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Approach of Data Analytics Technology and Digital Business in JRC
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Abstract
While this article describes the direction of “data analytics technology”, which is one of JRC core technologies, and as
examples of tackles utilizing digital data, the utilization of IoT data acquired from marine equipment, utilization of time
series data acquired from weather / river information system, utilization of image data acquired from an ultrasonic array
sensor, and utilization of sensor data acquired from an acoustic sensor with broadband frequency characteristics are
introduced respectively. Furthermore, the deployment of digital business utilizing data analytics as digital transformation is
described, and future tackles and issues are shown.
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Fig.1 Utilizing Data Analytics
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Fig.2 Progress and Application of Data Analytics

—7ﬁﬁﬁﬁwﬁ§®ﬁﬁﬁ%mmﬁﬁwﬁuéﬁt
5O U OFREFEBICBNT, vy F—yLEbND
L) BKEOT = BHELNLEERRIIEHTHY, &
BWT = ZIZX B0 -, b LAIZERHToT—%
TN - FEHPTELI kO NE, £/2, I viavy
JIVTANDNGEY AT ARAI - HEA V7TV AT L%
WHZH 7o T, G T OEBENK O HBRELD
FRVPEHELZLIFHEBICEEL v, 61, ThHo
S AR B oo, LT -5 2T,
HARSHEUHEOER 2 &2 XY, EMEILT— 5 OF N
VETH D,

COXHIC, FHERERLY)L-—Var BHE-—%
B 2 CT — & Tl & IR - kL, XDE<0h
B, W, VAT LA, Va—Tva vi@EfsETnz
ENEECTH L. TORYMADEFNIOWTKRD [3. 7—
Z GO MAFH] THRMNT 5.

3. T —ZERADIRY) BHEH

3.1 MHFEEERRMS T — 2 (2 & B EES

LTI~ VY RATAIZBWT, RO BEIRE
AERENBEICLIYVE=ZS Y VT H)E—PA YT
A A5 2 (RMS: Remote Maintenance System) & 5355
R WitERE 2 f2dt LT 2 @, [KBITHI R RM SO &[]

ERTY o

RMS’CHX S L=y TF—% (LLFRMST—%)

2L, BRBROERFORELBLOBRENPEHMINTEY,
kJ(LF)'i' ST A LT, BEMPEZZITLIENTE
%o

FEERATOZWIL, RMST— 4 & & QIS EDREN % 7 —
FRX—=ZALL CANWC AT 5 2 L CHREMLEXSL, 22
T, MARGBZOBEEDFERESNIRON L0, AlOFH

2L 7 HRMST — & R E ORGP AR S 50 €T,
AI@:IT X, XA Y74y b7—2 © (BN: Bayesian
Network) %M L7, BNIZ, @EEFEH R EEL TP
LW =5 TEHTE, NHOMBME s3I b
BHSNT WS,

(BAfFLAR—F) BREBROT — 2 9WRIMET T 2IVE TR IANDEY) A

PAEIZX Y, RMST— ¥ ICAIHT i 2 iGH$ 5 2 & T,
BEEFEA R OB EFI B ORE 20 LS4, Al - i
B AEERL, EMAY Y 2 — VA DOEEERMET B,
—7J5, RMSTHUS 45 E=4 1) ¥ 7/ F =¥ 2 &8, 57—
YrERTHI LT, METFIMBAMOEB S TEEICR S &
EZbNDe FEENDOTHREY — kx@kﬁ#%ﬁ?‘ét,
CORY A LMD TN L,

BE ©

L

ISON/ 7% FEIR

OBER
QIRCHFE—F , © VE-FAVFFVAVATL

X3 fHA#ZRRMSOHEX
Fig.3 Conceptual Diagram of RMS for Ship Equipment
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Fig.4 Conceptual Diagram of River Water Level
Prediction System for Decision Support of Evacuation
Advisory or Order
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Fig.5 Conceptual Diagram of Deterioration Diagnosis
System by Ultrasonic Array Sensor
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Fig.6 Conceptual Diagram of Equipment Diagnosis
System by Acoustic Sensor
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