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Abstract

An uncollimated scintillator array encodes source direction and distance in both its spatial 
response and total count rate. We modeled an isotropic 11.6 keV point source and a 12 × 12 yt-
trium orthosilicate array in Geant4 11.3.2, using a scintillation yield of 15,300 photons MeV−1 . 
A spatial–global dual-branch convolutional neural network, Full, combined normalized 
response patterns with six global descriptors for joint localization conditional on known 
emitted exposure. The response library comprised 272 training and 96 validation positions, 
with a 72-position multi-distance evaluation grid and 18 fixed-distance diagnostic positions. 
On the multi-distance grid, Full achieved three-seed mean directional and distance MAEs 
of 10.4° and 26.0 mm. At 300 randomly sampled positions and 4 million primaries, the cor-
responding means were 15.6° and 52.6 mm. An input-matched multilayer perceptron gave 
16.7°/55.2 mm at 4 million primaries. Same-coordinate exposure controls and independent 
Monte Carlo repetitions characterized statistical sensitivity. A forward-response inverse 
estimator performed better in a far-field, near-axis subset. The results support combining 
spatial and rate information for localization under the simulated conditions and identify 
exposure and viewing geometry as major limits on accuracy.

Keywords: low-energy photon; point-source localization; dual-branch convolutional neural 
network; spatial–global feature fusion; pixelated scintillator array

1. Introduction
Rapid localization of low-energy photon point sources is important in nuclear-facility 

inspection, contamination surveys, emergency response, and portable radiation measure-
ments. Direction estimates can shorten a search and reduce unnecessary exposure, while 
distance estimates help with source characterization and measurement planning. Gamma-
ray localization systems commonly obtain direction-dependent responses from collima-
tors, coded apertures, Compton imaging, multiple detectors, or free-moving detector plat-
forms [1–6]. Although these designs provide rich spatial information, they may require 
shielding or masks, multiple interactions, or motion-dependent reconstruction.

A pixelated scintillator array provides both a total response and a two-dimensional 
spatial distribution in one exposure. Previous studies have inferred source direction or 
interaction position from pixel counts, response centroids, likelihood models, and higher-
order spatial features [1,7,8]. Simultaneous angular and radial localization has also been 
demonstrated with machine learning. The relevant question here is how a compact, uncolli-
mated low-energy array retains directional information while separating response statistics 
from distance-related rate information.
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Convolutional neural networks (CNNs) have been applied to several radiation-
measurement tasks. Lavelle et al. [9] used simulated pixelated-detector responses for 
directional estimation, Daniel et al. [10] used synthetic spectra for radionuclide identifica-
tion, and Bilton et al. [11] investigated mobile spectroscopic source detection. Durbin et al. 
demonstrated joint angular and radial localization with a four-detector NaI(Tl) array and 
k-nearest-neighbor regression, including tests with physical sources [12]. Here, we study a 
144-pixel YSO array, combining relative spatial structure with response per emitted primary 
to estimate three-dimensional direction and distance. Uranium L X-ray emissions around 
11.6 keV in evaluated 238 Pu decay data motivated the selected energy [13]. A monoenergetic 
point source emitting isotropically into 4π provides a controlled setting for examining the 
effects of source position on the array response.

Three effects make the joint problem difficult. Total response varies with both viewing 
geometry and source distance, so rate alone cannot determine either quantity. Responses at 
different azimuths also become similar as a source approaches the entrance-face normal, 
where small count fluctuations can lead to large azimuth errors. Conversely, at 11.6 keV the 
photon range in air is short enough for unequal paths to the near and far sides of the array 
to produce a stronger count difference at oblique incidence; this makes the two-dimensional 
pattern more distinctive, even as the overall response falls rapidly with distance. The 
estimator must retain the absolute rate without discarding these spatial asymmetries.

We developed a documented Geant4 response model and a dual-branch CNN combin-
ing normalized response shape with response rate, centroid coordinates, spatial spreads, and 
covariance. The evaluation distinguishes the distance-adaptive grid from fixed-exposure 
random positions, an intentionally difficult stress subset, and independent Monte Carlo 
repetitions at unchanged coordinates. An input-matched MLP and an empirical forward-
response inverse estimator provide complementary comparisons. The study concerns 
localization with known emitted exposure; unknown activity requires additional informa-
tion to separate source strength from distance.

2. Materials and Methods
2.1. Localization Task and Coordinate Definition

The center of the detector array was defined as (0, 0, 0), and the crystals lay in the x–y 
plane. The entrance face was on the z < 0 side, so its outward normal pointed along −z; 
the source was restricted to this front hemisphere. Source position was parameterized by 
distance R, polar angle θ, and azimuth φ. Here, θ = 0° places the source on the entrance-face 
normal, while φ = atan2(y, x) is mapped to 0–360°. The angle θ specifies the source viewing 
direction; each primary photon was emitted independently and isotropically into 4π. As θ
approaches 0°, directions with different φ values converge in three-dimensional space. We 
therefore report polar-angle error, circular azimuth error, and the three-dimensional angular 
separation between predicted and true directions. Angular coordinates are reported in 
degrees; trigonometric and loss calculations used radians.

𝑅 = √𝑥2 + 𝑦2 + 𝑧2 (1)

𝜃 =
180°

𝜋 atan2(√𝑥2 + 𝑦2, −𝑧), 0 ≤ θ < 90° (2)

𝜑 = (
180°

𝜋 atan2(𝑦, 𝑥)) mod 360°, 0 ≤ φ < 360° (3)

𝑥 = 𝑅 sin 𝜃 cos 𝜙 (4)

𝑦 = 𝑅 sin 𝜃 sin 𝜙 (5)

𝑧 = −𝑅 cos 𝜃 (6)
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2.2. Detector Geometry and Physics Modeling
Geant4 11.3.2 was selected to couple low-energy X-ray and secondary-electron transport 

with scintillation, optical transport, and interface collection in one detector geometry [14–16]. 
The configuration combined G4EmStandardPhysics_option4 and G4OpticalPhysics. Each 
event emitted one isotropic photon with an input energy of 11.6 keV in an air-filled world. 
The entrance layer was 65 μm G4_MYLAR, representing PET-equivalent ESR bulk with 
an effective optical reflectivity of 0.98. YSO(Ce) used a yield of 15,300 photons MeV−1 , a 
decay time of 70 ns [17], RESOLUTIONSCALE = 1, one emission component of weight 
1, and a Birks coefficient of 0 mm MeV−1 . Complete 11.6 keV energy deposition gives an 
expected mean production of 177.48 scintillation photons. An event-level consistency check 
covering 12.41 million primaries included 18,347 deposits within 1% of this energy; their 
mean generated yield was 177.6 photons, with event SD 13.3. Supplementary Material S1 
provides the initialized optical properties and transport settings.

YSO(Ce) was selected because its density of 4.45 g cm−3  supports photoelectric absorp-
tion at 11.6 keV in a thin crystal. Its blue emission is compatible with common photosensors, 
its decay time is approximately 70 ns, and its non-hygroscopic form supports pixelated-array 
fabrication [17–21]. The incident energy lies below the yttrium K-edge at 17.04 keV [22], 
so photoelectric absorption in yttrium proceeds through L- and outer-shell channels. The 
associated atomic relaxation was included in the transport model.

Table 1 lists the detector geometry and optical parameters used in the Geant4 model.

Table 1. Main geometry and optical-modeling parameters of the 12 × 12 YSO array.

Item Parameter

Array 12 × 12 (144 pixels)
Single crystal 6.0 mm × 6.0 mm × 1.0 mm
YSO density 4.45 g cm−3 
Lateral reflector BaSO4 , 0.20 mm
Lateral aluminum layer 0.03 mm
Pixel pitch 6.66 mm
Array envelope Approximately 79.72 mm
Entrance-face reflector PET-equivalent ESR, 65 μm; reflectivity 0.98
Rear optical adhesive 0.10 mm
Scintillation yield/decay time 15,300 photons MeV−1 ; 70 ns [17]

The crystal thickness of 1.0 mm balances low-energy absorption, optical transport, and 
manufacturability. A thin crystal reduces sensitivity to the Compton continuum of pene-
trating background radiation, while mechanical strength limits further thinning. Greater 
thickness lengthens optical-photon paths and can increase interpixel crosstalk. The selected 
thickness was combined with a 6.0 mm × 6.0 mm crystal area and a 6.66 mm pitch.

For each pixel, the response counted an optical-photon track at its first transmitted 
crossing from CrystalPixel into the corresponding GluePixel. An accepted crossing required 
a geometrical boundary, matching pixel copy numbers, and a boundary status of Fresnel-
Refraction or Transmission. An event-wide track-ID set prevented repeated counting and 
was cleared at each primary event. The accumulated 12 × 12 matrix describes optical pho-
tons reaching the potential readout interface, before SiPM photon-detection efficiency and 
electronic signal formation [23,24]. Counts were accumulated without a scoring time gate.

Figure 1 presents the detector geometry and front-hemisphere coordinate system. 
Figure 1a shows the independently wrapped 12 × 12 pixel array, and Figure 1b defines the 
point-source position through R, 𝜃, and 𝜑.
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Figure 1. Geometry and coordinate definition of the 12 × 12 YSO pixelated scintillator array: (a) front 
view of the array; (b) front-hemisphere coordinate system, where θ is measured from the entrance-face 
normal (−z) and φ from +x to the in-plane projection ρ of the source vector R.

Figure 2 shows four representative response heatmaps at 𝜑 = 10°, with R = 125 or 
925 mm and 𝜃 = 25° or 65°. Both distance and polar angle change the total response, 
hotspot pattern, and centroid, supporting the joint use of absolute response rate and two-
dimensional shape to estimate direction and distance.

Figure 2. Response maps at R = 125 or 925 mm, θ = 25° or 65°, and φ = 10°. The shared scale gives 
unique optical-interface counts; crosses indicate count-weighted centroids. Emitted exposures are 
0.2 million primaries in (a,b) and 9.6 million in (c,d).

2.3. Physical Basis of Angular Sensitivity
The array obtains directional sensitivity from changes in its spatial response with 

viewing direction. Geometric projection and the finite array solid angle redistribute irradia-
tion among pixels. At 11.6 keV, unequal air paths to the near and far sides amplify count 
contrast at oblique incidence, while attenuation reduces the total response. Independent 
wrapping preserves this spatial contrast. In the 224-position multi-distance scan, each of 
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the 624,641 responding primary events produced an interface response within one pixel. 
Response centroids summarize the displacement of the pattern, while its higher-order 
spatial structure supplies additional directional information.

The same mechanisms limit performance close to the entrance-face normal. As θ
approaches 0°, directional pattern differences and centroid displacement diminish, and the 
response becomes more nearly centrosymmetric. Azimuthal information therefore weakens, 
making near-normal azimuth estimation less reliable than estimation at larger polar angles. 
Section 4.2 relates this limitation to the simulated error distribution.

2.4. Data Generation and Quality Control
Each physical source position supplied an accumulated 12 × 12 response matrix, its 

emitted-primary count, and source coordinates. Zero-response primaries were included 
in 𝑁emitted. The 224-position multi-distance scan contained 810,800,000 emitted primaries, 
624,641 responding events, and 97,678,686 unique interface-photon counts, equivalent to 
156.4 counts per responding primary. Optical photons from one primary share an interaction 
history, and the physical source position was used as the statistical unit for comparisons 
across geometry.

Each response was linked to its source coordinates, emitted exposure, CLHEP seeds, 
initialized material settings, and input and model-checkpoint identifiers. Quality checks 
covered event counts, all 144 pixel totals, coordinates, and split membership. The 458 base 
responses and 1406 exposure prefixes were reconstructed from sparse primary-event his-
tories. A prefix with exposure N accumulated events with IDs from 0 through N − 1, 
including zero-response primaries in the exposure denominator.

2.5. Scan Design and Dataset Partitioning
The response library combined a 234-position angular scan at R = 300 mm with a 

224-position multi-distance scan. Each fixed-distance position used 1 million primary 
photons. Its 192 training positions covered θ = 10–80° in 10° increments and φ = 0–345° 
in 15° increments; 24 validation positions used θ = 15°, 35°, 55°, or 75° and six staggered 
azimuths. The remaining eighteen positions provided fixed-distance diagnostics. These 
responses supplied denser angular coverage for the joint model and were combined with 
the multi-distance responses using one physical position per sample.

The multi-distance scan comprised 80 training, 72 validation, and 72 evaluation posi-
tions on staggered distance and angular grids specified in Table 2 and Figure 3. Combining 
both scans gave 272 training, 96 validation, 72 multi-distance evaluation, and 18 fixed-
distance diagnostic positions.

Table 2. Multi-distance scan design.

Dataset R (mm) 𝜽 𝝋 Positions

Training 100, 200, 450, 700, 1000 10–80° in 10° increments Two phase-shifted reference 
azimuths at each R 80

Validation 150, 375, 850 15°, 35°, 55°, 75° 5°, 65°, 125°, 185°, 245°, 305° 72
Evaluation 125, 250, 575, 925 25°, 45°, 65° 10°, 70°, 130°, 190°, 250°, 310° 72

For the multi-distance library, emitted exposure increased approximately with 𝑅2 to 
compensate for the geometric dilution of a point-source response. The allocation in Equa-
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tion (7) uses 1 million primaries at 300 mm as its reference, a minimum of 0.2 million 
primaries, and upward rounding in increments of 0.1 million:

𝑁(𝑅) = max[


0.2 M, ceil0.1 M
(


1.0 M(
𝑅

300 mm)
2
)


]


. (7)

Here, M denotes one million emitted primaries. Additional simulations used 4 million 
primaries per realization at 300 random positions, 100 calibration positions, 12 positions 
with 10 independent histories each, and 24 stress positions. Random positions were sampled 
uniformly in R from 100 to 1000 mm, uniformly in cosθ between cos80° and cos10°, and 
uniformly in φ from 0° to 360°. Responses at 1 and 2 million primaries were nested prefixes 
of each 4-million-primary history.

Figure 3. Multi-distance scan grids: (a) staggered training/validation/evaluation positions in R–𝜃; 
(b) the 72 evaluation positions in 𝜃–𝜑–R. This scan contains 80/72/72 positions. Adding the fixed-
300 mm scan gives 272 training, 96 validation, and 72 multi-distance evaluation positions, with 18 
fixed-distance diagnostics reported separately.

2.6. Dual-Branch CNN with Spatial–Global Feature Fusion
The model combines two descriptions of the detector response. The spatial branch 

reads the relative count pattern and pixel coordinates, while the global branch receives 
response rate and spatial summary measures. Let 𝐶𝑖𝑗 denote the count in pixel (i, j), and let 
T denote the total response. The normalized spatial probability was

𝑝𝑖𝑗 =
𝐶𝑖𝑗

𝑇 , 𝑇 = ∑
𝑖,𝑗

𝐶𝑖𝑗. (8)

The spatial branch received a 3 × 12 × 12 tensor, with its first channel given by the 
square-root transformation

𝑋(0)
𝑖𝑗 = √144𝑝𝑖𝑗, (9)

and the other two channels were fixed x- and y-coordinate grids. This representation sepa-
rates relative shape from total amplitude while retaining where each feature lies on the array. 
The global branch receives the rate and spatial summaries in the six-dimensional vector

g = [ln (
𝑇

𝑁emitted
), 𝜇𝑥, 𝜇𝑦, 𝜎𝑥, 𝜎𝑦, cov𝑥𝑦]. (10)

The six descriptors were ln(𝑇/𝑁emitted), 𝜇𝑥, 𝜇𝑦, 𝜎𝑥, 𝜎𝑦, and cov𝑥𝑦. Pixel centers were 
mapped linearly to −1 through 1 on each axis, with 𝑝𝑖𝑗 as the weights. Each centroid 
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coordinate is the corresponding weighted mean; each spread is the square root of the 
weighted mean squared displacement from that centroid; covariance is the weighted mean 
product of the two displacements. 𝑁emitted supplied the rate denominator. The inputs 
therefore combined normalized shape with response per emitted primary.

Convolutional layers extract local patterns across neighboring pixels, while pooling 
summarizes them into a smaller representation. The spatial branch used Conv 3 → 16 
→ 16, 2 × 2 max pooling, Conv 16 → 32 → 32, and adaptive average pooling to 3 × 3, fol-
lowed by Linear 288 → 64. The global branch used Linear 6 → 24 → 24. Their 64 and 
24 features were combined through Linear 88 → 64, SiLU, and dropout 0.10, followed 
by separate direction and distance heads. Full contained 41,876 parameters. Raw di-
rection outputs (𝑎𝑥, 𝑎𝑦, 𝑎𝑧) were mapped to 𝑞 = (𝑎𝑥, 𝑎𝑦, −√𝑎𝑧

2 + 10−12) and normalized 
as  ˆ𝑢 = 𝑞/max(‖𝑞‖2, 10−8), yielding a unit vector in the front hemisphere. For distance logit 
b, 𝑓 = clip(1.04 sigmoid(𝑏) − 0.02, 0, 1) and ln(𝑅/mm) = ln 100 + 𝑓 ln 10, with R expressed 
in millimeters. The distance output was thus bounded between 100 and 1000 mm.

The direction target was the unit vector

u = [sin 𝜃 cos 𝜙, sin 𝜃 sin 𝜙, − cos 𝜃], (11)

The unit-vector target provides a continuous representation across the 0°/360° az-
imuth boundary [25,26]. Training minimized the batch mean of 𝐿 = 𝐿dir + 𝐿𝜃 +
𝐿𝜑 + 𝐿𝑅 with unit coefficients. The direction term was 𝐿dir = 1 − clip( ˆ𝑢·𝑢, −1, 1). 
The polar-angle and log-distance terms were Smooth-L1 losses with β = 0.05, ap-
plied to ( ˆ𝜃 − 𝜃)/(𝜋/2) and (ln 𝑅̂ − ln 𝑅)/ln 10, respectively; angles in the polar resid-
ual were in radians. The azimuth term compared transverse directions using 𝐿𝜑 =
mean[1 − clip( ˆ𝑣·𝑣, −1, 1)], where  ˆ𝑣 = ˆ𝑢xy/max(‖ ˆ𝑢xy‖

2
, 10−4) and 𝑣 = 𝑢xy/‖𝑢xy‖

2
. It was av-

eraged over targets with θ > 1°. AdamW [27] used a learning rate of 0.002, weight decay 10−4, 
batch size 32, a maximum of 500 epochs, and early-stopping patience of 100 epochs. Epoch 
selection minimized validation θ MAE/90 + circular φ MAE/180 + mean absolute log-
distance error.

Figure 4 summarizes the architecture. The upper path is the CNN spatial branch, the 
lower path is the six-feature multilayer perceptron (MLP), and the fused representation 
feeds the direction and distance heads.

Figure 4. Spatial–global dual-branch CNN. The normalized pixel pattern and coordinate channels 
supply 64 spatial features; six global descriptors supply 24 features. Their combination feeds direction-
vector and log-distance heads. CNN denotes convolutional neural network, Conv convolution, MLP 
multilayer perceptron, and FC fully connected layer. The model contains 41,876 parameters; Section 2.6 
specifies its output mappings.
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2.7. Training Procedure
Full and the input-matched MLP used training seeds 2026, 2027, and 2028, distance-

balanced physical-position sampling, and C4 rotations. Their sampling and rotation sched-
ules were matched, with separate random streams and two CPU threads. Single-run figures 
used seed 2026, while model comparisons summarized all three seeds. Primary perfor-
mance metrics used single-view predictions; postprocessing was assessed separately as 
described in Section 2.8.

Training used 400 response candidates at 272 physical positions. At 48 positions with 
R = 450, 700, or 1000 mm, sufficiently long histories supplied additional exact exposure 
prefixes. Distance-balanced sampling allocated approximately 36% of planned training 
visits to these prefixes. Candidates from the same history shared events. Epoch selection 
used the 96 validation responses, and Supplementary Material S1 provides the exposure 
coverage and model identities.

2.8. Comparison Methods and Postprocessing
The input-matched MLP received the 144 flattened spatial values defined in Equation (9) 

and the same six global descriptors. It contained 44,356 parameters and used the same out-
put mappings, loss, physical splits, response candidates, sampling, rotations, and validation 
selection as Full. A forward-response inverse estimator used per-emission first and second 
pixel-response moments, including zero-response events, from the 272 training positions. 
Kernel interpolation in direction and log-distance, with geometric 𝑅−2 scaling, supplied the 
expected response and covariance. Inversion minimized a Gaussian negative log-likelihood 
after projection onto ten fixed spatial polynomial components. Twelve candidate settings 
were compared on the 96 validation positions.

Random Forest [28], Extra Trees [29], template/kNN [30], and a Global-only neural 
model provided additional comparisons on the same 72-position response matrices. The 
tree and Global-only models received six global descriptors; template/kNN used spatial re-
sponse and normalized rate. Global-only contained 2628 parameters and used base training 
responses without rotation augmentation. Full and MLP-150 shared the additional exposure 
candidates and augmentation, providing a matched comparison of spatial representations.

Postprocessing was evaluated using four-view test-time augmentation (TTA), centroid 
azimuth, and centroid fusion. TTA rotated each response matrix through four right-angle 
views, recomputed the spatial and global inputs, and transformed predicted directions 
back to the original frame. The four direction vectors were averaged and normalized, and 
distance was obtained by exponentiating the mean predicted log-distance. A resultant norm 
below 10−8 triggered a fallback to the unrotated direction.

The centroid estimator used 𝜑𝑐 = ((180°/𝜋)atan2(𝜇𝑦, 𝜇𝑥)) mod 360°. Fusion assigned 
the centroid azimuth to the Full prediction while preserving its polar angle and distance, 
equivalent to a fixed centroid weight of 1. The centroid method supplied azimuth only. 
Postprocessing metrics were calculated on the same 72-position multi-distance grid and 
exposure schedule as the primary Full analysis.

2.9. Evaluation Metrics and Statistical Analysis
Performance was summarized by polar absolute error, shortest circular azimuth error, 

three-dimensional angular separation, distance absolute error, and distance MAPE. Each 
MAE assigned equal weight to physical source positions. Distribution summaries included 
medians, P90, P95, P99, maxima, and the fractions with directional errors above 15°, 30°, 
and 60°. Circular azimuth error was defined as [31]

𝑒𝜙 = |[( ˆ𝜙 − 𝜙 + 180°) mod 360°] − 180°|. (12)
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Three-seed summaries report the mean and sample SD of metrics computed separately 
for each training seed. For paired Full–MLP comparisons, seed-level errors were averaged 
within each position before 5000 position-bootstrap resamples supplied exploratory 95% 
intervals conditional on the fitted models. These intervals exclude development-selection 
uncertainty and multiplicity adjustment. Fixed-weight Monte Carlo variation was evaluated 
using ten independent histories at each of twelve positions, with nested exposures within a 
history. The multi-distance and random-position responses were inspected during model 
development and were therefore analyzed as development evaluation sets.

3. Results
3.1. Performance on the Multi-Distance Evaluation Grid

Across three seeds, Full achieved directional and distance MAEs of 10.4 ± 0.5° and 
26.0 ± 0.9 mm on the 72-position multi-distance grid (Table 3).

Table 3. Neural-model performance on the 72-position multi-distance grid, mean ± sample SD across 
seeds 2026–2028. Full and MLP-150 share the training-response candidates; Global-only uses base 
responses and six descriptors.

Model Parameters 𝜽 MAE (°) 𝝋 MAE (°) 3D MAE (°) R MAE (mm) R MAPE (%)

Full 41,876 6.1 ± 0.1 12.7 ± 0.8 10.4 ± 0.5 26.0 ± 0.9 6.9 ± 0.4
MLP-150 44,356 6.6 ± 0.8 11.7 ± 1.2 10.4 ± 0.2 32.1 ± 2.5 7.4 ± 1.0

Global-only 2628 8.7 ± 0.6 14.1 ± 1.1 13.4 ± 0.4 37.5 ± 1.9 8.3 ± 1.7

Figures 5 and 6 show the predictions and geometric dependence of errors. Across the 
71 positions in Figure 6, angular errors increased with distance, while circular-azimuth MAE 
decreased with polar angle. The separate R = 300 mm diagnostics gave mean directional 
and distance MAEs of 6.6° and 11.7 mm.

Figure 5. Full seed-2026 predictions on the 72-position multi-distance grid: (a) polar angle; (b) dis-
tance; (c) circular-azimuth-error histogram. Colors indicate source distance, and dashed lines indicate 
equality. Each distance contains eighteen positions, with emitted exposures of 0.2/0.7/3.7/9.6 million 
primaries at 125/250/575/925 mm.
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Figure 6. Full seed-2026 errors for 71 source positions in the sensitivity analysis: (a) polar absolute 
error; (b) circular-azimuth absolute error; (c) three-dimensional direction error; (d) distance relative 
error, with the mean expressed as MAPE; (e) circular-azimuth MAE by true polar angle. Light points 
represent individual positions. Upper-panel means use eighteen positions each at 125, 250, and 
575 mm and seventeen at 925 mm. Bottom bars summarize 24, 24, and 23 positions at 25°, 45°, and 
65°, respectively.

3.2. Neural Models and Fixed-Exposure Results
On the multi-distance grid, Full and MLP-150 each achieved a mean directional MAE 

of 10.4°, with distance MAEs of 26.0 and 32.1 mm (Table 3). Both models improved on 
Global-only; the difference between Full and MLP-150 was more evident in distance.

Errors decreased with increasing exposure at the 300 random positions (Table 4). At 
4 million primaries, Full achieved directional and distance MAEs of 15.6° and 52.6 mm, 
compared with 16.7° and 55.2 mm for the input-matched MLP. Equal emitted exposure 
exposed larger errors at low-response locations.

Table 4. Fixed-exposure results on the same 300 random positions. Neural entries are mean ± sample 
SD across three training seeds; the physical inverse uses one fixed implementation. Exposure is 
the number of emitted primaries per position. P95 denotes the 95th percentile of errors across 
source positions.

Model/N 
(M) 𝜽 MAE (°) 𝝋 MAE (°) 3D MAE (°) R MAE 

(mm) R MAPE (%) 3D P95 (°) R P95 (mm)

Full/1 10.2 ± 0.7 29.9 ± 1.7 23.8 ± 1.0 66.1 ± 5.1 11.5 ± 1.0 68.9 ± 4.4 239.1 ± 20.2
Full/2 9.1 ± 0.5 23.3 ± 1.0 18.9 ± 0.3 54.7 ± 2.5 9.7 ± 0.5 56.1 ± 2.3 190.3 ± 22.2
Full/4 7.9 ± 0.6 18.0 ± 0.8 15.6 ± 0.2 52.6 ± 2.4 9.3 ± 0.5 45.6 ± 2.4 184.2 ± 15.5

MLP-150/4 8.6 ± 0.7 18.1 ± 0.2 16.7 ± 0.4 55.2 ± 2.3 9.9 ± 0.5 43.9 ± 0.8 187.7 ± 19.6
Physical 
inverse/4 11.6 20.0 20.5 96.2 17.6 52.2 302.5
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Paired position-bootstrap analyses provided exploratory 95% confidence intervals 
for the Full–MLP differences at all three exposures. Directional intervals favored Full; at 
4 million primaries, the mean Full-minus-MLP difference was −1.2°, with an interval of 
[−2.1, −0.3]°. Distance intervals indicated less clear separation (Supplementary Material S1).

3.3. Comparison with Input-Matched and Physical Baselines
Figure 7 compares the estimators on the multi-distance grid, where Full and MLP-150 

gave lower mean errors. The physical inverse estimator also had larger mean errors than 
Full at the fixed-exposure random positions (Table 4; Supplementary Material S1). 

 

Figure 7. Direction and distance MAEs on the 72-position response matrices. Neural bars represent 
three-seed means with between-training-seed sample SD; conventional methods use one fixed run. 
Global-only uses six descriptors, and MLP-150 uses the 144 spatial values and those descriptors. 
Full and MLP-150 share exposure-prefix training candidates, while the other methods use base 
training responses.

Full had lower directional error at more than half of the random positions at each 
exposure. Distance benefits were less uniform and, at the lowest exposure, concentrated in 
a minority of positions.

The far-field, near-axis stress set reversed the ordering between Full and the physical 
inverse estimator. At 4 million primaries, the inverse estimator achieved direction/distance 
MAEs of 19.2°/32.2 mm, compared with 23.7°/68.7 mm for Full. Comparative performance 
therefore depended on the sampled geometry.

3.4. Spatial Error Patterns and Variation Among Training Runs
Training-seed variation was smaller than the spread of errors across positions (Table 4). 

Error distributions had substantial upper tails: for Full seed 2026 at 1 million primaries, the 
directional median was 16.8° and P95 was 68.7°.

Figure 8 maps large directional errors in difficult viewing geometries. Some random 
positions retained large errors at 4 million primaries. Supplementary Material S1 provides 
uncapped errors and distribution summaries.

3.5. Exposure Sensitivity and Monte Carlo Repetitions
Figure 9 shows circular-azimuth MAE across an exposure series at eighteen R = 925 mm 

positions using fixed Full and MLP-150 seed-2026 weights. Full’s initial increase in error is 
consistent with prediction instability under limited response counts. Both models improved 
overall with exposure, while their relative accuracy varied across exposure levels.

https://doi.org/10.3390/app162110846
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Figure 8. Polar maps of Full seed-2026 three-dimensional direction errors at four distances: 
(a) R = 125 mm; (b) R = 250 mm; (c) R = 575 mm; and (d) R = 925 mm. Angular and radial 
coordinates represent the true azimuth φ and polar angle θ, respectively. Each panel contains eigh-
teen source positions. The shared color scale is capped at 30°, affecting 3 of 72 positions; the actual 
maximum is 75.7°. Uncapped errors are supplied with the numerical data.

 

Figure 9. Circular-azimuth MAE versus emitted exposure at eighteen R = 925 mm positions. Full 
and MLP-150 use fixed seed-2026 weights and identical responses at each exposure. The horizontal 
axis is logarithmic. Responses at 0.2/0.5/1/2/4 million primaries are nested event prefixes, with the 
complete 9.6-million history as the endpoint.
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Ten independent Monte Carlo histories at each of twelve positions showed reduced 
variation with increasing exposure at fixed model weights. For Full seed 2026, the average 
within-position distance sample SD decreased from 54.2 to 23.9 mm between 1 and 4 million 
primaries; angular variation also decreased (Supplementary Material S1).

3.6. Postprocessing of Azimuth Predictions
Figure 10 shows that TTA reduced mean and maximum azimuth error; the maximum 

fell from 113.4° to 60.4°. Centroid-based postprocessing gave a lower mean with a larger 
maximum. Centroid and Fusion coincided because the centroid weight was 1.

Figure 10. Postprocessing of Full seed-2026 predictions on the 72-position multi-distance grid: 
(left) mean circular-azimuth error; (right) maximum circular-azimuth error. TTA averages four 
rotation-corrected views. Fusion uses centroid azimuth with Full polar angle and distance; its fixed 
centroid weight of 1 gives the same azimuth results as Centroid. All methods use the same response 
matrices and emitted exposures.

4. Discussion
4.1. Spatial and Global Information in Joint Localization

Full combines normalized spatial patterns with response per emitted primary and 
low-order spatial moments. On the multi-distance grid, its mean directional error was 
similar to that of the input-matched MLP, while its distance error was lower. Fixed-exposure 
random-position comparisons also favored Full in mean direction, with smaller differences 
in distance. Together, these findings support the use of spatial structure alongside rate 
information for the simulated localization task.

Performance across the comparison methods varied with the evaluation geometry. 
Conventional estimators using fewer descriptors were less accurate on the multi-distance 
grid, whereas the forward-response inverse estimator performed better in the far-field, near-
axis stress set. Learned regression and forward-response interpolation therefore offered 
different strengths. The matched Full–MLP comparison provides evidence about spatial 
representation, while the broader comparisons describe the behavior of estimators with 
different input access and training responses.

Exposure prefixes broadened the training responses at 48 coordinates, while validation 
used distance-adaptive base responses. Normalizing a count matrix preserves spatial 
proportions and retains the fluctuations associated with its acquisition exposure. For 
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similar segmented arrays, joint localization should therefore be assessed across viewing 
geometries using both spatial patterns and response rate under matched emitted exposures.

4.2. Exposure Dependence and Geometric Ambiguity
Near the entrance-face normal, response patterns become more nearly centrosymmetric 

and transverse directional information weakens. Count fluctuations can then produce large 
azimuth changes even when the three-dimensional directional change is smaller. The 
decrease in azimuth MAE with polar angle in Figure 6 is consistent with this geometric 
dependence. At low exposure, the limited number of responding primaries makes spatial 
response proportions and global descriptors more sensitive to event-count fluctuations. The 
fixed nonlinear mapping can amplify these input variations, producing unstable azimuth 
predictions and the non-monotonic behavior observed for Full in Figure 9. Increasing 
exposure better samples the response pattern and supports the overall reduction in error. 
Because optical photons from one primary share an interaction history, the primary-event 
count governs independent sampling of the response.

The distance-dependent 𝑁(𝑅) allocation compensated for approximate geometric dilu-
tion during response-library construction. Fixed exposures of 1, 2, and 4 million primaries 
provided a complementary evaluation across distance. At each level, every position had the 
same known emitted exposure, while the number of responding events varied with geome-
try and attenuation. The random-position sample characterized performance across the 
sampled domain, and the stress set concentrated on difficult far-field, near-axis conditions.

Distance inference is conditional on known emitted exposure, determined by source 
activity, acquisition time, and line-emission probability. Unknown source strength requires 
an additional measurement or prior constraint to separate activity from distance.

4.3. Limitations and the Simulation-to-Experiment Gap
The optical-response model uses effective surface properties and interface counts, with SiPM 

response, electronics, and background requiring detector-specific characterization [23,24]. 
Transfer to hardware will require optical calibration and physical-source measurements; 
domain randomization [32] could broaden the training conditions.

The simulated domain comprises one isotropic 11.6 keV point source. Extension to other 
energies or source configurations, together with independent evaluation and uncertainty 
calibration, remains future work.

5. Conclusions
A Geant4 response model and a spatial–global dual-branch CNN were used for joint 

direction and distance estimation conditional on known emitted exposure. Full achieved 
three-seed mean directional and distance MAEs of 10.4° and 26.0 mm on the 72-position 
multi-distance grid. Same-coordinate exposure controls and spatial error maps showed 
how counting statistics and viewing geometry influence performance.

The combined spatial and rate representation provides useful localization information 
under the simulated conditions. Performance depends on exposure and viewing geometry, 
and the physical inverse estimator performed better in the stress region. Postprocessing im-
proved mean azimuth accuracy, with different effects on maximum error. Further evaluation 
and detector measurements will establish the scope for experimental use.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/app162110846/s1, Supplementary Material S1 provides initialized 
optical and transport settings, event-count checks, exposure and training definitions, model com-
parisons, random-position and stress results, paired intervals, error distributions, and fixed-weight 
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Monte Carlo variation. The accompanying numerical archive contains model identities, configuration 
records, implementation files, and supporting data.
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Abbreviations
Abbreviation Definition
CNN Convolutional neural network
ESR Enhanced specular reflector
MAE Mean absolute error
MAPE Mean absolute percentage error
MLP Multilayer perceptron
P95 95th percentile
SiPM Silicon photomultiplier
TTA Test-time augmentation
YSO(Ce) Cerium-doped yttrium orthosilicate
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