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[Abstract]

The growth rate of the social media market, which has recently entered a mature stage, has turned to an upward trend again
with the outbreak of COVID-19. The number is 4.52 billion as of January 2022, and the amount of data produced is rapidly
increasing accordingly, and the technology for analyzing it is also developing. In order to analyze and utilize these social media
data from various perspectives, existing spatial structured data and convergence analysis are required. Due to the nature of social
media, data must be analyzed in real time and spatial information must be extracted for convergence analysis. Therefore, in this
paper, we propose a system that extracts spatial information in realtime using Storm, a real-time analysis framework. As a result
of the experiment, when using 15 executors, delay times of 377.59ms and 25.03ms occurred, but as a result of using 34 executors,
it was confirmed that the delay times of 338.05ms and 24.23ms were reduced to 39.54ms and 0.8ms.
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Fig. 1. Korea Big Data and Analytics Forecast, 2022-2026
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Table 1. Types of SpaceEval spatial information tags
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Table 2. Kafka Spout Opaque offset settings options

parameter description
The kafka spout polls records starting in the first
EARLIEST offset of the partition, regardless of previous
commits.
LATEST The kafka spout polls records starting at the end
of the partition, regardless of previous commits.
The kafka spout polls records starting at the
TIMESTAMP | earliest offset whose timestamp is greater than or
equal to the given startTimestamp.
UNCOMMITTE
D_EARLIEST, | The kafka spout polls records from the last
LATEST, committed offset, if any.
TIMESTAMP
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measurements, and updates analysis results to elasticsearch
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* Example of a syllable-based model for Korean
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Fig. 10. Deep Learning Model for Spatial Element
Extraction based on ELECTRA

PATTERN MARK : [$] NER TAG, [%] Lexical, [#] Sem tag, [@] Morp tag
HEIA BN 23/ WA THE FIRE 5 2
Galaxy/#phone + $20/@num_eng + Black@eng + 128 GB/@unit
Galaxy S20 Black 128GB .
#phone @num_eng [{3] @unit

o

Galaxy S20 128GB

Ph phone + SE _eng + Gray, g + 256GB

iPhone SE6 Gray 256GB iPhone SE6 Gray 256GB

#phone @num_eng [(3] @unit
iPhone/#phone + 11/@num + pro/#edition + 128GB/@unit
#phone @num [(3] #edition [(3] @unit

AF/N +10/NU + F/ND + - 21E/N + HI H/N + AN + 713
S/V+ /I +AAX

@NNG @NNG [(3] @V [=0] I@ETM
6/NU + 2/ND + 25/N + 3/NU + AI/ND + ZEIBH/V + =/E -
@NU @ND @NU @ND

iPhone 11 pro 128GB iPhone 11 pro 128GB

45109 So= A m3

EA7E s A0 g msf sCt

o2 o8 ol 2w suenn

* Example of Keyword Extract Patterns for Korean

a8 1. 7I9l= FE2 2ol 75 of2] 2o| oiE ofAl

Fig. 11. Example of Lexico-Semantic Pattern for Keyword
Extraction
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Dashboard

Cluster Status

Realtime Analysis Status Chart

API Usage Status e API User Status

...............

o

1292 1136 156

Analysis Status by Day / Week tar date

18 12. A= CIE{HO|A OflA|
Fig. 12. Example of Dashboard Interface

Knowledge Reflection Status

Dict Management

a8 13.
Fig. 13.

X|AlHo|A 22| QIE{H[O|A ofA|
Example of Knowledge Management Interface
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AstSith A2 B =TE T3l Yol Ao EFE 5
7} 2] Fo] 7hssihd, AR AAe] gk gee 9 /2
7% o) ¥ 2=(Bulk load) 715 X3t}

V. 24 HXAE
o ATA] A B FES AARE A A2EE HAE
37] Qg o7 A% FEAHE dHA kB 1|,
vlo]# = 3|2 %3191 1L, Elasticsearch®} Kafkat= 1
o] AMuje] =7 A o]H(Docker Container)E o]-&3}o]
TSP A o] APGE <3 2>} A
2% ZE&He] bl Y AEE ) 7
== 9AWorken) o] ¢} 2258 (Executor)e] &
AR ¢ Qi FEbtel A= NS AAE ABAL
31, A= NS o ~FEE YA 5= Qi) Z4zte] o)~
FrEfol A EZ2 X0l 2] Spout®} Function, Filter
A A71E dEs

9 14>} A

0]
b
o

o=

gt 2Fe] BEEwA] g e <

2. HAEE It AAZE 2 AJAHED M| ARF
Table 2. Server Specifications for Testing
Server Name CPU RAM
Storm Cluster Intel(R) Xeon(R) 48Cb
(Nimbus 1EA, E5606, 2.13 GHz, (4Gb * 12)
Supervisor 3EA) 8 core
Intel(R) Xeon(R)
TextMining server E5-2630, 2.4GHz 1286Gb
(16Gb * 8)
32 core
i Worker

a8 14. A5 EEEX| A8 x
Fig. 14. Storm Topology Execution Architecture

http://dx.doi.org/10.9728/dcs.2023.24.1.79

86

Aol M= Fuutol A e i 17He] A ZRASE
Ageles A5l HHAE B3] EEEAE HlEsISIT)
EZz2 9 AA we} JAF7E = AgET, <" 9>
o] EZ A IR 20X A o' A dAFto] o] AYa)
= Kafka Spout$} TextMining @A A& AAFEHE F7}
gate] A4S s3It

218 MBS Kafka Spout®t TextMining ©HA12] 9] 2~FE
WA 7F, 107 9] 372~ 7IARE A - gArE R
Jl= A8 A AAZHExecute Latency), ZZ2A|2 XA
ZHProcess Latency)¥} 715 E(Capacity) & S} 23
A AAIZRE A WM E(Execute Method)ollA] F-Z0] AH]
sh= B Ao, ZEAA g7|AE A FAlE FE
& BAekE Al Ha Alztelt). 7hsES dl| Tl
A1) EEE A AREEO R B 4 glom, <2 153 ol
YeRd 5= o} 7FsE] 1.000] 2AFEE A5 sllE whAlel ¢
2FEE 7 dRete] H A s EERXE AAE 5 vk

3

=
=

>
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383.76mso. = AN, 7FsEC] 0.951F 2 Ee]
A3 LS OiFE AREEa e AE 11 4 vk
TextMining ©412] 749 25.03ms, 24.51ms, 0.12% =4
%At} TextMining Tl 371¢] J~FEIE st 23
29 739 Kafka Spout™= A8 13} AR UERsth 314
T AFEE F7) &3 TextMining?] -5 2 8/Z 24
22 AAAIZke] Zb2} 13.3ms, 10.01ms #AAES g3tk
ol F7} &9 TextMining o] 2AFE oA HHE 248
Ty mef vepd @do =z B 4 vk A4 32 Kafka
Spoutol] 370¢] 2FEE g3k Ax} 75.2ms, 76.2msE
AE 1,2 OiH], 2F 80%2] A AR A7 ATt AR E
E2A) QYEE FEO FvF FASA FUFshEA
TextMining ©AY] Z2ZA2A AR 60% 7V Z718)
Ak A 49 A4 TP R oJAFHE U 29
A5 A DAL AIRE 7AYo, Ad 5~79] -
) ~FHE 571 Feitiet®E AAAIZte] AR e
o]l WAESItE o= HTTP APl HHz BAlsh=
TextMining €1x1] 445 &A1= &1 At



SIEE =55 2|8 Storm 7| gF AA[ZE 24 A|AR] M 31 oH
T 3. Executor 50 M2 24 &2 A7
Table 3. Time Required for Analysis According to the Number of Executors
Experiment Num Assigned Kafka Spout Kafka Spout Kafka Spout Usdilhing Jexdilng TextMining
Wuisey | Beadar | MamliE) Iateﬁf:ff?ms) Iat[c)arr?giﬁs) 12 Iateiéf/((:ms) Iatperr?((::ye(srﬁs) capacity
1 15(1,1) 1920 377.59 383.76 0.95 25.03 24.51 0.12
2 17 (1,3) 2176 397.24 398.83 1.01 1.7 14.50 0.11
3 19 (3,3) 2432 75.28 76.22 0.47 5.15 58.40 0.11
4 22 (6,3) 2816 39.73 39.64 0.49 3.38 33.42 0.11
5 25 (6,6) 3200 36.99 37.0 0.49 1.32 39.09 0.051
6 28 (6,9) 3584 41.28 41.31 0.53 1.08 36.72 0.044
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