creative
commons

C O M O N § D

Ol2XtE= otele =2E 2= R0l 8ot 7S

o Ol == SH, HHE, 85, Al SH L 58 = U
o OIXH MAEESE HdE = UsLICH
Ol HHES del SR 0|8 = AsU T

MNETEAl Fots BHEHNE HEAIGHHOF SLICH

o 7lot=, Ol M& =2 MOISO0ILE HHEZ2l H<, 0l A =0l HE= 0125
S Bt LIEHLHO10F B LICH
o MNAEAXNZRE EE2 3IIE &2 0lE ZHE2 HEL X ZSLICH

AEAYH OHE 0I8XA2 dele f12 W20l 26t gets 2 X ZSLICH

01X 2 0l Ed = 772 (Legal Code)S OloiotIl &Ml kst 23 LI CY.

Disclaimer |:|._'|

Collection



http://creativecommons.org/licenses/by/2.0/kr/legalcode
http://creativecommons.org/licenses/by/2.0/kr/

Mo

Constructing Collision Avoidance Algorithm Using Machine

Learning and Study of Collision Avoidance Algorithm

Evaluation Method

8

gl

2022



Mo

Constructing Collision Avoidance Algorithm Using Machine

Learning and Study of Collision Avoidance Algorithm

Evaluation Method

8

gl

2022

Tor

{
1

P



20224

7 4

7 4




=

=
o%
4
ko
)
ofN
)
ol
=l
=
£
=
=
4

o
ot
ol
sk
okl

o $§719 942

o%
RTCA DO-365 Minimum Operational Performances Standards (MOPS)el #|A¥
Detect and Avoid (DAA)7}F 1™, ©]E5 National Aeonautics and Space
Administration (NASA)o|4 A|AEloZ &3t Detect and Avoid Logic for
Unmanned Systems (DAIDALUS)7} &3t}

2 w=EoAE DAIDALUSS A#E AP st #aleds oldste] F& 39 ¢
1EF AAREE TS FY 3994 DAA Well-Clear (DWC) $%to] dojit
ADS-B datas} MOPSe|A #|A§ test vectorE input®® 3atil, 7tz HoJH <
DAIDALUS A7}E outputlZ 3d}¢] datasets At oH dlF datasets 85 A7)

oo
ol
2
ofj
it
e o
=
>,
it
=
o
R
o
=L
o
oy
¥
nU
ol
?..
)
1o,
My
o
i
AC)
to
rle
o
28
<
D
a
o
=
ofN
=1

ko
of
s
2
(o
-
S
fol
o
Y
rO
N
offt
o
ol
1%
ful
=
=)
L
ol
k=l
-
=
(@)
-
s
o
2
C,
>,
N,
s
a2
o



Abstract

Recently, with the technological development of unmanned aerial vehicle (UAV),
the use of UAV and the demand for flight are increasing. Accordingly, the demand
for operating an unmanned aerial vehicle within the airspace of a mannned aircraft
Is increasing, and interest in an aerial collision avoidance system of UAV to
prevent an aerial collision between an unmanned aerial vehicle and a manned
aircraft has increased.

The aerial collision avoidance system of unmanned aerial vehicles has been
studied to enable the integrated operation of the Remotely Piloted Aircraft System
(RPAS) in the airspace with manned aircraft from the past. Representatively,
there is a Detect and Avoid (DAA) presented in RTCA DO-365 Minimum
Operational Performances Standards (MOPS), and Detect and Avoid Logic for
Unmanned Systems (DAIDALUS) which implemented DAA as a system developed
by National Aeonautics and Space Administration.

In this paper, implement a collision avoidance algorithm system using machine
learning based on the results of DAIDALUS. The output of DAIDALUS was
constructed using the ADS—B data in domestic airspace and the test vector
presented in the MOPS. Collision avoidance algorithm was implemented by training
the dataset in machine learning.

To evaluate the collision avoidance algorithm, a collision avoidance simulation
based on the five Degrees—of—Freedoms aircraft dynamics model and pilot
decision model was performed. Scenarios were constructed by changing the
altitude and speed among the test vector, and the case of two intruders were also

added. The collision avoidance algorithm was evaluated by the fuel consumption



and the time the DWC alerts sounded. The lower the fuel consumption, the more
efficient the maneuver was. The shorter the time the DWC alerts sounded, the

lower the risk of collision.

Key words : Collision Avoidance System, ADS—B, Machine Learning, Simulation,

Detect and Avoid(DAA)
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¥ 1. DWC thresholds 4 9]

Thresholds Constraint

T;md 0<r < 7—*
(Modified Tau Threshod) med mod
HMD HMD < HMD"

(Horizontal Miss Distance Threshold)

%

dl L
(Vertical Separation Threshold)

* *
- dh = dh = d]z

3 2. DWC Phase 1 thresholds

Threshold Preventive Corrective Warning Wlé(l)lsij(l):ar
Tfmd 35 sec 35 sec 35 sec 35 sec
HMD" 4,000 ft 4,000 ft 4,000 ft 4,000 ft
d, 700 ft 450 ft 450 ft 450 ft
Time of Alert 55 sec 55 sec 25 sec 0sec




2 3. DWC Phase 2 thresholds

Threshold Preventive Corrective Warning WI:I)IS sC?ei]r
T:n od 0 sec 0 sec
HMD" - - 1,500 ft 1,500 ft
d, - - 450 ft 450 ft
Time of Alert - - 55 sec 0 sec
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o : Ownership perfermance limitation, right
g : Ownership performance limitation, left
¥ Range of maneuvers predicted to lead
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: Region inspace where well clearviolation predicted i
v

19 5. DAIDALUS Track conflict Bands [4]
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AA ST, 4 AZE el well-clear violation®] dojuA] &AW ownship ]
71%°] well-clear violatione 427 F Sl& 4 preventivedr bandsE
AAsE, @A 71%e] 9 Az Yol well-clear violationE #%d 4%
corrective® bandsE A A3t} well—clear violationd 2|7|&= Loss of
well clear (LoWC)7F dojuAy & <+ gle 4% DAIDALUS:
recovery bandsE& AAISHH, o] ownship 7% WA 7F whE A|7h
o well clear® 3% & & Q& 7% WHoz €0

a9 62 Al wek Ay W bandsE 7HAEE Ao®, upEE A
Self Seperation Threshold (SST)E YEl™ ©]i= determine processing
function?} HAHAA Aol Qe FYoltt. M YL ownship? well
clear violatione 427+ 49 (WCV)E YebdH.

DAIDALUSE ¢ = ¢,9) 7%, intruder’} SST < ytoll 917] wl&o] o}
A bandsk AAISHA et £ =49 A%, intruder’} SST +9 oz &
ofgtoy dA ownship? #8 Weko] well—clear violations Y O.7]A $7]

o Fof o]Z §3& = 9= track WSS preventived conflict bandsZ A

]

ZL

>
Qe
=
=~
I
~
o,

S, @Al ownshipd & wWako] well-clear violations
Faet7] W&o conflict bandst preventiveollA corrective® ¥ 3 sl o]
g fdsks track MYE AASY =49 AS intruder’} ownshipol
WCV W2 5ol 21& & + 9lom UAS £847F ownship?] 71 W9l W
ol well clear AH|E 3)&Eg 4 QIEE recovery bandsE A ettt =F
Mow mHEHE & conflict bandsE vlstr] 2HMo7 TdH Fie

recovery bandsE 2|u| 3t}



t = t3 (warning)

t = t, (corrective)

t = t; (preventive)

Self-separationthreshold
(55T)

t:to

intruder

138 6 Maneuver Guidance Bands [4]

1% 7% DAIDALUS 23239 inputd} output& & Soj7ts 3 #3
Atk 22 Ax getulezE MOPS [3]9]4 #1418 Phase 1 ko] 7]&3ko.
Z AHEEth DAIDALUSCOIA AFgshs 7] &37] seu|es & 40 e
Uiglow, ¥e 25 shee|eel 712 &3] seke|eEs WA shssit

Surveillance data sources :
- Ownership Position, Velocity DAIDALUS Algorithms
- Intruder Position, Velocity

Detection :
Separation Standards: Atate Projectinns
- Definition of Well Clear | — | Determine process :
- Alerting criterion Maneuver Guidance
Configuration Parameters: Alerting Logic
- Ownership performance
- Wind data

1% 7. DAIDALUS 4% [4]



¥ 4. Daidalus configurable parameter [4]

Parameter Default value
Turn rate 3deg/s
Bank angle 30 deg
Horizontal acceleration 2m/s*
Vertival acceleration 2m/s?
Min / Max ground speed 0 knots / 700 knots
Min / Max vertical speed -5000 fpm / 5000 fpm
Track/ Ground/ Vertical speed step 1 deg/ 1knot/ 10 fpm

DAIDALUSSY version®Z+ JAVA 2.0.2 versiong AFEsgion &%
version®| A conflict bands 2 7 track, altitude, speed W$I7F FAll
AAET 2 dTelMe #9 71Ewe 1Eely] wEel, DAIDALUSA
A A8t conflict bands &, track bands® AAH & 9% WY ¢, L% ¥
9 tpE olga o HEY alert leveld ©]&3t9 outputs T ¢,
I}t 0-360% 7HA9] A2E AAEY. Alert level 1, 2, 3, 42 A|A]
¥ o] Z}7 preventive alert, corrective alert, warning alert, LoWCZ
om gttt a9 versionol M= S E7F §l= 7+ Not a Number (NaN) #k

o] A|AEH resolution #to] EATA 94 A-$ Infinity gho] AAHT
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Input layer output layer

AHo7 A4

DNN9 hidden layerd & 71539 49 4 Hr}.
Una ggo] AMSA AAEA dow, 08y tEA Ut
o] A= Alte] o AA drh whde] 7tEA F7F oW
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Tmax,climb = CTGI X(l_—+ CTC,3 XhZ) (3_11)
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19 35. DAIDALUS mode 3-D trajectory for Maneuver 6
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13 37. DAIDALUS mode Alert level for 2 Intruder 1
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1% 41. DAIDALUS mode 3-D trajectory for 2 Intruder 1

e Owner Wpt
it Intruder Wpl
— Owner Trajectory
16 Intruder Trajectory
— preventive
1.4 < - corrective
- warning
=
o 12 v
b=l
2
=
I 14
0.8
0.6
342
& 1282
398 128 1281
. 197 8 127.9
Latitude (deg)

Longitude (deg)

1% 42. Al mode 3-D trajectory for 2 Intruder 1



4.2.4 1 99 Ay 4%

Al BEYU AL AAAHOZE corrective alert@ Q12 dt= Aj7to] =ojx 1

%8 AU F7F AEAREF W DWC $luke] dojt Azt

Fuel Consumption (kg) Warning Alert time (sec)

Scenario DAIDALUS Al mode DAIDALUS Al mode
Converge 1 5.95 kg 156.9 kg 30 sec 45 sec
Converge 6 7.15 kg 39.38 kg 4 sec 8 sec
Head on 1 21.89 kg 286.46 kg 0 sec 0 sec
Head on 13 31.1 kg 400.34 kg 12 sec 7 sec
Maneuver 1 4.79 kg 3.88 kg 4 sec 17 sec
Maneuver 6 29.14 kg 281.01 kg 23 sec 16 sec
Over taking 12 0.67 kg 175.01 kg 12 sec 0 sec
Over taking 15 19.75 kg 189.76 kg 10 sec 4 sec
2 Intruder 1 7.15 kg 73.60 kg 4 sec 0 sec
2 Intruder 2 5.96 kg 319.77 kg 15 sec 0 sec
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