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Abstract
Continuous depth-of-interaction (cDOI) detectors enable single-ended readout in positron emis-
sion tomography (PET) by encoding the interaction depth into the scintillation light distribu-
tion. This study presents a comprehensive performance optimization of a cDOI detector based
on light distribution tailoring with crossed triangular-shaped reflectors by analyzing the effects
of optical geometry based on various DOI decoding algorithms. Two parameters were system-
atically varied: the degree of light confinement through (1) optical segmentation and (2) crystal
pitch adjustment. Five DOI decoding strategies—variance, max/sum ratio, Euclidean-distance
classification, Gaussian and modified maximum-likelihood estimation, and artificial neural net-
work (ANN) decoding—were adopted with 8× 8 SiPM readout data. Results show that moder-
ate segmentation (2× 2 configuration) achieved the best DOI precision, yielding a 4.7 mm full
width at half maximum (FWHM) and an ANN classification accuracy of 89 %. In the pitch study,
1.5 mm-pitch detector achieved better performance than 3.0 mm-pitch, indicating that increased
optical interfaces allows more accurate encoding of the depth-dependent light distribution within
the SiPM array. The ANN decoder consistently outperformed in DOI resolution compared to
analytical and statistical methods by learning nonlinear spatial correlations among SiPM pixels.
These findings highlight the coupled importance of optical geometry and data-driven decoding for
achieving high DOI sensitivity in next-generation PET detector designs.

1. Introduction

In positron emission tomography (PET), the limited capability to measure the depth-of-interaction
(DOI) within scintillation crystals often results in degraded spatial resolution, especially near the edges
of the field of view (Ito et al 2011). When a 511 keV annihilation photon interacts with crystal at an
unknown depth, the resulting parallax error causes the reconstructed line of response to deviate from its
true position. Accurate DOI measurement can therefore improve spatial resolution uniformity by miti-
gating this geometric uncertainty. In addition, DOI information can help reduce the timing uncertainty
of detected photons, which is becoming increasingly important in advanced time-of-flight PET systems
(Seo et al 2023, Yi et al 2024).
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Figure 1. A continuous DOI (cDOI) PET detector using only a single-ended readout, in which DOI information is encoded in the
light distribution measured by the photosensor array.

A variety of methods have been proposed to extract DOI information from PET detectors (Moses
and Derenzo 1994, Lewellen et al 2004, Tsuda et al 2004, Hong et al 2008, Du et al 2009, Ito et al 2010a,
Ito et al 2011, Son et al 2017, Du et al 2019, LaBella et al 2020a, 2020b, Yoshida et al 2021, Nadig et al
2023, Yu et al 2024). Among them, we previously proposed a method for measuring continuous DOI
(cDOI) using only a single-ended readout, in which DOI information is encoded in the light distribu-
tion measured by the photosensor array (figure 1) (Ito et al 2010b, Ito et al 2013, Lee and Lee 2015, Lee
et al 2017, Shim et al 2025). This approach tailors the internal light reflection pattern within a single-
layer crystal array using crossed triangular-shaped reflectors. Depending on the depth of annihilation
photon interaction within the crystal, scintillation light spreads preferentially along different axes with
varying degrees of dispersion, enabling the DOI to be inferred from the measured light pattern.

This concept was initially demonstrated using a multi-anode photomultiplier tube and later refined
using a digital silicon photomultiplier (dSiPM) (Ito et al 2013, Lee and Lee 2015). The dSiPM-based
implementation achieved clear crystal identification and cDOI encoding, with an average DOI resolu-
tion of approximately 4 mm full-width at half-maximum (FWHM) (Lee and Lee 2015). A subsequent
system-level prototype confirmed the applicability of this approach to an actual small-animal PET scan-
ner, achieving sub-millimeter spatial resolution after DOI correction (Lee et al 2017).

Although these results demonstrated the feasibility of the method, further design optimization is
required in several aspects, particularly regarding the extent of light spreading within the crystal array.
While broader light sharing facilitates cDOI encoding, excessive spreading can obscure depth-dependent
variations and degrade the signal-to-noise ratio, especially for edge crystals. It is therefore important to
investigate whether confining scintillation light within a limited photosensor area can improve the DOI
measurement performance.

In parallel, various decoding algorithms have been explored for our cDOI detectors. Conventional
approaches, such as variance-based metrics or Gaussian maximum-likelihood estimation (MLE), rely
on simplified statistical models of light transport (Ito et al 2010b, Ito et al 2013, Lee and Lee 2015).
However, actual detector responses often deviate from these assumptions. More recently, data-driven
techniques such as artificial neural networks (ANNs) have been introduced to model the nonlinear rela-
tionship between SiPM pixel intensities and interaction depth with greater flexibility, thereby improving
DOI estimation performance (Shim et al 2025). A systemic comparison between these decoding algo-
rithms is thus also necessary.

In this study, we present a comprehensive optimization of cDOI schemes by jointly examining
the effects of detector’s optical geometry and decoding algorithms. The main hypothesis tested here is
that confining the lateral light spread enhances DOI precision. Such confinement can be achieved by
either by segmenting crystal block with optical reflectors or by increasing the number of optical inter-
faces between scintillation crystals. To validate this hypothesis, multiple detector configurations were
implemented and evaluated using five different decoding strategies—conventional analytical metrics,
Euclidean-distance classification, Gaussian and modified MLE, and ANN-based decoding. By identi-
fying the optimal combinations of optical geometry and DOI decoding method, this study establishes
design principles that advance the performance of single-ended DOI detectors beyond previous cDOI
implementations.
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2. Materials andmethods

As previously mentioned, our cDOI detection employs a single-ended readout scheme that estimates
the annihilation photon interaction depth based on the spatial distribution of scintillation light within
a continuous pixelated crystal (figure 1). Unlike discrete multi-layer DOI methods or dual-ended read-
out configurations, the cDOI approach does not rely on separated crystal layers or energy differences
between two photosensors. Instead, it encodes depth information into the shape and width of the light-
distribution pattern observed at the SiPM surface (Ito et al 2010a). As the interaction depth changes, the
lateral spread of scintillation photons varies continuously, forming a depth-dependent light gradient that
can be exploited for DOI estimation.

We investigated two different strategies to limit the light dispersion: (1) segmenting the array to
directly confine light propagation, and (2) increasing optical interfaces by reducing the crystal pitch. To
suppress other confounding effects, all detector configurations employed the same SiPM sensor, electron-
ics, reflector, and optical coupling under an identical acquisition protocol. Two experimental scenarios
were defined accordingly: scenario 1 varied the segmentation while fixing the crystal pitch at 2 mm to
examine the effect of direct light confinement, whereas scenario 2 varied the crystal pitch under identical
unsegmented conditions to investigate the effect of increased optical interfaces.

2.1. Detector configuration
In scenario 1, the influence of direct optical light confinement on DOI performance was investigated
by introducing different levels of segmentation within a crystal array of fixed pitch. Three detector
blocks were fabricated using 1200-grit-lapped LYSO crystals measuring 2 mm × 2 mm × 20 mm.
Each block shared the same overall dimensions but differed in the degree of segmentation: (1) a single
unsegmented 12 × 12 array, (2) a 2 × 2 segmented configuration composed of four 6 × 6 sub-arrays,
and (3) a 4 × 4 segmented configuration composed of sixteen 3 × 3 sub-arrays (figure 2(a), table 1).
Segmentation boundaries were formed using rectangular enhanced specular reflector (ESR, 3 M) films
inserted between sub-arrays to restrict the lateral propagation of scintillation light. The segments were
separated by an ESR reflector that fully covered the corresponding surfaces, thereby minimizing pho-
ton cross-talk between segments. Within each segment, the crystal pixels were partitioned by reflec-
tors with triangular patterns along the X- and Y-directions, enabling controlled photon sharing with a
depth-dependent magnitude. By confining photons to smaller optical regions while maintaining the same
total detector area, these geometries allowed quantitative assessment of how directly limiting light spread
influences DOI discriminability.

In scenario 2, the effect of increased optical interfaces was examined. Two crystal arrays were pre-
pared with pitches of 1.5 mm and 3.0 mm, each consisting of 20 mm-long LYSO elements (figure 2(b)).
An 8 × 8 SiPM array (S14160-3050HS-08, Hamamatsu Photonics, Japan) with a 3 mm pixel pitch
served as the common photosensor. In all detectors, crystals were optically coupled to the SiPM using
optical grease (BC-630, Saint-Gobain Crystals, France). All detector blocks were mounted on a custom
mechanical holder to ensure consistent alignment between the crystal and SiPM arrays during optical
coupling.

2.2. Experimental setup
All measurements were conducted under identical environmental and electronics conditions to ensure
fair comparison among detector configurations. After coupling, each crystal array was enclosed within
a light-tight mechanical housing to block external light. The operating temperature was maintained at
20 ◦C using an air cooling system to minimize SiPM gain variation during acquisition.

A 22Na point source with an activity of approximately 17 µCi was used to generate 511 keV annihi-
lation photons. A reference detector, composed of 1 mm-thick slab LYSO crystal, was placed opposite
the tested detector to provide coincidence timing signals, ensuring that only true coincidence events were
recorded (figure 3). The two detectors were aligned coaxially with their sensitive surfaces separated by
approximately 30 cm.

Each detector block was mounted on a precision motorized translation stage that allowed controlled
positioning along the beam axis. For scenario 1, measurements were performed at three representative
depths—4, 10, and 16 mm from the SiPM surface—to capture variations in light distribution among
the segmented geometries. For scenario 2, DOI-dependent responses were measured at five depths—2,
6, 10, 14, and 18 mm. The positioning accuracy of the translation stage was better than 0.1 mm, which
is negligible compared with the expected DOI resolution. Although the number of irradiation points
differed between the two scenarios, this difference does not affect the comparison because DOI perfor-
mance metrics were compared only within each scenario, not between them.
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Figure 2. LYSO scintillation crystal blocks used for the experiments: (a) scenario 1, (b) scenario 2.

Table 1. Setup for scenario 1 and 2.

Scenario 1 Scenario 2

Crystal pitch 2 mm 1.5 mm 3 mm

# of compartment Single 2× 2 4× 4 single

Figure 3. Experimental setup.
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Signals from the SiPM array were processed through a PETsys FEB/D front-end board (PETsys
Electronics, Portugal), which provides per-channel timestamping and charge integration (figure 3). For
each configuration, approximately 1.5 × 106 valid coincidence events were collected to ensure sufficient
statistical precision for depth classification. The resulting dataset for each geometry contained the 8 × 8
SiPM pixel responses for each event, along with the corresponding depth label defined by the mechani-
cal position of the stage. To correct for small variations in optical coupling efficiency or photon yield, all
events were normalized by their total signal intensity before further analysis.

2.3. DOI estimation algorithms
Five different algorithms were implemented to evaluate how the choice of decoding strategy influ-
ences DOI estimation across detector geometries. These included two conventional analytical metrics,
a Euclidean-distance classifier, a Gaussian MLE and its modified variant, and a ANN. All algorithms
used the same pre-processed dataset, in which each event was represented by the normalized 8 × 8 SiPM
response matrix and its corresponding depth label.

The conventional analytical methods relied on simple statistical descriptors of the light distribution.
Two scalar quantities were derived from the SiPM response: the variance and the max/sum ratio of the
row- and column-projected signals. The DOI parameter D was defined as a linear combination of the
two directional projections,

D= AXi +Yi (1)

where A is a linear coefficient that balances the contributions of the horizontal and vertical components.
Here, Xi and Yi represent the DOI parameters obtained from the horizontal and vertical projections,
respectively; when i = 1, the parameters correspond to the variance, and when i = 2, they correspond
to the max/sum ratio. The coefficient A was swept from–3 to + 3 to determine the optimal value. Two
weighting strategies were considered: a crystal-specific coefficient optimized for each pixel and a sin-
gle uniform coefficient applied to all crystals. These metrics served as a reference for evaluating more
advanced decoding methods.

To simultaneously utilize both variance and max/sum as DOI metrics, a Euclidean-distance classifi-
cation approach was employed. A scatter plot was generated in a two-dimensional feature space, where
the variance was assigned to the x-axis (P) and the max/sum ratio to the y-axis (Q). The centroid posi-
tions corresponding to each known depth were determined from the training data, effectively forming
five representative clusters. Each event was then assigned to the depth class whose centroid had the min-
imum Euclidean distance from the event position in the (P, Q) space (figure 4). This procedure provides
a simple yet effective way to extend conventional DOI metrics into a multi-feature domain, allowing the
variance and max/sum information to be jointly utilized for depth classification.

̂⃗z= argmin

(√
B×

(
P̂− P (⃗z)

)2
+
(
Q̂− Q (⃗z)

)2)
. (2)

The Gaussian MLE method treated the detector response at each pixel as a Gaussian distribution char-
acterized by a mean value µi(z) and standard deviation σi(z) at different depth z (i.e. 2, 6, 10, 14, and
18mm). The most probable depth ẑ was estimated by minimizing the negative log-likelihood of observ-
ing a given event si:

̂⃗z= argmin
16 or 64∑
i=1

[
(si −µi (⃗z))

2

2σ2
i (⃗z)

+ lnσi (⃗z)

]
. (3)

The parameters µi(z) and σi(z) were obtained from 70% of the dataset and later used to evaluate the
remaining 30 %. Two input representations were tested: the full 8 × 8 SiPM response matrix and the
16 × 1 vector obtained from its row- and column-projected sums. To improve the robustness against
non-Gaussian tails in the measured response, a modified MLE was also implemented by introducing a
tunable hyper-parameter A that adjusts the weighting of the logarithmic term:

̂⃗z= argmin
16 or 64∑
i=1

[
(si −µi (⃗z))

2

2σ2
i (⃗z)

+C lnσi (⃗z)

]
. (4)
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Figure 4. Euclidean distance from the event position in the (P, Q) space (P: variance, Q: max/sum).

Parameter C was optimized empirically to maximize DOI classification accuracy by sweeping from −10
to 10 with 0.1. This formulation provides additional flexibility when the light-distribution statistics devi-
ate from an ideal Gaussian shape.

Finally, a fully connected ANN was constructed to explore data-driven DOI decoding. The model,
which was designed in our previous study (Shim et al 2025), consisted of five hidden layers (2048-1024-
512-256-256 nodes) with rectified linear unit activation functions and was implemented in PyTorch. The
full 8 × 8 SiPM response matrix or the 16 × 1 row- and column-projected sums were used as input.
The output layer produced class probabilities corresponding to discrete DOI depths—three for scenario 1
and five for scenario 2. Two training schemes were examined: (1) a crystal-wise model trained separately
for each crystal position, allowing local adaptation to pixel-dependent light patterns, and (2) a block-wise
model trained with events from all crystals to capture global features of the detector. All networks were
trained with categorical cross-entropy loss and the Adam optimizer using 70% of the data, while the
remaining 30% served as an independent test set.

2.4. Performance evaluation
The performance of each DOI decoding method was evaluated using two complementary metrics: (1)
DOI resolution and (2) DOI classification accuracy. For conventional analytical metrics and Euclidean-
distance classification, the DOI resolution, which has conventionally been used to quantify depth
sensitivity in cDOI detectors, was defined as the FWHM of the reconstructed depth distribution at
each known irradiation position. For each configuration, the reconstructed DOI parameter was his-
togrammed and fitted with a Gaussian function to extract the mean and FWHM values representing
the DOI response and resolution, respectively. In contrast, methods based on probabilistic or data-driven
classification—namely the MLE, modified MLE, and ANN—were evaluated in terms of DOI classifica-
tion accuracy, defined as the percentage of correctly assigned depth classes relative to the total number
of events. For the analytical and clustering-based approaches, continuous depth parameters were dis-
cretized into the same number of classes to enable comparison on an equal basis.

Because DOI resolution and classification accuracy represent different but related forms of depth-
discrimination performance, the Euclidean-distance method was introduced as an intermediate approach
to provide a quantitative bridge between the two evaluation domains. By mapping the variance and
max/sum features into a two-dimensional space and classifying events based on their proximity to ref-
erence centroids, this method allowed indirect comparison between the conventional metric–based and
classification-based estimators under a unified performance framework.

All analyses were carried out separately for each detector configuration and decoding algorithm to
quantify the effects of light confinement. The resulting DOI resolution and accuracy values were then
compared to identify the most effective combination of detector geometry and decoding strategy.

6
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Figure 5. Performance (DOI resolution or accuracy) of conventional analytical metrics (variance, max/sum, combined, and
Euclidean distance classifier) in scenario 1 to investigate the effect of array segmentation. (a) Single 12× 12 array (b) Four 6× 6
sub-arrays (c) Sixteen 3× 3 sub-arrays.

3. Results

3.1. Scenario 1: effect of array segmentation
3.1.1. 1× 1 segment configuration (unsegmented 12× 12 array)
For the unsegmented detector block, the energy resolution was 13.5%. The DOI resolution obtained
from the conventional analytical metrics was 5.5 ± 1.5 mm FWHM when calculated using the variance
and 6.1 ± 2.0 mm FWHM when using the max/sum ratio (figure 5(a)). It was observed that both DOI
parameters exhibited considerable variation in the linear coefficient for optimal DOI resolution among
individual crystals, indicating a strong crystal-to-crystal dependency (figure 6(a), table 2). When using
the max/sum ratio, the DOI resolution was notably degraded in columns 2, 5, 8, and 11. When, for
each crystal, the better of the two parameters was selected (i.e. optimal per-crystal choice), the overall
DOI resolution improved to 5.2 ± 1.7 mm FWHM. Using both parameters jointly in a two-dimensional
(P, Q) space—where P denotes the variance and Q the max/sum—the Euclidean-distance classifier
achieved 47.6 ± 5.7% accuracy. Likelihood-based decoding further enhanced depth discrimination
(figure 7(a), table 2). The Gaussian MLE reached 59.9 ± 11.5% accuracy with the 8 × 8 pixel input and
65.1 ± 8.5% with the 8 rows + 8 columns projected input. The modified MLE increased these values to
73.7 ± 10.4% and 76.6 ± 7.1 %, respectively, indicating that re-weighting the logarithmic term better
captures the non-Gaussian features of the measured light distributions.

The ANN provided the highest performance in this configuration (figure 8(a), table 2). With crystal-
wise training, accuracies were 86.1 ± 5.6% (8 × 8 pixel input) and 85.2 ± 5.2% (8 rows + 8 columns
projected input); with block-wise training, they were 87.6 ± 4.8% (8 × 8 pixel input) and 85.7 ± 4.3%
(8 rows + 8 columns projected input).

3.1.2. 2× 2 segment configuration (6× 6 sub-arrays)
For 2 × 2 segment configuration, the energy resolution was 11.9%. The DOI resolutions obtained from
the conventional analytical metrics were 4.8 ± 1.1 mm FWHM using the variance and 5.8 ± 1.9 mm
FWHM using the max/sum ratio (figure 5(b)). The variation became less pronounced, but a similar
tendency was observed, particularly with degraded DOI resolution at columns 2, 5, 8, and 11 for the
max/sum ratio. When the optimal per-crystal choice strategy was applied, the overall DOI resolution
improved to 4.7 ± 1.1 mm FWHM, representing the best performance among the three segmentation
levels. The Euclidean-distance classifier achieved 53.2 ± 6.2% DOI classification accuracy.
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Figure 6. Optimal linear coefficients for variance and max/sum and optimal parameter maps in scenario 1. (a) Single 12× 12
array (b) Four 6× 6 sub-arrays (c) Sixteen 3× 3 sub-arrays.

Table 2. DOI classification accuracy in scenario 1 to investigate the effect of array segmentation.

Segment

Methods Input 1× 1 2× 2 4× 4

Euclidean distance Individual 47.6% 53.2% 43.5%

MLE Individual 59.9% 58.2% 50.7%

Row/column sum 65.1% 62.5% 52.0%

Modified MLE Individual 73.7% 73.6% 64.3%

Row/column sum 76.6% 77.0% 66.0%

ANN Individual (crystal-wise) 86.1% 88.4% 82.1%

Row/column sum (crystal-wise) 85.2% 86.9% 79.8%

Individual (block-wise) 87.6% 89.0% 82.8%

Row/column sum (block-wise) 85.7% 87.2% 80.5%

The Gaussian MLE achieved 58.2 ± 11.4% accuracy using the 8 × 8 pixel input and 62.5 ± 10.6%
with the 8 rows + 8 columns projected input, while the modified MLE further increased these values to
73.6 ± 7.2% and 77.0 ± 6.7 %, respectively (figure 7(b), table 2).

The ANN achieved the highest performance across all decoding methods (figure 8(b), table 2).
For crystal-wise training, accuracies were 88.4 ± 4.2% for the 8 × 8 pixel input and 86.9 ± 4.4% for
the 8 rows + 8 columns projected input. When trained block-wise, the corresponding accuracies were
89.0 ± 4.0% and 87.3 ± 3.8 %, respectively. This configuration provided the best DOI decoding per-
formance overall, achieving nearly 89% classification accuracy, which corresponds to an effective DOI
resolution of 4.7 mm.

3.1.3. 4× 4 segment configuration (3× 3 sub-arrays)
For 4 × 4 segment configuration, the energy resolution was 10.2%. The DOI resolutions obtained from
the conventional analytical metrics were 9.2 ± 2.0 mm FWHM using the variance and 10.0 ± 1.8 mm
FWHM using the max/sum ratio (figure 5(c)). Both DOI parameters still exhibited considerable vari-
ation in the linear coefficient among individual crystals (figure 6(c), table 2). The optimal per-crystal
resolution was 8.2 ± 1.9 mm FWHM, indicating a marked reduction in DOI discriminability compared

8
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Figure 7. DOI accuracy of Gaussian and modified MLEs in scenario 1 (a) Single 12× 12 array (b) Four 6× 6 sub-arrays (c)
Sixteen 3× 3 sub-arrays.

Figure 8. Performance (DOI accuracy) of ANNs in scenario 1 (a) Single 12× 12 array (b) Four 6× 6 sub-arrays (c) Sixteen
3× 3 sub-arrays.

with the 2 × 2 segmented array. The Euclidean-distance classifier achieved the DOI classification accu-
racy of 43.5 ± 3.2 %.

The Gaussian MLE achieved 50.7 ± 10.2% accuracy with the 8 × 8 pixel input and 52.0 ± 9.8%
with the 8 rows + 8 columns projected input, while the modified MLE improved these to 64.3 ± 8.1%
and 65.7 ± 7.4 %, respectively (figure 7(c), table 2).

The ANN maintained the highest accuracy among all decoding methods, reaching 82.1 ± 6.3% and
79.8 ± 6.0% for crystal-wise training, and 82.8 ± 5.9% and 80.5 ± 5.7% for block-wise training, using
the 8 × 8 pixel and 8 rows + 8 columns projected inputs, respectively (figure 8(c), table 2).

9
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Figure 9. Performance of variance as DOI estimator and Euclidean distance classifier in scenario 2 to investigate the effect of
increased optical interfaces. (a) 8× 8 array with 1.5 mm pitch (b) 16× 16 array with 3.0 mm pitch.

3.2. Scenario 2: effect of increased optical interfaces
3.2.1. 1.5 mm pitch array
For 1.5 mm pitch array, the energy resolution was 14.2%. When coefficient A was optimized sepa-
rately for each crystal (crystal-wise optimal A), the DOI resolutions were 3.3 ± 0.4 mm FWHM for
the variance-based parameter (figure 9(a)) and 4.5 ± 0.8 mm FWHM for the max/sum (figure 10(a),
table 3). For all crystals, the variance parameter provided better DOI resolution than the max/sum
ratio. When a single coefficient was uniformly applied across all crystals (global A), the best results were
obtained at A = − 0.1 for the variance parameter and A = − 0.2 for the max/sum parameter, yielding
DOI resolutions of 3.4 ± 0.4 mm and 4.7 ± 1.1 mm FWHM, respectively. The Euclidean-distance classi-
fier achieved 69.8 ± 10.5% DOI classification accuracy.

The Gaussian MLE achieved accuracies of 55.3 ± 11.2% (8 × 8 input) and 64.0 ± 8.9% (8 rows + 8
columns projected input), while the modified MLE improved these to 61.7 ± 8.6% and 68.7 ± 7.4 %,
respectively (figure 11(a), table 3).

The ANN decoder achieved the highest performance, with accuracies of 82.9 ± 5.0% and
82.0 ± 4.8% for crystal-wise training, and 82.3 ± 5.4% and 81.4 ± 5.6% for block-wise training, using
the 8 × 8 pixel and 8 rows + 8 columns inputs, respectively (figure 12(a), table 3).

3.2.2. 3 mm pitch array
For 3 mm pitch array, the energy resolution was 11.1%. With the crystal-wise optimal A, the DOI reso-
lutions were 3.6 ± 0.5 mm FWHM for the variance parameter (figure 9(b)) and 4.4 ± 0.8 mm FWHM
for the max/sum parameter (figure 10(b), table 3). Across all crystals, the variance parameter consistently
yielded better DOI resolution compared with the max/sum ratio. With global A, the best performance
was obtained at A= −0.3 for the variance parameter and A= −0.9 for the max/sum parameter, result-
ing in DOI resolutions of 3.7 ± 0.6 mm and 4.4 ± 0.7 mm FWHM, respectively. The Euclidean-distance
classifier achieved 56.4 ± 8.2% DOI classification accuracy.

The Gaussian MLE achieved accuracies of 49.8 ± 7.8% (8 × 8 input) and 58.6 ± 10.2% (8 rows + 8
columns projected input), while the modified MLE improved these to 58.0 ± 7.1% and 66.2 ± 7.4 %,
respectively (figure 11(b), table 3).

The ANN again produced the highest performance, with accuracies of 82.0 ± 5.3% and 81.2 ± 5.4%
for crystal-wise training, and 81.8 ± 5.8% and 81.3 ± 5.0% for block-wise training, using the 8 × 8
pixel and 8 rows + 8 columns inputs, respectively (figure 12(b), table 3).

4. Discussions

4.1. Summary of DOI performance
4.1.1. Scenario 1 (effect of array segmentation)
The 2 × 2 segmented detector exhibited the best overall performance, achieving an optimal DOI res-
olution of 4.7 mm FWHM (figure 5(b)) and an ANN classification accuracy of approximately 89%
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Figure 10. Performance of max/sum as DOI estimator in scenario 2. (a) 8× 8 array with 1.5 mm pitch (b) 16× 16 array with
3.0 mm pitch.

Table 3. DOI classification accuracy in scenario 2 to investigate the effect of increased optical interfaces.

Methods Input

Pitch

1.5 mm 3 mm

Euclidean distance Individual 69.8% 56.4%

MLE Individual 55.3% 49.8%

Row/column sum 64.0% 58.6%

Modified MLE Individual 61.7% 58.0%

Row/column sum 68.8% 66.2%

ANN Individual (crystal-wise) 82.9% 82.0%

Row/column sum (crystal-wise) 82.0% 81.3%

Individual (block-wise) 82.3% 81.8%

Row/column sum (block-wise) 81.4% 81.4%

(figure 7(b), table 2). The unsegmented configuration produced slightly lower yet stable performance
(≈5.2 mm (figure 5(a)), 87% (figure 7(a), table 2)), whereas excessive segmentation (4 × 4) caused clear
degradation (≈8.2 mm (figure 5(c)), 82% (figure 7(c), table 2)). This trend indicates that moderate seg-
mentation enhances DOI encoding by improving the edge signal-to-noise ratio of the light-distribution
gradient while maintaining spatial continuity of photon propagation.

4.1.2. SCENARIO 2 (effect of increased optical interfaces)
Both configurations (1.5 mm and 3.0 mm) achieved comparable DOI resolutions of ≈3.3–3.7 mm
(figure 9) and accuracies of ≈82%–83% (figure 12). Between them, the 1.5 mm-pitch detector achieved
the better performance, indicating that increased optical interfaces allows more accurate encoding of the
depth-dependent light distribution within the SiPM array.

4.1.3. Comparison with other PET detector systems
In a previous study using a reflector configuration similar to that of the present work (Lee et al 2017),
DOI resolutions of 4.28 ± 0.32 mm and 4.24 ± 0.28 mm FWHM were reported for 1.47 mm-pitch
crystals. Another study using triangular reflectors (Nadig et al 2023) reported 2.0 mm RMSE (not
FWHM). Even under the ideal assumption of zero bias, this corresponds to 4.71 mm FWHM, and
the equivalent FWHM would be even larger if bias were present. In another study that measured DOI
using non-triangular gap structures (Yu et al 2024), a DOI resolution of 3.0 mm FWHM was achieved
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Figure 11. Performance of Gaussian and modified MLEs in scenario 2. (a) 8× 8 array with 1.5 mm pitch (b) 16× 16 array with
3.0 mm pitch.

Figure 12. Performance of ANNs in scenario 2. (a) 8× 8 array with 1.5 mm pitch (b) 16× 16 array with 3.0 mm pitch.

for 2 mm-pitch crystals. Although this represents strong performance, the method had the limitation
that DOI could not be estimated for the four corner crystals. The apparent state-of-the-art result was
reported by LaBella et al (2020a), which achieved 2.5 mm FWHM for 1.4 mm-pitch crystals; however,
this approach required an additional prism-shaped light guide.

4.2. Interpretation of optical and algorithmic mechanisms
4.2.1. Optical light-distribution behavior
From an optical standpoint, as light confinement increased, DOI performance peaked under moderate
confinement but deteriorated at stronger confinement, whereas energy resolution improved continuously
due to enhanced light-collection efficiency. In the unsegmented configuration, photons spread laterally
across a wide area, generating a continuous but shallow light-distribution gradient that enables stable
DOI decoding but results in relatively lower energy resolution due to a lower SNR in the regions with
fewer detected photons. Introducing moderate segmentation (2 × 2) confined the photon paths within
each sub-array, enhancing both the gradient contrast for DOI and SNR, which improved energy resolu-
tion from 13.46% to 11.94 %. When the segmentation became stronger to 4 × 4, photon confinement
increased further, resulting in the best energy resolution, 10.22 %, owing to efficient light collection, but
DOI sensitivity deteriorated because the lateral light-sharing continuity was lost. This opposite trend
between DOI and energy resolution highlights the fundamental trade-off between optical confinement
and depth encoding capability.
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A similar tendency was observed in the second scenario. When the crystal and SiPM pitches were
closely matched, the number of optical interfaces decreased, reducing photon losses caused by interfa-
cial crosstalk and thereby improving energy resolution from 14.23% to 11.14% as the pitch increased
from 1.5 mm to 3.0 mm. However, the finer 1.5 mm pitch provided slightly superior DOI resolution
because the denser optical sampling allowed more detailed encoding of the depth-dependent light-
distribution gradient, even with lower photon-collection efficiency. Overall, these findings suggest that
light-confinement geometry primarily influences energy resolution, whereas the smoothness of the light-
distribution gradient plays a key role in DOI sensitivity.

Overall, the 2 mm-pitch configurations in scenario 1 exhibited lower DOI resolution and accuracy
than those in scenario 2. This trend is likely due to the mis-alignment between the SiPMs and the crystal
array. The DOI degradation observed in specific columns (2, 5, 8, and 11) can be explained by the fact
that the crystals in these columns are positioned at the boundary between two SiPMs. As a result, the
scintillation light from the crystal producing the largest number of photons is divided between adjacent
SiPMs, thereby degrading DOI performance.

4.2.2. Response of DOI decoding algorithms
The decoding algorithms responded differently to these optical characteristics. The analytical metrics
(variance and max/sum) directly depend on the monotonicity and smoothness of the light-distribution
gradient, making them sensitive to distortions introduced by segmentation or photosensor gaps.

The Gaussian MLE models the detector response statistically but assumes a symmetric unimodal dis-
tribution, limiting its adaptability when the light pattern becomes asymmetric or discontinuous. The
modified MLE improves robustness by introducing a flexible weighting factor that compensates for local
deviations from the Gaussian model, yielding moderate enhancement in classification accuracy.

Recently, artificial intelligence technologies have become the mainstream in medical image process-
ing and analysis (Lee 2021, Bousse et al 2024, Kim et al 2024a, 2024b). Moreover, their application for
improving the performance and reducing the readout complexity of PET detectors are increasing (Berg
and Cherry 2018, Gong et al 2020, Decuyper et al 2021, Lee and Lee 2021, Onishi et al 2022, Ullah and
Levin 2022, Shim et al 2023). The ANN decoder does not rely on explicit functional assumptions in con-
trast to the other methods used in this study. By learning nonlinear spatial correlations among SiPM
pixels, the ANN effectively interprets complex and irregular light-distribution patterns, reconstructing
depth information even when optical confinement is nonideal. This capability explains the ANN’s con-
sistent superiority across all geometries—it can extract depth-encoding features that are inaccessible by
analytical or parametric statistical methods, maintaining high DOI accuracy under a wide range of opti-
cal conditions.

4.3. Experimental uncertainties and limitations
Several experimental factors may have affected the measured DOI performance. First, subtle differences
in optical coupling and reflector alignment among detector configurations could have modified the effec-
tive light-distribution profile. Although optical grease was applied consistently, small local variations in
contact pressure or microscopic air gaps between the crystal and the SiPM array may have influenced
photon transmission efficiency.

Second, the depth-dependent measurements were performed using electrical collimation, in which
a slab-type reference detector defined the coincidence acceptance window along the depth direction.
Because the reference crystal had a finite thickness and nonuniform lateral sensitivity, the effective beam
width differed slightly between the left and right sides of the detector. This asymmetry in the coinci-
dence geometry could lead to small differences in the reconstructed DOI resolution across lateral posi-
tions. To mitigate the influence of scattered events, energy histograms were generated for each crystal
pixel, and DOI was estimated using only events within a predefined energy window; the energy reso-
lution reported for each configuration represents the average across individual crystal pixels, such that
scattered events were considered to be effectively excluded. It should be noted, however, that once scat-
tering occurs, the true irradiation point cannot be accurately identified, and estimating DOI using an
oblique beam under face-on irradiation inherently involves inferring depth indirectly from the lateral
position, introducing an additional source of uncertainty in the reference DOI. For detector-level stud-
ies where side-on irradiation is feasible, it represents a more direct approach for assessing DOI perfor-
mance, and we plan to establish a mechanically collimated experimental setup to address this limitation
in future work.

Third, minor fluctuations in SiPM gain or bias voltage during acquisition may have slightly affected
the SiPM output signal amplitude (Lee and Hong 2010) and, consequently, the DOI metrics derived
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from variance and max/sum. Although the acquisition electronics were stabilized and regularly cali-
brated, small variations in operating bias could still contribute to sub-millimeter differences in recon-
structed DOI resolution.

Finally, this study focused exclusively on DOI characterization under controlled optical and elec-
tronic conditions. Other detector performance aspects, such as timing or gain variation per pixel, were
not explicitly optimized.

5. Conclusions

This study comprehensively analyzed how optical geometry and decoding algorithms jointly determine
DOI performance in single-ended cDOI detectors. By systematically varying the degree of optical con-
finement, we demonstrated that appropriate optical confinement has yielded better DOI precision. The
algorithmic evaluation showed that neural decoders effectively have recovered depth information. These
results establish practical design principles for cDOI detectors: properly controlling light confinement is
important for maximizing DOI resolution, and data-driven decoding provides a robust framework for
exploiting these optimized optical features in future PET detector designs.
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