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ABSTRACT

This paper presents an appropriate approach for the robust
estimation of the noise statistics in dental panoramic X-ray
images. To achieve maximum image quality after denoising,
asemi-empirical scatter model is presented, leading to alo-
cal adaptive Gaussian Scale Mixture (GSM) model . State of
the art methods use multiscale filtering of images to reduce
theirrelevant part of information, based on generic estimati-
on of noise. The usual assumption of adistribution of Gaus-
sian and Poisson statistics only leads to overestimation of
the noise variance in regions of low intensity (small photon
counts), but to underestimation in regions of high intensity
and therefore to non-optimal results.

The analysis approach is tested on a database of 50 pan-
oramic X-ray images and the results are cross-validated by
medical experts. It is shownthat the local standard deviation
(SDEV) inimages, stemming from homogeneous phantoms
(Al, PMMA), follows a Generalized Nakagami Distribution
(GND). The heavily tailed distribution is not covered entire-
ly by the GND. The error density function, is hypothesized
to stem from scatter-glare, degrading the image. A beam
stop method, for estimation of the scatter-glare amount, ve-
rifies that hypothesis. Finally, the application of the method
for a phantom image, is shown with denoising results for
comparison purpose, followed by the conclusion.

Keywor ds: Noise Estimation, De-noising, Nakagami-m
1. INTRODUCTION
In medical diagnostics intuitive decisions take place, based

on experience, beside medical knowledge. Appropriate me-
thods have to deal with the detection of small, low contrast
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image details, situated side by side, probably not differingin
gray-level-mean, but may having dightly different varian-
ce. Denoising with overestimated noise variance easily re-
moves such details, whereas doing it with underestimated
once, keeps the noise. Some attempts of authorsto preserve
the edges within an imagefail in the case of low contrasts.

Among others, the most used method for image denoi-
sing is multiscale filtering based on the wavelet transform
[15, 17]. The basic idea is to decompose an image into an
over complete representation with different contributionsin
several frequency bands and at different scales. Thus, the
deterministic image content is represented by a set of few
strong coefficients, whereas the noise is spread over all co-
efficients with weakly strength. A deconvolution technique
isusually applied using linear or non-linear filtering [4, 15]
to reduce the contribution of noisein the transformed coef-
ficients. In [14] a combined method for dencising and de-
blurring is given, using Gaussian Scale Mixtures (GSM).
The works in [2] evaluate the efficiency of denocising and
enhancement of X-ray images by simulating additive noise
of known distribution. However, X-ray images show neither
Gaussian nor Poisson distributions alone, because such noi-
se is coherent to the density of matter, leading to spatially
varying variance of the noise.

Dental Panoramic Radiography (DPR) is a technique
wherethe entire dentition is projected onto asensing device.
The physics of such a radiographic process can be subdivi-
ded into X-ray source, interaction of the beam with matter
and imaging of the remaining photons. Source and detector
are in opposition, rotated around the patients head. The fo-
cal area of the X-ray beam describes a planar curve, which
is standardized for the human teeth and jaws. From the pri-
mary polyenergetic X-ray beam, photons are absorbed (i.e.
scattered) along the path between the source and detector
by the patient’s matter (muscle, fat, bone, air, or contrast
agents). The photon attenuation of each type of matter de-
pends on its elementary and chemical composition as well



asthe beam. Thiseffect is quantified by the mass attenuation
coefficient (MAC). The MAC gives the fraction of photons
that are absorbed by unit thickness of matter and varieswith
photon energy, too. Theinteresting energy rangefor diagno-
stic DPR isabout 8keV to 90keV, where three main scatter
processes are rel evant: a) Photoel ectric absorption, b) cohe-
rent scatter and ¢) incoherent (i.e. Compton) scatter [1, 8, 5].
Image degradation is caused by deflected primary photons
due to scattering events, which still reach the sensor, resul-
ting in scatter-glare. A deeper introductory chapter is given
in the companion paper from the authors[5].

The estimation of noise itself is left open by many au-
thors. A comparative study between six methods is shown
in [10]. A method for blind estimation of noise variance is
givenin[9] and the references herein. Statistical modelsfor
images are described in [13], in [14] the application of
Gaussian Scale Mixturesto natural imagesis given.

What can be concluded from the above is that an ac-
curate investigation on the noise model has to be perfor-
med for optimal denoising results. The implemented semi-
empirical probabilistic scatter model is verified by datafrom
NIST database [8] and applied to a comparison with re-
al image acquisitions from appropriate homogeneous phan-
toms (i.e. Poly(Methyl Methacrylate) (PMMA) and an Alu-
minum step-wedge).

The structure of the paper is asfollows: in Chapter 2, the
problem statement is given, followed by a description of the
proposed approach in Chapter 3. In Chapter 4 the analysis
and results are shown, Chapter 5 states the conclusions of
the work.

2. PROBLEM STATEMENT

The goal isto find better estimates for the noise variance in
panoramic X-ray images. Toillustrate the problem, a degra-
dation of the image quality by adding a mixture of Gaus-
sian and Poisson noise to a CT image is shown in Fig. 1
(left). A classical denoising approach is performed by wa-
vel et coefficients soft-threshol ding using an usual noise esti-
mate [4](right). The noiseis mainly removed, but theimage
isblurred. Within the weak wavel et coefficientsthereis hid-
den edge information, thereforefine detailsin theimage are
lost (pseudo-Gibbs phenomenon).

Fig. 2 shows the effect of such a denocising on the real
image. Thelow contrast image (left) is more sensitive to the
overestimated noise estimate than the CT image .

3. THE PROPOSED APPROACH

In the proposed approach, prominent constraints are: a) pre-
servation of theimage's overall look; b) preservation of the
diagnostic content in the image; and c¢) detection of small,
low contrast details in the diagnostic content of the image.

Fig. 1. The zoomed CT image: artificial Gaussian and Pois-
son Noise added (left); and classically denoised (right).

Fig. 2. A zoom of the real image (left) and it's classically
denoised variant (right).

As shown in the previous section, state of the art methods
provide non-convincing results. The new approach is foun-
ded on an attempt to interpret the problem from the view
of blind source separation (BSS), thus to see the panoramic
image as a sample mixture of (unwanted) background in-
formation, diagnostic information and noise. The question
is, how to get another sampleimage? Due to the fixed setup
condition of a dental panoramic acquisition system, an em-
pty scan, taken without patient can provide another good
sample - the image of the illuminating background. This
background image givesinformation on the non-uniform X -
ray illumination and also owns the particle statistics, given
from the X-ray source, collimation and prefiltration of the
beam. Several background estimates, to cover al relevant
diagnostic operating modes, may be acquired offline and
stored for instant use.

Following a classical approach for denoising [4], using



an overcomplete wavelet decomposition and thresholding
of the wavelet coefficients by a threshold calculated from
a noise estimate, leads to the application of denoising for
dental panoramic X-ray images. With respect to the cohe-
rent noise problem explained, an artificial spatial noise map
model is generated, which can be thought as a one-to-one
realization of any type of noise (additive or multiplicative
as well) within the original image. Thus, the proposed me-
thod for estimation of noise can be used to give better than
usual noise estimates, which includes the effects of varying
scatter-glare noise, too. In the foll owing subsection, the esti-
mation model is described, followed by the description of a
physical setup to bring up the ground-proof for the model,
estimated. Selected results from the experiments are shown
in the next chapter.

3.1. The Noise Estimation Model

A semi-empirical model for the generation of aspatially ad-
aptive noise map is implemented under some simplifying
conditions, which is cross checked with data from the NIST
database [8] and Monte Carlo simulations by the GEANT4
simulation package.
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Fig. 3. The Estimation Model hastwo majors:. the upper one
is for the calculation of the scatter prior table, whereas the
lower oneisfor the posterior processing of an actual image.

Fig. 3 showsan overview of the estimation model, which
itself is acomposition of several modeling parts. It is subdi-
vided into a prior calculation part and a posterior one.

For the prior part, the X-ray energy spectrum E -1- is
calculated by a semi-empirical model [3], which is the in-
put to the photon interaction probabilistic model -2-. In that,
three simplifying assumptionsare made: a) Compton scatter
Tincoh 1S @sUmed to be constant; b) Coherent scatter o ..y,
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Fig. 4. The simplified Probabilistic Photon Scatter Model.

is modeled as Rayleigh scatter only and c) both assumed
to be independent of the effective atomic number Z. Pho-
toelectric scatter 7 varies accordingly to the fraction of g—i
After attenuation and detector absorption, a photon count
per pixel produces atable of pixel values -3-, which is in-
versely backward scatter projected. Thus generatesthetable
of scatter priors -4-, which is used by the posterior together
with the background estimate -5- and the actual image pixel
values -6- to estimate the scatter-glare -7-, generating the
spatially adaptive noise variance map.

In Fig. 4 the total scattering in terms of the linear atte-
nuation coefficients 1 = 7 + Tincon + Teon fOr duminum
and PMMA is related to scattering data from the NIST da-
tabase [8] (dotted lines). Up to 40keV the energy mass at-
tenuation coefficients p.,, are aso in good relation to the
modeled Photoelectric absorption 7. Above that point, the
model has an upcoming difference, especially at softer mat-
ters (i.e. PMMA), but their interaction probability is quite
low, thus the error may be neglected. However, the model
does not claim to replace any of the Monte Carlo methods
in terms of accuracy, but it generates an appropriate enough
scatter prior.

The model developed is verified for the physical setup
(Fig. 6 Filters 1..3), where in Fig. 5 the modeled results
are compared to semi-empirical data from the NIST data-
base [8], and again one can see the good conformity.

3.2. Physical Setup

Fig. 6 defines the physical setup for the verification of the
estimation model. At the left hand side, the X-ray generator



Verification of the Attenuation Scatter Model
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Fig. 5. The Attenuation Scatter Model in Verification.

is shown, which produces the X-ray beam, Iy. A prefilte-
ring stage, Filtration 1 and Filtration 2, by 2.5 mm and 6
mm Aluminum, respectively, attenuatesthebeamto 7. The
diagnostic absorption by the patient's matter is smulated
by Filtration 3 of PMMA. Finally, filtration by a 3mm lead,
which has several holes of 3mm, is essentia for the measure
of scatter-glare and is only inserted temporally for measu-
rement of that. The diagnostic image is gathered by an ab-
sorbing photo stimulable phosphor (PSP) plate (BaF Brl :
Eu?), which traps and stores the remaining photons.

Formulating the physical setup of Fig. 6 in mathematical
terms of attenuation coefficientsleads to:

K=2
I, = Iy - exp(— Z (pard;) - exp(—ppdp) @)

-1
! diagnostic scatter

background scatter

I

In (1) the intensity I, at the sensor is decomposed into the
background part I, attenuated by the aluminum filters, at-
tenuated further by the diagnostic part of interest, crossing
the primary beam. Within the photon energy range, suita-
blefor dental panoramic X-ray diagnostic, Photoel ectric ab-
sorption, Coherent scatter and Compton scattering, induce
the contrast function of matter [5], which forms the image.

In (£
—SI ) 2

Calculating the logarithmic fraction, for the phantomin-
serted, fromimages I, and I, in (2), relating to itsthickness

Hp = —
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Fig. 6. Physical Setup for the Model

d,, leads to the effective MAC p.,,, which is around 0.3 for
the PMMA phantom plate.

4. THE ANALYSISAND RESULTS
For the analysis, an aluminum step-wedge phantom and a

PMMA flat phantom was constructed, which supports the
ground-proof of the analysis.
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Fig. 7. A Scatter Plot of SDEV for two operation modes.

Images from the step-wedge, inserted at the rightmost
position in Fig. 6, are processed by (2) and the 9x9 local
SDEV s plotted in Fig. 7 accordingly to the sguare root
of the local mean. Two different operating cases are shown:
oneat 62kVpandoneat 73 kVp of the X-ray tube. For com-



parison, the Poisson equivalent gains SDEV = vV MEAN
are drawn as lines for both cases, where one can see, the
Gaussian bias o for either mode and theincreasing varian-
ce from the measured val ues toward higher mean values.

4.1. Fitting the Generalized Nakagami Density (GND)

Phenomena of discrete nature are described well by a Pois-
son distribution [11]. The waiting times between such Pois-
son events are Gamma distributed. From modeling of mul-
tipath fading channelsin telecommunication and ultrasonic
mammography characterisation of the backscattered echo, a
scalable form of a Gammatype distribution, the Nakagami-
m density function is known. The generalized Nakagami
density function (GND) [12] is a type of Gamma density
with three free parameters: €2, m, and s, the scaling factor,
the number of free degrees, and an additional shape adjust-
ment parameter, respectively.

The Generalized Nakagami-m distribution is given by:

2s MI™  (ams—1) —mg2s
f(zlm,Q,s) = W {5} a Je~ 4 ©)
The shape adjustment parameter s controls the heaviness of
the distribution tail. For s < 1 there are heavy tails, which
vanish for s > 1 to atight density function. Form = s = 1
the GND becomes the Rayleigh density function; for m =
1, s # 0 thefunction becomesthe Weilbull density function;
andform = 1lands = % it becomes a simple exponential
density function.

The estimation of the density function for the image I
is done for the dispersion rather than for the mean values,
motivated from the view, that the Poisson particle rate fol-
lows a Gamma distribution. One can argue, that the disper-
sion, during the exposurefor a single image pixel, increases
by somewhat function with the number of arriving photons,
regardless from what type of interaction they stem.

Therefore, a Gammalike density function can be found
when analyzing the SDEV of images from flat PMMA and
Al phantoms. From the physical setup in Fig. 6 several pan-
oramic phantom image scans were made with Filters 1..3.
From (1), the local mean and variance of the logarithmic
fraction from (2) is shown in Fig. 8, once for the unfilte-
red background I, (leftmost curve) and oncefor I+, filtered
by median filter (rightmost curve). Since there are no inte-
resting details in the background, a kernel size of 9x9 was
found to be appropriate to suppress the background noise.

Thenarescaled GND (3) function wasfitted to the SDEV
in Fig. 8. The parameters for the fit of the density functi-
on are obtained by maximum likelihood estimation (MLE).
Thus, a modified gimfit from MATLAB fits a generalized
linear model (GLM), calculates the MLE of the mean para-
meters, and solves the MLE for the shape parameter, which
isthe reciprocal of the variance parameter.
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4.2. Determining a Scatter-GlareError Distribution

However, the GND function best fitted, does not cover the
entire heavy tail of the panoramic phantom image SDEV
distribution. One can argue that the difference density bet-
ween the Nakagami model density function and the density
function of the acquired imageis probably the density of the
remaining scatter-glare [7]. To verify this hypothesis, deno-
ted Hy, the scatter-glare was directly measured by a beam
stop method (see Fig. 6), such that a 3mm lead plate with
holes of 3mm diameter is positioned between PMMA filter
and detector. Theimage valueslocated surrounding the hole
areas, abovethe attenuation level of the lead screen are then
counted accordingly to the scatter-glare distribution.

4
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Fig. 9. SDEV of Scatter-Glare: Density Error Histogram.



Fig. 9 shows a density function from the scatter-glare
experiments, the hypothesis seems to be well confirmed.
This leads to the support for building a spatial estimate of
the diagnostic noise contribution by using the difference
density from the SDEV found and the fitted GND. Therefo-
re, the spatial noise map of scaled Gaussian random varia-
blesisformed asa GSM, by factors £, and we get finally:

Li=I+ N(0,08) + Y &yN(0.1) (4
——

Gaussian Bias Scatter—Glare GSM

Where I is the noise freeimage, N(0,0p) is the Gaussian
bias noise out of Fig.7; > (..) represents the scatter-glare
GSM; xy are pixel coordinates. Another approach [6] tries
to inverse (4) to get image I noise free (see Fig. 10b).

Fig. 10. A comparison of: &) source; b) proposed denoising
method; c) usual denoising threshold method.

Three image slices from a MTF phantom are shown in
Fig. 10: d) image is unprocessed; b) application of the pro-
posed method and c) the threshold method. At every slide's
right hand side, a vertical profiling of the sine grating pat-
terns for MTF calculation is inserted, and at the bottom a
zoomed view of the sine gratings at 2.5 Z’;—fj is shown. In
fact - @) is noisy, but has sharp contrast; b) shows removed
noise at very good contrast; finally ¢) shows removed noi-
se, but the sine grating is heavily distorted. The calculated
MTFsat 2.5 “2c5 compares with 53%, 44% and 21% for
a), b), c) respectively, thus the proposed method b) preser-
ves detail much better than the classical method c).

5. CONCLUSIONS

This paper presents a procedure for estimation of the noi-
se in panoramic X-ray images, wherethe local statistics are
calculated from a database of 50 images. A noise model is
created, with the main purpose to achieve optimal image
quality after denoising. The noise model supports the se-
paration of the information of interest by ideas stem from

Blind Source Separation. It is shown that the local stan-
dard deviation of a PMMA phantom image can be fitted
well by a Generalized Nakagami Distribution (GND), whe-
re the heavily tail can be counted for the scatter-glare densi-
ty. A beam-stop measurement experiment confirmsthat this
is quantifiable. The application of the model forms a Gaus-
sian scale mixture (GSM) and provides good results when
applied for denoising (see also [6]).
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