ITPUKIIA/THI ITHNTAHHA MATEMATHYHOI' O MOAEJIFOBAHHA T. 6, Ne 1, 2023

YK 004.92

€.K. 3ABAJIBHIOK, O.H. POMAHIOK

BiHHUIbKHUT HAIlIOHATBHUN TEXHIYHUN YHIBEPCUTET

T.I. KOPOBEMHIKOBA

HarmionanpHuit yHiBepcuTeT «JIBBiBChKA MOMITEXHIKA

BUCOKONPOJIYKTUBHE HEHPOMEPE/KEBE 3A®PAPEOBYBAHHSA
TPUBUMIPHUX ®IT'YP HA OCHOBI MOJEJII PIX2PIX

Y emammi pozpobneno dsoemanuy cucmemy 3 eeHepamugHux Hetipomepesic 0Jia 3aghapoo8yeans mpugUMIpHux
ieyp. llpoananizosano nepesazu 1 HeOORIKU CMAHOAPMHUX NIOX00i68 00 peHdepuHey mpusuUMipnux soopaicers. Onu-
CaHo 0cobaUBOCI HEUPOHHO20 pendepunzy. Posenanymo Helipomepedscesi Hanpamu cenepayii 3aghapbosanux 306pa-
JHCeHb I3 ceoMempuyHUX OaHux ¢hicyp i 0808UMIDHUX eCKi3i8, OMPUMAHHA 2eOMeMPUUHUX OAHUX i3 300padiceHb. Onu-
cano ocobaugocmi 6y008U 1l GUKOPUCTIAHHS 2eHEPAMUBHUX 3MA2ANbHUX HeUpoMepedlc 05l POPMYBAHHS 306PaAdiCeHb.
Obtpynmosano HeobXioOHicmb po3pOOKU HOBUX MEMOOI8 HEUPOHHO20 PEeHOePUH2Yy O NIOGUWeHHs NPOOYKMUGHOCI
3agapbogysants nogepxoHL MpusuUMipnux gieyp. Onucano 3anponoHosany cucmemy Hetipomepexnceso2o 3apapoosy-
eanHs izyp, wo exouae modeni Pix2Pix, onsa ¢hopmyeanns 306padxcens i nokpaujenus ix skocmi. Pozpobneno naoip
OJ151 MPeHYB8AHHS HellpoMepedCi Ha OCHOBI MACUBY (])lzyp ShapeNet. 3anpon0H06aH0 00 ’emHe noodawHs iHgopmayii npo
sepuuny Qizypu, wo suKopucmosyemvbcs Ha 6x00i Helipomepedcesoi cucmemu. Onucano apximexmypu eenepamopa
u ouckpuminamopa Pix2Pix ons 3aghapbosysanus Qicyp. Hasedeno ingopmayiro npo mpusanicms mpenyeanHs Heli-
pomepedci ma guxopucmani mempuxu noxuodxu. I106yoosano epadix 3minu noxubox ouckpuminamopa ii eenepamopa
nio yac mpenysanns Pix2Pix onsa 3agpapbosysanns ¢icyp. 3a donomozoiw mempuku SSIM i mecmosoeo nabopy ¢icyp
obuucieno pigensb akocmi eenepayii 300pasxcens. Onucano apximekmypu eenepamopa ma ouckpuminamopa Pix2Pix
0151 NOKpAWeHHs AKOCMI U1l MACWmMAaOy8anHs 2eHepOo8aHux 300padiceHs. 11o6y0oeano epagik 3smiHU Mempux nomu-
JIOK 2eHepamopa ma OUCKpuminamopa nio uyac mpenyganusa Pix2Pix ona niosuwenna axocmi 306pasicens. Hasedeno
NPUKAAOU 32eHEPOBAHUX OBOCTNANHOIO HelPOMepexcesol0 cucmemolo 30opasxcens sagapobosanux gicyp. Ha ocnosi
mempuxu SSIM oyineno aAxicmv 32eHepoganux Ha Opyeomy emani cucmemu 300padxcens. Ilopiguano weuoxicmo
3agapbosysanns gicyp 3a 00noM0o2o0 3anponoHo8anoi cucmemu i penoepa Blender Eevee. Pospobnena netipomepe-
Jrcesa cucmema 0de 3mMoey eeHepy8amu peanriCmuyHi 300paxdceHHs ma nioeuwumu npooyKmusHicms 3aghapbo8ysants
nogepxonsv Qizyp.

Knrouosi crosa: penoepune, neliponnuii penoepune, Pix2Pix, cenepamusHi netipomepesici, 320pmKo86i Helpomepexci.
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HIGHLY PRODUCTIVE NEURAL SHADING
OF THREE-DIMENSIONAL FIGURES USING PIX2PIX MODEL

In the article the generative neural networks-based two-stage system for three-dimensional figures shading is
developed. The advantages and disadvantages of standard three-dimensional images rendering approaches are analyzed.
The features of neural rendering are analyzed. The neural research directions of generating shaded images from figures’
geometrical data and two-dimensional sketches, getting geometrical data from images are examined. The features
of architecture and usage of generative adversarial networks are described. The need in the development of new neural
rendering methods for increasing the productivity of three-dimensional figures’surfaces shading is justified. The proposed
system for figures neural shading that contains Pix2Pix models for images formation and improving their quality is
described. The development of dataset based on ShapeNet figures array for neural network training is described. The
proposed volumetric representation of figures’ vertices information that is used as neural system input is examined.
The architectures of generator and discriminator of Pix2Pix for figures shading are described. The information about
neural network training duration and used error functions is provided. The plots of discriminator’s and generators
error functions changes during the Pix2Pix training for figures shading are built. Using the SSIM metric and test figures
dataset the image generation quality level is evaluated. The architectures of generator and discriminator of Pix2Pix for
improving the quality of generated images and their scaling are described. The plots of generator’s and discriminator s
error metrics changes during the training of Pix2Pix for images quality improvement are built. The examples of generated
by two-stage neural system shaded figures images are provided. Using the SSIM metric the quality of generated by
the second system s stage images is evaluated. The speed of figures shading using the proposed system and render Blender
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Eevee are compared. The developed neural system allows to generate realistic images and improve the productivity
of figures’ surfaces shading.
Key words: rendering, neural rendering, Pix2Pix, generative neural networks, convolutional neural networks.

IMocTanoBka npodiemMu

OpHi€ro 3 TOIOBHUX BUMOT JI0 CYYacCHHUX TPUBUMIPHHUX TpadiuHUX CUCTEM € BUCOKA MPOTYKTHB-
HICTh (hopMyBaHHS 300pakeHb. LIs BUMora oco0MBO BaXJIMBa B CUCTEMax peanbHOro yacy. Ha mpo-
ITYKTUBHICTB (hOpMyBaHHS 300pa)KeHb 3HAUHO BILTUBAE BUOIp METO/IIB Ta alTOPUTMIB peHaepunry [1],
10 XapaKTePU3YETHCS HAHOUIBIIOK 00YHCITIOBAIBHOIO CKIIATHICTIO cepejl eTarniB rpadiyHOro KOHBE-
epa. HaiiOi1b111 3aTpaTHOIO Omepalii€lo peHaepuHry € 3adgapooByBaHHs [2] moBepxHi 00’ exTa. 3adap-
OOBYBaHHS IIOBEPXHI 00’€KTa BKIIIOYAE PO3PaXyHOK HOpMajel BEpILIMH I€OMETPUYHUX NPUMITHUBIB,
THTEPIOJISAIII0 HOpMAJICH, PO3PaxXyHOK JJIs KOXKHOT TOUKH HAINPsIMiB OCBITIICHHS, BITOUTTS JI0 CITOCTE-
piraua, 13epKajgbHOrO BiIOUTTSA. MeTonu, 10 MiABUILYIOTh IIPOIYKTUBHICTD 3a(hapOOBYBaHHS MTOBEP-
XOHb 00’€KTIB, MalOTh HAOIMKEHO 30epiraTi piBeHb SIKOCTI Bi3yasi3alii OpUriHaIbHUX METOIIB.

Tomy akTyanpHOIO € po3poOka HOBHUX METOMIB 3adapOoByBaHHS 00’€KTiB, IO 3abe3mevarhb
BUCOKOTIPOAYKTUBHE (DOPMYBAaHHS peatiCTUYHUX 300pakeHb.

AHAaJIi3 OCTAHHIX T0CTIIKEeHb Ta MyOJaikamin

OCHOBHMMH JBOMa TPaJULIIHUMU Mixonamu [3] 10 peHIepUHTY € pacTepu3allis Ta TpacyBaHHS
npoMeHiB. Pactepusartis [3] nossirae B Tpancdopmaliii TpHBUMIPHOT CyKYITHOCTI T€OMETPUYHUX IPUMITH-
BiB 00’€KTa Y IBOBUMIpHUI MacuB 3adapOoBaHux mikceniB. Koip KoKHOTO miKcesst BpaxoBye iH(popma-
LIFO TIPO OCBITJICHHS, Marepiajl HOBEPXHi, MOIOKEHHs kKamepu. MeTon 3abe3nedye mBuiie popMyBaHHs
300paxKeHHs IOPIBHSHO 3 TPAaCyBaHHSAM IMpoMeHiB. HemomikoM miixoay € HelocTaTHO TOYHE BioOpa-
YKEHH:I B3a€MOJIii IPOMEHIB CBIT/IA 3 00’ €KTaMH CLIeHU. BUKOpUCTaHHS TpacyBaHHS poMeHiB [3] 3a0e3-
nieuye (opMyBaHHs (OTO PEaTICTUUHHUX 300pakeHb. 3 KaMepH 4epe3 OKPEMH TIKCEeTb HAPaBIISEThCS
poMiHb (200 My9OK MPOMEHIB) /10 MOBEPXHI 00’ €KTa CIIEHH. 3a PaxXyHOK B3a€MOJIii IMPOMEHSI 31 CIIEHOIO
MOXKE MOJISITFOBATUCS HOTO BIIOUTTS, 3a7I0MJIeHHS uM ONIoKyBaHH:. Ha 0CHOBI 11i€1 B3aemMotii popmyeThest
3Ha4YEHHs1 KOJIBOPY Mikcenss. OCHOBHMM HEIOIKOM METOy € BUCOKA OOYHCITIOBAJIbHA CKIIAJHICTh, TOMY
YacTO TPACyBaHHs POMEHIB 3aCTOCOBYETHCS JIHIIIE 7151 (GOPMYBAHHS BUCOKO PEATICTUUHUX CIEH.

TpetiM miaxonomM 10 hopMyBaHHs TPUBUMIPHUX 300pa’keHb HA OCHOBI FeOMETpii CIIEHU € PEeH-
JIEPUHT 13 BUKOPUCTAHHAM HeMpoMepex (HeHpOoHHU peHaepuHr [4]). 3a 101OMOror0 HaTPEHOBAHUX
HEWPOMEPEK MOXKIIUBE OUTBIIN MBUIKE (POPMYBaHHS 300paKeHHs, HIXK 3ac00aMK CTaHIapTHOTO PEH-
JIEpUHTY, 3 HEBEJIMKMMHU BTpaTaMH B SIKOCTI Bizyasizauii. HemonikoM migxody € Te, o Helpomepe-
JKeBa TeHepallis, Ha BIIMIHY BI1J pacTepu3alii Ta TpacyBaHHS IPOMEHIB, HE € JIETEPMIHICTUYHOLO.
Tomy mig gac hopMyBaHHS 300pakKeHb MOXITHBI MOMUJIKHU. [IepuM 13 TphOX OCHOBHHX HAMPsIMIB [ 5]
HEHPOHHOTO PEHIIEPUHTY € TeHepallist 300pakeHHs 13 300pakeHb. BXimHUM 300pakeHHSIM MOXKYTh
yBaXkaTUCSl MAJIOPO3MIpHI AaHi 1po (irypy ado ii kpecnenns. pyruit HanpsMm [S] HEHPOHHOTO peH-
JIEpUHTyY monArae y (GopMmyBaHHI 300pa)keHb BIIHOCHO T€OMETPUYHUX AaHuX. Cepel MOXKIMBUX
¢dopM [5] monanHs reomeTpii 00’ €KTa BUALISIOTHCS BOKCENIbHA CITKa, XMapa TOYOK, MOJIITOHHA CITKA.
BukopuctanHs Ha BXOIi HEHpOMEpeKi TEOMETPUYHHX AaHUX TOPIBHSIHO 3 BUKOPUCTAHHSM JIBOBH-
MipHHUX 300paskeHb 3a0e3medye OiIbIll MOBHE B110OpaKEHHS MPOCTOPOBHUX 0COOIMBOCTEN 00’ €KTIB.
Tperiii HanipsM [5] HaJIGKUTH 10 3BOPOTHOTO PEHACPUHTY Ta MOJSATa€ B OTPUMAHHI T€OMETPHYHUX
naHux Girypu 13 300paxenHs. CTaHIapTHUM IMIIXOAO0M JI0 TeHepallii 300pakeHb € BUKOPUCTAHHS
GAN (generative adversarial networks — reneparuBHux 3maranbHux Heilipomepex) [6]. GAN e nBo-
areHTHOIO CHCTEMOIO, IO MOJISITa€e B 3MaraHHi reHeparopa i TMCKpuMiHaTopa. 3aBIaHHsIM reHeparopa
€ 3TeHepyBaTH 300paKEHHS TaKO1 IKOCTI, 1110 TUCKPUMIHATOP HE 3MOXKE BIJIPI3HUTH BiJ] CIIPABKHBOTO.
3a3Buuail reHeparop € KOMOIHAIli€l0 3rOPTKOBOI Ta 3BOPOTHOI 3rOPTKOBOI HEHpoMepek (HampuKiai,
U-Net), ITUCKpUMIHATOP € 3TOPTKOBOIO HelipoMepeskero. [l 00poOku 300paskeHb 3aCTOCOBYIOTHCS
orepailii IBOBUMIPHHUX 3TOPTOK, a IMiJ 4ac 0OpoOKH 00’€MHUX JTaHUX 3aCTOCOBYETHCS TPUBHMIpPHA

https://doi.org/10.32782/mathematical-modelling/2023-6-1-6
55



ITPUKIIA/THI ITHNTAHHA MATEMATHYHOI' O MOAEJIFOBAHHA T. 6, Ne 1, 2023

3ropTKa. [HITUM MiIX010M A0 reHeparlii 300pakeHb € MpsiMe BUKOPUCTAHHS [ 5] KoMOiHaIlii 3ropTKo-
BOI Ta 3BOPOTHOI 3rOPTKOBOI HEMPOHHUX MEPEK.

OckiTbKH HEHPOHHUH peHIepHHT 3a0e31edye BUTpalll y MPOILYKTUBHOCTI [ 7] popMyBaHHS pealtic-
TUYHHUX TPUBUMIPHUX CIIEH, aKTyaJIbHOIO € PO3p0OOKa CHCTEM HEUPOHHOTO 3adapOOByBaHHS 00’ €KTIB.

Merta nocaixzkeHHS
Merta craTTi — po3po0OKa HEIpOMEPEIKEBOI CUCTEMH, 10 320€3MEeUNTh ITiIBUILICHHS ITPOTYKTHB-
HOCTI PEHJCPUHTY TPUBUMIPHUX 300paKeHb.

BukJiag ocHOBHOTo Marepiajy J0CaiKeHHs

Po3risinemMo 3aranbHy apxXiTEKTypy CHCTEMH HeWpoMmepexeBOro 3adapOOBYBaHHS MOBEPXOHb
TPUBUMIPHUX QIryp.

Jl51 BUCOKOIPOYKTHBHOTO Helpomepe:keBoro 3adapOoByBaHHs (iryp 3armpornoHOBAHO BUKO-
PUCTaHHS CUCTEMH 3 JIBOX reHepaTtuBHUX Helipomepex (GAN). ApxiTekTypy 00paHo 3 ypaxyBaHHIM
crpsimoBanocTi GAN Ha reHepariito 300pakeHb.

Cxemy cuctemu 300paxeHo Ha puc. 1. [lepma Heifpomepexka Ha BXOAl IpUMae TPUBUMIPHY
iHpopMaLito po BepurHU (irypH, Ha BUXOA1 (popMyeThCs IBOBUMIpHE 300pakeHHs 3adapOoBaHOl
Gbirypu po3mipom 64x64x3. Jlpyra HeripoMmepexa macirtadye TeHepoBaHe 300paxXeHHs 10 pO3MIpy
256%256%3 Ta miABUIILY€E PIBEHb HOTO SKOCTI.

GAN ans noKpaLeHHA
_' .
AKOCTI Ta Kinuese
mactuTabysaHHa 3o6pakeHHa

GAN ans reqepauii | —»

Feomerpina oblekta |—*
30bpaxeHs

Puc. 1. Cxema 3anponoHoBaHol HelipoMepe:keBoi cucTeMu 3a¢gpap0oByBaHHsI TPUBUMIPHUX (iryp

Ile 3abe3mneuye migBUIIEHY €()EKTUBHICTh TPEHYBaHHS HEHpPOMEpexKeBOi CUCTEMH W JOCHUTH
BUCOKY SIKICTh TeHEPOBAaHUX 300paKEHb.

TpenyBansuuii HaOlp chopmoBanuii Ha ocHOBI BUOIpku 3 1041 TpuBHMipHOI Qirypu HAGOpY
.obj ¢aitni ShapeNet [8]. B ocHoBHOMY BuOipka HabOpy BKJIOUae (irypu aBToMoO11iB, MeOMiB,
JiTaKiB. 3 KOXKHOTO .0bj (aiiay Habopy 3UUTy€eThCsI HAOIp BEPIIMH 1 MOJAETHCS Y BUIVISAL Ky0Oa uucen
po3MipHICTIO 64%64%64 (3HaYeHHS BUOpaHi 3 ypaxyBaHHAM 00YHCIIIOBATIBLHOT CKJIATHOCTI i TOUHOCTI
nofganHs ¢irypu). O6’eMHe MOAAHHS TPUBUMIPHUX (Giryp oOpaHO 3 METOIO MOBHOIIIHHOTO BigoOpa-
KEHHS X IPOCTOPOBUX XaPAKTEPHCTHUK.

OpuHuLg 03HaYa€ HAsBHICTh BEpUIMHU (Irypu B €1€MEHTI 00’ €My, HyJb O3HAYa€ BIJICYTHICTb
BepIIHHU B eneMeHTi. [Toain Ha 64 mpoMixKKH 1o KOXKHIH 3 0celd 311CHIOEThCS BITHOCHO MAaKCUMAaJTb-
HUX 1 MiHIMAJBHUX CBITOBHUX KOOpIMHAT BepinH Habopy. Habip cdopmoBaHux 00’€MHUX NOAAHB
(biryp cTaHOBHUTH BX1J{HI TPEHYBaJIbHI 3HAUEHHS MEPIIOTO eTanmy HeiipomepexxeBoi cuctemu. Ha puc. 2
300pakeHO NpUKIax 00’ €MHOTO NMOoAaHHS Qirypu aBToMoOLIs (ABOBUMIPHA MPOEKIIis).

Puc. 2. IIpoekuisi 00’eMHoro noganus Hadopy BepmuH ¢irypu aBromo0ins

[{imp0BMMH 3HAUCHHSIMH HEHPOMEPEKi MEPIIIOTro eTanmy CUCTEMH € 300pakeHHs 3adapOoBaHUX
TpUBUMIpHUX (iryp po3mipoM 64x64 (puc. 3). ns 3adapOboByBaHHS BUKOPHUCTAHO MPOrpaMHUNA
3aci6 Blender 3.3, rpadiunuii neuryH Eevee, Mmonens ocBitinenns [1lmika.
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Puc. 3. llpuxnag nijiboBux 300pakeHb TPEHYBAJIbHOI0 HA00PY

st ciporienHs 3adapOoByBaHHS BBAXKAETHCS, IO MOJIOKEHHS KaMepu cTajie, KoJip 3adgap0o-
BYBaHHS YEPBOHM.

Jns eramy 3adapOoBYBaHHS TPUBUMIpHHUX (iryp oOpaHO apXiTEKTypy Ha OCHOBI I'€HEpaTHB-
Hoi Heripomepexi Pix2Pix [9; 10]. Ha puc. 4 300pakeHO cXeMy CKJIaJ0BOi reHeparopa, 1o BiJMOBi-
nae 3a popMyBaHHs 300pakeHb. Ha BXin reHeparopa nonaerscsi c(hopMOBaHUN TPUBUMIPHUH 00’ €M
posMipHicTIO 64x64%x64x1 (InputLayer). Hax xyOom 3miiicHioeTbest TpuBHMipHA 3ropTka (Conv3D),
po3MipHICTh cTae 32x32x32x64. Hax pe3yasTaroM 3rOPTKH OOUMCITIOETHCS (DYHKIIS aKTHBAIIil
Leaky ReLU. Tpuui BUKOHYETHCS MOCHTIJOBHICTh 3 TPUBUMIPHOI 3rOPTKHM, MaKeTHOI HOpMai3amii
(BatchNormalization), Leaky ReLU. Jlani 3mifiCHIOEThCS TpUBHMIpHA 3rOpTKa Ta 3aCTOCOBYETHCS
¢dynkiis aktuBarii ReLU. Po3mipHicTh manux crae 2x2x2x512. Po3nouynHaeThCsi POIIeC 3BOPOTHOT
3ropTku. YOTHpH pa3u MOBTOPIOETHCS MOCIIIOBHICTh KPOKIB, 3a SIKO1 3/11HCHIOETHCS TPUBUMIpPHE TpaH-
crioHyBaHHs 3ropTkoBoro 1mapy (Conv3DTranspose), makeTHa HopMai3allis, oneparisi BUKIIOUECHHS
(Dropout, 3ano0irae nepeHaBUCHHIO HEWpOMEpeKi), KOHKaTeHallis 3 BIAMOBIIHAM 3a PO3MIPHICTIO
pe3ynBTaToM eramy 3ropTkH, 3acrocyBanHs RelLU. lani po3mipHicTio 32x32x32%128 3a 70MOMOTOI0
Conv3DTranspose mepeTBOPIOIOTECSA B KyO po3mipom 64x64x64x1. Tlicis BugaJeHHS OAMHUYHOTO
BUMIpy Ky0a 70 HOTO 3aCTOCOBYIOThCS JBi omepallii 1BoBuMipHOi 3ropTku (Conv2D). Po3mipHicTs
KyOa ctae 64x64x3. OcTaHHIM eTarnoM MepeTBOPEHb € 3aCTOCYBAaHHS 10 KyOa (yHkuii akTuBarii tanh.

Ha puc. 5 300paxkeHo cxemy CKJIaJ0BOi TUCKpUMIHATOpA, 10 BiApizHiIe chopmoBani y Blender
300pakeHHs ¢iryp BiJ 3reHepoBaHuX. Ha BXiJq TUCKpUMiHATOPa MOJAIOTHCS TEH30p reoMeTpii dirypu
PO3MIpHICTIO 64%64x64x1 1 TeH30p 300paskeHHS PO3MIPHICTIO 64%64x3%1. O0uIBa TEH30pHU 00’ €AHY-
FOTBCS B TEH30P PO3MIpHICTIO 64X64x67x1. JIBI4l Hal TEH30POM 3IHCHIOIOTHCSI TPUBUMIPHA 3TOPTKA
it 3actocyBanHs QyHKIii Leaky ReLU. Tpudi moBTOPIOETHCS MOCIIAOBHICTD 13 TPUBUMIPHOI 3TrOPTKH,
nakeTHOi HopMmautizailii Ta 3actocyBants Leaky ReLU. ITicist HacTymHOT TPHBUMIPHOT 3TOPTKH PO3MIp
TeH3opa ctae 4x4x5x1. Jlo TeH30pa 3aCTOCOBYETHCSI CUTMOiTHA (DYHKITIs akTHBaIlii. BuximHuit TeH3op
JMCKPUMIHATOpa BUKOPUCTOBYETHCS Il BU3HAYCHHS, YH € 300pa)keHHsI 3TeHEPOBAHUM.

s TpenyBaHHS HelipoMepexi Bukopuctano 100 iTepariii, koxkHa 3 sskux Biitodana 1041 kpok.
TpuBanictb ogHOTO KpoKy — Omu3pko 90 mMc. Bukopucrano tpu ¢yHkuii momunku — dl, d2, g.
d1 € GiHapHOIO KPOC-CHTPOIIIEIO Ta MMOJA€ 3aTHICTh IUCKPUMIHATOPA BUSBIATH CTBOpeHi y Blender
300pakeHHs. d2 TaKOXK € OIHAPHOIO KPOC-SHTPOITIEIO Ta TOAA€ 3aTHICTh JUCKPUMIHATOPA BUSBISITH
3reHepoBaHi 300paXeHHs. g ToJa€ TOYHICTh TeHepallii 300pakeHb 1 moeanye MeTpuky MSE (mean
squared error) 31 3MarajJpHOIO MMOXMOKOIO (BiZJOOpaxkae 3[4aTHICTh reHepaTopa «OOMaHIOBATH» JUC-
kpuMiHaTtop). Ha pucynky 6 300paxeHo rpadik 3minu d1, d2, g i yac TpeHyBaHHS HEMpoMepexi.

TecToBuit Habip AJIs TepeBipKH poOOTH HEHpoMepeki BKItodae 77 map o0’ emiB diryp (Bubipka
3 Habopy ShapeNet [8]) 1 HUTLOBUX 300paXKECHb.

Ha puc. 7 306paxeno napu chopmoBanux y Blender i renepoBanmx 300paxeHb Ha OCHOBI Piryp
TECTOBOTO Habopy.

Jlis omiHIOBaHHS SIKOCTI TeHepallii 300pakeHb 3 (iryp TecTOBOro HabOpy BHKOPHUCTaHO
MeTpuky SSIM [11; 12], 1o BpaxoBye CTPYKTYpHY MOAIOHICTh MiXK 300paskeHHAMU. OL1HKOIO SIKOCTI
reHeparii € BiJICOTOK 300pa)keHb, IO BiANMOBiAatOTh piBHAM MeTpuku MOS [13; 14] «uymoBo»
Ta «100pe». 3nauenus SSIM miamazony [0.93,1] BinnmoBigaroTs [11] MOS «aynoBo», 3HaueHHS dia-
nazony [0.85,0.93] — MOS «no6pe», 3nauenns aianazony [0.75,0.85] — MOS «npwuitHsaTHO». Bin3bko
85 % renepoBaHuX 300pakeHb BIAMOBIAIOTH OI[IHKAM, BUIINM 32 «TpUHHATHO». 100 % renepoBaHux
300pakeHb BiMOBIIAIOTH OIlIHKaM, HE MEHIIIMM 33 «IIPHHHSATHOY.

https://doi.org/10.32782/mathematical-modelling/2023-6-1-6
57



HIPUKJIA/IHI ITHTAHHA MATEMATHYHOI' O MOJE/TIOBAHHA T. 6, Ne 1, 2023

[ input_385 | input: [ [(None, 64, 64, 64, 1)] |
| putLayer | output: | [(None, 64, 64, 64, 1)1 |

[conv3d 248 input: | (None, 64, 64, 64, 1)
| ConvaD | output: | (None, 32, 32, 32, 64)
[1eaky re lu_203 | input: | (None, 32, 32, 32, 64)
| LeakyRelU | output: | (Nene, 32, 32, 32, 64)
[ conv3a_2a9 [ input: | (None, 32, 32, 32, 64)
| ConviD | output: | (Nene, 16, 16, 16, 128)
[ batch normalization 223 | nput: | (Nene, 16, 16, 16, 128)
[ BatchNormalization output: | (None, 16, 16, 16, 128)
[leaky_re_lu_204 [ input: | (None, 16, 16, 16, 128)
I LeakyReLU output: | (None, 16, 16, 16, 128)
[ conv3a_250 [ input: [ (None, 16, 16, 16, 128) |
| Conv3D cutput: (None, 8, 8, 8, 256)
[ batch_normalization_224 | input: | (None, 8, 8, 8, 256) |_I
| BatchNormalization | output: | (Nene, 8, B, B, 256) |
I leaky_re_lu_205 | input: (None, 8, B, 8, 256) ]
| LeakyReLU output: | (None, 8, 8, 8, 256) |
[ conv3a_251 [ input: [ (None, 8, 8, 8, 256)
| ConvaD | output: | (None, 4. 4, 4, 512)
| batch_normalization_225 | input: (None, 4, 4, 4, 512)
| BatehNormalization output: | (None, 4, 4, 4, 512)
[1eaky re lu 206 [ input: | (None, 4, 4, 4, 512)
| LeakyRelU | output: [ (Nene, 4, 4, 4, 512)

[(None, 4, 4, 4, 512), (None, 4, 4, 4, 512)] ‘

[ conv3a_252 | input: [ (None, 4, 4, 4, 512)
| ConvaD | cutput: | (Nene, 2, 2, 2, 512)
| activation_155 | input: | (None, 2, 2, 2, 512)
Activation | output: | (None, 2, 2, 2, 512)
[ conv3d_transpose 110 ] input: | (None, 2, 2, 2, 512)
| Conv3DTranspose output: | (None, 4, 4, 4, 512)
batch_normalization_226 input: (None, 4, 4, 4, 512)
BatchNormalizati utput: | (None, 4, 4, 4, 512)
[ dropout 88 | input: | (None, 4, 4, 4, 512)
| Dropout | eutput: | (Nene, 4, 4, 4, 512)
[ concatenate_111 | input:
Concatenate | output:

(None, 4, 4, 4, 1024)

activation_156 | input:

IT

(None, 4, 4, 4, 1024) ]

| Activation | output

. | (None, 4, 4, 4, 1024) |

[ conv3d_transpose 111 [ input: | (None, 4, 4, 4, 1024) |
| Conv3DTranspose output: | (Nene, 8, 8, 8, 256) |
[ batch_normalization_227 | input: | (None, 8, 8, 8, 256)
‘ BatchNormalization output: | (None, 8, 8, 8, 256)
| dropout_89 | input: [ (None, 8, 8, 8, 256)
| Dropout | output: | (None, 8, 8, B, 256) |
[ concatenate_112 [ input: | [(None, 8, B, B, 256), (None, 8, 8, 8, 256)] |
| Concatenate output: (None, 8, 8, 8, 512)
activation_157 | input: | (None, 8, 8, 8, 512) |
Activation output: | (None, 8, 8, 8, 512) |
[ conv3d_transpose 112 | input: (Nons, 8, 8, 8, 512)
| Conv3DTranspose | output: | (None, 16, 16, 16, 128)
[ batch_normalization_228 | input: | (Nene, 16, 16, 16, 128)
| BatchNormalization output: | (None, 16, 16, 16, 128)
[ dropout_90 [ input: [ (Nene, 16, 16, 16, 128)
| Dropout | output: | (Nene, 16, 16, 16, 128)
[ concatenate 113 [ input: [ [(None, 16, 16, 16, 128), (None, 16, 16, 16, 1281 |
| Concatenate | output: | (None, 16, 16, 16, 256)
[activation_158 | input: | (None, 16, 16, 16, 256)
| Activation | output: | (None, 16, 16, 16, 256)
[ convad_transpose 113 | input: [ (None, 16, 16, 16, 256) |
|  ConvaDTranspose | output: | (Nene, 32, 32, 32, 64) |
[batch_normalization_229 | input: | (Nene, 32, 32, 32, 64)]
| BatchNormalization output:_| (None, 32, 32, 32, 64)| B

| dropout_91 [ input:

Dropout

(None, 32, 32, 32, 64) |
|

| output: [ (None, 32, 32, 32, 64)
Tw
[ concatenate 114 | input: [ [(Nene, 32, 32, 32, 64), (None, 32, 32, 32, 64)] |
| Concatenate [ output: (None, 32, 32, 32, 128)
[(activation_159 | input: | (None, 32, 32, 32, 128) |
| Activation sutput: (I:Dne, 32, 32, 32, 128) |

[ convad_transpose_114 [ input: | (None, 32, 32, 32. 128) |
| ConvaDTr output: | (None, 64, 64, 64, 1) |
[ reshape_22 | input: | (None, 64, 64, 64, 1) |
| Reshape | output: | (None, 64, 64, 64) |
[ convad a4 ] lnputztl (None, 64, 64, 64) |
|_ConvzD | output: | (None, 64, 64, 32) |
[convzd a5 anur.:* (None, 64, 64, 32) |
| ConvzD | output: | (None, 64, 64, 3) |
[[activation_160 [ input: [ (None, 64, 64, 3) |
Activation output: | (None, 64, 64, 3) |

Puc. 4. Cxema renepaTuBHoi ckj1a10B01 Pix2Pix
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[(None, 64, 64, 3, 1)]
[(None, 64, 64, 3, 1)]

input:

[(None, 64, 64, 64, 1)] input 384

[(None, 64, 64, 64, 1)]

input_383 input:

Inputlayer | output:

/

InputlLayer | output:

concatenate_110

input:

[(None, 64, 64, 64, 1), (None, 64, 64, 3, 1)]

Concatenate

output:

(None, 64, 64, 67, 1)

conv3d_ 242 input:

(None, 64, 64, 67, 1)

output:

(None, 32, 32, 34, 64)

Conv3D

(None, 32, 32, 34, 64)
(None, 32, 32, 34, 64)

leaky re lu 198 | input:

LeakyRelU

output:
(None, 32, 32, 34, 64)
(None, 16, 16, 17, 128)

;

input:

conv3d_243 | input:

Conv3D

output:

(None, 16, 16, 17, 128)

leaky re lu 199
(None, 16, 16, 17, 128)

LeakyRelLU

output:

I

(None, 16, 16, 17, 128)
(None, 8, 8, 9, 256)

|

input:

conv3d 244 | input:

Conv3D

output:

8, 9, 256)
8, 9, 256)

(None, 8,

batch_normalization_220
(None, 8,

BatchNormalization

output:

;

input:

(None, 8, 8, 9, 256)

leaky re lu 200
(None, 8, 8, 9, 256)

LeakyRelU

output:

I

input:

(None, 8, 8, 9, 256)

conv3d_245
(None, 4, 4, 5, 512)

Conv3D

output:

I

input:

(None, 4, 4, 5, 512)

batch_normalization_221
(None, 4, 4, 5, 512)

BatchNormalization

output:

;

input:

(None, 4, 4, 5, 512)

leaky re lu 201
(None, 4, 4, 5, 512)

LeakyRelU

output:

I

input:

(None, 4, 4, 5, 512)

conv3d_246
(None, 4, 4, 5, 512)

Conv3D

output:

(None, 4, 4, 5, 512)
(None, 4, 4, 5, 512)

batch_normalization_222 input:

BatchNormalization

output:

;

input:

(None, 4, 4, 5, 512)

leaky re lu 202
(None, 4, 4, 5, 512)

LeakyRelU

output:

I

input:

(None, 4, 4, 5, 512)

conv3d_247
(None, 4,4, 5, 1)

Conv3D

output:

A
input:

(None, 4,4, 5, 1)

activation_154
(None, 4,4, 5, 1)

output:

Activation

Puc. 5. Cxema quckpuminaropa Pix2Pix
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iTepauia TpeHyBaHHA

Puc. 6. I'padix 3minum [0.93,1] mix yac TpenyBaHHs HeiipoMepeski

3reHepoBaHe CnpaBXXHE
3reHepoBaHe CnpaB>XHE
— -

Puc. 7. 3renepoBaHni Ta copmoBani y Blender (cnpaB:kHi) 300pa:keHHs1 TecTOBUX (iryp

Po3rstHeMO eTan mokparieHHs IKOCT1 Ta 301IBIICHHS PO3MIPy TeHEPOBAaHUX 300paKEeHb.

Ornucana apxiTeKkTypa HEHpoMepeki Ui TeHepallii 300pakeHHs 3 00’ €My TPUBUMIPHOI dirypu
3abe3neuye KiHIeBY PO3MipHICTh 64x64. Takox sIKICTh TeHEPOBAHHUX 300pakeHb HETIOBHOIO MIpPOIO Bifl-
TMIOBI/IA€ SIKOCTI IIUTHOBUX 300pakeHb. TOMY BasKIIMBOIO € MOYKIIMBICTD 301IbIIIEHHS 300pakKeHHS 3 TIOKpa-
IICHHSM PiBHS HOTO SKOCTI. SIK KIHIIEBHIA po3Mip 300paskeHHS 00paHo po3MIpHICTh 256%256. JIi1s mokpa-
IIEHHS SIKOCTI TeHEPOBAaHUX 300pa’kKeHb aHAJIOTIYHO BUKOPUCTaHO apxiTtekTypy Pix2Pix [9; 10].

Ha Bxoni reneparopa HelipoMepeki MOJAEThCSI TeHEpOBaHE 300pa’keHHS po3MipoM 64x64
nocepen OUTOro KBazpary po3mipoM 256%256. 3amicTh omepariii TPUBUMIPHOI 3TOPTKH, BUKO-
PHUCTOBYIOTBCS Omeparlii ABOBUMIPHOI 3rOPTKH, OCKUIBKU B LIbOMY BHUIAJKy 0OpOOJIS€THCS BOBU-
MipHe 300paxeHHs. BXigHe 300paxeHHs miA1ae€ThCsl JBOBUMIPHUN 3TOPTLI, A0 PE3yIbTaTy 3rOPTKU
3actocoByeThest (pyHkiis Leaky ReLU. IllicTh pa3iB MOBTOPIOETHCS MOCTIIOBHICTD 13 TBOBUMIPHOI
3TOPTKH, IMaKeTHOI HOpMadi3alii Ta 3acrocyBaHHs Leaky ReLU. ®da3a 3ropTku 3aBepIIyeThCs 1BO-
BHUMIPHOIO 3TOPTKOIO Ta 3acTocyBaHHAM (yHk1ii ReLU. Po3MipHicTh TeH30pa cTaHOBUTH 1Xx1x512.
Jlani Tpu4i MOBTOPIOETHCS TOCIIIOBHICTh 31 3BOPOTHOI JIBOBHMIPHOI 3rOPTKH, IMAKETHOI HOpMaJIi-
3alii, BUKIIOUEHHs, 00’ €IHaHHS TEH30pa 3 BiANOBITHUM PE3yJabTaToM (a3u 3TOPTKHU, 3aCTOCYBAHHS
ReLU. Yotupu pasu MoBTOPIOETHCS aHAJIOTIYHA TOCIIOBHICTh 0e3 onepailii BukitodeHHs. OcTan-
HIMU eTaraMy reHepaTropa € 3BOpPOTHA JBOBUMIpHA 3TOpPTKa i 3acTocyBaHHs (YHKIIIT akTHBaIlii tanh,
micns 9oro popmyeThes GpiHambHe 300pakeHHs po3MipoM 256%256%3.

Ha BXix muckpuMiHaTopa moAarThCs 3TeHepoBaHe reHeparopoM i chopmorane y Blender 300pa-
KEHHS po3MipoM 256x256%3. 300pakeHHs 00’ €AHYIOTbCA B TeH30p po3MipoM 16x16x1. Ilicns nBo-
BUMIpPHOI 3TOPTKH TeH30pa i 3acTocyBanHs Leaky ReLU 4oTupu pa3u moBTOPIOETHCS MOCITIIOBHICT
3 JIBOBHUMIPHOI 3rOPTKH, MaKeTHOI HOopMaui3anii, Bukopuctanus Leaky ReLU. Ilicins agBoBuMipHOT
3TOPTKU TEH30p Mae po3mip 16x16x1. Jlo TeH30pa 3aCTOCOBY€ETHCSI CUTMOIIHA (DYHKIIISI aKTUBALII.
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Cxema apXiTeKTypu CcKi1a1oBoi quckpuminaropa Pix2Pix 300paxkena Ha puc. 8. CxeMa apxiTek-
TYpH CKJIa/10BOi reHepatopa Pix2Pix 300paxxena Ha puc. 9.

input_1 input: [(MNone, 256, 256, 3)] input_2 imput: [{MNone, 256, 256, 3)]
InputLayer | output: | [(None, 256, 256, 3)] InputLayer | output: | [(None, 256, 256, 3)]

\x\‘ /

concatenate input: [(Mone, 256, 256, 3), (None, 256, 256, 3)]
(Mone, 256, 256, 6)

convZd inpuk: (Mone, 256, 256, 6)
ConvZD | output: | (None, 128, 128, 64)

Concatenate | output:

r
laaky e lu input: (Nona, 128, 128, G4)
LeaakyRelll | cutput: | (None, 128, 128, 64)

convad 1 impuat: (MNone, 128, 128, 64}

ConvZD output: (Mone, G4, G4, 128)

}

batch_normalization inpat:

(Mone, G4, 64, 128)
output: | (Mone, 64, 64, 128)

'

leaky re lu_1 input: (Nones, G4, 64, 128)
LeakyRel Ll output: | (Mone, 64, G4, 128)

BatchMNormalization

convad_2 input; (Mone, 64, 64, 128)
ConvzD output: | (MNone, 32, 32, 256)

batch normalization_ 1 input: (Nona, 32, 32, 256)

output: (MNona, 32, 32, 256)

}

leaky_ra_lu_2 input: (Mone, 32, 32, 256)

BatchMNormalization

LeakyRel 1 output: | (None, 32, 32, 256)

conv2d_ 3 inpul: (Mone, 32, 32, 256)
ConvzZD output: | (Mone, 16, 16, 512)

batch normalization 2 input: (MNones, 16, 16, 512)

BatchMNMormalization output: | (Mone, 16, 16, 512)

'

lealky re lu 3 impat: Mone, 16, 16, 512)
LeakyRel L] output:

(Mone, 16, 16, 512)

conv2d_<4 input: (Mone, 16, 16, 512)

ConwvZ2D output: (Mone, 16, 16, 512)

batch_normalization_ 3 input: (Mona, 16, 16, 51Z)

output: | (None, 16, 16, 512)

:

leaky re lu 4 input: (None, 16, 16, 512)
LaakyRel LT output: | (Mone, 16, 16, 512)

BatchMormalization

conwvZd 5 input: (None, 16, 16, 512)
Convaly output: (MNone, 16, 16, 1)

activation input: (Mone, 16, 16, 1)
Activation | output: | (None, 16, 16, 1)

Puc. 8. Apxitexktypa nuckpuminaropa Pix2Pix nyis1 mokpamieHHs AKOCTi reHepOBaHUX 300pakeHb
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. 256, 256, 311 |

[Timone.
256, 256, 3 |

[t
T icNene,

input 5
Taputiayar | o

[conv2a 6 [ mput: | (Nenw. 256, 256, 3

| ConvaD | outpur: | (None, 128, 128, 64)

[Tealey_ro tu_5 [ imput: | (None, 128, 128, 64)

[ LoaloReLU | output: | (None, 128, 128, 64)
|_convzd 7 | input: | (None, 128, 128, 64
| Convep [outpur | von=, 64, 64, 126
[Barch norm i 64 128
[ BatchNormalization 64, 128
[leaky_re_lu_6 64, 128)
[ LoakyReLU | cutput | (None. 64. 64, 128)

[Sonvza_s [ input: [ (Nene, 64, 64, 128)
| Convap [ eutput: | (None, a2, a2, 256)
[Baten 5 | mput: | (None, 32. 32, 2561
[ BatchNormatization | cutput, 3z, 32, 2560
[Meaky_re_tu_7 | input: 56)
[ LoalyRaLU | output: | (Nona, 32, 32, 256)
[cenvaa_s [ input. | (Nane, 33, 33, 356
[ Convzp | output: [ (None, 16, 16, 512)
malization 6 | input. | (None, 16, 16, 512)
Gutput: | (None, 16, 16, 512)
input: | (None, 16, 16, 5123
output. | (None, 16, 16, 512) |
[conv2a 10 | input: | (None, 16, 16, 512 |
| Convzp | eutput: | vona, 8. 8, 512)
[ Batsh_normalization_7 | input: | (Nene, 8, 8, 512)
[ BatcnNormatzation | output: | (Nene, 8, 8, 512)
(Nona, 8, 8, 512)
(None, 8. B, 512)

[comvza 11 [ mpur.
[ Convep | outpur
[Baren n & [ ampur
| Batchnommatization | outpuat
[entey_ro tu 10 | inpur
LealyReLU | output: | (None, 3.

[convzaiz

(None, 4, 4, 512)

input:

(None, 2, 2, 512)

(Nona, 2, 2, 512)

(Nonw, 2, 2, 512)

Toatey ro tu 11| input: | (Nome. 2. 2. 513)
| LeakyReLU output: | (None, 2, 2, 512)
[Senv2a 13 [ input: | (Nonw, 2, 2, 5121
[ Conveb | output. | (None, L. 1. 512)
[sctivation 1 | input: | (None. 1, 1. 512)
[Activar Sutput: | (Nonw, 1, 1, 5121
[Sonvza transposs | input: | (Nons. 1, 1. 5127
[ConvzoTs utput: | (None, 2. 2. 512>
[ateh_normalization 10 | tnut. | (None. 2. 2. 5121
i output: | (None, 2, 2, 512)
[aropout | input: | (Nona, 2. 2. 512)
[Dropout [ eutput: | (None, 2. 2. 512
[concatenate 1 | imput. | ((None, 2, 2. 512), (None, 2, 2, 51211
[ Concatenata | eutput: (None, 2, 024y
| mctivation 3 | inpub: | (Nene, 2, 2, 10345 |
[“Activation | output: | (Neme, 2, 2, 1024) |

[convad_manapera_

input. | (None, 2. 2, 1034) |

ConvZDTranspose

(Noue. 4. 4.512) |

batch_normalization 11

(None, 4, 4, 512) |

BatchNormalization (None, 4, 4, 512)
[[Aropou_t (None, 4, 4, 512) |
[Dropout | eutput: | (Nene, 4. 4. 512> | —
5 [ impur | [(Nene, 1. 4. 512), (Nene, 4. 4, 5131 |
[ Concatanata | outpur: (Noma, 4. 4, 1024)
[ activation 3 | input. | (None. 4. 4, 1024) -
Activation | output: | (None, 4, 4, 10241
[conv2a_transpose 2 | input: | (None, 4, 4, 1024 |
| ConvzDiianspose | owtput: | (None, 8. 8. 512) |
[Toaten i 12 [ inpur. | (Nowe. 5, 8. 512 |
BatchNormalization | output: | (None. 8. 8. 512
T T ke
[ Dropout | output: | (Non=. 8. 8, 5121 |
[concatenate 3 | input: | [(None, 8, 8, 512), (Nons, 8, 8, 5121 |
cutput: (None, 8,8, 1024)
input: | (None, 8, 8, 1024) |
output: | (None, B, 8, 1024) |
[convza transpose 3 | input: | (None. 8, 8, 1024)_|
[ Convz [output | (None. 16, 16, 512) |
[ bateh_normalization_13 | input: | (Nene, 16, 16, 5121 |

BatchNormalization | sutput: | (Nene, 16, 16, 512) | -

[(None, 16, 16, 512), (None, 16, 16, 512)] |

[concatenate 4 | imput:

[CConcatenata | autput (None, 16, 16, 1024)
[activation_5 | input: | (Nona, 16, 16, 1024) |
Activation | output: | (None, 16, 16, 1024) |

(None, 16, 16, 1024) |

[convaa_tranepase_d | inpur:
[ Comvantranepome | output | (None, 32, 32, 256 |
[baten 14| input: | (None, 32, 32, 256) |
BatchNermalization | cutput: | (Nane, 32, 32, 256 | ~
[[concatenate 5 | input: | [(None, 32, 32, 256), (None, 32, 32, 2561 |

(None, 32, 32, 512)
(None, 32, 32, 512) |
(Nonw. 32, 32, 5121 |

=
[activation 6 |
[Activation |

neatonate

[convzd_transposs_5 | input: | (None, 32, 33, 513)

[ ConvzDiranspose | output: | (None. 64, 64, 128)
[Batch_normalization_15 | input: | (None, 64, 64, 128)
output: | (None, 64, 64, 128)

[(None, 61, 64, 128), (Nonw. 64, 64, 1261 |

[natenate & | imsut:
outpur (None, 64, 64, 256 |
activation 7 |_input. | (None, 64, 64, 256) |
[TActivation [ outout | (None, 64, 64, 256) |
[convzd_transpese_6 | input: | (None, 64, 64, 256) )
| ConvzbTranspose | output: | (None. 126, 128, 641
[ batch_normatization_16 | input: | (None, 128, 128, 64)
BatchNormalization | output: | (None, 128, 128, 64)
[[concatenate_7 | input: | [(None, 128, 128, 64), (None, 128, 128, 64
| Concatenate | outpus: (None, 128, 128, 128)
[activation_8 | input: | (Nene, 128, 128, 120) |
[ Activation | output: | (None, 128, 128, 128) |

[convZa_tranapose_7 | mput: | (None. 128, 126, 126) |

(None, 256, 256, 3)

[ ConvabTear
activats | (Mone, 256, 256, 31 |
Activation | sutput: | (None, 256, 256, 31 |

Puc. 9. ApxitekTypa reHeparopa Pix2Pix 1151 nokpaimeHHs IKOCTi reHepoBaHUX 300pakeHb
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TpenyBanns Pix2Pix a1 miABUIIICHHS SKOCTI TeHEpOBaHUX 300pakeHsb 3aiicHioBaocs 100 ite-

pariii, KokHa itepauis BMmimyBasia 1041 kpok. TpuBaiicTs KpoKy craHoBmia Onmus3bko 80 mc. Tpe-
HyBaJbHHIA HaOip BKimovae 1041 3reHepoBaHe NepIo0 HEHpOMEpeKero 300pakeHHs Ta BiAMOBIIHI
chopmonani y Blender 11115081 300pakeHHsT po3MipoM 256%256%3.

Ha puc. 10 300paxeno rpagik 3minu dl, d2, g mix yac TpeHyBaHHS HEHPOMEPEKi Il MiABH-

HIEHHS SKOCTI TeHEPOBAHUX 300paKEHb.

3HAYEHHA NOXMOKK

0
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ITepauia TpeHyBaHHA

Puc. 10. I'padik 3minu d1, d2, g min yac TpeHyBaHHS HeiipoMepe:ki
IJIS MiIBUIIIEHHS AKOCTi reHepoOBaHUX 300pa:keHb

TecToBuit HaOlp /Il IEPEBIPKH TOYHOCTI POOOTH Apyroi HelpoMepeki BKiIrodae 77 map reHe-

POBaHUX 1 IIJILOBUX 300paxeHb po3MipoM 256x256%3.

Ha puc. 11 300paxxeHO NpHUKIaIM MOKPALICHUX TEeHEPOBAHUX 300pa’keHb HEHPOMEPEKEI0

(Ha OCHOBI Qiryp TECTOBOTO HabOPY).

N —

> 9 e BN

— --

Puc. 11. [Ipukiaau nokpaueHnX reHepOBaHUX 300pakeHb APYrol0 HellpoMepeKero
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