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Abstract: Conventional single-photon emission computed tomography (SPECT) relies on mechanical collimators, which impose an in-
herent trade-off between spatial resolution and sensitivity. A novel cardiac SPECT system that employs a self-collimating design with
interleaved mosaic scintillators has been proposed, which markedly enhances sensitivity without compromising resolution. However, the
unique self-collimating and closely arranged detector geometry also introduces more complex scatter distribution and increased scatter
fractions, making accurate scatter correction essential yet technically challenging. We employed a 3D U-Net framework to directly predict
scatter-corrected images from uncorrected images. The network was trained using 36 distinct XCAT phantoms based on GATE simula-
tions, with the true scatter-corrected images (true-SC) precisely obtained from the simulations serving as labels. Quantitative evaluation
was performed using another two XCAT phantoms with different contrast levels: a high-contrast phantom (H-Phantom, 10 realizations)
and a low-contrast phantom (L-Phantom, 5 realizations). The proposed U-Net approach were compared with two triple energy window
(TEW) methods (trapezoidal and triangular). For both contrast levels, the U-Net-based approach achieved higher contrast recovery coef-
ficients, myocardium-to-blood-pool ratios closer to the true-SC, higher contrast-to-noise ratios, and lower relative noise compared to the
TEW methods. In addition, the U-Net-based method produced images with higher structural similarity and lower normalized mean square
error relative to the true-SC reference, compared with the TEW-corrected images. In conclusion, the proposed 3D U-Net-based scatter
correction method provides more accurate scatter estimation and superior quantitative performance for self-collimating SPECT systems

than conventional TEW approaches.
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Introduction

Single-photon emission computed tomography (SPECT)
generates 3D images of in-vivo functional information by
detecting gamma photons emitted by radiotracers. It is
one of the most widely used nuclear medicine imaging
modalities in clinical practice. Quantitative SPECT plays
an important clinical role in diagnosis, risk stratification,
and therapy monitoring, but its accuracy critically depends
on accurate physical corrections. Photon interactions in
tissue lead to attenuation and scatter, both of which
degrade image quality and increase quantification bias
[1]. In quantitative SPECT, it is standard practice to com-
bine attenuation correction (AC) and scatter correction
(SC) to enhance quantitative accuracy [2]. The attenua-
tion correction is typically performed using a CT-derived
attenuation map [3, 4].

Conventional SC methods can be divided into two main
categories [2]. The first category includes model-based
approaches [5, 6], such as analytical scatter models and
Monte Carlo simulations. This category also includes
reconstruction-domain iterative estimators such as the

effective source scatter estimation (ESSE) method [2].
The second category includes energy window-based tech-
niques [7-9]. These methods estimate the scatter compo-
nent by acquiring data in additional energy windows, such
as the dual- or triple-energy window methods and their
variants. Although energy window-based methods are
computationally efficient, they may increase image noise
and exhibit residual quantification bias, particularly in
low-count imaging cases [10]. Because conventional SC
methods are usually based on simplified physical models,
data-driven methods are increasingly used to achieve
more accurate SC. In recent years, deep learning has
attracted substantial attention in medical imaging [11-
13]. Following the introduction of the U-Net architecture
by Ronneberger et al. in 2015 [14], U-Net and its variants
have shown to be highly effective in image segmentation
[15], lesion detection [16], image denoising [17, 18] and
image reconstruction [19]. Furthermore, researchers
have applied these model for physical corrections.
Examples include performing joint scatter and attenua-
tion correction in the image domain [20], and using U-Net-
based models to predict scatter sinograms in PET [21].
These studies support the feasibility of using deep learn-
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Materials and methods

Self-collimating SPECT system
setup

We examined a self-collimating
SPECT system built with three iden-
tical modules. These modules are

|

Figure 1. Schematic of the self-collimating SPECT system and the MATRICES detector mod-
ule. A. Three-module system configuration, where dashed boxes indicate the arrangement
of the modules after rotation. B. Internal layout of the MATRICES module, including the
metal plate and the four detector layers (inner, two middle, and outer layers).

ing to learn complex scatter correction operators directly
from data.

However, the dependence on mechanical collimators
poses a fundamental limitation to conventional SPECT
performance and quantitative accuracy. This is due to the
inherent trade-off between sensitivity and spatial resolu-
tion [22-24]. Self-collimating SPECT addresses this limita-
tion by eliminating heavy-metal mechanical collimators
and achieving effective photon collimation through spe-
cially arranged high-sensitivity detector arrays, represent-
ing a new paradigm in nuclear medicine imaging [25, 26].
A representative implementation is the multilayer inter-
leaved mosaic scintillator (MATRICES) architecture, which
leverages the spatial arrangement and differential absorp-
tion properties of stacked scintillator layers to enable
simultaneous photon collimation and detection. Through
sequential photon penetration and interaction across the
multilayer stack, this design substantially improves sys-
tem sensitivity without compromising spatial resolution
[27, 28].

Self-collimating SPECT systems achieve a higher effective
count rate. However, the systems will also detect a larger
proportion of scattered photons. Their complex multi-lay-
er detector architecture increases the probability of pho-
ton interactions. Consequently, accurate scatter correc-
tion becomes especially critical for the imaging perfor-
mance of self-collimating SPECT. Conventional triple ener-
gy window (TEW) correction may systematically over- or
under-estimate scatter events, leading to increased noise
and quantification bias [29]. To address these challenges,
we propose a U-Net-based scatter correction method that
aims to improve scatter estimation while suppressing
noise and enhancing image contrast [30].

In this study, we compared trapezoidal TEW, triangular
TEW, and the proposed U-Net-based method using phan-
tom experiments at two contrast levels. Image quality and
quantitative accuracy were evaluated using multiple met-
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arranged symmetrically around a
cylindrical field of view. They are
positioned at 120° intervals from
each other. To satisfy angular sam-
pling requirements, the system
underwent a single 60° rotation
about its central axis. The configuration is shown in Figure
1, where dashed boxes indicate the positions of the mod-
ules after rotation. Each module adopts the MATRICES
architecture, spans 528.0 mm tangentially and 400.0
mm axially, and consists of a 2-mm-thick tungsten plate
and four detector layers stacked along the radial
direction.

In each MATRICES detector module, the tungsten plate is
uniformly perforated with 2 mm x 2 mm square apertures
(opening ratio ~ 4%). The detector assembly is composed
of 16 mm x 16 mm x 6 mm detection units arranged in a
33 x 25 array (tangential x axial) within each module.
Each unit has many small GAGG(Ce) scintillators. Each
one is 4 mm by 4 mm by 6 mm. They are placed with air
voxels in between. The first three layers of scintillators are
in @ mosaic pattern. This pattern lets the layers detect
photons and also provides collimation. The fourth layer is
different. It is completely filled with GAGG(Ce) material.
This full layer catches and absorbs the photons that pass
through the layers above it. The distances from the FOV
center to the tungsten plate and to the four detector lay-
ers are 325, 400, 475, 550, and 825 mm, respectively.

Data simulation and scatter characterization

All projection data in this study were generated using the
Geant4 Application for Tomographic Emission (GATE,
v9.2) to simulate °°"Tc imaging of the eXtended CArdiaC-
Torso phantom (XCAT) [31]. The simulation fully incorpo-
rated the key physical interactions of 140 keV gamma
photons, including photoelectric effect, Compton scatter-
ing, and Rayleigh scattering. We enabled the “process
tagging” feature in the simulation to track and record the
complete interaction history of each detected photon.
Based on this, events recorded by the detector were pre-
cisely defined and classified as: true events: referring to
photons that were detected without scattering in the
imaging object and whose energy deposition fell within
the photopeak window (140 keV+20%); scatter events:
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Figure 2. The 3D U-Net architecture.

Figure 3. Sample XCAT male slices with a large size (A), a medium size (B) and a small size
(C), with an activity ratio of 6:1:0:0.15 for myocardium, liver, lung, and background (includ-
ing blood). Long axis scale, short axis scale and height scale of phantom for the three dif-
ferent body sizes are 1:1:1, 0.89:1.11:1.00, and 0.78:1.06:1.00, respectively. (D-F) are the
attenuation coefficient maps corresponding to (A-C), respectively.

referring to photons that underwent one or more Compton
scatterings in the imaging object, with final energy still
falling within the photopeak window and being detected.
Therefore, we can create two projection files: one con-
tains all events, and the other has scatter events removed.
Reconstructing images from these two files gives us the
uncorrected image (w/0-SC) and the true scatter-correct-
ed image (true-SC). We can also collect counts from any
energy window. This provides the necessary projection
data for the TEW scatter correction method.

The self-collimating SPECT system has no mechanical col-
limator. It shows high sensitivity and uses multi-layer,
high-density GAGG(Ce) detectors. Because of this design,
scatter effects are more noticeable than in traditional
systems. We calculated the average scatter fraction for
this system. It reaches 20.90%. Also, photon transport is
affected by the multi-layer detector structure. This makes
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Concatenation

the spatial distribution of scatter
events more complex compared to
conventional SPECT. The energy
spectrum becomes distorted too.
For these reasons, scatter correc-
tion is very important for imaging
with the self-collimating SPECT
system.

32 1

(Conv 3x3x3 + ReLU )x2
Max-pooling

Network architecture

Upsampling

Figure 2 shows our network. It has a
three-level structure with an encod-
er and a decoder. Skip connections
link them. In the encoder part, each
level has two blocks. Each block
does a 3x3x3 convolution. Then,
batch normalization (BN) and a
ReLU function follow. After these
two blocks, a 2x2x2 max pooling
operation is used. Its stride is 2.
This step makes the feature maps
smaller. It also makes the features
deeper. The decoder part is like a
mirror of the encoder. It uses a
series of up-sampling layers. Each
level began with a 2x2x2 trans-
posed convolution operation that
doubled the spatial dimensions and
halved the feature depth. The up-
sampled feature maps were concat-
enated with the corresponding
encoder features via skip connec-
tions to preserve multi-scale spatial
information. The transposed convo-
lution operation was followed by
two consecutive 3x3x3 convolu-
tional layers, each with BN and
ReLU, to refine the fused features.
The input of the U-Net is the recon-
structed images without scatter
correction while the output is the scatter-corrected
images.

Phantom simulation and dataset generation

In this study, the datasets used to train the 3D U-Net and
to evaluate the performance of scatter correction meth-
ods were generated using GATE-based Monte Carlo simu-
lations of °*™Tc imaging with the XCAT phantom [13]. A
total of 36 simulation setups were used, corresponding to
all combinations of 6 activity distributions and 6 anatomi-
cal types. All the images had a matrix size of 180x180x20
and a voxel size of 2x2x2 mm?. The anatomical variations
included two gender (male and female) and three body
sizes (large, medium, and small), as shown in Figure 3,
thereby yielding 6 different anatomical templates. Each
anatomical model was paired with six different activity
distributions, defined by uptake ratios listed in Table 1.
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Table 1. Activity distribution defined by six uptake ratios

Group Myocardium Liver Lung Background
| 6 1 0 0.15
Il 3 1 0 0.07
11 7 1 0 0.08
\% 10 1 0 0.10
\Y 1 1 0 0.10
Vi 0.3 1 0 0.10

We created two additional XCAT phantoms to evaluate the
3D U-Net: a high-contrast phantom (H-Phantom) and a
low-contrast phantom (L-Phantom). Their configurations
are shown in Figure 4. We simulated both phantoms using
the GATE software. We did many simulations to make sure
our results were reliable. For the H-Phantom, we ran the
simulation ten separate times. For the L-Phantom, we ran
it five separate times. This repeated simulation process
strengthens the reliability of our findings. The activity con-
centration ratios for the myocardium, liver, lungs, and
background (including blood) were set to 10:10:0:1 and
9:9:0:3, respectively, using large-sized anatomical
phantoms.

During simulation, both the activity image and attenua-
tion coefficient image of the phantom were voxelized.
Energy-windowed projections were derived from ROOT
outputs. Total projection counts were ~10°.

Network training and testing

These 36 XCAT phantoms were simulated to generate pro-
jection data and subsequently reconstructed using a self-
developed OSEM algorithm incorporating attenuation cor-
rection [32]. The system matrix was obtained via Monte
Carlo (MC) simulations in GATE using uniformly distributed
99mT¢ sources within the FOV. Attenuation factors was gen-
erated based on CT-derived attenuation maps using a
CUDA-based ray-tracing algorithm. For each phantom, ten
reconstructed images were produced by varying the num-
ber of OSEM iterations (ranging from 5500 to 10000 in
increments of 500). The reconstructed images without
scatter correction (w/o SC) served as the input for net-
work training. Since true scatter events can be accurately
identified in GATE simulations, images reconstructed with
true scatter correction (true SC) were used as the training
labels.

For training, we used a 3D-patched strategy with a patch
size of 32x32x8. The patches were randomly extracted
from the reconstructed images. The initial learning rate
and the learning decay rate were set to 0.0001 and 0.996
respectively. The network was trained with the L1 loss
function. The number of epochs was 120, with each
epoch consisting of 100 batches and a batch size of 16
patches.

The 10000-iteration reconstructed images of H-Phantom
and L-Phantom without scatter correction (w/o SC) were
adopted as the testing dataset.
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Figure 4. (A) High-contrast phantom (H-Phantom) and (B) low-
contrast phantom (L-Phantom) for evaluation. Background dis-
play brightness was equalized for visual comparison.

Conventional TEW scatter correction methods

A. Trapezoidal TEW (TR-TEW) scatter correction: As shown
in Figure 5A, two narrow energy windows for °°"Tc are
centered at 112 keV and 168 keV with widths of 10 keV,
respectively, while the photopeak window spans 112-168
keV. This window configuration accounts for the 21% ener-
gy resolution of the GAGG(Ce) scintillator detectors. It is
assumed that all counts within the two narrow windows
originate from scattered photons. Accordingly, the scatter
count densities at 112 keV and 168 keV are estimated by
dividing the detected counts in each narrow window by its
width. The number of scattered photons within the photo-
peak window is then approximated as the area of the trap-
ezoid formed by the estimated scatter count densities at
the lower and upper photopeak boundaries. The estimat-
ed scatter counts in the photopeak window using the
TR-TEW method [33] is given by:

W
C, G ] W

S"kz[wl w1 2

@

Where Spk denotes the estimated scatter counts in the
photopeak window, and C, and C, are the total counts in
the lower and upper narrow windows, respectively. W, and
W, are the widths of the two narrow windows and ka is
the width of the photopeak window.

B. Triangular TEW (TRI-TEW) scatter correction: As shown
in Figure 5B, this method assumes that the upper narrow
energy window contains no scattered photons; that is, all
detected counts in this window are considered primary
(true) photons. Owing to the assumed symmetry of the
energy spectrum about the photopeak, the lower narrow
window is expected to contain an equivalent number of
primary counts. Under these assumptions, the scatter
contribution within the photopeak window using the TRI-
TEW method [34] is estimated by:

_[Cr_ 2] W
Sox [Wl w1 2 @

C. Image reconstruction with TEW scatter corrections:
After obtaining the scatter estimates from the TR-TEW
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Figure 5. lllustration of the trapezoidal TEW (TR-TEW) scatter correction method (A), and
triangular TEW (TRI-TEW) scatter correction (B), both overlaid on the ®*"Tc energy spectrum.

Figure 6. The ROIs were drawn for left ventricular myocardium
and blood pool (A), and overlapped with the activity phantom (B).

and TRI-TEW methods, the respective scatter counts were
subtracted from the primary window projections to pro-
duce two sets of scatter-corrected projection data. Each
set was then separately reconstructed using the same
OSEM algorithm in MATLAB 2022 (60 subsets; 10,000
iterations).

Performance evaluation

For both H-phantom and L-phantom, we obtained their
reconstructed images with U-Net scatter correction
(U-Net-SC), along with four conventional OSEM recon-
struction images: with attenuation correction but without
scatter correction (w/0-SC), with attenuation correction
and true scatter correction (true-SC), with attenuation
correction and trapezoidal TEW scatter correction
(TR-TEW-SC), and with attenuation correction and triangu-
lar TEW scatter correction (TRI-TEW-SC).

For quantitative evaluation, we generated the regions of
interest (ROIs) for the left ventricular myocardium (LVM,
5062 voxels) and the left ventricular blood pool (LVBP,
4388 voxels) using XCAT. As shown in Figure 6, the ROI of
blood pool was set to be smaller than the original size to
reduce the partial volume effect in the reconstructed
images, while the ROI for LVM retained the original size.

Then, we calculated the quantitative metrics for evalua-
tion, including contrast recovery coefficient (CRC), myo-
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T
100

Energy/keV

A. Contrast
(CRC):

150 200 recovery coefficient

Cmyo/CbIood -1
Amyo/Ablood -1

CRC = 3)

Cmyo and Cblood are the mean counts of the LVM and the
LVBP ROls in the reconstructed images; and Amyo and A

are the true activity values of the LVM and the LVBP.

blood

B. Myocardium-to-blood pool ratio (M-B ratio): The M-B
ratio is calculated as the mean counts within LVM ROI
divided by the mean counts within LVBP ROI:

. Cmyo
M - Bratio=—— 4)
Cblood
C. Contrast-to-noise ratio (CNR):
CNR = (Cmyo - Cblood)/ablood (5)

0 is the standard deviation of the LVBP ROI in the

blood .
reconstructed Images.

D. Relative noise (RN): The RN is defined as the ratio of
the standard deviation of the LVBP ROl to mean counts
within the LVBP ROI:

RN = 5blood/cblood 6)

E. Structural similarity index measure (SSIM):

(2uxpty + €1) (204 * €2)
(ﬂx2 + ﬂy2 +cl) (UX2 + Uyz +c2)

SSIM = (7)

M, and H, represent the mean values of the evaluated
image and the reference image reconstructed with true-
SC, respectively; o, and o, denote the standard deviations
of the evaluated image and the reference image, respec-
tively; and o, indicates the cross-covariance between the
evaluated and the reference images. ¢l and c2 are two
small constants introduced to prevent division by zero or
excessively small values.

F. Normalized mean square error (NMSE):

S _ (REF 2
|F-r

NMSE = 8)

REF 2
(A
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Figure 7. Reconstructed images with different scatter correction methods for H-Phantom.

L-Phantom

U-Net-SC

Figure 8. Reconstructed images with different scatter correction methods for L-Phantom.

IS denotes the evaluated image, and IREF represents the
reference image.

Results

Reconstruction images with different scatter correction
methods

Figures 7 and 8 show the reconstructed images with dif-
ferent scatter correction methods for the H-Phantom and
the L-Phantom. Comparing the true-SC image with the
w/0-SC image reveals that when scattered photon events
can be accurately removed, the contrast between the
myocardium and blood pool is enhanced, leading to
improved image quality. We computed the scatter frac-
tions (SF) of two TEW SC methods (TR-TEW and TRI-TEW)
and the true-SC. The true-SC SF is 20.90%. The TR-TEW
method gives an SF estimate of 30.51%. This value is
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U-Net-SC

" Y4

5x106 higher than the true one. So, TR-TEW
overestimates the scatter part. The
TRI-TEW method gives an SF esti-
mate of 16.87%. This value is lower
than the true one. So, TRI-TEW
underestimates the scatter part.
Both window-based methods have
clear limits when we compare them
to true-SC. TR-TEW and TRI-TEW
can improve image contrast to
some extent. But their results are
still much lower than the theoretical
values. This likewise produces poor-
er image quality. The U-Net-SC
method provides a more effective
scatter correction. The images it
reconstructs are closer to true-SC.
It performs especially well in myo-
cardium-to-blood-pool contrast. For
the L-Phantom, which has a lower
8x106 tracer uptake ratio, U-Net-SC can
still reconstruct high-quality imag-
es. This method not only corrects
scatter accurately but also reduces
image noise at the same time. It
shows clear advantages in the self-
collimating SPECT system.

Figures 9 and 10 display the recon-
structed cardiac images and their
intensity profiles for both the
H-Phantom and the L-Phantom. We
compared different scatter correc-
tion methods. In these results, the
U-Net-SC method consistently pro-
duces images with less noise in the
0 blood pool area. The U-Net-SC imag-
es are closer to the true-SC refer-
ence images. The TEW method
images are not as close. This shows
that the U-Net method gives much more accurate quanti-
tative results.

Quantitative evaluation results with different scatter cor-
rection methods

Table 2 shows the quantitative results for the H-Phantom
images. We measured CRC, M-B ratio, CNR, and RN. With
true-SC, the average CRC went from 0.50 to 1.00. This
means accurate scatter correction greatly improves
image contrast in our system. U-Net-SC gave a CRC of
0.99. This value is nearly the same as the true-SC result.
It is higher than the results from the two TEW methods.
We also looked at the M-B ratio. With true-SC, the ratio
went from 5.45 to 9.97. The TEW methods did not reach
as high. TR-TEW-SC had a value of 5.94. TRI-TEW-SC had
a value of 6.06. The U-Net-SC method achieved a ratio of
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Figure 9. Reconstructed images of the heart region (A-D) and the corresponding profiles (E) obtained using different scatter-correction

methods in the H-Phantom.
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Figure 10. Reconstructed images of the heart region (A-D) and the corresponding profiles (E) obtained using different scatter-correction

methods in the L-Phantom.

9.88. This is close to the ideal value from true-SC. For the
CNR, the value was 9.37 before any correction. After
applying true-SC, the CNR became 13.45. U-Net-SC
achieved a similar CNR of 13.65. This shows good con-
trast with less noise. In the blood pool, RN increased from
0.48 to 0.67 with true-SC and to 0.65 with U-Net-SC. Both
methods add more noise than no correction. But the TEW
methods performed worse than U-Net-SC in controlling
noise.

Table 3 shows the quantitative results for the L-Phantom
images. With true-SC, the CRC was 0.76. Before correc-
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tion (w/0-SC), it was 0.45. U-Net-SC gave a CRC of 0.74.
This is close to the true-SC result. The TEW methods did
not perform as well. TR-TEW-SC had a CRC of 0.44, and
TRI-TEW-SC had 0.49. The M-B ratio improved from 1.91
to 2.52 with true-SC; U-Net-SC achieved 2.48, again near
the ideal level, whereas the TEW methods yielded only
1.87-1.89. For CNR, true-SC raised the value from 2.49 to
3.14, and U-Net-SC attained a comparable 3.09, far
above the TEW results (1.19 and 1.37). In terms of RN,
both true-SC and U-Net-SC gave 0.48 (up from 0.36 with-
out SC), while the TEW methods introduced substantially
higher noise (0.74 and 0.65). Overall, U-Net-SC delivers

Am J Nucl Med Mol Imaging 2026;16(1):33-43
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Table 2. Contrast recovery coefficients (CRC), Myocardium-to-blood
pool (M-B ratio), contrast-to-noise ratios (CNR) and relative noise (RN)
for each reconstructed image of H-Phantom

Discussion

In this work, we studied scatter correction

H-Phantom  w/0-SC true-SC  TR-TEW-SC TRI-TEW-SC  U-Net-SC methods for a novel self-collimating SPECT
CRC 0.50+0.01 1.00+0.03 0.55+0.02 0.56+0.02 0.99+0.03 system with a staggered mosaic scintillator
MBrato 545011 9.97+0.23 5.94+0.14 6.06+0.14 9.88+0.31 structure. This system provides both high
CNR 0.37£0.43 13.45:0.77 5.34+0.20 6.13+0.18 13.65:0.87  Sensitivity and high spatial resolution. Monte
RN 0.48+0.02 0.67+0.03 0.93+0.02 0.83+0.02 0.65+0.03 Carlo simulations of the XCAT phantoms were

The data in the tables are presented as the mean * standard deviation from 10 sets of

reconstruction results.

Table 3. Contrast recovery coefficients (CRC), Myocardium-to-blood
pool (M-B ratio), contrast-to-noise ratios (CNR) and relative noise (RN)
for each reconstructed image of L-Phantom

performed using GATE to evaluate image
quality and quantitative accuracy. The TEW
scatter correction methods provided some
improvement in quantitative results, but the
improvement in overall image quality was lim-
ited. One reason is that the energy spectrum
varies across detector layers, while the TEW-
based methods were applied using the total

L-Phantom w/0-SC true-SC  TR-TEW-SC TRI-TEW-SC  U-Net-SC energy spectrum. In addition, TEW-based
CRC 0.45+0.01 0.76+0.01 0.44+0.01 0.49+0.01 0.74+0.02 methods introduce increased image noise. In
M-Bratio  1.91+0.02 2.52+0.03 1.87+0.03 1.89+0.03 2.48%0.03 contrast, the proposed U-Net scatter correc-
CNR 2.49+0.06 3.14+0.07 1.19+0.03 1.37+0.03 3.09+0.09 tion method significantly improved quantita-
RN 0.36+0.01 0.48+0.01 0.74+0.02 0.65+0.26 0.48+0.01 tive accuracy and reduced image noise.

The data in the tables are presented as the mean * standard deviation from 5 sets of

reconstruction results.

Table 4. Structural similarity index measure (SSIM) and
normalized mean square error (NMSE) for each recon-
structed image of H-Phantom and L-Phantom

H&L w/0-SC  TR-TEW-SC TRI-TEW-SC  U-Net-SC

SSIM® 0.66+0.01 0.15+0.01 0.16+0.01 0.65+0.01
NMSE®  0.25+0.17 0.59+0.14 0.55+0.15 0.23+0.18
SSIM® 0.69+0.01 0.13+0.01 0.14+0.01 0.66+0.01
NMSE®  0.13+0.05 0.77+0.02 0.66+0.03 0.10+0.05

Each reconstructed image with different scatter correction methods
was evaluated using the true-SC reconstruction as the reference.

performance close to true-SC across all metrics and is
markedly superior to the conventional TEW methods in
this low-contrast setting, which is consistent with the
H-Phantom results.

The SSIM and NMSE of reconstructed images of H-
Phantom and L-Phantom were shown in Table 4. After
applying TR-TEW-SC and TRI-TEW-SC, the SSIM of images
was much lower than w/0-SC and the NMSE was much
higher, indicating that both TEW-based methods intro-
duced considerable noise and degraded structural fideli-
ty. Our U-Net-SC method produced better images. For the
H-Phantom, the SSIM was 0.65. The NMSE was 0.23. The
U-Net-SC image looks more like the true-SC reference
image. The images from the TEW methods do not match
as well. We saw the same for the L-Phantom. We checked
the SSIM and NMSE for U-Net-SC and both TEW methods.
In every case, U-Net-SC had a higher SSIM number and a
lower NMSE number.
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These results indicate that the deep-learning-
based approach is more effective for this
self-collimating SPECT system.

To mitigate the partial volume effect, reduced ROI
sizes were used for quantification in this study. To better
separate the effects of scatter correction and ROI reduc-
tion on quantification performance, we conducted an
additional analysis using the original (non-reduced)
ROI sizes. The corresponding quantification results for
both the H-Phantom and the L-Phantom were summa-
rized in the Supplementary Materials. As shown in Table
S1 for the H-Phantom using the original ROl sizes,
accurate scatter correction increased the CRC from 0.30
(w/0-SC) to 0.49 (true-SC). The proposed U-Net-SC
achieved a comparable CRC of 0.48, outperforming the
conventional TEW-based methods. Because the original
ROI sizes were used in this analysis, the CRC improve-
ment from 0.30 to 0.48 reflects the contribution of the
scatter correction method alone. We then compared
these results with those reported in Table 2, where
reduced ROI sizes were used. Without scatter correction
(w/0-SC), reducing the ROI size alone increased the CRC
for the H-Phantom from 0.30 to 0.50, indicating that this
improvement is attributable solely to mitigation of partial
volume effects. Overall, these results suggest that the
quantitative improvements from scatter correction and
ROI optimization are of comparable magnitude. Under the
optimized ROI selection, the proposed U-Net-SC further
increased the CRC from 0.50 to 0.99. As shown in Table
S2, the L-Phantom exhibits the same quantitative trends
as the H-Phantom. In future work, explicit partial volume
correction methods [35, 36] could be incorporated to fur-
ther reduce partial volume effects and improve quantita-
tive accuracy.
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We also observed that the overall image quality and quan-
titative accuracy achieved with the H-Phantom were supe-
rior to those of the L-Phantom. It has two main reasons.
First, the higher background activity in the L-Phantom
leads to more pronounced scattering from the blood pool
to the myocardial. Second, a lower myocardium-to-back-
ground ratio in the L-Phantom generally requires more
reconstruction iterations to achieve clearer contrast. In
this study, all results were reconstructed using the same
10,000 iterations. For comparison, we also reconstructed
the L-Phantom with 20,000 iterations using true-SC,
which showed that the CRC increased from 0.76 to 0.93
and the M-B ratio increased from 2.52 to 2.85. However,
this improvement came at the cost of a noticeable
increase in RN, from 0.48 to 0.65. This shows that increas-
ing the number of reconstruction iterations improves con-
trast but also increases noise. For a fair comparison
between the two phantoms, we used the same iteration
number for image reconstruction in this study. To further
improve low-contrast image quality, future work may focus
on optimizing the U-Net framework. This can include
increasing low-count and low-contrast samples in the
training data and adding data with different noise levels.
In addition, attention mechanisms can be introduced to
help the network focus on relevant regions and suppress
background noise under low signal-to-noise conditions.

To evaluate the model’s generalization ability to anatomi-
cal size and gender variations, we performed an addition-
al experiment on the current U-Net model using a female,
small-sized phantom (W-H-Phantom). The results are pro-
vided in the Supplementary Materials. This phantom rep-
resents an extreme case of anatomical variation in terms
of gender and size within the training dataset. The activity
distribution of the W-H-Phantom was kept the same as
that of the H-Phantom, as shown in Figure S1, and was
used for the GATE Monte Carlo simulation. As shown in
Figure S2, the U-Net-SC reconstructed result is close to
the true-SC result and shows better performance than
the conventional TEW methods. The quantitative results
are summarized in Table S3. For the W-H-Phantom, the
U-Net-SC achieves a CRC of 1.09, which is close to the
true-SC value of 1.15 and higher than the TEW result
(0.77). Noise-related metrics show similar trends to those
observed in previous experiments. These results suggest
that the proposed model is able to handle anatomical size
and gender variations within the range covered by the
training data. The current framework appears to be suit-
able for common adult anatomical variations. If future
studies require more extreme anatomical cases, they can
be addressed by expanding the training dataset.

We also tried training the network using only the first four
activity distribution groups from Table 1. With this limited
training data, the U-Net-SC results for the L-Phantom were
not good enough. The main reason is that the myocardi-
um-to-blood pool activity ratio in the L-Phantom is very
different from the ratios covered in our smaller training
set. These findings emphasize the necessity of close
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agreement between training and testing activity distribu-
tions. It is anticipated that the performance of this U-Net
network can be further enhanced by expanding both the
diversity and volume of the training data.

For clinical generalizability, the diversity of the training
data is more important than the number of samples. A
robust dataset should span a wide range of activity distri-
butions, from low-dose and low-contrast cases to stan-
dard-dose cases, and to high-contrast cases. These dis-
tributions should be guided by physiological knowledge
and clinical imaging protocols. To support this point, we
trained the 3D U-Net using dataset groups 1, 3, 5, and 6
in Table 1, which cover a broader range of activity ratios.
With this training set, the model achieved CRC values of
0.98 for the H-Phantom and 0.74 for the L-Phantom,
which are close to the values reported in Tables 2 and 3,
respectively. This confirms that coverage of activity distri-
bution is more critical than simply increasing the dataset
size.

Computational efficiency is indeed an important factor for
clinical application. In our experiments, using a worksta-
tion equipped with an NVIDIA GeForce RTX 3090 GPU, the
trained U-Net model requires approximately 2 seconds to
process one reconstructed image. In comparison, con-
ventional TEW scatter correction combined with OSEM
reconstruction (10,000 iterations) takes about 1 hour.
Therefore, the additional time introduced by the U-Net
scatter correction is negligible, accounting for approxi-
mately 0.06% of the total reconstruction time. Once the
reconstructed image is available, the U-Net can perform
scatter correction almost in real time. In addition, TEW-
based methods require projection data from multiple
energy windows, whereas the U-Net-based approach only
requires data from the main energy window. This further
reduces data handling complexity. Combined with the
high-sensitivity characteristics of the self-collimating
SPECT system, the proposed method is computationally
practical for quantitative SPECT imaging.

Although the proposed method was designed for single-
radionuclide °°™Tc imaging, its generalizability allows flex-
ible extension to other single- or dual-radionuclide imag-
ing scenarios, such as %°MTc/*23| or 2°1T|/°°™Tc. In practice,
this can be achieved by using a dual-channel U-Net with
two input channels and two output channels. Ideal single-
radionuclide images can be generated separately and
used as reference labels. Training data are then created
by simulating images that include both scatter and inter-
isotope crosstalk. The uncorrected reconstructed images
of the two radionuclides are used as network inputs, and
the network outputs the corrected activity distributions
for both radionuclides simultaneously. Compared with the
single-radionuclide case, the main added complexity of
dual-radionuclide imaging lies in training data generation.
It requires carefully designed datasets that cover differ-
ent activity ratios and crosstalk levels between the two
isotopes. In contrast, the network architecture and the
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prediction process remain similar to those used in the
single-isotope case.

Conclusion

In this GATE simulation study of a novel self-collimating
SPECT system, we investigated the effects of photon scat-
ter on image quality and proposed a deep learning-based
scatter correction method. We demonstrate that photon
scatter substantially degrades image quality and quanti-
tative accuracy, and effective scatter correction is essen-
tial for this system. Compared to conventional trapezoidal
and triangular triple-energy-window methods, the pro-
posed U-Net scatter correction method consistently
achieves superior performance across all evaluated met-
rics in terms of contrast recovery, myocardium-to-blood-
pool ratios, noise characteristics, and structural fidelity
that closely approached the ideal true-scatter-corrected
reference. These findings indicate that deep learning-
based scatter correction can more accurately model com-
plex scatter behavior than conventional energy-window-
based approaches, and offers a practical and effective
solution to enhance quantitative reliability in self-collimat-
ing SPECT imaging.
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Table S1. Contrast recovery coefficients (CRC), Myocardium-to-blood pool (M-B ratio), contrast-to-noise ratios (CNR) and
relative noise (RN) for each reconstructed image of H-Phantom, quantified by using the original sizes of the left ventricu-
lar myocardium and left ventricular blood pool as ROIls

H-Phantom w/0-SC true-SC TR-TEW-SC TRI-TEW-SC U-Net-SC

CRC 0.30+0.01 0.49+0.01 0.33+0.01 0.34+0.01 0.48+0.01
M-B ratio 3.74+0.04 5.43+0.07 3.98+0.06 4.05+0.06 5.35+0.08
CNR 4.13+0.07 4.72+0.08 3.17+0.08 3.48+0.09 4.65+0.09
RN 0.66+0.01 0.94+0.02 0.94+0.02 0.88+0.02 0.94+0.02

The data in the tables are presented as the mean * standard deviation from 10 sets of reconstruction results.

Table S2. Contrast recovery coefficients (CRC), Myocardium-to-blood pool (M-B ratio), contrast-to-noise ratios (CNR) and
relative noise (RN) for each reconstructed image of L-Phantom, quantified by using the original sizes of the left ventricu-
lar myocardium and left ventricular blood pool as ROIs

L-Phantom w/0-SC true-SC TR-TEW-SC TRI-TEW-SC U-Net-SC

CRC 0.33+0.01 0.50+0.01 0.32+0.01 0.33+0.01 0.48+0.01
M-B ratio 1.65+0.01 2.01+0.01 1.63+0.02 1.65+0.02 1.96+0.02
CNR 1.62+0.03 1.87+0.04 0.88+0.02 1.02+0.03 1.76+0.03
RN 0.40+0.01 0.54+0.01 0.71+0.01 0.64+0.01 0.55+0.01

The data in the tables are presented as the mean + standard deviation from 5 sets of reconstruction results.

Figure S1. W-H-Phantom. A. Small-sized XCAT female phantom slices. The activity ratio was set at 10:10:0:1 for myocardium, liver, lungs,
and background (including blood). ROIs for the LVM and LVBP are outlined. B. Tissue distribution image. C. Linear attenuation coefficient
image.

W-H-Phantom true-SC 5x10¢

TRI-TEW-SC

0

Figure S2. Reconstructed images with different scatter correction methods for W-H-Phantom.
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Table S3. Contrast recovery coefficients (CRC), Myocardium-to-blood pool (M-B ratio), contrast-to-noise ratios (CNR) and
relative noise (RN) for each reconstructed image of W-H-Phantom

W-H-Phantom w/0-SC true-SC TR-TEW-SC TRI-TEW-SC U-Net-SC
CRC 0.56 1.15 0.77 0.77 1.09
M-B ratio 6.00 11.34 791 7.97 10.77
CNR 9.75 16.03 6.18 6.98 13.95

RN 0.51 0.65 1.12 1.00 0.70




