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Abstract. An important stage in the process of formation of micro- and nanosystems is control operations. For
operational monitoring of colloidal nano- and microstructured films, atomic force microscopy is used, imple-
mented by the method of amplitude modulation semi-contact scanning. This method is characterized by the
complexity and duration of setting the sample scanning parameters. In this project, a neural network has been
developed to automatically optimize process parameters during scanning, which can significantly speed up the
process and improve image quality and measurement accuracy.
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BBEAEHUE
KomsouaHble HAHO- U MHUKPOCTPYKTYPBl HAXOOAT
IIpaKTH4YecKoe [IpuMeHeHHe BO MHOKeCTBe aKTUBHO
Pa3BUBAIOIIKXCS 007acTell HAYKH U MHKEHEPHOTO
nena. HMcronb3oBaHMe A1 QOPMHUPOBAHM S KOJIJIOU /-
HBIX CTPYKTYp AHOKCHIA KpeMHUS (Si0,), HHOKRCHIA
tuTaHa (Ti0,), monuCcTHPOoabHOrO aTekca (PS) u psiaa
IPYyTUX MaTePHaJIOB I103BOJISET I10J1y4YaTh K3 HUX KOJI-
JIOMAHbIe GOTOHHBIE KPUCTAJIJIBL (K®K), saBngmomnimuecs
[epCIeKTUBHBIM MaTepHasoM A1 YCTPOUCTB GoTo-
HHUKHU, OITOVIEKTPOHUKHU U J1a3epPHOM TeXHUKHU [1].
B [2] onimchiBaeTcst pasHoobpasre OTPasKAIIHUX THC-
IIJleeB HA OCHOBe IIPUPOJOIION06HBIX POTOHHO-KPH-
CTaJLIMYeCcKUX CTPYKTYP. B [3] mpencTaBieH Komopu-
MeTpHUYeCKUI JATUUK JedopMalluu Ha ocHOoBe KK,
HHTeIPUPOBAHHBIN JeOPMHUPYEeMBIM I'padpeHOBBIM
dororrpeobpasoBarenem. B [4] mpensaraeTcst KOHIEII-
LM [OJHOCTBIO ONTHYECKUX JIOTHYECKUX BeHTUJIEH
Ha ocHOBe KOK, MOAYIUPOBAHHBIX GOTOTIOMUHECLIeH-
LiMe IepOBCKUTHBIX HAHOKPHCTAJLJIOB.
Pa3HoobOpa3re IpUMeHEeHHUH KOJJIOUIHBIX HaHO-
U MHUKPOCTPYKTYP CTaBHUT I1epe]] yYeHbIMH MHOKECTBO
3a/la4y ¥ Hay4YHBIX BBI30BOB, CBSI3AHHBIX C IIPEIIM3HOH-
HOCTBI0 00BeKTOB pa3paboTku. KinaccuyecKUMH MeTO-
JaMHU UX KOHTPOJIS U MCCIeIOBAHUS SIBJISIIOTCA 3JIeK-
TPOHHAs U 30HJ0Bas MUKPOCKOIIHMH. OLHAKO JU3JIeK-
TpHUYeCKHe MaTepHalbl, HCII0Nb3yeMble B KOK, orpa-
HHUYHBAIOT HUCII0/Ib30BAHUE 3TeKTPOHHON MUKPOCKO-
nuu. [TIo3TOMY [I/I1 Hepa3pyLIalouero KOHTPOJIsS MOP-
$ooruy KOMIOUAHBIX HAHO- U MUKPOCTPYKTYPUPO-
BaHHBIX IIJIEHOK MCIIONB3YIOT 30H0BYI0 aTOMHO-CHJIO-
ByI0 MHKpocKomuio (ACM), peann3yemMyio MeTOLOM
AMIIITUTYIHO-MOAYIAIIMOHHOIO I10JIyKOHTAKTHOIO
(IIpepBIBHCTO KOHTAKTHOI'0) CKAHUPOBaHUS [5]. MeTof,
[103BOJISeT OIIePAaTUBHO OCYIIECTBIATh B aTMocdepe
BBICOKOTOYHBIe M3MepeHHUs 6e3 IpeaBapUTeIbHOMN
IIOAr0TOBKHU 06pa3ioB. HecMoTps Ha Hanu4due 601b-
IIOro KOJIMUeCcTBa JOCTOMHCTB MeTOAy CBOMCTBEHHO
II0sIBJIeHHEe apTePaKTOB, MOSAB/IAIOIIMXCSI 10 IPHU-
YMHe HaJTUYKS Pa3HOOOPa3HBIX ITYMOB, KOHBOJIOIIUU
30HzAa U 06pa3la, 3aJIUMaHUs 30HAA IIPU B3aUMO-
JEeVCTBHUU € 06pa3LioM U Ip. BO3HUKHOBEHHE MHOTHUX
npobiemM MOKET SIBISIThCS C/IeACTBHEM HeIlPaBHIBHO
nono6paHHBIX IAPAMETPOB CKAHUPOBAHUSI, KOTOPhIE
OTJIMYAIOTCs 0T 06pasna K obpasiy. TeKynire CHCTEMBI
ACM 103BOJISIOT OCYLIECTBIIATH ITOAO0P ITapaMeTpPoOB
B aBTOMAaTHYeCKOM peskHMMe, OOHAKO, JaHHAS OIS
IIOAXOAHUT B OCHOBHOM [JI TPUBUAJIBHBIX HCCIeL0-
BAHUU IOBepXHOCTeH 6e3 KaKuXx-1ubo ocobeHHO-
cTed. [To3TOMY [J151 HCC/IeIOBAHUS XPYIIKHUX 06pa3LioB

INTRODUCTION

Colloidal nano- and microstructures find practical
application in many actively developing areas of sci-
ence and engineering. The use of silicon dioxide (SiO,),
titanium dioxide (TiO,), polystyrene latex (PS), and a
number of other materials for the formation of colloi-
dal structures makes it possible to produce colloidal
photonic crystals (CPCs), which are promising materi-
als for photonics, optoelectronics, and laser devices [1].
In [2], a variety of reflective displays based on nature-
like photonic crystal structures is described. In [3], a
colorimetric strain sensor based on CFC integrated by
a deformable graphene photoconverter is presented.
In [4], a concept of all-optical logic gates based on CFCs
modulated by photoluminescence of perovskite nano-
crystals is proposed.

The variety of applications of colloidal nano- and
microstructures poses many tasks and scientific chal-
lenges for scientists related to precision of develop-
ment objects. The classical methods for their control
and study are electron and probe microscopy. However,
dielectric materials used in CFCs limit the use of elec-
tron microscopy. Therefore, for nondestructive control
of morphology of colloidal nano- and microstructured
films, probe atomic force microscopy (AFM) realised
by amplitude-modulation semi-contact (intermittent
contact) scanning is used [5]. The method allows rapid
implementation of high-precision measurements in
atmosphere without preliminary sample preparation.
Despite a large number of advantages, this method is
characterised by artefacts caused by various noises,
probe and sample convolution, sticking of the probe
when interacting with the sample, etc. The occur-
rence of many problems may result from incorrectly
selected scanning parameters that differ from sample
to sample. Occurrence of many problems can be a con-
sequence of incorrectly selected scanning parameters,
which differ from sample to sample. Current AFM sys-
tems allow automatic selection of parameters, how-
ever, this option is suitable mainly for trivial studies
of surfaces without any features. Therefore, to study
fragile samples with developed relief and to obtain
the best results it is still necessary to select the correct
scanning parameters "manually”, which is a labour-
intensive task requiring a high level of training and
experience of the operator.

Currently, there are various methods to improve
scanning efficiency, ranging from mathematical pro-
cessing to development of fundamentally new ele-
ments of the system. In [6], an optimal set of scanning
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C Pa3BHUTHIM penbedOM M IONYUEHHUS HAUIYUIINX
pe3y/IbTaToB Io-IIpeskHeMYy TpebyeTcs mmombop Kop-
PEKTHBIX [TapaMeTPOB CKAHUPOBAHUS 'BPYUHYIO', UTO
SIBJISIETCSI TPYAOEMKO 3a7jauer, Tpebyrolier BBICOKOTO
YPOBHSI [TIOTOTOBKH U OIIBITA y OIIEPaTopa.

B HacTosmee BpeMs CyIIeCTBYIOT pa3IHYHBIe
MeTOABl ITOBBIIIEeHUS 3P PeKTUBHOCTH CKAHHUPOBA-
HUSI, HAUHHAS 0T MaTeMaTH4eCKor 06paboTKH [10 o3~
JAHWS IPUHLIUIINAIBHO HOBBIX 37IEMEHTOB CHCTEMBI.
B pabore [6] nnst dyHKIIMU cHUCTeMBl 30HA-obpaserlr
BBIUMC/ISIETCS OIITHMA/IbHBIM Hab0p ITapaMeTpoB CKa-
HHUPOBaHHUS. B pabore [7] skcrieprMeHTaIbBHBIM ITyTeM
BBISIBJISIFOT 3aBUCHMOCTH M3HOCA 30HIAa ACM Ha Kave-
CTBO CKAHHMPOBAHUSI, 3aTeM I10/1y4asl OIITUMaJIbHBbIe
HAaCTPOMKHU I1apaMeTPOB, KOTOPble MOTYT 06JIerYUTh
H3HOC 30H[a. B pabore [8] omKchIBaeTCst MeTO[, yBeIU-
YeHU s CKOPOCTU CKAHHUPOBAHHUS B IHAlIa30He CKAHU-
POBaHHS B HECKOJIBKO [1eCSITKOB MUKPOMETPOB ITyTeM
KCIIONIb30BAHU S OLHOYACTOTHOTO YIIPAB/ISIOIIEr0
CHUTHaJIa ¥ BHeJpeHHeM B CHCTeMy He4eTKOIO pery-
nsTopa. Bce 60BIIYIO TONYISPHOCTS 0OpPeTAIOT Hek-
poceTeBble AJITOPUTMBI, UCIIOIb3yeMble [JIs yIy4Ile-
HUS$ IIHPOKOTO Kpyra IIPOU3BOACTBEHHBIX U HCCIIe-
JOBaTeIbCKHUX ITpoLleccoB. B paboTe [9] omucriBaloTCst
NPYMeHeHH S HeHpPOoCeTeBBIX MOJie/Iel K aJITOPUTMOB
it ACM, KOTOpPEIE IT03BOJISIOT IIOBBICUTE 3 QEeKTHUB-
HOCTB IIpollecca CKAHUPOBAHHUS Ha OCHOBE XapaKTe-
PUCTHK H3ydaeMbIX o6pasioB. B psige pabot mpen-
JlaTaeTcs OCYIIeCTBISITh HEMPOCeTeBYyI0 IocTobpa-
OOTKY ITOTTy4YeHHBIX pe3yJIbTaToB KOHTpos [10], drs-
Tpanuu U306paskeHUH U IOAABIEHHUS HA HUX apTe-
daxToB [11], c>kaTHUs KolKM4YecTBA TOUeK IIPU CKAHU-
POBaHUHU, C [IOC/IeAyIoIIeN X PeKOHCTpPyKLueH [12].
HedipoceTeBas Monenb, obbesuHsOMas B cebe 06a
noxxona, Obla IpeACTaBleHAa aBTOPAMH paHee
B pabore [13], oHa 103BOSeT MOAOHPATh HHAUBHULY-
aJbHBIEe ITapaMeTPhl CKAHUPOBAHUS s 06pa3IoB
K®K Ha 0CHOBe ITapaMeTPOB, OIIHCBIBAIOIINX UX CBOU-
CTBa U MeTolbl GOpMHUPOBAHUS. HaubOOMbIIHUE HHTe-
pec IIpefCTaBIISIOT HeMPOHHBIE CETH, KOTOPbIe II03BO-
JISIIOT B peSKHMe peaJIbHOrO BpeMeHH KOPPeKTHPOBaTh
IapaMeTpsl CKAHHPOBaHUS 6e3 KaKoro-1ubo mpUcyT-
CTBHS UesloBeKa. Beyniye KOMIIaHUH-Pa3paboTUHKLU
ATOMHO-CHJIOBBIX MHUKPOCKOIIOB Y>Ke Hada/IH BHEIPSITh
Takue HelpoHHBIe ceTH (HC) B cBoe mporpaMMHoe obe-
cedeHHe: NanoScope Analysis komnanuu BRUKER
(CIIA) [14], uHTeNNeKTyaJlIbHBIK MNPOrPaMMHBIHN
mozynb SCANTRONIC™ kommanuu NT-MDT Spectrum
Instruments (Poccus) [5]. HasBaHHBIe MonLynH, 6ynydu
npefHa3sHaueHHBIMU JJIs1 60/IBIIOrO Kpyra I0/1b30-
BaTeseH, TpebyIOT /ISl KOPPEKTHOM paboThl 3HAHU S
CBOMCTB M XapaKTePUCTHUK HCCIIelyeMbIX 06pa31os,
KOTOPBIEe B PAaMKax HCC/Ie0BaTeIbCKUX TabopaTopun
He BCer/a U3BeCTHBI, YTO OTPAHUYMBAET UX IIPUMe-
HUMOCTb. [103TOMYy B JAHHOK paboTe IIpefcTaBieHa
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parameters is calculated for the probe-sample system
function. In [7], the AFM probe dependences wear on
scanning quality are identified experimentally, then
optimal parameter settings that can alleviate probe
wear are obtained. In [8], a method of increasing the
scanning speed in the scanning range of several tens
of micrometres by using a single-frequency control sig-
nal and implementing a fuzzy controller in the system
is described. Neural network algorithms are becoming
increasingly popular and are used to improve a wide
range of manufacturing and research processes. The
paper [9] describes application of neural network mod-
els and algorithms for AFM, which allow to increase
the scanning process efficiency based on the charac-
teristics of the studied samples. In some works it is
proposed to perform neural network post-processing
of the obtained control results [10], filtering of images
and suppression of artefacts [11], compression of the
number of points during scanning, with their sub-
sequent reconstruction [12]. A neural network model
combining both approaches was presented by the
authors earlier in [13]; it allows selecting individual
scanning parameters for CPC samples on the basis
of parameters describing their properties and meth-
ods of formation. Neural networks that allow real-
time adjustment of scanning parameters without any
human presence are of great interest. Leading com-
panies-developers of atomic force microscopes have
already started to implement such neural networks
(NN) in their software: NanoScope Analysis by BRUKER
(USA) (14], intelligent software module SCANTRONIC™
by NT-MDT Spectrum Instruments (Russia) [5]. The
above modules, being intended for a wide range of
users, require for correct operation knowledge of prop-
erties and characteristics of the srersmys samples,
which are not always known within the framework
of research laboratories, which limits their applica-
bility. Therefore, this paper presents a neural network
model to optimise the process of imaging the surface
of colloidal nano- and microstructures by atomic force
microscopy by adjusting the scanning parameters
directly during the examination of the sample. The
principle of the model is to process the real-time AFM
image and adjust the scanning parameters until an
optimal image is obtained by a feedback system.

METHODS AND MATERIALS

Photonic crystalline films of spherical silica and poly-
styrene particles were used as studied colloidal nano-
and microstructures. The colloidal solution of silica
was prepared by a modified Stober method on a con-
trolled colloidal solution synthesis bench. The col-
loidal polystyrene particles were commercially avail-
able standard samples. The films were prepared on
silicon and polyethylene terephthalate substrates
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HeMpoceTeBasl MOZe/b /IS OIITUMU3ALIMU IIpoLiecca
[O/Ty4eHH st H300paskeH U [T0BePXHOCTH KOJUIOUIHBIX
HaHO- U MUKPOCTPYKTYP MeTOJOM aTOMHO-CHJIOBOK
MUKPOCKOIIHMH [10CPeICTBOM HAaCTPOMKHU I1apaMeTpoB
CKaHUPOBaHMS HEIlOCPeCTBEHHO IIPH HCC/IeOBaHU KU
obpasua. [IpUHIUII MOJEIH 3aK/Io4aeTcs B obpa-
6oTKke H306paskeHUs, ronydaeMoro Ha ACM B pexkrMe
peanpHOro BpeMeHH, U KOPPeKTHPOBKe IlapaMeTpoB
CKaHUPOBAaHMSI 10 I10/IyUeHU I OIITHMa/IbHOIO H306pa-
>KeHH S 10 CCTeMe 0OpPaTHOM CBSI3H.

METO/Lbl U MATEPUAJIbI
B xayecTBe HcCIeAyeMbIX KOJJIOMJHBIX HAaHO-
U MHUKPOCTPYKTYP HCIIOIb30BANIHCh QOTOHHO-KPH-
CTajlIM4ecKHe [JIeHKH K3 CheprHUeCKUX YaCTHLL LHOK-
CcH/la KPeMHHUS U HoNIUCTHpoia. KoamougHBIH pac-
TBOP AHOKCHJA KPeMHHUS ObLI MMonydeH MOAUPHUII-
poBaHHBIM MeTojoM IlITobepa Ha cTeH/ e yIpaBse-
MOI0 CMHTe3a KOJUIOMJHBIX PacTBOPOB. Ko/JIougHbIe
YaCTHULBI IOJTUCTHPOJIA ITPeJICTABIISIIN COOO0K KOMMep-
yecKHe CTaHJapTHBIe 06pasibl. [In1eHKH 6b11H chop-
MHPOBaHBI Ha IIOJJIOKKaX U3 KPeMHHUS U [IOJIU3TH-
neHTepedTanaT MeTOAAMHU Spin-coating 1 BepTHUKa/Ib-
HOT'O BBITSTHUBAHMUS C [IOMOIIbI0 060pyNOBaHMUSI, BXOIS-
11ero B 1a60paTOPHBIM KOMILIEKC 1JIs TI0J1yYeHUsI KOJI-
TIOMIHBIX POTOHHO-KPUCTAITIMYeCKHUX CTPYKTYp [15].
KoHTpob 06pa3sIioB OCYLIeCTBIISICS HAa AaTOMHO-
cunoBoM MHUKpockome Solver NEXT KoMIaHUU
NT-MDT Spectrum Instruments (Poccusi) B II0JyKOH-
TaKTHOM peskuMe. OCHOBHBIMHU BapbHUpyeMBbIMH
rnapaMeTpaMHy IIPH CKAaHUPOBAHHH SABJISIIIUCH Set
Point - ypoBeHb I1apaMeTpa B3aHMMOJEHCTBUS 30Ha
U IIOBePXHOCTH, IOAJeP>KHUBaeMBbIH 06PaTHOM CBSI-
3bI0 IIPY CKAHUPOBAHUH, Gain - KO3QPUIMEHT yCH-
JIeHU s CAHXPOHHOI0 YCHIKTe I, Rate - CKOPOCTh CKa-
HUpoBaHUs, Amplitude - amnnuTyna konebaHum
KaHTHJIeBepa B II0JIYyKOHTAKTHOM peskuMme. ITapamerp
Points - KOJTM4YeCTBO TOYeK CKAHHPOBAHMS ~ 0CTaBaJICA
HeHM3MeHHBIM JISI IIONTy4YeHUs U Ol paBeH 512x 512,
Pa3paboTka HEHPOHHOM CeTH Besachk B cpene Visual
Studio Code c ucronp3oBarHueM s3b1Ka Python 3.11.
JlaHHBIe, mony4uyeHHBIe MeToLoM ACM, 0OBIYHO
MpeCTaBASIOT CO60M MacCUB JaHHBIX, KOTOPBIH
MoKeT OBITH IIpeACTaBIeH B BHAE TPeXMePHOM
mogmenu. ng npeacrasnenus ux HC Bce pe3ynbTaThl
CKAaHHPOBAHMS COXPAHSIIMUCh B BUJEe NBYXMePHBIX
HM300paskeHU N ITOBEPXHOCTH C IIOMOIIBI0 BCTPOEH-
HOT'O IIPOrpaMMHOT0 obecIieyeHH s U MPeCTaBISIIH
cobort RCB-u306paskeHUs pa3mepoM 675X 675 mUKce-
newt (puc.l). Kaskmoe nsobpaskeHue GpparmMeHTUPOBA-
JIOCh Ha JIeBSITh YacCTel pa3MepoM 675x75 mukcenen
IJISE UMHUTAllMH Hadya/IbHOTO 3Talla CKAHHPOBAHHUA.
C menpio coKpaleHus: obbeMa JaHHBIX Oe3 IoTepu
KadeCTBa U MHPOPMATUBHOCTH M306paskeHUs OBIIH
npeobpa3oBaHbl B OTTeHKH ceporo. B Takom Buje HC
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Puc.1. M306paxkeHue, nodasaemoe Ha 8x00 HelipOHHOU cemu:
a - ucxo0Hoe u3obpaxkeHue; 6 — U30bpakeHue nocae 06pabomxu
Fig.1. Image given to the neural network input: a - original image;
b - image after processing

by spin-coating and vertical pulling methods using
equipment included in the laboratory complex to form
the colloidal photonic crystal structures [15].

The samples were controlled on the atomic force
microscope Solver NEXT of NT-MDT Spectrum
Instruments (Russia) in semi-contact mode. The
main variable parameters during scanning were
Set Point - the level of the probe-surface interaction
parameter supported by feedback during scanning,
Gain - gain of the synchronous amplifier, Rate - scan-
ning speed, Amplitude - amplitude of cantilever
oscillations in the semi-contact mode. The param-
eter Points - number of scanning points remained
unchanged for obtaining and was equal to 512x512.
The neural network was developed in the Visual Studio
Code environment using the Python 3.11 language.

The data obtained by AFM method is usu-
ally an array of data that can be represented as a
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rojiy4yasa JaHHBIe 0 [IMKCesie He B BUJe KopTeska RGB,
a B KayecTBe eJMHHUYHOTO 3HaYeHU I, COOTBETCTBYI0-
IIer0 OTTE@HKY Ceporo.

B mpouecce HopMaau3alMKU BXOAHBIX JaHHBIX
JJIs HOPMajaH3allMKU U IOJyYeHHs MaTPHUIBL 3HA-
4yeHHH OT 0 70 1 Bce 3HaUeHM s MHUKCe/Iel e/THUIUCh
Ha 255. B pe3ynbTaTe He3aBHCHMO OT IIPHUPOIBI BXOM-
HOro uucia (IHKCelb UM 3HaUeHHe MapaMeTpa
mpoliecca) ero 3HaueHHe BCerja Haxo4U/l10Ch B OfH-
HaKOBBIX IIpefesiaX, YTO IIO3BOJIMJ/IO IMOAy4YuTh HC
c bojlee paBHOMEPHBIMHU BecaMH. [laHHBIE O Iapa-
MeTpaX CKaHMPOBaHMS IIOABEPIIIMCh HOpMaJiK3a-
MU 110 aHAJOTMYHOMY IPUHIMIY, TakKUM obpa-
30M, uTO6bI 3HaUeHHe 0 COOTBETCTBOBA/I0 MUHHUMaJlb-
HOMY 3Ha4YeHHIO [TapaMeTpa K3 0bydaromer BEI6OPKH,
al- MakcHMaJbHOMY.

3azava pa3paboTku U peasu3alMU HEHPOHHOM
CeTH YCJIOKHSLIach He06XOAUMOCTBIO CoueTaTh 06pa-
60TKy M300paskeHUM U [lapaMeTpoB IIpoliecca, YTo
MIPHBeJIO K HAJIUYHUIO [BYX BXOAHBEIX CJI0€B y HeH-
POHHOM ceTH. Pa3paboTaHHas apxUTeKTypa Comep-
SKUT 19 ¢c/10eB ¢ CcyMMapHBIM KOJIMYeCTBOM BapbUpye-
MBIX ITapaMeTpoB bonee 43 MUJIIMOHOB. CTPYKTYPHO
HC coCTOUT M3 HeCKOJIbKHUX YacTeHt, KOTOPbIe BBIIIOJI-
HSIIOT BblJle/IeHHe fedeKTOB B M300paskeHUH, aHAIU3
nedeKkTOB Ha U300paskeHUH, aHAIU3 1edeKTOB C yue-
TOM ITapaMeTPOB IIpoliecca, IpKU KOTOPOM ObLIO 10Ty~
YeHO M300paskeHHe, U KOPPeKTHPOBKA.

Brifenenue nedeKkToB OCyIeCTB/SeTCS IOC/Ie TOro,
Kak M306paskeHHe MPOXOAUT YepelyIolHecs: CI0H
CBePTKH U MoABBIOOPKHU. [[71 yMeHbIIeHUS obbeMa
MH)OPMAIHH, YCKOPEHHSI ITpoLiecca 00yd4eHHUs U YIIpo-
meHust HC n3o6paskeHHe ITPOXOTHUT CJIOH MOJIBBIOOPKH,
KOTOpBIe CKUMAIOT H300paskeHHe B YeThIpe pa3a [ocye
Ka>KJI0Tro cy1osi. B mepBor wacTu paspaboranHom HC
IIPUCYTCTBYIOT BXOJHOM CJIOH, YeThIpe CJIOS CBePTKH
Y 4YeThIpe CJI0sl MOABBIOOPKHU M TeXHUUYeCKHH CJI0H
IJ1s1 Ipeobpa3oBaHUS MaTPUILEL (PHC. 2). Pe3yasTaToM
IIPOXOKIEHMUSI H306paskeHHeM SIipa CBEPTKH SIB/ISETCS
IIPH3HaK, B IIEPBOM CJI0€ CBePTKH IIPUCYTCTBYeT BOCEMb
IIPM3HAKOB, TO €CTh Ha KasKAYI0 IBYXMEPHYI0 MaTPHULLY
(m306paskeHMe), IIOCTYIIAOIIEe HA BXOZ, C/I0SI Ha BBIXOJe
byzmeT deThIpe M306pasKeHHUSI, T/ie BBIAENSIOTCSI HICKOMBIe
IIpHU3HAKK. B KasKIOM C/IeAyIOIIeM CJIoe KOTUYeCTBO
IIPU3HAKOB yBEITUYHMBAETCA.

ITocsie BeII@TIEHH S ITPU3HAKOB PeAIM3YeTCs ITPOLIeCC
MX aHaaK3a. B 3Tou yacTh HC MPOMCXOOUT KIAcCHPH-
KalMs BBISIBJIEHHBIX 1€()EKTOB U OLIEHHUBAETCS UX BT~
sSIHMe Ha ITapaMeTphl mpoiecca. [Ijis 3TOro KCI10/Ib3y-
eTcs knaccuveckass MLP (multi-layer perceptron) apxu-
TeKTypa, COCTOAIIAS U3 MIECTH CI0€B C KOTUYECTBOM
HeHpoHOB 512, 256, 64, 4, COOTBEeTCTBEHHO, Ile 2-U
U 4-11 csiou - obHynstomue cou DropOut. B kauecTse
GYHKLIMY aKTHBALIMK HEHPOHOB OBII IPUHSAT TUIIep-
bonryecKUM TAaHTeHC.
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Fig.2. Neural network structure

three-dimensional model. To represent their NN,
all scan results were saved as 2D surface images
using inbuilt software and were RCB images of
675x 675 pixels (Fig.1). Each image was fragmented
into 9 parts of 675x75 pixels to simulate the initial
scanning step. In order to reduce the amount of
data without loss of quality and informativeness,
the images were converted to shades of grey. In this
form, the NN received data about a pixel not as an
RGB tuple, but as a single value corresponding to a
shade of grey.

During the input data normalisation process, all
pixel values were divided by 255 to normalise and pro-
duce a matrix of values from 0 to 1. As a result, regard-
less of the nature of the input number (pixel or pro-
cess parameter value), its value was always within the
same limits, resulting in a NN with more uniform
weights. The scan parameter data were normalised
using a similar principle, so that a value of 0 corre-
sponded to the minimum parameter value from the
training sample and 1 to the maximum.

The task of neural network design and implemen-
tation was complicated by the need to combine image
and process parameter processing, which led to pres-
ence of two input layers in the neural network. The
developed architecture contains 19 layers with the
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Fig.3. Neural network architecture

B nmociemHior0 yacTh HC mmogaroTcs mapamMeTpsl IIPo-
Llecca, pH KOTOPHIX OBIIO MTOyUeHOo u30bpaskeHUe.
JTa 4acTh CeTH peajan3yeTcs, KaK U IIpeabIaylas,
Ha oCHoBe MLP apXUTeKTyPhl C KOJIMUeCTBOM HeHpo-
HOB B CJIOAX 32, 4, a I1epBble IBa C/I0S ABASIOTCS BXO/-
HBIM CJIOEM H TeEXHUYECKUM CJIOeEM KOHKaTeHallhU.

CyMMapHOe KOJIMUeCTBO CBsI3el B pa3paboTaHHOM
HeLPOHHOM CeTH cocTaBiseT 43427108 equnul. Bce
Beca HeHMpoCceTeBOM MOJeTH 3aHUMAIoT 0KoJIo 498 M6
namsaTH. M3o6paskeHHe HEHPOHHOM CeTH C yKasa-
HHeM TUIIOB CJIO€B U CBsI3eH MeXKAYy HUMHU II0Ka3aHo
Ha pucC.3.

B niponiecce oby4eHHsT HEMPOHHOM CeTH HCIIONb-
30BaJICSL AJITOPUTM 0OPATHOIO PacIpoOCTpPaHEeHUS
omu6bKHU. IToc/ie KaskI0TO IIPOXoja M0 ceTH obpat-
HOe PacIpoCTpaHeHHUe BBHIIIONHSET IIPOXoJ B obpart-
HYIO CTOPOHY U peryaupyeT IapaMeTphl MoJenu (Beca
U cMeleHus). [lapaMeTpsl, BEIOpaHHEIe 115 obyue-
HUsI, IpUBeJieHbI B Tab1.1.

Ins yckopeHus obydeHus OB HCIIONB30BaH
MeTOJ MHUHHU-BBIOOPKH, U IapaMeTpbl HC 06HOBIIS-
JIUCh II0CJIe TIPOXOKIEHUS 11eJIOM MUHU-BBIOOPKH.
3a CUeT 3TOro yAaa0Ch CHU3UTh BpeMsi o0ydeHUs € 8,54
o 20 MuH. OmubKa Ha 06yqa101.ue1?1 BbI60pKe cocTa-
BHJIa 0KOJI0 8%, Ha BbI60pKe BaJIUIALIMH — 0K0Jio 20%,
Ha TecToBoM - 8,5%.

PE3Y/IbTATbI U OBCYXAEHUE

3aBHUCHUMOCTh OmMKUO6KKU Ha obydaromer BbrlbOpKe
¥ omK6KY Ha BEI6OPKE BaTHAALMH MOXKHO YBUIETh
Ha puc.4. OmubKa nafaet ¢ yBeJIM4eHHeM 310X, Y4u-
TBIBASI INIABHOCTh I'PadrKa MOKHO YTBEPKATh, UTO
rurneprapameTpsl HC mogo6paHbl KOPPeKTHO, TO eCTh
HeMPOHHAs CeTh CXOAUMA.

Hay4HBIM MHTepec IpefcTaBisieT NOHUMaHUe
TOro, Kak paspaboranHas HC BOCIIpUHHMAaeT H30-
OpakeHHe. AITOPUTMHYECKH OblIa HM3BIeYeHaA
nHPOpMaIHS, CofepyKallas H3MeHeHHbIe HeHPOH-
HOM ceThIo U306paskeHus (Puc.5). MOXXHO 3aMeTHTh,

total number of varying parameters more than 43 mil-
lion. Structurally, NN consists of several parts that
perform defect extraction in the image, defect analy-
sis in the image, defect analysis taking into account
the process parameters in which the image was
acquired, and correction.

Defect extraction is performed after the image
passes alternating convolution and subsampling lay-
ers. To reduce the amount of information, speed
up the learning process and simplify NN, the image
passes through subsampling layers that compress the
image by a factor of 4 after each layer. The first part
of the developed NN contains an input layer, 4 convo-
lution layers and 4 subsampling layers and a techni-
cal layer for matrix transformation (Fig.2). The result
of passing the image of the convolution kernel is a fea-
ture, in the first convolution layer there are 8 features,
i.e. for each two-dimensional matrix (image) coming
to the input layer at the output will be 4 images, where
the desired features are selected. In each next layer the
number of features increases.

Tabauua 1. MNapamempbl 06y4eHus
Table1. Training parameters

Tun own6KNn
Error type

CpepHee OTK/IOHEHUe
OT UCKOMOrO 3Ha4YeHUs

Mean deviation from the
desired value

ANCOpUTM ONTUMM3ALNU ALANTMBHAA OLLeHKa

Optimisation algorithm MOMEHTA
Adaptive moment estimation
AdaM

Konnyectso 3nox 150

Number of periods

Pasmep MUHM-BLIGOPKN 35

Mini-sample size
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Fig.4. Dependence of the error of an algorithmic neural network on
the number of periods

4YTO Ha QMHATBHOM CJI0e CBePTKH Ha H306paskeHUSIX
BBIJE/ISIIOTCSI HMEeHHO IeQeKTHl, a u30bpaskeHuUe 6e3
nedeKTOoB SIB/ISIeTCS MeHee SPKUM, YTO CBUJeTe/lb
CTBYeT O MeHblIllel CTelleHH aKTHBALlMK HeHPOHOB.
HM306paskeHHe Ha pUC.5 (1) y>Ke He CONEeP>KUT d7IeMeH-
TOB IIOJIYY€HHOT0 Ha BX0J M306paskeHHUs. IIpU 3ToM
HC BBIIeNMIA Te YUACTKH, KOTOPBIe B X0 e aHa/Iu3a
IocyuTasaa Haubosee BaXKHBIMHU U IlepeBesia HHOP-
MallMIO0 U3 KOHILIEeIITya/bHO-KaueCTBeHHOMU B aHA/IU-
THYeCKO-KOJTUYeCTBEHHBIN popMaT. YMeHbIIeHHe
paspelieHHs HU306paskeHUs CBSI3aHO C IIPOXOXKe-
HHeM CJI0eB IIyJIMHIA.

[ aHanM3a KadecTBa paboThl HEMPOHHON CeTH
OB BBIIIOJTHEH aHAMM3 M3006paskeHUM C apTedak-
TaMH U 6e3 HuX. B 060UX c/1ydasix NPOLeHT OUH6KHU
COCTaBHUJI MeHee 5% JJIsl KaXkK/JI0TO U3 IlIapaMeTpoB.
B Tab71.2 IpeiCTaBIeHBI Pe3yJIbTaThl 3TOr0 TeCTHPOBA-
Hug HC.

BbIBOADI

[ns npenynpexaeHUs IOsiBJeHHUS apTedaKToB
Ha ACM-u306paskeHHSIX HAHO- B MHKPOCTPYKTYP,
B YaCTHOCTH KOJJIOUJHBIX QOTOHHO-KPUCTAJIIHYe-
CKMX IIJIEHOK, PAallMOHAJIbHO BBIIIONIHSATh KOPPEKTH-
POBKY ITapaMeTPOB CKAHHUPOBAHHU S 06Pa3LI0B C UCIIO0/Ib
30BaHHEM MCKYCCTBEHHOIO MHTeJJIeKTa. XOpollxe
pe3y/IbTaThl aHA/IM3a U BBISIBJIEHUS IPU3HAKOB Gop-
MHPyeMBIX H306paskeHU ! IoKa3asaa Inybokas Hel-
POHHas CeTh, cofepskalllas CI0U CBEPTKHU, MOABBI-
OOpKH U peryssipru3aliiu, JOIIOTHeHHAsI CeThIO C apXH-
TeKTYPOI MHOI'OC/IOMHOTO IIepcelITPOHA, OTBeYalomler
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After feature extraction, the process of their anal-
ysis is implemented. In this part of NN the detected
defects are classified and their influence on the pro-
cess parameters is evaluated. For this purpose, the
classical MLP (multi-layer perceptron) architecture is
used, consisting of 6 layers with the number of neu-
rons 512, 256, 64, 4, respectively, where the 2nd and
4th layers are DropOut nulling layers. A hyperbolic
tangent was adopted as activation function of the
neurons.

The last part of NN is fed with the process param-
eters at which the image was acquired. This part of
the network is realised, like the previous one, on
the basis of MLP architecture with the number of
neurons in layers 32, 4, and the first two layers are
the input layer and the technical concatenation
layer.

The total number of links in the developed neu-
ral network is 43427108 units. All weights of the neu-
ral network model occupy about 498 MB of memory.
The image of the neural network with indication of
the types of layers and connections between them is
shown in Fig.3.

In the process of training the neural network, the
error back propagation algorithm was used. After
each pass through the network, back propagation per-
forms a backward pass and adjusts the model param-
eters (weights and biases). The parameters selected for
training are given in Table 1.

To speed up the training, a mini-sampling
method was used and the NN parameters were

S e e A el i e A8

Puc.5. Tpancopmauus uzobpaskeHust npu NpoxoxkoeHuu cAoes
HC (a - HauanbHoe U306paxkeHue, i — KOHe1YHoe U306paXkeHue)
Fig.5. Image transformation when passing through NN layers
(a-initial image, i - final image)
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Tabauya 2. Peayabmambl mecmupogarus HC
Table 2. Results of NS testing

MapameTp O6pasel 6e3 apTedakToB O6pasew c apTedpakTamu
CKaHUpOBaHUS Sample w/o artefacts Sample with artefacts
Scanning parameter
Tpebyemoe 3Ha4YeHue Bbixoa HC Tpebyemoe 3Ha4eHue Bbixop HC
KOPpPeKTUpPOBKU NS output KOppPeKTUpPOBKU NS output
Required adjustment Required adjustment
value value

3afaHHasg To4Kka 0 -2,10 7,59 8,040
Set Point
Gain 0 0,09 =0,55 -0,529
Pe3ynbTat
CKopoCTb 0 0,01 0,20 0,197
Rate
AMNAnTyna 0 -0,10 -0,80 0,734
Amplitude

32 aHa/IKU3 BXOJHBIX ITapaMeTpPoOB (Pe>KHMOB) IIPO-
tecca. Takast Moziesb CriocobHa BbIABATh KaueCTBEH-
Hble KOPPeKTUPOBKU ITapaMeTPOB CKAHHPOBAHUS
B TpebyeMBbIX CUTyalusix. OmubKa o6ob1meHus Ipu
obpaboTke ACM-1306paskeHHUI B 3TOM CIydae He IIpe-
BbIIIAeT 5%. [lony4yeHHBbIe pe3yabTaThl U HapaboTKuU
MOTYT OBITH UCIIONTB30BAHBI B 1aBOPATOPHBIX HCCIIEN0-
BaHHSX, a TaKKe IIPU pa3paboTKe MeTPOIOrHUeCKOk
JOKyMeHTallHH.

NHOOPMALLNA O PELLEH3UPOBAHUU

Pemakuus 61arofapuT aHOHHMHOIO PelleH3eHTa
(pelLieH3eHTOB) 33 UX BK/IaJ, B PeLleH3UpPOBaHUe 3TOM
paboThl, a TakKe 3a pa3MellleHHe CTaTell Ha CaKTe
SKypHaJIa U Ilepefady Ux B 3JIeKTPOHHOM BHIe B HOB
eLIBRARY.RU.

Jekaapauus o KoHpAuKmMme uHmepecos. Asmopbl 3a384atom 06
omcymcmauu KoHMAUKITO8 UHMepecos UAU AUMHBLX OMHOLWEeHUL,
Komopble mozAu bbl no8AUSMb HA pabomy, npedcmasAeHHyto 8 daH-
Holl cmambe.
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RESULTS AND DISCUSSION

The dependence of the error on the training sample
and the error on the validation sample can be seen in
Fig.4. The error decreases with increasing periods, tak-
ing into account the smoothness of the graph, we can
say that the hyperparameters of NN are selected cor-
rectly, i.e. the neural network converges.

It is of scientific interest to understand how the
developed NN perceives an image. Algorithmically
extracted information containing images modified
by the neural network (Fig.5). It can be seen that in
the final convolution layer, it is the defects that stand
out in the images, while the image without defects
is less bright, indicating a lower degree of neuronal
activation. The image in Fig.5 (and) does not contain
elements of the image received as input. At the same
time, the NN selected those areas that it considered
the most important during the analysis and translated
the information from conceptual-qualitative to ana-
lytical-quantitative format. Decrease in image resolu-
tion is associated with the passage of pooling layers.

To analyse quality of neural network performance,
images with and without artefacts were analysed. In
both cases the error percentage was less than 5% for
each of the parameters. Table 2 presents the results of
this NN testing.

CONCLUSIONS

To prevent artefacts in AFM images of nano- and
microstructures, in particular colloidal photonic-crys-
talline films, it is rational to adjust the sample param-
eters scanning using artificial intelligence. A deep
neural network containing convolution, subsampling
and regularisation layers, supplemented by a network
with multilayer perceptron architecture responsible
for the analysis of input parameters (modes) of the pro-
cess, has shown good results in analysing and detect-
ing the features of the formed images. Such a model
is able to produce qualitative adjustments of the scan-
ning parameters in the required situations. The gener-
alisation error in processing AFM images in this case
does not exceed 5%. The obtained results and develop-
ments can be used in laboratory studies, as well as in
the development of metrological documentation.
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