
CACTUS Project: Novelmethods for themonitoring of CASTOR casks
using muons

AutorInnen: Dr. Sarah Barnes, J.‐M. Alameddine, M. Pérez Prada, Á. Bueno Rodríguez, F. Sattler,
German Aerospace Center ﴾DLR﴿ – Institute for the Protection of Maritime Infrastruc‐
tures, Bremerhaven, Germany

Kontakt: sarah.barnes@dlr.de

Introduction

Muon tomography is an emerging non‐destructive technique that exploits naturally occurring cosmic‐
ray muons to image the internal structure of large or shielded objects. Cosmic‐ray muons are highly
penetrating, charged particles produced in the Earth’s atmosphere, with an ambient flux of approx. 1
muon per cm2 per min at sea level. These properties make them particularly useful for applications where
more conventional radiographic methods, such as X‐rays or neutrons, are ineffective or impractical. For
nuclear caskmonitoring, muon scattering tomography ﴾MST﴿ is of particular interest, utilizing themultiple
Coulomb scattering of muons as they traverse matter to infer material properties. The resulting angular
deflection of the muon is dependent on the radiation length of the material, and hence on its atomic
number and density. By tracking muon trajectories before and after passing through an object, three‐
dimensional density maps can be reconstructed revealing spent nuclear fuel or shielding components.
This principle was first demonstrated for nuclear safeguards applications in the early 2000s and has since
been extended to a range of security and industrial problems [BHM+03, SBB+07, MAB+08, BGG+23,
BAA+25, MKF+25].

Despite its promise, applying MST to large, dense objects such as nuclear storage casks with the aim
of achieving single fuel rod resolution ﴾< 1 cm﴿ presents significant challenges. The thickness and high
density of cask materials leads to extensive scattering and significant absorption, which complicates im‐
age reconstruction, rendering many traditional approaches unusable for this application. Furthermore,
the passive nature of the technique implies long scan times. This adds significant overhead in terms of
simulation time and presents computational challenges when considering the implementation of more
complex statistical reconstruction approaches that are essential to achieve high‐resolution imaging for
this domain. Current state‐of‐the‐art tomographic analyses of spent nuclear fuel casks show the ability
to safely reconstruct entire fuel assemblies, but struggle to detect single fuel rods within the assemblies
[AAB+25, VSMD+25, UC25].

This work addresses the challenge of single fuel rod detection within a CASTOR®V/19 storage cask by pre‐
senting a robust reconstruction and analysis framework. First, a fast and efficient statistical reconstruction
method based on gradient descent optimisation is developed to recover the underlying density distribu‐
tion. Subsequently, a self‐supervised AI model is employed to separate signal from noise, learning spatial
correlations in data to enable reliable identification of anomalous or missing fuel rods without requiring
clean reference measurements. The subsequent sections will give an overview of these methodologies
and present initial results using 75 hours of simulated muon tomography data.

Reconstruction Methodology

Reconstruction in MST is defined as the creation of a voxelized density map from the positions and direc‐
tions of the muons inside the detector planes. In this density map, each voxel is defined by a scattering
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density quantifying the density and composition of the underlying material. This task is an inverse prob‐
lem, which is intrinsically hard to solve due to the stochastic nature of the involved muon interactions. For
many applications, it is sufficient to rely on simple geometric reconstruction approaches. However, these
algorithms often underly strong simplifications, such as the PoCA algorithm [ZZP+20], which assumes
that the entire scattering process happens in a single, localized point. To obtain imaging results with a
higher resolution, a more sophisticated approach is necessary.

A major advance beyond purely geometric reconstruction in MST was the introduction of a statistical
framework based on the Expectation‐Maximization ﴾EM﴿ algorithm [SBB+07]. Unlike earlier methods, the
EM algorithm explicitly models muon scattering interactions using a statistical model, including angular
deflection and displacement, and allows prior information on the examined geometry to be incorporated
into the optimization. The EM algorithm performs a global probabilistic reconstruction by jointly consid‐
ering all muon tracks and their interactions with the voxelized volume, enabling improved material prop‐
erty estimation. A refined EM approach demonstrated superior performance for high‐Z material detec‐
tion in shipping containers, further strengthening its usability [RADB+13]. Despite the clear advantages in
imaging, the original EM formulation suffered from severe computational and memory scaling issues due
to dense muon–voxel associations [SBB+07]. This was addressed introducing sparse hash‐map represen‐
tations, reducing memory usage but limiting efficient GPU parallelization [RADB+13]. More recently, a
sparse and scalable EM implementation integrated with geometric methods in the PyTorch framework
was proposed [PGM+19, SABR+25]. This refined implementation enables scalable reconstructions with
millions of voxels and muon events, as well as compatibility with modern machine‐learning‐based ap‐
proaches.

This work employs a statistical reconstruction approach for the imaging of the CASTOR®V/19 cask, which
is based on and further improves the PyTorch implementation [ASSB25, Koi10]. The core of this approach
is the formulation of a multi‐dimensional likelihood, similar to the formalism utilized in the original EM
algorithm [SBB+07], which denotes the probability that the current density map is compatible with the
detected muon tracks. The likelihood is constructed on the basis that the muon scattering within each
voxel is described by a Gaussian distribution with zero‐mean and a variance given by the scattering
density λi. In combination with the assumedmuon track from the detector hits, the likelihood is extended
to describe the influence of each passed voxel and its scattering density on the accumulated deflection
of the entire muon path. This way, the entire muon track information is processed based on a well‐
motivated statistical foundation. As all muon events are independent of each other, the likelihoods from
each event are combined to obtain a single likelihood that includes the information for the entire cask
measurement. Since this likelihood describes the agreement of the density map with the detected muon
hits, the scattering density values λi are treated as free parameters that need to be optimized. The optimal
reconstruction result is obtained by maximizing the likelihood iteratively using automatic differentiation.
This technique allows for a quick, uncertainty‐free evaluation of the gradients, and therefore enables the
optimization of λi even for millions of voxel parameters. With that, a powerful reconstruction method is
obtained, which efficiently uses the available statistics to create an image of the scanned cask. Notably,
the iterative character of this approach enables processing the muon data in chunks. Firstly, this allows
the approach to be scalable, as the chunk size can be adapted to comply with the available computational
resources. Secondly, for real‐life measurements, the reconstruction can be performed in real‐time, since
not all data batches need to be available at the beginning of the reconstruction process.
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Simulation Setup and Results

The interactions between particles and matter are simulated with the GEANT4 Monte Carlo simulation
toolkit [AAA+03, Koi10]. The muons from cosmic‐ray air showers are created with the EcoMug gener‐
ator [PBD+21] to reproduce the natural muon flux at sea level. In order to obtain the realistic muon
flux through the spent nuclear fuel cask from all directions, 21.48 billion muons are generated from a
hemisphere‐shaped surface with a diameter of 7.5 m, which is equivalent to an exposure time of around
75 hours. The cask is integrated into the simulation with the B2G4 toolkit [18] using a simplified three‐
dimensional model based on the dimensions and materials of the CASTOR®V/19 cask [GNS25, NS25].
Two different cask configurations are simulated: a cask fully loaded with all possible fuel rods inside the
basket and a cask randomly loaded with 90% of all possible fuel rods inside the basket. The fuel rod
configurations for these two scenarios are shown in Fig. 1.

The CASTOR®is placed inside a detector configuration covering the entirety of the cask. The detectors
are based on three infinitesimally thin detector layers with a 10 cm spacing forming a detector set. Four
of these detector sets with an area of 3x7 m2 are placed vertically on the sides of the cask, while one
detector set with an area of 3x3m2 is placed horizontally above and one set below the cask. For simplicity,
each layer is assumed to hold perfect spatial resolution and 100% muon detection efficiency, and the
muon information and kinematics are directly retrieved from GEANT4. Muons failing to intersect all
three detector layers for a given detector set are excluded from the analysis and events with a muon
passing through only one detector set are vetoed. The incoming and outgoing positions and trajectories
of the muon into the volume of interest created by the detectors is estimated with a least‐squares‐fit
based on the three positions across the detection layers in a detector set.

For each simulated scene, the gradient descent reconstruction method described in the previous section
is applied to reconstruct the voxel density maps. To allow for the processing to be computationally
feasible, the dataset is split into 2500 randomly selected batches, which are processed sequentially. The
momenta of the muons are assumed to be known precisely, although reconstruction is also possible with
less accurate muon momentum information. The reconstruction results are shown in Fig. 2, showing a
clear picture of the cask and its features. Differences between the fully and partially loaded casks are
visible by eye.

Single Rod Analysis

In the context of muon tomography, self‐supervised learning is essential, as one fundamental limitation is
the lack of a reliable ground truth to support conventional supervised approaches. Supervised methods
tend to suffer from two significant drawbacks: They impose assumptions that do not accurately reflect
noise statistics, and they risk introducing simulation‐driven biases into the reconstructed structure.

Self‐supervised frameworks, by contrast, learn directly from noisy data, exploiting the intrinsic statistical
properties such as the spatial coherence of the physical signal and the incoherence of the noise. To this
end, a self‐supervised deep learning model is proposed to learn directly from raw data without requiring
labelled reference data. In the context of single fuel rod detection for nuclear fuel casks, this is paramount,
as the reconstructions provide a tomographic image of the cask’s current state, for which a ground truth
is not readily available.

The workflow utilizes a two‐dimensional residual U‐Net high‐capacity deep learning architecture [RPB15,
AYH+19], which is trained independently for each cask configuration to reconstruct masked pixels from
their local context. The model is built with a three‐level depth, residual connections, and 64 channels,
optimized for stable convergence. An attention mechanism is incorporated for dynamic recalibration
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﴾a﴿ ﴾b﴿

Fig. 1: Fuel rod configuration of the fully ﴾a﴿ and the partially ﴾b﴿ loaded CASTOR®cask. Each orange
dot represents one fuel rod. The fuel assembly layout is based on the configuration of the
CASTOR®V/19 cask [19,20]

of feature maps within the neural network [WZL21, JZ22]. The training of this neural network follows
canonical self‐supervised approaches, yet is adapted for the denoising task at hand. First, a set of muon
tomography projections are derived from the gradient descent reconstruction results, using 64x64 pixel
patches with a 32‐pixel overlap. Then, for each of these projections, stochastic masking is applied to
20% of the pixels within an 11x11 pixel sized region of interest, excluding the central pixel, to create a
blind‐spot configuration. The loss is computed based on these masked pixels, ensuring that the network
learns to predict their values solely from the surrounding spatial context. By doing this, the network is
forced to infer the underlying signal from its surrounding spatial context.

The effectiveness of this workflow relies on the assumption that the detector noise is statistically inde‐
pendent across pixels, whereas the rod geometry exhibits strong spatial autocorrelation. The proposed
architecture exploits this assumption to discriminate between the signal, representing fuel rods, and
stochastic noise. Critically, the attention mechanism and the network depth allow the circular structure
of the rods to be modeled as a strong topological prior. This ensures that, in the physical absence of
a rod, the model does not interpret the resulting void as noise to be suppressed or induce structural
hallucinations. Fig. 3 and Fig. 4 show the denoising results from the reconstruction of the fully and the
partially loaded cask. The results presented in Fig. 4 show clearly that the reconstruction and analysis
methods allow for a successful discrimination between single rods and voids for the partially loaded cask
scenario at various fuel rod locations.

Conclusions and Next Steps

In this work, the feasibility to identify individual fuel rods in a CASTOR®V/19 cask using MST has been
demonstrated for the first time. A simplified, but realistic 3D model of the CASTOR V/19 cask has been
used to generate two MST datasets with 75 h scan time each: One simulation with a fully loaded fuel bas‐
ket and one with a 90% partially loaded cask. To reconstruct individual fuel rods from these simulations,
a workflow consisting of two key parts has been developed: The first part is an efficient implementation
of a gradient‐descent maximum likelihood optimization for a powerful and scalable statistical recon‐
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﴾a﴿ ﴾b﴿

Fig. 2: Two‐dimensional projection of the reconstruction results for the fully ﴾a﴿ and partially ﴾b﴿ loaded
CASTOR®cask , using a voxel size of 15 mm and based on simulation data corresponding to 75 h
of scan time. Brighter colours correspond to higher density scattering values, i.e. a higher material
density. Features such as the detailed assembly configuration and the moderator rods in the cask
are clearly visible.

struction. This allowed to obtain a high‐resolution density map, which was passed to a self‐supervised
neural network capable of distinguishing between fuel rods and background solely on the features of
the available data.

Using the B2G4 toolkit, large‐scale datasets of realistic and relevant scenarios of spent nuclear fuel casks
can be generated. Based on these datasets, further general capabilities of the workflow can be evaluated
and, if necessary, improved. The developed statistical reconstruction method currently works without
any prior information. However, since an approximate ground truth of the cask is known, incorporating
this knowledge into the reconstruction and machine learning analysis methods will be crucial to further
improve the achievable image quality. In order to verify the performance of the workflow under real‐
world conditions, conducting experimental measurement with real casks will be required.
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﴾a﴿ ﴾b﴿ ﴾c﴿

Fig. 3: The denoised reconstruction of the fully ﴾a﴿ and partially ﴾b﴿ loaded cask , as well as two zoomed‐
in regions ﴾c﴿. The gaps with lower scattering density corresponding to missing fuel rods in the
partially loaded cask compared to the fully loaded scenario are visible.

﴾a﴿ ﴾b﴿

Fig. 4: The denoised reconstruction of the partially ﴾a﴿ loaded CASTOR®cask and ﴾b﴿ nine zoomed‐in re‐
gions with an overlay of the corresponding fuel rod configuration. The gaps with lower scattering
density corresponding to missing fuel rods are clearly visible.
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