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1. The image intensity can be modelled as a Gaussian For each observatior;, we argument it with miss-
mixture of the form ing dataX; which is Bernoulli with the above prop-
erty. The likelihood for the complete data, y) is
) =pfily) + (1 —p)f2(y)

n

where f; ~ N(u1,02) and fo ~ N(us,02). The Fole,y) = [ [ fi @l lafa(v)]
likelihood function is =1
n So the loglikelihood for the complete data is

fply) = H[pfl(yz-) +qf2(vi)] Lp|z, y)
whereg = 1 — p. The loglikelihood is = > ailoglpfi(y:)] + (1 — ) log(q f2(vs)]

L(ply) = Z log([pfi(yi) + af2(yi))- 3. Now we take expectation and ggtfunction
Solvi Q(plpo, y)

olving _
aL<p|y) 0 E[logL(p|X Y)|y pO} ( )
Op ZE (Xily, po)log{pfl( )] + log[q f2(yi)]
to maximize the loglikelihood is complicated. So i=1 Yi
we argument data with missing data and apply the .
EM algorithm. From equation (1),
) . . E(X. _ Pof1(vi)
2. Let X be a Bernoulli random variable witR(X = (Xily,po) = . 3
. . pOfl(yz) + qo.f2(yz)

1) = p. LetY ~ fiif X = 1landY ~ foif _ _
X = 0. Then the joint density (z,y) of (X,Y) is Neglecting parts that do not contain
f(l,y) = pfi(y) andf(0,y) = qf2(y). This can be (| ) = i pof1(vi) I P
written simply as pipo: —1 pofi(yi) + qof2(vs) 1—p

flzy) = ph)]laf(y)] +nlog(l —p).
The marginal density of is obviously Maximizing ¢ by 9Q/0p = 0, we get

fly) =phiy) + af2(y). p= lz Po/1(y:)

n = pofi(yi) + qof2(yi)

The conditional density aK givenY is then _ _ _
Based on this, we set up iteration

pfiw)]*laf(y)]
flzly) = : 1 pifi(yi)
pfi(y) + afo(y) Lo
y N | PR = 2 R + (- ) Faw)
Trivially the conditional expectation
with any initial estlmatepo. Settingp, = 0.5 will
E(X|y,p) = pf1(y) 1) speed up the convergence. Cool?

pfiy) +afa(y)



