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Abstract

Nowadays, computational tools for analyzing and collecting data in the operation of
petroleum units are essential. One of the methods is the classification or regression is
to step in the overall process of knowledge extraction. In this study, one of specific type
of decision called the conditional contract arrangement, is used to extract the relevant
knowledge in Catalytic Reforming Units (CRU) for 4 factors: Density, PH, total iron
ions in vessels (S.FE) and H2S. All of these factors are related to corrosion in CRU and
this paper aims to optimize some conditions to eliminate it. In this regard, using
ammonium water with a specific range and PH can be helpful. According to the
obtained results the best range of density (in Feed) is less than 0.515 kg/m?, PH (water
in vessels) is more than 6.7, S.FE is less than 1.5 ppm and H>S in recycle gas is less
than 700 ppm. The outcomes also show how this approach can be used to gain insight
into some refineries and how to deliver results in a comprehensible and user-friendly
way.

Keywords: Ammonium water; corrosion; tree decision algorithm; catalytic reforming
unit; computational tools.

Introduction

At the outset of the millennium, the
amount of data generated and cataloged
by monitoring systems such as
Distributed Control System (DCS) is
increasing. In many cases, especially in
petrochemical and Refinery companies,
all of data contained in the DCS can
provide into the underlying physical
processes [1]. In a nutshell, the decision
tree is a map of probable outcomes of a
range of choices or related options that
allow an individual or organization to
measure probable measures in terms of
costs, probabilities, and benefits. The
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decision tree can be used either to
advance personal and informal goals or
plans, or to draw up an algorithm that
predicts the best option based on
mathematics [2]. A decision tree usually
starts with an initial node, after which
potential consequences are branched out,
and each of those consequences leads to
other nodes, which in turn create
branches of other probabilities that this
branching structure eventually turns into
a tree-like graph. In the decision tree,
there are three types of nodes (nodes)
that are:
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e Random Nodes
e Decision Nodes
e End nodes

The random ninth represented by a
circle indicates the likelihood of
occurrence of a particular result, the
decision node, represented by a square,
shows the decision that can be made, and
the final ninth represents the final
outcome of a decision path [3]. Decision
trees can also be drawn with symbols or
flowchart signs, which will make it
easier for some people, to understand and
understand it (Figures 1 and 2).

Xiaoyong G., (2018) shows [4]
petrochemical companies and
universities during these days. Due to
this article to the petrochemical
complexes  of  industries  some
informations have been reported for
better use in all of the world. They have
also proposed new way to exploit the
prior knowledge existing in industries,
and increased a new decision making
system to help the scheduling process.

Foeo —o

Alexis Sarda Spinoza et al., in an
article using a specific type of tree
decision algorithm, called the bet order,
to extract relevant knowledge from data
related to electric motors and analyze
them. The Suitable method for these
information is evaluated as well as others
[5].

Marton, 1., et al., (2013), in another
paper on RAP refinement asphalt, used
the decision tree algorithm to analyze the
available data. The results indicate that
choosing a balanced mix design is
dependent on the selection of appropriate
levels of RAP content and binding rating
to the application conditions in terms of
temperature and loading density [6].

Mazloumi, E., et al., (2011), Using
the C-Tree software, which is a non-
parametric class of regression trees, well
describes regression organisms in a
theory, the Conditional Inference
Method examines existing problems.
This applies to all types of regression,
including nominal, row, numeric, and
censored variables, as well as several
variables and arbitrary scale
measurements of private [7].

Rebocder

Figure 1. Stabilizer Shematic
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Figure 2. Reflux Drum Shematic-

Data collection and classification

Data collection and storage technologies
have made it possible for organizations
to extract a large amount of data in the
shortest possible time. The exploitation
of this stored data, in order to extract
useful and practical information, is the
general purpose of the public activity
known as data mining. Data mining the
process of discovery and analysis, either
automatically or semi-automatic, is of
greatly high value in order to discover
meaningful patterns and rules [8,9]. Data
mining is an interdisciplinary branch of
computer science that involves the
discovery of patterns from a large set of
data. The purpose of this advanced
analysis process is to extract information
from a dataset and turn it into an
understandable structure for later use.
The methods used are a combination of
artificial intelligence, machine learning,
statistics, and database systems and
business intelligence [10,11]. In CRU
density should be less than 0.515, H,S in
recycle gas must be less than 700. PH in
separator and reflux drumis limited. This
means that if PH is less than 5, it is
inappropriate and shows the high

corrosion (HC) in pipelines, if PH
between 5 to 6.7, it means that data is
suitable and good. In this case we have
low corrosion (LC) in pipelines. If PH
more than 6.7, although it means that
data is optimum and suitable, without
any corrosion, injection of chemical
materials is more than enough and
companies must pay dollars excess. S.FE
means lIron which is corrosive in the
pipeline. Normally S.FE must less than 2
ppm in separator drum and 0.5 in reflux
drum. In Table 1, the data definition for
analyzing PH is explained. This can be a
challenging issue because imputing the
values is not a straightforward
homework. In Table 2, the data definition
for analyzing S.FE is explained. These
data are also challenging issue. In Table
3, the data definition for analyzing HzS
in recycle gas. This table shows the
appropriate and inappropriate data.
Established: They use well-known,
established statistical concepts for
variable selection and stopping. The
resulting tree models are easier to
communicate with practitioners (Figures
3and4).

Figure 3. H2S in Recycle Gas in CRU
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DENSITY

Figure 4. Feed density in CRU

Table 1. Data Definition for Analyzing PH
High Corrosion (HC)  Low Corrosion (LC)  Optimum Data (OD)
5<PH 5 <PH<6.7 6.7 >PH

Table 2. Data Definition for Analyzing S.FE
Separation Drum Reflux Drum

Number of data Number of data Number of data Number of data
which are Less which are More which are Less which are More
than 2 ppm than 2 ppm than 0.5 ppm than 0.5 ppm
509 81 498 92

Table 3. Data Definition for Analyzing H,S
H:S in Recycle Gas in CRU
Number of data which are Less than 700 (ppm) Number of data which are More than 700 (ppm)
508 178

Table 4. Data Definition for Analyzing Density

Stabilizer Section Reflux Drum

Number of data which  Number of data which ~ Number of data which  Number of data which
are Less than 0.515 are More than 0.515 are Less than 0.515 are More than 0.515
kg/m?® kg/m?® kg/m?® kg/m?

480 60 499 78

Table 5. Temperature and Pressure in Stabilizer in normal condition
Temperature and Pressure in Stabilizer Over Head

Temperature (SOR) °C
50
Temperature (EOR) °C
65

Pressure (SOR) Bar
15.5
Pressure (EOR) Bar
13

SOR: Start Of Run
Eor: End Of Run

Process of catalytic reforming unit
(CRU)

The goal of the Catalytic Reforming
(CRU) Unit is to produce clean and
refined feed for the supply of Octane and
Isomerization units [12]. The feeds of
these units should have the lowest
amount of pollutants such as sulphur,

nitrogen, water, halogens, diolefins,
olefins, arsenic, mercury and other
metals, so that the efficiency of the lower
units, especially the catalyst, is not
affected by these units [13,14].

All of these cuts can have different
levels of super-pollution, which is
catalytic converting and isomerization
catalytic converters, and therefore
hydrogen refining operations are
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essential [15,16]. The process of CRU is
carried out in a reactor in the presence of
a nickel-molybdenum bimetallic catalyst
and in the presence of hydrogen (Tables
4 and 5).

The temperature is relatively high
(about 270 °C, the temperature should be
more than 250 °C which reaction would
be started) required for the process to be
performed. After chemical reactions,
naphtha is subjected to buckling
operations to separate hydrocarbon and
gas components including hydrogen
sulphides H2S and water [17].

Then, the oil cut in the separating
tower (Splitter tower) is divided into two
distinct sections for feeding the
isomerization unit (Light Naphtha) and
the Octanizer unit (Heavy Naphtha).
Surprisingly the high efficiency of the
octane units and isomerization depends
greatly on the efficiency and efficiency
of the naphtha purification unit [18,19].
The maximum limit for sulphur and
nitrogen contamination in the refined
feed unit is 0.5 ppm and the final limit of
contamination such as lead, copper,
silica, nickel, chromium is less than ppb
10.

LPG recovery and
saction

The separated liquid from recontacting
drum is contacted with stabilizer off-gas
and allowed to separate in the LPG
Absorber Drum. The purpose of this step
is to recover the maximum quantity of
LPG, i.e. C3 and C4’s from the stabilizer
overhead. Vapor from LPG Absorber
Drum is sent to fuel gas. This stream is
predominantly light ends i.e. C1 and
C2’s and this controls the stabilizer
operating pressure [20-23]. Separated
liqguid from LPG Absorber Drum is
pumped by LPG Absorber Bottom
Pumps, under flow control with level
reset and is sent through the stabilizer
feed/bottom exchanger to the Stabilizer
Feed Chloride Adsorbers (in order to

stabilization

remove all traces of chlorides) and
finally through the stabilizer feed/bottom
exchanger to enter the stabilizer column
Reflux Drum on tray 15.

Note that a back pressure is
maintained on the stabilizer feed chloride
adsorbers to ensure no vaporization
occurs with the stabilizer feed. The target
operating temperature for chloride
removal is approximately 100 °C. The
stabilizer operating at 15.5 bar g at the
top allows reducing the C4 fraction in
the reformate to less than 1.0 vol. % and
the C + fraction in the LPG to less than
0.5 % wt. The stabilizer is reboiled with
a fired reboiler, circulating with
Stabilizer Reboiler Pumps. Temperature
control is on trays 7 and 20. Reflux Drum
Stabilizer ~ overhead is  partially
condensed in exchanger Stabilizer Air
Condenser and in exchanger Stabilizer
Trim Condenser, to collect in Stabilizer
Reflux Drum. The reflux drum overhead
vapor is routed back to LPG absorber
drum for LPG recovery [24-26]. A part
of the separated liquid is pumped
Stabilizer Reflux Pumps, under flow
control with temperature reset back to
reflux drum as reflux. The remaining part
of the separated liquid is routed to the
battery limits [27].

Reformate from the bottom of the
stabilizer is cooled in the Stabilizer
Feed/Bottom Exchangers, and further
cooled down in exchanger Reformate
Air Cooler and exchanger Reformate
Trim Cooler before being sent to storage.

Problem statement

The presence of sulphur is accompanied
by increased corrosion in the operating
units, and one of the ways to solve this
problem of corrosion and its reduction is
to use ammonia water[28-29].

Chemical control method for CWT:
Combined water treatment

The method (CWT) is in fact a mixture
of the two previous methods. This
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method is used to prevent problems in
chemical control (NWT) and (AVT)
methods. In this method, by adding
ammonia to feed water, the pH is
introduced in the range of 8.5 to 8 and the
injection of oxygen into the system, like
the method (NWT) Here are some of the
benefits of the CWT method:

1. Changing the protective iron oxide
layer (FesO4) to the hematite protecting
layer (FesO3) and reducing the
dissolution rate of iron. According to the
formula and the following form: The
formation of a magnetic oxide layer in
the AVT regimen in the absence of
oxygen Formation of the hematite layer
(Fe303) in CWT with oxygen [30-31].

2. Reducing the cost of chemicals:
Because hydrazine and phosphate are not
used in this method and ammonia is used
a little, it reduces the cost of chemicals
[32].

3. Lack of Coarse Layer: In CWT
method, due to the formation of a
uniform hematite layer, corrugated
layers do not form in the inner surfaces
of the pipes, which reduces the flow
resistance of the flow of water and
ultimately saves electrical power,
because in the AVT method The reason
for the formation of corrugated layers to
achieve a specific pressure (P2) is greater
pressure than the CWT method.

4. Environment: In CWT, removal of
hydrazine and phosphate and low

ammonia  consumption have less
pollutant content in the industrial
effluent.

In this study we show that we can
use conditional inference trees to analyze
our data to decrease and solve corrosion
in the unit [33].

Experimental section

Data collection and storage technologies
have made it possible for organizations
to extract a large amount of data in the
shortest possible time. The exploitation
of this stored data, in order to extract
useful and practical information, is the
general purpose of the public activity
known as data mining. Data mining the
process of discovery and analysis, either
automatically or semi-automatic, is of
greatly high value in order to discover
meaningful patterns and rules. Data
mining is an interdisciplinary branch of
computer science that involves the
discovery of patterns from a large set of
data.

The purpose of this advanced
analysis process is to extract information
from a dataset and turn it into an
understandable structure for later use.
The methods used are a combination of
artificial intelligence, machine learning,
statistics, and database systems and
business intelligence.

Figure 5. The results of data for Stabilizer in CRU. (Node 3,7,12 and 14)
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Figure 6. The results of data for Stabilizer in CRU. (Node 2, 5, 8, 11, 13 and 15)

Methodology for analysis

Part A: Separator Drum

According to Figure 5, it is observed that:

1. When the density is less than or equal
to 0.515, according to the amount of
data available in these conditions (121
cases), all three states have seen
(Node 3):

A: High corrosion rate is approximately

30%

B: Low corrosion rate is more than 45%,

C: Percentage of optimum s

approximately 25

2. When the density of more than 0.515,
the amount of iron in the samples is
less or equal than 1.5 ppm and the
amount of H.S in the compressor gas
is less or equal than to 700 ppm,
according to the amount of data
available in these conditions (399
cases , The most available data, given
the operating conditions of the unit
over time), it can be said that only two
states have seen (Node 7):

A: Low corrosion rate is less than 9%,

B: Percentage of optimum is

approximately 91%

3. When the density value is greater than
0.515, the iron content in the samples
is less or equal than to 1.5 ppm, and
the H.S content of the compressor gas
is greater than 700 ppm, the iron
content according to the smaller

selectable range for the amount of
iron for better analysis The results, in
these conditions (98 cases, when the
iron content is less than 0.5 ppm and
467 cases when the iron content is
greater than 0.5 ppm), only two states
have seen (Node 12 and 8):

Node 12:

A: High corrosion rate is approximately

24%

B: Low corrosion rate is approximately

31%,

C: Percentage of

approximately 45

Node 14:

A: High corrosion rate is approximately

45%

B: Low corrosion rate is approximately

5%,

C: Percentage of

approximately 50

Part B: Reflux drum

According to Figure 6, it is observed that:

1. When the density value is less or
equal than 0.515, even though the
density more or equal than 0.48, if
H>S content of the compressor
(recycle) gas is less or equal than 350
ppm, (103 cases), only two states have
seen (Node 2):

A: High corrosion rate is approximately

28%

optimum s

optimum s
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B: Low corrosion rate is approximately

72%,

And if H>S content of the compressor

(recycle) gas is greater than 350

ppm,(354 cases), three states have seen

(Node 5):

A: High corrosion rate is approximately

59%

B: Low corrosion rate is approximately

23%,

C: Percentage of

approximately 18

2. When the density value is less or
equal than 0.515, even though the
density less than 0.48, if SFE content
is less or equal than 0.55 ppm and
greater than 0.41 ppm, (39 cases),
three states have seen (Node 8):

A: High corrosion rate is less than 6%

B: Low corrosion rate is more than 66%,

C: Percentage of optimum is

approximately 28

3. When the density value is more than
0.515, the H>S content of the
compressor (recycle) gas is less or
equal than 700 ppm, if SFE contentis
less or equal than 0.8 ppm,(66 cases),
three states have seen (Node 11):

A: High corrosion rate is less than 7%

B: Low corrosion rate is approximately

14%,

C: Percentage of

approximately 79

And if SFE content is greater than 0.8

ppm,(82 cases), three states have seen

(Node 13):

A: High corrosion rate is more than 45%

B: Low corrosion rate is more than 13%

C: Percentage of optimum is

approximately 42

4. When the density value is more than
0.515, the H2S content of the
compressor (recycle) gas is more than
700 ppm, if SFE content is less or
equal than 0.49 ppm, and more than
0.38 ppm (197 cases), three states
have seen (Node 15):

A: High corrosion rate is less than 16%

optimum s

optimum is

B: Low corrosion rate is is approximately
23%,
C: Percentage of
approximately 62

As this chart shows, H.S is very
variable. These data are between 62 to
872 ppm. In manual, licensors told that
H>S should be more than 150 ppm. It is
because of catalyst in the reactor. As this
chart shows, PH is approximately fixed.
These data are between 0.7 to 0.74, in
manual licensors told that feed density in
the unit should be neither more than 0.69
nor more than 0.74.

optimum s

Conclusion

The duty of the unit is to produce
reformate with high octane with high
purity hydrogen. The design, operation
and control strategies of the unit are such
as to maximize the production of the
valuable high octane reformate stream
and to ensure consistent quality of the
rich hydrogen gas as this may impact on
the performance of the upstream and
downstream hydrogen users. In the
present study, the data come from an QOil
Refinery Company, but in practical
terms, the general methodology
presented in this work can be applied to
many other situations such as refineries
and petrochemical companies. Also the
number of available ML algorithms is
staggering, clearly, the first choice to be
made is which algorithms are going to be
tested, and something that depends
heavily on the scope, and is not always
straightforward since no single algorithm
can perform optimally in every situation.
The purpose of the predictive model is to
allow the data explorer to predict an
unknown value (often occurring in the
future) from a specific variable. If the
value to be found is one of the predefined
class members, this type of data mining
is called Classification. If the target
variable has a real value, data mining is a
regression type.
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For Separator drum (data for
separator vessel in CRU), the optimal
mode is Node 7. In this case, the highest
optimum (best condition) is visible. Most
of the samples are taken in this state,
which shows the effectiveness of the
effect of ammonia water injection into
the system.

For Reflux Drum (data of Reflux for
Stripper vessel in CRU), the optimal
mode is No. 8 or Node 11. In this case,
the highest optimum (best condition) is
visible. Most of the samples are taken in
this state, which shows the effectiveness
of the effect of ammonia water injection
into the system for Reflux of Stripper
vessel in CRU.

Finally, our results show how this
approach can be used to gain insight into
some refineries, deliver results in a
comprehensible and user-friendly way.
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