wfﬁ-’ffh?f*l'?

COMPUTER SCIENCE

SEEZRESARSEESRRMEREIGHS
&R, XU,

5IAEX

EMR, X, FESREEHRSEESHRNEREGRS]. HENRE 2024, 51(6A):
230400110-6.

HOU Linhao, LIU Fan. Remote Sensing Image Fusion Combining Multi-scale Convolution Blocks and

Dense Convolution Blocks [J]. Computer Science, 2024, 51(6A): 230400110-6.

BUXEEE (BERXINE IE JEREENE)

Similar articles recommended (Please use Firefox or IE to view the article)

E AP ZAl B A/ D RN AR R AIGIE

Study and Verification on Few-shot Evaluation Methods for Al-based Quality Inspection in Production
Lines

HENRIE, 2024, 51(6A): 230700086-8. https://doi.org/10.11896/jsjkx.230700086

EFBERTHICNNHEMARRMANFIHRE B KT5E
Literature Classification of Individual Reports of Adverse Drug Reactions Based on BERT and CNN

HEHRIE, 2024, 51(6A): 230400049-6. https://doi.org/10.11896/jsjkx.230400049

DUWe: siZSRAAER AT EE We b BRI AR
DUWe:Dynamic Unknown Word Embedding Approach for Web Anomaly Detection
HEHEIE, 2024, 51(6A): 230300191-5. https://doi.org/10.11896/jsjkx.230300191

WiCare: —HIEEARTUAIE AW RL R &R
WiCare:Non-contact Fall Monitoring Model for Elderly in Toilet
HEHEIE, 2024, 51(6A): 230700044-8. https://doi.org/10.11896/jsjkx.230700044

REZIRTlaaSEHERERVEENHARERE
Research Progress of Anomaly Detection in laaS Cloud Operation Driven by Deep Learning

HEHNRIE, 2024, 51(6A): 230400016-8. https://doi.org/10.11896/jsjkx.230400016


https://www.jsjkx.com/CN/10.11896/jsjkx.230400110
https://www.jsjkx.com/EN/10.11896/jsjkx.230400110
https://www.jsjkx.com/CN/10.11896/jsjkx.230700086
https://doi.org/10.11896/jsjkx.230700086
https://www.jsjkx.com/CN/10.11896/jsjkx.230400049
https://doi.org/10.11896/jsjkx.230400049
https://www.jsjkx.com/CN/10.11896/jsjkx.230300191
https://doi.org/10.11896/jsjkx.230300191
https://www.jsjkx.com/CN/10.11896/jsjkx.230700044
https://doi.org/10.11896/jsjkx.230700044
https://www.jsjkx.com/CN/10.11896/jsjkx.230400016
https://doi.org/10.11896/jsjkx.230400016

http: /www. jsjkx. com

DOI:10. 11896/jsjkx. 230400110

Sy THHF

ZEZREEMRETEESTRRNEREGRS

EHE X MW
AEHEIAFAHEFE LT F+F 030600
(451704938@qq. com)

H E ZRABRBOCWANETHERLE S A#BRERLE> HEFRELACARMRATASHEG G HE S LERK.
REREFILEEBAGRBRSG T ORBTEFZARR 2 h TRESLA MK GRH ML L EAI>RBREARL P FEH T AL
B . FHBOEARTAEZ LR, BOERFZIK, HIANT ZRER, ARREMBAGIFETRELTRE R MG EREF
T AR IEGF TR, MEINTEEARE AL FEELRAFHETRNYAW, EMBRRNRY T XEH
MR ER, EREBERNE TR FTEERNE AR ERGFIE[EARERSEGHAN  RGBRESEBHRGRE., £ GEL
HEEDE QBHEE LS 6 A BAALZHTH TR . TREREAANMR T LIRS BAREFHHEE T E G LS ESL
B E e BIEH LR T sk,

KR . EBBRERES;REFI ;SR ERR; S RAARE FEER

FESES TP391

Remote Sensing Image Fusion Combining Multi-scale Convolution Blocks and Dense Convolution
Blocks

HOU Linhao and LIU Fan

College of Data Science, Taiyuan University of Technology,Jinzhong,Shanxi 030600 ,China
Abstract The aim of remote sensing image fusion is to obtain high-resolution multispectral images with the same spectral resolu-
tion as multispectral images and the same spatial resolution as panchromatic images. Although deep learning has achieved remark-
able results in remote sensing image fusion,the network cannot fully extract the rich spatial information in the image due to the
limitation of the deep model network,which leads to the lack of spatial information in the fused image and low quality of the fu-
sion result. Therefore, this paper introduces multi-scale blocks, where image features at different scales can be learned by convolu-
tional kernels of different sizes,thus increasing the richness of the extracted features. Dense convolutional blocks are then intro-
duced to achieve feature reuse through dense connections,reducing the loss of shallow feature information when the network is
deep. In the feature fusion stage,the proposed method uses feature maps from different levels of the network as input to the fea-
ture fusion layer to improve the quality of the fused images. Comparison experiments are performed with six fusion algorithms on
GE1 and QB datasets,and the experimental results show that the fused images of the proposed method retain spatial and spectral
information better,and outperform the comparison methods in both subjective and objective evaluations.

Keywords Remote sensing image fusion,Deep learning, Multispectral images, Multiscale convolution block,Dense connection
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Fig. 1 Flowchart of remote sensing image fusion based on

deep learning
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Table 1 Simulation of QB data fusion results evaluation
o SAM EGRAS scc Q"
BDSD 2.1909 1.2424  0.9509  0.9205
GSA 2.2808 1.2930  0.9266  0.9148
MTE-GLP-HPM  2.2520 1.8924  0.9336  0.8737
PNN 1.5626 1.3017  0.9791 0.9669
MSDCNN 1.2241 1.0132  0.9857  0.9768
FDFNet 1.1054  0.9702  0.9873  0.9806
N S 0.9307 0.8073 0.9916 0.9866
A 0 0 1 1

6 b GE1 ¥ 4 L 9 A5 0 S 56 il & 245 S ) 36 i K
P, Xt g PN FE BRI R 2 g,

() MSDCNN
P 6 GEL ot 42 A0 15 52 56 a1 205 21

Fig. 6 Fusion results of simulated images on GE1 dataset
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Table 2 Simulation of GE1 data fusion results evaluation

Wk SAM EGRAS scc Q"
BDSD 8.1265 6.2186  0.9037  0.8763
GSA 7.9911  6.3059  0.8979  0.8685
MTF-GLP-HPM  7.1813  5.8147  0.9241 0.8864
PNN 6.4713  4.7745  0.9641 0.9318
MSDCNN 6.1305  4.5826  0.9689  0.9359
FDFNet 5.9157  4.5565  0.9703  0.9380
K XH 5.8412  4.4884  0.9716  0.9397
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Fig. 7 Fusion results of real images on QB dataset
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Table 3 Evaluation of real QB data fusion results

Ik QNR D; D,
BDSD 0.9290 0.0539 0.0181
GSA 0.9062 0.0604 0.0355
MTF-GLP-HPM  0.9453 0.0327 0.0228
PNN 0.9493 0.0313 0.0200
MSDCNN 0.9568 0.0285 0.0152
FDFNet 0.9599 0.0264 0.0141
KX T % 0.9601 0.0250 0.0153
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Fig. 8 Fusion results of real images on GE1 dataset
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Table 4 Evaluation of real GE1 data fusion results

VRS QNR Dy D,
BDSD 0.7361 0.2463 0.0234
GSA 0.7148 0.1678 0.1411
MTE-GLP-HPM  0.8034 0.1092 0.0981
PNN 0.8441 0.1312 0.0285
MSDCNN 0.8786 0.0929 0.0314
FDFNet 0.9198 0.0567 0.0250
KXW % 0.9255 0.0562 0.0194

A 1 0 0
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