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Abstract

Brain single-photon emission computed tomography (SPECT) imaging using I-123 DaTSCAN is an effective tool for the
diagnosis and follow-up of Parkinson disease. Reducing acquisition time decreases the likelihood of patient motion, improves
patient comfort, and increases scanner throughput. However, shorter acquisition times often result in degraded image qual-
ity with reduced diagnostic value. This study aimed to use deep learning (DL) approaches to enhance the image quality of
accelerated SPECT DaTSCAN acquisitions. A total of 85 patients were scanned on a CZT-based GE StarGuide scanner with a
standard acquisition time of 15 min. To simulate fast acquisition protocols, raw list-mode data were retrospectively undersam-
pled to represent 20%, 25%, and 50% of the original acquisition time and then reconstructed using the clinical routine protocol.
A modified U-Net DL architecture incorporating attention and transformer mechanisms was trained to convert the low-count
images into full-time equivalents. The output images were compared to full-time reference images using subjective image
quality assessment by nuclear medicine physicians as well as region-wise and voxel-wise quantitative metrics on the test set.
Both voxel-wise and region-wise metrics showed significant improvement when using the DL models for all fast acquisition
times. Subjective image quality evaluations confirmed that the DL-predicted images were noticeably superior to the original
low-count reconstructions in terms of perceived image quality and diagnostic confidence. The mean absolute percentage error
(MAPE) was reduced from~30 to~ 18% for fast 1/5 acquisition time images and from ~26 to~ 16% for 1/4 acquisition time
images. Our acquisition time-specific deep learning models effectively restore information loss in fast SPECT acquisitions
and reduce image noise, without compromising diagnostic value. The models offer a promising approach for faster, patient-
friendly brain SPECT imaging without sacrificing image quality or quantitative accuracy.
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Introduction

Single-photon emission computed tomography (SPECT)
imaging using [123I]ioflupane (DaTSCAN) plays a criti-
cal role in the evaluation of presynaptic dopaminergic func-
04 Habib Zaidi tion, particularly in the differential diagnosis of movement

habib.zaidi @hcuge.ch disorders, such as Parkinson’s disease, or in patients with
cognitive disturbances, namely, for differentiating dementia
with Lewy bodies and Alzheimer’s disease (AD) [1]. By
visualizing the density of dopamine transporters (DaTs) in
the striatum, SPECT imaging offers a functional perspective
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on high-sensitivity CZT-based devices [2, 3]. This require-
ment leads to practical limitations as long acquisition dura-
tions can be problematic, particularly in elderly or cogni-
tively impaired patients, who often experience discomfort,
fatigue, or anxiety during scanning. These factors can lead to
increased risk of patient motion, ultimately degrading image
quality and rendering the scan diagnostically suboptimal or
even unusable. Furthermore, longer scan times reduce scan-
ner throughput and limit the number of patients that can be
imaged per day, introducing logistical inefficiencies in busy
clinical departments [4]. As the demand for neuroimaging
increases, especially in aging populations, there is a growing
need to optimize SPECT imaging protocols for patient com-
fort and clinical efficiency without compromising diagnostic
value and confidence.

One intuitive solution is to shorten SPECT’s acquisition
time. However, reducing scan duration lowers the number of
detected counts, resulting in images with high noise magni-
tude, lower contrast, and reduced signal-to-noise ratio (SNR).
These low-count images are often insufficient for reliable
visual interpretation or quantitative analysis, and current
hardware-based denoising approaches or post-reconstruction
filters offer limited improvement [5]. The StarGuide full-ring
360° SPECT/CT camera (General Electric Healthcare, Mil-
waukee, WI, USA) collects projection data from multiple
angles at the same time, thereby enabling a reduction in the
required acquisition time and the generation of images with
superior quality and better noise characteristics. However,
SPECT images acquired faster than recommended times suf-
fer from poor quality and might produce noticeable artifacts,
thus hampering image interpretation. Hence, there is a com-
pelling need for advanced reconstruction and post-processing
methods that can recover high-quality images from under-
sampled or noisy data.

In recent years, deep learning (DL) has emerged as a
transformative tool in medical imaging, with demonstrated
success in tasks ranging from image reconstruction and
denoising to segmentation and image synthesis [6-9]. More
recently, attention mechanisms and transformer-based mod-
ules have been integrated into DL models to improve their
ability to model long-range dependencies and contextual
relationships, factors that are crucial for restoring fine ana-
tomical details in nuclear medicine images [10]. SPECT
images acquired with lower statistics (fast acquisition or
low-dose injection) cause some patterns in the image and
changes in the voxel values which may not be related to the
scanned object. The DL denoising task can be redefined as
a decision to keep these contrasts in the image as useful
details or remove them if considered as noise. Conventional
denoising algorithms, such as post-processing filters in the
frequency domain [5], cannot distinguish between these two
types of contrasts. However, the DL model may be able to
keep the diagnostic fluctuations in the voxels related to the
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scanned object and remove noise in the image by consider-
ing the context and the complicated correlation between the
3D activity distributions and voxel values.

In this work, we propose a deep learning—based approach
to improve the quality of accelerated I-123 DaTSCAN brain
SPECT images. Specifically, we developed and evaluated
an attention-augmented U-Net model with transformer
components designed to map fast (i.e., low-count)
acquisitions to their corresponding full-time equivalents. We
trained and validated our models using a dataset consisting
of patients scanned on a GE StarGuide SPECT system,
simulating reduced acquisition times by downsampling
raw projection list-mode data to 20%, 25%, and 50% of the
original duration. The reconstructed images were compared
to reference full-time scans using both quantitative metrics
(voxel-wise and region-wise) and qualitative (subjective)
assessments performed by expert readers. Our goal is to
develop deep learning models tailored to specific acquisition
times to improve image quality and diagnostic value of
DaTSCAN SPECT images.

Materials and Methods
Patient Population

A total number of 85 patients were scanned on the GE
StarGuide CZT-based full-ring SPECT/CT camera using a
standard acquisition time of 15 min per bed used in clinical
routine. The patients were injected with approximately
185 MBq of [123I]ioflupane approximately 4 h prior to
image acquisition. The patients were positioned supine,
and SPECT/CT images were acquired using CT-based
attenuation correction, by swiping the detectors with focus
option deactivated. The demographic information of the
patients included is summarized in Table 1. All procedures
performed in studies involving human participants were in
accordance with the ethical standards of the institutional and/
or national research committee and with the 1964 Helsinki
Declaration and its later amendments or comparable ethical
standards. This retrospective study was approved by the
institutional ethics committee, and the requirement to obtain
informed consent was waived owing to the retrospective
nature of the study.

List-Mode Image Reconstruction

List-mode raw data were collected and resampled using the
GE lister option corresponding to multiple acquisition times
including 20%, 25%, and 50% of the original acquisition
time. All the projection data including the original (full-
time) and fast acquisition projections were reconstructed
using the clinical reconstruction parameters, namely, the
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Table 1 Demographic Info

. . Parameter Value
information of the enrolled
patients, including CT and Patient Age (years) 73.4+8.7
SPECT acquisition and . .
. Biological sex Female: 44, male: 41
reconstruction parameters
Patients size (m) 1.66+0.10
Patients weight (kg) 69.21+17.13
SPECT Voxel dimension (mm) 2.46%x2.46x2.46
Photopeak energy (keV)-window (%) 159 (£5%)
Reconstruction algorithm OSEM (4 iterations, 10 subsets)
Post-processing filter Butterworth, cutoff 0.6, order 10
CT Voxel dimension (mm) 0.97x0.97%x3
Tube potential (kVp) 120
Tube current (mAs) 15
Reconstruction diameter (mm) 500
Rotation time (s) 0.5

ordered subset expectation maximization (OSEM) recon-
struction algorithm with eight iterations and four subsets
with resolution recovery and using CT images for attenu-
ation correction. The reconstructed full-time and fast (fast
1/5, Y4, and ¥2) SPECT corrected images were collected and
then anonymized and converted to NIFTT image format for
further processing. The images were corrected for attenua-
tion using the coregistered CT images, but no scatter cor-
rection was implemented in the clinical routine protocol.

Preprocessing and Segmentation

CT images were used to delineate the whole brain and body
contour using previously trained deep learning models [11,
12]. DaTSCAN SPECT atlas specifically implemented on
the Brass software (Hermes Medical Solutions) with man-
ual segmentation was registered to full-time SPECT images
using three steps for matching the image centers, starting
with rigid registration followed by a deformable registra-
tion using Python SimpleITK library [13]. The registration
transform was implemented on the manual segmentation in
the atlas space and then transformed to patient native space
matching each patient-specific anatomy. A total of seven
regions including the putamen, caudate, anterior, and pos-
terior section were segmented on the right and left sides as
well as a background mask on the occipital lobe. In addi-
tion, the coregistered CT images were used to register the
CT image in MNI space to each patient’s CT image and
the Hammersmith atlas consisting of 83 volumes of interest
was generated in patient images in native space. The whole
process including registration and segmentation steps is pre-
sented in Fig. 1. All images and their segmentation masks
produced through registration were visually checked, and in
case of unacceptable registration accuracy, the registration
parameters were modified for that case, and the registration

was repeated to reach acceptable alignment. The images
were cropped to the skull region with 25-mm margin in all
three directions so that the DL. model focuses on the patient
data rather than air or objects surrounding the patient. It
should be noted that SPECT images were normalized before
the registration step. The final transformation was imple-
mented on the segmentation masks and linear interpola-
tion was used for segmentation. The voxel intensities in the
reconstructed images correspond to accumulated counts col-
lected during the respective acquisition time. For reproduc-
ible science, the preprocessing Python code has been made
available in the supplementary materials.

The voxel value in fast (1/5, %4, and 2) images recon-
structed with the selected reconstruction method reflects the
total count collected during the acquisition time. Hence, the
voxel values in fast images are lower than the full-time recon-
structed image. To correct these differences, fast images were
multiplied by the corresponding correction values. In other
words, the fast 1/5, fast %, and fast /2 images were multi-
plied by 5, 4, and 2 to correct the voxel value ranges. SPECT
images were then cropped to body contour to remove the
regions outside the patients’ body and then normalized by
zero as minimum and 99th percentiles of each image as the
maximum value without clipping the values. We used 99th
percentile to remove the effect of very high voxel values in the
images corresponding to noise, which is common in SPECT
images, especially in fast acquisition protocols. An example
of image histogram and effect of selecting 99th percentile
instead of maximum value is shown in supplementary Fig. 1.
As shown in supplementary Fig. 1, 99th percentile normaliza-
tion helps to catch the information in the image and suppress
the effect of noise in the normalized image values, while using
the image maximum compresses the information in a smaller
range. The rest of resampling and patch extraction was imple-
mented during model training.
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Fig. 1 Registration steps followed to produce the segmentations in
patient native space SPECT images. Top: registration of Hammer-
smith atlas from MNI space to native space. CT images were reg-
istered and the transformation implemented on the Hammersmith
atlas segmentation. Bottom: registration of Hermes DaTSCAN atlas

Network Architecture and Training

A dedicated time aware deep learning model was used to
convert the fast images at each dose level to the full-time
images using MONAI' and PyTorch? libraries implemented
in Python programming language. A deep learning trans-
former high-resolution architecture was used for training
[14]. We initialized the model weights using a function
designed to bias the network toward an identity mapping, as
both the input and output images belong to the same domain

L https://github.com/Project- MONAI/MONAI
2 https://pytorch.org

@ Springer

: ——
1

1

! DatScan

] SPECT Atlas ( )
X » Three Label Segmentation
: \ v
] Native Full | recictrat e Label .

! time SPECT »| Registration —>| Five Label Segmentation

= S—— : :
1

: » Seven Label Segmentation
X L J
1

1

L}

Hammer Smith
Segmentation in
Native Space

Registration

to native space and transfer of putamen, caudate, and background
masks. SPECT images were registered together here. Patient images
were used as fixed images whereas the atlas images (CT in top row
and SPECT in bottom row) were used as moving images

and modality. Furthermore, we replaced the Leaky_ReL.U
activation with a standard RelLU activation, since SPECT
images consist exclusively of nonnegative voxel values. Net-
work architecture is presented in supplementary materials.
The images were loaded with original voxel spacing of
2.46X%2.46%x2.46 mm, and 3D patches of 96 x96 X 96 vox-
els were extracted from each image and used for training the
Restormer model. Validation was carried out at each epoch
using sliding window inference, and the best validation met-
ric model was saved. A custom validation metric was defined
as a weighted combination of voxel-wise structural similar-
ity index measure (SSIM), peak signal-to-noise ratio (PSNR),
mean absolute error (MAE), and mean absolute percentage
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error (MAPE). SSIM and PSNR were inverted to ensure that
when combined with MAE and MAPE, lower values corre-
spond to better predictions. In addition, the caudate and puta-
men segmentations in the native space were loaded at the same
time and the image MAPE and MAE inside the caudate and
putamen segmentation were calculated and added with specific
weight to the whole image voxel-wise metrics. In summary, the
custom-defined metric was a combination of whole image and
region-wise errors to ensure the higher focus of the DL model
on more clinically relevant regions. Adam optimizer and L1
loss function were used. The L1 loss function was combined
with the region-wise metric calculated on the striatum region
explained earlier in metric calculation. The training contin-
ued for 100 epochs, and an initial learning rate of 0.001 was
reduced by a factor of two if the defined custom metric was
not improved (reduced metric) after five consecutive epochs.’

The total 85 images were split to a test group of 15 cases
(~20%) and the rest 70 cases were used to train five models
using fivefold cross-validation data split. The five models
trained at each fold were inferenced on each external test set,
and the predicted images were combined through averag-
ing the voxel values. Figure 2 shows the summary of these
steps followed for developing the DL models. We used a
custom training metric defined as a weighted aggregate of
MAE, MAPE (%), an SSIM-based term (100 — SSIM), and a
PSNR-based term (80 — PSNR). The SSIM and PSNR terms
were inverted so that, as with MAE and MAPE, a lower
value indicates a closer match between the predicted and
reference images. The weights were 1, 0.001, 0.01, and 0.01,
respectively. This image metric was then aggregated with
region-wise MAPE%-voxel and MAPE%-region, calculated
on expanded caudate and putamen segmentations loaded
during training. The segmentations were expanded by 5 mm
to cover both the caudate/putamen region and a safe margin
around it. The weights were chosen based on the range of
each metric and to emphasize texture; accordingly, MAPE%-
voxel was given a larger weight than MAPE%-region.

We added the following to the supplementary materials:

Image metric: I-MAE+0.001-MAPE+0.01-(100 — SSI
M) +0.01-(80 —PSNR).

Region metric: 1-MAPE%-voxel +0.5-MAPE%-region.

We also trained an additional UNET model. The
evaluation was limited to quantitative analysis. The
information about the configuration can be found in
supplementary material.

Quantitative Evaluation

The predicted images were compared with the full-time
images used as standard of reference in terms of voxel-wise

3 torch.optim.Ir_scheduler.ReduceLROnPlateau function with

patience equal to 5.

and region-wise metrics. Voxel-wise metrics including MAE,
MAPE, SSIM, and PSNR were calculated by excluding the
voxels outside patients’ body contour. Besides, the region-wise
metrics of mean error (ME-region), mean absolute error (MAE-
region), and mean absolute percentage error (MAPE-region)
were calculated inside all regions delineated on the Hammer-
smith atlas registered to patient’s native space. Multiple ratios
between the putamen and caudate were calculated including
left and right anterior and posterior putamen-to-caudate (PCR)
(calculated on seven label segmentations), left and right PCR
(calculated on five label segmentations), and left and right
striatum to occipital background ratio (calculated on three
label segmentations), and they were provided to physicians at
the next step for diagnosis and image quality assessment. Seg-
mentation visualizations are provided in Fig. 1. The calculated
ratios were compared between different groups. Nonparametric
Wilcoxon test was used to compare the quantitative metrics
between different groups of patients. We used the Wilcoxon
paired test to compare the voxel-wise and organ-wise evaluation
metrics between the fast and deep learning—improved images
at each time percentage on the test set to statistically significant
improvement for each metric achieved by our models.

Qualitative Assessment

Test images were provided to two nuclear medicine physicians
for subjective evaluation. For each case, seven different images
were provided including fast-20%, fast-25%, fast-50%, fast-
20%-DL, fast-25%-DL, fast-50%-DL, and the full-time image
used as standard of reference. They were shuffled and randomly
presented to physicians blinded to the image ID or acquisition
time. In-house Windows executable software was developed
using Python to display the images and calculated ratios ran-
domly and record the selected image quality scores automati-
cally. For each image, the two observers scored image quality
and diagnostic confidence using a 5-point Likert scale (1 =unac-
ceptable, 2=poor, 3=moderate/average, 4 =high, 5=excellent).
Before the assessment, the two physicians established a con-
sensus on the visual scoring criteria using images that were not
included in the test set later used for the main evaluation. They
had access to all the ratios mentioned in the previous section to
assess image quality and diagnostic confidence based on the
sample image. In addition, they were asked to diagnose the case
as normal (healthy) or abnormal based on the available infor-
mation. Supplementary Fig. 2 shows the graphical user inter-
face designed to provide the images to viewer and receive their
feedback automatically. After finalizing the subjective evalu-
ations, the image quality metrics were compared between the
fast images, DL-predicted images, and the reference full-time
images. Interreader reliability between the two physicians was
assessed using a two-way mixed-effects, absolute-agreement
intraclass correlation coefficient (ICC) with 95% confidence
interval.
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Fig.2 Top: list-mode sampling and reconstruction of realistic time-
reduced acquisitions. Bottom: data split and fivefold cross-validation
for training. Then, the five selected models were used to generate five

Results

Figure 3 depicts representative axial slices from four
selected patients in the test set. The deep learning—pre-
dicted images demonstrate overall improved image qual-
ity, with reduced noise and greater similarity to the full-
time acquisition compared to reduced time acquisitions. In
contrast, fast acquisition images exhibit visible alterations
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different images that are ensembled through averaging. ACRR: cor-
rected for attenuation and implemented resolution recovery

in noise magnitude, noise texture, structural patterns, and
anatomy. These feature variations may mislead clinical
interpretation and contribute to misdiagnosis when assess-
ing fast acquisition images, particularly the fast-20% and
fast-25% images. This variations in diagnosis will be dis-
cussed in the next section. The deep learning—predicted
images, however, maintain close visual agreement with the
full-time images.
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Quantitative Evaluation

Table 2 shows the voxel-wise measures on the whole image
excluding voxels outside patient’s body. The average MAPE
was improved by DL compared to fast-acquired images for all
three acquisition times, including 20%, 25%, and 50% with
a p value lower than 0.05. All metrics were improved for all
time levels except RMSE for 25%- and 50%-time levels.
Figure 4 shows box plots of voxel-wise metrics calcu-
lated on the whole images excluding regions outside the
patient’s body. As presented in Fig. 4, there is signifi-
cant improvement in all performance metrics in the DL-
predicted images. Segment-wise quantitative evaluation

metrics are summarized in Table 3, including the region
metrics comparing the average voxel value in a region and
voxel metrics calculating the voxel wise MAPE and MPE
but limited to the specific regions. Supplementary Fig. 3
shows the box plot visualizations for the same metrics
for easier comparison. Supplementary Figs. 4 to 7 show
region-wise errors calculated on multiple regions seg-
mented through registration to the Hammersmith atlas. No
statistically significant differences were observed between
the DL images and the reference full-time images, nor
between the DL images and the fast-acquired images (Wil-
coxon p > 0.05). As shown in Table 3, even the fast—20%
MPE region exhibited an MPE-region below 4%.

’ Fast 20%

‘ Fast 20%-DL ‘ | Fast 25%

‘ Fast 25%-DL |

‘ Fast 50%

‘ Fast 50%-DL ‘ ‘ Full Time

L.d

~N
©

S
-

28-d

Fig.3 Representative axial slices from four test set patients acquired
with multiple imaging configurations. Each row corresponds to a sin-
gle patient, whereas each column represents a different image recon-
struction procedure. The bottom row (P-82) depicts a positive case,

whereas the remaining rows show normal cases. Alterations in the
striatum and across the whole brain are visible in the fast acquisition
images, while the predicted images show good similarity with the
full-time images

Table2 Summary of voxel-wise metrics calculated on the whole image excluding regions outside patient’s body contour

Time percentage 20% (1/5) 25% (1/4) 50% (1/2)
Fast DL Fast DL Fast DL

ME —0.171+0.062 —0.053+0.241 —0.179 +£0.060 —0.148 +£0.228 -0.167+0.054 —0.137+£0.224
MAE 1.152+0.310 0.695+0.211 0.999+0.252 0.661 £0.202 0.595+0.155 0.515+0.173
RMSE 0.171+0.062 0.169+0.179 0.179+0.060 0.187+0.198 0.167 £0.054 0.199+0.172
MPE (%) —-4.158+0.719 3.371+4.437 —-4.301+0.729 0.517+4.163 —4.084+0.360 —0.488+3.909
MAPE (%) 30.569 +3.550 18.111+2.269 26.664 +3.450 16.853 +1.858 16.178 +£2.019 12.896 +1.371
SSIM 95.927 +0.644 97.464 +0.472 96.473 +0.699 97.638 +0.457 98.379+0.356 98.652 +0.288
PSNR (dB) 34.407 +£1.957 37.789+2.193 35.180+2.074 37.864+2.234 39.526+2.014 41.508 +2.034
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Fig.4 Box plot visualization of the voxel-wise quantitative image quality metrics calculated on the whole image, excluding the voxels outside
body contour. Dark red: fast-acquired images and dark green: DL-predicted images corresponding to each reduced time shown in the X-axis
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Supplementary Tables 2 and 3 show the p value of Wil-
coxon paired test comparing the image-wise and region-
wise metrics, respectively. All metrics were improved for
all time levels, except RMSE for 25%- and 50%-time levels.
p values lower than 0.05 were observed for all voxel-wise
metrics, except SSIM and PSNR at certain time percent-
ages, while all region-wise metrics improved by our models
were statistically significant for all time levels.

The performance metrics of the alternative UNET con-
figurations trained including voxel-wise image-level metrics
as well as region-wise analysis are provided in supplemen-
tary Table 4.

Qualitative Evaluation

Figure 5 represents the results of image quality and con-
fidence scores assigned to different categories of images
as evaluated by the two reviewers. As shown in Fig. 5,
the DL-predicted images were judged to have a superior
image quality and confidence compared to the fast acquisi-
tions. This pattern can be seen for each of the reviewers
separately and for the combinations of their decisions and
for all reduced time acquisitions, including 20%, 25%, and
50%. None of the DL-predicted images present with unac-
ceptable image quality or confidence; however, few of them
have poor image quality at lower acquisition times. Good
agreement between two readers was observed [3] with ICC
of 0.62.

Fast acquisition images resulted in misdiagnosis in a
subset of cases. Specifically, the fast 20% images produced
a false-positive rate of 30%, whereas the fast 25% images
yielded 25% false positives and 10% false negatives. The
fast 50% images showed a lower false-positive rate of 20%.
In comparison, the fast 20% DL-predicted images resulted
in 5% false negatives (one case) and 5% false positives (one
case). The fast 25% DL-predicted and fast 50% DL-predicted
images each produced 5% false-negative rate (one case per
configuration). The smoother appearance of the DL-pre-
dicted images may account for these false-negative findings
by obscuring subtle disease-related features.

Discussion

Reducing SPECT acquisition time confers advantages across
multiple groups of people involved in medical imaging,
including patients, technologists, and referring and reporting
physicians. However, the primary clinical benefit is observed
at the patient level. Shorter scan durations improve patient
comfort and tolerance and reduce the likelihood of bulk
motion-related artifacts, thereby preserving image diagnostic
value. These considerations are particularly relevant in
elderly patients and in individuals with cognitive impairment
or reduced levels of consciousness, who are more prone to
involuntary movement during prolonged acquisitions and are
therefore at higher risk of motion-related image degradation.

Early generations of SPECT systems were associated
with long acquisition times and limited image quality,
factors that restricted diagnostic confidence. Subsequent
advances in detector technology, acquisition strategies,
and reconstruction algorithms have enabled meaningful
reductions in scan duration and radiation exposure while
simultaneously improving image quality and diagnostic
performance. These technical developments have
contributed to more robust clinical interpretation, improved
patient comfort, and safer imaging workflows. Full-ring
CZT SPECT devices are a good example combining
most of the mentioned innovations, including hardware
and software improvements [4]. More recently, DL-based
image enhancement methods implemented on full-ring
CZT systems, such as the Veriton full-ring scanner, have
been evaluated in clinical settings and shown to support
acquisition time reductions of approximately 50% for
bone SPECT scans [15, 16]. These studies noted that
image enhancement performance should be interpreted
with caution in patients with large body habitus. However,
interindividual variability in head size is substantially
smaller than whole-body size variations across different
body mass indices.

In the current study, we developed a deep learning model
to improve image quality of faster acquired brain DaTSCAN
SPECT scans. We used state-of-the-art image processing and

Table 3 Region-wise evaluation results. MPE%-region and MAPE%-region refer to the error in average voxel value inside all regions segmented
on the Hammersmith atlas, while MPE-voxel and MAPE-voxel are voxel-wise metrics but include only voxels inside a specific segment

Time percentage Method MPE%-voxel MAPE%-voxel MPE%-region MAPE%-region
20% Fast —3.383+12.277 24.805+7.134 -3.29+12.172 9.555+8.227
DL 3.660+10.494 15.131+5.545 1.513+10.03 7.724+6.575
25% Fast —3.497+11.932 22.362+7.037 -3.503+11.92 9.123+8.433
DL 1.224+9.856 14316 +£5.038 —0.734+9.502 7.233+6.205
50% Fast —3.676+6.346 13.033+3.874 —3.613+6.287 5.752+4.415
DL 0.407 +£7.090 10.805+3.576 —0.739+6.947 5.43+4.395
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Fig.5 Subjective evaluation results showing the histogram of the score assigned by nuclear medicine physicians. Left column: image quality and
right column: diagnostic confidence. The results are summarized for each reviewer separately and their combined (average) scores
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Al algorithms to ensure the best possible results. Image quality
was systematically assessed using multiple quantitative met-
rics, including voxel-wise analyses over the whole brain and
region-wise evaluations with specific emphasis on the striatum,
which is of primary clinical relevance in DaTSCAN interpre-
tation. In addition, the clinical utility of DL-predicted images
was assessed through blind evaluations by two physicians, who
independently rated image quality and diagnostic confidence
and reached a diagnosis using image data and routinely applied
putamen-to-caudate ratios. The proposed models demonstrated
consistent performance across both quantitative metrics and
qualitative expert assessments. We used specific 99th percen-
tile normalization for SPECT images to adapt our methodology
to changes in voxel values and ranges in the shorter acquisi-
tion time SPECT images. Supplementary Figs. 10 and 11 show
example histograms of a representative image at multiple time
levels with and without normalization. It should be mentioned
that reducing the acquisition time does not merely introduce
random noise into the reconstructed images; it also alters the
shape and texture of the image and objects in the brains.

Prior to model development and designing this study, fast
acquisition images were visually inspected and compared
with full-time reference images. Recognizing that image
appearance, noise texture, uptake patterns, and artifact
characteristics vary with acquisition duration, we designed
acquisition time—specific deep learning models for each
reduced protocol. Model training was guided by a custom
evaluation metric that jointly incorporated whole-image
voxel-wise measures and clinically relevant putamen-to-
caudate ratio—based metrics, thereby emphasizing diagnostic
value and usefulness in addition to global image similarity.
We combined striatum region—based metrics both with the
validation metrics and the loss function to guide the DL
model with relevant clinical information. Pan et al. [17] fol-
lowed the same reasoning in modifying the loss function for
bone SPECT image enhancement. The custom metric was
used to avoid optimization toward a single measure, such as
SSIM, and to ensure that quantitative accuracy in clinically
relevant regions was not overlooked.

Salimi et al. previously investigated the feasibility of
deep learning—powered acquisition time reduction on full-
ring CZT SPECT systems [18, 19]. However, most recent
deep learning—based studies on low-dose or fast acquisition
SPECT image enhancement have primarily focused on
cardiac myocardial perfusion imaging and bone SPECT [6-9].
Wang et al. developed a model for striatum segmentation on
DaTSCAN SPECT images which can be useful as well [20].
To date, this study represents the first reported application
of DL for enhancing image quality of fast SPECT brain
DaTSCAN.

Our study addresses several limitations of the work by
Ishiwata et al. [21]. Their approach used cropped 2D slices
resized to 64 x 64 pixels, converted DICOM images to PNG

with intensity normalization and down sampled data to 256
intensity values, and evaluated the performance using only
voxel-wise metrics (PSNR and SSIM). The clinical assess-
ment was limited to pattern identification from three slice
PNG images without CT images, clinical context, adjustable
visualization parameters, or clinically relevant quantitative
metrics. In contrast, our study used full-brain 3D images in
NIFTI format, provided physicians with SPECT/CT images
and clinical information with adjustable visualization set-
tings, and evaluated performance using both voxel wise
metrics and clinically relevant measures, such as PCR and
region-level analysis.

The clinical objective of this work was not to enhance
the intrinsic diagnostic performance of SPECT DaTSCAN
but to determine whether images acquired with a shortened
acquisition time can be restored to a diagnostic quality
equivalent to that of the full-time scan, serving as the
standard of reference. To assess whether diagnostically
relevant information, rather than image appearance alone,
was preserved, readers not only rated subjective image
quality but also rendered a diagnosis based on the caudate-
to-putamen ratio, allowing us to capture changes in
diagnostic confidence and in the diagnosis itself alongside
the quantitative metrics. We reproduced the segmentation
masks by registering an atlas used in clinical routine.
This capability is directly relevant to patients unable to
remain still or tolerate a full-length scan and to reduced-
count studies arising from reduced administered activity,
whether for radiation protection reasons or following partial
subcutaneous extravasation of the injected activity. We
nonetheless emphasize that the present findings are derived
from a retrospective, reader-based design and that prospective
validation will be required prior to clinical adoption.

Acquisition time—specific reconstruction parameters tai-
lored to the acquisition time and the collected counts may
optimize the fast-acquired image as a better starting point for
the DL algorithm. However, the added layer of complication
for the external end user may make the models less gener-
alizable and practical to be used in real clinical situations.
It should be noted that reducing the acquisition time does
not merely add random noise to the reconstructed images; it
also alters the shape and texture of brain structures. The total
number of counts acquired depends on the injected activity,
patient anatomy and physiology, and the uptake (waiting)
time. In addition, the StarGuide system moves its detectors
as close as possible to the body contour, and this distance
further affects the total counts acquired. For the full-time
acquisition, the average was 1.013 +0.252 million counts.

As presented in Table 2 and Fig. 3, the quantitative
metrics computed on the DL-predicted images show higher
standard deviation. To mitigate the influence of unstable
predictions and potential outliers from individual models,
we employed an ensemble learning strategy, averaging
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the outputs of all five cross-validation folds. While this
approach reduces variance to some extent, it does not fully
eliminate it. The increased variability can be attributed to
the data-driven nature of deep learning models. Unlike
iterative or analytical reconstruction methods, which follow
deterministic and well-characterized transformations, DL
models are sensitive to variations in input data distribution,
local image features, and noise patterns. Small differences
in input images can propagate nonlinearly through the
network, leading to heterogeneous responses across cases.
Additionally, the model may inconsistently balance noise
suppression and detail preservation depending on local
context, resulting in variability in quantitative metrics.

A well-known effect of deep learning U-Net models in
image-to-image translation and denoising tasks is the overly
smooth appearance of the predicted images, which may con-
tribute to false-negative diagnoses when using DL-predicted
images. This may also explain why reviewers assigned higher
image quality scores to the DL-predicted images compared
to the reference images. However, these cases were limited
and occurred mostly in 20% and 25% acquisition times. On
the other hand, it can be seen that halved acquisition time
denoised using DL achieved comparable image quality met-
rics, clinical diagnosis, and diagnostic confidence with full-
time imaging. Using the native fast-50% images might pre-
sent problems in diagnosis and perceived image quality. We
trained our Restormer models designed for high-resolution
image restoration [14] using the native 2.4-mm spacing to
avoid downsampling the data and employed cross-validation
during training. The results were ensembled through averag-
ing, which makes the final predicted image more reliable,
even if one or two of the fold-specific models fail to produce
accurate predictions. Additionally, the agreement and similar-
ity among the five predicted models can serve as a metric for
the reliability of the predictions. The inference time for all
five models on a GPU, including combining their outputs, is
under 10 s, which is acceptable in clinical setting, consider-
ing that current commercial software reconstruction requires
approximately 1 min.

Limitations

This study has several limitations. First, the number of
training and validation cases was limited, and all data
was acquired at a single center. Nevertheless, the total
cohort of 85 cases is larger than that reported in most
previous studies addressing similar tasks in other SPECT
applications [17, 22]. A key limitation of this study is the
absence of external validation: All data originate from a
single center and scanner platform, and the reduced-count
images were generated by resampling list-mode data rather
than acquired with a true shortened protocol; accordingly,
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our findings should be interpreted as a proof of concept
requiring prospective, multicenter validation before broader
clinical claims can be made. We have shared the models
and inference instruction as well as the easy-to-use Slicer
3D (https://www.slicer.org) module for users with less
programming skill and the clinicians. While the model was
trained on StarGuide data, the approach may be transferable
to conventional dual-head SPECT systems; however, due to
differences in hardware and reconstruction, retraining and
validation are required. To facilitate this, we have made the
trained models and inference pipeline publicly available,
thus enabling interested researchers to evaluate the method
on their own systems or using it as initial weights for
transfer learning.

Decimating the list-mode raw data is the most reliable
and realistic way to simulate faster acquisition, short of
scanning each patient twice (once with a long and once
with a short acquisition time) [23]. Our study evaluated
only the effect of acquisition time reduction in terms of
time per azimuth and did not explore the effect of reducing
the number of projections due to the technical problems
and complex nature of the StarGuide image reconstruction
process. It should also be noted that the masks were used
only during the training phase; therefore, any potential
inaccuracies may affect training efficiency but do not
influence the inference stage when the trained model is
applied to new cases.

Conclusion

We developed deep learning—based enhancement models
for fast acquisition brain DaTSCAN SPECT imaging to
reduce the acquisition time while preserving diagnostic
image quality and clinical interpretability. By integrating
acquisition time—specific models, voxel-wise and region-
wise metrics, and clinically relevant striatal measures
into the training and evaluation framework, the proposed
approach consistently produced images with comparable
quantitative and qualitative performance to full-time acqui-
sitions. These findings support the feasibility of halving
acquisition durations without compromising diagnostic
confidence, highlighting the potential of DL-assisted imag-
ing to improve patient experience, reduce motion artifacts,
and optimize operational efficiency in nuclear medicine
procedure. Beyond this threshold should be approached
with caution, as diagnostic reliability may not be preserved.
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