Idea: investigate the dynamics of
nanoparticle structure via cubical
persistent homology (cPH).

e Sophisticated methods are
needed to capture dynamics be-
cause of the presence of extreme
amounts of Poisson shot noise at
a high temporal resolution.

e \We can use topological methods
such as cPH to capture the
amount of structure in an image,
but also to capture where this
structure iIs present.

Detection: detect structure via the
pixels that create components in
cPH. These pixels are the local
minima in the smoothed image.
Note that we smooth (or filter)
our image via a Gaussian filter.

e Exclude identified pixels that are
present outside of a pre-chosen
polygonal region.

e [For location of structure (see
figure to the right), we may
choose pixels whose lifetimes in
cPH are only above a certain
threshold n.

e If ourimage is I/, we denote the
output of the algorithm to the
right as A(l)—the locations of
local minima & their lifetimes.

Detection and hypothesis testing
for extremely noisy videos using TDA
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Testing procedure Video to time series via TDA
If we assume that all the pixels in our image are generated by noise, Persistent Entropy over Pt nanoparticle movie frames ;&‘3'
we can simulate images according to this noise distribution and com- sl -— {' T
pare summaries of the persistence diagrams, such as persistent en- g ¥
tropy (H) and the (new!) ALPS statistic (4), which is more conserva- 4.8 -
tive than persistent entropy.
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Once we have simulated images (using the values of vacuum regions i
of the summed nanoparticle images to simulate them), we can com-
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pare the simulated values to the observed values to get p-values. Our
procedure leverages the fact we assume each frame of the video has 00 o0 00 Py
the same noise distribution to save on the number of images we [
need to generate and the number of times we need to compute cPH. o Right: Maneparee
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