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Abstract. A comprehensive approach for non-contact, non-destructive, and high-precision analysis of surface
inhomogeneity distributions has been proposed, enabling reconstruction of the surface height distribution
with coefficients of determination (R?) ranging from 0.86 to 0.90, based on the photoluminescence intensity
distribution of surface-deposited perovskite nanoparticles. Perovskite nanoparticles of about 5nm were
employed as functional markers, reproducing the surface topographic profile after deposition. A machine
learning model based on graph convolutional networks (GCN) was developed to analyze and reconstruct the
height distribution of surfaces with nano- and micro-inhomogeneities. The model was trained using
experimental data obtained by atomic force microscopy to determine the surface height profile, together with
measurements of the luminescence intensity of the deposited nanoparticles.
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1. Introduction
In the modern world, the development and advancement of a comprehensive set of methods and

approaches aimed at the detection, measurement, and analysis of surface micro- and
nanotopography, whose characteristics are determined by nanoscale inhomogeneities, are
becoming increasingly important. Such studies enable the evaluation of geometric, structural,
optical, and functional surface parameters, including roughness, height, and spatial distribution of
profile inhomogeneities, correlation characteristics, as well as local defects.

At present, the primary purpose of approaches to diagnosing nanorough surfaces is to
optimize material properties and functional surfaces whose characteristics are governed by
nanoscale relief features, as surface nanotopography significantly influences the mechanical,
optical, electrical, and adhesive properties of material surfaces.

Among the wide range of potential applications, these methods are implemented in
technical fields such as mechanical engineering [1,2], micro- and nanoelectronics for the micro-
/nanoanalysis of semiconductor surface structures and the investigation of photolithographic
elements [3], as well as for assessing the quality of functional layers in integrated circuits, micro-
electromechanical systems / nano-electromechanical systems (MEMS/NEMS) systems, and
sensors with functional coatings [4]. More broadly, considering the need to study the structure of
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biologically derived nanosurfaces, such methods are increasingly applied in biomedical optics,
photonics, and optical engineering. In these fields, investigating the nanoroughness of optical
elements, diffractive structures, metasurfaces, and waveguides enables evaluation of scattering
levels, optical losses, and wavefront-formation quality.

The study and characterization of nanorough surfaces involves both contact and non-
contact methods. Contact techniques, including contact profilometry and atomic force
microscopy (AFM), provide high accuracy in determining the geometric parameters of surface
relief at the nanoscale. However, due to the mechanical interaction between the cantilever and
the surface, they may cause local damage or distortion, particularly in soft or biological materials.
In addition, these methods are characterized by relatively low scanning speed and a limited
investigation area.

Non-contact methods are based on the interaction of electron beams or electromagnetic
radiation with the surface without physical contact. Such approaches are especially promising for
investigating delicate surfaces, biologically derived nanosurfaces, and functional surfaces of
optoelectronic and sensor elements, whose properties are governed by nanometer-scale relief
inhomogeneities, where even minimal mechanical influence can significantly alter the
morphology or functional characteristics of the object.

Among the main non-contact optical techniques, polarization-sensitive and coherent optical
methods play a special role, enabling the analysis of both the phase structure and optical
properties of nanorough surfaces. Several of our papers [5-12] present novel correlation-based
approaches that allow investigation of the three-dimensional topology of such surfaces and
extraction of statistical parameters.

In the early works reported in [10-12], two roughness measurement methodologies were
proposed, based on the analysis of the phase dispersion of the boundary-object field and the
transverse coherence function, along with devices implementing these approaches. The obtained
measurements yield statistical field parameters evaluated within interferometric schemes with
zero (infinitely extended) interference fringes. Among the developed devices [10-12], a
stationary system was introduced for measuring the root-mean-square (RMS) height deviations
of moderately rough surfaces in the range of 0.002 um to 0.06 pm, as well as a portable device
with a measurement range of 0.005 pm to 0.1 um RMS deviation. The sensitivity of RMS height
estimation reaches 10 A.

Recent studies [5,6] introduce interference-correlation approaches based on joint
reconstruction of amplitude and phase information from recorded speckle fields scattered by
phase-inhomogeneous objects, enabling real-time prediction of surface structure with
inhomogeneities on the order of the optical wavelength. Complementary works [7-9] focus on
ultra-precise characterization of super-smooth surface nanotopography, achieving sensitivity
beyond the transverse resolution limit defined by Abbe’s criterion.

In both cases, carbon-based nanoparticles are employed as functional probes, in which
surface nanorelief is retrieved by analyzing their luminescence response [7-9].

A substantial body of our papers [5-9, 16] addresses nano- and microscale optical
interactions in structured media. The rationale for nanoparticle-based probing originates from
systematic studies of optical fields with varying polarization and coherence states [13-18]
interacting with nanostructures. Potential limitations arising from nonlinear optical effects [19],
which may compromise reliable surface reconstruction, have also been investigated.
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Nanoparticle-based approaches employed in [5- 9] are non-invasive and highly sensitive
and can be applied to both organic and inorganic objects, enabling simultaneous measurements
across the entire sample area. Nanoscale implementation of the method proposed in [7-9]
requires an additional structured vortex optical beam to isolate nanoparticles and form a
gradient optical trap. In this regime, nanoparticles must possess a sufficient dipole moment to
ensure effective interaction with the external electric field. There is a need to find simpler, but no
less effective, highly sensitive, non-invasive methods for studying nanorough surfaces.

In recent years, machine learning (ML) frameworks have increasingly been integrated into
optical metrology to automate image processing, solve complex inverse scattering problems, and
extract feature topographies. Machine learning has emerged as a powerful approach for predicting
surface roughness because it can identify complex, nonlinear relationships between input
parameters and surface characteristics. Unlike conventional analytical methods, machine learning
algorithms can effectively capture hidden patterns within experimental and simulated datasets,
thereby improving prediction accuracy and robustness. These approaches encompass a broad
spectrum of algorithms, ranging from linear and nonlinear regression models to decision trees,
random forests, support vector machines, and ensemble learning techniques. More recently, deep
learning architectures, including convolutional neural networks (CNNs) [20] and graph neural
networks (GNNs) [21-23], have further advanced surface characterization by enabling the analysis
of complex spatial features and high-dimensional data. Among deep learning models, GNNs have
attracted considerable attention because they are specifically designed to process graph-structured
data. Unlike CNNs, which primarily operate on regular grid-based data, GNNs exploit both node
attributes and the topological relationships between neighboring nodes, allowing them to capture
complex spatial dependencies that are difficult to represent using conventional machine learning
approaches. Among the different GNN architectures, Graph Convolutional Networks (GCNs) [24, 25]
are the most widely adopted due to their computational efficiency and predictive performance. By
aggregating information from neighboring nodes through graph convolution operations, GCNs learn
informative feature representations that have proven effective in surface characterization, materials
informatics, computer vision, and biological network analysis.

A comprehensive review of the application of computer technologies and artificial
intelligence in surface metrology is presented in [26]. The authors emphasize that the type and
quality of the data used for model training and validation are key factors determining the
accuracy and generalization capability of surface roughness prediction models. Existing datasets
are predominantly obtained using contact techniques, such as profilometry and AFM, or non-
contact methods including optical, confocal, and laser-based imaging. Nevertheless, developing
non-contact approaches capable of resolving surface topography with nanometer-scale
resolution remains a significant challenge. At the same time, there is an increasing demand for
accurate and generalizable artificial intelligence models capable of processing multimodal
experimental data for reliable surface characterization.

The predictive performance of machine learning models is commonly evaluated using the
average surface roughness parameter (Ra) [27] together with statistical validation metrics,
including the root mean square error (RMSE) and the coefficient of determination (R%) [28].
While RMSE quantifies the average prediction error, the coefficient of determination measures
the proportion of variance in the target variable explained by the predictive model, making it one
of the most informative metrics for assessing regression performance.

04090 Ukr. ]. Phys. Opt. 2026, Volume 27, Issue 4



Machine Learning Approach

A recent study [28] investigated the prediction of surface roughness for synthetically
generated surfaces with an average roughness of approximately 200-300 nm using ensemble
machine learning algorithms. Model performance was evaluated using RMSE and R?, enabling the
identification of the most accurate prediction algorithm. However, the proposed framework was
developed for statistically generated surface datasets and focused on predicting scalar roughness
parameters rather than reconstructing the complete nanoscale surface topography from
experimental imaging data.

The integration of AFM with machine learning has also been successfully applied to the
characterization of layer-by-layer (LbL) polyelectrolyte films [29]. In this approach, AFM
topographical maps served as the reference data for training predictive models, demonstrating
that machine learning can significantly improve surface morphology analysis. However, despite
the advantages of combining AFM with artificial intelligence, AFM remains an inherently contact-
based technique that requires direct mechanical interaction between the probe and the sample
surface. Such interaction may lead to deformation or damage of fragile nanostructures, thereby
limiting its applicability to sensitive materials. These limitations motivate the development of
non-contact imaging approaches combined with advanced deep learning algorithms capable of
reconstructing nanoscale surface topography without physically affecting the specimen.

In this regard, the paper proposes using specially synthesized luminescent perovskite
nanoparticles (CsPbBr3), stabilized in ethylbenzene, with an average size of about 5nm [30],
which were uniformly applied to the studied surfaces with nano- and micro-inhomogeneities so
that their spatial distribution repeated the relief. The synthesized nanoparticles retained their
luminescent properties for up to 30 days [30]. Due to their nanometric dimensions, after
application, a thin luminescent layer was formed, the thickness of which was commensurate with
the size of the nanoparticles. The luminescence intensity was recorded by raster scanning the
sample with a step of 0.35 um in the horizontal and vertical directions. To increase the spatial
density of the measurements, the initial scanning point was sequentially shifted by 50 nm along
each coordinate axis. During the experiment, the relative position of the sample, the excitation
source, and the luminescence recording system remained unchanged, which ensured stable
excitation and radiation collection conditions. Under such conditions, the change in luminescence
intensity is determined primarily by the location of the emitting centers that fall into the
excitation and recording zone [7]. Since the deposited layer of nanoparticles conformally repeats
the nanorelief of the surface, local changes in height change the spatial location of the
luminescent centers relative to the excitation region and the radiation collection region. This, in
turn, leads to a change in the recorded luminescence intensity, which is measured by a Raman
spectrometer. As a result, the recorded luminescence intensity is a monotonic function of the
local surface height. Thus, the distribution of luminescence intensity [7] contains physically based
information about the local topography of the surface and can be used as an input data set for the
reconstruction of its spatial relief.

Thus, in this work, a method for non-destructive reconstruction of surface nanotopography
involving luminescent perovskite nanoparticles is proposed, which is based on the use of GCN.
The model learns to establish a correspondence between the spatial distribution of luminescence
intensity and the absolute values of the surface height obtained from AFM, which are used as
reference data. By dynamically constructing k-nearest neighbor (k-NN) graph topologies and
aggregating high-dimensional topological node features, the model effectively captures non-
linear spatial dependencies, offering a robust computational tool for non-destructive nanosurface
topography reconstruction.
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2. Measurement methodology and validation
The proposed comprehensive approach to the diagnosis and investigation of surface

nanotopography of rough surfaces involves a sequence of experimental and computational
steps. The first stage consists of measuring the distribution of surface inhomogeneities on
surfaces with nano- and microtopography using AFM; the resulting data are used as a
reference dataset to train the machine learning algorithm and to validate the reconstructed
surface height parameters.

The surfaces selected for the study were those with roughness parameters in the
vicinity of Ra: 2.896 nm, Rq: 3.737 nm, Rsk: 1.263 Rku: 28.108 (smooth surfaces) and with
roughness parameters in the vicinity of Ra: 298.994nm, Rq: 402.785 nm, Rsk: 0.038,
Rku: 1.514 (matte surfaces). The samples size were about 45x45 pm2. 120 samples with
different surface types were analyzed.

In the course of the work, an experimental method of reproducing the surface relief was
tested, which is based on the use of perovskite nanoparticles (perovskite nanomaterials)
(CsPbBr3), with a thickness of about 5 nm, which are applied to the surfaces under study
using a 1 ul pipette dispenser. The particles are characterized by absorption at an excitation
wavelength of 405 nm; the maximum of luminescence corresponds to a wavelength of
531 nm. The nanoparticle synthesis methodology is described in detail in [30]. Among
various classes of perovskite nanomaterials, CsPbBr3 represents a distinct group of fully
inorganic nanoscale structures combining enhanced stability, high photoluminescence
quantum yield, narrow emission linewidth, tunable bandgap, and facile synthesis. The
nanoparticles are stabilized with polystyrene, which enables controlled spatial distribution
on the surface and efficient photoluminescence detection. Upon deposition onto the surfaces,
the nanoparticles are statistically distributed with equal probability across local height
extrema, effectively conforming to the nanoscale surface relief.

Luminescence intensity measurements were performed stepwise over the entire
sample area at the excitation wavelength using a Renishaw inVia Raman spectrometer
(GRAMS/32 software). For each surface, 130x130 intensity values were obtained.

The system was operated in photoluminescence mode by applying a spectral filter that
isolated the emission band corresponding to the luminescence excitation. The Raman
spectrometer used a dry microscope objective lens, Leica Germany 566027 50x/0.75 N Plan;
excitation was performed with a Cobolt 08-NLD 405 nm laser at 30 mW.

Transverse (x)) reconstruction, implemented in this work, relies on nanoparticle
separation through deconvolution of the measured transverse intensity distribution in cases
of particle overlap using the point spread function (PSF). The PSF describes the imaging
response of a single fluorescent point source in the system and was estimated theoretically
and refined through optimization of luminescence intensity values. The optimization
procedure involved iterative adjustment of the PSF width, focal position, and blur
parameters during blind deconvolution until the reconstructed image achieved the highest
structural similarity and minimum reconstruction error with respect to the experimentally
acquired fluorescence images. Image deconvolution was performed using the blind
deconvolution function (deconvblind) implemented in MATLAB. This function is based on the
iterative Lucy-Richardson maximum-likelihood algorithm, which simultaneously estimates
both the latent image and PSF. During each iteration, the algorithm updates the image and
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the PSF to maximize the likelihood of the observed data under the assumption of Poisson-
distributed noise, making it particularly suitable for further processing.

To convert luminescence intensity distributions into quantitative surface nanorelief
height maps, a GCN was developed and validated. The trained model reconstructs the surface
morphology by predicting the surface height profile along the longitudinal z(x) direction. The
proposed GCN was trained using a dataset comprising AFM surface height maps and the
corresponding luminescence intensity measurements acquired at identical spatial locations
before and after the deposition of perovskite nanoparticles. The measured intensity serves
as a set of spatially resolved input features that encode information about the underlying
surface morphology. To represent the complex, irregular geometry of nanostructured
surfaces without introducing interpolation artifacts associated with regular grids, the
experimental measurements are directly mapped onto an adaptive graph structure,
g =(V,5 ) , where the vertices correspond to measurement points and the edges describe

their local spatial relationships.
Each experimental measurement point within a sample is defined as a graph node v; eV,

located at spatial coordinates p; =(X,,,Y,,) € R2. The primary input feature for node v; is the

locally normalized luminescence intensity I, ;-

To ensure robustness against baseline

intensity shifts across independent experimental measurements, local dynamic Min-Max scaling

_ I; —min(T)

is executed per sample: I,,..;= - . Here I
" max(I)-min(I)+10-6

nescence intensity value for the i -th measurement point (graph node), a scalar value of which is

in the range [0,1] , I; - initial (measured) photoluminescence intensity at the i -th measurement

- normalized lumi-

norm,i

location, I - vector/array of all intensity values for a specific experimental sample,
min(l) - minimum intensity value among all points within a single experimental sample,
max(l) - maximum intensity value among all points within a single experimental sample,

10-6 - small regularization constant (¢ ) added to the denominator to prevent division by zero in
case of identical intensity values.

Spatial connectivity is established dynamically using a k -Nearest Neighbors (k-NN)
algorithm in the spatial coordinate domain (k =8), creating undirected graph edges e; €&

between neighboring fluorescent markers. The relative spatial distance between adjacent nodes
is embedded as a continuous edge weight w; using an exponential decay Kkernel:

Hp,- —P; Hz
wj; =exp , where w
max ([l p, —p; ll,)+10-6

between nodes i and j, representing spatial proximity, p;,p; - 2D spatial coordinate vectors of

ij

;j - weight of the direct (adjacent) edge e; €&

the i-th and j-th points, respectively: p; =(X ; Y-)eRZ, Hp,-—p ]-HZ - Euclidean distance

1’71
(2-norm) in physical coordinates ( um ) between points i and j, max(|lp; —p; [l;) - maximum
Euclidean distance between any two connected points k and [ within the sample (used for
distance normalization), exp(...) - exponential decay function that decreases edge weight as the

physical distance between nodes increases.
GCNs are particularly well suited for capturing such non-Euclidean spatial

dependencies in surface morphology. The network architecture, implemented in PyTorch
Geometric, is presented in Fig. 1.
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Fig. 1. Model architecture diagram.

Feature Encoding Layer. A Multi-Layer Perceptron (Linear 1-—>32-—>128 with ReLU

activations) that projects the scalar normalized intensity feature into a high-dimensional
node representation space hgo) e R128,
Graph Convolutional Backbone. Two sequential Graph Convolutional (GCNConv) layers.
Spatial message passing aggregates non-linear topological feature representations from

. . (1) w) Wi p0 (1) 1.
adjacent nodes weighted by w;;: h; "/ =ReLU Z ==, | where h;’-hidden
jeN (i) ﬂdidj

1

feature representation vector of the i-th node at layer [, at input (/=0): hgo) e R128 after
(1+1)

passing through the Feature Encoder, h; - updated feature vector of the i -th node after passing
through the (I/+1)-th convolution layer, W()) - trainable weight matrix of the I-th graph
convolutional layer, A (i) - set of adjacent neighbors of the i-th node, determined by the

k -Nearest Neighbors algorithm (k-NN with k=8), w;; - calculated edge weight between nodes

iand j, 3,21 ; ~weighted degree of nodes i and j , respectively. Computed as the sum of adjacent

Wij

~ A

edge weights: a,- = Z Wi, - normalized connectivity weight used to balance contribu
jeN(i) — \did,
tions from nodes with varying local cluster densities (symmetric normalization). ReLU -non-

linear activation function ReLU(z)=max(0,z).
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Regression Head. A fully connected prediction block (Linear 64— 32— 1) that maps the
refined graph node embeddings directly to the target local surface height, measured by AFM,
Z ey €RY. To guarantee independent model validation and completely prevent data

leakage, the complete dataset of graph instances was partitioned into a training set (80%)
and an independent held-out validation set (20%) prior to neural network optimization.

The neural network was optimized using the Adam algorithm with an initial learning
rate of n=10-3 and an L, weight decay regularization parameter of A =10-% to prevent

overfitting to local cluster densities. Optimization was performed over 100 training epochs
using a batch size of eight graph instances. The network parameters were optimized by
minimizing the mean squared error (MSE) loss function defined as

N 2 5
Lysp = %Z(Zi - ZAFM’I.) , where Z; - is the surface height predicted by the GCN model, and
i-1

N - is the number of sampling points (graph nodes). During validation cycles, the model was
executed strictly in evaluation mode (model.eval()) with gradient computation disabled
(torch.no_grad()) on the isolated validation graphs.
Model performance was evaluated on an independent validation dataset using the coefficient
A 2

(Zi _ZAFM,i)

of determination (R2 =1—Z 5 ) ranging from 0.86 to 0.90 (Z- -sample mean) and a

(Zi —Zppm,i

N

Root Mean Squared Error [RMSEz\/Z[(Z _ZAFMI.)Z/N}) in the range of 0.09-0.12 nm,
i-1

N,y R

Z‘Zi—ZAFM’I-‘,) which varies

val j=1

evaluated alongside the Mean Absolute Error (MAE= 1

within 0.06-0.09 nm. These performance metrics were consistent with AFM-based height
measurement precision on nanoparticle-free baseline surfaces. Metrics computed on the
held-out validation set served exclusively for monitoring model generalization capabilities
and hyperparameter tuning, ensuring that validation data never participated in gradient
updates or parameter weight optimization.

3. Results and discussion

Two types of surfaces were investigated: an opaque glass plate with a polished surface and
an opaque glass plate with a rough surface. All measurements were performed in reflected
radiation. AFM was used to construct the dataset for neural network training and validation.
A database of surface height profiles was compiled for samples both without and with
deposited nanoparticles.

The smooth surface without nanoparticles was characterized by roughness parameters
of R,~2.896 nm and R;-3.737 nm, whereas the rough surface without nanoparticles
exhibited R,~298.868 nm and R,—~360.726 nm, respectively. Surface profiles were obtained
using AFM (Fig. 2), and the autocorrelation length was evaluated as the lateral distance at
which the autocorrelation function decays to 0.2. From the computed autocorrelation
distributions (Fig. 2b, c), the autocorrelation length was estimated as Ry = 440 nm for the
smooth surface and Ry = 3.5 pm for the rough surface. The resulting dataset constituted the
initial training set for the neural network model.
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Fig. 2. Surface profiles of the polished (a) and rough (c) surfaces along the x-direction (y=0) relative to

the baseline (z = 0), obtained by AFM, with indication of particle position, marked in red.
Autocorrelation functions for the polished (b) and rough (d) surfaces, respectively.

The next step involved deposition of nanoparticles onto the investigated surfaces. The
surface height profiles were measured using AFM, enabling identification of nanoparticle
localization points and the construction of an additional dataset for neural network training.

Imaging of samples with deposited nanoparticles, with determination of spatial coordinates,
for the purpose of further recording of photoluminescence by a Raman spectrometer (Fig. 3a), was
performed using a MICROmed Evolution LUM LS-8530 fluorescence microscope equipped with a
WF16x/13 eyepiece, an Infiniti Plan 40x/0.65 (S) objective, and a 100 W/DC mercury lamp with a
dual-fluorescence filter system. Fluorescence microscopy images were processed in MATLAB using
a multistage image analysis workflow. The acquired color images were first converted to 8-bit
grayscale (256 intensity levels), followed by region-of-interest selection, image binarization, noise
suppression, particle detection and segmentation, and centroid extraction. Accordingly, the
algorithm searches for a marker point (particles) in red in the figure (Fig. 3), and the intensity value
is identified with the grayscale value at this point (in yellow) (Fig. 3b,d). Accurate luminescence
intensity spectra in the spatial coordinates selected by the microscope were measured using a
Raman spectrometer. The centroid coordinates and the corresponding luminescence intensities
were subsequently used to construct the graph nodes for the GCN and to analyze the spatial
distribution of the luminescent nanoparticles.

Based on the photoluminescence intensity distributions of spatially distributed nanoparticles
at selected measurement points, correlation and regression analyses were performed to establish
the relationship between emission intensity and surface height (Fig. 4).

The results are shown for the rough (Fig. 4a) and smooth (Fig. 4 b) surfaces. The blue line is a
simulated linear regression model predicting the relationship between luminescence intensity and
profile height relative to the measured surface height values (Fig. 2a, c) at marker red points (the
same surface points without and with particles), by atomic force microscopy.
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Fig. 3. Example of a smooth (a) and rough (c) surfaces with nanoparticles in a fluorescence microscope,
the blue square indicates the area that is magnified for smooth (b) and rough (d) surfaces,
correspondingly, with the positions of the nanoparticles (red points) and luminescence intensity
(yellow numbers). The intensity value is identified with the grayscale value at that point.

The quality (goodness) of the linear regression model was assessed the coefficient of
determination R? =0.48 (smooth surface)and RZ =0.50 (rough surface), respectively, and the
regression error was measured by the root mean squared error (RMSE) (the standard error of
the regression (SER) or standard error of the estimate (SE)): RMSE =0.197 nm (smooth surface)
and RMSE =0.159 nm (rough surface). The linear regression model obtained from the
experimental data analysis was used during the feature engineering stage to generate the initial
node features for the GCN. As already noted, the values of the height parameters of surfaces
without applied nanoparticles, obtained using AFM, were used as reference data for the
formation and training of the machine learning algorithm.

An example (Fig. 5) of reproducing the height distribution of smooth (rough) surfaces,
obtained using AFM and the corresponding GCN prediction in the form of a height map, is
shown in Fig. 5b, d. For comparison, Fig. 5a,c shows the height map of the original smooth
(rough) surface, corresponding to AFM measurements.
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Fig. 4. Linear model of the relationship between the luminescence intensity in arbitrary units and the
profile height in the case of (a) rough and (b) smooth surfaces. Here, the red dots indicate the
experimentally measured intensity values for marker points on surfaces of different heights. The blue

lines specify the model distribution of the intensity.
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obtained by AFM, and the corresponding surface reconstruction predicted by the GCN model (b,d).
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Visualization of the reconstruction results (Fig.5) shows that the proposed GCN
successfully reproduces the main spatial characteristics of the surface nanorelief. The
reconstructed height maps are in good agreement with the reference AFM data, which is
confirmed by the high values of the coefficient of determination R2 (0.86-0.9) and low
values of the root mean square error RMSE (0.09-0.12) nm.
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For comparison, a linear regression model was used, based on experimental data, to
describe the direct relationship between the luminescence intensity of perovskite
nanoparticles and the local height of the surface with a layer of nanoparticles applied,
measured by atomic force microscopy. Since such a model takes into account only the linear
relationship between the specified parameters and does not describe their spatial
relationships, it demonstrated significantly lower prediction accuracy than the proposed
GCN. The GCN increased the coefficient of determination by approximately 0.40 compared
with the linear regression model. The result indicates GCN's ability to effectively account for
complex nonlinear spatial relationships between the photoluminescence intensity
distribution and surface topography that are not available to classical linear models.

In general, the results demonstrate that the developed machine-learning algorithm can
reconstruct the surface height distribution with coefficients of determination R?, ranging
from 0.86 to 0.90, based on the photoluminescence intensity distribution of surface-
deposited perovskite nanoparticles.

4. Conclusions
The paper presents the results of a comprehensive approach to reproducing the height

distribution of surfaces with nano (micro) inhomogeneities, where the machine learning model
generated using GCN played a crucial role; the training of which was carried out on the basis of
measurement data of both the height distribution using AFM and the measurement of the
luminescence intensity of nanoparticles. It was proposed to use perovskite nanoparticles,
about 5 nm in size, which, when applied to the surface, replicated the height distribution of
surface inhomogeneities. A key aspect of the proposed approach is the implementation of non-
contact high-precision surface analysis, which increased the coefficient of determination by
approximately 0.40 compared with the linear regression model.
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Anomauin. 3anponono8ano KOMNIEKCHUN NiOXio 00 OE3KOHMAKMHOZ0, HePYUHIBHO20 MA UCOKOMOUYHO2O0
ananizy po3noodiny HeoOHOPIOHOCMEU NOBePXHI, SAKULL O0036078€ NPOSHO3YEAMU PEKOHCMPYUOBAHULL
PO3n00iN 8ucomu noéepxti 3 Koegiyichmamu demepminayii R? y dianaszoui 6i0 0,86 0o 0,90 na ocrosi
PO3NOOINLY IHMEHCUBHOCTE (HOMOTIIOMIHECYEHYIT NOBEPXHEBO OCAONCEHUX NEPOBCOKIMHUX HAHOUACHIUHOK.
Hanouacmunixu neposckimy poamipom npubnuzHo 5 Hv GUKOPUCIOBYBATUCA SIK (DYHKYIOHAIbHI MapKepu,
Wo 8iOMEOPIoIOMb MONOPAPIUHUL NPOPLTL NOBEPXHI NICISL 0CaA0NCeHHL. [l aHanizy ma peKoHCmpyKyil
PO3NOOITY SUCOMU NOBEPXOHb 3 HAHO- MA MIKPOHEOOHOPIOHOCHAMU OYI0  PO3POOIEHO MOOelb
MAWUHHO20 HABYAHHS HA OCHOBI gpaghosux 32opmkosux mepedic (GCN). Modens 6yna Hasuena Ha 0CHOBL
EKCNEPUMEHMATILHUX OGHUX, OMPUMAHUX 3@ OONOMO2010 AMOMHO-CUTOB0T MIKDOCKONIL, Ol GU3HAYEHHS
npoino  euUcomu NOBEPXHI, A MAKONC BUMIPIOBAHbL THMEHCUBHOCII  JIIOMIHECYEHYIT OCAONCEHUX
HAHOYACTNUHOK.

Kniouosi cnosa: nanovacmunku neposcKiny, epaghosi 320pmKosi Mepedici, po3noodii 6UCOMU, HAHO- MA
MIKDOHEOOHOPIOHOCTIE
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