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In this study, we developed a model for detecting urban slums by image recognition using deep
learning on satellite image data. We trained a semantic segmentation model on high-resolution
satellite images for cities of Maputo and Beira in Mozambique. The accuracy (IoU, F1) was 0.833 and
0.909 at 3.0 m resolution, 0.842 and 0.914 at 1.5 m resolution, and 0.872 and 0.932 at 0.3 m resolution,
respectively. However, the results of applying the model to a wide area were with cases not matching
with the training data. We will proceed future works to apply not only image data from satellite
observation, but also features of the spatial structure of cities, such as density and regularity of roads.
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Model Data Overall
Resolution Resolution Accuracy
0.3M 0.3M 0.955
1.5M 0.830
3.0M 0.817
1.5M 0.3M 0.844
1.5M 0.918
3.0M 0.913
3.0M 0.3M 0.844
1.5M 0.844
3.0M 0.910

Precision Recall F1Sc loU
0.909 0.889 0.932 0.872
0.967 0.813 0.893 0.808
0.987 0.810 0.893 0.808
1.000 0.844 0.915 0.844
0.911 0.862 0.914 0.842
0.865 0.824 0.888 0.799
1.000 0.844 0.915 0.844
0.989 0.843 0.910 0.836
0.908 0.853 0.909 0.833
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