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Abstract
Due to its rich spatial and spectral information, hyperspectral images have important application
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value in agriculture, remote sensing, environmental monitoring and other fields. However, limited
by imaging hardware, its spatial resolution is often low. Therefore, many deep learning methods
have been proposed for hyperspectral image super-resolution. However, most deep learning meth-
ods cut out part of the hyperspectral image for training and simulate on the remaining part of the
image, which is not applicable in reality, but making the neural network reconstruct the image in a
single band will lead to spectral deviation. Secondly, among the loss functions of deep learning
methods, total variation regularization is a commonly used loss function that aims to constrain the
image to smooth the image, but this constraint also causes the texture in the image to become
blurred, resulting in poor super-resolution results. In this paper, we propose a hyperspectral image
super-resolution method based on mean-variance prediction and band generation network archi-
tecture and masked total variation loss. By training on grayscale images, the spatial resolution is
improved while the spectral features are effectively preserved. Experiments show that the pro-
posed method is superior to the traditional deep learning super-resolution method in terms of
PSNR, SAM indicators, and shows significant advantages in spectral fidelity and spatial detail recov-
ery.
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6 e % (Hyperspectral Image, HSI)# i & 8250+ 2 50 A AN W BOW 50 3T %, REfe i $e )
MURF IR GRS B o IR A AR RS UE LML (A /B3 3 B I [1])« PREERE B (K o i G P Al [2])« )
REGUE AT EAIIER . 28T, ZIR T SUGAE BES ERE, OGS AL 23 (8] 4 FE e 50618 2
PP R ERE R R BoLISoPRRZRE KA, SRR GO RBE R, Bk A R Mg
JUST LRAIE A M L [3] o 1 47 282 PR o) e 459 SR oy 25 1) — S o0 26 110 v i RS o A BB 1 (AT 55 o

fE4 = 23 9 2 (Super-Resolution, SR)J772: 3= B8 T 5 K 5 5% (Maximum Posterior Probability,
MAP)HEZE, MBI Y = sHX + N (L s N N RAERRE, H BRI, N N ES)IR51
NGB LR (UMRFRE[4] FRERPE[S])IEAT AR AR . SR, X BT IEAFAE N KARAER . H—, PRk
B ARG IR R B A 2 (AR S P, 17 B ) 2R AR Y M DL B 2 R 2R 22 Sas s, K, F
TV RIS, fin4:38 4> IE 4K (Total Variation, TV) [6], B AEFMHIMEFS, [HIH4 RFCE HIk 2 S

AR, R FBE 2 2] J7 1R T Ik s 1 i PO AR 2 M IR, A P P 4 9 e AU A SRR 1 33k g - ResNet [ 7]+
U-Net [8]55 L2 I 5k 72 EHAT RUGR MR 1 RO FEVH SR n) i, X Sepp 22 2 n) DL T8 R Bt B HSI, (|
BRI 1 HSI oG A 1, SECEERER HSI OGIEAAAE M 2 . 101 21 SSPSR [9]. GDRRN [10]4 %
1T oGl EUSE 2 # e 1J7E, AR A w6l B B — 5 AR IZREE, F 1R il
WA, EEIF, F—s NARS PR EGS EGAE LIRS, B G EE BB E .
(Rl eSS T7 VM DA FH B S o tedh, IR IR 5 2] 51K 2 R ¥ 75 1% 22 (Mean Square Error, MSE)
5525 1))t 1% 42748 43 (Spatial-Spectral Total Variation, SSTV) [911E ¥ 2k iR, B A FE T I6 A 15 14 Lt (Peak Sig-
nal to Noise Ratio, PSNR)f&#5, {H 5 B @45 Fad T, RSNy
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FRAE DL EAELE B I8, AR SCHE T ¥ 7 22 Tl e 43 1% 22 ) 4% (Mean Variance Prediction Super-Reso-
lution Network, MVPSR Network), #Efi%4=45 4455 (Masked Total Variation Loss, MTV)-5 i Bt A= il 9 2%
(Band Generation Network, BGN). 1, MVPSR MZ3H T —Fiz 2 i sh ML T35 5 EG o PR &
d, MTV it 17— L], Zhas s a8 7 45 2R AU 2041, s OB X S ) 2[RI 4B T B 4, BGN
AT AR HSE BN —NEB ANTEE G 2RI HSIE BT IR
2. 1=E
2.1 ERNREER

1 JBR TAERE /- HEE A IR 22 o 18] L ARLE DY 5K B b () J9 =i 43 722 (High Resolution, HR) E1%,
(b) A 43 #% 3 (Low Resolution, LR)F{E 5 (1 E1%, (c)/2 Ml FE e a4 i (B R 25 . @it Se it (o) i
ZAE, WTUE)ME T ERRR. WE)TUER], KSR EEEFRTE 0 M, HiRERAZRINIE

oA HILERATAT MBI 1 LR BB (b) 5 HR Bl (a)ia), MR R 2 A BARS AL HR
MISER s TT2R o2 IER 3

© (d)
Figure 1. Errors and their distribution in image super-resolution
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2.2. MVP [I£&424y

& 2 JER T HME J7 Z 7 (Mean-Variance Prediction) & 451, Hh B FZEE N 3 x 3 B HAENY
JE7 1 MEERIEGRUGEB RN RB ENRZES, T 5 i B BUEERHE, 7 B0 B 2%
Tanh, Sigmoid 55 ReLU A& k%, Hrd Tanh KHUEL R AE-1 B 1, Sigmoid #EEHL WA 0 3 1,
ReLU # H {8 1) 1 8505 0 B 9 0. MVP 4 HI T SIS N 19 LR 4 B85 HR B Z MR EE- 4 5
REMTE G o o 76 MVP NZ EJ7 ABMETIIN A3, BT E—/N i3] LR #E E1E 5 HR
B AR ZE IR — AN IES 0 AT, RO MG 3 (R 22 /0 A AE AN B E A, DR e 25048 Tl 49 5 3= 2
T EMEZRTE HR BE R iiR 2, RIEMEMNIRZE . B8 LR BUE P KA B R IRZE AT
EFHE, EFER G R REBSEARROZERE, B, Tl zZmm, =47 —M3
EMBUGEER o, o MEAMERME, iR TEREE 4 R AR NES T E, AT
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Figure 2. Network architecture of MVP
2. MVP [48 5244

MV/P 58] 44 i B BRI 5 DL I 19X 268 T A0 328 22 P 0 5284k 30 B R, o ROMERA I . o TN 2R 3532k
BRI, MIE T BM 7 2B 4 (Joint Mean Variance, IMV) 4 25 % 7 -

130 (B "1 2
Loy ZWZI:%+E|OQ o } 1)
Hoi 2GR ERL, NE2BERLE, ERMERTN LR BRS HR EME I w2z B 5 MR
o p e T ERZE BRI ST MER, o & Tl AR TE Bl BRI S ME R« SRS —BIZoRm 0 1
FiMER, TR Z R g B 5 B S w2 B E BE R S, HAZBE R 22 B EH o2 148
T SRS W T35 1 ME R, O AR BV R N AZ N, DLk 3 58 HERf I AR S il it . 24 o
WO, RAE T (E, — i R LW, WA MVP W% F S R 4«

2.3. MVPSR R4g3e44

V3 JEaR T B T 22 T 7y M R 45 MVPSRN U484 . 1 588 MVP 25 2 sl it 22 T ] 0 5
BHEEE o BB FMF, LN @u, REH T RIVEEMIRER, AR T RENRL LR,
o’ @ u SIRETNE o PHER R, R¥ MVP FI IR Z 5 5o KR Z SRR 5 BILES i, 2
RTARZER TR, KA THRONRZER 4 R RIRZERN LIRS FRAY 2 RGN S ES TR IR &,
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Figure 3. Network architecture of MVPSR
[ 3. MVPSR MI£& 2244
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MVPSR M2 1] T S I ZR5E ) MVP [, (UG BRI ZRI 48 1 5 i o X TR0 Kk bR
o, AR T AR EBUR R L SRS R R BRI Ly o IR E SR RO

1 N
LFNZHHRi -SR}| )

HZR HR BIR 5 SR B PR MR R4 iR ZZ MBS FIIME . T MTV SR8, KT/ iiE
iPIRZE R

2.4. MTV skt

27843 (Total Variation, TV)1EMAL & —Fh2k 12277 3 EHE A PR, B Rudin, Osher #1 Fatemi
T 1992 415 R FE H (ROF #71), A% AR R Il i f MU R I A8 o e i B EMG L . 5465¢
LEMEIEPTTIEANE, TV Skim i 5l NBE RIS R, BRI PR 2R E R EG, RHEH TE
AR B EUG SN IS BRI .

TEREE S 2], A TV IERL I 7 HE R BOFE R T R v U H brfe/ME 7]

argmin|[Y - X ||i +A|VX|,
X

b, v O HR LN, X AHRE SR EIR, 2 AAA4 N vx |, fRE B3, Hrb vx A X 1
LAy IR

VX[ = Vo X, VX[,

VX = X (i, j+1)- X (i, j)

VX =X (i+1,j)- X (i, j)

AT ISR IR0 BERE V, X 538 ELHIAH & 22 FIHIBERE V, X 1. TV TE ML R AT LR A —

AT 2y W PR th IR P, (ELZE A 3 R, DR 7 B0 A2 10 B AR X Bt 4 R R
LI, 55 SR EIRINSEK BT TP, W 4 Fiw, NV, X 5V, X MEE,

(@) (b)
Figure 4. Image of V, X and V, X
B4 VX 5Y,XHES

1M MTV $525% B EU D — M 2 ST IR BB, 2B HR BRI V.Y 5 VY Hhg Tia%
SO E R A ERICR, (MG M, HHE RN
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Jf VY (i j)>a-max(V,Y)
, otherwise

MWUJ):{E ®)

C 1L if VY (i) > a-max(V,Y)
Mh(I’J)_{O , otherwise )

Bk v, Y 5 VY FiERBEERE, o NAKRBE, V,Y 5V,Y FEEEMET o -max(V,Y)
5o max(v,Y) BIBES N 1, HRN0, FEHEBZR M, 5M,, W& s Fox, RIHH Y 104
AR SRSy, O 0 R BRI 7 9T B o

(@) (b)
Figure 5. Image of M, and M,
Es5 M, 5M, sE%

ZJ5 MTV 2 SR R RIBERE S HR EHERIBRERZE, 72 HIER M, 5 M HERIFEZEHE R A, 13
F| SR EME I L7 5 HR BHEIA L iR %2, B AT BLUE SUU AR R 3L

Lge =|(VaY =V, X)OM, | +|(V.Y -V, X)o M, | ()
H o N uE M, [RAGIRREUS, BRI R0 45075 B BT LUE U8

Lig =[VuX ©-1:(M,, =1)|, +[V, X ©-1:(M, - 1)), (6)
Ha A4 LR, K/ANSHERSFERE M MR, 4 LHEREE, #ERHRE M Hoh 0 1P A2 -1,
N1 MECEER AR 0, Fsfe E-1 )5, P MEN 1, —1-(M —1) BRI RoR R P 20 R

T~ B0 7 453 K BR HORs i A BT B8 0 (R R I 2 XA N, X BB B AR S B 7 N 1T 20K e
MTV 455k B E T LLRIR 9

LMTV = Ledge + Lﬂal (7)
ZERACEE R HR BUR LR T SRR A B, 2Kk SR B ARG 0 2L R 1P, AHEE
TAEGH) TV Bk %, IR,
2.5. BGN %243
TERTSCHR R, mailk UG 7 F 28 i A M LASRAR 37 st MU R A, TS FH o e B PR 2
TiEN 25 NG 2. I, 456 MVPSR WZgHEt 7 BGN 2244, H T HSI B o #F%, H M40
Wi 6 Fiso
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6. BGN %244
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~
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Jor X, R LR-HSI 3 k MEBUNEIG, 253 MVPSR W% 5 13 208 0 R 1 MR X, 33t BGN
HER T —ANEB I S Xien o AR X, 7% LR-HSI 58 k1 MBS, 2058 MVPSR W% )5 15 31
SHRIEG Xion . T HSI HDEER N TH LR, RIS BB AT, BI7EI% BGN
[, 78 X 55 Xia R TV BUREREL Ly > BEEERCTH, FRFRE X5 X 0 402 2
R E L 2 BGN A4 T -

®)
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L= "/{/ku — X ©
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Figure 7. Architecture of BGN-U-Net
[ 7. BGN- U-Net 2244

BGN TEIZk5e i a, ] BLREH LR-HSI 55— M B i MVPSR 4%, AR Rl 28— /N BLT SR
B, 5% SR E%45 X\ BGN F175 3] T — /N E it SR B4, k& & & A BGN, 53H4 SR J5 [ HSI
K14 .

3. SCIE O HR

T AT G A SO Mg P RE, AR T B100 HAREIG KRS, 1EN MVPSR 4% Il 25
4, J{E CAVE BOGIEHEAE BTN, BAEM R, FHEH PSNR, SAM fEtni T EE 0. H
T8 L5 m O EUGME N IIGREA, A OK S — 2 G R EGEBE  #FR 4%, in: SRCNN[11], FIWHN
[12], HiT-SR [13]#AT LR, XL L /E CAVE MRS b7 BB BOs BG HHT B 2 H.,
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F LA TAEFH FTA LR TS R4 TR T R 7E CAVE BR4E b (1T 35 ¢ & bn . AT 10T LLE 2,
FITH& 1 X 28 1 i A 4 T B8 - 9 B 6 135 0 4 7 TR I T e Athonf B 7. “F38 PSNR {EL/EZR A
Tx2, x4, x6, x8 FHlE TR 1.06dB. 0.57dB. 0.45dB A10.28dB, J¢ififs SAM B T kil
Titke FrAIXEAFARE, Frigh M ESail SR mhAa 8 B AF v It 5 50D B iR 72

Table 1. Average metrics of four methods under different scaling factors on the CAVE dataset
5z 1. CAVE ¥R L 4 #5 A E R4 EF TR FEH5ER

AT T x2 x4 x6 x8

Method PSNR t SAM | PSNR 1 SAM | PSNR 1 SAM | PSNR 1 SAM |
SRCNN 37.88 3.80 26.66 2151 22.68 25.72 24.30 21.94
FIWHN 38.23 451 31.61 4.99 28.63 7.34 26.97 9.55
HIT-SR 38.26 3.02 31.48 4.96 28.46 7.08 26.55 9.23
KRITT 39.32 1.64 32.18 3.21 29.08 4.85 27.25 6.01

TESRIREE IR, BATRKINAELE A %2, x4, x6, x8 1, SRCNN HFJRIMEZE. FH 2 —ngeeff
B SREUG AT I ZRET, B E S HSHA—3, 1 SRCNN HH AT SRR R, 53 M2 777248 L
Be= iRz, SECTEMMA . WA, FTE A R IA ST, IR B 4
S AR EURISR, 1B BUKE SR BUE I AR A /‘\M“L

b4, ASCLE CAVE Hdl A e 5 pil il X EHG AT WD L. 151 8 RIS 9 R T AN 5 A AT
BB 31 ik BURIR K HEAR A ER 25 B3 Jnll LA EL AT DR - x4 FIx8 #EAT LR I 28 2R fEM R K, A SCh
PRI T R A A R S AL, A, GBI ZET N,

Ground Truth SRCNN FIWHN HiT-SR AR

O 50 100 150 200 250

Figure 8. Reconstructed images, enlarged images and error images of lemon at the 31st
band for the scaling factor x4 by various methods

B 8. RASMAFEMTHEERIGIES 31 K, HHET=4 WEBEIG. HAE
BAIREE R
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Figure 9. Reconstructed images, enlarged images and error images of Egyptian_statue
at the 25th band for the scaling factor x8 by various methods

B 9. RAEMZEIRRBHGEIGES 25 KR, DHETF=8 WEMER. K
KEGFIREEK

UbAh, AT IRA SO EAE RN e R 22 E R, ] 10 BoR T AN T IETERTIE BURAL T 55(70,
150) 5 (171, 167) & ZH Mailk s b R DAL IH F-x4 AT ELER I ZE F . 18 11 BoR T AR T VEE R S K
1AL 55(173, 218) 5(169, 94)1% &K 6 S it 2 LU K] 7 x8 #EAT LR 45 SR . AEPIRIT IR, A
T (0 07 3 B g 6 A el it 26 b (21 Pl ) BE o LS DL (G FL A ), Re i/ N i R 2= .

03 : ; . . . ; 05 . ‘ ‘ ; . —
% GT % GT o
. 4 SRCNN 045 | & SRCNN .
025+ FIWHN | | FIWHN it
8 A HIT-SR 04l [—&—HTSR 288"
| Ours ) Ours
o2t | 0.35
g || 8
2 | 2 03
£ 1 il
gosr | g
o 1 2 025F
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Figure 10. Results of comparison of spectral reflectance of various methods at pixel (70, 150) and pixel (171, 167) of lemon
image with scale factor x4

& 10. &7 EEITEEGEIEE (70, 150)5 (171, 167){& ZHIIL K 5T R UL HIE Fx4 HITELER RS R

3.2. jHRHSCI®

T WA S TR H T I AR A 8 . 7 2 B T A IR R — AN RS, 1
CAVE %4 455 R Fx2 (- Eighs. RATATLAE R, Fros th i M s i F — B s, 1k
BeR A TSSO, %528t il T SRt T 00 4% [ P B 2 A AT O3 T
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Figure 11. Results of various methods in comparison of spectral reflectance at pixel (173, 218) versus (169, 94) of Egyptian
statue image with scale factor x8

E 11. M7 ATER R R E RSB (173, 218)5(169, 94)1& =AU IE & 51 3 LALL Il B Fx8 #ETEL B 4E

Table 2. Average metrics under ablation of different modules on the CAVE dataset

7% 2. CAVE HiE& LIHRN EHER T 8 Fa4R

TH R ER Without MVP Without MTV Without BGN Al applied
PSNR t SAM | PSNR t SAM | PSNR t SAM |  PSNR't SAM {
ATk 38.02 2.89 38.94 1.96 39.13 2.87 39.32 1.64
4. &g

A T MVPSR %%, BGN BRI L MTV k3, BEMTE HR mp6iE Il 254k
PEITHTHE ™ LIS BG4/ 5 . DUEMG R FR e b IE S /0 A A E R 2 AT, MVPSR 28454
VBT 2T 732, S NG EAT 0 #E % . BGN B BUE R4 454 MVPSR [2%, 5 HIT R 2E
RGP . MTV 8K REHE T80 TV SR RET I8, 5 A RERSHLH], A1 Re EUE 1)
SURA S BTN . TESRIRNT L, ASCORECT FA M o e D7 A TR HER I 45 SR, (R I FE VA b S8
Wt BB T SRR A R . SR, AR IEATIAFAE S 2 TR B G T, in BGN ZS7EA ik SR KA
i, TSR SR S, T EE I BGN 4%, /£ MVPSR #1 BGN 1, 4% 45 1 3 JRd FE IR %,
R 2 R A EHG RIS BN 28 AT P . TEARRIN AR, X B 75 i — 2D R AR U
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