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Abstract In this study, the anti-noise performance of a
pulse-coupled neural network (PCNN) was investigated in
the neutron and gamma-ray (n—7) discrimination field. The
experiments were conducted in two groups. In the first group,
radiation pulse signals were pre-processed using a Fourier
filter to reduce the original noise in the signals, whereas in the
second group, the original noise was left untouched to sim-
ulate an extremely high-noise scenario. For each part, arti-
ficial Gaussian noise with different intensity levels was
added to the signals prior to the discrimination process. In the
aforementioned conditions, the performance of the PCNN
was evaluated and compared with five other commonly used
methods of n—y discrimination: (1) zero crossing, (2) charge
comparison, (3) vector projection, (4) falling edge percent-
age slope, and (5) frequency gradient analysis. The experi-
mental results showed that the PCNN method significantly
outperforms other methods with outstanding FoM-value at
all noise levels. Furthermore, the fluctuations in FoM-value
of PCNN were significantly better than those obtained via
other methods at most noise levels and only slightly worse
than those obtained via the charge comparison and zero-
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crossing methods under extreme noise conditions. Addi-
tionally, the changing patterns and fluctuations of the FoM-
value were evaluated under different noise conditions.
Hence, based on the results, the parameter selection strategy
of the PCNN was presented. In conclusion, the PCNN
method is suitable for use in high-noise application scenarios
for n—y discrimination because of its stability and remark-
able discrimination performance. It does not rely on strict
parameter settings and can realize satisfactory performance
over a wide parameter range.
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1 Introduction

Given that the demand for neutron detection has sig-
nificantly increased in recent years, neutron monitoring has
become vital in numerous fields such as deep-space
exploration [1], reactors [2, 3], radiopharmaceuticals [4],
geology [5], national security [6, 7], and meteorology [8].
One of the essential challenges in neutron detection is the
presence of accompanying gamma-rays. They are gener-
ated by the interaction, i.e., inelastic scattering and radia-
tion capture, between the neutrons and the surrounding
environment. Hence, typically, an extensive gamma back-
ground is present wherever neutrons exist [9]. For most
radiation detectors, the incident neutrons and gamma-rays
are simultaneously recognized, and it is difficult to differ-
entiate the signal coming from neutrons or gamma-rays. To
distinguish these signals, pulse-shape discrimination (PSD)
was developed [10, 11], which is based on the differences
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in [12] the shapes of neutrons and gamma-rays pulse sig-
nals (n—y PSs). Therefore, discrimination techniques rely
heavily on scintillator materials, and many scintillators
with cutting-edge discrimination performance have been
developed [13-15]. It should be noted that most organic
scintillators exhibit similar decay characteristics, but other
scintillators exhibit different characteristics such as CLYC.
Among PSD-capable scintillators, plastic scintillators are
more commercially friendly, convenient to transform, and
adaptive to different work conditions; however, their dis-
crimination capabilities are limited. Conversely, liquid and
crystal [16] scintillators commonly outperform plastic
scintillators in terms of discrimination, although they are
more expensive. Furthermore, liquid scintillators are diffi-
cult to store and transport.

Plastic scintillators are preferred in many scenarios due
to their application requirements and cost control. How-
ever, many broadly used discrimination methods, such as
charge comparison [17] and the zero-crossing method [18],
perform poorly in plastic scintillators when compared to
liquid scintillators. Consequently, a discrimination method
capable of realizing a higher performance in plastic scin-
tillators is required. In 2021, Liu et al. resolved this
problem by proposing a pulse-coupled neural network
(PCNN)-based discrimination method [19], which exhibits
a remarkable discrimination effect when applied to n—y PS
data acquired for a plastic scintillator. This method can
recognize dynamic information inside n—y PSs and has the
advantage of no pre-training process requirements. Fur-
thermore, the anti-noise ability was mentioned in their
study, but they did not further validate the anti-noise per-
formance of the PCNN applied in n—y discrimination.

Although many studies have been performed to control
the noise in various detection systems [20-22], it is still an
inevitable problem in any radiation detection system;
hence, it is crucial for discrimination methods to maintain a
stable performance under the influence of noise. In the
present study, experiments were conducted to investigate
the noise immunity of the PCNN. The n-y mixed field, used
in the study, was generated by a 4.5-MeV (mean energy)
241 Am-Be neutron source, and n—y PSs were measured
from this field via an EJ299-33 plastic scintillator and a
9821B photomultiplier. Different levels of Gaussian noise
were added to the pulse shapes prior to the discrimination
process. The experimental results of the PCNN were
compared with the other five commonly used discrimina-
tion methods under different noise conditions, namely, zero
crossing (ZC), charge comparison (CC), vector projection
(VP), falling edge percentage slope (FEPS), and frequency
gradient analysis (FGA) methods. Additionally, the influ-
ence of the PCNN parameters on its anti-noise effect was
elucidated. Based on this, a parameter decision strategy
was presented for high-noise application scenarios.

@ Springer

The remainder of this paper is organized as follows. In
Sect. 2, several n—y discrimination methods are intro-
duced. In Sect. 3, evaluation criteria for n—y discrimina-
tion are defined. In Sect. 4, details of the experimental
design and results are presented, and the characteristics of
the PCNN parameters are analyzed. Finally, conclusions of
this study are presented in Sect. 5.

2 Principles of discrimination methods
2.1 Zero crossing

The zero crossing (ZC) method is one of the most used
methods in the n—y discrimination field based on a simple
methodology, while it offers reliable discrimination results
[18, 23]. To discriminate the pulse signals using this method,
n—y PS must be first transformed into a bipolar pulse signal.
Second, the so-called zero-crossing time should be calculated
by finding the time interval between the beginning of the n—y
PS and zero-crossing point of the bipolar pulse signal, which
are set as 10% of the pulse maximum and the first sample after
the pulse’s peak that crosses the baseline, respectively.
Finally, the neutrons and gamma-rays can be discriminated by
comparing the zero-crossing times of different n—y PSs.
Specifically, a digital CR — RC? filter was used for the
transformation from the original n—y PS to the bipolar pulse
signal, whose mathematical expression is as follows [24]:

y[n] = 3dy[n — 1] — 36%y[n — 2] + &°y[n — 3]
+ T5<1 ~ %T>x[n —1] -1 (1 +%T)x[n - 2],
(1)

where y denotes the bipolar pulse signal obtained by this
filter process, x denotes the original n—y PS, n denotes the
sample index, é and o denote constants defined by:

s=e 1, (2)

where 7 = RC denotes the shaping time and T denotes the
sampling interval of the pulse signal. Furthermore, v and T
were determined using the detection system and its set-
tings. Given the slower decay speed of neutron pulse sig-
nals (organic scintillators), the zero-crossing time of
neutrons is longer than that of gamma-rays.

2.2 Charge comparison
As the charge comparison (CC) method exhibits out-

standing discriminating efficiency and stability, it has been
widely used in many areas that require the n-y
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discrimination technique [17]. A criterion termed as charge
ratio R, is used to transmit the pulse shape information of
neutrons and gamma-rays, which can be calculated as
follows [25]:

_ XN

Om’
where Qy denotes the charge of the slow component,
which can be calculated by integrating the amplitude of the
falling edge and delayed fluorescence parts of a pulse
signal, Qy; denotes the charge of the entire signal, which is
defined as the amplitude integration of all sampling points
of a given pulse signal. Given that the decay speed of a
pulse signal generated by a neutron is slower than that of a
gamma-ray photon, along with the effect of the delayed
fluorescence that is characteristic of neutron pulses, the
slow component charge Oy due to neutrons is significantly
larger than that of gamma-ray signals. Hence, the R.-value
for the neutrons is higher than that for the gamma-rays
because of the differences between the n—y PSs.

R,

(4)

2.3 Vector projection

In the vector projection (VP) method [26, 27], the pulse
signals of different particles are considered as vectors
pointing in different directions in a vector space. First, n—y
PSs were normalized. Second, two ideal pulse signals
corresponding to neutron and gamma-rays are defined.
They are typically obtained by averaging a significant
number of respective n—y PSs. Then, every single vector
(i.e., n—y PS) is projected in the projection direction, which
is defined as the difference between ideal pulses. The
projection results of neutrons and gamma-rays differ and
act as the discrimination factor. The projection results of
neutrons are generally larger or smaller than those of
gamma-rays based on whether the projection direction is
positive or negative with respect to the vector space. In this
study, the projection results of gamma-rays are set as
smaller than those of neutrons to maintain the same dis-
tribution of the neutron and gamma peaks in the histogram
of counts (Sect. 3) as those for other discrimination
methods used in this study (i.e., the neutron band on the
right side with larger discrimination factors and the
gamma-ray band on the left side with smaller discrimina-
tion factors).

2.4 Falling edge percentage slope

The falling edge percentage slope (FEPS) method
[27, 28] aims to realize fast real-time n—7y discrimination.
To realize discrimination using this method, a region of
interest (ROI) must be selected, which is located in the
region with the most significant differences between n—y

PSs in the falling edge area. The ROI is specified by setting
two thresholds on the top and bottom, termed as Above A
threshold (AAT) and Below A threshold (BAT), respec-
tively. The analysis includes finding the intersections
between a n—y PS and these two thresholds: intersection ®
at coordinates (®,,®,) for AAT and intersection
Y(¥,,P,) for BAT. Finally, the discrimination factor, i.e.,
the Rg, is calculated as follows:
_ le — (I)y

Ry = .
l lP)r_q)x

(5)

Usually, the BAT is a constant and set as 10% of the
maximum of a n—y PS, whereas the AAT is a manually
determined parameter that varies from 30 to 90% of the
maximum. As gamma-ray pulses exhibit a faster decline
speed, the absolute value of their Ry is considerably larger
than those of neutrons. Additionally, the R,-values of n—y
PSs are negative; hence, in the histogram of counts of n-y
PSs mentioned in Sect. 3, the gamma-ray band is located
on the left side of the neutron band.

2.5 Frequency gradient analysis

The frequency gradient analysis (FGA) method is a
frequency-domain-based method with theoretically spe-
cialized anti-noise ability as proposed in 2010 [29]. When
applying it to n—y PSs, a radiation pulse signal must be
transformed into the frequency domain using the Fourier
transform. In contrast to the original time-domain signal, in
which the most significant differences between n-y PSs are
located at the falling edge area, the frequency-domain
signal exhibits distinct differences between n—7y PSs at the
beginning of the signal. The amplitudes of the transformed
n—vy frequency-domain signals at zero frequency, equal to
the average values of the entire time-domain pulse signals
of the neutron and gamma-ray, respectively, significantly
differ from each other. Subsequently, two points in the
early parts of a frequency-domain signal are selected to
calculate the gradient value, R,, which is further used in the
discrimination process. The mathematical formula for the
discrimination factor, termed as the frequency gradient, is
defined as follows:

_ XO)f = Xl

7 )
where X(f) denotes the frequency-domain signal trans-
formed from an original time-domain n—y PS using the
Fourier transform, f denotes the frequency, which is
located at the initial parts of the frequency-domain signal
mentioned earlier. The R,-value of neutrons is greater than
that of gamma-rays because of the faster decrease in the
frequency domain signals of the neutrons.

Rg (6)
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2.6 Pulse coupled neural network

A pulse-coupled neural network (PCNN) was introduced
into the field of n—y discrimination by Liu et al. in 2021
[19]. It has been shown to exhibit a significantly better
performance than almost all the previous discrimination
techniques. This is attributed to its ability to recognize and
capture the dynamic information in n—y PSs, which is
crucial, if not the most important, information for the dis-
crimination process. This characteristic is inherited from
the original structural design and application of the PCNN.
Initially, the PCNN was inspired by the biological neuronal
cortex of animals. The biological neurons of the visual
cortex of animals receive stimulation from their eyes,
leading to spike generation and transmission between cell
assemblies in the cortex [30, 31]. This interaction between
cell assemblies can recognize and analyze the information
contained in the stimuli [32] wherein the information is
carried by the images that are observed by the eyes of the
animals. Due to evolution, this working style of neurons is
extremely effective in dealing with dynamic information
inside images. Based on these neurological findings, Eck-
horn et al. proposed an artificial cortical model [33] that
enables computers to obtain parts of the dynamic infor-
mation processing ability of biological neurons. A few
years later, in 1994, Johnson et al. designed a PCNN model
based on Eckhorn’s original cortical model for the image-
processing area [34, 35]. Since then, PCNN has been
widely used in many image processing applications such as
image shadow removal [36], feature extraction [34], pat-
tern recognition [32], image segmentation [35], and object
recognition [37, 38].

The structural design of the PCNN incorporates three
closely connected parts: accepted, modulation, and pulse
generator domains [39]. First, the link input (LI) and
feedback input (FI) constitute the accepted domain, and
they are both modulated by the surrounding neurons via
weighting matrices M and W. The LI is responsible for the
stimulus provided by the surrounding neurons, whereas the
input signal’s outer stimulus S mainly affects the FI. Sec-
ond, the modulation domain controls the relationship
between the internal threshold and internal activity by
changing the character of the dynamic threshold 6. Finally,
the pulse generator domain is responsible for the activation
of a neuron by comparing the value of its internal activity
U and dynamic threshold . If the activity exceeds the
threshold, then the neuron is activated (or ignited), and
consequently passes a stimulus to its neighboring neurons.
The mathematical equations for these activities are as
follows [40]:

@ Springer

Fij[n] = e *Fij[n— 1]+ Vg ZMijlekl[n —-1]+S8; (7)
[T

Lyln] = e Lyln — 1]+ VLY WyuYuln — 1], (8)
kl

Ujln] = Fy[n){1 + BLy[n]}, (9)

il = {5, e (0

0;i[n] = e *0;[n — 1] + VyY;[n — 1], (11)

where F denotes the FI and L denotes the LI; subscripts ij
denote the location of a neuron at coordinate (i,j); n
denotes the iteration count; o and ¢y denote the decay
time constants of FI and LI, respectively; Vg and Vi denote
the amplification coefficients of FI and LI, respectively; M
and W symbolize the weighting matrices of FI and LI,
respectively; S denotes the input signal’s outer stimulus; U
denotes the internal activity; Y denotes the timing pulse
sequence that determines whether a neuron located at (i, )
should be fired (U;n] > 0;[n], Y;n] =1) or not fired
(U;j[n] < 0[n], Yj[n] = 0); 0 denotes the dynamic thresh-
old; f denotes the linking strength, which modulates the
contribution from the FI and LI to the internal activity U,
ap and Vj denote the decay time constant and amplification
coefficient of the dynamic threshold, respectively.

To discriminate n—y PSs using the PCNN method [19],
the neural network should be first provided with n—7 PSs in
order to generate an ignition map (a vector of the same size
as the n—y PS) that corresponds to each fed n—y PS. The
pulse shape differences between neutrons and gamma-rays
are amplified and more discernible in the ignition maps of
neutrons and gamma-rays. Subsequently, the discrimina-
tion factor was obtained by integrating the ignition times
(the number of times a neuron at one point is ignited) of
parts of the ignition map that correspond to the parts
incorporating the falling edge and delayed fluorescence in
the original n—y PS. It should be noted that the discrimi-
nation factors of neutrons are greater than those of gamma-
rays because the ignition times of a point are more sig-
nificant if the amplitude is higher.

3 Evaluation criteria

In this study, Figure of merit (FoM) is used to objec-
tively evaluate the discrimination performance of several
methods under different conditions. After the discrimina-
tion process, the discrimination results, i.e., the discrimi-
nation factors of n—7 PSs, were used to create a histogram.
This histogram consists of two bands: the gamma-ray band
on the left side and neutron band on the right side. We used
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a Gaussian fitting function to fit each band and calculated
the FoM-value using the following Eq. [41]:

S
FoM = , (12)
FWHM, + FWHM,

where S denotes the distance between these two bands,
FWHM,, and FWHM, denote the full width at half maxi-
mum of the gamma-ray (on the left side) and neutron (on
the right side) bands, respectively. For an excellent dis-
crimination result, the bands in the histogram are dis-
cernibly separated from each other, while each band
maintains a Gaussian distribution with low variance. This
leads to a larger S-value and smaller FWHM,, and FWHM,
values. This implies that as the FoM value increases the
discrimination results become better.

4 Experiment
4.1 Experimental setups and parameter settings

The 9414 n—y PSs used in the study were collected
under excitation from a **' Am-Be isotope. To acquire data,
we used a TPS2000B oscilloscope (with 200—MHz band-
width, 1-GS/s sampling rate, and 8 bits of vertical resolu-
tion), 9821 B photomultiplier, and n-y discrimination
capable plastic scintillator (EJ299-33). We followed the
Shannon criteria [42], the pulse duration was set to 160 ns
to prevent the bandwidth from suppressing the information.
The trigger threshold was set to 500 mV, which corre-
sponds to a 1.6-MeVee (electron equivalent, i.e., signal
produced by 1.6-MeV gamma-ray) threshold. Typical pulse
waveforms of neutrons and gamma-rays are shown in
Fig. 1.

All parameters of the discrimination methods used in the
study are optimized. For the ZC method, T =1 ns and

T =72 ns. For the CC method, we set the range (1‘3 —

10, P+ 90) ns as the total component, where the P denotes
the time when a pulse reaches its maximum value, and the
range (P +27,P +90) ns denotes the slow component.
For the FEPS method, the aforementioned threshold A is
set to 60%. For the FGA method, f = 1. Finally, for the
PCNN method, we set n = 180, ag = 0.325, o, = 0.356,
og = 0.081, VE=0.0005, VL =0.0005, Vy=16.8,
p=0.67, M =W =[0.1509,0,0.1509], and the integra-
tion range is set as (P — 7, P + 123) ns.

4.2 Discrimination results and analysis
Filtering is a standard process for most discrimination

approaches, and it reduces the noise from the detection
system (e.g., the noise of the photomultiplier tube or

10 1 1 1 1 1
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Fig. 1 (Color online) Typical pulse waveforms of neutrons and
gamma-rays

random voltage fluctuation). Zuo et al. demonstrated that
different discrimination methods include an optimal fil-
tering method, which can exhibit optimal discrimination
performance [43]. In the study, the most commonly used
filtering method, the Fourier filter, was applied to all dis-
crimination methods to control variables such that the
change in FoM is only affected by the type of discrimi-
nation method. Additionally, in the study, we focus on the
effect of noise. Hence, evaluation was conducted twice as
follows: using the raw n-y PSs and using filtered n—y PSs.
Although ZC, CC, VP, and PCNN methods can work
adequately with or without the filter, the FEPS method is
unable to correctly discriminate n—y PSs when the n—y
PSs are not pre-processed by the filter.

Hence, the discrimination processes can be divided into
two groups as follows: (i) five methods that benefit from
filtering (ZC, CC, VP, FEPS, and PCNN) and (ii) five
methods that do not benefit from the filtering process (ZC,
CC, VP, FGA, and PCNN). The discrimination results are
shown in Figs. 2 and 3 as two-dimensional histograms. In
the histograms, count refers to the number of n-y PSs with a
specific range of normalized discrimination factors and
normalized maximum pulse amplitudes. The band on the
left side originates from gamma-ray pulses, and the band
on the right side originates from neutron signals.

As shown in Fig. 2, CC (a) and PCNN (b) methods
significantly outperform other methods with band shapes
that are consistent with a Gaussian distribution and a wide
gap between the gamma-ray and neutron bands. For ZC
(c) and VP (d) methods, an excessively high number of
n—y PS counts were located between the bands, and they
were difficult to identify. The discrimination performance
of the FEPS (e) method is poor given that both bands are

@ Springer
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Fig. 2 (Color online) Discrimination results with pre-processed data
for the following methods: a Charge Comparison, b Pulse Coupled
Neural Network, ¢ Zero Crossing, d Vector Projection, and e Falling
Edge Percentage Slope. For the excellent discrimination result, two

smeared (larger FWHM), and thus they almost overlap
with each other.

The results of the raw data processing are shown in
Fig. 3. In general, when raw data are used, the discrimi-
nation effects of ZC (a) CC (b) VP(c) and PCNN (d)
methods are slightly degraded when compared with their
performance with filter processing as shown in Fig. 2. The
number of counts located between the n—y bands signifi-
cantly increased when band widths (FWHM) increased.

@ Springer

bands should be separated to leave the minimum possible number of
counts between the two bands. Each band should be centrally
distributed, thereby maintaining the shape of Gaussian distribution

Evidently, the residual noise in n—y PS negatively affects
the discrimination process. More experiments were per-
formed to determine the specific impact of noise on the
different methods,.

Thus, different intensity levels of Gaussian noise were
added to the n—y PSs before the discrimination process to

evaluate the different methods. The Gaussian noise X follows

the distribution X ~ N (0, 0.2), and the intensity level is defined
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(b)

(d)

Fig. 3 (Color online) Discrimination results using raw data for the following methods: a Zero Crossing, b Charge Comparison, ¢ Vector
Projection, d Pulse Coupled Neural Network, and e Frequency Gradient Analysis

e Independently repeat the discrimination experiment
4000 times.
e A comparison of the averaged FoM-value of the first

) ) _ 2000 times and that of the rest ensures that the
experiment because different random sequences X generated difference between them is sufficiently low (less than
in every independent experiment can lead to different dis- 0.001).

crimination results. The average discrimination performance
tended to be stable only when the number of independent
experiments was sufficient. This average performance repre-

as a constant c. The artificial noise added to the n—y PSs is cX.
However, it is not possible to represent the effectiveness of a
method under a given noise level by the result of a single

e The average FoM-value of all 4000 experiments as the
discrimination performance under a specific noise level.

sents general effectiveness under specific noise conditions. Hence, we avoided variation in the FoM-value due to
The following steps were performed to determine the effec- ~ random noise, and thus the average performance under a
tiveness of the method under a given noise level: specific circumstance is distinct. The experiment was

@ Springer
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Fig. 4 (Color online) Discrimination performance under noise conditions with filtering process. a FoM-value of different discrimination
methods under serval noise levels; b Fluctuations in FoM-value of different discrimination methods under serval noise levels

divided into two groups, similar to the former. First, the
n—y PSs were filtered via the Fourier filter before dis-
crimination, thereby ensuring that the effect of noise
mainly originates from the artificially added Gaussian
noise with a controllable level. Second, raw n—y PSs were
fed to the discrimination process, and thus the original
noise from the radiation detection system remained
unchanged and was further artificially increased by Gaus-
sian noise to evaluate the performance of different meth-
ods. Their performance was quantified by the FoM-value
and its fluctuation, which is defined as the absolute value of
the difference between the FoM-value of n—y PSs without
artificially added Gaussian noise and FoM-value under a
given level of artificially added noise. For each noise level,
the discrimination experiment for each method was per-
formed multiple times (over 4000 times in this study) to
obtain an average fluctuation in FoM-value, which denotes
the general performance of the method under this specific
noise scenario. The experimental results are shown in
Figs. 4, 5.

In Fig. 4a, in a manner similar to the intuitive results
shown in Fig. 2, the discrimination methods are easily
separated into two groups according to their performance.
The FoM-values of the PCNN and CC methods fluctuate at
approximately 1.7 while those of the other methods are
roughly in the range of 1.0 to 1.2 and generally tend to
decline as the noise level increases. As shown in Fig. 4b,
the FEPS method is the most sensitive to noise, and its
fluctuations significantly increase when the noise level
increases. This is because the FEPS method relies on the
calculation of a certain area’s slope of the falling edge, and
this requires n—7y PSs to be highly smooth. They are no
longer smooth when Gaussian noise is added to the signals.
Hence, the discrimination performance of the FEPS
degrades significantly. Given this characteristic, the FEPS

@ Springer

method cannot work properly without the filtering process,
and it requires a filter to smooth n—y PSs. The VP, CC, and
Z.C methods exhibit a similar tendency of fluctuation in the
FoM-value, which slowly increases with increases in the
noise level. With respect to the PCNN method, its fluctu-
ation initially shares the same pattern with other methods
and then surprisingly decreases to zero. This is because the
discrimination effect of the PCNN initially improved
slightly at the low noise level (as shown in Fig. 4b) and
then decreased when the noise level exceeded 0.01. This
implies that the PCNN can realize a better discrimination
performance under a low-noise scenario than that without-
noise scenario. This property is realized by tuning the
parameters of the PCNN, thereby making it more capable
of anti-noise characteristics while sacrificing minimal dis-
crimination performance. The parameter selection strategy
is explicitly illustrated in Sect. 4.3.

Figure 5a shows the experimental results without fil-
tering process wherein it is observed that PCNN and CC
methods still yield the optimal FoM-value and exhibit
stable performance under high noise conditions. However,
FGA and VP methods perform poorly under the high noise
circumstances wherein the FoM-value fluctuates around 1
and 0.8 values, respectively, which are unacceptable in
many n—7y discrimination applications. Additionally, the
effect of PCNN does not improve at the low artificial noise
level as in the former experiment, thereby suggesting that
raw n—y) PSs already contain excessive noise.

As shown in Fig. 5b, the anti-noise ability of the VP
method is unsatisfactory, and its fluctuations increase
immediately when artificial noise is added. A comparison
of the discrimination performance of the VP method with
and without pre-processing indicated that its FoM-values
significantly decrease from a normal level to a level that
cannot be considered successful. The fluctuations in the
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FGA method initially increased and then decreased at a
higher noise level. Given the frequency domain-based
property of the FGA method, it can work well in such high
noise condition, with its FoM-value fluctuating at approx-
imately 1.03 and does not show a clear decline tendency.
With respect to the CC and ZC methods, their fluctuations
in FoM-value were the most stable and remained at a low
level under all noise conditions. Finally, for the PCNN
method, the change in the fluctuations in FoM-value are
almost identical to those of the CC and ZC methods below
0.01 noise level. However, at higher levels, the fluctuations
of the PCNN increase faster than those of the CC and ZC
methods. The detailed discrimination performances of
different methods under different situations are listed in
Table 1. The best results of evaluation criteria under each
noise condition are marked in bold.

In conclusion, as shown in Table 1, the PCNN method
exhibits optimal discrimination performance with and
without the filtering process, with FoM-values significantly
exceeding those of all other methods. Additionally, the
anti-noise ability of the PCNN exceeded that of other
methods under filter conditions and reached the same level
as the other fluctuation-stabilized methods (such as the CC
and ZC methods) when the filtering process was removed.
Although the anti-noise performance of ZC and FGA
methods is good, their poor discrimination performance is a
disadvantage that cannot be ignored. The CC method
exhibited a discrimination performance second only to that
of the PCNN and even better anti-noise performance under
extreme noise conditions. Therefore, for high-noise appli-
cations, the PCNN method is recommended because it can
remain stable under varying noise conditions and can
exhibit an outstanding discrimination performance. How-
ever, if the noise conditions are extremely poor, then the
use of the CC method is recommended to cross-check

discrimination results of the PCNN method for ensuring the
accuracy and effectiveness of discrimination results.

4.3 Selection strategy of the parameters of PCNN

The discrimination performance and anti-noise capa-
bilities are closely related to the parameters of the PCNN.
Hence, it is important to determine the behavior of the
PCNN when these parameters change. In this section, we
evaluated the effect of the six main parameters of the
PCNN. When a parameter is changed, the other parameters
are fixed to the values mentioned in Sect. 4.1. For each
parameter, experiments were conducted for different noise
levels to determine its effect on anti-noise performance and
under a zero artificial noise scenario to estimate its impact
on discrimination performance. The experimental results
are shown in Fig. 6. In the figure, the Y-axis on the left side
denotes fluctuations in the FoM value measured for dif-
ferent noise levels, and the Y-axis on the right side repre-
sents the FoM value measured without artificial noise.

As shown in Fig. 6a, the FoM-value declines from
approximately 1.85 to 1.65, with some periodical fluctua-
tion when the value of o increases while the fluctuations in
FoM-value stabilize at their lowest level when the value of
o is approximately 0.325. The af is responsible for the
decay rate of the FI. A larger or value indicates a faster
return of activated neurons to the resting state. Hence, it
increases the ignition frequency of the neuron. If the ogp-
value is excessively low, then the ignition frequency of
each neuron in the PCNN decreases, thereby adversely
affecting the information recognition ability of the PCNN.
Conversely, if the ap-value is excessively high, it sup-
presses the effect on a neuron from its former iteration, and
thus the FI is heavily reliant on the outer stimulus, which
can deteriorate the discrimination and anti-noise
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Table 1 Discrimination Method/Noise level

0 0.5 1 1.5 2

performance under various
noise conditions
ZC (FoM)
CC (FoM)
VP (FoM)
FEPS (FoM)
PCNN (FoM)
Method/Noise level
ZC (FoM fluctuation)
CC (FoM fluctuation)
VP (FoM fluctuation)
FEPS (FoM fluctuation)
PCNN (FoM fluctuation)

Discrimination results under influence of noise with filtering process

Discrimination results under the effect of noise without filtering process

ZC (FoM)

CC (FoM)

VP (FoM)

FGA (FoM)

PCNN (FoM)
Method/Noise level
ZC (FoM fluctuation)
CC (FoM fluctuation)
VP (FoM fluctuation)
FGA (FoM fluctuation)
PCNN (FoM fluctuation)

1.097 1.094 1.091 1.084 1.075
1.618 1.602 1.597 1.587 1.574
1.024 1.011 1.008 1.006 1.001
1.184 1.165 1.148 1.119 1.081
1.720 1.741 1.740 1.731 1.721
0 0.5 1 1.5 2

0 0.003 0.005 0.011 0.020
0 0.009 0.013 0.018 0.026
0 0.011 0.015 0.017 0.021
0 0.015 0.029 0.054 0.086
0 0.012 0.011 0.006 0.000
1.104 1.107 1.103 1.100 1.091
1.563 1.572 1.566 1.557 1.546
0.870 0.892 0.892 0.892 0.892
1.034 1.072 1.065 1.058 1.052
1.744 1.736 1.734 1.723 1.698
0 0.5 1 1.5 2

0 0.002 0.001 0.003 0.011
0 0.005 0.002 0.003 0.011
0 0.025 0.025 0.024 0.024
0 0.037 0.030 0.023 0.017
0 0.004 0.005 0.012 0.026

performance of the PCNN. Hence, o should be selected as
approximately 0.325. As shown in Fig. 6b, a change in o,
does not affect the discrimination or anti-noise capabilities
over a wide range. This is because oy, is responsible for the
behavior of the LI, whereas the LI is not extremely
important in n-y discrimination applications. The discrim-
ination process mainly depends on the FI to extract infor-
mation from n-y PSs, whereas the LI only slightly
moderates the internal activity of neurons. Any value from
0.34 to 0.36 is acceptable for o .

As shown in Fig. 6¢c, the FoM-value fluctuated at
approximately 1.7 when the M changes without an obvious
pattern whereas the fluctuations in FoM-value tended to
decrease when the value of M increased. The M affects the
contribution of the surrounding neurons to the central
neuron. Increases in the value make the connection
between neighboring neurons closer. A stronger connection
between neurons decreased the sensitivity of PCNN to the
random fluctuation of the pulse signals, i.e., it improved in
terms of ignoring extraneous noise and focusing on the
information carried by the signals. The recommended
range of M-value was 0.15 0.28. As shown in Fig. 6d, the
performance of the PCNN was steady for f values of f§
lower than 0.72. For values exceeding this value, the

@ Springer

performance of discrimination and noise immunity signif-
icantly decreased. This degradation originated from the
relationship imbalance between FI and LI. As previously
mentioned, FI is more important in n-y discrimination
applications. When the f§ value increased, the contribution
of LI to the internal activity also increased, which directly
decreased the contribution of FI'’s because the internal
activity consisted of FI and LI. Thus, if the contribution of
one increases, that of the other must proportionally
decrease. Therefore, the [ values should be lower than
0.65.

Figure 6e and f shows the effect of the two parameters
related to the dynamic threshold. The oy, which is
responsible for the decay speed of the dynamic threshold,
exhibited an apparent optimal value range of approxi-
mately 0.083-0.088. In this range, discrimination and anti-
noise capabilities were good. With respect to the amplifi-
cation coefficient Vy, the FoM-value decreased from 1.9 to
1.5 when Vj increased. The fluctuations in FoM-value
initially ameliorated when the value of Vj increased from
15 to 17. However, the fluctuations significantly increased
when Vjy exceeded 17. The Vy affects the amplification
speed of the dynamic threshold. A larger Vgy-value leads to
a faster amplification speed, thereby curtailing the ignition
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process of the neurons and decreasing the ignition fre-
quency. This negatively impacts the information extraction
ability of the PCNN and results in a decrease in the FoM-
value as shown in Fig. 6f. Meanwhile, the considerable
amplification speed makes it difficult for the dynamic
threshold to be exceed by the stimulus of noise, which
explains increases in the PCNN’s noise immunity in the
middle range of Vy value. The value of V should be in the
16-16.5 range.

In general, all parameters of the PCNN can be selected
from a wide range and still achieve an
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time constant oy; f Amplification coefficient V. The Y-axis on the left
side denotes the fluctuations in FoM-value, measured for different
noise levels; and the Y-axis on the right side represents the FoM-
value, which is measured without artificial noise

acceptable discrimination performance (with FoM-value
from 1.6 to 1.9) and anti-noise performance (with fluctu-
ations in FoM-value under 0.04). The result indicates that
the PCNN method is not heavily constrained by its
parameters when applied to n—y discrimination. In addi-
tion, the effect of many parameters on discrimination and
anti-noise performance steadily fluctuated when the values
of the parameters were within a reasonable range whereas
the performance significantly decreased when the values
were selected at extremes. The reason for this phenomenon
was that the PCNN was composed of several closely
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connected parts. Hence, when the parameter responsible
for one part exhibited significant changes, the other parts
modulated it to make it work accurately. For example, if
the o was excessively low, the decay speed of the FI
significantly decreased, and the FI increased accordingly
and provided a stronger stimulus to the internal activity.
Nevertheless, the internal activity did not make the neurons
stay activated forever. The dynamic threshold was ampli-
fied more times than in the usual «g-value scenario such
that the neurons returned to the initial state. However, the
modulation ability exhibited certain limitations. Modula-
tion failed if the selected parameter was excessively radical
to maintain the connection between different parts of the
PCNN, thereby decreasing the performance of the PCNN.

5 Conclusion

In the study, the anti-noise performance of the PCNN
method for n—y) discrimination was evaluated. The n—y
pulses used in the study were generated via a plastic
scintillator (EJ299-33) under **' Am-Be excitation. A 9821
B photomultiplier and an oscilloscope with 200-MHz
bandwidth, 1-GS/s sampling rate, and 8-bit vertical reso-
lution were used to collect data. It is noted that the sam-
pling rate of the oscilloscope influences the discrimination
performance. The experiments were divided into two runs
as follows: in the first run, pulses were pre-processed using
the Fourier filter to reduce original noise in the signals, and
in the second run, original raw signals were used to sim-
ulate an extremely high-noise scenario. For each run,
artificial Gaussian noise at different levels was added to the
signals before the discrimination process. Under these
circumstances, the performance of the PCNN was evalu-
ated and quantified via FoM-values and their fluctuations.
The performance of the PCNN was compared with the
other five commonly used methods, namely zero crossing,
charge comparison, vector projection, falling edge per-
centage slope, and frequency gradient analysis.

The experimental results indicated that the PCNN method
outperforms most other methods (CC is close) in FoM-value
under all noise conditions. Furthermore, the fluctuations in
FoM-values were lower for the PCNN than for the other
methods when the pulse signals are pre-filtered under most
conditions. Only for the additional artificial noise at high
levels, the fluctuations in the FoM-values of the PCNN
exceeded those of the CC and ZC methods. The results
demonstrated that the PCNN method exhibits outstanding
anti-noise capability and can be applied to high-noise
applications. Additionally, experiments were conducted to
evaluate the effect of PCNN parameters. Variations in FoM-
values and their fluctuations were observed under different
noise conditions. The experimental results suggested that

@ Springer

PCNN does not rely on strict parameter settings and can
realize satisfactory performance over a wide parameter
range. In conclusion, the PCNN method is suitable for use in
high-noise scenarios due to its stability and excellent dis-
crimination performance. A future study will further validate
the feasibility of the PCNN in processing pulse signals
recorded for different scintillator materials.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in any medium or format, as
long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons licence, and indicate
if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless
indicated otherwise in a credit line to the material. If material is not
included in the article’s Creative Commons licence and your intended
use is not permitted by statutory regulation or exceeds the permitted
use, you will need to obtain permission directly from the copyright
holder. To view a copy of this licence, visit http://creativecommons.
org/licenses/by/4.0/.

Author contributions All authors contributed to the study concep-
tion and design. Material preparation, data collection and analysis
were performed by Hao-Ran Liu, Zhuo Zuo and Peng Li. The first
draft of the manuscript was written by Hao-Ran Liu and all authors
commented on previous versions of the manuscript. All authors read
and approved the final manuscript.

References

1. A. Soto, R.G. Fronk, K. Neal et al., A semiconductor-based
neutron detection system for planetary exploration. Nucl.
Instrum. Methods Phys. Res. Sect. A 966, 163852 (2020). https://
doi.org/10.1016/j.nima.2020.163852

2. T. Bily, L. Keltnerova, Non-linearity assessment of neutron
detection systems using zero-power reactor transients. Appl.
Radiat. Isot. 157, 109016 (2020). https://doi.org/10.1016/j.apra
dis0.2019.109016

3. E. Rohée, R. Coulon, C. Jammes et al., Delayed neutron detection
with graphite moderator for clad failure detection in Sodium-
Cooled Fast Reactors. Ann. Nucl. Energy 92, 440-446 (2016).
https://doi.org/10.1016/j.anucene.2016.02.003

4. Y. Kavun, T. Eyyup, M. Sahan et al., Calculation of production
reaction cross section of some radiopharmaceuticals used in
nuclear medicine by new density dependent parameters. Siiley-
man Demirel Universitesi Fen Edebiyat Fakiiltesi Fen Dergisi 14,
57-61 (2019). https://doi.org/10.29233/sdufeffd.477539

5. F. Zhang, Q. Zhang, R.P. Gardner et al., Quantitative monitoring
of CO2 sequestration using thermal neutron detection technique
in heavy oil reservoirs. Int. J. Greenhouse Gas Control 79,
154-164 (2018). https://doi.org/10.1016/].ijggc.2018.10.003

6. R.T. Kouzes, J.H. Ely, L.E. Erikson et al., Neutron detection
alternatives to 3He for national security applications. Nucl.
Instrum. Methods Phys. Res. Sect. A 623, 1035-1045 (2010).
https://doi.org/10.1016/j.nima.2010.08.021

7. D. VanDerwerken, M. Millett, T. Wilson et al., Meteorologically
driven neutron background prediction for homeland security.
IEEE Trans. Nucl. Sci. 65, 1187-1195 (2018). https://doi.org/10.
1109/TNS.2018.2821630

8. V. Yanchukovsky, V. Kuz’'menko, Method of automatic correc-
tion of neutron monitor data for precipitation in the form of snow


http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1016/j.nima.2020.163852
https://doi.org/10.1016/j.nima.2020.163852
https://doi.org/10.1016/j.apradiso.2019.109016
https://doi.org/10.1016/j.apradiso.2019.109016
https://doi.org/10.1016/j.anucene.2016.02.003
https://doi.org/10.29233/sdufeffd.477539
https://doi.org/10.1016/j.ijggc.2018.10.003
https://doi.org/10.1016/j.nima.2010.08.021
https://doi.org/10.1109/TNS.2018.2821630
https://doi.org/10.1109/TNS.2018.2821630

Anti-noise performance of the pulse coupled neural network applied in discrimination...

Page 13 of 13 75

10.

12.

13.

14

15.

16.

17.

18.

20.

21.

22.

23.

24.

25.

26.

in real time. Solar-Terr. Phys. 7, 114-120 (2021). https://doi.org/
10.12737/stp-73202108

. M.Z. Liu, B.Q. Liu, Z. Zuo et al., Toward a fractal spectrum

approach for neutron and gamma pulse shape discrimination.
Chin. Phys. C 40, 066201 (2016). https://doi.org/10.1088/1674-
1137/40/6/066201

D. Cester, M. Lunardon, G. Nebbia et al., Pulse shape discrimi-
nation with fast digitizers. Nucl. Instrum. Methods Phys. Res. Sect.
A 748, 33-38 (2014). https://doi.org/10.1016/j.nima.2014.02.032

. M.L. Roush, M.A. Wilson, W.F. Hornyak, Pulse shape discrim-

ination. Nucl. Inst. Methods 31, 112-124 (1964). https://doi.org/
10.1016/0029-554X(64)90333-7

F.D. Brooks, Development of organic scintillators. Nucl. Inst.
Methods 162, 477-505 (1979). https://doi.org/10.1016/0029-
554X(79)90729-8

J. Jansky, J. Janda, V. Mazankova et al., Optimization of com-
position of liquid organic scintillators for fast neutron spec-
trometry. Nucl. Instrum. Methods Phys. Res. Sect. A 1010,
165523 (2021). https://doi.org/10.1016/j.nima.2021.165523

Z. Matéj, F. Mravec, A. Jancar et al., Comparison of neutron-
gamma separation qualities of various organic scintillation
materials and liquid Scintillator LSB-200. J. Nuclear Eng. Radiat.
Sci. 7, 024502 (2021). https://doi.org/10.1115/1.4048767

C. Frangville, A. Grabowski, J. Dumazert et al., Nanoparticles-
loaded plastic scintillators for fast/thermal neutrons/gamma dis-
crimination: Simulation and results. Nucl. Instrum. Methods
Phys. Res. Sect. A 942, 162370 (2019). https://doi.org/10.1016/j.
nima.2019.162370

L. Bardelli, M. Bini, P.G. Bizzeti et al., Further study of CdAWO4
crystal scintillators as detectors for high sensitivity 28 experi-
ments: Scintillation properties and pulse-shape discrimination.
Nucl. Instrum. Methods Phys. Res. Sect. A 569, 743-753 (2006).
https://doi.org/10.1016/j.nima.2006.09.094

D. Wolski, M. Moszynski, T. Ludziejewski et al., Comparison of
n-y discrimination by zero-crossing and digital charge compar-
ison methods. Nucl. Instrum. Methods Phys. Res., Sect. A 360,
584-592 (1995). https://doi.org/10.1016/0168-9002(95)00037-2
P. Sperr, H. Spieler, M.R. Maier et al., A simple pulse-shape
discrimination circuit. Nucl. Inst. Methods 116, 55-59 (1974).
https://doi.org/10.1016/0029-554X(74)90578-3

. HR. Liu, Y.X. Cheng, Z. Zuo et al., Discrimination of neutrons

and gamma rays in plastic scintillator based on pulse-coupled
neural network. Nucl. Sci. Tech. 32, 82 (2021). https://doi.org/10.
1007/s41365-021-00915-w

V. Radeka, Low-noise techniques in detectors. Annu. Rev. Nucl.
Part. Sci. 38, 217-277 (1988)

B. Liu, M. Liu, M. He et al., Model-based pileup events cor-
rection via kalman-filter tunnels. IEEE Trans. Nucl. Sci. 66,
528-535 (2019). https://doi.org/10.1109/TNS.2018.2885074

Y. Huang, M. Liu, R. Luo et al., Neutron—-gamma pulse pileup
correction based on mathematical morphology and optimized
grey model. Nucl. Instrum. Methods Phys. Res. Sect. A 1014,
165739 (2021). https://doi.org/10.1016/j.nima.2021.165739

S. Pai, W.F. Piel, D.B. Fossan et al., A versatile electronic pulse-
shape discriminator. Nucl. Instrum. Methods Phys. Res. Sect. A 278,
749-754 (1989). https://doi.org/10.1016/0168-9002(89)91199-6
M. Nakhostin, Recursive algorithms for real-time digital
CR—(RC)n pulse shaping. IEEE Trans. Nucl. Sci. 58, 2378-2381
(2011). https://doi.org/10.1109/TNS.2011.2164556

N.P. Hawkes, K.A.A. Gamage, G.C. Taylor, Digital approaches
to field neutron spectrometry. Radiat. Meas. 45, 1305-1308
(2010). https://doi.org/10.1016/j.radmeas.2010.06.043

D.Z. Liu, YJ. Li, Y.L. Li et al., Vector projection method in
particles pulse shape discrimination. High Energy Phys. Nuclear
Phys., 27, 943-948 (2003). http://en.cnki.com.cn/Article_en/
CJFDTOTAL-KNWL200311000.htm (in Chinese)

217.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

Y. Lotfi, S.A. Moussavi-Zarandi, N. Ghal-Eh et al., Optimization
of pulse processing parameters for digital neutron-gamma dis-
crimination. Radiat. Phys. Chem. 164, 108346 (2019). https://doi.
org/10.1016/j.radphyschem.2019.108346

Z. Zuo, Y. Xiao, Z. Liu et al., Discrimination of neutrons and
gamma-rays in plastic scintillator based on falling-edge per-
centage slope method. Nucl. Instrum. Methods Phys. Res. Sect. A
1010, 165483 (2021). https://doi.org/10.1016/j.nima.2021.165483
G. Liu, M.J. Joyce, X. Ma et al., A Digital Method for the dis-
crimination of neutrons and $\gamma$ rays with organic scin-
tillation detectors using frequency gradient analysis. IEEE Trans.
Nucl. Sci. 57, 1682-1691 (2010). https://doi.org/10.1109/TNS.
2010.2044246

W.J. Freeman, B.W. van Dijk, Spatial patterns of visual cortical
fast EEG during conditioned reflex in a rhesus monkey. Brain
Res. 422, 267-276 (1987). https://doi.org/10.1016/0006-
8993(87)90933-4

R. Eckhorn, R. Bauer, W. Jordan et al., Coherent oscillations: a
mechanism of feature linking in the visual cortex? Biol. Cybern.
60, 121-130 (1988). https://doi.org/10.1007/BF00202899

A.L. Hodgkin, A.F. Huxley, A quantitative description of mem-
brane current and its application to conduction and excitation in
nerve. J. Physiol. 117, 500-544 (1952). https://doi.org/10.1113/
jphysiol.1952.sp004764

R. Eckhorn, H.J. Reitboeck, M. Arndt et al., Feature linking via
synchronization among distributed assemblies: simulations of
results from cat visual cortex. Neural Comput. 2, 293-307 (1990).
https://doi.org/10.1162/neco.1990.2.3.293

J.L. Johnson, Pulse-coupled neural nets: translation, rotation,
scale, distortion, and intensity signal invariance for images. Appl.
Opt. 33, 6239-6253 (1994). https://doi.org/10.1364/A0.33.
006239

H.S. Ranganath, G. Kuntimad, J.L. Johnson, Pulse coupled neural
networks for image processing. Proceedings IEEE Southeastcon
’95. Visualize the Future. 37-43, https://doi.org/10.1109/SECON.
1995.513053 (1995)

G. Xiaodong, Y. Daoheng, Z. Liming, Image shadow removal
using pulse coupled neural network. IEEE T. Neural Netw. 16,
692-698 (2005). https://doi.org/10.1109/TNN.2005.844902

H.S. Ranganath, G. Kuntimad, Object detection using pulse
coupled neural networks. IEEE T. Neural Netw. 10, 615-620
(1999). https://doi.org/10.1109/72.761720

B. Yu, L. Zhang, Pulse-coupled neural networks for contour and
motion matchings. IEEE T. Neural Netw. 15, 1186-1201 (2004).
https://doi.org/10.1109/TNN.2004.832830

S. Ding, X. Zhao, H. Xu et al., NSCT-PCNN image fusion based
on image gradient motivation. IET Comput. Vision 12, 377-383
(2018). https://doi.org/10.1049/iet-cvi.2017.0285

J.L. Johnson, M.L. Padgett, PCNN models and applications.
IEEE T. Neural Netw. 10, 480-498 (1999). https://doi.org/10.
1109/72.761706

R.A. Winyard, J.E. Lutkin, G.W. McBeth, Pulse shape discrim-
ination in inorganic and organic scintillators. I. Nucl. Instrument.
Meth. 95, 141-153 (1971). https://doi.org/10.1016/0029-
554X(71)90054-1

J. Iwanowska-Hanke, M. Moszynski, L. Swiderski et al., Com-
parative study of large samples (2 x 2”) plastic scintillators and
EJ309 liquid with pulse shape discrimination (PSD) capabilities.
J. Instrument. 9, P06014 (2014). https://doi.org/10.1088/1748-
0221/9/06/p06014

Z. Zuo, HR. Liu, Y.C. Yan et al., Adaptability of n—y discrim-
ination and filtering methods based on plastic scintillation. Nucl.
Sci. Tech. 32, 28 (2021). https://doi.org/10.1007/s41365-021-
00865-3

@ Springer


https://doi.org/10.12737/stp-73202108
https://doi.org/10.12737/stp-73202108
https://doi.org/10.1088/1674-1137/40/6/066201
https://doi.org/10.1088/1674-1137/40/6/066201
https://doi.org/10.1016/j.nima.2014.02.032
https://doi.org/10.1016/0029-554X(64)90333-7
https://doi.org/10.1016/0029-554X(64)90333-7
https://doi.org/10.1016/0029-554X(79)90729-8
https://doi.org/10.1016/0029-554X(79)90729-8
https://doi.org/10.1016/j.nima.2021.165523
https://doi.org/10.1115/1.4048767
https://doi.org/10.1016/j.nima.2019.162370
https://doi.org/10.1016/j.nima.2019.162370
https://doi.org/10.1016/j.nima.2006.09.094
https://doi.org/10.1016/0168-9002(95)00037-2
https://doi.org/10.1016/0029-554X(74)90578-3
https://doi.org/10.1007/s41365-021-00915-w
https://doi.org/10.1007/s41365-021-00915-w
https://doi.org/10.1109/TNS.2018.2885074
https://doi.org/10.1016/j.nima.2021.165739
https://doi.org/10.1016/0168-9002(89)91199-6
https://doi.org/10.1109/TNS.2011.2164556
https://doi.org/10.1016/j.radmeas.2010.06.043
http://en.cnki.com.cn/Article_en/CJFDTOTAL-KNWL200311000.htm
http://en.cnki.com.cn/Article_en/CJFDTOTAL-KNWL200311000.htm
https://doi.org/10.1016/j.radphyschem.2019.108346
https://doi.org/10.1016/j.radphyschem.2019.108346
https://doi.org/10.1016/j.nima.2021.165483
https://doi.org/10.1109/TNS.2010.2044246
https://doi.org/10.1109/TNS.2010.2044246
https://doi.org/10.1016/0006-8993(87)90933-4
https://doi.org/10.1016/0006-8993(87)90933-4
https://doi.org/10.1007/BF00202899
https://doi.org/10.1113/jphysiol.1952.sp004764
https://doi.org/10.1113/jphysiol.1952.sp004764
https://doi.org/10.1162/neco.1990.2.3.293
https://doi.org/10.1364/AO.33.006239
https://doi.org/10.1364/AO.33.006239
https://doi.org/10.1109/SECON.1995.513053
https://doi.org/10.1109/SECON.1995.513053
https://doi.org/10.1109/TNN.2005.844902
https://doi.org/10.1109/72.761720
https://doi.org/10.1109/TNN.2004.832830
https://doi.org/10.1049/iet-cvi.2017.0285
https://doi.org/10.1109/72.761706
https://doi.org/10.1109/72.761706
https://doi.org/10.1016/0029-554X(71)90054-1
https://doi.org/10.1016/0029-554X(71)90054-1
https://doi.org/10.1088/1748-0221/9/06/p06014
https://doi.org/10.1088/1748-0221/9/06/p06014
https://doi.org/10.1007/s41365-021-00865-3
https://doi.org/10.1007/s41365-021-00865-3

	Anti-noise performance of the pulse coupled neural network applied in discrimination of neutron and gamma-ray
	Abstract
	Introduction
	Principles of discrimination methods
	Zero crossing
	Charge comparison
	Vector projection
	Falling edge percentage slope
	Frequency gradient analysis
	Pulse coupled neural network

	Evaluation criteria
	Experiment
	Experimental setups and parameter settings
	Discrimination results and analysis
	Selection strategy of the parameters of PCNN

	Conclusion
	Open Access
	Author contributions
	References




