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Abstract

A multi-input-multi-output artificial neuron network (MIMO-ANN) model has been developed for process monitoring
and improvement on a natural gas glycol dehydration process. The MIMO-ANN model was based on a steady-state pro-
cess simulation model constructed in commercial software Aspen HYSYS. A set of training data was generated with the
converged simulation model for the training of the MIMO-ANN model in Python. The process input of the model includes
lean glycol recirculation rate and purity along with wet gas inlet pressure. On the other hand, the process output consid-
ered includes dehydrated gas water and aromatics content, dehydrated gas hydrate formation temperature and water
dew point, stripping gas flow rate as well as reboiler duty. The overall mean squared error (MSE) of the MIMO-ANN model
was calculated as 1.79. The best-fit line that highly overlaps with a 45° diagonal line is constructed with a correlation
coefficient (R?) score of more than 0.999 for all studied process output testing datasets. The mean absolute percentage
error (MAPE) of the predicted outputs is generally less than 1%, except for dehydrated gas water dew point (16.63%) and
stripping gas flow rate (11.55%), due to error predictions attempted on pseudo-zero values. This successfully displays an
exceptional predictive performance of the MIMO-ANN model developed in this work which can be further deployed as
an online dashboard for real-time monitoring tool.

1 Introduction

Natural gas is one of the well-established primary energy sources acquired from natural underground reservoirs. In
comparison to other energy sources such as gasoline and diesel oils, natural gas possesses several superior proper-
ties such as cost-effectiveness, vast abundance, and lower emission rates that enable it to be more attractive when
it comes to the application of energy generation [1]. Furthermore, the combustion of natural gas emits lesser green-
house gas emissions together with minimal suspended solids, thereby inherently reducing air pollution as one of the
global environmental concerns nowadays upon being utilised as a fuel source [2]. The global utilisation of natural gas
demonstrated a compound annual growth rate of 2.87% from the year 2009 to 2019, in which the global natural gas
consumption surged from 57 to 76 EJ after a decade [3]. This prominently displays a higher demand for natural gas
as one of the heavily relied energy sources on Earth forecasted in the future. Therefore, extensive research has been
carried out on natural gas processing due to its high potential in the application of energy generation as a relatively
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clean energy source compared to other primary energy sources such as oil and coal that effectively exacerbate envi-
ronmental pollution upon combustion to generate energy. Furthermore, natural gas is also one of the non-renewable
energies that human heavily utilised in transitioning to net-zero carbon footprint target at the year 2050 [4].

Raw natural gas can be sourced from three types of underground reservoirs, namely oil wells, gas wells and con-
densate wells. Oil well produces natural gas known as associated gas that can either naturally exist as oil-free (free
gas) or dissolved in crude oil (dissolved gas) [5]. On the other hand, gas wells produce solely raw natural gas and
condensate wells yield natural gas containing semi-liquid hydrocarbon condensate along with a minute to an absent
amount of crude oil which is known as non-associated gas [6].

Prior to natural gas extraction and processing, mixtures of light (gas) and heavy (oil) hydrocarbons are first
extracted from a reservoir well followed by a slug catcher that distributes the outlet phases into gas along with light
and heavy liquid phases under equilibrium conditions [7]. Once the gas exits the slug catcher, further downstream
processes are mandatory to pre-treat the raw natural gas before sending it to export/reinjection/fuel gas. Natural
gases are water-saturated as water is always present in the slug catcher during the separation process [8].

Natural gases that contain significant amounts of water content may cause severe problems such as pipeline cor-
rosion and plugging [9]. The abundant presence of water in the natural gas may combine with carbon dioxide and
hydrogen sulphide in the natural gas, leading to accelerated corrosion of the piping, lower flow efficiency due to
slugging flow caused by liquid water condensation, and accumulation of liquid carryover may increase piping flow
and operating pressure that results in a higher risk of equipment damage [10]. The presence of water vapour will
prominently hamper the heating value of the natural gas as well [11].

Another critical issue regarding the presence of water in natural gas is the formation of hydrate solids that may
cause pipeline plugging due to solid deposition in the interior of the pipelines [8]. Natural gas hydrates are a polyhe-
dral solid structure of water (host) molecules caging gas (guest) molecules such as carbon dioxide, nitrogen, hydrogen
sulphide and hydrocarbons such as methane, propane, and butane via Van der Waals forces. The hydrate structure
consists of a highly stable cyclic cluster of water molecules held by hydrogen bonds, with a vacant cavity for guest
molecules to be engaged [12]. Under high-pressure and low-temperature conditions, the host and guest molecules
are forced to be in contact and engaged, forming solid hydrates with densities higher than fluid hydrocarbons thus
depositing the pipelines and causing blockages [13].

Natural gas has to be dehydrated to overcome the above-mentioned issues. A typical acceptable water content
is 4-7 Ib/MMscf (million standard cubic feet of natural gas) for dehydrated natural gas after the absorption process
[14]. Several techniques that have been established for natural gas dehydration purposes are absorption, adsorp-
tion, membrane separation and cooling [15]. Herein, the absorption technique is focused on and discussed in detail.

In typical natural gas dehydration via absorption processes, glycols such as diethylene glycol and tri-ethylene
glycol (TEG) are usually employed as a water desiccant to dehydrate natural gas via a counter-current configuration
in an absorber known as glycol contactor owing to their outstanding chemical affinity of water [14]. The absorption
process is carried out physically through a strong hydrogen bonding between the glycol and water molecules that
contain oxygen and hydrogen atoms [16]. TEG is commonly used industrially due to its low operating cost, superior
water dew point depression, minimal recirculation losses, high hygroscopicity and chemical stability [6].

As the measurement of moisture properties of the dehydrated natural gas such as water content, water dew point,
and hydrate formation temperature is often circuitous, tedious and time-consuming, the modelling of the dehydra-
tion process is often used to simplify and accelerate the effort in conducting process monitoring and improvement.
Therefore, first principle models are often used to conduct process simulations in commercial software (e.g. Aspen
HYSYS, Aspen Plus, UniSim Design). However, these models are highly dependent on computational calculations
based on physical laws such as mass/energy balance, and equilibrium/kinetic-based models. This arises a bottle-
neck whereby a large amount of computational effort and time is required to perform process output calculations
upon dynamic fluctuations land on process inputs. Thus, a need in further simplification of the process modelling
is required.

In this regard, Artificial Neural Networks (ANN) emerge as one of the potential machine learning algorithms to serve
as a reduced order model in providing real-time monitoring of the natural gas dehydration process. Complex calcula-
tions with various formulas based on physical laws are all simplified in terms of plain numbers by forcefully relating the
process inputs and outputs into a simplified expression. The aftereffect, of course, sacrifices a minute degree of accuracy
compared to first principle models but, drastically shortens the computational time of the model in predicting process
outputs upon dynamic fluctuations on process inputs which is one of the utmost priorities in process monitoring and
improvement.
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In real-time process monitoring, the direction of the control actions taken (i.e., increase or decrease manipulated vari-
ables) is often highly prioritised compared to the degree of control accuracy at the given timestamp as process noises
and fluctuations take place all the time. This results in an acceptable operating range at a given setpoint and therefore the
priority of model accuracy level is much less prominent compared to model prediction time. However, the compromise
of accuracy level should not be too large which may result in unreliable model results and therefore model validation
and evaluation must be carried out to corroborate its validity.

Numerous modelling studies by ANN have been carried out on TEG natural gas dehydration such as dehydrated natural
gas equilibrium water dew point prediction via particle swarm optimisation-artificial neural network [11], feedforward
artificial neural network model with Bayesian training [17] and multi-layer perceptron artificial neural network model
[18]. Another work has also reported a classification approach artificial neural network on predicting the output class
of natural gas water content in which the model classifies the outcomes of the water content into two separate classes,
namely Class 0 and Class 1. Class 0 indicates water content <7 Ib/MMscf that satisfies the water content specification
while Class 1 implies water content > 7 Ib/MMscf that does not meet the specification [19]. The above work successfully
predicted the desired outcomes with outstanding correlation scores, however, suffers from one limitation which is not
designated for multi-output predictions on other dehydrated natural gas properties. Important dehydrated natural gas
properties such as water content, aromatics content, hydrate formation temperature and water dew point are crucial to
be determined in order to meet the sales gas specifications and to avoid pipeline plugging issues.

The above studies have successfully demonstrated the prediction of single-process output prediction when it comes to
dehydrated gas moisture properties. However, this greatly limits the application of these models in the potential of being
employed as a real-time process monitoring and improvement tool. A robust process monitoring and improvement tool
should be able to consider broader ranges of process inputs and outputs simultaneously as one process output can be
influenced by several process inputs, and the competency in predicting multiple outputs endows the prediction model
to be deployed as an online dashboard tool to perform real-time monitoring and improvement on the natural gas dehy-
dration process. This facilitates real-time control of the process and enhances the efficiency and productivity of the plant.

Therefore, this work provides a novel insight into the development of a multi-input multi-output ANN (MIMO-ANN)
model by resembling multiple single input-single output ANN models into one to overcome the limitations of having
single output prediction from the above work. Additionally, this work may also unravel the potential of the MIMO-ANN
model to be applied as an inferential sensor which creates a digital twin of the TEG natural gas dehydration process to
perform real-time predictions on measurable and unmeasurable process output predictions.

Herein, multiple outputs of the dehydrated natural gas properties namely (1) dehydrated gas water content, (2) dehy-
drated gas aromatics content, (3) dehydrated gas hydrate formation temperature, (4) dehydrated gas water dew point,
along with other interesting parameters such as (5) stripping gas flow rate and (6) reboiler duty.

To the best of the authors’knowledge, the absence of ANN multiple output predictions on the TEG natural gas dehy-
dration process remains to date. Thus, this work can provide novelty that unravels potential insights on multiple output
prediction ANN models on other industrial processes by venturing into the development of a MIMO-ANN model structure
in predicting the outputs of interest in a TEG natural gas dehydration process.

The structure of this paper is organised whereby a problem statement is first provided in Sect. 2. The introduction
of the TEG natural gas dehydration process and ANN theory along with its process simulation, ANN development and
ANN model evaluation methodologies are elucidated in Sect. 3. The results of the case study and the MIMOANN model
development are discussed in Sect. 4. The MIMO-ANN model evaluation, prediction performance and limitations are
discussed in Sect. 5 respectively. A conclusion in Sect. 6 epitomises the overall work in this paper.

2 Problem statement

The problem statement of this work is elucidated below:

1. Process input of the TEG natural gas dehydration process fluctuates which induces uncertainty to the process outputs
such as dehydrated natural gas properties.

2. Prediction of the dehydrated natural gas properties (water content, aromatics content, hydrate formation tempera-
ture and water dew point) along with other parameters such as stripping gas flow rate and reboiler duty is required.
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Herein, the work aims to predict multiple outputs of the TEG natural gas dehydration process by developing a MIMO-
ANN model which can be potentially installed as an inferential sensor on the process line.

3 Methodology
3.1 Process description of TEG dehydration process

Industrial TEG natural gas dehydration processes normally consist of two parts, which are TEG dehydration and TEG
regeneration, as shown in Fig. 1. In the TEG dehydration section, the lean glycol and wet natural gas are fed counter-
currently into a glycol contactor where water absorption is carried out. The rich glycol that flows out from the bottom of
the glycol contactor then is subjected to a series of separation units (glycol still unit and flash drum) for the regeneration
of lean glycol, before being recycled to the dehydration unit. The installation of filtration units such as sock filters and
activated carbon filters after the glycol flash drum is implemented to further eliminate the accumulation of solid particles
that may clog up pipelines of the downstream processes.

The process is then simulated in Aspen HYSYS and cross-validated with the given actual plant data to ensure that the
actual dehydration process in the plant can be confidently resembled in the process simulation. Subsequently, a nested
case study is used to generate large datasets by considering all possible combinations of process input conditions that
yield various process outputs used for ANN training.

3.2 Artificial Neural Network (ANN) model development and evaluation

A multi-input multi-output artificial neural network (MIMO-ANN) model is created in Keras Python and trained by the
dataset generated by Aspen HYSYS. A loss profile that consists of training and validation losses of the MIMO-ANN model
is plotted and evaluated throughout the training process to ensure that the model is well-trained and no overfitting is
observed (i.e., the loss profile eventually reaches a plateau with increasing training epochs).

The trained MIMO-ANN model is then used to predict unseen data inputs that are held back from the training process
and linear regression is performed between the predicted and actual process outputs on both training and testing data-
sets. The correlation coefficient (R?) score is calculated based on the regressed linear fit model to evaluate the prediction
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Fig. 1 Process flow diagram of a simplified TEG natural gas dehydration process
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performance of the MIMO-ANN model. Percentage error and mean absolute percentage error (MAPE) are then used to
quantify the error between the predicted and the actual data outputs.
Detailed information on R? score, percentage error and MAPE calculation can be found in the Supplementary file.
The overall methodology of the report is depicted in Fig. 2.

4 Case study

A case study of a natural gas dehydration plant located in Malaysia is simulated using Aspen HYSYS V11 [20], with the
simulation flowsheet shown in Fig. 3. Peng-Robinson Equation of State is applied in this case study. The wet natural gas
and recirculating lean glycol composition are elucidated in Table 1.

The wet natural gas (WG1) is fed into the bottom of the glycol contactor (C-100) at 39.85 °C and 119.61 bar(a). A water
saturator unit (SAT-100) is implemented to ensure the natural gas is saturated with water at the given composition and
thermodynamic conditions to resemble scenarios whereby the natural gas is saturated with water after passing through
an upstream production separator that separates the full well-stream fluid into gas, oil and aqueous phases [8]. Lean
glycol (LG-1) enters the top of C-100 to dehydrate the wet natural gas. The dehydrated natural gas (DG1) then exits from
the top of the contactor to be delivered for further downstream processing. The entire TEG dehydration part is carried out
under high-pressure and low-temperature conditions to favour the water absorption in C-100. It is important to note that
the water absorption of the wet natural gas is carried out under hydrocarbon supercritical conditions in this case study.

The rich glycol (RG1) exiting C-100 is then let down and preheated by a glycol reflux condenser (E-C101) and heat
exchangers (E-100 and E-101). The E-C101 created in the simulation is used to artificially resemble the integration of con-
denser duty from glycol still column (C-101). The preheated rich glycol then enters a glycol flash drum (V-100) whereby
gaseous hydrocarbons, rich glycol, and hydrocarbon condensates are separated into three individual phases. It is noted
that for the compositions in this study, there is no flow of hydrocarbon condensate. The rich glycol is then further let
down and preheated to enter C-101 to boil off the remaining water contained in the rich glycol. The reboiler temperature
is controlled within the decomposition temperature limit of TEG (206.67 °C) [14]. The boil-off water vapour (OG1) is then
cooled before being sent to the flare system. The concentrated glycol (LG7) exits from the bottom C-101 at 98.28 wt%
and is further purified in a stripping column (C-102) to achieve a target purity of 98.56 wt%. The stripping gas utilised is
a minute fraction of the dehydrated natural gas (0.00153%) that is recycled from a dry gas - stripping gas splitter (DGSG-
SPLIT) unit. The entire TEG regeneration process is carried out under low-pressure and high-temperature conditions to
facilitate water removal in the glycol still column. A makeup glycol stream (MG) consists of pure TEG under the conditions
of 30 °C and 1.38 bar(a) is used to replenish any loss of TEG in the dehydration system.

The hot lean glycol (LG6) is then cooled through a series of heat exchangers (E-100 and E-101) and a glycol cooler
(E-102). A glycol circulation pump (P-001) is used to pressurise the lean glycol (LG2) back to complete the recirculation
loop for the dehydration process.

The detailed column settings for the glycol contactor, glycol still column and stripping column are given in Table 2.
Table 3 elucidates the assumed pressure drop and temperature change for the heat exchange units.

The dehydrated natural gas stream (DG1) obtained from the simulation is compared with the original plant data as
shown in Table 4 to ensure the simulation results successfully resemble the data of the natural gas dehydration plant. The
resulting simulated stream is similar (within 0.03% error) to that of the case study plant data in terms of thermodynamic
properties, molecular weight, composition and flow rate. Thus, it can be concluded that the actual plant dehydration
process can be resembled in the process simulation conducted in Aspen HYSYS. The process simulation results for the
rest of the process streams are appended in Table S1 in the supplementary file.

Herein, the process input studies are (1) lean glycol recirculation rate, (2) lean glycol purity (TEG mass fraction) and
(3) wet gas inlet pressure. On the other hand, the process output studies are (1) dehydrated gas water content, (2) dehy-
drated gas aromatics content, (3) dehydrated gas hydrate formation temperature, (4) dehydrated gas water dew point,
(5) stripping gas flow rate and (6) reboiler duty. A base case is constructed based on given field data, and the values of
process inputs and outputs of interest are summarised in Table 5.

4.1 Analysis of process variables

A nested case study is set up to study the effect of process inputs on the process outputs. The variables are monitored to
ensure the results of the process simulation are logical and do not deviate from conventional engineering knowledge.
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Fig. 3 Simulation flowsheet of the TEG natural gas dehydration process in Aspen HYSYS simulation

A moderate range of process inputs can only be extracted from Aspen HYSYS to carry out the MIMO-ANN model
training. This is due to the lean glycol purity does not allow broad ranges of lean glycol recirculation rate and wet gas
pressure to be used as certain combinations of the three process inputs do not yield a result. This is caused by the minor
enhancement of the lean glycol purity at the stripping column from 98.28 to 98.56 wt%. Thus, a constraint emerges
whereby a certain combination of lean glycol recirculation rate and wet gas pressure results in a glycol purity larger
than its setpoint and therefore prompts a negative flow in the stripping gas (which is illogical). This narrows down the
extractable data range of the lean glycol purity as a manipulated variable to obtain the desired results.

The lower bound of the lean glycol recirculation rate is 6 m3/h. At circulation rates lower than 6 m3/h, Aspen HYSYS
predicts a hydrocarbons, water and glycol form a single miscible light liquid phase, which is unverifiable. The lower bound
of the wet gas pressure is selected at the hydrocarbon critical point of the natural gas (around 73.00 bar in the base case)
as the natural gas dehydration is performed under hydrocarbon supercritical states based on the operating requirements.
The upper bound of the lean glycol recirculation rate and wet gas pressure are selected to ensure a calculable hydrate
formation temperature. The upper bound of the lean glycol purity is capped at 99.00 wt% as conventional TEG dehydra-
tion processes incorporate lean glycol with a purity up to the aforementioned value. The lower bound of the lean glycol
purity, along with the feasible bounds of lean glycol recirculation rate and wet gas pressure are fine-tuned to obtain a
full set of data via trial and error.

The varying process input parameters are shown in Table 6. A total dataset of 3375 points is generated and is used
for ANN training in Keras Python.

4.1.1 Effect of lean glycol recirculation rate and purity

Increasing the lean glycol recirculation rate facilitates the water absorption process in the glycol contactor, thus further
decreasing the water content in the dehydrated natural gas outlet. Any aromatics content present in the wet natural gas
is absorbed by the lean glycol as well, therefore the aromatics content in the dehydrated natural gas displays the same
decreasing trend as the water content due to facilitated absorption.

As the water content in the dehydrated natural gas decreases, the saturation vapour pressure of the water in the gas
also decreases, which results in a reduction of the water dew point. Similarly, hydrate formation temperature decreases
as well due to water dew point depression caused by a decrease in water content. Hydrates will only form under tem-
peratures ranging from natural gas water dew point or below.

As more glycol is introduced to absorb additional water content from the wet gas, the mass flow at the bottom of the
still column increases as well, and therefore more heat duty is required from the reboiler to maintain the temperature
set point. Consequently, more stripping gas flow is required to strip off excess water from the enhanced lean glycol feed
to the stripper to achieve the desired target purity.
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Table 1 Wet natural gas

. . Component Composition (%-wt)
and recirculating lean glycol
composition Wet natural gas
Methane 70.40
co, 9.00
Ethane 6.40
Propane 6.26
n-Butane 213
i-Butane 1.83
i-Pentane 0.99
Nitrogen 0.78
n-Pentane 0.66
n-Hexane 0.57
Benzene 0.32
Mcyclopentane 0.17
Mcyclohexane 0.15
n-Heptane 0.10
H,0 0.09
Cyclohexane 0.09
Toluene 0.05
Total 100.00
Recirculating lean glycol
TEGlycol 98.56
H,0 1.09
Mcyclohexane 0.12
n-Hexane 0.07
n-Heptane 0.06
Mcyclopentane 0.03
Cyclohexane 0.03
n-Pentane 0.01
i-Pentane 0.01
n-Butane 4.10E-03
Benzene 3.61E-03
Methane 3.31E-03
i-Butane 1.96E-03
Toluene 1.72E-03
Ethane 1.37E-03
co, 1.10E-03
Propane 7.22E-04
Nitrogen 6.21E-05
Total 100.00
Table 2 Sirpulation setting for Column units Number of stages Settings
column units
Glycol contactor (C-100) 3 Top pressure: 119.11 bar(a)

Bottom pressure: 119.61 bar(a)

Glycol still column (C-101) 2 Top pressure: 1.42 bar(a)
Bottom pressure: 1.44 bar(a)
Top temperature: 107.80 °C
Bottom temperature: 204.40 °C

Stripping column 1 Top pressure: 1.44 bar(a)
(C-102) Bottom pressure: 1.44 bar(a)
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Table 3 Simulation setting for

Heat exchange units Settings
heat exchange units 9 9

Hot rich/lean glycol heat exchanger (E-100) Shell inlet/outlet: RG5/RG6
Tube inlet/outlet: LG6/LG5
Shell side temperature: 79.99 to 165.00 °C
Tube side temperature: 202.70 to 108.40 °C
Shell side pressure drop: 0.70 bar(a)
Tube side pressure drop: 0.03 bar(a)

Warm lean/rich glycol heat exchanger (E-101) Shell inlet/outlet: RG3/RG4
Tube inlet/outlet: LG5/LG4
Shell side temperature: 53.73 to 80.00 °C
Tube side temperature: 108.40 to 78.40 °C
Shell side pressure drop: 0.70 bar(a)
Tube side pressure drop: 0.03 bar(a)
Glycol reflux condenser (E-C101) Inlet/Outlet: RG2/RG3
Temperature rise: 49.08 to 53.73 °C
Pressure drop: 0.60 bar(a)
Glycol cooler (E-102) Inlet/Outlet: LG2/LG1
Temperature drop: 74.49 to 45.00 °C
Pressure drop: 0.60 bar(a)

The effect of increasing lean glycol purity is similar to that of increasing lean glycol recirculation rate. However,
the reboiler duty decreases at elevated lean glycol purity which is attributed to the enhanced column feed tem-
perature (or feed enthalpy) after isenthalpic valve throttling. This results in lesser reboiler duty required to maintain
the bottom temperature at the required set point. The increase in feed enthalpy can be explained by the lesser
vapour fraction of the column feed after valve throttling at higher lean glycol purity (note that glycol is heavier than
water). Therefore, more heat is trapped in the liquid fraction of the feed mixture due to its higher heat capacity thus
resulting in a lower temperature drop (higher temperature) in the feed mixture after the valve throttling process.
It is noted that the minute increase in lean glycol purity which increases the glycol mass flow at the bottom of the
column does not affect the reboiler duty demand (as discussed earlier) which is due to the enhanced feed enthalpy
having a more pronounced effect in decreasing the heating requirement of the reboiler.

Similarly, as more glycol is being separated at the bottom column and has a higher lean glycol purity require-
ment, more stripping gas is required to strip off excess water to attain the target lean glycol purity.

The effect of lean glycol recirculation rate and purity on dehydrated gas water and aromatics content, hydrate
formation temperature, water dew point, stripping gas flow rate and reboiler duty are shown in Figs. 4 and 5.

4.1.2 Effect of wet gas pressure

Increasing wet natural gas pressure favours the water absorption process, resulting in decreasing water content of
the dehydrated natural gas. However, the aromatics absorption is unfavoured under high pressures (> 63.00 bar(a)),
which may be due to the decreased solubility of aromatics in lean glycol upon elevating pressure under the hydro-
carbon supercritical state of the wet natural gas inlet as shown in Fig. 6. Similarly, the decreased water content in
the dehydrated natural gas leads to depressed gas water dew point and lower hydrate formation temperature.

As lesser aromatics content is absorbed under elevated wet natural gas pressure, the purity of the rich glycol
increases after exits the bottom of the glycol contactor. This arises the same consequence as increasing lean glycol
purity in which the vapour fraction of the column feed decreases during the valve throttling process and thus has
an elevated feed enthalpy which requires lesser reboiler duty to maintain the bottom temperature at the desired
set point.

Additionally, lesser stripping gas is also required to strip off water from the lean glycol to achieve target purity
due to higher initial lean glycol purity before entering the stripping column. The effects of lean glycol recirculation
rate and purity on dehydrated gas water and aromatics content, hydrate formation temperature, water dew point,
stripping gas flow rate and reboiler duty are shown in Fig. 7.
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Table 4 Comparison between

- . Name Simulated DG1 Plant data DG1

the simulation results and

the case study plant data Vapour fraction 1.00 1.00

z(t):e(if:)gg?ted natural gas Temperature (C) 40.45 40.42
Pressure (bar) 119.11 119.11
Molar flow (kgmole/h) 24,520.98 24,537.04
Mass flow (kg/h) 481,329.33 482,087.19
Molecular weight 19.63 19.65
Heat flow (kW) —623,858.53 —624,000.00
Mass density (kg/m?) 114.85 115.05
Mass heat capacity (kJ/kg-C) 2.98 2.98
Thermal conductivity (W/m-K) 0.05 0.05
Std gas flow (STD_m?>/h) 579,784.74 580,164.62
Actual gas flow (ACT_m?>/h) 4190.98 4190.26
Viscosity (cP) 0.02 0.02
Mass lower heating value (kJ/kg) 44,401.17 44,398.98
Z Factor 0.78 0.78
Master comp mass frac (TEGlycol) 0.0000 0.0000
Master comp mass frac (H,0) 0.0001 0.0001
Master comp mole frac (TEGlycol) 0.0000 0.0000
Master comp mole frac (H,0) 0.0001 0.0001
Master comp mole frac (Nitrogen) 0.0055 0.0055
Master comp mole frac (CO,) 0.0402 0.0402
Master comp mole frac (H,S) 0.0000 0.0000
Master comp mole frac (Methane) 0.8637 0.8633
Master comp mole frac (Ethane) 0.0417 0.0418
Master comp mole frac (Propane) 0.0279 0.0280
Master comp mole frac (i-Butane) 0.0061 0.0062
Master comp mole frac (n-Butane) 0.0071 0.0072
Master comp mole frac (i-Pentane) 0.0027 0.0027
Master comp mole frac (n-Pentane) 0.0018 0.0018
Master comp mole frac (n-Hexane) 0.0013 0.0013
Master comp mole frac (n-Heptane) 0.0002 0.0002
Master comp mole frac (Benzene) 0.0008 0.0008
Master comp mole frac (Toluene) 0.0001 0.0000
Master comp mole frac (m-Xylene) 0.0000 0.0001
Master comp mole frac (o-Xylene) 0.0000 0.0000
Master comp mole frac (Cyclopentane) 0.0000 0.0000
Master comp mole frac (Mcyclopentane) 0.0004 0.0004
Master comp mole frac (Cyclohexane) 0.0002 0.0002
Master comp mole frac (Mcyclohexane) 0.0003 0.0000
Total 1.0000 0.9999

4.2 MIMO-ANN model development

A detailed explanation of the ANN model concept can be found in section S1.1 and illustrations are shown in Figure
S1in supplementary file.

An ANN model with a multi-input-multi-output (MIMO) structure is constructed via Python Keras Functional
APl library package. The MIMO-ANN structure along with the input and output layer terms are defined in Fig. 8 and
Table 7 respectively.
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Table 5 Process simulation

inputs and outputs obtained Values Units
under a base case Process inputs
Lean glycol recirculation rate 9.782 m3/h
Lean glycol purity 0.9856 -
Wet gas pressure 119.61 bar(a)
Process outputs
Dehydrated gas water content 5.017 Ib/MMSCF
Dehydrated gas aromatics content 869.7 ppm
Dehydrated gas hydrate formation temperature 1.02 °C
Dehydrated gas water dew point 8.69 °C
Stripping gas flow 7.43E-03 MMSCFD
Reboiler duty 589.1 kw

LG Lean glycol, WG Wet gas, DG Dehydrated gas, SG Stripping gas

Table 6 Case study setup with

Process inputs Lower bound Upper bound Step size Steps
lower bound, upper bound
and step size of process inputs | G recirculation rate 6 12 0.4286 15
LG purity 0.9850 0.9900 3.57E-04 15
WG pressure 80 120 2.86 15

4.2.1 Hidden layer, nodes and activation functions

The number of hidden layers, nodes and type of activation functions in each hidden layer is determined via a trial-
and-error method to obtain satisfactory results.

Three hidden layers are used for all the process outputs with a descending node number of 16, 8, and 4 for bet-
ter results. Rectifying Linear Unit (ReLU) is used as the activation function in all the hidden layers whereas the first,
second, and third hidden layer activation functions for Dep_v2 are ReLU, hyperbolic tangent (tanh) and Leaky ReLU
respectively. For all the output layers, the activation functions implemented are Leaky ReLU. The total number of
trainable parameters for the MIMO ANN model is 1446. Detailed illustrations of other activation functions can be
found in Figure S2 in the supplementary file.

4.2.2 Loss function

Mean squared error (MSE) is chosen as the loss function in the ANN model training. MSE measures the average
squared difference between the estimated value and the actual value, which is useful in detecting large errors. Large
errors are heavily penalised due to the quadratic exponential in the MSE function, therefore is beneficial when it
comes to detecting outliers and minimising large errors compared to other loss functions [21].

The formula for calculating MSE is shown in Eq. 1.

n

1 a2
MSE = EZ(Y,—Y,) (1

i=1

wheren,Y,, )A/, indicates the number of data points, observed values and predicted values respectively.
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4.2.3 Data splitting

The 3375 sets of training data from Aspen HYSYS are divided into 2025 for training, 675 for validation and 675 for
testing (unseen) datasets with a splitting ratio of 60-20-20 respectively. The random splitting seed generator is set
to a constant integer of ‘1" to fix the random splitting of the training and testing datasets whenever the Python code
is initiated.

4.2.4 Dropout

A dropout rate of 0.5 is used for all the hidden layers (Hidden_Layer_1, Hidden_Layer_1a to Hidden_Layer_6, Hidden_
Layer_6a) according to normal practice, indicating that there is a 50% chance that any nodes presented in the hidden
layers will be ignored during the training process. A detailed explanation of dropout can be found in Figure S4 in the
supplementary file.

4.2.5 Optimiser and learning rate

Adaptive moment estimation (Adam) algorithm is used to optimise the gradient descent calculation in this work.
The Adam optimiser accelerates the gradient descent algorithm via a combination of two gradient descent
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methodologies, namely the momentum and root mean square propagation algorithm. The exponential weighted
average of the gradients is considered, thus leading to swift convergence of the algorithm. A learning rate of 0.01 is
used according to normal practice.
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Fig.8 ANN with MIMO structure conducted for the case study via Keras Python

4.2.6 Epochs and early stopping
A total of 300 epochs are used to carry out the ANN training with an early stopping (callback) criteria of minimum

model improvement of zero in MSE validation loss with patience of 50 epochs. A detailed explanation of epoch can
be found in Figure S3 in the supplementary file.
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Table 7 Parameters
corresponding to the input
and output layers of the Input layer
MIMO-ANN model

Corresponding parameters

Ind_v LG recirculation rate
LG purity
WG pressure
Output layers

Dep_v1 DG water content

Dep_v2 DG aromatics content

Dep_v3 DG hydrate formation temperature
Dep_v4 DG water dew point

Dep_v5 SG flowrate

Dep_v6 Reboiler duty

LG Lean glycol, WG Wet gas, DG Dehydrated gas, SG Stripping gas

Fig.9 Loss profile (MSE) on 1e6
training and validation runs 104 —— Training Loss
of the MIMO-ANN model over Validation Loss
the number of epochs
0.8
!
0.6 ‘
3
oa] |
0.2 1
0.0 \
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5 Results and discussion
5.1 Loss profile validation, model evaluation via linear regression and error quantification

The overall loss profile (MSE) of the MIMO-ANN model is illustrated in Fig. 9. The training epoch is stopped at 257 initi-
ated by the callback function whereby there is no significant improvement of the MSE for 50 consecutive epochs. As
aresult, there is a 99% drop in both training and validation loss. The validation loss is slightly higher than the training
loss, indicating good training of the MIMO-ANN model and data splitting that does not display overfit results. The
overall MSE for the testing dataset is 1.79, implying an outstanding prediction of the MIMO-ANN model on unseen
data. The smaller MSE of the testing dataset to that of the training dataset can be explained by the MSE torment due
to dropout regularisation during the training phase resulting in a higher training MSE profile.

The predicted outputs by the MIMO-ANN model over actual outputs simulated by Aspen HYSYS for all the studied
outputs (DG water content, DG aromatics content, DG hydrate formation temperature, DG water dew point, SG flow
rate and Reboiler duty) according to training and testing datasets are shown in Figs. 10, 11, 12, 13, 14, 15. A line of best
fit is plotted for all the predicted versus actual outputs on training and testing datasets, and the resulting regression
lines are dominantly overlapping with the 45° reference line (y =x) with an excellent R? score of >0.999. This suc-
cessfully demonstrates the outstanding capability of the MIMO-ANN model to carry out predictions for unseen data.

The mean absolute percentage errors between the actual and predicted outputs for all the training and testing
datasets are shown in Fig. 16. The percentage deviation for all the testing datasets is less scattered compared to
that of training datasets, which is in agreement with the slightly lower value of overall MSE in the testing dataset
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Fig. 11 Predicted versus actual values of dry gas aromatics content for a training dataset and b testing dataset

compared to the training dataset. In general, the percentage deviation range for all the predicted output ranges is
less than 5% with a MAPE value of less than 1%, except for the predicted output values for dehydrated gas hydrate
formation temperature and stripping gas flow rate. The percentage error began to surge up to values near —650%
and 1000%, resulting in a MAPE value of 16.63% and 11.55% for both the output predictions respectively when the
predictions are carried out on pseudo-zero actual values. This is due to the nature of the percentage error formula
(shown in Eq. S7) that yields an exceptionally high value by dividing a pseudo-zero value. Therefore, the high MAPE
value for both the output predictions is not critical as the prediction performance of the MIMO-ANN model is still
highly accurate according to the best-fit line regressed in Figs. 12 and 13.

5.2 Limitations
The MIMO-ANN model developed in this work although demonstrates exceptional predictive performance according to
the results shown above, however, is constrained by several limitations which can be further improved in future work.

One of the limitations that can be improved in this work is to extend the consideration of additional process inputs. The
current process inputs considered are lean glycol recirculation rate, lean glycol purity and wet gas pressure. This may
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Fig. 15 Predicted versus actual values of reboiler duty for a training dataset and b testing dataset

be insufficient to generalise the prediction of the process outputs for the entire process as other process inputs such
as wet gas composition, wet gas flow rate, wet gas temperature, lean glycol temperature and lean glycol pressure may
fluctuate to influence the desired process outputs as well. However, the consideration of additional process inputs will
inevitably populate the number of datasets that will be fed into the MIMO-ANN model training drastically, requiring an
extensive computational processing capability of the incorporated device upon carrying out the ANN training process.

Another limitation in this work includes a moderate training bound opted for MIMO-ANN training due to the minor
lean glycol purity enhancement performed by the stripping column for the given base case scenario. The minute increase
in lean glycol purity from 98.28 to 98.56 wt% by the stripping column in the base case narrows down the trainable data
range from 98.50 to 99.00 wt% after the consideration of lean glycol recirculation rate and wet gas pressure combina-
tions. This is due to certain combinations of the lean glycol recirculation rate and wet gas pressure resulting in a lean
glycol with purity larger than the selected lower bound of the lean glycol purity and therefore fails the stripping column
calculation in Aspen HYSYS. This makes lean glycol purity the strictest constraint when selecting the upper and lower
bounds of the process inputs.

Furthermore, the above MIMO-ANN model is solely specific to the configuration of the TEG dehydration system. Any
modifications to the system especially on the column settings will result in the ANN output to be not reliable and thus
the process has to be re-simulated and the ANN model has to be retrained again to obtain new output predictions.

6 Conclusion

This work has successfully developed a MIMO-ANN model with three hidden layers individually to simulate the entire
TEG natural gas dehydration process. The overall MSE is 1.79 and all the R? scores for the process output predictions
are >0.999 for the testing dataset. The MAPE on all the output predictions is less than 1%, except on dry gas hydrate
formation temperature and stripping gas flow predictions that possess a value of 16.63% and 11.55% respectively due
to the prediction attempted on pseudo-zero values. The MIMO-ANN model displays an unexceptional performance on
unseen data endowed by rigorous ANN training via dropout regularisation. This potentially unravels the application of
this MIMO-ANN model in digital twin as a process monitoring and improvement tool.

Various limitations of the MIMO-ANN model such as insufficient process input considerations, moderate ANN train-
ing data range and inflexibility are discussed as well, unravelling the potential for model improvement in future work.
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