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Parameter identification: Bayesian approach

Bayes’ theorem

m(z)m(y|z)
w(x)m(y|x)dr

m(zly) = T
7(.) : probability distribution function

w(.|.) : conditional probability distribution function
x : material parameter

y : observations



Parameter identification: Bayesian approach

Bayes’ theorem

m(z)m(y|z)

m(zly) = [ 7(x)7(y|x)dx

Descriptive formula

Prior x Likelihood
Evidence

Posterior =



A discrete example of Bayes’ theorem
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This is our prior information for the probability of each face: 1/6
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Assume that after throwing the dice, you see the above evidence



Goal: determine the probability of this evidence for each face of the dice
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One would never see a dot at the star positions for this face

The probability of the evidence is zero






Two possibilities (a,c) and (b,d)






Also two possibilities (a,c) and (b,d)
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Four possibilities



e ~Q
000
000

Four possibilities
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Prior x Likelihood % X
m(zly) Evidence % 0.125
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Probability that @ was the face of the dice knowing (g
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Identify the parameters

» €




Construct the likelihood function

Y = f(X,Q) observations=f(parameters, error)
(): Error

X : Material parameter



Noise model

Additive noise model

Y = f(X)+Q

Q

X ()




Likelihood function

Likelihood function for additive model

m(ylr) = m(w) = 7(y — f(x))

|

Y = f(X)+Q



Constitutive law: linear elasticity

Constitutive model

o= Feor o = zxe

Observed data

Y = Xe+ ()

—
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Prior information en Young’s modulus
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Error model (noi

)
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Likelihood functi

Likelihood function

m(ylr) = N(y — xe,0.0001)
m(ylr) = m(w) = 7(y — f(2))

—
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Bayes’ theorem: calculate the posterior

m(z)m(y|x)
m(x)m(y|x)dr

prior x likelihood

posterior =

m(xly) = T

evidence



Bayes’ theorem: calculate the posterior

m(z)m(y|x)
m(x)m(y|x)dr

prior x likelihood

posterior =

m(xly) = T

evidence

prior 77 (.Cl’})




m(z)m(y|T)
m(x)m(y|z)dw

prior X likelihood

posterior =

: m(zly) =
evidence |
likelihood 7 (y|x)

m(y|z) = N(y — z¢,0.0001)
m(ylz) = m(w) = 7(y — f(2))

prior 7T (a;')
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Bayes’ theorem: calculate the posterior

prior X likelihood

posterior =

evidence




Posterior probability
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The 99.73% rule: observations
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Propagation of t

uncertainty to the constitutive model
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Perfect plasticity
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Perfect plasticity
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Perfect plasticity

Modified form for constitutive model

o =z(1)e(l — h(o — x(2))) + z(2)h(c — (2))

h : heaviside function

Observed data

Y =0+

—
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Perfect plastWontour plot of prior in parameter space
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Perfect plasticity -

Posterior probability

Nobs
Z (yi Fz)2
1 Tay—1 =1
m(z|yn,,.) x exp| — 5 (@ = tprior)” I prior (T — Hprior) + 72
Q2

oq : Error standard deviation

—
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Perfect plasticity -

Posterior probability

2
(z — 1) =
1 Vol % Z (yi — F;)?
7.‘-(a"‘?ill\fobs) X EXP| — -é ((III ﬂmeT)TPprzor(x ,U»pmor) + = 0'2 )
Y
oq : Error standard deviation T likelihood for each
1 / 02 observation

—
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Perfect plasticity -

Posterior probability

stress measurement stress model

r — 2 NobsT T
( u)\ Z i

1 T =
w(@lyn,) % exp| = 5 (2 = tprior) T hor (2 = Hprior) + =15 )
Q
oq : Error standard deviation T likelihood for each
1 / 02 observation

—
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Perfect plasticity -

Posterior probability

stress measurement stress model

r — 2 NobsT T
. /(' ,U)\ Z(yi — Fy)*

T(ZYN,p, ) X exp( 2 ((x = Hprior) " Tprion(® = fprior) + “=—— ))

90
oq : Error standard deviation T likelihood for each
1 / 02 observation
1 _ (z—m)*

f(CB‘,u,O') — O'\/%e 202

\j)ifficult to compute the evidence probability: use MCMC

68
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Markov-Chain Monte Carlo (MCMC) method: parameter space

2
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