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Abstract

Recently, as the practical application and commercialization of unmanned aerial vehicles (UAVs) is pursued,
interest in ensuring the safety of the UAV is increasing. Because UAV accidents can result in property
damage and loss of life, it is important to develop technology to prevent accidents. For this reason, a
technique to detect the abnormal flight state of UAVs has been developed based on the AutoEncoder model.
However, the existing detection technique is limited in terms of performance and real-time processing. In this
paper, we propose a U—Net based abnormal flight detection technique. In the proposed technique, abnormal
flight is detected based on the increasing rate of Mahalanobis distance for the reconstruction error obtained
from the U-Net model. Through simulation experiments, it can be shown that the proposed detection
technique has superior detection performance compared to the existing detection technique, and can operate in

real-time in an on-board environment.

z =

Htoll FAFE7|e ALt 9@ ARSI X" wep TR b gre) #sk #Alo]
S7Fskal Stk ¥ F 7|9 Alas Aah W1 FsE ATV wjdel AFaE oW 5 Sl
7149 e FQq st} o]yt ol g2 AutoEncode 2SS o] g3t uyd vl e &2 7ol A
el 22y 71 'A 7S A AR AP SHA SAE Adoh 2 =Foll A= U-Net
718k vy vl g g2 T All] ?:5_‘:]' AFst= 7ol = U-Net oA dojx& AFA 2 xke
sk wpeketen| A A S 7] }0}04 H| 72} vsfo] gxdrt, RAPFS el Al &4 7
o] 71& &A 7ol vlal &4 5ol sk %EE S M ANZter FEd F Aee ¢ T
e
Key Words : UAV(F¥<Q1&¥7]), Abnormal Flight(H]7d7% ¥H]&), UAM(EAE &35 % AA), Deep

Learning Model(d 21'd X @), Mahalanobis Distance("} &2} -H] 2~ Ag])

1. A = AFT7I= A 2 R Ao w weA Fikeo]
=57 2 oulE, 2, w9 vel 5 vFE Lokl A
QoM7) EARE EAA Sre dass] A m 0 BEED AL DY FaRFolel 48 U
7b gl wel e #d At 2 vbeA
w3 Frbekal doH 2] FAEgET] d-E AbLES A

Received: Mar. 02, 2024 Revised: Apr. 01, 2024 Accepted: Apr. 22, 2024 o o o ‘_
T Corresponding Author b deiERt opye} 19 daElE 2dd ThsAdel
Tel: +82-55-772-1374, E-mail: yhmoon5@gnu.ac.kr © =t} E3] UAM(Urban Air Mobility)e] #|4F %

© The Society for Aerospace System Engineering




42 S A - FH 25

HE=Alol A o] FQ13e7]

A THAA A

F FRlEer] v Bld e S flste] DB
SCAN(Density-Based Spatial Clustering of Applicati
ons with Noise), Naive Bayes Classification®} #-2
HAled 7wkl 7PgEo] e A lvk(4,5]. 2y
Haelde &7 AlA 7l e HA aakd,
&t = vE ol ] &3 2 Ade el
Al dAE =edal k6], olggr dAE F5317]
#138 AutoEncoder ¥+ LSTM(Long Short Term Me
mory)¥ #2 Hed RHS ghgsto] vy bl

o

st A7t £Ysa QuH7) =2 et v

<%
AutoEncoder =9
]"1 °‘°1X1 A8 L
ALkt AS
s 8t Aot
v 71E ' 7]‘%’3% AutoEncoder 2d9] #&
= EA g
eH] 71ﬂ4 HAdgks dAge = dAs7]
of wpEelen]a At dijem w2 v
S Ao R Qg &4 Hs Asrl wAHE.
=R s U-Net Hdo] 7]9+3 u]4gA; u) 3
A 7S AlRkeTh ©A 71 el A AP A
=& AutoEncoder 22 th4l
E54%=7F 2 U-Net R9S o] &gt} =3k &4 A
s NS skl wgA wlE Y A A npdket

=Rl A AL F5ets A4l 71xete] vhdeter]

Ko P

i

B2

o
-

I R R T )

=)

o

PR =
HrEEgs
=l ———
| IIH } £ ] 1 [ |
| K 19] PampEneogeeiof 19D ] e  [oo ) Hetersissten
| 111 1 Modet | Ny | Calculation |
| 111 U J E(t~t-14)| )
| iy —
L F

Preprocessed Data

Fig.

A

1 Abnormal Flight Detection Procedure of

Existing Detection Technique

A" TIVESE 7
WalS AAEh 2o de Algtsle ©A 7Y
71%E €1 7Rt 473 =

S HAY, E 2HE %‘rﬁoﬂ/ﬂﬂ AHAE Fshko

wros @ AR g e ¥

Figure 1 7]& &4

ol

71 M
ddbd o 2 AutoEncoder E%‘% A= dolg
Holg 7l &4 ol# gk A}

71 A 7= A el

Hes st

2o, AANEE ¢,

= 12}
E|Z o]&3}o] AutoEncoder R &g dh&aivl. ube)

o] SRS

A 8% vlgell A dolxl wolH7E ¥ Agele
22 A a7 HEEE wkbel] v vjgo s
gk 4 HolEE 2 ATAE AE ST

v

Hel glojuhr] wjiel
fgrEv =W v vgos

7]

npeketmHl s A GRE

9]
71E ©A] 7ol A= AutoEncoder RHS &3}
Q2k7F Mg WM BgE A
9Jste] whEelen] s AE
35 AT LA7E HolE EEEN-E
npeehenl s Aot 5
Hid 5+ U 7E
Fig. 29} #ro] A4
78 7

7<4/\l H] 534

ol
o

ol A=

= A

L 8 8 8 & &8 N B B __§ N § B N N _§ |

1400

1200 Mahalanobis Distance :
o -
E A660 Threshold : == e
é 800
=]
[=]
5 600
2
g 400

200

0

7500 10000 12500 15000 17500

time

0 2500 5000

Fig. 2 Threshold Selection in Existing Technique



U-Nets ©]&3 FAe7] A v &4 718 97 43

< AutoEncoder >

! Multi layer
Bi-LSTM

Input i 10 Conv 1 1D Conv 1 1D Conv 1
Data Filters = 48 :> Filters = 64 :> Filters = 96 :> Timestep = 128 ::>—
(15x3) Size = (5x1) Size = [5x1) Size = {3x1) Output =

i
[ (256x15) H
'

output= [ ¥] sie= (au1) [V] size =(sxa) [¥] sie =3y
(256x15)

e e e e <Decoder> --------=-==--n '

: Multi Layer H

' BHLSTM 1D Conv 1 10 Conv 1 1DConv1 |F Dutput
Timestep = 128 » Filters = 54 B Filters = 48 » Filters = 3 Data ]

] $|

: '

i

i

ey ol dAIRE A A2 adAolA &

o Fig. 214 & & QEel AAlgkel mla grel
A4 W Al AARe vhaees A
Lo Ao e Adrh oA tiel WA Ay
dedd B Adow A B4 A% As7} of]

2> olo. o
%‘l‘ )V]\UE

oFAlgke}, R, Fig. 3o A= wheb
ol 71 71We] AutoEncoder EE FZ+= AXF =
A3 AHAAZE FEel AE
Multi-layer Bi-LSTM X E5-&
FHHor HAS
gk At HR%

FEg

fr

P
Ttﬂ' o
uk

H
] e
T =
Sabias A R

i

AgaA 2

3. Fotste HizAl Hlg B 7)Y
3.1 HMek BX| 7|HoA 2l U-Net 2 7=
2 =AM o] Ab&=+= AutoEnc
oder B&le] ARt B4 EAE aAs7] fl8 U-Net
2eS g8et). U-Net 292 AutoEncoder F92]

=
T2E $93 gz 27 9
[e]

71 ©A 71

]I

FIO i
ol

A(Skip Connections)©]

] el A —%%fﬁ 54
AH Adstd dagrt 9§ A& AT4E
g 4 Q== 3t} o)== AutoEncoder
F4 oA B = R &4

Figure 5% Al¢tsls= %] 7oA AF8E U-Net

Kernel Size: 1
Filters: 3

Kernel Size: 5
Filters: 48

1D Conv
Kerrel Size: s(2.com)

Filters: 64

Kernel Size: 5
Filters: 48

Kernel Size: 5
Filters: 64

Kernel Size: 3

Filters: 96 Filters: 96

Kernel Size. BC“’ o) A

Kernel Size: 3
Filters: 128
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Table 1 Conditions for Generating Flight Data

Case Initial V|Cmd V| Cmd Phi Flight
[m/s] | [m/s] [deg] Situation
UL-1 21 15 -45 ~ +45 Normal
UL-2 21 10 -45 ~ +45| Abnormal
UL-3 21 5 -45 ~ +45| Abnormal
UL-4 18 15 -45 ~ +45 Normal
UL-5 18 10 -45 ~ +45| Abnormal
UL-6 18 5 -45 ~ +45| Abnormal
UL-7 15 15 -45 ~ +45 Normal
UL-8 15 10 -45 ~ +45| Abnormal
UL-9 15 5 -45 ~ +45| Abnormal
uT-2 19 7 35 Abnormal
=g 20 11 32 Abnormal

Table 2 Specification of PC

CPU | Intel(R) Core(TM) i5-3570 @ 3.40 GHz
GPU Nvidia GeForce GTX 970

RAM 16 GB

0S Window 10 Pro

Table 3 Training Parameters

Loss |Learning| Batch Max

Optimi . ;
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Adam MAE | 0.00008 16 500
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with Existing and Proposed Techniques
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Table 4 Comparisons of Detection Delay Time for

Various Flight Scenarios

Scenario Condition Existing Proposed
o | Technique | technique
initV | cmdV | cmdPhi (Time Step) | (Time Step)

-45 4 4
-30 5 3
=15 15 3
B 0 19 6
15 16 4
30 5 3
45 5 4
1o =45 = 27
-30 14 4
=15 21 15
10 0 28 21
15 25 15
30 69 59
45 0 0
-45 6 3
-30 6 3
=15 5 3
5 0 4 2
15 5 3
30 7 4
45 6 3
18 =45 7 4
-30 13 5
=15 6 4
10 0 6 3
15 7 4
30 13 5
45 7 4
-45 6 3
-30 5 5
=15 2 1
5 0 11 7
15 2 1
30 5 5
45 6 3
el =45 7 2
-30 5 4
=115 3 1
10 0 27 20
15 3 1
30 5 4
45 7 2
Average 10.19 6.59
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Table 5 Complexity Comparisons for AutoEncoder
and U-Net Models

Number of Nnumber of
Parameters FLOPs
AutoEncoder 5,596,899 83,948,640
U-Net 213,075 3,184,800
035 -
030 4
025 4
020
£
015 Existing Technique : ( )
Proposed Technique : ( )
0104
005 -
000 4 -
0 50 100 150 200 20 300
Timestep
(a) Example 1
030 4
025
020 4
,§ 015
EX|st|ng Technique : ( )
010 Proposed Technique : ( )
005 4
it At NG RHIMeiBoringn
000 4

0 50 100 150 200 250 300 350
Timestep

(b) Example 2

Fig. 9 Comparisons of Execution Time for Two
Flight Scenarios
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Table 6 Execution Time for All Scenarios on PC

Average Min Max
Existing Technique| 0.3179 | 0.3008 | 0.5337
Proposed Technique] 0.0129 | 0.0118 | 0.0475

Table 7 Average Execution Time for Onboard

Environment
UT-2 UT-3
Existing Technique 0.601 0.609
Proposed Technique 0.031 0.030
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