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Fig.2 Schematic diagram of algorithm flow
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Fig.4 Pansharpening results of Liujiaxia mountain dataset
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Fig.5 Pansharpening results of Lanzhou City dataset
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Tab.1 Comparison results of Liujiaxia mountain datasets
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GS 32.571 1 21.565 7 0.815 6 0.577 1 26.195 0 2.4330
PCA 32.249°5 21.650 8 0.810 0 0.579 5 25.912 7 2.413 0
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Tab.2 Comparison results of Lanzhou City datasets
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An ICM-based adaptive pansharpening algorithm for hyperspectral images

ZHAO Heting', LI Xiaojun"*?, XU Xinyu', GAI Junfei'
(1. Faculty of Geomatics, Lanzhou Jiaotong University, Lanzhou 730070 , China; 2. National-Local Joint Engineering Research
Center of Technologies and Applications for National Geographic State Monitoring, Lanzhou 730070, China; 3. Gansu
Provincial Engineering Laboratory for National Geographic State Monitoring, Lanzhou 730070 , China)

Abstract: Considering spectral distortion and insufficient texture details in the pansharpening of hyperspectral
images, this study proposed an adaptive pansharpening algorithm for hyperspectral images based on the intersecting
cortical model (ICM ) for image segmentation. First, hyperspeciral images were maiched and fused with
multispectral images with similar spatial resolution. Then, the matching and fusion results were fused with high—
resolution panchromatic images, obtaining the fusion results possessing both the high spatial resolution of
panchromatic images and the spectral resolution of hyperspectral images. Moreover, the grey wolf optimizer
(GWO) was employed in sharpening fusion to adaptively optimize ICM parameters, generating the optimal irregular
segmentation regions, thus providing more accurate and comprehensive details and spectral information for
hyperspectral images. Finally, experiments were conducted on the proposed algorithm using two hyperspectral
datasets from the ZY—1 02D satellite. The experimental results demonstrate that the proposed algorithm manifested
the optimal performance in the evaluation indices of spatial details and spectral information, substantiating its effec-
tiveness.

Keywords: pansharpening; intersecting cortical model ; hyperspectral image; grey wolf optimizer; remote sensing
image fusion
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