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Abstract: Many established and emerging image processing applications rely on oqutmited imaging, i.e.,
imaging in extremely poor illumination. At this, images are corrupted by sevenalsigpendent Poisson nhoise.
For optimal noise reduction the noise characteristics must be estimated andtedegto the method. Common
noise estimators, however, assume Gaussian noise which is not sigealddap In this paper, we describe the
modeling process exemplarily for low-dose medical X-ray imaging. In thissstywe formulate functional mod-
els for detector images and images which have undergone nonlinear winpeession prior to further processing.
Furthermore, we present a robust estimator for signal-dependeptswied for real-time applications.
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1 Introduction 2 Image Acquisition

There is a broad variety of applications relying on X-ray imaging is based on transmission of illumina-

poor lighting conditions, for instance, night vision for  tion through objects rather than reflectivity. In an ex-

driver assistance and low-dose medical X-ray image posure time interval\tg, a X-ray tube radiates a pos-

sequences, also known as fluoroscopy. In the lat- itive numbern; € IN, 0 < nm,n] < oo, of pho-

ter, X-ray image sequences are processed and visu-tons toward a detector pixel at image locatjen n].

alized in real-time to guide medical interventions. A When passing through an object, the intengitf the

prominent example is coronary angiography, where X-ray beam is attenuated according to

narrowed heart arteries can be detected by insertion

and observation of contrast agents and treated in min- *t

imally invasive procedures. Typically, a large number I=1Iyexp | — /,u(x)dx (1)

of single X-ray images is taken. Hence, very small

radiation doses are applied for each image in order to

minimize the overall exposure of patients and medical with initial intensity I, material-specific attenuation

staff—resulting in only a very small number of pho- 4, andx € [xq, x;] denoting the path of the photons.

tons available for image formation. In a digital detector, the detected number of pho-
This so-called quantum-limited imaging is char- tonsn, is mapped to an image intensity. Naturally,

acterized bysevereand signal-dependenfoisson the result depends on the mapping as well as the de-

noise. For effective noise reduction, the noise level tector’s sensitivity to quanta at given energy levels. In

as function of the signal must be known. However, practice, we model the resultingw image graw as

noise estimators are typically designed for Gaussian being linearly dependent on the number of photons,

noise and do not deal with noise signal-dependency. i.e., with constant detector gaiy € R* and offset
This paper is organized as follows: Chapter 2 ¢, ¢ IR(')" incoming radiation is mapped to

introduces to image acquisition in X-ray imaging.

Chapter 3 describes the noise modeling and verifies Graw = Cg g + Co - (2)

its validity for X-ray images. In Chapter 4 we develop

a fast noise estimator dealing, inter alia, with signal- Naturally, raw images are mapped in such way that the

dependent noise and the influence of image structure gray valuesyraw are within a given dynamic range, for

on the estimate. The paper concludes with a short instance, in0,2° — 1] ¢ Ny for b-bit images. Con-

summary in Chapter 5. sequently, as doubling the exposure tidvez about

X0
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doubles the numbet, of detected photons,, is in-
versely proportional ta\tg, i.e.,c, < 1/Atg.

Typically, intensities in an observed image should
be proportional to the thickness of radiated objects. To
compensate exponential photon attenuation (1) aloga-
rithmic mapping White compressigris applied to raw
images prior to image enhancement and visualization.
For this, the device-dependent detector offset is com-
pensatedd, = 0) and the resulting imag@n = c,nq
is mapped to the gray-valued image according to:

©)

Incrementing gjin, avoids the undefined expression
In(0), but has no significant influence on the vast ma-
jority of image pixels as$n (gin + 1) ~ In (gin) holds

for gin > 1.

Jlog = Clog In (gin + 1)

3 Noise Model

Noise in low-dose X-ray images origins from various
noise sources. To begin with, X-ray beams sensed
at a detector are subject to quantum fluctuations—
so-calledquantumor Poisson noise-since radiation
emission and attenuation are random processes. This
means, even in a static setup the number of photons
reaching a detector element in the exposure tixng
varies. Further noise sources include, for instance,
scattered radiation and system noise. The latter in-
tegrates noise originating from the hardware, for ex-
ample, thermal, shot, and quantization noise. How-
ever, in spite of other noise sources, quantum noise is
by far the dominant noise in low-dose X-ray imaging
[2, 8, 10, 14] and other sources can be neglected [1].
In the literature, figures on the X-ray quanta count per
pixel differ and are quantified, for instance, as 10 to
200 [2], 20 to 500 [1], and about 35 on average [4].

3.1 State-of-the-Art

Signal degraded by quantum noise, and hence noise in
low-dose X-ray imaging, is commonly modeled by a
Poisson distribution [1, 4, 8, 10, 14]. Although Pois-
son noise does not fit the general concepts of additive
and multiplicative noise models well [5], typically,
the equivalent additive noise model with zero-mean
signal-dependent noise is used. Hence, an observed
gray-valued image with intensitiesg[m, n] at dis-
crete locationgm,n| € Q@ = [0, M —1]x [0, N—1] C
NN is given by

g=s+n(s) (4)

with local meanu(g[m,n]) = s[m,n] and variance
o?(g[m,n]) = o?(n(s[m,n])) being determined by
the signals and noisey, only, respectively.
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Aachet al. [1] note that while a X-ray beam fol-
lows Poisson statistics, noise in observed images has
been filtered by the imaging system’s transfer function
and commonly undergone a nonlinear mapping (white
compression).

3.2 Poisson Noise

In the following, we formulate the Poisson noise
model for X-ray images and link the model parame-
ter to physical quantities and detector constants of the
image acquisition process. For this, we assume the
detected numbet,; of X-ray quanta to follow a Pois-
son distribution. Hence, the probability of detected
photons in an exposure time internatz is

nq
e ©)

d+
with A denoting the noise-free photon count, that is,
X = Elng] = p(ng) = s/cq with uncorrupted inten-
sity s and a detector mapping according to (2) with
¢, = 0. Because of the Poisson statistics
2

PA(X =ng) = = e

A=pu=o (6)

the quantum noise varianceds(n,) = s/c,.

While (5) models the photon count, observed gray
valuesg result fromny by scaling (2). By this, the
model transforms to hold (see, e.g., [4, 8])

g~ P\(X =g) ~cy PA(X =ngq) . (7)

Hence, meanu(g) = ¢4 u(nqg) = s and variance
o%(g) = C?] 0%(nq) = ¢4 s x s/Atg of an observed
imageg = s + n(s) are linear in the signal. These
statistical properties have several implications on fluo-
roscopic images: Noise is signhal-dependent with noise
standard deviation

oy =0(9) = Vs o\ [ 5 (8)

increasing with dose, but decreasing with exposure
time Atg. Moreover, contrast and the signal-to-noise-
ratio (SNR) increase with brightness and exposure
time when defined a8 = y?/0? = s/c; x Atg s

and SNR= p1/0 = \/s/cq x /Aty s, respectively.

3.3 Gaussian Approximation

Above Poisson model is rather impractical for noise
reduction methods. For this reason, we model noise in
low-dose X-ray images by zero-mean Gaussian noise
with signal-dependent variance. In the following, this
is justified by quantitative verification that (i) under
weak conditions a Poisson distribution can be ap-
proximated by a sampled Gaussian distribution and
(ii) noise in low-dose X-ray images follows a Gaus-
sian distribution for constant signalk= s.
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Figure 1. Approximating a Poisson distribution
(markers) by the sampled Gaussian distribution (solid
line) of same mean and variange= 5. The approxi-
mation improves considerably for increasihg

3.3.1 Approximating Poisson by Gaussian Distri-
butions

For largeX > 1 the Poisson distribution
)\k

T € (9)

of a discrete random variabl€ can be approximated
by the sampled probability density function of a Gaus-
sian distribution

P\(X =k) A

P(X =z;p,0%) = L e (I;o‘;ﬂ (10)
V2r o
with same mean and variange= 02 = X:
PA(X = k) ~ o~ (11)
2T A

Figure 1 depicts both distributions for = 5.
The approximation improves with increasing For
a quantitative estimation, the approximation error is
analyzed theoretically and numerically.

Theoretic Analysis A theoretical analysis yields the
approximation to hold

1 _(k=X)?
e 21
2T
for large A > 10. The detailed derivation is omitted
due to limited space, but the idea is sketched as fol-

lows: At first, we apply the logarithrin(-) and Stir-
ling’s formula [7] for large numbersi(>> 10),

0 (el/ﬁ) (12)

In(k!) ~ <k n ;) In(k) — & + In (m) . (13)
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to (9). Substitution of observed valukdy the com-
ponents of the additive noise model, i.e.= A + 7,
yields an expression im(1 + n/X) which is approxi-
mated forn/\ < 1 by the Taylor series

w(1+2) =21 o).

Finally, substitution; = k£ — X\ and exponential map-
ping results in (12).

(14)

Numeric Analysis For numeric analysis, the Pois-
son distribution (9) and its Gaussian approximation
(11) as well as the corresponding cumulative proba-
bilities have been compared for discrete IN.

Figure 2(a) depicts the maximum approximation
errors. The maximum relative approximation error

?%{\PA(X =k)— P(X =k )\
6relp\] == \ (15)

is about 5.8% ah = 1. It drops rapidly with increas-
ing expected mean and is below 0.1% fon > 10.
Likewise, the maximum absolute approximation error
eabdA] = X €rel[\] decreases with.

Apart from maximum pointwise differences be-
tween both probability distributions, we also evalu-
ated the cumulative approximation error. We base our
evaluation on the idea of the Kolmogorov-Smirnov
(K-S) test, described, for instance, in [16], and quan-
tify the error by differences between the cumula-
tive probability functionsP\(X < z) and P(X <
z, 1, o). While these are identical for minimum and
maximumz, asP(X < —oo) = 0andP(X < oo) =
1 holds for any distributionP, we measure quality
D in terms of the maximum absolute difference in-
between:

(i=2)2
2\

271\ (16)

Figure 2(b) depictd[)\] according to (16). The
function is monotonically decreasing with the maxi-
mum errorD[1] = 0.13.

In summary, for abouk > 10 a Poisson distribu-
tion can be theoretically transformed into a sampled
Gaussian distribution with numeric evaluations yield-
ing maximum relative errors below 0.1% and maxi-
mum absolute cumulative errors below approximately
0.02. This shows that, at least far> 10, a Poisson
distribution P\(X = k) is approximated well by the
sampled Gaussian distributidh( X = k; A\, \).
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Figure 2: Approximating a Poisson distribution by the sampled Gaussian digirilmf same mean and variance.
(a) Probability functions: Maximum absolute and relative errors. (b) Gatiwe probability functions: Maximum

absolute differenc@®[\] according to (16)% = 2500).

3.3.2 Characterizing Noise in X-Ray Images by
Gaussian Distributions

So far, modeling has been based on theoretical as-

pects. In the following it is verified that noise in ob-
served X-ray images actuallywell-approximated by

a normal distribution. The test data consists of a non-
clinical radiograph containing a large homogeneous

area. Prior to evaluation the image has been prepro-
cessed and been subject to rowwise and columnwise

normalization in order to, for instance, remove pixel
errors and reduce the Heel effect—an intensity gradi-
ent caused by self-absorption in X-ray tubes. Prepro-
cessing does not question the validity of the model as
we seek to model noise in clinical radiographs where
the same preprocessing is applied.

For evaluation, sample mean and standard devi-
ation of a homogeneous area bfo0 x 2200 pixel
have been computed to g = 308.5 ando, = 40.2
and the area’s histogram [k] has been compared nu-
merically to the corresponding Gaussian distribution
P(X = k; jug,02). The maximum absolute error

MAE — holk] — P(X = k: 17
ken[f}gf]iﬂl glK] ( sig,og)| (17)

and the mean squared error

— — . 2
o ((hglk] = P(X Kitg: 7))’

MSE =
k1 —ko+1

(18)

errors of MAE= 1.57-10~% and MSE= 1.26-107?,
respectively.

Moreover, a Kolmogorov-Smirnov test has been
applied. In the evaluation of a data set containing
N samples with the empiric cumulative probability
function Py (X < x) against a given distribution
P(X < x), the significance level of

D = |IPy(X <z)—P(X <2z)| (19)

max
—oo<r<oo

as disproof of the null hypothesis that the distributions
Py andP are identical is approximately [16]

Probability D > observed = Qks (\/ﬁ D) (20)

with the monotonic function
Qus() =2 Y (1) exp (=25%0%) . (21)
j=1

For the test, typical values d¥V = 40 samples
and a significance level of 5% were chosen. The K-S
test verified the null hypothesis that the X-ray image
follows the distributionP(X = z; 14, 02). This is a
strong indicator that noise in observed X-ray images
can be assumed to be Gaussian-distributed.

3.4 White Compression

In Section 3.2, noise standard deviation in the Poisson
noise model has been derived to heid)) = /¢, s.

have been assessed in the dynamic range, i.e., for In the following we estimate the effect of the logarith-

k € [k(),k‘l] C INg with hg[kg] 75 0, hg[kl] 75 0, and
hglk] = 0 for k ¢ [ko, k1]. Both measures yield low

mic mapping (3) on the signal-dependent noise level.
To simplify expressions, we assumge>> 1, which
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justifies the approximatiom(g + 1) ~ In(g). With s
andn denoting signal and noise in the linear detector
imagegiin = s+ 7, the corresponding observed image
Jlog IS given by:

Clog In (s +7(s)) (22)
Clog <ln(s) +1n <1 + 77(?)) (23)

The signal-dependent noise level of the logarithmized
data isolog = 0(giog). As In(s) is constant, this is

equivalent to

The statistical properties of the termi's can be ex-
pressed when regardingn) = 0, o%(n) = ¢, s, and
A=s/cy:

Jlog

(24)

@) - s
) - e

In other words,;/s is of order\~'/2 andn/s < 1
holds for large\ > 1.

To evaluater|og, the termin(1 + 7/s) is approxi-
mated by the Taylor series

(-

D

k=1

Th(x) P 27)

for f(z) = In(1 4 =) at locationzy = 1. The series
is a good approximation far:| < 1 which is fulfilled

in our case. By using the linear Taylor approximation
Ti(n/s) = n/s of In(1 + n/s) the noise level (24) is

approximated by:
_ =

Finally, (3) is applied to signal along with observed
gray values. Consequently, noise should be a func-
tion of sjog = clog In(s + 1) = ciog In(s), which is
equivalent tos = exp(siog/clog), rather thars:

Ui

Clog
Olog = Clog 0 g =

S
Olog = Clog \/@ exXp (_Iog) (29)

2C|0g
In summary, white compression according to the
logarithmic mapping (3) transforms the noise charac-
teristics and the signal-dependent naigg(siog) can
be modeled as monotonically decreasing exponential
function (29). Again, this model has been verified us-
ing non-clinical X-ray images.
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4 Noise Estimation

Noise reduction as well as contrast enhancement
methods can be significantly improved by consider-
ation of the signal-dependent noise level. For this, the
guantitative dependency of the noise lewdfom the
signals must be know, i.e., we require an estimation
of the signal-dependent noise cuwés).

4.1 State-of-the-Art

Typically, noise estimation methods assume additive,
uncorrelated, stationary, zero-mean Gaussian white
noise—and assume it to be not signal-dependent.

In a comparison of various approaches, Olsen
[15] found that, on averagerefilteringgenerates the
most reliable estimate. In this approach an observed
imageg = s + n is filtered to reduce the influence
of structure. More precisely, filteringyields an esti-
mates. = filter(g) ~ s of the signal and the differ-
encen. = g — s. between observed gray valgyeand
estimated signal. is interpreted as noise component.
The estimated noise level is thus given dy using
the sample variance’ = E[(1. — E[n.])?].

Common prefilters are binomial and median fil-
ters. Binomial filtering models to be planar within
the filter window—which is not fulfilled at edges, re-
sulting in a tendency to overestimate noise [3]. For
this reason, commonly edge pixels are disregarded
based on the 1st or the 2nd derivation [9, 12]. Typ-
ically, only pixels with a gradient below a threshold,
IVg|l| < 7 € N, or only p percent of pixels with
lowest gradients contribute to the estimate [3, 15]. In
contrast, median filters allow the image model to con-
tain structure like step edges. All pixels contribute to
the estimate and no gradients are required. Rdmak
[17] found the best window size of smoothing filters
to be, at large3 x 3 pixel.

Other common approaches estimate noise in ho-
mogeneous image regions as these are likely not to
contain structure falsifying the result. For instance,
block-based methods typically average the smallest
standard deviations in image blocks [3]. Bostal.

[6] propose a fast method based on local pixelwise
differences. If all differences are below a threshold,

a homogeneous area is assumed and the noise level is
estimated from the noise histogram. Other histogram
approaches include, for instance, [17].

4.2 Approach

Most state-of-the-art noise estimation methods are not
valid for X-ray imaging as the assumption of signal-
independent noise is not fulfilled. Moreover, methods
must be fast to be applicable for real-time fluoroscopy.
While there are fast prefiltering and block-based noise
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Figure 3: Noise estimation by prefiltering

estimators, the latter is not well suited for medical X-
ray imaging. First of all, there is na priori knowl-
edge if and where there are homogeneous blocks with
s € [sp — ds,so + ds] and smallds in an image.
Furthermore, blocks faall signal levels would be re-
guired to estimate the signal-dependent noise levels—
a requirement that will hardly be fulfilled in practice.
Hence, we chose a prefiltering approach depicted
in Figure 3. Following signal estimation, the noise
component at locatiopin, n| is estimated to be
Nelm, n] = glm,n] — se[m,n] . (30)
The signal-dependent noise cupyg (s) follows from
a statistical evaluations of all noise components at
identical estimated signal leveds, i.e.,

0l (s) = E|(n(%) —ERe(Q))?| (31)
[m%em (Melm, n] — . (5))?
B -1 (32)
with
Q= {[m,n] | sefm.n] =5},  (33)

spatial domaif = | J, €, || denoting the number
of elements i, and sample mean

Z Ne[m,n] .

[m,n]eQs

1
Q]

,LL776 (S) = | (34)

Finally, postprocessing increases the reliability of the
estimate and fits the data to the noise model.

A drawback of prefiltering is thaj. contains sig-
nal components ik.[m,n| # s[m,n|. For this rea-
son, the problem has to be addressed, how to fjlter
in such way that. resembles as closely as possible
or at least that the sample variancejpf= g — s, re-
sembles noise variance. In accordance with the state-
of-the-art,3 x 3 binomial and median filters are taken
into account for signal estimation. Binomial filteks

on the other hand, are not as suited to reduce Gaussian
noise, but exhibit better structure preservation. Thus,
one can expeoj. to contain less Gaussian noise, but
also to contain less structure falsifying the result.

There are three main issues, to be discussed in the
following sections: How do the filters perform when
there is no structure present, i.e., in uniform signal
sim,n] = sp € INy? How do the filters perform in
the presence of structure? And finally, how can falsi-
fications due to structure be reduced?

4.3 Perefilters for Uniform Signal

To begin with, we analyze noise estimation without
the influence of image structure. An observed im-
ageg[m,n] = sp + n[m,n] is modeled to consist of
uniform signalsy € INy and uncorrelated zero-mean
Gaussian noise with standard deviation, € R*.
Noise estimation performance is measured by the rel-
ative estimation error
€ne = (35)

of the estimated noise,, with regard to the true noise
level o in the image. In uniform signal the estimated
noise is expected to be always slightly below the true
noise, i.e.¢,, < 0. This is due to signal estimation as
filtering does not yield constant|[m,n| = sg, thus,
some of the noise energy is estimated to be signal.

Noise estimation performance using binomial fil-
tering, i.e., linear filtering. = h * g with filter mask
h, can be derived theoretically when assuming noise
statistics to be independent from the location n]
and signals[m,n]|. The variance of a weighted sum
X =), ¢;X; of independent Gaussian variabl&s
with variancess? is given by

A(X)=> o} (36)

Hence, as linear filtering yields weighted sums of pix-

are well suited to attenuate Gaussian noise. Thus, one e|s g[m, n] with independent Gaussian noisé, the

can expect, = g—hxsto contain a great extent of the
noise. However, linear filtering cannot separate noise
and structure and thug will contain significant com-
ponents representing object structure. Median filters,

noise variance in the filtered image holds

os, =Y hli,j* af - (37)
,J
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Filter Size oy, /oo [%] oy /00 [%] €n. [%0]
Median (measured) 3 x 3 40.81 +0.05 97.134+0.04 —2.874+0.04
Binomial (derived) 3 x 3 37.50 80.04 —19.96

5x5 27.34 89.08 —10.92
77 22.56 92.50 —7.50

Table 1: Noise estimation performance in uniform signal. (a) Median filteer@ye (accuracy, bias) and standard
deviation (precision, non-systematic error) of 100 measurements in teseésncagtainingl024 x 1024 pixel
(so =0, o9 = 100, no clipping). (b) Binomial filters: Derived according to (37) and (38).

Likewise, estimated noise componenis= g — s
g — (h x g) are weighted sums of pixetgm, n|, how-
ever, differing in the central weight. Wit#i:] denot-
ing the Kronecker function, noise variance is given by

(38)

2 _ 2
Op. = Ch 0p

with
cn =y (1= 3[i)8[4]) bli, 51* + (1 = h[0,0])* (39)

2y
and the relative error holds, = ¢, — 1. For median
filtering, we determined noise in estimated sigaal
and noise componentg as well as the relative error
€y, DY numerical simulations.

Table 1 summarizes the results. Although it has
been stated (e.g., [13]) that median filters are not
suited to reduce Gaussian noise, Boncelet [5] notes
that these perform only slightly worse in Gaussian
noise than linear averaging. This is supported by the
results in Table 1. Regarding x 3 filters, i.e., the
preferred filter size for noise estimation, abd0t8%
and37.5% of the noise standard deviatiep remains
in s after filtering with median and binomial filters,
respectively. However, the statistical properties in
ne = g — s, reflect the noise leveky by far better
in case of median filtering, yielding an absolute rela-
tive error|e,, | of about2.9% compared t®0.0% for
binomial filtering.

4.4 Prefilters in the Presence of Structure

So far, we have analyzed noise estimation perfor-
mance in constant signalm,n| = s, for instance,

S

/A_ hxs
se(x2) < s(x2) ‘

Figure 4. Predominant signs of falsifications due to
structure. A step edgeis smoothed for signal esti-
mations.. At the lower (left) side of the edge the
estimated signal is. > s. Thus, the estimated noise
Ne = s — S. IS negative. The opposite is true for the
larger (right) side of the edge.

4.4.1 Iterative Outlier Removal

As discussed above, state-of-the-art prefiltering meth-
ods typically address the problem (i) by disregarding
locations with intensity gradief{tV || above a thresh-
old 7 € IN or (ii) by evaluatingp percent of pixels
with lowest entries in an edge image, only. We pro-
pose a third approach based onahgriori knowledge
that the noise componentém, n] are expected to be
Gaussian-distributed, i.e., abd®%t 7% of the samples
are in the3o interval of the distribution. Thus, there
is a high probability that values outside this interval
are dominated by structure rather than noise. To re-
duce falsifications due to structure, we remove these
outliers from the sample set and update the estimated

homogeneous areas. In natural images, though, signal standard deviation using the remaining samples. That

inhomogeneities like edges affect the estimate. A pre-
filter yields a signal estimate, which typically is not
identical to the signal, i.es, # s. Consequently, sig-
nal structure falsifies the estimated noise component
ne = g — S # n and hence noise standard deviation
oy, calculated fromm,. As illustrated in Figure 4, the
additional componentg, due to structure tend to have
negative sign for small signal and positive sign for
large signal.

is, for each signal leved, starting from an initial sam-
ple setn.[m] at locationam = [m,n| € o,

Q0 ={m|s[m|=s}, (40)
and noise estimate
oW (s) = E [(ne (29) ~E |n. (sng))})Q] )



Proceedings of the 6th WSEAS International Conference on Signal Processing, Robotics and Automation, Corfu Island, Greece, February 16-19, 2007

25¢
201

15¢

Binomial
101

Median

Absolute estimation error

10 20 30 40 50 60
o, [%]

(a) Absolute errobge,,

190

501
S
— 40r
o
o
< 30 _ _
2 Binomial
© L
£ 20 .
Z Median
() 10F
(]
=
<
= 0
o
18, 30 50 60

40
0
o, [%]

(b) Relative errok,,

Figure 5: Noise estimation performance at corrupted edgesl (0Zaex 1024 pixel test signal contains 2 pixel wide
vertical bars withsg = 0 ands; = 100. Zero-mean Gaussian noise with standard deviatigr@ percentage of
step sizeAs = s; — sg) has been added and noise estimated u$ir@ median and binomial filters. (a) Absolute
errors. (b) Relative errorgr§ > 20 as relative errors are very large for smaller noise in binomial filtering).

according to (31) to (33), in each iteration step the
sample set is reduced to

QD = fm |, [m] € OO A fnefm]] < 30(s) }

(42)
and the standard deviatio:‘ﬁ]:“)(s) updated appro-
priately.

Our experiments show that this method is supe-
rior to state-of-the-art gradient-based approaches. A
general problem when integrating gradients or edge
detection (e.g., [9]) into noise estimation is that these
are very sensitive to noise. In particular in strong
noise, strongly corrupted pixels are omitted from the
estimation while edges might be comparatively weak
and hence contribute to the estimate.

4.4.2 Influence of Edges

We begin the analysis of the effect of structure on the
noise estimation by x 3 median and binomial pre-
filtering with some considerations on ideal step edges.
In the noise-free caseg, = s, median filters preserve
edges,se = medianys(s) = s, and hence these do
not falsify noise estimates,, . Binomial filtering, on

the other hand, blurs edges,= h * s # s, and falsi-
fieso,,. Inthe presence of noisg = s+n, median as
well as binomial filters affect;, . In case of binomial
filters, signal components are blurred in estimated
signal due ts, = h* (s+n) = h* s+ h*n. In me-
dian filtering, this results from the fact that the median
of all pixels in the filter window is chosen while the
median of pixels of the homogeneous area containing

the center pixel is desired. This introduces a slight
bias toward the “other” intensity level of the edge.

The influence of ideal step edges corrupted by
noise has been assessed in numerical simulations. The
test signal contains vertical bars with intensitigs
ands; > sg. Each bar is 2 pixels wide so that exactly
one edge is contained in3ax 3 filter window at ev-
ery location. Figure 5 depicts the absolute and relative
noise estimation erroege,, ande,, in dependency of
the true noise levet,. Note that the relative error is
not plotted foroy < 20 as relative errors can take ex-
cessively large values for smal) [17]—which is the
case for binomial filtering in this simulation. In me-
dian filtering, noise is slightly overestimateg, ( > 0)
regardless oby. In the case of binomial filtering
underestimation occurs for noise larger than approx-
imatelyo ~ 42% of the step heighi\s = s; — s.

Olsen [15] notes that noise should be overesti-
mated in the presence of structure and underestima-
tion might occur when noise is driven into saturation.
This general tendency need not be true for very hight
noise levelsry as prefiltering underestimates noise in
the absence of structure, for instance, by about 20%
for 3 x 3 binomial filtering (Table 1). This component
becomes dominant with increasinag.

4.4.3 Influence of Clinical Structure

We repeated above experiments with a clinical image.
For numerical simulations, we chose an image of size
1024 x 1024 pixel showing a vessel tree filled with

contrast agent as this contains clinical relevant struc-
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ture of varying sizes. In order to obtain an almost [3] A. Amer and E. Dubois, Fast and Reli-

noise-free clinical reference image, noise has been re- able Structure-Oriented Video Noise Estimation,
duced by computational complex nonlinear diffusion IEEE Trans. on Circuits and Systems for Video
filtering. Technologyl5, 2005, pp. 113-118.

For the evaluation, Gaussian noise with standard [4] R. Aufrichtig and D.L. Wilson, X-Ray Fluo-
deviationoy has been first added to and afterwards roscopy Spatio-Temporal Filtering with Object
estimated from the image. Apart from low noise lev- Detection |EEE Trans. on Medical Imaging4,
els where—as explained above—the measure is not 1995, pp. 733-746.
meaningful, the relative estimation eregy is roughly [5] C. Boncelet, Image Noise Models, In:
constant throughout the analyzed noise levels.dgor A.C. Bovik (Edt.), Handbook of Image and
in 5% to 60% (step size: 2.5%) of the maximum im- Video Processing2nd edit., Elsevier Academic
age intensity, median filtering yielded a mean relative Press, 2005, pp. 397—409.

error O.f |$I85% with ? Sé@”dafd deviation of 0.{?5%. [6] A.Bosco, A. Bruna, G. Messina, and G. Spamp-
Binomial filtering resulted in-19.92% +0.09%. The inato, Fast Method for Noise Level Estimation

magnitudes are hence within the errors of the noise- and DenoisingProc. ICCE 2005, pp. 211-212.

free case according to Table 1. [7] I.N. Bronstein, K.A. Semendjajew, G. Musiol,

and H. Mihlig, Taschenbuch der Mathematik
6th edt., Verlag Harri Deutsch, 2005.

5 Summary and Conclusion
[8] C.L. Chan, A.K. Katsaggelos, and A.V. Sa-

To this day, literature on noise modeling and esti- hakian, Image Sequence Filtering in Quantum-
mation concentrates on signal-independent Gaussian Limited Noise with Applications to Low-Dose
noise. In this paper, we have presented modeling Fluoroscopy, IEEE Trans. on Medical Imag-
for signal-dependent quantum noise occurring in im- ing 13, 1993, pp. 610-621.
portant and established applications as, for instance, [9] B.R. Corner, R.M. Narayanan, and S.E. Re-
low-dose medical X-ray imaging. At this, our contri- ichenbach, Noise Estimation in Remote Sensing
butions include, in particular, modeling the effect of Imagery Using Data Maskindntern. Journal of
typical nonlinear mappings and establishing a link to Remote Sensir2g, 2003, pp. 689—702.
physical quantities like the exposure time. _[10] R.J. Ferrari and R. Winsor, Digital Radiographic
Moreover, we presented a robust and fast esti- Image Denoising via Wavelet-Based Hidden
mator for signal-dependent Gaussian noise with high Markov Model EstimationJournal of Digital
performance in, both, homogeneous areas and natu- Imaging18, 2005, pp. 154-167.

ral clinical structure. Inter alia, it has shown that, [11]
in spite of its inferiority regarding the reduction of
Gaussian noise, at large, prefiltering by & 3 me-
dian filter clearly outperformg x 3 binomial pre-
filtering. All results are also valid for noise that is not . ) L
signal-dependent and the noise estimator can easily be [12] \(J;.VIITJrgjrliagg,GFast Bh(l)tz)lsgo\z/arlance Estimation,
adapted for such applications. D I pp. ToEe
Modeling as well as noise estimation are a req- [13] B. Jahne, Digital Image Processing6th edt.,
uisite of utmost importance in order to yield consid- Springer, 2005.
erable structure-preserving noise reduction. For this [14] D. Kunz, K. Eck, H. Fillbrandt, and T. Aach, A
reason, the results presented in this paper are the basis ~ Nonlinear Multi-Resolution Gradient Adaptive
of the noise reduction methods (e.g., [11]) developed Filter for Medical ImagesSPIE Medical Imag-
by our research groups for clinical application. ing 5032, 2003, pp. 732-742.
[15] S.I. Olsen, Estimation of noise in images: An
evaluation,CVGIP: Graphical Models and Im-

M. Hensel, T. Pralow, and R.-R. Grigat, Real-
Time Denoising of Medical X-Ray Image Se-
quences: Three Entirely Different Approaches,
Proc. ICIAR 2006, pp. 479-490.
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