
Contents lists available at ScienceDirect

Applied Thermal Engineering

journal homepage: www.elsevier.com/locate/apthermeng

Research Paper

Knowledge-inspired operational reliability for optimal LNG production at
the offshore site

Wahid Alia, Muhammad Abdul Qyyumb, Mohd Shariq Khanc, Pham Luu Trung Duongb,
Moonyong Leeb,⁎

a Department of Chemical Engineering Technology, Jazan University, Jazan, Saudi Arabia
b School of Chemical Engineering, Yeungnam University, Gyeongsan 712-749, Republic of Korea
c Department of Chemical Engineering, Dhofar University, Salalah, Oman

H I G H L I G H T S

• Reliability of the SMR liquefaction
process is effectively measured.

• A gPC based surrogate modeling ap-
proach is applied for uncertainty
quantification.

• Sobol sensitivity indices are obtained
directly from the surrogate model.

• Computational time is significantly
reduced compared to MC/qMC ap-
proaches.
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A B S T R A C T

To develop a safe and profitable process, uncertainty quantification is necessary for a reliability, availability, and
maintainability (RAM) analysis. The uncertainties of 3% in each key decision variables are propagated which
could bring the system into an unreliable/risk region. Hence, in this study, uncertainty quantification (UQ) with
simultaneous determination of sensitivity indices (SI) is proposed using generalized polynomial chaos (gPC)
modeling approach. This approach reduces about 90% of the total computational time when compared with the
conventional simulation approaches required for a complex first principle based model. Subsequently, a
knowledge inspired reliability analysis is carried out using the uncertainty analysis (UA). By using the statistical
properties of the process, for example, mean/optimal value at 50% failure give the bound between [0.7174,
0.9496] for LNG product stream. Further, it was found that LNG with 10% end flash gas (or 90% liquefaction
rate) can be obtained with a failure probability of 14.43%. This value of reliability is promising for a given
specified deviation; hence, the process could be assumed to be near to its reliable optimal operational region.

1. Introduction

Advancements in modeling, simulation, and computing technology
have brought heavy chemical plants to the desktops of researchers. This
allows researchers to rely on models that represent physical processes

in the form of complex mathematical or so-called black-box models
[1–4]. Despite this, not all models are assumed to be reliable because of
a lack of understanding of the real process characteristics, until they
pass through a reliability test. This creates an element of uncertainty;
hence, uncertainty is inherently present throughout the modeling
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process [5,6]. The overall model uncertainty arises from a lack of
knowledge of processes; mathematical formulations and associated
parameters; and data coverage and its quality [7–10]. This concept can
further be linked with several other sources of uncertainty. Some ex-
ternal source of uncertainties may also include uncertainties arising
from the input state of a process, for example, inlet feed conditions such
as pressure, temperature, flow rate, and variation in the mixture com-
position. Hence, these uncertainties should be accounted for in order
for the process to be considered reliable.

Uncertainty quantification (UQ) is the process of investigating the
effects of the lack of knowledge or error in expertise on model output. A
study of UQ combined with sensitivity analysis (SA) can provide in-
formation regarding the confidence placed in a model [5]. However,
sensitivity analysis (SA) can only be used to determine how an un-
certain parameter affects the whole process.

Additionally, in process design engineering, models are generally
known for their complex mathematical structure [3,11] and are gen-
erally designed at the fixed optimal values of decision variables or at
fixed parameters. Thus, any slight deviation from their optimal (mean/
nominal) value may have a substantial effect on the system safety, re-
liability, and economics [1,2,5,12]. Hence, the deviation present in
either the process input state or in model parameters is unavoidable
[1]. This argument further promotes UQ and SA as an important step
before the process design, where they play a vital role in examining the

reliability or the distance of the process from its risk region [13,14].
Fig. 1 depicts the method of propagating uncertainty through input

states in a process/model where an output state or independent com-
plex function f(x) is needed to predict the value of a dependent variable
[15]. Abubakar applied traditional simulation-based approaches such
as Monte Carlo (MC) [16] and quasi-MC (QMC) [17,18] in chemical
engineering applications for model data predictions [1,19–26]. The
convergence of these popular simulation-based approaches is the in-
verse square root of the number of simulations, which makes them
computationally expensive and even sometimes infeasible for a com-
plex mathematical process. Hence, there is a need for time-inexpensive
methodologies that can fulfill the needs of MC and QMC simulation in a
precise manner.

Surrogate modeling is an alternate method that has been reported to
reduce the computation time by creating a surrogate model of a com-
plex process. Surrogate models, as approximations of complex models,
provide a practicable substitute for propagating the input uncertainties
into the function, which mimics the original complex/black-box model
[15,27–29]. Hence, a generalized polynomial chaos (gPC) approach is
proposed and applied for UQ and SA of a complex single mixed re-
frigerant (SMR) process. The gPC is a spectral representation based on
Wiener chaos theory [30–34]. It converges exponentially using the gPC
expansion of infinitely smooth functions, unlike other traditional ap-
proaches. Additionally, there is a claim that Sobol sensitivity indices

Nomenclature

NG natural gas
LNG liquefied natural gas
SMR single mixed refrigerant
MR mixed refrigerant
N2 nitrogen
C1 methane
C2 ethane
C3 propane
EFG end flash gas
SI Sobol sensitivity indices
GA genetic algorithm

PSO particle swarm optimization
HDSS hybrid digital simulation system
DV decision variables
SA sensitivity analysis
gPC generalized polynomial chaos
MC Monte Carlo
PDF probability density function
QMC Quasi Monte Carlo
RAM reliability, availability, and maintainability
UQ uncertainty quantification
MITA minimum internal temperature approach
TDCC temperature-approach temperature composite curves
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Fig. 1. Uncertainty propagation through MRs in the SMR process [42].
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(SI) can be calculated directly from the same surrogate analytical
model, without any additional computational load. Nagy presented a
few gPC applications in modeling, control, and optimization problems
[30]. Further, Ghanem reported that gPC could be used as an effective
computational tool in engineering applications [35].

The applicability, accuracy, and efficiency of the proposed method
to predict the process output is used for knowledge-based reliability
using UQ and SA for an liquefied natural gas (LNG) cryogenic process
[36]. Natural gas (NG) has been reported as a clean fossil-fuels-based
energy source, mainly due to approximately 29% and 44% less CO2

emissions compared with oil and coal, respectively [37,38]. Because NG
is often found in remote locations, bringing it to the market requires
liquefaction, which is an energy-intensive process and normally ac-
counts for approximately 40–50% of the total LNG value chain cost,
depending on the plant site conditions [39,40] and type of refrigeration
cycle [41]. Hence, its optimization is another important and challen-
ging task. During the LNG process optimization, it is essential to meet a
few specifications, for instance, the LNG product stream temperature,
heat exchanger (HX) minimum internal temperature approach (MITA),
and end flash gas (EFG) specifications. Despite the challenges, several
successful attempts have been made toward SMR process optimization
using deterministic, stochastic, and knowledge-based approaches [41].
All approaches claimed the superiority of their results in decreasing the
specific compressor power. However, it is surprising to find that vir-
tually none of the published studies mention the reliability of the pro-
cess provided if any decision variable deviates from its optimal value
(here considered a nominal value) [13,42]. Hence, in addition to op-
timization, UQ and SA is another main task carried out in this study.
Furthermore, as Mesfin reported with respect to the constrained vio-
lation in optimization [43–45], with a slight deviation in DVs, a change
in refrigerant flow rates from their optimized values (used in the pre-
sent study) would affect the system. Hence, the process could violate
regulations, affect profit, and sometimes may become unstable from a
safety point of view. Here, uncertainty was propagated into the opti-
mized process system using MR optimal flow rates (see Section 4), and
several objectives were monitored. In the next section, the methodology
used for UQ and SA with the implementation of gPC is described.

Section 3 describes a brief theory of the gPC method and its application.
Section 4 discusses the main results, and the last section includes the
conclusions drawn from the study.

2. Methodology: software integration and UQ

First, the model for natural liquefaction was modeled and simulated
in an Aspen Hysys environment. A code was created to develop a hybrid
digital simulation system (HDSS) environment for MATLAB and Aspen
Hysys to exchange information between the two different types of
software, as depicted in Fig. 2. The hybrid environment was created to
propagate uncertainty in Aspen Hysys using multi-purpose MATLAB
software, which can perform stochastic calculations expeditiously [43].

In the first step, the model was optimized; then, UQ and SA were
performed. Next, a gPC code was developed for the cubature nodes and
weights for a 5th-order gPC polynomial function. The cubature node
varies with the order of the gPC polynomial and number of uncertain
variables involved in the process input state. Subsequently, the cu-
bature nodes were passed from the MATLAB to the Hysys environment.
Only 625 Gauss-Hermite cubature nodes were required to make a SM
for the four uncertain variables which is fewer than that required for
MC/QMC approaches. Later, the results were processed using statistical
analysis, and the impact of the uncertainty on important pre-defined
objectives was observed.

3. gPC approach implementation in UQ

This section explains the brief theory of the gPC approach for un-
certainty quantification and SA. The detail steady state theory of gPC
can be found elsewhere in the literature [3].

A steady-state process with uncertainties can be uttered as:

=xF ξ 0( , ) (1)

where = ξ ξ ξξ ( , , ..., )N1 2 is a mutually independent uncertain input
vector with probability density functions of → +ρ ξ R( ): Γi i i , and x de-
notes a process state vector.

The joint probability density of the random vector, ξ, is = ∏ = ρρ i
N

i1 ,

Fig. 2. Hybrid digital simulation system (HDSS) [13].
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and the support of ξ is ≡ ∏ ∈= RΓ Γi
N

i
N

1 . The uncertainties with a
specific distribution in the process inputs ξ are then propagated through
the entire process (see Fig. 1), which generates a response function
f x ξ( ( )) for a process input state variable x.

We construct an N-variate Pth order gPC approximation of the re-
sponse function in the form:

∑=∼ ∼

=

⌢
f f ξΦ ( )N

P

j

M

j j
1 (2)

After obtaining all gPC coefficients and generating the SM (see Eq.
(2)), a post-processing procedure was used to obtain the statistical
properties of the response function f ξ(x( )).

The mean values was evaluated by the first expansion coefficient as
given below:
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Then, the variance of the response function f ξ(x( )) can be evaluated
as follows:
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Eqs. (3) and (4) employ the property that the polynomial set begins
with =ξΦ ( ) 11 . The distribution of the response function can be ob-
tained by sampling the SM in Eq. (2) [31]. The mean and variance of
the system f(x) are given approximately by Eqs. (3) and (4), respec-
tively.

Note: Using MC/QMC, it is essential to run the process system nu-
merously for all sampling points for statistical analysis. Nevertheless, in
gPC, Eq. (1) is required to solve only for a few cubature nodes to obtain
the analytical function, as shown in Eq. (2). The statistical properties
expressed in Eqs. (3) and (4) are available directly from the SM.

3.1. Theory of variance-based sensitivity analysis using gPC

Sobol’ based sensitivity indices are included in the proposed gPC
method. They are sufficient and simple to use to predict the influential
variables/parameters [2]. The gPC expansions in Eq. (2) can be re-
ordered to separate the single and combined contribution of each
random variable as explained.

We define the set of multi-indices Ik k,..., s1 such that [3,46]:

= … ⩽ ⩽ = ∈ … ……I k k k γ P γ k n k k{( , , , ): 0 , 0, {1, , } { , , }}k k s k
j

k
j

s, , 1 2 1s1 (5)

where γk
j is the one-dimensional polynomial degree. Hence, the first-

order sensitivity function can be shown as:

=
∑ ∈

⌢

S
f

Di
j I j

f

2

i

(6)

The sensitivity function of a higher order can be obtained as follows:

=
∑ ∈

⌢

S
f

Di i
j I j

f
,...,

2

s
i is

1
1,...,

(7)

4. Results and discussion

In this section, a highly non-linear case study is used to illustrate the
superiority of the gPC approach over other conventional approaches.
Here, an optimal surrogate model of LNG process was created for an
optimized LNG plant. In this example, the reliability of the process for
decision-making, identifying the confidence level as an outcome, and
robust design under the influence of uncertainty are discussed. To en-
sure the smooth operation of the plant it is essential to account the
uncertainties which are inherently present in any process plant. Hence,
rigorous qualitative and quantitative analysis of the LNG plant is
equally important to obtain the desired specifications by minimizing
the deviation in the key decision variables.

4.1. LNG process optimization

Fig. 3 shows a schematic of a SMR cycle of an LNG process in which

Fig. 3. Process flow diagram for LNG plant with SMR liquefaction cycle [48].
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feed gas enters the HX at high pressure and ambient temperature, and
exchanges heat with mixed refrigerant (MR). NG leaves the exchanger
in a sub-cooled state (stream-6) and then flashes using expansion valve
to atmospheric pressure, and this liquefies NG completely (stream-7).
After being compressed and cooled, MR (stream-3) is vaporized in the
cryogenic HX and leaves in a superheated state (stream-4) by ex-
changing energy from the hot feed NG gas. Lowering the pressure
(2.3 bar) of the MR stream in the expansion valve results in a decrease
in temperature to −152.7 °C (stream-5). In last, mixed refrigerant is
vaporized inside the LNG-HX by taking the latent heat of vaporization
from hot NG (stream-0) and leaves in a superheated state (stream-1) for
recompression. The LNG stream pass (0–6–7) and warm refrigerant pass
(3–4) are combined in a hot composite curve, whereas the cold re-
frigerant (5–1) alone forms the cold composite curve. For effective heat
transfer, the LNG exchanger should have a MITA value of 1–3 °C
[42,47].

Generally, liquefied natural gas at the product side has a liquid
fraction (LF)≥ 90% at a pressure marginally higher than the atmo-
spheric [49]. Power used in multistage compression of refrigerants is
defined as a single combined objective function, as taken in several
latest [50–53] NG liquefaction processes enhancement. Hence, for re-
liability analysis, the LNG plant was first optimized by employing a
genetic algorithm (GA) and particle swarm optimization (PSO) algo-
rithm using DVs and specifications, as reported in Table 1 [54]. The
results obtained from these algorithms were almost similar, but PSO
performed faster. The GA results are shown in the table with the only
difference in computational time of optimization. Table 2 shows the NG
feed conditions, and Table 3 lists the optimized LNG plant results for GA
algorithms.

4.2. Problem formulation for uncertainty analysis

A detailed stochastic problem is formulated to discuss the reliability,
feasibility, and flexibility of the process. The study included six un-
certain output states objectives and four uncertain input variables with
the sole objective of observing the optimal process in terms of process
reliability. Four independent key refrigerants’ mass flow rates using
normal Gaussian distributed uncertainty were propagated into the SMR
cycle. Table 4 shows only the optimal values of the mixed refrigerants
(FN2, FC1, FC2, and FC3) as the mean value with a standard deviation of
3.0% form the mean value in each input state, alternatively one can
choose from historical data if available. The remaining parameters were
supposed to be fixed at their respective optimal values.

Six main objectives are defined by Eq. (8)

= ∑ ==f X ξ

LNG product T
LNG product LF

Comp Power w W

SMR LF
HX MITA

HX Duty Q

( , ) . :

:
: ( )

i i compressor S S
4

i

(8)

where X is a vector of fixed parameters, and ξi is a mass flow rate vector
of four input uncertain mixed refrigerants as

=ξ ξ ξ ξ ξ{ , , , }i m m m mN C C C2 1 2 3 (9)

A normal distribution of the uncertain MR flow affecting the whole
process is shown in Fig. 4. In the NG refrigeration plant, engineers
mainly focus on some important objectives to be fulfilled; and the plant
should have the ability to cope uncertainty to produce the desired
specifications. However, if some state variables are susceptible to

Table 1
Variables bounds and design constraints [54].

Properties Lower bound Upper bound Design constraints

FN2 mass flow (kg/h) 0.1506 0.3514 1. ΔTmin≥ 3.0 °C
FC1 mass flow (kg/h) 0.3408 0.7952 2. The degree of superheat of MR≥ 36 °C
FC2 mass flow (kg/h) 0.3312 0.7728 3. TLNG≤−157.0 °C, LNG product
FC3 mass flow (kg/h) 1.7580 4.6880 temperature
Condenser pressure (bar) 35.0 52.0 4. Vapor fraction of LNG≤ 10.0%
Temperature of MR after expansion (°C) −162.0 −152.0

Table 2
LNG process feed conditions.

Properties Feed input condition

Feed gas temperature (°C) 32.0
Feed gas pressure (bar) 50.0
Feed gas flow rate (kg/h) 1.0

NG composition (mole fraction)
Nitrogen 0.0020
Methane 0.9135
Ethane 0.0536
Propane 0.0214
n-Butane 0.0047
i-Butane 0.0046
n-Pentane 0.0001
i- Pentane 0.0001
Compressor isentropic efficiency (%) 75.0
LF of product LNG (%) 0.0

Table 3
Optimized LNG process with optimal SMR cycle parameters.

Properties GA optimal values

Nitrogen refrigerant flow: FN2 (kg/h) 0.2424
Methane refrigerant flow: FC1 0.5124
Ethane refrigerant flow: FC2 0.5260
Propane refrigerant flow: FC3 2.9022
P at HX inlet stream-3 (bar) 45.57
Temperature at expansion valve (stream-5) (°C) −152.97
Superheated SMR temperature (stream-1) (°C) 36.0
Compression power (kW) 0.4056
LNG product temperature (°C) −158.42
Liquefaction rate 0.898
SMR liquid fraction (stream-2) 0.4501
LNG HX duty (kW) 0.8664
MITA (°C) 2.64
UA (kJ/°C-h) 366.19
LMTD (°C) 8.52
GA time elapse during Optimization (h) 5.87
PSO time elapse during Optimization (h) 1.07

Table 4
Mixed refrigerant flow rate with mean and standard deviation.

Property MR mass flow
rate (kg/h)

Mean value
(Optimal)

Standard deviation 3% of mean
(optimal) values

N2 – ξmN2
0.2424 0.0073

CH4 – ξmC1
0.5124 0.0154

C2H6 – ξmC2
0.5259 0.0158

C3H8 – ξmC3
2.9022 0.0871
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varying from their mean-optimal values, it is essential to possess an
understanding of the process and its range of variations.

4.3. Uncertainty and reliability analysis

Let us assume that the LNG plant case study is comparable to
oversized robust design. The oversizing of the LNG heat exchanger can
result in high capital and operational costs, as well an increase in
maintenance cost over the life span of a plant. For example, a design
engineer always selects a cooling duty that exceeds the optimal peak
value by considering the lump sum effect of all inevitable uncertainty
when designing a cryogenic HX. This safety factor is always selected
and multiplied before the final design step to fulfill the cooling demand.
Similarly, other additional design factors can be added to the com-
pressor to allow for changes in system load, as well as unforeseen
pressure drops, friction factors, and aging et cetera.

It is important to note that in this study, the problem formulation is
based on optimal values, as depicted in Table 3. As during optimization
the constraints vary by approximately 50%, the optimal values can be
seen at 50% failure cumulative probability, the point of discussion
maintains 50% failure as its base value (see Table 5), and failure above
this level can be considered as the unreliable/failure region. Table 5
depicts the effect of uncertainty on the different objectives in terms of
important statistical properties such as bounds/bands and probability
and cumulative density distribution curves. While the sensitivity in-
dices (SI) calculated for the gPC model are summarized in Table 6.
These results are used to evaluate the probability/confidence limits and
for reliability analysis of the process presented in the forthcoming
paragraphs.

4.3.1. Effect on LNG product stream
In real applications, it is assumed optimal to obtain approximately

90% of LF (or end flash gas of 10%) with approximately −158 °C at the
LNG facility end. A value of 10% or less is important to maintain a
minimum end flash gas (EFG) rate. Figs. 5 and 6 show the probability

and cumulative density distribution, whereby a variation in LF and LNG
temperature bounded from (71.74–94.96%) and (−159.1809 to
−157.9189) °C can be observed, respectively. As an example, LNG with
90% LF at the flash can be obtained with a failure probability of ap-
proximately 14.43% (=64.43–50.0 (base value)); alternatively, a re-
liability (reliability= (1− failure probability) of 85.57% can be ob-
tained from survivor probability curve. This value of reliability is
promising for a given specified deviation; hence, the process could be
assumed to be close to its reliable optimal operational region. Similarly,
the effect on LNG temperature indicate no substantial deviation in the
temperature; thus, product quality remains within the optimal range
during uncertainty propagation (UP). If it is assumed that the devia-
tion/uncertainties in the process are sufficiently large, then the
knowledge of SA can play an important role in coping with the pro-
blem.

For a more reliable process or to increase the process reliability, the
knowledge of influential uncertain variables is important to identify.
Table 6 lists the global Sobol sensitivity indices associated with each
uncertain variable. Fig. 7 shows a pie chart for the Sobol sensitivity
indices for a quick analysis of the specific influential variable. Fig. 7(a)
shows that the values of nitrogen (FN2) and methane (FC1) flow rates
have the highest SI values, which means it has the highest contribution
towards the deviation/variation in the LF. Further, Fig. 7(b) shows that
the most influential parameters for the LNG temperature are the ni-
trogen, methane, and propane flow rates with SI values of 32%, 45%,
and 19%, respectively. In summary, if these parameters can be main-
tained close to their mean values, a good process reliability can be
achieved.

4.3.2. Overall effect on SMR cycle
The effect of uncertainty on the SMR cycle, we believe that it can be

best understood if the liquefaction cycle is studied based on the energy
consumption of compressors and performance of the cryogenic HX.

4.3.3. HX duty performance
The variation in MR flow travels through the liquefaction cycle and

affects stream-3. Thus, a variation in the MR liquid fraction can be
observed as shown in Fig. 8. This variation travels further and ulti-
mately affects the approach temperature, i.e., MITA, and the heat re-
moved from the NG, using the cryogenic HX. Overall, the uncertainty
makes the heat transfer rate variant and, hence, affects the overall
performance/effectiveness of the HX.
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Fig. 4. Gaussian-based normal distribution of MR flow rates.

Table 5
Optimal, mean, and bounds values of the objectives under uncertainty.

Stochastic objectives→ LNG product LNG temperature (°C) Refrigerant LF HX-duty (kW) MITA (°C) Compression power (kW)

Optimal values (GA) 0.898 −158.4214 0.4501 0.8664 2.6366 0.4056
Optimal values (PSO) 0.897 −158.4183 0.4409 0.8750 2.6009 0.4013
Mean values↓ at 50% failure probability 0.8780 −158.3836 0.4359 0.8401 2.1978 0.3988
Bounds Lower 0.7174 −159.1809 0.3478 0.7983 0.0006 0.3749

Upper 0.9496 −157.9189 0.4921 0.8762 4.8751 0.4249

Table 6
Sensitivity indices (SI).

SI→ Nitrogen
flow index
(FN2)

Methane
flow (FC1)

Ethane
flow
(FC2)

Propane
flow
(FC3)

Sum of
interaction
indices (∑Fij)

Objectives↓

LNG fraction 0.3224 0.4534 0.0177 0.1935 0.0131
LNG temperature

(°C)
0.1554 0.2286 0.0068 0.0659 0.5430

Refrigerant LF 0.3468 0.6122 0.0033 0.0371 6.89e− 04
HX-duty (kW) 0.0044 0.3677 0.3437 0.2842 2.09e− 05
MITA (°C) 0.2873 0.4167 0.0063 0.1158 0.1740
Compression

power (kW)
0.2181 0.5953 0.1361 0.0506 6.42e− 07
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In a typical multi-stream cryogenic heat exchanger, after the ex-
pansion valve (stream-5), cold MR vaporizes by absorbing the latent
heat of vaporization from both the feed NG (stream-0) and incoming
MR stream-3. This incoming MR stream is usually partially liquid
(35–55%) depending on the MR composition. It can be seen that, if the
incoming MR liquid fraction increases, the load on the main cryogenic
HX is reduced, which ultimately reduces the overall compression power
requirement, as shown in Fig. 9(b). Thus, to achieve the maximum
benefit of the mixed refrigerant (stream-3), it should be at its maximum
LF (or as high as possible, owing to some known limitations). Hence,
the variation in the MR flow rates (stream-1) should be minimized to
maintain the LF at its optimal value. Fig. 10 shows the variation in HX
duty in the form of probability and cumulative frequency curves that
gives the heat duty variation in the range of (0.7983–0.8762) kW. It can
be seen that the failure probability from its optimal value (0.8625 kW)
is 48.71% (=98.1–50.0).

Regarding the next objective, MITA, its value from a HX design
point of view should be in the range of 2–3 °C. The heat transfer would
not be as effective if MITA≤ 1 °C owing to material physical property

constraints and from an economic point of view. Fig. 11 shows the ef-
fect of MR liquid fraction on the MITA value. Table 5 shows that, for a
given uncertain condition, the mean process MITA value is approxi-
mately ≤2.2 °C, whereas the optimal value is 2.8 °C. The reliability of
the process for MITA ≥2 °C can be measured with its survivor prob-
ability of 79.82% (=100.0–20.18). This value is not very promising for
the reliability of the process.

Therefore, for a reliable heat transfer rate and to maintain the MITA
value within the range of 2–3 °C, one should be required to conduct SA
and determine the most influential variable. The sensitivity indices in
Fig. 12 shows that FC1, FC2, and FC3 have the greatest effect on the heat
duty, whereas the flow rates FN2, FC1, and FC3 are important variables
for MITA. Thus, to maintain the objective, the optimal range and sur-
rounding area must be monitored.

4.3.4. Compression power performance
In the SMR cycle, the compression unit is also one of the important

units on which to focus with respect to energy saving. The effective and
optimum use of energy in the multistage compression of refrigerants

Fig. 5. LNG liquid fraction: (a) Probability distribution; (b) Cumulative distribution functions.

Fig. 6. LNG temperature: (a) Probability distribution; (b) Cumulative distribution functions.

W. Ali et al. Applied Thermal Engineering 150 (2019) 19–29

25



Fig. 7. Sensitivity indices for LNG: (a) End flash liquid fraction; (b) Temperature.

Fig. 8. MR liquid fraction stream-3: (a) Probability distribution; (b) Cumulative distribution functions.

Fig. 9. (a) Sensitivity indices for MR liquid fraction; (b) Variation in MR liquid fraction on HX duty (kW) and compressor power (kW).
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represents the reversibility of the process. Hence, the cycle reversibility
in terms of lower power consumption with a high reliability of the
process is an important point of focus in any cryogenic process. Table 5
shows that the total optimal power used in the compression of re-
frigerant is 0.4056 kW, whereas the value at 50% failure is 0.3988 kW,
which is similar to optimum. Fig. 13 represents the density distribution
of the compression power due to the uncertain flow of the refrigerant.
The design point of the compression should be chosen at a value higher
than the optimal value. In addition, the failure curve is too steep, which
indicates that the power has a low sensitivity for the given range of
uncertain input flow rates of MR.

For high deviation in the flow rates, this value may become critical
and may require attention for the plant at operation. Fig. 14 shows the
sensitivity indices in which FN2 and FC1 are most influential variables
for the compression power. Hence, for a large change, these variables
are solely responsible because they provided the variation increases in
the same proportion as the mean value.

5. Conclusions

This study has presented the knowledge-inspired operational relia-
bility for optimal LNG production for FLNG-FPSO project. The study
was divided into two parts: first, an optimal case was obtained by op-
timizing the process using GA and PSO algorithms. Later in the next
step, UQ with SA was carried out by applying uncertainties in the MR
inlet flow. The evaluated statistical results were utilized to measure the
process reliability. The gPC based simplified model only uses 625 cu-
bature nodes against the MC methods, utilizes thousands of simulation
points. Moreover, sensitivity indices were calculated simultaneously
while these indices are required to be calculated separately in most
common methodologies and contribute in the additional time.

Based on the optimum results obtained, a slight deviation in DV
value causes the system to move in the undesirable region. This phe-
nomena may lead to failure to reach the optimum objective (e.g.,
Profit/Utility). Thus, UQ and SA can aid in understanding the process
and knowing the variation bounds, which further can be utilized for
process reliability. Accordingly, upon the application of uncertainty in
the MR flow rates in the plant the reliability of 85.57% was achieved in

Fig. 10. Heat exchanger duty (kW): (a) Probability distribution; (b) Cumulative distribution functions.

Fig. 11. Heat exchanger MITA value: (a) Probability distribution; (b) Cumulative distribution functions.
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LNG liquid fraction. Moreover, the SI shows that the major individual
contribution of the flow rate was C1= 23% and N2= 16% while the
combined (due to interaction) effect on the liquid fraction was
Fij = 54%.

Thus it can be concluded that if the uncertainty in the key variables
is high enough, then the UQ knowledge with SI could bring the system
to a desired region by a minimal sacrifice in utility demand.
Furthermore, UQ and SA could prove to be helpful during the design
stage of the process, in improving the thumb rule based design ap-
proach. Additionally, SA could play an important role in case of robust
optimization by optimizing the quantity of unwanted components that
enter the plant. In this way, it contributes model-order reduction by
identification and/or elimination of less important parameters.
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