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a b s t r a c t 

Purpose: Positron Emission Tomography (PET) can support a diagnosis of neurodegenerative disorder by identi- 
fying disease-specific pathologies. Our aim was to investigate the feasibility of using activity reduction in clinical 
[ 18 F]FE-PE2I and [ 11 C]PiB PET/CT scans, simulating low injected activity or scanning time reduction, in combi- 
nation with AI-assisted denoising. 
Methods: A total of 162 patients with clinically uncertain Alzheimer’s disease underwent amyloid [ 11 C]PiB 
PET/CT and 509 patients referred for clinically uncertain Parkinson’s disease underwent dopamine transporter 
(DAT) [ 18 F]FE-PE2I PET/CT. Simulated low-activity data were obtained by random sampling of 5% of the events 
from the list-mode file and a 5% time window extraction in the middle of the scan. A three-dimensional convo- 
lutional neural network (CNN) was trained to denoise the resulting PET images for each disease cohort. 
Results: Noise reduction of low-activity PET images was successful for both cohorts using 5% of the original 
activity with improvement in visual quality and all similarity metrics with respect to the ground-truth images. 
Clinically relevant metrics extracted from the low-activity images deviated < 2% compared to ground-truth val- 
ues, which were not significantly changed when extracting the metrics from the denoised images. 
Conclusion: The presented models were based on the same network architecture and proved to be a robust 
tool for denoising brain PET images with two widely different tracer distributions (delocalized, ([ 11 C]PiB, and 
highly localized, [18F]FE-PE2I). This broad and robust application makes the presented network a good choice 
for improving the quality of brain images to the level of the standard-activity images without degrading clinical 
metric extraction. This will allow for reduced dose or scan time in PET/CT to be implemented clinically. 
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. Introduction and purpose 

The two most common neurodegenerative disorders are Alzheimer’s
isease (AD) and Parkinson’s disease (PD) primarily affecting patients
bove the age of 60 ( Ascherio and Schwarzschild, 2016 ; Goedert and
pillantini, 2006 ). 

One of the defining pathologic lesions of AD is amyloid deposition
n the brain that can be imaged using various PET radiotracers to con-
rm or reject a clinical diagnosis of Alzheimer’s disease dementia or
redementia in a patient with objectively verified cognitive impairment
 Johnson et al., 2013 ). The first PET tracer for large-scale research
nd clinical use was C11-labeled Pittsburgh compound B ([ 11 C]PiB)
 Klunk et al., 2004 ; Quigley et al., 2011 ). 
∗ Corresponding author. 
E-mail address: claes.noehr.ladefoged@regionh.dk (C.N. Ladefoged) . 
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Parkinson’s disease is pathophysiologically caused by the loss of
opaminergic neurons in the substantia nigra with consequent loss of
opaminergic stimulation in the striatum. The PD diagnosis is clinical,
ut normal functional neuroimaging of the presynaptic dopaminergic
ystem is an absolute exclusion criterion according to present clinical
uidelines ( Postuma et al., 2015 ). This is commonly done by imaging the
opamine transporter (DAT) availability using [ 123 I]N- 𝜔 -fluoropropyl-
 𝛽-carbomethoxy-3 𝛽− (4 − iodophenyl)nortropan ([ 123 I]FP-CIT) with
ingle-photon-emission computed tomography (SPECT) ( Morbelli et al.,
020 ). However, a number of Positron Emission Tomography
PET) tracers are available, e.g., [ 18 F](E)-N-(3-iodoprop-2-enyl) − 2 𝛽-
arbofluoroethoxy-3 𝛽-(4 ′ -methyl-phenyl) nortropane ([ 18 F]FE-PE2I),
hat enable shorter scans with a high image resolution ( Sonni et al.,
016 ). 
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Decreasing the injected tracer activity would lower radiation expo-
ure to the patient ( Gatidis et al., 2016 ) and staff, and further reduce
maging costs while allowing more patients to be examined from a sin-
le radiotracer production ( Kaplan and Zhu, 2019 ; Xu et al., 2017 ).
onversely, scan time could be reduced at the standard injected ac-
ivity to optimize the scanner use. The resulting noise and informa-
ion loss in images might impair the diagnostic accuracy. In recent
ears denoising algorithms using deep learning have become power-
ul tools for synthesizing standard-quality PET images from low-activity
nes ( Ladefoged et al., 2021 ; Xiang et al., 2017 ; Xu et al., 2017 ). The
eep learning approach is more successful than classical denoising tools
ince the underlying neural network can learn specific features per-
aining to the dataset, while classical denoising algorithms, like the
avelet transform, are content agnostic ( Pan et al., 1999 ). A U-Net
odel ( Ronneberger et al., 2015 ) is a fully convolutional network orig-

nally proposed for medical image segmentation. It consists of contract-
ng (encoder part) and symmetrically expanding paths (decoder) for
eature extraction at different resolution. As a result, the architecture
s ideal for image-to-image synthesis (style transfer, super resolution,
tc.) and is, therefore, ubiquitous in the field of medical-image denois-
ng ( Lu et al., 2019 ; Xiang et al., 2017 ; Xu et al., 2017 ). 

In this study we explored brain [ 11 C]PiB and [ 18 F]FE-PE2I PET scans
rom a large data set of patients referred for either clinically uncertain
D dementia or PD. We investigated the feasibility of delivering a reli-
ble diagnosis with low-dose PET images denoised with a deep learning
odel. Low-activity images were obtained through simulated dose re-
uction equivalent to 5% of standard injected dose or shortened scan-
ing time. We present one network comprising a U-Net enriched with
ttention-mechanism blocks, from which two independent models are
rained on their respective patient cohort, one per each condition/tracer.
mportantly, the two tracers under investigation have a strikingly dif-
erent uptake signature: amyloid pathology is predominantly diffuse in
he cortex and basal ganglia with a matching distribution of [ 11 C]PiB,
s well as non-specific white matter accumulation, while [ 18 F]FE-PE2I
argets DAT with high selectivity ( Shingai et al., 2014 ), yielding a very
igh contrast in the putamen and caudate nuclei compared to the sur-
ounding brain. Yet, the presented network is able to handle these very
ifferent tracer distributions. 

Most previous deep learning studies with a U-Net model in brain
ET images have used the 2-[ 18 F]fluoro-2-deoxy- d -glucose ([ 18 F]FDG)
 Kaplan and Zhu, 2019 ; Lu et al., 2019 ; Xiang et al., 2017 ;
u et al., 2017 ) and the amyloid [ 18 F]florbetaben ( Chen et al., 2019 ;
uyang et al., 2019 ) tracers with only a limited number of patients used

or training (5 to 40 patients) and including various MRI (magnetic reso-
ance imaging) sequences in the model ( Wang et al., 2020 ). In contrast,
ur study is based on an order of magnitude larger number of patients:
62 [ 11 C]PiB and 509 [ 18 F]FE-PE2I PET/CT scans. Furthermore, our
odels only require data acquired at a single PET/CT acquisition and

re thus independent of secondary MRI acquisition. 
The purpose of this study is to investigate the feasibility of using

ctivity reduction in clinical [ 11 C]PiB and [ 18 F]FE-PE2I PET/CT scans
n combination with AI-assisted denoising of the obtained brain images.
dditionally, we aim to introduce a single network architecture that can
obustly learn denoising of brain images in which the tracer uptake is
panning from localized to delocalized distribution. 

. Materials and methods 

.1. Patients 

The patient data were divided into two separate cohorts based on
he two studied tracers: [ 11 C]PiB and [ 18 F]FE-PE2I. The first cohort con-
ained patients referred for clinically uncertain AD according to the ap-
ropriate use criteria for amyloid PET imaging ( Johnson et al., 2013 ). A
otal of 162 patients underwent PET/CT between May 2019 and October
021. The patients were between 48 and 88 years old, with a mean age
2 
f 68.5 ± 7.7 years old. The second cohort contained 509 patients re-
erred for clinically uncertain PD ( Morbelli et al., 2020 ) and underwent
ET/CT between August 2018 and October 2021. The patients of this co-
ort were between 22 and 90 years old, with a mean age of 71.5 ± 10.1
ears old. 

All patients included in the dataset gave informed consent for imag-
ng to be performed as part of their diagnostic work-up. This study was
erformed according to the Danish legislation as a quality assurance
tudy with permission from the hospital administration. The need for
xplicit written consent was not required according to regulations since
he study operated exclusively on anonymized retrospective data. To
omply with legal requirements, all data were fully anonymized upon
ollection from the clinical archives in compliance with General Data
rotection Regulation (GDPR). 

.2. Imaging protocols 

For [ 11 C]PiB a 20 min scan was commenced 40 min after tracer ad-
inistration (mean activity: 320 ± 79 MBq, range: 150–485 MBq) on a
iograph Vision PET/CT system (Siemens Healthineers, Erlangen, Ger-
any), while for [ 18 F]FE-PE2I a 10 min scan was commenced 30 min

fter tracer administration (mean activity: 204 ± 12 MBq, range: 180–
55 MBq) on a Biograph mCT (Siemens Healthineers, Erlangen, Ger-
any). The Vision PET/CT system properties are as follows: axial field-

f-view (FOV) is 26 cm and NEMA resolution full-width-half-maximum
FWHM) 1 cm from the center is 3.9 and 3.9 cm, for axial and transverse
irection, respectively ( Van Sluis Et Al., 2019 ). For the mCT PET/CT sys-
em the axial FOV is 22 cm with a resolution FWHM 1 cm from the cen-
er of 4.4 for both axial and transverse direction ( Jakoby et al., 2011 ).
n both imaging protocols a low-dose computed tomography (CT) scan
sed for attenuation correction (voxel size 0.59 mm 

2 , 512 × 512 matrix
ize, 120 KVP) was acquired prior to the PET scan. 

The simulated low-activity data were obtained by randomly sam-
ling events from the list-mode file using LMChopper (e7-tools, Siemens
ealthineers, Knoxville, TN, USA), with 5% standard-activity equiv-
lent, corresponding to an average of 16 MBq (8–24 MBq range)
or [ 11 C]PiB and 10 MBq (9–13 MBq range) for [ 18 F]FE-PE2I. Re-
onstruction of low-activity and standard-activity PET data was done
y time-of-flight point spread function (PSF-TOF) 3D OP-OSEM. For
 

11 C]PiB, we used 4 iterations, 5 subsets, 5 mm Gaussian post filtering
n 440 × 440 × 109 matrices with ×3 zoom (0.68 × 0.68 × 2.03 mm 

3 

oxel size). For [ 18 F]FE-PE2I we used 4 iterations, 21 subsets, 5 mm
aussian post filtering on 400 × 400 × 159 matrices with ×3 zoom

0.83 × 0.83 × 1.65 mm 

3 voxel size). Additionally, to preserve as much
tructural information as possible in the images used as input to the
odels, we reconstructed low-activity PET images with Gaussian post-
ltering reduced to 2 mm. 

Similarly, we simulated short scan time by sampling the center 5%
f the acquisition, i.e., 1 min for [ 11 C]PiB and 30 s for [ 18 F]FE-PE2I. The
hange in the clinical metrics (see Section 2.6 ) are approximately linear
uring the acquisition period, so that the center value can be used as
 representative measure to ensure that the tracer distribution matched
he reference distribution ( McNamee et al., 2009 ; Mo et al., 2018 ). The
ata was decay-corrected to the full-time equivalent given the tracer
alf-life. 

.3. Image preprocessing 

The low-dose CTs used for attenuation correction during image re-
onstruction were reused to preprocess the PET images. The low-dose
T image associated with the PET image was initially skull-stripped us-

ng the Brain Extraction Tool from FSL and spatially normalized to an
verage 1 mm isotropic CT template defined in MNI space ( Rorden et al.,
012 ). The brain mask and affine transformation from patient to MNI
pace was finally applied to the PET image so that all data were equally
ligned in a 256 × 256 × 256-voxel grid. The skull-stripping of the PET
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Fig. 1. Best performing neural network architecture for denoising brain PET scans. The network was inspired from the work of Mo et al. (2020) , adapted to work 
with three-dimensional input images. The model is a U-net enriched with a spatial-and-channel-attention block (SCAB) before each down-sampling step. Superscript 
numbers are the number of kernels used in the layer. Conv: convolutional layer, PReLU: parametric rectified linear unit activation function, Trans Conv: transposed 
convolutional layer, Avg Pool: average pooling layer. 
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mages ensures that only the relevant part of the images is kept while
he rest can be cropped out for all images, which reduces image size
nd minimizes memory usage during model training. The final volume
ize after cropping was 176 × 176 × 200. All PET images were divided
y 32,676 (maximum value in the raw DICOM PET data) to normalize
alues. 

.4. Deep learning model 

To generate standard-activity PET images from low-activity PET im-
ges, we constructed a three-dimensional U-Net ( Ronneberger et al.,
015 ) with encoder, bridge, and decoder as shown in Fig. 1 (a). The
ncoder consisted of four identical blocks, which successively reduced
he image resolution by downsampling, while increasing the number of
lters to learn features at different layers. We implemented a modified
ersion of the Frequency Attention Network ( Mo et al., 2020 ) adapted
o 3D single color channel image input. The input to the network was
wo-fold with the PET image and a noise map, which was obtained from
assing the raw image through a convolutional neural network consist-
ng of five identical layers of 64 filters. The basic block consisted of two
epetitions of convolution with filter size 3 × 3 × 3, parametric rectified
inear unit (PReLU) activation, followed by an average pooling layer
ith stride 2 to half the resolution. Each encoder block ended with a
patial-Channel-Attention block (SCAB) designed for feature enhance-
ent. 

The first block in the encoder used 64 kernels, which was then dou-
led for every new block until a kernel size of 512 was reached in the
ridge section. Inversely, the kernel size was halved for every new block
p through the decoder. To retain the features learned through the en-
oder, the U-Net was constructed with skip connections that concate-
ated the upsampled feature map with the corresponding feature map
f equal resolution from the encoding part, before being fed through the
ext decoding block. 

The initial input to the network consisted of the 2 mm post-
econstruction smoothed low-activity PET, which is skull-stripped and
ropped from 256 × 256 × 256 to 176 × 176 × 200 voxels. To fit the
PU memory during training, 8 random sub-volumes of 176 × 176 × 16
ere extracted per volume and per epoch, one sub-volume serving
s input to the network at a time. The target image was the 5 mm
ost-reconstruction smoothed standard-activity PET, equally prepared.
nference of the full volume was done by processing sub-volumes
f 176 × 176 × 16 through the trained model. An intermediate
76 × 176 × 200 image was reconstructed from a dense grid of 24
3 
ub-volumes with an overlap of 8 in the vertical direction. The inferred
mage was finally padded to recover the full 256 × 256 × 256-voxel
enoised image. 

Two individual models were independently trained on their respec-
ive cohort. The data for each cohort were handled separately and split
s visualized in Fig. 2 . All following steps are done independently for
ach cohort. Firstly, we retained the newest data (post February 2021)
s evaluation data set to assess the performance of the two final models.
ll data prior to February 2021 were split into train and validation in

ractions of 80% and 20%, respectively. The split in time can be con-
idered a limited type of external validation ( Kleppe et al., 2021 ). Each
odel’s precise architecture and hyperparameters were tuned using the

rain set with an internal validation split of 90/10%. Few of the best
odels for each cohort were then fed their respective validation data to
erive specific clinical and noise metrics (see Section 2.5 ) so as to find
he best performing model. Finally, the best model for each cohort was
sed to denoise the low-activity and short-scan-time images from the
valuation data set of their respective cohort. 

We systematically used transforms such as scaling ( ×0.9 to ×1.2),
ranslation ( < 5%), rotation ( ± 5°), and x-axis mirroring to artificially
ugment the training dataset, thereby helping the generalization of the
odel. 

The network was implemented in PyTorch, PyTorch Lightning
 Falcon, 2019 ) and TorchIO ( Pérez-García et al., 2021 ) and consisted of
8.9 M trainable parameters. The initial learning rate was 0.0001, batch
ize was 1 and early stopping was used with maximum epoch count
00 and patience 50. The network was setup with the Adam optimizer
 Kingma and Ba, 2014 ) and used mean absolute error as loss function,
ince it has been proven to be a robust choice for minimizing blur in
enoised images ( Zhao et al., 2016 ). In section A2 of the SI, we explain
n detail the various trials made before converging to the best models
or each cohort. All computations were initially performed on NVIDIA
ITAN RTX 24 GB graphics card. The final models were retrained on
VIDIA A40 4 × 48 GB GPU to increase batch size to 8, thereby increas-

ng model generalizability. Typical training time on these GPU systems,
or e.g., the [ 11 C]PiB cohort, were 30 h and 2 h, respectively. Subse-
uent inference of a full 3D scan image took approximately 10–15 s on
PU and 1–2 min on CPU. 

.5. Quantitative image similarity metrics 

We used the mean activity (uptake) in selected segmented brain
tructures to derive clinical metrics and the whole brain for noise met-
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Fig. 2. Overview of patients used for training, validation, and evaluation in each cohort separated by tracer type. Note that the best performing model (one per 
cohort) is chosen based on the performance metrics computed with the validation set. The metrics presented are only from the independent evaluation test set. 
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ics. For both cohorts the metrics derived from the denoised images
ere compared to their respective ground-truth (standard-activity) im-
ge metrics. We also performed the relative comparison between the
ow-activity and the ground-truth images to verify the added benefit
f using deep learning for denoising. To assess the image-to-image ac-
uracy, reduction of noise and structural similarity between the skull-
tripped version of the denoised images and standard-dose images, we
omputed three figures of merit: normalized root mean-squared error
NRMSE), peak-signal-to-noise ratio (PSNR), and structural similarity
ndex measure (SSIM). Finally, we computed the coefficient of variation
COV) to quantify the noise. 

The source code of the artificial neural network, from which the pre-
ented models are derived, preprocessing steps for model input, making
nferences, and metrics calculation are available at https://github.com/
AAI/brainPETNR ( Daveau, 2022 ). The code also allows for training
ith transfer learning from the shared models on local data. 

.6. Clinical metrics 

Mean activity in a cerebellar gray-matter reference region (seg-
ented with Label Fusion ( Wang and Yushkevich, 2013 )) was deter-
ined in order to calculate Standardized Uptake Value ratio (SUVr)

alues of the relevant volumes of interest (VOIs) as well as to normalize
mages for visualization. 

For [ 11 C]PiB the SUVr was obtained from six cortical stan-
ard regions defined in MNI standard space of the anterior frontal,
rbitofrontal, parietal, temporal, cingulate and precuneus cortex
 Jack et al., 2017 ). In short, the regions were obtained by averaging
reeSurfer (6.0, http://surfer.nmr . mgh.harvard.edu) segmented MRIs
4 
rom 40 healthy elderly subjects spatially aligned in MNI standard space.
he threshold for each region was selected so that the size of each av-
raged region was equal to the volume average between subjects. We
easured the volume-weighted median uptake value in these six VOIs

o compute the SUVr as a semi-quantitative measure of amyloid binding.
 SUVr cut-off above 1.4 has previously been found to optimally sep-
rate amyloid read-positive from read-negative patients ( Ismail et al.,
019 ). In the evaluation of the model we monitored how the denoising
ffected the SUVr, in particular for borderline positive/negative scans. 

Parkinson’s disease affects the brain most clearly in the posterior
utamen, and metrics relevant for diagnosis with [ 18 F]FE-PE2I are the
utamen-caudate nucleus (PC) ratio and specific binding ratio (SBR) in
he putamen ( Morbelli et al., 2020 ). For SBR, we extracted the median
ctivity in the putamen and used the median activity in the cerebellum
ray matter as reference region. The putamen and caudate nucleus were
egmented using an in-house deep learning model run on each of the PET
mages (low-activity, denoised, and standard-activity) for each patient.
he tool is validated and used in clinical routine. In short, a standard
-Net model was originally trained with data from 170 patients with

uspected Parkinson’s disease in which semiautomatic delineation of the
triatum has been defined on the PET image aligned to an MNI-template
 Anderberg et al., 2019 ). Both PC ratio and putamen SBR were evalu-
ted relative to age-corrected values and used as supportive measures to
lassify the PET scans together with a clinical reading with PET images
used to CT or MRI. For the purpose of this study we employed a SUVr
utoff above 0.9 for PC ratio and 3.4 for putamen SBR for separating
nto normal and abnormal subjects, and monitored potential change in
lassification category when using the low-activity and denoised images
ompared to the standard-activity reference. 

https://github.com/CAAI/brainPETNR
http://surfer.nmr
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Fig. 3. PET images of the brain in the 
transverse plane using [ 11 C]PiB (left) and 
[ 18 F]FE-PE2I (right) showing examples of 
normal (top), borderline (middle) and ab- 
normal (bottom) scans. Each figure shows 
standard-activity (left), low-activity (cen- 
ter) and denoised (right) images. Seg- 
mented VOIs for semi-quantitative mea- 
surements (SUVr) are delineated in white. 
For [ 11 C]PiB the highlighted VOIs corre- 
spond to areas of potential amyloid accu- 
mulation. The abnormal [ 11 C]PiB scan is 
recognized by an increased activity bind- 
ing in the highlighted VOIs and an overall 
cortical uptake ratio of 2.18. For [ 18 F]FE- 
PE2I the delineated VOIs correspond to the 
putamen and caudate nucleus. The abnor- 
mal [ 18 F]FE-PE2I scan is recognized by a 
decreased activity in the posterior puta- 
men, semi-quantitatively identified with a 
reduced putamen-to-caudate nucleus ratio 
of 0.65. Notably, the putamen delineation 
failed for most low-activity delineation. 
Thus, the standard-activity VOIs were used 
in its place for the low-activity PET images 
only. 
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To quantify the model performance of both cohorts we computed
he deviation of mean activity in the segmented VOIs as well as mean
ptake in the full brain. 

. Results 

.1. Assessment of image quality 

The low-activity PET images were visually improved by the denois-
ng model. Fig. 3 shows examples of typical normal, borderline, and ab-
ormal PET scans for both cohorts. The denoised images are smoothed
eyond the level of the standard-activity images, which was an ex-
ected effect of the denoising algorithm ( Gong et al., 2018 ). The over-
moothing is however minimized by using 2 mm-smoothed images as
nput and choosing an appropriate loss function (mean absolute error)
uring training. Fig. 4 shows the relevant metrics for quantifying noise
eduction: SSIM, PSNR and NRMSE. All three metrics were improved by
he denoising process compared to the low-activity values. The NRMSE
as lowered significantly by 33 to 48% and the PSNR was improved

lightly for both cohorts. Notably, equal activity and scan time reduc-
ion produces the same results before and after denoising. Consequently,
he discussion will focus upon low-activity data simulated by randomly
ampling for the remainder of this article, as the results are equally ap-
licable to low-scan-time data. For additional analysis of the similarity
f the low-activity and denoised images against the standard-activity
mages, see Figs. S1 and S5 in the Supplementary Information (SI). 

.2. Clinical metrics 

Fig. 5 displays SUVr values from low-activity and denoised PET im-
ges against their standard-activity true values. The clinical metrics for
he low-activity appeared to be robust to the noise in the images and
id not deviate substantially from the standard-activity reference in ei-
her cohort ( Fig. 5 (a–c). The denoising algorithms mostly contributed
y correcting a slight bias, which was observed when fitting a linear
egression model to the data points ( Fig. 5 (a–c)). Binary classification,
here the SUVr cutoffs was used for separating abnormal from normal

ases, yielded congruent classification for low-activity, denoised, and
5 
tandard-activity images across all subjects in both cohorts. Fig. 5 (d–f)
how residual plots displaying no significant bias when comparing the
ow-activity or denoised images to the standard-activity reference im-
ges. 

Fig. 6 summarizes the deviation from ground truth (standard activ-
ty) SUVr values, full brain uptake and the derived clinical metrics. It
emonstrates that denoising did not significantly improve accuracy of
UVr values in VOIs or clinical metrics since these values were already
ithin few percent of the true ones when evaluated on the low-activity

mages. Overall, the clinical metrics and SUVr in VOIs deviate from true
alues with a maximum of 4% and 2.5% before and after denoising, re-
pectively. These changes would not have led to a recategorization of
isease status in any of the patients. In Fig. S4 in the SI we expand this
iscussion on brain parts not directly relevant for diagnosis to give a
etter overview on the effect of denoising over the whole brain. As in
ig. 6 , deviations remain within 3% of the ground-truth values. 

. Discussion 

Activity reduction for PET imaging is necessary in the health care sys-
em for protecting patients and staff against radiation, reducing costs,
nd offering broader availability since individual batches of PET trac-
rs can be shared between more patients. Shorter PET acquisitions re-
uce motion artifacts, ease the overall patient experience, and allow for
igher patient throughput. 

A natural consequence of activity reduction is poorer signal-to-noise
atio in PET images, hence the need to recover high-quality PET im-
ges via denoising computer models. A critical aspect of denoising low-
ctivity PET images is preservation of diagnostic accuracy of the clinical
etrics. This study shows the potential of using activity reduction com-

ined with AI enhancement of brain PET images using [ 11 C]PiB and
 

18 F]FE-PE2I tracers in uncertain PD and suspected AD. Clinical metrics
n these cohorts appear robust to activity reduction despite low-activity
mages being noisy. The presented deep learning model offers the possi-
ility to recover the image quality of standard-activity images, without
hanging the clinical metrics that are already below 2% deviation from
rue values. 
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Fig. 4. Image similarity metrics for [ 11 C]PiB and [ 18 F]FE-PE2I images. (a) Structural similarity index measure (SSIM), normalized root mean squared error (NRMSE) 
and peak-signal-to-noise ratio (PSNR) for the low-activity image (green) and denoised image with respect to the ground truth standard activity image. Low-activity 
and low-scan-time images are displayed side by side for each cohort to exemplify the equivalence of the two types of low-activity data. All metrics improved in the 
denoised image. The [ 18 F]FE-PE2I data benefits most from the denoising model as the low-activity data was further away from the ground truth image, which was 
due to the highly localized uptake in the brain. 

Fig. 5. Clinical metric evaluation for [ 11 C]PiB and [ 18 F]FE-PE2I data. (a) Plot of low-activity and denoised SUVr values for the [ 11 C]PiB data vs standard-activity 
SUVr. (b,c) Plot of low-activity and denoised putamen/caudate ratio and putamen SBR for the [ 18 F]FE-PE2I data vs corresponding standard-activity ratios. The 
marker on each point represents the read diagnosis based on the clinical reading from the standard-activity reference. The red solid lines represent the cutoff
threshold between normal and abnormal values, and the shaded gray area represents the abnormal values. The slope of a linear regression model is indicated in the 
legend in (a–c). Corresponding residual plots for cortical uptake SUVr (d), putamen/caudate ratio (e), and putamen SBR (f). Note, the segmentation of the putamen 
and caudate nuclei failed for the low-activity images, thus, the VOI extracted from the standard-activity was used instead for this PET image. 

6 
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Fig. 6. Clinical metric evaluation. Percent difference relative to 
ground-truth values in the relevant VOIs uptake and derived clin- 
ical metrics for (a) [11C]PiB data and (b) [ 18 F]FE-PE2I data along 
with error bars as black lines. As in Fig. 5 we observed no direct 
benefit in using the denoising model to derive clinically relevant 
metrics. The mean uptake and metrics extracted from low-activity 
and denoised images are both within clinically acceptable errors. 
Note that the uptake value in the two VOIs of the [ 18 F]FE-PE2I 
data (putamen and caudate nucleus) were clearly improved by the 
denoising model. The high intensity uptake is grainier in the low- 
activity image, hence a partial loss in structure, which is retrieved 
in the denoised image (see Fig. 3 ). 

 

d  

f  

b  

t  

w  

o  

a  

t  

n  

q  

p  

t  

t
 

d  

a  

i  

m  

o  

i  

f  

d  

w  

a  

a  

I  

c  

a  

s  

t
 

t  

n  

d  

a  

s  

c  

c  

q  

i  

t  

i
 

t  

T  

m  

l  

t  

b  

c  

U  

(  

s  

v  

e  

i  

i  

r  

b  

H  

S  

p
 

a  

q  

2  

i  

e  

c  

s  

v  
Although disease modifying drugs are not available for Parkinson’s
isease, an accelerated marketing approval has recently been given
or a human recombinant anti- amyloid-beta IgG1 monoclonal anti-
ody aducanumab (Aduhelm) by the US Food and Drug Administra-
ion (FDA). This is the first disease-modifying drug available to patients
ith mild cognitive impairment (MCI) or mild dementia due to AD
n the basis of the amyloid-lowering effects and is considered reason-
bly likely to confer clinical benefit ( Liu and Howard, 2021 ). Although
he approval is conditional upon further clinical trials and presently
ot approved outside the US, the development of fast, low-cost, high-
uality and high-throughput strategies to robustly detect or exclude the
resence of amyloid-beta plaques in PET scans could be an important
ool in the selection and management of patients in amyloid-directed
reatment. 

Initially, the metrics extracted from the low-activity images did not
eviate substantially from the metrics extracted from the standard-
ctivity images because the values are extracted from the mean activity
n large volumes within the brain, and the use of ratios cancels out ho-
ogeneous noise distributed throughout the brain. This result, on its

wn, suggests that the use of low-activity images is feasible in stud-
es that rely solely on ratio-based metrics. Further studies must be per-
ormed to confirm this. In fact, we trained a model on low-activity data
own to 1% of normal activity and found that clinical metrics remain
ithin a few percent of the true values. However, down to 1% of normal
ctivity, the structural loss and noise level is such that the model is not
ble to reconstruct images true to the standard-activity counterparts.
n this light, it becomes clear that, (1) the deep learning model mostly
ontributes to enhancing the image quality rather than improving the
ccuracy of clinical metrics, and (2) using a lower limit of 5% of the
tandard activity is a conservative choice for allowing the reconstruc-
ion of PET images true to the standard-activity images. 

It may be possible for experienced nuclear medicine specialists to in-
erpret even activity-reduced PET images that are clearly normal or ab-
ormal. Denoising of PET images is mandatory in the clinical context for
irect analysis by the medical staff to note subtleties in the images and
ssess disease progress beyond a simple binary normal/abnormal clas-
7 
ification. For borderline cases specifically, recovering image quality is
rucial to increasing the reading confidence of medical doctors. For both
ohorts, the presented model clearly improved the low-activity image
uality, lowered noise, and increased resemblance to the ground truth
mage. The variance of pixel values between low-activity and ground-
ruth images was decreased after AI enhancement, as shown in Fig. S1
n the SI. 

In related work ( Chen et al., 2019 ; Ouyang et al., 2019 ), an alterna-
ive PET tracer ([ 18 F]florbetaben) was used to identify amyloid uptake.
hese two approaches achieved similar denoising performance, the for-
er by feeding PET and MRI data to a basic U-Net model and using L1

oss for training, while the latter used PET only with a GAN architec-
ure and perceptual loss. Given PET-only input, we were able to achieve
est overall performance for noise removal (NRMSE, PSNR, SSIM) and
linical metric extraction by using L1 loss for training and a modified
-Net, which included attention blocks and an extra pre-processing step

noise-mapping). The noise map improved network flexibility with re-
pect to different noise levels. Spatial-and-channel-attention blocks pro-
ided feature enhancement in the image regeneration, which was oth-
rwise obtained in the GAN with the use of perceptual loss during train-
ng ( Ouyang et al., 2019 ) . Denoising performance was in fact slightly
mproved when using the low-dose CT images (used for attenuation cor-
ection of the PET images) or aligned MR images, as it helps the model
y providing additional structural information of the brain (SI Fig. S2).
owever, we notice a worsening of the clinical metrics (SI Figs. S3 and
2(d)), which is why we chose to present the PET-only model for sim-
licity and overall best performance. 

We have shown that [ 11 C]PiB and [ 18 F]FE-PE2I perform well at low
ctivities and subsequent denoising of the acquired PET images. Image
uality can be restored, while clinically relevant metrics remain within
% of the true values. These tracers may be suitable for use in PET
maging with reduced activity or scanning time in combination with AI
nhancement in the near future. Remarkably, each presented model is
ontained within the data acquired from a stand-alone clinical PET/CT
canner. This obviates the need for additional MRI data and issues with
endor- or sequence-specific differences. Simultaneously it minimizes
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ata management, thereby creating a setup that is better integrated into
 clinical workflow. 

The presented network represents a robust architecture for denois-
ng PET images of the brain. The two independent models trained for
ifferent clinical conditions and uptake signatures (localized and de-
ocalized) are efficient at denoising low-activity PET images to high-
uality standard images. This network is, therefore, a strong candidate
or investigating reduced-activity brain PET imaging with other trac-
rs or scanner systems by transfer learning from the supplied models
 Daveau, 2022 ). 

. Conclusion 

In the present study, we present a deep-learning assisted denoising
rocess for low-activity [ 11 C]PiB and [ 18 F]FE-PE2I brain PET scans in
atients with uncertain Alzheimer’s disease and Parkinson’s disease, re-
pectively. A major activity reduction to 5% of standard activity can
e achieved for both tracers without significant loss of diagnostic ac-
uracy after processing the noisy low-activity images through the pre-
ented models. The AI models improved image quality and preserved
he critical metrics used in clinical diagnosis. Future work on these co-
orts should include careful clinical evaluation of low-activity, standard-
ctivity, and denoised images, with particular care put on borderline pa-
ients. Activity reduction for PET imaging is relevant in the health care
ystem for patient and staff protection against radiation, reducing costs,
nd using tracers and instrumentation more efficiently. 

Local data permission does not allow sharing the training and test
atient data. The code and models for inference are available at https:
/github.com/CAAI/brainPETNR . 
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