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ABSTRACT

In IoST, terminal mobility causes overhead to reset links along with handover between terrestrial-cubesat. If
handover fails in the process of processing such overhead, IoST loses the stability of communication along
with link disconnection. Accordingly, in order to efficiently and stably support handover, this paper proposes
grid labeling algorithm, which defines the terminal mobility prediction problem as a multiclass classification

problem, and a data optimal augmentation algorithm that optimizes the performance of machine learning

models.
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Fig. 1. IoST based on CubeSat
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Fig. 2. Handover due to terminal mobility
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Ta ble 1. Peatures and parameters of the dataset
Feature Parameter
Serial number of the terminal n
GPS date of the terminal d
GPS time of the terminal t
The longitude of the terminal T
The latitude of the terminal Y
Speed of the terminal s
Heading of the terminal h
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Table 2. Parameters and definitions of grid labeling

Definition Parameter
Minimum and maximum longitude Tor Ty
Minimum and maximum latitude Yar Yo
Number of rows and columns Ter Ye
Index in grid coordinate system i, j
Class label for each grid cell l
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Fig. 3. The longitude and latitude of the dataset
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Table 3. The number of class labels and samples based
on the number of terminals.

The The number of The number
) X The number
number samples in the  of samples in
. of class
of training the test
X labels
terminals dataset dataset
1 4143 1776 13
3 12466 5345 23
5 20718 8884 34
7 28937 12408 41
9 37117 15914 41
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Table arious multiclass classification models
Model Characteristics
k-NN ¢ Basic model and good for small dataset.
Logistic ¢ Available for large dataset.
Regression ¢ Available for high-dimensional data.

¢ Faster but less accurate than linear
. models.
Gaussian NB .
Available for large dataset.

¢ Available for high-dimensional data.

e Stable and powerful.

Random ¢ Data scaling is not required.
Forest ¢ Impossible for high-dimensional sparse
data.

¢ Good for medium-sized datasets consisting
Kernel-SVM of similar meaning features.

¢ Sensitivity to parameters.
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Table 5. Various data scaling

Data Scaling Characteristics

¢ The mean is 0, and the variance is 1.

e The entire features have the same
Standard Scaling scale.

¢ No limitations on the minimum and

maximum values.

e The entire features have the same
Robust Seali scale.
obust Scalin,
¢ Medium and quartile are used.

¢ Not affected by outliers.

Min-Max e The entire feature value is located

Scaling between 0 and 1.

¢ The Euclidean length of the feature
o vector becomes 1.
Normalization . .
¢ Direction is more important than the

length of the feature vector.
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Table 6. Optimal scaling for the number of terminals and multiclass classification models

379) 2721%)

Optimal Scaling,

The number of terminals

Model F1-Score,
Log-Loss 1 3 5 7 9
Optimal Scaling Normalization Robust Scaling Min-Max Scaling Normalization Normalization
F1-Score 0.7173 0.7384 0.7896 0.7951 0.7847
kNN Optimal Scaling Normalization Robust Scaling Robust Scaling Min-Max Scaling Robust Scaling
Log-Loss 3.7548 2.7304 2.1660 2.3639 2.4196
Optimal Scaling Standard Scaling  Standard Scaling  Min-Max Scaling  Min-Max Scaling Min-Max Scaling
Logistic F1-Score 0.4454 0.5091 0.5581 0.3720 0.3661
Regression Optimal Scaling Standard Scaling  Standard Scaling  Standard Scaling  Standard Scaling  Standard Scaling
Log-Loss 1.7167 1.3270 1.2779 1.8048 1.8779
Optimal Scaling Normalization Normalization Normalization Normalization Normalization
F1-Score 0.4566 0.4221 0.5033 0.2596 0.2969
Gaussian NB
Optimal Scaling Normalization Normalization Normalization Normalization Normalization
Log-Loss 2.0568 1.9960 2.1560 3.1644 2.8897
Optimal Scaling - - - - -
Random F1-Score 0.8975 0.9033 0.9260 0.9273 0.9194
Forest Optimal Scaling - - - - -
Log-Loss 0.4415 0.3495 0.2481 0.2401 0.2781
Optimal Scaling Standard Scaling  Standard Scaling  Standard Scaling  Standard Scaling  Standard Scaling
Kemel.SVM F1-Score 0.5355 0.6073 0.6386 0.5957 0.5092
Optimal Scaling Standard Scaling  Standard Scaling  Standard Scaling  Standard Scaling  Standard Scaling
Log-Loss 1.3493 1.0615 0.9694 1.0570 1.3051
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Table 7. Parameters and definitions of the data optimal
augmentation

Definition Parameter

Number of intervals between original samples to

produce similar samples v
Minimum and maximum values of w Wy, W,
Index of similar samples to be produced

between specific original samples b

The value obtained by converting d and ¢ z

The number of original samples o
Constraints on the time difference c,

Constraints on the difference in direction angle ¢,
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(@) In the case of a time difference is large

Unreliable similar sample

(b) In the case of a directional angle difference is large

Unreliable similar sample
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Fig. 8. Unreliable augmentation
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Table 8. Values of parameters for experiments

Parameter ~ Value Description

w, 2 Minimum values of w

w, 10 Maximum values of w

c, 1.1574E-4 Time difference constraints

c, -1.0~1.0 Directional angle difference constraints
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