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Determining the saturated vapor pressure (SVP) of LNG requires detailed thermodynamic calculations
based on compositional data. Yet LNG compositions and SVPs evolve constantly for LNG stored in tanks.
Moreover, the SVP of the LNG in a tank influences boil-off rates and tank pressure trends. In order to
make improved tank pressure control decisions it would be beneficial for LNG tank operators to be made
more constantly aware of the SVP of the LNG in a tank. Machine learning models that accurately estimate
LNG SVP from density and temperature inputs offer the potential to provide such information. A dataset
of five distinct, internationally traded LNG cargoes is compiled with 305 data records representing a
range of temperature and density conditions. This can be used graphically to interpolate LNG SVP.
However, two machine learning methods are applied to this dataset to automate the SVP predictions. A
simple multi-layer perceptron artificial neural network (MLP-ANN) predicts SVP of the dataset with root
mean square error (RMSE) = 6.34 kPaA and R? = 0.975. The transparent open-box learning network
(TOB), a regression-free optimized data matching algorithm predicts SVP of the dataset with
RMSE = 0.59 kPaA and R? = 0.999. When applied to infill unknown LNG compositions the superior TOB
method achieves prediction accuracy of RMSE ~3kPaA and R? = 0.996. Predicting LNG SVP to this level of

accuracy is beneficial for tank-pressure management decision making.
© 2020 Southwest Petroleum University. Production and hosting by Elsevier B.V. on behalf of KeAi
Communications Co., Ltd. This is an open access article under the CC BY-NC-ND license (http://
creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

exists, particularly in the handling of boil-off gas (BOG) in marine
transportation and storage facilities, leading to gas wastage [3,4].

The massive expansion and diversification of long-distance
trade in the LNG industry in recent years [1] has been associated
with steady growth in the LNG shipping fleet, offshore facilities
such as floating storage and regasification units (FSRU and FSU) and
onshore regasification and storage facilities. Cedigaz [2] forecast
international LNG trade to potentially grow by 3.2%/year from 2020
to 2040, and that the share of LNG in net interregional flows is likely
to increase from 39% in 2017 to 60% in 2040. However, along the
LNG supply chains a certain amount of operational inefficiency
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There are a number of industry initiatives aimed at reducing gas
cargo waste and emissions associated with LNG shipping. The
mandatory Ship Energy Efficiency Management Plan (SEEMP) [5]
obliges ship operators to focus on efficiency. The EU Monitoring,
Reporting and Verification of CO, (EU MRV) made emissions data
collection mandatory in January 2018. Additionally, the IMO Data
Collection System (IMO DCS) on fuel consumption; data collection
became mandatory in January 2019 [6,7]. These relatively recent
regulations all focus on fuel and emissions reduction in the ship-
ping sector. The requirements of the SEEMP are gradually moti-
vating the LNG marine industry to adopt more efficient operational
practices tailored to modern LNGC facilities, in parallel with
developing more efficient engine designs.

In addition to regulatory requirements the commercial terms of
LNG charterparty contracts provide incentives for LNGC ship op-
erators to minimize BOG consumption and apply penalties if
specified BOG consumption limits are exceeded [8]. LNGC vessel

2405-6561/© 2020 Southwest Petroleum University. Production and hosting by Elsevier B.V. on behalf of KeAi Communications Co., Ltd. This is an open access article under

the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).



D.A. Wood

speed, fuel consumption and boil-off limitations all come into play
in the charterparty warranties. Nevertheless, operational records of
many LNGC and FSRU indicate that unnecessary quantities of boil-
off gas are frequently consumed in gas combustion units (GCU) and
steam dumps (SD) in actions taken to control LNG tank pressures
[3]. Part of the reason for such inefficiency is a general lack of un-
derstanding of how tank pressure trends influence boil-off rates
and the absolute quantities of BOG production associated with
various tank conditions.

It is now clear that LNG tank pressure trends and behaviour are
intimately associated with the saturated vapor pressure (SVP) of
the LNG in the tank [9]. Indeed, there is a distinct duality of pressure
behaviour displayed depending on whether tank pressure is above
or below the SVP of the LNG bulk in the tank. Armed with knowl-
edge of the tank pressure versus LNG SVP it is possible to make
more informed decisions about when and for how long it is
appropriate to run the GCU/SD to mitigate tank pressure increases
and stay safely within the maximum allowable relief valve setting
(MARVS) specified for the tank. Hence, knowing the SVP of the LNG
in a cargo tank at all times is a desirable requirement. The influence
of LNG SVP on boil-off rates does not only apply to large-scale LNG
tanks. It is also an important factor, related to temperature and
pressure, in the boil-off rates incurred in LNG fuel tanks of marine,
road vehicles [10,11] and marine bunkering tanks [12]. However,
these SVP influences occur on different time scales in large versus
small tanks. The large mass of LNG bulk typically present in large
LNG storage tanks means that heat exchange processes between
LNG and vapor take much longer than in smaller tanks.

Unfortunately, LNG SVP data is not readily available or easily
calculated and does not appear as a real-time measured property of
LNG tank control systems. Rather, LNG SVP has to be calculated
thermodynamically using the interactions of the equations of state
that apply to mixtures of light hydrocarbons and nitrogen. In many
operating LNG storage and regasification facilities these calcula-
tions are usually performed using the Reference Fluid Thermody-
namic and Transport Properties (REFPROP) database [13] for
specified LNG compositions over a range of temperatures and
densities. For example, based on the certified composition of a
cargo delivered into a tank as quoted on the accompanying quality
notification sheet. However, LNG compositions and their physical
properties (pressure and temperature) change progressively during
their residency in a tank. This means that SVP of the LNG also
evolves, yet tank operators are not immediately informed of the
evolving LNG SVP trends on the control system screens. Clearly, a
simple method to accurately estimate LNG SVP from LNG temper-
ature and density should provide useful information to tank oper-
ators on an ongoing basis. This information would improve their
ability to estimate boil-off rates and take more appropriate tank
pressure control decisions.

This study proposes and evaluates two supervised machine
learning models to predict LNG SVP from LNG temperature data
and demonstrates that high prediction accuracy can be reliably
achieved. The work is presented in the following order: section 2
describes the composition of internationally traded LNG cargoes
and their ageing; section 3 evaluates the density, SVP and tem-
perature distributions of five specific LNG cargo compositions
based on a database of 305 data records; section 4 describes two
machine learning methods configures to predict SVP from density
and temperature data; and, section 5 compares and evaluates the
SVP prediction results of the two methods.

2. Commercial LNG compositional range of internationally
traded cargoes

LNG cargoes traded internationally display a wide range of
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compositions. The compositional range is influenced by: 1) the
composition of the gas source from which it is derived; 2) the gas
specification of the markets into which it is traded; and 3) the aging
process that occurs when LNG transportation or storage times are
long [4,14]. Some East Asian markets have for many decades
preferred LNG of richer compositions (i.e. with methane
close < 93% and natural gas liquids > 6%). On the other hand some
LNG producers are only able to easily export lean LNG (i.e., with
methane > 97.5%). The consuming markets need to adjust the
compositions of delivered LNG to match their required gas speci-
fications and adjust for gas interchangeability [15]. This is usually
achieved by either adding propane, to make an LNG richer, or
adding nitrogen, to make an LNG leaner.

The density of LNG depends on its composition, typically vary-
ing between about 405 and 465 kg/m?, depending on temperature,
for internationally traded LNG cargoes. The higher the methane
content, the lower the density, and the gradient of density change
per unit of temperature is 1.35 kg/m>3/°C [11]. The relationship be-
tween SVP and temperature can be mathematically described by
the Antoine equation [16].

Table 1 and the supplementary file (see Appendix) provide and
compare compositional details of five internationally traded LNGs,
shipped on LNGC and stored in onshore LNG storage tanks and
floating storage and offloading units. LNG density and SVP are
detailed for these five distinct LNG compositions across a temper-
ature range of —150 °C to —162 °C.

While LNG is in transit and/or storage its composition slowly
evolves (ages), primarily due to the boil-off quantities of gas
removed from the tank to compensate for heat ingress through the
tank walls (external) and by running pumps within the tank (in-
ternal). This ageing process can be modelled but the compositional
changes observed empirically in LNG cargoes show that it is a
relatively complex process depending on several factors [17]. As the
LNG composition evolves so does its density and SVP at specific
temperatures. Tank operators in practice have to deal with a wider
range of LNG compositions in their tanks, because although the
LNG delivered into their tanks is likely to be of a specific com-
mercial grade, that composition will change the longer that it re-
mains stored and potential becomes mixed with other grades.

Models are proposed that use boil-off rate in tanks to predict
changes in LNG composition over time [18,19], and the energy
content removed from the liquid phase [20]. However, boil-off rates
in tanks vary significantly in most operational conditions, either for
onshore or offshore LNG tanks [21]. This makes such model difficult
to apply. There is a positive, but non-linear, relationship between
boil-off rate in an LNG tank and tank pressure [22]. Tests and
empirical observations have revealed that larger tanks tend to
experience less boil off in percentage terms than smaller tanks.
Additionally, as methane and nitrogen contents of LNG increase the
boil-off rate tends to rise. However, experimental studies and
models tend not to take into account the empirical observations
that show that boil-off rates vary depending upon the magnitude of
tank pressure relative to the SVP of the LNG [9].

Some models aim to predict LNG ageing rates in land-based LNG
tanks without being driven by boil-off rate [23]. Instead boil-off rate
is calculated based on the questionable assumption that a ther-
modynamic equilibrium is maintained continuously within such
tanks [24]. These models then calculate composition changes
purely on fluctuating external temperatures that influence the flux
of heat ingress into the tanks [25]. Empirical observations, partic-
ularly on FSRU and FSU, suggest that to assume a prevailing ther-
modynamic equilibrium in an LNG tank, with LNG and gas
frequently moving in an out of it, is unrealistic. For instance, LNG
tank ageing models and rollover prediction models [26] generally
assume that LNG and vapor temperatures in a tank are the same or
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Compositions, densities and SVPs of distinctive LNG cargoes over the temperature range —150 °C to —162 °C calculated thermodynamically with REFPROP [13]. See sup-
plementary file (Appendix) for thermodynamic calculation details of 305 data records providing LNG SVP and density across this temperature interval for each of these LNG

compositions. 1 kPa = 0.145038 psi.

Summary Properties Ranges of Five Commercial LNG Cargoes Delivered by LNGC

Summary LNG Source: 1. Australian LNG (Very 2. Trinidad LNG (Light)

3. Qatar LNG (Ras Laffan)

4. Nigerian LNG (Heavy ) 5. Qatar LNG (Ras Laffan

Light) Heavy)
LNG CH4 99.8%; CH4 97.5%; CH4 93.5%; CH4 91.5%; CH4 89.95%;
Composition: C2H6 0.13%; C2H6 2.5%; C2H6 5 %; C2H6 5.7 %; C2H6 6.33%;
N2 0.15% N2 0.25% C3H8 1%; C3H8 2 %; C3H8 2.25%; (C4H10)i
N2 0.35 % N2 0.30 % 0.42%;
(C4H10)n 0.65%;
C5H12 0.01%;
N2 0.39 %
LNG Liquid LNG Liquid LNG Liquid LNG Liquid LNG Liquid LNG
Temperature Phase Saturation Phase Saturation Phase Saturation Phase Saturation Phase Saturation
Density Pressure Density Pressure Density Pressure Density Pressure Density Pressure
(oC) (kg/m?) (kPaA) (kg/m?) (kPaA) (kg/m?) (kPaA) (kg/m?) (kPaA) (kg/m?) (kPaA)
Min: -162.0 405.40 100.75 413.40 95.22 42554 100.83 437.61 89.58 444,08 100.60
Max: -150.0 423.57 243.47 431.20 232.58 443.05 237.56 454.68 218.71 461.08 234,58
Mean:  -156.00 414.59 164.34 42238 156.37 43438 161.93 44622 147.10 452,65 160.55
.. . e .. . 5 Commercial LNG Cargoes
similar at any given point in time. However, empirical observations 470 r
[9] and simulations [27] reveal that LNG and vapor temperatures
differ by as much as 8 °C (vapor hotter than LNG) at given points in 460
time. Temperature differences between LNG and vapor of that 2450
magnitude significantly reduce boil-off rates and slow down LNG gﬁ
compositional changes. By how much will depend, to an extent, = 440
. . .
upon the relationship between tank pressure and the SVP of the 2 430
LNG. More experimental studies are required that evaluate boil-off 2
rates in relation to tank temperature profiles, pressures and LNG 8 420
SVP to devise more precise mathematical models for LNG ageing. 410
3. Density, SVP and temperature relationships for 49 ) : I . . : .
> ', P P 75 100 125 150 175 200 225 250
internationally-traded LNG
SVP/kPaA

For the five distinct LNG compositions summarized in Table 1 a
total of 305 data records (61 records for each of the five LNG
compositions considered) have been compiled with SVP values
calculated thermodynamically using temperature and density data
(See supplementary file for value details for each data record). The
calculated SVP values were generated using REFPROP software [13].
Figs. 1—3 show the relationships between density, temperature and
SVP for the LNG compositions considered.

5 Commercial LNG Cargoes
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Fig. 1. Temperature versus density for a wide range of commercial LNG compositions.
Numbers (1) to (5) identify the five LNG compositions listed in Table 1.
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Fig. 2. Density versus SVP for a wide range of commercial LNG compositions. Numbers
(1) to (5) identify the five LNG compositions listed in Table 1.
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Fig. 3. Temperature versus SVP for a wide range of commercial LNG compositions.
Numbers (1) to (5) identify the five LNG compositions listed in Table 1.

During LNG tank operations LNG compositions change over
time, on a small scale due to cargo aging [17] and, more signifi-
cantly, as new cargoes of different composition are loaded into the
existing heel during day to day operations of FSRU, FSU and land-
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based LNG regasification and storage terminals. Many land-based
tanks have level-temperature-density (LTD) tank profiling equip-
ment that provides readily available temperature and density data
for all stratified layers of LNG present in a tank at any point in time.
However, FSRU, FSU and LNGC typically do not have such equip-
ment fitted and operators have limited information (mainly tem-
peratures at fixed point sensors within their tanks) of the evolving
compositions and densities of the LNG in their tanks. Detailed
compositional, temperature and density data is available at the
time a cargo is loaded and/or offloaded from these floating vessels.
Detailed information on density and SVP is typically not available
during the day-to-day gas send-out operations and their influences
on tank pressure that dominate FSRU and FSU operations. With just
LNG temperature data it is possible to estimate LNG SVP crudely to
plus or minus 10 to 15 kPaA (Fig. 3). However, that degree of un-
certainty in SVP is not of much practical use in LNGC and some
FSRU/FSU because the upper safety pressure limit is 250 mbarg
(~25kPaA; 1 kPa = 10 mbar)). Knowing the densities of the LNG
compositions originally loaded into the LNG tanks, it is possible to
estimate LNG density to within about plus or minus 5 kg/m>.

Figs. 2 and 3 illustrate that temperature and density trends for
LNG influence its SVP in different directions. These trends can be
easily exploited by machine learning algorithms to routinely pre-
dict SVP more accurately than by graphical interpolation given a
database of LNG compositional data. Figs. 2 and 3 could be simply
used to interpolate graphically LNG SVP for LNG compositions
falling within the compiled dataset, including mixtures between
the five distinct LNG compositions it considers. However, it is useful
for tank control systems to automate such estimates and machine
learning methods offer the ability to do this.

4. Method: machine learning networks for SVP predictions

As there are only two independent variables to be considered
there are many machine learning algorithms that could be used for
the purpose. Here, a basic multi-layer perceptron (MLP) artificial
neural network (ANN) to representing non-linear correlation-based
machine learning methods. In addition an optimized data-
matching method, the transparent open-box (TOB) network [28]
is evaluated to represent a machine -learning method that does not
rely on any form of correlation between its variables.

4.1. MLP — ANN network model

ANN'’s are nonlinear machine-learning model that mimics but
simplify the neural connections and layers that occur in the human
brain [29]. Interconnected artificial neurons (nodes) placed in
layers are configured to form a data-processing network. ANN’s
always contain input and an output layers with one or several
hidden layers between them [30]. The number of nodes in the input
layer corresponds with the number of input variables (in this study
just two: LNG density and temperature). The number of nodes in
the output layer corresponds with the number of dependent vari-
ables (in this study just one: LNG SVP). The number of hidden layers
and nodes they contain can be varied with sensitivity analysis
identifying the optimum combination for a specific data set. For this
study sensitivity analysis identified that a single hidden layer with
five nodes was the optimal configuration.

The values passing from node to node in an ANN are adjusted by
weight and bias values which are determined as the network is
trained [30]. Additionally, a choice can be made between activation
functions to be applied to transform the data values from one
network layer for use in the next layer. The selection of the acti-
vation function applied in transforming the values between each
layer can also be guided by sensitivity analysis [29]. In this study a
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sigmoidal function applied to the hidden layer and a purely func-
tion applied to the output layer generated the best results.

Multilayer perceptron neural networks (MLPNN) [31] are one of
the most popular ANN models used. To be effective they require
that sufficient data records are allocated to train them [32]. The
configuration of the MLPNN developed for this study involves three
layers with the one hidden layer possessing five nodes as illustrated
in Fig. 4. The value adjustments are made from left (input) to right
(output) on a feed-forward basis.

Equation (1) provides the mathematical determination of the
value calculated at the jth node in the MLPNN’s hidden layer.

m
Aj=Bj+ > wi*X;
=1

(1)

Where:

Aj is the weighted summed value of the n input nodes;

X; is the value at input node i;

wij is the weight assigned to the connection between the ith
input node to the jth (of m) hidden node; and, B; is the distinct bias
term applied to each hidden layer node.

The output value for the j;; node in the hidden layer is trans-
formed from the value calculated in equation (1) using equation

(2):

Y- @

The sigmoidal activation function f applied in equation (2) is
expressed by equation (3) and is used to transform the hidden layer
output values.

1
1+eA

fA)

Sensitivity analysis was conducted using other activation func-
tions but the sigmoidal function provided the best results.

The MLP’s output layer value Ofrom the MLPNN is calculated
with equation (4)

(3)

O, = [ijk*%] + By (4)

=

Where:

Y; is the transformed output value for the j;, node in the hidden
layer;

wik is the weight between the j; hidden neuron to the one
output neuron, k; and, By is the bias term associated with the single
output neuron. Note that k could be greater than 1 if there are more
than one dependent variables.

Oiis then adjusted by a simple linear activation function
(purelin) to calculate Py, the predicted SVP value using equation (5).

(5)

All data input to the ANN is transformed into normalized values.
Hence, the predicted values need to be denormalized to be
expressed in SVP units.

A back-propagation algorithm [33] is applied to optimize the
weights and biases as part of the training of the MLPNN model. The
objective function optimized by the back-propagation algorithm is
the mean squared error (MSE) of the difference between the actual
LNG SVP and the predicted LNG SVP for all data records in the
training subset (i.e. 266 data records (~87%) spread across the full
dataset of 305 data records). The remaining 39 data records (~13%)
are allocated to the validation subset for independent evaluation.

P, =0*1
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i

Input layer ~ Connection weight Hidden layer
(n nodes) from input node i (m nodes)
b to hidden node j
w,

Multi-layer Perceptron Neural Network (MLPNN) Schematic Architecture

Connection weight Output layer
from hidden node j (p nodes)
to output node k&
Wi '
Output layer

bias

Hidden layer
bias B;where “~
J j=ltom

Jj=m

4, =B+Yw,*X

j=1
Hidden layer values

O, =[w,*Y] +Bk’

I+e”
Sigmoidal activation
function applied to 4,
to calculate ;

Purelin activation
function applied to O,
to calculate P,

Fig. 4. Schematic illustration of multilayer perceptron neural network (MLPNN) used to predict LNG saturated vapor pressure (SVP) from LNG temperature and density inputs. Just

five nodes are involved in a single hidden layer.

The calculation of MSE is achieved using equation (5):

i=n
MSE = 1

o > (Ri—P)

i=1

(6)

Where:

R; is the real thermodynamically determined LNG SVP value for
a given training subset data record i;

P; is the calculated/predicted LNG SVP value for training subset
data record i;

and, n is the total number of training subset data records.

Once the MLPNN is trained and validated it is applied to predict
LNG SVP for all 305 data records in the dataset. It is also then
available to predict LNG SVP on an unsupervised basis for other
unknown LNG samples based on their temperatures and densities.

4.2. TOB — Optimized data matching model

The TOB optimized data matching method [28] differs funda-
mentally from ANN in that it involves no correlations, regressions
or hidden layers. It transparently provides effective supervised
machine learning predictions for large and small datasets [34]. The
TOB method is described in detail in the studies cited and is not
repeated here. Fig. 5 provides a flow diagram summarizing the TOB
calculation sequence adapted for predicting LNG SVP from density
and temperature data. The dataset is divided into training, tuning
and testing subsets (Fig. 5 steps 1 to 6). Each data record in the
tuning subset is matched against all the records in the training
subset. The allocation of data records to the subsets (training,
tuning and testing) is conducted in a semi-random fashion without
replacement. It is not fully random because that could lead to
clustering across the value distribution in some subsets. The sub-
sets are therefore selected randomly from sections spread across
the full value range of the SVP distributions to ensure that all
subsets include a representative spread of data records. Executing
the algorithm using several different subset samples selected in this
way leads to repeatable results.

The squared differences (or errors) of the independent variables
(VSE) for each of ] tuning-subset data records versus the K training-
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subset data records are calculated in TOB Step 7 (Fig. 5) using
equation (7):

VSE(X)j = [Xe(tr) = Xj(ew))? (7)

Where:

X (tr) = variable X value for the kth training-subset record
X;(tu) = variable X for the jth tuning-subset record

VSE(X)j, = variable-squared error (VSE) for variable X of the jth
tuning-subset record versus variable X of the kth training-subset
record.

VSE(Xn);, = the variable-squared error (VSE) for variable Xn for
the jth tuning-subset record versus the kth training-subset record.
>_VSEj, computes the weighted sum of the computed VSE values
combining the squared errors of all the independent variables
applying equation (8)

n=N+1
VSE(Xn);.*(Wn)

n=1

> VSEj =

Where:

Wn = weights (0< Wn < 1) applied to the calculated VSE for all
variables involved in the prediction (i.e., N+1). Each weight is set to
a constant value (e.g. 0.5 or 1.0) in TOB Stage 1. This means that TOB
Stage 1 establishes the high-ranking data record matches initially
without any biases attached to any of the independent variables.

The best matching data records are those with the lowest
calculated Y"VSE according to equation (7). >_VSE values are used to
identify the top-ten matching records (Q = 10) in the training
subset for each record in the tuning subset (Step 8 Fig. 5).

The contribution fraction to the dependent variable prediction
from each of the top-Q matching data records (where Q = 10 for
TOB Stage 1) is determined using equations (9)—(11).

(8)
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Configuring the transparent open box (TOB) learning network for saturated vapor pressure (SVP)
predictions for liquefied natural gas (LNG) based on density and temperature Inputs

Setup learning network Stepl —> Step2 —> Step3 —> Step4 —> Step5 —>  Step6
and prepare it for setup 2D well sort data based establish maximum normalize data  verify normalized divide data into

TOB calculations log data array ~ on objective and minimum  in array between values and tuning, testing
with fit-for-  function values  variable values -1 and +1 value limj & training subsets
purpose depth

sampling interval

Generate TOB Stage 1

dependent-variable Step 7 —_ Step 8 —_— Step 9 —_ Step 10
predictions for calculate squared select top-Q calculate fractional  calculate RMSE &
tuning subset: differences of all (typically 10) ranking  contributions of Q R’ and other statistics

Q fixed & equal weights variables in the data record 1 hing records ing TOB Stage 1

applied to all variables tuning subset based on lowest to make Stage 1 prediction accuracy

Q varied & variable weights
applied to all variables

|

weights applied
to differences

records to those in sum of squared pred;
training subset differences
Generate TOB Stage 2 records Step 11 -_— Step 12
optimized dependent-variable apply optimizer calculate RMSE &
predictions for tuning subset: varying Q and R’ and other statistics

assessing TOB stage 2
prediction accuracy

between variables

Apply optimized and
tuned TOB assumptions
to predict testing subset

dependent variable

Assess TOB’s prediction
performance &
analyse errors

Note: the testing subset
is held independently
and not involved in
the training subset used
in steps 7 to 13

Note: the TOB solutions
derived in Steps 9 & 11
are finally applied to
all data records (Step 14) to
verify prediction accuracy

Apply TOB’s solutions
for short-term time-series
forecasting

Step 13
apply tuned optimized
settings to testing subset
data records & calculate
prediction accuracy

Step 14
apply tuned optimized
settings to the entire
dataset, calculate
prediction accuracy and
conduct error analysis

Step 15
apply tuned optimized
settings to generate short-term
forecasts within the dataset
using historical data limited to
different time intervals. Calculate

and compare forecast accuracy

Step 6 requires sensitivity analysis
(running of several cases by trial and error)
to establish the meaningful numbers of
data records to include in the tuning subset.

Step 11 requires sensitivity analysis
evaluating different values of Q.

Comparing the prediction accuracies for
TOB Stage 1 and Stage 2 identifies the
effectiveness of the different TOB stages

in the predictions derived. This helps to
identify and avoid cases of over-fitting. It
also assists in data mining for error analysis,
refining feature selection and selecting
optimum solutions for forecasting.

Step 15 requires sensitivity analysis
forecasting various t+x time periods, where t
is the current period. CCGT power forecasts
for t+1(hour), t+3 and t+6 are useful to
compare based on input data drawn from
various historical time intervals (e.g. between
t-25(hours) and t; t-1000 (hours) and t; and
potentially longer historical time intervals.

(@)

Configuring the transparent open box (TOB) learning network for saturated vapor pressure (SVP)
predictions for liquefied natural gas (LNG) based on density and temperature inputs

Setup learning network
and prepare it for
TOB calculations

Generate TOB stage 1
dependent-variable

TOB steps 1 to 6. setup 2-D array of N independent variables plus 1 dependent variable and M data records.
normalize and sort the data in ascending or descending order of dependent variable values. divide the data

set (without replacement) into training, tuning and testing subsets using sensitivity analysis to determine their sizes.
the data records sampled in each subset should be spread across the entire dependent variable value range.

TOB Steps 7 to 10. calculate the squared differences between all variabes in each tuning subset data record versus
all data records in the training subset. Select the top-Q (typically 10) ranking data record matches, based on the lowest

predictions for
tuning subset:
Q fixed & equal weights
applied to all variables

sum of squared differences, applying equal weight to each independent variable. calculate fractional contributions of the
Q-top matching data records in the training subset to make TOB Stage 1 predictions for each tuning subset data record.
calculate RMSE, and other statistics measuring prediction accuracy, for TOB stage 1 actual dependent variable values
and their predictions for all tuning subset data records.

TOB steps 11 and 12. Conduct TOB Stage 2 predictions using optimizer(s) that are allowed to vary Q (2 to 10) and the
independent variable weights (0 to 1) applied to the differences between variables. calculate fractional contributions of the
Q-top matching data records in the training subset to make TOB stage 2 predictions for each tuning subset data record.
calculate RMSE (used as the objective function by the optimizers), and other statistics measuring prediction accuracy, for
TOB stage 2 actual dependent variable values and their predictions for all tuning subset data records. Sensitivity analysis
is required evaluating different values of Q. comparing TOB stage 1 and TOB stage 2 predictions helps to identify and
discard tuning solutions that overfit the data.

Generate TOB stage 2
optimized dependent-variable
predictions for tuning subset:

Q varied & variable weights
applied to all variables

l

Apply optimized and
tuned TOB assumptions
to predict testing subset

dependent variable

TOB Step 13. apply optimized TOB stage 2 solutions (values for Q and the variable weights) to the data records of the
testing subsets. calculate the RMSE, and other statistics measuring prediction accuracy, for actual dependent variable
values and their predictions for all testing subset data records. note that the testing subset data records are held
independently and not involved in the training or tuning subsets used in Steps 7 to 12.

TOB Step 14. the best TOB stage 1 and stage 2 solutions derived and tested in TOB steps 1 to 13 are applied to all
data records in the entire dataset to verify prediction accuracy and to confirm that overfitting of the data by the tuning
subsets has not occurred. accuracy statistics achieved for the full data set should be similar to the average prediction
accuracy achieved by the testing subsets.

Assess TOB’s prediction
performance &
analyse errors

Apply TOB’s best solution
to predict dependent
variable for unknown

samples

TOB step 15. apply the best TOB stage 2 solution in an unsupervised context to predict SVP for LNG samples for which only
density and temperature values are available but no compositional data enabling the thermodynamic calculation of SVP.

(b)

Fig. 5. Transparent open box algorithm workflow with steps configured for predicting SVP of LNG from density and temperature.
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r=Q
fig= > vsE, / [z > vsa-r} ©
r=1

Where:

q = the gth of Q top-ranking training-subset records from the
training subset for the jth tuning subset record.

r = the rth of Q top-ranking training-subset records from the
training subset for the jth tuning subset record.

; = the contribution fraction calculated for the gth of Q top-
ranking records for the jth tuning subset record. Equation (10)
expresses an essential constraint applied to these contribution
values:

q=Q
S fa=1 (10)
g=1

This normalizes the f; values to sum to 1. Q always equals 10 for
TOB stage 1.

The data record in the training subset with the highest-ranking
match is the one with the lowest * VSEj.and f values. This means
that in order to assign the greatest contribution to the prediction of
the dependent variable to the best matching training subset record
with the jth tuning-subset record (1—f;) multipliers need to be
applied using equation (11))

S [y * (1-5)

q=1

) predicted _

(Xn-1)j

(11)

Where:
(XN31)q = dependent variable for the gth training-subset record
(i.e., one of Q best-matching records).

(XN+1);’rediCted = TOB-stage-one predicted-dependent-variable

value for the jth tuning-subset record.

These calculations provide the TOB Stage 1 predictions (Step 10
Fig. 5).

The same calculation equations (7)—(11) are used for TOB Stage
2 prediction but Q and Wn are allowed to vary (unlike in TOB Stage
1 where they are held constant): (O< Wn < 1) and (2 < Q<=10).
TOB stage-2 >~ VSEj;values are recomputed with equation (9)
applying the available range of Q values (2< Q < 10) in each iter-
ation of the optimizer. Optimizers are applied to find the lowest
root mean square error (RMSE) between the actual and predicted
dependent variable values (Steps 11 and 12 Fig. 5).

For small data sets (up to a few thousand data records) TOB
Stage 2 optimization can be efficiently conducted using Excel’s
Solver optimizers [35]. However, a memetic firefly optimizer [34]
provides the flexibility to run the optimization in a fully coded
version independently of Excel. Indeed, other non-linear opti-
mizers of the gradient-reduction type and evolutionary algorithms
with good local and global search capabilities can be easily adapted
for use with the TOB algorithm. An independent testing subset is
used to verify that the optimum solutions derived by applying the
two stages of the TOB algorithm to the tuning subset provide
dependent-variable predictions that are statistically valid when
applied to the dataset more generally. Finally, the best TOB Stage 2
solution is applied to predict the dependent variable values in all
the dataset records.
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Calculated SVP versus target SVP normalized
250 ¢ MLP-ANN full dataset (305 Records)
225
200 |
175 t
150
125
100 |

75 k-

2 20.9739x+4.1506
R’=0.9754

Calculated value

125 150 175 200 225 250
Target value

Fig. 6. LNG SVP prediction accuracy for the MLP-ANN model. The red dotted line is the
linear regression line through the data point and the formula for that line is shown in
the lower right corner of the graph.

5. Results
5.1. Prediction results of the MLP-ANN model

The trained MLP-ANN model applied to all 305 data records in
the LNG SVP data set predicts SVP with an accuracy of RMSE = 6.34
kPaA and R? = 0.975 (Fig. 6).

The weights and biases of the trained MLP-ANN model are listed
in Table 2.

It is apparent from Fig. 6 that the ANN model provides a better
fit between actual and predicted LNG SVP in the middle range of
values for some compositions with poorer fits at the lower and
upper end of the SVP range covered by the dataset, and vice versa
for other LNG compositions.

The weights and biases listed in Table 2 can be entered into
equation (12) along with the normalized data values for LNG den-
sity and temperature to calculate the normalized LNG SVP for each
data record.

. 1
h= [Z(l + e*((Xl~wu+Bj)+(Xz<W2j+Bj))> VVJk:| + By, (12)

j=1

Where the symbols in equation (12) are those used in Fig. 4 and
defined in terms of equations (1)—(4), and X; is the normalized
input value for LNG density and X is the normalized input value for
LNG temperature.

Equation (12) takes this form with relatively few terms, because
there are only two input nodes (n = 2), five nodes in the hidden
layer (m = 5), the input to hidden layer activation function is
sigmoidal (equation (3)), the output activation function is purelin
and there is just one dependent variable (k = 1). The equation is
relatively easy to code in an Excel sheet or other software to
calculate SVP from density and temperature inputs along with a
normalization and denormalization adjustment.

5.2. Prediction results of the TOB model

The TOB learning network achieves much more accurate pre-
dictions for LNG SVP from this dataset than the MLP-ANN model.
Indeed, the TOB Stage 1 predictions using equal error weights
(Wn 0.5) and Q = 10 achieve prediction accuracy of
RMSE = 0.8942 kPaA and R® = 0.9996 (Fig. 7). TOB Stage 2 pre-
dictions further improve on that accuracy with the best-case
optimized solution (Q = 2; Wiemperature = 1; Waensity = 8.62 E—05)
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Table 2
Weights and biases of trained MLP-ANN applied with equation (12).

Weights and Biases for Trained MLP-ANN Model to Predict LNG SVP

Petroleum 7 (2021) 91—101

J=5 Node 1 Node 2 Node 3 Node 4 Node 5
Input to Hidden layer
Bias (Bj) -0.687307 -0.418680 -0.448536 -0.046981 -0.378652
Weight (W1])) -0.567330 -0.067332 0213771 -0.245953 -0.059916 (Density)
Weight (W2]) 1.268382 -0.499609 1.083432 -0.664911 -0.112893 (Temperature)
Hidden to Output layer Bias (BKk)
Weights 1.360599 -0.554968 1.003513 -0.736214 -0.253871 -0.116032854133084
LNG SVP 2-variable model instance, in matching data records with identical LNG temperatures
(Actual versus predicted) that small density error weight would mean that the matching
250 (305 data records RMSE=0.8942kPaA =" record with the closest density match would be ranked higher.
< 225 ['TOB stage 1 N It is important to recognise that the TOB algorithm involves a
£ 200 | two-stage process. The data matching and TOB Stage 1 analysis are
§ conducted with equal weights applied to all input variables. This
= 17571 means that if an input variable is assigned a zero weight in the TOB
B 150 | optimization stage 2 that does not mean that variable has had no
g | )1)2:2(-)99983)6&1.5106 ?n_ﬂgence atallin the prediction, because it has been involved in the
;;:’ : initial selection of closely matched data records. Moreover, a very
100 low (non-zero) weight applied to a variable in the TOB stage 2 is
75 often very useful to the optimization process. This is so in cases

75 100 125 150 175 200 225 250
Actual SVP/kPaA

Fig. 7. LNG SVP prediction accuracy for the TOB Stage 1 model. The red dotted line is
the linear regression line through the data point and the formula for that line is shown
in the lower right corner of the graph.

achieving prediction accuracy of RMSE 0.5882 kPaA and
R? = 0.9998 (Fig. 8). The very high accuracy of the TOB Stage 1
model is improved by reducing the best matching records used to
just the best two (Q = 2) and by placing much more weight on the
temperature match than the density match. Although the weight
applied to density errors is very small, it is not zero, and that means
it does play a crucial role in the prediction accuracy achieved. For

LNG SVP 2-variable model
(Actual versus predicted)

250 r
305 data records RMSE=0.5882kPaA  .*
« 225 [TOB Stage 2 best case
<
; 200
SIVAR
5]
B 150 |
3 $=0.9965x+0.5658
'?‘3 125 R=0.9998
= 100 }
L . .
75 100 125 150 175 200 225 250

Actual SVP/kPaA

Fig. 8. LNG SVP prediction accuracy for the TOB Stage 2 model. The red dotted line is
the linear regression line through the data point and the formula for that line is shown
in the lower right corner of the graph.
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where closely matching data records have exactly the same values
for some variables. A small weight applied to a variable with
distinct values can then be employed by the optimizer to distin-
guish between them.

6. Testing and applying the machine learning models

A number of interpolated mixtures between adjacent LNG
compositions displayed in Table 1 and Fig. 1 are calculated to
establish a set of “unknown SVP” data points with infill mixed LNG
temperatures and densities located between the values of the 5
known LNGs (triangles in Fig. 9). These mixtures are 0.50:0.5,
0.75:0.25 and 0.25:0.75 vol mixes of the adjacent known LNGs
(circles). The assumption is made that temperature and density of
the mixtures will vary on a pro rata basis between the end point
compositions mixed. This is clearly an approximation, but the
parallel linear trends of the five known LNGs (Figs. 1 and 9) suggest

5 Commercial LNG cargoes
plus interpolated values

(D) @ 3 @O
L \AMANAAANADA

Temperature/ C

440
Density/(kg/m’)
Fig. 9. Interpolated temperature and density properties (orange triangles) for mixtures

of the five distinct LNG cargoes (blue circles) for which there is thermodynamically
calculated SVP values.
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5 Commercial LNG cargoes
plus interpolated values
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Fig. 10. Interpolated density and SVP properties (orange triangles) for mixtures of the.

that this is not an unreasonable assumption.

A further assumption is made in Fig. 10 that SVP and density of
the mixtures will vary on a pro rata basis between the end point
compositions mixed. This is also clearly an approximation, but the
parallel near-linear trends of the five known LNGs (Figs. 2 and 10)
suggest that this is not an unreasonable assumption. However, the
temperature versus SVP trends (Fig. 3) is non-linear and the five
known LNG compositions are not distributed as systematically in
that figure as for the density versus SVP distributions. This suggests
that interpolated SVP values from Fig. 10 can only be considered as
approximate for the mixtures created. However, this set of
approximate unknown LNG mixtures represents a useful dataset
with which to test the prediction capabilities of the trained MLP-
ANN and TOB models for temperature-density data for which SVP
is not known.

Five distinct LNG cargoes (blue circles) for which there is ther-
modynamically calculated SVP values. The interpolated SVP values
for this mixed LNG compositions should only be considered as
approximations of the thermodynamic SVP values for those
mixtures.

There are 156 infill (“unknown SVP” data points (triangles) in
Figs. 9 and 10. In relation to how close the estimated SVPs are to the
approximate interpolated SVP values (Fig. 10), the MLP-ANN model
trained on the known values (circles, Fig. 10) achieves accuracy of

Fit of calculated SVP versus target SVP normalized

training subset
1.0 -
: L
0.7 f e
0.6 f
05

5
04 r

&
03 f

o 5
02 e

» ,/’y/—o 9896x-+0.0087
S =0.9899
"ﬂ'
o
0.1 ol
0.0

Calculated value

S T L L L L L L L L Il
0.0 0.1 02 03 04 05 0.6 0.7 0.8 09 1.0

Target value

Fig. 11. Normalized predicted versus actual LNG SVP for the unknown infill data re-
cords applying the MLP-ANN model trained only with known data records. The red
dotted line is the linear regression line through the data point and the formula for that
line is shown in the lower right corner of the graph.
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RMSE = 4.306 kPaA and R? = 0.9899 (Fig. 11).

Notice that as with the dataset known SVP records the MLP-ANN
SVP predictions are better in the middle of the SVP value range than
at the lower or upper ends of that range. There is a risk in such
conditions that the trained MLP-ANN model may overfit the infill
unknown data.

In relation to how close the estimated SVPs are to the approxi-
mate interpolated SVP values (Fig. 10), the TOB Stage 1 model
trained on the known values (circles, Fig. 10) achieves accuracy of
RMSE = 2.969 kPaA and R? = 0.9957 (Fig. 12). The TOB Stage 2
model does not improve on that, achieving accuracy of
RMSE = 3.376 kPaA and R? = 0.9939 for the infill test samples. The
distance between the known SVP values of the five LNGs (Figs. 9
and 10) places some accuracy constraints on samples between
those known data records. Each of the infill samples (triangles in
Figs. 9 and 10) can only be matched with known data records
(circles in Figs. 9 and 10) to achieve predictions using the trained
TOB model. The TOB model does not overfit the data.

Both MLP-ANN and TOB models produce credible SVP pre-
dictions for samples spread across the LNG density/temperature
feasible space. Overall, the TOB model achieves the best accuracy
(RMSE ~ 3 kPaA) and is reliable across the entire LNG SVP range
evaluated and not prone to overfitting. The MLP-ANN model, on the
other hand, predicts with an accuracy of RMSE >4 kPaA and is less
reliable at the lower and upper end of the SVP range. The results
and analysis presented suggests that the TOB algorithm offers a
more accurate method than the MLP-ANN algorithm to estimate
the SVP of LNG more accurately from temperature and density
input data. The prediction performance accuracy of the TOB
method is very high with respect to calculated SVP for a wide range
of LNG compositions derived from Reference Fluid Thermodynamic
and Transport Properties (REFPROP) system that calculates SVP of
LNG thermodynamically using phase information and equations of
state.

To the authors knowledge there are no previously published
machine learning methods that attempt to predict LNG SVP from
temperature and density data only. The main practical benefit of
access to accurate estimates of LNG SVP are for the operators of LNG
tanks in storage and regasification facilities. However, being able to
predict SVP with reasonable accuracy from temperature and den-
sity data also has other academic and industrial applications in the

LNG SVP 2-variable model
(Actual versus predicted)

250 1156 data records RMSE=2.9694kPaA .
o
< 225 | TOB Stage 1 ) v,.;" :
& 200 | ’;‘.,_,ﬁ”
~
I ¥
> 175 o
B 150 | ?,7"??
2 >
g 125 | . y=0.9712x+4.5385
> L =
= oo | R=0.9957
A
75100 125 150 175 200 225 250

Actual SVP/kPaA

Fig. 12. Predicted versus actual LNG SVP for the unknown infill data records applying
the TOB Stage 1 model trained only with known data records. The red dotted line is the
linear regression line through the data point and the formula for that line is shown in
the lower right corner of the graph.
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context of various LNG tank simulation studies and LNG weathering
models.

To calculate SVP of LNG based on equations of state, a substantial
amount of input information is required for the LNG under
consideration, with respect to the phases involved and their
chemistry. In many LNG operating contexts such information is not
readily available, just temperature and density. The advantage of
the proposed method is that it can be used with just LNG tem-
perature and density information to provide meaningfully accurate
estimates of SVP, based on an underlying dataset of thermody-
namically derived LNG SVP measurements. It is not proposed that
these prediction algorithms should act as replacements for ther-
modynamic calculations via equations of state, rather that they
offer practical alternatives in circumstances where limited or no
phase/compositional information is readily available for the LNG
being handled.

One way to further improve the accuracy of the TOB model is to
add thermodynamically calculated SVP values for mixed LNG
cargoes residing between the five LNG cargoes used in this study.
With more infill known samples the data matching would be
improved as the space between the circles in Figs. 9 and 10 would
be reduced. An advantage of the TOB model is that as more known
data becomes available it can be added into the TOB training subset
making more accurate matching possible.

Both of the machine learning methods could be applied in real
time in operational situations to provide LNG facility tank operators
with constant insight to the SVP of the LNG existing, as a single
homogenized layer or in stratified layers, within a tank. Such in-
formation would provide them with the necessary insight to make
improved tank pressure management decisions.

7. Conclusions

The saturated vapor pressure (SVP) of liquefied natural gas
(LNG) is a key attribute to be aware of for LNG stored within a tank
in order to better control and respond to tank pressure changes.
Whereas, detailed thermodynamic calculations based upon LNG
compositions are required to provide direct SVP information, ma-
chine learning methods can reliably estimate SVP from density and
temperature data for a dataset that encompasses the range of LNG
compositions that are typically traded in international markets.
Comparison of an artificial neural network model (MLP-ANN, cor-
relation based) and an optimized data matching network model
(TOB, correlation-free) indicate that the TOB model provides su-
perior SVP predictions than the MLP-ANN model for the compiled
LNG dataset. It achieves accuracy of root mean square error
(RMSE) = 0.59 kPaA for predicting SVP on a supervised bases for
compositions in the compiled dataset. On the other hand, for infill
unknown compositions it achieves SVP prediction accuracy of
RMSE ~3kPaA. Such prediction accuracy is considered reliable and
beneficial for tank pressure management purposes, the main
objective of this study, but should also be useful for some LNG tank
simulation studies and aging models. Such machine-learning
methods are designed to complement, not replace or outperform,
thermodynamic calculations of LNG SVP based on compositional
data and equations of state. Prediction accuracy of the TOB model
could be further improved by adding thermodynamically calcu-
lated SVP for additional LNG compositions to the dataset compiled
here.
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Appendix

A supplementary Excel file is available with 305 data records
listing LNG SVP and density across the temperature
interval —150 °C to —162 °C for the five internationally traded LNG
compositions evaluated in this study.

Appendix A. Supplementary data

Supplementary data to this article can be found online at
https://doi.org/10.1016/j.petlm.2020.04.001.
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