
IEEE TRANSACTIONS ON MEDICAL IMAGING, VOL. 25, NO. 4, APRIL 2006 451

Local Noise Weighted Filtering for Emphysema
Scoring of Low-Dose CT Images
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Abstract—Computed tomography (CT) has become the new ref-
erence standard for quantification of emphysema. The most pop-
ular measure of emphysema derived from CT is the pixel index
(PI), which expresses the fraction of the lung volume with abnor-
mally low intensity values. As PI is calculated from a single, fixed
threshold on intensity, this measure is strongly influenced by noise.
This effect shows up clearly when comparing the PI score of a
high-dose scan to the PI score of a low-dose (i.e., noisy) scan of
the same subject. In this paper, the noise variance (NOVA) filter is
presented: a general framework for (iterative) nonlinear filtering,
which uses an estimate of the spatially dependent noise variance
in an image. The NOVA filter iteratively estimates the local image
noise and filters the image. For the specific purpose of emphysema
quantification of low-dose CT images, a dedicated, noniterative
NOVA filter is constructed by using prior knowledge of the data to
obtain a good estimate of the spatially dependent noise in an image.

The performance of the NOVA filter is assessed by comparing
characteristics of pairs of high-dose and low-dose scans. The
compared characteristics are the PI scores for different thresholds
and the size distributions of emphysema bullae. After filtering,
the PI scores of high-dose and low-dose images agree to within
2%–3%points. The reproducibility of the high-dose bullae size
distribution is also strongly improved.

NOVA filtering of a CT image of typically 400 512 512

voxels takes only a couple of minutes which makes it suitable for
routine use in clinical practice.

Index Terms—Denoising, emphysema quantification, low-dose
CT images, nonlinear filtering.

I. INTRODUCTION

WITH present day multislice computed tomography (CT)
scanners, isotropic acquisition of the complete chest

with submillimeter resolution is possible within a single breath
hold. This has made CT the standard modality of choice for
clinical assessment of many lung diseases, amongst them
chronic obstructive pulmonary disease (COPD) [1]. To reduce
the health risk from exposure to radiation while making a CT
scan, it is desirable to use a radiation dose that is as low as
possible. This is especially true for screening studies, for which
asymptomatic people volunteer. However, the constraint on
irradiation dose leads to considerable noise in CT scans. The
noise becomes more apparent when the effective radiation dose
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is lowered; the radiation dose “available” in the lungs does not
depend on the radiation dose settings of the scanner only, but is
also influenced by, e.g., the size and weight of the patient. The
presence of noise in CT scans can seriously hamper making a
correct clinical diagnosis. Indeed noise is becoming a funda-
mental bottleneck for almost any multislice CT application. In
particular, the analysis of COPD is very unreliable in low-dose
CT images. Currently, COPD is the fourth cause of death in the
world and is expected to be the third cause of death in 2020 [2].
Therefore, tools for accurate diagnosis of this disease deserve
a commensurate amount of effort. This paper focuses on the
reliability of quantification of one form of COPD: emphysema.

Emphysema is a pathology of the lung, characterized by the
destruction of lung tissue. This deficiency can be measured
by aberrations of pulmonary function tests (PF), in which the
performance of the lungs (e.g., vital lung capacity and diffusion
of CO) is compared to the statistically expected performance.
However, PF can distinguish only in rough stages: at risk,
normal, mild, or severe [3]. Studies have shown that tissue in
about a third of the lung volume has to be destructed before PF
indicate a significant deviation from healthy lungs [4]. More
sensitive tools for emphysema quantification are sorely needed.

Since emphysema shows up on CT as areas with abnormally
low attenuation coefficients [close to that of air, i.e., 1000
Hounsfield units (HU)], visual CT scoring of emphysema is fea-
sible. A number of automatic methods for emphysema quantifi-
cation have been proposed in literature to replace the subjective
visual scoring of emphysema (for an overview see Madani et al.
[1] and Müller and Coxson [5]). These automatic methods offer
quantifications that are more sensitive than PF and more objec-
tive than visual scoring.

As emphysema is identified by air-like voxels in the lungs,
thresholding is the most straightforward way to automatically
obtain a measure for the extent of emphysema. The most popular
way to quantify emphysema, the pixel index PI , is simply the
percentage of lung volume with intensities below a threshold

. Commonly this threshold is picked between 960 HU and
910 HU.
When emphysema is calculated from a fixed threshold on CT

value, noise can greatly influence the visual and PI scores; this
is illustrated in Fig. 1, where the right column shows a clear dif-
ference between the emphysema content of an image obtained
with a clinical radiation dose and an image obtained with a ten
times lower dose of the same person. Although noise greatly
hampers the accuracy of emphysema quantification, no studies
have addressed the issue of noise reduction. The only techniques
that have been used for noise reduction for accurate emphysema
quantification are Gaussian blurring by Tylén et al. [6], and av-
eraging over a number of axial slices (e.g., Kostis et al. [7]).
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Fig. 1. Coronal slice and its accompanying emphysema map calculated for a threshold of �930 HU. (a),(b) Scan with clinical radiation dose (PI = 13:3%).
(c),(d) Approximately corresponding slice of a scan of the same patient with a ten times lower radiation dose (PI = 15:8%). (e), (f) Corresponding low-dose slice
after 3-D averaging (PI = 8:4%). The average number of bullae per slice for tiny (less than 5 mm ), small (5 to 40 mm ), medium (40 to 80 mm ), and large
bullae (larger than 80 mm ), respectively, is 93.87, 22.09, 5.68, and 7.69 for the clinical radiation dose scan, 411.26, 57.13, 8.73, and 8.50 for the low-dose scan
and 14.61, 8.64, 3.11, and 4.83 for the averaged low-dose scan.
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By applying a simple averaging filter prior to emphysema
scoring, a lot of areas that are wrongly identified as emphysema
because of noise can be removed: In Fig. 1, the emphysema map
of the low-dose image after applying a moving average (MA)
filter with a window of (bottom row) has visually
a better resemblance to the emphysema map of the high-dose
image (first row) than the unprocessed low-dose map. However,
for accurate scoring of emphysema in low-dose CT images, an
improved noise filter is needed. Such a filter should have the fol-
lowing characteristics: 1) Filtering should bring the PI score of
a low-dose image closer to the score obtained for a high-dose
scan of the same subject; 2) Small image structures and edges
should be preserved; 3) Large three-dimensional (3-D) images
should be processed sufficiently fast so the filter can be used in
clinical routine. For visual scoring an additional requirement is
that the processed images should look realistic (e.g., no quan-
tization-like artifacts). For the CT scan of Fig. 1, the used MA
filter only adheres to the speed requirement above.

Noise reduced CT images can be obtained either by prepro-
cessing or by post-processing. Preprocessing is applied to the
raw scanner data before the CT image is reconstructed. This
work concentrates on noise reduction by post-processing only,
i.e., filtering of the 3-D CT image, because raw data is usually
not available in a clinical environment.

Many different denoising strategies have been reported in
literature: averaging and median filtering (as mentioned in
most textbooks on signal processing), order statistics based
filters (e.g., [8]), morphological filters (e.g., [9] and grey-scale
closing), filters based on partial differential equations (e.g.,
anisotropic diffusion [10]), nonlinear image restoration filters
(e.g., spatial deblurring [11]), and wavelet filtering (e.g., [12]).
Note that this list is far from complete. Many of the promising
filters proposed in literature are computationally too complex
to be used in clinical routine; filtering a 3-D CT dataset of
typically could easily take hours, while
clinical demands allow only minutes of processing time.

Since the application of an averaging filter substantially im-
proved the visual quality of the emphysema map, we searched
for a way to extend the averaging filter to enhance its effec-
tiveness and to make it fulfill all the requirements above. As a
starting point the MA filter was used, because it is the simplest
noise reduction filter, and extremely fast.

We propose to extend the MA filter with a weighting func-
tion in the intensity domain, where is a function of the
intensity difference between a voxel in the averaging window
and the intensity at the center of the window, and the variance
of the noise at the center of the window. This filter is coined the
Noise Variance (NOVA) filter. The NOVA filter needs a descrip-
tion of the noise variance in an image, which can be calculated
iteratively if it cannot be modeled or obtained in an independent
manner.

The practical usefulness of a new noise filter can only be as-
certained by evaluating it on real data. The NOVA filter could be
of use for many CT applications where noise negatively influ-
ences the diagnostic process. In this paper, the performance of
the NOVA filter is assessed for a specific clinical problem: em-
physema quantification of low-dose CT images. The effective-
ness of the NOVA filter is globally analyzed in an experiment

using pairs of high-dose and low-dose CT images of the same
patients. The quality of the filtered images is also investigated
visually.

This paper proceeds as follows: In Section II, the construction
of the NOVA filter is presented and a general iterative frame-
work is given to filter images and obtain an estimate of the local
noise needed for the filtering; a dedicated NOVA filter for em-
physema quantification of low-dose CT images is developed in
Section III; the experimental data and setup are described in
Section IV; the performance of the filter with respect to emphy-
sema quantification is evaluated and compared to MA filtering
in Section V; conclusions are drawn in Section VI.

II. NOISE VARIANCE FILTER

The starting point of the NOVA filter is the MA filter. The MA
filter replaces a voxel value with the average of the voxel values
in a window around that voxel. This filter is separable and can
be implemented in a recursive manner which makes it extremely
fast. For a 3-D image this means that a voxel is filtered by three
sequential one-dimensional (1-D) passes, and in each pass the
new voxel value is calculated from the value of the previously
calculated neighbor and the values of the two voxels leaving and
entering the averaging window.

The largest drawback of MA filtering is the amount of blur it
introduces into an image, wiping out small structures and sharp
edges. This blurring can be prevented if averaging over neigh-
boring voxels takes place only over intensities that are close to
the value of the voxel to be replaced. The intensity deviation
allowed should be related to the noise in the image. This idea
can be incorporated into the MA filter by adding a weighting
function to the averaging, which is a function of
the intensity of the voxel to be replaced, the intensity of
another voxel in the averaging window, and the noise variance;
the resulting filter is the NOVA filter. Lee [13] used this con-
cept to build the sigma filter, using for
and for other intensities, where expresses the stan-
dard deviation of the noise throughout the image. The SUSAN
noise filter [14] is another filter that uses this idea, using

. It should be noted that in general, the
usage of breaks the separability of the filter. Also note that
the weighting function only looks at intensity differences;
spatial distance is not used.

The novelty of our NOVA filter is that it calculates and uses an
estimate of the local standard deviation of the noise to adapt its
filter strength. The NOVA filter is actually a class of filters and
can be regarded as a generalization of both the sigma filter and
the SUSAN filter; by choosing a uniform noise standard devia-
tion and different weighting functions ( for

for the sigma filter and for
the SUSAN filter), the NOVA filter can be turned into either of
these filters.

As the default weighting function of our image filter we have
chosen a trapezoid (see Fig. 2), with the extents of the platform
and the filter denoted and , respectively, giving a relative
weight as a function of the intensity , and the local standard
deviation of the noise (the “noise map”) and intensity at the
filter location, respectively, and . The sum of the
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Fig. 2. Preferred kernel of the NOVA filter, which acts in the intensity domain.
The contribution of the intensity I in a point in the averaging window to the
filtered intensity in the central voxel, is determined by I , the intensity in the
central voxel I , the local standard deviation of the noise � and the parameters
p and d.

Fig. 3. Iterative construction of noise map � and filtered image L

using the previous estimate of the filtered image L and a uniform noise
map � .

weights is normalized for each averaging window. Explicitly,
the filtered intensity is calculated as

(1)

where indicates the spatial neighborhood around a voxel.
The NOVA filter needs a description of the location dependent

standard deviation of the noise to operate. For specific
applications it might be possible to construct an image of the
noise only, derived from either a statistical model or the raw
image data (e.g., in [15] it is described how to derive the noise
image of a CT scan from the raw scanner data). In absence of
these “independent” methods, we present a general framework
for the NOVA filter in which the noise image is estimated and
the image is filtered in an iterative fashion.

For a perfect noise filter, the noise image of an image
can be calculated by simply subtracting the filtered image

from : . This idea is used to cast the NOVA
filter in an iterative formulation, as is shown in the flowchart of
Fig. 3. To obtain filtered image of after iterations,
the following steps are taken: 1) The previously filtered image

is filtered with a NOVA filter which uses a uniform noise
map in the evaluations of , and the result is subtracted
from to obtain noise image ; 2) The local standard
deviations of are calculated to form noise map ; 3)
Image is again filtered with a NOVA filter which now uses
noise map in the evaluations of to yield filtered image

. In Fig. 3, and denote the parameter settings of
the particular NOVA filter used. These parameters include the
shape description of the weighting function and the defini-
tion of the spatial window inspected around each voxel. Here, a
distinction is made between the parameters of the NOVA filters

used in the first stage and last stage of each iteration, respec-
tively, and , but the two parameter settings do not have
to be different.

The proposed iteration scheme is greedy in the sense that for
each constructed only the previously computed image

is taken into account. Other iteration schemes are conceiv-
able; for example one could focus on finding a better estimate
of the noise map of the original image, which is to be used in
the final pass of the NOVA filter on the original image.

For 3-D images, the NOVA filter can be implemented either
as a fully 3-D filter (NOVA-3D) or as a three times 1-D filter
(NOVA-1D). Although the usage of the weighting function
breaks the separability of the NOVA filter, the approach of three
sequential runs may still be justified since separability greatly
reduces the computational burden.

For the 3-D implementation, we use a sphere for the spatial
filtering window: Neighboring voxels contribute only if they are
within a distance of the voxel to be filtered. NOVA-3D needs
a noise map which consists of the standard deviations of the
noise in a 3-D neighborhood. Preferably the latter neighborhood
is the same sphere as used as averaging window for the NOVA
filter, but from a computational point of view it is cheaper to
calculate the 3-D standard deviations in a box in
three sequential 1-D recursive passes.

For NOVA-1D, each 1-D window considers voxels within
voxels of the voxel to be filtered. The noise map needed for this
filter is not the same as the one for NOVA-3D, since re-
flects the noise in a 3-D neighborhood, while NOVA-1D only
considers voxels in a 1-D neighborhood. Therefore, for each of
the three sequential passes of NOVA-1D, the 1-D noise map
should be calculated in the upcoming filter direction. Moreover,
the computation of should reflect the actual noise in the
image taking into account the reduction of noise due to previous
passes of NOVA-1D. In real applications, one might assume a
simple relation between and the first pass , and be-
tween one pass and the next pass , so that for NOVA-1D
one needs only one calculation of the local standard deviations
and three 1-D filter passes.

What values to use for the different parameters of the NOVA
filter and what stopping criterion to use for the iterative im-
plementation is application dependent. In particular, there is no
guarantee that the iterative NOVA filter always converges to an
optimal solution, so the stopping criterion should be selected
with care. As an example of a stopping criterion for filtering
a CT image one could select a small volume of interest in the
image and keep on iterating with the NOVA filter until the con-
trast-to-noise ratio in the volume of interest starts to degrade.
Most often the application dictates that filtering should be fast,
which would limit the number of iterations to one or two.

III. DENOISING LOW-DOSE CT SCANS WITH THE

NOVA FILTER

The NOVA filter contains many parameters and might need
several iterations. If nothing about the imaged object is known,
one can use the iterative scheme above and try different settings
of the parameters to obtain an optimal result. However, knowl-
edge about the imaging process and the imaged object can be
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Fig. 4. Histograms of the intensities in the lungs of a high-dose and low-dose
CT image of the same subject. The high-dose histogram can be blurred to
resemble the low-dose histogram.

used to make a dedicated NOVA filter which is optimized for
a specific application. In particular, we will show how we can
exploit prior knowledge about the nature of the data to obtain a
good estimate of the noise map which turns the NOVA filter into
a noniterative filter. The application considered here is emphy-
sema quantification in CT images, with the requirement that the
filter is fast enough for routine clinical usage (only a couple of
minutes for a scan of about ). The dedi-
cated NOVA filter for this application is constructed as follows.

For a noniterative NOVA filter a good estimate of the noise
map corresponding to the image to be filtered is
needed. Such a noise map will be constructed from the local
standard deviations of the image intensities in the
lungs. The recipe for the dedicated NOVA-3D filter for emphy-
sema quantification is as follows.

1) Calculate the local standard deviation of intensities
in the lungs, and clip the values of to the value of
the peak of the histogram of values; the result is the
estimate of the noise map .

2) Run the NOVA filter once with the noise map obtained
in Step 1).

The reasoning behind this approach is the following.
A histogram of the intensities in the lungs is de-

picted in Fig. 4 for both a high-dose and a low-dose CT image
of the same subject (for visibility only the intensities up to
0 HU are shown). The effect of adding noise to an image
shows up as a blurring of the histogram; the peaks of
deflate and become broader. Assuming that on average the
noise is Gaussian, it is possible to find the average standard
deviation of the noise affecting the lungs by fitting a
Gaussian to the left
wing of the real, observed histogram . If this is a proper
description of the average noise in the lungs, it should be
possible to transform a high-dose histogram into a low-dose
histogram, by convolving the high-dose histogram with a
Gaussian where

and denote the of the high-dose and the
low-dose image, respectively; Fig. 4 shows that apart from a
slight horizontal shift this appears to be the case. At this point

Fig. 5. Histograms of the standard deviations of intensities in the lungs of a
high-dose and low-dose CT image of the same subject. The standard deviations
are calculated locally in a moving window of 9� 9� 9 voxels.

Fig. 6. Peak of the local standard deviation (SD peak) of the intensities in the
lungs is strongly related to the global estimate of the average noise standard
deviation (SD avg) obtained from the histograms of intensities in the lungs.

we have found a characteristic description of the global noise
in the image. The next step is to go from the global found
from the image intensities to a local description of the noise.

Fig. 5 shows a histogram of the local standard de-
viations of the intensities in the lungs for both a
high-dose and a low-dose CT image of the same subject. These
histograms show clear peaks. For 22 images we calculated the
location of the peak of ; in Fig. 6 these locations are
plotted against the corresponding values found for these
scans. There is a strong dependence between the two quanti-
ties (the linear fit shown in Fig. 6 has a correlation coefficient

), giving confidence to the notion that the local stan-
dard deviation of intensities is related to the local noise. Indeed
this reflects a common way to estimate noise: The standard devi-
ation is computed over a region that should have a more-or-less
homogeneous intensity.

The values of have to be clipped to distinguish between
standard deviations arising from noise and the higher values due
to interfaces between different components in the lung volume.
The noise in raw CT data is predominantly photon noise, which
results in less noise in regions of lower intensity in the recon-
structed image [16]. The lungs consist of several components:
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TABLE I
CHARACTERISTICS OF THE THREE-DIMENSIONAL AND ONE-DIMENSIONAL

VERSIONS OF THE DEDICATED NOVA FILTER FOR ANALYSIS OF THE LUNGS IN

LOW-DOSE CT IMAGES. THE DIFFERENT STEPS INVOLVED AND THE

PARAMETERS OF THE FILTERS ARE INDICATED

air, parenchyma, and vessels. Each of these components has a
corresponding distinct intensity range, which is rather small.
The majority of the lungs is filled with parenchyma, so the peak
of is considered to correspond to the observed intensity
variations for lung parenchyma, which is a measure of the noise
level for parenchyma. High standard deviation values are ex-
pected for interfaces between different “tissue” types (e.g., be-
tween air and parenchyma, between parenchyma and vessels,
and between vessels and air) and do not represent the noise in
these areas. Thus, from the histogram , only values up to
the location are considered to be valid estimates of the
local noise in the lungs. In fact, one could define the clipping
factor of values (i.e., values larger than
are replaced by ) as the effective filtering strength: Ac-
cepting larger values of leads to inclusion of intensi-
ties in the averaging that deviate more from the intensity of the
voxel to be filtered (large values of will lead to considerable
blurring in the filtered image). By default is set to 1 for the
NOVA-3D filter.

For the NOVA-1D filter some extra steps are needed. Gen-
erally the separate one-dimensionally calculated histograms
have smaller values than of the three-dimensionally
calculated histogram. Consequently, the averaging window ‘ac-
cepts’ fewer neighbors, leading to a weaker filtering effect. An
obvious way to compensate for this difference in behavior, is to
pick a larger clipping factor of values (see above)
for the 1-D case.

In Table I, the ingredients of the dedicated NOVA filter for
analysis of the lungs in low-dose CT images are summarized. In
all experiments described below, the shape of is the same for
NOVA-3D and NOVA-1D filter; the basic shape is a trapezoid
(see Fig. 2) parametrized by a platform width and a total extent

. The diameter of the sphere that is the 3-D window is set equal
to the width of the 1-D window; its optimal value has to be
found empirically: Too large a value and the local character of
the noise cannot be captured anymore, and a too small value will
give a bad estimate of the standard deviation.

IV. EXPERIMENTS

This section presents two experiments. The goal of the first
experiment is to use the filter of the previous section and find
an optimal set of parameters to filter low-dose CT scans prior to
emphysema quantification by global thresholding. The param-
eter tuning will be done to achieve optimal reproducibility of PI

scores. The second experiment concerns a subjective analysis of
the visible quality of NOVA filtered images.

A. Emphysema Scoring in High-Dose and Low-Dose CT
Images

Twenty-five patients of the University Medical Center
Utrecht that were scheduled for a clinical high-dose CT scan
agreed to undergo an additional low-dose scan: First, the
high-dose scan was acquired, the patient left the table for
10 min and then returned for a low-dose scan. All CT im-
ages were acquired with a Phillips MX8000 IDT 16-slice
CT scanner. The scanning conditions were kept completely
similar, reducing only the radiation dose by a factor of ten by
changing the milliamperes value of the scanner (high-dose is
typically 150 mAs). The images were reconstructed without
edge enhancement on a 512 512 matrix (in-plane resolution
of 0.6–0.7 mm). The spacing between slices was between 0.65
and 1.0 mm. Care was taken to select only scan pairs with a
high reproducibility of inspiration level; this way eleven pairs
of scans were included in the experiments in this paper.

Under the assumption that in high-dose images PI gives a
reliable quantification of emphysema, the performance of a filter
is measured by how closely the emphysema scores of the fil-
tered low-dose images resemble the PIs of the corresponding
high-dose scans. For this experiment the performances of the
dedicated NOVA-3D and NOVA-1D filters are compared to MA
filtering. This experiment is used to tune the parameters of the
various filters for best overall performance. The “best match”
criterion for parameter tuning was based on goodness of em-
physema score reproduction for three emphysema thresholds:

950, 930, and 910 HU. For each parameter setting, the
mean and variance of the pairwise differences between
high-dose PI scores and the ones obtained after filtering the
low-dose images are computed. The upper and lower borders
of the 95% confidence intervals of the distributions of pairwise
differences, respectively, and , are calculated from

and . The borders computed for the various parameter set-
tings are ranked on closeness to zero pairwise difference, where
ranking is done for each emphysema threshold and for and

separately. The parameter setting that most often results
in the best ranking of borders is taken as the optimal setting. In
other words, we look for the parameter settings which gives a
distribution of pairwise differences with close to zero and as
small as possible, for all emphysema thresholds simultaneously.

For calculation of PI the lung volumes are automatically
segmented from the scans, using a technique similar to
the one of Hu et al. [17]. For the window diameter the
values 3, 5, 7, 9, 11, 13, and 15 voxels are tried. For the
shape of the weighting function the following combinations
of the platform extent and the total extent are tested:

. The and clipping
factors are varied between 0.6 and 1.5 (steps of .1). All
combinations of parameters were tried: 770 experiments in
total. Tuning of the MA filter was done with the same criterion,
trying for the window diameter the values 3, 5, 7, 9, 11, 13,
and 15 voxels.
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Fig. 7. Boxplots of the differences between (un)filtered low-dose and
high-dose scores for the fractions of lung volume below three different
attenuation thresholds. The x-axis states which filter was applied to the
low-dose data prior to emphysema quantification. The used threshold is
indicated in each panel.

After parameter tuning, the size distributions of emphysema
bullae in the filtered low-dose images are compared to the
distributions in the high-dose scans. For this comparison we
used the definitions of bullae and size classes of Blechschmidt
et al. [18]. Bullae are defined in axial two-dimensional slices
as 4-connected objects of voxels with intensities below the
given emphysema threshold. The size classes are: tiny bullae
(less than 5 ), small bullae (5–40 ), medium bullae
(40–80 ), and large bullae (larger than 80 ). The
average number of bullae in each size class is calculated per
slice for each filtered low-dose scan, and compared to the
numbers obtained for the high-dose scans.

B. Visual Assessment of Filtered Low-Dose CT Images

The purpose of the experiment in this section is to determine
whether filtering reduces the noise in the images, without losing
small scale structures. In Fig. 1, it was seen that although the em-
physema map looks much better after MA filtering, the visual
quality of the image is not comparable to the high-dose scan:
A considerable amount of blur is introduced into the image,
smearing sharp edges and wiping out small structures. The fil-
tered images obtained with the optimal parameters found in the
experiment above are visually inspected and compared to the
high-dose and unfiltered low-dose images.

V. RESULTS

A. Emphysema Scoring in High-Dose and Low-Dose CT
Images

The found optimal parameters for NOVA-3D were: Window
diameter , platform extent , total
extent , and clipping factor times the
peak value. For NOVA-1D the results were the same, but for
the cut-off of which was at 1.2 times the peak value. For
the MA filter the optimal was 5 voxels.

The performances of NOVA filtering for PI reproduction
is compared to MA filtering and no filtering in the boxplots
(an explanation of boxplots can be found in [19] and in most
textbooks on data analysis (e.g., [20]) of Fig. 7 for the three
different thresholds on intensity. The boxplots show that em-
physema quantification derived from unfiltered low-dose im-
ages is positively biased. MA filtering overcorrects the over-

estimates of the low-dose images, which results in a negative
bias. The NOVA filter appears to be almost unbiased. It also
appears from Fig. 7 that the variation in the difference be-
tween high-dose and filtered low-dose PI is smaller for NOVA
filtering than for MA filtering. The statistical significance of
the difference between the PIs obtained by MA filtering and by
NOVA filtering is calculated with a paired -test of the absolute
high-dose/filtered low-dose PI difference scores in Table II. A
paired -test focuses on the difference between pairs of num-
bers and reports the probability that the actual mean difference
is consistent with zero [more extensive explanations of -tests
and their usage can be found in most textbooks on data anal-
ysis (e.g., [20]).

The absolute PI difference scores were used for the statis-
tical significance test to reflect that overestimation of PI is just
as bad as underestimation. The paired -tests point out that:
1) The results obtained by NOVA filtering are significantly
different from unfiltered PI for all three emphysema thresh-
olds; 2) The NOVA filter only gives results significantly dif-
ferent from the MA filter for thresholds 930 and 910 HU;
3) There is no significant difference between NOVA-3D and
NOVA-1D for this experiment. Fig. 9 shows the results of the
optimized NOVA-3D and NOVA-1D filters for the image of
Fig. 1; visually comparing the NOVA filtered and MA filtered
images and their noise maps for this patient, confirms that the
effects of NOVA and MA are quite different for the threshold
of 930 HU and that the differences between NOVA-3D and
NOVA-1D are small.

The performance of reproducing the high-dose bullae size
distribution from the low-dose scans by filtering is visualized
by boxplots in Fig. 8. Note that compared to the high-dose im-
ages, the unfiltered low-dose images overestimate the number
of bullae in the smaller two size classes so much that only the
lower whiskers of these boxes show up within the plotting range.
In these boxplots, the same trends are observed as in the PI re-
production experiment above: The unfiltered low-dose images
give an overestimate of the numbers in the different bullae size
classes, and application of the MA filter turns these overesti-
mates into underestimates. The latter is a direct result of the
blurring introduced in an image by MA. As the emphysema
threshold is close to the intensity of air (and, thus, far away from
the intensity of lung tissue), blurring the edges between lung
tissue and air makes the resulting emphysema bullae smaller:
The areas of the emphysema bullae that are spatially closest
to the surrounding lung tissue are lifted above the emphysema
threshold because of blurring. The effects of filtering on large
and small bullae can be inspected visually in the examples of
Figs. 1 and 9–13. The biases for the smallest bullae are seen
clearly in the emphysema maps of Figs. 1 and 12. The NOVA
filter does not appear to be biased (as can be appreciated vi-
sually for the smaller bullae by comparing Figs. 1 and 9). In
Fig. 13, the bullae of the different size classes are indicated in
four colors for one lung in one axial slice; compared are the
bullae distributions in the high-dose slice and in the approxi-
mately corresponding low-dose slice with and without filtering.
This figure clearly shows the tendency of the MA filter to make
bullae smaller, which is the expected behavior since blurring
broadens the bullae edges.
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TABLE II
STATISTICAL SIGNIFICANCE OF THE RESULTS OBTAINED WITH DIFFERENT NOISE FILTERS FOR TWO EXPERIMENTS: THE REPRODUCIBILITY OF HIGH-DOSE PI
SCORES FROM FILTERED LOW-DOSE SCANS, AND THE REPRODUCIBILITY OF THE HIGH-DOSE BULLAE DISTRIBUTION FROM FILTERED LOW-DOSE SCANS. THE

STATISTICAL SIGNIFICANCE OF THE DIFFERENCE OF ABSOLUTE VALUES OF THE OUTCOMES IS TESTED BY PAIRED t-TESTS. VALUES SMALLER THAN 0.05 ARE

CONSIDERED TO BE STATISTICALLY SIGNIFICANT AND ARE PRINTED IN BOLDFACE

Fig. 8. Boxplots of the differences between (un)filtered low-dose and
high-dose scores for average numbers of bullae per slice for the tiny (Cat1),
small (Cat2), medium (Cat3), and large bullae (Cat4). The used threshold was
�930 HU. The numbers for Cat2, Cat3, and Cat4 are multiplied by 5, 25, and
40, respectively, for display purposes.

In Table II, paired -tests are used to test whether the re-
sults obtained with and without filtering are significant. Again
the -tests are applied to the absolute values of the differences
between the bullae size distributions in the high-dose and the
filtered low-dose scans. The outcome of the -tests is that: (1)
NOVA filtering does reproduce the high-dose bullae distribu-
tions significantly better for all bullae sizes except the largest
ones; (2) The difference between MA and NOVA filtering is sig-
nificant only for bullae smaller than 40 ; (3) NOVA-3D and
NOVA-1D are not significantly different.

Both PI and the bullae size distributions give global quan-
tifications of the emphysema content of an image. To properly
check if the locations of the emphysema regions found in a
high-dose and its corresponding (filtered) low-dose image are
identical, requires a very high degree of similarity between the
pair of images. Since the patient is a moving, breathing object
which leaves the table in the time between the two scans, the
two images are never perfectly matching in a slice by slice
comparison. With good registration software an accurate map-
ping for each pair of images might be obtained, but registration
techniques are outside the scope of this article. For one sub-
ject the high-dose and low-dose images were very similar in a
slice by slice comparison, and for this subject the distribution
over axial slices of the number of bullae smaller than 5
is shown in Fig. 14 for the high-dose, low-dose and filtered
images. In this figure, the distributions for the high-dose image
and the NOVA filtered low-dose image are very similar, which
makes it very likely that bullae found in both images are the
same.

B. Visual Assessment of Filtered Low-Dose CT Images

In Fig. 10, the quality of a coronal slice of the right lung of
a patient can be compared for high dose, low dose, low dose
after MA filtering, and low dose after NOVA-3D filtering. In this
example, the MA filter clearly gives a rather artificial looking
image. Especially thin elongated structures are affected: Thin
vessels are broadened and the walls of small bronchi become
almost invisible. The NOVA-3D filtered image preserves edges
and tiny structures better; no obvious blurring is introduced,
while the noise level is substantially reduced. Looking at the
images in Figs. 1 and 9, the same is observed.

Similarly, in Fig. 11, the quality of an axial slice of the right
lung of a patient is compared for high dose, low dose, low
dose after MA filtering, and low dose after NOVA-3D filtering.
Again, the MA filter dramatically changes the appearance of
thin structures, while the NOVA-3D filter preserves the small
details. This is most clearly seen for the dense structures in the
upper half of the image.

VI. DISCUSSION AND CONCLUSIONS

We have shown that for emphysema quantification of
low-dose CT scans, noise filtering is essential to obtain reliable
results. However, the problem of how to filter the data has
been completely ignored in the literature so far. The only
technique that has been used is simple averaging. In this paper,
we proposed the NOVA filter, a general framework for iterative
nonlinear filtering, using an estimate of the spatially depen-
dent noise variance in an image. The NOVA filter iteratively
estimates the local image noise and filters the image. With an
appropriate estimation of the noise in an image a noniterative
NOVA filter can be constructed. We have shown how to obtain
this noise for CT images of the lungs, resulting in a fast,
dedicated NOVA filter.

The experiments in this article use real, different CT scans
for high-dose/low-dose image pairs. As a consequence there is
no perfect correspondence between paired scans, so filtering the
low-dose image will never result in a perfect reproduction of
the high-dose scan. Even if the patient position and inspiration
would be reproduced perfectly, then still the images might have
a less than perfect correspondence. For example, a lower radia-
tion dose may lead to streak artifacts in the reconstructed image.
These artifacts are caused by the presence of large amounts of
dense structures (bone) between radiation source and target, so
lung tops suffer most from this phenomenon. The artifacts ap-
pear as distinct straight lines of high intensity surrounded by
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Fig. 9. A coronal slice and its accompanying emphysema map calculated for a threshold of�930 HU for the same low-dose scan as in Fig. 1, after noise filtering.
(a) and (b): NOVA-3D filtered (PI = 12:8%); (c) and (d): NOVA-1D filtered (PI = 12:9%). The average number of bullae per slice for tiny (less than 5 mm ),
small (5 to 40 mm ), medium (40 to 80 mm ), and large bullae (larger than 80 mm ), respectively, is 98.60, 16.90, 5.14, and 7.10 for the NOVA-3D filtered scan
and 102.58, 15.81, 5.79, and 7.12 for the NOVA-1D filtered scan.

lines of low intensity. Streak artifacts can result in erroneously
identifying parts of the lung tops as emphysema. The NOVA
filter does not solve this problem; dedicated algorithms for the
removal of streak artifacts should be used (e.g., [21]).

The results in this manuscript showed that PI scores of
low-dose CT images are biased toward overestimation. Noise
filtering prior to computation of PI of low-dose CT images
significantly improves the agreement with the high-dose PI,
although MA filtering is likely to result in an underestimate of
PI. For the reproduction of high-dose PI from low-dose scans
the NOVA filter has a superior performance. Both MA and the
NOVA filter comply to the first filter requirement of Section I.

Looking at the size distribution of emphysema bullae, the
boxplots in Fig. 8 show that in low-dose images more bullae
are identified than are actually found in the high-dose images.
This property is most pronounced for the smallest bullae size
category and is an expected result of adding noise. The appli-

cation of a noise filter greatly reduces the number of bullae for
each size category. However, the MA filter removes too many
bullae, in particular most of the smaller ones are blurred away.
As a result, the NOVA filter is best suited to reliably reproduce
the high-dose emphysema maps from the low-dose scans.

Visual inspection of the filtered scans shows clearly that MA
filtering can remove small vessels and fine parenchyma texture.
From the examples shown in this article it is appreciated that the
dedicated NOVA filters do not noticeably remove small scale
structures and it, thus, fulfills the second filter requirement (as
opposed to the MA filter) and that NOVA filtered images do not
look artificial.

The found optimal parameter settings for the dedicated
NOVA filters for emphysema quantification of low-dose CT
images are the following: Window diameter ,
platform extent , total extent , and clipping
factor times the peak value ( clipping factor
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Fig. 10. A coronal slice of the right lung of a patient. A high-dose scan (a), approximately the same slice of the corresponding low-dose scan (b), the MA filtered
low-dose scan (c) and the NOVA-3D filtered low-dose scan (d).

at 1.2 times the peak value). Apparently, 9 voxels is a good
tradeoff between resolving the image noise and the number
of samples needed to reliably calculate a standard deviation;
presumably a larger window diameter constitutes to losing the

locality of the image noise calculation. The best shape of the
weighting function turned out to be a triangle, rather than a
trapezoid. For tuning of the parameters of the dedicated NOVA
filter the PI scores of clinical dose CT images were used as the



SCHILHAM et al.: LOCAL NOISE WEIGHTED FILTERING FOR EMPHYSEMA SCORING OF LOW-DOSE CT IMAGES 461

Fig. 11. Axial slice of the right lung of a patient. (a) high-dose scan, (b) the approximately corresponding slice in a scan of the same patient with a ten times
lower dose, (c) MA filtered low-dose scan, and (d) NOVA-3D filtered low-dose scan.
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Fig. 12. The emphysema maps corresponding to the coronal CT slices of Fig. 10. (a) High-dose scan, (b) approximately corresponding slice in a scan of the same
patient with a ten times lower dose, (c) MA filtered low-dose scan, and (d) the NOVA-3D filtered low-dose scan.

Fig. 13. Emphysema maps corresponding to the axial CT slices of Fig. 11. (a) High-dose scan, (b) approximately corresponding slice in a scan of the same
patient with a ten times lower dose, (c) MA filtered low-dose scan and (d) the NOVA-3D filtered low-dose scan. The colors indicate to which bullae size class the
emphysema voxels belong: red for bullae less than 5 mm , yellow for bullae between 5 and 40 mm , green for bullae between 40 and 80 mm , and purple for
bullae larger than 80 mm .

Fig. 14. Distribution of tiny bullae (less than 5mm ) over the axial slices of
one subject. The distributions are plotted for the high-dose image (High), the
corresponding low-dose image (Low), the MA filtered low-dose image (MA)
and the NOVA filtered low-dose image (NOVA).

ground truth. Alternatively the parameter tuning might have
been done with a set of low-dose CT scans obtained from a
number of good chest phantoms with a given groundtruth.
However, it is difficult to obtain such phantoms.

Concerning the time required for filtering, the NOVA-1D im-
plementation is about a factor 3 times faster than NOVA-3D: for
a typical scan of the computation on a stan-
dard 2.80-GHz Pentium IV system takes 4 and 15 min, respec-
tively, for our nonoptimized C++ implementation. As the results
of NOVA-1D and NOVA-3D are comparable, the NOVA-1D
method is preferred for automatic processing and scoring of CT
scans. Moreover, 4-min processing time is within the range ac-
ceptable for clinical practice.

In summary, the proposed dedicated NOVA filter adheres to
all requirements for a filter for emphysema quantification of
low-dose CT images. The results of our experiments suggest
that NOVA filtering is capable of reducing the effect of noise on
PI scores to only 2%–3%points.
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In a future studies we hope to show that the NOVA filter is
beneficial too in other CT applications that suffer from poor
image quality as a result of reducing patient dose.
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