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Abstract—This paper presents a framework for simulating
and reconstructing radiopharmaceutical images using a Comp-
ton camera (CC) for potential use in personalized dosimetry.
We developed a Geant4-based Monte Carlo simulation model
of a two-stage CC and a Technetium-99m (Tc-99m) source,
simulating gamma-ray emissions and their interactions across
multiple camera orientations. This synthetic data was used
to evaluate two 3D image reconstruction algorithms: simple
back projection (SBP) and a kernel weighted back projection
(KWBP) method. While KWBP demonstrated superiority over
SBP by producing reconstructions with significantly less noise
and better-preserved source geometry, both methods were limited
by artifacts and blurring due to restricted angular sampling. To
address these limitations, we integrated a deep learning-based
image enhancement step into the reconstruction pipeline. We
trained and evaluated two convolutional neural networks, a RED-
CNN and a U-Net, to denoise the reconstructed images. Our
results show that both networks effectively suppressed noise, but
the U-Net, trained with a hybrid mean squared error (MSE)
and structural similarity index measure (SSIM) loss function,
delivered superior performance. Quantitative analysis on a held-
out test set showed that the U-Net achieved a lower average MSE
of 0.0041, compared to the RED-CNN’s 0.0103. Furthermore, U-
Net qualitatively outperformed the RED-CNN by more accurately
preserving the structural integrity and shape of the sources. These
findings establish a two-step strategy—combining physics-based
reconstruction with data-driven denoising—as a promising path-
way for refining Compton camera images for clinical applications.

Index Terms—Compton camera, image reconstruction, radio-
pharmaceutical imaging, deep learning, gamma-ray

I. INTRODUCTION

Radiopharmaceutical therapy is an emerging cancer treat-
ment modality that leverages radioactive isotopes to deliver

targeted radiation to malignant cells while minimizing dam-
age to surrounding healthy tissues. This therapy is widely
used for treating neuroendocrine tumors, prostate cancer, and
other malignancies, with growing significance in personalized
medicine due to the increasing demand for patient-specific
organ dosimetry. However, a key challenge in Radiophar-
maceutical therapy is achieving precise dosimetry, which is
essential for optimizing treatment efficacy and minimizing
adverse effects.

Currently, dosimetry protocols rely on multiple imaging
sessions using single-photon emission computed tomography
(SPECT) and positron emission tomography (PET) scanners
to assess the distribution of radiopharmaceuticals such as
Technetium-99m (Tc-99m) and Gallium-67 (Ga-67) over time.
This process is resource-intensive, requiring access to ex-
pensive scanners and forcing patients to undergo repeated
imaging sessions over several days. These logistical challenges
have limited the widespread adoption of accurate personalized
dosimetry in clinical settings.

To address this limitation, M3D, Inc. is developing a
compact, cost-effective imaging system that can be placed
at the patient bedside to capture real-time images of radio-
pharmaceutical distribution. This system aims to replace the
need for full SPECT scans by acquiring multiple 2D images
from different angles, which are then reconstructed into a 3D
representation of the tracer uptake in the body. However, due to
limitations in data acquisition and imaging system resolution,
these reconstructed images often contain noise and artifacts.
A DL model can be integrated into the reconstruction pipeline
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to clean and refine the images, ensuring that the final 3D
representation provides an accurate quantitative analysis of
radiopharmaceutical uptake.

This research builds on experience gained from a Geant4
model of the Polaris-J CC (H3D Inc., Ann Arbor, MI) used
for prompt gamma imaging [5], where images from multiple
camera positions were reconstructed and then improved using
machine learning techniques. In this work, we adapt Monte
Carlo simulation methods to model the imaging system, define
a radiotracer source within a patient phantom, and reconstruct
high-quality images that can be used for dosimetry analysis.
To the best of our knowledge, this work represents the first
demonstration (using Geant4) of a Compton camera’s capabil-
ity for radiopharmaceutical imaging in a therapy context.
The main contributions of this work include:

• Monte Carlo simulation of a Compton camera system:
We developed a Geant4-based simulation model of a
two-stage Compton camera and a radiopharmaceutical
source. The model simulates gamma emissions from a
Tc-99m source, models their interactions with the pro-
posed camera design (including scatter and absorber de-
tector stages), and records the resulting energy deposition
events.

• Implementation of 3D image reconstruction algo-
rithms: We implemented and evaluated Compton image
reconstruction algorithms (SBP and a KWBP method) to
produce 3D source images of the gamma emissions. We
assessed the quality and accuracy of the reconstructed
images against the known ground truth distribution.

• Deep learning-based image enhancement: We trained
RED-CNN and U-Net models to suppress noise and ar-
tifacts in the reconstructed images. The denoised outputs
were quantitatively evaluated against Monte Carlo ground
truth to confirm improvements in accuracy for dosimetry
analysis.

• Framework for future experimental validation: We
refined the simulation and reconstruction pipeline to align
with the expected design of the M3D imaging system,
laying the groundwork for transitioning from simulation
studies to experimental data collection in the future.

The rest of the paper is organized as follows. Section II
provides background on Compton camera imaging and Tc-
99m radiopharmaceuticals. Section III discusses related work.
Section IV describes our methodology, including the simula-
tion setup, reconstruction algorithms, and deep learning (DL)
models. Section V presents experimental results. Section VI
offers discussion and future directions. Finally, Section VII
concludes the paper.

II. BACKGROUND

A. Compton Camera Principles

A schematic of a conventional gamma camera that relies
on mechanical collimators is shown in Figure 1. In contrast, a
Compton camera (CC) is a gamma-ray imaging device that
exploits Compton scattering to determine the direction of

Fig. 1: Illustration of collimation principles: A point source emits
rays, filtered by a collimator, with the straight ray reaching the
detector.

Fig. 2: Views of the Polaris-J CC: (a) Side view, (b) Bottom
view.

incoming gamma rays. Unlike traditional gamma cameras that
suffer from low detection efficiency due to the use of colli-
mators, CCs offer significantly higher detection efficiency and
the potential for improved spatial resolution. The underlying
principle of CC operation is Compton scattering, a process in
which an incident gamma-ray interacts with an electron in the
detector material, resulting in a loss of energy and a change
in the gamma-ray’s trajectory [1].

The Compton scattering process is governed by the well-
known Compton equation, which relates the energies of the
incident and scattered photons to the scattering angle [2]:

cos θ = 1 +
mec

2

E2
− mec

2

E1
, (1)

where E1 is the energy of the incoming gamma-ray, E2 is the
remaining energy after the scatter (so that ∆E1 = E1 − E2

is deposited in the first detector), mec
2 ≈ 511 keV is the

electron rest energy, and θ is the Compton scatter angle.

(a) (b)
Fig. 3: Schematic illustration of a two-stage CC. (a) A double-
scatter event showing the Compton scatter angle θ1 and
associated energies E1 and E2. (b) A triple-scatter event with
scatter angles θ1 and θ2, and corresponding energies E1, E2,
and E3. The diagrams also depict the projected Compton cones
used in image reconstruction.

The Polaris-J CC is a two-stage system. Figures 2a and
2b illustrate the side and bottom views of the Polaris-J CC,
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respectively. In a two-stage CC, the first stage (scatter detector)
measures the position and energy of an initial Compton
interaction, and the second stage (absorber detector) measures
the position and energy of the subsequent interaction. By
combining the information from both detectors, the scattering
angle θ can be calculated and the possible direction of the
incident gamma-ray can be constrained to a surface of a cone
(see Figure 3a and 3b). This surface is known as the Compton
cone [3].

A key advantage of CCs over conventional gamma cam-
eras is their higher detection efficiency. Collimators used in
conventional cameras block most of the emitted photons to
achieve directional information, greatly reducing sensitivity
(illustrated in Figure 1). CCs, on the other hand, require no
mechanical collimation and thus can detect a much larger
fraction of emitted photons [4]. By accurately measuring the
interaction positions and energies in both stages and applying
the Compton kinematic relationships, the incident photon’s
origin direction can be reconstructed.

The use of CCs in radiopharmaceutical imaging offers
significant potential for enhancing diagnostic accuracy and
improving patient outcomes. By providing higher detection
efficiency and improved spatial resolution, CCs can facilitate
more precise localization of radiotracers within the body, lead-
ing to more accurate dosimetry and more effective treatment
planning.

Monte Carlo simulations are a valuable tool for evaluating
CC performance in various scenarios. In this study, we imple-
mented a two-stage CC design in Geant4 to simulate photon
interactions and generate synthetic projection data for image
reconstruction. Panthi et al. [5] previously developed a Geant4
Monte Carlo model of the Polaris-J CC for proton therapy
range verification. We adapted and modified their model to
meet the specific requirements of radiopharmaceutical imag-
ing.

B. Radiopharmaceutical Imaging with Tc-99m

Radiopharmaceuticals are radioactive compounds used for
diagnostic and therapeutic purposes in nuclear medicine. These
agents consist of a radioisotope (which emits detectable radi-
ation) attached to a pharmaceutical that targets specific bio-
logical processes or organs. In imaging, the emitted radiation
is detected by gamma cameras or SPECT systems to visualize
the distribution of the radiopharmaceutical in the body.

Tc-99m is the most widely utilized radioisotope in diagnos-
tic nuclear medicine due to its favorable properties. It has a
short half-life of about 6 hours (minimizing patient radiation
exposure) and emits a 140.5 keV gamma photon suitable for
imaging with standard gamma cameras [6]. The chemistry of
Tc-99m allows it to be bound to various carrier molecules,
enabling imaging of a wide range of physiological processes.
For example, Tc-99m MDP (methylene diphosphonate) is
commonly used for bone scans to highlight areas of high bone
metabolism, and Tc-99m sestamibi is used for myocardial
perfusion imaging to assess cardiac blood flow [7].

In our simulations, we model an isotropic Tc-99m source
emitting 140 keV gamma-rays to mimic a typical radiopharma-
ceutical distribution. This involves accurately representing the
photon energy spectrum and spatial distribution of the source
within a phantom. We use Geant4 to model the decay of Tc-
99m and the subsequent gamma emission, and we place the
source within a defined volume (e.g., a 3 cm radius sphere)
corresponding to the region of interest (such as a tumor).

III. RELATED WORK

Compton cameras have been investigated in various medical
imaging contexts. Hirasawa et al. [3] developed a compact
two-stage semiconductor Compton camera and demonstrated
its potential for gamma-ray imaging, highlighting improved
efficiency over collimated systems. Polaris-series Compton
cameras (like Polaris-J) have been explored for prompt gamma
imaging in proton therapy; for example, Panthi et al. [5]
simulated a Polaris-J based CC for verifying proton range
via prompt gamma detection. Wu et al. [8] proposed a GPU-
accelerated 3D reconstruction method for Compton camera-
based radioisotope imaging, emphasizing the importance of
computational efficiency for iterative algorithms. Kim and
Lee [9] provide a comprehensive review of Compton camera
image reconstruction techniques, including recent advances in
AI-driven methods. To our knowledge, the use of Compton
cameras for directly imaging radiopharmaceutical therapy dis-
tributions (as we propose) has not been previously reported,
making our study novel in this domain.

Deep learning has shown great promise for improving image
reconstruction and denoising in medical imaging. For low-
dose CT, Chen et al. [10] introduced a residual encoder-
decoder convolutional neural network (RED-CNN) to reduce
noise, achieving significant improvement in image quality.
In situations of limited-angle or sparse-view imaging, deep
networks have been used to enhance reconstructions: e.g.,
Jiang et al. [11] demonstrated that a deep CNN can aug-
ment under-sampled cone-beam computed tomography (CT)
images, and Jiang et al. [12] developed a multi-scale U-Net
to improve digital tomosynthesis for lung imaging. Lang et
al. [13] employed a hybrid DL approach (combining a trans-
former and 3D U-Net) for protoacoustic imaging in proton
therapy, achieving accurate real-time reconstruction. In the
context of Compton imaging, Polf et al. [14] applied neural
networks to filter and reorder Compton event data for prompt
gamma imaging, illustrating the potential of machine learning
to improve CC data quality. Our approach builds on this prior
work by applying DL at the image reconstruction stage to
specifically address noise and artifacts in Compton camera
images.

IV. METHODOLOGY

A. Simulation and Data Generation

We used Geant4 (version 10.7) [15] to simulate the pro-
posed Compton camera and radiotracer source. The detector
geometry replicates the Polaris-J design, consisting of a scatter
detector followed by an absorber detector. Each detector stage
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is an array of pixellated cadmium zinc telluride (CZT) crystals
(eight modules per stage, as shown in Figure 2a and 2b, each
module containing four CZT blocks of dimensions 2.0 cm ×
1.0 cm × 2.0 cm in Stage 1 and 2.0 cm × 1.5 cm × 2.0 cm in
Stage 2). The centers of the two detector stages are separated
by 7.5 cm. A spherical tumor phantom of radius 3 cm is placed
at the origin, representing the radiopharmaceutical distribution.

The radioactive source is configured to emit 140.5 keV
gamma photons isotropically within the spherical volume,
corresponding to Tc-99m. Standard electromagnetic and ra-
dioactive decay physics models are employed in Geant4 to
handle gamma-ray interactions (Compton scattering, photo-
electric absorption) and particle transport. We simulate 108

photons for each acquisition. As photons travel through the
phantom and detectors, we record every Compton scatter
event that deposits energy in both the scatter and absorber
detectors. For each detected event, the positions (x1, y1, z1)
and (x2, y2, z2) and energies E1, E2 of the first and second
interactions are logged (for triple-interaction events, a third
interaction is recorded as well).

Fig. 4: Geant4 simulation geometries showing the CC at four
of twelve orientations (0°, 30°, 60°, 90°) about the x-axis,
30 cm from the Stage 1 detector to the source. Thirty gamma-
ray trajectories (yellow) are shown for illustration.

Fig. 5: Isotropic gamma source position profile.

Fig. 6: Central 2D slices of the 3D gamma source distribution along
the YZ, XZ, and XY planes. These slices reveal the uniform spherical
structure of the source.

To emulate a tomographic scan, the camera is virtually
rotated around the source in 12 orientations, each separated
by 30◦, covering a full 360◦ about the x-axis. At each
orientation, a 108-photon simulation is performed and the
detected events are recorded. Figure 4 illustrates the geometry
for four representative angles. The data from all 12 positions
are then combined into a single event list, serving as input
to the reconstruction algorithms. The ground-truth isotropic
source distribution is shown in Figure 5, with corresponding
central slices (YZ, XZ, XY planes) in Figure 6.

B. Image Reconstruction Algorithms

The recorded Compton events, combined from all orienta-
tions, are processed to reconstruct a 3D image of the source
activity. We implemented two reconstruction methods: simple
back-projection (SBP) and a kernel weighted back projection
(KWBP) algorithm.

1) Simple Back-Projection (SBP): In Compton imaging,
each detected event defines a Compton cone, the surface of
possible source locations consistent with that event’s geometry.
The SBP method back-projects all such cones into a 3D
voxel volume and identifies regions of high overlap as likely
source locations. Specifically, for each event with interactions
at (x1, y1, z1) and (x2, y2, z2) and measured energies E1, E2,
we compute the Compton scatter angle θ via (1). The cone
axis is taken along the line A⃗ = (x2 − x1, y2 − y1, z2 − z1)
connecting the two interaction points. We then increment all
voxels lying on the surface of this cone (apex at (x1, y1, z1),
opening half-angle θ) in a 3D grid of 128× 128× 128 voxels
covering a 15× 15× 15 cm3 volume around the source. After
processing all events, areas with a higher number of cone
overlaps correspond to higher estimated source intensity.

While SBP is straightforward and fast, it produces images
with significant blurring, low contrast, and high background
noise, especially when only a limited number of projection
angles is available. In our simulations, the raw SBP reconstruc-
tions were dominated by noise and did not clearly resolve the
spherical source, motivating the use of a more sophisticated
statistical reconstruction approach.

2) Kernel Weighted Back Projection (KWBP): We imple-
mented a KWBP reconstruction algorithm that utilizes a cone-
based kernel model, inspired by approaches in [2] and [5].
In this method, the image is reconstructed by calculating a
gamma emission probability for each voxel. This is done by
back-projecting all Compton cones into the imaging space,
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with each voxel contributing to the image based on its distance
to the cone surface.

We define a gamma emission probability for voxel x given
a dataset of M Compton cones as:

p(x) =
1

Mh

M∑
m=1

K
(d(x, cm)

h

)
, (2)

where the sum is over the M Compton cones (c1, c2, ..., cM )
from double- or triple-scatter events. d(x, cm) is the minimum
distance from the voxel x to the surface of the m-th Comp-
ton cone, which is also referred to as the point of closest
approach (PCA). K(z) is an Epanechnikov kernel defined as
K(z) = 0.75(1 − z2) for |z| < 1 and 0 otherwise, and h is
a bandwidth parameter chosen to be greater than or equal to
the voxel size. This approach assigns higher values to voxels
near the cone surface of an event. Finally, noise is suppressed
by randomly shuffling all cones, back-projecting them, and
subtracting the resulting image from the calculated image.
For more information about the KWBP algorithm, readers are
referred to [5].

C. Deep Learning Denoising

To further enhance the reconstructed images, we employed
DL models to post-process the volume produced by KWBP.
Because directly tackling the 3D volume is challenging with
limited training data, we focused on 2D cross-sectional slices.
Specifically, we extracted the central YZ-plane slice from each
3D reconstruction—which corresponds to a true cross-section
of the source—and its corresponding slice from the ground
truth activity distribution.

Dataset: We generated a dataset of paired noisy and clean
slices by simulating multiple source configurations. We sim-
ulated 16 spherical sources with radii ranging from 2.5 mm
to 40 mm and 23 ellipsoidal or irregular sources, including
elongated shapes, to provide variety. Each case was simulated
with 12 camera angles and reconstructed with KWBP as
above. This yielded a total of 1180 slice pairs. We extracted
multiple slices per volume in most cases. The dataset was split
80%/20% into training and testing sets (944 and 236 slices,
respectively) and all images were normalized to [0, 1] intensity.

Fig. 7: RED-CNN architecture with symmetric
encoder–decoder and residual skips for edge preservation and
noise reduction.

Networks: We explored two convolutional neural network
architectures for denoising: a RED-CNN [10] and a U-
Net [17]. Both are encoder-decoder designs, but they differ

in how they implement skip connections to preserve high-
frequency details.

The RED-CNN employs a symmetric encoder-decoder
structure with residual skip connections, as illustrated in
Figure 7. The encoder uses five convolutional layers with
down-sampling to extract features from the noisy slice. The
decoder mirrors this path with five deconvolutional layers to
restore resolution. Residual shortcuts add the input of each
layer to the output of its corresponding decoder layer, which
helps preserve fine details while suppressing noise. We used
ReLU activations throughout the network except for the final
output layer.

Figure 8 illustrates the U-Net architecture implemented in
our work. The network follows an encoder-decoder architec-
ture with skip concatenations. It comprises four downsam-
pling levels, with two 3 × 3 convolutional layers per level.
The encoder layers use {64, 128, 256, 512} filters and 2 × 2
max-pooling for down-sampling. The decoder upsamples the
feature maps using transposed convolutions and concatenates
them with the corresponding high-resolution features from
the encoder, enabling precise localization with contextual
information. The network uses batch normalization and ReLU
activations, and a final 1 × 1 convolution with a sigmoid
activation produces the denoised slice.

1) Loss Functions and Training Dynamics: Let I be the
ground-truth slice and Î the network output, both normalized
to [0, 1]. The MSE loss is

LMSE(I, Î) =
1

N

N∑
i=1

(
Ii − Îi

)2
, (3)

which measures the average squared pixel difference. While
effective for reducing pixel-wise errors, MSE often produces
overly smooth, blurry images by suppressing fine details.

To preserve perceptual quality, we also use the struc-
tural similarity index measure (SSIM) loss, defined as
LSSIM (I, Î) = 1− SSIM(I, Î), where

SSIM(x, y) =
(2µxµy + C1)(2σxy + C2)

(µ2
x + µ2

y + C1)(σ2
x + σ2

y + C2)
. (4)

Here µ, σ2, and σxy denote local means, variances, and covari-
ance, with C1, C2 preventing division by zero. SSIM evaluates
similarity in luminance, contrast, and structure, aligning more
closely with human visual perception.

Our hybrid loss combines pixel-level accuracy and percep-
tual fidelity:

Lhybrid(I, Î) = α · LMSE(I, Î) + β · LSSIM (I, Î), (5)

where constants α and β balance the contributions. This
ensures quantitatively accurate yet visually realistic recon-
structions, critical in medical imaging.

V. RESULTS

A. Image Reconstruction Results

The KWBP reconstruction of the primary source, a 3 cm-
radius sphere (Figure 5), is shown as a 3D isosurface in
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Fig. 8: U-Net architecture with encoder–decoder and skip concatenations for detail preservation during denoising.

Fig. 9: 3D isosurface visualization of the reconstructed source
using the KWBP method. The image was reconstructed on a
15 cm × 15 cm × 15 cm volume discretized into 1283 voxels.

Fig. 10: Central orthogonal slices of the 3D source image
reconstructed using SBP (top) and KWBP (bottom). Each row
shows the YZ, XZ, and XY planes through the volume.

Figure 9. The reconstruction was performed within a 15.0 cm×
15.0 cm × 15.0 cm imaging volume, discretized into 128 ×

128 × 128 voxels, with a kernel bandwidth of 15. Although
the source is expected to appear spherical, the reconstruction
is blurred and the recovered radius exceeds 3 cm, reflecting
the effects of limited angular coverage and noise. Figure 10
compares central slices of the KWBP and SBP reconstructions.
In the YZ slice, which corresponds to the true cross-section
of the sphere because the camera was rotated about the x-
axis, the KWBP result more closely resembles the expected
3 cm circle, whereas the SBP result appears blurred and
severely noisy. The XZ and XY slices reveal that both methods
exhibit elongation and artifacts caused by the limited 12-
view acquisition; however, these distortions are substantially
more pronounced in the SBP image. Overall, KWBP better
preserves source geometry and provides higher contrast than
SBP, yielding a sharper and more localized estimate. Some
blurring and artifacts remain due to noise and the limited 12-
view angular sampling.

Fig. 11: Training loss curve of RED-CNN over 20 epochs.

Fig. 12: Training loss curve of U-Net over 120 epochs.
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B. Deep Learning Denoising Results

Both RED-CNN and U-Net networks were trained on 944
paired slices. The RED-CNN was optimized with MSE loss
using the Adam optimizer at a learning rate of 10−3 for 20
epochs with a batch size of 16. The U-Net was trained for
120 epochs with the same optimizer and learning rate, but
employed the hybrid loss defined in (5), where α = 0.8 and
β = 0.2. SSIM was computed over 11 × 11 windows. This
hybrid formulation encouraged the U-Net to preserve structural
details while also minimizing pixel-wise errors.

All experiments were conducted on a workstation equipped
with an NVIDIA L40S GPU (48 GB memory). Training the
RED-CNN model required approximately 105 seconds for 20
epochs, while the U-Net model required 299 seconds for 120
epochs on the same dataset. The longer runtime of U-Net is
attributable both to its deeper encoder–decoder architecture
with more trainable parameters and to the greater number of
training epochs used for convergence.

Figures 11 and 12 present the training loss curves for RED-
CNN and U-Net, respectively. RED-CNN converged within
approximately 20 epochs, while U-Net converged by 120
epochs and achieved a lower final error under the hybrid loss.

Fig. 13: Example of RED-CNN denoising. Left: Noisy KWBP
slice. Middle: RED-CNN output. Right: Ground truth. Noise
is largely removed, but some structural elongation is lost, and
intensity is slightly underestimated.

The DL models were evaluated on a held-out test set of
236 slices. Quantitatively, the U-Net achieved a lower average
MSE (0.0041) compared to RED-CNN (0.0103), indicating
improved fidelity to the ground truth. In terms of perceptual
quality, both models substantially enhanced the noisy KWBP
reconstructions, but U-Net consistently preserved structural
details more faithfully. We also evaluated the peak signal-to-
noise ratio (PSNR), where RED-CNN achieved 20.95± 3.04
dB and U-Net achieved 28.04± 4.74 dB. Together, the MSE

and PSNR metrics confirm the superior performance of U-Net
over RED-CNN under limited-view Compton camera data.

The RED-CNN effectively suppressed the reconstruction
noise present in the input slices. Figure 13 shows three
representative examples. The denoised outputs are smoother
than the noisy inputs and enhance the visibility of the source
region. However, RED-CNN tends to over-smooth structural
details; for example, in the first slice, the true source is elon-
gated, whereas the output appears more isotropic, indicating
a loss of structural accuracy. In addition, the peak activity is
underestimated in the second and third slices compared to the
ground truth, suggesting that the model reduces intensity as
part of the denoising process.

Fig. 14: Example of U-Net denoising with hybrid loss. Left:
Noisy slice. Middle: U-Net output. Right: Ground truth. Noise
is greatly reduced while the elongated shape and size of the
source are preserved.

TABLE I: Per-slice PSNR values (dB) for the three examples
shown in Figures 13 and 14.

Method Slice #0 Slice #1 Slice #2
RED-CNN 17.5 19.6 19.8
U-Net 22.6 25.1 26.3

Figure 14 illustrates the U-Net results on the same slices.
Trained with the hybrid loss, U-Net preserved structural de-
tails far better than RED-CNN, yielding outputs that closely
matched the ground truth in both shape and extent. Across the
test set, U-Net consistently maintained source size and geom-
etry, which we attribute to its skip connections and the SSIM
component of the loss function. The quantitative PSNR values
for the three representative slices are summarized in Table I,
where U-Net outperformed RED-CNN by approximately 5–7
dB in each case, consistent with the qualitative improvements
observed in Figures 13 and 14.

Overall, DL post-processing substantially improved image
quality. The denoised images exhibit higher contrast and
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clearer source boundaries while retaining the fidelity of the
original distribution. Such improvements are critical for clini-
cal translation, as they may enable more reliable quantification
of radiotracer uptake in organs and tumors.

VI. DISCUSSION AND FUTURE WORKS

Our results demonstrate the feasibility of using a Comp-
ton camera to image radiopharmaceutical distributions and
highlight the benefit of integrating data-driven denoising into
the reconstruction process. The KWBP algorithm provided a
reasonable initial reconstruction of the source distribution from
highly noisy projection data, and subsequent deep learning
enhancement was able to recover something very close to the
ground truth image.

There are several directions for future work. First, while our
DL approach was applied slice-by-slice, an obvious extension
is to operate in 3D. A 3D CNN or U-Net could take the
entire 3D volume as input and potentially learn to enforce
consistency across slices, which might further improve artifact
reduction. However, training a 3D model would require a
larger dataset or patch-based training due to memory con-
straints. A related idea is to train a network to directly
reconstruct the 3D activity distribution from the set of 2D
projection images. Emerging techniques like neural radiance
fields (NeRF) [18], [19] have shown that neural networks
can represent volumetric scenes and synthesize novel views;
adapting such approaches to the Compton imaging geometry
is an intriguing possibility [20].

The translation of this work to practical applications will re-
quire accounting for more realistic conditions. Our simulations
were performed under an idealized scenario with a known
source geometry embedded in a uniform medium. In reality,
patient anatomy is highly heterogeneous and introduces both
attenuation and scattering of gamma rays. A compelling exten-
sion involves simulating imaging within the anatomical context
of a patient’s CT scan, following the approach demonstrated by
[21]. Geant4 supports the import of DICOM-based CT data
as a voxelized phantom [22], enabling evaluation of how a
CC could image a radiotracer distribution, for example within
a liver tumor, against a realistic anatomical background. In
such settings, our reconstruction and denoising pipeline would
face additional challenges, including non-uniform attenuation,
and would likely require further corrections or retraining of
the deep learning models. If successful, this technique could
provide a practical, bedside imaging solution for treatment
dose verification in radiopharmaceutical therapy, improving
patient-specific dosimetry and treatment outcomes.

Another important direction is to perform a systematic
sensitivity analysis with respect to the number of projection
views. In this study, reconstructions were limited to 12 pro-
jection angles; future work will investigate how varying the
number of projections influences reconstruction quality and
the subsequent performance of deep learning denoising. Such
an analysis will help establish the robustness of the proposed
pipeline under practical acquisition constraints.

VII. CONCLUSION

This study successfully demonstrated a comprehensive
framework for simulating and reconstructing radiopharma-
ceutical images using a CC and a Geant4-based model. We
developed a pipeline that simulates gamma-ray interactions
from a Tc-99m source within a phantom and then reconstructs
the 3D source distribution from multi-view acquisitions. The
3D images of the source distribution were reconstructed using
the SBP and the KWBP methods. Our comparative analysis of
these reconstruction algorithms confirmed that the KWBP al-
gorithm is superior to SBP, as it produced reconstructions with
significantly less noise and better-preserved source geometry.

Despite the improvements offered by KWBP, the recon-
structed images still contained notable noise and artifacts due
to limited angular sampling. To address these limitations,
we implemented and evaluated two DL models for post-
reconstruction image enhancement: a RED-CNN and a U-Net.

Our results show that both networks effectively suppressed
noise, but the U-Net, trained with a hybrid MSE and SSIM
loss function, delivered superior performance. Quantitative
evaluation on the test set showed that the U-Net achieved a
lower average MSE of 0.0041 compared to the RED-CNN’s
0.0103, and a higher PSNR of 28.04± 4.74 dB compared to
20.95± 3.04 dB. Qualitatively, the U-Net outputs more accu-
rately preserved the elongated shapes and structural integrity of
the sources, which is critical for dosimetry analysis. Together,
the MSE and PSNR results consistently confirmed the superi-
ority of U-Net over RED-CNN, reinforcing the robustness of
our proposed two-step reconstruction and denoising pipeline.

The proposed two-step strategy—using physics-based re-
construction followed by deep learning denoising—combined
the accuracy of model-driven methods with the noise-reduction
capability of data-driven approaches, resulting in clearer and
more reliable images of the radiotracer distribution.
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