MunncrepcTBo o0pasoBanus u Hayku Poccniickoit @enepannn
(denepanbHOE TOCyIapCTBEHHOE aBTOHOMHOE 00pa30BaTeIbHOE YUPEkKICHHUE
BBICIIIETO 00pa30BaHUsA
«HAITMOHAJIBHBINA UCCJIEJOBATEJbCKUN
TOMCKHWM MMOJUTEXHUYECKUI YHUBEPCUTET»

HIkona NuxenepHast mkoja MHGOPMAIIMOHHBIX TEXHOJIOTHI U POOOTOTEXHUKU
Hanpasnenue noarorosku 09.04.02 MudopmanuoHHble cUCTEMbI U TEXHOJIOTHH,
reoMH(pOPMALIMOHHBIE CUCTEMBI

Otnenenne mkoabl (HOLL) Otaen nHGOpMAITMOHHBIX TEXHOJIOTHI

MATUCTEPCKASA IUCCEPTALIUA

Tema pa6orsl

AJ'IFOpI/ITMI)I HeﬁpOCCTCBOﬁ CErMEHTAllM CHUMKOB JUCTAHIUOHHOT'O 30HAUPOBaHUA ITIOBEPXHOCTHU

3emiu
YJIK 004.932.1.032.26:528.8
CryneHt
I'pynna DPUO Honnuck JlaTa
SNUM6b ApxanbikoB Epbonat YceHoBuu
PykoBogurens
JlosKHOCTH [027 (0] YueHnas crenenb, Moanucek Jlata
3BaHHe
Jouent OUT Hpyxu A.A. K.T.H.
KOHCYJBTAHTDI:
IIo pasaciy «DUHAHCOBBIN MCHCIXMCHT, pecprO3(I)(I)CKTI/IBHOCTL n pecypcocGepexceHI/Ie»
Jlo1sKHOCTH [01% (0] YueHnas crenenb, Moanucek Jlata
3BaHHe
Honear OCI'H Crapukosa E.B. K.Q.H.
IIo pasaciny «COIII/IaJII)HaH OTBETCTBECHHOCTDL)
Jlo/KHOCTD (1% (0] Y4eHast cTeneHb, Monnmuck Jata
3BaHHe
Houent OKJ] Bonkos 10.B. K.T.H.
JONMYCTUTDH K SAIIUTE:
Pykosoaurens OOII DUO Yuenasi crenens, Hoanuck Jara
3BaHHe
Houent OUT [lepctues B.C. K.T.H.

Tomck — 2018 r.




Kox

Pe3yabTaTt 00y4yenus

Tpeoosanusa PI'OC BO (®I'OC 3+),

pe3Ty;IBbTa (BBIMYCKHHUK J10J1K€eH ObITH TOTOB) kputepuu AUOP
Oo0menpodeccuoHalbHbIe KOMIIETEHIIUN

P1 BocnpuHuMath 1 caMOCTOSITEIIBHO Tpebdosanus OI'OC 3+
proOpeTaTh, pa3BUBATh U IPUMCHSITH (OIIK-1, TIK 8-12, OK-4), xputepuii 5
MaTemMaTHueckue, ectectBeHHoHay4yHble, | AHMOP (m. 1.1), cooTBeTCTBYIOIIMIA
COLMAIbHO-D)KOHOMUYECKHE U MexyHapoanbiM ctannapram EUR-ACE
npodeccuoHalbHbIE 3HAHUSA JIS u FEANI. 3anpocsl cTyneHToB,
pElLIEeHNs HECTaHIAapTHBIX 3a/1a4, B TOM OTEUYECTBEHHBIX U 3apyOe’KHBIX
yrclie B HOBOM MIJIM HE3HAKOMOII cpefie © | paboToaaTeneii.
B MEX/IUCHUIIIIMHAPHOM KOHTEKCTE.

P2 Branets u npuMeHATH METOABI U Tpeboanus OI'OC 3+
CpEeICTBA MOJIYUEHUs, XPAaHEHHS, (OIIK-5, TIK-7, OK-3), xputepuii 5
nepepadboTKH U TPAHCIISIITUN AUNOP (1. 1.1, 1.2), cooTBETCTBYIOIINI
UH(OPMALIUU TTOCPEICTBOM MexayHapoaHbM ctannapram EUR-ACE
COBPEMEHHBIX KOMITBIOTEPHBIX u FEANI. 3anpocsl cTyaeHTOB,
TEXHOJIOTUH, B TOM YHCJIE B TJIO0ANBHBIX | OTEUYECTBEHHBIX U 3apyO0eKHBIX
KOMIIBIOTEPHBIX CETAX. paboToaTene.

P3 JleMoHCTpHUpOBaTh KyabTypy MbiieHus1, | Tpedoanus OI'OC 3+
CIIOCOOHOCTH BHICTPAUBATh JIOTUKY (OIIK-2,6, IIK-1, OK-1), kputepuii 5
pacCyXIeHUI U BbICKA3bIBAHUH, AHWOP (1. 1.2), COOTBETCTBYIOIIIHI
OCHOBAHHBIX Ha MHTEPIPETAINU JAHHBIX, | MEeXIyHAapoAHbIM ctanaaptram EUR-ACE
WHTETPUPOBAHHBIX U3 pa3Hbix obnacterd | 1 FEANI. 3anpocs! cTyneHToB,
HAyKW ¥ TEXHUKH, BBIHOCUTB CYXKJIEHUSI | OTEUECTBEHHBIX U 3apYOEIKHBIX
HA OCHOBaHUH HETIOJHBIX JaHHbBIX, paboToaTenei.
aHAJIM3UPOBATH MPO(HECCUOHATEHYIO
nH(bOpMalIKIO, BBIIETSATH B HEH INIaBHOE,
CTPYKTYPUPOBATh, OPOPMIISATE U
MPEJICTABIIAThH B BUJI€ aHAIUTUYECKUX
0030pOB ¢ 000CHOBAHHBIMU BBIBOJIAMH U
pPEKOMEHIallUsIMHU.

P4 AHanu3upoBaTh U OLIEHUBATh YPOBHU Tpe6osanus ®I'OC 3+
CBOMX KOMIIETCHIIHI B COUYCTAaHHH CO (OIIK-3,4, TIK-2,3, OK-2),
CHOCOOHOCTBIO M TOTOBHOCTBIO K kpurepuii 5 AUOP (1. 1.6, m. 2.2),
CaMOpPEryJIHPOBaHUIO JAJIbHEHIIIETO COOTBETCTBYIOLIUI MEXTyHaPOIHBIM
o0Opa3oBaHus 1 MpohecCHOHATEHON crangapram EUR-ACE u FEANI.
MOOWIBHOCTU. BiageTs, mo kpaiinei 3ampockl CTYJICHTOB, OTE€YECTBEHHBIX U
Mepe, OJHUM U3 MHOCTPaHHBIX S3bIKOB Ha | 3apyOeKHBIX paboToAaTeNeH.
YPOBHE COLMAIBHOTO U
po(hecCHOHAIBLHOTO OOIICHNUS,
MPUMEHSTDH CIIEHUATbHYIO JIEKCUKY U
npo¢eCCHOHATBHYIO TEPMHHOJIOTHIO
A3BIKA.

IIpodeccnonabHbIe KOMIIETEHIIUH

P5 PaspabarbiBate  cTparerun u  uenu | TpebGoanus ®I'OC 3+
IIPOEKTUPOBAHMUSI, kpurepuu | (I1K-1,2,3, OIIK-2, OK-1),
3¢ (HEeKTUBHOCTH u orpanuyenus | kpurepuit 5 AUOP (1.1.3),
NPUMEHUMOCTH, HOBBIE METO/JIbl, | COOTBETCTBYIOIIMI MEKAYHAPOIHBIM
CPEICTBA U TEXHOJOIMH MpoekTtupoBanus | cranaapram EUR-ACE u FEANI.
reouHpopmanronseix cucreM (I'MC) | 3anpocsl CTy€HTOB, OTE€YECTBEHHBIX U

WM  TNPOMBIIUIICHHOTIO HPOTrpaMMHOIO

3apyOexKHbIX paboToaTeielt.
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obecrieyeHus.

P6 IInanupoBats ¥ NPOBOAUTH Tpe6osanus ®I'OC 3+
TEOPETHYCCKUE U IKCIIEPUMEHTATIbHBIC (TIK-7-13, OIIK-1, OK-4),
MCCIIEI0BaHMs B 00JIaCTU CO3/1aHuUs kputepuii 5 AUOP (1. 1.4),
unreekTyanbHeix ['MC u I'UC COOTBETCTBYIOIIUN MEXIYHAPOIHBIM
TEXHOJIOTMH WJIH IIPOMBIILIIIEHHOT O crangapram EUR-ACE u FEANI.
IIPOrPaMMHOTO OOECIICUEHUS C 3anpocsl CTYACHTOB, OTEYECTBEHHBIX U
HCIOJIb30BAHUEM METOJIOB CHCTEMHOMU 3apyO0eKHBIX PabOTOIATEIICH.
WH)XCHEPUU.

P7 Ocyl1ecTBISATh ABTOPCKOE Tpeboanus OI'OC 3+
COITPOBOXKAEHHUE MPOLIECCOB (TIK-4,17, OIIK-6, OK-4,7),
[IPOEKTUPOBAHUS, BHEAPEHUS U kputepuii 5 AUOP (1. 1.5),
conposoxaenust ['IC u T'UC COOTBETCTBYIOIIMNA MEXTYHAPOIHBIM
TEXHOJIOTUI WM POMBILIUIEHHOTO crangapram EUR-ACE u FEANI.
IIPOrPaMMHOT0 00ECIIeUYEHUs C 3anpockl CTYACHTOB, OTEYECTBEHHBIX U
MCII0JIb30BAHUEM METOJOB U CPENICTB 3apyOexKHbIX paboTonaTeeit.
CHUCTEMHOW MH)XEHEPUH, OCYILIECTBIISATh
HOJTrOTOBKY U 00yueHHe MepcoHaa.

P8 ®opMupoBaTh HoBble | TpeboBanus ®I'OC 3+
KOHKYpeHTocrmocoonbie uaen B obmactu | (ITK-5,6,14,15,16, OIIK-1,2, OK-4),
teopun u mnpaktuku [MC u T'UC | kpurepuii 5 AUOP (1. 1.6),
TEXHOJIOTUIl WM CUCTEMHOW MHKEHEPUHU | COOTBETCTBYIOIIUN MEXITYHAPOIHBIM
IPOTrPaMMHOTO obecnieuenus. | cranpaptam EUR-ACE u FEANI.
Pa3pabatbiBaTh METO]IbI pelieHus | 3anpockl CTYEHTOB, OTE€YECTBEHHBIX U
HECTaHIAPTHHIX 3a7ad M HOBBIC METOJBI | 3apyOEKHBIX paboTOAATENEH.
pelieHus TpaJUIIUOHHBIX 3ajad.

OpraHu3oBbIBaTh B3aMMO/JIEHCTBUE

KOJUJIEKTHBOB, MPUHUMATD

yIpaBJIEHYECKUE PEUICHUs, HaXOIUTh

KOMITPOMHCC MEXIYy  pa3IUYHBIMU

TpeOOBaHUSAMU KakK IPH JIOJITOCPOYHOM,

TaK u npu KpPaTKOCPOYHBIM

IUIAHUPOBAHUH.

O01eKyJIbTYpHBIE KOMIIETEHIHHU

P9 Hcnonb30BaTh HA MPAKTUKE YMEHUS U TpeboBanus OI'OC 3+
HAaBBIKM B OpraHU3aluu (OK-4,7, I[IK-8-12, OIIK-1,6), kpurepwuii 5
HCCIIE0BATEIIbCKUX, MPOEKTHBIX padot u | AOP
npohecCHOHAIBHOM SKCILTyaTaluu (m. 2.1, m. 2.3, n. 1.5), COOTBETCTBYIOIIMI
COBPEMEHHOTO 000PYI0BaHUS U MexXayHapoaHsiM ctannaptam EUR-ACE
npubopoB, B ynpasieHuu kojuiektuBoM. | u FEANI. 3anpocs! cTyneHTos,

OTEUYECTBEHHBIX U 3apyOeKHBIX
paboToaTenei.
P10 CB00OOIHO MOJIB30BATHCS PYCCKUM U Tpe6osanus ®I'OC 3+

WHOCTPAHHBIM SI3bIKAMHU KaK CPEJICTBOM (OK-3, IIK-7, OIIK-4,5),

JI€JI0BOTO OOLIECHHUS. kputepuii 5 AUOP (1. 2.2),
COOTBETCTBYIOLIUI MEXTYHAPOIHBIM
craanapram EUR-ACE u FEANIL.
3anpocsl CTYAEHTOB, OTEYECTBEHHBIX U
3apyOeKHBIX pabOTOIATENICH.

P11 CoBeplIlIeHCTBOBaTh U pPa3BUBATh CBOIl Tpeboanus OI'OC 3+

MHTEJUICKTYaJIbHbIM U OOIIEKYIbTYPHBIN

(OK-1,5, TIK-1, OTIK-2),
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ypoBeHb. [IposBIsITh HHUIIMATHBY, B TOM
YuCJIe B CUTYalUAX pUCKa, OpaTh Ha ceds
BCIO ITOJTHOTY OTBETCTBEHHOCTH.

kputepuit S AUOP (. 2.4, 1. 2.5) ,
COOTBETCTBYIOILMNA MEKTYHAPOIHBIM
craggapram EUR-ACE u FEANI.
3anpockl CTYACHTOB, OT€YECTBEHHBIX U
3apyOeKHBIX paboToaaTENCH.

P12

JleMOHCTpUpPOBATh CLIOCOOHOCTH K
CaMOCTOSITEIIbBHOMY O0Y4E€HHIO HOBBIM
METOJIaM UCCIICIOBAHMSI, K U3MEHCHHIO
HAyYHOT'O W HAyYHO-TIPOU3BOICTBEHHOTO
npoduist cBoei npodeccuoHaaIbHON
NESITENILHOCTH, CIIOCOOHOCTH
CaMOCTOSTEIILHO TPUOOPETATh C
MTOMOIIHI0 HHPOPMAITHOHHBIX
TEXHOJIOTUI U UCTIOJIb30BaTh B
MIPAKTHYECKOM JICSITETLHOCTH HOBBIE
3HAHUS U YMEHHUSI, B TOM YHCJIC B HOBBIX
00JacTsIX 3HAHUHN, HETIOCPEICTBEHHO HE
CBSI3aHHBIX cO Cepoit NeaTeTbHOCTH,
CIOCOOHOCTD K II€JaroruuecKoi
JESTEITHHOCTH.

Tpebosanus OI'OC 3+

(OK-2,6, I1K-2,3, OIIK-3),

kputepuii 5 AUOP (1. 2.6),
COOTBETCTBYIOIIUI MEXKTyHAPOTHBIM
cranaapram EUR-ACE u FEANI.
3anpockl CTYACHTOB, OTEYCCTBCHHBIX U
3apyOeKHbBIX paboToIaTene.




MunucreperBo odpasoBanns u Hayku Poccniickoi ®@egepanun
(denepanbHOE TOCyIapCTBEHHOE aBTOHOMHOE 00pa30BaTeIbHOE YUPEkKICHHUE
BBICIIIETO 00pa30BaHUsA
«HAITMOHAJIBHBINA UCCJIEJOBATEJbCKUN
TOMCKWI NOJMTEXHUYECKNIA YHUBEPCUTET»

HIkona NuxenepHas mkoja MHGOPMAIIMOHHBIX TEXHOJIOTHI U pOOOTOTEXHUKHU
Hanpasnenue noarorosku 09.04.02 MudopmanuoHHble cUCTEMbI U TEXHOJIOTHH,
reoMH(pOPMALIMOHHBIE CUCTEMBI

Otnenenue mkoisl (HOLL) Otnen nHpopMamOHHBIX TEXHOIOTHMA

YTBEPXIAIO:
PykoBoautens OOIT
(ITogmuer)  ([ata) (®.1.0.)
3AJJAHHUE
HA BBINIOJIHCHHE BBIIYCKHOM KBAIH(PHKANMOHHOI padoThI
B dopme:
MarucTepcKoOM AUCCEPTaLAN
CryneHry:
I'pynna PHUO
8M6b ApxkansikoB Ep6onar ¥YcenoBuu

Tema paGoThI:

AJITOPUTMBI HelipoceTeBOI cerMeHTAllMA CHUMKOB IMCTAHIIMOHHOTO 30HIMPOBAHMS
MOBEPXHOCTH 3eMJIn

YTBepKaeHa IPUKa30M JUPEKTOpa (gaTa, HOMeEp) Ne2740/c ot 19.04.2018 .

Cpok cliauu CTYIEHTOM BBITIOTHEHHOU PabOTHI: 03.06.2018

TEXHUYECKOE 3AJIAHHUE:

HCXOHHBIG JAaHHbIC K paﬁoTe CHpOCKTI/IpOBaTB n peaIM30BaTh IMporpammy JIJid
CCIrMCHTUPOBAHUA CHHMKOB JUCTAaHIIMOHHOI'O
(Haumenosanue 06bEKMa UCC1e008aAHUS UNU NPOEKMUPOBAHUL;
NPoOU3B0OUMENbHOCHIb UIU HAZPY3KA; PEHCUM PAbOmblL 30HAUPOBAHUA 3eMiH.
(HenpepbvlHbLil, NepUOOUYeCKUll, YUKIUYECKUU U m. 0.); 8Ud
CbIPbA UU MAMEPUAT U30eNUs; MpebOeaHus K npoOyKmy,
u30enuio uu npoyeccy, 0cobvie mpeboanus k 0CobeHHOCMAM
Gyukyuonuposanus (AKcnayamayuu) 00veKma uny uzoenus 8
niame 6e30NacHOCMU KCILYAMAayuul, BIUAHU HA
OKPYHCAIOWYIO CPeOY, IHEP2O3AMPAMAaM,; SKOHOMUHECKU
aHauz um. 0.).




IMepeyeHb moaIeKAMMX UCCIIEI0BAHUIO, *  AHAIUTHYECKHI 0030p 5 CBOJHOE

[[poeKTnp()BaHnmnpagpaﬁoTKe TCCTUPOBAHHUC OHnOIMOTEK IJi1 MMOCTPOCHUSA
HCPOHHBIX ceTeﬁ;

e Pa3bop amropuTMOB I  CEMAaHTUYECKOU
(ananumuyeckuii 0630p No IUMEPAMYPHbIM UCMOYHUKAM C .

YeJbIO GbISICHEHUsT OOCTUNCCHUTI MUPOBOTL HAVKU MEXHUKU COTMCHTAIHH, o
paccmampugaemoti 0oaacmu; NOCMAHOBKA 3a0adu s HpOCKTI/IpOBaHI/Ie u pa3pa60TKa HENpOCETH,
UCCIe008AHUS, NPOEKMUPOBAHUSL, KOHCIMPYUPOBAHUSL, L] O6yquI/Ie HeﬁpOCGTH.

cooepoicanue npoyedypsl UCCIeO08ANUSL, NPOSKMUPOBAHU,
KOHCMPYUpOo8anusi; 06CysicoeHue pe3yibmamos 6blnoIHeHHOU
pabomul; HaumMeHO8aHUe OONOIHUMELLHBIX PA30EN08,
nooiexcauux pazpabomke; 3axKyerue no pabome).

BOIIPOCOB

Ilepeuyens rpaguueckoro Marepuasia [Ipe3enTanmst paboThI

(c mounvLM yKazanuem 00513amenbHbIX Yepmediceli)

KoHncynbTaHTBI 0 pa3iesiaM BbITYCKHOM KBaIH(GUKALNOHHON padoThl

(c yrasanuem pazoenos)

Paznen Koncyabrant

DUHAHCOBBIN MEHEIHKMEHT, pecypcodhHEeKTUBHOCTE U pecypcocoepekenune | Crapuxona E.B.

CouunaiibHag OTBETCTBEHHOCTh Boaxkos 10.B.

Paznien Ha THOCTpPaHHOM SI3BIKE Hunenko A.B.

Ha3zpanus pa3aejioB, KOTOPLIE€ MOJKHBI ObITH HANHCAHbI Ha PYCCKOM W HWHOCTPAaHHOM
fAA3bIKAX:

Pa3znensl BBeneHue, aHAMUTHYECKH 0030p, pa3paboTka MporpaMMbl, (PMHAHCOBBIM MEHEIKMEHT,
pecypcodppeKkTUBHOCTE U pecypcocOepexeHne, couualbHas OTBETCTBEHHOCTh M 3aKIIOYCHUE
JIOJKHBI OBITh HAITCAHBI HA PYCCKOM SI3BIKE.

Paznen ananuTudeckuii 0630p HOKEH OBITh HAMMMCAH HA AHTITHICKOM SI3BIKE

JlaTa BBIIa4YM 32/1aHUA HA BbINOJHEHUE BbIITYCKHOH
KBAJTH(PUKAIMOHHOH PadoThI 110 JTHHEHHOMY rpauKy

3anaHue BbI1aJ1 PYKOBOIMTE/Ib:

Jlo/2KHOCTH (0117 (0] ‘Ydenast cTeneHb, Monnuck JaTa
3BaHHe

Houent OUT Hpyxu A.A. K.T.H.

3aua}me IMPUHAJT K UCIOJTHEHUIO CTYACHT:

I'pynna OUO Honnuck Jara

81M6b ApkainbikoB E.VY.




MunucreperBo odpasoBanns u Hayku Poccniickoi ®@egepanun
(denepanbHOE TOCyIapCTBEHHOE aBTOHOMHOE 00pa30BaTeIbHOE YUPEkKICHHUE
BBICIIIETO 00pa30BaHUsA
«HAITMOHAJIBHBINA UCCJIEJOBATEJbCKUN
TOMCKHWI NOJUMTEXHUYECKHUIA YHUBEPCUTET»

HIkona NuxenepHas mkoja MHGOPMAIIMOHHBIX TEXHOJIOTHI U pOOOTOTEXHUKHU
Hanpasnenue noarorosku 09.04.02 MudopmanuoHHble cUCTEMbI U TEXHOJIOTHH,
reOMH(pOPMALIMOHHBIE CUCTEMBI

YpoBeHb 00pa3oBaHMs MarucTp

Otnenenue mkoinsl (HOL) Otaen nHGOpMaMOHHBIX TEXHOJIOTUI

[Tepuon BeimonHeHuUs BeceHHuit cemectp 2017/2018 yaebnoro roma)

dopmMma npecTaBIeHUS pabOTHI:

MAarucTepCcKON JuccepTalu

KAJIEHJIAPHBIA PEUTUHI -IIJIAH
BBINOJIHEHHS BBIIYCKHOI KBaTU(QUKALMOHHON padoThl

Cpok cliauu CTyIEHTOM BBITIOTHEHHOU PabOTHI: 03.06.2018 r.
JlaTta Ha3sBanue pa3jena (Mmoay.s) / MaxkcuMaJibHbII
KOHTP0JIst BHUJI padoThl (MCCJIe0BAHMS) 0aJs171 pazaesia (MoayJisi)
09.01.2018 Tocmanoska 3adauu u ananus npedmMemuo ooaacmu 10
22.01.2018 110060p u uzyuenue Mamepuanos no MeMamuxe 5
12.03.2018 Tpoexmuposanue apxumexmypvl HPULOJNCEHUs 15
16.04.2018 Paspabomra npunoscenus 0na ceManmuyecKkoll ceeMeHmayuu CHUMKO8 25
30.04.2018 TecmupogeaHiie KOHEUHO20 NPOZPAMMHO20 0becneyeHls 10
14.05.2018 QuHaHcosbli MeHeOHCMenm, pecypcosppexmusnocms u 10
pecypcocbepesicenue

21.05.2018 Coyuanvuas omeemcmeeHHOCb 10
28.05.2018 Ogopmrenue noscHUMeIbHOU 3aNUCKU 10
03.06.2018 Obsi3amenvHoe npulodceHue Ha UHOCMPAHHOM SI3bIKe 5

CocTaBui IpenojaBaTellb:

Jlo/KHOCTH (0125 (0] Ydenast cTeneHb, Moanuck JaTa
3BaHHe
Houentr OUT Hpyku A.A. K.T.H.
COI'TACOBAHO:
PykoBoautens OOII (0125 (0] Yuenas cTeneHs, Monnuck Jata
3BaHUE
Houent OUT [lepctues B.C. K.T.H.




§ 3AJIAHME JUUISI PA3JIEJIA
«®AHAHCOBBIII MEHE’)KMEHT, PECYPCOD®®EKTUBHOCTH 1

PECYPCOCBEPEXEHUE»
CryneHry:
I'pynna dPUO
81IM6b ApxanbikoB EpOosiat YceHoBuy
IIkoaa HUIINUTP OT/enenue OUT
YpoBeHb 0GpazoBaHus Marwuctp HanpagjieHne/cnenquaaIbLHOCTH 09.04.02 NndopmanmonHre
CHUCTEMBbI U TEXHOJIOTHUHU

Hcxonnbie nanHble K pasaeny «OHHAHCOBBIH MeHEIKMEHT, pecypco3dGpeKTUBHOCTD H

pecypcocoepekeHue:

1. CrommMocTs pecypcoB HayaHoro uccienoBanus (HHN):
MaTepUATBHO-TEXHUYECKUX, YHEPTCTUICCKHUX,
(hMHAHCOBBIX, HHOOPMAITMOHHBIX U YEJIOBEYECKUX

2. HopMbl 1 HOPMaTHBBI pacX0JJOBaHHS PECYPCOB

3. MCHOJ’ILSyeMaﬂ CUcCTreMa HaJ'IOl"OO6J'IO)KeHI/I$I, CTaBKH
HaJIoroB, OT"II/ICJ'IGHI/IIZ, JAUCKOHTUPOBAHUA U
KpEeauTOBaHUA

Pabora ¢ mHpOpManueH, MpeacTaBICHHON B
POCCHHCKMX ¥  WHOCTPAaHHBIX  HAYYHBIX
MyOJIMKAISX, aHANUTUYECKUX Marepuanax,
CTaTUCTHUYCCKUX OIOJICTCHAX W W3JIaHUSX,
HOPMATHBHO-TIPABOBBIX JOKYMEHTaX;
AHKETHPOBAHHKE; ONPOC, HAOIIOIeHNE

Hepeqenb BOIIPOCOB, MOAJICKAIIUX UCCJICI0BAHUIO,

NMPOEKTHPOBAHUIO H pa3padoTKke:

1. OueHka KOMMEPYECKOro MOTEHIIMAA,
MEPCIEKTUBHOCTH U albTepHATUB NpoBeacHus HU ¢
MO3HULUH PecypcoddPEKTUBHOCTH U

IIpoBenenue MPEAIPOEKTHOTO aHaIu3a,
OIICHKAa  TOTCHIMAIBHBIX  IMOTpeOUTENeH,
ONpEEIICHNE BO3MOKHBIX aNbTEpHATUB

pecypcocoepexeHus nposeaecans HTU
2. Tnanuposanue u GopMupoBaHue OIOKETa HAYIHBIX Omnpenenenrie CTPYKTYpsl M TPYIOEMKOCTU
UCCIIeIOBaHUI pabor B pamkxax HTU, paspaborka rpaduxa

npoeneans HTU, turanmpoBanume Orompkera
HTH.

3. Ompenenenue pecypcHol (pecypcocOeperarorieii),
(hMHAHCOBOM, OIOPKETHOM, COIMAILHON U
IKOHOMHYECKOH 3 (HEKTHBHOCTH HCCIICAOBAHHUS

Pacuér HHTErpaILHOTO nokasaress
(uHaHCOBO 3 PEKTUBHOCTHU, HHTETPAITLHOTO
(MHAHCOBOTO TOKAa3aTess, WHTErPAILHOTO
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PE®EPAT

BrimyckHas kBanudukaronHas pabota cocTOUT U3 79 cTpaHull, CoaepXur 23
pucynka u 18 taGmuir.

KittoueBbie ciioBa: alirOpUTMbI, HEHPOHHBIE CETH, CEMAHTUYECKAsl CErMEeHTAaIHs,
JTUCTAHITMOHHOE 30HIUPOBAHKE 3EMITH.

OOBEKTOM HCCIICOBAHUS SBIISICTCS CEMAaHTHUECKAs CETMCHTAIINS TAHHBIX.

[lenr  pabOTHI  MPOCKTUPOBAHHUE W  peaau3anus  NPOrpaMMbl IS
CEerMCHTHPOBAHUS CHUMKOB JMCTAHIIMOHHOTO 30HIUPOBAHMS 3EMJIH.

B xome pabGorel Obu1 mpom3BeAEH 0030p METOJOB W aJrOPUTMOB
CEMAHTUYECKON CerMeHTaIuy, pa3paboTaH alroOpuTM, OCHOBAaHHBIH Ha HEUPOHHOU
ceTd. bputa BBITIONHEHA TPOrpaMMHAs pealu3ais alropuTMa, IO3BOJISIONIAS
MOJy4aTh BBIXOJHOE HM300pa)K€HUE C KOHTYpaMmH 3JaHHM, JOpOr, aBTOMOOWIEH u
PACTUTENBHOCTH, HA OCHOBE CHUMKA JUCTAHIIMOHHOTO 30HUPOBAHMS 3€MIIH.

Bo3moxkHble ~ oOmactT  MpUMEHEHUsT  UCCIeNOBaHusA:  Kaprorpadus,

rpagoCTpOUTCIBCTBO, aHAJIN3 3CMIICUCITIONIB30BaAHUA U T. /.
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BBEJAEHUE

CemaHTHUECKasi CerMeHTaIusl OOBEKTOB Ha M300paXKEHUSX — OJHO U3 CaMbIX
WHTEHCUBHO DPAa3BHUBAIONIMXCS HAMpaBJeHUWH B ob0nactu HWHPOPMAIMOHHBIX
TEXHOJOTUHU. J[aHHbIE CUCTEMBbI HAXOJST MPUMEHEHHE B CAMBIX Pa3HbIX 00JIACTAX —
oT cucteM o0ecreueHrs O€30MaCHOCTH JI0 Pa3IuYHbIX BHJIOB MEIUIIMHCKON
JTUAarHoCTUKH. Pacrno3HaBaHWe OOBEKTOB Ha HM300paXKEHUSX — OTO Ha3HAUCHUE
O0BEKTY ONpENEIEHHOr0 Kjacca IO CYLIECTBEHHBIM IMpPHU3HAKaM, OTIEISIOMINM

JaHHBIX OOBEKT OT OCTAIbHBIX.

[{enpto maHHOW pabOTHI SABJISAETCS MPOCKTUPOBAHUE W PEATM3AIUS IMPOTPAMMBI
JUTSI CSTMEHTHPOBAHUSI CHUMKOB JIUCTAHIIMOHHOTO 30HIUPOBAHUS 3EMITH.

JIst TOCTHKEHUS TTOCTABICHHON TIEJTH, HEOOXO0IUMO OBLIO PEIIUTh CICTYIOIIHNE
3a/1a4u:

1. BeiOpath OUOAHOTEKY IS peanu3aluyd HeUPOHHOU CETH.

2. PaspabotaTh apxXuTeKTypy HEHPOHHOU CETH.

3. OOyueHue HEUPOHHOMU CETH.

4. TlomyuuTh pe3ynbTaThl.
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1 AHAJIMTUYECKHIA OB30P

1.1 O030p aArOpUTMOB CEMAHTHYECKOH CerMeHTAlMU H300paKeH it

OCHOBHBIM TOAXOAOM JUISI CEMaHTHYECKOW CETMEHTAalluM H300pakeHui
ABJISIETCSI  COBOKYNHOCTH TPEX aAJITOPUTMOB: JIETEKTOPOB, JECKPUIITOPOB H
KjIaccu@ukaTopoB. JlaHHBIE aQJITOPUTMBlI ONPEIEISIIOT OCHOBHBIE IapaMeTpbl
U300paKEHHUsA, BBIACIAIOT OOBEKTHI U KiaccupuuupytorT ux. K OCHOBHBIM
napamMeTrpaM H300pa’K€HUS MOXKHO OTHECTH SIPKOCTb, IBET, TEKCTYpYy, IPAHMIIBI U
yIJbl 00BbEKTOB W ToMy TmomoOHoe. I[lapamerpsl u3o0pakeHuss (UKCUPYIOTCSA C
NOMOLIBIO AJITOPUTMOB-AETEKTOPOB, MOCJIE YEr0 MaTEMAaTUYECKH OIMUCHIBAIOTCS MpPU
OMOLIY aJIrOPUTMOB-IECKPUITOPOB MPU 3TOM IMOTYHYAETCS BbIJIEJIEHUE OOBEKTOB Ha
n3o0paxkennu. Jlaiee HEOOXOIAMMO ONPENEIUTh K KAaKOMY KIJIAcCy OTHOCSTCS

O00BEKTHI, ITON MPOLIETYPO 3aHUMAIOTCS aJITOPUTMBI KJIACCU(DHUKATOPHI.

1.1.1 NeTeKTOpbI U AECKPUNITOPHI

Herextop SIFT.

Herexrop SIFT (Scale invariant feature transform — maciirabHO He3aBHCHMOE
npeoOpa3zoBaHue 0COOEHHOCTEH) OCHOBBIBAETCS Ha UCIIOJIb30BaHUU
MacIITaOMpPyeMBIX  TPOCTPAHCTB — Habopa  BCEBO3MOJXKHBIX,  CIUIQKEHHBIX
onpenenéHHpIM  (QUIBTPOM Bepcuil OAHOro u3zoOpaxkeHus. [Ipu wucnoab3oBaHUU
rayccoporo (umpTpa, JaHHOE MAacIITaOUpyeMoe MPOCTPAHCTBO CTAHOBUTCS
WHBAPUAHTHO K CIIBUTaM, BPAIICHUSM M HE CMEMIAIOIIEMY JIOKAJbHBIE dKCTPEMYMBI
macmTady. It yaydineHuss WHBaAPHAHTHOCTH OTHOCHTENBHO MaciiTada, JETEKTOp
UCTIONIb3YyeT HMCXOMHOE M300pakeHUe, B3STOE B Pa3HBIX MacmiTabax, MTyTéM
MOCTPOCHUSI TMHUPAMUIbl TAayCCHAHOB: BCE MacmTabUpyemMoe MPOCTPAHCTBO
pa3OuBaeTcs Ha TaK Ha3bIBa€MbIE OKTAaBbl, TaKUM 00pa3oM, 4YTOOBI CIEAYOIIast
OKTaBa 3aHMMaJia B JBa pa3a OoJibllie MPOCTPAHCTBA, YeM mpenbiaymas. B kaxmoin
OKTaBE CTPOMTCS HEKOTOPOE KOJIMYECTBO TayCCHAHOB HM300PaKEHHUs, U3 KOTOPBIX

BBIYUTAIOTCA PAa3HOCTHU IayCCHUAaHOB, COCTABJIAIOIIHUX OTACIbHYIO IMUPaAMUIAY (pI/IC 1)

[1]
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Pucynok 1 - [Inpamuasl raycCuaHOB U Pa3HOCTH IayCCUAHOB

Jlanee ocTaércsi TOJBKO OMNpEeNenuTh 0coOble (KIIOUeBbIE) TOYKH. | J1aBHBIN
KpUTEpHUIl 0CO00I TOUKH 3aKIIOYAETCS B TOM, YTO OHA JOJKHA ABIISATHCS JIOKATbHBIM
HKCTPEMYMOB Pa3HOCTH rayCcCHaHOB. JlJi HAXOXKJIEHUSI OCOOBIX TOUYEK HCIIONb3YETCs
METOJI, MOKa3aHHbI Ha pucyHKe 2. [[ns Kaxkaoll TOYKHM HM300pakeHHs] Pa3HOCTH
rayCCMaHOB MPOXOJUT CPABHEHUE C COCETHUMHU TOYKAMU KaK B 3TOM H300paKCHHH,
Tak U B coceAHUX. COOTBETCTBEHHO, €CIM 3Ta TOYKa OOJbIIE WM MEHbIIE HUX, TO
OHA CUUTAETCS JIOKAIBHBIM SKCTPEMYMOM.

Jlanee NpPOUCXOOUT TIPOBEPKAa 3TOM TOYKU: IPU IOMOIIM MHOIOWIECHA
Teitopa, rae BbIABISAETCS CMEIIEHNE OT TOYHOI'O SKCTPEMYMA; 3HAYEHUS KOHTPACTa
caMOil pa3HOCTHU TrayCCHAHOB; JJI1 HaXOXXJEHUS TOYKM Ha TpaHulle OOBbEKTa Mpu
nomoliu matpuusl ['ecce.

[locne 3TOro BBIUMUCISAETCS OPUEHTALUS KIIOYEBOM TOUKH HCXOIsS U3
HAIlpaBJICHUs] TPAJUEHTOB COCENHUX TO4YeK. Temepb NaHHas TOYKa TOTOBA IS

ONKUCAHUS €€ JECKPUIITOPOM.
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Pucynok 2 - Onpezenenue J0KalbHOr0 3KCTpEMyMa Ha TUpaMuzie pa3HOCTU

rayCCHaHOB

Herextop SURF.

Herekrop SURF (Speeded up robust features — yckopeHHOE BBISBIICHHE
ycToluMBOCTEH) sIBIsieTcst MonepHu3anueil gerekropa SIFT, HO BMecTo QyHKIMH
lNaycca wucmonp3yercss €€ MPUONIKEHHE NPSAMOYTOIBHBIM (GUIbTpOM 9xX9, dUTO
yCKOpsieT TojJyuyeHue pesyibTara anropurMa. COOTBETCTBEHHO JEIUT Te K€
JOCTOMHCTBA W HEIOCTATKH, uTO U Aerekrop SIFT. [1]

Herextop FAST.

Anroputm FAST (Features from accelerated segment test — ocobenHocTH U3
YCKOPEHHOT'0 TECTa CErMEHTOB) HE TpeOyeT BBIYUCIICHUS TMPOU3BOAHBIX MO SIPKOCTH,
a CpaBHHUBAeTCAd cama SIPKOCTb B OKPYKHOCTH OT mpoBepsieMoil Touku. CHavala
POBOAUTCS OBICTPBIN TECT, YETHIPEX TOUEK OT MCCIEAYEMOM, a 3aTEM MPOBEPSIOTCS
octanbHble. [Ipu 3TOM B mMonHOM mepebope HE YUUTHIBAIOTCS 3HAUYEHUS OBICTPOTO
Tecta. KoIW4ecTBO MPOBEPOK M HUX MOCIEAOBATENbHOCTh ONPEIENSIIOTCS Ha
oOyyaroiieil BBIOOPKE, a HaJIMYMUE YIJIAa OMNPENEISIOTCS BCETO HECKOJbKUMHU
JecsTKaMu MpoBepoK. Takum 00pa3oM, alropuTM pabOTaeT JTOCTaTOUYHO OBICTPO,
YTOOBI MPUMEHSATCS B CHCTEMax peajbHOro BpeMeHu. [2,3]

Herextop MSER.

Anroputm  MSER (Maximally stable extremal regions — MakcuMmanbHO

CTaOMIBLHBIC OKCTPCMAJIBHBIC O6HaCTI/I) . I/IHG}I ajiropurMa  3aKJIOYacTCA B
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OTIpe/ICIICHNY HHTCHCUBHOCTH ITMKCEIOB H300paKEHHUS U CPaBHEHUE UX C HEKOTOPHIM
MOPOroM (€CJI THTEHCUBHOCTH TTUKCEIS OOJIbIIE TOPOra, CYUTAEM €r0 OeJIbIM, NHAUE
4yépHbIM). Takum 00pa3oM, CTpOSATCA MUpaMUAbl M300pAKEHUI, B Hayaie KOTOPOU
croatr Oenple W300pakeHWs, a B KoHIe 4Y€pHble. Takasg mupamMuga TO3BOJISET
MOCTPOUTh MHOXKECTBO CBSI3HBIX KOMITOHGHT HWHTEHCHUBHOCTH, KOTOpbhIE OymyT
WHBapuaHTHBI K adPuHHBIM mpeoOpa3oBaHusM. JlaHHBIA aNTOPUTM CTAOMIHHO
paboTaeT, HO UMEET HETOJIHYI0 HHBAPUAHTHOCTh OTHOCUTEIHLHO MacIiTada.

Heckpunrop SIFT.

[TomuMo nerekTopa, CymiecTBYeT crnenualibHbii aeckpuntop SIFT, xoTopsiii
Npe/CTaBisgeT U3 ce0s JIOKaJbHYI0 THCTOIpaMMy HalpaBJIC€HUH TpaJHeHTOB
n300pakeHrs. BBIXOOM JIECKpUIITOpA SBIISICTCS BEKTOP 3HAYCHWM, OIMCHIBAFOIIMX
OKPECTHOCTH 3TOM KJIHOUEBOM TOUKH.

[TpuHITMTT €TO pabOTHI 3aKIIFOYAETCS B ONPEICICHUN TPaAeHTa N300paKCHHS,
€ro HalpaBJeHUS W MOAYJS YMHOXKEHHOTO Ha BEC, I KaXJIOro M3 YeTHIPEX
CEKTOPOB BOKPYT 0CO00M TOUKH. J[JIs1 KaXI0ro CEKTOpa COCTABIISIETCS] TUCTOTpaMMa
HANPABJICHUM TPAIUEHTA, KAXKJ0€ BXOXKJIECHHE KOTOPOTO B3BEIICHO MOJIYJIEM 3TOTO

rpaJiueHTA.

v

Pucynok 3 - [Toctpoenue neckpunropa SIFT

Takum o00pa3oM, OCHOBHBIMH JIOCTOMHCTBAMHU CBSI3KM JE€TEKTOpa U
neckpuntopa SIFT SBASIOTCA: WHBAPUAHTHOCTH OTHOCHUTEIBLHO MacTady U
MOBOPOTY  M300paKE€HMs, YCTOMYMBOCTh K  HM3MEHEHHMIO  OCBEIICHUS U
BBIUMCITHTEIbHAS 3P PeKTUBHOCTD. [1,2,3]

Heckpuntop SURF.
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JlaHHBIN TeCKpUNITOp MOX0XK Ha jgeckpuntop SIFT, HO BMECTO UCIOIB30BaHUS
TUCTOTPAMM  B3BEIIEHHBIX TPAJUEHTOB HCMOJB3YIOTCS OTKJIMKH  HCXOJHOTO
n300pakeHus: Ha BelBieThl Xaapa. KBaapaTHas 001acTh CTPOUTCS BOKPYT TOYKH
UHTEpECa U OPUEHTUPYETCS OTHOCUTEIBHO MPEANOYTUTEIILHOTO HAMpPAaBJICHUS H
paszjiensercss Ha KBaJpaTHbIE CEKTOpPa, B KOTOPBIX BBIUUCIAIOTCA OTKIMKH Ha
BEUBIIETHl Xaapa, HamnpaBlICHHbIE BEPTHKAIHLHO M TOPU3OHTAIBHO HAIpaBJICHHBIC.
JlaHHbIE OTKJIMKH B3BEIIMBAIOTCA W CYMMHUPYIOTCS MO KaXIOMY H3 CEKTOpOB,
o0pa3ys MepBYI0 YacTh JIECKPUIITOPA.

J71st TOro, 4TOOBI y4eCcTh HE TOJIBKO caM (PaKT U3MEHEHUS SIPKOCTH OT TOYKH K
TOYKE, HO M COXPAaHUTh HH(OOPMAIMIO MO HANPABIECHUIO H3MEHEHUs SPKOCTH,
UCIIONIb3YIOTCS cyMMbl Moayneil sapkoctu. Kak u SIFT  geckpuntop, SURF
WHBAPUAHTEH K U3MEHCHUIO IPKOCTH ¥ Maciitady. [1,3]

Heckpurnrop HOG.

HOG (Histogram of oriented gradients — rucrorpaMMa OpHUEHTHPOBAHHBIX
I'PaIUCHTOB) JCCKPHUIITOP KIFOYEBBIX TOUEK, OCHOBAHHBIN Ha MOJCYETE HANPABICHHNA
rpajlieHTa B JIOKAJIBHBIX 00JIACTAX H300pa)xKeHUs. AJTOPUTM €ro pabOThI CXOX C
anroputMoM SIFT, HO oTIMYaeTcs TeM, YTO BBIUMCICHHE BEIETCS HA TUIOTHOM CETKE
PAaBHOMEPHO pacHpeAes€HHBbIX s4YeeK. TakkKe OTOT aJIrOpUTM  HCHOJIb3YET
HOPMAJIU3aIIMIO JIOKAJIbHOT'O KOHTPACTA C LENbI0 YBETUYUTh TOYHOCTD.

OcHOBBIBaeTCSl Ha JOMYIIEHWU, YTO BHEIIHUM BUJ U PopMa 0OBEKTa MOMKET
OBITH OINKCaHa MPU MOMOIIM paclpeesieHus T'PaJUeHTOB MHTEHCHUBHOCTU WM HX
HarnpaBiienuil. [loatomy npu pabore anropurma, H300pakeHUE pas3jeisieTcs Ha
HEOOJIbIIINE CBSI3HBIE O00JIACTH, KOTOPbIE HA3bIBAIOTCA sSUYEUKaMU, W JJISI KaxJou
SYEMKH PACCUUTHIBAETCA TUCTOTPAMMA HAIIPABJIEHUW TPAJMEHTOB W HAIPABJICHUN
KpaéB ISl MUKCEIOB BHYTPH siuehku. Brixogom neckpunropa siBisieTcs KoMOMHAIus
ATUX rucrtorpamMm. K J0CTOMHCTBaAM 3TOr0 alropuTMa MOKHO OTHECTH TO, YTO MPH
paboTe ¢ JIOKaJbHBIMH KJIETKaMH, OH 00JIaJlaeT HU3KONW YYyBCTBUTEIBHOCTHIO K

reOMETPHUUCCKUM M (hOTOMETpUIECKUM TipeobpazoBanusim. [1,2]
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1.1.2 Knaccupuxaropbl

B MammHHOM O0yYe€HHH TPEACTaBICHO MHOXECTBO PAa3IMUYHBIX AJITOPUTMOB
KJaccu(UKAMU U UX MOAU(pUKALUI, TO3TOMY PAaCCMOTPHUM JiBa KJjlacca U3 IIHUPOKO
UCTOIb3YEMbIX KIaCCU()UKATOPOB: MEIIOK CJIOB M MAIIMHY OMOPHBIX BEKTOPOB.

Bag of words

JlaHHBII aITOPUTM OTHOCHUTCS K YMCITy Haubosee pacipoCcTpaHEHHBIX KJIACCOB
aNropuTMoB Kiaccudukanuu n3zoOpaxenuil. Ero HazBaHue Bo MHOTOM OIpenensieT
OPUHIMI €ro padoThl, Bellb (PaKTUUECKH OH HMCIOJB3YET TMCTOIPaMMYy BXOXKIECHUMN
OTJCIBbHBIX 1a0JOHOB B n3o0pakenue. [4]

B 0CHOBHOM 3TOT ajJrOpUTM HMCHOJIB30BAJICS ISl KilacCU(PUKAIMU TEKCTOB, B
KOTOPOM TaK)Xe CTPOUJIACh TMCTOrpaMMa BXOXAEHHUS B JOKYMEHT CJIOB U3 3apaHee
3arOTOBJICHHOT'O CJIOBapsi, HO MOXeET 3(PPEKTHBHO MPUMEHATHCA U AJI APYTUX 3a7a4.

OCHOBHBIE IIIary TaHHOTO aJNTOPUTMA:

Onpenenuts ocoOble (KIIOUEBbIE) TOUKU HAa U300paKEHU N

[TocTpouTh AECKPUNTOPHI ATUX TOUYCK

[TpoBecTu KinacTepusaluio ITUX JECKPUNITOPOB, MPUHAIISKAMUX K 00BEKTaM
oOy4arorieil BBIOOPKH (TO €CTh 3aIMOTHUTH CIOBAPh «CIIOBAMM)))

[TocTpouTh omucanwe KaKIOTO U300paKEHHS B BUIEC HOPMUPOBAHHOM
THCTOIPAaMMbl BCTPEUYAEMOCTH «CJIOB» (BBIUMCIICHUE I KaXKIOTO M3 KJIacTepOB
KOJIMYECTBA OTHECEHHBIX K HEMY OCOOBIX TOUEK U300pa’KEeHUS )

[TocTpoenue knaccudukaTopa, UCIOIb3YIOIIEr0 OMKUCAaHKE ¢ mara 4.

JlJis mepBBIX OBYX IIAaroB MOTYT OBITh MCHOIB30BaHBI JIIOOBIE JETEKTOPHI U
JIECKPUNITOPBI, C TEM YCJIOBHEM, 4YTO OHH YCTOWUMBHI K adPuHHBIM
npeoOpazoBaHUSM U U3MEHEHHUSIM B OCBEIIEHHOCTH.

OcCHOBHbIE HEAOCTATKU JIAHHOTO KJaccupukaropa B OOJBIIOM pa3Mepe
cJIOBapsi, MPUYEM €ro pa3Mep He JIOJDKEH MPEBHINIaTh HEKOTOPOTO 3HAYCHHWS, MPH
KOTOpOM OH OyAeT ycTOWYuMB K IIymy. Tak»e, MEIIOK CIIOB HUKAaK HE YYHUTHIBAET
IIPOCTPAHCTBEHHYIO HMHGPOPMAIMI0 00 O00BEKTe, YTO IPH HAJTUYHH CXOXKHX TI0
JIECKPUNITOPAM OCOOBIX TOUYEK pPa3HbIX OOBEKTOB HAa HM300paKEHWH HMX OMUCAHUS

MOT'yT COBIACTh. [5]
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MamnHa OnopHbIX BEKTOPOB

MammHa omopHbIX BekTopoB (SVM — support vector machine) omna wu3
HanOoJiee MOMYJISIPHBIX METOAUK 00ydeHHUs KiiacCu(UKaTOpoB. M3HaUYaNbHO TaHHBIMN
METOJT IPUMEHSUICS JUTsl 3a1a4 OMHApHOW Kitaccu(uKaIuy, HO OH JIETKO 00o0mmaercs
U ]I 33/1a4 ¢ OOJIBIIIMM KOJIMYECTBOM KJIACCOB, a TAKKE Ha 3a/1aud BOCCTAHOBJICHUS
perpeccun. [[ns oOydueHus: airopuT™Ma NpeasiaraeTcs CTPOUTh JTMHEUHBIN MTOPOTrOBbIN

KJaccudukaTop
" 1)
sgn WiXi- Wy | .
=1

VpaBuenue (W, X) = W, OIMUCHIBAET TUIEPIUIOCKOCTD, PA3IENSIONIYIO KIACCHI.
Eciu mpeanonoxuTh, 4To BRIOOpKA JTUHEHHO pa3jieianMa, TO CTAHOBHUTCS OYEBHIHO,
9TO JaHHAs TUIOCKOCTh HE CIWHCTBEHHAS WM CYMIECTBYIOT IPYTHE €€ IOJOKCHHS,
TaKXe pa3ouBarolye BEIOOpKY. [4]

Nnes meronma 3akiroyaeTcss B BbIOOPE TaKuX W U WEKOTOpbIE OBLIU OBl
ONTUMAJIbHBI ¢ TOYKH 3PEHHS KaKOro-TuM00 KOHKPETHOrO KpuTepus. V3HavaibHO,
METOJ] KJiacCH(PUKAIMK BO3HUK W3 JBPUCTHYCCKHUX TNPEIIOIOKESHUH, HO ceidac
UMEET TeOpEeTUIecKoe 000CHOBAHNE.

Jlyis TOrO, 9TOOBI THUIEPIUIOCKOCTh 0OJiee YCTOMYMBO pas3jelisiia KIacCchl, OHa
JOJDKHA OTCTOATH OT TOYEK BHIOOPKM Ha MaKCHMAaJbHOM PACCTOSHHH. OTO
JOCTUTAETCs, KOrjJa HOpMa BEKTOpa W MUHUMAaidbHa. OIMOPHBIMH BEKTOPAMH JKE
HA3BIBAIOTCS MHOJXKECTBA, JI&KAIlMe HA TPaHUIAX oOO0JacTel, pa3aenEéHHbIX
TUTEPILIOCKOCTBIO.

AJNTOPUTM TaKke JIETKO 0000maeTcss Uisl JTUHEWHO HEpa3JaeTUMBIX JTaHHBIX
nyTéM Iepexoja M3 UCXOAHOTO MPOCTPAHCTBA MPHU3HAKOBBIX OMHCAHHUS OOBEKTOB K
JPYroMYy TIOCPEICTBY OOJbINEH Pa3MEPHOCTH MPU MTOMOIIH siAep QYHKITHMA.

K 1mocromHCTBAM JaHHOTO QITrOpPHTMa IOMHMO pPaclpOCTPAaHEHHOCTH U
IPOCTOTHI MOXHO OTHECTH HEOOJBIIYI0 OOYYalollyld BBIOOPKY, MPH KOTOPOU
KjaccudukaTop OyJIeT BBIIABAaTh IMPUEMIIEMBIH pE3yiabTaT. OJTO KE SBISCTCA WU
HEIOCTAaTKOM — aJTOPHUTM HCIIOJIb3yeT HE BCE MHOXKECTBO, @ JIUIIh HEOOJBITYIO MX
4yacTh Ha IpaHullax obiacrei. [4, 5]
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1.2 UckyccTBeHHBbIE HEHPOHHBIE CETH

UckyccrBennble HeipoHHbie cetn (MHC) — anroputmel, Moaenupyrooiue
croco0 00paboTku MHGOpMALUKM YeTOBEeUEeCKUM MO3roM. [lpeacTtaBisioT u3 cels
pacnpenes€HHbI napauielIbHbIA MPOLIECCOP, COCTOSAIIAN U3 3JIEMEHTAPHBIX YaCTHI]
o0paboTku nHpopManuu (HEHPOHOB) M CBSA3EH MEXIAy HUMHU (CHMHANITHYECKUE BEca),
MO3BOJISIIONIMX HAKAaIUIMBATh 3HAHUS W3 OKPYXKAIOIIEH Cpeapl U HUCIOJIb30BaTh B
npoiiecce 00y4enus. [6]

NckyccTBeHHbIE HEMPOHHBIE CETU COCTOSIT M3 CIOEB HEHPOHOB U 00J1aat0T
Pa3IMYHOM apXUTEKTYpou. KitlacCHYeCKMMM CETsIMU SIBIISIFOTCS HOJIHOCBSI3HBIE, T.€.
CETH, B KOTOPBIX KaXKIBIM HEUPOH OJHOIO CJIOS COEAWHEH C HEWpOHAMU
npeasiaymiero cios. O6padoTka uHpOpMAIMU HEUPOHOM B TaKUX CETAX BEIETCS
MOCPEICTBOM YMHOXXEHHUSI BCEX BXOJHBIX CUTHQJIOB Ha COOTBETCTBYIOIIHE
CUHANTUYECKUE CBSA3M, MX CYMMHpPOBaHUA U OOpabOTKH (PYHKIMEH aKTUBaLUU
HEHpOHa, MOCEe Yero CUrHaJl pacupocTpaHsercs aaiaple no cetu. OOydyeHue cetu
3aKJII0YAETCs] B MEPEHACTPOMKE CHHANTUYECKUX BECOB B 3aBUCHUMOCTH OT BBIXOZA

CCTH.

Bxomol1 crrHan BpixoaHo11 crraan

BxommoR caod | Bayrpeanf cnof 2B eEyTpenmmE cmofi B rooomEoR omoi

Pucynok 4 - ITonnocsiznas MHC ¢ 1ByMsi BHYyTpEHHUMM CIIOSIMU

OCHOBHBIM HEJOCTAaTKOM KJIACCMUECKHUX HEUPOHHBIX ceTel s o0paboTKu
U300pakeHUN SIBISIETCS OOJBIION pa3Mep BXOAHOTO BEKTOpa (T.€. KAl MUKCEb

n300paxkeHus1). B cieacTBuM 3TOro pacTtér KOJIWYECTBO HEUPOHOB KAXKIOTO CJIOS U

22



JUIsl OONBIIUX W300paKE€HUW OHA CTAHOBUTCS CIIMIIKOM OOBEMHON M TSXKENTOW NJis
oOyuenus. Takxke KiIacCHMYeCKHUe HEUPOHHBIE CETH HE MOTYT Y4eCTh TOMOJIOTHIO
UCXOIHOTO U300pakKeHHUS, TaK KaK MPUHUMAIOT €T0 IEeTUKOM. [7]

DTHUX HEJOCTAaTKOB JIUIIEHBI CBEPTOUYHBIE MCKYCCTBEHHBIE HEHPOHHBIE CETH,
KOTOpbI€ 00JIaIal0T CHEUHUATIbHBIMU CBEPTOUHBIMU M CYOJUCKPETUIUPYIOIIUMU
cinosmu. OCHOBHas ues 3TUX CIOEB — CO3JaHUE PA3JECISIEMBIX BECOB, T.€. YaCTh
HEHPOHOB UCIOJB3YET OJHU U T€ K€ BECOBBbIE KOXDPHUIIMEHTHI U OOBEAUHSIOTCS B
KapThl IPU3HAKOB, KaX bl HEHPOH KOTOPOH CBSA3aH C NMPEAbIAYIINUM ciioeM. Kaxabii
HEUPOH TAKOI'O CJIOSI BBINOJIHIET ONEPALUI0 MAaTEeMaTUYECKOM CBEPTKM HEKOTOPOU
00JJaCTH MpEeABIAYIIEr0 CJI0g W TaKOW CJIOW COOTBETCTBEHHO HAa3bIBAETCS
CBEPTOUYHBIM M MOJIETUPYET HEKOTOPbhle OCOOCHHOCTH YEJIOBEUECKOTO 3pPEHMS,
OoTBeYasi 3a OOHapy»XEHHE KOHKpeTHOro mnpusHaka. Ciou CcyOAuCKpeTU3aluu
OTBEYAIOT 32 YMEHBIIIEHWE BXOIHOT'O BEKTOpA B HEKOTOPOE KOJIMYECTBO pa3 (OOBIYHO
B 2 paza).

Takum 00pa3om, CBEPTOUHBIC HEHPOHHBIE CETH 00JAAI0T TOpPa3I0 MEHBIINM
KOJIMYECTBOM HACTPAMBAEMBIX BECOBBIX KOI(PQPUIIMEHTOB, UYTO IMO3BOJISET CETU
oOyyaTcs 0000eHnI0 HHOOPMAIIMK, a HE 3alIOMUHAHUIO. Takue CeTH yCTOMYHBBI K

M3MEHEHHUIO MacITaba, CIBUTY B TIOBOPOTY.

1.2.1 HeiiponHnas cetb

buonornyeckass HEpOHHasl CETh OOECIEUMBAET BO3ZMOXKHOCTh 3()(PEKTUBHOIO
B3aMMOJICCTBUS YEJIOBEKA C OKPY’KAIOLIEW CPeoM IYyTEM BBINOJHEHUS Pa3JIMYHbIX
3a/1a4: pacro3HaBaHusl 00pa3oB; 0OpaOOTKM CUTHAJIOB OPraHOB YYBCTB; MOTOPUKH H
MHOrux Apyrux. [Ipu 3ToM, 1aHHBIE 33a/1a4M 3a4aCTYIO BBIIOJHAKOTCS MHOTOKPAaTHO U
NOCJIEIOBATEIBHO B Ipe/esaX COTeH MWUIMCEKYHJ, YTO HAaMHOIo OBICTpee, 4eM
pEILIeHNE AaHATIOTMYHBIX 33/1a4 HA COBPEMEHHBIX KOMITBIOTEPAX.

DTO CBSI3aHO C TE€M, YTO CMOCOOBI 00pabOTKM WMHGMOPMAIMU YETOBEYECKUM
MO3TOM CHJIBHO OTJIMYAIOTCSI OT METOJI0B 00pabOoTKM MH(OPMAaIIUU BEIYMCIUTEIbHBIX
MallliH, Ojarogaps O0cCOOON CTPYKType YEeJIOBEYECKOrO MO3ra, COCTOSIIEH U3

0osbIIOro uKcia Hetiponog (0koio 10 MUIUTMAPIIOB), CBSI3aHHBIX B €IUHYIO CETh.
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Kaxnaplii HEWpOH COCTOUT U3 sjApa, Tejla KIETKU U OTPOCTKOB (0eHOpumos,
NPUHAMAIONIUX BXOJHBIE CUTHAJBI, U AKCOHOB, TIEPENAIONINX), COCAUHSIIONINX X
APYT ¢ APYroM, ¥ OCHOBHAA 3a/1a4a KaXKJI0T0 U3 HUX — MepeaaTh dJIeKTPOXUMHIUECKHNA
UMIIYJIbC MO BCEU ceTH. JTO 00ecredynBaeTcs TeM, YTO Ouojornieckass HeWpOHHas
cerb oOnamaer OOMBIION CTEMEHBI0 CBS3HOCTH — KaXABIH HEHPOH COEAMHEH
HECKOJIbKMMH ThICSIYaMU JIPYTUX U KaXJI0€ TaKoe COEAMHEHHE OOJalaeT Cuioll
CUHANMUYecKou ceA3u, ONpPEeNAIonleld yCuIeHne Win ociablieHue UMIyjbca Npu
nepenadye MEXIy ITUMH HelipoHaMmu. Takum 00pa3oMm, CTPYKTypa 4YeIO0BEUECKOTO
MO3ra HE CTaTUYHA W IMOCTOSHHO M3MEHSIETCS, HACTpauBasl 3TU CBS3U U IO3BOJISSA
CTPOUTHh COOCTBEHHBIC TpaBWIA, OCHOBBIBASCH HAa «OMbBITE». HWHBIMH CIOBaMHU,

CTPYKTYpa 4€JI0BEUYECKOro Mo3ra no3BoJisier ooyyarcs. [7,8]

1.2.2 MoaeJjib HelipoHa

Heiipon — ocHoBHas equnuiia oopadorku unpopmanuu B MHC. Ilpencrasnsier
u3 cebsi mpoCcToi mporeccop, Mpeodpa3yroNuii HEKOTOPhIE BXOJHBIC CUTHAIBI B
BBIXOJHOM IO OIPEAEIIEHHOMY NpaBUily. J[aHHBIA BBIXOJAHOM CUTHAN MOCTYHAET Ha

JIpyrue HEWpOHBI MO B3BEHIEHHBIM CBs3sM. OOImas CTpyKTypa NpelcTaBlieHa Ha

PHUCYHKE O.
Mopor
( . b
.‘fl '-.x
| A
\ PyHELMA
. ', AKTUBALMK
| -II-.-"' ., [ ]
2 @ — y BbixogHOA
EX0gHble | = S @) = CHMIHEDN
CHMMHAN ' 1

w A

S CymmaTtop

CUHANTHUYSCEHE
BECE

Pucynok 5 - Moaens HelipoHna

B monenu HelipoHa MOXHO BBIACIUTH TP OCHOBHBIE 3JIEMEHTa [6]:
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1. Hanuune B3BEIIEHHBIX CBSI3€H — cunancos, 00JaJarolnX BecoM. Takum
00pa3soM, KaK[Iblli BXOJHOM CHMTHAN X;, IOCTYNAIOIIMA Ha BXOJ j HEWpOHa
k, yMHOXaeTcs Ha BEC Wy;. B omimume OT GHONOrMYECKOM HEHPOHHON
CETH, 3TU BECa MOT'YT OBITh KaK MOJIOXKUTEIbHBIMU, TaK U OTPULIATEIHHBIMH.

2. Cymmamop — CKIaabIBaeT BXOJHBIC CUTHAJIbI C YUETOM BECOB CHHAICOB. B
MOJENHN TaKXKE NPUCYTCTBYET HNOPO2OGbIU  dNeMeHm, OTPAKAKIINN
yCWJIeHHE WU ocialbJeHne CurHajia, T[OAaBaeMoro Ha  (PYHKIIHIO
aKTUBALIUH.

3. Qynkyus akmusayuu (cocamus) — QyHKIUS, OTPAHUIUBAIONIAS AMIUTUTYTY
BBIXOJHOTO curHaia. OOBIYHO peryaupyer curaain B uHTepBaiax ot 0 mo 1
wiu ot -1 o 1.

Omumem (QyHKIMOHMpOBAHWE HEWPOHA TIPU TIOMOIIM MAaTEMaTHYECKHX

YPaBHCHUU:
= (2)
uk—z ijXj )
=1
Y, =0 (utby) 3
A€ Xq,X3, .., Xy — BXOIHBIE CHUTHAIBI;, Wiy, Wia, ..., Wiy~ CHHAIITHYECKHE

Beca HEMpOHA; U;, — JIMHEWHAsT KOMOWHAIUS BX0J0B; () — QYHKIHS aKTUBAIIH; Vi
— BBIXOA HelipoHa. [locTcMHaNTHYECKUi MOTEHIMANI BRIYUCISETCS 110 dopmyie 3 u
obbscHsercs 3 dexTom adPuHHOTO IMTPEe0dpPa30BaHUS OT IOPOTOBOI0 dJIEMEHTA by,.

V= tby . (4)

JlaHHBIN TIOpOT SIBJISICTCS BHENTHUM TIApaMeTpOM IJisi HEHpoHa k W MOXKET
ObITh MpeoOpa3oBaH, KaKk HOBBIA CHHAIC CO BXOJHBIM CHUTHAJIOM Xy, = +1 U BecoM

Wyo = by. Takum obpa3zom, ypaBHeHus 1 u 2 mpUayT K BUAY:

- (5)
U= Z ij Xj 5
=0
Y~ Pk - (6)
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1.2.3 ®yHkuuu aKTHBAUH
Qyuxkyuu axmueayuu (cxaTusi, BO30YXKICHHS) — TPEICTABISET U3 CeOs
(GYHKITHIO, BRIYUCIISIONTYIO BBIXOTHOM CUTHAII HCKYCCTBEHHOTO HelpoHa. O THUMH W3
CaMBIX PacIpOCTPAHEHHBIX TUTIOB (DYHKITUN SBIISIOTCS:
1. Ilopocosas ynxyus nnn GyHKIHESA SAMHUIHOrO ckayka. COOTBETCTBEHHO,
€CIM BXOJHOE 3HAUCHHE HHXKE IOPOroBOro, TO 3HauyeHHE (YHKIIUH
aKTUBAaIlMM pPaBHO MHWHUMYMY, HWHauYe — MakKcuMmaibHOMy. MHorma

HaszbIBaeTcs PpyHkuen XaBucaiina. MaremaTu4eckoe ONvicaHue:

(1, &v>0 (7)
o(V)= {o, &v<0 °

JIuHeiHbIi nmopor Wik ructepesuc. Ita QyHKIUS KYCOYHO-3a/1aHHAS] U UMEET
TPU HMHTEPBaja, JABAa U3 KOTOPBIX SBJISIOTCS MUHHMAIBHBIM M MaKCHMaJbHBIM

IIOPOIr'OM, a TPETHM BO3pacTaer. [6,7]
( 1 (8)

V)= < +—=>y>-—
o(v) v, > % 3

3nech  kodpdUIMEHT ycUJIEeHHUS] B  JUHEHHO 00JacTd  omeparopa
NpEANoiaraeTCsa pPaBHBIM EIUHUILY U ATO (PYHKIMIO MOXKHO paccMaTpuBaTh Kak
anmpOKCUMAITUIO HEMMHEWHOTo ycrmutens. imeercst 1Be ocobbie GOPMEIL: iuHetiHblLL
cymmamop — JMHEWHas o00JlacTh omeparopa HE JOCTHUTAeT IOopora HACBIIMICHUS;
nopozcoeas @yHkyus — eciii KOIPOUIMEHT YCUJIECHUS JMHEHHO 00JIacTh TPUHAT

0eckoHeuHO OobIIuM. [6]

2. CuemouodanvHasa @yHkyus. SIBigercs camMoll pacnpoCTpaHEHHOW MpH

co3nanuu MHC. [Ipunumaer He Tonbko crporue 3HadeHus 0 unu 1, HO U
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O0eckoHeuHoe MHOXkecTBO B uHTepBasie oT 0 mo 1. Ilpumepom Takoi

(YHKIIUM MOXKET CTaTh J0SUCTNUYECKAS PYHKYUSA

1
V)=, 9)
o(v) 1+exp(-av)
rIe @ — TapaMeTp HakKJIIOHa CUTMouJanbHOW (yHKIMU. HactpamBas 3TOT

napaMmeTp, MOKHO M3MEHHUTHh KPYTHU3HY camoil (pyHKIMH. B HEKOTOPBIX CHUTyammsx
TpeOyeTcsi CUMMETPUYHOCTh OTHOCHUTEIBHO Hadajla KOOPIAWHAT, COOTBETCTBEHHO
00JacTh 3HaueHWH (YHKIHMH JOJDKHA HAXOMUTHCA Ha OTpe3ke oT -1 mo +1. Takas

(GYHKIMS Ha3bIBAaeTCs cucHymM W €€ TPUMEPOM MOXKET CTaTh eunepboIuyecKuil

mareeHrc.
¢(v)=tanh(v) . (10)
Y Y
1 1
X X
0T 0
a) 6)
Y
1,Y 1
X
-1 0 X
B) r

Pucynok 6 - Bunbl pyHKIMNA akTUBaluii: moporoBas pyHKus (a); TUCTEpPE3UC

(0); runepOonnueckuii Tanrexc (B); gorucruueckas GyHkuus (T)

PaccmoTrpenHbie Bbilie TUIBI (YHKUUNA NpeoOpa3yroT BXOAHOW CHUTHANl B
BBIXOJTHOM IO TOYHO ONPENENIEHHBIM I BCEX 3HAYEHUSAX J3TOro curHana. OpHako,
MOKET BO3HHMKHYTh HEOOXOJUMOCTh HCIOJB30BATh BEPOSATHOCTHBIA IOAXOA H

IEPENTH K CTOXAaCTMYECKOM MOJENM HEMpOHA. B TakoW MOAENIM HEUPOH MOKET
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HAaXOJIUThCS B COCTOSHUU -1 W +1 W mepekitoyarcs ¢ HEKOTOPOH BEPOSTHOCTHIO
HACTYIUIEHUsT Takoro coObiTHsA. Torga omucaTh Takyr0 MOJAEIb MOXKHO Oyler

cienyroie hopmyiioi [6]:

o(v)= {

IJIe X — COCTOsHME HeWpoHa; P(V) — BEpOSTHOCTh AKTHUBAIIMU HEWPOHA.

+1, &c BepositHOCTBIO P(V) (12)
-1, &c BeposTHOCTEIO 1-P(V).

J_—[aHHaﬂ BCPOATHOCTD TAKIKE OIIMCHIBACTCA CHFMOHﬂaHBHOﬁ Q)YHKHI/IGIZ:

P(v)= , (12)

v

I+ex (— —)
PUT

rae T — omnuckiBaeT 3(PdeKkT cuHanTuueckoro myma. Eciam 3ToT mapamerp

CTPEMHTHCSI K HYJIIO, TO CTOXAaCTUYECKUNA HEHWPOH MPHUMET TMOPOroByIO (HopMy

aKTUBAaIlUH.

1.2.4 Apxutextypst HHC
Boiienum 1Ba OCHOBHBIX KJlacca HEHPOCETEBBIX CTPYKTYP.
Ceru npsiMOro pacnpocTpaHeHust (ALUKINYHBIE)

llonnoceasuvie cemu. B Takux ceTsAX pacnpocTpaHeHHe HH(OpManuu

IPOUCXOJIUT OT HEHUPOHOB 6X00HO20 clos W TepeAaercs Jajee K HeHpoHaM
8bIX00OHO20 C105. B mpocTeiiilieM ciydae Takue CETH UMEIOT OJUH CJIOW HEHpPOHOB,
KOTOPBIA SIBJISIETCS BBIXOJIHBIM — 3TH CETH HA3bIBAIOT 0OHOCHOUHbIMU. Ecnu ceTh
UMEET JONOJHUTEIBHBIE CIOHW, KOTOPBIE HA3BIBAIOT CKPbIMbIMU CHOAMU, TO TaKas
CeTh HA3BIBACTCS MHO2OCIOUHOU W YeM OOJbIIE CKPBITHIX CJIOEB, TEM OOJbIIE
CUHANITUYECKUX CBSI3€H M B3aMMOJICHCTBHE HEUPOHOB, TEM CaMbIM OOJIbIIE
BO3MOXKHOCTEH Ajis 00paboTKH OonblIuX AaHHBIX. OIHOM W3 MEPBBIX M MPOCTHIX
HEUPOHHBIX CeTeW sBusgercs nepyenmpor — oxaHocinoHas WHC npsmoro

pacnpocTpaHeHus ¢ TOpOroBo (GyHKIMEH aKTUBALUHU. [6]
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BxomHoit
CHIHa <
(Bo36yXAEHHE)

BrixogHo#
CHIHAN
(oTKIIHK)

BxoxHo# [lepsorit Bropoit BrixonHoit
caon CKPRITBII CKDPBITBII cnok
Cnoit cloi

Pucynok 7 - UHC nipsiMoro pacnpocTpaHEHUs C IBYMs CKPBITBIMU CIOSIMU

CGéDWlO'{Hble cemu. B MOMTHOCBSI3HBIX CETIX HeﬁpOHbI KaXXIa0ro CJ1osa CBA3aHbl

CO BCEMH MPEAbIIYIIMMH HEMpOHaMH, 4TO ObIBaeT HEYJOOHO WM HE 3(PPEKTUBHO
OpU PELICHUH HEKOTOphIX 3anay. CBEPTOUHbIE HEUPOHHBIE CETH — OCOOBIA BUJ
HEUPOCETEN  BIIOYAKOIIUM B CBOCU CTPYKTYPE CBEPMOYHblE  CIOU, CIOU
cyoouckpemusayuu U NOJHOCEA3HbIE CIIOU.

Takasgs apXuUTeKTypa ceTeil BKIIOYAETCS B Ce0s TpU NapaJUrMBbl: JIOKATbHOE
gocnpuamue; pazoeisiemvie geca; cyoouckpemuszayusi. [6,7]

[log JOKambHBIM BOCIHPHUATHEM MOAPA3yMEBAETCA, 4YTO HA BXOJ OJHOTO
HEWpPOHA TMOCTYNAaeT HE BCE BBIXOABI MPEABIAYLIETO CJOs, a JIMIIb HEKOTOpas
OIpenea€HHas ux 4acThb.

[Tox paznensieMbIMU BeCaMU MOJIPA3yMEBAETCS, YTO JJIsi OOJBIIMHCTBA CBS3EH
UCIIOJIb3yeTCs HeOObIIoM HA0Op BECOB, HA3bIBAEMBIX A0pamu. SIApo MpeacTaBisieT
u3 cebs MaTpuily HeOONbLIMX pa3MepoB, KOTOpas MPUMEHSAETCS KO BXOAHOMY
BEKTOPY WJIA CJIOK0 HEUpoHOB. Hampumep, ecnu BXOZHOM BEKTOpP SABJISAETCA
U300paKEHUEM, COCTOSIIKUM M3 MUKCEIEH, TO SAPO MPUMEHSIETCS K H300pakKeHHUIO
IIOCPENCTBOM  MAaTeMaTHYEeCKOM onepaunn CBEPTKU. CyTb J3TOM  OlEpaluu
3aKJII0YAETCs] B MO3JEMEHTHOM YMHOXEHUU (hparMeHTa H300pakKeHUs Ha MaTpHILy
SApa, CYMMHPOBAHUE ITOJYYEHHBIX 3HAYEHHUM W 3aIlMCh PE3YJIbTATA B aHAJOTMYHYIO

IMIO3MIIMIO BBIXOOHOI'O I/1306pa)KGHI/I$I, KOTOPOC HA3bBIBACTCA KClpl’l’lOlZ NpUu3HAaAKos, TakK
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KaK CBEPTKa siApOM OyJeT JaBaTh CTENECHb CXOXKECTH (parMeHTa ¢ (GUIBTPOM HIH
MIPU3HAKOM YEro-11udo Ha N300paKeHUN.

Bxon KapTa npuaHakoe

HAnpo

Pucynoxk 8 - [Ipumenenus sapa Kk n300pa>keHUI0

COOTBETCTBEHHO, CJIOW CETH, BBIMOIHSIIONIUN OlepaIuio CBEPTKU, HA3bIBACTCS
CBEPTOYHBIM.

CyTtp cyOaucKpeTH3aly 3aKIIYaeTcsl B YMEHBIICHHH TMPOCTPAHCTBEHHOM
pa3MEpPHOCTH H300pakeHus, OOBIYHO B 2 pasza. To ecTh MCXOAHOE H300pakeHue
yCcpenmHssercs,  oOeclieuynBasl ~ MHBAPWAHTHOCTh  OTHOCHUTENBHO  MacmTada.

CootBercTBeHHO. ClTOM CYOIUCKPETU3AIIMN 3aHUMAIOTCS 3TOM onepanuei. [7,8]

C3: f. maps 16@10x10
C1: feature maps S4: f. maps 16@5x5

INPUT
32x32 BER2En S2:f. maps
6@14x14 r rr

C5: layer ’
120 F864 layer 01%)JTPUT

. |
| \ Full connection Gaussian connections

Convolutions Subsampling Convolutions ~ Subsampling Full connection

Pucynok 9 - CtpykTypa cBEPTOUHON HEHPOHHOM CETH

Pexyppenmnuie cemu

D10 ceTd, oOnajgarmme XOTs Obl OAHOW obpamHolu cesa3vio. lloHsTHE
00paTHOM CBS3M XapaKTEPHO JJISI CUCTEM, B KOTOPBIX BBIXOJHOW CHTHAJ BIUSET Ha
BXOJHbIE cHurHaibl. OOpaTHBIE CBS3M CYIIECTBYIOT B HEPBHOW CHCTEME TIOUYTH
JTH000T0 KUBOTHOTO ¥ TIO3BOJISIIOT YCWJIMBATh BHEIIHWE CHUTHAJIBI, CHTHAJIAMM,

HUPKYTUPYIOUIUMH BHYTPU CHUCTEMBL. TakuM o00pa3oM, B PEKYpPpPEHTHBIX CETSIX
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HEHUPOHBI MOTYT OOMEHUBATHLCS UHPOPMAIIUEH JIPYT ¢ IPYTOM M 3TO BaXKHOE OTINYNE
OT CETU NPSIMOT0 PACHpPOCTPAHEHHUSI — OOpATHBIC CBSI3UM TO3BOJSIOT OPraHU30BAThH
HEKOTOPOE MOJ00Me MaMsTH, YTO TMO3BOJIAET XPAaHUTh HEKOTOPYIO MH(OpPMAIHIO O
NPEABIAYIIEM COCTOSIHUM CETH, a, CJIEHOBATEIIbHO, IIO3BOJSET AHAIU3UPOBATH
MOCJIEOBATENILHOCTA JIAHHBIX, JJISI KOTOPBIX BAXKEH IOPSAJOK MX 3HAYEHUM, K
PUMEPY, MY3bIKAJIbHbIC KOMITO3UIIMH WM COCTOSTHUE OUP KeBOTO phiHKa. OHON U3
IIEPBBIX PEKYPPEHTHBIX NHC ObL1a cemb
Xonghunoa, npakTUYECKHU peann3yrolasi OJHy s4elKy accoluaTuBHOM namsitu. Takas
CETh COCTOSIJIA U3 OJTHOTO CKPBITOTO CJIOS CBSI3aHHBIX JIPYT C IPYroM HEWpoHOB. [6,7]

obpaTHan ceAlb

Xy B—s —a Y,
X, B— —a Y,
X — —— Y,
X, > Y,
Bxog Brixon

Pucynok 10 - Pekyppentnas cerb Xonduiga

Ceru paananbHO-0a3ucHbIX (yHkIui. Takue GyHKUMM 00pa3ylOT OJUH U3
OPOCTEHIINX KJIAaCCOB M MOTYT OBITh HCIIOJIb30BaHbl B Pa3HbIX CeTAX (Kak

MHOT'OCJIOWHBIX, TaK U OJTHOCIIONHBIX )

1.2.5 Ooyuenue UHC
CrocoOHOCT, 00y4aThCsi HAa OCHOBE BHENIHMX JI@HHBIX W TEM CaMbIM
MOBBIIIATh COOCTBEHHYIO TPOM3BOAUTEIBHOCTh SIBJISIETCS OJOM M3  BaKHBIX

ocoboennocrert MHC.
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Obyuenue — mpouecc, B KOTOPOM CBOOOJIHbIE MapaMeTpbl HEUPOHHOW CETH
HACTPanBAIOTCA MOCPEACTBOM MOJIEIIMPOBAHUS CPENBI, B KOTOPYIO 3TA CETh BCTPOCHA.
Tun o0yueHus ornpeaensieTcss cnocoOoM MOACTPOUKU ATUX TapaMeTpoB. [6]

HUcxonda w3 onpenencHuss MOXKHO BBIIEIUTh IOCIENI0BAaTEIbHOCTh IPH
o0yuenun MHC: mogaya cTUMYJOB M3 BHEUIHEW CpElbl; U3MEHEHUE CBOOOHBIX
napaMeTpoB CETH; U3MEHEHHUE OTBETa CETH Ha MOcienyromue Bo30yxaeHus. Jannas
MOCJIEIOBATEIIbHOCTh HA3bIBACTCS AI2OPUMMOM O00VYeHUs, KAXKABIA W3 KOTOPBIX
OTIIMYAETCsl CIOCOOOM HACTPOMKM CHHANTHYECKMX BECOB HEUPOHOB U CHOCOOOM
CBS3U OOy4aeMoOill HEMpPOCETH C OKPYXKAIOIMIUM MHUPOM. AJTOPUTMBI 00y4YeHUs
UTEPaTUBHBI U KaXK/1asi UTEpalusi Ha3bIBa€TCs 31OXO.

CymiecTByeT JBE€ OCHOBHBIE MapaJurMbl 00yuyeHHUsi HehpoceTu: oOydeHHE ¢
y4uTesaeM u 0e3 Hero.

OOyueHme ¢ yuurTeaeM

KoHnuenuus takoro oOy4eHus 3aKJII0YAE€TCsl B TOM, YTO YYUTENb TOTOBUT IS
HEHUPOCETHU CIIEUUATIBHBIX MAPBI 6X00bl U SMALOHHbIE 8bIX00bl. 1Ipeonoxum, 4To u3
OKpY>Karolllel cpeiy MOoCTynaeT HEeKOTopble BXoiHbIe 3HaueHus. O0nanas 3HaHUSIMH,
YUUTETTh MOXET C(HOPMHUPOBATH JKETAEMBIM OTKIMK HA ITH BXOAHBIC 3HAUCHUSA U
nepenats MHC. [1apametpsl ceTu OyayT KOPpEKTUPOBATHCS HA OCHOBE TUX 3HAYEHUHN
U 3HAYCHUU cueHana owubKy — pa3HOCTH MEXK]Y >KEJIaeMbIM CUTHAJIIOM U TEKYIUM
BBIXOAHBIM CUTHaJIOM ceTH. IIporiecc KOPpPEKTUPOBKU SBISETCA TMOIIArOBBIM U
HEOOXOJIUM [IJIi UMHUTALMU JEHCTBUM YUMTENs, YTO IO3BOJISIET MEpenaTbh 3HAHUS
yauTels B moaHoM oowséMe. [locne okonuanus ooyuenusi, MHC moxker aeiicTBOBaThH

CaMOCTOATEILHO. [6,7]
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BexTop,
ONUCBIBAKLWWKA
COCTORAHWE

cpeabl

Cpepna YyuTene

Henaemsblin
o - OT3bIB
/ AKTUHECKUA o 4
OT3kIB
Obyuyaemas -

—

CHUCTEMa

-

CurHan owuikm

Pucynok 11 - Jluarpamma oO0y4eHus C yUuTeIeM

OOyuenne 0e3 yuureJist

[Ipy TakoM 00y4yeHUH, KaK BHJIHO W3 Ha3BaHMs, OOYUYEHHUE CETU M HACTPOMKa
BECOBBIX KOI(DPHUIIMEHTOB MPOUCXOAUT O3 KOHTposs yuurtens. Takod moxonm He
BKJIFOYAET B ce0s1 MApPKHUPOBAHHBIX IPUMEPOB.

Ob6yuenue ¢ nookpennenuem (Helpoounamuueckoe npozpammupoganue). Ilpn
TakoM OOyYE€HHMU TeHepalusi BBIXOAHBIX CHUTHAJIOB  OCYILECTBISETCS  CO
B3aMMOieiicTBUEM C BHewHed cpeaod. Ha pucyHke 6 mpencraBieHa auarpamma,
OInuChIBaroIIast AaHHbI anroputM. CylecTByeT IBE Ba)KHblE (YHKLUMU: OYeHKU U
nooxkpennenusi. OYHKIMS OLIEHKH ONpEAENseT, Kakol pe3yibTaT IpUEMIIEM B
IPOAOJIKUTEIHLHOM MEPUOAE, B TO BpeMs KaKk (QyHKLHMS MOAKPEIUIEHUS PEIaeT, YTo
npuemsieMo B JaHHbIA MomeHT. Ilpu TakomM oOOydYeHMH CeTh 3alOMHUHAET

COOTBCTCTBUA MCKAY CUTyalUsIMH U I[CflCTBHHMH, KOTOPBIC JOJIZKHBI BBITTOJHATCA.

[6.8]
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Pucynok 12 - Jlnarpamma o0y4yeHuUs ¢ MOJKPEILUICHHEM

MeTtoabl 00y4YeHUs

AnroputMbel  OOy4yeHHUs TOJpa3feNsAloTCd Ha  JIETEPMUHUPOBAHHBIE U
CTOXAaCTUYECKHUE:

Jlemepmunuposannvie — Hactporika napamerpoB MHC Benércs urepatuBHO U
OCHOBBIBAETCS HA TEKYLIEM COCTOSIHUU CETH.

Cmoxacmuueckue — HacTtpoiika mnapamerpoB HNHC Beaércs cimydailHbIM
00pa3oM, HO COXPaHSIOTCA JIUIIb T€ U3MEHEHUS, YTO MPUBEIHU K YIYUIIEHUIO pabOThl
HEUPOHHOM CETH.

Memoo X266a. OnuH U3 caMbIX MEPBBIX METOAOB OOYyYEHHMs, OCHOBAaHHBII Ha

OMOJIOTUYECKUX HCCICIOBAHUSAX, MPEANONAraloiiA, YTO MPOYHOCTh CBSI3H MEXKTY
HEHpOHAMH YCWIMBAETCS, €clii 00a HEWpOHAa OIHOBPEMEHHO AaKTHUBHBI. Takum
o0pa3oM, HM3MEHEHHE Beca CBSA3M 3aBHCHT TOJILKO OT TMapbl HEUPOHOB — TIPH
CUHXPOHHOM BO30YXJECHUU CBS3b YIIPOUHSAETCS, a IPU aCHHXPOHHOM Ha00O0pOT.

[Ipu Havane oOy4eHHs] TaHHBIM AJITOPUTMOM BCEM BECOBBIM K03 duiirieHTam
MIPUCBAMBAIOTCSl HEKOTOPHIE CilydyaiiHbie 3HaueHus. [Ipu mogaue BXOAHOrO CUTHAaA,
POUCXOIUT 00pabOTKa U BBIXOJ, HA OCHOBAHUU KOTOPOT'O MPOU3BOIUTCS U3MEHEHUE

BECOBBIX KOA(D(PHUIIUEHTOB MO ONKMCAHHOMY BBIIIIE MPaBUIy. [6,9]
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Konxypenmnoe o6yuenue. Ilpu naHHOM MeTOA€ OOYYEHHUS BBIXOJHBIC

HEHUPOHBbI HE MOTYT OBITh AKTUBHUPOBAHBI OJJHOBPEMEHHO, KaK B CETH, OOY4YEHHOMU
MeTooM X300a, a COpPEBHYIOTCS 3a MpaBO OBbITh AKTUBUPOBAHHBIMU. [Ipruém
CUHANTUYECKUE BECAa PACHPENESAIOTCS TaK, YTO BXOJHBIE [AHHBIE MPUBOIAT K
Pa3IMYHON peaklMK pa3HbIX HEHPOHOB. Takum 00pa3oM, KaKblil BEIXOJAHOW HEWPOH
B TAaKMX CETSAX OTBEYACT 3a HEKOTOPYIO TPYMIY WIM KJacC MPU3HAKOB U SIBISETCS
NETEKTOpOM Ipu3Haka. IlepeHacTpoiika BECOB IPOU3BOAMUTHCS TOJNBKO IS
noOeIMBIIIEr0 B COPEBHOBAHUU HEMpoHa. [7,8]

Koppexyusa owubox. Mopaenb UCHOIB3YET aaTOPUTM OOYYEHHS C YUHTEIEM,

I7Ic BXOJHBIC JJAaHHBIC COMPOBOXKIAIOTCS JKEIAEMBIMU BBIXOAHBIMU. {711 HACTpONKH
BECOB TIPOM3BOJUTCS CPABHEHWE IMOJYYCHHBIX BBIXOJIHBIX JAHHBIX C JKEITACMBIMH.
Paccmorpum oMH U3 HUX:

Aneopumm obpamnozo pacnpocmparerus ouwiuoku. CBOE Ha3BaHHUE aJITOPUTM
nojgydwsi Oyaromapsi TOMYy, 4YTO OIMMOKa, BBIYUCISIEMass Ha KaJIOW WTEpaIlnH,
pactpoctpansiercas 1no MHC or BbIxola KO BXOAY C LEIbIO IEPEHACTPOUKHU
CHUHANITHYECKUX BecoB. B mporiecce o0yueHus: ceTu, npu mojaye BXOAHOTO BEKTOPa,
BBIXOJ] CETH CPABHHUBAETCS C BHIXOJOM M3 00ydaroImieil BEIOOPKU, GOPMUPYSI OMIHOKY
6 =d—y, tne d — DSTaJOHHBIH BBIXOA, a Yy — BBIXOHM ceTW. JlaHHas ommoOKa
00yCIIOBJIeHA HE TOJIBKO TOTPEITHOCTHI0 BBIXOJHBIX HEMPOHOB, HO M BCEX CKPBITHIX
HEUPOHOB. [9]

KoppekTupoBka CHHANTHUYECKHX BECOB MPOM3BOAMUTCS 1O TMpaBmwiry Buapoy —
Xodda (nenpra mpaBuIo):

Aw;=n0x; , (13)

rae 17 — ko3 HUIMEHT CKOpOoCcTH O0YUEHHUS; X; — 3HAYCHHS BX0/a; § — OolInoKa.
HoBblli cuHanTU4EeCKH BEC pacCYUTHIBAETCS MO cleaytoiei popmyre:

Wi (k+1): Wi (k)+ AWi ) (14)

rae k — Homep urepanuu o0y4eHusl.

J17151 BBIXOJTHOM OIIMOKU UCTIONB3YIOT OOBIYHO CPEIHEKBAAPATHUECKYIO:
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1
]

Torz[a B COOTBCTCTBHUHU C I'PAAUCHTHBIM CIITYCKOM ITOJTYYHM:

OE

- 16

AWij =

TJIe W;j — TCKYIIHid BEC CBsI3M [ HEMpOHa j.

[Tokaxem, 4TO 711 IMHENHOIO HEMPOHA CIPABEJINBO
OE  OE Oy,
— = 7)
ﬁwij 6yj 8Wij

Torna moacrasus (17) B (16) momyawm, 9T0

OE Oy.

i, 18

AWij =

B cneactBum storo u (13) momyqurcs, 9to
OE
——= (19)
%,

Korna Beixon HelipoHa (GopMupyeTcs pH MOMOIIN aKTHUBAIIMOHHONW (YHKITUU
(f (S)) Beipakenus (17) u (19) npumyt BUA:
OE OEQY; 0S; _ OEOY,

e Wi P i (20-21)

[Mpomuddepennmupoas Boipakenue (15) w yumreBas dopmynsr (20-21)

IIOJIy4aeM:
dy, ,
8= ——===(y-d))(S) . (22)

Bce comuoxurenu mpaBoi yactu BoipakeHus (20) U3BECTHBI U OMPEACISIOT
BEIMYMHY KoOppekuuu Beca (23), a ¢ ydéroM TOro, 4ro CHHANTHUYECKHE Beca
MEHSIOTCSI B HaNpaBJIeHUU (PYHKIMU OIMIMOKH, TOJYyYMM HamlpaBlIeHHE 0OpaTHOE IO

3HaKy IPOU3BOAHON QYHKIIUHU OIIHOKH (24).

OE

aWij

-(y-dj)f'(S)Xl, AWijz Sin . (23-24)
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ITomy4yennas ommOka §; ABISETCS OIMOKOHW BBIXOJHOrO HEHpOHA. YTOOBI

NOJYy4YUTh OMIMOKY CKPBITOTO HEHpOHAa WX BEC HYXKHO KOPPEKTHpPOBATh B
COOTBETCTBUM C (Qopmyioil (24) mo BkiIaay B OIIMOKY clienyromero cios. Tem
caMbIM, 4eM OOJIbIlie OmMOKa Ha CIASAYIOMIEM CJIO€ W YeM OOJbIe CHHANTHISCKUN
BEC CBSI3M, COCAUHAIONIEH ATH JBa HEHpOHa, TeM OosbIine OyaeT omudKa Ha BBIXO/E

CKPBITOT'O HeﬁpOHa. Takum 06p330M, nmojrydacm OH_II/I6Ky CKPBITOT'O HeﬁpOHaZ
k

MeToa rpaiueHTHOrO CIIyCKa

AnropuTM  00paTHOTO pPacHpOCTPAaHEHUS OMMOKU WCIIONB3YeT METO.
2paoUeHmHo20 CnycKa.

Nnes 5TOro ONTUMU3ANMOHHOTO alTOpUTMa 3aKII0YaeTcs B JBWKCHHH K
JOKAJIBHBIM JKCTpeMyMaM (YHKIIMM 110 HaNpaBJICHUIO Haubonee OBICTPOro
yObIBaHUS WJIM BO3pacTaHusi GYHKIUH. (7151 3TOro HaXOAWTCS TPaJUEHT — BEKTOP

OTpeAEISIIONINI HaPaBJICHUs] BO3PACTAHUS (PYHKIUU:

gradp= Vo= Z—ZH Z—(yp jt+ Z—Zk. (26)

B cnydae MCKyCCTBEHHBIX HEMPOHHBIX CETEM T'PAAUEHT BBIYUCISAETCS Kak
CyMMa I'paJIU€HTOB, BBI3BAHHBIX KaXKIbIM 3JIEMEHTOM oOydaromieil BeiOopku. Takas
Pa3HOBUIHOCTH IPAJIMEHTHOIO CITyCKa Ha3bIBaeTcs naxemuo. [71,8]

B  ormimume OT mWakeTHOro  TPAAMEHTHOTO  CIyCKa,  CYIIECTBYET
cmoxacmuyeckuti (onepamueHvlil) TPAIUSHTHBIN CITyCK, OTIUYHAE KOTOPOTO B TOM,
YTO 3HAYEHWE TPAJUCHTA aNMPOKCHUMHPYETCS TPATUCHTOM (DYHKIIMM CTOMMOCTH,
BBIYHCIIEHHON Ha OJJHOM CIIy4ailHOM 3JIEMEHTE 00y4arollei BHIOOPKH.

CymiecTByeT Takke TPETHI BapUaHT, KOTOPBI COBMEIAET B ce0€ MaKeTHBIN 1
CTOXacTHYECKMHA MeToabl — Mmini-batch. [9] JlawHbld MeTOA anmmpOKCHMHUPYET
3HAUEHHUE TPAMEHTa M0 N CIy4alHO BRIOPAHHBIM dJIeMEHTaM 00y4JaroIieil BRIOOPKH.

N3 1OCTOMHCTB JaHHOTO ajiropuTMa MOXKHO BBIHECTH JIETKYIO pean3alluio,
BO3MOKHOCTh ~ MCIIOJB30BaTh MHOXECTBO (QYHKLIUNA TOTEPb, MOXKET ObITh
UCIIONIb30BaH JJisi  OONBIIMX JaHHBIX. M3 HeZoCTaTKoB, JIaHHBIM —aJITOPUTM

UCIOJIb3YETCS B OCHOBHOM JJI BBIMYKJIBIX (DYHKIMMA, TaK KaK JJIs APYTUX (PYyHKUIUN
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HAXOJUT JIMIIb JIOKAJIbHbIE AKCTPEMYMbI. Takke B HEKOTOPBIX CUTYyaIUsX BO3MOMXHA
PacXxogUMOCTb, NPU BBIOOPE CIUILIKOM OOJIBIION CKOPOCTH O0YYEHHs, UIU CKOPOCTh
CXOAUMOCTH OK@XETCSl CIMIIKOM Maja, IPUTOM HPUCYTCTBYET BEPOSITHOCTH
nepeoOydenus. [lns pemieHuss AaHHBIX MPOOJIEM CYIIECTBYIOT ONTHUMHU3ATOPbI
I'PaJIMEHTHOrO CIycka. PacCMOTpUM HEKOTOpPBIE U3 HUX:

Nesterov Accelerated Gradient — maHHBII METOX ONTUMM3ALMA OCHOBAH Ha

UAEU HAKOIUIEHWs WMIIYJbCa, T.€. MpPU JUIMTEIBHOM JBW)XXEHUUM B OJIHOM
HalpaBJIE€HUH, CKOPOCTb OyJIeT COXpaHAThCS HEKOTOopoe Bpems mocie. [lnst storo
HEOO0XOAMMO XPaHUTh HECKOJIBKO MPEIbIIYIIMX 3HAUYEHUH M BBIUYUCIATH CpEIHEE.
Bbruncienue cpeHero 3Ha4eHUs: 3aHUMAET CIUIIKOM MHOTO MaMsATH sl OOJIBLIOrO
KOJIMYECTBA BXOXJACHHM, IMOATOMY HCHOJB3yeTCs OLEHKa cpeaHero. JlaHHble

3HAYCHUS JIOMHOXAIOTCS Ha Kod(ddumueHT coxpanenus y. [12]

V=YV H(1- 7)x . (27)

Adagrad — amantuBHBIA rpagueHt (adaptive gradient). Dto cemeiicTBO
aITOPUTMOB, OCHOBHAsi HIES KOTOPOrO 3aKII0YaeTcsi B TOM, 4YTOOBI COXPaHATH
HEKOTOpBIE PEIKO BCTPEYaeMble MPHM3HAKM /IS 3allUThl WX OT Imyma. Jms 3Toro
co3maéTcs HEKOTOpash BEIMYHMHA HAIIPHMMEP CyMMa KBaJApaTOB OOHOBIEHHH WIM HX
MOJAYJIM Il HEKOTOPOTO IMapaMeTpa UCKYCCTBEHHOM HeWpoHHOU cetn. Ha ocHoBe
3TON BEIMYUHBI PETYIUPYIOTCS OOHOBICHHS 3JIEMEHTOB — YacTO BCTpEYaeMble
OOHOBJISIFOTCSL pEKe, OCBOOOKIAs MECTO IS PEAKO BCTPEYAEMbIX, TEM CaMbIM
MOJTY4aeTcsl aJalnTUBHAsT CKOPOCTh OOYYCHHsS WM 3aTyXaHHE CKOPOCTH OOydYCHHS.
[12]

Adam — adaptive moment estimation. [laHHbIi METOI ONTHMH3AIMH COUYETAET B
cebc HAKOIUICHHE HWMIIYJIbCa, PACCMOTPCHHOE B METOJE HECTEpOBa, a TaKXkKe
XpaHEHHE YaCTOTHl W3MCHEHHs TpajaueHTta, cxoxee ¢ adagrad. Takum oOpaszom,

JAHHBIA METOJ 00JIa/IaeT MPEUMYILECTBAMH 000MX PACCMOTPEHHBIX METOMIOB. [12]
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1.3 O630p u cpaBHeHUE OMOINOTEK.

TensorFlow

TensorFlow — otkpbiTas mnporpaMmHas OHOJMOTEKa I MAIIUHHOTO
oOyuenwusi, pa3paboranHas kommanuei Google mnmsa pereHus 3amad MOCTPOSHUS U
TPEHUPOBKM HEHPOHHOW CETM C LEeNbl0 aBTOMATHMYECKOTO HAXOXKICHUS U
Kiaccuukauu  0o0pa3oB, JIOCTUTash KadyecTBa YEJIOBEYECKOTO  BOCIPUSTHUS
[Ipumensiercs Kak mJisi HUCCIENOBaHMM, TaKk W IS pPa3padOTKH COOCTBEHHBIX
npoayktoB Google. OcHoBHoe API st paGoTbl ¢ OMOIMOTEKON peaTn30BaHO s

Python, Takxe cymectBytor peanmzaruu s C++, Haskell, Java u Go.

Torch.

Torch — OubnmMoTeKka Js HAYYHBIX BBIYMCICHUN C HIMPOKOW MOICPIKKON
IrOpUTMOB MalIMHHOrO 00yueHus. PaspabateiBaercs Idiap Research Institute, New
York University u NEC Laboratories America, HaunHasi ¢ 2000r., pacnpocTpaHsieTcs
nox nuuensuen BSD.

bubnnoreka peanuzoBana Ha sa3bike Lua ¢ ucnomb3zoBannem C u CUDA.
BricTpelii ckpunToBbIil 536K Lua B coBokynHocTU ¢ TexHomorusMu SSE, OpenMP,
CUDA mno3Bomsitor Torch moka3piBaTh HEMIOXYIO CKOPOCTh IO CPAaBHEHUIO C
apyrumu Oubnuorekamu. Ha naHHBIE MOMEHT MOJACPKUBAIOTCS OIEpalMOHHbIC
cucrembl Linux, FreeBSD, Mac OS X. OcHOBHBIE MOAYJIH Takke padOTalOT M Ha

Windows.
Keras

Keras — oTkpsITast HeilpoceTeBas OMOIMOTeKa, HamMcaHHas Ha si3bike Python.
Ona npexacraBiser coOoi HaacTpoiiky Haj (pelimBopkamu Deeplearning4j,
TensorFlow wu Theano.[1][2] Hamenena Ha onepatuBHyH pabOTy C CeTAMHU
TIYOMHHOTO OOYy4YeHUs, TIPU dTOM CIPOCKTUPOBAHA TaK, YTOOBI OBITh KOMITAKTHOM,
MONYIbHOW H pacmupsiemoil. OHa ObUIa cO37MaHA KaK YacTh HCCIEI0BATEIBCKHUX
yewuid ipoekta ONEIROS (anrn. Open-ended Neuro-Electronic Intelligent Robot
Operating System),[3] a e¢ OCHOBHBIM aBTOPOM H IIOJICP)KUBAIOIINM SIBJISCTCS

®pancya [omne (¢pp. Frangois Chollet), numxenep Google.
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Jns  cpaBHeHusi OuOaMOTeK wucnosib3oBaH HaO6op nganHbix CIFAR-10,
comepkammii B cede 10 kimaccoB m3oOpaxenmii[13]. Bcero B Habope JTaHHBIX
comepxxutcs 60000 1BEeTHBIX M300pakeHW pasmMepoMm 32 Ha 32 THUKCENs, Tae IS
Kaxaoro kimacca coorBerctBeHHO 6000 m3o6pakennii. Knaccer, Bxoasmme B CIFAR-
10: camMon€Tpl, aBTOMOOWIIH, TPY30BUKH, NTHUIIBI, KOIIKH, OJICHHU, COOAKH, JISTYIIKH,

norraau u kopadsu (Puc. 13).

airplane ﬁyx\"’.z;!-
automobile EEEH‘
bird fmB Ve FEREN
«  PEUHSEEEsP
ceer 155 Y I 0 5 I TR
s [AESHRBAR B
woo I I N 2 I R N B
e BRSO REZETE
= o P
o < e B A

Pucynok 13 -IIpumeps! nzobpakennii Habopa nanasix CIFAR 10

B kauectBe apXuTEKTyphl id TecTHpoBaHMs wucnois3oBaHa VGG 16

paszpaborannas B Okcdopae B 2014 roay (Puc. 14).
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Pucynok 14 -ApxutekTypa ceTu AJid TECTUPOBaHUSI OMOINOTEK

[To pe3ynbTatam BpeMeHu oOydeHHsI, ObICTpee Bcero o0y4ymiach OuOIMOTEKa
Pytorch — 168 cexynu, He3HauwmTenbHO OT He€ orcTaér Ombmmoreka TensorFlow —

173 cekyHIBI U camMoe JONTOe BpeMsl MmoKa3biBaeT oubimoTeka Keras — 252 cekyHbI
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(Puc. 15). Tlo tounoctu Oubmmoreku Pytorch u TensorFlow mnoka3siBaroT

OJIMHAKOBBIC pe3ynbTaThl — /8%, Keras ma ommH mpoueHT MmeHbine — 77% (Puc.
16)[14].
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Pucynok 15 -CpaBHenue o0yueHus OUOIMOTEK
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Pucynok 16 - TouHOCTB pe3yabTaTOB 00y4€HUs
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Tabmuma 1 — CBogHBIE XapaKTEPUCTUKU OUOTUOTEK.

bubnmoreka Keras PyTorch TensorFlow
Adam Paszke, Sam
Gross, Soumith
Chintala, Gregory
ABTOpBI Francois Chollet Chanan Google Brainteam
Pacnpocrpansercs
0T JINIICH33HEM MIT license BSD license Apache 2.0
OTKpBITHIN
HCXOIHBIN KO + + +
[onnepxuBaembie Linux, macOS, Wind | Linux, macOS, Wind | Linux, macOS, Wind
OoC ows ows ows,Android
Hanucana Ha sA3bIKe Python Python, C, CUDA C++, Python, CUDA
SI3BIKOBOIA Python (Keras), C/C+
uHTepdeiic Python, R Python +, Java, Go, R, Julia
[Mopnepxka CUDA + + +
ABTOMAaTHYECKOE
muddepenpoBanue | + + +
Ectb 3apanee
HAaTPEHUPOBAHHEIE
MOJEIH + + +
[lonnepxka
PEKYPPEHTHBIX
HelpoceTen + + +
[Monnepxka
CBEPTOYHBIX
HelpoceTen + + +
MHOronoTo4HbIE
BBIYUCJICHUS + + +
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2 PA3PABOTKA ITPOI'PAMMBI
2.1 TlocTpoeHue apXUTEKTYPhlI.
B kauectBe apXuTeKTyphl HUCIONb30BaHa TmosHas cBéprouHas cerh (Fully

convolutional network).

Pucynok 17 - AXutekTypa nojHou CBEPTOYHOM CETH

Hcnons30BaHbl NNEpCCITPOHBI, Y KOTOPLIX HCT JIMMHUTA AKTHBAIUH. Onn

IPOCTO BBIJIAIOT JIMHEHHYIO (DOPMY OT CBOMX BXOJIOB:

n
O(X0y...yXn) = Z W;X;.
0 . (28)

T.e. y Takoro mepcentpoHa He JBa, a KOHTHMHYaJIbHO MHOI'0 BO3MOXKHBIX
3HAYCHU .

Jnst  yHKIMM  0OpaTHOTO  PAacTpPOCTpPaHEHWsS] OMHMOKKM ObUT  BBIOpaH
CTOXaCTHYECKUH TPaJMCHTHBIN cIryck[15].

AnroputM paboThl METO/AAa - HEOOXOAMMO HAWTHU TMEPCENnTPOH, KOTOPHIM

J

MHHUMHU3UPYET OmuUOKy. IIycThb €CThb m TeCTOBBIX IPUMEPOB X; C BEPHBIMU

orBeramu t/, j = 1l.m. OmmOka — U3 CTAaTUCTUKH, CPEIHEKBAJIPATHIHOC

OTKJIOHCHHC!

_1 = . ] 412
Eihm-.-qwn]—§§i5—ﬂi>q’]w-.xf?]}. 29)

HyxHo mMuHumMu3upoBath QyHKUIUI0O E Ha mpocTpaHCTBE BO3MOXKHBIX BECOB

{w; }.
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UToObI MUHUMHU3UPOBATh HEIMHEHHYIO (DYHKIIMIO OT HECKOJBbKUX apTryMEHTOB
HY>KHO JIBUTaTbCsl B CTOPOHY, OOpaTHYIO T'paJueHTy. ['paqueHT — HampaBjieHue, B
KOTOPOM JIOCTUTAETCS HAaMOOIBIIHMI MPUPOCT 3HAYCHUI:

d0E BE O (30)
dwg ' dwy ' Ay,

VE(why..o,wn) =

HM3MmeHeHus BecoB AOCTUT'AlOTCA CICAYIOIINM 06pa30M:

E (31)

Wi — W —TIE
]

Bce Beca usMeHsI0TCS TI0CIE KaXXa01ro0 TCCTOBOI'O ITPHUMCEpA.

2.2 ObyueHnue

Jlns oOydeHus: HEHPOHHOM ceTu ObUT MCIOJIb30BaH HAOOp JTaHHBIX C caiTa
ISPRS.com mns ropoma ®éitmnaren I'epmanus (Puc. 18). IlpoctpancTBeHHOE
paspenieHue CHUMKOB 9cM Ha mukcenb. KaHanbl CHHUMKOB COCTaBIISIOT OJMKHUIMA
uH(pakpacHblii-KpacHbIl-3eEHBIN (IRRG). ['opoa monenén Ha cekTopa, KaKIblil u3
KOTOPBIX UMEET CBOM yHHUKaIbHBIN HOMEp (Puc. 19).

OOyuarornue MpUMEpPHl MPEJICTABIAIOT CO00M HAOOp CHUMKOB M Macky. B
3aBUCUMOCTH OT I[BE€Ta, KaXJIblil OSJEMEHT MacKH TMpeAcTaBisieT coOoi
onpenenéHHblii 00beKT Ha cHUMKe (puc 20). Jloporu u TpoTyapsl — Oeblid, 37aHUST —
CUHUH, JepeBbsl — 3€JNEHBIN, TPaBa U KyCThl — OMPIO30BBIi, aBTOTPAHCIIOPT — KENTHIN.
Bcero 6bu10 ucnonb3oBaHo 12 cHUMKOB Jyisi 0Oy4eHHs] U 4 CHUMKA JUIsl TPOBEPKH.
Hcnonp3yemMble CHUMKH HMEIOT pasperieHre okoiao 2000 xa 2500 mmkceneii[17].
Pa3perenue ais Kaxa0oro CHUMKa ykazaHo B Tabusuie 2. O0yyeHue npou3BouiI0Ch
Ha 50 snoxax mo 2000 urepanuu B KaXKAOH, I/I€ UCIOIB30BAUCH (PparMeHThl 256 Ha
256 mukceneii (Puc.21). B oOyuenun ydactBoBanu 12 CHUMKOB, a ISl KOHTPOJIbHON

IIPOBEPKH UCTOJIB30BAIMCh CHUMKH 110J HOMepoMm 5,15,21,30.
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Pucynok 18 - CHuMok u3 Habopa nanHbIxX ropoaa daliuuren

Tabnuua 2 — Pa3pernienne o0y4aromux CHUIMKOB

TOP Ncol Nrow

top_mosaic_09cm_areal 1919 2569

top_mosaic_09cm_area3 2006 3007

top_mosaic_09cm_area5 1887 2557

top_mosaic_09cm_area7 1887 2557

top_mosaic_09cm_areall 1893 2566

top_mosaic_09cm_areal3 2818 2558

top_mosaic_09cm_areal5 1919 2565

top_mosaic_09cm_areal? 2336 1281

top_mosaic_09cm_area2l 1903 2546

top_mosaic_09cm_area23 1903 2546

top_mosaic_09cm_area26 2995 1783

top_mosaic_09cm_area28 1917 2567

top_mosaic_09cm_area30 1934 2563

top_mosaic_09cm_area3?2 1980 2555

top_mosaic_09cm_area34 1388 2555

top_mosaic_09cm_area37 1996 1995
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Pucynok 20 - CHUMOK Macku u3 Habopa JaHHBIX ropoaa DaluHreH
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RGE 0 Ground truth Prediction
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Pucynok 21 - IIponecc 06ydenus. CiieBa OpUrHHAIBHBIN CHUMOK, TI0 CEpEIUHE

O0y4JaroNINii mpuMep, CIpaBa MPeCKa3aHHbIN pe3yIbTaT

2.3 Pe3yabTaThl

Pucynok 22 - [TonydeHslil pe3yabTar, cieBa TECTOBbIA CHUMOK, CIIpaBa

npeacKasaHHasa Macka.

Hroropas Tounocts coctaBmia 89,84%, mus mopor: 90,89%, 3nanuii 94,65%,
nepeBbs: 89,89%, kyctol u TpaBa: 80,62%, aBromoowmn: 89,32%.

3amava moiydeHus OOBEKTOB Ha a’pPOKOCMHYECKHUX CHUMKAaX YKE JIaBHO
UCIIOJIb3YETCS, IMTO3TOMY CYIIECTBYIOT aJIfOPUTMBI, €€ peam3yromiue. 13 tadnumpl 3
BHUJHO, YTO pa3paboTaHHAas CHCTEMa HE3HAYMUTEIbHO YCTYIAeT CYIIEeCTBYIOIUM
aHajioraM IO TaKUM IIOKaszaTelisiM Kak JOporH, 3AaHus, TpaBa. OmaHAKO, MO TaKUM
MOKa3aTesIM KakK JEpeBbs W MAIIWHBI OHa BhIMTphIBacT. CyIIECTBYIOIIME aHAIOTH
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SABIIAIOTCA 3aKPBITBIMU KOMMCPUYCCKUMHU CHUCTEMAMM, IIO3TOMY IIPOaHAJIM3UPOBATH

AJITOPUTMbI, HCIIOJIB3YCMbBIC B HHX, HC IPCACTABIIACTCA BO3MOXHBIM. TaK KC

CymCCTBYIOINNEC CUCTCMBI SABJIAIOTCA AOCTATOYHO JOPOroCTOAIIMMH, YTO TaK IKC

YCIHIOXKHACT UX UCITOJIB30BAHUEC CPCAN IINUPOKOIo Kpyra MOJIb30BaTEIICH.

Tabnuna 3 - CpaBHEHHE ¢ aHAJIOTaMH

HassaHue Joporu 3paHnAa | TpaBa u KyCTbl LepesbAa MawwuHbl UTtoro

CVEO3 91 93 81.3 88.3 83 88.6
CASRS2 90.6 93.2 82 88.8 76.6 88.7
WUH_WS5 92.7 95.3 83.6 89.2 85.8 90.4
BKHN10 92.9 96 84.6 89.8 88.8 91
BKHN11 92.9 96 84.6 89.9 88.6 91
LLYT1 91.5 93.7 81.5 88.4 78.9 89
PaspaboTaHHas nporpamma 90.8 94.7 80.6 89.9 89.3 89.8
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3 ®UHAHCOBBIA MEHEJ)KMEHT, PECYPC 2®®EKTUBHOCTh U
PECYPCOCBEPEXXEHHUE

3.1 DkoHOMMYeCKas] KOHLIENUMS U pPeaJu3anus HAYYHOT 0 MPOeKTa
Pa3paboTaHHbIli aIroOpUTM OCYUIECTBIISIET CECMEHTAllI0 M pacrno3HaBaHHUE

O0BEKTOB HAa CHUMKAX JAMCTAHIMOHHOTO 30HIMpOBaHUs 3emiid. CHCTEMBbI TaKoOro

polla MCHONB3YIOTCA B Kaprorpapuu. Bce Oonbliee NpuUMEHEHHE paclO3HABAHHE

00BEKTOB HAXOIUT U B yacTHOM OusHece: B reojioruu, B I UC cucremax.

3.2 KajieH1apHbIii IVIaH BHINOJIHEHHS] padoThI

B pamMkax miaHupoBaHUSI Hay4HOrO MPOEKTa ObUI MOCTPOEH KaJeHIApPHBIN
IUIaH TpoeKTa B BUAE JHHEWHOro rpadpuka B Tabmume (tabmuma 3.1) u ero
WLTIOCTpanus paboTsl B BUIe AuarpamMmbl ['anTa (tabnuua 3.2). [uarpamwmel ['anrta
CTpomIach ¢ pa3oMBKON Mo MecsmaM U aekaaam (10 THeBKH) KOTOPBIM 00XBaThIBAET
BECh [IEPUOJI BPEMEHH BBIIIOJIHEHHSI HAYYHOI'O MPOEKTA.

Tabmuma 3.1 - KanengapHslii 11aH IpoekTa

Hara JIIMTENLHOCT®, Hlata Hlata Cocrasn
KOHTPOJI Haspanue HH Hayajla | OKOHYaHHs yYACTHHKOB
pabot pabot

[TocTanoBka uenei u 3am1au 2 09.01. 11.01 HP
AHanu3 npeaMeTHo# 001acTi 8 11.01 22.01 14

3 Hccnenosanue u BBIOOD 6 2201 2901 W1, HP
METO/0B CETMEHTAIIU!

4 HccnenoBanme u  BBIOOD 6 2901 502 11, HP
METOJIOB pacliO3HABAHUS
Bri6op IIPOrPaMMHOTO

5 obecneyeHus, OMOJINOTEKH, 6 5.02 12.02 U, HP
SI3bIKA TIPOTPAMMUPOBAHUS

6 CO6op obOyuaromield U TeCTOBOH 6 1202 19.02 "
BBIOOPKH

7 | HpoextHpoBasme 21 19.02 | 16.03 1
APXUTEKTYPhI IPUITOKCHHUS
Pa3zpaboTka mpuioKeHus s

8 CEMaHTUYECKOW CEerMEeHTAIHI 32 16.03 30.04 nu
CHHMKOB

9 TectupoBanue KOHEYHOT'O 11 30.04 14.05 11, HP
MIPOTrpaMMHOTO 00ecTICUeHUs
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10 OdopmiieHne MOSCHUTEIBHOM 6 1405 2105 "
3aIICKH
11 Odopmienue  rpapuveckoro 10 21.05 1.06 "
Marepuana
12 TTonBenenue UTOroB 2 1.06 3.06 H, HP
Wroro: 116 9.01 3.06
Nuxenep 114
Hayunslii pykoBoguTeins 33

[Tepeuncnennbie paborel B Tabimmme 3.1, 3.2 ObUIM  BBHITIOJHEHBI
CIIEHIHAINCTAMMU:

U l— umxkeHnep — ucnonnutesb BKP — ApkansikoB EpbonaT Vcenosuy;

2) HP . — HAy4HBIA PYKOBOAMUTENb — JOLIEHT OT/eNa MHPOPMALMOHHBIX
TexHonoruu [Ipyku Anekcen AJleKCeeBUY.

Tabnuma 3.2 — luarpamma "anTa

HUc-
O T HpO]lOJ'DKI/ITeJ'H)HOCTI) BBITIOJTHCHU A pa60T, MeECAL
HH- | KO, 1 2 3 4 5 6
Kon Bun pabot TEIA | OH. 2 2131121311231
1 IToctaHoBka meneit u 1P 5
3a1a4
A .
2 Hajou3  MPEIMETHON " 3
obnactu
HccnenoBanue u BBIOOD H,
3 6
METOJIOB CErMEHTaIlNH! HP
HccnenoBanue u BIOOP "
4 METOI0B ) 6
o HP
pacno3HaBaHUs
Br16op mporpammHOTro
5 obOecrieueHus, U, 6
OuOJIMoTEKH, s3plka | HP
MIPOrPaMMUPOBAHHUS
6 Co6op oOyuaromeit wu " 5
TECTOBOW BBIOOPKHU
[IpoexkTupoBanue
7 ApPXUTEKTYpPBI ni 21
TIPUITOKEHUS
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Pa3zpabotka
MIPUIIOKEHUS st

g | . | 32
CEMaHTHYECKOU
CErMEHTAIlUU CHUMKOB
TectupoBanue

9 KOHEYHOI' 0 n, 11
MPOTrPaMMHOTO HP
obecrieyeHus
Odopmienue

10 | mosicHUTENBHOM nu 6
3aMuCKU
Odopmienue

11 | rpaduueckoro 41 10
MaTtepuasna

n,
12 | IloxBenenue UTOroB 1P 2

3.3 BrozkeT HAYYHOT'0 UCCJIeI0BAHUSA
OO6mmii Oro/KET HAydyHO HCCIEAOBATENbCKOM padOThl COCTOMT M3 4 BHJIOB
IUIAHUPYEMBIX PACXO0JI0B: MaTepUAIbHBIE PACXO/Ibl, BO3HATPAKIEHUS, OTUUCIECHUS Ha

COMAJIBHBIC HYK/IbI 1 HAKIIAJIHBIC PACXObI.

3.3.1 MarepuajbHble 3aTPaThl

MarepuanbHple 3aTpaThl — 3JEMEHT Ce0eCTOMMOCTH TpoayKTa. B xome
BBITIOJTHEHUST HAYYHO-HCCJIEA0BATEIILCKOW PadOTHI IS pa3pabOTKU aJlrOpuTMa HE
n OubJIMOTEKH

ObLTM  TIPUOOPETEHBI Hcnonb3oBaHHBIE TPOrpPaMMBbI

YCIIYTH.

OecIIaTHbI A1 ydalmuxcsl B 3aBCACHUAX BBICIICTO O6paSOBaHI/I$I U HaxXoaATCsa B

OTKPBITOM ~JIOCTyme. Pe3ymbTaThl 1O CHCNaHHBIM MaTepUALHBIM 3aTpaTaM
npecTaBieHbl Ha Tabmuie 3.3.
Tabnuma 3.3 — Marepuassl
HaumenoBanne | Mapka, pasmep | KomudectBo | llena 3a enunuity, pyo | Cymma, pyo
Pyuka Maxriter 2 75 150
Kapanpar Maxriter 1 30 30
bymara A4 SvetoCopy 100 3 300
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Bcero 3a marepuaib 480

TpaHcroOpTHO-3ar0TOBHUTENBHBIE pacxoasl (3-5%) 24

Htoro 504

K marepuanbHBIM 3aTpaTaM Tak )K€ OTHOCHUTCS M 3aTPaThl Ha AJICKTPOIHEPTHIO.
3arpaThl Ha 3JICKTPOIHEPTHIO PACCYUTHIBAIOTCS 110 (hopmyIie:
Csm.06. = Po6 - to6 - L3, (3.1)
rne P,s — MomHOCTh, moTpedisieMass oOopymoBaHHeM, KBT; t,—BpeMs paOOThI
obopynoBanwusi, 4ac; I,, — Tapud na 1 kBruac. [nsa TITY I, = 5.8 py6./xBT - uac.
Bpemst paboTbl 000pymOBaHMs BBIYHUCISICTCS HAa OCHOBE HMTOTOBBIX JAHHBIX

Ta6JII/IHI>I 2 I THIKCHEPA U3 pacdcTa, UYTO IIPOAOJIDKUTCIIBHOCTD pa60qero OHA paBHA

& 4acos.

tos= Trp- K, (3.2)

rae K: — koaddurnment ucnonp3oBanusi 00opyaoBanus mo spemenn, K. = 0,9.
MoimHOCTB, TOTpedIIsieMast 000pya0BaHUEM, ONIpeesieTcs no Gopmyre:
Pos= Puon * K, (3.3)
rae K¢ — xoadunuent 3arpy3ku. sl TEXHOIOTHYECKOro OOOpYIOBaHHUS Majoi
morrHocTH K¢ =1 [36].
Wtoru pacyer 3aTpart Ha 3IEKTPOIHEPTUIO TIPUBEICHBI Ha Tabmuie 3.4.

Tabnuna 3.4 — 3aTpaThl HA AIEKTPOIHEPTUIO TEXHOIOTHIECKYIO

HanmenoBanue Bpewmst paGoTsr [ToTpebnsemas 3atpatbl Cy;.00.,
000pynoBaHus o0opynoBaHus tos, MOIIHOCTB Pos, KBT pyo.
yac
[lepconanbHbBIN 228 0,09 119,016
KOMITBIOTED
WHXXEHepa

MarepuanbHble 3aTpaThl C YYETOM 3aTpaT Ha AJIEKTPOIHEPTHUIO COCTABIISIOT

588 pybueit 56 koreek.
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3.3.2 Bo3HarpaxaeHust

B TIIY oxmagsl pacmpeneneHsl B COOTBETCTBUM € 3aHUMAEMBbIMU
JOJDKHOCTSIMH, HAmpUMeEp, aCCUCTEHT, CT. MperojaaBareib, IOLEHT, mpodeccop.
bazoBbrii oknan 3 ompenensercs HMCXOAs W3 Pa3MEpPOB OKJIAAO0B, OMPEIEICHHBIX
IITAaTHBIM PACIHUCAaHUEM TMPEANPUSITHH. B  COOTBETCTBHE C  YTBEPKACHHBIM
[Tonoxxenuem 06 orare Tpyna B TOMCKOM MOJUTEXHUYECKOM YHUBEPCUTETE CTaBKU
[IOYaCOBOM OIJIATHI I HAYYHOT O PYKOBOJIUTEINS C YUEHOM CTENEHBIO JJOLIEHTa POBHA
Smnayep = 300 pyOneit, 11s1 MHKEHEpa HE3AIUIIEHHBIX CHELHMATUCTOB 3y ux = 179
pyoeil.

OcHoBHas 3apaboTHas miuaTa (3,cs) MHXKEHEpA M HAyYHOI'O PYKOBOJUTEIS
paccuuThIBaeTCA MO cleayromieit popmyre:

3001{ = 3noq * Tp (34)

rae 3o — OCHOBHAs 3apaboTHas Iuiata pabOTHHKA,

T, — NOPOAOIKUTENBHOCTh pPabOT, BBIMOJHAEMbIX HAayYHO-TEXHUUYECKUM
paboTHUKOM, pal. Jac;

3now — MOYACOBas OIjlaTa pabOTHUKA, PYO.

[Ipu pacuere yuutsiBajgock, uto padbora Benack B nepuon 09.01- 03.06, Bcero
116 nHeii mpu cpeaHei 3arpy3ke 2 daca B J€Hb. 3aTpaThl BpEMEHH Ha BBITIOJTHEHHE
PpabOThI O KAKIOMY UCTIOTHUTEO OpaTnch U3 TaOJIHIIBI 2:

- HAy4HbII pyKoBoaUTENb — 33 JHEH, BCETO T yayup = 66 dacos.

- uwxeHep — 114 nueit, Bcero T = 228 vacos.

3ocunayap = 300 * 66 = 19800 pyouneH,
Bocnmx = 175 * 228 =39900 py6uneii
OO6mas cymma 3apaOOTHOM IUIaThl MHXKEHEpAa M HAYYHOTO PYKOBOJIUTEIS

coctasmiio 59 700 pyoeii.

3.3.3 OTunc/IeHUs] HA COLUATbHBIE HYKIbI

CraBka B3HOCa B colMalbHble (DOHIBI MPHU BBHINOJHEHWHM HAYYHBIX padoT
ycTaHoBiieH B pa3mepe 27,1% or 3apaborHoii mnatel. Pa3mep B3HOCa
paccuuThIBalOTCS 10 (hopmyiie:

Ceon= Csn- 0,271%, (3.5)
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rae Csi — pa3Mep 3apaboTHOM MIIaThl.

Ceon =59 700 - 0,271 = 16 178,7 py6.

3.3.4 HakaaaHble pacxoabl
Haxnagueie pacxonbl coctaBisitoT 40% oT Bceld cymmbl 3arpar. Pacuer
HAKJIQJHBIX PACXO/IOB BEIETCSA IO CIenyIoniei hopmyre:
Chax = Sos.cym.3at * 0,4% (3.6)
e Sos.CyM.3aT — O0IIasi CyMMa BCeX 3aTpat cocTtaBisier /5 878,7 pyOneii.

Cuax=75878,7 * 0,4% = 30 351,48

3.3.5 Pacuer o0uueii cebecTouMoCTH pa3padoTKu
ITpoBens pacuer cMmeThl 3aTpaT Ha pa3padOTKy, MOXHO ONPEAEIUTh OOLIYIO
CTOMMOCTh pa3paboTku mnpoekta «Pa3paboTka u mporpamMmHas —peanu3anus

QITOpUTMA CETMEHTAIIMM W PACIO3HABAHHUS aBTOMOOWILHBIX HOMEpOB» (Tabmuia

3.6).

Tabnuna 3.6 — CMera 3aTpar Ha pa3pabOTKy MPOEKTa

Crarbs 3aTpar YciaoBHoe Cymma, pyo.
0003HaUYeHHE

1. MarepuainbHbie 3aTpaThl CuaT 504

2. Bo3zHarpaxaeHus Can 59 700

3. OTunclIeHHs] B COITUATIbHBIE HYKIbI Ceo 16 178,7

4. Pacxomapl Ha DJIEKTPOIHEPTHUIO C) 119,016

5. Haknagasie pacxoabl CIIPOY 30 351,48

Hroro: 106 853,196

Takum 0bpa3zom, pacxozsl Ha pazpadboTky coctaBmin C = 106 853,196 pyoueii.

3.4 OueHka 3KoOHOMHUYeCKOi 3(PPeKTUBHOCTH NMPOEKTA
DOkoHOMUYECKHM 3(P(EKT XapakTepu3yeTcss B YAaCTHOCTU BBIPAXKEHHOH B
CTOMMOCTHBIX IMOKa3aTeNIsIX AKOHOMHUEHN >KMBOTO OOIIECTBEHHOTO TPyZAa, a TAaKKe B
BO3MOKHOCTH NMPUMEHEHUS MOJYYEHHBIX 3HAHUM J1J1s1 CO37]aHuUsI HOBBIX Pa3paboToOK.
DOxoHoMHuYeckas A(PEKTUBHOCTh TNPOEKTa OOYCIOBJICHA BO3pacTaroliei

HCO6XOI[I/IMOCTBIO B CUCTCMAX aBTOMATHU3AIMU ITPOICCCOB PACIIO3HABAHWA HOMCPHBIX
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ractuH. KoHeuHast cuctema B BHJIE aBTO-TTOJAKIFOYAEMOr0 MOIYJIS WU OUOJIMOTEKH
C BO3MOKHOCTBIO CETMEHTHPOBAHUS W PACIIO3HABAaHUS HOMEPHBIX TUIACTHH SIBIISICTCS
BOCTPEOOBAHHOM M aKTyaJbHOM Ha CErOAHSNIHUMN JeHb. Vcronb3oBaHHOM MO00HOM
CUCTEMBI B KOMMEPUYECKOW M CONMAIBHON c(epe MO3BOMIAET pemaTh TaKue 3ajadH,
KaK OIlepaTUBHOE PACIIO3HABAaHWE HOMEPHOH TUIACTHUHBI, @ TAKXKE CHCTEMAaTH3alUs U
POBEPKa MOTYyYEHHBIX PE3YIhTATOB.

[ToxBonms WTOr BBHIIIECKA3aHHOMY, SKOHOMUYECKUU 3(PGEKT OoT peanau3anuu
IIPOEKTa MOXET OBITh BBIPAXKEH B CHIDKCHHMH 3aTpaT Ha MOKYIKY MOJAOOHBIX CHCTEM
OT CTOPOHHHUX Pa3pabOTYMKOB, a TaKKe MOBbIIIeHNE Y((HEKTUBHOCTH paciO3HABAHUS
IUIACTUH 3a CYeT SKOHOMHUM BpPEMEHUM TpH 3amMeHe pydyHoM oOpaboTKM Ha

ABTOMATU3UPOBAHHYIO.

3.4.1 Ounenka HayyHo-TexHU4eckoro yposusa HUP
Hay4Ho-TexHHUECKUIl ypOBEHb XapaKTEpHU3yeT, B KAaKOW MepE BBINOIHEHBI
paboThl U 00ecTeynBaeTCsl HAyYHO-TEXHUYECKHI Mporpecc B AaHHOW obOsactu. s
OLIEHKM HAay4YHOM IEHHOCTH, TEXHHYECKOW 3HAUYUMOCTH M 3(PPEKTUBHOCTH,
iaHupyembix U BeinonHseMmbix HUP, ncnonb3yercst Meroa GanbHBIX OIIEHOK.
CymHocTh METO/Ia 3aKJIF04aeTCsd B TOM, YTO HAa OCHOBE OLIEHOK NPU3HAKOB

paboThI ornpeaensercs KOdPPUIMEHT ee HayYHO-TEXHUYECKOr0 YPOBHS 110 (popmyiie:

3
KHTy Z ' ni, (37)
i=1

rae  Kyry — K09pGUIIMEHT HAyIHO-TEXHUYECKOTO YPOBHSI;
Ri — BecoBoif K03 DUITUEHT 1-T'0 MpH3HaKa HAYYHO-TEXHUUECKOTO d(h(peKTa;

Nj — KOJINYECTBCHHAs OLICHKA 1-TO IMpU3HaKa HAy9YHO-TCXHHUYCCKOI'O Bq)(l)eKTa, B

Oajuiax.

Tabnuna 3.7 — BecoBsie ko3 duniments! npusHakoB HTY

Ipuznak HTY IIpumepHoe 3HaYeHHE BECOBOro K03¢-Ta Ni

1. YpoBeHb HOBU3HBI CucreMaTu3UpyOTCS U 0000IIAOTCS CBEJCHUS, 0,4
ONPEAEIAIOTCS IIyTH JAJbHEUILINX UCCIICIOBAHUI

2. TeopeTnueckuil ypoBE€Hb PazpaboTka anroputma 0,1
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3. Bo3MOXHOCTB peanu3anuu Bpems peanuzanuu B TEUEHUE NEPBBIX JIET 0,5

Tabnuua 3.8 — bauibl AJi1d OLIEHKH YPOBHS HOBU3HBI

YPOBCHI) HOBHU3HBI XapaKTepI/ICTHKa YPOBHS HOBU3HBI banasl

HoBoe HampaBiieHne B HayKe U TEXHUKE, HOBbIE (DAKThI U 8-10
[MpuHIMNIHaIbHO HOBast | 3AKOHOMEPHOCTH, HOBAasl TEOPHs, BEIIECTBO, CIIOCO0

[To-HOBOMY 00BSCHAIOTCA TE € (HAKThI, 3aKOHOMEPHOCTH, SEN
Hogas HOBBIE ITOHATHS JONOJHSIOT paHEe MOJTYyYEHHBIE PE3YIIbTAThI

CucreMaTu3upyroTCcs, 0000IaI0TCS UMEIoIIuecs cBefeHus, | 2 —4
OTHOCUTENIBHO HOBasi | HOBBIC CBSI3U MEXK]Ty U3BECTHBIMHU (paKTOpaMU

He oGmanmaer HoBU3HOU | Pe3ynbTaT, KOTOPHIN paHee ObLT U3BECTCH 0

Tabauma 3.9 — banael 3HAYUMOCTH TEOPETHUECKUX YPOBHEH

TeopeTnyeckuii ypoBeHb NOJYYEHHBIX Pe3yJbTaTOB Banabl
1. YcraHoBka 3akoHa, pa3paboTKa HOBOM TEOpHH 10
2. I'my0okas pa3paboTka mpoOIeMbl, MHOTOCIICKTPAJIbHBII aHAIIN3, B3aUMOJICHCTBHS 8

MeXIy (paKkTopaMu C HATUIHEM OOBbSICHEHUI

3. Pa3pabotka crioco0a (aaropuTm, mporpamMma M T. J.) 6

4. DnemMeHTapHBIA aHAIU3 CBsI3el MeXy (hakTaMu (HATMYHUE TUTIOTE3bI, O0bSICHEHUS 2
BEPCHH, MPAKTUICCKUX PEKOMEHIAITHI)

5. Onucanue OTAENBHBIX 3JIEMEHTapHBIX (PAaKTOPOB, U3TOKEHHE HaOMIONeHUH, onbita, | 0,5
pe3yJabTaTOB U3MEPEHUN

Ta6mnuma 3.10 — Bo3MOXHOCTh peann3alui HayuYHbIX, TEOPETUIECKUX PE3yJIbTaTOB
110 BpPEMEHH U MacluTadam

Bpems peasnn3anumn Banabl
B Teuenue nepsbIx JeT 10

Ot 5 o 10 ner 4
Cspime 10 et 2

PC3yJ'IBTaTBI OLICHOK IMPHU3HAKOB HAYYHO-TCXHHUYCCKOI'O YPOBHS IMIPHBCIACHLI B

tabmure 3.11.

Ta6muma 3.11 — KonuuectBenHast onieHka rnpuzHakos HUOKP
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IIpusHak Hay4HO-
TeXHU4ecKkoro 3¢gdexra Xapakrepuctuka npusnaka HUOKP Ri
HUP
CuctemMaTU3UpYyIOTCs, 0000IIAIOTCSI UMEIOIIIHECS 00,4
CBEJICHUS, HOBBIE CBSI3U MEXKy U3BECTHBIMU
YpOoBEHb HOBU3HBI dakTopamu
Pa3paboTka croco6a (aaroputM, mporpamMma 00,1
Teopernueckuii ypoBEHb MEPONPUSITHH, YCTPOUCTBO, BEIIECTBO U T.II.)
BozmoxxHocTh peanuzanuu | Bpems peanuzanun 5-10 ner 00,5

O6ocHoBanue ouenku npuzHakoB HUOKP npuBonurcs B Tabnune 3.12.

Tabanma 3.12 — OueHku HaydHO-TeXHUYECKOro ypoBus HUP

3HauuMoOCThH | YPOBEHb BriOpannbiii | O00cHOBaHUE BbIOpPaH-
®akTop HTY (pakTopa 0asn HOT0 0aJu1a
YpoBeHb 0,4 OtHocurensHO | 4 Ob6nerunt o0paboTKy
HOBH3HBI HOBast MaIIMHOYUTAEMBIX OJIAHKOB

0,1 6 Pa3zpaborana u peanuzoBaH

aJTOPUTM, PEIIAKOIINNA

TeopeTndeckwuii Pazpabotka MIOCTaBJICHHBIC B paMKax
YPOBEHb crocoba 3a/laHus 3a]a41

0,5 7 [Tomy4eHHBIH TPOTYKT
Bo3MoxHOCTB B reuenue HAaXONIUTCA Ha CTa TN
peanu3alyu MePBBIX JIeT TECTHPOBAHUS ¥ BHEAPEHUS

Ucxons u3 ouenku npusHakoB HMOKP, mokaszarenb HaydHO-TEXHUYECKOIO

YPOBHSI sl JAHHOTO TIPOEKTA COCTABUII:

Kiy=04%x4+01%x6+05%7= 5,7

Tabnuna 3.13 — OreHka ypoBHSI HAyYHO-TEXHHUECKOro ddexra

Yposens HTD oka3areas HTI
Huzkuit 1-4

Cpennuit 4-7

Bricokuii 8-10
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Takum 00pa3om, uUcxoAs W3 JaHHBIX B TaOmuie 14, mMpoeKkT «AJITrOpUTMBI
HEUPOCETEBOM CErMEHTAIMA CHUMKOB JUCTAHIIMOHHOTO 30HAUPOBAHUS MOBEPXHOCTH

3eMJIn» UMEET CPETHUN YPOBEHb HAYYHO-TEXHUYECKOr 0 AP eKTa.
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4 COUAJIBHASA OTBETCTBEHHOCTbD

[IporpammHuoe obecrieueHre OCYIIECTBISET CETMEHTAIMI0 W PAaclOo3HABAaHUE
O0OBEKTOB HA CHHUMKAaX JUCTAHIMOHHOTO 30HAUPOBaHHS 3emin. MOXKeT ObITh
BOCTpeOOBaHO B KapTorpaduu:

31auud,;

Hoporu;

ABTOMOOUIH,

JlepeBbsi ¥ paCTUTENBHOCT.

PazpaboTka cuctembl Belach HCKIIOUUTENBHO MPU TMOMOIIM KOMIBIOTEPA.
OnHako HMCHOJB30BAHUE CPEICTB BBIUUCIUTEIBHOW TEXHUKU HAKIIAbIBACT IIENIbIN
pan  BpeaHbIX  (AKTOPOB Ha  4YEIOBEKAa, YTO  BIOCIEJICTBUU  CHHUXKAET
IPOU3BOIUTEIHLHOCTD €r0 TPY/Ja U MOKET MPUBECTH K CYIIECTBEHHBIM MPOOIEMaM CO
3I0POBBEM COTPYIHUKA.

JlaHHbIii pa3fen TMOCBSINEH aHalIW3y BpPEIHBIX UM ONAacHBIX (PaKTOPOB
NPOM3BOJICTBEHHONW Cpeabl Kak Juisi pa3pabOTYMKOB, TaK W JUIsl TOJb30BaTelNel
pa3paboTaHHON CHCTEMBI.

Bce npousBoacTBeHHbIe (AaKTOPHl  KIACCU(PUIUPYIOTCS IO  Tpynnam
AJIEMEHTOB: (pu3nueckue, XUMUYECKHE, Ouonorudeckue u ncuxodusuueckue. s
JAHHOM paboThl 11E€1€CO00pPa3HO PACCMOTPETh (Pu3nueckue U NCUXOPU3UYECKUE
BpPEIHBIC W OMacHbie (DAKTOPHI MPOM3BOACTBA, XapaKTEepPHBIC s pabouel 30HBI
nporpaMMHCTa, pa3pabOTYMKa MPUIIOKEHUS, MOJIb30BaTeNsl. BhIsiBIeHHbIE (DaKTOPHI

npeacTaBieHbl B Tabuie 4.1.
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Tabnuua 4.1 — BpenHble U onacHble NPOU3BOJICTBEHHbIE (PaKTOPHI MPU BHITIOJHEHUU

pab6ot 3a [IDBM
HcTounuk dakropsl (mo 'OCT 12.0.003-74) Hopmarusnsbie
dakTopa, Bpennsie OmnacHele JIOKYMEHTBI
HaVMEHOBaHUE

BUJIOB pabOT

1) Pab6ora 3a I1K | 1) HegocraTtounas 1) OnacHocTh 1) CH

OCBEIIEHHOCTH MOpaYKEHUS 2.2.4/2.1.8.56296;
paboueil 30HbI; anektpuueckum | 2) CanlluH

2) YMCTBEHHOE TOKOM; 2.2.4.548-96;
NIepEHANPSIKECHHUE; 2) OnacHOCTh 3) CanlluH

3) MOHOTOHHBIN BO3HUKHOBeHUs | 2.2.2/2.4.134003;
PEXHUM pabOTHI. noskapa. 4) CI1

52.13330.2011;
5)TOCT P 12.1.019-
2009 CCBT;

6) CHulT 21-0197.

4.1 IlpodeccnoHaJbHAs U COUAIbHASA 0€30IIACHOCTH
PabGora cBd3aHa ¢ aHaIUM30M U TEOPETHUECKOW pa3pabOTKOMl anropuTMOB

CErMEHTAllUM W  pAClO3HAaBaHUSI OOBEKTOB HA CHUMKAax JUCTAHIIMOHHOTO
30HIUpOBaHMs 3emiid. B XoJe BBINOJTHEHUS HCCIENOBAHUS U TNpPU JajbHEHIIei
AKCIUTyaTaly pa3pabOTaHHOTO aNropuTMa Ha pabovyeM MEeCTe MOTYT BO3HUKHYTH
CJIeNIyIONTUE BPEAHBIC U OMACHBIC (DAKTOPHI:

1) HECOOTBETCTBUS HOPMaM YCJIOBHIA OCBEIICHHS paboyero Mecra;

2) HECOOTBETCTBHS HOPMaM YCIIOBHI TeMIIEpaTyphbl pabodero Mecra;

3) MOBBINICHHOE HAMIPSDKEHUE JICKTPUUCCKOH 1emu;

4) BO3MOKHOCTH BOSHHKHOBCHMS IOKapa

5) MOHOTOHHOCTH PabOTHI MPH Pa3pabOTKE AITOPUTMA.
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Take NTaHHBIN alrOpUTM MOKET OBITh MCIOJIB30BAH B KOPBICTHBIX LENSIX, KaK
4acTh MporpaMMHoOro ooOecreyeHus. /[ mnpenoTBpalleHus] WIM YMEHbIICHUS
KOJIMYECTBA MOJOOHBIX IPOUCHIECTBUN HEOOXOAMMO 00ECIIEYEHUE TapaHTUI 3alUThI
KOH(UACHINATbHBIX JAaHHBIX BIAJENbLEB aBTOMOOWIEH C MOMOIIbIO KOMILIEKCA

TCXHUYCCKHUX U IOPUIANICCKUX MCP.

4.1.1 UckyccTBeHHOE OCBellleHne

PaGouee ocBemieHne mnpeaHa3HAYEHO JUISl CO3/IaHUS HOPMAJIBHBIX YCIIOBHMA
BUJICHUSI Ha pabouMx MecTax MpH BBIMNOJIHEHUH TPYAOBBIX MporeccoB. CoriacHo
CaHUTAPHO-TUTUEHUYECKUM TpeOoBaHUsIM pabodyee MECTO pa3padoTYMKa JIOJHKHO
OCBEIIATHCS €CTECTBEHHBIM M HCKYCCTBEHHBIM OCBEIIICHUEM.

JI1st ocBeleHrsT TOMENICHH NCKYCCTBEHHBIM CBETOM CJIEIYET MCIOb30BaTh,
KaK TIPaBWIO, HanOOJIee PKOHOMHUYHBIC Pa3psaHbIC Jamrbl. VICMomb30BaHUE JIaMII
HaKalMBaHWS JUIsi OONIETO  OCBEHICHWS JOIMYCKAaeTCsl TOJBKO B Cllydae
HEBO3MOXHOCTHU WIH TEXHUKO-2KOHOMHYECKOU HeIeN1eco00pa3HOCTH
UCIIOJIb30BAHUS pa3psAIHbIX Jami [23].

Pabouas 30Ha TOJPKHO OCBEIIATHCS TaK, YTOOBI B MPOIIECCe PadOTHI:

— HE OILIYIIAThCS pa3ApakeHue Tiias;

— IMETh XOpOIIIee BUICHHC,

— UCKIIIOYAJIOCh MPAMOE MOMNa aHue JIydei HCTOYHHUKA CBETA B IJ1a3a.

['uruennyeckue TpeOOBaHUS K MPOW3BOACTBEHHOMY OCBEIIICHHUIO, OCHOBAHHBIC
Ha MICUXO0(PU3NIECKUX 0COOCHHOCTSX BOCTIPUATHS CBETA M €r0 BIMSHUS Ha OPTaHU3M
YeJI0BEeKa, MOTYT OBITh CBEACHBI K CIICTYIOIIIM:

—CIEKTpaJbHBIA  COCTaB  CBETa,  CO3JaBAaeMOr0  HCKYCCTBEHHBIMHU
UCTOYHUKAMH, JIOJDKEH MPUOIMKATHCS K COTHEYHOMY;

—YpPOBEHb OCBEIIEHHOCTH JOJIKEH OBITh JOCTATOYHBIM M COOTBETCTBOBATH
TUTUEHUYECKUM HOpMaM, YYUTHIBAIOIIUM YCIIOBUS 3PUTEIHLHON padoThI;

—-7I0JKHA OBITh OOECIieYeHa pPaBHOMEPHOCTh W YCTOMYMBOCTH YpPOBHS

OCBCIICHHOCTHU B IIOMCHICHHUHN BO n30eKaHue 4acTou nepecaaanTainvu 1 YTOMJICHUA
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3peHus. B To ke BpeMs, IO UMEIONIUMCS JaHHBIM, NPU JJIUTEIBHOW paboTe B
PaBHOMEPHO OCBEIICHHOM IPOCTPAHCTBE MOXKET HAPYIIUTHCS BOCIPHUATHE (POPMBI
00BEKTOB, peaT3yIOIIeecs, B KOHEYHOM CUETE, B 3PUTEILHBIX TaJUTFOIIUHAITUX

—OCBENICHUE HE JOHKHO CO3/1aBaTh OJIECKOCTH KaK CaMUX UCTOYHUKOB CBETA,
TaK U JPYTuX MPEAMETOB B Tpe/enax padoueit 30HbI.

I[To mopmam ocBemenHoctn CanHull 23-05-95 (CamHull 23-05-2010) wu
OTpacieBbIM HOpMaM, paboTa pa3padOoTuyhKa OTHOCUTCA K YETBEPTOMY pa3psiay
3pUTENBbHON paboThl cpenHeidl TouHocTH. B Tabnwmme 4.1 mpuBeneHBI HOPMBI

OCBCHICHHOCTH ITPH HCKYCCTBCHHOM OCBCHICHHU.

Tabnuua 4.2 - HopMbl OCBEILIEHHOCTH IPU UCKYCCTBEHHOM OCBELIEHUU

XapakTepucTuka Haumenbmmii nim Pazpsin OCBEIIEHHOCTB, JIK
3pUTENBHOMN HKBHUBAJICHTHBIN pa3mMep 00beKTa 3pUTENBHON
HckyccTtBeHHOE
paboThI pa3IUyYeHUs, MM. paboThI
OCBEILIEHUE
Mauitoii TOYHOCTH or 0.3 10 0.5 1l 200

4.1.2 MuKpoOKJIUMAT

CymiecTByeT HOPMATHBHBIM JOKYMEHT «l MTrMeHWdYeckne TpeOOBaHUS K
MUKPOKJIMMAaTy Npou3BOACTBEHHbIX momenieHnid. CanlluH 2.2. 4.548-96». Bce
TpeOOBaHUs, TEPEYHCICHHbIE B JaHHOM JOKYMEHTE JOJDKHBI COOJIIO/IaThCs Ha
pabouem mecTe.

CormacHO 3TOMYy JOKYMEHTY, TpeOOBaHUS IO TeMIepaType sl paOOTHUKOB
YMCTBEHHOTO TpYyZa MpyU BOCBMUYACOBOM paboveM JIHE:

1. 23-25°C — nanbomee moaxosiias TeMIeparypa JeToM;

2. 22-24°C — onTtuMyM B XOJIOAHOE BPEMs I'0J1a;

3. 1-2°C — gomycTuMoOe€ OTKJIOHEHHE OT HOPMBI TEMIIEPATYPhI;

4, 3-4 °C — gonyctumoe kojieOaHue TeMrepaTypbl B MPOIOIKEHUH pabodero

JH.
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K mepornpusitusim mo 0370pOBJICHUIO BO3IYIITHON Cpe/ibl B MPOU3BOICTBEHHOM
OMEIIEHUN OTHOCSITCS: MpaBWIbHAS opraHu3anus BEHTWISIIIUU u
KOHJMIIMOHUPOBAHUSL BO3/yXa, OTOIUICHHE TMOMEIIeHUN. BeHTunsuus Moxker
OCYIIECTBIISITECA €CTECTBEHHBIM U MEXaHWYECKUM IMYyTEM. B MOMeEleHuu 0IKHbI
MO/IaBaThCsl  cienyrolne 00bEMBI HAPYKHOIO BO3AyXa: MpU 00bEME MOMEIIECHHUS 10
20 M3 Ha yenoBeka — He MeHee 30 M3 B yac Ha YEJIOBEKa; MpU 00BEME ITOMEIICHUS
6omee 40 M3 Ha yenoOBEeKa U OTCYTCTBUU BBIIETICHUSI BPEIHBIX BEIIECTB JOMYCKAETCS
€CTCCTBEHHAs BEHTUJIAuUs [24].

B aynuropun 407 WK mnpucyrcTByeT NpUHYIUTENbHAs BEHTWISINUA. Eé
Hanuuue OOYCJIOBIEHO TpeOOBaHUSMU 10 O0BEMY BO3AyXa B TOMEUIEHUU
NPUXOJAIIErocss Ha oaHoro paborHuka — Oosee 40 m3. B 3umHee Bpems B
MOMENIEHUU TMPEYyCMOTPEHA CHUCTEMa BOASHOIO OTOIUIEHUS CO BCTPOCHHBIMU

Harp€BaTCJIbHbIMU 3JICMCHTAMU U TCPMOPCETYJIATOPAMM.

4.1.3 MOHOTOHHOCTH PadOTHI

MOHOTOHHOCTh — OJJHOOOpa3HOE MOBTOPEeHUE pabounx omepanuii. OnacHOCTh
MOHOTOHHOCTHM 3aKJIIOYa€TCsl B CHM)KEHUM BHUMAaHHMSI K MPOIIECCY IMPOW3BOJICTBA,
OBICTPON YTOMJISIEMOCTH U CHHKEHHHM MHTEpeca K TPYJOBOMY MPOIIECCY, YTO BIIMSIET
Ha 0€30MacHOCTh TpyAa B 11e7I0M. MOHOTOHHOCTh COMPOBOXKAAETCS CKYKOM, anaTueu
K BBIIIOJIHEHUIO TPYAOBOM JEATEIBHOCTH [26].

JlaHHyt0 pabOTy OTHOCMM K MOHOTOHHOW TaK, KaKk M TPHU HCCIEIOBaHUH,
pa3pabOTKM W MOpPH SKCIUTyaTalldd JAHHOTO ajropuTMa KakK 4acTh MPOrpaMMHOIO
oOecrieueHus SBIAETCA OJHOOOpPa3HbIM TPYJIOM B YCIOBHUSAX OJHOOOpa3HOU paboueit
oOctanoBku. Hampumep, mpu pa3paOoTke HNpOrpaMMHUCT, CUAS 32 KOMIIBIOTEPOM 8
4acoB MUIIET KO/ MPOrpaMMBI.

OCHOBHBIE  OTpHUIIATEIbHBIE MOMEHTHI  HEpalMOHAJIBLHOW  OpraHu3aIuu
3aKJIFOYAIOTCA B CIEAYIOLIEM:

- HEpaIllMOHAJIbHOE Yepe0BaHUE ITEPHUO0B PAOOTHI U OT/IbIXa

- OTCYTCTBHE KPAaTHOCTH OTNepalui
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- pa3BuTHe 3a00JIeBaHUM Takux Kak Bapuko3, Ckonuo3, Tpom6o3, Cunapom
XPOHHYECKOHN yCTAIOCTH [26].

Pemiaroriiee  3HaueHWe UWMEET HEYKOCHUTENIBHOE COOJIIOJCHUE TEXHUKHU
0e30macHOCTH TPY/a, KOHTPOJIS 32 TPYJAOBBIM MPOIIECCOM U YEPEOBAHUE TIEPHOIOB

TPyZa U OTABIXA.

4.1.4 IlopaxeHnne 3J1eKTPUYECKUM TOKOM

[TopaskeHne HNEKTPUUECKUM TOKOM SIBJISIETCSI OMACHBIM MPOW3BOJICTBEHHBIM
(GakTOpoM M, MOCKOJBKY MPOTrPaMMHUCT MMEET N0 C 3JIEKTPOOOOpPYAOBAHUEM, TO
BOIIPOCaM 3JIEKTPOOE30MaCHOCTH Ha €ro pabodyeM MECTe JOKHO YAENIAThCs 0coboe
BHUMaHue. HopMbl 31€KTpo0e30macHOCTH Ha pabodyeM MECTE PEerIaMeHTHPYIOTCS
CanlluH 2.2.2/2.4.1340-03, Bompockl TpeOOBaHUU K 3alIUTE OT MOPAKEHUS
anexkTpudyeckuM TokoM ocgemieHbl B ['OCT P 12.1.019-2009 CCBT.

OnexkTpo0e30MmacHOCTh — CHCTEMa OpPTraHM3AIMOHHBIX WM TEXHHYECKHX
MEpPONPUATUN U CPEJCTB, OOECTICUNBAIOIINX 3AIIUTY JIIOJIeH OT BPEAHOIO U OMACHOTO
BO3JICUCTBUS AIEKTPUUECKOT0 TOKA, SJIEKTPUUECKON JYTU, FIEKTPOMArHUTHOTO MOJIs
U CTaTUYECKOTr0 JIEKTPUYECTBA.

OnacHOCTh TMOPAXKEHUS DIIEKTPUUECKUM TOKOM YCYryOJsercs TeM, 4YTO
YeJIOBEK HE B COCTOSAHHMM 0€3 CIeUUaIbHBIX NPUOOPOB OOHAPYKUTH HAMNPSKEHUE
JUCTAHIIMOHHO.

[Tomenienue, Tie pacnoioxeHo padouee mecto oneparopa [I19BM, otHocutcs
K TIOMELIECHUsIM O€3 IMOBBIIIEHHOW OMAaCHOCTH BBUAY OTCYTCTBHUSl CIIEIYIOIIUX
(akTOpOB: CHIPOCTb, TOKOMPOBOASAIIASI MbUIb, TOKOMPOBOJSAIINE IIOJBI, BBICOKAs
TEeMIIepaTypa, BO3MOXXHOCTb OJHOBPEMEHHOIO MPUKOCHOBEHUS YEJIOBEKAa K
UMEIOIIUM COCIMHEHHE C 3eMJICH METAJUNIOKOHCTPYKIUSAM 3[JaHUM, TEXHOJIOTHUYECKUM
anmaparaM, MEXaHu3MaM U METATUYECKUM KOpITycam JIeKTPOoOOpyA0BaHUS.

OCHOBHBIM  OpPraHU3AIMOHHBIM  MEPONPUATHEM MO  OOECHEYCHUIO

0€30MacHOCTH SIBJISICTCSI UHCTPYKTAX W OOydeHue Oe30MacHbIM METojaM Tpyja, a
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TaK)Ke MpPOBEpPKa 3HAHUU MpaBuUl 0€30MACHOCTH U MHCTPYKLUUNA B COOTBETCTBUU C
3aHMMAEMOM JTOJPKHOCTBIO MPUMEHUTEIBHO K BBIIOJIHAEMON padoTe.

K MepormpusiTusM 10 NOpeIOTBPAILCHUIO  BO3MOXKHOCTH  MOPAKEHUS
ANEKTPUYECKUM TOKOM OTHOCSTCS:

— C penpro 3alIMThl OT MOPAXEHUS SJIEKTPUYECKHUM TOKOM, BO3HUKAIOIIMM
MEX]Ty KOPITyCOM NMPUOOPOB U MHCTPYMEHTOM TP MPOOOE CETEBOTO HAMPSIKEHUS Ha
KOpITyC, KOpIyca NpuOOpOB 1 UHCTPYMEHTOB JIOJKHBI OBITh 3a3€MJICHBI;

— IIpu BKJIFOUEHHOM CETEBOM HaINpsKEHUH pabOThl HA 3aHEN NaHENIn KopIryca
pruOOPOB JTOJKHBI OBIThH 3aMPEIICHbI;

— Bce paboTel 1o ycTpaHEHHIO HEUCHPABHOCTEM JOIKEH IPOU3BOJIUTH
KBIM(PUIIMPOBAHHBIM TiepcoHan; — HeoOXomumo TMOCTOSIHHO — CIEAUTh 32

HCITPAaBHOCTBIO 3JICKTPOIIPOBOJAKH.

4.1.5 Bo3HNKHOBEHHE MOKApa

[IpuunHOIi 3aropaHusi MOKET OBITh:

1) KopoTkue 3ambIKaHUs B OJIOK€ MUTAHUS WIH BBICOKOBOJIHTHOM OJIOKE
JIUCIUIEMHON Pa3BEPTKHU;

2) HeCcOOII0/ICHHE TIPABUJI TTOXKAPHOU 0€30MacHOCTH;

3) HanMMYWE TOPIOYUX KOMIIOHEHTOB: JOKYMEHTBI, JIBEPH, CTOJIBI, W3OJISIIHSI
ka0enei u T.1.

Bo3HukHOBEeHHE MOXapa BO3MOXKHO IMPEAOTBPATUTH ITYyTEM OCYIIECTBICHUS
COOTBETCTBYIOIIUX MHKCHEPHO-TEXHUYECKUX MEPONPHITHI MPU MPOCKTUPOBAHUY H
AKCIUTyaTallil TEXHOJOTUYECKOr0 O0OPYAOBAHUS, DHEPTETHUYECKUX U CAHUTAPHO-
TEXHUYECKMX YCTAaHOBOK, a TaKXe COOJIOICHUEM YCTAHOBJIEHHBIX TIPAaBWI M
TpeOOBaHUI MOKAPHON OE30MaCHOCTH.

CorynacHO HOpMaM TEXHOJOTUYECKOT'0 MPOCKTUPOBAHMS, B 3aBUCUMOCTH OT
XapaKTEPUCTUKU HCIOJIb3YEMbIX B TPOM3BOJACTBE BEIIECTB M HMX KOJUYECTBA, IO

MO>KAPHOW W B3PBIBHOW OMACHOCTH MOMEMIEHUS MMOAPa3IEIsA0TCs Ha Kateropuu A, b,

B, I, 1.
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B crmydae BO3HUKHOBEHHs IMOXapa HA TEPPUTOPUHU TPEINPHUATHS JIEHCTBUS
BCeX pabOTHHUKOB JTOJKHBI OBITH HANpaBJICHBI HA HEMEUICHHOE COOOIICHHE O HEM B
MOXKapHYIO OXpaHy, o0ecreueHre O0e30MacCHOCTU JIIOJIE U MX ABAKyallud, a TaKXKe
TYIICHWE BO3HUKIIETO moXxapa. J[7ms omoBemieHws! JrOAe O moXKape JOHKHBI
UCTIOJTb30BAaThCSl TPEBOKHBIE WIIH 3BYKOBBIE CHTHAJIBI [29].

Jlnst mpemymnpexaeHusi BOSHUKHOBEHHsS TOXapa HEOOXOAMMO COOJIIOIATh
CJIeIyIONIME TPaBUIIa MOXKApHONU O€30MaCHOCTH:

1) uckiouenre oOpa3oBaHUs roproyeil cpeipl (repMeruszanus 000py10BaHuUs,
KOHTPOJIb BO3/YIIHOM Cpe/ibl, paboyas U aBapuiiHas BEHTUJISLINA);

2) NpUMEHEHHUE MpPU CTPOUTENILCTBE U OTHAEIKE 3JaHUN HECrOpaeMbIX WIH
TPYAHO CTOPaeMbIX MaTEPHAJIOB.

HeoOxomqumo  mpoBOoauTh B QyAWTOPHH  CIEAYIOIIME  TOXKapHO-
pOQUIAKTHIECKUE MEPOTTPUATHS:

1) opranu3anMoHHBIE MEPONPUATHS, KACAIOUINECs TEXHUYECKOTo IMpoIecca C
Y4ETOM IOKapHOU O€30MaCHOCTH 00BEKTA;

2) DKCIUTyaTallMOHHBIE MEPOMPUSTHS, PACCMATPUBAIONINE OKCIUTyaTaIUIO
HMMEIOIIETOCS 000Dy 10BaAHMS;

3) TeXHUYECKHE U KOHCTPYKTHBHBIC, CBSI3aHHBIC C TPABUIIbHBIM Pa3MEIICHHUEM
Y MOHTaKOM 3JIEKTPOOOOPYI0BAHUS U OTOMUTEIBHBIX TPUOOPOB.

OpraHu3aimOHHBIC MEPOTIPUSATHS

1) mpOTUBOIOXKAPHBIN HHCTPYKTAK 00CTY>KMBAIOLIETO MEPCOHANIA;

2) oOydeHue epcoHalia nmpaBuiaM TEXHUKU 0€30MacHOCTH;

3) u3maHvue WHCTPYKITUH, TIAaKaTOB, IJIAHOB DBaKYyaIlHu.

DKCIUTyaTalmOHHBIE MEPOTIPUITHSL:

1) cobmroieHne FKCITyaTaliuOHHBIX HOPM 000pYI0OBaHUS;

2) obecrieueHre CBOOOTHOTO TOIX0/1a K 000PYI0BAHHUIO;

3) conepkaHue B UCIIPABHOCTH U30JIAIIUUA TOKOBEIYIIUX TTPOBOJHUKOB.

TexHuueckne MeponpUATHS:

1) coOmrofeHMe TPOTHUBOIMOKAPHBIX  MEPONPUITHI NpU  YCTPOMCTBE

QJICKTPOIIPOBOIAOK, O60py,ZIOBaHI/IH, CHUCTCM OTOINICHUA, BCHTHJIAIWMU U OCBCIIICHMS.
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2) npopUIaKTUIECKUI OCMOTpP, PEMOHT U UCIIBITAHUE 000PYAOBAHUS.
Kpome ycTpanenuss camoro ouara Mo)Xapa, HYXHO CBOEBPEMEHHO
OpraHu3oBaTh 3BaKyauuto jgrojaeil. Ha pucynke 23 moka3zaH IUIaH 3Bakyaluyd M3

MIPOU3BOACTBEHHOTO 3JJaHUs, T/I€ TPOBOIMIACH pa3padOTKa MPOrPAMMBI.
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4.2 DKojornyeckas 0e30MacHOCTb

JUis  yMEHbLIEHUS BPEJHOrO BIHUSHUSA Ha JuTochepy HEOOXOIUMO
POU3BOJUTH COPTUPOBKY OTXOJOB U OOpalaThCAd B CIYKObI MO yTUIM3AMM JJIs
nanbHeien nepepadboTKH WU 3aX0POHEHUSI.

B ocHOBHOM, opraHu3anyy, 3aHUMAOIIMECT NPUEMOM U YTHUIM3ALUENR PTYTh

COACPKAIIUX OTXO0HAO0B, IPHHUMAIOT JIFOMHUHCCHCHTHBIC JiaMIlbl B MAaCCOBBIX
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KonruecTBax. Jlammna cocTOUT U3 3JEKTPOHHOIO 0JI0Ka — BBITOJHBIA KOMIIOHEHT JJIsI
pecTaBpallui M YTWIM3alMH; Kojda M ILIOKOJb Takke IeHHoe cbipbe. Ilo cTpane
yTWIN3alUeNd «PTYTHBIX» JamMn 3aHuMaroTcs Oosnee 50 GupM, HO €IMHCTBEHHOE MX
YCJIIOBHE — JIEHBI'H, KOTOPBIE BBl TOJKHBI 3AIJJATUTH 34 BBIBO3.

Takue Jsammbel Henb3sl BBIKMABIBATE B MYCOPOIPOBOA WIH  YJINYHBIE
KOHTEWHEPHI, a HY)KHO OTHeCTH B cBOMl paiionnsld [IE3 (upekuus eTuHHUYHOrO
3akazunka) wuiam POY (PeMOHTHO-3KCIUTyaTalluOHHOE YIIpaBJieHUE), TIe €CTh
crenuaibHble KOHTEHHepbl. TamM OHM TpUHUMAIOTCA OeCIIaTHO, OCHOBAaHHUEM
JOJDKHA CIIYXKWTh YTWIM3alUs B COOTBETCTBUM C YrpasiieHMeM DenepanbHOU
CIyxkO0bl TO Haa3opy B cdepe 3amuThl MpaB MnoTpedurenedt u Oiaromnonyyus
yenoBeka mo Tomckod o6nactu. IlyHkTel npuéma oTpabOTaBIIMX CBOW CPOK
JIOMUHECLEHTHBIX JIaMII IT0 TOPOIaM MOKHO HAWTH B UHTEPHETE.

[lepepaboTka MakynaTypbel MNpEACTaBIsSET COOOM MHOIO3TAIHBIN MpoIleCC,
LEeJIb KOTOPOIO 3aKJIOYAETCs B BOCCTAHOBIIEHHMH OYMayKHOTO BOJIOKHA M, 3a4acTylo,
IPYrUX KOMIIOHEHTOB OyMarum (Takux KakK MUHEpPAJIbHBIC HAIOJHHUTENN) W
UCTOJIb30BAaHUE UX B KAYECTBE ChIPbs JIsl IPOU3BOJICTBA HOBOM OyMaru.

Opranuszanuy, 3aHUMAOLIMECS IIOKYIKOW CIIOMAaHHBIX KOMIIBIOTEPOB Ha
3aI4acTd, TOTOBBI IUIATUTH 3a 3al4acTH JEHBIHU, KOTOPbIE OHM COKOHOMAT Ha
MOKYNKE HOBBIX JeTajieid, HEOOXOAUMBIX [UJIi peMOoHTa. Takue opraHu3aluu
OPUHUMAIOT JaXe OUTYIO U 3aIUTYI0 YeM-TO TeXHUKY. KoMIbloTepHast TeXHUKa (Wiu
€€ KOMIIOHEHTBI) MOXKET TaKXe 3aMHTEpEecOBaTh T€X, KTO CKYyNaeT CTapble IUIaThl U
paauoaeTany Iy MOJYyYEHUs M3 HUX T0ce MepepadOTKHU JIParoleHHbIX U PEeIKuX
MeTaJu10B. MHOIME CETEBbIE TMIEPMAPKEThl JIEKTPOHHOM TEXHUKHU IMEPUOAUYECKH
YCTParBAIOT MPOrpamMMy YTUIM3ALMH. Y CIIOBUS TAKUE: 3 CTAPYIO OBITOBYIO TEXHUKY
BaM MNpPEIJI0KAT HEIUIOXYIO CKUAKY Ha IOCIEAYIOUIYIO IMOKYIIKY B 3TOM Mara3uHe.
Takxe MOXHO CaMOCTOSITEIIbHO OTBE3TH CJIIOMAHHBIM KOMIIBIOTEpP B IIYHKT IpHeMa
METaJUI0JIOMa HE COCTABUT TpyAa. Takue TOYKH NpHremMa eCTh B KaKIIOM TOpOJIE.

Taxxe cremyeT OTMEHUTh, 4TO pa3pabarpiBaemas B pamkax BKP cucrema
MO3BOJISIET CO3/1aBaTh CJIOMKHBIE IO CTPYKTYPE TOKYMEHTBI TEXHUUECKUX 3aJaHUU JJISI

KOMITaHHUH p33pa6aTLIBaIOHII/IC I/IH(bOpMaIII/IOHHBIC CHCTCMBI, BCCTH
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)IOKYMGHTOO6OPOT N ICPCIUCKY MCKAY YYaCTHUKaMH HCIIOCPCACTBCHHO B caMmou

CUCTEME B AJIEKTPOHHOM (hopmare, YTO SIKOHOMUT Oymary.

4.3 be3onacHOCTh B Ype3BbIYANHBIX CUTYAI[UAX

4.3.1 [lo:xapbl U B3pHIBBI

OOBeKT uccie0BaHusl SIBISETCS MIPOrPaMMHBIM MTPOAYKT, JIJIsS UCIIOJIH30BaHMS
koToporo HeoOxonum [1K.

Ha pabGoyem Mecte mporpamMmucTa ¢ JKCIUTyaTaTopa  BO3MOXKHO
BO3HUKHOBEHHE CIICTYIONTUX YPE3BBIYAHHBIX CUTYAIIM TEXHOTCHHOT'O XapaKTepa:

- [1okapsel 1 B3pBIBHL;

- ConmanbHbIE Ype3BbIYAHBIC CUTYAIIHH.

Jnst obecnieueHus: 0€30MaCHOCTH B YPE3BBIYAMHBIX CHUTYyaLUsX KaxKIbli
COTPYIHUK OpTaHU3aIUH JTOJDKEH:

- TOJDKEH OBITh 03HAKOMJIEH C MHCTPYKIIMEH 10 OXKapHO#H 6€30MacHOCTH,

- MPOUTH UHCTPYKTAXK 0 TEXHUKE O€30MacCHOCTH

- CTPOTO COOJTIOIATh €T

PaboTHuky 3amnperniaercs:

- WCITIOJIB30BaTh 3JICKTPONPHOOPHI B YCIOBHSAX, HE COOTBETCTBYIONIUX TPeOO-
BaHUSIM WHCTPYKIIMI U3rOTOBUTEEH

- UCTIOJTb30BaTh AJIEKTPOIIPOBO/Ia M KaOEeIH ¢ MOBPEKACHHOW WIIA TIOTEPSBIICH
3alIUTHBIC CBOMCTBA U30JISIIUEH.

- JJIEKTPOYCTAHOBKH M OBITOBBIE JIEKTPOMPUOOPHI MO OKOHYAHUHU PabOYEero
BPEMEHU JIOJKHBI OBITh 00ECTOUYCHBI

- HEJOMYCTHUMO XpaHCHHUE JIETKOBOCIIAMEHSIOIIUXCS, TOPIOYNX M B3PBIBUATHIX
BEIIIECTB, UCIIOJIb30BAHME OTKPHITOTO OTHS B MMOMENICHUIX oduca.

ITepen yxomom m3 CiIy)KeOHOTO MOMEIICHHS paOOTHUK O00s3aH IPOBECTU €ro

OCMOTp, 3aKPbITb OKHA, H Y6€I[I/ITI)CH B TOM, 4YTO B IIOMCHICHHHU OTCYTCTBYIOT
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UCTOYHUKM BO3MOXXHOTO BO3TOpaHMs, BCE DJJIEKTPONPHOOPHI OTKIIOYEHBI U
BBIKJTFOYECHO OcBeleHue [24].

PaboTHuk npu 0OHapyKEHUHU MOXKApa WU NPU3HAKOB TOpeHUs (3aJbIMICHUE,
3amax rapu, MOBBIIIEHUE TEMIIEPATYPHI U T.11.) JOJIKEH:

- Hemennenno mnpexkpaTtuth paOOTy M BbI3BaTh MOXKAPHYIO OXpaHy IO
tenedony «01», cooOmMB TIPU ITOM aJpec, MECTO BOSHUKHOBEHHUS TOKapa U CBOIO
bamunuio;

- IIpuHATH 1O BO3MOXKHOCTH MEpHI 0 3BaKyallUHW JIOJEH M MaTepHUalbHBIX
IICHHOCTEM;

- OTKJIIOYUTH OT CETH 3aKPEIJIEHHOE 33 HUM JIEKTPOOOOPYI0BAHHUE;

- Ilpuctynutrh K  TYIIEHUIO TMOXapa HUMEKIIUMUCI  CpPeJCTBaMU
MOXKapOTYIICHUS,

- CooOUuTh HENOCPEICTBEHHOMY WM BBINIECTOSIIEMY HAYallbHUKY U
OMOBECTUTH OKPYKAIOIINX COTPYIHUKOB;

- Ilpu oOmem curHajze OmMacHOCTH TMOKHHYTH 37aHue coriacHo «[lmany

ABAKYyallUU JIOJIeW Npu noxape u apyrux UC».

4.3.2 CouuajibHble Ype3BblYaiiHbIe CUTYAIUN

Upe3BbluaiiHble  CUTyallMud  OBIBAIOT ~ TEXHOT€HHOIro,  MPUPOJHOIO,
OMOJIOrMYECKOr0, COLMAIBHOIO WIIM SKOJIOTMYECKOT 0 XapaKTepa.

[Ipu pabGore B kaOuHETe MOTYT BO3HUKHYTH CIEAYIOIIHME KiacCUu(pUKauuu
YpE3BbIYANHBIX CUTYAIUN:

— IpeAHaMepEHHbIE/HETIPeTHAMEPEHHBIE;

— TEXHOTE€HHbIE: B3pBIBbI, MOXapbl, OOpYyIIEHHWE NOMEIICHUI, aBapuu Ha
CHUCTEMaXx >KU3HE0OeCTIeYeHMs/IPUPOIHbIE — CBSI3aHHBIE C MPOSBICHUEM CTUXHMMHBIX
CHWJI IIPUPOJIBI.

— DJKOJIOTUYECKHE — 3TO AHOMAJIbHBIE W3MEHEHHsI COCTOSHMS IMPUPOIHOM
Cpellbl, TaKHE KaK 3arps3HeHust Onocgepsbl, pa3pylIeHue 030HOBOI'O CJI0s, KUCIOTHbBIE

JOK]T1/ aHTPOTIOTEHHBIE — SIBJISIFOTCS CJICICTBUEM OIIMOOYHBIX EUCTBUM JTIOJICH.
70



— OMOJIOTUYECKUE — PA3JIMYHBIE SMTUIEMUH, STTU300THH, STUPUTOTUH;

— KOMOMHHUPOBAHHBIE.

IIpu pazpaboTke cucTteMbl Hanbosee BEPOSTHOM 4YpE3BbIYAWHON CHUTyalHeu
ABIISIETCSL  MOXap, TaK Kak B COBpeMEHHbIX OBM od4eHb BBICOKas IUIOTHOCTb
pa3MeLIEHUs 3JIEMEHTOB IEKTPOHHBIX CXEM, B HEIOCPEACTBEHHON OJIM30CTH JIPYT OT
JpyTa pacroiaraloTcsi COeIUHUTENbHbBIE TPOBOJA U KaOenu, Ipy MPOTEKaHWU M0 HUM
ANIEKTPUYECKOr0 TOKA BBIJEIAETCS 3HAYUTENBHOE KOJIMYECTBO TEILIOTHI, IPU 3TOM
BO3MOKHO OIJIaBJI€HHE M30JSLUU UM BO3HUKHOBEHHE BO3ropaHus. Bo3HUKHOBeHHE
npyrux BujoB YC ManoBeposiTHO [23].

ObecrieueHre MOXKApHOW  OE30MACHOCTH  YUPEXKIEHUM TPEXKAE  BCEro
JOCTUTAETCSl YCTAHOBIEHUEM YECTKOI'O MPOTHUBOIOKAPHOIO peXUMa U 00ydeHHEM
0o0CTy)KMBAIOIIEr0 MEepcoHalda M Y4YallUXCSd MepaM MOXapHOW O€30MacHOCTH U
JNEHUCTBUAM BO BpEMsI IIOKapa.

TeppuTtopus 00pa30BaTENbLHOIO YUPEKACHUS, a TAKKE YUACTKHU, TPUIIETAOLINE
K HEMY, JIOJKHBI CBOEBPEMEHHO OYMILATHCS OT TOPKOYMX OTXOJ0B, MyCOpa, KOTOpbIE
cienyer coOupaTh Ha CIENMaIbHO BBIACIEHHBIX IUIOMIAJIKAX B KOHTEHHEpHl WU
AIIUKY, a 3aTEM BBIBO3UTH Ha CBAJIKY.

Ba)XxHO KOHTPONMPOBATH COCTOSHUE JOPOT, IPOE310B, MOABE30B U IIPOXOI0B
K 3/1aHUSIM, CIEIUTh 3a TEM, YTOObl OHM HUYEM HE 3arpOMOKIAJINCh, @ B 3UMHEE
BpEMSI PETYJISIPHO OYUIIAINCH OT CHETa U JIbJa.

B 3pmaHusx, oTHOCAIMXCS K OOBEKTaM C MAacCOBBIM IPEObIBAHUEM JIIOJIEH,
0co00e BHUMaHUE JODKHO YAENATHCS COJAEpKaHMIO NyTed sBakyauuu. Kaxpoe
3/1aHHE JIOJXKHO UMETh HE MEHEE JIBYX 3BAKYaIIMOHHBIX BBIXOJOB: €CJIM OJUH M3 HHUX
OTpE€3aH OrHEM, Ul CIACEHUs HCIOIb3YyeTCs APYroi. 3amacHble BBIXOIBI JOKHBI
OBITH CBOOOJHBI M UMETh HAJIIKChH: «3amacHbIid BEIXOA». Bce nBepH 3BaKyallMOHHBIX
BBIXOJIOB CBOOO/IHO OTKPBIBAIOTCSI B CTOPOHY BBIXOJ[a M3 TIOMEIICHHIA.

Ha cnyuaii OTKIIIOUEHUS SJEKTPOIHEPTMU Yy OOCITYKHBAIOUIEro IepcoHaja
JIOJKHBI OBITH dJIEKTpUYECKre (POHAPU — HE MEHEE OJIHOTO Ha KaXKJoro paboTHUKA

JEKYPHOTO MepcoHaa.
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Ha xaxmoMm sTaxe 3/1aHUs Ha BUJHOM MECT€ JIOJDKEH OBbITh BBIBEIIEH IUIAH
dBaKyallun C OJTaxka (31aHug). Ha myaHe »Bakyanuu Kpome IyTed BbIXOJa
(cTpenkaMu)  yKas3bpIBalOTCA MECTa pa3MEIICHHUS CpPEICTB  IMOXKApOTYLIEHUS,
TeaeOHOB.

HeoOxomumo ~ mpoBOAUTH  CHEAyIOIIKME  MOXKApHO-NPO(PHUIAKTUYECKUE
MEPOIPHUSITHUSA:

a) Opranu3aniOHHbIE MEPOIIPUSATHSL:

1) mpoTHBONOXKAPHBIA HHCTPYKTAXK 00CITY>KMBAIOIIET0 IEPCOHANIA;

2) oOyuyeHue niepcoHana npaBuiiaM TEXHUKHA 0€30MaCHOCTH;

0) DKcruTyaTalluOHHBIE MEPOIPUSITHSL:

1) cobnroeHre SKCIUTyaTallMOHHBIX HOPM 000pYy10BaHUS;

2) obecrieueHre cBOOOTHOrO MOAX0/1a K 000PY/10BAHUIO.

3) conepxaHue B UCIIPABHOCTH M30JIALIMHM TOKOBEIYIIMX TPOBOJHUKOB.

B) TexHu4YecKre MEPONPUSITHUS:

1) coOnogeHre MNPOTUBOMOKAPHBIX MEPONPUSATUN TMPU  YCTPOUCTBE
AJIEKTPOIIPOBOJIOK, 00OPYI0BaHUSI, CACTEM OTOIUICHUS, BEHTWISALMUA U OCBEIIeHHs. B
3MaHUM JIOJDKHBI TPHUCYTCTBOBATh IOPOLIKOBBIE OTHETYHIWTENIH, YCTAHOBIICH
pyOWIBHUK, OOecTouMBaIOIIMKA Bce momelieHue. Eciu Bo3ropaHue mnpou3oLuIo B
AJIEKTPOYCTAaHOBKE, JISI €r0 YCTpaHEHUs JOJKHBI HCIOJIb30BATHCS YIIIEKUCIOTHBIC
OTHETYIIUTEU WU TTOPOIIKOBBIC,

2) npopUIAKTUUECKUNA OCMOTP, PEMOHT U UCIIBITAHUE 000PY10BAHMUS.

B cnydae BO3HUKHOBEHHMSI TMOXapa COTPYAHUKH JOJDKHBI TPEANPUHATH
creayromue Mepsl [25]:

— COOOIIUTHh O TMOXKape B TMOXKAPHYIO OXpaHy, 3aJeHCTBOBATH CHUCTEMY
OIOBELLEHUS;

— 3aJIeCTBOBATh IUIAH JBaKyaluu (OTKPBITh 3allacHbIC JIBEPU W BKIIOYHTH
CBETOYKA3aTen ABAKYallMOHHBIX MMyTEM);

— BBIBECTH JIO/ICH B 6€301MaCHOE MECTO B COOTBETCTBUH C IJIAHOM JBaKyalluu;

— IPOBEPUTH MOMMEHHO, BCE JIM IBAKYUPOBAHBI;

— IIPUCTYIIUTDH K TYHICHUIO I1OKapad IICPBUYIHBIMH CPCACTBAMMU;
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— BCTPETHTH IOXKAPHBIC TOJPA3ICICHUS M COOOMINTH, TJI€ MOTJU OCTAThCS
JIFOJY, KaK TyZa MOKHO TIOJIOUTH;

— IPUHSATH MEPHI K DBAKyallud UMYIIICCTRA.

JUnst  TymieHwWsT TOXapoB  HEOOXOAMMO TMPUMEHATH  YTIEKUCIOTHBIE U
MIOPOIIIKOBBIE OTHETYIIUTENH, KOTOPhIE 00JaJar0T BBICOKOW CKOPOCTHIO TYIICHUS,
OONBIIMM BPEMEHEM JEHCTBHUS, BO3MOXXHOCTBIO TYIICHHS DJICKTPOYCTAHOBOK,
BBICOKOH 3(()EKTUBHOCTHIO OOpHOBI C OorHeM. Boay pasperieHo NMpuMeHSTh TOJBKO

BO BCIIOMOTATENIbHBIX MTOMEIIEHUsAX [26].

4.4 Opranu3anuoHHble MEePONPUATHS 00ecriedeHus1 0e30MACHOCTH

4.4.1 Opranu3auMoHHbIEe MEPONPUATHSA NPU KOMIIOHOBKe Pado4vei 30HbI

PabGouee mecTo M0IKHO OBITH OPTaHU30BAHO TaK, YTOOBI UMETh BO3MOXKHOCTh
MaKCHUMAaJIbHO YA00HO BBITIONHATH padoTy. JIOMKHBI YUUTHIBATHCS pa3Mepbl paboueit
30HBI, CTYJA, CTOJIA U 30HBI 1T CBOOOTHOTO TIEPEIBIKEHHS BO BPEM PaOOTHI.

HemnpaBunbHas opranuzaimus pabo4yero Mecta MOKET MPUBECTH K MOITYYEHUIO
paOOTHUKOM TIPOM3BOJICTBEHHOW TpPaBMBI WJIM pa3BUTHE MPOGHECCUOHATHHOTO
3aboseBanus [27].

Opranuzanusi THCTPYMEHTOB M paboyero Mecrta MNpu BBINOJHEHUU paldoT B
TIOJIO)KCHUM CHJISI IOJDKHA OOECIeYMBaTh ONTHMABHOE IMOJIOKEHHWE PadOTaroIero,
KOTOpPOE JIOCTUTAETCsl PEryJupOBaHHEM BBICOTHI paboOyell MOBEPXHOCTH, BBICOTHI
cuiicHUs, OOOpyJOBaHWUEM TMPOCTPAHCTBA JJIs pa3MEIICHHUS HOT W  BBICOTOU
noJICTaBKM JiJisi HOT. ONTUMaNibHBIE MMapaMeTpbl pabodero Mecra mpu padore ¢ 9BM

peacTaBieHbl B Tabuie 4.3:

Tabnuna 4.3 - OnTumanbHbIe TapaMeTpbl pabodero mecta npu padbore ¢ 9BM

[TapameTpsl 3HaueHue napameTpa | PealibHble 3HAYCHUS
BricoTa paGoueii mOBEpXHOCTH CTOIA Ot 600 o 800 Mm 700
BricoTa oT cTosa 10 KiaBUaTyphl Oxoio 20 MM 20

73



BricoTa kimaBuaTypsl 600-700, mm 600
VY 1aneHHOCTh KIaBUATYPHI OT Kpast CTOJIa He menee 80 mm 100
VY aajieHHOCTb PKpaHa MOHUTOpA OT TIJa3 500-700, mm 500
Bricora cunenus 400-500, MM 500
VYros HakJIoHa MOHUTOpA 0-30, rpan. 20
Haxknon moictaBku HOT 0-20, rpan. 0

Bnusane peanuzanuy mporpaMMbl Ha pad0Ty KOMITAHUM:

- [1o3BoJIsIET SKOHOMUTH BPEMSI M YCUJIWS, 3aTPAYMBAEMbIE HA PACIIO3HABAHMUS
JIAHHBIX BPYYHYIO;

- DKOHOMHSI IEHEKHBIX CPEICTB;

- Bpicokag TOYHOCTP U HAJIEKHOCTh pACIO3HABAHUS MHUHUMU3ZUPYIOT
KOJIMYECTBO OIIMOOK B JAHHBIX

- Tpebyercs ocHacTUTH pabodyee MECTO U 00yUUTh pabouuii mepconan [28].
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3AKJTIOYEHHUE

PesynpTaToM paboThl SBISETCS TporpaMma Jjisi CErMEHTAIlMM JIaHHBIX
JTUCTAHIIMOHHOT'O 30HIUPOBAHUS 3EMIIH.

[IpousBenén ananmus MOMYJSPHBIX OHOTUMOTEK [JIsi TOCTPOCHUSI CBEPTOUHBIX
HEHpOHHBIX cerTeil. CaenmaH BBHIOOP MO HMCMOIB30BAHUIO OMOIMOTEKH MOCPEACTBOM
CPaBHHUTEIHHOT'O aHAIH3A.

[TocTpoeH anropuT™m M peain30BaHa HEHPOHHAs CETh CIIOCOOHAsl pacro3HaBaTh
00BEKTHl Ha CHUMKaxX JWCTAHIIMOHHOTO 30HIMPOBAHUSA, a HIMCHHO: JIOPOTH, 3/IaHMS,
JI€PEBbSI, TPABY U aBTOMOOUJIH.

[Ipu cpaBHEHUU C IPYTUMU aITOPUTMaMH, pa3paboTaHHAs HEUPOCETh MOKa3ana

XOPOIIHNE Pe3yNbTaThl H KOHKYPEHTOCTIOCOOHBII YPOBEHb.
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IIpuioxkenue A

JIvcTuHr IporpaMmsbl

import numpy as np

from skimage import io

from glob import glob

from tgdm import tgdm notebook as tgdm

from sklearn.metrics import confusion matrix
import random

import itertools

import matplotlib.pyplot as plt
%matplotlib inline

import torch

import torch.nn as nn

import torch.nn.functional as F
import torch.utils.data as data
import torch.optim as optim

import torch.optim.lr scheduler
import torch.nn.init

from torch.autograd import Variable

WINDOW SIZE (256, 256) # Patch size
STRIDE = 32 Stride for testing

IN CHANNELS = 3

FOLDER = "./ISPRS dataset/"

BATCH _SIZE = 5 # Number of samples in a mini-batch

==

LABELS = ["roads", "buildings", "low veg.", "trees", "cars", "clutter"] # Label names
N _CLASSES = len(LABELS) # Number of classes

WEIGHTS = torch.ones (N CLASSES) # Weights for class balancing

CACHE = True

DATASET = 'Vaihingen'

MAIN FOLDER = FOLDER + 'Vaihingen/'

DATA FOLDER = MAIN FOLDER + 'top/top mosaic_ 09cm area{}.tif'

LABEL FOLDER = MAIN FOLDER + 'gts for participants/top mosaic 09cm area{}.tif’

ERODED FOLDER = MAIN FOLDER + 'gts eroded for participants/top mosaic 09cm area{} noBoundary.tif'

# ISPRS color palette

palette = {0 : (255, 255, 255), # Impervious surfaces (white)
1 : (0, 0, 2595), # Buildings (blue)
2 : (0, 255, 255), # Low vegetation (cyan)
3 (0, 255, 0), # Trees (green)
4 (255, 255, 0), # Cars (yellow)
5 (255, 0, 0), # Clutter (red)
6 (0, 0, 0)} # Undefined (black)
invert palette = {v: k for k, v in palette.items()}

def convert to color(arr 2d, palette=palette):
""" Numeric labels to RGB-color encoding """
arr 3d = np.zeros((arr 2d.shape[0], arr 2d.shape[l], 3), dtype=np.uint8)

for ¢, i1 in palette.items():
m = arr 2d == c
arr 3d[m] = i

return arr 3d

def convert from color(arr 3d, palette=invert palette):
""" RGB-color encoding to grayscale labels """
arr 2d = np.zeros((arr_3d.shape[0], arr 3d.shape[l]), dtype=np.uint8)

for ¢, i in palette.items():
m = np.all(arr 3d == np.array(c) .reshape(l, 1, 3), axis=2)
arr_2d[m] = 1

return arr 2d

def get random pos(img, window_ shape) :
""" Extract of 2D random patch of shape window shape in the image

wuon

w, h = window_shape
W, H = img.shape[-2:]
x1l = random.randint (0, W - w - 1)
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X2 x1l + w

yl = random.randint (0, H - h - 1)
y2 =yl + h

return x1, x2, yl, y2

def CrossEntropy2d(input, target, weight=None, size average=True) :
"mm 2D version of the cross entropy loss """
dim = input.dim()

if dim ==
return F.cross_entropy(input, target, weight, size average)
elif dim ==
output = input.view(input.size(0),input.size(1l), -1)
output = torch.transpose (output,1,2).contiguous ()
output = output.view(-1,output.size(2))
target = target.view(-1)
return F.cross_ entropy (output, target,weight, size average)
else:
raise ValueError ('Expected 2 or 4 dimensions (got {})'.format (dim))

def accuracy (input, target):
return 100 * float (np.count nonzero(input == target)) / target.size

def sliding window (top, step=10, window size=(20,20)):
""" slide a window_shape window across the image with a stride of step """
for x in range (0, top.shape[0], step):
if x + window size[0] > top.shape([0]:
x = top.shape[0] - window size[0]
for y in range (0, top.shape[l], step):
if y + window size[l] > top.shape[l]:
y = top.shape[l] - window size[1l]
yield x, y, window_size[0], window size[1]

def count sliding window (top, step=10, window_size=(20,20)):
""" Count the number of windows in an image """
c =20
for x in range (0, top.shape[0], step):
if x + window size[0] > top.shape([0]:
x = top.shape[0] - window size[0]
for y in range (0, top.shape[l], step):
if y + window size[l] > top.shape[l]:
y = top.shape[l] - window size[l]
c +=1
return c

def grouper (n, iterable):

""" Browse an iterator by chunk of n elements """
it = iter (iterable)
while True:

chunk = tuple(itertools.islice(it, n))

if not chunk:

return
yield chunk

def metrics(predictions, gts, label values=LABELS) :
cm = confusion matrix(
gts,
predictions,
range (len(label values)))

print ("Confusion matrix :")
print (cm)

print ("---")

# Compute global accuracy

total = sum(sum(cm))

accuracy = sum([cm[x][x] for x in range(len(cm))])
accuracy *= 100 / float(total)

print ("{} pixels processed".format (total))

print ("Total accuracy : {}%".format (accuracy))

print ("---")

# Compute F1 score
FlScore = np.zeros(len(label values))
for 1 in range(len(label values)):
try:
FlScore[i] = 2. * cm[i,1i] / (np.sum(cm[i,:]) + np.sum(cm[:,1]))
except:
# Ignore exception if there is no element in class i for test set
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pass
print ("FlScore :")
for 1_id, score in enumerate (FlScore) :
print ("{}: {}".format (label values[l id], score))

print ("---")

# Compute kappa coefficient

total = np.sum(cm)

pa = np.trace(cm) / float(total)

pe = np.sum(np.sum(cm, axis=0) * np.sum(cm, axis=1)) / float (total*total)
kappa = (pa - pe) / (1 - pe);

print ("Kappa: " + str (kappa))

return accuracy

# Dataset class

class ISPRS dataset (torch.utils.data.Dataset):
def init (self, ids, data_ files=DATA FOLDER, label files=LABEL FOLDER,
cache=False, augmentation=True) :
super (ISPRS dataset, self). init ()

self.augmentation = augmentation
self.cache = cache

# List of files
self.data files = [DATA_FOLDER.format (id) for id in ids]
self.label files = [LABEL FOLDER.format (id) for id in ids]

# Sanity check : raise an error if some files do not exist
for £ in self.data files + self.label files:
if not os.path.isfile(f):
raise KeyError('{} is not a file !'.format(f))

# Initialize cache dicts
if self.cache:
self.data cache = {}
self.label cache = {}

def _ len (self):
# Default epoch size is 10 000 samples
return 10000

@classmethod
def data augmentation(cls, *arrays, flip=True, mirror=True) :
will flip, will mirror = False, False

if flip and random.random() < 0.5:
will flip = True

if mirror and random.random() < 0.5:
will mirror = True

results = []
for array in arrays:
if will flip:
if len(array.shape) ==
array = array[::-1, :]
else:
array = arrayl[:, ::-1, :]
if will mirror:
if len(array.shape) ==
array = arrayl[:, ::-1]
else:
array = arrayl:, :, ::-1]
results.append(np.copy (array))

return tuple(results)

def getitem (self, 1i):
# Pick a random image
random idx = random.randint (0, len(self.data files) - 1)

# If the tile hasn't been loaded yet, put in cache
if random idx in self.data cache .keys():
data = self.data cache [random idx]
else:
# Data is normalized in [0, 1]
data = 1/255 * np.asarray(io.imread(self.data files[random idx]) .transpose((2,0,1)),
dtype='float32")
if self.cache:
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self.data cache [random idx] = data

if random idx in self.label cache .keys():

label = self.label cache [random idx]
else:
# Labels are converted from RGB to their numeric values
label = np.asarray (convert from color (io.imread(self.label files[random idx])),

dtype='int64"')
if self.cache:
self.label cache [random idx] = label

# Get a random patch

x1l, x2, yl, y2 = get random pos(data, WINDOW SIZE)
data p = datal:, x1:x2,yl:y2]

label p = label[xl:x2,yl:y2]

# Data augmentation
data p, label p = self.data augmentation(data p, label p)

# Return the torch.Tensor values
return (torch.from numpy(data p),
torch.from numpy (label p))

class MyNet (nn.Module) :
# MyNet network
@staticmethod
def weight init (m):
if isinstance(m, nn.Linear):
torch.nn.init.kaiming normal (m.weight.data)

def init (self, in channels=IN_ CHANNELS, out channels=N_CLASSES) :
super (MyNet, self). init ()
self.pool = nn.MaxPool2d (2, return indices=True)
self.unpool = nn.MaxUnpool2d(2)

self.convl 1 = nn.Conv2d(in channels, 64, 3, padding=1)
self.convl 1 bn = nn.BatchNorm2d(64)

self.convl 2 = nn.Conv2d (64, 64, 3, padding=1)
self.convl 2 bn = nn.BatchNorm2d(64)

self.conv2_ 1 = nn.Conv2d (64, 128, 3, padding=1)
self.conv2 1 bn = nn.BatchNorm2d(128)
self.conv2 2 = nn.Conv2d (128, 128, 3, padding=1)
self.conv2 2 bn = nn.BatchNorm2d(128)

self.conv3 1 = nn.Conv2d (128, 256, 3, padding=1)
self.conv3_ 1 bn = nn.BatchNorm2d (256)
self.conv3 2 = nn.Conv2d (256, 256, 3, padding=1)
self.conv3 2 bn = nn.BatchNorm2d (256)
self.conv3_3 = nn.Conv2d (256, 256, 3, padding=1)
self.conv3_3 bn = nn.BatchNorm2d (256)

self.conv4 1 = nn.Conv2d (256, 512, 3, padding=1)
self.conv4d_ 1 bn = nn.BatchNorm2d (512)
self.conv4 2 = nn.Conv2d (512, 512, 3, padding=1)
self.conv4 2 bn = nn.BatchNorm2d(512)
self.conv4 3 = nn.Conv2d (512, 512, 3, padding=1)
self.conv4 3 bn = nn.BatchNorm2d(512)

self.conv5 1 = nn.Conv2d (512, 512, 3, padding=1)
self.conv5 1 bn = nn.BatchNorm2d(512)
self.conv5 2 = nn.Conv2d (512, 512, 3, padding=1)
self.conv5 2 bn = nn.BatchNorm2d(512)
self.conv5 3 = nn.Conv2d (512, 512, 3, padding=1)
self.conv5 3 bn = nn.BatchNorm2d(512)

self.conv5 3 D
self.conv5_3 D
self.conv5 2 D
self.conv5 2 D
self.conv5 1 D
self.conv5 1 D bn

n
n

n
n

ol

.Conv2d (512, 512, 3, padding=l)
nn.BatchNorm2d (512)
.Conv2d (512, 512, 3, padding=1l)
nn.BatchNorm2d (512)
nn.Conv2d (512, 512, 3, padding=1)
nn.BatchNorm2d (512)

o 1ol
5ol

self.conv4d 3 D = nn.Conv2d (512, 512, 3, padding=1)
self.convd_3 D bn = nn.BatchNorm2d(512)
self.conv4d 2 D = nn.Conv2d (512, 512, 3, padding=1)
self.convd_2 D bn = nn.BatchNorm2d(512)
self.conv4d 1 D = nn.Conv2d (512, 256, 3, padding=1)

self.conv4:1:D7bn = nn.BatchNorm2d (256)

83



self.conv3 3 D = nn.Conv2d(256, 256, 3, padding=1)
self.conv3 3 D bn = nn.BatchNorm2d (256)
self.conv3 2 D = nn.Conv2d (256, 256, 3, padding=1)
self.conv3 2 D bn = nn.BatchNorm2d (256)
self.conv3 1 D = nn.Conv2d(256, 128, 3, padding=1)
self.conv3 1 D bn = nn.BatchNorm2d(128)
self.conv2 2 D = nn.Conv2d(128, 128, 3, padding=1)

self.conv2 2 D bn nn.BatchNorm2d (128)
self.conv2 1 D = nn.Conv2d(128, 64, 3, padding=1l)
self.conv2 1 D bn nn.BatchNorm2d (64)

self.convl 2 D = nn.Conv2d(64, 64, 3, padding=1)
self.convl 2 D bn = nn.BatchNorm2d(64)
self.convl 1 D = nn.Conv2d (64, out channels, 3, padding=1)

self.apply(self.weight init)

def forward(self, x):

# Encoder block 1
= self.convl 1 bn(F.relu(self.convl 1(x)))
= self.convl 2 bn(F.relu(self.convl 2(x)))
, maskl = self.pool (x)

XXX

Encoder block 2

= self.conv2 1 bn(F.relu(self.conv2 1(
= self.conv2 2 bn(F.relu(self.conv2 2(
, mask2 = self.pool (x)

XX X e

Encoder block 3

= self.conv3 1 bn(F.relu(self.conv3 1(x)))
.conv3 2 bn(F.relu(self.conv3 2(x)))

= self.conv3 3 bn(F.relu(self.conv3 3(x)))

, mask3 = self.pool (x)

XX X X =
)]
(0]
—
h

Encoder block 4

= self.conv4 1 bn(F.relu(self.convd_1(x)))
.conv4 2 bn(F.relu(self.conv4 2(x)))

= self.conv4 3 bn(F.relu(self.convd 3(x)))

, mask4 = self.pool (x)

XX X X e
I
[}
[0]
—
h

Encoder block 5

= self.conv5 1 bn(F.relu(self.conv5 1(x)))
= self.conv5 2 bn(F.relu(self.conv5 2(x)))
= self.conv5 3 bn(F.relu(self.conv5 3(x)))
, mask5 = self.pool (x)

XX X X

Decoder block 5

= self.unpool (x, maskb)

= self.conv5 3 D bn(F.relu(self.conv5 3 D(x)))
= self.conv5 2 D bn(F.relu(self.conv5 2 D(x)))
= self.conv5 1 D bn(F.relu(self.conv5 1 D(x)))

XX X X =
|

Decoder block 4

= self.unpool (x, mask4)

self.conv4 3 D bn(F.relu(self.conv4d 3 D(x)))
= self.conv4 2 D bn(F.relu(self.conv4d 2 D(x)))
= self.convd 1 D bn(F.relu(self.convd 1 D(x)))

XXX X =
1

Decoder block 3

= self.unpool (x, mask3)

= self.conv3 3 D bn(F.relu(self.conv3 3 D(x)))
= self.conv3 2 D bn(F.relu(self.conv3 2 D(x)))
= self.conv3 1 D bn(F.relu(self.conv3 1 D(x)))

XXX X

Decoder block 2

= self.unpool (x, mask2)

= self.conv2_2 D bn(F.relu(self.conv2 2 D(
= self.conv2 1 D bn(F.relu(self.conv2 1 D(

XX X =

Decoder block 1
= self.unpool (x, maskl)
= self.convl 2 D bn(F.relu(self.convl 2 D(x)))

= F.log softmax(self.convl 1 D(x))
return x

XX X

# instantiate the network
net = MyNet ()

import os
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import urllib
import urllib.request

vggl6 weights = torch.load('./vggl6 bn-6c64b313.pth')
mapped weights = {}
for k vgg, k MyNet in zip(vgglé6 weights.keys(), net.state dict().keys()):
if "features" in k vgg:
mapped weights[k MyNet] = vggl6 weights[k vgg]
print ("Mapping {} to {}".format (k vgg, k MyNet))

try:

net.load state dict (mapped weights)

print ("Loaded VGG-16 weights in MyNet !")
except:

# Ignore missing keys

pass

net.cuda ()

# Load the datasets
all files = sorted(glob(LABEL FOLDER.replace('{}', '*')))

all ids = [f.split('area')[-1].split('.")[0] for f in all files]

train ids = ('1', '3', '23', '26', '7', '11', '13', '28', '17', '32', '34', '37']
test ids = ['5', '21', '15', '30']

print ("Tiles for training : ", train ids)

print ("Tiles for testing : ", test ids)

train_set = ISPRS dataset(train_ids, cache=CACHE)
train loader = torch.utils.data.DatalLoader (train set,batch size=BATCH SIZE)

base 1r = 0.01
params_dict = dict(net.named parameters())
params = []
for key, value in params dict.items():
if ' D' in key:
# Decoder weights are trained at the nominal learning rate

params += [{'params':[value],'lr': base 1r}]

else:
# Encoder weights are trained at lr / 2 (we have VGG-16 weights as initialization)
params += [{'params':[value],'lr': base lr / 2}]

optimizer = optim.SGD(net.parameters (), lr=base lr, momentum=0.9, weight decay=0.0005)
# We define the scheduler
scheduler = optim.lr scheduler.MultiSteplR(optimizer, [25, 35, 45], gamma=0.1)

def test (net, test ids, all=False, stride=WINDOW SIZE[O], batch size=BATCH SIZE,

window size=WINDOW SIZE) :
# Use the network on the test set

test images = (1 / 255 * np.asarray(io.imread(DATA FOLDER.format (id)), dtype='float32') for id in
test ids)

test labels = (np.asarray(io.imread(LABEL FOLDER.format (id)), dtype='uint8') for id in test ids)

eroded labels = (convert from color (io.imread(ERODED FOLDER.format (id))) for id in test ids)

all preds = []

all gts = []

# Switch the network to inference mode
net.eval ()

for img, gt, gt e in tqgdm(zip(test images, test labels, eroded labels), total=len(test ids),

leave=False):
pred = np.zeros (img.shape[:2] + (N_CLASSES,))

total = count sliding window (img, step=stride, window size=window size) // batch size
for i, coords in enumerate (tgdm(grouper (batch size, sliding window (img, step=stride,
window_size=window_size)), total=total, leave=False)):
# Display in progress results
if i > 0 and total > 10 and i % int (10 * total / 100) == 0:

_pred = np.argmax(pred, axis=-1)

fig = plt.figure()

fig.add subplot(1,3,1)

plt.imshow (np.asarray (255 * img, dtype='uint8'))
fig.add subplot(1,3,2)
plt.imshow (convert to color( pred))
fig.add_subplot (1,3, 3)

plt.imshow (gt)

clear_output ()

plt.show ()
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# Build the tensor

image patches = [np.copy(img[x:x+w, y:y+h]).transpose((2,0,1)) for x,y,w,h in coords]
image patches = np.asarray(image patches)

image patches = Variable (torch.from numpy(image patches).cuda(), volatile=True)

# Do the inference
outs = net (image patches)
outs = outs.data.cpu() .numpy ()

# Fill in the results array

for out, (x, y, w, h) in zip(outs, coords):
out = out.transpose((1,2,0))
pred[x:x+w, y:y+th] += out

del (outs)

pred = np.argmax (pred, axis=-1)

# Display the result

clear_output ()

fig = plt.figure()

fig.add subplot(1l,3,1)

plt.imshow(np.asarray (255 * img, dtype='uint8'))
fig.add_subplot(1,3,2)
plt.imshow (convert to color (pred))

fig.add subplot(1,3,3)

plt.imshow (gt)

plt.show ()

all preds.append (pred)
all gts.append(gt_e)

clear_output ()
# Compute some metrics
metrics (pred.ravel (), gt e.ravel())

accuracy = metrics(np.concatenate([p.ravel() for p in all preds]), np.concatenate([p.ravel()
for p in all gts]) .ravel())
if all:
return accuracy, all preds, all gts
else:

return accuracy

from IPython.display import clear output

def train(net, optimizer, epochs, scheduler=None, weights=WEIGHTS, save epoch = 5):
losses = np.zeros (1000000)
mean_losses = np.zeros(100000000)
weights = weights.cuda ()

criterion = nn.NLLLoss2d(weight=weights)
iter =0

for e in range(l, epochs + 1):

if scheduler is not None:
scheduler.step ()

net.train ()

for batch_idx, (data, target) in enumerate (train loader):
data, target = Variable(data.cuda()), Variable(target.cuda())
optimizer.zero grad()
output = net (data)
loss = CrossEntropy2d(output, target, weight=weights)
loss.backward/()
optimizer.step ()

losses[iter ] = loss.data[0]
mean losses[iter ] = np.mean(losses[max(0,iter -100):iter ])

if iter % 100 ==
clear output ()
rgb = np.asarray (255 * np.transpose(data.data.cpu() .numpy() [0], (1,2,0)), dtype='uint8'")

pred = np.argmax (output.data.cpu() .numpy () [0], axis=0)
gt = target.data.cpu() .numpy () [0]
print ('Train (epoch {}/{}) [{}/{} ({:.0£}%)]\tLoss: {:.6f}\tAccuracy: {}'.format (

e, epochs, batch idx, len(train loader),
100. * batch idx / len(train loader), loss.data[0], accuracy(pred, gt)))
plt.plot (mean losses[:iter_]) and plt.show ()
fig = plt.figure()
fig.add subplot (131)
plt.imshow (rgb)
plt.title('RGB")
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fig.add subplot (132)
plt.imshow (convert to color(gt))
plt.title ('Ground truth')
fig.add subplot (133)
plt.title('Prediction')
plt.imshow (convert to color (pred))
plt.show ()

iter +=1

del (data, target, loss)

if e % save epoch ==
# We validate with the largest possible stride for faster computing
acc = test(net, test ids, all=False, stride=min(WINDOW SIZE))
torch.save (net.state dict(), './MyNet256_epoch{}_{}'.format(e, acc))
torch.save (net.state dict(), './MyNet final')

train(net, optimizer, 10, scheduler)

net.load state dict(torch.load('./MyNet final'))
_, all preds, all gts = test(net, test ids, all=True, stride=32)

for p, id in zip(all preds, test ids):
img = convert to color (p)
plt.imshow(img) and plt.show()
io.imsave ('./inference tile {}.png'.format (id ), img)
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ANALYTICAL REVIEW

The basic approach for semantic segmentation of images is a combination of
three algorithms: detectors, handles and classifiers. These algorithms determine the
basic image parameters, mark out objects and classify them. Basic picture settings
include brightness, color, texture, borders and corners of objects, and the like. The
parameters of the image are detected using algorithms-detectors, and are then
mathematically described using the algorithms of descriptors that result in a new
marking out of objects in the image. Then it is necessary to define to what class the

objects belongs; this procedure is engaged in algorithms of classifiers.

1. Overview of semantic image segmentation algorithms

1.1 Detectors and descriptors

The SIFT detector (scale invariant feature transform) is based on the use of
scalable spaces- a set of all sorts of filters-smoothed versions of one image. When
using a Gaussian filter, this scalable space becomes invariant to shifts, rotations and
not displacing local extrema of the scale. To improve the invariance to scale, the
detector uses the original image, taken at different scales by building a pyramid of
gaussians: all scalable space is divided into so-called octaves, so that the next octave
take two times more space than the previous one. In each octave there is a certain
number of gaussians images, from which the difference of gaussians constituting a

separate pyramid is subtracted (Fig. 1) [1]
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Figure 1 - Pyramids of gaussians and the difference of gaussians

It remains only to determine the special (key) points. The main criterion for a
singular point is that it should represent local extrema of the gaussians difference. To
locate specific points the method shown in Figure 2 is used. For each point in the
image the difference of gaussians is compared with neighboring points both in this
image, and in the images next to it. Accordingly, if this point is greater or smaller
than these, it is considered a local extrema.

Next, this point is checked: with the help of Taylor polynomial, the offset from
the exact extrema is identified as well as the contrast value of the guassians
difference in order to find a point on the boundary of the object by using of Hesse's
matrix.

After that the orientation of the key point is calculated based on directions of

nearby points gradients. Now this point is ready to be described by its descriptor.
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Figure 2 - Determination of local extremum on the Pyramid of Gaussians
Difference

The SURF detector (speeded up robust features) is a modernisation of the SIFT
detector, but instead of the Gauss function its approximation is used by a rectangular
filter 9x9, which accelerates the result of the algorithm. Accordingly, it shares the
same advantages and disadvantages as the SIFT detector. [1]

The fast (features from accelerated segment test) algorithm does not require the
calculation of the brightness derivatives, but rather the brightness in the circle from
the point is checked. First, a rapid test is conducted being four points away from the
investigated one, and then the rest are checked. In this case, the values of the quick
test are not counted in the full enumeration. The number of checks and their sequence
are determined on the training sample, and the presence of the angle is determined by
only a few dozen checks. Thus, the algorithm works quickly enough to be used in
real-time systems. [2.3]

The idea behind the MSER algorithm (Maximally stable extremal regions) is to
determine the intensity of the image pixels and compare them to a certain threshold
(if the pixel intensity is greater than the threshold, consider it white or black). Thus,
the pyramids of images are built, at the beginning of which there are white images,
and at the end black. Such a pyramid allows to construct a set of the connected
intensity component which will be invariant to affine transformations. This algorithm

works consistently, but has partial invariance regarding scale.
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In addition to the detector, there is a special SIFT descriptor, which is a local
histogram of the image gradient directions. The output descriptor is a vector of values
describing the surrounding area of this key point.

The principle of its operation is to determine the gradient of the image, its
direction and module multiplied by the weight for each of the four sectors around the
singular point. For each sector there is a histogram of gradient directions, each

occurrence of which is weighed by the module of this gradient.
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Figure 3 - The construction of SIFT descriptor
Thus, the main advantages of ligaments and SIFT descriptor are: invariance
regarding the scale and rotation of the image, resistance to illumination change and
computational efficiency. [1,2,3]

The SURF descriptor is similar to SIFT descriptor, but instead of using
weighted histogram of gradients it uses feedback from the original image on Haar
wavelets. Square area is built around the point of interest and is oriented relative to
the preferred direction of the square and is divided into square sectors in which a
response to the Haar wavelets aimed vertically and horizontally is calculated. Data
responses are weighed and summarized for each of the sectors forming the first part
of the descriptor.

In order to take into account not only the fact of change of brightness from a
point to point, but also to retain information on the direction of change of brightness,
it uses the sum of absolute luminance. As well as SIFT descriptor, SURF is invariant

to changes in brightness and scope. [1,3]
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HOG (Histogram of oriented gradients ) descriptor of key points, based on
calculating directions of the gradient in local areas of the image. Its algorithm is
similar to the SIFT algorithm, but differs in the way the computation is carried out on
a dense grid of evenly distributed cells. This algorithm also uses local contrast
normalization to increase accuracy.

It is based on the assumption that the appearance and shape of an object can be
described using the distribution of intensity gradients or directions. Therefore, when
the algorithm is working, the image is divided into small cohesive areas called cells,
and a histogram of gradient directions and edges for pixels within a cell is calculated
for each cell. The output of the descriptor is the combination of these histograms. The
advantages of this algorithm include the fact that when working with local cells, it

has a low sensitivity to geometric and photometric transformations. [1,2]

1.2 Classifiers

Bag of words algorithm is among the most common classes of algorithms for
image classification. Its name largely determines the principle of its operation,
because it actually uses the histogram of occurrences of certain patterns in the image.
[4]

Basically, this algorithm was used to classify texts, which also builds a
histogram of the occurrences within the document of words from the previously
prepared dictionary, but can be efficiently used for other tasks.

Main steps of this algorithm are:

1. Defining specific (key) points in the image;

2. Building the descriptors of these points;

3. Conducting clustering of these descriptors belonging to the objects of
training sample (that is, to fill the dictionary "words");

4. Building a description of each image as a normalized histogram of
"words" occurrence (calculation for each of clusters the quantity of
special points of an image classified to it);

5. Building a classifier that uses description from step 4.
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For the first two steps any detectors and descriptors can be used if they are
resistant to affine transformations and changes in illumination.

The main drawback of this classifier in a large vocabulary is size, and its size
should not exceed a certain value at which it is resistant to noise. Also, the bag-of-
words does not take into account spatial information about the object that the
presence of similar descriptors of singular points of different objects in the image
descriptions may be the same. [5]

Support vector machine (SVM) is one of the most popular methods of training
classifiers. Initially this method was used for the tasks of binary classification, but it
Is easily generalized for problems with a large number of classes, as well as the
problem of recovering the regression. To train the algorithm it is proposed to build a
linear threshold classifier

n (1)
sgn < - WiX;- W0> .

The equation (w, x) = w, describes a hyperplane that separates the classes. If
we assume that the sample is linearly separable, then it becomes obvious that this
plane is not the only one and there are other provisions also in the split sample. [4]

The idea of the method is to select suchw andw, those which would be optimal
from the perspective of any particular criterion. Initially, the method of classification
arose from heuristic assumptions, but now has a theoretical justification.

In order for the hyperplane to be more stable shared classes, it must stand from
the sampling points at maximum distance. This is achieved when the norm of the
vector is wminimal. The support vectors are called the set lying on the boundaries of
the regions separated by a hyperplane.

The algorithm is also easily summarized for linearly inseparable data by
moving from the original space of the characteristic descriptions of objects to another
medium with the help of function cores. The advantages of this algorithm in addition
to the prevalence and ease can be attributed to the small training sample, in which the
classifier will give an acceptable result. This is also a drawback — the algorithm does
not use all the set, but only a small fraction on the boundary. [4, 5]

94



2. Artificial Neural Networks

Artificial Neural networks (ANN) are the algorithms that simulate the way
information is processed by a human brain. They represent a distributed parallel
processor, consisting of elementary particles of information processing (neurons) and
connections between them (synaptic weight), allowing to accumulate knowledge
from the environment and used in the process of training. [6]

Artificial neural networks consist of layers of neurons and have different
architectures. Classical networks are fully connected, i.e. a network in which every
neuron of one layer is connected with neurons of the previous layer. Processing of
information by a neuron in such networks is carried out by multiplying all input
signals on corresponding synaptic communications, their summation and processing
by function of activation of a neuron, after which the signal spreads further over the
network. Network training consists of readjusting the synaptic weights depending on

the network output.
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Figure 4 - A fully connected ANN with two internal layers
The main disadvantage of the classical neural networks for image processing is
the large size of the input vector (i.e., each pixel of the image). As a result of the
growing number of neurons in each layer and for large images it gets too bulky and
heavy for training. Classic neural network can take into account the topology of the

original image, as taking it as a whole. [7]
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Convolutional neural networks are deprived of these disadvantages, which
have special convolutional and subdirectory layers. The basic idea of these layers is
creating shared weights, i.e. some of the neurons use the same weighting factors and
are combined into a map of features, each neuron is connected to the previous layer.
Each neuron of such layer performs the operation of mathematical convolution of
some area of the previous layer and such layer is accordingly called convolutional
and models some peculiarities of human vision, responsible for detection of a specific
characteristic. The subsampling layers are responsible for the reduction of the input
vector into a certain number of times (usually twice).

Thus, convolutional neural networks have a much lower number of adjustable
weights that allows the network to learn the synthesis of information, not

memorization. Such networks are resistant to scale, shift and rotation.

2.1 Neural network

Biological neural network provides the possibility of effective human
interaction with the environment by performing a variety of tasks: pattern
recognition; signal processing of the sensory organs; motor skills and many others. In
this case, these tasks are often performed repeatedly and sequentially within hundreds
of milliseconds, which is much faster than solving similar problems on modern
computers.

This is due to the fact that the methods of information processing by the human
brain are very different from the methods of processing information of computer
machines, due to the special structure of the human brain, consisting of a large
number of neurons (about 10 billion), connected to a single network. Each neuron
consists of the nucleus, the body of the cell and the sprouts (dendrites, receiving input
signals, and axons transmitting) connecting them to each other, and the main task of
each of them is to transmit electrochemical impulse all over the network. This is
ensured by the fact that the biological neural network has a high degree of
connectivity-each neuron is connected by several thousands of others and each such

connection has the power of synaptic communication, determining the amplification
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or weakening of the impulse transmission between these neurons. Thus, the structure
of the human brain is not static and constantly changing, setting these connections
and allowing to build its own rules based on the “experience". In other words, the

structure of the human brain allows learning. [7.8]

2.2 Neuron Model

A neuron is the basic unit of information processing in ANN. It is a simple
processor that transforms some input signals into output by a certain rule. This output
signal is delivered to other neurons by weighted connections. The general structure is

shown in Figure 5.
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Figure 5 - Neuron model

In the model of a neuron it is possible to distinguish three basic elements [6]:

4. Presence of the suspended bonds — synapses possessing weight. Thus, each
input signalx; coming to the inputj of a neuronk is multiplied by
weightw, ;. Unlike the biological neural network, these weights can be both
positive and negative.

5. Adder adds input signals to the balance of synapses. There is also a
threshold element in the model that reflects the amplification or weakening

of the signal supplied to the activation function.
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6. The activation function (compression) is a function that limits the amplitude
of the output signal. Usually adjusts the signal in intervals from 0 to 1 or
from-1 to 1.

Next there will be the functioning of the neuron using mathematical equations

described:
= (2)
W= Z ijXj .
=1
Y, =0 (uctby) , (3)

where x4, x5, ..., X;,— Input signals; wyq, Wiy, ..., Wim— Synaptic of the neuron's
weight; u;— a linear combination of inputs; ¢ ()— activation function; y, - the output
of the neuron. The postsynaptic potential is computed by the formula 3 and is due to
the effect of the affine transformation from the threshold element b,.

Vk:uk+bk . (4)

This threshold is an external parameter for the neuron kand can be transformed
as a new synapse with input signal x, = +1and weightw,, = b;.. Thus, equations 1

and 2 would look this way:

- ®)
U= Z ij Xj ,
=0
Y~ PUk - (6)

2.3 Activation functions
Activation functions (compression, excitation)-is a function that calculates the
output signal of an artificial neuron. One of the most common types of functions are:
3. A threshold function or a function of a single jump.
Accordingly, if the input value is below the threshold, the value of the
activation function is equal to the minimum, or the maximum. It is sometimes

referred to as the Heavyside function.
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Mathematical Description of this function:

(1, &v>0 (7)
o(V)= {o, &v<0

Linear threshold or hysteresis function is piecewise given and has three
intervals, two of which are the minimum and maximum threshold, and the third
increases. [6,7]

1
fl, vV>+t= (®)
1 1
V)= < +=>y>-—
o(v) vl, 57V>-3
1
kO’ VS-E

Here the gain in the linear region of the operator is assumed to be a unit and
this function can be viewed as an approximation of the nonlinear amplifier. There are
two special forms: a linear combiner is a linear area of the operator which does not
reach the saturation threshold; the threshold function - if the amplification factor of a

linearly region is adopted as infinitely large. [6]

4.Sigmoidal function is the most common when creating an ANN. It accepts
not only strict values of 0 or 1, but also infinite set in the interval from 0 to 1. The
logistic function can be an example of such a function:

(V)= ©

l+exp(-av) ’

where a is the slope parameter of sigmoidal function. By adjusting this
parameter, it is possible to change the steepness of the function itself. Some situations
require the symmetry relative to the origin, respectively, the range of values of the
function must be in the interval from -1 to +1. This function is called Signum and its
example can be hyperbolic tangent:
¢(v)=tanh(v) . (10)
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Figure 6 - Types of activation functions: threshold function (a) hysteresis (b);
hyperbolic tangent (V); logistic function (g)

The types of functions described above convert the input signal into output by
precisely defined values of this signal. However, it may be necessary to use the
probabilistic approach and move to the stochastic model of the neuron. In such a
model the neuron can be in the state-1 and + 1 and switch with some probability of
occurrence of such event. The following formula can be used to describe such a
model [6]:

+1, &c BeposTHOCTBIO P(V) (11)
-1, &c BeposTHOCTEIO 1-P(V).

o(v)= {

Wherex is the state of the neuron; P(v)is the probability of activating the

neuron. This probability is also described by a sigmoidal function:

P(v)= , (12)

I+exp (- %)
where T— describes the effect of synaptic noise. If this parameter aspires to

zero, the stochastic neuron will accept the threshold form of activation.
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2.4 ANN Architectures

In fully-connected networks the propagation of information occurs from
neurons of an input layer and is passed further to neurons of an output layer. In the
simplest case such networks have one layer of neurons which is the output-these
networks are called single-layer. If the network has additional layers that are called
hidden layers, then the network is called multilayer and the more there are hidden
layers, the more there are synaptic links and interaction of neurons, thus there are
more possibilities for processing big data. One of the first and simple neural networks
Is perceptron — single-layered ANN direct distribution with a threshold activation
function. [6]
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Figure 7 - ANN of direct spread with two hidden layers

In fully-connected networks, the neurons of each layer are connected to all
previous neurons that is inconvenient or ineffective when solving certain tasks.
Convolutional neural networks-are a special type of neural networks located very
close to the structure of the convolutional layers, subsampling layers and fully-
connected layers. This architecture of networks includes three paradigms: local
perception; partial weight; subsampling. [6.7]

Local perception implies that the input of one neuron comes all the exits of the
previous layer, but only some defined part thereof. Shared weights imply that a small
set of weights, called cores, is used for most relationships. The core consists of a
matrix of small size, which is applied to the input vector or layer of neurons. For
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example, if the input vector is an image consisting of pixels, the kernel is applied to
the image through a mathematical operation convolution. The essence of this
operation consists in elemental multiplication of a fragment of an image on a matrix
of a kernel, summation of the received values and record of the result in the similar
position of an output image which is called a map of traits as convolution kernel will
give the degree of similarity of the fragment with a filter or a sign of something in the
image. Accordingly, the network layer that performs the convolution operation is

called convolutional.
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Figure 8 - Applying the core to the image
The essence of subsampling is to reduce the spatial dimension of the image,
usually twice. That is, the original image is averaged, providing invariance regarding

scale. Respectively. Subsampling layers are engaged in this operation. [7.8]
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Figure 9 - Structure of the convolutional neural network

Recurrent network is possessing at least one feedback. The concept of
feedback is typical for systems in which the output signal affects input signals.

Feedbacks exist in the nervous system of almost any animal and allow to amplify
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external signals, signals circulating inside the system. Thus, in recurrent networks,
neurons can exchange information with each other and this is an important difference
from a direct distribution network — feedbacks allow to organize some semblance of
memory that allows to store some information about The previous state of the
network, and, therefore, allows you to analyze the data sequences for which the order
of their values, for example, musical compositions or the state of the stock market is
important. One of the first recurrent of ANN was the Hopfield
network, which practically implements one cell of associative memory. This network

consisted of one hidden layer of neurons connected to each other. [6.7]
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Figure 10 - Hopfield's Recurrent Cetwork
Network of radial basis functions. Such functions form one of the simplest

classes and can be used in different networks (like the multilayer and single layer)

2.5 ANN Training

The ability to train on the basis of external data and thereby improve their own
performance is one of the most important features of ANN.

Training — the process in which free parameters of a neural network are
adjusted by modeling the environment in which the network is embedded. The type

of training is determined by the way these parameters are built. [6]
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Based on the definition it is possible to distinguish the sequence in ANN
training: supply of incentives from the external environment; change of free network
parameters; change the network response to subsequent excitation. This sequence is
called the teaching algorithm, each of which differs in the way of setting the synaptic
weights of neurons and the way of communication of the trainee network with the
surrounding world. The teaching algorithms are iterative and each iteration is called
an epoch.

There are two main paradigms of neural network training: learning with and
without a teacher. The concept of teacher training is that the teacher prepares for the
neural network special pairs of inputs and reference outputs. Let us assume that some
input values are coming from among the surrounding ones. With knowledge, the
teacher can generate the desired response to these input values and transmit the ANN.
Network settings will be adjusted on the basis of quietly signal values and errors-the
difference between the desired signal and current output signal network. The
adjustment process is incremental and necessary to simulate the actions of the
teacher, which allows to convey the knowledge of the teacher in full. After
completing the training, ANN can act independently. [6.7]
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Figure 11 - Teacher Training Diagram
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Teaching with reinforcement (neurodynamic programming). In this training,
output signals are generated with interaction with the external environment. Figure 6
shows a diagram describing this algorithm. There are two important functions:
evaluation and reinforcement. The evaluation function determines which result is
acceptable in a long period, while the reinforcement function decides what is
acceptable at the moment. With this training, the network remembers the
correspondence between the situations and the actions necessary to be performed.
[6.8]
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Figure 12 - Teacher Training Diagram
Learning algorithms are divided into deterministic and stochastic:
1. Deterministic-setting options to ANN is iterative and is based on the
current state of the network.
2. Stochastic-setting options ANN is conducted randomly, but only those
changes that have resulted improvement in a neural network.
Hebb's Method is one of the first methods of learning based on biological
studies, suggesting that the strength of connections between neurons is enhanced if

both neurons are simultaneously active. Thus, the change of weight of connection
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depends only on a pair of neurons-at synchronous excitation communication
strengthened, and at asynchronously on the contrary.

At the beginning of training with this algorithm, all weights are assigned some
random values. When the input signal is submitted, the processing and output is
performed, on the basis of which the weighting factors are changed according to the
above-mentioned rule. [6.9]

As competitive method of training output neurons cannot be activated
simultaneously, as in the network trained by the Hebb's method, and compete for the
right to be activated. Moreover, the synaptic weights are distributed so that the input
data result in different reactions of different neurons. Thus, each output neuron in
such networks is responsible for some group or class of traits and is a characteristic
detector. Readjustment of weights is made only for the winning neuron in the
competition. [7.8]

Correction of errors is the model that uses the learning algorithm with the
teacher, where the input data is accompanied by the desired output. To adjust the
weights, the output data is compared with the desired results. Let us consider one of
them:

Back propagation algorithm error got its name due to the fact that the error
calculated on each iteration is spread by ANN from the exit to the input in order to
reconfigure the synaptic weights. In the course of training the network, when
submitting the input vector, the output of the network is compared with the output
from the training sample, forming an erroréd = d — y, whered-the reference output,
and-ythe output of the network. This error is caused not only by the error of the
output neurons, but also by all hidden neurons. [9]

Adjustment of synaptic weights is made according to the Widrow — Hoff rule
(Delta rule):

Aw;=n0x; , (13)

wheren is the coefficient of speed training;x; -the values of the input;& -error.

The new synaptic weight is calculated according to the following formula:
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Wi (k+1): Wi (k)+ AWi , (14)

wherek is the iteration number of training.

For the output error an average squared error is commonly used:

1 2
B=5 ) ;4 (15)
J
Then, in accordance with a gradient descent we get:
OE
AW:= - —— 16
wherew; ; is the current weight connectioni of neuron;.
There will be shown that that is true for linear neurons
dy.
OF _EZ (17)
Then substituting (17) (16) we will get
OE Oy.
AW:= - — —L (18)
WIJ L aWU aW]J
As a consequence of this and (13) it will be
OE
—=-9;. 19
5 (19)

When the output of a neuron is formed by using the activation function (f(S))

equation (17) and (19) will look like this:
0y. 8S. 0y.
OB _CED; 05 . OED; (20-21)

Having differentiated the expression (15) and considered equations (20-21), we

receive:
5:8_E%:(y_d.)f'(s) _ (22)
1 dy. oS; !

All the cofactors of the right part of the expression (20) are known and
determine the amount of weight correction (23), and taking into account that the
synaptic weights the change in the direction of the error function, we get the reverse

direction on the sign of the derivative error function (24).
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OE

Gwij

-(y-dj)f'(S)Xl, AWij: Sin . (23-24)

The resulting errord; is an error of an output neuron. To get the error of a
hidden neuron their weight should be adjusted according to the formula (24) on the
contribution to the error of the next layer. Thus, the larger the error on the next layer
and the more the synaptic weight of the connection linking these two neurons is, the
greater will be the error at the output of the hidden neuron. Thus, we get the error of

the hidden neurons:
5= (S) z B Wi - (25)
k

The algorithm of error back propagation uses gradient descent. The idea of this
optimization algorithm is to move to the local extrema of the function in the direction
of the fastest descending or ascending function. For this purpose, there is a gradient-a

vector defining directions of an ascending function:

grado= Vo= Z—ZH Z—(yijr Z—(Zpk. (26)

In the case of artificial neural networks, the gradient is calculated as the sum of
the gradients caused by each element of the training sample. This kind of gradient
descent is called batch. [7.8]

In contrast to batch gradient descent, there is a stochastic gradient descent
(operational), except that the value of the gradient is approximated by the gradient of
the function value, calculated on the same random element tutorial sample.

There is also a third option, which combines a batch and Stochastic methods-
mini-batch. [9] this method approximates the value of the gradient for n randomly
selected elements of the training set.

From advantages of this algorithm it is possible to carry out easy realization,
possibility to use many functions of losses, and that it can be used for big data. From
the drawbacks, this algorithm is mainly used for convex functions, since other
functions only local extrema are found. Also, in some situations, a possible

divergence when choosing training rate which is too large or the convergence rate
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will be too small, though there is the possibility of overfitting. To solve these
problems, there is a gradient descent optimizer. Let us consider one of them:

1. Nesterov Accelerated Gradient method optimization-this method is based on
the idea of stockpiling impulse, i.e. with the long-term movement in one direction,
the speed will be maintained for some time after. To do this, you must store several
previous values and calculate the average. Calculating the average value takes too
much memory for a large number of occurrences, so the average is used. Multiply

these values by a factor of preservationy. [12]

vi= yver (- Yx. (27)

2. Adagrad is an adaptive gradient. It is a family of algorithms, the main idea
of which is to keep some rare signs to protect them from noise. This creates a certain
value for example the sum of the squares of the upgrades or modules for a parameter
of an artificial neural network. On the basis of this value the updates of elements are
regulated-frequently met ones are updated less often, freeing up some place for
seldom one, thus the adaptive speed of training or attenuation of speed of training is
obtained. [12]

3. Adam-adaptive moment estimation. This optimization method combines the
accumulation of the pulse, considered in the Nesterov method, as well as storing the
frequency of the gradient change, similar to the Adagrad. Thus, this method has the

advantages of both methods considered. [12]
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1.4 3. Review and comparison of libraries.

TensorFlow is an open program library for machine training developed by
Google to solve the problems of building and training a neural network to
automatically locate and classify images, achieving the quality of human perception.
It is applied to both research and development of Google's own products. The basic
APl for working with the library is implemented for Python, and there are also

implementations for C++, Haskell, Java and Go.

Torch is a library for scientific computing with broad support for machine
training algorithms. Developed by the Idiap Research Institute, New York University
and NEC Laboratories America since 2000, it is distributed under the BSD license.

The library is implemented in Lua language using C and CUDA. The fast Lua
scripting language combined with SSE, OpenMP, CUDA Technologies allow Torch
to show good speed in comparison with other libraries. Currently, Linux, FreeBSD,
Mac OS X operating systems are supported. The main modules also work on
Windows.

Keras is an open neural library written in Python. It is built on frameworks,
Deeplearning4j, TensorFlow and Theano. [1] [2] focuses on operational work with
networks of deep training, while designed to be compact, modular and extensible. It
was created as part of research efforts of ONEIROS project ( Open-ended Neuro-
Electronic Intelligent Robot Operating System), [3] and its main sponsor and

supporting is Francois Cholle (FR. Francgois Chollet), a Google engineer.

For comparison, the libraries used a dataset CIFAR-10, which contains 10
classes of images[13]. The dataset contains 60000 color images 32 by 32 pixels,
where each class has 6000 images respectively. Classes included in CIFAR-10:
planes, cars, trucks, birds, cats, deer, dogs, frogs, horses and ships (Fig. 13). As
architecture for testing used by VGG 16 developed in Oxford in the year 2014 (fig.
14).
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Figure 13 - Examples of the images in the CIFAR 10 dataset
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Figure 14 - Network architecture for testing libraries
According to the results of the training time, the Pytorch library was the
fastest, 168 seconds, and the library TensorFlow-173 seconds and the longest time
shows the library Keras-252 seconds (Fig. 15). According to the accuracy of the
library Ppytorch and TensorFlow show the same results — 78%, Keras one percent
less — 77% (Fig. 16) [14].
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Figure 15 - Comparison of training libraries
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Figure 16 - Accuracy of training results
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Table 1-Summary of library features.

Library Keras PyTorch TensorFlow
Adam Paszke, Sam
Gross, Soumith
Chintala, Gregory

Authors Francois Chollet Chanan Google Brainteam

Distributed under the
license

MIT license

BSD license

Apache 2.0

Open source

+

+

+

Linux, macOS,

Linux, macOS,

Linux, macOS,

Supported OS Windows Windows Windows,Android

Written in language Python Python, C, CUDA C++, Python, CUDA
Python (Keras),
C/C++, Java, Go, R,

Language interface Python, R Python Julia

CUDA Support + + +

Automatic

differentiation + + +

There are pre-trained

models + + +

Supports recurrent

neural networks + + +

Supports

convolutional neural

networks + + +

Multi-threaded

calculations + + +

113




