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Abstract

Precise discrimination of neutrons and gamma rays in complex radiation en-
vironments is a critical technology in the fields of nuclear material detection
and nuclear security. Current mainstream end-to-end neural network classi-
fication models exhibit insufficient generalization capability when confronted
with timing jitter in electronic waveform characteristics. Therefore, this paper
proposes an n/v discrimination method based on deep metric learning, which
designs an improved convolutional neural network architecture based on LeNet-
5. Combined with triplet loss function constraints, a discriminative feature
space for neutron and gamma nuclear pulses is obtained, achieving efficient dis-
crimination of neutrons and gamma rays. Training is performed using a hybrid
dataset collected from a hardware-based nuclear pulse simulator and software-
simulated data. Quantitative tests are conducted on both simulated data and
measured pulse data with electronic waveform timing jitter, with comparisons
made against the traditional charge comparison method and conventional CNN
discrimination method. The results demonstrate that on simulated data, the
Figure of Merit (FOM) of the proposed method is improved by 247.7% compared
to the charge comparison method; on measured pulse data, the discrimination
error rate is reduced by 70% compared to the conventional CNN discrimination
method. This method can effectively address the problem of low generaliza-
tion capability in conventional CNN discrimination methods, providing a novel
approach for high-precision particle discrimination technology in radiation de-
tection systems.
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Abstract

Precise discrimination of neutrons and gamma rays in complex radiation en-
vironments is a critical technology in nuclear material detection and nuclear
safety. Current mainstream end-to-end neural network classification models
suffer from insufficient generalization capability when confronted with jitter in
electronic waveform temporal characteristics. To address this limitation, we pro-
pose an n/v discrimination method based on deep metric learning. By designing
an improved convolutional neural network architecture derived from LeNet-5
and incorporating triplet loss function constraints, we obtain a discriminative
feature space for neutron and gamma nuclear pulses, enabling efficient n/~ dis-
crimination. Training employs a hybrid dataset combining data collected from
a hardware nuclear pulse simulator and software-simulated data. Quantitative
testing was conducted on both simulation data and measured pulse data exhibit-
ing electronic waveform temporal jitter, with comparative evaluation against
traditional charge comparison methods and conventional CNN discrimination
approaches. Results demonstrate that on simulation data, the Figure of Merit
(FOM) of our proposed method improves by 247.7% compared to the charge
comparison method. On measured pulse data, the discrimination error rate
decreases by 70% compared to traditional CNN discrimination methods. This
approach effectively resolves the low generalization capability issues inherent
in conventional CNN discrimination methods, providing a novel framework for
high-precision particle discrimination technology in radiation detection systems.

Keywords: n/~ discrimination; deep metric learning; triplet loss; charge com-
parison method; convolutional neural network

Neutron detection technology plays a vital role in numerous fields including nu-
clear radiation monitoring, nuclear safety, nuclear material detection, cosmic
ray research, medical imaging, and particle physics experiments [1-3]. However,
actual neutron radiation fields in practical applications are often accompanied
by substantial gamma-ray backgrounds that interfere with signal quality and de-
tection effectiveness of neutron detectors [4]. Therefore, accurate discrimination
between neutrons and gamma rays in mixed radiation field environments rep-
resents a key scientific challenge for improving detection reliability and holds
significant value for nuclear technology applications and radiation protection
domains.

Existing n/v discrimination techniques primarily rely on distinguishing pulse
shape characteristics: when neutrons and gamma rays interact with scintil-
lator materials, different energy deposition mechanisms produce pulse signals
with distinct shapes [5]. Based on this principle, Pulse Shape Discrimination
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(PSD) technology has evolved three traditional approaches: time-domain anal-
ysis, frequency-domain analysis, and machine learning methods. Time-domain
methods include charge comparison [6], zero-crossing time [7], rise time [8], and
pulse gradient analysis [9]. While straightforward to implement, these methods
suffer from difficult parameter extraction and high noise sensitivity. Frequency-
domain methods, such as frequency gradient analysis [10], can improve signal-to-
noise ratios but their effectiveness heavily depends on the selection of frequency-
domain feature parameters. Machine learning methods have improved certain
performance aspects but still face challenges related to complex feature engi-
neering.

Recent breakthroughs in artificial intelligence have provided new research di-
rections for PSD technology [11]. Song et al. [12] utilized BP neural networks
to optimize features from the charge comparison method, enhancing n/~ dis-
crimination performance. Ronchi et al. [13] employed a one-dimensional CNN
architecture to achieve superior discrimination performance compared to tra-
ditional methods. Huang et al. [14] proposed an n/+v discrimination method
combining Gramian Angular Fields with CNNs, enabling fusion of temporal
and frequency domain features. However, these deep learning-based PSD meth-
ods predominantly adopt direct classification approaches, failing to fully exploit
the feature representation capabilities of deep learning. Furthermore, due to
variations in front-end electronic parameters and environmental variables that
cause pulse shape differences, these methods exhibit insufficient generalization
capability when neural network discrimination models encounter jitter in elec-
tronic waveform temporal characteristics.

To address these issues, this paper proposes an n/~ discrimination method based
on deep metric learning. This approach focuses on learning similarity metrics
between samples, capable of capturing more refined feature representations [15-
16]. First, we design and implement a hybrid data source construction method
for training samples. Then, through training an improved CNN network with
triplet loss functions, we capture more discriminative features distinguishing
neutron and gamma ray pulses, learn deep feature representations of neutron
and gamma pulse signals, and achieve n/v discrimination classification using
metric relationships between feature vectors. Finally, comprehensive experi-
mental comparisons with traditional methods validate the effectiveness of our
approach.

1.1 Data Acquisition Platform

The architecture and hardware composition of the data acquisition platform
are illustrated in [Figure 1: see original paper]. The system comprises a pulse
signal source, signal preprocessing circuit, data acquisition unit, and computing
processing unit. A CAEN DT5800 nuclear pulse simulator provides n/vy mixed
radiation fields, while Python software simulates n/y mixed pulse signals based
on characteristics of actual nuclear pulse signals. A high-voltage bias power
supply provides gain power for the nuclear pulse simulator. A 14-bit ADC with
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maximum sampling rate of 1.2 GHz digitizes neutron and gamma pulses at 500
MHz sampling rate, with acquired waveform data transmitted in real-time to the
host computer for storage. A total of 20,000 valid pulse samples were collected.

1.2.1 Hardware-Collected Data

The nuclear pulse simulator generates pulse signals with typical n/y charac-
teristics. The simulator can adjust pulse rise time, fall time, and amplitude
parameters to simulate different types of nuclear radiation events. The pulse
generator output signals pass through signal conditioning circuits before digital
sampling by an FPGA-controlled ADC.

To ensure data reliability, pulse parameters were set according to typical values
from actual nuclear detection experiments: neutron pulse rise time of approx-
imately 20-30 ns and fall time of 150-200 ns; gamma pulse rise time of 15-25
ns and fall time of 80-120 ns. Each pulse was sampled with 100 points to com-
pletely cover the rising and falling edges. This approach yielded 5,000 neutron
pulse samples and 5,000 gamma pulse samples. [Figure 2: see original paper]
shows a comparison of typical acquired n/+y pulse waveforms.

1.2.2 Software-Simulated Data

To further expand the dataset scale and increase data diversity, we developed
a pulse simulation program in Python. The simulation model, based on pulse
shape characteristics from actual nuclear physics experiments, employs a double
exponential function to describe pulse waveforms, as shown in Equation (1):

V(t) = A(e /71 — e t/m)

In Equation (1), A represents the amplitude coefficient, 7; denotes the fall time
constant, 7, denotes the rise time constant, with 7, > 7,. Since gamma pulse
decay times are slightly shorter than neutron pulse decay times, the 7 values for
gamma pulses are set smaller than those for neutron pulses. To make the simu-
lated data more realistic, we introduced the following random variations: pulse
amplitude varies randomly within $+$15% of nominal values; time constants
vary within $4+$10% of nominal values; Gaussian white noise is added with SNR,
varying between 15-25 dB; baseline drift is randomly introduced with amplitude
of $£+$5% of nominal values. Through software simulation, an additional 5,000
neutron pulse samples and 5,000 gamma pulse samples were generated. [Figure
3: see original paper] displays an example of the simulated pulse waveforms.

1.2.3 Data Preprocessing

Since analog-to-digital conversion by the ADC module may introduce high-
frequency noise, and software-simulated pulses also contain added noise effects,
pulse amplitude variations can impact processing results. To ensure data quality,
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raw signals entering the host computer require preprocessing. The preprocessing
pipeline consists of: baseline correction, smoothing filtering [17], and amplitude
normalization. Baseline correction calculates the average of the first 10 pre-
pulse points as the baseline and adjusts it to zero. Smoothing filtering employs
moving average (arithmetic mean) filtering to eliminate high-frequency noise
effects on discrimination results. Amplitude normalization uses linear function
normalization to transform pulse signal amplitudes into the [0,1] interval. After
preprocessing, a complete dataset containing 19,927 pulse samples was obtained,
with 80% allocated as training set (15,941 samples) and 20% as test set (3,986
samples) for subsequent calculations. [Figure 4: see original paper| compares
pulse signals before and after preprocessing.

2.1 Principles of Deep Metric Learning

Deep metric learning employs deep neural networks to learn similarity met-
rics between samples. Its core concept maps raw data into a feature space
where intra-class distances are minimized and inter-class distances are maxi-
mized. Compared with traditional classification methods, deep metric learning
emphasizes feature representation and can capture more subtle inter-class dif-
ferences, making it particularly suitable for fine-grained classification problems
[15].

In n/~ discrimination tasks, neutron and gamma ray pulses exhibit similar over-
all shapes but possess subtle differences that become even more difficult to
capture under noise interference. Deep metric learning enhances the ability
to discriminate these minute differences by optimizing sample distribution in
feature space. The deep metric learning discrimination workflow is shown in
[Figure 5: see original paper].

2.2 Triplet Loss Function

The triplet loss function is a commonly used loss function in deep metric learning
[15]. It adopts a triplet training strategy (anchor-positive-negative) that opti-
mizes feature space distribution by minimizing distances between same-class
samples (anchor and positive) while maximizing distances between different-
class samples (anchor and negative) [15]. The mathematical expression of the
triplet loss function is:

L =max(D(f(z,), f(x,)) = D(f(2,), f(x,)) + margin, 0)

In Equation (2), x, represents the anchor sample, x,, denotes the positive sample
from the same class as the anchor, and z,, denotes the negative sample from a
different class. D(:,) represents the distance function between feature vectors,
and margin is a predefined boundary value controlling the distance difference
between positive and negative pairs. [Figure 6: see original paper]| illustrates
the triplet loss function training schematic.
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In this study, anchor samples are selected from neutron or gamma pulses, pos-
itive samples are pulses of the same class as the anchor, and negative samples
are pulses from the different class. The cosine distance function is chosen as
the distance metric. Through optimization with the triplet loss function, the
network learns more discriminative feature representations, thereby improving
n/v discrimination accuracy.

2.3 Network Model Design

Based on extensive experimentation, we designed a CNN model suitable for
pulse signal processing by building upon the classic LeNet-5 architecture. The
overall network architecture is shown in [Figure 7: see original paper|. The
ReLU function serves as the activation function during convolution, defined in
Equation (3):

ReLU(x) = max(0, x)

This activation function offers simple computation, avoids gradient vanishing
problems, and accelerates convergence while improving model generalization
capability. Compared with the traditional LeNet network, our improved archi-
tecture employs Dropout technology to mitigate overfitting. Dropout is applied
to the outputs of fully connected layers 1 and 2 with a rate of 0.5, randomly
disabling 50% of neurons during each training iteration to enhance network ro-
bustness. L2 normalization is added before feature vector output, constraining
all feature vectors to the unit hypersphere to facilitate subsequent metric calcu-
lations. details the CNN model structure and layer parameter configurations.

2.4 Triplet Construction Strategy

Triplet selection significantly impacts model training effectiveness. Randomly
selected triplets often already satisfy loss function constraints and contribute
minimally to network parameter optimization. To improve training efficiency,
this study employs semi-hard triplet mining [18] to focus optimization on the
most valuable sample pairs. This strategy selects “moderately difficult” triplets
that provide meaningful learning signals.

The implementation process is as follows: (1) Dynamic batch construction: Each
mini-batch selects P = 2 class samples (neutrons and gamma rays) with K
samples per class (e.g., K = 10), forming a batch of PK = 20 samples. (2)
Feature extraction: Pulse waveforms are processed through the model to obtain
feature representations. (3) Triplet construction: For each anchor sample (e.g.,
a neutron pulse), a same-class sample serves as the positive sample (another
neutron pulse), while negative samples (gamma pulses) are selected from those
satisfying the semi-hard condition based on distance to the anchor. Semi-hard
triplet mining selects negative samples following Equation (4):
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D(f(z,), f(x,)) > D(f(x,), f(x,)) and  D(f(x,), f(x,)) < D(f(x,), f(z,))+a

In Equation (4), f(z,) represents the anchor sample feature, f(z,) the positive
sample feature, f(x,) the negative sample feature, D(:,-) the cosine distance
metric, and « the margin parameter. This semi-hard triplet mining strategy
avoids selecting overly easy or overly difficult triplets, concentrating optimiza-
tion on sample pairs most valuable for model performance improvement.

2.5 Model Training Process

The CNN model was implemented using the PyTorch platform with the follow-
ing training procedure and parameter settings: Adam optimizer with learning
rate of 0.001, triplet loss margin parameter « set to 0.3, batch size of 20, and 798
training iterations per epoch. Data augmentation techniques including random
noise addition and slight temporal axis shifting were applied during training.
The loss value nearly converged after 10 training epochs. [Figure 8: see original
paper] shows the convergence process of loss functions for both training and test
sets.

3.1 Implementation of Deep Metric Learning Discrimina-
tion

The trained neural network transforms test samples into 128-dimensional feature
vectors as deep feature representations of pulse signals. Classification employs
the Nearest Prototype Classifier method [19]: (1) Calculate feature vectors for
all neutron and gamma pulse samples in the training set. (2) Compute class cen-
troids (prototype vectors): neutron class center C,, and gamma class center C,,.
(3) For an unknown test sample z, calculate its feature vector f(z). (4) Com-
pute cosine distances between f(x) and both class centers: d,, = cos(f(z),C,,)
and d, = cos(f(z),C,). Classification follows Equation (5): if d,, < d,, sample
x is classified as a neutron pulse; otherwise, it is classified as a gamma pulse.

For visualization analysis, the t-SNE dimensionality reduction algorithm [20]
reduces the 128-dimensional feature vectors to 2D space. The resulting feature
distribution after t-SNE reduction is shown in [Figure 9: see original paper].
The visualization reveals clear clustering of the two pulse types with distinct
boundaries, demonstrating the method’ s effective feature extraction and repre-
sentation capability for discriminating neutron and gamma pulses.

3.2 Charge Comparison Method Implementation

To evaluate the performance of our deep metric learning discrimination method,
we implemented the charge comparison method as a baseline. This method
exploits pulse shape differences between neutrons and gamma rays in organic
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scintillators by comparing charge integrated over different portions of the output
current pulse [21]:

Q.
PSD — ==
D=2

f

In Equation (6), Q@ ¢ and @), correspond to fast and slow charge components,
respectively. Since neutrons and gamma rays produce different waveforms in
detectors, their Q,/Q ¢ ratios exhibit distinct differences that serve as discrimi-
nation criteria [21]. We selected Q,/Q as the discrimination parameter, setting
the integration time window from the starting point to 1000 ns thereafter. [Fig-
ure 10: see original paper| shows the discrimination statistical results for this
configuration.

To quantify PSD algorithm performance, the Figure of Merit (FOM) is defined
as [22]:

S

FOM =
O FWHM,, + FWHM,,

In Equation (7), S represents the peak separation between neutron and gamma
peaks, while FWHM,, and FWHM., are the full widths at half maximum of the
neutron and gamma peaks in the discrimination results. Larger FOM values
indicate better discrimination performance. The FOM value for the results
shown in [Figure 10: see original paper] is 1.37.

Since discrimination effectiveness varies with integration window settings, we
performed a systematic search to determine optimal parameters. The fast win-
dow was swept from 600 to 2400 ns in 200 ns steps to maximize FOM. [Figure
11: see original paper] presents the window traversal results, showing that the
charge comparison method achieves optimal performance with a fast window of
1400 ns, yielding an FOM of 1.53.

3.3 Traditional CNN Method Implementation

To further validate the advantages of our deep metric learning approach, we
implemented a traditional CNN discrimination method under identical exper-
imental conditions. The network architecture remained the same except the
final feature layer was replaced with a two-class output layer using Softmax
activation, trained with cross-entropy loss:

1 N

L=——
N &

[y;log(y;) + (1 —y;) log(1 — g,)]
1

In Equation (8), L is the loss value, N the total number of samples, y, the true
label, and g, the predicted output. All other network parameters and training
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procedures were kept consistent with the deep metric learning method to ensure
fair comparison.

3.4 Performance Evaluation and Comparison

To investigate convergence differences between the two CNN discrimination
methods, the preprocessed pulse dataset was input to both models. Experi-
ments revealed that the traditional CNN method required 16 training epochs for
near-convergence under identical network parameters and architecture. [Figure
12: see original paper] shows loss value curves during training, demonstrating
that the deep metric learning method converges significantly faster than the
traditional CNN approach.

To further compare discrimination performance, we employed Discrimination
Error Rate (DER) as the evaluation metric [11], defined as the proportion of
misclassified samples:

Ntest + Ntest
DER = 222 "~ "72Y « 100%
N, + N,

In Equation (9), N,, and N, represent the numbers of neutron and gamma test
samples, while N'*} and N denote misclassified samples. compares the
discrimination error rates of both CNN methods. Although traditional CNN
achieves low error rates, the deep metric learning method reduces the error rate

by approximately 33%.

To investigate whether deep metric learning can address the generalization de-
ficiency caused by pulse shape variations from front-end electronic parameters
and environmental variables, we tested both methods using measured data from
reference [23], which provides actual n/v mixed radiation fields from a 241Am-
Be neutron source. compares discrimination error rates on this measured data.
The deep metric learning method reduces the error rate by approximately 70%
compared to traditional CNN, demonstrating its effectiveness in solving gener-
alization capability issues.

To comprehensively compare performance across all three methods, we calcu-
lated FOM values for both CNN approaches after training. For the deep metric
learning method, test set samples were input to the model to obtain feature
vector representations. Cosine distances were computed between each sample
and reference points for neutrons and gamma rays, defining the discrimination
parameter PSD = D(sample, v) — D(sample, neutron). This parameter theoreti-
cally ranges in [-2,2], with PSD > 0 classified as neutron and PSD < 0 as gamma.
The PSD range was uniformly divided into 100 bins for statistical counting of
neutron and gamma sample distributions.

For the traditional CNN method, test set data was input to the model and
the neutron class probability output from the Softmax layer was extracted as
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the discrimination parameter PSD. This parameter theoretically ranges in [0,1],
with PSD > 0.5 classified as neutron and PSD < 0.5 as gamma. The PSD range
was similarly divided into 100 bins for distribution statistics. [Figure 13: see
original paper] shows discrimination results for both CNN methods.

compares the performance of all three methods. Testing on 3,986 pulse sam-
ples from the test set reveals that traditional CNN (FOM = 2.26) improves by
47.4% over charge comparison (FOM = 1.53), while deep metric learning (FOM
= 5.32) further improves by 135.4% over traditional CNN. In terms of computa-
tional efficiency, deep metric learning reduces processing time to 1.76 seconds, a
5.9% improvement over traditional CNN (1.87 seconds), indicating that the op-
timized feature embedding space enables more efficient pulse waveform feature
extraction.

For comprehensive performance evaluation, Receiver Operating Characteristic
(ROC) curves [24] were analyzed for all three methods. ROC curves graphically
illustrate the trade-off between True Positive Rate (TPR) and False Positive
Rate (FPR) across all thresholds. TPR and FPR are calculated as:

TP FP

TPR= ——— . FPR= ——
R TP 4 FN’ R FP+ TN

In Equation (10), TP and TN represent correctly predicted positive and negative
samples, while FP and FN represent incorrectly predicted positive and negative
samples [24]. Here, positive samples denote neutrons and negative samples
denote gamma particles. [Figure 14: see original paper] shows ROC curves
for all three methods. Superior discrimination methods exhibit ROC curves
closer to the upper-left corner, indicating higher classification accuracy and
lower false positive rates. The Area Under Curve (AUC) value [24], where
values approaching 1.0 indicate excellent performance, confirms that deep metric
learning achieves an AUC of 0.991, closer to 1.0 than both charge comparison
and traditional CNN methods.

Conclusion

This paper implements an n/v discrimination method based on deep metric
learning and compares it with current mainstream end-to-end neural network
classification methods and traditional charge comparison approaches. Results
demonstrate that deep metric learning achieves lower discrimination error rates
than traditional CNN methods and effectively solves generalization capability
issues arising from pulse shape variations due to front-end electronic param-
eters and environmental variables. Under our experimental conditions, deep
metric learning shows substantial performance improvements, with FOM values
increasing by approximately 247.7% over charge comparison and 135.4% over
traditional CNN. In processing time, deep metric learning offers slight advan-
tages over traditional CNN and significant improvements over charge compari-
son. The ROC curve for deep metric learning lies closer to the upper-left corner,
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indicating higher classification accuracy and lower false positive rates compared
to both traditional CNN and charge comparison methods. Moreover, feature ex-
traction based on optimized deep learning frameworks and deep metric learning
networks enables embedded deployment of PSD algorithms, providing a novel
approach for high-precision particle discrimination technology in radiation de-
tection systems.

References

[1] Zhu Jintao, Liu Guofu, Yang Yun, et al. The Development and Current
Situation of methods for identifying charged particles [J]. Nuclear Electronics
and Detection Technology, 2014, (2): 194-199, 225 (in Chinese).

[2] Wang Hongbo. Research on Data Processing Algorithm for Waveform Sam-
pling of Nuclear Detection Signals [D]. Sichuan University, 2005 (in Chinese).

[3] Zuo Guangxia, He Bin, Xu Peng, et al. Research on Simulation of n-y Pulse
Signal and Its Waveform Discrimination Technology [J]. Nuclear Technology,
2012, 35(05): 365-368 (in Chinese).

[4] Huang Lin, Chen Li, Chen Hua, et al. Research on Pulse Shape Discrim-
ination Method of Astragalus Crystal Detector Based on Digital Technology
[J]. Nuclear Electronics and Detection Technology, 2012, 32(09): 993-998 (in
Chinese).

[5] BROOKS F D. Development of organic scintillators[J]. Nuclear Instruments
and Methods, 1979, 162(1-3): 477-505.

[6] FLASKA M, POZZI S A. Identification of shielded neutron sources with the
liquid scintillator BC-501A using a digital pulse shape discrimination method[J].
Nuclear Instruments and Methods in Physics Research A, 2007, 577(3): 654-663.

[7] NAKHOSTIN M. A comparison of digital zero-crossing and charge compar-
ison methods for neutron/~-ray discrimination with liquid scintillation detec-
tors[J]. Nuclear Instruments and Methods in Physics Research A, 2015, 797:
77-82.

[8] JASTANIAH S D, SELLIN P J. Digital techniques for n/v pulse shape dis-
crimination and capture-gated neutron spectroscopy using liquid scintillators[J].
Nuclear Instruments and Methods in Physics Research A, 2004, 517(1): 202-210.

[9] JOYCE M J, ASPINALL M, MELLOW B, et al. Digital discrimination
of neutrons and 4-rays in liquid scintillators using pulse gradient analysis[J].
Nuclear Instruments and Methods in Physics Research A, 2007, 578(1): 191-
197.

[10] LIU G, JOYCE M J, MA Xiandong, et al. A digital method for the dis-
crimination of neutrons and ~ rays with organic scintillation detectors using
frequency gradient analysis[J]. IEEE Transactions on Nuclear Science, 2010,
57(3): 1682-1691.

chinarxiv.org/items/chinaxiv-202506.00255 Machine Translation


https://chinarxiv.org/items/chinaxiv-202506.00255

ChinaRxiv [$X]

[11] Liu G, Aspinall M, Ma X, et al. An investigation of the digital discrimination
of neutrons and 7 rays with organic scintillation detectors using an artificial
neural network[J]. Nuclear Inst. and Methods in Physics Research, A, 2009,
607(3): 620-628.

[12] Song Haisheng, Lyu Baiyang, Li Ting, et al. Research on n/y Discrimi-
nation Method Based on BP Neural Network [J]. Atomic Energy Science and
Technology, 2020, 54(01): 187-192 (in Chinese).

[13] Ronchi E, Soderstrom P, Nyberg J, et al. An artificial neural network based
neutron-gamma discrimination and pile-up rejection framework for the BC-501
liquid scintillation detector[J]. Nuclear Inst. and Methods in Physics Research,
A, 2009, 610(2): 534-539.

[14] Huang Kunxiang, Zhang Jiangmei, Wang Jiaqi, et al. Research on n/vy
Discrimination Method Based on GAF-CNN [J]. Atomic Energy Science and
Technology, 2024, 58(02): 461-470 (in Chinese).

[15] Liu Bing, Li Ruilin, Feng Jufu. Review of Deep Metric Learning [J]. Journal
of Intelligent Systems, 2019, 14(06): 1064-1072 (in Chinese).

[16] Macpherson S M, Hutchinson E C, Horst C, et al. Patient Reidentification
from Chest Radiographs: An Interpretable Deep Metric Learning Approach
and Its Applications[J]. Radiology. Artificial intelligence, 2023, 5(6): €230019-
€230019.

[17] Hu Song, Jiang Xiaowei, Yang Guang, et al. Application of Moving Average
Filtering in the Detection of Weak Pulse Signals [J]. Computer and Digital
Engineering, 2007, (10): 169-171, 193 (in Chinese).

[18] SCHROFF F, KALENICHENKO D, PHILBIN J. FaceNet: A unified em-
bedding for face recognition and clustering[C]//Proceedings of the IEEE Con-
ference on Computer Vision and Pattern Recognition. Boston, USA. 2015: 815-
823.

[19] Karegowda G A, Singh K S. GA and PSO Based Prototype Generation
for Nearest Prototype Classifiers[J]. International Journal of Data Mining And
Emerging Technologies, 2014, 4(2): 100-106.

[20] Guo Yanping, Gao Yun, Lyu Bingdong. Research on Data Visualization
Analysis Based on t-SNE Dimensionality Reduction [J]. Electronic Technology
and Software Engineering, 2021, (21): 166-170 (in Chinese).

[21] Huang Guangwei, Zhou Chunzhi, Xu Zhining, et al. Research on CLYC
Detector n/v Cluster Discrimination Method[J]. Atomic Energy Science and
Technology, 2018, 52(08): 1481-1486.

[22] WINYARD R A, LUTKIN J E, MEBETH G W. Pulse shape discrimination
in inorganic and organic scintillators[J]. Nuclear Instruments and Methods, 1971,
95(1): 141-153.

chinarxiv.org/items/chinaxiv-202506.00255 Machine Translation


https://chinarxiv.org/items/chinaxiv-202506.00255

ChinaRxiv [$X]

[23] Ding T, Jiang Y, Wang X, et al. Study on neutron-gamma discrimination
methods based on GMM-KNN and LabVIEW implementation[J]. Nuclear Sci-
ence and Techniques, 2024, 35(11): 84-99.

[24] N. Japkowicz, M. Shah, Evaluating Learning Algorithms: Performance Mea-
sures I, 2011, pp. 111-160, https://doi.org/10.1017/CB09780511921803.

Note: Figure translations are in progress. See original paper for figures.

Source: ChinaXiv —Machine translation. Verify with original.

chinarxiv.org/items/chinaxiv-202506.00255 Machine Translation


https://chinarxiv.org/items/chinaxiv-202506.00255

	Research on n/\gamma Discrimination Method Based on Deep Metric Learning
	Abstract
	Full Text
	Study on n/\gamma Discrimination Method Based on Deep Metric Learning
	Abstract
	1.1 Data Acquisition Platform
	1.2.1 Hardware-Collected Data
	1.2.2 Software-Simulated Data
	1.2.3 Data Preprocessing
	2.1 Principles of Deep Metric Learning
	2.2 Triplet Loss Function
	2.3 Network Model Design
	2.4 Triplet Construction Strategy
	2.5 Model Training Process
	3.1 Implementation of Deep Metric Learning Discrimination
	3.2 Charge Comparison Method Implementation
	3.3 Traditional CNN Method Implementation
	3.4 Performance Evaluation and Comparison
	Conclusion
	References


