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Key Events Change the Landscape of NW Certification
 June 6, 1989 – FBI Raid on Rocky Flats Plant

 Nuclear operations shut down
 1991 – W88 Completes Phase 5
 1991‐1992 – Cancelled phase 3 activities of several weapon programs

 First time that there were no active NW development programs
 September, 23 1992 – Last underground nuclear weapon test
 1993 – Beryllium and pit support functions transferred to LANL
 1994 – National Defense Authorization Act (Public Law 103‐160)

 Multifaceted program to increase the understanding of the enduring stockpile
 Predict, detect, and evaluate potential problems of the aging stockpile 
 Refurbish and re‐manufacture weapons and components, as required
 Maintain the science and engineering institutions 

 1994‐1995 – Science Based Stockpile Stewardship is Initiated
 1995 – JASON study voices concerns about NW assessment and certification

 First explicit use of the term margin in this context
 2000‐2003 – LANL & LLNL begin to formalize their methodology for NW certification

 B. T. Goodwin, R. J. Juzaitis (2003), “National Certification Methodology for the Nuclear 
Weapons Stockpile”, UCRL‐TR‐223486 (published in 2006)

Quantification of Margins and Uncertainties (QMU) will be the framework used for 
future NW assessment and certification!
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A Sandia QMU Timeline
• QMU is a new physics package

certification methodology
• Sandia has its own certification

methodology
• QMU is a physics lab only issue

_ _ _ _ _ _ _ _ _ _ _ _  

• QMU applies to the whole lifecycle
of the whole weapon

• Sandia is an equal partner in QMU
• Culture change, transition period
• Limited technical guidance

_ _ _ _ _ _ _ _ _ _ _ _  

• Review what is working and what is
not working

• Engineering analysis and reviews
• Increase formalism, transparency,

and rigor of analyses and reporting
• Understanding of requirements

• Both QMU theory and implementation are still being developed
• Common definitions need to be developed
• Additional coordination to implement QMU is needed among the 3 NW labs
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What is QMU and Why Do We Do It
 Quantification of Margins and Uncertainties (QMU) is a framework 

with applications that include the following: 

 As a measure of sensitivity to change: A characteristic with a large margin 
relative to its uncertainty can tolerate more change before jeopardizing 
performance compared to one with a small margin relative to its uncertainty. 

 As a means of detecting a trend: This can be used to predict when a 
performance characteristic will no longer have sufficient margin.

 As a means of determining a performance impact: In some cases we can 
estimate the proportion of units that would fail to achieve their expected 
outcome (i.e. quantify the impact due to margin insufficiency). 
 Requires a credible estimate of a parameter’s distribution through QMU and a 

credible understanding of the pass/fail limit relative to meeting performance 
requirements

 As a means of identifying sample size: Performance characteristics with 
smaller Margin/Uncertainty (ܯ/ܷ) should drive a higher sampling rate than 
those with a larger ܯ/ܷ, since they are more sensitive to change.
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QMU Supports a Risk-Informed Decision Making Process



The Complexity of QMU at Sandia
 QMU is a conceptual framework that is evolving over time that outlines a 

process for communicating the confidence in the stockpile.
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Key Elements of QMU
1. Specification of Performance characteristics and their thresholds

 Performance is the ability of a bomb, a warhead, or a component to provide the proper 
function (e.g., timing, output, response to different environments) when exposed to the 
sequence of design environments and inputs. 

2. Identification and quantification of Performance margins
 A performance margin is the difference between the required performance of a system 

and the demonstrated performance of a system, with a positive margin indicating that 
the expected performance exceeds the required performance. 

3. Quantification of uncertainty in the performance thresholds and the 
performance margins as well as in the larger framework of the decisions 
being contemplated 
 Two types of uncertainty that we account for, quantify, and aggregate within QMU:
1. Aleatory uncertainty (variability)

– Variability in manufacturing processes, material composition, test conditions, and 
environmental factors, which lead to variability in component or system performance.

2. Epistemic uncertainty (lack of knowledge) 
– Model form uncertainty, both known and unknown unknowns in scenarios, and 

limited or poor‐quality physical test data.  
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Conceptual Framework
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Conceptual Framework
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Conceptual Framework
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The QMU Process
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Recommended Execution
 Begin with data reviews and screening analyses on a wide range of 

components and parameters
 Quick looks at the data to better understand where more in‐depth 

looks (Engineering Analyses) are needed.  ࢑‐factors can be used as a 
tool for screening.

 Based on the previous step and other considerations documented 
by the Subject Matter Experts, prioritize analyses to look at in 
more depth (1‐2 per year) 
 Prioritization could include a combination of physical and 

computational simulation QMU analyses

 Conduct engineering analyses with an interdisciplinary team and 
document the results

 Based on the engineering analysis documentation, determine 
whether a statistical analysis is merited
 Engineering analyses may result in a conclusion that the data and/or 

current level of understanding of the data do not warrant a rigorous 
statistical analysis.  

 If a rigorous statistical analysis is needed and the data is 
understood to an appropriate degree, perform rigorous statistical 
the analysis per the

 The completed QMU report should be independently reviewed 
and archived in the QMU workflow
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Statistical Framework for QMU Questions
 Are we ࢅࢅ% confident that at‐least %ࢄࢄ of the unit population will yield a 

response greater than the lower performance requirement ሺࡾࡼࡸሻ? 
 The values of ࢅࢅ ,ࢄࢄ, and ࡾࡼࡸ and the comparisons ‘at‐least’ versus ‘at‐most’ and 

‘greater than’ versus ‘less than’ are all parameters of the requirement. 

 Provides a framework consistent with the Academy of Sciences recommendations*
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Performance Characteristic or Metric Value

Performance Characteristic 
Distribution

Nominal 
Design Point

U %ࢄࢄ of the unit 
populationࢅࢅ% confidence
(Aleatory)(Epistemic)

෠ܳ௑௑෠ܳ௑௑,௒௒ߤ

*NAS/NRC (National Academy of Science/National Research Council) (2008), “Evaluation of quantification of margins and 
uncertainties for assessing and certifying the reliability of the nuclear stockpile”, National Academy Press, Washington, DC

෠ܳ௑௑ is the best estimate of 
performance that ܺܺ%	of 

the units meet (are above)

ܴܲܮ

෠ܳ௑௑,௒௒ is the ܻܻ%
confidence bound on ෠ܳ௑௑
(statistical tolerance bound)

M



‐Factor Methodology
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Graphical Depiction of the ࢑‐factor QMU Metrics 

k = 1: We estimate (૞૙%
confidence) that ૡ૝% of the 
unit population will yield a 
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ࡾࡼࡸ

k = 2: We estimate (૞૙%
confidence) that ૢૡ% of 
the unit population will yield 
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This is easy to estimate and is a great screening tool.
K-factor uses mean and standard deviation.



Tolerance Bound (TB) Methodology
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Graphical Depiction of the TB QMU Metrics Relative to a Normal Distribution
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TR > 1: We are ࢅࢅ%
confident that at-least %ࢄࢄ
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yield a response greater 
than the performance 
requirement ࡾࡼࡸ.

Tolerance Ratio (TR) uses percentiles and tolerance bounds.



Tolerance Bound (TB) Methodology
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Graphical Depiction of the TB QMU Metrics Relative to a Non‐Normal Distribution

TR > 1: We are ࢅࢅ%
confident that at-least %ࢄࢄ
of the unit population will 
yield a response greater 
than the performance 
requirement ࡾࡼࡸ
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Tolerance Ratio (TR) takes into account population distribution.
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Graphical Depiction of the QMU Metrics with a Linear Regression Model
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Scatterplot of Performance Characteristic versus Component Age



Physical vs. Computational Simulation
 Predicted responses obtained through computational simulation 

(compsim) differ from physical simulation response data in a number 
of ways.  Three main differences are listed below. 

1. In most compsim applications, there are a relatively large number of 
controllable inputs representing both model parameters and boundary 
conditions.

2. In compsim applications, the response is deterministic (given the same 
inputs the code will yield the same responses).

3. Usually, there is a substantial amount of additional model‐related 
uncertainty in compsim applications. 
 Mesh convergence uncertainty associated with incomplete mesh convergence

 Model form uncertainty associated with approximate and incomplete models of 
the physics

 These differences drive a need for different technical methodologies.  
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QMU for Computational Simulation
 Probability of Frequency 

Methodology.  Also referred to 
as “Second‐Order” Probability

 Nested sampling combines 
epistemic and aleatory 
uncertainty

 For each outer loop sample a 
set of epistemic variables, run 
an inner loop Uncertainty 
Quantification study over 
aleatory (probability) variables

“Envelope” of CDF traces represents response epistemic uncertainty 

Epistemic Sampling

Aleatory Sampling

Simulation

Aleatory Inputs

Epistemic Inputs
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QMU for Computational Simulation
 The average value from 

the estimated 0.5th
percentile is used as the 
point estimate of the 
percentile:  തܳଵି௣

 To account for the 
uncertainty in the point 
estimate, a confidence 
bound is obtained from 
the distribution:  തܳଵି௣,ఊ

 In this example the 
mean of the 0.5th
percentile distribution is 
9.35 and the 95% 
confidence level is 8.97. 
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Graphical Depiction of the Probability of Frequency QMU Metrics

෡ܯ ൌ തܳଵି௣ െ ܴܲܮ ൌ 9.35 െ 9 ൌ 0.35
෡ܷ ൌ തܳଵି௣ െ തܳଵି௣,ఊ ൌ 9.35 െ 8.97 ൌ 0.38
ܴܶ ൌ /෡ܯ	 ෡ܷ ൌ 0.92
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 Is our testing representative to use conditions and is our performance requirement a 
realistic measure of component function impacting system performance?

Actual Component 
Performance 

Distribution in Use 
Scenario

Performance 
Distribution Measured 

from Testing

Fixed Requirement

Component or System 
Threshold Distribution 
to Component Output

M1 = Margin 
Built into the 
Requirement

M2 = QMU 
Margin M3

Performance is a function of the 
"margin to failure" M1+M2+M3
which is often unknown

Distributions Obtained 
from Computational 

Simulation Data Increase 
the Complexity

Considerations for Including QMU Results in Performance Assessment
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QMU Used for Margin Based Sample Size
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 “How many samples do I need to demonstrate the performance 
characteristic has sufficient margin to requirements with a high probability, 
provided the true underlying distribution has positive margin?”
 Samples below are from the same population, same sample size, but 

produce different results.   
 Smaller sample sizes create more risk  of not being able to make high 

confidence statements.  

Mean 5.019
StDev 0.2155
N 15

(0.99, 0.95) Tolerance Bound Estimate
Based on a Sample of Size 15

Mean 5.053
StDev 0.2608
N 15

(0.99, 0.95) Tolerance Bound Estimate
Based on a Sample of Size 15

෠ܳ଴.ଽଽ,଴.ଽହ෠ܳ଴.ଽଽ ෠ܳ଴.ଽଽ,଴.ଽହ෠ܳ଴.ଽଽ

ܷܴܲ ܷܴܲ

ܯ

ܷ

ܯ

ܷ



Margin Based Sample Sizes ‐ Example
 Suppose we are interested in re‐characterizing a component at some point in its 

lifetime and there was 100% sampling conducted during production (or previous 
testing).  The initial population size consisted of 150 units, all of which were tested. 
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StDev 0.7257
N 150

Histogram of Component A Data
100% Sampling - Production Data

࢖ ൌ ૙. ࢽ ,ૢૢ ൌ ૙. ૢ૞

ࡹ
Minimum sample size for 
࢈࢕࢘ࡼ ࢽ,࢖ࡽ ൏ ࡾࡼࢁ ൒

૙. ૡ૙
ࡹ

Minimum sample size for 
࢈࢕࢘ࡼ ࢽ,࢖ࡽ ൏ ࡾࡼࢁ ൒

૙. ૡ૙
0.375 110 1.875 10
0.5625 55 2.25 8
0.75 34 2.625 7

0.9375 24 3.0 6
1.125 19 3.75 5
1.5 13 ൒4.875 4

A sample of size ݊ ൌ 13 is required to 
have an 80% probability that the 
estimated (݌ ൌ 0.99, ߛ ൌ 0.95) upper 
tolerance bound will be less than the 
upper performance requirement provided 
the observed margin is at least ܯ ൌ 1.5

࢖ࡽ ൌ ૞. ૟

ܯ ൌ 1.5

Curves are generated via Monte Carlo Simulation



The Future Vision for QMU at Sandia
 More rigorous engineering analyses and data reviews to better understand what 

is being tested, what it means, and what the limitations of the available data are.
 Are there gaps in the current surveillance testing?
 Are we measuring what’s important? 

 QMU analyses at the subsystem level that look at interactions between 
components and performance characteristics.
 How do we “roll up” analyses on several characteristics?
 Does the current testing exercise potential failure mechanisms at the interfaces between 

components?

 Failure testing and analyses to better understand the thresholds for critical 
performance characteristics.
 If an analysis indicates low margin relative to a requirement, what does that mean?  
 Do we feel the system will fail if a unit performs outside of its requirements?
 Do we understand the point at which it will begin to fail?

 More consistent use of methodologies and integration of both physical 
simulation and computational simulation QMU analyses.
 Our ability to communicate the results of QMU analyses should be independent of the 

types of methodologies used.
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