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Differentiate between Space Debris and Satellites using ConvLSTM

Mitsuyoshi NAGAO™  Shinichiro CHIBA" Nagisa OI'*

e

AXR=2F7 Y (LT, 77V) &%, #HEAe Sy MBOMEL AN THEZER L
Thbd, HERZERT 2 —ELEOREZIDOTT VI, #ES OB X > THHRR
A2 a IS TWDN, BUE, BiEShTnanT 7 ) 8 B8E<FELTRY, 2%
T2 EOERRMENEIM L TW5D, KT, @muHM%%wtx«—XT7)kA
THEOBMMAIRRT D, AFZETIE, FMEx IV LRI HEIREEREIC k- T
AT B D> & Hg sk o — 0®%7w1%6meﬂM %o%ﬁ%%ﬁﬁoit
ConvLSTM & ORI D72 912 VGG16 & AW =ikl b 33 5, EBER» 6, AT
5 &5 7 U A ConvLSTM &%ﬂﬂ@ﬁ%%%fﬁfﬁ%ﬁfﬁ%?%é T aER LT,

Abstract

Space debris (hereafter, debris) consists mainly of used rocket parts and defunct satellites. Debris
of a certain minimal size orbiting the Earth is cataloged based on observations from the ground.
However, there are still many pieces of debris that have not been detected and catalogued, increasing
the risk of collisions. This paper proposes the use of ConvLSTM for identifying debris. In this paper,
we outline the identification of debris based on videos captured by a space observation device called
Tomo-e Gozen, using a machine learning model known as ConvLSTM. Additionally, identification
of debris using VGG16 is conducted for performance comparison with ConvLSTM. From the
experimental results, we confirmed that satellites and debris can be identified with high accuracy
from ConvLSTM and videos.
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