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Abstract

This study proposes a low-cost automated method for alpha track recognition
and counting on CR~39 detectors, providing an effective tool for radon measure-
ment based on CR-39 detectors. By integrating a microcontroller platform with
the PY-QT library, a CR-39 image acquisition system was developed, capable of
capturing a complete CR-39 detector into 527 images. An automatic recognition
and counting model based on YOLOv8m was trained using a dataset of over
80000 alpha track samples. The model is capable of automatically identifying
and counting alpha tracks in images. To evaluate the model’ s performance, 16
etched CR-39 detectors with varying alpha track densities were tested. These
detectors were sourced from granite-related experiments or high radon concen-
tration experiments, with alpha track counts ranging from several thousand to
tens of thousands. The test results show that the percentage error of the counts
provided by the YOLOv8m model remains within an ideal range, typically below
1%. Meanwhile, the track sizes on these detectors are primarily concentrated in
the ranges of 12-22 pm (width) x 12-22 nm (length) and 30-40 pm (width) x
30-40 pm (length). Additionally, the study identifies the main factors affecting
counting accuracy and proposes corresponding optimization solutions.

Full Text

Preamble

Low-cost CR-39 detector alpha track automatic counting method
based on YOLOvVS object detection model
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This study proposes a low-cost automated method for alpha track recognition
and counting on CR-39 detectors, providing an effective tool for radon measure-
ment based on CR-39 detectors. By integrating a microcontroller platform with
the PY-QT library, a CR-39 image acquisition system was developed, capable of
capturing a complete CR-39 detector as 527 images. An automatic recognition
and counting model based on YOLOv8m was trained using a dataset of over
80,000 alpha track samples. The model is capable of automatically identifying
and counting alpha tracks in images. To evaluate the model’ s performance, 16
etched CR-39 detectors with varying alpha track densities were tested. These
detectors were sourced from granite-related experiments or high radon concen-
tration experiments, with alpha track counts ranging from several thousand to
tens of thousands.

The test results show that the percentage error of the counts provided by the
YOLOv8m model remains within an ideal range, typically below 1%. Meanwhile,
the track sizes on these detectors are primarily concentrated in the ranges of 12-
22 pm (width) x 12-22 pm (length) and 30-40 pm (width) x 30-40 pm (length).
Additionally, the study identifies the main factors affecting counting accuracy
and proposes corresponding optimization solutions.
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INTRODUCTION

Radon is a naturally occurring radioactive gas that is colorless and odorless,
with a half-life of 3.82 days, and is widely present in the natural environment
[?]. The radioactive progeny produced during its decay can be inhaled and
deposited in the lungs and other organs, leading to internal exposure, which may
cause cellular damage and even induce cancer. Research indicates that radon
exposure is the second leading cause of lung cancer after smoking, and prolonged
exposure to high concentrations of radon significantly increases the risk of lung
cancer and may damage bronchial tissues [?, ?]. Therefore, accurately measuring
radon concentrations in the environment not only helps assess public health risks
but also provides a scientific basis for formulating effective protective measures,
holding significant importance for safeguarding human health.

Currently, solid-state nuclear track detectors (SSNTDs) have been widely uti-
lized in the nuclear field [?, ?]. Compared to electronic radon monitors such
as RAD7, SSNTDs offer advantages including low cost, no need for power sup-
ply, and suitability for long-term monitoring, making them particularly ideal
for multi-point deployment and field environments. They can be continuously
exposed for several months, providing long-term average radon concentration
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data, while featuring compact size, portability, and no requirement for real-time
operation. Additionally, SSNTDs exhibit strong resistance to environmental in-
terference, enabling stable performance in complex conditions, and require no
maintenance, further reducing operational costs and technical barriers. Polyal-
lyl diglycol carbonate (CR-39 detectors) is a prominent example. The CR-39
detector exhibits high sensitivity to radon and other radioactive elements; when
exposed to a radon-rich environment, the decay of radon generates radioactive
particles that leave tracks on the CR-39 detector. After treating the CR-39
detector with corrosive solutions such as potassium hydroxide, these tracks are
enlarged and become observable under an optical microscope [?]. By counting
the alpha tracks on the CR-39 detector, along with the actual area of the detec-
tor and the measurement time, the radon concentration can be determined. In
related research, CR-39 detectors have been utilized in various nuclear physics
experiments and monitoring scenarios. For instance, in laser-induced deuterium-
deuterium fusion reactions, CR-39 was employed to measure the primary yield
of protons [?]. Additionally, CR-39 detectors were used to accurately measure
the dose and analyze the beam characteristics of therapeutic carbon ion beams
in water phantoms [?]. Furthermore, a radon monitor based on electrostatic col-
lection and CR-39 detectors, which is less affected by humidity, was developed
to simultaneously measure Rn-222 and Rn-220 [?]. These applications demon-
strate the importance and versatility of CR-39 detectors in the fields of nuclear
physics research and radiation monitoring.

However, radon measurement technology based on CR-39 detectors exhibits
certain notable limitations at the counting level. The number of tracks on
CR-39 detectors dynamically varies with changes in radon concentration and
exposure time. Traditional track counting methods primarily rely on manual
operations under a microscope, which are not only inefficient but also prone to
causing visual fatigue for operators, particularly when the number of tracks is
large and their density is high. Additionally, the manual adjustment process
of the microscope may introduce displacement and vibrations, and these minor
operational errors can significantly affect the accuracy of the counting results,
thereby adversely impacting the reliability of radon concentration assessment.

Numerous rapid measurement systems have been developed, such as the CR-
39 automatic track measurement technology based on the Hamamatsu C-1285
multi-processor image analysis system [?], the automatic sliding scan system
utilizing track shape analysis [?], the photometric method for measuring track
density in Solid State Nuclear Track Detectors (SSNTDs) [?], and the precise
measurement of alpha exposure on CR-39 detectors using UV-Vis spectropho-
tometry [?]. The development of these technologies has significantly improved
measurement efficiency and accuracy, providing substantial convenience and
strong support for radon measurement techniques based on CR-39 detectors.
Currently, a variety of advanced products are available on the market, such as
the Autoscan 60 developed by Thermo Electron Corporation (Santa Fe, MN,
USA), the Radometer 2000 series introduced by Radosys Ltd. (Budapest, Hun-
gary), the Taslimage system developed by Track Analysis Systems Ltd. (Bristol,
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U.K.), and the HSP-1000 manufactured by Seiko Precision (Chiba, Japan) [?].
These products exhibit distinct advantages in terms of performance parameters
and functional characteristics, enabling them to meet diverse application scenar-
ios and a wide range of user requirements. However, the instruments involved in
these methods, as well as the products available on the market, remain relatively
expensive.

It is worth noting that with the rapid advancement of artificial intelligence tech-
nology, the YOLO (You Only Look Once) series of object detection algorithms
have been continuously iterated and updated, gradually becoming open-source
[?]. The task of track counting on CR-39 detectors can essentially be regarded
as a specialized object detection problem, involving the recognition and local-
ization of track morphology. Therefore, the YOLO algorithm holds significant
application potential in the field of track counting for CR-39 detectors. This
algorithm divides the input image into multiple grids using a deep convolutional
neural network, with each grid independently predicting the bounding box po-
sitions and class probabilities of targets, thereby achieving efficient and precise
object detection. Currently, the YOLO algorithm has been widely applied. For
instance, in the agricultural sector, numerous scholars have conducted in-depth
research on the application of YOLO in disease detection. Some studies have
utilized the YOLO model to detect storage pests on the surface of grain piles
[?]; others have accurately identified apple leaf diseases through the YOLO-Leaf
method [?]; improved YOLO v5s models have been employed to detect external
defects in potatoes [?]; the YOLO MSM algorithm has been used for rapid and
precise detection of corn leaf diseases [?]; and the integration of YOLOv5m with
multiple soft attention modules has enhanced the recognition of tomato leaf dis-
eases [?]. In the automotive field, the adoption of the YOLO deep learning algo-
rithm has improved the accuracy of 3D object detection for autonomous vehicles
in complex environments [?]; additionally, integrating self-supervised learning
with the YOLO v4 network has effectively addressed the issue of construction
vehicle detection [?]. In the field of drones, the YOLO models have been utilized
for object detection from thermal infrared images and videos captured by drones
[?]; the enhanced YOLOvT7-Tiny has been employed for object detection based
on aerial images from drones [?]; and improved YOLO algorithms have been ap-
plied to detect formations during the flight of drone fleets [?]. In the sonar field,
the CSC-YOLO algorithm has been utilized to detect shipwreck targets in side-
scan sonar images [?]; a lightweight and efficient GCT-YOLOV5 target detection
model has been developed for real-time target detection in side-scan sonar im-
ages [?]; and AGD-YOLO has further enhanced the accuracy of forward-looking
sonar target detection by incorporating an attention-guided denoising convolu-
tional neural network [?]. With continuous iterations and optimizations of the
YOLO algorithm, its application scope will further expand, bringing intelligent
solutions to more industries. The YOLO algorithm has been extensively applied
and validated across multiple domains, and its exceptional performance further
substantiates the feasibility of employing this algorithm for track counting tasks
in CR-39 detectors.
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This work develops a low-cost, efficient automated method based on YOLOv8m
to read tracks on CR-39 detectors. Using hardware components such as a mi-
crocontroller, stepper motor, linear guide, microscope, and self-developed image
acquisition software, the system is capable of performing image sampling of the
entire CR-39 detector. A YOLOv8m model was trained using numerous track
samples, which can be used to automatically detect and count tracks in the im-
ages, while also reconstructing the CR-39 detector images. Experimental tests
were conducted on a total of 16 CR-39 detectors. The results demonstrated a
high degree of consistency between the measured and corrected values across
different confidence levels, and the coefficient of determination (R?) from linear
fitting was notably high, fully validating the reliability of the method. This
approach can be effectively applied to track counting in radon measurement
using CR-39 detectors, significantly enhancing the convenience and efficiency of
CR-39-based radon measurement technology.

MATERIALS AND METHODS

A. Precision Image Acquisition System

Firstly, a computer-based image acquisition software was developed using the
PY-QT framework. This software captures images from the CR-39 detector in
real-time through a stereoscopic biological microscope (XSP-06) and an elec-
tronic eyepiece (MC-D200U(E)), displaying them on the software interface at
a resolution of 1280$x$720, corresponding to an actual area of approximately
585.00 pm x 329.00 pm on the CR~39 detector. The XSP-06 stereoscopic biologi-
cal microscope features high resolution and stable optical performance, enabling
clear visualization of the sample’ s microstructure, while the MC-D200U(E) elec-
tronic eyepiece provides high-sensitivity image capture, ensuring the integrity
and clarity of image details. The software functionalities include real-time image
display, saving the currently displayed image, and customizing the save path.

Secondly, a high-precision motion platform was constructed by integrating hard-
ware components, including a microcontroller (STM32F103C8T6), a stepper
motor driver module (A4988), a 42 stepper motor (17HS4401), a linear guide
rail (equipped with a 1204 ball screw), and a 12V power supply. The platform
employs the STM32F103C8T6 microcontroller as the core control unit. The
A4988 stepper motor driver module ensures precise operation of the stepper
motor through accurate current control and microstepping functionality. Ad-
ditionally, the linear guide rail, designed with a 1204 ball screw, enhances the
platform’ s positioning accuracy. The 12V power supply provides stable electri-
cal support for the entire circuit. A newly designed stage was integrated into
the platform, replacing the original microscope stage, with the schematic dia-
gram and physical image of the overall structure shown in Fig. 1 [Figure 1: see
original paper|. Based on current market prices, a rough estimate of the total
cost for the aforementioned hardware equipment ranges approximately between
2000 and 4000 CNY. It should be noted that this estimate does not include the
cost of computer equipment.
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The platform achieves bidirectional communication with the computer-based
image acquisition software via a serial port. The image acquisition software
sends serial data to the microcontroller to control the platform’ s movement,
achieving a minimum precision of 1.25 pm (excluding inherent precision errors
of the motor and guide rail). This precision is derived from the stepper motor’
s step angle (1.8°) and the lead of the 1204 ball screw (4 mm). Specifically,
the linear displacement per step of the stepper motor is calculated by dividing
the lead by the number of steps per revolution (200 steps), resulting in 4 mm
/ 200 = 0.02 mm (20 pm). By utilizing the 16 microstepping function of the
A4988 driver module, each step is further divided into 16 microsteps, thereby
enhancing the minimum displacement precision to 20 pm / 16 = 1.25 pym. In
practical applications, the platform typically operates in an automated mode,
following an S-shaped trajectory to ensure comprehensive coverage of the scan-
ning area. Simultaneously, the host software saves the images captured by the
image acquisition software sequentially to a predefined path.

Typically, the scanning area is defined as 1.0 cm x 1.0 cm. A standard-sized
CR-39 detector sample (1.0 cm x 1.0 c¢m) is placed within this area for scanning,
with only one sample scanned at a time. If the CR-39 detector is non-standard
or larger in size, the scanning area can be flexibly adjusted to accommodate
samples of different dimensions. During the scanning process of CR-39 detec-
tors, individual image capture is used instead of video recording. This is because
individual image capture provides higher resolution and image quality, enabling
clearer detection of surface details on the detector. Additionally, static images
are more suitable for subsequent processing tasks such as image stitching, track
recognition, and counting, whereas video requires additional frame extraction
steps, which not only increases processing complexity but may also lead to a
decline in image quality. During this process, the system automatically acquires
a total of 527 images through the automated control of the high-precision mo-
tion platform and the image acquisition software, arranged in a layout of 17
images horizontally and 31 images vertically. All images are positioned adja-
cently to cover the entire scanning area, although minor overlaps or missing
regions may exist at the edges of the images. During the development phase,
this issue was systematically evaluated through multiple experiments, and the
results indicated that the impact of these overlaps or missing regions on the
final outcome is negligible.

B. YOLOv8m-Based Alpha Track Counting Module

YOLOvS8 is a relatively advanced version in the YOLO series [?, 7, ?]. Taking
into account the performance of existing equipment, an automatic track recog-
nition and counting system was developed based on the open-source YOLOv8m
deep learning framework, specifically designed for alpha-track analysis in CR-
39 detectors. To ensure model performance and maximize the efficiency of
manual annotation, this study selected four CR-39 materials with high track
density as samples, each with dimensions of 9.7 mm x 9.7 mm. These detec-
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tors were etched in a 6.25M potassium hydroxide solution at 80°C for 12 hours.
Research indicates that longer etching times result in clearer and larger track
morphologies [?]. This treatment significantly enhanced the visibility of the
tracks, providing high-quality data support for subsequent track annotation,
image analysis, and model recognition. Additionally, the enlargement of tracks
is particularly beneficial for the YOLOv8m object detection model, as larger
track targets enable the model to capture feature information more accurately,
thereby improving recognition precision and localization effectiveness. Using a
high-resolution image acquisition system, images were captured for each sample
in a layout of 17 images horizontally and 31 images vertically, resulting in 527
images per sample and a total of 2108 high-quality image data. These image
data contain approximately 80,000 alpha-track samples, which not only cover
complete track morphologies but also include truncated tracks generated during
the image acquisition process, ensuring the diversity and representativeness of
the training data. This diverse dataset provides a solid foundation for model
training and validation, enabling it to adapt to track recognition requirements
in various scenarios.

During the data preprocessing stage, a rigorous manual annotation process was
employed to precisely label the track samples: complete tracks were labeled as
bubble, while truncated tracks were labeled as halfbubble, as shown in Fig. 2
[Figure 2: see original paper|. This dual-label strategy not only enhances the
accuracy of model training but also provides a reliable foundation for subse-
quent track classification and statistical analysis. It is worth noting that the
shape of the tracks is closely related to parameters such as the incident angle
and energy of the alpha-particles. For example, the incident angle of the alpha-
particles affects the length and direction of the tracks, while the energy may
influence the width and clarity of the tracks [?, ?]. Additionally, during the
etching process, the tracks may become enlarged, potentially leading to over-
lapping of some tracks. However, these factors do not affect the annotation
process. Regardless of the specific morphological variations of the tracks, the
annotation process classifies them solely based on their completeness (complete
or truncated), ensuring consistency in labeling and the effectiveness of model
training. This design allows the system to adapt to track morphological varia-
tions under different experimental conditions while simplifying the complexity
of the annotation process.

Based on rigorously annotated training data, a YOLOv8m deep learning model
was trained. As an open-source object detection framework, YOLOv8m em-
ploys an improved convolutional neural network (CNN) architecture, integrat-
ing a multi-scale feature pyramid network (FPN) and an adaptive feature fusion
mechanism, significantly enhancing the accuracy and efficiency of track recog-
nition. Specifically, FPN addresses the multi-scale object detection problem by
constructing a top-down feature pyramid structure that combines high-level se-
mantic information with low-level detailed information [?]. In track recognition
tasks, FPN can simultaneously detect tracks of different scales by fusing high-
resolution low-level features (capturing detailed information) and low-resolution
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high-level features (capturing semantic information), significantly improving the
model’ s adaptability to complex scenarios.

As shown in Fig. 3 [Figure 3: see original paper|, the backbone network
(Backbone) of YOLOv8m counsists of multiple convolutional layers (e.g., ConvO0,
Convl, Conv3, Convh, and Conv7) and C2f modules (e.g., C2f2, C2f4, C2f6,
and C2f8). The convolutional layers extract local features from the input im-
age through sliding windows, progressively capturing low-level features such as
edges and textures, as well as more complex high-level features [?]. Then, these
features are extracted and fused through the SPPF9 module, enhancing the
model’ s ability to capture multi-scale features. Among them, SPPF (Spatial
Pyramid Pooling - Fast) is an improved version of the SPP (Spatial Pyramid
Pooling) technique in YOLOv8. The SPP technique generates fixed-length fea-
ture representations through multi-scale pooling operations, thereby addressing
the issue of inconsistent input image sizes [?]. Building on SPP, SPPF opti-
mizes the approach by replacing parallel pooling with sequential max-pooling
operations, significantly reducing computational complexity while retaining the
ability to extract multi-scale features [?, ?].

In the neck structure, the Feature Pyramid Network (FPN) upsamples low-
resolution feature maps (e.g., Upsamplel0, Upsamplel3) to match the size of
high-resolution feature maps [?]. Subsequently, concatenation operations (e.g.,
Concatll, Concatl4, Concatl7) are performed to connect feature maps from
different levels along the channel dimension, achieving the fusion of multi-scale
information and ultimately generating multi-scale feature maps (e.g., C2f12,
C2f15, and C2f18). The detection head (Head) receives the fused feature maps
from the neck and further extracts and fuses features through convolutional
operations (e.g., Conv16, Conv19) and the C2f module (e.g., C2f21), completing
classification and regression tasks and finally outputting the detection results.
The C2f module enhances feature representation through cross-layer connections
and feature fusion, significantly improving the model’ s detection performance
for complex targets. The head structure processes these fused feature maps
through a series of operations to generate the final predictions, including the
target’ s category and location information, which are then output as detection
results.

The trained YOLOv8m model was integrated into a self-developed

desktop software application. For this model, a processing strategy

of recognizing before stitching 527 images (each with a resolution of

1280$ x 720pizels)wasadopted, ratherthanstitchingbe forerecognizing, primarily forthe followingreasons :
First, stitchingb27high—resolutionimageswouldresultinanextremelylargeimage(approxzimatelyl7x3larran
pixels), which would significantly increase computational load and memory

requirements, exceeding GPU processing capabilities and leading to reduced

operational efficiency or even system crashes. Second, YOLOv8m achieves

higher recognition accuracy on smaller-sized images, whereas overly large im-

ages may result in loss of detail or unstable recognition. Therefore, recognizing

before stitching offers greater advantages in terms of computational efficiency,
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memory usage, and recognition accuracy.

The developed software enables real-time analysis of CR-39 detector images, ac-
curately identifying and counting alpha tracks of various morphologies. Lever-
aging advanced image processing algorithms, the software can automatically
distinguish between complete and truncated tracks and employs a weighted cal-
culation method to precisely determine the total track count. It clearly marks
the identified track positions, track types, and sizes, with size information addi-
tionally generated in a separate text file. Furthermore, the software integrates
an automatic image stitching function, seamlessly assembling the analyzed im-
ages into a complete CR-39 detector image. This feature facilitates visual veri-
fication of track counting and ensures traceability of experimental data.

C. Testing of the CR-39 Detector Automatic Counting Module

Ultimately, a total of 16 CR-39 detectors were selected for the final test set.
These detectors had been utilized in various experimental environments, includ-
ing measuring radon concentrations in granite, cement floors, and radon sources.
Due to differences in experimental conditions, the measurement durations and
radon concentration values of these detectors varied significantly, providing a
rich experimental data foundation for the test set. This configuration not only
ensured a wide distribution of track counts on the CR-39 detectors but also
encompassed a variety of track types, providing a diverse sample set for model
testing. The track counts on the detectors ranged from several thousand to tens
of thousands, effectively simulating different scenarios that might be encoun-
tered in practical applications.

After the experiments were completed, the detectors were also etched in a 6.25M
potassium hydroxide solution at 80°C for 12 hours to ensure the clarity of track
morphologies. Following etching, the detectors underwent rigorous cleaning and
wiping procedures to thoroughly remove residual chemical substances, thereby
minimizing interference from impurities during the track recognition process.
Ultimately, these processed detectors were used to evaluate the alpha-track au-
tomatic counting method developed in this study, verifying its robustness and
accuracy under various experimental conditions.

The image acquisition system first performs comprehensive image capture of
each CR-39 detector, ensuring that every area of the detector’ s surface is clearly
and completely recorded. Subsequently, the developed automated counting sys-
tem is activated, leveraging deep learning algorithms to process the acquired
images. The system employs three different confidence thresholds—0.5, 0.6, and
0.7—to automatically identify and count tracks on all CR-39 detectors, while gen-
erating intuitive visual markers on the images. This process yields the model
count value (Vm) for each detector, which represents the model’ s track identifi-
cation results under specific confidence levels. After the automated counting is
completed, researchers conduct a detailed inspection of the restored images, fo-
cusing on identifying potential omissions or misidentifications that may have oc-
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curred during the automated counting process. These errors are then corrected,
resulting in the corrected count value (Vec). Although different researchers may
obtain slightly varying results during the correction process, these differences
are generally minor and have limited impact on the overall reliability of the
statistical results. This value is considered to be closer to the true track count.

To clearly demonstrate the performance of the model, this study adopts the
percentage error (E%) as the evaluation metric. The percentage error is calcu-
lated by comparing the difference between the model count value (Vm) and the
corrected count value (Vc), with the specific formula shown in Eq. (1). This
metric provides an intuitive reflection of the model’ s recognition accuracy at
different confidence levels and serves as an important reference for optimizing
the model.

V _
E%:mTV“’xloo%

(&

RESULTS AND DISCUSSION

The total time required for track counting on each CR-39 detector is approxi-
mately 16 minutes, with image acquisition taking 13 minutes, track recognition
and counting requiring 1 minute, and image restoration needing 2 minutes. It
is worth noting that image acquisition and track recognition can be performed
simultaneously. Additionally, the speed of track recognition is directly influ-
enced by the performance of the computer’ s graphics card; the more powerful
the graphics card, the faster the recognition speed. Compared to manual count-
ing using a microscope, this method improves work efficiency by 2 to 10 times,
achieving significant enhancements in analysis speed.

After the completion of testing and manual calibration, the model count values
and corrected count values were calculated based on Eq. (1), and the corre-
sponding percentage errors were derived. The results at confidence levels of 0.5,
0.6, and 0.7 are presented in Table 1 , with the data sorted in ascending order
based on the model count values. Notably, at the confidence level of 0.6, the
false positive rate (F%) and missed detection rate (M%) were also included. The
false positive rate (F%) is defined as the ratio of the number of over-identified
tracks by the model to the calibrated value, which is a positive value reflecting
the proportion of additional identifications by the model. The missed detection
rate (M%) is defined as the ratio of the number of under-identified tracks by the
model to the calibrated value, which is a negative value reflecting the proportion
of actual tracks that the model failed to identify.

Table 1. At confidence levels of 0.5, 0.6, and 0.7, the corrected count values
(Ve), model count values (Vm), and error percentages (E%) for all CR-39 detec-
tors are presented. Additionally, at a confidence level of 0.6, the false positive
rate (F%) and missed detection rates (M%) are included.
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Detector At a confidence At a confidence At a confidence

number Ve level of 0.5 level of 0.6 level of 0.7
Vm E% Vi

NO.1 1297 1310 0.93% 1322

NO.2 1241 1252 0.82% 1259

NO.3 1476 1472 -0.31% 1494

NO.4 1960 1952 -0.44% 1973

NO.5 1881 1874 -0.41% 1888

NO.6 3503 3508 0.14% 3517

NO.7 3790 3806 0.41% 3824

NO.8 5093 5079 -0.28% 5120

NO.9 4961 4913 -0.98% 4977

NO.10 6646 6620 -0.23% 6690

NO.11 7250 7180 -0.97% 7325

NO.12 9512 9476 -0.38% 9591

NO.13 1192711899 -0.41% 12011

NO.14 115481610 0.54% 11622

NO.15 1505714999 -0.38% 15256

NO.16 1776217633 -0.73% 17964

Data analysis reveals that there are discrepancies between the model count val-
ues and the calibrated count values for the selected 16 CR-39 detectors at differ-
ent confidence levels. In the model trained with 80,000 alpha-track samples for
this exercise, when the confidence level is set to 0.5, the prediction error is typ-
ically maintained at around 2.5%, and the model count values often exceed the
calibrated count values. This may be because, at lower confidence levels, some
uncertain targets are retained, leading to an overestimation of the total number
of tracks. When the confidence level is increased to 0.6, the false positive rate
and the missed detection rate partially offset each other, thereby reducing the
overall error and bringing the model count values closer to the calibrated count
values. At a confidence level of 0.7, the model count values are generally lower
than the calibrated count values, possibly because the model filters out predic-
tions it is less confident about. Overall, these discrepancies may be attributed
to the limited number of training samples, resulting in fluctuations in the model’
s performance across different confidence levels.

To visually analyze and apply these data, linear fitting was performed using
Origin software, with the specific results shown in Fig. 4 [Figure 4: see original
paper]. The fitting results clearly demonstrate a linear relationship between the
data. When the confidence levels are 0.5, 0.6, and 0.7, the R-squared values
for the fitting curves of the model count values (Vm) and the corrected count
values (Vc) are 0.99997, 0.99997, and 0.99981, respectively. This indicates a
strong correlation between the predicted model values and the corrected count
values. Notably, when the confidence level is 0.6, the slope of the fitting curve
is closest to 1, indicating that the linear relationship between the model count

chinarxiv.org/items/chinaxiv-202503.00246 Machine Translation


https://chinarxiv.org/items/chinaxiv-202503.00246

ChinaRxiv [$X]

values and the corrected count values is most ideal at this confidence level, with
the smallest deviation between predicted and actual values.

The analysis results indicate that variations in track count have a negligible
impact on the predictive performance of the model. Despite the limited sample
size of CR-39 detectors tested, the model demonstrates excellent predictive con-
sistency across different track density conditions. This suggests that the model
exhibits significant robustness within a certain range of track density variations.
However, to further validate the reliability of the model and comprehensively
assess its applicability under complex conditions, subsequent research should
systematically expand testing based on larger datasets and a broader range of
track densities.

Meanwhile, a preliminary statistical analysis of the size of complete tracks on
these 16 CR-39 detectors was conducted based on the recognition results with a
confidence threshold of 0.6. During the statistical process, truncated tracks were
excluded because their length and width information is incomplete and cannot
accurately reflect their true dimensions. Additionally, problematic tracks iden-
tified during the recognition process, such as those with abnormal morphology
or difficult to distinguish from impurities, accounted for a very small proportion,
having a negligible impact on the overall statistical results.

To visually demonstrate the distribution patterns of track sizes, heatmap anal-
ysis was employed to systematically study the width and height data of tracks
from all detectors. It should be noted that truncated tracks were excluded from
the statistical analysis due to incomplete size information. Under the current
etching conditions and with a recognition confidence threshold of 0.6, the de-
tectors can be categorized into three groups based on track size distribution
characteristics:

The first group includes detectors NO. 3, 4, 5, 8, 10, 11, 13, 14, and 16, where
track sizes are predominantly concentrated in the range of 12-22 pm (width) x
12-22 nm (length), with NO. 16 being the most representative, as shown in Fig.
5 Figure 5: see original paper. The second group comprises detectors NO. 1, 2,
7,9, 12, and 15, which exhibit significant distributions in both the 12-22 pm
(width) x 12-22 pm (length) and 30-40 pm (width) x 30-40 pm (length) ranges,
with NO. 9 serving as the representative, as illustrated in Fig. 5 Figure 5: see
original paper. The third group is detector NO. 6, where track sizes are mainly
distributed in the range of 30-40 pm (width) x 30-40 pm (length), as depicted
in Fig. 5 Figure 5: see original paper. To further comprehensively characterize
the overall distribution features of track sizes, the complete track data from
all 16 detectors were integrated, and a comprehensive heatmap was generated,
as shown in Fig. 5 Figure 5: see original paper. The analysis results reveal a
significant non-uniformity in track size distribution: small-sized tracks in the
range of 12-22 pm (width) x 12-22 nm (length) dominate, while medium-to-
large tracks in the range of 30-40 pm (width) x 30-40 nm (length) are relatively
fewer in number. It is noteworthy that although the exclusion of truncated
tracks has somewhat affected the statistical count of medium-to-large tracks (as
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larger tracks are more prone to truncation due to their size), this does not alter
the dominant distribution pattern of small-sized tracks in the overall sample.
This phenomenon may be closely related to multiple factors, including track
formation mechanisms, detector surface characteristics, and etching conditions.

To identify the sources of recognition errors, several key issues during the prepa-
ration and execution stages of detector acquisition have been identified, which
may affect the experimental results. Firstly, adjusting the microscope’ s focus is
a critical step that must be precisely completed before image acquisition to en-
sure that the microscope maintains accurate focus during the movement of the
stage. If the focus is not properly adjusted, the tracks in the image may become
blurry, which not only affects the recognition accuracy of the YOLOv8m model
but may also result in some tracks being undetectable. Secondly, vibration is
another significant factor that cannot be overlooked. Even slight vibrations,
such as mechanical vibrations in the experimental environment or instability of
the operating platform, can cause image blurring, thereby interfering with the
model’ s accurate recognition. Additionally, variations in ambient lighting can
also negatively impact imaging quality. However, although these issues may
introduce some interference to the experimental results, they are considered
minor sources of error and can be resolved by optimizing hardware equipment
or improving experimental conditions. For example, using a higher-precision
microscope focusing system, enhancing equipment stability, or implementing
vibration isolation measures in the experimental environment can effectively re-
duce these errors. At the same time, controlling ambient lighting and optimizing
image acquisition parameters can further improve imaging quality.

During the calibration and analysis of tracks in CR-39 detectors, several issues
requiring attention have been identified. Firstly, the presence of impurities—such
as fingerprints, dust, or inherent defects introduced during the manufacturing
process—particularly those with shapes highly similar to tracks, may interfere
with the analysis results. Secondly, during the image acquisition process, due
to the resolution limitations of the equipment, tracks located at the edges of the
image may be split into multiple parts, leading to the problem of over-counting
tracks. Additionally, a single track may sometimes be divided into two segments,
which the model might misinterpret as two independent tracks or identify as one
complete track and one truncated track. Another scenario is that two tracks
may overlap due to the etching process, causing the model to recognize them
as a single track. However, the occurrence of these situations is extremely rare
and has a negligible impact on the final results.

To improve the overall recognition accuracy, during the data collection phase,
higher-resolution electronic eyepieces can be used for image capture, allowing a
larger field of view to be covered in a single image. This reduces the number of
images required and minimizes the probability of tracks being truncated. Sec-
ondly, during the model training phase, increasing the quantity and diversity
of training samples (covering different etching conditions and impurity types)
can significantly enhance the model’ s ability to recognize real tracks, reducing
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false positives and missed detections. Additionally, in terms of model selection,
exploring other advanced deep learning models is also an effective strategy. Al-
though other object detection algorithms (such as Single Shot MultiBox De-
tector and Mask R-CNN) may theoretically offer faster inference speeds, their
specific performance requires further experimental validation, and their train-
ing costs and hardware requirements may also be higher. Therefore, a balance
between performance and cost must be considered in practical applications.

CONCLUSION

This study delves into the potential application of YOLO series algorithms in
alpha track counting on CR-39 detectors, providing an efficient tool for radon
measurement based on CR-39 detectors while eliminating the cumbersome pro-
cess of traditional manual counting. The research team developed a CR-39
image acquisition system based on a microcontroller, optical microscope, and
PY-QT modules, and trained a YOLOv8m-based image recognition model us-
ing over 80,000 alpha track samples. This model not only enables automatic
detection and counting of alpha tracks but also supports the reconstruction of
CR-39 detector images, significantly improving the efficiency and accuracy of
data processing. Tests conducted on 16 CR-39 detectors with different track
densities revealed that the model’ s automatic recognition performance varies
significantly at different confidence levels. Among the three tested confidence
levels (0.5, 0.6, and 0.7), the model count values were closest to the calibrated
count values at a confidence level of 0.6, demonstrating optimal predictive con-
sistency. Linear regression analysis further confirmed a high correlation (R? >
0.99) between the predicted and corrected count values, validating the model’ s
reliability. Meanwhile, the track sizes on these detectors are primarily concen-
trated in the range of 12-22 pm (width) x 12-22 pnm (length), with fewer tracks
in the 30-40 pm (width) x 30-40 pm (length) range.

To improve the accuracy of track recognition, it is necessary to address certain
issues during the acquisition process, such as ensuring precise microscope fo-
cusing, minimizing vibrations in the experimental environment, and controlling
lighting conditions. By adopting higher-resolution electronic eyepieces, increas-
ing the diversity of training samples, and exploring advanced deep learning
models, the recognition performance of the model can be effectively enhanced.
This will provide more reliable technical support for the automated analysis of
alpha tracks in CR-39 detectors.
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