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ABSTRACT

One of the middle distillates of atmospheric distillation column is Heavy Diesel
(HAD). T95 is the temperature, at which 95% volume of a sample is boiled, and it is the
main controlled variable so accurate T95 predictions are required for a satisfactory
performance of the model predictive control (MPC) algorithm, in which online T95
predictions are used to determine control actions. In the current thesis, just in time learning
(JITL) methodology is used on historical process data to develop soft sensors for real time
predictions of HAD T95. Local models are constructed using samples located in the
neighborhood of a query point, and the constructed model is used for prediction of the
response variable. Using 47 process variables in the historical data, three main groups of
predictive models are constructed for HAD T95. In the first group of models, various
subsets of variables, which are assumed to carry the highest information on variation of
T95, are included into static and dynamic models. While there is no time lag between the
selected input variables and the predicted quality variable in static models, previous day’s
T95 values (response variable) are included in dynamic models, as in autoregressive
exogenous (ARX) input modeling. In the second group of models, least-squares (LS),
partial LS (PLS), and subset regression via stepwise regression methods are employed on
a predictor set, which consists of seven “most important” process variables. JITL models
are evaluated with respect to various reference data selection methods, reference set size,
window size and neighborhood size. The best model of this group is found to have
predictive root means square error (RMSE) and mean absolute error (MAE) statistics equal
to 5.66 and 4.23 °C, respectively. In the last group of models, interaction and quadratic
predictor terms are included in the JITL model, and neighboring samples are selected a
different subset of predictors. Using this method, RMSE and MAE of prediction statistics
are decreased to 4.77 and 3.82 °C, respectively. This, to our knowledge, is the first time
predictor and neighbor selection predictor subsets are separated from each other in the
literature, and this seems a promising method in constructing soft-sensors for industrial

applications.
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OZET

Bu ¢alismanin amaci atmosferik distilasyon {iirinii olan Agir Dizel’in hacimce
%095’inin kaynama noktasinin (T95) ger¢ek zamanli olarak tahmin edilmesidir. Agir
Dizel’in T95 kaynama noktasi kolon kontroliinde 6nemli bir kontrol edilen degisken olup,
kolon yapisindaki MPC algoritmasinin dogru aksiyonlar alabilmesi i¢in bu degerin en
dogru tahmin edilmesi operasyonel agidan onemlidir. Bu g¢aligmada, Agir Dizel T95
degerinin ger¢ek zamanli tahmini i¢in “anlik 6grenme” (JITL) yontemi kullanilmigtir. JITL
belirli sayida ve tahmin edilecek veri noktasina en yakin komsular tespit ederek, bu komsu
veriler ile tahmin edilecek numuneye 6zel yerel modeller kurulmasini saglayan bir
modelleme yontemidir. 47 siire¢ degiskeni ile yiiriitiilen modelleme ¢alismalar ii¢ ana
grupta incelenmistir. Ilk olarak, farkli degisken setleri denenerek Agir Dizel T95 ile en
yiiksek iligkili degiskenler tespit edilmeye calisilmistir. Bu ¢alisma degiskenler arasinda
zaman farki olmadigi durum ve bir giin 6nceki Agir Dizel T95 degerinin ARX girdisi
olarak degiskenlere eklendigi durum olmak iizere iki ayr1 sekilde incelenmistir. Ikinci
modelleme grubunda ise belirlenen yedi degisken ile en kiigiik kare regresyonu (LS), kismi
en kiiclik kare regresyonu, ve model degiskenlerinin adim adim regresyon yontemiyle
belirlendigi yontemler kullanilmistir. Bu yontemlerle kurulan JITL modelleri, referans
kiimesinin belirlenme yontemi, referans kiimesinin biiylikligli, komsu sayisi, pencere
biiyiikliigii gibi parametreleri degistirilerek degerlendirilmistir. Bu grup ¢aligmada kurulan
en iyi modelin kare ortalama hatasi (RMSE) ve ortalama mutlak hatasi (MAE) sirasiyla
5.66 ve 4.23 °C olarak hesaplanmigtir. Son modelleme grubunda, JITL modelleri
kurulurken, en yakin komsu verilerin belirlenmesinde kullanilan degiskenler ve model
degiskenleri aynistirllmis ve iki asama i¢in farkli degiskenler g6z Oniinde
bulundurulmustur. Bu grup ¢aligmada kurulan en iyi modelin kare ortalama hatas1 ve
ortalama mutlak hatasi sirasiyla 4.77 ve 3.82 °C olarak hesaplanmustir. Bu ¢alisma ile JITL
yonteminin tahmin performansi énemli dl¢lide artirtlmistir ve bu yontemin endiistriyel

uygulamalar i¢in goz 6niinde bulundurulmasi gereken bir metot oldugu ortaya konmustur.
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1. INTRODUCTION

Refineries are used to convert crude oil into various products, ranging from
transportation fuels and petrochemical feedstocks to asphalt and coke, and more than $8
billion of refined products take their places in marketplace (Chang et al., 2012). Main
products of refining sector are gasoline (aviation and motor gasoline, and light distillates),
middle distillates (diesel fuel, jet fuel and home heating oil), fuel oil and other products

(fuel gas, lubricants, wax, solvents, and refinery fuels) (Gary et al., 2007).

Refining begins with distillation processes in atmospheric and vacuum distillation
columns, used to separate crude oil into fractions and cuts based on molecular size and
boiling point ranges. Distillation is followed by cracking, reforming, and other
conventional processes, which are, in turn, followed by various treatments to remove the
undesired contaminants. Then, blending processes are used to bring the final products at
desired qualities (Gary et al., 2007 a). During refinery processes, specifications must be

met, and the refinery operation must stay within tight environmental and legal constraints.

Since refining is an integrated, complex, continuous operation, elaborated
optimization that link operation variables, product specifications, economic constraints
and environmental limitations is required to be performed. Various operation variables and
conditions, such as temperature, pressure, residence time, feed quality, cut points, space
velocity and catalyst are used to balance feedstock, product and quality. Since each
undesired product creates a new waste stream, controlling these variables within their

limits is essential to optimize the operation of the refinery (Gary et al., 2007 b).

Advanced monitoring and control systems are installed in process units to comply
with important requirements and regulations, such as final product quality, pollution
efficiency, process safety and environmental concerns (Sliskovic et al., 2011). Online
measurement of quality variables is crucial to gain insight about productivity and economic

development. Control of distillation operations is complicated not only due to nonlinear



relations between process variables, but also due to lack of maintenance and regular
calibrations of online analyzers, which may yield inaccurate and imprecise measurements
(Al-Dunainawi and Abbod, 2016). Furthermore, online analyzers are high cost equipment,
generally time consuming, and used at a low frequency, usually once in a laboratory shift
or even less (Chatterjee and Saraf, 2004).

Soft sensors are generally developed to monitor product quality in refinery process
units. More importantly, online predictions via soft sensors are used in MPC of distillation
columns. Soft sensors are mathematical algorithms, which produce real time predictions
of unmeasured variables using mechanistic models or historical data. Advantages of soft
sensors over hardware sensors are their low costs, facility to work in parallel with hardware
sensors, easy implementation on existing hardware, allowance of real time prediction of
variables, and overcoming the time delays introduced by slow hardware sensors (Fortuna,
Graziani, and Xibilia 2005). Soft sensors are used in exploiting correlations between
process variables, which are easy to measure, and quality variables, which are difficult to
measure, in forms of mathematical models. These mathematical models may be model-
based, or data-based, depending on the modeling approach. The former approach is based
on physical and chemical principles, while the latter method consists of building input-
output relations based on historical plant data (Waddams, 2013). For most of the chemical
processes, physicochemical knowledge is not complete, process relations are generally
time varying and nonlinear, and process conditions may change abruptly. For these
reasons, data-based methods are preferably used in industrial processes. However, for
complex systems, even the empirical model structure may be difficult to develop, and
adapting the model to the operation is generally laborsome due to changing process
conditions and nonlinear system behavior (Cheng and Chiu, 2004). To overcome these
problems, just in time learning (JITL) methodology is developed. This methodology is also
known as instance-based learning, locally weighted model (LW) or lazy learning. JITL
models are constructed dynamically using samples located in the neighborhood of a query
point, and response of the query point is predicted. After the output is predicted, the

constructed local model is discarded (Saptoro, 2014).



Tiipras is Turkey’s largest industrial enterprise, consisting of four operational oil
refineries in Izmit, izmir, Kirikkale, and Batman, with a total 28.1 million tons of annual
crude oil processing capacity. Tiipras owns 59% of the total petroleum product storage
capacity in Turkey, composed of 1.7 million tons of crude oil, 1.3 million tons of white
product, and 0.9 million tons of black product. Nelson Capacity Index (NCI) is an indicator
for technical ratings of refineries, and NCI is equal to 7.25 and 5.95 (in 2016) for Tiipras
and Mediterranean refinery complexity, respectively, showing the quality of Tiipras

refineries.

In izmit Tiipras Refinery, there are three main Crude Distillation Units (CDUSs), in
which crude oil is first processed via atmospheric distillation, and the feed capacities of
these units are approximately equal to 13000 m3/d. Naphtha, Liquefied Petroleum Gas
(LPG), Kerosene, Diesel are produced by atmospheric distillation. In the CDUs, product
specifications are to be met according to instructions of planning department. In these
units, product specifications are mainly based on T95, flash point of Kerosene and Dry

Vapor Pressure Equivalent (DVPE).

Canadian Fuel Association states that European refineries have surplus of gasoline
and shortage of diesel in recent years, due to large scale conversion of domestic vehicles
from gasoline to diesel, so maximization of Heavy Diesel yield, as currently achieved in
TUPRAS, is an important economic criteria (Canadian Fuels Association 2013). Yield in
an atmospheric distillation column is mainly dependent on the degree of separation
between bottom and heavy diesel products, controlled via heavy diesel T95 point. Heavy
diesel product properties are determined using laboratory analyses on intermittent samples.
Online or real time estimation of the controlled variables is essential to hold the operation
at its optimum point, and to guarantee high efficiency and profitability. In other words, the
economic goal for prediction of Heavy Diesel T95 is to obtain maximum amount of
product with the highest quality within specifications (Macias-Hernandez, Angelov, and
Zhou, 2007).



In Tiipras, Heavy Diesel T95 is measured in laboratory three times a day in every
shift. Operational conditions in crude distillation unit may change instantaneously, number
of Heavy Diesel sample analyses in a day is not sufficient to follow process transitions,
thus instantaneous changes in the product quality. Moreover, inaccuracies may occur due
to experimental and instrumental errors. In Izmit Tiipras refinery, various kinds of crude
oils are blended and fed to the crude oil units from different tanks having different
compositions. Since changes in feed composition both effects process conditions, and
changes gap overlap and cut points, it is difficult to develop robust soft sensors that can
adapt these abrupt changes. Additionally, nonlinear process behavior also makes
estimating accurate product qualities difficult. In this study, JITL methodology is
employed for building online soft sensors with the purpose of coping with these obstacles,

and real time Heavy Diesel T95 values are estimated via local regression techniques.

In this thesis, first, soft sensor applications in process industry are represented.
During the modeling construction of soft sensors, both global and local learning algorithms
are adopted. In the following sections, global modeling techniques such as principal
component analysis (PCA) and partial least squares (PLS), are discussed, and JITL
methodology, developed by local modeling approach, is elucidated. Following a general
discussion of refinery processes, Tiipras refinery, from which the data used for statistical
models in the current thesis were obtained, is briefly represented. In the Results and
Discussion section, various global and local JITL models are constructed. Finally,

assessments according to refinery application of JITL, are done and discussed elaborately.



2. SOFT SENSORS DEVELOPMENT

Soft sensors are mathematical algorithms used as quality estimators in industry. In
the current section, soft sensors are discussed in detail. General information on soft sensors
and their industrial applications, and types of soft sensors are given in Section 2.1 and
Section 2.2, respectively. Effect of data imperfections on soft-sensor development is
discussed in Section 2.3. Data driven soft sensor development methodology is elucidated
in Section 2.4, in which PCA and PLS are also discussed.

2.1.  Soft Sensors and Their Applications in Industry

Companies are getting stricter in their product prices and specifications, and these
are main competing parameters in industrial market due to economic and environmental
regulations. Power and raw material consumption, safety rules, management strategies of
abnormal situations are to be carefully considered to reach operational excellence. Thus,
most of the companies are in need of reliable and long lasting tools to solve different
operational problems, such as measuring system back-up, what-if analysis, real time
prediction for plant control, sensor validation and fault diagnostic strategies by increasing

performance of their control and monitoring systems (Fortuna et al., 2007).

Process measurements in industry are usually performed by hardware sensors, but
these sensors may fail due to different sensor faults, data acquisition system fail, sensor
removal in maintenance period (Sliskovic et al., 2011). According to the survey of PSE143
in 2004, while 27% of hardware sensors problems are due to time consuming maintenance,
21% of them are caused by the need for calibration, and 15% occur due to age deterioration
(Kano and Fujiwara, 2013). Thus, generally, laboratory measurements are periodically
performed, particularly for variables, which give information on final product quality.

However, laboratory measurements are performed off-line, rendering them inconvenient



for automatic process control, and they may be too expensive, and less reliable compared

to automatic measurements.

Since the beginning of 1990’s, various novel methods, which are used to make online
predictions of difficult-to-measure variables, and online monitoring, have been studied
widely. These methods are developed using the relations between easily measured process
variables and difficult-to-measure variables (Sliskovic et al., 2011). In general, these
systems are called inferential models, virtual sensors, or soft sensors, and various
properties of inferential models may be stated as follows: (i) soft sensors represent low
cost alternative to hardware sensors, (ii) it is possible to realize more comprehensive
monitoring networks, (iii) it is easy implement on existing hardware, such as
microcontrollers, and (iv) soft sensors provide real time estimation of process variables to
deal with time delays, improving performance of the control strategies (Fortuna et al.
2007). According to a survey related to the present state of soft sensor technologies in
Mitsubishi Chemical Corporation in 2006, 37% of the soft sensors are used for stabilizing
quality, 28% are used for reducing feed and utility, and 18% are used for improving
reliability, simultaneously employed with online analyzers. Soft sensors may also be used
for stabilizing operations, reducing manual analyses, avoiding installation of special

analyzers (Kano et al., 2013).

For various applications of soft sensors, there are three important points to consider:
(i) changes in process characteristics, (ii) individual differences of equipment, and (iii)
reliability of soft sensors. First of all, even if a soft sensor is developed successfully by
selecting predictor variables and tuning input parameters carefully, its estimation
performance may deteriorate upon perturbations in process characteristics and operation
conditions. It is important to construct soft sensors, which adapt to these changes via
minimum manual and repeated constructions. Furthermore, when a soft sensor is
developed for one device or process, it cannot be applied to another, so it is should be
customized. Finally, modeling strategy has significant impact on reliability of the soft
sensors; data driven soft sensors, particularly, are prone to deteriorate due to incorrect

measurements and sensor fails (Kano et al., 2013). Thus, application purpose of soft-



sensors and methodologies used in their construction are to be carefully designed for long

lasting and reliable soft sensors.

There are broad application areas of soft sensors. Overall, soft sensor applications
can be divided into three main groups: (i) online prediction, (ii) process monitoring and
process fault detection, and (iii) sensor fault detection and reconstruction (Figure 2.1). The
most common application area of soft sensors is the online prediction of process variables,
which are either sampled at a low rate, or measured by offline analysis. Online predictions
are generally performed for variables, which are indicators of output quality, or which give
critical assessment related to the process, at a high sampling rate, and low financial cost.
As shown in Figure 2.2., easy-to-measure variables, such as pressure and temperature of a
process, may be used to develop models to make online concentration predictions, which
may be used for process control applications. Soft sensors are also employed for process
monitoring and process fault detection applications, in which deviation of process
conditions from the normal operating plant conditions is detected, and causes for the
disturbances are identified. Generally, these types of soft sensors are developed based on
historical data, additionally receiving support from operators. Process monitoring soft
sensors are widely based on PCA based methods and statistical process control (SPC)
charts (Kadlec, 2009). Since processing plants contains a large number of sensors, it is
difficult to detect whether sensor faults are temporary, or permanent. Soft sensors are also
widely used for sensor fault detections (Kadlec et al., 2009).

| Soft Sensor Applicationsin Industry |

Process Monitoring Sensor fault
Online Prediction and fault detection detection and
reconstruction

Figure 2.1. Soft sensor applications in process industry.
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Figure 2.2. The fundamental working principle concept of inferential sensors
(Okada et al., 2012).

2.2.  Types of Soft Sensors

Availability of priori knowledge in the application area of soft sensors, especially for
complex systems, is the main criterion for determining the modeling approach for soft
sensors. This knowledge is helpful in determining modeling procedure, type of the model,
complexity of the model and applied methodology. There are mainly two modeling
approaches: (i) first principle (FP) models, also known as white-box, mathematical model-
based models, and (ii) data based, or data-driven (DD), models, also called black box

models.

Utilizing process knowledge in modeling the process is the fundamental advantage
of FP models, while data driven models cannot be easily used to associate the model
parameters with the actual process. FP models generally yield physically meaningful links
between process variables. However, for complex industrial processes, parameters of the

FP models may be inaccurate, and development of FP models from physical laws are



usually expensive. Process operation data are used to construct DD models. Figure 2.3
shows the model structures for both FP and DD models. In contrast to FP models, DD
models is used to provide useful results with little domain of knowledge. At the same time,
DD Models are adaptable to specific problem instances, and are used to handle

disturbances and errors (Czop et al., 2011; Sliskovic et al., 2011).

& Y
< >
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unknown |,

Figure 2.3. FP and DD models based on recognition of their

structures and parameters (Czop et al., 2011).

2.3.  Effect of Imperfections of the Data in Soft Sensor Development

Data obtained from industrial processes usually have “imperfections”, which may
prevent construction of reliable soft-sensors. The main imperfections with the process are

listed as (a) missing values, (b) outliers, (c) data co-linearity, and (d) measurement noise.

Missing values may consist of single observations, or a group of successive samples,

which do not represent the real state of the process variables (Figure 2.4a). While failure
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and removal of hardware sensors are common reasons, problems in transmission of the
data from the sensors to the database, errors in the database, and problems in accessing the
database are other possible causes of for missing values.Outliers are measurement, which
deviate from the typical ranges of the measured values (Figure 2.4b) (Kadlec et al., 2009).
Outliers can be classified as “obvious” and “non-obvious” outliers. Obvious outliers can
be detected from the violation of the physical or technological constraints. However, non-
obvious outliers do not exceed any constraints, but do not reflect the true state of the

variables.

Drifting data is also another problem for continuous plant operations, and can be
classified as process and sensor drifts. Process drifts are due to steady abrasion of
mechanical elements during operation of the plant. In addition to mechanical pump
abrasion, changing environmental conditions, changes in raw material, and catalyst
deactivation are also causes for process drifts. As a result of the shift in the process state,
process data show a drift and do not form a stationary time series. Sensor drifts, on the
other hand, are the result of changes on the measuring devices, usually for recalibration.
These drifts are only observed in the measured data, but do not represent a true change in

the state of the process.

Co-linearity is a consequence of high dimensional variable-rich but information-poor
datasets (Figure 2.4c) (Kadlec et al., 2009). Measured data in the industry are strongly co-
linear, and successive measurements are strongly correlated with each other. Including all
the variables directly in the statistical models increases the model complexity, and it has a
negative effect on predictive performance of the model.Measurement noise is another
artifact in industrial data, and is usually eliminated in the data preprocessing step (Figure
2.4d). Generally, a smoothing filter is employed in this step to filter out the noise (Kadlec
et al., 2009).
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Figure 2.4. Common imperfections in industrial data sets (Kadlec et al., 2009).
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Data for soft sensors can be obtained either through specifically designed

experiments, or from normal plant operation in complex industrial plants. Industrial plants

have a large number of installed sensors, which measure various process variables. These

measurements are accumulated in the database and may be utilized during the modeling

stage. As can be seen in Figure 2.5, data preprocessing step is required to cope with

problems related to dataset. After a soft sensor model is developed and validated, the soft

sensor should still be maintained to render sustainability and adaptability to the processes.
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Figure 2.5. Soft sensor development methodology (Kadlec et al., 2009).

2.4.1. Data Preprocessing

Data preprocessing step is usually performed to handle outliers or missing data.
Outliers and missing data, which can also be considered as outliers, may particularly
deteriorate data driven soft sensor models, such as PCA or PLS. If missing data are
occasional, then these values are generally interpolated from the measured neighboring
observations. However, if missing data cover large partition within dataset, then these

values are usually discarded before constructing the soft sensor (Lin et al., 2007).

Another important step during data preprocessing is scaling. Variables with large
absolute values in the dataset are likely to have larger variance, and these variables may
cloud variables with smaller variance. On the other hand, it is important for all variables
having equal weights, particularly in statistical models, such as PCA. For this purpose,

auto-scaling, i.e. mean-centering followed by normalization using standard deviation, is
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commonly used on all variables. Auto scaling procedure for a variable trajectory x; is
shown in equation (2.1), in which my is the mean, and s is the standard deviation of the
data.

4= (21)

In addition to auto-scaling, median absolute deviation from median (MAD) scaling
may also be used. It is known that MAD scaling is more reliable for scaling data with
outliers, while auto-scaling is more effective for data with close-to-normal distribution.
Equation (2.2) shows MAD equation, in which X, .qian IS the median of x, and the constant
1.4826 is required to make MAD an unbiased estimate of the standard deviation for
Gaussian data (Chiang et al., 2003).

Syap = 1.4826median{|x; — Xmegian!} (2.2)

2.4.2. Model Selection

Model selection is a critical step in soft sensor development. Although different
strategies are discussed in the literature, it is difficult to determine a general method, which
may be applied to all cases. It is clear that process knowledge, degree of nonlinearity in
the process, selection of input variables, model order, operational ranges, time delay, and
sampling time are to be carefully considered during model construction. Overall, it can be
said that model structure should be selected with respect to the capability of models to cope
with high dimensionality, collinearity and nonlinearity. In this stage, highly correlated
variables are usually eliminated, dimension of variables is reduced using convenient
transformations, and nonlinear characteristics may be removed and adapted to model
structure (Fortuna et al., 2007). Various approaches are used in the literature in
determining the model structure. In the following section, two of the widely used data
driven modeling methods, namely PCA and PLS, are discussed.
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2.4.2.1. Principal Component Analysis (PCA). PCA is a dimension reduction technique,

used to construct latent variables from linear combinations of variables with the highest
variance in the input space. Multicollinearity problem may be solved via PCA, since the
new constructed variables (principal components) are orthogonal to each other. The
resulting principal component (PC) subspace is assumed to contain the most useful
information about the process in the smallest dimensions, mostly free from noise.
Additionally, it is possible to visualize the high dimensional data via projection of the

original data onto PC space (Sanguansat, 2012).

In PCA analysis, eigenvectors of the variance-covariance matrix of the input data (X)
are ordered in accordance with the descending order of eigenvalues, and each eigenvector
(PC) describes a direction in the original variable dimensions, accounting for the largest
amount of unexplained variance in the data. Mathematically, these can be described as;

Here, pi. is the i eigenvector of XTX, and ti is the ith score vector, which is the
projection of X onto the eigenvector pi. Similarly, X can be reconstructed by the outer
product of scores matrix T, whose columns are the score vectors associated with each PC,
and the transpose of the loadings matrix P, whose columns are the loadings vectors
associated with each PC. When a subset of PC space is used to approximate X, the rest of
PCs form the residual subspace and the corresponding error matrix E.

X=TPT+E (2.4)

PCA, while being a powerful and widely used method, has a number of
shortcomings, which need to be addressed. Nonlinear relations between the variables
cannot be easily modeled using PCA. It is not straightforward to determine the optimal
number of principal components. Although PCA may be used to describe relations in the
input space, relations between the input and output spaces cannot be modeled using only

PCA. A number of variations on PCA, such as nonlinear and adaptive PCA, are shown in
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Figure 2.6. PCA be made adaptive using recursive, moving window and time-lagged
forms. Additionally, PLS may be used to model the relation between high dimensional

input and output spaces (Kadlec et al., 2009).

Principal Component
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Figure 2.6. PCA and its variations (Kadlec et al., 2009).

2.4.2.2. Partial Least Square (PLS). In PLS method, correlation both within the input
variable space and between input and output spaces are taken into account (Sliskovic et al.
2011). In other words, PLS is used to determine the latent variables, which represent the
highest correlated subspace in X, mostly correlated with subspace of Y, showing the

highest variability. Mathematically, these relations may be written as the following:

X=TP"+E (25)

Y=TQ+F (2.6)
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Q is the matrix of loadings for Y, and F is the model error of Y. T is the matrix of
scores, P is the matrix of loadings for X, and E is the model error associated with X. The
loadings for PLS are not identical to the eigenvectors found by PCA. In PLS, the objective
IS not to represent only the measurement space X, or the output space of Y, but to represent
both spaces, simultaneously.

2.4.3. Model Validation

Model validation is another important step after model selection phase. In model
validation, two statistical concepts should be considered simultaneously; under fitting
leads to high bias, while overfitting leads to high variance. Training and validation data set
sizes have important impact on determining the best predictive model. Increasing the
training sample size can reduce the effect of overfitting and reduce the variance of
estimators, but bias is not much affected. Instead, addition of more predictors to a model

can reduce the bias.

During model validation, two statistics, root mean square error (RMSE) and mean
absolute error (MAE), are used to assess the predictive quality of the constructed models

in the current study.

RMSE = (2.7)

1
MAE =~ E ;
e le:| (2.8)

As can be seen in equations (2.7) and (2.8), higher weights are assigned to errors
with larger absolute values than errors with smaller absolute values in RMSE, while equal
weights are given to all errors in MAE. Therefore, RMSE is always greater than MAE, and

RMSE tends to increase more, as error distribution moves away from normality. Since
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higher weights are assigned to larger errors in RMSE, RMSE is usually regarded better at

evaluating the performance of a model (Chai and Draxler, 2014).

After soft sensors are validated, they are ready to be used in the field. However,
permanent changes in process conditions usually lead to degradation in soft sensors, unless
maintained. Soft sensors should be adaptive to these changes, so various techniques, such
as recursive PCA and PLS, neuro-fuzzy-based soft sensors, and moving window methods
are used (Kadlec et al., 2009; Chen et al., 2015).



18

3. GLOBAL AND LOCAL MODELING PARADIGM

Data based modeling can mainly be classified into two groups: (i) global modeling,
and (ii) local modeling. While linear models, neural network applications and splines are
studied mostly via global modeling approach, lazy learning and nearest neighbor methods
are utilized via local modeling (Figure 3.1). Global models are built based on an analytical
function that is expected to represent the whole set of operating conditions. These models
can be stored in a small memory even for large datasets, and execution time is short.
However, there is no guarantee that the suggested functions are able to represent the

relations in the future data.

Linear

Global Models Neural Networks

Splines

Regression Trees

Local Model
Networks
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Neuro Fuzzy
Inference
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Nearest Neighbor
Local Modeling }
Lazy Learning

Figure 3.1. General view of learning architecture (Bontempi, Birattari, and Bersini 2001).
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As can be seen in Figure 3.2, estimation of the global model parameters using the
data forms the induction part, while prediction using the constructed models is performed
in the deduction part. Existence of these two successive steps makes it difficult to
determine predictions, so local modeling techniques, called transduction, are developed as
an alternative approach. In local modeling paradigm, predictive functions are built within
the neighborhood of the query point, whose response is to be predicted. Contrary to global

models, the reference dataset is always kept in memory.

MODEL

Induction Deduction

DATA > PREDICTION
) {

Transduction

Figure 3.2. Function estimation vs. value estimation (Bontempi et al., 2001).

There are well known global modeling methods in the literature, such as linear
regression, nonlinear regressions, splines and neural network modeling. Additionally, data
driven models, such as PLS and PCA, are widely used in industry. Although most of these
methods are originally developed from a global modeling point of view, local versions of
these techniques are developed in the recent years. In the following section, methodology
of PCA and PLS will be represented, and adaptive forms of these techniques are also

discussed.
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3.1.  Justintime Learning (JITL)

Data-driven soft sensors are widely used in industry, since they can be developed
from already available historical database, and provide new generation of operational
excellence at low cost. Moreover, hidden or latent information can be extracted, while
analyzing historical database that gives different point of view related to complex and
highly integrated processes (Saptoro, 2014). However, after a certain time, a soft sensor
will gradually deteriorate due to several reasons, such as: (i) changes in process input
materials, (ii) process fouling, (iii) abrasion of mechanic components, such as equipment
ageing, fouling clogging, (iv) catalyst activity changes, (v) production of different product
quality grades, and (vi) changes in external environment (Kadlec et al., 2011). In addition
to these issues, measurement noise, missing values, data outliers, co-linear features and

varying sampling rates are also main reasons of soft sensor failures (Kadlec et al., 2009).

Model maintenance may be one of the main solutions to cope with the issues
represented above, and maintain accurate predictions. However, models reconstruction
prevents the continuity of soft sensors. JITL has been proposed to cope with the continuity
issues and process nonlinearity. JITL is inspired by the ideas of database technology and
local modelling techniques, and generally known as instance-based learning, LW model,

lazy learning or model-on-demand (Saptoro, 2014).

Locally weighted learning is a form of lazy learning approach, in which training data
are stored in the memory to determine a relevant set of data points for a query point. In
contrast to global models, local models are built considering the neighboring data in a
region around a query point. Basically, a local model is developed in two steps: i) a
neighborhood is selected around a query point, and ii) a local model is built using the points
in the neighborhood. Nearest neighbors are chosen to be the closest points to query data,
and locally weighted regression (LWR) is used to fit a surface to predict the response of
the query point. For some applications, contributions of neighborhood points to the model
are weighted with respect to their distances to the query point. This methods makes it easy
to add new training points to the dataset (Englert, 2012).
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Figure 3.3 shows the difference between global and local model structures. While
computation of global models may be difficult in the presence of large number of data
points and model parameters, which are required to be updated, local models are easily
updated for new query data. In JITL method, relevant dataset are searched to match the
query data with respect to some nearest neighborhood criterion, and a local model is built
using the relevant data. Finally, model output is calculated by the local model, and the

current query point and the local model are discarded (Cheng and Chiu, 2004).

Database
Relevant
dataset
Database
\
‘L Local Modeling
Global Modeling Approach
Approach
A 4 A 4
New Data A New Data Online Local
Sample 3 Offline Model Sample > Model
v
Predicted Predicted
Output Output
(a) Global Model Structure (b) Local Model Structure

Figure 3.3. Comparison between global model and local model structure
(Ge and Song, 2010) .

Figure 3.4 is a schematic representation of LW learning algorithm, and activation
region and weighting curves are shown. When a query point is to be predicted, a
neighborhood is determined that includes the closest data points to the query point, and

weights are assigned to these neighbors. This method increases the contribution of the
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closest neighborhoods on predictions and helps in obtaining more accurate results. As can
be seen in weight curve, Gaussian weighting curve is used and highest weights are assigned
to the closest points to the query sample, and a local linear regression model is constructed

(red line in the upper the figure).
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Figure 3.4. An Example of LW learning (Englert, 2012).

Overall, JITL has three main characteristics: (i) Postponing model building until an
output for a given query data is requested, (ii) predicting output for the query data by
exploiting the stored data in the database, and (iii) discarding results after predicted output
is obtained (Saptoro 2014; Cheng et al., 2004).

3.2.  Similarity Criterion and Weighting Function in Local Modeling

One of the key stages in JITL modeling is to determine the neighborhood data points.
Neighborhood is defined as some portion of the data, having similarity with the query

point. Similarity criteria can basically be measured using three different metrics: distance
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measurement, combination of distance and angle measurements, and correlation
measurement (Figure 3.5).

Similarity Criterion

v

Distance Measure Distance and Angle Correlation
Measure Measure

Figure 3.5. Similarity criterion for neighborhood determination in JITL applications
(Saptoro, 2014).

Distance based measurements can be determined by calculating Euclidean distance,
weighted form of Euclidean distance, or Mahalanobis distance, which are shown in
equations (3.1), (3.2) and (3.3) respectively:

dZ = (Xq — xi)T(xq - Xl') (31)
d? = (xq —x)"S(xqg — x;) (3.2
md? = (xg —x)"C™ 1 (xq — x;) (3.3)

In the equation above, S is scaling matrix, and C is covariance matrix of the
neighborhood data points.

As mentioned before, distance and angle based similarity criterion can be used together,
as shown in equation (3.4).
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While the first term represents distance measure criterion, the second term represents

the contribution of the angle measurement.

s; = yVe @) + (1 - y)cos(6;) (34)

Here, dz(xq,xi) is the Euclidean distance between x4 and x;, y is the weighting

parameter, and cos(6;) is

cos(6;) = Axg" Ax;
7 llaxgl,- naxil; (35)
Axg = Xxq — Xq4 (3.6)

For Gaussian-distributed data, correlation based similarity criterion are computed as
follows:

J=AT*+ (1 -2)Q (3.7)

Here, 0 < A < 1, and T2 and Q statistics are derived using PCA.

For high dimensional database, most of the training data stay in the far region from
the query point, so zero weight is assigned to these distant points, decreasing the
computational complexity significantly. Weighted JITL can be applied to systems, which
are not too high dimensional, and in which too much data are not accumulated in one
particular area of the input space (Schaal and Atkeson, 2002). Different weighting
functions used in JITL applications in the literature are shown in Table 3.1.

3.3.  Industrial Applications of JITL Modeling

Table 3.2 shows a statistics on soft sensor methodologies employed in Japan

chemical industry in 2009 (Kano et al., 2013). Although traditional regression analysis is
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generally much more preferred and JITL models cover only ~2% of all statistical models
in the industry until 2009, the number of JITL applications in industry has possibly
increased in the recent years, as shown by a number of examples in the following
paragraphs. In the following paragraphs, recent LWR and JITL applications in cement,

petrochemical and refinery processes are discussed.

3.3.1. Blast Furnace Application

Blast furnace operation shows highly complicated and nonlinear behavior. If a large
scale database is constructed for modeling, a high calculation load is difficult for online
application is to be expected. To avoid these complexities, JITL modeling is employed on
the large scale database (Ito et al., 2004). In this study, large number of variables related
to physical properties in blast furnace is measured, and used as an input to the JITL local
models. Output is the molten pig iron temperature, which is predicted from these high
dimensional inputs. Using 8800 data points in a large scale database for online modeling,

200 points were used for verification.

3.3.2. Blast Furnace Application

Blast furnace operation shows highly complicated and nonlinear behavior. If a large
scale database is constructed for modeling, a high calculation load is difficult for online
application is to be expected. To avoid these complexities, JITL modeling is employed on
the large scale database (Ito et al., 2004). In this study, large number of variables related
to physical properties in blast furnace is measured, and used as an input to the JITL local
models. Output is the molten pig iron temperature, which is predicted from these high
dimensional inputs. Using 8800 data points in a large scale database for online modeling,

200 points were used for verification.
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Table 3.1. Weighting functions applied in JITL.

Methods Weighting Functions
Least- Squares function )
Wiec =
(Huang, Cabral, and Torre 2012) ks
. ) (1 forle| <k
Bisquare function (Huang et al., 2012) wg = {k/lel forlel > k
Gaussian function (Ito et al., 2004) we = e ¢
_ A3)\3
Tricube function (lto et al., 2004) wp = {(1 ) forldl =1
0 otherwise
Inverse Distance function (Ito et al., 1
w; = ,D IS a positive integer
2004) T TRl g

Table 3.2. Statistics of soft sensor applications in Japan industry (Kano et al., 2013).

Process Methodology
Phys' | MRA? [ PLS | ANN | JITL
Distillation 20 256 41 0 5
Reaction 5 32 43 0 5
Polymerization 0 4 8 3 0
Others 0 1 1 0 0
Total 25 293 93 10 10

1. Physical model

2: Multiple regression analysis
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3.3.3. Industrial Splitter Column and Crude Column Application

LWR approach is used on an Industrial Splitter Column, which has high
dimensionality, collinearity and nonlinearity problems (Park and Han, 2000). In this study,
both the splitter column, which shows a nonlinear behavior, and the crude column with
linear characteristics are analyzed. For splitter column, estimation of the composition of
toluene at the bottom using 16 process variables are the main objective, while, for crude
column, the aim is to estimate the temperature of 90% distilled diesel, using 57 online
process measurements. During soft sensor development procedure for both cases, firstly,
the original variables are transformed to a small number of new variables globally using
linear transformations, such as PCA and PLS, to overcome collinearity. Secondly, a local
regression method, such as PLS or OLS, is employed, and predictions are obtained. In local
regression, Euclidean distance of new variables and tricube function as a weighting
function are used. This study demonstrates that combination of PLS and LWR may be used
to simultaneously determine the latent variables and local regression with better prediction

results.

3.3.4. Cracked Gasoline Fractionation Application

An application of correlation based JITL (CoJIT) modeling is applied to Cracked
Gasoline Fractionation to estimate the aroma concentration accurately (Fujiware, Kano,
Hasebe and Takinami, 2009). Eight of the 19 process variables are selected as input
variables for the soft sensor, on the basis of physical process knowledge. Recursive PLS,
conventional JITL and CoJIT modeling methods are used on the process, recursive PLS
has been found not to function well. In addition, recursive PLS and conventional JITL
methods are not adaptive to abrupt changes in process characteristics. CoJIT modeling
improves RMSE by 28% in comparison with recursive PLS, and it is proposed that CoJIT

modeling is convenient for maintaining soft sensors in the real world.
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3.3.5. Debutanizer Column Application

Debutanizer column is widely used in refinery operations, in which propane and
butane are removed as overhead products from the naphtha stream. Online prediction of
bottom butane content is required for minimization purpose (Ge and Song, 2010) . 2000
samples are collected, and half of these samples are used as training. Local forms of
artificial neural network (ANN), PLS and support vector regression (SVR) are developed
to overcome the difficulties arising from process nonlinearity. The results show that JITL-

LSSVR based soft sensor is the most efficient online prediction method.

3.3.6. Methane Steam Reforming Process Application

Methane steam reforming process, which is used to generate hydrogen from natural
gas, consists mainly of four steps: humidification of feed gas, a reforming reaction, a shift
reaction and a preferential oxidation reaction. Since the calculation accuracy of CO
concentration at the outlet of the oxidation reactor is problematic, and reactor has highly
nonlinear characteristics, Mahalanobis distance based Just in Time (MJIT) modeling is
used to estimate product CO concentration (Nakabayashi et al., 2010). In this study,
Principle Component Regression (PCR) is used, two types of online adaptive methods,
Kalman Filter and MJIT are compared. According to the results, while both methods are

adaptive to feed changes, MJIT is more prone to update the model.

3.3.7. Polymerization Reactor Application

JITL methodology is employed on a polymerization reactor, in which an isothermal,
free radical polymerization of methyl methacrylate is carried out using azo-bis-
isobutyronitrile as an initiator and toluene as a solvent (Cheng, Hashimoto and Chiu,
2004). While the output variable is taken to be the number average molecular weight, the
input variable is taken to be initiator flow rate. During similarity evaluation step of JITL
procedure, combination of both distance and angle measure are used, and both adaptive

and non-adaptive methods are applied.
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4. REFINERY PROCESSES AND UNITS

Refineries are highly complex, integrated and huge industrial establishments used to
convert crude oil into different ranges of products. In this section, overview of main
refinery processes and relations between process units in a refinery are discussed in section
4.1. Atmospheric distillation is explained in detail in section 4.2. It is known that diesel
products have a higher impact on profitability in Turkey, so a brief assessment of demand

and supply strategy of Tiipras is discussed in final section 4.3.

4.1.  Overview of Refinery Processes

Petroleum refineries are large industrial complexes consisting of different processing
units, utility units and tank fields. Refining begins with distillation of crude oil, i.e.
separation of oil into different cuts and fractions. Since all crude oil is exposed to
separation process via distillation, refinery capacity is quantified by two measurements.
The first of these measurements is barrels per stream day (BPSD), which is defined as the
maximum number of barrels of inputs that a distillation facility can process without
downtime. The other measurement is barrels per calendar day (BPCD), that is the amount
of input that a distillation facility can process under usual operating conditions, allowing
for the types and grades of products to be manufactured, environmental constraints, and
unscheduled and scheduled downtime due to maintenance, repairs, and shutdown (Gary et
al., 2007).

In refineries, crude oil is physically separated using atmospheric and vacuum
distillation columns into fractions based on molecular size and boiling point ranges. After
physical separation in crude distillation units, each stream is further processed using
catalytic and thermal chemical conversions in order to change the size and structure of

molecules. To remove undesirable contaminants in the products, to meet the specified
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product quality, and to improve the current product quality, products obtained via chemical
conversions are subjected to various treatment processes (Table 4.1). It is also important
to note that refinery processes vary with respect to the types of crude oil they process,
planning decisions, product specification, market needs, environmental and economic

considerations; hence process architecture is not identical in various complex plants.

Table 4.1. Main refinery processes (Fahim, Alsahnaf and Elkilani, 2012).

Physical Separation Chemical Conversion
Catalytic Thermal
Distillation Fluid Catalytic Cracking | Delayed Coking
Solvent Deasphalting Hydrotreating Flexicoking
Solvent Extraction Hydrocracking Visbreaking
Solvent Dewaxing Catalytic Reforming
Alkylation
Isomerization

Figure 4.1 shows a basic refinery flow diagram, in which crude oil enters the
distillation units and converted into final product form through formulating and blending
operations. In crude oil distillation units, cuts are obtained having specific boiling point
ranges and can be classified in the order of decreasing volatility, as gases, light distillates,
middle distillates, gas oils and residuum. Residuum can further be distilled in the vacuum
towers maintaining vapor liquid flow at reduced pressures. Following the distillation unit,
Liquefied Petroleum Gas (LPG) is sent to LPG treating unit, and Fuel Gas and LPG are
the lightest products. Light Naphtha is sent to the isomerization unit, and isomerate is
produced as the alkylation feedstock. Heavy Naphtha is processed in naphtha
hydrodesulfurizer unit, in order to remove sulphur contaminant, and converted to LPG and
Reformate product. All the light products are processed in Gasoline blending. Kerosene
and Diesel are the main middle distillates of the atmospheric distillation column. Light
Vacuum Gas Oil from vacuum distillation column is sent to the hyrodesulfurizer units,

followed by distillate blending, to yield Jet, Kerosene and Diesel products. Heavy Vacuum
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Gas Oil produced in vacuum units is fed to both fluid catalytic cracking (FCC) and
hydrocracker units. While FCC units are the main gasoline producers in refineries,
hydrocracker unit also converts heavy Vacuum Gas Oil into Gasoline, Kerosene, Diesel

and Fuel Qil in the presence of hydrogen and durable catalysts.

In Figure 4.2, main products produced via refinery processes and their fields of
applications are summarized. Among all the operations in oil refinery, atmospheric
distillation plays the most important role in setting the desired product specifications, and

increasing the yield of the desired product based on planning strategies.
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Figure 4.1. Main refinery products.
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4.2.  Atmospheric Distillation Units

Atmospheric distillation is the first unit in petroleum refinery, used to separate the
crude oil mixture into various distillates such as Naphtha, Kerosene, Diesel, Gas Oil and
Residuum as shown in Figure 4.2. Heavy middle distillates are named diesel and gas oil,
but it should be noted that gas oil in the scheme refers to distillate having heavy diesel
composition. After crude oil is heated in preheating section, it is sent to the desalter, in
order to remove the salt, which is harmful to downstream equipment because of fouling
and scaling. The desalted crude oil enters the furnace and heated approximately to 340-
372 °C for partial vaporization. The stream leaving the furnace is fed to the distillation
column through the feed region, called flash zone (Chang, Pashikanti and Liu, 2012).

water DESALTER
< —1
Cru i steam
HEN -
>t — gas oil

l I_)‘O—> steam

sour water HEN FURNACE 'I/_,

Residue to Vac. Tower

Figure 4.2. Atmospheric distillation unit.

Generally, significant amount of steam is given to the bottom of the atmospheric

distillation column to reduce partial pressure of the bottom. Reduction in the partial



33

pressure renders stripping residue from the bottom and increasing the yield of the distillate.
Middle products, on the other hand, are withdrawn from the column, and light components
are stripped by superheated steam, shown by three flash units on top of each other,
following the distillation column, in Figure 4.3. This operation adjusts the boiling point of
5% volume of products boiled (T5) and flash point of each product. To remove heat
effectively, liquid is removed at various points of the column, called pumparounds (PA in
Figure 4.3), and cooled and reinjected to the column at a different position. The overhead
condenser of the atmospheric column condenses lighter products, and some portion of this
condensate is returned to the top of the column, also rendering heat removal from the

column.

In addition to the significant effect of pumparounds and top reflux to the heat balance
of the column, these streams affect the internal reflux, which does not only contribute to
the fractionation efficiency and heat balance of the column, but also play an important role
in products yield (Golden, 2009). Heat input to the column resulting from the composition
and temperature of feed limits the reflux rates and capability to separate products.
Separation can be monitored mainly by measuring gap-overlap and cutpoint. Gap-overlap
is a measure of separation between two adjacent products with respect to their exit location
from the column, and cutpoint is the temperature of true boiling point (TBP) curve, which
reports borders on vyields of specific cuts (Sloley, 2014). To be able to monitor these
performance indicators and maintain continuous column operation at high efficiency
levels, robust quality estimators that give accurate and continuous estimates of product

qualities are widely used in crude distillation units.

4.3.  An Assessment of Refinery Products Demands and Supply in Turkey

TUPRAS is the only refinery company of Turkey with 610 kb/d crude oil capacity,
and processed 13 types of crude oil from nine countries in 2011. Almost 65% of crude oil
processed in Turkey was medium and heavy sour crude in 2011, followed by heavy sour
(28%) and light sweet (7%) (International Energy Agency 2014). However, fuel demand

in the transportation sector directly affects Tiipras’s production strategies and future
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investments. From 2006 to 2013, while gasoline consumption decreased in half, diesel
consumption increased by 5%, and LPG demand stayed almost constant (Figure 4.4).
Demand and supply fuels in 2012 shows that there is approximately 52% deficit in
domestic demand of diesel ( Figure 4.5), while there is high surplus in gasoline production
(Atalay and Kumbaroglu, 2014). It is previously estimated that diesel demand is expected
to rise to 14 m, 15.8 m, and 18 m tones by 2010, 2015 and 2020, respectively. Tiipras’s
plan to boost diesel output at the expense of standard fuel will help shift this balance in

Turkey’s favor (International Energy Agency, 2014).

100%
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Figure 4.3. Comparison of fuel consumption in Turkey in 2006 and 2013
(International Energy Agency, 2014).
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Figure 4.4. TUPRAS output vs. demand in 2012 (Atalay and Kumbaroglu, 2014).
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5. EXPERIMENTAL STUDY IN TUPRAS REFINERY

Izmit Tiipras refinery has three different crude distillation units. Each of these units
has different capacities and subtly differs with respect to their subunits. In Section 5.1, the
distillation unit, in which variables used in JITL modeling are collected, is discussed.
Historical data set collection methodology and selected parameters for modeling are

elucidated in Section 5.2.

5.1.  Process Unit Description of Experiment

Plant-5 is one of the main crude distillation units in Izmit Tiipras refinery, and has
maximum 13000 m3/d crude oil processing capacity. Main products of this unit is Light
Vacuum Gas Oil (LVGO), Heavy Vacuum Gas Oil (HVGO), Liquified Petroleum Gas
(LPG), Light Straight Run Naphtha (LSRN), Heavy Straight Run Naphtha (HSRN),
(KERO), Light Diesel (LAD) and Heavy Diesel (HAD).

After heating crude oil in the heat exchanger network and fired heater, feed is sent
to the atmospheric distillation column (Figure 5.1). Main products of the distillation unit
are KERO, LAD and HAD, which are sent to the desulphurizer units. The top product of
atmospheric distillation column is sent to the naphtha splitter columnand the debutanizer
column, which yield HSRN, LPG and LSRN. While naphta products are sent directly to
storage tank, LPG is processed in LPG treating unit. Atmospheric residue (the stream
which leaves the bottom of the distillation column in Figure 5.1 is processed in vacuum
column that is operated at negative pressure generated by steam ejectors at the top side of
the column. While HVGO is sent to hydrocracker unit, LVGO is directly contributed to
diesel blending.

For this complicated system, producing maximum amount of products with the

desired qualities with respect to product specifications is main target for process control
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structure of crude distillation units. For this purpose, quality estimators providing accurate
online predictions of product qualities is crucial for process controllers to take correct
actions, while trying to sustain operation at optimum conditions. However, it is expected
that these quality estimators must be adaptive to changes in operational conditions, some
faults in operations and unexpected and unmeasurable disturbances. With this purpose,
JITL models are constructed to predict T95 of HAD product.

5.2.  Selected Parameters for Historical Dataset

Historical data from the process unit is extracted from database for ~1 year. During
the operation, HAD samples had been taken every day at ~06:00 a.m. and sent to the
laboratory. To take the time lags in the process into consideration and to filter out the noisy
components in the process measurements, process data between 02:00 and 10:00 a.m. is
averaged for each day. Process measurements of temperatures, pressures and flow rates of
atmospheric distillation column are shown in Table 5.1. Inclusion of these variables in
JITL models have been mainly decided with respect to their significance in distillation, as

dictated by field experience.

Table 5.1. Selected process variables for JITL models.

Variables Column Parameters Units
1 Crude Feed Flow Rate m3/d
2 Desalter Pressure kg/cm?
3 2nd group Heat Exchangers Entrance Temperature °C
4 HADPA Reflux Flow Rate m*/d
5 HADPA Reflux Temperature °C
6 Column Top Pressure kg/cm?
7 Column Top Temperature °C
8 Condenser Temperature °C
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Table 5.1. Selected process variables for JITL models (cont.)

Variables Column Parameters Units
9 Top Reflux Temperature °C
11 Superheated Steam Temperature °C
12 Column Bottom Flow Rate,1 m®/d
13 Column Bottom Flow Rate,2 m®/d
14 Column Bottom Total Flow Rate m®/d
15 Furnace Transfer Temperature, 1 °C
16 Furnace Transfer Temperature, 1 °C
17 HADPA Reflux Outlet Temperature °C
18 Kerosene Column Outlet Temperature °C
19 Light Diesel Column Outlet Temperature °C
20 HAD Column Outlet Temperature °C
21 Light Diesel Flow Rate m3/d
22 HAD Flow Rate m®/d
23 Top Reflux Flow Rate m3/d
24 Bottom Temperature,1 °C
25 Flash Zone Pressure kg/cm?
26 Condenser Pressure kg/cm?
27 Column Bottom Temperature,2 °C
28 Flash Zone Temperature °C
29 Column Top Temperature, 2 °C
30 Superheated Steam Flow Rate m/d
31 Kerosene Top Temperature °C
32 Bottom Temperature,2 °C
33 Superheated Steam Flow Rate/ Crude Feed Flow Rate -
34 HADPA Reflux Flow Rate/ Crude Feed Flow Rate -

HADPA Reflux Flow Rate/ Crude Feed Flow Rate- Column
% Bottom Total Flow Rate _
36 HADPA Reflux Flow Rate/Top Reflux Flow Rate -




Table 5.1. Selected process variables for JITL models (cont.)

39

Variables Column Parameters Units
37 Flash Zone Temperature-Column Bottom Temperature, 1 °C
28 Column Bottom Temperature, 1-HAD Column Outlet o

Temperature
29 Column Bottom Temperature, 1-Kerosene Column Outlet o
Temperature
40 Bottom Temperature- Light Diesel Column Outlet Temperature | °C
41 HAD Column Outlet Temperature- HADPA Reflux Temperature | °C
42 Bottom Temperature, 1- Column Top Temperature °C
43 Bottom Temperature, 1- Bottom Temperature, 2 °C
44 Flash Zone Temperature- Kerosene Top Temperature °C
45 HAD T95 of the day before °C
46 Logarithmic Function of Top Reflux Temperature -
47 Logarithmic Function of Bottom Temperature,1 -
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6. RESULTS AND DISCUSSION

Predictions of HAD T95 values via JITL methods are shown and discussed in this
section. JITL studies are conducted mainly in four groups. First, 47 variables, defined in
the previous section, are analyzed to identify the most correlated variables with HAD T95.
Second, different modeling methods are integrated to JITL methodology, and prediction
accuracy is enhanced. Third, various parameters in JITL models such as reference set size,
neighborhood size and sliding window size are changed to see their effects on prediction
quality. Finally, besides being included of interaction and quadratic predictor terms, for
the first time in the literature, neighborhood variables and predictor variable spaces are

separated in the construction of JITL models.

6.1. A Preliminary Inspection of the Effects of VVariable Selection Methods in
Quality Prediction

Out of the 47 process variables introduced in Section 0, identification of a subset
variables, which carries the highest information for determining HAD T95 values, and
including these variables into predictive models are the first crucial steps for constructing

reliable soft sensor models, especially in JITL methodology.

For this purpose, static and autoregressive exogenous (ARX) local models are
developed in the following two sections, respectively, via selecting different variables. In
static models, there is no time lag between selected input variables, and the previous value
of the predicted quality variable is not included in the predictor vector. Dynamic models
are ARX models, which are developed by including the previous HAD T95 measurements
in the predictor vector. Here, training and validation sets consist of 100 and 264
observations, respectively, and neighborhood size is taken to be equal to 70. Similarity
criterion is based on distance between observations, while tricube weighting function is

used.
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6.1.1. Predictions of Static Models

Static models are developed by initially including variables, which are deemed to
affect product quality in the regression model, and including/excluding predictors in a

stepwise fashion, depending on the RMSE and MAE statistics of the models.

Three of the obtained models with the lowest RMSE and MAE statistics are shown
in Table 6.1. The predictor variables common in all three models are top fan outlet
temperature (X10), column bottom flow rate (X12), HAD flow Rate (X22), bottom
temperature (X24) and the difference between flash zone temperature and column bottom

temperature (X37).

Table 6.1. Results of JITL application of static models.

Model Variables RMSE | MAE
1 X4,X10,X12,X22,X24,X37 | 6.79 | 5.23
2 X9,X10,X12,X22,X24,X37 | 6.83 | 5.26
3 X28,X10,X12,X22,X24,X37| 6.91 | 5.24

In the current study, in addition to measures, which are used to state the performance
of the predictors for the whole validation set, such as RMSE and MAE, validation set is
divided into various intervals, and correlation of the laboratory measurements with the
predictions and predictive bias are computed for each of these intervals. The motivation
here is to see whether the predictive performance of JITL models changes with respect to

sampling time in the validation set.

HAD T95 predictions of Model 1 and 2 are shown in Figure 6.1. Furthermore, two
different intervals in the validation set, the first (interval 1) between samples 40 and 150,
and the second (interval 2) between 150 and 264 (the index of the final sample) are
analyzed for both static model 1 and static model 2. In general, correlation between
laboratory measurements and predictions is higher in interval 2 compared to interval 1
(Table 6.2, Table 6.3).
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Table 6.2. Correlation and bias between laboratory measurements and predictions via

static model 1 and static model 2 for interval 1.

Static Model 1 | Static Model 2
Correlation 0.23 0.18
Bias -0.56 -1.56

Table 6.3. Correlation and bias between laboratory measurements and predictions via

static model 1 and static model 2 for interval 2

Static Model 1 | Static Model 2
Correlation 0.36 0.24
Bias -0.83 -0.59

3 T T T T
2F ¥ ? ]
|
. | I : Flf
R Al il
] :'. | |
- |h i i X
% . 'y bl ﬂ.' ill -
Z k
] .' i
S -
=
o r i
(1:' -
# i
l
] i
5 L 1 ! — & — T35 Lab Resuts
0 all 100 150 795 Static Model 1
Sample Murmber T45 Stetic: Madel 2

Figure 6.1. HAD T95 predictions vs. sample number of static model 1 and static model 2.
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6.1.2. Prediction of ARX Models

ARX Models are developed by including previous HAD T95 measurements to the
inputs. In these models, predictor variables are identical to those used in Section 6.1.1, and
stepwise regression is performed to select the statistically significant regressors. P-values
of 0.15 and 0.20 are taken as the threshold values to include and remove variables in the
predictor subset, while variables, which are highly correlated with output variable, are
“forced” to be included in the regression model. Table 6.4 shows the dynamic models with
the lowest RMSE and MAE values. In addition to predictors used in the static models, light
diesel flow rate (X21), top reflux flow rate (X23) and as the day before HAD T95 values

(X45) are also included in the development of the dynamic models.

Table 6.4. Results of JITL ARX models variables selected by stepwise regression.

] Obligatory
Model Variables ) RMSE | MAE
Variables

1 X10,X12,X21,X22,X23,X24,X28,X37,X45 | X22,X45 6.08 4.56
2 X12,X16,X21,X22,X23,X24,X28,X42,X45 | X22,X45 6.17 4.74
X14,X16,X21,X22,X23,X24,X28,X35,X36

3 X22,X45 6.14 471
X42,X45

HAD T95 predictions of ARX models 1 and 3 are shown in Figure 6.2 to 6.4.
Prediction performances of the estimators on the validation data is evaluated on the same
two intervals used in the previous section. By addition of AR character, correlations are
increased for both data regions (Table 6.5 and Table 6.6).Although predictive bias for
interval 1 decreases significantly, compared to that of static model 1, bias increases slightly
for interval 2. In summary, one may say that adding a dynamic element to the JITL model
and choosing the regressors in a stepwise fashion decrease the prediction errors

significantly.



Table 6.5. Correlation and bias between laboratory measurements and predictions of
ARX model 3 and Static model 1 for interval 1

ARX Model 3| Static Model 1
Correlation 0.27 0.23
Bias 0.06 -0.56
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Table 6.6. Correlation and bias between real samples and predictions of ARX model 3

and static model 1 for interval 2.

ARX Model 3| Static Model 1
Correlation 0.52 0.36
Bias 0.97 0.83
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Figure 6.2. HAD T95 predictions vs. sample number of ARX model 1 and model 3.
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Figure 6.3. HAD T95 predictions vs. sample number between 40 and 150 predictions of

Heawy Diesel TS

ARX model 3 and static model 1.
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6.2.  Effect of Modeling Methods on Prediction Quality

In the previous section, various predictor subsets from 47 process variables were
constructed, and static and ARX local models were developed and assessed with respect
to their RMSE and MAE values. In the current section, a constant subset of seven variables
Is chosen with respect to process experience, and different modeling methods are applied
on this subset of crude feed flow rate (X1), inlet temperature of the 2nd group heat
exchangers (X3), HAD flow rate (X22) and the ratio of HADPA reflux flow rate to top
reflux flow rate (X36) are assumed to be the most important process variables, which affect
the variation in HAD quality. Due to process engineers practice, crude oil feed and HAD
flow rate are related to HAD yield, which may provide insight to HAD product quality. In
practice, temperature difference between the inlet and outlet of the 2nd group heat
exchangers is known to be correlated with feed type changes. Refluxes of atmospheric
distillation column are used to remove heat from the distillation column, so they are known
to have significant effect on column temperature profile, and compositions. In addition to
the four predictors discussed above, logarithmic functions of process variables, top reflux
temperature (X46) and bottom temperature (X47), which have the highest difference, are
included in the predictor subset. ARX character of the model is rendered via adding the

previous HAD T95 measurement in the predictor subset.

All models are developed by taking reference and validation set sizes as 100 and 264
data points, respectively, and using a sliding window, i.e. reference set is shifted by one
observation when a new query point is predicted, with a constant size of 100 observations.
Similarity criterion is based on distance between observations. Two neighborhood sizes
with 70 and 99 observations, and uniform and tricube weighting functions are used in all
models.

6.2.1. Prediction of Global Models

In this section, LS and PLS analysis are performed globally using three different
selection methods of reference sets: Constant reference dataset (CRD), incremental

reference dataset (IRD), sliding window reference dataset (SWRD) . Reference set is taken
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to be equal to the first 100 data points in the historical dataset for CRD regression;
reference set is increased by one sample including the previous query point data in IRD;
and reference set is shifted by one observation upon the arrival of a new query point in
SWRD.

6.2.1.1. LS Analysis. RMSE and MAE values of validation set show that LS models
constructed using CRD and IRD perform equally well (Table 6.7). It is seen that T95

predictions obtained both via CRD and IRD describe the trends in the laboratory

measurements well (Figure 6.5).

Table 6.7. Results of Global LS Models with respect to different selection methods of

reference data.

Model | Selection method of reference data | RMSE | MAE
1 CRD 6.09 4.63
2 IRD 6.17 4.63
3 sWRD 6.41 4.80

6.2.1.2. PLS Analysis. RMSE and MAE values of validation set shows that PLS models
constructed using CRD and IRD perform equally well (Table 6.7 and Table 6.8), and

slightly lower than those obtained from LS models. It is seen that T95 predictions obtained
both via CRD and IRD characterize the trends in the laboratory measurements well (Figure
6.6).
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Figure 6.5. HAD T95 predictions vs. sample number of CRD LS and IRD LS models.

Table 6.8. Results of Global PLS Models.

Model | Selection method of reference data | RMSE | MAE
1 CRD 6.04 | 455
2 IRD 5.97 451
3 sSWRD 6.15 4.74

It is interesting that local ARX models (Section 6.1.2 and Table 6.4) gives better

prediction results than global models applied on SWRD. In addition, global model results

developed using seven “intelligently” chosen variables are close to the results obtained

from local models with variables selected by stepwise regression (Section 6.1.2).
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Figure 6.6. HAD T95 predictions vs. sample number of CRD PLS and IRD PLS models.

6.2.2. Prediction by JITL Models and Effect of Neighborhood size in JITL

Applications

In this section, all models are constructed using JITL applied on sSWRD using 100

observations, since this dataset selection method gave the best results for JITL models

(Section 6.1.2). Here, local LS and PLS models are employed, using various subsets of

predictors, determined via stepwise regression. Various predictor variables, assumed to be

highly related with T95 values, are obligatory included in the LS and PLS models, while

rest of the predictors are selected based on their Akaike Information Criterion (AIC), and

p-values in stepwise regression. During stepwise regression, predictors are included in the

model when individual p-values are smaller than 0.15, and removed from the model when

individual p-values exceed 0.20.

All seven predictors are included in Local LS and PLS models constructed at two

neighborhood sizes equal to 70 and 99 observations using uniform and tricube weighting

functions. Errors are found to be lower for uniform weighting functions (for 99 closest

neigbors are closer to each other than those obtained for 70 closest neighbors) (Table 6.9).
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This may be caused by the small reference set and neighborhood size preventing to
determine adequate number of closest points, since RMSE values obtained via uniform
and tricube weighting functions for 99 closest neighbors are closer to each other than those
obtained for 70 closest neighbors.

Table 6.9. Results of JITL LS models.

Model | Weighting Function | Neighborhood Size | RMSE | MAE
1 Uniform 70 6.54 | 4.94
2 Tricube 70 7.10 | 5.16
3 Uniform 99 6.45 | 4.84
4 Tricube 99 6.50 | 4.91

For the rest of the section, all predictions of T95 trajectories are plotted for uniform
weighted models. When predictions from models 1 and 3 in Table 6.9 are compared, they

represent similar trends (Figure 6.7).
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Figure 6.7. HAD T95 predictions vs. sample number of JITL LS model 1 and model 3.



Table 6.10. Results of JITL PLS Models.

Model | Neighborhood Size | RMSE | MAE
1 70 6.40 | 4.84
2 99 6.33 | 4.75
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Figure 6.8. HAD T95 predictions vs. sample number of JITL PLS models with different

neighborhood sizes.

Stepwise regression is employed on the subset of predictors containing seven process

variables. Three types of variable selection methods are employed on stepwise regression.

The first selection method uses either AIC, which is a measure of the predictive quality of

the model, or p-values to include predictors into the model, while a number of the variables

is compulsory included in the model, irrespective of their p-values, and the rest of the

predictors are included in the models using their p-values in stepwise regression. Results

of the stepwise regression method using the first variable selection method gave

unsatisfactory results with RMSE values higher than 6.50.
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X3, 2nd group heat exchangers entrance temperature, and X45, HAD T95
measurement of the day before, are directly included to predictive variables for all samples.
RMSE and MAE values on validation set using stepwise regression with the second
variable selection method are shown in Table 6.11. Model 1 and 2, for which uniform
weighting functions with neighborhood sizes 70 and 99 are used, respectively, give the
lowest RMSE and MAE values in Figure 6.9

Table 6.11. Results of JITL SR with obligatory variables.

Mode Weighting Obligatory Neighborhood | RMS MAE
I Function Variables Size E
1 Uniform X3, X45 70 6.32 4.80
3 Tricube X3, X45 70 6.88 | 5.06
2 Uniform X3, X45 99 6.22 | 4.66
4 Tricube X3, X45 99 6.52 | 4.88
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Figure 6.9. HAD T95 predictions vs. sample number of JITL SR model 1 and
model 2.
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In the following analysis, JITL SR model 2, JITL LS model 1 and CRD Global LS
model, which have the lowest RMSE and MAE values, are compared, using the two
intervals defined in Section 6.1. CRD Global LS model have highest correlation and lowest
bias for both intervals (Table 6.13). Correlation of JITL SR model 2 predictions with the
laboratory measurements is close to that of CRD Global LS model, although bias is higher
than other two models for interval 1. Correlations of these three models are nearly same
for samples in the interval 2, and bias is highest for JITL LS model 1 (Table 6.12). This
shows that a stepwise predictor selection method may yield a JITL model with a higher
predictive power compared to a JITL model with a pre-determined subset of predictors.
Figure 6.10 to Figure 6.13 show that, except a number of intermittent time segments, JITL
SR model 2 and CRD Global LS model predictions exhibit similar trends for both regions.
Results in this section show that JITL model performance may change with respect to time
and operation conditions.

Table 6.12. Correlation and bias between laboratory measurements and predictions of
JITL SR model 2, JITL LS model 1 and CRD global LS model for interval 1.

JITL SR Model 2 |JITL LS Model 1| CRD Global LS
Correlation 0.24 0.11 0.26
Bias 0.70 0.59 0.32

Table 6.13. Correlation and bias between laboratory measurements and predictions of
JITL SR model 2, JITL LS model 1 and CRD global LS model for interval 2.

JITL SR Model 2 | JITL LS Model 1| CRD Global LS
Correlation 0.45 0.49 0.53
Bias 0.44 0.79 -0.04




Heawy Diesel TYS

54

T T T
P
o TIAd -
A T ) iR v
IR a3 A Y 7 P A
of NAVY Y DA 5§ty f[u\ _
WA TITRENARRAT A Mo 14
L|| w.vllr G l,\yﬂ\{ 1&,: 1
b /! Pl 4]
i oy o4
! 7
g -
— & —T85 Lab Rezultz
T35 JITL SR madel 2 |
T35 JITL LS model 1
| | | I I
70 a0 90 100 110 120

Sample Mumber

Figure 6.10. HAD T95 predictions vs. sample number of JITL SR model 2 and JITL LS

Heawy Diesel TYS

model 1 for interval 1.

b Y
1Y
i
i i
b
- — -& — - T95| ah Resufts
. 795 JITL SR madel 2
795 JITL LS model 1
| | | | T T
160 180 200 220 240 2GR0

Sample Mumber
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Figure 6.12. HAD T95 predictions vs. sample number of JITL SR model 2 and global LS
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6.3.  Effect of Reference Set, Neighborhood and Window Sizes on Prediction
Quality

Various modeling techniques based on global and local models of LS and PLS
analyses are conducted by considering constant subset of seven variables, as performed in
the previous section. In the previous analyses, reference set and test data sizes were taken
to be equal to 100 and 264, respectively, and a sliding window of 100 observations was
used in constructing SWRD models. In the current analysis, reference set size is increased
to 200 observations, and developed models are validated by 164 samples. A sliding
window with 200 observations is used in the SWRD model. Two neighborhood sizes with

120 and 185 observations, and uniform and tricube weighting functions are used.

6.3.1. Predictions of Global Models using Increased Reference Set and Window
Size
In this section, LS and PLS analyses are performed globally using three different
selection methods of reference sets: CRD, IRD and sSWRD. These models are built by using
200 reference data, and validated by 164 test data.

6.3.1.1. LS Analysis for Increased Reference Set Size. Table 6.14 shows the prediction
RMSE and MAE values of the LS models developed by CRD, IRD and SWRD methods
on validation set, on 164 test data. In the table, the value on the left and right of the slash

represent the prediction error statistics using the initial 200 observations, as performed in
the current section, and initial 100 observations, as performed in the previous section on
the same 164 test data.

It should be noted that model predictions via the IRD method, which consists of
accumulated reference observations, are identical using both sets, so a single prediction
error value is shown in the table. It is rather surprising that the global model using a
constant reference dataset of 100 observations is still the best predictive model among all
tested models. CRD global LS model prediction trajectories for 200 and 100 reference set

sizes are shown in Figure 6.14.



Table 6.14. Results of global LS models for increased reference set size.

Model | Selection method of reference data| RMSE MAE
1 CRD 5.68/5.42 |4.31/4.18
2 IRD 5.59 4.23
3 SWRD 5.75/5.97 | 4.36/4.52
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Figure 6.14. HAD T95 predictions vs. sample number of CRD global LS models for 200

reference set size and 100 reference set size.

6.3.1.2. PLS Analysis for Increased Reference Set Size. Table 6.15 shows the prediction

RMSE and MAE values of the PLS models developed by CRD, IRD and SWRD methods

on validation set, on 164 test data. Similar to that seen for LS model results, global models

using a window size of 100 observations have higher predictive power compared to global

models using a window size of 200 observations. SWRD global PLS model prediction

trajectories for 200 and 100 reference set sizes are shown in Figure 6.15.



Table 6.15. Results of global PLS models for increased reference set size.
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Model | Selection method of reference data| RMSE MAE
1 CRD 5.87/5.37 | 4.34/4.04
2 IRD 5.35 4.06
3 sSWRD 5.30/5.23|4.10/4.14
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Figure 6.15. HAD T95 predictions vs. sample number of SWRD global PLS models for

200 reference set size and 100 reference set size.

6.3.2. Predictions of JITL Models using Increased Reference Set and Window Size

In this section, all models are constructed using JITL model applied only on SWRD.

Here, local LS and PLS models are employed, using various predictors determined via

stepwise regression. A number of predictor variables, which are assumed to be highly

related with T95 values, are obligatory included in the LS and PLS models, while the rest

of the predictors are selected based on their Akaike Information Criterion (AIC), and p-

values in stepwise regression. During stepwise regression, predictors are included in the
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model when individual p-values are smaller than 0.15, and removed from the model when

individual p-values exceed 0.20.

Seven predictors are included in the construction of JITL LS models using 200
reference data set with 120 and 185 neighborhood data points, and using uniform and
tricube weighting functions. In contrast to what is seen in global models, JITL LS models
developed by 100 data points in the reference set have higher RMSE than the those
constructed from 200 data points in the reference set (Table 6.16). This shows that having
a larger reference set from which the neighboring points are chosen is more convenient for
the performance of a JITL model. In addition, as in Section 6.2.2, models have uniform
weighting function give better results than the ones with tricube weighting. However, when
neighborhood size increases from 120 to 185, RMSE values from the models with different
weighting function (model 3 and model 4) get close to each other, showing that weighting
function may play a more important role in the predictive quality for smaller neighborhood

size.

Prediction errors of local PLS models using uniform weighting on validation data
are shown in Table 6.17. RMSE and MAE values are improved compared to JITL LS
models, and prediction errors for local PLS models at different neighborhood sizes are

similar.

Then, stepwise regression is employed on the subset of predictors containing seven
process variables by increasing reference set size to 200. This procedure is performed for
two different neighborhood sizes: 120 and 185. Two types of variable selection methods
are employed on stepwise regression. The first selection method uses either AIC or p-
values, to include predictors into the model, while a number of the variables, irrespective
of their p-values, is compulsory included in the model. Results of the stepwise regression
method using AIC selection methods gave unsatisfactory results, so the results obtained

by p-value screening are shown in the following analysis.

Table 6.18 shows model results for 200 reference data set, 120 and 185
neighborhoods. Sliding window size is regarded as 185. JITL SR analysis for 100 reference
data set, 70 and 99 neighborhoods are also conducted by validating model with 164 data
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are shown in in Table 6.18. Sliding window size is regarded as 100 for this part. JITL SR
models are net affected too much by reference set size in contrast to global models so these

models can handle with nonlinear data behavior and wide ranging data sets.

Table 6.16. Results of JITL LS models for increased reference set size.

Model Weighfing Refen?nce Set Neight.)orhood RMSE | MAE
Function size Size
1 Uniform 200 120 5.87 | 4.47
2 Tricube 200 120 6.31 | 4.54
3 Uniform 200 185 574 | 4.38
4 Tricube 200 185 573 | 4.37
1" Uniform 100 70 5.93 | 4.53
3 Uniform 100 99 6.02 | 457

*: Models 1 and 3 with reference set size equal to 100 refer to the previous section.

Table 6.17. Results of JITL PLS models for increased reference set size.

Model | Neighborhood Size | RMSE | MAE
1 120 594 | 4.42
2 185 581 | 4.35
1" 70 580 | 4.43
2" 99 5.92 | 4.48

*: Models 1 and 2 with reference set sizes equal to 70 and 99 refer to the previous section.
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Table 6.18. Results of JITL application via stepwise regression with obligatory variables

for increased reference set size and window size.

Model | Weighting Function Obligatory Neighborhood Size | RMSE | MAE
Variables
1 Uniform X3, X45 120 5.66 | 4.23
2 Tricube X3, X45 120 6.21 4.41
3 Uniform X3, X45 185 5.85 4,38
4 Tricube X3, X45 185 5.74 4.32
1" Uniform X3, X45 70 5.82 4.36
2" Tricube X3, X45 70 6.36 4.53
3 Uniform X3, X45 99 5,72 | 4.30
4 Tricube X3, X45 99 6.05 4.49

6.4.  Addition of Higher order terms and changing the neighborhood variables in
the JITL models

In the previous section, none JITL models show better performance than global
models so in this section, besides being chosen different variables, interaction and
quadratic predictor terms are also included in the JITL models firstly. Crude feed flow rate
(X1), HADPA reflux flow rate (X4), column top temperature (X7), furnace transfer
temperature (X16), HADPA reflux outlet temperature (X17), Light Diesel flow rate (X21),
bottom temperature (X24) and ARX character that is previous HAD T95 measurements
(X45) are included to model predictors. Quadratic term of HAD flow rate (X222),
interaction between furnace transfer temperature and HAD flow rate (X16xX22) and
interaction between Light Diesel flow rate and HAD flow rate (X21xX22) are also

included to model.
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Figure 6.16. HAD T95 predictions vs. sample number of JITL SR model 1 for increased

reference set size and global LS constant model for 100 reference set size.

T95 = By + B X1+B,X4+BsX7 + BuX16 + BsX17 + BsX21 + B, X22 +

BeX24 + BoX45+P0rX16 X X16 + BerX21 X X22 + PeeX222 (6.2)

Second, for the first time in the literature, neighborhood variables and predictor
variable spaces are separated in the construction of JITL models. As in Section 6.3,
reference set size is taken as 200 observations and developed models are validated by 164
samples. Both CRD, IRD and sSWRD methods of reference data selection are considered.
Neighborhood size is taken as 150 and uniform weighting function is used in the current

section.
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6.4.1. Predictions of Global LS Models with Higher Order Terms using Increased

Reference Set and Window Size

In this section, LS and PLS analyses are performed globally using three different

selection methods of reference sets: CRD, IRD and sSWRD. These models are built by using
200 reference data, and validated by 164 test data.

6.4.1.1. LS Analysis for Increased Reference Set Size and Addition of Higher Order

Terms. Table 6.19 shows the prediction RMSE and MAE values of the LS models
developed by CRD, IRD and sSWRD methods on validation set, on 164 test data. Models

developed by IRD method has higher predictive models compared to other global models,

especially sWRD model. SWRD global LS model performance using a window size of 200

observations deteriorates with these new predictor variables. CRD and IRD global LS

model prediction trajectories for 200 reference set size are shown in Figure 6.17.

Table 6.19. Results of global LS models with higher order terms for increased reference

set size.
Model | Selection method of reference data | RMSE | MAE
1 CRD 5.59 | 4.36
2 IRD 5.46 | 4.19
3 SWRD 7.05 | 453
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Figure 6.17. HAD T95 predictions vs. sample number of CRD and IRD global LS

models with higher order terms for 200 reference set size.

6.4.2. Predictions of JITL LS Models with higher order terms and changing

neighborhood variables using Increased Reference Set Size

In this section, all models are constructed using JITL LS model applied on both CRD,
IRD and SWRD. Here, constant nine predictors and higher order terms of some predictors
are all included in the construction of JITL LS models while different variables are taken
into consideration during neighborhood selection step. Top fan outlet temperature (X10),
Light Diesel column outlet temperature (X19) and HAD column outlet temperature (X20)
are included to variables considered in neighborhood selection. During these studies,
reference set size is taken as 200 observations and developed models are validated by 164
samples. Neighborhood size is taken as 150 and uniform weighting function is used in the

current section. Window size is selected as 200 for SWRD reference date selection method.

Three different groups of variables are considered during neighborhood selection
step in this study and these are all applied on both CRD, IRD and sWRD. In contrast to
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what is seen in global LS models, CRD method has the highest predictive performance and
has lowest RMSE among all models while SWRD has the highest RMSE for all constructed
models. The best model in Section 6.3 was JITL SR model 1 and RMSE of this model was
equal to 5.66. When different model variables are chosen including interaction and
quadratic terms to the model and all variables are used in neighborhood selection, RMSE
value is equal 5.05 for CRD method as shown in CRD JITL LS model 0 (Table 6.20).
CRD JITL LS model 1 constructed via different variables and considering different group
of variables during neighborhood selection phase, RMSE value are decreased to 4.77. Both
JITL SR models adopted SWRD method in the previous section and JITL LS models
applied on sSWRD in the current section have high RMSE values ranging between
approximately 5.6 to 5.8 and predictive performance are lower than JITL LS models
applied on CRD and IRD. JITL SR model 1 and CRD JITL LS model 1 prediction
trajectories for 200 reference set size are shown in Figure 6.18.

6.5. Comparison of the Prediction Performance of the Constructed Models

In models construction, it is seen that some crucial steps have significant effect on
model performances. First, predictor variables selection is highly significant in developing
accurate soft sensor for refinery applications. While RMSE values of the static models are
approximately equal to 6.8 °C, RMSE is decreased significantly, when lagged T95
measurements are included in the model. Two different constant predictor subsets are
considered in Section 6.2, 6.3 and 6.4. In both predictor subset groups, variables
representing the column temperature profile, such as furnace outlet temperature, column
top and bottom temperatures, product draw temperatures, side reflux temperatures and
flow rates are found to be significant in predicting the HAD T95. Second, LS and PLS
models are used in local and global regression analysis. Three types of JITL models, i.e.
local linear regression (JITL LS), local PLS analysis (JITL PLS), and local linear
regression parameters selected by stepwise regression (JITL SR), are developed in Section
6.2 and 6.3. RMSE of the CRD LS model, which is constructed from the first 100
observations in the training set, and found to be the global model with the smallest RMSE,
is 5.42 °C, while that of JITL SR model 1, which is repeatedly constructed using the most
recent 200 observations, and found to be the local model with the smallest RMSE, is 5.66

°C. Hence, JITL models developed in Section 6.2 and 6.3 could not outperform global



66

models. In Section 6.4, different variables including interaction and quadratic predictor
terms are considered and variables used in neighborhood selection and predictor spaces
are separated while constructing CRD JITL models. Reconstructing the local model using
different process variables including interaction and quadratic terms, RMSE value is
decreased to 5.05 °C (CRD JITL LS model 0). Using the local regression model with
different neighbor selection variables (CRD JITL LS model 1), RMSE value is further
decreased to 4.77 °C. A summary of the predictive performance of various models is listed
in Table 6.21. It should furthermore be noted that an error margin of + 3 °C is considered
to be acceptable for the laboratory HAD T95 measurements in TUPRAS refinery, so the
accuracy and precision of the predictive algorithm suggested in the current thesis seem to

be satisfactory for operational purposes.

Table 6.20. Results of JITL LS models for increased reference set size.

Selection method of Variables used in neighborhood
Model _ RMSE | MAE
reference data selection
CRD 5.05 | 4.00
X1, X4, X7, X16,X17, X21, X22,
0 IRD 550 | 4.16
X24,X45
SWRD 572 | 4.49
CRD 477 | 3.82
X1, X7, X10, X20, X21, X22,
1 IRD 5.01 | 4.03
X23
SWRD 5.73 | 4.49
CRD 478 | 3.84
2 IRD X1, X10, X20, X21, X22, X23 4.87 | 3.95
SWRD 571 | 4.49
CRD 480 | 3.81
3 IRD X1, X10, X19, X21, X22, X23 502 | 4.11
SWRD 572 | 4.48
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Figure 6.18. HAD T95 predictions vs. sample number of JITL SR model 1 and CRD
JITL LS model 1 for 200 reference set size
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Table 6.21. Selected JITL models having different properties

Selection
) _ Method of Variables used in Neighborhood
Model Predictor Variables _ ] _ RMSE | MAE
reference | neighborhood selection Size
data
_ X4,X10,X12,X22,X24 X4,X10,X12,X22,X24,
Static model 1 CRD 70 6,79 5.23
X37 X37
X10,X12,X21,X22,X2 X10,X12,X21,X22,X23,
ARX model 1 SWRD 70 6.08 4.56
3,X24,X28,X37,X45 X24,X28,X37,X45
JITL SR model 1 | X1,X3,X22,X36,X45, X1,X3,X22,X36,X45,
SWRD 99 5.66 4.23
(100ref) X46,X47 X46,X47
JITL SR model 1 | X1,X3,X22,X36,X45, X1,X3,X22,X36,X45,
SWRD 120 5.72 4.30
(200ref) X46,X47 X46,X47
CRD JITL LS X1, X4, X7, X16,X17, X1, X4, X7, X16,X17,
CRD 150 5.05 4.00
model 0 X21, X22, X24,X45 X21, X22, X24,X45
CRDIJITLLS | X1, X4, X7, X16,X17, X1, X7, X10, X20, X21,
CRD 150 4.77 3.82

model 1

X21, X22, X24,X45

X22, X23
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7. CONCLUSION AND RECOMMENDATIONS

Soft sensors are mathematical algorithms, which produce real time predictions of
unmeasured variables using mechanistic models or historical data. In Izmit Tiipras
refinery, prediction of HAD T95 is a challenge because of the instantaneous changes in
operational conditions, feed compositions, instrumental and experimental errors. In the
current thesis, just in time learning (JITL) methodology, also known as locally weighted,
instance-based, or lazy learning models, is used on historical process data to develop soft

sensors for real time predictions of HAD T95.

Three main groups of predictive JITL models are constructed for HAD. In the first
group, various subsets of variables, which are assumed to carry the highest information on
variation of HAD T95, are included into static models and dynamic models. In the second
group, seven process variables are selected and LS, PLS and subset regression via SR are
employed on the predictor set. JITL models are evaluated with respect to reference data
selection methods, reference set size, window size and neighborhood size. Here, it is shown
that including previous HAD T95 measurement in the predictor vector increases prediction
performance of JITL models significantly. Furthermore JITL model performances are
found to vary with operational conditions. Bias and correlation of the JITL predictions with
the laboratory measurements are found to be significantly different for two non-
overlapping intervals of the historical data (see Section 6.2). Last but not the least, RMSE
values of JITL model are decreased as neighborhood size is increased. The best predictive
model of this group is found to be JITL SR model 1, using sliding window reference dataset
(SWRD), and yielding RMSE and MAE values equal to 5.66 and 4.23 °C, respectively. In
the third group, a different set of process variables with interaction and quadratic terms are
included in the predictor set, and neighborhood variable set is separately treated.
Performances of JITL models are highly increased. RMSE and MAE values of CRD JITL
LS model 1 are found to be equal to 4.77 and 3.82 respectively. This shows that the
predictor and neighborhood selection predictor subspace do not need to be identical, and a

more convenient neighborhood selection predictor subspace may be chosen which yield a
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smaller RMSE. To our knowledge, this is the first time in the literature, predictor and
neighbor selection variable subsets are separated from each other; and the current study
shows that using a high number of predictor variables in the regression model and a lesser
number of variables in determining the neighbors to a query point is likely to increase the

prediction accuracy.

Similarity criterion of all models in this thesis is distance based criterion so for future
studies, angle based similarity criterion or hybrid form that is combination of distance and
angle based criterion may be studied. In addition to that, although results considering
tricube weighting function are not satisfactory enough, different weighting functions may
give better results for different data set, or for data sets with a larger set size. Another future
suggestion to increase JITL model prediction performance is elimination of outliers during
the model construction step. Lastly, if robust and accurate estimations of hard-to-measure
controlled variables can be done, JITL models can be also used in Model Predictive

Control.
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APPENDIX A: TRAJECTORIES OF HISTORICAL DATASET OF
SIGNIFICANT COLUMN PARAMETERS
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Figure A.1.Trajectories of historical dataset of X1
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Figure A.2.Trajectories of historical dataset of X3
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Figure A.4.Trajectories of historical dataset of X9
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APPENDIX B: PREDICTION TRAJECTORIES OF STATIC
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APPENDIX C: PREDICTION TRAJECTORIES OF DYNAMIC
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MODELS VARIABLES SELECTED BY STEPWISE REGRESSION
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APPENDIX D: GLOBAL LS PREDICTION TRAJECTORIES
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Figure D.1. HAD T95 predictions vs. sample number of CRD global LS model
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APPENDIX K: JITL LS PREDICTION TRAJECTORIES FOR
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Figure L.3. HAD T95 predictions vs. sample number of JITL PLS models 1 and model 2
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Figure M.1. HAD T95 vs. sample number of JITL SR model 1 for 200 reference set size
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Figure M.4. HAD T95 vs. sample number of JITL SR model 4 for 200 reference set size



Heawy Diesel T35

3 T T T T T T T T
2F ? _
s, 1 ﬁ .
p
4 R ! 'l ¥ -
I |@P&¢ﬁ b i 9 |
5 d ’&'wa ?R'I?lld? P | Ty fﬁé q M § g 1B R g 'F'P
Ot Amn AR, h fgﬁﬁ’f‘iﬁ* f?“’”g"h Yk L8 E-'.\{_Q"«fhf;&'{gﬁﬁgﬁﬂﬁ—
l o i A wa f '.V,ﬂl' g‘”b l,"-' i 4 by
THE N p '| 'l B 3
it e L .Ld' ! .
2 § ! |-|! II'I|I T
! ki
3t I :
I
Al b 4
I
&l V| — e — 788 Lab Resuts
B I 1 I 1 I T35 JITL SR mocel 1 (200ref)
0 20 40 ] Gl 100 795 JITL SR madel 3 (200ref)

Sample Mumber

109

Figure M.5. HAD T95 predictions vs. sample number of JITL SR model 1 and model 3
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