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Abstract

Existing hyperspectral image super-resolution algorithms usually crop the hyperspectral image
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into multiple small-scale image patches, which destroys the image integrity. Moreover, the hyper-
spectral image has a large amount of spectral information, which makes it difficult for existing su-
per-resolution algorithms to fully mine the spatial and spectral information of the hyperspectral
image. This paper proposed a super-resolution network based on spatial-spectral adjacent domain
network and multi-stream fusion to solve the above problems (SSADFN). First, a spatial-spectral
adjacent domain input module is proposed, which makes full use of the image space patches and
spectral adjacent information and can effectively capture the overall information of the internal
structure of the image. Second, a bi-directional recurrent network structure is designed. The struc-
ture consists of two parts: the forward unit and the backward unit. Different multi-stream fusion
residual blocks are set for the two Kinds of units to fully exploit the spatial and spectral detail infor-
mation of the image. Experimental results on two hyperspectral remote sensing image datasets,
Chikusei and Pavia Centre, show that the proposed method has better results and fewer parameters
compared to the state-of-the-art hyperspectral super-resolution algorithms.
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Figure 1. Schematic diagram of the null spectrum neighbourhood input module
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Figure 2. SSADFN structure diagram
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Figure 3. Structure diagram of forward and backward unit
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31. EHCHAREUR TR 512 x 2048 x 31 VE NI A . T/ HE3 Y 1792 x 2048 x 31 [EMEAE NIl
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SRR UG H I Ax2, x4, x8 ARTR T N KA, 193] 16 x 16 ) LR BME I, Jlid X =i
{EAF BT HR Beor R — 5000 LR moe i R e, ks, #2HL 512 x 512 x 31 R AV 4F H & mot il
KI5, —3L95 2005kl B .

Pavia Centre #&Hi ROSIS f&E48 3815 M m e i i@ B EUR . Zmeik EE —34 115 MR, = a
HEZ 0 1096 x 1096, EHUH A 31 M B, SRR 3 HE 3 0 1096 x 715 x 31. LI H AR & /2
] 1096 x 512 x 31 {E AR E1E, T 43R N 1096 x 203 x 31 AR EG . Bk, o TII%EE,
PEHL 64 x 64 x 3L BRI ESHAENIIZGLE, ESHEEN 2GR, W TXEIZHHAT T REE, 255
APy 32x 32, 16 x 16, 8x 8 MIEIGHL, itk 140 fyx2. x4, x8. X TMIALE, H2H 256 x
203 x 3L B EMAFEZ FOGIE KR, — AR DYk EIA .
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AR S S0 R 45 28K AR ¥ 4% CPU 4 32GB RAM (1 i9-9900 KF, GPU ¥ Nvidia RTX 2080Ti, &
12 M 11G . 78 BB PR 5 R {8 F 3T Python 3.7 (1) Pytorch ¥ & 2 ST HE 2253547 S 36 I 25 . 5256 7% A Adam
RACZ KL HSH, IR RE N 1x104, WEZERARIEEN 0.1, batchsize &K 16, Il 300 4>
epoch. 7£ FRFFREHr, KA Pixelshuffle [23]5 144 B FoRAFE 2 £, MK R yx4 FIx8 If, 433l
BWET 2 M 34 Pixelshuffle &1

H HITE R 5 3% 20 B @ A0 A — A I MG i ROR i, —IRECEIE 2 B 2 NP R bk A &
BIG EOR . AR A I E 5 ML PSNR. Y63tk A 1 B SAM. EAISGM: CCL AN LN 4 7 iR 2
ERGAS VUM FRACTEAS RA 2% (B 0 R M BE . PSNR A CC X W MEFpik s, ) SAM Al ERGAS X Hi4
TRPREAG, B BEUR R AR, BUR R ST .
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NIRRT AR E VR, SCIe RGN T — R AR LR A [F HOE R BB A . X EUAR
AL 35 DA 1 6 1% 1588 20 9 % 772 BDMSMAN [10]. GELIN [24]. ERCSR [9]. MCNet [8], ALK =
AN SRR HE R J77%: SAN [25]. RCAN [26]. EDSR [27]. 42 T SR M P4 A1 52 5 P AN J7 T o) 45 St
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Table 1. Experimental results of different models on Chikusei and Pavia Centre test dataset
52 1. TEHEETE Chikusei F Pavia Centre JIlix & FAYSLIG 45 R

Chikusei Pavia Centre
S ALGO
PSNR SAM CcC ERGAS PSNR SAM CcC ERGAS
Ours 46.4236 0.8722 0.9906 2.3102 39.7280 1.9225 0.9901 2.6028

3DMSMAN 45.9218 1.0591 0.9890 2.4230 39.7106 1.9259 0.9902 2.6051

GELIN 46.2079 0.9684 0.9897 2.3352 39.1159 1.9403 0.9888 2.7995

ERCSR 46.3557 1.0711 0.9901 2.3069 39.6589 1.9743 0.9901 2.6269

2 MCNet 46.3675 1.0201 0.9865 2.8130 39.4289 2.0047 0.9895 2.6981
SAN 46.2404 0.8917 0.9897 2.3322 39.4305 2.2919 0.9895 2.6991

RCAN 46.3019 0.8810 0.9899 2.3198 39.4689 2.2659 0.9896 2.6883

EDSR 46.0781 0.9908 0.9901 2.3644 39.7172 2.2834 0.9902 2.6032

Bicubic 43.0807 1.5356 0.9795 3.4058 36.7611 2.0456 0.9806 3.6696

Ours 39.2011 2.2930 0.9468 5.3925 33.1239 2.4853 0.9541 5.5956

3DMSMAN 38.9243 2.4877 0.9440 5.4723 33.0615 2.5603 0.9538 5.6384

GELIN 38.6203 2.4916 0.9400 5.6951 32.3219 2.6856 0.9454 6.1349

ERCSR 38.9461 2.6063 0.9444 5.5017 32.9030 2.7789 0.9523 5.7519

4 MCNet 39.0905 2.4981 0.9452 5.4470 32.8823 2.8859 0.9523 5.7420
SAN 38.6088 2.3450 0.9398 5.6931 32.4114 3.0205 0.9464 6.0684

RCAN 38.6142 2.4072 0.9397 5.6885 32.4460 3.0350 0.9470 6.0396

EDSR 38.8517 2.6381 0.9440 5.4903 32.9415 3.0795 0.9525 5.7060

Bicubic 37.3114 3.2857 0.9201 6.6677 31.8138 2.5812 0.9387 6.5340

Ours 35.1478 3.9535 0.8604 8.6126 29.0695 3.0818 0.8832 8.9685
3DMSMAN 34.9330 4.3999 0.8552 8.7606 28.7701 3.1311 0.8813 8.9702
GELIN 34.5125 4.5889 0.8409 9.2147 28.0224 3.5097 0.8487 10.101

ERCSR 34.8609 4.5184 0.8534 8.8657 28.6764 4.178 0.8695 9.3827

8 MCNet 35.0949 4.1783 0.8639 8.7474 28.6439 3.9706 0.8679 9.4365
SAN 34.6982 4.5238 0.8465 8.9535 28.0365 4.5170 0.8481 10.105

RCAN 34.8935 4.4390 0.8535 8.7755 28.2033 4.4358 0.8541 9.9149

EDSR 35.0459 4.3541 0.8588 8.6186 28.5622 4.1054 0.8657 9.4852

Bicubic 34.1351 5.1718 0.8261 9.6783 28.3289 3.1192 0.8596 9.8225

% 1 /e’y SSADFN FIH AR AL AE Chikusei dli £ LT LLEE . 72 PSNR #1 SAM |, TG 4a/il
K7 HZ />, SSADFN S48 T H AR, 1X 15 55 T 25 i A0 A . BT PSNR F1 SAM 4, H At s
R B TR LU I RT SRS o TERTA X i, BT 4RI AR R A ME Y Bicubic 77 ik A5, MR &
7 . EDSR ¥ [A{5 B @, H2 %A % I8 2 m 6 BG ROGigAH oM, Rk SAM 55 1 RCAN

e
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~, SSADFN f¥] PSNR. ERGAS 1 SAM A=A T- At 0} L8 o AANAESi T A 12 ', SSADFN ff] CC
L1 0.0001 kT 3SDMSMAN.

N S5 S e S WA 2 10D BT S S i B AN BT 2 AR S B R LB . O 1 2 D7 T HBAIE B SSADFN #1516
WEE#RE /), fEE 4 IR T SSADFN Xt 77 4E Chikusei A H 28 3 sk EBUE 1) el ) 4 26 722
o ACBEHLERT 3 ME RN BRI EILE A, bl h(67,97). (234, 463)F1(162, 161). i i)
BRI RAAAE IR SR, BRI O BLF. ZREKRE, ASCIEHM SSADFEN J7 i (41t ih £2) # 2 (1 &
1861 2 M 28 Fe 52T 0 1. IXBAE I T BT i ) SSADFN 79 BT W iF ot g e )y, 5% 1%
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Figure 4. Reconstructing spectral curves of Chikusei dataset using different methods

4. REFEEERE Chikusei #iEERLiErhL

3.3.2. EWMILEBR

SSADFN 3DMSMAN GELIN ERCSR MCNET SAN RCAN EDSR BICUBIC

/-‘ ““““u“ .

Figure 5. Reconstructed result of the 26th dimension spectrum of the 4th image of the Chikusei test dataset with the scaling
factor of 4
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Figure 6. Reconstructed result of the 30th dimension spectrum of the 4th image of the Pavia Centre test dataset with the scaling
factor of 2
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3.4. EEEREXIEL

Table 2. Comparison table of parameters, computational complexity, and PSNR for different models
2. FRIERMSHE. THHESM PSNR X Bx%

T ZHE (M) FLOPs (G) PSNR
SSADFN 1.994 24.691 39.2011
3DMSMAN 2.133 124.563 38.9243
GELIN 24.429 202.790 38.6203
ERCSR 1.594 69.689 38.9461
MCNet 2.174 70.056 39.0905
SAN 15.855 4.231 38.6088
RCAN 12.647 3.393 38.6142
EDSR 3.458 1.242 38.8517

Wk 2 s, TEXTEG 2N 0 R AL PR AR, 7T LU £ SSADFN TES U AT R 44 7 T 3R
Pt BARME, SSADFN FISHE R 1.994 M, AHXTEUN, WS EEA AT R R IR FE LR
s . BIR S % & KT ERCSR, {H2& SSADFN (1)1 &t /N T ERCSR [ 69.689. 7£ PSNR J7 [fil , SSADFN
k%) 39.2011, L TArARA, f1 3BDMSMAN F1 MCNet. X% H] SSADFN 1E B {4 i & - B A B B A%,
RENS S0 A7 R0 B BSA . B84RT =, SSADFN R HAEB 0 M RAE S b it 2k, &5k
AN FH )38 77
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3.5. jHRRSELY

ASCHR ) SSADFN W28 405 =AM Z 02, B33 <1 i8dm A H (SSAIB). i 1] 52 76 A1 S 7] HL TG
B — /NIRRT 15 R FH 2 1 A Al N\ ASEHRORT 2 15 Q145 B0 25 SR P2 AR R . B8 /NIRRT R R TE R )
RLHL(PA). JHIBEVER J1(CA). iRl ik 22 B Xt 4f R . B I8 X Se Bt 47 8 46 DL K
A6 BSUE E SRAIE BB AT A PR DA RS IR 28 14 RE PR R o X e S8 (19 1 SR SR AN AR R UK R %4 (1)
Chikusei £#4E .

35.1. EHFZESTEMAN IR B

AR A AN RE AR T RN DI S BN R A5 R BRI R, 23 () ARk | @ R A T
FE MRS . TR Y0 A A AR (AT R, BT ARG SRS . T RS T BT IRAIE T
KRR B G SRR A RCR . SRIREE R 3 Frow, b m ZoRur AT S M BN, n Rz
A SRR B . 24 n = O I, RoRMEs R AR IR IKDGIE 2 2N, R 23 i AR AN AR . SEIPHS G g
1 BEEEAERAE N 1], € REPCMY SN, 02 I AR R R AR B o 2 n =3I, 45 B AR R R
I A=A G R (. EAE B)PHER R, e RPPP . Mn=8 1, HI9AR 3.1.2 fidkifoe. il
VSR 4 TR, B 2 AN Y AR E I N, PSNR RIS S B2 4271, [RIIN 58 2 [ i A1 sl b A
HAE RS R ERCE m=4,n =8 (IR, WEHIRCRIARHRLF. Bk, SSADFN %45 )45 1l &l
B NBEHRE A R, 2 B &I T AR Sk A A B T 3R 2% Y R e

Table 3. Validity verification of input module for spatial spectral neighborhood
= 3. FIESPIE M R IE

m n PSNR SAM cc ERGAS SSIM RMSE ZH & (M)
3 0 38.4218 2.2901 0.9401 5.4092 0.9199 0.0129 1.602
3 3 39.0713 2.2923 0.9418 5.4015 0.9247 0.0121 1.611
3 8 39.1971 2.2955 0.9441 5.3941 0.9321 0.0120 1.936
4 8 39.2011 2.2930 0.9468 5.3925 0.9359 0.0118 1.994

35.2. WiFZRAMERERNBYE

I RSB B S 56 AE SSADFN H1 MSFRB-Spa Al MSFRB-Spec HAN0nt X 48 B g ML AE (K 52 . 5256
sE Rk 4 fon, Hd M EIR MSFRB-Spa BN, N 78 MSFRB-Spec BN, WL, BEE M. N (1)
Bahn, BB, M=3. N=2 B H= 2 EL ) PSNR Al SAM #E 2 1 5 fEK . 281, M =3,
N = 3 I H 2 KL PSNR B8 R %, 1 SAM & ETF, SRR S HE 1IN 7 0.347 M.

Table 4. Selection of the number of MSFRB
4. SRAMERESHEIEN

M N PSNR SAM cc ERGAS SSIM RMSE ZHE(M)
2 1 37.5321 3.6831 0.9171 5.4520 0.8812 0.0198 1.329
2 2 38.8256 2.3255 0.9316 5.4241 0.9166 0.0144 1.676
3 1 39.1192 2.3670 0.9424 5.4069 0.9287 0.0126 1.647
3 2 39.2011 2.2930 0.9468 5.3925 0.9359 0.0118 1.994
3 3 38.1913 2.2921 0.9460 5.3918 0.9361 0.0119 2.341
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MSFRB B3 o #4520 2 IR (PA) . (Bl 1 & ) (CA)FE A& G RAE - B S48 E Y, R AE
SR BUR B A 158 T R K2 TR 0. A TIEMIEANTVERT, AN e A8 ey 3 (1) 6 AR AR e f
Jxttt. MFE 5 HRATLLE H, Net w/o PA FiI Net w/o CA [R5 e bt 2 T 52 B4 1) SSADFN 4% .

Table 5. Validity verification of pixel attention and channel attention

F*® 5. BRIBENFMBETENNERMEIE

“Ei PSNR SAM cc ERGAS SSIM RMSE ZH (M)
Net w/o PA 39.1194 2.4107 0.9410 5.4103 0.9273 0.0135 2.311
Net w/o CA 39.1318 2.4219 0.9424 5.4173 0.9290 0.0132 2.682
Net 39.2011 2.2930 0.9468 5.3925 0.9359 0.0118 1.994
4. B85

B 0o v v PG R o3 e S o R LB A NG B S B s s B Rk, UG i 2 35
(R TCVE T8 A P20 23 (DG S B A I, AR SCHEtH T — Pk T2 A RN 2 Rl & IR 2 R 2 I 2 . ik
Al 3 N 78 04240 T G B 3 LA (1 2= (A5 B ARG REE R, M M SaEa B T s S
EUR IS . U Al R 28 i 3 2H . A 1) B e R ) B s DA R {5 B AL AR5k mE, BERE A & %
ANEARTIRAE, SRR T MG SR AN, 4352 RIRHEAD G RAAE SR BB T 1 A [F] (AR e,
[ s SR FH AN R] P 453 2K R 0K 550 5 20 SR 2 TRVRRAE AN REAR DG 1 o BT, SEIG 45 SR % B, SSADFN 7&
Chikusei $4E4E F [1)°F-%) PSNR 1 s, 5% 42.4236 dB, SAM A% T 0.8722, & 5 iU RERIE T
AR, URE T EZ WA, SORMTEE, BEEL TG R .

BIRASLITVETE BT 18 B UG 7 W R R BUS T A RCR, (R RAAE I @ i T A
KA T BRI EA P oTEE ], REMKSHEAN T EEAK, (HEEN A AR R SR AR,
Ab, FALTIE PP ) 28 70 AL K PP 51 Il [ AT REH IR “ B0 I, G RERRAE 2 BE S IR A I BT
SIS . R, RIS BB MR T, W] SE AP b K OGS BT TR R BT R T
SRR IA) 2 A 5 T B AL T 1)
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