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Local Linear Coding Based on Riemannian Kernel

JIANG Wei!, BI Ting-Ting', LI Ke-Qiu?>, YANG Bing-Ru®

](School of Mathematics, Liaoning Normal University, Dalian 116029, China)
%(School of Computer Science and Technology, Dalian University of Technology, Dalian 116024, China)
3(School of Computer & Communication Engineering, University of Science and Technology Beijing, Beijing 100083, China)

Abstract: Recent research has shown that better recognition performance can be attained through representing symmetric positive
definite matrices as points on Riemannian manifolds for many computer vision tasks. However, most existing algorithms only
approximate the Riemannian manifold locally by its tangent space and are incapable of scaling effectively distribution of samples.
Inspired by kernel methods, a novel method, called local linear coding based on Riemannian kernel (LLCRK), is proposed and applied
successfully to vision classification issues. Firstly, with the aid of recently introduced Riemannian kernel, symmetric positive definite
matrices are mapped into the reproducing kernel Hilbert space by kernel method and a mathematical model of sparse coding and
Riemannian dictionary learning is constructed by local linear coding theory. Secondly, an efficient algorithm of LLCRK is presented for
dictionary learning according to the convex optimization methods. Finally, an iterative updating algorithm is constructed to optimize the
objective function, and the test samples are classified by nearest neighbor classifier. Experimental results on three visual classification
data sets demonstrate that the proposed algorithm achieves considerable improvement in discrimination accuracy.

Key words: Riemannian manifold; symmetric positive definite matrix; tangent space; locality-constrained linear coding; sparse

representation
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i 4 7~ (sparse representation, fij B8 SR)JE T-XF & MUF 5 R Ry &, O 2 N H T HLA % ) . BRI L
B A5 5 b PRV 22 A0SR I A% O JEVRELEE < T A0 G Yk X — 41 i 58 4% JE (overcomplete bases) BGFR - i
(dictionary) I, FI AT BE /b (1) 58 ) K 17 v Hh 2R S AN A5 5, LA R 38 78 15 5 19 N 78 &5 K9 0 AR 58 1. 2006 47,
Huang %5 N YK AR 28 71 J7 VR T 40 R WE 90, 0T 3 T A 48 7 BELAE 5 18 FH A 5T () A0 s Cail 2 APV 2o
B BERE 7 170 e s 7 PR S, R 3 T S IR R A 4 ) 2% 2 B8 Raina 55 N PVRI AR R 26 s BEEE T A #(self-
taught)2# > J7 5,3 1, OK B T AR5 5005 b 3R IR 2 8 CRF s Mairal 25 AW V2 N F A2k, T
5 BT U S AT 45 B R B 4% s BT Wright 25 A TOVIE B i 4 0 G VYRR 8 5 R % R 3 ) SRC(sparse
representation-based classification) 7> S 75 3 Le bRyt N i 5 FaRAG T 10 I 280 R A ik 2 T IE 9 26 W 2l
TR HE T ST A R 2 Tk, Yu S NIRRT s e AR L Lipschitz P BR HGHAT 2% ST i L TR
VPR T — P AE S e AR PR G L e MR B A 20 T v AZ T VR e A TR Al T 2 3 ) U AR R R R A R
2l P 2 3 1)t 38 i R AR A g i (local coordinate coding, AR LCC)24 3] £ 21 FE [] & 1 — 2 il 55, 44 Bl — AN JR i
AR ZR LG RS s LT LA T ARl 1R 48 1 A A SR 0L B T 28 P 21 45 (A . R B0 2 XA AU S 3 A A
S 05, AT I I T i — B0 ). 82 LCC i R Je s 40 Rk 1 4 ) (Tocality -constrained linear coding, & 75
LLO)! V7 3 [ B S 15 4 2 1 e LA S 38 1 240 3 AR PR ) A0 F) SR 28 R AR 5. LLC 4wl LB AR 2 LCC 4mhid
) — Tl PR S B

SRTAL,SR F1 LLC J2& 75 BR L B A8 4% [ E S8, 1 R PRl B SR AT 5 L2 = DE T S0y B8 i 8 ) B 25 AN 58
A 2 R 22 ) — A, FRAT BT T I P 000 2R 44 4 A A BB 2 T DA 60 B 232 T 5 30 W g n s T 5 0 A 25 ()
FHZS il 22 2 R T 3R I8, B8 X REAS 4 HE AR U IO RORE A6 TH SR LA 3 AUk, % R 1F %€ (symmetric positive define, [
PR SPDYFERE T 2 &5 MR A LB AR 25 B 20 S84t T 5 0 B AR B R i il & T
P15 22 PSR, 06 H bR /N TR e JE 2 25 LA A1 5 ) 65 B e e oty b 7 T A T b i L NG T 012
SUER A 2 AT AT R0 2l R 0S4 A sk

PSS — R AL AR RRAE 2 s A8 2, W] DU 6 B 7 R EG 2 [R) TS HE B2 TR A B] SPD R Bl 3¢ 17 SR 1) 5 v
JEA nxn 4 SPD HiRE A & — AR fi B ORE I K LG 4% TR AL J3E A P4 SPD R o 2 ] (9 AR AL E . 1)
R R T 52 B B G BB 85 2 W R A 22 1) ) 45 A A 2, B T SRR A PR 284 Bk Pennec 25 AM%5 SPD i [
(AR — PP O G AN A ZL 2 JF 5 (affine invariant Riemannian metric, [ F% AIRM),{ff SPD % B 2% (6] 5 7 4 22 8
T, AH A ATRM K B 55 AN BRI 502 i B 2 ) 2 288 2 AR FE N (). Tuzel 25 AUPHE TR A MG I X 3800 )7 2
A U 508 R L 8 R R ) 1 O 53 T 8 JIT A LE A9 AP A P 22 1 A ) st 1) 2 ), 40 B 8 AR A e S 38 07) 2 1, 1 5
2595 545, A H LogitBoosting 511584 2 />89 73 288 85— AN 543 28408, ST PRI 2843 28 Il il 1) 2% 1) f) 43 26
I 7 TR T AR R i 5 K I 2 TR) A7 7 3 (R IR (diffeomorphsim) B S, 1X 5 B0 £ 55 6 Hm S LA — S &3
AR A A ISR DR R L B0 a5 8 A SR A b AT ot AL ), Arsigny 25 LS e o o R T s B 4 1) L
I Log-Euclidean I FLALEF AIRM, B i —Fift 4 B 45 443X #F Log-Euclidean HESEE SC T — A WAL & U1 2 1) i
25 ) [ A [ I A B e S 7 B LTl - Tosato 25 A U7IRE— 25 5 248 i) /U | 31 22 28 Bt JlT, Carreira 25 A\ '813E
T Log-Euclidean I 5, F) I 32 ¥ 7] s MUK 22 28 ) B HEAT 7328, 1R 5 % state-of-the-art 755 B AT K.

FET RGBT BRSSO S SPD i R R ) % TR kAT A S R T B, A a e O e ]
D 2 [B) SR A 55 283 BT 45 8 A% JEAR AT LR O Ao 1 IO 2 [ 1) 27 20 J VR BB 8 R ) B K T VA PR
AR PR A B — e S A R o) Bl i B Bl SR R T 5 L U0 A ) R BRI R S HUR R b
DM R AL T v IR R R PR 1 B TR 2 AL K B 2 G I s B — AN T v g L 2 R TG R A ) T
AR Hilbert 2% I35 K EG 25 18] (6 B4 3 BT 07 04 S22 @ i 123 eV 245 00 R IX K05 T He ) 23 )
PEAT AR M RE B2 R L AR NP TS TR B IR R R 5 e SO R A S ST R R RE K
FR) LA 25 ), - 77 B 2 % ) T ML B AR T, JR S Pk LA LR v T ST L WA BRI, DR O R I R
R GNE, S WA ST 38 T DL 43 Hr AR SC 45 65 J5) 350 AR A 2 A 5 B0 8 A Ty vk I AR 3R T B B % JR S Lk
4w (local linear coding based on Riemannian kernel, {#f#% LLCRK) /7%, DA 5 1F a2 A B g i N\ B4yl o 2R 8
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o HEe 80— A 5 i 2 T R R 5, B 0 DR 0 o 3 ) 0 T 00y 5 25 )
Jeiy F8 e A ) 30 o e S 2V ) B A S S ) 5 3T R R 4 B DA R 2 T R
(UREATRPS

11 B2

R 2 IIL

WM A d 4R BT, R TAT R — 2 Xe MJEAT X 10— AN R 483805 RR G A5 TR () — AN F 14 [l i
MOX FTE U ARk B A AR O MR X RIS )8 TyM DI R R ve TyM HITEEGE R
v I5=wvy, X5 YA Z AR B &R X 5 ¥ I — 4060 thk, M2 b Br g i LR X F1 Y i
Jod IR Ml s ) T 58 A TSR UL AT T P A2 ) AR — 40 M 2 070 25 0] Ty 1 A ) 22 25 ) T 2R 2 M2
emEAF N GIE WL, V)ZF RMPIRER X RWE 1 A8 2 58U Ex: Tr>M MU D) ) = v 3
BRI M BN X RS R AL By S Ly M—T oM KRS M bk X 25 Y 2k 4
PIZE ] Ty 5 K 7] i 5 B v T X, YeM A X 2 Y M2 60 i &5 Ok v= XY = L (Y), I BLARE0mst v
We s BIHIE L1 AL Y=Ex(v).

Fig.1 Geodesic and tangent vector

K1 ek 59 &

B S (n)={XIXeS(n),u' Xu>0,YueR"} F7R nxn Wy 0 BRI 52 R AL, W ST (n) 2 — AN AT M B BB MO T
FEREHEIE PeS' (n),P WTH 5 8 49 P=UAU" ILr10,U 2 P {FIRFAE 15 SR 3 0 0L BEE, AU S R, DO T 4 80 5 0 450

© k
exp(P) = Z% =Uexp(A)U”,
k=0 K-
= (=D p T
log(P)=Y" P (P-I)* =Ulog(A)U".
k=0

YT RZWHY M EWAERE S X V)38 TeM 5378 MR R T 5) 2% 18] vh g — AU ) &
S, AL ot FR B K S LR AT M A s X R I S T 1 ) b £ D) e A S i SR
EX(S,-):P,-:X]/QCXP(XI/ZS,-X_]/Z)XI/Z,
o exp(-) R om A BEF U 1
T 46 50 e 3 e ik, 0 ) B e i 52 Sy
LX(P,-)=S,-=X1/210g(X_”2P,-X_I/Z)Xl/z,
o log(-) 3 7 3 BEXT ST
12 #HRFkTEREBL LR
1.2.1 MiBgER
Fis i 2 /R PP AE — 5 (A5 25 Y B, N — 413 58 46 56 {d, e R™Y 1, AR ISR A P B D iR 345 5 R Mo
IS5 xe R0 XL IEYRR 2 0 IR 7, BT AR B 0 O 7 R R R B B A s

© HEBEERAET hipd/ www, jos. org. cn



1 F R IEHRAMLEHD 1815

{ngnnano 0

s.t. x=Da
H,D=[d\d,....d,]eR™" HIEFEE, acR" h RZEIA &, 0] 5 off) 4 B R P AEZ R HE A2, AK
(1) C A UE W — A NP-hard 1) 85, 7155 4 % &2 2% 4144 2% # Donoho!”),Candes F1 Tao% CLiIE W -7 A2 08 7 i 1 4¢
T, 4 JEEEEA 4 35500
min || e |
. @)
s.t. x=Da

BT Y AR R LA A Z(2) =2 M AR 1) B2 1 B A o i e 7 g g 7R A 3 2) g N T T I A
BRI
min||«||, st |[x—-Dal|,<e¢ 3)
Ty A TR ARG W] 7R i I A &k Ty 2
.1
min= || x—Da} +2] || @

e A0k 1E Ak 2 55 T 4 4 s i 1 5 A Rk 1R
1.2.2 R d itk gnid

AR Lk g B R AR AR T xeR™ S0 B s 2 Mk A G AR AR U0, TN B AT Y 2 B B A AR b
LA FEAG 55 803 T R T (0 Ze Mk 44, =) 3 2 Mk G ) 7 A (R 50 2 A 2 T R s

A b 1 .
Dt = ggl{?naZ[zl %= Dey [ +uY e |lld; = x |§] )

b D=[d,,....d, eR™" JIEHIE, o={D||d||<1,i=1,...,n} & D BNl 4T 45, e R" E A R B H b s 3025 1
T TR 225 5 2 TR o SR, A B R S B A x LR T o R LA R BORK S H T E
B R P TR B RR ||+, R 4 VB T H AR R B A AR R H bR e O TR ATTAS BRI R (E
U SR AN 5 UGS 53— A5, L H b R O ™ I DR AT S S S D, SR A 4 5 o, 64 H BR R E(S)
A4k R A

G=min | v~ Dalf +u3) ' 114, ®)
A Ay =lld, — x|y feAa I HARE dex, WU F 3 bR 0 (6) 05 4t F T X
f=min |1x-DA"pIE +u] A1, ™
o, | Bli= 3| B | 4 A0 4 KL
AT=DA AREES
f=min|x= 1B +ull B ®)

X EEAN TR AE AR R 20 00, AT AT LRI feature-sign-searchP V55240 4k B A7 BR B0K 1595 15 4w 10 3R 4555005
S MBS DL S, R D B Ve R MR E 0 AT, S B AR R GS) I T

. 1 1 . s
D=151§125|\X—Da|\z+ﬂ2|ajII\d,-—X\Iz )
AR, (9) A — A T URHR ) L FRATT T A B AR R T B R AT T Rk SR AR
2 BEMBELKMERT

8" () AN S R B 2 0] T 2 — A T AR B2 2 AL ¥ e B 5, DR ke, I T R A R O e T T R E 5
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S BERE A 3L T I ST LR, B B A9 B 02 (F S, SCHR[ 14145 H T 35 T 0 b 26 35 11 04 2%
k(X Y)=exp{-oc'd(X,)} (10)

1

HAd.(X,Y)= trace(log2 [XZYXZJ] Jtrace(-) R N FERE (1328 550300, Sra 2 NUOMEH] Bregman I 51\ 1F &

Stein %, R/l
k(X,Y)= @ oS(X.Y) _ ndo v det(X)? det(Y)” (11)
det(X +7)°
o e {%%%}u{r cR:7 >%} 49 X (AT B SE S8 L A PESE T Log-Euclidean %2 & i it
R Y7 2 A B b 2t T R I s B i
ke(X.1)=exp(—7log(0)-log(1)|P) (12)

ST P R A 1 1 i 0T R S TN B s TR 1 7 O, DOKE R X A 8] B B e AR B I AN AR R 2
(affine invariant Riemannian metric,fFK ATRM)P 53X RE 3 A BERI AR B 30 5 — 5 2 1IE S A% 50 2 Pk ek il
Stein J& f i AL H PR B, A 7EAL B 15 o L (H (PR 0 R, AT BECRAIE 1E e M 28 3 R s IR 7 10 PR R (14 51 i o 4
HA 1) 4% bR U6 % A 250 0 v 0 b B 5, 3R T IO Af b U = FE R 22, 9F BB X Mercer 454 IR, A SCR H
B 3 Pk AT 50 4 A
2.1 BHrEE

4 d R FZWIY M I DFERE X=[X0,X,. . XX X HROE € RGN I REA R B 2 iREAE
H0 b Ry 4 T g B (1) e A SR AL 1 S0l T AR R R I g O M TE R BB M EIFE AL B P AR KX Hilbert
28 F AR g(XO)=[ X)), .., B X) AR 5, FE 25 8] F AP SB35 2 1 S i XA, 2R T T HE 28 I ) 3 & 1k 1 M
) e BT R 7R

(Dita}) - I“i“Ruz(' $OX)— (D), I +a3 ) @ 111 4(D,) — $(X,) |§J (13)
Dep,a;e i=1 k=1
Hoo X R HEARE XIS i MER; o, =[a),....a T & X WFRIR R 7R 7 58Dy 2 7 5, 9F B D=[D\,D,,....D,];
ST B AR i R
2.2 HRILEE

H b5 BB D Ao B B IR B B0 T 27X fi# (close-form solution). 48 SC R #E T — Rl AQ 502 F LA Ak X
A H A o8 2, A O BB <[] e - LR B D, — A e U 1 3 558 G 053 1) S ;% [ 5 o, — AN S 0 1) 7 Al
D, AN IEAR L L 43 A I B 7 e D R AL 1) B o X R NMEER X FESS S D IS LR G R B B o
0] B HAR R £ (13) k'

= min [n X))~ (D) I +uY) ! 111 4(D)) - #(X,) ||§J (14)

LKA HEBEA, (R F TG 3R A (k, k) =) ¢(X,) = $(D,) s k=1, om; B= Ao, I FLAE S DX, W) H Hv o 5 (14) 24
5 R

B =ngn%|\¢(X,-)—¢(D)/L-"ﬁ,- B+ B (15)
L1 B =3 | B | 5, 101 4 T4k,
T B H0(15), 14 25 5 8, T6 5% 19350, R FI % 66 B0 5 b e
B, =argmink(X,. X))+ B/ A'K(D.D)A' B = 2K (X,. D)A B+ || B, | (16)
B;

Hr,
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o K(X,D)=[a;]ux1,a7=k(X;,D));

® K(DaD):[afj]nXIzaaij:k(DiaDj);

o Akk)=l9(X)~4(D) ;= K(X,, X))+ K(D;,D,) - 2K (X,, D).

FATAT LAAI ] feature-sign-search DAk H 5 b8 Bl 754 51 20 5 SR AT B0 A5 55 RO AR i 4 6% s 0 7 gt D 32E4T
2 S H AR E(13), T I R 20 15 7 g TG SR I, B

N
J= minz
Degp i1

HX) =Y alp(D)

+ui_| ot |114(D,) - $(X,) ||§]

bew i\ 255 A

= minZ[;iiaXaM(DjW(Dq) —S i p(D) $(X,) + 1Yk | (G, HDy) - 2¢(Dk>f¢<X,~»j (17)
j=1 k=1

=minﬁ@iia/’aﬁK(D,,Dq)—ia/K(D,-,X,-Huﬁ| at |(K<Dk,Dk>—2K(Dk,X,->)J

Degp i=1 j=lg=1 = p
RS AL 7 Mg — J5 7 (K 5 R AT 7 B2 0 B B SR B 5 M5 m SR D,me(1,2,..,n),
Xt H b e $(17)3k 5,00 45

N n
o __ 1 yz(lZa;"ayK(Dm,Dq)(logDm —logD,)-K(D,,,X,)(logD, —log X, )&+ | at]" |)] (18)
op, D, S\ 25
AT IR D,,,20J/0D,=0.3X ¥, AR K 543 2] logD,, SR, HH T B br R AP A E R R A0 K(D,,")

F1 logD,, SR AR AR PRME. 5 G, R S AR SR AR AT I AR AE 56 ke DGR AL 3 A1 IR R SRz sk
I K(D,,)F1 logD,,. SR I SCHR[24]H £ 4k 1) 5 ¥ 3R 45 5 M B3 1) s =, R
D, =exp(log(D,,) +dp, log(-&0f/0D,,)) (19)

e, dy, (U) RIRAE D, iR X B S DR RS U AL 2 22,
23 EiEER

R AR RIE EIIIZRE X = (X,})7, X A FRIE & HE R DA A Y% e 2

iR ST D={D}.

SR 1 N X T BENLIEE n DMFEARTIAA T M D={D,};

IR 2. WA 4T D, AR (16K H LR B H o, = 4B

SPUR 3. [ 5E o, A K (17)3K 3 D

W 4 R ER 2,8 42 H xR H 75 % 28 DS AR b L 88 R0 B B R kAR REL

3 3¢ I§

AT I F M T MR T 3 A SLA R 4 B A, 40 9 2 Brodatz S0 ECHS . ETHZ
17 A B AR A FERET Bt A, LI LLCRK S0 10 A . 5630 o1 5 P By 2 9 D% B I s ) 22
PR, LU HI % Riemannian W0B 1 HUSCH B 1 %67 DR FUGIR P 0k = 4672 (0 8 (90 B4 F 12 MR 1
eI 1 A G
Flxy)=dlx.y),
oo g 5 R B 76 00U B RS« 0 RS 5. (L) O LR T A 4525 W, 47 19250
0 e ) (L4052 e g — ot 20 2 L 50, 5 04 7 428 6 20 T B4 {2,z d
S B ISR 12 2SI L IR 7 22 561 G e XU
Co=te 3 (e = e - )

— k=1
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3.1 FE&EHIR

A DI BT 3 AR B ENE SIL R W R,

e Brodatz ZU I H £

ZHAR RS 111 17 640x640 FILER G WA 111 MRS G 256 NMKEHR. K 2 BRTkA
Brodatz SUHE G4 03 4 SCRE B 1 e A ok ESOR B S M 4 ) 16 5K 160x160 f 7L B)L B 2K5F 16 4
ol
oy

—)J(x,y)&ﬁfﬁ PR #f 5/J(xy)k%ﬁ*5)l1%l# }J(x,y)édﬁﬁgﬁnﬁﬁ*‘ /J(x,y)iﬁ})\ﬁgﬁ)lﬁ%

Bl 3t 1 776 ANEEE. 2 I (7, x y)—[x v 1(x, y)‘al‘ ‘

j L T0e,p) MAFR Ry () b K FEAH,

BEOXFE 12 7 4EE0E 7 4 VH A2 Cr i 7x7 IR FR IE & 5 B

Fig.2 Some texture images from Brodatz texture data set

K2 K Brodatz ZCHHE 4R ) 87 SO R R

o ETHZ 17 N ¥4

B AR 2 T AR B A0 A B AR TR 0 55 1R SE IR VA, B B BN R A 40 8 3 MBI
FPAVA AR T — R BT NI AEAL 58 1 AN UG F1I 4G 83 MT A 4 857 R K5G48 2 AN R P 51 4045 35
AT AR 1 936 IREEGE 3 AN EBF A HE 28 MT AN 1 762 IE B & X Le PR T 416 75 fl 4y 2l . 7™ d il
FUL I Z AR R 58 3 WoR TRk A ETHZ iﬁ(%ﬁ%ﬂ’]ﬁﬁﬁj\ﬁj\@jﬂ TR AR A AT R
MEVHE T ZE L& ¢, x, y) =[x, y,R. ,,G. ,B. ,R. .G R .Gy . B: 1 e xy RORBRMALE R,

X,y X,y X,y TN,y T,y \'y’ X,y X,y

ol
oy ox?

b TS XA R 7 M4 HOR 11 ?’E fr’g"ﬁiﬂ Crp N 11x11 B’JmnEUEM‘

Ak,

Fig.3 Some pedestrian images from ETHZ data set
K3 >k ETHZ HdhfEm 017 NS

Gy B B, 5 I MR (B 615 8T 1L, €, = BC o%C

} IR B C RIRES AL

e FERET AJ&#disk:

ZHARAE T 1199 AT 14 126 T A UG AL, (RN R8s eI F L 2 DU RS TR I ) 41 488 1 1 45
ARSI A AT O 1 — AN T AT BVA MR BE VRN, 1% 4R th 198 AN ARG AN A 7 IR B R AESER R BT A
Jir BB AR 223k 1 b A AL B B 1 St N T PG b 8 B ) 7 1, D 1 O R PRGN 5 8RS BT U LS
F (TR 8 X 35, A T R e — 1) 64x64 K/ 4 7R T 5K [ FERET $di 4E 11035 40 A el 4% X s e 45t 75
T ba,bd,be,bf,bg,bj,bk X 7 Fiz R SR, A x,p AAKR, (e p)AE K AR, IEFE 5 AN UE . 8 ASJ7 1) Gabor A& #i42
PG (0 R AR 153 31 2, AR 43 4 JXRE THE A3 5 Cr hy 43%43 BN FR IE 52 A .
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Fig.4 Some face images of one person from FERET data set

K 4 K1 FERET a4 384 N 19384 A K%

3.2 RRIFMRRE

BEX LLCRK #3255 HUAAR OCHVE 10 6 &R0 LL BV E B A

o Wi R4 (sparse representation-based classification, fi #k SRC)!;

o JRITTBE 2 M 4 i (locality-constrained linear coding, f&# LLC)!'%;

o BKEF B 9 i (tensor sparse coding, i #k TSC)P;

e Log-Euclidean # £ % 7~ (log-Euclidean sparse representation, fiij #% logE-SR)P%;

o T Stein #% %2 2 i i 2% 75 (Riemannian sparse representation, f&ij 7% RSR)!'®;

e Log-Euclidean 1% # i % 7= (log-Euclidean sparse representation, f&j < logE-KSR)Z*.

FEH,SRC 24 LR B 3R 7 2 > B30, LLC J2: i J=) 38 BRI BT o5 5 1 TR i 38 7 3 SIS & o BV X e R A v b
R EE R, 2 A T AER SRS I R TSC 9 T T vl £ 7% X 10 0 638 40 A, s A ) 6F 02 X6 K L S
R BB 8 0 V9 A O R I 4 B 1) S 20 PR 8 42 LogDeet il ;log E-SR 1) FH %2 0 J82 J32 5 o) ok 1 a6 o 22 ) 1) B 9,
FEAE XS B AT F 5 70 i RSR R 22 1E 58 Stein A2 7E 1 48 A5 /R A R 20 1) B 2R 2 i T V0 s 2 I PR AR AL A2 R 7
1% 7% [8) SR AP 5 R 7 ;1o g E-K SRR Y 1E 58 i 01 4% 55 5 B8 2 3 T8 5 2 ) (R AR ABL Ik 00 82, 6 T e 0 AT 74
I3 .
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Table 1 Performance of different algorithms on Brodatz dataset

% 1 Brodatz H4fi 5 EARSVA NP fE

FSIER 10911 % 12911 %

SRC 72.01%+2.08% (532)  73.45%2.32% (529)  75.34%+2.83% (581)
LLC 74.01%+2.67% (648)  77.45%+2.45% (684)  80.34%+2.43% (721)
TSC 88.02%%1.08% (638)  89.55%%1.52% (724)  91.34%%1.93% (521)
logE-SR  93.44%+1.35% (723)  93.55%+2.30% (699)  95.88%+1.87% (655)
RSR 94.40%+1.89% (484)  95.92%:+0.98% (752)  97.24%+1.21% (659)
logE-KSR  97.16%+1.28% (692)  97.64%=%1.11% (713)  97.24%+1.28% (889)
LLCRK  98.39%+0.87% (731)  99.72%+0.05% (621)  99.87%+0.03% (750)
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Table 2 Performance of different algorithms on ETHZ dataset
&2 ETHZ #dlifk EARSIRTERE
el 2075 el
SRC 43.23%+3.62% (427)  33.12%%3.97% (469)  37.67%+4.23% (222)
LLC 44.12%+4.13% (423)  35.00%14.97% (234)  38.45%%3.45% (217)
TSC 80.65%*1.52% (535)  78.00%%1.97% (189)  88.02%+1.23% (189)
logE-SR 87.75%%1.73% (589)  89.05%=%1.26% (235)  91.20%+1.64% (231)
RSR 89.82%=%1.12% (623)  89.84%t1.46% (296)  92.52%+1.95% (218)
logE-KSR  92.44%%1.51% (553)  92.15%%1.03% (320)  94.44%+1.24% (189)
LLCRK 98.39%+0.84% (375)  94.21%%0.99% (299)  96.56%%0.78% (247)
Table 3 Performance of different algorithms on FERET dataset
%3 FERET ik EAFSERPERE
EES 4% RS
SRC 93.34%+1.53% (398)  94.49%=%1.12% (358)  97.02%=£1.79% (444)
LLC 94.23%+1.67% (423)  95.69%+1.32% (412)  98.13%%1.79% (432)
TSC 81.30%%2.34% (392)  88.49%%2.12% (358)  93.02%+2.09% (495)
logE-SR  92.71%z%1.72% (434)  94.93%%1.67% (555)  97.05%%1.78% (576)
RSR 95.75%+1.14% (483)  96.54%*1.26% (589)  98.88%%1.09% (432)
logE-KSR  97.13%%1.01% (479)  98.03%%1.03% (389)  99.54%=+1.11% (389)
LLCRK 98.56%10.69% (584)  99.97%%0.04% (421)  99.98%+0.02% (501)
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Fig.5 Recognition rate curves of different algorithms versus different numbers of atoms for Braodatz dataset
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Fig.6 Recognition rate curves of different algorithms versus different numbers of atoms for ETHZ dataset

Kl 6 ANFISIELE ETHZ Hofi 4 Bt 7 g7 A Mo A0 s U0 2 il 26 1

© PEEEEBAITT

http:// www. jos. org. cn



31 F R IEHRAMLEHD 1821

100 100
90 b 90
80 80 _
< 7 < 70 s
uﬂ?j 60 —--TSC n:R 60 u::
- ——]ogE-SR - -
30 ——RDR >0 /
40 —+—logE-KSR 40 —+—logE-KSR 40 ——logE-KSR
——LLCRK ¥ ——LLCRK —— LLCRK
ol k] /AN—— 3ol
100 200 300 400 500 100 200 300 400 500 100 200 300 400 500
Ja 7% Ji 75 Ji 75
[OERIES e (b) 4 NI ZrEsds (c) 5 MLl

Fig.7 Recognition rate curves of different algorithms versus different numbers of atoms for FERET dataset
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