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Novel deep learning image reconstruction (DLIR) reportedly changes the image quality characteristics based on
object contrast and image noise. In clinical practice, computed tomography image noise is usually controlled
by tube current modulation (TCM) to accommodate changes in object size. This study aimed to evaluate the
image quality characteristics of DLIR for different object sizes when the in-plane noise was controlled by TCM.
Images acquisition was performed on a GE Revolution CT system to investigate the impact of the DLIR algo-
rithm compared to the standard reconstructions of filtered-back projection (FBP) and hybrid iterative recon-
struction (hybrid-IR). The image quality assessment was performed using phantom images, and an observer
study was conducted using clinical cases. The image quality assessment confirmed the excellent noise- reduc-
tion performance of DLIR, despite variations due to phantom size. Similarly, in the observer study, DLIR
received high evaluations regardless of the body parts imaged. We evaluated a novel DLIR algorithm by repli-
cating clinical behaviors. Consequently, DLIR exhibited higher image quality than those of FBP and hybrid-IR
in both phantom and observer studies, albeit the value depended on the reconstruction strength, and proved
itself capable of providing stable image quality in clinical use.
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omputed tomography (CT) examinations are an

C essential and universal tool in medical institu-
tions because of their high diagnostic imaging ability,
high throughput, and few restrictions. As the number
and type of CT examinations increase, the share of CT
in medical radiographic exposure is also increasing,
making the optimization of CT dose an essential con-
sideration [1,2]. Filtered-back projection (FBP), which
is the basic image reconstruction algorithm of CT, has
a linear relationship between dose and image quality,
while the usual relationship between image quality and
CT dose is a trade-off, as it becomes difficult to reduce
image noise at lower dose levels. Iterative reconstruc-
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tion (IR) have been reported, and modalities such as
hybrid-IR and model-based IR (MBIR) are used in clin-
ical practice to maintain image quality while reducing
image noise [3,4].

However, several problems have been reported with
such IR algorithms, and the noise level of the image and
reconstruction strengths are both known to affect the
image texture [5]. Thus, it is difficult to reduce the dose
significantly below the levels made possible by FBP
[6,7].

Conversely, deep-learning image reconstruction
(DLIR), which was newly developed by the deep neural
network (DNN), reportedly reduces noise and dose
without affecting the texture of the image [8-12,13].
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This novel DLIR is a nonlinear image reconstruction
algorithm that depends on image noise and contrast
and is affected by the subject size in clinical practice. In
clinical applications, tube current modulation (TCM) is
applied to optimize the incident dose according to the
subject size [14]. TCM is a radiation exposure reduc-
tion technique that optimizes the incident dose for each
patient by assessing the axial changes in body thickness
from scout images and regulating the X-ray dose by
modulating the tube current to fit the irregular patient
contours.

Solomon et al. [15] used the Mercury Phantom V3.0
to evaluate the image quality of DLIR and sampled dif-
ferent object sizes using a fixed tube current, which was
necessary to maintain measurement accuracy.
However, the Mercury phantom is useful only for the
clinical evaluation of TCM [16]. Thus, in this study, we
assumed a clinical CT of the torso, and the task of
image quality assessment targeted two inserts in the
Mercury Phantom of low-to-medium contrast: poly-
styrene (=A50 HU) and water (=A90 HU). For
advanced reconstruction methods such as DLIR,
high-contrast objects may be easily distinguished from
noise and edges based on previous physical and clinical
evaluations [8,11].

There have been few reports on the physical evalua-
tion of DLIR related to the measurement of low-con-
trast objects of 50 HU. Furthermore, image quality
characteristics using IR at low contrast show different
characteristics according to the apparatus [17]. A
50-HU contrast for CT in the abdominal region is clin-
ically important for detecting faint shadows such as
those created by liver tumors and intravenous thrombi
[18-20]. Thus, this study aimed to physically and visu-
ally evaluate the image quality characteristics of differ-
ent subject sizes reconstructed by DLIR using images
acquired under controlled in-plane noise using TCM.

Materials and Methods

Deep-learning image reconstruction.  Developed
by GE, DLIR (true fidelity imaging [GE Healthcare,
Waukesha, WI, USA]) is a DNN-based reconstructive
algorithm that uses high-quality FBP data for teacher
data in the learning process. DLIR has low, medium,
and high setting strengths, each reconstructed from a
different DNN model. The amount of noise reduction
in the image depends on the strength selected. The tra-
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ditionally used hybrid-IR (ASiR-V; GE Healthcare,
Waukesha, WI, USA) adjusts the strength by blending
FBP and IR [9].

Object-size modulation phantom. A Mercury 4.0
Phantom (Gammex, Middleton, WI, USA) was devel-
oped to evaluate TCM installed in CT systems [21,22].
This phantom was approved by the American Association
of Physicists in Medicine (AAPM) Task Group (TG)
233 [22]. The Mercury 4.0 Phantom has five sections
with different diameters (16,21,26,31, and 36 cm) made
of polyethylene (Fig.1). The phantom has a uniform
layer for evaluating noise characteristics, along with five
cylinders of water, bone, polystyrene, 10 mg/mL jodine,
and air at a constant distance from the center as contrast
inserts for evaluating the resolution. By scanning this
phantom with TCM, it is possible to acquire images
under clinical conditions, and comprehensive image
quality assessment can be performed by evaluating the
image quality at each phantom size.

Data acquisition and image reconstruction.
Data in this study were acquired using a 256-slice
Revolution CT (GE Healthcare, Waukesha, WI, USA)
with hybrid-IR and DLIR as image-reconstruction algo-
rithms. The X-ray tube voltage was 120 kV, whereas the
TCM determined the X-ray tube current, which was
controlled using a noise index (NI). The current was
modulated at 10-720 mA using a phantom diameter and
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Fig. 1 Composition of the Mercury Phantom used in this study.
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NI. NI is determined by the operator, and the imaging
dose is controlled to have a constant standard deviation
(SD) in the central region of the phantom, regardless of
patient size [23]. Thus, the NI is approximately equiva-
lent to the SD of the central region reconstructed with
the standard kernel of the FBP using a uniform phantom.
In this study, two NIs (13.7 and 22.4) were set, in which
the tube current varied without saturation at each phan-
tom size within the range of the upper and lower limits
of the TCM (10-720 mA). Considering the guidance level
of the adult abdomen announced by the International
Atomic Energy Agency, NI=13.7 is the standard dose
level, and NI=22.4 is the low dose level [24]. The vol-
ume CT dose index (CTDIvol) reported by the scanner
console was recorded in a DICOM radiation dose struc-
tured report file after each scan. The mean CTDIvol
values recorded from the apparatus were 11.6 mGy at
the standard dose level and 3.07 mGy at the low dose
level. Nominal CTDIvols with phantom diameters of
16, 21, 26, 31, and 36 cm were 2.0, 3.3, 7.4, 17.5,
and 28.8 mGy, at standard doses and 0.73, 1.18, 2.45,
4.81, and 6.49 mGy at low doses, respectively. The
detector configuration was 0.625 mm x 256 rows, and
the rotation time was 0.6 s/rotation. When NI=13.7,
the focal spot size was XL, and when NI=22.4, the focal
spot size was S. The images were then subjected to FBP,
hybrid IR, and DLIR. Hybrid-IR was evaluated for the
ASiR-V50 (IR50; a 50 x 50 combination of FBP and IR),
which is frequently used in clinical practice, and IR100,
which shows strong performance. DLIR was evaluated
for three strengths: low (DL-L), medium (DL-M), and
high (DL-H). Images were reconstructed with a stan-
dard kernel: slice thickness, 1.25 mm (gap less); field
of view, 400 mm; and matrix size, 512 %512 pixels.
Image quality assessment.  ImQuest, developed
by the clinical imaging physics group at Duke University,
was used to analyze the acquired images. ImQuest is an
open-source software that uses the technology
described in TG233 of the AAPM and is compatible
with the Mercury 4.0 Phantom. To assess the image
quality characteristics, the noise power spectrum
(NPS), task-based modulation transfer function (TTF),
and task-based detectability index (d') were calculated
using ImQuest. The quality and quantity of the in-plane
noise were evaluated using the NPS. As shown in
Fig.2A, we established regions of interests (ROIs) of
40 x40 pixels and obtained NPS from 60 consecutive
axial slices (240 ROIs) in each section with uniform

Image QA of DLIR in Torso CT Using TCM a7

layers [22]. The calculated NPS maximum was defined
as the NPS,.., and the average of the obtained NPS
values was quantified as the NPS,...,c spatial frequency.
As shown in Fig.2B, the resolution was measured for
two low-to-medium contrast inserts: polystyrene and
water. A circular ROI was set for each insert, and the
TTF was evaluated using the circular edge technique by
taking the average of 80 consecutive axial slices in each
section [22,25, and 26]. The spatial frequency that was
0.5 of the normalized TTF value was quantified as
TTF50%. Conversely, d'is an index that can be virtu-
ally simulated as the detectability by a radiologist using
the measured NPS and TTF and by setting the detection
task that is clinically required using the following equa-
tion:

{JJ|W(u,v)[** TTF(u,v)*-E(u,v)? dudv}?

2 _
= JfIW(u,v)[?* TTF(u,v)**NPS(u,v)**E(u, v)* dudv

where u and v are the spatial frequencies of the x- and
y-coordinates, respectively. NPS (u, v) and TTF (u, v)
are measured from the phantom, and values reflecting
the tumor size to be simulated are used. W (u, v) is a
clinical task function assuming various arbitrary tumor
sizes. Conversely, E (u, v) is an eye filter that models
the sensitivity of the human visual system to various
spatial frequencies and requires the setting of observa-

NPS ROIs

TTF ROIs

Fig. 2 A, Locations of the regions of interest for the noise power
spectrum measurements; B. ROIs located for task-based modulation
transfer function measurements with polystyrene and water inserts.
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tion conditions using the following equation [27]:

a 2

|, _FOV-R-n>. { _(,—2 z.FOV~R~n)“3}
E(”’V)_|'7 v (D-180 B A W T)

where 7 normalizes the function so that its maximum
value is one. a;, «,, and «; are the constant parameters
1.5, 3.22, and 0.68, respectively. FOV is the recon-
structed field of view, R is the viewing distance, and D
is the display size. The calculation condition of d' was
based on a non-prewhitening matched filter with an eye
filter (NPWE), a zoom factor of 1.5, and a simulated
tumor expressed in a Gaussian field of 8 mm
[18,22,27, and 28]. In this study, we simulated target
tumors in the abdominal region and used two
low-to-medium-contrast TTFs, NPS values obtained
from different doses, and phantom sizes. Subsequently,
the rate of increase (d'%) of each algorithm for FBP was
calculated from the obtained d".

Observer study.  Five clinical CT scans were ran-
domly selected from the cases obtained for medical
purposes in the observer study. Two regions were
selected from the five cases acquired using TMC. The
neck was selected as a body part where the subject size
varied greatly, and the abdomen was selected as a part
where the subject size in the torso was large, making
low-contrast visibility important. For the paired com-
parison method, two images from four different recon-
struction methods were selected for one CT dataset (12
combinations), and this was conducted on 10 datasets
(five cases with two regions). Fig.3 shows a sample of
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the patient used in the observer study. Since there was
a possibility that the image noise would vary depending
on the subject size even when the TMC was used, SD
was measured for the neck and abdomen in each case by
placing ROIs in the soft tissue areas. Five radiological
technologists with more than 10 years of experience in
reading CT images participated in the observation.
Previously an observer study using Uras method of
Scheftés paired comparison was conducted using the
software developed by Shiraishi ef al. [29,30], based on
the ROCKIT developed by Metz et al. [31] The recon-
struction conditions (FBP, DL-H, IR50, IR100) were
varied and compared for each case, as shown in Fig. 4.
The window width and window level of the CT images
were fixed, while viewer functions such as zoom were
restricted. The two images displayed to the observer for

Fig. 4  Display of ROC Viewer to compare computed tomography
images using different reconstruction methods.

FBP DL-H

Fig. 3

IR 50

IR 100

Examples of case samples for the paired comparison observer study. Four computed tomography (CT) images with different

reconstruction techniques were created from CT images of the neck and abdomen.
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each body part were rated comprehensively for noise,
contrast, and image texture. The results of each combi-
nation were analyzed using an ROC-analyzer, and the
yardstick was calculated using the multiple comparison
method. A statistically significant difference was con-
sidered to exist when the difference in average psycho-
logical measures between the samples was greater than
the yardstick (p <0.05).

Ethical considerations.  This study is based on
anymized patient data and is not likely to affect patients.
Approval for use of their data in this study was obtained
from the Ethical Committee of the Kagawa University
School of Medicine (2021-163). Participation in the
observer study was thoroughly explained and consent
obtained.

Results

Fig.5 shows a portion of the NPS results at low
doses, and Table 1 shows the results of the NPS,..« and
NPS,erage at each dose level and phantom size. NPS,..«
showed similar values depending on the TCM with the
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set NIs; however, the values were smallest when the
phantom size was 16 cm, and largest when the phan-
tom size was 36 cm, and fluctuated slightly at the 21,
26, and 31 cm diameters. This trend was also observed
for different doses. In all conditions, FBP had the
highest noise level, and DL-H had the lowest noise
level. The NPS average frequency of DLIR compared
with FBP was almost similar (0.01-0.04 mm™ at a low
dose and 0-0.03 mm™* at a normal dose), and the differ-
ence between FBP and IR50 was approximately
0.04 mm™, regardless of dose. The difference between
FBP and IR50 was approximately 0.04 mm™ regardless
of dose, but the difference between FBP and IR100 was
very large (approximately 0.18 mm™" at the low dose and
approximately 0.17 mm™ at the normal dose). Phantom
size had no specific effect on NPS.

Fig.6 shows some of the TTF results calculated for
polystyrene and water at low doses, while Table 2 shows
the TTF50% results for each dose level and phantom
size. The average deviation for each dose and phantom
size was 4.2%. For TTF polystyrene, FBP was the high-
est, while DL-M and IR50 were similar. Compared
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Fig. 5  Noise power spectrum for different phantom sizes measured

under low dose conditions; results for 21 and 31 cm were equivalent
to those of 26 cm.
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Table 1 NPSex and NPS,.ee Values with different phantom sizes for each dose condition

NPS peak (HU?* mm?)

NI 13.7 NI 22.4

Phantom size (cm) FBP  DL-L  DL-M  DL-H [R50 IR100 FBP DL-L  DL-M  DL-H IR 50 IR 100

16 370 134 82 40 147 68 1088 340 188 73 428 182
21 563 209 127 64 221 105 1573 503 283 116 662 282
26 557 212 132 67 224 104 1642 561 316 132 707 359
31 520 198 126 65 219 104 1732 613 352 150 795 407
36 750 282 178 91 319 148 2646 926 543 258 1375 755

NPS average spatial frequency (mm™)

NI 13.7 NI 22.4

Phantom size (cm) FBP  DL-L  DL-M  DL-H IR50 IR 100 FBP DL-L  DL-M DL-H IR 50 IR 100

16 0.33 0.32 0.31 0.30 0.29 0.14 0.33 0.32 0.32 0.30 0.29 0.14
21 0.33 0.31 0.30 0.29 0.29 0.14 0.32 0.32 0.31 0.30 0.28 0.14
26 0.32 0.31 0.30 0.28 0.28 0.14 0.31 0.31 0.30 0.28 0.27 0.13
31 0.31 0.30 0.29 0.27 0.27 0.14 0.30 0.30 0.29 0.28 0.26 0.13
36 0.31 0.30 0.29 0.27 0.27 0.14 0.28 0.29 0.28 0.26 0.24 0.13
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Fig. 6  Task-based modulation transfer functions of polyethylene and water with different phantom sizes at low dose conditions; this
trend was maintained regardless of radiation dose.
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with FBP, both DLIR and ASIR-V decreased the
TTF50% as the reconstruction strength increased. The
case with a TTF50%-decrease rate with respect to FBP
also exhibited the largest decrease rate of DL-H, with a
maximum of 44.4% (36 cm in diameter, NI=22.4). In
hybrid-IR, the rate of decrease in IR100 was the high-
est, reaching a maximum of 59.1% (21 cm in diameter,
NI=22.4). In TTF water, FBP and DLIR were similar,
and DLIR exhibited favorable results in the low-spa-
tial-frequency region. The results obtained from water
were similar to those of polystyrene; and compared
with FBP, both DLIR and ASIR-V showed decreased
TTF50% as the reconstruction strength increased. In
DLIR, the decrease rate of TTF50% with respect to FBP
was the largest for DL-H, with a maximum of 16.3%

Table 2
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(16 cm in diameter, NI=22.4). In hybrid-IR, the rate
of decrease was the highest for IR100, with a maximum
of 44.4% (36 cm in diameter, NI=22.4).

Fig.7 shows the d' (low-dose) results for each phan-
tom size, and Table 3 shows the results of the increase
in d'% at each dose level and phantom size. The trends
in the results were similar regardless of the variation in
dose, and FBP was the least detectable under all condi-
tions. Compared with IR50, the detectabilities of
DL-M and DL-H was high, while the detectability of
DL-H were high under all conditions. The smaller the
phantom size, the higher the detectability. However,
there was no difference in d' by phantom size for the 21,
26, and 31 cm diameters, where the NPS,... variations
were small.

Target transfer function at 50% for polystyrene and water inserts at different dose conditions and for each phantom size

TTF 50% (mm™)

NI:13 NI:22.4
Phantom size (diameter) FBP DL-L DL-M DL-H [R50 IR100 FBP DL-L DL-M DL-H [R50 IR100
16 038 0.32 0.31 0.29 0.29 0.22 0.44 0.38 0.31 0.28 0.3 0.2
21 041 0.32 0.3 0.28 0.28 0.21 0.44 0.34 0.3 0.25 0.28 0.18
Polystyrene (*A 50HU) 26 0.37  0.31 0.29 0.26 0.28 0.19 0.39 0.32 0.28 0.22 0.26 0.18
31 035 03 0.28 0.26 0.26 0.19 0.31 0.27 0.24 0.22 0.23 0.18
36 037 031 0.29 0.27 0.27 0.21 0.36 0.28 0.25 0.2 0.24 0.17
16 038 0.39 0.38 0.38 0.37 0.35 043 0.39 0.38 0.36 0.35 0.28
21 038 0.38 0.37 0.36 0.33 0.29 0.37 0.36 0.35 0.33 0.3 0.22
Water (*A 90HU) 26 036 036 035 034 031 027 035 035 034 032 027 0.21
31 034 0.34 0.33 0.33 0.29 0.26 0.37 0.33 0.32 0.31 0.28 0.21
36 035 035 0.35 0.34 0.3 0.26 0.36 0.36 0.32 0.31 0.24 0.2
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Detectability index (d') based on phantom size for different contrasts (polystyrene and water) at low dose conditions.
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Table 3
dose condition

Acta Med. Okayama Vol. 77, No. 1

Rate of increase in detectability index (d'%) with each phantom size for different contrasts (polystyrene and water) at each

Rate of increase in d' (%)

NI:13 NI:22.4
Phantom size (diameter) DL-L DL-M DL-H IR 50 IR 100 DL-L DL-M DL-H IR 50 IR 100
16 40.0 76.8 124.2 20.5 48.7 30.2 69.6 170.2 20.2 55.7
21 43.9 731 1251 23.7 59.7 64.4 103.3 163.0 27.5 66.1
Polystyrene (*A 50HU) 26 38.0 60.2 103.3 17.2 447 474 84.9 143.8 23.8 54.7
31 28.2 56.5 90.8 14.5 36.6 48.7 78.2 123.4 18.7 425
36 21.9 62.5 100.0 20.6 45.9 50.2 89.5 136.7 18.7 447
16 45.5 86.7 139.6 243 58.1 63.6 109.1 196.2 23.6 64.2
21 4.7 724 125.6 211 57.8 69.3 108.0 172.5 23.6 54.4
Water (*A 90HU) 26 455 70.9 144 228 55.3 59.6 1034 1711 265 55.3
31 323 65.8 103.1 15.7 415 50.5 106.3 169.0 22.8 52.8
36 41.9 61.4 98.8 18.5 48.9 63.2 94.4 166.2 23.6 53.3
Regarding the images used for the observer study, Table 4  HU and SD of cervical muscle and abdominal

Table 4 shows the results of the mean Hounsfield Units
(HUs) and SDs measured by placing ROISs in the cervi-
cal muscles and abdominal liver of the five cases recon-
structed with FBP. The mean SD values of the images
were 21.8 and 38.0, respectively. Table 5 shows the
average psychological measures and yardsticks of the
five observers for the five cases. The calculated yard-
stick revealed that DL-H had the highest average psy-
chological measures in all cases, regardless of the body
part. In most cases, DL-H had the highest average
psychological measure, followed by IR50, IR100, and
FBP in that order; however, there was no significant
difference between IR and FBP. For IR50 and IR100,
the average psychological measures for IR50 were
higher in the neck; however, the average psychological
measures for IR100 were higher in the abdomen. The
yardstick value varied slightly among cases, although it
was comparable across body parts.

Discussion

The image quality of DLIR was evaluated using TCM
with a Mercury 4.0 Phantom. The NPS,., varied when
the phantom size was 16 and 36 cm relative to the set
NI The NPS,., values under each condition also varied
accordingly, possibly because of the bowtie filter of the
CT system [32]. The bowtie filter equalizes the in-plane
dose distribution of the human body. In general, the
size of the bowtie filter varies according to the size of the

liver in five cases reconstructed with FBP

HU SD
Pt. 01 498 16.1
Pt. 02 34.3 209
Neck Pt. 03 334 234
Pt. 04 386 234
Pt. 05 402 254
Ave. 39.3 21.8
Pt. 01 319 30.7
Pt. 02 487 409
Pt. 03 64.1 37.1
Abdomen  py o4 57.2 420
Pt. 05 58.7 39.1
Ave. 52.1 38.0

subject, but it cannot be changed during the scan.
Therefore, we believe that this affected the control by
TCM and caused the NPS,..« to vary.

According to the NPS, e frequency and shape of
the NPS, DLIR was able to maintain the shape and
reduce the amount of image noise without any shift in
the NPS,ree frequency compared to FBP. The ideal
noise reduction, where the noise characteristics are
improved by increasing the dose, occurs when the
shape of the NPS is maintained, and the amount of
shift is reduced, so that the noise reduction method of
the DLIR algorithm can be considered to reduce noise
without changing the details of the original image.
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Table 5
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Average psychological measures (95% confidence interval), and yardsticks for five observers obtained from a paired

comparison observer study using five cases and two parts with different image reconstructions (FBP, DL-H, IR50, and IR100)

Reconstruction method

FBP [95% Cl] DL-H [95% Cl] IR 50 [95% Cl] IR 100 [95% ClI] Yardstick
Pt. 01 -0.07 [-0.1148, -0.0252] 0.12[0.0752, 0.1648] -0.01 [-0.0548, 0.0348] -0.04 [-0.0848, 0.0048] 0.0448
Pt. 02 -0.06 [-0.1042, -0.0158] 0.09 [0.0458, 0.1342] 0.01 [-0.0342, 0.0542] -0.04 [-0.0842, 0.0042] 0.0442
Neck Pt. 03 -0.05[-0.0564, —-0.0036] 0.11[0.0636, 0.1564] 0.01 [-0.0364, 0.0564] -0.06 [-0.1064, -0.0136] 0.0464
Pt. 04 -0.08 [-0.1178, -0.0422] 0.13[0.0922, 0.1678] -0.02 [-0.0578, 0.0178] -0.03 [-0.0678, 0.0078] 0.0378
Pt. 05 -0.08 [-0.1291, —0.0309] 0.10 [0.0509, 0.1491] 0.01 [-0.0391, 0.0591] -0.03 [-0.0791, 0.0191] 0.0491
Ave. -0.068 0.11 0.00 -0.04
Pt. 01 -0.07 [-0.1110, -0.0290] 0.15[0.1090, 0.1910] -0.04 [-0.0810, 0.0010] -0.04 [-0.0810, 0.0010] 0.0410
Pt. 02 -0.09 [-0.1930, -0.0410] 0.14 [0.0910, 0.1890] 0.00 [-0.0490, 0.0490] -0.05[-0.0990, -0.0010] 0.0490
Pt. 03 —-0.05[-0.0961, —0.0039] 0.15[0.1039, 0.1961] -0.05[-0.0961, -0.0039] -0.04 [-0.0861, —0.0139] 0.0461
Abdomen Pt. 04 -0.11[-0.1439, -0.0761] 0.18 [0.1461, 0.2139] -0.04 [-0.0739, -0.0061] -0.04 [-0.0739, -0.0061] 0.0339
Pt. 05 -0.10[-0.1505, —-0.0495] 0.16 [0.1095, 0.2105] -0.04 [-0.0905, 0.0105] 0.02 [-0.0305, 0.0705] 0.0505
Ave. -0.084 0.156 -0.034 -0.03
Conversely, the NPS, . frequency of IR50 did not Polystyrene

exhibit a large variation, while it did, similar to IR100,
exhibit a characteristic shape as if it had been smoothed
in the high-frequency region. The effect of smoothing
on IR100 was strong, and the NPS,..., frequency also
shifted significantly to the low-frequency side. The
IR100 image also shows the influenced of high-fre-
quency components on image quality (Fig.8), which is
consistent with previous research [5]. Regarding the
TTE the focus size was automatically changed by the NI
setting, and the effect on TTF was expected, although
very little effect was observed [33]. Previous studies on
the TTF of DLIR have reported that the resolution
characteristics are improved compared to the FBP,
which was not necessarily the case in this experiment
[8,10]. Hara et al. [34] reported the effect of the ROI
position on the measured MTF value. The effect of the
selected phantom on the measurement results cannot be
ignored. However, it is considered that DLIR easily
recognizes high contrast, such as 300 HU, as reported
in a previous study; however, at a low contrast of
approximately 50 HU, as in this study, the resolution
characteristics were lower than those of FBP.

Regarding d’, FBP was less detectable at all doses
and phantom sizes. In hybrid-IR and DLIR, the detect-
ability of the image reconstructed by DLIR was higher
than that of IR50 under all conditions. DL-H exhibited
the highest detectability, with an improvement in
reconstruction strength. Regarding TTF, DLIR did not
always show high-resolution characteristics due to con-

16

26 _ 36 cm

FBP

Fig. 8 Images of each contrast insert with phantom size at low
dose conditions.

trast; however, NPS exhibited high noise characteris-
tics (low image noise), and the simulated tumor
revealed high d’ when reconstructed by DLIR. The
simulated tumor size was 8 mm, which translates to
approximately 0.06 mm ™" in terms of spatial frequency,
and the difference in NPS of each reconstruction
method at 0.06 mm™ was significant, which we believe
had a significant impact on the results of d'. Moreover,
Urikura et al. [20] reported that the effect of the resolu-
tion characteristics was small for such low-contrast
visibility, and considered that the high noise reduction
effect of DLIR was highly useful in clinical practice. For
phantom sizes of 16 and 36 cm, d'varies greatly, indi-
cating the effect of noise characteristics.

The results of the observer study using clinical cases
showed different characteristics for IR and DLIR. As in
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the physical evaluation, the average psychological mea-
sures for images reconstructed with DLIR were the
highest, with a significant difference regardless of the
subject size. The difference in average psychological
measures between FBP and DL-H and the difference
between FBP and IR50 in the neck was 0.178 and 0.068,
respectively. The differences in average psychological
measures between FBP and DL-H and between FBP and
IR50 in the abdomen were 0.24 and 0.05, respectively.
As previously reported [5], the image quality of IR is
known to be affected by the noise level of the images,
and we believe that the lower evaluation of IR compared
to FBP is due to the higher noise level of the images in
the abdomen compared to the neck. However, DLIR
exhibited high average psychological measures in the
observer study, as well as in the physical evaluation.
Based on our results, we believe that noise reduction
without bias in the frequency range reproduced the nat-
ural image quality in clinical images. Furthermore, a
clinical evaluation by Jensen et al [12] reported that
DLIR reduces artifacts as well as noise. Similarly in this
study, streak artifacts caused by insufficient dose in the
abdominal images were improved by DLIR. This may
explain the high average psychological measures for
DLIR.

Moreover, there was no significant difference
between the neck and abdomen for Yardstick. This
indicates that the observer variation was small regard-
less of the body part, and that a uniform evaluation was
obtained by the observer. Under conditions such as a
torso examination, which is assumed to be a clinical
situation, the subject size may vary greatly, and in such
a case, the hardware of the device may be affected by
the bowtie filter and output limitations. In such cases,
the high noise reduction performance of DLIR com-
pared to FBP and IR can provide stable image quality
that is less affected by subject size and noise level.

The present study had several limitations. First, it
relied heavily on the capabilities of commercially avail-
able equipment. The tube voltage, which represents the
scan condition, was only 120 kVp, and all scans were
performed helically. Second, the analysis using differ-
ent phantom sizes was performed based on adult
size; the smaller phantom sizes did not represent chil-
dren. The phantom is also circular and not an ellipse,
which better imitates the conditions of a real person.
The arrangement of the measured ROIs was the same
regardless of the phantom size when measuring the NPS
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and TTE, which was necessary to maintain the accuracy
of the experiment, although previous studies have
described the effect of the measurement position.
Finally, the cases used in the observer experiment were
obtained under specific clinical conditions, and obser-
vations were made only in the transverse section.

In conclusion, we evaluated the overall image qual-
ity assessment of DLIR when TCM was used, targeting
low-to-medium contrasts and varying phantom sizes
and NIs. The results of noise control by TCM revealed
that DLIR has a high detectability owing to its high
noise reduction capability, regardless of the phantom
size. The same trend was observed in the observer
study, with DLIR showing a higher average psycholog-
ical measure than FBP and IR. Depending on the
patient size, the hardware of the CT system may be
restricted for clinical use; however, the DLIR algo-
rithm can provide stable images independent of the
object.
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