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The dual mixed refrigerant (DMR) liquefaction process is complicated and sensitive compared to the competitive
propane pre-cooled mixed refrigerant liquefied natural gas (LNG) process. When any uncertainty is introduced to
the process operation conditions, it is necessary for the DMR process to be re-optimized to maintain efficient
operation at a minimal cost. However, in actual operation, re-optimization is a challenging task when the process
operational input variables are varied, typically owing to the lack of information regarding the nature, impact, and
levels of uncertainty. Within this context, this study investigates the uncertainty levels in the overall energy consumption and minimum internal temperature approach (MITA) inside LNG heat exchangers with variations in the
operational variables of the DMR processes. Moreover, a global sensitivity analysis is conducted to identify the
influence of random inputs on the process performance parameters. The required energy is significantly influenced
by the variations in the variables in the cold mixed refrigerant (approximately 63%), while changes in the warm
mixed refrigerant (WMR) section only slightly affect the uncertainty of the required specific energy. Furthermore,
the probability distribution of the approach temperature (MITA1) inside the WMR exchanger is mainly affected by
changes in the compositions of methane, ethane, and propane, as well as the high pressure of the cold mixed
refrigerant (approximately 97%). Conversely, the flow rate of ethane and low pressure of the WMR significantly
affect the uncertainty of the approach temperature (MITA2) inside the cold mixed refrigerant exchanger.
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Nomenclature
DMR
LNG
MITA1
MITA2
CMR
WMR
OP
UQ
SA
SI
MDRM
MC
QMC

C1
C2
C3
i-C4
n-C4
N2
X = [x1,
p(X) =
Y = f(X)
g(Y)
E(g(Y))
Si
Ti
wil
xil
q
Q

dual mixed refrigerant
liquefied natural gas
minimum internal temperature approach inside precooling cryogenic exchanger
minimum internal temperature approach inside subcooling cryogenic exchanger
cold mixed refrigerant
warm mixed refrigerant
operating pressure
uncertainty quantification
sensitivity analysis
sensitivity indices
multiplicative dimension reduction method
monte carlo
quasi monte carlo

methane
ethane
propane
iso-butane
normal butane
nitrogen
, xn]T vector of uncertainties
n
p (x ) pdf of independent uncertainties
i=1 i i
output of process
function of output model
expectation of output function
first order Sobol’s index (Noninteraction)
total effect Sobol’s index (Total contribution of x i )
lth weight of quadrature for ith variable x i
lth node of quadrature for ith variable x i
number of quadrature nodes
number of MC/QMC samples

recovery [17], energy distributed systems [18], high-density fluid radial-inflow turbines for renewable low-grade temperature cycles [19],
and other renewable energy technologies [20]. The design of zero/lowenergy buildings has been optimized using sensitivity analysis (SA) of
the design parameters [21]. Moreover, recently, Ali et al. [22], presented the UQ with simultaneous determination of sensitivity indices
(SI) to evaluate the operational reliability for the optimal single mixed
refrigerant (SMR) liquefaction process.
However, to the best of our knowledge, there exist no detailed investigations in the open literature regarding the impact and uncertainty
levels of operational parameters (mixed refrigerant compositions, evaporation pressure, and condensation pressure) of the DMR LNG process
for the overall power and approach temperatures, namely the minimum
internal temperature approach (MITA) values. Moreover, the impact of
the design and operational variables on the overall energy consumption
and feasibility (the approach temperature values inside the LNG exchanger) of the process has not been studied. Therefore, a detailed investigation regarding global SA of the operational parameters of the
DMR liquefaction process, which considers UQ, is required to achieve
process optimization for greater stability and viable operation with
minimal energy consumption. Within this context, a surrogate model
based on the multiplicative dimension reduction method (MDRM) was
adopted in this study for the SA. The Monte Carlo (MC) [23,24] and
quasi-Monte Carlo (QMC) [25–28] methods were employed to examine
the effects of the uncertainties. In the analysis, uniform distributions
were assumed for the uncertainty inputs, while a standard MC method
was employed using 10,000 simulations. The relative percentage of the
Sobol total effect indices was calculated to compare the influences of
the uncertain inputs on the process output. This work investigated a
time-efficient methodology for identifying the uncertainty levels of the
operational variables in the DMR liquefaction process, corresponding to
the overall energy consumption and approach temperature inside the
cryogenic heat exchangers. This approach avoids unwanted process
outputs (for example, overall energy consumption and approach temperatures) under the uncertainty of the input operational variables,
which will ultimately facilitate the development of rigorous stochastic
models. Such a method will simplify the subsequent stochastic model
by neglecting non-influential parameters during the operational optimization. The results of this study are expected to be useful in terms of
addressing global SA with less computational effort, using a multiplicative dimension-reduction approach.

1. Introduction
As a relatively clean energy source, natural gas (NG) has attracted
substantial attention with respect to satisfying the increasing global
energy demand. Electrical power can be produced from NG with 50%
less greenhouse gas emissions than when using coal [1]. Therefore,
rapid growth has occurred in the NG trade compared to those of oil and
coal [2,3], and NG is often referred to as the bridge fuel to a renewable
future, mainly owing to its lower air-pollutant emissions [4]. To date,
NG transportation in the form of liquefied NG (LNG), which has a volume of 600 times less than the gaseous state, is considered as one of the
most promising and economic transportation approaches [5,6]. Among
the well-established LNG processes, the dual mixed refrigerant (DMR)
process has been the most favored candidate for onshore and large-scale
LNG production, mainly owing to its relatively high energy efficiency
compared to other available liquefaction processes [7–9]. Indeed, the
energy efficiency of the DMR process should be high owing the to two
refrigeration loops (warm and cold) that use two different mixed refrigerants: one for pre-cooling, namely the warm mixed refrigerant
(WMR), and another for subcooling, namely the cold mixed refrigerant
(CMR), followed by the liquefaction step. Nevertheless, the DMR process is considered to be more complicated and sensitive than its competing propane pre-cooled mixed refrigerant (C3MR) liquefaction process. This is mainly owing to the significantly different compositions of
the two mixed refrigerants, with varying evaporation and condensation
pressure levels in the WMR and CMR loops. For example, when the
ambient temperature changes considerably, the concentrations of the
mixed refrigerants (WMR and CMR) in the liquefaction process need to
be adjusted (re-optimization) accordingly. However, in a practical
scenario, the resumption of the operation of a DMR process at or close
to an optimal state is considered as a challenging task.
In practice, operational parameter optimization is a challenging
issue, mainly owing to the lack of information regarding the various
decision variables, such as those in complex models including the DMR
liquefaction process. Numerous optimization algorithms [10–13] have
been developed to achieve efficient operation. However, it is often infeasible and compulsory to include all of these variables in a given
calibration model. In general, unimportant variables should be maintained at their mean values when estimating the model parameters. To
identify the influential parameters, sensitivity analysis (SA) is used to
reduce the dimensions of a high-dimensional uncertainty quantification
problem, in order to quantify sensitive performance precisely [14]. The
application of global SA (and the closely related uncertainty quantification (UQ)) has been researched extensively, particularly with or
without a meta-model for process system engineering-related problems,
including chemical models [15], process design [16], enhanced oil
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For example, Eq. (2) allows the kth raw statistical moment of Y to be
calculated when g (Y ) = Y k , and yields the probability of Y exceeding a
certain threshold value Y* if g (Y ) = 1Y > Y (Y ) (that is, an indicator
approximation). In general, model (1) lacks an analytical expression,
and can be evaluated only using computer simulation. Therefore, expectation (2) must also be computed using a numerical approach.
For UQ problems, the MC/QMC method operates by generating a set
of QoI estimations, Y1, Y2, ...,YM . The prediction f (X ) is repeated with
independent and identically distributed probabilities of the uncertain
inputs x1, x2 , ...,x n , which are sampled from the prerequisite PDF p (X ) .
The expected value from Eq. (2) is then approximated as

2. Methodology
2.1. Uncertainty quantification using Monte Carlo/Quasi Monte Carlo
Uncertainty is unavoidable in process design, owing of natural
variation, measurement errors, or simply a lack of suitable technology.
The purpose of UQ is to quantify the degree of confidence in the
available result data for the overall DMR process. Numerous influential
uncertainties may be listed, such as the flow rate, feedstock composition, operating conditions, feed, and product prices and/or supply of
utilities. To achieve appropriate results, the feasibility area and probability distribution of each uncertain variable need to be quantified
correctly, using existing knowledge and experience. Based on the
goodness-of-fit analysis, the distribution of a random variable is approximated using a probability density function (PDF) [29] to estimate
the response distributions. In this study, the MC simulation was used to
approximate a quantitative problem, in which the number of outputs
was evaluated based on random performance for sampling from the
process input probability distributions. These evaluation results could
be used to determine the uncertainty and perform SA of the model. An
uncertainty propagation scheme is illustrated in Fig. 1.
Consider a process system with a mathematical model, as follows:

1
M

= E (g (Y )) =

Global SA focuses on identifying the important variables affecting
the process performance, considering all potential variations in the
input parameters. In particular, it aims to characterize the behavior of
the output response to alterations of the inputs, based on identifying the
most influential inputs [30]. An evaluation of the global SA is conducted according to variance-based indices, including the MC method
[31], fast amplitude sensitivity test (FAST) [32,33], high-dimensional
model representation (HDMR) [34], and polynomial chaos [35,36]. The
FAST method is based on design points selected from a space-filling
curve, designed to explore each uncertainty using different integer
frequencies. Although the number of design points (number of simulations) in the FAST is low, its accuracy is also low and the algorithm for
determining non-interference frequencies for all uncertainties is complex. The random balance method applies a simplified algorithm for

n

(g f )(X ) p (X ) dX ,

(3)

2.2. Global SA of DMR process

where X = [x1, x2 , ...,xn
is the vector of uncertain inputs that can
be assumed as stochastic parameters and are used to characterize the
studied system. Based on the recognized uncertainties, f (X ) is calculated to predict a corresponding quantity of interest (QoI), Y. However,
under numerous circumstances, the values of X cannot be determined
precisely because of missing information. Thus, they are only defined in
a statistical manner using a PDF function, p (X ) . Nevertheless, as an
expression of the uncertain inputs X , the QoI is also uncertain. In
various UQ problems, it is necessary to quantify the influence of the
input uncertainties on the QoI. Meanwhile, the expression of the QoI is
illustrated by a mathematical expectation (so-called g (Y ) ):

]T

g (Yi ),
i=1

The MC method has a convergence rate of O((ln(M))d/M), which is
approximated by O(1/M). To obtain an accurate approximation of the
true solution to the problem, the MC method generally requires a large
number of samples M, and hence, numerous simulations are required to
obtain satisfactory precision.

(1)

Y = f (X ),

M

(2)

Uncertainty factor
X1

Uncertainty factor
X2

Process simulation
Yi=f (fX1, X2,….., Xn)

???

Output response
Uncertainty factor
Xn
Processing unit

Uncertain inputs
Fig. 1. Concept of UQ propagation scheme.
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identifying the non-interference frequencies, but it can only be used to
calculate the relative importance of the uncertainties alone (non-interaction). Polynomial chaos has demonstrated its advantages in terms
of both accuracy and computational cost in cases with a small number
of uncertainties (less than 5) [35]. The sparse polynomial chaos [36]
method has achieved high accuracy with a moderate computational
cost.
A common popular framework for global SA is provided by the MC
or QMC methods. This approach enables statistical estimators of partial
variances to quantify the sensitivities of all uncertain inputs and their
groups according to multi-dimensional integrals. However, this requires
inordinate simulation times for complex problems. Sepulveda et al. [37]
applied global SA by comparing various methods, which facilitated the
identification of the stage recoveries as critical factors in flotation circuits. To address the problem of excessive computational times, an
accurate and surrogate model that offers evaluation efficiency can be
used in place of time-consuming simulations [38]. The main concept
underlying this approach is that an HDMR can be decomposed into a
hierarchy of low-dimensional functions in an additive expansion. For
example, Zhang and Pandey [39] developed a simple approximation
using an MDRM to simplify the variance-based global SA. In general,
the MDRM can provide moderate accuracy with a low computational
cost (linearly). This method was successfully applied in a chemical
process design by our group [40]. In recent years, an efficient two-stage
polynomial chaos method was proposed to study the SA of several industrial processes in order to address complex chemical processes [40].
A significant reduction in the computational time (approximately 95%)
was demonstrated. Furthermore, the results indicated strong agreement
between the proposed method and conventional approach (MC/QMC)
in terms of the simplified model. Moreover, after GSA is performed, it is
important to assess the correctness of the result provided by GSA
through a carefully UQ. Normally the MC /QMC is used as reference
solution for this purpose [41,42].

1)

0,

i=1

Using Eqs. (5) and (6), the mean and mean square of the model output
can be approximated as follows:

µ^y

0

= log(|y (a )|)
a i ) = log(|y (a1, ...,ai 1, x i , ai + 1, ...,an)|),

Dy = (µ^y )2 [

(X ))

e (1

n) 0 e

n
(a ,..., ai 1, xi, ai + 1,..., an )
i=1 i 1

n
µ
i=1 i
n
2 2n
h0
i=1 i .
n
/(µk ) 2 1]
i=1 k
n

(10)

Using the MDRM approximation in Eq. (8), the conditional moments
can be obtained as follows:

E [y (X |x i)]
E [(y (X |x i

)) 2]

=

h01

n

n
k = 1, k i

h02 2n i

n
k = 1, k i

yi (x i)

(µk

)2

µk

= (µ^y )2 i /(µi )2 ,

(11)

The primary variance is estimated as follows:

(µ^y )2 ( i/ µi2

Di

1),

(12)

Thereafter, the first-order effect Sobol sensitivity index is calculated as

Si = Di / Dy

1+
1+

2
i/(µi )
,
n
/(µk ) 2
i=k k

(13)

Using the MDRM standard, and following several algebraic manipulations, the total effect sensitivity index is approximated for parameter xi
as follows:

1

Ti

1

(

(µi ) 2 / i
n
(µk )2 / k )
k=1

,

(14)

The moments of the dimensional function in Eq. (9) with a Gaussian
quadrature with q nodes {wil, x il}ql = 1 can be expressed as

µi =
i

=

q
w y (a1, ...,ai 1, x il , ai + 1, ...,an)
l = 1 il
q
w
(y (a1, ...,ai 1, x il , ai+ 1, ...,an ))2 ,
il
l=1

(15)

From Eqs. (13)–(15), it can be observed that only nq evaluations are
required to estimate the sensitivity indices.
Meanwhile, (n + 2)Q simulations are required if QMC is used to
calculate these Sobol indices. It should be noted that Q = 5000–10,000
for the QMC method [43], while the MDRM only requires q = 5–10
(number of quadrature nodes). The MDRM can easily be extended to
estimate the Sobol indices of multiple QoIs simultaneously, as in [40].
2.3. DMR process description

(5)

The DMR process was introduced in 1978. According to the name of
the process (“dual mixed refrigerant”), two different refrigeration loops
exist: one consists of a WMR, while the other includes a CMR to provide
cold energy for NG liquefaction. The WMR refrigeration loop is used to
pre-cool the feed NG as well as the mixed refrigerant of the CMR loop,
while the CMR refrigeration loop is used to liquefy as well as sub-cool
the NG. The WMR contains methane, ethane, propane, iso-butane, and
n-butane, while the CMR comprises methane, nitrogen, ethane, and
propane [7]. The major units associated with the DMR process are the
multi-stage compression units, including inter-stage cooling, LNG heat
exchangers (CHX-01 and CHX-02), and Joule–Thomson valves (JTVs)
for isenthalpic expansion, as illustrated in Fig. 2. According to this

(6)

The original model output can be rewritten as

e(

h 01

E (y (X ) 2)

where the following functions are related to those in the original domain:
i (x i ,

(9)

= E [y (x i , a i )2] = E [(hi (x i )) 2],

i

(4)

(n

(8)

µi = E [y (xi , a i )] = E [hi (x i )]

n

(t , x i , a i )

ai + 1, ...,an)

where a i = (a1, a2 , ...,ai 1, ai + 1, ...,an).
This approximation model of the input–output correlation is recognized as the univariate MDRM.
The mean and mean square (μi and σi, respectively) of the ith dimensional function are defined as:

With the anchor point a = (a1, ...,an) , an additive dimensional reduction
method can be applied to the logarithm transform (X ) to obtain:

(X )

n
y (a1, ...,ai 1, xi ,
i=1
n
h01 n i = 1 y (x i , a i ),

n

=

2.2.1. Global SA using MDRM
This section briefly describes the MDRM for the global SA from Ref.
[39]. In the MDRM, the product of the one-dimensional functions is
used to approximate a high-dimensional function of the random inputs.
Therefore, derivation of simple algebraic expressions is used for the
first-order effect and total effect sensitivity coefficients, in addition to a
significant decrease in time-consuming simulations. This approach facilitates moderate accuracy and has a low computational cost. The
MDRM is then used to detect influential inputs that can also be used as
optimization variables. In this paper, we briefly discuss MDRM-oriented
applications. For further details, the reader is encouraged to review the
MDRM description provided in Ref. [39].
From Eq. (1), a logarithmic transformation is obtained as follows:

(X ) = log(|y (X )|),

y (a )1

y (X )

(7)

Using Eqs. (5) and (6), the approximation of the model output is explained in the form of:
1449
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Fig. 2. Basic configuration of DMR process [7].

figure, the compression of the stream-12 (WMR) initiates the WMR
refrigeration loop, and the CMR loop begins from stream-1. The WMR
and CMR are both compressed to condensation pressure (which is also
one of the decision variables) using inter-stage cooling-assisted multistage compression units. The stages/number of compressors can be
determined based on the optimal pressure ratio, which varies between 2
and 5. Stream-16 at its optimal condensation pressure passes through
the pre-cooling heat exchanger CHX-01, and after lowering the pressure
through JTV-1, it exchanges cold energy with the NG (stream-18 and
19) and CMR (stream-7 and 8). Stream-18 (feed NG) at 55.0 bar and
25.0 °C, stream-7 (CMR), and stream-15 (high-pressure WMR) enter the
CHX-01 and exchange heat with stream-17 (expanded WMR). Stream12 exits from the CHX-01 as a superheated vapor and is recycled for
completion of the WMR loop. The precooled NG stream-19 emerges
from the pre-cooling heat exchanger (CHX-01) with a liquid fraction of
5–10%, and the CMR stream-8 is obtained with a liquid fraction of
25–45%, depending on the optimal pre-cooling temperature and composition. Subsequently, stream-19 and 8 are introduced into the CHX02, where NG is liquefied and sub-cooled by exchanging latent heat
from the vaporization with latent heat from the liquefaction of expanded stream-10, which consists of a vapor fraction of 5.0–15.0%.

Stream-20 exits from the CHX-02 as sub-cooled LNG, while stream-11
becomes superheated vapor and is recycled to complete the CMR loop.
Stream-20 (sub-cooled LNG) is introduced into the end flash valve
(JTV-3) to lower its pressure to slightly above atmospheric pressure;
that is, 1.1–2.0 bar, and the resulting stream-21 is secured as final
product LNG with a liquid mole fraction of ≥0.9.
2.4. Process simulation
The prominent commercial simulator Aspen HYSYS® v10 was used
to develop a steady-state model for the DMR process. The
Peng–Robinson [44] fluid package with the option of the Lee–Kesler
[45] equation, which rigorously estimates the enthalpy and entropy of
the process streams, particularly at high pressures, was used. Table 1
lists the simulation basis and feed conditions, which were adopted from
a recent investigation [7] regarding the DMR liquefaction process.
Furthermore, the following assumptions were considered in the simulations:

• Negligible heat losses occurred.
• The compressor isentropic efficiency was selected as 75%.
1450
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nominal value and further studies can be directed towards the consecutive optimization steps [16].
The process constraints were the MITAs of the LNG heat exchangers
1 and 2 (CHX-01 and CHX-02, respectively).
All independent variables were randomly varied along their upper
and lower boundaries. To proceed with the UQ analysis, random sample
points of 10,000 simulations were generated from the Halton sequence
[46], which uses a low-discrepancy sequence and is exploited for output
performance [40,47]. For the MC/QMC methods, the number of evaluations was selected according to the Chernoff bound [48] for an accurate probability approximation. As discussed previously, three subgroups (two mixed refrigerant cycles and their operating pressures)
influenced the overall performance of the DMR process. The first cycle
involved pre-cooling the NG and condensing the refrigerant of the
second cycle. The second cycle (CMR) liquefied and sub-cooled the NG
to LNG. In this study, the refrigerant compositions in each cycle and
their operational conditions were uncertain. Therefore, the aim of this
study was to quantify the uncertainty of each subgroup for the process
outputs. It was also extended to investigating the interaction effects of
these uncertain subgroups. This study considered three cases: UQ for
the required specific energy, minimum approach temperature of the
LNG (MITA), and minimum approach temperature of the LNG1
(MITA2). For each case, the MC method was used to analyze the results
of the single effect of each subgroup, interaction effect of two subgroups, and total effect of all three subgroups, respectively.
In this study, the Sobol indices computed using the MDRM were
used to identify the influence of the process inputs, which mainly affected the output response (required energy and minimum approach
temperature) [31,49]. If the total Sobol index is equal to zero, this indicates that the corresponding input uncertainty is negligible and can
be maintained at any point in its distribution, without affecting the
output variance. The Sobol indices can also be used to identify the most
important process variables for the design and optimization of complicated problems.

Table 1
Simulation basis and feed condition for DMR process [7].
Property

Condition

NG feed condition
Flow rate
Temperature
Pressure

124,654.33 kg/h
25.0 °C
55 bar

NG feed composition
Methane
Ethane
Propane
n-Butane
i-Butane
n-Pentane
i-Pentane
Nitrogen

Mole %
87.36
6.69
3.5
0.89
0.59
0.19
0.29
0.49

Pressure drops across cryogenic exchanger (CHX-01)
“Stream-18” to “Stream-19”
“Stream-7” to “Stream-8”
“Stream-15” to “Stream-16”
“Stream-17” to “Stream-12”

1.0 bar
0.5 bar
0.5 bar
0.1 bar

Pressure drops across cryogenic exchanger (CHX-02)
“Stream-19” to “Stream-20”
“Stream-8” to “Stream-9”
“Stream-10” to “Stream-11”

1.0 bar
1.0 bar
0.1 bar

• The inter-cooler outlet temperature was fixed at 30 °C.
• The proposed analysis was performed considering the feasible
minimum internal temperature approach (MITA) value of 3 °C.
• The end flash gas vapor fraction was assumed as 3.7%.
3. Process analysis
The main objective of this study was to determine and evaluate the
uncertainty levels of the operational decision variables, and their impacts on the performance parameters (overall energy consumption and
MITA values inside the LNG heat exchangers) in the DMR liquefaction
process. A rigorous HYSYS (v10) simulation was integrated with the
global SA coded in the MATLAB R2017b environment, while the independent input variables were assumed to be uniformly distributed.
An ActiveX/COM functionality was executed between HYSYS and
MATLAB, and all of the variables were linked in a spreadsheet–variables window in HYSYS. The MATLAB-based pseudo-code for the SA
using the MDRM method is presented in Supporting Information under
Appendix S-A. Furthermore, the proposed analysis was performed on a
64-bit operating system (x64-based processor – Intel® Core™ i7-4790
CPU) with 16.0 GB RAM. To understand the uncertainty levels of the
operational decision variables, and their sensitive nature with respect to
the overall energy consumption and feasible approach temperature
(1–3.0 °C), the analysis was categorized into the following three groups:

4. Results and discussions
4.1. UQ for required specific energy
Figs. 3–5 illustrate the UQ results regarding the single effect of each
subgroup, interaction effect, and total effect of the uncertainty subgroup on the required specific energy. As observed in Fig. 3, two subgroups, namely the CMR and OP, had a significant influence on the
required specific energy. Meanwhile, the flow rates of the four refrigerants in the CMR subgroup had the greatest effect on the output
performance (overall energy). In particular, the PDF was widely
Table 2
Upper and lower bounds for all random input variables.
Base case

Lower bound

Upper bound

I. CMR flow rates of each ingredient, namely C1, C2, C3, and N2;
II. WMR flow rates of C1, C2, C3, i-C4, and n-C4; and
III. operating pressures (OPs), namely evaporation and condensation
pressures of the CMR and WMR loops.

Cold mixed refrigerant (CMR)
Flowrate of N2 (kg/h)
Flowrate of C1 (kg/h)
Flowrate of C2 (kg/h)
Flowrate of C3 (kg/h)

0.377
0.962
0.953
2.213

0.100
0.250
0.300
0.800

0.450
1.000
1.200
2.700

Table 2 lists the upper and lower bounds for the process inputs. The
specific energy requirement and MITA of two LNG cryogenic heat exchangers (MITA1 and MITA2) were calculated as the output in HYSYS
spreadsheets, and used as the output performance for the UQ and global
SA. It should be noted that, in UQ, the specific energy requirement is
sacrificed for the constraint condition (MITA greater than 3). Furthermore, the Sobol indices were estimated according to Eqs. (13) and (14).
The implication of the small values of the Sobol sensitivity indices is
that the uncertainty of the corresponding input is trivial in terms of the
output response. Therefore, the input xi can be maintained at its

Warm mixed refrigerant (WMR)
Flowrate of C1 (kg/h)
Flowrate of C2 (kg/h)
Flowrate of C3 (kg/h)
Flowrate of i-C4 (kg/h)
Flowrate of n-C4 (kg/h)

0.016
0.163
0.319
0.401
0.401

0.005
0.050
0.100
0.100
0.100

0.350
0.600
2.300
1.500
1.000

Operating pressures (OP)
CMR Inlet, P1
CMR Outlet, P6
WMR Suction P12
WMR Discharge P13

3.250
55.000
1.300
24.000

1.500
35.000
1.200
15.000

6.000
65.000
4.000
35.000
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Fig. 3. Probability distribution profile of single effect of uncertain subgroup on required overall energy.
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Fig. 4. Probability distribution profile of interaction effect of uncertain subgroups on required overall energy.

distributed from 0 to 12.8 kW. The single effect of the OP uncertain
subgroup was considered as the second most important subgroup when
the PDF range was 0 to 10.7 kW. The single effect of the WMR subgroups on the required specific energy was the smallest. As such, Fig. 4
presents the interaction effect of each pair of subgroups on the required
specific energy. Moreover, the UQ results indicate that the process
output was significantly influenced by the variation in the CMR subgroup interacting with the others. As indicated in the previous analysis,
the UQ was expected to be influenced by the variations in the CMR and
OP subgroups. The simulation results demonstrate that the CMR–OP
subgroup pair had the greatest influence on the output. As observed in
Fig. 4(b), the required specific energy distribution varied from 0 to
23.3 kW. This is because a sum of the distributions of the single effect
existed as a result of the CMR and OP subgroups. Fig. 5 illustrates the
required specific energy distribution of the total effect for the three
subgroups. The required specific energy varied from 0 to 27.3 kW,
which was the sum of the effects owing to the three subgroups, while
the effect of the CMR subgroup was the most significant in the required
specific energy disturbance.

Fig. 5. Probability distribution profile of total effect of uncertain subgroups on
required overall energy.
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illustrates the interaction effect of each pair of subgroups on the MITA1,
including the pairs of CMR–WMR, CMR–OP, and WMR-OP, respectively. It can be observed that the MITA1 tended towards negative
values when both subgroups were changed together. This implies that
the constraint condition was easily violated. As a result, the MITA1 was
distributed from −18.9 to 3.5 °C when the pair CMR–OP was changed
(see Fig. 7(b)). This pair also introduced the greatest effects on the
MITA1. Consequently, Fig. 8 illustrates the distribution of the MITA1
for the three (total) subgroups, which varied from −23.2 to 3.5 °C.
When the three subgroups varied simultaneously, the results indicate
that the disturbance of the CMR and OP subgroups still had the greatest
effect on the MITA1 performance. The total effect was not a summation
effect of each individual subgroup, as opposed to the case of the required specific energy. The correlation between the total effect and
single effect by the corresponding input could be in the exponential
order, but the investigation of the numerical results is beyond the scope
of this study.
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Fig. 8. Probability distribution profile of total effect of uncertain subgroups on
MITA1.

4.3. UQ for MITA2
A different trend was exhibited in the uncertainty of the MITA2
compared to the previous two cases. Figs. 9–11 only present the disturbance in the MITA1 when the three subgroups of the WMR and OP
were varied. The single effect of the CMR subgroup on the MITA2
disturbance was trivial and is not presented in the main text; instead,
the simulation data are listed in the Supporting Information under
Table S1. When all other decision variables remained constant, the
precooling temperatures significantly affected the MITA2 value inside
the CHX-02. These precooling temperatures were a function of the
WMR subgroup rather than the CMR subgroup, which is the reason
underlying the trivial effect of the individual CMR subgroup on the
MITA2. Moreover, the MITA2 ranged from 2.3 to 3.6 °C when the single
effect of the WMR was varied, as indicated in Fig. 9. The MITA2 was

4.2. UQ for MITA1
Figs. 6–8 depict the disturbances of the MITA1 when the three
subgroups were varied. Fig. 6 illustrates the single effect of each subgroup on the MITA1. Similarly, the effect of the CMR was the most
influential on the PDF of the MITA1. For the MITA1, the changes in four
refrigerant compositions in the CMR resulted in a probability widely
distributed from −9.5 to 3.4 °C. The second most important subgroup
was the variation in the OP, which resulted in an MITA1 range of −7.0
to 3.6 °C. Finally, with the variation in the WMR subgroup, the MITA1
ranged from −1.0 to 3.1 °C. Clearly, the MITA1 was highly sensitive to
changes in each subgroup, and the CMR had the greatest impact. Fig. 7

Fig. 9. Probability distribution profile of single effect of uncertain subgroup on MITA2.
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Fig. 11. Probability distribution profile of total effect of uncertain subgroups on
MITA2.

more widely distributed, from 0.6 to 4.5 °C, when the single effect of the
OP was changed. Therefore, the single effect of the OP subgroup was
higher than that of the WMR subgroup, which became the dominant
influence on the MITA2. As such, Fig. 10 presents the interaction effect
of each pair of subgroups on the MITA2, including the pairs
CMR–WMR, CMR–OP, and WMR–OP, respectively. Given that the CMR
subgroup did not have an effect on the MITA2, the interaction effect of
each pair containing CMR, namely CMR–WMR and CMR–OP, was the
result of the single effect caused by the variation in the WMR and OP,
respectively. That is, an interaction effect occurred between the WMR
and OP subgroup. As a result, the distribution of the MITA2 was varied
from 1.1 to 4.5 °C, while the effect of the OP subgroup was more
dominant on the MITA2 disturbance. Similarly, Fig. 11 illustrates the
distribution of the MITA2 (from 1.1 to 4.5 °C), which was mainly influenced by the effects of the WMR and OP subgroups.

Variables

Abbreviation

Sobol
indices

Specific
energy

MITA1

MITA2

Flow rate of N2 in
CMR
Flow rate of C1 in
CMR
Flow rate of C2 in
CMR
Flow rate of C3 in
CMR
Flow rate of C1 in
WMR
Flow rate of C2 in
WMR
Flow rate of C3 in
WMR
Flow rate of n-C4 in
WMR
Flow rate of i-C4 in
WMR
Low P of CMR
High P of CMR
Low P of WMR
High P of WMR

CMR-N2

S1

0.0041

0

0

CMR-C1

S2

0.0031

0.002

0

CMR-C2

S3

0.0092

0.0001

0

CMR-C3

S4

0.0146

0.0185

0

WMR-C1

S5

0.0004

0

0.0144

WMR-C2

S6

0.0033

0

0.1130

WMR-C3

S7

0.0054

0

0.0378

WMR-nC4

S8

0.0025

0

0.0544

WMR-iC4

S9

0.0028

0

0.0320

CMR-LP
CMR-HP
WMR-LP
WMR-HP

S10
S11
S12
S13
T1
T2
T3
T4
T5
T6
T7
T8
T9
T10
T11
T12
T13
73.6

0.0034
0.0144
0.0070
0.1076E-03
0.2573
0.2059
0.4380
0.5551
0.0353
0.2197
0.3120
0.1746
0.1932
0.2212
0.5508
0.3720
0.0090

0
0.0154
0
0
0.0358
0.2381
0.1335
0.9735
0
0.0005
0.0144
0.0243
0.0238
0.0139
0.9681
0.0001
0.0001

0
0
0.7187
0.0022
0
0
0
0
0.0164
0.1271
0.0430
0.0617
0.0364
0
0
0.7449
0.0003

Computational cost
(second)

Si and Ti identifies the extent of the interactions between the input xi
and other input variables. Furthermore, Si is necessary for determining
the most important input uncertainties. The total sensitivity index (Ti) is
essential for reducing the uncertainty in the output when identifying
the importance of the input and its interactions. If Si is small, the corresponding input is unimportant. However, this approach does not take
into account any interactions. Then, Ti is estimated. If Ti is also small,
the interaction of the input xi with the other inputs is negligible. In this
case, apart from being unimportant, the specific input does not affect
the uncertainty of the output, and can be maintained at the nominal
value in future studies [16].
For the SA, Si and Ti are meaningful when the arithmetic value is
higher than 0.1. As indicated in Table 3, the Si values were very small,
which implies that there were no important uncertainties input into the

4.4. Global SA of required specific energy, MITA1, and MITA2
In this study, a rigorous simulation in HYSYS v10 was integrated
into MATLAB to perform a global SA. The uncertain subgroups including 13 variables (as listed in Table 2) were uniformly distributed.
The connection between HYSYS and MATLAB was facilitated by means
of the ActiveX/COM function. According to the MDRM criteria, a
sample of 130 simulations was executed in MATLAB [50], and the results were passed to HYSYS. Table 3 lists the Sobol sensitivity indices,
namely the Si and Ti indices, respectively. The first-order sensitivity
index only examines the influence of the key effect of each uncertain
variable on the output response. As such, the total effect sensitivity
index is defined as the summation of all the order effects, including the
first, and its interaction order effects. The arithmetic difference between
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1%
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5%
40%

40%

1%
1%

1%
1%

2%
12%

(c)

4%
6%
4%

72%

Fig. 12. Percentage sensitivity effect of each variable on DMR process: (a) required specific energy, (b) MITA1, and (c) MITA2.

required specific energy and MITA1. Exclusively, the low pressure of
the WMR cycle was the most important uncertain variable for the
MITA2 variance (Si = 0.7187). In contrast, the Ti values of the total
effect of each uncertain variable on the required specific energy,
MITA1, and MITA2 were significant. For the required specific energy,
the interaction effects could be determined using these variables, including the flow rates of the four components in the CMR cycle, and the
flow rates of C2, C3, nC4, and iC4 in the WMR cycle. Furthermore, the
interactions of the low and high pressures of the CMR cycle and low
pressure of the WMR were influential in terms of the required specific
energy, while the MITA1 variance was affected by the interactions of
the flow rates of C1, C2, and C3 in the CMR cycle. Moreover, the MITA1
was highly influenced by the interaction effect of the high pressure of
the CMR. For the uncertainty of the MITA2, the interaction effects of
the C2 flow rate and low pressure of the WMR were significant. For
improved clarity, Fig. 12 illustrates the relative percentages of the total
effect indices for the 13 uncertain variables. It can be observed that the
uncertainty of the input onto the output was strongly associated with a
higher percentage value of the corresponding total effect index. Moreover, it is indicated that the uncertainty of the input onto the output
was strongly associated with a higher percentage value of the corresponding total effect index. In particular, Fig. 12(a) illustrates that the
C2 and C3 compositions of the mixed refrigerant, as well as the high
pressure of the CMR cycle and low pressure of the WMR cycle, were
influential in terms of the uncertainty of the required specific energy.
Similarly, the MITA1 distribution was sensitive to the high pressure, in
addition to the C1 and C3 compositions of the mixed refrigerant in the
CMR cycle, respectively (see Fig. 12(b)). Nevertheless, Fig. 12(c) indicates the importance of the total effect of the low pressure and C2
composition in the WMR cycle on the MITA2 variance.

5. Conclusions
The aim of this study was to determine the model variables with the
greatest influence on the output uncertainty. This information then
allowed for non-influential parameters to be maintained in the model,
in addition to providing a direction for further research to reduce
parameter uncertainties and increase the model accuracy. Prior to the
SA, the UQ was exploited to determine the output distribution when the
uncertain inputs were varied. This established a new trend in the study
of LNG with respect to the identification of the most important parameters in a model, and is critical in supporting effective parameterization and model development. The MDRM, a variance-based SA
method, was used to obtain information regarding the SA indices,
which quantify the influence of each input on the output variance. For
this specific DMR process, important variables were identified based on
the Sobol indices. As a result, based on the UQ and SA, the specific
energy was completely influenced by the variable changes in the CMR
section (approximately 63%), which included the flow rates of N2, C1,
C2, and C3, as well as the low and high pressures of the CMR. The
specific energy was also slightly influenced by the variation in the flow
rates of C2, C3, nC4, and iC4, as well as the low pressure of the WMR
(37%). Furthermore, the uncertainty of the MITA1 was mostly affected
by the changes in C1, C2, and C3, and the high pressure of the CMR
(approximately 97%). Conversely, the flow rate of C2 and the low
pressure of the WMR were completely influential in terms of the MITA2
uncertainty. Based on these observations, robust optimization of the
DMR process can be performed in future work. Finally, our perspectives
on research issues relating to SA were presented for complex LNG
models.
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