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IHoaxoabl kK 00HAPYKEHUIO BPEIOHOCHBIX MPOrPaMM: NP0OJaeMbl AHAJIN3A U UCCJIeI0BAHUSA
Anv-Anu Mycmaga Masicuo
Anwauou Axmeo [ycaman, Anv-Azaeu Aoup fAcun, Kocmrwuenko Eezenuii IOpvesuy
Tomckuii 20cy0apcmeenHviil YHU8epcumen cucmem YnpaeieHus U paouodieKmpoHuKu
safo.alany@gmail.com

Ilens craThy — TPOBECTH HCCICAOBAHWME W aHAIM3 PA3IMYHBIX ITOJXOJOB, KOTOPBIE HPUMEHSIOTCS I
00HapyXeHHs BPEAOHOCHBIX MporpamMm. s JOCTHIKEHUS MMOCTABICHHON LENM OBUIM PEIICHBI CICIYIOUINE 3aJadu:
W3YyYUTh WMEIOMIMICS MaTepuail IO MAaHHON TeMaTWKe; MpUBEAeHa oOmas Monenb OOHApYKEHHS BPEIOHOCHOTO
MIPOTPaMMHOTO OOECHEYEHHs; NCCIECJOBAaHbl OCHOBHBIE COBPEMEHHBIC MOAXOIbBI, MPUMEHSAEMbIE AT OOHAPYKEHHS
BPEIOHOCHBIX NporpamM. [ pemeHns MoCTaBICHHBIX 3a/1a4 B CTaThE HCIIOIB30BAaHBI TaKHE METOIbI, KaK aHAIu3,
CHHTE3, olicaHue, 00o0menne. B 3akmouenne paboThl OTMEYAETCs, YTO B COBPEMEHHBIX aHTUBHPYCHBIX CHCTEMAX, B
CBOEM OOJBIIMHCTBE, MOXKHO YBHIETh Pa3iIMYHbIC COYETAHUS IOJXOJOB, YTO IIO3BOJISIET CYIIECTBEHHO IOBBICUTH
3¢ PEeKTUBHOCTH pabOTHI BCETO 3alMTHOIO KOMILIEKCA.

B COBPEMCHHOM MHUPE CJIOKHO BCTPETUTH C(bepLI YeJIOBEUECKOM JACATCIIbHOCTH, B KOTOPBIX HE MNOJYYWUIIN
IMUPOKOC NPUMEHCHHUEC BbIYHUCIIUTCIIbHAA TCXHUKA. C ux IIOMOIIBIO CO3Jar0TCs I/IH(lJOpMaI_[I/IOHHI)Ie CUCTEMBI PA3JIUNYHOTO
HampaBJICHUA. Hx ucnonp3oBaHue I/IH(l)OpMaIlI/IOHHI)IX CHCTEM II03BOJISICT JOCTHYh MaKCHUMaJIbHOM 3(1)(1)CKTI/IBHOCTI/I B
JOCTUKCHHUHU IIOCTaBJICHHOM OCIIN.

C KaXIpIM TOZIOM Bce OOJIBINYI0 ONACHOCTH AJSI COBPEMEHHBIX KOMIBIOTEPHBIX TEXHOJOTHH IMPEACTABIIOT
3JI0yMBIIIJICHHUKH, OTHOCSIIUECS K YHCIY CIICIMAINCTOB B cepax MPOrpaMMHUPOBAHUS U BEIYMCIUTEILHON TEXHUKH.
OHnu BIaferoT Bce He0OX0AMMOW HH(pOpMAaIHel 111 TOro, 9TOOBI 000HTH BCEBO3MOXKHBIE CIIOCOOBI 3alIUTHI CHCTEMBbI
1 HAHECTH €H HETONpaBUMBIM BpeX WM JKe 3aBllafileTh HeoOXoauMod mHpopmammeil. [loaToMy B HacTosIee BpeMs
JIOCTaTOYHO OOJIBIIOE BHUMAHHE YAEIIeTCS pa3padOTKe, CO3JaHUI0 U BHEAPEHHUIO 3alIUTHBIX CHCTEM, K YUCIY KOTOPBIX
MOYKHO OTHECTH Pa3IM4YHbIe aHTHBUPYCHBIE CHCTEMBI, OpaHIMayd3phl U T.II. IporpaMMHble KoMmuiekchl [1]. Konedno
e, YHHUBEPCANbHBIX CHCTEM He CYIIECTBYeT: KaxJas M3 TaKuX CHCTEM CO3[aeTCsl Ha OCHOBAaHUM OIpPENeNeHHBIX
HOAXO0JI0B, KOTOPHIX B HACTOAIIEE BPeMs CYLIECTBYET JOCTATOUHO OOJIBIIIOE KOJIUIECTBO.

B cBs3u ¢ BbIIECKa3aHHBIM MOXHO C YBEPCHHOCTBIO CKa3aTb, YTO U3YUYCHHC BOIIPOCOB, KOTOPLIC KacaroTCA
aHajin3a noaxoJ0B, NMPUMEHACMBIX IJid 06Hapy>1<eH1/m BPCAOHOCHBIX MporpamMm, SABJIACTCSA BCCbMa aKTyaJlbHbBIM B
HACTOAIICC BpEM:I.

Kaxxmas U3 CyIeCcTBYIOIIMX B HACTOSIIEE BPEMs TEXHOJIOTHI 3aIIUTHl COCTOUT M3 ABYX KIIFOYEBBIX JICMEHTOB —
TEXHUYECKOTO W aHAMTHYEeCKOro. J[aHHBIC 3JIEMEHTHI 0053aTeNIbHO JOJDKHBI OBITh PA3IMYUMBI Ha (YHKIHOHAIHLHOM
YpPOBHE, a Ha BCEX OCTaJbHBIX — He 00s3aTe’bHO. [1o1 TEeXHMYECKOH COCTABIAIOIICH MOHMMAECTCS BCE TO YHCIIO
ITOPUTMOB U (QYHKIIMH, C TOMOIIBIO KOTOPEIX 00ECIIeYNBACTCS aHATTUTHYSCKUN IEMEHT He0OX0AUMOM HH(pOpManuen
JUISL TIOCTIEYIOIIEro BBIMOJIHeHUs aHanmu3a. Crojja MOXKHO OTHECTH TEKCTOBBIC (peiiMbl, GaidToBbIid kox U T.m. Ilox
AQHAJINTUYECKOM K€ COCTABIIOIICH MOHMMaeTcs KOHKPETHO BBIOpaHHAs CHCTeMa, KOTOpas OTBEYaeT 3a IpoLecc
npuHsTus pemeHud. T.e., Mo (akTy, 3TO aJrOpUTM, C MOMOUIBIO KOTOPOTO IMPOM3BOAUTCS IpOILEypa aHalu3a |
NPUHUMAETCSI HEMOCPEICTBEHHOE peEIIeHHe, Ha OCHOBAaHMH KOTOPOrO YCTaHOBJIEHHOE 3alIUTHOC HPOrpaMMHOE
obecrieueHne BBITIOJIHSIET Bce HeOOXOIUMBIE Ollepallii B COOTBETCTBHE C €ro MOJUTHKON Oe3omacHocTH [2].

Ha pucynke 1 mokazana obmias MoJienb 0OHAPY>KEHUST BPEIOHOCHOTO MPOTPAaMMHOTO 00€CTIEUEeHHMS.

Koneuno e, B coBpeMeHHOM MHpe Hanbojee 3PpPEeKTUBHBIM «OPYKHEM», KOTOPOE MPUMEHSETCS Ak OOpHOBI ¢
BPEIOHOCHBIM TIPOTPaMMHBIM OOECIIeYCHHEM, SBISTIOTCS AHTHBHPYCHBIE MPOTPAMMEI, KOTOPBIE MOTYT BBIYHCIHUTH
HAXOXJCHUS BUPYCa MPAKTUIECKA B IIOOOM o0BeKTe [3].

B coBpeMeHHBIX AHTHBHPYCHBIX INIpOrpaMMax INPHMEHSeTCs JBa TIJIaBHBIX I0OIX0Ja K OOHAPYKCHUIO
BPEIOHOCHOTO TPOrPaMMHOTO OOECIeYCHHUs, KOTOPhIC MOJYYMJIM Ha3BaHWE CHTHATYPHBIA M IPOSKTUBHBIN
(aBpucTHUeckuil). PaccmoTpum ux monpooOHee.

CurHaTypHble METOJBI OTHOCATCSI K YHCITy TOYHEHIITNX METOMOB, KOTOPHIE NMPUMEHSIOTCS C IENBI0 BBISBICHHS
BHPYCOB M 0a3mpyroniecs Ha METOAWKE CPaBHEHHS KOHKPETHOTO (haiina ¢ 6a30# M3BECTHBIX BHPYCHBIX (haiinoB. B
paMKax JaHHOTO CPaBHEHHS BBISBIAIOTCSA XapaKTepHBIE YEPTHI, KOTOPHIE MOTYT OJHO3HAYHO MICHTU(HUIMPOBATH TO,
9TO TpoBepsieMblii (aiinm sABIAeTCS 3apakeHHBIM. Bcs COBOKYNHOCTH CHTHATYp CYIIECTBYIONIMX BHPYCOB U
MpeACTaBisieT co0O0M, TaK HA3bIBAEMYIO aHTUBUPYCHYyIO 0a3y. KoHEYHO Ke NpH HCIONB30BAaHWM IAHHOTO TIOAXOMIA
OYEHb BOXXHBIM SABJISIETCS OCYIIECTBIATH HENPEPHIBHOE OTCIICKUBAHNE HOBBIX IK3EMIUIIPOB 3JI0BPEIOB, UX OIHUCAHNE U
BKJIIOUCHHE B 0a3y CUTHATYp, UM 3aHHMAIOTCS 3KC-NIEPTHI B c(epe KOMITBIOTEPHOH BUPYCOJIOTHH, & TAKXKE CHEUaIbHO
CO3/1aBaeMble Ha NPEANPHUITUAX IKCIEPTHBIE TPYMIHI [4].



I'maBHBIM IpeUMyIIECTBOM JaHHOIO MOAXO0Ja SBJIAETCS TOYHOE U OJHO3HAYHOE BBHISIBJICHHE THUIIA BUpPYCa, UTO
MO3BOJISICT, B JajbHEHIIEM, T00aBUTh €r0 B aHTUBUPYCHYIO 0a3y W IPOIMHUCATh B HEH METONUKY €ro JiedcHus. Takke
CTOUT OTMETUTh, YTO NAHHBIA IOAXOJ O00JIaJaeT IOBOJBHO BBICOKON YacTOTOH OOHOBICHHWI CYIIECTBYIOIINX
aHTHBHPYCHBIX 0a3 W, MCXOII W3 JOCTHTHYTOTO YPOBHSA IMPAKTHYCCKUX PE3YNIbTaTOB, MMEET HAaWOOJbIIee YUCIIO
oOHapykeHHBIX yrpo3. OIHAKO €ro TJIaBHBIM HEJOCTATKOM SIBIISIETCS, BCE K€, JOBOJIHHO BHICOKAs BpEMEHHAs 3a7epiKKa
B CIIy4ae MOSIBIICHISI HOBBIX THIIOB YTPO3, TOCKOJIBKY JJIS CO3MaHHUS TaK HEOOXOANMBIX 00Pa3lOB CHUTHATYP U HOBBIX
yTpo3 TpeOyeTcst JOCTATOYHO MPOAOIDKUTEIBHBIN BPeMEHHOW IPOMEKYTOK. [laHHAsI IpUYHMHA HE MTO3BOJISIET IPUMEHATH
MAHHBIA TTOAXOJ JJIS CO3JaHMS OIEPATHBHOW 3aIUTHON CHCTEMBI, OJHAKO B OCTAIBHBIX CIIydasX NaHHBIM ITOJXOI
sBIsieTcst BecbMa 3(h(eKTHBHBIM [5].
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Puc.1 — Obwas moodenv obnapyscenus 8pe0OHOCHO20 NPOSPAMMHO20 0becneyeHUs

['TaBHBIM TPEUMYIIECTBOM JIAHHOTO IOIXOJa SBISCTCS TOYHOE M OJJHO3HAYHOC BBISABICHHC THIA BHPYCa, YTO
MO3BOJISCT, B JalbHEHIIIEM, JOOABUThH €r0 B aHTUBHPYCHYIO 0a3y M MPOMHCATh B HEH METOAUKY ero yeueHus. Takke
CTOMT OTMETHTh, YTO MaHHBIH MOAXOA OONAZacT JOBOJBHO BBICOKOW YaCTOTOW OOHOBJICHHUI CYIIECTBYIOUINX
AHTHUBUPYCHBIX 0a3 M, UCXOMAS M3 JOCTHUIHYTOTO YPOBHS MPAKTHYCCKHUX PE3yNbTATOB, MMEET HAMOOJBIIIEE YHCIIO
o6Hapyx eHHBIX yrpo3. OJHAKO ero INIABHBIM HEJJOCTATKOM SIBIISIETCS, BCE JKe, TOBOJBHO BBICOKAs BPEMEHHAs 3a/IepiKKa
B CJIy4ae MOSIBICHHSI HOBBIX THIIOB YIPO3, MOCKOIBKY IS CO3/IaHHS TaK HEOOXOIUMBIX 00pa30B CHTHATYD IJIS HOBBIX
yrpo3 TpeGyeTcst IOCTATOYHO MPOAODKUTEIIBHBIM BPEMEHHON IPOMEXYTOK. JIaHHAs IPUYHHA HE TI03BOJISIET IPUMEHSITh
JOAaHHBIA TOIXOM U CO3[aHMs ONMCPAaTHBHOW 3allUTHOW CHCTEMBI, OJHAKO B OCTAJBHBIX CIIyYasX MaHHBIA ITOJIXOJ
sBIsietcst BecbMa 3 dexTrBHBIM [6].

I[J'IFI INPpUHATHUA OKOHYATCJIbHOI'O0 PpEHICHHUA O BPCAOHOCHOCTH MPUIIOKCHUA Tp€6yeTC$I BMEIIAaTCIILCTBO
MOJIL30BATEJIAL, YTO NPCANIOJIAracT HAJIMYMUEC y HETO ,HOCTaTO‘IHOﬁ I(BaJ'II/I(l)I/IKaL[I/II/I.

Takum o6pa3oM, B X07ie BBINOJIHEHHUA JAHHOW pabOThl OBUIM pacCCMOTPEHBI OCHOBHBIE COBPEMEHHBIE MOIXOIHI,
KOTOpBIE TMPHUMEHSIOTCS Uil OOHApyXKEHUsl BPEJOHOCHBIX IPOrpaMM, ONKCAaHA CYLHIHOCTh HMX pabOThI, a TaKKe
MIEPEYHCICHbl OCHOBHBIC NMPEUMYINECTBA U HEeIOCTAaTKU. VcXoas M3 MX MPEUMYIIECTB U HEJOCTaTKOB XOTENOCh ObI
MOJIYEPKHYTh, YTO B COBPEMEHHBIX AHTHUBHPYCHBIX CHCTEMaX, B CBOEM OOJIBIIMHCTBE, MOYKHO YBUJIETh Pa3iH4YHbIC
COYETaHHUs MMOJXOJI0B, YTO MO3BOJISIET CYIIECTBEHHO MOBBICUTH 3()(EKTUBHOCTh PAOOThI BCETO 3aIMTHOIO KOMILIEKCA.
[IpakTndyecku nr0bas aHTHBHPYCHAs NporpamMma OOBEAMHSET B PA3HBIX IPOMOPLHUAX BCE TEXHOJOTHM U METOMBI
3aLIUTBL OT BUPYCOB, CO31aHHBIE K CETOHAIIHEMY JHIO.

Crrcok myOIrKamii:

[1] Ahmad I. u op. Performance comparison of Support Vector Machine, Random Forest, and extreme learning machine for
intrusion detection // IEEE Access. 2018. T. 6. C. 33789-33795.

[2] Kim J. u op. CNN-based network intrusion detection against denial-of-service attacks // Electronics. 2020. T. 9. Ne 6. C. 916.

[3] Khare N. u op. Smo-DNN: Spider monkey optimization and deep neural network hybrid classifier model for intrusion detection //
Electronics. 2020. T. 9. Ne 4. C. 692.

[4] Santikellur P. u op. Optimized multi - layer hierarchical network intrusion detection system with genetic algorithms // 2019 2nd
International Conference on new Trends in Computing Sciences (ICTCS). 2019.

[5] Qureshi A.-U.-H. u op. RNN-ABC: A new swarm optimization based technique for ANOMALY DETECTION // Computers. 2019.
T. 8 MNe 3. C. 59.

[6] Khraisat A. u dp. Hybrid intrusion detection system based on the stacking ensemble of C5 decision tree classifier and one class
support vector machine // Electronics. 2020. T. 9. Ne 1. C. 173..
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MMPOBJIEMbI MAIIMHHOTI'O OBYYEHUA JIJISI OFHAPY KEHUS BTOPXKEHUI B
IMPOMBIIIVIEHHBIX CUCTEMAX YIIPABJIEHUSA

Anwaubu Axmeo /rncaman
Anv-Anu Mycmaga Masxcuo, Anv-Azaeu Aoup Acun, Konee Aumon Anexcanopoguu
Tomcxuti cocyoapcmeennwlil yHugepcumem cucmem Ynpasienusi U paouod1eKmpoHUKU
Ahmed.jamal.alshaibi88@gmail.com

[TocTeneHHoe yBeNMYEHHE KOJUYECTBA YCHEIIHbIX aTak Ha MPOMBbIINUIEHHbIe cucteMbl ympasienus (I[ICY)
MPUBEJIO K OCTPO¥ HEOOXOJUMOCTH B CO3JaHUU MEXaHU3MOB 3aIIUTHI IJIsI TOYHOTO M CBOCBPEMEHHOTO OOHAPYKCHUS
BO3HUKAIOIIUX B Pe3yiabTaTe aHOMANuil mporeccoB. C MOMOIIbI0 aJrOPUTMOB MAIUHHOTO OOYYCHHS TPUBOJIUT K
OTHOCHUTEIILHO 0o0jiee JIeTKOMYy W OBICTPOMY CO3JaHHIO JCTEKTOPOB aHoManuii. HecMOoTps Ha mnpenMyIecTBa,
CYIIECTBYIOT CEPbE3HbIC MPOOIeMBI. B 3TOM paboTe MbI IepevncIisieM U 00CYKIaeM TAKHE BBI3OBEI.

Cuctembl oOHapyxeHus ropxennit (COB) cramm cmaceHrneMm, HO HOBBIE aTaKd WM BTOPXKEHHUS CO3IAIOT
CIIOXKHYI0 aTMocdepy Aaxe IS CaMblX MOIIHBIX JOCTYIHBIX HHCTPYMEHTOB. BbUI0 omyOnmkoBaHO O0JbIIOE
KOJIMYECTBO HCCIIEAOBATENBCKUX padoT, cBs3aHHBIX ¢ COB mia IICY Tem He MeHee, MO-TIPEXHEMY CYIIECTBYET
00JBIIOE KOJIUYECTBO OTKPBITHIX MPOOJIeM, 0COOCHHO B OTHOLICHHHU HCIIOJIb30BaHMS METOI0B MAIIMHHOTO U IIIy0OKOTOo
oOyueHus 111 o0Hapy)eHus aHomanuii u Brop>keHuii B [ICY A6ctpakrasrit Bun [ICY mokaszan Ha puc. 1.
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Puc.1 — Abcmpaxmusiil 610 nPOMbIULIEHHOU CUCTHEMbL YPABLEHUs

Cucrema oOHapyxeHus BropxkeHuit (COB), koropas sBiseTcs BaXKHBIM METOAOM KHOEpOEe30macHOCTH,
OTCJISKHUBAET COCTOSIHUE MPOTPAaMMHOT0 | allllapaTHOTO 00ecleueH s, padOTaIOIEro B CETH.

HecMoTpst Ha necstunerus paspabotrku, cymectBytonie COB mo-npexHeMy CTalKuBalOTCs ¢ mpobieMamu B
IIOBBIINICHUHN TOYHOCTHU 06Hapy>I<eH1/1$1, CHM)KCHHHU YaCTOTHI JIOKHBIX TPEBOT U O6Hapy)KeHI/II/I HCU3BCCTHBLIX aTakK

OpHaKo METOBI MAIIMHHOTO 00yUeHHs JOOMINCH OOJBIINX YCTIEXOB B 00JacTH 0OHapy>KeHHs BTOp keHuit [1].

Huxe ommcaHbl HEKOTOpPBIE W3 OCHOBHBIX MPOOJEM, ¢ KOTOPBIMU HCCIEAOBATEIN CTAJIKHUBAIOTCS CETOMHS U
OyIyT CTAJIKUBATHCSI B OyAYIIEM.

1- OtcyTcTBHEe NOCTYNHBIX HabopoB maHHBIX. Hamboxee pacrpocTpaHeHHbIe HAOOpBI TaHHBIX HMEIOT
MHOTO 1po6ieM. HeoO6xoanmsl HOBbIE HAOOPHI TAHHBIX, TAK KAK N3MEHYMBOCTh cpe/ibl MIHTepHeTa ycmimBaeT HEXBAaTKy
Ha0OpOB HaHHBIX. [10SIBISIFOTCSI HOBBIE THIIBI aTaK, M HEKOTOPBIE CYNIECTBYIOIINE HAOOPH! JAHHBIX CIUIIKOM yCTapely,
4TOOBI OTpa’kaTh 3TH HOBBIE aTakH. boiee Toro, mocTymHble HAOOPHI AAHHBIX JOJDKHBEI OBITH cOallaHCUPOBAHBI, UMETh
MEHBIIYIO H30BITOYHOCTD U MEHbIIE mymMa. CucreMaTuueckoe MocTpoeHrne HabOpOB JaHHBIX M ITOCTENIEHHOE 00y4YeHHe
MOTYT OBITH PEHICHUSIMH 3TOU TpoOieMsr [2,3].

2- Huskas TouHOCTh OOHApPYXEHHS B PEaJbHBIX YCIOBHAX. METOAbI MAIIMHHOTO OO0y4deHHs 00JIamaroT
OTIPE/ICTICHHOMN CIIOCOOHOCTHIO OOHAPY)KUBATH BTOPIKEHHS, HO OHM YacTO HE pabOTalT C COBEPUICHHO HE3HAKOMBIMH
nanHpiME. CrieoBaTeNbHO, KOrja Ha0oOp JaHHBIX HE OXBaThIBAGT BCE THIMYHBIE peaJibHbIE 00pasiibl, XOpoluas
MPOM3BOIUTENBHOCTD B PEAIbHBIX YCIOBHUSX HE FAPAHTHPYETCs, IaXKe €CIIM MOJENIN JOCTUTAIOT BBICOKOW TOUYHOCTH Ha
TECTOBBIX Habopax [4].

3- Huzkas sdpdextuBHOCTE. Bpemst paboTsl Moaeneii riry0okoro 00ydeHus: 9acTo CIIUITKOM BEITUKO ISt
ynosnerBopeHus TpedoBannii COB B peansHoM BpemeHn. COB nomkHBI 00HapyKHMBaTh aTakd B PEXHUME PEaIbHOTO
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BpPEMEHH, 4TOOBI MaKCHUMAJIBHO CHU3MTH Bpel. lloaxompl K mapajielbHbIM BBIYUCICHUSM C HCIIOJIb30BAaHHEM
rpaduueckux npoueccopoB (GPUs) sBistoTcst 0OBIMHBIM PELICHHEM [UIsl 3TOTO TUIA IpoodiieM [5].

B aTo0ii cTaThe He mpemaraeTcs MeToa OOpEOBI C HOBBIMU KHOEpaTakaMi, OJJHAKO B ATOH CTaThe OTOOpakaroTCs
HEJOCTaTKH HOBEWIINX METOJOB M JajlbHeHIIero ananusa. PesynsraToM sBIseTCS PEeKOMEHIAIMS 110 JaJbHEHIIeMY
n3ydennto COB, ocHOBaHHas Ha NPEABIOYIINX HEIOCTaTKaX. B OymynieM peKOMEHIyeTCsl IPOBECTH UCCIICAOBAHMS UL
ycrpareHus HenoctatkoB COB 1yt smyumero oOHapyKeHHs aTaKy WM BTOP)KCHUS B pealbHOM BPEMEHH.

Crincok myOuKanuii:

[1] Diro A., Chilamkurti N. Leveraging LSTM networks for attack detection in fog-to-things communications // IEEE
Communications Magazine. 2018. T. 56. N2 9. C. 124-130.

[2] Kocher G., Kumar G. Machine learning and deep learning methods for intrusion detection systems: Recent developments and
challenges // Soft Computing. 2021. T. 25. Ne 15. C. 9731-9763.

[3]. Liu H., Lang B. Machine learning and deep learning methods for intrusion detection systems: A survey // Applied Sciences.
2019. 7. 9. Ne 20. C. 4396.

[4] Bahaa A. u dp. Monitoring real time security attacks for 10T systems using DevSecOps: A systematic literature review //
Information. 2021. 7. 12. Ne 4. C. 154.

[5] Prabavathy S., Sundarakantham K., Shalinie S.M. Design of cognitive fog computing for intrusion detection in internet of things
/I Journal of Communications and Networks. 2018. T. 20. Ne 3. C. 291-298.



AlanTUBHbIE M HHTEJJIEKTyaJIbHbIe CHCTeMbl TEXHHYECKOI'0 3peHHUsi: 0XpaHa, TUATHOCTHKA,
HABHUTalus, pOOOTOTEXHNUKA, MEXATPOHUKA
'Coipamxun Bnaoumup Heanoeuu
*Tumoe Bumanuii Ceménoeuu
' Hayuonanonwii uccnedosamenscruii Tomexuii 20Cy0apCcmeeHHblll YHUgepcumenm,
2 [O20-3anadnviil 20CY0apCmeenHblll YHUBepcumem

svi_tsu@mail.ru

B noknazne M3lI0KeHBI OCHOBBI CHHTE3a, aHajlW3a M NMPUMEHEHMs aJalTHUBHBIX M HWHTEIUIEKTYyalbHBIX CHCTEM
TEXHHMYECKOTO 3PEHUSL.

Bomnpocs! anropuTMHIECKOro, MpOrpaMMHOTO H allapaTHOTO 00ECTeYEeHNUs alalTUBHBIX M MHTECIUIEKTY alIbHBIX
cucreM Ttexauaeckoro 3peHus (AVCT3) umeroT akryansHoe 3HadeHne. DT AVCT3 mMeroT mmpokoe npuMeHeHue | 1-
10].

Anroputm AVICT3 npexacrasies gpopmyoii (1).

Fl (H, d), ]-l’ H)’
F,(K;,4,0),
Y, - Ky ¥) - F3 (K3, M), (2).
F,(X,B),
F5(K;5,P,B).

3mecy Fi(A,®,1,11) — o¢yHkums, omuceBatomas spkocte (S), ¢opmy (ctpykrypy) (D) »smemeHTOB
n3oOpaxenns, ero 1ser (I[), a Ttakke mpoctpaHcTBeHHble KoopauHatsl (I1) AUCT3; F,(K{,4,C) — ¢yHkmus
MpeNCTaBIsIeT TPeXMepHbIe KoopauHats (K, ) nusmeputens 38yka, ero yactoty (H) u cnektp (C); F3(K,, M) — byHnkuus
ompeensieT TpexMepHbie koopanHaThl (K,) u pa3meps! (M) apyrux o6bektoB B paboueit 3o0ue; F,(X,B) — byHkuus
xapakTepusyer xumuueckuii coctaB (X) u 6Guomornueckue mapamerpsl (B) paboueit 3ombl; Fs(K3, P,B) — byHkuus

OMHCBHIBaeT KoopauHaThl (K3), mapameTpsl paguoakTuBHbIX (P) m B3pbiBuaThix BemecTB (B). bnok-cxema ANCT3
IpeACTaBIIeHA Ha puc. 1.

>
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Puc.1 — Bnox-cxema AUCT3

AWCT3 ¢ynkuoHupyer ciueayromuM obOpa3zoM. BA HacTpamBaeT HEOOXOTUMBIC XapaKTEPUCTHKH OJOKOB
AUCT3, mpu stom BII obecrieunBaeT TpeOyeMylo OCBEMICHHOCTh pabodueld 30HBL. JBU BocpHHHMArOT BHEUTHIOO
nHpopManuio (M300paxeHus), koropas obOpadareiBaetcss BOU m ¢ momompro BOIl omnenmBaroTcss HEOOXOTUMEBIE
rapameTpsbl, HallpUMep, MECTOIIOJIOKEHUE, (JOpMa M IIBET CTOPOHHUX 00BEKTOB B paboyeil 30He.

IIpu 0cob0 CIOXKHBIX XapaKTepUCTHKAX BHEUIHEH cpeibl BKIIouaeTcs B pabory BN, ¢yHKunoHMpyrommi Ha
ocHOBe HH(OpMAIMOHHO-OnoorHueckoro moaxoga [3]. Anropurmudeckoe obecrnedenne AMCT3 ocHoBaHO Ha
MIPUMEHEHNH AaBTOPCKUX MOAMMDUIIMPOBAHHBIX aNTOPUTMAX: KOPPESIHMOHHBIM W BEHBIIET aHAINW3 CTPYKTYPHO-
IepecTpanBaeMblii, Helpo-ceTeBoil u ¢pypre-ananus [1,2,4,5].

B nokinane moapoOHO paccMaTpHBAIOTCS BOIIPOCHI CHHTe3a, aHanu3a W npuMmeHenust AMCT3 B cucremax
OXpaHBbl, MEHLIMHE, HABUTALMH, POOOTOTEXHHUKE 1 MexaTpoHuke [1-10].

Crucok myOIuKanmii:
[1] AnantuBHBIE cHCTeMBI TexXHHYecKoro 3peHus: MoHorpadus/B.U. Ceipsimkun, M.B. Ceipsimkun, [.B. Turtos, B.C. Turos, M.H.
Tpydanos. — 2-e uzg. nomn. — Mocksa: PYCAMHC, 2019. — 448 c. — (Cepust «MHTeIeKTyanbHbIe TEXHUUECKUE CHCTEMBI»).
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[2] Teopernueckue ocHOBBI LPOBOIt 06pabOTKK M300paKeHHUI B BCTpauBaeMbIx cucTeMax texuudeckoro 3perus/ 10.C. Bextun,
C.A. Knecros, M.C. Kynos, B.U. Coipsimkun, [1.B. TutoB; nox pea. B.U. Ceipsmkuna, JI.B. Tutosa. Tomck. STT, 2016. — 406¢. —
(Cepus «/HTENNEKTyalbHbIE TEXHUYECKHE CHCTEMBI»).

[3] Coipsimxun B.1., Illymunos B.H. CunTe3 HCKYCCTBEHHOTO HOCHUTENS MHTEIUIEKTa: HHPOPMAIMOHHO — OMOJIOTHUECKUH TTOIXOI.
Monorpadus / nox pex. npod. B.U. Cripssmkxnna / Mocksa / bepiun: dupext — Menua, 2021. 412c.

[4] Cepsamkur B.U., Ingnosckuit B.C. KoppensuuoHHO-3KcTpeMallbHEIE PaAnOHaBUTAIIMOHHBIE CHCTEMBI: MOHOTpadus. Tomck:
W3n-Bo, Tom yn-Ta 2010 — 316¢.

[5] Copsmxua B.M. np. Helipo-HeueTkue MeETOABI B HMHTEIUICKTYANbHBIX CHCTEMax OOpabOTKM W aHalM3a MHOTOMEPHOM
nHpopmaru: Tomek: U3a-Bo Tom yH-Ta 2014- 510c.

[6] Bureev A.Sh., Zhdanov D.S., Zemlyakov I.Yu., Kutsov M.S., Syryamkin V.I. Adaptive medical Diagnostic Systems / Edited by
professor V.1. Syryamkin. Prof. Marin Drinov Publishing House of Bulgarian Academy of Science. Sofia, 2016 — 256 p.

[7] A.Sh. Bureev, Klestov S.A., M.S. Kutsov, Yu.M. Osipov, A.V. Osipov, V.I. Syryamkin, S.B. Suntsov Digital X-ray Tomography
/ed.: Syryamkin V.I. London: Red Square Scientific, 2015. 145 p.

[8] Abramova T.V., Gorbachev S.V., Gribovsky M.V., Syryamkin V.l., Syryamkin M.V. Cognitive Systems for Monitoring and
Forecasting the Scientific and Technological Development of the State /ed.: Syryamkin V.I. London: Red Square Scientific, 2018.
240 p.

[9] Gorbachev S.V., Emelyanov S.G., Zhdanov D.S., Miroshnichenko S.Yu., Syryamkin V.I., Titov D.V., Shashev D.V. Digital
Processingof Aerospace Images /ed.: Syryamkin V.l. London: Red Square Scientific, 2018. 244 p.

[10] Digital Xray Tomography 2nd edition: mep. ¢ pycckuit /Syryamkin V.I., Klestov S.A., Suntsov S.B.; trans.: Tatiana B.
Rumyantseva; ed.: Syryamkin V.I. London: Red Square Scientific, 2020. 200 p.
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MeToanka 00padOoTKH JAHHBIX JJIS1 HHTEJJIEKTYAJbHBIX JHATHOCTHYECKHUX CHCTEM B
MeJUuLMHe
‘Mazomeooe Pamazan Puzeanosuu

‘Pazumos Pazun Mup3zexepumosuu, 3Pacyzum Mazomeo Mup3oesuu, 1A60yjmaeea Hauoa Mypmasanuesna, 2Comnuxoea JIuousn
Anopeeena

1 . . .
«/lacecmanckuii 2ocyoapcmeenHblil MeOuyuHcKuil ynusepcumemy Munucmepcmea
30pasooxpanenus Poccuiickoii @edepayuu,
2 . . g
«Mockosckuii eocyoapcmeenHulli mexHuueckuil yrusepcumemy» umenu H. 3. baymana

3 . . .
«acecmanckut eocydapcmeeHHblu neoazocuyeckull YHUgepCumenm
cacal@vyandex.ru

CoBpeMeHHbIE MEIUIIMHCKUE JHArHOCTHUYECKHE CHUCTEMBbl JOJDKHBI OOECHEYUTh BO3MOXKHOCTH HE TOJBKO
CBOCBPEMCHHO TPEAYIPEKIATh MOSBICHUE OOJIC3HU, HO M BBIABIATH SIBHBIC W HESBHBIC B3aUMOCBSI3M MEXIY BCEMH
(hakTOpaMu, BIMSIONUMHE Ha 3I0POBbE UeJIOBECKA. [lepeUcHb YUUTHIBAEMBIX TAPAMETPOB MOXKET OBITH OUYECHB OOJBIIHM.
VYcTaHoBeHUE B3aMMOCBS3€ B MHOXKECTBE NApaMeTPOB M JUATHOCTHUKA COCTOSIHUS OTNIEIHHOTO YelIOBEKa — IOBOJIBHO
TpyAHAs 3aj]aya, TAK KaK KOHIECNTYaJbHBIX PEIICHUN Ha TJI00albHOM YpPOBHE HE TpeaiokeHo. [IpuMensemble ceiuac
JUTS aHaju3a OONBIINX NAHHBIX HEWPOHHBIC CETH, AXKE €CIM U CIOCOOHBI MOCTABUThH TUATHO3, HO HAWTH NMPUYUHY,
MIPUBJICKIIYI0 K TAKOMY COCTOSIHHIO, IO CBOEMY IIPHHITUITY PabOTHI He MOTYT. Tak ke OHH HE CIIOCOOHBI K aHAITU3y
B3aMMOCBsI3ei. Bee pa3BuTHIC rocymapcTBa CO3MAIOT celvac JOKaIbHEIC YCIOBHS IS )KU3HU Ha CBOCH TeppUTOpHH O3
ydera BIHSHHS TJIOOaNbHBIX IapaMeTpPOB Ha dYeloBedecTBO. [IOHATHO, YTO JOKajJbHas cHcTeMa He crnocoOHa B
IONTOCPOYHON TMEPCIEKTHBE BBIABIATh IPUYWHHO-CICACTBEHHBIC CBS3W. B 3TOi paboTe MBI cTapaeMmcs OIUCATh
CTPYKTYpY TJOOanbHOW opraHu3amuu cOopa TaHHBIX, CHOCOOHYIO aBTOMATHYECKH YCTAHABIMBATH M BBIABIATH
MOJIE3HBIC JJII MEIHIIMHCKOM THArHOCTUKH B3aMMOCBSI3H.

W3BecTHO, UTO Ha 3/I0pPOBbE HYENOBEKA BIMSIOT KakK TJIo0ajdbHbIE BHEIIHHWE, TaK U JIOKaJbHbIE BHYTPEHHHE
mapaMeTpel. Bce OHM MOIYJHPYIOT MPOIECCHI B OpPraHU3ME YelOBeKa, B TOM YHCIEe M 0oje3HH. [ 100aibHbIC
napaMeTpbl MOIYJIUPYIOT MPOIECCHI ¢ OOJBINNM TIEPHOJOM, a JIOKAJbHBIC - C MCHBIIAM MEpUOIOM. Takum oOpaszom,
(dhopMHUpyeTCs 1ETbIH CIEeKTP MePHOAMYCCKIX BIMSHUM, TCHCTBYIONUX KaK HA OTJCIBHOIO HHINBUAYYMA, TaK U Ha BCE
HaceJICHUE IIAHETHI B LIEJIOM.

Ecnu pasbiiie Becb MUp HEIMKOM TOJIarajicsl Ha €CTECTBEHHBIN 0TOOp, Mallo 3aMevasi MPUIMHHO -CJIeICTBEHHBIE
CBsI3W, TO celdac Takas OSCIEYHOCTh MOXKET NMPHUBECTH K OoibImmM KaTacTpodam. Hampumep, OonbImme MHUTpaIriun
HaceJlleHHs, HaOJroaeMble ceidac — 3TO TI00aTBHO MpeacKka3yeMoe COOBITHE, HO JIOKAJbHO, HA C YeM HE CBSI3aHHOE
coOBITHE [T OTIENBEHOTO TocyaapcTBa. C MOSBICHHEM TEIIEKOMMYHHKAIIMOHHON ceTn «HTepHeTa», Takue COOBITH
MOTYT cel4ac NPOUCXOAUTh MOJIHUEHOCHO. [/ BBISIBICHUS YHUCTHIX B3aUMOCBSI3€H BaKHO OXBAaTUTh I IUArHOCTUKU
U W30JIUPOBaHHBIC COOOIIECTBAa, KOTOPBIE HAa TPAaHH HMCYC3HOBEHUS, WM K€ MOTYT HCYEC3HYTh IPH OIpPEIeICHHBIX
obcrositenbecTBax. [IOHATHO, UTO BIMSHUE BHENTHUX MapaMeTPOB Ha JOJTOJIETHE U 3JI0POBBE «ITAJOHHOTO YETIOBEKAY
Jierye YCTaHOBUTH HA U30JIUPOBAHHBIX «UUCTHIX» COOOIIECTBAX, UEM Ha «CMEIIAHHBIX» U «3arpsS3HEHHBIX)» BHEITHUMH
YCIIOBUSIMHU.

Bynem cuutath, 4TO 4YE€NOBEK HAXOJUTHCS B LEHTPE ITHX TIJI00ANBHBIX W MEPUOJUYECKUX MporieccoB. Jlms
aHanu3a BIUSHUS B3aMMOCBS3aHHBIX TMapaMeTpPOB Ha 370pPOBbe B Hjealie TpeOyeTcs ydeT BCed HCTOPUHU OTHAEIHHO
YyeJoBeKa B KaKJblii MOMEHT €ro >KM3HHU, HO 3TO YCJIOBUE ceHyac HepeasibHO BBINOJIHUTH, TaK ke, B MpejjiaraeMoi
CTPYKTYpPE MBI JOJKHBI pacCMaTpHUBATh BCEX JIIOACH BMECTE KaK €JUHYIO UHTEJUIEKTYalbHYIO CUCTEMY, HAIIPABJICHHYIO
Ha CaMOCOXpaHEHHE CBOETO BHJA, COXPAaHCHUS 3J0POBBs, YIYUIICHHS YCIOBHU M cBoero obmranus. Ho moka
CaMOOpTaHu3aIWsl JIIOJCH TMPOXOJUT MEUIEHHO W CTHXHHHO, TaKk KakK OOpaTHBIE CBS3M TONBKO (OpPMHUPYIOTCS B
mudpoBoit cpene. [loaromy HEOOXOIUMO 3a0JIaTOBPEMEHHO WMETH BO3MOXKHOCTH HMPOTHO3HPOBATh M PEarnpoBaTh Ha
BIIMSTHAE TII00aJBHBIX TApaMETPOB, Ha 3I0POBhE YETIOBEKA M YCIOBHS €r0 OOUTAHMS.

[onATHO, YTO UIA TONydYeHWs MaHHBIX IS aHalU3a HeoOXommMo c(hopMHpOBaTh HOBYKO CTPYKTYpy cOopa
JTaHHBIX.

CdopmupoBas, mMaTpuily MapaMeTpoB, KaK MO TOPHU3OHTAIM, TaK U IO BEPTUKAIU, MBI MOJYyYUM MATPUILY
napaMeTpoB JUIsl 4esoBeka. YacTh NAaHHBIX JJISI MATPHUIBI MAapaMeTPOB MOJydaeM OT Pa3HBIX CIYX O aBTOMaTHYECKU
(MOOWIIbHAS CBSI3b U T 1), @ Apyras 4acTh MapaMeTpOB — WHAMBHUIYAIbHAS, OT JUATHOCTUYECKUX MEAULIUMHCKUX CITYXkO.
Kak TonmbkO 4enmoBeK pPEerHCTpPUpPYET cBOe J000e coObITHE B 0a3e, Hampumep, o OOJE3HU, BCE JAHHBIE C MATPHIIBI
mapaMeTPOB aBTOMATHICCKH 3AIHCHIBAIOTCS B €0 JIMYHYIO KapTOYKy. TakuM o0pa3oM, 3amoiHseTcs: Oa3a JaHHBIX JUIS
BCEX YYACTBYIOIIUX B BbIOOpKe mrojgedl. OCHOBHAs MaTpuIla JIJisl BCeX JIIOACH OCTaeTCs ONHOW M TOHM K€ B CETH,
MEHSIOTCS TOJIBKO YHclia (JJaHHBIC) B COOTBETCTBYIOIIMX MECTaX MAaTPHUIBI M IIPU OOpalICHUH K MaTPHUIIC BBIOUPAIOTCS
TEKyIUE NaHHBIC, TAK 00CCIIEYNBACTCS CHHXPOHU3AIMS BCEX IMIPOIECCOB B OAHOM MECTE B TEKyIIHMil MOMEHT. HoBbie
JIaHHBIE JUIS y4eTa B MaTPULLy MOXHO JOMOJHAT, HE MEHSS €ro NEPBOHAYANILHOM CTPYKTYPBI, 3aJJaHHOH C 3a1macoM.

12


mailto:caca1@yandex.ru

ITpn Tako# apXWUTEKType TiIo0anbHbIC, JIOKAJIbHBIC, NEPHOANYECKUE U HE NMEPUOAMYECKUE JaHHbIE B MaTpHUIle
aBTOMAaTHYECKH (OPMHUPYIOT CBSI3aHHBIE 3aBUCHMMOCTH. KonmuecTBo aBTOMaTHYeCKM OOpa3OBaHHBIX CBSI3EH MOMKET
OBITH OOJIBIINM, HO CBA3aHHBIEC JAaHHBIC C OMPEICICHHBIM JHAarHO30M OyZeT MOKa3bIBaTh BCE MAPAMETPHI, IPUBIICKIIHE
K 3TOMY JHarHO3Y.

B Takoif cTpykType cOopa NaHHBIX, UIA MEIMIMHCKOTO aHAlIN3a, JOCTATOYHO COBMECTUTH HHTEPECYIOIIHC
IapaMeTpsl B 0a3e U BCe SIBHBIE CBSA3U OyAyT CIPYIIIHPOBAHBI BMECTE M MOILYJIMPOBAHBI TI100ABHBIMH W JIOKATBHBIMH
IapaMeTpaMH, a He CBSI3aHHbBIC ITapaMeTPhI C JAHHBIM THarHO30M OyIyT PacXOIUThHCS.

Crucok myOIuKanuit:

[1] Kypnan «Electronique» // Nel55. C. 21-29

[2] Paouo 1960 // Ne5, C. 60-61

[3] K. Maxc //, Memoowl u mexuuka 0b6pabomku cueHanos npu guzuyeckux usmerenusx T. Nel
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CuHTe3 MoJesId nepecTpanBaeMoi BbIYMCJINTEILHOM cpebl AJ1s1 00padoTKH N300pakeHn it

oneparopom Hlappa
bonoapuyx Anmon Cepzeeguu
Hlawes /Imumpuii Badumosuu
Hayuonanvnwiii uccnedosamenvckuii Tomckuti 20cyoapcmeeHtblil YHUGepcumem
bondarchuk.a.c@gmail.com

B mocnenHee Bpems, B CBS3M C BO3POCIICH MOMYJISPHOCTBIO CHUCTEM TEXHMYECKOTO (MAlIMHHOTO) 3pEHHMS,
MOSIBUIIaCh HEOOXOAMMOCTh ITOCTOSHHO MOJICPXKHBATh CYIIECTBYIOIIME M Pa3BHBaTh HOBBIE CHOCOOBI 0OpaOOTKH
uudpoBbIX H300paxeHuit. CHCTEMBI TEXHHYECKOI'O 3PEHUS MCIOJIB3YIOTCS B COBPEMEHHBIX TO/IBOJHBIX, HAJBOAHBIX,
Ha3eMHBIX, ABHALMOHHBIX M KOCMHUYECKMX MOOWJIBHBIX POOOTH3MPOBaHHBIX o0OBekTax. g Takux mardpopm
aKTyaJIbHOI SIBIIsieTCS] poOJieMa COKpAILeHNs] BpeMeHN 00paboTKK N300pakeHUH MIPU BBICOKHX CKOPOCTSIX JBIIKCHUS,
a TakKe YMCHBIICHHS HYHEPronoTpebieHna. Pemennem 3TUX mpoOiieM SBISIETCS pean3allis alrOPUTMOB 00paboTKH
M300paKEHHH Ha BBIYUCIHTEIBHBIX apXUTEKTypax mapalielIbHO- KOHBEHEpHOTo THma, Takux kKak Field-Programmable
Gare Arrays (FPGA). Ucnoms3zoBanne FPGA mo3BoiuT m0oOWThCS MEHBIIMX JHEprosaTpaT M 0Ooiee BBICOKOI
MIPOM3BOIUTENBEHOCTH 3@ CUET MapayIeIbHBIX BEIYUCICHUMH.

CermenTanus — 3T0 00paboTKa W300paKEHHS C LENBI0 BBIICICHHUS 00JacTel C ONpenesIeHHBIMU CBOHCTBAMH.
OmHUM #3 crocoOOB CErMEHTHPOBAHUS H300paKEeHUS SIBISETCS HCIIONB30BAaHHUE alTOPUTMOB OOHAPYXKCHHS TPaHUIL.
BrineneHne TpaHUll OCHOBBIBACTCS HA aJrOPUTMax, BBLACISIONIMX MHKCENU HU(PPOBOro H300pa)keHHs, B KOTOPBIX
PE3KO UBMECHACTCA APKOCTH IO OTHOHICHHUIO K COCCAHUM INHKCCIIAM. BonpmmHcTBO AJITOPUTMOB, KOTOPBIC BBITIOJTHAIOT
JaHHYIO one€panuro, OCHOBAaHbI Ha BBIYMCJICHUU I'paJuCHTA (byHKLII/II/I. Fpa):[I/IeHTOM Ha3bIBACTCs BCKTOpHasd BEJIMYHHA,
yKa3bIBaollasi HalpaBjIeHHE pPE3KOro BO3pPAaCTaHWs HEKOTOpOil BenuuuHbl. Tak Kak HM300pa)KeHHE AUCKPETHO U B
KJIaCCMYECKOM CMBICJIEe TPOM3BOJHOM B JTAHHOM CiIydae HE CYIIECTBYET, UCIIOJb3YIOT BHIYHCICHHE NPHOIMKEHHOTO
3Ha4YeHus npousBomHo# [1]. Omepartop [lappa mpencraBiser coboil OUCKpeTHHIN OudQepeHInaIbHbI omeparop,
KOTOpBIH BBIYMCIICT TPHOMIDKCHHOE 3HAUCHHWE TpajueHTa SPKOCTH H300pakeHHs. Pe3ynbTaToM NpHMEHEHUS
omrepatopa Illappa B ToUKe M300pa)KeHUs SBIAETCS BEKTOpP I'paJMECHTa SPKOCTH B 3TOH TOYKE. DTO O3HAYAET YTO B
o0acT HEM3MEHHOW SPKOCTH BEKTOp OyIEeT HyJIEBBIM, a B TOUKE Ha TPAaHMIC MEKTY pPa3HbIMU BEIWYNHAMH SIPKOCTH,
BEKTOp OyJeT mepecekaTh 3Ty TPaHMIly B HaNpaBJICHWN yBeawdeHus sipkoctu. Omneparop Illappa mcrons3yer Macku
¢mnpTpa pasmepoM 3X3, C TOMOIIBIO KOTOPBIX 00pabaThIBacTCs WCXOJHOE H300pakeHHWE MUl BBIYHCICHUS
MPUOJIMKCHHBIX 3HAYCHUN TIPOU3BOHBIX 110 Topu3oHTanu (1) u 1o BepTukamu (2):

-3 0 3

G, =|-10 0 10[*I, )
-3 0 3
-3 -10 -3

G,=/0 0 0. @)
3 10 3

B kaxmoil Touke M300paxkeHHs NPHOIMKEHHOE 3HAYCHUE BEIUYMHBI TPAJUEHTa MOXXHO BBIYUCIHUTH MYTEM
MO3JIEMEHTHOTO HCIIOJIb30BAHMS MOJIYYSHHBIX MPUOIMKEHHBIX 3HAUSHHWH MPou3BOAHBIX (3). DTa BennunMHAa paBHA
3HAUEHMIO MaKCUMaJIbHOM CKOpOCTH u3MeHeHus spkoctH | B Touke (i,j). Pe3ynbraT 00pabOTKH MOKa3bIBAET, HACKOIBKO
«PE3KO0» MU «IUIABHOY» MEHACTCS APKOCTh M300paKeHUs B KOXKIOH TOUKe.

m=[GI +G; 3)

[Mpumenenne omneparopa Illappa k mukcexsiM TUGpPOBOro N300paKeHHsI, MOXKET OBITH PEATN30BAHO C MTOMOIIBIO
KOHIICTIIUN TepecTpamBaeMoii BerauciutenbHOR cpensl  (IIBC). IlepectpamBaeMoll BBIYHCIHTENEHOW —Cpemoit
Ha3bIBAETCS TUCKPETHAsI MaTeMaTHUeCKasi MOAEIbh BHICOKOIPOM3BOAUTEIHHOMN BBIUNCINUTEIEHON CHCTEMBI, COCTOSIIEH
13 OJMHAKOBBIX M OJMHAKOBO COEIMHEHHBIX JPYT C APYTOM NPOCTEHIINX YHUBEPCATIHHBIX 3JIEMEHTOB (3J€MEHTapHBIX
BeraucnuTeneii (9B)), mporpaMMHO HacTpaMBaeMbIX Ha BBIIOJHEHHE JI000H (QYHKIMHM M JF000TO COCIMHEHHUS CO
cBoumu cocemsmu  [2, 3]. OcHoBomoyararomuMu  npuHIUMnamu cosnanus [IBC  sBhstoTCs: MapayiieIbHOCTD,
MepecTPauBaeMoCTb, OJHOPOJHOCTh M KOHBEWEpHOCTh 00paboTku mHpopmanmu. [IBC nmeer Bua reomMerpuydecKu
MIPaBUJIBHON PEImETKH, MMEIoIell He MeHee IBYX OCeil CHMMETpPHH, C PacHoJIOKEHHBIMH B y3max OB, kotopsie
coJieprkaT OIpeiesIeHHbIH Habop BHIMOJIHAEMbIX onepanuid. Ha BXoJ KaXJ0ro 3JIeMEHTapHOTO BBIYUCIHUTEIS MOAAETCS
KOJ HACTPOMKM, C IOMOINBIO KOTOPOro ocyliecTBisieTcss mnepecrpauBaeMocTs IIBC u onpegensiercs kakas u3
3aKJaJbIBaEMBIX Ollepaliiii OyAeT BBINOJHEHA. Bce aineMeHTapHbIe BBIYMCIUTENN OJHOTHITHBI U TEOMETPUYECKH
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OJIMHAKOBBIM 00pa30M COEIMHEHBI C COCEIHHMH, IMPUYEM KaxkAbli M3 OB MOMKHO YCIOBHO CUHUTaTh LEHTPOM
CUMMETPHH OTHOCHUTENBHO €ro cBsi3eil ¢ okpyxaromumu OB. Slueiika »>JeMEHTApHOIO BBIYMCIMTENS MOXET OBITh
HACTpPOGHa Ha Mepenady CUTHAJIOB B 33JaHHOM HANpaBICHUM M BBHINOJHEHHE B JAHHBI MOMEHT JIO0OH OTHOM
¢yHKIMH. BeimonsseMsle onepanuy B OB 1 coequHEHNS MEKTy HUMH IpEIHA3HAYEHBI 751 00€CcTIeueHNs alnapaTHOTO
BBINIOJTHEHNS Peal3yeMoro aiaropurma. B paboTte mpemaraercss peanm3alys ONMCAHHOTO paHEe alropuTMa Ha
apxurektype [IBC, rme xaxmeiii OB oTBewaer 3a mapamiensHyr0 o0paOOTKYy OJHOTO M3 MHKceneld mudpoBOTO
n3o0paxkenns. Takum obpazom, pazmepHocTs [IBC coBmamaer ¢ pa3mepHOCTHIO0 00pabaTHIBAEMOT0 H300pakeHUsI, TIPH
3TOM 3JIEMEHTAPHBIE BBIYUCIUTENN OIUHAKOBBIM 00pPa30M COECIMHEHBI MEXKLY COOO.

IlepBeiM nenom cuHTe3upyeTcs: OB, koTophlid 3aTeM ucnoib3dyercsa npu cunrese [IBC. Ilocne momydenwus
HEOOXOAMMBIX aBTOMAaTHBIX OTOOPaKCHMH, YUMTHIBAIOIIMX TAaK)Ke KpPaeBble MUKCEIH M300pa)KCHUsI, OCYILECTBISETCS
3anmuch (YHKIMH, OIpenesisieMbIX JaHHBIMH aBTOMAaTHBIMHU OToOpakeHusiMH. Ha 0a3e CTpyKTypHO-aBTOMAaTHOTO
Meroza [2] Obuta mosrydeHa cienyromas cucrema popmyi (4):

f, =x(Z,7,7, v 7,7,Z,

<
N
N
N
§
£
N
iy
-

z
f,=x(37,vz,2,7, v7,1,7,),
f, =x(2,7,7, v,7,7, v 2,

f, =x(z,27, v 2,17, v 2,7,7, v 2,7,7,7,),
fo =x(2,2,2,Z, v 2,7, 7, v
fo = x(2,2,7, v 2,7, v 1,7,7,7,),

f= 71727374\/((—13x +13y, +3y; —3y;) " 2) + ((-13x -3y, + 3y, +13y,) " 2) +
+2,7,7,7,\[(13Y, +3Y; — 3y, —13y,) " 2) + (-3, —10x 3y, + 3y +10y, +3y,) " 2) +
+12,2,7,7, \/((13x+3y6 -3y, —13y,) " 2) + ((-3y; —13x+13y, +3y,) " 2) +
+ zgz[jjz\j((—:%y1 +3y, +10x+3y, -3y, —10y,) * 2) + ((-3y, —13y, +13y, +3y,) " 2) +
+ 22?12374\/((—3y1 +3y, +13x—-13y,) * 2) + ((-3y, —13y, +13x+3y,) " 2) +
+2,2,3,7,\[((-3Y, + 3y, +13y, —13y,) " 2) + ((-3y, —10y, -3y, +3y, +10x+3y,) " 2) +
+2,2,7,7, \/((—3y2 +3y, +13y, —13x) " 2) + ((-13y, -3y, + 3y, +13x) " 2) +
+ 22232471\/((—3y2 +3y, +10y, +3y; =3y —10x) * 2) + ((-13y, — 3y, + 3y, +13y,) " 2) +

12777 ((_3y1+3y3+1OYA+3y5_SY7 _lOYs)A2)+ (4)
FEE (-3, —10y, -3y, + 3y, +10y, +3y,) " 2)

rae X — 3HAUeHUE COOTBETCTBYIOLIETO IMHUKCENs HCXOJHOTO H300pakeHUs, Yi — WH()OPMAIMOHHBIC BXOJBI,
NPUHUMAIOLIHE 3HAYCHHsT HEOOXOAMMBIX COCEIHHX MUKcelNel oT cocennux OB, fi — BEIXonbI-cBs3H, Uepe3 KoTopsie OB
nepenaér coceqHuM OB 3HaueHWe X COOTBETCTBYIOIIErO0 eMy mNuKcens, f — 3HayeHHe NHKCEIss B BBIXOIHOM
H300paKeHHH.

B omucaHuy aBTOMAaTHBIX OTOOpa)KEHHH OTpakeHbI KIACCHUECKHE alreOpanvyeckue Orepaluyd YMHOXEHHS,
CYMMHpPOBaHHMSI, BBIYMTaHMs, BO3BEICHMS B KBaJpaT, BBIUMCICHHUE KBaJpaTHOro KOpHsS oT umcia. Kaxnasii OB
COJICP)KUT B cebe COBOKYITHOCTh IMOJYYEHHBIX aBTOMATHBIX OTOOpa)KEHUH M CIIOCOOEH IepecTpauBaThCs Ha HX
BBITIOJIHEHHE C MOMOIIbI0O HACTPOEUHOIO KOJA (Zg, Z3, Zp, Z1), T.e. KaXIblii DB BBINOJHSET MOJNYYEHHYIO CHCTEMY
dopmyn. Takum oOpazom, ¢ nomompio [IBC mapamienbHO 0OpadaThiBaeTCS Ka)Ibld MHKCEIb H300paXKCHUS IS
BhIJeNieHus rpanul oneparopom Illappa. IlepecTpanBaemasi BbIUMCIHMTENbHAS Cpesia, OJlarojapsi CBOMM HPUHIIUIIAM
MOCTPOCHHS U CBOWCTBAM, OTHOCUTCS K BBIYMCIIUTENSAM C MapajuieIbHO-KOHBEHEPHOH apXuTeKTypoil. [1oaToOMy MOXHO
YTBEp)KAaTh, YTO MPEACTABICHHBII AJTOPUTM OPHEHTUPOBAH Ha aIlapaTHOE BBIMOJHEHHS HA BBIYHCIUTEIAX
napajiebHO-KOHBEHEpHOTo THIIA.

HccrenoBanvue BHITONHEHO TIpH prHAHCOBOM moguepkke PODU B pamkax HaydaHoro mpoekTa Ne 19-29-06078.
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Texnocghepa, 2012. — 1104 c.

[2] L uonosckuii C.B. Asmomamuueckoe ynpasnenue. Pexongueypupyemvie cucmemul: yue6. nocooue. - Tomck: HU30-60 Tom. yu-ma,
2010. - 168 c.

[3] Llawes [.B. Mopgonoeuueckas 0bpabomra GUHAPHbIX U30OPAICEHUL € UCROTL308AHUEM NEPECPAUBAEMBIX BLIMUCTUMENbHBIX
cpeo / .B. lllawes, C.B. [lluonosckuii // Asmomempus. - 2015. - Ne3. - C. 19-26.
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ndpoBoii 1BOITHUK OCHOBHOM JAeSITEJIbHOCTH MOJOYHOH KOMIIAHUU
Ypcoii Pychan Onezosuu
Hayuonanvnuiii uccreoosamenvcxuti Tomckuti 20cyoapcmeeHtblil YHugepcumem
russs.l.anboss@gmail.com

Hudposoif IBOWHUK — 3TO BUPTyalbHAast MOJACTH CHCTEM, OOBEKTOB, IPOILIECCOB, YCIyT u ToBapoB. Lludporoit
JIBOWHUK TOYHO BOCIIPOM3BOJHUT JCHCTBHA M ()OPMY OpHTHHANA, W CHHXPOHU3UPYETCS C PEAJbHBIM OOBEKTOM.
HudpoBoit TBOWHWUK OTHEAWHSET B cebe OONBIION MaccMB WHPOPMALWMU C PAa3MIHBIX HCTOYHMKOB. Lludporoit
JIBOWHHUK HYXEH AT TOTO, YTOOBI IOCMOTPETh, YTO OYAET MPOUCXOJUTH C OPUTHHAIOM B Pa3INYHBIX YCIOBHSIX.
[TudpoBoii TBOWHUK MOMOXET COKPATUTH 3aTpaThl M BPEMEHHBIC PECYpPCHI, a TAaKXKe IOMOXKET U30ekaTh Bpeaa Ul
moneil U okpyxatomei cpensl. LlnppoBoil ABOMHUK C MO3WIMU YNpaBIeHUS KaueCTBa MOXKHO HCIIOJB30BaTh IS
yIIpaBJIEHUs M OLIEHKH pUCKOB. [{n(ppoBoii TBOWHHMK MO3BOJIUT MPOBECTH aHAIN3 «UYTO, €CIIN», YTO MPUBEAET K JIydIleH
OLICHKE PUCKA.

AKTyaqbHOCTh OOYCIIOBJICHA TMPAKTHYCCKOW MPUMEHHMOCTBIO TMPEINOaracMbIX pe3yibTaTOB pPadOTHI
IU(PPOBOTO ABOMHHKA JIST KOMITAHUH.

IIpoGmema 3akirodaeTcst B OTCYTCTBHE OTBETCTBEHHOTO 3a IM(POBOTO [BOWHHWKA MOApA3/EICHUS U B
OTCYTCTBUY CHHXPOHHU3AINH PEATHHOTO MPOIIECCa C BUPTYaIbHBIM.

HGHI/I CO3aaHuA ].[I/I(I)pOBOl"O ,Z[BOfIHPIKaZ YIpaBjJaCeHUC pUCKAMH, MOACPHU3ALHA WU aBTOMATHU3aAlUA IIPOLECCOB
KOMITaHHWH.

CpencTBa ¢ MOMOIIBIO KOTOPBIX pa3padarbiBaeTcs MUQPPOBOH ABOHHUK mporeccoB — Visio, 1c. Bo3moxkHOCTH
JTAaHHBIX CPEACTB MO3BOJIAIOT PEaTU30BaTh 3alyMaHHOE AT pealu3aliy Pa3INuHbIX TOCTABICHHBIX LieJeld KOMITaHUH.

IInan BHenpeHus:

OmnpezeneHne OTBETCTBEHHBIX 3a MPOIIECC;
OnperneneHne 3TarnoB MpoLecCoB;

OmnpezeneHne KIIOYEBBIX JaHHBIX POIIECCOB;
I'padmueckoe npencrasienue nporecca B Visio:
OrnpenieneHne HEOOXOAUMOM JTOKYMCHTALIUH;
OrnpesieneHNe OTOKA ABIDKCHUS TAHHBIX;

BEIsiBIICHHE KITIOUEBBIX ITOKA3aTeNeH A1 yueTa JaHHBIX;

BricTpanBanue npoueccos B 1C;

© © N o g ~ w D PP

CHHXpOHI/ISaI_[I/Iﬂ PCaJIbHBIX 00BEKTOB C BUPTYaJIbHBIMHU;

[y
e

[Iposepka paborocmocobHOCTH TIpotieccoB B 1C;

[EN
=

OTtaaka mpoieccos;

12. Buenpenue.

Ha nanHOM 3Tane ocymecTBIeHBI TONBKO IMyHKTHI ¢ 1 1o 7.

B mporiecce 1eKOMIO3UIIIM OCHHOBOT'O MPOIIECCa MOKHO BBIEIUTH CIIEAYIONTNE MOJIPOLECCHI:
1. PaGoTa ¢ mocTaBIIMKOM;

2 Jloructuueckuit LeHTp;

3 XpaHeHHUEe CHIPhS;

4. IIpon3BoaACTBO MOIOYHOM NPOAYKIUHY;

5 OTrpy3ka roToBOM NpOAYKIHIHY;

6 XpaHeHue NpoayKLIHUU.

IIponecc npeacrasieH Ha pUcyHKe 1.
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Puc. 1 — Hughpoesoii dsotinux npoyecca « OCHOBHOU Npoyecc MOJOYHOU KOMNAHULY

OcHoBHOH 6I/IBHCC-Hp0HeCC KOMIITaHHMHX Ha OCHOBEC LIPI(l)pOBOFO ,I[BOI>'IHI/IKa AJI1 KOMIIAaHMKW TNPOU3BOJAIIYIO
MOJIOYHYIO TMPOAYKIIUIO BBIIIOJIHEHO Ha 57%. OCHOBHBIM (I)OI(YCOM KOMITAHMH CTaHET IIOMCK ONTHMAIbHBIX

IpOrpaMMHBIX pCH.IeHI/Iﬁ U TCXHOJIOTHH. Pe3yJ’IBTaTLI pa6OTBI NO3BOJIAT HadaTb MACCOBYIO ABTOMATHU3ALUIKO U
CHUHXPOHHU3alUIO.
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Hudposoii noitnuk TILI. IHeprorpeitAuHT
Henucoea Hamanvsa Bnaoumupoena
Hayuonanvnuiii uccreoosamenvcxuti Tomckuti 20cyoapcmeeHtblil YHugepcumem
natalilexs@gmail.com

[udposoii mBOMHKK TerurodHepreTHueckoit cranmuu (TOI) — 310 BUpTyanmbHas Komwus peanbHod TILI w/wimw
OTAETHHOTO TEXHOJIOTHYECKOTO MpoIecca, KoTopas moMoraeT 3(()eKTHBHO yNPABISITh UMH, ONTHMU3UPYS OM3HEC- U
TEXHOJIOTHYECKHE Iponecchl. PaccMoTpuM mpuMep LU(POBOro OBOHHMKA OW3HEC-TIpoIecca IHEProTpeiinuHra Ha
npumepe AO «Tomckast reHepanus».

AO «Tomckas reHepanusi» OCYIIECTBISET MPOU3BOJCTBO JJEKTPUUYECKOM M TerioBod sHepruu. KommaHus
00BEIUHICT TCHEPUPYIOINE MOIMHOCTH T. ToMcKa, 3a cuét coOcTBeHHBIX McTouHuKOB (IPOC-2, TOII-3, TOLI-1) Ha
23% 3akpbiBaeT noTpeOHOCTH TOoMCKOW 001acTh B 3JEKTpUYECKOW SHEepruu u Ha 96% obecreunBaeT ropoJ TEIIOBOH
SHeprueil. YcTaHOBJIEHHAs 3JIEKTpUUECKass MOLUTHOCTh CTaHIMK cocTaBiseT — 485,7 MBT. YcTaHoBieHHas TersioBas
MOIIHOCTh cTaniuii — 2390,5 I'kan/4.

Poct 06beMOB coOMpaeMBIX HaHHBIX JJIS Pa3THYHOW OTYETHOCTH, MOBBHIINICHHE HAJEKHOCTH, 3(dexkTnBHOCTH,
9KOJIOTHYECKOIl O€30IaCHOCTH TEIIOIHEPreTHYECKOH CTaHIMM 3aCTaBIseT 3aIyMaThCsi O BHEIPEHUH LH(POBBHIX,
ABTOMATU3MPOBAHHBIX DPEIICHUH 3THX BONPOCOB. I TOro 4ToOBI YIPOCTHTH PabOTy IMEepcoHala M MaKCHMAaJbHO
HCKJIIOYUTh YeIOBeUeCKUi (akTop (OMmMOKM) HEOOXOOMM TMPOTPAMMHBIA MPOIYKT IS IMUPPOBOH TpaHCHOpPMALUU
TOLI.

Pemenne gaHHOTO BOMpOCA AOJDKHO YCTPAHUTH NMPOOIEMBI, CYIIECTBYIONINE Ha TaHHBIH MOMEHT H T€, KOTOPBIE
MOTYT BO3HHUKHYTh IIPM OKCIUIyaTallud TEXHUYECKOM CHCTEMBI, a Taike JOJDKHO OOECHedYUTh IIOIy4eHHe
sKOHOMHYecKoro d3¢d¢exra. B  pemieHMM STHX BONPOCOB MOXKET MOMOYb LudpoBoil  aBodHMk  TOLI.
Hudporoii apoiiauk TOL], HampuMmep, MO3BOJIUT CMOJCIMPOBATH PACIOJIOKECHHE O00PYAOBaHMSA, IEPEMEIICHUE
COTPYJIHHMKOB, pabouue NpoIecChl W BHEIITATHBIE CHTYallMH, YTO IO3BOJHUT ONTUMH3MPOBaTh pabodue IPOILECCHI,
COKpaTUTh BpeMsl Ha PEeLIeHHEe TOM WM MHOW MPOOJIEMBI U T.JI.

[Ipobnema, pemaemast IMQPOBBIM JABOMHUKOM — 3TO aBTOMAaTHUCCKUil aHanu3 gaHHeix oT ACY TII
(aBTOMaTH3MpPOBAHHAS CUCTEMA YIIPABICHUS TEXHOJIOTHUECKUM TIPOIIECCOM) O paboTe 00OpYAOBaHUS Ui OLICHKH
kagectBa peknma paboter TOLl, ¢ukcamms u ompeneneHue aedeKTOB HE 3aMETHBIX TIPH JHHEHHOM 00x01e
AKCIUTYaTUPYIOIIETO TEepCOHANa, MPOTHO3HPOBAaHUE OTKA30B WM aBapHii, yIpaBIICHHE PHCKAMH MyTEM IPUMCHEHUS
MpenyNpeauTeIbHBIX Mep [UIA CHIDKCHHS KOJNMYECTBA MpPOOJeM U OIEpPaTHBHOTO WX peIIeHHS B Ciydae
BO3HHUKHOBEHUSI.

OnuH U3 npuMepa u(POBOro NBOMHIKA OM3HEC-TIpoIecca YJHEPrOTPEHINHTA SBISETCS TPOTPAMMHEBIA MTPOAYKT,
BHenpeHHbI B AO «ToMcKkas reHepanus». Bo n3bexanue pexiiaMbl JaHHOMY MPOTPaMMHOMY TPOAYKTY, Ha3BaHHE HE
YKa3bIBato, jajnee 1o Tekcty «IIporpaMMHbINA POLYKTY.

Ot

Hovep mucra

] |a2l] o0l ir_- vl

Puc. 1 — IIpoepammnuiii npodyxkm, unmepgeiic

[TmanupoBanne Ha onToBoM phiHKe (OPOM) Bemércst Ha Tpoe CYTOK BHEpEN: 3a TpPOE€ CYTOK CTaHOBUTCA
M3BECTEH IIAHOBBIN cocTaB 000py10BaHUS. BEIONparoTCs ONTUMAaIBHBIE PEXUMBI 000PYIOBaHHS, H KOPPEKTHPYETCS C
yaéroM ornepaTuBHBIX KoMaH] CuctemHoro omnepartopa (CO).

ITo pesynbpraram ToproB Ha OPOM, hopMuUpYIOTCS TOPTOBBIE CECCHU, T YKa3aHa BCsl HHPOpMAaIUs O Toprax.
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C mnoMoIpI0 3TOr0 MPOrPaMMHOTO TPOAYKTa MOXKHO IIOJy4YaTh J@HHBIE JUIS KOMMEpPYECKOro yuera
JICKTPOIHEPTHH HANpPSMYIO OT Pa3IMYHBIX MCTOYHHMKOB, (POPMHPOBATH €KEIHEBHYIO W OINEPAaTHBHYIO OTYETHOCTS,
moaBath 3asBKu CO, popMHPOBaTH MPOTHOZUPYEMBIE JaHHBIC I OM3HEec-TUIaHa B YOOOHOH AJis oniepaTopa Gopme, U
1.1 Jassbii nudpoBoil HPOMYKT 3HAYMUTENHFHO COKPATHJI BPEMEHHBIC 3aTpaThl Ha (OPMHpPOBAHHE M 0OPabOTKY
MAacCHBOB JIaHHBIX M CBEJI BOSHUKHOBEHUE OIINOKH, IPH MX (GOPMUPOBAHUH, K MUHUMYMY.

Jst paboTBHI TPOTPAMMHOTO POIYKTA UCTIONB3YIOTCSL:

e  ABTOMaTrH3anus cOopa JaHHBIX U3 Pa3INYHBIX HCTOUHHKOB:
= cait AO «ATC»,
= caiit AO «CO EDC»,
=  ACKYD (aBTOMaTU3MpOBaHHasI CHCTEMa KOMMEPUYECKOTO YU&Ta AIEKTPOIHEPTHN),
"  pa3NMYHbIC JOKAIbHBIE (DaliIbl M IPOIHE HCTOYHUKH,

e Pacuer omepaTUBHBIX U PaKTHUECKIX pe3yIbTaTOB paboTsl Ha OPOM B pa3pese ceKTOpOB pHIHKA, B pazpes3e
I'TII (rpymma ToYeK MOCTABKH);

e  ABTOMaTH3aIys JOTOBOpHOU paboTel Ha OPOM:
"  aBTOMaTH4ecKoe OOHOBIECHHUE peecTpa ydacTHHKOB OPOM U nX peKBHU3WTOB,
"  aBTOMATHUYECKas 3arpy3Ka 00s3aTesIbCTB U MIaTEekKEH,
"  pacyer 3aJ0JKCHHOCTH,
"  XpaHEHHUE U KOHTPOJIb MEPBUYHOI TOKYMEHTAIUH,
"  [IPETCH3MOHHO-MCKOBas padoTa,

e  Apromarmueckoe (hopMHpOBaHME U MpsiMasi moada 3assBok PCB (pbiHOK Ha cyTku Briepen) B AO «ATCy, a
Taxxke 3agBok CO;

e  ABTOMAaTH3alMs aHAJIMTHIYECKOH OTUETHOCTH;
e  (OOecneyeHue IIEHTPATM30BaHHOTO M CTPYKTYPHPOBAHHOTO XpaHeHus naHHbIX 10 OPOM,;
e  ABTOMarM3aIys MpoIeccoB aHAIN3a JaHHBIX, B TOM Yucie ¢ ucrnonb3oBanruem OLAP-ky0oB,;

e lleHTpann3oBaHHOE BeieHHE HOPMATHBHO-CIIPABOYHOM HH(pOpMAaIInH.

MacnoprHLie Xapakrepuctmkn no

HOaHHele ACKY3 OanHele AO «ATC»

L \

MporpaMMHbIA NpoayKT

[ ]

| Banexu CO | | Komep4eckwii yer |

HatHele ¢ caiita OP3M

OnepamaHbie oTeTS! OnepauMonHLIe pacHeTs!

Puc.2 — Hpunyun pabomul npoepammuozo npodykma

JlaHHBI TPOTPaMMHBIH IPOXYKT pELIaeT BCE 3THU BOIPOCHI, YTO 3HAYMTENIFHO YIIPOIIAET M KauyeCTBEHHO
yiry4maer paboTy B SHEproTpenauHre.

Crrcok myOuKanmii:
[1] Oduyuanoueiii caiim AO « Tomckas 2enepayusy Il http://energo.tom.ru
[2] Opuyuansnvii caiim I'pynnot Komnanuii Hugonpo lhttps://www.info-pro.ru
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HccaenoBanue ancaMO1eBbIX METO0B O3ITHHIA K OyCTHHIA
Topoaues Cepzeii Bukmoposuu
Coipamkun Bnaoumup Heanoeuu
Hayuonanvnuiii uccneoosamenvcxuti Tomckutl 20cy0apcmeeHtblil YHUgepcumem
spp03@sibmail.com

Metoabl cocTaBjeHHs aHCAMOJsI — 3TO METa-aJITOPUTMBI, KOTOpPBIE OOBEOUHSIOT HECKOJIBKO METOJOB
MAaIIMHHOTO 00y4YEeHNUS B OJHY IPOrHOCTHIECKYIO MOJETb, YTOOBI:

e  yMEHBINHUTH aucriepcuto (variance) — bagging;
e  yMeHbIUTh cMemienue (bias) — boosting;
e  yIYYIIMTH TPOTHO3EI — Stacking.

TH METOJIBI MOXKHO Pa3/IClIUTh Ha JBE IPYIIIIL.

1. TlapamnenbHblE METOIBI TMOCTPOCHHS aHCAMOJS, KOrja 0a30BBIC MOJEIH TECHEPUPYIOTCS MMapauieIbHO
(HampuMep, CIy4alHBIA Jiec). DTH METOABI KCIOIB3YIOT HE3aBHCUMOCTh MEXKIY 0a30BBIMA MOJCISIMH, a OIIUOKA
YMEHBIIIACTCSI METOJIOM ycpeaneHus. OTCIola OCHOBHOE TpeOOBaHKME K MOJICIIAIM — HHU3Kas B3aMMHAsi KOPPEJSIHs U
IIMPOKOE pasHooOpasue.

2. INocnenoBaTenbHBIE aHCAMOJICBBIE METOIBI, B KOTOPBIX 0a30BBIE MOIETH T'CHEPHPYIOTCS IOCIEIOBATEIHHO
(mampumep, AdaBoost, XGBoost). OcHOBHas mzes 34eCh - HCIOIh30BaTh 3aBUCHMOCTh MEXIy 0a30BEIMH MOJICIIIMHU.
O01mee Ka4ecTBO 3/1ECh MOYKHO TIOBBICHUTH 33 CUET MPHUCBOCHUS OoJiee BEICOKHX BECOB TeM IpUMepaM, KOTOpEIC paHee
OBLTH HETIPaBUIIHLHO KJIACCU(PHUIINPOBAHEI.

BonpmmHCTBO aHCaMOJIEBBIX METONOB NPH CO3JAHUH OJHOPOIHBIX 0a30BBIX MOJENCH HCIOJIB3YIOT CSIMHBIN
0a30BBIil anropuT™M O0O0y4YeHHsA. OTO NPHBOIUT K OJHOPONHBIM aHcamOnsM. EcTh M METOABI, HCIONB3YIOIIUE
reTeporeHHble Mojenu (MOJEIM pa3HbIX THNOB). B pesyiprare oOpasyrorcsi rereporeHHble ancamOmu [1]. UtoOb
aHcaMOmu ObUTH OoJlee TOYHBIMH, YeM 000 HX OTAEIbHBIN uiicH, 6a30Bble MOJAEIH JOJDKHBI OBITH MaKCHMAalbHO
pasHooOpa3ubiMu [2]. [Ipyrumu ciioBamu, 4eM Oouibllie HH(GOPMAIMK NOCTYIAeT OT 0a30BBIX KJIACCU(PHUKATOPOB, TEM
BBIIIIE TOYHOCTh aHCAMOJIS.

MeToapl 00beIMHEHHUS MOJeIei B aHCAMOJIH
CyllecTByeT HECKOJIBKO METOJIOB O0BEIMHEHHUS MOJICTICH B aHCaMOJIH:

1. OnrumaneHBI OalleCOBCKHH KITaCCU(PUKATOp — aHcamOiIb, COCTOSAIIMKA W3 TPOCTHIX KIACCH(PHKATOPOB
Baiieca, B3BEIIEHHBIX HX alIOCTEPUOPHBIMU BEPOSITHOCTSIMH.

2. Barrusr - aHcam0i1b Mozenel, 00yJaroIuXxcsl NapajulesIbHO, Ha PA3IMYHbIX CIIyYaiHBIX BBIOOPKaX OZHOTO H
TOro ke oOydaromero MHOXecTBa. OmnpesneneHHe KOHEYHOTO pe3yibTaTa ONpEAeNseTcs TOJOCOBAaHHEM
KJaccu(uKaTopoB aHcaMOJIs — BEIOMpAeTCst KIIacc, KOTOPBIH MPeacKas3ano OONBIIMHCTBO KIaCCH(PUKATOPOB.

3. Byctunr - ancamOib MoJterelt, 00yJaromuXcsl MOCIeI0BATEIbHO, IIPH ATOM KaXKIBIH ITOCIEAYIOMIHI alrOpPUTM
oOyuaeTcss Ha IpUMepax, B KOTOPBIX MPEAbILIYNUi Kiaccu(huKaTop AomycTus1 ommoky. Cuntaercs, 4To OYCTHUHT JaeT
6oJiee TOUHBIE PE3yNbTATHI, YeM O3TTHHT, HO IIPH 3TOM CKJIIOHEH K IIepeo0yIeHHIO.

Kearns and Valiant Gbuti OJJHUMH W3 TEPBBIX, KTO 3aJaJHCh BOMPOCOM, MOXKHO JIH OOBEAHHUTH CIaOBIX
OIICHIIIUKOB, IS TOTO YTOOBI JOCTHYh pealu3alidd BBICOKOTOYHOTO OIeHINuKa. Bckope mocme atoro Schapire
MIPOAEMOHCTPUPOBAN YTBEPAUTENIEHBIN OTBET Ha 3TOT BOMPOC, UCTIONB3YS POLEAYPY, KOTOPYIO MBI CEI'OJIHS Ha3bIBaeM
6ycrupoanuem (boosting, hopcupoBanue, ycunenune). B o01inx ueprax oHa paboTaeT CIeAynHM 00pa3om.

ar 1. CreHepupoBaTh OJHO TPEHHPOBOYHOE MOAMHOXKECTBO ITyT€M CIydailHOro orbopa ¢ BO3BpaToM B
COOTBETCTBUM C HEKMMHU BECaMH BBIOOPKH (MHUIIMAIM3UPYEMBIM PABHOMEPHBIMH BECAMH).

IIlar 2. BeImmoaauTh NOATOHKY OAHOT'O OLCHIIIMKA C TOMOIIBIO 9TOTO TPEHUPOBOYHOI'O ITOJAMHOXKCCTBA.

IMar 3. Ecnu 0AUHOYHBINA OLEHIIUK AOCTUraeT TOUHOCTH, MPEBBIIIAIONIEH MTOPOr NMPUEMIEMOCTH (HAIpuMep, B
O6uHapHOM Kiaccudukarope oHa paBHa 50 %, 4ToObl Kiaccudukarop paboTan Jydile, 4eM cllydyailHOE TajaHue), TO
OLIEHIIMK OCTAETCs, B IPOTHUBHOM CIIy4ae OH OTOpaChIBAacTCS.

Iar 4. [Ipunats OOMBIINI BEC HEMPABWIBHO KIACCU(PHUINPOBAHHBIM HAOIIOCHUAM U MEHBIINHA BEC MPAaBUIBHO
KJIACCU(PUITUPOBAHHBIM HAOJTIOICHUSM.
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IIar 5. HOBTOpHTB npeapiAynue marv 10 Te€x nop, rnoka He 6y}_'LyT IMOJIYYCHBI N OLCHIINKOB.

ar 6. AHcamOyeBBIH NPOTHO3 — 3TO CPEIHEB3BEIICHHOEC 3HAYCHWE WHIMBHIYaJbHBIX NPOTHO30B W3 N
MOZENeH, The Beca ONPENeISIOTCS TOYHOCTBIO HMHAWBHAYaJbHBIX OLECHIIMKOB. CymecTByeT psx OyCTHPOBaHHBIX
AITOPUTMOB, M3 KOTOPBIX afantuBHoe OyctiupoBanne AdaBoOSt sBisieTCst OHAM M3 CaMBIX TIOMYJSPHBIX (puc. 1).

Havatbcn=1,w=1
Mopor A

OkoHyaTeneHbIn
Aa— knaccupmkatop

o= Z:,-a'”n‘ﬂ

Y

Het

Y

OtoGpaTh 06pasLbl C BO3BPATOM,
UCNONb3ys BECaw C LUenbio
nony4YeHns o6yyaloLmx JaHHbX

Y
BHINOMHWTL NOATOHKY

n+=1 KknaccuukaTopa ¢, Ha AaHHbX <
X,,, NONY4UTE TOYHOCTL W,

]
OOCHOBUTL Beca

w, T, ecnu knaccudrumposaxo

HenpaeuneHo, MHave w, Her

Puc.1 — I[Nomok npunsmust pewenuii 6 areopumme AdaBoost

CpaBHeHHe 03ITHMHIa U OyCTHHIa

s MPUBECACHHOT'O BBIIIC OMHCAHUA MOXKHO CACIAaThb HECKOJBKO BBIBOAOB, KOTOPBIC ACJIAIOT 6yCTI/Ip0BaHI/Ie
COBCPUICHHO OTJINYAOMIUMCS OT 63FFI/Ip0BaHI/IH.

[Moaronka MHANBUYaNbHBIX KIACCH(UKATOPOB BBIIOIHSAETCS MOCIEI0BATEIBHO.
Cnabope3yabTaTUBHBIE KIIACCU(PHUKATOPHI OTKIOHSIOTCSL.

Ha Ka)l(,[[Oﬁ uTepannn Ha6J'I}OZ[€HI/I$I B3BCHIMBAIOTCA MTO-PA3HOMY.

> wDh e

AmncamOneBsIi HIPOrHo3 NpeACTaBIACT coboit CPCAHEB3BCIHICHHOC 3HAYCHUEC UHAUBUAYAJIbHBIX YUCHHUKOB.

I'maBHOE NPEMMYIIECTBO OYCTUPOBAHKSI COCTOUT B TOM, YTO OHO COKPAIIAET KaK AUCIIEPCUIO, TAaK U CMEIICHUE B
nporuo3ax. TeM He MEHEe HCIPABICHHE CMEIICHHUS MPOMCXOIMT 33 CUET OOJBIIEr0 PUCKA MEPEHOATOHKH. MOXKHO
YTBEp)K/AaTh, YTO B (PMHAHCOBBIX TNPHJIOKEHHUIX OIITHPOBaHWE, KaK IPaBWIIO, MPEANOYTUTEIbHEe OyCTHPOBaHMS.
BarrupoBanue pemiaeT mpoOiIeMy MEPErnoArOHKH, B TO BpeMsi Kak OyCTHPOBaHHE peliaeT MpodiieMy HEIOMOATOHKH.
[lepenonronka yacto siBiseTcs Ooljiee Cepbe3HOW MPOOJIEMOid, YeM HEIOMOJrOHKa, TaK KaK MOAOTHATH ajJrOpHTM
MAalllMHHOTI'O o6yquH;1 CJIMIIKOM IINIOTHO K q)HHaHCOBI)IM JaHHBIM COBCEM HE TPYAHO H3-3a HU3KOI'O COOTHOIICHUA
curHan/myM. bosiee Toro, O3rrupoBaHHMe TOMIAETCS MapaJliesIn3aluy, TOT/Ia Kak OyCTHpoBaHHE OOBIYHO Tpedyer
MIOCJICTIOBATEIEHOTO BHITIOTHECHHUS.

Crucok myOIrKamui:
[1] Sergey Gorbachev and Vladimir Syryamkin // MATEC Web of Conferences. 2018. Vol. 155. 01037.

[2] V. I. Syryamkin, S. V. Gorbachev, M. V. Shikhman // IOP Conference Series: Materials Science and Engineering. 2019. Vol.516.
Nel.9p.
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Ils1aHupoBaHMe ONITUMAJILHON TPAEKTOPHH JIBUKEHHS K 3aJJaHHOM 1eJIM B TPEXMEPHOM
NMPOCTPAHCTBE
T'yyan Baoum Anexcanopoeuu

Hayuonanvnwiii uccnedosamenvckuii Tomckuti 20cyoapcmeeHtblil YHUGepCUumem
Vadya0994@mail.ru

CoBpeMeHHbIEe MOOWIBHBIE POOOTHI CHOCOOHBI BBIMOJHATH HE TOJBKO KOMAHJBI, MOCTYMAMOUIME M3 LEHTpa
yIIpaBJEHUs, PErJaMEHTHUPYIOIINE IMapamMeTphl IBIKEHUS (a3UMYT, CKOPOCTh, YCKOPEHHE), HO M CaMOCTOSTEIHHO
IUITAHUPOBATh TPAEKTOPHIO JOCTHXKEHHMS 11€JIE€BOTO COCTOSIHUS, YYUTHIBAsI HEOOXOJMMOCTh TAKKe pelaTh 3a1a4n 00xoaa
npenstcTBuid. [Ipn 3TOM OpHeHTalust B MPOCTPAaHCTBE OOECIEYMBACTCS HABUTAIIMOHHOW CHCTEMOMW, MCIOJB3YIONIEH
GPS/TJIOHACC, nomomHeHHOH CpencTBaMH CHCTEMBI OpPHCHTAIlMH: TEXHHYECKOTO 3PEHHUs, TaIbHOMEPOM,
nHppaKpacHBIMH NaTYukaMd U T.4. COBOKYITHOCTh 3THX CPEACTB OOecrednBaeT MOOWIBHBIA pPOOOT JOCTaTOYHO
00BEKTUBHON MH(pOpMAINEH 0 TEKYIIeM MECTOHAXOXKACHUH. J[OCTIKEHNE LEIEBOTO TTOJIOKEHHUS OCYIIECTBISIETCS O
HEKOTOPOH TPAeKTOPHH, JUIS IIPEIBAPUTEILHOTO IIIIAHUPOBAHHS KOTOPOI HeoOXoauMa HHGOPMAIHs O BHEIIHEH cpene -
MIPOCTPAHCTBE, B KOTOPOM OyIeT NMPOMU3BOAUTHCS ABIKEHHE. JTH CBEICHHS JOCTAaBISIET KapTa MECTHOCTH, KOTOpas
MOXeET OBITh ITOJy4€Ha U3 Pa3INYHBIX HCTOYHUKOB. O/IHAKO TaKasi KapTa He MOXKET YUUTHIBATH BOZMOXHBIE H3MEHEHUS,
00yCJIOBJICHHBIE TEpEMEIIEHIEM MOOMIBHBIX YCTPOWCTB (TpaHCIOPT, JIIOAW), TNPHUPOAHBIX SBICHUH (OCaaKH),
aHTPOTIOTEHHOT'O BO3JACHCTBHS Ha JaHAMA(T, CE30HHBIX H3MCHEHUH mpupoasl W Ap. TemM He MeHee oOIiee
NPE/CTaBJICHUE O MECTHOCTH, JOCTaBJIIEeMOE KapTOH, BIOJIHE JOCTaTOYHOE, JUISi OCYILECTBJICHHs, O000OIIEHHOTO
(mpenBapUTENBHOTO) INIAHUPOBAHUS TPACKTOPUH JIBUKECHUS.

JUis TUIaHUPOBAHUS TPACKTOPHHU IOJIETa HAa OCHOBE MOIY4YE€HHON KapThl MECTHOCTH MPEI0IaraeTcs IOCTPOCHUE
TPEXMEPHOTO MacCHBa Pa3MEPHOCTHIO N, 3armodHeHHOro 3HaueHusMu 0 u 1, tae 0 - sBisercs cBoOOTHBIM myTeM, 1 -
npensTcTBueM. Ha OCHOBE IOIy4eHHOTO MaccHBa BBINOJHIETCS BBIYMCICHHE ONTHMAIbHOW TPAaCKTOPUH IOJETa, C
ygeToM 00X0za TMpEensATCTBUA W YYWTHIBAOUIEH (U3WYECKHE pa3Mephbl JETAaTelIbHOTO anmapara Uil HpeoioJICHHS
HanOoee CIOXKHBIX MpPEnsITCTBUHA. Hmke mpuBENeH NmpUMeEp MOCTPOSHHOH TpaekTopuu s peanmsanuy JaHHOH
3a7a4M HMCIOIB3YeTCsl alropuT™M A*. A* momaroBo ImpocMaTpHBaeT BCE MYTH, BEAyIIHWE OT HAYAJIbHOW BEPIIMHBI B
KOHEYHYIO, NIOKa HE HaWA€T MUHUMaJbHBIA. B Hawgane paOoThl MpOCMaTpPHBAIOTCS Y3JIbI, CMEKHBIC C HAaYaIbHBIM;
BBIOMpPACTCS] TOT M3 HHUX, KOTOPBI MMEET MHHHMAJIbHOE 3HaucHHe f(X), mocie Yero 3TOT y3esl packpeiBaetcs. Ha
KaXJIOM 3Tale aJfOPUTM OIEPUPYET C MHOXKECTBOM NyT€W K3 HayaJbHOM TOYKH JO BCEX €IIE€ HE PACKPBITHIX
(JIMCTOBBIX) BEpILIMH rpada — MHOXKECTBOM YACTHBIX PELICHHH, — KOTOPOE Pa3MEIIAETCsl B OUepeid ¢ IPUOPUTETOM.
[Tpuopurer mytn ompenensercs no 3Hadenuto f(x) = g(x) + h(x). Anroputm npojomkaer cBor paboTy 40 TeX Iop,
noka 3HadeHue f(X) HeneBOoil BEpIIMHBI HE OKAa)KETCS MEHBIIMM, YeM Jro0oe 3Ha4YeHUEe B ouepenu, Jubo moka Bcé
nepeBo He Oynet npocMoTpeHo. M3 MHOXecTBa peleHni BRIONpaeTes peleHne ¢ HanMeHsbIei croumocTsio. Ha puc. |
NIPUBEJICH NPUMEP pe3yibTaTa MOJSIUPOBAHHS IOCTPOEHHOM TPAEKTOPHM OT TEKYIIEro IOJIOXKEHHS OOBEKTa 10
3aJ]aHHOM LIeJI B TPEXMEPHOM IIPOCTPAHCTBE PeaTn30BaHHbIN B cpene MatLab.

Model A star by Gucal Vadim

0s X

Puc.1 — Ilpumep pesyromama mMooenuposanusi NOCMpoeHUs. mpaeKmopuu
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Ilocine pacdyeTta KOOPAUHAT TOUYCK, MJId MPOXOXKACHUSA OINTHMAaJIbHOU TPACKTOpUU IIPpU NOMOLIXW JAaHHBIX C
TUPOCKOIMNMYCCKOI'0 JAaT4uKa, KOTOpLIﬁ HU3MEPSCT YIOoJI MMOBOPOTa YCTpOﬁCTBa, HUCIIOJIHUTCJIIbHBIMHU MCXaHU3MaMH
JICTATCJIBHOI'O armapara Bpra6aTbIBaIOTC}I ONIPEACIICHHBIC BO3,I[CI\/'ICTBI/IH UL TIPOXOXKIACHUA KOOPAWHAT TOYCK, U3
KOTOPBIX COCTOUT ONITUMAJIbHAA TPACKTOPHS MOJIETA.

CII0XXHOCTh JaHHOW 3aJadyd NPOSBISIETCS B TOM, YTO 3aJaHHAs Lelb SBISETCS ABMKYIIUMCS JICTarOIIUM
00BEKTOM, W I 3TOro HeoOxoamM 3(deKkTHBHO OBICTPHIN MepecdeT 3aJaHHOW ONTHUMAJIbHOH TpPaeKTOPHH U
3¢ eKTUBHO ObICTpast peakyst HCHOJIHUTEIBHBIX MEXaHU3MOB ISl IOCTOSTHHOT'O MPUOJIMKSHHUS K ABMKYIICHCS LS.
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UYeTrBepTass NpOMBINIICHHAs PEBOJIIOIMA MEpenuia U3 paspsnaa 0003puMOro OyAyLIero BO BIIOJIHE OCA3aEMOE
HacTosmee. MaccoBoe BHEIpeHHE LU(PPOBBIX TEXHOIOTHH BO BCe CGEpsl JKU3HH, H3MEHEHHE IICHXOJIOTHU
OTpeOuTeIeH, HOBBIE PHIHOYHBIC YCIIOBHS — BCE 3TO TPeOyeT M3MEHEHHUIT HE TONBKO B IPOM3BOJCTBECHHBIX IPOIIECCaXx,
HO U B YNPaBICHUH. DTH U3MCHEHUS CTAHOBSTCS BO3MOXXHBIMU TOJIBKO C BHEJPEHHEM COBPEMCHHBIX TEXHOJIOTHH Ha
BCEX JTanax *XKM3HEHHOTO IHMKJa MPOJYKTa M Ha BCEX YPOBHIX ympasiieHHs npennpustueM. OTHUM U3 HanpaBleHUI
BHEJ[PEHHSI COBPEMEHHBIX TEXHOJIOTHH SIBIISIETCS] TM(POBU3AIMS TIPOU3BO/ICTBA.

BHenpenne cucteMbl MEHEIPKMEHTa KadeCTBa OPHUEHTHPYET KOMIIAHHMIO Ha ITOCTOSHHOE COBEPLICHCTBOBAHUE
BCEX BHYTPEHHHX IPOLIECCOB U, OJaroaaps 3TOMY, HO3BOJIIET JOOUTHCS MOJIOKUTEIFHOTO SKOHOMUYECKOTO I deKTa.
B Hacrosimee BpeMsi cTpaHa IOCTENICHHO TpaHCGOPMHUpYeTcs B HH(GOPMAIIOHHOE OOLIECTBO, OCHOBaHHOE Ha
BHEJIPEHUM HOBBIX TexHoJormid u mardpopm. OuudpoBka poccuiickoro Ou3Heca MpeAnoiaraeT aKTUBHOE
UCTIONB30BaHHe WH)OKOMMYHHKAIIMOHHBIX TexHoiorud (mamee MKT), mpuBnedeHHe 3aMHTEPECOBaHHBIX CTOPOH K
YYacTHIO B JEATECIBHOCTH KOMIIAHHMH, CO3JaHHE ¢ CTOMMOCTH M MMHKa Ha pbiHKe. L{udpoBoil Bek Gompie He
SIBJISICTCS IIPOCTO BO3MOYKHOCTBIO JUTSl KOMIIAHHI MIPaTh MO-KPYITHOMY, HO 3a4acTyIO 9TO IPOCTO HEOOXOIMMO CIEeTaTh
UL TOTO, YTOOBI OCTaBaThcsl Ha IiaBy. MHTEpHET OOBEKTOB 3aBeplIacT IEPEHOC B SIMHBIN LU(POBOIl MUp Bcex
YYaCTHUKOB PBIHKA - NMPEANPUATHHA, NOTpeOHTEIeH M MX ACATEIBHOCTH, CBS3aHHBIX OOBEKTOB. Pa3BuTHe IMPOBBIX
TEXHOJIOTHI OKa3plBaeT BIMSHHE Ha JAaBHO CJIOXHBIIYIOCS IPAaKTHKYy opraHu3anuii B pamkax CMK mo cepum
crargapros [SO 9000.

Cpean MeXAyHapOIHBIX HCCIECNOBAaHHMH, IMOCBSAIICHHBIX ONPEACICHUIO BIUSHUS LHU(PPOBH3ALUM HA CHCTEMBI
MEHEIKMEHTa KauecTBa, MOXHO yHnoMmsHyTh paboTel I1. Koppea u A. ®depuanpmeca. I1. Koppea u A. ®depHangec B
paMKax MeXIyHapOAHOTO HCCielOoBaHMsA KoMIaHMN B As3um u Bocrounoii EBpone BBISABUIN CHUIBHYIO CBSI3b MEXIY
UCIIONIb30BaHHEM MH(OPMALMOHHBIX TEXHOJIOTHI 1 MHHOBAIMK B JIesATENbHOCTH, a Takke CMK 1o cepuu cranmaptos
ISO 9000 xak TexHomormeil ympaBieHHs KadecTBoM. OHH TIOKa3alld, 9YTO BHEIpEHHE HWH(POPMAIMOHHBIX U
KOMMYHUKAIIMOHHBIX TEXHOJIOTHH B JESATEIBHOCTH II0 YNPABICHHIO KA4ECTBOM OOYCIOBIEHO OOJbIIE NaBICHUEM
MOTpeOuTENIeH, YeM aBICHHEM KOHKYPEHTOB HJIH IOCTABIINKOB.

Ocob0 criemyer OTMETHUTH pe3yibTaThl MEXKIYHApOJHOTO HCCIEJOBAaHHUA OKCIEPTOB IO YEJIOBEUYECKOMY
kanutany u3 Deloitte Institute, B koTopom ompeneneH psn oOmactedl Ui mepexona KOMIAHMH K LHU(PPOBOMY
CTpaTerniecKoMy IUIaHUpOBaHMUIO. MccnenoBanne ocHOBaHO Ha ompoce 6oiee 10 400 pykoBoguteneii kommanuii u HR
B 140 ctpanax. Cpenu HarpapieHui 1(pOBU3aLMY KOMIIAHWI OHU HAa3BaJIM: BO-TIEPBBIX, YKPEIUICHHE YEJIOBEUYECKIX
pecypcoB (poOOTH3AIHS, HCKYCCTBEHHBIN MHTEIUIEKT, aBTOMATH3aIMs); BO-BTOPBIX, BHEJAPEHNE KOTHUTUBHOTO HaiiMa
(MOOMIIBHBIN crioco0 B3aUMOJEHCTBUS ¢ KaHauAaTamu, ykperuienne HR-Openna); B-TpeTbuX, pa3BuTHE HU(POBOTO
nuaepcrBa («uudpoBoil TuIep», KOTOPHI MOKET CO3AaBaTh KOMaHAbI, 00eCIIeYMBaTh HETPEPHIBHOE B3aMMOICHCTBHE U
BOBJICYCHHOCTh COTPYAHMKOB, Pa3BHBaTh KyJIbTYpY WHHOBAIMH, KOHTPOJIMPOBATH ANMNETUT K PHCKY U CO3/aBaTh
YCIIOBHS JJSl IIOCTOSTHHOTO COBEPIIEHCTBOBAHMA); B-UETBEPTHIX, HEMPEPBHIBHOE OOYYEHHE COTPYTHHUKOB. Takum
0o0pa3oM, HCIOJIB30BaHUE IMMPOBBIX TEXHOJOTMH JUIl pa3pabOTKM CHCTEMBI MEHEIDKMEHTa KadecTBa OyneT
COIIPOBOXKJATHCS TOBBIIICHNEM KadecTBa M JIOCTYIMHOCTH MPOIYKTOB / yCIyT Ul MOTpEeOWTENel, 4To NpUBEAET K
OKHJJaEMOMY YBEJIMUYCHHIO NPUOBUIM, a TakXe YBEIMYCHHIO NPHOBUIM M KOHKYpeHTocrmocoOHocTH. Kpome Toro,
1 (pOBBIE TEXHOJIOTUH MO3BOJIAIOT 3HAYUTEIILHO CHU3UTD 3aTPaThl KOMITAaHHUH (TpaH3aKIHMOHHbIE, KaJPOBBIE) U CO3/1aTh
WHHOBAI[MOHHBIN MoTeHIman. L{uppoBusanms KoOMIaHUA BEI3BIBAET TPAaHC(POPMALMOHHBIE mpolecchl B camoii CMK.
MO>HO BBIEIHTH psi obiacTeil, KOTOphIe MPETEpIe U3MEHEHHS: OTHOIIEHUS C 3aWHTEPECOBAHHBIMH CTOPOHAMH,
npunnunel CMK, mponecc ananmza u 1esneBble nHauKatopsl d¢dexruBHoctn CMK. BakHbIM HanpabieHHEM
tpancopmanmun CMK sBisiercst gomnosHeHne ee mpuHUMIOB. B ycioBusix nudpornsanuu B pamkax CMK crout
HCIIOJIb30BaTh CIIEAYIONIMIH HA00P NPUHIIUIIOB:

- mpuHIUI ruokocTH - CMK momKHa JeTKO H3MEHATHCS, €CJIM €CTh MOTSHINAN [T YIIy4YIIeH!s KauecTBa YCIyT,
MIPOU3BOIUTEIHFHOCTH TPY/AA, PEHTa0CIFHOCTH, CHIDKEHHS 3aTPaT, TEKY4IeCTH KaJpOB,;

- IIPUHIUIT HOBATOPCTBA - CMK JOJIDKHa CII0COOCTBOBAThH Pa3BUTHIO MHHOBAIITMOHHOI'O MOTEHIIMAJIa KOMIIAaHWUH,
MOOHIPATh MHUIUATUBY COTPYAHUKOB, IIPUBJICKATh BHCITHUEC PECYPCHI JId CO3AaHUA HHHOBaHHﬁ;
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- npuHImn npoaykruHoctd - CMK nomkna ucnonb3oBath UKT (pobotusarus, CRM-cuctemsl U T. A.) s
MOBBIIICHUS Ka4eCTBA 00CITY)KMBaHUs, CHUKCHUS 3aTPaT, a TaKxkKe s 00yYCHHS COTPYIHUKOB M Pa3BUTHUS MUPPOBBIX
KOMITIETEHIIUI NepcoHana.

Brmusane oum¢poBKH oOmlpenenseT W3MEHEHHE MPHHIUNOB oueHku s¢dextuHOcTH CMK B CcTOpoHy
HETPEPEIBHOTO aHamn3a. HempeprIBHOCTE aHaJi3a 03HaYaeT MOCTOSIHHBIN MOHUTOPHHT Beex anemenToB CMK c¢ memnsro
MOBBIIICHUSI €€ PE3yIbTaTUBHOCTH M JICMCTBEHHOCTH. BaXHO MOAYEPKHYTH, UTO B HACTOSIIEE BPEMS HETPEPBHIBHBII
aHanmn3 CMK sBisieTcsl TOMHOCTBIO JKU3HECTIOCOOHOH TpOIenypoi, OCKOIBKY B KOHTEKCTE ONMU(POBKH ITOKA3aTEIH
PE3YNBTaTUBHOCTH M 3 (PEKTUBHOCTH IIEH CTAHOBATCA OOBEKTUBHBIMU U JJOCTYIIHBI B IHTEpHET-TIPOCTPaHCTBE B BUAE
(opyMOB, OIIEHKM KOMHNAHWH (Hampumep, KiaccupuKauus JtoaeH, Kiaccupukanus yciayr ¥ T. A.), YTO IO3BOJISIET
NOJIy4aTh HEOOXOAUMYIO HH(OPMAIHIO O KOMIIAHUH B PEXKUME PEANEHOI0 BPEMEHH.

udposas Tpancopmanus - 310 npodiieMa, KOTOPYIO PYKOBOACTBO JII000 COBpPEMEHHOI KOMIIAHUH JOJIKHO
pemmTh, 4YToOBl OCTaBaThbC KOHKYPEHTOCHOCOOHBIM M OOECIednBaTh yCTOHYMBOE Pa3BUTHE B MEHSIOLIECHCS cpefe.
[TosTOMy pYKOBOJICTBO KOMIIAaHMM JOJDKHO 3apaHee IUIaHHUpPOBaTh Ipolecc LU(PpPOBOH  TpaHChopManuy,
MIOCJIE/IOBATENIFHO PEAN30BhIBATE €r0 M IOCTOSHHO OTCIIC)KUBATh, YTOOBI JOCTUYB JKEJIa€MbIX pE3YJIbTaTOB U
COOTBETCTBOBATH HOBBIM TPEOOBAHMSIM OM3HEC-CPEAbI.
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I/ICCJIeIIOBaHHe CBAPHBIX HIBOB ¢ MOMOIIBI0 PEHTIT€HOBCKOI'O 3D MHKpOTOMOFpa(l)a
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Hayuonanvnoui uccnedosamenvcxuti Tomckutl 2ocyoapcmeenHblil yHugepcumem
240 «HUngopmayuonnvie cnymuuroguvle cucmemvly Hmenu akaoemura m. @. Pewemnésay

Klestov_simon@mail.ru

CeronHsi KOMITBIOTEPHAs] MUKpOTOMOTpadus — 3TO OCHOBHOW METOZ BH3YalH3allU TPEXMEPHOH BHYTpEHHEH
MHUKPOCTPYKTYPBI OPTaHUIECKUX U HEOPTAaHHMIECKNX O0OBEKTOB C MCIIOIB30BAHIEM PEHTTCHOBCKOTO M3ITydeHUs. MeTon
aHAJOTWYEH MEIUIMHCKOH ToMorpaduu, HO o00jajaeT 3HAYUTENbHO Oojee BBICOKMM IIPOCTPAHCTBEHHBIM
paspemierneM. CKaHMpOBaHWE BH3YaJM3WPYET BCIO BHYTPEHHIOI TPEXMEPHYIO CTPYKTYpPY OOBEKTa M IOJHOCTBIO
coxpaHnsieT o0Opaserl Jyisi Pyrux BUIOB HccienoBanuid[ 1-6].

CymiecTByeT HEOOXOJUMOCTh HM3YUCHHs BHYTPEHHEH CTPYKTYypbl OOBEKTOB, HENPO3payHbIX B BHIUMOM
JIMara3oHe dJIEKTPOMAarHUTHOTO M3IIy4EeHUs, OCOOCHHO OMOJIOTMYECKHX, C MHUKPOHHBIM paspelieHueM. Passutne
METOJIOB PEHTTCHOBCKOH MHKPOCKONHMH MO3BOJIIO 3arsiHyTh BHYTPh HENPO3pPAuHBIX OOBEKTOB C pPa3pelICHUEM,
MPEBBIILIAIOIIMM BO3MOXKHOCTH ONTHYECKOI MUKpockonuu [7-12].

[IpumepoMm wuccrenoBaHUS CIOY)KUT IIIACTHHA AaMIOMHHHS Ha KOTOPOH BBINOJNHEH CBApOYHBIH IIIOB,
MpeJCTaBICHHBI Ha pucyHke la. Ha pucynke 10 mpezacraBieHa peKOHCTPYKIHS Ha MHUKpOToMorpade CBapOYHOTO
LIBa, a HA PUCYHKE 1B MpeACTaBIEH cpe3, Ha KOTOPOM NpUcyTcTBYIOT opkl 0T 0.01-0.9 mm.

Puc.1 — a — obpasey (ceapounsiii uios), 6 — pekoncmpyKkyus 0opasya, 6 — cpes oopasya.

O0aas BEICOKMM paspelieHneM B quarnasoHe ot 1 1o 13 MUkpoH, 3D-peKoHCTPYKIMU HCCIIEyeMbIX 00BEKTOB
TIO3BOJISIIOT HMCCJICIOBATh, HE paspylias M MOBpeXaas oOpasell, paHee HEJOCTYIHBIC yYacTKH HOA JIIOOBIM YHXOOHBIM
PaKypcoM, 3alaHHBIM OIIEPaTOPOM.

[Ipn ananm3e aHAIOTHYHBIX YCTPOWCTB Ha PHIHKE OBUIO BBISBICHO, YTO Pa3paOOTaHHBIN NMPHOOpP MPEBOCXOIUT
aHarnoru. [IpenmyrmiecTBamMu sBISieTCS MOOWJIBHOCTB, KOMIAKTHOCTh, BO3MOXKHOCTH pabOTaTh Kak B CTAl[MOHAPHBIX
YCIIOBUSIX, TaK M B MOOWJIBHBIX II€PEIBIKHBIX YCTAaHOBKAaX, BO3MOXHOCTh pPabOTaTh B KOMIUIEKTE C JAPYTUM
00opyoBaHHEM, OUEHb HU3Kasl [IeHa ITPH KauecTBE, HE YCTYIAIONMEMy KOHKYPEHTaM.

CoueTaHue BbIIICHEPEUHCICHHBIX IPEUMYIIECTB CUCTEMbI IO3BOJISIET 00ECIIEUNTh HaWBBICIIEE ObICTPOACHCTBHE
M KauecTBO OLICHKH COCTOSIHMSI MCCIIEJYEMBIX MaTepHaloOB, a TAKKEe BBICOKYIO KOHKYPEHTOCIIOCOOHOCTh pa3paboTKH,
MO3BOJISIONIYI0 00ECHeUnTh HMMIIOPTO3aMeEIleHHe MOJO0HBIX CHCTeM Ha Tepputopun Poccuiickoit ®enepanum u
CO3/1aHHE HOBOM HUIIIM TOBAPOB POCCHHICKOTO MTPOU3BOJICTBA HA MUPOBOM PBIHKE PEHTTEHOONTHYECKHUX CHCTEM.
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B coBpeMEHHOM MHpE BBICOKYIO AKTyaJbHOCTh HMMEET 3ajada pPAcIO3HABAHHMS TPAHUI] WIN HAXOKACHHS
obmacteii n300pakeHHs, HAIPUMEp, IPH IUATHOCTHPOBAHWH 3JI0KAYECTBEHHBIX OIYyXOJICH B MEOWLUHE. TECHICHIM
pasBUTHS PaIUONIOTHH HANpaBleHA Ha COBEPIICHCTBOBAHHE KOMITBIOTEPHBIX TEXHOJOTHH C IENbI0 IOBBIIICHUS
3¢ PEKTHBHOCTH HHTPOCKONUYECKUX HcciemoBanuid. [Ipobmema oOHapyXeHHS W pacHO3HABAaHMS TPAHUIl OOBEKTa HE
HUMEET ONTHUMAIBHOTO PEIICHUS B CBSI3U C IIOCTOSHHBIM IOSBICHHEM HOBBIX 3a/ad B 3TOW 00JacTH M pocToM 00beMa
BBIYMCIIEHNH. bonblnas yactb pa3pabOTaHHBIX B HACTOSILEE BPEMsl aJlTOPUTMOB HE MO3BOJISIET B TOW WIIM MHOH Mepe
BOCIIPOM3BECTH HEOOXOJMMYIO TOYHOCTH PAaclio3HaBaHUS M OOHapyKeHHs HH(POpPMalHM, MOCKOJIbKY HMEIOT psif
OrpaHUYEHUN.

Lenbro paboThl siBIIsIETCS pa3paboTKa anroputMa noucka rpanun onyxoiei Ha KT u MPT uzo0paxenusix, 4ro
MO3BOJISIET CHHM3MTh HArpy3Ky Ha JIMIO NPHHUMAIONIEE pEIIeHHE 3a CYET BBIACICHUs IOJO3PHUTENILHON 007acTH Ha
CHUMKE M CHHU3HUTh YEJIOBEYECKUN (AKTOpP INpH TPUHITHM PEIICHUS BKYINE C IOBBIIIGHHEM €ro TOYHOCTH. B
HCCIICIOBAaHUH HCIIOIB30BAIICH OTKPHITEIe Onbmmotekn OpenCV, Bitovaromue B cedst TOTOBBIC (PYHKINH 00paboTKH
N300paKeHUH.

Jnst ynobctBa BocHpusiTHs M Oojee MOHATHOTO IIporiecca pabOThl MBI YCIOBHO pPa3leliuM pa3paboTaHHbIA
ITOPUTM Ha HECKOJIBKO 3TalloB:

- BBOJ M300paXEHUSI M COXpaHEHHE JaHHBIX O TTOJydCeHHOM H300pakeHNH (COXpaHEHHUE JaHHBIX O MOJy4YCHHOM
n300paxkeHUH ObIIO pa3padoTaHO U BKIIFOYEHO C IIENbI0 PACIINPEHNS CIIEKTPa IPUMEHEHUS allfOPUTMA);

- ynydmieHue uzo0paxenust U GuiabTpanus. [I0CKOIbKY CyllecTBYeT HEOOXOUMOCTh YBEJIMUEHHSI CKOPOCTH U
TOYHOCTH aJITOPUTMA, Ul OOecHedYeHus] OBICTPOACHCTBUS HEOOXOIMMO HW3HAYAJIBbHO YIYYIIHTh H300pa)keHHEe U
oTUIBTPOBaTh IIYMbl M apTeakThl, a TaKKe HCKIIOYNTh M3 aHaJIM3a YYaCTKH H300paKCHUs, HE Hecyllue
nH(pOPMALMOHHYIO HATPY3KY, YTO HO3BOJISIET YBEIUUUTH CKOPOCTD PAOOThI AJITOPUTMA.

- aHaJiu3 TIOJYYCHHOTO I/I306pa)KeHI/IH, BBIACJICHHUC W IIOJCBCUYHWBAHUC 06HaCTeﬁ, TMOPAXKCHHBIX OITYXOJIbIO,
OCHOBaHHBIA Ha TOM, 4YTO HIPU NPOBCACHUN NAHHBIX I/ICCJICI[OB&HI/Iﬁ B TKaHU MNAIIUCHTA BBOAUTCA KOHTPACT, 6J1aroz[apﬂ
YeMYy OITyXOJIb 6yI[CT HMeETh 0oJiee KOHTpPAaCcTHOC 0TO6pa)KeHI/I€ Ha CHHUMKC.

Bbu10 00HAPYKEHO, YTO HAMJIYYIINE PE3yAbTaThl JJIs 3a1a4d (PUIBTPAUH W300PAKEHHs MMOKA3hIBACT (QUILTP
laycca (1) ¢ MeauaHHOW OKPECTHOCTBIO 4, KOTOPBIA B mporecce paboThl MO3BOISET COXPAHATh HAUOOJEe YETKHE
KOHTYPBI UCCIIEIyeMOTO H300paKeHUsI BMECTE C YCTPAHEHUEM HEHY)KHBIX IIYMOB M ONTUMH3ALUEH H300paXeHHst st
JanpHeHei 00paboTku U paco3HaBaHUA HEOOXOIUMBIX 00BEKTOB.

X2 +y?

1 5
g(x,y) :Qe 20 1)

rae ¢ — CTaHJAPTHOE OTKJIOHCHHE HOPMAJIBHOI'O pacHpeiejiCHUs; X — FOPUM30HTAJIbHOEC CMCUIICHHME OT LICHTpa sapa
CBépTKI/I; Y — BEpTUKAIBHOE CMEIICHUE OT LICHTpPA s1Jipa CBépTKI/I.

VYirydmenne u300paxeHus 4acTo MPOUCXOIUT ITyTeM PETYINPOBKHM 3HAYEHHH MHTCHCUBHOCTH, TaK Ha3bIBAEMBIX
YpOBHEH rpajauuii ceporo. /s 3Toro ynydmieHus IpejjlaracTcs NPUMEHUTH CIEAYIOLIME MAacKH, UCIIOIb3yEeMbIE
onepatopoM CoOernst, a TakKe YBEJIMUUTb KOHTPACTHOCTb H300paskeHHU.

1 2 1 1 0 1

0 0 0 -2 0

(=]

1 2 1 -1 0 1

Puc.1 — Macku onepamopa Cobens

BLI,HGJ'IHGM KOHTYPbI Ka)KI[Oﬁ obnactu JUIA KaXa0ro m3 IoKa3arejei ceporo. B pa60Te NPUMCHEHO COYCTAHUEC
JABYX TEXHOJIOT U HAaXOXIACHUSA KOHTYPOB: aJropurma Kennn un oreparopa CO6€J’IH, HO OOJBIIOE KOJIMYECTBO
HaﬁHGHHLIX KOHTYPOB 3HAYUTCIIbHO 3aTPpyAHACT aHaJIU3 I/1306pa)KCHI/I$I. HOCKOJ’IBKy CTaBUTCA 3ajada IIOBBICHTH
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OBbICTPOJICHCTBHE ANTOPUTMA, MPEATI0KEHO OTCEYb I'PAHUIIBI, UMEIOLINE HU3KYI0 MH(POPMAIMOHHYIO LIEHHOCTb, Ha1s
MIOPOTOBOE 3HAUYEHHE COTIIacHO Gopmyiie (2)

1 M M
Tres= |—> > M f(x,y) 2
M x=1 y=1
rae X, y — KOOpAWHATBI IHUKCEJIA, M — pa3Me€p MaccuBa Mo;[yneﬁ 10 BepTI/IKaHLHOﬁ nu FOpI/I3OHTaHLHOﬁ

XapaKTEepUCTUKaM.

ITockonbKy HaxoKIEHHE IPaHMIl MIPOBOJUIOCH B YCIOBUSAX HEJOCTATOUHOTO pa3pelleHus, A AajbHenIen
00paboTKM M300pakeHMsl TpeUIaraeTcss HMCIOJIb30BaTh BCTpOEHHBIE (yHKIMK Oubmuorekn OpenCV, a HMEHHO
MOJYyYUTh WH(OpMALMIO M3 CErMEHTHPOBAHHOTO W300paXEHHMsT C HCIONb30BaHHMEeM anropurmMa WaterShed,
MO3BOJISIIOIIUM YJIYYLIMTh CHOCOOHOCTh TOYHO BBIOMPATH JKEJaeMylo 00JacTh, OTMeYast HCKOMBIH 00beKT U (pOHOBBII
Mapkep. Taxxe HE0OXO0IUMO HOPMHPOBAThH TEKYIIUH pe3yabTaT.

CrnemyroumM maroMm OJOKa CETMEHTAIINH SBISCTCA HAXOXKICHHUE CBSA3M MEXIY COCEOHHMH HHKCeNsMHu [1], BO
BpeMsi KOTOPO# MPOIEcC CYMMHPOBAHHUS TPOXOJUT 4Yepe3 BCE COCEIHHME Maphl MHUKceneH, GopMynupysi KOMIIOHEHTY,
KOTOpasi OTBEYAET 32 CBS3b MEIK/TY MHUKCEISIMHU.

Janee momrydeHHOE H300paXEHUE CBEPSIETCS C ATAIOHHBIMHU JTaHHBIMH HEMPOCETH, Ha BBIXOJE MOJCBEUHBAIOIICH
Y9acTOK H300pakeHHs ¢ BO3MOXKHOU omyxonbio [2]. IlomydeHHBIE B XOAe HMAaHHBIX IMPeoOpa3oBaHUIl KOHTYPHI
n300paykeHNs HaKJIa bIBaeM Ha UCXOJHOE N300paskeHHe Ul yBEIHMUCHHS HATJISAHOCTU M JUIA JalbHEHIIeTo yTOUHEHUs
pe3ynbTata paboThl KBAIU(HULUPOBAHHBIM ONEPATOPOM W YIPOLICHHS YEJIOBEYECKOTO aHaju3a, Hampumep, st
JIANTbHEHILET0 XUPYPrUYeCKOr0 HiIH APYroro BMeNIaTesibcTBa. Pe3yabpTaT paboThl aroputMa npuBeeH Ha (puc.2)

g) 2)

Puc.?2 — Haiioennote epanuyvl ob6vekma na ynacmie MPT uzobpadicenus. a) ucxoonoe usobpaoicenue, 6) HatloeHHbvle ¢
ucnonvsoganuem areopumma WaterShed konmypoi, 8) HanodceHUe KOHMYPO8 HA UCXOOHOe U300padicenue 2) HatoeHHoe
2panuybl ONyxou

Onupasch Ha pPE3yabTaThl SKCIEPUMEHTAIBHBIX MCCIEIOBAHUN MOMKHO OXHJATh, YTO MPH JOCTATOYHOM
paspenieHnn n300pakeHus pa3pabOTaHHBIH ANTOPUTM IIO3BOJIIET OOHAPYKUBATh TPAHUIBI OMYXOJIH C JOCTaTOYHO
BBICOKOHW BeposATHOCTHIO (90-95%), omHaKO 3TO 3aBHCHT OT KadecTBa HCXOTHOTO HM300paXCHUS W KOJIUYECTBA
00OHapy)KEeHHBIX 00J1acTel B IpoIecce ero paboThl.

Crucok myOIrKamii:

[1] Mehdi L., Solimani A., Dargazany A. Combining wavelet transforms and neural networks for image classification [Texcm] /
Mehdi L. // 41st Southeasten Symposium on System Theory, Tullahoma, TN, USA, 2009. P. 44-48.

[2] Automatic processing of ultrasound images of the prostate / Burmaka A.A., Razumova K.V., Milostnaya N.A., Krupchatnikov R.A.
/I Biomedical Engineering. 2016. T. 50. Ne 3. C. 210-213.
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IIpuMeHeHne TexHOI0THH 010K4YeiiH B cHCTeMe 00pa3oBaHusl
Kocenkosa JItoomuna Auopeesna
Ilozyoa Anekceii Anopeesuy
Hayuonanvhwiii uccnedosamenvckuii Tomckuti 20cyoapcmeeHtblil YHUGepCcumem
beeflowerstomsk@mail.ru

B pabote paccmarpuBaeTcs MPHHIUN paboThI pacrpeeIieHHONH CHCTEMBI, CXeMa HX YCTPOMCTRA.

PaccmarpuBaroTCsl pasiMYHBIC BHIBI CHCTEM VIIPABJICHHS: [EHTPAIN30BAaHHBIC, JCICHTPATH30BAHHbIE,
pacnpenerneunsie. OMUCHIBAETCS TIPUHIIAT UX PabOThI, & TAKXKE IUTFOCH 1 MHHYCHI KaXI0# U3 STHX CHCTEM.
B mepByo ouepens, st TOTO 94TOOBI OMUCATH TIOHATHE CHCTEM YIIPABICHHUS, HEOOXOAUMO PACKPHITH TIOHATHE CHCTEMA
U yIpaBICHUS OTICIBHO.
VYnpaBneHnne — 1ejeHanpaBieHHOe BO3IEHCTBUE Ha MPOLECCHI JJISl U3MEHEHHS UX TPOXO0KIACHUSI C HENbIO TOCTIKEHUS
KeJATeILHOTO Pe3yJIbTaTa Ui U30eTaHus HEeXeIaTeIbHOTO.
CucrteMa — COBOKYITHOCTh HHTETPUPOBAHHBIX M PETYJIIPHO B3aUMO/IECHCTBYIOIINX HUITH B3aHMO3aBUCUMBIX 3JIEMEHTOB,
CO3JaHHast JIsl JOCTHXKEHUSI ONPEIeIEHHBIX TIeel, MPUUEM OTHOLIEHUS MEKIY HIEMEHTAMHU OMPEICIICHbI U
YCTONYHUBEL, a 001I[ast IPOU3BOIUTEIHHOCTD MK (DPYHKIIMOHAILHOCTH CHUCTEMBI JIYHIIIE, YeM Y MIPOCTON CYMMBI
snemenroB (PMBOK).
Hcxomst U3 3TOTO, MBI MOKEM PaCCMOTPETD TIOHATHS [IEHTPAIN30BaHHOTO, JICIIEHTPAIN30BAHHOTO U PACTIPEIEIICHHOTO
TIPUHIHIIA YTIPABICHHSL.
LleHTpann30BaHHEIE CHCTEMBI VIIpaBiieHus. Mepapxus B Takux cucteMax juHelHas. CyTh paboThI IIEHTPATH30BaAHHBIX
CHCTEM 3aKJIIOYAECTCS B TOM, 9TO BECH KOHTPOJIb 38 CHCTEMOM OCYIIECTBISIETCS B OJHOM TOUKE yrpaBieHus. B sToit
TOYKE OCYIIECTBIIIOTCS BCE MPOLECCHI U MPUHUMAIOTCS PEIIECHHS 10 paboTe CUCTEMBI, UITH €€ OTAEIbHbIX 2JIEMEHTOB.

B pabote paccmarpuBaeTcs yA3BUMOCTh IICHTPATH30BAHHONW CHCTEMBI, IPUMCHSIEMOU MPU OCTPOCHUU CHCTEMBI
6e3omacHoctu BY3a, a Takxke npobiieMbl, KOTOpbIE BO3HUKAIOT B JaHHOM CHCTEME CHCTEMaTHYECKH.

Ha nannbiii Moment, B BY3e peanuzoBaHa Mojieib, 3aBHCSIIAS OT OJHOIO KOMAaHIHOTO y3Jia, YTO Jejaer e€
yS3BUMOM K aTakaM M COOSIM.

HHXEHEPHBIe nponyckHas noxapHas
cucTemb cucrema cucrema
~ J -
S /
|K cl
/
&
basa C P YT
JaHHbIX h‘k":}-__ WL ST | IRETEEEE
— KOMNNeKC
besonacHocTu C
C /’/ -~».___“\‘__: APM
’_’./ K -‘--“<< AN
ACY CAY | _— MOMMTOPUHIa
- K _ \
/ ~
Cucrena cucrema oxpanHas
BraeoHatmonenua onoseweHua cucrema

K- komaHabl C- cobbiTnA

Puc. 1 — Cucmema 6e3onacnocmu, npumensiemas Ha OAHHbINL MOMEHM
Ipeonazaemes pewenue 8 sude OeyeHMpPAIU308AHHOU CUCIIEMbL HA OCHO8E MEXHOL02UU OLOKYEIH, YMo HO3605em
coenamv cucmemy yCmoudugo K amaxam, cOosim.
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Touku ynpasnenun

Puc.2 — Cxemamuueckoe npedcmasnenue 0eyeHmpanu308aHHOU CUCIeMbl YNPAGLeHUs
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udpoBbie IBOMHUKHN KaK MeTO/ YJIY4YlleHUs KadyecTBa ynpasJjenusi Oco0oii-
IKOHOMHUYECKON 30HOM
Kocuyvin Bnaoucnae Anexkcanoposuuy

Hayuonanvnwiii uccnedosamenvckuii Tomckuti 20cyoapcmeeHtblil YHUGepCUumem
vladislavkositsyn@gmail.com

[udposoii nBOWHMK — 3TO HUQpOBas (BUPTyaJIbHAsI) MOJENb JIOOBIX OOBEKTOB, CHCTEM, IMPOLIECCOB HIIH
monieit. OHa TOYHO BOCHPOM3BOANT (OPMY M JCHCTBHS OpUTHHANA M CHHXPOHH3MpOBaHa ¢ HUM. L{udpoBoii nBoHHMK
HEOOXOUM ISl MOJICJIMPOBAHUSI TOTO, YTO OY/IET NPOUCXOJUTH C OPUTHHAIOM B T€X WM WHBIX YCIIOBHSX.

Ocobast H>KOHOMHYECKas 30Ha TEXHUKO-BHenapeHueckoro Ttuma (nmanmee 023 TBT) — onpenensiemas
®enepanpHbM 3ak0HOM P ot 22.07.2005 Ne 116-@3 uacte Teppuropum Poccuiickoit @enmepariii, Ha KOTOPOI
JIEUCTBYET OCOOBIN PEXUM OCYIIECTBICHHSA MPEANPUHUMATEIBCKON AEATEIBHOCTH, a TAKXKE MOXKET HPUMEHSTHCS
TaMOJKeHHas IIPOoLIeypa CBOOOTHOH TaMOKEHHOM 30HHI.

Huns pesugertoB O3 TBT — BBICOKOTEXHOJOTHYHBIX KOMIIAHWH CO3MAeTCsl YHHKAIbHAs JeNoBas cpema s
aKTUBHOTO Pa3BUTHS MHHOBAIIMOHHOTO OW3HECa, MPOW3BOJICTBA HAayYHO-TEXHHYECKOW MPOMYKIHMHA W BHIBOJA €€ Ha
BHYTPEHHUH U BHEIIHUHN PBIHKU.

Ocobast SKOHOMHUYEeCKasi 30Ha TEXHHKO-BHeApeHdeckoro tuna r. Tomcka (manee OO3 TBT r. Tomcka) Obuia
co3nana nocraHoBieHueM [IpaBurensctBa PO or 21.12.2005 Ne 783 B pesynbrate nobdeabt Tomckoit obiactu B
denepanbHOM KOHKYpCe M0 0TOOpY 3asBOK CyObekToB P® Ha co3maHue Ha MX TEPPUTOPHIX OCOOBIX IKOHOMHYECKUX
30H TeXHHKO-BHeApeHueckoro Tuma. Beero B Poccun 5 OD3 mannoro tuma. Kpome Tomcka — Cankr-IlerepOypr,
MockBa (3eneHOrpajcKuil aIMHUHUCTPATHUBHBIA OKpyr), MockoBckasi obnacte — r.JlyOHa, pecmyOnuka Tarapcran
(Teppuropust Bepxueycnonckoro u JlaneBckoro MyHHIIUIIAIBHBIX PaiOHOB).

Ha mannsre ot 2020 roga, B 093 1. Tomcka padotaet 40 pesnneHToB u okoso 30 KoMmaHwid 6e3 3TOTo cTaryca.
OCHOBHBIE HanpaBJIeHUS JIesTeNbHOCTH — IT, 3NeKTpOHNKa, HAHOTEXHOJIOTHH W HOBBIE MAaTepHAIbI, OMOTEXHOJIOTHU 1
MEIHUIMHA, pecypcocOeperaromue TeXHoJIoruu. 3a roasl padorel O3 B KOMIAHMAX-PE3UICHTaX co3gaHo Ooiee 2,5
THIC. pabo4YMX MecCT, a oOmmii 00BbeM NOJYYCHHOW BBIPYUKH COCTaBsieT Ooiee 26 muipxa pyoOneit. M3meneHue
koauuectBa pe3unenToB 023 TBT r. Tomcka npeacTaBieHO Ha pUCYHKE 1.
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Komugecrro pesunentor 093 TBT «Tomck»

Puc.1 — 3asucumocmo koruuecmea pezudenmog OI33 TBT 2. Tomcka ¢ 2011 no 2020 200a

Hcxons maHHBIX NpeAcTaBICHHBIX Ha pUCYHKe 1 BHAHO, 4yTO KonuyecTBO pesuneHtoB O3 TBT r. Tomcka
yMmeHbImiIoch Ha 50-60% 3a nocneanue 4 rona.

K npuumHam CHIDKEHHUS KOJIMYECTBa PECTIOHACHTOB OTHOCSITCSL:

— MOBBIIIEHUE MTPOLIEHTA OILIATHI CTaTyca PE3U/ICHTA;

— poct xommanuii u Beixox nu3 023 TBT r. Tomcka;

— mepee3 ]t B 6ojiee ya00HOE pacIioIOKEeHHE IS 1eNield KOMITaHUH;
— YXyJIUIEHHs TPAaHCIIOPTHBIX YCIIOBUH.

BriepBrie koHuenuuio mudposoro nBoiiHMka ormcan B 2002 roxy Maiikn ['puse, npodeccop Muunranckoro
yHuBepcureTa. B cBoeit kanre «IIponcxoskieHne nnppoBhIX ABOHHUKOB)» OH Pa3JIOKHII UX Ha TP OCHOBHBIE YaCTH:
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— ®usnyeckuit NPOIYKT B pPealbHOM IIPOCTPAHCTBE;
— BupryanbHblii IPOAYKT B BUPTYaJIbHOM IIPOCTPAHCTBE;
— JlarHble 1 HHOOPMAIHS, KOTOPbIE 00BEANHSIOT BUPTYAIbHBIA 1 (PU3UUECKUN TPOTYKT.

Hns ymyamenus kagectBa ymnpasieHHss OO3 TBT r. Tomcka BO3MOXXKHO MPUMEHUTH TEXHOJOTHIO IH(pOBOTO
JIBOMHHUKA JJIA:

— IUTAaHUPOBAHUS CTPOUTENHCTBA OOBEKTOB HHPPACTPYKTYPHI;

— IUIsL YIIPaBIICHUS DIIEKTPOCHA0KEeHHEM HHPACTPYKTYpBI;

— 7SI IPOTHO3a | YTIPaBIICHUH NOKa3aTesiMu 3 dexruBHOoCcTH OD3;

— JUISl OTZIEJIBHBIX TIPOU3BOICTBEHHBIX LIETIOUEK KOMIIAHUH-PE3NACHTOB;
— JUIsl yIpaBJICHHS! TPAHCIIOPTHOM HH(pacTpyKTypoOH.

C IIOMOIIBIO I_[I/I(l)pOBI)IX JIBOMHUKOB MOKHO TNOCTPOUTH MOACIIb GyHyHICI‘O 3JaHUAg U COPOTHO3UPOBATH, KaK OHO
BIOUIICTCA B CPEAY, BBIACPKUT KIIMMATUYCCKUC YCIIOBUA U HATPY3KH HAa HECYHIUE KOHCTPYKIUH.

udpoBbie 1BOWHUKH NPUMEHSIOT, YTOObI ONITUMU3NPOBATH pabOTy AJIEKTPOCTAHIMH, H30ekaTh cOOEB B Mojaye
3NIEKTPUYECTBA U PALIMOHATIBHO IOJONTH K SHEPTONOTPEOIICHUIO.

[{ndppoBbie TBOWHUKH MO3BOJSIIOT CIIPOTHO3UPOBATH 3arpy3Ky 3aJI0B, IIEPEMEIICHIE KINEHTOB M COTPYJHHKOB,
ONITHMAJIBHBIN YPOBEHb OCBEIICHHOCTH U TEMIIEPaTypy.

[TudpoBele TBOWHUKH MOTYT BOCHPOW3BOIHUTH LEJbIE IPOW3BOJCTBCHHBIC LENOYKH, MPOBOAS BUPTYalbHbIC
UCTIBITAHMS U IpeRynpexas coou B padore 000pynoBaHHS.

C momompio 1M(POBBIX ABOHHUKOB MOXHO ONTHMHM3HPOBAaTh MApIIPYThl TPAaHCIIOPTa, pabOTy TEXHHYECKUX
CITy>k0 M Imacca>khupONOTOKH.

Jns noBbienuss kadectBa ynpasieHuss OD3 TBT r. Tomck Ha obOmieM 1udpoBOM [IBOHHHMKE MOXKHO
OTCIIC)KMBATh TPAHCIIOPTHBIE TIOTOKH, pPa0OTy KOMMYHHMKAIMH, 3aCTPOHKY, OKOJOTHYECKYI0 OOCTaHOBKY U
9HepronoTpedaeHue, YTOOB! BOBpEMS BHOCUThH Ba)KHbIE H3MEHEHUSI.
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IIpo0JieMbl HU3KOI0 KayecTBa yNpPaBJeHUs MPeANPUSITHEM
Muxaiinenko Beponuxa /Imumpuesna
Kyxkywiuna Mapua Cepzeesna
Hayuonanvnuiii uccredosamenvcxuti Tomckutl 20cyoapcmeeHHblll YHUGepcumenmn,
veronika_1999mihailenko@mail.ru

KauecTBo ynpaBieHHsI MOXKET OBITh HCCIIEIOBAHO B PA3IUIHBIX c(hepax NEATEIbHOCTH M C PA3IMIHBIX TO3UIUH.
Ha ceropnsmHnii 1neHb, Ka4eCTBO YIPABIEHHS — 3TO (HaKTOp CHUCTEMHOW OpPTaHHW3alWU TPEATNPHATHS, KOTOPHIH
obecrieunBacT pIHOYHYIO YCTOHYHUBOCTD, KOHKYPEHTOCTIOCOOHOCTD M 9KOHOMHYECKYIO O€3011aCHOCTb.

CrnenoBatenbHO, Ka4€CTBO YIPABICHHS MPEANIPUATHEM BKIIOYAET B ce0s CBOMCTBA, MPOTEKAIOMINE B CHCTEME
yrpaBjieHuss MHOOPMALMOHHBIX, TPYAOBBIX M JpPYTrUX IPOIECCOB, a TaKKe pe3yJbTaTHBHOCTb JESTEIbHOCTH
NpeNpusTHd Ha pBIHKE, ONpeJe/ieHHe B KaKOM CTENEeHM BhIycKaeMas HPOAYKIMS MPENIpUSTHS COOTBETCTBYIOT
MOTPEOHOCTSIM OTpeOUTEINEH, a UCII0JIb3yEeMbIE CTPATErHU — ACHCTBUSM KOHKYPEHTOB.

HpI/I‘H/IHLI HU3KOI'0 Ka4ye€CTBa yHIpaBJICHU.

HpI/I‘H/IHLI HU3KOIr'0 KadcCTBa YIIPABJICHUSA HNPCANPUATUEM BECbMa pa3H006pa3HLI, OJHAKO MOXHO BBIACIUTH
HanboJiee BaXKHbIE TIPUYUHBI.

BO'HepBLIX, HpI/I‘IHHOﬁ HU3KOT'O YIIPaBJICHUA MOKET CTAThb KOMIICTCHTHOCTDb pyKOBO,IlPITeJ'ICfI U UX CIIOCOOHOCTH
peuiaTtb BO3HUKAIOIIHC HpO6J’IeMLI. HOCKOJ’ILKy OHU BO3JAKOT YCJIOBHUA I HNOCTHIKCHUA CTPATCTHYCCKHUX uenef/i
OpraHu3anum, HECYT OTBETCTBEHHOCTD 3a PCAIN3ALNI0 CTPATCTUICCKUX ueneix'l 34 CUCT BBINIOJIHCHUA KOHKPETHBIX 3a4a4.
CHGI[OBaTeJ'ILHO, PYKOBOAUTECIIb OpraHrU3aluu, KOTOpLIﬁ HEC 06naz[aeT AO0CTATOYHBIMH HABbIKaMHM U YMCHHUSIMH CTAHET
OI[HOI>'I 13 NIPUYIUH HU3KOI'O0 Ka4€CTBA YIIPABJICHUS.

Bo-BTOpBIX, OTCYTCTBHE Yy PYKOBOIMTENsS UYETKOIO IMOHMMAHHs, YTO HMEHHO MHOJDKHO OBITh Ha BBIXOAE B
pe3ynbTarte JesATenbHOCTH npeanpusitus. CrenoBaTenbHO, Nedd padoOT JHOO OTCYTCTBYIOT BOOOIIE, JMOO
c(hOpMyIHPOBaHbl HEAOCTATOYHO YETKO, MOATOMY IEPCOHAN IMPEANPUSATHS HE IOHMMAaeT KakoW BKJIaJ BHOCHUT B
JIESITeNTBHOCTh U KaKUM 00pa3oM BIMAET Ha Ka4eCTBO MPOAYKTa (YCIyTH).

Crnenyromeil NpUUMHON SABISETCA OTCYTCTBHE CHCTEMBI IIaHHUpOBaHHS. OTCYTCTBHE IIAHUPOBAaHUS He
MO3BOJISIET CBOEBPEMEHHO OIEHUTb, KaKUM OOpa30oM BBHINOJHAEMbIE 33Jadd M JICHCTBHA COOTHOCATCS C IIEIIMHU
TIPEATIPHATHA.

OtcyTcTBHE CHCTEMBI YIPaBICHUS MOTHBaIHEH nepcorana. OT Toro, HACKOJIbKO MOTUBHPOBAHHBI COTPYIHHUKH,
3aBUCHT MX HANpPAaBICHHOCTh HA LENH NMPEANPHATHSI, a TaKXKe XXEJIaHHE JOCTHTaTh M OoOecrednBaTh HEOOXOANMBIH
pe3yJbTar.

OTCYTCTBI/IC HHCTPYMCHTOB JII OLICHKH 3(1)(1)€KTI/IBHOCTI/I U KOHTPOJIS BBIIOJHACMBIX Z[eﬁCTBHﬁ MNpUBOJAUT K
TOMY, YTO PYKOBOJAUTCIIb HUCIBITBIBACT MNEPCrpy3Ky TEKYIIMMHU 3aJa4aMU U HE MOXKET 3(1)(1)6KTI/IBHO OpraHn3o0BaThb
mpouecce ynpaBJICHUA NOAYNMHEHHBIMU COTPYAHUKaAMU.

OCHOBHEIE METOABI COBEPUICHCTBOBAHNSA CUCTEMBI YIIPABJICHUSA MPCATTPUATUEM.

CoBepIICHCTBOBAHNE CHCTEMBI YINPaBIICHHs KacaeTcsi BceX cdep IesITeNbHOCTH TPEINPHSITHS, a HMEHHO,
mporiecca TNPOU3BOACTBA M COBITa, (PMHAHCOBOTO COCTOSHHUS TPEINPUATHS, MapKeTHHra, INepcoHaja, a Takke
OpraHU3alMOHHOM KYJIbTYpBI.

IIJ'IH COBEPUICHCTBOBAHUA CUJIBHBIX U cl1a0bIX CTOPOH MNPEANPUATUA, PYKOBOJACTBO MOXKET HUCIIOJIB30BATH METO
JJIA TUAarHOCTUKU BHYTPCHHUX HpO6J’I6M npeanpusaTus, KOTOpHﬁ Ha3bIBACTCA YINPaBJICHYCCKUM O6CJ'ICZ[OB3HI/I6M.
CormacHo JAHHOMY MCETOAY, pEKOMCHAYCTCA PACCMOTPETh CICAYIONIUC c@epm ACATCIBbHOCTHU NPCAIPUATHUA:

- [IpousBocTBO;

- dUHAHCHI;

- MapkeTuHr;

- Ilepconar;

- Umupx opranuzanuy;

- Opranu3anroHHYIO KYJIbTYpY.
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Brimenepeuncnennsie chepbl JeITEILHOCTH MPECTABISIOT cO00H aHAIN3 BHYTPEHHEH Cpe/ibl NPEANIPUSTHS, HO
NIPOBO/IUMBIE HCCIIEOBaHMS 3aTparvBalOT M (DAKTOPbl BHEUIHEH cpeabl NpennpusThs. AHaIM3 BHEUIHEH Cpeabl
NPOBOJAT C LENbI0 ONpENeIeHHs MOTCHIMAIbHBIX Yrpo3 W HOBBIX BO3MOXKHOCTEH Ui mpennpusatus. Ha ocHoBe
aHaNW3a BHELIHEW cpelpl pa3padaThIBaeTCsl CTpaTerds, KOTOpas MHO3BOIUT HPENIPHATHIO NOCTHIHYTH Leled |
00paTUTh MOTCHIMAIBHEIE YIPO3bl B BBITOJHBIC BO3MOXKHOCTH. IIpH aHanmu3e BHEINHEH Cpembl paccMaTpHBAIOTCS
cienyronire GaKTopsI:

- DKOHOMUYECKHE;

- PriHounsIe;

- [lonutuueckue;

- ColMaabHEIE;

- Ananu3 (aKTOPOB KOHKYPCHIIUH.

HJ'IH obecrnieueHus yCTOﬁ‘-IPIBOCTH Ha PbBIHKE U obecrieueHus KOHKypeHTOCHOCO6HOCTI/I MpeanpuATus
H306X0,HI/IMO nccJIeA0BaTh CUCTEMY YIIPaBJICHUA.

UccnenoBanue cucTeM YIOpaBie€HHsS - OSTO BHUJA JI€ATENbHOCTH, HAamNpaBJIeHHBIA Ha pPa3BUTUE U
COBEPIICHCTBOBAHHME YIPABICHHUS B COOTBETCTBHHM C TIOCTOSHHO WM3MEHSIONIMMHUCS BHEIIHUMH W BHYTPECHHHMHU
yCcIoBUSAMH. Pe3ympTaToM wmccieqoBaHUS OyAyT pPEeKOMEHIAIWH, MOIETH, METOIBI, CIOCOOCTBYIOIIHE YCIICIIHOMY
pa3pemnieHnio mpoOIeMbl, TOHUMAHHIO €€ COAep KaHUs, UCTOKOB, rmocieAcTBUi. [IpoBeneHne HCCIeqOBaHIA U aHATH3
mMOo00H KOHKPETHOH CHCTEMBI YIpaBIeHWS Kak OOBEKTa HEOOXOAMMO, TIpekKAe BCero, s OOecIeYeHUs
KOHKYPEHTOCIIOCOOHOCTH ~ TIPEANIPHATHS Ha pBIHKE TOBapoB (yciyr), mnsd moBbImeHHS 3¢ddekTuBHOCTH
(YHKIMOHUPOBAHUS TO/IPA3/ICTICHAN M OpraHU3alud B IeJoM. [I0HATh, KaK YCHENIHO U CBOEBPEMEHHO JAOCTHTAIOTCS
MOCTABJICHHBIC IIEJH, MOXHO TOJBKO C TOMOIIBIO HCCIICAOBAHMS PabOThl 3THX MOAPA3IACACHUNA M KOHKPETHBIX
HCTIOIHUTENEN U pyKOBOJUTENEH.

CoBpeMeHHOE COCTOSIHHE YIPaBJICHHS Ka4eCTBa MPEIIPHIATUSAMU BbI3BIBAET HEOOXOIMMOCTh CHCTEMaTH3aIHU
HE TOJBHKO MPUYWH CYLIECTBYIOIIEIO IMOJIOKEHUs, HO W IyTeH COBEpIICHCTBOBaHUs. Tpedyercst mocienoBaTeibHOe
OCYILECTBJICHHE KOMIUIEKCAa B3aMMOCBS3aHHBIX MEPONPUATHH Ha BceX YpOBHSX. II0CKOIBKY BO3MOKHOCTH MHOTHX
MPENpUATHIA HE IO3BOJSIOT BCE MPAKTUYECKHE PEUICHHS pealn3oBaTh B PaBHOW Mepe, HEOOXOAWMO BBIICIATH
MIPUOPUTETHBIC HANPABJICHHS, HA KOTOPBIX CIEAYeT CKOHIICHTPHPOBaTh CHIBI W pecypchl. Ocoboe 3HauYeHHe
proOpeTaeT CKOOPANHUPOBAHHHOCTE IEHCTBHUI B IIPOLIECCE BHITIOJIHESHHS MTOCTABICHHBIX 3a1ad.
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ABTOMATH3AIMS )KU3HEHHOI'0 IIUKJIA MPOAYKIIUHU ¢ MOMOIIbI0 cucTtemMbl 1C
Momopuna Mapua Hukonaeena
Hayuonanvnuiii uccneoosamenvcxuti Tomckutl 20cy0apcmeeHtblil VHUgepcumem
Coipsamkun Braoumup Heanosuy, 0.m.H., npogeccop, 3as. kagedpoii « Ynpasnenusa kauvecmgom» TI'Y
Motorina_otk@mail.ru

KoHTpomb 3a KM3HEHHBIM LUKJIOM MPOAYKLUHU JOKEH OCYIIECTBIIATHCS HAuYMHAs C 3aKa3a Ha NMPOU3BOJACTBO U
3aKaHuMBas OTIPY3KOH roroBoil mpoaykumu [1]. Bo Bpems mnpousBoacTBa HaOWpaeTcs OIPOMHBIH MacCHB
nHpopManuy, KOTOPYI0 HEOOXOANMO CHUCTEMAaTHU3UPOBaTh, aHAIU3MPOBaTh [2]. [y TOro, 4roObl aBTOMAaTHU3MPOBAThH
BCE IIPOBOANMBIE OTIEPAINH TIPEUIaralo HCI0Ib30BaTh TaKyro cucTteMy Kak 1C.

PaccmoTprM aBTOMATH3aLMIO IIpoliecca ¢ IIOMOIIBI0 cucTeMbl 1C Ha mpuMepe y4acTka MeXaHO0OpaboTKH.

CucrteMa «IpOW3BOJACTBEHHBIN YUET)» peann3yeT OM3HEC-TPONECcCH IIAHNPOBAHHUS M yI&Ta IPOU3BOJCTBEHHBIX
omepannii ¢ TOYKOH BXona «3aka3 Ha MPOU3BOJCTBO» M TOYKOH BhIXOoHa «OTUET MPOM3BOICTBA 33 CMEHY». 3aITyCcK
MapTUN [eTajeid B TPOM3BOJACTBO HAYMHACTCS C CO3JaHMS 3aKa3a Ha IMPOU3BOJACTBO. 3aTeM CIEAYeT CO3JaHue
MapHIpyTHO-TIPEABSABUTEIBCKON KapThl, TJ€ YYHUTHIBAIOTCA JaHHbIE O Marepuaje, ero KoiudecTBe. Takxke B
MapIIpyTHO-MIPEIbSIBUTEIBLCKON KapTe MOKHO y3HAThH M OTCICIUTh TAKy0 HHPOPMAIIHIO KaK:

1. KONIM4YECTBO M HAUMEHOBAHUE OIEPAIIHIA;

2. (amunus oneparopa, BBIIOJHSIBIIETO padoTy;
3. JaTa U BpeMs BBITIOJTHCHUA 3aIaHUA;

4. HOMep 3aKa3a Ha POU3BOACTBO.

Bo Bpems MpoOXOXICHHS KOHTPOJFHOW OMNEpanid Ha MapTHIO [eTaleil MOXeT OBITh COCTAaBIICH aKT
TEXHUYECKOTO KOHTPOJISI, NMPH OOHAPYKCHUH KOHTPOJEPOM KadecTBa HECOOTBETCTBUS JeTajeldl KOHCTPYKTOPCKOI
IOKyMeHTanuu. B maHHOM akTe OyAer yka3aHa MH(poOpMaIus:

1. o HecooTBeTCTBUH;

2. COTpyJOHHKE, JOMYCTHBIIEM HECOOTBETCTBHE;
3. kmacc nedekra;

4. TnpUYMHA HECOOTBETCTBHSL.

Hanee akt B cucreme 1C OyaeT HampaBiieH B TEXHOJIOTMYECKUH OTAEN Ui NpUHATUA perieHus. Ha aTom miare
OyleT NPUHATO pellieHHe, BIMSIOT JH OTKIOHEHHS Ha paboTOCIIOCOOHOCTh JETaNH, 8 TAK)KE BO3ZMOYKHO JIH MCIPABUTh
otkioHeHue. [Ipu HeoOXoanMocTH OyAeT yka3zaH TEXHOJOTMYECKHH IMpoliecc, HeoOXoauMoe BpeMsi Ha JOpaboTKy.
Jlanee axkT HampaBisieTCsi B KOHCTPYKTOPCKHM OTHEN Ui KOMMEHTHPOBAaHHS IUIAaHA TEXHOJIOTOB WIIM K€ BHECEHUS
CBOMX npeoxeHnid. Ciieayrommuii war HaET 3a MEHEIKEePOM IIPOSKTa WIIM BEIOPaHHBIM OTBETCTBEHHBIM JIMLIOM. Byner
NPHUHATO pelleHne MO0 0 NPHHATUH 0e3 TopaboTKH, 0 1OpaboTKe NEeTalu, COrNacHO IUIaHy WM XKe JeTad YHAyT B
OKOHYaTeNbHbIA Opak. [locmenHmil mar 3TO - HPOM3BOACTBEHHO-IUcHeTYepckoe Oropo. COriacHO BBIHECEHHOMY
pELICHHI0  HEOOXOMMMO IPOU3BECTH HW3MEHEHHE TEXHOJOTMYECKOro  Ipolecca, 3alyCTHTh — MapIIpyTHO-
NPEeNbIBUTENBCKYIO KapTy Ha JOPabOTKY, €CIIM JeTald 3a0paKkoBaid, MaTepHal HEOOXOAUMO OylIeT crucaTb. A eciu
JeTanyd NpHUHSIM 0e3 NopaboTKU, TO mapTus OylneT HampaBieHa Ha CICAYIOLIYIO ONEPalHI0 COMVIACHO MapIIpyTHO-
NpeabsIBUTEIBCKON KapTe.

HpI/I BO3HUKHOBCHUU J'IIO6OFO CHOpHOFO MOMCHTA, B CHCTEMC BCCraa MOXHO OTCICIHUTH BCCb MapmpyT
HU3IrOTOBJICHUSA OCTAJIN. Haan/IMep, HpI/I BO3BpaTe OT 3aKa3yuKa JICTaliu, BBIHIeI[IHefI u3 CTpOH, MOXHO OHpeI[eJ'H/ITB
COprI[HI/IKOB, KOTOpLIe HN3TrO0TAaBJIMBAJIU H HpOBOI[I/IJ'II/I KOHTpOJ’IB, IS Hpe}IOTBpaHIEHI/IH B I[aﬂ]:HefILHeM ITOXO0XKHUX
OIIHOOK.

ABTOMaTH3UpOBaHUE JTIOOOTO mMmporecca obserdaeT padoTy BCEro MPEANPHUSATHS W TMO3BOJIUT MaKCHUMAIbHO
n30eXkKaTh TAKOTO MOHSTUS Kak uesnoBedeckuit pakrop. Heobxoaumas nndopmanus 0ynetr chopMUpoBaHa U COXpaHeHa
HA CPOK, YCTAHOBJICHHBI HOPMATUBHBIMHU JOKYMEHTAMHU.

Crucok myOIuKanmii:

[1] Tpomaxos E. U., Conoamos A. H., Anexcanopoea T. B. // ¥Ynpaenenue npoyeccamu // Tomck: H30-60 Tomckoco yn-ma.
2013. 308 c.

[2] Cupsivmkun B. H., @uronos H. I'., Kysneyos /. H. // Cpeocmea u memoowl ynpasenenus xavecmeom // Tomck: Hzoam. dom
Tomckoeo coc. yn-ma. 2018. 385 c.
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CTpeMHTENHHO Pa3BUBAIOIINIICS PHIHOK MPOMBIIUICHHOCTH IIPUBOIUT K BBICOKOI KOHKYPEHIIMH, YTO TPeOyeT OT
KOMITaHWH, Al YCHEUIHOW KOHKYPEHTOCIIOCOOHOCTH, MOBBIIICHHUSI KauecTBa IPEJOCTABIAEMBIX TOBAPOB (YCIYT) C
YMEHBIICHUEM WM MOJTHOM yCTPAaHEHUH JIOOBIX BHIOB HOTEPb. ISl TOCTIDKECHUS 3THX IeTel IPEANPUITHS BHEAPSIOT
KOHLETINIO «OepexyuBoe npou3BoicTBo» (manee BIT) [1], xoTopas Mmoiydwsio IIMPOKOE pacHpocTpaHEeHHe, Kak B
3apyOeKHBIX, TaK U B POCCUHCKNX KOMIaHUIX.

B coBpeMeHHOM Mupe cymecTBYIOT aecaTku uHcTpymeHtoB BII [2,3]. Ha npeanpustuu, rae s mpoBoauia
aHaJIM3 npoOJieM, BHEPEHBI CIIEAYIONIIE HHCTPYMEHTHI:

— cucreMa «5S» — 3¢¢eKTuBHOE pachpeneieHHe W OpraHu3alyio pabodero MpoCTpPaHCTBA, H
MOJ/IEpKAaHHUE €TO B TIOPSAAKE;
— «Kaiimzen» — TpUHOUN, TPH KOTOPOM MPOLECC COBEPUICHCTBOBAHUS IPHHATO CUHUTATh

6CCKOHG‘{HBIM, a BpPEMs TIPOU3BOAUTEIIBHOCTH BCETJa MOXXHO CHH3UTh, KaK H KOJUYECTBO 6paKOBaHHHX
neTaneﬁ, 3aTpaTt Ha NpOU3BOACTBO U T.II.

Brenpenne unctpymentos BII He rapanTHpyeT 4HCTOTY paboyero Mecra, OTCYTCTBHE JTIOOBIX BUIOB OKUIAHHH,
3aJIep’KeK, IPOCTOCB AETaleH, MPUBOIAIINX K Ne(QUIMTY NMPOM3BOJUTEIFHOCTH WM OTCYTCTBHIO Opaka. AHaimu3 Ha
NPEANPUSTHN BBIBHII CIEAYIOIIUE TPOOIIEMBI:

— Ha CTaHKaxX MoOcJe OKOHYaHUs paboyel CMEHBI OCTaTCs CMa30YHO-OXJIaXIAroLas >KHIKOCTb,

CTpYXKa, XOTsI B JAOJDKHOCTHBIX OOS3aHHOCTSIX PaOOTHHKOB BXOIUT yOOpKa M IOAIOTOBKA padodero mMecra u

000pyI0BaHYA K CIEAYIOIIEHl CMeHe, IS 4ero BBLASNACTCS BpeMs II0 OKOHYAHHIO pabodero JHT;

— paboTHHUK, 3Has, YTO JOIYCTHI Opak, IepeaeT JeTall Ha CIeAYIONIYIO ONlepaluio, Ipearoaras, 4To

JeTallb MOKHO OyJeT NPHMEHHTh C OTKJIOHEHHEM WM, HaJlesACh, YTO COTPYAHHK OTIeNa TEXHHYECKOTO

KOHTPOJISI HE 3aMETHT HECOOTBETCTBHE.

Jlnst penieHus BBIIICONMCAHHBIX MPOOJIEM M B paMKaX pa3BUTHS NMPOM3BOACTBEHHON CHCTEMBI MPEAIIPUSTHS,
cunTao ObUTO OBl HEOOXOOMMBIM CO37aTh pabodyyio TPYNIY WM IUIAH MEPONPHATHH IS pealu3alid KapTHPOBaHHSA
MIOTOKA CO3AaHMS [IEHHOCTEH MPETPHUATHSL.

KaptupoBanme noroka coznanus neHHoctr (namnee KIICI) — sBusercs ocHoBoit BII, MUHUMIBBHpYET MOTEpH U
MO3BOJISIET IIPOBECTH BBIPABHHUBAHUE HArpy3KH MCIOJHUTENIEH omepanuy B MOTOKe co3naHus IeHHocTH (nanee [ICIT),
CHHXPOHHM3UPYET OCHOBHBIE M BCIIOMOTaTesbHBIE Mporiecchl. Pasznmmuaror nBa Buma KIICLL: Tekymiero cocTosHus u
OyIylIero COCTOSIHHSI.

Ienu kapThl MOTOKA CO3/AaHUS IIEHHOCTEH MPEIIPUATHS:

1. ofecrneunts BO3MOXXHOCTh BHJETh HE OTJENbHBIA TPOMU3BOACTBEHHBIN IpoIlecC, a BeCh IMOTOK,
c(hopMHUPOBATH €ANHBIE TIOAXOBI K YIYYIICHHIO MIPOIECCOB MPEIIPUATHS;

2. 00BenMHNTH MEXAY COOOH BCe CBSA3H 3JIEMEHTOB MOTOKA CO3/1aHMS [IEHHOCTEH;

3. BBIBUTH NPOOJIEMBI, Y3KHE MeECTa, BO3MOXHBIE PHCKH JUIA aHalu3a, KiIacCHU(UKalMHU, [0
CJIeYIOMIEeTO PEeHIeHHs U yecTaHoBIeHus obOnacteit ymyamenus [1CL;

4. TpOBOIUTH aHAIM3 W3MEHEHWH CHUTyallMd B XOJE€ peaH3alliy Ipoliecca M IPUHUMATh OIIePaTHBHBIC
pelIeHus;

5. pa3paboTaTh M peann3oBaTh IJIAH MepONpuATHH 1o noBsimeHuo 3¢dexrusrocty [1CL] n Ha nr000M
3Tarne KOHTPOJIHUPOBATh XOJ] €r0 BHIITOJHEHHUS;

6. cdopmupoBaTh 0a3y IaHHBIX CTaHIAPTHBIX (PArMEHTOB IIPOLECCOB, paHee KapTHPOBAaHHBIX H
ONTUMHU3UPOBAHHBIX, X UCIIOJIB30BATh UX IS MApaJUIeIbHBIX ¥ Oy IYIIHX IPOLIECCOB.

AHanmu3 TEeKyILIero COCTOSIHHA Ipollecca M €ro KapTUPOBaHHE HANpaBICHO Ha yBEJIHUYEHHE JOJIH BPEMEHU
co3nanus nenHoctd. KIICLL cocTtaBisieTcs B TeX Cilydasx, KOTJa Biajeliel] Mpolecca OMpeaeisieT eJieBble 3aJauu 1
HnapaMeTpsl N0 yIy4IIEHHUIO TPOoLEecca.

OmnepaTHBHBIA KOHTPOJIb pealiM3aliy IulaHa MeponpusTuii mo npeodpasosanuto IICI[ B meneBoe cocrosiHue
PEKOMEHIYETCs TPOBOANTH €XKEHEIENIbHO HA COBELIAHUIX paboyeld TpyIIsbl.

I[J'IH OLICHKH 3(1)(1)€KTI/IBHOCTI/I peaiun3anvu 1JjiaHa Mepoan/anﬁ PEKOMCHAYETCA OTCJICKUBATL JAUHAMUKY
JOCTHUKCHHUS LECJICBBIX IoKasaTejeH Ha l"pa(l)I/IKaX. Eciu B pe3yabTaTe p€ajIn30BaHHBIX MepOHpI/ISITI/Iﬁ ObLIN COKpaliCHbI
CPOKH BBITIOJTHEHU ST pa60T Ha KapTax HCL[ TEKYLIETO U LECJIEBOIO COCTOAHHNA ACITACTCA OTMETKA (CTI/IKGPOM, (I)J'Ia)KKOM)
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o 3aBepuienun pabotel. Taxke Ha kaprax IICL] HeoOXoauMo 3aMKCHPOBATh MOJIyYEHHBIH pe3yibTaT OTMETKOH O
COKpAIIIEHUH CPOKa.

ITpu oTcyTCTBHM pe3yIbTATOB NMPH PEATU3ANNH IUIAHA MEPONPHATHH, €r0 HEOOXOJMMO MEPECMOTPETh B YaCTH
MIOCJIEI0OBATENILHOCTH B CYTH MEPOIIPUSTHH, OTBETCTBEHHBIX HCIIOTHUTENCH, 00BEMOB HUCTIONB3YEMBIX PECYPCOB.

JU1s MCIONB30BaHMS TOCTUTHYTOTO PE3yJbTaTa B NPOU3BOAMTEIBHOM IPOLECCE W MCKIIOYCHHUS ITOBTOPHOTO
BO3HUKHOBCHHS NPOOJIEM U NOTCHUUAJBHBIX PHCKOB, HEOOXOAWMO BHECTH H3MEHEHHS B COOTBETCTBYIOLIHE
JOKYMEHTHI (CTaHIapThl, HHCTPYKIMU, METOIUKH H T.I.) WM pa3paboTaTh U BBECTH B ACHCTBHE HOBBIC PYKOBOISILINE
OKYMEHTHI. [IJI1 BH3yaln3aliuy IpoLiecca pemeHns mpodiieM peKOMEHIYeTCs HCIOIh30BaTh OMaHK ¢opmara A3, Ha
KOTOPOM CXEMaTHYHO OTpasKaeTcsl Mpoliecc penieHust npodiaemMsl. Jlrobas peménnas nmpodiaema T0KHA OBITH OTpaXkeHa
B 00y4aromux nporpamMMax uin 06ase 3HaHuil npeanpusatus. [Ipennpusrue o0s3aH0 yUUThCS Ha COOCTBEHHBIX OLTHOKaxX
1 HaKaIlUIMBaTh 3HAHWS O PEIICHHBIX Mpo0yeMax.

IMocrpoenue xapts [ICIL Oyayiiero cocTosiHUS NPOBOIUTCS paboueii rpyIIOil M0 TeM Ke MPUHIMIAM U C TEMH
e YCIOBHBIMM o0Oo3HaueHHMsiMu, 4yto W Kapra [ICL] tekymiero cocrosius. Kapra IICL[ Oyaymiero coctosiHUS
pasMmelnaeTcs noJ KapToi TeKyIero COCTOSHHUSL.

Pexomennyercs moctpouts kapTy IICL]| maeanbHOrO COCTOSHUSL, C MONHBIM OTCYTCTBHEM OCHOBHBIX IOTEPH,
npobmem u puckoB. K wmpeamsrHomy coctosHmio IICL] cienyer CTpeMHTBCS, HO €ro JOCTH)KEHHE NPAKTHUECKH
HEBO3MOXHO peann3oBaTh B paMkax mnpouecca. [Ipn mocrpoernu kaptel IICL naeansHOro COCTOSHHS BO3MOJKHBIC
poOJIEeMBI ¥ OTPaHNYEHHS HE PACCMATPUBAIOTCH.

Iocne noctpoenus KIICI meneBoro cocTosHUS M B XOJ€ peald3allMd MPOEKTa MO pe3ylabTaTaM KOHTPOIS U
aHaJIM3a MOTYT OBITH BBISBJICHBI HOBBIC NMPOOJIEMBI, ITO TpeOyeT HENpephIBHOW pabOTHI IO MX yCTpaHEHHUIo. Takum
obpazom, mampHedmas ontumuzauus KIICL] npousBoautcst myTéM MHOTOKPAaTHOTO MOBTOPEHHS IUKIOB Pa0OT B
COOTBETCTBUU C JTaHHBIMHM METOJAUYECKUMU PEKOMEHAALUSIMMU.

TexHosorus GepeKIMBOrO MPOM3BOJACTBA HAa NPSIMYIO BIMSET Ha Ka4eCTBO BBITyCKAaeMOH mpoaykuuu. Takum
o0pa3oM, MpH BHEAPCHUHM CHCTEMbl 3HAYMTENHHO YIYYINAIOTCS B3aMMOOTHOIICHHS C 3aKa34MKOM, a TaKxkKe
yMEHbIIaeTcs KonuuecTBo Opaka. CriejoBaTenbHO, CHCTEMa MEHEKMEHTA KaueCcTBa JIOJKHA IOCTOSIHHO YIIydIIaThCs U
COBEPLLEHCTBOBATHCS.
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CoBpeMeHHbIE TOAX0AbI B 00JIaCTH MalIMHHOTO OOYUYEHHMs 3a4acTyl0 OKa3bIBAIOTCS 0COOEHHO 3()h(EKTHBHBIMU
JIMLIB B CIIy4yae, KOT/1a HaM JOCTYIHBI OOJIbIINe 00BEMBI JTAHHBIX U OOLIMPHBIE BEIYUCIUTEIbHBIE pecypchl. OHAKO ke
B real-time nmpunokeHusX TUO0 MPHIOKECHHUIX I BCTPAUBAEMBIX CHCTEM BBIYUCIHTEIbHAS HHPPACTPYKTYpa OOBIYHO
CHJIBHO OTpaHHYEHa yXKe Ha JTale MPOSKTHPOBAaHMA, YTO (HAaKTUYECKH HCKIIOYAaeT MHCIIONIb30BaHHE OOJBIIMHCTBA
COBPEMEHHBIX PECYpPCOEMKHX IMOIX0H0B TiyOokoro oOyuenms [1]. s coszmammst 3¢ ¢EeKTHBHBIX alTrOPHUTMOB
rITyOOKOTO OOYYEHHS B TAKOTO KJIacca MPHUIIOKCHUAX, HEOOXOIUMO PaCCMOTPETh HECKOIBKO KITFOUEBBIX MTPOOIIEM:

BeraucnutenpHas CIOXHOCTb.  BBIMHMCIMTENbHBIC 3aTpaTsl Ha I[PEACKAa3aHHE NOJDKHBL COOTBETCTBOBATH
JOCTYIIHBIM PECYPCaM BCTPAUBAEMBIX CHCTEM M ONTHMAJIbHO HCIIOJIB30BATh JOCTYIIHOS 000PYIOBAHHE C TOUKH 3PEHISI
sHeprodppekTuBHOCTH [2].

KauectBo MIPOTHO3UPOBAHUA. Yr1005I JOCTHUYb ONTUMAaJIbHOM MMPOU3BOAUTCIIBHOCTU MNPOTHO3UPOBAHUA TIPU
OOIHOBPEMEHHOM CHMXCHUUN BBIYMCIIUTCILHON CIOXKHOCTH H Y4YuThbIBasgd OI'paHUYCHUSA 3Hepron0Tpe6neHI/m, JIIA
BCTpAanMBACMBIX CUCTEM HeO6XOI[I/IMO HaiTu OajaHC MEKIY CI0KHOCTBIO MOJCIIN U KAUYCCTBOM IIPOTHO3UPOBAHUS.

ApXUTEKTypHass CIOXHOCTh. CJ0XHOCTh MOJENH JOJKHA YJOBJIETBOPATH OTPAaHUYCHHUSIM PECYpCOB
BCTPanBaeMbIX CHCTEM, OCOOCHHO, B OTHOLIIEHHMH 00beMa MaMsITH.

Hanmee B pmoxmame MBI (QoOKycHpyeMcss Ha TiyOokux HeWpoHHBIX cersax (DNN) kak ©Ha Hambomee
pacIpoOCTpaHEHHBIX MOJEIAX MAIIMHHOTO OOydYeHHs. MBI BBIICIWIM OCHOBHBIC HAIPABJICHUS HCCICIOBAHHH,
CBSI3aHHBIX C MOBBIICHHEM 3()(EKTHBHOCTH HCIIOIB30BaHMs pecypcoB B DNN:

1. Quantized Neural Networks. Beca DNN 3auactyro npeactaBisitoT co0oii 32-0UTHBIX 3HAYCHHUS C TUIABAIOIICH
3aISITOM, ¥ TAaKUM 00pa30M BOBPEMsI MPEICKA3aHUS ATO MPUBOAUT K BHIMOJHEHUIO MUJUTMOHOB OTEPAIHMi C MIaBaroOIIeH
3armsToit. [1oX0/pl KBAHTOBAHHS YMEHBIIAIOT KOJHUYECTBO OHWTOB, MCIOJIB3YEMBIX JJISI XpaHEHHs BecOB W (DyHKUMI
aKTHUBAIMH COOTBETCTBEHHO.

2. Network Pruning. Hauunas ¢ HekoTopo#t ¢ukcupoBanHoi apxutektypsl DNN, amroputMsr hetwork pruning
JIAF0T BO3MOYKHOCTh yJATUTh HEKOTOPBIE DJIEMEHTHI U3 apXUTEKTYphl HEHPOHHOM CeTH BO BpeMsi 00y4YeHUs WU HOcIie
o0y4eHUss B KauecTBe MOCTOOPAOOTKU. YjanseMble 4acTH BapbHPYIOTCS OT JIOKAIBHOW HIKaJbl MHAMBUIYaJIbHBIX
BECOB, /10 OoJiee T100aIbHON KA HEMPOHOB, KaHAJIOB MJIH JIaXe LEJBIX cloeB [3].

3. Binarized Neural Networks. Llenpro OMHApH3aLUK SBISETCS MPEACTaBICHUE BECOB C IUIABAIOIICH 3arsITOM
w/wnn QYyHKOHHA aKTHBAalMH C WCIOJNB30BAHMEM KBaHTOBAaHHUS WX 3HaueHWH 10 |-OuTHOTO mpencraBieHus [4].
BuHapHBIC HEHpPOHHBIC CETH, B 3HAYHTEIHFHOW CTEIICHH SKOHOMSINUE MAaMSTh W BEIYHCICHUS, SBILTIOTCS OTHUM W3
MHOTOOOCIIAIONINX BapHUaHTOB Pa3BEPTHIBAHMS TIIYOOKHX MOJIENeH Ha YCTPOWCTBaX C OTPaHUYECHHBIMH pPECypcammu.
KBanToBanne BecoB W (yHKIUI akTuBamuu A0 1 OuTa Takke JAeTaeT BO3MOXKHBIM TIOCTPOCHHE KIACCHYCCKHUX
cBEPTOUHBIX W mONMHOCBs3aHHBIX c1o€B DNN ¢ wmcnonp3oBaHMeM MaTeMaTHUYECKOTO armapara, OCHOBAaHHOTO Ha
OWTOBBIX WJIM JIOTUYECKHX OTEpaIHsiX, YTO MO3BOJSET JOCTHYh 3HAYUTEILHOTO MPUPOCTa B CKOPOCTH BBITIOJHEHUS
omepanuii M CyIIECTBEHHO COKpamaeT o0bEéM 3aHMMaeMod mamstu. [Ipumepom onxHON U3 Hambojee 00CYXITaeMBIX
apXUTEKTYp Takoro tuma siBisiercs apxurekrypa XNOR-Net [5].

Takum o06pa3oM, MOXXHO BBIIEINTH, YTO BCE BBIIICYKAa3aHHBIC HAMpaBICHUS (OKYCHPYIOTCA HAa METOAAxX
ONTUMU3AINH, B KOTOPHIX NPHUMEHSIOTCS Pa3IHYHBIE aJTOPUTMBI, HAIpaBIECHHBIC, HETIOCPEACTBEHHO, Ha PaboTy C
BecaMu 1/mwin QYHKIUSIMHU aKTHBalMU. B pamkax JIoKjajga Mbl IpejjiaraeM MeTo]l o paboTe ¢ OMHAPHBIMU BXOJIHBIMH
JTaHHBIMH, KBaHTOBaHHBIMHU 1o 3Ha4deHWsM 0 u 1. JlaHHbBIA MeTon mo3BoisieT u3Biiekath HOG OunapHble TpU3HAKK
n3o0paxxeHns: Ha Oaze normdeckux (QyHKIUA. [lorydeHHBIE IPU3HAKKA MOTYT OBITH MCIIOJIB30BAHBI JUIS JajbHEHIIETO
o0ydeHust Mojienield TIIyOOKMX HEHPOHHBIX ceTed. Takoi MoaxoJ K M3BJICUCHHIO NPH3HAKOB M300paKEHUsI MO3BOJISET
HaM OTKa3aTbCsl OT HCHOJIb30BAHUS CBEPTOUHBIX CIOEB M JA€T BO3MOXKHOCTh AJaNTHUPOBATh BBIUUCICHUS IS
BCTPauUBAEMBIX CUCTEM C IEPECTPAUBAEMOIl BEIUNUCIUTENLHON CTPYKTYpPOI.

B nanpHelinieM 3KCIIEpUMEHTE, peanu3aiis BceX (YHKIHMA, MOCTPOECHHE apXHUTEKTYPhl MOJENN HEHpPOHHOM
CETH, MpoIecC O0yYeHHs W MPOBEIEHHE TECTOB OBLIO BBINOJHEHO ¢ Mcmonb3oBanuem Tensorflow v2.4.1, end-to-end
HHaT(i)OpMBI C OTKPBITBIM HCXOAHBIM KOJOM JJId MANIMHHOI'O 06y11e1-m$[. 21.]'[5[ MMPOBCACHUA DJDKCIECPUMCEHTA MBI
peanuzoBanu cienyromnryto apxurektypy DNN. HM3pneuenwe u komupoBaHue aBoMdHbIX mpusHakoB HOG 0Obuio
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BBINIOJIHEHO ¢ ucmonb3oBanuem TF Lambda Layers. Lambda cioun mo3BonsiiOT peaan3oBaTh HPOU3BONIBHBIC (YHKIHH
TensorFlow TakuM o00pa3oM, 4YTO OHM MOTYT HCIOJB30BAaThCsl MPU IIOCTPOCHUHM MOCIEAOBATENIBHBIX U
¢yakunonanpHEIX APl moneneit. Ha puc. 1 mokasaHa mocTpoeHHas apXUTEKTypa HEHPOHHOM CeTH.

FC FC
—_ ¥
10
84
120

Puc.1 — Apxumexmypa neuponHnou cemu

Feature Feature
extraction encoding

28x28x 1 28x28x3 28x28x1

B nmanHoM Moie/IM MBI HE UCIOIb30BaIN DrOpOUt WJIK perysipu3alurio BECOB.

Hame#t ocCHOBHOI 11€71610 OBIJIO MMPOBEPHUTH MPUMEHUMOCTh HAILIET0 METOa M3BJICUCHHS PHU3HAKOB JBOMYHOTO
n300pakeHHsl B 3a/adax KiIacCU(pHUKAUUM M300paKEHUH C HCIOJIb30BAaHUEM CTaHIAPTHBIX METOJOB OOy4YEeHUS s
ITyOOKuX HEHpOHHBIX ceTel. UTOOBI MPOBEPHUTH CHITY HAIIEr0 METO/A, MBI IPUMEHIIIN €r0 K 337a4e KJIacCU(HUKALIIH
MNIST. [nst aToro OBUIO PEMIEHO CPaBHHUTH HAITy MOJETH C ONHOW W3 IMEPBBIX W HamboJiee M3BECTHBIX MOJeNei
cBéprouHOl HelipoHHOU cetn - LeNet-5 [6], mepBoHaYambHO CO3MaHHOI st pabOTHI ¢ HEOONBIIMMHU TOITYTOHOBBIMHU
n3o0paxkeHmsaMu pazmepom 32x32. Habop maraeix MNIST Ob11 3arpyskeH U3 KoJuteKnund HabopoB maHHBIX Tensorflow
U pa3iesieH Ha TPHU JacTu: o0yJaronmid Habop, OLIEHOYHBIH HA0OpP M TECTOBBIH HAOOD.

[pemmosxeHHBIN MeTOX UIsI OMHAPHBIX NAHHBIX MO W3BJICUCHHIO OWHAPHBIX MPU3HAKOB M300pakKeHUS TOKa3al
aHAJIOTUYHBIE pE3yJIbTaThl [0 CPaBHEHUIO C Kiaccudyeckoi apxutekTypod LeNet-5, ommcaHHBII Bblllle METO[
MO3BOJISICT Topa3ao dPQPEKTUBHEES BBIMOIHATH MapajlICIbHBIC BHIYMACICHUS U MEPEAaBaTh UX B PEKOHPHUTYPUPYEMYIO
apXUTEKTypy cucTeMbl. CTOUT OTMETHUTb, YTO UCIOIB30BAHUE 3TOTO MOAXO0/a UCKIIIOYAeT UCIOIb30BAHUE CBEPTOUHBIX
cnoeB. Mojens mokasana TOYHOCTE 95,13% Ha HaOope oneHOK U 2% OIMOOK HMPOrHO3a Ha Habope TecToB Oe3
WCTIONIb30BaHUsl YBEIMUCHHUS NTAHHBIX, PEryJsipU3alliil Beca WIH JPYTUX aJrOPUTMOB JJisl MOBBIMIEHUS TOYHOCTU U
onTuMu3anuy. Takxke Takoi MOAX0J HE OTMEHSAET BO3MOXKHOCTH JaNbHEHIIIEro NPUMEHEHHUS CYIIECTBYIOINX METOI0OB
ONTUMU3AINKA U KBAHTOBAHUS IS TIOJHOCBS3HBIX clloeB. Takum oOpa3oM, B TaHHOHM cTaThe IMOKa3aHA MPaKTHYECKast
MPUMEHNUMOCTh HAIIeT0 IMOIXOAa B 3a/Javax KIACCH(HUKAIMK C UCIIONHF30BAHHEM KIACCHYSCKOTO METOAa OOydeHHs
HEHPOHHBIX CETEH.
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B doxnade paccmampusaiomes akmyanshvie npodaemvl yu@posuzayuu 00beKmos Ha 0CHO8e YUPPOBbIX OBOUHUKOS.
udpoBuzanms 3KOHOMHKH JIFOOOTO TOCYAApCTBa SBJISETCS OCHOBON MOBBIMICHUS KOHKYPEHTOCIIOCOOHOCTH
ctpansl. Ho 3T0 BO3MOXHO, B OCHOBHOM, BHeapeHus «Llndpossix npoitaukoBy» (LI/I) B Takue cdepsl mesTeT-HOCTH
rOCyAapcTBa, Kak oOpa3oBaHME M IOATOTOBKA KaJIpOB, HayKa, IIPOMBIILICHHOCTh, CEIbCKOE XO3SHCTBO, MEIHIMHA,
OusHec, oxpaHa, obecrieueHie 6e30macHoCcTr rocyaapersa u ap. [1-10].

«u¢poBbie TBOWHUKNY» C MAKCHMAIBHON TOYHOCTBHIO TPEACTaBIACT B IU(poBoM opmare (B BUPTYaIEHOM
BU/E) KOHQUTYpalHio, COCTOSHHE OOBEKTa, IMPOXYKTa, Ipolecca, akThBa W.T.A. HAa TPOTSDKEHHE €To IIOJHOTO
KM3HEHHOTO LMKJA: MPOEKTUPOBAaHHE, MPOMU3BOJCTBO, BHEAPEHHE MM 00pabOTKa, TECTHPOBAHWE, pealHu3alys |
JKCIUTyatanus. B mo0oi MOMEHT BpeMeHH HICHTH(HKAaTOp HU(PPOBOTO IBOWHHMKA KOPpEIHpYyeT ¢ (pu3nvecKum
opurunanom [11].

W3BecTHBl Xopolune npuMepbl npuMmeHeHHs «l{uppoBbIx ABOMHUKOB» st 3(QeKTUBHOrO yrnpaBieHUs
rOCY/IapCTBOM, MPEANPUATHEM U pa3pabOTKU BHICOKOTEXHOJIOTUUHBIX MPpUOopoB 1 MauH [2,10], nanpumep (L), ms
pa3paboTKu U MPOM3BOACTBAa aBTOMOOMIA mpe3uaeHTckoro AURUS, xocMudeckux ammapaToB M PaKeTHON TEXHUKU
Poccun.

Jns cuHTe3a, MPOM3BOACTBA M NPOJAKH KOHKYPEHTHO CHOCOOHOW NPOAYKIHMH MpEAaraeTcs Clexyromas
cXeMa: PBIHOK — MapKEeTHHI — Hayka —WHHOBalMM — KOHKYPEHTOCIIOCOOHAs MPOIYKIHs — HPOU3BOJICTBO —>
peiHOK — mpuObUTE [3]. Ha Bcex 3Tamax 3TOi CXeMBI MCIIONb3yeTcs Takue MU(POBBIE TEXHONOTHH, Kak Iu(ppoBoH
MapKeTHHI  (MHTEpHEeT BemieH), nH(ppoBOC  MOACIUPOBAHWE MNPOSYKIMM M  IPOU3BOJCTBA,  CHCTEMBI
aBTOMAaTHU3MPOBAHHOTO IPOECKTUPOBAaHUS Npoxykuuu u npomsBoactBa (CAIIPIIIT), cucteMbl aBTOMAaTH3MpPOBAHHOTO
ynpasnenus npennpustiueM (ACYII), KoHTponb U aTTecTalys MPOAYKIIMY U IIPOU3BOJICTBA, YIIPABICHUE MPOJAKaMHU,
HpOMbILHHeHHLIfI HUHTCPHET, CUCTEMbI OXpaHbl U 6630HaCHOCTI/I NpeaAnpuATrA U IMOATOTOBKAa COBPCMCHHBLIX KaApOB.
Oo6o6maromas brnok-cxema L[/] mpousBoacTBa (IpeaNpHUATH) IpeICTaBIeHa Ha puc. 1.

> Pecypcsi: UcnionauTeny, punancel. Matepuainbl, KOMIUICKTYIOIINE
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W cKkyCcCTBEHHBIN MHTEIUICKT OOJIBIINE TaHHbBIE, TPOMBIIUICHHBIN HHTEPHET, CHCTEMA
oesomacuoctu, CAIIPIIII, ACYII

\ 4

Puc.1 — bnok-cxema I/l nmpon3BoacTBa (IpeANPHUATHS).
Ha ocHoBaHnm aHanm3a Hay49HO-TEXHWYECKOH, S5KOHOMHUECKOH JIUTEpaTyphl H COOCTBEHHOTO OIBITa CHOPMYIHUPYEM
MIPUHIUIIB HEOOXOMMBIE YCIIOBHUS CO3/IaHMs M Pa3BUTHA Ha ocHoBe L1/] mpon3BoACTB, IpeANPHUATHII 1 OpraHU3annii.
1. TloarotoBka kanpoB (OakanaBpoB, MAarmcTpoB, AacCIHPAHTOB, IOKTOPAHTOB) IO HAIPAaBICHHUIO «YIIpaBICHHUE
Ka4eCTBOM», CIIOCOOHBIX CHHTE3MpOoBaTh 3¢ dexTnBHOe /] mpUMeHUTENFHO K 00BEKTY YHpaBICHHS W YCIHEIIHO €To
UCTIONIb30BaTh; CHCTEMa M CTPYKTypa HOATOTOBKM KaJpoB JOJDKHA OBITh COBPEMEHHA, PEaJN30BHIBATH IPHHIUII
«Omnepexaromniasi MOJArOTOBKA CHEIHANNCTOBY, COAepkKaTh (KOHKYPEHTHbIE) 00pa3oBaTeIbHbIC IPOTPAMMbI U HAYYHBIE
MIPOEKTHI, a TaKke HeoOxoaumyto nHppacTpykTypy [1].
2. Cunres, ynpaBieHne u pasButue LIJ[ oCHOBBIBaeTCS Ha aBTOMATH3MPOBAHHBIX CHUCTEMaxX IPOEKTHPOBAHHUS H
YOpaBJICHUS MPOM3BOACTBOM (TIPEINpPUATHEM, OpPTaHU3aINel), MCKYCCTBEHHOM WHTEJUIEKTe, OONBIINX [TaHHBIX,
MIPOMBINIJICHHOM HHTEpHETe, IH(HPOBOM MapKETHHTE H COBPEMEHHOMY HH(POPMAITMOHHOMY 00eCTIeYeHHUIO.
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3. Ilpumenenne TpeOyeMOro HOPMAaTHBHOIO-IIPAaBOBOIO obOecredeHus, Oo(OpMIICHHE JHLIEH3UH U O0OBEKTOB
MHTEJJIEKTYalbHOH COOCTBEHHOCTH (TIaTEHTHI, Ha W300pEeTEHMs, IOJE3HbIE MOJENH, IPOMBIIIIEHHbIE 00pas3libl,
aBTOPCKHE CBUICTEIIECTBA HA TIPOTPaMMHOE O0ecIieueHue).
4. Co3gaHne HHTEIICKTYaIHOW CHCTEMBI OXpaHbI B 00ecriedeHrsT Oe30MacCHOCTH MPEATIPHSTHS (OpTraHU3aIlinH )

B noxnane moapoOHO M3I0KEHBI MaTepHAIIb, IPECTAaBICHHbIE B TE3HCAX.
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IIpoekTHpOBaHNE HHTEIEKTYAIbHBIX CHCTEM [JISI MOACIMPOBAHUSA M IPOTHO3a PA3BUTHSA
koponasupyca COVID-19
'Coipamxun Bnaoumup Heanoeuu
2Tumoe Bumanuii Ceménoeuu, *Knecmos Cemén Anexcanoposuu, lﬂpaumx enuc IOpvesuu, 3Cb1p;mxuua Mupocnasa
) Makcumosna
Hayuonanvnuiii uccredosamenvckuti Tomckutl 20cyoapcmeeHtblil yHugepcumem,
2 . ¢
FOz0-3anaonwiii cocyoapcmeennwiii ynusepcumem
3
Llxona «llepcnekmuesay Tomcka

svi_tsu@mail.ru

ITpoekTpoBaHNE aITOPUTMHYECKOTO, IPOrPAMMHOTO U allapaTHOTO OOECIeYeHHUs WHTEIUICKTYaIbHOH
cucremsl (AITAOUWC) st MoenupoBaHust U IPOTHO3a Pa3BUTHS HH(PEKIIMOHHOTO 3a0os1eBanus kopoHaBupyca COVID
— 19 sBNseTCS aKTyalbHOU MUPOBOU Tpo0IeMoii. PerieHuto 3Toit mpoOiieMbl OCBAIICH PsiT UccieaoBanuid B Poccuu u
3a pyoesxom [1-3].

Paccmotpum cnepyromue ocHoBHbIe 3agauu npu cuHTede AITAOMC nist MomenupoBaHUSL M IIPOTHO3a Pa3BUTHUS
koponaBupyca COVID-19.

1. OO000IMTh ¥ TPOAHATM3UPOBATh HA OCHOBAaHMM HAayYHO-TEXHHUYECKOH W TATEHTHOW JIMTEpaTyphl
XapaKTePUCTUKH >JIEMEHTOB CTPYKTYphl KopoHaBupyca COVID-19; ChopmymupoBaTh oOIHcaHHE €ro IOBEICHHE,
MyTanud (10 JIFOAM, )KUBOTHBIM, TEPPUTOPHUSIM) H BO3MOKHOTO €T0 JajdbHEHIIEro pa3BUTHSI.

2. CHHTE3UpOBaTh  aHAIHTHYECKYyI0  Momeinb  KopoHaBupyca COVID-19, wucmome3ys  CTpYKTYpHO-
IapaMeTpUUYECKyl0 ONTHMH3anuio, MeTtonoB «llndpoBoro nBoifHMKA» Ha OCHOBE HCKYCCTBEHHOTO HHTEIUICKTa
MOCTPOCHHOI'0 Ha HEHPO-HEYETKHX TIIyOOKUX ceTeil i nH(OopMaIMOHHO-0HoI0rnyeckoro noaxona [4-12].

3. PazpaboTtate mporpammHOe obecmeueHHs Ui MojienupoBaHus KopoHaBupyca COVID-19, wucmomssys
pe3yNbTaThl, MOJYYSHHBIE IO METOAWKE, H3JI0XKEeHHOH B 1.2. (CM. BBIIIE); 37€Chb MOTYT OBITh HCIIOJIB30BaHBI
nporpammHoe obecniedenue TI'Y, a Taxke npyrue 3dhexTHBHBIE TPOrPaMMHBIE CPE/ICTBA.

4. [TpoBecTn MonenupoBaHue B cTaTMKe M nuHamuke kopoHaBupyca COVID-19, mo pesynbraram, KOTOPBIX
BbIpabOTaTh TpeOOBaHMS K BAaKUMHE M JIEKApCTBY JUIS JICYEHHUsS ATOr0 MH(EKIHMOHHOTO 3a00JieBaHMs, a TaKKe
ONpEeNeNuTh TPEOOBaHUS Ui CTPYKTYphl M JATYUKOB HMHGOPMAlMM HMHTEIUICKTYaJIbHBIX CHUCTEM, KOTOpBIE
JMCTAaHIIMOHHO U aBTOMAaTHYECKH MOTYT ONPENEISATh THIT OMOJIOTUUECKOM HHPOPMAIIMU B IPOCTPAHCTBE.

5. Omnpenenute TpeboBanus k AIIAOUC nmng ¢GyHKIMOHHPOBAaHHS B pEalbHBIX YCIOBUSAX, HANpUMeEp, B
3aKpBITOM TIOMEIIEHNH (METpO, CTaJMOHBI, MarasWHbl, Tearp), Ha TpaHCHIopTe (aBTOOyC, TakCH) W OTKPHITOM
MIPOCTPAHCTBE. BBINONHUTE HEOOXOJWMBIE HAayYHO-HCCIIEIOBATENBCKHE W OMNBITHO-KOHCTPYKTOPCKHE pabdOTHl Ha
OMOJIOTMYECKUX MaTepHanax u 0ObEeKTax.

CrenyeT OTMETHTb, YTO IO PEIICHUIO BBIIICYKa3aHHOH MPOOJIEMbI XOpOLINEe HayYHBIC PE3yIbTaThl MOIYYCHBI B

TTY [4-14])/

B noxnane moapo6HO paccMOTpeHbI BOMIPOCkl cuHTe3a U aHanmza AITAOUC.
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udposoii nBoitnnk npouecca «Iogaya 3asaBku Ha npuodperenue TMI» Ha npeanpusaTUN
NMHUIIEBOi MPOMBINLIEHHOCTH
Canpynoe Hean Koncmanmunosuu
Hayuonanvnwiii uccnedosamenvckuii Tomckuti 20cy0apcmeerHblil yHugepcument
holocau3t@gmail.com

udposoii noiinuk (L[J]) — aTo mmdpoBoe mnpexncraBieHue Gpu3n4eckoro oObEKTa, MpolLecca WM yCIyrH.
[udpoBoii ABOMHUK MOXET OBITH LUPPOBOI Komuei 00bekTa B PU3NIECKOM MHpPE, HAIIPUMEP PEaKTUBHOTO JIBUTaTEIs
WJIN BETPSIHBIX JIEKTPOCTaHLMH, UK Jaxke 0ojee KPYIMHBIX 00BEKTOB, TaKMX KaK 3IaHus WM Jaxe 1eible ropona. C
TOYKHM 3pEHUs ynpaBieHus kadecTBoM LIJI MOXXHO paccMmarpuBaTh Kak HHCTPYMEHT OEpeXIIMBOTO NPOU3BOJICTBA,
ONTUMU3UPYIOMUI TpOIlecCh. B 4acTHOCTH, B paccMaTpUBacMOH CHTYaIllH, CO3aHHE HU(POBOTO JBOMHHKA IS
npouecca «[lomava 3agBku Ha MPHOOPETEHHE TOBAPHO-MATEPHATIBHBIX [IEHHOCTEH) Ha MUIIEBOM IIPOU3BOJICTBE — 3TO,
MOJIpa3yMEBalOIIee aBTOMATH3ALNIO, CPEICTBO COKpPAIICHHS PYTHHHBIX OMNEpandii B paboTe MEHEIKEpOB IO
CHA0>XEHMIO, TAKMX KaK: PydHOE 3aIOJIHCHHE JTOKYMEHTALUH, OyMaXXHBIH JOKyMEHTOOOOPOT, OTCIECKHBAHUE CTAaTyca
3asBKH M OMNOBEIICHHE BHYTpEHHero 3aka3zunka o mpuOsitiu TMII. Buenpenue 11/ BricBoOOANT BpeMs Ui paOOTHI
HaJl CTpaTerHYeCKUMH 3aJa4aMu, IpOpadOTKa KOTOPHIX, B IEPCIEKTUBE, IIOMOXKET KOMITAHUHU NTPEYMHOXHTH MTPUOBLIB.

AKTyanbHOCTh OOYCIIOBJICHA TNPAKTUYCCKON NPUMEHUMOCTBIO TIPEANONIATacMBIX PE3yJIbTaTOB Pa0OTHL
Paspabotka L[J] Beaercs mist komnanuu OO0 «CubupsIKo».

CyTb npo0IeMBbl 3aKIFOYACTCSI B OTCYTCTBHU YETKO BBICTPOCHHOTO aJlTOPUTMa PabOThI C 3assBKAMU M BEJACHUEM
HX MCHE/DKEPaMHU IO CHA0XCHUIO OCHOBBIBAasCh HAa CBOEM OImbITe. TO eCTh, B Cly4ae CMEHBI MEHEIKepa padoTy
OTJIAXKUBATh MPUIETCA C CaMOro Hayaja. Taxke OTCYTCTBHE UETKOI'O aJIfOPUTMa BieueT 3a COOOH MOJITOCPOYHOCTH
BEITIOJTHEHUSI JOCTATOYHO MPOCTOTO Iporecca. [ToMrIMo 3Toro, OyMakHBEIH JOKYMEHTOOOOPOT COTPSIKEH ¢ MOoTepeit
HHPOPMALIUH, TO ECTh CAMHX JOKYMEHTOB.

HCHB CO31aHusA: yHI/ICI)I/IKaI_lI/ISI, OTJIaAKa U aBTOMAaTHU3alusl Iporecca «ITogaum 3asBKH Ha an06peTeHHe TMH».

[Tmardopma, mpu mHOMOIM KOTOpPOH paspabaTpiBacTcs LUPPOBOW MBOWHWUK — burpmkc24. burpukc24 —
pOCCHICKMH CepBHC sl ynpaBieHus OnszHecoM. (DyHKIMOHAN MAaHHOW IUIATGOPMBI JOCTATOYHO INHPOK JUIS
peanu3anyy MocTaBjIeHHON 1enu. Pa3paborats nudpoBoro ABOWHNKA MO3BOJSIOT TaKHE HMHCTPYMEHTHI, kKak « CRM» n
«busHec-nponeccel». B nanHol pabore OyaeT UCIONB30BaThCS HHCTPYMEHT «bu3Hec-Tporiecchl: mocTpoeHue Ou3Hec-
IpolLecca co CTaTycaMm»

[Tnan pabort:

OmnpeneneHue maroB Ipolecca;

I'padpuueckoe nocrpoeHue mpouecca;

OtpaxeHue ABWXEHUs HHPOpMaInH 1 TOKYMEHTAIMH Ha TpaduiecKoil cxeme;
OmpeneneHne 30H OTBETCTBEHHOCTH;

BricTpanBanue npouecca B butpukc24;

TecTupoBaHue BEICTPOEHHOTO npouecca B butpukc24;

Ornanka;

© N o o »~ w DN PRF

Buenpenue.

Ha nannom atane nyHkTHI 1,2,3,4 1 5 BBITIOTHEHBI. AJITOPUTM TPOIIecca BEICTPOSH CIASAYIONIUM 00pa3oM:
1.0dopmienue 3asBku Ha TMLI, 0TBETCTBEHHBIN — COTPYAHUK NPOGIIHLHOTO NOAPa3IeIICHHUS;

2. CornacoBaHMe 3asBKU C pyKoBoauTeneM npogunsHoro noapasaenenus (PIIIT), orserctBennstit —(PIIIT);
3. CornacoBaHue 3a5BKH C pYKOBOJUTENEM OT/IeNa CHaOXeHHsI, OTBeTcTBeHHBIN — POC;

4.0T1paboTKa 3a5BKH, OTBETCTBEHHBII — MEHEKEP M0 CHAOKEHUIO.

Bun nporniecca B butpukc24 npepcraBieH Ha pucyHke 1.
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Sanonwenne 237801 ka THLL &

% B cramye

Cormacosaume pyrosoguTen & X

31 Buog s crarye

Cornacosaume PO3 o x

% Bz cramye

Jopatorxa sasex 6 x

% Buog s crarye

Cornacosanwe 328t MN3 & x

3) Bwog & craryc

Jasepuenne

Orpatorea sanskH

) Bog 8 cTaTyc

flobaeums cratyc

Puc.1 — Hugpposoii dsotinux npoyecca «llodaua sanexu na TML]» ¢ Bumpuxc 24

Takum oOpa3zoM, co3zgaHue HU(POBOTO NBOWHMKA Ipouecca mojayu 3asBku Ha TMIL mis kommanuu OOO
«CunbupbpOKo» BBHINONHEHO Ha 62,5%. PesynmbTarsl paboThl B NMEPCIEKTHBE JOJDKHBI IOJIOKHTh HAYaJl0o MacCOBOU
Qg poBU3aLMY U AaBTOMATH3ALMH BCEX OM3HEC-TTPOIIECCOB KOMITAHUH.
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HpnMeHeHne CUCTEMBI HHTC/IVIEKTYAJbHOI'0 aHAJIU3A JAHHBIX /IJISlI BBISIBJICHUA aHoOMAaJIuii B
SHAYCHHUAX Tel'I.J'IO(l)I/ISI/I‘leCKI/IX mapamMeTpoB 0JI0KOB pa}II/IOZ)JIeRTpOHHOﬁ almnaparTrypbl

Cenoycmpuee Anexcandp Braoumuposuu
Cynyoe Cepeent bopucosuu, Knumxun Onez Anexcanopoeuu, Xeanvko Anexcanop Anexkcanoposuu.

Axyuoneproe oouecmeo « Ungopmayuortvle CnymHuKo8ble CUCEMbLY UMEHU AKAOeMUKA
M.D. Pewuemnésay
seloustev@iss-reshetnev.ru

OnHOW W3 KIFOYEBBIX INPOOJIeM CO3JaHUS KOCMHUYECKHX AallapaToB € [UIMTEIBHBIM CPOKOM AaKTHBHOTO
CYIIECTBOBAHMSA ABISETCA MPOOIIeMa obecieueHus HaIe)KHOCTH PagrodIeKTpoHHO ammapatypsl (POA). Obecnieuenne
HaJeXKHOCTH TpeOyeT TIIATEeIbHOTO KOHTPONs mapamMerpoB PDA, B TOM 4UHciIe TEMIICPaTypHBIX pPEXHUMOB
anektpopaguousaenuii (OPN).

B AO «ICC» mist KOHTpoIIs TeIOBBIX pexkuMoB DPU 610koB POA mpuMeHseTcs TepMOMETPHYESCKII METO C
UCIIONIb30BAaHUEM TEIUIOBH30pa, KOTOPBIH IMO3BOJISIET M3MEPATH TeMIepaTypbl Oojpmioro koimdectBa DPU. OOwmmii
ITOPUTM JUI  OCYILIECTBIECHHMS KOHTpoys ciedyromuii. Ha HayambHOM 9Tame WHXKEHEPbl PacCYMTHIBAIOT
teropusnyeckue mnapamerpsl OPU, ycTaHaBIMBalOT TpaHMIBI JOIMYCTUMBIX 3HaueHWH. B mpomecce KoHTpoist
XapaKTEePUCTUKH MTPOBEPSIIOTCS HA COOTBETCTBHE 331aHHBIM 3HaUeHHUsIM. OTKIIOHEHHE PErUCTPUPYEMBIX XapaKTepPUCTHK
OT 3aJIaHHBIX CBUACTCIILCTBYCT O HAJTMYUHN aHOMaHHﬁ, CBSI3aHHBIX C BO3MOXKHOM HCUCTIPABHOCTBIO.

Henocrarok maHHOTO MeTOJa 3aKJIIOYAEeTCA B TOM, YTO YBEJIMYEHHE KOJIMYECTBA KOHTPOJIUPYEMBIX MapaMeTpOB
MPUBOINT K PE3KOMY YBEIMUCHHUIO TPYJAO03aTpaT Ha IOATOTOBKY K IIPOBEICHUIO KOHTPOJI W MOCIEAYIOIINI aHAIN3
MOJTYYCHHBIX Ppe3yJIbTaToOB. B CBA3M C 3THM OBUIM MOCTABJIEHBI 3a7add MOBBIMIECHUS >(QeKTHBHOCTH aHaNM3a
PE3yNIBTaTOB UCTIBITaHNUH O0pTOBOI POA M CHIDKEHMS TPYZO3aTpaT MpH PacTyIieM 00beMe KOHTPOJIS TapaMeTpPOB.

B pesynbraTe IpoBeIeHUs ONBITHO-KOHCTPYKTOPCKOH paboThl OblIa pazpaboTaHa CHCTEMa WHTEIUICKTYaIbHOTO
aHaNW3a JaHHBIX JJIsI OLCHKU TEIIOQU3NYECKUX IapaMeTpoB 60pToBoil POA, peannzoBaHHas B BHIE HPOrPaMMHOIO
KoMIuiekca. JlaHHas cucTeMa I03BOJIMIIA aBTOMAaTU3UPOBATh IPOIECCH aHANIN3a PE3yJIbTaTOB UCTIBITaHUH. [y paboTh
CUCTEMbI MHXEHepy TpeOyeTcsi co3JaTh MOJeib HOBEpXHOCTH Oinoka OopToBoM PDA W 3amaTh MHCTPYMEHTHI IS
KOHTPOJISI TeIIOPH3UMIECKUX TTapaMeTpoB. Mojenb colepKUT KOOpAHHATHl pacronoxenuss OPU Ha Ornoke, a Takke
xapaktepuctuku DOPU, HeoOXxomuMble IJisi MPOBEICHHS aHalIM3a TEIUIOpHU3MYecKuX IapaMeTpoB. s onpexpeneHus
MecromnojioxkeHuss DPY Ha TepMorpamme HCHonb3yeTcs NPHBA3KA MOJENU IMOBEPXHOCTH OJIOKa K TepMOTpamMme C
MIOMOIIBIO OMOPHBIX ToueK. OMOPHBIE TOYKH MO3BOJISIOT IOJyYUTh COOTBETCTBHE KOOPJMHAT MOJCIH U TEPMOTPAMMBI.
ITocne OXHOKPATHON NPHUBA3KM MOJENH K TePMOIpaMMe BPYYHYIO IS IOCIEAYIOIINX TEPMOTPAMM aHaJTOTHYHBIX
010koB PDA cucrema cosgaeT NMpHBA3KY aBTOMATHYECKH Ha OCHOBE alTOPHTMA pPAaclO3HABaHUSA JHL. JlaHHBIH
ITOPUTM TO3BOJISIET C BBICOKOH BEPOSTHOCTBIO OCYIIECTBISATH TOYHOE COIOCTABICHUE W300pakeHHil OJOKOB Ha
TepMorpamMMax ¢ MOJEIIMH 0e3 HEOOXOTUMOCTH PYYHON KOPPEKTUPOBKH.

CucteMa WHTCIDICKTYaJIbHOTO aHAJWM3a MAaHHBIX IIO3BOJSET ABTOMATHYECKH MPOBEPATh TEIUIOPH3MUSCKUC
mapameTpsl OPY Ha cooTBeTCTBHE 3alaHHBIM B MOJICNH, CUTHAIIM3UPYET B CIIydae, €Clii KaKue-Tiu0o mapaMeTpsl He B
HopMe. [loctynaromue B cucTeMy JaHHBIE COXPAHSIOTCS W HaKaIllJIUBalOTCs B 0a3e maHHBIX. CHcTeMa MperoCcTaBIseT
BO3MO>XHOCTb CPABHEHHMSI PE3YJIbTATOB C MOJYYEHHBIMHU paHee /JIsi aHAJIOTUYHBIX UCTIBITAHUMN.

I[ToMuMO aBTOMATH3AIMKM MPOBEPOK TEIUIOPU3MYSCKUX MMApaMETPOB, 33aJaBaCMbIX HHXCHEPOM BPYYHYIO,
CHCTEMa HMHTEJUICKTYAIbHOTO aHAIM3a JaHHBIX MPEAOCTaBIsIeT JBa Habopa WHCTPYMEHTOB, MUCHOJB3YIOIINX METOIBI
HHTEJUIEKTYaJIbHOTO aHaIu3a.

MeTtobl IEpBOTO HaOOpa MO3BOJISIFOT UCMIOIB30BATh AJITOPUTMBI BBISIBJICHHSI TETUIOBBIX aHOMAJIUNA, OCHOBaHHBIE
HE Ha KECTKHX paMKaX Ui 3HA4YeHUS KaXKIOTO M3MEpseMOro IapaMeTpa, a OIPEACIAIONINe OTKIOHCHUE
XapaKTePUCTHK OT HEKOTOPOTO HOPMAJIHHOTO 3HAYCHHS aBTOMATHYCCKH Ha OCHOBE JTAHHBIX MPEABIAYINUX HCIBITAHUI
aHAJIOTHYHBIX 0710k0B POA. Peann3oBaHHEIN HA0OOP HHTEIUICKTYaIbHBIX HHCTPYMEHTOB aHAIIN3a, 00ECIICUNBACT AHAIIH3
HU3MEPEHHBIX XapaKTEPUCTUK OOBEKTOB C MCIOIH30BAHUEM PE3YNIHTATOB MPOILIBIX HCIBITAaHUH. J[aHHBIE HHCTPYMEHTHI
aHamM3a 00eCIeYNBAIOT BBISIBICHHE aHOMAJbHBIX OOBEKTOB MO OTHONICHHIO K 3HAYCHHUSM, MOJTYYCHHBIM B TPEKHUX
HCTIBITaHUAX 0I0KOB PDA anamornuHoro tuma. J{is paboThl 3THX HHCTPYMEHTOB aHAIIN3a OT MHXKEHEpa He TpeOyeTcs
3a/1aBaTh JOMYCTHUMBIE PAMKHU JJISi U3MEPEHHBIX XapaKTEPUCTUK OOBEKTOB. AHAIHM3 MPOBOJMWTCS aBTOMATHYECKH Ha
OCHOBE HaKOIUICHHBIX PaHee 3HAYEHUH ¢ y4eTOM JTUCIIEPCHUU BEIOOPKH M BETUYHHBI TIOBEPUTEIHLHONW BEPOSTHOCTH.

Jis paGoTHI HHCTPYMEHTOB aHAJIN3a UCIIONIB3YETCS aJTOPUTM BBISIBICHHUS BRIOPOCOB, OCHOBAHHBIN Ha KPUTEPUHU
I'pab6ca. Mcnonp3yeTcss IBYCTOPOHHUH TECT, KOTOPHIH OCHOBAaH HA IMOJCYETE BEPOSTHOCTH TOTO, UYTO TECTUPYEMOE
3Ha4YeHHE SBIAETCS BBIOpocoM. PabGora amroputma OCHOBaHa Ha TPEANOJIOXKECHHHM HOPMAIBHOCTH paclpeieleHus
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XapaKTepUCTUK IO HcciIeayeMoil BbiOOpke. [ paboThl MHCTpYMEHTa OT HMHXKEHepa TpeOyercs TOJIbKO 3a1aTh
JIOBEPUTEJIGHYIO BEPOSITHOCTH  BBISIBIIGHHMS BBIOpOCOB. BennunHa 1OBEpPHUTENBHON BEPOSITHOCTH 0003HA4YaeT
BEPOSITHOCTh TOTO, YTO BBISBICHHBIC JIEMECHTHI BBIOOPKM SIBISIOTCS NEHCTBHTENBHO BBIOPOCAMH, a HE BBI3BaHbI
HEHCIPaBHOCTBIO.

Bropoit Habop CONEp)KUT MHTEIIEKTyalbHbIE WHCTPYMEHTHI aHAIN3a IS BBISBICHUS aHOMAIbHBIX OOBEKTOB,
KOTOpBIE UMEIOT OTKJIIOHEHHE B 3HAYCHHAX M3MEPEHHBIX TapaMETPOB B CPABHEHHHU C OCTAJIbHBIMU OOBEKTAMH I'PYIIIIHI.
Hanpuwmep, nmeercst psa ogHoTHUHBIX OPU 1 M3BECTHO, ITO OHM UMEIOT OJHH M TOT JK€ CIIOCO0 MOHTaXKa Ha MEYaTHYIO
IUIaTy ¥ OJUHAKOBBIC TEIIOBBIAEHCHUS. Torna temnodusmdeckne mapamerpsl 3Tux OPU, Takme kak Temmeparypa,
MOIIHOCTh TEIUIOBBIJEIICHNUS, TEIJIOBOE CONPOTUBIICHHE KOHTAKTA C [IEYaTHOW IUIATOM U APYTHUe, JOJKHBI OBITH OJIU3KU
Ipyr K apyry. Juas paboThl MHCTPYMEHTOB aHaji3a OT MH)KEHepa He TpeOyeTrcst 3aiaBaTh JOMYCTUMbIE PaMKH IS
W3MEPEHHBIX XapaKTEPUCTUK OOBEKTOB. AJTOPUTM IO ONPEACICHHI0 BHIOPOCOB OOECIIEYHMBACT aBTOMATHYECKOE
BBISIBJICHUE JIIOOOT0 KOJIMYECTBAa aHOMAaJbHBIX OOBEKTOB CPEAM 3aJaHHOM TpyMIbl OOBEKTOB C YYETOM JUCIIEPCUH
BBIOOPKH M BEIMYMHBI IOBEPUTEIBHOW BEPOSTHOCTH.

Jnst paboThl MHCTPYMEHTA aHalIM3a MCIIOJIb3YEeTCsl AITOPUTM 10 aBTOMAaTH4YEeCKOMY BBISBICHHIO BHIOPOCOB Ha
ocHOBe OmouHoro Tecta PocHepa (Generalized ESD test). Pabora anropuTma OCHOBaHAa Ha MPEIIOIO0KECHUU
HOPMaJIbHOCTH paclpeleNieHUs XapaKTepUCTUK 110 rpymme. [ paboThl HHCTpyMEeHTa OT HHXKEeHepa TpeOyeTcsl TOIBKO
3a/1aTh JOBEPUTEIIHHYIO BEPOSTHOCTD BEISBIICHHS BEIOPOCOB.

BHenpenne cucTeMBl WHTEIUIEKTYalbHOTO aHAJHM3a NAHHBIX IMO3BOJIIIO MOBBICUTH 3(P(PEKTHBHOCTH KOHTPOJSL
TEIUIOPU3MUECKUX IMapaMeTpoB OopTtoBoii PDA 3a cueT HWHTEICKTYalbHBIX METOJOB aHAIN3a, CHOCOOHBIX
aBTOMATHUYECKH BBIABILATh AHOMAJIMH B 3HAYCHHUAX TEIUIOPU3NICCKUX IMapaMeTpoB 0e3 3alaHus 3apaHee pacCUNTAHHBIX
WH)XEHEPOM 3HAa4Y€HUH, IIPU 3TOM COKPATUTh BpeMsl NMPOBEJICHUsI KOHTPOJIS 3a CUET aBTOMAaTU3alluu Mpolecca aHaau3a
pe3yJbTaTOB U3MEPEHUI.
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Pe:xumpbl (l)yHKIIHOHHPOBaHHH MHOTIOTAKTHBIX MEPECTPANBAECMbBIX BIMUCIUTEC/IbHBIX
cpea B 3aiavax MAIMHHOT O Oﬁy‘leHI/IH

Hlampaeun Braoucnag
Hlawes /Imumpuii Badumosuu
Hayuonanvnwiii uccnedosamenvckuii Tomckuti 20cyoapcmeeHtblil YHUGepcumem
Hluonosckuti Cmanucnag Bukmopoeuuy, 0-p mex. HayK
shatravin@stud.tsu.ru

Ha ceromusmHMil 1eHb alrOPUTMbI MAIIMHHOTO OOYYeHHsS AKTHBHO IPUMEHSIOTCS JJISl PELICHUS IIMPOKOTO
KJjlacca CJIOXKHBIX 3ajad: KiaccUduKanus OOBEKTOB, paclo3HaBaHHE 00pa3oB, 0OpabOTKAa €CTECTBEHHOTO SI3bIKA,
Npe/CKa3aTelbHbld aHamu3 W MHorue Japyrue. OcOOEHHO BHEYATISIONIMX pPE3yJIbTaTOB YAAETCS NOCTHYD IIPH
UCTIONIb30BaHUU TIyOOkHMX HeWpoHHbIX cereil (deep neural network, DNN). I'myOokue HEHpOHHBIE CETH MOTYT
coJep)kaTb MMJUTHApIbl TapaMeTpoB, YTO MPUBOAWT K OONBIIOMY YHCIy pPAacd€TOB Ul IOJNyYEHUS KOHEYHOTO
pe3ynpTaTa, TO €CTh K BEICOKOH BBIYMCIMTENBHOM CIIOKHOCTH alrOPUTMa. DTO OTPAaHMIUBACT MPUMEHEHHE TITyOOKHX
ceTeil B MaJIOMOIITHBIX, aBBTOHOMHBIX M MOOMIIBHBIX CHCTEMAaX, U1 KOTOPBIX XapaKTEPHBI )KECTKHE TPeOOBaHMS K Macce
u SHeprodpeKTHBHOCTH cBouxX mnoacucteM. K Takum cucremam MoxHO OTHecTH BIIJIA, MoOwWibpHBIE POOOTEHI,
cMapT(OHBI M HOCHMBIE MYIbTUMEOHA YCTPOWCTBA, yMHBIC NATYUKH HMHTEPHETa Bemle m MHorume apyrue. [lis
HEKOTOPBIX CUCTEM TaK)Ke CBOMCTBEHHO PEIICHUE HECKONBKHMX PA3JIMYHBIX 3a7a4, TO €CTh UCIOJIBb30BaHHE HECKOJIBKHX
MOJeJIEH HEUPOHHBIX CETEH ¢ OTVIMYAOIIMMUCS apPXUTEKTYPOU U NTapaMeTpaMu.

OnmHMM M3 BO3MOXKHBIX PEIICHHH YKa3aHHBIX MPOOJIEM NMPUMEHEHHs TI1yOOKMX HEHPOHHBIX CeTel MOXKET OBbITh
HCTIONb30BaHUE AMHAMHUYECKU IMEPeCcTpauBaeMbIX aIllapaTHBIX YCKOpUTeNeH, peann30BaHHBIX Ha OCHOBE KOHIICTILIUU
NepecTpauBaeMbIX BbIUMCIUTENbHBIX cpen [1, 2]. IlepectpamBaemas BbrumcinutensHas cpepa (IIBC) — wmopmens
IIMPOKOT0 KJIacca BBIYUCIMTEIBHBIX CHUCTEM, PEaTM30BaHHBIX B BHJIE T€OMETPUUYECKH NMPaBIIBHON PEIETKH, y3JI1aMU
KOTOPOH SBISIOTCS €AMHOOOpa3Hble BHUUCIUTENBHBIE 37eMeHTHl (BD) [3]. Kaxnprii BBHUHUCIUTENBHBIA 3JIEMEHT
COEAMHEH C COCEJHUMH Yepe3 CHMMETPUYHBIC CBS3H W MOXKET OBITh HE3aBHCHMO CKOH(HUTYPHPOBAH Ha PEATU3ALNIO
OIHOI omepanyy W3 HEKOTOPOTO 3apaHee ompeAenEéHHOro Oasuca omeparuid. KomnekTnBHOE (yHKIMOHHUpPOBAHHE
TPYIIIBI 3IEMEHTOB, CKOH()UT'YPUPOBAHHBIX COOTBETCTBYIOIIMM 00pa3oM, MO3BOJISICT PEaN30BaTh HA CPEJC CIOKHbIC
anropuT™el. JlnHaMudeckas peKOH(GUIypamus 3JIEMEHTOB CpPEIbl MO3BOJIACT M3MEHATH HCIOJHSAEMbIE aNTOPUTMBI B
npouecce (YHKIMOHHPOBAaHUS cucTeMbl. HesaBucnmoe QyHKOIHOHMpOBaHHME BD 3HAUNMTENBHO YBEITHMYMBACT
MIPOU3BOIUTEIBHOCTh NPH PEIICHUH 3afay, JONMYCKAIOIUX paclapaieIuBaHHe, K KOTOPBIM OTHOCHTCS M pacuéT
3HAQUEHUH B CKPBITBIX CIOSIX CETH. J[pyrMM INpenMyIlecTBOM pPEKOH(DUTYPUPYEMOCTH SIBISETCS NOTCHIMATIbHASL
BO3MOKHOCTh  BOCCTAHABJIMBaTh pPabOTOCIOCOOHOCTh Cpelbl uepe3 MepepachperiefieHHe BBIYMCICHUH 110
HEMOBPEeKAEHHBIM y4yacTKaM. B maHHO# pabore paccmarpuBaeTcsi OJJHOMEpHas cpeia ¢ KBaapaTHbIMu BD (puc. 1).
B [2] Hamu mpensioxkeHa MOJENb YCKOpUTEIs Ha OCHOBE cpelbl ¢ aTtoMmapHbiMu BD. HeilpoH B Takoil cpene
MIPEJCTaBIICH IETIOYKOI MAJIbIX BBIYUCIMTENBHBIX IEMEHTOB, YTO MO3BOJSET PEeaIM30BaTh HA Cpejie HEHPOHHYIO CETh
MIPOU3BOIBHON KOHMUTYpAIUH (puc. 2).

ol

",
A3
R

Puc.1 — Jleymepnas nepecmpausaemas 8bluuciumenvhas cpeod ¢ K8AOpamHuiMu d1eMeHmamu

Peanusanusi cIoXKHBIX MOJieNiel HEHPOHHBIX ceTel TpeOyeT MPUMEHEHHUs cpe]] OYeHb OOJBbIIOro pazmepa, 4To
3a4acTyr0 TPYJHOBBIIIOIHUMO. B CBA3H ¢ 3TUM, MBI ITpe/UIaraeM NPpUMEHEHHE MHOTOTAKTHBIX BEIYUCIUTENBHBIX cpell. B
HX OCHOBE JIE)KUT HMJES pealu3alliii Ha CpeJie JIMIIb HEKOTOPOro MOJMHOXKECTBA BCEX CIOEB CETH B KaXKJbIi MOMEHT
BpemeHnu. Ilo Mepe pacnpocTpaHeHMs CUTHaNa, cpelia JMHAMHYECKH NepecTpauBaeTCsl Ha Pealn3aluio MOCIeAYOINX
cioéB. /Iyl TMOBBINIEHNS! YCTOWYNBOCTH, MEPEKIIOUeHNEe KOH(UIypaluy MPOUCXOIUT COTJIACHO TAKTOBOMY CHTHANY.
Takum 00pa3oM, BO3MOKHO pEaJI30BaTh HEHPOHHYIO CETh NPOW3BOJBHOM TIIyOMHBI Ha BBIYHCIHTENBHOW cpere
OrpaHMYEHHON Iulomanu. B 3aBucumMocTH OT peanu3yeMoil MOJEeNnH U 3aJaHHbIX OIPAHUYEHUI, MHOI'OTaKTHas
BBIUMCIIUTENBHAS Cpeia MOXKET (QYHKIIMOHHUPOBATD B ABYX PEKUMAaX — KOHBEHEPHOM M OJTHOCETMEHTHOM.

KongetiepHslil pexuM moapasymMeBaeT pa30reHne cpeasl Ha HECKOJIBKO CETMEHTOB MPOM3BOJIBHOTO pa3mepa. B
KaXIbIi MOMEHT BPEMEHH CETMEHT peaju3yeT OJIWH U3 CIOEB HeWpoHHOW ceTH. Takmm o0Opas3oMm, cpeaa B ILIEIOM
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peanmsyer cpa3y HECKOJIbKO c0€B ceTH. [1o Mepe nepemMelieHus CurHajia Mex,1y CerMeHTaMu, NPOHICHHbIE CErMEHTEI
MIepeCcTPanuBalOTCs ISl peali3auny MOCIeAYIOIHX CI0EB ceTH (puc. 3). KitoueBbIM NperMyIIECTBOM PEXUMA SIBIISICTCS
BO3MOKHOCTh KOHBEHEpHOW 00pabOTKHM CHWTrHajla, KOT/ia cpena oOpadaTbiBaeT BXOIHBIC CHTHAJIBI HECKOIBKHAX TaKTOB
OIHOBPEMEHHO Ha pa3HbIX CETMEHTax. BrlneneHne CIenuaibHOro TakTa PEKOH(UIypamuu A KaKIOTO CETMEHTa
MO3BOJISICT YCTPAHUTD 3a/ICPKKY MepeHacTpoiku. Takum o0pa3oM, B cpene U3 YeTHIPEX CETMEHTOB B Ka)KIBIi MOMEHT
BpEMEHN 00pabaThIBAIOTCS CUTHAIBI C TPEX TAKTOB, @ YETBEPTHIN CETMEHT PEKOH(UTYPHPYETCs HA CICAYIOMUMA CIIOH.
Taxoke MpenMyIIeCTBOM SBISIETCSI 3aMbIKaHHE CHUTHAlIa BHYTPHU Cpelbl, 0€3 HE0OOXOIUMOCTH BBIBO/IA MTPOMEKYTOUHBIX
pe3ynbTaToB. I TaBHBII HENOCTATOK — CETMEHTANNUS CPEbl YMEHBIIAET MAKCUMAIBHO AOIYCTUMBIA pa3Mep CIosl.

neE—

Puc.2 — Peanuzayus npocmozo Helpona u3 snemenmos pacemampusaemou I1BC
cycle 1 cycle 2

signal «
—>! Layer1 —}> Layer2

!

Layer 4 «<-— Layer 3
""""""""""""""""""""""""""" l resut

Puc.3 — Konsetiepnwiil pesicum QYyHKYUOHUPOBAHUS CPedbl

Jlyis yCTpaHEHHUs 3TOr0 HEJAOCTATKa MPEIaracTCsl OJHOCEIMEHTHBIN PEXUM (DYHKIIHOHHUPOBAHUS, IPU KOTOPOM
cpena He pa30MBaeTCS Ha CEIMEHTHI, YTO MO3BOJISIET HCIIOJB30BaTh Ul PEAIU3alUH CJI0sl BCIO e€ IIomanpb (puc. 4).
JlpyruM ero mpeuMyInecTBOM SIBIISICTCS YIpOIIeHHas: KoHpuUrypamms BD — ycTpaHseTcst He0OOX0IUMOCTh B YCTAaHOBKE
HATPABJICHUS paclpoCTpaHeHHs curHana. K HeaocTaTkaM MOXHO OTHECTH OTCYTCTBHE KOHBeiepusaluu (MEHBIIYIO
MPOU3BOIUTENBHOCTh CPE/bl) U MOTPEOHOCTh B JOMOJHUTEIFHOM OJIOKE YIpAaBJIeHHs, OTBEYAMOIIEM 3a XpaHEHHE
MPOMEXYTOYHBIX PE3yJbTaTOB W MAapIIPYTH3ALMIO BXOMHOTO M BBIXOJAHOrO CHrHajgoB. Hamu mnpemiaraercs
HCIOJIb30BAaHHE CMEUIAHHOTO PEXUMA, TIPH KOTOPOM cpefia GOBIIYI0 YacTh BpPEMEHU (YHKIIMOHUPYET B KOHBEHEPHOM
PEeKHME, & B OJTHOCETMEHTHBIH MEPEXOAUT TOJIBKO MPH HEOOXOAUMOCTH.

'
'
'
'
'
'

Layer N !

result

Puc.4 — Oonoceemenmmuulii pesxcum cpeobvi

ATnmapaTHbIe YCKOPUTEIN Ha OCHOBE MpeIoKeHHBIX Mozeneil [IBC mo3BoJsAT pemnTh MPHUKIaIHBIE TPOOIEMBI
MPUMEHECHHSI allTOPUTMOB MAIIMHHOTO OOYYCHHs B 3aJadyaX MAIIMHHOTO OOyYCHHS MallOMOIIHBIX, aBTOHOMHBIX U
MOOWIIBHBIX CHCTEM. OKCIIEPHUMEHTH [2] IEMOHCTPHUPYIOT BBICOKYIO IIPOM3BOAMTENBHOCTH pa3padoTaHHBIX OB.
KoMOMHUpOBaHNE pPACCMOTPEHHBIX PEXHUMOB (YHKIIHMOHMPOBAHUS IIE€PECTPAMBAEMbIX CpEJl IO3BOJUT JIOOUTHCS
BBICOKOTO ObICTpOAEHCTBHS (Os1arogapsi KOHBEHepHOW 00pabOTKe CHUTHANIA) C COXPAHEHHUEM MPEACIbHO JOIMYCTHMOTO
pasmMepa ClI0osl peau3yeMoil MOJENIU CETH.

HccnenoBanue BbInosHEHO Npyu (pruHaHCOBOI noanepxke POOU B pamkax HayuHoro npoekra Ne 20-37-90034.
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[2] Shatravin V., Shashev D.V., Shidlovskiy S.V. Developing of models of dynamically reconfigurable neural network accelerators
based on homogeneous computing environments // Distributed computer and communication networks: control, computation,
communications (DCCN-2021) : proceedings of the XXIV international scientific conference (sept. 20-24, 2021, Moscow, Russia). —
M.: ISC RAS, 2021. — pp. 102-107.
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PoGoToTexHuka B JOMKOJbHBIX yUpeKIeHUIX
Cubupyeea Buxmopusa Onezosna
Buouwiesa Céemnana Anexcanopoena
Hayuonanvnuiii uccreoosamenvcxuti Tomckutl 20cyoapcmeeHtblil YHUgepcumem
Llawes JJmumpuii Baoumosuy, K.m.H.
vik_si_0@mail.ru; lana.vidishheva@mail.ru

B cBoeit nekunn Ha mpocBeTuTeNbckoM Mapadone «Hosoe 3HaHme» M.B. MUITYCTHH TOBOPHI O TOM, 4TO B
COBPEMEHHOM MHpPE BBIMTPBIBAET TOT, y KOro OOJbIE 3HAHUM, IIUpPE KPYro3op, TOT, KTO He Oyner OosTbes
COBPEMEHHBIX TEXHOJIOTHH, a HAyYUTCS HCIONB30BATh MX ISl JOCTHXKEHUS pe3ynbTaTa. ba3oBble 3HAHUS, KOTOpPHIC
MIOMOTAIOT Pa3BUBATHCS W COLHAIM3MPOBATHECS B COBPEMEHHOM MHpPE IETH IOIYYaloT B JOLIKOJIBHOM BO3pacTe,
MO3TOMY BaXKHO Pa3BUBATh U MOJAEPKUBATh HHTEPEC K HAyKaM U TBOPUECTBY C JETCKOTO caja.

BONbUIMHCTBO POCCHICKUIA AETCKUX CAJ0B AKTUBHO BHEOPSIOT B OOpa30BaTENbHBIH TMPOIECC 3aHATHA C
HCIIONB30BaHUEM POOOTOTEXHHKH ¥ CMOTJIM [I0Ka3aTh ¢ BBICOKYI J(deKTHBHOCTH B 00pa3oBaTeIbHO-
BOCIIUTATEIBHOM Ipornecce. PeOeHKy HHTEPECHO CO3[aBaTh CBOMMH PyKaMM HACTOSIIEro po0oTa M HabIogaTh 3a
pesynbTataMu CBOMX TpymoB. Jliis aereid 4-6 j1eT poOOTOTEXHHMKA HICANTbHOC COYCTAHHE PAa3BICUCHUS C Pa3BHTHEM,
YJOBOJILCTBHUE C MOJIB30iA.

B rpymmax merckoro cajga 3aHATHs paccuuTaHbl Ha 30 MHUHYT C y4€TOM TOTO, YTO Ha KaKIbI KOHCTPYKTOP
MOXeT npuxoautcs 2-3 pebeHka. B mpomecce 3aHATHS pa3BUBAIOTCS MEJIKast MOTOPHKA, alTOPUTMUYECKOE MBIIUICHHE,
MaTeMaTHYeCKHe CIIOCOOHOCTH, JETH 3HAKOMATCS C OCHOBAMHU MEXaHHKH M MH(POPMAaTHKU. 3aHATHA pOOOTOTEXHUKOH
MHTEPECHbl KaK Malb4MKaM, TaKk M JeBoukam. llepen NneTbMH CTaBUTCS 3ajada Ha OCHOBE IPOOJIEMHOTO MeETona
00y4eHUs 1 UM HEOOXOANMO CaMOCTOATEIBHO HATH pemieHne. B mponecce 3aHATHI MPOUCXOIUT OBJIAICHUE HABBIKOM
MIOUCKA PELICHUH B CIOKHON CUTyalluu, YTO MPUBOAUT K TOMY, UTO OT COOPKH 110 HHCTPYKIIMU OHU CIIOCOOHBI TepEeHTH
K CaMOCTOSITENFHOMY IPOCKTUpOBaHUIO pobota. [lepen memarorom CTOWT Jpyras 3agada — IO3HAKOMHTH JAETEH C
OCHOBaMHM MPOTPaMMHUPOBAHUSA, Pa3BUTh KOHCTPYKTOPCKHE HABBIKH, JIOTHKY, LIEIE€YCTPEMIICHHOCTh U YBEPEHHOCTH B
cebe. Ilomumo TOro, 4YTOOBI JETHM 3aHMMAIUCh POOOTOTEXHHMKOH, HEOOXOJMMO NPHUBJIEKATh POIUTENCH s
COBMECTHOTO IIPOBEJICHUS JJOCYTa, YTO TONOXKUTENIFHO CKAXKETCS Ha OTHOLICHUSX MEXAY B3POCIBIMU U UX IeTbMHU. [l
3TOr0 HEOOXOIMMO MPOBOANUTH COBMECTHBIE 3aHSITHS, MacTep-KilacChl U copeBHOBaHMA. OOpa3oBaTebHas HHXEHEPHs
O4YEHb MOJE3HA, TO MOKET MOKa3aTh POJUTENAM, YTO, UTPas JI€TH MOTYT U3y4aTb HayKy W pa3BUBATbCS B TBOPUYECKOM
HaIMpaBJICHUH.

OOpazoBarenbHas pOOOTOTEXHUKA — HHCTPYMEHT AJISI arpoOarui MHOTUX TEXHOJIOTHH, TAaKMX KaK: TEXHOJIOTHH
HEWpOYIpaBIeHNA, TEXHOJOTHM HMCKYCCTBEHHOTO WHTEIIEKTa, TEXHOJOTHH KOMIIBIOTEpPHOrO 3peHus. Bce st
TEXHOJIOTUH HAIlpaBJICHBI Ha TO, YTOOBI MOXKHO OBUIO MCIIBITAaTh MX HAa POOOTOTEXHHYECKUX MOAYISAX, B 9TOM CiIydae
pOOOTOTEXHMKA BEICTYIAET KaK HHCTPYMEHTAPHH.

B mporecce u3ydeHns poOOTOTEXHUKH JETH MPHOOPETAalOT HABBIKM B TaKMX cepax, Kak KOHCTPYHUPOBAHME,
IIPOEKTUPOBAHUE, IPOIPAMMUPOBAHUE.

B kauecTBe HHCTPYMEHTOB Il 00yUYCHHS UCIIOJIB3YIOTCS POOOTOTEXHIUSCKHE HA0OPhl. OHU OTIIMYHO MOIXOIAT
ISl TOIIKOJNBHOTO o0yueHus. Cama TEHACHIUS K CO3JIaHUI0 POOOTOTEXHUYECKUX 3aHSATHH JUKTYEeT BeAYLIUM
MIPOU3BOIUTEISIM, TAKMM Kak Lego co cBoeil 3HamenuTto# nuneiikoir Lego Education co3naBarh 1ejible KOMILICKTHI,
paccuuTaHHbIC Ha 00yUYCHHE IIeJI0N TPYIIIbBI, a TAK)KE BKIIFOYAOIIHNE B Ce0s1 MaTepUabl IS [e1arora.

CymecTByloT HabOpHl IBYX YPOBHEH — HENpOrpaMMHpPYEeMOro M mporpamMmupyemoro. [Iporpammmupyemsie
Ha0OpPBI MPETOCTABISIOT BO3MOXKHOCTh JUCTaHIMOHHOTO yIpaBiieHHs. To, 4TO y dYeloBeKa Ha3bIBA€TCS OpraHaMH
YyBCTB, B 3JIEKTPOHMKE HA3bIBAETCS CEHCOpPAaMH WM JaTduKaMu. [71a3a 3aMEHSIOT KaMepbl, a YIIH — MHKpPO(OHBI
Ocsi3aHne — JaT4MKd JaBleHUS (TEH30JaT4MKH) M TepMoMeTpbl. OOOHSHNE — YyBCTBUTENBHBIE I'a30aHAIN3ATOPHI.
BecTnOynsipHBIi anmapart — THPOCKOIIBI U aKCEJIEPOMETPHI.

OcHoBHas 1ieIb 00yueHHs] POOOTOTEXHUKE — C(HOPMHUPOBATH JTHMYHOCTh, CIIOCOOHYIO CAMOCTOSATENHHO CTABUTh
yaeOHbIe 1IeJIH, MPOSKTHPOBATh MYTH MX peaH3aIiK, KOHTPOJUPOBATh M OIIEHWBATh CBOM JOCTIIKEHHUs, paboTaTh C
pPa3HBIMH WCTOYHMKaMH HH(OpMaIyu, OIEHWBATh MX M HAa 3TO OCHOBE (POPMYIHUPOBATH COOCTBEHHOE MHEHHUE,
CYXJIEHUE, OIEHKY, 3aJ0XHTh OCHOBBI HH()OPMAIMOHHOW KOMIIETEHTHOCTH JIMYHOCTH, IOMOYb OOydJaroImeMycs,
OBJIaJIETh METOAaMH cOOpa W HAKOIUIeHHs WHGOpMAaIlMU, a TakXKe TEXHOJOTHEH €€ OCMBICICHHUs, 00pabOTKu H
MIPaKTUIECKOTO IPUMEHEHUSI.
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CoBepuieHCcTBOBaHUE OU3HEC-TIPOLIECCOB
B yueOHOM yupesxxaeHun IO «AHCTUTYT pernoHa/IbHOI 0e30acHoCTH
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Ilozyoa Anekceii Anopeesuy
Hayuonanvnwiii uccnedosamenvckuii Tomckuti 20cyoapcmeeHtblil YHUGepcumem
E-mail an5364@mail.ru

[TpoBenEHHBII aHAIM3 COCTOSIHUSI COBPEMEHHOI'0 00pa3oBaHUs B yueOHBIX ydpexaeHusx JI1O mo Bompocam
IpakKAaHCKOM OOOPOHBI M 3alUTHl OT YPE3BBIYAHOIN CHTYyallMH, SBHO yKa3bIBaeT Ha CBOECBPEMEHHOCTH IEpexoaa B
YIIPaBJIEHUH OT YCTapEBIIEro CTPYKTYPHOTO K OoJiee MepCIeKTUBHOMY IPOLIECCHOMY MoX0y 00yueHus. [IporeccHsrii
MOJXOJ B COBEPIICHCTBOBAaHHE OW3HEC-TIPOLIECCOB M ONTUMH3ALMHM CHCTEMBI MOATOTOBKM CIyIIaTeNed MO3BOJISIET
JIeNIeTUPOBaTh IIOJIHOMOYMSI OTBETCTBEHHBIM HCIIOJIHUTENISIM, a TakXke B3SATh Ha ce0s OTBETCTBEHHOCTh 32
CBOEBPEMEHHOE TPHHATHE AaJCKBATHBIX PEIICHWH WM NPETBOPEHHE HMX B KHM3Hb B LENAX OOCCIICUCHMS 3alUTHI
HACEeJICHHs, MaTePUaANbHBIX W KyJIbTYPHBIX LIEHHOCTEH OT OMACHOCTEH MHPHOTO M BOEHHOTO BPEMEHH, COKPAIIATh
KOJIMYECTBO YPOBHEH COTIAacOBAaHWS MpPH TPHUHSATHH DEIICHWH, a TaKkXe BHIPAOOTKAa TOTOBHOCTH M CIIOCOOHOCTH
HCTIONb30BaTh INOJMYYECHHBIC 3HAHHUS B MHTEPEcax 3allUThl HACEICHUs, MaTePUAIBHBIX M KYJIbTYpPHBIX IEHHOCTEH H
TEPPUTOPUI OT OIIACHOCTEN MUPHOTO U BOEHHOI'O BPEMEHH.

B Vkaze [Ipesunenta PO ot 20 gexabpst 2016 r. Ne 696 «O06 yrBepxkaeann OCHOB TOCYJapCTBCHHON MOJIUTHKHI
Poccuiickoit ®enepaiiuu B 00J1aCTH IrpakJaHCKON 000poHbI Ha nepuo 10 2030 roxay [1], onpeaencHsl 1eib, 3a1a94 1
IIPUOPUTETHBIC HAIIPABICHUS TOCYAapCTBEHHOH MoMUTHKK Poccun B obmactu rpaxaanckoit o6opons! (I'0) Ha nepuon
10 2030 1., a Takke MexaHU3MbI ee peanuzauun. OJHOI U3 OCHOBHBIX 3a/1a4 TOCYIAPCTBEHHOH MOJMTHKH B 00JacTH
IpaKAaHCKON OOOpOHBI SIBISIETCS IOBBIIICHWE KAadyecTBa IOJTIOTOBKHM JOJDKHOCTHBIX JIHIL (elepalbHbIX OpPraHoOB
HCTIOJTHUTENILHON BJIACTH, OPTraHOB UCIIOJHHUTENBHOU BiacTu cyObekToB Poccuiickoit denepanuu, opraHOB MECTHOTO
CaMOYTIPaBIICHHS U OPTaHU3AINK K BBITOTHEHHAIO MEPOTIPUATHH 110 TpaXKAaHCKo# obopore [1].

OO0o03HaueHB! OCHOBHBIC (haKTOPHI, BIHAOMmMKe Ha coctostHne 'O. B nx gmcne pactymias yrposa HpOsBICHUH
9KCTPEMHU3Ma, COXPAHCHNE BEPOSTHOCTH BO3ZHUKHOBEHUS SITUIEMUH, B TOM YHCIIC BHI3BAHHBIX HOBBIMH, HEU3BECTHBIMHU
paHee BO30yAMTEISIMH HH(EKIIMOHHBIX 3a00J€BaHWN 4YENOBEKa W JKMBOTHBIX, YIrpo3a BO3HHUKHOBEHHS OYaroB
BOOPYKEHHBIX KOH(JIMKTOB M UX dcKanmanmu [1].

Lens paboTBI COCTOMT B TOBBIMICHUH >()(HEKTUBHOCTH CHCTEMBI IOATOTOBKH CIyIIaTelIed W pPasBHTHE HX
komrmeteH1uit B cucteme JII1O B obnactu I'O u 3amuts! ot UC.

B HacToAIIEC BPpEMA BONIPOCHI pa3BUTHUA KOMIICTCHIIUN cnymaTeneI‘/i CHUCTEMBI NOIIOJIHUTCIIBHOI'O o6pa303aH14;1 B
00J1aCTH TPAXKAAHCKOM 00OPOHBI, YPE3BBIUANHBIX CUTYAIMH U MOKAaPHO# 0€30MacHOCTH 00CYKIaeTcsl HeIoCTaTo4HO. B
pe3yabTaTe aHanu3a mnpeaMeTHo# obmactu [1,2,3,4,5], Obuta oOO3HaueHa MPOOJEeMa COBPEMEHHOrO 0Opa30BaHUs
B3pOCIIBIX 00Y4YaIOMIUXCsl, 00y4eHUE JO0JKHO OBITh HANpPAaBJICHO B MEPBYIO OYEPEb HAa PAa3BUTHE JIMUHOCTU YeNIOBEKA,
COJICHICTBHE CTAHOBIICHUIO €T0 CAMOCTOSITENbHOCTH, KOMIIETEHTHOCTH, NPO(ecCHoHaNIN3Ma.

OcoO0bIil BKIIQJ B pa3BUTHE BOIPOCOB ONTHUMU3AIHHU MpoleccoB oOydeHus BHec yuéHbid FO.K Babanckwii. B
cBoell HaydHOH pabore «Onrnmuzanus y4eOHOTO mpolecca» [4] OH MUIIeT ONTUMH3ALMS B OOIIEeM BHAE O3HAadaeT
BBIOOD HAMJIYHIIEro, CaMoro OJaronpHsATHOTO BapHAHTa U3 MHOXECTBA BO3MOXKHBIX YCIOBHH, CPEACTB, IEHCTBHH H T.II.
Ecnu ontuMuzaiuio nepeHecTH Ha MPOIEcC HOATOTOBKU B3POCIOrO HACENIEeHHs B 00JAaCTH I'pakAaHCKOH OOOPOHBI M
3amuThl oT YC, TO OHa OyzeT 03HauaTh BEIOOP TAKOH €ro METOIUKH, KOTOpas 00eceynBaeT JOCTIDKCHNE HAMITYUIINX
PE3yNBTaTOB MPY MUHUMAIIBHBIX PACXOAaX BPEMEHU CHII MPEIOAaBaTells U CiIylareseil B JaHHbIX YCIOBUsX [4].

OnruMu3anys JOCTUraeTcsl He OJJHUM KaKHM-TO XOPOIIMM, YIAa4HbIM METOZOM. Peub MIeT 0 CO3HATeNILHOM,
000CHOBaHHOM BBIOOpE IMPEIojaBaTeieM OJHOTO U3 MHOTHUX BO3MOXKHBIX BapHAaHTOB. UTOOBI OLIEHUTH ONTUMAIbHOCTD
(WM HEe ONTHMAIBbHOCTH) METOAMKH y4eOHOTo mporecca, Hago ompeaenuts ee kputepuu. F0.K. babanckuit 1 M.M.
IMoTamHuk BeAenIH 4 Kputepus [4,5].
1. MakcuManbHO BO3MOXKHBIE pe3yJbTaThl B ((OPMUPOBAHUY 3HAHUH, YMEHUH M HABBIKOB.
2. MuHUManbHO HEOOXOAMMBIC 3aTpaThl BPEMEHHM CIyIIaTeJed U IIperojaBarelii Ha JIOCTH)KEHHE
OTIpEJIETICHHBIX Pe3yIbTaTOB.

3. MuHuManbsHO HEOOXOIUMBIE 3aTpaThl YCWINH Ha JOCTH)KEHHE OIPEJICNICHHBIX PE3yIbTaTOB 3a OTBEJCHHOE
BpeMsI.

4. MuHUMaJbHBIE, TO CPAaBHEHWIO C THUNWYHBIMH, 3aTpaThl CPEICTB Ha JOCTH)KCHHE OIPEeSICHHBIX
PE3YJIBTaTOB 332 OTBEJCHHOE BPEMSL.

T'oBopst 00001IeHHO, YUeOHBIN mporecc OyAeT ONTHUMAIbHBIM, €CIIH €T0 Pe3ylbTaT BHICOKUN M OCTUTAETCS B
KOPOTKHMH CPOK C MUHUMAJIbHBIMU YCHIIMSIMU CIIyIIaTeNIed U PEnoJaBaTesl.
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Bonbiryto posms B 00pa3oBaHMM B3pOCIBIX MIpaeT JaMarHocTuka. B3pocnble, oOyuaromiye 3HaYUTENbHO
OTJIIMYAIOTCS JIPYr OT Jpyra OINBITOM HPUMEHEHHs 3HaHWH, YpoBHEH C(HOPMHPOBAHHOCTH COOTBETCTBYIOLIMX
KomreTeHIMi. [l Toro utoObl 0Opa3oBaTenbHBIN mporiecc ObLT ACHCTBUTENBHO JUYHOCTHO OPHEHTHPOBAHHBIM H
CIOCOOCTBOBAJI Pa3BUTHIO NPO(ECCHOHATBHBIX KOMIIETCHIUM Cilymiatesieif, Ha HadaJbHOM JTale HEOOXOIHMO
MIPOBEJICHUE BXOIHOTO KOHTPOJIS:

1. BxomHOIl KOHTPOIb MHpEeAyCMaTPHBAET IOATOTOBKY y4eOHOTO IIpoliecca COTVIACHO PEaIbHOMY YPOBHIO
MOATOTOBIEHHOCTH CIyIIaTelIeH JOMOTHUTEIBHOTO 00pa30BaHUs, BEIIBICHNSA X KOMIICTCHINN, HHTEPECOB
YCTaHOBIICHNSI HATMYHS WM IOTPEOHOCTH B MOBBIIICHUH 3HAHHH.

2. BxomHoli KOHTpONb JaET BO3MOXKHOCTH C MAaKCUMAaJbHOW 3((EKTUBHOCTBIO YTOYHHTH COJAEPIKAHUEC
yueOHOro Kypca, I€pecMOTpPEeTh BHIOpAaHHBIE METOJIbl OOy4YEeHUs, ONpENENUTh XapakTep U 00beM
MHJIMBHIYaJIbHOI pPabOTHl cllyniaTenei JOMOJHHUTEILHOrO O00pa3oBaHMs, apryMEHTHPOBAaHO OOOCHOBATh
aKTyaJIbHOCTh OOYUEHHS M TEM BBI3BATh KEJIaHUE YUUTHCS.

3. BxomHOH KOHTPOJIb MOXXET NMPOBOJHUTHCS C HCIIOJIB30BAHHEM PA3IMYHBIX METOJIOB aHKETUPOBaHHS, OIPOC,
Gecena, KpyTJIblii CTOJ U Ap.

TpaanmuonHsle GOpPMBI 00YUIEHHUS, B KOTOPBIX BCE €IE TITaBHOE MECTO OTBOJUTCS IOKJIazaM, MPAMON mepeaade
3HAaHUM, YTpaTWIN 3HAYCHHE W3-32 HU3KOH A(PQGEKTUBHOCTH M HEOOCTAaTOYHOW o0O0paTHOH cBs3u. Bceé mmpe
UCTIONb3YETCS HEMOCPEACTBEHHOE BOBJICUCHHE IIEJArOroB B AKTHUBHYIO yJYeOHO-TIO3HABATEIBHYIO AEATEIBHOCTH C
MIPUMEHECHUEM TIPUEMOB H METOIOB, IIOJIYIHUBIINX 0000IICHHOE Ha3BaHIE aKTUBHBIE METOABI O0yUeHUS

HJ’ISI pemeHuA IIOCTaBJICHHOMN 3aJa4n 06y‘I€HI/I$[ H606XOZ[I/IMO ONTUMU3HUPOBATH 6H3Hec—np0uecc 06yqa}0mnxcsl
IIyTeM IMPUMCHCHUA I_[I/I(l)pOBLIX ,I[BOI>'IHPIKOB U HCHOOJb30BaHHA MCTOAOB 4aBTOMATHU3alMU YUCTa KOMHCTGHHI/Iﬁ
TOCPEACTBOM NPHUMCHCHU pa3pa60TaHH51x TCCTOB.

B 3awimoueHMM XoueTcss OTMETUTh, YTO ONTUMHM3alMs OusHec-mpouecca B ydyeOHoM yupexnenuu JI10
«MHCTUTYT pernoHabHOI 6€30IaCHOCTIY, TO3BOJIUT 00ECIIEUHNTh aKTHBHOE YCBOSHHE 3HAHUI, pa3BUTHE KOMITETCHIMN
IIyTeM YBJICYEHUS HMX B aKTHBHO Yy4eOHO-IIO3HABATEIBbHYIO IESITEIbHOCTh M HCKIIOUUTHh IPUBEACHHBIC B CTAThE
HEIOCTaTKH.

O¢unmanbHO-TOKYMEHTAIbHBIC H3JaHHS:
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Dedepayuu 6 obnacmu eparcoanckol 060porvl Ha nepuod 00 2030 cooa»

[2] @edepanvhuiii 3axon PO «06 obpasosanuu 6 Poccutickoti @edepayuu» N 273 / cm. 76
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CoBpeMEHHO Hayke MAOCTYNHBI METOIbl aHalIHW3a BHYTPEHHEH MHKPOCTPYKTYphl OOBEKTa pa3IMYHBIMU
cnocobamu. OIHMM M3 Jy4IIMX METOJOB Hepaspylamomied BU3YyaJlM3allld SBISETCS METOJA PEHTTCHOBCKOM
MuKporoMorpaduu. KoTtopas naer BO3MOMKHOCTH IOJy4aTh HM300pa)KCHHUE BHYTPEHHEH CTPYKTYpBI HEINPO3pPauyHBIX
00BEKTOB B TPEXMEPHOM BHJIE C BBICOKMM MPOCTPAaHCTBEHHBIM paspemieHneM [1-6]. CymiecTByeT HEoOXO0IMMOCTh
N3y4YEeHUs] BHYTPEHHEH CTPYKTYphl OOBEKTOB, HENPO3PAuHbIX B BUAMMOM JAMANA30HE 3JIEKTPOMATHUTHOTO H3ITydYCHUS,
0COOCHHO OMOJIOTHYECKNX, C MUKPOHHBIM pa3pelieHieM. Pa3BuTHe METOI0B PEHTI€HOBCKOW MUKPOCKOIIUH TTO3BOJINIIO
3arysIHYTh BHYTPb HENPO3PAuyHBIX OOBEKTOB C PAa3pelICHHEM, MPEBBHINAIOIAM BO3MOKHOCTH ONTHYECKOM
MuKpockormuu. CerogHs pPEHITCHOBCKas MHUKPOTOMOTpadusi HMMEET LIMPOKHH CIEeKTp o0iJacTedl NpHUMEHEHHs.
Hcnonp30BaHHBIE aNTOPUTMBI TIO3BOJISIFOT JOCTUTATh BBICOKOM CTENEHM J[AETadM3allid M BBICOKOH TOYHOCTH
BOCCTAaHOBJICHUS U aHanu3a 3D-mozenn. OTo JaéT BO3MOKHOCTh MPUMEHSATh METOJI PEHTI€HOBCKOW ToMOTrpaduu A
OCYILIECTBJICHHS HEPA3PYIIAOLIET0 KOHTPOJI KaueCTBa MaTEPHUAIOB U U3JIeNUil B IPOU3BOACTBEHHO-TEXHOJIOT MUECKUX
LEJIAX B CIEAYIOUINX OTPACIAX NPOMBIIUICHHOCTH:

B METAJLIypIUH JUI OLICHKU Ka4eCTBa COCTABA U CTPYKTYPHI BBIITYCKAEMBbIX IIPOAYKTOB;
B MaIIMHOCTPOECHUH U IPUOOPOCTPOCHUHM I KOHTPOJISL KadecTBa MCIOJIb3YEeMbIX AeTalell U UX COOPKH;

B 3JICKTPOHHOW TPOMBIILIEHHOCTH JUIsl aHaJIU3a COOPKH TOJIyITPOBOAHUKOBBIX NMPUOOPOB, a TakKe MpUNaiku
KOHTAaKTOB 3JICKTPOHHBIX KOMIIOHEHTOB K II€UYaTHBIM IIIATaM.

PentreHoBckass MHUKpOTOMOTpadHsl TAaKKe MOXET INPHUMEHATHCS B HAyYHO-HCCIIENOBATENBCKUX LENAX IS
N3y4YCHUS] BHYTPEHHEH CTPYKTYPBl OPraHUYECKUX W HEOPTaHMIECKUX 00BEKTOB B CIECAYIOMINX 00IacTX:

B OHOJIOTHH U MCEANIUHE JI1 ONTUMH3AlUU PEHTTCHOJIOTNICCKUX MCTOJA0B UCCICAOBAHNUA U JTUATHOCTUKH,

B (DU3WMKE MPU MPOBEJCHUH PA3UUHBIX 3KCIEPUMEHTANBHBIX HCCIIEMOBAHUMN, PeaTn30BaHHBIX MTOCPEICTBOM
TPUMEHEHUS, JUIS BH3YalIW3allid BHYTPEHHEH CTPYKTYphl OOBEKTOB M (PU3HUECKHX IMPOILECCOB, MPOUCXOMANIUX B
HCCIIEAYeMbIX 00pa3iax;

B XMMHHU JJIsl BHU3yajM3alliM BHYTPEHHEH CTPYKTYpBl OINBITHBIX 00pa3loB, MO3BOJISIONICH HaOmonaTh 3a
MEXaHHU3MOM TIOSIBJICHUS Ie()EKTOB, IIPH CO3JJAHUH U HCCIICIOBAHUH MaTepUaIOB.

IIpumep uccriemoBaHHs IEMEHTOB MaTEPHUATIOB MOTYT CIY)KUTh PEKOHCTPYHPOBAaHHBIE Ha MHUKpOTOMorpade:
TUPUCTOP, TPAH3HUCTOP, cBeToano. [Ipumep uccinenoBanus 31eMeHTOB POA MOTyT CIyKHTh PEKOHCTPYHPOBAHHBIE Ha
MHKpoTOMOrpade MaTepuall: THPUCTOP, TPAH3UCTOP, CBETOHO/I.

CkanupoBanne OOBEKTOB WCCIICIOBAHWS TO3BOJIAET TIONYYNTh TOJHBIE CBEICHUS O BHYTPEHHEH
MPOCTPAHCTBEHHOM MHUKPOCTPYKTYpe 00pasiia ¢ MHKPOHHBIM U CYOMHKDOHHBIM TIPOCTPAHCTBEHHBIM paspelieHueM,
COXpaHsis CTPYKTypy obpasia. Ha pucynke 1 mpencraBiieHsl ceueHHst 37eMeHTOB PDA, Ha KOTOPBIX BHIHA CTPYKTypa
oowexTa [7-10].

Puc.l — pexoncmpyxkyus obpasyog: la- 3D moderv namnouxu, 1b- paspes namnouxu, 2a-3D moodens
mupucmopa,2b-paspez  mepucmopa,3a-3D  modenv  mpawnsucmopa,3b-paspez  mpauzucmopa,4a-3D  modens
ceemoouooda, 4b-paspes ceemoouooa.
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Bounbiine naHHble OCTalOTCS OJHON M3 HamOonee o0CykJaeMbIXx TeM Ha pbiHke M T-TexHomoruii B mocinenHue
rozabl. CorllacHO €XKEroHbIM IPOTHO3aM aHAIMTHYeCKOH KommaHun Gartner, OOJIbIINE JaHHBIE HApSALYy C pa3BUTHEM
MOOMIBHBIX CHCTEM M OOJIAaUHBIX BBIYMCICHUH SBISINCH OJHUM M3 OCHOBHBIM TPEHAOB Pa3BUTUS MH(GOPMAIIMOHHBIX
texHonoruil. Kaxmyro cexkyrny Bo BceM mupe mybnukyetcst 29 000 rurabaiit (I'0) nHbDOpMAaImm, 9T0 COCTaBIsAeT 2,5
sKk3abaiita B meHb Wik 912,5 sx3abaiita B rog. O0beM "OONBIINX AaHHBIX', KOTOPHIH PacTeT C TOJOBOKPYKUTEIHHON
CKOpPOCTBIO M NOPOKAAET HOBBIE THUIBI CTaTUCTUKH. ITommumo 3Toro, A.A. KprokoBa oTMe4aeT, 4YTO MHHOBAIIMOHHEIE
TEXHOJIOTHH, BKItoyass Big Data crocoGCTBYIOT mporpeccy Bcell MHHOBAIMOHHOM oTpaciu P®, Beib MMEHHO 3TOT
WHCTPYMEHT HOATBEPKJIACT HANNYME SKOHOMUYECKON 3()(PEeKTHBHOCTH /ISl OT€UECTBEHHBIX MPeAnpHsTHii [1].

Ha cerogusimHuii MOMEHT CYIIECTBYET MHOKECTBO METO/IOB KilacTepu3anuy JokyMeHToB. Hanpumep, Custom
Search Folders, Latent Semantic Analysis/Indexing (LSA/LSI); Suffix Tree Clustering (STC); Single Link, Complete
Link, Group Average; Scatter/Gather, K-means, Concept Indexing (CI); Self-Organizing Maps (SOM) u np. Oanako,
HECMOTpPS Ha JOCTAaTOYHO CEpbE3HBIE YCIEXH B JTOW OOJNACTH, OCTAIOTCS HEPEHIEHHBIMU psJi HACYLIHBIX 3aaad
KJIacTepH3alluy, TakuX Kak BBIOOp IEPBOHAYAIBHOI'O PACIOJOKEHHUS SAep KJIAacTepoB, MacIITa0UpOBaHUE U
yIpaBiIeHHUE Pa3MEPHOCTHIO JAHHBIX; IIOBBIICHHE NPONU3BOJUTEIBHOCTH. ABTOpaMH TNpenjaraeTcs THOpHIHBIN
anroput™ (MABCKM), ocHoBaHHBIH Ha MoauduiupoBaHHbx anroputMax ABC u K-Means. Pemenns, co3naBaeMble
moaupummpoBanHeiMu  ABC, paccMarpuBaroTCss Kak ~ HadadbHBIE pelieHus g anroputMa  K-Means.
ITpon3BOANTENBHOCTh MpEATaraéMoro ajiropuTMa OLCHHMBACTCS B TEPMHHAX pasHbIX MapaMeTpoOB Ha IIECTH
cTaHAapTHBIX Habopax nanHbix u3 anroputma UCI Machine Learning Repository u cpaBuuBaetrcs ¢ anroputmamu ABC
u K Means.

Pe3ynpraThl TOKa3bIBalOT, 4YTO MOAMGHUIMPOBAHHBIN alrOpPUTM JaeT JIydylldWe KIACTepPHbIE paslelbl U,
©CTECTBEHHO, MPUBOAUT K BhIBOMY, uT0 MABCKM sBisieTcs *KHU3HECTOCOOHBIM METOJIOM KJIACTEPU3AlUU TAHHBIX.
[Mpennaraemblit METON HYKAAETCS B YJIyYIIEHUH JUIS BHITIOJIHEHUS] aBTOMATUYECKON KJlacTepu3aluu 0e3 Kakoro-iubo
NpeBapUTEIbHOTO 3HaHMA KonudecTBa kiactepoB [2]. Takue mporecchl MOXHO Ha3BaTh HEIMHEHHBIMH
MHTEJJICKTYalbHBIMH, AMHAMHUYHBIMH U KOHTEKCTYalbHBIMH IO CBOEH Ipupone. XapakTepHble OCOOCHHOCTH TaKHX
MIPOLIECCOB MepeUHCcIeHbl HUXKe [3]:

® KacTOMHM3AIMsA IT0Jl KOHKPETHOTO moTpeduress. MHTemekTyanpHas yciryra He MOXKeT ObITh THIIOBOH (OHa
YHHKaJIbHA): OKa3aHHas OJHOMY KIIHEHTY, OHa HE MOXET B HEH3MEHHOM BHZE OBITh OKa3aHa IPYroMy KIHEHTY,
MIOCKOJIbKY ITOTPe0yeT HOBOrO cOOpa, aHalli3a U Npe3eHTanny nadopmanny;

e 0o0bBeAMHEHHE mpolecca MOTPEOICHNUS ¢ MPOIECCOM MPOU3BOJICTBA 33 CUET IIOCTOSTHHOTO B3aUMOEHCTBUS
¢ motpebuTeneM U OBICTPOIl peakIiy Ha ero TpeOOBaHMS;

e (oJbIlIOE KOJIMYECTBO MOIMPOIIECCOB M 3ajad, B3aUMO3aBHCHMOCTh MEXAy 3anauyamu. Kaxmas 3amaua
npolecca 3aBUCHT OT JPYrMX 3ajad, 4YTO NPHBOAUT K OONBIIOMY KOJMYECTBY OOpPaTHBIX CBSI3€H, IOCTYIHOCTH
nH(pOopMaIUH 10 TPEABIAYIINM U MOCIESAYIOIINM LIaraM Ipolecca;

® UCIIOJIb30BaHME SIBHBIX U HESIBHBIX 3HAHWH, dKcIiepToB. [loBe/ieHNe NCTIOMHUTENEH poliecca 3aBUCUT OT HX
3HAHHMH, KOTOpBIE MNPEJACTABISIIOT COOOW IOCTOSIHHO MEHSIOLIEECs] COYETaHWE OIbITa, IIEHHOCTEH, MOCTynarolei
HHPOPMALINY;

®  HCIIOJIb30BaHME MPEBIIYIIET0 ONBITA PEeaIN3aluy MIPOLECCOB, O0eCIIeUeHNE JOCTYIA K 0a3e 3HaHUH;

® 3aBHCHMOCTH OT KOHTEKCTa. J[JIs BHIMOJHEHUs Mpolecca MCHONB3YIOTCS 3HAHHS O MPEeIMETHOH 00iacTH,
KOTOpast BKIIFOUaeT 3a/1aui, JOKYMEHTBI, SKCIIEPTOB, OKA3aTeN! 1 Jp.

e coBMecTHas pa0oTa y4acTHMKOB IIpoliecca M MPUHATHE pEIIeHHWH, TpeOyIomux pa3paboTKu M BbIOOpa
KOMIUIEKCHBIX OBICTPBIX PEIICHUH CpeIy BO3MOXHBIX aIbTEPHATHB MJsL JIOCTIDKCHHS OIPENSJICHHBIX IIeJIeH.
BospacTraeT cTeneHb OTBETCTBEHHOCTH paOOTHUKOB, MOBBINIAIOTCS TPEOOBAHUS K UX KBAJIU(UKAIIMNA 1 KOMIIETECHIINY;

K crnabocTpykTypupoBaHHOH WH(OPMALMKH OTHOCSATCS JlaHHBIE, ONpeJelieHHbIe OOIIMMM IpaBUIAaMH U
¢dopmaramu.

IepeuncnuM  Haubojiee HCHONB3yeMble 3ajadd B OONACTH  aHaiuM3a HECTPYKTYPHPOBAHHBIX U
CaboCTPYKTYPUPOBAHHBIX JIAHHBIX:
KITacCU(pUKAIS;
KJIacTepHu3alus;
MOCTPOCHHE CEMaHTHYECKUX CETef;
usBneyeHue Qakros, nonstui (feature extraction);
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U3BIICYCHHE MHCHUIA;
AHHOTHPOBaHKE, CyMMapH3alus (Summarization);
OTBeT Ha 3ampoc (question answering);
TeMaTndeckoe uHaekcuposanue (thematic indexing);
MOMCK ITo Kio4yeBbiM ciioBaM (keyword searching);
CO3/1aHKe TAKCOHOMHUI U T€3aypyCOB.
Jnst Toro dYroObl HAWTH TIOJE3HBIC 3HAHMA B CIA0OCTPYKTYpUPOBAHHOW WM HECTPYKTYPHPOBAHHOMN
uHbopMannn HanboJee YacTo UCTIONB3yeTcs mpouecc moj HasBanuem Knowledge Discovery in Databases (KDD).
JaHHBIH TPOIIECC COCTOMT M3 BOMPOCOB KACAMOIMIUXCS MOATOTOBKH NAHHBIX, M3BICYCHHS HH(POPMATHBHBIX
NPHU3HAKOB, OYMCTKHU JaHHBIX, mpuMeHenus merogos Data Mining (DM), moctoOpaboTku JaHHBIX U MHTEPIPETAIdN
MOJyYCHHBIX PE3yNIbTaTOB. B o OCHOBBI BCETO 3TOTO MpoLiecca BHICTYNAT MeToAbl DM, mpu moMoI# KOTOpBIX U
MPOUCXOIUT MpoLecC 0OHAPYKeHHUst 3HaHUU. [IpruMepaMul JaHHBIX 3HAHHN MOTYT SIBIATBHCS MpaBiia, HAaHOoIee YacTo
BCTpeUaronrecs mabaoHbl (HA0Opbl aCCOLMATHBHBIX MPABUIT), a TAKXKE UTOTH KiacCH(HUKAalHUU (HSHPOHHBIC CETH) U
KJIaCTEePH3alNH TaHHBIX U T.A. [5].
PaccMoTpeHHas BbIIIE METOAWKA HE MPHBS3aHA K KOHKPETHOM MPEIMETHON OOJaCTH M IO CYTH SIBISIETCS
Ha0OPOM TIPOCTHIX ATOMAPHBIX OTEPAIlHii, COCTABIIAS KOMOMHAIIMY U3 KOTOPBIX, MOSABISICTCS BO3MOKHOCTE TTOJIYYHTH
Tpebyemoe pemenue. OOt aTOPUTM METOINKH M3BIICUCHHS 3HAHWIN MIPEICTABICH Ha PHCYHKE 1.

XpaHunuue NaHHbIX

17 Bu6opxa

' NcxogHbie AaHHbIe

MoegoGpaCotka

i Mpeaobpaborautbie gaiHbie

Tparchopmauma

TpaHCHOPMHPOBIHHBIS A3HHBIE

Data mining

LUaGroHbi |
HnTepnpeTaumna

3HaHuA

Puc.l — Memoouka uzeneuenus sHanuil

Peanmszanns naen cnabocTpyKTypHUpOBaHHOH 00pabOTKM M XpaHEHHUs JaHHBIX MMEIOTCs B OeccxeMHbIX B/l
otHocsmuxcst K Ty NoSQL cucteM. MIX 0cOOCHHOCTBIO, SBIISETCS TOPU30HTAIBHOE MACIITAOMPOBAHNE XPAHHIIHIIA
JAHHBIX U MOAJEpPXKKA MOUCKA MO MPOU3BOJIBHBIM MOJSAM, a B HEKOTOPBIX BJ] mMeeTcss BO3MOXKHOCTb COCTAaBJICHUS
HPOU3BOJIBHBEIX 3allpOcOB BBIOOpKM AaHHBIX. Hambonee mpocTbIM cOoCOOOM peanu3alu cladoCTPyKTypHPOBAHHOTO
XpaHEeHHs TaHHBIX SIBJIIETCS JIMHAMHYECKOEe XpaHWIIMIIE Kirouel u 3Hadenuit, Hanpumep B bBJ] Redis u Riak. [pyrum
MOJXOI0M K OOECIEYEeHHI0 BO3MOXXHOCTH JIWHAMHUYECKOTO W3MEHEHHs CTpyKTypel bJl sBmsercs cronbuoBast
peanu3anys XpaHeHUs JaHHbIX.
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Mogaenb IBHKEHUS CUCTEM 00Pa0dOTKHU M aHAJIM3a CIIEKTPO30HAJIbHBIX H300pasKeHu i
Tumoeg /Imumpuii Bumanvesuu
[Oz0-3anaonwvuii cocyoapcmeennwiii yHusepcumem
titov.swsu@gmail.com

B HacTosmiee BpeMs crcTeMbl (P POBOI 00pabOTKH H300pakeHUH HCIIBITHIBAIOT POOJIeMy IIOCTOSTHHOTO pocTa
obrema oOpabaTbiBaeMOW WH(OPMALNHM, a TaK)Ke IOBBIIMICHUS TPeOOBaHMI K KadyecTBYy OOpabOTKM B CIIOKHBIX
ycIoBHAX. B CBSI3M ¢ 3TUM HEHM30€XKHO PacTyT TpeOOBaHHUS IO HAACKHOCTH, TOYHOCTH M OBICTPOINCHCTBHIO NaHHBIX
cucrem [1-2].

OOecrieunTh  TpeOyeMble  XapaKTEPUCTHKH BO3MOXKHO JIByMsl croco0aMu: KOHCTPYKTOPCKHM  HJIM
anropuTMuaeckiuM. KOHCTpYKTOpCKHit criocob MmpeoiaraeT co3JaHue HOBOI TEXHOJIOTHYECKOH 0a3bl, CYIIECTBEHHBIX
(DMHAHCOBBIX M BPEMEHHBIX 3aTpar. AJNTOPUTMHYECKHI CHOCOO MO3BOJISIET JOCTHYL TpedyeMoro pesysibrara 3a
KOpPOTKOE BpeMsl ¢ MUHUMaJIbHBIMH (DMHAHCOBBIMHU 3aTpatamu [3].

CoBpeMeHHBIE CHCTEeMbl O0pabOTKM W aHajdM3a CHEKTPO3OHAIBHBIX H300pakeHHH MOTYT HE TOJBKO
(YHKIMOHHPOBATh B CTAlIMOHAPHOM PEKHME, HO TAKOKe NEPEMEIaThCsl B IPOCTPAHCTBE C LIENIBIO YIYUIICHHS Ka4eCTBa
pacmo3HaBaHus Tpedyemoro oobekTa [4].

B cocras HOZ[O6HBIX NEPEABUIKHBIX CUCTEM BXOAUT MMOABHIKHASL rmaT(bopMa, MaTeMaTH4CCKy0 MOJCIIb KOTOpOﬁ
MOJKHO OITUCaTh CJICAYIOIIUM 06pa30M.

B CUTyalluH, KOrJaa IMOBCPXHOCTH SABJISICTCSA TBGpZ[Oﬁ U OTCYTCTBYCT IPOCKAJIb3bIBAHUC BO BPCMA ABHIKCHUS
CHUCTEMBI I10 Z[aHHOﬁ MOBCPXHOCTHU, ABUIKECHNUC MOKHO OIMUCATH CICAYOINIUMU (I)OpMyJ'IaMI/IZ

B ciiyuae oTCyTCTBUSI NpOCKaib3bIBaHUS MPU JBHMKEHUH MO TepecedyeHHoH MecTHocth aBmxkenne COAC3U
OIMUCBIBACTCS CAEAyIOMMME Gopmynamu [5-6]:

v =~ (Vaen. + Vipas.) €

w = : (vne& - vnpa&)l (2)

T

IZie 0 — CKOPOCTh JBIDKEHHS MAIlIMHBI BAOJb TPAEKTOPUH; » — YTIIOBas CKOPOCTh MAUIUHEI (@ > 0 03HauaeT JBHKEHUE
[0 YacOBOM CTpeNKe, TO €CTh MOBOPOT HampaBo, a @w<( — ABMXEHHE IPOTHUB YaCOBOW CTPENKH, TO €CTh MOBOPOT
HAJIEBO); V06 M Uyypgs — CKOPOCTH JIBUXKEHHS JIEBOTO U TIPABOTO KONEC MIATGOPMBI COOTBETCTBEHHO; b — mmprHa komnewu.

Otcroa cKOpoCTH KoJiec IaTGOPMBbI CUCTEMBI MOXKHO HANTH 1O CIEAYIOUIM HOopMyIam:
Vpes. = V + bw,
Vypas. = V — bw.

IToMHMO CKOpPOCTH MABWXXEHHMA CHCTEMBI OOpaOOTKM M aHamM3a CIEeKTPO3OHAIBHBIX H300pakeHuil mnpu
BBITIOJTHEHUH TIOBOPOTA XapaKTePHU3yeTCs palilycoM ITOBOPOTa:

r= Vsies. *Vnpas. (3)

Vnes. ~Vnpas. '
rie I — pagMyc HoBopoTa.
B ciyuae NpsAMOTMHEHHOTO ABHKEHHS PaJHyC HE YUHTHIBACTCS, TAK KAK Vne — Vppas, = 0.

C wucnonp30BaHUEM pajadyca TOBOPOTAa CKOPOCTH KoJieC IIaTGoOpMbl CHCTEMBbl 00pabOTKM H aHaln3a
CIEKTPO30HAIBHBIX H300paXKEHUIT ONIPEIeISIFOTCS KaK:

Vyep, =V (1 + g), 4)

Vapan. = 7 (1= 7). )

EIIIC OILHOﬁ BaKHOU XapaKTepI/ICTI/IKOﬁ JABUXCHUSA CHCTEMbI 06pa6OTKI/I U aHajin3a CICKTPO30HAJIbHbIX
I/I306pa>KeHI/I SABJIACTCA HEHTPOCTPEMUTEIILHOC YCKOPCHUEC!

1
a, = E Vhes. — vr%pa&)’ (6)

rae a, — UEHTPOCTPEMHUTEIBHOC YCKOPEHHUE.

58



B 3aBucuMocCTH OT NOCTaBJIEHHOH 3aJaull BO3MOXKHO MOTpPEOyeTCsl 3HATh IOJ0XKEHHE CUCTEMBbl 00pabOTKH H
aHaJIM3a CIEKTPO30HAIBHBIX M300paKCHUH B reorpauueckod CHCTeMe KOOpAMHAT JUIs OBICTPOrO pearupoBaHUs B
ciTydae BO3HHKIIEH HeobxoaumocTH [7]. st 3Toro ciexyeT XpaHuTh MOJ0KEHNE CHCTEMBI B IIPSIMOYTOIBHOM cHCTEMe
KOOPJMHAT OTHOCUTENILHO HA4aIbHON TOYKH, KOTOpast H3HAYAIBHO 3ajlaHa B TeorpaIecKoi cucTeMe KOOpAHHAT.

Henocrarkom Takoro peaieHnsa  ABIAETCA  TOT (I)aKT, YTO TIIPOUCXOAUT HCKAXXCHHE ONPEACICHUA
MECTOIIOJIOKEHHA, CBA3aHHOE C TEM, UTO B 30HEC NIEPEMEIICHUA CUCTEMBI 3€EMHAS IMIOBEPXHOCTH CUUTACTCA IUIOCKOM [8]

Takum o6Opaszom, momoxkeane COAC3U B reorpadudeckoil cucTeMe KOOPAWHAT MOXKHO OIPEICTUTH
cienyroumM o0pasom:

_ y
(l) - ¢Ha‘{. + Ay(¢Ha‘l.)’ (7)
X
A= AHaq‘ + AX(‘PHaLL)' (8)

Ie @ U A — TOJOXCHUE CUCTEMBI B TeOrpadUuecKoil CHCTEME KOODPIUHAT; (yaq. U Ayaq — IOJOXKEHHUE HEKOTOPOU
Ha4yaJbHOM TOYKH, HAXOJAIICHCS B 30HE NEUCTBHS CHCTEMBI, X U Y — IOJIOKEHUE CUCTEMBI OTHOCUTEIHHO HayaIbHOM
TOukH; AY 1 AX — IIMHBI YT MIAPOTHI U IOJITOTH pa3MepOM B OAHH TParyc, BRIPaKCHHBIC B METpaXx.
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CoumorymMmaHuTapHbIe TEXHOJOTUU OPraHU3AMUM KOTHUTHBHOIO CAMOMEHEKMEHTA CTY/AeHTa
B YCJI0BHUSIX OTKPBITOT0 00Pa30BaTeIbHOI0 MPOCTPAHCTBA By3a
Coipamkuna Examepuna I'aspunosna
Actomuna Oxcana Hukonaesna
Hayuonanvnwiii uccnedosamenvckuii Tomckuti 20cy0apcmeerHblil yHugepcumen
syryamkinaeg@mail.ru

CoBpeMeHHasi CHCTeMa BBICIIET0 00pa30BaHHUsl MPETEPIICBACT Psijl U3MCHEHHH, CBA3aHHBIX C BXOXKICHHEM B

MOCTHHAYCTPUAILHOE OOIECTBO, YTO JUKTYET MOUCK HOBBIX MOAXOJ0B K (DOPMHUPOBAHUIO CTpaTeruii 00y4YeHus,
M3MEHEHHIO COICPIKaHUs 00pa30BaHMs, YCTPAHEHHUIO €ro OJHONMHEeHOCTH. Bee 310 Tpebyer He ToJIbKO pa3paboTKu
W BHEIOPEHHsS HOBBIX 00pa30BaTEJbHBIX TEXHOJOTWH, HO H (OPMHPOBAHUS OTKPHITOTO 00Pa30BATEIHLHOTO
MPOCTPaHCTBAa BHYTPH BY3a.
Psn yHMBEpPCHTETOB CTpaHBI MOJYYIIN MPABUTCILCTBCHHBIH CTATYC HAIMOHAIBHBIX HCCIICIOBATCIBCKUX, 4YTO
OTKPBLUIO JJIi HUX HOBBIC BO3MOXXHOCTH JIJISl CO3JIaHUS M BHEAPEHHS COOCTBCHHBIX PECYpPCOB B YUeOHBIN mpoliece,
PabOoTHI IO CAMOCTOSATENILHO YCTaHABIMBACMBIM 00Pa30BATEIBHBIM CTAHIAPTAM, TIO3BOJIMIIO KOHCTPYHPOBATH HOBBIC
COIMOTYMaHUTAPHBIC TEXHOJIOTHH.

JIJis IOBBIMICHUST KOHKYPEHTOCIIOCOOHOCTH BY3 MpeJjiaracT CTyIeHTaM MpoOoBaTh ce0sl B Pa3IHUHBIX BHE
aKaJieMH4YecKuX cdepax, TaKUX KakKk CTyIeHYECKHe OpraHu3alMd, KIyObl M HHbIE (OPMBI CTYIEHYECKOTO
CaMOYIpAaBIICHUs; IOMUMO 3TOrO Yy CTYACHTOB €CTh BCE YCIOBHS JAJSI Pa3BUTHS Kak MPOpECCHOHATBHBIX, TaK U
HAANPO(eCCHOHABHBIX KOMIIETCHIIHIA, MOBBIIIAsS YPOBEHb CBOCH HAYYHO-HUCCIICIOBATEIBCKOM AEATEIBHOCTH Yepe3
yuactue B KOH(pepeHIusX, Gopymax, KPYyribIX CTOJIaX, 3aHATHAX HA KAMIYCHBIX KypcaxX, OTKPBITBIX MacTep-
Kjaccax u mp. Bmecte ¢ TeM, MPOTHBOpEYHE 3aKIIOYACTCS B TOM, YTO BY3bl MPEAOCTABISIOT CTYACHTAM LENbIi
MepeueHb BO3MOXHOCTEH Uil MPO(PECCHOHANTBHOIO U JMYHOCTHOI'O CTAHOBJICHHSI, HO HEIOCTATOYHBINH YPOBEHb
KOHUTUBHOI'0O CaMOMCHECI)KMCHTA HE TIO3BOJIACT CTYJACHTaM B MOJHOM MEpE MNOJb30BATHCA HMCIHONIUMUCH
pecypcami.

M3 »TOro BBITEKAET Hp06neMa TOUCKa TMPUHIHUIIMAIBHO HOBBIX COIMOTYMaHHUTapPHBIX TeXHOJ’IOI‘Hﬁ,
TMO3BOJIAKOIIUX CTYJACHTAaM MOBBICUTH YPOBCHb KOTHUTHBHOT'O CAMOMCHEIKMCHTA B IMPOCTPAHCTBE BY3a. HOQTOMy
TEMOI1 Hallero UCCIIeA0BaHus cTaa pa3paboTka 1 anpodanyst MOJEIH COIPOBOK/ICHHS, HANIPABIICHHAS HA pa3BUTHE
KOTHUTHBHOT'O CAMOMEHEPKMEHTA CTYICHTOB B OTKPBITOM 00pa30BaTeIbHOM MIPOCTPAHCTRE BY3a.

Hdusi obecrieuenust pa3BuTHsS U (OPMHPOBAHHS CaMOMEHEKMEHTA CTYACHTOB B Ipolecce OO0ydeHHUs
3aja4ell THIOTOPOB W KypaTOpOB W3 4YKCJIa MPENoJaBaTelicdi CTAHOBUTCS OOYYCHHE CTYACHTOB CaMOAaHAIU3y
yueOHOU [esITEeNbHOCTH, PAa3BUTUIO CAMOMOTHBAIMH, KOTOpas MPOSIBISIETCS B BHIAC Pa3HUYHBIX MPHUTA3AHHH,
MOCTAHOBKH Ilejieil (KaK KpaTKOCPOUYHBIX, TAK U TOJITOCPOYHbBIX) U YAOBICTBOPEHHUHU JTMYHBIX MTOTPEOHOCTEH.

He MmeHee BakHBIM aClEKTOM CaMOMEHEDKMEHTA SIBJISETCS Pa3BUTHE CAMOKOHTPONss. OT CaMOKOHTPOJIs
CTy/ICHTa 3aBHCHT €ro COBEpIICHCTBOBAHME B Y4EOHOW JEATENLHOCTH, TIOBEICHUH, MBbICISIX, YyBCTBaXx,
IUIaHUPOBAHUU W TCJICTIOJIaraHUuu. I[OCTI/I‘IB BBICOKOT'O YPOBHA CaMOMCHC/PKMCHTA B LECJIOM W OTACJIBHBIX €TI0
KOMITOHEHTOB CTY/ICHTY [TOMOT'al0T PECYPChl COBPEMEHHOTO OTKPHITOTr0 00pa30BaTeIbHOTO POCTPAHCTBA BY3a.

[Tpu onpeneieHuH MOHITHS «OTKPHITOE 00pa30BaTEILHOE TPOCTPAHCTBO BY3a» MCCIICI0BATEIIN HCXOIST U3
€Tr0 KIIOYCBBIX XAapPAKTEPUCTUK, K KOTOPHIM 4Yall€ BCETO OTHOCAT T'YMaHUCTUYCCKYIO HAIpPaBJICHHOCTD,
(byHIaMEeHTaNbHOCT, W TIPH  3TOM  BO3pacTalulyld uH(opMmartu3auuioo 00pa3oBaHHs, €ro OTKPBITOCTb,
HETPEPBIBHOCTD, TOCTYITHOCTh U JEMOKPATH3AIHIO.

OCoOEHHO OCTPO BCTaET HEOOXOJMMOCTh Pa3BHUTHs HHGOPMAIOHHO-00Pa30BaATEILHOTO MPOCTPAHCTBA
By3a JUIsl OpPraHU3aluK AUCTAHIIMOHHOTO O0YUEHHS, YTO SIBISIETCS] B HACTOSIIEE BPeMsl KpaiiHe aKTyalbHbIM, TaK Kak
Bce OOoJIblIIee YKCII0 CTYACHTOB MPEIIOYNTAIOT MOIY4aTh OCHOBHOE 00pa30BaHKe B IOMOUIBIO OHJIAIH TEXHOIOTHIA.

IMomumo 3TOrO, B CBETE OOIIMX TEHACHIIMM, HAMPABICHHBIX HAa HEMPEPhIBHOE 00pa30BaHHE IJIHHOIO B
KHU3Hb, MOJYYEHHE JOTOJIHUTEILHOTO O00pa30BaHUsI M TPOXOXKACHHE PAa3HOrO poJa KypCOB TOBBIIICHHS
KBaJTU(UKAIMN, CTAHOBUTCS Oo0Jiee BOCTPEOOBAHHBIM KakK pa3 B JAMCTAHIIMOHHOM ¢opmare, TaKk Kak 3TOT CIocod
3HAYUTEJIBHO PACIIUPSET BO3MOKHOCTH MOJYYEHHs KaUeCTBEHHOM, aKTyalIbHOH U BOCTpeOOBaHHOM MH(OPMALIUH.

B AOKJIaa€ NpeACTaBJICHbI CONUOTYMAHUTAPHBIC TCXHOJIOTUN q)OpMI/IpOBaHI/IH MOJCJIM KOTHUTHUBHOI'O
CaMOMEHEKMEHTA CTY/ICHTa C IEPBOT'0 110 YETBEPTHII KYPCHI.
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HaumonaneHblil ncciieroBarenbCkuii TOMCKHI TOCYJapCTBEHHBIN YHUBEPCUTET
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ITo mporHo3y anamutuueckoit ¢upmbl IDC oxumaercs, yto k 2025 romy o0beM OIU(PPOBAHHBIX JaHHBIX
coctaBuT 175 3errabaiir [1], mpuuem oxoio 60% Bcex AaHHBIX B MHUpe OyIyT TI'eHEpUpPOBAaTh KOMMEpUYECKHE
npeanpusitus. Ilo Gosbineit yactu (o 95 %) 3TOT 00BEM COCTOMT M3 HECTPYKTYPHPOBAaHHBIX AAHHBIX W JIUIIL 5 %
COCTaBIIET TEM WIM WHBIM 00pa3oM CTPYKTypHpoBaHHasg uHpopmamus. Tak dro mpobiemMa KadeCTBEHHOMH
cucreMaTm3anuy U 3QpPEeKTUBHON OpraHU3auy pabOTHI C TaHHBIMH BCTACT OYEHB OCTPO. Y BEIHYMBACTCS MOTPEOHOCTD
CHENHATNCTOB MO0 OONBIIMM JAaHHBIM, B OpPTaHM3ALUSAX W HA TPENNPUATHSAX MOSABISIOTCS CIICIHAIN3HPOBAHHEBIE
ciyx0b1, Bosrmasisiemsie CDO (Chief Data Officer — Tupexrop mo narmasiM) 1 CDTO (Chief Digital Transformation
Officer — upexTop 1o 1upoBoii TpaHCHOPMAITHH), TOCTOSIHHO COBEPIICHCTBYIOTCS METOMIBI U CIIOCOOBI XPaHCHHUS
JTAHHBIX,

IepBbie mepapxnyeckue 0a3bl JAHHBIX KaK OPraHU30BAHHBI HA0OP CTPYKTYPHUPOBAHHOW WHGOPMAIIUU WU
JTAHHBIX, XPAHSIIUNXCS B JJICKTPOHHOM BHJIC B KOMIIBIOTEPHOH CHCTEME, MOSBIINCH B Hauane 60-X roJjoB — cHavyaia Ha
OCHOBE JIDEBOBHHOHM MOJICIIH, 3aT€M IOSBHJINCH 0a3bl AaHHBIX C CETEBOW CTpykTypoil. B Hawane 1970-x romos B
komranuud IBM Obuta mpeasiokeHa KOHLENLMS pPEISLMOHHBIX 0a3 MaHHBIX, KOTOpas IO CHX MOp OCTaloTCs
BOCTpeOOBaHHBIMU [2].

ITepBoit KOMMEpUYECKH YCICITHON BEpCHEH CHCTEMBI YIIPaBJICHHUS PeIsiHMOHHBIMH 0a3amu aaHHbIX (CYB]I)
crana Oracle 2 (Jlappu Ommcon, 1979 r.). E€ rmaBHBIM KOHKYPEHTHBIM MPEUMYIIECTBOM OBLIAa BBICOKAs CKOPOCTh
00pabOTKH OTPOMHBIX (I TOTO BPeMEHH) MacCHBOB WH(OPMAIIHH.

B HacTosmee BpeMs abcomroTHRIMU Jinaepamu pbiaka CYB/] seistrores kommanuu Oracle, IBM u Microsoft, ¢
o01mielt COBOKYIHOI oneit peraka okono 90%, mocraiss Takue cucteMbl kak Oracle Database, IBM DB2 u Microsoft
SQL Server [2-3]..

Ho ¢ nacrymnenuem spsl «Big Data» okasanock, uto pemsiuonnsie Bl He mpucrocoOiaeHsl s paboThl ¢
OONIBIIMMH JTAHHBIMH, TAaK KaK OrPaHWYEHbl MO MAacCIITA0OMPOBAHMIO U HMMEIOT cja0ble BO3MOXKHOCTH ISl aHajHu3a
HECTPYKTYPUPOBaHHBIX AaHHBIX. DTO CTAJI0 MPUYMHON POCTa MOMYJISIPHOCTH HEPEJISIMOHHBIX 0a3 JAaHHBIX, KOTOPbIE
MO3BOJISIIOT TOOUTHCS OOJbIIEH I'MOKOCTH, JTydllIeil MaciiTabupyeMOCTH U BBICOKOH 0TKa3oycToiiunBocTh. Takue 6a3bl
JMAHHBIX Tony4nian HazBanue NOSQL.

NoSQL otimgaroTcs OT TpagWIMOHHBIX PEIIMHOHHBIX 0a3 MaHHBIX TEM, YTO 3/eCh HET TaONHIl, CTPOK,
MEPBUYHBIX WM BHEOTHHX Kitodei [4]. BmecTto 3TOro B HepelsmUOHHON 0a3e MaHHBIX MCIIONB3YETCS MOICITH
XpaHCHUS, ONTHMU3WPOBAHHAS /IS KOHKPETHBIX TPeOOBaHWH THNA XpaHUMBIX JaHHBIX. Takwe Oazbl 9acTo
HCTIONB3YIOTCS, KOT/Ia HeOOXOIMMO OpTraHU30BaTh OOJBIITHE OOBEMBI CIIOKHBIX U pa3HOOOPa3HBIX JaHHBIX.

Hepensiuronnsie 6a3pl JaHHBIX 9acTO pabOTarOT OBICTpee, YeM PEISIHMOHHEBIC, TOTOMY YTO 3alpoc HE JOJDKEH
MPOCMATPHUBATh HECKOJIBKO TAONHI], YTOOBI MPEIOCTABUTH OTBET. [103TOMY HepeIsIIHOHHBIC 0a3bl NaHHBIX HACATHHO
MOJXOSIT JUIsl XpaHEHHsI ITAaHHBIX, KOTOPbIE MOTYT YaCTO M3MEHATHCS, WM ISl IPUIIOKEHUH, KOTOpble 00padaThiBalOT
MHOKECTBO Pa3IMYHBIX THIIOB TaHHBIX.

Hexortopble u3 Hambosiee mnomnysspHeix 0a3 gaHHeix NoSQL — ato MongoDB, Apache Cassandra, Redis,
Couchbase u Apache HBase.

Kouuenuus «dpadpuku nannbix» (Data Fabric) Brepssie 6bi1a nipecrapineHa Ha koHdepeniwn Insight 8 2015
T. [5] u cHauana ObLIa BOCIIPUHSATA, CKOPEE, KaK OOBIYHBIM MapKETHHTOBBIA XOJI, HE BhI3BaB 3aMETHOTO aknoTaxka. Ho
Ha JIelle 0Ka3ajoch, YTO JaHHAs KOHIECMIUSI — 3TO d(PPEKTUBHBI UHCTPYMEHT JIJIS JOCTIDKECHUS TEKYIIUX M OYIyIIHX
eleH, CTOAMINX TIepel COBPEMEHHBIMHE MPEIIPUATHSIMH.

Ion dabpukoii maHHBIX MOHMMAETCSI KOMOMHAIINS apXUTEKTYphl M TEXHOJOTHH, KOTOpas MpeTHa3HadeHa st
YOPOIICHHS YIPABICHUS MHOKECTBOM PA3IMYHBIX THUIIOB TAHHBIX C UCTIOJIB30BAHHEM HECKOJIBKUX CHCTEM YIPABICHHUS
0a3aMy NaHHBIX W pa3BEPTHIBACTCS Ha PasNUUYHBIX Imtardpopmax [6]. dabpuka MaHHBIX WHTETPUPYET YIIPaBICHHE
JTAHHBIMH B 00JIaKe U YCKOPSET HUPPOBYIO TPAaHCPOPMALIHIO.

Amnanutnueckoe arentctBo Gartner momectmwnio Data Fabric wa Bepmmmy Hype Cycle for Emerging
Technologies-2021. Cormacuo Gartner, Data Fabric — 3T0 eauWHas W COTNIacOBaHHAsl apXUTEKTypa YIPaBICHHS
JIaHHBIMH, KOTOpas o0ecrieurnBaeT OeCPENsITCTBEHHBIN TOCTYII K JAHHBIM U UX 00pabOoTKYy.

OtauyuTenbHas XapaKTEPUCTHKA COBPEMEHHBIX ()aOpHK JaHHBIX — 3TO AKTHBHOE NMPHUMEHEHHE TEeXHOJIOTH
OONBIIMX MAHHBIX M WMCKYCCTBEHHOTO WHTEIJIEKTa, B YACTHOCTH, MAIIMHHOTO OOYYECHHS Ui IIOCTPOCHHS H
ONTUMU3AIMH AITOPUTMOB YIIPABICHUS W MPAKTUYECKOTO HCIOIh30BAaHUS NaHHBIX. Takum oOpa3om, mox Data Fabric
MTOHUMAETCS UMCHHO TEXHOJIOTUYECKask IKOCUCTEMA ISl A(P(PEKTHBHOTO HCITOIH30BAHUS KOPIIOPATHBHOW WH(POPMAIINH,
a He oIpeIeNieHHas IUIOMAaIKa OT KOHKPETHOTO IPOU3BOIUTENISI IPOTPAMMHOTO 00CCIICUCHHS.
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B oxrsabpe 2010 roma [xeiimc [IMKCOH, OCHOBaTeNb W OBIBIIMH TEXHUYECKUH IUPEKTOP NPOrpaMMHOMN
wiatopmbl Ou3Hec-aHaUTHKN Pentaho, BBEN TepMuH «o3epo maHHbIx» (Data Lake) co crieayromum onpeaencHueM:
«Ecmu BB mymaeTe o BHTpHWHAX JaHHBIX KaK O XPaHWIHINE OYTHIMPOBAHHON BOABI — OYMIICHHOW, YIaKOBaHHOW H
CTPYKTYPHPOBAaHHON Ui yHoOcTBa MOTPEOIICHNUS, TO 03ep0 JaHHBIX — 3TO OONBIION BOIOEM B Oolee €CTECTBEHHOM
cocrostann. ConepKEMOe O3epa NaHHBIX IIOCTyNMaeT M3 HCTOYHHKA, YTOOBI 3allONHUTH 03€p0, W Pa3IdYHEIC
MIOJTB30BATENH 03€pa MOTYT MPHUNATH, YTOOBI H3YUNTh, HBIPHYTH WIH B3SATh 00Pa3Ibl».

[lon «BUTpMHAMH AAHHBIX» (WIH «KUOCKAMHU IAHHBIX») MOHMMAETCS HA0Op TeMaTHUYECKH CBs3aHHBIX BJI,
coneprxamnie HHPOPMAIHIO, OTHOCAIIYIOCS K OTICIBHBIM aclieKTaM IesATeIFHOCTH OpraHM3alii. BUTpHHA HaHHBIX
MO3BOJISICT AHAIM3HUPOBATH TOJBKO OMPEACICHHBIH 00heM MaHHBIX [7]. JIMKCOH yTBEpiKIalsl, YTO BHUTPHHBI JaHHBIX
CBS3aHBI C HCCKOJBKUMH MpPOOJEMaMHu, HAuWHAs OT OrPAaHWUYCHHWA TI0 pa3Mepy U 3aKaHYUBas y3KUMHU
HCCIIeIOBaTeNIbCKUMHU MapaMmeTpamu [8].

Osepo nannbix (Data Lake) mpencraBiser co0oil XpaHHIIMINE ITaHHBIX, KOTOPOE MOXET COJAEpKaTh B celde
OO0JIBIIIOE KOJIMYECTBO CTPYKTYPUPOBAHHBIX, MONYCTPYKTYPUPOBAHHBIX U HECTPYKTYPHPOBAHHBIX JAHHBIX U3 Pa3HBIX
HUCTOYHHUKOB [9].

Korna manabpie coxpaHeHBI, C HUMH MOXXHO paboTaTh — W3BJIEKATh IO ONpEIeIeHHOMY MAalIoHy B KJIacCHIeCKre
0a3bl TaHHBIX WM aHAJII3HPOBATH 1 00padaThIBATh MPSIMO BHYTPH 03epa JaHHBIX.

Po3ununsiit 6m3Hec Amazon HacuMTHIBaeT Oosree 175 IEHTPOB UCIIONHEHHS IO BceMy MHpY ¢ Ooiee gem 250
THIC. TIOCTOSTHHBIX COTPYIHHKOB, MOCTABISIOMIMX MIIIMOHBI TOBapOB B JCHB, MOTOMY Iepel] MEXIyHapOIHOM
KOMaHIod Amazon 1o (MHAHCOBBIM OIepanusaM OblIa MIOCTABIICHAa HEBEPOSITHO CIOXHAs 3a/lada — OTCIICKHUBATH ITO
OONBIIOe KOJNMYECTBO [AHHBIX. PemieHWe 5Toi 3amadd mpuBeio K mosBieHuio B 2019 romy KoprmopaTWBHOTO
XpaHUIINILA, U3BECTHOTO KaK «o3epo naHHbIX Galaxy» [10], moaaepKuBaromero oHy U3 KPYIMHEHIINX JIOTHCTHYECKUX
ceTel Ha IJIaHeTe.

Ho 03€pa JaHHBIX MOTYT HNPEBPATUTLCA B 60J'IOTa JaHHBIX, €CJIM OHH HC 6yI[yT MpaBUJIbHO CTPATCTUYCCKU
CIPOCKTHPOBAHBI C YYCTOM MOCTABJICHHBIX IIeJici U HEOOXOAMMOM OYMCTKU. JIJIs 3TOr0 HY)KHO HAJIQJAWTh B KOMITAHUH
MpoIlecC YIpaBieHUs NaHHBIMU 1o pykoBojacTBoM CDO. I'maBHas COCTaBIAIOIIAs 3TOTO IMpOIEcca — OMpPEICTICHUE
IOCTOBEPHOCTH W KadecTBa JAaHHBIX €IIe JO 3arpy3KH: B 03€pO JOJDKHBI IOMACTh TOJBKO aKTyallbHBIC NAaHHBIC, a
3HAYHT, U cama 0a3a OyJeT JOCTOBEPHOM.

B mmpe, rie TeXHOJIOTMH MEHSIOT HAIly TOBCEIHEBHYIO JKW3HB, IH(pOBas TpaHCHOpMANUS CTOUT HA MEPBOM
MECT€ B CTPAaTEerHmYecKOd IOBECTKE MHSA OONBIIMHCTBA OpraHm3anuil. [ ycmemHoro mnpeoOpa3oBaHUS TaHHEBIC
CTaHOBSTCS UCTOYHUKOM YKH3HEHHOW CHJIBI OpTaHM3alliH, 00eCIIeYnBas HOBBIC TOUYKH CONMPUKOCHOBEHUS C KIMCHTAMH
C TIOMOIIBIO TEXHOJIOTHH, CO3/1aBasi HHHOBAIIMOHHBIC BO3MOXXHOCTH sl OM3HECA W ONITUMIBUPYS omepanuu [11].

310 TpeOyeT IEeI0CTHOro, 0e30MacHOro, 3PQPEKTHBHOTO W OPUEHTHPOBAHHOTO Ha Oyayiiee MOoaXoma K
YIPaBJICHUIO JAHHBIMH, KOTOPBIH TakXke MpeaocTaBiisieT cBoOoay BbiOopa. KauectBo 1m¢poBoit Tpancdopmannu
MPEANPUATHIA, 12 U BCEX 3JICMCHTOB HMH(GOPMAIIMOHHOTO OOIIECTBAa, BO MHOIOM OYAET OINPEACNIATHCS KaueCTBOM
XpaHeHHss M 00pabOTKM OoNbIIMX JaHHBIX, 4To moBbimaer posb CDTO u CDO B cucreme ynpaBieHHs
XO3AHCTBYIOUTIMHU CyObEKTaMHU.
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The positive effect of simulation testing on autonomous driving systems, industry policy regulations, and
changes in market trends have made simulators a must-have for autonomous driving developers. The SVL simulator
was born under this background. The simulator can be connected to Autoware and Apollo, and the simulator engine
provides end-to-end full-stack simulation. Not only that, the simulator also provides a core simulation engine,
developers can easily customize the sensor according to their needs, create a corresponding simulation simulation
environment, which greatly facilitates the research work of developers [1].

SVL Simulator consists of simulation software, software tools, content and plug-in ecosystems that support
customized use cases, and a cloud environment that supports large-scale simulation and scenario testing. By simulating
the virtual environment, one or more self-vehicles or autonomous systems and their sensors, traffic and other dynamic
objects, the simulation software provides a seamless and customizable interface for the user's system under test. This
allows developers to debug, perform modular testing, and perform integration testing. At the same time, the SVL
simulator engine provides end-to-end full-stack simulation, can be connected to Autoware and Apollo [2], and supports
Python API. It is open source and free, and has low configuration requirements. It is developed based on the Unity
modern game engine [3].

The lane following model is an autonomous driving stack based on ROS2 developed using SVL Simulator. In
the high-level overview, the model consists of three modules: sensor module, perception module and control module.
The sensor module receives raw sensor data, such as camera images, from the simulator, and preprocesses the data
before inputting it to the perception module. Then, the perception module receives preprocessed data, extracts lane
information, and predicts steering wheel instructions. Finally, the control module sends the predicted control commands
back to the simulator, and the simulator will drive the car automatically [3].

Use the SVL visual scene editor as the first step to create the basic scheme of the test scene that will be executed
by the SVL simulator. SVLVisual scene editor is a GUI application that can be used to create basic scenes for
designated agents (pedestrians, vehicles, ego vehicles, etc.). Are located in a map, and the basic plan of the path they
should take through the map, and specified in the form of path points. The basic scene is created from the SVLVisual
scene editor and exported to the SVL simulator. Then, the scene generator operates this scene to generate a new test
scene [4]. Not only that, the SVL simulator is based on the Unity [5] game engine, which can achieve a 3D simulation
of the real world environment, and we can easily set the weather and road damage. We can even set some extreme
weather and road conditions to make the scene closer to real life.

The SVL simulator has a set of default sensors to choose from, currently including camera, lidar, radar, GPS and
IMU, as well as different virtual ground real sensors (fig. 1). Developers can also customize the sensor according to
their own development needs. The web user interface of the simulator accepts the sensor configuration as text in JSON
format, allowing the internal and external parameters of the sensor to be easily set. Each sensor entry describes the
sensor type, location, release rate, topic name, and reference system of the measured value. Some sensors may also have
additional fields to further define specifications; for example, the beam count of each lidar sensor is also configurable.
For segmentation sensors, SVL semantic segmentation is combined with instance segmentation. Users can configure
semantics to obtain instance segmentation-each instance of an object with these semantics will get a different
segmentation color, while instances of other types of objects can only get one segmentation color for each semantic [6].
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fig. 1 — SVL user interface

The test scenario consists of simulating an environment and situation in which an autonomous driving stack can
be placed to verify correct and expected behavior. The SVL simulator provides a Python API that enables users to
control and interact with the simulation environment. Users can write scripts to create scenes according to their needs-
generate and control NPC vehicles and pedestrians, and set environmental parameters. For deterministic physics, scripts
allow repeatable testing in simulations. At the same time, developers can also link to software such as Apollo or
Autoware for joint simulation simulation tests to make the test results more realistic and effective [6].

This report provides a brief overview of the functions of the SVL simulator. It also introduces its functions
comprehensively for simple setting and testing. It is completely open source and free. And the operation difficulty is
low, the simulation coefficient is high, which completely facilitates the scientific research work of the developers, and
perfectly fits the current development environment and development needs
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With the development of deep learning, various neural networks have been widely used to solve natural language
processing (NLP) tasks, such as convolutional neural networks (CNNs) [1], recurrent neural networks (RNNSs), graph-
based neural networks (GNNSs) [2] and attention mechanisms. One of the advantages of these neural models is their
ability to alleviate the feature engineering problem. Non-neural NLP methods usually heavily rely on the discrete
handcrafted features, while neural methods usually use low-dimensional and dense vectors to implicitly represent the
syntactic or semantic features of the language. These representations are learned in specific NLP tasks. Therefore,
neural methods make it easy for people to develop various NLP systems [3].

The advantages of pre-training can be summarized as follows:

1. Pre-training on the huge text corpus can learn universal language representations and help with the
downstream tasks.

2. Pre-training provides a better model initialization, which usually leads to a better generalization performance
and speeds up convergence on the target task.

3. Pre-training can be regarded as a kind of regularization to avoid overfitting on small data [4].

The early efforts of pre-training are mainly involved in transfer learning. The study of transfer learning is heavily
motivated by the fact that people can rely on previously learned knowledge to solve new problems and even achieve
better results (fig. 1).

In transfer learning, source tasks and target tasks may have completely different data domains and task settings,
yet the knowledge required to handle these tasks is consistent. Generally, two pre-training approaches are widely
explored in transfer learning: feature transfer and parameter transfer [5]. To some extent, both representation transfer
and parameter transfer lay the foundation of PTMs. As shown (fig. 1), transfer learning can be categorized under four
sub-settings, inductive transfer learning, self-taught learning, and unsupervised transfer learning. Among these four
settings, the inductive and transductive settings are the core of research, as these two settings aim to transfer knowledge
from supervised source tasks to target tasks. Although supervised learning is always one of the core issues of machine
learning research, the scale of unlabeled data is much larger than that of manually labeled data [6].
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Learning Learning
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fig. 1 — The spectrum of pre-training methods

A major trend of PTMs is that the number of parameters is getting larger and larger. Increasing the size of a
neural network typically improves accuracy, but it also increases the memory and computational requirements for
training the model. In this section, we will introduce how to improve computational efficiency from the following three
aspects: system-level optimization, efficient learning algorithms, and model compression strategies [7]. An effective
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and practical way to reduce computational requirements is system-level optimization towards computational efficiency
and memory usage. System-level optimization methods are often model-agnostic and do not change underlying learning
algorithms. Besides some system-level optimization methods, various efforts have been devoted to exploring more
efficient pre-training methods, so that we can pretrain large-scale PTMs with a lower cost solution.

Beyond the superior performance of PTMs on various NLP tasks, researchers also explore to interpret the
behaviors of PTMs, including understanding how PTMs work and uncovering the patterns that PTMs capture. These
works cover several important properties of PTMs: knowledge, robustness, and structural sparsity/modularity.
Moreover, there are some pioneering works on building the theoretical analysis for PTMs [8].

We summarize some applications of PTMs in several classic NLP tasks. The general language understanding
evaluation (GLUE) benchmark is a collection of nine natural language understanding tasks. GLUE benchmark is well-
designed for evaluating the robustness as well as generalization of models. GLUE does not provide the labels for the
test set but set up an evaluation server. Question answering (QA), or a narrower concept machine reading
comprehension (MRC), is an important application in the NLP community. From easy to hard, there are three types of
QA tasks: single-round extractive QA (SQUAD), multi-round generative QA (CoQA), and multi-hop QA (HotpotQA)
[9]. BERT outperforms previous state-of-the-art models by simply fine-tuning on SST-2, which is a widely used dataset
for sentiment analysis (SA). Ref. utilized BERT with transfer learning techniques and achieve new state-of-the-art in
Japanese SA.

Though PTMs have proven their power for various NLP tasks, challenges still exist due to the complexity of
language. Currently, PTMs have not yet reached its upper bound. Most of the current PTMs can be further improved by
more training steps and larger corpora. The transformer has been proven to be an effective architecture for pre-training.
However, the main limitation of the Transformer is its computation complexity, which is quadratic to the input length.
Therefore, searching for more efficient model architecture for PTMs is important to capture longer-range contextual
information [10]. Currently, fine-tuning is the dominant method to transfer PTMs’ knowledge to downstream tasks, but
one deficiency is its parameter inefficiency: every downstream task has its own finetuned parameters [11]. An improved
solution is to fix the original parameters of PTMs and by adding small fine-tunable adaption modules for specific task
[12]. Although PTMs reach impressive performance, their deep non-linear architecture makes the procedure of
decision-making highly non-transparent.
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Advances in Micro-Electro-Mechanical Sensors “MEMS” opened the door for cheap inertial sensors to exist,
those cheap inertial sensors are the basis of the "Attitude and Heading Reference Systems “AHRS” on commercial-
grade drones, In this paper, multiple algorithms for attitude estimation have been discussed.

Attitude estimation is important for the drone since it allows finer control of the drone attitude especially in
autonomous modes, if the AHRS output is not that accurate, the drone stability will suffer over time. Commercial grade
AHRS contains cheap inaccurate inertial sensors, those sensors are gyroscopes, accelerometers, and on a lot of
occasions magnetometers. The basic algorithm does integrate the gyroscope outputs given some rough estimation about
the initial attitude, the integration algorithm will give us the delta angle between successive readings of the gyroscope
angular velocities[1]. The integration step also integrates the inherited error in the gyroscope output which makes the
aforementioned angle unusable after some time, this time depending on the amount of stochastic and static errors of the
sensor. Usually, no accurate calibration is done for such a low-cost drone’s AHRS, the calibration procedure usually is
done by holding the drone by hand in different six positions.

Euler angles make a more intuitive representation of the attitude, by pointing out the current attitude using roll,
pitch, and yaw, though easier to comprehend by the human operator, Euler angles have their problems, for example, the
singularity occurs as the angles approach +90°[2], that’s why we use a better alternative named quaternion, in
quaternion, there are no singularities, and they have a feature of being easier to compute. In this paper, we will discuss
how to get a quaternion update in methods other than the basic one.

The AHRS contains three orthogonal gyroscopes gx gy gz, also three orthogonal accelerometers ax ay az, and
usually, also we find a set of three orthogonal magnetometers mx my mz to bound the error accumulated by the
gyroscope. In drones usually, the North East Down “NED” frame is used instead of the ground applications preferable
frame East North Up “ENU”[3].

Pitch Axis

Roll Axis

Yaw Axis

fig. 1 — NED Frame

Basic Algorithm

The basic algorithm uses the output of the gyroscopes, hence the angular velocities, and then integrate those
reading to add the resulting delta angles to the initial attitude, namely roll, pitch, and yaw. This solution trend to drift
after a short time rendering it useless for our task of attitude estimation.

Madgwick Algorithm
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The approach employs a quaternion representation, which enables accelerometer and magnetometer data to be
used in an analytically derived and optimized gradient descent algorithm to compute the direction of the gyroscope
measurement error as a quaternion derivative[4].

Mahony Algorithm

This algorithm is formulated as a deterministic kinematic observer on the Special Orthogonal group SO(3)
driven by an instantaneous attitude and angular velocity measurements[5].

Experimental Results and Discussion

We have implemented the different attitude estimation algorithms and tested them on real-world data collected in
our lab from low-cost IMU with 3 gyroscopes, 3 accelerometers, and 3 magnetometers, with an output rate of 100Hz.
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fig. 2 — RMSE of Roll, Pitch, and Yaw angles between three methods
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fig. 3 — Ground Truth of the angles

As we can see both Madgwick and Mahony algorithms performed better than the traditional integration
algorithm, it is worth mentioning that the other algorithms use accelerometers and magnetometers readings also.

Conclusion

For the task of attitude estimation in AHRS for commercial grade inertial sensors methods other than the
traditional one should be used, and as we can see today the two main open-source autopilot systems “Ardupliot and
PX4” use other than the traditional algorithm to estimate the attitude of the drone.
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As the use of reconfigurable systems like FPGA become more widespread in the field of Machine
Learning, different alternatives in their use begin to be developped. A number of this developments are geared
towards the simplification of the creation of FPGA systems either through facilitating the use of programming
languages as alternatives to Verilog and VHDL, or by developing means of implementing popular existing
libraries like Keras, Pytorch and Tensorflow in reconfigurable systems. Keywords FPGA, Neural Networks,
VHDL, Verilog

1. Introduction

The main tool for giving specifications for reconfiguring a FPGA is through Hardware Description Language (HDL).
The most commonly used languages of these types are Verilog and VHDL. These languages, although having different
syntaxes, are built on similar principles, and both are capable of describing any hardware system. Verilog was
developed in 1984 by Gateway Design Automation and eventually became an open standard in 1990. VHDL stands for
VHSIC (Very High Speed Integrated Circuits) Hardware Description Standard . It was developed by the Department of
Defense of the United States of America in 1981. It was standardized in 1987. Originally VHDL was used for
documentation of the structures and function hardware, but it started to be used for development.

HDL languages have the purpose of logic simulation and synthesis. Simulation is done by applying inputs to a module
and analyzing the outputs to ensure that it is working properly. Using HDL to do this is very useful , since it allows
debugging a design and to catch any error and flaw on it before the circuit is mass produced, thus saving a lot of money.
Regarding FPGAs, simulations allow to refine the designs that will be applied to them and save time by ensuring that a
workable circuit is going to be programmed to it, instead of finding flaws once the FPGA has been reconfigured.
Synthesis is the process by which the HDL description is transformed into logic gates. [1]

2. Research On the use of OpenCl as Alternative to HDL Languages for Programming FPGA

FPGA design requires of hardware and software skills, this sometimes is an obstacle for the development of systems
that use this technology. That is why some research focuses on using more widespread languages like C and C++ for
developing FPGA designs. The article Research on OpenCL Optimization for FPGA Deep Learning Application, done
by the College of Computer Science and Technology of Harbing Engineering University in China, proposes the use of
OpenCL tools for the optimization of Deep Neural Network algorithms in FPGAs as a solution.

OpenCL is a standard used for developing parallel programming on CPUs, GPUs, as well as other processors. This
standard supports different applications like embedded software. OpenCL is comprised of an API that allows the
implementation of parallel computation across different processors, as well as being a programming language with a
specific computation environment. OpenCL enables to describe algorithms for FPGA implementation in a level of
abstraction that is higher than the HDL languages, thus easier to understand. The OpenCL program is written in C or
C++ languages that can be executed on any type of processor. It also offloads computation workload to kernels. A
kernel is an accelerated function that is implemented in a coprocessor device. OpenCL kernels have access to the global
memory of the device. There are also “Pipes” that enable kernel to kernel communication, thus reducing the number of
times kernels refer to memory. This has the effect of increasing the efficiency of the memory access. For FPGA the
OpenCL kernels are implemented using FIFOs. [2]

The previously mentioned research states that when developers use other programming languages like C, C++ and
OpenCl for designing circuits instead of HDL, has the result of creating designs that don’t fully take advantage of the
parallelism of reconfigurable systems and that lack advantages in performance compared to other implementations. To
correctly take advantage of OpenCl, the authors propose a computational model for Deep Neural Networks and
guidelines for taking advantage of the capabilities of an FPGA. The authors compared their model to the standard
optimization provided by Xilinx for its FPGAs and were able to increase the effectiveness in the use of resources by 8-
40 times. [3]

3. Optimization of FPGA Resources and Existing Machine Learning Libraries

The need for finding solutions that enable implementations that take full advantage of the possibilities offered by
FPGAs has led Alireza Ghaffari and Ivon Savaria to present their own system called CNN2Gate for Convolutional
Neural Networks. [4] They identified the need for design-space exploration methods that allow for the optimization of
FPGA resources, as well as for methods for taking advantage of existing deep learning libraries (Pytorch, Keras,
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Tensorflow and Caffe) and implementing them on FPGA through a synthesis tool. The qualities of their proposed
CNN2Gate system are:

CNN2Gate uses a generalized model transfer format called ONNX (Open Neural Network eXchange format)

that helps to decouple hardware synthesis tools from the framework in which a particular CNN was designed. By
integrating an ONNX parser it is able to extract the weights, biases and other data-flow of a CNN model, thus helping to
support as many machine learning libraries as possible.
Automated High-level synthesis tools. As previously mentioned, many machine learning engineers lack the expertise
for hardware design. CNN2Gate enables synthesis work-flow for implementation of CNN in FPGAs. It is presented as a
Python library that uses OpenCL tools, PipeCNN, to parse and synthesize a design, after which it runs the CNN model.
This frees the engineers from manually implementing the CNN modeling to the FPGA in the early stages of the design
process.

Hardware-aware Design-Space Exploration is a characteristic of CNN2Gate that helps in the selection of
design parameters to achieve a desired performance before the creation of the physical design. This is done through a
design-space exploration tool that adjusts the level of parallelism of the algorithm to make it fit the design of different
FPGA models. To do this it estimates the hardware resource requirements. The tool checks the results utilization
feedback and tunes the design parameters accordingly.

It can be resumed that the model proposed by the authors parses CNN models, extracts the computational flow
of the layers as well as the weights and biases, it applies post-training quantization values to the weights and biases,
writes this information for the synthesis tools, performs space design exploration for the FPGA device, and finally
it synthesises and runs the project a CNN model can be synthesized by using deeply pipelined kernels. This requires the
following kernels: Memory read, memory write, convolution, pooling and fully connected. Sometimes the convolution
and the fully connected kernels are fused together as a 3D matrix multiplication unit. The advantages of this
architecture is that pipelined kernels process the data without storing it thus improving the memory access efficiency,
another advantage is that the architecture can be scalable depending on the size of the data fetched and the computer
units used in the convolution and pooling layer.[4]

Another interesting capability of using ONNX is that it allows the interoperability of deep learning models. It
does this by representing the flow of computations of a deep neural network as a computational graph model using the
own data types and operators built in in the library. It supports Pytorch, TensorFlow, Caffe, Keras, etc. [4]

This system was tested with a design-space exploration algorithm in the research shows that the process takes
at most 5 minutes depending on the algorithm used, although the synthesis time can take up to 10 hours. The
exploration of design space allowed for CNN implementations that were resource effective. Each of the algorithms has
advantages that depend on the type of FPGA being used, for example if the design space is convex Hill climbing will be
more accurate, but if it is not convex Reinforcement Learning will be more suitable. Small design space will favour
Brute Force. Querying the hardware synthesizer helps CNN2Gate to set up parameters that take advantage of the
parallelism of the FPGA, and provides more precise and resource efficient models.

4. Conclusion

CNN2Gate is an interesting attempt into creating libraries that make FPGA design easier, and at the same time is a
solution for creating implementations that take as much advantage as possible from the parallelism of FPGA systems.
At the same time OpenCl shows that Verilog and VHDL are not the only options for FPGA design, and that alternatives
exist for developers that lack knowledge in Hardware. As FPGA becomes more widespread, new tools will appear that
will make it more accesible and easier to use.
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This paper presents an implementation of a computer vision navigation system based on extreme correlation
techniques and a georeferenced image. A comparative study was done between three correlation methods, normalized
cross-correlation, normalized error squared difference, and normalized correlation coefficient. The comparison was
performed using three types of images: grayscale images, binary images, and images of edges detected with Sobel
detector. A simulation environment consisted of Gazebo and IRIS drone model was used, which gave us great
flexibility in testing and modifying sensors and model parameters with zero cost. All correlation methods resulted in
almost the same execution time and an accepted position error. The best performance was when using normalized cross-
correlation with the image of edges with 2.3m RMS error without excluding the false matchings.

Usually, inertial navigation systems (INS) and GPS are used in drone navigation systems. Using computer vision
navigation systems to replace GPS outages has become an idea of interest nowadays. A huge advance has been
established in this field, benefitting from the development of computers and the existence of cheap imaging systems on
most autonomous vehicles for general purposes [1]. Computer vision navigation systems may use one camera
(monocular) or two cameras (stereo camera) or even more. Position calculation can be incremental like visual odometry
or absolute like scene matching. It can use local features such as corners and other scale-invariant features, or use global
features such as correlation or Fourier transform [2]. Visual navigation has a lot of applications like planets discovery as
in mars rovers, drone navigation, path tracking, auto landing, surveillance, mapping, and a lot of other application.

According to the method of calculation, there are relative navigation and absolute navigation. Absolute
navigation based on correlation techniques is drift-free when compared to visual odometry. Although correlation
operation consumes a lot of time, but compared to methods that depends on special points detection and tracking in
scale space (such as SIFT), it is still more robust to illumination variance [3]. In scene matching, the position is
calculated by matching the online image with a stored georeferenced image, then the position will be where the
maximum or the minimum correlation results occur according the proposed method. In the next equations, shown the
basic methods for correlation. Let T be the online captured image or template, and I the georeferenced image:

1.Normalized Cross Correlation NCCR is calculated by equation (1):
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2.Normalized Square Difference Error NSDE is calculated by equation (2):
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3.Normalized Correlation Coefficient NCCOE (“ ™ ” stands for the average value) is calculated by equation (3):
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After capturing each image, it is enhanced to improve the matching process then converted to the desired type:
Grayscale, digital image, or to image that contains the detected edges in the original image. The same procedures also
done to the reference map. Image correlation or registration needs that both images must be in the same scale and
orientation and this is done using drone onboard sensors. The current scale of the image is calculated using the camera
focal length, drone height, and the map resolution which is calculated from a known object in the scene.

The used camera has a field of view equals 60 degree and a 300x300 pixels. The map resolution is 0.55 m/pixel.
Launching and controlling the drone path was done using SITL software in the loop for a 600m path. Navigation
solution was calculated online using the three types of correlation methods mentioned above with the grayscale, binary,
and edge images detected by Sobel detector. The navigation algorithm (figure.1) was realized and tested. Each type was
repeated three times and the RMS error had been calculated. Nine experiments were done and repeated 3 times, that

means 18 experiments were done. Position outputs were processed by Octave. An example for NCCR with a binary
image only is shown in this article (figure.2). The final results are shown in table.1.
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fig. 2 — Navigation results for NCCR with a binary image

Matching Type\ Error RMS Error in (x, y) plan MAX Error in (x, y) plan Execution Time
NCCR with grayscale 3.1 7.8 0.039
NCCR with edges 2.3 7.4 0.042
NCCR with binary 2.5 7.3 0.041
NSDE with grayscale 2.8 8.5 0.04
NSDE with edges 51 9.1 0.042
NSDE with binary 3.1 9.9 0.041
NCCOE with grayscale 2.4 7.4 0.038
NCCOE with edges 3.3 8.2 0.041
NCCOE with binary 2.5 7.6 0.042

Table.1. Results for different correlation algorithms with three image types without excluding false matchings

From the table above, we found up that all matching methods resulted in accepted results. A noticeable vibration
occurs when the drone stops or starts to move or even changes its direction because it (the vibration) has a large
magnitude [-7, +7] degrees. All algorithms have almost equal execution time and that is what we expected, since we
applied the same operations with all algorithms on the same hardware models. The template matching function in
OpenCV is high-level optimized, so the execution time was good. Taking the position error into consideration, the best
performance was to the NCCR with edges, then to NCCOE with Grayscale. That is because edges are stable features in
the images, at the same time subtraction of the image average enhanced the matching results in NCCOE with Grayscale.
Using binary images in onboard computer with small capability might be a necessary option, but that is not our case.
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There has been a lot of experiments and research that went into swarm of drones in the recent years. Most of
these research works focus the swarm pattern formation and communication aspects. Majority of these works try to
improve the coverage aspects and latency of communication, however; the decentralization aspect of the swarm
network is little in consideration. A peer-to-peer flying ad-hoc network might be a good solution to implement a
decentralized swarm but it is not sufficient by itself. Besides the physical layer of the network, there must be such a
mechanism or approach which ensures the preservation, validity, immutability, and integrity of data collected or ever
emitted by drones in the swarm. Since, a decentralized swarm network is not leader-based network, it needs some kind
of algorithm or mechanism for all the participants in the network to reach a consensus or agree to some action. This is
where a shared data structure can be introduced in the application layer. This data structure must have the same data
content among all the participants of the swarm, in other words, every change to the state of this data structure is being
updated in all participants of the network based on a consensus mechanism. Two such well-known data structures are
blockchain and hash-graph. Even though they are fundamentally a data structure, but with time they have become
virtual computers with the introduction of immutable smart contracts.

Blockchain in its very basic form is a distributed ledger (DLT). In programming sense, it is a singly linked list
which is a series of customised data types or objects [1]. Each object is a complex combination of primitive data types
such as integer, string or floating types. Each object exists at some memory location in the address space and these
objects are linked together in series via their memory location. A reference to the memory location of the next object is
stored in the previous one. The first object is the root object. Similarly, blockchain is a series or chain of blocks of
information. All the blocks have information in them in the form of transactions. These transactions are hashed together
to get a single hash value. This hash value is equivalent to the pointer or memory location in a linked list. When a new
block is added to the chain, it stores this hash value of the previous block in itself. The hashing is not random but done
based on a Merkle Tree. All the transactions are the leaf nodes and the hash value which is stored in the next block as a
reference to the previous one is the root hash of the Merkle Tree. This hash is powerful because if any single bit of
information in a block change or is maliciously being changed, the whole hash calculated for that block changes. If
previous block’s hash is changes, the next block which had stored its hash already will be invalid. This creates
immutability of information.

There are a lot of blockchains being developed and are still in development. Bitcoin [2], Ethereum [3], Solana
[4], Avalanche, Cosmos, Polkadot and more. These blockchains all have some kind of consensus mechanism such as
Proof-of-Work, Proof-of-Stake, or Proof-of-History. The purpose of this consensus mechanism is to let the network
decide which participant of the network gets to update the shared databased (blockchain). Each participant requires
some form of account with private and public key, and this shared database is stored by every participant as a copy.
Proof-of-Work requires that whoever from among the participants is able to solve a hash matching problem will get to
update the database. This required powerful hardware, thus, the more the hashing of your hardware, the more the
chances to be able to update the ledger. This became unfair and a threat to the global warming of our planet. That is
why new chains and the old ones have adopted Proof-of-Stake. In this consensus, the more an address stakes some form
of tokens or money, the more it will have chances to update the ledger. The updating of the blockchain comes with
incentives in the form of native tokens of that chain.

Hash-graph was invented by the Mathematician Leemon Baird and Hedera Hash-graph is the only
implementation of this technology [5]. Unlike all other blockchains, this technology is patented and the team behind is
trying to follow all the U.S. Securities and Exchange Commission (SEC) regulations to make it an industry standard.
This is the next level of blockchain as it introduces blazing fast transaction speed and virtual voting. Structure-wise it is
a little bit similar to blockchain but it works in an amazing way. Each participant in the network stores a copy of the
ledger. As time passes, each participant shares what ever it knows (the state of the ledger) with random other
participants. Those participants which received this information create an event. This event includes hash of the event
which it received from other participants and the hash of the event of its own previous event. This is continued
throughout the network. This is the standard Gossip protocol. But not only that, in the Hash-graph consensus, Gossips
about Gossip are being propagated throughout the network. This results in an exponential spread of information
throughout the network. Unlike blockchains where you have a block creation time, in Hash-graph consensus [6], there
is no need of block formation time or artificial delay between blocks. As for governance of the network, voting is
required. But, since every other participant knows what every other participant has stored because of Gossip protocol,
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the voting occurs virtually. There is no need for transactions for voting because every participant can predict what every
other participant is going to vote for. The comparison between a blockchain and hash-graph is shown in fig.1.

fig. 1 — Blockchain and Hash-graph structure. Blockchain on the left flowing from bottom to top in time with some
forks. Hash-graph on the right flowing from bottom to top in time. Each vertical line is the time line of a participant.

And lastly, smart contracts have revolutionized DLTs. These are small pieces of programmes or code which
exist on the blockchain or the hash-graph. With the introduction of smart contracts in the Ethereum blockchain, a
dynamic and interactable DLTs were now being developed. The smart contract itself does nothing but only exists on the
chain or hash-graph. It is only when an external account interacts with the smart contract, the smart contract becomes
active. Based on the input provided, the smart contract changes the state of the DLT. For example, a smart contract may
be programmed which holds funds for donations. The donation will only be finalised if a certain goal is reached. But if
it is not reached, this smart contract will send the money back. Thus, there is no central authority controlling the transfer
of funds back to the donators. This kind of smart contract is called an escrow contract. The design of smart contract
comes down to the need and limitations of the blockchain. For example, in Ethereum the transaction cost (gas fee) must
be kept in mind when writing down a smart contract. Too heavy content in a function of a smart contract will cost more
gas fees. There have been solutions for this using Roll Ups and Side Chains but these are beyond the scope of this
thesis.

By combining a DLT with a swarm of drones, many research problems being faced now in this domain can be
overcome. For example, with the introduction of a very simple DLT in a swarm can help to provide a true and unaltered
history of any collision [7]. Collision provenance becomes problematic when many swarms are operating in the airspace
from many manufacturers. Since, a swarm without a DLT can not be trusted because a manufacturer might alter
collision data to avoid any blame or charges or even falsely accuse. A DLT being used by these swarms will create a
trust-less system where collision data can not be altered and there is no central authority. Chains like Ethereum have
block time, and for Ethereum it is on average 12 seconds. Other chains have other timing of blocks. While integrating a
blockchain or a hash-graph with a swarm of drones may sound easy but the main challenge lies in choosing a very good
chain for integration. All chains have different properties and different consensus algorithms, which in our case the
chain with the fastest block time would be ideal. The fast the block time means, the faster is the finality of data and
readiness for use. Distributed Ledger Technology research related to swarm of drones is quite new field and challenging
area. It is still being researched and continually integrated [8].
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In this paper, we present a MATLAB algorithm®® to use the AlexNet™ Convolutional Neural Network
available in the MATLAB Deep Learning Toolbox Library to train it further so it can be used to recognize and classify
images as per our given training set. For this paper, we have used a training dataset involving digital artworks of various
fictional characters and used this to further identify inputs regarding a specific character. Different art styles and
perspectives have been used in the training set™ allowing for a considerable amount of versatility in recognising a
specific character. The Convolutional Neural Network is thus trained using our given data set and then fed an input
image completely distinct from the ones in the training set and once the accuracy of the neural network is determined,
the input is further classified as per the dataset provided to identify the fictional character input into the image.

The dataset for this experiment was obtained from the Google Image Search! application programming
interface and initially, a random set of 100 images have been obtained of a specific character. This larger dataset has
been further curated into 50 unique and distinct images for each character so as to provide as much versatility as
possible to the neural network with a smaller dataset size. The resulting dataset is thus a database of roughly 200 images
of varying resolution, quality, art styles, and perspectives for each character. Thus, 50 images have been curated for
each of a total of 4 characters. The dataset is then loaded into MATLAB using an ImageDatastore object. To make sure
that all the categories of the datasets have an equal number of images in them, the minimum label count of the
ImageDatastore object is obtained using the countEachLabel() function and the min() function. After this value is
calculated, the datasets are further randomized again by selecting this minimum number of images at random from the
existing ImageDatastore object and overwriting the same with the new dataset. The AlexNet convolutional neural
network can be simply loaded into the MATLAB framework by using the alexnet function which returns an AlexNet
network trained on the ImageNet dataset

The AlexNet network takes an input image of size 227px x 227px in a 3-dimensional colour space. The input
dataset thus has to have images with the same specifications as well. Firstly, the entire data set is split into a training
data set and a test data set. For this, the ImageDatastore object is split using the splitEachLabel() command in a 1:1
ratio, i.e., 50% dataset for training and 50% for testing, with each image being sorted into the two sets by being picked
at random. Secondly, the input image specifications for the AlexNet Network are calculated using the layers.InputSize
function of the MATLAB toolbox. This function returns the input data size as a 1 x 3 matrix which is stored into a
variable for further processing. Lastly, after the input size has been calculated, the dataset is then processed into the
required parameters using the augmentedimageDatastore() function which allows us to transform a batch of images into
specific parameters as per our need. The input dataset images are thus transformed into the required input size and into
the right colour space. A rough idea of how the weights vary from layer to layer can be visualized by using the
mat2gray() command in concatenation with the Layers.Weights sub-command[, the result of which can be seen in
figure 1.

First Convoiutional Lay e Vieight

fig. 1 — Grayscale Visualization of the First Convolutional Layer Weights
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The neural network is then activated using the activations() command for the training features first. A batch
size of 32 is used for optimal system stability and the penultimate layer of the AlexNet network, i.e., the fc8, layer is
used for excitation as it is the layer with the most optimal trained weights. The labels of the resulting data obtained after
the neural network excitation are then fed into a classifier model using the fitcecoc() command to generate a classifier
that will further distinguish any input data into the classified datasets. After this, the test data is fed into the network
once again using the activations() command and now, the predicted labels of the tested data set are now obtained using
the predict() function in tandem with the classifier model formulated in the previous step. After the neural network has
been trained and tested by the input datasets, we can formulate the accuracy of the network by generating a confusion
matrix of the tested data and the predicted data. This matrix is then further rationalized by dividing each element by the
row-wise sum of each element to obtain the mean accuracy of the overall network. These operations are implemented
using a conjunction of the confusionmat() function, to initially obtain the confusion matrix with the tested and predicted
data, and the bsxfun() and mean() functions to calculate the mean accuracy of the confusion matrix. Any random input
image can further be tested for classification by loading it into a MATLAB workspace using the imread() function. The
image first needs to be pre-processed to be in accordance with the input criteria of the AlexNet framework. The output
of the neural net for this input image can be obtained using the activations() command and the predicted classification
can be obtained by using this data in the predict() function. The output label thus obtained after this will be the result of
our neural network’s classification.

The AlexNet Convolutional Neural Network™ was one of the first Deep Convolutional Networks ever
designed and while there have been other neural networks that have been developed over its backbone, it is still a viable
option for any neural network application algorithms and while it may not boast as much accuracy as ResNet-152,
VGGNet, or Inception, its simpler architecture allows us to understand its operations much more easily and it can be
used at a lower computational cost. The inputst fed into the trained network as part of this experiment had an accuracy
ranging from 67.16% to 74.51% and while that may not seem like much, it is an acceptable value for the computational
cost it incurs. Furthermore, this accuracy can certainly be increased a lot more by training it on a larger data set. 50
images were optimal for this scale but with access to bigger data sizes, the accuracy of this algorithm will certainly
increase considerably. Furthermore, this project can also be linked to the work in the paper “Non-GNSS Navigation
Systems in Aerial Vehicles (Multi-Rotors)”™™ where this algorithm can be used as an assisted visual recognition training
method to train an aerial vehicle to follow a specific route using its visual systems.
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Inertial navigation has the advantage of being self-contained, thus it doesn't depend on an outer source to do the
navigation, but the inaccuracies especially in commercial/tactical grade Micro-Electro-Mechanical Systems “MEMS”
IMUs make the solution useless after just a short time, making it a necessity to use other navigation sources such as
Global Navigation Satellite System “GNSS” receivers.

Inertial navigation algorithm for strapdown IMUs will start with known initial conditions namely attitude,
velocities, and position, and then will integrate the gyroscope's output from the IMU to use the newly calculated attitude
to calculate velocities and position updates by integrating the projected accelerations once and twice respectively. These
successive integrations will also integrate the inherited error in the sensor's output. We have two kinds of errors, static
and stochastic. Usually, the static error could be removed through calibration and thus can be alleviated, the stochastic
error though is harder to deal with and needs to be modeled.

GNSS navigation on the other hand doesn’t suffer from drift error over time, making it a viable option for
navigation nowadays, but the GNSS receiver requires line of sight to the satellites to operate normally, i.e. we can’t use
GNSS navigation in tunnels or underwater, and using it in canyons and urban areas is kind of a hard task, not to
mention the possible danger of deliberate jamming and/or spoofing on the GNSS signals, it worth mentioning that
jamming could be easily achieved by using commercial off the shelf Kits.

The best option is to do sensor fusion for both the inertial sensors and the GNSS receiver, by this we will have a
remedy for the fast-drifting inertial solution, also the inertial solution will be a navigation backup when GNSS outage
happens.

Earlier designs used two separate navigation solutions, one from the INS and the other is from the GNSS
receiver, the GNSS “GPS solution by that time” used to reset the INS error on predefined periods, this was an
uncoupled system and it didn’t do any real integration[1], then came the loosely coupled integration, at first it was an
open-loop implementation which will subtract estimated errors from the nominal trajectory “INS solution” but will not
feed that information back into the INS[2]. Later on, a better loop design was suggested, a design that will estimate the
gyroscope and accelerometer biases for example in addition to giving a better estimate about the position, velocity, and
attitude[3].

GNSS Receiver

Corrections

Optimal Estimator

Integrated Navigation Solution

»
>

fig. 1 — A closed-loop integrated INS/GNSS system

Kalman filter is an optimal estimator for linear systems [4]. The problem with MEMS INS systems is that the
error drifts make the system highly nonlinear, which makes the use of the traditional Kalman filter invalid[4], since the
true system model is not linear, in Extended Kalman Filter we replace the system matrix F and the measurement matrix
H by nonlinear functions of the state vector. A closed-loop implementation of the INS/GNSS system integration scheme
is shown in Fig.1. where corrections from the optimal estimator help minimize the intrinsic error in the IMU sensors
readings.

A 15 state EKF has been developed, to integrate the output of the INS “3 orthogonal gyroscopes, 3 orthogonal
accelerometers” with the output of a GNSS receiver, the EKF has been developed in Python, for easier integration in
drones, and unmanned ground vehicles. The performance penalty has been reduced by using Numba, an open-source
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JIT compiler that translates a subset of Python and NumPy into fast machine code using LLVM, thus we were able with
a small modification to the code to get faster performance in some cases, for example, a conversion from quaternion
representation to direct cosine matrix DCM representation will take around 10.25 microsecond, and two matrices
multiplication will take around 3.1 microseconds on an eighth-generation Intel CPU Core i7-8250U, those numbers
turned to be around 2.35 microseconds and 2.83 microseconds respectively for the aforementioned operations. Future
work will focus more on transferring the whole math operations to an in-house specially designed navigation co-
processor.

Experimental Results and Discussion

Data collected in Tomsk city has been used to test the EKF during development, later on, for comparison
purposes, we used the KITTI dataset since it contains a very accurate ground truth[5] to test the accuracy of our
developed algorithm. The red line in Fig.2. is the pure inertial solution, while the purple one is the ground truth, the
green one is our EKF output, it is worth noting that in this test we have defaulted to use GNSS data at 1 Hz unlike the
what the original dataset has. The IMU in action is an OXTS RT 3003, the gyroscope specifications of this IMU are
bias 0.01°/s, scale factor 0.1%, and range 100°/s.

fig. 2 — The inertial solution by our EKF, the pure inertial algorithm, and the ground truth
Conclusion

Using a combination of navigation sensors and sources helps alleviate the problems caused by inaccuracies or
unavailability of some sensors. EKF is an estimator used in nearly every commercially available INS/GNSS integrated
navigation systems, such as the offerings from XSENS, OXTS, and VectorNav.
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1. Introduction

In some situations, to ensure privacy, it is necessary to obscure or obscure the part of the image that contains
certain objects (such as logos, faces, part of equipment, other dangerous images or offensive images) but still ensure the
main content of the video. This paper presents how to implement that requirement for the problem that needs to be pre-
trained with specific objects and the problem to apply the pre-trained model. Illustrating with situations where people's
faces are obscured in the video.

To detect objects (in nature) appearing in video, many neural network models have been developed such as SSD
[1], YOLO [2]. For the face detection problem, the neural networks Harr-cascade [3], MTCNN [4]. This problem is
classified into two methods: Method Ne 1: Applying pre-trained model to detect objects; Method Ne 2: Training to
create models for user-specific problems.

2. Methods

With method Ne 1, the algorithm is conducted as follows: Step 1: Reading the video file frame by frame. Step 2:
Applying the pre-trained model to detect and localize the small frame that contains the object. Step 3: Blurring the small
frame. Step 4: Updating small frame into large frame and show like video.

To blur the part of the image in the small frame that contains the object, Gaussian Blur [5] or pixelate algorithms
[6] can be applied to create a effects like part (a) and part (b) in the following figure 1.

fig. 1 — The results of the implementation of the small-frame blur algorithm containing the detected object

With method Ne 2, the algorithm is conducted in the following steps: Step 1: Collecting image data for training.
Step 2: Adjusting the neural network model to train individual classes of objects. The remaining steps are performed as
in method 1, but the used model is the one that you trained yourself earlier. See also [7, 8].

Illustrating with the problem of recognizing and blurring the image area where the face appears, the results are
obtained according to figure 2, the small frame border containing the face is removed to make the image more natural,
the label is mark to identify object.
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fig. 2 — Results of the implementation of the small-frame blur algorithm that contains the recognized object
3. Evaluation of results and conclusions

Method Ne 1 is applied to blur the small frame that contains common objects. Method Ne 2 applies to identify
specific objects according to user requirements such as blurring logos, blurring faces or blurring. Neural network
models are applied for good performance, suitable for videos with a playback rate of 30 fps, image resolution of
800x600 pixels. If there are few subjects, it can be applied with standard images Full HD 1920x1080 pixels. Accuracy
depends a lot on whether the training image data is good enough or not (average accuracy results from 65% - 85%).

Method Ne 1 is applied to blur the small frame that contains common objects. Method Ne 2 is applied to identify
separate objects, specifically at the request of the user, such as blurring logos, blurring faces or partially blurring
technical equipment, offensive or violent images... to ensure privacy and security when presenting videos.
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Modern science allows analyzing the internal microstructure of objects by means of various methods. The method of X-
ray microtomography is considered to be one of the best ways of nondestructive imaging. X-ray microtomography
allows visualization of the internal structure of nontransparent objects in three dimensions (3D) with high spatial
resolution. There is a need to examine the internal structure of nontransparent objects, especially biological ones, in the
visible range of the electromagnetic radiation with micron resolution. The development of X-ray microscopy methods
has allowed looking inside nontransparent objects with resolution that exceeds the capabilities of optical microscopy.
Today, computer microtomography is a primary method of 3D visualization of the internal microstructure of organic
and inorganic objects using X-rays. The method is similar to medical imaging, but it has significantly higher spatial
resolution. Scanning visualizes the entire internal 3D structure of the object and completely preserves the sample for
other studies [1-3].

Methods of digital X-ray imaging allow carrying out studies of both organic and inorganic objects and
materials, identifying statistical features of composition and structure of the samples [4-7].

The work process is as follows: the X-Ray unit irradiates the object that is placed on the controlled operating
area. Penetrating the object, X-rays are received by the detector element unit, which provides element-by-element
recognition the full frame image of the internal structure of the object.

Let us consider a kinematic scheme of the intelligent 3D X-ray microtomographic scanner (XRMTS). Figure 1
shows the kinematic diagram of the device. During the survey, the sample rotates by 180 or 360 degrees with a fixed
pitch. A shadow (transmission) image of the sample is fixed for each micro-rotation. The system saves all these
projections as 16-bit tiff files. After scanning, the data array represents a set of normal transmission X-ray images. The
number of files in the array depends on the step size and the value of the selected total rotation angle. For example, for a
180 ° rotation angle with 0.9 ° step, the data array will contain 200 images and a small number used to transform images
to compensate for the correctness of the X-ray beam.

Completion of the sample shooting is followed by reconstruction of its image. The obtained 16-bit shadow tiff
images are used to reconstruct virtual sections of the object. Further, using the reconstruction algorithm, a preliminary
array of sections is generated. These data are not yet images; it is a matrix containing the absorption values in the
section under reconstruction.
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fig. 1 — Kinematic diagram of the device
The size of the matrix is similar to the number of pixels inside the section or the line of the CCD matrix (n is a
number of pixels in the line of the shadow image or the CCD matrix). Now we can save the reconstructed section as a
floating-point matrix containing attenuation values after reconstruction [2].
Completion of formation of the preliminary array of sections is followed by creation of a 3D image of the
sample.
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In the general form, the operating scheme of the XRMTS algorithm can be written as follows:

A A A L A A A
Stat -1 >E—->M—>H—>D—>T—IS—A— Disp—End
l1,2,3 l1-6

Let us explain the meaning of the operators introduced.

1. The operator Start means start of the XRMTS operation: the nodes and units of the XRMTS are prepared for
operation (resetting, clearing the memory, etc.), and instruction is given to the synchronizer that determines the
sequence of operations.

2. The operator | means installation of a sample (the object of investigation) in the working area (the surface of
the table). This operation is preceded by preparation of a sample (assurance of the sample size).

3. The operator E includes an electromechanic system and a monitoring system for the operation parameters by
displaying on the monitor the metrological support unit.

4. Operator M includes a metrological provision unit, including a color television control system, as well as the
XRMTS security system. Here, fulfillment of the condition q is required: the object of investigation does not exceed the
required dimensions and physical characteristics (for example, hardness, because external vibrations do not affect the
measurement), otherwise, control functions pass to one of the operators Start, I, E.

5. Operator H includes a high-voltage power supply and a system for monitoring stability of its operation by
means of displaying it on the screen of the metrological provision unit.

6. Operator D includes a detector that perceives the x-ray signal passing through the object of investigation. The
detector converts the X-ray signal into an analog electrical, and then into a digital one. Here, the power supply and
cooling units of the detector are turned on.

7. The operator T generates test signals for testing all modules (electronic, mechatronic and software), evaluates
their state and gives an enabling signal in case of compliance of the XRMTS with the technical requirements.

8. The operator IS forms an array of two-dimensional images of the object under investigation when it is moved
and rotated in the working area; (i.e. the operator provides image sensing when scanning the object of investigation).
Here, fulfillment of the condition p is required: the power of X-ray radiation is sufficient for conducting measurements,
all XRMTS modules function correctly, otherwise, the control functions pass to one of the operators Start, I, E, M, H,

D.

9. Operator A analyzes a three-dimensional image and performs the following operations:

a) restores the 3D image of the internal structure of the material,

b) processes the image (filters, poses);

c) analyzes discontinuities (defects) of the material;

d) represents a color three-dimensional image (colors discontinuities).

10. Operator Disp displays and transmits the received information.

11. Operator End indicates the end of the XRMTS operation.
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Abstract - There is an urgent need to develop robots capable of detecting chemical and radioactive
contamination in different environments. In this report we concentrate on developing a robot vision system. We present
the steps of our proposed method to create a new synthetic dataset of objects represented using 3D point clouds. The
created dataset is called “Real-Like (RL) PointClouds”. We compare the created dataset with other datasets that are
used for the classification of 3D objects.

We aim to develop a robot capable of terrestrial-aerial movement in various environments. The robot is supposed
to be able to work in all weather conditions and around the clock in order to detect and mark dangerous areas with
chemical and radioactive contamination [1]. We focus on developing a vision system for the robot so that it can perform
many tasks, such as 3D maps construction, scene segmentation, objects recognition, obstacles detection and avoidance.
This enables the robot to move freely and safely within the environment [2-3]. In this report, we present the steps of our
proposed method to create a new synthetic dataset of 3D objects represented using point clouds. A point cloud is a 3D
representation of objects, it is a set of points that are captured from the surface of an object using a 3D camera or a laser
scanner. Each point carries information about its coordinates in 3D space and its color. Many publicly available datasets
were created to analyze newly developed methods and algorithms. However, some of these datasets generally suffer
from some drawbacks such as the small number of samples, the small number of classes, the imbalance of the number
of samples per class, and the large size needed for their storage. Our created dataset is characterized by: 1) Large
number of samples per class (in the current version there are 40 classes and 5000 samples per class). 2) The classes are
balanced. 3) The point clouds are incomplete in a similar way to the real-world data. Their shapes depend on the
relative location of a virtual 3D camera with respect to the object. 4) The dataset is very flexible as it can be used in
different scenarios of training and testing classifiers. 5) Small size needed for storage on the hard disk.

The report is organized as follows: In Section 2 we present the steps of creating our synthetic dataset. We present
the results and comparison in Section 3. Finally, we conclude in Section 4.

Steps of creating our synthetic dataset

The basic idea is to create 3D synthetic shapes (models) that represent real objects. Then we suppose that there is
a camera located somewhere around the object capturing 3D images of it. We simulate the capturing process as we
remove from the shapes all the occluded points that are not seen from the camera’s view point. The detailed steps are the
following: 1) Create different models for each class: many models are first created for each class, where each model
is represented as a mesh consisting of a set of vertices and a set of faces as shown in Figure 1 (a-b). 2) Move the
camera around objects: different locations of a virtual 3D camera are chosen in the space around objects, where each
location is determined by elevation angle, azimuth angle and radius. 3) Resample all elementary surfaces randomly:
all surfaces are resampled, where a number of points are selected at random locations inside each surface proportionally
to its area. The result of this step with the virtual camera are shown in Figure 1 (c). 4) Delete occluded points and
surfaces: for each location of the camera, the occluded points are found, then they are removed. We tested two methods
to find occluded points. In the first method we draw a line between each point of the cloud and the camera center, then
we look for an intersection between the drawn line and the surface of the object. The second method is much faster but
less accurate, where the point cloud is first converted to an occupancy grid, then the occluded cells are found using the
aforementioned principle instead of finding individual occluded points. The full occupancy grid and the resulted one
after deleting occluded cells are shown in Figure 1 (d and e, respectively). Points belonging to non-occluded cells are
kept to form the output point cloud as shown in Figure 1 (f).

Results and comparison

In order to generate the current version of our dataset, we chose 5 models for each one of the 40 classes from
ModelNet40 dataset [4]. We chose also 100 different locations of the camera in the 3D space around each object. At
each location we generated 50 samples per class. Thus, the total number of samples in the dataset is 200000. We show
in Figure 2 some samples of the created dataset. In [5] a good comparison was made between a number of datasets used
to classify 3D objects, we show them in Table 1. We add two columns, the first on is the size of dataset (in MB), and
the second is the average number of samples per 1 MB. We notice that our dataset has a small size compared to other
datasets that have a close number of samples. Or on the other hand, it has a large number of samples compared to other
datasets that have a close size needed for storage.

Conclusion

In this report, we presented the steps we proposed to create a synthetic dataset of objects represented using 3D
point clouds. The specifications of the resulting dataset is competitive to the publicly available datasets, as it has a large
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number of classes, a large number of samples per class, and small size needed for storage. In addition, the resulting
point clouds have shapes similar to the real-world data.

cart

=

©) © G
fig. 1 — Steps of creating the synthetic dataset: (a) a model, (b) the model represented as a mesh, (c) result of random
resampling, (d) full occupancy grid, (e) occupancy grid after deleting occluded cells, (f) the output point cloud.
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fig. 2 — Different models of some classes of the created dataset.

Table 1. Comparison between our created dataset and other datasets.

Dataset name #Samples = #Classes Type Representation = Size (MB) = #Samples/IMB
McGill Benchmark [6] 456 19 Synthetic Mesh 294 1.55
Sydney Urban Objects [7] 588 14 Real-World Point Clouds 268 2.19
ModelNet10 [4] 4899 10 Synthetic Mesh 2170 2.26
ModelNet40 [4] 12311 40 Synthetic Mesh 9100 1.35
ShapeNet 51190 55 Synthetic Mesh -
ScanNet 12283 17 Real-World RGB-D -
ScanObjectNN 2902 15 Real-World Point Clouds -
RL-PointClouds (v1) 10000 10 Synthetic Point Clouds 193 51.81
RL-PointClouds (v2) 200000 40 Synthetic Point Clouds 6940 28.82
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Autonomous navigation outside the relatively pre-defined bounds of testing grounds and city streets presents a
whole slew of new, yet unsolved, challenges. Stereoscopic computer vision systems dominate the field, but there are a
number of different approaches that tend to perform better than mos. Here, these approaches, their techniques and
methods will be discussed.

Place for keywords: obstacle, detection, computer vision, off road.

Autonomous navigation in cross-country environments presents many new challenges with respect to more
traditional, urban environments. The lack of highly structured components in the scene complicates the design of even
basic functionalities such as obstacle detection. In addition to the geometric description of the scene, terrain typing is
also an important component of the perceptual system. Recognizing the different classes of terrain and obstacles enables
the path planner to choose the most efficient route toward the desired goal [1].

Many of the approaches to solve this problem utilize stereoscopic vision also, in this case, the solution also
implicates the vehicles movements itself. Due to the fact that the vehicle is traveling off-road, there will inevitably be
shaking and distortions within the frame of the video stream. This approach relies on these distortions. By combining
the data that is gathered while the angle of the camera is being actively changed with the data that is coming from the
stereo camera directly, it manages to identify vertical obstacles with extreme precision, as demonstrated in (Figure 1)

[2].

|

Original right image Disparity space image Obstacle image Color coding
fig. 1 — The 3 stages of identifying vertical obstacles using the approach above.

Just as for any autonomous navigating, the problem of navigating at night is also present, but also much more
challenging to solve off-road. Most difficult of them all to detect are negative obstacles (ditches, holes, wadis, and other
depressions). The profile that such type of obstacles presents to the camera is miniscule and by the time algorithms
manage to take notice of it, it might be too late for the vehicle to stop, or the vehicle might get stuck inside the obstacle
due to partially moving into it. In order to keep up any sort of high speed of (30-50 kph) a drastically different approach
was chosen: analyzing the surface temperature of such obstacles using an infrared camera [3]. An interesting side-effect
of such terrain formations, is that they present a noticeable temperature shift due to the shade they cast inside of them,
or, in case of cliffs, the lack of terrain temperature data at all. By utilizing this effect, it is possible to supplement
computer vision systems with another data stream that provides enough leverage to provide reliable obstacle avoidance
results.
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Abstract - An essential function of the robot's vision system is the ability to recognize objects in the surrounding
environment. In this report, we address the issue of classifying 3D objects represented by point clouds. We provide the
results of training and testing many classifiers, some of them are based on deep learning such as VoxNet, PointNet, and
3DmFV, and the others are classical such as SVM. We evaluate the performance of the different classifiers using our
synthetic dataset to show their pros and cons.

We are developing a robot capable of terrestrial-aerial movement in order to detect chemical and radioactive
contamination in different environments [1]. It is necessary to equip the robot with a powerful vision system capable of
receiving, processing and interpreting 3D data, so that it can move safely in the environment, detect and avoid
obstacles, and recognize objects [2-3]. In this report, we tackle the problem of classifying 3D objects represented by
point clouds. We train and test some deep learning classifiers, in addition to some other classical ones, i.e. classifiers
that are based on the calculation of predefined features.

Deep learning refers to a class of machine learning algorithms, mainly based on artificial neural networks
(ANN), in which a network has many layers in order to gradually extract high-level features from one layer to the next
based on input data. In the classical method of object recognition, a set of predefined features are calculated. These
features are determined by the designer based on his knowledge of the data and its properties. The best features are then
selected to form the input of a classifier such as support vector machine (SVM), ANNSs, etc. And thus, deep learning
differs from the classical method in that both the features and the classifier are trained jointly, meaning that the designer
of a deep learning classifier does not have to specify what features should be computed to recognize objects. Deep
learning is applied in many applications, including computer vision, speech recognition, natural language processing,
medical image analysis, and others [4].

Deep learning classification methods that use 3D point clouds can be divided into [5]: 1) Multi-view based
methods in which point clouds are projected onto a number of 2D planes, then features are extracted from each of them
and combined together for classification. 2) Volumetric-based methods where point clouds are converted to another
volumetric representation before being fed into the network. VoxNet and 3DmFV are examples of this type. 3) Point-
based methods that deal with point clouds directly without converting or projecting them, such as PointNet.

Results and comparison

We trained and tested five classifiers, two of which are based on predefined features (classical), which are SVM
with Gaussian kernel and SVM with polynomial kernel, and the others are based on deep learning, they are VoxNet,
PointNet, and 3DmFV. To train the classifiers we used our Synthetic dataset that we present in our report “RL-
PointClouds — a new synthetic dataset to classify 3D objects”. We used a subset of the dataset to train all the classifiers,
this means that they all were trained using the same data. The dataset samples can be divided into several separated
subsets depending on the elevation angle of the camera. We used elevation angles {-50, 20, 20, 50} (in degrees) to train
classifiers, and angles {-80, 60, 30, 0, 30, 60, 80} to test them. For each class we used three models out of the five
available in the dataset for training and testing. To train the classical classifiers, we computed a set of four features
related to the geometry of the point clouds in the dataset. The results of testing the classifiers are shown in Table 1,
where each value expresses classification accuracy as a percentage. Figure 1 shows an example of how the shape of a
point cloud of the same object can differ with different elevation angles of the camera.

el = 60 deg

el =30 deg

fig. 1 — Point clouds of the same object but different elevation angles of the camera. Top: point clouds as seen from the
camera's view point, Down: the same point clouds, but from a fixed view point.
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From Table 1 we can see that: 1) The dataset we created enabled us to evaluate the performance of the classifiers
at different elevation angles, and it is clear that the performance is highly related to this angle. 2) The performance of
deep learning classifiers is not always better than that of classical classifiers, but some deep learning classifiers can give
excellent performance if they are sufficiently trained. The performance of classical classifiers is generally good and in
some cases better than that of deep learning classifiers even though we used only four features. 3) The performance at
elevation angle 0 is generally worse than that at adjacent angles. This phenomenon can be attributed to the loss of a
large part of the point clouds at this angle as shown in Figure 1.

Table 1. Accuracy of the different classifiers for different elevation angles of the camera.
Elevation angle (deg)

Classifier -80 -60 -30 0 30 60 80
SVM (polynomial) 705 748 862 848 887 829 785
SVM (Gaussian) 748 772 869 858 882 818 765
VoxNet [6] 568 706 750 = 548 739 724 595
PointNet [7] 748 784 871 693 900 796 735
3DmMFV [8] 8667 916 961 = 834 982 960  87.3

Consequently, classical classifiers are still a good choice for some applications, as the accuracy shown in Table 1
can be further improved by searching for other features and selecting the best of them. It is also worth noting that
training deep learning classifiers takes a very long time compared to that needed to train classical classifiers, it also
requires high computational capabilities.

Now, we test the trained classifiers using the remaining two models for each class that have never been used
during the training process (for each class in the dataset there are 5 different models, only 3 of them are used for
training). The purpose of this test is to demonstrate the classifiers' ability to recognize new models of the same class.
The results are shown in Table 2, where we notice that the performance of all classifiers is poor, because they have not
been trained on such models. However, we note that classifiers gave different accuracies, and this reflects their different
generalization capabilities. Although the models for one class are different from each other, they have common similar
features, and some classifiers were able to detect this similarity better than others. However, the results shown in Table
2 present a real challenge to us, because classes in the real world may contain a huge number of models. For example,
one can think of the different models of the class “car”. So, it is essential to think about how to improve the
classification performance for new models that are not included during the training process.

Table 2. Accuracy of the classifiers for new models that were not included during training.
Classifier SVM (polynomial) SVM (Gaussian) VoxNet = PointNet = 3DmFV
Accuracy (%) 38.8 37.1 26.9 39.4 52.4

Conclusion

In this report, we presented the results of testing different types of deep learning and classical classifiers using
the synthetic dataset we created. The results show the ability of our synthetic dataset to evaluate the performance of the
different classifiers. We found that some deep learning classifiers can give excellent performance, while others are just
as good or worse than classical classifiers. Because of the low complexity of classical classifiers, they may be a
preferable choice in some applications that require fast training and classification with acceptable performance, while in
applications where classification accuracy is paramount and the required computational capabilities are available, deep
learning classifiers are the best choice. In our future work, we will try to answer the questions that arose based on the
results of this report, such as: is it better to train classifiers using full point clouds or those similar to real-world data? to
what extent should the number of models used in training be increased for each class so that classifiers perform well for
new models?
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Abstract - Point clouds are one of the best ways to represent 3D data. In this report, we provide the necessary
steps to construct a 3D point cloud from a pair of 2D images captured using a calibrated stereo camera. The resulting
point clouds then can be used to perform many functions such as 3D scene reconstruction, scene segmentation, objects
recognition and obstacles detection. In addition, we provide a brief introduction to camera calibration and a description
of the main steps to perform it.

In our research, we are interested in developing a robot capable of terrestrial-aerial movement in various
environments with the aim of detecting chemical and radioactive contamination. We seek to provide the robot with a
powerful vision system capable of receiving, processing and interpreting 3D data, so that the robot can move safely in
the environment, identify objects in it, detect and avoid obstacles [1-3].

In this report, we address the issue of constructing a 3D point cloud from a pair of 2D images captured using a
stereo camera. However, before the camera can be used in any application, it must be calibrated in order to estimate the
various parameters that describe its geometry. So first we will give a brief introduction to camera calibration and its
different parameters, in addition to an overview of the steps that are usually followed to perform the calibration. We
then proceed to describe the necessary steps to combine the data from a pair of 2D images captured using a stereo
camera in order to obtain 3D data and construct a 3D point cloud.

Camera calibration

Before using a machine vision system in any application, its camera (or cameras) must be calibrated. Calibration
means the calculation of a set of parameters that relate the position of an object in 3D space to its projection on the
camera plane, as well as to determine the relative positions of the two cameras in stereo vision systems. Camera
calibration also allows to correct distortions in captured images caused by the lens. Using a calibrated stereo camera, we
can measure sizes of objects and reconstruct a 3D scene of the environment. That is particularly important in
applications such as robotics and navigation systems [4-6].

Camera parameters can be divided into three categories: intrinsic, extrinsic, and distortion parameters. The
extrinsic parameters describe the rotation and translation transformations that relate an object from the real-world
coordinate system to the camera coordinate system. In the case of a stereo camera, extrinsic parameters additionally
describe the position of the second camera in relation to the first one. As for the intrinsic parameters, they describe the
transfer of an object from the camera coordinate system to the image plane. These parameters include the focal length
of the camera and the optical center or the so-called principle point (the point where the optical axis intersects the image
plane). Lens distortion has two types, radial and tangential. Radial distortion is due to the fact that rays passing through
the lens near its edges are bent more than rays closer to its center. Tangential distortion is caused by the assembly
process of the camera as a whole, specifically when the camera plane is not parallel to its lens. Usually two parameters
are used to correct radial distortion, and two other parameters for the tangential distortion.

A common method of camera calibration is to capture a sufficiently large number of images using the camera of
a specific object called the calibration pattern. A checkerboard with some specifications is usually used for this purpose.
The calibration process can be summarized as follows: 1) Establish a calibration pattern: a checkerboard can be drawn
or printed on a white paper and then fixed on a board so that it can be moved easily from one place to another. It is
preferable that the checkerboard is asymmetrical, and that one of its dimensions is odd and the other is even. These
requirements make it possible to determine the orientation of the checkerboard uniquely in the captured images. 2)
Capture several images of the calibration pattern at different locations relative to the camera. The number of images that
must be taken is usually 10-20. Camera focus should be set manually on the board. The captured images are transferred
to the next stages without any preprocessing such as cropping, enhancement, compression, etc. An example of a pair of
stereo images is shown in Figure 1 (a-b). 3) Detect the pattern, find its size (number of rows and columns), and detect
its key points (inner corners). Reject all images in which the pattern is not detected correctly. 4) Estimate initial values
of the intrinsic and extrinsic parameters using closed-form solution: a simplified camera model, the pinhole model, is
adopted to find mathematical formulas that relate the real-world coordinate system to the image plane. However,
calibration using only these formulas is not sufficient to obtain high calibration accuracy due to the distortions. The
results of this step are usually used as an initial estimation of the parameters in order to speed up the search process to
find the optimal solution in the next step. 5) Refine parameters: an iterative algorithm is used to minimize the error
function between the correct locations of the key points in an image and their projections (resulting from projecting the
real key points onto the image plane using the calculated parameters). 6) Undistortion: each point is returned to its
original position by calculating the so-called distortion matrix. As a result, lens distortion such as curvatures near the
edges of an image are eliminated.
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The accuracy of calibration greatly affects the overall performance of the vision system, so it is necessary to
evaluate this accuracy, and this can be achieved in several ways: 1) Plotting the relative positions of the camera and the
calibration pattern in the used images, as shown in Figure 1 (c). 2) Calculation of reprojection error: the extrinsic and
intrinsic parameters are used to project the key points in each image onto the camera plane, then the error is calculated
between their projections and the detected coordinates, as shown in Figure 1 (d). Images with high error can be omitted
and the camera is then recalibrated to improve accuracy. 3) Calculation of parameter estimation error: calculate the
standard deviation of the estimated parameters from the different images.

Extrinsic Parameters Visualization Mean Reprojection Error per Image

i |
b j;’j],,L 0

Left image Right Image

X (mm 5
Image Pairs

(@) (b) (© (d)
fig. 1 — Calibration: (a)-(b) an example of a pair of input images, (c) visualization of extrinsic parameters, (d)

reprojection error: x-axis is image index, y-axis is the mean reprojection error (in pixels) for both left and right images

Stereo imaging

Compared with 2D data, 3D data provides a better understanding of the surrounding environment, that’s why it
is used in a large number of applications [7]. Here we will provide a high-level description of the steps to construct a 3D
point cloud from a pair of 2D images, as follows [6]: 1) Capture image pairs and correct distortion: a pair of images of
the same scene are captured simultaneously using a stereo camera. Distortion parameters are used to correct radial and
tangential distortions in the captured images. 2) Rectification: during this step, the planes of the two images are adjusted
so that they become coplanar (in the same plane), and have the same y coordinates (row-aligned), as shown in Figure 2
(a). 3) Correspondence and disparity calculation: for each point in the left image, search for a correspondent point in the
right image, then the distance between them is calculated, this distance is called disparity. As a result we get a disparity
map (Figure 2 (b)) which may contain holes (elements with nan values) in places where no correspondences were
found. 4) Calculation of the depth map and construction of the point cloud: from knowing the relative positions of the
two cameras, the distance from each point to the camera can be calculated from the disparity values using what is called
triangulation. As a result, we get a depth map. Points whose coordinates were calculated are grouped into a point cloud,
then color information is added to them from the left image, as shown in Figure 2 (c). As a simple application, we
calculated the distance from the detected checkerboard to the camera as shown in Figure 2 (d).

(b) (©) (d)
fig. 2 — Stereo imaging: (a) rectification, (b) disparity map, (c) the resulting 3D point cloud, (d) checkerboard detection
and calculation of its distance (1.57 m, see Fig. 1 (c)-pattern num. 2)

Conclusion

In this report, we provided a definition of the concept of camera calibration and presented the steps that are
usually followed to perform it. We also gave some guidelines to improve calibration accuracy. We then described the
necessary steps to construct a 3D point cloud from a pair of 2D images captured using a calibrated stereo camera. The
resulting point clouds can be used later for 3D scene reconstruction and other processing.
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Reconfigurable flight-controller design in Simulink for test-implementing inter-operability of

components and prototyping
Mainak Mondal
Michael Okunskiy
Tomsk State University
mainakme2140@gmail.com, iamleftbrain@gmail.com.

An End-to-End Scalable and reconfigurable Flight controller design is proposed using the prototyping tool Simulink for easy
implementation of new components which need to be tested for ensuring the reliability and robustness of a component.
Introduction
Most modern aerial-robotics-research laboratories work on the software as well as hardware aspect of aerial
robots/drones and most researchers must write and compile/recompile the firmware every time an update is made to the
source code. This source code project is also usually difficult to obtain, and considering new researchers or specialized
researchers, it is a time-consuming task if a researcher uses work hours to source the project and understand it.

This project aims to solve this problem by providing a visual model of the Flight Control Software(quadcopter),
where each component can be altered and replaced i.e., each block is treated a black box. This ensures that every
component of the system is interchangeable, for example, a control systems engineer can navigate into the PID
(proportional integral derivative) [1] block in the flight control system and just alter the PID constants or replace the
entire block, without worrying about other components of the Flight Control software. The new block should be
compatible with the entire system if the inputs and outputs to the block is routed correctly.

System Design

The System Design (block diagram) can be seen in fig 2, which helps in visualizing the flow of data and make changes
to the system if needed. The entire system depends on UAV Toolbox Support Package for PX4 Autopilots[2] and thus
is compatible with a huge number of open source autopilots(Flight Controllers) — namely the pixhawk flight controller
that is used to test this system.
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fig. 1 — System Design

A flight controller is a closed-loop feedback system where the user input is scaled and/or corrected and then finally
distributed using a mixer matrix, to move the actuators (motors). The quadcoptor responds appropriately while the
system state readers record the response of the vehicle and then send the values to the corrector module before sending
it to the PID block for modulating the appropriate response signal.

System Blocks
The entire system has been divided into various components or system blocks which can be easily be altered.

1. User Input Block — This block reads the data from the RC-In (SBUS) port of the pixhawk and then distributes
the signal into different channles. Input signals — Throttle, Roll, Pitch, Yaw.

2. System State Reader Block — This block contains blocks for monitering and filtering system sensor data which
determines the system state and orientation. This block published the data to a system bus. Sensors —
Accelerometers, Gyroscopes, Magnetometers, Barrometers etc.

3. System Body Block — This block conatains several sub systems, responsible for scaling the input, receiving the
sensor data from the system bus condition. This block also has the sensor fusion block as well as the PID
block.
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4. Motor Mixer Block — This block contains the motor mixer matrix, which takes in the modulated signals or
throtlle, roll, pitch and yaw from the system body block and distributes it to the motors according to the
requirements for appropriate movement in 3d space. The Motor Mixer contains a mathematical description of
this distribution to motors.

5. Outputs — This block directly send the signals it recieves to the MAIN outputs of the pixhawk. The MAIN
ports are usually connected to the Electronic Speed Controllers powering the motors.

6. Input and Output monitors — These moniters show the input and output PWM values.

The source files for simulink can be found on this[3] github page.

Conclusion
This Simulink model can be extremely versatile depending on the researcher’s requirements.

+ Motor 1 '
Matrix o .

x Motor "('
Matrix

fig. 2 — Motor Mixer Subsystem block

Most often, many factors must be considered when designing a drone control system - in addition to the choice
of the system control law, there are a huge number of implementations of unmanned aerial vehicle platforms. The
finished control system for all types of platforms, can be used with this model, as seen in figure 2. The orientation of a
quadcopter can be simply changed from the x-type factor to the + - type and even change the power of each motor using
the values of this motor mixer matrix.

In addition to platform replacement, this model can also be used to test other control laws. The PID controller
needs to be replaced with another one and the tests can be carried out, providing a reconfigurable platform for drones.
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Autonomous Driving for Self Driving Cars and Drones have draw the attention of many researchers due to its
important aspect in Military , Industrial , Commercial applications, for example now adays we can find many self
driving robots have been in implemented in ware houses to assist the workers and we can some application for some
drones to scan the QR Code for the stored items.

In order to make an Autonomous Driving or any driving functions we have to understand what is the tasks are we using
while driving.

The main driving tasks are the Lateral Control, for controlling the car steering and Longitudinal Control for control the
breaking and acceleration of the car, the Object and event detection and response (OEDR): detection, reaction and the
Planning which includes the Long term plaining for the route and Short term for obstacles avoidance along with
Miscellaneous such as Indicators to notify the other drivers that you want to turn to left or right.

In order to make the Autonomous Functions we need to let the car do all that mentioned tasks by itself, by having
controllers for the car (ex: Having a powerful computer to process all the data about the environment, obstacles, making
decision) and to have sensors to detect the objects and observe the environment.

As we mentioned earlier these driving tasks is what defines driving and if we can add automation in order to make
these functions then we have autonomous driving.

In the perspective of perception and object detection we have to differentiate between the types of perception:

Static objects such as the Road and lane markings, Curbs, Traffic lights ,Road signs, Construction signs, obstructions,
and more along with Dynamic objects suck as Vehicles like 4 wheelers (cars, trucks ..., etc.) or Two wheelers
(motorbikes, bicycles, ..., etc.)

the Environment Perception is one of important tasks in Driving in General, and in order to make such functions

we need have sensors such as LIDAR (Light Detection and Ranging), camera , RADAR (Radio Detection and
Ranging), Ultrasonic Sensors, GNSS/IMU and Wheel Odometry Sensor for measuring the speed of the car
where The Environment Perception can be divided to the below steps:

o Localization:

It’s very important to know our current location and to understand your starting point specially when you want to

move from point A to point B, you will not be able to plan your path and the best path without understanding your

where are you now.

In this stage we will be using the (GPS, IMU, Wheel Odometry) to determine our current location

Inputs

Vehicle
GPS /MU / Wheal L H
Odomety —— Localization Position

o Dynamic Object Detection
In this Stage the LIDAR , Cameras and Radar will be used to determine the Dynamic Object and predict its

motion

Inputs

I Vehicle
GPS /MU / Wheel A Position
Odametry Localization ||

. - Bounding . - Olbject - - Dhynamic Objects

LIDAR. Drynamic Object Boes Drynamic Object Tracks Object Moticn
Cameras Detection Tracking Prediction
Fadar
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o Static Object Detection:
After Knowing the object obstacles on the environment , it’s necessary to detecting Static Objects which later will
be used in building the map of the environment.

Inputs

L [ P
GPS / IMU / Whesl o Position
Odometry Localization

N Bounding i Objact i - Dynamic Objects
LIDAR. Dynamic Object Boxes Dynamic Object Tracks Object Moticn |
Camera: Detection Tracking Prediction

Radar
HD Foad

Static
Static Object Objects
Map Deetection

In the stage of Environment Mapping, the Road Map will be built and where the HD Road Map should have a detailed
mapped containing the static obstacles and the Dynamic obstacles, and all of this will be achieved through the
following steps:

o Building Occupancy Grid Map: B
In this Map environment is represented as grid cells and the static object o

will be marked when its occupied by an object

o Localization Map:

Localization Map constructed through LIDAR and Camera Data is used to improve state
estimation Combined with intern sensor to localize The vehicle position

o
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