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Persistent topology mitigates the excessive freedom of topological equivalence by
studying not just a topological space but a filtration of it. This makes it a very
effective class of shape descriptors, with an impressive potential for applications
in the image context, in particular when it comes to images of natural origin.
Research in this field is lively and follows various threads. The talk will sample
some recent results without any attempt to completeness.

1 Image Processing

Understanding the topology of an object out of a sampling — typically a digital
picture — of it was at the origin of the Stanford flavour of persistence [10].
This raised very interesting issues of robustness with respect to noise (e.g. in
[5,20]). An amazing segmentation algorithm in presence of noisy data is given
in [22], where different segmentation options are suggested by the very nature
of a persistence diagram (see Fig. 1).

Fig. 1. A segmentation from noisy data [22]

2 Shape Analysis

Apart from the early applications to computer vision in the 90’s (when persis-
tence was still in its Size Theory era) there has always been research on 2D and
3D shapes using barcodes and persistence diagrams. More recent ones concern
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– classification of hepatic lesions, where multidimensional filtering functions are
used, and shown to be superior to the separate 1D ones [1],

– gait classification: four different filtrations in a sequence of silhouettes capture
relations among the parts of a walking human body [23],

– analysis of hurricanes and galaxies: two different studies of natural spirals
[2,3],

– analysis of brain artery trees: here persistent 1-cycles play a central role [6],
– retrieval of images of melanocytic lesions, with various colour-related filtering

functions [16] (see Fig. 2).

Fig. 2. Retrieval: A melanoma with a neighbourhood of nevi and melanomas [16]

3 Theoretical Progress

The simple remark that colour pictures are maps with range R3 suggests that the
1D indexing of “classical” persistence is not enough. Therefore the study of dis-
continuities of the persistent Betti numbers functions [11,13], of the monodromy
phenomenon [12] and of the interleaving distance [24] in the multidimensional
context are welcome.

Another, related measure of dissimilarity is the natural pseudodistance (“nat-
ural” with respect to persistence) between homeomorphic spaces endowed with
filtering functions: It takes into account all possible homeomorphisms between
the two spaces, and registers the infimum of the distorsions induced on the filter-
ing functions. There are settings, in which it is convenient to limit the analysis
to a subgroup of homeomorphisms [18]; this is an aspect of a new framework for
shape analysis [17].

An interesting simplification comes from the use of persistence landscapes in
statistical data analysis [9].

An extension of the theory, A∞-persistence, makes the use of more sophisti-
cated tools, like Massey products, possible [4].

Recent progress in the computation of the bottleneck distance between per-
sistence diagrams [21] makes the representation through complex polynomials
[14] less attractive, but the different impact of the various coefficients fosters its
use in a “skimming” phase of image retrieval.
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4 Not Only Images

Persistence has applications which go far beyond the image context: genetics [27],
linguistics [28], neurosciences [26], music [7], robot navigation [8] take advantage
of its power.
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