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Pathological Hyperspectral Image Fusion Method Based on

Abstract:

Cascaded Spatial-Spectral Differential network

WANG Chaoliang', LIANG Meiyan"*
(1. College of Physics and Electronic Engineering, Shanxi University, Taiyuan 030006, China;
2. Shanxi Beike Biotechnology Co., Ltd., Taiyuan 030032, China)
High-resolution hyperspectral pathology images contain fine-grained two-dimensional spatial

information and spectral dimensional information, which is of great significance for accurate diagnosis. To this

end, we propose a pathological hyperspectral image fusion method based on the space-spectrum cascade

differential network. In this method, high-resolution hyperspectral pathological images are reconstructed by

cascading spatial-spectral modules. Each space-spectrum module utilizes differential methods to design spatial

edge loss and spectral edge loss, which helps constrain and optimize the model in stages. This enables the

organic fusion of pathological hyperspectral images and multispectral images. The model experimented on the
pathological image dataset, and the four evaluation indexes RMSE, PSNR, ERGAS, and SAM of the fusion
images reached 4.593 7, 32.328 0, 4.668 3 and 3. 635 4, respectively. These results demonstrate that the

fusion method based on the space-spectrum cascade differential network can achieve fine fusion of pathological
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images with rich details, providing a reference for multispectral image fusion.

Key words: convolutional neural network; cascade difference; spatial edge loss; spectral edge loss;

pathological image fusion
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Fig.1 Model of the pathological hyperspectral image fusion based on cascaded spatial-spectral differential network
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Tab.1 The results of proposed method were compared with the

experimental results of the six methods
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