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TDA プロジェクト 主要メンバー紹介

平岡裕章（東北大）：パーシステントホモロジーとその応用 

浅芝秀人（静岡大）：クイバーの表現論とパーシステントホモロジー 

白井朋之（九州大）：確率論とパーシステントホモロジー 

福水健次（統数研）：パーシステント図に対する統計的機械学習 

一宮尚志（岐阜大）：高分子・タンパク質フォールディングのTDA 

大林一平（東北大）：ソフトウェアHomCloudの開発



develop mathematical theory for shape of data 

Background：Shape of Data

How 
different?

Point cloud data

3D image data

How 
different?

Data-driven science studies potential values of big and 
complicated data by machine learning and AI
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Idea：Shape of Data
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・fattening point data 
・changing resolution for multi- 
   scale analysis 
・characterization using birth &  
   death of holes 

(ref. Edelsbrunner, Mucke) 
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Persistent homology and persistence diagram

- each point (called generator) in PD expresses a hole in data 
- birth & death axes measure shapes of holes 
- points close to diagonal are noisy 
- points away from diagonal are robust

Persistence diagram of point cloud
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Atomic configuration of 
hemoglobin Persistence Diagram (PD)

・characterize holes in data 
・describe number, size, and shapes 
・multi-scale analysis

Note: 2D histogram uncovers further geometry

inverse



ソフトウェア開発：HomCloud
入力データ

1) 東北大学AIMRで開発するTDAソフトウェア（開発リーダー：大林一平氏） 
2) 高機能GUIの搭載による汎用性（トポロジーの予備知識は不要） 
3) 高速PD計算PHAT、DIPHAを搭載 
4) 空間点データおよび2D/3D画像データ解析 
5) PD逆問題、PD機械学習、PDスパース解析 
http://www.wpi-aimr.tohoku.ac.jp/hiraoka_labo/index.html

パーシステント図（PD）
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Atomic Force 
Microscopy 

image 
(by Nakajima)

 Polymer Glass

metallic glass

Fig. 1 left) 3D visualisation of a partially crystallised packing
containing 200,000 beads. right) MegaTwo

opents in topological data analysis has resulted in new tools
that allows us to interrogate the geometry, topology and me-
chanics of granular systems at the grain scale? ? ? .

In this paper we demonstrate that new ideas associated with
computational topology provide an efficient, robust and faith-
ful approach to implementing tractable models to decipher
the complexity of the spatial structures of the configurational
space of granular systems. More specifically, we present a
novel topological characterisation tool, Persistent Homology
(PH), to study dense granular systems. We show that PH
is able to explore and characterise the configurational phase
space of disordered and partially ordered macroscopic gran-
ular systems by identifying key features specific to granular
systems.

We first detail the experimental systems and the imaging
procedure followed by the mathematical description of the
persistent homology, and in particular its application for gran-
ular systems.

2 Experiment and methodology

In this section we briefly present the experimental procedure
and the tools that we utilise to acquire experimental data. Fur-
ther we describe the underlying mathematical technique to in-
terrogate the experimental data to reveal hidden topological
structure in data.

2.1 Experimental

We analyse two sets of experimental granular packings each
containing over 150,000 monosized acrylic beads (diameter d
= 1 mm, polydispersity = 0.025 mm): i) a partially ordered
packing produced using a vibrational protocol with a pack-
ing density of f = 0.685 (see Fig. ??a) and ii) a fully dis-
ordered packing produced by pouring beads into a cylindri-
cal container with a packing density of f = 0.635 (see Fig.
??b). Details of the experimental procedure can be found

elsewhere? ? . Our experiments harness X-ray Computed To-
mography (XCT) and three-dimensional (3D) image analysis
to accurately determine grain centres with the precision of
(< 10�3µm) and grain’s diameter with precisions greater than
⇡ 10�2µm

? .
Figure ??(a) shows a 3D rendering of such a partially crys-

tallized structure. The bright regions correspond to locally dis-
ordered aggregates of beads; a disordered core and boundaries
between different crystal domains are thus highlighted. Both
random and crystalline phases coexist in the packing. Figure
??(b) shows the disordered packing.

Helical XCT is utilised to image the internal 3D structure of
the packings with a spatial resolution of 30 microns? ? ? . Our
analyses have been carried out over the entire packing struc-
ture as well as over non-overlapping cubical subsets each con-
taining 4000 beads. These subsets are from the inner region of
the packings, four sphere diameters away from the container
walls. Contrary to the disordered packing, the partially or-
dered packing shows spatial structural heterogeneity (see Fig
??a). Subsets from the partially ordered packing have a wide
range of volume fractions ranging from f = 0.58 to f = 0.73.

2.2 Persistant Homology

Persistent homology? is a technique for quantifying topolog-
ical structures in data? ? . In the past ten years it has become
an increasingly useful tool for studying shape in application
areas from dynamical systems? ? to high-dimensional data-
mining? ? to digital images? ? ? ? . Homology is an algebraic
tool for studying topological structure. The sizes of the ho-
mology groups are called the Betti numbers and these quan-
tify connectivity in each dimension. For objects embedded in
three-dimensional space, the 0-dimensional Betti number, b0
is the number of pieces the object has, b1 is the number of
independent 1-dimensional loops through the space, and b2
counts the number of enclosed voids in the object. Persistent
homology extends traditional homology by tracking how the
homology groups change as an object grows.

Each homology class has two values, which are calcuated
by varying a filtration parameter associated with it (see Sup-
plimental): a birth value and a death value. It is common
practice to represent this information in a Persistence Diagram

(PD) for each dimension of homology. PDk contains all pairs
(b,d), b  d, associated with a persistent homology class in
dimension k.

The bead packing data is specified by coordinates for the
centre of each bead (and its radius), extracted from micro-CT
images. For simplicity, assume the beads are mono-disperse,
with radius r = 0.5mm, and consider the union of balls of ra-
dius a growing around each bead centre, X(a) =

S
B(x,a).

The topology of X(a) is conveniently captured by the alpha

shape, a subset of the Delaunay tessellation (DT) (see Suppli-
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TDA プロジェクト ポスター展示内容

大林一平（東北大）：機械学習とTDAによる画像解析 

Buchet Mickaël（東北大）：パーシステントホモロジーとTDA 

竹内博志（東北大）：粉体材料解析へのTDA 

一宮尚志（岐阜大）：高分子・タンパク質フォールディングへのTDA 



Digital Image Analysis using Persistent
Homology and Machine Learning

Ippei Obayashi, (AIMR, Tohoku Univ.)

Data (point clouds, images, etc.) Persistence diagrams

Machine 
learning
・PCA
・Regression
・Classification
   :

Characteristic 
geometric 
patterns 
in data

Additional information

Visualize

Inverse analysis

I. Obayashi (AIMR (Tohoku U.)) Persistent homology Feb. 2, 2018 1 / 1



数学を使って「粉体が結晶になる際の構造の変化」を解明

Nature Communications 8: 15082 (2017)
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結晶構造 
高密度

非晶質 
低密度

密度0.60 0.63 0.69 0.73

発表担当｜竹内 博志（東北大）
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