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Abstract
High-energy gamma-ray spectroscopy is crucial for studying and advancing the application of high-energy photons
in areas such as strong-field physics, high-energy-density science and laboratory astrophysics. However, high-energy
gamma-ray spectroscopy in the multi-MeV to GeV range faces significant challenges in precise spectral reconstruction.
This study presents a machine learning-based inversion approach that combines a spectrometer design with advanced
deconvolution algorithms. We develop a gamma-ray spectrometer optimized through Monte Carlo simulations for
maximum positron yield and minimal noise. A two-stage neural network framework is proposed based on the structure
of the spectrometer: a denoising autoencoder suppresses statistical noise in measured positron spectra, while a U-Net
architecture solves the ill-posed inverse problem to reconstruct incident gamma spectra. This approach establishes
a method for gamma-ray diagnostics in strong-field quantum electrodynamics experiments and high-energy photon
sources.
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1. Introduction

High-energy gamma-ray spectroscopy in the multi-MeV to
GeV range is essential for advancing our understanding of
fundamental physics and emerging applications, from astro-
physics to strong-field quantum electrodynamics (SFQED).
Despite significant progress in gamma-ray source develop-
ment, such as bremsstrahlung emission from laser-wakefield
accelerated electron beams[1–4] and inverse Compton
scattering[5–8], precise spectral reconstruction of high-flux
gamma-ray beams remains a challenge. The filter-stacked
spectrometer consists of multiple filter layers and a recording
medium, commonly used for detecting hard X-rays and
gamma rays in the range from several to tens of MeV[9–12].
However, its spectral resolution is very low in the tens of
MeV to even GeV energy range. Recent studies have demon-
strated[13–15] that gamma-ray spectrometers can be developed
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by analyzing secondary particle energy spectra resulting
from gamma-ray interactions with a converter medium.

For instance, Compton scattering in low-Z materials has
been used to convert gamma-ray energy into measurable
electron spectra[16–20], enabling gamma-ray detection in the
0.5–30 MeV range with compact magnetic systems and
detectors. At higher energies, pair spectrometers[21–24] based
on the pair production process in high-Z materials (e.g.,
tungsten, lead) have been proposed. These spectrometers
convert gamma-rays into electron–positron pairs, with the
original spectra reconstructed by analyzing the energy and
momentum distributions of the pairs with a magnetic spec-
trometer. The primary focus is on the precise measurement
of high-energy gamma rays, reaching GeV or even 10 GeV
levels. The converter thickness is crucial for the accurate
measurement of the energy spectrum. Techniques using thin
converters to suppress multiple scattering offer advantages
in high-flux scenarios[23]. However, many experiments still
require thicker converters during operation because they
are advantageous or indispensable under certain conditions.
In unknown-flux or single-shot experiments, thicker convert-
ers are often employed to increase the reaction probability,
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leading to higher positron or electron yields, despite
introducing more complex energy degradation. The choice of
converter thickness thus involves a trade-off between resolu-
tion and yield, depending on the photon flux and the specific
diagnostic requirements[16]. This has created a demand for
spectrometer design and reconstruction algorithms.

Several traditional algorithms, including iterative recon-
struction[25], Tikhonov regularization[17] and maximum
likelihood estimation (MLE)[26], are effective for Compton
spectrometers. However, they provide only approximate
solutions for the spectra of GeV gamma rays. The statistical
Bayesian approach[22,27,28] and machine learning methods
such as fully connected networks[29] have been explored
for reconstruction in the GeV range. It is envisioned that
the statistical Bayesian algorithm can be further improved
by combining the Bayesian nature of this method with
machine learning techniques[30]. Fully connected neural
networks, with their simple architectures, struggle to capture
complex features such as nonlinear Compton scattering
and laser-wakefield acceleration (LWFA)-driven strong
bremsstrahlung gamma rays in the presence of high noise,
leaving room for improvement.

Here, we present an approach for gamma-ray spectroscopy
that combines a spectrometer design with a corresponding
machine learning approach for extracting photon energy
spectra. Building upon the geometric structure of gamma-
ray spectrometers, we frame spectral reconstruction as a
high-dimensional inverse problem, developing a data-driven
framework that outperforms traditional regularization

techniques in both accuracy and applicability. Using
Monte Carlo (MC) simulations, we quantify the energy-
dependent response of the spectrometer system to incident
photons. We introduce an end-to-end machine learning
network architecture, consisting of a denoising autoencoder
(DAE) and a reconstruction U-Net, to effectively separate
overlapping cascade features while preserving physical
consistency.

The paper is organized as follows. Section 2 outlines
the spectrometer design and parameter optimization.
The gamma-ray energy spectrum extraction procedure is
described in Section 3. The comparison and evaluation of
reconstruction results are presented in Section 4. Finally,
Section 5 concludes the study and provides an outlook on
future developments.

2. Design of the spectrometer

The overall mechanical structure of the spectrometer is
shown in Figure 1. The spectrometer consists of three com-
ponents: the converter, the collimator and the pair magnet
spectrometer. The converter converts a small percentage
of the incident high-energy photons into electron–positron
pairs[21], and the collimated aperture shields the system from
major noise (e.g., off-axis photons and low-energy elec-
trons). The electron–positron pairs are collected by detectors
symmetrically distributed around the magnetic spectrome-
ter. The double collimator configuration has proven to be

Figure 1. Schematic layout of the GeV-scale gamma-ray spectrometer. An ultra-short gamma-ray pulse interacts with a 1 mm thick tungsten converter
to generate electron–positron pairs via the Bethe–Heitler (BH) process. Then, the pairs traverse the double collimator before being spatially separated by a
dipole magnet and recorded on the detector plane. The two-dimensional top view (bottom-right inset) illustrates the top view of the spectrometer components.
The distances between components are optimized for energy resolution.

https://doi.org/10.1017/hpl.2026.10142 Published online by Cambridge University Press

https://doi.org/10.1017/hpl.2026.10142


GeV-scale gamma-ray spectroscopy 3

ideal[21,24] for minimizing the background on the detector
when measuring GeV-scale electron–positron pairs.

The gamma-ray spectrometer is based on the process of
pair production in a nuclear field. Neglecting the recoil
energy of the nucleus, an electron–positron pair may be
produced in the Coulomb field of the nucleus only after
the photon energy exceeds the rest mass of the pair by
2mec2, where me is the rest mass of the electron and c is
the speed of light. As photon energy increases, pair produc-
tion begins to dominate photon–matter interactions above
approximately 50 MeV, overtaking Compton scattering as
the primary process in high-Z materials[16]. In the ultra-
relativistic approximation, the total cross-section[21,31] for
pair production in the nuclear field can be expressed as
follows:

σ ≈ 28
9

αZ2r2
e

[
log

(
2Eγ

mec2

)
− 109

42

]
, (1)

where α ≈ 1/137 is the fine-structure constant, re is the
classical electron radius and Z is the atomic number of the
converter material.

Table 1. Atomic number and normalized parameter (Z2ρ/M) for
different target materials. This parameter is proportional to the
theoretical positron yield per incident gamma-ray photon. The
parameters are normalized with the value of gold as the maximum
value for the sake of comparison.

Element Z Z2ρ/M

Gold (Au) 79 1.0
Tungsten (W) 74 0.94
Tantalum (Ta) 73 0.8
Lead (Pb) 82 0.6

Due to additional processes in the converter that may cause
electron generation or scattering, the electron spectrum is
typically affected by higher noise levels on the detector
plane[22]. Therefore, it is preferable to pay attention to the
positrons and maximize their yield. The yield of high-
energy positrons generated via the Bethe–Heitler process
is proportional to the product of the pair production cross-
section and the number density of the target nucleus NAρ/M,
where NA is Avogadro’s constant, ρ is the material density
and M is the molar mass. Equation (1) shows that the pair
production cross-section is proportional to the square of the
atomic number of the target nucleus. Therefore, to maximize
the probability of pair production and consequently the yield
of measurable positrons, it is necessary to select materials
with high atomic numbers as target materials. Typically,
high-Z elements suitable for target materials include gold,
tungsten, tantalum and lead. According to theoretical cal-
culations, the gold target had the highest Z2NAρ/M value
among the four metal targets mentioned before. Thus, gold
produced the highest positron yield, followed by tungsten.
To study the energy spectrum of positrons after a 1 GeV
monoenergetic gamma-ray beam passes through different
500 μm thick materials, simulations are performed using
the MC particle tracking code Geant4[32]. Our simulation
utilizes the physics package QGSP_BERT[33], which incor-
porates energy loss processes for electrons and positrons,
including bremsstrahlung, Coulomb scattering and ioniza-
tion. We assume pencil-shaped photon beams with no ini-
tial divergence in our simulations and positron signals are
directly collected behind the target. Table 1 and Figure 2(a)
show the Z2ρ/M value and the normalized positron energy
spectra produced by a 1 GeV monoenergetic gamma-ray
beam propagating through 500 μm thick layers of different
target materials. The simulation results are consistent with

Figure 2. Optimization of the converter for a 1 GeV monoenergetic gamma-ray beam. (a) Effect of material: normalized positron energy spectra for different
500 μm thick materials (Au, W, Ta and Pb) recorded directly behind the converter. (b) Effect of thickness: positron yield for tungsten targets of varying
thicknesses (100 μm, 500 μm, 1 mm, 3 mm, 5 mm) measured behind the collimated aperture. The x-axis represents the energy of the generated positrons (in
logarithmic scale), and the y-axis shows the positron yield per energy bin. As the tungsten layer thickness increases, the spectral line peak begins to decrease
after reaching its maximum value at 1 mm.
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the numerical estimates. We chose tungsten as the converter
material because of its sustainability compared to gold.

The relationship between converter thickness and yield[34]

is a key factor in optimizing spectrometers. In our simulation,
a 108 pencil-shaped monoenergetic gamma-ray beam with an
energy of 1 GeV was simulated penetrating tungsten targets
of thicknesses 100 μm, 500 μm, 1 mm, 3 mm and 5 mm.
A divergent gamma-ray beam will increase the divergence
of the electron–positron pairs and thus reduce the spectral
resolution of the system. We add a 5 mm collimated aperture
behind the target to minimize the secondary-effect tails of
tens of MeV and collect positron signals from the rear of the
collimator. Figure 2(b) shows the positron yield as a function
of energy for tungsten targets with different thicknesses.
A key parameter to define in this figure is the size of the
energy bin corresponding to the number of positrons. It is
not meaningful to select an energy bin size smaller than the
spectrometer’s intrinsic energy resolution (see Equation (2)).
The advantage of this binning method is that it allows the
optimal converter thickness to be selected based on the
full width at half maximum (FWHM) of the positron yield
distribution. As shown in the figure, the spectral broadening
arises largely from the scattering of positrons as they pass
through the converter. Hence, there is a compromise between

spectral resolution and yield. As the tungsten layer thickness
increases, the FWHM of the energy spectrum gradually
broadens. However, the spectral peak in the high-energy
region does not present a single increasing trend; instead,
an optimal peak exists. It is worth noting that the radiation
length of tungsten is 3.5 mm[35]. For millimeter-thick target
materials, the thickness is comparable to the radiation length,
requiring careful selection of thicknesses exceeding the radi-
ation length. The thickness of tungsten depends largely
on the photon flux to be investigated. A 1 mm tungsten
converter thickness provides the optimal balance between
positron yield and energy resolution, minimizing spectral
broadening while ensuring sufficient signal intensity. For
our application, a compromise thickness of 1 mm can be
selected.

In order to study the overall performance of the spectrome-
ter, Figure 3 shows the two-dimensional particle distribution
of 107 photons propagating through the gamma-ray spec-
trometer simulated using the FLUKA code[36]. Lead shield-
ing is added on both sides of the double collimators to shield
off-axis noise. They must be placed axially symmetrically
with the propagation axis of gamma rays. The lead shielding
on both sides of the first collimator in Figure 1 is used to
remove off-axis noise generated by the interaction of gamma

Figure 3. Time-integrated fluence distribution for (a) photons, (b) positrons and (c) electrons resulting from the propagation of a monoenergetic gamma-ray
beam. (d) The transverse distribution of electrons, positrons and photons at the back of the spectrometer. The color bar represents particles/gamma photons
per square centimeter.
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rays with the converter. The collimated apertures are 5.5 and
10 mm, forming an acceptance angle of 10 mrad with the
source. The lead shielding between the double collimators
is used to shield the noise generated by the first collimator.
The converter is set to a tungsten target, the collimator is set
to lead material and the entire system is set in a vacuum,
neglecting the effects of pair production interacting with
air[23]. We set the thickness of the converter to 1 mm as
previously optimized. The simulation includes the yoke of
a C-shaped magnet that may be collided with low-energy
electrons deflected by the magnetic field. The magnetic field
is set to 1 tesla with a length of 32 cm (based on the actual
magnet parameters). From Figures 3(a)–3(c) simulations
demonstrate that after propagating through the spectrometer
system, the distribution of electron–positron pairs at the
detection plane exhibits a highly symmetric pattern, con-
firming effective collimation and a negligible off-axis noise
contribution resulting from the optimized lead shielding
geometry. In Figure 3(c), although electrons collide with the
magnet yoke generating noise, their intensity has decayed by
more than six orders of magnitude by the time when they
reach the positron detection position, thus having no impact
on the positron spectrum. Figure 3(d) shows the transverse
distribution of electrons, positrons and photons at the back of
the spectrometer. The detectors are symmetrically positioned
along the dispersion axis in the deflection paths of electrons
and positrons. As shown in the figure, the detectors exhibit
a signal-to-noise ratio (SNR) of more than 10 dB, with
signal intensities ranging from approximately 10−4 to 10−2

particles/gamma photon per cm2.
The energy resolution of a gamma-ray spectrometer is

mainly limited by the resolution of the detector plane and the
divergence of the incident particle beam[22,30]. Taking factors
such as the divergence angle �θS of the positrons/electrons
after conversion, detector spatial resolution δx (considering
Fujifilm BAS-MS IP[37,38]) and magnetic field inhomogene-
ity B(z) into account, the energy resolution is as follows:

δE
E

= E (LS +LM +LD)�θS ⊕Eδx

ce
∫ LM

0 B(z)(LM − z+LD)dz
, (2)

where LM is the length of the magnetic field, LS is the
distance between the converter and the magnet entrance, c
is the speed of light and LD is the horizontal axial distance
between the magnet exit and the detector. For our setup,
LS = 1 m, LM = 32 cm, LD = 70 cm, �θS = 10 mrad,
δx = 25 μm and the magnetic field peak is 1.022 tesla. This
could be expressed as δE

E = 0.24E[GeV]. For the 100 MeV
particle, δE/E is calculated as 2.4%. Expanding the distance
between the detector plane and the rear edge of the magnet
(increasing LD), or increasing the longitudinal length of the
shielding (assuming the aperture remains unchanged, reduc-
ing the divergence angle �θS), could significantly reduce
this value. Note that our design is effective for gamma rays

ranging from tens of MeV to a few GeV. For higher-energy
gamma rays, the longitudinal size of the collimator and lead
shielding needs to be increased.

3. Learning procedure of gamma spectrum
deconvolution

For specially designed gamma-ray spectrometers, the inverse
solution algorithm for obtaining gamma-ray spectra needs to
be specially devised. To describe the methodology for recon-
structing the gamma-ray beam spectrum, let Xγ

(
Eγ

)
be the

energy distribution of the gamma rays, and Yl (El) be the
lepton pair (electron–positron pair) spectrum generated by
gamma rays interacting with converters. This transformation
process can be defined as follows:

Yl (El) =
∫

Xγ

(
Eγ

)
Aγ l

(
Eγ ,El

)
dEγ , (3)

where Aγ l
(
Eγ ,El

)
is the response matrix of the spectrom-

eter system. Equation (3) is essentially a Fredholm inte-
gral equation of the first kind[39], and solving the inverse
problem belongs to the class of ill-posed problems. Using
conventional methods to solve this inverse problem may
result in a non-unique solution. Furthermore, slight noise
introduced on the right-hand side of the equation may cause
significant errors in the solution[40]. We need to perform
precise inversion of the photon spectrum under high-noise
conditions. Since Poisson noise and Gaussian noise affect
the measurement process, the inverse problem can be dis-
cretized into the following:

yi = Aijxj + εi. (4)

Here, the response matrix Aij and the statistical noise εi,
mainly from Poisson and Gaussian counts, are separated[41].
The advantage of this approach is to simulate the response
matrix using the Geant4 MC code by considering the geo-
metric structure of the gamma-ray spectrometer and the
experimental environment. The problem can then be decom-
posed into two steps: denoising and reconstruction.

The overall reconstruction workflow, depicted in Figure 4,
is organized into two sequential stages: denoising and decon-
volution. In the denoising stage, we assemble a comprehen-
sive training set composed chiefly of MC-simulated spectra
supplemented by a subset of experimentally acquired data
from the experimental data. This hybrid dataset is used to
train a supervised DAE, which learns to suppress measure-
ment noise while preserving key spectral features. In the
subsequent deconvolution stage, the trained network replaces
conventional iterative solvers, such as the simultaneous iter-
ative reconstruction technique (SIRT)[18] or the expectation
maximization method (e.g., Richardson–Lucy algorithm[42])
by performing paired-spectrum inversion in a single forward
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Figure 4. Schematic of the overall reconstruction workflow, organized
into two sequential stages: (1) denoising – a supervised autoencoder is
trained on a hybrid dataset to suppress measurement noise while retaining
key spectral features; (2) deconvolution – the trained network, built on a
U-Net architecture. This figure can be viewed as illustrating the forward
and inverse processes of Equation (4).

pass. Here, we employ a U-Net architecture, carefully tuning
hyperparameters to optimize convergence and generaliza-
tion. Below, we detail the procedure for generating synthetic
spectra and characterizing the detector response matrix, the
design and configuration of the U-Net model and the train-
ing regimen used to achieve robust, high-fidelity spectrum
reconstruction.

3.1. Dataset generation

A comprehensive gamma-ray energy spectrum dataset is
generated by combining over 30 different base spectra,
typical radiation spectra and experimental data from
various sources (0.01–1 GeV). The base spectra include
Gaussian distributions, exponential decay functions, step
functions and arbitrary random distributions across bins.
Typical radiation spectra consist of monoenergetic spectra,
bremsstrahlung spectra, synchrotron-like radiation spectra
and inverse Compton scattering spectra. Experimental data
are derived from bremsstrahlung and inverse Compton
scattering spectra generated in the experiments conducted
at the Key Laboratory for Laser Plasmas (LLP) at Shanghai
Jiao Tong University (SJTU)[43,44].

The parameters of the positron energy spectrum (e.g.,
peak position, width, intensity) obtained by convolving the
photon spectrum with the response matrix A described
in Section 3.2 are randomly sampled from a physically
relevant range. To enhance the applicability of the data,
data augmentation techniques are applied, including
noise injection, random superposition and spectrum-type
manipulation. Gaussian–Poisson mixed noise with random
amplitudes ranging from 0% to 10% (based on the worst-case
SNR of the spectrometer) is added to the spectra. Multiple
spectra are linearly superimposed to form new spectra,
generating realistic radiation patterns observed in exper-
iments (e.g., double-peak or multi-peak structures)[45,46].

Spectrum-type manipulation involves random scaling,
shifting and the injection of additional peaks.

Two priors are specifically considered: pair production
must exceed 1.022 MeV, and the spectrum must remain non-
negative. The augmented spectra are normalized in terms of
photon number and subjected to non-negativity constraints.
The final dataset consists of the original spectra X and
the noisy measurements Y obtained after convolution with
the detector response. Details on constructing the response
matrix A can be found in Section 3.2.

3.2. Building response matrix A

The gamma-ray spectrometer shown in Figure 3 is repro-
duced in a Geant4 MC simulation. This model integrates
precise detector geometry (including the magnet spectrom-
eter section and the effect of air) and relevant physical
processes (the photoelectric effect, Compton scattering and
pair production) to characterize its response capabilities
realistically.

A series of monoenergetic gamma-ray sources, spanning
the desired energy range, is simulated to interact with the
system. We collect positron signals by placing detectors
behind the converter and behind the magnet, respectively.
For each energy, we count the detected positron energies
across the corresponding detector channels, thereby pop-
ulating columns of the discrete response matrix Aij. The
simulated response matrix A, shown in Figure 5, consists
of two panels that respectively illustrate the responses of the
converter and the energy spectrometer system to monoener-
getic gamma rays. The heatmaps present the received energy
on the detector plane versus the incident gamma-ray energy,
highlighting how the system responds to various gamma-
ray energies. In the discrete representation Aij, each column
j encodes the probability distribution of positron energies{
Ei

l

}
arising from a monoenergetic gamma-ray with energy

Ej
γ . This results in moving from a specialized Fredholm-

type equation to a Volterra integral equation of the first
kind, which has a variable limit of integration. This has
advantages and disadvantages for the framing of the inverse
problem. The upper-triangular nature of the heatmaps is
indicative of the causal constraint, where non-zero entries
appear only when the incident photon energy exceeds the
positron energy.

The transition from Figure 5(a) to Figure 5(b) shows a
sharp decay in the singular-value spectrum of A, producing
an exceedingly larger condition number. Inversion by the
least squares method therefore amplifies any measurement
noise – whether Poisson or Gaussian – in the small singular-
value modes, producing non-physical oscillations or negative
features in the recovered spectrum.

The ill-conditioning of the response matrix, characterized
by a rapidly decaying singular-value spectrum and minimal
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Figure 5. Multiple response functions were generated by simulating the monoenergetic gamma-ray response using different systems within the Geant4
framework. Vertical lineouts of this figure show the positron spectrum generated at a specific gamma-ray energy. (a) Ideal converter response of
monoenergetic gamma rays interacting with a 1 mm tungsten converter. (b) Response function of a gamma-ray spectrometer configured as shown in Figure 1
with a 1 mm tungsten converter.

channel overlap[47], means that any conventional inverse
solver – even with standard Tikhonov or truncated singular-
value decomposition (SVD) regularization – inevitably sac-
rifices either resolution or stability. Moreover, the photon
counting statistics introduce heteroscedastic noise that can-
not be uniformly damped by a single global regularization
parameter. These limitations motivate the adoption of a data-
driven inversion strategy.

3.3. Denoising autoencoder: spectral feature extractor

To extract the ‘pure physical signal’ from the ‘contami-
nated’ positron spectrum, we introduce a supervised DAE

that distinguishes the underlying physical positron distri-
bution from background interference. DAEs have already
been used as a preprocessing technique for specific spec-
trometer systems[41], where the original measurement data
are denoised before reconstruction, and then the spectrum
is reconstructed based on the denoised data. Figure 6(a)
presents a schematic of the DAE architecture, highlighting
its encoder–decoder symmetry structure optimized for one-
dimensional (1D) spectral data.

• Encoder: the positron energy spectrum input undergoes
two stages of nonlinear transformation, progressively
compressing its data dimensions. This process essen-
tially extracts key physical features determining the

Figure 6. Schematic of machine learning architecture. (a) Denoising autoencoder (DAE) with symmetric encoder–decoder structure for suppressing
statistical noise in measured positron spectra. The DAE acts as a spectral feature extractor to separate the physical positron energy distribution from stochastic
noise components such as counting fluctuations and stray electron backgrounds. The input is the noisy positron energy spectrum and the output is the denoised
positron energy spectrum. (b) U-Net functions as a nonlinear deconvolution operator with an encoder–decoder structure and skip connections to solve inverse
problems, reconstructing incident gamma-ray spectra from denoised positron energy spectra. The input is the denoised positron energy spectrum and the
output is the deconvolved gamma-ray energy spectrum.
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spectral shape from noisy measurement signals while
filtering out random statistical noise.

• Decoder: based on extracted core features, the synthe-
sized signal is restored to a positron spectrum signal
matching the input length through a reverse nonlinear
transformation. The final output is a high-fidelity spec-
trum that maximally suppresses random fluctuations on
the original spectra.

Training is performed on 500,000 paired spectra (see,
in Section 3.1) containing Xclean,Ynoisy, where Xclean spans
analytic base shapes, MC-simulated mixtures and a subset
of experimental measurements, and Ynoisy = AXclean + ε

incorporates both Poisson and Gaussian perturbations at
amplitudes up to 10%. We optimize the mean-squared error
(MSE) between the autoencoder output and Yclean using the
Adam optimizer (learning rate 10−3). During each epoch,
fresh noise realizations and random amplitude augmenta-
tions ensure robust generalization across count rates and
spectral shapes.

On a held-out test set of 50,000 spectra, the DAE achieves
an average SNR of 30.2 dB and a mean absolute error below
10% compared to the directly deconvolved data without
denoising. As can be seen, the role of the DAE is indispens-
able in high-noise conditions (see Figure 7). By suppressing
stochastic noise to levels suitable for downstream inversion
and quantitative analysis, we substantially improve the stabil-
ity and resolution of the subsequent U-Net-based inversion.

3.4. U-Net: nonlinear deconvolution operator

To address the ill-posed nature of the inverse problem in
gamma-ray spectrum reconstruction, we employ a U-Net
architecture, which is well-suited for deconvolution tasks,
particularly in the presence of noise. The U-Net is a con-
volutional neural network[48], and it is adapted as a nonlinear
deconvolution operator to map the measured positron distri-
bution back to the incident gamma-ray energy spectrum[49].
The U-Net architecture consists of an encoder–decoder struc-
ture with skip connections, which facilitates the preser-
vation of fine spectral features during the reconstruction
process[50].

This network is summarized in Figure 6(b). The encoder
starts with a 1D convolutional layer, followed by rectified
linear unit (ReLU) activations to introduce the nonlinear
transformation and max-pooling operations to preserve the
most significant spectral line features. These layers progres-
sively reduce the dimensionality of the input positron spectra
while learning to capture the spectral shape and intensity
distribution. The bottleneck layer captures the most essential
physical representation, forming the core energy-intensity
distribution necessary for stable inversion in ill-posed con-
ditions. The decoder progressively reconverts the extracted

core physical features back into a high-resolution energy
spectrum distribution, thereby enabling the reconstruction
of the spectra. Skip connections function as an information
bridge for fine-structure preservation. They ensure that high-
resolution spectral details (such as narrow peaks), which may
be smoothed during global feature extraction, are directly
reintegrated into the final reconstruction, maintaining the
spectral fidelity. The final output layer produces the recon-
structed gamma-ray spectrum, ensuring that it satisfies the
physical constraints, such as non-negativity.

The U-Net was implemented using a Keras framework
with a TensorFlow backend[51], and the model is trained to
minimize the MSE between the reconstructed spectrum and
the true spectrum. The loss function used is as follows:

L(θ) = 1
N

N∑
i=1

(
Yi − Ŷi

)2
, (5)

where Yi represents the true clean spectrum, Ŷi is the
predicted spectrum and N is the total number of samples in
the batch. The model is trained using the Adam optimizer
with a learning rate of 10−3[52], which balances convergence
efficiency and prevents overfitting to noise.

The structural parameters (hyperparameters) are optimized
to match the spectrometer’s physical characteristics. We use
large kernel sizes (set to nine or seven) to capture the
overall shape of the positron energy spectrum distribution,
helping the network ignore local statistical fluctuations. The
initial layers use 128 channels with a convolution width
corresponding to approximately 100 energy units, using a
kernel size of nine. As the network goes deeper, the channel
count increases to 512 while the convolution width narrows
to 25 units, allowing the model to focus on core spectral
components. Dropout regularization is applied to stabilize
training and enhance the model’s generalization across dif-
ferent spectra.

Training is performed on the dataset mentioned in Sec-
tion 3.1. The final dataset consists of 500,000 pairs of clean
and noisy spectra, used for training the network. To restore
the original scale of the reconstructed gamma spectrum, it is
crucial to address the relationship between the photon spec-
trum and its integral normalization. The photon spectrum
is essentially the product of the photon count and the nor-
malized differential energy spectrum dN

dE . In this framework,
the U-Net model learns the mapping between the normalized
outputs Y and X. The activation function of the output layer is
sigmoid, which maps X into the range [0,1]. To recover the
original energy spectrum, the output of the model must be
subjected to a final integral normalization. Experimentally,
the original gamma photon spectrum can be derived by using
the photon counts from imaging plates and the normalized
energy spectrum obtained through simulations.
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Figure 7. The reconstructed photon spectrum obtained by applying machine learning algorithms to the dataset (for the convenience of presentation, all
the data have been normalized to the maximum value). The black line shows the photon spectrum incident on the spectrometer in the simulation. The blue
shaded band indicates the 95% Bayesian credible interval (Monte Carlo uncertainty) calculated by the algorithm. The shaded gray represents the result of
deconvolution without denoising.

4. Evaluation results

The results of the deconvolution process are shown in
Figure 7, where nine representative spectra with different
parameters from the database were used to test the trained
model. The black line is the original gamma-ray spectrum,
the shaded gray represents the result of deconvolution
without denoising and the light blue confidence band
represents model uncertainty. This figure also illustrates
that the denoising process and the deconvolution process
are closely related. Under high-noise conditions, the
deconvolution process fails to accurately capture certain
features of the original spectrum, and the impact of Poisson
noise is significant. The uncertainty is employed as a
measure of the model’s confidence in its predicted values,
quantified through MC dropout sampling. This process can
be understood through the equivalence between dropout
training and variational inference[53], where dropout acts as
a regularization technique and is equivalent to Bayesian
inference of the weight distribution. During spectrum

reconstruction y∗ → x∗, we sample T weight configurations
via dropout as follows[53]:

E
[
x∗] ≈ 1

T

T∑
t=1

f Wt
(
y∗), Wt ∼ qθ(W), (6)

where y∗ is the input lepton spectrum, x∗ is the reconstructed
spectrum and E [x∗] represents the expected reconstruction
computed by averaging over multiple weight configurations
Wt sampled from the Bayesian distribution qθ(W). It is
viable to calculate the model’s predictive variance:

σ =
√√√√ 1

T

T∑
t=1

(
f Wt (y∗)−E [x∗]

)2. (7)

Although not shown, the reconstruction of the electron
spectrum produces similar results and can be used as a con-
sistency check[22]. The spectral shape of the incident photon
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spectrum is well reconstructed within the 95% Bayesian
credible interval (BCI) of the reconstruction results.

The 95% BCI presented in this work is quantitatively
defined as follows. For each energy channel i of the recon-
structed spectrum, we compute the posterior distribution of
the predicted flux value, p

(
x∗

i |y∗), based on T stochastic for-
ward passes using MC dropout. The 95% BCI for channel i is
then defined as the equal-tailed interval bounded by the 2.5
and 97.5 percentiles of this empirical posterior distribution.
Mathematically, the interval [Li,Ui] satisfies the following:

P
(
Li ≤ x∗

i ≤ Ui|y∗) = 0.95, (8)

where Li and Ui are the lower and upper bounds of the
credible interval for the ith energy channel, respectively. This
implies that, given the observed lepton spectrum y∗, there is
a 95% probability that the true value of the incident photon
flux in channel i lies within the interval [Li,Ui]. The light
blue confidence band in Figure 7 is generated by connecting
the Li and Ui values across all energy channels, providing
a visual representation of the model’s uncertainty over the
entire reconstructed spectrum.

The performance of gamma-ray energy spectrum recon-
struction is evaluated using three metrics: the root mean
square error (RMSE), peak signal-to-noise ratio (PSNR)
and structural similarity (SSIM)[54]. The RMSE is a classic
statistical measure of the average deviation between the
reconstructed spectrum and the reference spectrum. It is
defined as the square root of the mean of the sum of the
squares of the errors in all energy channels:

RMSE =
√√√√ 1

N

N∑
i=1

(
x̂i − xi

)2
, (9)

where xi and x̂i represent the true count and reconstructed
count for the ith channel, respectively, and N is the total
number of channels. The RMSE is sensitive to large devi-
ations and increases significantly when the reconstruction
overestimates or underestimates the counts in certain energy
channels, thereby reflecting the overall reconstruction accu-
racy at a rough level. The PSNR originates from the field of
image processing and is used to measure the contrast strength
between signals and noise on two spectral lines. Its formula
is typically written as follows:

PSNR = 10log10

(
MAX2

MSE

)
, (10)

where MAX is the maximum count value of the true spectral
line and MSE is the square of the aforementioned RMSE.

The PSNR is measured in decibels (dB), with higher val-
ues indicating that the reconstructed spectral line retains
more of the original signal features overall, and the relative
contribution of noise and reconstruction error is reduced.
SSIM focuses on preserving the local structure and con-
trast details of the spectral line. Its core idea is that a
high-similarity reconstruction should not only be close in
amplitude but also consistent in shape and contrast. For
spectral line segment x and reconstructed segment y, SSIM
is typically defined as follows:

SSIM(x,y) =
(
2μxμy +C1

)(
2σxy +C2

)(
μ2

x +μ2
y +C1

)(
σ 2

x +σ 2
y +C2

), (11)

where μ and σ denote the local mean and variance, respec-
tively, and σxy is the covariance. The constants C1 = (k1L)2,
C2 = (k2L)2 are small constants used to stabilize the denom-
inator, where L is the dynamic range of the spectral values
(i.e., the maximum value minus the minimum value), typi-
cally taken as k1 = 0.01, k2 = 0.03. The SSIM value is in the
range of [0,1]. The closer it is to 1, the more consistent the
reconstructed spectral line is with the reference spectral line
in terms of detail and overall structure.

To demonstrate performance, we reproduced the config-
urations of the SIRT and the hybrid approach using fully
connected neural networks to generate an informed initial
guess for iterative MLE[18,29]. The statistical results of 300
test datasets (average SNR approximately 35.70 dB) evalu-
ated using three methods are shown in Figure 8. Clearly, our
method achieved the lowest RMSE and the highest PSNR
and SSIM in the comparison.

5. Conclusion and outlook

In this study, we have developed an approach for high-
fidelity gamma-ray spectroscopy in the multi-MeV to GeV
range, enabling the reconstruction of photon energy spec-
tra under high-noise conditions through the integration of
optimized spectrometer parameters and the machine learning
deconvolution algorithm. It should be stressed that this type
of spectrometer is almost transparent to the gamma rays,
with only a small percentage of them interacting. It can
thus be used in conjunction with other gamma-ray detec-
tors (profilers and polarimeters). We propose a machine
learning framework, which combines a DAE for statistical-
noise suppression with a U-Net architecture for spectral
deconvolution. DAEs, trained specifically to remove 90% or
more of the input noise, function analogously to a smoothing
operation. Also, U-Net architectures demonstrate robustness,
effectively reconstructing the original energy spectrum from
partially noisy data. This approach effectively solves the ill-
posed inverse problem inherent in gamma-ray spectroscopy,
overcoming limitations of traditional algorithms such as the
SIRT and hybrid methods.
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Figure 8. Performance of different models: (a) RMSE; (b) PSNR; (c) SSIM for the SIRT algorithm, FCNN+MLE model and our deep learning approach.
The boxplots demonstrate the distribution of each metric over 300 test spectra. For the RMSE, lower values indicate better performance, while for the PSNR
and SSIM, higher values are desirable. The red line represents the median value. The blue dashed line represents the average value of the data. FCNN, fully
connected neural network.

Validation against a diverse dataset of synthetic and exper-
imental spectra performs well, with our method achieving
the lowest RMSE and highest PSNR and SSIM among com-
pared techniques. The machine learning architecture’s ability
to preserve spectral features while suppressing noise enables
robust reconstruction of complex spectral shapes, including
those with multi-peak structure characteristic of nonlinear
Compton scattering and LWFA-driven bremsstrahlung.

The present spectrometer is designed to operate robustly
for photon energies of more than approximately 50 MeV up
to the order of a few GeV. In future strong-field laser physics
experiments, extending the energy range to several GeV
or more would require enlarging spectrometer components
and optimizing noise shielding to account for higher-order
quantum electrodynamics (QED) processes. Further work
will cover multi-parameter reconstruction (e.g., the angular
distribution of incident photons). The ability to extract the
‘double-differential’ of the photon beam (i.e., d2N

dEdθ
) would

be great for SFQED experiments. This work establishes a

foundation for next-generation gamma-ray diagnostics, with
implications for fundamental SFQED studies, laboratory
astrophysics and compact radiation sources.
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