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Abstract: Objective Hyperspectral image (HS) pan-sharpening can obtain the fused image with both high spatial resolu-
tion and high spectral resolution by using the complementary information between the high spectral resolution HS and the
high spatial resolution multi-spectral image (MS). However, HS and MS images both have multi-bands, which is different
from the traditional MS pan-sharpening where one band panchromatic image (PAN) with multi-band MS image. This many-

to-many band relationship is not convenient for the implementation of pan-sharpening method. Moreover, for those bands
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where HS exceeds the spectral range of MS, there will be obvious spectral distortion in the fused image due to the lack of
strict physical complementary information. In order to solve the above problems, this paper exploits the data-driven advan-
tages of deep learning and proposes the two discriminators deep residual generative adversarial network (2DDRGAN) for
hyperspectral image pan-sharpening based on Gaofen-5 (GF-5) HS image and Sentinel-2 MS image. Method Considering
the spectral range relationship between HS and MS, this paper adopts the grouping pan-sharpening strategy to transform the
many-to-many problem into multiple one-to-many problems by using the correlation between bands of HS and MS. For the
HS band within the spectral range of the high spatial resolution MS image, the band of HS image is directly assigned to the
group corresponding to the high spatial resolution MS image. For the HS bands outside the spectral range, the correlation
coefficient is used as the band grouping standard to group the bands of HS and MS. It solves the problem that two multi-
band images are not easy to be fused directly, and indirectly improves the spectral fidelity of the fused image. The proposed
2DDRGAN consists of one generation network and two discrimination networks. The generation network mainly extracts the
deep spectral and spatial features by establishing the deep residual module. Two discrimination networks judge the spatial
quality and the spectral quality of the fused image, respectively, to improve the quality of the output fused image from the
generation network. The main task of the spatial discrimination network is to compare the results of the generated network
with the high spatial resolution MS image, so as to ensure that the generated fused images have high spatial resolution. The
main task of spectral discrimination network is to compare the results of the generated network with the HS images, to
ensure the generated fused images have high spectral resolution. Moreover, the deep learning pan-sharpening methods do
not have real high spatial resolution and high spectral resolution images as the fusion result labels. Most of them currently
are based on the simulated data made by Wald protocol. In this paper, the deep learning network does not need to create
additional fusion result labels. The images to be fused themselves are labels, which greatly reduces the workload of
hyperspectral fusion with a huge amount of data, and is also a fundamental change in the current deep learning fusion.
Result The fusion results of the proposed 2DDRGAN method in different scenarios are compared with traditional methods
and existing deep learning methods. The experimental results show that the 2DDRGAN method has high spectral fidelity
while improving the spatial resolution. The spectral curve evaluation also verifies shows that the 2DDRGAN network has good
spectral fidelity for hyperspectral image bands beyond the spectral range of high spatial resolution images. Conclusion This
method extracts the spectral features of hyperspectral images and the spatial features of high spatial resolution images
through the depth residual module, and introduces the double discrimination network, so that the fusion results can better
improve the spatial information while maintaining the spectral information.

Key words: spatial-spectral fusion of hyperspectral images; high spatial resolution multispectral image; spectral distor-

tion; fusion strategy; generative adversarial network (GAN) ; spectral curve evaluation
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Fig. 1 The GF-5 and Sentinel-2 fusion dataset manufacturing process of preprocessing, resampling, cropping, and format converting
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Fig. 2 The band correlation coefficients between hyperspectral

image and multispectral image
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Fig. 3 The basic unit of residual network (He and Sun, 2015)
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Fig. 5 The structure of the proposed 2DDRGAN
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Table 3 Numeric assessment of Region 1 (farmland, bare

land and buildings) fusion results

Ji: STDT  ENT

UIQIT CCT ERGAS | SAM |

GS 443.41  8.87 0.64 0.77  5.00 4.46
PNN 431.82  8.56 0.60 0.79  2.67 2.27
GLP 432.08  8.68 0.86 0.88  2.64 2.08

MAPSMM 430.64  8.67 0.81 0.88 2.84 2.00
SFIM 432.65  8.69 0.83 0.87 2.85 2.25
CNMF 43599  8.64 0.70  0.79 3.61 2.58
PAN-GAN 423.17 7.86 0.79 0.88 3.06 3.85
A 43776 8.72 0.89 091 2.25 1.79

T IR TR R A S e 2R, 1 R (e s, | FoR
(AR AT

S
(e) MAPSMM

() AX

Fl6  DXIR 1 CHRH BRI RS ) il 5 25
Fig. 6 The fusion results of Region 1 (farmland, bare land and buildings) ((a) hyperspectral image;
(b) multispectral image; (¢) CNMF; (d) GLP; (e) MAPSMM; (f) SFIM; (g) GS; (h) PNN; (i) PAN-GAN; (j) ours)
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Fig. 7 The fusion results of Region 2 (rivers, mountains and buildings) ((a) hyperspectral image ;

(b) multispectral image; (¢) CNMF; (d) GLP; (e) MAPSMM; (f) SFIM; (g) GS; (h) PNN; (i) PAN-GAN; (j) ours)
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Table 4 Numeric assessment of Region 2 (rivers,

mountains and buildings) fusion results

JrE: SIDT  ENT UIQIT CCT ERGAS| SAM |

GS 425.59 9.37 0.77 0.87 543 5.32
PNN 414.67  9.30 0.80 0.82 4.07 2.92
GLP 416.48 9.25 091 0091 3.27 2.40

MAPSMM 41533  9.24 0.90 0.90 3.46 2.47
SFIM 41747  9.26 0.87 0.90 3.65 2.53
CNMF 417.66  9.25 0.83 0.92 4.17 2.93
PAN-GAN 409.75  8.66 0.82  0.89 4.30 3.95

VN 41658 926  0.86 0.93 3.43 2.35
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Fig. 8 The fusion results of Region 3 (buildings, farmland and bare land) ((a) hyperspectral image; (b) multispectral image ;

(¢) CNMF; (d) GLP; (e) MAPSMM; (f) SFIM; (g) GS; (h) PNN; (i) PAN-GAN; (j) ours)
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F5 Xig3(EF KEMGM) S S ROBETRS
Table 5 Numeric assessment of Region 3 (buildings,

farmland and bare land) fusion results
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Fig. 9  The spectral curves of main ground objects in each studyarea
((a) architectures; (b) roads; (¢) mountains; (d) plants; (e) water; (f) bare land)
4.6 ZHER 10343547 . 2B AR R 2 [ 70 BEE R 1.3 m, B

N T BUEAR SO VR Bz AR RE R A T I 3
KA Pavia Ko i 1 S AL EA T2 ARS8, 2 8 de
£ 2 M1 ROSIS 15 A8 72 T KM AL B Pavia M X £R
. ESCHR T R BR TR 4R 12 M [ T

K/NK 610 x 34018 K . N Tz AL 45 R 8 B Ul

P 36 5 PNN (PAN-GAN 3 W i B 27 > J5 5 11

2B RIEAT OB, M A SO Y PERE
AR TH ¥ (PAN-GAN Fll physics-based GAN J77%



$29% /ET7H /2024 £7 B

BAKRZE, BE, TBR, TR
WHHIEREKE GAN B EEGRE

FE Pavia K250 A 101z AL 45 S Wik 10 s . AT LA
F L ARCTE: PAN-GAN Fll physics-based GAN J7i%
FE 25 (8] 43 BE R 07 AR R0 B 2 A 2 7. 48 PNN
J5 BAREAE LG B G MR — 2 1925 ] 73 HE 4
Th AR HAD AR L 3T A R . Ak, AR ST
A AR J T W R 42T G LR T PAN-GAN F
PNN 592 i) €y A S b £, it 2 LA W i
XFF R 6 T E A8 b , A ST 5 PAN-GAN
[ STD F1 EN #B S B B4 i 25 51, ik 5 Mo i v
3T T VA T R BRI b ) 35 A N A e A (5 S R
(AR A — B0 . SR, BT PNN JTIA I 4544 1
TILZGRZE , iz vk reie s, xE DA Rl i 1
MR . A SC7 ¥ AE UIQLL.CC .EN \ERGAS .SAM J7
T 2% IR 5 A2, X R WA SO VA TE BB 0 61 DR AR A

(a) FPEIEEE (b) &
BI10  Pavia RoF i Gl AR A2 912 R4S

Fig. 10 The generalization results of the Pavia University hyperspectral dataset

((a) hyperspectral image; (b) multispectral image; (¢) PNN; (d) PAN-GAN; (e) ours)
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Table 6 Numeric assessment of the Pavia University

hyperspectral dataset generalization results
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Table 7 Numeric assessment of Sentinel-2 and GF-5

datasets ablation results
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Fig. 11 The ablation results for Sentinel-2 and GF-5 datasets
((a) hyperspectral image; (b) multispectral image; (¢) S-space DDRGAN; (d) S-spectral DDRGAN; (e) ours)
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Table 8 Two types of deep learning model parameters

and required computational power
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