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Statistical models...

« Principled statistical models as an effective
alternative to linear and non-linear filtering
1(Luc , 1974; Richardson 1974; Shepp & Vardi,

982);

 Maximum likelihood /{a posteriori criterions
lead to non linear cost functions;

» Filtering as a computationally intensive iterative
procedure:Expectation Maximization (EM)
(Shepp & Vardi, 1982; Geman & Geman, 1984);

« Since 90s, the necessary computational power is
finally available on standard PCs.

Statistical models...
A proper statistical model for...

» ... Image characteristics:
> Typical distribution of the norm of gradient:
Gaussian — Tikonov reqularization;
Gibbs — TV reqularization;
> Typical-a priori grey level distribution:

* image histogram;

w
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Statistical models...

A proper statistical model for...

* ... Image noise characteristics:
> Distribution

Gaussian, Poisson, Impulsive, Speckle
Mixture

o Correlation
White
PSF
Spatially variant

< .. And digital radiography
ﬁ Cephalometric ) ‘ _‘

And so on...
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... And digital radiography

* Low contrast e J
* Low visibility of small anatomical details

Issues for the radiologist...

.. And their (partial) solutions from the
researchers:

» Contrast enhancement algorithms (e.q. v
correction)

» Feature enhancement algorithms (e.q. Unsharp
Masking, UM)

Overview

» Statistical models and digital radiography

» Impulsive noise removal filter

o Soft tissue filter
» Conclusion

2/4/2011



—fs

ISy
Q c& -== F;E % 2
/S RN id
X-ray Patient Cpu & Doctor
tube monitor
Pixel failures,

A/D converter errors

it lmpulsive hoise: effect

No filter UM &y

2/4/2011



y correction +
UM

Low contrast, poor visibility

Impulsive noise: effect 8

Highrcontrast,
visibility?
High noise

Y correction +

UM High contrast,

High visibility

Low noise

Impulsive noise generates spikes

Impulsive noise: switching filter

Two stages filtering
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i
4 X-ray photons = visible X'Ey Q¢Q
photons (scintillator) > tube /N
electrons (CCD sensor) =
(ADC converter); :‘:Ti Patient

e Linear sensor: IS o
9ni = G- Pn.i { P”'i‘

* p,; hoisy number o Scintillat
i G GO (L
(Poisson statistics);

e g, noisy grey level for the it" l
pixel (227 statistics); ADC converter

« G: sensor qain (from photons |
to grey level - unknown). d,,

Impulsive noise: the mixture

al » Changing the variable...

Mean (unnoisy) number of
photons for the ith pixel.

Poi =P
p(pn,i | pi): L 0 ? [P0i530¢

ni*

gn,i =G- pn,i
Oni 7
d 1 8¢ ec 1
—polp () SRl Gi G| Y _ G 2
plgn19)=plp 1 0) ‘dnﬂ‘ p(G IGJ ‘G‘ o) G
Mean (unnoisy) number of

photons for the ith pixel.
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Impulsive noise: the mixture
* A mixture of photon counting and impulsive noise:

p(gn,i | gi): PPC ' pPC (gn,i | gi)+ lep : plmp(gn,i | gl)
0<Pyc <1, 0<P, <L Po+P, =1

Imp Imp —
. plmp(gn,if%)ﬂ/Ng (uniform distribution)
¢ N, number of grey levels

PhoA0 Sy S g i hbie! > corapted by

Unknhowns

e Ppcand G
« Also g; is unknown!

5”%%’;’6’%2/’%2fé’é’éﬁﬁ’f@%ﬁi‘ff}y/fz’t}-’iﬂ%‘é’%@%’!&@”ﬁ&e

Impulsive noise: the mixture

e ... A constrained or’cimization (O<Ppc<1,
O<Py <1, Ppc#Py,=1) should be performed.
* Asimple method to constrain the solution:

00, 19,) =7  poc (9, 16)+ fl-e7* | py(0,s 1))
PPC — e—}/gc

Py =1—Poe =167

* vpcand G can be computed maximizing the
likelihood of the data (Ppc, Pipmp are then
derived).
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Impulsive noise: the likelihood

o Let us write the neg log likelihood of the
measured data (grey levels of the pixels):

£(G. 7ec) =~ IN[L(G, 750 )] =~ lnm p(g,, | gi)} - —i In[p(g,; 1 9)]=
= _gln{eﬂéc " Prc (gn,i | gi)+b_eiygc]' plmp(gn,i | gi)}z

] z.{ .é.{(gf;eii /{m}[mc } o g.>}

Impulsive noise: the likelihood

o What about the factorial term?
e It can be approximated using the Stirling's
approximation:

Nlxz+/27n-n".e™"

In(n!)= nin(n)-n +%In(n)+%ln(2ﬂ)
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Impulsive noise: the likelihood

» With the Stirling’s approximation:

HGurvc) > -2'”{“3‘ é[(g J%eg}/{ﬁ[gejgeg}[l—e | P (0011 9.)} -

iln{e iz 6 g gt e 0 e ] gy (o] gi)}
i=1

» For simplicity, let us define:
{Hi ::Iy/m

Uiy Ini . aGni=Gi
Qi:gi “Oni o€

Impulsive noise: the likelihood
i’:‘ * Some numerical problem for Q;:

o X*for x<127 = overflow!!!
* Better computing Q, as follows:

Qi=e"® =explg, -[In(g;)- (g, )]+ 9., — 0
Q=g™ g, e

Ki =0, -[In(g,)-In(g,, )|+ 9., -9,
Q = e
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Impulsive noise: the likelihood

» We finally have the negative log
likelihood:

n ) LK )
f(G,}/PC)Z—Zln{e_yPC . Hi .G 2.g6 +[1—e_7pc ] plmp(gn,i | gl)}
i=1

* A non linear function of G and y,

* It can be efficiently minimized through
EM (a few seconds required for a
4Mpixels image @ 12bpp)

=~ Impulsive noise: what about gi?
:ﬁ' » The unnoisy image g; i=1..N is

unknown...

* By application of a 3x3 median filter, we
obtain an image which is free from
impulsive noise;

» Experimental results demonstrate that,
using this image for g, 3 reliable and
efficient pulse detector can be built.
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Impulsive noise: pulse detector

From ¥pc, Ppc and Pimp
cah be computed;

Each pixel which
satisfies:

Pec - Poc (@0 190)] < [Pinp * Pimp (@1 19
is recognized as 3 pulse
and corrected by the
switching filter.

The classification rule is
chosen to minimize the
classification error.

Pocppc(ys, lg)

/

PJVWPPHWP(gﬂ,lIgI)

3,
(pulse)
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