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Abstract - Machine learning algorithms are recognized as effective tools for addressing challenges in nuclear methodologies and
instrumentation, particularly when obtaining experimental data or precise mathematical models is difficult. One notable challenge in
fast neutron spectroscopy involves unfolding neutron spectra from solid-state detectors, where conventional deconvolution techniques
often suffer from instability. This study uses the PHITS code to simulate the behavior of a CVD diamond detector subjected to various
neutron spectra. The simulated data serve as input to a regression model aimed at reconstructing the original spectra. In particular, we
investigate the impact of four different signal processing and feature extraction techniques—Fourier transform, nodal basis projection,
wavelet decomposition and agglomerative clustering-based compression—on the performance of spectrum reconstruction. These
transformations are applied as preprocessing steps, and the resulting features are then used to train a supervised regression model (linear
or kernel ridge, depending on the method). Model performance is evaluated using the R2 metric against reference spectra from the IAEA
Compendium database. The most effective approach is then applied to experimental data collected with a CVD diamond detector at the
DANAIDES irradiation facility, part of the TOTEM platform in Cadarache. This final test, performed on 14 MeV and AmBe neutron
sources, demonstrates the practical feasibility of the proposed methodology for real-world neutron spectrum reconstruction.

Keywords —Solid detectors, PHITS, neutron spectrum prediction.
1. INTRODUCTION

The application of machine learning (ML) in radiation detection has garnered significant interest in recent years, driven by the
need for more efficient, accurate, and autonomous systems. Traditional methods for radiation detection, which often rely on manual
analysis and classical statistical techniques, face limitations in terms of processing speed, scalability, and adaptability to complex
environments. Machine learning, with its ability to learn patterns from large datasets and improve over time, offers promising
solutions to these challenges [1]. Within neutron spectroscopy, ML approaches offer the potential to gather data in scenarios where
measurements are challenging with current technologies, thus facilitating the development of innovative measurement techniques.
Neutron measurement is crucial for obtaining key nuclear physics data and ensuring real-time control in future reactors. Detectors
in this environment must withstand harsh conditions, including intense radiation, high temperatures, and space constraints [2].
Semiconductor detectors have prompted researchers to explore their potential application in fast neutron spectroscopy [3] and they
are effectively used in the Joint European Torus (JET) and will be integrated into International Thermonuclear Experimental
Reactor (ITER) [4]. However, solid-state detectors face several limitations in neutron spectrum unfolding. These methods often
involve matrix inversion and deconvolution procedures, which can lead to oscillatory artefacts and numerical instabilities when
over-iterated in pursuit of unattainable resolution. In such cases, regularization or smoothing techniques are typically introduced
to stabilize the solution, although these may themselves introduce further uncertainties.

Researchers from CEA Cadarache are exploring new methods to reconstruct the neutron spectrum from data collected by solid-
state detectors through ML techniques [5, 6]. The feasibility of this approach was initially demonstrated in a theoretical study using
a Tissue Equivalent Proportional Counter gas detector [7]. However, this detector was found to be unsuitable under high neutron
fluxes. Consequently, the approach was applied to a Silicon-Carbide (SiC) solid-state detector, which emerged as a promising
candidate for these conditions, yielding favorable results in neutron spectrum prediction via ML, supported by theoretical studies
in [8]. The challenge encountered with the SiC detector mainly lies in managing the numerous resonances in the cross sections for
neutron-silicon interactions. In this work, we explore an alternative detector material: Chemical Vapour Deposition (CVD)
diamond. Recent advances in CVVD techniques have significantly reduced defect densities, making diamond-based detectors more
viable for neutron spectrometry in harsh environments [9, 10, 11]. Using the PHITS Monte Carlo code, we simulate the energy
deposition spectra from CVD diamond detectors exposed to various neutron sources. The simulated deposited energy data in the
detector are then processed using four distinct signal transformation techniques—Fourier transform, nodal basis projection, wavelet
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decomposition, and agglomerative clustering—which serve as feature extraction steps to reduce dimensionality and extract relevant
patterns from the raw signals. These features are used to train regression models (either linear or kernel ridge, depending on the
case), with the goal of reconstructing the original neutron energy spectrum. Preliminary attempts to apply regression models
directly to the raw input data were discarded, as such models suffered from poor generalization due to the high dimensionality and
redundancy in the signal, which led to overfitting and unstable predictions. Therefore, the use of feature extraction methods proved
essential to reduce complexity, improve robustness, and enable meaningful learning. The model performance is evaluated using
the coefficient of determination (R2) against reference spectra from the IAEA Compendium database. Finally, the best-performing
approach is applied to experimental data acquired with a CVD diamond detector exposed to 14 MeV and Americium-Beryllium
(AmBe) neutron sources at the DANAIDES irradiation casemate of the TOTEM facility at CEA Cadarache, demonstrating the
applicability of the proposed method in real-world conditions. This paper is structured as follows: Section 2 presents a comparison
between CVD diamond and SiC detectors in the context of high-flux neutron environments. Section 3 describes the detector model
and the PHITS simulations used to generate the data. Section 4 outlines the data processing and machine learning methodology,
detailing the signal transformations and regression models employed. Section 5 presents the reconstruction results from both
simulated and experimental data. Finally, Section 6 offers conclusions and future perspectives.

2. CvD DIAMOND VS SIC DETECTORS

Comparative studies on the performance of CVD diamond and SiC detectors have gained considerable attention in fast neutron

spectroscopy [12]. These detectors are among the most commonly used and commercially available semiconductor devices. Their
operating principle relies on the collection of charge carriers generated by ionizing particles traversing the semiconductor material.
Electrodes implanted within the semiconductor establish an electric drift field, which directs the movement of the ionized charges,
leading to the collection of these charges and the generation of a detectable signal [13]. Both sensor types are considered promising
candidates for use in harsh environments due to several advantageous properties. In particular, they exhibit high displacement
threshold energies—ranging from 20-35 eV for SiC and 40-50 eV for CVD diamond—as well as wide bandgap energies of 3.27
eV and 5.5 eV, respectively. Additionally, they possess excellent thermal conductivities: 4.9 W/cm-K for the former and 22
W/em-K for the latter. These features make them suitable for high-temperature applications without the need for additional cooling
systems, and also render them more radiation resistant compared to other semiconductors such as germanium or gadolinium, etc
[14, 15, 16]. In the past, diamond was dismissed as a semiconductor material for detection applications due to its high cost and the
presence of impurities and defects in its crystal structure, which could lead to charge carrier issues and polarization effects.
However, with advancements in manufacturing techniques such as CVD [17], which significantly reduce defect density, diamond-
based sensors have become more accessible for industrial applications. In the analysis in [12], a comparison between the 4H-SiC
p+-n diode and a single crystal CVD diamond detector is reported, considering 14 MeV energy neutron flux generated by a D-T
neutron generator at the Technical University of Dresden. This study highlights that the selection of the most suitable sensor
among these two is heavily influenced by the specific application, as both detectors in this case exhibit well-characterized pulse-
height spectra with a clearly defined peak resulting from the '>C(n, a)’Be reaction. While the energy resolution of this peak is
marginally superior for the 4H-SiC-based detector, the diamond-based detector demonstrates a higher count rate.
In our application, which involves modelling simulations to populate the database used by the ML algorithm for neutron spectrum
prediction, the SiC detector appears to be a more promising candidate. This is due to the inclusion of interactions with silicon,
which enhance the variability of the system and increase the range of cases that can be addressed. However, previous studies have
highlighted that discretizing the energy grid poses greater challenges because it must contend with multiple resonances in the cross
sections for Si-n interactions. In this work, we therefore examine the CVD diamond detector for the same application, as it does
not require such fine discretization of the energy grid.

3. CVD DIAMOND DETECTOR

To train and validate the machine learning models used in this study, a large dataset was generated via Monte Carlo simulations
using the PHITS code [20]. This versatile Monte Carlo particle transport simulation software is capable of accurately modelling
particle transport over a wide energy range, employing multiple nuclear reaction models and nuclear data libraries. The simulated
detector is a single-crystal CVD diamond sensor with a sensitive volume of 1.4x1.4 mm? surface area and 320 um thickness. The
design of the C\VVD diamond detector was analyzed in [21]. The purpose of the simulation is to produce an energy-dependent dataset
that mimics the deposited energy in the detector, obtaining a set of realistic deposited energy patterns corresponding to various
incident neutron spectra. These data serve as input for supervised regression models aiming to reconstruct the original neutron
energy distribution. The detector was therefore modelled as a parallelepiped with a thickness of 320 um and a width of 1.4 mm,
considering only the sensitive volume of the detector. It is assumed that excluding other parts in the detector design does not
influence the output of the simulations since C-n interactions mainly occur within the sensitive volume of the detector. The source
geometry is a rectangular solid, positioned in front of the detector. The neutrons are emitted in the z-direction, with an emission
angle of 0° (perpendicular to the detector surface, along the +z-axis). Ten batches were set in the simulations, with 50,000,000
particles for each batch. In defining the materials, it was decided to consider a detector made of pure carbon, without doping or
impurities. The carbon composition used is 98.94 % *2C and 1.06% *3C, in line with standard natural abundance [22]. All the
nuclear data were taken from the JENDL-4.0 nuclear data library [23]. The spectrum was discretized in 600 energy bins, log-equal
spaced from 100 keV to 15 MeV. The results of the simulations will provide the amount of energy deposited in the detector at each
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point of the energy grid. These energy deposition values will serve as the features in the input vector for the machine learning
models, as described in the following section.

To illustrate the purpose of the detector simulation, Figure 1 shows an example of a neutron energy spectrum taken from the IAEA
Compendium database (Turkey Point reactor, fuel element at 26 in) and the corresponding deposited energy spectrum obtained
from the PHITS simulation of the CVD diamond detector. These input-output pairs represent the data used to train the supervised
regression model, which aims to learn the inverse mapping from the deposited energy signal (output of the simulation) to the
original neutron spectrum (input of the simulation).
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Fig. 1. (a) Neutron energy spectrum from the IAEA Compendium database (Turkey Point reactor, fuel element at 26 in), (b)
Corresponding deposited energy spectrum simulated with PHITS for a CVD diamond detector.

Figure 1a shows the input neutron energy spectrum for the simulation taken from the IAEA Compendium database, corresponding
to a measurement at the Turkey Point reactor (fuel element at 26 inches). As evident, the spectrum contains a relatively low number
of neutrons with energies exceeding 6 MeV. This energy marks the approximate threshold for the activation of the 2C (n, ) °Be
reaction, which is one of the few channels leading to heavy charged particle production (alphas and beryllium nuclei) in carbon.
As aresult, the corresponding deposited energy spectrum obtained through PHITS simulation of the CVD diamond detector (Figure
1b) is dominated by the contribution from neutron elastic scattering with carbon atoms (shown in blue). The contributions from
alpha particles (in red) and beryllium nuclei (in green), resulting from the *2C(n, a) °Be reaction, are present but significantly
smaller due to the limited flux above threshold energy. The total deposited energy spectrum (shown in violet), which includes all
particle contributions, is incorporated in the testing database for the machine learning model described in the following section.

4, MACHINE LEARNING APPROACH

This section outlines the methodology adopted to reconstruct the incident neutron spectrum from the simulated energy deposition
in a CVD diamond detector using supervised regression techniques. Unlike classical unfolding approaches that rely on detector
response functions, this method directly uses the simulated energy deposition profiles as input to train regression models capable
of inferring the original neutron spectra. The use of machine learning in nuclear spectroscopy is gaining traction, with several
studies exploring the application of regression and deep learning models for neutron and gamma-ray analysis [18, 19].
The training dataset used in this study was generated using the PHITS Monte Carlo code by simulating the response of the detector
to 544 synthetic neutron spectra, designed to resemble realistic shapes as described in [8]. For each simulated case, the total energy
deposited in the sensitive volume of the detector was recorded, producing spectra segmented into 600 logarithmically spaced bins
from 0.1 MeV to 15 MeV. These spectra constitute the explanatory variables (input features) for the regression task.
The target variables are the corresponding neutron spectra used in the simulation, originally segmented into 55 bins across the
energy range from 2x10°* MeV to 44 MeV, in accordance with the IAEA Neutron Compendium format [24]. However, many bins
in the energy range below 0.05 MeV contain negligible information for the CVD detector, which has low sensitivity in this region.
For this reason, only the energy range from 0.05MeV to 15 MeV, corresponding to 25 bins, was retained for training and
evaluation. To address the high dimensionality of the input (600 bins), four signal processing techniques were adopted for feature
extraction and dimensionality reduction prior to regression:
e Fourier Transform, which captures global spectral trends and periodicities;
e Nodal basis projection, which approximates the spectra using orthonormal polynomial bases tailored to spatially

distributed signals;

Wavelet decomposition, which captures localized features and discontinuities at multiple resolutions;

Agglomerative clustering, which groups adjacent input bins based on their similarity, effectively reducing

dimensionality while preserving local structure and correlations in the deposited energy signal.
These methods were selected to explore complementary perspectives on the input data, offering different trade-offs between
localization, smoothness, sparsity, and interpretability in the reduced feature space. While Fourier and nodal decompositions are
most suitable for capturing globally smooth patterns, wavelets and agglomerative clustering offer advantages in preserving
localized or hierarchical structures. The use of feature extraction is crucial in this context, as it reduces computational complexity,
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mitigates the curse of dimensionality, and enhances the model’s ability to generalize to unseen data. Initial attempts to apply
regression models directly to the raw 600-dimensional input data resulted in poor predictive performance and high computational
cost. These outcomes can be attributed to the high dimensionality and redundancy of the input features, which introduce noise and
multicollinearity, thereby impairing the learning process and leading to unstable or biased estimators.

All models were trained using a supervised learning framework implemented with scikit-learn [25], and the predicted neutron
spectra were post-processed to enforce two physical constraints: non-negativity and normalization (i.e., the integral of each
spectrum must equal one). An overview of the complete described reconstruction steps—from simulated neutron source to
spectrum estimation—is presented in Figure 2.

DATABASES PREPARATION DATA PREPROCESSING

DATA COLLECTION output of the simulations provides
Collection of different the deposited energy (DE) in the
spectra that are used as sensor

- Training database (DE from

input for PHITS simulations
- Synthetic spectra synthetic spectra)
- |IAEA Compendium spectra - Testing database (DE from IAEA

Select and test different feature
extraction techniques MACHINE LEARNING MODEL
- i ; ; RECONSTRUCTED NEUTRON
F Transf:
ourier Transform Linear Regression SPECTRA

- Nodal approach Kernel Ridge Regression
- Wavelet decomposition

Compendium spectra

- Agglomerative clustering

Fig. 2. Steps of the ML methodology for the reconstruction of neutron spectra with CVD diamond sensor.

4.1 FOURIER SERIES
In the context of signal processing, it was considered to explore a Fourier-based approach. The idea involves treating each deposited
energy spectrum as a function x(¢) on [0,1], which is sampled at 600 points (corresponding to the number of energy bins in which
the energy grid is discretized in the simulations). Subsequently, the Fourier series of this function can be computed.
For n € Z, the n-order Fourier series of x is expressed as follows:

Sn(x(t)) = % ag(x) + Yr=1(ay(x) cos (kt2m) + by (x) sin(kt2m)) (1
where:
- a,(x) = [ x(D)dt;
- bo(x) = 0;

-a,(x) =2 f[0,1]x(t) cos(nt2m) dt, forn > 0;

-b,(x) =2 f[o 1]x(t) sin(nt2m) dt, forn > 0.

With X denoting the deposited energy spectrum data and Y the target neutron spectrum data.

The Fourier coefficients were calculated up to the order 30 for each deposited energy spectrum x € X, and up to the order 5 for
each neutron spectrum y € Y. This resulted in two new datasets: Xggyrier Of size 544x60 and Yg,y,rier Of size 544x10. Subsequently,
a multi-output linear regression (with L2-penalization, o= 107°) was trained to map Xgourier — Yrourier-

Finally, using the inverse of the Fourier transform equation (1) it is possible to reconstruct the prediction of Y.

4.2 NODAL APPROACH
The second method proposed relies similarly on regarding the deposited energy spectrum as a function X (f), where f represents
a energy bin within the feasible energy range [f,in, fmax]- As previously stated, each row of the dataset comprises observations of
the deposited energy X at bins f,;, = f1 < fo <+ < fy = fmax> Where N represents the total number of energy bins, i.e. 600, in
the considered CVD diamond detector model. Consequently, each row generates a linear spline interpolation function Xy (f) of X
according to:

Xn(f) = Iho1 X0 (f) 2

where ¢, satisfies the following conditions:

- it is continuous on [fiin, finaxl

- it is piecewise linear on each [f, fr41];

- it satisfies ¢y = y; forall k,j =1, ..., N.
In equation (2) X, represents the observed value of X(f;), i.e. the value in the k-th column, which is assumed to be a good
approximation of X (f},). Instead of applying linear regression on Xy, it was decided to first select a significantly smaller number
of bins foin = fi << fu = fnax With n & N (arbitrary  chosen), and then to define the vector:

Xn = (g, ey ) = (XN(fl)'XN(fZ)' "-'XN(fn)) 3)

We denote Xy,q as the new dataset of deposited energies of size 544xn, where each row is represented by X,,, and Y remains
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unchanged with a size of 544x25. Linear regression (with L2-penalization, a= 107°) is then applied from Xy,4 to Y. Furthermore,
fr lies between two consecutive bins fj and fj . Defining the parameter 8, € [0, 1], it can be expressed as fre = 6k fi+@-
01) fj+1. From this formulation and the definition of Xy, it follows:

Xy = XN(fk) = 6’ka +1- 9k)Xj+1 > @

in other words, Xy ( fk) is just a weighted average of the two consecutive values of X; and X, ;. In our implementation, the bins f
are equidistant. In addition, instead of taking x; as in (4), it was simplified with:

1
xi =5 (X + Xji1) (%)

as this did not affect the R? error much ( as will be shown in the results of the test sets). In addition, a filter has been applied to X,,
so that the integral is equal to 1 and that negative values are truncated to 0 similarly to the Fourier basis case.

4.3 WAVELET DECOMPOSITION
The Discrete Wavelet Transform is used to decompose the deposited energy into its approximation and detail components at
different scales. This decomposition is achieved by applying low-pass and high-pass filters to the energy bins. Given a energy
range divided in N bins f = {f;, f1, ... fv_1}, the goal is to express it in terms of scaling functions and wavelet functions at different
levels. This can be written mathematically as:

f© =Xncilnlpt —n) + Encplnlpp(t —n) (6)

where:
1. c}[n] are the approximation coefficients,
2. cj[n] are the detail coefficients,
3. ¢(t) is the scaling function (low-pass filter),
4. (t) is the wavelet function (high-pass filter).
For the Haar wavelets [26], the scaling function ¢p(t) and wavelet function Y (t) are defined as follows:

1 ﬁ05t<§

003 EESL w wo= 1y paich ®
0 otherwise
The coefficients are given by:
ciln] = Lo hlmlfon-m and cpn] = Xhoo glmlfon-m )
where:
h=[pal mio=|-53 - ©)

Finally, a Kernel Ridge Regression (KRR) model was applied between wavelet coefficients for a level equal to 1 and each bin of
neutron spectrum (y € Y). The hyperparameters were adjusted with a grid search only on:

1. the regularization parameter o of the RIDGE model.

2. the convolution kernel: linear, gaussian or cosine.
The best results were obtained with 0=0.01 and cosine kernel.

4.4 AGGLOMERATIVE CLUSTERING

This model was chosen to maintain consistency with the study on SiC. The algorithm is based on a regularized linear method (12
regularization) associated with a convolution kernel [27]. The overall approach is structured as a two-stage pipeline, combining
feature reduction via agglomerative clustering with supervised learning using Kernel Ridge Regression. The 600 energy bins of
each deposited energy spectrum are reduced using agglomerative clustering with spatial connectivity constraints. Specifically, each
energy bin is treated as a node in a graph, and edges are formed only between adjacent bins, enforcing locality-preserving clustering.
This ensures that merged clusters correspond to contiguous energy regions. This hierarchical clustering minimizes a Ward-like
objective function:

L = ¥io1 xsec, 1% — pell3 ; (10)
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where C, denotes the cluster c, u. its mean, and n € {20,40, 60, 80,100} is the number of clusters. The cluster centroids (means)
are then used as the new features for downstream modeling, effectively reducing the input dimensionality from 600 to n. The KRR
model is trained for each of the 25 neutron spectrum bins (i.e., a one-vs-all multi-output regression setup). The KRR model applies
12-regularization to linear regression in a reproducing kernel Hilbert space, using a convolution kernel for nonlinearity. The
prediction function for a single output bin is:

y = By K (x;, %) , (11)

where K (-, -) is the kernel function and «; are learned weights. Two types of kernels were explored, the Radial Basis Function
(RBF)

K(x,x") = exp (—y||x—x’||2) (12)

and the polynomial kernel

K(e,x") = (y {x,x') + )¢ , (13)

with degree d € {2, 3,4}, and y, r as tunable parameters.
The hyperparameters adjusted include:

- The number of clusters of explanatory variables;

- The regularization parameter o of the RIDGE model;

- The convolution kernel: polynomial or RBF;

- The y parameter used in distance calculation via RBF and polynomial kernels;

- The degree of the polynomial kernel: 2, 3, or 4.
An identical model is created for each bin, and then the hyperparameters of each of these models are optimized using a random
search grid for the best set of hyperparameters.

A summary of the main characteristics of the proposed approaches is provided in Table 1.

Dimension ML model Input/output Reduced Regression
reduction method dimension dimension details
Fourier basis Linear 600/25 60 a=10"°

Regression
Nodal approach | Linear 600/25 25 a=10"°
(linear Regression
interpolation)
Wavelet Kernel Ridge | 600/25 300 Cosine
decomposition Regression kernel, o =
(Haar DWT) 0.01
Agglomerative Kernel Ridge | 600/25 20-100 RBF/
clustering Regression polynomial

kernel

Table. 1. Summary of reduction methods and characteristics.

5. RESULTS
5.1 PREDICTION OF NEUTRON SPECTRA FROM |IAEA COMPENDIUM DATABASE

To assess the accuracy in predicting the neutron spectrum, the R? metric was selected [28]. It was calculated for each sample and
then averaged over the entire training or test subset, as formulated by:

R;; = max {0, (1 — ZEa(tni= ) tn'i))} and R? = % LaRL (14)

Zﬁ1(tn,i_ En.i)

with t,,; and &,; the target and predicted fluence value respectively in the energy bin i for the spectrum n of the training or test
subset and N is the total number of spectra analysed in the datasets. In addition to R? other metrics have been analysed to better
capture the similarity between predicted and simulated spectra. In particular, cosine similarity was evaluated as it directly compares
the shape of two spectra independently of their absolute magnitude. This metric is well suited to spectral data as it highlights
whether the two vectors point in the same direction. As illustrated in the following figure, the trends observed using cosine
similarity closely mirrored those found with R samples with high R? also exhibited high cosine similarity, confirming the
consistency of the two metrics in assessing prediction accuracy. Therefore, for the sake of clarity, interpretability, and consistency
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with previous studies (e.g., the SiC case), R? is retained as the primary evaluation metric in the subsequent analysis of the collected
results.

Distribution of R? Scores

Fourier Transform Nodale Wavelet Decomposition Agglomerative clustering
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Fig. 3. R? score (a) and cosine similarity score (b) achieved for the test subset for the four described algorithms.

In Figure 3, the average R? obtained in predicting the neutron spectra from the test dataset is reported for the four feature extraction
methods under study. An R? score greater than 0.9 guarantees a high-quality of neutron spectrum reconstruction. For the four
algorithms, Fourier presents 70% of predictions in agreement with this criterion, Nodal 78%, Wavelet 84% and the Agglomerative
clustering predicts in 88% of the cases a result with the desired R? value. Additionally, none of the spectra appear to be predicted
with an R? lower than 0.4 for any of the four approaches. The relatively lower performance observed with the Fourier transform
can be attributed to its intrinsic assumption of periodicity. This limitation arises from the fact that the Fourier series expansion is
based on the principle of periodicity, which causes it to fail in representing the last energy bin if it does not align with the first one.
These behaviours are visible in Figure 4. The Nodal basis approach yields intermediate performance: better than Fourier but inferior
to Wavelet and Agglomerative clustering. This outcome is partially due to the use of a Linear Regression model, which was deemed
appropriate in this case because the nodal projection significantly reduces the dimensionality of the input and tends to linearize the
relationships between features and target variables. However, linear regression lacks the flexibility to model more complex,
nonlinear dependencies, which can limit reconstruction accuracy when such interactions are present in the data. For both Wavelet
decomposition and Agglomerative clustering, KRR was adopted as the learning model. These feature extraction methods preserve
localized and potentially nonlinear structures in the input data, which justifies the use of KRR—capable of capturing such
nonlinearities through the kernel trick. The kernel transforms the input space into a higher-dimensional feature space where linear
regression can approximate complex relationships. This combination yields significantly better predictive performance,
particularly in cases where the input-output relationship is highly nonlinear. Conversely, the Agglomerative clustering
demonstrates poor predictive performance when attempting to reproduce a spectrum characterized by a 3-bump shape. This
limitation arises from the absence of spectra with such a form in the training dataset. Despite this omission, the Fourier, Wavelet
and Nodal models exhibit superior adaptability to representing the 3-bump spectra, achieving a higher average R? score compared
to the Agglomerative clustering method for these cases.
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Fig. 4. Comparison of some real spectra taken from the IAEA Compendium database and predicted ones with the four described
Wavelet Decomposition; AC : Agglomerative

ML models (abbreviations; Four :

clustering).
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Each model exhibits distinct strengths and limitations in reconstructing the neutron spectra, which opens the possibility of
combining their predictions to enhance overall robustness and accuracy. One of the simplest methods is to calculate the median of
predictions by bins. The advantage of the median is not to be penalized by extreme values as observed at the ends of the spectra
predicted with the extracted features with the Fourier model.
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Fig. 5. Comparison of some real spectra taken from the IAEA Compendium database and predicted ones with the median prediction
of the four described ML models.

Using the median of the predictions of the four algorithms produces spectra that are mostly better predicted. On the other hand,
these predictions are more robust with regard to the individual behavioural differences of each model. It therefore works like a
meta-model whose combination function is the median instead of the mean. In Figure 5, the maximum and minimum spectra
predicted by the four models for each energy bin are shown with dashed lines. The comparison between the spectra predicted by
the median model and the actual spectra from the IAEA Compendium database yields an R? of 0.953, which is slightly higher than
that of the Kernel Ridge model with Agglomerative clustering. However, in some cases, the spectra predicted by the median model
have a lower R? compared to those predicted by Kernel Ridge with Agglomerative clustering. This occurs because the median
model, by construction, selects the median prediction from the four models for each energy bin and it does not always correspond
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to the best possible prediction. If one of the individual models systematically produces more accurate spectra in a particular region,
the median model does not take full advantage of this superior performance but instead blends predictions from all models.
Moreover, if multiple models exhibit a similar systematic error—such as a consistent underestimation or overestimation in certain
energy bins—the median model will inherit this bias. In contrast, an individual model that happens to be less affected by this bias
may produce a higher R? for specific spectra. Therefore, it is advisable to compare the estimation of the performance with an
appropriate metric of individual models before selecting the median one.

5.2 PREDICTION OF 14 MEV AND AMBE SOURCE SPECTRA

To evaluate the practical applicability of the proposed methodology, we tested the performance of the Median model on real
measurements collected during an experimental campaign at the DANAIDES irradiation casemate within the TOTEM facility at
CEA Cadarache [29]. In this facility, the CVD diamond detector was exposed to a 14.1 MeV neutron flux and AmBe neutron
source. The D-T neutron generator GENIE16 model from SODERN of this facility was used for this experiment in continuous
mode to obtain the 14.1 MeV, with the neutron emission equals to 2x108 ns™! and the Am-Be source with neutron emission
2x10°% ns~1.

The sensor was linked to a current amplifier, supplied by Metraware, ensuring optimized integration with the subsequent
components of the counting system and it was located 1cm far from the neutron emission point. The bias voltage was applied by a
CAEN bias voltage supply controlled via laptop and the detector was operated at -300 V. Finally, the signals were acquired through
a Lecroy Waverunner 9254 oscilloscope. A photograph of the experimental apparatus is shown in Figure 6, which includes the
CVD diamond detector encapsulated in a protective housing (a), the current preamplifier (b) and the positioning of the sensor close
to the neutron generator (c).

(a) (b)
Fig. 6. (a) CVD diamond detector encapsulated in a protective housing, (b) the current preamplifier and (c) the positioning of the
sensor close to the neutron generator.

To better illustrate the overall measurement configuration, Figure 7 provides a schematic layout of the experimental setup,
including the neutron source, detector positioning, electronics chain (amplifier, HV supply), and acquisition system.

Power
supply
HT bias
voltage
Solid BNC cable

detector BNC cable
80em I Oscilloscope
~5m
Measurement area ~ Control area

Fig. 7. Experimental setup scheme.

The collected pulses with the measurements with the CVD diamond detector were processed in order to obtain the deposited energy
in the detectors, in accordance to [30]. It is important to note that for an accurate prediction of the neutron spectrum using this
machine learning approach, a high count rate is not required; rather, a precise characterization of the characteristic peaks in the
energy deposition spectrum—as a function of the incident neutron energy—is essential. This is because the counts in the energy
deposition spectrum are normalized to their maximum value before being used as input for the ML model. In this experimental
campaign, it was observed that 10* acquisitions per source (corresponding to approximately 90 minutes for the 14.1 MeV source
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and six hours for the AmBe source) were sufficient to reproduce the characteristic energy deposition peaks, shown in Figure 8.
These experimental results are consistent with values reported in the literature. In particular, Figure 8a shows a peak at 8.3 MeV,
typically used to assess the resolution of this sensor, arising from the '2C(n,a)’Be reaction in which beryllium is produced in its
ground state. The bump observed between 4 and 7 MeV is attributed to the production of three a particles, while the higher peak
at lower energy is primarily due to scattering. For the AmBe source (Figure 8b), the emitted neutrons have lower energies and do
not activate all threshold reactions with carbon atoms; hence, the main peak is predominantly due to scattering reactions, with a
smaller contribution from alpha particle production, in agreement with the simulations.

10 12 14 16 o 9
Depasited energy [Mev] Deposited energy [MeV]

(a) (b)
Fig. 8. Deposited energy in CVD diamond detector from 14.1 MeV (a) and AmBe neurtron source (b).

Normalized deposited energy counts were used as the input for the aforementioned Median model, with the output being the
neutron spectra shown in Figure 9. The predicted spectra were compared with reference spectra obtained from PHITS simulations
of the DANAIDES irradiation casemate. The comparison reveals excellent agreement, with R? values exceeding 0.9 for both
spectra. For these experiments, the energy grid discretization adopted for the training and test databases was not optimal, as the
selected neutron sources have a much narrower energy range than the grid used. Consequently, adjusting the energy binning
according to the specific source to which the detector is exposed could improve the energy discretization, while still respecting the
intrinsic energy resolution of CVD diamond sensor [31]. Nonetheless, these results demonstrate a proof of concept regarding the
feasibility of this neutron spectrum reconstruction methodology.

— Simulated — Simulated
0.8 1 Predicted I m;c‘::a 1
0.20 4
0.6
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3 3 = H
S 0.4 2 |
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=S s =
=
0.2 0.051
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1071 10° 10! 107! 10° 10!
Energy [MeV] Energy [MeV]
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Fig. 9. Predicted and simulated neutron energy spectra of 14.1MeV (a) and AmBe source (b).

6. CONCLUSION

In this study, a comparative machine learning framework was developed to reconstruct neutron energy spectra from energy
deposition data acquired in a CVD diamond detector. The input data were generated through detailed Monte Carlo simulations
using the PHITS transport code, modelling the deposited energy in the detector to a set of 544 synthetic neutron spectra and 120
real spectra taken from the IAEA Compendium database. Four distinct feature extraction methods were investigated to reduce the
high dimensionality of the raw deposited energy data (600 bins) prior to regression: Fourier Transform, Nodal Basis Projection,
Wavelet Decomposition, and Agglomerative Clustering approach. These transformations were combined with two regression
models: Linear Regression was used for the Fourier and Nodal projections due to their compact and smooth representation of the
signal, while Kernel Ridge Regression was applied to the Wavelet and Agglomerative features to better capture complex nonlinear
relationships in the data. The performance of each model was evaluated using the coefficient of determination R?, revealing that
all approaches consistently achieved R2 scores above 0.7 across the test set. The Kernel Ridge model combined with Agglomerative
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Clustering yielded the highest average R?, with 88% of the spectra reconstructed above the 0.9 threshold. Nevertheless, specific
limitations were observed: the Fourier-based model struggled with non-symmetric spectra due to its periodicity assumptions, while
the Kernel Ridge model exhibited reduced accuracy in reconstructing spectra with three-peaked (""3-bump") structures, which were
underrepresented in the training data. To enhance prediction robustness and generalization, a median-based ensemble model was
introduced by computing the bin-wise median across the four individual model outputs. This meta-model showed improved overall
R2 performance (R? = 0.953) and mitigated individual model shortcomings, such as boundary artefacts and localized overfitting.
However, the median approach does not always outperform the best individual model on specific spectra, particularly when one
model dominates in accuracy for a certain class of inputs. The proposed methodology was further tested through an experimental
campaign conducted at the TOTEM facility of CEA Cadarache, where the CVD diamond detector was irradiated with 14.1 MeV
and AmBe neutron sources. The reconstructed spectra showed good agreement with reference spectra generated via PHITS
simulations under the same experimental conditions, demonstrating the feasibility of applying the method in real-world scenarios.
This study lays a proof of concept for applying machine learning to neutron spectroscopy using solid-state detectors. It offers an
alternative to classical unfolding methods, avoiding common pitfalls such as instability in matrix inversion and artefacts due to
over-regularization. Future developments may include the expansion of the training dataset to cover a wider variety of spectral
shapes, refinement of the energy grid discretization, and the integration of advanced learning models such as neural networks or
probabilistic method like Gaussian processes, as well as the introduction of the uncertainty quantification. An additional key
perspective concerns the incorporation of the total neutron fluence in the reconstruction pipeline: currently, spectra are normalized
to unit area, but estimating the absolute fluence would enable a physically meaningful reweighting of the reconstructed spectrum,
providing not only spectral shape but also absolute flux values. Moreover, extending the methodology to other detector materials
and geometries could broaden its applicability across a wider range of neutron energy regimes.
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