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Segmenting 3D atomistic simulation data is challenging due to sparsity,
irregular structure, and the absence of clear phase boundaries. Unlike con-
ventional segmentation tasks, phase identification in molecular systems
depends on subtle density variations rather than geometric cues. We address
this problem in systems exhibiting Fe-rich (metallic) and Fe-poor (silicate)
phases with gradual compositional transitions. Traditional voxel-based meth-
ods often fail in small supercells due to noise and fragmentation. We propose
a structure-aware segmentation pipeline that combines density smooth-
ing, unsupervised clustering, and periodicity-aware connected component
analysis. Our method achieves consistent, physically meaningful segmenta-
tion across time, enabling robust compositional analysis and trace element
partitioning in sparse, constrained data.

CCS Concepts: « Computing methodologies — Unsupervised learning;
«+ Applied computing — Phase Segmentation.
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1 Introduction

Understanding phase separation in atomistic systems is critical for
interpreting molecular simulations of complex materials. We study a
520-atom Fe-Mg-Si-O-N system (FegsMg104Si720251N3g), represen-
tative of high-pressure planetary interiors, where two compositional
phases emerge: an Fe-rich (metallic) and an Fe-poor (silicate) region.
This setup models early Earth conditions, where metal-silicate sep-
aration drives core-mantle differentiation. Our goal is to segment
these phases and quantify trace element behavior—particularly ni-
trogen—using the nitrogen partitioning coefficient (Kg), defined as
the ratio of nitrogen’s weight percent in Fe-rich to Fe-poor regions.

Phase identification in this setting is complicated by sparse and ir-
regular atomic arrangements and the lack of sharply defined bound-
aries between regions. Unlike conventional segmentation problems
[3, 6], here the distinction must be made based on subtle differences
in local density rather than geometric or visual cues. Traditional
methods such as geometric fitting or threshold-based binning [7]
often fail due to noise, limited resolution, and fragmented spatial
continuity.

To address these challenges, we introduce a structure-aware seg-
mentation pipeline that integrates smoothed Fe density estimation,
unsupervised clustering, and periodic-aware connected component
analysis to extract contiguous compositional phases. This enables
robust and consistent phase identification, facilitating reliable com-
positional analysis across time-resolved simulation frames.

2 Related Work

Traditional geometric methods like convex hulls [1] and alpha
shapes [2] are commonly used to delineate spatial regions but per-
form poorly in sparse, periodic atomistic simulations. Convex hulls
tend to overestimate boundaries in non-convex or hollow structures,
while alpha shapes require fine parameter tuning and often miss
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meaningful features in irregular data. Both approaches ignore peri-
odic boundary conditions, resulting in discontinuities. Voxel-based
binning, used in our previous work [7], also suffers from noise and
resolution issues in small supercells.

To address these challenges, we introduce a structure-aware seg-
mentation pipeline that transforms atomic positions into a smoothed
Fe density field, applies unsupervised clustering, and incorporates
periodicity-aware connectivity filtering. This enables accurate and
robust phase segmentation in sparse 3D atomic systems.

3 Approach

We propose a structure-aware segmentation pipeline for identify-
ing compositional phases (e.g., Fe-rich and Fe-poor) from sparse
3D atomistic simulation frames. The method is fully unsupervised,
physically informed, and designed to operate under periodic bound-
ary conditions (PBC). The key steps are as follows:

3.1 Binning with PBC-aware Tiling

To estimate the spatial distribution of Fe atoms, we discretize atomic
positions into a 3D histogram grid (100x100x100 bins). To respect
PBC, we tile each simulation frame by virtually replicating atomic
coordinates across +1 box length in all three dimensions. This en-
sures density continuity at simulation box edges.

3.2 Gaussian Smoothing

Because the underlying atomic data is sparse and irregularly sam-
pled, we apply a Gaussian filter to the binned histogram. This pro-
duces a continuous density field, helping suppress noise while pre-
serving compositional gradients.

3.3 KMeans Clustering

We flatten the smoothed density field and apply KMeans clustering
(K=2) to distinguish high-density (Fe-rich) and low-density (Fe-poor)
regions. Unlike thresholding-based methods, this data-driven ap-
proach adapts to local density distributions across different frames.

3.4 Connectivity Filtering via Union-Find

We enforce spatial continuity of the Fe-rich region using a union-
find algorithm that tracks face-connected components while ac-
counting for Periodic Boundary Condition (PBC). We retain the
largest connected Fe-rich cluster and remove small fragmented
patches from the Fe-poor region.

3.5 Boundary Region Assignment

To capture the diffuse nature of phase transitions, we define a bound-
ary region between Fe-rich and Fe-poor zones using symmetric dis-
tance transforms. Voxels within a specified distance (0.17 A in our
case) from both Fe-rich and Fe-poor regions are labeled as boundary.
This allows us to isolate interfacial regions where compositional
mixing or phase exchange is most likely to occur.
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3.6 Atom Classification and Composition Analysis

Voxel-level labels (Fe-rich, Fe-poor, boundary) are assigned to indi-
vidual atoms based on their bin indices. For each region, we calculate
element-wise counts and weight percentages using known atomic
masses. This analysis is performed across all simulation frames, and
the results are aggregated to assess segregated phase composition
over time.

4 Results

We applied our segmentation pipeline to a 520-atom Fe-Mg-Si-O—
N simulation, initialized with Bulk Earth composition and evolved
under high-pressure conditions. The analyzed snapshots capture a
phase-separated state in which heavier elements (e.g., Fe) and lighter
elements (e.g., Mg, Si, O) have spatially segregated into two distinct
regions—mimicking the metal-silicate separation that underlies
core-mantle differentiation.

Figure 1 shows the atomic configuration of a representative snap-
shot. Although the identity of each atom is known, the underlying
phases are not visually separable, motivating the need for automated
segmentation.

Figure 2 illustrates the segmentation output across central XY,
YZ, and ZX slices. While segmentation is performed in 3D, these 2D
views support interpretation. The top and middle rows display Fe-
rich (yellow), Fe-poor (black), and fuzzy boundary (red) regions with-
out and with a 0.34 A buffer. The bottom row shows the smoothed
Fe density input used for clustering.

We analyzed 25 uniformly sampled snapshots and computed the
average weight percent of each element in Fe-rich and Fe-poor
regions. Table 1 summarizes the results. The Fe-rich region exhibits
>96% Fe content with minimal light elements, closely resembling
Earth’s core, while the Fe-poor region contains high concentrations
of O, Mg, and Si—consistent with mantle-like composition. This
supports the physical validity of our segmentation approach.

We further quantified nitrogen partitioning using the coefficient:

N Wt% of N in Fe-rich

D=

wt% of N in Fe-poor’

We find Kg ~ 9.0 without boundary buffering and Kg ~ 11.7 with
buffering, confirming nitrogen’s strong preference for the Fe-rich
phase.

Table 1. Elemental weight percent (%) in segmented regions (avg. over 25
snapshots) vs. Bulk Earth model [4, 5].

Elem w/ Bound. No Bound. Core Mantle
Fe-rich Fe-poor Fe-rich Fe-poor Model Model
Fe 96.5 0.11 94.7 0.11 95.5 6.9
Mg 0.00 30.6 0.00 30.0 - 28.0
Si 0.86 23.1 1.41 23.2 3.0 21.0
¢} 0.96 46.1 1.99 46.5 1.5 44.0

N 1.64 0.14 1.89 0.21 - -

Fig. 1. 3D atomic configuration and Fe-rich phase segmentation from a
representative molecular dynamics snapshot. Left: Atomic positions are
visualized with atoms color-coded by element — Fe (red), Mg (green), Si
(blue), O (orange), and N (violet). Right: Segmented Fe-rich regions are
shown as translucent crimson voxel volumes, highlighting spatially clustered
metal-rich domains within the simulation box.

Fig. 2. Phase segmentation and Fe density visualization across central slices
(XY, YZ, ZX). Top: Segmentation without boundary. Middle: Segmentation
with 0.34 A fuzzy boundary (red). Bottom: Smoothed Fe density used for
clustering.

5 Discussion and Conclusion

We present a structure-aware segmentation pipeline for identify-
ing segregated phases in sparse 3D atomistic data. By combining
density smoothing, unsupervised clustering, and periodicity-aware
connected component filtering—including the removal of small,
disconnected patches—the pipeline addresses key limitations of tra-
ditional geometric methods. The resulting Fe-rich and Fe-poor phase
assignments reproduce expected compositional trends, including
nitrogen enrichment in the Fe-rich phase. These results demonstrate
that accurate and physically meaningful segmentation is achievable
even in sparse, irregular systems, enabling robust analysis of phase
behavior and trace element partitioning in complex materials.
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