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N
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1 FAALERREREEE

Figure 1 Collection process of two types of spectral data

5. Strese & 59 it Texplorer £/ 3 LAIREUM B Z S Al 5 5 (J7. & INIREESE), ik
AT BRG], Takahashi 25 10 i ] uSkin & 8% 8% [F] B SRASPIA I =48 Ffd 5155 (X, Y Bl 1) B4
15 Z FIT IS T7), DORBIREIIR. B _EIRBI Tt A S S R P i o o A SRR 5 58 HN R A%
kT 7 A Ak 045 5, IX TG B AE BE SRR A AR b I NTUARMR S, M-S B0 IR R ) Bl Jot S 2%

1175 1% G Fe fu 2 B AR b, AR G 277 20 B 3R 2 061 Bedls BT = RAERE )+ MK 5 55
R R AN DR TEAR BAT B0 0 38 R, #CSE & T R B 7. e Ak v SR N S0, D1
A AR 8 RN S EUO R IR R R SRR, A S P AOEHEE 741 (Lumini A1 SCIO). Bl 1 AP
AR AR, Hod PR2 LA ANl 40 SCIO A&, il #5%k Lumini f£E2%. PIFPGIE R
KANF], Lumini % 5E FFEFIEKIEE A A = 317 ~ 856 nm, 1 SCiO WK ERFIIHEKIEE A A =
740 ~ 1070 nm. T OGHEECE 1S R AERE )1 SARME A S0 R, MOE S H T AL KBRS WAL, T
A FCERREAR 2 SRR T LU T U e s (1) Anfar A o HSedts 1) B8N 2 rh o 250 2 = 5 BURFAE 2
B AU BT 78 b i — N S5 R (2) TR BRRE A S ST O T 78 7 G 265 8, DATHEER
B VAR I HER 2 (3) BREAS 2 STARDN MRS 22 20T 5, AR SR Z A 1% 0 S AR A ERARY
SN, HEVETE S () SE A, 5E FLA B AT 5.

N T AR b i R ARSI SRR PG T S 1 R 5 SC IR, x4 B2 0 1 o Ak 2R AT A
TN M 5 EEAL (RIS SR B s B I PR AE, RIVRH QB i B B A7 AE — BB R, ASCHE— DR
RAFDGIEEE & B 750 (5] B e 29001, 385 20 A0 &8 5 9w i 1) B 18] (R I 22 e A BB I i
ol 07 B A L. 2 PN BOHR R, A A3 A SR R B AR 2 21 T I e A R 7 7
% (one-shot learning with temporally constrained sparse representation, OSL-TCSR) fEHA™ T FEA
SR (RPFRAEAS: 2)) RIATAS 2 m AR R 45 2R 2% BRI, A SCEE T e A0 I & 150k 7
—Ff OSL-TCSR S92 H 9, I B AR (B A oTiR eSS a0 F .

(1) ASCE SR PR EIR IR AT IGY (Bdsy) I, TS 2 AH SR 2o,
SRIGAE R IR (IS ) ARG ) T IR SR SR AR e AR SRR IE B SR R, e B T 78 70 A
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HEMZMtEEdE. i Bk Ty, AR ) OSL-TCSR 7] LAFE 437 R P b6 1 Wl & Fr 48 45 10K
B, IR R A 27 51T BB A ok 1] R

(2) AL GBI IT VR P H AR AR AR TN, I 20 1 e 51 540 A <0 23030 ] P B s e 42
P, MR — )RR, AR ST BT BT R N 20 SRR R s 512 A2 B A 5 B0 PR A, PR
5375 FE BN FP A I I P RFALE .

(3) ASCHEH Y OSL-TCSR R R FAMLIERL 1 AN UIZRFE A BRI AT IA 2058 = (A U 45 5, AT ek
) SRS AT I [E AN TR AR e A, it — 2> OSL-TCSR 7E S5 A AR EL, A0
T T — B B s 3 w6 B T F#72: (accelerated proximal gradient descent, APGD) H -T2 #r# H i1
OSL-TCSR, JFR &I R Ik vl s hh BT R ) shas K.

BJa, FARSCHEH 1) OSL-TCSR 5 & # (AR B 723047 S8 b, 45 5% B OSL-TCSR #2
i EREA S ST LT B AR ) e R

2 MExI{E

Erickson 5§ ' ] ONN SIEX0HEHE 74U s iE 6 ERHEAT Rl & CLSEBUM R 200 26, Lin
25 2 BRI — R T 2 TR RS IS R R i 7 1%k, 1207 0B I R R A TR Al Bl 1A
g RFAE, JFEAI L2,1 el 24 F IR g6 A TR S M 3, (815 24 FIaih 5o e 3t
A EIRERAE I, PAORIE 2> T8 fil o 20308 0 22 [B) 45 R 59 R, AT ROt MR 2E 4T 1R 53 Roberge
A5 18] S R T 2 ot 3 81 1 TG M B 0 S0 1, T VR IR U S S A i ) 1) e ) ) AR
ESE, S8 5 FH SRR a) L S fid 1) S dE AT 43 28, Chen 55 141 R F 2 Bl AN [R] A A% ok B0 S 80 T 1
rERZ IR, SR A ] K AT B W SRR 5 SR R, IR A A R A VL BC 8 B v 5 s ) 2 i 1)
B, ASEEUIR KA RO, Lin 55 151 52— Al SCE WAL 7 2 2) 73k, 205 R 0 0 A it 7 2 98]
AL ARRRE R, JFRL S BB o i ST NIRRT KL Tong 48 0161 @ HH — b B &R 2 4% 5
o 3SR, RS T AENLAS N 2 HR YY) PRI (]I 25 18 22> T8 18] (K 77 SQIBAT AN T 1) 22 fih
DA AR 1B B ) SRR, I R R I AR ) RIS R, R RER R T 2 1R ITUBCIR AR R B

SR, R R Rl K E R I R HEAT AR T, I B 2 AT R 3 ET SRR A
2] TR 2SR Xiong 5 P HR Y — PR TR AR K SR AS 2 ST QU T, 12 0TEE
SR HE BB AR (WL A S AN L) B ALt &, S8R5 T30 I NIAL T,
PASE 5 AN [R] SO X RE 2, AT AN 00 R B IR — MR AT sk LB R SCR R . Lin
5 DT R AL UE B RS NN R DU R TR A 2 20 TR A S0P R0 . D SEBRLE — kit 5 2
20, AT RGEHITT R T — AT 2 STHESE, 20 03 g Xl 00 R i A 285 < ) ) s L ) 2 o
HERE AR AT 0, AT AT DRGSR R PR IR SR I, R4, A 2RI K i 3 1 SURME 5N 7 i 27
2, DAVPAS AN 7] 40530 18] B ARALLEE R IX 3 . Ren & (181 3R 7 —Folr e Tt /IR AR 27 ST VR 2R
IR S| W, 1% 2% B NI ZRE BUS T2 ST BL. FETROIZRRI B, i R4 mT DL 27 31— MY
FERIPRAA > CNN FHEFR IS, HAESRI)SRAS IS HORAE TN 255 [ 5 ; fE7057 ST F B, il
MM BEA, A 2 2R IR A SN SR — B o 2888, fea, IR &1L — R IE o Atk
o> RER, X TeE SR IE AL ST O, At BB AE HE S 0% ISP AR L. Xing 55 1Y)
S M P AR5 B DA Sl T B /DA 2 20 T ik, B I R R AL B 5 S (R SCRZS AN A
R, AR T — i B G AR TR S AL, AT DR =7 >) A0 B 50 B I N 45 & PR 2 1045
JE. Snell 55 (200 F HH — i R 0 2% S5 4, 122 P00 28 K AN K0 (A AR B LS B — AR o, SRR
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AN RAPEA L R ERFOR Z IR, SRR R LEAS (Euclid) B RE NI R R &, JIZRAE15
[ — 2R3 Kl B A S S5 R I B B O il BIHA S R R B G, I, AT
Bt 22 B SRR R B, AT T R R ARAE. Abderrahmane 45 Y B2 1AL
TN FREAR LS RS, S T LS NRB M RIBRIMIRRIRE ). % 2R 50 & SR B e PE T ok
WIZREE T i i AR 1R (HLrp IR e st L A0 B S IR S8 MBI B Rk, MK T 5k
AR IR JZ) HIPATE SRR, SR 5 8 MR 11 RS AT SEBLR AR 55 E RN 48] ) iR A%
i, AT TR 2R FI A,

{H BB SEBAT I 2 A A RIS J7 30 R B Mg [ B H5RY) £ 78 70 R R PR AS [ £ 18
PE TN TESRIR, SE A 25 S8 B A [F) A% A A B 7 Bdie (VI PR 2R 2R 38k, 3wt e v K T
TERBETIREE A ST BRI, SRTIAR B 3 A 55 BB AN R, IR E 2 31 SR AE Iy B B0 BRSP4 R
T BCRAE LIRS B4 TH 2 7s J77%. A T S IR B AR DG AR IR JRy BRAE 5 78 70 R 22 063 e 1) B5HiE R AR
%, AR —Fl OSL-TCSR J5 ik LASETHEAEAZ S R MR TR 45 2R, N AT BAR @ 5 0.

3 OSL-TCSR H:x[m1H

N TR RIS 45 € B Lumini M1 SCiO FEAJE T 50 A FEWIRRIE—28, A SCHH —F0 i B
OSL-TCSR 5%, ZHED AT ERE 5 FNEE 7. BRI vl 5 AR B, 1%
HTEE S A A 53 M 5 BRI B, Ao B PR 5 46 s 78 3L =1 S (R U AH DGR AL, 4 57 iR 46 2R
FAH DS PR AR B (PR R O R, PRI R A& 5 I P A B s b AT B AL FEI 7 20 M B s B
B, A OB AT B S I 2 FOGTEEEE SN I A SRR R s AR T | R AR R AR ok 22 Rk
TR BEAT IR G 2R, SRS AEMRES 2, A SCiE I I 2R 43 2 2 B 1T 2 E00 8 B3R A A7 1503,

R T REAL R AR A Sy A

L=t t - ] e RAXN ”
Ts=[ty 3 - t§5] e RIExNs
Hrb 1y, A Ts 237013878 Lumini M1 SCiO WS aGEE 4. di, A1 dg 43 mAREEFAS Lumini A1 SCiO FEA
(RIS AELERE. N, A1 Ng 43 A% Lumini A1 SCiO YIZGFEA IR, BN ARF ST Lumini 1 SCiO J2 LA
BCXT T XAFAER), # N = Ng = N =50, t8 Fl ¢4 050 Ty f Ts RS @ MER, i € {1,2,..., N}
3.1 ZXEREHEEEITSEN

X F25 %€ 1 Lumini A1 SCiO MR UG, A SCE S K SCHR [22] H SRR BG4 (cluster
canonical correlation analysis, C-CCA) 473#>Kfi# Lumini 1 SCiO #5% | P 2 TR] R A RS AR R AR
S v DU F 52 0 B T B A S AR SRR £ R . R C-CCA W RASRER N

b= mox P} Vyy Ps
PL.Ps \/P{Vyy Pi\/PiVyy Ps’

Hrp p AR Lumini M1 SCIO MISRHKE, P e Rxd F Pg € Risxds 352 tH S IRFEAERE, P A1
Py o RIAHRE R KR B, Hod Vy, Vie M1V, 250HHEN

(2)

c c c
v —thCtC’ v, —thCtC’ v, —thCtC’ (3)
zy—C LS » :z:v—c LL » yy—C StS

c=1 c=1 c=1
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Hot Vi, Vi M Ve AORTT ZERERE, A0 g 73 ARE Ty M Ts 058 ¢ MR, ce {1,2,...,C}, C N
PRSI, g A tg" il o AN tg RIERE. S, AL T2 E T Lumini A1 SCIO AHSGPERFAE
B I 7 i SR Oy

Py, DV
min - Hy= ||| 20 = | TF X +al Xy, (4)
D D x PLTs D
F

Horfr o RESTRE, DY A DL 43519 Lumini A1 SCIO fRIAR S MERIE SR 17 8, X AL
BOIX, v X B L1 Ve, HAEAREEE X Ml SRR X S, M Lumini M1 SCIO JF4G 5
BRI - SR ST Oy

2

Ty, DAy,
min Hy = —
DI(_lz)’Dé2)aQLyQS7AL,AS Ty DéQ)AS .
2
X QrAL
+5 - +71[Qu Qsllly +dllAL Aslly,,  (5)
X Qshs ||

e g,y Ml 6 AT Z%L DO M DY 43109 Lumini M SCIO FUGEEHE 78, AL A1 Ag ARIEH
WIS RE. QL M Qs AWl —IREEHE, 5 Pl Ps AFRIFZ, BN m & 7855
QL Qsllly 183 [Qu Qs] W9 F 8¥er Iy, HAEFRP L Hy ERAGERR R B A . ([AL As]l
R (AL Ag] B L1,1 yudl, HAEHRAEEE A A1 As BREEL. Z5E Hy M Hy, W22 0638 Bl AH O 1
3T 5 A B S A Oy

min H, + Hs, (6)

p" pM p?® pP x,
Qu,Us,AL,As

it 5% DO, DY, D DY, Ay, As M X JG, ACHHEAH KA EAR Lumini M1 SCIO Ji
G FE A B TR AR S MR B A R, a0 R s

iV =pPx 1V =D x, (7)
7 =DPA T = DY As, (8)

o, TV A TEYT S AR BT ROG IR ST A I A M S R A AR, T A T AR
PR GE A RaA A, R IR 2O R AR S A S E AT, AMEIE IR T Lumini
A SCIO Jeil Al FRR I AR, T 3G T 8RR 2 3 R IR A St &

3.2 HFYREHRET
FEH SRR AF AR 1), 1) AR E MR T, T G, BA TSR R R

JTEXTEA AT R A, [R5 58 S Ji ) S50 O I PP AR 2. T 28 e i e 2 ARG i R s A

W
Tém) - Z dim) w(m)(i)
Ts(m)* P d(sm)

2
1
'H——fg
mmg2

m=1

2
2
n 3 e
=
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T
+>\2 HWWH +)\32 > [ = 9)
=1t=1

Forb W = (W) W] b S A T AR R B B M ROR AT & ST AE e, o = 1 FEACAE e
G TR, m = 2 SR TEHAR, m e (1,2). W = [wm® @ . m D] Sy 4w
21T 1] B D A P e 33 mingy H TS0 E MO SCHR (065N 2000 T4 1 B () (A L

wom g WO G5 A7), (01 A [ TE ] B8 ¢ 5 ERI 322 ST Y - )
(E T AT/ T L FORE S (AT _E AR T A L R P R A O B0 P R AT AR A
THEREFBESEE). Y2 (W, 52 WO A WO L2,1 S L1 SR A,
Ao Al Ay AR TIALE.

LI L SRR B R LU ST K, RATME T APGD RIS, B5E FOW) BEEE R

1 o ™ Lo (m)®
=3 z_:l |:T(m) ] _; 4 ’ (10)
m= S =1 | ds -
g (W) BREEN
2
Lol S NERS oY EE ERY »p of e R

=1t=1

KT AT (V) = FOV) + g(0), &SRR B AESDEIF 107, W (k)
)+ 30 (Wi —w g, v (WO ) )+ - w R+ v), (2)

Hrp () AR E, u jﬁik AL R AR R TR p, VAW (R) A fFW) FE28 kIR
IR 2. S8 5 8 vk FE T B#VE (proximal gradient descent, PGD) RAEES k + 1 RIEAES 1)
W(k+1):

W (k1) = argin 5 [W =V ()] + 1.0 (W), (13)
Hrr VO (k) = W (k) — LV F (W (k)), V(K) = [VO (k) VO (k)], W (k) Ak UOERTH SRS
M. HT W RRATRAAHESLE, AT R, 8O% Wk + 1) 282 A ArAT A, Hodp
W 5 d ATHEN

o1 1
Wy (k+1) =argmin o IWa —Vy (k)H% + ;g (W)

L A
:argminf |Wa — Va (k HF 4 72 HW (m)H L2 Z HWd(m)H

A3 o d (m)+1) (m)(t)
* o 2 2

’um 1t=1

R (14)

FRIRAT IS RIS, S0 (WO ||, B AZAT 07 (W™ ||, VL, (A3 S5 7 . ot
T (14), A0 NAE LASSO A& LASSO [0, 34> BUE ] PGD iH5, 4 LASSO A

1
Ga (k+1) = argmin 7 [|Wy — Va (k ||F+*Z [ (m)H 1
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8
c 7 —APGD
.o
c6
c
=
c 5 |
o |
w41
N
=l
O 24 \\
1 - - — e —
0 1000 2000 3000 4000

Iteration count

2 (MEIFE) APGD 5 PGD WiER
Figure 2 (Color online) Convergence of APGD and PGD

TEVHEAR Gak + 1) J5, flié LASSO [H# K
T

2

A t t

W (l{:—i—l)—argmlanWd—Gd (k+1 ||F+7§ HW(m)H n :E § H (M)
m=1t

E

(16)

—ERFOER G, @i PCD HIERT T EIRIG USRI Wa(k + 1), bl S B, i 24l FH ol
HEH) APGD S35 Wk + 1), BRAEH P(k) B8 W(k):

[ (b —1) —1]

a(k

P(k)=W(k)+ (W (k)—W(k-1)), (17)

H a(k) = (1+ /1 +4a(k — 1)%)/2, BEVIEE o(0) =1, P(k) = [PWO(k) POK)]. #RJg Vi (k)
B B4
V) (k) = PO (k) — iw (P<m> (k)) . (18)

M 225 APGD IE S Wk + 1) tH5E 708
W (k1) = argin 5 [W =V ()] + 1.0 (W), (19)

H vik) = v (k) VO (k)], APGD 5 PGD T HARe&E W (k + 1) FRZRSUE R E 2 Fi,
2 Ik 5, APGD KR FEwb 17k

4 HEII

3 WA OSL-TCSR YIZRE 3 IF NI E. 26 1 MrBOA 2 R i 5dm Al et ir S5 84, 56
2 M BN P2 R R, e TR AT gk gk i i anfel AL BT BE H AR R B % 28, H A H bR
158

4.1 F 1 MESHEH
3 (6) T 2 WA ME L EL R AR, R A SR A B AR 77 o A i % 28, 2R 2T
BE I RIEARIEL, FE N LD,
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4.1.1 FEFRAXMSEREN QL REEE

fEiE C-CCA LI SEARRIBELMIE PL A Ps J&, A3 A E Lumini A1 SCIiO AHICEAFEEL
st DY, DS LAJ Lumini Fl SCIO JSEAKUR 1) R BEIENE Q. Qs, Sl Ar, As, NP
PSR VE R AL BcdiE 1 A LB & X SR 70 T

PITy, DY
. PTs p{V
min - X +allX]y, (20)
VBQLAL VBIL
VBQsAs VBIs -

Horr 1, A Ig AR, BN LASSO it il @, w] e bRodk 1 B 25 AR5 (fast soft threshold
iterative algorithm, FISTA) (23] fi# gk, ix B A B L BB SPAMS 24 SR i

4.1.2  FEFIAX MR 7 8

TEIEL C-CCA LB BB Py Al Ps J&, A SCHE & Lumini M1 SCIO AH I HERFAE £ 1)
ASHRID I X, U5 Lumini fl SCIO MK MARHESHE R DO DY T 7k T

. / @) |2 / @ +|?

min || P{T}, — D\’ XH +‘PST57DS XH

pM pM F F
L S

ot a0 <
2

dg)kH <1for k=1,2,... K. (21)
2
X R 2 B ) L2 S ) I HRL e R BB BR R RS (BCD) 281 SR

4.1.3 BEFFEGHIENREEE

S35 5 Lumini F1 SCIO JE#H¥ERIGFI DY, DY, KB AFE Qu, Qs, Lumini Al SCiO
A PR HE SR 0 A SRR 0 B X, SRS Lumini B SCIO FUAABUR RID A& Ay, F1 As T /775

R
T, DY i Ts Dy’ :
min . A o I S TR T C?
LS\ V/BX VBQL - VBX VBQs v

Zefeli, AR BN L1 JEE b i) f, X s FISTA 31 sl /N R (least angle regression,
LAR) 1261 3R fi.
4.1.4 FEHIRIAKIERFH

S35 2 Lumini A1 SCIO AR KIgmAD IR AL A As, WRBEIER T D 5 DY) #
s

min

2 2
B b
pM F F

. |

d(L2)kH2 st

dg2>k\\2<1 for k=1,2,..., K. (23)
Zfelih, i HLAEFH BCD 29 SR
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if

=B7 | Multispectral data correlation analysis and reconstruction
Input: 71, and T5s.

Initialization: D£1>, Dél), D£2), DS), QL, Qs, and Max-iterations = 20.
1: Use C-CCA method to calculate Pp, and Ps.

2: for step = 1: Max-iterations do

3: Fix DI(}), Dél), QL, Qs, AL, and Ag, update X using (20);
Fix X, update DI(}), Dél) using (21);
Fix D£2), Dé2>, QL, Qs, and X, update Ar, and Ag using (22);
Fix Ar, and Ag, update D£2), Déz) using (23);
7 Fix Ar, As, and X, update Qr, and Qg using (24);
8: end for

Output: DI(}), Dél), D£2>, DéQ), Ar, As, and X.

AN

4.1.5 BEFIZRIGFIER
3 BIE %E Lumini A1 SCIO JRIGEIE gD [ & Ay, A1 Ag, Lumini A1 SCIO A I MERFE B 1A
i X, SR )5 IR UG E R B SRR R 1 IR R Qn M Qs BEETT VAR

% 1QL Qs]I1>. (24)

Jnin X — QuAL + X — @sAs|l +
ST 5y L, b SO0 [ U i R, AT DA A T B T R
4 1 6 ;ﬁ 1 Ml\ﬁnkklflu\—ﬂ
FREHRREF B AT, BRIEB W E MR ROERKE, BARWEE 1 o, BZOHEAE R
HSHUG, AT EA LA 7050 F 6 T 2R (A AF DG PR E 508 R iR 46 40
4.2 52 NWEBSHEH
TE B BA AR RO E s TV, 7 AEsEEE T, T B, I E
X (9), &L IR APGD IEEA 2 Wk + 1), Alit5E R
W (k4 1) = argamin 5 [W =V (0] + 9 (V). (25)
T RIE W (k4 1), 1X BB HFE A LASSO FMfh4a LASSO i 4y Beit-5. Zulih, # R4 A4
ITHMITE, 561 BN
Ga(k+1) :argmin%HWd ||F+7Z el (26)
FRPESCHR [27), KM Ga(k+1) A

T i 2N
Ga(k+1) = { (1 ATVah nz)Vd( ) A Va (Bl > 45, o

0, otherwise.

TEFEARE] Ga(k + 1) Ja, TE58 2 Berp, ARHE SOk (28], 3 B fa S I 3 RMEL il TSR Wa(k + 1), B %6
41

2 T
(Gg(k+1)) =argmin - HWd —Gg(k+1 ||F _|_ 238 Z Z H (m)t+D d(m)(t)

mltl

(28)

:\go

1
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H% 2 Temporally constrained sparse representation

Iput: TV and 78V, 7" and 7", DOV, DY, D) and D).
Initialization: p =1, a (0) = 1, and Max-iterations = 500.

1: Use SPAMS to calculate W (0), and make W (1) = W (0).

2: while 1 do

3: trigger-flag = 0;

4: W (k—-1)=W(0), W(k)=W (k—1);

5: for step = 1: Max-iterations do

6: a(k) =1 +1/1+4a(k —1)2)/2;

T Pk =W (k) + R (W (k) - W (k- 1))

8: Vi) (k) = P (k) — LV f (PU™) (K));

9: ford=1:N do )

10: Ga(k+1) = argmin § [Wy — Va (k)15 + 3+ Z IWal™ 1,3

11: Wy (k+ 1) = argmin 5 LWy — Gy (k+ )”F )\2 Z HWd(m)H + )‘3 z Z H (m)+D 'wd(m)(t) o
12: end for mee

13: Use (30) to determine p whether meeting the condition: if meeting, trigger-flag = 0; else, trigger-flag = 1;

14: end for
15: If trigger-flag = 0, break;
16: w=2pu;
17: end while
Output: W (k +1).

RJE T

i
Wa(k+1)=1 0, if 79, (Ga(k+1)) < 22, (29)

FR Ga(k+1) F1 Wa(k + 1) FITHE AT I8 I @ R e 2% =) 6, SLEP 28 el T3Pk o,
R R T SR

if(mk+)<ifwww%vﬂwmmy

m=1 m=1

X (W<m> (k+1) — W™ (k))

2
+£ Hw<m> (k+1) — W™ (k)HF. (30)

B Wk + 1) BB PP BT, BRI RIROE OGS, BRSNS 2 s,
5 k&Rt

TES 3 Wi BAR BB 5, T EREL TG AR i DV D" DB D@ Fg
M WO W@ SEBR IRIE A SAT S5 H T4 BRI L AR (AR S RO T
AR — XA RE A 1 s s o edE 40 A1 5, 36 FLEE C-CCA Atk 4 M T B s b Sk
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Figure 3 The framework of the proposed OSL-TCSR in this paper
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— paezees
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sub-coding vectors
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BERE 1 A 5 e ok TR AT N IR B 0 SRR B 2 B,

~(m) T (m)*

L dy, () (D
Comy | 72| e |
ts =1 d

2

2
w3 e
oot 2,1

F

2 2 T
(t+1 (t
e 3 || e 303 @ -t (31)
m=1 L1 m=1 t=1 1
H [Z% It A [Dimi It HIES ¢ B, W = WO W), Wwim = [gm® gm® o gem ™) 85

APGD ﬁ&ﬁﬁ%’ftﬁ%ﬁﬁ—zﬁﬁ’]ﬁﬂmi WO, WO, T GREARFRZ R DRI, BT LR 58
Ll)llﬁﬁzliﬁ’l%ﬁﬁ%ﬁ%%%ﬂhﬁﬁﬂiﬁﬁqﬁﬁ%f'_J;EIEﬂE’Jé%%ZEE%Eﬁ{)ﬂJﬁﬁZKE'J*T CAETIUE, X H
A58 FH A i A ASE T i 5 500 2 L [ B R RH S M AR I 5080 s 1 ) R AT R . G R IR AR 1) G G 1)
BN
W= (WO W) 2, (32)
T A 1 i i ) A
W= (W0 +We) 2. (33)

B Ji M A AR SRS T S R AR O A 26 1

ww'
I*= argmax —————. (34)
1e{1,2,...,

I REBATHH MR FEADRFRLE, WO R3E W 5 1 ATHIFEE. RONA SC N R A 2 S HE R,
FrLh WO AR EE | MR RRBIFEAR I gmig &, 454 LR 2 i SR A S E AT S A . I P
ZIR LR N A3 228 W, ASCHR A OSL-TCSR EEHEZL MNP 3 fTw.
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6 SEWERSHR

& 435 1) 4 o XA TS AE SR VBRI E T 5 AR PR 2 = AR e 7 | BB 45 1) 7, 3 ORI 28 A7
TR ZREPEME S| B — i RN | RRIEER IS VA A R R NEIE T 4328, JE By BRI ZE. M
B g5 4 fub I AR B, A A 20 TS SR B 1S R0 B (e 75 . B3R AR RE U5 0s A, SEARH
PRTEAR B A LU 3 S 1. I HLFRATT R I ol B AF AT ipk B 2 ) AT ) e 4, X PP R P o)
VIR BRI TR A 8. O SOE R — it ARl UL R3S OBREA) AT B4 (SMM50 £df
4 Bl FFIIER ) OSL-TCSR J7i%, AR 5 MOARFEME R I 50 NMIRZAN AR (FFHF
B R 10 FARFEDER), A3 TAER IR 5 FOAFEMEL T8 50 SRS, KT RBP4 R 5 58
5, AT S Z-score HUHmARAELL T7 12508 ik B HEAT TRAL BE LAV BRI A G ISR A AN R B 52
Wi, SRV, WM SE R (B MRSE A S 100 MFEAS) BENLIHEL—MFEA H Tl 25 OSL-TCSR,
HW T A REA T IR OSL-TCSR, X AERIE N ZRBEAFIIMPNRFEA A G, Be)a, FIFH A% 5
(3K (34)) TFEUNZRFEA S M RE A TE] AR ACL R, 38 3ok AR AL TH 575 20 R AT ARRE AR IR R AR 28, MK
ML OSL-TCSR AM R AR, SLIFE ¥ & LAPTOP-OVKE2ADY bib47, e R AbBEAS
Intel(R) Core(TM) i7-8750 CPU @ 2.20 GHz, ¥l 16.0 GB RAM.

6.1 HEXMITIREE

(1) A SCHES3 #7172 (canonical correlation analysis, CCA): 73 #7320 204 28 Pt AH O 1 77 7%, dlad
AR B THEL N H B AR AR R, AR T T SRR R A £ B = A A], TAS E P4
ANRIEARE AR DCHERHE, BRSO AE T b AR BN RS 5

(2) WBMARI 1L (C-CCA) /BIME M A KB 73 1% (mean canonical correlation analysis, M-
CCA): EEX BAREA S SIF DL AT WIACR BB 7T, C-CCA Al M-CCA 57 XA, ‘BEA15 CCA AFH
AL G NIRRT T ) AT W 07 Z2 v SR e A T I A 54 e B T B A B AR AR R, AR R
P 5 S P e R 55 B L 21 (R), 7R 7 ) b B B AR T e 4y

(3) Bl SRS SR ML (C-CCA-1, C-CCA-2): PP 5724505k STk [29], 7€ C-CCA-1 H,
T T A6 P AE S T 0 B 7 22 BT X, A R AR, ORI AN [ 2 30 1 25040 0 )R AT RS B X T
C-CCA-2, TERIE 45 7] 1) Bl 77 Z2 I, AN AR JoT Lo d2g 15, 17 7 S5 AN [R) 28 v R AR LA 25040 SR ] gt
T, FIRR B B SN S A 5 12 I AE 22 D6 RS B AR O 2 B 5 A B By, B SR i T AR
BRI FH PR B AN R, AT 2B R B R IRAN . O 1 e B A IR A DA 3 W 7325, AR SO Bk
TiEa AT T R AR LA, ] 4 PR,

] 4 T, e C-CCA-2 TR I AR T HA AR SG V73 M J73%, T DR 3 Ao i #5044 1]
77 2277 AL & T A [ A AR 200 1) B AT AR AU Bt SR RE S B8, IR T AN RIS X 2 PEARRAGE, AT 96 /)s
WA, T C-CCA-1 AAASE A [F] S 501 i B30k Joa Lo EAT 2 2, I R A b 20 59 AN (5] Sl R AR AL 40
FITBL 73 SREE AN T C-CCA-2 822, IFH A 4 R, C-CCA F1 M-CCA {EHFEAZE S HOL T
PR RCRAR R, SR & C-CCA FETHRHE 8] FECHE P W 77 2206 MRS 25 18 1 BN 200 1) i A7 B0 R A
1M M-CCA 5 R R R0 T A B W BRI, P AMEBREAR 2] R, C-CCA 5 M-CCA Rl 45
FAFE. JEHT CCA W NPIRIEANE &, BRI A GRS =12 A vh o R A a4, S0t
SA MR IE R R AN OSL-TCSR Sy R A U R 5 2%
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Figure 4 (Color online) Comparison of different Figure 5 (Color online) The object recognition result of
correlation analysis methods each classification algorithm

6.2 MEXDAEZESH

7E OSL-TCSR B2 061 #dfa il 51tk 73 Mt 55 FA Y B, A0 i B L AIAR A7 #7772 C-CCA-2.
SRJG, K BORT ARG 73 85505 5 OSL-TCSR #EAT He#%, BAGIE OSL-TCSR 14 21

(1) BBERIIREMZE 2% (improved deep neural network, IDNN): 23 Rk [3] #Z M4 451, 1%
SRR FHPIASAT IR BE M 28 S50 (REASPATIR BE M 2805 I 256 15 RUZ RIS 128 15 fU2, JFESR:
JA 2 JE#4T 7 Dropout Al Relu #R1E) 73 56 P AIOGIG P 51 E AT AL B, AR 5 2 4 4 0 PR TG G e
FIHIR ZRAAEBEAT R

(2) I XA U7 352 2] (generalized coupled dictionary learning, GCDL): % 53ELE SCHR [29] H42
i, A SRETEAH R T C-CCA FRZA RIS B AV A (R 2K AR G R AL, HL AT I8 o 4 i G D o
BEATAE RN, T TSRS R, T T DU B O (1 2 B HiE, #k B9 GCDL-1 Al GCDL-2.

(3) g 5 JE ™ 29 R PR i 0 AZ M i R (kernel group sparse representation via structural and
non-convex constraints, KGSRSN): % HIELESCHR [30] Hh4e i, il iR I R Al 2% 25 1), G20 1
VAR — AR BEAh, FE AP B ME— PR AT A Y B R PR AT SR T, RGBS e 1
X 18] AR AR . AFAZ SR B A R R PG (8] IR 5 R AIE.

(4) 7 B Y (separate kernel sparse coding, SKSC): ZHVEAESCHR [18] HHg i, K piFf
S EAE 7 AT AR i T, RIS ' R A 1 2 B 1) &t AN [R) AR A N2 TR X L
1 I BBy i i RBF .

(5) A FEARFHMEZ] (dictionary learning with one-shot, DL-O): %8 EAECHk [2] FHEH,
EHAMAMA LR GR Z DA FES (W50 5 &) A gt 2R )5 vt 280 E 1L
TG, CASE SRS [F) 200 1) [X 3 R R, A A5 0] I 75 IR BN A A af T S A v ) TR 1) 2 B

(6) BAEARZ: ] FMiBiaR /N /712 (one-shot learning with sparse representation, OSL-SR): F|F OSL-
TCSR 55— B3RS gl ) &, SR 5 8 AR 92 B B v o0 R4 R W 28 L8 BIEHE (1 i) PR AIE.

(7) BRAEARZE S I P YRR K N 7770 (OSL-TCSR): &3 Z Wi i et i S EM G, ¥
PAF I HARE SRR 2 OGS S 7 NS I 7 AR R R T i, 57 2 6k Rl A f
7 SRR I P RRIE, DASR SRRl 45 R

B HEAE AL S N RN S R 5 B, thiz W] R1, OSL-TCSR Jlid 5 1& 2ty
1 18] B AH SRAFAE A G 1S 3 51 A B I P A8, R 03 A B0 A R A 52 ST AR 100 T WA U T i 23 B
i OSL-SR. 1T 2W& 1 il K (I FP4SAE, 3 ERIR B 45 RIS KT KGSRSN. JFH /2 KGSRSN
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%= 1 OSL-SR MAREME TEMIERIRAI R

Table 1 OSL-SR’s recognition performance of each object with different materials

OSL-SR
Plastic Wood Fabric Metal Paper
PVC/1.00 Red Elm/0.62 Satin/1.00 Lead/0.98 Cardboard/1.00
Polyethylene Green/1.00 Cherry/1.00 Cotton Towel/1.00 Iron/0.73 Textbook Paper/1.00
Polyethylene Yellow/1.00 Hard Maple/1.00 Wool/0.46 Titanium/1.00 Constr. Paper Orange/1.00
Polyethylene Red/1.00 Red Oak/0.81 Denim/1.00 Copper/1.00 Constr. Paper Red/1.00
ThermoTeflon/1.00 Walnut/1.00 Cotton Canvas/1.00 Brass/0.62 Newspaper/0.42
Polyethylene Blue/1.00 Red Cedar/0.98 Gauze/1.00 Steel/0.60 Receipt Paper/0.99
PET/1.00 White Oak/0.95 Flannel/1.00 Aluminum Foil/0.62 Constr. Paper Green/1.00
PP/1.00 Ash/1.00 Linen/1.00 Zinc/1.00 Printer Paper/1.00
ThermoPolypropylene/0.25  Hickory/0.99  Cotton Sweater/1.00  Aluminum/1.00 Magazine Paper/0.80
HDPE/1.00 Curly Maple/0.93 Felt/1.00 Magnesium/0.88 Notebook Paper/1.00

FRE T AN AME PR . S50 R 3B 2 R AN AR ML SR (HE R & 2 itk Al G 4 25 ]
firh ) 28T R R AR e, B LAARRE T OSL-TCSR SR #: 2. SKSC f# F i RBF % B 50k R
R 23 TR B 1 A 42 P AR AE I 281 v 4 2 ) 500 R R PR RRAGE , ol i A% PR 8 T ST R P A R AR ] 1)
ARSI, 5 4 P ARG 1O 5% 22 B 3E1T 328, S T GCDL, GCDL-1 Al GCDL-2 255 13
TRAF R, AH BT BRI 1S E s g 0 e 1) ) L R RRAE, SOHER R (KT OSL-TCSR.
GCDL, GCDL-1 il GCDL-2 T RAEE s )4 [a) & b A DGl AH (R 2R 2 [ B R, RSk
LT OSL-SR 8 i o) Ji 4 HicHfa dE A7 AH S 20 A A A AU AR A 25 DAEAT 208 1 o, 380 % ek
JFF B BT P REE, BT DUBE IS T S A AS B 3 5, T ZE PR U037 5 N HER R BRSOl TR
TN AR AR 2 ) B DL-O BEiT A Fegfidh ) 7 DAPR R BARE A2 o) F ZBEAS AN A LR AE, FF H i3
Vi) T DO AT D38 5 AN [ 8 S R X 23 R B, (X P B T3 G 70 43 25 R BIUAS [ I B0 4, A 78
Iy RIS AIAE OSPE, SO HUAR T 90.9% HIHERAZE, b OSL-TCSR HIWIA RIS RAK 1.6%. IRE
IR £ &8 ) — M AE MG 00 AT 55 P B B U B R B, (HERE 2O P 51, FLB AR S5 AR X R 4 LU A
. WO B 7 FVEAE I, IR 2% — R AU T 2 B IR AL M & o 4niE 8 50 T IDNN H4s
PR 1) 2 52 T R BB PR, H R BT A3 B0 B A OG ISR AE AT B, SO R R 45 AR
F OSL-TCSR, OSL-SR, KGSRSN, SKSC, DL-O “5# 5 #n J7i2:. it b 45 R et — 0 R G5
FoR T AL HE 5 10 TR 4 B 5 TH AT 2 AR 2R B0, 3t 27 ) 21 1) 7 R g A 1 B O 2 Ve 4L, i
B EMEIRNFIEE. Nk BEMAED OSL-SR Al OSL-TCSR XA AR I BAR R I 45 51, A
SCAE FHVRVE R4 ) 2B OSL-SR 1 OSL-TCSR 1 FAREA 22 3] N ARFIM KL T &0 35 51 R 51 15
L, w0k 1A 2 BroR. AR ERATIECH LR 20 AT

(1) OSL-TCSR 7E [Al— M EA R R R 50 45 R E 2T (N2 R 1R 25 5 ), TFEAS )
PPRL R A R TR ) 285 SR B ze & (AN 2RV RIAR 5 & S ARV IR ) 25 51 ), 1t B B3Rl
FIE HAPRLE AR O, AH EURLE 1 17 4 FO & 1) ' 4ot SE AR AL

(2) BRI EIAA AR 4 FRPED A BIR IR B, XA Ry e @ MR AT LU S 2050
TS, TSI 16T RRES I PR RE; 10 20 R th T RE S IR O 55 5, {45 OSL-TCSR
SVERENs 58 A U XA AT RO VIR, HETZIEE] 100%. HOPPEHR RSB ZRAE R 3R 2> S iR ik s
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Table 2 OSL-TCSR’s recognition performance of each object with different materials

OSL-TCSR
Plastic Wood Fabric Metal Paper
PVC/1.00 Red Elm/0.41 Satin/1.00 Lead/0.49 Cardboard/1.00
Polyethylene Green/1.00 Cherry/1.00 Cotton Towel/1.00 Iron/0.49 Textbook Paper/1.00
Polyethylene Yellow/1.00 Hard Maple/1.00 Wool/1.00 Titanium/1.00 Constr. Paper Orange/1.00
Polyethylene Red/1.00 Red Oak/0.85 Denim/1.00 Copper/1.00 Constr. Paper Red/1.00
ThermoTeflon/1.00 Walnut/1.00 Cotton Canvas/1.00 Brass/0.49 Newspaper/0.97
Polyethylene Blue/1.00 Red Cedar/0.88 Gauze/1.00 Steel/1.00 Receipt Paper/1.00
PET/1.00 White Oak/0.88 Flannel/1.00 Aluminum Foil/0.74 Constr. Paper Green/1.00
PP/0.99 Ash/1.00 Linen/1.00 Zinc/0.49 Printer Paper/1.00
ThermoPolypropylene/1.00  Hickory/0.63  Cotton Sweater/1.00  Aluminum/0.96 Magazine Paper/0.95
HDPE/1.00 Curly Maple/1.00 Felt/1.00 Magnesium/1.00 Notebook Paper/1.00

* 3 StikEExX S

Table 3 Spectral channel division

Spectroscopy Wavelength range (nm) Spectral channel
317-380 Near-ultraviolet

Lumini 381-780 Visible-light

781-856 Near-infrared

740-780 Visible-light

SCiO
781-1070 Near-infrared
NI RIS

6.3 NiZTBEES

Lumini A1 SCiO BJJ6ERF AR M ANE, Lumini BN ETEEN A = 317-856 nm, Z G iEH &
THREANT] WG X PA R A T AN X AT LA X . T SCIO PRI BV HE A A = 740-1070 nm, R &
FEN] WG AT LL AR X o AR, AR SCHRHE i BUR MG IR IE R 0 A 2 AV I8IE, WK 3 Fos. 24
J&, R EIERE, ASCEE T 6 MuliE A4, DU N 2 5%E OSL-TCSR AR, £ 6.2 77,
T KGSRSN XS T HAR A 35 5 4 R BIPE R, SO 19K FAE Xt LR IS UE OSL-TCSR. 1
VIRR AR, PR SRR AN FEEE A A N AR IR A HERG R IR 4 Fros, RS R op &5 A N o
Br: (1) AT HAREEA S, 24 5 F OSL-TCSR 1 KGSRSN #l A & BT HPn AR A HERR 2, 73
N 91.4% F1 90.3%. B8 Lumini B4 06 RERFE T2 BEARBLLE ] WOEIX, SCIO ARBLTEIT LI AMX. (2) 1E
HeiEEIERZE A AT (A 1, 3 1 6), OSL-TCSR #HXIF KGSRSN % 5 & 2 FIIR B RUR, 158
OSL-TCSR EELZ VG RHIE P B i MR8, IX 2 K9 OSL-TCSR TEREARRHIER Z IR R R 2] T
A BB A, R RER T FOG ISR (RS SRR AT 7 AL
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Table 4 Comparison of recognition accuracy (%) of different spectral channel combinations

Lumini Near-ultraviolet Visible-light Near-infrared Near-ultraviolet Visible-light Near-infrared
SCiO Visible-light Visible-light Visible-light Near-infrared Near-infrared Near-infrared
Groups groupl group2 group3 group4 groupd group6
OSL-TCSR 2.7 86.8 73.4 87.7 91.4 86.2
KGSRSN 60.7 86.7 69.4 84.7 90.3 78.7

T 5 B A, Ao B Az AR BIEREE NN

Table 5 Influence of parameters A1, A2 and Az on object recognition performance

A1 Ao A3 Accuracy (%)
10—2 10~4 10—4 90.1
103 10—% 104 90.4
10—4 10—4 10—4 92.5
10—4 102 10— 89.8
104 10—3 10—4 90.8
10—4 10—4 10— 92.5
10—4 10—% 10—2 87.3
104 104 10-3 88.5
10—4 10—% 104 92.5

6.4 SHHRESH

TEASCHR ) OSL-TCSR HikH, 40 A1, Ao Tl A\ SR 45 A 36 e m), Hodh A, A F
TR A D A B AL HCHE A i 4 A B (R i [l R BEAT R AL, Ao A TR G dmig
FEELOARFE AL, A3 15 R THRE 2 i B 0 P HRRE, 3 A SEUR RIZUE R X PR A GERZ I an sk 5
FiR. AR, R e AR EVE I AIEE A, A Bl Ag BRI S EO T OSL-TCSR B 114417
SPERES R, DUE RS YRR AER R TS EUE. AT o0 A PER, KEFEE A = A3 = 1074,
W A FE 102 J8/NE] 1074, RIL OSL-TCSR AR A 45 3K, X2 B THOKI A, ATRE S8
HH O PR AT 25 P B AN i 4 B A A A G A ) 5 (1) AT I TR, AN (R IE 3 b 5 1 2 1) 4
IR G R, 2RI, AT T A WIPER, IXEREE A\ = A3 = 1074, K Ay FIEM 1072 38N E] 1074,
KL OSL-TCSR AR 45 SABAER K, BRI Ao 7T g5 B0 DG PR R 1 A HHfE AN i 46 H A A
(G it ) 0 TR, (A5 6T BE AR T4 7 ORI G i ) B AT A R 2L G, TR Ao
ELRE BT A 22 AR BN R I )5, N T 400 As BOFER, X ELEE A = A2 = 1074, 24 N3 = 1072
i, &3 OSL-TCSR HIMR IR AR R R 87.3%, JERZIE K As & SEHAR 74 i 7 BAHZE. X
AMEEA I G HE P AT A AR A~ B 25008 ) (R AR DG PERRAE, T ELIA i 17 B AT AR 20
AP BT BAEAR ], 208 T 6T BE A B R S AR, 3K A\ SEARAR T RS B AL, AN
FITF Gty [r) AR B AL
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7

#hig

ASCHE — FBr A OSL-TCSR J7 ik LA ok BFEAS 7 2] "R AR )L, & il il SRR Y

SRR IR P ROG T ) S5 4a e J AT SO B 7 S 8 15 B S MERAE Bl s e CRs S ha Ks (1
L i 2 [ AR SR AR R A a1 2 S ) B EAT Ik, JRIE A WIS R B ss, EMIRG RA 78
TR IR AR I 22 MOGTE R SRR A R DGR R S N T B R A R R s R R R, DL R
ZOCTEHE I P IESE. o 2 B i SEIR AR AIE, S5 RE W] TR OSL-TCSR AL, 1t
4b, OSL-TCSR Mm% IERE = 2 Fh N 75, HAnADERR ] BREUE R0 55, RORBFATIE R 2 — 25
RE G FEEE I 3 20 AR R (4 3 3 302 B Al A F T SR A AU B 7, ARSI RE S LRl HE A
ARG, B AL ERBEITUR.
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Abstract Compared with the contact haptic sensor, the non-contact sensor can avoid the noise generated during
direct contact with the object. Therefore, more valuable haptic data can be obtained. However, it is difficult for
existing algorithms to achieve high recognition accuracy under the one-shot learning regime for the data acquired
by the non-contact sensor. To address this problem, we propose a novel one-shot learning with a temporally
constrained sparse representation (OSL-TCSR) method for recognizing 50 objects from 5 materials. First, two
original spectroscopy data items, denoted as Lumini and SCiO, are projected into the shared subspace, and
the cluster correlation characteristics of the two spectroscopies are calculated using cluster canonical correlation
analysis (C-CCA). Then, we use dictionary learning to calculate the coding vectors of the original data and the
correlation feature data after the first projection of two spectroscopies, and the coding vector of the original data
is projected into the coding vector of the correlation feature data. Further, we reconstruct the original data
and the correlation feature data after two mappings to fully couple the two spectroscopies. Finally, the sparse
representation method with temporal constraint is designed to calculate respectively the reconstructed original
data and the correlation feature data to consider the temporal characteristics of each spectroscopy sequence. We
compare it with the latest object recognition methods to prove that OSL-TCSR improves the accuracy of object
recognition in the case of one-shot learning. Moreover, OSL-TCSR can also be applied flexibly to other scenarios,
such as material identification or texture recognition.

Keywords object recognition, clustering correlation characteristics, one-shot learning, temporally constrained
regularization
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