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Unsupervised Physics-Guided Deep Learning for Sparse-Data Compton Imaging*

Zhengtao Long' and Xiaofei Jiang!: |
'College of Big Data and Information Engineering, Guizhou University, Guiyang 550025, China*

In response to the instability of Compton-camera reconstruction under ultra-low-count conditions, the sub-
stantial loss of usable information caused by conventional strict event screening, and the widespread reliance of
existing deep-learning methods on image-label supervision, this study proposes SACN, a physics-constrained
reconstruction framework for sparse Compton imaging. This method takes the set of encodable raw events as a
unified input and achieves a unified representation of different interaction patterns through event-type identifiers
and missing masks. During training, a differentiable Compton forward model is embedded into the optimiza-
tion objective. Physical likelihood constraints are imposed on events for which Compton geometric consistency
can be defined. Combined with geometric pre-localization and a conditional neural implicit field, the method
reconstructs a continuous three-dimensional source distribution without image labels. Using a Geant4 simu-
lation platform for a dual-layer GAGG:Ce Compton camera, we compared two data-usage strategies, namely
strictly screened-event reconstruction and all-event-utilization reconstruction, under a unified physical simula-
tion setting in single-source, double-source, and multi-energy three-source scenarios. Results show that, under
the current simulation setting, SACN provides higher localization accuracy, better artifact suppression, and
higher reconstruction efficiency under low-count conditions. Compared with the reference methods, the local-
ization error is reduced by 64.2%-85.1%, the contrast-to-noise ratio is improved by 23.4%-189.1%, and the
reconstruction time in the high-statistics single-source scenario is shortened by 99.96% relative to MLEM. In
addition, the model is trained only with single-energy Cs-137 data, yet still maintains relatively stable perfor-
mance for unseen isotopes and complex multi-source scenarios. This indicates a certain degree of cross-energy
transferability under the current detector model and simulation conditions. This study provides a potentially
useful physics-constrained and image-label-free reconstruction route for low-dose radionuclide imaging and

weak-source detection.

Keywords: Compton camera, Deep learning, Image reconstruction, Physics-guided, Sparse data

I. INTRODUCTION

As a new gamma-ray detection device based on the princi-
ple of electronic collimation, the Compton camera has shown
great application potential in medical radionuclide tracing,
nuclear safety monitoring, and astrophysical observation be-
cause it can achieve three-dimensional imaging over a wide
energy range without mechanical collimation [1-4]. In recent
years, studies on online imaging in boron neutron capture
therapy (BNCT), radioactive contamination imaging, dual-
modality Compton-PET imaging, and X-ray fluorescence
imaging have further shown that the Compton camera is mov-
ing from proof-of-concept toward more complex and more
application-oriented imaging scenarios [5-9]. Its working
principle is based on Compton scattering. An incident gamma
photon first undergoes Compton scattering in the scatter layer
and is then photoelectrically absorbed in the absorber layer.
According to the Compton scattering formula, the scattering
angle can be determined from the deposited energy:

1
cosh =1—mec? - ) (D
Esca + Eabs

where m.c? is the electron rest mass energy (511 keV),

E abs

and Fy., and E,ps are the energy depositions in the scatter

* This work was supported by National Natural Science Foundation of China
(No. 12205062) and Network Communication Signal Detection System
(No. 1502195N).

T Corresponding author: 2188789329@qq.com

£2291755892@qg.com

22
23
24
25
26

27

28
29
30
31
32
33
34
35
36
37
38
39
40
4

42
43
44
45

46

47
48
49
50
5

52

layer and the absorber layer, respectively. From a geometric
point of view, a single valid event constrains the photon origin
to a cone surface. Image reconstruction is essentially an ill-
posed inverse problem that infers the source distribution from
the spatial intersections of a finite number of cone surfaces
[1,2,10].

Despite its clear advantages, the practical application of
Compton imaging is still severely limited by reconstruc-
tion performance under low-count conditions. In particular,
in low-dose radionuclide imaging, long-range weak-source
detection, and nuclear emergency response, the number of
valid Compton events available for reconstruction is usually
very limited [1-4]. For such imaging tasks, conventional
analytical methods such as simple back-projection (SBP)
are computationally efficient, but they often produce obvi-
ous star-shaped artifacts. Statistical iterative methods such
as maximum-likelihood expectation-maximization (MLEM)
can improve image quality by exploiting measurement statis-
tics, but under extremely sparse conditions they are still prone
to noise amplification, unstable convergence, and local min-
ima[1, 10, 11]. As the number of events decreases further, the
ill-posedness of the reconstruction problem becomes much
stronger. Conventional methods then struggle to balance lo-
calization accuracy, artifact suppression, and computational
efficiency.

In recent years, deep-learning methods have been intro-
duced into Compton-camera image reconstruction. These in-
clude image-supervised reconstruction enhancement, event-
representation-based scattering information estimation, and
hybrid reconstruction combined with physical models [12—
19]. These studies suggest that data-driven methods may
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improve the reconstruction performance of conventional ana-
Iytical and iterative methods under low-statistics conditions.
However, current studies still have three main limitations.
First, many methods still rely on strict event screening and use
only valid events that satisfy the standard double-layer Comp-
ton criterion. Under low-count conditions, this procedure fur-
ther compresses the already limited usable information. Sec-
ond, existing studies mainly focus on single-source or rela-
tively simple scenarios, and validation of robustness under
multi-source, mixed-energy, and extremely sparse conditions
remains insufficient. Third, many methods rely on image-
level supervision. The model is then more likely to learn an
input—output mapping coupled to the training-data distribu-
tion, rather than being directly constrained by the physics of
Compton scattering. This may limit generalization under un-
seen energies, complex scenarios, and high-noise conditions.

It should be noted that the all-event-utilization strategy
considered in this study is not proposed in isolation. Previ-
ous studies have preliminarily shown that, compared with the
conventional strict-screening strategy, retaining raw encod-
able events as much as possible helps reduce information loss
and improve reconstruction potential under sparse-data con-
ditions [18, 19]. Building on those studies, the present work
moves one step further. The reconstruction result is no longer
restricted to a fixed-resolution three-dimensional image. In-
stead, it is represented as a continuous three-dimensional ra-
dioactive activity field conditioned on the event set. At the
same time, geometric pre-localization and conditional neu-
ral implicit representation are introduced to unify event-level
physical consistency constraints and continuous-space recon-
struction within one optimization framework [20-25].

Based on the above considerations, this study reformu-
lates Compton image reconstruction as an optimization prob-
lem centered on physical consistency. The basic idea is that
the source distribution predicted by the network is not con-
strained by its pixel-wise difference from a labeled image.
Instead, it is constrained by its ability to explain the observed
events. For events that can define Compton-scattering geo-
metric consistency, a physical likelihood constraint is con-
structed through a differentiable Compton forward model.
For single-layer events, partial-energy-deposition events, and
events with poor geometric quality but still encodable, event-
type identifiers and missing masks are introduced into a uni-
fied input representation to reduce the information loss caused
by conventional screening as much as possible. To allevi-
ate gradient sparsity and the excessively large search space in
continuous three-dimensional optimization under extremely
sparse conditions, a geometric pre-localization mechanism is
further introduced to provide coarse guidance for the poten-
tial source region. A conditional neural-field reconstruction
network for low-count scenarios is then constructed to im-
prove reconstruction stability and localization accuracy under
multi-source and multi-energy conditions.

II. METHODS

A. Problem Formulation

The goal of Compton-camera image reconstruction is to
recover the spatial distribution of the radiation source within
the reconstruction region from a finite number of Compton
scattering events. Different from the conventional practice
of representing the reconstruction result as a discrete two-
dimensional image, in this work the target to be solved is de-
fined as a continuous three-dimensional radioactive activity
field over the reconstruction region Q € R3:

fo(r | €),

Here, & = {e;}, denotes the input event set, r denotes
the spatial coordinate, and 6 denotes the network parame-
ters. Accordingly, the reconstruction task in this work is no
longer to output an image with a fixed resolution, but to learn
a continuous three-dimensional scalar field driven by the con-
ditioning of the event set.

For the i-th raw event considered in this work, it is no
longer limited to the “valid event” that satisfies the dual-layer
Compton criterion in the traditional sense. Instead, all de-
tection records that can be encoded in a unified format are
collectively referred to as raw events, and are denoted as

r e, )

€, = (aivmhti)v (3)

Here, g; denotes the basic observation completed by place-
holder filling, including the obtainable interaction positions,
energy depositions, and their derived physical quantities; m;
is the missing-value mask, which is used to indicate which
observed components truly exist and which are placeholder-
filled; and t; is the event-type identifier, which is used
to distinguish standard dual-layer events, partially incom-
plete events, compressed multiple-scattering events, and other
event types that can be uniformly encoded. Therefore, the in-
put of this work is no longer restricted to dual-layer Compton
events in a fixed form, but is defined as the unified raw-event
set:

graw - {ei}f‘\ila (4)
where M denotes the total number of all encodable raw
events retained under the same physical scene.

On this basis, this work further distinguishes two types of
event subsets. One is the event subset for which a Compton
geometric-consistency constraint can be defined according to
the position and energy information, denoted as

gCOIlC C EI‘B.W)

®)

For events in this subset, the scattering angle can be cal-
culated from the scattering point, the absorption point, and
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the energy depositions, and the corresponding cone geomet-
ric constraint can be established. The other is the event subset
that cannot fully define a Compton cone but still contains use-
ful structural information, denoted as

(6)

5aux = Craw \ gconea

This subset includes single-layer interaction events, partial-
energy-deposition events, and events with poor geometric
quality but that are still encodable. These events do not di-
rectly provide a complete cone constraint, but can participate
in overall representation learning through the event type and
the missing pattern.

For any e; € E.one, the observations that can be used for
geometric modeling can be written as

QZ:(pfypil7Els7E?)7 (7)

Here, p; and p§ denote the interaction positions in the scat-
ter layer and the absorber layer, respectively, and E; and E}
denote the energy depositions in the two layers, respectively.
According to the Compton scattering relation, the scattering
angle can be determined from the measured energy:

1 1

E?_EE+E?)’ ®)

cosl; =1 — mec? (

Here, m.c?> = 511 keV is the energy corresponding to the
electron rest mass. This relation constrains the possible inci-
dent direction of the photon to the vicinity of a conical surface
with p; as the cone apex, the scattering direction as the axis,

75 and 6; as the half-apex angle. The essence of Compton image

reconstruction is to stably invert the source distribution under
noisy and incomplete raw-event observations by jointly using
the events that can form cone constraints and the events that
provide only weak auxiliary information.

Based on the above definitions, the reconstruction task in
this work can be formulated as follows: under the condi-
tion of a given raw-event set &,,, learn a continuous three-
dimensional radioactive activity field driven by the condition-
ing of the event set, such that it can both utilize the auxiliary
information in all encodable raw events and maintain high
consistency, at the physical-loss level, with respect to the ge-
ometrically interpretable event subset E.ope.

B. Compton Camera System and Data Acquisition
1. Detector Configuration

In this work, a dual-layer Compton camera system based
on GAGG:Ce scintillation crystals is used for validation. The
system structure is shown in Fig. 1. GAGG:Ce crystals are
widely used in gamma-ray detection because of their high
light yield (about 54,000 photons/MeV), moderate density
(6.63 g/cm?®), and fast decay time (about 90 ns).
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Fig. 1. System structure of the dual-layer Compton camera based on
GAGG:Ce scintillation crystals.

Both the scatter layer and the absorber layer adopt a 23 x 23
crystal-array configuration, with a total of 529 crystal units.
The crystal size of the scatter layer is 2.2 x 2.2 x 5 mm?.
The thinner thickness is designed to maximize the Compton-
scattering probability while minimizing multiple scattering.
The crystal size of the absorber layer is increased to 2.2 X
2.2 x 10 mm?. The thicker design ensures efficient photo-
electric absorption of the scattered gamma rays. The center-
to-center distance between the two detector layers is set to
50 mm. This distance is optimized by Monte Carlo simula-
tion to balance angular resolution and detection efficiency.

Adjacent crystals are separated by a 0.1 mm-thick BaSO,
reflector layer to reduce optical crosstalk and improve posi-
tion resolution. Photoelectric conversion is realized by an
8 x 8 silicon photomultiplier (SiPM) array. The effective area
of a single SiPM is 6.0 x 6.0 mm?, covering 9 crystal units.

2. Monte Carlo Simulation Platform

A high-fidelity Monte Carlo simulation platform is built
based on Geant4 (version 11.1.1) to accurately simulate
the detector geometry, material properties, and physical re-
sponse process. The simulation physics processes adopt the
G4EmStandardPhysics_option4 physics list, covering the ma-

218 jor electromagnetic interaction processes such as Compton

219
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227

scattering, photoelectric absorption, Rayleigh scattering, and
electron multiple scattering.

The detector-response modeling is calibrated based on ac-
tual experimental measurement data. The energy resolution
is set to 5.4% FWHM, which is strictly set according to the
actual experimental measurement results of our GAGG:Ce
prototype system to ensure high fidelity. It should be ex-
plained here that, at the current simulation stage, the raw
coordinates after energy-resolution broadening are directly
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used, and the intrinsic interaction-depth (DOI) distortion ef-
fect of the 10 mm-thick GAGG:Ce crystal is not explicitly
introduced for the time being. Although this represents an
idealized geometric assumption to a certain extent, the core
purpose of this work is to verify the feasibility of “all-event
utilization™ at the level of algorithm representation. Future
work can be further improved by introducing physical DOI
perturbations or by adopting a dual-ended readout detector
model. Effects such as temporal response and electronic noise
are also incorporated into the simulation model to ensure that
the statistical characteristics of the simulation data are consis-
tent with those of the experimental data.

3. Dataset Construction

To ensure the consistency of the spatial geometric distri-
bution between the training samples and the test samples, this
work keeps a unified spatial sampling strategy unchanged and
performs stratified random sampling in the reconstruction re-
gion that is 10-40 cm away from the front surface of the de-
tector. Source-position sampling is conducted by stratified
random sampling in the three-dimensional space 10—40 cm
away from the front surface of the detector. Specifically, the
distance range is equally divided into three sampling layers
(10-20 cm, 20-30 cm, and 30-40 cm). A lateral sampling
plane of 24 x 24 cm? is defined in each layer. In each sam-
pling layer, 144 nonrepeated source positions are randomly
selected, yielding a total of 432 independent source configu-
rations. The above sampling method can cover typical radia-
tion scenes under different distances and lateral positions, and
provides a unified spatial-distribution basis for model training
and generalization testing.

In the training stage, only single-energy point-source data
of Cs-137 are used. Both the training set and the validation
set are composed of the simulated events corresponding to
this isotope. Co-60, F-18, and the subsequent multi-source
and multi-energy combined scenes do not participate in train-
ing, and are only used in the test stage to evaluate the general-
ization ability of the model under unseen energy conditions.
To ensure comparability among different samples, the data of
all isotopes are generated under the same detector structure,
the same physical-process model, and the same spatial sam-
pling rules. Only the incident-photon energy spectrum and
the source-scene configuration are different.

Traditional Compton reconstruction methods usually rely
on a strict event-screening procedure. Typical criteria in-
clude:

1. total-energy-window screening: for example, for the
Cs-137 source, only events whose total deposited en-
ergy falls within the energy window near the target pho-
ton peak are retained;

2. interaction-pattern screening: only standard dual-layer
events in which Compton scattering occurs in the scat-
ter layer and absorption is completed in the absorber
layer are retained;
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3. spatial-position screening: the scatter and absorber in-
teraction points are required to satisfy geometric condi-
tions such as a minimum spatial interval so as to avoid
nearest-neighbor mismatch and low-quality events.

The above screening procedure can improve the purity of
the events used by traditional reconstruction methods, but it
also significantly compresses the amount of usable data. Un-
der the detector model and simulation conditions adopted in
this work, the number of valid events finally retained after
standard screening accounts for only a very small proportion
of the raw detection records. This is one of the core chal-
lenges faced by low-count Compton reconstruction.

Different from the conventional idea of retaining only
“high-confidence valid dual-layer events,” this work adopts
an “all-event utilization” strategy: raw detection events pro-
duced in the same physical simulation process and that can be
uniformly encoded are retained as much as possible, so as to
reduce the information loss caused by traditional screening.
Specifically, the following types of events are retained in the
unified raw-input set:

1. valid dual-layer events that satisfy the standard
Compton-screening criteria;

2. events that do not fully satisfy the traditional energy-
window or geometric-screening conditions, but can still
form a unified dual-layer encoding;

3. partial multiple-scattering events that can still be
mapped into a unified input format after regularized
compression;

. single-layer interaction events or information-
incomplete events; such events are encoded jointly
by missing-value placeholders and event-type masks
so that they can be incorporated into the unified
input-tensor representation.

It should be pointed out that this work does not indiscrim-
inately include all raw detection records in training. Records
that cannot be uniformly encoded, that have severely missing
information, or that obviously do not satisfy basic physical
interpretability are still removed. Therefore, the input of this
work is “all encodable raw events,” rather than all detection
records in an unconstrained sense.

Based on the above definition, the data-usage protocol of
different methods in this work is as follows: for the tradi-
tional methods SBP and MLEM, the input is N valid dual-
layer events that satisfy the standard screening conditions; for
the proposed SACN method and the 3D-UNet baseline, the
input is all encodable raw events produced in the same phys-
ical simulation that generates these N valid events. Here, N
is used only as a difficulty indicator that uniformly represents
scene sparsity, and is not equivalent to the actual number of
input events for the deep-learning methods.

The final dataset contains 432 independent source con-
figurations. Each configuration corresponds to one set of
Compton-event data and one ground-truth source-distribution
image of 256 x 256 pixels (used for the training and evaluation
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of U-Net). The dataset is randomly divided into the training
set (346), validation set (43), and test set (43) at a ratio of
8§:1:1.

4.  Type Partition and Unified Encoding of Raw Events

To reduce the information loss caused by traditional strict
screening as much as possible, this work no longer retains
only the “valid events” that satisfy the standard dual-layer
Compton criterion. Instead, the detection records produced
in the same physical simulation process and that can be rep-
resented in a unified format are constructed into a raw-event
set. Let all encodable raw events be denoted as

Eraw = {ei}idy, ©)
Here, M is the total number of all encodable raw events
retained under this scene.
According to the completeness of the detection information
and the degree of physical interpretability, this work divides
the raw events into the following categories:

1. standard dual-layer valid events: these satisfy the tra-
ditional energy-window criterion, dual-layer interac-
tion pattern, and basic geometric conditions, and can
completely calculate the scattering angle and define the
Compton-cone constraint;

. weak-screened dual-layer events: although these do
not fully satisfy the traditional strict energy-window or
geometric-screening conditions, they still have the po-
sitions and energy information of the scatter layer and
the absorber layer, and can form a unified dual-layer
representation;

3. compressed multiple-scattering events: there are mul-
tiple interactions in the raw detection process, but after
regularized compression they can still be mapped into
a unified input format so as to preserve part of the ad-
ditional structural information;

. single-layer or information-incomplete events: these
contain only single-layer energy deposition, incom-
plete positions, or partially missing observed quanti-
ties, and cannot completely define a Compton cone, but
may still carry weak information related to the source
position;

5. non-encodable events: records with severely missing
information, records for which a unified input repre-
sentation cannot be built, or records that obviously do
not possess basic physical interpretability. Such events
are directly removed in the preprocessing stage.

Based on the above partition, this work further defines two
subsets. The first is the event subset for which a geometric-
consistency constraint can be established:
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gcone g 5rawa (10)
This subset includes standard dual-layer valid events and
part of the weak-screened dual-layer events for which the
scattering geometry can still be stably defined. The second
is the event subset that only provides auxiliary structural in-
formation but cannot directly form a cone constraint:

gaux = graw \ gcone~ (1 1)
This subset mainly includes single-layer events, partially
incomplete events, and weak-quality events for which the
scattering angle cannot be stably defined.
To realize unified modeling of different types of events, this

work represents each raw event as a triplet:

€ = (ai7m’iati)' (12)

Here, g; is the basic observation vector completed by place-
holder filling, m; is the missing-value mask, and ¢; is the
event-type identifier. For missing observed quantities, a fixed
placeholder value is used for filling, and the mask is used
to explicitly indicate whether the corresponding component
truly exists. For different event types, one-hot type coding or
an equivalent type-embedding vector is used for distinction.
The purpose of doing so is not to force all events to have the
same physical meaning, but to enable the network to distin-
guish, within a unified input tensor, between “events that can
form strong geometric constraints” and “events that provide
only weak auxiliary information.”

It should be emphasized that the unified encoding of raw
events does not mean that all events are treated equivalently in
the subsequent physical loss. For events with e; € E.ope, this
work further imposes a physical-likelihood constraint based
on a differentiable Compton forward model during training.
For events with e; € &,,x, they mainly participate in the over-
all representation learning through the event type, the missing
pattern, and their joint distribution with other events, rather
than directly entering the cone forward-likelihood term.

The above design enables the proposed method to inherit
the strong physical geometric constraints provided by tradi-
tional dual-layer events, while preserving as much auxiliary
information as possible from the raw detection records under
low-count conditions, thereby forming the unified data basis
of the “all-event utilization” strategy.

C. Geometric Pre-localization

Within the conditional neural-field framework, the decoder
needs to evaluate the source intensity in continuous three-
dimensional space. If the query points are uniformly dis-
tributed over the whole reconstruction space, the vast major-
ity of the sampled points are far away from the true source
position, which leads to extremely sparse effective gradient
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signals, low training efficiency, and aggravated optimization
instability. To this end, this work introduces a lightweight
geometric pre-localization module to make a coarse estimate
of the potential source region, denoted by rge,. This mod-
ule does not directly produce the final reconstruction result.
Instead, it serves as a geometric prior for the subsequent
continuous-space optimization, and its main role is to narrow
the effective search range.

1. Cone-Consistency Objective Function

The core idea of geometric pre-localization is as follows:
if the candidate point r* is close to the true source position,
then for any Compton event e;, the angle between the incident
direction from r* to the scattering point S; and the scattering
direction 11; should be consistent with the measured scatter-
ing angle #;. Accordingly, the cone-consistency residual is
defined as

I‘*—Si

4i(r") = [ — S ’

u; — cos ;. (13)

This residual characterizes the geometric deviation be-
tween the candidate position and the cone constraint of the
i-th event. A coarse estimate of the source position can be
obtained by jointly optimizing over all events.

2. Three-Stage Coarse-to-Fine Solution

Because the above objective function is highly nonconvex
with respect to r*, and is significantly affected by noisy events
and outlier events, this work adopts a three-stage coarse-to-
fine strategy for solution.

a. Stage 1 (coarse grid search). A uniform three-
dimensional grid of 25 x 25 x 15 is constructed in the recon-
struction space (). For each grid node, the median absolute
deviation (MAD) of the residual is calculated as

Jriap(r*) = medianl) (|5i(r*)|). (14)

MAD rather than the mean squared error is used as the
evaluation criterion because the median statistic is naturally
robust to outlier events, such as noisy events produced by
multiple scattering. The grid node with the minimum Jyap
is selected as the initial estimate r(1).

b. Stage 2 (refined grid search). Centered at r!), a re-
fined grid of 20 x 20 x 15 is constructed within a local region
of £60 mm (lateral) and 40 mm (axial), and the optimal
node r(® is selected according to the same MAD criterion.
The asymmetric design of the lateral and axial search ranges
reflects the physical characteristic that the Compton camera
has lower resolution in the axial (depth) direction than in the
lateral direction.
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c. Stage 3 (gradient refinement). Using r(®) as the ini-
tial value, the Adam optimizer (learning rate 0.5) is used to
perform 300 steps of continuous optimization on the source
position. In this stage, the Huber loss is used in place of MAD
to obtain smooth gradients:

1
1 L | =62

e 2 17
N =1 0.1(/6;] — 0.05),

|6;] > 0.1.
5)

The Huber loss provides a quadratic gradient when the
residual is small so as to accelerate convergence, and degen-
erates to a linear form when the residual is large so as to sup-
press the excessive influence of outlier events. During opti-
mization, coordinate clipping is imposed on r* to ensure that
it always stays within the reconstruction space 2.

It should be emphasized that geometric pre-localization is
an offline preprocessing step. It is executed only once for
each sample before training, and does not participate in net-
work gradient propagation. Therefore, it does not increase the
back-propagation overhead during training. Its accuracy also
does not need to reach the level required by the final three-
dimensional reconstruction. It only needs to provide a geo-
metric center with a correct directional tendency.

ﬁHuber (I‘*)

D. Network Architecture

This section describes in detail the architectural design of
the proposed network. Unlike conventional methods that rep-
resent the reconstruction result as a discrete pixel image, this
paper models the radioactive source distribution as a contin-
uous three-dimensional neural implicit field, f5 : R® — RT,
which is driven by the global feature conditioned on the
Compton event set. The overall framework of the network
is shown in Fig. 2. It consists of three functional modules:
an event-set encoder, a conditional neural-field decoder, and
an auxiliary coordinate prediction head. The encoder extracts
a permutation-invariant global feature representation from a
variable number of Compton events. The decoder, condi-
tioned on this feature, predicts the source intensity at an arbi-
trary query point in continuous three-dimensional space. The
auxiliary coordinate prediction head provides a direct spatial
localization training signal for the encoder. The design mo-
tivation, structural details, and data flow of each module are
described below.

1. Input Feature Definition and Grouping

For conventional Compton reconstruction, an event is usu-
ally represented as a standard double-layer event vector com-
posed of the three-dimensional position in the scatter layer,
the three-dimensional position in the absorber layer, and the
energy depositions in the two layers. However, this pa-
per adopts a unified input strategy of “all encodable raw
events”. Therefore, the network input is no longer limited
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Fig. 2. Overall architecture of the network.

to a fixed-form double-layer event. In particular, for single-
layer events, partial-energy-deposition events, or compressed
multiple-scattering events, some physical quantities may be
missing. If the standard double-layer input format is still
forcibly used, it will lead to inconsistent representation or
confusion in physical meaning.
For this reason, each raw event is uniformly represented as
e; = (i, i, t), (16)
where ¢; is the basic observation vector after placeholder
completion, m; is the missing-value mask, and ¢; is the event-
type identifier. The basic physical-feature part retains the di-
rectly observable position and energy information, and also
introduces, as much as possible, the derived physical quanti-
ties related to Compton-scattering geometry. For events that
can form a double-layer geometric constraint, this paper fur-
ther calculates the scattering angle 6;, its cosine value cos 6;,
and the unit direction vector U; pointing from the scattering
point to the absorption point on the basis of the raw observa-
tion, so as to explicitly encode the core geometric information
of the Compton cone. For events for which the above quan-
tities cannot be completely defined, fixed placeholder values
are used for filling, and the missing components are explicitly
indicated by the mask vector.
Specifically, the basic physical features are written as
fP = B B B B cosfi,wi |, (17)
where p;/ and p/* are the normalized representations of the
positions in the scatter layer and the absorber layer, respec-
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tively, &/° and E are the normalized energy depositions,

and m and u; are the physical quantities derived from
the double-layer geometric relationship when they are com-
putable and are completed with placeholder values when they
are missing. Correspondingly, the missing-value mask is de-
fined as

m; € {0,1}%m (18)

where each dimension indicates whether the corresponding
physical quantity is truly available; the event-type encoding

t; € {0,1}%. (19)

is used to indicate whether the event belongs to a standard
valid double-layer event, a weakly screened double-layer
event, a compressed multiple-scattering event, or a single-
layer/incomplete event. The event feature vector finally input
to the encoder is written as

h;
i

xz; = My, ). (20)

Compared with using only the standard eight-dimensional
raw observables, this design has three advantages. First, for
events for which double-layer geometry can be defined, cos 6;
and u,; directly parameterize the key structure of the Comp-
ton cone, so that the network does not need to learn the
cone geometry completely implicitly from the raw coordi-
nates. Second, through the missing mask, the network can
explicitly distinguish the two essentially different situations
of “this quantity is zero” and “this quantity is missing and
filled by a placeholder”, thus avoiding information contami-
nation. Third, through the event-type encoding, the network
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can learn the differences in information quality and physical
reliability among different event categories in a unified in-
put representation, thus providing a basis for the subsequent
attention-weighted aggregation and physical-constraint mod-
eling.

It should be pointed out that the purpose of using a uni-
fied event representation in this paper is to preserve the raw
detection information under low-count conditions as much as
possible within the same tensor-input framework, rather than
to assign exactly the same physical-constraint strength to all
events. The subsequent network will distinguish the contribu-
tions of different events through the mask, type information,
and the selective action of the physical loss.

2. Event-Set Encoder

The event-set encoder is responsible for extracting a fixed-
dimensional global scene representation z from the variable-
length raw event set

Eraw = {mz}f\il

Since Compton events themselves do not have sequential-
order meaning, the encoder must satisfy two basic require-
ments: first, the output should be permutation-invariant to
the ordering of the input events; second, it should be able to
handle event sets with significantly varying numbers in dif-
ferent scenes, so as to adapt to the input differences from
extremely sparse to relatively high statistics. Different from
the conventional setting that only processes standard double-
layer events, the input in this paper contains both events that
can form strong geometric constraints and events that pro-
vide only weak auxiliary information. Therefore, the encoder
should also have the ability to adaptively model event quality
and information completeness.

a. Per-event feature mapping. For each uniformly rep-
resented event vector z; = [f*™*, m;, t,], itis first mapped to
a high-dimensional latent representation by a multilayer per-
ceptron with shared parameters:

where ¢(e) is an event-level feature extractor composed of
multilayer fully connected layers, and the SiLU activation
function is used between layers. Parameter sharing ensures
that the same mapping is applied to all events, thus satisfying
the permutation equivariance required for set modeling. Since
the input already explicitly contains the missing-value mask
m,; and the event-type encoding ¢;, this per-event mapping
process extracts not only geometric and energy features, but
also simultaneously learns event completeness, event quality,
and differences among event categories.

b.  Quality-aware attention aggregation. After the per-
event latent representation is obtained, this paper uses
attention-weighted aggregation rather than simple mean pool-
ing. The reason is that different events contribute differently
to reconstruction: standard valid double-layer events usu-
ally provide strong Compton geometric constraints, whereas

2n

h; € R, (22)

626
627
628
629

630

631

632
633
634
635
63

=3

637

638

639

640

64

642
643
644

64!

o

646

64

ke

648
649

65!

S

65

652
653
654
655
656
657
658
659

66!

S

66

66:

R

663
664

665

666

667
668
669
670
671

672

single-layer and incomplete events mostly carry only aux-
iliary structural information. If all events are assigned the
same weight, the effective contribution of high-quality events
is easily weakened. To this end, a scalar attention score is
calculated for each event:

S; = g(h1)7

where g(e) is a two-layer perceptron. Since h; itself already
contains physical features, the missing mask, and event-type
information, s; actually reflects the comprehensive contribu-
tion of this event to the current scene representation. Then,
the aggregation weight is obtained by Softmax normalization:

(23)

exp(s;)

= .

M
Zj:l exp(s;)

Finally, the global feature representation is obtained by
weighted summation:

(24)

(25)

M
z = E Oélhl
i=1

The above aggregation method has three roles. First, it
naturally satisfies permutation invariance, because no matter
how the order of the input events changes, the result of Soft-
max weight normalization and weighted summation remains
unchanged. Second, it can handle variable-length inputs, be-
cause the output dimension is determined only by the latent
representation dimension dj, and is independent of the total
number of events M. Third, it equips the model with an ex-
plicit “quality-aware” capability: the network can adaptively
increase the contribution of informative events and suppress
the interference of low-reliability events to the global repre-
sentation according to factors such as whether the event can
form a stable cone constraint, whether there is severe missing
information, and whether it belongs to a weak-quality event.

It should be emphasized that the attention aggregation here
is not equivalent to artificially “performing hard screening
again”. Different from traditional event screening, this paper
does not directly discard weak-quality events before encod-
ing. Instead, they are incorporated into a unified set represen-
tation, and the network adaptively learns their relative con-
tributions during training. This design allows the model to
preserve the information gain brought by all-event utilization
while avoiding feature contamination caused by low-quality
events entering the subsequent reconstruction without dis-
crimination.

3. Auxiliary Coordinate Prediction Head

In the conditional encoder—decoder framework, the train-
ing signal of the encoder comes entirely from the back-
propagation of the physical loss function at the decoder side.
However, this indirect gradient path faces a difficulty in the
early stage of training: the decoder has not yet learned how
to use the global feature z, which causes the gradient signal
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returned to the encoder to be weak and noisy, and the encoder
may degenerate into an approximately identity mapping that
outputs almost indistinguishable feature representations for
different scenes.

To alleviate the problem of weak physical-loss gradients in
the early stage of training, this paper attaches an auxiliary co-
ordinate prediction head on top of the encoder, which directly
regresses a coarse source-position estimate from the global
feature z:

Tprea = MLP,(z) € R3. (26)
This prediction head is implemented by a two-layer fully
connected network (256—128—3), with the SiLLU activation
function used in the middle. This coordinate prediction is not
used as the final output. Instead, it is used to provide direc-
tional guidance in the early stage of training and to construct
relative coordinates during decoding. It should be pointed out
that the weight of the auxiliary loss is set to A¢oorg = 0.001,
which is far smaller than the scale of the main physical loss.
Its role is to provide directional guidance for the encoder
rather than to impose a strong constraint, so as to ensure
that the feature representation of the encoder during training
is dominated by the physical loss rather than locked by the
coarse-localization target.

4. Conditional Neural-Field Decoder

The decoder is the core component of the proposed
method. It is responsible for predicting the source inten-
sity at an arbitrary query point R € R? in continuous
three-dimensional space, conditioned on the global feature
z and the predicted coordinate Tpre.q output by the encoder.
The decoder design integrates three key techniques: relative-
coordinate representation, random Fourier feature encoding,
and the FiLM conditioning mechanism.

a. Relative-Coordinate Representation Traditional
neural implicit-field methods directly use absolute spatial
coordinates as input. This requires the network to implicitly
learn the positional information of the source in the whole
reconstruction space. This representation has a fundamental
difficulty in cross-scene generalization: the source positions
in different scenes are different, and the network needs to
relearn the mapping from absolute coordinates to intensity
for each new source position.

This paper proposes to transform the input of the decoder
from absolute coordinates to relative coordinates that take the
predicted source position as the origin:

Ar =1 — Tpred- 27
This transformation changes the object learned by the decoder
from “the shape of the source distribution in absolute space”
to “the point spread function (PSF) relative to the source po-
sition”. Since the PSFs in different scenes are highly similar
in shape (all are concentrated distributions centered on the
source), the relative-coordinate representation significantly
reduces the difficulty of cross-scene generalization. To main-

725

726

727

728
729
730

73

732
733
734

735

736

737
738
739
740

74

742

743

744

745

74

>

747
748
749

750

751

752
753
754
755
756

75’

N

758
759
760

76

762
763

76:

=

765

761

>

76

2

768
769
770

77

772
773
774

775

tain numerical stability, the relative coordinates are normal-
ized by the reconstruction-space scale factor:

Ar

)
Scoord

Ar =

(28)

where Scoord = [Lg, Ly, L] is the reconstruction-space size
along each axis.

In addition, in order to make the decoder aware of the ab-
solute position of the source in the reconstruction space (be-
cause a source located at the detector edge and one located
at the center may have different PSF shapes), the normal-
ized absolute-position information T,p,s of the predicted co-
ordinate is also provided to the decoder as an auxiliary input:

Tpred — I'min

—1e[-1,13, (29)

Ff'abs =2
I'max — I'min

where 1y, and ry,,x are the lower and upper bounds of the
reconstruction space, respectively.

b. Random Fourier Feature Encoding Recent studies
have shown that standard multilayer perceptrons have a pref-
erence for learning low-frequency signals first, which makes
it difficult for the network to represent high-frequency spatial
details, such as the sharp peak structure of a point source.
To overcome this limitation, this paper introduces random
Fourier feature encoding to map the normalized relative coor-
dinates to a high-dimensional frequency space.

Let B € R3*92 be a frequency matrix randomly sampled
from the Gaussian distribution A(0,0%) and fixed during
training, where dg = 128 and o g = 2.0. The Fourier feature
encoding is defined as

v(Ar) = [sin(2rArB), cos(2rArB)| € R¥7 | (30)
where the sin and cos functions act element-wise. The fre-
quency scale op controls the range of spatial frequencies
covered by the encoding: op = 2.0 achieved the best bal-
ance between sharp peak representation and training stabil-
ity in the experiments. Although a larger op helps capture
higher-frequency spatial details, it tends to introduce overfit-
ting noise under sparse-data conditions.

c. FiLM Conditioning Mechanism The decoder needs
to dynamically adjust its spatial prediction behavior accord-
ing to the event features of different scenes, which are en-
coded in the global feature z. This paper uses the Feature-
wise Linear Modulation (FiLM) mechanism to realize this
conditioning process. The design motivation is as follows:
compared with simple feature concatenation (directly con-
catenating z with spatial features), FILM realizes condition-
ing by applying an affine transformation to hidden-layer fea-
tures, enabling the global feature to independently scale and
shift each channel of the spatial features, thus providing
stronger modulation ability and more flexible feature inter-
action.

The decoder backbone consists of a four-layer fully con-
nected network with hidden dimension d;, = 512. The in-
put is the concatenated vector of the Fourier encoding, the
normalized relative coordinates, and the normalized absolute
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position:
ho = [Y(Ar), Ar, Fops] € R2BF343, 31)

For the [th layer (I = 1,2, 3,4), the forward computation is
executed according to the following steps:

h; = SiLU(W;h;_; + bl) , (32)
v, 81l = Viz + ¢, (33)
h; =~ 0 h;+ 3, 34

where W; € R *dini and by are the weight and bias of the
Ith layer, V; € R2%*ds and c; are the weight and bias of
the FiLM-parameter generation layer, v;, 3, € R are the
modulation scale factor and shift factor, respectively, and ©
denotes element-wise multiplication.

The initialization strategy of the FiLM-parameter genera-
tion layer is crucial to training stability. In this paper, the
weight of V; is initialized as a zero matrix, and in the bias
c;, the scaling part is initialized as an all-ones vector and the
shifting part is initialized as an all-zeros vector, namely,

Bil;—o = 0.

This “identity initialization” strategy ensures that the FILM
layer is an identity transform at the beginning of training
(h; = hj), and the behavior of the decoder is equivalent to
that of a standard MLP without conditioning. As training pro-
ceeds, the network gradually learns meaningful conditional
modulation, thereby avoiding the early-stage training insta-
bility that may be caused by random initialization.

d. Output Layer and Non-negativity Constraint After
the final hidden-layer feature is linearly mapped to a scalar
output, a non-negativity constraint is imposed through the
Softplus activation function:

Vilimo =1, (35)

fo(r) = Softplus(wi, hy + bous) + €, (36)

where Softplus(z) = In(1 + €%), and € = 107% is a small
constant used to prevent numerical underflow. The output
bias by is initialized to 1.0, so that the source-intensity pre-
diction is a positive-valued distribution in the initial stage of
training, thereby avoiding gradient vanishing caused by the
saturation region of Softplus near zero. The reason for choos-
ing Softplus rather than ReLU as the output activation is its
global differentiability. The gradient of ReLU is discontinu-
ous at zero. When the predicted intensity of a large number of
query points is zero, which is very common in sparse-source
scenarios, large gradient dead zones will appear and hinder
the optimization of the loss function in these regions.

5. Loss Function and Training Strategy

This section derives the physics-constrained loss func-
tion required for network training on the basis of Compton-
scattering dynamics and maximum-likelihood-estimation the-
ory. Different from standard emission tomography that relies
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on line-integral projection, Compton imaging uses the com-
plete interaction information of single photons to infer the
source origin, which requires establishing a specific likeli-
hood model based on geometric constraints.

6. Theoretical Basis of the Physics-Constrained Loss Function

The image reconstruction of a Compton camera is essen-
tially an inverse problem of reconstructing the radioactive
source distribution under incomplete and noisy event observa-
tions. Different from conventional supervised learning, which
relies on a large number of labeled images, the training ob-

835 jective established in this paper does not require the network
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output to match a reference image pixel by pixel. Instead, it
requires the predicted source distribution to explain, as much
as possible, the physically consistent information in the ob-
served event set.

Let the continuous three-dimensional source distribution
output by the neural network be

Pa(r | graw)a r e Q7 (37)

where 6 is the network parameter, &, is the input raw event
set, and (2 is the reconstruction region. Since this paper is
more concerned with the relative spatial shape of the source
distribution rather than the absolute total intensity, it is nor-
malized into the form of a probability density:

o po(r)
pg(r) - fﬂpe(l‘)dr-l-&?’

where ¢ is a numerical-stability term. The normalized pg(r)
can be interpreted as the relative probability distribution of
the photon emission position in the reconstruction space.

It should be emphasized that the input in this paper is “all
encodable raw events”, but not all raw events can be fully
characterized by a unified Compton-cone geometric model.
Therefore, at the physical-modeling level, the raw event set is
further divided into two parts:

gr aw

(38)

= gcone U 5auxa gcone N 8aux =4, (39)

where E.one denotes the subset of events for which the
Compton-scattering geometric constraint can be stably de-
fined according to the position and energy information, and
Eaux denotes the subset of events such as single-layer events,
partially incomplete events, or other events that cannot stably
form cone constraints but can still provide auxiliary struc-
tural information. The former is used to construct the ex-
plicit physical likelihood. The latter participates in the rep-
resentation learning of the event set through the unified input
representation, but does not directly enter the cone forward-
likelihood term.

For any event e; € E.one, its scattering point, absorption
point, and energy deposition can be used to calculate the scat-
tering angle 6;. According to the Compton-scattering rela-
tion, this event corresponds to a cone geometric constraint
with the scattering point as the cone vertex, the scattering di-
rection as the cone axis, and 6; as the half-opening angle.
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In other words, if a candidate source distribution can assign a
higher probability mass near the cones corresponding to these
events, it is more likely to explain the current observation.
Based on this, the reconstruction problem is formulated as a
maximum-likelihood-estimation problem based on event ge-
ometric consistency.

The statistical assumption of the physical constraint in this
paper is built on the approximate independence of events un-
der sparse detection conditions. Since the incident count rate
is low, the explicit temporal correlations introduced by de-
tector dead time and pulse pile-up can be approximately ig-
nored. Therefore, for events in E.qye, the joint likelihood can
be approximately factorized into the product of the marginal
likelihoods of single events. It should be noted that this in-
dependence assumption applies only to the geometrically in-
terpretable subset of events that enter the physical likelihood,
and it does not mean that all raw events in &, are regarded
as following the same cone-observation model. Through the
strategy of “unified input of raw events + explicit physical
constraints on geometrically interpretable events”, this pa-
per combines all-event utilization with interpretable physical
modeling.

7. Differentiable Cone Forward Operator

For an event e; € Eope that can define a Compton geomet-
ric constraint, its observation probability is closely related to
the probability mass of the source distribution near the corre-
sponding cone surface, which is the basic starting point of the
Compton-imaging forward problem. Let the geometrically
interpretable observable of the ith event be

qi = (pf7p77Els7Eza)7

where p; is the scattering point and p{' is the absorption point.
According to the Compton relation, the scattering angle 6;
can be obtained, and the cone axis is determined by the direc-
tion vector from the scattering point to the absorption point.
Therefore, for any spatial position r € 2, its unit direction
vector with respect to the scattering point is defined as

(40)

vi(r) = | r-p (41)

r—pil+e
where ¢, is a numerical-stability term used to prevent the de-
nominator from being zero. If r lies on the ideal cone surface,
it should satisfy Z(v;(r), u;) = 6;, where u; is the unit vec-
tor of the cone axis.

In the actual detection process, the scattering angle is not
strictly deterministic, but is affected by factors such as en-
ergy resolution and Doppler broadening. Let the total angular
uncertainty of the ith event be oy ;, then it can be written as

2 _ 2 2
0yi=09;ER T 09,iDB> (42)

where 0y ; gr denotes the scattering-angle uncertainty caused
by the finite energy resolution of the detector, and o ; pp de-
notes the Doppler-broadening uncertainty caused by the mo-

mentum distribution of bound electrons in the target material. *°
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This paper follows the detector-parameter settings described
above and approximately models these two terms, thus ob-
taining the effective angular-resolution width corresponding
to each event.

To embed the above physical constraint into a differen-
tiable training objective, this paper first introduces the Klein—
Nishina (KN) differential scattering cross section as an angu-
lar prior probability weight. Let the incident photon energy
be E + Ef and the scattered photon energy be 7. Then the
KN cross-section weight factor is defined as

B\’
Wien(6:) = (E + Ea)
i T 43
BeeE B
Be B +Er U )

Combined with this physical cross section, a soft cone kernel
with KN weighting is constructed to measure the geometric
consistency between any position r and event e;:

1
K;(r) =Wkn(6;)  ——————
() =Wen () oo,
[arccos(vi(r) . ui) — Hi] 2 (44)
cexp| — 5
20971- + €9

This modified kernel not only ensures spatial geometric con-
sistency, but also strictly follows the quantum-mechanical
scattering-probability distribution. Here, €y is a numerical-
stability term. This kernel consists of two parts: the expo-
nential term is used to describe the consistency between po-
sition r and the cone geometry, and its Gaussian form reflects
the soft-constraint broadening caused by the scattering-angle
measurement error; the distance term (|lr — p$||%2 +¢,) " !is
used to approximately characterize the geometric-sensitivity
correction in radiation transport, so as to suppress pseudo-
high responses caused only by the increase in cone-surface
area at large distances.

It should be noted that this soft cone kernel is defined only
for events in E.,ne. For events in &, for which the scatter-
ing geometry cannot be stably determined, this paper does not
forcibly construct a unified cone kernel and does not directly
incorporate them into the forward likelihood. Instead, they
play an auxiliary role at the representation level through the
event-set encoder described above. This avoids incorrectly in-
terpreting events without clear cone-physics meaning as stan-
dard Compton geometric constraints.

8. Event Matching Degree and Physical Loss

Given the predicted source distribution py(r), the matching
degree of the ith geometrically interpretable event is defined
as the weighted integral of the source distribution over its soft
cone kernel:

S; = / ﬁg(r)Ki(I') dr, ei € Econe- (45)
Q
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This quantity can be understood as follows: if the predicted 1021
source distribution assigns a high probability mass near the 1022
positions consistent with the event geometry, then s; is large,
indicating that the current reconstruction result is more capa-
ble of explaining this event; otherwise, if the source distribu-
tion is inconsistent with the cone constraint corresponding to
this event, then s; is small. 1024

Considering that differences may still exist in the physical 15
reliability and information completeness of different events, 14
this paper further introduces an event weight w; into the ;;
physical loss. A higher weight is assigned to standard valid 1
double-layer events; for events that can define a cone but have
weaker quality, a relatively lower weight can be assigned.
Therefore, the joint likelihood based on .. can be written oo
as

1023

p(gcone ‘ ﬁa) ~ H (51 + Es)wi y

€i€Econe

(46)

1030

where ¢, is a stability term used to prevent numerical under- 13!

flow. The corresponding negative log-likelihood form is

Lohys = — Z w; log (s; +€5) .

ei€E€cone

1032
1033
(47) 1034
1035
It can thus be seen that the physical loss in this paper does izj

not impose a unified cone-consistency constraint on all raw s

events. Instead, it explicitly optimizes only the geometrically s
interpretable event subset, while other incomplete events in-
fluence the global conditional feature z through the unified
input representation and indirectly participate in the predic-
tion of the source field. This design of “all-event utilization at 104
the representation level + selective physical constraints at the o,
loss level” is an important feature that distinguishes this paper 1043
from traditional strictly screened reconstruction and purely
supervised image reconstruction.

Compared with conventional image-supervision loss, the
above physical loss has three advantages. First, its op-
timization objective depends only on the observed events
and the differentiable forward operator, and does not re-
quire image-level labels. Therefore, it belongs to physics-
constrained training without image labels. Second, the |,
network-parameter update is directly driven to improve the ,,,q
ability of the predicted source distribution to explain the real
observed events, thereby explicitly satisfying the consistency
requirement of Compton-scattering geometry. Third, since o5
the constraint comes from the event-level physical relation-
ship rather than a fixed image-label distribution, this method 1052
has a more reasonable basis for generalization under low- 103
count and unseen-energy conditions.

It should be further stated that the current version of this pa-
per does not explicitly construct an independent background-
distribution term for random coincidences, non-Compton 10s7
background, or severely misordered events. Instead, their 1ose
influence is jointly weakened through event preprocessing,
unified encoding, event-quality weighting, and attention ag-
gregation. Therefore, the strict applicable object of the cur-
rent physical loss in this paper is still mainly events that can
form geometrically interpretable constraints. For more com-
plex raw-background modeling, it can still be extended on 1os1

1040

1044

1045

1046

1047

1050

1054
1055

1056

1059

1060
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this basis into an explicit mixed-likelihood model in future
work.

9. Regularization Term

Under extremely sparse-data conditions (N < 10), rely-
ing only on the physical constraint may lead to pathological
solutions, such as isolated noise points or overly sharpened
spikes. To improve the stability of the solution, total variation
(TV) regularization is introduced:

TV(fo) = 3 (192 o) + [y folr)
r 12 (48)
V- for)? +6%)

where V;, V,,, and V denote the discrete gradient operators
along the three coordinate directions in three-dimensional
space, respectively, and 6 = 1075 is a smoothing param-
eter to ensure differentiability. TV regularization promotes
piecewise smooth solutions, effectively suppresses checker-
board artifacts and isolated noise points, and at the same time
preserves the sharp features of source boundaries.

The final optimization objective is a weighted combina-
tion of the physical-constraint term and the TV regularization
term:

Etotal = CVACphys + 7 TV(fe) (49)

The hyperparameters « and 7 are determined by grid search
on the validation set. In the search space a € {0.5,1.0,2.0}
and 7 € {0.001,0.01,0.1}, « = 1.0 and 7 = 0.01 achieved
the best validation performance.

10. Auxiliary Geometric Guidance Loss

As described in Section 2.4.3, the auxiliary coordinate pre-
diction head of the encoder outputs Tpreq, Which requires a
direct training signal. This paper takes the geometric pre-
localization result rq, (see Section 2.3 for details) as the tar-
get and defines a mean-squared-error loss:

ﬁcoord = ||/fprcd - I'gco||2~ (50)
The weight of this loss is set to Acoorq = 0.001, which is far
smaller than the scale of the physical NLL loss. This design
ensures that the auxiliary loss provides directional guidance
for the encoder in the early stage of training, while the feature
learning is dominated by the physical loss in the later stage
of training, thus avoiding the representation capability of the
encoder being locked by the coarse-localization target.

11. Optimizer and Learning-Rate Strategy

The Adam optimizer is used, with the initial learning rate
Ny = 10~* and the momentum parameters 51 = 0.9 and
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B2 = 0.999. The weight-decay coefficient is set to A =
10~° to provide mild L, regularization and prevent overfit-
ting caused by excessively large weights. To provide more
refined parameter adjustment in the later stage of training, a
cosine-annealing learning-rate schedule is adopted:

Mt = Nmin + % (nmax - nmin) (1 + cos (;ﬂ')> 5 (51)
where ¢ is the current training step, 7 is the total number of
training steps, Nmax = 1074, and 7, = 107, Compared
with stepwise decay, this strategy is smoother. The learning
rate starts from 7y, and decays from fast to slow, which is
conducive to helping the network escape from local optima
and converge to a better solution in the later stage of training.

12.  Progressive Training Strategy

Considering that the reconstruction difficulty of extremely
sparse data (/N < 10) is significantly higher than that of mod-
erately sparse data (N € [10,100]), we adopt a progressive
training strategy:

a. Stage 1 (Epoch 0-50). Samples with a relatively
large number of events (N € [100, 1000]) are used for train-
ing. In this stage, the network learns the basic patterns of
Compton imaging and the cone geometric constraints, and es-
tablishes a stable feature representation.

b. Stage 2 (Epoch 50—100). Moderately sparse samples
(N € [10,100]) are gradually introduced. The lower bound
of the number of events decays linearly from 50 to 10, so that
the network gradually adapts to sparser input conditions.

c. Stage 3 (Epoch 100-150). Extremely sparse samples
(N € [2,10]) are added for joint training. In this stage, sam-
ples of each sparsity level are randomly sampled according
to a uniform distribution, so as to ensure the balanced perfor-
mance of the network over the whole sparsity range.

This progressive strategy avoids the network falling into
poor local optima in the early training stage due to the high
noise and strong uncertainty of extremely sparse data, and
guides the network to establish robust feature representations
from easy to difficult by gradually increasing the task diffi-
culty.

III. EXPERIMENTS AND RESULTS

This section provides a unified description of the exper-
imental configuration, including the hardware and software
environment, the sparse-data experimental design, the eval-
uation metric system, and the implementation details of the
comparison methods. To ensure that the experimental re-
sults accurately reflect the true performance of the proposed
method under low-count conditions with raw unscreened-
event input, all experiments in Chapter 3 were conducted un-
der the same detector model, simulation parameters, and spa-
tial sampling rules as those described in Chapter 2.
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A. Experimental setup
1. Hardware and software environment

All experiments were carried out on a workstation
equipped with three NVIDIA GeForce RTX 4090 GPUs. The
central processing unit was an Intel Core i9-14900KS, and
the system memory was 64 GB. The deep learning models
were implemented in PyTorch 1.12.0, with CUDA 12.1 and
cuDNN 8.9.2. The Python version was 3.8.10. The con-
ventional reconstruction algorithms (SBP and MLEM) were
implemented based on NumPy 1.24.3 and SciPy 1.10.1, and
were accelerated by just-in-time compilation using Numba.
The Monte Carlo simulation was built on Geant4 11.1.1 with
multithreaded parallel acceleration. The complete training of
Sparse-Aware ComptonNet required approximately 25 h for
150 epochs.

2. Sparse-data experimental design

To systematically evaluate the reconstruction performance
of the proposed method under low-count conditions, we de-
signed experiments covering multiple sparsity levels. The
sparsity of a scenario was characterized by the number
of valid double-layer events /N retained after the standard
screening criteria (see Section 2.2.3). It should be noted
that, in the dual-source and multi-energy three-source exper-
iments, N denotes the number of valid events corresponding
to each independent point source. Here, IV is used only as a
unified sparsity scale to describe the reconstruction difficulty
of different physical scenarios, and is not equal to the actual
total number of input events for all methods. For the con-
ventional methods SBP and MLEM, the input consisted of
N valid double-layer events satisfying the standard screening
conditions. For the proposed SACN and the 3D-UNet base-
line, the input consisted of the full set of encodable raw events
generated in the same physical simulation that produced these
N valid events.

Therefore, the main focus of the present experiments is
not the fairness of different algorithm bodies under exactly
matched inputs, but the performance difference between two
data-usage strategies under the same underlying physical sce-
nario, namely, strict-screening reconstruction and all-event-
utilization reconstruction. This experimental design aims to
answer the following question: under extremely sparse condi-
tions, can retaining as many encodable raw events as possible
and exploiting them through unified representation and selec-
tive physical constraints support source reconstruction more
effectively than the conventional strict-screening strategy?

Training was performed using only single-energy Cs-137
point-source data, in order to examine the transfer ability of
the model from a single training isotope to unseen energies
and more complex source scenarios. Co-60, 511 keV annihi-
lation radiation, and multi-source or multi-energy combined
scenarios were not used in training and were employed only
for performance evaluation during testing. Under each spar-
sity level, three kinds of experiments were conducted:
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1. single-source experiments (Cs-137, 662 keV), used to
evaluate basic localization accuracy, spatial resolution,
and background suppression ability;

. dual-source experiments (511 keV annihilation radia-
tion + Co-60), used to verify multi-source separation
ability and source-interference suppression ability;

. multi-energy three-source experiments (662 keV Cs-
137, 511 keV annihilation radiation, and 1173 keV Co-
60), used to evaluate the overall reconstruction perfor-
mance under complex radiation-field conditions.

These settings enabled us to systematically analyze the per-
formance differences among methods or data-usage strate-
gies, from single-source to multi-source and from single-
energy to multi-energy scenarios, under a unified sparsity
scale.

3. Evaluation metrics

To comprehensively quantify the reconstruction perfor-
mance of different methods, we adopted an evaluation sys-
tem covering four aspects: spatial resolution, localization
accuracy, image quality, and computational efficiency. It
should be noted that the core output of SACN is a con-
tinuous three-dimensional source field, whereas the outputs
of SBP, MLEM, and U-Net are discrete reconstruction im-
ages. To ensure consistency in the evaluation representa-
tion, the reconstruction results of all methods were mapped
to the same evaluation form. Specifically, for SACN, the
predicted continuous three-dimensional source field was sam-
pled on a fixed spatial grid and then projected by maximum
response along the detector normal (z direction), generating a
two-dimensional evaluation map consistent with those of the
comparison methods. For the dual-source and three-source
scenarios, local peak detection was first performed on the
two-dimensional evaluation map, and the reconstructed peaks
were then matched to the true source positions by the nearest-
neighbor rule, from which the average PA was calculated.
For the conventional methods and U-Net, their reconstruction
maps were used directly. The subsequent FWHM, PA, and
CNR were all computed on this unified evaluation represen-
tation.

The spatial-resolution metric, full width at half maximum
(FWHM), was used to evaluate the spatial resolution of the
reconstructed point source. It was obtained by fitting a two-
dimensional Gaussian function to the source region in the re-
construction image:

_ (x*$0)2 (y*yo)z
G(z,y) = Aexp 207 205 + B, (52)

where (zo,y0) denotes the fitted peak position, ¢, and o,
denote the standard deviations in the x and y directions, re-
spectively, A is the peak amplitude, and B is the background
baseline. The FWHM is then calculated as

FWHM, = 2.3550,, FWHM, = 2.3550,.
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The final FWHM is defined as the geometric mean in the x
and y directions,

FWHM = \/ FWHM, FWHM,,, (54)
and a smaller FWHM indicates better spatial resolution. For
an ideal point source, the FWHM reflects the intrinsic resolu-
tion limit of the imaging system.

The reconstruction-accuracy metric, position accuracy
(PA), was used to evaluate the deviation between the recon-
structed source position and the true position:

PA = \/(xtrue - zrecon)Q + (ytrue - yrecon)27 (55)
where  (Ztrue, Ytrue) 18 the true source position and
(Zrecon, Yrecon) 18 the reconstructed position determined by
Gaussian fitting. A smaller PA indicates more accurate source
localization. Under sparse-data conditions, PA is a key metric
for evaluating the practical utility of a method.

The image-quality metric, contrast-to-noise ratio (CNR),
was used to evaluate the signal-to-noise ratio of the recon-
struction image:

Isi 1 — I
gna background
CNR = ,

Obackground

(56)

where Iggnal is the mean intensity within a circular source
region centered at the reconstruction peak and having a ra-
dius of 1.5 x FWHM, and Ipackground and Ohackground are
the mean intensity and standard deviation, respectively, of the
background region located more than 3 x FWHM away from
the source center. A higher CNR indicates clearer source—
background separation and is beneficial to subsequent source
detection and quantitative analysis.

The computational-efficiency metric was the reconstruc-
tion time, defined as the total elapsed time from the input
of Compton-event data to the output of the reconstruction
image, including data preprocessing, network inference, and
post-processing. For the deep learning methods, the recon-
struction time includes only the inference stage and does not
include the training time.

4. Comparison methods

Three representative methods were selected for perfor-
mance comparison, covering three categories of reconstruc-
tion methods: analytical reconstruction, statistical iterative
reconstruction, and deep learning reconstruction.

As a representative conventional analytical reconstruction
method, the SBP algorithm is simple to compute but suf-
fers from severe star-shaped artifacts in the reconstructed im-
age. In the implementation, the cone surface corresponding
to each Compton event was projected onto the reconstruction
plane, and the reconstruction image was generated by super-
posing events. As a representative statistical iterative recon-
struction method, MLEM was optimized based on a Poisson
statistical model. The number of iterations was set to 80, and

(53) 1261 the convergence threshold was set to 1075, As a supervised
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deep learning baseline, a U-Net architecture was adopted for
image reconstruction. The network contained four encoder
layers and four decoder layers. Each layer consisted of con-
volution, normalization, and nonlinear activation. Max pool-
ing was used for downsampling, bilinear interpolation was
used for upsampling, and skip connections were used to fuse
multiscale features between the encoder and decoder. Unlike
SBP and MLEM, the input of U-Net also followed the all-
event-utilization strategy. In the implementation, each event
was first encoded as a feature vector according to the unified
event-encoding scheme proposed in this work, namely,

h
e

Ty = [ , My, tl]v (57)

and was then transformed into a regular feature-map repre-
sentation processable by the network through a projection
layer and tensorization operation. U-Net output a single-
channel reconstruction image of size 256 x 256. U-Net was
trained in an image-supervised manner, using the true source-
distribution images as labels. Unlike SBP and MLEM, the
input of U-Net was not the IV valid events after strict screen-
ing, but the same set of all encodable raw events as that used
by SACN, so that the effect of the all-event-utilization strat-
egy could be compared within the deep learning paradigm.

B. Single-source reconstruction experiment
1316

Single-source reconstruction is the most basic application 1317
scenario of the Compton camera and is also the basic exper- 1318
iment for evaluating localization accuracy, spatial resolution, 1319
and background-suppression ability under low-count condi- 1320
tions. In this section, a Cs-137 point source was used for 1321
single-source reconstruction, with the source position set to 1322
(=80 mm, 80 mm, —100 mm). Under different sparsity lev- 132
els, SBP, MLEM, 3D-UNet, and the proposed SACN were 1324
used for reconstruction, and the evaluation metrics were com- 1325
puted. The results are listed in Table 1. 1326

As shown in Table 1, under the current simulation setting, 1327
SACN achieved better overall performance at all sparsity lev- 1328
els, and its advantage became more obvious under extremely 1329
low-count conditions. When the number of valid events was 130
only N = 2, SBP mainly showed the superposition of dis- 1331
crete cone trajectories and could hardly form a stable con- 132
centrated peak for localization. Although MLEM could focus 1333
the response through iterative updating, it was still prone to 1334
noise amplification and pseudo-peaks under severely under- 1335
determined conditions. Under the same condition, U-Net was 1336
more likely to produce over-smoothed responses or response 137
drift. In contrast, SACN was still able to recover a relatively 1338
concentrated single-peak response and showed more stable 133
results in PA and CNR. As the number of valid events in- 1340
creased from N = 2to N = 10, N = 50, and N = 100, 1341
the performance of all methods improved overall. However, 1342
SACN maintained a more balanced performance in FWHM, 1343
PA, and CNR, indicating that the proposed method has good 1344
adaptability to statistical fluctuations.

Figure 3 shows typical reconstruction results of different 1ass
methods under different sparsity conditions. It can be seen 137

1345

15

TABLE 1. Quantitative performance comparison for single-source
reconstruction.

N Method FWHM PA (mm) CNR RT (s)

2 SBP 1.91 1952 1.06 2
2 MLEM 19.89 20.09 0.04 1096
2 U-Net 205.15 46753 152 3
2 SACN 13.65 489 5327 2
10 SBP 2883 2190 0.78 2
10 MLEM 18.26 1948 791 2826
10 U-Net 57.19 1099 159 3
10 SACN 9.33 327 7201 2
50 SBP 9353 3253 074 3
50 MLEM 21.28 795 15.28 6861
50 U-Net 4797 12.17 2.65 4
50 SACN 7.57 282 6721 3
100 SBP 5586 2430 085 3
100 MLEM 22.53 8.45 15.93 8305
100 U-Net 42.13 9.15 241 5
100 SACN 7.30 331 76.07 3

that, under extremely low-count conditions, SBP mainly pre-
serves the cone-superposition structure and cannot form a
clear dominant peak; MLEM can produce a local high re-
sponse in some samples, but is often accompanied by pseudo-
peaks and background fluctuations; and U-Net is more likely
to output blurred or shifted response distributions on sparse
samples. In contrast, SACN can reconstruct a single-source
response with more accurate position, more concentrated
peak, and relatively cleaner background over the statistical
range from N = 2 to N = 100. This result indicates that,
under the current setting, the event-level physics-consistency
training objective can provide stable constraints for sparse-
data reconstruction.

This stability is related to the training mechanism of the
proposed method. The optimization target of SACN is not
to simply fit a fixed label image, but to require the pre-
dicted source distribution to better explain the geometric-
consistency information in the observed events from the
perspective of physics. Therefore, compared with U-Net,
which mainly relies on image-supervised mapping, SACN
shows better adaptability when the statistics vary substan-
tially. Compared with MLEM, which relies on iterative up-
dating, SACN is less susceptible to interference from lo-
cal pseudo-peak structures under extremely low-count con-
ditions.

In terms of computational efficiency, the inference-stage
reconstruction time of SACN is on the same order as that of
U-Net and is significantly shorter than that of MLEM, which
requires multiple iterations. Overall, in the current single-
source experiment, SACN achieves a good balance among
reconstruction accuracy, image quality, and computational ef-
ficiency, which provides a basis for the subsequent analysis of
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more complex multi-source scenarios.
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Fig. 3. Typical reconstruction results of different methods in the
single-source experiment under different sparsity levels.

C. Dual-source reconstruction experiment

Multi-source separation ability is an important metric
for evaluating the spatial resolution and practical value o
a Compton camera. In the dual-source scenario, a lim-
ited number of Compton events must simultaneously con-
strain two spatially adjacent radiation sources, making the
reconstruction problem more underdetermined than that in
the single-source case. This is especially likely to cause
peak merging, pseudo-peak proliferation, and localization
deviation under low-count conditions. For this reason,
this section constructs a dual-source reconstruction experi-
ment consisting of a 511 keV annihilation radiation source

at (30 mm, 10 mm, —80 mm) and a Co-60 source at **
(40 mm, —10 mm, —80 mm). The performance of each 13
method in the multi-source separation scenario is evaluated, 139

and the results are shown in Table 2 and Fig. 4.

From the quantitative results in Table 2, it can be seen that, 13%
under the current test setting, SACN shows good dual-source 137
separation ability at different statistical levels. Under higher- 13
statistics conditions, SACN can distinguish the two adjacent 13
source peaks relatively accurately, and its PA is better than 1400
When the statistics further de- 14o1
crease to N = 50, N = 10, or even lower, MLEM and U-Net 1402
are more likely to exhibit source merging, dominant-peak de- 1403
viation, or pseudo-peak interference. It should be noted that, 1404
under the extremely sparse condition (/N = 2, that is, a total 1405
of 4 valid events in the dual-source scenario), SACN can still 1406
achieve a small localization error and preserve structural sep- 1407
aration between the two sources. Although the cone surfaces 1408
corresponding to 4 events can, in ideal analytical geometry, 1409

that of MLEM and U-Net.

f 1382
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TABLE 2. Quantitative performance comparison for dual-source re-
construction.

N Method FWHM (mm) PA (mm) CNR

2 SBP 43.78 108.65 0.06
2 MLEM 16.32 12.85 37.19
2 U-Net 200.0 116.45 1.36
2 SACN 15.62 4.60 45.89
10 SBP 147.78 101.62 0.19
10 MLEM 16.17 8.46 42.22
10 U-Net 65.46 1575  4.99
10 SACN 10.06 3.61 5291
50 SBP 69.92 40.13  2.14
50 MLEM 15.93 1732 4.70
50 U-Net 39.92 12.10 11.05
50 SACN 7.32 3.23 56.78
100 SBP 34.33 399 9.80
100 MLEM 10.00 3.88  4.67
100 U-Net 35.29 24.67 10.82
100 SACN 6.93 313 61.52

1379 barely intersect to form a discrete point solution, conventional

methods still diverge easily and produce severe cross artifacts
under real detection conditions with physical errors such as
energy-resolution broadening. By integrating all-event infor-
mation, including multiple-scattering and incomplete events,
the proposed method provides additional implicit geomet-
ric constraints, thereby significantly improving spatial reso-
lution and localization stability under underdetermined con-
ditions. Recent related studies, such as ComptonNet, have
also confirmed that all-event deep learning models that break
the conventional screening criteria can achieve more accu-
rate source-distribution estimation than conventional meth-
ods when dealing with extremely low-count statistics, such
as single-digit events.

The visualization results in Fig. 4 further reflect the dif-
ference among methods in the dual-source scenario. SBP is
strongly affected by star-shaped artifacts and cannot clearly
resolve the dual-source structure. MLEM can form two high-
response regions in some cases, but is often accompanied by
additional pseudo-peaks and background fluctuations. U-Net
can roughly indicate the regions of the two sources, but bridg-
ing responses or peak shifts are more likely to appear between
the two sources. In contrast, the reconstruction results of
SACN usually present two more independent peak structures
whose positions are closer to the ground truth, indicating that
it has a stronger advantage in suppressing source-to-source
interference.

This phenomenon is related to the modeling mechanism of
the proposed method. In the dual-source scenario, events gen-
erated by different sources are naturally mixed in the obser-
vation domain, while a single event usually provides only one
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1a10 limited geometric constraint. Conventional methods are more 141
111 likely to produce local pseudo-solutions under such mixed 142
112 constraints. Pure image-supervised methods are more likely 1443
1413 to learn an overly smooth average mapping when the training 1444
1414 distribution is limited. SACN, in contrast, uses event-level 144s
1415 physics-consistency constraints so that the predicted source 14
116 field must remain consistent with multiple event geometries 1447
1417 simultaneously. In this way, without presetting the number of 1448
1418 sources, dual-source separation is achieved through the struc- 149
1a19 tural resolvability of the reconstructed field itself.
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Fig. 4. Typical reconstruction results of different methods in the
dual-source experiment under different sparsity levels.

1420  D. Multi-energy three-source reconstruction experiment
1451
Multi-energy multi-source reconstruction is one of the sz
most challenging scenarios for practical Compton-camera ap- 14s3
plications, because the positions and structural responses of 1454
multiple sources with different energies must be recovered si- 155
multaneously under sparse-data conditions. In this section, 14ss
a reconstruction experiment containing three sources with 14s7
different energies is designed to simulate complex radiation 14ss
fields in nuclear-medical imaging and radionuclide monitor- 1ase

1421
1422
1423
1424
1425
1426
1427

1428

1429 ing. 1460
1o The  experimental configuration includes three s
131 point sources: a 662 keV Cs-137 source located 12

1z at (10 mm, 10 mm, 30 mm); a 511 keV positron- 1es
annihilation source (used to simulate a PET tracer) located 14s«
at (—20 mm, 30 mm, 30 mm); and a Co-60 source located 14
at (20 mm, —10 mm, 30 mm). For the Co-60 source, the 14
G4RadioactiveDecay module was specifically enabled in 17
Geant4 to faithfully simulate the physical process in which 14es
1.173 MeV and 1.332 MeV cascade gamma photons are 14es
130 emitted simultaneously within an extremely short coinci- 1470

10 dence window. Faced with this type of complex coincidence 1471

1433
1434
1435
1436
1437

1438

17

event, which readily produces multiple hits (pile-up) and
overlapping topological structures, the proposed SACN
model robustly handles these multiple-scattering events
through unified input-feature encoding, especially the
event-type identifier and missing mask, thereby avoiding
the information loss caused by conventional strict energy-
window screening. This scenario covers the main energy
ranges in typical Compton-camera applications and sets
a geometrical layout that is challenging but theoretically
separable.

TABLE 3. Quantitative performance comparison for multi-energy
three-source reconstruction.

N Method FWHM (mm) PA (mm) CNR

2 SBP 67.01 76.52  0.38
2 MLEM 8.72 21.29 2279
2 U-Net 200.0 7276 1.08
2 SACN 11.78 5.52 58.17
10 SBP 165.83 86.86 0.41
10 MLEM 13.66 56.37 16.35
10 U-Net 66.61 1746 541
10 SACN 10.35 2.61 66.33
50 SBP 69.64 2745 2.33
50 MLEM 16.49 2039 13.67
50 U-Net 36.58 1991 20.46
50 SACN 7.29 3.31 68.01
100 SBP 63.86 434  5.16
100 MLEM 31.87 48.39 23.23
100 U-Net 45.72 18.25 12.98
100 SACN 7.03 2.61 77.74

Table 3 gives the quantitative results of different methods
in the three-source scenario, and Fig. 5 shows the correspond-
ing typical reconstruction visualizations. The results show
that, under the multi-energy three-source condition, the per-
formance of both SBP and MLEM further decreases com-
pared with those in the single-source and dual-source scenar-
ios. Because SBP directly superposes the cone trajectories
corresponding to different events, it is more likely to pro-
duce complex background mixing and star-shaped artifacts.
Although MLEM can form responses in some regions, it is
more likely to show peak diffusion, additional pseudo-peaks,
and mutual interference between adjacent true peaks under
multi-source coupling conditions. In this scenario, U-Net can
recover several high-response regions, but its description of
the relative positional relationship among the three sources is
not sufficiently accurate, and obvious structural fusion occurs
between some sources.

In contrast, under the current setting, SACN can recon-
struct three relatively independent response peaks whose po-
sitions are closer to the true values, and the overall back-
ground artifacts are also relatively weaker. The results in
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Fig. 5 indicate that SACN is better than the other compari-
son methods in preserving peak structures in the multi-source
scenario, especially in terms of inter-source separation and
background suppression. It should be noted that the current
evaluation still focuses on spatial-position recovery and struc-
tural separation ability. The quantitative recovery of source
activity at different energies has not yet been studied sepa-
rately. Therefore, the term multi-energy here mainly reflects
the complexity of reconstruction under mixed event statistics
rather than strict spectroscopic energy quantification.

It should be emphasized that the model in this work was
trained only with single-energy Cs-137 point-source data,
whereas Co-60, 511 keV annihilation radiation, and the three-
source mixed scenario were not used in training. Therefore,
the experiments in this section not only verify the separation
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IV. CONCLUSION

To address the problems of unstable reconstruction under
low-count conditions, information loss caused by conven-
tional strict event screening, and the dependence of image-
supervised methods on labels in Compton cameras, this pa-
per proposes SACN, a reconstruction framework based on
event-level physical consistency. Rather than simply treating
Compton reconstruction as an empirical mapping from mea-
surement data to images, this paper formulates it as an inverse
problem driven by a physical forward model: the source dis-
tribution output by the network should explain, as much as
possible, the geometric consistency information contained in
the observed events. Based on this idea, this paper embeds
a differentiable Compton forward model into the training ob-

ability of the method under multi-source conditions, but also s jective and achieves physically constrained training for sparse

further test its transfer performance under unseen energies
and higher scene complexity. From the current results, SACN
does not show obvious performance collapse when unseen en-
ergies and more sources are introduced into the test scenario.
This indicates that the training strategy based on event-level
physics consistency improves the adaptability of the model to
complex scenarios to a certain extent.

Taken together, the single-source, dual-source, and multi-
energy three-source experiments show that, under the cur-
rent simulator, detector model, and test scenarios, SACN ex-
hibits good reconstruction performance and structural stabil-
ity. Compared with the conventional reconstruction meth-
ods based on strict screening, the all-event-utilization strat-
egy combined with physical constraints shows clear potential.
Compared with the purely image-supervised U-Net baseline,
SACN shows better robustness and physical consistency un-
der unseen energies and multi-source conditions.

INATIN dds

PN-N

N=100

Fig. 5. Typical reconstruction results of different methods in the
multi-energy three-source experiment under different sparsity levels.
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data without requiring image labels.

In terms of method implementation, this paper uses a con-
ditional neural implicit field to represent the continuous three-
dimensional source distribution, and uses an event-set en-
coder to uniformly represent all encodable raw events. At the
same time, a geometric pre-localization mechanism is intro-
duced to provide coarse guidance for continuous-space op-
timization, so as to alleviate the search difficulty under ex-
tremely sparse conditions. Furthermore, this paper imposes
physical likelihood constraints, at the loss level, on events
for which geometric constraints can be stably defined, while
single-layer or incomplete events are mainly used for auxil-
iary representation learning. In this way, a unified modeling
framework is formed, namely, full-event utilization at the rep-
resentation level and selective physical constraints at the loss
level.

The experimental results show that, under the current simu-
lator, detector model, and test scenarios, the proposed method
exhibits good overall performance in single-source, double-
source, and multi-energy three-source tasks. Especially un-
der low-count conditions, SACN is overall superior to the
comparison methods selected in this paper in terms of local-
ization accuracy, background suppression, and preservation
of multi-source structure, indicating that event-level physical
consistency constraints play a positive role in sparse Comp-
ton reconstruction. In addition, the model is trained only with
single-energy point-source data of Cs-137, yet still maintains
relatively stable performance in unseen isotopes and more
complex multi-source scenarios, indicating that the method
has a certain degree of cross-energy transfer capability under
the current setting.

It should be pointed out that the conclusions of this paper
are currently mainly based on simulation validation, and the
main experiments focus on comparing two data-usage strate-
gies, namely, “strict-screening reconstruction” and “full-
event-utilization reconstruction”, rather than a completely fair
comparison of algorithm bodies under exactly the same input
conditions. Meanwhile, this paper has not yet explicitly es-
tablished a unified mixed-observation model for random co-
incidence, complex background, and stronger non-ideal de-
tector effects, and has not carried out systematic research on
spectroscopic quantitative recovery in multi-energy scenar-
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1570 ground events, reconstruction of extended-source scenarios,
Overall, this work shows that, in the problem of sparse 1571 and joint correction of non-ideal detector response effects, so
15« Compton imaging, shifting reconstruction from a supervised 1572 as to promote the practical application of this method in nu-
1565 learning paradigm that depends on image labels to a label- 157 clear medicine imaging and radiation source detection.

1ses free optimization paradigm driven by a physical forward
1567 model is a promising research path. Future work will further
1ses focus on real experimental data validation, matched-input %74
1se0 controlled comparison, explicit modeling of complex back-
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