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Deep Learning Based Energy Spectrum Estimation
for High Counting Rate Nuclear Spectrometry
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Abstract—High counting rates pose a challenging problem for
nuclear spectrometric systems, where a physical phenomenon
known as the pile-up effect distorts direct measurements, result-
ing in a significant bias in spectrum estimation. In this paper,
we propose an innovative neural network that combines the self-
attention mechanism and convolutional neural network (CNN)
architectures to address the problem of spectrum estimation. The
approach was evaluated on spectral data from a small scintillator
(Nal) and simulated signals from a dedicated simulator and
compared with conventional methods; furthermore, our method
was compared to the state-of-the-art (SOTA) time domain method
on the Allpix2 simulator and was evaluated on a real-world
dataset. The results demonstrate that the proposed method leads
to a more accurate inference of the energy spectrum, even at high
count rates. Experiments also show that the proposed method is
robust with varying sources, different data scenarios, and noise
intensities.

Index Terms—nuclear spectroscopy, pile-up correction, convo-
lutional neural network, self-attention, sequence segmentation

I. INTRODUCTION

Gamma-ray spectroscopy aims to analyze and use radioac-
tive sources to probe material properties. It is well known that
the pile-up effect is a limiting factor in performing gamma-
ray spectrometry at high count rates [I]. The phenomenon
of pile-ups stems from the fact that the inter-arrival times
between photons can be shorter than the durations of generated
electrical pulses after amplification, thus creating clusters of
pulses (i.e., pile-ups). At high count rates, pile-ups during
the detection lead to energy peak drift, energy resolution
deterioration, and spectral distortion.

There has been extensive research on pile-up correction.
The most common approach is rejection. More specifically, we
detect when pile-up occurs and collectively reject all the pulses
that took part in that incident [2]. Such an approach can in-
crease the duration of experiments, and some methods extend
this approach further by compensating for the pulses that were
rejected with the motivation to align the actual activity of the
recorded signal with the activity of the processed, pile-up ef-
fect clean signal. Other pileup compensation strategies include
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pulse clipping [3]], template fitting [4] [5]], baseline subtraction
[6]], adaptive filtering [7]], and time-varying trapezoidal filter
algorithms [8]]. These algorithms are typically most effective
in systems with low pile-up probabilities and minimal pulse
shape variations. More recently, it was suggested to consider
the output signal as a linear combination of known shapes
and to relate the pile-up effect to a sparse regression problem
[9] [10]. Though efficient, these approaches are limited when
the activity of the radioactive source increases too much. At
a more general level, the importance of finding other methods
goes beyond signal processing of the signal in the time domain
was also noted in [[11]].

Thus, the recent effort seeks to analyze pulse collections
statistically rather than to recognize individual pulses in the
time domain. By formulating a nonlinear inversion problem,
the authors in [12] developed a nonparametric pile-up correc-
tion method that derives an analytical relation between the
probability density function (PDF) of the observed pile-ups
and the PDF of the individual pulses. Subsequently, in [13]], the
authors proposed a fast algorithm for pile-up correction based
on this inversion formula. In [14], the authors reformulated the
pile-up problem as a decompounding problem, constructing a
kernel-based estimator to model pulse pile-up. Additionally,
a novel method is outlined in [[15]], where the characteristic
function is used to infer the distribution of gamma photon
energies from indirect measurements. In this method, the pulse
shape and characteristic function must be known in advance.
However, this kind of statistical approach requires long-term
observations to accumulate data, resulting in delays in real-
time processing.

In the latest decade, deep learning (DL) has contributed
significantly to the advancement of many research areas,
including gamma spectroscopy. For example, [16] developed a
convolutional neural network (CNN) that attempts to separate
and estimate the true pulse height of pile-up events from high
count rate radiation. A DL-based technique for the detection
and classification of the pulses under high count rates was
proposed in [17]]. In [18], a CNN-based automated isotope
identification method was proposed. In [[19], another DL-based
activity estimation was proposed, and a DL-based spectrum
correction algorithm was developed in [20]. Most of these
DL-based methods tend to label only a single pulse when
making training data, discarding the accumulated signals, and
following a pile-up rejection paradigm, which can drastically
increase the duration of the performed experiments at high
counting rates.

Traditional methods, which focus on identifying and reject-
ing pile-ups or employing statistical corrections, often become
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Fig. 1: Overview of the proposed DL-based spectrum estimation framework. The neural network is trained on a dataset obtained
from a gamma-ray simulator. In practice, the signals from the gamma-detector are fed into the neural network to infer the

pulse energy and produce an energy histogram as output.

ineffective or impractical at high counting rates due to their
reliance on precise event separation and prolonged observation
periods. Recent developments in deep learning (DL) might
have the potential to address these limitations. This paper in-
troduces a novel DL approach for energy spectrum estimation
in gamma-ray spectrometry, which can potentially handle high
counting rates where traditional methods struggle due to the
pile-up effect. In contrast to other existing techniques, the
input relies directly on the recorded time signal rather than
the processed energy spectra, as shown in Fig. [T} In particular,
we develop an AftnUNet++ architecture combining the self-
attention mechanism with UNet to address high count rate
conditions with extreme pile-ups where conventional methods
fail. The training dataset of signals is generated by a SOTA
simulator for gamma spectroscopy [21], [22]. The reason we
train a neural network using simulated data instead of the real
output from a detector is that we cannot accurately label the
pile-ups from a detector at very high count rates, and that
up to our knowledge, no annotated dataset of the recorded
time signals exists in this framework. On the other hand,
all the individual electrical pulses can be accurately labeled
on simulated data. It is quite common to use simulated data
to train a neural network [16]. Our experiments show that
under the conditions of high count rates and the failure of
the conventional methods, the designed AttnUNet++ is able to
infer pulse energies and achieve accurate spectrum estimation.
The paper highlights are as follows:

o This work concentrates on time-domain signal analysis
rather than the mainstream energy histogram-based analy-
sis. The advantage of our method is that it can be directly
applied to raw detector outputs rather than relying on
preprocessed energy spectra.

e A novel deep-learning approach named A#tnUNet++ is
introduced, which combines CNNs with self-attention

mechanisms, effectively capturing both local pulse shapes
and global signal dependencies, and addressing the com-
plexities introduced by extreme pile-ups.

o Recognizing the difficulty of labeling pile-up events in
real detector data, the authors generate precise training
data using a SOTA open-source gamma-ray simulator,
ensuring accurate labels for effective network training
under realistic conditions.

o The proposed method demonstrates robustness and su-
perior performance on various data sources, including
Allpix2 simulation data and real experimental data,
showing generalization ability. Our method consistently
outperforms conventional algorithms, especially at high
counting rates where pile-up is severe, and surpasses the
SOTA method.

o The developed DL-based method significantly reduces
the observation duration needed for accurate spectrum
estimation, providing real-time inference capabilities ben-
eficial for practical applications in nuclear spectroscopy.

II. MODEL AND DATA GENERATION

In this section, we first formally formulate the problem of
estimating the energy spectrum from detectors’ signals. We
then describe the principle of pile-ups from the perspective of
a stochastic process. Finally, we briefly introduce the simulator
used to prepare training data. Table [I| summarizes all notations
used throughout this paper.

A. Spectrum Estimation Model

We model the interaction between the gamma radiation and
the detector as a sample path of a temporal point process
(TPP), which is a probability distribution over variable-length
sequences in some time interval: H, = {(¢;) : ¢t; <t} [23].

© 2025 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



This article has been accepted for publication in IEEE Transactions on Instrumentation and Measurement. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/TIM.2025.3573370

TABLE I: Notations.

Variable Definition Assumptions
name
r Length of time to simulate
s .
sampling (s)
fs Analog sampling rate -
H Energy histogram of the )
source
g Signal generated by the
simulator
N(t) is the number of
N Number of events events during the time
t
Number of photons per
An Intensity of Poisson process second (cps) is given
by An X fs
N Magnitude of noise in the
given unit
Shape dictionary simulates D}ctlonary s1ze = 2.0
A - . of double exponential
the jitter of the signal
shape
seed Simulated random number Randomly selected
seed
B Channel number of a source B < 8192
T Shape length
Multiplication of arrival
DC count rate by pulse-shape
length, DC = \T
Standard deviation of
o . .
Gaussian noise
P Pile-up probability P<1

Since the arrival time can be modeled as a Poisson process
[24], the event times of a TPP can be described using the
conditional intensity function \ (¢):

A ) :AlimOIP(N(t+At) —Ai\f(t) =11M)
m

where the intensity A (¢) may depend on the history H.,
representing the activity of the source. Based on signal the-
ory (see section [[I-B), each event is characterized by its
arrival time and energy, which can be modeled as a marked
TTP (MTPP) [25]. Here, the energies of the events serve
as categorical marks of MTPP from a finite set of labels:
m = {kq, ko, ..., k/m|}. Thus, the joint conditional intensity
function is A (¢,m | Hy) = A (¢ | He) - p(m | t,H,), where
p(m | t,Hs) is the conditional distribution of the label m
given the time ¢ and event history H;.

In general, our goal is to extend a TPP H; = {(¢;) : t; < t}
to an MTPP H,,, = {(¢;, m;) : t; < t}. From a DL perspective,
given a model with parameters 6, the objective is to estimate
the label for each point in a time series. We aim to find the
optimal parameters 6 that minimize the expected loss (e.g.,
cross-entropy) across all points in the series. Formally, we
defined the problem of spectrum estimation as:

D

N
IneinE(Xy)Npm ZL (i, m4) | 2)

i=1

where X, Y represents the signal and the estimateed label of
the dataset, L is the loss function, m;, m; are the estimateed
label and the ground truth per event. Overall, we formulate the
problem of spectrum estimation as learning an optimal model
to estimate the energy mark for each photon event based on
the event’s arrival time and its corresponding historical data.

B. Model of the Observed Signal

Theoretically, the detector output can be modeled as a
linear combination of pulse shapes. The output signal from
the detector can be modeled as:

N
ézgkq)k (t—Tk)-f—E, 3)

E>1

where {T},1 <k < N} is the sample path of a homoge-
neous Poisson process with constant unknown intensity A,
{&k,1 < k < N} represents each photon’s energy, which is
drawn randomly from an independent and identically dis-
tributed (i.i.d.) variable population, where the energy distri-
bution is generated based on known spectrum data H(-),
and ¢ denotes the additive noise. The electrical pulse shape
{®k,1 < k < N}, is randomly chosen from a dictionary A,
as shown in Fig. 3] One of the more common models is the
double exponential [26], which can be modeled as:

-e(om(L) (1)),

where a is the normalization factor and 7 < 79 are charac-
teristic decay times. For practical purposes, any pulse shape
is assumed to have a finite time length 7.

A key characteristic of the pulse shape is the peak time,
t,, also known as the rise time, which is complementary to
the fall time ¢ty = 7 — t,. For instance, the rise time for the
double exponential model is given by:

=2 2 (5)
T2 —T1 T1
where 7y < 7o are the decay times.
Source: The signal simulator is capable of replicating the
behavior of a single radioactive source, as well as modeling
the interactions among a mixture of multiple elements:

ZZ P (B =) ©)

where P, represents the probability that e, emits energy e,
and E is the signal source’s spectrum. Thus, the spectrum of
the mixture sources can be modeled as the following:

Hppix Z Z o B (7)
Hence, the probability density function of the mixture his-
togram can be derived.

Energy-Probability: The common representation of the
arrival energies is by a histogram that represents the number
of signal events b; = N(t)/t per energy bin H; (typically
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Fig. 3: Pulse shapes, which are simulated by a double expo-
nential function dictionary; there are 20 in total, and the area
under each shape is normalized to 1.

measured in keV). This energy histogram can be easily mod-
eled by a discrete random distribution where the probability
of energy is proportional to b;:

b;
Pr(H = H;) = S b
The pairs of values for H; and b; can be determined by
the radioactive energy of the mixture using the Monte Carlo
method.

Arrival time: Based on the physical properties of gamma
radiation, the arrival of gamma particles is modeled using a
Poisson counting process with a rate of A (¢) occurrences per
unit time. For simulating arrival times, the inter-arrival times
follow an exponential distribution with a mean of 1/ ().

Pile-up events occur when multiple pulses appear within a
single trace. The duty cycle (DC) value is used as a convenient
parameter to assess the probability of pile-up events. The DC is
calculated by multiplying the intensity of the Poisson process
by the pulse shape length:

®)

DC = \,T. €))

Based on the probability relation:

(A"

n!

Pr(N(t) =n) = exp —(At), (10)

the resulting pile-up probability is given by:

P=Pr(N(T)>0)=1-Pr(N(T)=0) =1—exp(—DC).

(1D
This study considers DC values above 0.1 to have a high pile-
up probability.

C. Data Generation

Since, to the best of our knowledge, there is no annotated
dataset in the time domain, for any supervised learning tech-
nique, the use of physics-reliable simulated data is mandatory
to provide supervised learning with sufficient annotated events;
the simulator is used to tag the signal, as can be seen in Fig.[d]

Under L, seconds of signal simulation, the simulator pro-
duces time series S, energy vector &, and arrival time vector
Ty, and with the sampling rate f,, the simulation contains
Ls - fs discrete points. Thus, the dataset can be formulated
by cutting S into multiple samples. Each sample is a one-
dimensional time series signal with a length of L, which
represents a period of pulses generated from the detector:
X; = {x1,x9,x3,...,x;}, while the label is a vector of the
same length that represents the energy of each arrival photon,
as well as the idle time step:

0, else

k€ [1,N].
&, =T

Sfi = {ylay27y3u "'uyL}vyl -

(12)
Then, the dataset is given by X,Y € R“= %L where each
pulse sequence will serve as a neural network input and is
labeled with an equal-length energy sequence. However, as the
activity increases, multiple events may occur within a single
time step. In this case, we split these events and distribute their
energies over the next several time steps; this is because we
do not consider multi-label classification. Training data under
different counting rates are represented in Fig. [2]

© 2025 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



This article has been accepted for publication in IEEE Transactions on Instrumentation and Measurement. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/TIM.2025.3573370

P(E)) P(ELy)

P(E;)

Normalized Counts

0 250 500 750 1000 1250 1500

Energy(KeV)

Signal Amplitude

Time [n]

Fig. 4: The pulse data output from the simulator along with
the corresponding energy tagging. Time steps without a red
line indicate that no events have occurred, and their energy
values are zero, which are omitted for clarity.

III. NEURAL NETWORK ARCHITECTURE FOR ENERGY
SPECTRUM ESTIMATION FROM TIME SIGNALS

This section describes the proposed deep neural network
architecture tailored for the high precision demand in spectrum
estimation. A classification model is used for energy estima-
tion. A multi-head self-attention mechanism (MSA) enhances
the classification method by capturing relevant spatial infor-
mation in signal sequences.

A. Overview

We first provide some motivation and an overall description
of the approach described later on. Based on the essence of
pile-ups from the perspective of a stochastic process and the
further signal model we established, the spectrum estimation
problem can be seen as a one-dimensional signal segmentation
task, which closely resembles a pixel-wise classification prob-
lem in medical image segmentation. To address our approach,
each time step in the sequence is assigned a class label, and
the designed DL model AttnUNet++ is trained to learn the
underlying structures in a data-driven manner.

B. UNet++

Existing schemes often utilize regression methods for en-
ergy estimation. In common applications such as stock price
prediction and sensor value forecasting, there are inevitably
slight deviations between the predicted value and the true value
obtained by the regression model. Still, in general, the predic-
tion deviation is relatively small and the effect is satisfactory.
However, when applied to spectrum estimation, even if the
curve calculated by the regression model is very close to the
real curve, the estimated energy will still deviate slightly from
the real energy when mapped to the energy. These accumulated
deviations can lead to poor energy resolution.

Therefore, we propose to use a multi-classification network.
In gamma spectrometry, the spectrum is sliced into multiple

channels or bins F_] evenly (for instance, 256, 512, 1024 bins
for Nal detectors). When processing signals, the multi-channel
analyzer (MCA) sorts the on-the-fly pulses into bins according
to the pulses’ energy. Intuitively, each bin in the gamma
spectrum is defined as a class in the DL-based approach.

As discussed before, the training dataset is prepared by sim-
ulated data. All pulses that include pile-ups usually discarded
by conventional MCA methods can be sorted into correct
classes since the ground truth of the signal processes is known.
Thus, the training dataset is tagged with precise labels. A one-
dimensional UNet architecture is proposed to identify each
pulse/pileup from the sequence of signals. Once a pulse/pile-up
is identified, the multi-class tag of each individual pulse/pile-
up can be determined. It is obvious that if the classifier is able
to sort the pile-ups to the correct classes, the network must
output an accurate energy estimate, thus ensuring the need for
high energy resolution.

Fig. 5 presents the architecture of AttnUNet++. The UNet-
like structure consists of an encoder (left side), a decoder (right
side), and a bottleneck layer [27]. The encoder iteratively
reduces the data length and expands feature dimensions to
extract input features. At the same time, the decoder re-
ceives skip connections from the encoder and expands the
tensor to generate the output. Specifically, the input to the
network is represented as X € RBXLXC where B, L, C
represent the batch size, sequence length, and channel number,
respectively. For each signal instance x € RXC of the
input matrix X, x contains n events, and the objective of
the end-to-end deep neural network is to estimate the energy
pulse event vector: y € RX*!, where the output layer
of the network maps the learned feature representations to
probability matrices of all classes using Softmax activation:
pr(x) = exp (a(x)) / (S, exp (ai(x)) ), where ay is the
linear projection of the last layer of the backbone network
to the k-th class of the sequence. To promote the learning of
semantic information at various scales, the skip pathways have
been redesigned to alter the connectivity between the encoder
and decoder sub-networks. In the original U-Net architecture,
the decoder directly receives feature maps from the encoder.
However, in UNet++ [28]], feature maps undergo processing
via a dense convolution block. The pyramid level determines
the number of convolution layers, resulting in a complex
topology characterized by densely connected skip connections
between decoders. These connections facilitate dense feature
propagation, allowing for flexible feature fusion at decoder
nodes, where each node integrates multiscale features both
horizontally and vertically. The redesigned skip pathway can
be formulated as follows:

H (219,
#(c (2 k)

j=0
o, BU @), 0<j <D,
13)
where D represents the model depth, & denotes the concate-

nation operation, C(-) is the continuous concatenate operation
defined as: C(z, k) = a®F @ 2%~ .. 20, function H(-) is a

g —

'We prefer to use the term bin to avoid confusion with the concept of
channel in neural networks.
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Fig. 5: Detailed architecture of AttnUNet++. Orange boxes denote one-dimensional convolutional (ConvlD) blocks, red
downward arrows indicate down-sampling operations, green upward arrows represent up-sampling operations, dashed lines
depict skip connections, and blue blocks are the transformer encoder module containing the MSA block.

convolution operation followed by an activation function, and
U(+) denotes an up-sampling layer. The deepest layer of the
decoder receives a skip connection from the encoder, and as
the layers ascend, the decoder incorporates more connections,
enabling the fusion of multi-scale information. This multi-
scale feature aggregation in UNet++ systematically refines
segmentation outputs, both enhancing accuracy and increasing
training convergence speed.

C. Attention Block

Rather than using a pure CNN architecture, we implemented
a multi-head self-attention mechanism [29]]. The motivation is
to capture relevant spatial information in high-level features.
MSA blocks are used to enhance the model’s robustness and
global information capture. This enriches feature representa-
tion and improves performance, which ensures that the model
excels in both local feature extraction and global context
understanding, making it highly effective for complex seg-
mentation tasks. Specifically, the bottleneck is replaced with
multiple MSA blocks to enhance the model’s understanding
of input features and the model’s stability. The MSA block is
given by:

QKT
Vi

where @), K,V are the query, key, and value matrices. dy, is
the hidden size of the query or key matrices.

The input tensor of the MSA block is X € RBX£xC
and Q = QWS K = KWKV = VWY, where W2 €
Ré*da WK ¢ Rdxde WV € R¥¥dv are the linear projection
matrices, and d = C/h, where h represents the head num-
ber. After each head’s self-attention operation, the heads are
concatenated and connected to a linear projection layer W:

(headsy, headss, . . ., heads,) W.

Attention(Q, K, V') = softmax ( ) vV, (14)

Positional encoding allows the model to carry relative or
absolute position information since the attention operation is
not causal:

PE(pos,2i) = sin (p05/100002"/dmodel> 7
. (15)
PE(pos,?iJ,-l) = COs (pos/l()ooogl/dmodel ) i

By stacking multiple self-attention layers, the model can
leverage deeper feature representations and each layer of the
MSA block is given by:

XOZPE(XP), =1
XZ =LN (MSA (Xzf1) +Xg71), (16)
xy = LN (FFN (Xé) + XIZ) 1<{i<L,

where LN (-) is the layer normalization operation, L is the
MSA block number, and FFN (+) is a single fully connected
layer with elu activation.

D. Loss Function

The cross-entropy (CE) loss function quantifies the discrep-
ancy between the model’s estimated results and the actual
labels. By minimizing CE through backpropagation, the model
can learn the intricate nonlinear relationships between the data
and the labels. The CE can be written as:

L C
~ 1 ~
L Y)=-57 DD Viglog(diy),

i=1 j=1

a7

whefe C' is the class number, in this case C = B + 1, and
Y, Y represent the labels Y; after one-hot coded and estimation
respectively.

IV. EVALUATION

In this section, we evaluate the performance of the proposed
solution. We conduct experimental evaluations from two dif-
ferent perspectives, including the application of common deep
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B. Evaluation Metrics

Precision, Recall, and AP: the precision, recall and average

Hyperparameters Value e . ” . .
precision (AP) are the metrics widely used in evaluating deep
Model depth 4 learning models and are defined as follows:
Hidden size 128 TP
Kernel size 3 Precision = #’
Output nums 1025 ZC(TPC + FPC)
Optimizer Adam TP,
pim Recall = 2= 110 (18)
Learning rate 0.001 ZC(TPC + FN,)
Batch size 16
Num heads 8 AP = Z(Rn = Rn-1)Pa,
Attention layers 6 . . "
Batch size 16 where c¢ is the class index, n represents the number of
Epochs 100 thresholds, and TP, F'P, and F'N denote true positives, false

Dict shape factor

T:p=3%10"70=10"8
1o pp=10"8 0 =10"10

positives and false negatives, respectively.
ROC: The ROC curve measures the relationship between

fs 107 the True Positive Rate (TPR) and the False Positive Rate
SNR 70 (FPR). The TPR and FPR are calculated as:
Dict size 20

TP,
Train sample 7000 TPR = Ec 2 y
Test sample 3000 Zc(TPC + FNe) (19)
Dict type double exponential FPR = Zc FP,

learning performance metrics to evaluate the classification
performance of AftnUNet++ and the application of conven-
tional gamma spectroscopy metrics to evaluate the results of
spectrum estimation.

A. Experimental Setup

As shown in Fig. the workflow of experiments is as
follows: first, the model is trained using the input data
Xirain, Y € R %L: next, the trained weights are applied
to the test data X,.s; to generate estimation Y; finally, the
estimated results are aggregated into a histogram to produce
the final spectrum estimation, H.

In preparing the dataset by the simulator, the sampling rate
is set to 10 MHz, with a rise time of 3.29 x 10~%s and a fall
time of 1.94 x 107 5s, resulted in each pulse shape having a
length of approximately 1.98 us (approximately 20 samples).
The Poisson process intensity \,, varies from 0.05 to 0.4, and
the corresponding counting rates range from 500,000 cps to
4,000,000 cps. The energy spectrum is split into 1024 bins,
which leads to 1025 classes in the A#tnUNet++ model with
an additional default class of negative samples.

All experiments were run on a single AMD Instinct MI210
GPU with 64GB memory under the TensorFlow framework.
Table summarizes the experimental settings, including
hyper-parameters.

In experiments, various energy spectra are evaluated. Specif-
ically, °Co is used to assess classification results through
metrics such as the confusion matrix, precision-recall (PR)
curve, receiver operating characteristic (ROC) curve, and F}
score, and examine the training accuracy of the model under
different signal-to-noise ratios (SNRs). Other energy spectra
are also evaluated to verify various parameters of energy
spectrum estimation.

Y (FP.4+TN,)’

where T'N represents true negatives.

Macro average F;: In highly imbalanced multi-class
classification scenarios, micro averages are often preferred
over macro averages, as they provide a balanced overall
performance metric. However, to comprehensively assess the
model’s performance, we also employed the macro average
Fi-score in addition to PR and ROC metrics. The F}j-score
is the harmonic mean of precision and recall, effectively
balancing these two metrics. The macro-average F}-score is
defined as:
2TP,

20
2TP. + FP. + FN,’ 20)

1
Macro-average F) = c Z

where C is the total number of classes. Using the Fi-
score allows us to evaluate how well the model performs on
each class individually, irrespective of the class distribution,
thereby offering a more comprehensive understanding of the
model’s capabilities and limitations. Accuracy is defined as
the percentage of the model’s correct predictions out of all
samples. It is used to evaluate the overall predictive accuracy
of the model. Some statistical indicators are also defined to
evaluate the spectral estimation.

Integrated squared error (ISE): Let P be the reference
spectrum probability density and () be the estimated probabil-
ity density, then the ISE is given by:

B
ISE(P,Q) =Y (P — Q)*. 1)
i=1

Kullback-Leibler (KL) divergence: The KL divergence
is used to measure the difference between two distributions.
We use the symmetric KL divergence (K L) to evaluate the
probability distribution distance between the predicted spectra
and the reference spectrum:

B P(i)
Dkr(PllQ) =) P(i)-lo =), (22)
e ; : (Q(z))

© 2025 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



Precision

1.0 4

0.8 4

0.6

0.4

0.2 4

0.0 4

This article has been accepted for publication in IEEE Transactions on Instrumentation and Measurement. This is the author's version which has not been fully edited and

content may change prior to final publication. Citation information: DOI 10.1109/TIM.2025.3573370

1.0 4

—— PR curve (AP = 0.99 A, = 0.05)
—— PR curve (AP = 0.99 A, = 0.06)
—— PR curve (AP = 0.97 A, = 0.07)
—— PR curve (AP = 0.96 A, = 0.08)
—— PR curve (AP = 0.95 A, = 0.
—— PRcurve (AP = 0.95 A, = 0.1)

PR curve (AP = 0.83 A, = 0.2)
—— PRcurve (AP = 0.72 A, = 0.3)

PR curve (AP = 0.58 A, = 0.4)

0.8

0.6

0.4 o

True Positive Rate

0.2 A

0.0

T T T T
0.0 0.2 0.4 0.6

Recall

(a) Macro-average PR curve under different A\,

ROC curve (AUC = 1.00 A, = 0.05)
ROC curve (AUC = 1.00 A, = 0.06)
ROC curve (AUC = 1.00 A, = 0.07)
ROC curve (AUC = 1.00 A, = 0.08)
ROC curve (AUC = 1.00 A, = 0.09)
ROC curve (AUC = 1.00 A, = 0.1)
ROC curve (AUC = 0.99 A, = 0.2)
ROC curve (AUC = 0.98 A, = 0.3)
ROC curve (AUC = 0.97 A, = 0.4)

0.8 1.0

T T T T
0.4 0.6

False Positive Rate

T T
0.8 1.0

(b) Micro-average ROC under different A\,

F1 score

0.3 4

0.2 4

0.1 4

—A— F1 = 04221
—A— F1 =0.3632

—A— F1 = 02913

—A— F;=02789

—A— F1 = 02272

A F1 = 02261
—= 1 = 0.1045
Fy = 0.0572

—A— F1 = 0.0362

A

T
0.05

T T T T T T T T
0.06 007 008 009 01 02 03 04

An

(c) Macro Average F score under different A\,

Fig. 6: Classification performance by AttnUNet++ using ®°Co as the radiation source with B = 1024, and Poisson process
intensity rate \,, varying between 0.05 and 0.4.
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Fig. 7: A %°Co source with B = 1024 and \,, = 0.08. The diagonal elements represent correctly predicted classes.

and
B

1
3 > (KL (P, [|Q:) + KL (Qi|P))
i=1
Mean Absolute Error (MAE): This formula calculates the
average of the absolute error between the predicted and true
values for all samples:

KLs= (23)

171
MAE = — —n
nE lyi — il

i=1

(24)

where y; is the true value, g; is the predicted value, and n is
the number of samples.

C. Data Imbalance

Before discussing the classification results, it is important
to address an inherent limitation in our dataset arising from
the physical properties of the signals. Due to the nature of
the signal defined in Eq. (3), and the probabilistic analysis
in Eqs. @)-(T1), samples that contain no pulses dominate
the dataset, comprising approximately 95% to 60% of all
samples as the Poisson arrival rate )\ increases from 0.05
to 0.4. Moreover, among the samples that do contain pulses,
the class distribution remains highly imbalanced due to the
energy distribution specified in Eq. (§). Specifically, there are

more samples in bins corresponding to lower energy levels and
fewer samples in bins corresponding to higher energy levels.
This imbalance poses challenges for accurately classifying
higher energy levels, as will be evident in the results presented
later. Importantly, this imbalance is intrinsic to the signals
themselves, stemming from the underlying physical processes
governing pulse generation and energy distribution, and can-
not be effectively mitigated using traditional data balancing
methods designed for tabular datasets.

D. Classification Performance of AttnUNet++

The classification performance of A#tnUNet++ in terms of
PR, ROC and F; score is presented in Fig. [ In Fig. [6[a),
the micro-average PR decreases as )\, increases; specifically,
the PR curve achieves an AP of 0.99 at \,, = 0.05, whereas
at A\, 0.4, the PR decreases to 0.58. It suggests that
AttnUNet++ is able to classify all pulses/pile-ups with high
precision when A is no more than 0.1. In Fig. E[b), the
area-under-the-curve (AUC) remains high, approximately 1.00,
for A\, values ranging from 0.05 to 0.1, indicating excellent
performance in distinguishing between classes. As A, exceeds
0.1, the AUC experiences a slight reduction but remains above
0.97, indicating robust model performance even at higher
activity levels. However, when evaluating the macro-average
Fy score shown in Fig. [f[c), there is a significant drop when
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Fig. 8: Spectrum estimates under the experiment settings of \,,
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An = 0.08 () 1251, A,, = 0.08

= 0.08, and B = 1024, for 6 different radiation sources: 22°Ac,

241 Am, 131Ba, 69Co, 137Cs and '2°1. The ISE metrics are summarized in Table

A exceeds 0.1, which suggests that AstnUNet++ is unable to
identify the pile-ups when A is high.

We present confusion matrices in Fig. [7] to demonstrate
the AttnUNet++’s classification ability for different classes.
In Fig. [7} if a pulse/pile-up event is sorted to the correct
bins, the count on the diagonal increases; otherwise, off-
diagonal counts increase. The accuracy for classes 500-550
of %9Co elements at A, = 0.08 is significantly higher than
that for classes 100—150, while the classification performance
for classes 960-1024 is poor. The reason of this disparity
is two-fold: first, classes 960-1024 lack positive samples;
secondly, though classes 100—150 have plenty of samples, in
the low-energy spectrum range, the pulse shape is small and
the characteristics are few.

E. Spectrum Estimation

In Fig. [B] we present the spectrum estimates of several
single sources at a specific activity intensity of A\, = 0.08,
using logarithmic scales to represent normalized counts in the
plots. It can be seen that the peaks in the energy spectrum
estimated by the model almost overlap with the actual nuclear
peaks and can even predict very small peaks in the high-
energy region. However, the model has difficulty estimating
values in the low-energy region, approximately between 0 and
50 keV (i.e., classes 1-150), because these pulse signals are
either obscured by noise or overlapped with higher-energy
stacks, making them difficult to distinguish as we discussed
in Fig. [7] In Table Il we compare ISE and KL divergence

of energy spectrum estimations using AttnUNet++ against
two conventional algorithms: one without pulse correction
and the Fast Correction algorithm [13]. These comparisons
are made using different count rates and various sources.
Our AftnUNet++ generally outperforms the two conventional
algorithms in terms of ISE and KL metrics. Although in a few
cases the conventional algorithms perform adequately, they
both fail when the intensity A, exceeds 0.3.

For the sources °Co, 137Cs, 57Co, 22Na, °1Cr, 241 Am,
we calculated the MAE of the estimated peaks, as shown
in Table @ In terms of peak estimation, when A\, = 0.05
and 0.06, the MAE of the Fast Correction algorithm is lower
than that of AttnUNet++. However, as the counting rate
increases, our model achieves better MAE results. Notably,
when )\, reaches 0.3 and 0.4, both conventional methods fail,
whereas our method continues to perform accurately. It is
worth mentioning that even at relatively low intensities like
An = 0.05, our method remains accurate for peak estimation
in the low-energy region of the elements, while the other two
algorithms fail.

FE. Method Performance Comparison with Recent Research

In this part, the Pulse Height Estimation algorithm devel-
oped from is used to compare with our method. To ensure
the consistency of the data type and the algorithm application
scenario, similar to them, we apply Allpix Squared to
generate X-ray pulse data. Allpix Squared is a semiconductor
detector simulation framework. It provides a complete and
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Fig. 9: Comparison of the energy spectra obtained without correction (blue), using a standard pulse height estimation method

(green), and using our approach (red).

easy-to-use package for end-to-end simulations of semicon-
ductor detector performance from incident ionizing radiation
until the digitization of hits in the detector chip. In the exper-
iment, the Cd is used as the radiation source, and the count
rate is 0.27 Mcps; a detailed experiment setting can be found
in [31]. We present the estimation result in Fig. [9] As shown
in the figure, the pile-up peaks were effectively corrected by
both algorithms, especially those peaks over 40 keV. However,
the Pulse Height Estimation algorithm fails to separate the
characteristic peaks:(K,1, Kg1 and Kpgo peaks), as well as
K, escape peak. Our method, however, successfully locates
the individual peaks and has better resolution performance.

G. Experiment on Real Data

Fig. 10: Diagram of experiment setup in SSRF; (a) 1%¢
ionization chamber, (b) Sample, (c) HITACHI Vortex-ME4
silicon drift detector.

Our approach is further validated using real-world data
collected from the Shanghai Synchrotron Radiation Facility

(SSRF). During the X-ray detection experiments at SSRF, a
HITACHI Vortex-ME4 silicon drift detector, equipped with
an integrated pulsed reset charge-sensitive preamplifier, was
employed, and the experimental setup is depicted in Fig.
[TO} Unlike conventional double-exponential pulse signals, the
acquired waveform exhibits a quasi-steady step response. The
experiment was conducted at a sampling rate of 250 MHz and
a counting rate of 1 Mcps, using C'u as the radiation source.

To better capture the pulse characteristics, we apply a
differentiation algorithm to extract transient features, followed
by Gaussian filtering to suppress noise. After differentiation,
the signal reveals an exponential decay behavior, as illustrated
in Fig. [TT}

U(t) = Be t/*, (25)

where B denotes the amplitude factor, and A represents the de-
cay constant determined by the circuit parameters. The original
step-like waveform can be reconstructed via integration:

u(t) = —Bxe */* + D, (26)

where D corresponds to the signal plateau level relative to
the baseline, which can be adjusted to zero by selecting an
appropriate reference. In the resulting energy spectra (Fig. [I2)
our algorithm effectively corrected the pile-up peaks. Further,
our method successfully located the individual peaks(K .1,
K @1).

H. Performance under Different SNRs

Experiments were carried out at different noise levels to
better understand our proposed model’s robustness in noisy
environments. We assessed the model’s test accuracy under
different SNRs, from 20 dB to 100 dB, as shown in Fig. ﬂ}l
The results demonstrate that the model exhibits robustness
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against noise. However, under low SNR conditions, the clas-
sification accuracy decreases. This decline is attributed to the
fact that small energy pulse features in the original signal
are masked by noise, making it challenging for the model to
extract relevant features effectively.

V. CONCLUSIONS

This study contributes to the corpus of research on energy
spectrum estimation of high-activity measurements by devel-
oping a DL-based spectrum generation algorithm that remains
effective even under high count rate conditions that result in
extreme pulse pile-up. By modeling pile-up events as global
recordings and formulating the problem as a point process
marking problem, our proposed solution effectively handles
the challenge of high-activity spectrum estimation.

Specifically, we apply the sequence segmentation paradigm
of DL in this context, combining the advantages of CNNs
and the multi-head self-attention mechanism to focus on
both local and global features of sequences. The encoder-
decoder architecture of the model is used to predict particle
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Fig. 13: Model classification accuracy as a function of SNR
for different values of \,, 5°Co as the example.

energies in an end-to-end manner. Our AttnUNet++ achieves
accurate results for both single and mixed sources at various
count rates and demonstrates excellent performance in terms
of the MAE of peak positions, as well as the ISE of the
overall distribution. Consequently, subsequent elemental and
peak analyses can be effectively performed by visualizing the
energy spectrum. Moreover, once the model is trained, real-
time inference can effectively be performed using dedicated
hardware platforms, such as Nvidia Jetson. In future work,
we aim to explore customized loss functions (e.g., focal loss,
weighted loss) to emphasize high-energy events and attention
mechanisms to enhance feature learning for rare pulses, further
improving accuracy in high-energy regions. Eventually, since
this approach is detector-dependent, we aim to include a pulse
shape learning stage to ensure its applicability in a wide range
of scenarios.
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TABLE IV: MAE metrics corresponding to the results shown in Table
Activity Source name Co-60 Cs-137 Co-57 Na-22 Cr-51 Am-241
An peaks energy/keV ~ 1173.24 1332.50 31.80 661.66 122.06 136.47 51120  1274.54 0.17 319.69 59.54
Algorithm 1 0.02374 0.02069 - 0.06329  0.16046  0.01597 0.04675 0.01939  0.00216 0.10012 -
0.05 Algorithm 2 0.00125 0.00132 - 0.00182  0.06158  0.00170  0.00251  0.00738  0.00383  0.00522 -
Our method 0.00356  0.002452  0.00127  0.00570  0.00733  0.00078  0.00866  0.00319  0.01255 0.01498  0.03581
Algorithm 1 0.02595 0.02268 - 0.06912  0.18108  0.01765 0.05546  0.01232  0.00408  0.11983 -
0.06 Algorithm 2 0.00285 0.00258 - 0.00621  0.10049  0.00253 0.01348 0.00165 0.00248 0.02733 -
Our method 0.00319 0.00247  0.00191  0.00574  0.00584  0.00057  0.00477  0.00098 0.00986  0.01201  0.02085
Algorithm 1 0.02781 0.02426 - 0.07405  0.19518  0.01895  0.06665 0.01316  0.00572  0.13352 -
0.07 Algorithm 2 0.00460 0.00436 - 0.01111  0.10998 0.00391  0.03555 0.00298  0.00413 0.05210 -
Our method 0.00204 0.00164  0.00317  0.00562  0.00547  0.00053  0.00362 0.00097 0.00845 0.01269  0.01658
Algorithm 1 0.02935 0.02548 - 0.07797  0.20482  0.01997  0.07379  0.01393  0.00657  0.14289 -
0.08 Algorithm 2 0.00670 0.00686 - 0.01760  0.13125  0.00580  0.06052  0.00397  0.00491 0.07316 -
Our method 0.00343  0.00273  0.00293  0.00440  0.00628  0.00081  0.00460 0.00154 0.01103 0.01164  0.00898
Algorithm 1 0.03048 0.02651 - 0.08332  0.21131  0.02080 - 0.01453  0.00733  0.14927 -
0.09 Algorithm 2 0.01010 0.00978 - 0.01378  0.14872  0.00814 - 0.00552  0.00563  0.09106 -
Our method 0.00229 0.00162  0.00476  0.00601  0.00587  0.00074  0.00487  0.00143  0.00513  0.00868  0.00591
Algorithm 1 0.03245 0.02742 - 0.08889  0.21590  0.02153 - - 0.00774 - -
0.1 Algorithm 2 0.01110 0.01289 - 0.01054  0.16473  0.01061 - 0.00712  0.00593 - -
Our method 0.00251 0.00217  0.00383  0.00556  0.00568 0.00056 0.00529 0.00141 0.01105  0.01465  0.00677
Algorithm 1 - - - - - 0.02624 - - 0.00782 - -
0.2 Algorithm 2 - - - - - 0.02944 - - 0.00376 - -
Our method 0.003357  0.00298  0.00955 0.00959 0.00714 0.00115 0.00734  0.00156 0.00188 0.01595  0.01239
Algorithm 1 - - - - - - - - - - -
0.3 Algorithm 2 - - - - - - - - - -
Our method 0.00654 0.00503  0.01519  0.01315 0.01035 0.00159  0.01221  0.00253  0.01862  0.02108  0.01802
Algorithm 1 - - - - - - - - - - -
0.4 Algorithm 2 - - - - - - - - - - -
Our method 0.00972 0.00668  0.01716  0.01680 0.01814  0.00202 0.01686 0.00318  0.04625  0.02914  0.02619
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