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Cloud-oriented image high-dimensional feature index framework
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Abstract ; Aiming at high-dimensional feature indexing and searching method of mass images data in the cloud, a two-
phase cloud-oriented image high-dimensional feature indexing framework was designed and was implemented based
on MapReduce mechanism. A based Image high-dimensional Feature indexing Framework (LIFF) based on Locality
Sensitive Hash (LSH) function was proposed to effectively support the distributed creation of massive high-dimen-
sional feature data in the cloud. Distributed indexing and searching algorithm based on MapReduce framework was
designed and implemented, which was integrated into 1aSQL Unstructured Data Management System (LaUD-MS).
Experimental results showed that query speed on the LIFF index was sub-linear growth with the data scale increased
constantly.
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SrcRowList, . !
L . PRIME = (> hyo (hv;))mod PRIME, (8)
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(Idx  Meta Table), haoa (hv;) = (low[rand; X hv; | +5 X
IdxTableName ( RowKey) . high[ rand; X hv; ])mod PRIME
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AlgType . RecordNum, = 10‘ (2% —5), o= (27 —5);
22 a = low[rand; X hv, ]+ 5 X
LIFF » DX Bits high[rand; X ho,] < 2 X (2% —5),  (9)
ampling  IDX PStable. :low[rand; X hv; ] rand; X hv, (64 )
2 21 IDX BitSampling 32 .high[rand, X hv,] rand, ¥ ho,( 64 )
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, LSH ( .
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# PositiveBit[ Dim ] = floor L .

(vy X ScaleFactor X MaxBit) mod MaxBit
= {0,1,2,+*,MaxBit},d = 0,1,++,Dim; (6)
binaryVector[i] =
1, (i—d X Dim) < # PositiveBit[ Dim |;
0, (i—d X Dim) > # PositiveBit[ Dim ];
i =0,1,,Dim X MaxBit — 1, 7)

1 IDX BitSampling,
Ish. conf, U,
:L o
BEGIN
1. LoadConf(L,k,Dim,MaxBit, ScaleFactor) //
2. GenerateUniformRand(Dim, MaxBit, rand[ L][k]) //
rand
3. GetBinaryVector(binaryVector[ Dim * MaxBit]) //
v
4. ComputelL.SHHash(rand[ L.][ k], binaryVector[ Dim % Max-
Bit],hashValue[ L][k])//LSH
5. ComputeMD5Hash(hashValue[ L[ k], idxValue[L])//

BEGIN
1. LoadConf(R, L.k, W,.Dim.SuccPro) //
2. InitLSHFamily(L,K,a, b, LSHFamily[ L ][ k], controlRand)
// LSH
3. ComputeLSHHash (v, LSHFamily [ L. ][ k], hashValue [ L]
(kD // (5),LSH
4. ComputePrimeModHash(hashValue[ ][ k],idxValue[ L.])//

END
3 MapReduce
R LaUD-MS MapRe-
duce , LIFF
31 MapReduce
D) Ma*
pReduce R MRIdxCreate
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map (1  Hbase 2  HDFS ( . hv
L ) map . r-0000 ) (L + # CandidateSet)
reduce Hbase , .
Hbase ) 4 MRIdxSearch,
o queryData,
3 MRIdxCreate, ImgTable, L , jobConf,
Ish. conf, Img- resultSet,
Table, jobConf, BEGIN
L 1. InitLSHFamily(jobConf, LSHFamily[LL][k])//  jobConf
BEGIN s LSHFamily
2.C teldxValue(LSHFamily[ L ][ k], idxValue[L])
1. InitMapReduce ( ImgTable, jobConf)// MapReduce omputeldxvatue mily[ L[], idxValue[L1)//
LSHFamily L
3. WriteldxValue (idxValue[ L], hvFile, inputPath)// < # i,
// ImgTable map
idxValuelli]> L . hv s HDFS input-
// reduce L,
Path
2. map<{Keyl, Valuel ,Key2, Value2)
< 4. InitMapReduce (ImgTable, jobConf) // , map L
,reduce 0
InitLSHFamily(jobConf, LSHFamily[ L][k]) ;
. 5. map<Keyl, Valuel ,Key2, Value2)//map L
//  jobConf s LSH
{
ReadFromTable(Keyl, Valuel ,srcFeature) ;
ReadFromInputPath(Valuel ,idxValue,i);// inputPath
// Valuel
(Valuel), idxValue H#i
// srcFeature srcRow(  RowKey)
GetSrcRowList ( # i, idxValue, srcRowList);//
ComputeldxValue(LSHFamily[ L[ k],idxValue[L]);
IdxTable # i idxValue s
// LSHFamily L
srcRowList
Output ( Key2, Value2, idxTableName i, idxValue[i],
GetSrcFeatureAndAddr ( srcRowList, srcFeatures, hdfsAd-
srcRow)
drs);// srcRowList s
// L (Key2, Value2> = {idxTableName 1i,idxValue
srcFeatures  hdfsAddrs
[i]+srcRow>
ComputeExactDistance ( queryData, srcFeatures, R, dist);//
}
queryData dist, R
3. reduce(Key3, Value3,Key4, Valued)
dist™>R
{
SortAndOutput(Key2, Value2,dist, hdfsAddr);//  dist
Combine(dist, List¢{ HdfsAddr)) ;
{dist, hdfsAddr)
//  map idxTableName i \

//  {(Key3,Value3> = (idxTableName i, List[ idxValue[i]
+srcRow |

OrganizeHashTable ( List [ idxValue + srcRow ], hashtable
(idxValue, srcRowList)) ;

//  List[idxValue+hbaseAddr]

// hashtable<idxValue, List[ srcRow >

WriteldxTable(hashtable,idxTableName 1) ;

//  hashtable idxTableName 1

idxValue

;
END
32 MapReduce
) L
) MapReduce L
map ,  reduce

. MRIdxSearch

6. reduce (Key3, Value3, Key4, Valued )//reduce

Combine (dist, List¢ HdfsAddr>);// L map
dist
SortAndOutput (Key2, Value2, dist, hdfsAddr, output-
Path);// dist {Key4, Value4 ) = (dist, hdfsAddr>,
HDFS  outputPath/r-0000
y

7. GetResultSet (outputPath, resultSet)//  HDFS output-
Path/r-0000 resultSet
END
4
41
11
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