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Introduction

At present there exists a sound, consistent and accepted theory for the
evaluation of measurement uncertainty



Probability calculus
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Bayes’ theorem
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Typical example
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So where do we stand?

Recall that from the rules of probability calculus we found that the PDF
for the output quantity is given by this multiple integral
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Principle of maximum entropy (PME)
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Summary
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That all, folks!

In general, this PDF cannot be obtained
analytically, but the Monte Carlo method
in the Supplement 1 to the GUM allows for
its numerical implementation
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