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Abstract

Recently, Urban Aircraft Mobility (UAM) has been attracting attention as a transportation system of the
future, and small drones also play a role in various industries. The failure of various types of aviation
systems can lead to crashes, which can result in significant property damage or loss of life. In the defense
industry, where aviation systems are widely used, the failure of aviation systems can lead to mission failure.
Therefore, this study proposes an anomaly detection model using deep learning technology to detect anomalies
in aviation systems to improve the reliability of development and production, and prevent accidents during
operation. As training and evaluating data sets, current data from aviation systems in an extremely
low-temperature environment was utilized, and a deep learning network was implemented using the
convolutional neural network, which is a deep learning technique that is commonly used for image
recognition. In an extremely low-temperature environment, various types of failure occurred in the system’s
internal sensors and components, and singular points in current data were observed. As a result of training
and evaluating the model using current data in the case of system failure and normal, it was confirmed that
the abnormality was detected with a recall of 98 % or more.
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Fig. 2 Machine Learning Approach
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Table 1 Failure Cases and Test Results

Current
Failure Case BIT Result . .
Singular Point
Comm. Module Failure
PWR. Module Failure (0]
Element on Board Pass 0O
Sensor Pass (0]

L

current(A)
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Fig. 4 Normal and Failure Current Data
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Fig. 5 Normal and Failure Current Data(Enlarged)



70 QEA QY S E T A

Figure 4= A3 Fol 53 A7/ doHE 13= gk o= Fig. 58 #Zo] 1zl dlolE o] 54 o]
2 yEhd Aol g ez FAd e AR/ Z 2dE7] ot ] B2 HolEHE g o|nA
= FJUs agEs 5843 Aolxw Umx A A= of ZElTe FAFS wi= dolEe EAHo] ¥ H
24w Zgxe] YFolt) Fig. 5v xHMAHS N3 AL HolE] TR 1HEE XIS W= A
1000 o] St ;A 1Efzolrt. Al xHle] 1 5o A A e RE nFow A" 77t AU
ol HAYS u MR Hl olEl9] Fele thFAARE thoolmAle] A7) dHelE e 54 ndYy =9 g
A AR dolE e FAs FEEE SHS B F 2 "7t SE& agste] yH 160 A, ol
o AFE 1~2 A A= Aeete AF, VIE AR T 120 JA4=2 AAYP}. olwA = A A HF
Tl Al grol EQMASHA EEEE AF 7 A @4 oJHE A a#Z=E Uehd Zolr] ujie] Yo
o] TAlel LA A T UES FEE A x2AF F de 5Ao] glo M E(Grayscale)= ©]
T A" e A S Aok W2 1A A& A Fig. 62 dHlole AAg] HAHE =2
stal g8k Aol FFALA ool E=fFo] H7| 3}gk Aoltt
ol 11 A7 Bok 89 dolHE e dHolH=
HE AL &% &b v YR Z2 A7k dolH I
o mws puaw A del oRs wHow fua RawData M= CSVData —)% e
o olF FoF YT £AYL ¥ A L F Aok A e
A AR BAsE A7 J2e Azde $F 2B
Ao wel 4 2 w2 R golE ez AAF Fig. 6 Data Pre-processing
ol g R eleE wAsoR @ S dolEt Aaw 2 WA 49E ga 9l
dlolg ey 2] daskA AT, AE F
3.2 clolel Mz AAEA g Bol AP HFHE AYL +UY
dolg = AIRF S50 wet Wstshe ARUs 7= o}, dlolE] AAz TZa#WE Pythono @ 7830
g HPF AR AAIE dHelEelth AAIE dHolE= Al Numpy, Pandas #to]Be]g]E &83le] do|g A
3 Ad, 714, AA T FofelA dlolE #4& T 2 Z=g)8lal Matplotlibs &g&38te] g o]
g wEe] s oZFshe u weol &&Ea Jrt[4]. = AT doly AxAy Ax 1 doly <k 13
ol Aol M= ﬂf—f%k AAE dleolEE Z8sHAR S Egete] AA o 2139 9] o]m A dlo]E
Azl el ARE dSshE go] obdet A4 = zug
Tk H]O]Eia— Fig. 59} & Y X ojn|x= W3}
stal d8d I5S B 33 Alage oS ¥4 4. SHME AMZAA2 5281 0|AF EFX|
et
T HOTER GRS AR At A el A% AFR} B AAL GBI E B3 ol
b e raw QOO raw HOIEE AT g wwe deee en g

B A7t "Helg CSV Hd = Wsta Al &' 3Fe

Recurrent Neural Networks)?] €<l LSTM(Long
golg = Zt7z Bl ALE3kR] &= A9t dolg =

=
Short-Term Memory), &4+ A4 W(CNN), 2EQ]

AA G, o] FAgolA oA (Overfitting) S & ©]7] o
A 1 e Overfid o ] St (Autoencoder) 715 BT W o]F %
sl dleolE T~ T
s HeE S Augmentadion) S IS dste] wuS AHEE WEEE ATsn Ao
s dlole] Wk 7k o4 Bt ¥Had %i%% T
| 4] 1 ]; o T 49-131 ¥ QT doly ANE Fal A%@e
5 Z E =] o|H = =
3}7] o] & 18519 t). dloly 100 ms <+ SHre mEd omAZ dolHz Hason A
2= 2] = fe)
e ejE e 205 AAE0A HTEE T g e 984 oy 94 mue Fasa

Bl olulA 2 A4 dolEE 202 Tz ¥



)
o
H

71

Image =

i%%%%

Input Convolution Pooling Convolution Pooling
Fully connected

& Output

Fig. 7 Typical CNN Architecture

4.1 gdZ AZL(CNN)

FAE AALS AEY A4 g4 Fx AdTFH
Al ZFE o] omA] Q1A Lok 9] TheFgh {tofel] AlEH
o vk FAT AAGe] TR Fig. 79 2ol 9
2 A FAEETH EH(Pooling)T, A4
(Fully connected)s 183l &¥HZF o= o|Fo)x gl

0H[6,14,15]. 9155 dHeolE= Sl AL
HEAE e Ay AES 24 (Activation)
g 54e] FEEW ELHFTS AUEeR AL
SA5S stz Wdes o2 Huy W g2
b s ARt Hads AdIT[14] =7

4.2

ol4 B Py WEHD T4

Table 2 Experiment Deep Learning Network

Layer output shape
Input Layer 160x120
Conv2D Layer 1 160x120x64
Max Pooling Layer 1 80X60x64
Conv2D Layer 2 80x60x128
Max Pooling Layer 2 40%x30x128
Flatten Layer 123600
Dense Layer 128
Dense Layer(Output) 1
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Fig. 8 Sigmoid Function
Table 3 Deep Learning Training Condition
Configuration Value
Loss Function Binary Cross Entropy
Optimizer Adam
Learning Rate 0.0001
Epochs 5
Batch Size 32
Loss = — [ylogf(:v) + (l—y)log(l —f(CC))] (2)
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Table 4 Data Set Size
Train sot Normal : 160,000
Failure : 40,000
Test set Normal : 40,000
Failure : 10,000
Table 5 HW, SW Resource
CPU Dual Intel Xeon E5
GPU Nvidia Tesla V100(2cores)
Language Python 3.8
SW Library Tensorflow(Keras) 2.9
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