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Abstract. The paper outlines the methods, which improve the controlling process of separating methanol
from water in the distillation column to produce crude oil products. Nowadays, many industries use PID
controllers to control process variables like temperature, flow, pressure, level, which helps maintain
good performances. However, PID controllers can have slightly bad performances in complicated
control systems, such as in Multiple Input and Multiple Output (MIMO) systems, due to this, optimization
methods of improving PID are considered. A tremendous amount of work has been done refining,
studyingandimproving the PID controlling techniquesand methods. However, PID still faces challenges
in a variety of common control problems. This article represents NeuralNetworkAlgoritmbased PID
controller, whichisusedtocontrolthe separating process of methanol from water in the distillation column,
due to Neuralnetwork's good generalization results. The Wood and Berry mathematical Model was chosen
as the main control object.
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"KACAH/JIbl HEHPOHJBIK KEJICIH KOJIJIAHA OTBIPBII, IUKI MYHA OHJIEY
3AVBITBIHJIA ®PAKLIUSIBIK AIIJAY BAFAHBIH OHTAMJIAH/IBIPY

HNCMATYJIOBA .M.
«Wood KSS» AK, 060011, Amwipay ., Kazaxcman

Anoamna. Maxkanada memanonovl Cyoan OUCMULTAYUALAY OAAHLIHOA WUKI MYHAU OHIMOEpIiH any
yuwin 66ay0i 6akwvliay npoyecin scaxcapmamuli a0icmep Kopcemineen. Kazipei yaxeimma xenmezeH
onepkacinmep PID xonmponnepnepin memnepamypa, agviH, KblCbiM, Oeyeell CUSKMbl AUHbIMALLLIAPOb
backapy yuwin naudananaosl, OY1 dcakcvl Kepcemkiwmepli cakmayea komekmecedi. Anaitida PID
KOHmMpoiepiepi Kypoeri dackapy oicyienrepinde, Mvicaivl, OipHeule eH2i3y JcoHe OipHeule wbleapy
(MIMO) scyiienepinde can nawap kepcemxiwmepae ue 601yvl MYMKIH, cOHObIKman PID-0i sxcaxcapmyovly
oHmaunanovlpy a0ici Kapacmuipwiiadvl. PID mexuuxacvin 3epmmeyee, osicemindipyee, Oackapyoviy
JHcemindipineen a0icmepin Hacaya KOnmezeH Hevlioap sHcymcanovl. eeenmern ani 0oe PID xonmponnepi
Jrcayan bepe aimaumeln Oipxamap sHcainvl OAcKapy KublHObiKmapsl oap. byn ocymvicma, HelpoHOLIK
JHCENICIHIH HCAKCHI HCANNBLIAY HIMUNCENEPIHe DAULAHBICIbL, HCACAHObL HEUPOHOBIK JHCeNiCiHe He2i30en2eH
PID xommponnepi memanonovl OuCMuiiayusivly 0azandagvl cyoan 061y Npoyecin O0axKvliay YuliH
Konoauwliaovl. backapyowiy necizei obwvexmici peminde Byo owone Beppumamemamukaivlk Mooeiui
manyoanobl.

Tyitindi co3dep: oucmunnayus 6azansi, HeUpoHObIK dceri, PID xowmponnepi, sicacandvl unmesniekm,
MIMO ocyiieci.
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ONITUMU3BALIUA PEKTU®UKALIMOHHOM KOJIOHHBI
HA HE®TEINEPEPABATBIBAIOIIEM 3ABOJIE C HCIIOJIb30BAHUEM
UCKYCCTBEHHOW HEMPOHHOW CETH

HUCMATYJOBA .M.
AO «Wood KSS», 060011, 2. Amvipay, Kazaxcman

Annomayusa. B cmamve uznosicenvl Memoosl, n0360s10wUe YIYYUUms YNpagieHue npoyeccom 0moeiensl
memanona om 600bl 8 PeKMUPUKAYUOHHOU KOJIOHHE C Yelbl0 NOLYYEHUs. CbIpbIX Hedmenpooykmos. B
meKywee 8pemsi NOUMu 80 6cex OMpAcaax unoycmpuu ucnonvzyiomes IH/-pecynamopuel 015 ynpasnenus
MAKUMU nepemMeHHbIMU NPOYecCamil, KaK memMnepamypd, pacxoo, 0asieHue, yposeHs, 4mo 0eucmsaumenbHo
nomoeaem nodoepicueams xopowue xapaxmepucmuku. Oonaxo I[IH]]-konmponnepvl mocym umems
HECKONIbKO NJLOXYIO NPOU3BOOUMENbHOCTNL 6 CIOJCHLIX CUCEMax YNpAeleHUus, HaAnpumep 6 CUCmemax
¢ MHOCOKAHANbHbIM 6X000M U MHOCOKAHANbHBIM 68bixo0om (MIMO), u3z-3a ueco paccmampusaemcs
memoo onmumuzayuu 01 yryyuwienus I1HJ]. Bviio nompaueno mMHo2o nem Ha uzyienue, YMOUHeHUe U
coseputencmeoganue mexnuxu ITHJ]-pecyruposanus, a makdice Ha paspabomiy YAyH4uleHHbIX Memooos
ynpaenenus. Tem He meHee 6ce ewe cywecmayem psao oowux npobrem ynpaegienus, npu komopwix I1H/]-
peaynsamop cmankusaemcsi ¢ mpyonocmsamu. B amoii pabome I[IH][-pezynamop Ha ocnoge HelpoHHOU
cemu UCNOb3yemcs OJisl YNpAeleHUus npoyeccom OmoeieHus Memanoia om 600bl 8 OUCMULIAYUOHHOU
KOJIOHHe 011a200aps Xopowum pe3yivmamam Hetuponnou cemu. Mamemamuueckas modens Byoa u Beppu
Obia 6bIOPAHA 8 Kauecmee OCHO8HO20 00beKmMa YNpaeieHus.

Knioueswie cnosa: pexmupuxayuonnas KoNonHa, neupounas cems, IIH/[-pecyiamopul, uckyccmeenmulii

unmennexm, cucmema MIMO.

Introduction

The crude oil refining industry has a huge
effect oneveryone’s life. Numerous products can
be produced using raw petroleum since it is a soup
of various sorts of hydrocarbon molecules, each
of which has its own set of unique chemical and
physical properties. Furthermore, these attributes
make every particular hydrocarbon in crude oil
either a good fuel, a useful fluid or solid. This
work will consider methods for controlling the
fractional distillation column for producing crude
oil products. The objective of the work is to control
the process of separating methanol from water in
the distillation column using a Neural Network
based PID controller in the atmospheric distillation
column to send it to the storage tank properly.
Artificial neural networks have been used in a
variety of applications by several manufacturers
for fault detection, control management and pattern
recognition. The most significant advantage of ANN
is learning from historical data and being utilized
for many industrial applications. Furthermore,
compared to conventional PID control algorithms,
neural-based PID improves the system's real-
time characteristics and complexity. [1] In turn,
Mostafa MJAHED [2] shows good performance
and benefits from decreased values of rising

time, overshootingand settling times and lesser
oscillatory response using the Genetic Algorithm.
Compared to traditional tuning methods, Genetic
Algorithms outperformed them in terms of steady-
state response and output performances. Compared
to the research above, in [3] the presented neural
PID model, the PID coefficients are considered
Gaussian potential function networks (GPFN)
weights. Furthermore, they are fine-tuned using
an online learning algorithm. So, the presented
model outperforms the basic PID controller with
fixed gains in terms of capability and flexibility.
The PID neural network performs admirably in
terms of position control and behavior [4]. Genetic
algorithm with particle swarm optimization results
demonstrates that the settling time, overshoot
percentage, rise time are better than conventional
PID controllers [5]. Ibtissem Chiha, Noureddine
Liouane, and Pierre Borne propose Multiobjective
ant colony optimization to tune PID controllers.
The results show that the proposed tuning technique
outperforms the genetic algorithms and traditional
approach and control system performance [6].
Another concept of artificial neural networks
(ANN) was proposed to establish new setpoints
after system disturbances and proved to have
a much better speed and feasible solution [7].
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The presented new model improves the
performance of the traditional controller; this new
control approach is conceptually simple and can
be easily implemented in oil and other industries.
Furthermore, additional energy costs and costs
associated with product specifications can be
avoided. In work [8], Muravyova and Mustaev,
2017 solved a problem associated with the large
error in the amount of cement at the outlet relative
to a given capacity, as well as to increase the
speed of the control system and increase its fault
tolerance by using an artificial neural network in
the Matlab environment. M.M. Gouda, S. Danabher,
C. P. in the research [9] designed a more robust
and efficient fuzzy logic controller. Itdecreases
the sensitiveness of the systemand improvesfast
changes of theparameters, and has lower energy
consumption. The research paper [10] represents
that the performance of PID with the Ziegler -
Nichols method is better than the conventional
Ziegler-Nichols technique. Experiments show
minimum overshoot, settling time for rate demand
utilities of DC motor. Different types of artificial
intelligence were compared; among them, Neural
Network was chosen as the main controller for our
distillation column.

Problem statement

Many industries use Proportional-Integral-
Derivative (PID) controllers to maintain and
regulate process variables. In in industrial process
loops, PID is the most common feedback control
systems. They are simple to comprehend and putinto
practice. Many scientists have spent time studying,
refining, and improving the PID controlling
methods, as well as designing workarounds for the
flaws they've discovered.

However, there are a variety of common control
issues that PID can't solve, some of which can be
solved with appropriate augmentations. Due to the
aggressiveness of control processes, a conventional
PID controller would have issues regulating them.
Also, advanced control is necessary for MIMO
systems, where the controller must coordinate the
initiatives of several actuators to manipulateseveral
control variables simultaneously.

For example, the distillation column, as it
is a MIMO system, requires advanced control.
Moreover, they can face quite bad performances
like overshooting, steady-state error, response time
increase, etc. Those problems can lead to hazardous
situations and loss of money. Due to this, new
methods of process control are being developed.
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In this research, a new method of improving PID
control is presented.

Relevance of the project

Proportional-integral-derivative (PID) contro-
llers are commonly used to regulate the process
variables of many different types of dynamic
systems. Due to itssimple structure and ability
to provide an excellent closed-loop response
characteristic, these controllers are significant
in control process. Nonetheless, selecting a
suitable PID controller might be challenging.
Various methods for tuning controllers have been
developed in response to this issue. The Ziegler-
Nichols method is the most frequently used tuning
technique, but sometimes it can be difficult to
establish optimal controller coefficients. As a
result, many artificial intelligence algorithms, such
as neural network (ANN), fuzzy logic, swarm, ant
colony optimizations and others, have been created
to tune PID parameters.

The main drawbacks of the PID controller
include the complexity of controlling the three
parameters and the fact that it does not work
well for systems with time-varying, nonlinear
systems, linear systems with a time delay and
complex systems. Al-based controllers have more
benefits than traditional PID controllers, such as
independence, better reliability, lower load, smarter
control loops, higher speedand adaptability in the
enterprise, regardless of human intervention.

Atmospheric Distillation Column

An atmospheric distillation column with a tray
contacting device is mainly used to separate the
crude oil components into its fractions: valuable
products like gasoline, LPG, kerosene, Diesel fuel,
naphtha, and heavy gas oil. Tray or plates enable
good separation of the fractions of crude oil. The
working principle of ADU is fractional distillation
or distillation on boiling ranges. An atmospheric
distillation column is demonstrated in figure 1.

Trays located inside the ADU collect various
fractions as they cool to their boiling value and
vaporize. Forthe oil to be vaporized at the bottom
of the column, the reboiler heats the crude oil to
350 ° C. Using a condenser, each fraction of crude
oil is cooled and condensed at various temperature
values at the top of the column.

As each fraction of condensation, the liquid is
collected in the trays of the column. Higher boiling
fractions condense on the column's lower trays,
and lowersteaming point fractions condense on



HE®TEFASOBAA VHXEHEPUA N TEOCNOIMNA

the higher trays. A reflux drum is used to keep the
condensed vapor, resulting in which reflux can be
sent back from the top of the distillation column.
One input stream and two product streams make up
the distillation column.

Mathematical model

There was chosen a mathematical model of
distillation column created by Wood and Berry.
They established a mathematical model of an
8-tray binary fractional distillation column with a
complete condenser and a basket-style reboiler for
disunion of methanol from water.

The model has been frequently utilized in
recent decades in severalresearchesto evaluate the
efficacy of various control methods since it has been
proven useful. Equations (1) and (2) were used to
express it when it was discovered experimentally:

xp(s)] _ R(s)

[xg(s)] =G0 [S(s) (1)
xD(S)] 16127:+1 ) Z1s+1 ¢ R(s)]1(2)
xB () 1005+1° 1;15511 ) S()

Here, outputs (controlled variables) are:

Xp (s) — methanol proportion in the distillate,

xp(s) — the amount of methanol of lowerpro-
ducts;

Inputs (manipulated variables) are:

R(s) — reflux flow speed,

S(s) —flow speed of steam in the reboiler. The
P&ID diagram of the distillation column for this
process is illustrated in Fig. 1. P&ID diagram was
developed in the online “Visual Paradigm” tool.

Feed
Flow (d)

Product
(Xb)

Figure 1 — P&ID diagram of fractional distillation column

The control structure of the distillation
column

The steam and reflux flow rates regulate the top
and bottom product concentrations, while the feed
flow rate acts as a disturbance. A distillation column
must have at least four feedback control loops
to monitor and control distillate concentration,
bottom concentration, reboiler level, and reflux

rate level. As a result, it's classified as a MIMO
control system. This paper proposes a controller for
controlling distillate and bottom concentrations.
MIMO control can be accomplished by using two
controllers, one for each component (two outputs).
Figure 2 shows a block scheme of a PID controller-
based MIMO system for a distillation column.
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Figure 2— PID controller-based MIMO controller
Here: Equation (3) shows decoupler elements
G:1(S), G,y (S) - PID Controllers, Di,(s) an D,, (s):
G11(8)G12(5)Gaq (S)Gap (s) — transfer
functions of control objects. Gy (s)
Due to multiple variables, the control structure D1, (S) - G (S ) .
of the MIMO system reqresdecoupler elements. e
The block diagram of the control system with G ( )
decoupler is illustrated in Fig. 3. Decouplers helps D (S) ___2 S
to remove process interactions to turn the MIMO 21 Gyo (S)
system into interacting, allowing for smooth tuning
of control loops.
R Gt ¥ G : L
\—l [ |
® Gl
M5
¥ G
5 : (] =® B2 » + 3b
Figure 3— MIMO with simplified decoupling method
The diagonal elements Q(s) of the product Simplified decoupling is presented in

G(s)D(s) as a diagonal matrix are the independent  Equations 4 and 5:
SISO systems that should be found.
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" Dyy(s) 1 _ G1a(s)
S G11(s)
D(s) = [ 12 ] = n )
( ) DZl(S) 1 _ GZI(S) 1
G22(s)
Gt — G12G21 0
Qz[Gn(s) 612(5)] [ 1 D12(5)] B )
G21(S)  Ga2(8)I D31 (s) 1 0 Gyy — %
11
The controller design is shown in Equation 6:
Kiq
K. (s 0 Kpl +—+ Kdls 0
ke =| 0k (s)] - . Ki (©)
2 O sz + T + Kdzs

In such a way, the block diagram ofthe MIMO  independent SISO systemsillustrated in figure 4.
system shown in figure 3 can be simplified to two

+

R K1(s) QiE  — Xd

¥

S K2(s) » Q2s) 0> Xb

Figure 4 — Independent SISO systems

So, the obtained Diagonal matrix (Q; and (),) of the system are shown in Equations 7, 8:

Q1
1.896 * 10* s + 4042 s + 291.5*s + 6.37

- 2.676 x 10* *s5 + 3.591 % 10% xs* + 1.026 * 10* *s3 + 1157 xs2 + 56.6 xs + 1 )

Q2
—3.294 % 10*s® — 6758s% — 461.2s — 9.655

T 8.9+10%5 + 5814 10%s* + 1.281 = 10%s3 + 1271s2 + 58.3s + 1

®)

Stability verification the steady-state error, and other dynamic
The step response is the system's response characteristics of the system.
to a unit step input; it helps analyze the system's The step response for the first closed-loop
stability and find characteristics such as overshoot, system is illustrated in fig. 5 below.
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Step Response
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Figure 5 — The step response of the 1% system

Figure 5 illustrates thatthe system is equal to 0.139. So, using PID controllers with an
underdamped and has overshoots and oscillations.  Artificial Neural Network algorithm, it is expected
Using the step info( )command, it was found that that the error will be eliminated, and the output
the overshoot of the system was equal to M =6.64%, response will be improved.
settling time ¢ is 6.0801 seconds and rise time 7 The step response for the second closed-loop
is 2.1397 seconds. The steady-state error e Was  system is illustrated in Figure 6 below.

1025 Step Response

~

Amplitude
,u

0 50 100 150
Time (seconds)

Figure 6 — The step response of the 2™ system

Figure 6 illustrates that the system is not state error e Was equal to 8.7242¢"24. So, using
stable. The results show that the system doesn’t PID controllers with an Artificial Intelligence
have any overshoots (%M ), settling time (¢ ), rise  algorithm, it is expected that the output response
time (z,) or any other characteristics. The steady-  will be improved.
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Artificial Neural Network

The purpose of an artificial neural
network(ANN) is to use the target data to construct
a system that accurately corresponds the input
values to the output. The obtained model is used
to get the intended output when the desiredoutputis

unrevealed. Neuralnetwork-based PID controllers
aims to eliminate computing complexity and
improve real-time performance comparing to a
traditional PID controller. A control structure of
ANN-basedPID controller is represented in fig. 7.

Learning Algorithm

A

Neural Network

Kp |Ki | Kd
L ¥

PID Controller

Controlled Object

Figure 7 — Structure of PID controller based on neural network

Fig. 7 shows that the controller is made up
of two parts: traditional PID control and a neural
network. Here the conventional PID affects the
control object directly. The PID controller's
parameters are tuned using a neural network, which
compares the target values with the input values to
achieve performance optimization. Output neurons
must match the parameters of PID.

Training neural network

To train aneural network, [ used PID parameters
obtained using a Genetic Algorithm and used them
as target values. To get target values, a scheme
was constructed where the output response of the

Meural Network

closed-loopwas exported to the Workspace using
simoutl. For the input valuesof the NN, there were
extracted output response values of the closed-loop
without any PID controller.

There were used “nmnstart” neural network
fitting app for this article. A sigmoid like transfer
function of a two-layer feedforward network is
used for a hidden layer of our network in Matlab
software. The output layer is based on the linear
transfer function (TF). Thenetwork will be trained
with the Levenberg-Marquardt backpropagation
algorithm. The structure of the neural network,
which has input, hidden, and output layers,as
shown in figure 8.

Figure 8 — Neural network structure

10 neurons were selected for a hidden layer of
neural network architecture and one neuron both
for input, output layers as in the picture above.

The training results of ANN for the first (on
the left side) and second (on the right side) closed-
loop systems is illustrated in figure 9.
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Overall, the training performance for the first
system was slightly good compared to the second
loop. The first loop was trained at 106 Epochs and
the second at 911 Epochs, which is very long.

Neural Network

Hidden Output
Input L Qutput
1 1
10 1

Algorithms
Data Division: Random (dividerand)
Training Levenberg-Marquardt  (trainlm)
Performance: Mean Squared Error  (mse)
Calculations:  MEX
Progress
Epoch o [ 106 iterations 1000
Time: 0:00:02
Performance: 0726 [NTE0E060N | 0.00
Gradient: 221 [SETE 05N | 1.00e-07
Mu: 0.00100 1.00e-08 1.00e+10
Plots
m—
Plot Interval: | | 1epochs

@’ Opening Regression Plot

Neural Network

Hidden Output
input L Output
1 1
10 1
Algorithms
Data Division: Random (dividerand)
Training: Levenberg-Marquardt (trainim)
Performance: Mean Squared Error (mse)
Calculations:  MEX
Progress
Epoch: o [ Sierstions 0 | 1000
Time: . oomos |
Performance: ooses [IINOEOSH | oo
Gradient: 0332 [ ATTE06 NI | 1.00e-07

Mu: 000100 1.00e+10

Plots

Performance

(plotperform)

Error Histogram | (ploterrhist)

(plotfit)

|

Plot Interval: B 1 epochs

@ Validation stop.

@ cCancel

@ Stop Training

Figure 9 — Neural network training results (First loop)

Finally, to check the output response of two

00—

[

[T e—

3

Functin Filrg Nourd Nwrk?

Functin Filrg Niur Nwrcd

e b g w3l ]
B I i e
==
rdart rien 1
St

Figure 10 — Neural network-based PID controller

The results of the first feedback system are illustrated in figure 11.
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Step Response

First Loop with NN

Amplitude
=] o
= @

T ——

02

0 005 0.4 0
Offset=0 Time (s)

15 02 025

Figure 11 — Step response of 1% loop with NN based PID

independent closed-loopsystems, a block diagram
of the PID controller feedback system was
constructed with an Artificial Neural Network,
shown in figure 10.
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Figure 11 shows that the output response of seconds. So, by using PID controllers with the
the first loop using NN based PID controller was  Artificial Neural Network algorithm, there was
improved. It was found that the overshoot of the obtained better results.
system was equal to M =0.0397%, settling time The step response for the second closed-loop
¢t is 0.0194 seconds and rise time ¢ is 0.0150  system with NN PID is illustrated in Figure 12.

Step Response
Sacond loop with NN
1 /
08 / /
o 06
2
2
< 04 //
02
0
0 05 1 15
Offsat=0 Time (s)

Figure 12 — The step response of the 2" system

The results show that the system hasan Neural networks are widely applied to solve
overshoot equal to M =0.0397%, settling time technical problems. Based on my research, it
t=1.1777, rise time ¢ — 0.9038. So, NN based PID ~ was discovered that the majority of researchers
controller helped to make the system stable and use ANN for modeling and designing linear and

improve overall performance. nonlinear systems for industrial control systems.
Moreover, training a Neural network-basedPID
Conclusion controller feedback system to control the process

In this article, the techniques of improving of separating methanol from water in a distillation
traditional PID controllers in crude oil refineries column in a crude oil refinery showed good
are considered. To sum up, there was studied the performances compared to the system without the
usage of artificial intelligence in different fields. Al network. It was proven that by using a neural
As seen from the research done, the artificial network, the system response improved overshoots
intelligence-based PID controllers are one of the eliminated, rise time and settling times decreased.
optimal algorithms that can be used for controlling  Applying the NN based PID controllers and
the object and whole system. The artificial neural replacing the conventional PID controllers reduced
network helps to predict future plant behaviors. the error between desired values and system output.
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