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Abstract

In the Unmanned Aerial Vehicle Line-Of-Sight datalink system, there is a possibility that the
communication line is disconnected because line of sight can not be secured by one antenna due to

changes in position and posture of the air vehicle. In order to prevent this, both top and bottom of

air vehicle are equipped with antennas. At this time, if the signal can be transmitted and received by

switching to an antenna advantageous for securing the line of sight, communication disconnection can

be minimized. The legacy antenna switching method has disadvantages such that diffraction, fading

due to the surface or obstacles, interference and reflection of the air vehicle are not considered, or

antenna switching standard is not clear. In this paper, we propose an airborne antenna switching
method for improving the performance of UAV LOS datalink system. In the antenna switching method,
the performance of each of the upper and lower parts of the mounted antenna according to the
position and attitude of the air vehicle is predicted by using the deep learning in an UAV LOS

datalink system in which only the antenna except the receiver is duplicated. Simulation using flying

test dataset shows that it is possible to switch antennas considering the position and attitude of

unmanned aerial vehicle in the datalink system.
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Fig. 2. Using airborne bottom antenna
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[I. Preliminaries

1. Related works

1.1 Antenna switching strategy using minimum
distance calculation with virtual points
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L A = Distance between Ground station and Top Ant.

Ground station B = Distance between Ground station and Bottom Ant.

Fig. 4. Distance between GDT and virtual points
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1.2 Antenna switching strategy using elevation
of air vehicle for GDT

AgA) gk waAle] 17
WA orHuE AEstn 54 w7 o3t
AelEl= W olt)

GPS #HEE= AFHE 7|50 a= =X FFA(Geodetic
Coordinate System)& AHE7] Wizl X312} vl A1 GPS
H7E AFTHIAHREAECEF X, Y, Z, Earth-Centered
Earth-Fixed X, Y, 2)% W3lsto] ¥lHE 3 5] <] 9=
o} AE7|Eo R sjdwstete] A SAFEAR ket A
Al oigk viAe] zks ek = QlTh[11] 2"6e 54
AN AT LA Z] W3 G vgA 7|E 7}
= Adstal gitk

6 = Elevation of Ground Station
¢1= Latitude of AV
¢, = Latitude of Ground Station

X, Y, z = ECEF Position

Fig. 5. Concept for ECEF coordinate system transformation
and air vehicle elevation
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1.3 Deep Learning
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1.8.1 MuItiIayer Neural Network
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1.3.2 Convolution Neural Network
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1.3.4 Auto Encoder
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[1l. The Proposed Scheme
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1. Dataset analysis
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2. Multilayer Neural Network Model Design
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Fig. 6. RPM(Rssi Prediction Model)
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3. Model Training
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3.1 Input with elevation of air vehicle for GDT
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Fig. 7. RPM for three input parameters
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3.2 Input with position and stance of air vehicle

P tell me 2] s nlasly] 98] 3.1483 2ol
HlA] 71 A ez 2 ks g o R ARgshe il
7] o] ZAll(roll, pitch, yaw) b AZFA] bevke] | gF w9l
7, 37k o Al aA) ol g Ao o] shhg A 1
d8e alg 2ee) T4 vehdr

|

Affine — RelU

Affine ™ RelU — Affine —@

On
O
On
On
O
On

~—— — — | ~—
R = Roll of AV A = Global Azimuth of AV
P = Pitch of AV E = Global Elevation of AV
Y = Yaw of AV h = height of AV

Fig. 8. RPM for six input parameters

3.3 Applying Mode! for Datalink
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Fig. 9. Procedure of antenna switching using
RSSI prediction of airborne antenna

V. Experiment
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Table 1. Training, Validation, Test loss of each models

Model Training loss Validation loss Test loss
RPMT_EL 0.109245 0.101919 0.227981
RPMT_ST 0.101122 0.092808 0.151685
RPMB_EL 0.080082 0.079494 0.198103
RPMB_ST 0.067636 0.068036 0.177674
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Fig. 11. Histogram for RSSI prediction model of top antenna
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V. Conclusions
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