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Figure 2: The PADs of each identified cluster across all energies. The colour-bar represents the mean normalised flux. The shapes of the PADs of each cluster are slightly different

Figure 1: 3D representation of 7 years of Van Allen Probe REPT data,
partitioned into 6 different K-means clusters.
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Relativistic Electron Pitch Angle Distributions:
The Van Allen radiation belts are plasma regions that surround the Earth and are populated by energetic particles. The radiation belts are highly dynamic, meaning that 
energetic particle behaviour in the belts is difficult to diagnose. Relativistic electron (energies > 106 eV) behaviour in the belts is driven by a multitude of physical processes 
that occur at different energies and pitch angles (Chakraborty et al, 2022). Energetic particles in the radiation belts travel along the Earth’s magnetic field in a helical 
motion (gyromotion), therefore pitch angle refers to the angle between the magnetic field and the velocity vector of the energetic particle.
These physical processes result in differently shaped energy dependent pitch-angle distributions (PADs). Pitch-angle distribution are vital to understand plasma conditions 
(Bakrania et al, 2020). 

Table 1. Typical types of PADs and the physical process that causes them (Chakraborty et al, 2022). A description of their shape is also given.

This study applies a compilation of unsupervised techniques to Van Allen Probe REPT data in order to classify observations with similarly shaped PADs (Killey et al, 2023).

Shape Description Physical Process

Flattop plateau of flux across a range of pitch angles centred on 90⁰. wave-particle interactions

Butterfly  decrease in flux at 90. wave-particle interactions with chorus and magnetosonic waves

Pancake a peak centred on 90. wave-particle interactions, radial diffusion

7 Years Van Allen Probe REPT Data:
Resolution of the order of 10s.
17 different pitch angles.
12 different energies between 1 – 20 MeV.
Normalised with respect to the maximum value of each observation.
A 20:20:60 data split was selected for the training, validation and testing sets respectively.

Dimension Reduction, Reproducibility and Classification
Apply a random seed of 1 to account for reproducibility.
Compress the 204 dimensional REPT data to 102 dimensions using an Autoencoder,
Further compress the data to 3D using principal component analysis.
Predict the number of classifications in 3D REPT data using a mean shift algorithm.
Apply this number of classifications to a K-means clustering algorithm. 

Clusters:
The amalgamation of unsupervised learning techniques determined that in the 3D representation of REPT data, there
were 6 different clusters, which are shown in Figure 1. To account for ambiguity of classifications at the boundaries of
the clusters, a 95% confidence interval was applied.

Cluster 0 (Figure 2a): flattop.
Cluster 1 (Figure 2b): pancake. 

Cluster 2 (Figure 2c): butterfly and a flattop.
Cluster 3 (Figure 2d): narrow pancake. 

Cluster 4 (Figure 2e): weak butterfly. 
Cluster 5 (Figure 2f) : weak flattop.

Pitch Angle Distribution Shapes:
By plotting the mean normalised PAD of each cluster across all energies, as shown in Figure 2, we determined that each cluster has a differently shaped PAD.
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Clusters 0 – 4 displayed the same distribution shapes in the median PADs, as shown in Figure 3. 
Cluster 5 (Figure 3f) displayed a net median flux of 0, revealing a cluster containing only low counts and noisy signatures. 
At lower energies, the remaining 5 clusters have distribution shapes as expected from literature- either flattop, butterfly or pancake (e.g. Chakraborty et al. 2022).

Conclusions:
Unsupervised machine learning techniques were applied to compress and classify all 7 years of REPT data into 6 different clusters.
All clusters have differently shaped mean energy dependent PADs, where at low energies have either a flattop, butterfly or pancake shape as expected.
Median PADs revealed 5 clusters with the same shaped PADs as their mean PADs and 1 cluster that contained a net flux of 0.
Cluster 5 only contained low counts and noisy data, suggesting that this method has also inadvertently denoised the REPT data.
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Figure 3: The median PADs of each identified cluster across all energies..
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