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Abstract: In the traditional C3MR process (T-C3MR), the boiling gas (BOG) output from the last stage
of the gas-liquid separator is directly discharged, in which the excellent low-temperature capability
is not utilized, and the system efficiency is decreased. In liquefied natural gas (LNG), single-objective
optimization methods are commonly used to optimize system parameters, which may result in
incomplete system analysis. To solve the above problems, this paper proposes a multi-objective
optimization strategy for the improved C3MR process(I-C3MR) based on a new multi-objective
optimization algorithm called EHR-GWO-GA. Firstly, the main work proposes an I-C3MR structure.
Secondly, an optimization strategy of the I-C3MR with the maximization of liquefaction amount,
minimization of unit energy consumption and minimization of exergy loss as objective functions
are proposed. Based on the optimization results, the influence of decision variables on liquefaction
amount, unit energy consumption and exergy loss are analyzed, and the results show that the decision
variables have good adaptability. Finally, a detailed exergy analysis of the equipment used is made,
and the results show that the main exergy losses come from the water coolers and compressors,
accounting for 32% and 34%, respectively. Compared to the T-C3MR, the improved C3MR based on
EHR-GWO-GA(E-C3MR) has an approximate 8% increase in liquefaction amount—a roughly 23%
decrease in unit energy consumption and a decrease of nearly 24% in exergy loss.

Keywords: high-pressure natural gas; liquefaction process; exergy analysis; unit energy consumption;
C3MR; multi-objective optimization

1. Introduction

As a clean energy source, natural gas (NG) has received widespread attention, and its
consumption has rapidly increased [1]. There are several modes of transporting NG to the
market from gas fields in remote areas, including liquefied natural gas (LNG), compressed
natural gas (CNG), and natural gas hydrate (NGH) [2].

The liquefaction process of NG has entered the commercialization stage as a fairly
promising delivery method [3]. In terms of commercialization, there are three main types
of NG liquefaction processes, including single-mixed refrigerant (SMR), double-mixed
refrigerant (DMR), and propane pre-cooled mixed refrigerant (C3MR) [4]. The SMR process
is simple, requires less equipment, and has a relatively high energy consumption of about
1200 kJ /kg-LNG [5]. The DMR process consists of double refrigerant cycles and is more
energy efficient than the SMR process, about 1100 k] /kg-LNG [6]. The C3MR process is a
new liquefaction process developed by APCI based on the mixed refrigerant liquefaction
cycle. Although the C3MR process is complex and requires a good deal of equipment, its
energy consumption is the lowest at about 1000 k] /kg-LNG [7]. Due to its energy-saving
characteristics, the C3MR process occupies the largest market share in the liquefaction of
NG, with a market share of about 60% in 2017 [8].
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He et al. [9] conducted a comparative investigation of three liquefaction processes,
SMR, DMR, and C3MR, to determine their potential for energy saving and production
increase during the winter based on the optimal conditions under different ambient tem-
peratures obtained by the genetic algorithm (GA). However, the optimization method also
uses a single-objective approach, and the exergy analysis has yet to be demonstrated. Park
et al. [10] proposed a process for applying liquid air to the C3MR by introducing liquid
air as a recovery medium to recover the cold energy released from the LNG, a GA was
used for optimization, and a detailed analysis was performed. However, the optimization
method also uses a single objective method. Hajji et al. [11] investigated the thermody-
namic aspects of C3MR by changing variables to improve the overall performance and
heat recovery of the LNG process. Simulations and sensitivity analyses were carried out
for two objectives in which the unit energy consumption, compressor power consumption,
and energy consumption in the liquefaction process were reduced by varying the process
parameters. However, a detailed exergy analysis of the process still needs to be done.

Over the past decade, there has been an exciting surge in LNG process optimization
research, primarily driven by economic reasons and encouraged by the growing capabilities
of computing tools. Ghorbani et al. [12] studied the DMR process, and the structure of the
DMR was designed. Rao et al. [13] proposed an operation optimization program for the
multi-stream heat exchangers (MHEXs) process and demonstrated their method on the
C3MR process. Wang et al. [14] optimized the C3MR process and proposed a propane and
iso-butane pre-cooled mixed refrigerant liquefaction process (C3&C4-MR). The improved
liquefaction process can significantly reduce the system’s energy consumption and greatly
improve the exergy efficiency. Primabudi et al. [15] proposed a multi-objective optimization
method to optimize the C3MR process, and the dual objective function maximizes the
exergy efficiency and minimizes the total cost of the product. During the exergy analysis of
the above article, the equipment considered includes compressors, heat exchangers, valves,
and water coolers. Sabbagh et al. [16] used Aspen Plus to establish a new NGL/LNG
integration scheme based on the C3MR refrigeration system. Ali et al. [17] studied the
surrogate-assisted modeling and optimization of the SMR, and an approximate surrogate
model was established using the radial basis function combined with the thin plate spline
method to solve the computational load problem and obtain the results in a complex and
reasonable amount of time. Sabbagh et al. [18] introduced a new NGL/LNG scheme based
on an established industrial NGL plant and performed single, double, and triple-objective
optimizations. Geng et al. [19] proposed a new integrated liquefaction process using an
improved dual-mixed refrigerant pre-cooling method.

In this paper, the unit energy consumption is used as the objective, and the particle
swarm optimization algorithm is used to optimize the system mentioned in this paper.
However, this paper continues to use the single-objective optimization method. Jin et al. [20]
proposed a novel liquefaction process that integrates propane-free mixed refrigerant and
nitrogen expander cycles (MR-N2) and the unit energy consumption as the objective using
GA to find the optimal decision variables. Li et al. [21] studied an improved refrigeration
system and optimized it using GA with specific energy consumption as the objective,
followed by exergy and energy analyses. Awad et al. [22] investigated the optimization of
an LNG process based on GA and compared it with a knowledge-based search algorithm
based on the same process and objective function implementation. The results of this paper
demonstrated that the GA outperforms the knowledge-based search algorithm proposed
in earlier studies. Ting He et al. [23] proposed a series of novel natural gas liquefaction
systems integrated with waste heat utilization of gas turbine exhaust to reduce the energy
consumption of the liquefaction plants. Jinwoo Park et al. [24] proposed the use of liquid air
as a medium for recycling cold energy; this significantly enhanced the LNG supply chain by
not only improving its energy performance but also contributing to the utilization of cold
energy by using the empty LNG ship on the return journey. However, in the traditional
optimization of the natural gas liquefaction process, single-objective optimization is usually
adopted, which will lead to the system performance being too tilted in the direction of the
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objective function, resulting in the reduction of the remaining performance indicators of
the system. The significance of multi-objective analysis is to optimize the system as a whole
to achieve a more comprehensive optimal operation mode. Furthermore, as a sophisticated
algorithm that emulates natural selection and genetic mechanisms in nature, the GA is well
suited for solving nonlinear models. However, slow convergence and a tendency to get
stuck in local optima are common problems in traditional GA.

Grey wolf optimization (GWO) is a meta-heuristic algorithm based on the social
structure and hunting behavior of wolves to solve optimization problems [25]. This method
is widely used to solve various engineering problems. For example, a group of researchers
applied GWO to civil engineering problems involving the design of water supply networks.
The goal is to minimize financial costs and reduce the number of network components,
including pipe sizes, pump ratings, and other elements. This method meets established
performance and cost expectations [26]. On the other hand, Majeed and Rao built a GWO-
based model to automate the design process of analog circuits. Through this application,
they effectively demonstrated the utility of GWO and produced enhanced circuit design
in the shortest possible time [27]. In general, the GWO could be used to improve the
results of different clustering methods and be applied to different fields, such as medicine,
engineering, and astronomy [28-30].

The main contributions of this work are as follows: (1) An improved C3MR is proposed,
which is based on the traditional C3MR (T-C3MR), and the excellent low-temperature
performance of the boiling gas (BOG) is fully utilized. (2) An improved GA based on
endocrine hormone regulation (EHR) and grey wolf optimization (GWO) is proposed.
In this method, the crossover operator and mutation operator of GA are improved by
using EHR, and GWO is introduced to solve the problem of GA’s slow convergence speed.
(3) A multi-objective optimization method, EHR-GWO-GA, is proposed to optimize the
liquefaction process with the objective of determining the liquefaction amount, unit energy
consumption, and exergy loss. (4) Based on the optimization results, the influence of
decision variables on liquefaction amount and unit energy consumption is analyzed in
detail, and the liquefaction amount, unit energy consumption, and exergy loss of the
traditional C3MR process (T-C3MR), improved C3MR process (I-C3MR), and improved
C3MR based on EHR-GWO-GA process (E-C3MR) were compared. In the exergy analysis,
the specific equipment considered are compressors, heat exchangers, valves, and water
coolers, and the exergy analyses of equipment of these processes are compared.

2. Process Design and Models
2.1. Process Description

In T-C3MR, BOG is mostly discharged directly into the air as exhaust gas. Because
BOG is a gas separated from the gas-liquid separator of the same level as LNG, it has the
same low temperature as LNG, so BOG has excellent low-temperature performance. Direct
emissions undoubtedly waste BOG’s excellent low-temperature performance.

An improved C3MR is proposed in this paper, as shown in Figure 1. The low-
temperature gas, which was separated from the last stage of the gas-liquid separation
device, is as the cold flow back into the LNG-106 and the LNG-105 for providing cooling en-
ergy in turn, which could decrease unit energy consumption and exergy loss, and increase
the liquefaction amount.

In Figure 1, I-C3MR is comprised of three parts. In the first part, NG enters through
the inlet and is pre-cooled by a propane refrigeration cycle (C3 cycle). NG is cooled by the
mixed refrigerant cycle (MR cycle) after reaching the appropriate temperature. After cooling
by the MR cycle, the gas-liquid separation is performed by the gas-liquid separation device
and the LNG is stored in the liquid storage tank. In the second part, MR is pre-cooled
by propane to a lower temperature, and then the pre-cooled NG is deeply cooled. In the
third part, the C3 cycle includes the heat transfer, pressure, condensation, and throttling
cycle. The last part of this paper discusses the improvement of T-C3MR. While the last
stage gas-liquid separation device separates the liquefied LNG, the BOG is guided back to
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the last-stage heat exchanger by the gas outlet. It then uses its excellent low-temperature
performance to cool the natural gas, forming good feedback. This section has been labeled
with a bold solid line in Figure 1. 1-10 in Figure 1 is the flow direction of the feed gas.

K-103 K-102 — Natural Gas — Reflux BOG
— Mixed Refrigerant —— Energy Flow

—— Propane

—»
K-100 E-100 K-101 E-101
10 @
209 — —9
212| L ) o

__FEED
GAS

F——5—» 6——»><]—7
LNG-101  LNG-102 LNG-103 LNG-104 LNG-105 LNG-106
4 LNG»

Figure 1. Improved C3MR liquefaction process.

2.2. Given Parameters

To better demonstrate the superiority of the improved C3MR, similar parameters and
assumptions to T-C3MR were adopted [31].

In the process of the liquefaction of NG, the pressure of feed natural gas (Prg) is
6500 kPa, the temperature of feed natural gas (Trg) is 25 °C, the mass flow rate of feed
natural gas (Mgg) is 5000 kg/h, and the pressure of the LNG storage tank is 110 kPa.

The specific specifications used here are shown in Table 1.

Table 1. Process parameters [9-15].

Parameter Value
Feed natural gas pressure 6500 kPa
Feed natural gas temperature 25°C
Feed natural gas mass flow rate 5000 kg/h
CHy 0.8748
CoHg 0.0550
Feed natural gas mole fraction composition C3Hg 0.0212
i-C4Hjg 0.0089
Ny 0.0401
C3 mass flow rate 17,000 kg/h
MR mass flow rate 10,000 kg/h
CHy 0.42
. o CyHg 0.3
MR mole fraction composition CaHs 021
Ny 0.07
LNG storage pressure 110 kPa
Pressure drops of heat exchangers and water coolers 20 kPa
Ambient temperature 25°C
Insulation efficiency of the compressor 75%

The lowest approaching temperature of the heat exchanger 2°C
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2.3. Thermodynamic Model
2.3.1. Phase Equilibrium Equations

Aspen HYSYS mainly provides two of the most commonly used state equations: the
Peng—-Robinson state equation and the SRK state equation.

The Peng-Robinson state equation is ideal for calculating the vapor-liquid equilibrium
of the system and the liquid density of the hydrocarbon system [32]. It has a large scope of
application and is more accurate for predicting some non-ideal systems. For gas processing,
the Peng—Robinson equation of state is the commonly recommended physical property
method. Aspen HYSYS has strengthened the equation to calculate many systems accurately
under a wide range of operating conditions with high processing efficiency and reliable
calculation results. The Peng-Robinson equation of state can accurately calculate the phase
equilibrium of cryogenic high-temperature and high-pressure systems.

In many cases, the SRK state equation [33] can also obtain similar results to the
Peng-Robinson state equation, but its scope of application is much smaller than the Peng-
Robinson state equation. This method is not reliable for non-ideal systems.

Therefore, considering that the Peng—Robinson state equation is more suitable for the
natural gas liquefaction process, it is selected in this paper.

The phase equilibrium equation is the basis for calculating the physical parameters
in the liquefaction process. The Peng—Robinson state equation, which is used to calculate
thermodynamic parameters [32], is selected in this paper. The formulas are shown in
Equations (1)-(5):

_RT a(T)
P=V =0 VIV+b)—b(V—0) @
272
o(T) = 0.457235 % 1e4T) @)
Pc
b — 00777960 (©)
Pc
2
a(T) = [1 + (0.37464 +1.542260 — 0.26992w2> (1 - T9~5)] (4)
T
T, = T ()

where p is the pressure, Pa; R is the gas constant (R = 8.314), ]/ (mol-K); T is the temperature,
K; v is the molar amount, m3/mol; « is the function of temperature; b is the constant; u is
the centrifugal factor; T is the critical temperature, K; and p. is the critical pressure, Pa.

2.3.2. Exergy Analytical Model

In this paper, the exergy analysis method is used to calculate the exergy loss of the
equipment in the process [34].

The assumptions are proposed as follows: the losses of pressure and heat are ignored,
and the flows in the process are stable.

The detailed equation for exergy losses of the heat exchangers is shown in Equation (6):

Enx = Z Ein — Z Eout = To (Z Sout — Z Sin) (6)

The detailed equation for exergy losses of the compressors is shown in Equation (7):
Ecom = ZEin - ZEout +W= TO(Sout - Sin) @)

The detailed equation for exergy losses of the water coolers is shown in Equation (8):

Ewe = ZEin - ZEout =Ty (Z Sout — Zsin) =+ Q (8)
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The detailed equation for exergy losses of the valves is shown in Equation (9):
E, = ZEin - ZEout = TO(Sout - Sin) )

3. Improvement of GA

The optimization of the liquefaction process of NG involves several decision variables
and optimization objectives that are interconnected. The solution’s complexity is much
greater than that of a typical planning problem. Currently, intelligent optimization algo-
rithms such as GA are mainly employed to address the objective function. In addition, the
basic operation cases of genetic algorithms are also detailed in the references [35,36].

Although GA is a widely used intelligent algorithm, it has two unavoidable short-
comings. First, it is the slow convergence speed. This is because GA needs to search for
the global optimal solution fully, which means GA wastes a lot of computing power in the
non-optimal direction. This will inevitably lead to the problem of slow speed. Second, it is
easy to fall into a local optimal solution. This is because, in different optimization processes,
super individuals may appear in the population in the early stage of optimization. In the
early stage of evolution, the search has not covered all the data, and the emergence of
super individuals leads to the fitness value of the individual greatly exceeding the average
individual fitness value of the current population so that the algorithm converges to the
local optimal solution earlier. The search range of GA in the optimization process is deter-
mined by the crossover probability and mutation probability; there is a positive correlation
between them. Because the value of crossover probability and mutation probability need to
take into account the needs of the early and late stages of population evolution, a moderate
constant is often used. The fixed crossover probability and mutation probability lead to the
search range not being large enough in the early stage of population evolution. When the
super individual appears in the early stage of evolution, the optimization tends to converge
to the super individual in advance. In other words, the fixed crossover and mutation
probability are the main problems leading to the local optimal solution.

An improved GA method based on EHR and GWO is proposed to address the above
problems. The details are discussed below.

3.1. Improved GA Based on EHR

The basic law of EHR was proposed by FARHY in 2004. It reveals that hormones have
monotonic and non-negative change characteristics. The up-regulation function Fyp (G)
and the down-regulation function Fyown (G) of EHR follow the Hill function. The formulas
are shown in Equations (10) and (11) [37].

Gn

Fup(G) = DirGn (10)
Dn

Faown (G) = Ien (11)

In Equations (10) and (11), G is the function independent variable; d is the threshold,
and D > 0; n is the Hill coefficient, and n > 1; n and D jointly determine the slope of the
rising and falling curve.

The Hill function for D = 50, n = 5 [37] is shown in Figure 2. Figure 2 shows the rising
and falling characteristics of the Hill function, respectively.

In this section, the crossover operator and mutation operator of GA are improved by
using EHR, which is named EHR-GA. The crossover operator and the mutation operator
had a certain adaptability, and their size will change according to the increase in the
number of iterations. That is to say, in the early stage of population evolution, EHR-GA
has a larger crossover probability and a smaller mutation probability, which is conducive
to the search of the population and avoids the occurrence of super individuals. At the late
stage of population evolution, the global search is nearing the end, and it does not need
too much crossover probability. At this time, EHR-GA has a larger mutation probability
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and a smaller crossover probability. The large mutation probability helps to search for the
optimal solution more accurately at the later stage of the search, which is conducive to the
solution of the optimal solution. Therefore, the problem of falling into the local optimum
will be avoided in the optimization process.

1.0+
0.6
0.4+
0.2
T T . 0.0+ T T T i
100 150 200 50 100 150 200
Rising figure Falling figure
(a) (b)

Figure 2. The Hill function: (a) rising figure; (b) falling figure.

3.2. EHR-GA Combined with GWO

GWO is a new intelligent algorithm proposed by Mirialili et al. in 2014 [38]. The core
of the grey wolf algorithm is to simulate the hunting behavior of wolves in the natural
environment. According to the individual’s performance in the objective function, the
individual with the best performance is found as the leader wolf, and the leader wolf’s
position is used to transmit information to other individuals so that they can adjust their
position in the direction of the leader wolf. It is precisely because of a direction selection
mechanism similar to wolf predation that GWO has a faster convergence speed.

Compared to EHR-GA, GWO has the characteristics of fast convergence. Therefore,
GWO'’s direction selection mechanism is added to EHR-GA to solve the problem of GA’s
slow convergence speed in the optimization process.

The formulas are shown in Equations (12)—(15). The directional mechanism of EHR-GA
with GWO is shown in Figure 3.

D =|C Xp(H) - X(t) (12)
X(t+1) = Xp(t) = A-D 13)
A=2d-1 -4 (14)
C=21 (15)

Among them, t represents the number of current iterations, Xp represents the optimal
population, and X represents the optimal individual. 4 decreases from 2 to 0 during the

iteration, and 71 and 72 are random vectors in [0, 1]. R is the perturbation radius. B is the
direction of the leading wolf, that is, the direction of the optimal solution.

Therefore, EHR, GWO and GA are combined, which is named EHR-GWO-GA, to
solve the two problems mentioned above, and the workflow of EHR-GWO-GA is shown in
Figure 4.
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Figure 3. The directional mechanism of EHR-GA with GWO.
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Figure 4. Calculation flow of EHR-GWO-GA.

3.3. Performance Testing

GWO

In order to verify the effect of EHR-GWO-GA, six test functions [38,39] with two
different characteristics are used to test the performance of EHR-GWO-GA and GA from
the standard functional test library. The test functions have two different characteristics,
and they are unimodal functions: f1(x), f2(x), f3(x), f5(x) and multimodal functions: f4(x),
fe(x). The test function diagram and related parameters are shown in Figure 5a—f and
Table 2, and the convergence curve is shown in Figure 6a—f.
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Figure 5. Three-dimensional graph of test function: (a) f1(x); (b) f2(x); (c) f3(x); (d) f4(x); (e) f5(x); and
() f6(x)-
Table 2. Test function.
Test Function n Hunting Zone Optimal
‘ 2
LAy 30 -100, 100 0
A =L Ly [ ]
i=1\j=
fo(x) = max{|x;|,1 <i<n} 30 [-100, 100] 0
1
A) = 5 22 30 [~100, 100] 0
i=1
Fa(x) = —20exp (—0.2 %i); x?) —exp (%icas@nxi)) 120 +e 30 [-20, 20] 0
fo(®) = & Jxil + T ) 30 [-100, 100] 0
i=1 i=1

fo(x) = 5 ix} + random[0,1) 30 [-1.28,1.28] 0
i=1
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Figure 6. Optimization convergence curve: (a) f1(x); (b) f2(x); (c) f3(x); (d) f4(x); () f5(x); and (f) f4(x).

According to the test results, in the application of f1(x), f2(x), and f5(x), the performance
of EHR-GWO-GA is better than that of GA in terms of the accuracy of the optimal solution
and the convergence speed. In the application of f3(x), f4(x), and f¢(x), EHR-GWO-GA
avoids the problem of locally optimal solutions in the process of using GA.

From the convergence curve of each test function, it can be seen that the convergence
speed and avoiding falling into local optimal solutions of EHR-GWO-GA have been greatly
improved compared with GA.
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4. Process Optimization

In this paper, there are three optimization objectives, which are the maximum amount
of liquefaction amount, the minimum value of unit energy consumption, and the minimum
of exergy loss. The corresponding optimization objective functions are as follows.

The objective function 1 (OF1) is the maximum amount of liquefaction. Since the most
direct product of the liquefaction process is LNG, most of the current research focuses
more on increasing the amount of liquefaction and also takes increasing the amount of
liquefaction as the goal of process optimization. The OF1 is shown in Equation (16):

Max OF1(X) = Ming (16)

where M NG refers to the molar flow rate of LNG produced.

The objective function 2 (OF2) is the minimum value of unit energy consumption. Unit
energy consumption is the ratio of the total energy consumption in the process to the molar
flow rate of LNG under normal conditions. Unit energy consumption is the main index
for evaluating a liquefaction process, which is usually treated as the objective of process
optimization. The OF2 is shown in Equation (17):

Min OF2(X) = PWhet

= 17
MiNG 17)

where Wit refers to the net energy consumption in the process. Wret is shown in Equation (18):

Whet = Z Wcompressor (18)

The objective function 3 (OF3) is the minimum of exergy loss. Exergy is a measure of
the maximum effective energy that can be extracted when the process flow is balanced with
the surrounding environment in a hypothetical reversible process. Reducing the exergy
loss in a system is one of the main objectives of liquefaction process optimization. The OF3
is shown in Equation (19):

Min OF3(X) = Exergy losses (19)

where X is shown in Equation (20):

X = {PrG, Tr, P203, Poos, P209, P212, M3, Mg } (20)

X is the key parameter vector in the liquefaction process; Po3, Paog, P2go and Py refer
to the main-pressure level, high-pressure level, medium-pressure level and low-pressure
level in the liquefaction process, respectively; Mc3 and My are the mass flow rates of
propane and mixed refrigerant, respectively.

The following equipment constraints were established:

(1) The isentropic efficiency was kept constant at 75%;

(2) The valve inlet/outlet stream must be liquid;

(8) Compressor inlet/outlet streams should be vapor;

(4) The minimum temperature difference must not exceed 2 °C [40].

5. Results and Discussions
5.1. System Description

In this section, I-C3MR with EHR-GWO-GA is optimized by MATLAB, and the process
model was constructed by Aspen HYSYS V11 [41]. In addition to Aspen HYSYS, the tools
commonly used by chemical engineers include Aspen Plus. In addition to MATLAB,
Microsoft Excel (VBA), Python, and Unity (C#) can also exchange data with HYSYS. At
present, relevant personnel have done similar research [42].
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Aspen HYSYS was used in this paper because it is more mainstream and widely used
than Aspen Plus. MATLAB was chosen as the main programming language because it is
more mainstream and widely used than other programming languages.

The flow diagram of the improved C3MR is shown in Figure 1, the given parameters
are shown in Tables 1 and 3, and the calculation flow of the EHR-GWO-GA is shown in
Figure 7.

Table 3. Bounds of main variables.

Variable Lower Bound Upper Bound Initialization Value
Main-Pressure Level (kPa) 590 1000 800
High-pressure level (kPa) 370 650 520

Medium-pressure level (kPa) 250 350 270
Low-pressure level (kPa) 100 150 130
C3 Mass flow rate (kg/h) 15,000 20,000 17,000
MR Mass flow rate (kg/h) 7000 13,000 10,000

Input pressure (kPa) 5000 7000 6500
Input temperature (°C) 10 35 25

Input new .| Data written in
population HYSYS
yy
Retention of
the elite OF1
+ v
GWO Calculation in HYSY'S and
. . OF2 data return to MATLAB
direction choice
yy
EHR OF3
|———
Improved | v v
Mutation : Assess Simulation
A I fitness value results
I
Improved |l
Crossover :
A
I
Selection No Constraint
mechanism satisfied?

Initialize population

v

Figure 7. The calculation process of the optimization process is based on EHR-GWO-GA.
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The boundaries of the decision variables given in Table 3 are obtained by combining
the engineering application and some references [10,11,13-15] given in this paper, and the
margin is appropriately increased according to the previous experience to ensure the safe
operation of the process.

The initial value provided in Table 3 for each variable is only one set of data that
the I-C3MR liquefaction process can run and does not mean that this set of data must be
used as the starting point of the process. The determination of this set of data has both the
requirements of the system on the input parameters and the constraints on the boundary of
the system. This initial value is not unique, and the values can be selected in a variety of
boundary requirements.

5.2. Optimal Results
5.2.1. Key Node Parameters

The node parameters of the optimal operating environment obtained by the three ob-
jective functions of liquefaction amount, unit energy consumption and exergy loss together
with E-C3MR are summarized in Table 4.

Table 4. Optimal nodal parameters and objective function values under E-C3MR.

Key Parameter E-C3MR
Input pressure (kPa) 6440
Input temperature (°C) 19
Main-Pressure Level (kPa) 790
High-pressure level (kPa) 533
Medium-pressure level (kPa) 270
Low-pressure level (kPa) 120
C3 Mass flow rate (kg/h) 16,300
MR Mass flow rate (kg/h) 7020
Wigo (kW) 710.74
Wio1 (kW) 151.02
Wigz (kW) 35.90
Wigs (kW) 71.94
Wios (kW) 62.13
Wigs (kW) 198.03
Liquefaction amount (kmol/h) 259.91
Unit energy consumption (kJ/kmol) 17,086.29
Exergy loss (kW) 58.55

In addition to the values of the three objective functions, the optimal operating en-
vironment node parameters in Table 4 mainly include the input pressure(Prg) and input
temperature(Trg), and the main-pressure level(P,¢3), high-pressure level(Pgs), medium-
pressure level(P;p9) and low-pressure level(P;;,) in the liquefaction process, and the mass
flow rates of propane(Mc3) and mixed refrigerant(Myr), and the power consumed by
K100-105. All values except the objective function value and the compressor power are the
values of the decision variables in the optimization process.

5.2.2. Heat Transfer

Figure 8 illustrates the heat flow and UA of LNG-104 and LNG-105 for E-C3MR.
LNG-104 and LNG-105 heat exchangers are the key heat exchange devices of the process.
The relationship between heat flow and temperature of the hot composite side is similar to
that of the cold composite side, and the correlation between UA and temperature is the
same. The thermal composite curve matches well with the cold curve, which could have a
relatively low exergy loss.
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Figure 8. (a,b) Composite curve of heat exchangers.

5.3. Sensitivity Analysis
5.3.1. Effect of the Pressure Level

This section does not involve analyzing the liquefaction amount, and only the impact
on unit energy consumption and exergy loss are analyzed.

How the changes in the main-pressure level Pyy3 affect the thermodynamic properties
of the system is shown in Figure 9. With the increase of Pyg3, the unit energy consumption
increases continuously, while the exergy loss first decreases significantly and then tends
to be gentle. The reason is that the increase of Pyy3 makes the cooling capacity stronger,
thus sharing the cooling pressure of the remaining streams of the heat exchanger. As Pyg3
continues to increase, it will make the heat exchanger uneven between the flow strands
so that the exergy loss tends to decrease first and then level off. However, the compressor
associated with Pp3 is located at the end of the compressor system, and as Ppo3 increases,
the pressure difference between the outlet and inlet of the compressor will be further
increased, increasing the power required by the compressor system.
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—a— [Exergy loss L~ <
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£
ey =X
61.5 17650 E
= k17600 =
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« ey
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% 60. 0 ]
= F17450 £
5
59.54 17400 o
2
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59.0 T T T T T 17350

600 700 800 900 1000
P203 (kPa)

Figure 9. Effect of the main-pressure level on thermodynamic properties.

How changes in the high-pressure level Py (a) and the medium-pressure level Py (b)
affect the thermodynamic properties of the system are shown in Figure 10. The compressor
associated with Pyps and Pygg are located at the third and second stages of the compressor
system in the C3 cycle. With the increase of Ppos and Pyqg, the pressure ratio of the compres-
sor system in the C3 cycle changes. Therefore, the compression system tends to be balanced
first, and then the balance is destroyed. The power required for the compression system
decreases first and then increases, so the unit energy consumption decreases first and then
increases. With the increase of Py, the unit energy consumption decreased significantly at
first and then slowly increased. At the same time, the exergy loss reduced considerably at
first and then slowly tended to be gentle. The increase of Py leads to a significant decrease
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and then an increase in unit energy consumption, while the exergy loss maintains a steady
downward trend. This is due to the increase in Pjps and Ppg directly strengthening the
cooling capacity, which in turn shares the cooling pressure of the remaining streams in the
heat exchanger, so the exergy loss maintains a downward trend.
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Figure 10. (a,b) Effect on the thermodynamic properties.

How changes in the low-pressure level P, affect the thermodynamic properties of
the system is shown in Figure 11. As Pyj, increases, both the unit energy consumption and
exergy loss decrease significantly. This is mainly due to the enhanced cooling capacity with
the increase in P51,. Because of the sharing of the cooling pressure of the heat exchangers’
residual flow, the exergy loss maintains a downward trend. Additionally, the compressor
associated with Pyj5 is located at the first stage of the compressor system in the C3 cycle; as
P515 increases, the compression system tends to balance, and this leads to a reduction in the
power required by the compressor system. Therefore, unit energy consumption is reduced.
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Figure 11. Effect of the low-pressure level on thermodynamic properties.

5.3.2. Effect of Feed Gas Parameters

How the changes in Pgg affect the thermodynamic properties of the system is shown in
Figure 12. With the increase of Prg, the exergy loss increases, and the liquefaction capacity
and unit energy consumption decrease. This occurs because the pressure difference between
the system output and the input becomes smaller with the increase of Prg, which reduces
the cooling effect, and the result is a lower liquefied amount. From another perspective,
with the increase of Prg, the cooling pressure of the residual stream in the heat exchanger
decreases, and the power required for the C3 cycle and MR cycle involved in the residual
stream unit is reduced. Therefore, the unit energy consumption is reduced. With the
increase of Prg, the load on the heat exchanger is correspondingly higher, which increases
the exergy loss.
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Figure 12. Effect of input pressure of NG on thermodynamic properties.

Figure 13 shows the impact of changes in Trg on the thermodynamic properties of
the system. As Tgg increases, the unit energy consumption and exergy loss continue to
increase. This is because the increasing Trg makes the first-stage heat exchanger require a
more powerful cooling capacity to cool the NG to the planned temperature. The increase in
C3 cycle load leads to a corresponding increase in unit energy consumption and exergy
loss. However, the change in liquefaction amount is not depicted in the figure because
the temperature of the input terminal only affects the performance of the first-stage heat
exchanger and the other devices involved in the C3 cycle and does not affect subsequent
devices. Therefore, the liquefaction amount remains unchanged.
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Figure 13. Effect of input temperature of NG on thermodynamic properties.

5.3.3. Effect of the Mass Flow Rate of the C3MR Cycle

In Figure 14, as Mcj3 increases, the unit energy consumption and exergy loss increase
continuously. In the case of the same pressure ratio, increasing the mass flow rate of the
C3 cycle will increase the required power of the compression system, and the unit energy
consumption will increase accordingly. The increase in Mc3 results in the compressor
and heat exchange system bearing more loads under the same working conditions, so the
exergy loss also maintains an upward trend.

In Figure 15, the unit energy consumption continuously rises with the increase of
MR, while the exergy loss initially increases and then decreases. The increase in Myr
leads to more load on the compressors involved in the MR cycle under the same working
conditions, which causes unit energy consumption to keep increasing. The reason for the
exergy loss trend is the fact that the cooling pressure of the C3 cycle will be shared with the
increased MR since the C3 cycle’s quantity is more substantial than that of the MR cycle.
As Myr increases, device exergy loss involved in the MR cycle increases. However, device
exergy loss involved in the C3 cycle reduces, and the exergy loss of the whole system is
also reduced.
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82 T T T T T 23000

j =

—a— fxergy loss S
80 —o— Unit energy consumption e
781 22000 =<2
~

J

76 1 =
= 21000 =
=~ 74 =
% 9] 2
S F 20000 5
2 681 F 19000 -,
= &

66 1 g

F 18000 ©

64 1 o

62- £

T T T T T T 17000
7000 8000 9000 10000 11000 12000 13000

the mass flow rate of MR (kg/h)

Figure 15. Effect of the mass flow rate of MR on thermodynamic properties.

The change in the value of the decision variables involved in Sections 5.3.1 and 5.3.3
does not affect the amount of liquefaction but only affects the unit energy consump-
tion and exergy loss of the system. The reason is that the liquefaction amount of natu-
ral gas is simply determined by the outlet/inlet pressure and the outlet/inlet tempera-
ture. The change in the value of the intermediate variable does not affect the liquefaction
amount. Therefore, when there is no change in the amount of liquefaction, there is no
redundant analysis.

5.4. Comparative Analysis

The liquefaction amount, unit energy consumption of T-C3MR, I-C3MR, and E-C3MR
are shown in Figure 16. Compared to T-C3MR, the liquefaction amount of I-C3MR is
increased from 240.83 kmol/h to 259.90 kmol/h, and the unit energy consumption of
I-C3MR is decreased from 22,263.20 kJ /kmol to 17,252.70 kJ /kmol. Compared to I-C3MR,
although E-C3MR keeps the liquefaction amount unchanged, the unit energy consumption
is decreased from 17,252.70 kJ /kmol to 17,086 kJ /kmol.

Figure 17 shows the exergy loss of each device in T-C3MR, I-C3MR, and E-C3MR. From
Figures 1 and 17, it can be seen in Table 5 that compressors and water coolers contribute
to the primary proportion of total exergy loss in the E-C3MR, accounting for 32.7% and
33.8%, respectively. Therefore, the compressors and water coolers contribute to the primary
proportion of total exergy loss. The results indicate that compared to T-C3MR, I-C3MR
could reduce the exergy loss from 79.83 kW to 60.76 kW. Compared to I-C3MR, E-C3MR
could reduce the exergy loss from 60.76 kW to 58.55 kW.
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Figure 17. The exergy losses of devices.

Table 5. The exergy losses of the E-C3MR.

Types of Equipment Value of the Exergy Loss (kW) Percentage (%)
Compactors 19.133 32.7
Water coolers 19.778 33.8
Heat exchangers 9.304 15.8
Valve 10.338 17.7

Finally, compared to T-C3MR, in E-C3MR, the liquefaction amount is increased from
240.83 kmol/h to 259.91 kmol/h, and the increase is about 8%; the unit energy consumption
is decreased from 22,263.20 kJ /kmol to 17,086 kJ /kmol, and the reduction is about 23.3%;
the exergy loss is reduced from 79.83 kW to 58.55 kW, and the reduction is about 26.7%.

The mainstream natural gas liquefaction processes are shown in Table 5. The T-
C3MR, LNG process using pressure exergy [34], No-CHy cycle process (Np/CHy) [43],
the new MRC proposed by Cao W. [43], and CO2 pre-cooling N2 expander cycle process
(N2/COy) [44] are compared with the process presented in this paper. Not all of the studies
use the exergy loss as the objective function of the analysis process, so there is no data
comparison of the exergy loss in Table 6. From Table 6, it can be seen that the process
presented in this paper achieves lower energy consumption per unit and higher liquefaction
rates than the mainstream process.



Processes 2024, 12, 542

19 of 21

Table 6. Comparison of the thermodynamic properties of the process in this paper with those of
conventional processes.

Process Parameters

T-C3MR N,/CH, Péiigf MEW/MRC N,/CO, E-C3MR

Liquefaction rate(%)

87 90 36 90 77 94

Unit energy consumption(k]J/kmol) 22,248 63,648 972 29,340 35,640 17,086
Compressor 6 2 5 2 4 6

Number of key
equipment

Expander
Heat exchanger
Separator
Valve

0
5
1
5

INIITNIYC N
NN W o=
NN )
NN W =
ANITNC )
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6. Conclusions

In this paper, an improved C3MR process is designed. Then, a new multi-objective
optimization strategy, which is named EHR-GWO-GA, is applied to the optimization of
the natural gas liquefaction process, maximizing the liquefaction amount, minimizing unit
energy consumption and minimizing exergy loss.

Based on the traditional genetic algorithm, this paper proposed a new optimization
algorithm called EHR-GWO-GA. This optimization method can be applied to other opti-
mization problems. Therefore, it is highly adaptable to other liquefied natural gas systems.
Based on the improvement of the process, the BOG that should be discarded is refluxed to
the heat exchanger so that its excellent low-temperature performance can be reused. This
idea can be applied to various liquefaction processes.

Based on the optimization results, the impact of key variables on unit energy con-
sumption, exergy loss, and liquefaction amount were further investigated. Then, the paper
presents an exergy analysis of the system, and compressors and water coolers contribute to
the primary proportion of total exergy loss.

The results show that compared to traditional C3MR (T-C3MR), in improved C3MR
based on EHR-GWO-GA (E-C3MR), the liquefaction amount is increased from 240.83 kmol/h
to 259.91 kmol/h, and increased the liquefaction amount by about 8%; the unit energy
consumption is decreased from 22,263.20 k] /kmol to 17,086 k] /kmol, and reduced the unit
energy consumption by about 23.3%. The exergy loss is reduced from 79.83 kW to 58.55 kW,
which reduces the exergy loss by almost 26.7%.
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