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Abstract

Materials with tailored microstructures are an emerging class of materials with applications
to battery electrodes, organic electronics, and biosensors. Tailoring microstructural features
that control properties of these materials depends on the ability to first identify the salient
features governing properties and next to alter the microstructure accordingly. Choosing ro-
bust microstructure representation is pivotal towards completing both steps. In this paper,
we focus on the first step and present the methodology for extracting and quantifying a local
set of microstructural features covering topology, shape and size aspects of the microstruc-
ture. We use the myriad of tools to facilitate the process of clustering the common features
in a given morphology and back tracking them in the input morphology opening avenues for
the morphology optimization.
Keywords: feature extraction, microstructural descriptor, organic solar cells, heterogenous
microstructure, computational geometry, clustering

1. Introduction

Quantifying structural features from microstructural samples is a fundamental step for
establishing reliable structure-property relationships in materials (SPR). Establishing SPR
provides quantitative means to understanding the behavior of materials subjected to various
stimuli, but it is rarely a trivial task for several reasons [1, 2, 3]. First of all, the structure
of materials has a wide spectrum of features ranging from atomistic to microstructural that
may involve chemical, compositional, geometrical or topological characteristics. Although
each feature, or combination of features, may potentially govern the materials properties of
interest, it is reasonable to assume that only some structure aspects control the given class
of properties. With such an assumption, the goal of quantitative SPR is to identify salient
features of the microstructure that reliably explains most of the variability of the behavior of
materials under consideration. The distilled key features become the basis for the predictive
modeling, exploration, optimization, and design of materials with desired properties.
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The textbook example of SPR relations is the Hall-Petch scaling law [4]. It explains the
strength of the materials through the average grain size of the microstructure. This law has
been harnessed to explain the properties for a wide spectrum of materials [5]. The average
grain size, or in the more general case the characteristic length scale, is typically the first
choice for the salient features. Nevertheless, the geometrical [6] and topological aspects [7]
are more and more often discussed in the context of structural features governing properties
of materials. For example, Mangipud et al. [7] showed that the prefactor in scaling law
of stiffness and strength of nanoporous materials scales linearly with the genus of topology.
This is an important example of SPR as it demonstrates that a more general SPR can be
derived if the expanded set of structural features is available.

In another work by Carpinteri et al. [8], authors argued that the size effects in the scaling
laws for materials strengths can be explained purely based on geometry as long as scale-
invariant quantity can be identified. Authors showed that no micro-mechanical models are
needed to derive the scaling law. Moreover, using their salient features, they demonstrated
the generalization of the classical comminution laws. This is another powerful example
where identifying the salient feature leads to a generalization of the scaling laws as long as
appropriate features are identified.

Identifying the salient features is challenging as materials, and their microstructures are
hierarchical by nature. Materials used in advanced technologies exhibit rich structure with
features spanning multiple scales ranging from atomistic to macro scale. At the mesoscale,
considered in the paper, diverse structures can be found. The complexity of materials neces-
sitates the digital representation capturing various aspects of microstructure. Good represen-
tation is important as it facilitates (i) analysis through quantification of features governing
properties, (ii) synthesis through modification of microstructure, optimization, and in the
more general case – inverse problem. Ad hoc feature selection, from images – micrograph,
is the traditional approach and may inadvertently miss details of the analysis and limit the
generalizability of the analysis. One remedy to this issue is capturing the hierarchy (or
multiresolution features) of the microstructure while keeping track of relative dependencies
between features at various levels. Local modifications to the microstructure are the original
motivation to conduct this work. We created the pipeline for the visual analysis to be able
to identify the features of the microstructure (e.g., bottlenecks along the skeleton) that later
on can be modified (e.g., broaden the neck) to evaluate the properties. To achieve this over-
arching goal, we divided the microstructures into the patches, calculated the curvature to
be able to infer their shapes, and finally applied the clustering algorithm to quickly lookup
patches with similar shapes. The results included in the paper showcase the workflow. The
workflow has capabilities to identify the patches of given criteria (e.g., cylindrical), which is
the first step towards local modifications and the impact on the properties.

Moreover, in this paper, we address the need for multiresolution microstructure character-
ization and local feature extraction. We describe the methodology to simultaneously extract
topological features, shape and size characteristics from heterogeneous microstructural sam-
ples. We apply the skeletonization algorithm to extract the topology of the microstructure.
Next, we segment the backbone to demarcate mesoscale patches. Finally, we characterize
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each patch with local features, e.g., curvature, to infer shape and size. This is a unique
aspect of our analysis pipeline, as it allows the extraction of the local features rather than
volume averaged quantities. We apply this methodology to analyze the two-phase morphol-
ogy evolution of spinodal decomposition and focus on interface curvature distribution within
the local patch to cluster local features into features of similar shapes. Although Park et al.
demonstrated the evolution of local principal curvatures for spinodal decomposition. [9], the
authors derived the semi-analytical approach to rate laws for the mean curvature.

2. Local feature extraction from microstructure sets

We propose to extract the local feature following three steps. In the first step, we ex-
tract the topology of the microstructure by determining the skeleton or backbone of the
microstructure (see Fig. 1). Next, using the skeleton as a topological abbreviation of the
microstructure, we divide the microstructure into patches. In particular, we extract patches
along the skeleton (see Fig. 3(a)) with patch size dictated by the local resolution of the
microstructural features. Finally, for each patch, we further characterize its shape by calcu-
lating the curvature distribution (see Fig. 3(d)).

2.1. Microstructure representation
Microstructure is typically imaged via microscopy [10, 11] or predicted by numerical

simulation [12, 13]. Depending on the specifics of the techniques used, the level of information
extracted from the sample varies. For example, atom probe tomography [14] or molecular
dynamic simulations [13] extract the information about position of individual atoms, while
optical microscope [10], tomography or continuum simulations [12, 3] stores information in
the voxel-based format. For this work, we assume that microstructure is stored as an array
of voxels Z, where each voxel encodes the local phase. For two-phase microstructure, a phase
is given as discrete variable {0, 1}, where 0 represents one phase (marked black in figures)
while 1 represents the second phase (marked white in figures).

Extracting topology of heterogenous microstructure
In the first step, we extract the microstructural backbone using skeletonization algo-

rithm [15]. Skeletonization is a classical algorithm in computational geometry that extracts
the medial axis from 3D volumes. In general, the medial axis is the subset of points (from
input 3D volume) having more than one closest point on the object’s boundary. For example,
Figure 1 (a and c) depict the two-phase input morphology and the corresponding skeleton de-
termined for one phase (black phase for two dimensional microstructure and semi-transparent
grey for three dimensional microstructure, respectively). Note that determined skeleton con-
stitutes the medial axis for the black domains where the white/black interface is the object
boundary. The analogous skeleton can be determined for the opposite phase.

Different approaches for performing skeletonization exist (distance transform [16], Voronoi
based [17], thinning [18, 15]). In this paper, we leverage the thinning algorithm proposed
by Pudney [15]. Details of the algorithm are given in the original paper [15], and here we

3



(b)

(a)

0 greater than 7 nm

(c)

x

z

electrode

70

250

electrode

skeleton

Figure 1: The elements involved in extracting the skeleton: the left column illustrates the steps for two
dimensions while the right column illustrates steps for three dimensions. Panel (a) shows the original
morphology. The black regions represent one phase, white regions represent the second phase and the gray
region in between represents the interface. The blue axis represents the z-direction along film thickness while
the red axis represents the x-direction. The anode corresponds to the line parallel to the x-direction at z=70
while the cathode is the line at z=0. Panel (b) shows the distance field computed for one phase in a given
two-phase morphology. The color reflects the distance from each black voxel to the nearest interface with
the another phase. This panel depicts distances using a color map. Panel (c) shows the skeleton computed
from the distance field overlaid on a transparent slice of the given morphology. The skeleton represents the
medial axis inside the black phase.
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Figure 2: The steps of extracting the skeleton: distance field calculation to the interface, the thinning
algorithm resulting in the subset of voxels, and spatial graph construction.
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only provide the outline of steps to introduce basic terms required to describe our analysis
pipeline.

The algorithm involves three main steps (Figure 2): (i) calculating distance map to the
boundary, (ii) volume thinning, and (iii) spatial graph construction. The distance map
generates a distance field (in our case, it is the set of shortest distances from each black
voxel to the interface (as shown in Fig. 1 b)). Instead of using the actual Euclidean distance
metric, the algorithm uses the chamfer distance transform, Dc, that determines the order of
the voxel from the interface. The transform is defined by :

Dc(p) = min{Dc(q) + dc(p, q)}, p ∈ Z, q ∈ N26(p), 0 otherwise (1)

where N26(p) is the set of 26 neighbor voxels of p (3× 3× 3).
The order of voxels, dc(p), is a crucial element for the second step of the algorithm when

voxels are successively deleted based on the order in the distance map. At the end of this
step, the medial axis is determined through a subset of the input set. Formally, the thinning
is performed on a three dimensional uniform lattice of voxels, Z, with the neighborhood of a
constituting point defined by (m,n) to determine the medial axis F ∈ Z. The neighborhood
definition is needed to deploy the thinning algorithm and locally delete voxels until the
unique F (thin skeleton) is determined.

In the final step, the subset F from Z is converted into a spatial graph. This is an
important step, as the discrete set of points is now formally converted into a set of edges with
connectivity matrix denoting the topology of the skeleton. Formally, the graph is an ordered
pair G = (V,E) comprising a set V of vertices, nodes or points together with a set E of edges,
which are 2-element subsets of V . In a case of morphology type considered in this work,
each edge corresponds to a curve connecting two vertices. However, the information about
the constituting voxels from F is additionally stored. Since the set of voxels corresponds to
the discrete representation of the edges, the edge length can be calculated. The length of
each edge is defined as the sum of the Euclidean distances between adjacent voxels along
a given edge. In this work, we use the spatial graph implemented under Amira [19]. More
details on the methods of extracting the spatial graph can be found in the Amira user guide.
Other statistics of the graph can also be extracted - as shown in [20].

The graph is a data structure that has several advantages important for this work. First
of all, it provides a compact representation of microstructural topology. By converting mi-
crostructure into the graph, classic algorithms from graph theory can be applied to quantify
various topological features, such as connectivity. Finally, in the context of this work, the
graph is a preferred data structure as it guides the path extraction from the morphology.

Extracting patches and associated sizes
In the second step of the methodology, we identify a local region that we call patches (see

Fig. 3). A patch is a local region inside the morphology that captures various aspects of the
microstructure. This is an important step of the analysis as it introduces mesoscale into the
microstructure representation. It also allows extracting building blocks in the microstructure
and enable the local meso scale analysis.
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Figure 3: Protocol of patch extraction: Panel (a) shows three overlaid views of the two dimensional mor-
phology (distance field, morphology pixels, and the skeleton. The zoomed-in view shows an example of a
patch. C represents the patch center which lies on the skeleton (or close to the skeleton). The distance field
value is determined at C. The patch size is chosen as a cube of size 2(D + d) pixels. Where d is a parameter
selected by the user. In this example, D = 10 pixels and d = 5 pixels. Panels (b) and (c) represent the
extraction of the interface and curvature extraction. Panel (d) represents the PISD histogram for one patch.
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Figure 4: Two strategies for patch center selection, where the circles show the patch centers both in 2D and
3D. Panel (a) shows the choice of the patch centers guided by segmentation of the 2D morphology (upper
row). In this strategy, we place the patch at the intersection between every two segments. This helps when
the hour-glass shapes need to be identified. (b) Uniform distribution of the centers, on the backbone. The
patches, in this case, are placed based on the length of the backbone as well as the patch sizes. This strategy
is used when it is required to extract all curvatures and not hourglass shapes only. The 3D image to the
right shows a sample of some patches with different sizes and centers.

The choice of patch size is the most important aspect of patch extraction. In particular, it
should reflect the mesoscale and enable statistical analysis. For example, too small patches
capture very local features potentially missing key features. In other words, each patch
would be indistinguishable defying any structural analysis. Too large patches, on the other
hand, would lead to a very similar outcome as each patch would capture unique aspects of the
microstructure making any clustering inefficient. To sum up, we have two main requirements
for the choice of the patch size:

• Each interface fragment captured within the patch needs to be large enough to define
meaningful curvature while maintaining the locality of the patch.

• Neighboring patches should not overlap significantly, to avoid the redundancy.

To address the above requirements, we extract patches along the backbone of the morphology.
To define the patch we need to choose the center. Since the backbone by definition is the
medial axis of the structure between two interface fragments, then the first step is to choose
the center from the skeleton. Once path centers are chosen, the size of the patch needs
to be decided. Here, we use the distance map determined in the skeletonization step (D).
Accordingly, given a patch center Ci, the corresponding distance Di from distance field is
retrieved. Essentially, the distance Di informs on the distance to the nearest interface as
shown in Fig. 3(a). It is used to guide the patch size, where the final size S is chosen - as
shown in Fig. 3(b) according to equation :

S = 2(D + d) (2)
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where d is the off-set chosen arbitrarily. The patch is either square or cubical with size S in 2D
and 3D, respectively. The above protocol guarantees that patch extraction is adapted to the
local features of the morphology. In particular, extraction of local features of morphologies
with complex underlying topology will result in smaller patches, while coarse morphologies
will lead to fewer patches of a larger size. Equation 2.1 ensures that representative interface
from the local neighborhood of the patch center is extracted.

Finally, to guide the selection of the patch center, in the process of patch extraction input,
for a given morphology a set of patches are generated. Two strategies can be employed:

1. Domain size-guided patch center distribution We aim to select the patches along
the skeleton where the corresponding distance field changes significantly. The local
narrowing of the domain is indicative of the bottlenecks, potentially deteriorating the
transport properties. By tracing the local distance to the interface, the local regions
with narrow necks can be identified. We perform extract step to find the regions of
similar distance to the interface (and hence domain size). Specifically, we perform
an extra segmentation step by applying a Watershed algorithm [21] on the distance
map along with persistence-based [22] merging step. As the outcome, the phase of the
morphology is segmented into regions of similar size. Figure 4(a) depicts one phase
of the morphology segmented into domains that we call segments. Each segment is
colored differently. For each backbone edge e from skeletal graph G, we extract an array
of distances from map D. The array corresponds to all points from F , constituting
an edge e. Next, the center of the patches is placed at the intersection of the regions
computed as a result of the segmentation, as shown in Figure 4(a). Example results
are depicted in Figure 4; each segment color reflects regions of different sizes.

2. Topology-guided patch center distribution We aim to select the patches that
reflect the complexity of the topology. If the morphology is topologically complex
with many branches, the patches should reflect the shape of domains for constituting
branches. For each backbone edge e from skeletal graph G, we compute the edge length
dE. Next, we place a patch center in the midpoint of that edge. From distance map
D, we retrieve the distance de for the path center. If de < dE, we add additional two
patch centers on the backbone such that the edge is divided into three equal parts.
The process is repeated until the condition is satisfied. The results are demonstrated
in Figure 4(b). This strategy aims at uniform coverage of the backbone edges and
overall topology.

Regardless of the strategy chosen, it is worth noting that the size of local features can be
simultaneously extracted.

Patch Interface Shape Distribution (PISD) computation
Finally, once the patches are determined, we proceed to quantifying their shapes as

follows. For each patch, we reconstruct the interface fragments as shown in Figure 3(b), (c).
Next, for each point at the reconstructed surface, we calculate the principal curvatures (κ1,
κ2). We aggregate the curvatures information in the form of distribution through Patch
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Figure 5: An illustration of PISD for different three dimensional patch shapes: the 3D patches are color-coded
by Gaussian curvature to illustrate curvature distribution in three dimensions.

Interface Shape Distribution (PISD) [23]. PISD is defined by the probability density that a
randomly chosen point on the patch surface will have a value between κ1 and κ1+δκ1 and
κ2 and κ2+δκ2. This is computed as follows:

PISD(κ1, κ2) = A(κ1, κ2)/δκ1δκ2AI , (3)

where A(κ1, κ2) is the sum of the areas of the triangles in the interface mesh that has principal
values of (κ1, κ2), AI is the sum of the areas of all the triangles that fall on the patch interface
surface. To get a meaningful comparison among the patches that have different sizes, we
normalize the principal curvature. In particular, for each patch, we divide κ1 and κ2 by
the surface-volume ratio SV = AI/V , where V is the volume of the one phase. An example
histogram is depicted in Fig. 3(d). In Figure 5 (a), two patches with the corresponding
PISD are depicted. We have chosen these shapes to demonstrate that PISD has capabilities
to differentiate between significantly different shapes. In both cases, the interface is color-
coded using Gaussian curvature. Three additional shapes are depicted in Figure 5 (b),
namely sphere, and cylinder.

3. Technical details

Results generated for this paper leverage a myriad of software. We use Amira to build
our basic visualization system that has been adapted by implementing specialized plugins.
We also use MATLAB and D3.js K-medoids clustering plugin to generate cluster view.
Preprocessing and visualization are executed on Intel Xeon CPU E5-2698 v3 @ 2.30GHz
with two processors with 128 GB RAM - as illustrated in Figure 6.

The figure depicts an overview of the main modules of the software framework. The
framework operates in two steps: preprocessing and visual exploration. The system deals
with any number of simulation parameters (represented by n in the figure). The parameters
are represented by a range of values so that during the visual analysis, the user can filter
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their choices accordingly. A single simulation can generate multiple microstructures (m in
the figure). Our framework provides the user interface to choose the microstructures. The
first step of the analysis pipeline is to compute the backbones. Next, the framework extracts
the patches from all selected microstructures (k in the figure), and then computes PISDs
and performs the k-medoid clustering. Since this stage of the analysis is computationally
demanding, it is done before the visual interactions. In the visual exploration phase, we
use two-dimensional views to display the simulation parameters, performance indicators,
and PISDs. The user interactively deals with these views to either get a quick overview
of general structure performance relationships. For example, the user can choose PISDs of
cylindrical shapes (or medoids of these shapes), then the program shows in real-time the
related performance and simulation parameters. If the users are interested in inspecting a
particular patch in detail (for example, a patch that shows unexpected behavior; for example
a relatively large distance field - means wide cross-section or low bottleneck), then they can
explore this patch by clicking on the PISD, get the patch index, and look up the patch in
the input morphology displayed in three dimensions. Using this framework, the user can
understand the key reasons for a certain performance. In this project, the performance can
be quickly evaluated using our surrogate model of the efficiency of organic solar cells [24].
Such insight can guide the research later towards the influence of topological/structure/or
simulation parameters on the performance.

4. Results

To showcase the capability of our framework, we perform three step quantification of
the representative microstructures that follow spinodal decomposition [25, 26]. Spinodal
decomposition is a microstructure evolution mechanism. It is crucial for many applications
including fabrication of organic solar cells [25] that has been the main science driver for
this work. In particular, the kinetics of spinodal decomposition is directly linked with the
fabrication process and controls the properties of these devices. Hence, understanding how
morphological features evolve in time is of importance for the design of the fabrication pro-
cess [25]. The methodology presented in this paper is leveraged to perform characterization
and enable quantitative understanding of morphology evolution. The results section is or-
ganized into four sections, and we begin by providing details on the data generation process
and then discussing three-step quantification of morphological samples.

4.1. Data generation
We study microstructure evolution of a binary system following spinodal decomposi-

tion [26]. This is an interesting mechanism characterized by a rich and complex collection
of interacting phenomena. In our example, the binary mixture of two polymers initially
separates into phases very rapidly (phase-separation), followed by slow, and sporadic coars-
ening events. We use the physics-based framework to generate large data sets of morpholo-
gies [27, 26]. The framework is based on a governing equation called the Cahn-Hilliard
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Figure 6: The software framework works on two steps: preprocessing and visual exploration. In the pre-
processing, the heavier computations are done only once and saved in a database. In the visual exploration
step, the user interactively fetches, filters, and visualize the data of interest from this database. Our visual
exploration system allow the user to visualize the data in 2D views that summarize statistical information
across large number of patches, while the 3D views allow the user to pick a point of interest from the set of
micro structures and explore it in details.
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ti 0.30 0.44 0.63 0.81 1.0
NE 167 134 108 80 67
NV 143 123 102 71 61
dE 0.13 0.1 0.12 0.15 0.2
NEB

83 60 51 40 33

Figure 7: The time series of microstructure along with the backbone extraction and numerical values of
selected features: < NE > the number of edges, < NV > the number of vertices and < dE > the mean edge
length and NEB

the number of branching vertices (table).

equation [28] that encompasses the kinetics of both phase separation and coarsening:

∂φ

∂t
= ∇ ·

(
M
∂f

∂φ
− Cn2∇2φ

)
(4)

where φ(x, t) is the volume fraction of the polymer, which evolves in time and space, M is
the mobility, Cn is the Cahn number and f is the free energy. By solving this equation, we
predict the spatiotemporal morphology evolution, in the form of φ(x, t), for a two-component
system (two polymers). Example time series evolution of the binary system is illustrated
in Figure 7, where two components are mixed with a 1:1 ratio. We selected a dataset of
5 morphologies representative for few stages of the underlying process. We quantify five
three dimensional morphologies corresponding to selected times: t=0.2, 0.4, 0.8 and 1.0,
respectively. In each case, the size of each morphology is 50×50×50 voxels. White regions
correspond to a phase that is rich in one polymer, while gray regions correspond to a phase
rich in another polymer.

4.2. Topology and size quantification
For each microstructure in the dataset, we compute the backbone following the procedure

detailed in section 2.1. Figure 7 depicts the backbones along with the corresponding mor-
phologies and extracted statistics. In particular, the top panels of this figure illustrate the
phase distribution within the sample volume, while bottom panels depict the corresponding
backbones for five morphologies. It should be noted that topology can be determined by both
phases (black and white), here we only show backbones computed for the semi-transparent
grey phase (top panels).

12



Figure 8: Rate of change for selected features for spinodal decomposition microstructures: number of edges
< NE >, number of vertices < NV > and edge length < dE >.

The first time snapshot corresponds to the morphology representative for the phase sep-
aration process. At this stage, the backbone consists of 167 edges exposing the richness of
initial morphology (t=0.3) with 83 branching vertices. As time progresses, and morphology
coarsens, the number of edges gradually decreases to 67 edges for the last studied snapshot
(t=1.0). This is not surprising, as in this evolution stage (between t1 and t5), morphology
exhibits a clear coarsening process. During coarsening, the interfacial energy is dissipated.
It is accompanied by (i) a decrease of the interface area between phases and (ii) an increase
in the domain size. However, the topology also changes over the annealing time. In this
paper, we quantified two topology-related descriptors: the total number of edges and the
total number of vertices. Both these quantities decreases with time. The opposite trend is
observed for the average edge length. As expected, the mean edge length increases with time
- as seen in Figure 8.

The rate change of morphological change during the coarsening has been expressed
through the coarsening laws. The coarsening laws have been mostly centered around the
effects of domain sizes, e.g., < d >∼ t1/3 where d is the domain size [29, 30]. Recently, coars-
ening laws have been discussed in the context of topology [31]. The topological features, such
as the number of edges and nodes, can be used to expand the corresponding coarsening laws
in terms of another set of morphological features. The systematic study of various features
for several morphology types is currently being carried out and will be part of the separate
publication.

4.3. Shape classification
The final step of morphology quantification involves the shape classification. Here, we

focus on the local shape extraction as opposite to shape quantification averaged over the
entire sample [31]. Similar to size quantification, we begin with dividing morphologies into
patches. We leverage the skeletons computed in the previous step (Figure 8). As an outcome
1234 patches are generated using the domain size-guided strategy from subsection 2.1 and
Figure 3. For each patch, we compute a PISD (30X30 resolution of interface reconstructed)
and executed Principal Component Analysis (PCA) to reduce the representation of PISD
into a manageable feature vector. Next, we execute the t-SNE algorithm [32] to view shape
distribution of all patches while preserving the similarities between them. We use the first
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Figure 9: The figure illustrates the patch PISD views used for exploring the given data set. Panel (a)
illustrates the cluster view produced by the t-SNE algorithm. This view gives an overview of all the patches
of the dataset. Panel (b) illustrates the medoid patches generated by the k-medoid algorithm.

ten components of the PCA to execute t-SNE. The view generated by the t-SNE is shown
in Figure 9. This algorithm gives each data point, in this case each patch, a location in a
two-dimensional map. The outcome map provides quick insight into the dataset and can be
used for clustering and classification.

To demonstrate the utility of this step, we chose cylindrical patch shape and extracted
all patches of this type. To achieve it, we first identify PISDs characteristic for cylindrical
shapes. Next, we performed k-medoids clustering algorithm [33] on PCA-based feature
vectors. We found that our data set nicely into ten clear clusters. Finally, we extract the
medoid that represents the cylindrical cluster along with the patches. The corresponding
cylindrical patches are shown in Figure 10 (a) along with selected PISD. Inspection of these
patches confirms that they are cylindrical, although none of the patches is a perfect cylinder.
Finally, the extracted patches are mapped back to the input morphologies. We computed
the total number of cylindrical patch per microstructure. The distribution of the cylindrical
patches is represented in Figure 10 (b). Our analysis reveals that the number of cylindrical
patches per morphology gradually decreases with time, while patch fraction remains constant
with time.

The data analyzed in this paper corresponds to one class of microstructures. Moreover,
the data was obtained through numerical simulations. The interfaced we handled have been
smooth and relatively free of noise. In the case of the real data, some pre-processing steps
may be required. This is because a high level of noise may result in artifacts from the
skeletonization steps. For example, a skeleton may consist of extra branches. Pruning the
skeleton may be one strategy to handle this issue. At the same time, we handled complex
and heterogeneous microstructures that lead to representative patches of various shapes.
Nevertheless, it should be kept in mind that the framework may need to be refined, in terms
of strategies used to extract patches, if another type of microstructure is considered (e.g.,
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Figure 10: The figure illustrates the visual views used to explore one cluster of interest. The cluster includes
the patches that have high distribution along the x-axis which denotes the high distribution of cylindrical
regions. The left view shows the patches that belong to the cluster. The histogram shows the distribution
of these patches at each microstructure. The icons show 3D examples of the patches that belong to this
cluster.
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dendritic microstructures).

5. Conclusion

In this work, we presented the methodology to extract morphology descriptors ranging
from topology to size-related descriptors. The unique aspect of this work lies in the system-
atic protocol to fine tune various features, rather than focusing on one well-defined feature.
Using the proposed methodology, the scaling laws for the rate of change for selected features
during spinodal decomposition can be determined. Here, we only showcase the utility of the
feature extraction and their utility to establish rate laws, and we defer detailed discussion
on the coarsening laws to the separate paper. The methodology is extendable to other types
of the microstructure. In this sense, this methodology opens novel avenues to study coars-
ening laws in materials science. The work presented in this paper is the first step towards
more extensive feature extraction from heterogeneous microstructural samples. Finally, this
methodology lays the foundation for microstructure property-based machine learning, where
salient feature selection is derived from the comprehensive library of diverse descriptors.

Data availability

The datasets generated and analyzed during the current study are available from the
corresponding authors on reasonable request.
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