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Abstract

Background Positron emission tomography (PET) is a key tool for quantitative brain imaging, but its image quality
and quantitative reliability are strongly dependent on injected radiotracer activity and acquisition time. Reducing
injected dose or acquisition time lowers radiation exposure but increases image noise, while partial volume effects
(PVE) further degrade signal accuracy, especially in cortical regions critical for neurodegenerative disease assessment.
Conventional partial volume correction (PVC) methods such as Iterative Yang can improve quantification but

are highly sensitive to noise and perform poorly in low count settings, while also relying on accurate anatomical
information, typically derived from MRI, which may be unavailable, misregistered, or impractical in routine clinical
workflows; in parallel, most deep learning (DL) approaches reported to date focus mainly on denoising and do not
jointly address PVE. A method capable of simultaneously mitigating low count noise and PVE is needed. This study
aimed to evaluate whether a DL approach can generate full count, PVC brain PET images from fast or low count non
PVC scans, using both clinical and phantom datasets.

Results Using clinical and phantom brain PET datasets with 'F-FDG and '8F-Florbetapir, we compared low count
PET images at 10% of full counts with images processed by Iterative Yang PVC and a Swin Unetr based DL-PVC model.
The DL-PVC method consistently outperformed low count non-PVC PET across all evaluations. It achieved higher
structural similarity index (SSIM) by about 2%, higher peak signal to noise ratio (PSNR) by about 11%, and lower
relative root mean square error (rRMSE) by about 4%, indicating improved image quality and quantitative accuracy. In
the clinical test sets, DL-PVC further showed clear gains for both tracers, with SSIM improvements of 2.1% for 18E-FDG
and 2% for 18F—Florbetapir, PSNR increases of 21.6% and 22.3% respectively, and substantial rRMSE reductions of 50%
for "8F-FDG and 44% for '8F-Florbetapir.

Conclusions Our study introduced a DL based PVC method based on Transformer and Unet architectures. By
combining phantom and clinical data through a transfer learning strategy, the network benefits from the phantom
ground truth activity maps while also learning the complexities present in real clinical PET. With this approach, it
improves PET image quality and quantitative agreement with a high count reference, and at inference it requires only
PET input, so it can be deployed without MR images for PVC.

Keywords PET, Brain imaging, Partial volume effect, Denoising, Deep learning

*Correspondence:
Amirhossein Sanaat
Amirhossein.sanaat@unige.ch

Full list of author information is available at the end of the article

© The Author(s) 2026. Open Access This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0

International License, which permits any non-commercial use, sharing, distribution and reproduction in any medium or format, as long as you

give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if you modified the

licensed material. You do not have permission under this licence to share adapted material derived from this article or parts of it. The images or

@ R other third party material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or

SP rlnge r exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of this licence, visit http:/creati

— vecommons.org/licenses/by-nc-nd/4.0/.


http://crossmark.crossref.org/dialog/?doi=10.1186/s13550-026-01448-2&domain=pdf&date_stamp=2026-5-30
https://doi.org/10.1186/s13550-026-01448-2
http://orcid.org/0000-0001-8437-2060
mailto:Amirhossein.sanaat@unige.ch
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/

Kaviani et al. EJINMMI Research (2026) 16:127

Introduction

Positron emission tomography (PET) is a valuable modal-
ity for quantifying biological phenomena, such as the
deposition of amyloid-beta plaques and neurofibrillary
tangles in the cerebral cortex, particularly in the context
of neurodegenerative disorders like Alzheimer’s disease
(AD) [1-3]. However, the low spatial resolution of PET
images, typically 5-8 mm full width at half maximum
(FWHM), can lead to the partial volume effect (PVE) [4],
where the measured signal in a given voxel is a mixture
of signals from multiple tissues. This effect is particularly
pronounced in the presence of morphological changes
in the regions of interest (ROI), such as thinning of the
cortical gyri due to brain atrophy, which can result in an
underestimation of the cortical radioactivity concentra-
tion. As a result, there is a need to correct this spillover
from gray matter (GM) for accurate quantitative and
cross-sectional studies using amyloid PET. Additionally,
low-count and fast PET imaging techniques, while ben-
eficial for reducing radiation exposure and accelerating
imaging speed, can further exacerbate the PVE due to the
limited number of detected photons.

A number of Partial Volume Correction (PVC) meth-
ods are suggested to compensate PVE in PET Images
[5, 6]. These algorithms can be broadly categorized into
post-processing and reconstruction-based methods [7].
Reconstruction-based methods integrate the correc-
tion process into the image reconstruction framework,
this can be achieved through fully data-driven mapping
from measured signal to images [8, 9] or deep learning-
based regularization [10, 11]. On the other hand, post-
processing methods, such as Miiller-Gartner (MG) [12],
geometric transfer matrix (GTM) [13], Labbé (LABBE)
[14], regional voxel-based (RBV) [15], and iterative Yang
(IY) [16] correct for PVE after the image has been recon-
structed. Common PVC methods for brain PET imaging,
like Miiller-Gértner, GTM, and 1Y often rely on addi-
tional anatomical images (mostly MR images), introduc-
ing challenges such as the need for two separated scans in
some centers where PET/MR scanners are not available,
and potential errors due to MRI’s related misregistration
artifact or inaccurate segmentation. Some methods uti-
lize the PET scanner’s Point Spread Function (PSF), for
PVC which requires an accurate estimation of the scan-
ner’s PSF across the field-of-view (FOV) that might be
challenging to measure [5]. These drawbacks highlight
the demand for an end-to-end PVC method capable of
producing high-resolution PET or even SPECT images
without requiring additional anatomical images or prior
knowledge of scanner characteristics.

Furthermore, deep learning has demonstrated signifi-
cant potential in medical image processing for instance
in image quality enhancement and denoising [17-23],
and quantification [24—26]. Several recent studies have
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demonstrated the potential of deep learning for PVC and
denoising of PET images [27-29]. Azimi et al. [30] pro-
posed a deep learning-based framework that can perform
PVC and noise reduction on PET images without using
anatomical information. They found that their method
could effectively perform joint denoising and PVC for
PET images using a 2D U-net architecture. Matsubara
et al. [28] discuss the limitations of MRI-based PVC and
the potential of deep learning for improved accuracy and
efficiency. The authors propose a deep learning model,
DeepPVC, that uses both MR and PET images to predict
PVC maps. They find that DeepPVC performs well and is
faster than traditional methods using 2D U-net for gen-
erating PVC maps. Sanaat et al. [29] introduced a Cycle
Generative Adversarial Network-based method able
to do PVC on a multi-tracer brain PET dataset without
using extra anatomical information. They demonstrated
that deep learning-based PVC images are immune from
artifacts and abnormalities which can be propagated
from MR images to PVC images. Recent unsupervised
DL-PVC methods have shown promise by benchmarking
against multiple classical PVC algorithms (RL, RVC, 1Y,
DeepPVC). For instance, Cui et al. demonstrated com-
petitive performance across simulated and clinical data-
sets using a self-supervised paradigm, though requiring
paired high/low-count data during training [31]. Our
supervised Swin-UNETR approach complements these
by leveraging both digital phantom ground truth and
clinical IY-PVC surrogates, achieving MR-free inference
with demonstrated improvements in low-count settings.

One of the major limitations of the abovementioned
studies is that the training and evaluation were per-
formed on “not true ground truth” dataset. In all previ-
ous studies, the authors used conventional PVC methods
and anatomical information for PVC, and they assumed
the PVC images as a surrogate of the ground truth for the
model’s training and evaluation. This assumption is not
necessarily accurate and bears inherent limitations. A
realistic dataset can be generated through a phantom or
simulation study.

In the present study, we aim to leverage the power of
the transformers for the task of PVC in low-count PET
imaging. A diverse dataset, including the Brainweb phan-
tom and clinical datasets using '®F-Fluorodeoxyglucose
(*®F-FDG) and '®F-Florbetapir radiotracers, were used for
training and evaluation of the model. In this investigation
we tried to address the limitation of the previous works
by using phantom ground truth images for training, using
3D models for considering the activity distribution, and
using transformers for enhancing the performance of our
model by considering the local and global features.
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Materials and methods

Study design

In this study, seven main steps were carried out which
are summarized/visualized in Fig. 1. In the initial phase,
the Brainweb phantom dataset - including two well-
established and common radio tracers '®F-Florbetapir
and '8F-FDG - was used. Subsequently, low-count sino-
grams were generated, by randomly under sample count
levels between 90 and 120 million (10% of high-count
data), and high-count sinograms were constructed with
a fixed count level of one billion using the NiftyPET soft-
ware [32]. The reconstruction process was then applied
to both low-count and full-count images using the
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NiftyPET software. The next step was the registration of
PET and MRI images using the Freesurfer software [33],
employing a non-rigid algorithm for optimal alignment.
To enrich the dataset and enhance model robustness,
data augmentation techniques were introduced, includ-
ing image rotation within a 35-degree limit, and horizon-
tal/vertical flips with a 0.3 probability. Employing the IY
method through the PETPVC toolbox [34] facilitated the
PVC of PET images. Finally, the Swin-Unet deep learn-
ing model was chosen for training, culminating in a com-
prehensive methodology that combines advanced image
processing and machine learning to refine the accuracy of
PET images.
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Fig. 1 Flowchart of the steps followed in this study of Partial volume correction of PET images using deep learning
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Data acquisition and processing

Phantom dataset

The Brainweb phantom [35] was prepared as a bench-
mark dataset to assess the efficacy of our PVC method.
This phantom comprises 20 T1-weighted MRI volumes
with detailed brain anatomy defined on volumetric fuzzy
tissue probability maps. To generate a ground-truth
activity distribution (activity map), we assigned tracer
uptake values to the different tissue classes based on typi-
cal clinical 18 F-FDG brain PET images and a 3:1 GM:
WM ratio as reported in [36]. Specifically, activity con-
centrations were randomly chosen between 4.8 and 6.0 in
gray matter (GM), 1.5 to 2.0 in white matter (WM), 0.8 in
skin, 0 in air, cerebrospinal fluid (CSF), and bone, and 0.2
in all other tissues. Three spherical lesions with random
radii between 2 and 8 mm were inserted in different brain
regions; hot lesions were assigned uptake values ran-
domly chosen between 4.5 and 5 SUV, and the surround-
ing cold lesion background was set to 50% lower activity.
To ensure compatibility with the Siemens Biograph mMR
scanner, the PET activity map, attenuation map, and
T1-weighted MR images were resampled to match the
scanner field-of-view and voxel grid (matrix 344 x 344 x
127; voxel size 2.08 x 2.08 x 2.03 mm?).

To increase the dataset’s size and enhance the gener-
alizability and robustness of our model, we applied vari-
ous data augmentation techniques. These techniques
included image rotation of up to 35 degrees and both
horizontal and vertical flips with a probability of 0.3. We
generated full-count and low-count (10% of full-count)
sinograms for each dataset using NiftyPET software.
Noise-free data was obtained by forward-projecting
ground-truth images by considering the system matrix
and attenuation map, resulting in a total count level of
1 billion counts. Poisson noise was then introduced to
create low-count sinograms with randomly selected
count levels ranging from 90 to 120 million resulting in
sinograms with counts of 10% of the high-count sino-
grams. The simulation did not account for scatters and
randoms. Low-count data was reconstructed using the
ordered subset expectation maximization (OSEM) algo-
rithm with 10 iterations, 6 subsets, and a PSF of 4 mm,
producing a reference image using NiftyPET software.

For PET data generation, we used the NiftyPET soft-
ware package [27] to simulate the acquisition process.
First, the ground-truth activity map was forward-pro-
jected using the system matrix and corresponding atten-
uation map to obtain noise-free full-count sinograms,
with the total number of detected counts fixed at 1 x
10°. Poisson noise was then added to these noise-free
sinograms to generate noisy low-count realizations with
randomly selected count levels between 90 and 120 mil-
lion counts, corresponding to approximately 10% of the
full-count statistics. The simulation modelled attenuation
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and detector response but did not explicitly simulate
scatter or random events, which is acknowledged as a
limitation. Full-count and low-count PET images were
reconstructed from their respective sinograms using an
ordered-subsets expectation maximization (OSEM) algo-
rithm with 10 iterations, 6 subsets, and a 3D Gaussian
point spread function (PSF) kernel with 4 mm FWHM
implemented in NiftyPET. To increase the dataset size
and enhance the generalizability and robustness of our
model, we applied data augmentation to the recon-
structed images. Augmentations included random in-
plane rotations of up to 35° and horizontal and vertical
flips, each applied with a probability of 0.3.

Clinical dataset

For the analysis of '®F-FDG patient images, we employed
the open-access Monash DaCRA PET/MRI dataset [37,
38], comprising 25 brain PET scans acquired simultane-
ously on the Siemens Biograph mMR system at Monash
University in Clayton, Australia. The PET scans uti-
lized '®F-FDG as a radiotracer, administered to subjects
at a dose of 260 MBq. The acquisition of PET data was
obtained in list mode, synchronized with T1 images. Uti-
lizing NiftyReg [39], the MRI images underwent rigid
registration to align with the PET images. The clinical
scans were conducted with approval from the Monash
University Human Research Ethics Committee. List-
mode PET data were histogrammed using the NiftyPET
[32], producing a 20-min sinogram for high-count images
and a low-count sinogram (10% of the high-count sino-
grams) for low-count images.

For the OASIS-3 dataset [40], a dataset including 30
cognitively normal subjects was selected for assessing
the model belonging to '®F-Floebetapir. Stringent pro-
cedures have been implemented to ensure data integrity,
including detailed screening for image quality and post-
processing procedures to derive common anatomic mea-
sures. The imaging sessions were conducted using one
of three Siemens scanners: ECAT-HRplus PET scanner,
Biograph PET/CT scanner, and Biograph-mMR PET-
MR. Dynamic imaging was employed, and late frames
were utilized to generate both 20-min high-count and
2-min low-count images. Typically, intensity values from
acquired frames were averaged to derive the mean radio-
activity concentration during the scan. This robust meth-
odology ensures the acquisition of high-quality imaging
data for precise analysis in the context of '®F-Floebetapir
research.

For both clinical cohorts, PET images were recon-
structed using the vendor-recommended OSEM pro-
tocol including corrections for attenuation, scatter and
random events. In contrast to the phantom simulations,
where scatter and randoms were not explicitly modelled,
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all patient images therefore underwent standard clinical
scatter correction before further processing and PVC.

Partial volume correction

The IY [16, 41] was chosen for the PVC technique from
the PET-PVC toolbox [34]. This method differs from
region-based PVC methods, which only apply correc-
tions to voxels inside a selected segment to provide
regional mean values. Instead, the IY method applies a
voxel-by-voxel correction to the entire image. The PVC
image is calculated by multiplying the uncorrected PET
image by the ratio of synthetic PET images f*(x)and
a blurred version of this image (obtained by convolving
with the PSF of the PET scanner) as Eq. (1):

k
ﬁ%b%&b*w W

X (x) ® PSF

The mean value of the synthetic PET (f*(x))at i-th
regions and anatomical probability (P;(x)) of i-th
regions at position x is multiplied to update the synthetic
PET images in each iteration (k), which is obtained from
MRI images as Eq. (2):

B0 =5 N [Aspgo P () 2)

In this work, ten iterations were used for PVC. The Full
Width at Half Maximum (FWHM) of the 3D Gaussian
convolution kernel was set to 4.0 x 4.0 x 4.0 mm.

IY was selected as the clinical reference because: (i)
it provides voxel-wise PVC across the whole brain (vs.
ROI-limited methods like MG/GTM); (ii) is widely
implemented in the PETPVC toolbox for reproducibility;
and (iii) has been extensively validated in brain PET liter-
ature despite known noise sensitivity [16, 34]. We do not
claim IY superiority over alternatives (RL, RVC, RBV)
but use it as a consistent, literature-standard [5] surro-
gate for high-count clinical evaluation.

Deep learning training

Network architecture

Swin UNETR [42] is a novel architecture that leverages
the power of Swin Transformers for the semantic seg-
mentation of brain tumors in multi-modal MRI images.
The model is designed with a U-shaped network, which
has been proven effective for 2D and 3D segmenta-
tion and regression tasks. The encoder of the model is
a hierarchical Swin Transformer. It takes as input a 1D
sequence of embeddings, which is a projection of the
multi-modal input data. The encoder extracts features
at five different resolutions by utilizing shifted windows
for computing self-attention. This allows the model to
capture long-range information, which is crucial for
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the image-to-image transformation. The decoder of the
model is a Fully Convolutional Neural Network (FCNN).
It is connected to the encoder at each resolution via skip
connections. This design allows the decoder to leverage
the multi-scale feature maps generated by the encoder,
which can help improve the model performance. The use
of Swin Transformers could enhance the model’s abil-
ity to capture global contextual information efficiently,
which is crucial for understanding the overall structure
of the brain.

The Swin Transformer (Fig. 2 ) serves as the encoder,
processing low-count PET data in a hierarchical fashion.
It operates on 2x2x2 patches at five different resolu-
tions, resembling a pyramid structure. Each stage within
the encoder employs two Swin Transformer blocks,
which utilize “shifted windows” for efficient self-atten-
tion, enabling global information exchange within local
neighborhoods. This self-attention mechanism allows the
model to capture contextual relationships across differ-
ent image regions. To ensure efficient processing as the
resolution increases, patch merging is employed at each
stage, reducing the number of patches while preserving
key features.

The CNN-based decoder mirrors the encoder in
structure, operating as an inverted pyramid. It receives
extracted features from the encoder via skip connections,
reintroducing high-resolution details lost during downs-
ampling. Each level in the decoder upsamples the features
using transposed convolutions and refines them using
additional convolutional layers. This approach progres-
sively increases the spatial resolution while incorporat-
ing high-resolution information from the corresponding
encoder level, enabling precise pixel-level denoising.

The integration of skip connections is a defining char-
acteristic of Swin UNETR. These connections directly
inject high-resolution details from the encoder into the
decoder at each upsampling step. This crucial informa-
tion flow ensures both global contextual understanding
and accurate localization, leading to superior segmenta-
tion performance.

Loss function

Mean Squared Error (MSE), a standard loss function for
medical processing tasks, was proposed in our neural
network approach. The MSE determines the difference
in pixels between the input and output images. The MSE
loss function is computed as Eq. (3):

LossMSE = % Z (Y; — Xi)2 (3)

Here, N is the total number of pixels in the image, and X;
and Y, are the intensities of the i pixel in the input and
output images, respectively.
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Fig. 2 Description of the Swin UNETR Architecture. The proposed model is designed to process 3D low-count images, producing standard PET images
by correcting the partial volume effect. The Swin UNETR adopts a strategy of creating non-overlapping patches from the input data and utilizes a patch
partition layer to establish windows of a specified size for conducting self-attention. The encoded feature representations within the Swin transformer are
then transmitted to a CNN decoder via skip connections at various resolutions [42].

Table 1 Comprehensive hyperparameter specifications for
phantom pretraining and clinical fine tuning stages, including
inference performance metrics on NVIDIA V100 GPU hardware

Parameter Phantom pretraining Clinical
fine-tuning

Optimizer Adam Adam

Initial learning rate 0.01 0.01

Learning rate Cosine annealing (100 Cosine annealing

schedule epochs) (50 epochs)

Batch size 1 1

Maximum epochs 200 100

Early stopping criteria  Validation loss plateau

(patience =20 epochs)

Validation loss pla-
teau (patience=15

epochs)
Input normalization ~ SUV (normalized by dose/  SUV
body weight)
Patch size (training) 96 X 96 X 96 voxels 96 X 96 X 96 voxels

Patch overlap 50% 50%
Data augmentation Rotation+35° flip (p=0.3) Rotation+35°, flip

(p=03)
Inference time ~90 s per volume (V100 ~90 s per volume
GPU) (V100 GPU)
Computational NVIDIA V100 (32 GB); NVIDIAV100 (32
resources ~12 h/fold GB); ~8 h/fold

Model training

Our model was developed using PyTorch 2.0 on an
NVIDIA V100 GPU. We employed a two-stage transfer
learning strategy to leverage the strengths of both phan-
tom and clinical data. In Stage 1 (pretraining), we trained
the Swin-UNETR model exclusively on the BrainWeb
phantom dataset using 5-fold cross-validation, where the
input was the reconstructed low-count PET image and

the supervision target was the ground-truth activity map
(true activity distribution). In Stage 2 (fine-tuning), we
initialized the network weights from the best phantom-
pretrained model and fine-tuned it separately on the
clinical datasets (**F-FDG and '8F-Florbetapir) using the
same 5-fold cross-validation scheme, with the high-count
PET +IY-PVC images as supervision targets.

Splits were performed at the subject level with the
below compositions per fold (all subject volumes/slices
kept together), ensuring no data leakage between folds.

+ 'BF-FDG (Monash DaCRA, N =25 subjects): 20
training / 3 validation / 2 test subjects per fold.

+ '8F-Florbetapir (OASIS-3, N =30 subjects): 24
training / 4 validation / 2 test subjects per fold.

+ BrainWeb phantom (N= 20 realizations): 16 training
/ 2 validation / 2 test per fold.

Training used SUV normalization, 3D patches of
96 x 96 x 96 pixels with 50% overlap for memory effi-
ciency on V100 GPU (32 GB). Early stopping prevented
overfitting (Table 1). Typical training: ~12 h/fold on
V100.

To assess the contribution of the network architecture
and the transfer learning strategy, we performed an abla-
tion study with three variants. In the first variant, a stan-
dard 3D U-Net was trained only on the clinical "*F-FDG
data, using low-count PET as input and high-count
PET (+IY-PVC) as target. In the second variant, the
full Swin-UNETR architecture was also trained only
on clinical data with the same supervision. In the third
(proposed) variant, Swin-UNETR was pretrained on the
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BrainWeb phantom dataset using the true activity map
as the target and then fine-tuned on the ®F-FDG clinical
data, as described above. All three models were trained
with identical data splits, loss function, optimizer, and
hyperparameters, differing only in architecture (U-Net
vs. Swin-UNETR) and the use of phantom pretraining.
Performance was evaluated on the phantom test data and
on the "®F-FDG clinical test set using SSIM and PSNR
computed within the brain mask.

Evaluation

To evaluate the efficacy of the proposed approach, we
conducted a comparative analysis with the low-count
without PVC images and full-count with IY-PVC images.
Quantitative metrics, including peak signal-to-noise
ratio (PSNR) and structural similarity index (SSIM), were
adopted to assess the impact of various image enhance-
ment algorithms on image quality. PSNR measures the
ratio of the maximum signal value to the impact of dis-
torting noise on image quality. SSIM is a metric that
assesses the similarity between two images, quantifying
the degradation in image quality resulting from compres-
sion and transmission losses. Additionally, relative root
mean square error (fRMSE) was utilized for image qual-
ity assessment, calculated using the ground truth average
pixel value based on the provided Eq. (4):

'RMSE = VMSE / ; )

where y represents the ground truth average pixel value.

PSNR, SSIM, and rRMSE were computed over the
brain mask (GM + WM +lesion voxels from the Brain-
Web activity map) for phantom data, and over the whole
brain mask for clinical data. We conducted a comprehen-
sive analysis of Standardized Uptake Value (SUV) images
across different brain segments using the Brainweb
phantom images. The box and whisker plots facilitate a
quantitative comparison of different methods, includ-
ing low-count PET images, a reference activity map, IY-
PVC, and PET images corrected with our deep learning
algorithm for PVC. The SUV data from the Brainweb
phantom were analyzed using a box and whisker chart to
visually represent the distribution of SUVs across three
brain segments: Gray Matter, White Matter, and Lesion.
The chart was constructed using Python’s Matplotlib
library, with summary statistics calculated for each seg-
ment. The interquartile range (IQR), median, and poten-
tial outliers were visually depicted to compare the SUV
distribution in different anatomical regions.

Patient quantitative evaluation is done by Freesurfer
tools, a widely employed tool in neuroimaging research
(http://surfer.nmr.mgh.harvard.edu/) as follows: The
acquired T1-weighted images underwent meticulous
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preprocessing through the FreeSurfer image analysis
suite involving a comprehensive pipeline documented in
prior publications [43—45]. This process included motion
correction, averaging of volumetric T1 weighted images,
removal of non-brain tissue using a hybrid watershed/
surface deformation procedure, automated Talairach
transformation, segmentation of subcortical WM and
deep GM volumetric structures (such as the hippocam-
pus, amygdala, caudate, putamen, ventricles), inten-
sity normalization, tessellation of the gray matter-white
matter boundary, automated topology correction, and
surface deformation following intensity gradients to
optimally place the gray/white and gray/cerebrospinal
fluid borders at the location where the greatest shift in
intensity defines the transition to the other tissue class.
Concurrently, PET to MR registration employed a vector-
gradient algorithm (VGM) [46] symmetrically, using the
average transformation for PET to MR. The regional PET
processing, utilizing FreeSurfer segmentation examined
each FreeSurfer region and generated comprehensive
reports of regional measurements. Subsequently, the
Standardized Uptake Value Ratios (SUVR) by employing
the pons as a reference region [47] and residual variance
across voxels in each brain region for all were computed.

Statistical analysis

Voxel-wise correlation, employing the Pearson correla-
tion coefficient, was utilized to evaluate the effectiveness
of various techniques. This metric evaluates the similarity
between corrected images and ground truth images on a
voxel-by-voxel basis, using the corresponding voxel in the
high-count image as the reference image.

Results
In the entire manuscript, we refer to our model output
(deep learning-based PVC) as DL-PVC.

Phantom dataset

Figure 3 depicts representative slices of low-count PET
images, the activity map, partial volume correction using
iterative Yang, and the deep learning-based PVC (DL-
PVC) in the test set. As demonstrated in the images,
lesion detectability is improved for 2 mm and even larger
lesions, as indicated by the arrow in the axial and coronal
view.

The box and whisker plots in Fig. 4 provide a compre-
hensive statistical analysis of the different brain regions
within the Brainweb phantom dataset. The analysis is
conducted across three different images: Low-count PET
image, Reference activity map, IY-PVC, and DL-PVC.

Table 2 presents the quantitative analysis of the Brain-
web phantom images by calculating the PSNR, SSIM,
and rRMSE. The DL-PVC outperformed the Low-count
PET method in terms of SSIM, being 0.96+0.01 for the
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Fig. 4 Box and whisker plots illustrating the statistical analysis of the SUV images of brain segmentations (Gray Matter, White Matter, and Lesion) within
the Brainweb phantom's test set for different methods: low-count PET image, reference activity map, low-count partial volume corrected using Iterative
Yang (LC-IY_PVC), and partial volume corrected PET image using our algorithm. The results demonstrate the deep learning algorithm's efficacy in restor-
ing activities across varied regions, providing a visual representation of its ability to consistently enhance SUV values in different anatomical segments

proposed method, compared to 0.94+0.01 for low-count
PET (2% higher). In addition, the average rRMSE of our
method was lower than Low-count PET at 4.29 +0.55,
with a value of 4.87 +0.56 for Low-count PET (4% lower).
The PSNR was highest for DL-PVC at 32.15+0.01 dB,
while 29.82 +0.01 dB for low-count (11% higher).

Clinical dataset

Figure 5 showcases the effectiveness of our proposed
method in visualizing patient images for 'F-FDG and
I18F_Floebetapir. The figure is organized into columns,
each representing a different method: the low-count PET
image, the reference high-count PET image with IY-PVC,
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Table 2 The Brainweb dataset PSNR, SSIM, and rRMSE for each
of the approaches demonstrate how the presented approach
performs superior in terms of image quality than Low-count PET
(lower rRMSE, higher SSIM, higher PSNR)

SSIM Low-count PET DL-PVC
0.94+0.01 0.96+0.01

PSNR 28.67+0.94 32.15+0.01

rRMSE 487+0.56 429+0.55

our proposed DL-PVC method, and bias maps, from left
to right respectively. The first row illustrates the axial
slice, while the second and third rows depict the corre-
sponding slices in the sagittal and coronal, respectively.
In bias map images, our DL-PVC method demonstrates
superior performance by producing results that closely
match the high-count PET image with minimal error,
outperforming low-count images. We illustrated that the
proposed method enhanced image resolution, particu-
larly in tissues situated close together, enabling their dif-
ferentiation (as indicated by the arrows).

Figure 6 presents the Mean and Standard Deviation of
SUVR for each brain region, using the pons as a reference
region. The results indicate the outperformance of the
DL-PVC method in comparison to low-count PET other
methods across all the brain’s regions and radiotracers.
The results show improved SUVR agreement with the
high-count reference compared to low-count PET, sug-
gesting potential for quantitative brain PET applications.

Figure 7 presents a comprehensive analysis of the mean
and standard deviation of residual variance across vox-
els in each brain’s region, focusing on both '*F-FDG and
18F_Floebetapir tracers. Notably, our proposed method
exhibits a lower mean of residual variance across voxels
in each region compared to the IY-PVC and low-count
PET counterparts. This result underscores the effec-
tiveness of our method in minimizing the variability of
residual errors within different regions, emphasizing its
superior performance in achieving more consistent and
reliable results.

Table 3 provides a comparative analysis of our pro-
posed DL-PVC method against an alternative approach,
evaluating performance based on three metrics. The pro-
posed DL-PVC method showed improved agreement
with the reference across all three metrics compared to
low-count PET.

Figure 8 presents voxel-wise correlation scatter plots,
comparing the performance of the DL-PVC algorithm
and low-count PET images on the test dataset for both
BE_FDG and !SF-Floebetapir scans. Despite observing
high correlations (R2>0.98) between both approaches
and the reference IY_PVC PET images, the proposed DL-
PVC method exhibits a notably superior coefficient.

Ablation (Table 4) confirms Swin-UNETR superior-
ity over U-Net baseline and transfer learning benefit.

Page 9 of 16

The ablation study confirmed that both the choice of
architecture and the use of phantom pretraining contrib-
uted to performance gains. On the BrainWeb phantom,
SSIM increased from 0.93+0.02 for the U-Net trained
only on clinical data to 0.94+0.01 for Swin-UNETR
trained only on clinical data and to 0.96+0.01 with
Swin-UNETR plus phantom pretraining. The corre-
sponding PSNR values were 26.27 +0.05 dB, 29.88+0.13
dB, and 32.15+0.01 dB, respectively. For the 18 F-FDG
clinical test set, SSIM improved from 0.94 +0.01 (U-Net)
to 0.95+0.01 (Swin-UNETR clinical-only) and 0.97 +0.01
(Swin-UNETR with phantom pretraining), while PSNR
changed from 35.82+0.52 dB to 39.67+0.18 dB and
40.78 £0.21 dB, respectively. These results indicate that
Swin-UNETR outperforms the UNet baseline, and that
phantom pretraining improves structural fidelity on both
phantom and clinical data, although the PSNR ranking
on FDG reflects a trade-off between denoising and edge
preservation.

Discussion

This study aims to suggest and evaluate a deep learn-
ing-based model for simultaneously PVC, image qual-
ity enhancement, and noise reduction of low-count PET
images. Many conventional PVC techniques rely heav-
ily on additional anatomical data, such as CT or MRI
scans. However, this dependence becomes a limitation
when these modalities are either unavailable or affected
by artifacts. Moreover, the inherent noise present in PET
images often results in quantitative errors, highlight-
ing the pressing need for image quality improvement.
Introducing a model capable of reducing PVE and noise
from PET images could prove immensely advantageous.
Our approach integrates two neural network structures,
namely the Transformer and UNET, enabling the incor-
poration of both global and local features while fostering
the exchange of information between patches. We pro-
pose the MSE loss function to assess the accuracy of the
processed images. The convergence investigation of this
loss function indicates progressive improvement in the
network’s ability to represent the features of the data.

The proposed method consistently outperformed low-
count PET, demonstrating higher PSNR values indicative
of superior image quality and noise reduction, signifi-
cantly elevated SSIM scores highlighting better struc-
tural preservation, and lower rRMSE values reflecting
enhanced accuracy in images. These findings collectively
emphasize the effectiveness of the proposed method in
improving both image quality and accuracy compared to
low-count PET across the Brainweb dataset.

In our results, we conducted a comprehensive analysis
of SUV images across different brain regions using the
Brainweb phantom. The box and whisker plots facilitate a
quantitative comparison of different methods, including
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Fig. 5 Comparison of imaging methods for (a) 18F -FDG and (b) 18F -Floebetapir patient scans. Columns display different techniques: low-count PET
image, high-count PET image with IY-PVC, proposed DL-PVC method, and bias maps (from left to right). Rows represent axial, sagittal, and coronal slices.
DL-PVC method exhibits superior performance, closely resembling high-count PET images with minimal error, surpassing low-count images.

low-count PET images, a reference activity map, and
PET images corrected with our deep learning algorithm
for PVC. The algorithm not only enhances the SUV val-
ues consistently across different anatomical segments
but also brings them closer to the reference activity
map. This is visually represented in the box and whisker
plots, where the median (represented by the line inside

the box), the interquartile range (represented by the
box), and the range (represented by the whiskers) of the
SUV values are shown for each method and each brain
regions. The closer alignment of the SUV values from our
algorithm with the reference activity map, as compared
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which is segmented with the Freesurfer software) with the pons as a reference region a) 18F-FDG, b) 18F-Floebetapir. The DL-PVC (W/O MR) algorithm
not only enhances the SUVR values consistently across different anatomical segments but also brings them closer to the reference IY- PVC method which

uses MRI information to correct PVE

to the low-count PET image, underscores the effective-
ness of our algorithm in improving the quality of PET
images.

The emphasis is on the algorithm’s efficacy, visually
represented in the plots, showcasing its consistent ability
to enhance SUV values across GM, WM, and Lesion seg-
ments. These findings hold both statistical significance
and qualitative relevance, suggesting the algorithm’s
potential to contribute to more accurate and reliable PET
image analysis. The demonstrated improvements under-
score the algorithm’s impact on enhancing SUVR values,
with implications for advancing PET imaging in clinical
and research settings.

The model, trained with real patient data, shows poten-
tial for clinical application, capable of reconstructing
smooth images while preserving edges. However, with-
out ground truth, it is challenging to make quantita-
tive claims or judge the authenticity of structures made
apparent with DL-PVC.

The proposed DL-PVC method in this paper represents
an advancement in the field of PET image processing,
particularly in the simultaneous application of denoising
and PVC for low-count images. While previous studies,

such as the one conducted by Azimi et al. [27] utilized a
2D U-net architecture for joint denoising and PVC, our
approach surpasses this limitation by utilizing a 3D swin
UNET network. The choice of transformer architectures,
known for their capability to capture long-range depen-
dencies and contextual information, enhances the learn-
ing process and improves overall performance compared
to traditional 2D architectures. Moreover, we address the
concerns raised by Matsubara et al. [28], who highlighted
the challenges in capturing spatial relationships between
slices in 3D PET images. Our DL-PVC method effec-
tively addresses this issue, demonstrating strong quan-
titative agreement with clinical reference images in the
final PV-corrected maps. Moreover, the proposed model
generates PVC images from PET images without needing
extra imaging data, such as MRI or CT scan, eliminating
the need for precise registration, segmentation, or point
spread function calculation. Additionally, we acknowl-
edge and overcome the limitations observed in the
Sanaat et al. [29] study, as our method provides robust
PVC results with comprehensive evaluation, includ-
ing multi-institutional data and the Brainweb phantom,
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Fig.7 Mean and standard deviation of residual variance across voxels in each brain’s regions: a) 18F-FDG, b) 18F-Floebetapir. In comparison to the IY-PVC
(MR guided) and low-count PET counterparts, the DL-PVC (W/O MR) method exhibits lower mean residual variance across voxels. Our proposed method
is highly effective at minimizing residual error variability within different regions, emphasizing its superior performance in achieving consistent and reli-

able results

Table 3 PSNR, SSIM, and rRMSE in the patient test sets for
various approaches, demonstrating that the suggested approach
works superior to the low-count PET images in terms of image
quality (lowest rRMSE, highest SSIM, highest PSNR)
8F-FDG(N=25) '8F-Florbetapir (N=30)

PET vs.IY-PVC DL-PVCvs. PETvs. DL-PVCvs.
1IY-PVC 1IY-PVC 1Y-PVC
SSIM 0.95+0.01 0.97+0.07 0.96+0.01 0.98+0.007
PSNR 3352+099 40.78+02  408%17 49908
rRMSE 547+0.02 2.69+0.01 34+001 1.9+0.01

demonstrates the robustness and reliability of our DL-
PVC method in real-world scenarios.

The DL-PVC framework offers two primary clinical
benefits for brain PET imaging. First, by enabling the use
of low-count (10% of standard counts) PET images while
restoring image quality comparable to high-count+IY-
PVC references, our method supports substantial reduc-
tions in either scan time or injected activity. For a typical
18 F-FDG brain PET protocol (260 MBq injected activ-
ity, 20-minute acquisition), DL-PVC could enable:
(i) ~2-minute scans at standard dose (90% scan time
reduction) or (ii) similar 20-minute scans with ~26 MBq
(90% dose reduction), both yielding quantitative accu-
racy comparable to standard protocols. The latter would

reduce the effective dose from ~5.2 mSv to ~0.52 mSy,
a 10-fold reduction beneficial particularly for pediat-
ric patients, longitudinal studies, and research cohorts
requiring multiple scans.

Second, unlike conventional IY-PVC (which
requires ~15-30 min of MRI segmentation and regis-
tration per case), DL-PVC inference requires only PET
input and runs in under 2 min on modern GPU hard-
ware with no preprocessing or anatomical data needed.
This eliminates the need for PET/MR scanners, co-reg-
istered MRI, or time-intensive FreeSurfer segmentation,
which may facilitate PVC in PET/CT-only workflows and
centers without MRI access. Together, these advantages
could substantially increase PVC adoption for quantita-
tive brain PET applications such as amyloid imaging,
FDG metabolism studies, and dementia assessment.

Our framework differs from recent unsupervised DL-
PVC methods [31] by using supervised learning with
phantom true activity maps for pretraining and clini-
cal IY-PVC fine-tuning, enabling end-to-end low-count
denoising + PVC without MR at inference. Key advan-
tages include: (i) 3D Swin-UNETR architecture captur-
ing long-range dependencies superior to 2D U-Nets;
(if) MR-free clinical deployment (unlike DeepPVC); (iii)
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Fig. 8 Voxel-wise correlation scatter plots comparing DL-PVC algorithm and low-count PET image on the test dataset: a) 18F-FDG, b) 18F-Floebetapir.
Despite high correlations (R2 > 0.98) for both with reference IY_PVC PET images, the proposed method achieves a superior coefficient

Table 4 Ablation study demonstrating the benefit of phantom
pretraining followed by clinical fine-tuning compared to Swin-
UNETR training from scratch on clinical data only, and superiority
over U-Net baseline

Variant Phantom '8F-FDG  Phantom '®F-FDG
SSIM SSIM PSNR PSNR

U-Net 093+0.02 094+001 2627+0.05 3582+052

(clinical only)

Swin-UNETR 094+0.01 095001 29.88+0.13 39.67+0.18

(clinical only)

Swin-UNETR 096+£0.01 097001 3215+0.01 40.784+0.21

(phantom +trans-

fer learning)

Metrics reported as mean + SD across test folds

demonstrated 10x count reduction with 48% PSNR gains
over low-count PET; and (iv) transfer learning from digi-
tal phantom providing physics-grounded initialization.
While unsupervised methods reduce data requirements,
our approach shows promising quantitative agreement
with clinical references at ultra-low counts and may
serve as a research framework for future low-count PET
applications.

The ablation analysis further clarifies the role of the
proposed design choices. Replacing the U-Net baseline
with Swin-UNETR yielded consistent gains in both SSIM
and PSNR on phantom and '®F-FDG data, underscoring
the benefit of long-range self-attention and multi-scale
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feature encoding for joint denoising and PVC. In addi-
tion, phantom pretraining followed by clinical fine-tun-
ing improved structural similarity on both domains,
indicating that learning from true activity maps helps the
network better preserve fine anatomical details in clinical
images. The modest differences in PSNR across variants
on the clinical data suggest a balance between stronger
denoising and sharper edge preservation, which is con-
sistent with the visual impression of less over-smoothed
DL-PVC images.

Joint denoising plus PVC has precedent in Azimi et al.
[30]. and our previous CycleGAN-PVC study [29], show-
ing single-network approaches avoid error propagation
from cascaded pipelines. Advantages include: (i) consis-
tent error propagation; (ii) shared feature learning; (iii)
single inference pipeline. Limitations include: difficulty
isolating contributions, potential IY bias inheritance. The
unified framework offers several advantages over sepa-
rate denoising/PVC: (i) consistent error propagation (no
intermediate noisy PVC artefacts); (ii) shared feature
learning (denoising benefits PVC kernel estimation); (iii)
single inference pipeline (processing time < 2 min). Limi-
tations include difficulty isolating individual contribu-
tions and potential bias inheritance from IY-PVC clinical
targets. While global metrics (SSIM/PSNR) assess tech-
nical performance, brain PET quantification prioritizes
regional SUVR accuracy, which our FreeSurfer analysis
confirms.

However, the proposed method’s limitation lies in the
inherent complexities associated with the denoising and
PVC tasks. Despite the effectiveness of our method, there
might be specific image features or scenarios where the
model’s performance could be suboptimal. Furthermore,
while we strive for versatility in handling low-count
images, it is important to recognize that the performance
of our DL-PVC method may vary based on the severity
of noise and PVE. Moreover, the dataset used for train-
ing and evaluation, though comprehensive, was relatively
small. While we aimed to cover a diverse range of sce-
narios, a larger dataset could offer more robustness and
generalizability to our model. Additionally, while the IY
method served as a reference for PVC, it’s essential to
recognize that it may not fully represent the true activity
distribution, and thus, cannot be unequivocally consid-
ered as ground truth. Moving forward, addressing these
limitations could involve expanding the dataset size to
incorporate a wider range of noise levels and PVE sce-
narios and developing more accurate ground truth data
to improve the evaluation and validation of the proposed
approach.

Clinical results are inherently limited by the absence of
true physical ground truth, relying instead on high-count
IY-PVC as a surrogate reference. While DL-PVC demon-
strates superior agreement with this reference compared
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to low-count PET (SUVR bias reduction 35-42%, resid-
ual variance 28-36% lower), these improvements reflect
IY-like performance at lower counts rather than absolute
accuracy. Demonstrating clinical utility will require pro-
spective studies with test-retest reproducibility, reader
agreement analyses, and diagnostic performance metrics
against established endpoints.

As noted in our prior works [29] and also based on a
recent review [48], IY remains primarily a research tool
rather than routine clinical method due to noise sensitiv-
ity, MR dependence, and lack of large-scale validation.
Simpler alternatives (MG, GTM, RBV) exist with estab-
lished clinical workflows, though often ROI-limited. Our
DL-PVC inherits IY biases during clinical fine-tuning but
offers PET-only inference (< 2 min) vs. IY’s 15-30 min MR
processing. DL-PVC is positioned as research framework
demonstrating IY-like performance at 10x lower counts,
not validated for routine clinical replacement pending
multi-method comparisons and prospective studies.

The clinical datasets span multiple Siemens scan-
ners (Biograph mMR, ECAT-HR+, Biograph PET/CT
from OASIS-3) and acquisition protocols (20-min static
vs. late dynamic frames), providing initial evidence of
cross-scanner robustness within the Siemens ecosystem.
However, reconstruction parameters differed slightly
between sites (e.g., iteration/subset counts, post-filters),
and performance was not stratified by scanner type.
External validation on non-Siemens systems (GE, Phil-
ips) and harmonized reconstruction protocols (e.g.,
EANM standards) is needed to confirm domain gener-
alization. Future work will test scanner-agnostic training
(multi-vendor phantoms) and domain adaptation tech-
niques to enhance applicability across diverse clinical
PET environments.

Conclusion

We suggested a deep learning-based PVC method com-
bining transformer and U-net architectures with trans-
fer learning from phantom ground truth to clinical data,
offering a promising research framework for reducing
both PVE and noise in brain PET images. Furthermore,
our model performs PVC directly from PET images with-
out requiring MR or CT images as input at inference,
which makes it practical for scenarios where anatomical
imaging is unavailable or impractical because of artifacts,
although MR was used in this study to generate IY-PVC
training labels and for regional quantitative evaluation.
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