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Estimation from Short-Duration Gamma
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Abstract—Gamma spectroscopy is a technique for identifying
radioactive sources and evaluating their activity. Reliable estima-
tion of activity levels remains challenging due to various physical
effects, such as the pile-up effect and dead time. In numerous
applications, it is critical to provide an accurate estimation
of the source activity from short-duration signals. This study
compares three deep neural network (DNN) architectures: Unet,
Long Short Term Memory (LSTM), and an application-tailored
convolutional neural network (CNN). Due to the lack of annotated
datasets in the field, experiments are performed on simulated
yet realistic signals and demonstrate that the application-tailored
CNN outperforms both Unet and LSTM architectures. We show
that the provided activity estimators have a lower variance than
current state-of-the-art methods, which makes the approach well-
adapted to analyze short-time signals. However, results on real
signals illustrate the necessity of fully simulating pulses to match
real pulse shapes, indicating that current approaches still face
challenges in practical applications for a large class of detectors.

Index Terms—activity estimation, deep learning, nuclear spec-
troscopy

I. INTRODUCTION
A. General Overview

The study of gamma spectroscopy involves the analysis of
radioactive sources. The field focuses on two main objectives:
identifying the radionuclides present in the source through
examination of the energy spectrum, which is a histogram
of recorded particle energies and estimating the source’s
activity, also referred to as counting-rate estimation [1]. It has
numerous applications, e.g., in geochemistry [2], radioactive
waste management, or medical imaging [3].

Spectroscopic signals are commonly modeled as a trajectory
of a compound Poisson process with some intensity A. Within
this model, a signal is made of random pulses with varying
shapes. Figure 1 provides a visual example of both the detector
signal and the particle presence times for the specific activity.
When the activity is high, as in Fig. 1, the pulses may overlap,
creating what is known as the pile-up effect. This effect poses
a significant challenge in accurately estimating the activity as
well as distorting the energy spectrum of the resulting data.

Two main approaches to contend with the pile-up effect
are sensor improvements (e.g., [4], [S]) and algorithmic ap-
proaches that are used to compensate for the sensor imper-
fections with sophisticated machine learning (ML) solutions.
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Fig. 1: Example of a signal for A = 0.4: (a) raw signal,
(b) zoom of the signal, with the arrival times outlined.

An example of the ML approach is presenting the pile-up
effect as a sparse regression problem [6]-[9] that was proved
to be effective for activity estimation. However, the efficiency
of these methods decreases as the recorded time signals are
shorter or when the activity of a source increases.

The nuclear spectroscopy literature has recently suggested
deep neural network (DNN) based methods, e.g. for ra-
dionuclides identification [10]-[18]. These works showed that
DNNs provide promising results in identifying mixtures com-
pared to classical ML methods. Though the application of
DNNs in the field is promising, two issues prevent their use on
a larger scale. The first issue is the total absence of annotated
datasets in the field. Thus, all the training procedures rely on
simulated data [12], [16], [19]. Besides the obvious fact that
the simulated data should comply with commonly observed
signal shapes and dynamics, it makes the investigation on
generalization of proposed algorithms complex. The second
issue is that all the network architectures described in the
references above use energy spectra as inputs; however, a
large number of clean electrical pulses is needed for a reliable
histogram computation.

B. Main Contributions

The primary objective of this paper is to explore the effec-
tiveness of DNN architectures for estimating counting rates. It
particularly focuses on evaluating the suitability of these mod-
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els for processing short-duration pre-recorded signals in the
time domain. In nuclear spectroscopy, prioritizing short signals
is often a necessity due to the high costs and extensive time
requirements of laboratory measurement campaigns. Utilizing
minimal data for source identification and intensity estimation
not only reduces computational load but also enhances the
efficiency of data processing. In particular, numerous practical
applications (e.g., radiation monitoring and nuclear forensics)
and theoretical ones (e.g., identification of transient radioactive
phenomena) require results from small recording window
times.

The main highlights of the proposed research are as follows:

1) Contrary to the current research in this area, this paper
suggests using the output signal of a detector (Fig. 1a)
directly, bypassing the need for histogram computation.

2) DNNs are employed to create an intermediate internal
projection representation of the signal, allowing for the
detection of each gamma particle based on signal shape,
the resulting arrival times being used.

3) We illustrate that the proposed method provides a reli-
able activity estimate with very short-time signals, even
with relatively high activity levels.

4) The paper also discusses potential limitations of apply-
ing the approach directly to real datasets, especially for
higher activity levels, despite promising results for low
activities.

The estimation method investigated in this paper is based
on a two-step pipeline, elaborated in [20], that is visualized in
Fig. 2.
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Fig. 2: Two-step activity estimation pipeline.

DNNs in Fig. 2 are used to generate a binary vector B,
whose entries equal 1’ when at least a particle is present
between two specific sampling points of the signal and ’0’
otherwise, which allows the estimation of the source’s activity
(using a plug-in estimate) while providing additional insight
into the position of individual electrical pulses, which can be
helpful for directly applying pile-up rejection or correction
techniques at a later stage.

We show that a DNN-based counting rate estimation used
on signals in the time domain has a lower variance and
outperforms existing activity estimators relying on the same
data. The bias appearing in existing plug-in estimators for
high activities is learned and corrected, which makes the
approach suitable for short-duration signals (of the order
of hundreds of microseconds). The performance evaluation
shows a significant improvement in the DNN-based optimized
pipeline results compared to the previously published results
in [20], [21].
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II. SIGNAL MODEL AND DATASET GENERATION
A. Model and Signal Generation

Mathematically, the continuous-time output signal from the
detector, y(t), can be expressed as follows:

y(t) =D Enhn(t —Tp) +£(t), (1)
n=0

where the sequence {7, m > 0} is a sample path of
a homogeneous Poisson process with unknown normalized
intensity A, which represents the arrival times of the particles,
h,(-) is the shape of the electrical pulse associated with the
n-th impinging particle, F,, is its energy and (t) is additive
noise. In the simulated signals used for the learning procedure,
the shapes h,,(t) are modeled by truncated Gamma shapes
with parameters « and [, as described in detail in previous
contributions of the authors [6], [20], as follows:

h(t) =t Pt 0<t<T. )

This model makes it possible to simulate electrical pulses with
a rapid rise, followed by a slow exponential decay, as typically
encountered in high-purity Germanium (HPGe) detectors. This
signal is sampled at At, which denotes the sampling period to
produce the discrete-time signal y[n]. The method described
in the paper aims to provide a reliable intensity estimate A
given y[n].

Simulated signals were generated from a homogeneous
Poisson process with varying true intensity A from 0.05 to 0.6,
representing a broad range of radioactive activity. The energies
FE,, followed a mixture of two Gaussian densities with means
equal to 100 and 225 and variances of 10 and 15. The noise
variance o was set to 1, reflecting a typical signal-to-noise ratio
encountered in practice. In the given experiments, a random
shape was chosen from 20 Gamma shapes to illustrate the
variability of the generated electrical pulses for each point of
the Poisson process. The resulting signals are based on Eq. (1).
Further details on the generation of the signals can be found,
e.g., in [20].

B. Performance Validation

The goal of the performance validation 1is to
identify the generalization properties of the proposed
solutions. =~ We used seven normalized activities
A =0.05,0.15,0.25,0.35,0.45,0.55,0.65 for training,

validation and testing. There were an additional six activities
of A=0.1,0.2,0.3,0.4,0.5,0.6 that were used only for
validation and testing (but not for training) in order to
validate the generalization properties of the proposed
solution. Train and test A values of the dataset are visualized
in Fig. 3.

The training dataset was comprised of 10000 signals of 1024
samples for each activity level. The validation and test datasets
consist of 500 signals each, with the same length for every
activity level. Note that 1024 sampling points correspond to
very short-duration signals; for example, on the real data used
in this paper, sampled at 10 MHz, it means that we estimate
the activity over a period of 102.4 us.
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Fig. 3: A values for train and test datasets. In order to check
the generalization for different A, some values are present only
in the test dataset but not in training.

III. DESCRIPTION OF THE ARRIVAL TIME ESTIMATORS

The arrival time estimator aims to determine whether one
or more particles can be attributed to each time sample of
y[n]. The resulting output is a binary decision for each n.
Three DNN architectures were evaluated in this paper for
arrival times estimation, each related to a different problem
formulation approach.

A. U-Net Network Architecture

The presence or absence of particles between each sampling
point of y[n] may be considered a two-class (binary) signal
segmentation problem. The U-Net architecture [22] is one of
the most common segmentation solutions; it is a classical
convolutional neural network (CNN), initially proposed for
biomedical image segmentation, with inherent encoding and
decoding structures. Down-sampling comprises multiple con-
tinuous convolution layers, and the corresponding up-sampling
comprises multiple continuous convolution and deconvolution
layers. Residual concatenation-based skipping is used between
the corresponding layers. We used a one-dimensional (1D)
version of U-Net, schematically presented in Fig. 4. The
number of filters in each following downsampling block is
twice that of the previous block.

The implemented network (Fig. 4) was configured with 2
to 4 down-sampling and up-sampling block pairs with filter
numbers of 8, 16, 32, and 64, correspondingly. The kernel
length of all the filters was set to 3, with causal padding.

B. Long Short-Term Memory (LSTM) Network Architectures

Another approach considers the signal’s sequential aspect.
In this case, the problem may be classified as a sequence-
to-sequence problem with input and output sequences of the
same length (Fig. 5a). The resulting architecture is based on
bidirectional LSTM layers. To learn feature representation
at LSTM inputs, one or more repeating inception Conv-1D
modules [23] were used. Features were fed in the bidirectional
LSTM layer concurrently with the dense layer, resulting in a
binary prediction of activity presence for each sample in a
frame. The network architecture is outlined in Fig. 5b.

The implemented network (Fig. 5b) was configured with
one- or bi-directional LSTM layers with either 8, 16 or 32
units each. The number of successive inception modules was
between 1 and 3, with 4, 8 or 16 filters of each size in an
inception block.
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Fig. 5: LSTM architecture: (a) concept and (b) architecture.
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Fig. 6: CNN architecture: (a) concept and (b) architecture.

C. Classification CNN Architecture

This method generates features by one or more inception
Conv-1D modules, as in the LSTM architecture above. How-
ever, the resulting features are reshaped into two-dimensional
(2D) feature embeddings. These embeddings are then fed into
a 2D CNN-based classifier (Fig. 6a). A schematic presentation
of the network architecture is presented in Fig. 6b.

The implemented network (Fig. 6b) was configured with
1 to 2 2D-CNN Ilayers. The number of successive inception
modules was between 1 and 3, with 4, 8 or 16 filters of each
size in an inception block.

D. Loss Functions

In this specific framework, the choice of the loss function
used for optimizing the networks’ weights may have a signif-
icant impact on the estimation performance. Since the arrival
times appearing in Eq. (1) are distributed based on a Poisson
process, the data used is naturally imbalanced, and the degree
of imbalance highly varies depending on the activity. The
number of labels equal to ‘0’ will dominate for low activities.
Conversely, the labels will be mostly equal to ‘1’ for very high
activities. Following these considerations, we evaluated three
kinds of loss functions:
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as the number of events or occurrences in a given time
or space.

E. Learning Parameters

1) Learning Rate (LR): We started with an LR of 0.001,
which is a standard starting point for many DL tasks. This rate
was adjusted dynamically using an LR scheduler based on the
plateau in validation loss, reducing it by a factor of 0.5 when
no improvement was seen for 5 consecutive epochs.

2) Batch Size: A batch size of 32 samples was used.
This size was a balance between computational efficiency
and model stability during training, making it suitable for our
hardware constraints and the size of the training dataset.

3) Epochs: The models were trained for up to 100 epochs,
but we employed early stopping based on the validation loss
to prevent overfitting and unnecessary training. Training was
stopped if the validation loss did not improve for more than
5 epochs.

IV. ACTIVITY ESTIMATOR BASED ON ESTIMATED
ARRIVAL TIMES

A. Theoretical Estimator

The first activity estimator approach relies on an existing
estimator presented in [21], which provides an unbiased activ-
ity estimate. We denote this method by “theoretical estimator”
in the following. This estimator is defined as

X:-Altln(u]b;z%n), 3)

where N denotes the number of sampling points of a signal
y[n], and B,, is a binary indicator variable, equal to ‘0’ if no T},
values are present between the n-th and the (n+1)-th sampling
points, and to ‘1’ otherwise. As shown in [21], this estimator is
asymptotically unbiased and statistically consistent. However,
as its convergence to the true activity is asymptotic, its quality
depends on the total number of available sampling points.
Therefore, when dealing with very short-duration signals, the
estimator derived from (3) is highly sensitive to the B, esti-
mation accuracy. Therefore, we suggest learning the functional
relation between B,, and )\ to circumvent this issue, as detailed
below.

B. Learned Estimator

A straightforward plug-in of the DNN’s output in the theo-
retical estimate from the previous section yields a systematic
underestimation of the activity. In order to improve the source
activity estimation results based on the DNN’s outputs, we
have proposed an improved activity estimator based on a
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learned functional of the average number of active sampling
points, as presented below.

The theoretical estimator is an analytical function of the
average number of particle presence indicators,

1 N—-1
u:NZjOBn. €5

In order to improve the overall pipeline performance (Fig. 2),
we aim to correct the bias introduced by the fact that there may
be more than one particle arrival between two sampling points
of the signal. Consequently, we model the plug-in estimator
by an m-th order polynomial of the form

p() = arp®, )

k=0

where the coefficients ar > 0 are learned as a minimum
mean square estimation (MMSE) fit between “oracle” activity
A and the value of p(u). From the physical nature of the signal
y[n], the resulting p(-) function values on the corresponding
support values of A\ are non-decreasing, resulting in one-to-one
mapping between p and .

V. RESULTS ON SYNTHETIC DATA
A. Evaluation Protocol

We conducted simulations with the goal of evaluating the
performance of the activity estimation pipeline (Fig. 2) for
different combinations of methods for arrival time and activity
estimation. We compared the following estimation approaches:

1) Oracle estimator: The oracle estimator is the standard
maximum likelihood estimate defined as follows:

5\oracle = l (6)

)
Tmam

where M is the exact number of electrical pulses in the
recorded signal and 7),,, is the arrival time of the last
electrical pulse.

2) LASSO based estimator: The so-called LASSO based
estimator is introduced in [21]. The arrival times are estimated
with a post-processed version of the LASSO regressor intro-
duced in [26], and are plugged into Eq. (3) for the estimation
of the activity. This method provides good estimates of a
normalized activity of up to A = 0.5 and is used for the sake
of comparison with a state-of-the-art method.

3) DNN with theoretical plug-in estimator: The post-
processed version of LASSO from [21] is replaced with a
DNN that estimates the active bins B,, (Sec. III), coupled with
the estimator in Eq. (3).

4) DNN with learned plug-in estimator: The proposed
algorithm learns the plug-in estimator directly from the DNN-
produced B,, values, following Eq. (5).

5) Optimized pipeline: Arrival time estimation is based on
the binary decision concept. However, the output of a typical
DNN is a probabilistic estimate. This estimate is converted to
a binary decision by comparing it to a pre-defined threshold,
typically 0.5. Nevertheless, this threshold may be further
optimized. The threshold is optimized numerically to improve
algorithm performance.
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The evaluated simulation combinations presented in the
paper are summarized in Table 1.

The selection of comparative methods is motivated by the
following considerations: the oracle estimator, representing the
best theoretical estimator, relies on knowing the exact number
of electrical pulses and their last arrival time. Although this
information is not practically available, the oracle estimator
sets the benchmark for the lowest possible estimation variance,
serving as a gold standard. The LASSO-based estimator, a
recent development for estimating source activity over short
segments, is included to provide a contemporary comparison
point. Finally, the proposed method includes several enhance-
ments, such as the use of deep neural networks (DNNs),
a learned plug-in estimator, and an adaptive threshold, as
detailed above. It is essential to compare the performance of
these estimators to clearly demonstrate the contributions of
each component to the overall method.

B. DNN Performance

Experiments were performed on a Intel Core i7-10700
computer, with a 2.90-GHz processor CPU, 64 GB of RAM,
and an Nvidia RTX A4000 16GB GPU. We used Python 3.9
with Tensorflow 2.10. We calculated the accuracy, sensitivity
(recall) and specificity for the investigated architectures on the
test set for all the configurations.

The scatter plot shown in Fig. 7 displays the sensitivity
and specificity performance of all the architectures discussed
in this paper. The plot consists of multiple points, each
representing a unique combination of hyperparameters and
activities. While there are no significant variations between the
architectures and losses, we can see that all the architectures
have very similar performance for low activity. However,
the LSTM and CNN architectures perform better for higher
activity. Therefore, it is recommended to choose either the
CNN or the LSTM architecture for activity estimation. Further
details about the performance of the various architectures are
provided in the Appendix.

Due to the similarities in the activity estimation results
across different architectures, the following results are pre-
sented for a single example (LSTM architecture implementa-
tion, 1-layer inception, 16 filters, bi-directional LSTM layer
with 32 units) for brevity.

A comparison between method #1 and method #3 is pre-
sented in Fig. 8. The results show that the DNN solution yields
excellent results for low activity and has an inherent bias that
increases as activity grows. We emphasize that as the activity
of the source increases, so does the probability of having
one or more photon arrivals between two sampling points
of the signal, making the accurate estimation more difficult
to attain. This shows, a posteriori, that the DNN approach
has no trouble finding whether one arrival or more occurred
between two sampling points, but struggles to estimate the
exact number of pulses in a segment as the activity grows.

We next compare the performance of method #2 and
method #3 in Fig. 9. The results are displayed in the activity
range [0.1, 0.4], since results from [20] and [21] were available
in this range only. The results obtained with the proposed
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TABLE I: List of the evaluation performance combinations

# |  Arrival Estimator | Plug-in | Note

L] Oracle | Maximum Likelihood | Best estimator, unattainable in practice
2 | Post-processed LASSO | Eq. (3) | Concurrent method

3 DNN \ Egq. (3) \

4 | DNN | Learned (Eq. (5)) |

5] DNN | Learned (Eq. (5)) | Pipeline optimization
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Fig. 7: Sensitivity and specificity for all architecture hyper-
parameters and activities. LSTM and CNN architectures have
better performance for higher activity levels.

DNN-based approach show a bias when compared to the
method proposed in [20], and, more specifically, the average
value of the activity estimate is always slightly lower than its
counterpart. However, in contrast to the alternative method, our
approach has a much lower variance, and the exact value of
the activity always falls within the 90% confidence interval.
Therefore, the DNN-based method provides a more reliable
estimate than its unsupervised counterpart.

C. Learned Plug-in Performance

In order to learn the coefficients of the plug-in estimator in
Eq. (5), the following steps were taken:

1) The DNN estimator was trained using the training data
from the database.

2) The validation database was used to learn the relation
(‘learned’ trendline) between the resulting B, values
and the actual ones. The polynomial order was set as
m = 3; higher values provided no improvement.

3) The ‘test’ database was used for performance evaluation.

The plug-in learns p to A = p(u) mapping to provide an
improved estimate for each p value. Figure 10 illustrates the
learned plug-in results. This plug-in’s main advantage lies
in its removal of the inherent bias resulting from the DNN
estimator.
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Fig. 8: Illustration of the performance of DNN-based estimator
paired with an optimal plug-in estimator. The bias of the DNN
estimator is clearly notable.

D. Threshold Optimization

During our evaluation, we noticed that the probabilistic
DNN’s output has an asymmetric distribution and varies
among different activities. As an example, the histograms of
the prediction probabilities for B,, values for A = 0.1 and 0.6
are presented in Fig. 11.

Clearly, the optimal threshold for the estimation of B,
strongly depends on A itself. Nevertheless, optimizing the
overall pipeline by averaging performance across all activities
in the validation database is possible. The root mean square
error (RMSE) of the A estimation for different threshold values
is shown in Fig. 12, and this threshold is used in method #b5.

The corresponding receiver operating characteristic (ROC)
curve for all the detected probabilities of B, values, along
with the corresponding default and optimal threshold values,
is presented in Fig. 13. It shows that the optimal threshold
value represents a compromise between the false positive rate
(FPR) and the true positive rate (TPR).

The examples of a confusion matrix for method #5 are
presented in Fig. 14. The performance of the proposed method
is illustrated in Fig. 15; the resulting estimator is unbiased and
performs very close to the performance of the oracle estimator.
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Fig. 10: Learned plug-in estimate with each p value mapped
to the corresponding activity by Eq. (5).

Finally, we present the averaged RMSEs of the four methods
(#1, #3, #4, and #5) for different activity levels in Fig. 16.
We can observe that the results obtained by method #b5 are
excellent and close to optimality.

VI. RESULTS ON REAL DATASETS
A. General Signals

We investigated the performance of the networks trained
on the signals generated based on Eq. (1) on four real signals,
based on method #3. All the measurements were performed at
CEA Saclay on radioactive mixtures with normalized activities
of 0.04, 0.05, 0.1 and 0.3, respectively. In order to investigate
the proposed methods on short-duration signals, we use 200
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Fig. 12: Influence of threshold values on the RMSE perfor-
mance of the activity estimation averaged over all activities.

segments of only 1024 sampling points. Each segment pro-
vided an estimate of the activity, based on equation (3).
Results of the estimated activities are displayed as 90%
confidence intervals in Fig. 17. We can observe that there is a
decade between the true activity and the estimated one, which
might seem disappointing. However, an encouraging fact is
that (at least for low activity) the scale seems constant for all
the considered activities, as seen in Fig. 18. This last point
indicates that the trained DNN estimates single peaks with
multiple active peaks. Indeed, the peaks simulated to train the
simulators are not well suited to the real recorded signals, in
terms of both shape and associated energies. Consequently,
large electrical pulses or pulses with high amplitude can
easily mislead the trained DNN, which will return several
active times in place of a single one, as seen in the time
domain in Fig. 19. This difficulty was also noted in previous



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.2024.3449943

IEEE TRANSACTIONS ON INSTRUMENTATION AND MEASUREMENT, VOL. XX, NO. XX, XXXX 2020 8
10 B Oracle
. 0.025 - mmm DNN
0.8 :‘é‘ mmm  DNN (learned plug-in)
3 0020 ™™= DNN (optimal thr)
¢ 3
< =1
% 06 £
2 \ = 0015 [
a [}
IS S £
g 04 5 0.010 | |
&= g
=
02 | — ROC T s e T | ~I- ~(- ~(-
e Optimal threshold ||H ‘
e Default threshold (0.5) 0.000 ' ””
0.0 R T B T BA N S s BV BB
0.0 02 04 0.6 0.8 1.0 = s © s ° s ° s ° s ° 3

False Positive Rate

Fig. 13: The location of the default and optimal threshold on
the ROC curve.
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mance. Both plots are very similar.
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Fig. 16: RMSE performance comparison for network-based
methods. High RMSE values for DNN are due to high esti-
mation bias that is removed by the learned plug-in estimator.
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Fig. 17: Activity estimation results on real recordings. 90% of
the estimated activity (y-axis) fall within the whisker plot.

contributions [6], [20], and is the most problematic when
using a time-domain-based approach for activity estimation.
The proposed approach is based on the supervised learning
paradigm, and simulator inaccuracies may somewhat alter the
resulting performance.

When normalizing the average of B,, in (3) by the average
number of active times to model single electrical pulses, we
can notice that the obtained estimations are more consistent
with the true values, as illustrated in Fig. 20. Although the
normalization introduced is not a practical solution and cannot
replace a better-trained network, it shows that the overall
approach provides encouraging results on real data, even if
the associated DNN was poorly trained.

B. Results on Data-Driven Simulated Signals

As seen in the previous section, the localization of indi-
vidual peaks is made harder when the simulated electrical
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Fig. 19: Example of real-time signal (blue) and associated

predicted arrival times B,, (red).

pulses’ shapes are not well suited to the real data. Indeed,
the shapes of electrical pulses from real recordings strongly
depend, among other things, on the impact point of the
particle, the temperature and the detector’s geometry, most
of these parameters being either unknown or unavailable in
the recordings. However, the pulses’ shapes of the simulator
could be learned from a real dataset to make the approach
more robust. To better illustrate the connection between the
simulated signals and the DNNs’ performance, the described
networks were trained on simulated signals, whose Gamma
shapes were computed based on a real signal, and activities
were estimated using method #3. We used a raw HPGe
measurement signal of a mixture of Cesium and Americium
sources as a reference for gamma-shape-based simulation.
After discarding electrical artifacts common in the field (e.g.
saturated peaks, detectors resets and baseline), single electrical
pulses were extracted from one second of the signal, based
on the analysis of their shape, and after discarding shape
with abnormally low or high energies, including pile-ups.
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Fig. 20: Activity estimation results on real recordings after
normalization. There is a better adequacy between the true
and estimated activities, though the variance at high activities
remains high.
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Fig. 21: Example of real electrical signal (blue) and estimated
particle arrival times (orange dots).

The resulting signal included about 9 x 10* shapes.All these
single pulses were estimated by Gamma shapes with different
parameters by minimum mean square error (MMSE) fit', and
these Gamma shapes were used to simulate electrical signals to
train the described DNNs. An example of an real signal with
identified shapes is presented in Fig. 21. The results show
a resemblance between the visual inspection and evaluation
results, illustrated that activity estimation can be achieved
provided the simulated signals used for training have a relative
adequacy with the real recorded electrical signal.

C. Discussion

Our results with synthetic signals demonstrate the potential
of our DNN-based approach for estimating activities in short-

! Additional details on signal adjustments are available online at Github
repository github.com/bykhov/activity_estimation.


https://github.com/bykhov/activity_estimation
github.com/bykhov/activity_estimation
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duration signals. However, testing with real data highlights ar-
eas for improvement. The discrepancy between simulated and
real-world signals results in a performance gap. For instance,
when we adapt the pulse shapes to those derived from real
data, as shown in Fig 21, we achieve more accurate counting
results. This adjustment suggests that real data integration
could significantly improve model accuracy.

Similarly, our simulations do not account for certain signal
artifacts like resets and detector saturation, and they do not
offer enough examples for robust training. We plan to address
these issues in future work by refining the alignment between
experimental measurements and simulations used for DNN
training.

VII. SUMMARY AND FUTURE WORK

This paper presented deep learning architectures for solving
the problem of activity estimation in gamma spectroscopy.
Results from simulations are consistent with other state-of-
the-art methods relying on the time domain, but with a
significantly lower variance, and the CNN architecture yields
superior results in most scenarios. Simulation results are very
good and promising, enabling the estimation of activity over
very short-duration time segments, which is important for real-
time applications. We show on real data that the proposed
solution provides encouraging, even if out of scale, results,
and that the labeled signal for supervised learning requires
precise information on arrival time, energy and shape of each
gamma particle. Since practically extracting such information
is unfeasible, a Monte-Carlo simulation of such a signal is
used.

Future research will include the refinement of our simu-
lation models to more closely mirror the properties of real
spectroscopic signals for a specific detector. In particular,
the integration of real and simulated data in training our
deep learning models should be investigated. Furthermore, the
generalization properties of the proposed approach will be
validated on different datasets.

APPENDIX A
DNN PERFORMANCE

This appendix presents additional discussion regarding the
performance outcomes of various DNN architectures.

1) Performance Comparison Between Different Architec-
tures: CNN and LSTM architectures have very similar per-
formance. Figure 22 shows an example for A equal to 0.5.
While U-Net displays lower performance, there are more
advanced versions within the U-Net family of architectures
that may offer better results. However, despite their increased
complexity, we do not anticipate a significant improvement
over CNN and/or LSTM architectures.

2) Performance for Different Activity Levels: The relation-
ship between specificity and A shows that as A increases, there
is a decline in performance (Fig.23).

3) Comparison of Loss Functions: In terms of performance,
BCE loss is very similar to Poisson loss, while focal loss is
considered to be the least effective (Fig.24).
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Fig. 22: Comparison of the performance of various archi-
tectures for A = 0.5. LSTM and CNN architectures clearly
outperform U-Net architecture.

1.0000 %
0.9998
0.9996
>
= 09994
=
2 0.9992
a, L.
wn
0.9990
® C\N
09988 o LSTM
09986 - W UNet
0.1 02 03 04 0.5 0.6

Fig. 23: Plot of specificity vs \: as the value of A increases,
the specificity decreases, resulting in a decline in performance.

4) Complexity: Accurately evaluating the complexity of a
DNN model’s inference is a complex task [27]. We used the
number of model parameters as a measure of complexity.
Deeper implementation, which means more parameters, re-
sulted in better performance for all models (Fig. 25).
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