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Interpretable graph methods for determining nanoparticles ordering
in electron microscopy image
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Abstract

An important step in determining the properties of carbon materials is the analysis of images
from a scanning electron microscope (SEM). These images show the material surface after the
application of metal nanoparticles. The order of these nanoparticles is a key characteristic that
affects the material properties. We have previously proposed an approach to formalize the order
features based on the identification of lines by nanoparticles in the SEM image. This paper pro-
poses a novel approach to line allocation that is based on the concept of constructing a minimum
spanning forest. Additionally, it introduces a set of novel ordering functions that are derived
from this approach. The experimental study demonstrates that the combination of these new and
previously extracted features improves the recognition quality of SEM images with ordered and
disordered nanoparticles arrangements. This approach allows us to gain a better understanding
of the nanoparticles arrangement and their effect on the material properties.
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Introduction

Carbon-based materials are essential in modern
materials science [1], with applications in the fields of
electronics, sensors, adsorption, purification, and
catalysis. The specific properties of carbon materials de-
pend heavily on their structure [2], making it critical to
determine this structure for optimal use.

Scanning electron microscopy (SEM) is a widely used
method for studying these materials [3, 4]. However, it
can be challenging to study some surface features of ma-
terials using this method, such as defects. To address this
challenge, researchers have developed modern approach-
es based on the use of palladium metal nanoparticles [5].
These nanoparticles are applied to the surface of a mate-
rial and, due to their unique electro-chemical properties,
they can act as markers for defects.

In recent years, computational modeling, in general, and
machine learning algorithms in particular, have been active-
ly employed in nanotechnology [6 — 8]. However, the analy-
sis of electron microscopy images, which provides insights
into the arrangement of particles, remains a significant chal-
lenge. While much work has focused on detecting individual
particles, research on more global material features, espe-
cially those related to materials ordering, is limited, especial-
ly when considering human analysis [9]. A major target for
analysis is the distinction between ordered and disordered
materials, and the determination of their overall order.

Generally, deep learning methods [9] are effective
tools for discovering dependencies within experimental
data. However, these methods do not provide an explana-
tion for the rationale behind these dependencies, storing
the acquired knowledge in the weights and parameters of
a trained model. This representation is insufficient for
scientific investigations, where an explanation of the de-
pendencies is crucial.

In our previous work [10], we provided researchers
with understandable and controllable features that can
lead to a reliable interpretation of the underlying chemi-
cal processes. We did this by using visualization data
from metallic nanoparticles and by formalizing the con-
cept of an ordered relative arrangement of these nanopar-
ticles, considering the specifics of human perception. As
a result, we formed a number of features based on the lin-
ear structures of nanoparticles, which were obtained us-
ing the principal components method and the shortest un-
closed path.

This article proposes a novel method for extracting
linear structures by constructing a minimum spanning
forest and forming a new set of ordered features based on
this approach. These features will be used in the future
for explanatory analysis of the ordering phenomenon.

1. Suppositions about nanoparticles ordering

The central notion of this work is the notion of nano-
particles ordering. We assume that nanoparticles are or-
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dered if they form lines. At that the more lines and the
longer and “smooth” they are, the more ordered the na-
noparticles arrangement is.

In accordance with this supposition to estimate na-
noparticles ordering we construct lines of nanoparti-
cles. It is important, that within the framework of this
paper the initial data for lines construction are the only
coordinates of nanoparticle centers, that were obtained
at the previous study in accordance with the exponen-
tial approximation method proposed in our work [11].
So, in contrast to [9] we do not take into account any
regular structures of material surface that can be seen
at the SEM images.

It should be noted that the problem under considera-
tion has an important feature that significantly compli-
cates its automatic solution. This feature consists in the
presence of (quite typical) cases when the traditional Eu-
clidean distance between nanoparticles belonging to
neighboring lines distinguished by human vision can be
comparable or even less than the Euclidean distance be-
tween nanoparticles of one line.

In this regard, to determine the neighborhood of
nanoparticles while lines construction, a new special-
ized metric is applied here, which was initially pro-
posed in our work [10] and is described in details at
the subsection 2.3.

To construct lines of nanoparticles we use two differ-
ent approaches that are differ by a type of binding nano-
particles:

1)on the basis of the shortest unclosed path method

[10] (subsection 3.1)

2)a new approach on the basis of a minimum span-

ning forest (subsection 3.2).

Section 4 proposes a small number of highly inter-
pretable features extracted from found lines of nanoparti-
cles. These features are interpretable and informative for
making an automatic decision about the presence or ab-
sence of order in a nanoparticles arrangement. At the
same time, the results of the experimental study (subsec-
tion 5.2) show that joint use of all features (proposed in
our work [10] and in this paper) allows to reach the best
recognition quality.

2. Prevailing directions metric

The prevailing direction of a local nanoparticles group
is defined as the direction in which the nanoparticles of
this group line up.

The prevailing directions metric in addition to the Eu-
clidean distances between points (nanoparticles centers),
takes into account the prevailing directions of nanoparti-
cles local groups and their reliabilities.

This metric was initially proposed and fully described
in our work [10]. This section contains main formal defi-
nitions of the proposed approach, such as a nanoparticles
local group, the prevailing direction of a nanoparticles
group and its reliability and then introduces the prevailing
directions metric based on them.

2.1. Local groups of nanoparticles

Forming any local group of nanoparticles is started from
one nanoparticle. A new nanoparticle for adding to a group
is selected as a nanoparticle with the minimum Euclidean
distance to the nearest nanoparticle of the group in accord-
ance with the modified Prim’s algorithm [12]. Our proposed
modification [10] consists in applying early stopping criteri-
on, that allows to stop forming a local group before reaching
the maximum local group size s. Early stopping is realized
on the basis of the threshold that has the meaning of the av-
erage local nanoparticles density d in areas with their most
intense accumulation and can be estimated on the basis of
k-N minimal distances between nanoparticles e;€E,
i=1,...,k:N, where E=[ej;i,j=1,...,N] is the matrix of
Euclidean distances between all nanoparticles.

d=w,/(k-N)-Y e, (1)
where N is the number of nanoparticles in the SEM image, £
is the proportionality coefficient, that de fines the number of
used minimal distances and wy is a weight coefficient.

2.2. The prevailing direction
of a local group and its reliability

The prevailing direction of a local nanoparticles group
(as the direction along which the nanoparticles of this
group line up) corresponds to the maximum eigenvector
of the covariance matrix of a pair of vectors that are com-
posed of the nanoparticles centers coordinates. The tilt
angle of this vector 6 relative to the horizontal can be cal-
culated by the formula [13, 14]:

0 = arctan (211 / (M —Hiz )) @

where W, Wy, W — elements of the covariance matrix
of a pair of vectors, that are composed of the coordinates
of the centers of nanoparticles.

To estimate the reliability of the prevailing direction,
the eccentricity [14] is used:

q= (1 _7\‘min /}\’max )2 s (3)

where Amaxr ¥ Amin are the maximum and minimum eigen-
values of the covariance matrix, respectively.

This estimate takes values in the range [0, 1] and
shows how much the arrangement of nanoparticles of the
local group is "elongated" along the prevailing direction.
At that the best possible value ¢ =1 is reached in the case,
when all nanoparticles of the local group are located on
the same straight line.

2.3. Prevailing directions metric definition

The proposed metric of prevailing directions (PD) is
constructed as the weighted combination of the Euclidean
distance and the prevailing directions with their corre-
sponding reliabilities. Then the distance m; between na-
noparticles i and j can be calculated using the formula:
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xmax[sin(|9,~—9j|),(8,.+z—:j)/2]’ “
where ¢; is the Euclidean distance between nanoparticles
centers i and j; 0; is the prevailing direction tilt angle for
the local group corresponding to the i-th nanoparticle (2);
€; is unreliability of the corresponding i-th prevailing di-
rection, which is the reciprocal of the reliability g; (3),
€i=1—qi €0, 1]; C is the proportionality coefficient, that
allows us to adjust the influence degree of individual met-
ric parts on its resulting value.

Note that the difference in the tilt angles of the pre-
vailing directions can be characterized by one of the adja-
cent angles at the intersection of these directions. Since it
does not matter which of the neighboring angles is used
for the sine, we use the sine of the angle difference of the
inclination directions to estimate the difference between
them. Also, the use of a sine allows us to normalize the
magnitude of the angle difference.

As a result, according to the proposed metric, the higher
the average prevailing directions unreliability is, the higher
metric value is (the respective nanoparticles are more distant
from each other). At the same time, if the difference in tilt
angles is large, then the corresponding nanoparticles will be
considered distant even for small average unreliability due to
the presence of the maximum operation.

3. Nanoparticles lines construction

It is important, that within the framework of this pa-
per the initial data for lines construction are the only co-
ordi-nates of nanoparticle centers.

Fig. 1 shows examples of two typical SEM images
from the base [18] with ordered (Fig. 1a) and disordered
(Fig. 1) nanoparticles arrangement, and the results of
finding nanoparticles for each of them without a substrate
material (Fig. lc, d).

3.1. Lines on the basis
of the shortest unclosed path method

In this case each line is formed point by point. An ini-
tial point of a line is selected from a set of nanoparticles
that have not been connected in lines yet as a nanoparticle
with the maximum reliability (3) of the prevailing direc-
tion of the local group (subsection 2.1) associated with it.
Such choice corresponds to the maximum "elongation" of
nanoparticles of the corresponding local group along the
prevailing direction.

To ensure line smoothness we additionally dynami-
cally correct metric values immediately in process of line
construction. Then the adjusted distance m; between na-
noparticles i and j can be calculated using the formula:

My = My + Weog ~<1—coa ,fk) s %)

where mj; is the basic part of the prevailing directions
metric (4), coaxjj=(1—cosa)/2 € [0, 1] is so called an-

gular coaxiality, that measures the difference o between
tilt angles of the previous line segment (i, ) and the po-
tential next segment (j, k), that can be added to the line
and weoqr 1s @ weight coefficient of the angular coaxiality.

C)'X bl y d) ; . SRR 2 :
Fig. 1. Examples of two typical SEM images with nanoparticles
arrangement: (a) ordered, (b) disordered.

(c), (d) the results of finding nanoparticles for each of them
without a substrate material

Each next point to add to the line can be found on the
basis of the shortest unclosed path (SUP) method [15],
which we modified to incorporate dynamically computed
distances (5), to elongate the line in two sides (by adding
new points before the first and after the end point) and to
stop line forming if the corrected PD distance (5) exceeds
the adopted threshold t4r, that is computed as a special
case of (4):

thr=C-d +(1-C)-wy, , (6)

where d is the nanoparticles density, estimated for a SEM
image in accordance with (1); wg,-=1 is the value, that is
obtained for the limiting values of the angle 0 and unreli-
ability € in (4); C is the same proportionality coefficient
of PD metric as in (4).

More detailed description of the proposed metric
properties and of the modified SUP algorithm are provid-
ed in our work [10].

3.2. Lines on the basis of a minimum spanning forest

This section proposes a new way of binding nanopar-
ticles in lines, that is based on constructing a minimum
spanning forest on a set of nanoparticles detected in a
SEM-image.

As, mentioned above, each nanoparticle in this work
is described by coordinates of its center and a radius. This
information allows us to easy compute a distance be-
tween any two nanoparticles (it should be noted, in this
study we consider distances between centers of nanopar-
ticles, ignoring their sizes).

As aresult, a set of nanoparticles can be considered as
undirected fully connected cyclic edge-weighted graph,
whose nodes are nanoparticles. Each edge of this graph
connects two nanoparticles and has the weight, which is
equal to distance between them.
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In this paper we propose to find lines of nanoparticles
via a minimum spanning tree (MST) graph-theoretic
technique which determines a subset of the edges of such
graph that connects all the nodes together, without any
cycles and with the minimum possible total edge weights
[16]. So, in our case MST allows to determine shortest
path of nearest-neighbor connections of nanoparticles in
terms of some distance.

At the same time, it should be noted, that from the
point of view of the considered applied problem, distant
nanoparticles should not be connected in lines and so, we
reduce the initial graph by removing those edges from it,
whose length is greater than a certain threshold distax,
that is the parameter of the proposed method.

As a result, the initial graph generally splits into un-
connected parts and applying the MST technique for it is
resulted in a minimum spanning forest (MSF), which is a
union of the minimum spanning trees for its connected
components. To construct minimum spanning forest, we
apply the Kruskal’s algorithm [17], that starts construc-
tion from minimal distances and incrementally adds new
longer edges to the graph if they don't form a cycle.

The nodes of obtained graph can have a different de-
gree of branching. The branching degree of some node
determines the number of edges emerging from it. So, if a
node has a degree equal to zero, then this means that the
corresponding nanoparticle is not connected to any other
nanoparticle. Nodes with branching degree greater than
two will be called branch points.

Then, by a line connecting nanoparticles, we will
mean here a sequence of edges located between two
branch points or between a branch point and a terminal
node (having a branching degree equal to one). However,
it should be noted that the obtained graph as a rule has
multiple one-edge offshoots. They form multiple addi-
tional branching points and, as a result, interfere with the
long lines detection in the case of ordered nanoparticles.

In this connection to improve distinguishing between or-
dered and disordered arrangement of nanoparticles we pro-
pose make an additional processing here. Immediately, we
propose to remove from the graph one-edge lines that im-
mediate connect a branch point and a terminal node. Such
lines we name terminal one-edge offshoots. As a result of
this processing the obtained graph has smaller number of
branching points and its lines are longer.

Fig. 2 shows examples of minimum spanning forest
for nanoparticles before (Fig. 2a) and after (Fig. 2b) re-
moving one-edge terminal offshoots (for the SEM image
fragment on Fig. 1¢). Blue indicates those lines whose
length is greater than or equal to 15 nanoparticles.

It should be noted, that the proposed approach is es-
sentially based on a distance measure between nanoparti-
cles. At that it is evident, the different kind of distance
will lead to different minimum spanning forests and, re-
spectively, different lines resulted from them.

In this paper, along with the traditional Euclidean
metric, we use the prevailing directions metric (4) that

was originally proposed in our work [10], which in a
number of cases makes it possible to obtain smoother and
longer lines in contrast to the Euclidean metric.

Fig. 3 shows the lines found using the minimum
spanning forest approach using the Euclidean metric
(Fig. 3a, b) and the Prevailing Directions metric (Fig. 3¢,
d) for two typical SEM images with ordered (Fig. 1¢) and
disordered (Fig. 1d) nanoparticles arrangement. Fig. 4
shows for comparison the lines constructed using the
method based on finding the shortest unclosed path [10].
Sy

W™ o

a)?%i i : .

Fig. 2. Examples of minimum spanning forest for removing one-
edge terminal offshoots: (a) before, (b) after. Blue lines are
those whose length is greater than or equal to 15 nanoparticles

- b)

c) Bk | ) ;

Fig. 3. The lines found based on the minimum spanning forest
method for two typical SEM images using: (a), (b) the
Euclidean metric; (c), (d) the metrics of Prevailing Directions
(PD). Blue lines are those whose length is greater than or equal
to 15 nanoparticles. Big circles indicate areas of the most
significant difference of minimum spanning forests with
different metrics

a) i AN \\ )i i
Fig. 4. The lines found based on the shortest unclosed path
method for two typical SEM images with nanoparticles
arrangement:

(a) ordered, (b) disordered. The length of the lines is greater

than or equal to 15 nanoparticles

As we can see from the Fig. 3, each of the proposed
approaches has a tendency to find more lines in the case
of ordered nanoparticles in contrast to disordered case
and, at the same time, the found lines, as a rule, are more
long and smooth. As expected, the smoothness is espe-
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cially clear seen in the case of using the modified shortest
unclosed path method with the corrected dynamically
computed PD metric (5).

4. Interpretable features to determine nanoparticles
ordering
4.1. Features on the basis of prevailing directions

(O-features)

The features O; and O, are based on the assumption
that the ordered arrangement of nanoparticles is charac-
terized by the presence of a significant number of local
groups with similar (or even identical) prevailing direc-
tions (such directions are named consistent ones here),
which is due to the nanoparticles of corresponding groups
are arranged along long smooth lines. At the same time
for the disordered nanoparticles arrangement, significant-
ly more uniform distribution of prevailing directions is
typical. So, in the case of the disordered arrangement
weak directions consistency takes place.

A quantitative measure of general consistency of pre-
vailing directions can be computed on the basis of the
Shannon entropy [19]. Tilt angle of the prevailing direc-
tion always takes values in the range [-90°,+90° ]. To
calculate the Shannon entropy this range is divided into m
intervals of the equal length and empirical probabilities p;
of the angle falling into each interval i=1, ..., m are com-
puted. Then the value of the Shannon entropy H can be
calculated by the formula:

H= —Zp,- -log, p; . @)
i1

Note, that the maximum possible entropy value is lim-
ited and can be reached in the case of a uniform distribu-
tion [20]:

H" =log, m. (®)

The final value of the O, feature can be calculated as
the ratio (7) on (8) and reflects the effective value [20].
The negative sign in the ratio is required to normalize the
values of the features — the greater, the better.

O =-H/H". )

In this case O1€[—1, 0] and the highest value of 0 can
be achieved when all nanoparticles are arranged in a sin-
gle line. The value of m in this work was taken as 90.

The feature O, is a special case of the general prevail-
ing directions consistency. The difference consists in that
only tilt angles of those prevailing directions are taken in-
to account, whose reliability (3) exceeds the specified
threshold g in.

Each prevailing direction is characterized by its relia-
bility (3), which form the set of reliability values
0={q1,...,qN}, where N is the number of detected na-
noparticles. Also, we consider a subset of reliable direc-
tions, whose reliability values exceed the specified
threshold: Q" = {ql*,...,q;} <0, q >qun, i=1,...,n.

The proposed O3 feature defines the proportion of re-
liable directions taking into account the reliability values
oneself at that:

0 = Z;Z:ﬂl* / jv:lq" )

In this case O;€[0, 1], where the larger its value, the
more ordered nanoparticles arrangement is.

(10)

4.2. Features on the basis of nanoparticle lines found
by the shortest unclosed path method (L-features)

The L, feature is the number of lines, constructed on
the basis of the modified SUP method, whose length in
nanoparticles is greater or equal to a threshold L.

The L, and L; features are numerical estimates of the rec-
tilinearity and the smoothness of the constructed lines, that
directly correspond to the human perception of the fact of
orderliness. To formalize these notions, we introduce a spe-
cial characteristic named a metric coaxiality of a polyline.

Let P" = py,..., p, be a constructed polyline consist-
ing of n ordered nanoparticles. Then the metric coaxiality
for this polyline can be defined as follows:

coax(Pl”):e(pl,p,,)/ZE(p,-,p,-H), (11)

i=1
where e(x, y) is the Euclidean distance between centers of
nanoparticles x and y.
The rectilinearity of a polyline B" expresses its simi-
larity to a straight line throughout it and can be calculated
as the metric coaxiality (11) of the full polyline:

R(Pl”):coax(Pl”). (12)

The L, feature characterizes smoothness of all con-
structed lines at once and is computed by averaging indi-
vidual rectilinearity values (12).

The smoothness of a polyline P" expresses its local
similarity to a straight line and can be computed as aver-
aged metric coaxiality (11) of all polyline fragments
P’ =p,,...p, € P' of some size f,..=b—a+1:

S(Pr)=1/m-Y coax( P}, (13)

i=1
where m=n—f..+1 is the number of fragments of size
fsize On polyline P .

The L3 feature characterizes smoothness of all con-
structed lines at once and is computed by averaging indi-
vidual smoothness values (13).

The L4 feature show proportion of connected on lines
nanoparticles and calculated as the ratio of the number of
nanoparticles that are connected by all the constructed
lines to the total number of detected nanoparticles.

4.3. Features on the basis of nanoparticle lines found
by the minimum spanning forest approach (B-features)

To characterize each image on the basis of the Mini-
mum Spanning Forest (MSF) we compute next character-
istics (based on the lines from branches).
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Features, similar to L3 and Ls, are also formed for
MSF-based lines. The B, feature is the mean rectilinearity
(12) of lines in the MSF graph. The B, feature is the mean
smoothness (13) of lines in the MSF graph. But they are
calculated only for the N; longest lines (length is deter-
mined by the nanoparticles number in line). If the total
number of formed lines is less than N, then these features
are calculated for all constructed lines.

The Bs feature is the proportion of nanoparticles be-
longing to lines that are at least N, nanoparticles long of
the total number of nanoparticles in the SEM-image.

The B, feature is the mean length of N, longest lines in
the MSF graph, normalized to the maximum line length
in nanoparticles.

It should be noted, each of the indicated feature values
can be computed for lines on the basis of the Euclidean
metric and on the basis of the proposed metric of prevail-
ing directions (4). Next, we will identify the features cal-
culated based on the Euclidean distance as B, and based
on the metric of Prevailing Directions as BP.

5. Experiment’s description
3.1. Data collection

A previously published dataset [18] with 750 images
with a particle ordering effect and 250 images without an
ordering effect was used. SEM images are in the TIFF for-
mat with 1280x890 resolution. The images are already sepa-
rated into two groups: with predominantly ordering and with
predominantly disordering effects. Table 1 shows the SEM
images distribution by material types and scales.

Tab. 1. SEM images distribution by material types and scales

Material with effect
ordering disordering
S1 S2 S3 S4 S5

Sum

50k 203 34 63 25 4 329

100k 322 29 63 25 11 450

Scale

200k 162 - 59 - - 221

Sum 687 63 185 50 15 1000

It has previously been noted that the proposed method
relies solely on the coordinates of nanoparticle centers,
and therefore, the results of nanoparticle detection serve
as input data. In this work, the previously proposed expo-
nential approximation method is used to detect nanoparti-
cles. For most of the images in the dataset, the exponen-
tial approximation method default parameters specified in
our work [11] are adequate. However, some images differ
from the rest in terms of their average brightness, which
can be significantly higher or lower. In such cases, the se-
lection of parameters for the exponential approximation
method must be carried out individually for each image.
For more information about the parameters of the expo-
nential approximation method see [11].

closed path (L-features) and prevailing directions (O-
features) demonstrates classification quality comparable
to the neural network approach [9]. The classifier quality
was estimated using a 5-fold cross-validation [21] proce-
dure with stratification [22] (since the data set is unbal-
anced: 750 ordered and 250 disordered images).

The main classification quality indicators are calculat-
ed based on the confusion matrix of classification, which
contains the following values: 7P- orrectly classified or-
dered images, TN-correctly classified disordered images,
FP-ordered images classified as disordered, and FN - dis-
ordered images classified as ordered. Then the classifica-
tion accuracy (Acc) [23] is the ratio of correctly recog-
nized images to the total number of images:

Ace=(TP+TN)/(TP+FN+TN + FP). (14)

At the same time, most classifiers can balance the de-
cision rule either toward increasing the number of cor-
rectly recognized positive class objects (ordered) or to-
ward reducing the number of incorrectly classified nega-
tive class objects (disordered) using some hyperparame-
ters. In this regard, such characteristics as Precision,

Precision :TP/(TP+FP), (15)
which is understood as the proportion of correctly recog-
nized objects among all objects recognized as positive,
and Recall,

Recall =TP/(TP+FN), (16)
which represents the proportion of correctly recognized
objects among all positive objects, are often used.

The F-measure (F) is a widely known measure that at-
tempts to combine these two indicators and characterize the
quality of the classifier with a single number [23]. It is de-
fined as the harmonic mean between Precision and Recall:

F =2-Recall - Precision/ (Recall + Precision) . (17

P4 [24] is a variant of the F-measure that does not de-
pend on which class is called positive and which is nega-
tive, and is able to produce accurate results with unbal-
anced data. Thus, the quality of the classifier will be
evaluated by the four elements of the original confusion
matrix:

P, =4/[(1/TP+1/IN)-(FP+FN)+4]. (18)

Tables 2 show the main quality indicators on 5-fold
cross-validation for the linear SVM classifier based on
the O- and L-features, as reported in our work [10].

Tab. 2. Linear SVM classifier quality indicators
for all O- and L-features

Target .
3.2. Determining nanoparticles ordering class Acc | Precision | Recall | F Py
In previous work [10], we showed that a linear SVM Ordered 0.950 0.967 0.967 | 0.967 0.932
classifier in the feature space based on the shortest un- Disordered 0.902 0.900 | 0.899
Computer Optics, 2025, Vol. 49(3) DOI: 10.18287/2412-6179-CO-1568 475



https.//www.computeroptics.ru

Journal@computeroptics.ru

The addition of features based on the minimum span-
ning forest (calculated using the Euclidean metric - BE
and the metric of Prevailing Directions - B"P) makes it
possible to significantly improve the quality of classifica-
tion. Tables 3 show the main quality indicators on 5-fold
cross-validation for the linear SVM classifier based on
the O-, L- and B®-, BPP-features.

Tab. 3. Linear SVM classifier quality indicators
for all O-, L- and B®-, B"P-features

Target Acc | Precision | Recall F Pa
class
Ordered 0.980 0.976 | 0.977
0.967 0.955
Disordered 0.930 0.940 | 0.934

The result is an interpreted description containing 15
features of the ordered nanoparticles arrangement for
each SEM image in the dataset:

*(0,) General consistency of orientations;

*(0,) Partial consistency of orientations;

*(0s) The fraction of reliable orientations;

(L) Number of lines constructed of the SUP;

*(L») Smoothness of the SUP-lines;

*(L3) Rectilinearity of the SUP-lines;

*(Ls) The fraction of connected nanoparticles of the

SUP-lines;

*( B, B’? ) Smoothness of the MSF-lines;

*( Bf, Bf?) Rectilinearity of the MSF-lines;

*( Bf, Bf?) The fraction of connected nanoparticles

of the MSF-lines;

*( Bf, B{”) The mean normalized length of the MSF-

lines.

However, in previous work [10] t was shown that the
use of only three features (O,, O3, Ls) makes it possible to
obtain an acceptable classification quality. Therefore, it is
worth reducing the resulting set of features. Note that fea-
tures based on the minimum spanning forest calculated
using various metrics can be combined by averaging the
corresponding values (such features are denoted by — B).
Tables 4 show the main quality indicators on 5-fold
cross-validation for the linear SVM classifier and the re-
duced feature space.

Tab. 4. Linear SVM classifier quality indicators
for Oz, Os, L4, B1 — B4 features

Target Acc | Precision | Recall F P4
class
Ordered 0.990 0.990 | 0.989
0.984 0.973
Disordered 0.968 0.968 | 0.969

From the results shown in Table 4, we can see that after
reducing the set of features, the classification quality has im-
proved significantly. Thus, it is sufficient to use only 7 inter-
preted features to analyze the ordering SEM images.

5.3. Model implementation and training

When calculating the proposed features of SEM im-
ages, the following parameter values were set.

For O-features (subsection 4.1):

*The proportionality coefficient for early stopping in

local groups formation: k=3;

*The weight coefficient for estimating the local nano-

particles density in a SEM image: w;=1.5;

*The maximum number of nanoparticles in a local

group: s=8.

For L-features (subsection 4.2):

*The reliability threshold for computing the partial

consistency of orientations: g, =0.85;

*Proportionality coefficient to adjust the degree of in-

fluence of individual parts of the proposed metric of

prevailing directions: C=0.025;

*Weight coefficient of the angular coaxiality in the

metric of prevailing directions to ensure line smooth-

Ness: Weoar = 1.75;

*Minimum line length in nanoparticles: Ly, =12.

*For B-features (subsection 4.3):

*The maximum distance at which a nanoparticle can

be connected in a graph: distya.=20;

*The number of longest lines: N;=10;

*Minimum line length in nanoparticles to account for

bound nanoparticles: N,=5.

The size of a polyline local fragment is used to esti-
mate the lines smoothness for L- and B- features: f;..=7.

The number of lines detected in an image depends not
only on its nature, but also on the settings of the search
algorithm. These settings can range from searching for all
possible lines, as shown in Fig. 5, to searching for none at
all. We have chosen the optimal settings for these param-
eters in order to ensure a significant number of long lines
in ordered images like the image on Fig. 1¢, and to mini-
mize the number of short lines in disordered images like
the image on Fig. 1d.

The proposed algorithms were implemented in Python.

Based on the corresponding methods from the scikit-
learn [25] package, the following steps were implement-
ed: calculations of the prevailing directions of nanoparti-
cles local groups and of the corresponding reliabilities
(principal component analysis - decomposition.PCA);
training of a linear SVM classifier (svm.SVC: the core is
linear, the regularization parameter is 10); evaluation of
the classifier quality (cross-validation — mod-
el_selection.StratifiedKFold: the number of folds is 5).

Detection of nanoparticles was performed based on a
parallel algorithm proposed in our previous work [26, 27].

The following algorithms have an author's implemen-
tation: an algorithm for the formation of local groups of
nanoparticles; an algorithm for constructing smooth lines
based on a modification of the shortest unclosed path
method; an algorithm for constructing a minimum span-
ning forest.

Depending on the number of nanoparticles in the origi-
nal SEM image, the operating time (excluding the detec-
tion stage) of the proposed implementation varies from a
couple of seconds for ~1000 nanoparticles to several doz-
ens of minutes for ~20,000 nanoparticles. In the dataset
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under study, the most common number of nanoparticles in
the SEM image corresponds to ~5000, which is processed
in a few minutes. The indicated time costs correspond to
calculations on a personal computer with the following
characteristics: processor — Intel® Core™ i7-9700k
(3.6/4.9 GHz); RAM — 16 Gb (DDR4, 3866 MHz); SSD:
256 Gb, operating system — Windows 10 x64. Parallel
computing technologies were not used in this experiment.

o L =l
Fig. 5. The lines found based on the minimum spanning forest
method for two typical SEM images using: (a), (b) — the Euclidean
metric; (c), (d) — the metrics of Prevailing Directions. Blue lines are
those whose length is greater than or equal to 7 nanoparticles.
(e), (f) — the lines found based on the shortest unclosed path method
(length of the lines is greater than or equal to 7 nanoparticles)

Conclusions

This paper presents the development of a previously
proposed approach for determining the ordered and dis-
ordered arrangement of palladium nanoparticles in order
to determine the distribution of defects on the surface of
carbon materials. The approach includes calculating vari-
ous simple characteristics from three main groups: the
orientation of nanoparticles, the construction of broken
lines using the shortest open path, and the minimum
spanning forest. High classification quality values have
been achieved, significantly exceeding the performance
of more complex neural network models that were previ-
ously reported. Moreover, it has been demonstrated that
in order to achieve high classification accuracy, a small
number of order features is sufficient.

It is worth noting that the proposed approach, based
on the analysis of explainable data, allows us to clearly
interpret the classification results based on formalized
features, which is not possible for a neural network
that is represented as a "black box". This is significant
because the proposed method can form the basis for a
more general measure of orderliness — the degree of
orderliness.
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