
u n i ve r s i t y  o f  co pe n h ag e n  

Low-dose PET image noise reduction using deep learning

Application to cardiac viability FDG imaging in patients with ischemic heart disease

Ladefoged, Claes Nøhr; Hasbak, Philip; Hornnes, Charlotte; Højgaard, Liselotte; Andersen,
Flemming Littrup

Published in:
Physics in Medicine and Biology

DOI:
10.1088/1361-6560/abe225

Publication date:
2021

Document version
Publisher's PDF, also known as Version of record

Document license:
CC BY

Citation for published version (APA):
Ladefoged, C. N., Hasbak, P., Hornnes, C., Højgaard, L., & Andersen, F. L. (2021). Low-dose PET image noise
reduction using deep learning: Application to cardiac viability FDG imaging in patients with ischemic heart
disease. Physics in Medicine and Biology, 66(5), [054003]. https://doi.org/10.1088/1361-6560/abe225

Download date: 23. maj. 2023

https://doi.org/10.1088/1361-6560/abe225
https://curis.ku.dk/portal/da/persons/liselotte-hoejgaard(fc298245-aff6-430a-bb2e-5ea4eb85604c).html
https://curis.ku.dk/portal/da/persons/flemming-littrup-andersen(abbdc93c-3b5b-4a18-a96f-3be1e9e7da09).html
https://curis.ku.dk/portal/da/publications/lowdose-pet-image-noise-reduction-using-deep-learning(3d3263b1-b445-4a43-9d10-bb60d27cb33f).html
https://curis.ku.dk/portal/da/publications/lowdose-pet-image-noise-reduction-using-deep-learning(3d3263b1-b445-4a43-9d10-bb60d27cb33f).html
https://curis.ku.dk/portal/da/publications/lowdose-pet-image-noise-reduction-using-deep-learning(3d3263b1-b445-4a43-9d10-bb60d27cb33f).html
https://doi.org/10.1088/1361-6560/abe225


Physics in Medicine & Biology
     

PAPER • OPEN ACCESS

Low-dose PET image noise reduction using deep
learning: application to cardiac viability FDG
imaging in patients with ischemic heart disease
To cite this article: Claes Nøhr Ladefoged et al 2021 Phys. Med. Biol. 66 054003

 

View the article online for updates and enhancements.

You may also like
Predicting standard-dose PET image from
low-dose PET and multimodal MR images
using mapping-based sparse
representation
Yan Wang, Pei Zhang, Le An et al.

-

An investigation of quantitative accuracy
for deep learning based denoising in
oncological PET
Wenzhuo Lu, John A Onofrey, Yihuan Lu
et al.

-

Improved discrimination between benign
and malignant LDCT screening-detected
lung nodules with dynamic over static 18F-
FDG PET as a function of injected dose
Qing Ye, Jing Wu, Yihuan Lu et al.

-

This content was downloaded from IP address 130.226.230.200 on 13/04/2022 at 16:08

https://doi.org/10.1088/1361-6560/abe225
https://iopscience.iop.org/article/10.1088/0031-9155/61/2/791
https://iopscience.iop.org/article/10.1088/0031-9155/61/2/791
https://iopscience.iop.org/article/10.1088/0031-9155/61/2/791
https://iopscience.iop.org/article/10.1088/0031-9155/61/2/791
https://iopscience.iop.org/article/10.1088/1361-6560/ab3242
https://iopscience.iop.org/article/10.1088/1361-6560/ab3242
https://iopscience.iop.org/article/10.1088/1361-6560/ab3242
https://iopscience.iop.org/article/10.1088/1361-6560/aad97f
https://iopscience.iop.org/article/10.1088/1361-6560/aad97f
https://iopscience.iop.org/article/10.1088/1361-6560/aad97f
https://iopscience.iop.org/article/10.1088/1361-6560/aad97f
https://iopscience.iop.org/article/10.1088/1361-6560/aad97f
https://iopscience.iop.org/article/10.1088/1361-6560/aad97f
https://googleads.g.doubleclick.net/pcs/click?xai=AKAOjsvyeWz1Lcwx_wR5ZcRLl2tjz6IqV53EL9qV13NCj6A-GjPCngP_kL7HDsCGbYW51aMf9EYpHFb6VlxQxsocZyjJOfxcc2Nicut1UrbFapSPiSssB5V9raBEyRhGNze1wz4gPYyxQWqWWqRny2LIEfuB5aXvQa2DdUmYKnGVobBZ4BQ68tYKJaqkTBfHjfoA_M_yjda8xtTI9wuloiT5xh1PNcKsMUttb8rNC-bWV5-oouZ_aAA4sqhS1rPg2w9CkkS-qomMQn08gqHr9wtvO1yjuic59j0aRqY&sig=Cg0ArKJSzAkE5MeqOsaC&fbs_aeid=[gw_fbsaeid]&adurl=https://iopscience.iop.org/bookListInfo/physics-engineering-medicine-biology-series%23series


Phys.Med. Biol. 66 (2021) 054003 https://doi.org/10.1088/1361-6560/abe225

PAPER

Low-dose PET image noise reduction using deep learning:
application to cardiac viability FDG imaging in patients with ischemic
heart disease

ClaesNøhr Ladefoged , PhilipHasbak, CharlotteHornnes, LiselotteHøjgaard and
Flemming LittrupAndersen
Department of Clinical Physiology,NuclearMedicine &PET, Rigshospitalet, University of Copenhagen,Denmark

E-mail: claes.noehr.ladefoged@regionh.dk

Keywords: deep learning, cardiac viability, low-dose, convolutional neural network, PET/CT

Supplementarymaterial for this article is available online

Abstract
Introduction. Cardiac [18F]FDG-PET iswidely used for viability testing in patients with chronic
ischemic heart disease. Guidelines recommend injection of 200–350MBq [18F]FDG, however, a
reduction of radiation exposure has become increasingly important, butmight come at the cost of
reduced diagnostic accuracy due to the increased noise in the images.We aimed to explore the use of a
commondeep learning (DL)network for noise reduction in low-dose PET images, and to validate its
accuracy using the clinical quantitativemetrics used to determine cardiac viability in patients with
ischemic heart disease.Methods.We included 168 patients imagedwith cardiac [18F]FDG-PET/CT.
We simulated a reduced dose by keeping counts at thresholds 1% and 10%. 3DU-net withfive blocks
was trained to de-noise full PET volumes (128×128×111). The low-dose and de-noised images
were compared inCorridor4DM to the full-dose PET images.We used the default segmentation of the
left ventricle to extract the quantitativemetrics end-diastolic volume (EDV), end-systolic volume
(ESV), and left ventricular ejection fraction (LVEF) from the gated images, and FDGdefect extent
from the static images.Results. Our de-noisingmodels were able to recover the PET signal for both the
static and gated images in either dose-reduction. For the 1% low-dose images, the error ismost
pronounced for EDV and ESV,where the average underestimation is 25%.No bias was observed using
the proposedDL de-noisingmethod.De-noisingminimized the outliers found for the 1% and 10%
low-dosemeasurements of LVEF and extent. Accuracy of differential diagnosis based on LVEF
thresholdwas highly improved after de-noising.Conclusion.A significant dose reduction can be
achieved for cardiac [18F]FDG images used for viability testing in patients with ischemic heart disease
without significant loss of diagnostic accuracywhen using ourDLmodel for noise reduction. Both 1%
and 10%dose reductions are possible with clinically quantitativemetrics comparable to that obtained
with a full dose.

1. Introduction

Cardiac [18F]FDG-PET viability testing patients with ischemic heart disease frequently plays an important role
in clinical decision-making (Canty et al 2004, Bello et al 2005, Garcia et al 2020). PET imaging for viability
involves a combination of restmyocardial perfusion imaging (e.g. rubidium-82 (82Rb)) andmetabolic imaging
with [18F]FDG (Dilsizian et al 2016). In areas that lack resting perfusion, preserved glucosemetabolism,
identified via uptake of [18F]FDG, is amarker ofmyocardial viability. In contrast, the absence of glucose
metabolism indicates nonviablemyocardium.

Guidelines recommend injection of 200–350MBq [18F]FDG (Hesse et al 2005), but reduction of radiation
exposure has become increasingly important, with the goal to achieve exposures as low as reasonably achievable.
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Decreasing the injected tracer dose can lower radiation exposure (Gatidis et al 2016), imaging costs (Xu et al
2017, Kaplan andZhu 2019), and potentially lead to new applications for [18F]FDG-PET (Schwyzer et al 2018).
Unfortunately, a lower dosemight reduce the diagnostic accuracy due to the increased noise and loss of
structures in the images. This is an inherent problem for all imagingwhere dose exposure is involved, which has
resulted in several algorithms proposed recently to solve the problem in both PET andCT, seeWang et al for an
extensive overview (Wang et al 2020). The compelling results are driven by recent developments in artificial
intelligence, specifically in deep learning (DL) convolutional neural networks (CNNs), and the fact that perfectly
paired low- and high-dose data are easily obtainable by removing counts fromhigh-dose PET list-mode data.

The proposed PETde-noising CNN-basedmethodsmainly target brain applications, and are able to de-
noise PET images with up to a 200-fold reduction (Ronneberger et al 2015). Themethods aremainly developed
forwidely used tracers such as [18F]FDG (Xiang et al 2017, Xu et al 2017, Kaplan andZhu 2019, Lu et al 2019)
and the amyloid tracer [18F]-florbetaben (Chen et al 2019,Ouyang et al 2019). Common formostmethods is a
lownumber of patients used during training (5–40), and a lack of focus on clinically relevantmetrics in the
evaluation (Wang et al 2020).While image qualitymetrics are also important, the ultimatemeasure should be
based on clinical accuracy, which is only possible to evaluate properly using a large cohort of patients.

The aimof this studywas to explore the use ofDL for noise reduction in low-dose PET images, and to
validate the diagnostic accuracy using cardiac viability FDG imaging in patients with ischemic heart disease. This
cohort allows for an unbiased evaluation using validated clinicalmetrics obtained through routinely used
software.

2.Materials andmethods

2.1. Patients
We retrospectively included patients referred for cardiac viability testing using [18F]FDG-PET/CT from June
2016 toAugust 2018. A total of 168 patients were included and used duringmethod development. The datawere
extracted from the clinical systems and fully anonymized, and thereby fulfill theGDPR requirements.

2.2. Imaging protocols
After careful individual preparation (including loading patient with glucose after a fasting period of at least 6 h
and/or insulin administration) 300MBqof [18F]FDG (range: 282–404MBq)was given intravenously and at
60 min post injection (range: 48–105 min) the patient was scanned over the thorax regionwith the use of a
Siemens BiographmCT/PET 128-slice scanner (SiemensHealthineers, Erlangen, Germany). A low-doseCT
scan used for attenuation correction preceded the 10 min PET scan. Following the standard protocol used at our
institution, the PET scanwas reconstructed by time-of-flight point spread function (PSF-TOF) 3DOP-OSEM (4
iterations, 21 subsets, 6.5 mmGaussian postfiltering) on 128×128×111matrices without zoom
(6.4×6.4×2mm3 voxel size).We reconstructed both static and gated images, where gatingwas performed in
eight ECG-gates.

2.3. Image pre-processing
For the purpose of this study, we simulated a reduced dose by keeping counts at thresholds 1%and 10%,
corresponding to 3MBq and 30MBq, respectively, on average, using LMChopper (e7-tools, Siemens
Healthineers, Knoxville, TN,USA). From the reduced-dose PET-rawdata, we reconstructed static and gated
PET images.

All PET images were standardized uptake value (SUV)normalized and subsequently scaledwith a global
intensity to values between 0 and 1. The 98th percentile ofmaximumSUV found across patients in the training
dataset was used to extract a scale factor of 15. CT images were resampled to PET resolution and intensity
normalized by scalingwith a constant factor, (CT−HUAIR)/(HUBONE−HUAIR), scaling air-to-bone values
between 0 and 1.We used the values−1024 and 300 forHUAIR andHUBONE, respectively.

2.4.DeepCNN
Weused a 3DU-net with encoding, bottleneck, and decoding parts. Each encoding blockwasmade up of two
repetitions of convolution (3×3×3), batch normalization, rectified linear unit (ReLU) activation, and
dropout, followed by a strided convolution, batch normalization, andReLU activation to down-sample
resolution between blocks. The decoding blocksmirrored the encoding blocks, except the transposed
convolution (3×3×3) layer replaced the strided convolution layer and concatenation between encoding and
decoding blocks was added. Thefirst encoding block used 64 kernels, whichwas doubled in every block to 1024
kernels in the bottleneck block, and halved every decoding block. The dropout fraction increased from10% to
30% in the encoding part and vice versa in the decoding part.We used L2 for kernel regularization on the
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convolution layers. Full spatial and structural informationwas obtained by using the entire low-dose PET and
CT volume as input to themodel. The full-dose PET volumewas used as target. The volumeswere zero padded
at the z-axis tomake them suitable for our network (each 128×128×112). A schematic illustration of the
model architecture is shown infigure 1.

We used six-fold cross-validation, where at each foldwe further split the training cohort 80/20 for training
and internal validation used for early stopping and tuning of hyper parameters. This resulted in 112 patients
used for training, 28 for validation, and 28 for test in each of the six folds. For each cross-validation, we trained in
total fourmodels: using static and gated data for each dose reduction threshold (1%and 10%).We randomly
selected patients for each batch, and for the gatedmodels, we further randomly selected a single gate (1–8); thus,
the size of the inputwas the same for static and dynamicmodels. During training, 3D data augmentationwas
performed at random and included cropping/dimension-independent scaling/translation/rotation/axis
flipping/in-plane shearing. The network, consisting of 141M trainable parameters, was trainedwith an initial
learning rate of 0.0001 and a batch size of 8 over amaximumof 300 or 500 epochs, for the static and gated
models, respectively.We usedHuber loss, with delta=1, andADAMas optimizationmethod (Kingma and
Ba 2015). Optimal network parameters were found for the choice of learning rate (10−3, 10−4, and 10−5), loss
function (Huber versusmean-absolute-error), and network depth (four versus five down-sampling operations)
by qualitative comparison of the validation cohort in the first cross validation fold. All computationswere
performed on an IBMPOWER9 server with fourNVIDIATESLAV100 32GBGPUs used individually.

Figure 2.Overview of evaluation strategy. K-fold cross-validationwas used to train k=6models, thus all patients were initially
included in the evaluation cohort. Evaluation excluded patients with sarcoidosis and left ventricle (LV) segmentation errors.

Figure 1. Schematic illustration of themodel architecture. Themodel accepts two-channel input consisting of full volume low-dose
PET andCT images (128×128×112×2) and outputs the de-noised PET image. The number inside each block represents the
number offilters/kernels (F) applied in the convolution (Conv) layers and the percentage shown below each block represents the
dropout fraction used.
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2.5. Evaluationmetrics
The low-dose and de-noised imageswere compared inCorridor4DM (INVIAMedical Imaging Solutions, Ann
Arbor,MI, USA) to the full-dose PET images. The clinical software automatically segments the left ventricle in
each PET image separately. For evaluation, we excluded patients diagnosedwith sarcoidosis since this subgroup
of patients does not have FDG-uptake in the left ventricle. Furthermore, only patients with congruent automatic
segmentation of left ventricle across all imageswere included, based on a subjective evaluation. An overview of
the evaluation setup is illustrated infigure 2.

2.5.1. Clinical readings
Weused the default segmentation of the ventricles to extract the quantitativemetrics: end-diastolic volume
(EDV), end-systolic volume (ESV), and left ventricular ejection fraction (LVEF) from the gated images, as well as
FDGdefect extent from the static images. EDV and ESV values were reported inmilliliters (ml), and LVEFwas
reported as percentages (%). Extent expresses the deviation from inter-subject normal perfusion averaged
across a vascular territory on a 5-point scale (0=normal; 1=mildly abnormal; 2=moderately abnormal;
3=severely abnormal; 4=absent). Extent was noted both for the 17 sub-regions, as well as globally across the
entire left ventricle by summing each sub-region. Themeasurements extracted from the full-dose images were
considered ground truth reference.

For each clinicalmetric EDV and ESVwe calculated themean difference, 95% confidence intervals (CI), and
limits of agreement on the log-transformed data, as the data was found to have a log-normal distribution.
Exponentiationwas applied to these results to express the differences as ratios on the original scale and report
them as percentage differences:

Figure 3. Static (top two rows) and gated (bottom two rows) [18F]FDG-PET images from a representative patient showing the effect
of applying de-noising (AI1% andAI10%) to the low-dose images (1%and 10%). Low-dose CT (LDCT) shown for reference in
mediastinumCTwindow. Extent (Ext), LVEF, EDV, and ESV for the single subject are given for each dose-reduced image and the full-
dose reference.
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= -eCI 100 1 , 1d
n

1.96SDd

· ( ) ( )

= -eLimits of agreement 100 1 , 2d 1.96SDd· ( ) ( )

where d is themean difference, and SDd is the standard deviation (std) of the difference on log scale.
We compared the LVEF of each dose-reduced image directly to the reference, and compared the diagnosis

based on the two categories: LV systolic dysfunction (LVEF<50%) and normal (LVEF>50%) (McMurray
et al 2012).

Figure 4.Correlation analysis of EDV, ESV, and LVEF estimated by full-dose and dose-reduced (1% left column, 10% right column)
gated [18F]FDG-PET (n=105). Blue and orange indicates without andwith de-noising, respectively.
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Apaired t-test was performed to test the differences between the extentmeasurements on regional and
global level between the reduced-dose and full-dose images.

2.5.2. Assessment of image quality
For voxel-based analysis, the image quality of the original low-dose PET images (1%and 10%) and de-noised
PET images were comparedwith the full-dose image using peak signal-to-noise ratio (PSNR) and normalized
rootmean squared error (NRMSE).We also noted the SUVmean, SUVmax and SUV std for areaswith SUV
greater than 1within the cropped region for each static PET image to compare absolute quantification. The
evaluationwas limited to a 3DVOI of size 64×64×111 cropped over the cardiac area tominimize the impact
of background noise.

3. Results

Out of the included 168 patients, we excluded 23 patients referred for cardiac sarcoid assessment and 40 patients
where the clinical software could not accurately segment left ventricle automatically across all images. An
example of an excluded patient due to inaccurate segmentation is shown in supplementary figure 1 (available
online at stacks.iop.org/PMB/66/054003/mmedia). A total of 105 patients remained (87male,mean age
65±11 years), andwere used for the quantitative evaluation. Static and gated PET images from a representative
patient are shown for full-dose, low-dose, and de-noised versions infigure 3.

3.1. Clinical readings
The correlation between the results of full-dose and 1%dose-reduced gated FDG-PETwas high for both EDV
and ESV across all images (R>0.93, p<0.000 01), but further increasedwith de-noising (R>0.98,
p<0.000 01, figure 4).Most significantly, the correlationmeasured for LVEF increased themost fromwithout
de-noising (R=0.73, p<0.000 01) towith de-noising (R=0.89, p<0.000 01). The slope of the regression
linewith de-noising was 0.96 for EDV, 0.98 for ESV, and 0.94 for LVEF, whereas an underestimationwas found
for the low-dose images without de-noising (slope: 0.69, 0.66, and 0.75, respectively). For the 10%dose-reduced
images, an excellent correlationwas observed across allmetrics with onlyminor improvements after de-noising

Figure 5.EDV andESVBland–Altman plots for evaluated subjects (n=105). Dotted lines are the 95% limits of agreement and solid
gray line is themean.
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Figure 6.Dose-reduction impact on LVEF and diagnostic accuracy across the evaluated subjects (n=105). The vertical line
represents the LVEF threshold of 50%. Each pair shows the dose-reduced and reference full-dosemeasurement for a single patient.
The colored pairs indicate that the points in the pair are placed in discordant categories, where red is the reference value.

Figure 7.Correlation of SUVmean,max and standard deviation (std) for each dose-reduced image and the reference full-dose image
for each evaluated subject (n=105). The top row shows the 1%dose-reduction, bottom row shows 10%dose-reduction. Low-dose
results aremarked in blue, and de-noised results in orange.

Table 1. Summary of relative%-difference to the reference full-dose [18F]FDG-PET for the dose-reduced images of each clinicalmetric ESV
and EDV across the evaluated subjects (n=105)a.

Mean%difference

Measured parameter

values Mean

95%CI

(lower)
95%CI

(upper) p

95% lower limits of

agreement

95%upper limits of

agreement

1%Low-dose

ESV −23.59 −26.13 −20.96 <0.0001b −45.71 7.54

EDV −24.44 −26.53 −22.31 <0.0001b −43.01 0.17

1%De-noised

ESV −0.70 −2.81 1.45 0.9385 −20.02 23.29

EDV −1 −2.47 0.5 0.8625 −14.92 15.20

10%Low-dose

ESV −3.99 −5.31 −2.65 0.5813 −16.51 10.41

EDV −3.21 −4.3 −2.1 0.5180 −13.74 8.61

10%De-noised

ESV 1.01 −0.17 2.21 0.8765 −10.31 13.76

EDV 1.4 0.57 2.24 0.7878 −6.68 10.19

a Exponentiationwas applied to results from analysis on log scale, and results were expressed as percentages.
b Indicates a statistical significant (p<0.05) found by aWilcoxon signed rank test. CI=95% confidence interval formean difference.
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(figure 4). A Bland–Altman plot revealed a systematic size-dependent bias in the ESV and EDVmeasurements
for the 1%dose-reduced images, which are reduced significantly when using the de-noised version, resulting in a
reduced variance of the error (figure 5 and table 1). For the 10%dose-reduction, the de-noised version similarly
has reduced variance and number of outliers in the ESV and EDVmeasurements compared to the low-dose
version. For both 1% and 10%dose-reduction aWilcoxon signed rank test found a significant difference to the
reference in both ESV and EDVusing the 1% low-dose images (p<0.0001, table 1). None of the de-noised
imageswere significantly different from the full-dose.

For the LVEF, the de-noised images reduced both variance and number of outliers compared to their
respective 1% and 10% low-dose images. The accuracy of a diagnosis based on the LVEF thresholdwas
improved after de-noising the dose-reduced images (figure 6). Thirteen patients had discordant diagnosis when
applying the 50% threshold, compared to the reference when using the 1% low-dose images, whichwas
improved to only two after de-noising. A similar improvement was observed for the 10%dose-reduction, where
five patients had discordant diagnosis before de-noising and none after de-noising. None of the dose-reduced
images had significantly different LVEFmeasurement from the full-dose LVEFmeasurements (p>0.05).

The FDGdefect extent scorewas, on average, onlymoderately affected by the dose-reduction (table 2). De-
noising the low-dose images limited the outliers. None of the dose-reduced images resulted in significant
changes to the extent score (p>0.05). Comparing the extent score on a regional level, only the 1% low-dose
extent scores were significantly different from full-dose scores (p=0.016).

3.2. Assessment of image quality
Quantitatively, the de-noised images showedmarked improvement in image quality compared to the low-dose
images. In a direct comparison of SUVmeasurements in the thorax region for the 1%dose-reduced images to
the full-dose static images, the de-noisingmodel resulted in near identical SUV values (R2 of SUVmean/SUV
max/SUV std: 0.97/0.98/1.0, figure 7). Comparatively, the low-dose images had a considerable bias (R2: 0.87/
0.47/0.97), most pronounced on the SUVmaxmetric (slope: 0.5). The SUV values in the 10% low-dose images
largely resembled those of the full-dose (R2: 0.98/0.98/1.0), but was further improved using the de-noising
model (R2: 1.0/0.99/1.0). The de-noised images had the highest PSNR and lowestNRMSE in both dose-

Table 2.Average error across the evaluated subjects (n=105) for the extent
score globally across the left ventricle compared to full-dose extent score.

Dose

reduction

Absolute

mean

Standard

deviation Range

1% low-dose 2.25 3.10 −7 to 17

1%de-noised 1.72 2.59 −15 to 4

10% low-dose 1.0 1.71 −5 to 10

10%de-noised 0.79 1.32 −4 to 5

Figure 8. Imagemetrics comparison of PSNR andNRMSE for both 1%and 10%dose-reduction for each evaluated subject (n=105).
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reductions (figure 8). The average performance of the de-noised 1% images superseded the low-dose 10%
images in bothmetrics.

4.Discussion

This study confirmed the usability ofDL for noise-reduction of low-dose [18F]FDG-PET images. Using only
1/100th of the original dose and a low-doseCT, the proposedmodels were able to recover the PET uptake.
Clinicalmetrics were retained, offeringmeasurements within likely clinical acceptable limits. Dose reduction is
important for patients and staff, general radiation protection, and health care economy. A prerequisite for
cardiac [18F]FDG-PET viability testing in patients with chronic ischemic heart disease is accurate glucose
metabolismmeasurements in the left ventricle. Lowering the injected dose increases noise; thus, necessitating
robust de-noisingmethods.

Themeasurement of FDGdefect size in the left ventricle, the extent score, was least effected by the dose
reduction.On average, even the 1% low-dose images could be used to extract extent scores similar to the scores
measured using the full-dose images (table 2). This is likely due to themetric coming from the static PET images,
where all true coincidence events are used in the summed average image. Conversely, themetrics ESV and EDV
underestimated the amount of blood in the LV, with average errors of−25% in the 1% low-dose images
(table 1). Thisfinding is likely due to themeasurements originating from the ECG-gated PET images where only
roughly 1/8th of the counts are present in each gate, resulting in a higher degree of noise.

Final diagnosis of patients is based onmultiple factors, including the clinically relevant estimates of EDV,
ESV, LVEF, and extent (Schaefer et al 2003). Low extent scores and high LVEF are usually observed in patients
with normalmyocardial perfusion, but no single threshold can be set. The European Society of Cardiology and
American Society of Echocardiography guidelines define normal LVEF as>50%and>55%, respectively (Lang
et al 2005,McMurray et al 2012), and several studiesfind the borderline area of 50%–55%prognostic of disease
(Tsao et al 2016, Yeboah et al 2016). Here, in order to validate the diagnostic accuracy of ourmethod, we adopted
a two category scoring system. This analysis revealed a congruent diagnosis when using our de-noisingmethod
in all 10%-dose patients, and all but two 1%-dose patients. This is equivalent to amisclassification rate of 2% for
the 1%dose-reduction, which is well below the reportedmisclassification rate of 7%–11%compared to a
cardiacMRI as (Ioannidis et al 2002, Schaefer et al 2003).

The results of this study suggest a significant dose reduction below the recommended guidelines is feasible
evenwithout any de-noising post-processing applied, but it was outside the scope of this study to investigate this
claim.Noise-reduction of ultra-low-dose PET images usingDL is suitable for patient groups such as ischemic
heart disease patients. Unlike e.g. detection of small lesions, the clinicalmetrics aremainly based on larger areas,
such as the volume of blood present in the left ventricles. Using a common tracer such as [18F]FDG, there is a
large potential to apply transfer learning fromother patient cohorts, allowing for robustmodels towards e.g.
scanner variation.

In this study, we implemented a 3D architecture accepting full PET volumes. The added information, over
2Dwith single or only a fewneighboring slices, reduces the artifacts across the transaxial plane (Lu et al 2019),
which is important when de-noising volumes in 3D.We found similar performancewhen using input sizes of 16
and 32 slices, but opted for the full volume nonetheless to ensure equal noise reduction across the entire z-axis.
The architecture appliedwas a standardU-net, which has previously been applied to low-dose PETde-noising
mainly in the brain (Xu et al 2017, Kaplan andZhu 2019, Chen et al 2019, Lu et al 2019). Compared to previous
studies, we used a deeper networkwithmore filters to accommodate our full PET volume.We investigated the
choice of network by also training a conditional generative adversarial network (cGAN) often used for PETde-
noising (Isola et al 2017,Wang et al 2020). However, we did not see an improvement in the clinicalmetrics,
confirming thefinding by Lu et alwho found no added benefit of using the computationally heavy cGANover a
U-net for noise reduction of low-dose PET images in patients diagnosedwith solid lung nodules (Lu et al 2019).
Recently, a study byOuyang et al found that combining a cGANwith a task-specific perceptual loss, a loss that
ensures resemblance specifically in features important for a secondary classification network, here an amyloid
status classifier, slightly improved the results of using aU-net alone (Ouyang et al 2019). A similar setup could be
applied for cardiac de-noising, by adding a loss termpenalizing deviation in areas important for accurate blood
flowmeasurements. This is topic for future studies.

A limitation of the studywas the lack of reproducible positioning of themyocardial cavity across the images.
Performing the segmentation individually for each image allowed us tomimic the clinical workflow, but
introduces a segmentation-related bias. Copying the segmentation of themyocardial cavity performed on the
full-dose PET image to the dose-reduced imageswas not possible in the used software.We chose to exclude the
patients with visible differences in segmented area, asmanual correctionswould not have been reproducable
across the images. The differences weremost often observed in the low-dose images, but also occurred in the
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full-dose image, as illustrated in supplementary figure 1. Amanual correction of the LVdelineation in the 40
excluded patients resulted in similar EDVand ESVmeasurements when compared to the evaluated patient
cohort with automatic LV segmentation (suppl. figure 2), albeit with a higher variancemost likely due to the lack
of reproducibility across the images.

Lastly, the use of a low-dose CT image could introduce localmismatch to the different gated PET images,
whichmight impact the noise reduction.We did not observe quantitative or qualitative improvements when
only using PET as inputwhen evaluated across a subset of validation patients (results not shown); we therefore
chose to include theCT images for rough anatomical guidancewithout co-registration betweenCT and low-
dose PETdue to the high amount of noise. Attention should be placed on possiblemisalignment betweenCT
and PETwhen applying thesemodels in future studies.

5. Conclusions

A significant dose reduction can be achieved for [18F]FDG-PET images of the heart without significant loss of
diagnostic accuracywhen using ourDLmodel for noise reduction. A reduction to 1/100th of the dose is possible
with quantitative clinicalmetrics comparable to that obtainedwith a full dose. Congruent differential diagnosis
based on LVEF thresholdwas achieved after de-noising. This dose reduction is important for patients, staff,
general radiation protection, and health care economy.
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