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Flood Region Image Segmentation Algorithm Based on Improved UNet++

JI Zhengjie, WEI Linjing
(College of Information Science and Technology, Gansu Agricultural University , Lanzhou 730070, China)

Abstract: Accurately identifying and delineating areas that may be affected by floods is crucial for planning and implementing flood control
measures. A flood area image segmentation algorithm based on improved UNet++is proposed to address the problem of being easily affected by
factors such as terrain, climate, lighting, and data imbalance in the process of identifying flood areas. This algorithm is based on the UNet++
segmentation network framework, and embeds a hollow space pyramid pooling after the first convolution unit of each decoder layer to obtain
new decoding features; At the same time, the features of different decoding paths are fused through dense connections and skip connections,
and the Lovasz Hint Loss function is used to obtain the global optimum. The original data is then expanded through data augmentation. The ex-
perimental results show that the 10U value of this algorithm on the Flood Area Segmentation dataset reaches 80.53%, which is 7.41, 6.21,
3.81, 3.70, 1.92, and 1.82 percentage points higher than the currently popular image segmentation algorithms DeepLabv3, UNet, FCN
(Res18) , PspNet, FCN (Res50) , and UNet++, respectively. The proposed algorithm has high segmentation accuracy and good stability,
with excellent overall performance, providing technical support for practical flood control monitoring.
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Fig. 7 Visual display of segmentation results
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