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Abstarct

With the advent of the Industry 4.0, data—driven process monitoring and process control methods
are explosively increased. The application method of Al models on fault diagnosis and failure
prediction in relation to equipment failures is actively being studied. However, studies that can
predict the time for occurring equipment failures and provide evidence for the predicted failures
are limited. In this study, an LSTM model is used for a fault prediction model to processing
multivariate equipment time series data, including predicting the failure time. Additionally, an
interpretable model using LRP is applied to the predicted failures to provide the evidence for the
fault diagnosis. Through LRP, the contribution of equipment sensor measurements with high
relevance to failure prediction is determined, and the reasonability of considering them as evidence
for fault diagnosis is validated by comparing them with anomalies in actual equipment sensor
measurements.

Keyword: LSTM, LRP, XAl, Failure prediction
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AzAA A58l 1woke Qlsl BAMEH] B A2F7F9] Holy fATE & Ho& SIS E3L
421 AR1E Al R Qs ARE #EHE FAHOE 3t Hlojg 7vke] AAE 34 RYEY WSt
2 FAAY 7ol thek WA vdo] EolRl= FAlolnh §3] AR == AAIRE HlolEE
7oz st 34 2YUHFY 9 3¢ Y AH]9] olAErA|(Anomaly detection), A¥HATHFault diagnosis)
ool AFAT 7INE AEEE 8ok HiQto] Ede] ATtE QUtH1l ARG &3] ARl 14
At 9 7 &3t #o] 2 At wofolth
Ao QA3As 79 JAEEE ALSt 7]E Aol ARlolA A" A S84 CNN 2
A2 283 A3} 714 2 A 7RI Ao, mEie g ARE dSstAY g wEe
TAE AT & S B3 HE 7IE AFolAe ohEE AlA dlolEet LSTM HdE E-E3t fault

B AlRtety o, 1 wHe] EAE Aok F&o dojils il 9l
P& Qs 7t BdS 3235 Aujo] 1A vy A|AL d&5ky, &3t 1A o] ZAE 3 A
Al 4= Qe AFte AlRHHolH, ol 1A diEof digt Al Al g Bt ZAE A AlSdhe
5t7] wizoll AAIARl 1 A E2AE 7IHst] olEthe wAIRle] :
B 7oA Long Short-Term Memory(LSTM) 7]¥He] 1% o= kS =) ujgfo] 13t A]
A d&sta, d2%" 279 eXplainable Artificial Inteligence(XAD) 71 % 3F4Ql Layer-wise
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Relevance Propagation(LRP)E &85t QEAls Ldo] A&3t 1 W] ZAE T AXlsk= A
g IS o 1 dE ol ARgH AH] AlA tlo]E= Kaggle®l pump_sensor_datal4lE

ARgSEloH, 14 A BE E4o] 1A AR HolHE YeHop ETI‘-’] ulg Al HolHE &5

9= many-to-many 729 LSTM E&E ARSIt E3h LSTM Hdlo] &3t 114 A9 A4
2RIsE7] 9o LRPE A83t A 7hs BdS 7551tk LRP7F 289 Y 7hs RE2 1 oS
dlo] k53t 7RIS HEoR2 o&35t A9 relevance scores AAKSIY] Flolo] WlE JATRE 429
sttt AT dREH 1A o] we AR ZF AlA gho] dute] 7| E ZE=RE AKX 4 Qlo
™, o]F &3 ofE A7t 1 AEe] AIRIA] AHS & QTS 1 o 2 AW Ths HEE

ta o 4>

oz Regst A Ay}, 1% oS w2 86719 1A Al EeIst 60,283709] Aol diel 54709
I AR gHlEA dEsiglon, diEd 1A AY 5 AAR o] WS Ao dief A 7he
ds H8oto] B4 AAIA relevance score’t A&HOZ A U= A SRIsHth E3 AY
7Fs Zdo] ARE LRP 2] AAS ASol] Aol 14 o AR ARH 1 AF9 AlA &4
& Hato] 1 ot AR AFHA] Bot 1A AFO] MM 243 Habg vlaste] Ad] Al Xk
A AAR o dA7F WA =A] EA0HTE T AT, relevance score7t AEHOE EA Uehbe 1%
AO] AA AN ZAgE Hato] IA] 2 1 AJHO] AA| AN SHFETE A5 *2 A2 UE
U= S 2RIkt

2 AFoA afE 1 oS B2 AlA 131101517} " AR 1 BHE 1@3}
ool A A AA ElelEE B3 vl viE g B AldE G5
& §9l % dE 2do] dS%t 19| ud IS 0‘771] AAShE Al Al=st
S 59 ZUHT e BAaue] s vl ag B AEE 2okt 3 o ,
qsd 2 Aol ofd AME s dEEleriel diet EE A Asstel i disd] diet §58

P

W 2AZ WA AR & Uk oS HiEoR PAHEY 1 ke BAs A4

. &3 g4

XA Q845 29 269 black-box B4 s44sk] ge wEew, JgAs 2o oF 3y
2 £ slste] ATAS wdo] o3t Auel T AMAS A Uk 714oleHel. B
A7-E tHEAQ! XA 7182 LIME[7], SHAPI8], CAM[9], Grad-CAMI10], LRP[11] 5°] &3ttt XAI
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714 Zdo] di&3t AxE ok WM AT 4 Ao wet ‘PR(ocal) i 7R HA
(global) 34 7|Hog B=E 4= QItH{12]. &3t 2P di4sk= A 5ol uebs sksd 2do] ot
gEE &8sk= ‘JHuHbackpropagation) WA AF dojEQ EA4Z HERAA L&ok= e
(perturbation) WHAo& ERE £ QIti12]. LIMEZ SHAPE A% B4 7|Ho= E‘fi_q AR A3}
A sfAdo] HEFE 7hsgt 7IHolm, CAMI} Grad-CAMZ It ¥H4lE 7|5to® Hdo] Ui sjAS 7}
A ok= 7IMolt12l. &3 LRP= G4ut HH4lE 7|Hte s BHlo] AR Myt AH| sjio] HE Ts
ok 7]%oltH12].

Zr 7149l EAS Aohd o3 At} Local Interpretable Model-agnostic Explanations (LIME)

o okt B2 nd 9 37 2o i Avlo] AeE 2 o Ad sud) oL sHoz MY o
Alinear approximation)s E3 2d9] d& AE HEHog FAsi= 7]o|tH7]. LIMES &3] €
AE 9 oju|x] A FoloA K9] o|& Auo] sl AEd 5 = APEE AlFotn, duE ZEl
AEARI AS 22 AT 5 U=E dFsto] 7|ASs A" QI7E Afole] anbAel 42 Akg
71999 cH7]. SHapley Additive exPlanations(SHAP)= Shapley #< 7]l =2 8-9u]st EX(feature)S
WA 79eE ALl 71HoltHS]. AA §49 7oz k2 IAsH AAIE7] dzel od £
< AAsIYE w9 79k WIS F& 5 A HH, ol 7+ §49 =dA4ol fAlE: A9l fag
7S AAkld 4= QItH8]. Class Activation Mappmg(CAM)—— CNN 7]8t S2jA BE7 Zdof X8y
= A 7153t Q3RS 7|HO=E, global average poolingg £ BXE A AE AlZslel= A
o] FAloltHI]. AlZel= CNN EdolA gxE fomgt A4S & (highlighting)sks AR $3&m,
FolXl olujA|o] tisf mdo] &3t FWA HA4E AdTfele WAZ ARBRITHIL Gradient-weighted
Class Activation Mapping(Grad-CAM)2 CNN 2g2loj global average pooling= AR&dR= CAM 7]%¥
< Hoto] BHZAQl CNN Ldof H& 7153t Zo] EAJoltH10]. Grad-CAME gradient® 7]Hle2 &
49| 71525 Ak WAl ARl olm|A] &5 Aol diel] fom|shA ARG FES RSk Aol
7FssleH10]. upxeto g, Layer—wise Relevance Propagation(LRP)= H|AY £% Hdo] B& Ays

Awsly] Qs petElglon, HE AyE EX —.EKfeature vector)Z -dll(decomposition)sto] 7]o%E
(relevance score)& AXFsh= ‘:M% ARESITH11). B ATt Eo7t gasd ndo] skt TSRS

ol-g3te] 7} #lojof EHZ relevance score *Jﬂrﬁ}‘ﬁ HFH oz Hdo| qi&gt 2] Higt Y4
ol89] 7]o=E A4F 4 UtH13l. LRPE 383 71€ AFolAl= CNN 7|9F &7 2doj LRPE 283}
of 25 ofm|A|9] ol mAlo] Ei7 Ajo] EA| 7]ofal=Al Hehdi= LRP 718 AIA4SEE agsiiti14].
£35| 1 dl& Hdo] XAl 7 A8% A7s LSTM 2EE B9 @Y A9 Hjojge] 117 AJH]
2 FYske AFBIE € ¢ Ak 7 AFolME ST Axel LRPE E83lo] diEo] fomet
I-_IL_; __5_/\ 2 =Z35}7, 0o]E dl& Tdoj Hlodsle] o459 84 W AL S EASHE E
Bl H(Hot strip mill) A8 7 4F#] &0l Variational Auto-Encoder(VAE) 2&-& ARE-
Cﬂ:rL[IS]Oﬂ/ﬂ% VAE 249] o|& ZAio] SHAP 7| A8sto] 14 diSol fojiet 932 & 54
(Feature)S A7 AATSIA,
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1% 50 = many-to-many £ LSTM Edo] AREEITE LSTM EE2 AAE Hlo[eE U=
o Hgist 2dlz g2] AREEIL 9lo™, many-to-many 727F 2&H LSTM EEL &9 HA AlY
tolEE dgsta] B9 mjd Al diSgkE 29T & AUtk ol B9 BAY AH| A4 S4¢= 715t
o2 u] M| AHE &t 1 A& ZES Yok

Fig. 12 B =50 AMSF many-to-many +%9 LSTM 2dS vehfa ik LSTM 299 i€
FOoE ARBE= QX HolHe AH|Y ™ ARE fHcks 6572 AA HlolEet Au] A #FolEE
103] timestep T2 &5, LSTM 2o FA4T 4= A 334 FE|= 7153t HlolEolct. ojdf, <l
Z gojg9] 60%= LSTM 2E9] 35(training) HOE|Z AME L, 13%= AS(validation) HOJEE A}
|E}. UmMA] 27%= AlS(test) BloEE AREE]o] 5ol sl LSTM BH9] dl& Ad5 B7iol ARgET.

Many-to-many —'11557} HgE LSTM Ed9] gy 4 52 th3a} go] o|FojXt}y. WA, 103
timestep THHE F 6572 AA S8 Au] AH FolES % HolHE it dgH A% b
ole}E B3 LSTM E‘.zlg Z} timestep©]l et 6572 AA S747k0] 103] timestep ©Fofi= o Aef
folE2 Ueht=AE o5 "ok ERE 103] timestep T2 Shsgo] AFH7] diizo] AIAE HlolE

Original Data
............ Training Validation Test
(60%) (13%) (27%)
InputlLayer
LSTM [pe-w]re-9]ac-o]ae-n[ac-a]re-9]at-o[ae-3]ac-2]re-D|
- - : Inputs (X)
kernel (6x512) s e e R e e e s |
recurrent_kernel (128512 [re-10fre-a]re-a[re-n[re-a]me-a]ac-a]re -] A -2 At -D]
bias<{512,
TanH
MM oM oM ] CISCIECI NG
Dense
s t t41 | t+2 | t+3 [ 1+4 | t+5 | 1+6 | 1+7 [ t+8 | t+9 | Predictions (Y)

kernel (128x2)
bias 2,

Softmax

______ 9

t t+1 | t+2 | t+3 [ t+4 | t+5 | t+6 | t+7 | t+8 | t+9

Y Y
A4 (YA olsh o (YAL =3

Figure 1. Many-to—many LSTM model
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9] EA4Z Hdo| a5 4= SIA "ok o|FA 5ol EH LSTM Zdo] Al HlolHE £yt o7
AlAo] Bzt A 103 timestep?] AAE HIOIEE HFFCE Bl 103] timestepd] AH] AEHE SE ¥
Eﬁki A& & k. oldl, diETt Ah] el 1 EE HEGl dAdS A8 WSk, ALt

2 14 & HEgo] dARE olsiel Afolls A dEiE WSk, dAEE 2ielke Beole I A
ﬂii e 1 9 S JEE WYcke AARS A tisiile 449 28004 ZAIS] oL Qlck

2 =20l ARSRE 1 oS o] F2& Fig. 20 UERd ok HA, Input gojoji= 6719 kER
e} Sl olF &0 103] timestep?] 6552 AlA S Y 4= itk & HA golojel
LSTM dlojol= 128709 =& A= 0] 9loH, Input Fo|olE E5f 103 tlmestepJ 6579 AN =
S Aol S5 =93ttt uiA #ojo]Ql Dense Hlolol= 2709] B2 AR} Qlom, HEA
o= g Alglo] ARl 7RAl, 10l 7RAIE 2] tigt SE WEE YERd.

put_1 input: | [(None, 10, 6)]
InputLayer | output: | [(None, 10, 6)]

l

lstm input: (None, 10, 6)
LSTM | output: | (None, 10, 128)

;

time_distributed(dense) | input: | (None, 10, 128)
TimeDistributed(Denge) | output: | (None, 10, 2)

Figure 2. Structure of LSTM model

2. 249 7l =24

A 75 mel 77 o meoA dl&st Aol AWAS ERIsH| s LRP(Layer-wise Relevance
Propagation)& -85t Zdo|tH{5]. LRPE A83t A% 7Fs ZE 14 oS Tdox Z &7} iy
3t 71SAIE HIEOR layerPIth relevance scoreE Aroto] GAnt S REEIITE FEHow 7479
QIXE HlolBl9] relevance score?l RxE Aktsk=tl, A4HE Rx7t 245 3 AlAY S4%ko] s AIK
o A8 HlolE2 Aokt 2 7199EE 21 3= UEdh & AolAs 1 olE 29l LSTM
2doj|A o3t B d ﬂ‘g HERE A HE Aslglon, FHOoR ko ARgH 7

& dlojgo] gt 7]ol= Rx #E Akl ol &4, 657 *11 SolA &3t & HE
=2 719EE A= AlA E4gke] ofd MM SHERINE Uehd = Stk o E0], 249 o4& A3

=)
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Aol 24gr0] T4L dEsher] ARA0R Jlojskgon, 7 MAle 24zl 1

V. & ¥
1. Holg 24 A Hxg
Aol ARgt HlolEle S HI ZH] golHz 52719 Al gt A Hlols, BAHRE Esil
Stk g Flole2 A, I, el 374 Folee] EAsH, il v HlolEe 17 7HHoR

N

S44 AIAL dlolEoltk. AH i'ﬂo]%g o e I AR R A% A7NE AR 5
1= A]—EH% L]-]ﬂ-ﬂ]lj— ‘c:J‘__ A Z} HEH\H A]X%_,] /K]-EH H]O]H_P_: _'I"I_X]— O]Uil '711- O] tﬂ-}\ﬂo]- Z] oH H
TR B4 AdEi7E =71 @WV]% 5 2 A golEe] Yedth Mean Time to Repair(MTTR)
Aol & o, 1 T AIRRE Bd7ts AR AlAf0]l Ao RE AFEHA] Foke AR 7t
5171 “41—”1: |, e A A I AEE E 4 ok webA Table 13 Zo] ‘SF AJH ol
BE A A gelER MAsIH:

52719 Al dlolg & AH FlolEe] Rouldt dFe F= TolHE FE517] {8 AlA HlolHEd
SelectKBest #|7]%]2} XGBoost RS AREslo] EH oz Foulst (79 AAE ALt XA
AlAo] s AEA7F EAsk= 2770 AS] HolEE AlASH, AlA dlole9] AatE AYPstoirt. E3L
LSTM 299 QI tlolH&E AMESH7] 9I3f Fig. 39+ o] 32+ HolEE 71gsilon, M4 0E 657
9] MM ZHAE 103] timestepL & H2 220,283719] HoJg|2 Hksl=t] 453ct.

-lNr_\Ti_ﬂljﬂ
>~1

2. 48 24

1% oS 1de] skgofl ARRE <5 TlolH+= 130,0007H, AF Holel= 30,00071& ARSI oh52
ZePalal, YA 60,283719 HolEl= ZF Al ElojHE ’\}”9“5}05‘3} HHEAQl sks2 B9l IS A
o] &2 uihEE Adsiglon X% mlehule9] batch sizew 128, epoch 4, optimizers adame
ARSI Fig. 4+ 1% o& A9 UAZ] thgt f1-scoreE UERA Zoltt 0.89] AARGE FLolA
i) %‘-@X—io] A& A<l fl-score7t A UERSZ] wizol, 1 ol& ZdolA A4 9 1% o459

Table 1. The number of failure data

2 by 5
e 7 ks 14,484
22| 14,447 22| 0




12 8lG0[E{MH|ASHS| =2E) H|1H H|15(2023)

10
(timesteps)
(features) - 220283
(number of data)
Figure 3. Input data structure

10
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= 04  —
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00 —

0o 0.2 0.4 06 08 1.0

I'hreshole

Figure 4. F1-score for threshold

Skgol gmd 1 dE 2do] Al HolEE FYsto] d5S AFsIAAL, A5H 2ol d% ks
29 28510 Rx gt AR Fig. 52 Al HIOIES| 6,469%A) AHFE 6,478/A AH7HA] 10

9 timestep2] IS Flo[E] et Rx gh& UERHRL Aok dig AN Sz dl5d 109 timestep

o] Agd dlole2 BF e q5Hen, 637 MM ¥ sensor_029] Rx gkol 103] timestep &

LR &2 #ES FABRe e BRI & Sl ol sensor_029] FHol I AdHS wE
=

o &2 710eE 4l &S e

Timesteps

Figure 5. Rx graph for 10 timesteps
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Table 2. Identified fault occurrence time for 50 timesteps

a DY W D2 NSE | 0¥ Bo 22 N9E 1Y | 1F B 2242 NSHA 23
B 1 A Aol MN S35 TR T A" MM SF3 IR
sensor_02 3 0.8640 0.8660
sensor_04 2 0.0005 0.2354
sensor_10 1 0.1528 0.3248
sensor_11 5 0.3074 0.5658
sensor_39 0 - 0.1431
sensor_42 0 - 0.0827

A Sl AAZ AR g3t TEE oFA|RIA ERlst
, 13 : lo]Eo] 1749l 503 timestepS WAFCE Table 29} Zo] A
& APsiict. ZF AlA dlolglo] E3HE 103] timestepol Tisled, Rx kol 0.5 oJARRl 3147} 53] o]}
BEE FRS 1 weke] ZAR AESielon, 1 wek AR AEE 0 AR AEEA] SR

, 43k W vlws Fom|gh Aol7h EAskeA] IR, 1o R J%
AR F, AR golEe] 1]l 503] timestep w¢t 1 WE ZAR AEH 1 AR e
sensor_110] 57§12 7F& @oko™ sensor 02= 471, sensor 04+ 270, sensor 102 1709 14 Tt
AR AFH 1 A-E Zh=th ol 7IRte R AXME 1w SAR AEE 1 AR AlA £
9 BH2 sensor 029014 0.8640, sensor 049141 0.0005, sensor 10941 0.1528, sensor 119]A]
0.3074% Yrepgitt.

g we 2AZ ARE 2 AR 0 B AR AEER] 25 2 AR AN S44 Bde
H| o2 A3} sensor 11914 0.25842 7% & Alo|7F UEREDL, sensor 049141 0.2349, sensor_100]
A 0.172, sensor 02914 0.0029] Z}o]& Hc} o] sensor 025 A3t sensor 04, sensor 10,
sensor_110114 17 it 2ARE AZH 1 AHY AlA S78%o] 1 wd 2AR AEEA] &g 1%
AR AA SEFED N 22 olJAE YEhve As 91T 4 Stk LRPE S AAME Rx 4ol
AlA EAY 17 diSof tigt 7|9 E & Hhdetal Sl YERdth

Rl ro oy

oN

oA

|

il

V.24 E



14 TeH0|EIMHIASHS| =2E) H1H H15(2023)

23z At Rx ghe Bl 1 wd 2R ASd A AR Al SA ol 3 B 2
Az AFEA] S5t A A A S BeEe oAl THEthe e RISk Rx gtol YErd
AlA S781e] A B 719427t AElH e A0 ole LRP 29 E3f 1 wHe] Vot &

< Holget 4] &2 HlolHE FEste], 1 wHol wejulet HlolHE AEsd 4 v 7S

PEok=A] APl et 7R, s AlA7E S7dsks 840 gt A
TAR &89 oA FEo}. A& AT AFoke 7129 AFAT 75 9
A F}h g2A, 3ol digt AHA e B 2AE WA Aoks Hel 38 Wi AH] ZUER 9
FAES SHINE F-851A ARSE Aolo}, ES, 14 W] ZAR EH AlA7L A9 ojd FEE
*700}&7}011 ue}, A 140 991 FAsl: dolle &84 A7} Ut

2 Aol A& 1 ARl sl YA S oY relevance score’t A& E BEE =
99 B 7IE0E oVIXE Mok WS ARESIGoH, HERt AS AYLE AN 4 glvke
SHAIMo] Qltt. FF AFolAE LRP A9 HSt Fiole] A% FY=E BoA ANT 4 e Wt
< Aot 85 & Aol

=2 9

>,
o)

o —
e

il

=

ox

o

1o

ox

ox.

rl



(]

(1]

(2]

(10]

(11]

[12]

(13]

(14]

LSTM % LRPS 83t 2| MM HOE 7|8t 1 0l F & 219 2 At 2 15

0

FnEE

J. H. Cho and J. O. Lee, “A Predictive System for Equipment Fault Diagnosis based on Machine
Learning in Smart Factory,” KNOM Review, vol. 24, no. 1, pp. 13-19, 2021.

K. W. Kang and K. M. Lee, “CNN-based automatic machine fault diagnosis method using
spectrogram images,” Journal of the Institute of Convergence Signal Processing, vol. 21, no. 3, pp.
121-126, 2020.

Y. U. Song and S. Baek, ‘Real-time fault detection in discrete manufacturing systems via LSTM
model based on PLC digital control signals,” Journal of Society of Korea Industrial and Systems
Fngineering, vol. 44, no. 2, pp. 115-123, 2021.

Pump sensor data, 2018, [Online]. Available: https://www.kaggle.com/datasets/nphantawee/pump-
sensor-data.

H. Wu, A. Huang, and J. W. Sutherland, “Layer-wise relevance propagation for interpreting LSTM-
RNN decisions in predictive maintenance,” The International Journal of Advanced Manufacturing
Technology, pp. 1-16, 2022.

H Kim and T. J. Lee, “FEKES Bolo] XAl 7|& 5%~ REVIEW OF KISC, vol. 31, no. 5, pp.
21-31, 2021.

M. T. Ribeiro, S. Singh, and C. Guestrin, “Why should i trust you?” Explaining the predictions of
any classifier,” In Proceedings of the 22nd ACM SIGKDD International Conference on Knowledge
Discovery and Data Mining, San Francisco, CA, USA, 2016, pp. 1135-1144.

S. M. Lundberg and S. I. Lee, “A unified approach to interpreting model predictions,” Advances in
Neural Information Processing Systems, Long beach, CA, USA, 2017, pp. 4765-4774.

B. Zhou, A. Khosla, A. Lapedriza, A. Oliva, and A Torralba, ‘Learning deep features for
discriminative localization,” In Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition, Las Vegas, NV, USA, 2016, pp. 2921-2929.

R. R. Selvaraju, M. Cogswell, A. Das, R. Vedantam, D. Parikh, and D. Batra, “Grad-cam: Visual
explanations from deep networks via gradient-based localization,” In Proceedings of the I[EEE
International Conference on Computer Vision, Venice, Italy, 2017, pp. 618-626.

S. Bach, A Binder, G. Montavon, F. Klauschen, K. R. Miller, and W. Samek, “On pixel-wise
explanations for non-linear classifier decisions by layer-wise relevance propagation,” PloS one,
vol. 10, no. 7, 0130140, 2015.

A. Das and P. Rad, “Opportunities and challenges in explainable artificial intelligence (xai): A
survey,” arXiv preprint, arXiv:2006.11371, 2020.

J. H. Ahn, XAl Explainable Artificial Intelligence, Anatomy of Artificial Intelligence. Wikibooks,
2020.

B. Zhang, L. Ding, Z. Feng, M. Zhu, T. Lei, M. Xing, and X. Zhou, “CNN-LRP: understanding



&t5| =22 M13 H15(2023)

"8I G[0] EfAH|A 3]

convolutional neural networks performance for target recognition in SAR images,” Sensors, vol.

16

21, no. 13, 4536, 2021.

[15] J. Jakubowski, P. Stanisz, S. Bobek, and G. J. Nalepa, “Anomaly detection in asset degradation
process using variational autoencoder and explanations,” Sensors, vol. 22, no. 1, 291, 2021.



THIG|O|E| AH|ASE] =2%, 13 H15(2023): 17-30 Hauxt 20234 6% 19Y

DATA =
f,G’ Journal of Big Data Service, Vol. 1, No. 1, pp. 17-30 1R AAE 20234 7€ 102
DOI: https://doi.org/10.61241/KBDSS.01.01.02 ARMEE: 20234 78 24¢

Rapid Response System for the Detection of
In—Hospital Clinical Deterioration Using
Attention Bi-Direction Network’

Thanh—-Cong Do', Hyung-Jeong Yang'", Soo-Hyung Kim', Bo-Gun Kho?
'Department of Artificial Intelligence Convergence, Chonnam National University
Pulmonology and Critical Care Medicine, Chonnam National University Hospital

1 ops{x{!™ 51 2
EEZ, 9EF”, 24y, 187
HYSlE QBRI ESH

2 o
el B LHOIA BER ATEHO| OfSI7L WAISHB o2 MHIAG| ATt 0| HCh 0J343 HS A4dt o
A N0l ZREIN YA AXRSE X7| HEES LXK AFKES OWs] Ys FHIAICU2 A
1S AAEIRRS)S UG ARRSILH A2 2 & S0 AHK| HEE 0% E= ICURY 08T 22
HE A2 G0N Y2PDL) U HA 242 7I2(EHR)S ALRO| 715K QUTh DL 78t ofZ2jolae
A7 A GIO[EIOIN RS 4 QIXIOH SIMR{0] BE5I0] DI W1 X9 ZES0| S0t ANO| X
2517] OfFCH 2 GITOIMS IR 27 CO[ES 2245101 AHK| BKI| 014 AES ZXISHe oA 7t
S5t end-to-end T2l OF|EIXS HOIBILL MBS FMUTHSIT HACNURIIA &3 Tl o
OJE) MEOIN A3EIon 5| Zal= T2 ZHG WL BlTsiol 92| DUo| MAE 452 B0Zit

* o] =R AR EEA ] Ao AT ATe] AU wot F8E A7A(RS-2023-00208397). ESE It
WP ESAR W FEEA 1%1”37114 ABATSEATARMF AN A7 A= F=US(TP-2023-RS-2023-
00256629).

** Corresponding Author: Hyung-Jeong Yang (hjyang@jnu.ac.kr)



18 "HIG|0[E{MH|ASHS| =2E) H|1H H|15(2023)

Abstarct

In hospitals globally, the occurrence of clinical deterioration within the hospital setting poses a
significant burden on healthcare. Rapid clinical intervention becomes a crucial task in such cases.
To detect early signs of clinical decline and prevent cardiac arrest, the intensive care units (ICUs)
widely employ rapid response systems (RRSs). In recent years, there has been an increasing use
of deep learning (DL) and electronic health records (EHR) in the intensive care domain, such as
the prediction of cardiac arrest, sepsis, or transferring to ICUs. DL-based applications are able to
learn from sequential time—series data. However, their lack of interpretability leads to low sensitivity
and high late alarm rates, and are thus difficult to apply to the clinical settings. In this research,
we propose an interpretable end-to-end deep learning architecture that interpolates
high-dimensional sequential data and detects the abnormal status of cardiac arrest patients. The
experiments are conducted on a private clinical dataset collected from Chonnam National University
hospital (CNUH). The experimental results have shown the potential performance of our model,
compared to some other state—of-the—art methods.

Keyword: Clinical deterioration, Rapid response system, Deep learning

| . Introduction

There has been an increase in the number of patients and the overcrowding of emergency
departments recently, which are causing adverse outcomes of treatment. In-hospital clinical
deterioration events such as cardiac arrest is considered as a major burden in most ICU,
which affects patient mortality [1-3]. Previous studies indicates that 80% of cardiac arrest
patients can be early detected, because the sign of deterioration can be shown up 8-24 hours
before the event [4-6]. However, this work faces many difficulties because a single vital sign
usually does not accurately predict patient prognosis [7]. In fact, the survival discharge rate of
cardiac arrest patients is less than 20% [8, 9].

RRS has been introduced in many hospitals as a clinical supporting tool for clinician to
provide rapid intervention to cardiac arrest patient [10, 11]. Some traditional RRSs using the
modified early warning score (MEWS) which calculates a weighted score for each vital sign
and then finds patients with event based on the sum of the scores [12]. However, this method

includes limitations of low sensitivity or high false-alarm rates [12, 13]. The National Early
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Warning Score has been introduced recently, which shows the outstanding predicting

performance over previous systems in terms of cardiac arrest and mortality [14].

In recent years, the increased access to EHR has motivated the development of artificial
intelligence models to predict clinical events in ICU [15-17]. There have been several attempts
to apply artificial neural networks (ANN) to detect in-hospital events, which achieve a lot of
attention [18-20]. Utilizing ANN has shown better performance than the traditional scoring
systems, which predict the cardiac arrest earlier with better accuracy [20]. However, these
DL-based models usually faced the limitations in terms of lacking interpretability, being
perceived as a ‘black box  that does not offer any understanding of the underlying features
learned from the data [21]. In this work, we defined interpretability as the clinician’s ability
to examine the most important patterns of input time-series that exert the highest influence
on the predicted probability of the model.

The medical time-series data captured in an EHR is frequently limited, noisy, and
incomplete, particularly when obtained in non-critical care units, posing a challenge for
recurrent deep learning models that rely on evenly spaced data points. In this paper, we
proposed an approach of predicting in-hospital clinical deterioration of cardiac arrest
patients. Our proposed framework architecture is based on the Bi-directional LSTM (BiLSTM)
to capture information from both past and future contexts, allowing it to learn better feature
representation of sequential patterns in the data. In addition, we also utilize the attention
mechanism to improve the interpretability of DL-based model by exploring the underlying
feature representation of different time-series signals, and then fuse the information to
predict the final outcome. The primary contributions of this paper are described as follows:

* We proposed an end-to-end DL-based framework to deal with the detection of in-hospital
clinical deterioration. The proposed method is based on BiLSTM architecture that takes
into account the context from both previous and future time steps, capturing more
comprehensive representations and more robust to input variations and noise.

* In the medical context, interpretability is considered as one of the key components of
clinical utility [22]. Our model presents good interpretability by utilizing the attention
mechanism that emphasizes those parts of the multivariate time-series that are most
relevant to the output target.

* Our proposed system shows the better performance on two clinical dataset compared to
baseline approaches. We also conduct the experiments with cross-validation strategy to

present the generalization of the model.
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The rest of the paper is organized as follows: Section 2 begins with some description about
the related works on RRS models for clinical deterioration. Section 3 presents the detail
architecture of our proposed system. Dataset information and the experiment results are
reported in section 4. Finally, section 5 is about the conclusion and some future work for our

study.

Il. Related works

In this section, we review some recent DL-based applications for predicting in-hospital
clinical deterioration. RNN-based models recently show great potential in medical and
healthcare domain because of the capability for capturing sequential patterns in time-series
[23]. The study in [22] developed prediction models for 3 events: sepsis, acute kidney injury
(AKD) and mortality. Each model utilized the bidirectional long short-term memory (Bi-LSTM)
architecture to design binary classification models. The experiment results show the superior
performances of the Bi-LSTM models compared to some other machine learning methods. A
deep early warning system (DEWS) has been proposed in [18] to predict in-hospital cardiac
arrest from 0.5 to 24 hours before the event. DEWS consisted of 3 RNNs with LSTM unit to
deal with long-term dependency problem. The model is tested on 2 clinical datasets, and it
outperforms MEWS, logistic regression, and random forest in all metrics. Another study [20]
applies the architecture of 3 ANNs for early detection of patients at risk of cardiac arrest.
The first network is a multi-layer perceptron (MLP) that uses baseline variables (age, sex,
initial vital signs, ‘). The second network consists of LSTM layers stacked with MLP layers
which uses 12 recent updates of vital signs within the past 6 hours as input. The third model
is the hybrid model of LSTM and MLP where the sequence data and static data are processed
separately first, and then fused to generate the output. All the above methods usually
outperform traditional scoring systems. However, these approaches do not have good
interpretability and may not be capable of capturing comprehensive representations of
time-series.

Some recent research has applied the attention mechanism to their models, which improves
the interpretability as it highlights those parts of the input data that most contribute to the
model's decision. In conventional sequence-to-sequence modeling scenarios, attention allows

the model to selectively learn deferentially from the more and less significant segments of the



Rapid Response System for the Detection of In-Hospital Clinical Deterioration Using Attention ... 21

input sequence. In the context of healthcare environments, attention models have received
modest acknowledgment and have been applied to tasks such as the classification of atrial
fibrillation in electrocardiogram (ECG) data [24, 25], forecasting future diagnoses [26, 27], and
predicting the likelihood of high-risk vascular disease by leveraging both diagnosis codes and
medication information. A DL-based framework which utilizes MLP along with attention
mechanism is proposed in [28]. This approach shows the competitive performance compared
to MLP, linear regression and stacked denoising auto-encoder (SDAE) for the task of clinical

prediction for heart failure patients.

lll. Proposed method

This section shows our proposed DL-based framework for an early detection system of
in-hospital clinical deterioration prediction. In this paper, our proposed method a multi-task
problem: predicting the patient future clinical status and forecasting the vital signs
measurements of the next time-point. We use fixed length of input sequence n€{8,12,24}
and a sliding step k=1 as shown in Fig. 1. We consider the task of patient clinical status
predicting as an abnormal detection problem. The abnormal status is defined as the time in
which the clinicians recognize some abnormal changes in patients measurements which will
probably lead to cardiac arrest. The overall architecture of the proposed framework is shown
in Fig. 2.

The input of our proposed framework includes multivariate time series with & features of
length 7, which is denoted as X=(z, 2y ... v;)"ER"*Y. We also use some other clinical
information are non-time-series data. Besides, we also introduce a masking vector

M= (my, my, .., my)"€{0,1}" to denote the missing value information:

Input width = 8, 12, 24 Output

b |4t ||

Lk [ |t

Figure 1. Input and output samples
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" 1, if z} is observed 1)

! 0, otherwise

After data preprocessing step, the input data go through a BiLSTM network to extract both
forward and backward latent features. We combine these two latent features and serves them
as input for the attention module to capture the important information. The output of
attention layers is then go through two different branches to predict the clinical status and

estimate the vital signs.

1. Data preprocessing

For the task of clinical deterioration prediction, we use two types of input features: the
vital signs which are measured every hour; and the clinical features which are recorded
discontinuously. In the medical context, most healthcare dataset usually face the problem of
missing values. In this work, for the vital signs, we apply the carry-forward method for
missing data imputation if data existed before the missing time points. If not, we fill the
missing data with the mean of non-missing values of each patient. For the lab tests, since
each patient has only a few records, we duplicate these values for every time point between
two records.

Class imbalance is one of the main problems in medical anomaly detection because most
of the data are normal [18, 23]. With such imbalanced dataset, the DL models usually perform
poorly on the minority class (positive class). Several time-series augmentation techniques are
mentioned in [29] that generate more samples of minority class to control the imbalance
problem. In this work, we apply two data augmentation methods as in [30] which are
cropping and label expansion. Besides augmentation, we also apply data normalization to
enhance the robustness of the model. In this work, we normalize the input time-series with

standard normalization as follow:

e @)

with z is input time-series, 1 and o are the mean and standard deviation of the input data.
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Figure 2. The overall architecture of the proposed method

2. Model architecture

The multivariate input time-series are first processed by a BiLSTM network in order to
maximize the information from both past and future contexts. The LSTM cells outperform
common RNNs by dealing with the problem of ‘long-term dependency’, using the gates that
can hold the information prematurely. For each element in each input sequence, we updated
the hidden state h, as follow:

ft = J(I/I/},.’L‘ xt—’_ Wf,h ht—1+bf)

s = tanh(Wgﬁzxt—i— W heoy+b;)
i, = tanh(W, , @, + W, , hy_, +b;) -
s =i ® 3t—1+it®3t
op =0(W, ,z+ W, hy_1+b,)
h; = o, ® tanh(s,)
with z; is the first vector at each time step, W;,, W;,. W ., W.,, W, W, W, . W,

are the weight matrices; b, b, b, and b, are bias vectors; f,, i, and o, contains activation
values for the forget gate, input gate and output gate, respectively; and hk, is the latent state
at time t. We denote h, as the average of the two hidden state vectors, which is served as

the input for the attention layers. For each input vital sign, we measure the important

information at each time point ¢ as follow:
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e, ;= Ua(W h, +b) @

with a is the rectified linear unit. Next, we calculate the attention weights assigned to the

hidden states as follow:

5 J T— (5)

T —_—
2= Z Qg5 N, ©)

Then, this context vector is processed by two dense layers for detecting the abnormal status

and forecasting vital signs.

3. Objective function

To solve the imbalance problem, we utilize the focal loss as the final objective function for
the abnormal detection task. It is an extension of the common cross-entropy loss with a
scaling factor that can down-weight the effect of samples in the majority class and focus the

model on hard samples. The focal loss can be expressed as follows:
Lclinical = = at(l - pt)ﬁ/ lOg (pt> (7)

with p, is the predicted probability, (1—p,)” is the scaling factor, «, is the weighting
parameter. For the vital signs forecasting, we apply the mean square error (MSE). It is noted
that we exclude the inputted missing data when calculating the loss function by using the

masking vector M. The loss function for vital signs forecasting is as follow:

T
L, = Z($t+1@mt+1_$t+1®mt+1)2 ®

t=1
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with z is the predicted vital signs. The final loss function is expressed as:

Lfinal = Lclinical + Lvs (9)

IV. Experiments

In this section, we aim to evaluate our proposed attention BiLSTM (ABiLSTM) for clinical
deterioration prediction on a practical healthcare dataset. This research was permitted by the
Independent Institutional Review Board (IRB) of Chonnam National University Hospitals. The
primary database used for the experimental is licensed patient data provided by Chonnam
National University Hwasun Hospital's doctors. The dataset contains the information of 2,615
patients from two hospitals. The main types of features include demographic, vital signs, and
laboratory tests. There are four vital signs: systolic blood pressure (SBP), heart rate (HR),
respiration rate (RR), and Oxygen saturation (Sa02), which are measured every hour. The
laboratory tests contain information collected from patients’ blood, including alanine transaminase
(ALT), blood urea nitrogen (BUN), aspartate aminotransferase (AST), the white blood cells count
(WBC count), C-reactive protein (CPR), albumin, lactate, total protein, platelet, hemoglobin
(Hgb), Alkaline phosphatase, Total calcium, Total bilirubin, Creatinine, Glucose, Sodium, Chloride,
Potassium. The dataset is imbalance with only 41 patients with events (1.5%).

The experiments are carried out in PyTorch using the Adam optimizer and a learning rate
of 0.0001. We also apply five-fold cross validation for training to present the generalization of
the model. We use the original CNUH dataset with the total of 317,006 time points but only
1,042 abnormal time points.

In this paper, we present an evaluation of our proposed ABiLSTM and compare the
performance with some other state-of-the-art model for time-series forecasting. As we describe
in previous sections, we perform the experiment with input window sizes n < {8,12,24}. The
two evaluation metrics that we use to estimate the performance of the models are the area
under the receiver operating characteristic curve (AUROC) and the area under the precision-
recall curve (AUPRC), which represent well the minority class in an imbalance dataset [31].
Table 1 shows the performance of our model on the CNUH dataset compared with other
approaches having different lengths of input sequences. It is obvious that the proposed

method outperforms the others on both metrics. The table also indicates that the input
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Table 1. Clinical status prediction results with different input length

Model 8 hours 12 hours 24 hours
oce AUROC AUPRC AUROC AUPRC AUROC AUPRC
LSTM 0.86+0.02 | 0704004 | 0.8740.05 | 0.69+0.04 | 0.75+0.07 | 0.65+0.06

Transformer | 0.89+£0.06 | 0.79£0.09 | 0.89+£0.04 | 0.80+£0.07 | 0.81£0.07 | 0.67£0.05
BiLSTM 0.88+0.06 | 0.77x£0.05 | 0.90+0.08 | 0.79+0.05 | 0.83x£0.06 | 0.68+0.07
ABILSTM 0.92+0.07 | 0.81£0.03 | 0.956+0.04 | 0.83+0.02 | 0.87£0.09 | 0.79+0.05
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Figure 3. Two prediction result samples

sequence length of 12 hours achieves the best results, whereas the input sequence of 24
hours generally shows a poor performance. It can be inferred from the experiment results
that the input window time length of 24 hours is too long for the model to learn the
time-series correlations effectively, whereas the window size of 8 hours is too short to
capture all the necessary information.

We also visualize some prediction results samples in Fig. 3. It is shown that the proposed
ABIiLSTM performs better than the other models, and it generally returns high probabilities for
abnormal time points. The figures also indicate the stability of our approach at low late
alarm rates meanwhile other methods usually capture the positive status later.

Table 2 presents the vital signs forecasting results, in terms of the mean absolute error
(MAE). It is shown that our proposed model also achieves good performance for this task with

low MAE in all of the vital signs.
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Table 2. Vital signs prediction results

Vital sign MAE
HR (bpm) 7.24+£16
RR (bpm) 1.02+0.3
SBP (mmHg) 5.47+1.07
Sa02 (%) 5.294+0.96

V. Conclusion

In this paper, we propose a DL-based framework for clinical deterioration prediction
attention bi-direction network. It is obvious that the reason for the outstanding performance
of ABIiLSTM is the contribution of the more comprehensive representations some from both
forward and backward path of the Bi-direction network. In addition, the attention mechanism
enhances the interpretability of our model by emphasizing the parts of multivariate
time-series that are most relevant to the final prediction. Whenever there is an abnormal
change among features, the attention mechanism captures the abnormal correlations to
speculate that an indident has occurred with the patient. Therefore, it can deal with many

complex circumstances in multivariate time-series.
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Abstarct

Entrepreneurship is a foundation for corporate growth and development through the discovery of
opportunities, and an engine of economic growth and change. However, as the research scope
of entrepreneurship continues to develop and grow, it is necessary to establish the definition. In
this study, we examine the research trends and directions of entrepreneurship using the concept
of entrepreneurial orientation, and consider the direction of future research development. For this
purpose, we used unstructured(atypical) big data, especially the text mining technology used for
the language part, and analyzed abstracts of articles related to entrepreneurial orientation from 1983
onwards. As a result, research themes were examined in four period sections, and research themes
and main words were derived in eight fields. This makes it possible to understand that
entrepreneurial orientation places more emphasis on organizations and companies than on
individuals. In addition, it can be confirmed that the entrepreneurship has changed from the strategic
selection area of the company to the essential survival factor. As a result, the area of
innovation—based survival, growth, and development has become the subject of entrepreneurial
orientation-related research. In this study, we were able to grasp research from all perspectives
on entrepreneurial orientation-related research through cumulative data for each period. It is
necessary to reorganize the data as each section in order to grasp the major research topics as
the recent point in time.

Keyword: Entrepreneurial orientation, Unstructured(atypical) big data, Topic modeling
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Table 3. Representative topics for eight research categories (~2004)

A

7

1N g8 &

e
i
r
k=)

firm (81.00)
strategic (34.00)
marketing (31.00)
business (30.00)
technology (21.00)
competitive (18.00)

manager (32.00)

value (17.00)

business (13.00)

achievement (12.00)

career (12.00)

entrepreneurial behavior (11.00)

ZH| AL & L HEA MiCh 3t
service (13.00) post (18.00)
health care (10.00) secondary (9.00)
21ichof association (7.00) start (9.00)
family (7.00) chinese (9.00)
change (6.00) distance education (8.00)
hospital (5.00) traditional (7.00)
ZH| U= EH g% NY &4 o9 T=
japanese (22.00) market (17.00)
economic (13.00) market orientation (12.00)
2ricio| venture (13.00) organizational (9.00)

development (11.00)
start (9.00)
growth (8.00)

academic (7.00)
foreign investment (5.00)
direct foreign (4.00)

|

CH=A AR

EO ¢i¢
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ZH| a4 e 4 e P
international (18.00) firm (33.00)
global (13.00) entrepreneurial orientation (31.00)
2ol business (13.00) research (30.00)
specific (12.00) relationship (28.00)
framework (9.00) study (27.00)
career (7.00) performance (24.00)
Table 4. Representative topics for eight research categories (~2009)
=H 82| XX 711 & ol
international (55.00) manager (33.00)
family (21.00) career (30.00)
ai=iciof global (20.00) gender (23.00)
born (19.00) woman (20.00)
foreign (18.00) achievement (20.00)
export (13.00) individual (20.00)
A 8 v NSl A2
entrepreneurial (284.00) service (23.00)
firm (212.00) business (18.00)
S| strategic (110.00) rural (17.00)
market (105.00) entrepreneurship education (17.00)
organizational (83.00) individual (15.00)
business (83.00) social (15.00)
ZH| 7Y gE Z8 XS 2 =7t
technology (46.00) indigenous (52.00)
start (24.00) business (46.00)
siziciof company (23.00) entrepreneurial attitude (36.00)
growth (22.00) cultural (24.00)
government (17.00) country (23.00)
sbir (15.00) self (23.00)
ZH| I 7|47 o S
university (32.00) eo (201.00)
academic (20.00) firm (104.00)
ai2ici0f private (18.00) risk (72.00)

social (18.00)
institutional (15.00)
public (14.00)

study (70.00)
relationship (69.00)
performance (68.00)
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Table 5. Representative topics for eight research categories (~2014)
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ZH| FAH 7|7 o &S
university (78.00) entrepreneurial (618.00)
country (64.00) business (241.00)
22110 entrepreneurial activity (41.00) study (211.00)
national (39.00) risk (196.00)
institutional (37.00) relationship (139.00)
level (36.00)
ZH| A 3 =7t A 3 H3t
indigenous (60.00) service (55.00)
japanese (28.00) career (42.00)
21510 venture (28.00) value (37.00)
health (23.00) growth (26.00)
low (22.00) design (23.00)
chinese (18.00) organizational (21.00)
ZH| 27| Hel 3 oy
firm (387.00) student (84.00)
performance (197.00) self (70.00)
221510, sme (140.00) entrepreneurial attitude (50.00)
relationship (129.00) gender (43.00)
family (121.00) individual (37.00)
woman (32.00)
= 28 N3/ 712
firm (395.00) social (72.00)
market (247.00) sustainable (32.00)
221510 strateg?c (190.00) economic (31.00)
marketing (130.00) rural (26.00)
innovation (123.00) post (25.00)
career (7.00) performance (24.00)
Table 6. Representative topics for eight research categories (~2019)
K| 7|9 Mt Atg] Hat
firm (703.00) social (51.00)
performance (315.00) environment (41.00)
2riciof risk (295.00) visual (38.00)

relationship (222.00)
level (199.00)
proactiveness (198.00)

affordance (33.00)
post (28.00)
people (26.00)
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ZH| 7|49l Mt Atg| Hst

ZH| a7 71571k ohRAAY
firm (1002.00) international (349.00)
sme (570.00) family (303.00)

2o relationship (544.00) export (95.00)
market (519.00) foreign (83.00)
performance (465.00) global (72.00)

| 71718 TS B
business (163.00) country (89.00)
university (161.00) national (67.00)

21iciof technology (136.00) cultural (65.00)
public (102.00) indigenous (59.00)
economic (97.00) self (54.00)
innovation (77.00) institutional (52.00)

ZH| A2 71 EO 9+
social (305.00) study (388.00)
entrepreneurial (180.00) individual (233.00)

21| entrepreneurship (139.00) business (220.00)

sustainable (127.00)
sustainability (71.00)

student (214.00)
self (210.00)
result (194.00)
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Abstarct

This study estimates the ignition point in the event of a fire using sensors, and designs a
shortest-distance evacuation path generation and evacuation direction guidance system using the
Dijkstra algorithm. In the event of a fire in a building, many evacuees can succeed in escaping
if they are guided in the optimal path for escape. Therefore, in this study, after identifying the
exact ignition point using a temperature sensor, the effectiveness was verified through tests so
that many evacuees could safely escape from confusion by accurately guiding the safe shortest
escape path to a display that improved visibility.

Keyword: |oT, Disaster detection sensor, Algorithm
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Figure 2. Evacuation direction indication
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Vibrations generated in mechanical system are constantly measured for the purpose of fault
monitoring and malfunction detection, mainly by measuring the vibrations at key locations using
piezoelectric point based sensors. Recently, object recognition and image based signal processing
have been attempted for condition monitoring of the target object using frame based cameras,
and various signal processing techniques are being developed for commercialization and practical
application. Recently, there has been growing interest in the development of event-based vision
sensors, which focus on the movement of the target object, as they have advantages in measuring
high—-frequency vibrations from arbitrary positions of the target object. However, research on
visualization of the video itself has not been extensively conducted as vibration measurement of
mechanical equipment using event-based vision sensors still primarily focuses on deriving vibration
signals through image processing. In this study, we aim to introduce motion amplification techniques
for visualizing vibration signals that can be derived from videos, and discuss the potential and
possibilities of applying these techniques in practical settings using event based vision sensors.
Furthermore, we intend to examine the potential integration of motion amplification techniques into
video—based condition monitoring technologies using event sensors in the future.

Keyword: Motion amplification, Event-based vision sensor, Vibration visualization,
Condition monitoring
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(a) Low value case (b) High value case
Figure 1. Example image of rotary machine by event based vision sensor according to trigger criteria
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Figure 2. Block diagram of motion amplification process
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Figure 4. Step 1: input data pre—processing for belly video
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Figure b. Step 2: definition of ROl and application of low pass filter
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Figure 6. Step 3: motion amplification of filtered images



(a) Original video

(b) Amplified video
Figure 7. Motion amplification results
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Table 1. Specifications of the event sensor

Model: PEKAMHDCD

Resolution 1280 x 720 pixels

Pixel size 4.86 um x 4.86 um
Maximum event rate 1 G events/s
Dynamic range > 120 dB

Casing dimension (mm) H38 x W38 x D50
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(a) Original video

(b) Amplified video
Figure 8. Motion amplification results for example mechanical systems
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Abstarct

The job recommendation system is a system that automatically recommends the most suitable
match to job seekers (or job seekers) based on the information of job seekers and companies.
Recently, various artificial intelligence technologies based on big data are used to increase the
satisfaction of recommendations. In this study, we multi-dimensionally analyze data on the results
of the existing recommendation service provided by Worknet, a representative public job placement
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portal, and aim to use it as an initial study to suggest improvement plans through personalization
in the future.

Keyword: Big data, Artificial intelligence, Recommendation algorithm
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Figure 1. Advances in recommendation systems
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Table 2. The matching rate and threshold of job seekers and employers
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A Study on Clustering-based Color Extraction Method for
Pill Classification
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Pill identification is one of the most important tasks to ensure drug safety. This study proposes
a method of simplifying the color of the image and extracting the color in order to recognize the
color of the pill with a limited number of images. To this end, the image is first converted based
on the HSV method for accurate color recognition, and then the brightness is adjusted. Next, the
color of the image is simplified through color quantization, and the color is recognized based on
the main color.
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Figure 1. A result of brightness conversion based HSV
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Figure 2. A result of color quantization

Table 1. Color identification based RGB

R G B Color
230 OJA 230 O& 230 Of4 white
230 oY 110 Ol 120 Ol 230 DIt orange
230 O 110 OJgt 120 OfA red
230 ojgt 180 Ol 230 O} blue
230 02t 180 Of4 230 0Oyt green

(149, 208, 251.)
[218. 227. 244.]
(244, 76. 84.]

[0.60146256 0.35112144 0.047416 ]

Figure 3. A result of color identification
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Figure 4. Results of color extraction of pill
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A Study on Tree Recognition and Classification
Using LIDAR Image Data
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Abstarct

As artificial intelligence technology develops, a method of classifying various images using images
is being used in earnest. Using this artificial intelligence technology, a study was conducted to
recognize and classify images of trees photographed with LIDAR. When learning trees of lidar
images, in addition to lidar images of trees, photos of real trees, images of leaves, and photos
according to the growth stage of trees were studied together. By using LIDAR images of actually
photographed roadside trees, CNN models were used to derive results for tree species classification
after learning. The correct answer rate increased significantly from 6% to 90% from the 1st, which
did not learn lidar tree images, to the 3rd, which learned lidar images. However, when learning
lidar images through learning, it is expected that tree classification through lidar images will be
possible enough in lidar images. However, due to the image characteristics of LIDAR, it often
overlaps with images other than trees (buildings, roads, cars, walking paths, etc.), and due to the
characteristics of tree objects, only a part of the leaves is captured or the tree shape is not reflected.
In the future, it is expected that improvements in these images, increased resolution of lidar images,
and direct technological improvement for lidar 3-dimensional information rather than pixel images
will be required.

Keyword: Lidar, Tree classification, Image classification, Machine learning, CNN model
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Figure 1. Photos taken in Suwon City using LIDAR



88 dlH|O|E{AHIASES| =2 H1# H15(2023)

o AFe oA 7tRavt AXE AHS "*J_i A& Aot
24 AHL YA SEAH AR AABA Y 9ud A7 A0 =29 VIESE gigeR
ZA59oH 24 7172 20209 10¥5E 1197 £ 27197t 2ot} HlojglE &4519ch

V. O|OIX| Heh A =5

243 Soltt HolHE Julor $BS 2E390 AFUS B dojskag AsteE ol ¢
ENAS I $8F 4 Q] HEe] AYeld Fe1d 4 Qe ojnlx] BHAR WE U 42 0|2l
312 A, choltol B2t A3, JIeA SR 2 MY Wi Aol B A4 A

Sls}7] 918 etolct wole 9

[

ofelgo] Q] ThEo] ASSIGoM EE SE0] T 45 U FAL 3
o A A2 AT 22 $ D 0 ZAS Bl Az

E >{
Iy
o

dasio] $22 Felsjgirk



2HO|Ct ke LIOIHE #8% +5 ¢4 & ZF0il thet 27 89

elolc Bloleo] 49 How olshil 334 Holeolua ofulx] BAF A% ojn|A7t o] Ak i
o Telsh asith wuo A9 480 54 @ 49, 99 47, ol 5 4% ERold 8 4 9

F0 ARE daeizo] HIY 5 Q7] o] 520] duio] F Mol P FHoR A S 44
stoic

A4 etolchelolelol i TlaRst Aol U] 49E Feld 4 Sy Hulo) A9 Lro] B 3
3ol TRssto] LRo] B0l B4 1] ofein duiolut ojolar|Eele] A9 U5 B4
e selE 4 9ou} ojolar|Ed u A9 Aol 9% 7o whebd U] S4Hel By
5lo] 74 Bolgion eolct ojnlx] B4 A FANE AR o8] ERolN QRow B4
T R
lolavEd BE F2 B8sk] U5 ojnxg g Ausit

~

o.
)
=

]
-11.°~ rir

0 2 mo &
o Mo
=)

(@) Plane view (b) Elevation view (c) Iso-metric view

Figure 5. Tree views captured in LIDAR images



90 "dlH|O|E{AMHIASES| =2 HM1H H15(2023)

A9 AnRolt BEEO A9 oldl HolHE Jut sl 45 Hel W ¥
Zlo] ol@7] WEe] 2m ol B U AFSEOH A 42 4Y MIIE A 2s olg 2%
o] g B 10B(SBUR, MU, o, e, S, B, SEUE, dEpgole], &

B o2 AL WIol ol 45 Teislo] thEKoR Bol AEle] G 4% 105 Agsidt

V. 24 YU

4 WH2 CNN 7|HS E-85190tk. CNN2 Convolutional Neural Network® oJu]z]9] 337+ HJEE
FAG JHIZ o] 7hstt HEE £50% EAS 5T U §lo] HolHERY Ay dsdks "Eld
< 9 AT opF[EiAo|th. CNNE 2 o|n|R[y F4 Hlo[eE AT Al @Wo] S&=l=t] J/dold A
A, G2, A QR 22 gES 25 ) 5851 ow]R] Q14 Fofeh 22 Fopoji] Wo] g1 qlrt.

Table 1. Tree species selection

== el =
LR Ginkgo biloba Deciduous broad-leaved tree
ST Prunus sect. Cerasus Deciduous broad-leaved tree
ojgLIR Chionanthus retusus Lindl.& Paxton Deciduous broad-leaved tree
LE|LIF Zelkova serrata Deciduous broad-leaved tree
UHELE Platanus occidentalis L. Deciduous broad-leaved tree
HiS LIS Lagerstroemia indica Deciduous broad-leaved tree
HELS Acer palmatum Deciduous broad-leaved tree
HIERMZHO| O Metasequoia glyptostroboides Deciduous broad-leaved tree
ALUR(EE) Pinus thunbergii PARL. Evergreen coniferous tree
it Liriodendron tulipifera Deciduous broad-leaved tree

Input Caonvolution, Pool, Convalution, Pool, Hidden Output

Figure 6. Structure of CNN algorithm
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Figure 7. Tree LIDAR image analysis algorithm
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Figure 9. Tree image change by season (Sawleaf Zelkova)
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Figure 10. Tree images (Sawleaf Zelkova)
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Street tree form

Figure 11. Street tree images

Leaves, bark, fruit

Figure 12. Tree detail images
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Figure 15. Learning model evaluation results
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(c) Maple tree (d) Ginkgo

Figure 18. Comparison of real trees and LIDAR images
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Figure 19. Judgment incorrect cases
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Figure 20. LIDAR image examples by species
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Table 2. Learning model image prediction result
N 1xF GI= HEHR 2%t M= HEHR 3t o= HEHE
SILER SIS 0 2L X BILIE 0
SLIT2 SIS 0 LS X BILIE 0
SILIE3 UHELIZ X 2HLE X BILIE 0
HLF4 LHELF X 2L X 2L X
S LHELF X 2L X LT 0
HLIF6 LHELF X 2L X 2L X
HUE7 UHELIZ X HELUF X SHLE 0
HLHE8 UHELIZ X HELUF X SHLE 0
) HELE X HUE 0 SHLE 0
SHLIF10 HLE 0 AL X LT 0
SHLIE11 OIELIZ X 2dLE X HUT 0
HLIF12 O &Lt X LELR X SIS 0
2L HIERIZI0I X LS 0 ;LR 0
2ALIF2 SIS X 2HLE 0 ;LR 0
SHLE3 HEUTF X 2dLE 0 ;LR 0
2LR4 HELUR X 2L 0 2L 0
SRS HELUF X 2L 0 2L 0
2HLIF6 HEFMIZHOIOf X 2L 0 2L 0
2dLIET HELE X 2LE 0 e 0
2HLIE8 UHELIZ X 2dLE 0 =ALE 0
2L OIELIR X 2dLE 0 SHLE X
2dLF10 ST X 2lLE 0 SA;LLR 0
2YLE1 UHELIZ X 2dLE 0 Sl 0
caLIR12 shigt X 2dLE 0 AL 0
2213 SIS X 2HLE 0 ;LR 0
ALIR2 L) X ENEUS 0 ALE 0
ALE3 OIHLF X LEILIR X ALE 0]
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