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"TERRIFYING NATURAL
DISASTER FOR ALL
MANDKIND IS VOLCANO
ERUPTION”

Merapi volcano has given big many disadvantage and
also can be categorize with biggest eruption on the
' world. Merapi volcano can be categorize very
dangerous because according to modern research
records had having eruption every two to five years
and Is surrounded by a very dense settlement. Since

| | 1548, the volcano has erupted 68 times. |
|
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= |ssue come up after disaster occur there is need to make
workload performance efficient and effective to support ,

any response for Disaster I\/Ianabement &

= There is need workload performance that can handle |
large spatial database | ~‘.J




= |n order to achieve efficient and effective workload
performance this research propose Workload Prediction
for Large Spatial Databases. |

= Careful selection of knowledge, élgorithm and approach
to support this study |

S e —
. r !




e
O
=

= How to give effectiveness and efﬁciently prediction of
workload prediction to large spatial databases.

OLTP, or MIX of them.
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= How to give prediction when incbming workload are DSS,
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= To proposed effectiveness and Jﬁiciently workload | 7 (gl
prediction technique to large spatial databases system. | | |
| | b | |
= To automatically predicting a DBMS workload as either i |
OLTP, DSS or MIX. | | i |
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An approach of Pruning Decision Tree for large spatial
database.

An algorithm of Workload Predic!tion with Pruning

Decision Tree method.
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Large J)
Repositories
of databases

o

Hariharan et al., 2007
SK queries with novel
Indexing data structure
called KR* tree for
processing SK queries

 Large spatial
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- SPATIAL DATABAS
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and temporal
datasets

L. Wang & Cheng, 2007

SDSS implemented for
on-line flood forecasting
and flood risk mapping
disaster

Large scale
crowd
evacuation

¥

Zhan, Lo, & Yuen, 2010

GIS implemented by |
urban emergency
decision support model
for large scale crowd
evacuation
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Large Urban

Geological
Inqormation

*

Case & City, 2011
The research analyzed
the requirements of
geological safety
supporting system for
mega city regior|13

Searching In
Large Scale
disaster !

Q |

Hayashi et al., 2015
Search method that
searches a database
storing many scenarios
of disaster simulation
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Decision Tree
(Elnaffar et al., 2007)

Is it DSS or OLTP: automatically
identifying DBMS workloads

Issue in Large Data

Decision tree

(Savage & Williams, 2012)

Performance Improvement in DBMS

Issue in Large Data
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Discrete Fourier Transform
(Holze et al., 2010)

Towards Workload Aware Self-
Management: Predicting Significant
Workload Shifts.

History does not match with response
DM

Fuzzy Logic
(Abdul et al., 2014)

Database workload management through |

CBR and fuzzy based characterization

Membership function issues
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Workload Classifier
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Some configurations that have
been involved to make sure all
processes able to run precisely
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| Isolated Area
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Disaster Area

OpenStreetMap (OSM)
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START

input isolated
node
i
input evacuation
node

is there any direct vertex from
isolaated to evacuation node?

is there a valid route with i
intermediate nodes 7

—

n=mn+1

any alternate
route with same i ?

Mo

|

display the shortest

path

h J

calculate length of
each route
separately
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Route Isolated Area Nearest Source Evacuation Node Distance
Node Node (Nearest 750)

1, 752 35 1 10.17 km
2. 47 1 10.47 km
3. 753 83 1 7.89 km
4, 620 1 9.07 km
5. 754 105 1 7.49 km
0. 118 1 7.13 km
7. 755 4 1 7.34 km
8. 417 1 7.48 km
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Distance 10.17 km




Distance 7.49 km
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2424 SELECT * FROM result; | B !|
24279 5E|iT‘FHDM result; | T

DANS

LE

LECT

patial_merapi SET cost = 10000 WHERE gid = 552;

42?‘ 0 * FROM result; f
* FROM result;

2429 DELETE FROM result; . 1 :

2430 SELECT * FROM result;

2431 SELECT * FROM result; =

2432 UPDATE spatial_merapi SET cost = 10000 WHERE gid = 68; g ' |

2433 DELETE FROM result; ity '

2434 DELETE FROM result;

2435 SELECT * FROM result; '

2436 UPDATE spatial_merapi SET cost = 10000 WHERE gid = 215; (

2437 DELETE FROM result; A .

2438 SELECT * FROM result; | X ity !
SELECT a.%, 5T_AsText(b.geom) FROM pgr_dijkstral'SELECT gid AS id, source, target, cost FROM spatial_merapi’, 93, “ - '

2439 ARRAY[401,402,403,404,405,1,406,407], FALSE) AS a LEFT JOIN spatial_merapi as b ON (a.edge = b.gid) ORDER BY seq; _ ; ‘ !

2440 UPDATE spatial_merapi SET cost = 10000 WHERE gid = 347; ' ’ : ) l

2441 SELECT * FROM result; ’A o oo |

2442 SELECT * FROM result; 1 TR v

2443 UPDATE spatial_merapi SET cost = 10000 WHERE gid = 80; d : 'l

2444 UPDATE spatial_merapi SET cost = 10000 WHERE gid = 569; ) ) .l

2445 DELETE FROM result; f '

2446 DELETE FROM result; : :

2447 UPDATE spatial_merapi SET cost = 10000 WHERE gid = 134; ‘ ‘

2448 DELETE FROM result; ‘
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workload data exist only in this study was workload that involve

In the process of shortest path analy is using Dijkstra algorithm | J
for evacuation from isolated area to e a‘]cuation noint. |
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transformation

that,

Data Transformation
Data transformation is performed by

changing some of data to make

data mining process become easier
process also improves the accuracy

after the Example set are selected.
and algorithm efficiency

Besides



In this phase, accuracy measuring Process

from Decision Tree Algorithm using | Retrleve Testing Ak—.  Cross Validation
Cross Validation method was
Implemented.

Training Testing

Decision Tree Apply Model Performance
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The Dbest result of testing for
accuracy measuring of Decision
Tree algorithm using Workload data
and cross validation with 10 folds
provided 'in RapidMiner framework
shown In confusion matrix Image
beside. |

Process

Retrieve Testing Ak... Cross Validation

Training Testing

Decision Tree Apply Model
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MIX

Select

0S5

OLTP
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After the example set ready to be proceed, the testing
phase was started. The best testing result shown the
res%ult of accuracy that could categorize as excellent
classification.
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« The analytical of approach of Pruning Decision Tree
for large spatial database with flexible capability
irﬁprovement especially for evacuation phase of DM.

o TLe enhancement and deyelopment of Algorithm of
orkload Prediction with Pruning Decision Tree
method presented to improve the capability.
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Do You Have Any Questions?
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