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Abstract

This paper proposes a geometric clustering method for lattice fringes in HRTEM images to
enable quantitative morphological analysis of the active phase of sulfide catalysts directly
from micrographs. We developed a composite distance function between polyline represen-
tations of lattice fringes that incorporates structural and morphological characteristics of
the catalyst and possesses a direct geometric interpretation. The proposed function satisfies
semimetric axioms, ensuring its compatibility with density- and graph-based clustering al-
gorithms that do not require centroid representations. For grouping of manually annotated
lattice fringes, the DBSCAN algorithm was employed with a minimum cluster size of one.
Experimental validation on both synthetic and real-world data, as well as an ablation study,
confirms the high accuracy and physical interpretability of the approach, establishing it
as a promising tool for high-throughput morphological analysis of sulfide catalysts and
rational design of catalytic systems.

Keywords: density-based clustering; HRTEM image analysis; sulfide catalysts; nanoparticle
morphology; relational clustering; interpretable machine learning

1. Introduction

Catalytic processing of biomass [1], lignin [2], and pyrolysis oils [3] as alternative
feedstocks for commercial fuels and petrochemical intermediates is associated with the need
to remove a significant amount of heteroatomic compounds (oxygen-, sulfur-, and nitrogen-
containing). Cobalt- or nickel-promoted molybdenum or tungsten disulfide nanostructured
catalysts are the most widely used industrial systems [4,5]. Based on current knowledge,
the catalytic activity of these systems is determined by the morphology of the active phase
particles, in particular the average sulfide slab length and the stacking number [6].

High-resolution transmission electron microscopy (HRTEM) is a primary technique for
the morphological study of sulfide catalysts, allowing for the acquisition of images of the
active phase of nanoparticles [7]. These images have clearly defined structural features (see
Figure 1) corresponding to the physicochemical structure of the material. Namely, Molyb-
denum (MoS;) and tungsten (WS,) sulfides, along with their promoted forms (NiMoS,
CoMoS, NiWS), exhibit a layered structure [8]. Each individual layer follows a “sandwich”
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configuration: a central plane of molybdenum atoms is sandwiched between two sulfur
planes, forming S-Mo-S bonds. The threadlike lattice fringes in HRTEM micrographs
effectively represent MoS, /WS, layers whose basal planes are oriented parallel to the
electron beam [9]. An isolated fringe or a group of parallel fringes corresponds to catalyst
nanoplatelets with specific spatial periodicity and varying orientations.
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Figure 1. Example of an HRTEM image of a sulfide catalyst nanostructure.

In recent years, numerous automated and Al-assisted methods for HRTEM and STEM
image analysis have appeared. However, almost all of them have been developed for other
objects and address different tasks. For example, Maksov et al. [10] used deep learning
to detect and classify defects in WS, and to follow phase evolution under the electron
beam, but their focus is on defect dynamics rather than on particle morphology (slab
length and stacking number). Larsen et al. [11] and Huang et al. [12] developed machine
learning approaches for exit wave reconstruction and for determining slip/twist at van der
Waals interfaces in MoS; /WS,. Other recent works target layer counting from optical [13],
hyperspectral PL clustering [14], or electronic property prediction [15], and none of them
address the problem of grouping fringes into sulfide stacks from HRTEM lattice fringes.

The closest related methodologies belong to the field of image-based nanocrystallogra-
phy (IBN), which focuses on crystal structure identification and parameter determination
through lattice fringe fingerprinting [16]. Zhong et al. [17] applied semantic segmentation
(DeepLab V3+) to extract lattice fringes from HRTEM images of coal, but their work does
not concern MoS; /WS, catalysts nor the grouping of fringes into stacks. GRATEv2 [18]
is an automated platform for analyzing conjugated polymers, where key segmentation
features are fine fringes and their connectivity (Figure 2b). These studies primarily target
crystallographic planes that appear as fringes due to phase contrast effects, yielding visual
similarities to layered sulfide nanoparticles (Figure 2a). However, directly applying these
methods to sulfide catalyst analysis is not feasible. In contrast, Ni(Co)Mo(W)S catalysts
appear in micrographs as layered nanoplatelets with characteristic parallel fringes, often
containing defects, curvatures, and diverse stacking structures (Figure 2c). Their analy-
sis therefore requires an approach specifically designed for grouping fringes into stacks
(sulfide stacks) and for extracting slab length and stacking number.
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Figure 2. (a) HRTEM image of an iron oxide nanoparticle that consists of two cores, A and B from [19];

(b) HRTEM image of a conjugated polymer copolymer from [18]; (¢) HRTEM image of in situ prepared
NiMoSy 5 catalysts.

Thus, these studies demonstrate the rapid development of automated and Al-assisted
microscopy data analysis. However, they predominantly address defect recognition, phase
identification, crystallographic characterization, image reconstruction, or generic segmenta-
tion tasks.

In contrast, the objective of the present work is the grouping of lattice fringes into
stacks and the extraction of catalyst-relevant morphological descriptors—namely slab
length and stacking number. To the best of our knowledge, no previous study has proposed
a physically motivated clustering framework specifically designed for this task.

Manual analysis of HRTEM images is highly labor-intensive and tedious. Conse-
quently, the automation of the detection and analysis of TEM images for sulfide catalysts,
specifically (i) detecting individual fringes corresponding to sulfide layers and (ii) aggre-
gating them into groups corresponding to sulfide stacks, is a pressing need.

This work addresses one essential step in automated HRTEM image analysis, namely
task (ii): merging layers represented by parallel fringes into groups corresponding to
multilayered slabs. To solve this, we propose a specially designed composite distance
function between polylines corresponding to detected layers. For MoS, and WS;, the
spatial arrangement of lattice fringes in HRTEM images (distance, parallelism, length ratios,
and lateral shifts) obeys a set of physicochemical constraints that must be considered when
constructing a distance function.

First of all, the interlayer spacing is fixed and lies in the range of 0.62-0.65 nm, as confirmed
by HRTEM measurements (0.63 nm—Peng et al. [20]; 0.616-0.630 nm—Wang et al. [21]; see
also Oviroh et al. [22]). The catalytic activity of sulfides is directly related to the average
slab length and the stacking number [23,24], which implies that within a single nanoparticle,
the layers have comparable lengths and are predominantly parallel. At the same time, due
to stacking faults, the layers are rarely perfectly aligned; the works of Ramos et al. [25]
and Isshiki et al. [26,27] provide evidence of shifts between S/S layers and the presence of
edge dislocations. The ability of the MoS; lattice to bend [28] further justifies the need for a
metric that is robust to small deviations from strict parallelism and that accounts for lateral
shifts. All the above constraints are encoded in a specialized semimetric distance function
between polylines.

Notably, using a distance function instead of explicit features (length, inclination,
curvature, etc.) shifts the paradigm from traditional feature-based analysis to a featureless
or relational-based approach [29], relying solely on pairwise object relationships. In this
framework, merging polylines into particles becomes a metric clustering problem [30].

The semimetric properties of the proposed distance function make it impracticable
to apply clustering methods based on Euclidean geometry and a predefined number of
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clusters. Among methods supporting featureless representations and requiring no prior
specification of the number of clusters (corresponding to nanoparticle count), DBSCAN
(Density-Based Spatial Clustering of Applications with Noise) [31] is widely used. DBSCAN
relies on local point density, grouping densely packed points while identifying outliers.

Experimental results demonstrate strong agreement between expert annotations and
the clustering results obtained with the proposed algorithm.

2. Task Formulation: Automated HRTEM Image Analysis for
Sulfide Catalysts

Understanding the relationship between the nanostructure of the NiMoS phase and
its activity enables the targeted design of highly active unsupported catalysts. HRTEM
images of such particles exhibit a characteristic appearance with clearly defined parallel
fringes corresponding to catalyst nanoplatelets with fixed spatial periodicity and varying
orientations (see Figure 3).

Figure 3. Structure of a TEM image of a sulfide catalyst and MoS; crystallite in a ball model with top
and side views of a slab consisting of four layers (Adapted from [32]). Yellow balls represent sulfur
atoms; blue balls represent molybdenum atoms.

The distribution of sulfide nanocrystallites by slab length L,, and stacking number
Ny, is a key characteristic of sulfide catalysts, as it forms the distribution of active site
types on their surface and directly determines catalytic performance [23,24]. Catalysts
predominantly featuring fewer layers often exhibit higher activity than those containing
multilayered particles [33,34]. Furthermore, curved platelets frequently contain defects
(dislocations, basal plane ruptures), which increase the number of accessible active sites
and influence activity [35].

Analysis results of HRTEM micrographs are traditionally presented as histograms of
detected nanoparticles by length and stacking number (Figure 4).

Given the large number of target objects in a micrograph and the ambiguity of human
perception of such structures, manual annotation is extremely laborious. Automation
requires solving at least two distinct problems: (i) detecting individual lines corresponding
to layers, and (ii) merging detected lines into structures corresponding to sulfide nanopar-
ticles. Two primary strategies naturally emerge. The first involves segmenting image
regions corresponding to individual particles, followed by line detection within these
regions, thereby transforming the second problem into region segmentation. The second
strategy reverses this order: individual lines (layers) are first detected across the entire
image, then merged into multilayered particles. Unmerged lines correspond to single-layer
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particles. The second strategy is preferable due to the relative simplicity of handling object
overlapping and intersection in electron microscopy images.
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Figure 4. Manually annotated image fragment and histograms of layer length and stacking number
per particle. Different line colors correspond to the number of layers in particles (highlighted by
yellow rectangles).

This work adopts the second strategy and focuses on the second step: merging pre-
detected lines into catalyst particle structures. From a machine learning perspective, this is
framed as a clustering problem. Objects in such problems can be represented either as fixed
feature vectors or via pairwise relationships. We represent the projection of a nano stack
slab onto the image plane as a polyline [ with ordered vertices (a vertex tuple) defined by
coordinates (x;,y;),i =1,2,...,n. Redundant collinear vertices between two neighbors are
removed via a simple preprocessing check. Duplicate or reversely ordered vertex tuples
are also excluded. This representation is optimal for both expert manual annotation and
computational storage/analysis.

While this representation can serve as input for standard clustering algorithms, the
nature of the object and HRTEM visualization impose constraints on how nanoplatelets
should be merged:

1. Interlayer distance is fixed for a given catalyst composition, e.g., the Inorganic Crystal
Structures Dataset (ICSD) [36] lists the MoS, lattice parameter ¢ ~ 12.3201312.9 A,
yielding an interlayer spacing of 0.615-0.645 nm, other studies reported similar values
(0.63 nm—Peng et al. [20]; 0.616-0.630 nm—Wang et al. [21]; see also Oviroh et al. [22]).

2. Layers may be curved, not strictly straight. Hilton and Fleischauer [28] showed that
the MoS; lattice “can bend, kink, or twist”.

3. Layers are arranged parallel to each other.

4. Layer lengths within a particle are uniform. Wang et al. [23] explicitly state that the
catalytic activity of MoS, is determined by the average slab length and the stacking
number. To compute an average, the layers within a given particle must have similar
lengths and be predominantly parallel—otherwise the concept of “average length” for
a nanoparticle loses its meaning. This is a widely accepted notion in modern literature
on sulfide catalyst properties.

5. Lateral shifts between layers are rare. The works of Ramos et al. [25] and Isshiki
et al. [26,27] provide evidence of shifts between S/S layers and the presence of
edge dislocations.

These five assumptions are reliably supported by experimental and literature evidence
and reflect the actual structural characteristics of MoS, and WS,. Encoding these constraints
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directly into a vertex-coordinate feature space is complex and requires modifying standard
clustering algorithms. Additionally, vertex numbering order may vary across lines. A
featureless approach based on pairwise comparison treats each polyline as an independent
object regardless of image coordinates, while embedding the constraints into a custom
two-argument function acting as a distance in the relational space.

3. Distance Function Between Polylines

Given these considerations, we define the distance D (li, [ j) between two layers [; and
I i,j=12,...,L where L—is the total number of detected layers as a function composed
of multiplicative components, each reflecting a specific nanoparticle structural feature:

D(1;,1;) = dgap (I, ;) - Rien (lis ;) - Raist (1ir 1) - Ratiag (i 1), 1,7 = 1,2, L. 1)

Let us examine the function structure in more detail.

dgap (1i, ;) is the base component of the distance function dependent on the distance
between the polylines. The term “distance between polylines” requires clarification. Since
different polylines can be represented by different numbers of vertices and have different
lengths, the task arises of finding points of polylines corresponding to each other, or,
otherwise, the alignment task. To avoid computationally expensive dynamic alignment,
we propose to divide each polyline into an equal number of equal-length intervals and
measure the average Euclidean distance between the points of the polylines lying on the
boundaries of the intervals with matching indices. The coordinates of these points are
determined by linear interpolation of the coordinates of the corresponding neighboring
vertices of the polyline. To resolve vertex ordering ambiguity, the average is calculated
twice—for the forward and reverse orders—and the minimum of them is selected as the
final estimate.

Let P be the number of vertices of a polyline. These vertices divide a polyline
into P — 1 intervals. Denote (xll,k/ ]/ll,k)/ k = 1,2,...,P the coordinates of the ver-
tices of the polyline /;, and (x,z,k, yl2,k)r k = 1,2,...,P for the polyline I. Therefore
dl,]
j. Then the mean distance between these lines dy;¢4; can be defined as:

min (Zledk,k(lll 1), Zledk,Pkarl (h, lz))
P

(I, 1) = \/(xll,i - xlz,j)z + (Y1, — y,2,j)2 is the Euclidean distance between points i and

dmean (llz ZZ):

. 2)

The numerator in Formula (2) determines the order of numbering points of compared
polylines. We assume that after the calculation of (2), this order is determined and used
when calculating the remaining components of function D(I1, ;) (1). In this case, we can,
where appropriate, write dy (I, 1) instead of d (11, 12).

If the mean distance between polylines significantly exceeds the standard reference
value, one can avoid further calculations and assign the distance function D(l, 1) a suffi-
ciently large value, for example, based on the dimensions of the analyzed image, as a rough
estimate of the distance between the most distant polylines.

We normalize the dyean (11, 12) value by the interlayer distance w in the nanoparticle
to obtain values close to unity regardless of its type. Since the interlayer distance in a
particle is subject to constraints, we significantly increase the weight of this component in
the final distance function using an exponential dependence on dyeqn (11, 12). As a result,
the component responsible for the distance between polylines takes the form:

dgap (lir l]) — edmean(ll,lz)/w 1
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The remaining components of the function (1) serve as correcting coefficients that
allow for accounting for features of topological arrangement and nanoparticle morphology,
so they are selected such that their minimum value equals 1.

Rien (ll-, I ]-) penalizes combining layers that differ significantly in their length. This
component represents the ratio of the maximum and minimum lengths of the com-
pared polylines.

Denote s(I) as the length of the line I/, defined as the sum of Euclidean distances
between its neighboring vertices, then:

maX(s(li), S(l]))
min(s(l;),s(l;))

The mean distance between polylines does not allow us to fully determine the speci-

Rien (lir l]) =

ficity of their mutual arrangement. The requirement of layer unidirectionality, considering
that lines can be curved, can be expressed by the following component reflecting the
homogeneity of distances:

maxp(dk(llz h))+¢

k=1,..,
Rdist(ll" l])_ Iﬂin (dk(ll/ 12)) + g

Ly

A small regularizing constant ¢ > 0 serves to prevent division by zero while preserving
the minimum component value equal to 1.

The next component, Rgjag (1,1 j), penalizes shifts in lines relative to each other while
preserving distance homogeneity and is defined as the ratio of “diagonal” lengths, that
is, the distance between the initial point of the first line and the final point of the second
and the final point of the first line and the initial point of the second line, considering the
direction of numbering found in (2):

max(dy,p(l;,1;),dp1(li, 1))
min(dy p(li, 1), dpa(li, 1))

Rdiag (Zi/ l]) =

Obviously, if the “diagonals” do not intersect, the lines cannot belong to the same
particle due to nanoparticle structure features, and the overall distance estimate D(Iy, 1)
should be assigned a sufficiently large value, for example, based on the dimensions of the
analyzed image.

The characteristics of distance function components are illustrated in Figure 5.

'

min(s(/,),s(/,)) _min (de(lu1)))+ & min(dy p(Usl;),dpy(1,l)))
A

=L...P T

D(l,,l_,) _ (edm”(/,,/,)/w B 1)' max(s(l,-),s(lj)) . kfllﬁ).(y(dk ([i’lj)) te ' max(d, p(/;,1;),dp (1;,1;))

A

geometric
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Figure 5. Characteristics of distance function components.

The proposed distance function D(1;, j) satisfies the following properties:
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e Non-negativity: D(I; ;) > 0 for any polylines I;,I;, since all components of the
proposed function take values in [1, %) or [0, ©);

e Identity: D(I;1;) = 0 if and only if /; and I; coincide with accuracy up to the direction
of traversal, since in this case dgq) (li, 1 ]-) = 0, and all other components equal unity;

e Symmetry: D(I;,1;) = D(l},1;), since all components are symmetric with respect to
argument permutation;

e  Triangle inequality: not guaranteed due to the multiplicative-exponential structure of
the function.

Thus, D(I;, 1 j) is a semimetric, which imposes certain limitations on the type of appli-
cable clustering algorithms.

4. Polylines Clustering

Modern clustering methods can be divided into the following groups, depending on
how they interpret the compactness hypothesis [37]:

e  Graph theory-based approaches: Clusters are defined as connected components or as
complete subgraphs (i.e., cliques) of corresponding graphs;

o  Centroid approaches: A cluster as some “averaged vector” in the corresponding
linear space;

e  Density-based approaches: A cluster is a family of regions with a certain point density
in the corresponding linear space;

e Distribution-based approaches: A cluster is modeled using a multidimensional statis-
tical distribution (in the overwhelming majority of cases, the normal distribution) in
the corresponding linear space.

Due to the features of the distance function, the proposed distance function forms a
semimetric space, and clustering algorithms that are oriented toward centroid approaches
and minimization of intra-class dispersion, such as K-means [38], Ward’s method [39], or
the EM algorithm [40,41], cannot be successfully applied, since they become mathematically
ill-defined in such spaces for the following reasons:

K-Means relies on computing centroids (arithmetic means) to minimize within-cluster
variance. In a semimetric space, the triangle inequality does not hold, meaning the arith-
metic mean no longer represents the geometric center that minimizes the sum of distances.
Furthermore, it requires pre-defining the number of clusters, which is unacceptable for the
problem under consideration.

Standard EM-based clustering assumes data is generated from multivariate Gaussian
distributions. The covariance matrices and the associated Mahalanobis distance strictly re-
quire a metric space derived from an inner product. Consequently, the probabilistic density
functions are ill-defined when the distance function lacks strict metric properties. While
theoretically possible, Kernel-based EM is generally ill-suited for this specific case because
the distance function likely does not satisfy the conditions required to form a valid kernel.

Ward’s method is designed to minimize the total within-cluster variance (the sum of
squared errors). The distance update formula for Ward’s method is derived directly from
Euclidean geometry and relies on the existence of a well-defined geometric centroid that
minimizes squared distances, which is not the case for semimetric spaces.

Thus, for the problem being solved, both graph theory-based algorithms and density-
based algorithms can be chosen. These methods rely solely on pairwise distance com-
parisons to define e-neighborhoods and reachability. They do not compute centroids,
assume global probability distributions, or require hierarchical monotonicity, making them
inherently robust and mathematically appropriate for clustering in semimetric spaces.

There is a deep theoretical connection between graph-based and density-based clus-
tering algorithms [42], and in many ways, they can be considered as one class of methods.
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Thus, the DBSCAN algorithm [31] with a minimum number of objects required for cluster
formation equal to one is completely equivalent to hierarchical clustering with single link-
age, which is implemented through breaking edges of the minimum spanning tree. Since in
the task of analyzing HRTEM images of sulfide catalysts, single-layer particles are present,
a setting with a minimum number of elements in a cluster equal to one is allowed, unlike
those tasks where single objects are considered noise.

As a result of the clustering procedure, we obtain a partition of a set £ of all polylines
into subsets {Ct}te{le}, where T is the number of clusters found. Ucqy, 171G = L,
C:NGCs = @,Vt # 5, Cy # @,Vt. Each subset corresponds to a nanoparticle slab, and its
cardinality represents the stacking number.

5. Overview of the Proposed Framework

The proposed framework is described in Algorithm 1. The process begins by resam-
pling each polyline to a uniform number of vertices via linear interpolation to ensure
consistent representation. A symmetric distance matrix is then computed for all pairs of
polylines using a proposed specific distance metric (1). This matrix serves as the input
for the DBSCAN clustering algorithm, which partitions the set of polylines into disjoint
subsets corresponding to individual nanoparticle slabs. Finally, the stacking number for
each particle is determined by calculating the cardinality of its respective cluster.

Finally, the morphological descriptors—such as average slab length and mean stacking
number—are aggregated across all identified clusters to provide a comprehensive quanti-
tative characterization of the catalyst’s active phase. These statistics can then be used for
comparative analysis between different catalyst samples or synthesis conditions.

Algorithm 1. Proposed framework for quantitative assessment of the active phase
morphology of sulfide catalysts

Input: A set of polylines £ = {l; = (x, , y1.x), k=1,2,...,P,i=1,2,...,L},
where L—number of polylines,
P,—number of vertices in the polyline /;.

Output: 1. A partition of a set £ into subsets {C; },. (1,..,1}» where T is the number of
clusters (nanoparticle slabs) found. Uyc(y, Gt = £,C:NCs = &,V # s,
Ct # o, Vt.
2. Stacking numbers N; of all particles (equivalent to cluster cardinality).

Resample each polyline I € L to P vertices using linear interpolation.

2. For each pair of polylines [;,I; € £ compute a symmetric distance matrix
D =D(l; lj),j <1ii,j=1,2,...,Laccording to Equation (1).

3. Apply DBSCAN clustering algorithm with distance matrix D to obtain partition of
a set L into subsets {C;},.(y 1} (nanoparticle stabs).

4. Compute cluster cardinalities Ny = |C¢|, Vt € {1,...,T}.

6. Results on Synthetic Data Experiments
6.1. Data Model

To evaluate the impact of the relative spatial configuration of polylines corresponding
to lattice fringes on the distance function and its components, we conducted five controlled
experiments on synthetic data, systematically varying a single geometric parameter at a
time while holding others constant. In accordance with the constraints imposed by the
physicochemical features of the active phase structure of sulfide catalysts, described in
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Section 2, we identified the following key parameters: inter-center distance, length ratio,
mutual orientation, parallel shift, and uniform scaling.

A pair of straight polylines (11, ;) with the following parameters is used as the initial
data (Figure 6):
e (= (cx, cy) € R2—offset vector from the center of I; to center of Iy;
e 5(ly), s(l) € Rt—the lengths of the first and second polylines;
e 0 € [—m, m|—orientation angle of I, relative to ;.

Two lines: lengths 50.0, 40.0; angle 0°; center shift [-5.0, 16.0]

—e— Linel
25 A —e— Line 2
—-== Center shift = [-5.0,16.0]

20 1

15 A

10 A

-5

—-10 4

-20 -10 0 10 20
X

Figure 6. Example of synthetic lines configuration.

The first polyline is centered at the origin and oriented along the axis x:

() (29)

The second polyline is centered at a point ¢ and is oriented at an angle 6:

I = {c - @u(e), c+ S%)-u(G)},u(Q) = (cos6,sin0).

6.2. Experiment 1: Dependence on Inter-Center Distance

The experiment is aimed at verifying the fundamental property of the metric—the
monotonic increase in distance with increasing spatial separation of lines. This property is
critically important for clustering tasks, as it ensures the separation of objects located in
different areas of space.

Vertical offset d of lines centers ¢, = d varied from 1 to 32 pixels (step 0.31). All other
parameters were fixed: the lengths of both lines were s(l;) = s(l;) = 20 pixels, angle
between lines 6 = 0 (parallel orientation), horizontal offset c,y = 0.

The dependence of the components of the distance function on the vertical shift in the
line centers is shown in Figure 7.

For parallel lines of the same length, the components Ry, (li, lj) (length ratio) and
Ryiag (l,», l]') (the ratio of diagonals) remain close to unity, since the geometry of the config-
uration is symmetrical. The Rt (li, lj) component (uniformity of distances) also varies
slightly, since the pairwise distances between the sampled points are evenly distributed.
The main factor determining the growth of the metric is the component dg,p (1;, ;) which
depends exponentially on the average distance.
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The dependence graph demonstrates a monotonic exponential growth, which confirms
the correctness of the chosen form of normalization of the average state. The rapid increase
in metrics when lines are moved away from each other contributes to the formation of
compact clusters in algorithms based on density or graph properties.
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Figure 7. The dependence of the components of the distance function on the vertical shift in the
line centers. Total measure coincides with mean distance component dyeqn (11, 12). Length Rien (11, 12),
distance Rg;st(/1,2) and diagonal ratio Ryjqg (11, 12) are constant and equal to 1.

6.3. Experiment 2: Dependence on Length Ratio

The experiment evaluates the sensitivity of the metric to differences in line lengths.
The length of the first line is fixed: s(I;) = 20 pixels. The length of the second line s(I5)
varies from 1 to 77 pixels in increments of 0.77. The remaining parameters are the vertical
offset of the pixel centers ¢, = 16, the horizontal offset ¢, = 0, and the angle 6 = 0.

The component Ry, (11, 1) (length ratio) in Figure 8 demonstrates a hyperbolic dependence:
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Figure 8. Distance function component dependence on second polyline length.
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At s(I) — 20, the ratio tends to unity, providing a minimal contribution to the metric.
When deflected s(I,) in any direction, Rjen (I1,12) grows linearly relative to the logarithm of
the ratio of lengths. The component Rgist (11, 2) also increases with a strong difference in
lengths, as the pairwise distances between the points become heterogeneous: the points
at the ends of the longer line are further away from the corresponding points of the
shorter line.

6.4. Experiment 3: Dependence on Orientation

The experiment investigates the response of the distance function to the angular
divergence of lines. Orientation sensitivity is important to control the consistency of line
directions when grouping.

Lengths of both lines are fixed: s(l;) = s(Iz) = 20 pixels. The angle 6 varies in the
range from —30° to 4+-30° (from —7t/6 to 71/6 radian) with step of 0.6°. Vertical centers
offset ¢, = 16 pixels, horizontal shift ¢, = 0.

At 0 = 0, the lines are parallel, and the pairwise distances between the sampled points
are uniform, which minimizes the Ryist(/1,12) and Rgiag(I1,2) components. As the absolute
value of the | 6 | angle increases, the lines diverge, which leads to an inhomogeneity of
the pairwise distances (growth of Rgist(l1,2)) and the asymmetry of the diagonals (growth
of Rgiag(l1,12))-

The graph in Figure 9 shows a symmetrical relationship with exponential growth
acceleration at the edges of the range, with a minimum at § = 0. The symmetry with
respect to zero reflects the fact that a turn in either direction is equivalent in terms of
geometric similarity. The shape of the curve ensures a smooth increase in the “penalty” for
deviation from parallelism, which contributes to stable clustering by orientation.
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Figure 9. Distance function component dependence on the line’s orientation angle.

6.5. Experiment 4: Dependence on Parallel Shift

The experiment evaluates the effect of horizontal displacement of lines at a fixed
vertical distance. This allows us to understand how the metric is able to distinguish parallel
lines that are offset along its direction.

The lengths of both lines have been reduced to s(l1) = s(ly) = 10 pixels to enhance
the shift effect. The horizontal offset ¢, = h ranges from —30 to +30 pixels. The vertical
offset is fixed: ¢, = 16 pixels. Angle 6 = 0 (parallel lines).

At h = 0, the lines are centered relative to each other, which minimizes the average
distance and ensures the symmetry of the diagonals (Rdiag(ll, o) &~ 1). As the absolute
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value of the shift | 1 | increases, the points of one line shift relative to the corresponding
points of the other line, which leads to an increase in the average distance and, accordingly
dgap(l1,12). The Ryiag(l1,12) component also increases as one of the diagonals (dy,p(I1,12)
or dp1(l1,17)) lengthens and the other shortens. The component Ry;st(l1,12) grows due
to the heterogeneity of the paired distances: the extreme points diverge more than the
central ones.

The dependence graph in Figure 10 is symmetrical with respect to the zero offset and
demonstrates monotonous growth as it increases.
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o
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Figure 10. Distance function component dependence on parallel shift.

At ¢, = 16 pixels, the growth is accelerated due to the ¢y = (s(I2,A) —s(I1,A))/2 =5
component, which reflects a qualitative change in the relative position of the lines: they
cease to overlap in the projection to the direction. This property makes it possible to
effectively distinguish between the offsets of parallel polylines.

6.6. Experiment 5: Dependence on Uniform Scaling

The experiment investigates the invariance of the function to a uniform scaling of the
lengths of both lines. This property is important for applying the metric in problems where
the absolute scale of objects may vary, but their relative geometry remains the same.

The line lengths are set as s(I, A) = 20 4+ A and s(I, A) = 30 4+ A where the parameter
A varies from 0 to 300 pixels. The angle 6 = 0, the vertical displacement ¢, = 16 pixels. The
horizontal offset is selected as ¢y = (s(l,A) —s(l1,A))/2 = 5 pixels to compensate for the
difference in line lengths and centering.

The behavior of the function in Figure 11 is due to the joint decrease of the Ryen (11, 12)
and Rdiag(lll I) components. With small A, the lines vary significantly in length (ratio 1.5),
which makes a big contribution to the metric. With large A values, the absolute difference
of 10 pixels becomes insignificant against the background of large lengths (~300 pixels), the
ratio of lengths tends to 1, and the metric decreases.

This experiment demonstrates an important property of the proposed distance func-
tion, namely the predominant effect of the relative difference in lengths compared with
the absolute one. Two lines with a length of 20 and 30 pixels are perceived by the metric
as more different than lines with a length of 320 and 330 pixels, despite the fact that the
absolute difference is the same (10 pixels).

This property is natural for many applications where the relative rather than absolute
difference in the size of objects is important.
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Figure 11. Distance function component dependence on uniform scaling.

6.7. Discussion on Experiments on a Synthetic Dataset

The results of five experiments allow us to draw the following conclusions about the
sensitivity of the metric to geometric parameters:

1. The center-to-center distance has the strongest effect on the metric due to the exponen-
tial component dg,,(I1,12). This ensures effective separation of spatially distant lines.

2. The length ratio makes a linear contribution through the component Ry, (11, 12). This
makes it possible to group lines of similar length, but requires adjustment if the length
is not a relevant feature.

3. The angular discrepancy causes the metric to grow due to the Rgit(lq,12) and
Raiag (I1,1) components, which make the metric suitable for orientation clustering.

4. The parallel shift affects the metric symmetrically; the effect becomes greater when half
the length of the line is exceeded, allowing us to distinguish the displaced nanoplates.

5. Uniform scaling has little effect on the metric while maintaining relative geometry,
which ensures stability to variations in the absolute scale.

Thus, the distance function combines four geometrically interpreted components, pro-
viding monotonicity, discriminability, and relative scale invariance. Five model experiments
systematically examine the sensitivity of the metric to key geometric parameters, confirming
its adequacy for use in clustering algorithms such as DBSCAN and graph algorithms.

7. Results on Real Data Experiments
7.1. Dataset

Unfortunately, at the moment, there are no publicly available labeled data sets of
high-resolution digital HRTEM images of molybdenum (or tungsten) sulfide catalysts that
could be used for an objective assessment of the proposed layer clustering method.

Due to the high labor intensity of the process, scientific experts manually marked
rectangular fragments of two images, C0_0023 and C0_0025, shown in Figure 12. Specifi-
cally, individual layers assembled directly into particles were marked. The marking was
performed using the CVAT version 2.69.0 software tool (https://www.cvat.ai/, accessed
on 14 February 2026), which contains a set of polylines corresponding to nanoplatelets,
as well as the grouping of lines into particles (see Supplementary Materials). For ease of
visual perception, layers belonging to particles of different stacking degrees (1, 2, 3, ...) are
colored differently (see Figure 12).
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Figure 12. Manually annotated image fragments: C0_0023 (left), C0_0025 (right). The boundaries of
the fragments are marked in red.

In image C0_0023, the expert found 273 polylines combined into 194 particles, and in
image C0_0025, 196 polylines and 114 particles.

It is important to acknowledge that the manual annotations used as ground truth
in this study are subject to inherent human uncertainty, particularly when interpreting
ambiguous features such as overlapping fringes or low-contrast boundaries in HRTEM
images. While the limited dataset size precluded a comprehensive statistical analysis of
inter-expert variability, we mitigated potential labeling bias by implementing a rigorous
double-checking protocol, wherein all annotated lines were independently verified by a
second domain expert to ensure consistency and accuracy.

For each image, a matrix of distances between lines was formed according to ex-
pression (1). The standard distance between layers of catalyst particles of a given type
and chemical composition, estimated from the image, was 16 pixels, which corresponds
to the interlayer distance data in publicly available databases. [36]. The total number of
vertices for all polylines after the resampling operation is set to 30, which corresponds to
the minimum line length established by an expert. To automatically combine lines into
particles, a clustering algorithm (DBSCAN) [31], in particular its scikit-learn Python (3.14.6)
library implementation, was used with the minimum number of lines required to form a
cluster equal to one and input data in the form of a distance matrix.

7.2. Calculation of Morphological Parameters in HRTEM Image Analysis
For each detected particle, two key morphological parameters are calculated:

e Slab length S: the mean value of the lengths s(1) for all layers ! in the stack, scaled to
nanometers (nm) using the image calibration.
e  Stacking number N: number of layers in the particle, equivalent to cluster cardinality.

As a quality criterion for the proposed method, we will consider the similarity of
the histogram of the distribution of particles by the number of layers obtained by manual
marking by experts and obtained by our method (Figure 13).

To compare histograms, we apply two widely used metrics: the Kullback-Leibler di-
vergence [43], which estimates the discrepancy between distributions from the information
theory point of view, and the Vaserstein distance W; [44], also known as the earth mover’s
distance (EMD) [45], which interprets the difference between a pair of histograms as the
amount of work required to move the amount of “earth” so that the histograms become
identical. The EMD value for a pair of identical histograms is zero.Figure 14 shows the de-
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Figure 13. Histograms of the distribution of the number of layers in particles: (a)—for image C0_0023,
(b)—for image C0_0025. The left column is formed by the DBSCAN algorithm with the e = 4.33
parameter and the proposed metric (1), the right column is formed based on the expert’s markup.
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Figure 14. The dependence of the histogram difference on the radius of a neighborhood & = 4.33 of
the DBSCAN algorithm for images C0_0023 (left) and C0_0025 (right).

Tables 1 and 2 present clustering quality metrics for various values ¢ of the neighbor-
hood radius of the DBSCAN algorithm. For an ideal arrangement of lines corresponding
to nanoparticle layers, which are strictly parallel to each other and have the same length,
the theoretical value of the distance function (1) is £ (1.168 - 1073). In practice, there are
cases where the lines are closer to each other. This value of 2.210 - 10~2 is sufficient for
the DBSCAN algorithm to place each line in a separate cluster. The tables present metric
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values for a given parameter value, allowing for a comparative assessment of the quality
improvement with optimal parameters for each image.

Table 1. Clustering quality metrics for CO_0023.

€ KL Distance EMD Metric Particles Number Comments
- 0 0 194 Ground Truth
1.5 2.485 0.407 273 Each line forms a separate cluster
4.125 2413 -107* 7.216-107° 195 Optimal value of ¢ for C0_0023
4.368 1.168 - 1073 2.210-1072 191 Optimal value of ¢ for C0_0025
4.33 5.209 - 1074 1.466 - 1072 192 Selected value for both images

Table 2. Clustering quality metrics for CO_0025.

£ KL Distance EMD Metric Particles Number Comments
- 0 0 114 Ground Truth
1.5 4.427 0.719 196 Each line forms a separate cluster
4.368 2.817-1073 3.509 - 102 114 Optimal value of ¢ for C0_0025
4.125 6.164 - 1072 8.742 - 1072 118 Optimal value of & for C0_0023
4.33 4.034-1073 4.851-1072 115 Selected value for both images

Based on the data presented in Tables 1 and 2, we can conclude that the optimal values
(4.125 and 4.368) selected individually for each image are close and provide an acceptable
result when applied to the second image. To select a single parameter, we combined the
lines found in the first and second images into a single set of objects, which were then
subjected to a clustering procedure. The plot of the histogram differences for the combined
set of lines versus ¢ is shown in Figure 15.
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Figure 15. Dependence of histogram difference metrics on the neighborhood radius ¢ for combined
dataset (right: zoomed view).

The value of the neighborhood radius ¢, based on the analysis of the graphs presented
in Figure 15, was chosen to be equal to 4.33 as the value with minimum metric magnitudes.
For the combined lines of the two images, with this value of the parameter ¢ KL distance
was 7.147 - 1074, and the EMD metric was 1.071 - 10~2.

From Tables 1 and 2, it is clear that with this choice, the values of the metrics do not
differ too much from the optimal ones for each image separately.
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7.3. Qualitative Analysis of the Results of Combining Lines into Particles

The discrepancy between the metrics reflects the differences in the results of automatic
clustering and clustering performed by an expert.

Each of the images exhibits three differences, as shown in Figure 16. For the errors
in image C0_0023, the algorithm demonstrated a tendency toward excessive aggregation—
individual lines were grouped or added to clusters—while for image C0_0025, on the
contrary, the errors were the result of large particles being broken down into their compo-

nent parts.
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Figure 16. Results of the qualitative analysis of automatic clustering of image fragments (left)
compared to expert labeling (right): (a) C0_0023 and (b) C0_0025. The color scheme of the labeling is
similar to Figure 12. Differences are circled in red.

1500 1600 1700 1800 1900 2000

It is worth noting that, due to the labor-intensive nature of the labeling procedure, no
inter-expert agreement analysis was conducted to quantify any discrepancies in judgment.
We believe that the presence of only a few isolated instances of errors made by the clustering
algorithm on the proposed distance function can be interpreted as a very high result.
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8. Ablation Study

In Section 6, we investigated the behavior of the distance function under variations
in individual line arrangement characteristics: interline distance, length ratio, mutual
orientation, parallel shift, and uniform scaling. This section examines the influence of
individual components of the distance function on clustering quality using real-world data.

In previous experiments, we employed two quality metrics to evaluate the corre-
spondence between the predicted stacking number distribution and the ground-truth
distribution provided by experts. Although evaluating the stacking number distribution
is one of the ultimate objectives of HTERM image analysis, a more precise instrument is
required for an ablation study. Consequently, in addition to the KL distance and EMD
metric, we utilized the Normalized Mutual Information (NMI) [46] between the clustering
generated by DBSCAN with different distance function components and the ground truth
expert clustering. To align the scale of this additional quality measure with the previously
used metrics, we employed the value 1 — NMI.

Five variants of the distance function were investigated:

e  Direct representation of a polyline as a set of its vertex coordinates proves inappli-
cable, as the vertex numbering order may vary. Therefore, as a baseline variant, we
applied a component dgq), (I;,1;) that monotonically depends on the minimum mean
Euclidean distance between the polylines under both forward and reverse vertex
numbering directions.

e Three other variants were formed by sequentially removing components Rien (I, 1),
Ryist (1i, 1), and Rgiag (1i, I;) one at a time.

e  The complete distance function (1).

The experimental results are presented in Tables 3 and 4. For each function variant,
the optimal neighborhood radius was selected based on the NMI metric.

Table 3. Results of the ablation study on distance function components with optimized DBSCAN
neighborhood radius for image C0_0023. Values corresponding to the minimum error and the true
particle number are highlighted in bold.

Distance Function Type KL Distance EMD Metric 1 gc(l:lrl:[l I;;::;%Z: €
D(I;, 1) = dgap (I;, I;) - Risebbdi]- 9921074 1.664 - 1072 8.686 - 1072 193 2.19
D (i, 1) = dgap (Ii, 1) - Rigebkdi]- Rdm( is ) Rdlag(l,,l ) 2594 -1073 2.7-1072 4.802 -103 193 3.55
D(l;,1;) = dW (I 1)+ Rien (L, 1) - - Raiag (li- 1) 53121073 6.846 - 1072 6.002 -1073 185 3.66
D(I;,1;) = dgap (Ii, 1) - Rien (i, j)- Rdlst(l,,l]) Ragtl]) 1.309 - 10~* 7.216 - 1073 2462 -1073 194 3.44
D(I;,1;) = dgap (i 1) - Rien (Lis 1j) - Raist (1is 1) - Raiag (s ) 4556 -107* 1.031 -1072 2.154-1073 194 413
Table 4. Results of the ablation study on distance function components with optimized DBSCAN
neighborhood radius for image C0_0025. Values corresponding to the minimum error and the true
particle number are highlighted in bold.
Distance Function Type KL Distance =~ EMD Metric 1 gcﬁyl Il:;:::;z: e
D(I;, 1) = dgap (Ii, 1) - Rigebhdi]- ; 8.202-1073 5.263 - 1072 1.09 - 1072 116 2.23
D(I;, 1) = dgap (Ii, I}) - Risebkedi]- Rdm il Rdlag(l,,lj) 4.244-1073 4.851-1072 7.063 -1073 115 3.96
D(l;,1;) = dga,, (I 1)+ Rien (Li, 1) -  Raiag (1. 1) 2.127-1073 2.438 - 1072 7.073 -1073 113 3.36
D(li,1;) = dgap (i 1) - Rien (Lis j)- Rdlst(l,,l]) Ragtl]) 5.483-1073 4207 -1072 5.433-1073 113 3.76
D(1;,1;) = dgap (i, ;) Rien (1 1) - Ratist (1i, 1) - Ratiag (i 1) 2.817-1073 3.509 - 102 4178 -103 114 4.37

The ablation study confirms the necessity of all proposed components in the dis-
tance function, as the complete variant consistently achieved the lowest 1 — NMI errors
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(2.154 x 1073 for C0_0023 and 4.178 x 1073 for C0_0025) compared to the baseline and
partial variants.

While removing individual components such as diagonal alignment or length ratio
resulted in intermediate performance, the baseline variant relying solely on mean Euclidean
distance demonstrated the poorest clustering fidelity, highlighting that simple spatial prox-
imity is insufficient for accurate line arrangement analysis. Furthermore, the discrepancy
between low KL divergence and higher NMI errors in partial variants underscores that
while distributional metrics may appear favorable, they can mask structural clustering inac-
curacies that are effectively resolved only by the full combination of geometric descriptors.

9. Discussion and Conclusions

Automated analysis of HRTEM micrographs of sulfide catalysts reduces the labor
intensity of data processing and decreases the subjectivity of interpretation. Solving this
problem can be divided into two main stages: identifying lines corresponding to layers
and combining the identified lines into groups corresponding to sulfide nanoparticles to
calculate their morphological parameters that influence catalyst activity. It should be noted
that this problem is virtually unknown in the literature, and the application of currently
popular deep machine learning methods is hampered by the complexity of labeling.

The paper considers the second stage of this problem within the framework of a
feature-free approach, which allows working with pairwise relationships between objects
(in the context of this work, between polylines) without moving to a fixed feature space.

We have proposed a combined distance function between polylines that takes into
account the physicochemical features of the structure of nanoparticles:

o  Geometric distance between layers with exponential normalization to the refer-
ence value;

e  The ratio of line lengths to prevent layers of very different lengths from merging;

e Homogeneity of pairwise distances for parallelism control;

e  The ratio of “diagonals” to identify unacceptable layer shifts.

This distance function formalizes for the first time the model representations of the
texture of sulfide catalysts and at the same time satisfies the properties of a semimetric
(non-negativity, identity, symmetry), which determines the applicability of density and
graph clustering algorithms.

We systematically investigated the sensitivity of the distance function to center-to-
center distance, aspect ratio, angular divergence, parallel shift, and scaling using model
experiments. The results confirmed the monotonicity, discriminatory nature, and relative
scale invariance of the function.

Experiments on real data with manual labeling by experts showed high agreement
between automatic clustering and expert annotations:

o  With the optimal parameter value ¢ = 4.33, the Kullback-Leibler divergence was
~7 x 10~*, and the Earth Mover’s Distance metric was ~1 x 1072 for the combined
data set.

e  The number of discrepancies with expert markings did not exceed three cases per
image, which indicates the practical applicability of the method.

Future publications will present a method for automatic line detection in HRTEM
images and the integration of the proposed method with line detection to create an end-to-
end analysis pipeline.

Overall, the developed approach demonstrates high accuracy and physical validity,
making it a promising tool for materials science studies of sulfide catalysts and rational
design of highly active catalytic systems.
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The following abbreviations are used in this manuscript:

HRTEM High-Resolution Transmission Electron Microscopy
DBSCAN  Density-Based Spatial Clustering of Applications with Noise

KL Kullback-Leibler distance

EMD Earth mover’s distance

IBN Image-based nanocrystallography
NMI Normalized Mutual Information
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