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Extract plankton from ISIIS images
A challenging task
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Very large size range
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Segmentation methods
Threshold (T)
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Segmentation methods
Threshold-MSER (T-MSER)

Maximally Stable Extremal Regions
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Segmentation methods OA""
Threshold-CNN (T-CNN) -
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Comparison to ground truth segmentation

Bbox loU criterion
Match < Bbox Intersection over Union > 0.1
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Results

Global performances: precision and recall
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< frontiers

In situ imaging — many non living objects

T-MSER: high processing rate (1.2x)

T-CNN: better performances, requires a GPU, fast
enough (0.03x), within reach of ecologists

Intelligent methods: fewer objects to sort in the future
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