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[Abstract]

Although the domestic aviation industry has made rapid progress with the development of aircraft manufacturing and
transportation technologies, aviation safety accidents continue to occur. The supervisory agency classifies hazards and risks based
on risk-based aviation safety data, identifies safety trends for each air transportation operator, and conducts pre-inspections to
prevent event and accidents. However, the human classification of data described in natural language format results in different
results depending on knowledge, experience, and propensity, and it takes a considerable amount of time to understand and classify
the meaning of the content. Therefore, in this journal, the fine-tuned KoBERT model was machine-learned over 5,000 data to
predict the classification value of new data, showing 79.2% accuracy. In addition, some of the same result prediction and failed
data for similar events were errors caused by human.

Key word : Auto-Classification, Aviation Safety Data, Aviation Safety Inspector, KoBERT, NLP.

http://dx.doi.org/10.12673/jant.2022.26.6.528 Received 17 November 2022; Revised 1 December 2022

Accepted (Publication) 16 December 2022 (30 December 2022
@ @ This is an Open Access article distributed under pted ( ) ( )
@ the terms of the Creative Commons Attribution
e Non-CommercialLicense(http://creativecommons
.org/licenses/by-nc/3.0/) which permits unrestricted non-commercial i
use, distribution, and reproduction in any medium, provided the Tel: +82-02-2666-8692
original work is properly cited. E-mail: sh_yang@kiast.or.kr

*Corresponding Author; Joo-Hyun Ahn

Copyright (©) 2022 The Korea Navigation Institute 528 www.koni.or.kr pISSN: 1226-9026  elSSN: 2288-842X



= A|7FE7]9HICAO,  International — Civil
Organization)™= 2019'd Annex 19 Safety ManagementZ- A% 5}
of gaetddolE o bR E =, A, S T WS
B AP QAT A| 2E A5 9 gl B AL
ﬁLﬂ 3].3/_ (o)) [2]

lo,

J-lJ
=
é
_I_z
F
0(
oot
of -
S
2
i
tilo
ol
o
otk
o oH
Ho
o
2
uch Lo
tilo
=)

f
ot
[
0,
2
oY 2

i
=

A A el oA AYE s

fEAgu)

04

off
i
2 oy
[*]
=2

ML oo
N

N

ft

no

NI

o
o
R T

=

&
1 °d
An)

il

o
-9,
il

i)

o]a—] zs}

ne)Eg o

AT
S PIATolEl S ABEF

)
=
O
-
tilo

AR

[o5
r

g
:
T
wy > fo

o ol
yud
2,
ey
= o
=
&
N

iy,
i
k)
of
O
ot
re
+ o
ok
Oﬁ 5
=
:oé
M
>
o
Ky

N

-1

=

BT

2ol A 2] 7o) whgshaA &-giofol M o] g
Sk thekel A7) 3ol
=5 [5]. oAM= AlFTA T ke H

2

2 9

5%3(2015~2019)7+2]

Aoz Y252 ol

529

e

SIE7|8 FBOAMOIOIE| RS EF Wet AT

1. kg2vec+CNN = F 22| B Fatr vl

Table 1. Comparison of Ave. accuracy of Suggested Model

Algorithms Average Accuracy
one—hot+CNN 56.8%
word2vec+CNN 64.9%
kg2vec+CNN 68.6%
Naive Bayes 55.6%
Support Vector Machine 65.2%

& B 71 dolH #AE Sall 713eld) £ Azt
o) ElE BAEH 1 At P g 4 A
dSRFS Atk Agke dE5E¥HS PYTHON
Scikit-learn }o]H.2]2]2] Random Forest ¢a2]FS 7|HES

2 G538kl 337,77470 Sk dlo] B} 84,4447) E|AE H|o]
B olga) LS HAEaT, 1 s 16%e] AL
wglon, dg wag Ba AT S% FA) A o

32 dZsgn,

=1 [6]. A= Text o} Knowledge GraphE A% &

B3N AR 25 E AT A k)
Blg-obA o sk xéy_.a_ F3s)al 9= A2 =
of| A AAIgF KG2vec H=HE] Relef] A -8-3}o]

AVAES  FEekaL, A 27 H(CNN,
Convolutional Neural Network) ¢18]5< o83 2HgS =
A7 HRE gl Bt} o], 8W(2010~2018)7P
o] FatH w1 96,01971¢] AAdolE & AQE el 2
23}o] 87l (Human Factors, Aircraft, Procedure, Ambiguous,
Company Policy, Weather, Environment, ATC Equipment) =]
Qo ¥R, 2 Eujeld ASES BE e B on

Me rlo

L

=]

Tl e

o
=

{

252 v)aste] ¥ 1.9} o] it 68.6%°) 71 £& s
< Bl
=5 (7). oAM= WHE go) ok AR 2 EE oA}

=
I A Al FAF oI ES] FE-A1FS $13 AKG(Aviation
Knowledge Graph) 2 H&]'d 7]1F2] QA(Question Answering)
}\]/\Eﬂ =] 1:41 o Zﬂ 0]—0]—0311]— Zﬂ o} \: 3}_,_0]_;(1 ﬂiiu E1
=3 KGE g8k dolHulel~ 2 & F3 QE A=
31 BERT ¥ GPT3¢} -2 NLP ¢112]5S o] &3l KGEH-

B AZ S8 o],

E 2. KGQA+GPT3-QA ZHie| Metr H|
Table 2. Comparison of accuracy of Suggested Model

Algorithms Accuracy
KGQA 56.0%
BERT-QA 22.7%
GPT3_QA 76.0%
KGQA+BERT-QA 63.0%
KGQA+GPT3-QA 85.3%
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©]%, NTSB(National Transportation Safety Board)Z=5-E]
4,0007l) B1AME F3d 35k A9t KGQAS} B E°] BERT &
¥} &3 darg]Fel 483 45 KGQA+GPT3-QA o]
A7 85.3%% 7HE = oke-S 3 2.9} o] EelskiiTt.

2-2 30| EEEFAIA

E 3. gzekdoolH

Table 3. Standard classification system of Aircraft Safety Data

) Q2 Table 33 2t}

EEZFAA

Occurrence Cause Hazard
(14) (51) (260)

. . Pilot Error and 4| Pilot Injury/illness and
Flight Operation | iy 49 others

Maintenance

Mechanic Error and
7 others

Lack of, or
maintenance

and 68 others

poor
release

Cabin crew Error and

Time/Business

Cabin pressure and 10
3 others others
Improper cargo
Cargo/Dangreous Ee;cnk ergts orG(?:gsf loading and
Goods d distribution and 11
control and 2 others
others
) Lack of, or poor
A ! ' scheduling for
Operation/Mainten | Error and 4 others . X
ance Operation Cockpit  crew/Cabin
crew and 15 others
. Changes in safety
Design & Aircraft System requirements after

Manufacturing

design and 3 others

Turbulence

Weather/NaturaI encounter  and 2 Clear Air Turbulence
Disasters and 10 others
others
Unstabilized
Air Traffic Control ATC Eror and 2 Approach due to ATC
others
and 15 others
Air Navigation ;?du;ty Navigational Lost communication
) .. |ACAS RA due to
Other Aircrafts Airoraft Proximity military aircraft and 4
and 1 other
others
Lack of coordination
Airfield Apron Runway  Operation | with Air Traffic

Operation

and 7 others

Control(ATC) and 17
others

Ground Operation

Ground Operation
Error and 3 others

Time/Business
pressure and 14
others

Other

Passenger and 2

others

Passenger failure to
follow guidance and
9 others

Investigating

Investigating
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o} 32k 98 aQle 22 BAARJNS HEARE 81S Gt
Aoz A 260702 A H oIt FebdEae ok
o[HE tlo]E & 7|uko e WA &S potetal, F A
Ag 71Eom Aol B, Aalasls A% 78t
= o]i= A 2ol 715 A A9 EAlE sk Stk

2-3 xjeio{xjz| 2

Zed o] %] 2](NLP; Natural Language Processing) & <134 &
o] g oke AFE 7L AFE] Aol & olalfatal A sk 7]

=& Lo, &, T, T S tFR okl 2
B3 glnk e, ferol o] ey, Bl S}l HlolH, L
- i

gk Qo el A o] I a3ttt [8].

LSTM(Long Short Term Memory)< W8k =3} Hlo|H &
A S datE|F o2 ] o7t Ao AFS ok A
3 AR 7} Aojx]= 7] 2]F4 (Long Term Dependency))
S Bl medo|t) = “The sun is up in the SKY”9} 2+
& F-2 4] SKYE dlSethal gs i, kol A 74
T EE Fa A5 = Atk “1Eu, < grew up in Korea. ~ 1
can speak Korean fluently.”o| 4] Korean< ol|53}7] &A=
Gz TANA HH FHE Rl ok spA T, BA AFRrI}
EXE Sh= @olet AE](Gap)Zt ol A4S A 5ol o
A= Zlolth LSTM2 19 1.7} 2¢] hidden state’S 53]
EF 03 AR AAlekaL F 8 A BRE H e Cell state T
Z5 A€ ate] LTD A1 S a2 ekl ek [91,[10].

ELMo(Embeddings from Language Models)= 7]&2] o]
A w219 hare]Fo] Zh= 5ol oo Bl AlA Tt Bt

wAIE Bk darg]Felh
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A 4
Cell stat
ell state T tanh
layer
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Sigmoid
layer
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tanh
layer
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Sigmoid || Sigmoid
layer layer

AKX A
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Fig. 1. LSTM Architecture
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Forward Backward
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Fig. 2. ELMo Architecture

read a book  yesterday

71 e A2« Il book the Hotel. @ T'll read a
book”ol| Al BE “book” S &L #E Fh(ex; M-book : 0.65, @
-book : 0.65) 0.2 153} 7 oJu] o] ojHX|qk ELMo
= O dlo]olE o]g-8l ZH7t v wE Fh(ex; @-book : 0.65,
(2-book : 0.75) 0.7 2]tz z}2te] ofu| o] 7hsEitt,
223 “@ 1 read a book. @ I read a book yesterday”2] 73
“yesterday” ZH-E] e FAE F8) @rread”} A AJAY
= T TH11,[12].

BERT(Bidirectional Encoder Representations Transformers)«
Aol o] e FAS A et v ek dEge] "AE
golHE 7Hte g thg &4 oS(NSP : Next Sentence
Prediction) @} w}2=7] ¥ ©o] o S(MLM : Masked Language
Model)oll th3l 8h58- AL &7l (Pre-training) A 7] 1o o]
th BERT®] & vlo]E = 37h4)(F 4 o] B9 = ek
EZ, 4s RSk AlOWE, 7 E2Y YA E YE=
EAA) I HE gt o Wdkslal, ZF WE]glol] ek i
A1 A 2] 8155 Transformer 159 3kl 2= dlo]
HE FEgh oju, MLM2 949 Hlo]H 9] 15%E MASK &

[e)
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Foz wAste] npay @ dolg o) Sa}a, NSPE 23
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A EAE S
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KoBERT(Korean Bidirectional Embedding Representation
Transformer)™ SKTBrainol|A] 3718}% 2™ BERT R
500k 74 o ’e] gharo] 917] diolE of 23Rk ) o))
O TR Betol ol £A% SGA ) Bt 2
2] 53& FEAIZTE S0l A= KoBERTE Olﬁfﬂ s

A, o2 B4, A Y, B R QA T AR R 01?7}
Ay 3L Qo garo] Aelol Ago] B Zeld vls] Ho]

e SHET [15][16]. ©]°ll, - =Fell A alate], vl
F8ke] 5A4E 2k B3 vlolE o] A5 913 KoBERT
7

A5 7|90 2 U5 57} 715 5 Fine-tuning SF3AT.
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3-1 Data ¥ Dataset

As-FE 918 Raw dlolH = 70 agebdzh
/\Eﬂ o EOH J,]:L 41/4( 19.01~22. 06)7} H]—/\gz:s_ g—xﬂéoL
AR} T 3-8 7] ARAL EARL 9 agb el o] <k
HEH| o8 5409715 438k Z1o]™, Raw H|o|E9]] Oﬂ
= ¥ 4.9} v} Data Fields= o|HIE Q] &3} <l 1A,
7] 5, 71 59 Wigol] 7IsEo] o™, Category
Fieldi= 47l|(Field, Occurrence, Cause, Hazard) 7}E| 12| 2 -5
wo] 7} oWl Enit} % 3.9 EFEFAAE 7Eo® FHH AL
2] o] glo]&E ¥tk & =74 3% Raw tlo]E 9] |
4 715+ 12} Field — 27, 22} Occurrence — 1471, 32}
Causes-427ll, 4%} Hazard-1897 7}elag]= gk o] F,
Null Hlo]E] 2HA4] B E-8o] X2lE Bl 2F 5,041719] o5

= =0
tlolE & F=3k3ith

o, ol
rZi o I
> O o >

o] 5%

E 4. 22H|0[E (oflA])
Table 4. Sample of RawData

B3] 53 dlolE o B, 4, Qna §o Al A e N Category Field
SEAFS) 2= 0] 131.114
e} T M 5 .
e * [131014] Categor Event Data Field Occur| Cause |Hazar
y rence |s d
Output [ Out Data(Mask LM / Q&A / Classification Etc.) Zoxx_xx_xx xx xx
B T S (UTC), HLXXXX
(BOOO-XF/XX0000) A Faulty
non—scheduled cargo parts
BERT flight from YEG to KIX (Norm
exceeded the No.3 a |
Engine EGT Limit at an operati
e Exen ol ) . . Faulty
Sample altitude of |A i r|Maint parts( 0 n
Inpit m@-@m&@ﬂ--ﬂ Value approximately 15,000 | opera | enanc Engine after
ft during takeoff climb | tion e replac
Emdmgslil and the "ENG 3 FAIL" ) ement
Seqment message was of the
------EEE-- displayed. So, pilots faulty
Sosifion shut down the engine part)
-------E--- and returned aircraft to
T8 3. BERT of7|ElA Zﬁgpﬁ:;port after fuel
Fig. 3. BERT Architecture i
Count 2 14 42 189
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E5 A OO A
Table 5. Dataset for Experiment

E 6. Ojo|ef Al 8 Hrida|
Table 6. Evaluation Result of each Dataset

Liziiz Data Data Data Set | Accuracy F1-score Precision Recall

set Cnt.

D1 EventData + (Field, Occurrence, Causes, Hazard) | 5,041 D1 0.259 0.130 0.106 0.169
EventData + Field D2 0.618 0.465 0.482 0.449
EventData + Occurrence

D2 20,164 D3 0.684 0.518 0.537 0.500
EventData + Causes

D4 0.792 0.691 0.687 0.696
EventData + Hazard

EventData + Field

(EventData, Field) + Occurrence
D3 20,164
(EventData, Field, Occurrence) + Causes

(EventData, Field, Occurrence, Causes) + Hazard

EventData + (Occurrence, Causes, Hazard)

EventData + (Field, Causes, Hazard)
D4 20,164
EventData + (Field, Occurrence, Hazard)

EventData + (Field, Occurrence, Causes)

B Ao B A% Bk 98] 7 5.9 2ol 471
dlolE] Aoz ek} AT AT, HlolE] Ale] 74
WAL B vl ol lEulolE 9} 7} he|aele] A3
2 PRI, o) ol A Aok BRReo] s sk
olEje] A Efe] mE A50] Aol Bletia} @ Hlolt.
o2 Zol, D12 sHrulo]El = & o] e tfa) 47)e] Fhel 3
27} @Al AR 1819 A dolH Aol &
5.0417)19] HlolEl & Slralis Aol T, D2t ¥ oM 7t 7}
Ble] M 233 43]0] S ujo]E 2 AelH o] & 20,164
7Me] Hlo] S sHzali Aolth, o 2§ WAl o D3t ol
dlolElol 2t shelae)7k 104 F71Em, Dat olRlE o]y
s} 174 7kl 312l 7} Ale)e A o,

B =R Fine-tuning® XHe| FHH3 daz]Fe
AdamW OptimizerE AH&-3}al, AR do] o %3 gk} <17
el oxE Wdsl= &A%k (loss function)Z  cross
entropyS ©]-83lty. 2] Wy F(embedding layer)
7687), Z7] &<5E(learning rate)<- 0.00002 % A 3}a1, 13]F
T 7158 vlolE] 7l53(batch size)= 700, A Ho|E Al
855 Sl(epoch) = 35 A7 3Hgieh. 12]aL, dlo]H o HlE-e
FAHQ): HAE) : AF(1) = Baslo] AF-S Agatglck

F4714) Elole] o] 45-S ve}
o] 3715 A5} 3 Aok,

£
IO
i
=
XN
=]
rlr
N
rO
o
e
e
(o3
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38 (Accuracy)= A oS dlo]E|o|A] AA| Sl d]
olF] tH] Fo& oS53t vlojE ] HlES on|sh= 3o, 4
714 "lolE] Al2] 42217} D4(79.2%) > D3(68.4%) > D2(61.8%)
> DI1(25.9%) <412 Bl itk 18] 3L, Fl-scorei= Precision
(BE )9} Recal (A F &) 0] Zshdqt o=, A= HHED
o] S gholebal oS53k A} T AA 31 ghe] vlEE, Al
A& A 1 dlo|E Z5-E] R o3l &1k ghol
2kaL o &3 v]&E o|u]slth. A= Fl-score 59 B3 D47}
69.1%% 71 k=] AA HR1 dlo]E] F &ulE tlo|EE
| 53 H]80] 69.6%, SHE Ho|E 2 | 53t gl 5 A 22
H]£0] 68.7%%] Bl 0.2 S ¥ ATk ojd|, D1 dlo|H A& 47}
A 574 A3 27 7P @A UEb e o] vlolE o] g
2lo] o] 7 el A3k Fejl sl o= ekt

SHA, D49] AU (68.7%) 2 AT E(69.6%) 2] ¥]5=3t 54

ghe argerdriole] Wil 2lo] A Hlole g v o
3 77} Aol ol 53 o)A gule dlo|Ejske] Ajo)7}

o G AL el g, Al FEIAblolE o] B =4
o] ofn] WMAYG A AILE HHFO R P e ok B
o} Akl A TFOZA WA 5 St § A AL S el

7. Meotzdnt 7|E dpRYnte| Hetr H|uw

Table 7. Comparison the accuracy of suggested model and

each Model

Algorithms Accuracy Remark
KoBERT 79.2% Suggested
Random Forest 76.0% Ref. [5]
one—hot+CNN 56.8%

word2vec+CNN 64.9%

kg2vec+CNN 68.6% Ref. [6]
Naive Bayes 55.6%

Support Vector Machine | 65.2%

KGQA 56.0%

BERT-QA 22.7%

GPT3_QA 76.0% Ref. [7]
KGQA+BERT-QA 63.0%

KGQA+GPT3-QA 85.3%
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2 ATl A = &) AL FARL 9 QP Aol W8-S AL
9.2 o5 HlolH 7 fail € FloE] A5-5 LHE - A= $187]9E ek dolEl 2] Field, Occurrence, Causes,
Hazard B-55 o] Z3)7] 918 Aol xja] ehaelZ 7)uke] 4}
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E 8. FAO[HIE t|o|Efofl LS o = E|o| S(M Z) o =2 oS A A)sh o] = 98] 53 7 o]Ake] HlolE|=
Table 8. Prediction Result Table about Event Data of Similar
) Answered Data Predicted Data
NO | Overview - -
Field Occurrence | Causes Hazard Field Occurrence | Causes Hazard
The results of checking the
status of major manual
revision according to the
:r:z?rizg(iiitelon manual a(r); Regulation Improper Regulation Improper
, ) A i ) 9 Regulation|A i r . Regulation
1 mostly appropriate, but in the . Maintenance | , Rule and . Maintenance |, Rule and
case of training program for operation Manual , Rule and | operation Manual . Rule and
. ; Manual Manual
maintenance education, some
contents are not reflected in
the the standardization of
maintenance manual.
Maintenance  manual  has
Ene:r? cohrgspletggfer:ewzignagg N o n N o n Improper
y g . complianc | Time/Busi . complianc .
because of the|A i r . . A i . ... | Regulation
2 o . Maintenance | e within e s s . Maintenance | e with
standardization work, but the | operation . operation . , Rule and
applicable | Pressure applicable
table of contents was not ; ; Manual
. . regualtions regualtions
changed in accordance with
operation criteria.
As a result of checking the N o n Inappropri N o n
safety glasses stored in the . ate of . Lack of, or
. ) complianc |, ) complianc
tool room of the maintenance |A i r . .. |incorrect|A i r . . |p O o
3 . Maintenance | e with . Maintenance | e with ;
contractor, the No.2 lens was | operation applicable use of | operation applicable maintenan
broken, so it is corrected on regualtions tools  for regualtions ce release
site to be replaced. the task
Faulty
. parts
EZSa S;agl?deOfBglt%Zt pfgsvlﬁﬁ Normal Lack of, or
scap A i . Faulty|operation|A i r . Faulty|lp o o r
4 Viewer was not worked . Maintenance . Maintenance ;
rooerly. o imorovement is operation defect a f t e r|operation defect maintenan
?ecopmrxr/]’ended P replaceme ce release
' nt of the
faulty part
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E Q. 2F HO[E{(ME)

Table 9. Failed data sample

Answered Data Predicted Data
NO | Overview
Field gccurrenc Causes Hazard Field gccurrenc Causes Hazard
Maintenance Contractor ;
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