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ABSTRACT

The number of smart farms has increased to save labor in agricultural production as the
subsidy become available from central and local governments. The number of illegal
greenhouses has also increased, which causes serious issues for the local governments. In the
present study, we developed Mask-RCNN model to detect greenhouses based on satellite
images. Greenhouses in the satellite images were labeled for training and validation of the
model. The Mask-RCNN model had the average precision (AP) of 75.6%. The average
precision values for 50% and 75% of overlapping area were 91.1% and 81.8%, respectively.
This results indicated that the Mask-RCNN model would be useful to detect the greenhouses
recently built without proper permission using a periodical screening procedure based on
satellite images. Furthermore, the model can be connected with GIS to establish unified
management system for greenhouses. It can also be applied to the statistical analysis of the
number and total area of greenhouses.
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Fig. 2. Pre-Processing of Satellite Images.
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Table 1. Hyperparameters for Training

Setting Value
SOLVER.IMS_PER_BATCH 2
SOLVER.BASE_LR 0.00025
SOLVER.MAX ITER 1000
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Fig. 5. Training Accuracy (a) & Total Loss (b) Graph.

Table 2. Class, Mask Best Accuracy & Total Loss

AP APs APs APL
bbox 74.396 89.876 79.827 74.994
segm 75.578 91.106 81.839 76.874
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Fig. 6. Validation APsy Graph.
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Fig. 7. Difference between Semantic Segmentation
and Instance Segmentation (Géron, 2018).
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Fig. 8. Result of Inference.
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