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Abstract; The OLAP queries on electricity consumption information in Smart Grid have some prominent
features: huge amounts of data, involving multiple tables in a joint operation, complex SQL structure,
etc. Faced with this kind of applications, traditional RDBMS always leads to poor scalability, low write
throughput, and unacceptable query performance, etc. A Spark/Shark-Based OLAP system for electricity
consumption information in smart grid was designed. The system used distributed file system HDFS for

data storage, and makes use of Shark to parse the SQL queries and Spark to execute them. However,
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Shark does not support fine-grained index, which hinders further improvement of query performance. To

overcome this limitation, a Trie tree based fine-grained index technique Trielndex and data re-organization

scheme for better query performance was proposed. The experiment results with real electricity

consumption information data and query show that the write throughput of the system is 12 times faster

than that of RDBMS, and the query efficiency of the system is 10 times greater than that of original Shark.
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Fig. 1 Architecture of the smart electricity consumption information system
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5 END FOR;

6 return TrieTree.
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allSplits = getAllSplitsFromInputPath() ;
slicelLocations = readFromTmpFileOnHDFSQO
FOR split in allSplits DO

IF split. overlap(slicelLocations) THEN;

O

al

finalSplits. add(split) ;

END IF;

END FOR;

FOR split in finalSplits DO;

© 0 NN O

10 slicesL.ocs = getSlicesInSplit(slicel.ocations) ;
11 Sort(slicesLocs) ;

12 HBase. put(split. name_split. start, slicesLocs) ;
13 END FOR;

14 Return finalSplits.

(D% 2. 6 i 7. RecordReader 171 37 52 R
AR 12 U AR L %28 B S AN HBase W4l ] 24 i
Split (145 FFR % EAE N Key BEHZ Split i 2
PLIAY Slice B5 B MM E G 147 JF e
Slice H B &I . A3k 245 Spark FUERVEART. IF L 980
KB B 2~447).

&3k 2.6 FilterUnrelatedSlices.

BN B 4 133 R HBase H YIRS %, Split

i < AT TR DG I Slice, ik 45 Spark

1 slicesl.ocs = HBase. get(split. name_split. start) ;

2 FORslice in slicesLLocs DO

3 sendDataToSpark(slice) ;

4 END FOR;
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BRI R R
SELECT sum(value)
FROM table

WHEREregioncode="1010103"

fifiFH Trielndex Ab B iz i) ) od #2 40 & 6 P
7. B 56 Shark S67E Trie o £ 2% 0 (14 75 41
HIX A% 1010103, ff HIZ X 35 A 1) HBase
M2 5138 45 M CBE A & 9+ 5 A HDFS I
) — I B SO b s SR 5 Shark 352 I B SO Y
Slice fii B A7 &, FIBIFLE Splic 5 HAHAZ . 4 5E ik

s ZALBEAY Split, 3 H W44 Split G — N HE(E .
S Split B FTFE SR B9 44 7 R A% o (B N
AT BRI Slice fY T 46 FAS o 0 7 B4 5 #Y
FIR. LA 285 A F) HBase 1) — 5K il iy 3=
L DA EA R B SR/ BT LA U — A Split,
i% Split o HUF —> Slice fy B3 fieJm 7E 1 L%
Split Zdi iy A4k Split A4 HBase £53%)3% Split
AR 2L Slice B0 A5 R 7R RO, Bhid TorG
TEICR TR 23 A% A W AH SC A Slice. fr 445 5]
R4S

Value
Key Location
FileName | Start End HDFS_ ()1l i S 1
1010101 | FileName 0 84 FileName | Start | End
1010102 | FileName 85 147 X
1010103 | FileName | 148 189 — | 'LFileName| 148 | 189

e Split ID | List<Start,End>
womg R «

FileName:0 148,189
B=MB Skip

148 189

FIAEWsplit | 55 SCHF AR R AT split ] T2 75 A AL

E 6 Trielndex ZF )3T 2R = &

Fig. 6 Illustration of a query using TrieIndex
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UE. BN AR R G HAE YT Shark H 5251 HE 7 Al
AR C A AR, K X HDFS I Spark i i 5%
0] A1 16 AT DA 38 4 R FH K PR B mT T ek v T

3 SIS E54ER

ARSZEG ) H B9 B IEFE T Spark/Shark fHL )
KEHE OLAP ZGIVERE . 55 2 BV & R A
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Ha i B A 4 61 B Spark-1. 0. 0, Shark-0. 9. 2 5
Hadoop-1. 2. 1.
3.1 S AMENK
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1) OLAP REAES AL KB B PERE. 4
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Fig. 7 Write performance comparison of RDBMS and OLAP

3.2 OLAP Zif]iaEiK
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Fig. 8 Query performance comparison of Shark
and "Shark-+Trielndex"
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