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Pan-sharpening based on multi-attention progressive network

CHENG Yue-kui,LIU Xiao-wen
(Department of Information and Cyber Security, People”’ s Public Security University of China, Beijing 100038, China)

Abstract : Due to various physical and technical limitations , the radiation energy received by different sensors and the
amount of data collected vary, and a single sensor cannot simultaneously obtain high spatial and spectral images.
Therefore , it is necessary to develop an ideal application-oriented technique for generating multi-spectral image with
high spatial resolution. The pan-sharpening method fuses the low spatial resolution multispectral image with the high
spatial resolution panchromatic image to obtain a hyperspectral image with rich spatial spectral information. Although
significant progress has been made in pan-sharpening methods in recent years , most methods still have two limitations
firstly, limited by network structure and single attention mechanism, global and local features cannot be used simulta-
neously, resulting in loss of spatial information ;secondly,using the Wald protocol to obtain high-resolution multispec-
tral images leads to loss of spectral and detail information. To address these problems, this paper proposes a pan-sharp-
ening framework MAPNet based on multiple attention progressive network. In order to extract more important informa-
tion , we fully utilize the feature information contained in panchromatic and multispectral images to reduce the interfer-
ence of redundant information. The low resolution and full resolution phases are closely linked using a progressive pat-
tern. MAPNet trains the ability to extract global information, spectral information and gradient information to reduce

the loss of spectrum and detail due to size changes. The multi-attention module combines self-attention, spatial atten-
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tion and channel attention to achieve multi-modal analysis of global features,local features,spatial features and chan-

nel features, thereby further improving MAPNet$ ability to retain texture details. The algorithm proposed in this paper
is compared with the existing traditional methods BT-H, C-MTF-GLP-CBD, GS, BDSD, PRACS and deep learning
methods MUCNN, MDCUN, Band-Aware, PNN and TFNet on the GF-2 dataset. Additionally, this paper records the
performance of models with different stages and structures. Objective measurements include RMSE, RASE,SAM, ER-

GAS,QAVE,SSIM, FSIM, QNR,D_, D, . By combining subjective visual assessment with objective evaluation, the re-

sults indicate that MAPNet fusion images retain more spectral and detail information.

Keywords : remote sensing image fusion;deep learning ; multi-attention ; multispectral image ; panchromatic image
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Tab. 1 Quantitative comparison of ablation experiments

. oy PR 4 PRI
I ERGAS | RMSE | RASE | SAM | QAVE | SSIM 1 FSIM 1 ONR T D, | D, |
At_IL | 1.58+0.03 | 1.60+0.02 | 6.04+0.32 | 1.89+0.02 | 0.9723 | 0.9821 | 0.9839 | 0.9184 | 0.0334 | 0.0499
NoAtt 21, | 2.07 +0.08 | 2.01 £0.03 | 7.58 +0.81 | 2.04 £0.02 | 0.9695 | 0.9748 0.978 0.8849 | 0.0098 | 0.1061
Au 3L | 3.06=0.21 | 3.38+0.54 | 11.07 £2.47 | 3.08+0.13 | 0.9212 | 0.9482 | 0.9571 0.8537 | 0.0469 | 0.1037
Ours 1.53+0.02 | 1.54+0.02 | 5.78+0.24 | 1.84x0.03 | 0.9744 | 0.9813 | 0.9825 | 0.9330 | 0.0266 | 0.0346
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Fig. 6 Visual comparison of fused images from reduced-resolution datasets ( select RCB for demonstration )
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Fig. 7 Visual commparison of fused images from reduced-resolution datasets ( select RGB for demonstration)
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Tab. 2 Quantitative comparison of fused results of different methods in reduced-resolution datasets
ViR ERGAS | RMSE | RASE | SAM | QAVE 1 SSIM 1 FSIM 1
BT-H 4.61 +0.60 4.98 £0. 81 18.69 +£8.93 2.48 £0. 04 0. 9237 0. 8431 0.916
C-MTF-GLP-CBD 4.42 +0.44 4.56 £0.47 17.12 £5.27 2.84£0.13 0.9324 0. 8531 0.9154
BDSD 5.35+0.40 5.59 £0. 68 20.93 £5. 19 3.45 +0. 14 0.9114 0.7993 0. 8917
GS 4.83 £0.49 4.96 +0. 68 18.57 £5.98 2.74 £0.09 0.9372 0. 8356 0. 9092
PRACS 3.60 +£0.29 3.76 £0.47 14.07 £3.98 2.47 £0.03 0. 9421 0. 8935 0. 9382
PNN 2.74 £0.29 3.18 £0.96 10. 37 £4.05 2.81 +0.13 0.9315 0.9422 0.9524
TFNet 1.62 £0. 04 1.86 £0. 14 6.11 £0. 56 1. 81 0. 03 0.9673 0.9779 0. 9828
MUCNN 2.13 £0.10 2.46 £0.31 8.07 £1.332 2.28 £0.07 0.948 0. 9626 0.9703
MDCUN 1.83 £0.09 2.10 £0. 26 6.86 £1.12 2.00 +0. 05 0. 9583 0.9734 0.9784
Band-Aware 1.69 £0.05 1.94 £0. 16 6.34 £0. 67 1.86 £0. 04 0. 9646 0.9768 0.9816
Ours 1.53 0. 02 1.54 0. 02 5.78 £0.24 1.84 £0.03 0.9744 0. 9813 0. 9825
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et o MBS, DL J5 iA Rl & RUR I T2 4t
Tiiko AR SCHTH H J5 6 TG G5 Sk A1
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BBEWH AR ok 25 PN, 5 HA I A,
ARSCHTHR T B T PAN EME B2 R 2544 , 2 [A) 40
TN FEROCREAF I T LR B MS R BOEIE(E

TG AE BB  AH L G AT RO , B3 X ™

3R T 2 BRI T RS AR 1 E
SR ARSCITIEAE QNR FI D AR s R I AE,
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P8 fxp B BR ARl A I R oE LU (B AL B B 3 B R)

Fig. 8 Visual comparison of fused images from full-resolution datasets (select RGB for demonstration)
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Tab. 3 Quantitative comparison of fused results

of different methods in full-resolution datasets

ik QNR 1 D, | D, |
BT-H 0.791 0.0357 0. 1799
C-MTF-GLP-CBD | 0.9212 0. 0296 0. 0509
BDSD 0.9192 0. 0284 0.0539
GS 0.7392 0. 0526 0.2195
PRACS 0. 8246 0.0312 0. 1488
PNN 0. 8048 0.0583 0. 1453
TFNet 0.9326 0.0231 0.0388
MUCNN 0.9028 0. 0356 0. 0639
MDCUN 0.9243 0.0551 0.2430
Band-Aware 0.9322 0. 0306 0.038
Ours 0.933 0. 0266 0. 0346
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AR SR P T TR WL i i o e A
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GRS T Wald PR iis s f5 BAs O, #3015
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