A2 1SSN 1000-9825, CODEN RUXUEW E-mail: jos@iscas.ac.cn
Journal of Software,2015,26(6):1386-1394 [doi: 10.13328/j.cnki.jos.004593] http://www.jos.org.cn
O R Bt A0S T RAUIT A7 Tel: +86-10-62562563

SRS E MBS SRR
WEE, B

(B U WOR K% T SIHURN S SRR S Bt YLT5 #9 Rt 210016)
TARE: BERMID, E-mail: s.chen@nuaa.edu.cn, http://parnec.nuaa.edu.cn

i OE: L ,FE PRA& S P E (low-resolution, ] A& LR) B 44 (d0 M5 35 & 4 A7 369 A D) 4248 1B 49 5
(high-resolution, ) #& HR) X A2 (super-resolution, & #k SR)»#% % B 4% i & 2L & Aaxt 45 0 69 $) 3012 & Bk 8 5 69 F
7 18] 5 3] Fik e gk A £ R4 #1 (principal components analysis, 8] #&2 PCA) #4 £+ #) | 547 (linear discriminant
analysis, & #7 LDA)XE A KAF B A8 492 5 BOR A T EA=14 P AL, R 0 P42 1 49 AP 5 A7 (4o SDA)VE B 54k o 9%
ARt 69 o P 5 BB LR B2 £ 55 /£ SDA #9523 KRR T £ LDA #9-F 393 B2 3 4% SDA
4E T LDA ERFBATEAAAA LR AL BAFAA T FIRZ AR AR E T 403t LR BRI 6 R0 B
&) BB~ 5 P 5 ) ) 447 (worst-separated couple-resolution discriminant analysis, & #& WSCR), A #a4%:(1) LR #= HR 4%
BE| R —RAE T ZH;(2) HYEGRDERRR R EZRLEREN 5 SDA AL, WSCR L& T4 #1569 H
RSN
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Worst-Separated Couple-Resolution Discriminant Analysis

YANG Lei-Lei, CHEN Song-Can

(College of Computer Science and Technology, Nanjing University of Aeronautics & Astronautics, Nanjing 210016, China)

Abstract: Low-resolution is an important issue when handling real world image recognition problems. The performance of traditional
recognition algorithms, e.g. LDA/PCA, usually drops drastically due to the loss of discriminant information compared to those for
high-resolution or super-resolution images. In order to solve this problem, many methods have been proposed in recent years based on
coupled projections, i.e. learning two sets of different projections, one for high-resolution images and one for low-resolution images. For
example, SDA (simultaneous discriminant analysis) obtains projections by maximizing the average between-class scatter while
minimizing the average within-class scatters. Like LDA, SDA cannot separate projected classes, especially for those that are closer to
each other. In this paper, a novel discriminant analysis method is proposed to achieve the optimal projections by maximizing the minimum
distance between pair-wise classes. Experiments on several image datasets verify the efficiency of the presented methods.

Key words: couple-resolution; linear discriminant analysis; the worst-separation; the average-compactness

PLSE ARG P AR R G 7 B LR B (o W P i R ) MLAH B 1 LR R MG HR B {55 3%
HRAGAR, HL5 AT DG B A 1R A0 A, DR e, P B 2 2 b 4 23 AT () 1 8 1) 2% 2 S35 (I PCA+LDA) T T LR B %
73 FEIN R AN ELAL,

« JEETUH: ER ARREHE S (61170151); 0 6 & 45 2 K 1 1 4R /i T WiRHIF A 42 (20133218110032)
W RIS TA]: 2013-06-02; 5 i N 8] 2014-03-27

© PERREERSMROT  httpy/ www. jos. org. cn



MEE RIS B IRA S IEE IR AT 1387

MR LR BG 050 1) 8B T AT T AR Ak T A2 vk, R e LUAgh R 3 2

55 1 2R EVER -G RO AR (% 5 (blur-invariant information) 15 42347 1 1) 41, Ahonen 2 A Pt 1 1 4
JR kAR Fourier A% 8 AR AT 07 {ELASE R AS A5 5 % (point spread function, & Fx PSF)#H T LPQ(local phase
quantization) Jy i, fH LS I8 F o 21 3wl LA il A TR o, Lei 2% N TBVRE H 7 R TRk 1) S5 30045 3% A M0 o6
Z M LFD(local frequency descriptor) /7 ik, i 5 T bk (R 3 (H BT LFD JUAR X e SR b ek, R &5 2k 7
— M FE R, S ECRUNHMER R N

552 BT B SR K4 (super-resolution images, fij#% SR Images)#E4T R 5, X FRVE“W 5 £

01 BRI LR BMGE R R SR EIE, wi:Freeman 25 A T8 F & 5t 1 R R K I (pair-wise
Markov network)i/t 1T SR &5 # 4 ;Chang % A\ P14 i 7 FI ] LLE(locality linear embedding)t®1i/t 1T SR & {5 ##;

5 2 3T SR EMRPEAT I, 11 Yeomans % AR 7 845 SR 5 8 i RIEUI 0 A i ).

RS EHEIRTT T LR BRI 28 AL AR A7 A BT il 8 15 56, X e 5000k 2 2 1 U0 6 R AN 2
LR BGA & i & B SR B, IR 75 AL 27 0K (1) SR B i 0], 53 4h, 1 T2 3 SR BRI s & vk
AR LR BRI R BT 3, A e X 8 vk A 3 LR [R5 g AT B,

o5 3 2R E0VE LTI #2E 5% (coupled mappings, FiFR CM)ELK LR 1 HR B4 3 5% 3 34 [7] IS 4 7 23 i) 4
Bl HR B4 130 9045 KR4S LR BIG (K#5 5% J7 1. f1:Huang % A *7¢E CCA(canonical correlation analysis)ffIHE 42
"I, FIJH RBFs(radial basis function)# 3. T HR A1 LR [ 4% i) (¥ 45 28 Pk 805 Li 25 AP 5 18 55 MM B I (1 LR
5 HR EHZ B 25, 3R15 5 CCA #52— BB & )3 3 AR #5458 5% (coupled locality preserving mappings) /7 72:;
Zhou %5 NP 52 R 3 FHT AR SOR LR R HR P % K0 A A2 90 10 L4 17 21t 21 W 8% CCA 032531 Zhou 4%
T2 7 35 ) A 4k ) CCA 325, 00 FHT IR 110 25 Wl 45 L B2 T CCA SR AR B LR PA% (1 IR0 0 RV a5 ik
HET SR EMEE RS IEM RS T BGRB8 7 (HX B 535K 22 2 o B ), 2 T B I 28 5 15 6.
Bk, zhou 25 AMSHEH T 36T CM G Wa B 40y, BV, 6] B 340 51 43 17 (simultaneous discriminant analysis, & #x
SDA), I AT LDA [f25 8] A1 Py B (1 2 SCAE BT SDA il 7284 LDA -F 3% 52 X% T LDA
PR I e A 45 305 (10 RO AT i 4 180 16 el L 7 gt 3 A 1) L AR SR T ARRE LR BRI (6 e R 4y
B IR IBEA 20 28 ) 931 23 #T (worst-separated couple-resolution discriminant analysis, f&ij # WSCR).

(1) B LR EMEA HR B35 30 3L (7] % 4 1 23 7]

(2) I RABERE S5 1 dee /IS B 2K 0] o (dee TR 43 80 ), B LT R b Aok A [ (0 ZRAE RS I 102 1) P 43 T

ARSCE 1A E A SDA S5 58 2 @S WSCR R 3F45 AR N AR AL B30 58 3 5 45 H X Bl s i A
o T2 B v B RN I IR AT AH DY () 40 BT 58 4 71 [R1JA A S IR S A SR e B T T R e

1 EIEFIR 5347 2 B

SDA JER LR ER AT HR BHRHE B — > 38728 i), Fe kW fe /N1 05 3 SO R SRALT LDA 1 H b
PR AL B G QHL(ILAR 1)HE 5 2K I 1502 d3 K [R) I A 248 A IS RE R T e /N L SDA BRI W HILRE 58 Lok

1 S5 TgS Wy DH +DL)x
J,(H,L)=tr I |=trWTS W)W = < R(OH+DL)r 1)
Ny i W,
$ofr, 85 F% SDA 9% 1y ISR A1, 33, 2678y QHL St eh 3 i 00928 4 g B, )
‘]\:v — z (q;'l _uiHL)(q;-i —UiHL)T + z (q;_ _uiHL)(q;_ —UiHL)T (2)
qft et qhermt

I — [ DD q}]i@%‘iﬁﬁ%QHL S N4, 7 5, SDA I B (5 Sk

NiHL q}"eﬂiHL qu‘EHiHL
J, (H L)—tr(l iNHL(uHL—u YuM —u )Tj—tr(\NTsSW)W—{WL}GR(DWDL’” (3)
b ! - i i HL i HL - b ! -
NHL i=1 WH
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Horh, 89 IR SDA [F MU AR, U,y = ( > g+ 2 qi“]i%ﬂfé 4 QHL [ R A
HL

aheQL af eQH

Table 1 Notations
F1 FF5U

i (e

L LR B4 TL=[I L, .. AL NLANEAR,C A AR {7, 1753
I LR & 545 i A RE A 1ieRPY b DL b LR B 9 2 5L

Nt LR FIREESE § IR A A3

TH HR EI84E TH=[hy,h,,... hae] €08 NH AFER,.C AR {7 .., 111}
h; HR BRI AN BEA hieRPH i DH 4 HR &5 1 4 30

N HR R i IR AN
Q LR 1 HR & 1 A 3L 7 =¥ i) QR", M H1,r<DL H r<DH

LR @8/ 2PE U U TLSQ 912 QL =[gb,qb,....q5 ] Lt
o M WAET I Q & I FER R A QL =W xTL,W, e RP~"

HR B4 7E RS oy THQ FIIE QH=[hy,hy,... hae], Hoth,

QH " h 4 T Q TP R A REME R QH =W xTH W, < RO
QHL [QH,QLI% 7 QL A QH Ik 2 B2, 357 N =NL+NH A-FE A,
QHL | ¢ /l\%,iz‘?ﬂa{n*“ ..... Ty Forb A A NP = NP N

3 78 LR BHRAES i RN EY] [

Ui I NI I I7L
uH ut = Z h, 5 HR RS 5 § R 1 B
i I NIH h s]‘l,
o ot = NC B LR BB | FAE I A QHL 3 § 27 i 0 He
i I NIHL
" al =—i_ - zﬁzT HR FEGAR 5 | JSEIRA 45 QHL 28 1 8 I Lh &
Nc Ne={1,....C}ERM 1 3] C i AR ES
P PIEERHEEA P={M S’ |Tr(M)=1}
AT SRR A (R R
tr(A) HEE A T

KL 15 SDA ¥ S A H b b8 B0
3(H,L) = max Jy(H,L) maxtr(WTSbSW)

— = 7WeR(DH+DL)><r (4)
J,(H,L) W tr(WTs3w)

2 RINDBERHKS PRSI

21 @ #

M\ SDA S (Ffili i 7h Al 41:SDA £E TR LR FMR 441 HR R AE R 17 BN KT 7 25400 LDA (1 2
55 5 SCN H SCHR[ABT AT %0:(1) HiF: LDA i 1] T X BB L i S, S 80 1) 1 45 o) 5 I miTmﬁdzH’Jut
25 W) 5 ) 45 T80 /S FR) 388 0 245 IV 8 2 R o) T8 220085 (2) Sk 3 v s 48240 PR TR S P i AT 5% U &% SRR TT g
I3y 85 IR, IS I H I, WSCR WIE (R R B G R & 8 QHL RN BUS R AT BE/NMWRTIE K, ﬁ?L?;FEﬁHx/J\ %4
AV E B (e I 40 B8) LT RE K, LA R A8 /N 388 o) 205 ) BE 8 1) 220
22 # #

R4 L T 4534, WSCR K I T 203K 75 fe /N2 1A BE 2 (e 3 4 i39):
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c
BHL = min tr(@-u)et -uh)) (5)
i=1,j=Li#]

;H;EFI’ uiHL *ﬂ U;—'L ﬁﬂi\\ﬁ(z)fﬁigl}\ﬁ% uiH |uiLyaiH %” aiH u&?l"%zﬂilyﬁ WH *ﬂ WL;W?TF} uiHL *ﬂ U;—'L ﬁ”—F

Ut = o'W Ut + oWt ut = o'Wl + apWoup (6)
KA (B) W15
M < T Sli-le Sli-jiL G TeM W, (DH +DL)xr
J)(H,L)= min triw"| " i W= min tr(W'S;W),W = eR @)
i=1,j=li<j SEH SEL i=1,j=Lli<j WH

o TR R S
St = (a'ul" —aj'ui' ) "uf" = afuf)T,
Sl =(au’ —a,HU=4 ) e ut _a}_uJ'L)T’
St = (@l ~atub e e}
SiL = (ayul —aju)(eiu; —ajuj)".
WSCR X 28 P B IR HI SR AT LDA 19380, B AE B 5 1 & 5 28 4 HSORE SRS T g /N DALk o 4 K (1)
Y3 2 T 1

C € W
JV’\VII (H,L)—tl‘[WT|: HH HLi|WJ —tl’(\NTS‘A’\IAW),W—|: L:|€R(DH+DL)><r (8)
Cw Cu Wy
Forbh, 2% 7 REREE X
G =3 { S (- u ) —aur )+ (e N () )T]
HL =1 { hjers™
1< L Hyn H H (LT
Cu = 2. (20 (1= o" )Nui" (u)")
NHL i=1
L ©
CLH — 72(72aiH (17aiL)NiLuiL (uiH )T)
NHL i=1
Cu :Nli[ z (1 _aiLuiL)(Ij _aiLuiL)T + (aiL)ZNiH UiL(UiL)T]
HL =1 1jerzt
UEE, AT 43 WSCR 11 F 2 o 50k
_[nci_n_tvaTSi?”W)
JM(H,L)= mﬁxw,w e ROHBLT (10)

S0, A R L0) B HBE W H AT R R AR I B, 28 2R(10) TP i 43 BE AT i B4 3R tr(w TS MW ) <1, 1t
i, 2 2 (20) A6 TR
J""(H,L)=mvsxx_mci_n_tr(\NTSi'j‘"W)
i=1, j>i
st trwTsMw) <1 (11)
W e R(DH+DL)><r

AR L) A ), T AR I E AR 2 5 HRERT
DR AR 4R ST R [16], AT R 328 45 A A 4 tr (W TSE'W ) = tr(SPWW T) Sz tr(WTSW) =Tr(SyWW ) | [l i, 5 0 A%
B2, =WWT TP B Y)=Tr(XTY), T 4 2 (L) e Ak b i R e AT Ak il
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C
J""(H,L):rr;ax min (S, 2)

i=Lj=Lizj
st. (M, zy<1 (12)
z, =Ww’
W e R(DH+DL)><r
e U P AR M W AT H e A0 B 27 IR r A dpe R PR A0 1 %8 B 140 R A i) 8 4 K.
23 HiikE%
MR SCRR[16], 1 AS S AR e 37 = S/M25 92 §! = g1 412g1 g 2 N 5K (12) W A5 AR AR it
J(Z},) =max f(Z],) =maxmin > u.(S., ) (13)
ZyeP ZyeP ued

TEPC
o AL (simplex) A={ueR®|u, =03 u =T}, pc RARRES (i, 1)) jon icj ARV U S IO,
D 245 o c T ITE B AR D] I R e B 1).
VERCIR S, A S AT A0 WA SR L EL S, < S, + ol 020 AN N
FM AR A 2, e P At () =min 3 u(S!, 2, ALE I BT A R I 1> u Inu, SRA AR, S,

TEPC reD

#2062 A (13) T 6 A

fﬂ(zv'v):'lli?z u,<s;,2;v>+y§3u,|nu, (14)

FIHI Lagrange T&-1-12%:, 5 43 A X (14) i A N ,(2)) = —uIn(D

Z e_<§z"rzv,v>//1§’
Z = e7<§év%>/ﬂ '

T€EPM

£ 245 T HET Frank-Wolfe J5 07 WSCR Ak S35, N IHIE— 25 45 vk v 25 8 1 R AR 31 SCik[28]
A Gndn R Max(X, M) = 2., (X) T Anax X) R RHFE X 1R 35 KRR AE AL, IR 5 1 Amax(VE(ZD)) 20 3R 1 v
DAL 19 max{(Z, VF,(5))] Z € SYTr(Z) =13 (i Mo 0 25 42 (03 2 #2090 B G Z BOHRAE ) Z=w T Jerb v R0
V(20 I35 R HE AR T I PR AT T

Table 2 Optimization algorithm of WSCR
&z 2 WSCR i sk

45 R BIH);
{o e QD[teN, Y, a = lima =0} (FK);

T€PM

e Sy R, 1, (20) 4 5, 15

TEPM

Vi(2) =

Haatk: 3, eS¢ AP, Tr(2)=1
For t=1,2,3,...,Max_iteration Do
1.

Z, =argmax{f,(Z)+(Z, Vi, (Z)]Z S! Tr(Z)=1}
74
2. Zi=(1-a) S+ anZy

3. If [f (Z41)-f(2)|<e Then Break End
End

il ;= s,

3 % I

A HR I SEVE AT HR-LDAPY(LDA N H T HR BIG 4R, 5 HAE A S i HoAb S0/ Ab 31 LR IS BE 1 11
HLviE), SDAM(SDA #3J H BT S S HE AOAL BE LR PG AR IR 50982) LA S A SR HE 9 WISCR 44925 AR TS B WSCR
SOk h S BB E W R S A R BE 2 8e=107°, T 18 2 ¥ p=[101,10%,10%,10%,10°,108] (W] I FH A2 S 36 il 45 21 4
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WSCR 3k 45 55 U0 AT A7 1O 2 300). S 36 v i N PR HIR 5K /N 5 4848, LR -5 K /Nl 77 (5286 7 LR
B A IR HR R 46 /N T 13). 55 40, 7 1 /PR A ) 8, 7 e 56 HR BEHSORT LR UG EAT PCA B4, S8 )5 T8
5 LB (85 SR I B 4 B0 C—1, 3L v, C Jhy IR AE rp 1 20 500 05 I, S0 B AT 200 vh B A 51 (the
nearest neighbor, fi #% NN)7E R SE L (1) T 34 85 1 % i &

S 4 ANBUE R, A FE UMISTEY COIL(http://www.cs.columbia.edu/CAVE/software/softlib/coil-20.
php), Yale(http://cvc.yale.edu/projects/yalefaces/yalefaces.html) Fil PIEPZ.UMIST: Jfidf UMIST &5 504 42 4.5 20
ANASTRIAN AR, A AN AN 1A S H 2L 22 30 A (A I T 380000 10 ) PR 20 B, L7 576 R 11, S v A4k B3k i o iy
10 AN A (A T 3 15 1) (6 R (A 1 9T 7R);COIL: J5i i COIL UL 20 A AN, B MASE A R
L 72 M8 A R 3 (M IE T 3803 T, 280 1 1) PR 2 A, S AT 1 440 R P, S 5 o AN AN AR L S P 18 A
(DA L THT 38) 75 T, 7 380 A T ) T B R (] 2 i) Yale: MR SR A4 15 AN AS R AN, SRR AR5 3 B iZ AN 11 11
e P A5 20 (P 3 T ) PIE: BB AR AL 55 20 ANASTRIAN R, B AN AN AR A4 30 FH AR TE [F)— 245 F (pose05) 11 49
MR AN [7] 6 8 41 R A R 2 (n Pl 4 TR S B 1, S 56 HR T LR 5 428k 4T PCA AL, Horh HR BB 45 1)
PCA [¥) 4k 5 % 4% 4 [20,30,40,50,60,70,80,90,100]. H1 T LR K% K A5 49 4, R, LR K411 PCA 114 [E k%N
[20,30,40]. 5535 BEALIE HLIL 1 70%(1 HR G FIAR AT B (1) LR G2 S 25 4R F8 A2 1 LR G A S R 4R
(H 1, HR-LDA H 1 I R A Fl 4 #6 th HR B4 41 k).

(a) HR {54k, t1 10 AR R 41, K7y 4848

A
(b) LR BG4 AR HR UG i /N BT A, /N g 7x7

Fig.1 UMIST DataSets
1 UMIST K54k

(a) HR FIMRAE, th 18 M A [ RIR ALk, K/l 48x48

(b) LR B4 4, HAHN 1 HR B 45 /NI, KNy 7x7

Fig.2 COIL DataSets
2 COIL K154:
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() HR BMRLE, i 11 M AR BR AL, K/ 48x48

(b) LR PB4 A B R HR BB A/ T4, R/ A 7x7

Fig.3 YALE DataSets
K3 YALE [&{%4

(@) HR 54, 1 49 IR A R AR 41, KN o 48x48(3x BL H B 7= Hi b 10 1)

(b) LR BH& L, AR HR BG4/ A3, KN A 77

Fig.4 UMIST DataSets
4 PIE K54

S LA 3(AL P, R P A A VA LE HR AT LR BRI IA PCA 4 FE 20 4 F HUR 1) B (8, B 42
N AIEC RS S I RN IR EUK) HR RGN LR IR ) b R A I 7 AR 3 s B3 21 SE R ) e f &t ).
Table 3 Average test error rate of different compared methods

(In parentheses are Standard deviations of 20 times experiments)
F 3 AR B IE R IR R 72 R (65 T o 20 RSER IMFRIE %)

UMIST COIL YALE PIE

3 4 5 3 4 5 3 4 5 3 4 5

LDAHR | 1725 | 1279 | 880 | 2363 | 2329 | 1846 | 9.37 | 605 | 433 | 1974 | 1471 | 1073
(0.24) | (0.23) | (0.19) | (0.90) | (0.80) | (0.75) | (0.90) | (0.82) | (0.70) | (0.41) | (0.24) | (0.11)

SDA | 1886 [ 1117 | 735 | 2437 | 1893 | 1585 | 1229 | 967 | 606 | 2111 | 1671 | 1306
(0.34) | (0.25) | (0.19) | (0.65) | (0.63) | (0.54) | (0.73) | (0.70) | (0.48) | (0.30) | (0.27) | (0.16)

WSCR | 1571 [ 942 | 650 | 2160 | 17.79 | 1427 | 1467 | 1052 | 883 | 1977 | 1579 | 1257
(0.21) | 0.18) | (0.12) | (0.67) | (0.60) | (0.56) | (0.90) | (0.83) | (0.75) | (0.43) | (0.32) | (0.13)

i1 22 1] %1,WSCR 7£ 3 M 3dE4: UMIST,COIL F1 PIE 7T SDA X WIIE T WSCR k5 SDA &k
bl MERE R0 A 2] T AR 53 A0, B VI SR AR BRI N, vT & B LDAJHR,SDA FT WSCR (¥4 G 15 b 2 4 % . iX
A2 PR A I I R 5000 T 348 o, B 50 AR B 3 (A0 5 22 ik oE e T MERA . B J5 , N T 4, SDA R WSCR £ 3t
) R B HESE LA 2 B4 T LDA ZEAH N HR BG H0E 48 P i b g6 JR K 2 SDA R WSCR ANMESR H
T LR EHE R 5ME B Has i I ZRie (5 7 HR BI04 B

4 R #&

AT BRI A B A 40 1 2 ) 43 AT B A S0 IR SDA 555 IR s LU &-25 O H AR R FE T 89 28) 20 TT
1) ) 7L, WSCR 3% £ H5 5% I B R B 52 I i /DN 0 28 1A I B8 4 K 3 T e S0k 1 4 28 PR BE. 5 41, WISCR 1 T
2 0 0 EARGE E— 25 45 5 Se HE R R AT 78, A0 7 SRR T BOR IR I 0 R 25 5 ks Sienal® 14t 1y 16 453
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35531 (couple margin fisher analysis, & # CMFA)H AR 5| A\ WSCR HEZE, X 75 ¥ CMFA H bx pd 21 5 B):
29 SRR Ay e R A /N AN [R) S 0 R AR e 2 BT T R B SR A ST 10 2% 2] Tk e
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