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Land Use Multi-classification Method of High Resolution Remote Sensing Images Based on
MLUM-Net

HU Shaokai' , HE Xiaohui* and TIAN Zhihui®
1 School of Information Engineering,Zhengzhou University,Zhengzhou 450001, China

2 School of Earth Science and Technology,Zhengzhou University, Zhengzhou 450052, China

Abstract Aiming at the problems of incomplete land plot structure and poor boundary quality in high-resolution remote sensing
image land use multi-classification,a multi-classification method of remote sensing image land use based on MLLUM-Net model is
proposed. This method uses the multi-scale hole convolution and channel attention mechanism to construct the MDSPA encoder,
which improves the network multi-scale feature extraction ability and the accuracy of the parcel’s location and adaptively en-
hances the multi-scale feature expression through the spatial attention mechanism. To eliminate the semantic loss of upsampling
and reduce the noise of classification results,a hybrid pooling upsampling optimization module is designed to optimize the classifi-
cation results and eliminate the network classification errors. According to the characteristics of unbalanced classification ratio of
multi-classification data set of land use and the similarity index of plot structure, this paper designs a mixed loss function to elimi-
nate the influence of data category ratio. This function improves the structural integrity of the block and refines the classification
boundary. Experimental verification has been carried out on multiple data sets,and the overall accuracy and kappa index have been
significantly improved. The classification result has a complete structure and accurate edge division, which has good practical
value in the land use multi-classification.

Keywords Remote sensing image,land use classification, MLUM-UNet, Attention mechanism, Multi-scale features
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Fig.5 Test results of ablation experiments
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Table 3 Test results on Chesapeake LLand Cover dataset
Water Building Road Farmland Forest Meadow
Method OA/?Y K
etho (PA/UA) (PA/UA) (PA/UA) (PA/UA) (PA/UA) (PA/UA) /% appa
Link-Net 76.97/78. 26 73.75/76. 24 77.86/80.11 73.46/75. 81 73.28/76.77 80.39/81.21 78.06 0.711
Dense Net 77.46/76. 89 76.32/78.73 72.46/79.61 75.92/77. 64 72.83/80. 24 79.83/78.62 78.62 0.734
DenseASPP 86.81/83.24 79.25/80. 34 78.65/80. 34 77.37/78.72 75.68/78.54 81.67/80.41 80. 26 0.764
DeepLabV3 83.67/84.94 80.65/80.94 80.37/82.56 79.36/77. 34 80.61/83.97 82.34/80.74 81.63 0.782
MLUM-Net 85.27/83.06 81.92/78. 64 81.54/83.84 81.26/80.79 82.35/82.67 83.14/83.64 82. 11 0.816
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Fig. 6 Test results on Chesapeake Land Cover dataset
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Table 4 Test results on GID dataset
Water Buildin Farmland Forest Meadow
Method (PA/UA) ( PA,/UAg ) (PA/UA) (PA/UA) (PA/UA) OA/% - Kappa
Link-Net 74.27/78.19 76.17/76.45 74.29/76.13 75.42/75.58 78.83/79.27 77.12 0.711
Dense Net 77.05/79.76 75.67/81.53 76.17/78.35 77.34/74.68 80.67/83.56 78.62 0.726
Dense ASPP 78.39/80.52 78.71/78.02 78.13/79.47 78.94/77. 36 81.73/80.33 79.14 0.764
DeepLabV3 80.47/81. 41 82.57/77.71 79.36/78.69 80.61/80.48 81.63/80.75 79.81 0.793
MLUM-Net 81.96/80. 84 81.63/82.95 80.26/80.72 82.22/81.89 83.49/81.47 81.57 0.804
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Table 5 Algorithm efficiency comparison test results
M4 R OA/ % Rk % R A /s
Link-Net 78.06 18. 164
Dense Net 78.62(+0.56%) 21.519(+18.5%)
Dense ASPP 80.26(+2.2%) 23.681(+30.3%)
DeeplabV3 81.63(+3.57%) 22.369(+23.2%)
MLUM-Net 82.11(+4.05%) 24.286(+33.7%)
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