F50% Holl
2017 4£ 6 H

RHRZ 24 (A R 5 TR R

Journal of Tianjin University (Science and Technology)

Vol. 50 No. 6
Jun. 2017

DOI:10.11784/tdxbz201604045

£ T Hadoop MWL IR REBE R X E X

AL,

GRS, KEH', TR’ ¥ B, AEHF’
(1 KU S5 TREBE, R 300072; 2. RIKHERER ML L, KT 300072)

B E: MEZRMOARFHFARKEBRE KGR, BRBE s ELEEAREZTHFASN, @isientid
% XM AGARBERMBEEGFM. 43T —FM, A8 E7EM Hadoop FFRSA X &, FIAMILIERA
A RIS B R T, FERGBGE Iy B g h ks, RE—FaERFIEsmRT %, REXA S T
AT Y LA AR SR AR VAFL4#) A Hadoop -F &3 K ey oA Xt st . 3 2%, AT Hadoop -F &4
W 3 T i JE AL B R MU HONE SR 0P B S AUIRBLAE A ZOR Y BT 1) AL, B BT A RAFeg 4 K AR

KR Hadoop; KM, MLSEiRILS; BEMLARAR; #ATAC

FESES: TP391 XEAFRRTD: A MEHE: 0493-2137 (2017) 06-0643-06

»EE,

Image Classification Approach of Bag of Visual Words Model
Based on Hadoop

Hou Chunping', Zhang Qiannan', Wang Baoliang®, Chang Peng®, Sun Shaowei’

(1. School of Electrical and Information Engineering, Tianjin University, Tianjin 300072, China;
2. Information and Network Center, Tianjin University, Tianjin 300072, China)

Abstract: As the Internet grows and technology of acquiring digital images advances rapidly, problems with the
conventional image classification methods gradually arise while dealing with massive digital images, such as being
time-consuming and lacking timely update of the file system and processing architecture. To combat this problem, an
image classification approach is proposed based on Apache Hadoop, the mainstream open-source distributed process-
ing system. Firstly, the bag of visual words (BoVW)model was utilized to achieve simplified image representa-
tions. Meanwhile, an improvement was made to the model during the histogram representation period and an adap-
tive soft assignment algorithm was proposed. Lastly, the easy-paralleled random forest algorithm was employed as
the classifier so as to make full use of the advantages of the platform. Experiments show that the proposed method of
image classification based on Hadoop could effectively decrease the computing time compared with single-PC method
while dealing with mass images, and at the same time gain good classification results.
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R T FRYELL R, AR SCEE G AR X — T
B, R —FPIE T WA Hadoop™ I 5 /A1 X,
T & W R R 43 26 0 . B e AT i S Bl
ET BoVW BB ENURFR, FFXT B th BUR H
L R Tk, SRS, XFREHLAR AR 28801 T
FEATAEBET, LLFE43 A Hadoop -4 AU A A
REJ , PR mx AR B o3 R Ak 3.

1 AXFEDMFESR

YER 2500 F 3 = B 48 Z — , Hadoop HH
Apache FEESTF R, BTELMREA | SReRn 7 =0k
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I & 52 4= AL G 2 TAE.

Hadoop Tufhi—RANMNFIH , b CHM 2
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Hadoop ZHZ1h H1—> 44 #5719 & (NameNode) F1K &
#4719 41 (DataNode) 74 58 /) 3 =CAEHRE, “47 Hadoop
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HH R ARIE S Lisp, B4 Map (BL4F) Al Re-
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L. GE 1 PR, FE LT 4 PR
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Fig.2 Image classification framework based on Hadoop
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1i)4% (bag of words) 7! W UGB K HE TR AR
WRHERAE G, BB 1 E AR AR A B S
T MLl AR AR A (f FH R AR e R o 1) O R 15 R
el I AL . BoVW B G T B Al
PRI 743 28 BTy Sk i B 2L L T H 5 2R i I)
AL, R RT DA BB R 1 2R 3.

2.1 SIFT#HERYHREX

A U AN AR FFIE A $6 (scale-invariant fea-
ture transform , STFT) V8 3 8 17 [0 4% Joy 3 4 i 1) 422
B, HrEERY SIFT FRAEXT MR R AR i | i | &2
JE AR SRR, XL AR AR AL | D 5 A et HL AT
—E MR E . SR ARG T EMGOR B 2 [B) A F e
23 AR AL RS | AL 35 T T A3 TR | 3R 1
HE G TR , A5 3 128 4Ef¥) SIFT 4RE &, A<
CAE Hadoop V-5 L ibArifgm UL SIFT 45FE$2
B, AT BT P,

(1) BEINGEGEREE (I (x, y) 55 A Hadoop %
B, H 10, ) FoRE—IREG SO, S5 K
i, Hadoop X H A 1433, SR S5 f#647E HDFS L.

(2) Map 75 LIE/MEX] < Key, Value > 1E M
A, Hrp Key JEEI% 44, Value J&EGEEE 1(x,y).

TEA Map PRECHO B T SIFT RRAESEEC, fi
H g5 R /EXT < Key, Value > 1, SR FFAZS , (HIE
IR SIFT FFEMSES { < G,y , X, >}, H (v,
Vi) FERHE S PIALE , X, %A 128 ZERY SIFT [ .

(3) 4 Map 17U R SIFT $#E AT Ao i =
HifEfE7E HDFS 4£8f I, TTFHH4T Reduce 17FE,
oK Reduce ERECEHBCE N 0.

2.2 BoVWiZE!

PEHCH IR R RHEJS , BoVW BLEDEE K%
FRIERZE, RIS ORS00 Bin] (visual words,
VW) A e . 7E stk #R v, YR BRI K
SIFT H#fE s 285 R HATAT BRI oE FLim] , HAK i
EllySRETE: el A N 3 N o N Y SR P R A SR
() SIFT HFAEVCEL Ay i) B0 A LS8 5], )5 et o
FATA] Y BLAARIU , o MR R ] ) 5 [ ) 1
=, i 3 Pk,

IR —MCR ] K-means 890077, B0
S Al n ANFRIE SRR IR 2 Ny 25 Fildse /N Tt
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Fig.3 Flow chart of BoVW model

2.3 BoVWREFHITIL

K-means 595 HAZA R, (BFERATIa S A
LT €/ e | N IR N o A LT B e
SRR PR RIS R M T S O IR B R RE
s, T MapReduce HEZEXS HLEAT 4740, ATy
A X AT AL Rk RER R B — A
MapReduce 1155, i%4E 55 P71 A8 H R
OB . A 3cffi i Mahout ' 4347 K-means
RFIEIA TSR B R R, E 2R AT

P LERD Map L, BARERED
SIFT HHAE[T & A E—%8 (8l in) R, B <
Key, Value > B LA, Hrp Key /2174, Value J&
FRIE & X, Map PRELLARK FCHE B M anife 38 3 F b
7N BRI ) A R 2R G ) SRR R <
Key, Value > , 2t Key J& X, FTJ&E 250 451

classID, Value J& X,. TSN,
Mapper{
Map () {

Min_distance = MAXDISTANCE

for(i=0;i<K;i+ +){
if (distance (point, cluster[/]<<min_distance)
{min_distance = distance (point, cluster|[7]) ;
currentCluster ID =i; }
Key = currentCluster 1D;
Value Output = point;
Emit (Key, Value_Output) ;

}
}

T2 TEPSTReduce BRELZ I, HHER AL L
TEA M IS T4 I (Combine) , BEAEAH 7] 1Y Hp [8] 45 SR 2%
Z[A]— Reduce 77 5. Reduce #ii A< Key, Value >,
e Key /& classID, Value 2 {EAMIFM X, 1%
4. Reduce PREHH < Key, Value > , Hift Key /&
classID, Value JEIHE 7 EM AN, EHIIERE
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. PO
Reducer{
Reduce () {
Num =0;
while (points. hasNext () ) {
currentPoint = points. next () ;
Num + = currentPoint. get Num () ;
for (i=0;i<k;i+ +)
{sum[i{] + = currentPoint. point[i]; }
mean([i] = sum[{]/Num;
Key =key;
Value Output = mean;
Emit (Key, Value_Output) ; }

}
}

], 3 FEERETIHH LR Map/Reduce bR
5, A E R RO 5AR RO IR, AN T
JIT R A, W SRS 58 5 75 et ARS8 SR 2 vhot S
Ja 8l N —% MapReduce 1155, IR RAEN
W iR YLAE i 7E HDFS L.
2.4 EHiEMK
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ML B AE—E AR 22, [R) IR B gm) HAT 1
SCMHIE s RGP, e P il SRR A A TR 43
e, AT el iR 25 B, AR S . &
B R 3 S 0 TiE (soft assignment) /77X,
FHRHE 53 IO ) B AR 1 24 H30) | (HJR A RE
[ )4y e B L FTRE S BGd BE 4. P, AR Sd
B IS LY B REIE S L 9, AR SIFT HRAE S50
e ER IR B IR O, BT TR N R Bl
D), At X AN ] A AR U e D A R 3 T 55, S B o
=W ST

WA MR D = {w,wy,-,w ), Hih K 2
LAY RN, wi 25§ ASIE ). TR 1(x, p)
PIRHE M X, 5 PG ER R A BR ECRE 5, # /
R WO R R X, &8 o8, e E
d={d,d,,-,d,} , Hr M &7 5] i m i 4
i, do ez R S S T A SR Y

TE Tt R, 25 BRI FE AN RRAE ) 1 5 45 o
AR AR X RAT , DO HEAT G MR R AL TN 43257 e M
A, DRHORs FLB R AN AT SEARHAE A, T 5B A eI
B, AN ATHREREAE S A AR (2).

dy > A-avg(dist(w, ,w, )) (2)

K dr X, 58 H i i 516 8] [ B
dist(w, ,w, ) F7 B 5 7 5 PP AT P A IR A RS 5 2
SFIBIE T, 3 E UE 2 ~ 4 Z ).

Xof T AT A RFAE 55, 10 I b R HLAf 2 A3 e A
B, =X 3) BiaR. SRJG , REAE ) sl o0 Fe 2 Hx A
b N R T S A e P R R % T
KR, W=k (4) frs.

N =argmax{d,.d <od} i=12,--,M (3)
ﬁj: N/ j=12,---.N
2.4, @)

d, =1g(N +1)~lg())

Kot o HEEBIFIIR S ARRIE S s o K A S
T, FILIAS SMIRAGG B, JgHE I X L5
i v, (95T
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ffi[H] BoVW HERIAG G f5 , RAIBEPLAR
RIEAT 5025, BENLARAR 1 2 DR SR R P B AL 0 7
Ay, 5 A AL G AT R B 2k
. BEVLARAMEAS I, SR HBEHLA I 2R A2 [E] Fl
feidk JE 1t -4, DRIt ELA B ) A0S R SN Y
AR ZE BIR. 432 s, W A4 1) it e B — A
TRERE F A HE , B AR R AR T R AN
Sy R S BEHLARAR! 5 F7E MapReduce
HEZR AT ERIEY S, 10l G R 5 2R 1Y
it

BEATLARAR 9 B — BROCSRAR 34 F AR S L 20 3T
NN o e NN e | Ey = o SR RS
YIGRFEATFHE Squo AT s A DR, B 2RI
Bt vV, b K 4emt, Bk iR 330
Nuode ZEPIYNZREERN Snode. FETEATT AL, BEFLIEHL
V, 1 m(m < K) N3t Npoge AT IESTSLETELE
B Frode = {12 /o s o} » BT Froge BT XS5 S
175338, ¥ BRI Je AN Al T Rt R %) s U328 o e 1 0
SLE e, Rz s o3 R 2T ORI T R AR AR
Noode LEIIEE G Snoae L% G 1325, LI AL E X
=k (5) .
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G H DTG, WaRa e e A e
= (6) .

GiniE(H) =S %-Gini(z‘) 6)
K H W FEGINEG T, W FES | BFEARA
B Gini (1) AT | RFEJEASIE.

ACHE Hadoop 1) MapReduce HEZE T SCBLFHAL
BB ER AR, AT IRAT.

TR REAERA TSR EEHLARAR, 1]
ERIEIGHEARLE S |, @ H Bootstrap Jrik#sr T
MNGHEARTEELS,,S, -, S}, VE B (R

B 2 RIERIAEL, SR SR Map (155
Map RV < Key, Value > {E R A, Hip Key 2#%
PRI RF, Value SEUIZFEAF4E S, Map BREO &5
A Npode ATHRAESF 2B MRS, B A A2 4 4y
%, ek nl e 25 R (E X < Key, Value > , Hip
Key & #MARIH RF, Value J& SR A915 B DT..

R’ 3 Map (E52ER5%EHUG , Reduce 5 s HL
5 Map Z5HIHEE, Hilh < Key, Value > , Hif Key
NAFMPRIR RF, Value ZREYLERM A, iC4E {DT, ,
DT, , -, DT,}.

et FHBE AR AR T 43280, K1) 4k
(A 15 I BEHILARARAE i Map Bl A, 25 RSl 37
FHATHIE T , #E Reduce 1 FEH 45 57 A 43 2R 45

4 TRESH

ARSI AT LIS 4 & Dell R730 iz
Z-an A Hadoop £E8E, Fop 1 £ 4 Namenode 7
M., 3 58 Datanode 7. IRFEAFHIECE Xeon
E5-2603 1.6 GHz CPU, N7F 8 GB, % Ubuntul4.04
EE RS, #F% Hadoop CDH 5.5.0 fiiAk, Java 35N
Oracle jdk1.7.0. fE A% L i SATL S 06 7 A ] L & 1Y

M55 %5 AT, BE RS0 Ubuntul4.04. S5
2L ML) Caltech-101 EMGERE , 28R R TS 101
R PIREUS TN 1 25 R BUR, 2L 9 146 IR, H—
KA 2 BUGECR 7 80 ~ 130 1F , F/IN R 300 142 x
200 B R, KNEGAAERESS M, 76 -UR 20
FEH .

Sk 36 E T 88 7 15 1 43 A B AT MR RE L AR SO
Caltech-101 A—2E R FHHLEE 30 IEIERIIZREE,
— 4t 3060 1% ; HAEAMKEG , —3E 6 086 7. 7E
o3 A AERERLANLIREE N 43 BS 1 T4 SO 0 4 A
AL 2, IR AL i K/ R 1000, BEAL
AR NECH 200, SEEIPEFT 10 ¥k, S5RE 10
UGBATIN A XM, 22 1 45 T 20 A X X A pL e
TEAT RIS T THRERT.

*1 EHiEmiEikse

Tab.1 Acceleration performance of the algorithm

P TR ) ) . .
LY —— HlIERTEIR Iyt l/s
Hadoop #E7H 1249 758 1257
AL 3027 1964 2853
Jins 242 2.59 227

%% 1 A] L, 3&F Hadoop AY432 5 ihAE A it
P | BEHLARARIIN SR | BEHLARMR 28 3 Tl iR Y
PR T MBRACR , I LR 2.42.2.59.2.27, B
PANLPA TH 1A B 4 . ANETUL , A —2E K
SERERUA, ZEHE L0y /0SS R vT REA I R i 4 .

Sy W3k Bt AL AR AR 04 AR A 5O A S 4 5 4y
FARRMFEM , 3 2 25 T E#MA G - 28E R 2
[BIAYC R, IZEIGLE Caltech-101 | FEHLEHR bonsai
dog. leopards 5 8 ZREUR, TERF R EMG 73l HL 30
IR VEINZRIEE , 20 BRAE NS, 15 B e g
KANH 300, G55 IR, HERA BT, 2
if 23 I A I ) S T T 3 S 5 2 AN Bk 3
200 B, 7 2RAR TR RE RS T AL .

R 2 YRR ER A BT S EERERI RN

Tab.2 Influence of classification accuracy in tree number %
AR R 1 2 10 50 100 200 300 500
SrISUERRR 42.17 43.28 49.20 60.17 68.21 74.93 74.87 75.84

TEMCIER |, E— BB UEA S T7 i R 53
RAYERE , REA SCAE 5 3CHR 11 P 5T R 4ERAAIE A 3
MM 4l BOVW 5 BE T iR, %
23 PP REAEA RV BCR AU G R 1 23 2R L
R FZERIVERGERE TR 2 PRV E
PSR L, B RO 200, BLBE TR LA/

4 300. 7E 8 ZREMGHBENLMBIEN 5.10.,15.20.25,
30 WEVE RN ZREIG, AEF A UG kR 20 A Rl
G, DE3 53 8 HERf 220 o RCR 645, & 4
BIRT 3 PO ER A 2EERE. (R 4 Fis , AR SCHE
HET TR BoVW BIE I PEREIL T 408 Bovw
S R SCHR[ 11 A 1.
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Fig.4 Comparison of average classification accuracy
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SCHIF Hadoop fiff heifg f: EUZ o S kG o 3 4 114 1)
. 5 Hadoop JFRZEAT T jZEULHH , SRIGFEAL
4 BoVW REAIRILAL I, 45 —Ff 58 W 1 EHR Y
TR Ty %, I GRS R R o ) L) 2
BEALARARIN LR S 43 25 () R FE 5L+ Hadoop 47T
AR, SRt BRI R 2 ik LAAk
13 RAFI 2GR, [Ai) 5873 FI A Hadoop #E4370 3K
FERERIFATIZ S E R PL 3, A3 85004 43 25 11 B[]
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