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Abstract 

Dealing with hazardous environments such as hydrogen poses considerable risks to property, people, and the 

environment. Leak frequency analysis is a method of understanding the characteristics of risks at hydrogen 

refueling stations (HRSs). This paper proposes leak rate estimation using time-based evaluation methods that 

utilize historical HRS accident information. In addition, leak frequency estimates from another two methods (non-

parametric and leak-hole-size) were examined. In the non-parametric approach, the leak frequency is estimated 

based on a Bayesian update. The results from these three approaches are summarized to understand the trend of 

leak rate data. The leak rate data from the time-based method displays a similar trend to the leak size based method. 

However, the non-parametric method tends to be conservative due to high failure observations (new evidences) 

during the Bayesian update. Finally, the unrevealed leak time was calculated as a function of the leak frequency. 

The quantitative insights of this study can be used to set performance standards for the availability and reliability 

in the operation and maintenance of HRSs. 

 

Keywords: Leak frequency, unrevealed leak time, hydrogen refueling station, time-based model, Bayesian 

update 
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1. Introduction 

Hydrogen refueling stations (HRSs) are a key infrastructure in the fuel supply chain for fuel cell vehicles 

(FCVs). Several hundred stations have been planned worldwide for implementation before 2020 (IEA, 2015). 

Because pressurized hydrogen is used in FCVs that require sufficient cruising distance, a large amount of 

pressurized hydrogen is stored at HRSs. Moreover, there are risks associated with the pressurized hydrogen 

stored at HRSs. When an accident occurs with respect to the high-pressure gas, a notification report should 

be submitted to the prefectural governor or police official as per the High Pressure Gas Safety Act (KHK, 

2015). Accident information such as hydrogen leakage at an HRS is available in the high-pressure gas 

incidents database of The High Pressure Gas Safety Institute of Japan (KHK, 2012). This database contains 

a compilation of high-pressure gas accidents, including accident information for HRSs. It also provides 

information on which facility tends to fail and on the accident count over the years. Considering the accident 

statistics of natural gas stations, there are concerns that HRS accidents may increase as more HRSs are 

implemented in the future. 

 

It is well known that there is a possibility of abnormal events occurring due to increased activities and 

operations performed at the HRS. As HRSs store and dispense hydrogen at relatively high pressure, they are 

controlled by the aforementioned High Pressure Gas Safety Act. This Act defines “accident” as follows: (i) 

Explosion, (ii) Fire, (iii) Leak, (iv) Degradation, and (v) Others. In legal terms, explosions, fires, spouting 

or leaks, rupture or damage, and loss or burglary are defined as “accidents” (Yamada et al., 2015). For 

example, a minor leakage at an HRS is recognized as a reportable accident. In the case of hydrogen fuel, 

even a small leak in a confined space can potentially lead to a catastrophic event. Most accidents at HRSs 

are due to hydrogen leaks. In fact, almost all accidents at HRSs reported in the database are hydrogen leaks 

(KHK, 2012). In this case, the accident rate can be considered to be almost equivalent to the leak rate. In this 

study, the “leakage or leak rate” refers to an “accident”, as defined in the High Pressure Gas Safety Act. 

 

In the general quantitative risk assessment (QRA), risks are calculated from the impacts and frequencies of 

leak scenarios. The failure (leak) rate estimation is a key component of QRA. However, hydrogen failure 

data for QRA is extremely limited. One possible solution for this is to use generic failure data from public 

or commercial facilities, such as nuclear power plants, chemical plants, and offshore platforms (Redbook, 

1997). Casamirra et al. (2009) used fault tree analysis (FTA) to determine the occurrence frequency of 

accidental scenarios based on generic failure data. Another solution is to employ a Bayesian statistical 

approach to estimate the failure rate from a limited data source. 

 

Sakamoto et al. (2016) carried out a qualitative study on leakage-based analysis of accidents in Japan. In 

their study, leakage was classified based on the components and cause of accident. One of the characteristics 

of HRS accidents in Japan is that a high percentage of leak accidents occur at pipe joint sections. Because 

there are many joints and seals in a hydrogen refueling station, and the station’s hydrogen compressor 

produces mechanical vibrations, small leaks from joints and seals are a major concern at HRSs. The results 
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revealed that the main cause of leakage among flanges, valves, and seals is screw joint failure. Leakage 

associated with the filling hose and dispenser is mainly due to human error. Although their study makes an 

important contribution to leakage analysis of HRSs, it is limited to only a qualitative assessment of the 

leakage analysis. 

 

The leak frequency of HRSs has been reported by several researchers. One of the ways to estimate leak 

frequency is based on the hole size. LaChance et al. (2009) developed a Bayesian model for leak frequency 

in various components used in HRSs. The leak frequency is assumed to be a function of the fractional flow 

area of the leak. The leak frequency was estimated as a function of leak size, which is the ratio of the leak 

area divided by the total cross-sectional flow area. For a leak area of 0.1% of the total flow area, the 

corresponding system leakage frequency would be 0.03 per year and 0.06 per year for the 20.7 MPa and 

103.4 MPa systems, respectively. Since even a small leak from joints and seals are a major concern at HRSs, 

most leak failures can be classified as a very small leak with leak area of 0.01% of the total flow area. When 

the leak area is 0.01% of the total flow area, the system’s leak frequency would be 0.2 per year. 

 

A more traditional approach to leak frequency estimation is provided in the Dutch Redbook model (Redbook, 

1997). The model employs a non-parametric approach using the Nelson–Aalen estimator. By using a non-

parametric approach, the leak rate can be estimated as a function of the number of fillings in the HRS. The 

relationship between the cumulative hazard and the number of fillings should be understood and equated to 

calculate the leak rate of the system. The method developed is quite generic, and is often implemented in the 

oil and gas industry where more traditional approaches using constant failure rates are widely adopted in 

leak and failure analysis. However, the characteristics of HRSs are different from those of the oil and gas 

industry. For example, in the oil and gas industry, accidents can occur due to a wide range of causes resulting 

in leaks, toxic effect, fire, and/or explosions. However, in HRSs, fire and/or explosions are not observed on 

a large scale. As mentioned earlier, leakage is a major event in accidents reported in HRSs. 

 

Some advanced probabilistic models have been employed by some researchers to quantify the risks caused 

by leaks. Khalil (2017) employed a state-of-the-art visual flowchart methodology to develop a probabilistic 

model that can quantify occupational risks of fire and explosion events initiated by leaks that ignite within 

enclosed spaces. The functionality of this proposed model was demonstrated by a HRS case study in which 

gaseous hydrogen leaked from the compressor system. The application of various existing techniques for 

leak modelling is restricted due to the scarcity of data. The issue of scarce data is modelled using a precursor 

data and hierarchical Bayesian methodology (Yang et al., 2013, Gheriani et al., 2017). 

 

The Bayesian network has been widely used in important fields involving safety assessments. A related study 

focused on an estimation method for accident rates calculated for equipment failure of a nuclear power plant 

(in Japan’s nuclear probabilistic risk assessment). Japan Nuclear Technology Institute introduced the 

Bayesian method to enable updates to the uncertainty width of failure rate with data storing, which had a 
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fixed value until then (JNTI, 2009). This method is still used in the latest report (JNTI, 2016). This latest 

report considers the failure rate to be constant over time and the probabilistic variance is updated by new 

data. In addition, the observation probability {p} is taken into account in the nuclear report for failure rate 

estimation. 

 

Focusing on the HRS operation time from its start may reveal characteristics of leak occurrence. In other 

words, collecting data about leaks from the past will allow better understanding of the trend in the possibility 

of leaks by identifying its operation time. Under such circumstances, time-based evaluation is important. 

Studies have been performed on HRS accidents or leak frequency by organizations such as Sandia National 

Laboratories (LaChance et al., 2009). However, only a few studies have been conducted on the time series 

effect. This is one of the reasons why the operation time is given more importance and is discussed at length 

in this paper. 

 

 

Fig. 1 summarizes various methods that are currently adopted in the leak frequency estimation of HRS. The 

leak-rate estimation methods can be classified as follows: 

1. Qualitative method 

a. Leakage-type-based analysis (Sakamoto al., 2016) 

2. Quantitative method 

a. Leak-hole-size method (LaChance et al., 2009) 

b. Non-parametric method (Redbook, 1997) 

c. Time-based method (this paper) 

Note: All of the above quantitative methods employ Bayesian update for leak data evaluation 

 

In this study, the models described above are analyzed to identify trends. Failure and operating data of HRSs 

are collected and analyzed in detail to estimate the leak rate using frequency (time series effect) and Bayesian 

based evaluation methods. The results will describe trends in the leak rate: whether they increase or decrease 
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over operation time, or whether they are peaking and declining. Leak frequency estimations from various 

methods are examined with the present method to understand the different ways of modelling leak frequency. 

The algorithm based model implemented through statistical interpretation and WINBUGS tool provides a 

new way of dealing with accident data in safety and risk management. The study results will help asset 

managers make an engineering judgement on the appropriate leak rate data of systems. 

 

In addition, unrevealed leak time is calculated as a function of leak rate and inspection interval. Unrevealed 

leak time is one area within safety and risk management of hydrogen stations that has not yet been addressed 

in any research paper. The authors believe that in addition to process safety time, unrevealed leak time is an 

equally critical parameter that needs to be considered in the engineering safety designs. It determines the 

time period when the leak exists at the installation due to an unrevealed leak failure. This is considered to be 

an important characteristic of HRSs. The quantitative insights of this study can be used to set performance 

standards for the availability and reliability of safety critical systems, such as leak detectors, during the 

operation and maintenance of the HRS. 

 

2. Leak data evaluation at HRSs based on operation time 

In this case, the number of accidents (leaks) at an HRS over time was determined from the start of its 

operation. The term “leak rate” is used in this paper in reference to the accident occurrence per unit time per 

HRS. “HRS operation start” denotes the start of HRS operation used in either test research or commercial 

operation. The operation start time of the HRS does not include the construction time of the HRS 

infrastructure. “Through operation time” indicates that the data is treated with the time elapsed from the start 

of operation. The accident count is based on the events listed in the high-pressure gas incidents database of 

The High-Pressure Gas Safety Institute of Japan (KHK, 2012). Operation time is the period between the 

operation start month and the accident occurrence month. In this paper, a “month” signifies a unit of time 

measurement. 

 

Kodoth et al. (2018) has already collated data based on the events listed in the high-pressure gas incidents 

database (KHK, 2012) to determine the data uncertainty in accident rate estimation. The same data will be 

referred to in this paper, because the data source is common to both studies. In total, 26 accidents were 

reported for these HRSs. The data source is limited to 35 MPa and 70 MPa systems. The original data 

contains information on when the station operated and when an accident happened for each HRS. The length 

of time that elapsed from the operation start time to the accident occurrence is calculated using these data. 

Although the starting periods differ among the stations, they are assumed to be the same point for accident 

analysis. The unit of time is “month”. The accident count for each month is estimated as “[Event count per 

station-month]”. 

 

However, the data collated from the database by Kodoth et al. (2018) contain many no-accident months. The 

statistical model that will be introduced in Sections 3.2.1 and 3.2.2, in which the function f(x) describes each 
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month’s accident rate, is not suitable for the original data, which contains many no-accident months. 

Consequently, the input data were modified as follows: if the first accident occurred in the second operation 

month, it is distributed evenly over the first and second operation months, resulting in the input accident 

count for each month being 0.5 [event per (station-month)]. In brief, the number of accidents in an operation 

month is divided by the length of the non-accident period starting from the earlier accident and is estimated 

as the average accident input data over the period. 

 

The converted input data are shown in Fig. 2. A relatively large value for the input data corresponds to 

accidents in rapid succession, whereas a relatively small value for the input data corresponds to accidents 

occurring over a long period. Although the data presented in Fig. 2 are similar to the original data collated 

by Kodoth et al. (2018), note that there is no zero-accident month in Fig. 2. This paper emphasis lack of data 

treatment and re-organizing them to make it suitable for the model. 

 

3. Methods for Estimation and Interpretation of Leak rate 

In this section, two statistical models (Lognormal and Weibull) are applied to the time series station events 

data in order to understand their characteristics. As each model has a different application, suitable care 

should be taken to apply the correct model to the data. 

 

3.1 Flow of accident rate analysis as a function of time 

The flow of accident rate analysis by function of time is shown in Fig. 3. The analysis flow is divided into 

the two parts. Part 1 is related to organizing data in the format suitable to the model. The input data (referring 

to accident data in Fig 2) is analyzed by operation time (mean). Input data is given as an input to Part II. Part 

II performs statistical analysis based on the model described in Section 3.2. The output from the model is 

the posterior data. 

1. Part I: Input data preparation for statistical analysis software - Data processing is needed in accident 
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analysis using either the log-normal function or the Weibull function of time. The prior distribution for 

the dataset is represented in Fig.2. The prior (input) data reported is given as an input to the model. 

 

2. Part II: Statistical analysis using WINBUGS software (Ntzoufras, 2009) - Using the prior (input) data, 

the accident rate for each month is estimated. The model in WINBUGS is written in a series of 

commands as shown in Appendix. 

 

Fig. 3. Flow of analysis using the log-normal function or Weibull function of time. 

 

3.2 Estimation of leak rate based on time function 

In the early stages of a hydrogen station’s operation, human factors can cause accidents because workers 

may not operate or maintain the system well, and this may cause frequent accidents. During the intermediate 

stages of the operation, equipment component failures may cause leaks. Thus, the leak rate can be considered 

to be variable. This is similar to the bathtub curve used in reliability engineering. It is intuitively supposed 

that when computing leak data, as shown in Fig. 2, the result of the early operation period is reliable, but the 

estimation of the late operation period is not very convincing. The conditionally autoregressive (CAR) model 

described in Kubo (2014), which is often used to describe spatial correlations, is suitable for application to 

these data (Barua, 2014). 

 

It should be noted that the question is not whether the leak rate is constant. Perhaps, the method of estimation 

and modelling of the leak rate leads to the differences. The non-parametric method presented in Redbook 
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treats “leak rate” as a constant value. However, the leak rate under certain conditions can change with time, 

which will not be taken into account in that method. If the constant value is sufficiently appreciated, time 

series analysis need not be conducted. To estimate the leak rate change over time, two time-based methods 

are adopted in this paper. Both methods use statistical models to describe the leak rate as a function of time 

(NIST, 2012). 

 

3.2.1 Leak rate description by function of time: A log-normal function 

First, a log-normal function is introduced that models the time-changing leak rate. The variable has a log-

normal distribution if the logarithm of the variable follows the normal distribution. 

 

The probability density function for log-normally distributed positive x is shown in Eq. (1): 

 
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where, 

µ - the log-normal distribution mean value parameter 

σ - the log-normal distribution standard deviation parameter 

x – a positive random variable 

 

The accident rate f(x) is described by multiplying the function in Eq. (1) by a coefficient a: 
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In Eq. (2), coefficient a is multiplied by the original distribution. The operation time and leak rate correspond 

to x and f(x), respectively. A detailed explanation of the estimation is presented in Appendix A. 

 

3.2.2 Leak rate description by function of time: Weibull function 

Weibull distribution can take a more flexible shape of a graph than the log-normal distribution, even a nearly 

constant one. In this case, estimation is conducted with the Weibull function instead of the log-normal 

function. The probability density function for Weibull distributed positive x is shown in Eq. (3): 
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where, 

α - Weibull distribution shape parameter 

β - Weibull distribution scale parameter 

x – Positive random variable 

The equation applied to estimate the leak rate using the Weibull function model is shown below: 
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This is the function in Eq. (3) multiplied by coefficient a. As in Eq. (2), operation time and leak rate 

correspond to x and f (x), respectively. A detailed explanation of the estimation is presented in Appendix B. 

 

4. Results and Discussions 

4.1 Leak rate estimation by time function: log-normal function 

The result of leak rate estimation via the log-normal function is shown in Fig. 4. Although the estimated 

values are individual points for each month, they are represented using a smooth curve, as shown in the 

figure. 

 

The horizontal axis in the graph of Fig. 4 is the operation time from the beginning of the HRS. The vertical 

axis is the leak rate, i.e., the average number of accidents per station per month. In the graph legend, the 

expected value of the estimate (shown in black) is the value that the leak rate is expected to follow, and the 

95% interval is the range within which the leak rate is likely to lie with a 95% credibility. For example, from 

the graph, the estimated 10th operation month’s expected value of leak rate is 0.0194 [event per (station-

month)]. In addition, because the lower bound of the 95% credible interval in the 10th month is 0.01336 

[event per (station-month)] and the upper bound is 0.0284 [event per (station-month)], there is a 95% 

probability of the leak rate having a value between these two bounds. As shown in the graph, the peak of the 

expected value of estimation falls on the 10th and 11th month. The leak estimate of 0.0132 [event per (station-

month)] is estimated by the lognormal type function. This equates to 0.16 leaks per year. 

 

4.2 Leak rate estimation by time function: Weibull function 

The result of the Weibull type function estimation is shown in Fig. 5. The input data used are the same as 
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that for log-normal function estimation. As with the log-normal curve, this estimation resulted in a smooth 

curve for the overall time. 

 

From Fig. 5, it can be observed that the expected value of estimation is virtually constant. Compared to the 

log-normal distribution, Weibull distribution’s form is flexible in accordance with the parameter value. Thus, 

the steady result may suggest that the leak rate does not increase or decrease gradually but has a virtually 

constant value. It should be noted that the selected input data might have an impact on the expected value 

estimated as there are many periods with equal input data, for example, the data from the 5th to the 19th month. 

Processing of the input data may affect the result. A leak estimate of 0.0134 [event per (station-month)] is 

estimated by the Weibull type function. 

 

4.3 Total leak rate estimation using a non-parametric approach with the Bayesian update 

A non-parametric approach was employed by Kodoth et al. (2019) to estimate the failure data of the HRS. It 

adopted a non-parametric analysis to estimate the leak frequency as a function of the number of fillings using 

JHFC data for 35 MPa systems (JHFC, 2011). To be consistent with the time-based approach, the non-

parametric failure analysis results for the 35 MPa systems will be used as the initial data and succeeded by 

the Bayesian update approach for the 70 MPa systems. This solution can help engineers to deal with data 

transformation from old system (e.g. 35MPa system) to new system (e.gg. 70 MPa system) when data is 

extremely limited. Bayesian update is used to update the initial failure information and provide updated 

failure data based on new observations and evidences. This study employs the Bayesian update in accordance 

with the Dutch model (Redbook, 1997). The probability density function of gamma distribution takes the 

form, 

𝑓(𝑥) =
𝛽𝛼

Γ(𝑥)
𝑥𝛼−1𝑒−𝛽𝑥   for 𝑥 > 0                                                        (5) 

Here, α and β of the parameters can be determined by the mean and variance of the prior failure rate. 
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𝛼 =
𝐸(𝜆)2

𝑉(𝜆)
                                                                           (6) 

𝛽 =
𝐸(𝜆)

𝑉(𝜆)
                                                                      (7) 

The total failure rate 𝐸(𝜆) of 6.7 × 10−4 per day and its variance 𝑉(𝜆) of 6.0 × 10−8 per day estimated 

from Kodoth et al.’s (2019) findings will be used as prior knowledge in the Bayesian update. Substituting 

these figures in Eq. (6) and Eq. (7), the initial values of α and β are calculated to be 7.48 and 11166, 

respectively. Bayesian update is performed by calculating the parameters of posterior distribution, α’ and β’ 

based on new observations summarized in Table 1. The parameters can be updated as follows: 

𝛼′ = 𝛼 + 𝑛𝑓                                                                           (8) 

𝛽′ = 𝛽 + 𝑇𝑠                                                                          (9) 

 

Here, nf is the number of failures and Ts is the observed time. By using Eq. (6–9), the posterior distribution’s 

mean and variance can be obtained from the updated parameters. Table 1 summarizes the number of 

accidents in the 70 MPa stations based on new observations. The observed time and number of leaks are 

collected from January 2011 to December 2015 extracted from the literature (KHK, 2015). 

 

Table 1. Accidents in the 70 MPa hydrogen refueling stations in Japan from 2011 to 2015 

 

 

 

 

 

 

 

 

 

Table 1 shows the updated leak rate and its variance for each station. Since the number of leaks for each 

station is one or two, Bayesian update depends on the prior distribution. When the total number of leaks and 

observed time are used as specific data for the 70 MPa stations, the updated leak rate is 1.1×10-3 per day, 

which is about twice the leak rate estimated from other methods.  

 

4.4 Summary of results from three methods 

The results from time series method can be verified with those of the other two methods to make an 

engineering judgement on the leak rate estimation. The obtained results are summarized as follows: 

1. Time-based method: The leak rate follows lognormal distribution with a mean value of 1.84×10-5 per 

hour. The estimated leak rate as a function of time is 0.16 per year. 

2. Non-parametric (Bayesian) method: The leak frequency is estimated from failure data by means of 

ID 
Observed  

time [days] 

Number of  

leaks 

Leak rate [day-1] 

E(λ) V(λ) 

1 30 2 8.4×10-4 7.5×10-8 

2 50 1 7.5×10-4 6.7×10-8 

3 11 2 8.4×10-4 7.5×10-8 

4 409 1 7.3×10-4 7.0×10-8 

5 126 1 7.5×10-4 6.6×10-8 

6 2374 2 7.0×10-4 1.0×10-8 

7 1678 1 6.6×10-4 5.1×10-8 

8 1585 2 7.4×10-4 5.8×10-8 

9 71 1 7.5×10-4 6.7×10-8 

Sum. 6334 13 1.1×10-3 6.6×10-8 
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Bayesian update. The total leak rate using the non-parametric approach is estimated to be 1.1×10-3 per 

day, which is equivalent to 0.42 per year. This value is conservative and almost twice the leak rate 

compared to the results from other two methods. It should be noted that the initial data used in this 

approach and time based method is same however, the evidence (posterior data) of 70MPa for bayesian 

update is different from the time-based method. Based on the evidence, the result can vary by small to 

large margin. 

3. Leak-hole-size method: The observed failure data (collated from the JHFC project report) is associated 

with leaks from threaded joints and seals. Under such conditions, it is assumed that the failure rate is 

equivalent to the leak frequency. Most of the failures are classified as “very small leak” of which the 

leak area is 0.01% of the total flow area, and the system frequency can be estimated to be 0.20 per year 

in line with the study by LaChance et al. (2009). 

 

5. Unrevealed leak time forecast based on Leak Frequency Estimation 

In general, an odorant is added to the gas (such as natural gas), to make it easy to detect leaks. However, 

pure hydrogen is used for FCV and it is not easy to detect a hydrogen leak. Then, the sensors used to detect 

hydrogen are used to detect leaks. Unrevealed leaks can occur at HRSs. There are two possibilities for 

hydrogen leak: either the leak will be detected by the hydrogen leak sensor within the inspection interval or 

the leak will not be revealed until the next scheduled inspection interval, as shown in Fig. 6. Based on these 

two possibilities, the parameter of interest from a safety point of view is unrevealed leak time. 

 

 

 

  

 

 

 

 

 

 

 

 

Fig. 6. Inspection cycle for revealed and unrevealed leaks 

 

For unrevealed failures, the failures become obvious only after regular inspection. Unrevealed leak time is 

the difference from the point when the unrevealed leak occurs and the next inspection time. Failure 

probability is the measure of unreliability of the installation. The unavailability is the downtime of the 

process when the sensor detects the leak resulting in station shutdown. 

Leak occurs 

                         𝑡𝑈𝐿           

 

 
Failure not noticed  
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𝑡𝑈 
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in case sensor does not  

detect the leak 

Unavailability in case 
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𝑡𝑖 
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tu = period of unavailability 
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Unrevealed leak time based on leak rate estimate 

Using the leak estimate per station-month given by the lognormal type function from the previous section, 

the unrevealed leak time 𝑡𝑈𝐿 is obtained from the failure (leak) rate 𝜆 and inspection interval 𝑡𝑖. 

𝑡𝑈𝐿 = ∫ 𝜆(𝑡𝑖 − 𝑡)𝑑𝑡 =
1

2
𝜆𝑡𝑖

2 
𝑡𝑖

0
                                                          (10) 

    

The leak rate estimated value from the previous section is used as a basis for 𝜆. The unrevealed leak time 

forecast based on leak rate estimation and inspection interval is presented in Table 2. 

 

Table 2. Unrevealed leak time forecasts based on leak rate and inspection interval 

Methods Leak Rate (per year) Inspection Interval Unrevealed leak time  

Log-Normal (time-based) 0.16 Daily  19.08 s 

Weibull (time-based) Monthly 17043 s 

Non-parametric Analysis  0.42 Daily  49.70 s 

Monthly 44738 s 

Leak-Hole-Size Approach 0.20 Daily  23.67 s  

Monthly 21304 s 

 

The unrevealed leak time is directly proportional to the leak rate and inspection interval. For example, in the 

case of the time series method, when the leak rate is 0.16 per year and the inspection interval is 24 h (daily 

inspection), the unrevealed leak time is 19.08 s. It means that hydrogen sensors are required to detect minor 

leaks at short intervals to reduce the unrevealed leak time. The unrevealed leak time using the non-parametric 

approach is estimated to be 49.70 s, which is conservative and almost twice the value compared to the results 

from other two methods. Perhaps this is due to the influence of evidence posterior data used in the non-

parametric method for 70 MPa system. In leak hole size method, most of the failures are classified as “very 

small leak” of which the unrevealed leak time is estimated to be 23.67 s, which is significantly lower than 

the non-parametric method. In addition, for each method, the unrevealed leak time can increase drastically 

if the inspection interval is moved from daily to monthly routine. All these factors should be taken into 

account during the leak rate analysis and design of hydrogen sensors. The leak rate and unrevealed leak time 

data estimated with respect to inspection test in the paper can provide useful insights to engineers working 

in the reliability quantification of hydrogen energy system. 

 

6. Conclusions 

This paper examined the manner in which the leak rates are modelled using various methods. A time-based 

Bayesian estimate method was proposed, in which leak rates were modeled using operating time data on 

HRSs. One of the main results is that for the log-normal and Weibull models, the leak rate changes according 

to the time function. Parameters for the two statistical models were determined based on a Bayesian update. 

Even if accident events are rare, two statistical models can provide a range of leak rates as a function of time. 

The results from the time series method were then examined with other two methods to make an engineering 
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judgement on the leak rate estimation. 

 

To summarize, the leak rate is estimated to be 0.16 per year, 0.20 per year, and 0.42 per year based on the 

time-based, leak-hole-size, and non-parametric methods, respectively. It can be observed that even though 

the values do not exactly match, there is no large margin between the results obtained by the time-based and 

leak-hole-size methods. However, the leak rate obtained from the non-parametric method is the most 

conservative among the three. Perhaps, this is because of the more frequent failures observed in the new 

evidences for the 70 MPa system. The leak rate data from the time-series method shows a similar trend with 

the non-parametric and leak-hole-size method. The asset manager can select appropriate leak rate data based 

on the accident data and method availability. One of the possible solutions is to consider a conservative value 

for the design, in which case, the non-parametric model leak rate of 0.24 per year can be used. The base 

value selected can be used in design to set performance standards for the availability and reliability in the 

operation and maintenance of HRSs. 

 

Unrevealed leak time was assessed from the estimated leak frequency. It can be concluded that if the leak 

rate is estimated to be high, the inspection interval should be more frequent to reduce the unrevealed leak 

time and increase the process safety. The unrevealed leak time can be used to the specification of hydrogen 

sensors to detect leaks of hydrogen. This will ensure the component and process both meet the requirements 

in the performance standard, leading to increased process safety in HRSs. 
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Appendix 

Appendix A. Detailed explanation of estimation using a log-normal time function  

This appendix gives a detailed explanation of Section 3.2.1. In order to calculate accident rate over time, 

each parameter in Eq. (2) is estimated to describe the accident data. In Eq. (2), parameters a, σ, and μ are 

considered random variables. Bayesian statistics estimate a parameter’s value by updating its distribution by 

some data; thus, each parameter is first given prior distribution. If prior information is available about these 

parameters, the prior distribution reflects this information and is usually called “informative prior” (e.g., 

(Bedrick, 1996)). In contrast, when there is no prior information, prior distribution with little information 

(e.g., normal distribution with mean zero and variance 104) is used as a “non-informative prior.” In this case, 

no prior information is available, and thus, a non-informative prior is used.  

 

The value for each parameter was estimated using the Bayesian statistics supporting software WinBUGS. 

To calculate the posterior distribution by updating the prior distribution with the accident data, WinBUGS 

uses Markov Chain Monte Carlo simulation, and it needs an initial value for each parameter. An appropriate 

initial value was chosen by judgement or automatically selected by software, and it was checked for 

calculation errors.  

 

For this estimation, the following Bayesian model is introduced. Note that other methods such as least 

squares fitting can also suffice and so there is no special reason to use the Bayesian model. However, using 

the Bayesian model often enables complex modeling and utilization of other information in addition to the 

observed data. The time-series accident rate is described by following logical relationship: 
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where, 

𝜆𝑗: expected value of accident rate for the jth month 

a: coefficient 

σ, μ: parameters of the log-normal function 

tj: jth operation time 

j: index of the operation time 

 

Each month’s accident rate is considered as a random variable following the log-normal distribution below: 

λj ~ LN(μ2, j,τ)      (A2) 

where, 

λj: accident rate of the jth operation time tj 

LN(μ2, j,τ): log-normal distribution with mean μ2, j and inverse square of standard deviation τ 

µ2, j: expected value of the log-normal distribution of the accident rate for the jth operation month 
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τ: inverse square of the standard deviation of the log-normal distribution 

 

To connect Eq. (A1) and (A2), the relation between parameter µ2, j and the expected value of accident rate 

𝜆𝑗 is utilized as follows: 

 



2

1
ln,2  jj       (A3) 

Prior distribution (“non-informative prior”) of each parameter is set as follows: 

a ~ Gamma(1,1) 

τ ~ Gamma(1,1) 

σ ~ Unif (0,10) 

μ ~ Unif (0,10) 

where, 

Gamma(a,b): gamma distribution with shape parameter a and rate parameter b 

Unif (a,b): uniform distribution with lower bound a and upper bound b 

Using this statistical model and the accident data, the accident rate was estimated as shown in Fig. 4. 

 

Appendix B. Detailed explanation of estimation using a Weibull time function 

This appendix gives a detailed explanation of Section 3.2.2. It differs from Appendix A in its description of 

the time-series accident rate and each parameter’s prior distribution and initial value, but the flow of 

modeling and estimation are virtually the same as in Appendix A. Firstly, the time-series accident rate is 

described by following logical relationship: 
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where, 

𝜆𝑗: expected value of the accident rate for the jth month 

a: coefficient 

α, β: parameters of the Weibull function 

tj: jth operation time 

j: index of the operation time 

 

Each month’s accident rate is considered as a random variable following the log-normal distribution below: 

λj ~ LN(μ2, j,τ)      (B2) 

where, 

λj: accident rate of operation time tj 

LN(μ,τ): log-normal distribution with mean μ and inverse square of standard deviation τ 

µ2, j: expected value of the log-normal distribution of accident rate for jth operation month 
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τ: inverse square of the standard deviation of the log-normal distribution 

 

To connect Eq. (B1) and (B2), the relation between parameter µ2, j and the expected value of accident rate 

𝜆𝑗 is utilized as follows: 

 



2

1
ln,2  jj       (B3) 

Prior distribution (“non-informative prior”) of each parameter is set as follows: 

a ~ Gamma(1,0.00001) 

α ~ Gamma(0.1,0.00001) 

β ~ Gamma(0.1,0.00001) 

τ ~ Gamma(1,0.00001) 

where, 

Gamma(a,b): gamma distribution with shape parameter a and rate parameter b 

Using this statistical model and the accident data, the accident rate was estimated, as shown in Fig. 5. 


