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Abstract

Existing hyperspectral image fusion algorithms use separate fusion reconstruction of spatial and
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spectral dimensions, whereas there is a large amount of spectral information in the spectral di-
mension of hyperspectral images, and the information of these pixels is much closer to the target
pixels than spatially similar pixels, which is very critical for the reconstruction of the spatial di-
mension. Therefore, in this paper, we propose a method to use spectral pixels for spatial informa-
tion restoration on the spatial dimension, called multispectral and hyperspectral image fusion
based on sparse representation and spectral autoregression. The method works by taking the pix-
els on the spectral dimension and using them for information restoration on the spatial dimension
through an autoregressive model, the autoregressive model is learned from low-resolution
hyperspectral images, which naturally maintains the correlation between the spectra, and the va-
lidity of the proposed model is verified by the validation on the publicly available dataset.
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BUGAE I SE AR TG R Bl AR PT L, AR H A3 RO W B i) — 300y, IEE RIS E B RIAHEERN
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B BLRER 7 X — LR FRGIRAMTE S, RGB BUEFTZE & Gt R B, AL LU HuK 4
WRHEAT X 5y, ATV LR 22 AN [ A P 6 28 S i T T J 9 o 145 Bkt H AR AT B3« T2
EETE G AR RE A . EORIEEGEE L HHEE ETACRERRE, X RFAE B4 HE RS 4,
FEREAE S [1]. BARar3R[2]. HARK I35 5T 2 N AN, BT Al st gk
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XA R TE SR G AR I, A AT ZEAE 61 43 R e A0 5 (] 4 R 2 R — AR, {HE—
MR AE 2 7] DL ROk i B s FeR i m e BUR SR AR P iE s R S B A R . 2 EIG A
BRI A P, (HIEERE P I BAG . TR FE N E R AR 20K — IR AR 0 R 10 w6 i EHR
(Low-Resolution Hyperspectral Image, LR-HSI)A1— g & 73 % % (1) 2 )t 1% E 4 (High-Resolution Multispectral
Image, HR-MSI)#EAT Rl A SR 3R A3 i 3 H 26 1) e i BB RO 1% N 1 —F 2308 7V
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BEATERNERNE, & G BRI 1m0 R B, PRI R T4 (R I T R A F e i)
G UG RN 5 A R E s BEERG A TRVE . BT ARG e B m A Tk, BAREA
BARKITHE S B, W DA R SR HR Y i r HE R 0 2 0l B SR HER i moe il S 2 IR A7
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S N[LLTE YR T — bk 58 46 7 i (12 ) B0y, S At IE SR A ST M R %, 8 73— R 28 1)
BAFAEI AR HB EAALE Al AT o 40 I 22 S 1 BRUGOR BT IR R B AR B SE 3 X T AR AR
J7IERUL, NS 5 BT — @ T A, BT LOZ 7 VR e e A5 5wl LA 4 ) 7 25 1) TR b AT 0,
T3 [ 4R S RN TR RE4E R . Zhou 25 A [16]411 Veganzones 25 A [1714 ] 1 A5 () Jm) AR Ak 15 ) A 78
SR e EUE R 7T R s B, (R SRF A B A — i e DXk 1) iSRG R 4

s i MR A 2 0 MG AR Bt 2 = 4R 2, I LA AT DA AR B AR 1) 4ak FH i B nf vy e i P 5 A
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BA IE W SRAR ZAR AR AN IR SR 80 AR AE . [RIINF, Dian 25 A[19] 4R IE TR B4 RE K08, BT dER
ARSI 2 R 1 moe i ERREAT i, TR U4k =2, EH RIS EN], (Hl T3k
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fif, % A P I A B A 1 R A TR R DL R S AR B DR TR, R e A TS A
TENUSR SR R S A o Bl , TRPE S I BRTE S A A G & T 2N o B B Z M 45 1) X,
RIS ) TE EMG A BRI R T, TERUGE Ay e, Ll IS5 & T4 LRI, [HIAE 2R
PR R AUtV IR T ORI TR 22 S 7. Xie 458 N[22 13 5 fuf FH S5 A0 e 8 I 2% 2 =) PR SR 06
RIFHE LA B AT 5 A R A R — AN F AR AL 1) 8. Wang 25 A [22] 881 T — NSRS 5 1 5 ok
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EOLIE RGN KEROLIEEE, RUEENTEEEAGRBAEGHESE . AiEma#gI3 s
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2.2. [ERRE S

G B Rl o A — 350 T B R 0 22 O B (HR-MSI) AN 70 3 2 1 s e ot 1 B &
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Figure 1. Schematic of hyperspectral image fusion
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SRR AL S PRI, BEAL I E LI ¢(2) T Z MRS, @k, ZIREGRS R —
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= I x
SEEpEE

Figure 2. Schematic of sparse representation model
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Tk 7 S SRR RO 1 7 Do BATH MR R BRI R AKX @), ATARAR R IR 2 X
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B E TR 3R 6 RoRIE T LR-HSI, FUILTE— @R AR TR A el m] i oG A5 B, H AR A el ]
3 R

A SICIVEL £

ﬁ@ﬂﬁﬁ

MM

G R 0 5 B B R R R MG R X e R™™S oy, [HILERATE M LR-HSI 1%
SGIE E EARR . e ZH LR-HSI B &k T Ak %%ﬂ_ L% Hb g e R, RIEHEAN
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Figure 3. Spectral autoregressive model flowchart
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b, =argmin ()?O —bTui) (9)
b ist
B R, € RBHET & EIOH MR E, g Rrpob R RAEIE T R B n AMEFIN IR A R
ATLABEAS 3 AN E ETRUR (b, b, | o ZESRAHE B2 i AR SR PR U e £
At
ORI, IR R AT RS R, KRR, BHEMER R,
PR, AREBLLRL, T 7 B R — Al (077 50 22 1R AT 4 AL LA b th 2 T
FOHIbLE, BBk, B IR BRI G SERE I R B R L. (R RIS
FRRAG 25 53 BB AE TG AT DU R IX — [ J, AN SCAH 2R PR AR SR 2R 3075 (Simple  Linear Iterative Clustering,
SCIL) [23]H#ATRZH AT H]. FAM BRI Z MR B € R S KB 25 K, TR o HLAT
BB, RAERR O, ST, SO0 K BRI YL, Y, TR R I (GO AR
SERUNG . Fed 14 2RI AL BN RS 2, 9608 K ANRBUNARES Ik {2, 2} o 80,
BT LTI 2RO i, B LUl I AR
a =7 ¥ d, (10
k dneZy
B B0 d, RIENTITIR 2T RO S, N RIEIE OGSO (R AR Q0)HATT BMEE] K A
ST o o W RS A PR ROCE IR 2, SRR R 2, BRI b n
2
PR ik u, < R2 BEi%09 min [z, —bJu, [ . by i argmin, oy, — 4, 365 . Bl e W
IERBT A2 SR(8) B 1 F AR
min,, , |X s, ~ DAB| +¥,;, - RDA|"

+/1§ Y |z -bju,[; + Al (11)
T Z, =DA
EEP A AR RS FAE RS AT RMTEE, RATES 6 E BEL KA N
Sli-r0ze'| - wmi o wsomee, Zy, 2= BRI, H, RO L
%Ellzi, iZ%EKiE@E% i Mo E AT Rl DL A GRS

[ e
SRl  ASCHE H AR AR R
min., , |X s - DAB"i ¥ - RDA||2F
mé“(l “H)Zg z+77||A||1, (13)

st.Z,, = DA

3.3. fiifk

M=/ AL AT LA, 2R AR — AN AR A R L, R FRATT 75 A A T e e ik
(Alternating Direction Method of Multipliers, ADMM)i%AX [ J5 V5 R AR P iX A 1] fit . FRATIE I 51 A2 &
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2

K ~k I V2
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NITMHZ 5, ARAYEETGRKT Z 5 K7 R
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N3 (15) A 4T P
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KEQ, ~a(14)HrHE 5
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argmin u ‘Q—Z(S) +—4 + A |(1-H,)Q (17)
Q 2u = k=1 F

HIF K NSRBI &R 0 FIHEAT 04110, TR k Z IR A AT o DR R 732
[IASE AR TT i, R A (1T) S AR

& sk —~k \//;k i ~k|?
argminy” u|Q —Z, +-— +/1‘(I -H,)Q (18)
Q ka 2u F
i‘ZEE’\J\Zk\ Z/(;)kéj\%ﬂz%vﬁﬂ Z) TERGEB R A HE AR . 2 30Q8) T LU T i 19 2 3K i«
k 1 k \7\k
o~ T - ——
Q' = u+a(1-H) (1-H,)] ﬂ[zm —ﬁ} (19)
ROk 0, IR Z 4 i BT HE%, EJEEEQ={61,'--.6K}O
3.3.3. RfEA
KA, TFBEHAR(1L)EAN:
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. 2 V.
argan"Y(S) —RDA|_ + 1 ‘E—A+ﬁ F (20)
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7] #3120 A an R A RS P A
_ T -1 T V_2
A =[(RD)" (RD)+ 1 | {(RD) Ye +;{E+ Z#H' (21)
334, RIRE
XFSHE Kk, WA E @il ES AR (14N PR T
2

argmin u E-A+ Y +m,|E| (22)

E 2u||- 1

o3 30(22) W] LI L B R S A ST AT R R, R IR 308

E= {Soﬂ[ ;’ 277 H (23)
3.35. REERIAREAHFT
RSB TRTV, « V, V, 85 R AT 5
V, =V, + u(DA-Z4)
V, =V, +u(E-A) (24)
V, =V, +4(Q-Z)
DA_Ef R AR SR LR 1) 4 T A
4. SKH
41 ZWPE

4.1.1. BiiEeE

N T RS T VR R, BATTHEX BV AR SCHR H 1 VA AE AN A TR S R AT X LS
N EE S FHO LR Z U S 50 = SR (1 CAVE Bl & ZHUESEA 32 k=N S E
K. /£ CAVE Hdm 5 A B 427G 512 x 512 AN [HHE R AT 31 ALl 41 , S i K [A1F% 10 nm,
Y[ A\ 400 nm ] 700 nm. CAVE ks 5 H 1) i ot 1 UG st 2 b ks , FRA 18 FH FLx) LR-HSI AT &
FSP Ao T3 KN g s x s RGO JE R BO0R EAT IO, X B s 2 N RFE . HR-MSI HIAE %
{41 JE FE D700 FHALAIEIEmA R, KMy 512 x 512 x 3.

5 ANBE S WA ZE T K 2 (Pavia University) 504 £ , Pavia University &30 i 4 F rosis 1% 88 £ A7 T
BRI KA . ZARRARILEE T 115 NGl (OB, 7R RS R — e 5 % AN 25 8 75 1 B0
ZJG, FFT 103 4k e Ao T 9000 . B AR LS T 610 x 340 NG R . FRATEE T Hop
320 x 320 MR TR, IATE RO T 5258 ()50 462 320 x 320 x 103 B E LMK . [AFF, LR-HIS {4
FAE RN s BT S5 BORTAZ 34T A il . HR-MSI D 1S A2 Bk S R 5 A (IKONOS) £ 4 il — 1 320
x 320 x 4 {1

4.12. MEFZE

AR AR GEAUAL T iR DT RN 261 BB e, T AR R Y 5 950 B, T ARIR
223 )51k FRATTGE B B R LE 12 AT P B S Bk ) 512 : HySure [24] (A Convex Formulation for Hyperspectral
Image Super-resolutionvia Subspace-Based Regularization), NSSR [11] (Non-negative Structure Sparse Re-
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presentation), CSTF [20] (Coupled Sparse Tensor Factorization, CSTF), LTTR [19] (Learning a Low Ten-
sor-train rank Representation for Hyperspectral Image super-resolution), IR-TenSR [25] (lterative Regulariza-
tion Method Based on Tensor Subspace Representation). b4 773235048 F &N 7 vk h I i 250

4.1.3. W IBER

ZIREBREAT S, & R EXT A — s )RR T A [RIAR SRS () BUR AT Rl G, DAIRAS X Hh ) 5
DIRS HE DU o DS bk 75 0T Rl 5 1) 46 R AT VPR e bn R 2 a5 i AR Y It R, H o R A U
PR FEAR A P FE b

FRVEA T732: 32 ST AL 1) A B2 32 0L o] i 5 /5 B R SRR A S AN 07 i B S5 A7 PP . W
PR AR K E AR B RO B E R ENR 2 50X MBI 2, T b, HATE DL
PGB B VPN R bR 3 2 LR L.

Y75 R 1% 2 (Root Mean Squared Error, RMSE): 1ZF8 bR i Bl & J5 1Y G AN 5 51 BG 18] i 258 R
KGR E. HE)N, FoRmaadi Ry me BB R . e iihn, AXERWT:

RMSE = \/ Sivf(zw Z, J) (25)

j=1i=1

I {1 7% 8k LE. (PeekSignal-to-Noise Ratio, PSNR): {55 I KINRAE S A TR 2 I, 1Z48h8 < i
HREMEGS B EGHELETRE, @ /\'J_'(dB)EEi%? PSNR #5Friimy, 1B MG bk i

PSNR =-10l0g, - ZZ(Z“P Z, Y (26)

i=1 i=1

25 R R ABAME (Structure Similarity, SSIM): iZ$abRiEIE 52 L X bl BN ZE 1% = A R 36kt 2 79 s B 15
PIARALEE, FHUA TSR A[0,1], SSIM HIMEERK, RREGRAEREE/ N, EURK0 S B B 4
AEACLRE Bk vy, AR S okt R R ot 2 e e

SSIM(Z,2,;) = (27)

Hb, wy, My, o, Mo, BHNEBES 2, f1 Z PP IEMEE, 0., 7Y A Z KRR
C,MC, A4

J ik F VLA (Spectral Angle Mapping, SAM):  PFAS &M 2= a5 B ARAE, I v 55 8 e Al
Hb LT R A ) T P A R SR e UG i 2k B, B T B0 IS B s AR FE . SAM i
fN, FOREEEML, ZEREANE . AT

1 < ori ! > ]
SAM(Z,,,.2 Zarccos (28)
()7 i

FHXHTG B 4442 J5 1% % (Erreur Relative Globale Adimensionnelle De Synthsés, ERGAS): 1] L & 5 7 K]
B2 R, ERGAS HUEMAL, HENILMRE, Zfabsc i,

1&| RMSE! ’
ERGAS( Z,;,2)=100r \/c ZLW(Z)J (29)

or

He, RMSE' ®/R7ESE i I& R %, Mean() FoR BRI BIE A, r Ao PEE6 0 LBl R 7
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3 P 4% 5% B 45 $(Universal Image Quality Index, UIQI): %38 F5 AAHIHR 2 | 220 Fo5 I A8 1) B J g A
X AN T TN A 2 R S UGG AT T, B, FoRE S RGO, IR, A

/(I
_ 4:“20“ HzO0zz,
S e gy 0
42. B

421 SHFE

FFHEH ERDR S, A AR RENEE, S0 4. n. K, CAVE & AG RN
PELERE, 1M Pavia University il Washington DC Mall #8 B G 8 s 5da 42, DRI ERATIE 5 CAVE X386
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Figure 4. Transformation curves of PSNR for each parameter
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Table 1. Average experimental results for each comparison method on CAVE data

F* 1. BN AT CAVE BiBE LR IR LER

PSNR MSE ERGAS SAM ulQl SSIM
LAY
0 0 0 0 1 1

sf=8
HySure 42.910 2.380 1.381 10.615 0.859 0.977
NSSR 45.760 1.497 0.862 4.365 0.905 0.991
CSTF 43.420 2.305 1.317 6.689 0.829 0.978
LTTR 45.166 1.932 1.416 5.581 0.901 0.987
IR-TenSR 44965 1.814 1.031 5.212 0.888 0.987
Our 45.894 1.463 0.848 4.145 0.908 0.992

sf=16
HySure 40.240 3.496 0.955 16.743 0.841 0.963
NSSR 45.095 1.862 0.530 5.542 0.891 0.989
CSTF 42.528 2.549 0.711 7.407 0.819 0.975
LTTR 44534 1.980 0.553 5.264 0.891 0.987
IR-TenSR 42.781 2.428 0.667 6.488 0.864 0.980
Our 45.199 1.807 0.517 5.023 0.896 0.990

sf=32
HySure 38.791 4371 0.568 20.223 0.829 0.953
NSSR 42.945 2511 0.341 7.993 0.874 0.984
CSTF 40.902 3.172 0.422 9.190 0.795 0.967
LTTR 42.448 2.332 0.356 6.802 0.868 0.980
IR-TenSR 40.780 3.084 0.330 8.260 0.828 0.971
Our 43.030 2.332 0.322 7.598 0.877 0.986

MAE 1 g AT LA Y HySure J7i%7E CAVE KR 70 R BRI SRR BUIFAGRIREF . O HAR T
A2 73 IE XS T CAVE IX 3825 18] 7p 3% A 55 iy H I 5 B & BB SR Sk, JFAZE — MRy e
Wio IR-TenSR 75 i 3 B[] AR Xt A [Fl e 75 iR B SR A7 SE AN 75 BRI, TS T UM 78 B —, TNk
TEEEA S B E PR RS R UG, RIS IR AT HoAtonf B T7i%, NSSR HUAS 1 58 s = i) 45
AT H A RTT 1 BRI AR SR A AR o (H2 23 18] b AR R AR B B A i L RIARURE
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Table 2. Average experimental results for each comparison method on Pavia University data
= 2. BT SELE Pavia University 2iRE PR T SLIb4ER

PSNR MSE ERGAS SAM ulQl SSIM
Y
0 0 0 0 1 1

sf=8
HySure 43.245 1.965 0.581 2.088 0.994 0.990
NSSR 40.494 2.661 0.726 2.387 0.981 0.989
CSTF 42.482 2.056 0.604 2.153 0.993 0.985
LTTR 37.776 4.545 1.259 4.175 0.968 0.953
IR-TenSR 40.215 3511 0.878 3.545 0.980 0.969
Our 43.749 1.741 0.574 1.968 0.995 0.991

sf=16
HySure 42.220 2.178 0.325 2.271 0.993 0.989
NSSR 39.496 2.942 0.413 2.752 0.986 0.980
CSTF 42.086 2.177 0.313 2.300 0.992 0.983
LTTR 37.180 5.027 0.706 4.622 0.959 0.946
IR-TenSR 38.030 4.615 0.579 4.759 0.965 0.960
Our 42.543 2.084 0.301 2.058 0.994 0.990

sf =32
HySure 41.825 2.263 0.169 2.345 0.992 0.988
NSSR 38.117 3.447 0.247 3.338 0.981 0.976
CSTF 41.665 2.374 0.163 2.445 0.990 0.983
LTTR 35.513 6.216 0.443 5.768 0.935 0.932
IR-TenSR 36.464 5.605 0.359 5.706 0.949 0.951
Our 42.030 2.101 0.153 2.172 0.993 0.989
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Figure 5. Full-color and error images of the CAVE dataset
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Figure 6. Full-color and error images of the Pavia University dataset
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