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Abstract

In the Quantitative Risk Assessment (QRA) of Oil & Gas (O&G) plants, the Ignition Probability (IP) following a release of
flammable gaseous material can be estimated by the MISOF (Modelling of Ignition Sources on Offshore oil and gas
Facilities) model, that requires time-consuming simulations (e.g., by Computational Fluid Dynamic (CFD)) for calculating
the flammable volume released. By this way, only a limited number of accidental scenarios can be considered, which may
lead to inaccurate |P estimates. To overcome this limitation, in this work a Bayesian Regularized Artificial Neural Network
(BRANN) is proposed together with a pre-processing of the input data to match the training data. This enables the BRANN to
provide accurate IP estimates. The results obtained in the case of a separator unit of a real O&G plant demonstrate the
applicability of the BRANN, its ability to outperform conventiona piecewise polynomia regression with a reduced number
of CFD simulations.

Keywords: Quantitative Risk Assessment (QRA), Ignition Probability (IP), Computational Fluid Dynamic (CFD), Bayesian Regularized
Artificial Neural Network (BRANN)

1. Introduction

The escalation of fires following a Loss Of Primary Containment (LOPC) is one of the main concernsin the
Oil & Gas (O&G) industry (ISO 17776, 2016). Estimating the Ignition Probability (IP) following the release of
flammable gaseous material is necessary for the Quantitative Risk Assessment (QRA) of O&G plants and can be
done, using the MISOF (Modelling of Ignition Sources on Offshore oil and gas Facilities) model (MI1SOF, 2018;
Cincotta et a., 2021). Computational Fluid Dynamic (CFD) simulation is used to calculate the time-dependent
flammable volume released, to be provided in input to the MISOF model (Agranat et a., 2007; Zhang and Chen,
2010). CFD simulations are time demanding and considering a limited number of accidental scenarios can
possibly lead to inaccurate IP estimates (Jin and Jang, 2018; Vianna and Cant, 2012). To overcome this
limitation, a Bayesian Regularized Artificial Neura Network (BRANN) has been proposed in (Di Maio et al.,
2021a). The BRANN can be trained with alimited number of CFD simulations available and once trained it can
be used in accidental scenarios with input values (e.g., release source, ignition source, confinement level,
congestion level, wind strength, gas mixture, LOPC hole size and number of detectors) similar to those of the
training dataset. This may not be the need in practice, in particular for the LOPC hole sizes to consider for the IP
calculation. In this work, we develop a preprocessing strategy for calculating an equivalent of a generic LOPC
hole size to match one available in the training dataset, so as to allow using the BRANN also for input values
different from those of the training dataset.

The proposed method is applied to one of the separator functional units of areal O&G plant trained with a
limited dataset of input-output patterns. The results demonstrate the enhanced applicability of the BRANN
enabled by the preprocessing strategy that cal cul ates the equivalent LOPC hole.

The paper is organized as follows: Section 2 recalls the MISOF model, Section 3 presents the regression
model approach typically used, Section 4 describes the novel BRANN, Section 5 shows the results of its
application to the case study and in Section 6 conclusions are drawn.
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2. The MISOF ignition model

In general terms, the | P hereafter symbolically indicates as P(I) is defined as the product of the probability of
exposure P(E) of a live ignition source to a flammable atmosphere and the probability of ignition given such
exposure P(I|E) (MISOF, 2018):

P(I) = P(E) - PU|E) @

In this work, for simplicity and without loss of generality, we conservatively assume that P(E) = 1, so that
P() = P(I|E).

The MISOF approach is used to evaluate P(I|E), accounting for both “immediate” ignition and “delayed”
ignition mechanisms (0GP 434-06, 2019), Figure 1.
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Fig. 1. P(IE) contributions according to MISOF model.
2.1. Immediateignition

Immediate ignition mechanisms are those occurring immediately after the LOPC, before the flammable cloud
is formed, and can cause Jet Fires (JFs) or Pool Fires (PFs), depending on the pressure of the system. The
immediate |P, P,(I), is evaluated accounting for two main contributions (MISOF, 2018), whose values
considered in thiswork are listed in Table 1:

e pump immediate ignition contribution, accounting for ignition caused by leaking pumps;
e other immediate ignition contributions, accounting for ignition caused by any other equipment.

Table 1. P,(1) of different contributions.

Immediate ignition source P(D
Pumps 0.072
Other 0.0007

2.2. Delayed ignition

Delayed ignition mechanisms are those occurring after the formation of a flammable cloud following the
LOPC and can cause Flash Fires (FFs) or Explosions (EXs), depending on the congestion level of the area.
Typically, the time-dependent behavior of the flammable cloud is discretized into N time steps, each of duration
At, and two different types of delayed ignition mechanisms are considered: continuous and discrete. Continuous
ignition sources are those that are always present (e.g., a flame or a hot surface) and ignite the flammable cloud
at the moment of the exposure. Discrete ignition mechanisms are those that are effective only at distinct instants
(e.g., portable “Non-Ex” equipment). Both mechanisms can be caused by rotating machinery (such as pumps and
compressors), electrical components (such as high voltage instruments) and others (including any source which
is not rotating machinery nor electrical equipment). The continuous delayed IP P (t;) and the discrete delayed IP
Pp(t;) at thei-th time step t; are calculated as follows (MISOF, 2018):

@

Po(t) = 1 — e~ AcVnew(t) Fe(ty)

Pp(ty) = 1 — e~ApVp(tD-At-Fp(t) 3)
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where A is the expected number of ignitions per m® of flammable volume due to continuous ignition
mechanisms, 4, is the expected number of ignitions per m3-s due to discrete ignition mechanisms, V., (t;) is
the new volume of flammable materia exposed to the flammable cloud during the i-th time step, V, (¢;) is the
total flammable volume exposed at the i-th time step and F.(t;) and F,(t;) are the fractions of continuous and
discrete ignition sources active in the area, respectively. 1. and A, are evaluated by adding the contribution of
each piece of equipment depending on its category (see Table 2 and Table 3 (Cincotta et al., 2021)). The fraction
of continuous and discrete ignition sources, F.(t;) and F,(t;), respectively, active at the considered i-th time
step depends on the safety barriers of Isolation & Depressurization (1&D) set up for deactivating and isolating
ignition sourcesin the presence of a detected flammable leakage.

Table 2. Parameters for continuous delayed IP evaluation.

Equipment category ¢

Rotating machinery 3.70e-6 [#]
Rotating machinery (per item exposed) 3.70e-3 [ﬁ]
Electrical equipment 1.806.6 [#]
Other 6.00e7 1]

Table 3. Parameters for discrete delayed |P evaluation.

Equipment category Ap
Rotating machinery 150e-9 ﬁ]
Rotating machinery (per item exposed) 3.70e-6 [
Electrical equipment 150e-9 :é: I’
Other 120e8[-1]|

2.3. Total Ignition probability

At each time step ¢t;, thetotal IP Py (t;) iscalculated as.

Pr(t) =1-(1—-P(Dxo:) (1 —Pei(D)) (1 —Pp(D) )
where x,; is:

(1 ifi=0 (5)
Xoi ‘{0 if i > 0.

The total ignition probability P, (1) throughout the whole LOPC transient is, then, calculated as:
N
Pr) = ) Pry(D. ®)
i

To calculate the volumes V,,,, (t;) and V,(t;), time-consuming CFD simulations are required (e.g., with the
FLACS software (Sgjid et al., 2021)), to provide the input to MISOF (Figure 2).
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Fig. 2. P-(I) calculation sketch.
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3. Regression model for | P estimation

3.1 Polynomial regresson models

Given a dataset of N, input patterns { X, P-(I)}, alinear regression model to estimate P, (1) can be written as:
M
P&, w) = ) w0, ™
=0

where P, (I)(X, w) is the estimated total IP and w; are the coefficients of the basis functions ¢;(X). In the case
of polynomial regression, the basis functions take the form ¢;(X) = X/ . Piecewise polynomial basis functions
can be defined to divide the input space into regions (Hastie et al., 2001). The defined basis functions are, then,
fitted by minimizing the Mean Squared Error (MSE):

1 & 1
MSE =22 (Pro(D) = (D)’ =3 e, ®)
Nd z=1 ’ ’ Nd z=1

where e, is the error of the output estimate P/T\ () with respect to the target value Py ,(I) of the z-th pattern.
Figure 3 shows the input and output of the polynomial regression model for IP estimation considered in this
work.
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Fig. 3. Polynomial regression inputs and output.

3.2 Bayesian Regularized Artificial Neural Networks

BRANNS have been introduced to limit the problem of overfitting of traditional ANNs (Shi et a., 2018).
Instead of minimizing only the MSE between the output estimates and the target values, BRANNS minimize the
weighted sum of the MSE and of a second term (E,,) that accounts for the uncertainty in the model weights
(Bishop, 2006):

F(w) = BMSE + aE,, ©)
m
E, = lz w? (10)
w m o
j=1

where F(w) isthe objective function, « and 8 are hyper-parameters to be tuned, m is the number of weights and
N isthe number of input-output patterns.
Furthermore, Bayesian inference is used to update the density function of the weight vector w:

P(DIw,p) - P(wla) (11)
P(DI,B,a)
where Gaussian approximations are used for the conditional probability distributions P(D|w,8) and P(w|a).

Then, the optimal weights are found by maximizing (11) (which corresponds to minimizing (9)), and the optimal
values of @ and B are calculated with the following equations:

P(wID,B,a) =
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a=-" (12)

p=l-r (13)
2MSE

where y is a measure of the number of parameters effectively used by the BRANN (i.e., the model weights that

are not set to zero by the regularization process) to avoid overfitting and is found with an iterative procedure

sinceit dependson a.

4. Thenovel BRANN

In (Di Maio et al., 2021a), a BRANN has been developed for IP estimation. This BRANN is capable of
providing accurate | P estimates only when fed with input values similar to those of its training dataset. To extend
the applicability of the BRANN metamodel to accidental scenarios with different LOPC hole sizes, the following
strategy (shown in Figure 4) has been developed. For each functional unit and for each possible LOPC hole size
XFu.

e asuitable simulation software (e.g., Phast (Chen, 2020)) is run to calculate the peak gas leak flow rate

iV (i.e., the leak flow rate at t = 0) resulting from a LOPC in the selected functional unit with the due
hole size;

e QFY iscompared with the peak gas leak flow rate Qf resulting from the hole sizes (X;) used to train the

BRANN;
e aconservative (i.e., with a larger lesk flow rate) equivalent hole size (XfQ) is calculated and fed to the
BRANN, by selecting the smallest X; generating Q) = Q5.

Functional unit hole size (X§Y) ——|

- ) Pre-
Training dataset hole sizes (X {) —— s
= processing
Training dataset leak flow rates (Q ) —]
Equivalent hole size (qu) —

Confinementlevel of the plant (X5)

Congestion level of the plant (X3)
Wind strength (X4) BRAN N Pell)
Gas mixture (X5) ¥

Number of detectors (X¢)

Release source (X5)

Ignition source (Xg)

Fig. 4. Novel MISOF calculation approach.

5. Casesudy

As an example of application, let us consider a typical O& G plant, where the following functional units are
installed:
Inlet manifold, with oil and gas as working fluids;
Test separator A, with oil and gas as working fluids;
Test separator B, with oil and gas as working fluids;
Test separator C, with oil and gas as working fluids;
Separator 1, with oil and gas as working fluids;
Separator 2, with oil and gas as working fluids;
KO drum torch, with oil and gas as working fluids;
Gas boat, with oil as working fluid;
Booster pump, area manifold with oil as working fluid;
. Gun barrel, with oil as working fluid;
11. Fluxing manifold, with oil as working fluid;
12. Gas network, with gas as working fluid;
13. Seam production boiler, with gas as working fluid.

BOONOO MWD P

o
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LOPC is considered to occur in the separator functional unit “Test separator A”, with hole sizes XV of
7 mm, 22 mm, 70 mm and 100 m, where only gasisthe working fluid.

A state-of-practice variance-based sensitivity anaysis (Saltelli et al., 2009) has been performed to reduce the
number of inputs to the BRANN. As a result, the number of detectors (Xz) has been neglected because not
contributing enough to the variance of P(I), as shown in Table 4, where the n? of the X, ..., X, inputs are
listed. It is important to note that the sensitivity analysis has not been performed for inputs X, and Xg (release
source and ignition source, respectively), since they cannot be removed from the analysis.

Table 4. Sensitivity analysis results (n2).

BRANN input n?
X, 0.9180
X, 0.0090
X, 0.0092
X, 0.0620
Xs 0.0014
X, 0.00036

A BRANN has, then, been trained, composed of an input layer, three hidden layers (with 80, 60 and 40
neurons) and an output layer with 1 neuron. Table 5 reports the four types of confinement schemes, six levels of
environmental congestion, two atmospheric conditions, three flammable cloud compositions, four LOPC hole
sizes originated from three possible types of release sources in presence of four different types of ignition
sources considered. This amounts to 20376 working configurations and hazardous conditions to be considered.
Among these, only 14263 random configurations have been simulated by CFD, constituting an enough dense
training dataset (as shown in (Di Maio et al., 2021a)).

Table 5. BRANN input variables.

Input variable Input name Values

X, LOPC holesize

Confinement level of the “B”
plant “Cc”

“Electrical machinery”
“Rotating machinery”
“AlP
“Other”

Xg Ignition source

To use the trained BRANN for LOPC hole sizes of the separator different from those of the training dataset,
the preprocessing described in Section 4 has been applied. In particular, Q5V has been calculated with a
commercial tool for each XFU, to be compared with QJ that are the peak leak flow rates of the hole sizes used for
the training of the BRANN, that result from facilities and equipment different from those here considered.
The procedure to find the conservative hole sizes is sketched in Figure 6. For example, for XfV = 7 mm and
XFU = 22 mm, the equivalent hole size is conservatively taken equal to XfQ = 5 mm (assuming that, in both
cases Q, is equal to 0.4240%‘], that is the one that FLACS takes for X; = 5 mm), and for XU = 70 mm and

XFU =100 mm the equivalent hole size is conservatively taken equal to qu = 20 mm (assuming that, in both
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cases Q, is equa to 6.7695 k?g, that is the one that FLACS takes for X; = 20 mm), as also summarized in
Table6.

Q, [kgis]
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Fig. 6. Leak flow rate comparison.

Table 6. LOPC hole sizes equivalence.

x5Y x3°

7 mm 5mm
22 mm 5mm
70 mm 20 mm
100 mm 20 mm

The novel approach is tested on the four input batches (S with s = 1,2,3,4) listed in Table 7, representative
of typical configurations of hole sizes, confinement levels, congestion levels, wind strengths, gas mixtures,
release sources and ignition sources that might occur in the neighborhood of “Test separator A”, and the IP
estimates obtained are compared to those provided by a polynomial regression fitted on the same dataset and
with the true value retrieved from the full dataset of FLACS simulations (Figure 7). The BRANN provides IP
estimates for al four batches of input with much larger accuracy (MSEggpany = 9.99 - 1071°) than the
polynomial regression (MSE,,,, = 3.13 - 107%), that incidentally also overestimates the true IP.

Table 7. BRANN input sequences for “Test separator A”.

X fq X2 X3 X4 Xs X7 Xsg
S 5mm A 0.7 2F Light  Genera All
S, 5mm A 0.7 5D Light  Genera All
S3 20 mm A 0.7 2F Light  Genera All
Ss 20 mm A 0.7 5D Light  Genera All
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Fig. 7. IP estimates comparison.

The practica applicability of the BRANN for in field risk assessment is shown by the savings of
computational time: for each input combination (X, ..., Xg) the IP estimation with the MISOF model and CFD
simulations requires severa hours, while the BRANN only takes 0.01 seconds on a commercialy available
laptop equipped with an AMD Ryzen 5 PRO 4650U processor.

6. Conclusons

For QRA of O&G plants, IP can be estimated with the MISOF model, which requires time-consuming CFD
simulations to calculate the flammable volume released. To address this issue, this work builds upon a previous
approach based on a BRANN to further extend its applicability by proper preprocessing of the input LOPC hole
size. The results obtained on a real case study show that the preprocessing strategy extends applicability to
LOPC hole sizes of values different from those of the training dataset. The developed method will find practical
application through the development of an operational risk assessment tool (for example, being embedded into
(Di Maio et al., 2021b)) for assessing the risk associated with fires and explosions in O& G facilities.
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