o

bR

UL 5] B AR A BOR RO W R LS S B AN SO AR 2 AR AR A T R R IR AE R
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(1) BFRARZE— Bk o2 S Sk p, AR BB RS B AN 78 70 5 30
FORBRBHAANEA T . 7 RBCRAER AR, $2 H— MR T Aa st R 25— B - o 2
2] (Slack Label Consistent Dictionary Pair Learning, SLC-DPL) UG 25, Bk,
A5 - R AR B BEAT 2 VB3R, 9 i 3R s R EFE DRI M i 12 B [RD I, 3R
AR AL HIR, SIAFRE—FUE R, KRS B — A B OB
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ABSTRACT

ABSTRACT

Dictionary learning aims to generate description information that effectively
reflects the nature of various features such as color and texture of images. It has
always been a key issue in image classification and recognition research. In recent
years, the Label Consistent Dictionary Learning (LCDL) algorithm has attracted
the attention of researchers because the embedding of label information can
effectively improve the discrimination of the dictionary to the image. However,
the representation coefficient of most LCDL algorithms adopts a strict “0-1”
structure, so that similar images have the same feature representation, but ignore
the unique information of the image itself, resulting in inaccurate image
representation and poor classification effect. The slack matrix can make the strict
binary constraint have a wider degree of freedom and expand the selection range
of image features. However, with the increase of dictionary size, the intra-class
similarity of images will be weakened while affecting the training efficiency of
the algorithm. In the process of feature coding, if the local constraint mechanism
can be added, the neighborhood relationship of samples in each class can be
effectively maintained. Therefore, in the face of image classification tasks, in
order to effectively improve the discriminative ability and training efficiency of
the dictionary, this paper deeply studies the label consistency dictionary learning
algorithm based on relaxation and constraint. The main research work is as
follows :

(1) Aiming at the problem that the insufficient utilization of the unique
feature information of similar images in the label consistency dictionary learning
algorithm leads to the low discrimination of the representation coefficient and the
poor classification effect, an image classification algorithm based on Slack Label
Consistent Dictionary Pair Learning (SLC-DPL) is proposed. Firstly, the
projection dictionary is used to linearly project the sample data, so that the coding
representation coefficient can obtain more effective coding features while
maintaining sparsity. Secondly, the label consistency matrix is introduced to

associate the label information with each dictionary term. Finally, a slack matrix
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is learned to dynamically optimize the label consistency, so that the learned
representation coefficient is more flexible, thereby improving the discriminability
of the dictionary pair algorithm. Experiments on AR dataset, CMU PIE dataset
and USPS dataset show that the algorithm can effectively improve the accuracy
of image classification.

(2) Although the SLC-DPL algorithm proposed in research (1) makes full
use of the structural information of sparse coding coefficient to improve the
classification effect, the dictionary pair learning method is used to make the
dictionary scale larger. When the dictionary scale increases to a certain extent, the
training phase will take a long time and the intra-class similarity of the image
decreases. In order to further improve the accuracy and efficiency of image
classification, an image classification algorithm based on Local Constraint and
Slack Label Consistency Transform Learning (SLCTL) is proposed. Firstly, on
the basis of slack label consistency dictionary learning, the transform matrix is
used to represent the sample data to quickly capture more effective features of the
sample. Secondly, an adaptive weight is learned to constrain the representation
coefficient locally, which improves the similarity of intra-class representation and
makes the learned dictionary more discriminative. Finally, the algorithm is
verified on the USPS dataset, Scenel5 dataset and CMU PIE dataset. The
experimental results show that the proposed algorithm is superior to the SLC-DPL
algorithm in image classification accuracy and training efficiency.

(3) Based on the research methods of (1) and (2), an image classification
system based on label consistency dictionary learning is designed and

implemented on the Matlab platform.

Key words: Dictionary pair learning; Label consistent; Slack matrix; Transform

learning; Local constraint; image classification system
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BT AR — BRI e S Ok R E0E T “0-17 Pt sty , srAPR RN
RoRFRHRN 1, BARAAL R 2R EUR B A A [F Mg g, (H 2> 2008 AR 5 RS
B BREAANT RS ER, FBIRBIRORAUER . —Mith, ESLhrNH S,
FIREUE KRR TEA TSR, Blanfe Py h S BEE LS R, ROSED &Y
HRWSRE, X=MEREAE . EAE, N TR REON 1 IEA R
HAERNAERT BRFAE o« A2 JH0URE I RS 5 TS AR HE ) — s AR SESE B R, BTRA,
AR GINAS AR R, AT 78 o0 A R AR I S R A5 R, SRS AN R 2R R B OR
X o1 Ah, &R BIPO i A g Mt R os RBCHU IR SEM, 5] N 0] 27 2 8
AL, R 73 A 7 SO PR AR AT SRR, WU RT St G AL 2R KA ORRR HOs A 2 45 1 1)
RIS, $2 e g AL 2R 330K s BE 0 A = B o M o ERUEG, 365 M) R 8 st R o R )
PR, R BB R N R BRI g AT .

SR, AR IR I 51 N it 6 R R = ok 2 ST B B AR R A% 42 vy S8 SR N RRAE
WIZEoREE 1. SIS A M, (HEEE =B R, BORERRRER N, %k
B BORE 2RI (B RORSE G o AN, 5 BB G K 3 — R T, HaBRR AR K
WAL, MG R REE ST N %, AH2~>] (Transform Learning, TL) {E N7
SR RRA, A At R R AR e st fg, R SIS B ), R
RCHE S CE A 0 G AL A A SR Do B Y, DU SR BURE AR S B, el SR
R Ko thAh, RIS TR RSB R, A SIRFE S R AREARRAIEC R, &
AR 2 ST b, 22 2] — AN BIE RIBUE X RO RECHAT R, mrE— P
BUER S N ZoR BOARAE , 165 T B~ S0 BE BRI . BT L, SR A AR sy 2 H R R £
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g TR, TEFHEIN B, BETHMERRL, i 5 R shA KR st
TR AR o2 0T IR 2 B8 0 LU S B B B U B s ZERRAE SR B 5 NS 42 )
TR BBLIRNLA], 77— 4 B I ZR R I G  AR L, SR TR TH 3504 2K
KGR o DRI, AT 10 PR 4 2K B R B 20 SRR RA S AR 25— B0k 32 o) 2 S0 B3 (O 5T
S e P 2 SRS B LA T B e

1.2 E[RASMAZ IR

1.2.1 Hi R

i R, IR T IEE& %0 (Compressed Sensing, CS). J& 4 /8 H0 PR S 1) 3 A
i 5Lt Donohol'2H, I CSEHR4RH, WMRE ST M EAPIREERZHZE “07.
“17 M RRMREE, WZME 5P B e IE S R E A . A ECRT A BT B ER Can:
RENRER ., FAEHE), H4aEG I EE T LLH B E S =G RBE S
JE4 IR AHE SR U 1.1 o

FInES —» HHREL REVWNE —» EWES

Y

E4aRHE

\ 4

B 1.1 R4 B S B0 AR 22 1
Fig.1.1 Compressed sensing theory framework diagram

J& Baraniuk®xf CS 5 )#AT 7 BARG T, I 2 F0E S E @ TT ZHE 1 1HE40H
®, Jy CSHEARHRAL T H IS, NS EET . BURSESUR A ST iR it 7B L
FF. Wb/~ (Sparse Representation, SR) BWEN CS Hg b AT/ PAERE, 2k
BRACH T HE R RBERR . SR BEM— G E Kl e & CERERIZIECR T17 8D+
Sk BN ORI R TR T AL S, DUSE OS5 B R R, AT
THIK ZFEWREGE R, # PR EHE S ER I T # A%, Hrp, i 5e 4
FHCRY, B A T IBORBONURE), ERATRORN, W@ TR, B
WMERRB T Z N 0mER, EOoEED, HIE 0 mET DURFHIFR R IZE 5 8BRS
Fri IR ¥ 2 (B AR G, TR IE IR FERFAE . 24K, 1E(5 5 M BB AL BS54,
MR R — B IA SR EE, HmEmil, GEREsE. HEEEREFR
PEmEfe ), ATHERRAHE S AMEHRHATIRE . ERERE S EREEE BERE, &%
ML FEWEMRMEDE, 2 NHTREERY., Bl S BgSE. F9EEM
H AR ER A SE ER AL B . 4>, WF 2 BHITHLKY (40 Adobe AT 78 Ress) Mimks Cand
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TFESHAN DR T MR 1 EUR 73 K SURRAE— 2640 ICASSP. ICIP %5 8 2 [H froy
WA I,

ST AR R R 0 MG o SR BVE A b Rl i = 2 ) (1 77 30 il — A i 5 4% T
TEZ I T UG RAT RRAE T, 75 B0 B (AR R 2R /B T8 5 M 15 22 5K 58 ok
BRI 52K Bk, de e BRI RIMRE B, BIF FE A fe] 27 3 — AN 0 PR e 1) 5 358
FSRHIU R0 AR 1) B g 22 00 H L
1.2.2 FHEF3]

MRS TR BT, — A F R A AR AR s AR 1B 5 58 U I — 2L A
T IR E A ESIIGREARE 7, TR T (R A e P R, 45
BUERRAHERf, B PERETRE. BEAh, BRI S O X, A
WIS SRR R 2 B . AR, SRA B UK. IR IR ARTE N, 2 R
— LS AL O NG BB TG RREA, AT S BEME  BRCRB E R . ik, A
B R GRS 2 2] — N PE B FI I g 0T DA R, BT AR T
Z KT %3] (Dictionary Learning, DL) HEZL[EIG /32K, EE NG it
BE)L oM S R R A 3] = SRR

(1) 42 &7 2 > 1A (Synthesis Dictionary Learning, SDL)

LF 7 B SRS R I X B 3R AT e 4 i A RS R 72 eI, AT A B0 AH B 11
TR RE MBI PR AR B, A T LB i . AR 2 5 AR A
B, SDL BT LA NP R Hifh: 5 >] (Supervised Dictionary Learning) F17G
Wi Bt =2 >] (Unsupervised Dictionary Learning). SDL HEZ2# BT 1996 £E4% Olshaus-
en®GE NTRH, Horbi BACERMEPI R EE 2 5 i J7 17 (Method of Optimal Direction,
MOD) 1 K-means 4 5% (K-means Singular Value Decomposition, K-SVD) &1,
MOD FEIlId R iRz i /MUK T 7, B 302 o S e SIod FE R R v —
FhEE . K-SVD HE2 AR SLHE SMBRn i —ME L, HEEJREA BRI
VR 8. Ak, ChenlVSE NI —Fh TR A MRS Chi 5 h i/ s o A D 17 8t
FE . DR =R R E TR B L, T S SR AE B 70 AR
DNAECRFFRE A B R AE 10 [F) B S T B 22 SR U R 70, S /D T 5 38 0 40 ) - g 2 =)
(Discriminant dictionary learning, DDL) 347 T#F5i. DDL & f H AR M I B 7 gt
F IR —, RIS B T IO A FEAR AT RAEG RS, AR5 i I R RAER
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ZEHATEIE 32K, Bk, gmid R B0 ) - I i) #E e J4E DDL i S Z 1R .
MY SR A R, DDL KEAT B M LU R Pi2R: 3L 28 DDL (Shared-class Disc
riminative Dictionary Learning, SHCDDL) F14F5%E 2 DDL (Specific-class Discriminative
Dictionary Learning, SPCDDL).

® IS i+ 2z > (SHCDDL)

SHCDDL Sk HIME B B A S Hirs#oh, LI g 28058, R
JTEF A RN SR AR B — A2 e . o & AL =228 DDL 540
235 K-SVD (Discriminative K-means Singular Value Decomposition, D-KSVD) #
EUORI A2 —E(PE K-SVD (Label Consistent K-SVD, LC-KSVD) FyEM, x5y
Gy IR T o3 R ZE ANEbR — U R S - M F I . Va4 NS i T P dL
B2 D) B 3 R T7 0%, & TTE T BT 40 28 . Zhaot'5E A $2 HE — P i R
Hi 1E 4k (Group Non-Convex Sparsity Regularized Partial Shared Dictionary Learning,
GNCPSDL) 53, ] FH 0 73 3 = o it 2 S AR ] o 72 4 5l 1) — BBtk AN oAbk, BAR
OB i) e AN AR B 1 1 R R T e A, BT S R FARRE R 2R (Low-Rank
Representation, LRR) -1 FIE 41 2) BB B4R E AL gt R 5, DAR i o i 27
SJHFIIVERE . Ho, Gao &5 AUCME W —Fh B T B He MR I R R 7 3022 2] (Robust
and Discriminative Low-rank Representation, RDLRR) £, FIFHFR/R REFEG R E
ARG % 12 Jo 0 R B 45 A 15 S o Chenl! 1558 N3 H —Ff B & B ICFE R 78 (Adaptive
Low-rank Representation, ALRR) 53k, Rk F IEASYE L AU B i b 7 By 2] SRS AR Rl
F| LRR 1, EAFZ5 ] DL E N b M R G0 s S AT RE 2 ST BE 2 H S R . AR
M, LR, FREBERIEAT2ME, LRR HBEAER “0-17 Yo Mk
GER AL o WERF G EE SR E A RN RESE T 17, WRES g — Le
ARRAEE R, I Z R AR TR HEE, SBIRBER R AR, K,
AT 7843 ) AR RRAE O 25 15 8, 1 v S A 2R 0P 3 7 8 0 R L 10 4 ) e
{453t — 2D R BN 50 1 S B o] Rl

® R ARy # 2] (SPCDDL)

SPCDDL 535 2] F R 0 A28, — R DURAG HARR A IEE B, &
W& R D HORE A . Fisher 7)) 7% 88 %% 2] (Fisher Discriminative Dictionary Learning,
FDDL) USVRy 2 A B B A 23 T4 e 2K 1) DDL ik, Bk T — At 4,
{8 F Fisher #ENPRA R FIRRZEMEIR REL 4/ NRNBUREIRS, §RSKMAAIEE . B
WA 7 RIEFM LIS R, HIFARMRF MR R FIE T 5REC R KRR, ik,
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Liul" % N$2H 7 —FhiF 227 2% 3] (Class Specific Dictionary Learning, CSDL) %
2, S NI ST RHE IR, RoR TR RS R R RHE 2 R B OC R,
MR T 25 ) B TR . 2 ) A e LR IR TG, AbdiPO%5 AARYE 7y
FAT S5 AR SR 4 A 48— b B 517 8% 2] (Entropy based Dictionary
Learning, EDL) 5%, BhaHLa 1B RE 8 28 540 ) UM 5 ML I ) B0k . XA A
P T R E T IS MM R R L, AN R TR E R T R I MR A B
Z I ZE SR . BUREE R DDL v] DM SR F] 5 E R V), FFRefE — @R bR
JEF I R SRIE) T 22 . R, AR R SR (R Rt R AN 1K), RO AR R AE 1] 2 S B o
RAAESR AT AR A, HAX SRR ARG/ RIS Bt AHELZ T, SR T HISE
PARFAE AT DA R 3 SRR R s S o DRIk, $2 s 2R N ARAUUME X DDL S0 4
HMEGE R R EH I,

AR RIX—E B, Li 58 NPT — P T R 2 R AR 25 5] 3 1 T
(Locality-Constrained and Label Embedding Dictionary Learning, LCLE-DL) 2Rk,
L AR T R A R AR 25 A5 B EE A 13 B0 BB o 2 R s A i St R 4L Liu
S NIT@ I 2% SR e R g5 f ik 7 8, $2 3 (Locality Constrained Dictionary Learning,
LCDL) 5%, BIEAE DR RFHCHE 5 [ 1 R 30 LT RRAE (R R, 5k S8 A AR 3O N gk AT
. Jing S5 NP1 — bl [ I 28 58 = A7 P RIRR i 1 240 A 11 = it 2 ) S R0 8
BATER ARGy o Gaol VA NHR Y T — Fh oy S W i g A« 78 P o o 070 s 7 e L 5
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(2) #7322 4 (Analysis Dictionary Learning, ADL)

iR S VAR T SDL, X BRI GRS RECRH 1 1IE AR AR BIHGH
filt, fEHERRAARBREIME R, TR R . B IXA R, I EA R T
Rt gt S 59k, T B (ADL) 2¥5: 5548 UmBeE2s i, KA
R 5 BB — AT g, B s Sy, I 515 S i AR
PESRAF M 7R . 2013 4F Rubinstein®3E A$EH 17— K-SVD 40 #fr7 88, 3X 457
W S22 ST R A T RO TAE . BianP78E A$R H 7 #5225 10148 R J5 0ok 4R i
AT I T X B Ty R B 5 o A A LA SR A6 ) R T Y, R
SRR T AT S . JEOR, Guol™&E AfE SDL 5| N7 —Fh = L Wi 7 # 4
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5% B BOR A SR b B0 B ) JUAT S5 4, AT N EHREAT 70 36 . Wenl145 A AE 7p #r 5
S Gl NREMMEE, R T R ERCR S E R A5 o B o)
(Structured analysis dictionary learning, SADL) Z}28%8 5. TangBPO% AHRH 7 —Fh 4y
i NG5 RIS B 7 2% 3] (Distributed Structured Analysis Dictionary Learning, DSADL),
UEBA T 23 RS Re /I AR I R, e T B m TR . BT RL, 2B - AR A R
R — A O M Tk AT g, B SR AR & 2 L RV

(3) FHLXF 22 > #ER (Dictionary Pair Learning, DPL)

FBAGEFHEHNBGRIGNES . BEEMRS, —SZS08 i 5T # 75 7
P SINERG M AR, PR SR ) —AMESE . 2014 4, GuBUEE NS
FAGE T WA, R T — R B 5 UK 2% 2 (Projective Dictionary Pair
Learning, PDPL)#H %, DLASZHUE 5 BB R0 . PSR UL, DPL XK B AT
[F] Y4 FE 77 TR AR SR A T bl DAAE 7 B ASE 2R B 0 (R R B, DRI A0k 22 A 7 38 ) JH 1) 1) 1 e A
T . YangP2E N HE T — FlOET A0 3k 1 4 0 1k RRE R M 00 4 BT 45 A s ]
( Analysis-Synthesis Dictionary Learning for Universality-Particularity, ASDL-UP) 43
BVE, AR T O 2 S) R BE s b ()R Ttk A AR A 1 2R A 1 ) ) e R e
BRAT /35 B, SunPV5E N[RIE 2% ) Rl B I& MM B R B 452 DPL A5
Dmht AL, R M B BIERI T4 3] (Robust Adaptive Dictionary Pair Learning,
RA-DPL) %1% . ZhangPH% A $& th — Ff XU AH F B 98 ¥ 16 7 6 % >J (Self-
Expressive Locality-Adaptive Latent Dictionary Pair Learning, Slat-DPL)% %, ¥ &%
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X 31 1 B 53 805V W A8 o R AR B ST Re 0, A I T S R BT
HE I
1.2.3 Efg 53
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