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Fig. 1 Multispectral satellite imagings and generalized spectral super—resolution
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141 RERET
TR TR T 1 JREAE S 17 10 P A PRI 25 M 4, I B2 BN T 583 o S22 I REAEUR &, O 1 s AL 0K 3l A 53002 55 4K
R BK B B TR BE 2 S ARG &, A S 2 — oy 280K X () B A S IS 7 AL, 7331 25 1 S0 B0 TR RS HfE (L L0

. 1 1 : :
Xooy = argmin— | My, — X, I +5 M DX, |+ p z.— x| (4)
X

. . 5 A
ZM1:argm1nHZ*XM1H;+;R(Z) (5)
zZ

Z 2 AR 4 SLRe Bt oA B B B 8 5 AR T T X, FOR BT S8 4 X T[] BUR OB FE T R vk SR A T
Z ¥ [a) 38 5K 3 iy SR e, T LA ) i
X =(1—eu) X, — X, @, @] — D" DX, @, @] + M ®! + D' M, @] + euZ,) (6)
Zo = Proz(X,.,) (7)
T EIE R (6) X0, 07 5 DT DX, 0,07 F% W% 1T 5 5B k- T AL X R
M@ 5 D" M, @; LR F I A BRI S s M R o i TS X7 IR SR A o
)&,H:(l—E;z)Xk—O—E;sz—eXﬂl—l—éMﬁﬂ (8)
R 3 X 34 BB 23 18] L 1 < 136 ARVBE UG T 40 B T o 1SR I 3R 22 N 45 T A 140 8 2 808 ot 15
RO B . BT SRR S )T SOGIE R A BERFORBIR E RO T BB A M I
PRE T UG B S0 8 A 0 I 250 X [ e, G BE A 51T 0y 3T i

0210002-3



1.4.2 Rty

e G T A U B a5 A A O M B O Y B E T k2 O 3 i A pR R (Spectral Response
Functions, SRF), B 3R/n T & 514 WP 8 % B3 Bl 00 g AL B 0 — 200k D B 1o b 7 9 4l o O 1%
R ARSCIR I TR TGS A i M E & /&, i 3 FrR . B, 6% 6 B T3 2 7 50 I BEI) A8 635 22 4
G R B Mgt — 223 BRBE 2N 3IX 3B HE 2B adEH A 1 X T, 4l 05 = il ot ik i iy
PR BB AT, T A 7 R ICAL T ] — 28 Y i ik B I o — 4

SRF in GAVE

Spectral gradient

B3 ke
Fig. 3 Spectral grouping

2 FHRE5TiE

21 #HESEMFK

ASCHEN A TR RO AT W% =5 20008 LA BRI — 5 R il T, T LA R Bk S sSR A K FusSR;
A —5 A BRI — 5 TR, PAKHIE PansSR. A 4 BT #4) 5% 0 B4 4 iy 44 O Sen20HS, £ 5 4 /1~ &
Sy HER G S TS 2R U B AR 200 R B B, UL 320 i A BE R BRI = o U B 5 R TR R A B s
6 % N GF2Hyper Al & 4 ML Z X615 I B, — A = o0 HER e 0 B, 634 i3 or MR mot i i B . R
T HA G B PR R bR, 4 90 2 A 56 & B (Correlation Coefficient, CC) , - ¥ % {8 {5 1 Ht (mean Peak Signal
Noise Ratio, mPSNR) , - 3 45 #J # {2l ¥ (mean Structure Similarity, mSSIM) , J% 3% ff (Spectral Angle
Mapper, SAM) , #1%} 4 Ja) Tt & 24X 1% 22 ( Erreur Relative Global Adimensionnelle de Synthése, ERGAS) .
2.2 RN SSR

1€ Sen2OHS £ 45 £ rp , A 1E B0 52 2 5 5040 A9 10 m 2 FER 19 DU A~ 9% B FH O 38 IF 45 A4~ 80 1k 78 Bk L sSR
BRI, PR G5 R 1 s .

#1 Sem20HSHEE LN sSREEHR
Table 1 Quantitative results of sSSR on Sen2OHS dataset

Algorithm cC mPSNR mSSIM SAM
DenseU 0.949 8 26.726 2 0.876 9 8.3135
CanNet 0.962 1 28.198 1 0.890 1 7.4233

HSCNN-+ 0.959 3 28.8117 0.916 4 6.907 6
HSRnet 0.972 5 28.980 1 0.934 4 6.8410

Proposed method 0.974 8 29.307 4 0.942 8 6.578 8
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Fig. 4 Visual residual maps of sSR on Sen20HS dataset
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Table 2 Quantitative results of FusSR on Sen20OHS dataset

Algorithm cC mPSNR mSSIM SAM ERGAS
DenseU 0.954 3 27.290 0 0.872 3 6.757 1 10.182 7
CanNet 0.969 0 28.9335 0.896 4 5.4653 6.734 8

HSCNN-+ 0.967 2 29.696 8 0.925 3 5.4139 6.556 7
HSRnet 0.974 9 29.956 5 0.9329 5.229 5 7.103 2

Proposed method 0.981 6 30.529 0 0.952 1 4.940 4 54513
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Fig. 5 Visual residual maps of FusSR on Sen20HS dataset
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Generalized Spectral Super—resolution for Multispectral
Satellite Imagings

HE Jiang, YUAN Qiangqiang, LI Jie
(School of Geodesy and Geomatics, Wuhan University, Wuhan 430079, China)

Abstract: Spectral super—resolution, a very important computational imaging technology to obtain high—
spatial-resolution hyperspectral images at a low cost, has received more and more attention. However, the
existing works about spectral super—resolution are all based on the assumption that there is only spectral
degradation between the observed multispectral data and the real spectra. For multispectral satellites,
different imaging modes also include spatial degradation. For this type of data, the existing spectral super—
resolution usually uses only a part of the multispectral data to reconstruct hyperspectral data, which will
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lead to the waste of multispectral data. This paper extends the traditional spectral super—resolution to the
generalized spectral super—resolution by summarizing the imaging modes of different multispectral
satellites. There are FusSR, which makes full use of the additional multispectral bands with a lower spatial
resolution to further optimize the spectral reconstruction, and PansSR, which uses the panchromatic
channel with a higher spatial resolution to simultaneously improve the spatial resolution of the reconstructed
hyperspectral data. The above two extended spectral super—resolution technologies have made the best of
all multispectral data. Besides, after modeling the imaging degradation, the generalized spectral super—
resolution is expressed as an optimal problem containing two data fidelity terms and one image prior term.
To ensure the algorithm's physical interpretability, the deep unrolling strategy is adopted to build a
generalized spectral super—resolution network that combines data—driven and model-driven manner. In
addition, the idea of spectral grouping is also employed to generate the initial results. The spectral grouping
includes three steps. Firstly, the difference information between bands is calculated. Then the coverage
relationship of spectral response function between hyperspectral images and multispectral images is
counted. Lastly, bands with high correlation are uniformly reconstructed, so as to eliminate mutual
interference between bands with a large radiation gap. To discuss the feasibility of combining model driven
and data—driven algorithms in the generalized spectral super—resolution problem, this paper proposed
multiple multispectral satellite data sets, named SenZOHS and GF2Hyper respectively. The former
includes four high-resolution Sentinel-2 multispectral bands, four low-resolution Sentinel-2 multispectral
bands, and 32 high-resolution Zhuhai—1 hyperspectral bands; the latter includes four low-resolution
multispectral bands, one high-resolution panchromatic band and 63 high—resolution hyperspectral bands.
CC, mPSNR, mSSIM and SAM are used to evaluate the reconstruction quality. Comparing the results of
traditional sSR and FusSR, we can find that the quantitative result of FusSR is higher than sSR. It can be
inferred that introducing additional spectral information can effectively improve the spectral reconstruction
results, even if they are low—spatial-resolution. Comparing the data before and after PansSR, we can see
that not only the spectral channel number of the input data has increased, but also its spatial resolution has
been improved. Above resulets show that using higher-resolution panchromatic data can effectively help
spectral super—resolution improve spatial resolution. Whether in FusSR or PansSR, their experimental
results in this paper effectively prove that a broader concept of spectral super—resolution should be proposed
for remote sensing satellite data to effectively reduce data waste.

Key words: Generalized spectral super-resolution; Multispectral imaging; Hyperspectral imaging; Data—
driven; Model-driven
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