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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

Ground station



Airborne Antenna Switching Strategy Using Deep Learning
on UAV Line-Of-Sight Datalink System 13

[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
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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

7171 35 7S ) AMMTEH A8 MEY Y] Aelx
HE, A2 A ) AbolES] A5 F3o) o]271744] A
Abgle] ofg] ZWS A Pshy Fhve} 9 AvfE E3) e 4
H]Z]— Xﬂ%oﬂ ;<4 ;H 1;1 nJ—o] Ex]—g],_]—_y o]u]_ 7] ] Sl_é ;\]/\EJLQ

ojw| x| ¢l ths A 45 H2ER Balebal, AHEA
7F A Qo] & Wk 2 I8 AN e AlES A
g ol AFS-EL FH ol e 58

712 717 sk 71% ]
nA o] HA gk 2 A HlolE

\I

Xd ke 54 9 Hdsls 54 #2718 A 93l
ADE dAYolH ) A3 mmjel AE 2| 2jo] Yagc) 1
Huy 989 =r AE7HE 9 54 F5718 dAlske
P& Held GaglSs F3l volHRERYH AR SkGelial
A Es vk [12]

dedolEldl| 7leiA= A4S v AYNUES T3 EFHE
5 9 gAor 7FY ¢ wdzs 33d -+ gle B8
o 5] oig RS @ ¢ gvke delde] s
T3l 2302, @A, Ao AE, A S, AEFY
& ThFgk wopoll A &g-xar gtk [13]

Hede AT oS ol&st ¥ AAEY (ANN,
Artificial Neural Network)2] 4502 AF +X2 TAEH
A ¥ Z(nput Layer)¥} &2 (Output Layer) AFolol] st
ool 24Z(Hidden Layer)S 7HAI & AT AES
(DNN, Deep Neural Network) o]t} th&-0.2 thaFsh g2y

o] thef A,



14  Journal of The Korea Society of Computer and Information

1.8.1 MuItiIayer Neural Network
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1.3.2 Convolution Neural Network
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1.3.3 Recurrent Neural Network
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1.3.4 Auto Encoder
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[1l. The Proposed Scheme

B Aol A= HEA QU o]t Hof glont i) &
slek 7FAlA dlolE g AA =89 dolEE 9
B 171" ol& Fal FAFAE 5k 2
AZF ARE 7Hto g g7}
Ak, vhA o7 7pA A

Agahe welel o) =i

o X
A
_n
_YH
&
rﬁ
&

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
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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

output/Hypothesis
output/Hypothesis 8

Fig. 12. Histogram for RSSI prediction model of bottom antenna
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V. Conclusions
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