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Abstract Aurora is affected by large-scale dynamics such as geomagnetic substorm driven by solar
wind, due to varies solar wind-magnetosphere-ionosphere coupling effects, its morphology and evolution
can be different. Currently, categorization of aurora oval and its morphology is mostly based on auroral
evolution theory to do subjective qualitative analysis and has no clear classification standard, which
makes it challenging to conduct objective quantitative research with statistical analysis method and su-

pervised classification models. Ultraviolet (UV) auroral oval image clustering model (MoCo-GMM) was
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established based on deep representation learning, also a method was designed to evaluate physical ratio-

nality of the model by using space environment parameters. Additionally, experiments on large-scale PO-

LAR UV auroral oval image data were carried out. Clustering results of MoCo-GMM obtained not only

delightful intra-cluster cohesion and inter-cluster separation, but a certain degree of physical inter-

pretability, which means we effectively realized objective categorization of aurora oval and its morpholo-

gy based on images.
Key words
image clustering, MoCo-GMM model
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Table 1 Comparison of UV auroral oval image
feature extraction results with

different algorithms

Representation

Algorithm Result degree
ORB No unified .
dimensions \
LBP No unified
di sions \
imensions
PCA 15 dimensions 0.865
HOG 3600 dimensions 0.854
MoCo 512 dimensions 0.892
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Table 2 Comparison of six feature

clustering algorithms

Model clusters CH SC
GMM 10 183.14 0.057
K-means++ 10 182.79 0.054
DBSCAN 5 132.77 -0.028
11 67.06 -0.031
Spectral clustering 10 152.37 0.044
BIRCH 10 151.63 0.035
AHC 10 151.05 0.034
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