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Figure 1 (Color online) The diagram of multi-feature and multi-kernel hashing learning
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Figure 2 The structure of multi-feature and multi-kernel hashing learning
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EREMWAMEAR R A Z AU, X T 2Rk 2 b i MU AT &, MIUSERERE S 5 LR

1, i and j is closed and similar,
Sij =14 —1, iand j is dissimilar, (8)
0, others.
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A (11) FIsRAR R A E I R B ATk 290 kA5

3.2.2 KIRFFENERHE 1
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My Mo
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m=1 t=1

My M T My M
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3.2.3 KBZRABENERY o
B E W, b M p, HEREREL (10) PREAE R o KL T:

L(Sv I/Va ba My a)
My Mo

M, Mo My Mo
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kT Fz:
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Wit Wb, o
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until Y84
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4.2 =TEERESH

W 755 27 SR B WA B — HE R R T X, 8 I 25 el Bt (A A A A A, AT e v o 2]
RGMRER. IEERE, AFERMARNZEAE SR, R &R 5 NS 28, W RAF 2
HABCERELE W, i B b, RAAEAUE AL o, AE AL o DL IZRREA RIS A1 Y, BN g
FEA A R HIX 5 M. W IR EREN O(RB); b FAERIRREN O(NB); 1
FIEAREN O(My), a KIFREILER O(M,), Y KZEREIREN OBN). Hh R Ak FEHEE A
3, B NINZHEARIG A, N NINZRFEARL, My RN, My s B DRI 5
HFER B Z RN O(RB + NB + My + Ma). A-EERE, R0 = N 50% 10 3k i 5 4 A,
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R S5F BA 7565, T F5 FRAE 25 18N (N < B)/8 byte, Kot B B MEARIMAILKIE (B < M),
R AAAif S [ 2 2% FE 9 O(N B).

4.3 BHERWSIES R
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B, A1 B o o BB WO b, 55 2 BIEE W, b M p BET o, 35 3 BIEE W, b H o BT
p, B HEFHABHARREL (10) PREERE R, SR, W HFREREL (10) 75 P EAR IR R 2
N error, 2 error /NF 1E—4 B}, HiENSL. £ IRMA, Ultrasound, Cifar10 44 I 052645 B3R
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Figure 3 (Color online) Error vs. iterations on (a) IRMA dataset, (b) Ultrasound dataset, and (c) Cifarl0 dataset

WS #E 3 NSRRI 5 R ZE S IEAIRAUN R AR (A R ECE S T AN R 5328 (R I R 1) 2 375 2 0] A
EBfE).

5 SCIGZER

AFTEEAR SR H 1) 570 5 A0 7 AT S B L, M6 E AR SCHE O vk A . 32 L )
TR AIE TS O TR VAL RS e Ay 10 ZAREZ M A 12, 1G5 28] DL Rt T
BT (R B M B Ay 81 ek, ARSCIEHEAT T B X 1 5256 R 22 R AIE 2 4% S50 HoRAT B HRFAE
BAZ A TE N 2 REE 2 A7 VR AT 0 TG SERERR R, 9 T U BE ML s, B 1 5 VAT
110 RS

AT GIST F-IE HOG FFE 2R 1HA% | Laplace % M Gauss &4 & G5 ELIS 3 BT A1
Z IR SEEG BRI

(1) A SCARFIEAZ R B D BRAR M AT 0 A Ul BRI B2 & 0 G B, B TRHMEIEEZ M2
B, ARSC T3 BN A RFERR SRR AE AT 5 58 . 42 R AIE 32 5 FE (1) 2 B 114 22 WLARRAUE 17 26 R 1
JREBEFAE (41 GIST HFAE); 1M & SRFAE 2 BUSRHE I R 2Rk, & H g s b G - BA 1 R SRk v
(W1 HOG HFE). #% KA B N4 R ek SO R i sk B, 4R s (ke ) B &Rk
P, LA VR AR BE AR 2 A s A% BB A A S, 1 R A BB R, R VAR R AR I 1L
i RO I R B AR 500, Laplace B A A—F R A% S ORIE R 76 J5 46 23 18] FoR 40 08 R I sl i
WS 5 AR R FFIL AR OC 2R, T I% A PRUF AR &1 1 sSd it il 5 f R AT e () PR RIS, X 3t 5 BRI AT 1 55
I U JE AT BRAR R T IR AR AL Gauss RN MEA SRS, B AR ORUE AR AR sSUE i A S I
FEARIT AR R, Bk T Laplace A% BRI AL, R REAE (1 45 J& 1 RS AE 1 R v, DA S A% ek B 4

2) https://github.com/zhihongyuan/MFMKH.git.
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JRVRF IR R B R 2 B8, AN S % 1 X PIAMRFAE 3 T BR B 45 5 T T

(2) WIS LI K, B HOG FREM GIST RS54« Gauss #% A Laplace 1347 41 & I 2501
FABCRE HOG $51El# GIST Rk S 3 Fli ok B2l & i ROR 2

(3) AR HA T ARFAE AR BERFAE S5 5 R 3 A A T SEbr B 3 S RHERL &, IR R E 2 1
KRR, AR B RN T DS e A — AN B WANRFAE, W3 3 & — DI ) 8 ) — b el
JUMRZ B B, A5 AR S0 37 34T B A A I

AR B P AR T AR BRI VE RV A 05 A5 27 ST RO VERE: DUITHE R RIS 75 4R . F e A S5k
ATAL R A T DR 2 TR B B Ry o, FEDCI S A m] DL AL G5 & sl R TSR 1 (%),
FHEC T BR IR BE B TR L B A R, LT B2 B AR, DO HE T 2 A 2 A R Hiis e o
PP BOAREAS )5 R DO BE B 42T HE e, T 7 2 4R A8 1R S A B A R TV, K BT A i
S5 RPN RS /N T 2 BIREACIR [BIE N B 45

5.1 HiE&E

AAE IRMA 43 . Ultrasound FHEHEY PLK Cifar10%) 4 L db4T 7 S2iG 6L, seieid
T A S F BRI PR AE AT 3 % LA 77 2. Hd Ry HOG $FEAT GIST HHIE, % BN
A Laplace A Gauss #%. IRMA BHEHEAE T 193 NI 12677 5K A TEREI K G2k K. Hor
A 57 NEAISE 10902 TKEEEZEER, BT IRMA BEEF 1FH 2005 G H5UHE £ 2GR
P, FAB N TCHR RS B, AR R A R R 5%, BrLOERCT IRMA R 4EH 2005 4 1%L
. ZEARAEIL 57 28 10000 5K, BT ZEBIEEFBARMNNEES ZAF, Ko I HHEMIKT 50
gk, MR T REE S AF I RS8R, A SO B ) B R B e AR SR AE 150 5K DA B, T 2 2k R 15 Fh,
MIX 15 P BEALIEEL 10 283k 2673 5K, X TREANSIINRLH%E 3:1 [ ELBIBEHL 73 VI ZRFE AR RE A,
BARSATE SR 1.

Ultrasound FHEE BTN 2682 4 10 NEA, BANZEKLHE 3:1 1 EL BEHLIE BURE A E Al 24
AASE, BRSSO AR 1. X1 Cifar10 R4, ASCHENLIEEL 1000 5K (5:35 100 5K) 1E Al
£, IR I R R BEALIE R 5000 5K (BF2K 500 5K) 1ENIZREE.

5.2 SLIGTHRT

£ IRMA, Ultrasound F1 Cifarl0 Z#E4E FIGUE 7 A SCHEH B H IE N 2 4R IE 2 05 A 7 1
(MFMKH). ASCfE IRMA #8488 IR 7R A 77 ik 2 (B R 32 . A 1813 5 3R (B4 R FE A SR
WAL 2 B R, BN, RCUCEAZIE A FIRFERG 75 /2 MAP (mean average precision) FEARA1I|
ZRINF AV T % LS5

LG A 0 LG 72 A AR SCR FHBEAUAE AR IR YNGR EE TR 4% 1 300 MEARE 9B i, s f v R
T GIST B2 HSERT HOG B33 FRAE, Horh GIST RRAE4ESE A 384 4, HOG FRHE4EME Ay 324 4E; #RECK
T Gauss %+ Laplace # MZHEAZ. TEAZ NS A FIUR BERG A5 ROGE LU S AR SR FH BEATLRE 4992 I 5
Pk EE T 300 NMEARME L AL SRR CSR A T GIST RHIEA HOG FffiE, b GIST RrfE4ESE
N 512 4, HOG RFIF4ERE N 324 4E: #ZRECK I T Gauss #% . Laplace # LM%, A CHE ik 3 ML
AN MAP $8F5 EXTEATEAT T HB . #E3X 3 /MXTEesde b, SH %), SKLSH 19, KLSH ) X

3) http://www.irma-project.org.

4) Ultrasound 4% 52 9 74 [T BA MU Pl PAC 68 75 Pl (5 e, RO T BEPR T S e

5) http://www.cs.toronto.edu/ kriz/cifar.html.
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#z 1 IRMA #1 Ultrasound B& 9%
Table 1 The distribution of IRMA and Ultrasound images
IRMA Ultrasound
Class Sum Training Testing Class Sum Training Testing

0 336 286 50 0 (Gallstone) 521 371 150
1 215 165 50 1 (Gallbladder polyps) 238 178 60
2 225 175 50 2 (normal Gallbladder ) 154 104 50
3 576 476 100 3 (Hydronephrosis) 386 286 100
4 217 167 50 4 (Kidney stones) 219 169 50
5 205 155 50 5 (Renal cyst) 197 147 50
6 194 144 50 6 (Normal kidneys) 303 233 70
7 284 234 50 7 (Liver cysts) 113 83 30
8 228 178 50 8 (Fatty liver) 360 280 80
9 193 143 50 9 (Normal liver) 191 131 60

N HRRAEN 512 4ER) GIST HRE, MFKH 121, M2FM3K R FI4FAE A 512 4Ef) GIST KREA 324 4
H HOG FHERI4 4, DPSH 18] # NN E UG 1%, 48 IRMA, Ultrasound A1 Cifar10 4 ., Gauss
. Laplace #Z MZMEAZIIZE05 710N 5, 1, 10; 0.5, 5, 1; 25, 0.1, 10.

AL E BN TR z%mzwﬁz— (MFKH) 12| 04 75 (SH) (281 SRS NS 5 0 SR R A
(SKLSH) 101, #% Ja) 0 EnnG Ay (KLSH) 191 DA R BE TAR28 50 IR FE i B e A5 (DPSH) 1131,

5.2.1 ZMEFHBFTERSLEIT 4R

AN EFXAL WA 7 IRAE IRMA B FaETS2Ie w6 b o #r, = b i 2 4R EZ
A (MFKH). %A (SH) “FRABREIRAEG A (SKLSH) 5 &HE 4 (KLSH).

K 4 F1 5 27 IRMA ¥4 R TRISEEG, 32 BB ik TR I 2 R-IE 2 4% 771 (M2FM3KH
HRHIEN GIST A HOG) 5 HAt T EE 77 VAR IR A AL A 50 I, AN A RE 1068 7 b5 R HEAf 26
H5HBRPRKR. KR EREREARLCR 50, BAEKERKTET 32 B, M2FM3KH #Eff @il 17 H
Xt b 75, 1A lil%lﬁ(ﬁ%ﬂﬁ%%ﬁ/z, Hrp M2FM3KH H4FEN HOG fI GIST, #EUN L1t
¥ Laplace %A K Gauss #%, S5 o 43518 0.5, 100, 1 (HAh, ASCER B4 HOG FFEEL GIST 4
fE[R Bk 3 AR R R H0HAT 744 (MIFM3KH) 5 HAAZ IS 75 77 W 3ET T SEtoxf b, A SEi6
HH A H M2FM3KH S5045 JEE MIFM3KH 5256 45 R 4r, #F—BIAE T & 5 iR & 1 R (S
SRR, R — D3 m FISA R FIHER %9).

Kl 6 Al 7 27E IRMA $dE4E Bt AT 1ass, 32 B LA SO VLR I 245 1E 2 4% 071 (M2FM3KH)
S BRHE B A G T7iE (35 6 Fh) AEIR [BIFEASCA 50 I HERZAE 12 FROCR. Bl 6 il 7
HH 0T L SRS RS 3 — D IO IE A SR H VA R PTAT VAR 2. AN 6 A 7 AT LLE H A A i
KTET 128 I, M2FM3KH H7HERf 2 [ ki 7 RRHIE A% I H & T77% (i M2FM3KH
FHE AN HOG Al GIST, BB EUCNLEMERZ . Laplace # LA K Gauss #%, %35 o 25108 0.5, 20, 2; Hfth
6 Rt EL TN 2 FHERE 3 FiZ s BT — R,

6) https://github.com/zhihongyuan/MFMKH.git.
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Precision of top 50 samples
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Num of bits

#MFKH = SH . SKLSH =KLSH #=M2FM3KH

4 (MEMFEE) EMERERFEEARKA 50 B, BFZRELEZNMEBKESEREXR
Figure 4 (Color online) The relationship based on kernel hashing methods between the length of the hash code and the
accuracy rate when the number of retrieved samples is 50
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Figure 5 (Color online) The relationship based on kernel hashing methods between the length of the hash code and the
recall rate when the number of retrieved samples is 50
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Figure 6 (Color online) The relationship between the length of the hash code and the accuracy rate based on single
feature and single kernel hashing methods of M2FM3KH when the number of retrieved samples is 50
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Figure 7 (Color online) The relationship between the length of the hash code and the recall rate based on single feature
and single kernel hashing methods of M2FM3KH when the number of retrieved samples is 50

% 2 IRMA #1 Ultrasound (MAP) 3883%
Table 2 Comparison of IRMA and Ultrasound (MAP)

Method IRMA (MAP) Ultrasound (MAP)
8 bits 12 bits 24 bits 32 bits 48 bits 8 bits 12 bits 24 bits 32 bits 48 bits
MFKH 0.620 0.680 0.640 0.670 0.582 0.109 0.121 0.137 0.163 0.155
SH 0.214 0.315 0.323 0.416 0.409 0.063 0.061 0.054 0.052 0.056
SKLSH 0.128 0.126 0.121 0.122 0.147 0.174 0.203 0.231 0.283 0.206
KLSH 0.143 0.154 0.156 0.151 0.147 0.152 0.147 0.142 0.137 0.149
M2FM3KH 0.520 0.643 0.713 0.723 0.640 0.177 0.152 0.163 0.194 0.287
DPSH 0.896 0.969 0.971 0.968 0.971 0.524 0.527 0.582 0.590 0.601

5.2.2 #MHFEASRERS AR L

AN EERE AT SRS J7 ik (DSPH) 7 3 MAFESUESE F R szid st bbb, Xt
LRI 7 Z R EAZ G A5 (MFKH) W45 (SH) . “FRAHZ A3 BRAE A5 (SKLSH) A% J=) 30 B
W7 (KLSH) B THRA0 HORRIE W B 1A 7 (DPSH).

* 2 BAE IRMA M Ultrasound 44 AT HOSEI, EBEIGIFA S % (M2FM3KH) 5 HA
LT VA AR R G A T IEEA FIRG A TS K BE R B MAP. )N IRMA Hda4E FRyseit sl R nl LG
H ARSI 1A MAP B T A% 05, (B2 F DPSH 1) MAP #HLL, 5F T 2. M
Ultrasound F¥E4E FAs2i6 45 Bl LLE ALK MAP [F 4308 MAP L BARIRZ, #E—BI60F T
S G AR IR MR, R 3 B AE Cifarl0 FHE4E Lt s2ss, Ml BLE H MFKH FIA ST
MFMKH J775F) MAP B4R E L HARRZ 770 m— m, RIL T 2R 7 V50 2 REAE 2 1% 5 VL L SRR AIE
BRI VE BT ABARARE T DPSH 9 MAP. MIX 3 ANS2E6 0 vh ] PUE A S vk B AR A | b3
Az TR ET, HSE [ DPSH ML, 735 Fr 280, ARBL T IR B 2% S 1E BB A R 7 TH A 3.

5.3 SCIGE4E

* 2 A 3 WSLIGLE BRI AR IZA R MR BIME T DPSH J7vdk, HE M BT FZRE T
WA IR WNFE 2 F 3 AT LUE HY DPSH ) MAP B4k F A7 ik Em £, {52 DPSH
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% 3 Cifar10 (MAP) 388 %
Table 3 Comparison of Cifar10 (MAP)

Method IRMA (MAP)
8 bits 12 bits 24 bits 32 bits 48 bits
MFKH 0.235 0.261 0.252 0.241 0.247
SH 0.104 0.116 0.145 0.142 0.139
SKLSH 0.116 0.123 0.131 0.225 0.321
KLSH 0.132 0.143 0.147 0.145 0.154
M2FM3KH 0.231 0.264 0.367 0.423 0.243
DPSH 0.681 0.713 0.727 0.744 0.757

(P75 MAP 75 AR IS [, BARA S EAE MAP _E L DPSH A, (BASC T E R 5 R
T Z2RHEZ O E A A LA, @ 2 RHERE 7Rk B HIE BE, I8 I  R R TR
ANTT oy I 8, JE R I BRI N B T VA AR LN G B AN S SRR ZE R R, S R BRI 3 S AN ORI R
AREA K. 5 DPSH J7EAH LEAE I ZRIN ) 5 25 /D (1B 00 T A R Ve REAE — € K EE MG A b o2 ]
EA iU

6 ZERIE

ARICERH TGN ZRHIE 2 AL A 2] (MEMKH) 532, %5V A A B0 SRR & A AR AL
Ve, REW I T 2 MO s R IR A 2 M s B B A & 7 X, AR R Z A A
AT HOFR FIARBE, AN 5 EERNTERAAE 25 18] A WIS T2 2. 3Kl 15 38 I ) 22 R AIE 22 A% AP A 2 2] SR M g
fifg 38 B > R RO 2 A R 5, K 2N 2 A% M R AT TR RS . 2R AERIR G
fiE i TR TR BAE SR R AN IR A AL 5 AURE S Rk B A% 5 ST BE 70 A AL HLAR

SRR, R UL BB S HOR SRR S5 R — € B, T LTS SRR AR A R B TR
FEJE I AR, BATH MEMKH J5vE M T Hopb B G Hdm 5 LTI, Bt — Dt s 2 5 a)
PARGR BERAIE 5 T TAFIESS A R . BARAR T IAAE MAP 5 DPSH MILUA Z 8, (B2 ATk
TR T ZHRAEZOUEA AR, B 2R R A (7R = R 5 B R, Ed T ik
DR E AN ] 7l R, G 0k R A T AL AT N S FEAN 32 BVRF AR FE M, R SRR R A
ANBONFEA R A5G, 25 TR B A 2% = B RCRBE T 7 IOV ZRIN RIS, 785 3 AR b, Al
R AR BERY EBE— B0 SR L 2 S 5 5 AR S D5 i85 S I n] ek, (A I 2RI 8] R g itk — b

e B
1 Naimi A I, Westreich D J. Big data: a revolution that will transform how we live, work, and think. Am J Epidemiol,
2014, 17: 181-183
2 Tu Z P. The Big Data Revolution. Guilin: Guangxi Normal University Press, 2013. 312-315 [{& 7. KEdE. A
JTVIMYE R 2 A, 2013, 312-315]
3 Zhou Z H. Machine learning and data mining. Commun China Compute Fed, 2007, 3: 35—44 [J%J EAE WIBFEI 5
P24, v E RN 2l I, 2007, 3: 35-44)
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Large-scale image retrieval based on multi-feature and
multi-kernel hashing learning

Xianhua ZENG 2" Zhihong YUAN'2, Guoyin WANG'? & Jie YANG!?

1. College of Computer Science and Technology, Chongqing University of Posts and Telecommunications,
Chongging 400065, China;

2. Chongging Key Laboratory of Computational Intelligence, Chongqing University of Posts and
Telecommunications, Chongging 400065, China

* Corresponding author. E-mail: zengxh@cqupt.edu.cn

Abstract Hashing methods can overcome the problems of low retrieval efficiency and high storage cost. Existing
hashing methods use either only one feature or multiple features as the input of one kernel function. The fact
that different kernel functions have different roles and different characteristics and contain different information
is ignored. In this paper, an adaptive multi-feature and multi-kernel hashing learning (MFMKH) algorithm is
proposed, which can adaptively combine the feature weight coefficient and the kernel weight coefficient and double-
combine the multi-feature and multi-kernel advantages. The fusion of these features in the algorithm solves the
disadvantage of single feature containing insufficient information. In addition, the use of a variety of different
kernel functions can compensate for the lack of a single-kernel learning ability and has the dual advantages of
multi-feature fusion and multi-kernel learning. Experiments on the standard datasets IRMA, Ultrasound, and
Cifarl0 have shown that the retrieval performance of the proposed method clearly outperforms other similar
kernel-based hashing learning methods. In addition, compared to the supervised deep hashing, the retrieval
performance of the proposed method is competitive on the Cifarl0 dataset in the case of the reduced training

time.

Keywords dimension reduction, multi-feature fusion, multi-kernel learning, hashing learning, adaptive learning,

image retrieval

1125



TetesE: T BRSNS I AR R

1126

Xianhua ZENG was born in 1973. He
received his Ph.D. in computer software
and theory from Beijing Jiaotong Uni-
versity in 2009. Currently, he is a pro-
fessor at Chogqing University of Posts
and Telecommunications. His main re-
search interests include image process-
ing, machine learning and data mining.

Guoyin WANG was born in 1970.
He received his Ph.D. in computer sci-
ence and engineering from Xi’an Jiao-
tong University in 1996. Currently, he
is a Changjiang scholar professor. His
research interests include rough sets,
granular computing, cognitive comput-
ing, intelligent information processing,
data mining, and intelligent informa-
tion security.

Zhihong YUAN was born in 1990.
Currently, he is a postgraduate at
Chonggqing University of Posts and
Telecommunications. His current re-
search interests include image recogni-
tion and machine learning.

Jie YANG was born in 1987. He is a
Ph.D. candidate at Chongqing Univer-
sity of Posts and Telecommunications.
His current research interests include
granular computing and machine learn-
ing.



