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Figure 6: Visualization of the MultiNet output.
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Fig. 4. Result on the ISBI cell tracking challenge. (a) part of an input image of the
“PhC-U373” data set. (b) Segmentation result (cyan mask) with manual ground truth
(yellow border) (c) input image of the “DIC-Hel.a” data set. (d) Segmentation result
(random colored masks) with manual ground truth (yellow border).
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