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Abstract: To address the challenges faced by existing reservoir water level segmentation methods, such as
large computational parameters, insufficient extraction of multi-scale water level features, and inadequate
attention to detailed water level features, a reservoir water level segmentation method (DEGNet) is proposed
based on multi-scale and multi-attention mechanisms, achieving high-precision segmentation of reservoir water

levels. First, a lightweight MobileNetvZ is employed as the backbone network, integrated with a convolutional
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block attention module (CBAMD, for reducing computational parameters and enhancing the extraction capability

of water level features. Secondly, an innovative multi-scale information fusion module (ESPP) is proposed

to effectively capture and fuse spatial information from multi-scale water level feature maps, significantly

enhancing feature spatial expressiveness. Finally, a global attention mechanism (GAM) is incorporated into

the encoding region to focus on detailed water level features, thereby realizing high-precision and efficient

segmentation of reservoir water levels. Experimental results demonstrate that, compared to methods such as

PSPNet, HRNet, and Deeplabv3-+, the proposed method achieves improvements of 4.9 and 7. 76 percentage

points in mean intersection over union (MIoU) and mean average precision (MAP), respectively, reaching
98.75% MIoU and 99.43% MAP, respectively, and exhibits significant superiority in both segmentation

accuracy and detection precision.

Key words: water level segmentation; multi-scale information fusion; attention mechanism; lightweight
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Tab.3 Comparison of experimental results on VOC2012 dataset
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Tab.4 Comparison of segmentation networks
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Tab.5 Comparison of ablation experiment results
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Fig. 8 Partial data of water level segmentation accuracy test
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