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Abstract

The subject of this paper is the urgent problem of detecting palladium nanoparticles on car-bon
materials in grayscale scanning electron microscope images, the solution of which can be useful in
many technological processes of the chemical industry. This is nontrivial problem and, currently,
there is no method that would have all the necessary qualities for its solution.

This work is based on our previously developed method for detecting nanoparticles based on
exponential approximation, which showed the best accuracy for scanning electron microscope
images in absence of essential background irregularities. However, it has two significant
shortcomings: 1) high demands on computing resources and 2) in the presence of background
irregularities it produces a large number of false positives. This paper proposes a method that
preserves the basic assumptions and general concept and, accordingly, the main advantages of earlier
proposed approach, however, it contains a number of significant improvements that allow
eliminating the above-mentioned shortcomings.

Experiments show that the proposed method reduces the number of false positives by 60-70%
for SEM images with background irregularities while decreasing the nanoparticle detection time by
approximately two to three times compared with the previously proposed approach.

Keywords: noisy image analysis, nanoparticle detection, exponential approximation with shift.

Citation: Kurbakov MY, Sulimova VV, Seredin OS, Kopylov AV. An Improved Method for
Palladium Nanoparticles Detection on Carbon Materials in Scanning Electron Microscope Images.
Computer Optics 2026; 50(3): 1825. doi: 10.18287/COJ1825.

Introduction

Scanning electron microscopy (SEM) today is one of the most effective and advanced methods of studying the
microstructure of solids [1]. In particular, it is used to solve the urgent problem of mapping "hidden" defects on the surface
of carbon materials, which are extremely difficult to detect by other methods. Detection of defects is a critical step in
many technological processes, since their presence affects the properties of catalytic activity and, consequently, the ability
to accelerate chemical processes [2].

The mapping methodology involves applying metal nanoparticles (for example, 1-5 nm sized palladium
nanoparticles) to the surface being studied as markers and then photographing it using an electron microscope [2]. A
direct relationship between the presence of defects and the location of nanoparticles in an electron microscope image
(SEM image) has been studied and experimentally proven in a number of works [3, 4].

However, the application of this methodology in practice is hampered by the lack of reliable and interpretable
automatic methods for nanoparticles detection and consequent analyzing of its arrangement.

It should be noted that even the first task of detecting palladium nanoparticles on the surface of carbon materials,
which is the subject of this work, is a non-trivial problem. Its solution is complicated by several circumstances:
1) grayscale SEM images that require analysis are usually very noisy and having uneven brightness, may contain
overexposed areas and various structural elements of the material surface (background irregularities) that are not related
to nanoparticles and defects; 2) nanoparticles are very small-sized (usually 1-4 dozen pixels) and can be located very
close and even partially overlap each other; 3) a very small amount of expert-labeled data (essentially intended for quality
assessment, not for training).

1. Related approaches

Currently, there are many methods for detecting objects in images, which can be divided into two main groups:
traditional computer vision methods, which are based on mathematical and statistical approaches, and deep learning neural
network methods, which allow automatic extraction of features from images. However, none of the known methods
satisfies all the requirements listed above.

The most common and simple method of detecting objects in an image, related to the category of computer vision
methods, is threshold processing, for example, using binarization based on the adaptive Otsu threshold [5]. At that, as a
rule, threshold processing allows us to determine only the approximate location of objects, and to clarify their coordinates
and shape, it is necessary to use additional computer vision methods, such as an ellipse filter [6], circular Hough transform
[7], specialized distance transformation with subsequent contour extraction [8], watershed segmentation [9, 10], local
approximation of the brightness function by the exponential [11] or quadratic [12] model.
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Methods of this group perform reasonably well in detecting non-intersecting objects of varying sizes and brightness,
with clear boundaries and located against a relatively uniform background. However, their working quality significantly
degrades in the case of the presence of a large number of "clumped" objects, significant background irregularities and
high image noise (which is typical for the problem under consideration).

Noise sensitivity can be significantly reduced by image filtering. [11, 13] or the use of morphological operations to
refine the shape of objects [14].

To solve the problem of uneven image brightness, a background subtraction method (e.g., rolling ball method) [12]
or specialized adaptive filtering [11] can be used instead of simple threshold filtering.

To solve the problem of closely spaced or intersecting nanoparticles, the circular Hough transform [15] can be used
for round particles or Canny boundary detection operator [16] for particles of arbitrary shape. However, these methods
are inapplicable in the case of fuzzy boundaries and small particle sizes. In this case, local approximation methods are
more suitable [11, 12].

Quite a large number of works are devoted to the detection of nanoparticles using neural network methods. In
particular, methods are known for detecting large-sized (hundreds of pixels) non-overlapped nanoparticles for a simple
background [17, 18, 19] and for very noisy images [20], for overlapped nanoparticles on a simple background [19, 21]
and sometimes for small-sized nanoparticles [22]. However, the quality of nanoparticles detection by a neural network
depends significantly on the availability of enough amount of training data, which is lacking in the considered case. Trying
to solve the problem without enough training data leads to unsatisfactory results [23]. The only successful case of using
a neural network for the problem of interest [3] consists in applying deep neural network only at the image segmentation
stage combining it with additional methods to obtain nanoparticles centers and sizes.

Some works dealt with the detection problem in conditions of non-uniform background [15, 20, 24], but they are not
suitable for detecting large numbers of small nanoparticles, and [15] also does not provide for the possibility of the
overexposed areas existence.

Thus, the method we proposed earlier [11] best meets the listed requirements of the problem being solved. This method,
based on a local approximation of the brightness function by an exponential model, demonstrated the best quality of detection
of overlapped small-sized nanoparticles in conditions of highly noisy images compared to a number of other computer vision
methods, as well as the neural network approach [3] on images that do not contain background irregularities.

However, during its further use, two very significant shortcomings were revealed: 1) it has high demands on
computing resources and 2) in presence of image background irregularities it produces a large number of false positives.

2. Contribution of the paper

This paper proposes a new method that preserves the basic assumptions and general concept and, accordingly, the
main advantages of our earlier proposed approach [11], however, it contains a number of improvements, most significant
of them are: 1) finding and excluding from the further consideration areas of background irregularities, 2) selecting small
image fragments that are similar to nanoparticles based on finding local maxima to decrease the computational complexity
of the method for images with small number of nanoparticles, 3) more effective computational procedure for image
fragments approximation, 4) new criterion to determine whether a fragment contains a nanoparticle.

These improvements make it possible to eliminate the above-mentioned shortcomings. practically at all stages of the
method that allow eliminating the above-mentioned shortcomings.

The experimental results show that the method proposed in this paper maintains approximately the same level of
nanoparticles detection quality for SEM images without sufficient background irregularities, but at the same time allows
for a significant reduction in the number of false positives (and, accordingly, an increase in the overall nanoparticles
detection quality) for SEM images in the presence of background irregularities.

At the same time, the proposed method demonstrates significantly higher performance compared to the previously
proposed approach.

3. Exponential approximation method for nanoparticles detection
3.1. The main conception of the proposed approach

Following our previous approach to nanoparticles detection [11], new Exponential approximation method is based on
two main assumptions:

ethe visual representation of each nanoparticle in the image can be modeled quite well using the exponential brightness

function with a maximum at the center of the nanoparticle;

eparameters of the approximating functions found for small image fragments will differ for fragments that contain

and do not contain a nanoparticle.

The proposed method consists of the following stages: preprocessing (section 3.2), searching for areas of background
irregularities (section 3.3), selecting basic small image fragments that are similar to nanoparticles (section 3.4),
approximating the image fragments with the exponential model with offset with best local search around the basic
fragment (sections 3.5 —3.6), computing the radius of a hypothetical nanoparticle (section 3.7) and determining whether
a fragment contains a nanoparticle (section 3.8).
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3.2. Image preprocessing

In the context of the considered task of detecting palladium nanoparticles on carbon, SEM images obtained during the
chemical experiments are noisy and may contain overexposed areas, which complicates the detection of nanoparticles. In
this regard, the initial images require preliminary processing.

Following, we apply the median filtering to decrease image noise and then use the greyscale morphology method,
namely the top-hat transform [25], to eliminate bright areas that exceed a given size. Fig. 1a, b shows the initial
SEM image and the result of its preprocessing. As can be seen, the proposed preprocessing allows us to eliminate large
overexposed areas, reduce image noise, and emphasize small bright areas.

3.3. Finding areas of background irregularities

As mentioned above, the method proposed in [11] produces many false positives in areas of SEM images that
correspond to surface irregularities of the material. Such areas can be quite large and significantly decrease the overall
nanoparticles detection quality.

To solve this problem, we propose a special, fairly simple way to detect such areas, which is based on the observation
that they, as a rule, are quite large, are brighter than the background. Background irregularities areas can have various
shapes. They often have the form of straight or broken lines, and in a number of cases can be arcuate.

LetlI = [Il-,j =1(x,y;), =1,...,Nyj=1,. ..,Ny] be an image of size N, X N,, with intensity values I; ; at the
respective points [x;, y;], that is obtained as the result of the preprocessing in accordance with the section 3.2.

To find background irregularity areas, first of all, we apply the normalization and gamma correction for each point

ii, = ([i, j X255/ Imax)y, where L4, = max(lil j) and y € (0; 1]. This transformation brings different images to a single
ij

brightness range and emphasizes bright areas, increasing their contrast with the background. Then simple (global) image
thresholding to the transformed image [; j is applied to obtain image areas with values exceeding the threshold t4;,: A, =

{(@,)):Ij = thy}, k=1,..., K. Finally, large image areas, whose size exceeds the predefined threshold |4, | > asize
are excluded from the consideration. In all experiments of this paper the constant parameters values are used: y = 0.4,
th;, = 100 and asize = 300.

Fig. lc-f, shows the intermediate stages of the finding areas of background irregularities on SEM image. The red

dotted line roughly highlights the area that is excluded from the analysis as a result of this procedure.

s Wi e) ()T e R

Fig. 1. a) original SEM image, b) preprocessed SEM image, c) image after normalization, gamma correction, and threshold

binarization, d) areas identified as a result of binarization, e) "background irregularities” — areas whose area exceeds the threshold,
f) result of particle detection with the exclusion of areas of "background irregularities”

d)

3.4. Selecting basic small image fragments

Selecting basic small image fragments is made with the aim to decrease the computational complexity of the method
by considering only those areas that are similar to nanoparticles. Paper [11] proposes to exclude form the consideration
image fragments, whose brightness at the center point does not exceed the adaptive threshold that is computed over the
full image.

In contrast to [11] in this paper we take as basic fragments only those ones, whose center points are local maxima of
a preprocessed image. At that we consider only some finite number L of largest local maxima points. Then these points
are additionally filtered to exclude those of them that lie in background irregularity areas |Ay| = asize, found in
accordance with the section 3.3.
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Such preliminary filtering match the basic assumptions of the section 3.1, reduces the number of considered fragments
and, respectively, the computing time in contrast to [11]. Also, at the same time it allows to increase in the overall
nanoparticles detection quality due to excluding from the consideration fragments that lie in background irregularity areas.

3.5. Simple approximating one small image fragment with the exponential model with offset

Let F = [fij =flxwy), Lj= 1,...,fsize] be a small image fragment, which has an odd size fsize. For each
fragment, we used the same pixel coordinates x;, y; € {—|fsize/2],|fsize/2]} and i,j = 1,..., fsize that are relative to
the fragment center (X|fsize/2) = 0, Y|fsize/2) = 0).

To approximate an image fragment, in contrast to [11] the exponential function with offset is used:

F(x,y,a,b,Ax,Ay) = a-exp(—b - [(x — Ax)? + (y — Ay)?]). (1)

Parameters a > 0 and b > 0 of the approximation function (1) define its width and height, respectively, and
parameters Ax, Ay € {—0.5,0, 0.5} define its offset along the corresponding axes.

The respective offset allows to made more accurate approximation (and later more accurate nanoparticle positioning)
if the center of some nanoparticle is situated between image points.

Optimal values of unknown approximation parameters a®?t, boPt, Ax°Pt, Ay°Ptof the exponential model (1) are
determined in two steps.

At the first step nine pairs of optimal conditional parameter values (a, b) > Ax Ay are determined for each of combinations
Ax, Ay € {—0.5,0, 0.5} as the decision of the optimization problem in accordance with the linearized least squares criterion:

2 2

J(x, y,a b,Ax,Ay) = ¥ /[InF(x;,vj,a,b,Ax,Ay) —Inf;;]” = ¥; j[Ina — b(x — Ax)? — b(y — Ay)? —In f;;]". (2)

(a, b)Ax Ay = argmin/(x,y,a, b, Ax,Ay), VAx,Ay € {—0.5,0,0.5}. ?3)
a,b

The optimization problem (3) has the unique solution that can be directly found by the formulas:

{Zfi\y [ZijInfij - Xij sij —n? - Eijinfy - Su]/[ Zi.jSizj_(Zi.jsij)z]'
aghay = exp((bahay " Tijsij + XijIn fiy)/n?),

where s;; = (x; — Ax)* + (y; — Ay)?, n = fsize and if f;; = 0 - In f;; = 0 is insufficient image fragment correction
to ensure the correctness of the logarithm calculation.
At the second step the optimal offset is determined as the result of optimization of the normalized residual error:

E(a, b, Ax,Ay) = \/Zij F(xi,yj,a, b, Ax, Ay) - fij]z/n/< /Zi_jfl?/n + \/Zi_j[F(xi,yj,a, b, Ax, Ay)]z/n). (5)

(Ax, Ay)°Pt = azgmlnE(an Ay by ay B, Ay). ©)
x,Ay

“

The optimal offset (Ax, Ay)°P¢ uniquely defines the respective optimal parameters (a, b)°P*.
As a result of this simple enough computing procedure, we have the full set of optimal parameter values
(a, b, Ax, Ay)°Pt of the exponential model (1).

3.6. Best local approximation search

It should be noticed, that though brightness local maxima are good enough candidates to be centers of nanoparticles,
but due to strong image noise they can be shifted respectively to these centers.

Exponential model with offset (section 3.5) allows to decide this problem if the mismatch of a local maxima and a
nanoparticle center does not exceed 0.5 pixels (if a real nanoparticle center lies between pixels). The procedure of this
section allows to detect a nanoparticle if there is a stronger shift of the local maximum.

The proposed procedure is simple enough. It consists in: 1) considering additional image fragments from some
neighborhood of a local maximum, 2) applying for each of them the proposed simple exponential approximation with
offset and 3) taking the best approximation result that delivers the minimum of the normalized residual error (5).

3.7. Computing radius of a nanoparticle

The radius of a nanoparticle for some image fragment is defined by the respective optimal value b°P' as

follows: r = 1/+/b°Pt,

3.8. Determining whether a fragment contains a nanoparticle

To determine whether some image fragment contains a nanoparticle or not the thresholding scheme is used. In the
accordance with the proposed approach three main thresholds can be used:
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1). the simple error threshold t#,, limits the normalized approximation error (5) that can be observed if the fragment
contains a nanoparticle,

2). the adaptive threshold th,, that sets the minimum acceptable value of the approximation parameter a®?* in the used

exponential model (1) for a fragment that contains a nanoparticle. This threshold is determined as the mean value of

N largest local maxima LM;,i = 1,..., N of the preprocessed image, multiplied by the positive coefficient ¢, € [0,1]:

thy = cq* XiL LM;/N, (7

3). the threshold t4,. that limits the radius of a nanoparticle.

So, fragment f contains a nanoparticle, if the condition [(E(f) < th,,) and (a°?t(f) = th,) and (r(f) < th,)]
holds true.

For all experiments of this paper the value of N is set in 1000, i.e. the threshold (7) is determined over 1000 largest
local maxima. This value should be corresponded to the order of nanoparticles quantity at the image. Thus, for several
thousand nanoparticles, a more appropriate value is 1000, for several hundred it is equal to 100.

4. Detection quality evaluation

The nanoparticles detection quality is determined here by comparing the detection results with expert nanoparticles
labeling, that was made manually at the Digimizer image analysis software.

The result of detecting, as well as the result of expert labeling gives a set of circles, each of which is described by the
coordinates of its center and the radius, which defines the size of the nanoparticle.

To assess the correctness of determining the position and size of the nanoparticle found by the algorithm, we used a
method based on the calculation of the Jaccard measure between circles:

Jac(SgerSae) = |Sge N Sael/[Sge U Sacl» (8)

where Sy, is the ground truth circle labeled by the expert, and S, is the circle found by the detection algorithm. The
greater the value of this measure, the smaller the difference between the object found by the algorithm and that manually
labeled. When the value is equal to one, the found areas completely coincide.
In this work the value of the Jaccard measure, at which the corresponding nanoparticle is considered as found by the
algorithm, is 0.25. More detailed description of computing and using the measure (8) can be found in [11].
The quality of the algorithms was evaluated by the accuracy value, which is calculated by the formula
TP

ACCUTACY = v

(€))

where TP is the number of particles correctly identified by the algorithm, i.e., matching with the expert markup with the
Jaccard measure grater or equal than 0.25; FN is the number of particles not found by the algorithm but labeled by the
expert; and FP is the number of particles found by the algorithm but not confirmed by the expert.

5. Experiments
5.1. Characteristics of the computing system and dataset

An experimental study of the proposed method s was carried out on the computing systems with the next main
characteristics: CPU — Intel Core 17-9700k, RAM — 16 Gb, OS — Windows 10x64.

Image dataset includes six SEM images of Pd/C catalysts from the public dataset [26]. These SEM images were
obtained using a field-emission scanning electron microscope (FE-SEM) Hitachi SU8S000 at 100x magnification. The
operation conditions involved secondary electron mode at an accelerating voltage of 10-30 kV and an operating distance
of 6-12 mm. The SEM images were acquired in TIFF format with a 1280 x 890 resolution.

5.2. Study of nanoparticles detection quality in the absence of sufficient background irregularities

First of all, we repeat here the experiment of our previous paper [11] to compare the proposed improved method in
quality with its old version and with other methods for SEM images that do not contain sufficient structural irregularities
of the material surface. The following methods were compared, for each of which preprocessed SEM images (section 3.2)
were used as input data (except for Deep Neural Network):

1). Local Maxima [27] — method that takes local intensity maxima of SEM image exceeding some threshold as

nanoparticle position, at that radius of all nanoparticle are taken the same and equal to the average size of the

nanoparticle on the image of the given scale.

2). The Morphological Reconstruction [28] method is a powerful tool for object extraction based on markers and

masks. Unlike basic morphological operations, it preserves object shapes while eliminating noise and restoring

boundaries.

3). The Watershed Segmentation [29] method is an image technique based on a topographic metaphor. It treats an image as

a topographic surface where pixel intensity represents elevation. The algorithm simulates flooding from local minima, with

boundaries forming where different flood basins meet — these boundaries become the segmentation lines.
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4-6) Feature detection methods based on second derivative analysis: Laplacian of Gaussian method [30], Difference
of Gaussians method [31], based on a scale-normalized Determinant of the Hessian method [30]. The core idea
involves searching for blob-structures — local regions with brightness distinct from the background.

7) Deep Neural Network approach described in [32] is focused on the problem of particle segmentation in SEM

images. For training, 11 full-sized SEM images were manually labeling by expert and additional images obtained as

a result of augmentation according to [32].

8) Previously proposed version of the Exponential Approximation method, developed by us in [11].

9) Improved Exponential Approximation method, proposed in this paper.

The experimental setup includes four manually labeled fragments of SEM images from the public dataset (section
5.1). Image fragments to be analyze contain about 200 expertly labeled nanoparticles per image, have no essential
irregularities of the material surface.

To model the real situation in case of limited data amount we chose parameters of each algorithm based on the leave-
one-out procedure [33]. Namely, four times in a turn, we selected one of the four images as the test image, found the set
of parameters that gives the best sum of accuracies for the three remaining images, and applied this set to process the test
image. Thus, the average accuracy for four test images provides the final estimation of the algorithm performance.

Unchangeable parameters of the proposed method, the same for all images and all runs within the given experiment:
median filtering parameter sz,,.q = 3, top-hat parameter sz,;, = 4, small image fragment size fsize = 7, the number of
greatest local brightness maxima L = 300, th, = 5 and the minimal distance between two local maximums is equal to 2.

As a leave-one-out result two parameters for the final filtering are chosen (section 3.8): the coefficient c, for the
adaptive threshold t/, (7) and the threshold for the normalized approximation error t/,,.. All parameters and the results
of the other methods exactly repeat those of the paper [11].

The results of this experiment are presented at the Tab. 1. All the results were obtained for the object acceptability
threshold equal to 0.25 according to the Jaccard measure (8). The central columns of the Tab. 1 contain accuracy values
(in %) obtained for each image in accordance with the described leave-one-out procedure. The last column contains the
average accuracy values and the corresponding standard deviations (SD) calculated from all four test images. The optimal
parameter values that achieve the maximum overall accuracy for all four labeled image fragments from the experiment:
¢, = 0.27 and th, = 0.32.

Tab. 1. Accuracies of nanoparticle detection for images without irregularities of the material surface

Images to find parameters/to test
Method 2,341 1,342 1,2,4/3 1,2,3/4 Mean £ SD
1. Local Maxima 73.90 67.52 69.92 73.33 71.16 £2.60
2. Morphological Reconstruction 45.28 48.02 57.21 72.92 55.86 +£10.8
3. Watershed Segmentation 54.92 61.69 64.23 82.91 65.94+104
4. Laplacian of Gaussian 58.44 64.47 70.52 80.30 68.43 £ 8.07
5. Difference of Gaussians 64.98 69.06 75.55 70.18 69.94 + 8.36
6. Determinant of Hessian 39.08 47.71 48.33 70.82 51.48£11.7
7. Deep Neural Network 69.88 67.95 76.09 79.59 73.38 £4.68
8. Exponential Approximation (OLD) 73.75 72.93 75.58 83.48 76.44 +4.81
9. Exponential Approximation (NEW) 73.66 74.29 76.36 82.51 76.71 £4.04

As we can see from the Tab. 1, for the considered set of images the obtained mean accuracy of the proposed in this
paper method (NEW) slightly exceeds the accuracy of the previously proposed approach (OLD) and essentially
outperforms other methods, including deep neural network. At the same time, it should be noted, that the standard
deviation for NEW approach has been significantly decreased in contrast to the previous version. So, the proposed method
is more stable to parameter changes compared to the previous approach as well as to practically all other methods under
consideration.

5.3. Study of nanoparticles detection quality in the presence of background irregularities

The main purpose of the experiment of this section consists in to compare the nanoparticles detection quality of the
proposed in this paper approach and the quality of the method of exponential approximation [1] for SEM images with
sufficient background irregularities.

For this purpose, two images labeled by an expert were used. These images are typical examples of palladium on
carbon SEM images with background irregularities of different kind.

For each of these example images two methods have been applied: the exponential approximation method (OLD),
proposed in [11] and its improved version, proposed here at the section 3.

Two ways of choosing changeable parameters for both methods were tested: 1) best parameters, that possess the
maximum accuracy value and 2) parameters that possess the maximum summary accuracy for all four labeled image
fragments from the experiment of the section 5.2.
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Fig. 2 shows example images and results of nanoparticles detection, obtained for best parameters for each method.
Blue circles at these figure are nanoparticles labeled by an expert that have been matched with the Jaccard measure
0.25 (section 4) to nanoparticles that have been found by the algorithm, which are in turn depicted by the green circles
and are considered True Positives (7P). Red circles show nanoparticles that have been labeled by the expert, but have
been not detected by the algorithm, i.e. False Negatives (F/N). And, finally, False Positives (#P), i.e. detected nanoparticles
that have not been accepted by the expert are depicted by yellow.

3

d) e ‘
Fig. 2. (a), (d) SEM image fragments with background irregularities; (b), (e) nanoparticle detection results for an improved version
of the approach (NEW), (c), (f) nanoparticle detection results for previously proposed method (OLD)

Tab. 2 presents the obtained accuracy values (and the respective TP, FN and FP values in parentheses) for both ways
of parameters choosing.

Tab. 2. Accuracies (and the respective TP, FN and FP values) for two ways of parameters choosing

Method Fig 2a Fig 2d
Best params Estimated params Best params Estimated params
OLD 57.89 (77, 11, 45) 55.94 (80, 8, 55) 62.40 (78, 9, 38) 56.64 (81, 6, 56)
NEW 70.47 (74, 14, 17) 66.67 (76, 12, 26) 80.61 (79, 8, 11) 76.09 (70, 17, 5)

As we can see, the numerical results confirm superiority of the NEW method that allowed to increase the nanoparticles
detection accuracy for the first image from 57.89 and for the second image — from 62.40 to 80.61 for best parameters
values. For parameter values, that were estimated over other images (c, = 0.27, th,, = 0.32 for NEW method and
Cfprep = 0.3, Cfgetect = 0.4 for OLD method), the accuracy, as expected, is slightly less the best possible accuracy. At
that it should be noted, the proposed method reaches the better accuracy in contrast to the OLD method even for its best
parameters values.

Thus, the visual and numerical results confirm that the method proposed in this paper allows to significantly reduce
the number of false positives for images with background irregularities and thereby improve the overall nanoparticles
detection accuracy.

5.4. Performance study

For the experimental performance study, 3 images with significantly different amounts of nanoparticles were selected
(Fig. 3).

Tab. 3 contains mean times in seconds (averaged through 3 runs) and a number of nanoparticles (V) detected by the
OLD method proposed in [11] and by its improved NEW version proposed in this paper.

Since the performance and nanoparticles detection result of the proposed method depend on the number of largest
local maxima L specified as a parameter (section 3.4), then in Tab. 2 one result of the OLD method corresponds to a series
of results of the NEW method for a different L values from 1000 to 4000. All results have been obtained in accordance
with previous experiments. The parameters of the proposed method are divided into two groups, and their values were set
based on section 5.2.
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Fig. 3. SEM images for the experimental performance study with different numbers of nanoparticles

Tab. 3. Mean times (in seconds) and amount of nanoparticles detected by OLD and NEW methods

Fig 3a Fig 3b Fig 3¢
Method Time N Time N Time N

OLD 91.00 1500 118.0 2500 112.0 3300

1000 10.81 793 9.51 928 17.69 973

e 1300 14.33 1015 12.61 1191 21.45 1262
~ 1600 16.76 1191 15.35 1458 26.19 1551
§ 1900 19.73 1264 18.61 1707 30.09 1839
% 2200 23.01 1264 21.69 1946 35.77 2121
° 2500 26.55 1264 29.84 2148 40.09 2408
@ 2800 29.84 1264 28.59 2262 44.73 2697
= 3100 33.47 1264 32.48 2270 49.21 2985
% 3400 37.15 1264 35.78 2270 54.10 3206
3700 40.73 1264 39.53 2270 55.79 3262

4000 45.04 1264 43 47 2270 59.36 3265

As can be seen from Tab. 3, the number of nanoparticles detected by the proposed method NEW increases with
the L value up to a certain limit, which corresponds to the number of nanoparticles in the image. Obviously, to detect all
nanoparticles, it is necessary that the specified L value exceed their expected number with some reserve.

This circumstance does not present a practical problem, since it does not require an accurate assessment of the number
of nanoparticles and with an increase in the L value, the operating time of the NEW method increases linearly and
relatively insignificantly.

Table 3 also shows that the NEW method will detect approximately the same number of nanoparticles as the OLD
method, but in a significantly shorter time. At that It should be noted that the difference in the number of detected
nanoparticles is primarily explained by the significantly higher number of false positives in the OLD method compared
to NEW.

The greatest effect from the application of the proposed method in terms of increasing productivity is observed with
a small number of nanoparticles in the image. Increasing the number of nanoparticles requires increasing the L value and,
accordingly, leads to an increase in the running time of the NEW method.

However, as can be seen from the examples given, even for the case of a very dense nanoparticles arrangement (Fig. 3),
the operating time of the NEW method is significantly lower than the operating time of the OLD method.

Discussions

The proposed method is aimed at the automatic detection of small, approximately uniform-sized nanoparticles (1-
4 dozen points of area) in grayscale images under conditions of high noise, uneven brightness, the presence of
overexposed areas of various shapes and sizes, and background irregularities in the form of straight, broken, and curved
lines of varying lengths and orientations related to the material surface features.

It is assumed that the nanoparticles have a spherical shape and are quite well approximated by an exponential function.
They can be located either separately from each other or form conglomerates of closely located and even partially
overlapping nanoparticles.

The method was originally developed for detecting light nanoparticles on a darker background, but can also be used
for detecting dark nanoparticles on a light background after image inversion and if the assumptions specified in section
3.1 (about the exponential nanoparticles modeling) are met.

The method has a number of parameters, most of which can be set to default values suitable for processing most
images that match the description above. Specifically, such default values are: median filtering parameter sz,,.q = 3,
top-hat parameter sz;, = 4, maximum nanoparticle radius th, = 5, small image fragment size fsize = 7 and the
minimum distance between two local maximums is equal to 2.

However, there are several parameters whose values should be selected based on the available a priori information.

In particular, the parameter defining the number of greatest local brightness maxima L (section 3.4) used to find base
image fragments potentially containing nanoparticles should be chosen in accordance with the expected number of
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nanoparticles in the image, adding some reserve to the upper estimate for the number of nanoparticles (which can range
from several hundreds to a thousand local maxima, depending on the degree of confidence in the estimate used).

Experiment in section 5.4 demonstrates the dependence of the number of detected nanoparticles and the method's
execution time on the value of this parameter. The experimental results show that, starting from a certain value of L, the
number of detected nanoparticles stabilizes (i.e., taking into account additional local maxima does not lead to the detection
of new nanoparticles), but it does increase the algorithm's execution time. Therefore, this parameter is convenient for
reducing the method's execution time if a priori information about the approximate number of nanoparticles in the image
is available. For fully automated data processing, a promising area of future research is the development of an adaptive
criterion for the selection of L, for example, based on the stabilization of the number of detected nanoparticles. The
performance improvement is particularly noticeable for small numbers of nanoparticles, but can also be noticeable for
images with high nanoparticle densities.

Two other parameters requiring selection of values are the coefficient c,, which determines the adaptive threshold for
rejecting fragments that do not contain nanoparticles based on the brightness information at the fragment center, and the
maximum allowable value of the normalized approximation error th,,. The optimal values of these two parameters may
differ for different images. However, the experimental study (sections 5.2 and 5.3) conducted in this paper shows that
sufficiently good estimates of these parameters values can be obtained based on the analysis of some number of labeled
images with subsequent use of the obtained values for new images not involved in training.

The processing of images of different scales obtained at different magnifications is beyond the scope of this article.
Clearly, at higher magnifications, the nanoparticles in the image will be larger, while at lower magnifications, they will
be smaller. The method can be applied in this case with minor adjustments to the parameter values — the image fragment
values and size filtering thresholds should correspond to the size of nanoparticles. An alternative method is to pre-convert
the images to the desired scale. This approach was successfully applied in [34] when processing a complete database [26]
of images of different scales using the OLD method [11]. Clearly, the same approach can be applied to its improved NEW
version proposed in this paper.

As directions for further development of the proposed method, one can indicate its adaptation for processing images
containing nanoparticles of significantly different sizes, as well as those having an elongated shape, which is not provided
for in the current formulation of the method.

Conclusions

In this paper proposes an improved method for nanoparticles detection in SEM images has been proposed. It preserves
the basic assumptions and general concept and, accordingly, the main advantages of earlier proposed approach [11],
however, it contains a number of significant improvements that allow eliminating its main shortcomings.

The experimental results show that the method proposed in this paper maintains approximately the same level of
nanoparticles detection quality for SEM images without sufficient background irregularities, but at the same time allows
for a significant reduction in the number of false positives (and, accordingly, an increase in the overall nanoparticles
detection quality) for SEM images in the presence of background irregularities.

At the same time, the proposed method demonstrates significantly higher performance compared to the previously
proposed approach.
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