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Abstract: The rising demand for liquefied natural gas
(LNG)-fueled ships requires the LNG bunkering facility
that partially uses a ship-to-ship operation. The bunkering
process of LNG fuel may have a greater risk due to LNG
volatility. The cryogenic temperature of LNG poses a threat
to the personnel and structural embrittlement to ships.
Therefore, cryogenic spill protection optimization was intro-
duced concerning the structural strength analysis using
finite element (FE) by utilizing cryogenic temperature loads
provided by the computational fluid dynamics (CFD) model
of an LNG release. This study aims to build a platform for
transferring the temperature load profile from CFD to FE
software accurately. The CFD model usually uses a struc-
tured Cartesian grid, and the FE method adopts an unstruc-
tured tetrahedral or hexahedral mesh. As a result, both
configurations store results at different positions, and it is
not preferred for the load profile to be transferred directly.
The error will be greater due to the variance of positions.
Random Forest, a machine learning method, has been
employed that uses a regression technique to deal with
a continuous variable. An accurate load profile for the FE
model can be obtained by adopting decision tree learning
in Random Forest. The procedure for determining the
temperature load profile is presented in this article.
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1 Introduction

In order to control air pollutant emission, the International
Maritime Organization has established several emission
control area that restricts ships with excessive exhaust
gas of SOy and NOy. To deal with the new regulation, either
many ships are being converted to operate on liquefied
natural gas (LNG) as well as 303 new LNG-fueled ships
are being commissioned since 2020 [1]. In consequence,
the demand for LNG fuel increase to 3.01 million per
year for the shipping sector use only [2]. Besides this, the
LNG supply facility will be required in the major port to
serve those LNG-fueled ships. A ship-to-ship platform such
as an LNG bunkering ship is preferable, that it only
requires a few land acquisitions and stores large quantities
of LNG fuel rather than the truck-to-ship operation [3].

The European Commission reported that since 1986,
there have been a significant number of LNG release acci-
dents involving the loading/unloading, storing, and distribu-
tion, which are the bunkering activities [4]. The SAFEDOR
risk model also included the LNG release during loading/
unloading as a generic accident category for ships carrying
LNG, besides collision and grounding [5]. The risks of this
cryogenic release would impact both personnel and ship
structures, such as cryogenic burn and steel embrittlement,
respectively, since LNG is stored at —163°C [6]. Direct contact
of LNG flow to a structure can rapidly cool the steel below
the embrittlement temperature. Consequently, it would inter-
fere with safety measures, including early detection, isolation,
and blowdown, which might not be able to overcome the
cryogenic hazard completely [7]. Further, the cryogenic
flow could cause brittle cracks that ultimately cause the
structure to collapse and escalate into a catastrophic dis-
aster due to an initial event of LNG release [6,7].
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Based on those risk identification, a consequence ana-
lysis which is a part of risk assessment would be useful that
provides a comprehensive analysis by conducting either
experiment or simulation of an accidental LNG release
[6,7]. The problem of LNG release simulation can be done
by employing the turbulence flow model provided by the
computational fluid dynamics (CFD) solver, i.e., Kameleon
Fire Ex (KFX) and flame acceleration simulator [8-10].

To deal with the cryogenic flow hazard, the cryogenic
thermal and structural response must be performed to
deliver an optimized structural design [6]. Lloyd Register
published the cryogenic spill guidance that provides the
cryogenic spill protection (CSP) procedure. Using CFD tech-
niques, CSP requires identifying the most exposed area
to a cryogenic hazard and predicts the cryogenic heat
transfer to the structure in that area [7]. Furthermore, the
result of cryogenic heat transfer in CFD analysis can be
applied as an input for thermal-stress analysis using finite
element (FE) [6,7]. By adopting this technique, the region of
degraded material can be identified based on the cryogenic
brittle fracture criterion. Thus, it would be useful to rede-
sign the structure in case of brittle fracture escalation [7].

This study aims to build a platform for transferring the
thermal data from CFD to FE software in order to support
CSP assessment. The cryogenic gas leak model is based on
an LNG bunkering ship’s accidental release of LNG that
was analyzed on KFX. The temperature in each coordinate
point of the KFX grid was carried out as an input as well as
the node information of the FE model, for Random Forest.
R-squared and root mean square errors (RMSE) were
employed to evaluate the Random Forest model. In addi-
tion, both temperatures in both KFX and FE models were
compared to see the Random Forest accuracy. Finally, the
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temperature profile was obtained, which is compatible
with the FE model’s node position. This temperature pro-
file is ready to use as input for further FE analysis.

2 Review of thermal load
determination

The integration of load profiles derived from CFD into FE
software for structural response analysis plays a crucial
role in CSP assessment [6,7]. However, this integration
task is challenging, as CFD and FE models often employ
different mesh or grid configurations. While some com-
mercial packages offer partial solutions, they are not fully
compatible or versatile. For instance, FAHTS, designed for
heat transfer analysis, can read radiation and convection
from KFX simulation results but requires additional soft-
ware, such as USFOS [11], to address the structural response
problem [12]. Furthermore, the temperature profile cannot
be exported to various FE software. Another limitation is
that USFOS only supports FE models using beam elements
for nonlinear structural response analysis.

To overcome these limitations, Kim et al. (2013) developed
a platform called KFX2DYNA, specifically designed to map
thermal loads from KFX to LS-DYNA for shell element pro-
blems [13]. This platform employs an interpolation technique
to transfer the thermal load, with interpolation occurring at
LS-DYNA nodes based on the closest KFX monitoring points
[12,13]. Notably, popular FE software like ABAQUS also adopts
interpolation for load transfer [14]. Alternatively, adopting an
ensemble learning method, such as Random Forest, holds
promise for load transfer. By constructing multiple decision
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Figure 1: The framework of temperature load transfer.
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trees in the training model, this technique can effectively
address regression tasks, estimating the value of a target vari-
able based on input variables [15]. Figure 1 provides an over-
view of the framework used to map temperature loads from
KFX to FE models. Temperature loads are obtained from LNG
release simulations using KFX, focusing on the LNG bunkering
ship as the target model. Various LNG release scenarios are
considered, encompassing parameters such as leak diameter,
position, flow rate, wind speed, wind direction, and ambient
temperature. The KFX simulation results, specifically the steel
temperature, are retrieved from the area of interest for
Random Forest pre-processing.

In this study, the Random Forest technique is employed
to integrate KFX grid points, FE node positions, and the steel
temperature output from KFX simulations. The positions of
grid points and nodes are treated as dependent variables,
with their values depending on the corresponding tempera-
ture values, which serve as the independent variable. Decision
trees in the Random Forest model are constructed using KFX
grid points and temperature load data. The FE node positions
are then used as input to predict the temperature load. To
evaluate the accuracy of the predictions, the R-squared score
is employed, which measures the deviation between the pre-
dicted temperatures and the temperatures obtained from
KFX simulations, taking into account the shape of the data.
Additionally, the RMSE is used to assess the error in the data
values, providing further insights into the performance of the
Random Forest regression model. These evaluation techniques
are commonly employed for assessing the efficacy of Random
Forest regression models. Furthermore, a direct comparison
of the load profiles between the KFX and FE models is per-
formed at specific coordinate points, allowing for a compre-
hensive evaluation of the load transfer process and the fidelity
of the predicted temperature load in the FE model.

3 The past study of LNG release

KFX is a CFD program based on the finite-volume model
that uses a structured Cartesian grid to solve the conserva-
tion equations for three-dimensional time-dependent tur-
bulent flow [6,8,9,16]. Several experimental data have been
employed for validating the accuracy of the KFX code that
focuses on the large-scale hydrocarbon release experiment
[9,17,18]. In this study, an accidental LNG release occurred
on the deck of the LNG bunkering system that was released
from a point on a pipeline. The release duration was lim-
ited to 15s following the response time of the emergency
shutdown valve that was installed on the LNG bunkering
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Table 1: LNG release scenario for KFX simulation [20]

Leakage parameter Variable (unit)

Hole diameter 50.00 mm
Leak flow rate 3.32kg/s

Leak direction To ship’s stern
Leak duration 15.00's

Environment parameter Variable (unit)

Wind direction
Wind speed
Ambient temperature

From the ship’s starboard
2.00m/s
14.59°C

system [19]. The detail of the LNG release scenario is given
in Table 1.

Figure 2 exhibits the gas cloud dispersion after the KFX
simulation has been conducted. The contour is presented
based on the lower flammability of LNG, which is a 5% gas
concentration of the overall gas mixture. The LNG gas
cloud was flown to the ship’s stern that directly hit an
obstruction which is a fuel gas supply room. Thus, this
fuel gas supply room is an area of interest where a poten-
tial brittle crack may occur. The wall of the fuel gas supply
room was significantly exposed to the gas cloud that has a
temperature of up to 174.08 K or -99.07°C [19]. In this case,
the gas release path was re-entrained after the gas cloud
particles were reflected due to an existing nearby obstruc-
tion. The gas cloud dispersion decelerates because of the
gas re-entrainment mechanism, which causes a gas cloud
accumulation.

4 Load transfer process

This section addresses transferring the load profile from
the CFD results to the FE model. The primary challenge
stems from the disparity in mesh configurations between
the two numerical models. To tackle this issue, a technique
named Random Forest regression was employed, which
offers a promising solution.

4.1 Pre-processing

In KFX, the result of various calculations is stored inside
the control volume (CV) point such as fluid density and
temperature, which is a scalar variable. The scalar variable
is located in the middle of the CV, and the vector variable is
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Figure 2: Gas cloud dispersion of LNG release simulation.

stored at the CV’s boundary [16]. A non-uniform structured
cartesian grid (NSCG) is adopted in KFX to solve the finite-
difference problems [16]. Grids can be controlled to have
different sizes of CVs, and the finer CV is used in the area of
interest. The simulation process can be optimized in terms
of result accuracy and simulation time with this grid con-
trol [16]. Figure 3 shows the NSCG configuration in KFX.
A different configuration is used in FE, which is adopting
a non-uniform unstructured mesh. This mesh configuration
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Figure 3: NSCG on KFX [16] with LNG bunkering ship model.

starboard

can accommodate an arbitrary geometry [21]. Load informa-
tion, such as forces, moments, and temperatures, can be
stored inside a node point in the FE model [22]. Figure 4
exhibits an FE model of an LNG bunkering ship in ANSYS/
LS-DYNA.

Grid and node points provide the position information
in the Cartesian system. Thus, the independent variable
consists of the coordinate point in the X, Y, and Z axes. It
is followed by temperature profiles as the dependent
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Figure 4: Non-uniform unstructured quadrilateral mesh used in ANSYS/LS-DYNA.

Table 2: Example of the input dataset

No. Independent variable (“X”) Dependent variable (“Y”)

X (m) Y (m) Z (m) Steel temperature (K)

1 7.74 -0.60 10.15 149.18
2 7.95 -0.60 10.15 163.92
3 7.74 -0.70 10.15 217.11

4 7.95 -0.70 10.15 223.81
5 7.74 -0.50 10.15 229.56
6 7.95 -0.50 10.15 235.73
7 7.25 -0.60 10.05 241.08
8 7.25 -0.60 10.25 243.04
9 7.51 -0.60 10.05 250.28
0 7.5 -0.60 10.25 251.98

variable. The steel temperature is the only independent vari-
able that was retrieved from the KFX result. Here is an
example of the dataset for building a random forest model
that was retrieved from KFX, as shown in Table 2. This
dataset is limited to ten instances from the actual 29,865
instances.

4.2 Random forest procedure

This study implemented all the algorithms required for
constructing the Random Forest model using Python code.

The machine learning package “scikit-learn” was utilized
to develop the algorithm [23]. The Random Forest model
leverages decision trees to make predictions of the depen-
dent variables based on the provided independent variables.
Additionally, the study applied a technique known as
“bagging” (bootstrapping-aggregating) to the Random
Forest model. Bootstrapping involves randomly sampling
the dataset with replacement to determine the values used
in executing the decision tree algorithm [24,25]. Typically,
100 decision trees are employed to obtain precise results.
The aggregation step involves selecting the majority of the
data processed by the decision trees algorithm. In the case
of regression problems, the decision tree results can be
simply averaged to obtain the majority values [26]. Figures 5
and 6 exhibit the procedure for utilizing the Random
Forest and an example of the bootstrapping—aggregating
process, respectively.

Upon acquiring the KFX results, the dataset is categor-
ized into grid points and corresponding steel temperatures.
To develop the Random Forest model, the dataset is parti-
tioned into training and testing subsets, constituting 80 and
20% of the entire dataset, respectively. The training subset
plays a crucial role in identifying and learning the under-
lying data patterns within the Random Forest model [27,28].
Conversely, the testing subset is employed to assess the per-
formance and progression of the Random Forest algorithm
[27,29]. It is essential for the testing subset to represent the
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Figure 5: The framework of random forest.

Bagging:

Original dataset
Temperature
No. | X(m) | Y(m) | Z (m)
X

1 16.82 1.05 11.00 254.72
2 16.82 1.16 11.11 259.33
3 16.49 1.16 11.90 260.64
4 16.49 1.16 | 12.20 269.13
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Figure 6: Bootstrapping (a) and Aggregating (b) process in Random Forest.
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Figure 8: The steel temperature plot of (a) KFX and (b) FE.

Table 3: Comparison of steel temperature between KFX and FE load
profiles

Load profile X (m) Y(m) Z(m) Steel temperature (K)
FE 7.51 -0.60 9.50 284.15
KFX 7.50 -0.60 9.55 28414
Discrepancy (%) 0.002

entire dataset adequately and possess sufficient data points
to facilitate accurate predictions [27]. The training and
testing subsets are vital components in the model develop-
ment and evaluation process. An extensive evaluation was
conducted to assess the performance of the Random Forest
model by comparing the predicted values with the true
values of the original dataset. Figure 7 presents the results
of this evaluation, showcasing the plots alongside the corre-
sponding R-squared score and root mean square errors.
Here, the RMSE and R-squared score can be expressed as

follows:
1 2
RMSE = ;in , (6)]
i

)_q_ BSS
R*=1- ISS’ 2
where n is the amount of the value, and x; is each value
which is steel temperature in this case. Furthermore, RSS
and TSS are the sum of squares of residuals and the total
sum of squares, respectively.
The training and testing subsets demonstrate a high
R-squared score, indicating a strong correlation between the
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predicted and true values. The RMSE values are relatively low,
further affirming the accuracy of the predictions. Notably, the
training subset, comprising 80% of the entire dataset, exhibits
a better fit than the testing subset. Overall, the evaluation
outcomes indicate favorable results. During the implementa-
tion stage, the ANSYS/LS-DYNA node points (X_real) were uti-
lized as the dependent variable. This variable plays a crucial
role in estimating the new steel temperature data.

5 Load profile validation

To ensure the credibility of the load profile when applied in the
FE software, an additional evaluation was conducted. Specifically,
a comparison was made between the steel temperature
datasets obtained from KFX and the Random Forest model.
The temperature contours for both datasets were prepared
using the same range of contour colors and are presented in
Figure 8. In terms of the temperature contour, both plots
exhibit a similar shape, primarily located on the wall of the
fuel gas supply room. However, it is worth noting that cer-
tain equipment details were omitted in the FE model to
focus on the structural analysis of the ship. As a result, there
are variations in the sizes of the independent variables
between the two models. To validate the consistency of
the steel temperatures, two points were selected for compar-
ison, situated in almost identical positions along the wall of
the fuel gas supply room. Table 3 provides detailed informa-
tion about these selected points.

The comparison between the steel temperatures obtained
from KFX and the FE load profiles demonstrates a high level of
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agreement, as the discrepancies in temperature values are
negligible. This agreement further reinforces the credibility
of the load profile when utilized in the FE software, con-
firming the accuracy and reliability of the Random Forest
model’s predictions.

6 Conclusion

This article presents a platform for integrating load pro-
files obtained from CFD and FE models to facilitate CSP
assessment. The proposed approach involves utilizing a
Random Forest regression model to construct the tempera-
ture load profile for the FE model. Key aspects of the study
include conducting CFD-based gas dispersion analysis for
an LNG bunkering ship model and retrieving steel tem-
perature results from KFX, along with grid points and FE
node positions. The obtained dataset serves as input for the
Random Forest model, which demonstrates good agree-
ment between the R-squared score and RMSE during the
evaluation stage. The implementation stage involves uti-
lizing ANSYS/LS-DYNA node points to generate a suitable
load profile for FE input, resulting in minor discrepancies
between steel temperatures from KFX and FE models. The
Random Forest model is a valuable alternative to interpo-
lation techniques, offering a wider range of variables and
ensuring coverage of all destination nodes without relying
solely on the steel temperature value at the nearest nodes.
Future studies will focus on conducting structural response
analysis of the LNG bunkering ship, considering the effects
of cryogenic temperature loads using FE simulations.

The proposed platform exhibits the potential of the
Random Forest approach in integrating load profiles from
different models, thereby contributing to the field of CSP
assessment. By effectively combining CFD and FE data, the
platform enables a comprehensive understanding of tem-
perature load profiles for accurate risk assessment. This
research provides valuable insights for the optimization of
LNG bunkering operations, particularly in terms of safety
considerations. The findings highlight the significance of con-
sidering cryogenic temperature loads and offer a practical
and reliable tool for engineers and practitioners involved in
the design and analysis of LNG bunkering structures.
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