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Image Classification Based on Non-negative Locality-constrained Linear Coding

LIU Pei-Na! LIU Guo-Jun' GUO Mao-Zu' LIU Yang! LI Pan'

Abstract The most important issue of image classification algorithm based on feature extraction is how to efficiently
encode features. Locality-constrained linear coding (LLC) has achieved the state-of-the-art performance on several bench-
marks, due to its underlying properties of better construction and local smooth sparsity. However, the performance of
LLC on image classification is sensitive to the number of neighbors, i.e., the value of k. With the increase of k, the absolute
difference of some negative and positive elements may likely become larger and larger. This will make LLC more unstable.
In this paper, a new coding scheme called non-negative locality-constrained linear coding (NNLLC) is proposed. It adds
an extra non-negative constraint to the objective function of LLC. Generally, this new model can be solved by iterative
optimization methods, however, such solutions are quite impractical due to high computational cost. Therefore, two fast
approximation algorithms are proposed; more importantly, they and LLC have a similar computational complexity. To
compare with LLC, the experiment results on several widely used image datasets demonstrate that NNLLC not only can
improve the classification accuracy by nearly 1% ~ 4 %, but also is more robust on the selection of k.
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Z i TR R R A A R 1 ) g 5 07 2, A g B (Vece-
tor quantization, VQ)©I. Mk i i 4 15 (SPM
based on sparse codes, ScCSPM)[6) 1 Jaj i £ i £k vk
4ty (Locality-constrained linear coding, LLC)[.
fE4e( SPM A VQ 9t 77 3, REANFr A 1
fERIA g id 7 B — M ERILER, uRil
b AR e rh AT AR AR () B 4815 3], ScSPM
gt 5 S AE R4 tiD (Sparse coding, SC)E! HiAX
VQ, N T EMRZ. {H ScSPM 13 2|1 4w B A
AR e P, RIVAEABL PR R A0 8 3 7 208 I 4 s G ) A 2
BN GASAT AT 2 25 IR, Yu Z0 8 H R
P e B N 2L, 76 LLC Hr, Al A S b
ZA IR —ANRHERA 1 0 7 ks A, B
ABL R AR A A 3R 0 T e == 3Ry 3 ) B, 45 B ARARAR)
Zahh, XAFFF ScCSPM AR P43 2K G
LLC XJHRFEREIR 7 IEAT i I, 7EORIET- AN
AN AR AT, il S b MR E R R 2%,
U A 20 1 G A v n] BE AL S TC 3R A G i 1) £
HT R 5 IFEITEMZERR, W4 T8 i5 77
AT E . i dEAT AR Ak, Rk 7T
—ANEE 7 ). Hoyer!™) K 5 4 5 15 JE G 11 B4 43
il AH 45 5 T8 AR M i 9 15 (Non-negative sparse
coding, NNSC), 1X— 7L H B EZ B A
BB g, EE TR S A BAE . 5K
B WY, AR AR B 23 AR 1 249 RO T2 2 B e I R o
SR EE). Zhang M N AR AR GRS K
5 G 5 BE > i B R (Non-negative sparse cod-
ing, low-rank and sparse matrix decomposition,
LR-Sc + SPM) #4 ¢ K573 FHESE, 7r— LKLk
KGR E 4 EIUA T LLC s K45 3. Lin
A Kung!? $2 H 1 4k £ 1E A2 UL i 38 5 577 (Non-
negative orthogonal matching pursuit, NOMP) &
FE1EAZ VL EC B B 577% (Orthogonal matching pur-
suit, OMP) "5 A — MR R HER LR, A%

JE VR BE S5 R A F K-Means S7VEREATHRFAE 22 2
NOMP #AT gt s, X Ah 2y S HEQEAAL e % 27
IR RSP HRHAE 7 S, o H B8 kP A 00 &, 75
STL-10 Hodhs 4 1 B 5 o3 28R P IR T s DL F)
xR

B, O T 3RAS A2 PR R, JF 2 LLC
FRIANESUE P TR, A SRS T AR 0 Jm) i 240 TR e AP
iy (Non-negative locality-constrained linear cod-
ing, NNLLC) H3%, 5L G ERAL, AT %
DN/

1) 7 LLC g8 i) H bR 7 fE b gl AR 2y
W, B FFr i NNLLC 4afgi Rl %40 i 7
SHEABRMFENE, HAmbh i xStk e 0% k
e B A B SRR

2) X NNLLC gt i) H #5757 s ] — il
IR SR AT M, TRR IR TR
RpE.

3) $EHPRR AR NNLLC 2 i 45 8 1) i L4
W EAEEEAUE T gmadid A, 1 HAR) AT
s g IS T EAR G A (0 0 2R 45 R

AL 1 R AR T SPM IR 70 SRAE
85 2 /4 NNLLC B9AEA AR S HAS e VR
BB T, AERE 3 71, AR R AL, DAL
KA NNLLC G i A6 2L ) — s AR %, 7
SOOI T gufidil FE. 25 4 WEZ A A
BA A L, gy AR SCRNR S oA 28 M B0 03 2K
R0 2 55 2 L I T A EL B 45 R, DA & NNLLC &g
PERIPFI. 5545 A LS iR
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Fig.1 The entire framework of image classification based on SPM
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HH R €A [3] p5; R, B RN R R R AR 1, 492
FHRNLR) M 4YEgwfid o) &, KR SRR, ARG, W
I SPM J5 iR BUG A 3 0] _E X o3 oh = 22, 4300 2
Lo, Ly, Ly, o J2 L, (1=0,1,2) #kl5 K 2! x 2!
ATk R E AT X Tk, 52—
M HEf gt e, WZE L 53] 28 x 28 A~ M 4k
i), R 2 TR gt AT PR, 15 2% 2 1) 9
R B =2 Pt k, B —" L x M
YR G ht ) i, % n) o R R I B e g, b
RO L =Y, 20 x 2! = 21, dJi5, ¥z
PG 1) 20 i 1) 2 N 1) 00 2R3 il AT 4028, i 2R
HE R

AR BT “utd” 1X— D8, ZM B
ET M ML 2 S R, — R A K-Means
SR ) AR R R IR b BRI . AN R P G
1577 XA 2 G AN 1], A (1) 53 S 2 AN AH 7],
W LLC gaht £330 2k g hith, I FE 2 FH a7
LR MRS 2 B8k eI BUAR U 1) PR o0 S T,

2 AEfAEERRL R4S (NNLLC)

M H Fom Nl B SR UK D2 15 AR
RS, W H = [hy,hy, -+ hy] € RPN, o
h; € RP & H W5« MHLRNE 1. B Ronailky
fLfifiid 7 B 7, 5% M AN W B = [by,
by, -+, by] € RPM.FI B XML T
h; AT, RN hy = B x ¢;, iU
G fidh )5 AT BN LIRS ¢; € RM.

2.1 BERARL 4SS (LLC)

Yu O FEHE BIUCR, TERESEE LT R L
Mg M S T2, RO SRR e o S ERRE, 2
KR, LLC R Ak G Mg g b5 5 AT ok,
R JR PR BR A B A R A ) 3 i, e H
ISR

N

¢ z; (1)

st. 1Te; =1, Vi

Horp, 1 Fop iz 1 R, 215 1T =
1 ORIEGi A% T B AL E, JREEENAIT ||d; © e
HENS B DRAT BRI R AL 1838 1 LA AL i 4.

2.2 iEfil LLC %%#5

(1) MR RIAE SRR ¢; R T
TR A TG PR R A 40 38 16T ) T 4 i P
HRBOE I EE, B — R AAbR R S8 Xk, Wang
SR A2 H — P SRR, LLC S h5 ke i 2
P RE, (Hi)a ka5 (1) I BIRANZ AN

K. JEARALLC Gl /s A G B Jed S O I, 4
TRAE T 23 PPy oK.

ML LLC K5t 2 F 2 s = A Be
)k ARG, 8 2 ERRA TR

Bt.

\\ dﬂ@ Obm % //‘ \\—p 0--\a

\\ @) - _— NNLLC 4Rhe C[A»]',:’ |
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K2 gt fnEiE

Fig.2 The diagram of the encoding process
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W& g c; e RM 158 ([, -+, [k]) dERIMER
BN (epy, o), HARLERIMEIE N 0.

2 (2) DAL T LU T hra% B H 3fe 15K
AT, I LLC gt RENER T R LLC
(1) O(M?) /N2 O(M + k?), Hrp k< M.

2.3 ELREBLIRZL SRS (NNLLC)

S, LLC iR AH EL, A SCH R R SR 2
SRS (NNLLC) ZEHCHR B A T 4E9
ik, BRRTRET IR (3) #5.
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N
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LY SORAE G 65 (11 PR AN, ANA5 LR PR AIE 2
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Mgt c; AT RER O 102 B % B 6 40 (1) i 2k
F/x (NNLLC 5 LLC gat4 i 2R 7E 5 2.4 15T
TEAH ) BT IR ).

3 (3) AL TS T vk B e Skt b e, — M
A R BUE AR A S AT SR 4 sz B Hp ] SR
H Matlab 846 T HALF ) Fmincon BAEUK K fi#IX
FEIAELR BRI [ 8. A T 38 7 (8, AR SORAS hr
F B H sk =X (2) ML LLC &k, 5k
A3 2GS FR R LLC 4ahd, K H Fmincon B
HphAe st (3) MELFR N NNLLC F 3%, itk
F 4L FR ) NNLLC_F 4wt

2.4 NNLLC ezt

¥ NNLLC 5 LLC LB HAx 5 REREAT
P, 5 (3) thal (2) #n T— AIAERL R KA ¢
=0, TRIE THwIEEAEAYE. £ 1T, =1 5¢, =0
KA LREAT T, 2 (3) 1B 24 oo Kb
76 0,1] 20, mak (2) HEELREMS 1Te =1,
73 21 g A HR (1) 76 28 K /INFEAS W (1) S L N AR 3,
X RE FEUE TR S T R ZERCR.

B4 Caltech 101 _EMIFEEAEHEA T hy ~
hs 735l LLC 5 NNLLC_F Skt 7T H ), 1453
Mg c; (i = 1,2,3) Wk 3 fiox, L e; £HIT
R (7 b EEERPRE £ =5), LNICED
EU%@%% Cy1,C2,C3,Cy4,Cs. E@ 3 ':P, *ﬁi/‘%*f\ﬁﬂ?éﬁ
R EATCER, PARFRR IR A TCRE IR, FR
ARFRANFH TP S SR AT W G (1) T ZRAE KD, AR
HAERFZICEI AN 0. B 3 (a) ~3(c) il
IREFEREA T hy ~ hy fF LLC. NNLLC_F $13%F
IETI YN 3

ME SR LLEH, LLC g o %5 IE 1
TCHEMZERR, WK 3 (b) 5K 3(c). 7K 3(c) *,
FRAE hs 1) LLC gt IcsR ¢, HRANELT
1.2, 590% ¢y MZELAN 2, XFFE— it b it %

1.2 1.2

FZEBCRIE B S8 id 7 AR e . M
NNLLC_F %51 c s K/NRAE [0, 1] ;.

MEEE S BE A3, AT -0 B, XPRHAE by 1
ITEM, 4T h; = B; x ¢;, \TUEVERX B; #EAT AL
KA by, ¢ AZRIINAEREL. F LLC 1,
WL ERAR 1Te, = 1 WHBLF, N T IeMedl
HRZE, e; TIEAGHE S AUETHE TR ZER K. X
2 RR S AE IR B B [ B 7E — e R L2 T
PO A AR O B 3. ot 3, 78 FARAAE
B, 2 5 1 £ (R TG 38 6 Y. IR R BRI T IE A e
NEFERT S L. et R, kAR RN
(1) K AEBOK, “F 3R LA H i 2 ) 15 210 g bt
HHC RN, EMTRE S U IC E AR
KIS TRk 2 o LB, %457 b Fa e . T
& NNLLC ', T e; Z9HAE [0,1] JEHEA, v
B; x ¢; BfE B, MEUHIHE, USRS hy, T
DLz e 7 A7 AL B 07 s X

MK 3 v LUEH, It E N 0 AL & IR
SEHTE I BT B (OB 215 i b itk
XYL, 6T [/ —ANMRFIE, NNLLC gt ] LB AR 2
¥ LLC gmtdrh AR C AN 0, HR oo it
ATH— AT 2. g ) BT E 0, A5
S (1) 3 7 T p I R N RE S R FEAE L, (R4 1
FERO RFAE AT F A, A4 G A 1) 6 3 K/NE AT
119 [0, 1] YOI, X AE DD T AR ZE I R, A
CEICT IV

3 REFIEAIEAMmADEE

X (3) KB  SEE AT SR i, LIk
L LLC 1843%. #l41, Fmincon {4k eAELE 1
PRI DO L AN AE AT G b, (H — 1 R ] 2 Y
HLTANRE, X T 7 e BRI Aok UG, 2
B 9l IR [A) 02 S B N TP AN RE A2 1)L DALk, — i
IR TEAT A3 7 b 1) S F A R HT 341,

1.2

[__jife [__jife [ |ese
C_—_INNLLC F C—INNLLC F C_INNLLC_F
C_NNLLC 1 C_NNLLC 1 C_—_INNLLC 1
08F I NNLLC 2 08 | N NNLLC 2 0.8 | N NNLLC 2
04rF 0.4 | 0.4 |
0 0 Q
—0.4F 04 041
08 ¢, ¢ g ¢, ¢ 08 ¢ ¢, ¢ ¢, o« 0.8 ¢ e, ¢ ¢, g
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K3 k=5 K hy~hs 57D gL b 1Rt /N LR
Fig.3 The comparison of codes of LLC, NNLLC_F, NNLLC_1 and NNLLC_2 for hi ~ hs under k = 5
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J T AREEE S gm S, FRuko kg (3) Tk
RS ARSCHEH BRI AR 7 gt 577k NNLLC 1
5 NNLLC_2. KX (3) MR A A0 3R,
PEILE 1.

£ k=5 i, idlide Caltech 101 _FFFAEHEIA
T hy ~hs 235 NNLLC_1 5 NNLLC_2 #.3%
HEATEAA, 15 BIAH N ) gmit, Wi 3 s, ER 3,
3(a) ~ 3 (c) 7 MERARFHEREIE T hy ~ hs 7EPUFH
%75 LLC. NNLLC_F. NNLLC_1. NNLLC_2 [
i /N, PTRUE ), NNLLC.1 #1 NNLLC_2
i 5 NNLLC_F gafAH 22 AN K, —Fpgahd 1) oo
FR/NERIEHILE [0, 1] Z 00, AN A Z R K1
B, XA T R IE UL R AR UE NNLLC 1)
FasgdE. NNLLC_1. NNLLC_2 5 NNLLC_F 7 h,
~hs FREMRZE WA ZEAK, XEEHE T Tk
B 2 B S04 v B o A R ) S AR

NNLLC_1 5 NNLLC_2 Skt 5 5 4% 5 #
N OM +k? +k), 5 LLC Skt a4
O(M + k?) ), Hh k < M, # NNLLC_1 Al
NNLLC_2 5 LLC ffguhdit #2—FEpk.

4 RBRERSH

ARSI S B E S Sk [7) REE S R
B b R A R, ek A Dy Ik A, It
FER R 5 BG  a 5E LL AR T3 T, Z558T R 4
FF 0 B 1K /NE 300 183 x 300 18 5= . K KA
AR 6 MEZERI N 16 182 x 16 1211 patch
B, MBEAS patch AL —A> SIFT FiiEffid . 3
AN szg h HAE ] B — ) SIFT R IEAE b N, B4
SIFT $F1E2 D = 128 4Ef 1) &

®5% 1. NNLLC if {43

BN R EMRERIR T b &k TR G131
Ty B.

it b AER GRS C.

F1. HHEE 1Te = 1, KMBAK W H 8-
X L(e,\) = ||h — Be|> + A1 — 1T¢), 5 2 f#HTfi# ¢
= [017627--- 7Ck]T, Eﬂ c = BT(BTh + )\1)7 }E'T‘, B]L
(B*B)™', A = a/B, a = 1 =3, Bl(hTby), 8
ij BTjk’

PB2. ATHL ¢ =0, KPR 1 321 ¢ BEAT IR
AT, HBGREY é = [61, G, -+, 8] .

1) NNLLC_1. # ¢ FIICHEAIE, R EesIF
B0, RJEX e AT IH—1b; 5 WAL 2. [

G — max{0, ¢; }

Y max{0,¢;}’ i=12k

2) NNLLC-2. # ¢ "PINICHEA ffH, il 5l 4 {5
BRI TCE, ¥ e I FiZIu R W4 E G AT A —14k;
A AL, H)

. ¢+ |min{0, ¢ }|
= et Tmin{0, e}’

¢* = argminc;,
2
i=1,2,-- ,k

Rz S e, FICRNRED M =
1024, BT MNEEAEHE EFEHUY SIFT $R1E4L H
PER, A H 17 32 ST RE B ) IR OR A, SIEe B L
KAE 20 JiA SIFT FRAEAE Rl grdidin, 20 B4
1/70.

FESAFEEA SIFT WIgwtd s, NH SPM ¥4
EHEAE R AR 20 = )2, B2 DS H 4300k 4
X 4,2 x 2, 1x 1. 85, 82T X EUEH HoAL
HES S PHEROR IS ZE Wi, B)GEES )2
Z (0] [RIFEAE BB I 44, I 55015 31 3 0 P 5 1
BaignEER, B L x M = 21 x 1024 4:f#) 4
.

ERAGARIR 5 0 gmid J5 , 14 liblinear!*®) T
FAATZRME 2. RS K B B A
SN “—s 2 —c b5 —q", N 1, BRZ 1, Bk ekl
BT S AE— 16 GB W A7 2.0 GHz X% CPU
] Linux AR55#8 LisqT.

SEUG A B BEALEE PUAN R4, B RN R
G LA =AY BB B S By R 3 HL
%, ¥% LLC 5 NNLLC_F. NNLLC_1. NNLLC_2
FE A —H i 45 L (W g iy () EAT X b, SRS 7E Cal-
tech 101 4 4E I, EA M Gatd 7 T LhEAN A
WSHL Kk Xor2egs Jivsgm, 34 NNLLC e
PEREAT V.

4.1 EfgRSEERMLR

H T HAE NNLLC (4 80, ASCE =N 2
A5 1) B 45 048 45 15 Scenesl®! . Caltech 1010161,
Caltech 256 FK BI5 1 20 R 1 26 FF AT X L.
DA AN G R AT T A 4.

1) 15Scenes. B85 15 A HAR 5 4485 ME K
B, b RS ) BG4 E 78 200 £ 400 A
X 15 AN AR N AET R, W2, b
W2 A 1, AR

2) Caltech 101. 4% 101 251, 9144 1 &
%, ARG ECH 76 31 2] 800 A%, £
RS Ae2s . CHLELE AR b 2200 LB K ).

3) Caltech 256. L% 256 251, 30607 &
%, N2 005 80 K&, %K G A"
Ji& 7 Caltech 101 ##la e, ZulMAfb k5K, Hrp
ALE T b 55 [ AE L2k

55 3Cik (6] FOSCHR [7) AR, A S5 43 i A
15 Scenes PG A2 00 (1) 10, 20, 40, 60,
80, 100 ME KM%, Caltech 101 P54 () 454N 2 51 v
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1) 5, 10, 15, 20, 25, 30 @K%, Caltech 256 {4
R BREAN SR 15, 30, 45, 60 T&E B AE Kl
GRECE, A AR AE I B . Rl AT
¥k =5, ¥ A K NNLLC_F 4%, NNLLC.1
LR NNLLC2 Sk 5 — e gL (4L 48 5 vk A
15 Scenes. Caltech 101+ Caltech 256 %4 4T
FUR > FREM R IE R, S5 IVENLR 1. & 2 F
% 3.

AfLLE ), A IR UG H (36K, 73 281 Re
WAEEHE . ARE K, NNLLC Sk Ik
fie LB T HA £ g 5k NNLLC.1. NNLLC_2

PIFPIE LS 5 NNLLC_F )43 8 M REAH 22 A K,
SR EAIAE Sy FRGE % b b LLC #1738 1% ~
4 %. JUH IR BE H BN, ARSI
SN, I A NNLLC 59575 2 1 RrfE 4
FE LLC ST, il 2D I 2R 8 st fES 2
LR Gf 1) 7 R AR B I 2R H e B0 4 )N 2k
Ir2RA%, PrUUIZRg H K, NNLLC S92 70 268
BAR B v (YD AN

4.2 YRESETE)AY bEER

PR Hla gk, BRI IR IR R i

# 1 15Scenes BIG4E LI 2R4s R (%)
Table 1  The comparison of classification accuracy on 15 Scenes dataset (%)
KGR EH 10 20 40 60 80 10
ScSPMI9] — — — — — 80.28
LLC 64.22 70.15 75.51 77.86 79.05 80.31
NNLLC_F 66.48 72.95 77.41 79.37 80.97 81.75
NNLLC_-1 67.56 73.72 77.88 80.16 80.35 81.79
NNLLC_2 68.12 72.20 77.32 79.78 80.87 81.83
#* 2 Caltech 101 HEEE RN KL R (%)
Table 2  The comparison of classification accuracy on Caltech 101 dataset (%)
1R %H 5 10 15 20 25 30
Lazebnik!®] — — 56.40 — — 64.60
Zhang %1171 46.6 55.8 59.1 62.0 — 66.20
Boiman 2518l - - 65.0 — — 70.40
Balasubramanian %419 — — — — — 77.54
ScSPMIe! — — 67.00 — — 73.20
LLC 55.14 64.69 69.77 73.38 75.68 78.26
NNLLC_F 58.62 67.66 72.38 75.69 77.69 80.08
NNLLC_1 58.48 68.30 72.76 75.80 77.72 79.19
NNLLC_2 59.25 68.50 72.69 75.54 78.00 79.65
# 3 Caltech 256 FHf4E IR (%)
Table 3  The comparison of classification accuracy on Caltech 256 dataset (%)
INZREHEEH 15 30 45 60
ScSPMI) 27.73 34.02 37.46 40.14
Gemert %[20] — 27.17 — —

LLC 30.12 36.28 40.21 43.06
NNLLC_F 33.12 39.25 42.73 45.56
NNLLC_1 33.43 39.48 43.12 45.67
NNLLC_2 33.54 39.56 43.17 45.79
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BIG B Re i) — AN BB AR AE, (HES SEIG W FE 1)
I ()t — AN S B Ay AR e, Wil 1 Fos, 0 F
MITF L g 43 3 — A L x M4 g fish i) B X —
IR AR S S B0 W FLRE 9 19 B R B A S R B[] %
F NNLLC_F.NNLLC_1. NNLLC_2 5 LLC i},
N TG, AR S R E AT AL ). dwEd
JETE FEA B AR 1 A SRR AE H 08 7 B AT, B
15 Scenes $#EHUH 2 728 J7/MFFAE, Caltech 101 44
PRAEPE U 20 1240 T AMFRE, Caltech 256 $EHUH
25 4472 JTAHFIE.

#4417 k=5 K NNLLC_F. NNLLC_1.
NNLLC_2 5 LLC 4354 15 Scenes. Caltech 101+
Caltech 256 4l 4E b gmtd i ] e, v UG Y,
K SO, SR A RRAE SOk 2 G B A TR agh
Koo FIFEHL, & U ER K, 2 B i i) 4 3h B G
NNLLC_1. NNLLC_2 5 LLC 7£A [F) %5 45 1)
S A INFTE) JLT-AH ), 0 NNLLC_F ff) i % i &) 7)s
(CED

NNLLC_1 #1 NNLLC_2 @ i {45 7 A AL
5 LLC fEgwmid i L —Feth, i H et il sy
NNLLC_F AHix i R 73 SRR 2. b ok, ™
PR AN IVEAMBAR B T Peade gm i i R, i B RE 6%
FemarREae.

4.3 Sk AR SEBANMREMER RS

Bt A g I R P AL AR ER B S OK, LLC 4
575 B BAFRE, 11 NNLLC fe4% 2% 22 i 1X
L TIRRESH R S R AN R 2 A5 S AR
FETEZ AR AR, ASCH G T LLC 55 NNLLC
(K1 or RYEREAEAN T K B R A2 fE %, X NNLLC
A PEREAT 70PN, SR 0 i T AN B RO
NNLLC 73 2 PERERIEM, X k AERE4T & BE %
.

4.3.1 NNLLC & E 4H9F:m

J T %AE NNLLC gmtdfeor 2tk fe LS4 k
(LRI E R, A SCHE Caltech 101 EUEEHE4E L
X7 LLC 5 NNLLC_1. NNLLC_2 {EAN[R]IEAR
ok AH Lo 2KrEe. B4 Al T UIgRFEA RN
MIEEC 5, 15 5 30 B, =& IR %A 2,
5, 10, 20, 30, 40, 50 X 7 FpAE &k AH AL 1 #h

TEE 4 ) BARAR RN Sk RN, AR
TR RS, W LLC 31 RS i (1A
et 26 AT %2, v LU Y, LLC 4wl (¥ 7> P fg
BEA K O34 KT B Shok)s, IX 308 LLC gwbis 1) 428
PEREXT k& AL R AT R MBS, X NNLLC 1.
NNLLC_2 59105 JERG il 2 112k ih 2 21T W0 %2,
A LAEH, k (HAE 5~20 Z W, 4R R FAH
[, k BERT 20 J5, 7 KRS IT IR N . 2
fAF K, NNLLC_1 %if4 5 NNLLC_2 %ifi5 421k
B2k Lh T A8, BT & 38K B8R 0B, 4> 2Kk
e HUR R B, SEARCRFRAERS E IV . X 1t B
NNLLC 4wt ()43 2P REXT b AR )2 £ AT B9 i)
B FEtE.

4.3.2 SE k WiEE

NNLLC % t5 77 20 i 88 e A 45 3L 2 S Pk g
WSk MERERAREMEEE I THRA
ANEMSE k5B MR LR, A
7t Caltech 101 K B## 4 Ll 7 NNLLC.1 5
NNLLC_2 HUA A k& E B X2 tEaei . K 5
B TIEAFNGREAR RN, 53 FREHZHAE 2, 5,
10, 20, 40, 50 X 6 FIAN[H] & AH TR0 1) k.

5 B AR R RN R b I 2R B R
HH, PAFRF R0 FEREHZ. X 6 FhA R
kAE N3 FER R AR i AT LR, /M) K
Rt A B vy (1) 4 ORE 1 26, 3 I J2 AR SC T I EE 17,
KR K HUEDBR /DS, 552 2% B80S, S Al Tl 2 B R
k=5 Ltk=2mKoIRmEaiienm, HE R
{HAE 5 ~20 WIS RRER A K. B BUE KT
20 Ja, 7 RREREIT BT B O T g
B, W CAIE RN K AH.

5

it

A AE LLC iR H AR 5 fE I
AR, 2T FoF R 4 ig )7 X NNLLC. 41
FF LLC, & 4ih s sSUA AT B e M, 1 H.
XS IE R AT SR K B, RN, A
(FEAH A S VLR i NNLLC 1) gm i A5 RU A Lk,
ol ST ALK 970 2 L) 5505 BE M08 08 5 M 4 pa i g ). S
K g KR, AEZ A A KGR SR L, M

F 4 ALEPE LLC 1E=ANEl4E LA i i A ELEL ()

Table 4 The encoding time comparison of our methods and LLC on 15 Scenes, Caltech 101 and Caltech 256 (hour)
EEICIRES LLC NNLLC_F NNLLC-1 NNLLC_-2
15 Scenes 0.93 65.75 0.94 0.96
Caltech 101 1.92 153 1.95 1.98
Caltech 256 6.50 403.36 6.58 6.68
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4 Li Qian-Qian. Image Classification Research of Improved
Non-negative Sparse Coding [Master dissertation], Nanjing
University of Science and Technology, China, 2014.
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