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ABSTRACT

Smart City uses IoT-based ICT to solve various urban problems such as traffic, environment, and facilities,
so that citizens can enjoy a convenient and comfortable life. The IoT-based smart city service is based on
artificial intelligence platform technology that collects, stores and processes vast amounts of data generated in a
smart city, and makes predictions and inferences by machine learning. In this paper, we briefly review
technologies for real-time big data analysis platform development for application to a smart city and propose
an architecture for real-time big data processing. In order to verify the big data processing architecture for a
smart city, a TensorFlow-based real-time data analysis module and a data visualization module were added to
construct the overall data flow. The platform proposed in this paper enables real-time data processing for vast
amounts of data generated in a smart city, and the smart city manager can apply the desired machine learning
model and check the results of prediction and inference through the dashboard. It is estimated that the

proposed real-time big data analysis platform will contribute to solving urban problems.

First Author : VReducation Co., Ltd, Ims7140@vreducation kr, &34, 43|l
Corresponding Author : VReducation Co., Ltd, huns@vreducation.kr, tH3to]xl, #3]<]

*  VReducation Co., Ltd, kmsjks79@vreducation.kr, %%]%J; Namutech Co., Ltd, hongjoon.kim@namutech.co.kr, % 3]<]
& 0 202011-273-0-SE, Received October 28, 2020; Revised January 12, 2021; Accepted January 12, 2021

B AT 2vhEAE SAAEYERAE(10.20200167753) 2] AH] A9l Slaf SasIedsch
*

401

www.dbpia.co.kr



The Journal of Korean Institute of Communications and Information Sciences "21-02 Vol.46 No.02

47 A1delme) A A4 FHoR HemT g)
= AULEAEE EAoA] Wik W) 37, A1
2] thfgt wA] #AIE AFEIEIY 7Rkl A RE
A7eE Zgsto] siAFema] AlNlEe] Helska
A3 Qe o = == I}
2mtEAE] €] 7|Hle] =]i= [oT(Internet of Things)
7]5% BE AbEe] AlA dlelel S st Az
o= dolHE e o oMl 3k AAke R =2
I e e R i I B L
2~ntEE] 18| =(Smart Water Grid), 7] 2=
Slak A58 Al ke Te)E(Smart Grid), T
2| A 28 A ZE A EA R ] A A So] A
PFEAJES PAShE R AN Ra] BA] A5
o] gke] AL A F Hlom Aol
219} 22 10T 7|HE] AmFEAJE] Au| e 2vtE
AJEjol|A] A S WlRE oFe] dlolelE 4, A1,
2|28} 717135 (Machine Learning)ell £J3} <=
2 328 e dFAe EYE VIS ke R &
t}. 7182 QlFAls EF 7lse] WdolHE o]
slo] A9 ’Hﬂi jJr"‘f‘Sl** F=roldetH, 2rkEA]
Ele] QlFA5 FUHE e T4 TAE A5H
o]a FEAoE Ay T AEst ARl=E Al
Faflok gl
2ntEAElof] H-8-517] 213F W3k ok dlo|elE
A8k QA 7]?"1 ZEE| AL glem <lEA]
%94 Held 7es ks 7E= dlelH
HES A”ke= °4-'|1 Zleg =] glept,
x| ut 7]l = TRl dlole] ] §3te] 875
Ardellx] =gl gt A= ok AellA] dlolH
7F 3 2 el g gARe] vl ~vtE
ATE] ARl A ellA] EAEhE dlolE|e] H3kA<l
TS 87sP] witel JIFAs FUHE Ve F
Il dlolelel] Higk AAFel A iAol 7hs3E
TYPF R WAAT| ) el
9ot 222 Hdlele] 7]uk Q¥R EAES 914
A= B dloly] Az 7)ol Hashet &) Al
A7k Wldlole] 25 ¢]s Kafka, Spark, Storm3}
AL 7lEse]l wel ueb slem, o] JeEd
Netflix, Ubere} 72 wldlo]e]E thi= Au|2ol
A= AL glek
2rtEAE] 9] tlekgh A eane) T eE] WAt
= WHigh oFe] dloJelE o]83te] H3Hl Aul~

= Ag3b] fleiAd o] Sellx] REAsk= dlolE

oln r

i

402

3 Lo R Al digF diolelE AR 2 A
& 5 9l opl Eﬂxﬂ sl wEpa] 2 =l
= 2mtEAEC] 283517] $18 AAZE vldlole] 24
ZNE N 1Bl disl 2R AR ARk
Hdlole] A& 91t oF|dAE Aljkstas} gk

Aol o]o] 27 ol M= AAIZE WldlolE] A Zd
Foll gt o] 24 wiHE 7|Edlal, 3F = & =
oA Ak wldlele] Ae] oly|Elx W AgA}
g2 Augich viA e 43 el AR Y g5 E
A A1kl

. 0124 HHA

o]l Aol ¥ ol ARkehs ZrhEAEE
21gE AARE HElelE] opEAE AR o HlolH
o) AR AN AEH s sl
E9] 7|EAql Mda}p Zbzte] = EXFYH & o] 24

w73l uus}oa o).

2.1 Kafka

ofx}=] 7]—:7;7]-(Apache Kafka)©= ©J9}x] AZES9)
o] Acto] /N ©3F fos HAL W|A]R] A2] AlE)
olck 77| HlolE] 7] =9l HIAIR]|(Message)
2 dlofEulo]=e] dJ(Row)eltt | =(Record)l
Al w3k 7hEgle] wAA|= 2 (Topic) &%
e, o= dlolElulo] 2~ Elo]Eolut Fhel Aj
gl Frie} FUdgk /Nds 7RIch wAIAE vl 2E
o] A8 Aol ohzl #d Alxa"lel| AAslr] wf
ol AR} o] FAEo)E A28 el 3
+ VAR Gl

7tz E=F AAZE Al E3fEle] &4 7}
53 He7-E(Publish-subscribe) EE-E 7oz

Aelglw]  =A ZZFM(Producen)®} A4
(Consumer), B-Z7(Broker)® 7%t} ol <13
producer producer producer
\‘"‘/
kafka
cluster
‘-/“\‘
consumer consumer consumer

a2l 1. 7pEg) we)-TE mE 1z
Fig. 1. Structure of Kafka Publish-Subscribe Model
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