Journal of the Korea Institute of Information and
Communication Engineering

o2 ™M 2 E4ISHS| =2 X|(J, Korea Inst, Inf, Commun_ Eng) Vol. 18, No, 12 : 2885~2890 Dec, 2014

E0UE SaiAE M UIETOIM SIX| FFES S8t AIX
Ef

Constructing a Support Vector Machine for Localization on a Low-End
Cluster Sensor Network

Sangook Moon

Department of Electronic Engineering, Mokwon University, Daejeon 302-729, Korea

2 <

T 71 A1k WS mdste] ALK ol tigt 9121 ghofshe i o] TAS WAL ATk @ 7] AIS ¢

& % AXHE A 22 a8 Qo] FEaky] 7HHskL, W R 428o] 7hsslth. gtz 2|utol= 2hal 7]
sol Yot Al leE2 AR A] QIE Ul 2R EZ-E ARGl ohg UEY A Ze]2E o] 7hsotet & =il A]
© grold 22 doj2 AR ulE u Al sk, St o] ehzul2jute] 5 ARg-Sle] A Al sk AlA W=
YA} 57H] =S 7H] R R ShE X ES o] T YYAE st A NA $-2ls chekt ghetulE
S BAE7IEA ALY U EQSE dske] &, AR, Hej&=g Bl shxee]ato]of K 1t
et mme] gk FEJAN A S22 9 k= WH 0] H3-E FEE] kAL, AR E w Al 7] ASks
S ARgSEo] AlA = 0] QIS4 A A o2 a5l

ABSTRACT

Localization of a sensor network node using machine learning has been recently studied. It is easy for Support
vector machines algorithm to implement in high level language enabling parallelism. Raspberrypi is a linux system
which can be used as a sensor node. Pi can be used to construct IP based Hadoop clusters. In this paper, we realized
Support vector machine using python language and built a sensor network cluster with 5 Pi’s. We also established a
Hadoop software framework to employ MapReduce mechanism. In our experiment, we implemented the test sensor
network with a variety of parameters and examined based on proficiency, resource evaluation, and processing time.
The experimentation showed that with more execution power and memory volume, Pi could be appropriate for a
member node of the cluster, accomplishing precise classification for sensor localization using machine learning.
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II. X|X| HiE] HAl(Support Vector Machines)
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Fig. 4 An experimental test bench of a Hadoop network
cluster with 5 Raspberry pi sensor nodes
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Fig. 5 Output plot of Pegasos with python mrjob on the
test cluster
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Cluster Summary 2nodes | 3nodes | 4nodes | Snodes
Heap Size (MB) 263 263 263 263
Comfigured Capacity (GB) | 14.39 | 21.59 | 28.79 | 35.98
DFS Used (MB) 10.52 | 8.69 5.95 3.09
Non DFS Used (GB) 6.31 9.38 | 12.47 | 15.68
DFS Remaining (GB) 8.08 | 12.21 | 16.31 20.3
DFS Used % 0.07 0 0.02 0.01
DFS Remaining % 56.12 | 56.55 | 56.64 | 56.42
Live Nodes 2 3 4 5
Dead Nodes 2 3 4 5
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