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32.1 Introduction

 

Recent programs of national significance are pushing numerical simulation to new levels. These include
the Federal Aviation Administration (FAA) Turbine Rotor Material Design program aimed at reducing
the risk of rotor fracture, the Nuclear Regulatory Commission (NRC) program to assess the long-term
safety of the nation’s first underground high-level radioactive waste repository, the Department of Energy
(DOE) Stockpile Stewardship program to replace underground nuclear testing with computationally based
full weapon system certification, and the Department of Defense (DOD) Efficient Certification Program
to reduce the time and cost required to certify gas turbine engine designs. The common denominator of
all these program areas is the need to compute — with high confidence — the reliability of complex, large-
scale systems involving multiple physics, nonlinear behavior, and uncertain or variable input descriptions.

In addition to high consequence of failure systems, probabilistic analysis is also being employed to
predict the reliability of engineered systems and identify important design and manufacturing variables
for (1) one- or few-of-a-kind high-cost systems where there will be little or no full-system testing, (2)
products that are manufactured in large numbers where warranty costs are prohibitive or unacceptable,
and (3) products that are manufactured in large numbers where small changes in the manufacturing
process can lead to large cost savings.

The basic problem being addressed by probabilistic analysis is illustrated in Figure 32.1. Model inputs
are represented as random variables, leading to corresponding uncertainty in the model responses, which
are usually related to some reliability measure, e.g., fatigue life. In addition, the probabilistic analysis
identifies which input variables contribute the most (and the least) to the computed reliability.

Uncertainties enter a complex simulation from a variety of sources: inherent variability in input
parameters, insufficient input data, human error, model simplification, and lack of understanding of the
underlying physics. In general, all uncertainties can be categorized as being either inherent (irreducible)
or epistemic (reducible). Epistemic uncertainty can, in principle, be reduced by gathering additional
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data, by implementing more rigorous quality control, or by using more sophisticated or higher-fidelity
analysis. While it is well accepted that probabilistic methods are appropriate for characterizing inherent
uncertainties, it is not as widely accepted to use a probabilistic approach to represent epistemic uncer-
tainty. In many instances, however, a probabilistic approach is justified, especially when a variable is truly
random but only limited data or expert opinion are available [1, 2].

To support the need for more-accurate simulations, analysts are developing higher-fidelity models that
more closely represent the actual behavior of the system. Finite element models in excess of 1 million
elements are not uncommon and often also involve multiple coupled physics, such as solid mechanics,
structural dynamics, hydrodynamics, heat conduction, fluid flow, transport, chemistry, and acoustics.
Even with the remarkable advances in computer speeds seen recently, simulations performed with these
high-fidelity models can take hours or days to complete for a single deterministic analysis. Because
probabilistic analysis methods, regardless of the particular method employed, require repeated determin-
istic solutions, efficient methods are needed now more than ever.

Beginning with the development of the NESSUS

 



 

 (numerical evaluation of stochastic structures under
stress) probabilistic analysis computer program [3], Southwest Research Institute (SwRI) has been
addressing the need for efficient probabilistic analysis methods for nearly 20 years. Recently, SwRI has
also focused on improving the NESSUS software to reduce the learning curve required for defining
probabilistic problems [4], to improve support for large-scale numerical models [5], and to improve the
robustness of the underlying probabilistic algorithms [6]. NESSUS can be used to simulate uncertainties
in loads, geometry, material behavior, and other user-defined random variables to predict the probabilistic
response, reliability, and probabilistic sensitivity measures of systems. Via automatic download from the
NESSUS web site (www.nessus.swri.org), hundreds of copies of the software have been distributed to
over 20 countries. Some of the applications currently being addressed by NESSUS users include aerospace
structures, automotive structures, biomechanics, gas turbine engines, weapons, geomechanics, nuclear
waste disposal and packaging, offshore structures, pipelines, and rotordynamics.

The framework of NESSUS allows the user to link probabilistic algorithms with analytical equations,
external computer programs (including commercial finite element codes), and general combinations of
the two to compute the probabilistic response of a system. NESSUS also provides a hierarchical model
capability that allows the user to link different analysis packages and analytical functions. This capability
provides a general relationship of physical processes to predict the uncertainty in the performance of the
system. The powerful NESSUS Java-based graphical user interface (GUI) is highly configurable and allows
tailoring to specific applications.

 

FIGURE 32.1  

 

Basic process of input uncertainty propagation.
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In 1995 SwRI initiated development of the DARWIN

 



 

 probabilistic analysis software. As compared
with NESSUS, which is a general-purpose probabilistic analysis code, DARWIN (design assessment of
reliability with inspection) is a tailored code for performing probabilistically based damage-tolerance
analysis of gas turbine engine rotor disks [7–9]. The software integrates finite element stress analysis,
fatigue-crack-growth life assessment, material anomaly data, probability of detection by nondestructive
evaluation (NDE), and inspection schedules to determine the probability of fracture of disks as a function
of applied operating cycles. The program also identifies the regions of the disk most likely to fail and the
risk reduction associated with inspections. DARWIN is currently being used by at least seven major
aircraft engine companies worldwide, and several of these companies have already used DARWIN in
support of FAA certification activities. In recognition of DARWIN’s technology and acceptance by
industry, the code received an R&D 100 award as “one of the 100 most technologically significant new
products of the year” in 2000.

DARWIN includes tailored probabilistic methods adapted from NESSUS technology and an integral
fracture mechanics module that includes NASGRO [10] technology. These sophisticated technology
elements are integrated within a powerful custom graphical user interface (GUI) that makes the code
extremely easy to use. DARWIN also permits ANSYS

 



 

 models and ANSYS stress results to be directly
input and displayed within the software. This, in turn, facilitates the rapid and highly efficient extraction
of relevant geometry and stress information to support the probabilistic damage-tolerance calculations.
DARWIN currently considers random variations in key input variables, including the initial defect size
and frequency, NDE probability of detection as a function of damage size, time of inspection, crack-
growth material properties, and applied stresses.

In the remainder of this chapter, an overview of the NESSUS and DARWIN codes is presented, followed
by a series of application problems. Further information on the probabilistic methods employed in
NESSUS and DARWIN can be found in the references.

 

32.2 Overview of NESSUS

 

NESSUS is a general-purpose tool for computing the probabilistic response or reliability of engineered
systems. The software was initially developed by a team led by SwRI for the National Aeronautics and Space
Administration (NASA) to assess uncertainties in critical space shuttle main engine components [11]. The
framework of NESSUS allows the user to link traditional and advanced probabilistic algorithms with
analytical equations, external computer programs including commercial finite element codes, and general
combinations of the two. Eleven probabilistic algorithms are available, including traditional methods such
as Monte Carlo simulation and the first-order reliability method (FORM) and advanced methods such as
advanced mean value (AMV) and adaptive importance sampling (AIS). In addition, NESSUS provides a
hierarchical modeling capability that allows linking of different analysis packages and analytical functions.
This capability provides a general relationship of physical processes to predict the uncertainty in the
performance of the system. A summary of the NESSUS capabilities is shown in Figure 32.2.

Most engineering structures can fail by multiple events, including multiple failure modes and compo-
nents in which the nonperformance of one or a combination of events can lead to system failure. System
reliability considers failure of multiple components of a system and multiple failure modes of a compo-
nent. System reliability assessment is available in NESSUS via a probabilistic fault-tree analysis (PFTA)
method [12]. System failure is defined through the fault tree by defining bottom (failure) events and
their combination with “AND” and “OR” gates. Each bottom event considers a single failure (component
reliability) and can be defined by a finite element model or analytical function. An example of a fault
tree defined in the NESSUS GUI is shown in Figure 32.3.

In the NESSUS GUI, an outline structure is used to define the required elements for the problem setup
and execution. The user navigates through the nodes of the outline to set up the problem, define the
analysis, and view the results. The outline structure for a typical problem is shown in Figure 32.4.

A powerful feature of NESSUS is the ability to link models together in a hierarchical fashion. In the
problem statement window, each model is defined in terms of input/output variables and mathematical
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operators. This canonical description improves readability, conveys the essential flow of the analysis, and
allows complex reliability assessments to be defined when more than one model is required to define the
overall performance. A problem statement for a simple problem is shown in Figure 32.5. The performance
referent is life (number of cycles to failure) given by an analytical Paris crack model, which requires input
from other models. In this case, two stress quantities from an ABAQUS

 



 

 finite element analysis are used
in the life equation. Functions are also supported (ABAQUS in this example) and are defined in a subsequent
screen. The function can be defined by an analytical equation, numerical model, preprogrammed subrou-
tine, or regression model. This hierarchical model capability provides a general equation form to define the
performance by linking results from numerical analysis programs and analytical equations.

 

FIGURE 32.2  

 

Summary of NESSUS 8.1 capabilities.

 

FIGURE 32.3  

 

Example of a fault tree for system reliability analysis in NESSUS.
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The random variable statistics are defined in the random variable definition window in NESSUS
(shown in Figure 32.5). Tabular input is provided for distributions requiring parameters other than the
mean and standard deviation, such as upper and lower bounds for truncated distributions. Plots of
probability density and cumulative distribution functions provide a visual check of the defined random
variable.

Any function defined in the problem statement is assigned in the response-model definition. The
available definitions include analytical, regression, numerical, and predefined. The analytical model
definition allows analytical models to be defined using standard mathematical operators. The numerical

 

FIGURE  32.4   

 

NESSUS outline structure for defining the analysis.  

 

FIGURE  32.5   

 

NESSUS problem statement window and random variable inputs.   
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model definition allows the use of finite element solvers such as ABAQUS, ANSYS, NASTRAN

 



 

, or a
user-defined model. The regression model definition allows input of function coefficients or data sets
that can be fit using linear regression to standard linear or quadratic functions. Finally, the predefined
model definition allows the user to link user-programmed subroutines with NESSUS.

 

32.3 Overview of DARWIN

 

Traditional methodologies for life prediction of gas turbine rotors and disks in aircraft jet engines are
based on nominal conditions that do not adequately account for material and manufacturing anomalies
that can degrade the structural integrity of high-energy rotors. Occasional upsets can occur during
processing of the premium grade titanium alloys used for fan and compressor rotors and disks, resulting
in the formation of metallurgical anomalies referred to as hard alpha (HA). These anomalies are nitrogen-
rich alpha titanium that are brittle and often have microcracks and microvoids associated with them.
Although rare, these anomalies have led to uncontained engine failures (Figure 32.6) that resulted in
fatal accidents, such as the incident at Sioux City, IA, in 1989. In a report issued by the FAA after the
accident in Sioux City [13], it was recommended that a probabilistic damage-tolerance approach be
implemented to explicitly address HA anomalies, with the objective of enhancing the conventional rotor
life management methodology. This enhancement is intended to supplement, not replace, the current
safe-life methodology.

In order to account for these anomalies, the Rotor Integrity Subcommittee (RISC) of the Aerospace
Industries Association (AIA) recommended adoption of a probabilistic damage-tolerance approach to
supplement the current safe-life methodology. The recommendation led to the development of a com-
puter program called DARWIN, developed in collaboration with General Electric Aircraft Engines,
Honeywell, Pratt & Whitney, and Rolls-Royce Allison [8, 9, 14]. DARWIN is a computer program that
integrates finite element stress analysis, fracture mechanics analysis, nondestructive inspection simulation,
and probabilistic analysis to assess the risk of rotor fracture. It computes the probability of fracture as a
function of flight cycles, considering random defect occurrence and location, random inspection sched-
ules, and several other random variables. Both Monte Carlo simulation and advanced fast integration
methods are integral to the probabilistic driver. A fracture mechanics module, called Flight_Life [15],

 

FIGURE 32.6  

 

Rare metallurgical anomalies can lead to uncontained engine failures. (From National Transportation
Safety Board, Aircraft Accident Report: United Airlines Flight 232 McDonnell Douglas DC-10-10 Sioux Gateway
Airport, Sioux City, Iowa, July 19, 1989, NTSB/AAR-90/06, NTSB, Washington, DC, 1990. With permission.)
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is also incorporated into the code. In addition, a user-friendly graphical user interface (GUI) is available
to handle the otherwise difficult task of setting up the problem for analysis and viewing the results. An
overview of the DARWIN computer program is shown in Figure 32.7.

DARWIN provides several sampling-based probabilistic analysis alternatives to predict the life of disks
subjected to periodic inspection [16, 17]. Monte Carlo simulation provides accurate results, but it is
inefficient because the failure limit state must be evaluated for each random sample using a fatigue-crack-
growth algorithm. The life approximation function (LAF) in DARWIN creates deterministic life and
crack-size arrays for a family of initial defects. During Monte Carlo simulation, the failure limit state is
evaluated for each random sample using values interpolated from the deterministic arrays, thereby
improving computational efficiency. The DARWIN importance sampling (IS) method focuses analysis
on the initial conditions (defect size and other random variables) that would result in lives shorter than
the specified design life. This approach reduces the size of the analysis region and may be significantly
more efficient than Monte Carlo simulation. Recent enhancements [18, 19] provide additional compu-
tational efficiency.

The announcement of FAA Advisory Circular 33.14-1 (Damage Tolerance for High Energy Turbine
Engine Rotors) [20] adds a new probabilistic damage-tolerance element to the existing design and life
management process for aircraft turbine rotors. Use of DARWIN is an acceptable method for complying
with AC33.14-1 and has the potential to reduce the uncontained rotor disk failure rate and identify
optimal inspection schedules.

 

32.4 Application Examples

 

The NESSUS and DARWIN software have been used to predict the probabilistic response for a wide
range of problems. Several problems are presented in this section to demonstrate the utility and flexibility
of the codes and illustrate the current developments to support efficient probabilistic model development
and support for large-scale problems.

 

32.4.1 Gas Turbine Engine Rotor Risk Assessment

 

Consider the aircraft rotor disk shown in Figure 32.8. The design life of the disk is 20,000 flight cycles.
Internal stresses and temperatures are identified using finite element analysis based on operational loading

 

FIGURE 32.7  

 

Overview of DARWIN probabilistic fracture mechanics computer program.
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conditions. Five primary random variables are considered for probabilistic analysis. The main descriptors
for three of these variables (stress scatter, life scatter, and inspection time) are indicated in Table 32.1.
For the remaining two variables (defect area, probability of detection [POD]), empirical distributions
(AIA POST95-3FBH-3FBH defect distribution, #3 FBH 1:1 Reject Calibration POD Curve) found in
AC33.14-11 [20] were used for probabilistic fatigue life predictions. A total of 44 zones were used to
model the disk. Additional details regarding the selection of random variables and associated distributions
can be found in the literature [21, 22].

Failure probability results from DARWIN are shown in Figure 32.9 (100 samples per zone). It can be
observed that the mean disk failure probability is below the target risk value specified by the FAA Advisory

 

FIGURE  32.8   

 

Aircraft rotor disk application — cross section.

 

TABLE 32.1

 

Titanium Aircraft Rotor Application Example — Random Variables

 

Random Variable Median      COV (%) Distribution

 

Stress scatter 1.0 20 lognormal
Life scatter 1.0 40 lognormal
Inspection time 10,000 cycles 20 normal 

 

FIGURE 32.9  

 

Upper confidence bounds on disk risk results for fixed number of zones initially do not satisfy FAA
target risk [18].
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). However, the upper confidence bound result (no inspection) is well above the
target risk, so variance reduction is needed. As shown in Figure 32.10, the desired variance reduction
can be achieved by increasing the number of samples in each zone to 100,000. However, this requires a
total of over 4 million samples for the disk.

In Figure 32.11, a comparison of the confidence bounds vs. number of disk samples is shown for
three sample allocation approaches: uniform (i.e., same number of samples in all zones), RCF (risk
contribution factor), and optimal (see[18] for further details). For a specified number of samples, it
can be observed that, compared with the uniform approach, the confidence bounds are narrower for
the RCF and optimal approaches. The target risk can be achieved with the RCF and optimal
approaches with approximately 40,000 samples (over 4 million samples are required for the uniform
approach). It is interesting to note that the optimal method converges only slightly faster than the
RCF approach.

 

FIGURE 32.10  

 

Increasing the number of zone samples reduces variance but is computationally expensive [18].

 

FIGURE 32.11  

 

Comparison of three disk-variance-reduction techniques: uniform, RCF, optimal [18].
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32.4.2 Life Distribution of an Aircraft Lever 

 

The example problem is a lever that is representative of a critical aircraft structural component. A
deterministic analysis of a similar lever was completed for a future military aircraft using standard
methods of mechanical analysis. The lever transfers load between an actuator and a control surface and
must survive extreme, limit, and normal operating loads without exceeding ultimate, yield, or fatigue
strengths. A deterministic analysis may assume that all geometric variables are at the weakest extremes
while loads are at their highest levels. The predicted stresses associated with the different load cases must
be less than A-Basis material strengths, as defined in MIL-HDBK-5.

The finite element (FE) model of the lever showing deterministic stress contours is shown in Figure 32.12.
The model consists of 44,844 degrees of freedom. Each analysis requires approximately 20 min on an
HP 700 series workstation.

The random variables for the problem are listed in Table 32.2. The first two random variables affect
the finite element model geometry. The hole location and radius random variables are shown in
Figure 32.12. The tolerance for each dimension is assumed to be 

 

±

 

0.01 in., which represents three standard
deviations from the mean.

The load is assumed random and models the worst-case tensile and compression loads through the range
of motion of the lever. These loading extremes provide the stress range used for the fatigue-life computations.

The example considers the distribution of fatigue life based on S-N data for AerMet100, shown in
Figure 32.13. The equation for fatigue life was developed based on the data 

log(N) 

 

=

 

 26.4 

 

−

 

 9.16 • log(
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(32.1)

where N is the cycles to failure, 

 

σ

 

max

 

 is the maximum principal stress, R is the ratio of the maximum and
minimum stress, and 

 

ψ

 

 is the scatter factor based on regression of the S-N data (Figure 32.13).
This problem requires linking a finite element model with several analytical relationships. First, the

compressive load is defined as a function of the tensile load input. Both the tensile and compressive loads
are mapped to the ABAQUS finite element model of the ABAQUS lever, which returns the minimum
and maximum stresses at the critical location. These stresses are then used to compute the fatigue life of
the lever, as shown in Figure 32.14. 

 

 

 

FIGURE 32.12  

 

Finite element model, stress contours, and random variables for the aircraft lever example.

 

TABLE 32.2

 

Random Variables for Aircraft Lever Example Problem

 

Name    Mean Standard Deviation Distribution Type

 

Hole location (in.) 0.0 0.003333 normal
Radius (in.) 0.8 0.003333 normal
Operating load (ksi) 4.9 0.98 normal
S-N scatter 0 0.6 normal

−3σ +3σ
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R = 0.80 ± 0.01

X = 0 ± 0.01
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Thirteen points of the cumulative distribution function (CDF) were computed using the AMV

 

+

 

method and required 101 ABAQUS FE analyses (approximately 35 CPU hours on a 700 series HP
workstation). The AMV

 

+

 

 CDF is shown in Figure 32.15 and is compared with 100 Monte Carlo samples.
The Monte Carlo solution provides points on the CDF between approximately 0.01 and 0.99. For about the
same computational effort, the AMV

 

+

 

 solution provides a CDF range of 10

 

−

 

5

 

 to 0.999 that covers the tail
probabilities where the designer is most interested. The AMV

 

+

 

 CDF compares well with these limited
Monte Carlo samples. Based on AMV

 

+

 

 results, the probability is 99.994% that the fatigue life of the lever
will be at least 1 million cycles.

An important output of the probabilistic analysis is the probabilistic importance factors, which identify
the variables that contribute the most to the reliability of the design (Figure 32.16). Closely related to
the importance factors are the probabilistic sensitivity factors that describe the sensitivity of the computed
probability of failure with respect to a change in the mean value or the standard deviation of each random
variable. These sensitivity factors are shown in Figure 32.17 and allow the designer to evaluate the effect
of the probability of failure due to a change in a design parameter. For this example, little importance is
observed on the radius and hole location, and these may be reviewed for manufacturing process changes
that may lead to loosening of tolerances and possible cost reduction. The importance of the scatter on
the fatigue life suggests that it would be worthwhile to invest in improved characterization of this variable
or to obtain a cleaner material.

Another failure mode of interest is exceeding the yield stress when the lever is subjected to the limit
loading condition. The problem description is similar to the previous problem, except that the performance

 

FIGURE 32.13  

 

S-N curve for AerMet100 with 3

 

σ

 

 bounds.

 

FIGURE 32.14  

 

NESSUS problem statement for aircraft lever life model.
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is now defined by the yield stress not being exceeded when the lever is subjected to the limit load condition.
The problem statement and random variable definitions are shown in Figure 32.18.

The predicted reliability using the AMV

 

+

 

 method for the lever when subjected to the limit load is
99.999%. The sensitivity factors can be quickly viewed and exported from NESSUS, as shown in Figure 32.19.

 

32.4.3 Crankshaft Reliability

 

The crankshaft in an internal combustion engine is subjected to hundreds of millions of cycles of loading in
its lifetime. High cycle fatigue under bending and torsional loading is a common failure mode in a crankshaft.
The reliability of the crankshaft is predicted using NESSUS linked with the ANSYS finite element analysis
program. This work is a continuation of a crankshaft reliability analysis performed by Shah et al. [23].

The model is a three-dimensional, parametric model of a single crank throw. Key parametric features
in the ANSYS finite element model include the crank fillet radius and the pin fillet radius. The finite
element model is shown in Figure 32.20.

Fatigue cracks usually initiate near the crank fillet region and propagate across the web under the
crankshaft under bending and torsional loading. A stress life approach based on a Goodman diagram is

 

FIGURE 32.15  

 

Cumulative distribution function for aircraft lever life model.

 

FIGURE 32.16  

 

Probabilistic sensitivity factors for aircraft lever life model.
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used to develop the failure criteria and compute the fatigue margin. Failure is assumed when the fatigue
margin is less than 1.0. The loading on the crankshaft during its entire cycle was evaluated, and the two
crank angles that gave the worst fatigue loading were chosen for further analysis. The appropriate bending
and torsional loads on the crankshaft are applied for these two load conditions and are considered as
random variables (connecting rod force 1, force 2, and torque). The mean and alternating stresses are
computed from these two load steps, and the Goodman diagram is used to evaluate the fatigue margin.
The fatigue margin using the mean and alternating stress is computed directly in ANSYS. The random
variables include the key geometric variables, loading, and fatigue properties as listed in Table 32.3.

The advanced mean value method is used to solve for the reliability and compute probabilistic
sensitivity information. The probability of failure was computed to be 4% (the probability that the fatigue
margin is less than 1.0). The probabilistic sensitivity factors are shown in Figure 32.21. From the figure,
the torque and the endurance limit contribute most to the probability of failure. It is also clear that the
crank and fillet radii have little influence on the probability of failure. These two parameters may be
considered for manufacturing process changes by loosening tolerances to potentially cut costs.

 

FIGURE 32.17  

 

Sensitivity with respect to distribution parameters for aircraft lever life model.

 

FIGURE 32.18  

 

NESSUS problem statement for aircraft lever yield model.
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32.4.4 Cervical Spine Impact Injury

 

Cervical spine injuries occur as a result of impact or from large inertial forces such as those experienced
by military pilots during ejections, carrier landings, and ditchings. Other examples include motor vehicle,
diving, and athletic-related accidents. Reducing the likelihood of injury by identifying and understanding
the primary injury mechanisms and the important factors leading to injury motivates research in this area.

Because of the severity associated with most cervical spine injuries, it is of great interest to design
occupant safety systems to minimize probability of injury. To do this, the designer must have quantified
knowledge of the probability of injury due to different impact scenarios, and also know which model
parameters contribute the most to the injury probability. Stress analyses play a critical role in under-
standing the mechanics of injury and the effects of degeneration as a result of disease on the structural

 

FIGURE 32.19  

 

Probabilistic sensitivity factors for yield failure for aircraft lever life model.

 

FIGURE 32.20  

 

ANSYS finite element model of a crankshaft.

 

TABLE 32.3

 

Random Variables for the Crankshaft Reliability Analysis

 

Name Mean COV(%) Distribution

 

Crank fillet radius, Rc (mm) 13 0.5 normal
Pin fillet radius, Rp (mm) 11.5 0.5 normal
Connecting rod force 1, F1 (kN) 802 2 normal
Connecting rod force 2, F2 (kN) 11.8 2 normal
Torque, T (kN

 

⋅

 

m) 90 30 normal
Endurance strength, SIGe (MPa) 300 10 lognormal
Ultimate strength, SIGu (MPa) 1400 10 lognormal
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performance of spinal segments, and finite element analysis (FEA) is the method of choice to conduct
these analyses. However, in many structural systems, there is a great deal of uncertainty associated with
the environment in which the spine is required to function. This uncertainty has a direct effect on the
structural response of the system. Biological systems are an archetype example: uncertainties exist in the
physical and mechanical properties and geometry of the bone, ligaments, cartilage, joint and muscle loads.
Hence, the broad objective of this investigation is to explore how uncertainties influence the performance
of an anatomically accurate, three-dimensional, nonlinear, experimentally validated finite element model
of the cervical spine.

An experimentally validated three-dimensional finite element model of the C4-C5-C6 spinal segment
developed at the Medical College of Wisconsin [24] was used to calculate the structural response of the
lower cervical spine and to quantify the effect of uncertainties on the performance of the biological system
[25]. The load-deflection response was validated against experimental results from eight cadaver speci-
mens [26]. The moment–rotation response of the finite element model was validated against experimental
results reported in the literature [27]. The model is shown in Figure 32.22.

Efficient probabilistic methods were used to calculate the probabilistic response of the cervical spine
finite element model [28]. Biological variability was accounted for by modeling material properties and

 

FIGURE 32.21  

 

Probabilistic sensitivity factors for the crankshaft analysis.

 

FIGURE 32.22  

 

Probabilistic cervical motion segment model (C4–C6).
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spinal segment loading as random variables (Table 32.4). Where available, actual experimental data were
used to generate the random variable definitions (e.g., the spinal ligaments’ load-deflection behavior).

The probabilistic finite element model was exercised under flexion (chin down) loading by applying
a pure bending moment of 2 N-m to the superior surface of the C4 vertebra. The inferior surface of the
C6 vertebra was fixed in all directions. The resulting moment–rotation behavior was quantified by
determining the rotation between the superior aspect of C4 and the fixed boundary of C6 and monitoring
the reaction forces at the fixed boundary condition. Cumulative probability distribution functions,
probability distribution functions, and probabilistic sensitivity factors were determined [27].

The probabilistic rotation response had an approximate mean of 3.82° and a standard deviation of
0.38°, resulting in a coefficient of variation of 10%. The cumulative distribution function (CDF) for
rotation is shown in Figure 32.23. The CDF is used to determine probabilities directly, e.g., the cumulative
probability at 4.2° is 82%.

Another useful output from the analysis is the probabilistic sensitivity factors. These sensitivities
indicate which variables contribute the most (and the least) to the failure probability. The loading
(FLEXLOAD) is the dominant variable (removed from the plot for clarity). Figure 32.24 shows the
sensitivity information for the eight most significant random variables with FLEXLOAD removed so that
the other variables can be seen more clearly. Not including FLEXLOAD, the most important variables
are the: (1) annulus C45 and C56 Young’s modulus, (2) interspinous ligament nonlinear spring force-
deflection relationship, and (3) ligamentum flavum nonlinear spring force-deflection relationship. These
results can be used to eliminate unimportant variables from the random variable vector and to focus
further characterization efforts on those variables that are most significant.

The probabilistic methods used herein were initially developed for aerospace applications and are
broadly applicable. Their use is warranted in situations where uncertainty is known or believed to have
significant impact on the structural response. Furthermore, if an appropriate failure or injury metric
is defined, the probability of failure or injury can be quantified. This emphasizes the additional infor-
mation and advantage of performing a probabilistic analysis as compared with a deterministic analysis.
For example, the cumulative probability at 4.2° rotation is 82%; thus, if failure is assumed when rotation

TABLE 32.4 Material Properties and Segment Loading Were Defined as Random Variables to Account
for Biological Variability

No. Name Description No. Name Description

  1 MALLRV Anterior longitudinal ligament
deflection relationship

 16 A56E Annulus C56 Young’s
modulus

  2 MPLLRV Posterior longitudinal ligament
deflection relationship

 17 LM56E Lusckha membrane C56
Young’s modulus

  3 MISRV Interspinous ligament nonlinear spring 
force-deflection relationship

 18 SM456E Synovial membrane C45/C56
facet Young’s modulus

  4 MCLRV Capsular ligament nonlinear spring
force-deflection relationship

 19 NP45FD Nucleus pulposus C45
fluid density

  5 MFLRV Ligamentum flavum nonlinear spring
force-deflection relationship

 20 NP56FD Nucleus pulposus C45
fluid density

  6 C45AREA 45 disc cross-sectional area (rebar element)
inner/middle/outer and in/out

 21 FSF45FD Facet synovial fluid C56
fluid density

  7 C56AREA 56 disc cross-section area (rebar element)
inner/middle/outer and in/out

 22 FSF56FD Facet synovial fluid C56
fluid density

  8 C4PE C4 posterior Young’s modulus  23 LJ45FD Luschka’s joint C45 fluid density
  9 C5PE C5 posterior Young’s modulus  24 LJ56FD Luschka’s joint C56 fluid density
10 C6PE C6 posterior Young’s modulus  25 CORTE Cortical Young’s modulus
11 C4CE C4 cancellous Young’s modulus  26 ENDPE Endplate Young’s modulus
12 C5CE C5 cancellous Young’s modulus  27 CARTE Cartilage Young’s modulus
13 C6CE C6 cancellous Young’s modulus  28 FIBRE Fiber Young’s modulus
14 A45E Annulus C45 Young’s modulus  29 FLEXLOAD Flexion loading
15 LM45E Lusckha membrane C45 Young’s modulus

1180_C32.fm  Page 16  Friday, August 13, 2004  5:23 PM



Applications of Reliability Assessment 32-17

exceeds 4.2°, the probability of failure is 1 − 0.82 = 18%. With the mean value analysis, the computed
rotation is less than the rotational failure limit (3.8° vs. 4.2°), thus indicating a noninjurious condition.
However, as noted, by performing a probabilistic analysis, the likelihood or probability of exceeding
the injury threshold is quantified (18%).

Progress in probabilistic biomechanics depends critically upon development of validated deterministic
models, systematic data collection and synthesis to resolve probabilistic inputs, and identification and
classification of clinically relevant injury modes. Future work in this area should include development
of a high-fidelity continuum cervical spine model for assessing the combined likelihood of vertebral
fracture, ligament sprain, and disc rupture. Additionally, research is needed to integrate random process
loading and random field representations of geometrical variations and initial configuration into the
probabilistic model. To be directly useful in design, the probabilistic methodology must be integrated
into an occupant-safety design tool such that the sensitivity of design (controllable) parameters are related
to probability of injury.

FIGURE 32.23  Cumulative distribution function and probability distribution function of the rotation response of
the lower cervical spine segment subjected to pure flexion loading.

FIGURE 32.24  The eight most influential random variables for the rotation response of the lower cervical spine
segment subjected to pure flexion loading (normalized scale on ordinate; variable FLEXLOAD removed for clarity).
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32.4.5 Tunnel Vulnerability Assessment

Tunnels are ideally suited for storage and protection of high-value military assets, such as aircraft, material
reserves, munitions, weapons of mass destruction, and control centers. The natural hardening provided
by the surrounding geology renders tunnels in rock extremely difficult to attack and disable. Because
construction costs are relatively low compared with aboveground facilities, the number of tunnels world-
wide has grown significantly in recent years. Having the ability to functionally disrupt the activities in
many of these tunnels has become one of the military’s primary missions in the post Cold War era.

The probabilistic tunnel vulnerability assessment (PVTA) involves a tunnel built into a sloped, mul-
tilayered geology as shown in Figure 32.25. The tunnel vulnerability is measured as the probability that
the tunnel will no longer be functional either by blocking ingress/egress or damaging equipment by
airblast or fragmentation. The problem is solved by linking NESSUS with several analysis programs,
including the PRONTO explicit dynamic finite element program. Additional details about this analysis
can be found in the literature [29, 30].

Two scenarios are shown in Figure 32.25: one in which the weapon penetrates into the tunnel and
another in which the weapon stops in the geology. Model inputs are listed in Table 32.5

The vulnerability of the tunnel is defined as the total probability of kill (Pk) considering all potential
failure modes and their respective interactions. For the system analysis, a probabilistic fault tree (PFTA)
is used to define the linkage between the bottom events through “OR” and “AND” gates. The PFTA
method employs actual tunnel response models for each bottom event. Thus, correlations between failure
modes due to common random variables are fully accounted for.

The probabilistic fault tree employed in the tunnel vulnerability assessment is shown in Figure 32.26.
Note that each of the three failure modes is separated into distinct target response and weapons effects
bottom events.

The NESSUS code integrated with the damage models was used to compute Pk for the three failure
modes separately, as shown in Figure 32.27a. The comminution failure probability increases as
the aimpoint is increased until hitting a maximum at X = 8 m, at which point Pk begins to decrease. The
airblast and fragmentation failure probabilities decrease monotonically as the aimpoint is increased. The
optimum aimpoint for these two failure mechanisms is at X = 0 m.

The system Pk computed using the NESSUS PFTA method is shown in Figure 32.27b. The curve labeled
“assumed independent” is obtained by assuming that the component failure probabilities in Figure 32.27a
are statistically independent, which does not account for common random variables between events.

FIGURE 32.25  Conceptual model for the probabilistic tunnel vulnerability analysis.
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The other curve shows the results from the PFTA, in which the correlations between the individual failure
modes are properly accounted for. The independent-event assumption predicts the optimum aimpoint
to be at X = 0 m rather than at X = 8 m when correlations are accounted for. Thus, assuming independence
can lead to significant error, depending on the degree of correlation between failure modes.

Another useful product of the NESSUS PFTA analysis is the identification of which failure modes and
input parameters contribute most and least to the system Pk. The sensitivity of Pk with respect to changes

TABLE 32.5 Probabilistic Tunnel Vulnerability Model Inputs

Random Variable Identifier Mean Value COV (%) Distribution

Layer 1 thickness t1 0.5 m 25 lognormal
Layer 1 S number s1 10 20 lognormal
Layer 2 thickness t2 1.0 m 25 lognormal
Layer 2 S number s2 6 20 lognormal
Layer 3 thickness t3 2.0 m 25 lognormal
Layer 3 S number s3 2 20 lognormal
Layer 4 thickness t4 5.0 m 25 lognormal
Layer 4 S number s4 1.5 20 lognormal
Layer 5 thickness t5 7.0 m 25 lognormal
Layer 5 S number s5 1 20 lognormal
Layer 6 S number s6 0.8 20 lognormal
Slope angle θ 33.81° 21 lognormal
Weapon initial velocity Vp 335 m/sec 10 lognormal
Modeling error B 1.0 10 normal
Miss in X-direction XMISS 0 (σ = 2.37 m) normal
Miss in Y-direction YMISS 0 (σ = 2.23 m) normal
Aimpoint X variable   0
Retaining wall height h 3 m   0
Tunnel radius R 2 m   0
Weapon mass Mp 8.9 kN   0
Damage function curve-fit coeffs. Ci variable   0
Rock fracture stress TCUT 20 MPa 10 normal
Equiv. plastic volume failure strain EPVFS −0.05% 10 normal
Weapon yield Vscale 1.0 10 normal

FIGURE 32.26  Probabilistic fault tree for the tunnel vulnerability analysis for three failure modes.
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in the mean and standard deviation of the input parameters are shown in Figure 32.28a and b, respectively.
From the figure, the mean value of the tensile strength (TCUT) along with several other geologic
parameters contribute significantly to the Pk. Figure 32.28a shows that the standard deviation of the
penetrator initial velocity as well as several geologic parameters are important.

The importance of the three failure modes at two different aimpoints is shown in Figure 32.29. At
X = 0 m, the probability of the weapon detonating inside the tunnel is high, thereby resulting in a
relatively high Pk due to fragmentation and airblast. At X = 5 m, the detonation is more likely to occur
in the rock near the tunnel, which results in a high contribution by the comminution (and rock fall)
failure mode.

Important findings revealed by the probabilistic systems analysis include: (1) the system model is
efficient and easily adapted for component failure models of any sophistication; (2) the deterministic
optimum aimpoint is, in general, different from the probabilistic optimum aimpoint; and (3) assuming

FIGURE 32.27  Pk vs. aimpoint for the three failure modes: (a) considered separately and (b) combined.

FIGURE 32.28  Probabilistic sensitivity factors for the tunnel vulnerability analysis with respect to mean and stan-
dard deviation. Variables with sensitivity less than 0.1 have been omitted for clarity.
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the component failure modes to be independent leads to an incorrect probability of kill and optimum
aimpoint location.

32.4.6 Orthopedic Implant Cement Loosening

Computational analysis methods such as finite element analysis are widely accepted in orthopedic
biomechanics as an important tool used in the design and analysis of total joint replacements and
other orthopedic devices. Much research in the use of computational methods in total hip arthroplasty
(THA) has been used to improve the overall reliability (or some specific aspect of reliability) of
orthopedic implants [31]. However, the actual probability of failure is not computed per se; rather,
only quantities such as the stresses in the bone cement or at the implant-cement interface are computed
and compared with a measure of the cement or interface strength in order to estimate the risk of
failure. The objective of this investigation is to quantify the probability of failure of a cemented implant
system in terms of specific failure modes. Model parameters such as the applied loads, material
properties, and material strengths are modeled as random variables to account for the uncertainty and
variability.

Advanced structural reliability methods were used to quantify the probability of failure of the cemented
femoral component of a hip implant system [32]. Both failure of the bulk bone cement and failure of
the cement–implant interface were investigated. For bulk cement failure, four performance functions are
investigated:

1. Compressive failure: 

(32.2)

2. Shear failure:

(32.3)

3. Fatigue failure:

(32.4)

4. SED fracture criteria:

(32.5)

FIGURE 32.29  Failure mode probabilistic sensitivity for two different aimpoints.
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For the bone cement–implant interface failure, two performance functions are investigated:

1. Interface tensile failure:

(32.6)

2. Interface shear failure:

(32.7)

where R is a random variable describing the critical strength limit of the cement, and S(X) is the computed
response measure in the cement computed from a three-dimensional finite element model. Values of R are
determined from the literature (Table 32.6). The cement responses were the minimum principal stress (Sσ1),
maximum Tresca stress (STr), the maximum von Mises (SVM) stress, and the strain energy density (SED).

The three-dimensional finite element model [33] of a femur-implant system shown in Figure 32.30
was used to calculate the structural response (S(X)) of the implant system. The NESSUS probabilistic
software was used to compute the probabilistic response. The variables listed in Table 32.7 were modeled
as random variables.  

For all failure criteria considered, the computed model response is less than the limit strength, indi-
cating a deterministically safe design. However, the effect of variability is demonstrated in the probability
of failure predictions. The most likely mode of bulk cement failure is local cement fatigue failure (pf =
0.448 or 44.8%) in the region with the highest von Mises stress (see Figure 32.31). The differences in

TABLE 32.6 Probabilistic Cemented Implant Failure Model Variables

Variable Mean Std. Dev. COV(%) Distribution

Cement shear strength Mpa 30.0 2.7 9.0 normal
Cement compression strength Mpa 81.4 2.14 2.6 normal
SEDcr (kJ/m3) 75.7 7.57 10.0 normal
Cement fatigue limit (MPa) a 10.81 4.47 41.3 lognormal
Cement fatigue limit (MPa) b 10.17 3.9 38.4 lognormal
Cement fatigue limit (MPa) c 7.98 4.32 54.1 lognormal
ITS: early (MPa) 11.7 3.9 33.3 lognormal
ITS: dough (MPa) 7.9 1.6 20.3 lognormal
ISS (MPa) 33.3 17.6 52.9 lognormal

a Simplex P. b Zimmer LVC. c Zimmer Regular.

FIGURE 32.30  Finite element model of femur implant.
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reported fatigue limit stress for different cements significantly affects the computed probability of failure.
An increase in the mean fatigue limit stress of 22% results in a 52% decrease in computed probability
of failure (Zimmer Regular vs. Zimmer LVC). A 5.9% increase in the mean fatigue limit stress results in
an 8.9% decrease in the probability of failure (Zimmer LVC vs. Simplex P). It should be noted, however,
that the mean value, the standard deviation, and the probability distribution type of the random variable
all contribute to the probability of failure. The computed probabilities of failure using the other failure
criteria were negligibly small compared with the probability of cement fatigue failure. As with the bulk
failure mode, the computed response for the interface failure criteria is less than the limit strength,
indicating a deterministically safe design. However, the computed probability of failure is finite. Interface
shear failure is more likely than interface tensile failure (Table 32.8). An increase in the tensile bonding
strength from 7.9 MPa to 11.7 MPa (32% increase) results in a reduction of the probability of failure
from 0.135 to 0.065 (52% reduction).

Probabilistic analysis methods offer a systematic technique to incorporate and account for variability
and uncertainty in orthopedic systems and assess their impact on the biomechanical performance of
these systems. System performance can be explicitly quantified in terms of risk of failure, and the
important random variables can be identified so that limited resources can be better utilized by focusing
on those variables that have the greatest impact on the implant’s long-term reliability. In addition,
probabilistic methods can be incorporated into a design framework in which the uncertainties are
explicitly accounted for and the design goal is either to maximize implant reliability or to minimize the
effect of variability.

TABLE 32.7 Probabilistic Cemented Implant Model Variables

Variable   Mean Std. Dev. COV(%) Distribution

Cortical bone E (Gpa) 20.3 2.3 11.3 lognormal
Cancellous bone E (GPa) 0.0 0.1 10.0 normal
Bone cement E (GPa) 1.95 0.15 7.7 lognormal
Joint load X (N) 1492.0 237.23 15.9 lognormal
Joint load Y (N) 915.0 408.09 44.6 lognormal
Joint load Z (N) 2925.0 731.25 25.0 lognormal
Muscle load X (N) 1342.0 335.5 25.0 lognormal
Muscle load Y (N) 832.0 208.0 25.0 lognormal
Muscle load Z (N) 2055.0 513.75 25.0 lognormal

FIGURE 32.31  Probabilistic risk of failure results — cement–implant interface failure mode.
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32.4.7 Explosive-Actuated Piston-Valve Assembly

Enhanced evaluation capabilities are needed to determine the effect of possible anomalies that may arise
in a weapon, e.g., due to aging mechanisms, and assess its performance, safety, and reliability. Experi-
mental data and validated numerical models must be employed in determining the reliability of weapon
components, including the weapon system. The validated numerical models must be based on accurate
information regarding the component’s geometry and material properties, e.g., in an aged condition.
Once these variables are known, extrapolation of potential lifetime of the weapon can be computed with
quantified accuracy and confidence.

The valve actuator uses a small amount of lead-styphnate explosive powder to propel a 0.5-in. (nom-
inal) diameter piston down the valve barrel. An electrical signal is passed through a bridge-wire in the
actuator, which in turn heats the lead-styphnate explosive, initiating a burn. The pressure buildup from
the deflagration, within the actuator void space, exceeds the strength of a thin stainless steel diaphragm
and subsequently allows the pressurized gas to expand and propel the piston down the valve barrel. An
axisymmetric representation is shown in Figure 32.32.

Material characterization performed on both the valve body material 21-6-9 and Carpenter 455
stainless steel fall within the minimum specified properties. Structural failure of the piston constitutes a
360° fracture of the cutter ring (i.e., skirt) upon impact with the valve body ledge. Three possible failure
conditions exist: (1) ductile failure due to the magnitude of net-section plastic strains at the failure strain
of the material; (2) brittle fracture due to applied stress intensity factor at the crack tip and the material’s

TABLE 32.8 Probabilistic Cemented Implant Probability of Failure Results

Failure Mode Failure Criteria Probability of Failure, pf

Bulk cement Compression failure >1.00 E−6
Shear failure 0.000015
Fatigue failure Simplex P 0.195

Zimmer LVC 0.214
Zimmer Reg. 0.448

SED 0.0036

Interface Tensile failure Early IFT 0.065
Tensile failure Dough IFT 0.135
Int. shear failure 0.408

FIGURE 32.32  Axisymmetric representation of valve/piston and cutter bar assembly.
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fracture toughness; and (3) bimodal failure from ductile-to-brittle transition caused by void growth
progressing to fracture.

Table 32.9 depicts the random variables used in this analysis along with the respective distributions.
Impact loading parameters, such as initial velocity and reaction-product back-pressure, are normally
distributed. Further analysis of lead-styphnate reaction is required to determine an accurate character-
ization of the burn-exponent and burn-constant parameters for better approximations of the loading
distributions. Nevertheless, the distributions shown in Table 32.9 for the burn variables are considered
acceptable.

Piston and valve material properties were assigned a lognormal distribution, which is consistent with
material manufacturing observations. The piston cutter-ring thickness variation is shown in Figure 32.33,
with the distribution as presented in Table 32.9.

The finite element analysis was performed using the ABAQUS/Explicit software. Three separate meth-
ods of probabilistic analyses were conducted to determine the efficiency and accuracy of the reliability
algorithms within NESSUS. These were, MV (mean value), AMV (advanced mean value), and LHS (Latin
hypercube sampling). The LHS method was included to verify the accuracy of AMV without performing
a full Monte Carlo analysis to the ±3σ levels. 

The information shown in Figure 32.34 represents the importance (i.e., sensitivity) of each random
variable to the overall probability of exceeding the plastic shear strain, postulated to cause structural
failure for the component. The most important variables leading to prediction of structural failure are
(1) flow characteristics of piston, (2) flow characteristics of valve, (3) impact velocity, and (4) cutter-ring
thickness. Of course, to a certain degree, the other random variables are important, although they may,

TABLE 32.9 Random variable input for the explosive actuated cutter bar assembly.

Part Name Mean Standard Deviation Distribution

Piston Ep (psi) 29.0 E6 6.67E5 Lognormal
SYP (psi) 235775.0 23477.5 Lognormal
EHP (psi) 96375.0 9637.5 Lognormal
Mp (g) 12.0 0.23 Normal
Geometry 0.055 0.0022 Normal

Valve EV (psi) 29.0E6 6.67E5 Lognormal
SYV (psi) 45000.0 4500.0 Lognormal
EHV (psi) 209840.0 20984.0 Lognormal

Inertial VI (in/s) −2750.0 131.0 Normal
PRP (psi) 12000.0 1200.0 Normal

FIGURE 32.33  Piston ring thickness variability.

H

H         tc      Area (in.2)

tc

Min 0.048 0.034 0.0537
Nom 0.069 0.049 0.0769
Max 0.085 0.060 0.0950

Note:  Shear area
measured in the
vertical plane.
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in and of themselves, not lead to structural failure. Each component’s Young’s modulus, however, appears
insignificant to the overall probabilistic response. As such, these two random variables could, in effect,
have been maintained as deterministic variables without loss of generality in the results, thus reducing
the number of finite element analyses conducted under MV, AMV.

Figure 32.35 gives the cumulative distribution functions (CDF) depicting the probability for the
standard normal variate as a function of exceeding the plastic shear strain limit. The limit state (or
g-function) is the failure strain of the material minus the computed strain from the finite element model.
Thus, the g-function is the following:

g(X) = z0 − Z(X) (32.8)

where Z(X) is the computed plastic shear strain and z0 is the maximum allowable plastic shear strain. As
shown, the AMV and LHS results follow closely throughout the CDF. Especially in regions away from
the mean and nearing the ±3σ levels, the AMV results are nearly identical to the LHS solution.

Figure 32.36 shows similar information as in Figure 32.35, but it is based on the standard normal
variate probability function. The ordinate plots the standard deviations from the mean, while the abscissa
plots the actual total strain from the FEA model. Therefore, at the mean (µ) or at a standard deviation
of zero (σ = 0), the obtained result is that of exceeding 30% plastic shear strain.

FIGURE 32.34  Importance factor for exceeding plastic shear strain.
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FIGURE 32.35  Cumulative distribution function for exceeding plastic shear strain.
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The number of finite element model solutions necessary for the MV, AMV, and LHS is shown in Table
32.10. It is evident from Figure 32.36 and Table 32.10 that the AMV method is quite efficient as compared
with the LHS. The MV results appear to deviate into physically inadmissible regions, such that it predicts
absolute-value shear strains that are negative. However, these are actually unconverged results that are
corrected by the AMV method. The powerful and efficient methods employed in NESSUS make it
extremely attractive in solving large models with the minimum number of numerical solutions.

Figure 32.37 shows a contour plot of the probability of exceeding 60% strain. This plot was generated
by computing the probability of exceeding 60% strain at every node in the mesh and then plotting the

FIGURE 32.36  Standard normal cumulative distribution function for exceeding plastic shear strain.

TABLE 32.10 Number of Finite Element Analysis Solutions

Method FEA Runs

MV   65
AMV     9
LHS 500

FIGURE 32.37  Probability of exceeding 60% strain.
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results using contours. This information was computed efficiently by utilizing the MV results stored in
the restart database.

32.5 Conclusions

The probabilistic methods available in NESSUS and DARWIN were initially developed for aerospace
applications. However, the methods are broadly applicable, and their use is warranted in situations where
uncertainty is known or believed to have a significant impact on the model response. The framework of
NESSUS allows the user to link traditional and advanced probabilistic algorithms with analytical equa-
tions, commercial finite element programs, and “in-house” analysis packages to compute the probabilistic
response or reliability of a system. The framework of DARWIN is specifically designed to perform risk
assessment of gas turbine engine rotors. This capability is currently being extended to include additional
materials and damage mechanisms.

For probabilistic analysis to be more widely accepted and utilized, probabilistic algorithms must be inter-
faced with commercial analysis packages such as ABAQUS, ANSYS, and NASTRAN, and they must also be
easy to use via highly interactive graphical user interfaces. Integration with commercially available software
allows the analyst to use the best tool for the problem, one in which the analyst is confident in using, or a
tool that an organization has invested in for training or development. The development of the platform-
independent graphical user interface capability in NESSUS and DARWIN makes the probabilistic analysis
straightforward and efficient to set up and understand for simple, complex, and large-scale problems.

Several probabilistic analyses were presented that demonstrated the flexibility of the NESSUS and DAR-
WIN software when linked with deterministic analysis packages such as ANSYS, ABAQUS, and NASTRAN.
The advanced and efficient probabilistic analysis methods employed in the case studies allow the use of
high-fidelity models to define the structure or system, even when each deterministic analysis may take
several hours to run. In the application problems presented, the probabilistic results revealed additional
information that would not have been available if traditional deterministic approaches were used.

Progress in probabilistic mechanics relies strongly on the development of validated deterministic models,
systematic data collection and synthesis to resolve probabilistic inputs, identification and classification of
failure modes, and the development of sophisticated analysis tools that are powerful yet easy to use.
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