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DEM Super-resolution Reconstruction Based on Multi-scale
Residual Enhancement Network

HAN Chao,ZHANG Xiao-bin "
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Abstract; Digital Elevation Models ( DEMs) are considered one of the most important foundational geographic data models, with
widespread applications in hydrological analysis, path planning, and modeling. However, the high cost of acquiring large —area, high—
resolution DEM data with more precise sensors poses a challenge for many geographic analysis applications. Combining multi —scale
features , residual learning, and multi — scale channel attention mechanisms, we propose a digital elevation model super — resolution
reconstruction method based on a Multi—Scale Residual Multi —Channel Attention Enhancement Network. The Multi - Scale Residual
Multi—Channel Attention Enhancement Module (MRCAEM) utilizes a combination of convolutional layers with multiple different kernel
sizes,and through the multi-scale channel attention mechanism, it better captures semantic information at different scales, refines multi—
scale feature extraction, and reconstructs more realistic high —resolution DEMs through feature fusion and reconstruction modules.
Experimental results show that the proposed method reduces the Root Mean Square Error ( RMSE) by approximately 2% ~ 30%
compared to other methods.
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