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Abstract

Objectives Evaluate a novel algorithm for noise reduction in obese patients using dual-source dual-energy (DE) CT imaging.

Methods Seventy-nine patients with contrast-enhanced abdominal imaging (54 women; age: 58 + 14 years; BMI: 39 + 5 kg/

m?, range: 35-62 kg/mz) from seven DECT (SOMATOM Flash or Force) were retrospectively included (01/2019-12/2020).

Image domain data were reconstructed with the standard clinical algorithm (ADMIRE/SAFIRE 2), and denoised with a com-

parison (ME-NLM) and a test algorithm (rank-sparse kernel regression). Contrast-to-noise ratio (CNR) was calculated. Four

blinded readers evaluated the same original and denoised images (0 (worst)—100 (best)) in randomized order for perceived

image noise, quality, and their comfort making a diagnosis from a table of 80 options. Comparisons between algorithms

were performed using paired 7-tests and mixed-effects linear modeling.

Results Average CNR was 5.0 + 1.9 (original), 31.1 £ 10.3 (comparison; p <0.001), and 8.9 +2.9 (test; p <0.001).

Readers were in good to moderate agreement over perceived image noise (ICC: 0.83), image quality (ICC: 0.71), and

diagnostic comfort (ICC: 0.6). Diagnostic accuracy was low across algorithms (accuracy: 66, 63, and 67% (original,

comparison, test)). The noise received a mean score of 54, 84, and 66 (p <0.05); image quality 59, 61, and 65; and the

diagnostic comfort 63, 68, and 68, respectively. Quality and comfort scores were not statistically significantly different

between algorithms.

Conclusions The test algorithm produces quantitatively higher image quality than current standard and existing denoising

algorithms in obese patients imaged with DECT and readers show a preference for it.

Clinical relevance statement Accurate diagnosis on CT imaging of obese patients is challenging and denoising algorithms

can increase the diagnostic comfort and quantitative image quality. This could lead to better clinical reads.

Key Points

e Improving image quality in DECT imaging of obese patients is important for accurate and confident clinical reads, which
may be aided by novel denoising algorithms using image domain data.

e Accurate diagnosis on CT imaging of obese patients is especially challenging and denoising algorithms can increase
quantitative and qualitative image quality.

e Image domain algorithms can generalize well and can be implemented at other institutions.
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Image quality enhancement
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Introduction

Imaging of large body habitus patients is challenging due to
high image noise and can lead to delays in patients’ diagnosis
and treatment. Many practices do not perform dual-energy
(DE) CT on obese patients (e.g., excluding patients weighing
over 260 pounds (> 118 kg)) due to the additional photon
starvation caused by the large body circumference [1].

Dose constraints on DECT scans of obese patients result
in high levels of noise, due to photon-starvation effects,
negatively impacting diagnostic performance in abdominal
radiology [2, 3].

One potential solution to mitigate against noise in larger
body habitus populations is by using denoising algorithms.
However, one concern regarding the implementation of non-
vendor-based denoising algorithms in clinical practice is the
fact that the original projection data is needed for the algo-
rithms to be applied. Since these are very large data files,
they do not routinely get stored on the scanners themselves
or in PACS and are deleted within approximately a week of
acquisition at most institutions [4, 5]. Thus, denoising using
projection data, both with vendor-based iterative reconstruc-
tion algorithms and custom algorithms, is often limited by
data availability. In addition, using iterative reconstruction,
there are limitations in spatial resolution for low-contrast
structures and low-contrast detectability declines when
radiation dose reductions exceed 25% [6]. By contrast, the
image domain data from CT scans is usually archived in a
PACS system for a relatively long term of several years, so
denoising can be applied at any time after image data was
acquired and reconstructed. This data can be heterogeneous
due to different frequency filters, collimation, slice thick-
nesses, and convolution kernels, but this can be addressed
through specialized algorithms.

A denoising method developed at Duke Radiology for
the review process is based on rank-sparse kernel regres-
sion (RSKR) and applies locally adaptive noise estimation
[7]. Other methods apply adaptive non-local means (NLM)
filtering by adapting the strength of regularization using a
noise variance map generated by propagating noise through
the reconstruction model to denoise images. This can lead to
a highly smoothed image impression but has been shown to
improve image quality in animal and cadaver studies [8, 9].
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The purpose of this study was to evaluate a novel algo-
rithm for noise reduction in obese patients for dual-source
dual-energy (DE) CT abdominal imaging. We hypothesized
that multi-channel denoising methods (RSKR, multi-energy
(ME)-NLM) could reduce image noise and improve both
objective image quality metrics like contrast-to-noise ratio
(CNR) and subjective metrics like reader satisfaction.

Materials and methods

This retrospective study was Health Insurance Portabil-
ity and Accountability Act compliant and approved, with
informed consent waived by the institutional review board.

Study population

All patients with a BMI of 35 kg/m? or higher, found dur-
ing a query of the Duke Clinical Imaging Physics Group
(CIPG) Database, with examinations that included a dual-
energy acquisition of the abdomen on a dual-source scanner
(SOMATOM Flash or Force, Siemens Healthineers) between
January 1st, 2019, and December 31st, 2020, were consecu-
tively included in the study population (Fig. 1). Seventy-nine
patients with DECT imaging from seven different scanners
(54 women; age: 58 + 14 years; BMI: 39 +5 kg/m?, range: 35
to 62 kg/mz) were included (Table 1). The scan protocols and
patient radiation doses varied depending on the scanner type
and location within the hospital system (Table 2).

DECT acquisition parameters

Dual-source, dual-energy CT of the abdomen was acquired
on five SOMATOM Flash CT scanners with tube A set to
100 kVp and tube B at 140 kVp plus tin filtration and on two
SOMATOM Force CT scanners with tube A set to 100 kVp
and tube B 150 kVp plus tin filtration with a helical pitch
of 0.8. Automated exposure control was used: CARE Dose
with 190 quality reference mAs and CARE kV with 120
reference kV and 100-140 or 150 kV range depending on
scanner type. Tube A had a field of view of 50 cm and tube
B of 33 or 35 cm in the Flash and the Force scanners. All
patients received 150 mL of iodinated contrast (Isovue 300,
Bracco Diagnostics) at an injection rate of 4 mL/sec. Images
were the acquired using bolus tracking for portal-venous
phase imaging. Monitoring was performed in the descending
aorta and arterial phase images were triggered at 150 HU.
No further scan delay was added. Portal-venous phase was
acquired 80 s after the initial trigger.
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Fig. 1 The patient selection pro-
cess for inclusion in our study

316,020 CT Scans
in CIPG Database

86 Scans meeting
criteria

79 Scans included
in analysis

DECT reconstruction settings

Images were reconstructed at 1.5 mm or 0.6 mm, initially,
and displayed for readers using a 1.5-mm slice and 1-mm
overlap, the same as in our clinical workflow. Additional
reconstruction parameters were as follows: Br40 kernel;
ADMIRE/SAFIRE 2; 512 x 512 matrix size with associated
in-plane pixel size of 0.67-0.98 mm; collimation of 19.2
or 38.4 mm at isocenter. The spectral post-processing for
denoising was performed with the RSKR algorithm (test)
as well as with a comparison algorithm from the literature
(ME-NLM) [9] using data from tube A and tube B jointly.
All images were displayed for readers as blended images
with a 50/50 ratio from tube A and tube B.

The hyperparameters for denoising were chosen for
RSKR via a preliminary reader preference evaluation, which
was based on two radiologists trained at two different insti-
tutions in the US and Europe (filtering strength, hy=1.2;
kernel size: 13° voxels; filter scaling, y=0.35; Fig. 2). This
additional step was taken to ensure that changes in NPS do
not affect perceived image texture [10]. For the ME-NLM,
hyperparameters were taken from the reference paper (search
window, Wo=1 13 voxels; patch size, Wp =33 voxels; filter-
ing strength, h=1.2). The same noise map, derived from the

Table 1 Demographic description of patient cohort

Demographic parameter Mean+SD
Age (years) 58+14
Height (cm) 165+12
Weight (kg) 108 +21
BMI (kg/m?) 39+5
Women (number) 54

Men (number) 25

Use only DECT Scans of Patients with BMI >
35 kg/m?

5 Scans: DE data unavailable
2 Scans: DE FOV did not include pathology

local median absolute deviation (MAD) of image gradients,
was used for both denoising algorithms.

Quantitative image quality analysis

Quantitative metrics were computed and compared
between the original, comparison, and test algorithms.
Contrast-to-noise ratio (CNR) was calculated for paraspi-
nal skeletal muscle and ventral subcutaneous fat at the
same level, chosen because it was present in all images,
via the formula: CNR =lattenuation,, ;. — attenuationg, |/
sqrt(SD, scte- + SDy, %) Measurements were made by DPC,
with measurements defined in fat and muscle using intensity
cut-off values of —200 to—50 HU for fat and — 20 to 120
for soft tissue, including all voxels in the specified intensity
ranges. The included voxels were applied in identical fashion
to all three algorithms.

Modulation transfer function (MTF) measurements to
assess spatial resolution were taken at the skin-air boundary,

Table 2 The distribution of scanners within the hospital, the protocol
distribution on each scanner type, and the radiation dose by scanner
type. *p <0.05

Somatom Flash Somatom Force

Number of scanners 5 2

Located in emergency department 1 0

Located in Cancer Center 2 1

Located in non-specialized settings 2 1
Abdomen-pelvis protocols 28 0

GI protocols 2 1

GU protocols 6 8

Vascular protocols 15 19

Mean CTDI,,, (mGy) 152473 18.9+6.7*
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(1) Singular Value
Decomposition

Input Data: kVp 1, kVp 2

(4) Inverse

Singular Value
Decomposition

Fig.2 Rank-sparse kernel regression (RSKR) is a denoising algo-
rithm designed for multi-energy CT data. (1) Example weighted
singular value decomposition of dual-energy data which yields a
high-fidelity average image and a lower fidelity difference image.
(2-3) Denoising is performed by applying joint bilateral filtration, an

not accounting for changes in in-plane-pixel size. The MTF
curve provides a measure of how well the system transfers
the contrast ratio of the original object (y-axis) across spatial
frequencies (x-axis).

2D noise power spectrum (NPS) measurements were
taken to comprehensively assess noise properties. Meas-
urements were made in 32 voxel homogenous regions of
interest in subcutaneous fat to assess for objective noise lev-
els. The NPS curve shows the variance in image intensity
over spatial frequencies in an image. MTF and NPS meas-
urements were averaged over a subset of 18 patients with
matching reconstruction parameters (Flash scanner, 1.5 mm
slice thickness with 0.98 mm in-plane-voxel size) using the
same measurement regions between algorithms.
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Singular Vectors

Joint
Bilateral
Filtration

© Weight =

edge preserving smoothing operation which matches edges between
the average and difference images. Step 2 is alternated with fidelity
updates (3), to prevent loss of image details, and further iterated as
needed. (4) Denoised results following inversion of the singular value
decomposition

Qualitative image quality analysis
Reference standard

To enable randomized and blinded reading, one representa-
tive slice from each examination was chosen based on the
main diagnosis in the impression of the clinical radiology
report. Where exact slice positions were dictated, these were
used for slice selection. In cases without a dictated slice
position, one radiology fellow (F.R.S., 9 years of experi-
ence) selected the slice that showed the main diagnosis best,
based on the standard clinical image reconstruction. In cases
without pathology, a slice was chosen at the porta hepa-
tis. Each slice was reconstructed with the regular clinical
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reconstruction parameters, and denoised with the compari-
son algorithm and the test algorithm. The slice window level
was adjusted to produce the most similar visual impression
between slices (most used: 300/50 and 650/225) and readers
were not able to adjust these during their assessment.

Readers

Slices were presented to four readers not involved in image
selection (5, 7, 8, and 9 years of experience) in randomized
order in three separate sets that each included all denoising
conditions. Each patient was represented once per set and
readers completed one set at a time, coming back to the
same set whenever needed. They were not allowed to change
scores on a previous image set, once it had been completed.

Readers were provided with a reference document for
scoring. They were asked to provide scores from 0 to 100
(higher score =better evaluation) for image noise, general
image quality, and their comfort in making a diagnosis based
on the image provided.

In addition, readers were asked to make a diagnosis
based on a table with 80 possible diagnoses (Table 3,
adapted from Jaffe et al [11]), which included all diagno-
ses from the imaging reports. More than one diagnosis was
counted as correct, if they were mentioned in the report
and visible on the image. Diagnoses made by readers were

counted as correct, if at least one of the diagnoses they
entered was correct and they were forced to make a diag-
nosis before they could complete the reads. Overall, there
were 948 reads (79 patient cases * 3 denoising conditions
* 4 readers).

Statistical analysis

Descriptive statistics were used to characterize the patient
population. Image scores were compared using paired
two-tailed 7-tests. Reader accuracy was compared using
one-way ANOVA with Bonferroni correction. Reader
scores were compared per denoising algorithm and the
assumptions for linear models were confirmed. To avoid
biasing the results with clustering by readers or patients,
scores were compared between algorithms using mixed-
effects linear regression with denoising algorithm treated
as a fixed effect and patient and reader as random effects.
Post hoc testing was performed using the Tukey test. Inter-
reader agreement was determined using intraclass correla-
tion coefficients (ICC) and Spearman’s rank correlation
test. The accuracy of diagnosis was determined based on
the reference standard. The level of statistical significance
was assumed at alpha=0.05. Statistical analysis was per-
formed using RStudio Version 1.3.1056.

Table 3 The diagnoses that were options for the readers to choose from. 0 was considered as “no pathology”

S?/gf::’] Diagnosis A Diagnosis B Diagnosis C Diagnosis D Diagnosis E
Lung bases Atelectasis (1) Consolidation (2) Effusion (3) Nodule (4) Fibrosis (5)
Cardiac Cardiomegaly (6) Effusion (7) Coronary Calcium (8) Pacemaker (9) Enlarged (10)
Liver Mass (11) Fat (12) Enlarged (13) Cirrhosis (14) Ascites (15)
Gallbladder Absent (16) Stone/Sludge (17) Wall thickening (18) Fluid (19) Mass (20)
Biliary tree Duct dilatation (21) Stone (22) Mass (23) Pneumobilia (24) /
Pancreas Mass (25) Stranding (26) Duct dilatation (27) Calcification (28) Fluid (29)
Spleen Mass (30) Enlarged (31) Calcification (32) Infarct (33) Splenule (34)
Adrenals Mass (35) Calcification (36) Hyperplasia (37) / /
Stomach Mass (46) Wall thickening (47) Ulcer (48) Distension (49) /
Small Bowel Mass (50) Wall thickening (51) lleus (52) Dilatation (53) Obstruction (54)
Colon Mass (55) Wall thickening (56) Diverticulosis (57) Diverticulitis (58) Appendicitis (59)
Lymph nodes Increase size (60) Increase number (61) Calcification (62) / /
Arteries Aneurysm (63) Thrombosis (64) Calcification (65) Variants (66) Stent (67)
Veins Varices (68) Thrombosis (69) Calcification (70) Variants (71) Stent (72)
Bones Mass (73) Infection (74) Fracture (75) / /
Others Surgical changes (76) Ovarian mass (77) Fat stranding (78) Atrophy (79) Hernia (80)
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Fig.3 Dual-energy post-pro-
cessing into iodine and virtual
non-contrast (VNC) images for
a 55-year-old female patient
with a pancreatic tail lesion.
Insets highlight improved iodine
map image quality following
denoising with the test algo-
rithm and the location of the
lesion (white arrows)
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Results
Quantitative image quality analysis

Average CNR values were 5.0+ 1.9 (original), 31.1 +10.3
(comparison; p <0.001), and 8.9 +2.9 (test; p<0.001).
These quantitative measures are correlated with reader per-
ceptions of noise detailed in the next section. The denoising
algorithms did not aversely affect spatial resolution meas-
urements at the skin-air boundary (MTF at 50%: ~3.0 cm™!;
MTF at 10%: ~5.2 cm™! for all algorithms). Both denois-
ing algorithms significantly reduced noise power relative to
the original reconstructions at high spatial frequencies and
performed well at the creation of iodine maps and virtual
non-contrast images (an example is shown in Fig. 3). The
ME-NLM algorithm removed more noise at mid spatial fre-
quencies than RSKR (Supplemental Fig. 1).

Qualitative image quality analysis

The perceived image noise received a mean score of
54 +21 (original), 84 + 10 (comparison), and 66 + 17 (test).
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Comparison

The difference in perceived image noise was significant
between algorithms with the comparison algorithm receiv-
ing an average of 29.6 higher scores than the original images
(p=0.045) and the test algorithm receiving an average of
11.8 higher scores than the original images (p =0.014;
Table 4). There was no statistically significant difference
between the scores for the comparison algorithm and the test
algorithm (p=0.102). Readers were overall in good agree-
ment over perceived image noise (ICC: 0.83). This finding

Table 4 Mean scores for perceived image noise, image quality, and
reader confidence in making a diagnosis with 95% confidence inter-
vals; bold * statistically significant improvement over standard recon-
struction

Original Comparison Test
Image noise 54.0 83.6* 65.8%
[21.0-87.0] [68.4-98.7] [34.9-96.7]
Image quality 59.4 61.1 64.5
[33.7-85.1] [23.9-98.3] [34.8-94.3]
Diagnostic comfort 63.4 67.5 67.8
[38.5-88.4] [34.5-100.5] [37.0-98.6]
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correlates with the quantitative measures of reduced image
noise for both of the denoising algorithms, the perception of
the readers agreeing with the NPS measurements.

The perceived image quality received a mean score of
59 + 16 (original), 61 + 24 (comparison), and 65 + 19 (test).
The difference in perceived overall image quality was not
statistically significant for the comparison algorithm (aver-
age of 1.7 higher, p=0.935) or the test algorithm (average of
5.1 higher, p=0.293). There was no statistically significant
difference between the scores for the comparison algorithm
and the test algorithm (p =0.480). Readers were in moderate
agreement over image quality (ICC: 0.72).

The diagnostic comfort received a mean score of
64 + 16 (original), 68 +21 (comparison), and 68 + 20
(test). The difference in diagnostic comfort was not statis-
tically significant for the comparison algorithm (average of
4.1 higher, p=0.489) or the test algorithm (average of 4.3
higher, p=0.351). There was no statistically significant
difference in diagnostic comfort between the scores for the
comparison algorithm and the test algorithm (p =0.986).
Readers were in moderate agreement over diagnostic com-
fort (ICC: 0.66).

Diagnostic accuracy, where readers gave at least one of
the diagnoses mentioned in the report, was relatively low

Standard

Fig.4 Two challenging cases. Case 1 (top row), in which only two of
the readers made the diagnosis of left adrenal lesion in a 43 year-old
female patient with a BMI of 41.3 kg/m? on the original reconstruc-
tion with standard parameters. Case 2 (bottom row), in which only

Comparison algorithm

across algorithms (accuracy: 66, 63, and 67% for original,
comparison, and test; Fig. 4). These differences were not
statistically significant when comparing accuracy between
original and comparison algorithm (p =0.527), original
and test algorithm (p =0.741), or the two different denois-
ing algorithms (p =0.202).

There were differences between individual readers
in preference for algorithm and the diagnostic accuracy
depending on algorithm and reader (Fig. 5, Supplemental
Figs. 2 and 3). Two readers gave the highest diagnostic
comfort score to the RSKR, but one showed better diag-
nostic accuracy on the original images, while one other
reader gave the highest diagnostic comfort score to the
original images but had the highest diagnostic accuracy
with our test algorithm (Table 5, Fig. 6).

Discussion

Our study showed that diagnostic accuracy was overall low
for obese patients and only slightly higher when using our
denoising algorithm. The average scores for image noise,
image quality, and diagnostic comfort were higher than for
the original iterative reconstructions without denoising,

Test algorithm

two of the readers made the diagnosis of thickened gall bladder wall
in a 37-year-old female patient with a BMI of 36.2 kg/m? on the orig-
inal reconstruction with standard parameters

@ Springer
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Fig.5 The differences in image Noise perception

noise perception by reader

and denoising algorithm. The
scores for original images are
shown in pale blue (left), for the
comparison algorithm in light

blue (middle), and for the test .
algorithm in dark blue (right) N 501
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and the highest image quality scores were given to the
RSKR algorithm. This is similar to results reported for
commercially available denoising algorithms applied to
single-energy, low-dose CT, where image quality was rated
as poor with FBP but moderate when using the denoising
algorithm [12].

The comparison algorithm used received the best noise
scores, but lower average subjective image quality scores
than the test algorithm (61 vs. 65). This may have been due
to the fact that the algorithm smoothes out the image texture
to a point where radiologists are uncomfortable with the
“plastic” appearance of abdominal structures, which has
been described for high iterative-reconstruction strengths
[13, 14] and may in part be due to changes in NPS [10].

There was some disagreement between which of the
denoised results the radiologists preferred and how accu-
rate they were in making their diagnoses. Two readers
preferred the RSKR but one was less accurate in their
diagnoses with RSKR than with the original reconstruc-
tion. One other reader preferred the ME-NLM results but
was the most accurate with RSKR. While this is an unex-
pected effect and we did not record time spent interpret-
ing each image, it might be due to readers spending more
time scrutinizing the images they preferred less and thus
reaching the correct diagnosis more often. The effect of
time spent looking at images and diagnostic accuracy has
been shown for mammography data [15], but should be
explored further in future studies.

In addition, though there was a general preference for
denoised images of any kind, both readers with the highest
comfort scores assigned to RSKR were trained at our insti-
tution, while the readers who preferred ME-NLM received
their initial training at a different institution. There might
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Denoising algorithm

be an effect of diagnostic comfort being dictated by an
image that is closer to what the training institution was
using (e.g., iterative reconstruction vs. filtered back pro-
jection as default), since protocols vary widely between
institutions nationally and internationally [16, 17].
Recently, radiology reader fatigue has come to be a
topic of some research interest and it might be reasonable
to assume that looking at images of higher quality could

Table 5 The individual scores given by readers for image noise, qual-
ity, and diagnostic comfort. Highlighted are the best scores per cat-
egory for each reader

Reader 1 Reader 2 Reader 3 Reader 4
Image noise 35.6+13.2 73.0+122 71.1+10.1 36.2+18.2
Original
Image noise 775+17.7 97.3+59 834+8.1 76.1+13.9
Comparison
Image noise 499+16.3 87.5+124 77.4+93 485+19.5
Test
Image quality 40.5+14.4 769+13.1 685+9.9 51.7+204
Original
Image quality 39.2+15.8 92.8+10.0 64.0+7.7 48.5+19.7
Comparison
Image quality 47.5+18.6 89.0+11.2 69.8+9.3 52.0+21.2
Test
Diagnostic 493+257 79.6+20.9 75.1+162 49.7+29.8
comfort
Original
Diagnostic 52.0+£25.5 92.7+12.0 77.1+14.7 48.3+31.5
comfort
Comparison
Diagnostic 56.2+26.7 89.1+14.5 79.0+15.2 47.0+33.6
comfort
Test
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Diagnostic Accuracy by Reader and Algorithm
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Fig.6 The inter-reader differences in diagnostic accuracy based on
whether and which form of denoising was applied to the images.
Readers 1 and 3 preferred the images generated by the test algorithm

lead to less reader fatigue over the course of a work day
even if it does not improve accuracy on a per-scan basis,
which should be evaluated in future studies [18].
Though overall diagnostic accuracy was not statistically
significantly improved, using denoising algorithms might be
a way of reducing radiation dose in obese patients, which
should be explored in prospectively designed future studies.
Since this denoising technique was added to the standard
iterative reconstruction already used in clinical practice, it
would also be important to integrate these techniques into
the background workflows performed at the scanner or in
PACS so using them will not lead to increased workloads
for technologists or radiologists. This would also increase
the availability of the denoising techniques to obese patients
in all of the USA and potentially worldwide, instead of it
being used only at highly specialized academic centers.

Limitations

In addition to the retrospective nature, several limitations
of our study deserve attention. First our study was limited
by the fact that it was a single-center study with a relatively
small sample size and with variance in the scanner types and
acquisition protocols due to the challenges of acquiring CT
data from obese patients. Second, additional improvement
in diagnostic quality might be achieved by providing readers
with the full dataset and clinical history, which should be

m Comparison (ME-NLM)

Reader 3 Reader 4

m Test (RSKR)

but only reader 1 also had highest accuracy using these images, while
readers 2 and 4 preferred the overall image quality from the compari-
son algorithm but had highest accuracy with the test algorithm

explored in follow-up investigations, since the task of mak-
ing a diagnosis based on a single CT slice is particularly dif-
ficult and may have contributed to the overall low diagnostic
accuracy in our study. Third, the retrospective nature of data
acquisition does not provide the opportunity to draw direct
conclusions about clinical management; this should be fur-
ther investigated in a prospective study designed to test clini-
cal performance of denoising algorithms in obese patients.
The reader study was limited to a comparison between the
standard iterative reconstructions (ADMIRE/SAFIRE 2)
and a non-local-means based algorithm (ME-NLM). In the
future, it might be feasible to broaden the comparisons to
deep learning algorithms and potentially evaluate denoising
for virtual monoenergetic imaging.

For future directions, since our algorithm works in the
image domain and is not specific to an acquisition method,
we believe it would be applicable for the emerging technol-
ogy of photon-counting CT data, which may also profit from
denoising algorithms. In a recent study, the RSKR denois-
ing algorithm was applied during iterative reconstruction to
compare preclinical micro-CT data using energy-integrating
detectors and a photon-counting detector with four energy
thresholds to image iodine and gadolinium based contrast
agents in sarcoma tumors induced on the flanks of mice [19].
The combination of inherently higher contrast resolution in
photon-counting CT and denoising algorithms could further
improve imaging of obese patients.
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In conclusion, the new algorithm produces quantitatively
higher image quality data than current standard and existing
denoising algorithms in obese patients imaged with DECT.
Readers show a preference for it and their average diagnostic
accuracy has a tendency for improvement.

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1007/s00330-023-09644-7.
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