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Abstract

A probabilistic based systems approach is addressed in this study for the reliability prediction of solid rocket motors (SRM). 

To achieve this goal, quantitative Failure Modes, Effects and Criticality Analysis (FMECA) approach is employed to determine 

the reliability of components, which are integrated into the Fault Tree Analysis (FTA) to obtain the system reliability. The 

quantitative FMECA is implemented by burden and capability approach when they are available. Otherwise, the semi-

quantitative FMECA is taken using the failure rate handbook. Among the many failure modes in the SRM, four most important 

problems are chosen to illustrate the burden and capability approach, which are the rupture, fracture of the case, and leak due 

to the jointed bolt and O-ring seal failure. Four algorithms are employed to determine the failure probability of these problems, 

and compared with those by the Monte Carlo Simulation as well as the commercial code NESSUS for verification. Overall, the 

study offers a comprehensive treatment of the reliability practice for the SRM development, and may be useful across the wide 

range of propulsion systems in the aerospace community.

Key words:  Solid Rocket Motors (SRM), Reliability Analysis, FMECA (Failure Modes, Effects and Criticality Analysis), FTA (Fault 

Tree Analysis)

1. Introduction

Solid rocket motors (SRM) have widely been used in space 

launch vehicles as well as tactical missiles due to its high 

reliability and low development costs. Fig. 1 illustrates a typical 

structure of SRM. They are simple to allow easy operation, 

launch readiness and quick development times. During the 

50 years of SRM history, it has demonstrated a reliability 

(success ratio) of 0.997 [1]. The cost economy of SRM is also 

illustrated in the comparison study of the development cost 

for the liquid propulsion system (LPS) in the Space Shuttle 

[2]. While the solid and liquid portions of the Space Shuttle 

contribute similarly to the total impulse (LPS = 55% and SRM 

= 45%), the SRM costs are $336M, which is far less by over 

500% than $2043M by the LPS. 

SRMs are different from the other propulsion devices in that 

they are inherently single-use devices that cannot be turned 

off once ignited. They are also intolerant of manufacturing 

flaws or changes in operating conditions, especially any that 
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Fig. 1. Schematics of a Solid Rocket Motor 
 

 

 

 

 

 

 

 

 

Fig. 1.  Schematics of a Solid Rocket Motor

(565~578)16-073.indd   565 2017-01-02   오전 5:15:55



DOI: http://dx.doi.org/10.5139/IJASS.2016.17.4.565 566

Int’l J. of Aeronautical & Space Sci. 17(4), 565–578 (2016)

could suddenly increase the total burning surface area. The 

1986 NASA Space Shuttle Challenger (case O-ring seal leak 

at low ambient temperature) is a typical example of SRM 

failures, in which a major factor was the inability to conduct 

probabilisistic design to anticipate and accommodate all 

possible cases that the system can encounter. Another issue 

was the prohibitive cost of demonstrating the reliability 

which requires large number of tests to establish statistically 

significant reliablity values. 240 tests with no failures, for 

instance, are required to demonstrate 0.99 reliability to 

a 90% confidence level if a binomial model is used. With 

these dilemmas in mind, institutions and government 

in the USA have led research efforts to develop a new 

reliability design procedure for the SRM during the 80s and 

90s, which employes the probabilistic design and analytis 

methods. As part of such outcomes, numerous papers have 

been published, most of which emphasize the importance 

of quantitative process in the Failure Modes and Effects 

Analysis (FMEA), Fault Tree Analysis (FTA), reliability 

prediction and verification during the design stage (see e.g., 

ref. [3~5]). Reliability guidebooks for the SRMs have also 

been published by the authorities like Society of Automtive 

Engineering (SAE) on 1996 [6], and Federal Aviation 

Administration (FAA) on 2005 [7], respectively. 

The advantages of the new procedure are highlighted 

by four aspects as shown in Fig. 2. First, the new approach 

accounts for the variations in the burden and capability 

factors in the design, which include material, manufacturing 

and operating conditions. Results are then given by the 

failure probability instead of empirical factor of safety. 

Second, in the new approach, more tests and measurements 

are carried out on the lower level parts than on the higher 

level systems along the hierarchical structure. The purpose 

is to quantify the uncertainty of input factors, not to evaluate 

the output reliability. Systems reliability then results from 

the function block diagram and fault tree analysis. By this 

strategy, the huge cost of test for system reliability can be 

minimized. Third, physics based approach is employed 

wherever applicable to evaluate failure probability, in 

which the mathematical model is established based on the 

fundamental physics and the input variables are represented 

by a distribution rather than a value. This is contrasted 

with the traditional empirical based methods that utilize 

past information given by handbooks in order to predict 

future reliability, which lacks physical interpretation and 

hence is less reliable. Lastly, quantitative information is 

pursued wherever possible as opposed to the traditional 

qualitative approach, which is featured by the quantitative 

and semi-quantitative failure modes, effects and criticality 

analysis (FMECA). If the burden and capability factors and 

underlying physics are available, quantitative FMECA is 

employed. Otherwise, semiquantitative FMECA is employed 
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Fig. 2. Advantages of New Reliability Design Procedure 
 

Fig. 2. Advantages of New Reliability Design Procedure
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based on the engineering judgements but accounting for the 

probabilistic characteristics of the components. 

While the reliability procedures as mentioned above 

have relatively matured in the advanced countries like 

USA and France, the necessity was also recognized by the 

succeeding countries like China and Korea. Numerous 

reports are available in diverse journals published in China 

which proves their vibrant efforts for space explorations (see 

e.g. [8, 9]). Literatures are fewer however in Korea despite 

their national space launch vechicle program [10]. Since 

the first publication for air-launched rocket reliability of 

Mirinae II [11], studies have followed with the topics of the 

system reliability with Bayesian framework [12, 13], stuctural 

reliabililty for composite case [14] and semi-quantitative 

FMECA [15]. Common problems of the publications in 

these two countries are the lack of new findings in academic 

sense due to their late efforts in the community, incomplete 

information due to their classified activities, and most 

importantly, they are written in their own languages. 

In this study, an overall reliability procedure is addressed 

with the aim of quantitative assessment for systems 

reliability of SRM, which largely depends on the probabilistic 

design and analysis methods. Authors believe that this study 

may offer a comprehensive treatment of the reliability 

practice for the SRM development, and may also be useful 

to apply accross the wide range of propulsion systems in 

the aerospace community. The outline of this paper is as 

follows. In section 2, the overall reliability design procedure 

as well as the implementation practice are addressed that 

includes the FMECA and FTA as the tool for the system 

reliability evaluation. In section 3, reliability predictions are 

carried out using various algorithms with varying degree of 

efficiency and accuracy to carry out quantitative FMECA 

for the four important failure modes. The predicted results 

by the algorityms are verified against the crude Monte Carlo 

Simulation as well as those by the commercial code NESSUS. 

Conclusion is finally followed in section 4.

2.  Reliability Design Procedure of Solid 
Rocket Motors

2.1 Overall Procedure

In the complex systems development such as the SRM, 

reliability procedure is utmost important to meet very high 

performance requirements for extreme capability under the 

harsh and unpredictable operating conditions. According to 

the SRM reliability guidebook [6], the overall design steps 

start with the FMECA process followed by the allocation, 

prediction, verification and demonstration as shown in Fig. 

3. In the early stages, more effort is devoted to the allocation/

prediction effort while in the later stages, much more effort is 

concentrated on reliability verification/demonstration. The 

main goal of this study is the reliability prediction, with the 

goal to predict numerical reliability without resort to large 

number of full-scale firings. 

In Fig. 3, the FMECA is to break the system structure from 

the top level down to the individual parts, identify failure 

modes of each parts, examine the cause and effect and 

assess the criticality of each failure mode in order to prevent 

catastrophic failures. Once FMECA is completed, reliability 

is allocated appropriately from the targeted system reliability 

down to every failure modes such that the accumulated 

reliability will meet its target. Several strategies are exploited, 

which ranges from simple allocation based on equal 

reliability assumption, use of historical failure data from 

other SRMs, and the weight factors application based on the 

performance/cost/reliability level. Reliability prediction is 

then carried out to estimate numerical probability of success 

(or failure) for each failure mode based on the burden and 

capability concept. If the resulting reliability differs from 

those of allocation, the design change should be considered. 

There are two strategies: use of the data from past experience 

and the simulation based on the physical understanding. 

Reliability verification is to validate the predicted reliability, 

which consists of quantifying the uncertainty of burden 

and capability factors of individual failure modes by real 

tests and measurements, propagating them to estimate 

their upper level  reliability, and validating the values 

by the corresponding sub-system or full-scale tests. Due 

to the limited test data, the reliabilities are expressed by 

a confidence bounds. As more data are available, more 

confidence is gained on the verified reliability. Reliability 

demonstration is to certify the targeted reliability at the end 

of development based on the binomial count (success or 

failure) of test data. The demonstrated reliability can be used 

in conjunction with a level of confidence that usually states: 

“we are XX% confident that the true reliability is equal to or 
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Fig. 3. Overall Reliability Design Procedure 
 

 

Fig. 4. FMECA Process with Three Stages 
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greater than R”.

2.2 FMECA Process

The FMECA process consists of three stages as given in Fig. 

4. In the first stage, functional breakdown structure (FBS) and 

functional block diagram (FBD) are established for the SRM. 

Then the qualitative FMEA is followed as a preliminary step 

to identify failure mode of the individual part in qualitative 

manner. In the second stage, criticality analysis is added to 

evaluate the reliability in the quantitative way. Depending on 

the availability of burden and capability factors, it undergoes 

the quantitative or semi-quantitative FMECA. The criticality 

of the failure modes is assessed based on the criticality matrix 

as shown in from which those needing corrective actions are 

prioritized. The last stage is to construct FTA and caculate 

system reliability based on the cause-effect relationship 

between the top event and its contributing causes. While the 

FMECA is a bottom-up process that identifies failure modes 

at a component level and examine the effects at higher level, 

the FTA is a top-down process that explores the cause given 

that a top failure event occurred. Details of each stage are 

addressed along with the study results made by the authors 

as follows.

In the first stage, the results of the FBS and FBD of 

our study are illustrated in Fig. 5 and Fig. 6, respectively. 
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Fig. 5. Functional Breakdown Structure of Solid Rocket Motor 
 

 

Fig. 6. Functional Block Diagram of Solid Rocket Motor 
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Fig. 5. Functional Breakdown Structure of Solid Rocket Motor
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The FBS classifies the components based on the systems 

hierarchy from which the failure modes of every component 

can be identified. As a result, the SRM is classified by four 

sub-systems: case, nozzle, igniter and propellant, and 43 

components are identified at their bottom level. The FBD 

describes the operation and inter-relationships between 

functional elements of a system, which is useful to visualize 

the functional make-up and interface boundaries applicable 

to the total system.

The qualitative FMECA is then carried out based on the 

relevant worksheet format for each component as prescribed 

by MIL-STD-1629A [16] and NASA Publication NHB 5300.3 

[17]. In this study, total of 137 failure modes are identified 

out of 43 components. An example is given in Fig. 7 for a case 

structure, one of the components in the case sub-system, in 

which the failure modes, their cause and effect, detection 

method, and proper reactions are listed. More detailed 

explanations of each column are given in [6]. 

In the second stage, the FMECA is implemented by two 

ways. If the burden and capability factors are available as 

shown in the 4th and 5th rows for the failure mode “burst due 

to pressue” in Fig. 7, quantitative FMECA is conducted by 

entering into the specific FMEA link at the right end column, 

which exploits the physics to evaluate failure behavior and 

simulation algorithms to calculate the probability. In this 

approach, proper functions are defined for the burden and 

capability respectively:
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where bX 's and cX 's denote design variables or failure cause factors that are characterized by their own 

probability distributions. Then the burden and capability are also given by distributions as shown in Fig. 8. 

When the two distributions overlap, failure may occur with that degree of probability, which is defined as 

 fP P B C                                                                                                                                        (2) 

An example that illustrates the quantitative FMECA is given in Fig. 9 for the failure mode "burst due to 

pressure." As was mentioned, the burden and capability functions are expressed by their respective input 

variables, which follow certain distributions with their descriptive parameters. As a result, the reliability 

(which is 1 - failure probability) is obtained as 0.9999894. As shown in this example, for some failure 

modes, the functions for the burden and capability are given by simple and closed form expressions, 

which permit simple algorithms such as Monte Carlo Simulation (MCS) to determine the probability. 

There are other failure modes, however, that the functions are so complex and not explicit in terms of the 

input variables. Then more elegant algorithms should be employed for numerical efficiency and accuracy, 

depending on the nonlinearity of the functions and type of distributions of input variables. In this paper, a 

number of algorithms are prepared and tested for several failure modes with varying complexity, and 

these are addressed in the subsequent sections.  

In case the burden and capability are not available, the semi-quantitative FMECA is implemented to 

assess the probability based on the engineering judgements and existing failure rate from the history. In 

practice, many more failure modes are examined by semi-quantitative approach due to the difficulty of 

establishing proper physics based models. In this approach, criticality number is determined by the 

following equation. 
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An example that illustrates the quantitative FMECA is 

given in Fig. 9 for the failure mode“burst due to pressure.” 

As was mentioned, the burden and capability functions are 

expressed by their respective input variables, which follow 

certain distributions with their descriptive parameters. As 

a result, the reliability (which is 1 - failure probability) is 

obtained as 0.9999894. As shown in this example, for some 

failure modes, the functions for the burden and capability are 

given by simple and closed form expressions, which permit 

simple algorithms such as Monte Carlo Simulation (MCS) 

to determine the probability. There are other failure modes, 

however, that the functions are so complex and not explicit 

in terms of the input variables. Then more elegant algorithms 

should be employed for numerical efficiency and accuracy, 

depending on the nonlinearity of the functions and type of 

distributions of input variables. In this paper, a number of 

algorithms are prepared and tested for several failure modes 

with varying complexity, and these are addressed in the 

subsequent sections. 

In case the burden and capability are not available, the 

semi-quantitative FMECA is implemented to assess the 

probability based on the engineering judgements and 

existing failure rate from the history. In practice, many more 

failure modes are examined by semi-quantitative approach 

due to the difficulty of establishing proper physics based 
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Fig. 7. Qualitative FMECA Sheet of a Case Structure 
 

 

Fig. 8. Probabilistic Burden and Capability Distributions 
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models. In this approach, criticality number is determined 

by the following equation.
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 m pC t                           (3) (3)

where β, α, λp and t denote conditional probability of mission 

loss, failure mode ratio, part failure rate if applicable (or let 

λp=1), and the duration of operation (if not available, let t=1), 

respectively. Values for β are given based on the severity 

classification as shown in Table 1. An example that illustrates 

the semi-quantitative FMECA is given in Fig. 10 for the 

failure mode of “Case O-ring.”

Once the probability is obtained either from the two 

approaches, the criticality of the failure mode is identified 

based on the matrix as shown in Fig. 11 to prioritize those 

needing corrective actions. In the matrix, the horizontal axis 

represents the severity defined by Fig. 11 and the vertical 

axis represent the criticality number from semi-quantitative 

FMECA or the probability of occurrence from quantitative 

FMECA, respectively. Results for the failure modes in the case 

O-ring are given in Fig. 11 as an example. After a comprehensive 

study for more than two hundred failure modes over the 

entire components, 39 failure modes are chosen as the most 

significant ones that belong to the upper right part of the 

matrix, i.e., the severity class I and criticality class A, which 

needs more attention for reliability. Furthermore, four failure 

modes are taken as shown in Table 2, out of these 39 modes to 

illustrate the quantitative FMECA process, which is to predict 

the reliability based on the probabilistic framework.

2.3 FTA Process

The last stage is to construct Fault Tree using a symbolic 

logic diagram based on the cause-effect relationship between 

the top failure event and contributing causes. Then the 

system reliability (or failure probability) is caculated using 

the building blocks consisting of gate and event symbols as 

Table 1. Severity Classification and β value
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Table 1. Severity Classification and   value 
Classification Severity  		Value	

I (Catastrophic) Human death and system loss 1.00	
II (Critical) Mission loss 0.1	�	  	�	1.0	

III (Marginal) Loss of availability or mision degradation 0.01	�	  	�	0.1	
IV (Minor) Unscheduled maintenance or repair 0.00	

 

Table 2. Four Failure Modes Taken for Quantitative FMECA Study 
Components Failure mode 

Case 
Rupture due to excessive stress 

Fracture due to crack 

Joints and seals 
Leak due to jointed bolt failure 
Leak due to O-ring seal failure 

 

Table 3. Input Parameters for MEOP Calculation 
Parameter Name Mean COV 

iD  Inlet diameter (m) 0. 058 3% 

oD  Outlet diameter (m) 0.1534 3% 

gL   Propellant length (m) 1.335 3% 

tD   Throat diameter (m) 0.035 3% 

cT   Chamber temperature (K) 300 5% 

p   Propellant density (kg/m3) 1800 2% 
a   Burning rate constant 0.03321 10% 
n   Burning rate exponent 0.3 5% 

 

Table 4. Input Parameters for Case Failure 
Parameter Mean COV 

MEOP Use prior data. 
Case thickness 0.006 3% 
Case diameter 0.157 5% 
Case length 1.335 3% 
Fillet radius 0.005 3% 

Yield strength 951 2% 
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Fig. 9. Quantitative FMECA Sheet for a Specific Failure Mode 
 

 

Fig. 10. Semi-Quantitative FMECA Sheet for a Specific Component 
 

Fig. 9.  Quantitative FMECA Sheet for a Specific Failure Mode
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Fig. 9. Quantitative FMECA Sheet for a Specific Failure Mode 
 

 

Fig. 10. Semi-Quantitative FMECA Sheet for a Specific Component 
 

Fig. 10. Semi-Quantitative FMECA Sheet for a Specific Component
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depicted in Fig. 12. The gate symbols, basically consisting 

of Boolean OR and AND gates, connect events according 

to their causal relations. In order to calculate the reliability 

of top events, probability of components at the bottom 

level identified in the FMECA process is utilized here. Then 

the output reliability of OR gate is calculated based on the 

serial connection, i.e., the failure occurs if any of the input 

events fail, while that of AND gate is based on the parallel 

connection where the failure occurs only if all the input 

events fail. This is illustrated in Fig. 13.

An example that illustrates the FTA is given in Fig. 14 for the 

event “case structure failure,” in which the reliabilities of the 

failure modes at the bottom level are taken from the FMECA (the 

value for “burst due to pressure” is from Fig. 9), and the reliability 

of the top event is calculated based on the gate structures.

2.4  Reliability Allocation, Prediction, Verification and 
Demonstration

As illustrated in Fig. 3, the FMECA and FTA process are 

the central parts of the reliability design procedure, which 

constitutes overall structure of the system reliability. Once 

they are formulated, the next steps are the allocation, 

prediction, verification and demonstration [6]. The 

allocation is the distribution or trickling down of the system 

reliability goal to the lowest component of the system which 

becomes the target value that should be met for each of 

these components. Then the prediction is followed for each 

of these components. Depending on the nature of the failure 

modes, quantitative or semi-quantitative FMECA approach 

is employed to compute the reliability. If the result does not 

meet the target value, the design is changed until satisfaction. 

The next step is the verification, which is the incorporation 

of testing results into the predicted reliability. The test is 

conducted to characterize the probabilistic behavior of 

burden and capability factors, or to validate the reliability on 

a component, subscale, or full-scale level. Then the resulting 

reliability reflects the uncertainty due to the limited number 

of tests, which is represented by the confidence interval. In 

general, one can expect higher level of reliability by adding 

more test data. The last step is the demonstration, which 

is the final assessment of the system or parts reliability by 

executing the actual flight or indended mission. The result 

is given by the binomial count of success or failure. The 

reliability demonstration is used for qualification, which is 

given with a level of confidence that usually states, “we are 

99% confident that the true reliability of the system is equal 

to or greater than the target value R”.

3.  Reliability Prediction for Quantitative 
FMECA

Among the four steps of the reliability procedure, 

the prediction step accounts for the major part, which 

is to estimate the numerical probability of success (or 

failure) for each failure mode of the components under 

consideration. The simplest approach for this is to use 

the past data for similar cases to predict reliability of new 

design, which was addressed as the semi-quantitative 
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Fig. 11. Criticality Matrix of Case O-ring 
 

 

 

Fig. 12. Fault Tree Gate and Event Symbols 
 

Fig. 11. Criticality Matrix of Case O-ring
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Fig. 11. Criticality Matrix of Case O-ring 
 

 

 

Fig. 12. Fault Tree Gate and Event Symbols 
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(a) Serial Connection Structure                      (b) Parallel Connection Structure 

Fig. 13. Reliability Calculation for the Serial and Parallel Connection Structures 
 

 

Fig. 14. Quantitative FTA of "Case Structure Failure" Event 
 

 

 

 

(a) Serial Connection Structure         (b) Parallel Connection Structure

Fig. 13.  Reliability Calculation for the Serial and Parallel Connection 
Structures
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FMECA. When appropriately applied, this method is the 

easiest (and sometimes more accurate) way of prediction. 

The main concern is however that it lacks physical insight, 

relies too much on the subjective judgement, and may not 

apply for the design with major changes. Another option is 

quantitative FMECA, which is to exploit the physical model 

and simulation algorithms to calculate the probability based 

on the burden and capability concepts. In this paper, this 

approach is addressed in more detail by implementing the 

procedure for the four critical failure modes listed in Table 2 

of the previous section.

3.1 Reliability Analysis Algorithms

In order to predict the reliability of a failure mode based 

on the probabilistic framework, there have been great 

efforts to develop efficient algorithms over the last several 

decades. In the general setting, the failure probability is 

defined as [18]
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the number of points where g<0. While the MCS is pretty 

easy to implement, the drawback is it becomes prohibitive 

when the evaluation of g is computationally expensive or the 
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Mean Value First-Order Second-Moment (MVFOSM)
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Table 2. Four Failure Modes Taken for Quantitative FMECA Study
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Table 1. Severity Classification and   value 
Classification Severity  		Value	

I (Catastrophic) Human death and system loss 1.00	
II (Critical) Mission loss 0.1	�	  	�	1.0	

III (Marginal) Loss of availability or mision degradation 0.01	�	  	�	0.1	
IV (Minor) Unscheduled maintenance or repair 0.00	

 

Table 2. Four Failure Modes Taken for Quantitative FMECA Study 
Components Failure mode 

Case 
Rupture due to excessive stress 

Fracture due to crack 

Joints and seals 
Leak due to jointed bolt failure 
Leak due to O-ring seal failure 

 

Table 3. Input Parameters for MEOP Calculation 
Parameter Name Mean COV 

iD  Inlet diameter (m) 0. 058 3% 

oD  Outlet diameter (m) 0.1534 3% 

gL   Propellant length (m) 1.335 3% 

tD   Throat diameter (m) 0.035 3% 

cT   Chamber temperature (K) 300 5% 

p   Propellant density (kg/m3) 1800 2% 
a   Burning rate constant 0.03321 10% 
n   Burning rate exponent 0.3 5% 

 

Table 4. Input Parameters for Case Failure 
Parameter Mean COV 

MEOP Use prior data. 
Case thickness 0.006 3% 
Case diameter 0.157 5% 
Case length 1.335 3% 
Fillet radius 0.005 3% 

Yield strength 951 2% 
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(a) Serial Connection Structure                      (b) Parallel Connection Structure 

Fig. 13. Reliability Calculation for the Serial and Parallel Connection Structures 
 

 

Fig. 14. Quantitative FTA of "Case Structure Failure" Event 
 

 

 

 

Fig. 14. Quantitative FTA of “Case Structure Failure” Event
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iX , 

iX  are the mean and standard deviation of the input variables, respectively. Then the 

reliability index, which represents the relative distance from the mean to the limit state 0g  , and the 

resulting probability are given by 
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and the failure probability is then  

    1fP                             (11) 

where   denotes the CDF of standard normal distribution. The method is advantageous in that the 

calculation is easy and the type of the input variables distribution is not needed. But it may be inaccurate 

when the limit state function is nonlinear or the input variables are non-Gaussian. Besides, the reliability 

index fails to be constant under the apparently different but the same formulation of g . 
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The point at the optimum, i.e., the minimum distance 

point is called the most probable point (MPP) of failure. The 

failure probability is again calculated by eq. (11). In the case 

of non-normal input variables, the concept of equivalent 

normal variable is introduced by calculating the equivalent 

mean and standard deviation at the current point x* via:
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where F , f  are the CDF and PDF of the original distribution,  ,   the CDF and PDF of the standard 

normal distribution, 
i

N
X , 

i

N
X  are the equivalent mean and standard deviation, respectively. In the SORM, 

the FORM result is improved by expanding the limit state function g  to the 2nd order Taylor expansion. 

Then the probability becomes  
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where i  denotes the principal curvatures of the limit state at the MPP. Note that the FORM and SORM 

calculate the failure probability using the first order and second order approximations to the limit stage 

function at MPP respectively as shown in Fig. 15(a). While the FORM and SORM gives much better 

solutions than the MVFOSM,  they still lack accruacy since the ultimate probability is based on the 

assumption of normal distribution, which may not hold when the limit state exhibits strong nonlinearity 

and/or the input distributions are significantly different from the normal distributions.  

 

Importance Sampling at MPP (ISMPP) 

The last method for the study is the importance sampling (IS) centered at the MPP. The idea is to 

concentrate the distribution of sampling points in the region of most importance in terms of failure 

probability, which is the area aounrd the MPP. To this end, a new sampling density function  q x  is 
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normal distributions. 
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     (a) FORM and SORM                          (b) Importance Sampling at MPP 

Fig. 15. Illustration of FORM, SORM and Importance Sampling 
 

 

Fig. 16. Components with Failure Modes in SRM 
 

 

Fig. 17. Combustion Chamber in Rocket 
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Fig. 15. Illustration of FORM, SORM and Importance Sampling
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function q(x) is introduced that enables sampling around 

the desired area. Then the failure probability and its sampled 

realization are given respectively as follows.
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where ix  denotes the samples from  q x . While the crude MCS generates samples around the mean of 

original  f x , hence, requires many more samples to have acceptable number in the failure region 0g  , 

the IS that uses  q x  centered at the MPP reduces the number of samples substantially while maintaining 

the same accuracy. This is illusrtated in Fig. 15(b). In this study, Gaussian PDF is chosen for the sampling 

PDF with the same variances as the original PDF. 

 

3.2 Reliability Prediction for the Four Failure Modes  

Four failure modes as suggested in Table 2 are taken to calculate the failure probability using the above 

mentioned algorithms. The first two address the case failures due to the excessive maximum expected 

operating pressure (MEOP), which are the rupture and fracture by the stresses exceeding the strength and 

the fracture toughness respectively. Next two are the bolt and O-ring failures at the joint and seal occuring 

when the bolt stress exceeds its proof strength and O-ring compression is insufficient to withstand the 

MEOP, respectively. The components with the failure modes are identified in Fig. 16. 
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pressure reached during the propellant combustion, 1-D unsteady ballistic performance analysis is 

preceded which is to determine the chamber pressure history during the combustion, and is given by the 
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where xi denotes the samples from q(x). While the crude MCS 

generates samples around the mean of original f(x), hence, 

requires many more samples to have acceptable number in 

the failure region g<0, the IS that uses q(x) centered at the 

MPP reduces the number of samples substantially while 

maintaining the same accuracy. This is illusrtated in Fig. 

15(b). In this study, Gaussian PDF is chosen for the sampling 

PDF with the same variances as the original PDF.
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Four failure modes as suggested in Table 2 are taken to 

calculate the failure probability using the above mentioned 

algorithms. The first two address the case failures due to the 

excessive maximum expected operating pressure (MEOP), 

which are the rupture and fracture by the stresses exceeding 

the strength and the fracture toughness respectively. Next 

two are the bolt and O-ring failures at the joint and seal 

occuring when the bolt stress exceeds its proof strength and 

O-ring compression is insufficient to withstand the MEOP, 

respectively. The components with the failure modes are 

identified in Fig. 16.
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during the propellant combustion, 1-D unsteady ballistic 

performance analysis is preceded which is to determine the 

chamber pressure history during the combustion, and is 

given by the following governing equation [19]
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introduced that enables sampling around the desired area. Then the failure probability and its sampled 

realization are given respectively as follows. 

    
       

 1

1and   
N

i
f g f g i

i i

f f
P I q d P I

q N q

  
x x

x x x x
x x

                 (16) 

where ix  denotes the samples from  q x . While the crude MCS generates samples around the mean of 

original  f x , hence, requires many more samples to have acceptable number in the failure region 0g  , 

the IS that uses  q x  centered at the MPP reduces the number of samples substantially while maintaining 

the same accuracy. This is illusrtated in Fig. 15(b). In this study, Gaussian PDF is chosen for the sampling 

PDF with the same variances as the original PDF. 
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Four failure modes as suggested in Table 2 are taken to calculate the failure probability using the above 

mentioned algorithms. The first two address the case failures due to the excessive maximum expected 

operating pressure (MEOP), which are the rupture and fracture by the stresses exceeding the strength and 

the fracture toughness respectively. Next two are the bolt and O-ring failures at the joint and seal occuring 

when the bolt stress exceeds its proof strength and O-ring compression is insufficient to withstand the 

MEOP, respectively. The components with the failure modes are identified in Fig. 16. 

 

Probability Distribution of MEOP 

Since all the four failure modes are influenced by the MEOP in common, which is the maximum 

pressure reached during the propellant combustion, 1-D unsteady ballistic performance analysis is 

preceded which is to determine the chamber pressure history during the combustion, and is given by the 

following governing equation [19] 
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where Pc and rb are the chamber pressure and regression 

rate, respectively. Continuity equation for the mass of gas 

and combustion of propellant charge is solved in couple with 

this equation. More detailed notations of the equations and 

procedures can be found in ref. [20]. The input parameters 

of the analysis are given in Table 3 along with their statistical 

information, which are available from the literatures (see e.g. 

[20]). In this table, the geometric parameters are explained 

in Fig. 17. 

Fig. 18 is the pressure history for the input parameters at 

their mean, where the maximum pressure, i.e., the MEOP 

occurs at 12 MPa. Due to the computational cost for the 

probabilistic analysis, sensitivity analysis is performed to 

choose the three most significant input parameters that 

affect the pressure as given in Fig. 19. Then the response 

surface of the 2nd order polynomial is constructed with 

these parameters to use as a surrogate model. Ten design 

of experiment (DOE) points are generated using the Latin 

Hypercube Sampling (LHS) methods within their ±3σ  
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Table 1. Severity Classification and   value 
Classification Severity  		Value	

I (Catastrophic) Human death and system loss 1.00	
II (Critical) Mission loss 0.1	�	  	�	1.0	

III (Marginal) Loss of availability or mision degradation 0.01	�	  	�	0.1	
IV (Minor) Unscheduled maintenance or repair 0.00	

 

Table 2. Four Failure Modes Taken for Quantitative FMECA Study 
Components Failure mode 

Case 
Rupture due to excessive stress 

Fracture due to crack 

Joints and seals 
Leak due to jointed bolt failure 
Leak due to O-ring seal failure 

 

Table 3. Input Parameters for MEOP Calculation 
Parameter Name Mean COV 

iD  Inlet diameter (m) 0. 058 3% 

oD  Outlet diameter (m) 0.1534 3% 

gL   Propellant length (m) 1.335 3% 

tD   Throat diameter (m) 0.035 3% 

cT   Chamber temperature (K) 300 5% 

p   Propellant density (kg/m3) 1800 2% 
a   Burning rate constant 0.03321 10% 
n   Burning rate exponent 0.3 5% 

 

Table 4. Input Parameters for Case Failure 
Parameter Mean COV 

MEOP Use prior data. 
Case thickness 0.006 3% 
Case diameter 0.157 5% 
Case length 1.335 3% 
Fillet radius 0.005 3% 

Yield strength 951 2% (565~578)16-073.indd   574 2017-01-02   오전 5:15:58
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bounds. MCS is conducted with 105 samples assuming the 

input parameters being normal distributions to obtain the 

probability distribution of the MEOP as shown in Fig. 20.

Case Failures due to Excessive Stress
The case failures result from the two failure modes, one 

being the stress exceeding the yield strength and the other 

the stress intensity factor of a crack exceeding the fracture 

toughness. Their limit state functions are [21, 22]
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where cP  and br  are the chamber pressure and regression rate, respectively. Continuity equation for the 

mass of gas and combustion of propellant charge is solved in couple with this equation. More detailed 

notations of the equations and procedures can be found in ref. [20]. The input parameters of the analysis 

are given in Table 3 along with their statistical information, which are available from the literatures (see 

e.g. [20]). In this table, the geometric parameters are explained in Fig. 17.  

Fig. 18 is the pressure history for the input parameters at their mean, where the maximum pressure, i.e., 

the MEOP occurs at 12 MPa. Due to the computational cost for the probabilistic analysis, sensitivity 

analysis is performed to choose the three most significant input parameters that affect the pressure as 

given in Fig. 19. Then the response surface of the 2nd order polynomial is constructed with these 

parameters to use as a surrogate model. Ten design of experiment (DOE) points are generated using the 

Latin Hypercube Sampling (LHS) methods within their ±3  bounds. MCS is conducted with 105 samples 

assuming the input parameters being normal distributions to obtain the probability distribution of the 

MEOP as shown in Fig. 20. 

 

Case Failures due to Excessive Stress 

The case failures result from the two failure modes, one being the stress exceeding the yield strength 

and the other the stress intensity factor of a crack exceeding the fracture toughness. Their limit state 

functions are [21, 22] 
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where a ,   are the crack length with semi-circular shape and its shape factor with value 1.12, yS , ICK  

are the yield strength and fracture toughness of the case, and von , I  are the von-Mises and maximum 

principal stresses, respectively. With the material AISA 4130 steel, the input parameters and their 

statistical properties are given in Table 4. Axisymmetric finite element analysis is conducted to find out 

the maximum stress at the fillet area as shown in Fig. 21, which is 480 MPa, being three times higher than 

(18)

where α, β are the crack length with semi-circular shape and 

its shape factor with value 1.12, Sy, KIC are the yield strength 

and fracture toughness of the case, and σvon, σI are the von-

Mises and maximum principal stresses, respectively. With 

the material AISA 4130 steel, the input parameters and their 

statistical properties are given in Table 4. Axisymmetric finite 

element analysis is conducted to find out the maximum 

stress at the fillet area as shown in Fig. 21, which is 480 MPa, 

being three times higher than the hoop stress σ=(p·R)/t 

at the cylindrical wall. Assuming the normal and Weibull 

distributions for the geometry and materials strength 

respectively, aforementioned algorithms are applied to 

obtain the failure probability. In case of the ISMPP, which 

requires the importance sampling after finding the MPP, 

another response surface is constructed in terms of five 

structural input parameters, analogous to the previous 

MEOP analysis. Sampling density function   is given by the 

normal distribution with the center at MPP and the COV 

being 0.1.

Jointed Bolt Failure 
Third failure mode considered in this study is the jointed 

bolt failure at the case and igniter. Bolt failure is defined 

when the stress σb exceeds its proof strength Sp:
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the hoop stress ( ) /p R t    at the cylindrical wall. Assuming the normal and Weibull distributions for 

the geometry and materials strength respectively, aforementioned algorithms are applied to obtain the 

failure probability. In case of the ISMPP, which requires the importance sampling after finding the MPP, 

another response surface is constructed in terms of five structural input parameters, analogous to the 

previous MEOP analysis. Sampling density function  q x  is given by the normal distribution with the 

center at MPP and the COV being 0.1. 

 

Jointed Bolt Failure  

Third failure mode considered in this study is the jointed bolt failure at the case and igniter. Bolt failure 

is defined when the stress b  exceeds its proof strength pS : 

 2 p bg S                             (19) 

In general, bolted joint analysis is very complex due to the inclusion of frictional contact, making it 

difficult to find a single technique to study its complete behavior. Although there are diverse methods 

including full 3-D FEA to address this complex behavior, the most popular one at present is the analytical 

method found in most textbooks (e.g. [23]), and is used in this study. The method relies on simplified 

formulas under many assumptions but still applies well to the most of the cases.  

In the bolted joints, the bolt undergoes two loadings, with one being the preload due to the fastening 

torque, and the other is the additional load due to the MEOP. Then the total load is given by 

 b p iF CF F    where ,    and   b cR
i p

b m b

k ATC F F MEOP
k k Kd N
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In this equation, pF , iF  are the load due to the MEOP and preload, RT  is the fastening torque, K  is the 

torque coefficient, d  is the bolt diameter, cA  is the pressure area of the igniter, bN  is the number of 

jointed bolts, and bk , mk  represent the stiffness of bolt and member respectively. In this equation, K , bk , 

mk  are determined by simplified equations as a function of basic dimensions and material properties of 

(19)

In general, bolted joint analysis is very complex due to 

the inclusion of frictional contact, making it difficult to find 

a single technique to study its complete behavior. Although 

there are diverse methods including full 3-D FEA to address 

this complex behavior, the most popular one at present is the 

analytical method found in most textbooks (e.g. [23]), and is 

used in this study. The method relies on simplified formulas 

under many assumptions but still applies well to the most of 

the cases. 

In the bolted joints, the bolt undergoes two loadings, with 
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Table 1. Severity Classification and   value 
Classification Severity  		Value	

I (Catastrophic) Human death and system loss 1.00	
II (Critical) Mission loss 0.1	�	  	�	1.0	

III (Marginal) Loss of availability or mision degradation 0.01	�	  	�	0.1	
IV (Minor) Unscheduled maintenance or repair 0.00	

 

Table 2. Four Failure Modes Taken for Quantitative FMECA Study 
Components Failure mode 

Case 
Rupture due to excessive stress 

Fracture due to crack 

Joints and seals 
Leak due to jointed bolt failure 
Leak due to O-ring seal failure 

 

Table 3. Input Parameters for MEOP Calculation 
Parameter Name Mean COV 

iD  Inlet diameter (m) 0. 058 3% 

oD  Outlet diameter (m) 0.1534 3% 

gL   Propellant length (m) 1.335 3% 

tD   Throat diameter (m) 0.035 3% 

cT   Chamber temperature (K) 300 5% 

p   Propellant density (kg/m3) 1800 2% 
a   Burning rate constant 0.03321 10% 
n   Burning rate exponent 0.3 5% 

 

Table 4. Input Parameters for Case Failure 
Parameter Mean COV 

MEOP Use prior data. 
Case thickness 0.006 3% 
Case diameter 0.157 5% 
Case length 1.335 3% 
Fillet radius 0.005 3% 

Yield strength 951 2% 

 
 
 
 

26

Fracture toughness 70 10% 
Crack size 2 5% 

 

 

Table 5. Input Parameters for Bolt Failure 
Parameter Mean COV 

MEOP Use prior data. 
Torque (N-m) 90 - 

Friction coefficient 0.15 6.9% 
Bolt diameter 8 - 
Proof strength 200 3% 

 

Table 6. Input Parameters for O-ring Failure 
Parameter Mean COV 

O-ring radius (mm) 1.5 1% 
Material coef. 10C  (MPa) 
Material coef. 01C  (MPa) 

1.21 
2.98 

10% 
10% 

MEOP Use prior data. 
 

Table 7. Prediction of Failure Probability for the Four Failure Mode Problems 
Method Rupture (10-3) Fracture (10-1) Bolt breakage (10-3) O-ring leakage (10-3)

MVFOSM 0.323 (149%) 0.133 (143%) 0.359 (137%) 0.650 (230%) 
FORM 0.303 (140%) 0.121 (130%) 0.317 (121%) 0.442 (157%) 
SORM 0.303 (140%) 0.121 (130%) 0.317 (121%) 0.369 (131%) 
ISMPP 0.231 (106%) 0.096 (103%) 0.276 (105%) 0.298 (106%) 

MCS (ref) 0.217 0.093 0.263 0.282 
Note: at each failure probability, values in the parenthesis represent relative accuracy with respect to that 

by MCS. 
 

Table 8. Prediction of Failure Probability by NESSUS 
Method Rupture (10-3) Fracture (10-1) Bolt breakage (10-3) O-ring leakage (10-3)

MVFOSM 0.323 (100%) 0.133 (100%) 0.359 (100%) 0.489 (133%) 
FORM 0.303 (100%) 0.120 (101%) 0.317 (100%) 0.426 (104%) 
SORM 0.303 (100%) 0.121 (100%) 0.317 (100%) 0.426 ( 87%) 
ISMPP 0.225 (103%) 0.107 ( 90%) 0.282 ( 98%) 0.331 ( 90%) 

Note: at each failure probability, values in the parenthesis  represent degree of agreement of the presented 
algorithm with respect to the NESSUS. 
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Fig. 21. Von-Mises Stress at the Fillet Area of the Case 
 

 

Fig. 22. Finite Element Model of the Hyperelastic Contact Problem of O-ring 
 

 

Fig. 21.  Von-Mises Stress at the Fillet Area of the Case
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one being the preload due to the fastening torque, and the 

other is the additional load due to the MEOP. Then the total 

load is given by
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the hoop stress ( ) /p R t    at the cylindrical wall. Assuming the normal and Weibull distributions for 

the geometry and materials strength respectively, aforementioned algorithms are applied to obtain the 

failure probability. In case of the ISMPP, which requires the importance sampling after finding the MPP, 

another response surface is constructed in terms of five structural input parameters, analogous to the 

previous MEOP analysis. Sampling density function  q x  is given by the normal distribution with the 

center at MPP and the COV being 0.1. 

 

Jointed Bolt Failure  

Third failure mode considered in this study is the jointed bolt failure at the case and igniter. Bolt failure 

is defined when the stress b  exceeds its proof strength pS : 

 2 p bg S                             (19) 

In general, bolted joint analysis is very complex due to the inclusion of frictional contact, making it 

difficult to find a single technique to study its complete behavior. Although there are diverse methods 

including full 3-D FEA to address this complex behavior, the most popular one at present is the analytical 

method found in most textbooks (e.g. [23]), and is used in this study. The method relies on simplified 

formulas under many assumptions but still applies well to the most of the cases.  

In the bolted joints, the bolt undergoes two loadings, with one being the preload due to the fastening 

torque, and the other is the additional load due to the MEOP. Then the total load is given by 

 b p iF CF F    where ,    and   b cR
i p

b m b

k ATC F F MEOP
k k Kd N

  


                  (20) 

In this equation, pF , iF  are the load due to the MEOP and preload, RT  is the fastening torque, K  is the 

torque coefficient, d  is the bolt diameter, cA  is the pressure area of the igniter, bN  is the number of 

jointed bolts, and bk , mk  represent the stiffness of bolt and member respectively. In this equation, K , bk , 

mk  are determined by simplified equations as a function of basic dimensions and material properties of 

(20)

In this equation, FP, Fi are the load due to the MEOP and 

preload, TR is the fastening torque, K is the torque coefficient, 

d is the bolt diameter, Ac is the pressure area of the igniter, Nb is 

the number of jointed bolts, and kb, km represent the stiffness 

of bolt and member respectively. In this equation,  K, kb, km 

are determined by simplified equations as a function of basic 

dimensions and material properties of the bolts and members 

and friction coefficients. Then the maximum effective stress in 

the bolt is given as follows based on the observation that the 

first engaged thread carries 0.38 of the load:
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the bolts and members and friction coefficients. Then the maximum effective stress in the bolt is given as 

follows based on the observation that the first engaged thread carries 0.38 of the load: 
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statistical information of the input parameters for the bolt failure analysis are given in Table 5. As did 

previously, Weibull distributions are assumed for the material strength while the others follow normal 

distributions. Then aforementioned algorithms are applied to obtain the failure probability. 

 

O-ring Seal Failure  

Fourth failure mode is the leakage due to the insufficient O-ring compression. In this case, the limit 

state function is given by 

 4 contactg P MEOP                               (22) 

which states that if the contact pressure of O-ring under compression is less than MEOP, leakage takes 

place. The contact pressure due to the O-ring insertion between the igniter and case is obtained by 

carrying out the axi-symmetric hyperelastic contact problem with the model given in Fig. 22, in which the 

upper interface of the ingiter and case is assumed as rigid connection. The Mooney-rivlin model [[24]] is 

employed to describe the hyperelastic behavior of the O-ring, which is made of Viton, a fluorocarbon 

elastomer [25]: 

    10 1 01 23 3W C I C I                              (23) 

where W  the strain energy density, 1I , 2I  are the strain invariants, and 01C , 10C  are the material 

coefficients, respectively. 

The input parameters are the O-ring radius, the two material coefficients and the MEOP. Statistical 

information is given in Table 6, in which the first three parameters are assumed as normal distributions. In 

this example, the response surface for surrogate model is constructed in terms of the four parameters 

(21)
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distributions are assumed for the material strength while the 
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algorithms are applied to obtain the failure probability.
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the bolts and members and friction coefficients. Then the maximum effective stress in the bolt is given as 

follows based on the observation that the first engaged thread carries 0.38 of the load: 
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statistical information of the input parameters for the bolt failure analysis are given in Table 5. As did 

previously, Weibull distributions are assumed for the material strength while the others follow normal 

distributions. Then aforementioned algorithms are applied to obtain the failure probability. 
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state function is given by 
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which states that if the contact pressure of O-ring under compression is less than MEOP, leakage takes 

place. The contact pressure due to the O-ring insertion between the igniter and case is obtained by 

carrying out the axi-symmetric hyperelastic contact problem with the model given in Fig. 22, in which the 

upper interface of the ingiter and case is assumed as rigid connection. The Mooney-rivlin model [[24]] is 

employed to describe the hyperelastic behavior of the O-ring, which is made of Viton, a fluorocarbon 

elastomer [25]: 
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where W  the strain energy density, 1I , 2I  are the strain invariants, and 01C , 10C  are the material 

coefficients, respectively. 

The input parameters are the O-ring radius, the two material coefficients and the MEOP. Statistical 

information is given in Table 6, in which the first three parameters are assumed as normal distributions. In 

this example, the response surface for surrogate model is constructed in terms of the four parameters 

(22)

which states that if the contact pressure of O-ring under 

compression is less than MEOP, leakage takes place. The 

contact pressure due to the O-ring insertion between the 

igniter and case is obtained by carrying out the axi-symmetric 

hyperelastic contact problem with the model given in Fig. 

22, in which the upper interface of the ingiter and case is 

assumed as rigid connection. The Mooney-rivlin model 

[[24]] is employed to describe the hyperelastic behavior of 

the O-ring, which is made of Viton, a fluorocarbon elastomer 

[25]:

 
 
 
 

17

the bolts and members and friction coefficients. Then the maximum effective stress in the bolt is given as 

follows based on the observation that the first engaged thread carries 0.38 of the load: 
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statistical information of the input parameters for the bolt failure analysis are given in Table 5. As did 

previously, Weibull distributions are assumed for the material strength while the others follow normal 

distributions. Then aforementioned algorithms are applied to obtain the failure probability. 

 

O-ring Seal Failure  

Fourth failure mode is the leakage due to the insufficient O-ring compression. In this case, the limit 

state function is given by 

 4 contactg P MEOP                               (22) 

which states that if the contact pressure of O-ring under compression is less than MEOP, leakage takes 

place. The contact pressure due to the O-ring insertion between the igniter and case is obtained by 

carrying out the axi-symmetric hyperelastic contact problem with the model given in Fig. 22, in which the 

upper interface of the ingiter and case is assumed as rigid connection. The Mooney-rivlin model [[24]] is 

employed to describe the hyperelastic behavior of the O-ring, which is made of Viton, a fluorocarbon 

elastomer [25]: 

    10 1 01 23 3W C I C I                              (23) 

where W  the strain energy density, 1I , 2I  are the strain invariants, and 01C , 10C  are the material 

coefficients, respectively. 

The input parameters are the O-ring radius, the two material coefficients and the MEOP. Statistical 

information is given in Table 6, in which the first three parameters are assumed as normal distributions. In 

this example, the response surface for surrogate model is constructed in terms of the four parameters 

(23)

where W the strain energy density, I1, I2 are the strain 

invariants, and C01, C10 are the material coefficients, 

respectively.

The input parameters are the O-ring radius, the two 

material coefficients and the MEOP. Statistical information 

is given in Table 6, in which the first three parameters are 

assumed as normal distributions. In this example, the 

response surface for surrogate model is constructed in terms 

of the four parameters using the radial basis functions. The 

aforementioned algorithms are applied to obtain the failure 

probability.

3.3  Failure Probability of Four Failure Modes and 
Comparison with Commercial Code NESSUS

Using the above mentioned five algorithms - MCS, 

MVFOSM, FORM, SORM and ISMPP, the failure probabilities 

are predicted for the four failure mode problems respectively, 

which are given in Table 7. In the results, the MCS serves the 

role of reference solution because it is very computationally 

expensive but is presumed as the most accurate of all if large 

samples are used. In this study, the number of samples for 

the MCS as well as the importance sampling (IS) are 105 in 

common. Note that the results by the MCS and ISMPP can 

vary due to the random sampling, but the difference is within 

2% which is negiligible (e.g. the value 0.217∙10-3 for rupture 
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Fig. 21. Von-Mises Stress at the Fillet Area of the Case 
 

 

Fig. 22. Finite Element Model of the Hyperelastic Contact Problem of O-ring 
 

 

Fig. 22.  Finite Element Model of the Hyperelastic Contact Problem of 
O-ring
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by the MCS is the mean of the several attempts varying 

215~219∙10-3). 

In the table, the accuracy values in the parenthesis represent 

the ratio of each method versus the MCS given by percent. The 

results state that the MVFOSM is the least accurate with the 

values ranging from 140 up to 230%, FORM and SORM are the 

next with 120~160%, and the ISMPP is the most accurate with 

103~106% in comparison of the MCS. The reason for the ISMPP 

being the most accurate is because the method combines 

FORM and Importance Sampling (IS). In the rupture problem, 

the computational times are 8.9, 24.6, and 30240 minutes for 

the FORM, ISMPP and MCS, respectively, in which the ISMPP 

includes the time for response surface construction to conduct 

IS, while the MCS carries out the simulation with original 

functions. The ratios of computational time for the FORM and 

ISMPP to the MCS are 0.03% and 0.08%, respectively. Note 

that the values of the FORM and SORM in the first three failure 

modes are identical because the curvatures of the limit state 

functions in the SORM are too small to contribute to the failure 

probability in the problems. 

The four failure mode problems are solved by the 

commercial code NESSUS for the purpose of verification 

of the implemented algorithms. NESSUS is a general 

purpose software that computes probabilistic response and 

reliability of engineerig systems developed by Southwest 

Research Institute [26]. The same algorithms are available 

in the NESSUS, and the results are given in Table 8 in which 

the values in the parenthesis are the ratios of the authors' 

algorithms to the NESSUS, which represents a measure of 

agreement of the presented algorithm with the NESSUS. The 

MVFOSM, FORM and SORM show the same results as the 

NESSUS, which shows that the presented algorithm yields 

almost identical results to the NESSUS. The ISMPP however 

differ by 3~10%, which may have come from the random 

nature of the sampling with finite number. Nevertheless, 

the degree of difference can be negligible, proving that the 

presented algorithm is virtually the same as the NESSUS.

4. Conclusion

In this work, an overall reliability procedure was 

addressed that can predict the system reliability of the 

SRM in quantitative way. In the system level, the FMECA 

and FTA are the two most valuable tools to evaluate system 

reliability. In the component level, probabilistic approach 

is used to determine the reliability, which are implemented 

by the quantitative FMECA when the burden and capability 

information are available or by the semi-quantitative 

FMECA using the parts failure rate handbook when 

otherwise unavailable. The four important failure modes are 

chosen to illustrate the burden and capability approach to 

determine the failure probability using the suitable reliability 

analysis algorithms. It is believed that this study offers a 

comprehensive treatment of the reliability practice for the 

SRM development, and may be useful accross the wide range 

of propulsion systems in the aerospace community. 
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