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ABSTRACT
The present work explores alternative approaches for in situ monitoring with near real-time
data analysis and imaging of dry casks using muons. Monitoring can provide useful signals about
the cask contents in a yes/no decision format faster and with fewer muons than traditional
imaging. Imaging can be performed as a second step in this process if specific information about
the location of the fuel assemblies is needed. To explore and analyze these two modalities,
simulations of muon scattering and displacement were performed for various scenarios, including
vertical and horizontal fully loaded dry casks, half-loaded dry casks, dry casks with one row of
fuel assemblies missing, dry casks with one fuel assembly missing, and empty dry casks. This
work demonstrates monitoring can provide fast and reliable indication about the contents of the
cask. For 100,000 muons, a few minutes of measurement time with a 3.6 m2 detector at a 45°
zenith angle, 90% detection probability for missing fuel assemblies can be achieved with a false
alarm rate lower than 1%. If a positive signal is detected, then longer measurements can be
performed and coupled with muon imaging algorithms to determine the location of missing
nuclear material. In these cases, transmission muon radiography can produce images of acceptable
resolution for all scenarios. In the horizontal dry cask case, all scenarios can be identified and
separated adequately. In the vertical dry cask case, similar conclusions can be drawn, but because
of shadowing from other fuel assemblies, the location of a missing fuel assembly cannot be
identified in the 2-D transmission map. However, views from different directions may resolve this.
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1

INTRODUCTION

During the long service life of dry storage casks containing spent nuclear fuel, intermediate handling
and transportation activities take place that create long-term fuel integrity performance questions. In
addition, each dry cask contains significant quantities of plutonium that could be weaponized if retrieved.
Through its safeguards program, the International Atomic Energy Agency (IAEA) has established criteria
to verify nuclear material is not diverted from peaceful applications [1]. The rapid expansion of dry
storage facilities and the safeguards requirement to maintain continuity of knowledge calls for innovative
technologies to fill this critical gap.
Dry casks are heavily shielded (~1.5–2 m thick concrete or steel), and conventional methods for
examining the interior are limited. For example, 1–10 MeV γ-rays have an attenuation coefficient
approximately in the order of 25 g/cm2, which results in less than 20 cm penetration in lead and 100 cm in
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concrete [2]. Increasing the photon energy does not increase the penetrating distance because of the
increase in pair production [3]. Similarly, electrons cannot penetrate far into matter because of large
momentum transfers and radiation emission (i.e., Bremsstrahlung). For example, 1 GeV electrons can
only penetrate water 1 m, and from a practical standpoint, available portable Betatrons can generate
electrons with energies less than 10 MeV. Production of high-energy protons requires large, expensive,
and immovable accelerators. Cosmic ray muons present certain advantages over the ionizing radiation.
Muons can penetrate high-density materials, and their range increases with increasing energy. Fig. 1
shows the range of 1 GeV muons as a function of the atomic number compared with other types of
radiation. Even in dense materials such as uranium and lead, muons have the deepest penetrating
capabilities. In addition, muons are freely available, and no radiological sources are required eliminating
any artificial radiological dose.
Past efforts have mainly focused on the use of muons for cargo scanning applications and proof-ofprinciple studies [4–7] and only recently focus has shifted to the point of imaging dry casks [8–15]. For
cask imaging purposes, muon attenuation and scattering has several advantages over traditional methods,
and muon imaging particularly well suited for large containers storing unknown materials with limited
access [3]. Thomay et al. (2016) used muon scattering tomography to obtain 3-D images of the contents
of legacy nuclear waste drums [8]. High and low density materials enclosed in concrete were resolved.
For example, a small tungsten cylinder and a thin uranium sheet were identified. A notable example is the
experimental effort by Durham et al. (2016) that used a small muon detector, the Mini Muon Tracker, to
identify missing pressurized water reactor fuel bundles in a sealed vertical dry cask [9]. They performed
measurements on a partially loaded vertical dry storage cask and could reconstruct 2-D images of areal
density. They could locate columns of missing fuel bundles but not pinpoint their exact location.

Figure 1. Range (mass density units) of various radiation types in various materials.

The present work explores alternative approaches for in situ monitoring with near real-time data
analysis and imaging of dry casks using muons. Monitoring can provide useful signals about the cask
contents in a yes/no decision format faster and with fewer muons than traditional imaging. Imaging can
be performed as a second step in this process if specific information about the location of the fuel
assemblies is needed. To explore and analyze these two modalities, simulations of muon scattering and
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displacement were performed for various scenarios, including vertical and horizontal fully loaded dry
casks, half-loaded dry casks, dry casks with one row of fuel assemblies missing, dry casks with one fuel
assembly missing, and empty dry casks. This work demonstrates monitoring can provide fast and reliable
indication about the contents of the cask. For 100,000 muons, a few minutes of measurement time with a
3.6 m2 detector at a 45° zenith angle, 90% detection probability for missing fuel assemblies can be
achieved with a false alarm rate lower than 1%. If a positive signal is detected, then longer measurements
can be performed and coupled with muon imaging algorithms to determine the location of missing
nuclear material. In these cases, transmission muon radiography can produce images of acceptable
resolution for all scenarios. In the horizontal dry cask case, all scenarios can be identified and separated
adequately. In the vertical dry cask case, similar conclusions can be drawn, but because of shadowing
from other fuel assemblies, the location of a missing fuel assembly cannot be identified in the 2-D
transmission map. However, views from different directions may resolve this.

2

METHODOLOGY

The GEANT4 (GEometry ANd Tracking) Monte Carlo code [10] was used to perform muon–dry
cask simulations and estimate muon paths through spent nuclear fuel dry casks. The methodology
developed is shown in Fig. 2. Dry cask geometry, materials, muon energy, and angular distributions are
needed to accurately reproduce the muon–dry cask interactions. Muon detection requires placement of
detectors on opposite sides of the object that is to be inspected. Cosmic ray muons pass through the first
detector plane, and their initial trajectories are recorded. The muons then pass through concrete and fuel
(UO2), exiting through another layer of concrete before hitting and interacting with the second plane of
the detector, where their final trajectories are also recorded. The detectors are idealized gas chambers with
100% efficiency. To generate muons from the actual, measured muon spectrum, a cosmic ray muon
sampling capability called the “muon event generator,” was developed [11]. The muon event generator is
based on a phenomenological model that captures the main characteristics of the experimentally measured
spectrum, which is then coupled with a set of statistical algorithms. The muons generated can have zenith
angles in the range 0°–90° and energies in the range 1–100 GeV. The muon angular and energy
distributions are reproduced using the muon generator and integrated into GEANT4. Using this
information, calculations were performed to determine where the muon interactions occurred, to
determine their displacement and scattering angles, and to evaluate pattern classification and imaging
algorithms. The orientation of the cask and the cask-to-cask interactions that may occur in an actual
storage pad are not simulated.
3

DRY CASK CLASSIFICATION

Before muon imaging takes place, a binary classification can be made to determine if the cask is fully
loaded or not. Since the muon scattering variance distributions are adequately separated between a fully
loaded cask and one with a missing fuel assembly, a decision boundary can be drawn that makes the
classification of different spent nuclear fuel dry casks feasible [11–14]. Given a binary classifier, there are
four possible outcomes. If the true class is H0 (for example an intact dry cask) and classified as H0, then it
is counted as true negative; if it is classified as H1 (for example, missing fuel assembly), then it is counted
as a false alarm (false positive). If the true class is H1 and classified as H0, then it is counted as a miss
(false negative); if it is classified as H1, then it is counted as detection (true positive). Given the
measurements Y and the cost function C(δ(Υ)), equation (1) shows the overall Bayesian risk, which is
defined as the expectation of the cost of selecting class δ:
R(δ) = 𝔼𝑌Θ [𝐶(𝛿(𝒀), Θ)] ,
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where Θ is the true decision. We seek to find a decision rule that will minimize the risk using the
following equation (2):
𝛿(𝑦) = argmin 𝑅(𝛿) .
𝛿

(2)

Figure 2. GEANT4 model of a vertical fully loaded and empty dry cask (center), scattering variance
distributions (bottom left) and muon path through a cask (bottom right).

For uniform cost, the risk is simplified to the probability of error shows in equation (3):
R(𝛿) = 𝜋0 ℙ(ℛ1 |H0 ) + 𝜋1 ℙ(ℛ0 |H1 ) = 𝜋0 ℙ𝐹 + 𝜋1 ℙ𝑀 = ℙ𝑒𝑟𝑟𝑜𝑟 ,

(3)

where PF and PM = 1 − PD are the probability of false alarm and miss, and π0 and π1 are the prior
probabilities for class H0 and class H1, respectively. This demonstrates the overall risk can be written as a
function of the pair (PF, PD). Each muon measurement is described approximately as a Gaussian
distribution of zero mean and variance σ2. After substituting the probabilities and further rearranging,
equation (4) is applied:
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Prob.

where N is the number of muons, and τ is a parameter that depends on the priors and the cost function. A
classifier using the above decision rule is an optimal classifier, which has a separation boundary (Fig. 3)
that can be written as the sum of two terms. The first term depends solely on the characteristics of the
scattering distribution, whereas the second term depends on the number of measurements, the priors, and
the associated cost for each classification decision.

Prob.

y
(a)

y
Figure 3. Probability distributions of two classes H 0 and H1 and the decision boundary that separates the 1-D
space in two sets R0 and R1 (top). The corresponding miss (red) and false alarm (orange) probabilities are also
shown (bottom).

The structure of the Bayesian algorithm relies on adequate knowledge of priors and of the cost
function. When this knowledge is not readily available, instead of guessing, we could select the threshold
that will maximize the detection rate and keep the false alarm rate below a preselected value. Since the
Bayesian risk is parametrized by the pair (PD, PF), it would be desirable to select a decision boundary
where PD is as close to 1 (or 100%) as possible, and PF as close to zero as possible. To obtain the receiver
operating characteristic (ROC) curve, the decision boundary τ is varied from +∞ to 0. Each location of the
decision boundary generates a different pair (PD, PF). The decision boundary of +∞ produces the point (0,
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0). As the boundary is further reduced, the curve moves up and to the right ending up at the point (1, 1).
Fig. 4 shows ROC curves for 10,000, 50,000, and 100,000 muons and the corresponding decision
boundaries for uniform cost. If an acceptable false alarm rate is less than10%, then the maximum
detection rate that can be achieved is ~90%. Increasing muon measurements results in smaller false alarm
rates and improved detection performance. For N = 100,000, a maximum detection rate of 90% can be
achieved for a false alarm rate lower than 1%.

Figure 4. ROC curve for 50,000 muons. The threshold values τ are also shown.

4

DRY CASK IMAGING

Measuring the number of muons entering and the number of muons exiting a dry cask, 2-D flux maps
showing density variations and 3-D scattering density maps can be produced. To produce a 2-D flux map,
the scattering angles of incoming and outgoing muons were calculated, and only muons having scattering
angles between −10 ≤ θ ≤ 10 mrad were considered. These muons have been only slightly scattered and
can be used as a parallel beam to produce a 2-D map similar to x-ray radiography. Muons passing through
less dense materials (i.e., concrete) will have higher counts than muons passing through fuel assemblies.
Two-dimensional maps were produced based on the simulation of 106 muons for a 3.6 × 3.6 m2 detector
and the following vertical and horizontal dry cask scenarios: (a) fully loaded, (b) half loaded, (c) row of
fuel assemblies missing, (d) one fuel assembly missing, and (e) empty. The 2-D transmission maps shown
in Figs. 5–6, are compared to the reconstruction using the Point of Closest Approach (PoCA) algorithm
[15]. In the horizontal dry cask case, all scenarios can be immediately identified and adequately separated.
Except for the missing fuel assembly, similar conclusions can be drawn in the vertical dry cask case.
Because of shadowing from other fuel assemblies, the location of a missing fuel assembly cannot be
identified in the 2-D transmission map. Although, the PoCA algorithm can provide a 3-D representation
of the cask details, the 2-D maps outperform them, allowing the position of the assemblies to be
identified. Figures 7–8 show the number of muons measured along the centerline of a dry cask compared
with a fully loaded cask. A cask with a missing fuel assembly has a stronger signal than a fully loaded
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cask; although, the signal-to-noise ratio is not high. Increasing the number of muons will increase the
signal-to-noise ratio and will result in improved separation between the two cases.
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Figure 5. Comparison between PoCA (top) and muon transmission (bottom) for horizontal dry casks. From
left to right: fully loaded, half loaded, row of fuel assemblies missing, one fuel assembly missing, and empty.
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Figure 6. Comparison between PoCA (top) and muon transmission (bottom) for vertical dry casks. From left
to right: fully loaded, half loaded, row of fuel assemblies missing, one fuel assembly missing, and empty.

Figure 7. Number of muons measured along the centerline of a horizontal dry cask. Comparison with a fully
loaded cask is included. The location of fuel assemblies is shown with thin dark gray lines.
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Figure 8. Number of muons measured along the centerline of a vertical dry cask. Comparison with a fully
loaded cask is included. The location of fuel assemblies is shown with thin dark gray lines.
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