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Abstract
The integration of visible light imaging and ionizing radiation detection has
long been hindered by their distinct physical mechanisms, posing challenges for
advancements in nuclear safety monitoring and high-resolution imaging tech-
nologies. In this study, we propose a novel method for the discrimination and
extraction of ionizing particles based on their spatial morphological features,
leveraging a CMOS active pixel sensor (APS). By systematically analyzing the
morphological characteristics of ionization response events from 𝛼, 𝛽, and 𝛾
radiation under varying gain and integration time conditions, parameters such
as pixel count, aspect ratio, convexity, and compactness are extracted, with a
focus on their relationship with the mean pixel value. The results demonstrate
that 𝛼-particle events exhibit significant differences in mean pixel value, pixel
count, rectangularity, and convexity compared to 𝛽- and 𝛾-particle events, while
𝛽- and 𝛾-particle features show notable overlap, distinguishable primarily by
mean pixel value. The proposed method effectively discriminates and extracts
mixed radiation events, offering a foundation for future machine learning-based
intelligent classification. This work highlights the potential of APS sensors in
high-resolution optical imaging and nuclear radiation detection, providing crit-
ical insights for their applications in nuclear safety, emergency response, and
facility decommissioning.

Full Text
Preamble
Optical CMOS-Based Method for Ionized Particle Identification and Extraction

Shou-long Xu,1 Zhi-lin Wang,1 Yu-bo Wang,1 Shu-liang Zou,1 Qing-xin Li,1 and
Yijun Zhong1,* 1University of South China, Hengyang, Hunan 421001, China

chinarxiv.org/items/chinaxiv-202503.00155 Machine Translation

https://chinarxiv.org/items/chinaxiv-202503.00155
https://chinarxiv.org/items/chinaxiv-202503.00155


The integration of visible light imaging and ionizing radiation detection has
long been hindered by their distinct physical mechanisms, posing challenges for
advancements in nuclear safety monitoring and high-resolution imaging tech-
nologies. In this study, we propose a novel method for the discrimination and
extraction of ionizing particles based on their spatial morphological features,
leveraging a CMOS active pixel sensor (APS). By systematically analyzing the
morphological characteristics of ionization response events from 𝛼, 𝛽, and 𝛾
radiation under varying gain and integration time conditions, parameters such
as pixel count, aspect ratio, convexity, and compactness are extracted, with a
focus on their relationship with the mean pixel value. The results demonstrate
that 𝛼-particle events exhibit significant differences in mean pixel value, pixel
count, rectangularity, and convexity compared to 𝛽- and 𝛾-particle events, while
𝛽- and 𝛾-particle features show notable overlap, distinguishable primarily by
mean pixel value. The proposed method effectively discriminates and extracts
mixed radiation events, offering a foundation for future machine learning-based
intelligent classification. This work highlights the potential of APS sensors in
high-resolution optical imaging and nuclear radiation detection, providing crit-
ical insights for their applications in nuclear safety, emergency response, and
facility decommissioning.

Keywords: ionizing particle detection, spatial morphological features, CMOS
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Introduction
Optical sensing technology and nuclear radiation detection are foundational pil-
lars for advancing high-resolution imaging and radiation monitoring systems
[1–3]. Despite significant progress in both fields independently, their integra-
tion remains challenging due to fundamentally different physical mechanisms.
CMOS sensors, with their high sensitivity, low noise, and exceptional spatial
resolution, have revolutionized optical imaging, enabling applications ranging
from single-photon detection to astronomical imaging [4,5]. However, their po-
tential for nuclear radiation detection remains largely underexplored. CMOS
technology demonstrates unique advantages in single-photon detection [6] and
finds applications in quantum imaging [7] and biological imaging, particularly
exhibiting high sensitivity and precision in quantum computing and medical
imaging contexts. By combining high spatial resolution with low noise charac-
teristics, CMOS sensors offer new perspectives for advancing nuclear radiation
detection technology, helping to break down the barriers between optical sensors
and nuclear radiation detection and thus promoting the integrated development
of both fields [8,9].

In recent years, CMOS sensor technology has achieved significant breakthroughs
in optical sensing and high-resolution imaging, particularly in single-photon
imaging and quantum imaging. CMOS technology has become a core enabling
technology in this domain due to its high spatial resolution and rapid tem-
poral response characteristics. Single-photon imaging sensors are now widely
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employed in quantum computing and biological imaging, with CMOS technol-
ogy enabling high-sensitivity imaging under extremely low-light conditions [10].
CMOS sensors also play a crucial role in high-resolution three-dimensional imag-
ing. When combined with optical coherence tomography (OCT) technology,
CMOS imaging has been practically applied in medical imaging and brain neu-
roscience research [11,12]. Additionally, CMOS technology has made break-
through advancements in high-resolution astronomical imaging and miniature
unmanned aerial vehicle (UAV) imaging systems, enabling more efficient imag-
ing under complex atmospheric conditions or high-precision requirements [13].

Against this backdrop, researchers both domestically and internationally have
gradually begun exploring the application of high-resolution pixel sensors in
nuclear radiation detection. Currently, CMOS-based single-photon imaging
sensors have demonstrated great potential in quantum imaging and spectral
analysis [14–16]. For example, single-photon imaging sensors can be used to
monitor radiation levels in the human body in real time, accurately pinpoint-
ing the location of radioactive sources using quantum imaging technology, with
higher detection efficiency and lower dark count rates [17,18]. In spectral analy-
sis, single-photon imaging sensors can detect extremely weak light signals from
biological entities, enabling high-resolution spectral measurements [19,20]. Ad-
ditionally, CMOS sensors in X-ray imaging can acquire high-quality images at
low radiation doses, reducing patient exposure [21]. Meanwhile, in magnetic
resonance imaging (MRI) applications, CMOS sensors can capture finer tissue
structures, thereby improving image clarity and detail representation [22].

The widespread adoption of pixel sensors has driven progress in nuclear ra-
diation detection. However, traditional energy-response methods for particle
identification often suffer from low accuracy in complex radiation fields due to
overlapping energy signatures [23–25]. In contrast, this study leverages CMOS
imaging to analyze spatial morphological features of ionized particles, including
parameters such as intensity, convexity, and compactness. By systematically in-
vestigating 𝛼, 𝛽, and 𝛾 particles, the proposed method overcomes the limitations
of traditional techniques, offering a novel solution for high-precision particle
identification. Domestically and internationally, related research still primarily
focuses on detector structure design and the optimization of single parameters.
Researchers have enhanced device performance through improvements in fabri-
cation processes and testing circuits, such as improving the packaging technol-
ogy of InGaAs single-photon detectors and optimizing the doping concentration
and positioning of the P and N layers in CMOS-based single-photon avalanche
diodes to improve photon detection efficiency [26,27]. Meanwhile, improvements
in the front-end electronics and geometric properties of CZT array detectors, as
well as performance optimization of novel room-temperature semiconductor de-
tector materials such as CdTe and TlBr, have further enhanced the sensitivity
and resolution of detectors [28,29]. Although these studies have improved the
detection capability of ionized particles to some extent, they have not yet ad-
dressed the spatial distribution characteristics of particle response events and
intelligent particle identification methods. Traditional energy-response-based
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identification techniques mainly differentiate particle types by measuring pulse
signals. However, in complex radiation fields, energy responses from different
particles may overlap, leading to poor discrimination performance [30,31].

In contrast, particle identification methods based on morphological features
show significant advantages in improving identification accuracy and reducing
misclassification rates, effectively addressing challenges in complex radiation
fields. This study introduces an innovative optical CMOS-based method for
identifying and classifying ionized particles by analyzing their spatial morpho-
logical features. Through systematic analysis of 𝛼, 𝛽, and 𝛾 particle response
events, we establish the feasibility of combining optical imaging and radiation
detection to achieve reliable particle discrimination. This work highlights the
potential for CMOS imaging in applications such as nuclear safety monitoring
and high-resolution particle detection. A particle identification method based
on ionized particle imaging morphological features is proposed. Simultaneously,
event extraction is performed to provide training data support for subsequent
machine learning-based intelligent particle classification. This study has signif-
icant potential in the field of environmental radiation monitoring, especially in
radioactive contamination detection. By analyzing the interactions and spatial
distribution characteristics of radiation particles, it provides new data support
for assessing surface contamination levels [32]. In the field of biomedical imaging,
this method can improve the accuracy of CT scans, more accurately capturing
subtle changes in human tissues and diseased areas, thus aiding in early di-
agnosis and treatment of diseases [33]. Furthermore, in astronomical imaging,
this method is expected to be applied in observations of distant celestial bodies.
By capturing particle events from the depths of the universe, it provides new
technological support for astronomical research [34].

II. Experiment Setup
illustrates the experimental setup, where a SONY MT9P031 CMOS active pixel
sensor was utilized. The sensor has a pixel size of 2.2 µm × 2.2 µm and an
effective resolution of 2592 × 1944 pixels, supporting 8-10 bit digital signal
output. The glass protective layer was removed to expose the silicon pixel
array surface directly to radiation. Table 1 summarizes the key specifications
of the sensor and radiation sources, providing a comprehensive overview of the
experimental configuration.

Table 1. Experimental sample parameters

Parameter Value/Description
Sensor Pixel Size 2.2 µm × 2.2 µm
Sensor Resolution 2592 × 1944 (horizontal × vertical)
𝛼 Source Activity 2.9 × 104 Bq (241Am)
𝛽 Source Activity 7.4 × 107 Bq (63Ni)
𝛾 Source Activity 9 × 1014 Bq (60Co)
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As illustrated in Figure 1 [Figure 1: see original paper], the experimental system
was designed for the identification of ionized particles. The setup consists of
two main regions: the irradiation chamber and the non-radioactive area. In
the irradiation chamber, CMOS active pixel sensors (APS) are connected to
the main board to form two sets of modules. One module corresponds to the
𝛼 radioactive source (241Am), while the other corresponds to the 𝛽 radioactive
source (63Ni). Both sources are housed inside a dark box to minimize ambient
light interference during irradiation. A third 𝛾 radioactive source (60Co) is
positioned externally, with the ability to raise or lower into the chamber. Data
acquisition is performed using a dual-system setup. The signals from the CMOS
sensors are transmitted via data cables to PCs located in the non-radioactive
area, ensuring operator safety. The fixed sample positions inside the dark box
and the high-speed data transmission allow for stable and reliable measurements.
This system enables simultaneous data collection from multiple radiation sources
under controlled experimental conditions.

III. Data Processing Method
The data processing pipeline combines pixel-level intensity analysis with mor-
phological feature extraction to identify ionized particle events captured by the
CMOS sensor. Key steps include:

(1) Pixel Intensity Calculation: The mean pixel value M quantifies the
overall brightness level of each response event:

𝑀 = 1
𝑛 × 𝑚

𝑛
∑
𝑖=1

𝑚
∑
𝑗=1

𝐼(𝑖, 𝑗)

where I(i, j) represents the pixel value at position (i, j), while n and m denote
the dimensions of the connected region.

(2) Morphological Feature Analysis:

Region Area P: The number of pixels in a connected region:

𝑃 =
𝑛

∑
𝑖=1

𝑚
∑
𝑗=1

𝛿(𝐼(𝑖, 𝑗))

where I(i, j) represents the pixel value of the pixel located in the i-th row and j-
th column of the image, and 𝛿 is a selection function used to determine whether
the pixel belongs to the connected region. 𝛿(I(i, j)) is a binary function defining
connected regions with intensity thresholds T.

Rectangularity R: Quantifies similarity to an ideal rectangle. When the region
is circular, the rectangularity is approximately 0.785. Its calculation formula is
as follows:
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𝑅 = 𝑃
𝑃𝑀𝐸𝑅

with P representing the area of the connected region, and P_{MER} represent-
ing the minimum bounding rectangle’s area.

Aspect Ratio (V): Characterizes shape symmetry:

𝑉 = 𝑊
𝐻

where W and H are the bounding rectangle’s width and height, respectively.

Compactness (O): Reflects shape uniformity:

𝑂 = 𝑆2

𝑃
where S is the perimeter of the connected region.

Convexity (H): Indicates edge complexity:

𝐻 = 𝑃
𝐹

where F is the convex hull’s area.

These features are extracted for each event to provide a quantitative basis for
identifying particle types. By leveraging CMOS sensors’high spatial resolu-
tion, the method ensures reliable event detection and classification in complex
radiation fields.

IV. Results
Figure 2 [Figure 2: see original paper] illustrates a typical 𝛼-particle response
event. As shown in the figure, the 𝛼-particle response event appears as a bright
spot on the image, where the pixel values of multiple pixels in the central re-
gion reach 255, and these pixels are closely connected, forming a high-intensity,
uniform continuous region. This occurs because 𝛼-particles have high energy
and low penetration power. When interacting with the detector material, the
high-density energy deposition causes the pixel values in the response region to
rapidly reach saturation.

Figure 3 [Figure 3: see original paper] illustrates a typical 𝛽-particle response
event. As seen in the figure, the 𝛽-particle response event is noticeably weaker
than the 𝛼-particle response, and the response area is smaller. Under low gain
conditions, only the pixel value of one pixel in the response signal exceeds 200;
however, when the gain reaches 32 dB or higher, the pixel values of multiple
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pixels reach higher levels. This is because 𝛽-particles have smaller mass and
stronger penetration ability, resulting in a much lower ionization rate compared
to 𝛼-particles of the same energy. When interacting with the detector material,
significant scattering occurs, causing the energy of the 𝛽-particle to gradually
attenuate along its path, resulting in lower event intensity and energy concen-
trated in a localized region.

Figure 4 [Figure 4: see original paper] illustrates a typical 𝛾-particle response
event. As seen in the figure, the 𝛾-particle response is weaker than the 𝛽-particle
response, but its shape is similar to that of the 𝛽-event. When the gain is 9 dB,
only one pixel in the response event has a value exceeding 140; when the gain is
32 dB, the pixel value of a single pixel reaches 255. This is because 𝛾-particles
do not have direct ionization capability and, compared to 𝛽-particles, they have
stronger penetration ability. When interacting with the detector material, 𝛾-
particles primarily produce secondary electrons through the photoelectric effect,
Compton scattering, and pair production, which then generate response events
in the detector. Since 𝛽-particles are essentially high-speed electron streams,
𝛾-particles ultimately produce response events similar to those of 𝛽-particles
through ionization effects induced by electrons in the detector.

In summary, the experimental results indicate that as the gain increases, the
pixel values of the response events for 𝛼, 𝛽, and 𝛾 particles significantly increase,
with 𝛼-particle events showing the most pronounced changes. This provides a
basis for effectively identifying 𝛼 particles in mixed radiation fields. At the same
time, changes in their morphology can also be observed, making quantitative
analysis necessary. The specific changes are studied by calculating the mean
pixel value, the number of pixels involved in response events, rectangularity,
aspect ratio, compactness, and convexity.

Figure 5 [Figure 5: see original paper] illustrates the relationship between gain,
integration time, and the mean pixel value distribution of response events. As
shown in the figure, with an increase in gain, the mean pixel value of various
events shows an upward trend, manifested as a rightward shift in the curve’s
peak. For 𝛼 responses, when the gain is 9 dB, events are mainly distributed
between a mean pixel value of 80 to 115, with the peak around 100. Under a gain
of 63 dB, the peak shifts closer to 115, with events concentrated between 105 and
125. At this point, the peak becomes higher, and the peak width narrows. When
the gain increases to 32 dB, the peak shifts to around 17, with the peak width
also expanding and the peak height decreasing. The experimental results show
that increasing the gain significantly enhances the pixel values in the response
events and gradually leads them to a saturated state, with the effects being
more pronounced for 𝛽 and 𝛾 events. This is because the gain increase causes
an exponential growth in event intensity. The strong ionization capability of
𝛼 particles makes their events more distinct, resulting in a more concentrated
distribution under high gain. For 𝛽 and 𝛾 particles, their low energy deposition
means that an increase in gain amplifies and enhances originally weaker events.
Additionally, the scattering effects and interactions between particles lead to
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a broader distribution. In contrast, the integration time mainly affects the
cumulative amount during event sampling and has a relatively smaller impact
on the mean pixel value distribution.

Figure 6 [Figure 6: see original paper] illustrates the distribution range of mean
pixel values for response events under different gain conditions. The main distri-
bution range of the curves was effectively determined using the half-maximum
method to define the core distribution area of event morphological characteris-
tics. As shown in the figure, when the gain is 9 dB, the mean pixel values for
𝛼 events are primarily distributed between 57 and 71, 𝛽 events between 15 and
32, and 𝛾 events between 12 and 18. When the gain reaches 32 dB, the range
for 𝛼 events shifts to 105–122, 𝛽 events to 31–78, and 𝛾 events to 15–24. As
the gain increases, the main distribution range for 𝛼 events becomes narrower,
while the ranges for 𝛽 and 𝛾 events become wider.

In contrast, the mean pixel value curve for 𝛽 events changes more gradually. At
a gain of 9 dB, events are primarily concentrated between a mean pixel value of
15 to 30, with a distinct peak at 20. At a gain of 63 dB, the peak approaches
100, with events distributed between 50 and 130. In this case, the peak height
decreases, and the peak width expands significantly. The curve distribution for
𝛾 events is similar to that of 𝛽 events. At a gain of 9 dB, events are mainly
concentrated around a mean pixel value of 14, with a distinct peak at 14.

Figure 7 [Figure 7: see original paper] shows the relationship between gain,
integration time, and counts of pixels in events. From Figure 7(a), it can be
observed that the counts of pixels in 𝛼 events increase significantly with the gain.
Under 9 dB conditions, the counts of pixels are distributed between 50 and 75,
with a clear peak near 60. When the gain reaches 63 dB, the counts of pixels rise
to between 115 and 140, with the peak appearing near 130. At this point, the
peak becomes lower, and the width of the distribution broadens. In contrast, the
pixel count distribution curves for 𝛽 and 𝛾 events remain relatively stable under
different gain conditions. From Figure 7(b), it can be seen that under low gain
conditions, the counts of pixels in 𝛽 events are primarily concentrated between
8 and 9. When the gain reaches 63 dB, a distinct peak appears at 9. The pixel
count distribution trend for 𝛾 events is similar to that of 𝛽 events, as shown
in Figure 7(c), where the peak counts of pixels consistently appear at 8 under
all gain conditions. This indicates that the increase in gain significantly affects
the counts of pixels in 𝛼 events, while having relatively little impact on 𝛽 and 𝛾
events. This is because 𝛼 radiation has strong ionization capability, and the pixel
values of weakly affected surrounding pixels in response events are amplified
under high gain conditions. For 𝛽 and 𝛾 radiation, the ionization capability is
relatively weaker, and fewer surrounding pixels are affected, resulting in limited
enhancement of the events with increasing gain. Similarly, integration time does
not significantly affect the counts of pixels in the events.

Figure 8 [Figure 8: see original paper] shows the relationship between gain, in-
tegration time, and the convexity distribution of response events. From Figure
8(a), it can be observed that the convexity of 𝛼 events shows a slow upward
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trend with increasing gain, while its peak value and peak width remain relatively
stable. Under 9 dB conditions, the convexity of events is primarily concentrated
between 0.85 and 0.87, with a distinct peak at 0.86. At 63 dB, the convexity
range expands to 0.89–0.91, with a peak at 0.9. Compared to 𝛼 events, the
convexity distribution of 𝛽 and 𝛾 events remains stable within a relatively fixed
range under different gain conditions. Observing Figures 8(b) and 8(c), the
convexity of 𝛽 events is concentrated between 0.55 and 0.66, with significant
peaks at 0.55 and 0.58. When the gain reaches 63 dB, the peak at 0.55 de-
creases, while the peak at 0.58 increases relatively. The convexity of 𝛾 events is
lower compared to 𝛽 events, primarily distributed between 0.52 and 0.56, with
the peak at 0.5 significantly increasing at 32 dB. This indicates that increasing
the gain generally leads to a rise in the convexity of the three types of events,
resulting in more regular event morphology, with the most significant changes
observed in 𝛼 events. This is because 𝛼 particles have stronger ionization capa-
bilities compared to 𝛽 and 𝛾 particles, making the effect of increased gain more
pronounced. The changes in the convexity of 𝛽 and 𝛾 events require higher gain
levels to become evident. Integration time does not have a significant impact
on the convexity of the events.

Figure 9 [Figure 9: see original paper] shows the relationship between gain, inte-
gration time, and the rectangularity distribution of response events. As shown
in the figure, with increasing gain, the rectangularity of 𝛼 events shows a down-
ward trend. Under 9 dB and 16 dB conditions, the rectangularity of events is
mainly concentrated between 0.77 and 0.98, with multiple peaks near 0.89. At
63 dB, the rectangularity range narrows to 0.70–0.91, with the peak appear-
ing near 0.8. Although the peak value decreases compared to 32 dB, the peak
width does not change significantly. For a standard circle, the rectangularity is
approximately 0.785, indicating that increasing the gain causes the morphology
of 𝛼 events in dark images to become closer to circular. This may be because
higher gain enhances the sensor’s efficiency in characterizing particles, making
the response to ionizing radiation more sensitive and reducing shape distortion
caused by ionizing particle tracks or internal pixel structure non-uniformities.
In contrast, the rectangularity distribution of 𝛽 and 𝛾 events remains relatively
stable with changes in gain. The rectangularity of both is concentrated between
0.4 and 0.56 under different gain conditions, with distinct peaks at 0.4, 0.5, and
0.56. Some 𝛾 events exhibit lower rectangularity than 𝛽 events. This indicates
the presence of depressions or irregularities in the morphology of these two types
of events. This may result from the complexity of particle interactions, scatter-
ing effects, and the high-resolution pixel structure of the sensor. Integration
time does not significantly affect the changes in the rectangularity of events.

Figure 10 [Figure 10: see original paper] shows the relationship between gain,
integration time, and the aspect ratio distribution of response events. From
Figure 10(a), it can be observed that as the gain increases, the aspect ratio
distribution of 𝛼 events becomes more compact, with the peak concentrated
near 1. A distinct peak forms at 1, and as the gain increases, the peak shifts
closer to 1, showing a more pronounced centralization trend. This indicates that
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𝛼 events tend to exhibit a more symmetric or circular morphology under high
gain, consistent with the results observed in the changes in rectangularity and
convexity. In contrast, the aspect ratio distributions of 𝛽 and 𝛾 events remain
relatively stable and show some similarity as the gain increases. From Figures
10(b) and 10(c), the aspect ratios of 𝛽 and 𝛾 events are mainly distributed
between 0.8 and 1.25, with a distinct peak at 1. Additionally, 𝛾 events show
some distribution at 1.33. This indicates that although irregularities exist in the
morphology of both event types, their overall geometric characteristics exhibit
a degree of symmetry or uniformity. This may be due to the scattering of
particles within the detector, leading to irregularities in event morphology, but
these irregularities are not significant enough to affect the overall aspect ratio
distribution. Similarly, integration time does not significantly affect the changes
in the aspect ratio of events.

Figure 11 [Figure 11: see original paper] illustrates the relationship between gain,
integration time control, and the distribution of event compactness. As shown
in Figure 11(a), the compactness of 𝛼-events increases with the enhancement of
gain. Under the 9 dB condition, the compactness mainly ranges from 10 to 11;
however, under the 63 dB condition, the range expands to 10.5 to 11.5, with a
distinct peak near 11. This change further confirms that 𝛼-events tend to adopt
a symmetrical or circular shape at high gain. In contrast, the compactness
distribution of 𝛽- and 𝛾-events is more dispersed. As observed in Figures 11(b)
and 11(c), both exhibit compactness primarily between 12 and 15, with several
local peaks within this range. Additionally, some 𝛾-events display a compactness
greater than 16.

Figure 12 [Figure 12: see original paper] illustrates the relationship between
gain, integration time control, and the rounded-down compactness of 𝛽 and 𝛾
events. From the figure, it can be more clearly observed that under high gain
conditions, there are differentiated characteristics in the compactness of 𝛽 and 𝛾
rays. The compactness of 𝛽 events is concentrated between 14 and 15, while the
compactness of 𝛾 events is concentrated between 15 and 16. This phenomenon
indicates that 𝛾-events are more flattened compared to 𝛽-events. This could
be due to the higher penetrating power of 𝛾 particles, which induce scattering
effects in the detector, making the propagation path more complex and resulting
in a flatter shape.

Using a circle and a square as the reference, the shape characteristics corre-
sponding to different ranges of compactness are defined, and the compactness
C is mapped to the interval [0, 1] using the following normalization formula:

𝐶normalized = 𝐶 − 𝐶min
𝐶max − 𝐶min

Here, C_{min} is the minimum compactness value in the data, C_{max} is the
maximum compactness value in the data, and C is the compactness value to be
normalized. The selection of C_{min} and C_{max} is based on the statistical
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values of the compactness for 𝛼, 𝛽, and 𝛾 events, with final values determined
to be 10 and 20, respectively. According to the formula, the compactness of a
circle is 4𝜋, resulting in a normalized value of 0.256, while the compactness of
a square is 16, yielding a normalized value of 0.6.

Figure 13 [Figure 13: see original paper] shows the normalized compactness
feature map for 𝛼, 𝛽, and 𝛾 events. From the figure, it can be observed that
for 𝛼-events and some 𝛽-events, their shapes are irregular polygons close to
a circle, with normalized values less than 0.256. For some 𝛽- and 𝛾-events,
their shapes are irregular polygons close to a square, with normalized values
between 0.256 and 0.6. For some 𝛾-events, their shapes are rectangular or
flattened polygons, with normalized values greater than 0.6. By integrating
the analysis of compactness, rectangularity, convexity, and aspect ratio, we can
achieve a more accurate understanding of the morphological characteristics of
the response events.

Figure 14 [Figure 14: see original paper] shows how the main distribution ranges
of the morphological features of response events change with gain. From Figures
14(a) and 14(b), it can be seen that at a gain of 9 dB, the pixel count of 𝛼-events
is mainly distributed between 57 and 71, whereas at 32 dB, the distribution
range expands to 96 to 108, with a span of 12. The variation in rectangularity
is relatively smooth, with its maximum value decreasing from 0.95 to 0.9 and
its minimum value dropping from 0.8 to 0.78, leading to a smaller span. The
distribution range of convexity mainly stays between 0.85 and 0.91, while the
compactness is primarily concentrated between 10.5 and 11.3, with a relatively
stable range span. The aspect ratio slightly decreases with the increase in gain,
remaining between 0.88 and 1.3.

Figure 15 [Figure 15: see original paper] illustrates the relationship between gain,
integration time, and the distribution of mean pixel values for response events.
From Figures 15(a) and 15(b), it can be observed that as the gain increases,
the mean pixel value distribution curves of 𝛼 and 𝛽 gradually converge. When
the gain reaches 63 dB, the curves exhibit significant overlap in the range of
mean pixel values from 112 to 135. In contrast, the distribution curves of 𝛼
and 𝛾 maintain a certain degree of separation at all gain levels. This indicates
that before the gain reaches 32 dB, 𝛼 events can be effectively identified in the
mixed radiation field of the three types by analyzing the differences in mean
pixel values. As for 𝛽 and 𝛾, there is a certain degree of similarity between the
two. In Figure 15(c), when the gain is 9 dB, the curves overlap in the range
of mean pixel values from 14 to 26. When the gain reaches 32 dB, the overlap
range expands to 24 to 70.

Figure 16 [Figure 16: see original paper] illustrates the relationship between
gain, integration time, and the distribution of convexity for response events.
From Figures 16(a) and 16(b), it can be seen that the convexity of 𝛼 events is
significantly higher than that of 𝛽 and 𝛾 events. Its curve maintains a certain
distance from the 𝛽 and 𝛾 curves at all gain levels, with a more pronounced
separation from the 𝛾 curve. This suggests that the feature of event convexity
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can effectively identify 𝛼 events in the mixed radiation field of the three types.
In contrast, the convexity features of 𝛽 and 𝛾 events exhibit some similarity.
In Figure 16(c), the curves corresponding to the two events exhibit significant
overlap under all gain conditions, but 𝛽 events are notably more distributed
than 𝛾 events in the region where the convexity exceeds 0.6.

Figure 17 [Figure 17: see original paper] illustrates the relationship between
gain, integration time, and the distribution of the counts of pixels in response
events. From Figures 17(a) and 17(b), it can be observed that the counts of
pixels in 𝛼 events are significantly higher than those in 𝛽 and 𝛾 events. Its
curve maintains a certain distance from the 𝛽 and 𝛾 curves at all gain levels,
with a more pronounced separation from the 𝛾 curve. In contrast, the counts of
pixels in 𝛽 and 𝛾 events do not show significant differences. In Figure 17(c), the
distribution curves of the two types of events exhibit significant overlap under
all gain conditions, mainly concentrated between 7 and 12 pixels. However, 𝛾
events are more distributed at 6 pixels than 𝛽 events, and less distributed at 9
pixels than 𝛽 events.

Figure 18 [Figure 18: see original paper] shows the relationship between gain,
integration time, and the distribution of the aspect ratio of response events.
From Figures 18(a) and 18(b), it can be observed that the distribution peaks
of the 𝛼, 𝛽, and 𝛾 event curves overlap significantly at an aspect ratio of 1.
Additionally, the distribution peak of the 𝛼 event is closer to 1, and as the gain
increases, it gradually shifts towards 1. In contrast, the distribution peaks of
the 𝛽 and 𝛾 events remain relatively stable. After the gain exceeds 32 dB, no
significant overlap of the distribution peaks is observed except at the aspect ratio
of 1. This indicates that after the gain reaches a certain level, the differences
in the aspect ratio of the events can be effectively used to identify the 𝛼 event
in the mixed radiation field of the three events. In contrast, in Figure 18(c), all
distribution peaks of the 𝛽 and 𝛾 events exhibit significant overlap, with some
𝛾 events distributed in the region where the aspect ratio is greater than 1.3.
Although there are some differences between the two events, they do not form a
clear distinguishing feature overall, making it very difficult to differentiate the
𝛽 and 𝛾 events based solely on the aspect ratio distribution.

Figure 19 [Figure 19: see original paper] shows the relationship between gain,
integration time, and the distribution of rectangularity of response events. From
Figures 19(a) and 19(b), it can be observed that the rectangularity of the 𝛼
event is significantly higher than that of the 𝛽 and 𝛾 events. The curve of 𝛼
remains at a certain distance from the 𝛽 and 𝛾 curves at all gain levels, with
a more pronounced distance from the 𝛾 curve. This suggests that the features
based on event rectangularity can effectively be used to identify the 𝛼 event in
the mixed radiation field of the three events. In contrast, the rectangularity
features of the 𝛽 and 𝛾 events show certain similarities. In Figure 19(c), the
curves corresponding to the two events overlap significantly in the regions where
the rectangularity is 0.4 and 0.5. Additionally, compared to the 𝛽 event, the
𝛾 event has a higher distribution near rectangularity values of 0.36 and 0.53,
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while its distribution at 0.56 is noticeably lower than that of 𝛽.
Figure 20 [Figure 20: see original paper] shows the relationship between gain,
integration time, and the distribution of compactness of response events. From
Figures 20(a) and 20(b), it can be observed that the compactness of the 𝛼 event
is significantly lower than that of the 𝛽 and 𝛾 events, and the distribution curve
gradually moves closer to that of 𝛽 and 𝛾 as the gain increases. When the gain
exceeds 32 dB, there is a partial overlap with the 𝛽 event in certain regions,
but it still maintains a certain distance from the 𝛾 curve. This indicates that
at a certain gain level, the distribution of event compactness can effectively be
used to identify the 𝛼 event in the mixed radiation field of the three events. In
contrast, the compactness features of the 𝛽 and 𝛾 events show certain similarities
within a specific range. In Figure 20(c), the curves of the two events have a
noticeable intersection in the compactness range of 14 to 15. Furthermore, due
to the more flattened shape of the 𝛾 event compared to 𝛽, some 𝛾 events have
a compactness distribution near 16, while 𝛽 events are distributed around 11.

In summary, at all gain levels, the distributions of average pixel value, pixel
count, rectangularity, convexity, and compactness for the 𝛼 event show signifi-
cant differences compared to 𝛽 and 𝛾 events. Therefore, 𝛼 events can be distin-
guished in the mixed radiation field based on these features. The features of the
𝛽 and 𝛾 events are relatively similar. They can be distinguished based on the
average pixel value in specific intervals, but there are no significant differences
in the distributions of pixel count, rectangularity, convexity, and compactness
between the two events. Additionally, the distributions of aspect ratios for the
three events are primarily concentrated around 1. Within specific intervals near
1, the distinguishing features are effective for identifying 𝛼 events.

V. Response Event Template Extraction
Based on the above feature analysis, the response event templates are extracted
from dark images. The process primarily includes: binarizing consecutive frame
images, identifying and extracting connected regions; analyzing the morpholog-
ical and structural characteristics of these regions, while also identifying areas
with event mixing and edge defects. By verifying the morphology of the con-
nected regions, including the mean pixel value and the counts of pixels contained
in the event, events that meet the criteria are selected and their features are
labeled. Finally, response events are extracted, and a sample library is con-
structed. The specific process is shown in Figure 21 [Figure 21: see original
paper].

Select dark images with gains of 9 dB and 32 dB. The probability distribution of
each pixel value i in the image is p(i), which represents the proportion of pixels
with value i relative to the total number of pixels in the image. The weighted
pixel mean for each pixel value is calculated as:

𝜇(𝑖) = 𝑖 ⋅ 𝑝(𝑖)
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Calculate the mean pixel value of the entire image:

𝜇𝑇 =
𝐿−1
∑
𝑖=0

𝑖 ⋅ 𝑝(𝑖)

In the equation, L is the number of pixel values. For any threshold t, the pixel
values are divided into two classes: foreground (pixel values greater than t) and
background (pixel values less than or equal to t). The weights for these two
classes are defined as:

𝜔1(𝑡) =
𝑡

∑
𝑖=0

𝑝(𝑖), 𝜔2(𝑡) =
𝐿−1
∑

𝑖=𝑡+1
𝑝(𝑖)

As well as the mean values of the two classes:

𝜇1(𝑡) = 1
𝜔1(𝑡)

𝑡
∑
𝑖=0

𝑖 ⋅ 𝑝(𝑖), 𝜇2(𝑡) = 1
𝜔2(𝑡)

𝐿−1
∑

𝑖=𝑡+1
𝑖 ⋅ 𝑝(𝑖)

The inter-class variance is defined as the variance between different classes or
categories:

𝜎2
𝑏 (𝑡) = 𝜔1(𝑡) ⋅ 𝜔2(𝑡) ⋅ (𝜇1(𝑡) − 𝜇2(𝑡))2

Traverse all possible threshold values t, calculate the corresponding inter-class
variance, and find the threshold t that maximizes 𝜎_b2(t). The Otsu threshold
can be calculated using the following formula:

𝑡OTSU = argmax (𝜔1(𝑡) ⋅ 𝜔2(𝑡) ⋅ (𝜇1(𝑡) − 𝜇2(𝑡))2)

Let P be the set of pixel points in the image, and C be the set of connected
regions. For each pixel point p � P, if p is a foreground pixel, check its neighbor-
hood N(p). If N(p) contains any labeled pixels, label p with the same label as
the neighboring pixel. If there are no labeled pixels in N(p), assign a new label
to p and add it to C.

For each connected region C_i, calculate the area A(C_i) and the mean pixel
value M(C_i). Based on the distribution range of the number of pixels in 𝛼
events at 9 dB and 32 dB, set the minimum threshold T1 and maximum thresh-
old T2; for 𝛽 events, set the minimum threshold T3 and maximum threshold T4
based on the distribution range of the mean pixel value at 9 dB and 32 dB; for
𝛾 events, set the minimum threshold T5 and maximum threshold T6 based on
the distribution range of the mean pixel value at 9 dB and 32 dB. The following
equation holds:
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⎧{
⎨{⎩

𝑇1 ≤ 𝐴(𝐶𝑖) ≤ 𝑇2 Marked as an �event
𝑇3 ≤ 𝑀(𝐶𝑖) ≤ 𝑇4 Marked as a �event
𝑇5 ≤ 𝑀(𝐶𝑖) ≤ 𝑇6 Marked as a �event

For the labeled event connected regions, calculate the minimum distance d(C_i)
from any point on the region’s boundary to the image boundary. Set a distance
threshold D, and the following holds:

{𝑑(𝐶𝑖) ≥ 𝐷 Retain 𝐶𝑖
𝑑(𝐶𝑖) < 𝐷 Exclude 𝐶𝑖

Label the morphological features of the selected event connected regions, extract
the response events, and place them on a solid black background with specified
pixel dimensions. The response event templates are divided into three categories:
𝛼, 𝛽, and 𝛾 event libraries. The template size for 𝛼 events is 30 × 30, while the
template size for 𝛽 and 𝛾 events is 15 × 15. Figure 22 [Figure 22: see original
paper] shows the schematic of the response event templates.

VI. Discussion
We use a CMOS pixel sensor based on morphological features for the identifica-
tion and extraction of ionizing particles, applying the high-resolution imaging
characteristics to radiation detection, thus improving the accuracy and efficiency
of ionizing particle identification. Traditional pulse signal discrimination (PSD)
techniques typically require a long dead time, limiting the system’s event pro-
cessing capability, and are prone to misjudgments in the presence of noise inter-
ference or pulse pileup. In contrast, CMOS sensors offer faster processing times,
enabling rapid responses and effectively overcoming the dead time issue inher-
ent in PSD technology. Furthermore, directly imaging the energy deposition
process of ionizing particles within the APS pixel array effectively addresses the
noise interference problem. Under low gain conditions, noise in dark images
typically manifests as pixel value changes in individual pixels, and the use of
the connected region method can easily distinguish noise from response events,
thereby improving discrimination accuracy.

Currently, the features of 𝛼 events are the most distinct and can be identified
using a single morphological parameter. However, the features of 𝛽 and 𝛾 events
are quite similar, differing only in average pixel value. Due to the limited mor-
phological features studied, there are still some challenges in the identification
process. To address this issue, convolutional neural networks (CNNs) can be
used to train templates for response events. The convolutional layers extract
local features through local perception, enabling the network to focus on fine
details in the image. In dark images, 𝛽 and 𝛾 events occupy smaller areas and
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have more varied shapes. By designing specific network structures, more fea-
ture information of response events can be extracted to improve differentiation.
Therefore, machine learning is a promising approach that can combine more
morphological features to enhance the discrimination effectiveness and accuracy
of CMOS pixel sensors for response events.

VII. Conclusion
This study presents an innovative approach for ionized particle identification
using CMOS imaging and morphological feature analysis. By systematically
investigating the spatial morphological characteristics of 𝛼, 𝛽, and 𝛾 particle
response events, we demonstrated the feasibility of high-resolution particle de-
tection in mixed radiation fields. Key findings include: (1) Accurate 𝛼-particle
identification: The high spatial resolution of CMOS sensors enables precise local-
ization and identification of 𝛼-particle response events, leveraging features such
as pixel intensity and compactness. (2) Challenges in 𝛽 and 𝛾 particle classifica-
tion: While morphological features like compactness and convexity differentiate
𝛽 and 𝛾 particles to some extent, significant overlap under high-gain conditions
highlights the need for more advanced analysis methods. (3) Practical implica-
tions: This method provides a quantitative foundation for real-time radiation
monitoring and classification, addressing critical needs in nuclear safety and
environmental monitoring.

Future work will focus on addressing the remaining challenges in particle clas-
sification by integrating advanced machine learning algorithms for feature ex-
traction and classification. Additionally, further optimization of CMOS sensors,
such as improved noise reduction and sensitivity tuning, will enhance their ap-
plicability in complex radiation environments. These developments will expand
the practical utility of this approach, paving the way for robust, high-resolution
radiation detection technologies.
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