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Abstract: Given the inherent characteristics of nonlinearity and nonstationarity of iterative recon-
struction algorithms in computed tomography (CT) imaging, this study aimed to perform, for the
first time, a voxel-based characterization of noise properties in CT imaging with the ASiR-V and
ASiR algorithms as compared with conventional filtered back projection (FBP). Multiple repeated
scans of the Catphan-504 phantom were carried out. CT images were reconstructed using FBP and
ASiR/ASiR-V with different blending levels of reconstruction (20%, 40%, 60%, 80%, 100%). Noise
maps and their nonuniformity index (NUI) were obtained according to the approach proposed
by the report of AAPM TG-233. For the homogeneous CTP486 module, ASiR-V/ASiR allowed a
noise reduction of up to 63.7%/52.9% relative to FBP. While the noise reduction values of ASiR-V-
/ASiR-reconstructed images ranged up to 33.8%/39.9% and 31.2%/35.5% for air and Teflon contrast
objects, respectively, these values were approximately 60%/50% for other contrast objects (PMP,
LDPE, polystyrene, acrylic, Delrin). Moreover, for all contrast objects but air and Teflon, ASiR-V
showed a greater noise reduction potential than ASiR when the blending level was ≥40%. While
noise maps of the homogenous CTP486 module showed only a slight spatial variation of noise (NUI
< 5.2%) for all reconstruction algorithms, the NUI values of iterative-reconstructed images of the
nonhomogeneous CTP404 module increased nonlinearly with blending level and were 19%/15%
and 6.7% for pure ASiR-V/ASiR and FBP, respectively. Overall, these results confirm the potential of
ASiR-V and ASiR in reducing noise as compared with conventional FBP, suggesting, however, that
the use of pure ASiR-V or ASiR might be suboptimal for specific clinical applications.

Keywords: computed tomography; iterative reconstruction algorithms; ASiR; ASiR-V; noise level;
noise spatial uniformity

1. Introduction

The impact of computed tomography (CT) imaging on patient dose has been a topic
of increasing attention in recent years [1–8]. Given that CT examinations are the major
source of population exposure to ionizing radiation in industrialized countries [9,10], many
strategies have been implemented to keep patient dose as low as reasonably achievable
while maintaining a good diagnostic image quality [11]. In this regard, acquisition-related
approaches, such as tube current modulation (both in the axial and longitudinal planes),
appropriate selection of tube voltage according to patient size, table motion, and gantry ro-
tation speed optimization have been successfully adopted on modern CT scanners [11–13].
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The introduction of iterative reconstruction (IR) algorithms in clinical practice represents
an important step toward dose optimization [13–18]. Unlike the conventional filtered back-
projection (FBP) algorithm, IR algorithms take into account various physical aspects of CT
image acquisition and can be based on statistical or model-based approaches [19–22]. While
statistical-based IR algorithms usually consider the fluctuations in the projection measure-
ment through a statistical method (e.g., by modeling the photon counting), model-based
algorithms include a more complex description of physical and optical aspects in the recon-
struction process, resulting in a better representation of the whole imaging process but in a
longer reconstruction time [19–22]. When compared with conventional FBP, IR algorithms
have proven to significantly decrease noise in CT imaging, allowing CT examinations with
reduced patient exposure while providing still acceptable diagnostic images [23–28]. The
noise properties of CT images obtained using IR algorithms can be rather different from
those of FBP-derived CT images [20,21]. Indeed, IR algorithms can have an impact not
only on the noise level but also on the noise texture of CT images [24,29–35]. Therefore, for
each specific IR algorithm, a comprehensive characterization of the noise properties and
quality of reconstructed CT images is recommended to adequately assess its dose reduction
potential and usefulness.

So far, a number of IR algorithms with different characteristics have been implemented
on clinical CT scanners [21,22], such as the adaptive statistical iterative reconstruction
(ASiR) [36], adaptive statistical iterative reconstruction-V (ASiR-V) [37], and Veo [38] (GE
Healthcare, Waukesha, WI, USA). The ASiR algorithm works on sinogram data by modeling
the photon statistics and some noise-related properties of the scanned object (e.g., scatter),
and can be employed with different FBP–ASiR blending levels [36]. Although ASiR is
widely adopted due to its fast reconstruction time, some image quality properties, such as
image texture and spatial resolution, depend on the blending level of reconstruction and the
dose level, yielding some artificial image texture and degradation of spatial resolution at a
higher percentage of blending for low-contrast objects [24,29,33,39,40]. The model-based
Veo algorithm allows limiting these drawbacks by modeling the entire imaging system
(i.e., X-ray tube output, detector response, radiation scatter properties, geometric features
of the beam) [21,22,34,41]. However, due to the complexity of the imaging system model,
Veo reconstruction time is greatly increased compared with ASiR, hampering its wide use
in clinical practice [31,34,41,42]. The more recent ASiR-V algorithm has been proposed to
reduce reconstruction time with respect to Veo while preserving some advantages of the full
model-based approach in terms of image quality [22,34,36]. In particular, ASiR-V features
more advanced noise and object modeling as compared with ASiR [36] and implements
parts of the Veo physics model, but excludes the system optics in the modeling process,
enabling reconstruction time almost comparable to that of FBP [36]. Like ASiR, ASiR-V can
be blended with FBP at different percentages of reconstruction, from 0% (i.e., FBP) to 100%
(i.e., pure ASiR-V) [36].

Several previous studies have characterized the image quality of CT imaging with
ASiR [24,28,29,33,39,43,44], finding substantial noise reduction properties as compared
with conventional FBP. For instance, Miéville et al. showed that the benefit of ASiR in terms
of noise reduction occurs almost independently of dose level (CTDIvol range: 0.2–7.2 mGy)
with a noise reduction relative to FBP of approximately 20% and 50% for ASiR 40% and
ASiR 100%, respectively [24]. Analogously, Hussain et al. found, for two different radiation
exposures (tube loads of 130 and 260 mAs at 120 kVp), a noise reduction relative to FBP of
approximately 30% and 50% with ASiR 50% and ASiR 100%, respectively [43]. A study by
Barca et al. confirmed that ASiR has the capability of reducing noise by up to 50% relative
to FBP while preserving diagnostic information at low radiation exposure [33].

More recently, a number of clinical and phantom studies have evaluated the dose
reduction potential and performance of ASiR-V [45–59]. In particular, some studies have
assessed the noise properties of CT imaging with ASiR-V in comparison with FBP or other
IR algorithms [45,46,49–55,57–59]. For instance, a clinical study by Gatti et al. showed that
a relevant noise reduction can be obtained using ASiR-V 40% with respect to ASiR 50% in
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the CT imaging of oncologic patients [50]. Goodenberger et al. compared abdomen and
phantom CT images reconstructed by adopting FBP, ASiR, Veo, and ASiR-V algorithms [51].
They performed subjective and objective analyses showing that ASiR-V 30% and ASiR-V
60% provided the best combination of qualitative and quantitative performances. In a
phantom study, Lim et al. compared the image quality of images reconstructed using
FBP, ASiR, and ASiR-V algorithms [52]. They found that ASiR-V can allow an appreciable
reduction of CT image noise and an improvement in contrast-to-noise ratio and spatial
resolution. Euler et al. evaluated image noise, spatial resolution, lesion detectability, and
dose reduction potential of ASiR-V (50% and 100%) in comparison with FBP by performing
phantom CT acquisitions [54]. They reported that ASiR-V has the capability of reducing
image noise and improving low-contrast lesion detectability when compared with FBP.
They suggested that such improvement in detection can allow radiation exposure reduction.
De Marco and Origgi [55] assessed the noise level and noise power spectrum properties of
CT imaging with ASiR-V, considering phantom images reconstructed with soft, standard,
and bone kernels. As compared with FBP, they found a greater noise reduction provided
by ASiR-V with respect to ASiR for soft and standard kernels, while less noise reduction
was found for the bone kernel.

While these studies [50–52,54,55] have explored in detail some image quality aspects
of CT imaging with ASiR-V and possibly ASiR as compared with FBP, noise level has been
estimated by computing the standard deviation (SD) of CT numbers within a given region
of interest (ROI) [17,60,61]. However, this approach would be conceptually appropriate
only for ergodic and stationary imaging systems, which feature uncorrelated noise [17,62].
Actually, due to image reconstruction and processing, CT image noise may present some
degrees of correlation [63,64]. Moreover, this approach cannot provide information on the
degree of spatial nonuniformity of noise [65]. Therefore, a more rigorous characterization
of noise properties should be performed by computing voxelwise noise maps through
multiple repeated CT imaging acquisitions [17,41,65]. Notably, these issues might be of
particular relevance for IR algorithms given their inherent nonlinearity and nonstationarity
properties. Therefore, the purpose of this phantom study was to carry out a voxel-based
assessment of noise properties in CT imaging with ASiR-V and ASiR for different blending
levels of reconstruction and contrast objects.

2. Materials and Methods
2.1. Scanner and Phantom Acquisitions

A 64-slice CT scanner (Optima CT660, GE Healthcare, Waukesha, WI, USA) was
employed to acquire (helical scan mode; pitch, 0.984; rotation time, 1 s; tube load, 100 mAs
without modulation; tube voltage, 120 kVp; collimation, 40 mm) images of the Catphan-504
phantom (The Phantom Laboratory, Salem, NY, USA). The entire phantom was scanned
40 times under identical conditions. CT images (slice thickness, 2.5 mm; display field of
view, 250 mm × 250 mm; standard convolution kernel) were reconstructed using conven-
tional FBP and ASiR/ASiR-V algorithms with different blending levels of reconstruction
(20%, 40%, 60%, 80%, and 100%).

The Catphan-504 phantom has a cylindrical shape (20 cm outer diameter) and consists
of four modules. In particular, the CTP486 and CTP404 modules were employed for noise
properties assessment. The CTP486 module is a homogeneous medium, while the CTP404
module includes different contrast objects within a homogeneous background. Nominal
CT numbers of the contrast objects are reported in Table 1.
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Table 1. Nominal CT numbers of the Catphan-CTP404 contrast objects [66].

Material CT Numbers (HU)

Air −1046: −986
PMP a −220: −172
LDPE b −121: −87

Polystyrene −65: −29
Acrylic 92: 137
Delrin 344: 387
Teflon 941: 1060

a Polymethylpentene, b low-density polyethylene.

2.2. Noise Maps

In order to assess local noise properties, as suggested by the AAPM Task Group 233
report [65], noise maps of CT images reconstructed by using FBP (N-FBP), ASiR (N-ASiR),
and ASiR-V (N-ASiR-V) were obtained on a voxel-by-voxel basis computing the SD of
each voxel value across the 40 repeated acquisitions. Then, maps of the percentage differ-
ence between noise of FBP-reconstructed images and noise of both ASiR-V-reconstructed
(PDN-ASiR-V) and ASiR-reconstructed (PDN-ASiR) images were computed voxelwise. In
particular, N-FBP as well as N-ASiR, N-ASiR-V, PDN-ASiR-V, and PDN-ASiR maps with
different blending levels of reconstruction were obtained for the slice at the central level of
both the CTP486 and CTP404 phantom modules.

For CT imaging of the homogeneous CTP486 module, a summary noise level was
estimated as the mean ± SD value of N-FBP, N-ASiR, and N-ASiR-V maps within a central
circular ROI of 1 cm diameter. Analogously, a summary percentage noise reduction of ASiR-
V and ASiR with respect to FBP was estimated as the mean ± SD value of PDN-ASiR-V
and PDN-ASiR maps, respectively, within a central circular ROI of 1 cm diameter.

For CT imaging of the CTP404 module, a summary noise value of each contrast object
was estimated as the mean ± SD value of N-FBP, N-ASiR, and N-ASiR-V maps within
a circular ROI of 1 cm diameter placed in the center of the contrast object. Analogously,
for each contrast object, a summary percentage noise reduction of ASiR-V and ASiR with
respect to FBP was estimated as the mean ± SD value of PDN-ASiR-V and PDN-ASiR
maps, respectively, within a circular ROI of 1 cm diameter placed in the center of the
contrast object.

In order to assess the spatial nonuniformity degree of N-FBP, N-ASiR, and N-ASiR-
V maps, the nonuniformity index (NUI) [67], as proposed by the AAPM Task Group
233 report [65], was employed. Specifically, for both the CTP486 and CTP404 modules,
the entire inner part of the phantom (diameter, 15 cm) was divided into k = 249 ROIs
(size, 8 mm × 8 mm). Then, for each map (N-FBP, N-ASiR, and N-ASiR-V), the NUI was
calculated as:

NUI =
100

< m >

√√√√ 1
k − 1

k

∑
i=1

(mi −< m >)2 (1)

where mi and <m> are the average of the values of the considered map within the i-th ROI
and the average of all mi values, respectively.

Furthermore, in order to characterize the spatial distribution of noise in CT imaging
with ASiR and ASiR-V reconstruction algorithms, the histograms of N-ASiR and N-ASiR-V
maps, as well as of N-FBP map, were computed for the entire inner part of the CTP486
module (diameter, 15 cm). Then, the histogram descriptors of median, interquartile range,
kurtosis, and skewness were calculated.

Image analysis was performed by using the MATLAB R2018a (MathWorks, Natick,
MA, USA) software package.
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3. Results

N-FBP and N-ASiR/N-ASiR-V maps (with different blending levels of reconstruction)
of the CTP486 homogeneous module and CTP404 module with contrast objects are shown
in Figures 1 and 2, respectively.

Figure 1. Noise maps (HU) of a CT image of the CTP486 phantom module reconstructed using FBP
and ASiR/ASiR-V with different blending levels (20%, 40%, 60%, 80%, and 100%). The corresponding
FBP-reconstructed CT image of the phantom is also displayed.

Figure 2. Noise maps (HU) of a CT image of the CTP404 phantom module reconstructed using FBP
and ASiR/ASiR-V with different blending levels (20%, 40%, 60%, 80%, and 100%). The corresponding
FBP-reconstructed CT image of the phantom is also displayed.

Moreover, PDN-ASiR and PDN-ASiR-V maps (with different blending levels of recon-
struction) of the CTP486 homogeneous module and CTP404 module with contrast objects
are displayed in Figures 3 and 4, respectively.

Figure 3. CTP486 phantom module. Maps of the percentage difference (%) between noise of the
FBP-reconstructed CT image and noise of both ASiR-V-reconstructed and ASiR-reconstructed CT
images with different blending levels (20%, 40%, 60%, 80%, and 100%).

Figure 4. CTP404 phantom module. Maps of the percentage difference (%) between noise of the
FBP-reconstructed CT image and noise of both ASiR-V-reconstructed and ASiR-reconstructed CT
images with different blending levels (20%, 40%, 60%, 80%, and 100%).
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Noise maps of the homogenous CTP486 phantom module (Figure 1) showed only a
slight spatial variation of local noise values for the FBP-reconstructed CT image, which
seemed less for ASiR-V- and ASiR-reconstructed CT images with higher blending levels.
This is corroborated by the NUI values reported in detail in Figure 5. In particular, the
NUI value for the FBP-reconstructed CT image was 5.2%, while the NUI values for the
ASiR-V- and ASiR-reconstructed CT images with a 100% blending level were 2.7% and 3.4%,
respectively. On the other hand, noise maps of the CTP404 phantom module (including
various contrast objects) (Figure 2) showed a more appreciable degree of spatial variation
of noise, with higher noise values at the boundary between each contrast object and
background, especially for ASiR-V- and ASiR-reconstructed CT images. The NUI value
for the FBP-reconstructed CT image was 6.7%. The NUI values for the IR-reconstructed
CT images increased nonlinearly with the blending level and were 19% and 15% for pure
ASiR-V and ASiR, respectively.

Figure 5. Nonuniformity index (NUI) values of noise maps of CT reconstructed images (FBP, ASiR-V,
and ASiR) of the CTP486 (a) and CTP404 (b) phantom modules. For NUI estimation, only the inner
part of the phantom (diameter, 15 cm) was considered.

As shown by PDN-ASiR-V and PDN-ASiR maps of the homogenous CTP486 module
(Figure 3), when compared with conventional FBP, both ASiR and ASiR-V allowed a
substantial noise reduction in CT imaging. In this regard, noise values in the CT imaging
of the homogenous CTP486 phantom module are reported in Table 2 for FBP, ASiR-V, and
ASiR. The percentage difference between noise in the FBP-reconstructed CT image and that
in both ASiR-V- and ASiR-reconstructed CT images increased with increasing blending
level, up to 64% and 53% for ASiR-V and ASiR, respectively (Figure 6). Except for the
lowest blending level of 20%, ASiR-V presented greater noise reduction potential than
ASiR (Figure 6).

Table 2. Homogeneous CTP486 module. Noise level estimated as the mean (SD) value of N-FBP,
N-ASiR, and N-ASiR-V maps within a central circular ROI of 1 cm diameter.

Blending Level FBP ASiR ASiR-V

0% 9.5 (1.3)
20% 7.9 (1.1) 8.0 (1.2)
40% 6.9 (1.0) 6.5 (1.0)
60% 5.8 (0.8) 5.4 (0.8)
80% 4.9 (0.7) 4.4 (0.6)

100% 4.5 (0.7) 3.4 (0.5)
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Figure 6. CTP486 homogeneous phantom module. Noise reduction properties of ASiR-V and ASiR
reconstruction algorithms with respect to conventional FBP, NR(%), estimated as the mean (SD) value
of PDN-ASiR-V and PDN-ASiR-V maps within a central circular ROI of 1 cm diameter.

For different contrast objects (i.e., air, PMP, LDPE, polystyrene, acrylic, Delrin, Teflon)
of the CTP404 phantom module, summary noise level values in CT imaging using FBP
and ASiR-V/ASiR with different blending levels of reconstruction are reported in detail in
Table 3. Figure 7 shows the noise reduction properties of ASiR-V and ASiR reconstruction
algorithms with respect to conventional FBP for different contrast objects and blending
levels of reconstruction. For all contrast objects, when compared with conventional FBP,
both ASiR-V and ASiR allowed a substantial reduction in noise level, which decreased with
an increasing blending level of reconstruction (Table 3). The noise reduction properties
of both ASiR and ASiR-V depended on the contrast object. In particular, higher contrast
objects (i.e., air and Teflon) were characterized by a lower noise reduction degree (Figure 7).
Moreover, for all contrast objects but air and Teflon, ASiR-V showed a greater noise
reduction potential than ASiR when the blending level was ≥40%.

Table 3. CTP404 phantom module with different contrast objects (i.e., air, PMP, LDPE, polystyrene,
acrylic, Delrin, Teflon). Summary noise level of each contrast object estimated as the mean (SD) value
of N-FBP, N-ASiR, and N-ASiR-V maps within a central circular ROI of 1 cm diameter.

Air PMP LDPE Polystyrene Acrylic Delrin Teflon

FBP 9.0 (1.0) 9.7 (1.1) 9.8 (1.1) 9.6 (1.0) 9.7 (1.2) 10.4 (1.1) 11.3 (1.3)

ASiR

20% 8.1 (0.9) 8.6 (0.9) 8.6 (0.9) 8.4 (0.9) 8.5 (1.0) 9.2 (0.9) 10.2 (1.2)
40% 7.3 (0.8) 7.5 (0.8) 7.6 (0.8) 7.4 (0.8) 7.5 (0.9) 8.1 (0.8) 9.4 (1.1)
60% 6.6 (0.8) 6.5 (0.7) 6.5 (0.7) 6.4 (0.7) 6.4 (0.8) 7.0 (0.7) 8.5 (1.1)
80% 5.8 (0.7) 5.5 (0.7) 5.6 (0.6) 5.4 (0.6) 5.5 (0.6) 6.0 (0.6) 7.7 (1.0)
100% 5.4 (0.7) 5.1 (0.7) 5.0 (0.6) 4.9 (0.6) 5.0 (0.7) 5.5 (0.7) 7.3 (1.0)

ASiR-
V

20% 8.4 (0.9) 8.5 (0.9) 8.6 (0.9) 8.5 (0.9) 8.5 (1.0) 9.1 (0.9) 10.5 (1.2)
40% 7.7 (0.9) 7.4 (0.8) 7.4 (0.8) 7.3 (0.8) 7.4 (0.9) 7.9 (0.8) 9.7 (1.2)
60% 7.1 (0.9) 6.3 (0.7) 6.3 (0.7) 6.2 (0.7) 6.2 (0.7) 6.7 (0.7) 9.0 (1.2)
80% 6.5 (0.9) 5.3 (0.6) 5.2 (0.6) 5.2 (0.6) 5.1 (0.6) 5.6 (0.6) 8.3 (1.2)
100% 6.0 (1.0) 4.3 (0.5) 4.2 (0.5) 4.2 (0.5) 4.1 (0.5) 4.6 (0.5) 7.7 (1.3)

Histograms of N-ASiR and N-ASiR-V maps, as well as of the N-FBP map, are shown
in Figure 8. Moreover, values of histogram descriptors (median, interquartile range,
kurtosis, skewness) are reported in detail in Table 4. While noise map histogram of
the FBP-reconstructed CT image approximated a Gaussian distribution (kurtosis and
skewness values of 3 and 0.23, respectively), noise map histograms of ASiR- and ASiR-V-
reconstructed CT images leaned to deviate from a Gaussian distribution when increasing
the blending level of reconstruction, with kurtosis/skewness values for pure ASiR- and
ASiR-V-reconstructed CT images of 3.57/0.41 and 3.35/0.24, respectively.
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Figure 7. CTP404 phantom module with different contrast objects (i.e., air, PMP, LDPE, polystyrene,
acrylic, Delrin, Teflon). Noise reduction properties of ASiR-V and ASiR reconstruction algorithms
with respect to conventional FBP, NR(%), estimated as the mean (SD) value of PDN-ASiR-V and
PDN-ASiR-V maps within a central circular ROI of 1 cm diameter placed in each contrast object.

Figure 8. Histograms of noise maps (bin width of 0.1 HU) for FBP- (a), ASiR- (b), and ASiR-V-
reconstructed (c) CT images of the homogenous CTP486 module with different blending levels of
reconstruction (20%, 40%, 60%, 80%, and 100%).

Table 4. Descriptive metrics of noise map histograms for FBP-, ASiR-, and ASiR-V-reconstructed CT
images of the homogenous CTP486 module with different blending levels of reconstruction (20%,
40%, 60%, 80%, and 100%). Median and interquartile range values are expressed as HU; kurtosis and
skewness values are unitless.

Median Interquartile
Range Kurtosis Skewness

FBP 9.16 1.62 3.00 0.23

ASiR

20% 7.81 1.39 3.07 0.27
40% 6.86 1.17 3.10 0.26
60% 5.88 0.99 3.13 0.25
80% 5.00 0.83 3.14 0.22
100% 4.51 0.80 3.57 0.41

ASiR-V

20% 7.91 1.37 3.03 0.24
40% 6.57 1.15 3.10 0.27
60% 5.51 0.92 3.11 0.25
80% 4.52 0.74 3.14 0.23
100% 3.60 0.57 3.35 0.24
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4. Discussion

Given that IR algorithms in CT imaging can be inherently nonlinear and nonstationary,
noise properties should be possibly assessed by using a rigorous voxel-based approach
exploiting multiple repeated acquisitions. Unlike the widely employed approach of esti-
mating noise as the SD of CT numbers within an ROI, this more complex approach allows
for solving potential issues related to nonvalidity of the ergodic theorem for CT imaging
with IRs, as well as for assessing the spatial nonuniformity degree of noise. However, so
far, only few studies [67–70] have employed such an approach to characterize noise proper-
ties in CT imaging with IRs. In particular, Solomon and Samei [68] performed multiple
repeated CT acquisitions of a uniform phantom and of two anatomically informed textured
phantoms, and used these phantoms to assess noise properties for FBP and the sinogram
affirmed iterative reconstruction (SAFIRE, Siemens Healthcare) algorithm. They found that
noise was globally nonstationary, and this was mostly relevant for SAFIRE-reconstructed
CT images of textured phantoms. In a similar study, Solomon et al. [69] showed that the
advanced modeled iterative reconstruction (ADMIRE, Siemens Healthcare) algorithm with
different iterative strengths (i.e., 3, 4, and 5) allowed a noise reduction of up to 64% relative
to FBP. A study by Funama et al. [70] compared noise in CT images of a porcine liver phan-
tom surrounded by agar gel acquired 100 times, reconstructed using FBP and the iterative
model reconstruction (IMR, Philips Healthcare) algorithm with various noise reduction
levels (L1, L2, and L3, where L3 offers the greatest noise reduction). They revealed a spatial
dependence of noise for IMR-reconstructed CT images. Moreover, for IMR-L3, a noise
reduction of 68%–75% relative to FBP was observed. Li et al. [67] acquired 50 repeated ac-
quisitions of a homogeneous phantom in order to assess the spatial nonuniformity of noise
maps associated with FBP- and Veo-reconstructed images. Veo-reconstructed CT images
were characterized by at least a 50% reduction in NUI values relative to FBP-reconstructed
CT images.

Some previous clinical or phantom studies have reported a higher noise reduction
capability of ASiR-V as compared with ASiR. For instance, Gatti et al. [50] conducted a
retrospective case–control study involving oncologic patients who underwent baseline and
follow-up CT scans with ASiR 50% and ASiR-V 40%, respectively. Noise was estimated
as the SD of CT numbers within three circular ROIs placed in homogeneous regions of
three different tissues. Regardless of the anatomical region, noise was found lower in
ASiR-V 40%-reconstructed images than in ASiR 50%-reconstructed images, albeit radiation
exposure was 38% lower for the ASIR-V examinations than for the ASiR ones. Similarly,
Goodenberger et al. carried out a retrospective study on 36 patients who underwent an
abdomino-pelvic CT scan [51]. They assessed the noise level within lesions for CT images
reconstructed using FBP, ASiR 80%, Veo, and ASiR-V (30%, 60%, and 90%). The highest
noise level was revealed on FBP-reconstructed images, followed by ASiR-V 30%-, ASiR
80%-, Veo-, ASiR-V 60%-, and ASiR-V 90%-reconstructed images. Lim et al. [52] compared
the noise performances of ASiR-V, ASiR, and FBP on an anthropomorphic phantom using
three blending levels of reconstruction (30%, 50%, and 70%) and five different tube currents.
By assessing the noise magnitude and noise reduction relative to FBP within a circular ROI
in a homogeneous area of the phantom, they found that ASiR-V 30%, ASiR-V 50%, and
ASiR-V 70% can allow a noise reduction of 30%–45%, 41%–61%, and 52%–67%, respectively.
On the other hand, ASiR with the same blending levels showed a lower noise reduction of
18%–20%, 30%–33%, and 41%–49%, respectively. Euler et al. [54] characterized the noise
level of ASiR-V-reconstructed (50% and 100% blending levels of reconstruction) CT images.
On average, they found a noise reduction of 37% (ASiR-V 50%) and 72% (ASiR-V 100%)
relative to FBP. Another phantom study by De Marco and Origgi [55] compared the noise
levels of FBP-, ASiR-V-, and ASiR-reconstructed images (blending levels of 40%, 60%, and
100%) acquired on two different CT scanners (i.e., ASiR-V- and ASiR-reconstructed images
were not obtained from the same sinogram data). Specifically, this study assessed the effect
of convolution kernel (standard, soft, and bone), slice thickness, and radiation exposure on
noise level for all the used reconstruction algorithms. When compared with FBP, ASiR-V
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showed a greater noise (estimated as the SD of CT numbers within a square ROI in a
homogeneous phantom) reduction than ASiR with noise reduction values of 12%–28%,
18%–41%, and 29%–64% for ASiR-V 40%, 60%, and 100%, respectively. For both ASiR-V
and ASiR, noise reduction relative to FBP was almost independent of dose exposure.

To the best of our knowledge, this is the first study that performed, for different
blending levels of reconstruction and contrast objects, a voxel-based assessment of noise
properties in CT imaging with ASiR-V and ASiR algorithms as compared with conventional
FBP. This approach, which can allow a better characterization of noise properties in CT
imaging with IR algorithms, is based on spatial noise maps (Figures 1 and 2). In general,
we found that, when compared with FBP, ASiR-V presents a greater noise reduction than
ASiR for a homogeneous medium, except for the lowest blending level of 20% (Figure 6).
In particular, the noise reduction value ranged up to 52.9% and 63.7% for pure ASiR and
pure ASiR-V, respectively. This finding has also been confirmed for various contrast objects
(i.e., PMP, LDPE, polystyrene, acrylic, Delrin) (Figure 7) with noise reduction values rather
independent of contrast objects and ranging up to approximately 50% and 60% for pure
ASiR and pure ASiR-V, respectively. On the other hand, for higher contrast objects (i.e., air
and Teflon) and all blending levels, ASiR-V showed a lower noise reduction capability than
ASiR. In this case, the noise reduction values of ASiR-V-/ASiR-reconstructed images were
lower and ranged up to 33.8%/39.9% and 31.2%/35.5% for air and Teflon contrast objects,
respectively.

In this work, unlike a few previous studies on the characterization of noise in CT
imaging with ASiR-V and ASiR [50–52,54,55], voxelwise noise maps allow an assessment
of the spatial uniformity of noise, which might be affected by the nonlinearity and non-
stationarity effects of IR algorithms. For the homogeneous medium, FBP-reconstructed
images showed a rather low level of the spatial nonuniformity of noise with an NUI value
of 5.2%. The NUI values of ASiR-V- and ASiR-reconstructed CT images were lower than
the NUI value of FBP-reconstructed images and slightly decreased with an increasing
blending level of reconstruction (Figure 5a). This could be partly associated with a shift of
noise power spectrum curves toward lower spatial frequencies, which has been observed
for CT imaging with ASiR-V and ASiR mostly at higher blending levels of reconstruc-
tion [24,29,35,55]. Notably, for the nonhomogeneous medium with contrast objects, both
ASiR-V- and ASiR-reconstructed CT images showed NUI values greater than the NUI value
of FBP-reconstructed CT images (approximately 7%), increasing with the blending level of
reconstruction (Figure 5b). In particular, the NUI values of CT imaging with pure ASiR-V
and pure ASiR were approximately three and two times, respectively, that of CT imaging
with FBP. This is likely to derive from a noise reduction capability of ASiR-V and ASiR
reconstruction algorithms that does not seem so effective at the boundary between different
media (Figures 2 and 4). While this effect has been reported for other IR algorithms [68–70],
no previous study has observed it for CT imaging with ASiR-V and ASiR. As submitted by
Solomon and Samei [68], given that IR algorithms aim at reducing noise while preserving
the fidelity of fine details, this necessitates a conservative approach to noise reduction for
voxels near edges, and therefore, noise is not reduced as much near edges or structures
(i.e., “edge” effect).

The nonuniformity findings of this study suggest that, for CT imaging, a noise evalua-
tion only in homogeneous phantoms could be incomplete and/or partly misleading when
IR algorithms are employed. While pure ASiR-V/ASiR offers the maximum noise reduc-
tion capability in reconstructed CT images, a blending level of 100% can affect the spatial
uniformity of noise mostly at the boundary between different structures. Therefore, for
specific clinical applications of CT imaging with ASiR-V and ASiR, the use of a maximum
blending level of reconstruction might be not optimal [27,40,43,44,71,72]. In particular, the
revealed “edge” effect might partly limit the potential of IR algorithms in studying small
structures (such as metastases, vessels, pulmonary nodules, or brain ischemic lesions),
especially when they present reduced contrast.
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Analysis of noise map histograms (Table 4) showed that, for both ASiR- and ASiR-V-
reconstructed CT images, kurtosis and interquartile range/median values monotonically
increased and decreased, respectively, with increasing blending level of reconstruction.
Moreover, for all the blending levels of reconstruction, noise map histograms of ASiR-
reconstructed CT images were characterized by higher or equal kurtosis and interquartile
range values compared with that of ASiR-V-reconstructed CT images. Overall, these results
might reflect the inherent nonlinear and nonstationary properties of iterative reconstruction
algorithms in CT imaging.

5. Conclusions

In this preliminary study, we aimed at characterizing in greater detail noise properties
in CT imaging with ASiR-V and ASiR by means of spatial noise maps obtained from
multiple repeated acquisitions of a homogeneous phantom and of a phantom with different
contrast objects. Our results confirm the potential of ASiR-V and ASiR in reducing noise
(up to 60% or more) as compared with conventional FBP. In this regard, while ASiR-V
outperforms ASiR in general, this does not necessarily hold true for the CT imaging of
structures with high contrast. Both ASiR-V- and ASiR-reconstructed CT images show a
higher spatial nonuniformity of noise than FBP-reconstructed images. This effect increases
with increasing blending level of reconstruction and reflects a less effective noise reduction
potential of ASiR-V and ASiR at the boundary between different structures.

In summary, an exhaustive characterization of noise properties in CT imaging with
IR algorithms is needed to actually assess the dose reduction potential of this technique
and its possible limitations for specific clinical applications. This study suggests that,
when using IR algorithms, the conventional approach of estimating the noise level by
computing the SD of CT numbers within a given ROI is inadequate and precludes showing
any non-negligible spatial nonuniformity of noise, which may vary with the blending level
of reconstruction. Overall, our findings indicate that a voxel-based characterization of noise
properties is recommended when dealing with a novel IR algorithm or when comparing
the performances of different IR algorithms.
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