Estimating Physical Properties of the Products
of an Atmospheric Distillation Column

by Support Vector Regression

by

Firat Uzman

A Thesis Submitted to the
Graduate School of Sciences and Engineering
in Partial Fulfillment of the Requirements for

the Degree of
Master of Science
in
Industrial Engineering

Koc University

June 2015



Koc University

Graduate School of Sciences and Engineering

This is to certify that I have examined this copy of a master’s thesis by

Firat Uzman

and have found that it is complete and satisfactory in all respects,

and that any and all revisions required by the final

examining committee have been made.

Committee Members:

Metin Turkay, Ph. D. (Advisor)

Pelin Gulsah Canbolat, Ph. D.

Serkan Kincal, Ph. D.

Date:




ABSTRACT

Atmospheric distillation column is one of the most important units in an oil refinery
where crude oil that is little use as it is, is fractioned into its more valuable constituents.
Different fractions of the crude distillation unit are then further processed in downstream
conversion and purification units to produce final products such as gasoline, diesel and
jet fuel. The physical properties and the quantity of the final products vary depending on
the physicochemical properties of the crude oil being processed and the operation
parameters of the atmospheric distillation column. The process operators should keep the
physical properties of hydrocarbon products in specified limits and operate the crude
distillation unit according to instructions from the production planning department for
maximizing the profit from operations. The physical properties of different crude
distillation unit fractions must be measured by taking a sample from the stream
periodically and analyzing these samples in a laboratory with appropriate equipment or
by online analyzers that are very expensive to install, operate and maintain. Almost all of
the state-of-the art online equipment has a time lag to complete the analysis in real time
due to complexity of the analyses. Therefore, the laboratory or on-line measurements
become available to decision makers and operator with a time lag. The intermittent nature
of the measurements leads to sub-optimal control of the unit or in some cases leads to
off-spec products that have considerably less economic value than the products that are
within specified limits. As a result, estimation of the physical properties from online plant
data and implementation of a soft sensor has a potential benefit in improving the profit.
Among different approaches, the support vector regression shows great promise in

machine learning due to its ability in generalizing well to unseen test data.

The objective of this study is to fully estimate the physical properties of the
hydrocarbon products of an atmospheric distillation column by support vector regression.
Linear, Polynomial and Gaussian Radial Basis Function (Gaussian RBF) kernels are
tested and the SVR parameters are optimized by embedding k-fold cross validation into



a variety of algorithms including genetic algorithm (GA), grid search (GS) and non-linear
programming (NLP). The performance of SVR is compared against artificial neural
network (ANN) method and robust quality estimator (RQE) already functioning in the
ADC. The testing results suggest that SVR with any of the integrated kernels performs
well in estimating the property and generalizes well to blind test data. Compared to RQE,
the mean testing error of estimation is improved by 31% with SVR from 6.4°C to 4.4°C
and the standard deviation of estimation error is improved by 23% with SVR from 7.3 °C
t0 5.6 °C.



OZET

Atmosferik damitma kolonu bir petrol rafinerisinin en 6nemli birimlerinden biridir ve
bu haliyle kullanim1 miimkiin olmayan ham petrolii daha degerli bilesenlerine ayirir. Ham
petrol damitma iinitesinin damittig1 bilesenler daha sonra doniistiirme ve saflastirma
iinitelerinde islenerek benzin, dizel ve jet yakit1 gibi nihai {riinler elde edilir. Nihai
iriinlerin fiziksel oOzellikleri ve miktarlari, islenen ham petroliin fizikokimyasal
ozelliklerine ve atmosferik damitma kolonunun operasyon parametrelerine gore
degisecektir. Uretimin karliligin1 maksimize etmek icin isletme operatérleri, hidrokarbon
iirlinlerinin fiziksel 6zelliklerini belirtilen sinirlarin iginde tutmali ve iiretim planlama
boliimiinden gelen talimatlara gére ham petrol damitma tinitesini isletmelidir. Ham petrol
damitma {initesi iirlinlerinin fiziksel 6zellikleri, periyodik olarak iirin akisindan numune
alinip bu numunelerin laboratuvarda uygun cihazlarda analiz edilmesi ile veya kurulumu,
isletimi ve bakimi oldukc¢a pahali olan ¢evrimigi analizorler vasitasi ile Olgiilmesi
gerekmektedir. Analizlerin karmagikligindan dolayi, hemen hemen tiim son teknoloji
iirlinii cihazlarin ger¢cek zamanli analizi tamamlamak i¢in bir zaman gecikmesi vardir. Bu
nedenle, laboratuvar veya cevrimig¢i Ol¢lim sonuglar1 karar vericiler ve operatorlere
gecikmeli olarak ulagmaktadir. Olgiimlerin kesikli ve gecikmeli olmas, {initenin optimal
noktanin uzaginda kontrol edilmesine veya bazi durumlarda ekonomik degeri oldukg¢a
diisiik olan fiziksel 6zellik kisitlar1 diginda {iriin iiretimine neden olmaktadir. Bunun
sonucu olarak, ¢evrimigi iinite verilerinden fiziksel 6zelliklerin tahmin edilmesi ve bir
sanal Ol¢clim uygulamasinin tinite karliliginin iyilestirilmesinde 6nemli bir potansiyeli
vardir. Farkli yaklagimlar arasinda destek vektor regresyon, daha once karsilagilmayan

test verilerini genellemedeki yetenegi ile makine 6grenmede gelecek vadetmektedir.

Bu calismanin amaci, bir atmosferik damitma kolonunun hidrokarbon iiriinlerinin
fiziksel ozelliklerini destek vektor regresyon yontemi ile tam olarak tahmin etmektir.
Dogrusal, polinom ve gauss radyal tabanli fonksiyon g¢ekirdekleri stnanmis ve destek

vektor regresyon parametreleri, genetik algoritma, 6rgii arama ve dogrusal olmayan



programlama yontemlerine k-kat ¢apraz dogrulama entegre edilerek optimize edilmistir.
Destek vektor regresyon performanst yapay sinir agi yontemi ve zaten atmosferik
damitma kolonunda faaliyette olan tahminci ile karsilastiriimistir. Test sonuglarina gore
destek vektor regresyon herhangi entegre ¢ekirdek ile iiriin 6zellikleri tahmini ve gozi
kapali sitnamada gayet iyi performans gostermistir. Destek vektor regresyon ile mevcut
tahmincinin ortalama mutlak test hatas1 %31 oraninda iyilestirilerek 6,4°C’den 4,4°C’ye
diisiiriiliirken, hatadaki standart sapma %23 oraninda azaltilarak 7,3°C’den 5,6°C’ye

distrilmistiir.

Vi
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Chapter 1

INTRODUCTION

Crude Distillation Unit (CDU) is the heart of a petroleum refinery where the crude oil
is separated into its naturally occurring fractions. Atmospheric Distillation Column
(ADC) is the most complex asset in the CDU which operates at atmospheric pressure.
The operation parameters of an ADC influences the amount and hydrocarbon properties
of its products. Dynamically changing demands and prices for end products forces the
planners to frequently update the optimal operating parameters and maximize the amount
of a product while keeping the products within their specification limits. This gives rise
to the need for online monitoring of the properties.

The online monitoring of temperature, pressure and flowrate within the ADC is
possible with measurement devices connected to Distributed Control Systems (DCS).
However online monitoring of hydrocarbon properties are only possible by installing
online analyzers which are very complex, hard-to-maintain and expensive devices.
Therefore hydrocarbon properties are monitored by taking samples periodically from the
ADC and analyzing the samples in a laboratory with appropriate equipment which takes

up a considerable amount of time.

The lack of online measurement of hydrocarbon properties can be complemented by
online estimation methods. An estimation function of temperature and pressure as input
variables can be fitted to laboratory analysis data of the hydrocarbon properties. The ADC
in Izmit Refinery of Turkish Petroleum Refineries Corporation Which is the subject of
this study has employed Robust Quality Estimators (RQE) for the online estimation of
the critical properties of hydrocarbon products like the 95% boiling point temperature of
heavy diesel. This RQE embodies a fixed function of heavy diesel tray temperature and
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flash zone temperature and pressure which is then fitted to laboratory data by a gain and

a bias.

There have been studies on rigorous modeling of ADCs. This method is highly
complex and embodies a comprehensive physical properties library, refers to the laws of
thermodynamics and is hard to fit to a real operating unit. Though many of the
hydrocarbon properties can be gathered from the simulation results of a rigorous model,
the rigorous model still needs periodic maintenance as it sways away from real system in

time.

Recent studies have successfully employed Machine Learning in modeling chemical
processes in petroleum refining. Artificial Neural Network (ANN) has been a popular
choice in this area, but has suffered from over-fitting. ANN like any regression method
that embodies Empirical Risk Minimization, minimizes the estimation error without
concern for the model complexity. This in turn leads to poor performance in

generalization to unseen testing data.

More recent studies have utilized Support Vector Machines (SVM) in regression
problems. SVMs, in contrast to ANN embodies Structural Risk Minimization that aims
to obtain a flatter and less complex function. By implementing a new loss function,
Support Vector Regression (SVR) chooses the flattest path in which error is kept within
a predefined width for insensitive region and a predefined cost factor handles outlier data.
Moreover, by employing kernel functions, SVR can be trained to generate a nonlinear
estimation function. Lastly, the user-defined parameters of SVR can be optimized via
cross validation embedded in global optimizers like Genetic Algorithm or simpler solvers

like Grid Search, to maximize generalization performance.

This study concentrates on the estimation of physical properties of Heavy Diesel
fraction of an ADC by Support Vector Regression. Chapter 2 presents a review of
modeling methods used in similar problems. Chapter 3 focuses on the concept of an SVR,
the training of an SVR and the optimization of SVR parameters. Chapter 4 explains the
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implementation of SVR in estimation of physical properties of the hydrocarbon products
of an ADC. Chapter 5 presents and discusses the results and Chapter 6 concludes with a

summary.
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Chapter 2

LITERATURE SURVEY

2.1  Petroleum Refining

Petroleum has been known to man since ancient times. It is a mixture of hydrocarbon
molecules which can be found in the ground, but its use was at limited amounts in its
natural form. Until 19" century, it was not considered as a good source for burning since
it produced smoke and ash. The petroleum industry boomed when it was discovered that
useful products can be distilled by boiling the crude oil. First reliable sources of oil were
drilled and first petroleum refineries were built to distillate crude oil in the second half of
the 19™ century [1].

In current times, petroleum refineries process crude oil into useful and valuable
products like naphtha, gasoline, diesel, jet fuel and asphalt [1, 2]. They have vital role in
the supply network of petroleum. They operate in energy-intense industries where
continuous investments at great costs must be pursued for sustainability in a challenging

global competition.

Crude oil contains millions of different hydrocarbon molecules with different
molecular weights, boiling points, structures and lengths, and other non-hydrocarbon
molecules like sulfur and nitrogen. The varying physical and chemical properties of
hydrocarbon molecules make them useful in a wide range of different applications. The
crude oil should go through separation, conversion and purification processes to obtain

various useful products within specification limits.
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In petroleum refining, the crude oil is first separated into its fractions in the crude
distillation unit, which is the focus of this study. Then each fraction is further processed
in conversion units by changing the size of the molecules in cracking units or changing
the structure of the molecules in reforming units. The converted streams are then treated
in purification and separation processes to further improve product quality. Finally
similar products from varying units are blended to form the final products strictly within
strict specification limits. Every refinery has a similar but unique setup and Figure 2.1

depicts the flow diagram of a typical petroleum refinery.
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Figure 2.1: Flow diagram of a typical petroleum refinery
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2.2 Crude Distillation Unit

Petroleum refining begins with the Crude Distillation Unit (CDU) which separates
the crude oil into streams with different boiling ranges which are processed further in
conversion or purification processes. The CDU often contains more than one distillation
column and the configuration of the CDU differs from one refinery to another. The
atmospheric distillation column is always the heart of this configuration, which operates

around atmospheric pressure.

The crude oil is first preheated by a group of heat exchanger where the distilled
products or pump-around streams that need to be cooled down exchange heat with the
yet cold crude oil. Afterwards the crude oil first goes through desalters to remove
inorganic salts that cause corrosion, then goes through a heat exchanger group and finally
arrives at the furnace. The furnace may be preceded by a preflash column to remove light-
end products beforehand. This reduces the operating cost of the furnace. The furnace
heats the crude oil up to around 400°C which is then fed to the bottom tray of the

atmospheric distillation column.

The bottom of the atmospheric distillation column is heated by a stripping steam flow
which vaporizes the molecules with lower boiling points to recover higher valued
distillates like diesel in the upper trays. There are intermediate outlets on the column that
draw out fractions with different boiling point ranges and these fractions like kerosene
and diesel are called sidecuts. These sidecuts are fed into side strippers which also have
stripping steam. The vaporized molecules are sent back to the atmospheric distillation
column. There are also pump-arounds that draw out a stream to be cooled down and
pumped back to the atmospheric distillation at a higher tray. At the top is the condenser
and the reflux drum where the uncondensed vapor is outlet, the water in the mixture is
removed, a controlled ratio of the condensed liquid is pumped back to the atmospheric

distillation column and the rest is outlet as naphtha.
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Figure 2.2: Flow diagram of a typical crude distillation unit

The atmospheric bottom or atmospheric residue is fed to vacuum distillation column
for further separation. The naphtha output may also be further separated into purer
components, thus concluding the crude distillation unit. The conversion units superseding
the CDU like Fluidized Catalytic Cracker (FCC), Hydrocracker or Delayed Coker may
also need separation columns similar to the ones in the CDU since the feeds to these units

are converted into a range of higher valued distillates that need separation.

2.3  Modeling Approaches

As it is with the crude oil, the prices and the demand for each product change
dynamically leading to frequent updates in planning instructions. Since Crude Distillation
Units are complex and energy intense units, safe and optimum operation of the unit has

a great significance in oil refining. This leads to a need in proper monitoring of the
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operation for process engineers and a proper estimation of the operation dynamics for
planning engineers. Both objectives prove to be troublesome as the physical properties
can be measured by taking a sample from the stream periodically and then analyzing
these sample in a laboratory with appropriate equipment or by online analyzers that are
very expensive, complex and hard-to-maintain sets of equipment. The periodicity in
measurement leads to sub-optimal control of the unit or in some cases to off-spec
products. This gives rise to the need for estimating the plant dynamics and physical
properties of the product streams.

Different methods like rigorous distillation column models that depend on the laws
of thermodynamics, and statistical models that depend on online plant data have been

incorporated to estimate the behavior of a distillation column.

2.3.1 Rigorous Models

First principal mechanistic models have been developed for simulating a steady state,
multicomponent and multistage distillation column. A rigorous method by Naphtali and
Sandholm [3] has been further improved by Boston and Sullivan [4], Hofeling and Seader
[5], Russell [6], Kumar [7] and many others. Many academicians have further studied the
use of rigorous methods in optimization of distillation columns [8-11].

Any rigorous model has mass and energy balance equations, need a comprehensive
physical properties library and are very complex. One needs a proper knowledge of the
method to be able to fit a model to an existing distillation column and the model usually
deviates from the real data in time. The model is as good as the physical properties
estimation library selected for predicting properties like phase equilibrium coefficients

and enthalpies.
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2.3.1.1 The Mesh Equations

A column is modeled as a multi-stage multi-component system and each stage is
modeled modularly as shown in Figure 2.4 where the stages of the column are numbered
starting with the top tray or condenser drum if there is one ending with the bottom tray
or the reboiler drum. If there are any side-strippers, the stages of these are numbered after

the bottom tray of the column to a total of N stages as shown in Figure 2.3. For any stage

j, there may be an input feed stream F;, an output liquid side-draw L’ , an output vapor
side-draw V;" and an input or output heat duty Q. Also liquid flowing down from stage
jtostagej+1lis L; and vapor flowing up from stage j to stage j — 1 is V. The temperature
of stage j is T; and the pressure is P,. Component i in stage j has liquid phase molar
fraction as x; ; and vapor phase molar fraction as y; ; . Enthalpy of vapor phase in stage
jis H;, while enthalpy of liquid phase in stage j is h;. Lastly, any feed stream entering

stage j has temperature T,”, pressure P and enthalpy H .
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Figure 2.3: Stage numbering of a typical atmospheric distillation column

A complex atmospheric distillation column most usually has pump-arounds and side-
strippers. The input and output streams from or to these special assets should be tied

together. Liquid phase side-draw from stage j to pump-around is LFJ.’o and liquid phase
return from pump-around is Lﬂ where j1 is the stage pump-around draws the stream
from. LY, isequal to L, . Liquid phase side-draw from stage j to side-stripper is L . As
it is with the main column, the top stage j of a side-stripper does not have liquid flowing

- - SS - - -
down from stage j — 1, but from the corresponding L;”. Similarly there is no vapor

flowing up from stage j + 1 to the bottom stage j of a side-stripper. The vapor flowing up

from the top stage j2 of a side-stripper is connected to the corresponding stage of the main

10
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column as V,,. The inputs and outputs of a stage can be generalized as shown in Figure

2.4.

Figure 2.4: A stage of a distillation column

Then the component molar rates are computed as below where i is for component and

there are a total of C components:

L =L
Vii =Vi¥iis
f.,=Fz; (1)
Iy = L%,
Vi =ViYige

The equations required to define a stage are mass balance, energy balance and phase

equilibrium equations. The mass balance for any component i in stage j is:

11
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LiaX o~ (L + sz + LSJ.S + L?O)xi'j

+Vj+1yi,j+l—(\/,- +Vj5)yi,j (2)

+L00% 0+ VoY + Fizi; =0.
The component molar fractions in stage j should add up to 1 (one):

me =1,

@)
Z Y, ;=1
The energy balance equation for stage j is:
Lish o —(L+ 5+ +L5%)h +V, H, @
S PI f
—(\/j +VJ. )Hj + lehj1+Vj2Hj2 + FjHj +Qj =0.
The phase equilibrium equation of a component i in stage j is:
Yi; = Ki % ;- ®)

2.3.1.2 Phase Equilibrium Coefficient and Enthalpy

The phase equilibrium coefficients K; ;, liquid phase enthalpies h;, and vapor phase

ij?

enthalpies H; should be predicted by the physical properties estimation library as

functions of temperature, pressure and component fractions:

Ki,jzf(lePj’Xi,jiyi,j)! (6)
H; = (T, P yij), (7
hy=1(T;, P, Y ). (8)

12
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The enthalpies cannot be calculated with the assumption that the components act like
an ideal gas, since the molecules attract and repulse each other, and have finite volume.
Equations of state proposed by many academicians [12-14] can be used to solve for the
phase equilibrium coefficients and excess enthalpies. Peng-Robinson equation of state
(PR) [12] and Soave modification of Redlich-Kwong (SRK) [14] are popularly used for
predicting these properties of hydrocarbons.

The crude oil has over 1 million different molecules in its mixture where some are
non-hydrocarbon molecules. Light hydrocarbons with as much as 6 or 7 carbon atoms
may be defined as pure components, but the rest of the molecules are grouped by true
boiling point ranges as pseudo-components. To solve for phase equilibrium coefficients
and enthalpies, one needs the properties of these components like critical temperature

T., critical pressure P., acentric factor w.

Properties for pseudo-components like molecular weight, critical temperature, critical
pressure, acentric factor, heat of formation, ideal gas enthalpy can be predicted by
empirical correlations which are documented in the American Petroleum Institute’s
Petroleum Data Book [15].

For heat capacity C, calculations of pure components, one needs the coefficients of

the estimation function:
C,=A+BT+CT?*+DT". 9)
Then the ideal enthalpy of a pure component can be calculated by

B

ideal i C D
Hi% = [ C,dT, = AT, H T

ST T (10)

J 4 J

The vapor phase excess enthalpies H{* and liquid phase excess enthalpies h}* can be

calculated by equations of state to give total enthalpy of stage j as:

13
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Hy=2 HIT +HT, (11)

']

)]

hy =2 HI" +hi (12)

The phase equilibrium coefficients K, ; are calculated from the vapor phase and

liquid phase fugacity coefficients ¢,Yj and ¢,ij respectively as:

4.,
K . ==L, (13)
Y
The equation of state of PR [12] or SRK [14] can iteratively solve for the fugacity
coefficients and excess enthalpies for a stage at once for vapor phase and once for liquid
phase, but at high computational cost. More information on equation of state can be found

in the book Multistage Separation Processes by Khoury [16].

2.3.1.3 Degree of Freedom

To simulate any problem, one needs the degree of freedom equal to zero. To
accomplish this, the pressure value of stages are fixed with a fixed pressure value for the
top stage and a fixed pressure drop value towards the bottom stage. Still one needs to
define more equations against any heat duty or side-draws. These equations are called

performance specifications and are expressed as:
G(w) =0. (14)

An example for a performance specification can be a fixed value for the top tray

temperature against the condenser heat duty Q, and expressed as G(w) =T, —40°C =0.

14
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2.3.1.4 Inside-out Algorithm

The commonly used method in many chemical process simulators is the inside-out
algorithm by Russell [6], which is explained in [16]. This method simplifies the phase
equilibrium coefficient and enthalpy calculations which are computationally expensive,
by linearizing the function in terms of the stage temperature. The inner loop solves the
model according to the performance specifications given by the user with the simplified
functions. Then the outer loop updates the phase equilibrium coefficients, and enthalpy
calculations, and checks if the update is within the specified limits. The algorithm
terminates if the update is within the defined limits. If it is not, the functions are linearized
again for another set of inner loop iterations. This method requires little information for

generating initial estimates and has lower computational cost.

The inside-out algorithm also incorporates special iteration variables that increase
convergence ability. First the mass balance is written in terms of component molar flow

rates instead of component molar fractions by combining equations (1) and (2):

L=+ + If? +If”?)
S
Vg = (Vi VE)) (15)

Pl _
+Ii’j1+vi’j2 + fi'j =0.

i, j+1

Now the withdrawal ratios are used as variables instead of molar rates for side-draws:

S S

RL; =L; / L,

RLY =L /L,
PO PO

RLEC =LT°/L,, (16)

RVJ.S =VJ.S /Vj,

RL =17 /L, =L /L,

Then the mass balance can be written as:

15
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| —(1+RL + RS + R ) I |
(1+RV] ) v, (17)

+RLETL  +v, ,+ f =0

+I]+l

Next the vapor phase component molar ratesv,

. ; are written in terms of liquid phase

component molar rates |, ; by:
=K ; (Vj I ) - (18)
Then the relative volatility «; ; is defined as:
o, =K 1K, (19)

where K, ; is the phase equilibrium coefficient of the base component b. Base component

is selected by the user. A pure component with highest true boiling point or a component
with phase equilibrium coefficient value closest to 1 (one) can be selected to have the

mean of relative volatility close to 1 (one).

Lastly the special iteration variable, the stripping factor of the base component is

defined as:

S, =K, V, /L, (20)

b,j%j

By combining equations (18), (19) and (20) the vapor phase component molar rates

can be written as:

i i,j%bjlj
Finally the mass balance equation can be written as:

| —(1+RL + R +RLC + (1+ RV ) S, 1 ) |

i,
PO
Sb,j+1li,j+1 + Rle II j1 +Ol| jZSb 12|| 12 f O

(22)

+al j+1

16
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Energy balance equation can be written in terms of withdrawal factors as:

L, .h, —@+RL +RLY +RL°)Lh, +V,  H

J+17 T+

(23)
s PO f
—(1+RV;)V,H; +RL L h, +V,H, +FH; +Q, =0.

2.3.1.5 Initialization

All variables need initial values before the inside-out algorithm begins. The
temperature, pressure, flow rate and molar fractions of any feed is predefined and fixed.
Any side-draw or withdrawal rate needs estimates from the user. The temperatures can
be initialized as an interpolation of an estimate for top stage and an estimate for bottom
stage. The liquid and vapor phase molar fractions can be initialized as feed stream,
flashed at the average temperature inside the column. Inner liquid and vapor flow rates
can be initialized based on estimated side-draws and withdrawal rates and by assuming
constant inner flows. The heat duties also need estimates. Any side-draw, withdrawal rate

or heat duty that does not exist for a stage should be fixed to 0 (zero).

2.3.1.6 The Outer Loop

In the first iteration, the outer loop begins with the fixed values for pressure in each

stage P, and roughly initialized values for temperatures T;, liquid flow rates L;, vapor

flow rates V;, liquid phase component molar fractions X; ; , vapor phase component molar

i,j?
fractions y, ; , withdrawal rates RL;, RLY®, RL(°, RV and heat duties Q, for each stage.

In the next iterations, the outer loop continues with these variables updated by the inner

loop.

17
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Firstly, the phase equilibrium coefficients K; ; and excess enthalpies for liquid phase

hi* and vapor phase H"* are solved for as stated in Section 2.3.1.2. If this is the first

iteration, the outer loop continues by simplifying the K-values and excess enthalpies for
inner loop calculations. If this is an intermediate iteration, the updated K-values and
excess enthalpies are compared with their previous values from the inner loop and the
algorithm is accepted as converged if the error is lower than a predefined tolerance value
e that has a default value of 10°®.

If the problem did not converge, the algorithm carries on by fixing the relative

volatility value «; ; by equation (19), and computing the stripping factor S, ; by equation
(20). Simplified functions for K-values of the base component K, ; and excess enthalpies
are generated by perturbing the stage temperatures T,, meaning the equation of state is
called for each stage twice with +AT at a default value of 1°C .

The simplified function for K-values is:

Ky ; =exp(A; =B, /T)), (24)
where coefficients A; and B; can be easily calculated from:

B - IN(Ky, a7 / Ky jrar)
] 1 1 ’
Tj + AT Tj —AT (25)

B,
A =I(Ky )+

J

The simplified functions for excess enthalpies are:

h*=c,+d,(T,-T,),

5 (26)
H* =e +f,(T,-T,),

18
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where T, is the reference temperature and is equal to 298.15 K. The ideal enthalpies do

not need simplified functions since they are already functions of the temperature.

2.3.1.7 The Inner Loop

The inner loop begins by solving for the liquid phase component molar rates |, ; by

the tridiagonal matrix method. The recurrence relation in equation (22) can be formed
into a system of equations as Tx =D where T is the tridiagonal matrix [17]. The vector
of variables x can be solved by taking the inverse of the tridiagonal matrix [18-23] and

solving the system of equations x =T D [24].

The tridiagonal matrix has the form:

Bl Cl
AZ BZ C2 R
A
T= , @7)
M ANfl BNfl CNfl
i Av By |
where
A=-1
B, =1+RL; +RL} +RL}° +(1+ RV} ), ;S, ;. (28)

Cj = ai,j+18b,j+l'

and M and R, scattered in the tridiagonal matrix are for liquid return rate from the pump-

around RL’; and vapor return rate from the side-stripper «; ,,S; .

The vector matrix D has the form:

19
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D=| ., |. (29)

The system of equations is solved for each component i to get x as vector containing

liquid phase component molar rates |, ;. Then vapor phase component molar rates Vv,
are calculated from equation (21). Total liquid and vapor phase inner flow ratesL;, V,

and liquid and vapor phase component molar fractions x; ;, y; ; are calculated as:

L=> Ly (30)
Vi=D i, (31)
X =h,/L;, (32)
Vi =V )V (33)

The next step is to update K-values of base component K, ; and stage temperatures

T, by:

Ky = (34)

b,j 1
2 %,
I

B.
T =——1. (35)
A -In K,

The final step of the inner loop solves for the independent variables which are the

stripping factor S, ;, the withdrawal rates RL;, RLS®, RL;®, RV and the heat duties Q,

using the energy balance equations (23) and performance specification equations (14).

20
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The withdrawal rates and heat duties that do not exist in the column are fixed to 0 (zero)
and are not included in the set of independent variables. One should remember that if
there are N stages and a total of n withdrawal rates and heat duties in a system, then there

are N energy equations and n performance specification equations.

Since this step uses the simplified functions for K-values and excess enthalpies, and
the first iteration begun with roughly initialized variables, continuing from this point on
will degenerate the solution [25]. As a result, only in the first iteration, the inner loop
ends after calculating equation (35) and the algorithm returns back to the beginning of

the outer loop with the updated values of total liquid and vapor phase inner flow rates L,
V;, liquid and vapor phase component molar fractions x; ;, y; ; and stage temperatures

T, . Inintermediate iterations, the inner loop continues with final step.

In the final step, Newton method is used where the residuals of energy balance and
performance specification equations are minimized by perturbing each of the independent
variables and recalculating the residuals starting from the beginning of the inner loop to
get partial derivatives of the equations. The Jacobian matrix is formed from the partial

derivatives as:

| OE, ©F, OE,  OF, oE, |
0, 0, S, RS Q,
OE, O,  OE O OE,
as,, 0S,, 6S,w ORL  aQ,

g B BB, B, )

3S,, 0S,, 0,y ORL oQ,
G, oG, &G, oG oG
8S,, Sy, oS,y ORL oQ,
06, oG,  0G, oG, G,

| 8S,, 35,,  S,, ORL Q|

21
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Then the independent variables are updated by the use of the inverse of the Jacobian

matrix as:
I b,1 ] I b,1 ] I El ]
b,2 b,2 E2
Son =1 Sy \ —bJ? Ey | . (37)
RLS RLS G,
_QN k+1 _QN k _Gn k

where k is the iteration number and b is the damping factor for the correction and a value
of 0.7 is recommended for most cases [25] for faster convergence. One may also optimize
the value of b at each inner loop iteration which may be computationally costly or halve
the value if the new residuals are larger and continue halving until the new residuals are

smaller.

The inner loop is iterated until the residuals reach a tolerance value or an iteration
limit is reached. When the inner loop ends, the algorithm returns back to the beginning

of the outer loop.

2.3.1.8 Discussion

A rigorous model for simulation of a distillation column gives detailed output of what
IS going on in the system, once the distillation column is properly defined. When the
simulation is converged, the 95% distillation point temperature of heavy diesel can be
easily calculated from liquid phase molar fraction x; ; from the bottom stage of the heavy
diesel side-stripper and boiling point temperatures of the components. However the

proper definition of the real system needs an expert in this subject.

22
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This section gives a moderate detail on rigorously modeling a distillation column.
However one needs additional calculations or libraries for fully describing an
atmospheric distillation column. The rigorous model should include the ability to define
a third phase that mostly consists of water at the condenser drum or a total condenser that
is not at equilibrium state or have further estimation methods for predicting hydrocarbon

properties from the simulation results.

A rigorous model may prove to be computationally costly, hard to model and need

maintenance which makes statistical models more attractive.

2.3.2 Statistical Models

Statistical models are widely used for prediction of the relationship between a
dependent variable and one or more independent variables. There are many methods for
generating a statistical model and the most common among them is the least squares
regression method which may give misrepresentative results with outliers and noise in

the training data and may not generalize well to unseen testing data.

Recent studies employ Machine Learning and Artificial Neural Network in Machine
Learning has been widely adopted in solving regression problems. The concept and its

use in chemical engineering is discussed in the next subsection 2.3.2.1.

The main subject of this study, Support Vector Machines in Machine Learning have
been used for classification purposes like text recognition and recent studies have adapted
the concept in regression problems. The background and its use in chemical engineering

is discussed in subsection 2.3.2.2.
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2.3.2.1 Artificial Neural Network

Artificial neural networks (ANN) have been a popular choice for simulation of
chemical processes [26-28] and predicting of physical properties [29, 30]. Since ANN is
a general purpose statistical modeling method, it has been applied to the simulation of
hydrocracking units [31], desulphurization units [32], delayed coker units [33], fluid
catalytic cracking units [34] and crude distillation units [35-38]. ANN requires the
regression of a model for each dependent variable to be estimated unlike a single rigorous
model. Lopez and Mahecha [35] uses rigorous models to generate data to use in
regression of ANN models rather than using plant data that has outliers and noises. The
purpose here is to make the estimation faster and more robust. Liau [36], Motlaghi [37]
and Ochoa-Estopier [38] further optimizes the operations of a crude distillation columns
which was modeled with ANN from plant data.

Artificial Neural Networks are formed from a group of neurons interconnected to
create a network that mimics the function of a brain. Input variables are connected to
input nodes and these input nodes are connected to intermediate nodes and then to output
nodes as depicted in Figure 2.5. There may be more than one layer of intermediate nodes,
which are called hidden layers. Each connection has a weight and each node has an

activation function and an output function.
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Hit_]-:_l,i 11

.-/-’ . . \-\.

[t \ /

Figure 2.5: Typical structure of an Artificial Neural Network

An activation function takes the inputs and multiplies them by their interconnection

weights as:
Ay = 20 KW, (38)

where A, is the calculated value of the activation function in node j, X; is the incoming

outputs from other nodes i and w; ; is the weight of the interconnection from node i to

node j.

The output from node j may be equal to A;, making the node a linear one, but this

defeats the purpose of a neural network and has limitations. For this reason, ANN nodes
also employ an output function in terms of its activation function. The most common

output function is the sigmoidal function [39]:
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1

0. = ,
1+eh

]

(39)

where O; is the final value of the output from node j. The sigmoidal function has a plot

as in Figure 2.6 and is close to 0 (zero) for large negative numbers and 1 (one) for large

positive numbers and has a smooth transition for values of A; close to 0 (zero).

1-

)
ol

Figure 2.6: Plot of a sigmoidal function

A function similar to the sigmoidal function, the hyperbolic tangent function has been
used by [38] which has an output value closer to -1 (negative one) for large negative

numbers instead of 0 (zero). This function has the form:

sinh A. % _gh 142N
O, =tanh A = 1 _=

= = . 40
cosh A, e%+e™ 1-e™N (40)

Sigmoidal, hyperbolic tangent or similar functions are used for the nodes in the hidden

layers, while a linear function is used for the nodes in the output layer.

The structure of the network and the activation function are predetermined usually by
trial and error for simplicity. Then the Artificial Neural Network is trained to decrease
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the error between the training data and the output of the Artificial Neural Network. This
is done by adjusting the weights of the interconnections to minimize the sum of the
squares of the errors. The Backpropagation Algorithm proposed by Rumelhart and
McClelland [40] is used for the training where the errors are propagated backwards to

find the effect of a weight in previous layers.

Since the Artificial Neural Networks minimize the estimation error, this approach
usually leads to over-fitting and poor generalization of the system meaning poor

estimation of unseen testing data.

2.3.2.2 Support Vector Regression

The concept of Support Vector Machines (SVM) has been established by Vladimir
N. Vapnik and Alexey Y. Chervonenkis [41, 42] in 1963 for solving classification
problems. Then nonlinear classification has been made possible by the introduction of
kernel functions, proposed by Boser, Guyon and Vapnik [43] in 1992 which has been
suggested by Aizerman [44] back in 1964. The problem of outliers have been finally
solved by soft margins which was proposed by Cortes and Vapnik [45] in 1995. Then
SVM was updated to solve regression problems with the introduction of a loss function,
proposed by Vapnik, Drucker, Burges, Kaufman and Smola [46] in 1997.

Interest in SVM has increased over the last 15 years due to its distinctive features and
performance in solving regression and classification problems. A detailed technical
report on SVM for its use in classification and regression problems has been published
by Gunn [47] in 1998. Detailed tutorials on Support Vector Regression (SVR) were
published by Smola and Scholkopf [48, 49] in 1998 and 2004. A general purpose library
has been distributed by Chang and Lin [50] as LIBSVM that can be integrated to many
programming languages and data mining software.
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SVM has also been used in modeling of chemical processes like polymerization [51],
desulfurization [52], polymer extrusion [53] and isomerization [54]. Yao and Chu [55]
employed SVM in modeling and optimization of an atmospheric distillation column.
Yan, Shao and Wang [56] developed a soft sensor for estimating the freezing point of
light diesel in a distillation column. Lahiri and Ghanta [57] employed SVR in estimating
critical velocity of solid liquid slurry flow.

Yao and Chu [55] applied SVR for a real atmospheric distillation column and
optimized the SVR parameters using particle swarm optimizer with linearly decreased
inertia weight (LinWPSO), a version of a global optimizer proposed by Shi and Eberhart
[58]. Lahiri and Ghanta [57] optimized the SVR parameters using genetic algorithm
(GA). Yao and Chu [55] modeled the atmospheric distillation column in a commercial
chemical process simulation tool, Aspen Plus and used data generated from case studies.
Since the training data contained simulation results, there was neither noise nor outlier.
Therefore the SVR parameter ¢ to be explained below was fixed to 0 (zero) which

defeated the purpose of creating scarcity in the set of support vectors.

The difference between SVM and the other regression methods is that SVM
minimizes the structural risk as opposed to other regression methods that employed
empirical risk minimization. Empirical risk minimization only focuses on minimizing the
error of estimation which may end up with a model that describes the noise or outliers,
and will have poor performance in predicting unseen test data, whereas structural risk

minimization focuses on training a function that is as flat as possible.

In the regression case, SVR has two main parameters ¢ and C that affect the balance
between flatness versus error of estimation. Parameter ¢ describes the insensitive region
in which the error of estimation has no cost, and parameter C describes the weight of
error outside the insensitive region. When kernel functions are used, one or more extra
parameters may be introduced. A large value for parameter C will make the algorithm
put all training error within the insensitive region which will cause the SVR to memorize

the training data and generalize poorly to unseen test data. A small value for parameter &
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will assume that there is no noise in the data and again will cause the SVR to overfit. In
contrast a small value for parameter C or a large value for parameter ¢ will cause the SVR
to underfit. Applying cross validation method in optimizing these parameters will ensure

the regression of a function that has great performance in prediction of unseen data.

The next chapter gives comprehensive details on the concept of Support Vector
Regression, how SVR is trained and how the parameters of SVR can be optimized.
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Chapter 3

SUPPORT VECTOR REGRESSION

3.1  The Concept

Suppose we have a set of data {(x1 Vi) (X0 Yo ) oo (X0 Y, )} x eR", y eR,

where X, can be a scalar or a vector containing the input values and vy, is the

corresponding output value. In this study, the data set will contain the control parameters
of a distillation column as x, and one of the hydrocarbon properties to be estimated as
y. In Support Vector Regression, we want to estimate y with a function f(x) that has
least deviation from the data, and at the same time is as flat as possible and has lowest

model complexity.

The estimation function has the form,
f(x)=(w, x)+b, weR", beR. (41)

where w is a combination of the support vectors that have been selected among the data
set, (.,.) demotes the dot product, and b is the bias term. The use of the dot product
leads to a linear estimation function, but it is possible to use kernel functions that
construct a mapping into a high dimensional feature space which enables the linear

regression of a non-linear estimation function. Kernel functions will be discussed later in

Section 3.6. We will continue with the linear function in this section for simplicity.

A special loss function has been introduced to Support Vector Regression similar to,

but different than widely known loss functions like Quadratic, Laplace or Huber
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functions. This loss function is insensitive to errors less than an error tolerance of ¢ which
enables sparseness at the set of support vectors [45]. This new loss function is named -
insensitive function and will be further discussed together with the other mentioned loss

functions in Section 3.7.

The first attempt at Support Vector Regression was with a hard constraint where the

goal was to estimate y with afunction f (x) that has at most € deviation from the training

data and at the same time has lowest model complexity and is as flat as possible. This
means any error lower than ¢ is neglected, while any error more than ¢ is not tolerated.

For flatness and lower model complexity, one should pursue a small combination of
support vectors, w. To do this we can minimize the function ||w||2 which is the dot
product, <w, w) . The error of estimation will have a hard constraint and the optimization

problem for regression can be written as:

.1 2
min = |w]|
2
t yi—f(x) < ¢ (42)
S”{f(xi)_yi < €

This optimization problem will estimate all input and output pairs within a tolerance
of . However this problem may not always have a feasible solution or we may want to
tolerate some degree of error. Thus the soft constrained loss function of Bennett and
Mangasarian [59] was adapted into support vector machines by Vapnik [45]. Slack

variables, & and & and a scalar constant C was introduced to the optimization problem.

Slack variables are for the positive or the negative errors of estimation outside of the
insensitive region. These slack variables need to be minimized according to the user-
defined positive weight factor C , which determines the tradeoff between the flatness of
the estimation function and the error tolerance. The resulting optimization problem for

regression can be written as:
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min %||W||2+CZ(§+§:),

y.—f(x) < e+&, (43)
st.d f(x)-y, < e+&,
& & 2 0.

Some kernels may introduce one or more additional parameters to be defined
beforehand, but other than that the generalization performance of the estimation function
is greatly dependent on the parameters C and ¢, and will be discussed further in Section
3.9.

A case for training a linear estimation function is shown in Figure 3.1 [49], where the

loss is |&| If the estimation error is &+ &, and the loss is O (zero) if the training data is in

the grey region so that the estimation error is less than e.

Figure 3.1: Soft constraint loss function

The optimization problem (43) for support vector regression can be easily solved in
its dual form. The dual problem can be formed by the method of Lagrange multipliers

which is a standard dualization method and explained by Fletcher [60].
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3.2 The Dual Problem

First of all the primal form is converted into a Lagrange function where the constraints
of the primal problem are added to the objective function by the introduction of Lagrange

multipliers for each of the constraints. The Lagrange function can be written as:

fo-p e (6+g)
—lel o (£+& =y, +(w, x)+b)
Y (o +y=(wx)-b) (44)
—Z(ﬂié)

-2 (&)

i=1
The Lagrange multipliers are 7,, n’, «;, « andthey are nonnegative:
n, 1, o, & =0. (45)

The Lagrange function has a saddle point where the partial derivatives of the

Lagrange function with respect to the primal variables w, b, &, & ,areequal to 0 (zero)

at the optimal point:

(3_3\; = 0 = w—iz;:(ai—ai*)xi, (46)
oL ' -
w -0 Xlaa) 0
oL
% - 0 = C—a—7, (48)
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aL* =0 = C-a -7, (49)
OE;

The optimality conditions above helps us simplify the dual problem to be in terms of
dual variables which are the Lagrange multipliers. In this case, the equations (48) and

(49) can be used to eliminate the Lagrange multipliers v, n; by rearranging the

equations as:

= C-a, (50)

*

= C_ai*'
Since the Lagrange multipliers have to be nonnegative, the Lagrange multipliers

a;, o, cannot be larger than C to comply with equalities (50). Equation (47) becomes

a constraint for the dual problem. We also see that the equation (46) can be rearranged to

get the termw as a combination of the input set of the training data:

W=Z(ai—a:)xi. (51)

|
i=1
By substituting equation (51) into equation (41), we can rewrite the estimation

function as:
f(x):i((ai—a:)<xi,x>)+b. (52)

By substituting equations (50), (51) into equation (44) with constraints deduced from

equations (47) and (50), the primal variables w, b, &, & are eliminated and we get the

dual problem as:
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o -2 33 (a-a) ) (505

j=1
|

—eZ(aﬁa?)évi(ai—a?)’ 53)

i=1

le(ai—ai*)zo,

st. < o
0<a, a <C.

Now that the optimization problem does not include w, support vector regression
problems especially with nonlinear feature space transformations can be solved
independently of the dimension of the feature space with quadratic programming.

3.3  Training with Quadratic Programming

Quadratic programming minimizes a quadratic objective function with decision

variables subject to linear equality and inequality constraints.

min % X"Hx+ f7x,

Ax<b, (54)

sty Ax=b,,
Ib < x<ub.

The dual problem is transformed into a minimization problem:

+5Z(ai+a:)—zll:yi(ai—a:), (55)
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We need to solve for the optimum values for the Lagrange multipliers, a;; and o .
This study uses B =¢;,—«;, and B =, +¢«, as decision variables in the quadratic

programming to create sparseness in the H matrix for faster convergence. The size of
decision variable vector is 21, two times the number of training samples. The problem is

reformulated as,

i1 (56)
st.a 0<(B+/). (B -B)<2C,

First we need to calculate the dot product matrix M which is of the size | x | as below
for linear functions,
Y (xz,:xl> (xz,:x2> (xz,:x,> | 57

Gox) (o)~ (nox)

Then the H matrix of the quadratic programming is written as,

M O 0
0 O :

Hoxa =] . b (58)
0 0

and the f matrix is
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farx1= . (59)

Then the matrixes A, A, and vectors b, b,, are formed according to the constraints

in equation (56).

3.4  The Support Vectors

The Karush-Kuhn-Tucker (KKT) conditions or complementary slackness conditions
state that at the optimum point, the product between dual variables and primal constraints

should be equal to zero:

a, (¢«9+§i —y, +(w, xi>+b):0,
o (e+& +y,—(w, x)-b)=0.

(60)

Also the product of primal variables and dual constraints should be equal to zero:

& (C-a)=0,

£ (C-a)=0. (o)

From the equation (60), we can see that«,; =0, meaning at least one of «; or o,
should be equal to zero. From the equation (61), training data with o, =C or o, =C
can have positive primal slack variables &, or &, meaning the training data can be outside

of the e-insensitive zone if and only if o; or « isequalto C.
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Remember that in equation (51), the term w is expanded into a combination of the

input vectors. From the equation (60), when the estimation error, | f (x)—y;| is lower
than ¢, both Lagrange multipliers ¢; and ¢, should be equal to zero, since the slack
variables have to be nonnegative. Therefore (ai —ai*) vanishes in equation (51) which

creates scarcity in the expansion of w. As a conclusion, the training data with estimation

error, | f(x)-Y, | > ¢ have one of the Lagrange multipliers with a nonzero value which
makes them Support Vectors. From now on the support vectors are x, for
s=1,2,...,S<I , and have the coefficient 8, =(, —a; ). The estimation function is

rewritten as:
f(x):i(ﬂs<xs,x>)+b. (62)

Although we expect one or both of the Lagrange multipliers equal to zero at optimal
point, quadratic programming solves them to be very small numbers close to zero, so

support vectors are selected by the relation:

(o, —ca ) >107°C, (63)

35 The Bias Term

We will find the bias from the average of support vectors with estimation error equal

to e. These support vectors are X, and are identified from x, with 0< | B, | <C . Tofilter

out very small numbers the relation is updated to:
10°C <|B,|<(@-10°)C. (64)

Finally the bias term is calculated by:
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1 SS
b SSZ(ySS &0 — ﬂssz ss ! s ]’ (65)

ss=1

where o is equal to 1 if S, >0 or -1 otherwise.

3.6 Kernel Functions

Kernel functions are used to construct a mapping into a high dimensional feature
space which enables the linear regression of a non-linear function, meaning that mapping

is preprocessed and SVR is repurposed to find the flattest function in this feature space.

The input data x; is mapped into ¢(x;) , but we do not need to define ¢(x;) explicitly

since SVR only needs the dot product in the regression procedure and in the final

estimation function. Hence we may define and use the kernel function as:
K(x, %) =(#(x), #(x;)). (66)

In this case, we may rewrite the SVR problem in equation (55) as:

min ;Z[ZﬂﬂK(x,,x)}rsZﬂ Zy. B

=1 =1

Z fi=0 (67)

st.{0<(B,+5), (B - B)<2C,
—-C<f<C,

0< B <2C.

The equation (51) for term w is expanded to:

W= (o, ) 4(x) (68)

i=1
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The matrix M in quadratic programming is rewritten as:

K(Xy Xl) K(Xl' Xz) K(le X|)
M|x|: K(X?’XJ K(Xzzyxz) K(Xf,X|) . (69)
K(X|1X1) K(lexz) K(X|’X|)

Finally the estimation function in equation (62) is rewritten as:
S
FO) =Y (BK(X, X))+b, (70)
s=1

where the equation (65) for bias term is revised to:

SS

b= slsz(yss co— ﬂssz K (X, X j (71)

ss=1

It should be noted that the mapping into high dimensional feature space leads to the
curse of dimensionality, that is, as dimensionality increases, the volume of space
increases that the training data becomes sparse in this high dimensional space. To
overcome the curse of dimensionality, a large training set with a good data distribution
should be provided to SVR [47].

There are various kinds of kernels that can be applied to SVR and combinations of
these kernels are possible. Nonlinear kernels may have parameters that are predefined by

the user like the main parameters of the SVR, ¢ and C.

3.6.1 Linear Kernel

This is actually the dot product of the vectors and no mapping is applied. Since the

SVR will be coded with a kernel function, linear kernel will be among choices.

K(xi,xj)=<xi,xj>. (72)
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3.6.2 Polynomial Kernel

Polynomial kernel is among popular choices for nonlinear modelling and is
formulated as:

K(xi,xj):(<xi,xj>+1)d , (73)

where d e N is the kernel parameter for the degree of the polynomial. The addition of 1

(one) prevents the Hessian from becoming zero.

3.6.3 Gaussian Radial Basis Function Kernel

Gaussian radial basis function (RBF), which uses the square of the Euclidean distance
between the two vectors, is also widely used in SVM for its flexibility. The Gaussian
RBF kernel is defined as:

I
K (%, Xj) =€exp 552 (74)
This function can be simplified to:
K(xi,xj):exp(—yuxi—xjuz), (75)

where ¥ =1/26? , y € R, y >0 is the kernel parameter.

3.6.4 Exponential Radial Basis Function Kernel

Exponential RBF, which employs the first degree Euclidean distance between the two

vectors, generates a piecewise linear solution and is defined as:
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K(xi,xj):exp(—yuxi—xju), (76)

where y =1/26? , y € R, y >0 is the kernel parameter.

3.6.5 Other Kernels

There are other types of kernels that have limited output range and are more suitable

for classification purposes. These kernels and their descriptions are stated in Table 3.1.

Table 3.1: Other types of kernels not discussed in this paper

Kernel Description
Hyperbolic Tangent Function  Defined on interval [-1, 1]. Very popular in ANN
applications, but not applicable in this study.

Sigmoidal Function Defined on interval [0, 1]. Very popular in ANN
applications, but not applicable in this study.

Fourier Series Defined on interval [-m/2, /2]. Poor performance in
regularization and not applicable in this study.

Splines Defined on interval [0, 1). Very complex kernel and not
applicable in this study.

B-splines Defined on interval [-1, 1]. Not applicable in this study.

3.6.6 Sum of Kernels

More complex kernels can be formed by summation of two or more kernels as:

K(Xi’ Xj):z Kk(xi’ Xj)' (77)
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3.6.7 Product of Kernels

Similarly kernels can be formed by taking products of two or more kernels as:

KX, Xj)=H Ky (X, Xj)' (78)

3.7 Loss Functions

This section studies four types of loss function which penalizes the distance between
the estimation function and the training data. Figure 3.2 illustrates these four functions.
Any of the loss function mentioned in this section can be integrated into SVR. However
the loss function with best generalization performance and that creates sparseness in the

set of support vectors has been employed in this study.

AVA

{m) Cuadrxtic (b} Laplsce

[c) Huber (d] e-insensitive

Figure 3.2: Loss Functions
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3.7.1 Quadratic Loss Function

Quadratic loss function in Figure 3.2(a) is actually the squared error of estimation and
is commonly used for regression. The quadratic loss function is sensitive to outliers,

leading to a sway from the mean by heavy-tailed distributions.

3.7.2 Laplace Loss Function

On the other hand, the Laplace loss function in Figure 3.2(b) is the absolute value of
the estimation error, which is less sensitive to outliers. However Laplace loss function

cannot be differentiated at error equal to zero.

3.7.3 Huber Loss Function

Huber loss function in Figure 3.2(c) is a combination of the Quadratic and Laplace
loss functions. The function is quadratic for small error values and linear for large error
values. The functions and their slopes are equal at the intersections of these two functions.
This property combines the sensitivity of the Quadratic loss function and the robustness
of the Laplace loss function. The Huber Loss Function has the form:

3 (F()-y)* for | f(x)-y|<u,
2

L(f(x)-y)= ) _ (79)
pu|f(x)—y|-4% otherwise.

There exist smooth approximations of Huber loss function which have single
functions that mimic quadratic function for small values and linear function for larger

values, however these are not discussed in this study.
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3.7.4 e-insensitive Loss Function

The mentioned three loss functions will show no sparseness if used in support vector
regression, since any error even small creates a cost. The proposer of support vector
machine method, Vapnik [46] has modified Huber loss function to e-insensitive loss
function in Figure 3.2(d) which has an insensitive region at small error values, leading to
a sparseness at the set of support vectors. With a large training set, sparseness greatly
reduces computational time. This function has parameter ¢ which controls the width of
the insensitive region. When this parameter is equal to zero, we have the Laplace loss
function. This study focuses on e-insensitive loss function as it is mainly used by support

vector machines.

3.8 Data Normalization

The rate of convergence in training the support vector model is greatly affected by
the eigenvalues of the Hessian. We can improve this rate by decreasing the difference
between the smallest and largest eigenvalue [47]. Therefore this study strongly
recommends and applies normalization for input data to improve the rate of convergence.
Some kernel functions can only be defined in restricted intervals which already require

data normalization. For unrestricted kernels, this study scales data between the interval

[-11].

Isotropic or anisotropic scaling can be applied for data normalization. With
anisotropic scaling, each input variable is separately scaled between the lower bound and
the upper bound. With isotropic scaling, all of the input variables are shrunk into the
bounds by the same scaling factor. Figure 3.3 illustrates the scaling of two data ranges by
these methods. Isotropic scaling method may be adopted when all input variables are of
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the same unit. This study applies anisotropic scaling, because the input variables contain

temperature and pressure readings.

. LB . LB

s & § &

H__ N || [
—_—

I8 [ ¢

. UB . . UB .

L |

(a) anisotropic (b) isotropic

Figure 3.3: Scaling Methods

3.9  Optimizing SVR Parameters

The ¢-insensitive loss function, proposed by Vapnik, Drucker, Burges, Kaufman and
Smola [46] introduced the user-defined parameter ¢ that describes the width of the
insensitive range. The value of the parameter ¢ directly affects the number of support
vectors in the estimation function. A small value will increase model complexity and
cause the SVR to select more support vectors, memorize the training data, and have poor
generalization performance while a larger value will lead to fewer support vectors and a
flatter estimation function, but then fail to estimate the effect of an input variable on the

output variable.

Soft constrained loss function was incorporated into SVM by Cortes and Vapnik [45].
It introduces the SVR parameter C which handles the problem of outliers by creating a
cost to estimation errors larger than ¢. A large value will increase the model complexity
and cause the SVR to tolerate less to deviations larger than ¢ while a small value will lead

to a flatter estimation function.

Kernel functions were incorporated into SVM by Boser, Guyon and Vapnik [43] and

some kernels may have user-defined parameters as explained in Section 3.6.
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The user-defined parameters of SVR can be optimized by cross validation methods
integrated into global optimization tools where a cross validation is applied at each
evaluation called by the optimization solver.

3.9.1 Cross Validation

Cross validation methods are used for partitioning the data set into training and testing
sets. The training set is used in training the estimation function while testing set is used
for monitoring the performance of generalization of the estimation function. There are
many kinds of cross validation methods and this study focuses on k-fold cross validation

method, because it is a non-exhaustive method with reasonable computational cost.

k-fold cross validation method shuffles and partitions the data set into k equally sized
subsets. One of the subsets is selected as the testing set and the rest of the subsets are
used as training set. The cross validation process is repeated k times thus naming the
method k-fold, where each subset is used exactly once for testing. The squared error from
each iteration is averaged to give a single mean squared error (MSE). The parameter k is
user-defined and a high value for k will increase the performance of generalization while

also increasing computational cost.

3.9.2 Optimization Solver

Previous studies show that optimization tools like Genetic Algorithm [57] or Particle
Swarm Optimizer [55] are used for optimizing SVR parameters in modeling chemical
processes. Grid search or constrained nonlinear programming may also be used for this

purpose.
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3.9.2.1 Genetic Algorithm

Genetic Algorithm (GA) is a heuristic optimization method, belonging to the class of
evolutionary algorithms. This method mimics the process of natural selection where a

population of candidate solutions evolve through generations to a better solution [61].

The initial population is usually generated randomly at a user-defined size and at each
generation, a predefined ratio of the population survives to see the next generation, also
called the elites. Now the elites will breed via crossover and mutation at predefined ratios
to complete the size of the population to form the next generation. In crossover process,
elites exchange their variable values to create their children. In mutation process, the
variable values of the children mutate into new values. The iteration is looped until the
problem does not improve or a pre-defined generation limit is reached. Table 3.2 gives
the critical parameters of GA that are needed to be tuned for a better performance. The
ratios for elite selection, crossover and mutation should be tuned so that the algorithm
can evolve to a better solution but without losing good solutions. Population size and
generation limit should also be tuned, so that a moderate amount of evaluation is

conducted at an acceptable computational cost.
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Table 3.2: Tuned parameters of Genetic Algorithm

Parameter Description

P Population size
€l Generation limit
Sg Elite count

e Cross-over ratio

3.9.2.2 Particle Swarm Optimizer

Particle Swarm Optimizer (PSO) is another member of the evolutionary algorithms
class. This method has a population of particles which move in the search space by simple
mathematical calculations according to their position in the space and velocity [58].
Velocity of each particle is updated at each iteration by its distance from its local best
known position and also by best known positions of other particles. This updating
function helps the algorithm mimic a pack of organisms moving together towards the best
solution.

The particles are initialized at uniformly distributed positions X inside the search
space. Their velocities v, are initialized at a value uniformly distributed between negative

and positive values of the size of the search space.
For each iteration the velocity of the particle is updated by:
Vi <= oV, + @, 1 (B — %) + @ (S—X), (80)
where p; is the best known position of particle i and s is the best known position of the

swarm. r, and r, are random numbers on the interval (0,1) and @, ¢, and ¢, are user-

defined parameters of the PSO.
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Then the position of each particle is updated by adding its velocity. Lastly, the best

known position of the swarm s and of each particle p, is updated if the condition holds.

The PSO converges when all particles converge to a point or alternatively if the
generation limit is reached. As expected, the performance of PSO depends on the

selection of user-defined parameters.

Table 3.3: Tuned parameters of PSO

Parameter Description

P Particle count
Gmax Generation Limit
0] Velocity factor

P Local best factor
@ Swarm best factor

3.9.2.3 Grid Search Algorithm

Grid Search (GS) method is another tool popularly used for optimizing SVR
parameters [62]. This method applies a mesh on the search space and re-meshes around
the best known solutions until the best solution improves under a given tolerance or the

mesh size is under a given tolerance.

The performance of the grid search methods highly depends on the resolution of the
mesh and search method. The grid search method may miss a good solution due to low
resolution of the mesh. However a high resolution will have high computational cost

since each edge of the mesh should be evaluated.
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3.9.2.4 Constrained Nonlinear Programming

Nonlinear Programming (NLP) starts at an initial point and moves to a better solution
at each iteration by perturbing the variables. NLP is applied to convex problems since the
algorithm stops at the first locally optimal solution it encounters. For non-convex

problems, a good initial point is required.
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Chapter 4

ESTIMATING HYDROCARBON PROPERTIES

4.1 The Data

The atmospheric distillation column (ADC) subject to this study is an actual operating
unit in izmit Refinery of Turkish Petroleum Refineries Corporation. The ADC together

with its pump-arounds, side-strippers and condenser drum is depicted in Figure 4.1.
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Figure 4.1: Atmospheric Distillation Column
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The crude distillation unit as a total was designed for processing crude oil from
Kirkuk, Iraq, but currently processes different kinds of crude oils. A pre-flash column
separates LPG and Light Naphtha and sends the remaining stream to the ADC. Feed to
ADC is heated up to around 350°C before entering the flash zone. Then the ADS
separates the feed into Naphtha, Heavy Naphtha, Kerosene, Light and Heavy Diesel and

Atmospheric Bottom.

There are critical hydrocarbon properties for the products of the atmospheric
distillation column as given in Table 4.1 and these properties are optimized daily by the
Planning Department according to changing prices and demand. The plant operators
receive the optimal values and monitor these properties together with online plant
measurements like temperature, pressure and flowrates. There are no online analyzers for
the measurement of the critical hydrocarbon properties, but instead a sample from each
of the streams is collected three times a day and is analyzed at the laboratory. There are
also robust quality estimators (RQE) which are nonlinear regression functions employed

for online prediction of the hydrocarbon properties.

Table 4.1: Critical Hydrocarbon Properties

Product Property

Light Naphtha Distillation curve 5% point
Light Naphtha Distillation curve 95% point
Heavy Naphtha Flash point

Kerosene Flash point

Kerosene Distillation curve 95% point
Light Diesel Distillation curve 95% point
Heavy Diesel Distillation curve 95% point

The distillation curve in Figure 4.2 gives a plot of temperature versus fraction of the
liquid boiled at that temperature. The most critical properties are the temperature at which
5% and 95% of the sample boils. The distillation column cannot perfectly separate the

products, so the lighter end of the heavy product can be seen in the lighter product and
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via versa. The transitioning boiling point temperature between two products is called the
cut point. The cut point can be controlled by manipulating the flowrate of a side-drawn
product. If the flowrate of the lighter product is increased, more of the heavier product
moves up the tray of the light product, leading to an increase in the tray temperature and
the 95% point temperature of the light product. As a result the production rate of a product

can be maximized within specification limits for the 5% and 95% point temperatures.
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Figure 4.2: Distillation Curve of Diesel

This study focuses on estimation of the 95% point temperature of heavy diesel since
this property should be at maximum specification value or valuable fraction of heavy
diesel is lost to atmospheric bottom. This property can be estimated by the flash zone
temperature and pressure and the heavy diesel tray temperature. The variables used in
SVR and RQE is given in Table 4.2.
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Table 4.2: Variables used for regression

Type Variable

output Heavy diesel 95% point

input  Flash zone temperature

input  Flash zone pressure

input  Heavy diesel tray temperature

Online plant data as well as laboratory analysis results can be reached from process
historical database which has years of data stored. The laboratory analysis data was
gathered as raw data since it is stored three times a day, while online plant data was
gathered as the average of thirty minutes of raw data for smoothening noise. A sample is
gathered and analyzed only when the ADC is in stable operation condition and the
corresponding online measurements with thirty minutes period ending with the

timestamp of the sample were gathered.

4.2 The Procedure

The algorithm for normalizing and splitting data, SVR training and SVR parameter
optimization was coded in MATLAB®. Quadratic Programming tool of MATLAB® was
employed in SVR training and Cross Validation, Genetic Algorithm, Pattern Search and
Constrained Nonlinear Programming tools of MATLAB® were employed in SVR

parameter optimization.

We have 381 sample sets dating from the beginning of the year 2015 until the middle
of May, 2015. The input data is normalized between -1 and 1 by anisotropic scaling. Then
the dataset is split into training and testing sets with a 10% testing ratio. The sizes of
training and testing sets are 343 and 38 respectively. This is accomplished by first
partitioning the dataset into segments of 10% ratio and then by splitting each segment
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into training and testing sets of 90% and 10% ratios respectively. The sizes of the

segments and their training and testing sub-segments may differ by only one sample set.

The kernel is selected for the SVR. This study employed Linear, Polynomial and
Gaussian Radial Basis Function kernels. The initial values, upper and lower bounds for
the main SVR parameters and the kernel parameters are supplied to the solvers for SVR
parameter optimization purposes and are given in Table 4.3. It should be noted that initial

values are only supplied to Grid Search and Nonlinear Programming.

Table 4.3: Defined bounds for SVR parameters

Parameter Initial Value Lower Bound Upper Bound
Cost of error, C 1E-03 1E-03 1000
Width of insensitive region, & 1E-03 1E-03 10
Polynomial degree, d 1 1 10
Radial basis function gain, ¥ 1E-06 1E-06 1000

Then the solver is selected for the optimization of SVR parameters. This study has
employed Genetic Algorithm, Grid Search and Nonlinear Programming. The solver

parameters are given in Tables 4.4, 4.5 and 4.6 respectively.

Table 4.4: Defined parameters for Genetic Algorithm

Parameter Value
Population size, P 20
Generation limit, G, 20
Elite count, S 4
Cross-over ratio, I 0.6
Creation function uniform
Selection function tournament
Tournament count 4
Cross-over function scattered
Mutation function adaptive feasible
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Table 4.5: Defined parameters for Grid Search

Parameter Value
Iteration limit 300
Mesh contraction 0.5
Mesh expansion 2
Initial mesh size 1

Table 4.6: Defined parameters for Nonlinear Programming

Parameter Value
Iteration limit 300
Algorithm interior point

The cross validation embedded inside the optimization solvers uses k-fold partitioning

and the partition count is set to 5 as given in Table 4.7.

Table 4.7: Defined parameters for Cross Validation

Parameter Value

Partitioning method  k-fold
Partition count 5

Only training set is supplied to parameter optimization and cross validation further
partitions the training set into 5 subsets with each subset treated once as a training set

inside the optimization solver.

When optimization ends, the total training set is trained for the last time with the
optimized SVR parameters and then the testing data is used for monitoring the
performance of SVR.
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4.3 Evaluation

First of all, the rate of convergence of SVR training with decision variables 3, 8

and «;, ; were compared.

For evaluation, SVR with Linear, Polynomial and Gaussian RBF kernel optimized by
Genetic Algorithm, Grid Search and Non-Linear Programming were compared against
RQE and ANN models. The bias of the RQE was trained with the training set. ANN was
trained with the training set and with the parameters given in Table 4.8. The mean
absolute errors, standard deviations and maximum absolute errors of training, testing and
combined sets are presented in the next section together with the optimized parameters,
the number of support vectors and the CPU time for SVR. The mean absolute errors,
standard deviations and maximum absolute errors are given for the RQE and ANN for

comparison in the next section.

Table 4.8: Defined parameters for ANN

Parameter Value
Hidden layer count 2
Hidden layer size 5,5
Training method levenberg-marquardt
Hidden layer function  Hyperbolic tangent function
Output layer function Linear

“Student’s t-test” was conducted to evaluate if any method among RQE, ANN and
SVR is significantly outperforming other methods. Paired-sample t-test method
determines if two sets of data are significantly different from each other. The method
examines the difference between the two sets of data, their means and variances, and
outputs p-value, which is the significance level in the interval [0, 1]. If the p-value is close
to 0 (zero), the two sets of data are similar. The t-test was performed between the testing

set of laboratory data and the estimation of evaluated methods.
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Then case studies were conducted on SVR with Gaussian RBF kernel to examine the
effects of SVR and Gaussian RBF kernel parameters. A further study was conducted on
best case study to examine if the SVR estimation error correlates with the selected input

variables.
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Chapter 5

RESULTS AND DISCUSSION

51  Optimization Results

The use of B =¢,—a;, and B =, +co, as decision variables in QP greatly
improved the rate of convergence. The CPU time of SVR training with ¢, and «; as

decision variables is approximately 1.9 seconds while the CPU time of SVR training with
the simplified variables was reduced by 80% to a range between 350 and 400
milliseconds even though the problem size is the same. This improvement is achieved by
halving the number of decision variables in the second degree part of the cost function,

which creates a sparseness in the H matrix.

The estimation performance of RQE and ANN are given in Table 5.1 together with a
comparison with the best of SVR. The estimation of RQE and ANN is compared with the

laboratory analysis data in Figures 5.1 and 5.2 respectively.
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Table 5.1: Comparison of RQE and ANN against SVR

RQE ANN Best
Mean  Train 5.58 441 4.35 NLP-Poly.
Absolute Test 6.35 4.45 4.41 GA-Gaus.
Error Al 5.65 4.42 4.36  NLP-Poly.
Train 7.25 5.65 5.61 GS-Gaus.
Standard .
. Test 7.74 5.68 5.63 GS-Linear
Deviation
All 7.29 5.65 5.61 GS-Gaus.
Max Train 25.28 20.66 20.78 GS-Gaus.
Absolute Test 18.52 12.68 12.81 NLP-Poly.
Error Al 25.28 20.66 20.78 GS-Gaus.
Test Data Test Data Error
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Figure 5.1: Plot of RQE estimation vs. laboratory analysis data
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Figure 5.2: Plot of ANN estimation vs. laboratory analysis data

Genetic Algorithm optimization results are given in Table 5.2 together with a

comparison

against RQE and the best. The table also includes the optimized SVR

parameters, the number of support vectors and the CPU time. SVR estimations with

Linear, Polynomial and Gaussian RBF kernels against laboratory analysis data are given

in Figures 5.3, 5.4 and 5.5 respectively.
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Table 5.2: Results for SVR optimized with Genetic Algorithm
Linear Polynomial Gaussian RQE Best
Mean Train 4.52 4,53 4.39 5.58 4.35 NLP-Poly.
Absolute Test 4.44 4.48 4.41 6.35 441 GA-Gaus.
Error All 4.52 4.53 4.40 5.65 4.36 NLP-Poly.
Train 5.81 5.79 5.63 7.25 5.61 GS-Gaus.
Standard .
.. Test 5.68 5.68 5.72 7.74 5.63 GS-Linear
Deviation
All 5.79 5.78 5.63 7.29 5.61 GS-Gaus.
Max Train 21.52 21.11 20.78 25.28 20.78  GS-Gaus.
Absolute Test 13.27 12.99 13.22 18.52 12.81 NLP-Poly.
Error All 21.52 21.11 20.78 25.28 20.78  GS-Gaus.
C 970.72 356.46 3.98 - - -
il 2.43 6.72 1.00 - - -
Parameters
PrerneL - 1.20 0.75 - - -
# of Support Vectors 229 /67% 343 /100% 299 /87% - - -
CPU Time (sec) 1056.6 487.6 577.1 - - -
Test Data Test Data Error
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Figure 5.3: Plot of SVR with Genetic Algorithm and Linear kernel
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The results for optimization of SVR parameters by Grid Search method are given in
Table 5.3 and plots for the estimation with Linear, Polynomial and Gaussian RBF kernels
versus laboratory analysis data are given in Figures 5.6, 5.7 and 5.8 respectively.

Table 5.3: Results for SVR optimized with Grid Search

Linear Polynomial Gaussian RQE Best
Mean Train 4.54 4.55 4.42 5.58 4.35 NLP-Poly.
Absolute Test 4.44 4.52 4.44 6.35 441 GA-Gaus.
Error All 4.53 4.55 442  5.65 436 NLP-Poly.
Train 5.80 5.81 5.61 7.25 5.61 GS-Gaus.
Standard ]
- Test 5.63 5.75 5.66 7.74 5.63 GS-Linear
Deviation
All 5.78 5.80 5.61 7.29 5.61 GS-Gaus.
Max Train 21.03 20.94 20.78 25.28 20.78 GS-Gaus.
Absolute Test 13.46 12.98 13.31 18.52 12.81 NLP-Poly.
Error All 21.03 20.94 20.78 25.28 20.78 GS-Gaus.
C 152.81 2.69 13.50 - - -
2 6.07 7.24 538 - i i
Parameters
PrerneL - 1.40 0.50 - - -
# of Support Vectors 92 /27% 70/20% 120 /34% - - -
CPU Time (sec) 1134.0 1274.2 1865.9 - - -
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Figure 5.6: Plot of SVR with Grid Search and Linear kernel
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Figure 5.8: Plot of SVR with Grid Search and Gaussian RBF kernel

Finally the results for optimization of SVR parameters by Nonlinear Programming

are given in Table 5.4 and plots for the estimation with Linear, Polynomial and Gaussian

RBF kernels versus laboratory analysis data are given in Figures 5.9, 5.10 and 5.11

respectively.
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Table 5.4: Results for SVR optimized with Nonlinear Programming
Linear Polynomial Gaussian RQE Best
Mean Train 4.57 4.35 4.45 5.58 4.35 NLP-Poly.
Absolute Test 4.57 4.45 4.46 6.35 441 GA-Gaus.
Error All 4.57 4.36 4.45 5.65 4.36 NLP-Poly.
Train 5.84 5.65 5.67 7.25 5.61 GS-Gaus.
Standard .
.. Test 5.88 5.66 5.70 7.74 5.63 GS-Linear
Deviation
All 5.84 5.64 5.67 7.29 5.61 GS-Gaus.
Max Train 21.16 20.80 20.92 25.28 20.78  GS-Gaus.
Absolute Test 14.69 12.81 13.83 18.52 12.81 NLP-Poly.
Error All 21.16 20.80 20.92 25.28 20.78  GS-Gaus.
C 5.73 1.07 8.17 - - -
il 7.18 0.23 566 - - ;
Parameters
PrerneL - 3.78 0.40 - - -
# of Support Vectors 71/20%  338/98% 112/32% - - -
CPU Time (sec) 305.1 646.5 310.6 - - -
Test Data Test Data Error
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Figure 5.9: Plot of SVR with Nonlinear Programming and Linear kernel
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Figure 5.11: Plot of SVR with Nonlinear Programming and Gaussian RBF kernel
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Mean absolute errors (MAE), mean errors (ME), standard deviations (STD) and p-
values from “Student’s t-test” for testing errors of SVR, RQE and ANN methods are
given in Table 5.5.

Table 5.5: t-test comparison of SVR, RQE and ANN methods

MAE ME STD p-value

Linear 4.44 -0.61 5.68 0.51

GA Polynomial 4.48 -0.93 5.68 0.32
Gaussian 4.41 -0.43 5.72 0.65

Linear 4.44 -1.00 5.63 0.28

SVR GS Polynomial 4.52 -0.99 5.75 0.29
Gaussian 4.44 -0.84 5.66 0.32

Linear 4.57 -1.06 5.88 0.27

NLP Polynomial 4.45 -0.45 5.66 0.63
Gaussian 4.46 -0.96 5.70 0.31

RQE 6.35 -0.12 7.74 0.93
ANN 4.45 -0.09 5.68 0.72

5.2  Discussion of Optimization Results

The testing errors are lower than the training errors due to a moderate number of
outliers within the training data. The results show that different optimization solvers have
found different local optimal points with similar mean absolute errors and standard
deviations for the same kernels, meaning that there are many similar local optima. Grid
Search method has triumphed in most of the criteria. t-test results of SVR optimized by
Grid Search have low p-values, meaning the estimation results are not significantly
different than actual testing set. SVR with Linear kernel optimized by Grid Search has
best performance in testing while SVR with Gaussian RBF kernel optimized with Grid
Search has very close values in testing and best results in training and overall results.

Although SVR with Gaussian kernel optimized by Genetic Algorithm has best

70



Chapter 5: Results and Discussion 71

performance in mean absolute error of testing set, the optimization results from Genetic
Algorithm show that local optima have high rate of support vectors. Unlike Genetic
Algorithm, Grid Search and Nonlinear Programming solvers found similar parameters
for SVR with Gaussian kernel but with a smaller set of support vectors than GA. Grid
Search method has highest computational cost while Nonlinear Programming has lowest
computational cost. The Nonlinear Programming method has low p-values and good

performance with low computational cost, but Grid Search is more robust to initialization.

It should be noted that any solution surpassed the performance of an RQE which was
also trained and tested with the same datasets. ANN has also shown good performance,
but each training attempt resulted in a significantly different model unlike SVR. The
overall results show that Grid Search should be considered for SVR parameter
optimization despite of its high computational cost, and Gaussian RBF kernel is

recommended for SVR training problems if a linear model is not strictly needed.

5.3  Case Study Results and Discussion

The effect of the SVR parameters on the estimation performance is discussed in this
section. Gaussian Kernel was employed in the case studies for its flexibility. The main
SVR parameters were evaluated for their effect on the memorization of training set and
generalization performance while the Gaussian kernel parameter was evaluated for the

flexibility of the estimation function.

Case studies 1, 2 and 3 were conducted to see the effect of the Gaussian kernel
parameter. The main parameters are selected to force the SVR to memorize the training
set and have a poor performance in generalization of the testing set. Table 5.6 depicts the
results of the mentioned case studies. Case 1 shows that a low value for y has reduced the
flexibility of the mapping and has reduced memorization. As y is increased throughout

cases 2 and 3, the flexibility of the mapping increases together with the number of support
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vectors and memorization. A high value for y minimized the mean error in training set

and maximized the mean error in testing data. That is why Case 3 as depicted in Figure

5.12 is the best in training error, but suffered in testing error.

Table 5.6: Case Studies 1, 2 and 3 with y=1, 10 and 100

Case-1 Case-2 Case-3 Best
Mean Train 4.04 2.39 0.07 0.07 Case-3
Absolute  Test 4.49 5.43 7.23 4.46 Case-9
Error All 4.08 2.69 0.78 0.78 Case-3
Train 5.81 4.30 0.88 0.88 Case-3
Standard
.. Test 5.62 7.31 9.29 5.70 Case-9
Deviation
All 5.79 4.68 3.06 3.06 Case-3
Max Train 19.87 18.08 15.02 15.02 Case-3
Absolute Test 15.65 22.16 21.14 13.88 Case-9
Error All 19.87 22.16 21.14 19.87 Case-1
C 1000 1000 1000 - -
SVR
0 0 0 - -
Parameters
1 10 100 - -
% of Support Vectors 100% 100% 100% - =
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Figure 5.12: Case Study 3 with C=1000, ¢=0, y=100

Case studies 2, 4, 5 and 6 were conducted to see the effect of the SVR parameter ¢.

Gaussian kernel parameter y is fixed to 10 for intermediate rate of flexibility. The cost

parameter C is fixed to 1000 for minimizing any training error greater than ¢. Table 5.7

depicts the results of the mentioned case studies. Case 2 shows that lowest value for ¢ has

lower training error, but a higher testing error. As ¢ is increased throughout cases 4, 5 and

6, insensitive region expands leading to a flatter estimation function. Case 6 which has

the highest value for ¢ shows that training error has increased since we have a flatter

estimation function. This leads to a decrease in memorization and an increase in

generalization performance which resulted with a decrease in the testing error.
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Table 5.7: Case Studies 2, 4, 5 and 6 with ¢=0, 1, 3and 5

Case-2 Case-4 Case-5 Case-6 Best
Mean Train 2.39 2.74 3.36 4.05 0.07 Case-3
Absolute  Test 5.43 5.21 5.51 5.87 4.46 Case-9
Error All 2.69 2.99 3.58 4.23 0.78 Case-3
Train 4.30 4.22 4.35 4.79 0.88 Case-3
Standard
. . Test 7.31 7.01 7.31 7.73 5.70 Case-9
Deviation
All 4.68 4.57 4.72 5.15 3.06 Case-3
Max Train 18.08 18.73 20.27 19.33 15.02 Case-3
Absolute Test 22.16 22.32 23.59 22.69 13.88 Case-9
Error All 22.16 22.32 23.59 22.69 19.87 Case-1
C 1000 1000 1000 1000 - -
SVR
0 1 3 5 - -
Parameters
10 10 10 10 - -
% of Support Vectors 100% 90% 67% 47% - -

Figures 5.13, 5.14 and 5.15 are for cases 4, 5 and 6 respectively. The full data error
plots on the right bottom corner of the figures clearly show that the training errors are

packed within the insensitive region.
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Finally case studies 6, 7, 8 and 9 were conducted to see the effect of the cost factor

C. The other main parameter ¢ is fixed to 5 and kernel parameter v is fixed to 10 except

for the last case where the parameter is fixed to 1 (one). Table 5.8 depicts the results of

the mentioned case studies. As the cost factor is decreased throughout cases 7, 8 and 9,

the training error higher than ¢ is better tolerated. The SVR estimation function is flatter

and has a better generalization performance with a low value for the cost parameter C

and Gaussian RBF kernel parameter y in case study 9. The full data error plots on the

right bottom corner in Figure 5.16 for case study 9 clearly show that the training errors

are not forced to stay within the insensitive region anymore.
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Table 5.8: Case Studies 6, 7, 8 and 9 with C=1000, 500, 100 and 10
Case-6 Case-7 Case-8 Case-9 Best
Mean Train 4.05 3.99 3.99 4.38 0.07 Case-3
Absolute  Test 5.87 5.51 4.89 4.46 4.46 Case-9
Error All 4.23 4.15 4.08 4.39 0.78 Case-3
Train 4.79 4.79 4.85 5.56 0.88 Case-3
Standard
. . Test 7.73 7.31 6.65 5.70 5.70 Case-9
Deviation
All 5.14 5.09 5.05 5.57 3.06 Case-3
Max Train 19.33 19.66 19.63 20.40 15.02 Case-3
Absolute Test 22.69 22.59 22.62 13.88 13.88 Case-9
Error All 22.69 22.59 22.62 20.40 19.87 Case-1
C 1000 500 100 10 - -
SVR
5 5 5 5 - -
Parameters
10 10 10 1 - -
% of Support Vectors 47% 44% 43% 38% - -
Test Data Test Data Error
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Figure 5.16: Case Study 9 with C=10, =5, y=1
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A further study was conducted on case study 9 to examine if the SVR estimation error
correlates with the selected input variables. Table 5.9 gives the correlation values of input
variables versus SVR estimation error. Figures 5.17, 5.18 and 5.19 are for comparison of
SVR estimation error versus the input variables, flash zone temperature, flash zone
pressure and heavy diesel tray temperature respectively. The figures clearly show that

there is no correlation between the input variables and the error of estimation.

Table 5.9: Correlation between input variables and SVR estimation error

Input Variable Correlation
Flash zone temperature 0.0723
Flash zone pressure 0.0637
Heavy diesel tray temperature 0.0085
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Estimation error

Asf

20 | | | | | | | | |
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Flash zone temperature (normalized)

Figure 5.17: Plot of normalized flash zone temperature vs. SVR estimation error
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Figure 5.18: Plot of normalized flash zone pressure vs. SVR estimation error
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Figure 5.19: Plot of normalized h. diesel tray temperature vs. SVR estimation error

Histograms of the estimation errors of RQE and SVR in case study 9 are compared in
Figure 5.20. The figure clearly shows that the standard deviation is reduced and the
estimation errors are closer to 0 (zero). The standard deviations of RQE and SVR are 7.29

and 5.57 respectively, which support the histogram.
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Figure 5.20: Histogram of estimation errors of RQE and SVR

Histograms of case studies 2, 4, 5 and 6 were compared with the histogram of case
study 9 as shown in Figure 5.21. The case studies 2, 4, 5 and 6 have high cost factor
resulting in forcing the estimation error to be equal to € since the VSR training aims to fit
the flattest function. The insensitive region width parameters of these case studies are
equal to 0, 1, 3 and 5 respectively and the estimation errors have highest probability
distributions at these values. Case study 9 has € equal to 5, but has a lower cost factor
value, which leads to a flatter function with almost uniformly distributed estimation error

inside the insensitive region.
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Chapter 6

CONCLUSION

In this study, Support Vector Regression (SVR) was employed for estimating 95%
Boiling Point Temperature property of Heavy Diesel product of a real operating
Atmospheric Distillation Column (ADC) in izmit Refinery of Turkish Petroleum
Refineries Corporation. Linear, Polynomial and Gaussian Radial Basis Function
(Gaussian RBF) kernels were tested and the SVR parameters were optimized by
embedding k-fold cross validation in an optimizer like Genetic Algorithm (GA), Grid
Search (GS) or Non-linear Programming (NLP). The performance of SVR was compared

against Robust Quality Estimator (RQE) already functioning in the ADC.

The SVR parameters were optimized in a time period ranging from 5 minutes to 30
minutes, but once the parameters are optimized, the SVR can be trained with the optimum
parameters in approximately 350 milliseconds. As a result the SVR model can be updated
with incoming laboratory analysis data within a second while the SVR parameters can be

updated periodically in monthly intervals.

The rate of convergence of SVR training is reduced by 80% approximately from 1.9
seconds to 350 milliseconds by incorporating simplified decision variables instead of
using the Lagrange multipliers as decision variables. This improvement is achieved by
creating sparseness in the second degree part of the cost function.

The testing results show that SVR with any of the integrated kernels performed well
in estimating the property and generalized well to unseen testing data. The mean absolute
testing error of RQE is improved by 31% with SVR from 6.4°C to 4.4°C. The standard
deviation of RQE estimation error is improved by 23% with SVR from 7.3 °C t0 5.6 °C.
The maximum absolute testing error is reduced by 31% from 18.5°C to 12.8°C. Grid
Search method is clearly most robust among the tested optimizers but with high
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computational cost. SVR with Gaussian kernel optimized by Grid Search has shown top

performance in nearly all criteria.

Moreover, a case study was conducted to monitor the effects of the SVR parameters
on the generalization performance. It is shown that when tolerance on estimation error
was reduced by shrinking the insensitive region or by increasing the cost factor, the SVR
memorized the training data and performed poorly in estimating testing data. Also the
Gaussian RBF kernel parameter was studied for its effect on the flexibility of the kernel.
A kernel parameter with a higher value than optimum value has increased the flexibility
of the kernel which enabled the SVR to better memorize the training data and decreased

the generalization performance.

Yet a recent subject in Machine Learning, modified versions of SVRs can be
implemented for improving the SVR parameter optimization process. One of the
promising versions is the v-Support Vector Regression where the width of the insensitive
region is optimized within the training process by fixing the fraction of support vectors
in a training set. The fraction will be a real number between 0 and 1 and can be optimized

in the SVR parameter optimization step.

Finally, there may be other known column dynamics correlating with the output
parameter. The online measurements incorporated in the RQE and in this study were
selected by experts of the process, but a principle component analysis (PCA) can be
conducted to see the effects of other column measurements.
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