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ABSTRACT: For offshore natural gas liquefaction operation, the single mixed
refrigerant process is considered as one of the best and most suitable processes.
However, multivariable nonlinear thermodynamic interactions among operating
conditions and flow rates of mixed refrigerant ingredients lead to energy losses,
which ultimately contributes to high energy consumption for liquefied natural gas
production. The present work investigates the energy saving opportunities in the single
mixed refrigerant liquefaction process through “krill-herd” strategy which is based on
the biological flocking (herding) behavior of individual krill. To find the energy saving
opportunities, the krill-herd approach effectively reduced the exergy losses of the
compression units and cryogenic heat exchanger up to 18.6 and 41.1%, respectively, as
compared to the published liquefaction process. The figure of merit was found as
27.0% in the krill-herd-optimized single mixed refrigerant process, whereas it was
22.2% in the base case.

1. INTRODUCTION
As the worldwide energy mix expands, natural gas is attracting
particular attention primarily because of its low air pollutant
emissions when compared with coal and oil. This is the salient
factor that is still making the liquefied natural gas (LNG)
industry a growing industry. It has been documented that the
natural gas business in terms of LNG will rise by 50% by
2020;1 therefore, several new LNG plants are migrating to
stations in 2018−2019. Furthermore, the U.S. Energy
Information Administration (EIA) has reported that, in the
era between 2012 and 2040, the overall global energy
requirement will increase by 48%.2,3 To meet the world’s
energy requirement, continuous growth in clean energy
sources such as LNG will remain active in the next decades.
But in spite of great potential as a clean fossil fuel source,
natural gas liquefaction facilities consume significant amounts
of energy. It is well-documented that refrigeration and
liquefaction units of the LNG supply chain consume costs
around ∼40−50% of the entire LNG supply chain.4 Most
recently, the International Gas Union published5 a world LNG
report; according to the report, liquefaction and refrigeration
are still dominant in energy consumption, i.e., 42% of the total
LNG supply chain, as shown in Figure 1.
The energy and expense consumptions for the refrigeration

and liquefaction vary with the ambient conditions of plant site
and adopted liquefaction technology.7 The single mixed
refrigerant (SMR) process has been declared one of the best
applicants for offshore and small-scale LNG applications
primarily due to its small footprint, lower degree of complexity,
simple design, compactness, and ease of operation.8−11

However, the lower value of figure of merit (high energy
consumption) is the dominant issue affiliated with the single
mixed refrigerant LNG process. The majority amount of the
energy is predominantly used in the interstage compression of

the refrigeration cycle. The high amount of energy
consumption due to wastage of useful energy (exergy losses)
is a function of temperature gradient within the main cryogenic
heat exchanger, which can also be presented as the distance
between hot and cold composite curves inside the primary
LNG exchanger. The liquefaction process is energy efficient if
the distance between the composite curves along the primary
heat exchanger is within the feasible approach temperature, i.e.,
1−3 °C.12 This gap between the composite curves (exergy
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Figure 1. Mean price investigation of LNG projects by expense.6
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losses) is a function of the mixed refrigerant flow rates and
operating conditions (such as evaporating and condensation
pressures) of the mixed refrigerant.11 Therefore, these
important parameters, i.e., mixed refrigerant flow rates and
operating pressures, have been considered as key design
variables in several studies8,11,13−16 based on the design
optimization of LNG processes (SMR, DMR, C3MR, etc.)
to determine the energy saving opportunities. These previous
studies worth mentioning show that the required energy for
LNG production can be saved significantly by solely the robust
and rigorous design optimization of LNG processes,
considering refrigerant flow rates and operating pressures as
key design variables.
In particular, equation-oriented modeling and optimization

approaches have also been applied to design multistream heat
exchangers for the energy efficient SMR process.17−20

Furthermore, the energy requirement for the SMR process
has also been minimized by performing optimization by
developing process models through well-proven commercial
simulators such as Aspen Plus, Aspen Hysys, Pro-II, and
Unisim and then connecting with numerical computing
environments such as Microsoft Visio (MVS), MATLAB,
and Microsoft Visual Basic (VBA). For example, Nogal et al.21

developed a model for an SMR process in Aspen Hysys and
subsequently optimized it using a genetic algorithm (GA) and
nonlinear programming (NLP) to minimize the shaft work.
Khan and Lee8 connected the Honeywell Unisim Design
simulation environment with MATLAB and examined the
particle swarm paradigm (PSP) to save the energy intake for
the SMR natural gas liquefaction process. Shirazi and Mowla22

saved the overall energy requirement for the SMR process by
employing the GA. Morin et at.23 developed the SMR process
model using Aspen Hysys and reduced the specific energy
consumption using the evolutionary search-based optimization
approach. Tak et al.24 also simulated the SMR process using
Aspen Hysys and improved the overall energy efficiency
through the NLP optimization methodology. Cao et al.25 used
Aspen Plus to develop the SMR process model and
subsequently used the GA by considering three objective
functions: robustness to determine the optimal mixed
refrigerant composition, exergy efficiency, and total shaft
work. Most researchers used population-based optimization
approaches such as the GA and PSO to minimize the exergy
losses and improve the energy efficiency of LNG processes.6

Khan et al.15 exploited a sequential coordinate randomization
search (SCRS) for optimizing LNG process plants, including
the SMR process, by incorporating the random element into
the coordinated search for an exhaustive exploration of the
decision variable space. Most recently, Ali and Qyyum et al.11

analyzed the newly developed single-solution-based metaheur-
istic algorithm, named “vortex search” to reduce the overall
shaft work requirement for the SMR process. Na et al.26

proposed the modified DIRECT algorithm for hidden
constraints in the SMR process optimization by connecting
Aspen Hysys with MATLAB. Qyyum et al.27 proposed the
hybrid modified coordinate descent (HMCD) optimization
strategy to save the energy consumption for the SMR process.
They integrated the knowledge-inspired-based approach
(KBO) into the modified coordinate descent (MCD)
methodology to reduce the specific compression power
considering two perspectives: process knowledge and
mathematical programming. Most recently, Qyyum et al.28

proposed a hydrofluoroolefin (HFO-1234yf) based novel

mixed refrigerant liquefaction process and found the energy
saving opportunities through the hybrid Coggin’s optimization
algorithm.
Industries always focus on optimizing plant design and

operation to increase revenues of LNG plants by determining
energy saving opportunities. However, the energy consumption
minimization for the SMR process solely through optimization
has been identified as an onerous exercise owing to the highly
complex and nonlinear interactions between the constrained
operational variables and the complex thermodynamics
involved in the SMR process. In this context, this research
article aims to explore the methods to determine the energy
saving opportunities for an SMR-based LNG plant through a
newly emerging nature-inspired population-based krill-herd-
optimization (KHO) approach, which was developed by
Gandomi and Alavi.29 It has been reported that KHO is a
fast-growing methodology as a powerful search technique to
solve practical optimization issues primarily owing to its search
ability in two aspects: exploration and exploitation.30−33

Furthermore, besides the engineering optimization problems,
the KHO algorithm has also shown its potential to solve
structural optimization problems.34

To find the energy saving opportunities in the single mixed
refrigerant process for LNG production, a well-proven
commercial simulator, that is, Aspen Hysys v10, was used to
build a rigorous model of the SMR process and was
subsequently linked with the KHO algorithm (coded in
MATLAB) using the COM (also known as ActiveX)
functionality. To verify the efficacy of the KHO approach,
the major optimal findings were also compared with the
published optimized SMR results using well-known approaches
such as sequential coordinate randomization search (SCRS),
nonlinear programming (NLP), knowledge-based optimization
(KBO), genetic algorithm (GA), and particle swarm paradigm
(PSP). Furthermore, to evaluate thermodynamically, the figure
of merit and exergy analysis in terms of exergy losses through
individual equipment associated with the KHO-based opti-
mized SMR process will also be presented herein.

2. KRILL-HERD-OPTIMIZATION APPROACH
The KHO algorithm is a newly developed bio-inspired
metaheuristic algorithm developed by Gandomi and Alavi.29

KHO is categorized under swarm-intelligence-based algo-
rithms, and it obtains the optimum solution of nonlinear
problems by the herding behavior of the individual krill.
However, further improvement in the performance of KHO
algorithm is still continuing. For example, Wang et al.35

regulated and upgraded the time dependent positions of the
krill herd by integrating the chaos parameters with KHO
parameters. After that, Wang et al.36 improved the performance
of the KHO algorithm through updating the genetic operator’s
reproduction phenomenon named “stud selection and cross-
over”. In another investigation, Wang et al.37 incorporated the
local levy flight (LLF) operators which are used during the
updating process of the krill individuals to keep the best value
during the updating process.
The KHO algorithm is recommended as a powerful search

technique due to its availability in both exploration and
exploitation by means of foraging motion and induced motion
by other krill individuals, respectively. Furthermore, it also
contains the effective operations of evolutionary-based
algorithms named “crossover” and “mutation” that make the
searching operation stronger than other algorithms. In
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comparison with other swarm intelligence techniques, the
KHO algorithm has many advantages in expects of
implementation and controlling. For instance, it is easy to
implement practically because only a single parameter needs to
be fine-tuned, named the “time interval” (Δt). The herding
behavior of the krill is based on the Lagrangian model and the
genetic operators (crossover and mutation), which are
explained below. The working pattern of the KHO strategy
is given in Figure 2.

2.1. Initialization. When predators such as penguins or
seabirds attack the krill herd, they remove the individual krill,
resulting in a decrease in the krill density. This predation
phenomenon is represented as the initialization of the
algorithm. In the natural system, the fitness of each krill
completely depends on the combination of the minimum
distance from the food and the minimum distance from the
highest density of the krill herd.
2.2. Motion Calculation of Individual Krill. Three main

processes are involved to obtain the locality of each krill:

(I) motion induced by the individual krill
(II) foraging motion
(III) random physical diffusion

As is known, every algorithm requires a search space in an
arbitrary dimension. In the KHO algorithm, a Lagrangian
model is used for an n-dimensional search space, defined as

X
t

N F D
d
d

i
i i i= + +

(1)

where Ni, Fi, and Di are the induced motion, foraging motion,
and physical diffusion, respectively.

2.2.1. Motion Induced Process. The movement of each krill
is affected by the motion of other krill, while its velocity
depends on the local, target, and repulsive swarm effects, which
can be formulated as

i i i n i
new max oldθ ψθ μ θ= + (2)

where

i i i
local targetψ ψ ψ= + (3)

f xi
i

N

ij ij
local

0

1s

∑ψ =
=

−

(4)
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=
−
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i j
=

−
| − | (6)

i
i

f x2 rand(0, 1)i i i
target
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best besti
k
jjjjj

y
{
zzzzzψ = +

(7)

θi
max and θi

old are the maximum and old induced motions,
respectively; μn is the inertia weight for the induced motion;
ψi
local and ψi

target are the local and target effects, respectively; f i
and f j are the fitness values for the ith and jth krill individuals,
respectively; fw and f b are the worst and best positions of the
population., respectively; i and imax are the current and
maximum numbers of generations, respectively.
To obtain the neighboring members of a krill, a parameter

named “sensing distance” is used; this phenomenon is
schematized in Figure 3.
Mathematically, this can be formulated as

n
x xSD

1
5i

i

N

i j
p 0

1p

∑= | − |
=

−

(8)

where Np is the total number of krill in the population; xi and
xj are the positions for the ith and jth krills, respectively. If the
distance between the two krill individuals is less than the
sensing distance, subsequently that particular krill must be
considered as a neighbor of the other krill.

2.2.2. Foraging Motion. The motion for obtaining food or
the motion toward food is known as the foraging motion. It
can be formulated in terms of the current location of food and
the previous knowledge for food, as given in eq 9:

F V Fim f f m
oldμ= ∂ + (9)

where Fm, Vf, μf, and Fm
old are the current foraging motion,

foraging velocity, inertia weight relative to foraging motion,
and the movement due to the previous knowledge for food,
respectively.

Figure 2. Working flowchart for the KHO algorithm.
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Further, ∂i can be described as

i i i
food best∂ = ∂ + ∂ (10)

where ∂i
food represents the attractive food and ∂i

best represents
the best fitness effect of each krill.
2.2.3. Random Physical Diffusion. The population assort-

ment is enhanced by the random diffusion in the KHO
methodology. Mathematically, it can be described in terms of

the maximum diffusion speed and the random directional
factor as

D Di
maxφ= (11)

where Dmax and φ represent the maximum diffusion speed and
random directional factor between (−1, 1), respectively.

2.3. Updating the Krill Positions. After the motion (i.e.,
induced motion, foraging motion, and physical diffusion)
calculations, the positions of the individual krill are updated
and adjusted to their best positions from time t to t + Δt to
minimize the distance (objective function) toward the food.
Mathematically, this position-updating phenomenon can be
formulated as eq 12:

x t t x t t
x
t

( ) ( )
d
di i

i+ Δ = + Δ
(12)

Here, Δt can be described as

t (ub lb )t
j

n

j j
0

1

∑δΔ = −
=

−

(13)

where δt is the position constant; lbj and ubj represent the
lower and upper bounds, respectively; n is the total number of
variables.
The performance of the KHO algorithm during the position

updating of the individual krill can be enhanced by employing
the genetic operators in terms of the convergence and the
generation of the optimal solution.

Figure 3. Schematic representation of the sensing ambit around a krill
individual.

Figure 4. Process flow diagram of the SMR process.
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2.3.1. Implementation of Genetic Operators. The cross-
over and mutation are primarily used as the genetic operators
to improve the position updating phenomenon during the KH
optimization. By applying the crossover operator, the jth and
ith krill update their positions as

x

x C
r n r i

x

if rand(0, 1) ,
where 1, 2, ..., ;

else
i j

r j i

i j

,

, R

p

,

l

m
oooooo

n
oooooo

=
<

= ≠

(14)

where CRi is the crossover rate, i.e., CRi = 0.2f i
best. The crossover

probability for the global best is zero and increases with the
decreasing fitness value.
A mutation rate has been used in several evolutionary

algorithms. The mutation can be understood by the mutation
rate parameter MR. The mutation rate probability controls the
mutation process. The mutation solution xi,j changes the value
of xbest,j with the difference between two random vectors xn,j
and xp,j, and can be described as

x x M x x( )i j j n j p j,
mutation

best, R , ,= + − (15)

The updated value of xi,j
mod depends on the mutation

probability selected from xi,j
mutation and xi,j, and can be written as

x
x M

x

if rand(0, 1)

else
i j

i j

i j
,
mod ,

mutation
R

,

l
m
ooo
n
ooo

=
≤

(16)

where

M
F
0.05

i
R best=

(17)

A detailed explanation about the KHO algorithm with
statistical analysis in comparison with other well-known
optimization algorithms such as PSO, APSO, GA, BBO, and
ACO can be found in other work.29

3. Hysys SIMULATION AND DESCRIPTION OF SMR
PROCESS

The basic process flow diagram of the SMR process, also
recognized as the “poly refrigerant integrated cycle operations”
(PRICO) process, is shown in Figure 4. The primary
components of the SMR process are an LNG cryogenic
exchanger, expansion devices (mixed-refrigerant JT valve and
LNG JT valve), and multistage compression units equipped
with interstage cooling (air or water based). In a classical SMR
process, natural gas is introduced in the primary LNG
cryogenic heat exchanger (plate-fin type) at a high pressure,
i.e., 40.0−80.0 bar and ambient temperature, i.e., 20.0−40.0
°C. The latent heat of vaporization of NG is exchanged with
the mixed refrigerant (MR). Subcooled liquid (stream-6) is
obtained from the primary LNG cryogenic heat exchanger;
subsequently, this subcooled liquid is passed through the
Joule−Thomson (JT) expansion valve where its pressure is
lowered to 1.1−2.0 bar (moderately higher than the
atmospheric pressure), and the resulting LNG stream-7 is
obtained with less than 10.0% end flash gas. Meanwhile, a
refrigeration cycle starts from the compression of the mixed
refrigerant (stream-1). Compression of this MR is performed
to a high pressure through multiple compressor stages
(typically four, depending on the pressure ratio), which are
facilitated with interstage coolers. A high-pressure MR

(stream-2) with partial liquid fraction (30.0−50.0%, depending
on the mixed refrigerant composition and operating con-
ditions) is entered into the LNG heat exchanger, where it
traverses completely in the liquid state by obtaining cold
energy from stream-4. Stream-4 (with vapor fraction of 5.0−
15.0%) arrives after the pressure of stream-3 is lowered
through the JT valve. The MR (stream-4) is subsequently
introduced into the main cryogenic exchanger and vaporized
by the latent heat of vaporization of both the natural gas and
stream-2. Finally, stream-5 is obtained as a superheated vapor,
and is again entered into the compression units of the
refrigeration cycle. The cycle is then completed.

3.1. Process Simulation. Aspen Hysys software has been
fully matured as a rigorous commercial simulator. Therefore, in
this study, it was used to develop the model (steady state) of
the SMR liquefaction cycle. The enthalpy and entropy of
liquefaction cycle were accumulated using the Lee−Kesler38
thermodynamic model. The component interaction variables
were acquired using the well-known Peng−Robinson equation
of state.39 The feed conditions and other simulation bases were
obtained from a recent study by Khan et al.15 as listed in Table
1.

4. SMR PROCESS OPTIMIZATION FRAMEWORK
4.1. Design Variables. In the SMR process, the overall

exergy losses are a function of the operating pressures
(evaporation and condensation pressures of MR) and the
flow rates of the individual ingredients of MR. These variables
have been considered as key design variables in several studies
corresponding to energy consumption minimization for the
single mixed refrigerant process through optimization. There-
fore, in this proposed study, these parameters including the
MR flow rates, MR high pressure (evaporation pressure), and
MR low pressure (condensation pressure) were also taken as

Table 1. Simulation Basis and Feed Condition for the SMR
Process15

property condition

NG feed condition
flow rate 1.0 kg/h
temperature 32 °C
pressure 50 bar

NG feed composition (mole fraction)
methane 0.9133
ethane 0.0536
propane 0.0214
n-butane 0.0047
isobutane 0.0046
n-pentane 0.0001
isopentane 0.0001
nitrogen 0.0022

intercooler outlet temp 40 °C
liquefaction rate 92.0%
compressor isentropic efficiency 0.75
fluid package Peng−Robinson
enthalpy/entropy calcn Lee−Kesler
approach temperature, MITA (°C) 3.0
pressure drop across LNG cryogenic exchanger

stream-0 to stream-6 1.0 bar
stream-2 to stream-3 1.0 bar
stream-4 to stream-5 0.1 bar
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design (decision) variables for the SMR process optimization
to minimize the overall energy requirement. These design
variables are shown in Table 2 along with their bounds (upper
and lower).

4.2. Objective Function. In this proposed study, the
minimization of the required shaft work of all compressors (for
unit natural gas liquefaction) was selected as the objective
function, as it has been chosen in several studies8,9,13,14,16,40,41

based on LNG process optimizations. The objective function
can be formulated as

f X W mmin ( ) min( / )
i

k

i
1

LNG∑=
= (18)

subject to

T X( ) 3(min)Δ ≥ (19)

where X is the decision variable vector, i.e., X = (P2, P4, mN2
,

mC1, mN2
, mC3).

4.3. Constraint Handling. The SMR process design
variables are strongly dependent on the objective function and
minimum temperature approach (MITA) inside the LNG
exchanger. Therefore, optimization is considered as con-
strained optimization with MITA as a constraint. The exterior
penalty function (EPF) approach has been employed to tackle
the nonlinear constraints inherent in the optimization of the
SMR process.8,11,15,42 This study also uses the EPF method to
incorporate the constraint (i.e., MITA value of 3.0 °C) into the
objective function, i.e., overall power, which is given below:

f X W mminimize ( ) min( / )
i

k

i
1

LNG∑=
= (20)

subject to

XMITA( ) 3.0≥ (21)

where X is a design variable vector bounded as

X X X i n1, 2, ...,i i i
L U≤ ≤ = (22)

Finally, by folding the constraint MITA (i.e., 3.0 °C) into
the objective function, we obtain

P X W m

r X

minimize ( ) min( /

(max 0, (3.0 MITA( )) ))

i

k

i
1

LNG∑=

+ { − }
=

(23)

where r is a positive penalty parameter.
4.4. KHO Algorithm Parameters. The convergence speed

and efficiency (in terms of best optimal solution) of any
population-based algorithm strongly depend on the algorithm-

specific parameters. However, the selection of parameter values
is not an easy task during the optimization of any specific
nonlinear system. The parameters of the KHO algorithm used
in this optimization study for the highly nonlinear SMR
process are provided in Table 3, and were chosen from the
open literature29,43−46 relevant to KHO parameter studies.

5. OPTIMIZATION RESULTS AND DISCUSSION
The KHO algorithm was successfully applied to obtain the
energy saving opportunities for the SMR process through
process optimizations. The operating conditions including
temperature and pressure for all streams (according to Figure
4) of the base case and of the KHO-optimized SMR process
are provided in Table 4.

The optimization results corresponding to different number
of iterations are shown in Table 5. To determine the energy
saving opportunities for the SMR process using the KHO
approach, different numbers of iterations such as 3, 300, 600,
900, and 1200 were chosen and the rigorous computational
effort against the optimal solution was analyzed. We found that
a trade-off exists between the degree of the optimal solution
and the iteration times (or computational cost). This trade-off
can be easily observed from Table 5, which shows that the
optimal solution (17.61% energy saving) can be achieved at
the expense of higher computational effort or a larger number
of iterations. Gandomi and Alavi29 recommended that for
higher-dimension nonlinear systems, the number of iterations
should be equal to or higher than 10 000, whereas for low-
dimensional nonlinear systems, 1000 iterations will be
sufficient. In this study, the optimal solution was chosen at
1200 iterations. The convergence of the KHO algorithm with
regard to the best run values and average run values is shown
in Figure 5.
As reported in Table 5, using the operational and design

parameters of the base case, 1 kg of LNG can be produced with

Table 2. Decision Variables of the SMR Process with Their
Upper and Lower Bounds

decision variables lower bound upper bound

high pressure of MR, P2 (bar) 35.0 70.0
evaporation pressure, P4 (bar) 1.1 4.0
flow rate of nitrogen, mN2

(kg/h) 0.1 0.65

flow rate of methane, mC1 (kg/h) 0.25 0.85
flow rate of ethane, mC2 (kg/h) 0.45 1.15
flow rate of propane, mC3 (kg/h) 2.0 3.5

Table 3. KHO Parameters Used To Set the Optimization
Framework

parameter value

number of runs 10.0
number of krill 25.0
crossover flag coefficient (C_flag) 1.0
foraging velocity (Vf) 0.02
crossover probability (CRi) 0.2f i

best

maximum diffusion speed of a krill (Dmax) 0.005
maximum induced speed of a krill (θmax) 0.01

Table 4. Operating Conditions for All Streams of SMR
Process

base case KHO optimized

stream T (°C) P (bar) stream T (°C) P (bar)

feed NG 32.0 50.0 feed NG 32.0 50.0
1 36.88 1.3 1 37.0 1.55
2 40.0 48.0 2 40.0 69.45
3 −149.3 47.0 3 −149.3 68.45
4 −155.5 1.4 4 −152.3 1.65
5 36.88 1.3 5 37.0 1.55
6 −149.3 49.0 6 −149.3 49.0
LNG −158.5 1.209 LNG −158.5 1.209

Industrial & Engineering Chemistry Research Article

DOI: 10.1021/acs.iecr.8b02616
Ind. Eng. Chem. Res. 2018, 57, 14162−14172

14167

http://dx.doi.org/10.1021/acs.iecr.8b02616


0.44 kW of specific compression power. This specific
compression power can be reduced up to 17.61% using the
operational and design variables that we have obtained in the
results of the optimization using the KHO approach.
The energy saving opportunities for KHO-optimized SMR

can also be physically interpreted through the composite curve
analysis within the primary LNG heat exchanger. Parts a and b
of Figure 6 present the TDCC and THCC curves for the base
case SMR process, respectively. Figure 6c,d shows the KHO-
optimized TDCC and THCC curves within the primary LNG
heat exchanger.
The entropy generation, which can be presented as the gap

between the THCC curves, is primarily due to the nonoptimal
execution of the mixed refrigerant flow rates and the operating
parameters such as temperature and pressure. This gap is
higher between the THCC curves of the base case (see Figure
6b) as compared to the gap between the KHO-optimized
THCC curves shown in Figure 6d. Furthermore, the lower
exergy efficiency of the base case can also be observed through
the triangular area ABC of the THCC, which is significantly
higher than the triangular area DEF of the THCC of the KHO-
optimized SMR process, as shown in Figure 6, parts b and d,
respectively. As compared to the other region of the THCC for
both the base case and KHO-optimized case, the regions under
the temperature range of −70 to 32 °C (triangular areas ABC
and DEF) have a MITA value higher than 3 °C primarily due

to the presence of the higher boiling refrigerant, i.e., propane.
This means that the propane flow rate is still not at its optimal
value. The TDCC analysis addresses the MITA value along the
length of the primary LNG cryogenic heat exchanger. The
higher effectiveness of the LNG exchanger can be achieved
when the approach temperature value will prevail in the
defined realistic range, i.e., 1−3 °C. Nevertheless, the MITA
value inside the KHO-optimized LNG exchanger is still high in
the temperature range of −60 to 40 °C (Figure 6c), although
the height of the MITA curve after employing KHO is
significantly less relative to the base case, as shown in Figure
6a. Furthermore, The TDCC analysis also physically addresses
the impact of the individual ingredients of the mixed
refrigerant on the energy efficiency of the mixed-refrigerant-
based liquefaction and refrigeration systems.
In this study, the efficacy of the KHO approach for a given

SMR process was also examined in comparison with other
well-known optimization methodologies such as GA, PSO,
SCRS,15 NLP,47 and KBO.48 The parameters for the PSO and
GA are shown in Table 6.
The parameters in Table 6 were obtained from the latest

studies3,8,40 regarding the design optimization of LNG
processes employing the PSO and GA. From the optimization
results, the GA and PSO methodologies reduce the
compression powers of 0.4034 and 0.3862 kW, respectively,
equivalent to energy savings of 10.14 and 6.14%, respectively,
in comparison to the selected base process. Meanwhile, the
total required compression energy was reduced up to 0.3625
kW using the KHO approach. Table 7 lists the optimum values
of the constrained key design variables at their respective
liquefaction rates and required energies for LNG production
using the KHO methodology as compared to the SCRS, NLP,
KBO, GA, and PSO approaches for the SMR process.
Accordingly, the overall energy requirement for LNG
production by adopting the SMR process can be saved up to
17.6% when compared with a published SCRS-optimized SMR
process. Superior performance of the KHO algorithm is mainly
due to its three time-dependent positions (movement induced
by the presence of other individuals, foraging activity, and
random diffusion) of an individual krill. In the results of three
time-dependent movements of each krill, optimization takes
place in both a global manner and a local manner.
Furthermore, unlike the SCRS, the KHO algorithm uses the
adaptive evolutionary operators (crossover and mutation)
which improve the efficiency of the algorithm. It is noteworthy

Table 5. Summary and Comparison of Optimization Results of KHO Methodology with Different Numbers of Iterations

no. of iterations

base case 3.0 300.0 600.0 900.0 1200.0

decision variables
high pressure of MR, P13 (bar) 48.0 69.39 51.88 52.57 59.62 69.45
evaporation pressure of MR, P5 (bar) 1.30 1.375 1.869 1.545 2.032 1.55
flow rate of nitrogen, mN2

(kg/h) 0.2690 0.215 0.199 0.159 0.217 0.153

flow rate of methane,mC1 (kg/h) 0.5290 0.433 0.511 0.476 0.485 0.455
flow rate of ethane,mC2 (kg/h) 0.6190 0.742 0.702 0.602 0.813 0.635
flow rate of propane,mC3 (kg/h) 2.847 2.290 2.577 2.487 2.289 2.070

constraints
MITA (°C) 3.0 3.0 3.0 3.0 3.0 3.0
liquefaction rate (%) 92.0 92.0 92.0 92.0 92.0 92.0

specific power (kW/kg of NG) 0.4400 0.4044 0.3756 0.3708 0.3680 0.3625
elapsed time (h) − 0.5251 40.755 87.382 142.666 201.244
relative energy saving (%) − 9.09 14.64 15.73 16.36 17.61

Figure 5. Convergence of KHO algorithm.
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that this comparison (shown in Table 7) was performed at the
same feed conditions, composition, and design variables.

6. THERMODYNAMIC PERFORMANCE: FIGURES OF
MERIT AND EXERGY LOSSES

The thermodynamic performance of refrigeration and
liquefaction systems can be examined through the dimension-
less parameter, figure of merit (FOM), and exergy loss analysis
intrinsic in the individual equipment used in the process. The
FOM is also referred to as the overall exergy efficiency of the
liquefaction and refrigeration systems.49 Generally, the FOM
for a liquefaction process is calculated by taking the ratio of the
minimum work to the actual provided work.
Mathematically, the FOM can be defined as

W
W

FOM min

actual
=

(24)

and has a value between 0 and 1. The minimum work
requirement (Wmin) for liquefaction can be calculated as

W m h h T s s( ) ( )min NG o o o= [ − − − ] (25)

The FOM is also called the thermodynamic limit of the
liquefaction or refrigeration process. The FOM can also be
referred to as a percent Carnot. The FOM values for the base
case and the KHO-optimized SMR process are listed in Table
9. By employing the KHO strategy, the FOM can be improved
up to 5% compared with the base case. In terms of percentage,
it is clear that the KHO-optimized SMR process has 27% FOM
(or 27% Carnot) whereas the base case has 22.2%. The higher
value of FOM for the KHO-based SMR process is mainly due
to the near-optimal execution of design (decision) variables
which leads to less entropy generation inside the primary LNG
heat exchanger. However, the KHO-optimized SMR process
still has an opportunity to improve the FOM and thus to
reduce the energy consumption.
The exergy loss analysis facilitates in examining the

thermodynamic performance of the individual equipment
inherent in the liquefaction or refrigeration system. It also
reports the amount of entropy generated through the
equipment associated with any heat exchange or transfer
process. Exergy, as a useful work that equilibrates any system
with the environment of that system using a speculative
reversible process,50 can be defined as

E h h T s s( ) ( )o o oΔ = − − − (26)

Figure 6. Base case (a) TDCC and (b) THCC curves in comparison with KHO-optimized (c) TDCC and (d) THCC curves of the SMR process.

Table 6. PSO and GA Parameters Used To Set the
Optimization Framework for the SMR Process

PSO8 GA3,40

parameter value parameter value

no. of particles 30.0 no. of population 200.0
cognition learning
param

2.0 selection method stochastic
uniform

social learning param 2.1 mutation adaptive
feasible

maximum velocity of
particle

4.0 crossover
function

scatter

inertial weight 0.9 → 0.2 fraction of
migration

0.2

no. of
generations

200.0
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The expressions used in this study to calculate the exergy loss
through the individual equipment inherent in the SMR
process, were adopted from ref 49 and are shown in Table 8.

Table 9 lists the exergy losses through each component of
the SMR process before and after KHO optimization, which
were calculated using the equations provided in Table 8. By

employing the KHO approach, the exergy losses of the
compression stage were significantly reduced up to 18.6% as
compared to the base case. The exergy losses associated with
the LNG cryogenic heat exchanger can be reduced up to 41.1%
in comparison with the base case. It is worth mentioning that
the overall exergy loss of the SMR process is significantly
decreased up to 23.0% in comparison with the base case.
Furthermore, the exergy losses in terms of wasted energy (kJ/
h) for each equipment of the base case and of the KHO-
optimized SMR process are shown in Table 9. The SMR
process is still energy intensive regarding the exergy efficiency
of the whole process or FOM, because the minimum required
work is 352.0 kJ/h and the KHO-optimized process is still
utilizing 1305.0 kJ/h of energy, which is 69.3% higher than the
minimum required work. For a clearer analysis, the exergy loss
analysis is shown graphically in Figure 7. Conclusively, the

difference between actual required work and minimum
required work as well as lower value of FOM show that the
SMR process can be further enhanced either by improving the
refrigeration cycle units or by solely optimization.

7. CONCLUSIONS
A newly developed metaheuristic KHO approach was
examined to determine the energy saving opportunities for
the SMR-LNG process. Hence, the KHO approach was coded

Table 7. Summary and Comparison of Optimization Results of KHO with Other Well-Known Optimization Algorithms for
SMR Process

SCRS15 KBO48 NLP47 GA PSO proposed KHO

decision variables
high pressure of MR, P13 (bar) 48.0 50.0 47.85 45.72 54.50 69.45
evaporation pressure of MR, P5 (bar) 1.30 1.30 1.30 1.680 2.10 1.55
flow rate of nitrogen, mN2

(kg/h) 0.2690 0.50 0.2735 0.3300 0.2200 0.153

flow rate of methane,mC1 (kg/h) 0.5290 0.80 0.4630 0.4510 0.5900 0.455
flow rate of ethane,mC2 (kg/h) 0.6190 0.80 0.7176 0.7062 0.6740 0.635
flow rate of propane,mC3 (kg/h) 2.847 4.00 2.7470 2.930 2.649 2.070

constraints
MITA (°C) 3.0 3.0 3.0 3.0 3.0 3.0
liquefaction rate (%) 92.0 92.0 92.0 92.0 92.0 92.0

required specific power (kW/kg of NG) 0.4400 0.4324 0.4244 0.4034 0.3862 0.3625
relative energy saving by KHO (%) 17.6 16.2 14.6 10.1 6.1 −

Table 8. Mathematical Relations for Exergy Loss
Calculation in Equipment Inherent in SMR Process49

equipment exergy loss (kJ/h)

compressor m WEx ( )(Ex Ex )loss in out= − −
JT valves mEx ( )(Ex Ex )loss in out= −
LNG turbine m WEx ( )(Ex Ex )loss in out= − +
after-cooler exchanging heat with
ambient mEx ( )(Ex Ex )loss in out= −

multistream LNG heat exchanger m mEx ( )Ex ( )Exloss in out= ∑ − ∑

Table 9. Exergy Analysis for KHO Methodology

exergy loss (kJ/h)

equipment type
base
case

KHO
optimized

exergy loss reduction
(%)

compressors
compressor-1 87.0 72.6 16.5
compressor-2 85.6 71.1 17.0
compressor-3 81.7 66.8 18.3
compressor-4 71.9 55.1 23.2
net 326.2 265.6 18.6

interstage coolers
cooler-1 47.8 42.5 11.1
cooler-2 55.0 49.0 10.9
cooler-3 61.0 56.9 6.7
cooler-4 115.5 115.5 0.0
net 279.2 263.9 5.5

LNG exchanger 473.6 279.1 41.1
JT valves

JT MR 103.9 95.6 8.1
JT LNG 29.8 29.8 0.0
net 133.8 125.4 6.3

whole process exergy
loss

1214.1 935.3 22.9

min required work 352.0 352.0 −
actual work (kJ/h) 1584.0 1305.1 −
figure of merit (FOM) 0.2222 0.2697 −

Figure 7. Exergy losses (kJ/h) through each equipment of KHO-
optimized SMR process in comparison with base case.
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in MATLAB and customized according to the optimization
requirements for the rigorous model of the SMR process. The
COM functionality was used to interlink the Hysys model of
the SMR with MATLAB. Thus, the KHO strategy was
opportunely implemented to confirm the energy saving
opportunities for an SMR process by keeping a feasible
approach temperature (i.e., 3 °C) between the cold and hot
composite curves. In particular, an energy saving of 17.61%
was achieved using the KHO optimization approach as
compared to the base case. In addition, after the KHO
optimization, the thermodynamic performance evaluation in
terms of exergy losses and FOM was also performed. The
overall exergy losses for the SMR can be minimized up to
22.99% in comparison with the base case. Therefore, we
conclude that the KHO approach is a straightforward and
systematic way to tackle nonlinear lower-dimensional systems
to improve the industry revenue. The KHO algorithm can also
be applied for the design optimization of higher-dimensional
nonlinear systems such as other LNG processes including
DMR, C3MR, and cascaded. We also conclude that a high
computational cost will be required for the design optimization
of high-dimensional systems using the KHO algorithm. In the
near future, we plan to modify the krill-herd-optimization
approach to reduce the computational effort for the design
optimization of both low- and high-dimensional nonlinear
systems, as an extension to this work.
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■ NOMENCLATURE
N2 = nitrogen
C1 = methane
C2 = ethane
C3 = propane
iC5 = isopentane
COM = component object model
MITA = minimum internal temperature approach
C3MR = propane precooled mixed refrigerant
DMR = dual mixed refrigerant
KBO = knowledge-based optimization
NLP = nonlinear programming
GA = genetic algorithm
PSO = particle swarm optimization
LNG = liquefied natural gas
MR = mixed refrigerant

NG = natural gas
SMR = single mixed refrigerant
TDCC = temperature difference between composite curves
THCC = temperature−heat flow between composite curves
FOM = figure of merit
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