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a b s t r a c t

Response Surface Method (RSM) has been widely used for flammable cloud size prediction as it can
reduce computational intensity for further Explosion Risk Analysis (ERA) especially during the early
design phase of offshore platforms. However, RSM encounters the overfitting problem under very limited
simulations. In order to overcome the disadvantage of RSM, Bayesian Regularization Artificial Neural
(BRANN)-based model has been recently developed and its robustness and efficiency have been widely
verified. However, for ERA during the early design phase, there seems to be room to further reduce the
computational intensity while ensuring the model's acceptable accuracy. This study aims to develop an
integrated method, namely the combination of Center Composite Design (CCD) method with Bayesian
Regularization Artificial Neural Network (BRANN), for flammable cloud size prediction. A case study with
constant and transient leakages is conducted to illustrate the feasibility and advantage of this hybrid
method. Additionally, the performance of CCD-BRANN is compared with that of RSM. It is concluded that
the newly developed hybrid method is more robust and computational efficient for ERAs during early
design phase.
© 2021 Society of Naval Architects of Korea. Production and hosting by Elsevier B.V. This is an open access

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

Explosion Risk Analysis (ERA) is one of the most essential steps
for offshore topside design. The Dimensioning Accidental Loads
(DALs) are determined in the ERA phase by applying different
methods including CFD simulation, mathematical approach and
stochastic method, etc. The NORSOK standard (NORSOK, 2010)
explicitly demonstrates the detail procedures of the ERA. For
dispersion analysis, a large number of simulations are required in
the ERA to determine the effect of wind on ventilation and the
effect of gas release condition on final gas dispersion. However, the
well-establishedmethod of ERA inevitably brings a challenge that a
large number of dispersion simulations are time consuming.

DNV has firstly provided the Frozen Cloud Approach (FCA) to
saving the simulation time in the dispersion process. FCA has been
widely used to predict the dispersion results based on a number of
simulation results (GexCon, 2015). But the robust and accuracy has
been verified lower than the BRANN (Shi et al., 2018a; 2019). A
technology of combining limited number of dispersion simulations
f Naval Architects of Korea.

rea. Production and hosting by El
with the Response Surface Methodology (RSM) is developed and
applied in the light of demands of computation reduction (Cleaver
et al., 1999, Huser and Kvernvold, 2000, Qiao and Zhang, 2010,
Ferreira and Vianna, 2014). To be precise, a small set of dispersion
simulations initially need to be performed and are used to create
detailed response surfaces to predict gas cloud volumes. Indeed,
such integrated method makes the standard procedure more time
efficient, however, its accuracy could be questionable. In order to
overcome the computation intensity and accuracy problem, the
Artificial Neuron Network (ANN) instead of the standard RSM is
employed in this paper. The application of ANN has been found in
various fields due to its remarkable characteristics (Adedigba et al.,
2017). ANN is particularly computational efficient for modelling
complex and nonlinear relationships that lack mathematical
models. Among various types of ANNs, Multi-Layer Perception
(MLP) with Back-Propagation (BP) algorithm is widely employed as
function approximation. However, the conventional BP algorithm
may encounter overfitting problem, thereby producing a worse
generalization model. In addition to the conventional BP algorithm,
various methods are developed and applied to improve the
generalization capability of ANNs. Amongst, Bayesian Regulariza-
tion Artificial Neuron Network (BRANN) algorithm exhibits better
generalization performance especially for a small data set (Kayri,
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Nomenclature

J The dependent variable
ueff Effective turbulence viscosity
r Gas mixture density
SJ Source term
xi The coordinate in i-direction
ui The velocity component in i-direction
xj The coordinate in j-direction
uj The velocity component in j-direction
s Prandtl-Schmidt number
bv Volume porosity
_m Mass flow rate
V Volume
bj Area porosity in the j-direction
P Pressure
Fo,i Flow resistance due to sub-grid obstructions
Fw,i Flow resistance due to walls
r0 Gas mixture original density
h Gas mixture enthalpy
D Diffusion coefficient
_Q Heat flow rate
x Gas mixture fraction
k Turbulent kinetic energy
t Time
Pk The production of turbulent kinetic energy

ε Dissipation rate of turbulent kinetic energy
P
ε

The production of dissipation
C2ε Constant in FLACS and equal to 1.92
dij Stress tensor
L Monin-Obukhov length
LS Wind profile parameter
zs Wind profile parameter
U Wind velocity
z Height above the ground
zd The canopy height
a Von Karman constant and equal to 0.41
z0 The atmospheric roughness length
m* The friction velocity
FCA Frozen Cloud Approach
RSM Response Surface Method
ERA Explosion Risk Analysis
BRANN Bayesian Regularization Artificial Neural
TBRANN Transient-BRANN
CCD Center Composite Design
DALs Dimensioning Accidental Loads
ANN Artificial Neuron Network
MLP Multi-layer perception
BP Back-propagation
FFDOE Full Factorial Design of Experiment
DoE Design of Experiment
FLACS Flame Acceleration Simulator
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2016, MacKay, 1992, Mackay, 1995, Gianola et al., 2011, Kaur and
Salaria, 2013, Ticknor, 2013, Baghirli, 2015). Most recently, Shi
et al. (Shi et al., 2018a; 2019), used the BRANN model and verified
its accuracy and robustness for vapor cloud volume prediction by
various offshore platforms. Shi et al. (2019) developed the BRANN
model, i.e. Transient-BRANN (TBRANN) model, to interpolate the
transient dispersion simulation results. However, there seem to be
a room to further reduce the computational intensity while
ensuring the model's acceptable accuracy for early design phase of
offshore platforms.

This study aims to develop an integrated method, i.e. a combi-
nation of the Center Composite Design (CCD) and the BRANN for
flammable cloud size prediction on offshore platform. The CCD is
used to minimize the number of simulations, while the BRANN
produces better generalized and more accurate function approxi-
mation. An offshore platform case study is conducted to illustrate
the feasibility and advantage of this hybrid method. Additionally,
the performance of the CCD-BRANNmethod is compared with that
of different RSM models. It is concluded that this newly proposed
method is more robust and computational efficient.

2. CFD-software used

The FLACS (Flame Acceleration Simulator) software is used in
this study to model gas dispersion and to provide the benchmark
data. The software has beenwidely used to simulate gas dispersion
and explosion in oil and gas industry (Patankar, 1980, Huser and
Kvernvold, 2000, Qiao and Zhang, 2010, Vianna and Cant, 2012,
Hansen et al., 2013), and has been validated by numerous experi-
ments under different gas dispersion conditions, such as gas den-
sity, leak rate, space conditions (Middha et al., 2009; Middha et al.,
2010).
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2.1. Gas dispersion model

The compressible fluid flow is solved by FLACS, whose mathe-
matical model includes mass, momentum, enthalpy, mixture frac-
tion, turbulent kinetic energy, and turbulent kinetic energy
equations (Hjertager, 1984; Shi et al., 2018b). The general conser-
vation equation can be represented as follows:

vðrjÞ
vt

þ vðruijÞ
vxi

¼ v

vxi

�
ueff
sj

vj

vxi

�
þ Sj (1)

The left of the equation consists of two terms, which separately
represents temporal derivative term and convective term. The right
of the equation also consists of two terms that are diffusion term
and source term. It is closed by the ideal gas law. Following the
general conservation equation, the conservation of mass as follows:
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Fig. 1. Shows two-factor CCD, X1 is leak rate and X2 is wind speed.
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Transport equation for the mixture fraction:
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Turbulence is modeled by a two-equationmodel, k- εmodel. It is
an eddy viscosity model that solves two additional transport
equations. Transport equation for turbulent kinetic energy:

vðbvrkÞ
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Transport equation for the dissipation rate of turbulent kinetic
energy:
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Basing on the Boussinesq eddy viscosity assumption, the eddy
viscosity equation for modelling Reynolds stress tensor as follows:

�ru00
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vui
vxj

þ vuj
vxi

!
� 2
3
rkdij (8)
Table 1
Configuration of two-factor CCD.

Std Leak rate Wind speed Std Leak rate Wind speed

1 a b 6 1 0
2 a -b 7 0 �1
3 -a b 8 �1 0
4 -a -b 9 0 0
5 0 1
2.2. Wind boundary model

In FLACS, Wind boundary model bases on the Monin& Obukhov
theory, which defined a characteristic length scale (Monin-Obu-
khov length) to explain buoyancy effects on the atmospheric
boundary layer. The characteristic length can be calculated as
follows:

1
L
¼ 1
Ls
log

z0
zs

(9)

The average wind velocity profile referring height is
logarithmic:

UðzÞ¼

8><
>:

u*

k

�
ln
�ðz� zdÞ þ z0

z0

�
� juðzÞ

�
if z0 >0

U0 if z0 ¼ 0

(10)
3. Central composite design-based Bayesian regularization
artificial neuron network

The CCD is originally widely used Design of Experiment (DoE)
because of its specific advantages, e.g. it can minimize the input
data meanwhile keeping the approximation model accurate
(Mohamed et al., 2013). Generally, the CCD consists of 2m factorial
points, 2m axial points (or star points) and m0 central points,
totaling n ¼ 2m þ 2mþm0 independent combinations (m means
the number of factors). Fig. 1 shows the two-factored CCD. X1 is the
leak rate, X2 is the wind speed. As can be seen, this two-factored
CCD consists of 9 combinations of leak rates and wind speeds, i.e.
4 factorial points, 4 axial points and 1 central point. The axial points
present various combinations of lower limits and upper limits of
leak rate and wind speed. Table 1 shows the detailed matrix
configuration of combinations of leak rates and wind speeds with
codification, which would be adopted for following analysis
(Montgomery, 2017).
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4. Case study with specific offshore platform

A case study with two leak conditions, namely transient leak
and constant leak, for a process module of a specific offshore
platform, which is provided in the FLACS, is performed. The length
of platform is 25m (X direction), thewidth is 60m (Y direction) and
the height is 40 m (Z direction). It has 3 decks, which are lower,
middle and upper desk. In this study, because of the middle desk
being full of facilities and confined by the upper and lower desk, it is
decided to be the studying focus. The detailed FLACS conditions
setting can be referred to Shi's research work (Shi et al., 2018b). In
the following content, we will analyze some representative simu-
lation results and accordingly develop the CCD-BRANN model.

4.1. Representative simulation results analysis

4.1.1. Condition 1
The transient leak rates are analyzed in this part, which are

generated by emergency shutdown system and blowdown system.
The emergency shutdown system gets to shut down the leakage
after 30s when the initial leak occurs. The blowdown system gets to
blow down the flammable cloud after 80s when the initial leak
occurs. The transient leak rate can be calculated by using the
equations in Spouge's research work (Spouge, 1999). Fig. 2 shows
transient equivalent stoichiometric cloud volumes (Q9) of 6 leak
directions and varied initial leak rates when wind speed is 5 m/s
and wind direction is 270�. Fig. 2a)~f) show the corresponding Q9
results of leak directionþ X, -X,þY, -Y,þZ andeZ, respectively, and
can be seen that beside þ X direction, two peak values of Q9 occur



Fig. 2. Simulation results of equivalent stoichiometric cloud volumes (Q9) for different leak rates and different leak directions when wind speed is 5 m/s and wind direction is 270� .

B. Zhang, J. Zhang, J. Yu et al. International Journal of Naval Architecture and Ocean Engineering 13 (2021) 321e339

324



Fig. 3. Simulation results of Q9 for different wind speeds and leak rates when wind
direction is 270� and leak direction is -X.
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under the other directions when the leak rate is greater than 20 kg/
s. All the maximum Q9 from each direction are summarized into
Fig. 2g). As can be seen, the maximum Q9 values under þ X di-
rection are generally smaller, which may weakly influence further
ERA. And the maximum Q9 results under eZ direction generally
stays the same as increasing the leak rates. However the left 4 leak
directions have a similar tendency of Q9 with the increase of leak
rates. This paper decides to select the eX direction from the 4 di-
rections as the object to study in detail, because of its tendency of
Q9 being more complicated.

In order to comparewith the tendency of Q9 in different leakage
mode, this study shows Q9 of 6 wind speeds and 6 initial leak rates
whenwind direction is 270�and leak direction iseX in Fig. 3, which
also had been studied in Shi et al. (Shi et al., 2018a). As can be seen
in. Fig. 3a) ~ f), greater than 20 kg/s leak rate, two peak values of Q9
occur. The wind speed does not show an obvious dilution effect on
the second peak value of Q9. While in Fig. 3g), as the wind speed
increasing, the maximum Q9 has a tendency to increase and then
decrease under the leak rate greater than or equal to 20 kg/s.
However when the leak rates are 10 kg/s and 5 kg/s, the Q9 de-
creases with the increase of wind speed.

4.1.2. Condition 2
The constant leak rates are analyzed in this part, which is

calculated by using the equations in the Spouge's research work
(Spouge, 1999). In terms of Condition 2, simulation results of initial
leak rates, i.e. 5 kg/s to 80 kg/s, andwind speeds, i.e. 1.5m/s to 12m/
s when wind direction is 270� and leak direction is eX are pre-
sented as below.

Fig. 4 shows Q9 of 6 wind speeds and 6 initial leak rates when
wind direction is 270�and leak direction is eX, some of which had
been studied in Shi et al. (2018b). Differing from Condition 1, as can
be seen in. Fig. 4a) ~ f), two peak values of Q9 occur in all leak rates
and wind speeds. It means the dilution effect plays a major role on
the second peak value of Q9, especially under high leak rates and
thewind speeds.While in Fig. 4g), as thewind speed increasing, the
Q9 has a tendency to increase and then decrease under the leak rate
smaller than or equal to 10 kg/s. However when the leak rates are
bigger than 10 kg/s, the Q9 increases with the increase of wind
speed. Comparing with Condition 1, not only the value of Q9 will be
greater, but also the increasing tendency of Q9will be longer, which
means the risk of deflagration will be higher, if there are no
emergency treatments, such as shutdown system and blowdown
system, put into service.

4.2. Modelling

This part aims to check the capacity of CCD-BRANN to detect the
non-linear relationship between the maximum Q9 and its affecting
factors on different leak mode as analyzing above. Additionally, the
comparison between CCD-BRANN and varied RSMs namely CCD-
RSM, FFDOE-RSM (Full Factorial Design of Experiment) (Ferreira
and Vianna, 2014) is conducted.

For each Condition, 480 dispersion simulations (i.e. 20 combi-
nations of leak rate and wind speed multiply 24 combinations of
leak direction and wind direction) are performed. Some of which,
namely developing set, are used to develop the CCD-BRANN model
and varied RSM models while the rest, namely checking set, are
used to conduct the comparison. It should be noted that the
developing set for the CCD-BRANN can be randomly divided into
two sets, that are training set (70%) and test set (30%), while all
(100%) are to train the RSM models.

The developing set of each Condition totally includes 180
simulation inputs, i.e. 9 combinations of leak rate and wind speed
multiply 20 combinations of leak direction and wind direction. In
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the following analysis, in order to illustrate the generalization and
robustness of the CCD-BRANN model with varied simulations, 3
series are adopted by categorizing the total developing set. Series 1
divides all the developing set 24 parts and each part includes 9
combinations of leak rate and wind speed multiply 1 combination
of leak direction and wind direction. Series 2 divides all the
developing set into 2 parts and each part contains 9 combinations
of leak rate and wind speed multiply 12 combinations of leak



Fig. 4. Equivalent stoichiometric cloud volumes versus time of varied leak rates under different wind speeds when leak direction is eX and wind direction is 270� .
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direction and wind direction. Series 3 consists of all the developing
set.

For each Series, 9 combinations of leak rate and wind speed are
configured based on CCD matrix, which includes 5 levels of leak
rates and 5 levels of wind speeds. Table 2 shows the varied levels
and the corresponding codification. Those 5 levels of leak rate cover
the representative level of 3 types of leakage namely small leakage,
medium leakage and large leakage (Li et al., 2017). Additionally,
those 5 levels of wind speed are set for the general application for
fixed offshore platform.

Coefficient determination R2 of both developing set and check-
ing set are viewed as the indicator to demonstrate the generaliza-
tion capacity of the CCD-BRANNmodel and various RSMmodels for
both Conditions. Firstly, comparison between the CCD-BRANN
model with the CCD-RSM model with same simulation inputs
and configurations is conducted. Subsequently, varied FFDOE-RSM
326
models by adding more simulation inputs are developed and
compared with the initial CCD-BRANN model. Section 4.4.1 pre-
sents the comparative results of 3 Series under Condition 1 while
Section 4.4.2 shows the results of condition 2.
4.2.1. Condition 1

4.2.1.1. Series 1. The simulation results of Fig. 3 are regarded as an
example to show the comparative results for Series 1. The
comparative results of the CCD-BRANN and the CCD-RSM can be
seen in Fig. 5a) presents the varied coefficient determination R2

results of both developing set and checking set along with
increasing neural number in hidden layer. As is shown, R2 of both
developing set and checking set generally increase with the in-
crease of neural number, which means no overfitting problem oc-
curs for the BRANN meanwhile 20 neurons in hidden layer are
robustness and suitable. Fig. 5b) the corresponding results of CCD-



Fig. 4. (continued)
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RSM. As is shown, R2 from checking set has a tendency to increase
and then decrease with the increase of order of polynomial corre-
lation even though continuous increase of R2 from developing set
can be seen. This trend indicates overfitting problem may happen
327
that makes the CCD-RSM less robust. Fig. 5c) shows the predicted
results versus simulation results under maximum R2 (0.94 for the
CCD-BRANN and 0.84 for the CCD-RSM) of checking set. As is
shown, all the predicted results by the CCD-BRANN locate within



Table 2
Codification of Leak rate and wind speed.

Factor Parameter �1 �1 0 1 1

A Leak rate kg/s 5 20 40 60 80
B Wind speed m/s 1.5 3 5 7 12
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the 50% intervals, while two results out of 50% intervals are pre-
dicted by the CCD-RSM. It means the CCD-BRANN under 9 simu-
lations is more accurate.

2 types of FFDOE-RSM are developed with the varied input
Fig. 5. Comparison results of predictive capacity of CCD-BRANN an
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numbers, i.e. 9 and 12 to compare with the initially developed the
CCD-BRANN. Type 1 has 9 simulation inputs, i.e. 9 combinations of
leak rate and wind speed and each level is set based on Table 1.
Firstly, the upper levels (80 kg/s for leak rate, 12 m/s for wind
speed) and the lower levels (5 kg/s for leak rate, 1.5 m/s for wind
speed) are determined. Secondly, the middle levels of leak rate and
wind speed are set through the permutation of the rest levels,
i.e.20 kg/s, 40 kg/s, 60 kg/s for leak rate and 3 m/s, 5 m/s, 7 m/s for
wind speed. Eventually, 9 permutations are arranged, i.e. C1

3 � C1
3 ¼

9, which also indicates 9 FFDOE-RSM models would be developed
for Type 1. Fig. 6 shows the box-plot of coefficient determination R2

of type 1. Fig. 6a) is the results of developing set and Fig. 6b) is the
d CCD-RSM under 9 simulations of Series 1 under Condition 1.



B. Zhang, J. Zhang, J. Yu et al. International Journal of Naval Architecture and Ocean Engineering 13 (2021) 321e339
results of checking set. As is shown, generally both R2 of developing
set and checking set have a tendency to increase with the increase
of the order of polynomial correlation. However, the maximum R2

of checking set, i.e. 0.84 under Quartic correlation (the forth order),
is smaller than 0.95 of the CCD-BRANN. It can be concluded that the
CCD-BRANN is more accurate than the FFDOE-RSM with same
simulation inputs, i.e. 9 simulations.

Type 2 has 12 simulation inputs, i.e. 12 combinations of leak rate
and wind speed and each level is also set based on Table 1. Same
with type 1, the upper level (80 kg/s for leak rate, 12 m/s for wind
speed) and the lower level (5 kg/s for leak rate, 1.5 m/s for wind
speed) are firstly chosen. Then, the middle levels of leak rate and
wind speed are set through the permutation of the rest levels, i.e.
Fig. 7. Box-plot of coefficient determination of

Fig. 6. Box-plot of coefficient determination o
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20 kg/s, 40 kg/s, 60 kg/s for leak rate and 3 m/s, 5 m/s, 7 m/s for
wind speed. Totally, 18 permutations are built, i.e.
C2
3 � C1

3 þ C1
3 � C2

3 ¼ 9, which means 18 FFDOE-RSMmodels would
be established for Type 2. Fig. 7 shows the box-plot of coefficient
determination of FFDOE-RSM of type 2. Fig. 7a) is the results of
developing set and Fig. 7b) is the results of checking set. As is
shown, although R2 of developing set continuously increase, a
slight decrease of R2 of checking set under the Fifth correlation
occurs, which means overfitting problem might happen. However,
the maximum R2 of checking set by the FFDOE-RSM, i.e. 0.95 is
larger than that by the CCD-BRANN. In general, both results of type
1 and type 2 shows more robustness of the CCD-BRANN over the
FFDOE-RSM. Additionally, CCD-BRANN can save about 3
FFDOE-RSM from type2 (12simulations).

f FFDOE-RSM from type1 (9 simulations).



Fig. 8. Comparison results of predictive ability of CCD-BRANN and CCD-RSM under 108 simulations of Condition 1.
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Fig. 9. Box-plot of coefficient determination of checking set of FFDOE-RSM from both types.
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simulations with identical accuracy in this series.

4.2.1.2. Series 2. Series 2 takes 9 combinations of leak rate and
wind speed under 12 combinations of wind direction (4 wind di-
rections, namely 00, 900, 1800, 2700) and leak direction (3 leak
directions, namely eX, þY,þY) as an example to illustrate. In terms
of this example of Series 2, totally 108 (9 � 12 ¼ 108) simulations
are set as the input to architecture in (Ferreira and Vianna, 2014).
Fig. 8 shows the comparison results of predictive ability of the CCD-
BRANN and the CCD-RSM. Fig. 8a) presents altered coefficient
determination R2 both from developing set and checking set. As is
shown, both R2 initially increase and then keep steady, which also
indicates the suitability of 20 neurons in hidden layer under 108
simulations. Fig. 8b) shows the corresponding results of the CCD-
RSM. It should be worth noting that overfitting problem occurs
with the increase of the correlation order even though the
maximumR2 of checking set, i.e. 0.78 can be seen under 2F1 (partial
second) correlation order. Fig. 8c) shows the predicted results by
the CCD-BRANN under 20 neurons and the CCD-RSM under 2F1
order versus CFD results. It is seen that all the predicted results by
the CCD-BRANN locate between 50% intervals while some of those
results by the CCD-RSM are out of the range, which further in-
dicates the CCD-BRANN is more accurate.

Two types are also used to show the comparison of predictive
ability between CCD-BRANN with FFDOE-RSM. Type 1 consists of
331
108 simulations, i.e. 9 combination of leak rates and wind speeds
with 12 combinations of wind direction (4 wind directions, namely
00, 900, 1800, 2700) and leak direction (3 leak directions, namely
eX, þY, þY) while type 2 contains 144 simulations of 12 combi-
nation of leak rate and wind speed with 12 combinations of wind
direction. The arrangement of the levels in terms of leak rate and
wind speed for both types is same with corresponding that from
Series 1. Totally, for type 1, 9 RSM models should be modeled with
108 simulations while for type2, 18 RSM models would be estab-
lished with 144 simulations. Fig. 9 shows box-plot of coefficient
determination of checking set of FFDOE-RSM of both types. Fig. 9a)
is the corresponding result of type1 and Fig. 9b) is the result of type
2. From that, one can conclude that FFDOE-RSM is less robust as
overfitting problem occurs with the increase of correlation order.
Furthermore, the maximum R2 of type 1 is smaller while for type 2
more simulations (about 36 simulations in this Series) are needed
for FFDOE-RSM to derive the identical maximum R2 with the initial
CCD-BRANN.

4.2.1.3. Series 3. Series 3 puts all the 180 simulations, i.e. 9 com-
binations of leak rate and wind speed under 20 combinations of
wind direction and leak direction as the inputs to develop the CCD-
BRANN. Fig. 10 shows the comparison results of predictive ability of
the CCD-BRANN and the CCD-RSM. Fig. 10a) presents varied coef-
ficient determination R2 by the CCD-BRANN and Fig.10b) shows the



Fig. 10. Comparison results of predictive ability of CCD-BRANN and CCD-RSM of under 180 simulations of Condition 1.
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Fig. 11. Box-plot of coefficient determination of checking set of FFDOE-RSM from both types.
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results by the CCD-RSM. Similar to Figs. 5 and 8, the CCD-BRANN
with 20 hidden neurons is robust. However, the CCD-RSM is less
robust as R2 decrease with the increase of correlation order.
Fig. 10c) shows the predicted results by the CCD-BRANN with 20
hidden layers and the CCD-RSM under Quadratic order versus CFD
simulations, which can further indicate the increased accuracy of
the CCD-BRANN over the CCD-RSM.

Two types are adopted to additionally compare the CCD-BRANN
with the FFDOE-RSM. The arrangement in terms of leak rate and
wind speed is same with that of Series 1 and Series 2. However, 180
simulations are used for type 1 while 240 simulations for type 2.
Fig. 11 shows box-plot of coefficient determination of checking set
of FFDOE-RSM from both types. Fig. 11a) presents result of type 1
and Fig. 11b) is the result of type2. As is shown, the FFDOE-RSM is
less accuracy and robustness with same simulation inputs. Addi-
tionally, the CCD-BRANN can save about 60 simulations in Series 3
whereas more simulations are needed for the FFDOE-RSM to derive
the same maximum R2, i.e. 0.92.
4.2.2. Condition 2

4.2.2.1. Series 1. The simulation results of Fig. 4 are viewed as an
example to show the comparative results for Series 1. Fig. 12 shows
the results of the CCD-BRANN and the CCD-RSM with 9 simulation
inputs. Fig. 12a) presents the varied coefficient determination R2

along with increasing neural number in hidden layer of both
333
developing set and checking set while Fig. 12b) presents the cor-
responding results of the CCD-RSM. Fig. 12c) shows predicted re-
sults versus simulation results under maximum R2 (0.71 for the
CCD-BRANN and 0.69 for the CCD-RSM) of checking set. Corre-
sponding to Fig. 5, those results illustrate the better robustness and
accuracy of CCD-BRANN over CCD-RSM with 9 simulation inputs.

Subsequently, comparison between CCD-BRANN with FFDOE-
RSM is performed. The arrangements of permutation of 2 types
are same as the corresponding arrangements of Series 1 of Condi-
tion 1. Fig. 13 shows the box-plot of coefficient determination of the
FFDOE-RSM of both types. Fig. 13a) is the box-plot of coefficient
determination of type1 while Fig. 13b) is that of type 2. Corre-
sponding to the box-plot of coefficient determination of Figs. 6 and
7, those results further illustrate the accuracy of CCD-BRANN over
FFDOE-RSM.
4.2.2.2. Series 2. Series 2 takes 9 combinations of leak rate and
wind speed under 12 combinations of wind direction (4 wind di-
rections, namely 00 900 1800 2700) and leak direction (3 leak di-
rections, namelyeX,þY,þY) as an example to illustrate. In terms of
this example of Series 2, totally simulation number of 108
(9 � 12 ¼ 108) are set as the input in (Ferreira and Vianna, 2014).
Fig. 14 shows the comparison results of predictive ability of the
CCD-BRANN and the CCD-RSM. Similar to Fig. 8, all the results from
Fig. 14 illustrate the improved robustness and accuracy of the CCD-



Fig. 12. Comparison results of predictive ability of CCD-BRANN and CCD-RSM under 9 simulations of Condition 2.

B. Zhang, J. Zhang, J. Yu et al. International Journal of Naval Architecture and Ocean Engineering 13 (2021) 321e339

334



Fig. 13. Box-plot of coefficient determination of FFDOE-RSM from both type2.
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BRANN with 108 simulation inputs.
The comparison between CCD-BRANN with FFDOE-RSM is also

performed. The arrangements of permutation of 2 types are same
as the corresponding arrangements of Series 2 of Condition 1.
Fig. 15 is the box-plot of coefficient determination of FFDOE-RSM
from type 2. Fig. 15a) presents the result of checking set of type1
and Fig. 15b) shows those of type2. All the results indicate the ac-
curacy and computation efficiency of the CCD-BRANN are better
than the FFDOE-RSM.
4.2.2.3. Series 3. Series 3 puts 9 combinations of leak rate and wind
speed under 20 combinations of wind direction (4 wind directions,
namely 00 900 1800 2700) and leak direction (5 leak directions,
namely eX, þY, þY, þZ, -Z) as the inputs to develop the CCD-
BRANN and the CCD-RSM model. Fig. 16 shows the comparison
results of predictive ability of the CCD-BRANN and the CCD-RSM of
type 3. Fig. 16a) shows altered R2 by CCD-BRANN, which demon-
strates the fitness of 20 hidden neuron numbers. Fig. 16b) displays
different R2 by CCD-BRANN, which illustrates the overfitting
problem that CCD-RSM encounters. Fig. 16c) shows predicted re-
sults by the CCD-BRANN and the CCD-RSM versus CFD results un-
der maximum R2 of checking set, i.e. 0.84 under 20 hidden neuron
numbers and 0.78 under Quadratic correlation order. The results
further demonstrate the feasibility of the CCD-BRANN under 180
335
simulations.
Similarly, the comparison between the CCD-BRANN with the

FFDOE-RSM is performed. The arrangements of permutation of 2
types are same as the corresponding arrangements of Series3 of
Condition 1. Fig. 17 shows box-plot of coefficient determination of
checking set of FFDOE-RSM from both types. Fig. 17a) shows the
results of checking set of type 1 while Fig. 17b) is the results of type
2. All these results of this Series indicate the computation cost of
the CCD-BRANN is reduced compared to the FFDOE-RSM, i.e. the
CCD-BRANN can save about 60 simulations in this Series under
Condition 2.
5. Conclusion

1) This paper develops an integrated predictive method, i.e. the
combination of the CCD with the BRANN, to further improve the
accuracy with a less of simulations.

2) The hybrid CCD-BRANN based model is used to predicted the
flammable cloud volume given any new combination of the
dispersion parameters, i.e. leak rates, leak directions, wind
speeds and wind directions. 9 combinations of leak rate and
wind speed are arranged into the input layer of CCD-BRANN
architecture while output layer contains varied combinations
of leak direction and wind direction.



Fig. 14. Comparison results of predictive ability of CCD-BRANN and CCD-RSM of under 108 simulations of Condition 2.
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Fig. 15. Box-plot of coefficient determination of FFDOE-RSM from type2.

Fig. 16. Comparison results of predictive ability of CCD-BRANN and CCD-RSM of under 180 simulations of Condition 2.
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Fig. 17. Box-plot of coefficient determination of checking set of FFDOE-RSM from both types.
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3) Comparisons between CCD-BRANN and various RSMs, namely
CCD-RSM and FFDOE-RSM are conducted based on various
simulations in which only the number of combination of leak
direction and wind direction alters, ranging from 1 to 20. All the
results demonstrate that the CCD-BRANN mode more robust
and accurate over CCD-RSM model under the same number of
training data, and more accurate over FFDOE-RSMmodel which
requires more training data.

4) The proposed CCD-BRANN model can be used for further ERA
during early design phase as its accuracy meets the engineering
requirement with limited number of CFD simulations, i.e. most
of the predicted results are located within 50% intervals.

5) The CCD-BRANN's weaknesses included: (1) it is a predict model
basing on data-driven, which may not establish a relationship
with the real physical characteristics of the flammable cloud
dispersion. (2) the maximum R2 < 0.95, which seems the ac-
curacy of the model to be a room to further advanced. (3) the
results using to train and test the model are all provided by
FLACS simulation, so the real accuracy should be verified by the
experiments or the real engineering applications.
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