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Figure: a) Datasets of cell images are considered. b) Cell boundaries are extracted [1] and mapped to canonical shape
representatives by factoring out translation, rotation, and scale symmetries. ¢) Invariant geometric descriptors derived
from these representations are then used to forecast future cell shapes and perform classification.

Many problems in computer vision and biomedical imaging involve the analysis of shapes that are naturally
defined only up to symmetries such as translation, rotation, and scaling. Ignoring these symmetries can obscure
meaningful geometric variability and often leads to increased model complexity and reliance on data augmen-
tation. In this work, building on [2], we introduce a geometric framework with symmetry-groups aware for the
analysis, prediction, and classification of planar shapes, with a particular focus on cell boundary data. Starting
from image datasets, cell boundaries are extracted and mapped to canonical shape representatives by explicitly
factoring out translation, rotation, and scale through group actions on shape spaces. This construction enables
direct comparison of shapes using simple metrics defined on the resulting quotient spaces. Building on this
representation, we derive invariant geometric descriptors that compactly encode shape information while re-
maining insensitive to the underlying symmetries. We also relate these representations to a measure viewpoint
by modeling plane curves as varifolds, i.e. as measures on R? x S'. This perspective enables the construction of
large families of Euclidean-invariant descriptors [3] via moments of associated measures, naturally encoding both
geometric and orientational information. These descriptors, as well as the metrics derived in the quotient space,
are employed to both forecast the future shape evolution and to perform accurate and robust cell classification.
The proposed approach provides an interpretable alternative to data augmentation, reducing computational cost
while enhancing class separability. Overall, the framework offers a unified geometric perspective on invariant
shape analysis, with broad applicability to biomedical imaging and object recognition tasks where robustness
and efficiency are essential.
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