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Fig.5 Farmland instance segmentation dataset examples
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Research on Gap-repairing Algorithm based on Convolutional
Neural Network Prediction Result

Liu Zhao,Zhao Tong, Liao Feifan
(Institute of Traffic Engineering and Geospatial Information, Department of Civil Engineering,
Tsinghua University, Beijing 100084, China)

Abstract: With the development of convolutional neural network technology, recent research has paid more at-
tention to the improvement of accuracy and the improvement of semantic information. Mask R-CNN network is
a further improved segmentation network of Faster R-CNN. It has a good segmentation effect in high-resolu-
tion remote sensing image feature recognition. However, since the convolutional neural network can only be
trained and predicted with small tile images, there is a large semantic information error in the prediction results.
Faced with this problem, this paper proposed a gap—repairing algorithm based on the defect of prediction result
of convolutional neural network. The approach use overlapsize algorithm to improve the matching degree be-
tween the prediction result and the ground-truth result at first. Then fill the gap through the correlation function
in the PostGIS database to repair the small tile, which can make it be spliced into a complete picture. The re-
search and experiment results showed that the algorithm could improve the image semantic information well and
has practicability.

Key words: Convolutional neural network; Instance segmentation; Mask R-CNN; Gap-repairing algorithm



