that are able to predict ESP
efficiency (response variable) from several measured operating parafpegdistors).

Supervised machine learning with regression is selected and used to creaténand tra

models. Machine learning workflow used in this study is shown irFipere 3.11

bel ow. Note thaé& sbhe Aporedi éparametand Afea
interchangeably in the | ater part of the r
and fAresponseo.

FIND BEST MODEL TRAIN
TRAINING OPTIONS FINAL MODEL

TRAINING
DATA

Choose a model Training Data

‘ VALIDATION

PREPROCESS DATA DATA

IMPORT
AND

Select Features Validation Data

Data cleaning

Feature extraction
, TEST FINAL
DATA RESULTS

Figure 3.11: Machine learning workflow

EXPLORE
DATA

First of all,the workflow starts by importing, exploring, and preprocessing data. The
data is visualized to see correlation between parameters and cleaned by removing
outliers. After that, the cleaned data will be split into trainwajidation, and test data

sets. he training data is used during training models along with the validation data that
is used to prevent model overfitting. Then, the trained models are used to predict the
response by usintpetest dataset as an inputdee if the trained model can gena®a

with the new dataset thatasnever usd during training and validatiorHowever, the
training process to find the best model is an iterative process. Several models may be
chosen to train and see if they give goesuits as well as only relevant fiel@es may

be selected if they provide better prediction and less errors. After these steps, the final
and selected models are compared by using various statistical inditédoesdetails

for each step will be further plained in the later sections.
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3.2 Data

Selecting data to alhhad ymoep & sd aatmdveqnpalvietayn t

the better for the lamatlyiss sstamdly ,prtelde cEBEP
measured and coll ectedwhyt@rboboeesriegyi PO e
Uddevaltga EKBe in Sweden. The data is obtai
30 April 20-h0Our I r edalsutoin,en which means th
measured every hour during ft h26 d2ayo b sTéhrev atf i

fr@amtot adp onme alsbu3r e ment .

As mentioned earlier, several process parameters are selected according to either of
their direct or indirect effect on efficiency, and only parameters that can be measured
continuously in orndiour lasis are chosen for sinmgty. There arein total 24
parameters to consider. One of them is the efficiency which is a response variable, and
the rest 23 variables are called predictors. Thus, the data matrix has the size of 3672
observations (rows) arg¥ features (columnsYhe relevant proces parameters with
unitsand variable namesre listed inTable3.21 below.Noted that variable names are

usal as a short form in MATLAB codes and figures.

Table3.21: ESP process parameters

Parameters Units Variable name
Concentration of ash | mg/Nm® | Ash in, Ash out
Efficiency % Efficiency
SteamProduction kg/s Steam, RealSteam
Voltage kV V1, V2, V3

Current mA 11,12, 13

Volumetric flowrate Nm%/h Q

Temperature °C T in, T out
Pressure mbar P in, P out

O2wet, O2dry, H20 % O2wet, O2dry, H20
Exhaust gas compositig mg/Nn? | HCI, CO, NOX, CO2S02

Some parameters such as ash concentration, temperature, and piresswasured at
the inlet and outlebf the ESP.Thus, their names are followed Iflyi prdioutd to
indicate the locationThe ESP at the plant has double chambadeach chamber has
three stages along the gas flowection Operating parameters sualvoltage and
current are measurededch stageherefore, they are named according to which stage
they were measure@or steam production, there are two redatariables named as
NSt eamo
input set in the systeni. R e a | Sd refaxradoto real steam production which is an
output from the systeimat should be as close to the set points as possible, but it is also
influenced by many other parameters in the process.

ASt

20

eamo and
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3.3 Data Visualization and Preprocessng

After we collect and pepare all the data of interest, they are ready for data analysis.
Firstly, all necessary and important data is imported and explored. This step is crucial
as we can see how the datends look like by exploring through different kind of
visualizaion such as histograms and other plots. It may show interesting tfends,
example, extreme outliers can be noticed easily and thus must be removed. Missing
data and known error on certain dates are removed as well. This step is called data
cleaning Moreover, some correlation between predictors may also be seen. The data
arefurther preprocessed and normalized. Different outlier removal methods are applied
to the cleaned data. There are 3 different scenarios to consider idgpendhow
outliers areemovedwhich are as follows:

9 scenario 1: no outliers removed
9 scenario 2: ouigtrs removed bgtandard deviatiomethod
1 scenario 3: outliers removed Mahalanobis distance

Scenasrervedbasase for tlhne adtlh dstcectowha. @ a s
cleaned by removing obser vnaotwno n gromwoirt. h mi
investigation, ESP has malfunctioned on certain dates. This results in too high
efficiency being measured during these days which afe81Rebruary, 6 April, and 25
Februaryduring 11.0015.00. Thus, these observations @@oved, resulting in 3568

rows of observations left. For more convenient interpretation, all 24 parameters are
plotted and compared to each other for each scefsaa@dppendix A).

I n scemdr aee 31 e osotvaendd abrydmealtehva ch t-8 osmhgndar d

dei ations. |t is importantaftfeet@mttdlIsude adutvlai
such as mean and variance as well as pred
removi ngs ome |Isiveirtsabil e for data wedhchor mal
such as steam set point, oxygen and water
more | ikely to haveacopowi ghtdfpeerakbiest o@rn &ms
wi t hhoamnghanomain idb sttirMaanwhi |l e, voltage and c
skved distribution rather than nor mal di st

guite a | otl @& 2idrfbesrew aftaotrd mtsnhsi s scenari o. A
Appendi xt Asenbanhtbe seen for eachk patamertraesr
were removed. However, it clearly shows th
was r earsooveehdrigure3.31.
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Figure 3.3.1: Efficiency plots for scenario 1 and 2
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Il n scenari o 3, boMathlail earnso ba rse nitthesinsodiffieralet . T hi s
from thestandard dviationmethod in scenario 2. Tistéandard dviationmethod would
discard he whole row obbsenation as an outlier if there is just one or more predictor
value outside +/3 standard deviation of itself. Howevéhe Mahalanobis distance
method(i.e., using mahalfunction in MATLAB) would tell whether the whole row is

an outler compared to other rowsdhit scales the contribution of individual variables

to the distance value according to the variability of each variable. It also considers the
correlations between variable&s a result, less observations were discarded s thi
method, resulting in 339@bsenations left. Comparingrigure3.3.1 andFigure3.3.2,

it clearly shows that several outliers were removed in scenario 3 compared to scenario
1, and less data were removed during March compared to scentraa@.be noticed

that wider range of data remainingscenaric.

S3: Efficiency
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Figure 3.3.2: Efficiency plot for scenario 3

3.4 Data Splitting

Aft erl iecmoo vl | data for each scenari o ar e me
set . No w, there armartd icirf frermomnvtal sc @Dmarai d g o
split into trainingbGmMd6Becd ®03BHIN7 6 B 7 ca

25 an20 )80 Noted that these numbers represert
training or tebversensicahesfspbitmnhiumg per c

whereas the second number -2i0s cfacse tiedsttn S et s .
of the data wil/l be training set and the r
For each splitting odassepl itthemeg droeg tewd hwa
extrapol ation performance. For interpol ati
reglaeasds heifr chronol ogi cal order so that it
when predicting t hetrraepsoploantsieo. n , Hodnweetvae ri,s fsoprl
order. That is, data from the fitatffew mon
the | ater months would be the test set. I n
valswesh as pPeditictcngnE&y in Mbdel sl Wowingen
with the test set which i s neatean fsareodn It ereen f
trained before. This is to see i f the mode
response. abhtapfrbomi g case is randomly sp
interpoiastaplBiomhldy fdadtee Abic@exT hapopl there a
tot al of 3 x 7 x 101 = 2121 preprocessed d:
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3.5 Predictive Modelling

Now,praddrocessed data is available and read
Predictive modeling is a technique used to predict an eventtcone with the help of

an equatiorbased model that describes the phenomenon under consideration. The

model istrained for a number of states, expressedoasination of predictor values,

andto beused other combinatismof the predictor values thatay occur in the future.

The model parameters help explain how maodputs nfluence the outcome. In this

study, several models were trained using Regression Learner App in MATLASB. Th

program requires training dataset as an input. All operating paranae¢especified as

predictors and efficiency is the response of ggerinaddition, the progranh a s a
function that users can decide wHetdéder val
cresad i dat isewi ekéhtod @lc h wihelwiess t ©ebth e d €lfha il t .
techni guene opfp utlhaer ntsdesotir miscgu evlap a dtapairidcon s

of t he t mlfioosdacdhusesea c hv aloilddatteo t he model tr a
remai ni.ngTl hfeolpdrsoc ekds nmeess trleptce ae @addmcfeolfdri s
vali daHomwpavietakeam | ong time to execute as t
repeat e 8M aylsthé& h it s h ohbi tober sheithgehnt | ocaadVv aldaéa or
modeélosavoid the probl em.

Il n t hyi,s tshtewnll selected raadlels aredar regression, and support vector

machines (SVM).Linear regressiondescribes a continuous response variable as a

linear function of one omore pedictor variables. It is simple, fast to train, easy to
interpret,and often the first model to be fittdd a new dataset. It is best used as a

baseline model for evaluating other, more complex, regression models. Meanwhile,
Support Vector Machines (SVM)is a more advanced model that find deviation from

the measured daby a small amount, with parameter e that are as small as possible

to minimize sensitivity to error. It is best used for hjmensional dataJs i ng hi gh

di mensional tmWm@itaamwhkead to complex model s
me ansa tnhoadtel exact | y tpa e(dovcetrsf itthtei nmg)aibnutn gg €
to new data |ivkéeéi dasi oretecheCr qlhestwol s wused
focused modelare alditionally applied with principal component analysis (PCA) and

partid least square (PLS) for dimensionality reductsm that only relevant information

is retained in the model§herefore this results in total of 6 models as follows.

Linear Regression

Linear Regession with PCApr Principal Component Regression (PCR)
Linear Regression with PLS, or Partial Least Sgiegression (PLSR)
Support Vector Machines

Support Vector Machines with PCA

Support Vector Machines with PLS

= =4 =4 -4 -8 19

PCR and PLSR are methods todaba rsponse variable when there are a large number

of predictorsthat are highly correlated or even collinddmth methods construct new
predictors, known as components, as linear combinations of the original predictors, but
in different ways. PCR cates corponents to explain the observed variability in the
predictas, without considering the response at all.t@mother hand, PLSR does take

the response into account, and therefore often leads to models that are able to fit the
response with fewer aaponents
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Next, the trained models will use test sets as a nput to predict the response. Since
not all parameers that we have will be useful, sensitivity analysis of predictors will be
conducted on these models to see which predictors are bestfauspdedcting
efficiency. This is the concept of feature selattihich is part of model improvement.
Lastly, all models are compared using statistical indicators to see the model
performancelt should be oted that indicators from training sets will bgeraged

values froml00 random splits.
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4 Results

Prediction perfomance of ESP efficiencig compared and discussed on thesefffof
different outlier removal methodsjodels,and splitting caseas well as the effect of
operatingparameters wilbe preseted.

4.1 Correlation

This section mainly discussdke correlation étween each parameter which are
presented in a form of correlation mat(fgures4.1.1-4.1.4) The correlation matrix
showsthe histogram of each parametertive diagonal andhe linear correlationsfor

all pairs Moreover, Pearson correlation coefficieare also presented which can tell
how strong the pair is correlate@ihe correlation can be used as a tool for feature
selection as we can compare the strengths of the linear relatersttpween the
predictors and #response and discard weakly rethfeaturesMoreover, relatively
strong correlations between predictors jigtthe use of PCA and PLS for
dimentionality reductionThe value close 1 indicates strong positive linear relationship,
and positive value means that one parameter tends eagemwith another one. The
value close tel indicatestrong negative linear relatigmp, and negative value means
that one parameter tends to increase when another one decreases. If the value close to
0, it indicates weak or no linear relationship.

Thecorrelation between efficiency and all predictors &nty focused. Obviously, the
efficiency is greatly correlated with ash concentrations. The lesser the outlet ash, the
better the efficiency. Other correlated predictors that have coefficientsfrang®.3

0.4 are V1, V2, V3, I1, and IZhe rest of preidtors seem to have veryeak or no

linear relationship with efficiencas shown inFigure4.11 to Figure4.14. This is
because these predictors tend to have mostly canstiaiesat a certain level or at zero,

or they are being controlled variables in the procEsss, ash concentrations, voltages
and currents seem to be the most important predictors. More gaiestion this will

be futher discussed in the later sects.

Correlation Matrix
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Figure4.1.1: Correlation matrix of efficiency, ash concentration, steam production,
oxygen, and water content from scenario 1
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Figure 4.1.2: Correlation matrix of efficiency, voltages, and currents from scenario 1
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26 CHALMERS, Space, Earth anBnvironmentMas t er 6 s Thesi s



Correlation Matrix

. 0.03 0.08 0.07 0.00 0.02
&LI]_ 0 | —— B ammm— g
50
N 0.0% 0.01 -0.0B 0.14° 0.0%
O 0f— e8| — . My | IR o
T
-50
* 0.08 .0.01 0.02 062 | -0.02
8 ol oy — .‘ SR,
y S0 -o.t:-I -c:-.ml u.uﬁ -u.u] 0.00
(oI — - -
=
-50
0 0.00 0.14 0.62 _{ -0.01 0.06
S o 4 — & Y o | R T B
-50 2 L . L =
N 1 0.02 0.02 0.02 0.00 0.06
8 of—— | —t - —
50

50 0 5050 0 505 0 5050 O 505 0 50 0 50
Effic HCl co NOX coz s02

Figure 4.1.4: Correlation matrix of efficiency and exhaust gas from scenario 1

4.2 Effect of Outlier RemovalM ethod

Different outlier removal methods are firstly compared and discuksre to see the
effect on efficiency prediction. Fothe ease of comparison, the interpolation
performance is selected to sbe general trend of the model. For all 3 scenarios, both
training and test sets were used to predict the response and theyrgrared to see
how wellthe model can generalize witiew data like test set$he dataset preseut
here is from 5650 splitting case (interpolation file 1) with linear regression models and
thepresented efficiencig in terns of true and predicted rpsnse(Figure4.2.1).

With linear regression model, all 3 scenarios show the same trendfbuirdierm of
outliers. Obviously, scenario 1 has the most outlier as only extreme outliers and known
error were remosd. Some data point from tessits are outside the tibrespecially at
very low efficiency that the prediction is scattered and not @ecurate. Scenario 2
and 3 show quite similar resuyltsoth of them hawng much less outliers. However,
scenario 3 isnore similar to scenariothat is less accurate at thery low efficiency.
Amongthe 3 of them, scenario 2 seems to perform the bestigion whichis aligned
well with training set with high accuracy at both very low and high efficiency.
However, thishas tradeoff with discarding adt of data pointslt should be noted that
similar trends with regect to the best oudr removal method is also sdrved for other
splitting cases and models.

In addition to the trend, statistical indicators can be usetkell the prediction
performance and to confirm the resu(f®able4.21). There are 4 main indicators of
interest which are RMSER?, MARE, and MaxAFRE. Noted that MARE isomputed in
the same way as MAPE in Eation (2.38), but it is reported in fraction not percentage.
Since the table presents values for both training and test sets, indicatooydhectest
sets is more focesl for predictingout of samplevalues.Firstly, all scenarios sho
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small error, RISE, which ideally should be close to 0. Fdr ideally it should be close

to 1 as much as possible. However, all 3 scenarios using linear regression do not present
that good trends the Rvalue is only aroun@.73 up to 0.85-or MARE and MaxARE,
theyshow how muclthe model predictions are off by an averddeally, they should

be as close to 0 as possible, where MaxARE shows the possible maximum error.
Scenario 2 gives the Hderesults for H these statistial indicators with the lowest
RMSE, highes R?, and lowest MARE and MaxARE. This indicates that if linear
regression model with scenario 2 is to be used for predicting future efficiency, it would
give on average anrr of 0.24% For exanple, if the true efficiency is performed at
98%, this modelwould predict in the range of 97.7808.24% in average, which is an
acceptable range. However, with the MaxARE as highGds/@, it is also possible that
sometime the model may predict the respe off by 1.74%uvith respetto the predicted

value 0f98%. This results in the largest possible rang®@&{9 i 99.71%, which is

more than acceptabl&his much off prediction is mainly presented at both very low
and very higtefficiency.

s3_train50_001: Train and Test sets
&

s1_train50_001: Train and Test sets

s2_train50_001: Train and Test ﬂ§+

O Train
Test
9 1 101 102

Figure4.2.1: Comparison on different outlier removal methods with linear regression
model and splithg case 5660

Table4.21: Statistical indicators for linear regressioése 5650 interpolatior)

Statistical Data set and Scenario
Indicators | Train_s1 | Test sl | Train_s2 | Test s2 | Train_s3 | Test s3
RMSE 0.0048 0.0056 0.0033 0.0032 0.0043 0.0042
R? 0.8038 0.7291 0.8518 0.8546 0.8016 0.8127
MARE 0.0033 0.0035 0.0025 0.0024 0.0031 0.0030
MaxARE 0.0434 0.0901 0.0172 0.0174 0.0332 0.0332
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4.3 Prediction Trends

This section aims to compare prediction trend fstmple and advanced modeid)ich
are linear regression and SVkéspectively The test sets of all 3 scenarios were used
to predict the response, and theg eompared toaeh other.

4.3.1 Linear Regression andSVM

The dataset presenting heralsofrom 5050 splitting case (interpolation file 1) with
linear regression and SVM modé@fsgure4.3.1). The pediction trend cabe seen from

how well the dataset matches with the diagonal line. The more data lies oagbeali

line, the better the model performance. Linear regression model seems to lose ability to
predict the response at the boundaries, t.eegy low and vey high efficiengy. The

model tends to predict the response beyond the possible maximum vatie s 1

or 100%. Although the model has a good prediction on the response in the middle range,
predicting beyond maximum point seems totle big disadvange of using linar
regressionHowever, SVM shows much better performance as most predicteliegata
very well on the diagonal line except at the very low value but only in small portion.
Moreover, SVM predicts the response within tineitliand it seemstbe very accuta

for high efficiency, which is the range of most interest.
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The same statistical indicators for SVM model are alsoepted inTable4.31. By
comparingTable4.21 andTable4.3.1, SVM model presents much better results than
that of linear regressidior mostcasesSimilarly, SVM model also shows that scenario

2 gives the best values for all indicators. It provides lower RM8& R? as high as

0.96 for traning set and 0.92 for test set. The model also results in as low as 0.15%
MARE, but in a bit larger MaxARE df.86%. This large error can be foundHigure

4.3.1 having few points scattering in the middle range.

Table4.31: Statistical indcators for SVM Case 5650 interpdation)

Statistical Data set and Scenario

Indicators | Train_s1 | Test sl | Train_s2 | Test s2 | Train_s3 | Test s3
RMSE 0.0034 0.0047 0.0018 0.0025 0.0027 0.0031
R? 0.9143 0.8211 0.9633 0.9242 0.9393 0.9142
MARE 0.0014 0.0017 0.0011 0.0015 0.0013 0.0016
MaxARE 0.0621 0.1062 0.0154 0.0186 0.0305 0.0306
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4.4 Effect of Models

Earlier section presented prediction trend of only linear regression and SVM models on

theinterpolatng prediction performance. However, for the models to besroseful,
we are more interestél predicting future ESP efficiency based on data we have. Thus,
extrapolation performance using several models is discuBgpate 4.4.1 shows six
prediction plots from all six nmatels which are linear regressid®CR and PLSR on the
top row as well as SVM, SVM with PCA and SVM with PLS on the bottom il
models were performed using aB predictors andhe data representing in this figure
is from a splitting case 635. This ase can present the best trend agnother cases.
More details on effect of splitting case will be further discussed iratieesection
Appendix Bpresents theesultsfor the rest of theplitting cases.

FromFigure4.4.1, SVM with PLS give thébest prediction trend among 6 models as
most of data points align well with the diagonal liidis can be aafirmed with the
statistical indicators, by comparifigble4.4.1 to Table4.4.6. This model results inR

as high as 0.86 with 0.26% MARE and MaxARE 1.45%

Predictions: Linear models (test sets) Predictions: PCR models (test sets) Predictions: PLSR models (test sets)
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Figure 4.4.1: Extrapolation performance on several models of cas8%5
(Linear, PCR, PLSR, SVM, SVM PGAd SVM PLS)
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4.4.1 Linear Regression, PCR, PLSR

In this section, 3 linear regression base models are compared to each other to see how
PCA and PLS techniques improve the model performance. Figure4.4.1, all 3

modds show very similar trend, and it is harddistinguishbetweernthem. However,

all of them predict the efficiencyn some casess high as 16203% which is
impossible in reality. Both PCR and PLSR were specified with 6bexplain vamnce.

For PCR, tlere are 12 components left in scenario 1, and 14 components left inscenar

2 and 3 to explain this 95% variance. For PLSR, a lot less components were used to
explain 95% variance which are 2 components in scenario B emaponents iboth
scenario 2 iad 3.

For statistical indicators, scenario 2 gives the best resultdlf®modelgTable4.4.1

to Table4.4.3). Comparing indicatovalue from test sets in scenaripishows that
PCAhas the best performance with the lowest RMSE, hidkreand lowest MaxARE.
However, MARE is the same for linear regression and PCR. This means that by
applying PCA to linear regression model can hiefprove marginallythe model
perfamance. Nonetheless, applying P&&ms to give the opposite as it results in the
worst results among the 3 models.

Table4.4.1: Statistical indicators for linear regressiq€ase 6535)

Statistical Data set and Scenario
Indicators | Train_s1 | Test sl | Train_s2 | Test s2 | Train_s3 | Test s3
RMSE 0.0036 0.0082 0.0028 0.0047 0.0031 0.0065
R? 0.8610 0.6107 0.8830 0.7536 0.8750 0.6962
MARE 0.0024 0.0058 0.0021 0.0038 0.0022 0.0048
MaxARE 0.0655 0.0693 0.0159 0.0178 0.0265 0.0343

Table4.4.2: Statistical irdicators for PCR (Case 635)

Statistical Data set and Scenario

Indicators | Train_s1 | Test sl | Train_s2 | Test_s2 | Train_s3 | Test _s3
RMSE 0.0036 0.0082 0.0028 0.0045 0.002 0.0065
R? 0.8563 0.6382 0.8813 0.7755 0.8697 0.7063
MARE 0.0025 0.0052 0.0021 0.0038 0.0023 0.0049
MaxARE 0.0677 0.0978 0.0159 0.0172 0.0276 0.0336

Table4.4.3: Statistcal indicators for PLSR (Case &3b)

Statistical Data set and Scenario
Indicators | Train_s1 | Test sl1| Train_s2 | Test s2 | Train_s3| Test s3
RMSE 0.0053 0.0087 0.0037 0.0053 0.0044 0.0077
R? 0.7098 0.5988 0.7980 0.6977 0.7593 0.6219
MARE 0.0033 0.0062 0.0028 0.0041 0.0033 0.0058
MaxARE 0.005 0.0831 0.0180 0.0200 0.0348 0.0358
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4.4.2 SVM with PCA and PLS

In this section, 3 SVM basl models are compared to each other to see how PCA and
PLS techniques improve the model performance. Ffgure4.4.1, it obviously shows

that SVM with PLS gives the best prediction trend. Therenisuusualtrend of
horizontal line predictiofior both SVM and SVM with PCA whicHid not appeawith
interpolation performancé hese horizontaires are results of using all 28eglictors

as an iput although not all of them sigraantly affect the response. The models took
every predictor equally significant when training, nevertheless, some of them were zero
for a certain period, such as oxygend water content as well as eumbh gas
compositims (Appendix A). In addition, itcould be the results frosome predictors
thathave totally different trend in training and test $et instanceéhaving fluctuation

in training set bumeasured as zeno test sefe.g.,asin the casef NOx). More details

will be furthered discussed with parameter sesigitanalysis in later section.

Similarly, number of components for SVM with PCA to explain 95% variance are the
same as PCR which is 12 componesefs in scenario 1, and ldomponets left in
scenario 2 and 3For SVM with PLS, less components were used which are 2
components in scerarl, and 3 components in both scenario 2 anéo8.statistical
indicators, scenario 2 gives the best results 1@ alodelsasshownin Table 4.4.4 to
Table4.4.6. It al shows thaepplying either PCA orPLS to SVM model can help
improving the performanc&SVM with PLS has the besegormanceor most of the
indicabrs

Table 4.4.4: Statistical indicators for SVM (Case &b, 23 predictors)

Statistical Data set and Scenario
Indicators | Train_s1 | Test s1| Train_s2 | Test_s2 | Train_s3 | Test s3
RMSE 0.0032 0.0098 0.0015 0.0077 0.0019 0.0085
R? 0.8986 0.5184 0.9714 0.5348 0.9594 0.5433
MARE 0.0011 0.0068 0.0009 0.0062 0.0010 0.0061
MaxARE 0.0990 0.0862 0.0161 0.0287 0.0257 0.0468

Table4.45: Statisticalindicators for SVM withlPCA (Cae 6535, 23 predictors)

Statistical Data set and Scenario
Indicators | Train_s1 | Test_s1| Train_s2 | Test_s2 | Train_s3 | Test _s3
RMSE 0.0028 0.0064 0.0014 0.0047 0.0018 0.0062
R? 0.9246 0.7982 0.9735 0.8009 0.9%651 0.7777
MARE 0.0009 0.0038 0.0008 0.0@83 0.0010 0.0047
MaxARE 0.0889 0.0858 0.0157 0.0247 0.0239 0.0352

Table4.4.6: Statistical indicators for SVM with PLS (Case 85, 23 predictors)

Statistical Data set and Scenario
Indicators | Train_s1 | Teg sl | Train_s2 | Test_s2 | Train_s3 | Test _s3
RMSE 0.0049 0.0063 0.0025 0.0035 0.0034 0.0051
R? 0.7524 0.7642 0.9023 0.8594 0.8535 0.8092
MARE 0.0024 0.0042 0.0019 0.0026 0.0025 0.0038
MaxARE 0.0841 0.0838 0.0103 0.0145 0.0237 0.0303
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4.5 Effect of splitting cases

Fromthe previous section, SVM with PLS gives the best result on both prediction trend
and statistical indicators. This section will compare several splitting cases for this model
to see theffect of splittingcase ormodel performancd-igure4.51 shows all splitting
cases of SVM with PLS modelahile corresponding resultsrfall other models are
provided inAppendix B Statistical indicators of this model for alllépng cases are
presented iMable4.5.1. The values are from test sets in scenarsm2ethey provide

the best result\ppendix Cprovides the correspaingvaluesfor all other scenarios.

Figure4.5.1 showsthat when training set percentage becomes higheragsichse 70

30, 7525 and 8eR0, the prediction trend will be off the diagonal line, especially at very
low efficiency. As a consequence, they could not perfarel on the statistical
indicatorsas well The case that provides the best prediction treddragicator values

is 65-35. It provides the lowest RMSE, MARE of 0.26% and MaxARE of 1.45%ble
4.51).
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Figure 4.51: SVM with PLS performance on all splitting cases; a) top row58055
45,60-40, b) middle row: 685, 7030, 7525, c) bottom row: 820
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Table4.51: Statstical indicators for SVM witlPLS (test set in Scenario 2)

Statistical Splitting cases
Indicators | 5050 | 5545 | 6040 | 6535 | 7030 | 7525 | 80-20

RMSE 0.0041 | 0.0039 | 0.0041 | 0.0035| 0.0039| 0.0057 | 0.0069
R? 0.8000 | 0.8208 | 0.8074 | 0.8594 | 0.8491 | 0.8718 | 0.8937
MARE 0.0032 | 0.0031 | 0.0032 | 0.0026 | 0.0029 | 0.0045| 0.0059
MaxARE | 0.0169| 0.0155| 0.0209 | 0.0145| 0.0167 | 0.0204 | 0.0221

4.6 Effect of parameters

In this section, sensitivity analysis of each parameter will be performed to see their
effect on the efficiency. Sae not allpredictorshave a significanimpact on the
response, this analysis can help to discard some of them that ninegldbant. For the

ease of sensitivity analysis performance, SVM models that previously show unusual
trend will be usedThe splitting case 560 of scenario 2 will be usefbr sensitivity
analysis since it has the most data points on test set.

Firstly, test set with all 23 predictors was used to predict the response. The result show
unusual trend as a horizontal lime shown irFigure4.6.1. It indicates that no matter

how ESP is operatedhe model will always predict the same value of response as
constant around 98%vhile in reality theESP efficiency would significantly fluctuate
Therefae, he model should be improved by renmay sane predictors.

s2_train50_ex: SVM (train and test set) 23 parameters All 23 parameters
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Figure 4.6.1: Predicted efficiency using scenario 2, SVM and 23 predictors

&P,

0.96

Next, data trend for each operating parameter is investigamaendix A). It shows
that some parametessich exhaust gas compositio(id.O, HCI, CO, N@Q, C&: and
SO) havesignificantly different trend in training and test sets which may affdot
modeltesting For HO, it has mostly constant value at the beginnthgn, it starts
drastically fluctuahg during late February to midf Marchandthen itremainszero
before geting back to the same level during late Aprithis fluduaion and zero
measuremerdrein the test set©ther exhaust gammpositionsuchas HC| CO, CQ
and SQ have very similatrend to each otheMostly, they are measured as zero, but
only during late February until miof Marchfluctuate which appearonly in test set.
Meanwhile, NQ givesan opposite trend. Thergfluctuation of NOx in training set,
but for the test seft remains mostly constant at certain lesigice the beginning of
March and it stars fluctuating again in late AprilTherefore the first try to remove
some predictors will start from thesehexist gas composiins.
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Now, several combinations of predics are removed to test the model as wedah
predictoris removed one by one to see how it aff¢be response predictiomhe first

try is to removea combination such # and NQ. Unforturately, they do noeffect

on the constant predicted outpuit only results in slightly higher of the last output
peak during late AprilFigure4.6.2a). Next, steam production parameter was removed,
but it doeshot seem to have anffect (Figure4.6.2b). By further removed Sgit gives
better result with more fluctuated prediction in the later part, which is during April
(Figure4.6.2c). Next, the resexhaust gas compositions swashCQ, COand HCI were
tested by removing one by one. When,@&3Jurther removed, it also gives better results
with much less constant prediction. Therenore fluctuation in the middle and theest
output pealFigure 4.6.2d). However, removing CO shows little to no effect on the
response as it slightly changes the middle geaure4.6.2e). When HCI is remowe,

it gives better result witinore fluctuation of the peak during nofl February(Figure
4.6.2f). From this analysis, we see that removing some predictors such,a8&@nd

HCI affect the efficiency the mosthereas removing #, NOx, CO, ard Steam
seemed to have little to no effec

21 parameters, Removed: H20 and NOX 20 parameters, Removed: Steam, H20, NOX
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Figure 4.6.2: Predicted efficiency on SVM (s2 caseS#) when removing: a) 4D and
NOx, b) Steam, ED, and NQ, c¢) SteamH-O, NOc and SQ, d) Steam, kD, NOx, SQ
and CQ, e) Steam, KD, NO, SQ and CO, f) Steam, 4D, NGk, SQ and HCI

CHALMERS, Space, Earth and Environment Ma st ésr 6s Thes 35

0.99

o
©
=3
o
©
=3

Predicted Efficiency
Predicted Efficiency




The next focuss to removesimultaneouslymore than ongredictorthat affect the
response the most. The chosen combination is &@ SQ. Although, these two
previously give bette resulf removing just two ofthem does not make any good
prediction.There sslightly change of middle pegkigure4.6.3a). By further remoing
H20, it gives much better resli with less constant output and more fluctuation,
especially duringhe beginning of March anaid of April (Figure4.6.3b). WhenHCI

is further removed, it also gives better results with less constant praditteveis
outputfluctuationduring the middleof February(Figure4.6.3c). Next, CO is further
removel; the middlepeakat the beginning of Marctiuctuates more(Figure4.6.3d).

Furthermore when wetoxygen contenparameter Q.wef) is remaed, it gives better
result with more fluctuation of middle peak at the beginning of March. It can be seen
that the second and third peak are now conngimplire 4.6.43). Next, when inlet
temperature (i}) is remaed, it only results irslightly changeof the middlepeak
(Figure 4.64b). Removing inlet pressure (P also give better rsult with more
fluctuation ¢ the middle peakduring late March(Figure 4.6.4c). Lastly, NG is
removed with the combination of GOSQ, H.0, HCI, CO, Qwet, and R. By
removing this combination, it pvidesmore fluctuation of the last outph peak(Figure
4.6.4d). Other predictorsre also tested, but removing themedoot affect the output
andthusthe modeis not improvedThese predictors are dry oxygen contenid(®),
stean productions (both s$epoints and real production: Steam and RealSteam),
volumetrc flowrate (Q), outlet pressure«k, outlet temperature ¢y, voltages (V,

V., and \4), andcurrents (1, Iz, and §).

Statistical indicators are calculated and usedconfirm whether rewving such
combinations help improving the model performaricble4.6.1 presentg indicator
values which are RMSE, R MARE and MaxARE. Noted thatach column
corresponds to several prediddeing removethcluding the combination of previous
columnas well These combiations match with-igure 4.6.3 and Figure 4.6.4. For
example, the second column referstie tombination irFigure4.6.3b, and thedst
column refers tahe combination ifFigure4.6.4d. The indicators show that the more
predictors removed, the better the perfanoeas it gives bettealues of all indicators.
Thus, removing 8 predictors gwéhe best performance as it ltae lowest RMSE of
0.0041, highest Rof 0.83, lowest MARE of 0.26% a lowest MaxARE of 2.54%
MARE is reduced by more than half comgaito the casef using 23 predictors.

Thus, the best predictor combinatiorbe removeds CO, S, H20, HCI, CO, Qwet,

Pn, and N&. Removing this combination improves the model in such a way that all
data points could get predictéeigure4.6.5). Figure4.6.5 also shows that the unusual
horizontal trend is reduced, howevedaes not disappearhich is the result from bad
prediction duringate March and late April. Sdat plot showghat test set fits quite
well with the training set.

Table4.6.1: Statistical indicators for SVM (test set in scenario2, casé®0

Statistical

Removing predictors
) CO2
Indicator | None

SO, H20 HCI CO | Oxwet| Pin NOx

RMSE | 0.0079| 0.0078| 0.0064| 0.0057| 0.0050| 0.0047| 0.0045| 0.0041

R? 0.2741] 0.2960] 0.5675] 0.6648| 0.7296| 0.7674| 0.7954| 0.8300
MARE | 0.0062| 0.0061| 0.0047| 0.0040| 0.0033| 0.0030| 0.0028| 0.0026
MaxARE | 0.0326] 0.0326| 0.0326| 0.0293| 0.0293| 0.0290| 0.0262| 0.0254
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s2_train50_ex: SVM (train and test set) 15 parameters 15 parameters, Removed: P in, O2wet, H20, HCI, CO, NOX, CO2, S02
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Figure 4.6.5: Predicted efficiency using scenario 2, SVM and 15 predictors

Moreover, the best predictor combination found in the sensi@wiglysiss applied to

other models to see if thgyovide similar improverant. Since it is found thaplitting

case 6835 of cenario 2 gives the best ressit far, this predictor combination will be
removed from this cas@able4.6.2 shows statistical indicats fromtest set of all 6
models with 15 predictors remaingeigure 4.6.6 showsthe model performance in
scatter plots comparing training and test sets as well as plots of efficiency with time
comparimg true and predictegesponse of the test set.

By removing 8 predictors (C SQ, H.0, Hd, CO, Qwet, R, and NQ), the
prediction trendsire improved for all modelge., compaing Figure 4.4.1 with Figure
4.6.9. Thelinear regression, PCR, and$R modelshave bettealignment of training
and test setand theirefficiency prediction hakess error and closer to maximum limit.
However, the compams of the statistics in Table 42%6and Table 4.3 shows only
marginal improvementor these modelsOn the contrary the prediction trendsand
statisticsof SVM-basedmnodels aresignificantlyimproved, especiallySVM and SVM
with PCA. It clearly shows thdhehorizontal linesreduced in SVM and disappeared
in SVM with PCA while the trendnd statistics arthe same for SVM with PLS.

Next, statistical indicators for all modelith 15 and 3 predictorsare compareah
Table4.6.2 andTable4.6.3. When all 23 predictors are used, SVM with PLS provides
the best performaec All modelsmprove when using 15 predictofiiable4.6.2 shows

that SVM with PCA provides the best performance with the lowest RMSE, highest R
of 0.9, and lowest MARE of 0.24%hereas SVM with PLS gives the lowest MaxARE
of 1.46%.Further investigation on other split cases shows that SVM with PGAs

the best performance for all splitting cases with 15 predictamgpendix D and E
More specifically, th&sVM with PCA of case 580 provides the best indicator values
with the lowest RMSE of 0.0029, highest & 0.9161, and lowest MARE of 0.19%
whereas the lowest MaxARE is from SVM PLS in casel5%ith value of 1.42%.
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Table4.6.2: Statistical indicators for all models (tes¢t, s2, case 635, 15 predictors)

Statistical ¥ Models SUM SUM

Indicators reg'r”eesirion PCR | PLSR | SVM SCA LS
RMSE 0.0043 | 0.0044 | 0.0052 | 0.0047 | 0.0032 | 0.0035
R2 0.7873 | 0.7860 | 0.6996 | 0.7997 | 0.9055 | 0.8573
MARE 0.0034 | 0.0037 | 0.0041 | 0.0031 | 0.0024 | 0.0027
MaxARE 0.0181 | 0.0175| 0.0193 | 0.0252 | 0.0173 | 0.0146

Table4.6.3: Statistical indicators for all modelgest set, s2, case &b, 23 predictors)

Statistical ¥ Models SUM SUM

Indicators reg'r”eesirion PCR | PLSR | SVM SCA BLS
RMSE 0.0047 | 0.0045 | 0.0053 | 0.0077 | 0.0047 | 0.00%
R2 0.7536 | 0.7755 | 0.6977 | 0.5348 | 0.8009 | 0.8594
MARE 0.0038 | 0.0038 | 0.0041 | 0.0062 | 0.0033 | 0.0026
MaxARE 0.0178 | 0.0172 | 0.0200 | 0.0287 | 0.0247 | 0.0145
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5 Conclusion

ESP processdatabt ai ned from 30 November -lRR2Our9 unt.i

r e s onl uhkad poedictorsvhich are ash concentrations (Aslnd Ash.), steam
productions $team and RealSteam), voltages,Y¥ and \5), currents (1, I> and &),
volumetric flowrate(Q), temperatur€Tin and Toug), pressuréPi, and Ru), oxygen and
watercontentO.wet, Qdry, and BHO), and exhaust gas compositions (HCI, COxNO
COz and SQ). It shouldbe noted thathtese23 predictors can be grouppedipfue gas
input parameterf, Tin, andPi) thatcan be affected by the process syskafore the
ESR ii) ESP process parametéx4, Vo, V3, I3, I2, andls) that can be controlled fohé

ESP operation, and iii) ESP output parame{@es;, Pout, O2wet, Odry, H.O, HCI, CO,
NOx, CO; and SQ) that canonly be observeddowever,out of this Ist of parameters,

the most problemtic one iooutlet ash concentratioM§hoyy) asit is similar b the model
output(i.e., it cannot be conttied to improved the ESPoperation. The rest of the
variables can be in some extent comdémblor known before the ESP operation so that
the ESP cotmoller can use them asputs to tle modé in order to see wdt would be
expeced. The obtaineddata is preprocessed by removing missing data, and known
errors. Thenthe datais cleaned by removing outlietssing different methods and
results in 3 differenscenarios which are s1: no outliers removed, s2: outkensved

by standard dviationmethod, an@3: outliers removed bylahalanobis distancBata

in each scenario is split into training and test sets for 7 cases having different percentage
of training and test seThe splitting cases are B0, 5545, 6640, 6535, 7030, 75

25, and 8e20. The mainmodels are linear regression and SVEhch of them is
additionallyapplied with PCA and PLS for dimensionality reduction. Thus, there are 6
models in total.

Firstly, correlation btween parameters is calculataad it is found that féciency
correlateswith ash comentrations and ¥ V2, V3, 11, and b the mostEffect of outlier
removal methoslis also investigatett. shows that scenario 2 with outliers removed by
standard dviation method gves the best perfmance in most casesajthoughthe
standad deviationmethoddiscards a lot of data pais For the prediction trend, linear
regression fails to predict efficiency at very low and very high efficiency. The big
disadvantage of using linear regresshmasemodels is that it predistthe response
beyond the maximum possible limit of 100%he SVM based modelprovide better
performance as data poinddign very well withthe diagonal line in the case of
interpolation performance. Howev&yM and SVM with FZA give unusual horizonta
line when predidhg future efficiency valuesdVith all 23 predictorsSVM with PLS
give the best prediction trend among 6 modalk7 splitting cases are compared. The
results show that case-85 provides the best performancighaR? of 0.86 MARE of
0.26%and MaxAREof 1.45%

Finally, sensitivity analysis is performed to see how each predictor sffieet
efficiency. In this context,feature selection iperformedto improve the models by
removing several predictor combinat®nit is found thathe best predictor combination
to be removeds CQO, SO, H0, HCI, CO, Qwet, B, and NQ. Thus, thereare 15
predictors left on each modé&Inusual trend of SVM and SVM with PCA from using
all predictors issignificantly reducedand generallyall modelsareimprovedin some
extentwhen theaforementionedombinatiorof predictorss removedMoreover SVM
with PCA model gives best performance for all splitting cases with 15 predidionrs.
specifically, SVM with PCA of case 580 provides the best indator values with the
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lowest RMSE of 0.0029, highest Rf 0.9161, and lowest MARE of 0.19% whereas
the lowest MaxARBOf 1.42%is from SVMwith PLS in case 535.

In conclusion,SVM with PCA model with 15 predictors is recommended for ESP
efficiency predition. To get the closest prediction, outliers should be removed by
standard dviationmethod and the data should be split by half for training and test set
(case 56b60). Cross validation shoulde used whe training the model to prevent
overfitting. This nodelprediction is off by the average of around 0.2% with maximum
different up to 1.42%Moreover,these models can be usadoptimization scenarios,
where the ESP controller finds the optipeddictor values of ESP operation for various
scenarios of flue gas propertiédsyain, in this way, the most problematic predictor is
outiet ash concentratio®éhou) as neither the ESP operator nor the process engineers
that control the process priorttee ESPcan affect this predictomhereasAshn can be

in some extent affected by the type of wdmteedetc, but even if it cannot be affected

it is an important input parameter thatmakes sense to be used for any kind of
predictive model of the &P).
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7 Appendix

7.1 Appendix A: ESP Process Data

ESP process data with gheur resolution, measured from Bl@ovember 2019 to 30
April 2020, are cleaned and tted differently. This splits into 3 scenarios which are
S1: no outlies removal, S2: outliers removed btandard dviation method and S3:
outliers removed bWahalanobis distance. Figures below cleahgvg that extreme
outliers from the original data are removed iné®®@ S3, especially in S2 that several
dates during March (12 -22"% were removed.
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1

7.2 Appendix B: Extrapolating prediction perf ormance

This section presents theteapolating prediction resulsf the 6 modelsusingall 23
predictors. The resultsom all 7 splitting cases are shown and compared.

Predictions: Linear models (test sets)
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Predictions: Linear models (test sets)

Figure 7.23: Case 640 model performance8 predctors)
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Figure7.2.6: Case 7525 model performance (23 predictors)
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