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Abstract In the Liquid Natural Gas (LNG) processing field, accidents can be caused by various 
natural occurrences. Lightning and flooding scenarios are common triggering agents for 
industrial accidents, and there is a chance that LNG units could sustain significant damages in 
such an event. This study integrates these two natural phenomena into the temporal model and 
analysis. The principle of temporal failure has been applied to an LNG`s SCV (Submerged 
Combustion Vaporizer) unit affected by floods and lightning, which are considered correlated 
natural phenomena. This work proves and applies a new dimension (temporal) to risk analysis 
in chemical process safety engineering for the first time. As a result of the simulation, 
Sequential (Temporal) failures 1, 2, and 3 comprise 31.25%, 47.9%, and 13.5% of the total 
failures, respectively, and together make up 92.65% of the total failures, which cannot be 
detectable by conventional approaches. Meanwhile, classical failures contribute to only 6.8% 
of the total failures. For a safety-critical system, these values are crucial. Using Monte Carlo 
Simulation (MCS), we provide information on the occurrence of failures for the vaporizer 
based on operational hours. From the results, the vaporizer can be expected to fail 29 times 
over 300,000 service hours, with only 2 of these being conventional failures. After total failure 
frequency was obtained Event Tree Analysis (ETA) was performed, and negative consequence 
probability was found 3.25x10-6(/h). 

Keywords: dynamic fault tree, temporal fault tree, reliability, flooding, Monte Carlo 
simulation 
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1. INTRODUCTION 

A SCV unit utilizes a burner combustion system as a heat source. SCVs are designed to 
rapidly increase the temperature of LNG (−160 ◦C) to ambient temperatures; in brief, it allows 
for a temperature increase and require a quick start-up or shut-down. Steam from the 
combustion products condenses into liquid water after LNG vaporization, releasing a 
significant amount of latent heat (Han et al., 2018). Studies have shown that the ice layer's 
enormous thermal resistance, which affects the vaporizer's ability to evaporate gas efficiently, 
is still the biggest problem (Pan et al., 2020). Thus, the SCV vaporizer system typically may 
present a high risk of failure among LNG processing units. In addition, some notable accidents 
occurred in the LNG purification and regeneration system on March 31, 2014, at the Plymouth-
Liquefied Natural Gas (LNG) Peak Shaving Plant, which had a catastrophic malfunction, 
resulting in an explosion. The breakdown started in the pipework that heated the gas for 
adsorber regeneration between the salt bath heater and the adsorber vessel (Rukke & Katchmar, 
2016).  

Lightning is a key factor leading to malfunctions, failures, and fire incidents (Dirik et al., 
2022), especially when considering storage tanks that store volatile chemicals (Garcia et al., 
2013). More than 70% of power outages in Malaysia are caused by lightning. A certain number 
of lightning strikes being followed by flooding is the main concern of this study. Thus, the 
sequential failure structure of probability of the lightning–flooding formation is proposed, in 
order to capture the temporal failure. Moreover, ongoing global climate change has been 
observed, which is expected to lead to more extreme precipitation accompanied by 
intensification of the occurrence and severity of flood events (Winsemius et al., 2016; Ricci et 
al., 2021; Sofia & Nikolopoulos, 2020; Papadopoulos et al., 2009). In addition, most severe 
climatic incidents are related to flooding events (Gungle & Krider, 2006; Tapia et al., 1998) 
have discussed the relationship between cloud-to-ground (CG) lightning and surface rainfall 
on the east coast of central Florida. From their research results, they drew the conclusion that 
“the optimum lag time versus the total number of CG flashes shows a linear trend (R2 = 0.56). 
With a linear fit to the lagged rain volume vs. the number of concurrent CG flashes (R2 = 0.83), 
it is concluded that lightning and flash flood probability have a linear correlation. Thus, this 
relationship can be formulated and simulated in process safety risk analysis.” 

Some papers on flooding prediction in Malaysia, such as that of Ahmad et al. (2022), have 
captured 63 positive CG flashes close to the lightning measurement system in Malacca. They 
reported that “all positive CG flashes were detected within four hours. The occurrence of 
positive CG flashes on the day when the flash flood happened in Malacca on October 20, 2021, 
has been analyzed. It has been found that the flash flood event between 15:30 and 16:30 in 
Malacca was closely correlated with the large number of positive CG flashes detected.” An 
important factor relating to these two phenomena is that they occur sequentially; thus, when 
one occurs, the other event can be expected to follow. This is the key idea underlying the 
concept of temporal failure. This study took this correlation number “63, “which was 
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implemented into temporal fault probability (Ismail, 2019). Some flood risk assessment studies, 
such as Ismail (2019), have determined the characteristics of real flooding events in Malaysia. 
They concluded that: (i) “The average flood water level in Peninsular Malaysia is 0.3, 0.6, and 
1.0 m for various types of flooding in Malaysia” (the reason why it is important to know the 
depth of flooding that pumps, electrical parts, and so on, may be installed on the ground. If the 
depth of the flood can reach their sensitive parts, it may lead to additional risk; thus, the depth 
of the flood may cause additional failures); (ii) “the average flash flood occurs in less than 6 h 
in most locations, but flash floods may exceed more than 6 h with the flood water level above 
1.0 m due to heavy rain and high tidal level;” and (iii) “the average flood duration for monsoon 
floods is two days, with an average flood water level of 1.0 m, depending on rainfall 
conditions”, so these parameters can be taken as temporal parameters. (Ismail, 2019). 

Another paper has studied the correlation between lightning and precipitation in Northern 
Malaysia and proposed combining the effect of lightning and flooding risks (Mohammad et al., 
2019). It tabulated flash rates for three hours, with a maximum of 73 and a minimum of 65 
flashes occurring over a 15-minute period, and integrated the obtained values into a research 
system for failure analysis. Another study has supported the existence of a correlation between 
flooding and lightning density (Johari et al., 2021). The authors observed positive CG in the 
northern prefecture of Malaysia, tabulated the geometric mean of each year’s number of 
average strikes, and found that positive CG constituted only 1.6% of the total CG flashes. They 
also observed that “the occurrence of positive CG follows the weather pattern of Malaysia, 
with a strong connection between positive CG and rain events. Most positive CG occurred in 
November, while the least occurred in February. Each year’s average flash count is about 
190,760 times in Shah Alam prefecture” (Ab-Kadir, 2016).  One hundred seventy-two lightning 
ground flash records were presented, with 57 flashes of positive lightning per km2 a year and 
high numbers of subsequent return strokes. The data were recorded in November 2013 at the 
Universiti Putra Malaysia (UPM; 2◦59j19.9jj N, 101◦43j 29.8jj E) in Serdang. Previous studies, 
such as Ab-Kadir (2016), Ahmad et al. (2022), Mohammad et al. (2019), Ismail (2019), Johari 
et al. (2021), have proposed correlation parameters and lightning strike density values for 
Selangor prefecture, which were implemented into the system simulation proposed in this paper 
using Visual studio-based C# coding. 

Similar studies regarding other geographic locations, such as Price et al. (2011), have shown 
that lightning strike density and flooding probability are linearly correlated, so lightning data 
can significantly help estimate rainfall. The significant finding of this study was that “Since 
lightning data are available in close to real-time and cover large regions, lightning can be used 
to produce warnings for the public and local and regional governments about thunderstorm 
activity in the next few hours.” It has been demonstrated that the calculation of rainfall from 
satellite data may be greatly improved by lightning data. According to (Papadopoulos et al., 
2009) lightning data may be utilized to provide alerts for local and regional governments about 
impending thunderstorm activity because they are readily available in close to real-time and 
cover huge territories. The research by Price et al. (2011) shown that "lightning data could be 
assimilated into extreme rainy prediction models to improve the initial conditions of the models, 
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hence improving the 1-2 day forecasts of heavy precipitation and flash floods." Zorilla (2011) 
has suggested a geo-lightning grid-based strategy that prioritizes places based on their 
importance for public safety. A geographic information system was used to create the geo-
lightning grid. He discussed a power system case study and showed how lightning may affect 
the system. 

The most frequent natural catastrophes in Malaysia are flooding and lightning, which happen 
more often during the monsoon season. "The coasts of peninsular Malaysia are the most prone 
to flooding," according to Ismail (2019), "especially during the northeast monsoon season from 
October to March. The major goal of pertinent prior research was to evaluate the frequency, 
duration, and intensity of flash floods in northern Malaysia.  

The main goal of this work is to simulate at the regional scale and analyze the lightning-
flooding correlation patterns. The proposed study aims to use the correlation between lightning 
and flooding to develop a system failure simulation model that considers the temporal effects 
of lightning and flooding on the total system. This is a very new area in chemical process safety 
study. A Temporal Fault Tree Analysis (TFTA) has been previously developed by the authors, 
and sequential failures of systems in the process industry that function under the PAND gate 
concept were assessed (Dirik et al., 2022). The specificity of this study is that it emphasizes 
the combined effects of natural phenomena (i.e., lightning and flooding events) to assess the 
sequential failure probability. This study is mainly comprised of two parts. The first part 
considers the influence of the temporal timing of natural disasters on the vaporizer unit and 
temporal risk prediction; for this part, we provide a detailed data analysis. The second part 
involves conventional failure probability calculations for repairable and unrepairable parts. 

 

2. METHODOLOGY 

We analyzed data that had previously been collected by The Offshore and Onshore 
Reliability Data (OREDA) project, which was established in 1981 in cooperation with the 
Norwegian Petroleum Directorate (now Petroleum Safety Authority Norway). It is an 
important reliability data source for the oil and gas industry (Wingender, 1986), OREDA 
Handbooks provide reliability data for process equipment. It provides three categories of data, 
that is, inventory part, failure part, and maintenance part for each equipment (Mannan, 2012). 
(e.g., in national statistics, official records archives, publications, and previous studies). 

The failure data were fitted to a Weibull distribution to obtain the Weibull parameter, which 
was later utilized to calculate the total failure of the system based on the described failure 
conditions. The component failure data categorization is provided in Figure 1. 

Table 1 and 2 are arranged according to the categorization presented in Figure 1, where Table 
1 provides the shape factor (β) values for various components. Preventive maintenance may 
help to extend the service years of aging units before they are worn out; however, a preventive 
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maintenance schedule or assessment was not included in the considerations of the used failure 
data. These data can assist relevant facility owners in preparing a suitable plan for preventative 
maintenance of such systems. 

Among all the unrepairable components that are present in LNG SCV systems, the level 
sensors and manifold presented the highest failure rates (or the shortest mean time to fail). 

 
 

Figure 1.  OREDA data type categorization 
 

Table 1 shows the repairable system obeys the Weibull distribution, while Table 2 presents 
data obtained for the components using an exponential distribution. 

The failure rate of a component or system can be expressed as the probability per unit time 
that a component or system will experience a failure at that time. Unrepairable components 
obey an exponential distribution. 

After obtaining the component data, we studied another input for the system failure analysis: 
lightning strike data. We consider that, if the number of lightning strikes is above a certain 
threshold, flooding will consequently occur. This sequence is important for system temporal 
failure detection. Not only the lightning–flooding sequence but also the lightning strike itself, 
may lead to the malfunction or failure of the sensors which detect failure, thus activating the 
ESD system. Following temporal logic, the lightning strike (and/or the induced magnetic field) 
may first cause 4/6 sensor failure. 

Lightning parameters for north Malaysia were obtained from previous studies and included 
in the system MCS. 

 

 



IDRiM (2025) 15 (1)        ISSN: 2185-8322 
DOI10.5595/001c.129129 

 6

Table 1.  Weibull parameters for repairable components (Dirik et al., 2022) 
 

No      Component    
Weibull Parameter 

                   α (Hour)    (β) 
1 Centrifugal pump (CP) 479,842  1.0095 
2 Lift non-return valve (LRV; Swing Check Valve) 1,999,448 0.95 
3 Swing check valve (SCV)  1,999,448 0.95 
4        Globe valve (GV)  3,149,282 0.99 
5 Butterfly valve (BV) 333,624  1.093 
6 Butterfly Emergency Shut Down (ESD) 
             Valve (BVAE)  61,345 2.78 
7 Butterfly Process Control valve  436,073 1.91 
8 Control Valve (CV)  454,020 3.18 
9 High-Pressure Compressor  196,237.6 0.51 
10 BOG Compressor  85,019 2.21 
11       Relief Valve (RV)  1,620,619 1.82 
12       Ball Valve  2,283,951 1.18 
13 Knock-Out Drum (Flash Drum)  140,051 2.29 

14 Pressure Safety Valve (PSV)  604,906 1.003 
 

 

Table 2.  Unrepairable component failure rates (Dirik et al., 2022) 
 

No     Components   Probability of Failure (per Hour) 
15      Manifold (M)    2.27 × 10−5 

16 Temperature Sensor (TS)    6.39 × 10−6 

17 Thermocouple Sensor    8.56 × 10−6 

18 Pressure Sensor (Electro-Mechanical) 5.75 × 10−6 

19 Level Sensor (conductivity)  5.71 × 10−5 

20 Flow sensor    4.95 × 10−6 

 

As presented in Figure 2, the first step of the research work was initiated by identifying the 
data analysis requirements within the system. Failure data for some components were derived 
from the OREDA, Failure Rate Data in Perspective (FARADIP.THREE, 2015; Center for 
Chemical Process Safety, 1989), European Industry Reliability Data Bank (EIREDA) 
(Procaccia et al., 1997), and  SINTEF (n.d.). 

Figure 2 can be summarized as follows: First, MCS was implemented using Visual Studio 
C++ coding for each component’s logical relationships and statistical distribution. The C++ 
code generates the results and then saves them into an Excel (.csv) file to detect the timing of 
system failure. These features are used to capture the failure sequence. 

Second, the Method of moments was used to calculate the total system Weibull parameters, 
using an existing formulation and goal Seek function capability in Excel. This result was 
simulated and then presented reliably as system graphics. MCS not only can estimate the failure 
but also provides a platform for the visualization of sequential failure. The µ and σ values were 
transformed using the equations ln µ and ln (σ 2+ µ 2). After algebraic manipulation, each 2lnα 
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was set equal to zero. All formulas were implemented in Excel (e.g., using What-if Analysis 
and the Goal Seek function) in order to estimate the Weibull parameters. 

The data of seasonal lightning strikes and flooding patterns were secondary data sets also 
analyzed. The general procedures are presented in the flowchart shown in Figure 2. 

The final step was to implement the failure distribution parameters for key components using 
visual studio C# codes. Each iteration was considered as a one-hour system snapshot, which 
was listed in an Excel file so that temporal and statistical calculations could be performed. 
Lightning–flooding correlations were converted into system codes. Each iteration determined 
the lowest limit of lightning density which may result in flooding in Selangor prefecture, 
Malaysia. 

 

Figure 2.  Flowchart of the developed methodology 
 

Figure 3 summarizes the main idea process underlying TFT. Flooding may occur in the target 
area if the number of seasonal lightning strikes exceeds the minimum limit. Consequently, 
flooding can be expected to occur; this sequence is called a temporal failure. The second 
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scenario is that a lightning strike causes sensor failure first, after which further lightning strikes 
occur; this is called a system failure. These logical ideas form the dynamic part of the risk 
analysis. The conventional risk analysis part is presented at the end of the flowchart. 

MCS simulates real situations by generating random numbers for seasonal lightning data, 
together with component failure and failure timing data, which are crucial for TFTA.  

     

Figure 3.  TFT logic flowchart 
 

The following step is to conduct detailed sequential procedures to quantify the risk and 
estimate the system reliability and failure statistics using the Weibull parameters; in particular, 
the Weibull distribution was used to describe the failure frequency distribution. We employed 
the method of moments (MoM) to estimate the Weibull parameters according to the best fit of 
the data and a method of estimation for population parameters. After the simulation, nine 
sampling points were used for each specific time interval, and the method of statistical 
moments technique was conducted using Excel. In this way, a system reliability curve could 
be obtained. 

It can be noted, from the results, that the first failure occurred within the first 10,000 hours. 
Each failure timing is the mean of ten different trials. The considered vaporizer unit consisted 
of various key components, such as valves, detectors, and pumps, with six valves present in 
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the system. A combination of the voting OR gate (5/7) failures were considered as system 
failures. 

The last step is employing ETA to visualize and quantify the negative consequence that is 
system paralysis ends up with a catastrophe. 

 

2.1  Method of Moment Definition 

One of the popular methods for estimating the times-to-failure in continuous failure testing 
on mechanical or electronic equipment is the Weibull distribution. In order to estimate the 
parameters of a Weibull distribution, it is studied the performance of the method of moments. 
Finding a Weibull distribution with a given mean, variance, and location parameter is 
frequently required. The standard method includes calculating the parameters using an iterative 
numerical process via Visual Studio C#, to estimate the greatest probability of the gamma 
parameters.  

While Γ is a Gamma function. 
The (three-parameters) Weibull distribution is: 

𝐹(𝑥) = 1 − exp [−𝑎(𝑥 − 𝑐)௕],  𝑐 ≦ 𝑥 <∞,                                       (1) 

with density 

𝑓(𝑥) = 𝑎𝑏(𝑥 − 𝑐)ୠିଵൣ−𝑎(𝑥 − 𝑐)ୠ൧.                                             (2) 

The mean and variance are: 

𝜇 = 𝑐 + aିଵ/ୠΓ(1 + 1/𝑏)

𝜎ଶ = aିଶ/ୠ[Γ(1 + 2/𝑏) − Γଶ(1 + 1/𝑏)]
                                                     (3) 

The moment estimators of 𝑎 and 𝑏 ( 𝑐 assumed known) are obtained by solving Equations 

(3) for 𝑎 and 𝑏, using the sample mean and variance. One way of solving (3) is: 

(i) Solve for 𝑏 

Γ(1 + 2/𝑏)/Γଶ(1 + 1/𝑏) − 1 = [𝜎/(𝜇 − 𝑐)]ଶ                                             (4) 

(ii) Compute 𝑎 from 

             𝑎 = [Γ(1 + 1/𝑏)/(𝜇 − 𝑐)]ୠ                                                       (5) 

Equation (4) may be solved approximately using any of a number of standard iterative root-

finding procedures. (Approximation for 𝑏 as a function of 𝜎/(𝜇 − 𝑐) is used.) 

2.2  Weibull Parameter Estimation (Dirik et al., 2022) 
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An approach for the estimation of Weibull parameters has previously been proposed by the 
authors (Dirik et al., 2022), as follows: 

The Weibull parameters estimation is determined using the following equations: 

σ2  =  α2 Γ(1  + 2/β)  − µ2, µ =  αΓ(1 + 1/β)                                                        (6) 

ln µ = ln α + ln Γ(1 + 1/β), ln (σ 2 + µ 2) = 2 ln α + ln Γ(1 + 2/β)            (7) 

where µ is the mean and σ is the standard deviation, and the gamma function is denoted by Γ. 
The values for µ and σ can be estimated using Equation (6). 

The µ and σ values are transformed by the formulas ln µ and ln (σ 2+ µ 2). After algebraic 
manipulation, each 2lnα is equal to zero. Each formula was implemented using Excel What-if 
Analysis, allowing for estimation of the Weibull parameters. 

Equation (8) was then rearranged to yield. The value for β in equation (9) was solved using 
a simultaneous equation that generates values for β in the function Γ, while the value for α was 
solved using equation (9): 

 

ln Γ(1  + 2/β)  − 2 ln Γ(1  + 1/β)  − ln(σ2  + µ2)  + 2 ln  µ = 0                    (8) 

α =  x /(Γ(1 + 1/β))                                                                                       (9) 

 

2.3  Geo-Lightning Grid Approach for Obtaining Seasonal Lightning Strike Data 

The geo-lightning grid was based on a geographical information system and consisted of 
cells with defined edges. The main SCV unit in Figure 4 (yellow point) was located in the 
middle of the complex, surrounded by five other buildings and pipelines. 

The geo-lightning grid presents the number of strikes inside the area of each cell for a defined 
range of time, with values derived from Lightning Imaging Sensor Instrument Team and the 
Global Hydrology Resource Center (GHRC; NASA, US Government). 

The center of the black frame presented in Figure 5 is the target area, which is subject to 
dramatic flooding risk. Sungai Udang LNG Terminal facility is located in North Malaysia, with 
relatively higher probabilities of lightning and flooding. The ten year- average number of 
lightning strikes was obtained from the website (Figure 5, calculated as a monthly average).  

Each monthly average was included into the simulation codes to capture the lightning and 
flooding probabilities. 
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Figure 4.  Location of Sungai Udang LNG Terminal, Image courtesy Google Earth 
 

 

Figure 5.  Lightning flash density map for the area of interest, Image courtesy NASA. 

 

3. CASE STUDY: LNG VAPORIZER UNIT 

The diagram of an SCV will be analyzed as a case study. It is designed to generate the heat 
needed to vaporize the LNG flow, as shown in Figure 6 (Qi et al., 2016). In the SCV, the water 
bath covers the combustion furnace and heat exchange coil. At the base of the water bath, gas 
from the furnace is forced into the water through the flue gas pipe. Thus, the heat exchange 
coil can almost fully absorb the combustion heat of natural gas through the water bath. Flow 
sensors on the inlet and outlet lines can sound low flow alarms in the control room, while 
temperature sensors monitor the temperature of the bath water, which can also activate an alarm 
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under certain conditions. SCVs provide various advantages, such as rapid operations (start-up 
and shut down) and the prevention of ice build-up on tubes. Furthermore, the heat exchange 
medium is water, which is safer than other fluids (Qi et al., 2016). 

 

Figure 6.  Structure of the LNG SCV unit: Element of the SCV 
(P, pressure sensor; T, temperature sensor; F, flow sensor) 

 

       The logical configuration of SCV failure is shown in Figure 7, comprising four different 
parts (as groups of temporal or conventional events): Temporal failure 1, Temporal failure 2, 
Temporal failure 3, and conventional SCV failure. Primary events, namely lightning, flooding, 
sensor failure, and loss of pump, were identified as the root causes leading to the operational 
failure of the SCV. In addition, lightning and flooding were considered basic external events, 
which may sequentially lead to operational failure. The sequential failure events of the 
vaporizer are defined as follows: 

Temporal failure 1: A lightning strike has enough intensity to estimate possible flooding for 
the target area. The number of lightning strikes and flooding are correlated, and a system failure 
occurs. 

Temporal failure 2: Sensor failure occurs first, and lightning strikes second. As long as the 
sensor fails, the system cannot detect the failure and cannot activate ESD. 

Temporal failure 3: Flooding occurs first, leading to a loss of pump. This results in total 
system failure. Failure of sensors in the chemical industry may lead to failure of the overall 
system, as the system cannot take action against the loss and, consequently, damage to the 
environment or the death of employees may occur. These dangers exist not just due to the 
chemicals being handled, but also to the violent force that may occur if there is an explosion. 
Failure of sensors may prevent the safety barrier from detecting any deviation in system 
parameters. The loss of sensor hierarchy is shown in Figure 8. 
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Figure 7.  SCV failure in TFT hierarchy 
 

 

Figure 8.  Sensor failure hierarchy 
 

The remaining part failure detailed in Figure 9 consists of two major parts: Failures 
associated with the valves and those associated with the centrifugal pumps. Six valves are used 
in the system. The failure of valves is described by the voting OR gate, in which the system 
will fail when the k/n value is 5/7. 

 

 

Figure 9.  Remaining part failure hierarchy 
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4. RESULTS AND FINDINGS 

Natural events were integrated into the reliability analysis through the MCS, allowing 
graphical results to be obtained. Based on the MCS estimates, the sequential failures occurred 
as frequently as 27 times, whilst the conventional failure estimate indicated that such an event 
only occurred 2 times over the operational period of 32.4 years.  From Table 3, it can be noted 
that Sequential failure 2 contributed significantly to the overall failure probability of the unit. 
Sequential failure 2 alone occurred around 14 times over 300,000 iterations. The structure of 
the temporal failure 2 may lead to system paralysis, which means that the system cannot detect 
the failure and then can not activate the ESD system. Sequential failure 1, which is associated 
with flooding, only nine times occurred. Notably, flooding has the capability for serious 
consequences that are more severe than those in other events, as flooding may lead to drift 
debris, rigid items, or floating debris, increasing the lateral force s on a total unit (Seo et al., 
2020), Sequential failure 3 which is associated with flooding and loss of pump contributed only 
four times, giving the lowest percentage of system failure probability. Excessive water may 
cause power outages or damage, leading the pumps to not operate properly, which is the most 
common cause of pump-related damage. Assuming the installation of this facility in the 
Selangor area, it will encounter an average of 19 lightning strikes per hour; however, it has 
been concluded that only negatively charged lightning may lead to possible hazards (Hassan, 
et.al  2011), regarding the vaporizer. 

Table 4 presents the time-to-failure for the LNG SCV. As a result of MCS, system failure 
time samples could be tabulated. Eleven samples of failure timing were taken to obtain the 
Weibull parameters for the vaporizer system, where the Method of Moments was used to 
estimate the Weibull parameters.  

Based on the MCS estimation conducted in this study, the scale (α, h) and shape (β) 
parameters of the Weibull distribution for the SCV were 76,898.13 h and 1.148517, 
respectively. 

We could determine the Reliability and Reliable Life of the vaporizer system; for example, 
if the reliability of a unit at 42,000 h is 60%, then the Reliable Life for 60% Reliability would 
be 42,000 h. 

SCV sequential (temporal) failure consists of three parts: namely, sensor failure, external 
events, and loss of discharge (pump). The reliability graph for the onshore terminal SCV is 
provided in Figure 11, for which dynamic simulation based on working time was conducted. 
Through the simulation analysis detailed above, the relevance of the system components to the 
overall reliability was further studied. As a result, the combined effect of flooding and lightning 
on the total system failure is depicted on the reliability graph. 
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Table 3.  Vaporizer sequential failure probability table (/hour) 
 (LOD, Loss of Discharge; LS, Lightning Strike; SF, sensor failure) 

 Events 
Sequential 

Fail. 1 
Sequential 

 Fail. 2 
Sequential  

Fail. 3 
Conventional 

 Failures 

 LS◄FL SF◄LS Fl◄LOD 
Conventional  

failure  

 3 × 10−5 4.6 × 10−5 1.3 × 10−5 6.6 × 10−6 

Percentage in 
total failures (%) 

31.25 47.9 13.5 6.8 

Total frequency  9.6 × 10−5 (/h) 

 

Table 4.  Time to system failure for 11 samples 

Sample 1 2 3 4 5 6 7 8 9 10 11 

Time to 
failure (h) 

9949 25,533 61,239 34,045 198,565 13,253 77,247 37,928 69,324 96,681 181,564 

 

5. ETA EVALUATION AND FINDINGS 

Sensor system and lightning strike probability depend on ESD system reliability. Weibull 
distribution behavior was assumed for the system's failure frequency as the ESD system's 
components are made up of both repairable and non-repairable equipment. Equation displays 
the associated parameters, which were determined by estimating the system's dependability 
function using the Weibull distribution method. After simulation, 

. α=21761, β=0.7, 𝑅(𝑡) = 𝑒
ିቀ

ఴళలబ

మభళలభ
ቁ

బ.ళ

,    𝑡 > 0,      R=0.60                                        (10) 

is obtained. 

The reliability of the parallel redundant system (RR) for the ESD was recalculated according 
to the following: 

RR(D) = R1+R2-R1R2 = 0.6+0.6 – 0.6*0.6 

=1.2-0.36=0.84                                                    (11) 

The probability of failure in demand (PFoD) for the redundancy system for the ESD 
(PR(D)’) is 1- 0.84 = 0.16. 

An instantaneous release that is ignited immediately in a stationary installation has a chance 
of 0.7 and can result in BLEVE (Boiling liquid expanding vapor explosion) and a fireball, or 
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early pool of fire. It is possible to assume that a delayed ignition of an unconfined vapor cloud 
may be treated as two distinct events: a pure explosion with a probability of 0.6 and 0.4, 
respectively, and a flash fire that might possibly involve a pool fire, depending on the 
circumstances (van den Bosch & Weterings, 2005), presented on Figure10 and Table 5. Simply 
wind direction ¼ is taken. Temporal failure 2 is taken as an initiator. 

 

Figure 10.  ETA configuration 

Table 5.  ETA frequency calculation table 

CONSEQUENCE IMMEDIATE 
IGNITION 

(PER HOUR) 

DELAYED 
IGNITION 

(PER HOUR ) 

Pool fire 4.05x10-7 
 

- 

Flash fire - 3.5x10-6 

Explosion - 2.34x10-6 

Wind direction 25% 25% 

Total failure 
frequency 

1.56x10-6 

 
While total system failure frequency is taken for ETA negative consequence probability,  
it  becomes 3.25x10-6 (/h) 

 

 

6. CONCLUSIONS 

This study aimed to conduct a total system failure simulation for an SCV in the chemical 
process safety area, allowing for the assessment of the system’s reliability. Sixty percent of the 
reliability value takes 42.000 hours, approximately five years in the total period of time, as can 
be seen in Figure 11. It is important to note that preventive actions are not considered. 
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Figure 11.  Vaporizer reliability graph: Reliability vs Time (hours). Note: 300,000 hours 

 

 We proposed a novel dynamic risk analysis approach that combine two natural phenomena 
(i.e., lightning and flooding) into the temporal fault tree analysis, as well as integrating the 
temporal correlation between these phenomena. Notably, conventional methods are not capable 
of detecting such failures. The obtained reliability and Weibull parameters of the system were 
more precise and closer to real system parameters.  

This idea can be further applied to the climatology and hydrology fields, which are beyond 
the scope of this study. Our case study was applied to Selangor prefecture in Malaysia, but this 
unique approach can be applied to other locations that are prone to natural disasters (i.e., 
tsunamis, hurricanes, and earthquakes). 

ETA is a strong instrument that will pinpoint every outcome of a system that has a chance 
of happening following an initiating event as results of the simulation and relevant calculation 
frequency of the catastrophe consequence for temporal failure 1.56x10-4  (/h) are obtained. 
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