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Application of multivariable model predictive control to
overcome the intervariable interaction in CO2 removal process
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Abstract. Multivariable model predictive control (MMPC) was applied in CO2 removal process in a
natural gas treatment from an industry located in Subang field, which used chemical absorption. MMPC is
a variation of model predictive control (MPC) which can account for more than one control variable at once
and is classified in advanced control category. MMPC is expected to give a better performance in handling
the process as well as being able to overcome intervariable interaction that is prone to happen in multiple
input multiple output (MIMO) system. MMPC was applied in the process to get a better process control
performance compared to the one using PI controller and to make any intervariable interaction in the process
more manageable. The indicator for each goal was integral square error (ISE). The result showed that
identified intervariable interaction was between the pressure of gas feed in and the flow of make-up water
to absorber. By using MMPC, the ISE of controller’s performance was improved from the PI-controller that
was used in the plant. The improvement for ISE was 32.62% (PIC-1101) and 72.67% (FIC-1102) in the SP
tracking, and 52.54% (PIC-1101) and 57.41% (FIC-1102) in the disturbance rejection. MMPC
implementation also showed a better response in handling intervariable interaction in the process.

1 Introduction been examined further in this research to give the process

The amount of natural gas in Indonesia reaches 170 a better performance process.

trillion standard cubic feet, which makes natural gas as a

potential source of energy for Indonesia and can be Table 1. Controllers and Their Objectives

allocated in various sections such as household, industry,
. . Controller MV Cv
and transportation [1]. With the amount of natural gas
. . Sweet gas .
and the rising needs for energy, natural gas treatment PIC-1101 flowrate Feed in’s pressure
technology should be improved continuously. Rich am Liauid lovel
There are some treatments that need to be done before LIC-1101 1ch amine tquid fevetin

. flowrate absorber
natural gas can be utilized as energy source. One of the
most common and important treatment is to remove the FIC-1101 XV'I,IOI Feed in’s flowrate
acid gases, or is commonly called as sweetening process, opening
from natural gas, because the existence of acid gases will FIC-1102 FV-1102 Make-up water’s
damage the equipment and lower the heating value of the opening flowrate
ngtural gas [2]. To ensure the process sn'loothne':ss and to FIC-1103 FV-1103 Amine’s flowrate
give an optimal output, process control is applied to the opening
whole process. o TIC-1106 Steam-to-HE Amine’s

A type of advanced controller, multivariable model - flowrate temperature
predictive control (MMPC), was used in this research as
the controller used in said process. In comparison to the LIC-1104 ﬂBOttom.OUtPUt Liquid level in
conventional  type, proportional-integral-derivative - owrate In sweet sweet gas KOD
. h . gas KOD &

(PI/PID) control, that is commonly used in gas industry
[3-4], MMPC is expected to give a be?tter coptrol Bottom output Liquid level in acid
performance, because it can overcome any intervariable LIC-1109 flowrate in acid 1quy eI‘;eOIl)n act
interaction that happen in a multi-input multi-output gas KOD gas

(MIMO) system [5-7]. A study of MMPC
implementation in MIMO system, which was a reactive
distillation column, yielded a good result in terms of
intervariable interaction handling [5]. As sweetening
process also requires multiple inputs and multiple
outputs, the use of MMPC in sweetening process have
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2 Methodology

2.1. Process Simulation

The chemical process that became the object of this
research was a CO, removal process done in a natural
gas industry, “X” company, located in Subang field,
West Java, Indonesia. The process was a chemical
absorption using absorber a-MDEA (activated methyl
diethanolamine).

The CO2 removal process simulation carried in
Subang field as shown by Figure 1. Natural gas flows to
absorber, where it will be contacted with a-MDEA that
flows from the upper part of the column. Aside from a-

MDEA, a stream of make-up water is also introduced to
the absorber to keep the desired amine strength. Acid gas
that in this case is COz2, is absorbed by a-MDEA and will
exit from the bottom of the absorber and proceed to LP
(low pressure) flash, where CO2 will be separated from
a-MDEA. a-MDEA is circulated back to absorber, while
the acid gas is going to a separator to be vented. Upper
product of the absorber, sweet gas, flows to another
separator before going to the next process.
Proportional-integral (PI) controllers that were
already being used in Subang field determined the
controlled variable (CV) and the manipulated variable
(MV) in this research. The controllers in the CO2
removal process in the Subang field are listed in Table 1.
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Figure 1. CO2 Removal Process
2.2. Process Identification

Tuning value for controllers is derived from the
characteristic of the process, making process
characterization an important part in controller tuning.
Process characterization in this research was done by
analyzing the process reaction curve (PRC). PRC is easy
to construct and able to give agood visual representation
to model the process in various application [8].

PRC was obtained by giving a step response to the
MYV and the value of the corresponding CV since the
response until the process is back to stability, indicated
by the stable value from CV. An equation was then
derived from the PRC, called first order plus dead time
(FOPDT), a mathematical expression from the process
that became the model of the process [9]. The standard
formula for FOPDT is shown in Equation 1.

Kp e —0s

= 1
s+ 1 M

N

Three main components in FOPDT are Kp, 0, and 7,
which show system sensitivity, time needed by system to
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respond to change, and speed of the system in giving
response to interference, respectively.

2.3. Controller Tuning

There were two tuning methods that were applied in this
research: the first one was a method proposed by
Shridhar and Cooper [10]. It was chosen because it was
applicable for FOPDT process model and it was simple
to calculate. The second method was fine tuning, through
a set of trial and error, with few constraints that was
taken from the same paper from Shridhar and Cooper.
The tuning parameters for MMPC are P (prediction
horizon), M (control horizon), and T (time interval),
which can be obtained using following equations:

T,s = Max(0,17,5; 0,56,) )

P =N = Max (5;” + krs) 3)

M = Max = (TTﬁ + krs) 4

kys = <%+ 1>,r =12,..,R;s=12,..,5 (5
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While the PI controllers that were used as
comparison were tuned according to the value used in
the field.

2.4. Control Performance

To evaluate controller’s performance, the system was
tested with set point (SP) tracking and disturbance
rejection. The tests would show how controller could
manage SP alteration and regulate any disturbance
introduced in the system, respectively [11]. Each
controller structure was tested with SP tracking by
lowering the pressure’s SP from 511.3 psig to 509 psig,
the lowest pressure from absorber column, and by
lowering the flowrate’s SP from 10.54 USGPM to
10.013 USGPM, about 5% decrease. The lowering value
was associated with the cases that happened most in the
industry.

The controlled system was impaired to see if the
controller could return the system’s condition to its
desired SP or reject disturbance in case of disturbance.
The disturbance given in this study was the decrease of
the gas flow rate entering the absorber by 20 MMSCFD.
This was determined based on conditions common to the
field, where the associated company uses a gas turbine
compressor to assist the flow of gas from the well, and a
frequent case is if there is a disruption to the gas turbine
control (GTC) engine so that the gas flow decreases.

The control performance was determined using the
integral of square error (ISE) as expressed in the
following equation:

ISE = f [SP(t) — CV(t)]%dt (6)
0

The ISE value of MMPC would then be compared
with the ISE value of PI controllers.

3 Results and discussion

3.1 MIMO system

The MMPC controller that used in this research is a 2x2
model, which meant that the controller accommodated two
CVs and two MVs at once. To determine which variables
would be controlled by the MMPC, a simple sensitivity
analysis was carried out. The PI controllers were put in
the simulation according to the industry’s P&ID and
were set to a manual mode. Each MV was altered
bychanging the corresponding valve opening. For each
MV change, any significant change in a non-
corresponding CV showed a sensitivity between
variables, which showed a intervariable interaction in the
process.

The sensitivity analysis yielded a result shown in
Figure 2. Based on this result, the CVs are feed pressure
and make-up water flow rate, while the MVs are XV-
1102 and FV-1102 (each’s corresponding valve).
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Sensitivity Between Feed's Pressure (PIC-1101) and Make-up Water's Flowrate
(FIC-1102)
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Fig. 2. Intervariable interaction between (a) feed pressure and
make-up water flowrate, (b) feed pressure and amine flowrate

After determining the control object for MMPC,
FOPDT for each variable combination was constructed.
The FOPDT equations are provided in Table 2.

Table 2. FOPDT of MIMO System

Transfer cv MV FOPDT
Function
Feed’s XV- | —0,090924¢ 001766655
Gi.1
pressure | 1102 0,0882435s + 1
Gia Feed's ey 1102 )
pressure
Makewp | vy 0,04871e-0135
G2 water’s vvresle T
flowrate 1102 0,165s + 1
Make-up 00955
Goa water’s |Fv-1102] 2207
flowrate 0,135s +1

Since there was no significant interaction between
CV feed pressure and MV FV-1102 (originally as the
MV corresponding to make-up water flowrate), the
tuning tabulation proceeded with only three process
models.

Table 3. Final Tuning Value

Tuning Parameters
Method P M T
Shridhar
dan Cooper 10 33 !
[Fine tuning 44 10 8

After obtaining the FOPDT, the tuning value could be
calculated by using the equations provided in point 2.3.,
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and by doing a fine-tuning. The final tuning value is
shown in Table 3.

The two MMPC structures were then compared to the
corresponding PI controllers: feed’s pressure controller
(PIC-1101) and make-up water’s flowrate controller
(FIC-1102). Tuning value for both PI controllers are
provided in Table 4.

Table 4. PI Controllers’ Tuning Value in Field

Kc Ti
PIC-1101 7.2 0.768
FIC-1102 0.5 0.167

3.2 Set Point Change Test

MMPC controller tuned by using fine tuning method
gave the best result in set point tracking, for both CVs as
shown by Figure 3 and Table 5.
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Figure 3. Set point tracking for (a) feed pressure control (b)
make-up water flowrate control

Table 5. Control performance (ISE) of SP tracking

evaluated time. It is also to be noted that MMPC that was
tuned using Shridhar-Cooper method gave a slightly
better performance than PI controller, judging from the
ISE wvalues. Overal, MMPC-fine tuning provides
smallest ISE values among the three scenarios. Most
importantly, it gave better performance than the one with
PI controllers that were used in the field, with a control
performance improvement of 32.62% (PIC-1101) and
72.67% (FIC-1102), indicated from the ISE values.

3.3 Disturbance Change Test

Disturbance rejection using MMPC works well as shown
in Figure 4 and Table 6. MMPC-fine tuning has the
smallest overshoot value. In the pressure control, the
difference of settling time for the three is not too big, but
MMPC-fine tuning is faster to achieve the SP than other
controllers, with little oscillation in the beginning.
MMPC-fine tuning provides smaller ISE values than the PI
controller used in the field, with a control performance
improvement of 52.54% (PIC-1101) and 57.41% (FIC-
1102). As for flow rate control (FIC-1102), MMPC-fine
tuning also takes the shortest time to reach the SP value, at
about 10.54 USGPM.
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Figure 4. Disturbance rejection test for (a) feed pressure
(b) make-up water’s flowrate

Table 6. Control performance (ISE) of disturbance rejection

MMPC .
Cont- | by | Shridhar- | MIMPC Fine
roller tuning
Cooper
Feed's 1 54 7 16.34 13.95
pressure
Make-up
water’s | 3.07 2.15 0.84
flowrate

The CVs reached the desired SP faster than both PI
controller and MMPC tuned by Shridhar-Cooper method
and gave a relatively stable value throughout the
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MMPC MMPC
Controller | PI Shridhar-Cooper| Fine tuning
Feed’s =1 453 342 215
pressure
Make-up
water’s 16.0 14.5 6.8
flowrate

The phenomenon that occurs for all three control
structures is the presence of overshoots, with the smallest
overshoot values present in MMPC-fine tuning.
Oscillation occurs in MMPC-fine tuning, but the
intensity is not large and still within the +/- 5% limit of
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the specified SP. The field controller has the greatest
overshoot value and the time to reach the SP is the
longest. MMPC Shridhar-Cooper has an overshoot that is
also not too big, but the time to reach SP is longer than
MMPC-fine tuning resulting in smaller ISE values for
MMPC Shridhar-Cooper.

3.4 Intervariable Interaction Handling

One of the advantages from MMPC is able to handle any
intervariable interaction in the process, where a CV
value changes because a changing MV that is not
corresponding to the said CV. Graphic that showed how
MMPC fine tuning gave a good intervariable interaction
handling is shown in Figure 5, where the flowrate did not
jump too high from the SP, and it needed the shortest
time to get back to the desired SP.
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Figure 5. Intervariable interaction between feed pressure and
make-up water flowrate

The other controllers did not manage to keep the
error value in flowrate as small as MMPC fine tuning
did.

4 Conclusions

MMPC gave a better process control performance
compared to the PI controllers that were used in the
field. The indicator used was integral square error
(ISE), with the improvement for ISE was 32.62%
(pressure control) and 72.67% (make-up water’s
flowrate control) in the SP tracking, and 52.54%
(pressure control) and 57.41% (make-up water’s
flowrate control) in the disturbance rejection.
MMPC implementation also showed a better
response in handling intervariable interaction in the
process.
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