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Abstract
Pulse pile-up is a problem in nuclear spectroscopy and nuclear reaction studies that occurs when two pulses overlap and 
distort each other, degrading the quality of energy and timing information. Different methods have been used for pile-up 
rejection, both digital and analogue, but some pile-up events may contain pulses of interest and need to be reconstructed. 
The paper proposes a new method for reconstructing pile-up events acquired with a neutron detector array (NEDA) using an 
one-dimensional convolutional autoencoder (1D-CAE). The datasets for training and testing the 1D-CAE are created from 
data acquired from the NEDA. The new pile-up signal reconstruction method is evaluated from the point of view of how 
similar the reconstructed signals are to the original ones. Furthermore, it is analysed considering the result of the neutron-
gamma discrimination based on charge comparison, comparing the result obtained from original and reconstructed signals.

Keywords  1D-CAE · Autoencoder · CAE · Convolutional neural network (CNN) · Neutron detector · Neutron-gamma 
discrimination (NGD) · Machine learning · Pulse shape discrimination · Pile-up pulse

1  Introduction

Pulse pile-up is a common problem in nuclear reaction and 
spectroscopy experiments with high counting rates. The 
pulse pile-up effect happens when pulses arrive close in 
time so that both pulses are totally or partially overlapping. 
Due to the overlap, the two pulses are distorted, as shown in 
Fig. 1. This effect degrades the quality of energy and tim-
ing information, making it difficult to identify particle types 
using pulse shape discrimination techniques [1–3]. For this 
reason, these types of events are usually rejected.
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Different techniques have been conceived to detect con-
secutive pulses to reject or eliminate this type of signal. 
Some of them are based on digital and analogue meth-
ods like leading-edge discrimination, moment-analysis, 
CFD (Constant-Fraction Discrimination), DCFD (Digital 
Constant-Fraction Discrimination), triangular pulse shap-
ing with a leading-edge linear regression, and pulse shape 
fitting, which were studied in [4, 5]. Also, other methods 
like analogue circuits [6], trapezoidal shaping [7], methods 
based on Position Shift Identification [5], methods using 
PSD [8], Neural Networks [9], and even ASIC (Applica-
tion-Specific Integrated Circuits) [10] have been used for 
pile-up rejection.

However, some of the events rejected by these tech-
niques contain information that may be of interest. There-
fore, there are also some methods to recover this infor-
mation from two or more pile-up pulses. These methods 
can be grouped into techniques focusing on refining the 
distorted pulse height spectrum [11, 12] or individually 
treating the signals. Among the latter, some techniques 
focus on obtaining pulse height information [13], while 
others focus on determining the type of particles to which 
each pile-up pulse corresponds using pulse shape discrimi-
nation methods and machine learning techniques [14–16].

Nevertheless, for some applications or experiments, the 
information of the two pile-up pulses is needed, so a com-
plete reconstruction of both pulses is necessary. There are 
no general solutions in these pulse reconstructions that can 
be used for all applications. Therefore, specific solutions 
have been developed for particular cases, such as the fit-
ting and extrapolation method [17–19] or the deconvolu-
tion method [20].

For example, two methods have been developed for 
reconstructing pile-up events acquired with organic scintil-
lators. The first method, based on pile-up model compari-
son [21], is intended for offline use. It involves multiple 
iterations to fit one of the pile-up models to the acquired 
signals. The second method employs machine learning 

techniques [22] and can reconstruct pulses, although lim-
ited to those separated by more than 60 ns.

This paper studies a method aiming at achieving in a 
future an online pile-up event reconstruction, recovering the 
pulses with a time difference between pulses greater than or 
equal to 15 ns (3 samples @200 MHz). For this to be feasi-
ble, analytical and computational complexity must be low, 
and the reconstruction time per event should also be low to 
integrate the method into the overall analysis system. As a 
first step, the reconstruction method is implemented offline 
to check the feasibility, as shown in Fig. 2.

The reconstruction techniques mentioned before meet all 
the necessary requirements and, thus, cannot be used for 
(Neutron Detector Array) NEDA events. Therefore, this 
paper proposes an ad-hoc method using a 1D-CAE to disen-
tangle the two pulses composing each pile-up event acquired 
with NEDA detectors [23].

The rest of the paper is organised as follows: Sect. 2 
explains the pile-up effect specifically in NEDA, Sect. 3 
describes the 1D-CAE architecture used for the pile-up 
event reconstruction, Sect. 4 explains the data acquisition 
and how the dataset is created for training and testing the 
1D-CAE model, Sect. 5 shows the analyses of the recon-
structed signals and the results obtained, and Sect. 6 presents 
the conclusions.

2 � Pile‑up in NEDA detector

NEDA is a neutron detector responsible for determining the 
reaction channel by measuring the number of neutrons emit-
ted from the compound nuclei when working with a gamma-
ray spectrometer. The NEDA array is based on individual 
hexagonal cells filled with ∼ 3.15 L of liquid organic scin-
tillator (ELJEN EJ301). This kind of detector exhibits sen-
sitivity to neutrons, X-rays, and gamma rays. While X-rays 
can be effectively attenuated by shielding the detectors, this 

Fig. 1   Example of a signal with pulse pile-up effect
Fig. 2   Current status rejects the pile-up signals. The objective of this 
work is the development of a method for reconstructing offline pile-
up signals. In the future it will be included in online signal processing
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approach proves impractical for higher-energy gamma rays, 
as it would compromise the efficiency of neutron detection. 
Given this unique characteristic of the detectors, it becomes 
essential to develop techniques for discriminating between 
gamma ray and neutron events (NGD) to determine the radi-
ation’s type. In NEDA, PSA (Pulse Shape Analysis) based 
on CC (Charge Comparison) and TOF (Time-of-Flight) 
information is used for NGD.

However, when two pulses are generated very close in 
time by the same NEDA cell, the pile-up effect occurs, and 
the event is typically discarded since reliable CC information 
cannot be obtained. Since the detector only reacts to gammas 
and neutrons, it gives rise to four possible combinations of 
pile-up: neutron-neutron, neutron-gamma, gamma-neutron, 
gamma-gamma.

Nevertheless, not all four combinations are equally likely 
or can be detected as pile-up signals. The neutron-neutron 
combination, i.e. two neutrons arriving at the same detector, 
has low the probability of occurring, and the time differ-
ence will be less than 5 ns. The analysis will identify it as a 
single neutron, i.e. pile-up will not be detected. The gamma-
gamma combination is more likely to happen. However, if 
two gammas arrive at the same detector after the reaction, 
they will arrive simultaneously and be identified as a sin-
gle gamma. The neutron-gamma combination, on the other 
hand, is likely to occur when a neutron is detected first, and 
then a spurious gamma is acquired from natural background 
radiation. This gamma can appear at any moment of the 
acquired signal. Finally, pile-up gamma-neutron events can 
occur when gammas from the reaction are detected arriv-
ing in the first nanoseconds, and later, the neutron arrives. 
Depending on the distance of the detectors from the reaction, 
a longer or shorter TOF will be obtained. With the standard 
NEDA installation, a distance of 100 cm is foreseen, result-
ing in an average flight time of neutrons of 40 ns. Given 
these characteristics in detection and acquisition, the pile-up 
reconstruction will focus exclusively on gamma-neutron or 
neutron-gamma events.

3 � 1D‑CAE architecture for NEDA pile‑up 
event reconstruction

Signals with pile-up must be reconstructed and treated in the 
same way as signals without pile-up; therefore, the pile-up 
problem is approached as a time series problem in which 
single dimension data are separated and reconstructed. This 
study focuses on solving the pile-up problem using a one-
dimensional convolutional autoencoder (1D-CAE).

A 1D-CAE combines the principles of both a one-dimen-
sional convolutional neural network (1D-CNN) [24] and an 
autoencoder [25]. It utilises convolutional layers for fea-
ture extraction and encoding of sequential data, followed 

by decoding layers to reconstruct the input sequence. The 
architecture of a 1D-CAE typically consists of an encoder 
module, which applies one-dimensional convolutional fil-
ters to reduce the dimensionality of the input sequence, and 
a decoder module, which employs transpose convolutional 
layers to upsample and reconstruct the original sequence. 
The loss function used in training the 1D-CAE compares 
the input sequence with the reconstructed output sequence. 
The two main concepts of the architecture, 1D-CNN and 
autoencoder, are explained below, followed by the specific 
architecture used to reconstruct pile-up events.

3.1 � 1D‑CNN

A 1D-CNN [24] is a specialised neural network architecture 
designed to analyse sequential data such as time series, sig-
nals, or text sequences. Unlike traditional CNN’s [26] that 
operate on two-dimensional grids like images, 1D-CNN’s 
process data along a single dimension, making them well-
suited for tasks where the ordering of elements matters.

The fundamental operation in a 1D-CNN is the convo-
lutional layer. Here, the network learns to detect patterns 
or features within the input sequence by convolving it with 
learnable filters. Following the convolutional layers, pooling 
layers are often employed to reduce the dimensionality of the 
feature maps and capture the most important information. 
Max pooling, for instance, selects the maximum value within 
a fixed window and discards the rest. Additionally, activation 
functions like Rectified Linear Unit (ReLU) are applied after 
convolution and pooling operations to introduce nonlinearity 
into the network, enabling it to learn complex relationships 
in the data. Finally, one or more fully connected layers may 
be utilised to perform classification or regression tasks based 
on the features learned by the convolutional layers.

1D-CNN’s can be applied to time series prediction of 
data, such as electrocardiogram (ECG) time series [27] 
or weather forecast [28]. They are also used in automatic 
speech recognition (ASR) [29], natural language processing, 
and signal identification.

3.2 � Autoencoder

An autoencoder [25, 30] is a neural network architecture 
used in machine learning and pattern recognition. It com-
prises two main components: an encoder and a decoder. 
The encoder compresses the input into a lower-dimensional 
representation. It reduces the dimensionality of the input 
data and captures the most important features. Subsequently, 
the decoder takes this lower-dimensional representation and 
tries to produce an output as close as possible to the original 
input. This entails employing a loss function that compares 
the decoder’s output with the corresponding input, enabling 
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the model to learn to reconstruct input data. The expression 
describing a autoencoder is:

where

•	 L denotes the loss function comparing the original input 
x with the reconstruction x′ or g(f(x))

•	 f represents the encoder function that maps the input x to 
a lower-dimensional representation space.

•	 g represents the decoder function that reconstructs the 
original input from the lower-dimensional representation 
obtained by the encoder.

There are various autoencoders, each designed to tackle dif-
ferent challenges in machine learning. Traditional autoen-
coders, also known as densely connected autoencoders, 
are versatile and commonly used for tasks such as dimen-
sionality reduction and data reconstruction. Convolutional 
autoencoders [31] are ideal for image reconstruction, as they 
effectively leverage convolutions to capture spatial patterns. 
Others, such as variational autoencoders [32], are focused 
on generating new data, and denoising autoencoders [33] are 
robust models against noisy data.

3.3 � 1D‑CAE architecture and training

As previously mentioned, the pile-up signals under study 
are composed of two pulses that occur very close together 
in time. As shown in Fig. 3, the proposed 1D-CAE architec-
ture has one input, which is the signal with the two pile-up 
pulses, and two outputs, one output for each pulse of which 
the input signal is composed. For this, the encoder structure 
is common, and the decoder is separated in two, thus having 
a decoder for each of the reconstructed pulses.

In this way, with a single model, both pulses can be 
obtained separately and integrated directly into the process-
ing chain. This approach allows for integration into future 

(1)L(x, x�) = L(x, g(f (x)))

NEDA hardware and firmware upgrades without affecting 
the rest of the processing chain.

Figure 3 shows the 1D-CAE architecture that comprises 
several Convolutional 1D (Conv1D) layers, with a kernel 
size of 3, followed by MaxPooling1D layers, which reduce 
the dimensionality of the data. UpSampling1D layers are 
then used to increase the dimensionality again. Finally, 
Dense layers are used to flatten the data and connect it to 
the final outputs.

The first layer is connected to a 1D Convolutional layer 
with five channels and a ReLU trigger function. A Max-
Pooling1D layer with a reduction factor of 2 follows this 
layer. The same structure (Conv1 + MaxPooling1D) is then 
repeated twice more.

After this, the architecture is split into two decoder 
branches from a MaxPooling1D layer. Each branch has 3 
Upsampling1D layers followed by 3 Conv1D layers with 20, 
10 and 5 channels, respectively.

Following, branches are connected to two Flatten layers 
and then to dense layers with a ReLU activation function. 
An Add layer is used as a skip connection to sum the val-
ues with the input. The skip connection facilitates the direct 
flow of information from input to output layers, allowing the 
network to access the raw, unprocessed information. Finally, 
the two outputs are obtained.

The computational complexity of this model is 1.9 
MFLOPS, which is relatively low, especially when com-
pared to more advanced devices like the Versal Adaptive 
SoC [34], which operates in the GFLOP range. Given this 
low computational complexity, the model could be imple-
mented on a microcontroller with a Floating Point Unit, such 
as the STM32L4 series with an Arm Cortex-M4 (capable of 
up to 80 MFLOPS at 80 MHz [35]). This makes it feasible 
for integration into future NEDA electronics without signifi-
cantly increasing the computational load.

Once the 1D-CAE was developed, it was trained with arti-
ficial pile-up signals. The input signals are the artificial pile-
up signals, and the expected output signals (ground truth) 
are the two signals from which the artificial pile-up signal 
was generated. The data acquisition process and creation of 
the artificial pile-up signals are described in the following 
section.

4 � Dataset preparation

The artificial pile-up signals (neutron-gamma and gamma-
neutron combinations) for training and testing were gener-
ated following these steps: 

1.	 Acquiring from NEDA detectors.
2.	 Selecting and taking signals without pile-up.Fig. 3   1D-CAE architecture for NEDA pile-up event reconstruction
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3.	 Removing the baseline of the signals. This aids in pulse 
analysis and allows acquired pulses from different chan-
nels to be summed.

4.	 Analyse them to determine what type of event they rep-
resent (gamma or neutron) using the CC method.

5.	 Take two signals of different types.
6.	 One of them is shifted a distance of between 3 and 40 

samples.
7.	 Finally, they are added together, generating the final 

pile-up signal.

By performing these steps, two datasets with artificial pile-
up signals were created in which the origin of the signals 
composing the pile-up signal is known. Thus, pile-up sig-
nals with neutron-gamma and gamma-neutron combinations 
were obtained.

4.1 � Data acquisition

The data used in this work were collected during an on-beam 
experiment at the Heavy Ion Laboratory (HIL), University of 
Warsaw, Poland. Nine NEDA detectors were placed 450 mm 
from the target centre at the 78-degree ring (theta angle 
measured with respect to the beam direction) of the EAGLE 
array [36]. Neutrons and gamma rays registered in NEDA 
detectors were produced by 171 MeV 32 S beam impinging 
on 0.75 mg/cm2 148 Sm target.

Signals from the NEDA detectors were read out by Caen 
V1725SB digitiser (250 MHz, 14 bit), independently from 
each other, when a CFD threshold (implemented in FPGA) 
was passed. Linear FIFO modules protected the digitiser 
against too large signals (above the Vpp range). CoMPASS 
software by CAEN installed on a server with Centos07 was 
used to read the digitiser via optical fibre.

4.2 � Analysis and dataset generation

After the acquisition, the events were filtered by selecting 
only signals without pile-up. Later, classification between 
gammas and neutrons was carried out. Typically, in NEDA 
experiments, the offline analysis is performed using informa-
tion from the TOF and CC ratio. However, the TOF informa-
tion was unavailable in our case, so the NGD was based only 
on the CC information.

The CC is used to discriminate between neutron and 
gamma signals by analysing the shape of their pulses [37]. It 
is based on the ratio between two integration regions, shown 
in Fig. 4. This ratio of the integral value of the slow part of 
the pulse to the integral value of the fast interval is used to 
distinguish between the two types of signals. The following 
expression is used to determine whether it is a neutron or 
not:

where Îs the integral of the slow component of the input 
signal, Îf is the integral of the fast component, and the Î

𝛿
 is 

the discrimination threshold parameter.
Once the CC was applied to all the acquired signals, they 

were classified by particle type: gamma if the CC ratio is 
less than 0.525 and neutron if the result is greater, as shown 
in Fig. 5.

The threshold value was applied by observing where the 
lowest point in the valley between the gamma and neutron 
groups was located. Still, there may be neutrons with CC 
ratio lower than the threshold and gammas with values 
higher than the threshold. A more in-depth analysis of the 
events would also require information from the TOF. Since 
the TOF information was unavailable, the events closest to 
the threshold (neutron-gamma discrimination value) were 
not used to train the 1D-CAE. As shown in Fig. 5, events 
with a CC ratio in the range between 0.475 and 0.6 were 
not taken. Thus, events where the CC gives a value close to 
0.525 were discarded for training. However, for the test data-
set, events in this range were not discarded for the creation 
of artificial pile-up signals. The reason is that, during the 

(2)Is a neutron if ∶ Îs > Î
𝛿
⋅ Îf

Fig. 4   Example of slow and fast interval in a single pulse

Fig. 5   (Colour online) Included and excluded events for training
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experiments, pile-up signals may be formed by pulses whose 
CC ratio is unknown, and the values may be in this range.

After classification, one signal of each type was taken, 
and one was shifted between 3 and 40 samples. In the case 
of Caen V1725SB digitiser, each sample is equivalent to 4 
ns, so one of the two signals was shifted between 12 and 160 
ns. Finally, both signals were added to generate a pile-up 
signal, as shown in Fig. 1.

Following this procedure, train and test datasets were 
generated with the same number of events. Each dataset con-
tained 10,000 events generated with each delay, thus obtain-
ing 380,000 neutron-gamma and 380,000 gamma-neutron 
combinations (760,000 events in each dataset). Also, the 
events were of different amplitudes from 150 to 7000 ADC 
counts, i.e. from 18 to 855 mV, to reconstruct pile-up events 
in the whole amplitude range of the acquisition.

The training dataset was used to train the 1D-CAE model, 
and the test dataset was used to test the model with unknown 
pile-up signals. The results of these tests are shown below.

5 � Analysis of reconstructed signals for NEDA

Once the 1D-CAE model was trained, the test dataset 
(unknown signals to the system) was used, and the recon-
structed pulses were evaluated, comparing them with the 
original pulses. The neutron or gamma pulse, the distance 
between pulse peaks, and the two possible combinations 
(gamma-neutron and neutron-gamma) were considered for 
evaluation.

The pile-up signals from the training dataset have been 
introduced into the 1D-CAE model, obtaining the two 
reconstructed pulses from which each input pile-up signal 
is formed. Finally, a CC analysis was carried out on these 
reconstructed pulses. Figure 6 shows an example of the 
reconstruction of pulses of pile-up signals.

As described in Sect. 2, neutron-gamma discrimination 
is crucial for the NEDA detector, and the CC method was 
used for this purpose. So, this analysis aims to verify that 

the expected particle type was obtained after reconstructing 
a pile-up event.

In the case of gamma rays, it was considered a success in 
the reconstruction when the CC ratio of the reconstructed 
pulse was lower than the neutron-gamma discrimination 
threshold (0.525). Figure 7 shows the distribution of the 
CC ratio of original gammas and the distribution of the CC 
ratio of reconstructed gammas. Comparing the two distribu-
tions, we found a mean value for the CC ratio of the original 
gammas of 0.34, whereas for the reconstructed gammas is 
0.40. For the standard deviation, we obtain 0.072 for origi-
nal gammas and 0.15 for reconstructed ones. Regarding the 
number of pulses identified correctly on the same side of the 
threshold, we have that 84.7% of the pulses that originally 
(without pile-up) would be classified as gamma rays would 
also be classified as gammas if present in a pile-up event.

For neutron reconstruction, if the CC ratio of the recon-
structed signal was higher than the neutron-gamma discrimi-
nation threshold value (0.525), the event was considered a 
successful neutron. Figure 8 shows the CC distribution of 
the original neutrons and the CC distribution of the recon-
structed neutrons. In this case, the mean values for the orig-
inal and reconstructed neutron events are 0.73 and 0.67, 
respectively. For the standard deviation, we have 0.112 for 
the original neutrons and 0.181 for the ones after reconstruc-
tion. Again, the number of correctly identified neutrons after 
reconstruction is 83.3%.

From these results the confusion matrix is shown in 
Table 1.

As mentioned in Sect. 2, neutron-gamma and gamma-
neutron are particle combinations that can give rise to pile-
up events. These combinations can occur with different dis-
tances between pulses. Therefore, the results were analysed 

Fig. 6   Example of pile-up reconstruction
Fig. 7   (Color online) Distribution of CC ratio for the original gam-
mas (without pile-up) and reconstructed gammas from pile-up events
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more profoundly considering the type of pile-up combina-
tion and the distance between pulses.

On the one hand, the success rate was studied after 
obtaining the ratio of CC of each reconstructed pulse for 
each distance between pulses and both combinations, as 
shown in Fig. 9. It can be seen that when the time distance 

is small in the gamma-neutron combination, the gammas 
are very close to the neutrons. This quasi-overlap makes 
the pile-up signal very similar to having a neutron without 
a pile-up. Therefore, in some cases, the first pulse was 
reconstructed in a way that was more similar to a neu-
tron than to a gamma. On the contrary, when the time 
distance is longer in the neutron-gamma combination, the 
slower de-excitation of the neutron produced a tail with 
greater amplitude. This tail distorted the gamma signal 
more significantly, leading to a worse reconstruction of 
the gamma than in the gamma-neutron combination, where 
the gammas de-excited faster, distorting the second pulse 
(neutron) less.

An 85.28% success rate was obtained for the gamma-
neutron combination and an 82.61% success rate for the 
neutron-gamma combination. On average, 83.95% of the 
pulses were reconstructed, obtaining the same type of par-
ticle as the original events without pile-up.

From these results the confusion matrix is shown in 
Table 2.

On the other hand, we also analysed the correlation 
coefficient of the reconstructed signal shapes compared 
to the original signals. The mean correlation obtained was 
0.988. Figure 10 shows the average correlation for each 
combination and each distance between pulses. Addition-
ally, we calculated the p-value for all events, obtaining a 
mean p-value of 6.76 × 10−15.

Fig. 8   (Color online) Distribution of CC ratio for the original neu-
trons (without pile-up) and reconstructed neutrons from pile-up 
events

Table 1   Confusion matrix of neutron and gamma reconstruction

Neutron reconstructed 
(%)

Gamma 
recon-
structed (%)

Neutron original 83.3 16.7
Gamma original 15.3 84.7

Fig. 9   (Color online) Percentage of success by distance between 
peaks

Table 2   Confusion matrix of neutron-gamma and gamma-neutron 
reconstruction

N-G reconstructed (%) G-N recon-
structed 
(%)

N-G original 83.95 16.05
G-N original 14.72 85.28

Fig. 10   Average correlation per delay
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6 � Conclusion

In summary, this research provides a strong solution to the 
common problem of pulse pile-up in nuclear spectroscopy, 
mainly focusing on the signals collected in NEDA experi-
ments. The new method introduced in this study uses a 
1D-CAE architecture, which relies on an autoencoder using 
1D-CNN layers to reconstruct pile-up events effectively.

The evaluation of this method shows a high success rate 
of 83.95% in accurately reconstructing pile-up events, dem-
onstrating its effectiveness in preserving important informa-
tion. This means pile-up events previously ignored in NEDA 
can now be reconstructed and included in the analysis pro-
cess. It is also worth noting that the reconstructed signals 
show a high average correlation of 0.988 compared to the 
original signals and a low p-value of 6.76 × 10−15.

In order to address the pile-up problem, the limitations 
inherent in NEDA events have been considered, such as the 
need for a time difference of 15 ns or more between pulses 
and the requirement for low computational complexity. 
Therefore, this method offers a practical and efficient solu-
tion for processing signals in real time in future upgrades of 
NEDA electronics. This study not only provides a technical 
solution to the challenging problem of pulse pile-up but also 
emphasises the potential of the proposed 1D-CAE method as 
a practical and reliable tool for improving the accuracy and 
efficiency of nuclear spectroscopy experiments, especially 
those involving NEDA detectors.
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