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Abstract
Bubble detectors are widely used for measuring neutron yields in nuclear fusion
and various neutron sources, as well as in monitoring personal neutron radiation
dose. The neutron yield or radiation dose is typically quantified by counting the
bubbles formed within the detector. However, manually counting a high den-
sity of bubbles in high-neutron-yield experiments is not only labor-intensive and
time-consuming but also prone to subjective bias and errors. Futhermore, con-
ventional threshold-based image processing algorithms face challenges in resolv-
ing issues related to bubble occlusion and overlapping, limiting their accuracy
in high-density bubble scenarios. To address these challenges, an automated
neutron dosimetry system that employs Convolutional Neural Network (CNN)-
based object detection and a multi-view tracking algorithm has been developed.
This system automates bubble quantification while minimizing counting dis-
crepancies arising from bubble occlusion and overlapping in three-dimensional
volumes. Notably, the automated counts achieved relative accuracies exceeding
95% when compared to expert manual counts on the independent test set. By
capturing multi-angle imagery and performing cross-view tracking, the system
effectively identifies bubbles occluded in single-perspective views. This auto-
mated framework significantly improves the precision, efficiency, and reliability
of neutron dosimetry across diverse applications, including nuclear fusion, vari-
ous neutron sources, and radiation protection, etc.
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Li-xiang Hu,1 Jie Feng,1 Fu-qiu Shao,1 and Tong-pu Yu1, ‡ 1College of Science,
National University of Defense Technology, Changsha 410073, China 2College of
Advanced Interdisciplinary Studies, National University of Defense Technology,
Changsha 410073, China 3Science and Technology on Plasma Physics Labora-
tory, Laser Fusion Research Center, China Academy of Engineering Physics,
Mianyang 621900, China Bubble detectors are widely used for measuring neu-
tron yields in nuclear fusion and various neutron sources, as well as in monitoring
personal neutron radiation dose. The neutron yield or radiation dose is typi-
cally quanti- fied by counting the bubbles formed within the detector. However,
manually counting a high density of bubbles in high-neutron-yield experiments
is not only labor-intensive and time-consuming but also prone to subjec- tive
bias and errors. Futhermore, conventional threshold-based image processing
algorithms face challenges in resolving issues related to bubble occlusion and
overlapping, limiting their accuracy in high-density bubble sce- narios. To ad-
dress these challenges, an automated neutron dosimetry system that employs
Convolutional Neural Network (CNN)-based object detection and a multi-view
tracking algorithm has been developed. This system automates bubble quan-
tification while minimizing counting discrepancies arising from bubble occlusion
and overlapping in three-dimensional volumes. Notably, the automated counts
achieved relative accuracies exceed- ing 95% when compared to expert manual
counts on the independent test set. By capturing multi-angle imagery and per-
forming cross-view tracking, the system effectively identifies bubbles occluded in
single-perspective views. This automated framework significantly improves the
precision, efficiency, and reliability of neutron dosimetry across diverse applica-
tions, including nuclear fusion, various neutron sources, and radiation protec-
tion, etc.

Keywords: Neutron dosimetry, Bubble detector, Convolutional neural network,
Object detection, Multi-object tracking.

INTRODUCTION
Neutrons are electrically neutral particles characterized by strong penetrating
capability and are extensively utilized in non-destructive testing (NDT) [1–3],
neutron resonance spectroscopy [4, 5], nuclear astrophysics [6, 7], and nuclear
medicine [8, 9]. Moreover, neutron yield serves as a funda- mental quantitative
metric across a broad range of applica- tions, from evaluating the key parameter-
energy gain factor (Q)-in nuclear fusion [10, 11], to quantifying neutron source
characteristics in spallation neutron source [12, 13], and fur- ther to assessing
radiation fields and calibrating dosimetry for shielding design and radiation
protection [14–16]. Conse- quently, accurate characterization of neutron fields,
together with precise quantification of neutron dose, is therefore es- sential for
nuclear fusion performance evaluation, radiation safety, and a wide range of
neutron-based scientific and in- dustrial applications.

Conventional neutron dosimetry predominantly relies on activation foils [17, 18],
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neutron time-of-flight (nTOF) spec- trometers [19, 20], and bubble detectors.
Bubble detectors, in particular, offer high sensitivity, low detection threshold,
stable response across a broad neutron-energy spectrum, and inherent insensi-
tivity to gamma radiation. Consequently, they are widely used as a standard
measurement method for neutron-yield characterization in nuclear fusion [21,
22] and ∗ This work is supported by the National Natural Science Foundation
of China (Grant No. 12275356) and the Natural Science Foundation of Hu- nan
Province of China (Grant No. 2025JJ30002). † Corresponding author, debin-
zou@nudt.edu.cn ‡ Corresponding author, tongpu@nudt.edu.cn have also been
extensively applied in laser-driven neutron sources [23–28]. Moreover, bubble
detectors are recognized as the only personal neutron dosimeters that provide an
en- ergy response fully compliant with International Commission on Radiologi-
cal Protection (ICRP) 60 recommendations [29], making them indispensable for
individual radiation monitor- The bubble detector contains superheated droplets
(such as Freon-12 [29]) suspended within an elastic gel matrix [30].

Upon neutron irradiation, the droplets vaporize to form visi- ble bubbles, the
number of which is directly proportional to the received neutron dose, enabling
direct readout of dose by counting the number of bubbles. However, converting
this vi- sual information into accurate quantitative data remains a sig- nificant
challenge. The traditional method of manual count- ing is labor-intensive, time-
consuming, and prone to sub- jective errors, particularly in high-neutron-yield
experiments where hundreds of bubbles may form within a single detector.

To automate the readout process, various computer vi- sion techniques have
been proposed and investigated exten- sively [31–33]. While traditional algo-
rithms based on inten- sity thresholding or edge detection perform adequately
for sparsely distributed bubbles, they frequently fail in complex, high-bubble-
density experiment scenarios. Beyond algorith- mic constraints, the hardware
configuration for image acqui- sition also presents intrinsic limitations. In a
standard single- perspective imaging setup, the spatial distribution of bubbles
across varying depths is collapsed onto a single image plane through projection,
inevitably causing partial overlap or to- tal occlusion. Such geometric interfer-
ence precludes conven- tional algorithms from accurately resolving and quanti-
fying individual bubbles, resulting in loss of spatial information and leading to
a systematic underestimation of the incident neu- Fig. 1 [FIGURE:1]. (Color
online) Schematic illustration of the proposed method for automated neutron
dose measurement. Upon neutron irradiation, visible bubbles form within the
detector. The bubble detector can be rotated to capture images from multiple
viewpoints. Bubbles are detected in each image using a convolutional neural
network (CNN)-based object detection model. Cross-view tracking links iden-
tical bubbles across views to eliminate duplicate counting, while incrementing
the count for newly detected bubbles. The neutron dose is ultimately derived
from the total number of unique bubbles identified. tron dose.

The evolution of deep learning, particularly regarding Con- volutional Neural
Network (CNN)-based object detection models, has demonstrated exceptional
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capabilities in extract- ing information from complex experimental data [34].
the broader context of nuclear science, machine learning techniques have been
increasingly adopted to address chal- lenges that are difficult for conventional
methods, ranging from the parametrization of resolution functions in neutron
facilities [35] and the prediction of fundamental nuclear prop- erties [36] to
super-resolution neutron imaging [37]. Specific to imaging-based diagnostics,
these methodologies have been successfully implemented in diverse tasks, in-
cluding particle track recognition in CR39 nuclear track detectors [38, 39], the
automated characterization of irradiation-induced defects in nuclear materials
[40, 41], machine learning-based track reconstruction in diffusion cloud cham-
bers [42], and rare event classification in Active Target Time Projection Cham-
bers (AT-TPCs) [43]. However, despite these advancements, the application
of such advanced AI techniques to the auto- matic identification of bubbles in
bubble detectors remains, to the best of our knowledge, totally unexplored in
current literature.

In this study, we developed an automated neutron dosime- try system that
synergizes deep learning with a multi-view tracking strategy [44, 45]. We in-
corporated a fine-tuned ob- ject detection model to facilitate rapid and robust
bubble iden- tification. Crucially, to mitigate bubble-to-bubble occlusion in
high-density environments, we engineered a rotary hard- ware platform to cap-
ture the multi-angle imagery of bubble detectors. This is coupled with a cross-
view tracking algo- rithm designed to correlate bubble identities across multiple
perspectives, thereby effectively recovering bubbles that are occluded in single
views. Furthermore, an integrated Optical Character Recognition (OCR) mod-
ule automatically extracts detector serial numbers for association with bubble
counts, enabling fully automated radiation dose calculation. This end-to-end
framework substantially enhances the precision, efficiency, and reliability of
neutron dosimetry, offering a ro- bust solution to high-throughput neutron ra-
diation diagnos- tics.

The remainder of this paper is organized as follows. Sec- tion II details the
methods, including the system overview, data processing pipeline, bubble detec-
tion network, dataset preparation, and model training. Section III presents the
re- sults, covering model performance metrics, independent test set evaluation,
and multi-view bubble tracking for dosimetry.

Finally, Section IV concludes with key findings, and future directions.

II. METHODS A. System overview and data processing pipeline To auto-
mate the readout process of the neutron dose in bub- ble detectors, an
integrated, automated readout system was developed, which synchronizes
a motor-driven rotation stage with high-resolution image acquisition. A
key feature of the system is the motorized rotation stage, which allows
precise rotation of the bubble detector at predefined angles for a spec-
ified number of rotations.The bubble detector is placed be- tween the
light source and the camera, with image acquisi- tion synchronized to the
motorized rotation stage under back- lighting conditions, enabling auto-

chinarxiv.org/items/chinaxiv-202602.00205 Machine Translation

https://chinarxiv.org/items/chinaxiv-202602.00205


Figure 2

Figure 1: Figure 2

mated capture from multi- ple viewing angles. A lens with a high f-number
was selected to provide an extended depth of field, ensuring sharp focus
on bubbles across varying depths in detector and yielding high- quality
images for subsequent automated bubble counting.

The schematic overview of the proposed automated neu- Fig. 2

. (Color online) Overview of the automated data processing pipeline for a single
bubble detector image. The workflow comprises ROI segmentation, parallel
bubble detection via a fine-tuned bubble detection model, and serial number
extraction through OCR, enabling automated data association for each detector.
tron dose measurement method is shown in Fig. 1. After neu- tron irradiation,
visible bubbles form within the detector, and the neutron dose is quantitatively
proportional to the number of bubbles generated. During rotation, the same
bubble may appear in multiple images. Additionally, certain bubbles may be
partially or completely occluded in some views, rendering them visible only from
specific angles. To address the limita- tions of single-view imaging, the detector
should be rotated to capture images from multiple viewpoints, as shown in Fig
1.

Bubbles in each image are automatically detected using a CNN-based object
detection model, which is described in de- tail in the following subsection. To
prevent duplicate counting across views, a cross-view tracking algorithm is im-
plemented to associate identical bubbles across different images. This enables
differentiation between newly detected bubbles and those previously identified,
with only new bubbles incremen- tally added to the total count while tracked
bubbles excluded.

The neutron dose is then calculated from the total number of unique bubbles
using the detector’s calibrated sensitivity and the corresponding conversion
formula [46, 47]. This multi- view fusion and tracking approach ensures precise
determi- nation of each bubble count, from which the neutron dose can be
accurately derived.

An overview of the automated data processing pipeline for a single bubble detec-
tor image is depicted in Fig. 2. The in- put raw image is initially segmented into
two distinct regions of interest (ROIs), with the experimental region containing
the bubbles and the label region containing the serial number.

Bubble detection is executed by a fine-tuned bubble detection model (detailed
architecture is shown in Fig. 3 [FIGURE:3]), which out- puts bounding boxes
for individual bubbles. In parallel, OCR is applied to the label region to au-
tomatically extract the de- tector’s unique serial number. This dual-branch
architecture enables linkage of the bubble count to the unique serial num- ber

chinarxiv.org/items/chinaxiv-202602.00205 Machine Translation

https://chinarxiv.org/items/chinaxiv-202602.00205


of the respective detector—corresponding to its calibrated sensitivity—thus al-
lowing automated computation of the neu- tron dose.

B. Bubble detection network Accurate detection of neutron-induced bubbles
presents a challenging computer vision problem, as bubbles typically appear as
small size, dense distribution, or partially overlap- ping within a gel background.
To address these issues, we adopt YOLOv11 (You Only Look Once, version
11) [48, 49], a recently proposed one-stage object detection framework that
demonstrates strong performance in dense and small- object detection scenarios
while maintaining high inference efficiency.

The detailed architecture of the YOLOv11 model used for bubble detection is
depicted in Fig. 3. YOLOv11 incorpo- rates an enhanced backbone and neck,
improving feature ex- traction and multi-scale representation. The backbone uti-
lizes cascaded C3k2 blocks (Cross Stage Partial with ker- nel size 2), retains the
Spatial Pyramid Pooling-Fast (SPPF) layer, and integrates a Cross Stage Partial
with Spatial Atten- tion (C2PSA) module. These elements facilitate extraction
of rich, detailed features and effective focus on salient regions.

In practice, this configuration markedly improves detection of small, densely
packed objects. The C2PSA attention mecha- nism prioritizes critical areas,
enhancing accuracy for minus- cule or partially occluded bubbles. The multi-
scale neck fuses features across levels via successive upsampling, concatena- tion,
and additional C3k2 blocks, thereby improving localiza- tion of small targets.
The detection head utilizes additional C3k2 blocks and convolutional layers to
produce predictions at three scales, ultimately generating bounding boxes for the
detected bubbles. This structure is particularly advantageous for small-target
detection tasks involving bubbles in bubble detectors.

C. Dataset The performance of deep learning models, particularly CNN, is in-
trinsically linked to the quality of the training data.

Fig. 3. (Color online) Detailed architecture of the fine-tuned bubble detection
model. The input image first passes through the backbone network, which
extracts multi-scale features via convolutional layers and specialized modules
including C3k2, SPPF, and C2PSA. These features are then integrated in the
neck through upsampling, concatenation, and additional C3k2 blocks. Finally,
the detection head further processes the fused features through several C3k2
blocks and outputs bounding boxes on the original detector image.

A robust and well-annotated dataset serves as the cornerstone for the model
to learn representative features and achieve high generalization capability. In
the context of neutron dosimetry, where bubble overlapping and varying back-
ground noise can significantly affect counting accuracy, high-fidelity data is a
prerequisite for reliable automated detection.

Guided by this principle, high-quality images of the bubble detectors were ac-
quired from laser-driven neutron source ex- periments conducted at the Xing-
Guang III laser facility [50].
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The dataset contains a wide range of bubble densities, vary- ing from sparse
distributions to dense clusters, which is criti- cal for training the bubble detec-
tion model to handle complex In total, 212 high-quality raw images were col-
scenarios. lected.

Accurate ground truth data is paramount for model train- ing. To mitigate
human error and subjective bias, a ”double- check”procedure was implemented.
Initial annotations were performed by researchers and subsequently verified by
senior experts with extensive experience in manual bubble counting.

Any ambiguous instances were reviewed to ensure the relia- bility of the dataset.

The annotated dataset was split into training, validation, and testing subsets
in an approximate ratio of 85:13:2 to fa- cilitate model training and objective
evaluation. A dedicated testing set consisting of 5 representative images was re-
served for independent testing. These images were withheld from both training
and validation to permit direct comparison be- tween manual bubble counts and
model predictions, thereby evaluating the model’s performance against that of
human ex- perts. The detailed distribution of the dataset is presented in Table
1 .

TABLE 1. Distribution of the neutron bubble detector image dataset.

Percentage (%) Subset Training Validation Testing Total Number of Images per-
formance computing platforms. Detailed hardware and software specifications
are summarized in Table 2 . Train- ing results indicate that the proposed model
achieves supe- rior computational efficiency during both the training and Specif-
ically, a 100-epoch training cy- inference phases. cle is completed within ap-
proximately 30 minutes, with the model reaching convergence within 40 epochs.
Quantita- tive performance metrics are detailed in the following sec- tion III
A. Such minimal computational overhead and rapid convergence characteristics
not only underscore the efficiency of the methodology and the appropriateness
of the bubble de- tection model architecture but also demonstrate the feasibility
of the model training on consumer-level hardware. This en- hanced accessibility
significantly lowers the technical barrier to entry, facilitating continuous model
iteration and stream- lining future retraining procedures.

TABLE 2. Hardware and software configuration used for the net- work training.

Category Computing Hardware Specification GPU Model GPU Memory Py-
Torch Python Version / Details RTX 4090 Laptop

16 GB
D. Model training Deep Learning Framework Programming Environment The
model training and evaluation were executed on a local consumer-grade laptop,
without recourse to high- III. RESULTS were also considered. Precision and
recall are defined as:
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A. Model Performance To ensure reliable neutron dose quantification, the bubble
detection model must demonstrate both high localization ac- curacy and robust
generalization capabilities. We monitored the training process by analyzing loss
functions and perfor- mance metrics, as illustrated in Fig. 4 [FIGURE:4]. All
curves presented here were smoothed using a moving average window of five
epochs to suppress short-term fluctuations and highlight un- derlying trends.

The training losses, specifically the Box loss and Distribu- tion Focal Loss (DFL),
are shown in Fig. 4(a) and (b). The Box loss quantifies the error in the pre-
dicted bounding box coordinates (x, y, width, height) relative to the ground
truth, serving as a direct indicator of localization precision. The DFL allows
the model to learn a probability distribution for each bounding box coordinate
rather than a single point es- timate. This is particularly crucial for precise
localization of bubbles with diffuse or blurred edges within the gel. Both loss
curves exhibit a steady decline and achieve convergence after approximately 40
epochs. This rapid convergence indi- cates that the bubble detection network
efficiently learns the morphological features of the bubbles without suffering
from vanishing gradients or optimization instability.

Specifically, the Box loss decreases from about 2 and sta- bilizes around 1, while
the DFL converges to approximately

1.1. It is worth noting that, unlike simple mean-squared
error
(MSE), the specific loss functions employed in the YOLO ar- chitecture (based on
Intersection over Union and probability distribution entropy) typically converge
to a stable non-zero value rather than zero [38]. The convergence profile and
final converged loss value demonstrate that the model effectively minimizes the
prediction errors within a modest number of training epochs.

To comprehensively evaluate the detection accuracy, we utilized the mean Aver-
age Precision (mAP), which serves as the standard metric for quantifying object
detection perfor- mance. The mAP is defined as the mean value of the Average
Precision (AP) across all object classes (in this case, the sin- gle class of“bubble”
). AP is defined as the area under the precision–recall (P–R) curve (with the
corresponding preci- sion and recall curves presented in Fig. 5 [FIGURE:5]),
quantifying the model’s ability to sustain high precision across varying recall
levels. Mathematically, the AP and mAP are expressed as follows: (cid:90) 1
Precision(Recall)d(Recall) mAP = (cid:88) Precision = TP + FP Recall = TP
+ FN and the F1 Score is defined as:

F1 Score = 2 ・Precision ・Recall Precision + Recall Here, TP (true positive)
denotes instances of correctly de- tected bubbles, FP (false positive) corresponds
to noise (e.g., dust or gel artifacts) mistakenly detected as bubbles, and FN
(false negative) indicates actual bubbles overlooked by the model (i.e., missed
detections). High precision signifies a low false detection rate, whereas high
recall indicates a low missed detection rate.
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We analyzed two specific metrics: mAP0.5 mAP0.5:0.95. The former measures
accuracy when the Inter- section over Union (IoU) threshold is set to 0.5, rep-
resenting a lenient criterion suitable for general counting. The latter averages
the mAP over a range of IoU thresholds from 0.5 to 0.95, imposing a stringent
criterion that demands high geo- metric alignment between the predicted box
and the ground truth. As depicted in Fig. 4(c), the mAP curves demonstrate
a robust learning trajectory. The mAP0.5 curve starts from approximately 0.2
and exhibits a rapid ascent, stabilizing af- ter epoch 40. Notably, the final
stabilized value approaches 1.0, indicating that the model achieves near-perfect
detection performance under standard overlap criteria. This result is critical for
neutron dosimetry, as it ensures that virtually ev- ery visible bubble is correctly
identified and counted, directly minimizing errors in dose calculation.

Furthermore, the stricter metric, mAP0.5:0.95, stabilizes at a high value of
approximately 0.8. This exceptionally high score demonstrates the precise lo-
calization of the predicted bounding boxes. Such high detection performance
provides a solid foundation for the subsequent multi-view tracking and accurate
quantification of neutron radiation dose.

As shown in Fig. 5, all three metrics—precision, recall, and F1—exhibit a rapid
rise during the initial training stages, fol- lowed by a stable plateau. The model
converges to stable performance after approximately 30 training epochs, with an
average precision exceeding 0.97 and recall above 0.95 in the final training stage.
This results in a corresponding F1 Score of approximately 0.96. This behavior
demonstrates that the model possesses a high learning rate and quickly adapts
to the feature space of the bubble dataset. The final converged values (indicated
by dashed horizontal lines in Fig. 5) confirm that the model achieves a high
degree of detection reliability.

These results validate the bubble detection model as a robust tool for automated
bubble counting.

Independent test set evaluation where N is the number of classes (here N = 1
for bubbles).

In addition to mAP, the standard metrics of precision, recall, and F1 Score (the
harmonic mean of precision and recall) To rigorously assess the practical efficacy
of the trained bubble detection model and compare its performance against Fig.
4. (Color online) Training curves of the bubble detection model. (a) Box loss
and (b) DFL for the training and validation sets. (c) mAP at IoU thresholds
of 0.5 and 0.5–0.95. All curves are smoothed using a moving average window
of 5 epochs to suppress short-term fluctuations. The losses decrease steadily
and converge after approx- imately 40 epochs, while the mAP curves gradually
increase and stabilize, indicating a stable training process and good generaliza-
tion performance of the bubble detection model.

Fig. 5. (Color online) Evolution of the detection performance during training.
(a) Precision, (b) Recall, and (c) F1 score of the bubble de- tection model.
The dashed horizontal lines denote the final averaged values after convergence.
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All curves are smoothed using a moving average window of 5 epochs. The
rapid rise of the metrics in the early stage and the subsequent stable plateau
demonstrate fast con- vergence and stable detection performance of the bubble
detection model. manual counting, systematic evaluations were conducted on
an independent test set comprising five images reserved ex- clusively for this
purpose. These images were withheld from both training and validation phases,
ensuring an unbiased es- timation of model performance.

For each test image, manual bubble counting was per- formed by an experienced
experimenter with extensive ex- pertise in visual inspection of bubble detectors.
These man- ual counts served as the ground truth for benchmarking the model’
s predictive accuracy.

A comparison of the model’s automated counts with man- ual results is pre-
sented in Table 3 . Across all test images, the automated and manual counts
exhibited excellent agreement, with relative accuracies ranging from 95% to
100%. These results demonstrate that the trained bubble detection model reli-
ably identifies and counts neutron-induced bubbles under realistic experimental
imaging conditions.

C. Multi-view bubble tracking Although single-view detection exhibits high accu-
racy, the three-dimensional distribution of bubbles within the gel renders single-
view imaging insufficient, inevitably result- TABLE 3. Comparison between
manual counting and model-based bubble counting Image Manual Counting
Model Counting Accuracy Fig. 6 [FIGURE:6]. (Color online) Demonstration of
multi-view bubble track- ing for improved counting accuracy. (a) Original im-
age (top) and detection result (bottom) from a single view of a bubble detector
tube, with detected bubbles labeled by unique serial numbers and color-coded
for tracking. A region of interest (red box) contain- ing overlapping and partially
occluded bubbles is highlighted. (b) Magnified views of the selected region from
three different angles (View-1, View-2, and View-3). A constant angular separa-
tion of 1◦ is maintained between adjacent views. Bubbles visible across multiple
views retain consistent numbering and coloring (e.g., #31- #35). Notably, bub-
ble #39 is invisible in View-1 due to occlusion but becomes clearly visible in
View-2 and View-3 (indicated by red arrows), where it is newly assigned and
counted, illustrating the ad- vantage of multi-view tracking in reducing missed
detections.

In cases of ing in underestimation of the neutron dose. high-neutron-yield exper-
iment, where bubble density is ele- vated significantly, mutual occlusion among
bubbles becomes Fig. 7 [FIGURE:7]. (Color online) Quantitative evaluation of
counting accuracy.

The bar chart compares the results from four static views against the proposed
multi-view bubble tracking strategy. The red dashed line represents the expert-
verified ground truth (39 bubbles). For each bar, the absolute count and the cor-
responding relative accuracy are displayed. The proposed method achieves 100%
accuracy, whereas static views exhibit fluctuating underestimations. prevalent.
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To mitigate this limitation, multi-object tracking is applied across multi-view
images of the same detector, en- abling cross-view association and unique iden-
tification of in- dividual bubbles.

To clearly illustrate the effectiveness of the proposed multi- view tracking strat-
egy, Fig. 6 presents a representative set of carefully selected data in which
significant bubble occlusion occurs. Fig. 6(a) presents a representative detec-
tion result from a single view, where the algorithm successfully identi- fies the
visible bubbles. To elucidate the tracking mechanism, a specific ROI charac-
terized by the overlapping bubbles is an- alyzed across three distinct rotation
angles (View-1, View-2, and View-3), as detailed in Fig. 6(b). Each viewpoint
is sepa- rated by a precise angular increment of 1◦. The advantage of rotation
is highlighted by the detection of bubble #39. Bub- ble #39 is spatially oc-
cluded by the foreground bubble #32, rendering it undetectable by static image
processing method.

However, as the detector rotates to View-2 and View-3, the parallax shift reveals
the previously hidden bubble #39. The system immediately recognizes this as
a new object, assigns it a unique ID #39.

Multi-view bubble tracking was implemented using the ByteTrack algorithm
[51]. A key feature of ByteTrack is its retention and utilization of nearly all
detected bound- ing boxes, without discarding low-confidence candidates.

This approach is particularly effective for tracking partially occluded bubbles,
which typically exhibit lower detection scores. The tracking algorithm assigns a
unique ID to each detected bubble and preserves this ID across consecutive views
by leveraging spatial trajectory continuity and feature matching. As observed in
the ROI, bubbles labeled #31 through #35 remain clearly visible across all three
views. The system successfully associates these detections, maintaining consis-
tent ID assignment and color coding, thereby prevent- ing duplicate counting of
the same bubble despite the change in perspective.

Detected bubbles that cannot be associated with any exist- ing trajectory are
considered newly appearing bubbles, and a new ID is generated by incrementing
the current maximum assigned bubble ID by one. During the processing of
images acquired from consecutive views, the final bubble count pro- duced by the
multi-view bubble tracking algorithm is deter- mined by the maximum assigned
bubble ID.

For the data illustrated in Fig. 6, Fig. 7 provides a quan- titative comparison
between the counts produced by the pro- posed multi-view bubble tracking
strategy and those obtained from each individual static view. As summarized
in Fig. 7, the counting accuracy for individual static views (View-0 to View-
3) fluctuated between 92% and 97%. These variations confirm that static 2D
projections are highly sensitive to the orientation of bubble detectors, often
failing to resolve oc- cluded objects.

In contrast, the proposed multi-view bub- ble tracking strategy successfully
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synthesized the information from the entire rotation sequence, achieving a final
count of 39 with 100% accuracy for this detector. This result demon- strates
that the integration of multi-angle imagery effectively restores lost information,
providing a more reliable and robust solution for high-precision neutron dosime-
try.

IV. CONCLUSION In summary, we have developed and validated an auto-
mated neutron dosimetry system that synergizes mechanical [1] X. Li, B.
Li, Y. Wang et al., A nondestructive method based on absorption of poly-
chromatic neutron beam for monitoring internal gas of sealed container.
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[2] S. Wang, C. Cao, W. Yin et al., A Novel NDT Scanning System Based
on Line Array Fast Neutron Detector and D-T Neutron Source. Materi-
als 15 (14), 4946 (2022). doi: 10.3390/ma15144946. [3] M. Inˆes Silva,
E. Malitckii, T. G. Santos et al., Review of conventional and advanced
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