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Background: Image-based noise reduction techniques are useful because they can be applied across various
computed tomography (CT) scanner models from different vendors, regardless of the iterative reconstruction
availability. The purpose of this study was to propose a 3-dimensional cross-directional bilateral filter (3D-CDBF)
and compare the edge-preserving noise reduction on low-dose CT images to a model-based iterative re-
construction (MBIR).

Methods: The 3D-CDBF comprises a bilateral filter and a smoothing filter applied in range filtering. The filtering
process was applied with four iterations using empirically determined parameters that yielded the best tradeoff
between noise reduction and edge preservation for a very low radiation dose of 2.5mGy. In-plane and z-di-
rectional edge preservation performances for low-contrast rod phantoms (60 Hounsfield units) were compared to
a clinically available MBIR and a conventional 3D bilateral filter (3D-BF), using task-based spatial resolution
(task-based transfer function: TTF) and slice thickness. Moreover, the noise power spectra (NPS) were compared.
Furthermore, performance was compared on abdominal CT images acquired from volunteers at 2.5 mGy (ap-
proved by our institutional review board).

Results: In phantom tests, 3D-CDBF provided 28.5% higher spatial resolution at 50%TTF compared to MBIR.
Moreover, total NPS was lower, while the slice thickness (z-axis resolution) was slightly broader than that
achieved by MBIR (0.99 mm vs. 0.92 mm). 3D-BF was inferior to both 3D-CDBF and MBIR in all measurements.
Consistent with phantom results, 3D-CDBF significantly reduced noise on abdominal images compared to MBIR
(P < 0.001), exhibiting better preservation of organ edges.

Conclusion: This 3D-CDBF may provide superior edge preserving noise reduction of low-dose CT images com-
pared to currently available MBIR.

1. Introduction

The radiation dose required for computed tomography (CT) is much
higher than that of general radiography; thus the associated cancer risk
is an important concern [1]. To reduce the required dose, various
iterative reconstruction (IR) techniques have been developed [2,3].
Among these, a model based iterative reconstruction (MBIR) has been
reported to provide excellent clinical performances in low-dose CT
imaging [2-4]. On the other hand, different image-based noise reduc-
tion techniques have been investigated, and recently several such pro-
cessing systems have become commercially available. To our knowl-
edge, however, only one of these systems (SafeCT, Medic Vision

Imaging Solutions Ltd., Tirat Carmel, Israel) has been scientifically
evaluated, which demonstrated acceptable capability on half-dose scans
[5-7]. Recently, the potential utility of image-based noise reduction
using a convolutional neural network trained to convert low-dose CT
images into routine dose-like images was reported [8-10]. The main
advantage of these image-based techniques is that it can be applied to
images acquired using different CT systems, unlike iterative re-
construction algorithms.

Techniques for image-based edge-preserving noise reduction such as
the non local mean (NLM) [11] and the bilateral filter (BF) [12] have
been widely used in general photography. NLM performs a weighted
average using pixels in a search window (SW) around the center pixel,
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based on the similarity of patches at the center pixel and each pixel in
SW. Although NLM has been reported to be effective to reduce the CT
image noise [13-15], it was evaluated to often produce an organized
noise pattern artifact which could significantly compromise image
quality and diagnosis, and such artifacts are observed in figures in
previous papers [13,15]. BF achieves edge-preserving noise reduction
by combining a Gaussian spatial filter (domain filter) and a range filter
determining weighting factors according to value differences between a
center pixel and neighboring pixels. However, there are few in-
vestigations of BF utility for CT images [15], possibly due to limited
performance on speckle noise [16,17].

The purpose of this study was to develop and evaluate a 3-dimen-
sional (3D) BF using cross-directional filtering between the BF and a
smoothing filter applied in range filtering (3D cross-directional BF: 3D-
CDBF), which improves the performance of BF for speckle noise. The
filtering performance on low-dose CT images was compared to a
clinically available MBIR.

2. Methods and materials
2.1. Three-dimensional bilateral filter with low-pass filtering
We used a 3D BF defined as,

T, Ty T, G+ L+ m e+ WL m, m)W

. i,j,k,l,m,n
g(, j, k) = ] N N,): Np i i
non, Ly 2imn, Walls m, W, (L j, k, 1, m, n)

; @

where f(i, j, k) is a voxel of volume data constructed from a stack of
axial CT images, g(i, j, k) is the corresponding processed voxel. The in-
plane and z-directional kernel sizes are (2N,+1) X (2N,+1) and
2N, +1, respectively. W and W, denote weighting factors for the do-
main and range filtering, respectively, and are calculated as follows:
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where 0y, 0y, and o, are the standard deviations of in-plane, z-direc-
tional, and range Gaussian functions, respectively, adjusted to control
noise reduction (04, and 0g,) and edge preservation (o,). o, is expressed
in Hounsfield units (HU). This process basically requires an isotropic or
near isotropic 3D data comprising consecutive CT images with slice
intervals equivalent to the in-plane pixel pitch such that the in-plane
and z-directional parameters can be set with an equal scale, thus al-
lowing for the 3D filtering to work properly with the given parameters.
For example, adult abdominal CT images (field of view sizes of
300—-400 mm with a matrix size of 512 X 512) with a thin slice
thickness less than 1.0 is generally suitable.

The main difference from conventional BF is that the weighting
factor for the range filter is calculated from low-pass-filtered volume
data [fipr(i, j, k)] processed with a 3D Gaussian-type filter using waiting
factor Wypr calculated as,

P>+ m? n?
Wepr(l, m, n) = exp| ————— [exp| — -]
201.pFp 201pF;

where 07pp, and o;pp, are standard deviations that control the in-plane
and z-directional filtering, respectively.
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2.2. Cross-directional method

The weakness of BF for speckle noise reduction is caused by the
range filtering, as extreme pixel values generated by noise are pre-
served because of high weighting in range filtering. An alternative for
improved noise filtering is to calculate W, from fipr(i, j, k), a low-pass
filtered version of f(i, j, k). This idea is similar to the joint BF proposed
by Petschnigg et al. [18], where a noisy photograph acquired without a
flash is corrected using weighting factors for range filtering calculated
from a photograph taken with a flash. However, in the case where data
used for the weighting factor calculation is not acquired using a suffi-
cient radiation dose but is rather a blurred image (i.e., fipr), noise can
be reduced but edge preservation is impossible. To address this lim-
itation, we devised a method to cross the filtering directions (1) be-
tween a BF with a z-directional 3D kernel with oy, « 04, and an in-plane
LPF applied for producing fipr (i.€., 0zppp » 01pr), and (2) between a BF
with an in-plane 3D kernel withog, » 04, and a z-directional LPF for fipr
(0rprp « OLprz). Each LPF works to reduce the speckle noise, and edge
blurring is also suppressed because the edge preservation of BF is per-
formed in the direction orthogonal to that of LPF. The noise reduction
was iteratively processed based on these two types of 3D-CDBF as de-
scribed in the next section.

2.3. Iteration of cross-directional bilateral filtering

The 3D-CDBF is performed with two to six iterations. At first, a 3D-
CDBF with 0y, « 04, and 0ppg, » Oppr, (z-dominant 3D-CDBF: 3D-CDBF)
is applied. The processing is iteratively repeated with varying oy, 04,,
01prp and 07 pr;, Where 0y, linearly increases toward the initial oy, value,
04, decreases linearly toward the initial o4, value, 0;pg, linearly changes
from a large value (07ppp1) to a small value (0ypgy2), and opp, changes
from a small value (07pr,;) to a large value (01pr,2). Finally, a 3D-CDBF
with 0y, » 04, and 0yppp, « Oppp; (in-plane dominant 3D-CDBF: 3D-CDBF,y)
was applied. The o, for the range filtering is set to a constant value such
that edges are preserved on objects with contrasts > o,. These para-
meter transitions are summarized in Table 1. We preliminarily in-
vestigated several iteration (parameter-change) methods to obtain
better 3D isotropic properties of both noise reduction and edge pre-
servation. Consequently, the method that starts with oy, « 04, and then
linearly changes the parameters was empirically found to give a su-
perior 3D isotropic appearance. Although the fewer iterations can be
selected when the lower noise is included, at least two iterations are
needed for z-directional (04, « 04,) and subsequent in-plane (o4, » 04,)
bilateral filtering.

Similar to conventional BF, the 04, and 04, parameters control noise
reduction for the in-plane and z-direction, respectively. The o, para-
meter controls edge preservation. Moreover, in 3D-CDBF, 0;pg, andoypr,
were modified empirically to suppress the remaining speckle noise.
Although a larger o;pr is more effective for speckle noise suppression,
we experienced that an excessive oy pr larger than 3.0 tends to reduce
the pixel intensities of some fine structures, while most of the object
edges are preserved.

Table 1

Parameter transition summary for the iteration process of our proposed 3D
cross-directional bilateral filter (3D-CDBF). Values in parentheses are the
baseline parameters used in this study.

Iteration step

First Last (4th)
Ogp Small (0.40) Large (2.00)
04, Large (2.00) Small (0.40)
OLpEp Large (3.00) Small (0.38)
Orprz Small (0.38) Large (1.50)
o, (HU) Constant (10)
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2.4. Blending process

Since the noise reduction of 3D-CDBF is achieved by combining
different Gaussian LPFs, a texture change and consequent “unnatural”
look are unavoidable. Thus, we blended the filter back projection (FBP)
images, which is a widely used method to improve the unnatural look of
images [19,20], as a final processing step. The blending rate was set to
30%.

2.5. Noise reduction performance evaluation

2.5.1. Phantom

Edge-preserving noise reduction was evaluated using the task-based
modulation transfer function (task transfer function: TTF) [21] and
noise power spectrum (NPS). In general, the spatial resolution of con-
ventional CT images reconstructed by FBP can be measured from a
point spread function image obtained by scanning a thin metal wire
because FBP is a linear process and thus high contrast (e.g., more than
1000 HU) does not preclude accurate measurements [22]. However, the
spatial resolutions of IR and BF images vary depending on image noise
and contrast because these processes are non-linear processes. Thus, a
task-based method using objects with specific contrasts (CT-numbers) is
more suitable for evaluating the spatial resolution of clinical images
processed by IR and BF [21].

Fig. 1 is a schematic of the cylindrical water-filled phantom used in
the first stage of 3D-CDBF evaluation. The outer diameter was 200 mm,
and a rod object with a diameter of 30 mm and height of 40 mm was
placed into the phantom as shown in the figure. Disk images of the rod
were used for measuring TTF. This phantom design was adopted to
simulate the American College of Radiology (ACR) CT accreditation
phantom previously employed for evaluating TTF of IR techniques
[21,23]. Previous studies have reported that the TTF of IR is degraded
with decreasing of object contrast [21,23], and the lowest contrast
obtained with the acrylic rod insert of the ACR phantom is ~120 HU at
the generally used X-ray tube voltage of 120 kV. In this study, we em-
ployed an even lower contrast of 60 HU (i.e., a more rigorous task)
because the edge information of objects with such low contrast is im-
portant when evaluating detailed lesion structures such as plaques in
coronary arteries and deep venous thromboses [22,24]. The rod was
made of a soft tissue-equivalent material (SZ-207, Kyoto Kagaku, Kyoto,
Japan) with a CT number of ~58 HU at 120 kV. The NPS was measured
from uniform images of the water-only volume as shown in Fig. 1.

For evaluating the effect of the denoising processes on slice thick-
ness, another rod object made of the same soft-tissue-equivalent

Soft tissue equivalent rod

(60 HU) Acrylic plate

Y
\‘\

for noise power spectrum (NPS)

200 mm

for task transfer function (TTF)

Fig. 1. Illustration of the phantom used for task-based transfer function (TTF)
and noise power spectrum (NPS) measurements and example axial images used
for TTF and NPS analyses.
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material with 70 mm diameter and 20 mm height was placed in the
200-mm cylindrical water phantom at an inclination of approximately
6° relative to the rotational axis (Fig. 2). As shown in Fig. 2, sagittal
images were reconstructed from the axial image stack and then aver-
aged into a single sagittal image to reduce image noise. This low-noise
sagittal image was used to measure the task-based slice thickness as
described in a later section (2.5.3). No interpolation was applied in the
sagittal image reconstruction to measure accurate slice thickness.

2.5.2. Data acquisition and reconstruction method

All images were acquired using a Discovery CT750HD multi-slice CT
scanner (GE Healthcare GE Healthcare, Milwaukee, WI, USA) with scan
parameters 120kV, 65mA, 0.5 s/rotation, pitch factor of 0.984, and
64 x 0.625mm detector configuration. The corresponding volume CT
dose index (CTDI,,) was 2.5 mGy, which is one tenth of the guidance
dose (25mGy) for the adult abdomen according to the International
Atomic Energy Agency [25]. CT images were reconstructed with an FBP
and MBIR (Veo, GE Healthcare) implemented in the CT scanner. For
both FBP and MBIR reconstructions, the nominal slice thickness and
slice interval were both set to 0.625mm and a display field-of-view
(DFOV) setting of 200mm was used. A “Standard” reconstruction
kernel was used for FBP. The MBIR (Veo) requires a much longer re-
construction time (> 30 min per acquired volume) because it performs
a full version IR involving multiple iterations between projection space
and image space [26].

In general, a low-dose acquisition produces greater image noise,
thus precluding accurate measurement of TTF. To overcome this pro-
blem, several studies have used the image averaging technique with
many consecutive rod images [7,22,27]. In this study, the phantom
scan was repeated four times to obtain a total of 200 images for aver-
aging (50 images per one scan). Accordingly, we carefully placed the
phantom such that the central axes of the soft-tissue-equivalent rod
were precisely parallel to the rotational axis of the CT system.

For measurement of task-based slice thickness, the phantom scan
was repeated three times, and the three images at each slice location
were averaged. From an axial image stack constructed with the aver-
aged axial images, a sagittal image including an inclined edge image
was obtained by horizontal averaging (Fig. 2).

2.5.3. Data analysis

From the circular edge of the averaged rod image, a one-dimen-
sional (1D) edge spread function (ESF) was obtained using the pre-
viously reported circular edge technique for measuring TTF [21]. The
bin width used to create equidistant oversampled ESF data and si-
multaneously reduce noise was set to one fifth of the pixel pitch cor-
responding to the 200-mm DFOV (0.39 mm/5 = 0.078 mm). The syn-
thesized ESF was differentiated to yield the line spread function, and
then the dataset size was increased to 256 points using a zero-padding
technique to enable a fast Fourier transform calculation.

Task-based slice thickness was measured from the averaged sagittal
image of the tilted rod object. A synthesized edge profile was obtained
using an established method to derive a synthesized edge profile from
an image of a slanted edge [28]. Because the inclination angle was ~6°,
we were able to obtain sufficiently small data intervals (~0.06 mm)
through the synthesizing operation. The slice sensitivity profile (SSP)
was calculated by differentiation of the synthesized edge profile [29].
We determined the full-width at half maximum (FWHM) of SSP to
define the task-based slice thickness. Moreover, the TTF in z-direction
was calculated from the obtained task-based SSP using a one-dimen-
sional Fourier transformation with 256-point data generated through
the zero-padding process.

The NPS was measured from uniform images of the water-only
volume shown in Fig. 1, using 2D Fourier transform [7,23,24]. NPS
results of 200 images were averaged to almost completely eliminate the
statistical error of the NPS measurement. The region of interest (ROI)
size was set to 128 x 128 pixels at the center of image.
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Soft tissue equivalent rod
(60 HU)

200 mm
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Axial images

b

a line parallel to x-y plane

Averaged sagittal image for task-
based slice thickness

Fig. 2. Illustration of phantom used for task-based slice thickness (task-based slice sensitivity profile: task-based SSP) measurement and an outline of the process for

producing an averaged sagittal image for analyzing the z-directional edge profile.

2.5.4. System performance function

A previous study investigating imaging performance of IR techni-
ques [23] used the following detectability index d' to assess imaging
performance:
2= f wSz(u)du,

NPS (u) “4)
where u denotes the spatial frequency and S(u) is the spectrum of the
signal to be detected. The d’? value incorporates the square of system
performance (SPF) TTF?(u)/NPS(u) and imaging task S%(u) [23,30].
This index is similar to the pre-whitening signal-to-noise ratio based on
an ideal observer model [30]. In this study, we focused on this SPF,
expressed as

TTF?(u)

SPF?(u) = ,
NPS (u) 5)

to compare edge-preserving noise reduction as a function of spatial
frequency [7].

2.5.5. Processing parameters of 3D-CDBF

The processing parameters of 3D-CDBF for four iterations were
Ogp = 0.4, 0z = 2.0, OLprp2 = 0.38,  Oppr = 0.38,
O1prs2 = 1.5, and 0, = 10 HU. As mentioned earlier, in the iteration
process, 0y, is linearly increased toward the initial o4, value, and oy, is
decreased linearly toward the initial oy, value. These parameters were
determined as a baseline parameter set empirically to achieve the best
tradeoff between noise reduction and edge preservation at the low dose
of 2.5mGy. As mentioned earlier, since 04, and 04, control noise re-
duction, and o, controls edge preservation, their effects are under-
standable, corresponding to the basic properties of BF. However, the
effect of LPF in the cross-directional filtering on the edge-preservation
is unclear because of the novel filtering method that was introduced in
this study. Therefore, we investigated the effect of 0;ppy (for the in-
plane LPF in the first iteration) on all measurements using 0ypg,1 of 6.0,
3.0 (baseline), and 1.5, and the effect of 0 pp,» (for the z-directional LPF
in the final iteration) using 0;pg» of 3.0, 1.5 (baseline), and 0.75. The
baseline parameters were also used except for each investigated para-
meter. In addition, we processed the FBP image using a conventional
3D bilateral filter (3D-BF) using parameters of og, = 2.0, 04, = 2.0, and

Orprp1 = 3.0,

o, = 100 HU, with no LPF for range filtering and no iteration. The oy,
and oy, values were selected in accordance with the initial oz, (= final
04p) value of 3D-CDBF. The large o, value of 100 HU was needed to
obtain a sufficient noise reduction, at the cost of degradation of edge-
preserving. The iteration process was not applied because we found that
the image appearance became severely unnatural.

2.6. Low-dose abdominal CT

Upper abdominal CT scans were acquired for two volunteers using
the same CTDI,, of 2.5mGy on a Discovery CT750HD system. The
image acquisition protocol was approved by our institutional review
board. The corresponding effective dose ~0.5 mSv is within the second
lowest level of volunteer exposure designated by International
Commission on Radiological Protection (ICRP) Publication 103, which
classifies volunteer exposure into four levels according to benefits to
society from “minor” (< 0.1 mSv) to “substantial” (> 10 mSv) [31].
The scan and reconstruction parameters were the same as those of the
phantom experiments, except that DFOV was 350 mm to include axial
slices of the abdomen. The image noise was evaluated by the standard
deviation (SD) of 30 x 30 pixel ROIs placed on regions of liver par-
enchyma with no visible objects such as vessels or cysts. Ten slices with
5-slice intervals were selected for each case, and three ROIs were placed
on each slice to obtain 30 SD values. These 30 SD values were averaged
and compared between MBIR and 3D-CDBF by Student's t-test for each
volunteer case. In addition to the baseline parameters, we performed
3D-CDBF processing using 0;ppy of 6.0 and 1.5 and 0;pp,> of 3.0 and
0.75, corresponding to the phantom analysis.

3. Results
3.1. Task transfer function

Fig. 3a shows the TTF values for FBP, MBIR, 3D-CDBF, and 3D-BF.
The 50%TTF values were 0.38 mm ™' using FBP, 0.28 mm ™' using
MBIR, 0.36 mm ' using 3D-CDBF, and 0.27 mm ~* using 3D-BF, while
corresponding 10%TTF values were 0.67, 0.56, 0.72mm™', and
0.50 mm ~, respectively. Thus, compared to MBIR, 3D-CDBF provided
28.5% higher spatial resolution at 50%TTF and 28.6% higher spatial
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Spatial frequency (mm™')
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Fig. 3. Task-based transfer function (TTF) measurements (a) using FBP, MBIR, 3D-CDBF, and 3D-BF, and (b) using 3D-CDBF with 07pg,; of 6.0, 3.0 (baseline), 1.5 and
01prz2 Of 3.0, 1.5 (baseline), 0.75. The baseline parameter set of 3D-CDBF for four iterations comprised g4, = 0.4, 04, = 2.0, 01ppp1 = 3.0, 01pgp2 = 0.38, 01ppz1 = 0.38,
Orprz2 = 1.5, and o, = 10 HU, and process parameters of 3D-BF was 04, = 2.0, 04, = 2.0, and o, = 100 HU with no iteration.

resolution at 10%TTF, indicating superior edge-preserving perfor-
mance, even for the rigorous test condition of low (60 HU) contrast. 3D-
BF indicated a slightly lower TTF than of MBIR. Fig. 3b shows TTFs of
3D-CDBF with 07pg,1 0f 6.0, 3.0 (baseline), and 1.5 and 07pf;2 of 3.0, 1.5
(baseline), and 0.75. TTF was not affected by the 07pg,1 and 0ypp,o va-
lues tested.

3.2. Noise power spectrum comparison

Fig. 4a shows the NPS results for each method. Compared to FBP,
MBIR significantly reduced the noise power, especially for middle fre-
quencies. The noise power of MBIR and 3D-CDBF relative to FBP were
59.4% and 23.8%, respectively, at 0.1 mm ™! and 6.5% and 9.1%, re-
spectively, at 0.5mm™'. 3D-CDBF reduced the noise power over the
entire frequency range (not just for mid-range frequencies). The total
noise reduction performance of 3D-CDBF was superior to MBIR. Al-
though 3D-BF reduced the noise power from that of FBP, the perfor-
mance was inferior to those of MBIR and 3D-CDBF. Fig. 4b shows NPSs
of 3D-CDBF with 0;ppp of 6.0, 3.0 (baseline), and 1.5 and 0y pg,» of 3.0,
1.5 (baseline), and 0.75. Most of oyppyrand all of 0y pr,2, We tested, did
not affect to NPS, whereas only 0;ppy of 1.5 indicated a higher NPS in
the low and middle frequency ranges (up to 0.5mm ™).

10000
FBP
1000 [ 4
& 100 °
E
]
Z
v 10 [
[
Z
1r
'
0.1 e
0 0.2 0.4 0.6 0.8 1
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0.1
001 |
o
&
B 0001 [
0.0001 S o
0.00001
0 0.1 0.2 03 04 05 0.6 0.7 038

Spatial frequency (mm-!)

Fig. 5. Calculated system performance function (SPF) using TTF and NPS re-
sults of FBP, MBIR, 3D-CDBF with the baseline parameter set, and 3D-BF.
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Fig. 4. Noise power spectra measured (a) using FBP, MBIR, 3D-CDBF with the base line parameter set, and 3D-BF, and (b) using 3D-CDBF with 0;pp; of 6.0, 3.0

(baseline), and 1.5 and 0;pg,» of 3.0, 1.5 (baseline), and 0.75.
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Fig. 6. Measured task-based SSP and z-directional TTF using FBP, MBIR, 3D-CDBF with the baseline parameter set, and 3D-BF.

3.3. System performance function comparison

The SPF? of 3D-CDBF with the baseline parameter set was sig-
nificantly higher than that of MBIR (Fig. 5). The SPF? improvements at
0.1 mm "’ relative to FBP were 54.3% using MBIR and 186.3% using
3D-CDBF, while the corresponding SPF? improvements at 0.5 mm ™"
were 243.4% and 828.3%, respectively. Therefore, 3D-CDBF improved
SPF? by 84.8% at 0.1 mm ™' and by 170.5% at 0.5 mm ™' compared to
MBIR, indicating substantially better edge-preserving noise reduction.
3D-BF was better than MBIR only at low frequencies < 0.2 mm ™ ?, but
mostly inferior to MBIR.

3.4. Task-based slice thickness

Fig. 6 shows measured results of the task-based SSP and z-direc-
tional TTF. A Gaussian fitting was applied to the resultant plots. The
FWHM values obtained from the fitted results of FBP, MBIR, 3D-CDBF,
and 3D-BF were 1.09, 0.92, 0.99, and 2.33mm, respectively. The
50%TTF values of FBP, MBIR, 3D-CDBF, and 3D-BF were 0.41, 0.48,
0.45, and 0.19mm™", respectively. 3D-BF presented a significantly
broader SSP. Although MBIR yielded the best z-directional spatial re-
solution (slice thickness), there was only a slight difference between
MBIR and 3D-CDBF (0.07 mm and 0.03 mm ™). FWHM values for 0ypp,»
of 3.0 and 0.75 were 1.00 and 0.99 mm, respectively, while those of
orprp1 Of 6.0 and 1.5 were 1.00 and 0.99 mm, respectively. Both the
01.prz2 and 07 pp1 parameters did not mostly affect to the task-based SSP.

3.5. Performance on low-dose abdominal CT images

Figs. 7 and 8 compare abdominal axial images and coronal multi-
planar reformation (MPR) images between FBP, MBIR, 3D-CDBF, and
3D-BF for cases 1 and 2, respectively. A bilinear interpolation technique
was used in the MPR process. The SD values of cases 1 and 2 were
38.5 + 1.87 and 39.1 *= 1.91, respectively, using FBP, 12.6 = 0.8
and 13.5 * 0.9, respectively, using MBIR, 9.6 += 0.5and 10.2 = 0.7,
respectively, using 3D-CDBF, and 15.5 = 1.1 and 16.8 * 1.3, re-
spectively, using 3D-BF. Values differed significantly between MBIR
and 3D-CDBF for both cases (P < 0.001) and image noise was more
effectively reduced by 3D-CDBF than by MBIR. Moreover, as shown in
the magnified images of Fig. 9, organ and vessel edges were clearer on
3D-CDBF-processed images compared to MBIR-processed images as
some sections of the organ edge on MBIR-processed images exhibited
blush-like patterns (arrows in Fig. 9), which substantially limited re-
solution. Fig. 10 shows images processed using 3D-CDBF without and
with the 30% blending of FBP images. Although 3D-CDBF itself caused
substantial changes in noise texture, the blending process helped make

Fig. 7. Axial and coronal multi-planar reformation (MPR) images of volunteer
case 1 for (a) FBP, (b) MBIR, (c) 3D-CDBF with the baseline parameter set, and
(d) 3D-BF.

the image texture natural.

Fig. 11 shows axial and coronal reformation images of volunteer
case 1, which were processed by 3D-CDBF with different o;pg,1 settings.
Increasing oppr,1 effectively reduced speckle noise, preserving object
edges. However, the largest o;pg,1 (6.0) exhibited lower pixel intensities
at a thin intestine wall, compared to the others (arrows in the figure).
Fig. 12 presents axial and coronal 3D-CDBF images of the volunteer
case 1, which were processed with different orpp,» settings (orpr, at the
final iteration). Corresponding to the NPS, TTF, and task-based SSP
results showing almost no differences, the three images appear to be
identical.

4. Discussion

We described a processing method of 3D-CDBF and superior edge-
preserving noise reduction performance compared to MBIR. The 3D-
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Fig. 8. Axial and coronal MPR images of volunteer case 2 for (a) FBP, (b) MBIR,
(c) 3D-CDBF the baseline parameter set, and (d) 3D-BF.

CDBF method reduced image noise more effectively than MBIR and 3D-
BF. The edge preservation as evaluated by TTF was also superior to
MBIR and 3D-BF, with almost no alteration in TTF compared to FBP.
Moreover, the performance evaluated by SPF indicated the superiority
of 3D-CDBF over the entire frequency range. The processed low-dose CT
images of volunteers also exhibited lower noise and clearer organ edges
using 3D-CDBF compared to MBIR and 3D-BF. The better overall noise
reduction suppressing speckle noise was achieved by the LPF applied in

Fig. 10. 3D-CDBF images (a, ¢) without and (b, d) with 30% blending of FBP
images for the volunteer case 1 (a, b) and case 2 (c, d).

the W, calculation, while the excellent edge preservation was achieved
by the cross-directional filtering, which is the defining feature of 3D-
CDBF. Regarding the intermediate steps in four iteration, in the second
(third) iteration, the difference between og4, and 04, becomes smaller
than that of the first (last) iteration, and thus the effect of cross-direc-
tional filtering may be weakened. However, the smoothing parameter
0rprp (O1pEz) is also decreased from the first (last) value; as a result, the
edge preservation performance was not degraded as demonstrated in
the TTF and slice thickness results. Although the edge preservation was
evaluated for only in-plane and z-direction, we presume that inter-
mediate property between in-plane and z-directional properties were
given through the iteration process because the coronal reformation
images presented no discontinuities.

In both phantom and abdominal images, the nominal slice thickness
was 0.625 mm, while the actual measured value was ~1.0 mm. In the
clinical setting, it is generally difficult to use such thin slices with

Fig. 9. Magnified images of the volunteer case 1 (a, b, ¢) and 2 (d, e, f), processed with (a, d) MBIR, (b, e) 3D-CDBF, and (c, f) 3D-BF. MBIR-processed images

exhibited blush-like patterns (arrows), which substantially limited resolution.
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Fig. 11. Axial and coronal 3D-CDBF images with 0;pp,1 of (a) 6.0, (b) 3.0 (baseline), and (c) 1.5 for volunteer case 1.

acceptable signal-to-noise using low radiation doses as used in this
study. In the volunteer cases, noise SD values were ~40 HU and image
quality was significantly degraded by noise contamination using FBP
(Figs. 7a and 8a). On the contrary, noise SD value was reduced to ~13
HU by MBIR, and MBIR with such thin slice thickness also yielded
images in which 3D anatomical shapes were easily recognizable
(Figs. 7b and 8b). These results are consistent with previous reports that
presented high performances of the MBIR significantly superior to hy-
brid IR techniques at low doses of ~3 mGy [32,33]. Note that 3D-CDBF
offered excellent noise reduction and edge preservation performances
superior to MBIR (Figs. 7c, 8c, 9b and 9e). The abdominal vessels and
thin walls of intestines were clearer than or similar to MBIR. Note that
this improved performance was achieved through an image-based
process rather than processing in projection space as is done with MBIR.
Although the slice thickness (FWHM of SSP) was slightly broader than
that of MBIR (0.99 mm for 3D-CDBF vs. 0.92 mm for MBIR), it was
difficult to detect this difference in coronal images of volunteer cases.

As demonstrated in the phantom results and the abdominal images
in Fig. 11, the initial LPF setting 0ypp,1 of cross-directional filtering was
important for the speckle noise reduction, preserving object edges. Even
with the largest oypg,1 (6.0), organ edges were observed similar to
images with the lower o7pg,; (3.0 and 1.5) and the speckle noise was
reduced sufficiently. However, the signal intensity reduction, as shown
in Fig. 11a, was the drawback of the LPF use with an excessive low

frequency response. 0;pr,» (z-directional LPF at the final iteration) did
not affect the noise and resolution properties and image appearance, as
indicated in the phantom results and the abdominal images in Fig. 12.
We presumed this is because image noise was sufficiently reduced in the
first and second iterations; then, the bilateral filter in remaining itera-
tions worked well without help of the z-directional LPF with large
OLPFz2-

The 3D-CDBF method yielded significantly lower NPS values in the
low-frequency range (up to 0.3mm ') compared to MBIR. This su-
perior low-frequency denoising was achieved by the z-directional bi-
lateral filtering predominantly included in the first step of the iterative
process in 3D-CDBF. In general, the NPS value at the lowest frequency is
not altered by applying an in-plane LPF, but NPS decreases at higher
spatial frequencies. On the other hand, a z-directional LPF reduces NPS
over the entire frequency range, similar to an increase in radiation dose.
Therefore, it was indicated that the MBIR was processed mostly in-
plane because the NPS value at the lowest frequency (0.05 mm ™) was
close to that of FBP. In contrast, 3D-CDBF with the 0,4, parameter of 2.0
performed the filtering using four slices each above and below the
target slice (a total of nine slices); thus, this reduces the image noise
over the entire frequency range. Despite this z-directional processing,
slice thickness was not broadened substantially compared to MBIR
owing to the low o, of 10 HU for the range filtering required to properly
detect object edges in the z-direction.

()
Fig. 12. Axial and coronal 3D-CDBF images with 0ppg,» of (a) 3.0, (b) 1.5 (baseline), and (c) 0.75 for volunteer case 1.
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The computation time of 3D-CDBF for a 3D data comprising 200 CT
images was ~60s for four iterations. This time was achieved by a
program with a single thread on a computer system having Intel Core
i7-7700 processor clocked at 3.6 GHz and was much shorter than the
reconstruction time of MBIR (~30 min).

This study has certain limitations. The measured TTF was used only
for the disk shape of 30-mm diameter. Although no shape dependency
of TTF was reported in a previous study [22], the edge response for
complicated shapes and signal losses at fine structures should be in-
vestigated using different phantoms or clinical cases. Furthermore, we
evaluated CT images acquired at only one very low dose, 2.5 mGy,
using a single CT system. Thus, the frequently used half and quarter
doses should be included to examine whether 3D-CDBF can recover the
half and quarter dose images to the same level of the routine dose using
different CT systems. In addition, the baseline 3D-CDBF parameters we
determined may not necessarily optimized ones for other CT systems
even at the same low dose. As pointed out in a recent review [26],
although image-based noise reduction techniques can be implemented
across various CT scanner models, parameter selection for different
types of images may still rely on trial-and-error adjustments to achieve
a clinically acceptable image. As mentioned earlier, the contribution of
each 3D-CDBF parameter is not difficult to understand; however, a
more systematic method for optimization should be investigated.

In conclusion, we described an image-based edge-preserving noise
reduction process using 3D cross-directional bilateral filtering, and
demonstrated the superior denoising performance with improved edge
preservation compared to MBIR, for low contrast (60 HU) phantom and
real abdominal CT images at a low dose (2.5 mGy).
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