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ABSTRACT: Muon tomography utilizes natural cosmic-ray radiation to characterise a diverse range of
objects that cannot be imaged by traditional techniques, exploiting the high penetration power and
material atomic number sensitivity of muons. This paper describes a low-Z material classification
exercise, using a prototype scanner system developed by GScan OU. and a novel tomographic
reconstruction method that have been presented previously. Measurements were made of nine 6 cm
side-length cubes composed of different low-Z materials, as well as a medium-Z steel, to demonstrate
the feasibility of discriminating between these materials with this scanner system and technique. After
tomographic reconstruction, machine learning methods were applied to classify the material measured.
The final classification results achieved greater than 98% accuracy for 30 minute measurements
with a limited scanner system, corresponding to just 4 minutes in an ideal scanner system. These
results motivate further developing this technology and the corresponding methods for low-Z material
classification as the next step towards commercialised low-Z muon tomography.
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1 Introduction

Trafficking of illegal goods is a major challenge in modern society, necessitating effective border
controls. Trafficking of firearms, drugs, and people all damage local economies and create risk to
the public, while remaining very profitable for the criminals engaged in these activities [1]. There is
also a particular need to prevent the illicit transport of Special Nuclear Materials (SNM) [2]. One
of the most common techniques deployed for cargo scanning to detect prohibited materials is X-ray
radiography. However, X-ray radiography systems have inherent limitations such as low penetration
power restricting the scanning of large cargo objects, low sensitivity to material composition, and
radiation safety restrictions, limiting its use on occupied vehicles.

First proposed in 2003 for the detection of SNM [3], muon scattering tomography (MST) is
an emerging research field that has expanded rapidly in recent years, with applications in border
security [4, 5], non-destructive testing and imaging [6], and monitoring of spent nuclear fuel [7-9].
This wide applicability is due to the high penetrating power of muons, which allows muon tomography
techniques to overcome issues with shielding encountered by more typical X-ray scanners or passive
radiation portal monitors. Furthermore as muon tomography relies solely on atmospheric rays,
it does not carry the radiation safety concerns associated with X-ray systems or active radiation
interrogation systems.

MST specifically relies on multiple Coulomb scattering of muons in materials. The distribution
of the scattering angle 6 after traversing a medium can be approximated by a Gaussian distribution
for small scattering angles, with a mean of 0 and a standard deviation 6, given by,
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where p is the particle momentum, 8 is its speed as a fraction of the speed of light ¢, Az is the thickness
of the medium and X, denotes the radiation length of the medium [10]. This is illustrated in figure 1.
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Figure 1. Schematic illustrating multiple scattering. The solid blue line indicates the true path of the particle
through the medium. The total scattering angle 6 is achieved after multiple scattering events through a medium
of thickness Az and is approximately distributed according to a Gaussian distribution with a mean of O and a
standard deviation of 6.

The radiation length is a function of the medium density and atomic composition, and for a
medium with a single type of nucleus it can be approximated as,
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where p, A, and Z denote the density, atomic weight, and atomic number of the medium respectively [10].
Equations 1.1 and 1.2 suggest that the radiation length is smaller for high-Z materials, resulting in a
broader distribution of scattering angles. As a result, it is significantly easier to identify or discriminate
between high-Z materials than between low-Z materials when using MST. The majority of applications
since the inception of MST have been developed for detecting high-Z materials, such as uranium or
plutonium, from amongst other high or medium-Z background materials. However, in recent years
there have been efforts to extend this technique to low-Z materials.

Xo

(1.2)

Evaluating the feasibility of other physics signatures beyond muon scattering has proven an
attractive field of research. Cuéllar et al. investigated the use of the stopping of low momentum
cosmic rays as an additional signature of material composition for medium and low-Z materials using
simulations of cosmic ray muon interactions, which was subsequently demonstrated experimentally
in 2010 [11, 12]. Other muon-induced signatures were considered by Klimenko et al, including
muonic X-rays and electromagnetic showers, although it was noted that additional detector components
would be required to measure these [13]. Alternate designs of detectors with muon momentum
measurement capabilities have also been proposed, including a multiple Coulomb scattering approach,
Cherenkov detector-based designs, and time-of-flight measurements, and it has been demonstrated



that accurate measurement of muom momentum significantly improves discriminating power between
low-Z materials [14—17]. At the TUMUTY facility in China, machine learning techniques have been
applied to discriminate low-Z materials from high-Z ones with both simulated and experimental data,
with an error rate as low as 1% for a 10-30 minute measurement time [18, 19]. Measurements by
Decision Sciences have led to success in identifying and discriminating low-Z materials, including
locating marijuana hidden inside metallic rolls with a 4.5 minute measurement, and discriminating
drug and explosives surrogates from other cargo such as bananas and bottled water [20]. While
there has been success in identifying low-Z materials amongst materials of higher Z, further work
is required to develop robust low-Z material classification.

In 2020, a lab-scale prototype tomography system was developed by GScan OU [21]. This system
measures the muon trajectory above and below an interrogation volume using 1 mm diameter plastic
scintillating fibres, with a resulting spatial and angular resolution in track reconstruction of 120 pm
and 1 mrad respectively. A particle filtering approach to separate cosmic-ray muons and electrons was
used to significantly increase the discriminating power for low-Z materials, which was demonstrated
for a simulation of an RDX explosive cube, (CH,N,O5)3, inside a larger cube of flesh-like material.

The work presented in this paper focuses on low-Z material classification within a limited time
frame, as anticipated for security applications. A set of low-Z material samples was collected, as well as a
medium-Z steel sample. Each of these samples were measured with the prototype tomography system for
a total exposure time of eight hours. These measurements were subsequently used to train classification
algorithms to discriminate between different low-Z materials. For an exposure time of 30 minutes
with a limited field-of-view scanner system, the best performing classification algorithm achieves an
accuracy greater than 98%, indicating the potential of this technology for security applications.

2 Method

2.1 Prototype scanner system and experimental setup

Previously, a hodoscope design using scintillating fibres has been proposed for measuring incoming
atmospheric ray tracks [21]. These hodoscopes are constructed of three detector plates, with a
separation of 7.5 cm between each detector plate and a plate area of 25.0 x 25.0 cm”. Each detector
plate is composed of two orthogonal double-layered mats of 1 mm round Saint-Gobain BCF-12 single-
cladded scintillating fibres, with a pitch of 1.1 mm in each layer. The top layer of an individual fibre-mat
is offset by one half-pitch and aligned with the positions of fibres in the lower layer. Each detector plate
has an active area of 24.7 x 24.7 cm?. The fibre configuration results in a 120 pm spatial resolution and
an angular resolution for in-hodoscope scattering of approximately 1 mrad. Further detail regarding
the construction of individual detector plates and the derivation of the spatial and angular resolution
can be found in [21]. A schematic of an individual double-layered fibre mat can be seen in figure 2.

For this exercise, measurements were made using a prototype scanner system with one such
hodoscope above the volume of interest (VOI) and a single detector plate positioned 25.0 cm below,
for a total volume of interest of 24.7 x 24.7 x 25.0cm?>. As only a single detector plane is placed
below the VOI instead of a full hodoscope, the total scattering angle inside the VOI cannot be
measured. For the purposes of demonstrating material classification the total scattering angle can
be approximated by calculating the scattering angle between the bottom plane of the top hodoscope
and the bottom detector plate.
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Figure 2. Schematic of a single double-layered fibre mat, viewed end-on. Each fibre has a diameter of 1 mm
and the spacing between fibres in a single layer is 1.1 mm. The two layers are offset by a half-pitch, 0.55 mm.

The scintillating fibres are instrumented using Ketek PA3325-WB-0808 and Hamamatsu S13361-
3050AE-08 silicon photomultiplier (SiPM) arrays, coupled to eight CAEN DT550W readout boards.
Additionally, two 30 x 30 cm? plastic scintillator plates positioned above the upper hodoscope and
below the lower detector plate respectively are used to trigger the data readout. These are instrumented
with two 6 x 6 mm? Hamamatsu S13360-6050CS SiPMs with CAEN A1702 SiPM readout boards.
When a charged particle passes through both plastic scintillator plates, the combined trigger system
sends a signal to prompt a readout from all detector plate boards.

Measurements were made of 6 cm side-length cubes of eight different low-Z materials and a
medium-Z steel. An additional measurement was made with no object present, which provides a
sample for air for the purpose of material classification. The materials used are summarised in table 1.
For each measurement, the cube of material was fixed 2 cm below the centre of the bottom detector
plate of the upper hodoscope. A schematic of the experimental setup with an example true and
reconstructed track can be seen in figure 3, and a photograph of the setup is shown in figure 4. The nine
measurement samples are shown in figure 5. Each of the chosen samples was measured for 8 hours,
divided into 30 minute segments such that there were 16 separate measurements for each material.

2.2 Data analysis

For object reconstruction, a voxel grid with a 5 mm spatial resolution is defined across the VOI. An
approximation to the track of a detected particle through the VOI is found by finding the straight line
between the hits in the lowest upper hodoscope plate and the bottom hodoscope plate.

To use a given particle measurement for object reconstruction and material classification, hits in
all four detector planes are required. The hodoscope internal scattering angle is used to group tracks
into three angle ranges, in which 0-0.2° is predominantly muons, 0.2-0.9° is a mixture of muons and
electrons, and above 0.9° is solely electrons [21]. This pre-filtering is also described in further detail in
the corresponding patent, and an application for an additional patent covering the method of material
classification presented later using an instrument similar to the one presented here has been filed [22, 23].

To express the scattering angle in terms of the detector plane hits, each plane is numbered 1-4
counting from the highest plane down, such that planes 1-3 are the detector planes in the upper
hodoscope and plane 4 is the lowest detector plane. The ray from a hit in plane 1 to a hit in plane
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Figure 3. A schematic of the prototype scanner system with four horizontal detector plates, in a 3-1 configuration.
The measurement object is aligned with the centre of the detector plates and positioned 2 cm below the third
plate. The solid and dashed blue lines indicate the reconstructed and true tracks of an incident muon respectively.
The hodoscope and VOI scattering angles are labelled as 61,3 and 6,34 respectively.



(a) A photograph of the whole scanner system.

(b) Measurement samples inside the scanner system.

Figure 4. Photographs of the prototype scanner system. The 3-1 detector plate configuration can be seen, as
well as the scintillating fibres and the test sample.
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Figure 5. The test samples used for this exercise. Starting from the top left, moving left-to-right and top-to-

bottom: ammonium nitrate with sulphur pellets, PENO plastic explosive, plywood, water, glass, plexiglass
concrete, steel, and aluminium.



Table 1. Measured materials for the material classification exercise. With the exception of steel, all measured
materials are comprised of low atomic number constituents.

Material Weight / g Notes
Air - Measurement with no sample present

AWS5754 Aluminium 574.2 -
C30/37 Concrete 512.0 -
Glass 514.8 -

Water 256.9 2 mm thick plexiglass container

Ammonium nitrate with sulphur 199.6 2 mm thick plexiglass container

pellets (NH4NO3)

PENO plastic explosive 342.0 -
Plexiglass 251.6 -
15 mm FF Birch Plywood 147.6 -
S355MC Steel 1684.9 -

2 is denoted as ray 12, and then the scattering angle between ray 12 and ray 23 is denoted as 61,3,
and is referred to as the hodoscope scattering angle. The same convention is used to derive the VOI
scattering angle 6,34. These angles are illustrated in figure 3. Typically, all three particle filter groups
are used separately for object reconstruction as they each have different sensitivity to materials in
the VOI. Measurements of 8,34 encode information about the VOI object scattering but are position
sensitive and as such require all prototype measurements be of objects of the same size and in the
same location, as described in the experimental setup.

Every track that is propagated through the VOI is registered in each voxel that it passes through.
VOI maps for each desired quantity are constructed by assigning the relevant quantity from each
track to every voxel it traverses. Separate VOI maps are calculated for each particle filter group. A
proprietary object detection algorithm using a series of iterative edge detection and noise suppression
kernels is used to segment the VOI into individual objects. However, due to the limited tomographic
setup for this prototype, the vertical distribution of the detected objects was not sufficiently accurate,
which can be seen in further detail in [21]. As a result instead of using reconstructed objects, the object
position, size, and shape in the VOI were defined in software for the purposes of material classification.

Histograms were derived from quantities related to both scattering and stopping power measure-
ments. For each event, the track length and average distance traversed per voxel were calculated and
recorded in every voxel traversed by the track. All voxels occupied by the measurement samples
were selected, as well as all events traversing these voxels, according to the specified size, shape, and
position of the measurement samples. The VOI map quantities calculated included the total number of
events in each voxel and the total average distance traversed per voxel. Scattering angle quantities were
also calculated, including the mean scattering angle in each voxel, scattering angles from all events
traversing the sample volume, the total scattering angle per unit track length in each voxel, and the
average scattering angle per unit track length in each voxel. Histograms for each of these quantities
were then built, with 101 bins for each of the four scattering angle histograms and 51 bins each for the
remaining two histograms. This process was repeated for each particle selection group and possible
combination of detector layers. For each measurement with two detector layer combinations and three
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Figure 6. Example histograms of VOI scattering angles for 30 minute measurements of the plywood, aluminium,
and steel samples.

particle selection groups, this resulted in a total of 36 histograms. The final amount of training data
created for a given material sample is therefore 36 histograms X 16 measurements for a total of 576
histograms. Example histograms of angle 6,34 from all events traversing the sample volume can be
seen for measurements of plywood, aluminium, and steel in figure 6.

Each individual histogram was normalised to unity so that the resulting weights in each bin
approximate a probability density for each feature. After all the histograms have been generated, the
collective information was saved as feature vectors. For every bin in a histogram, the corresponding
entry in the feature vector is the frequency in that bin. The total length of the feature vector is therefore
equal to the sum of the number of bins in all histograms, for a total of 3036 features. Because each
individual histogram is normalised separately the complete feature vector sums to 36, the number
of histograms. Every feature was standardised according to the mean and variance of that feature
across the entire dataset before application of any classification algorithm.

2.3 Feature selection

Before classification, a feature selection procedure was applied to determine which features have
the greatest predictive power. This allows for removal of any features that have minimal or even
detrimental effect on the accuracy of material classification. To this end, the ReliefF feature importance
algorithm was applied to order the feature vectors by the calculated feature importance [24]. This
algorithm computes a score for each feature based on how important that feature is for discriminating
between different classes. Features that reduce class discriminating power have a negative feature
score, and features with no variance across the entire dataset are not assigned a ReliefF score and



instead are removed from the feature vector, kept in the same order, and appended to the end of the
ordered feature vector. In the case of this dataset, features with zero variance have a value of zero for
all data points in all classes and thus are not informative for material classification.

After ordering, an N-fold cross-validation was used to determine the optimal number of features
for classification. For each fold, the total dataset was divided into three subsets: one for training,
one for optimisation of feature count, and one for final performance evaluation. These are referred
to as the training, validation, and test sets respectively. The top-ranked feature was selected for all
datasets and an N-fold cross-validation was performed, training on the training dataset and evaluating
performance on the validation dataset. The performance of each classification algorithm was quantified
by calculating the average accuracy of classification across all folds, defined as the ratio of the number
of correct predictions and the total number of predictions. Subsequently the procedure was repeated
but including the next most highly ranked feature. This iteration continued until the accuracy had been
calculated for all feature counts. The optimal number of features for a given classification algorithm
was then determined according to the highest average classification accuracy. For multiple feature
counts with the same average classification accuracy, higher feature counts are favoured to minimise
the risk of overfitting based on a small number of features.

2.4 Material classification

The classification method adopted for this exercise was linear discriminant analysis (LDA), using the
SCIKIT-LEARN Python package [25]. For this algorithm, feature values are assumed to be distributed
according to an independent multivariate Gaussian distribution for each class. At training time, the
parameters of each class Gaussian are estimated from the corresponding samples to minimise the
in-class variance and to maximise the separation between the mean of different classes within the
feature space [26, 27]. Prediction data points are then projected into the LDA feature space and
assigned to the closest class according to the covariance-weighted distance from each class mean [28].
For this method, a 15-fold cross validation fold was used. The number of top-ReliefF-ranked features
was selected according to the best validation set performance across all folds, and the final classification
accuracy was evaluated on the test dataset for all folds.

Additionally, a one-vs-one LDA approach was investigated. For this algorithm instead of
modelling each class with a separate Gaussian distribution simultaneously, an independent binary
LDA classifier was trained for each unique pair of materials for a total of 45 individual classifiers.
Each individual binary classifier is expected to capture different discriminating features between
pairs of classes when compared to the multiclass classifier. To make predictions each classifier is
used to predict the sample class and the final output is the most commonly predicted class across
all of the individual classifiers. The number of training features used was optimised separately for
each one-vs-one classifier with a 15-fold cross validation procedure, using the same data split as
for the multiclass LDA method.

The final performance for both of these algorithms with a selected optimal feature count was
determined by evaluating the performance on the test dataset for each fold and calculating a final
average classification accuracy. Confusion matrices were also calculated for the final trained algorithms.
These are tables that display what percentages of samples with a specific true class are predicted
as each possible class, for every specific class, and therefore allow for identification of any specific
classification errors between materials.
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Figure 7. ReliefF feature scores and average model classification accuracy for multiclass LDA, as a function of
the ReliefF ordered feature index used. Each classifier training uses the top-ranked 7eaures according to their
ReliefF scores. Features with a negative ReliefF score reduce the performance of the classification and features
with no variance across the dataset do not impact the performance in a significant way.

3 Results and discussion

The ReliefF feature scores ordered by score and the average classification accuracy for multiclass LDA
as a function of the number of ReliefF-ordered features used can be see in figure 7. The maximum
classification accuracy is found for training using the top-ranked 870 features, with an average accuracy
of 74% across all 15 folds. The significant drop-off in efficiency observed after approximately 1100
features used corresponds to when the ReliefF feature scores become negative. These feature scores
indicates that these features actively reduce material discrimination power, which is reflected in the
classification accuracy results. After approximately 1600 features are used, adding any more features
makes no significant difference to the classification performance, as these features have zero variance
across the training dataset and thus provide no additional discriminating power.

The confusion matrix for the best-performing multiclass LDA, trained using the 870 top-ranked
features, is shown in figure 8. The average accuracy for this classifier is 74.0%. While good
performance is observed for some materials, namely Air, PENO, and Steel, the classification accuracy
for more than half of the materials is less than 75%. Similarly, figure 9 shows the confusion matrix
for the best-results 1vl LDA approach. The performance is significantly improved relative to the
multiclass approach, with only two misclassifications and a final total accuracy on unseen data of
98.7%. All individual materials are classified with an accuracy greater than 90%. The improved
performance is attributed to the ability of individual binary classifiers to better capture distinctions
between pairs of classes than a single multiclass classifier is capable of. The results shown here
are believed to be the first published results showing high accuracy material discrimination between

—10 -
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Figure 8. Confusion matrix for multiclass LDA, trained using 870 top-ranked features. The average classification
accuracy for this model was 74.0%.

low-Z materials. While this experiment has been conducted on a limited lab-prototype tomograph and
on a limited set of materials with only 8 hours of measurement time for each sample, the material
classification accuracy is greater than 98% for a number of different low-Z materials.

One key limitation of this exercise is the simplified prototype, with only a single detector plate
below the volume of interest. A complete tomography system with complete hodoscopes both above
and below the volume of interest would be capable of more accurately measuring the total muon
scattering angle. Additional hodoscopes at the sides of the detector would further improve performance
by increasing the solid angle coverage of the scanner system, reducing the required measurement
times for accurate classification. The mean number of muon tracks detected in the measurements of
this exercise was 2637, which when compared to the expected incident count of 18300 muons for a
30 minute measurement indicates that this prototype only successfully detects approximately 14% of
the incident muon flux, which is approximately 1 cm~2 min~' [10]. A system with 100% efficiency
of detection for incident muons would therefore be capable of detecting the same number of muons
in just 4 minutes, as opposed to the 30 minute measurements with the prototype system. An added
benefit of this change would improve the object reconstruction performance and thus ensure the same
method could be applied to objects of arbitrary shape and size.

—11 -
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Figure 9. Confusion matrix for the best performing 1 vs 1 LDA model. The only misclassifications were
predicting one sample of water and one of plexiglass as Plywood. The total accuracy of this classifier was 98.7%.

To develop classification further, one of the main requirements is to increase the material library
available to the system. Measurements of more low-Z materials and objects common to security
applications would be added to the training data for classification algorithms, increasing the range
of objects which this instrument would be capable of detecting. At this stage, it would likely be
necessary to move to other machine learning methods, which would need benchmarking to determine
the most reliable way to classify object materials.

4 Conclusion

Muon scattering tomography is a promising technology for many applications as a non-invasive,
radiation-free imaging technique. Most existing work has shown accurate results for high and medium-
Z materials, but discriminating low-Z materials remains a challenging task. This paper has presented
a prototype scanner system and tomographic method capable of discriminating between several low-Z
materials common in security applications with better than 98% accuracy for 30 minute measurement
times. The accuracy of tomographic reconstruction can be improved with an updated scanner system
with two complete hodoscopes, and measurements of other materials and objects with such a scanner
system would allow for classification with more complex configurations. Developments to improve
this scanner system for more accurate reconstruction and classification are already underway.

—12 -
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