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Scaling-up Frame Field Learning algorithms for building extraction on very high
resolution remote sensing images.
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Context

Common deep learning based building segmentation methods
provide a pixel information at the class level. Thus, even though
groudtruth  contains instance information, expressing
separation between adjoining buildings, it is lost during the
process which is a suboptimal use of available data.

Manual annotation Rasterisation

Scaling-up Inference

Frame Field Learning [1] resolves this issue using a multitask learning paradigm but the original implementation can only be
used on small images in order not to exceed memory limits. The method can be splitted into the inference and the

polygonization parts :
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Scaling-up Polygonization

We rely on several steps to scale-up the inference while preventing border effects: The image is also divided into tiles to scale-up, each tile being processed in parallel. An

- Mirror padding on the whole image

- Tiling of the image with overlap (for parallel processing)
- Decomposition of each tile into patches with overlap

- Model prediction on each patch

- Weighted average of the predictions

- Center crop of the tile to prevent concurrent writing

Legend:

Read tile:

Predicted area:

Patch:
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Example of Prediction

overlap is added between tiles to prevent cutting buildings.

Overlap : fusion polygon on
borders and remove
duplicates inner polygons

However, this creates duplicates that should be post-processed. This post-processing is
time consuming, thus some tricks are performed to limit this computation time:

Bounding Boxes Tiles Indexing & Neighborhood

No intersection computation

Legend:

Current tile Compared tiles Ignored tiles
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Performance
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Adresse

In our operational context, on a computing cluster using one Nvidia A100 GPU (80 Go
Ram) and 16 cores with 128 Go Ram, we were able to perform the building extraction on
a whole 47204x21753px image with 4 bands using the updated FFL algorithms.

The inference took 1 hour.

Without the aforementioned tricks, the polygonization initially took more than 3 days.
The use of bounding boxes to limit the number of intersection computations reduced
this time to 6h30. Then, restricted the comparison only to neighbouring tiles further cut
processing time down to 1h38. Finally, the use of multithreading reduced this time to

1h05.

The total computing time is thus 2h05.
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