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VYydiieHue alropuTMa yecTpaHeHus apTe(hakToB
M300pakeHUH, CkaThIX aroputmoM JPEG

Konstantin. A. Zateshilov!

Peter the Great St.Petersburg Polytechnic University
St. Petersburg, Russia
1zateshilov.konstantin@yandex.ru

Annomayua.  Cxarme  u300pakeHMH ¢ NOTEPSIMH
ofecrieynBaeT BBICOKME KOIpPHUUMEHTBI cKaTHA  IYTEM
yrasneHuss uHGopManuMu, KOTOpas He HMeeT CYLIeCTBEHHOIo
3HA4YEHUs ISl 3PUTEJILHOIO BOCHIPUATHS U300paskeHuii. OgHaxko
cKaTHe ¢ MOTepsAMH IO CBOell NMpHpoOae MOKeT MPHUBOAMTH K
MOSIBJICHHI0 HesKeJaTeJIbHBIX apTe(aKToB, 4YTO 3HAYHTEJBHO
yXyALIaeT Ka4ecTBO u3o0paxkeHuii. CxxaTHe ¢ NMOTEPSIMH TAKKe
OTPULATE/IBHO BJIHSIET HA Pa3JHYHbIe BBICOKOYPOBHEBbIe (IIOHCK
u300pakeHUii MO colep:KaHuI0, KJaccupukanus 00bLEKTOB Ha
U300paskeHUsIX) W  HHU3KOYPOBHEBbIe 3aiaud  00padoTku
U300paKeHUil, KOTOpble NMPUHUMAKOT C:KATble U300paskeHUS] B
KayecTBe BXOIHBIX NAHHBIX. B CBSI3M ¢ 3THM aKTyaJbHOM
npo0jemMoli Ha CeroaHsIIHWI JeHb siBasAerca 3pdexTnBHOE
ycrpaHenue  apredakToB  ckathda. B npamHoii paOore
paccMaTpUBAIOTC CBEPTOYHBbIC HEliPOHHbIE CeTH /IS PeLleHHus
npodsieMbl  YJIy4YIeHHs] Ka4yecTBa M300pa)keHHi, CKATbIX
AJITOPUTMOM JPEG. s aHaJIM3a Ka4eCTBEHHbIX
XapaKTEePUCTHK ceTeli peanmsyercs: cBéproynas cetb L04 ¢
nomouibio ¢peiiMopka Caffe. IIyrém BbIOOpa ONTHMAJIBLHOIO
aJrOPUTMA ONTUMU3ALUYU ISl 00y4eHHUsl ceTH ObLIM YJIy4IIeHbI
eé KaueCTBeHHbIE XapAKTEePHCTHKH.

Knrouegvie cnosa: ceépmounsie HeiipoHHble Cemu; anzopumm
cocamua JPEG; ycmpanenue apmegpakmos corcamus; hpeiimeopk
Caffe; mawunnoe ooyuenue.

I.  BBEJAEHHE

Cxatrie U300paXKEeHUI C TIOTEPSIMU 00ECTICYMBAET BHICOKHE
K03(GGUIUEHTH C©KaTusd NTYTéM yHajeHus HHPOpMAaIHH,
KOTOpasi He UMEET CYLIECTBEHHOTO 3HAUCHUS JJIs 3pUTEIHEHOr0
BocnpusiTusl  nM300pakeHuid. B Hamie Bpems, ckatue
H300paKEHUl C TOTEpSAMHU SIBISIETCST HEOOXOIUMBIM IS
KpynHbIX Kommanuii (Hanpumep, Twitter 1 VK), mockombky
SKOHOMHT MPOIYCKHYIO CIIOCOOHOCTh CETH IpH Hepenade
N300pKEHUH M MecTo Ui uX XpaHeHus. OmHAKO CxKaTHe ¢
MIOTEPSIMHU TI0 CBOEH MPHUPOE MOXKET MPUBOIUTH K ITOSBICHUIO
HEXeNaTeNbHbIX apTe(akTOB, 4YTO 3HAYUTENBHO YXYHIIIaeT
KadecTBO m300pakeHmHA. Ckathe C TOTEPSIMH Takke
OTPHLIATENIFHO BIUAET HA pPa3INYHbIe BBICOKOYPOBHEBBIE
(momck  W300paKeHUH TIO COAEPKAHMIO, KIAcCH(HUKAISI
00BEKTOB Ha W300paXKEHHSIX) W HU3KOYPOBHEBBIC 3a/1a4d
00paboTKH M300pa’keHHd, KOTOpHIE MPUHUMAIOT CXKATBIC
n300paKeHUs] B Ka4eCTBE BXOMHBIX JaHHBIX. B cBs3H ¢ 3THM
aKTyaJIbHOH TpoOIeMOd Ha CETOAHSIIHUN [eHb SIBIISIETCS
3¢ eKTHBHOE yCTpaHEHHE apTe(DaKTOB CHKATHSL

OCHOBHBIMH METOJaMH, HCIONB3YEMBIMH B HAcTOsIIEe
BpeMs Ul CKaTHi H300paXCHHH C TOTEPSAMH, SBIIIIOTCS
JPEG, WebP u JPEG XR. B 3T0it paboTe OCHOBHOE BHIMAaHHE

ynenserca Merony coxatus JPEG [17] u  ycTpaHeHuio
apredakToB,  BO3HHMKAIOIIMX NpPU  CKATUM  JaHHBIM
aJITOPUTMOM.

Juist ycrpanenus: apredakToB cxkaTHsl ObUT MIPEATIOKEH Psijl
MeToioB. K HHUM MOXHO OTHECTH METO, BBINONHSAIOUIMN
¢unpTpanuio BIOdb TpaHHll Onoka [12]; meron ycTpaHeHHs
omounbix apredaktoB ¢ momomipto JKII ¢ amanTuBHOU
dhopmoii [4], SIBIAAIOMIUICS OMHUM U3 HaHOOJIee MOMYJIPHBIX U

Ap.

[ToMyMO  BBIILIETIEPEUUCTICHHBIX METOJIOB  YCTPaHEHHUS
apTedakToB, BO3HHKAIOUIMX IPU CKATUU W300paXKEHUH, Ha
NpakTHKe B OOJBIIMHCTBE MpOrpaMM Ui [POCMOTpa
M300pKEHUI M BHUJECO NPUMEHSIOTCS MPOCThie 9 (HILTPEHIL.
Tak, ¢wunbTp spp u3 Oubmmorekn ffmpeg ycrpanser
aprdedakTbl MyTéM MOBTOPHOTO HCIONb30Banus ckatust JPEG
JUIL  CABMHYTHIX BEPCHH YyXKe CKATOro HW300paKeHus |
yCpeAHeHusl pe3ynibTaToB. Kpome ykazaHHBIX MeTOJOB 0e3
o0yueHus! JuIsi ycTpaHeHHs: apTe(akToB M300pa)KeHHs MOTYT
MPUMEHSTBCSI METOJbl MAIIMHHOIO O0y4deHHs, B 4YacTHOCTH,
CBEPTOYHBIC HEHPOHHBIE CETH. OTH METOAbl Hadald
UCIIONB30BAaTbCSl Ha MPAaKTHKE OTHOCUTEIBHO HEIAaBHO, HO
MOKa3bIBAIOT JIYUIINE PE3yNbTAThl 110 KAUYECTBY 10 CPABHEHHIO
C KJaccH4ecKuMH Mmerogamu. CBEPTOUHBIE HEHPOHHBIE CETH
YCHELIHO UCTONb3YITCS BO MHOTHX 33]a4aX BOCCTAHOBJICHUS
n300pakeHUil: B 3ajade  CyleppaspellcHus,  KoTopas
3aKIII0YaCTCd B YBEJIMYEHHUH pa3pelleHUs H300paKeHUH, a
TaKkKe B 3a7ade IIymomnozaBieHus u aAp. OOHHM U3 caMbIX
3 ()EKTUBHBIX aPXUTEKTYP CBEPTOYHBIX HEHPOHHBIX CeTeH I
ycTpaHeHus apTedakToB  CKaTHsi  W300paKeHWi  ObUIH
npemioxensl JJonrom B [2] (0603Ha4MM 3Ty apxutekTypy AR-
CNN) u Csobomoit B pabore [16] (obo3HauuMm 3Ty
apxutektypy L04).

Henp nanHOM pabOTHI — YIYYIINTH CYIIECTBYIOMINI METO
yctpanenus — apredakroB  JPEG.  Jlns  nocrikeHus
TIOCTaBJIICHHOW II€NM, HEOOXOAMMO peIInTh psAA 3axad, K
KOTOPBIM OTHOCSTCS CIIEIyIOIIHE:

®  U3Y4YUTh OCOOCHHOCTH IMPUMEHEHHUS] CBEPTOUYHBIX
HEHpPOHHBIX CeTel A yCTpaHEeHUs apTe]akToB
MIpH CKaTHH M300paskeHwit anroputmoM JPEG;

e  peamm3oBaTh ceTh L04;

®  TOJYYHTh KA4ECTBEHHBIE XapaKTePUCTHKA
npumenenust cereit L04 u AR-CNN;

e YIyYmIUTh  KA4YeCTBEHHBIE  XapaKTEPHUCTHUKH
CBEPTOYHBIX HEMPOHHBIX CETEH MyTeM HU3MEHEHHS



UCIOJIB3YEMOr0 aJrOpUTMa ONTUMH3AIMUA IIPU
00y4YCHUU CETH.

HccnenoBanne TMOCTpOEHO Ha TeopeTHdeckod Oase,
OCHOBOM KOTOpOW TMOCHYXWIM HaydyHblE HCCIIEOBAHUS
cnenyromux aBTopos: Jonra [2], CBoOons! [19], Kuma [8], SIu
Huna [7], Kunarma [9] u npyrux.

Il.  OB30P UCTOYHMKOB

CymectByer OonbImoe KOJINYECTBO METO/IOB,
Mpe/Ha3HaYeHHbIX /TSI YMEHBLICHHS apTe(aKkToB CKaTH,
HauWHAas OT OTHOCHUTEIBHO MPOCTHIX W OBICTPHIX (HIBTPOB,
pa3paboTaHHBIX BPYYHYIO, JIO TOJHOCTBIO BEPOSTHOCTHBIX
METOJIOB BOCCTaHOBJICHUsS HU300pakeHnii [18] m Meronos,
OCHOBAHHBIX Ha TIE€PEOBBIX MOAXOJaX K MAalIMHHOMY
o0y4enuto [3].

[Ipoctbie GuABTPHI ynaneHus apTedakToB BKIIOYEHBI B
OOJNIBIIMHCTBO TPOrpaMM Uil MPOCMOTpa HW300paKeHUH U
Buaco. Hampumep, oubnmoreka FFmpeg BrIoYaeT mpocToi
¢UIBTp moOCTIpOLEcCHHTa (Spp), KOTOPBIH IPOCTO MOBTOPHO
npuMensier cxatiue JPEG k cIBUHYTBIM BepcUsM y)Ke CKaTOro

U300paKeHUS M YCPEOHSET pe3yabTaThl. DWIbTp  Spp
UCTIONIb3YeT MATPHUIly KBAHTOBaHUSA (KA4eCTBO  CHKATHS)
UCXOMHOTO  CXKAaToro  M300paKeHWs,  MO3TOMY  JUIs

JIEKOMIIPECCHH, MaTpHIla IOJDKHA OBITh COXpPaHEHa BMECTE C
U300paKEHUEM.

Camblil ycremHbIii MeTON, OCHOBAaHHBIM Ha yCTpaHEHHU
ONOYHBIX apTe(akToB 3TO, MOXKAJTYyHd, METOI YCTpaHEHHs
omounbix apredakrop ¢ momompio JIKII ¢ amanTuBHOM
¢dopmoii (Shape-Adaptive DCT — SA-DCT) [4]. OxHako, Kak u
OOJIBIIMHCTBO METO/IOB YCTPAHEHHs OJIOYHBIX apTe(akToB,
JAHHBIM METOJ HE MOXKET BOCCTAHABIMBATH PE3KUE IEPENabl
sSpkocTH U 39 uMeeT TEHIEHLIHUIO K dYepecuyp CHIBHOMY
CIIIKMBAHHIO MEJIKHX JeTajel n300pakeHnH.

B obnactu cxarust Buneo, B cranpaprax H.264 u H.265,
NPUMEHSIOTCS. BCTpOSHHbIE (GUIBTPHI ((QUIBTPBI yCTpaHEHHS
6nounbix apredaxkroB u Sample Adaptive Offset ¢unbrpsr).
OnHako MeToJipl AeOJOKUPOBaHHS B BHICO, JIeOJIOKUPOBAHUE
SA-DCT (ToibpKO Jyisi OLEHKU MapamMeTpoB), HCIIOIB3YIOT
3HauHue pacnojokenune OmoxkoB JIKII. B ornuume ot sTHX
METONOB, METOJbl, NCCIEIOBaHHBIE B JaHHOH pabote,
crocoOHbI 00padaThIBaTh H300paskeHHs Oe3 TAKOTrO 3HAHUSL.

B ar10if pabore OCHOBHOE BHUMAHHE  YJAECNSAETCS
NPUMEHEHUIO  CBEPTOYHBIX  CeTed  JId  YIy4dIIeHHS
n300pakeHnil, WCKaxkeHHbIX apredakrtamu coxkatus JPEG.
HenaBuue paboTbl B 00JACTH  MAIIUHHOTO  OOYYeHHS
TOKa3bIBAIOT, 4YTO TJIyOOKHE CBEPTOYHBIE CETH MOTYT
3 }eKTUBHO pemaTh pa3IUYHbIE 33Jaddl BOCCTAHOBJICHHS
m3obpaxkernnit [11, 10]. CeromHsi OCHOBaHHBIE Ha CBEPTOYHBIX
CeTSIX ~ METOIBl  HCIIONIB3YIOTCS BO  MHOTUX — OONACTSX
komnbioTepHOro 3peHus. Momens AR-CNN, kadecTBEeHHBIE
XapaKTePUCTHKN KOTOpOH OyayT Haibllie HCCIEHOBATHCS B
JaHHOW  pabore, BO MHOrOM Omm3Ka K  MOIEIH,
npencraBieHHo B pabore Jlomra [2] super-resolution
convolutional neural network (SRCNN).

Mogens SRCNN co3gana ans  pemieHus MpoOIeMbl
cymneppaspemienus. OHa pa3pa0OTaHa OMUPAsSCh HA MPHHIAI
Pa3peKEHHOr0 KOAWUPOBAHUS W COAEPKUT TPH CJIOS: CIIOH

BBIJICTICHUSI TIPU3HAKOB, CJIOH MHOTOMEPHOTO OTOOpa)KeHHs H
CIIO BOCCTaHOBJICHHSI HM300paxkeHHA. Mozenb ¢ OOJbIINM
KOJIMYECTBOM CIIOEB, NpeyiokeHHass KumowMm [8] onupaercs Ha
paboty [onra [3], u mMOKa3bIBAcT, YTO TIIYOOKUE CETH MOXKHO
O0y4uTh U pemeHus NpoOJeMBbl CyIeppa3pereHust Hpu
WCTIONB30BaHUM onpenenéHHbix moaxo40 nos. s oOydeHus
WCTIONB30BaJIaCh  CIIEIMANIbHAsl CTpATEerWs HWHUIHATU3AIIH
BECOB CETH, a TaKKe HCIOIb30BAJIOCh TaK HA3bIBAEMOE
octatouHoe oOyueHue (residual learning), mpu KoTOpoM ceTb
MPOTHO3MPYET H3MEHEHHE BXOMHOTO H300paKEHHsS BMECTO
TOro, 4YTOOBI TpPEACKa3bIBaTh JKEJIaeMOe H300pakeHHne
Hanpsimyto. OcTaToyHoe 00yUeHHE HCHONB3YeTCs U B APYTron
paccMmaTpuBaeMoi B TaHHOM cTathe Monenu LO4.

I1l. OBYUYEHUE HEMPOHHBLIX CETEM

AnroputMbl  0o0ydeHHsT ~ HEWPOHHBIX  CeTell  YacTto
UCTIONB3YIOT MeTonbsl  onTuMuzanuu. OnpHOM W3 caMbIxX
CIIOKHBIX TPOOJIEM ONTUMH3AIMKM B MAIIUHHOM OOY4YEHUH
ABJIsieTCS MpoOyieMa o0yueHWs HEHpOHHOH cetu. J[oBOIbHO
YacTO  MNPUXOJWTCS  3aTpauyuBaTh ~ MHOTO  BpPEMEHH,
UCIIONB30BaTh OOJBIINE BBIYUCIUTENbHBIE MOIIHOCTH YTOOBI
Oo0yuuTh HEWPOHHYIO CETh pellaTh BCEro OAHY 3ajady.
CTpemiieHHEC peIIUTh JaHHY0 Tpo0iieMy  0OYCIOBHIIO
pa3pabOTKy MHOXKECTBa  CIEMATU3UPOBAHHBIX ~ METOJIOB
00yueHHs] HEPOHHBIX CeTeil B HACTOSIIIIEE BPEMSI.

OObIYHO 331242 OOYy4YEeHHS HEWPOHHOHM CETH CBOAUTCS K
HAaXOXKICHUIO TapamMeTpoB O, KOTOpbIE MHHUMH3HPYIOT
3HaveHue QyHkmu J(®), B KOTOPYIO OOBIYHO BXOJST METPHKH,
BBIYMCICHHBIE Ha  oOyuaromieil  BBIOOpKE, a  TaKke
JIOTIOJTHUTEIIbHBIE CllaraeMble.

Meroabl ONTUMM3ALMHK, HCHOJIB3YIOMIMECS B MAIIMHHOM
00y4eHHH, OTIMYAIOTCS  OT  KJIACCHYECKHX  METOJOB
ontuMu3anuy. B GONBIIMHCTBE 3a1ad MAIIMHHOTO O0YYCHUS
MBI XOTMM MHHUMU3HUPOBATh ONPEHEIEHHYI0 METpUKy P,
KoTOopas BBIYHCIIACTCS Ha TECTOBOM BbIOOpKE.
MuHUMU3UPOBaTh METPUKY P MBI MOXEM TOJIBKO KOCBEHHO:
MUHUMIBHPYS (yHKIMIO moteph J(®), oxupgas, 4To 3TO
IIOMOXKET HaM MuHUMHU3MpoBaTh P. B kiaccuueckux xe
METOJIax LENbIO SBISETCS MUHUMU3ALHs camoii pyHkimu J(©).
Tarke anropuTMBl ONTHMHU3ALMK IS MAIIMHHOTO OOYYeHHUS
UMEIOT OCOOEHHOCTH, OTpaKarollfie HCIOIb3YEMYIO LIEJIEBYIO
(YHKLHIO T JAaHHOTO METOJA.

B nenom, anroputm oby4ueHuss HEHPOHHOM CETH COCTOUT B
crenyrommeM. Ha HayanbHOM 3Tare MHUIMATU3UPYIOTCS Beca U
rapaMeTpsl anroputMa oOydeHMs, a 3aTeM Il Bced
o0ydJaromieil BRIOOPKH (10 BBIMOTHEHHUS KPUTEPUS OCTAaHOBKU
00y4eHUs) BBIYHCIAIOTCS BBIXOH HEHUPOHHOW CEeTH WIpH
3aJlaHHOM  BXone, (YHKUUS TOTepb M T'PaJUeHTBHI;
MPOM3BOAMTCS  OOpaTHOE  pPACHpOCTPAaHEHHWE  OIIUOKM;
OOHOBIISIFOTCSL BECca C YYETOM IIONYYEHHBIX TI'PaIUEHTOB, a
TaKKe MapaMeTpPsl AITOPUTMA 00 yIEHHS.

B nenom, anroputM oOy4deHHsT HEHPOHHOM CETH COCTOUT B
crenyromeM. Ha HaganbHOM 3Tare MHUIMATU3UPYIOTCS Beca U
napaMeTpsl anroputMa oOydeHMs, a 3aTeM I Beced
o0ydJarorei BRIOOPKH (10 BBHITIONHEHHUS KPUTEPUS OCTAHOBKH
00y4eHHUs) BBIYHCIAIOTCS BBIXOH HEHUPOHHOW CEeTH TIpH
3aJlaHHOM  BXoze, (YHKIUS TOTepb M TPaJUCHTEHI;
MPOM3BOANTCS ~ OOpaTHOE  pPACHpOCTPAHEHHWE  OIIUOKM;



OOHOBIISIIOTCSL Beca C Y4YETOM IIONYYEHHBIX TPaJUEHTOB, a
TaKXKe IapaMeTpbl aJITOPUTMa OO YIEHHUS.

OJ_'[HI/IM us3 CaMBbIX HCHOJIb3yEMbIX aJIrOpUTMOB
onTuMH3alvi B MallMHHOM O6y‘{€HI/II/I B NCJIOM, U IIpHU
O6y‘leHI/II/I HeﬁpOHHHX cere B YaCTHOCTH, SABJISACTCA MCTOL
CTOXAaCTUYCCKOI'O IrpaACHTA.

Janee paccMOTpUM alTOpUT™M 00y9IeHUE HEHPOHHOU CETH C
MIPUMEHEHHEM 3TOT0 METO/IA.

Bxogsr:
[Tapametp anroputma: TeMI OOYUCHHUSAE ; €
OOyuarommas BEIOOpKa X, ¥;
HauvaJsbHble 3HaUeHHs BecoB O;
Anropur™:
while He mocturHyT KpuTepuii ocranoBku do:

e  BEIOMpaEM TOAMHOKECTBO OOyJaromeii BHIOOPKH
paszMepom m:{x(l), ...,x(m)} c
COOTBETCTBYIOIIUMH OTKITHKAMU {y(l), . y(m)};

®  BLIUHCIIAEM rpajiienT g=
1 . :
;A@ ZiL(f(x(L)i 0),y°)), rae L — ¢ynknus
noreps, f (x(i);O)f NpeCKa3aHHbIi BBIXOJ Ha

BXOAHBIX OAHHBIX x(l), A@— HpOH3BOZ[Ha§[ o
BecaM;

e oOHOBIsleM Beca O =0 —¢€,g, a
OOHOBJISIEM TEMII OOYUCHUS €.

TAKXKC

Ha mpakTuke, Temm OOydYeHHs! MOCTENEHHO CHIDKAIOT B
npouecce 00ydeHus: cetu. OOBIYHO MCHONIB3YETCs CICYIOIas
(dbopMyra 10 uTepayu T:

€, = (1 —a)ey + ae,,
k
rac a = ;

IMocne wurepauuu T OOBIYHO OCTAaBIAIOT IIOCTOSHHOE
3HayeHne. Temn oOydeHWs BBIOMPAIOT, HCIONB3YSd KPHBBIE
o0y4eHHsT — 3aBUCHMOCTb 3HA4YCeHHS (QYHKIUH II0TE€Ph OT
BpeMeHd. Ilpu  UCMONB30BaHMU  JIMHEWHOH  (OPMYIIBI,
BBIOMPaEMBIMH NTAPAMETPAMU SIBIISIOTCS €7, €, T.

OObIYHO T BBHIOMPAIOT PAaBHBIM YHCITY UTEpalyid, 3a
KOTOpbIe Yepe3 ceTh nopsiaka 100 pa3 nmpoxoaur obydarormas
BbIOOpKa, €, BboIOMpatoT mopsimka 0.01 X €,. OcHOBHO#
mpobaeMoii sBIsieTcsl BBIOOp €,. Ecim BBIOpaHO CIHIITKOM
OompIlioe 3HaY€HWE, TO HA KPHUBOH OOy4eHHs OymyT
TOSIBIAITBCSL PE3KHE CKAYKW — 3Ha4eHHe (YHKIUH MOTepb
Oymer 3HAUMTENBFHO BO3pacTaTh. Eciu BBIOpaH CIHIIKOM
MaJeHBKHH Temm OOydeHWs, TO TIpouecc OO0ydeHHus
3aMeluIgeTcs, M OOy4eHHe MOXKEeT OCTaHOBUTBCS IIPH
HenprueMIIeMO OOJBIIOM 3HaYeHHN (DYHKLMHU ITOTEPb.

Meron CTOXaCTHYEeCKOrO TpagueHTa WHOTOA CXOAUTCA
CIIMIIIKOM MEIJICHHO, ITI03TOMY TIOSBHJIOCH €r0 pa3BHUTHE:
METOA WHEPINH, KOTOPBIM HCIONB3YeTCs YTOOBI YCKOPHTH
oOydeHne. B Merome wWHEpUMM HAKaIUIMBAeTCS CpegHEe
3HaYCHHE TMPONUIBIX TPAgUeHTOB, W OHO BIWSAET Ha
JNajbHENIee IBIKEHUE METOIA.

JpyruM MeTooM ONTHMU3ANWH SBISETCS METOJ MHEPLIUH
HecrepoBa. Dtor Meron ObuT pa3paboTaH, OCHOBBHIBAsCh Ha
pabotax Hecrepona [13][14].

[TapameTp Temm 00y4eHUsI BIMSET Ha CKOPOCTh OOYUCHHUS U
€ro BBIOOp SIBJISICTCS] OYCHB TPYIHOH 3anaueil. [losBunack uues
JVMHAMWYECKH MEHITh TeMI O0OydeHHss B XOje Iporecca
o0yuennsi. Anroputm AdaGrad wHAMBHUIYaTbHO aIanTHpYET
CKOpOCTH OOydeHHs Ul BCEX [apaMeTpoB  MOJIEIIH,
Macmtabupyss X 0OpaTHO IMPOMOPIMOHAIBLHO KBaJIpaTHOMY
KOpPHIO M3 CyMMBI BCEX MX KBAJpaTOB 3HAUECHUM, NOITY4YEHHBIX
panee. [lapamerpbl ¢ HauOOMNBIIEH YaCTHOW MPOU3BOIHOU
(YHKIMU MTOTEPh UMEIOT COOTBETCTBEHHO OBICTPOE CHIKEHHUE
CKOpOCTH OOy4eHUsI, a IapaMeTpbl ¢ HEOONBIINMH YaCTHBIMH
MPOU3BOHBIMHA MMEIOT OTHOCHUTEIBHO HEOOJBIOE CHIKEHUE
CKOPOCTH 00y4JeHHSI.

Anroputm RMSProp sBnsercs moaudpukanumeid AdaGrad
JUTSL ICTIONIb30BAHKS B MPOOJIEMax HEBBIMYKION ONTHMU3AIIHH.
HakormieHue rpalieHTOB B JAHHOM ajJrOpPUTME 3aMEHEHO Ha
9KCIOHECHIHAIBHOE B3BEIIICHHOE CKOJIB3SIIEE CPEIIHEE.

Adam — emé oaMH aNrOPUTM C aJaNTUBHBIM TEMIIOM
o0yuennsi. HazBanue «Adamy - cokpalieHue OT «aJanTHBHEIC
MOMEHTB». Ero MokHO paccmarpuBaTh Kak KOMOWHAIHIO
RMSProp 1 MeToa HHEPLIHHU C HEKOTOPBIMH OTIMYHSIMU.

B Hacrosiiee BpeMs HET €IMHOTO MHEHHUS O TOM, KaKOH
AJTOPUTM SBIISIETCSI HawIydIliuM. MccnenoBanus OKa3plBatoT,
YTO CEMEWCTBO AaJTrOpPUTMOB C aJalTUBHOM CKOpPOCTHIO
oOyueHusi Ben€r cebst OCTATOUHO ycToiunBo. Ho BBIOOp
ajqropuTMa BO MHOIOM 3aBHUCHUT OT KOHKPETHOM pelraemMou
3a/1aui.

IV. OIIMCAHUE METO/IA LO4

Meron L04 ocumoBan Ha Merome AR-CNN, HO B HEM

UCHONB3YIOTCSI ~ HEKOTOpble ~ HOBBIE  MOAXOABL:  HIes
ocraToyHoro obyuenus [8], coeumamsHass mpoledypa
MHULOUAJIM3AIMN  [1ApaMeTpoB CEeTH, a TaKkke H3MEHeHa

KOHOUrypaius cBEPTOUHBIX ciI0éB. CBEéprouHas cerb F
COCTOUT M3 CJIOSl BXOIHBIX JAHHBIX Fj;, CBEPTOUHBIX CIOEB Fj,
rme 0<I<L, u coorBercTBylolMX uM BecoB Wu
ortkioHeHuit b;. CeTb MOXHO OITKCATh CIEIYIOIM 00pa3oM:

F,(N) =Y
F,(Y) = max(0,W; » F,_,(Y) + b;)
FY)=W,*«F,_,(y)+b,
rae Y- BXom ceTH, B JAHHOM Cily4ae HCKaXEHHOE
uzobpaxenue; F(Y) — BoccTaHOBIIEHHOE H300paKEHHE.

B kauectBe (QyHKOMHM TOTEph  HCHONB3YETCS
cpemHeKBanmpaTtudeckas omubka. Jlmg 3amaHHOrO HabOpa
UCXOIHBIX u300pakeHuit {X;} M COOTBETCTBYIOIIMX MM
cokaThix u3o0paxenuin {Y;} 3HaueHume GyHKIMH MOTEpPh
BBIYUCIISIETCS CIIETYIOIIM 00pa3oM:

n

L(8) =~ Y IIF(%;0) ~ X,
i=1

rnie 6O- »3r0 Habop mapamerpoB  mojenun O =
{W,, W, Wy, W,, B, By, B3, B,}; n — uuncio nzobpaxeHuii.



B OonbuimHCcTBE METOAOB BOCCTAHOBJICHUA 1/1306pa>1<eH1/H71,
HUCHOJIB3YCTCA TPAMOC OTO6pa)KCHI/I€ BXOJa Ha BBIXOJ, KakK
MOKa3aHO Ha pucC. 1

Puc. 1. IlpsiMmoe oToOpaskeHye B CBEPTOUHON HEHPOHHOU CETH.

Takoit mogxo maér xoporme pe3yiabTaThl B HEKOTOPBIX
3amayax ~ o0paOOTKM  W300paKeHWil,  Hampumep, B
JICKOHBOJIIOLIMK JUIsl YCTPAHEHHsS CMa3aHHOCTU TeKcTa [6], B
3aj7aue cymneppaspemieHus [3], a Tarke B 3ajaue yCTpaHEHHUs
apredakToB cxatus B padore Jlomra — AR-CNN. IIpsmoe
0TOOpakeHHE 3aCTaBIISIET CETh IepeiaBaTh BCE M300pakeHue
yepe3 Bce cion. OOydeHHE TaKoW MOJENH, MOXOKeH Ha
ABTOJHKOZIEP, B CHUTYyallMsiX, KOIrJla BXOJHOE W BBIXOIHOE
U300paKeHUsT OJIM3KK, MOXKET ObITh HEI((HEKTHUBHO, OCOOCHHO
JUIS MHOTOCIIOWHBIX CETe. DTO MOXET OBITh OTHOH U3
OCHOBHBIX NpHuuH, noyemy JloHr [2] HE cMOr YBEIMYHUTH
pa3mep cBoel ceTH M TpeOOBAJIIOCH OTPOMHOE KOIHYECTBO
uTepanui it 00ydeHHs CeTH.

OcraroyHoe 00yueHne ObUIO M3HAYAIILHO MPEACTABJICHO B
pabore [8] mus pemieHus] MPOOJIEMBI CyleppaspelleHusi, rie
BXOJ U BBIXOJ CETU AOCTATOYHO Onu3ku. BmecTo TOro, 4To0s!
[POTHO3UPOBATH BBIXOIHOE H300paKeHHE, CETh C OCTATOYHBIM
o0ydeHHEeM IpeACKa3bIBAaeT, KAKUE HW3MEHCHHs  HYXHO
OPUMEHHUTh KO  BXOAHOMY H300paXCeHHIO, T.. OHA
HPEICKA3bIBACT ' = Y — X, [J€ ¥ — HCKaXEHHOE N300paXKeHue,
X — BBIXOZHOE HM300pa)KCHHE C BBICOKMM pasperrcHueM. Ha
puc. 2 mokasaHa paboTa CETH, HCIONB3YIOIEH OCTATOYHOE
obyueHue.

LN

Puc. 2. OcTatoyHOE 00y4eHHE

B kadectBe meroma ONTHMHU3AIIUN HCIIONIB3YETCA METO/
CTOXaCTUYECKOI'0 rpaJucHTa.

Omnwucanne apxutektypsl L04 npencrasieno B Tabmume |

TABJIMIA 1

Apxwurekrypa L04
Croit ! 2 | 3 | 4 |

11*11 | 3*3 3*3 5*5

KomnuecTBo kaHanoB 48 64 64 1

Pasmep puibTpa

IIpoananu3upyeM KOJIMYECTBO MapaMeTpoB B JaHHOU
monmenu. [lockompky womens L0O4 cocTOMT TONBKO W3
CBEPTOYHBIX CIIOEB, TO YHCIIO IAPaAMETPOB MOXKET OBITh
BBIUUCIICHO CIICTYIOIIAM 00pa3oM:

d

— 2

N_Zni—l*ni*fi'
i=1

rae N- uucio mapameTpoB; [ — HoMmep cios; d — ooriee
YHCIO CIOEB; f; — pasMep QUIbTpa; n; — YUCI0 QUIBTPOB HA -
TOM CIIO€; M;_,- YHCIO BXOJHBIX KaHAIOB i-oro cios. s
monemu L04: d = 4,ny =1,n, =48,n, =64,n; =97,n, =
1,=11,f=3,f3=3,f, =5.

Jns  vHUIManu3alMu  BECOB  MEPBBIX TPEX  CIIOEB
WCTIONB3yeTCs VMHUIAIA3AIHS KcaBbe [5]. Ona
ABTOMATHYECKH OMNpEJENseT JUCIEPCUIO, B 3aBHUCUMOCTU OT
yHcia BXOJI0B HelipoHa. [{ucniepcus pacnpeneneHus Uisi BECOB
OTIpe/IeIISeTCS CIEAYIOUIMM 00pa3oM:

1
Var(W) = —

rae Var(W) — s1o mucnepcust pacrpenencHus (0ObIYHO
HCTIONB3YETCSL PABHOMEPHOE HIJIM TAYCCOBCKOE); N - YHCIIO
BXOJIOB HEWpOHa.

V. PEAJIM3AINA CETHU LO4

Juis peammzanuu cetn L04, onucannoii CBobomoi B [19],

Oymer  wucnonmb3yresi  ¢peiimBopk  Caffe.  CpaBhenue
(dpeiiMBopkoB  [uisi  CBEPTOUHBIX  HEHPOHHBIX  CeTei
npezacranieHo B Tabmure 2.
TABJIMLA 11
DpeitMBOpK JInuensus OcHoBHOM HWurepdeiicer | CPU GPU Orkp
SI3BIK BITBI
i
HCXO0
JTHBIA
KO
Caffe BSD C++ Python, v v v
MATLAB
cuda- HE C++ Python v v
convnet yKazaHa
Decaf BSD Python v v
Theano/ BSD Python v v v
Pylearn2
Torch7 BSD Lua v v v

Hns xpanenuss oOydaromield BBIOOPKH HC-TIONB3YTECS
tdopmatr HDF5 (Mepapxudeckmii hopmar gaHHBIX). XpaHEHHE
SIBIISCTCS
CTaHIApTHON TpoOmeMol it (ailoBeIX cucteM. B pabore
[11] yka3zaHO, 94TO UCIIOIB30BAHNE XPAHUIIUINA KITFOY-3HAUYCHNE

OOJIBIITHX

TIO3BOJIACT

KOJIIEKITAHN

3HAYUTENBHO YCKOPHTH

HEeOOIBIINX

YTCHUC

(haitmoB

o0ydJarorei

BBIOOPKH 10 CPABHEHHIO C XPAHEHHUEM BBHIOOPKH B OTHCIBHBIX
(aiimax. HDF5 mo3Bormsier pa3outs 00ydaromlyio BEIOOPKY Ha
oTAeNbHBIE HA0OPHI JaHHBIX st o0ydeHus (batch), moctym




KOTOpHIM CTaHOBUTCS ObicTpee. B cmyuae cerm L04 pasmep
OITHOTO Habopa paBeH 64.

Caffe npenocraBisieT TOTOBBIE CIIOHM JJISI peaIn3alii CeTH
LO4:

®  BXOJHOH CIOH JUIsl YTEHUS JAHHBIX U3 XPaHUININIA
HDFS5;

e cCcjoifi CBEPTKM C  3aJaBa€MbIM  METOIOM

MHUIUATH3au BecoB (Meto KcaBbe);

e IO (YHKIMH TOTEph (CpemHeKBaapaTUICCKas
ommoKa);

e  CioH CyMMHpOBaHHS (U1 CYMMHpPOBaHUs BXOJa
CEeTH C BBIXOJOM IOCIEIHET0 CBEPTOUHOIO CIOS
JUTSL peain3aliii OCTaTOYHOr0 00 y4YeHHs);

[Tocne 3aBepuieHus 00yueHus, ISl BBIYUCICHUS METPHK Ha
TECTOBOW BBIOOPKE MCIIONB3yeTCsl CKPHIT Ha si3bike MATLAB.
Ucnonn3yercst unrepdeiic Caffe, xoropblii mo3BonseT
BBITPY3UTh MTapaMeTpbl 00yIEHHOH MOJIENN U UCIIONB30BaTh HX
JUIS BOCCTAHOBJICHUSI M300pa)KEHUH N3 TECTOBOM BBHIOOpKH. B
LIEJIOM apXUTEKTypa CUCTEMBbI IIPeJCTaBleHa Ha puc. 3

Cxarble anropuTMom
JPEG u3obpaxenus

BoccraHoBneHHbie

O6yvatouias Bbibopka
n3o06paxeHus

Mpumenerue ceTi I
64 L ™ atls
s‘q Matlab ‘

Obyuennas
T mofens
(.caflemodel)

= aff
cem Caffe | —

[ Obyuetme ]

Puc. 3. ApxuTekTypa CUCTEMbI

Hdust yckopeHuss ~ oOydeHHMsT  HEWPOHHBIX  ceTei
ucnojib3oBanack miardopma Google Cloud Platform. [lannas
wiatopMa  IMO3BOJNSET  KCIHONB30BaTh  TIpaduyecKue
npoueccopbl, Takue kak NVIDIA Tesla K80, P100 u V100.
Hcnons3oBanne  rpadMyeckoro  Ipomeccopa  I03BOJSET
3HAYUTEIBHO YCKOPUTh OOy4EeHHEe, II0 CPaBHEHHIO C
o0y4eHreM Ha IIeHTPaJIbHOM Tporeccope. Jist pa3BEpThIBaHUS
¢peiimBopka Caffe Ha cepBepe wmcmomb3yercss cpeza
pupryanuzauu ~ NVIDIA-Docker.  Docker  konteiiHep
COAIEPXKHUT B cebe Bce 3aBUCUMOCTH JUTSL JAHHOTO (PpeiiMBOpKa,
YTO IIO3BOJISIET JIETKO €ro IIePEeHOCUTh Ha JpYyrue oOIayHble
wiatgopmbl. Hancrpoiika Han cpemoit Docker — NVIDIA-
Docker mo3Bosnsier B JIOTIOTHEHHE K 3TOMY
pacnpenensiTh BBYHCIUTEIBHYI0 MOILIHOCTH TI'PadHIecKOro
npo-Lieccopa MeXIy KOHTEHHEpaMH. ApPXHUTEKTypa CHCTEMBI
BHUPTYaJIH3AINN I 00y9IeHUsI ceTell mpeIcTaBlIeHa Ha puc. 4

Puc. 4. Apxutexrypa CHUCTEMBI BUPTYyaIU3aLu1

VI. OKCITEPUMEHTAJIbHBIE PE3YJIbTATBI

B nmanHOW pabore wHCTONB3yOTCS HAOOpHI  JIaHHBIX
BSDS500 [1] u LIVE1 [15]. O0yueHue cerei 0CyIIecTBISETCS
Ha Habope BSDS500, xotopsiii conepxxut 400 n3o0pakeHwit.
L{BeTHBIE M300pakeHHs1 OBLUTH MPE0Opa30BaHbI B ITOJTYTOHOBEIE
M300paKCHUS ¢ MCIONBb30BaHUEeM IBeToBoi Moze-mu Y CbCr,
TIPY 3TOM OBLT COXPaHEH TOJILKO KOMIIOHEHT SIPKOCTH - Y.

HecMmoTpst Ha TO, 4TO ceTH MOryT 0OpadaThIBaTh LIBETHBIE
N300paKeHUs, OlCHKA CEeTe MPOUCXOIUT TI0 MOIYTOHOBBIM
U300paKeHusiM,  [OTOMY  4YTO B JaHHOH  pabore
paccmarpuBaeTcsl MoAaBjieHHe apTe(hakToB 3BOHA M OJIOYHBIX
apTe(akToB, a HE MOAABIECHHE XPOMATHYECKUX MHCKaKEHHUH.
N3o0paxenuss Obuin c©kaTel ¢ momormpio koaepa JPEG
MATLAB u pa30uThl Ha 1IECTh HAOOPOB C pa3HbIM Ka4eCTBOM
oxkartus. Mcnons3oBamuck cienyronme 3HaueHus: 10, 20, 30,
40, 50 u 60.

B kagecTBe TecCTOBOH BBIOOPDKHM HCHONB3YyeTCS HaOOP
LIVEL, conepxamuii 29 wuzobpaxenuit. M3o0paxeHus u3
JIAHHOTO Habopa TaKKe ObUTH ITPeoOpa3oBaHbI B OIYTOHOBBIE,
U CKaThbl TEM K€ KOIAEPOM.

CyllecTByeT HECKOIBKO IOKa3zarteneil yisi OObEeKTHBHOM
OLIEHKH KadecTBa H300pakeHU. MBI HCHONB3yeM IHKOBOE
otHomeHue curHana kK mymy (PSNR), mukoBoe orHomienue
CHTHala K ImyMy C mompaBkod Ha Omounocts (PSNR-B),
HMHIEKC CTpyKTypHOro cxoxactBa (SSIM) u Busyanb-HOE
MUKOBOE OTHOIMIeHue curHana Kk mymy (VPSNR). [loctatouno
gacto Mmerpuka PSNR mnoxo koppenmpyeT ¢ BH3yaJbHBIM
KayecTBOM  u300paxke-Huid. Metpuka SSIM  sBisercs
pazButueM Metpukun PSNR. Ona yumnthiBaeT «BOCTIpHATHE
ommOKm» Omaromaps y4€Ty CTPYKTYpHOTO H3MEHEHHUS
UHPOPMAITUTL Mertpuxka PSNR-B MOXET JIaTh
JOTIOTHATENFHYIO HH(POPMAIIHIO, TOCKOIBKY B JaHHOU padoTte
MBI paccMaTpuBaeM OsouHble aptedakTsl JPEG.

B HekoTopeIX 3KcmepuMeHTax yka3aHa merpuka IPSNR,
KOTOpasi OTpa’kaeT, Ha CKONbKO yBenmmumioch PSNR mo
cpaBrHeHno ¢ PSNR cxxartoro mobpakeHus.

A. Hccnedosanue cemell ¢ UCHONb30BAHUEM DAZHBIX
ANROPUMMOE ONMUMUZAYUU

Jdns  cereit L04 umw AR-CNN mHaiiném Hambomee
3¢ deKkTuBHBI MeTo onTUMu3anuu. i BceX HCCIEAyeMBbIX



METOZIOB TOAOUpAeTCS ONTHMANBHBIA TEeMI OOyJYEeHUS C
IOMOIIBI0 Tiepebopa 3HAYCHWHA IO CeTKe.  Pe3ynbTaThl
00y4IeHHUs ceTel mpescTaBicHs! B Tabnumax 3 u 4. KommdaectBo
uTepanid mpu o0ydeHWH orpaHudeHo 150 Teicsgamu it
ARCNN u 100 Teicsaamu st L04.

TABJIMLIA 11 PE3VJIbTATHI OBYUEHWS L04 HA HABOPE LIVEL C
WUCTIOJIb30BAHUEM PA3JIMYHBIX METOZIOB  ONTUMU3ALIUNA
Meron ontumuzanuu | L04
PSNR | PSNR-B | SSIM | VPSNR
SGD 28.82 | 28.35 0.817 | 42.45
RMSProp 28.92 | 28.46 0.822 | 42,56
Nesterov 2842 | 27.71 0.806 | 42,04
Adam 28.96 | 28.57 0.821 | 42.58
TABJIMIA IV PE3VJIbTATBI OBYUEHNSI AR-CNN HA HABOPE LIVEL C
WCTIOJIb30BAHUEM PA3JIMYHBIX METOZIOB ~ ONTUMU3ALIMNA
MeTto onTHMH3AIMH AR-CNN
PSNR | PSNR-B | SSIM VPSNR
SGD 2846 | 27.94 0.8091 | 42.07
RMSProp 28.80 | 28.44 0.8166 | 42.42
Nesterov 28.66 | 28.19 0.8132 | 42.28
Adam 28.82 | 28.45 0.8167 | 42.43

Jns obeux ceredd, HAWJIY4IIUH pE3YNIbTAT IOKA3bIBAET
MeToJl aanTuBHOM uHepun (Adam), omucaHHbIA paHee. DTO
COBIIAJAET C MHEHHEM, IPEACTaBICHHBIM B cTaThe [9], B
kotopoii Merox Adam cpaBHHMBaeTcs ¢ JIPYTMMH METOAAMH
ONTUMM3AIMY NIPU O00Yy4YEHUH TIIyOOKHX CBEPTOUHBIX CeTeH U
MIOKa3bIBAET XOPOLINH pe3yabTart.

B. Hccreoosanue kavecmgeHnvix Xapaxmepucmurx
cemeil

Tenmepp CcpaBHMM NpPHMEHEHHE IPOCTOro  (QUIBTpa
nocrobpadotku spp u3 o6ubnuorexku ffmpeg, AR-CNN u L04
Uil BoccTaHoBiieHUs1 m3o0Opa-kenuit JPEG, cxkatbix ¢
kagectBoM 10 u 20. KonuyecTBo uTepauuii npu oOyd4eHUH
orpanndeHo 250 Teicsaamu st L04 u 500 teicagamu g AR-
CNN. Jlnst 00y4eHus HeWPOHHBIX CETel MCIONIb30BaJICsS METO
aganTuBHOM mHepuuu (Adam). Pe3ymbraThl npencTaBieHbl B
Tabumuax 5 u 6.

TABJIMLIA V PE3VJIbTATBI BOCCTAHOBJIEHUS JIJI151 U3OBPAXKEHUIA,
CXATBIX C KAYECTBOM 10 HA HABOPE LIVE1
Q=10
Merox PSNR | PSNR-B | SSIM | VPSNR
Cxaroe n3obpaxenune | 27.76 | 25.33 0.790 | 4143
spp 28.29 | 27.54 0.794 | 41.90
AR-CNN 28.69 | 28.30 0.815 | 42.30
L04 28.98 | 28.59 0.822 | 42.60
TABJIMIIA VI PE3VYJIbTAThI BOCCTAHOBJIEHUS /1151 U3OBPAXKEHUIA,
CKATBIX C KAYUECTBOM 20 HA HABOPE LIVE1
Q=20
Meron PSNR | PSNR-B | SSIM | VPSNR
Cxaroe n3obpaxenne | 30.07 | 27.56 0.868 | 43.73
spp 30.33 | 28.68 0.867 | 43.97
AR-CNN 30.43 | 29.84 0.880 | 44.07
L04 31.32 | 30.70 0,889 | 44.97

Cerp L04 mpeBocxomut Apyrue METoAbl M NMpPU KadecTBe
n3obpakennii paBHoM 10, u mpu kauyectBe paBHOM 20.
Pesymprater  mpumenenust cereir L04 mw  AR-CNN «k
M300paKEHHNIO TI0KAa3aHbI Ha pHC. 5.

Puc. 5. a) Ucxonnoe uzobpaxenue 6) Cxxaroe JPEG nsobpakenue ¢
kauecTBoM 10, PSNR = 30.41 B) 300paskeHue, BOCCTAHOBIEHHOE C
AR-CNN, PSNR = 31.83 r) U3o6paxeHue, BoccranosieHHoe ¢ L04,
PSNR = 31.92

Hccnenyem CIIOCOOHOCTH ceTer "3armoMHHAaTE"
M300paXeHUsT, CKaTble ¢ pa3HbIM KadecTBOM. /[l 3toro,
00yuum cetb L04 u AR-CNN Ha u300paeHHsIX ¢ Ka4eCTBOM
cxkatus 10, ¥ BBIYUCIMM METPUKU KauecTBa Ha N300PaXEHHSIX,
cxkaThIx npu kauectse 10, 20, 30, ..., 60, ¥ T.21. 4TOOBI OLICHUTH
CIOCOOHOCTh  ONHOM  ceTH  00pabaThiBaTh  MHOXECTBO
pa3nuuHbIX KadecTB, Mbl 00yuum cet L04 u AR-CNN Ha
o0yuarolieil BEIOOpKe U3 M300paXKEeHHI, CHKATHIX MPU KauecTBE
10, ..., 60. O6o3nauum 11 cetu L04 10-60 u AR-CNN_10-60
COOTBETCTBEHHO. Pe3ynbTaThl mpeacTaBieHsl Ha puc. 6 U puc.
7

10 20 30 40 50 60
Kawectgo cxarua JPEG

Puc. 6. 3aBucumoctb IPSNR ot kauecTBa cxxaTus 1Jis pa3nuyHbix ceteid L04

L04_10-60 obecrieunBaeT CTaOMIbHBIC PE3YNbTAThI IS
Bcex KauecTB cxatus. OmHAKO ceTd, OOydeHHBIE TONBKO Ha
OHOM KayecTBE, TIOKA3bIBAIOT JYYIIMHA pe3ynbTaT IS
JTAHHOTO Ka4ecTBa CkaTus. MakcuMyM rpaduKoB Tt MOAeIer



L04 20, L04 40, L04 60 HaxomuTcs TpH 3HAYSHUH KadecTBa
CKaTHs, Ha KOTOPOM 00YydJalIncCh JaHHbIE MOJIEIH.

10 20 30 40 50 60
Kauectgo cxatnsa JPEG

Puc. 7. 3aBucumocts IPSNR or kauecTBa cxatust At pa3au4HbIX ceteid AR-
CNN

AR-CNN_10-60 oxazanacs He criocoOHa K 3 (peKTHBHOMY
00y4eHHIO JUIsl YCTpaHEeHHs apTe(akToB CHKATUS C Pa3IMIHBIM
Ka4eCTBOM. DTO MOXKET OBITh CBSI3aHO C HCIIOJb30BaHHEM B
JIAHHOM ceTH NpsIMOro O0ToOpa)KeHHs U3 BXOJla CETH Ha BBIXO],
a He ocraroyHoro oOyuenus, kak B cetm L04. Cetb c
OCTaTOYHBIM OOY4YEHHEM 3aIIOMUHAET TOJBKO U3MEHEHUS, BbI-
3BaHHBIE C)KaTueM, U oOydaercs 3((eKTHBHee, YeM CeTb C
IPSIMBIM OTOOPaYKEHUEM.

VIIl. 3AKJIIIOYEHME

B naHHOW cTaThe OBUIM pPacCMOTPEHBI CHELUATbHBIE
APXUTEKTYpbl ~ CBEPTOYHBIX CETEH, HUCIONb3yEeMblE  IJIA
3¢ PEKTUBHOrO pelieHus NpoOJieMbl yCTpaHeHHs! apTehaKkToB
coxatusa n3obpaxenuii anroputmoMm JPEG. K HuM otHOcuTCS
cetb AR-CNN, a Taxke cers L04, B xoTOpoil mpumMeHsiercs
NPUHIMI OCTaTOYHOTO OOYYEHHs, MO3BOJIAIONIMN YCKOPHUTH
o0ydeHHe CeTH, W CIelMalbHas WHULNUAIM3ALMI BECOB
nannuannsanug Kcasbe.

s uccnenoBaHusl Ka4€CTBEHHBIX XapaKTEPUCTUK CETEU B
JaHHOK pabore Obuta peanu3oBana cetb L04 ¢
ucnosib3oBanueM (perimBopka Caffe. Coznanue oOyuaronneit
BBIOODKM Ha OCHOBE M300pPQKEHUI OCYILIECTBISETCS C
moMomnplo  ckpunta Ha s3pike  MATLAB,  kotopsrit
ocymiectBisier 3anuck B Xpamwimmie HDFS mis Gwictporo
YTeHHs TPUMEPOB U3 oOyuaromield BbIOOpKU. [IpumeHeHue
00Y4EeHHOW CETH OCYLIECTBIISETCS TAKKe ¢ MOMOLIBIO CKPHUITA
Ha si3pike MATLAB. Caffe mognepxusaer oudianoreky CUDA
IUISL KCTIOIb30BAaHMS IPah)MUECKUX IIPOLECCOPOB, IIOITOMY IS
YCKOpEeHUs] O0ydYeHHs CEeTH HCIONb30Banach Iuiathopma
Google Cloud Platform, xoropas mpenocraBisieT cepBepa c
rpaduueckumu yckopurensimu NVIDIA Tesla K80, P100 umu
V100.

Ha ocHoBe 3KcriepMMEHTa MOXKHO CAENaTh BBIBOJ, UYTO
cetb L04 moka3pIBaeT HAWITYYIINI PE3YIBTAT IO CPABHEHHUIO C
npocteiMu MeTonaMu U cetbio AR-CNN. Ilpu uccienoBanmu
ceTell Ha HaJU4ue CIIOCOOHOCTH ‘3aIlOMHHATE H300paskeHHs
pa3Horo KadecTBa, OBUIO BBIABICHO, 4TO ceTh L04, oOydeHHas

Ha M300pakeHUsIX ¢ KadecTBoM cxarus 10, ..., 60, cnocobna
MOKa3bIBaTh CTAOWIbHBIC PE3YIbTAThl JUISi BCEX KAYECTB
CKATHS. Certp ARCNN OKazanach HeCIocoOHa

MIPOJEMOHCTPHUPOBATH TAKOH PE3YIbTAT.

B nganHOW paboTe yaamoch YIYUIIHTh KadeCTBEHHEBIC
XapaKTCPUCTUKU CBEPTOYHBIX HEWPOHHBIX CeTed IMyTeM
W3MEHEHUS WCIOIh3YEMOr0 aJTOPUTMa ONTHMU3AIMH TIPH
o0ydeHuH cetd. Hawmmywmmmii pe3ynmpTaT MoKa3ayl aqrOpuT™M C
aJIaITUBHEIM TEMITOM OOyJeHUs U uHepiueii Adam.
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Abstract. The theory of complex-valued econometrics
makes it possible to generate qualitatively new features that
can be used in machine learning algorithms. Our study reveals
the task of determining the long-term dependence of future
companies’ stock prices from a time-generated feature, i.e., a
calculated tonality coefficient gained by methods of semantic
analysis of texts from social networks. Data was gathered from
the Twitter platform with the use of Big Data ETL-scenarios.
The resulting data sets were used to train machine learning
algorithms designed to work with Big Data technologies. A
semantic coefficient was calculated on the basis of aggregated
estimates for each day, with the further application of the
methods of complex-valued econometrics. To demonstrate the
new approach of feature generation, a complex-valued linear
regression model based on the semantic coefficients and stock
markets data was constructed. The outcome obtained by the
new approach was compared with existing solutions in terms of
accuracy. Finally, we demonstrate a possible route for
impacting improvements of the existing algorithms for trading
strategies using the complex-valued regression.

Keywords: machine learning, sentiment analysis, complex-
valued modeling, NLP, Big Data, ETL, Spark, Python, PySpark,
Mongo DB, Twitter, stock markets

I.  INTRODUCTION

Machine learning is actively used to predict stock prices
[1]. Millions of players attempt to maximize profits by
selling and buying assets on stock exchanges every day [2].
According to the reports of the U.S. Securities and Exchange
Commission [3], around 4,000 brokers are registered in the
USA alone. Most of their clients prefer to use automated
systems that allow them to buy and sell securities in seconds
based on their own predictions. The share of such systems in
the market in 2004 was already % of all participants [4]. As a
result, the fulfilment of predictions based only on time series
becomes an increasingly difficult task. Millions of bidders
using various algorithms (trend following strategies [5],
weighted average pricing [6], determining local shortages
[7], etc.) gradually reduce the role and, accordingly, the
possible profit from the dependencies they found. Thus, it

becomes especially important to analyse the external
information, not directly related to the process of trading on
stock exchanges. One of the sources of such information can
be the Internet. A text on the Internet has its own tonality —
an emotional indicator expressing the author’s attitude
towards an object of the utterance. The main purpose of this
work is to describe a new approach of feature generation that
can be used in order to predict future values based on the
regression model. This model uses the complex-valued
coefficient, characterizing the possible connection between
statements in social networks in a natural language.

. DATAACQUISITION AND
CONVERSION

The three possible sources of data were identified in this
research: dedicated forums of brokers trading on financial
exchanges, news aggregators, and social networks. The
social network Twitter, which has more than 300 million
active users [8] and an extensively documented API [9],
were identified as a preferable source of information. For the
subsequent analysis, a dataset of 1.8 million messages was
collected from February 24 to April 20, 2016. It contains the
references to “Brexit” — the process of the UK leaving the
EU that resulted in a series of economic shocks [10]. For the
pre-processing data sources, the open-source tool Hydrator
was used to download full texts [11] by identifiers. For
establishing an ETL module, the Bonobo framework [12]
was used for receiving raw JSON-files. The processed data is
loaded into the MongoDB database. The final format of the
data is presented in Table 1. In order to support continuous
data processing, the Digital Ocean cloud platform [13] was
used. The ETL scenarios, which were performing the data
processing continuously, were run after the preliminary
settings.



Table 1. Data format
A. Record data

id Record identifier

user User

date Publication date

text Message text

hashtags Hashtags

retweets Number of retweets of message

B. Composite field «user»

name Account name
location User’s location
verified Verified account
desc Account description
followers Number of followers

1. SEMANTIC ANALYSIS MODEL

Big Data is a term which describes data sets with high
rates of volume, diversity and speed of appearance.
Gigabytes of Twitter messages are an example of Big Data.
Such large amounts of information are difficult to be handled
with traditional methods of data processing. The Apache
Spark [14] open-source framework was chosen as the main
data processing tool; it is included in the Apache Hadoop
ecosystem [15]. Spark provides multiple access to the data
stored in memory for processing information in RAM [16].
Programming language Python was chosen for Spark.

A. Data Preprocessing

The whole process of handling data by machine learning
methods must be divided into two parts in order to obtain the
resulting set of values for the tonality of messages from
Twitter:

» Construction of the model and its training on the ready
marked up data set.
» Applying the trained model to the target message set.
Nowadays, several data sets exist on the Internet—Twitter
messages classified into groups: positive, negative and
neutral. The most extensive collection is one of 1.6 million
classified messages made by Stanford University [17]. For
further work, data in the form of a special format -
DataFrame, was loaded into Spark. Spark DataFrame is a
distributed two-dimensional collection organized as a set of
named columns. In the subsequent processing of this set by
machine learning methods using regular expressions, links to
users and other sites were removed from all messages and
hashtags were turned into plain text. The pre-processing of
the received data was enclosed in a pipeline — a set of the
following text processing algorithms.

» Tokenizer performs a process of analyzing the input
sequence of characters into recognized groups—Iexemes,
in order to get identified sequences—tokens;

» StopWordsRemover word filter clears the input from
frequently used meaningless words.

* Hashing TF-IDF hashing vectorizer of the TF-IDF
statistical measure is used to assess the importance of a
word in the context of a document.

+ String Indexer is applied to the resulting word frequency
vectors.

The entire data set was divided into two subsamples:

training and test sets with the ratio of 95% to 5%. The
procedure described above was applied to both samples.

B. Training of machine learning model

Logistic regression (LR) [18] was chosen as the main
algorithm for the implementation of the machine learning
model. The LR-model was first applied in a training set
containing both the pre-processing pipeline results and
classification of the corresponding messages. The model
trained on that sample was then applied to the test set in
order to measure its accuracy. The resulting classification,
based on the obtained posterior probabilities of the belonging
of objects to two classes of tonality, was compared with test
indicators. The F-measure (3) — an aggregate criterion that
represents the harmonic mean for the precision (1) and recall
(2) metrics [19] — was used as the main metric for the model.

precision = =0.7774 (1)

TP+ FP

recall = = 0.7925 2)

TP+ FN

(precision * recall) B

F —measure = 2 * — =
(precision + recall) 3)

= 0.7849

C. Applying the Model

Brexit affects a huge number of people and is closely
connected with the sphere of finance — the results of the
referendum have already influenced the European market
structure.

In order to extend the functionality of Spark,
SQLContext was created. It is an entry point for working
with Spark [20]. Spark SQL allows performance of data
processing. A dedicated data structure DataFrame is used.

Filtered data from the MongoDB database is fed to the
input of the trained model. In order to improve the accuracy
by using resulting probability, it is possible to define the
boundaries of belonging to classes (negative, neutral and
positive): 0.2 and 0.8, which is shown in Fig. 1. Negative (0—
0.2), neutral (0.2-0.8) and positive (0.8-1).
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Figure 1. Boundaries of selection of classes of tonality.

The results of the partitioning are then aggregated using the
sum of values of each group for each day. PySpark
DataFrame is converted there to Pandas DataFrame for
further work within the traditional data size.

IV. COMPLEX-VALUED FEATURES GENERATION

The results of tonality analysis and stock trading were
visualized. The dependence of the amount of each key on
time is presented in Fig. 2 in the form of a stacked bar graph.
It is shown that the amount of data is unstable and has
constant outliers. This can be explained by a sharp social
agenda of the event. For instance, there was an act of
terrorism in Brussels [21] on March 22, 2016, which resulted
in a flurry of messages.

| mm positive
= neutral
= negative
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2016-02-27 2016-03-08 2016-03-18 20160328 20160407

date

Figure 2. Stacked bar graph of positive, neutral and negative semantics.

Three tonality indicators were aggregated into one
coefficient (4), which is proposed by authors:

pos —neg

(4)

- pos + neut + neg

As stated above, there is a huge variety of stock trading
algorithms. The main purpose of this study is to demonstrate
a new approach of feature generation that can be used in
order to predict more accurate future values in trading
strategies. The main distinguishing feature of this proposed
approach is using the complex-valued econometric theory for
feature generation.

The complex-valued econometrics theory is a vast field
for researches. The main provisions of this theory were
described several years ago [22], but this area is still under
development.

The received semantic coefficients and relevant
indicators of the shares (adjusted closing price and volume
per day) were compared for the purposes of the feature
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generation. The FTSE (Financial Times Stock Exchange 100
Index) shared stock index was taken. This index displays the
British stock markets status.

In order to carry out the complex-valued analysis, the
volume and the closing price were brought to dimensionless
form and centered. The target variable in our analysis is the
closing price. The remaining two quantities, the volume and
the semantics, were converted into a complex variable, with
the former being its real part, and the latter being the
imaginary one.

To check the correctness of the choice of values, it is
necessary to perform a correlation analysis of the obtained
values. However, as shown in the theory of complex-valued
econometrics [22], the generally accepted methods for
calculating pair correlation are not applicable if there are
interrelations between the real and imaginary parts. In this
regard, the complex correlation coefficient was calculated

(®):
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In order to obtain a complete picture of the pair
dependence, iteratively for the offset from one quantity to
another, both coefficients were found: the complex and
standard Pearson coefficients, implemented in the NumPy
package [24]. The results are presented in Fig. 3.

—— complex correlation
standard correlation

—10 5 0 5 10
shift
Figure 3. Dependence of complex correlation and Pearson coefficient on
time shift.

As can be seen in Fig. 3, the difference between the two
coefficients is small, with a slight shift of the complex one.
This fact might be explained by the appearance of hidden
relationships between stock prices and the volume and
semantics manifesting over the time shifts.

In this case, the highest negative correlation is achieved
with a slight forward and backward shifts. Thus, according to
the data obtained, we can speak about some possible
influence of the complex-valued components on the trading
process several days before the fact of trading and vice versa
— several days after.



Therefore, some relationship between the generated
complex value and the target index — the closing price — was
proved. In that regard, the generated feature can be estimated
in terms of possible practical impact in improving the
existing algorithms for trading strategies. To this end, two
types of construction were carried out by one of the most
common regression analysis models — linear regression.

As a standard LR-model, the object LinearRegression
without fit interception from the Scikit-Learn tools library
[25] was used. The input parameters for this function are the
same two columns, which are the basis of the generated
complex-valued feature — the volume and semantic
coefficient.

According to the complex-valued econometrics theory
[22], in case of a relation between the real and imaginary
parts of a complex value, the standard linear regression
equation, as well as the standard correlation coefficient, does
not work appropriately. In that regard, the following formula
(6) was used to build a complex linear regression model.
Since all values are centered, the formula for the parameter
of the model is reduced to:

(by +iby)
_ Zt(yrt + 1yie) O + i)
Zt(xrt + ix;)?

Generally, in stock market price predicting analysis,
forecast for the next day is the most significant, because
longer-term forecasts, in one way or another, will have to be
adjusted by incoming values in the future. Therefore, in
order to evaluate the generated features, both models will be
trained on identical iterative forward moving samples with
different lengths.

RMSE (Root-mean-square error) was chosen as the
comparison metric for two linear regression models. In this
case, RMSE is implemented as the root results of the
mean_squared_error [26] function from Scikit-Learn tools
library.

Figure 4 shows an example of the comparison of RMSE
between the complex and the standard linear regression
models. As can be seen from the figure, the complex model
error line usually lies below the standard regression model,
i.e.,, the complex model RMSE is smaller. The average
RMSE of the complex model is 0.007869, and that of the
standard model is 0.009752. Thus, in this case, the complex
linear regression model, most likely, will give a better result
than the standard regression.

In order to verify the stability of the obtained results, an
iterative resizing of the training set should be carried out and
the mean RMSE for a current training sample size calculated.
A dependency graph of the resulting mean RMSE on the size
of the training sample is presented in Fig. 5.
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Figure 4. RMSE of complex and standard regression.
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Figure 5. Dependence of mean RMSE of complex and standard regression
on train sample size.

Figure 5 shows how RMSE of the complex and standard
linear regression models changes depending on the sample
size. It is easy to see that a complex regression model based
on the generated complex feature appears to be better than
the standard linear regression. The difference between
RMSE reaches more than 40% with a small size of the
training sample (5 elements). With a gradual increase of the
training sample size, RMSE of the standard model decreases,
while the complex one slowly increases. After that, their
RMSEs becomes approximately equally ascending.

In addition to the RMSE-case, all described earlier
actions were performed with MSE (mean square error) and
MAE (mean absolute error) metrics. All obtained results
were similar to the RMSE-case.

CONCLUSION

The paper presents new approaches of generation
features that can be used in regression tasks to improve



existing or create new trading strategies. The implementation
of the new approaches of feature generation was carried out
using the example of determining the long-term dependence
of future companies’ stocks prices on a timegenerated feature
— a calculated tonality coefficient gained by methods of
semantic analysis of texts from social networks.

For semantic analysis, Big Data ETL scenarios were used
to aggregate and preprocess Twitter messages associated
with Brexit, from a micro-blogging platform.

The methods of the complex-valued econometrics theory
were applied to the generated complex feature. The complex
correlation coefficient between the generated feature and the
closing price was calculated. It appears that negative
correlations between the feature and the closing price are the
strongest several days before and after the trading. We have
compared the complex correlation coefficient with the real-
valued one and found that the discrepancy in the results of
the complex and standard correlation increases with the shift
of the feature over time.

The accuracy of the complex and standard linear
regression models with the proposed feature was compared
on the test data set. We found that the complex-valued
regression model based on the generated complex feature
performs better in terms of RMSE than the standard linear
regression.
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Annomayus — Ilpu BO3HMKHOBEHUH MPOOJIeM, CBA3AHHBIX €
NPOU3BOANTEILHOCTBIO POrPAMMHBIX NPHJIOKEHHIA, 10CTATOYHO
MHOI0 BpeMeHH TPATUTCH HA MOHUTOPHUHI WM Pa30op 3amucei
jgoroB. Ilpum JjormpoBaHuMm BpeMeHHM OTHEJIbHBIX onepanui B
(aiis1, cJI0KHO MOHATH, YTO NMPHUBEJIO K BbI30BY 3THX ONepanui,
OTCJICIUTD TOCTAEN0BATENLHOCTD JCHCTBHIH MJIM CMENICHHE BO
BpPeMCHH OJHOH oOmnepanMH OTHOCUTEJbHO [PYroii B pa3HBIX
ceppucax. HMHCTpyMeHTBI IS  TPaCCHPOBKH  IO3BOJISIOT
MUHHMH3MPOBATb PYYHOHi TPyl MO MOUCKY Y3KHX MecT
nporpaMmmMbl. OCHOBHOIi 1e/I1bI0 PafoThI SIBJSETCS PACCMOTpPeHUe
cnemnpukanuu  OpenTracing a8  MHCTPYMEHTHPOBAHHUS
NMPOrpaMMHOI0 KOMILIEKCAa € MHKPOCEPBHCHOI apXHTEKTYpOii.
OO0BbeKTOM HCCIeJ0BAHUS SIBJISIETCS NMPOTPAMMHBINH CepBHC €
MHKPOCEPBHCHOH apXUTeKTypoi. OCHOBHBIMM C TOYKH 3PEHHUS
NMPAKTHYEeCKOH 3HAYMMOCTH Pe3yJbTaTaMH IPEACTABISIOTCH
pa3padoTaHHbIii  €mOCO0, MOAX0A K HHCTPYMEHTHPOBAHHIO
MPUJIOKEHHI ¢ MUKPOCEPBHCHOH apXHTEKTYPOId.

Kniouesvie  cnosa—uncmpymenmuposanue,  npozpammHbolii,
Memod, cucmema, MUKDOCEPSUC, Hpunodicenue, opentracing,
pacnpedenennasn, e3aumodeiicmeue, mpaccuposka, kafka.

BBEJEHUE

B oOnactu pa3paboTKu MpOrpaMMHOTO OOECIEUEHHs I10]T
HMHCTPYMEHTHPOBAHHEM HOHHMAIOT BO3MOYKHOCTb
OTCIe)KMBAHHS  WIH  YCTAHOBJICHHS  KOJHYECTBEHHBIX
[apaMeTpoB  YPOBHS IMPOU3BOAMTENBHOCTH IMPOrPAMMHOIO
MPOIYKTA, a TAKKE BO3MOXKHOCTH THATHOCTUPOBATH OLIMOKH U
3alMChIBaTh HMH(MOPMAIMIO I OTCICKHBAHUS TNPUYMH HX
BO3HUKHOBeHUs [1]. V3Mepenuss B BHAe WHCTPYKIHH KOz
OOBIYHO  HUCHOJB3YIOTCS  JUIsi  OTCIEKHBAHUS  pabOThHI
ONpPEICNCHHBIX KOMIIOHEHT CHCTeMbl. Koria mpuioKeHHe
COIEPIKUT MHCTPYMEHTUPOBAHHBIN KOA, MM MOXHO YIIPABISATH
OpH [OMOIIM CIELUATbHBIX HHCTPYMEHTOB-YTIIUT., CHCTEM
aHaaM3a, HEOOXOAUMBIX MU OLEHKH IPOU3BOJUTEIBHOCTH
TPHIOKEHHSL.

bnaromaps BHyTpeHHEMY MapajjieIu3My U aCHHXPOHHOCTH
COBPEMEHHBIX MPOrPaMMHBIX HPHIOKEHWH paclpeeineHHas
TpacCHpOBKa  CTajla  BaXHOW  4YacThl0  3(PQEKTHBHOTO
MOHUTOpUHIa. TeM He MeHee, IPOrpaMMHBIA UHCTPYMEHTAPUIl
CUCTEMBI JUISl OTCIICKUBAHUS, [0 KpailHE Mepe UCTOPUUYECKH,
OBUT TPYIOEMKOH, CIOXKHOHM 3amadeil. TpaccHpoBKa MPHHOCHT
MIPEUMYIIECTBA  OTCIEKHBAEMOCTH, IPO3PAYHOCTH OOMEHa
COOOIIEHUSIMH TTPHIIOKEHUSI TI0 MEPE €r0 POCTA JI0 HECKOIBKHUX
MOJyJIel, KOTAa MPOCIIEKUBACTCS MTOBBIIICHHBIA MapauIeIu3M

WM HETPUBHAIbHBIC B3aMMOAEHCTBHUS MEXIy KIHEHTAMU U
cepBepaMHu.

C moMOIIBIO TPACCHPOBKH MOXKHO PEIIUTH CIIEAYFOIINe
3amauu [17]:

e HAlTH Y3KHE MecTa B TPOU3BOIUTENBHOCTH Kak
BHYTPU OJIHOIO CEepBUCa, TaK U BO BCEM JEpeBe
BBIMIOJIHEHHUS ~ MEXAY BCEeMHM  y4acCTBYIOUIMMHU
CepBHCaMU;

® HAarJIsIIHO IIOHATH B Kakom IIOCJICA0BATCIIBHOCTU 4YTO
BBIBBIBACTCA U YTO MPOUCXOJAUT KOIJla BBITIOJIHACTCA
oreparusi;

e cOOp wuWHpOPMAMH O JCPEBE HCIONHEHHUS IS
MOCIIEYIOIEr0 OTJIOKEHHOTO aHamn3a. Ha kamaom
9Tale BBINOMHEHHS B TPEHC MOXHO 0DABHTH
HH(POPMAIIHIO, KOTOpast TOCTYITHA HA JAHHOM 3Tarie
W Janbliie pa3oOpaThCsi KaKWe BXOJHBIC JTaHHBIC
TPUBEITH K TIOJ0OHOMY CIICHAPHIO;

e TIPEBpAIllCHNE TPEHCOB B TOIMHOKECTBO METPUK H
JlabHEWUIIHNI aHAIN3 YK€ B BUAE METPHUK.

Hacrtpoiika MHCTpyMeHTapus M pELIEHHE O TOM, KaKOW
TPAaCCHPOBIIMK  HCMOJb30BaTb, MOXET TIPHUBECTH K
yenokHenuto npoekra. Cranmapt OpenTracing mensier ato,
Jenasi ~ BO3SMOXHBIM  TPACCUPOBKM  IIPUWIOKEHHS  C
MHUHEMaJIbHBIMH ~ yewusaMH.  OpenTracing cocTour U3
cnetmpurkanmn  API,  ¢pelimBopkoB u  OubOIHOTEK,
peammsyomye crenuuKaniio, €W JAOKyMEHTAlMH I
npoekTa. OpenTracing no3BossieT pa3paboTyrKaM J100aBIATh
MHCTPYMEHTHPOBAaHUE B KOJ CBOCTO IPHIOXKEHHS C
nomompio API, KoTOpelii HE NpUBA3aH K KaKOMY-TO
KOHKPETHOMY TIOCTABINHUKY WK BeHmopy [3].

Heabto ganHOW pabOTBI  SIBISIETCA  HCCIEIOBaHUE
BO3MOXKHOCTH, CII0COO0B WHCTPYMEHTHUPOBAHHUS
TIPOTPaMMHOT0 KOMILIEKCa c MHKPOCEPBUCHON
ApPXUTEKTYPOH. Ilepenaya “HpOPMALIUT MEXIY

KOMITOHEHTaMH TIPOEKTa MPOUCXoAuT mocpencrsom HTTP-
sanpocos u depe3 Opokep coobmennii Apache Kafka. B
YaCTHOCTH HEO0O0XOTUMO BBISIBUTh BO3MOXHOCTB
POQIITNPOBATE:



° BCC€ MCTObI, (byHKHI/II/I B UCXOOHOM KOJE€ IMPUIIOKCHUA
C MMHUMaJIbHBIM BMECIIATCIIHCTBOM pa3pa60TqI/IKa;

e 3anpocsl 1o nporokony HTTP or ogmnoro
MHUKPOCEPBUCA K APYTOMY;

e COOBITHS MONYYEHUSI U OTIIPABKU COOOIIECHNH B OpOKep
COOOIIIEHHH, B TOM YHCIIE M aCHHXPOHHBIX.

OB30P JINTEPATYPbI

AHanu3 HMCXOMHOTO KOJAa M €ro HMHCTPYMEHTHPOBAHHE
SBISIFOTCS.  (DYHIaMEHTAIbHBIMH  aclleKTaMHM  I[polecca
Pa3paboTKU MPOrPAMMHOTO 00CCIICUCHHsI, HEOOXOIMMBIMHY JIJIS
MMOHMMAHMS TIOBEJCHHUS MPOrPaMMBl BO BPEMS HCIIOIHEHHS.
[ToHrMaHKe CTPYKTYpPhI KOJIa Ha BEICOKOM YPOBHE JIETaIN3alNN
(TobGanpHas 00JACTh MPOrPaMMBI), a TaKXKEe Ha Ooee HHU3KOM
ypoBHE (YpPOBEHb Mpoueayp, (GYHKIHH) OYeHb BaKHO IS
omnajku. BbICOKHIT ypoBeHb aOCTPaKIUM TMO3BOJISET H3YUHTh
TO, Kak TMPOIEAYphl OOMEHHMBAIOTCS COOOIIEHUAMH MEXKIY
c000#i WK KaKKe MPOLEAYPHl TPEOYIOT BhIJETEHHS TaAMATH, YTO
MO3BOJISIET TPOBONTH CIIOXKHBIE MPEOOPa30BaHHS HCXOIHOTO
KOJla, OPUEHTUPOBAHHBIE HA YJIYUIIEHHE MPOU3BOIUTENHLHOCTH
MIPUIIOKEHUSL.

Cpenu Bcex aBTOPOB BBIICIUM JIBYX, 3aTPArvBAIONIMX TEMY
UHCTPYMEHTHPOBAHUS IIPOTPAMMHBIX TPHUIOKEHUSI HauOolee
TIOJIHO ¥ Pa3HOCTOPOHHE.

Cardoso, J. M. P B cBoeii pabote «Source code analysis
and instrumentationy KnaccupuIUpyeT aHaINU3 KoJa Ha
cmamuyeckuti 1 Ounamuveckuil [1]. Cmamuueckuil
ananu3 BBIMONHSETCS 03 3amycka MPHIOKEHHS,
(bokycupyercsi Ha CTPYKType MPOrpaMMHOrO Koja,
HaLleJleH Ha  IIOHMMaHHe  HCXONHOrO  Koza
Pa3pabOTUNKOM, YEIOBEKOM. JuHamuueckuli anamus, ¢
JpYroil CTOPOHBI, KOHLEHTPUPYETCS Ha METpHUKax
MPOU3BOIUTEIILHOCTH HPOTrpaMMBl. ABTODp
MIOKa3bIBAET, YTO CYIIECTBYET OONBIIOE KOJIUYECTBO
METPUK, KOTOpBIE NMPEACTaBIIAIOT HHTEPEC, a TAKKE TO,
4TO NpOGUIMPOBAHKE KOJa, MOANCPKUBACTCA KaK Ha
YPOBHE HCXOJHOI'O KOJa, TaK U Ha YPOBHE OMHApHOrO
NIpECTaBICHUS HCXOAHBIX (aiinos. Yacro
UCTIONIB3yeMasi M BaKHAs MeTpUKa —  BpeMs
BBIMOJHEHUsI.  UTOOBI ~ HAalWTH  «Yy3KOE  MECTO»
MPOrpaMMbl, OOBIYHO B KOJA BCTPauBalOT (QyHKIWH,
NPUMUTHUBBL, HM3MEPAIOIINE BpEMsS  BBIIOIHCHUS
KOHKpPETHOH 00JaCTH Kofa. ABTOp IOKa3bIBaeT, YTO C
MIOMOIIBI0 TUHAMHWYECKOr0 aHaJIH3a MOKHO IONYYHTb
LUKIMYECKUH rpad ¢ MHCTPYKUMSMH IPOTPAMMEBI, C
(baxTHyecKMMH BBI30BaMH mpouenyp. [lons3a rpados
JMHAMHUYECKOr0 aHall3a He TOJIBKO B HACHTH(OUKAIIMI
KOHKPETHBIX BBI30BOB, HO Talke M B JUHAMUYECKOH
uHpOpMaIMKM, TAKOH  Kak  pa3Mep  JaHHBIX,
nepeaaBaeMbIX MEX Iy IPOLEAypaMH.

B cBoem wuccimenoBanmu Rabiser, R. mokassBaer
HEOOXOIMMOCTh MOHUTOPHHTA CJIOJKHBIX,
HEOAHOPOTHBIX IPOTPAMMHBIX KOMIUIEKCOB B CHILY
TOTO, YTO TIONIHOE TMOBEICHHE TAKUX MpPOTrpaMM
OOHApPYXMBAETCS TONBKO BO BpEMS HCIIOTHEHHUS.
Tarke aBTOp MpemyiaraeT HECKONBKO ITOIXOAO0B K
MOHUTOPHHTY, CPEAd KOTOPBIX BBIIEISETCS TTOIXOJ

CBSI3aHHBIX c HMHCTPYMEHTHPOBaHUEM,
BBICTYINAIOIINIA KaK CIIOCO0 JUIsl TOCTHIKEHHUS 3a7ad,
CBSI3AaHHBIX C MOHHMTOPWUHIOM, JHHAMHYECKUM
aHaIM30M. MOHHMTOPHHI pecypcoB HampaBieH Ha
coop HHPOpMAITIT 0 TOTpeOJICHIH
BBIUHCIINTENBHBIX ~ PECYpCOB  KOHTPOJIMPYEMOH
cuctemoii. K  Hekoropoit  mHpopmammu 0
MOTPEOJICHUH PECYPCOB MOXKHO MOJNYYHTH TIPSIMON
JIOCTYIT W3 OIEpPAllMOHHOW CUCTEMBI MM CPEIbl
BBITIOJTHEHNS], HATIPUMEP M3 TIaMSTH UCIIONb30BaHUE
BupTyanbHO MammHel Java (JVM) [9]. Ho, kax
yXe ObUTO CKa3aHO BHIIIE, Takas WH(opMaIus, KaK
BpEMsI HWCIIOJHEHHS TPOLEAYp, (QyHKIHMHA, MOXET
OBITH TONYYEHUs] TOJBKO BO BPEMsS BBIIIOJIHEHHS
MpOrpaMMBI c TIOMOILIBIO TeHepanuu
JIOTIOJTHUTENILHOI'O0 KOJa JUIsi M3MEPEHHsT BPEMEHH
BBITIOJIHEHUST OIPE/ICNIEHHBIX ydacTkoB. Ho Tak
Jno0aBieHHe Takoro KoJa He MpPeACTaBIseTCs
BO3MOXKHBIM B COBPEMEHHBIX  ITPOTPaMMHBIX
KOMIUIEKCaxX, TO M3MEPEeHHEe BPEMEHH JOCTHIaeTCs
3a cyeT WMHCTpYMEHTHpOBaHMs. B wnccienoBanuu
TOBOpUTCH, 4TO WHCTPYMEHTBI JUIst
WHCTPYMEHTHPOBAHUS  JI00ABISIOT  M30BITOYHOE
BpEMsI BHIIIOJIHEHUSI B IPOTPaMMy, O3TOMY HYXKHO
TIIATEIBHO MOJAXOANUTHh K BBIOOPY MOCHEIHHX. DTO
OJIHA U3 TJIaBHBIX MPUYWH, TIOUEMY ISl HACTOSIIETO
UCCIeIoBaHusl ObUT CHelaH BBIOOP B CTOPOHY
cranapra OpenTracing.

OB30P CITELIMOUKAITMU OPENTRACING

MHKpOCEpBHCHI TPEOCTABISIOT MOIIHYIO apXUTEKTYPY,
HO He 6e3 mpobieM, 0COOEHHO B TOM, YTO KacaeTcs OTIaAKH
U HaONIOJeHWs 3a paclpeleNieHHbIMA TPaH3aKLIUSIMH B
CIIOKHBIX CHCTEMAX.

PacripeneneHnas TpaccupoBKa OOECIIEUMBAET PpEILICHUE
JUIL ONHCaHWsi M aHalM3a MEXIPOLECCHBIX TpaH3aKLHUMH.
Hekoropble u3 ciaydaeB HMCHONB30BAHUSA pacHpeneiIeHHON
TPAaCCHPOBKH,  BKIIOYAIOT  OOHapykeHHE  aHOMAJIHH,
JMarHOCTUKY npobiem COCTOSIHUSA CHCTEMBI,
pacrpenenieHHoe npoHINPOBaHUE, pacripezeneHye
pecypcoB W MOIEIHMpOBaHHME  paboueldl  HarpysKkH
MHKPOCEPBHCOB.

Tepmunonorus cnenudukanun OpenTracing BKiIto4aeT B
ce0s CIeMyromIre MOHATHS:

e Trace — omnucaHHe TpPaH3AKIMH, MHPOXOIAIIEH
4yepe3 pacipene/iCHHYIO CUCTEMY;

e Span — WMCHOBaHHAs, CHHXPOHM3HPOBaHHAA
omepanusi, IMpPEACTABIIIOMAsS 4acTh  pabodero
npouecca. COmEPXKHUT TETH «KIOY. 3HAYeHue», a
TaKKe JIeTAIM3UPOBAaHHBIE CTPYKTYpHUPOBAHHBIC
JOTH C METKaMH BpPEMEHH, IPHUKPEIUIEHHBIE K
KOHKPETHOMY 5K3EMIUIIPY CIIaHa,

e Span Context — wuH)pOpMAIHI TPACCHPOBKH,
KoTopast COTPOBOXKTAET pacnpeneneHHyo
TPaH3aKIIMIO, B TOM YHCJIE KOTIa OHA MIepeaaeTCs U3
cepBHUCa B CEPBHC MO CETH WM dYepe3 IIHWHY
COOOIIIEHUH. Kontekcr craHa COIEPKUT



I/II[EHTI/I(l)I/IKaTop TPaCCUPOBKH, I/II[GHTI/I(l)I/IKaTOp CIIaHa
U JHO0BIE Apyru€ JOaHHBbIC, KOTOpbIC CHUCTEMaA
TPAaCCUPOBKHU JOJDKHA TIIEPpCAaTb B HI/ICXO,HSIIHI/If/i

CEpBUC.
CepBuc A 3anpoc no cern  CepBuc b
Poauresnnckmii cnan KonTekcr cnana JlouepHuii cnan
| Tloromox | |
o Jlor Jlor Jlor
i Ilotomox
Jlor Jlor

C Toukm 3pC€HHA HWHCTPYMCHTHPOBAHUA COBPCMCHHAA
nporpaMmHas CUCTEMa BBITTIAANUT CICAYIOIINM o6pa30M:

Bam cepBuc CTOpOHHPlﬁ
Tlpotoxoa MexcepamcHore
AP an Cropounue ) cepB"c
MHCTPYMEIUNE | Gy GIIHOTERH|
Tpacnponouuagﬁii

ungopmanusn

Tpacnposounas|
uupopmanus
Bama cucrema il C TOPOHHSIS CHCTEMA
aHaJIM3a ARRALE aHaJIH3a

Tpacnposounas
undopmanus

Pucynok 2: Ilpoepammuas cucmema co cmopomst pacnpeoenenHozo

JuzaiiH cHCTeMBbl COIEpXXUT B ce0e YeThIpe Ba)KHBIX
JJIEMEHTA!

e [IporpammHbIit UHTEpQENC U1l HTHCTPYMEHTHPOBAHNS;

e IIporokosn,  UCHONB3YIOIUMHCA  [UI1  OTHPABKHU
TPAacCHPOBOYHOW HH(pOpPMAIMH BMeCTe C AAHHBIMH
npuioxenus B 3ampocax RPC;

e JIpoTokonm JaHHBIX: HPOTOKON, IO KOTOPOMY
NepeAaIoTCsl JaHHBIE B CUCTEMY aHAIN3a;

e Cucrema ananu3a: 0a3a JAHHBIX W HHTEPAKTHUBHBIH
unHTepdeiic s paboThl C JaHHBIMU TPACCUPOBKU.

[porpammusiii  unTepdeiic OpenTracing npemocraBiseT
CTAQHIAPTHYIO HE3aBUCHUMYIO OT IPOM3BOIMTENS Cpeny Ui
WHCTPYMEHTHUPOBAHUA. DTO O3HAUAeT, YTO €CIH pa3paboTdmk
Xo4eT omnpoOoBaTh IPYTyld CHCTEMY  paclpenelieHHON
TPACCHPOBKH, TO BMECTO TOT'O, YTOOBI IOBTOPSATH BECh IPOIIECC
WHCTPYMEHTAapHsi Il HOBOW CHCTEMBI, MOXHO IIPOCTO
WU3MEHHUTHh KOH(UTYpaIHIo pealu3aliyd 3TOro IPOrpaMMHOI0
uHTEpdetica.

CTONT OTMETHTh, YTO MHCTPYMEHTHPOBAaHHWE HE SBISETCA
CHHOHUMOM NPOQHIMPOBAHMS, OTOOPAXKAIOLIEr0 CKOPOCTh
BBITIOJTHEHHST PabOTHl KaKIAOro Merona B mporpamme [4]. Dto
IIpaB/a, YTO MHCTPYMEHTHPOBAHHE MOXKET OBITh NMPUBENECHO K
npodunupoBannio, Ho uuaeonorus OpenTracing'a roBopur o
TOM, 9YTO HMHCTPYMEHTHPOBAHHEM 3aHHUMAETCS pa3pabOTIHK
TOJBKO B TEX MECTax MPOTrPaMMHOTO KOJa, KOTOPHIE SIBIISIOTCS
3HaYMMbIMH. Hampumep, nMmeercst Toukax BXoZa B TIPOrpamMMy B
Bunge APl-unentudukatopa. Metonm, KOTOPOMY AEIETHPYETCS

BBI30B, BHYTpH Ce0sI MO IIETIOYKE BBI3BIBAET JPYrUe METOJIBI
U3 JPYruX CEpPBHCOB, U T€ B CBOIO OUEpEAb JENAlT TOXE
camoe. UroObl HaWTH y3KO€ MECTO IPOTrPaMMEI,
UHCTPYMEHTHPYIOTCSI HHTEPECYIOIE MeCcTa HCXOIHOIO
koma. Ilocie oTOOpa)keHHs LETOYKH BBI30OBOB B CHCTEME
aHaIM3a  CTAHOBUTCS ~ MOHATHO, 4YTO  HeoOXomuma
JIOTIONTHUTEIIbHASL MHCTPYMEHTAIMA 3ampoca K 0a3e JTaHHBIX.
Ilocme cucrema aHanmm3a  OKas3bIBaeT, 4YTO  3alpoc
BBIMOJIHAETCS  CPABHUTENIBHO  JUIMTENIBHOE BpeMs IO
CPaBHEHMIO C  OCTalbHBIMM  HHCTPYMEHTHPOBaHHBIMU
METO/IaMHU.

Taxxe OTIIHYHE HUHCTPYMCHTHUPOBAHUSI oT
OpOGHINPOBAHUS 3aKIFOYAeTCs B HMH(OpPMALUH, KOTOpast
mepeaeTces 10 IEeMoYKe BBI30BOB, HAOOp KOTOPOH Takke
ompenensercss  paspaboruukom [4].  Hampumep, npwu
UCKITIOYMTENFHOW ~ CHUTyalluH CIaH MOXKET —COJepXaTh
coobmieHne o0 omuOKe, NMpU >KYPHAIUPOBAHUH YCIIEITHOH
OmepalMid  COXpaHeHHs CYIHOCTH B 0a3y JaHHBIX
COOOIIIEHNE MOXKET TaKKe OBITh 3aIMCaHO B CIIaH.

HNHCTPYMEHTUPOBAHUE ITPOI'PAMMHOM CUCTEMBI

Heo0xoquMo BBISBUTH BOSMOXKHOCTH TPOQHIMPOBAHUS
Java MeTo0B B MICXOTHOM KOJI€ MTPUIIOXKEHUS O3 N3MEHEHHUs
HCXOJTHOTO Kofia METO/IOB, BO3MOKHOCTH
MHCTPYMEHTUPOBAHUS B3aMMOJEUCTBUN MEXIY CEpBHCAMHU
nocpenctesom HTTP-3anpocoB, a Taxke mnNoaydyeHUs U
OTIPaBKH COOBITHI Yepe3 OpoKep COOOILICHUIl, B TOM 4YHCIe
Y aCUHXPOHHOT'O MOJTYYeHHsI COOBITHH.

A. Ipoghunuposanue npocpammHix Memooos

Tak kak  OBUIO  TOCTaBIEHO  YCIIOBHE, 4TO
MHCTPYMEHTALIUSl METOAOB JIOJDKHA IIPOMCXOIUTh  0e3
BMEIIATENILCTBA B HMCXOIHBI KOJI HWHCTPYMEHTHPYEMOTO
METO/1a, TO OBLT BBIOpaH MOIXOI aCIIEKTHO-
OPHEHTUPOBAHHOIO TNPOrPaMMHUPOBaHHS — 3TO METOJIUKA
NpOrpaMMHUpPOBaHMSl B paMKaxX KJIACCOBOW MapajurMel,
OCHOBaHHAsT Ha TIIOHATHM aclekrTa — OJoKa Koja,
WHKAIICYJHUPYIOIIET0 CKBO3HOE IIOBEICHHE B  COCTaBe
KJIACCOB M TIOBTOPHO MCIIOJNBb3YEMBIX MOAYJICH.

Ocnosusle noustus AOIT:

e Acmekr (aHri. aspect)— Momymb WIM - KJacc,
peaiM3ylolmuil  CKBO3HYIO  (DYHKIIMOHAIBHOCTb.
ACHeKT W3MEHseT TMOBE/ICHHE OCTAJIBLHOrO KOJa,
NPUMEHSISI  «COBET» B  TOYKAaX  COCAWHEHHS,
OIpPEIENIEHHBIX HEKOTOPBIM CPE30M;

e Coer (amrm advice)— cpenctBo 0hOpMIICHHS
KOJIa, KOTOPOE JOJKHO OBITh BBI3BAHO M3 TOYKH
coequuenns. CoBeT MOXKET OBITh BBINIOJIHEH [0,
[IOCJIE MJIM BMECTO TOYKH COEIMHEHUS,

e Touka coemunenust (aHmi join point) — Touka B
BBITIOJIHAEMOM IIPOrpaMMe, TJIe CIEAYET IPUMEHHUTD
COBET;

e Cpes (aurm. pointcut) — HaGOp TOYEK COETHHCHHUSL.
Cpe3 onpezensier, MOIXOAWT JH JAHHAs TOYKA
COEIIMHEHNS K JIAHHOMY COBETY.



st BHEJIPEHHUS CKBO3HOM (YHKIIHOHATLHOCTH
TPAacCUPOBAaHUS ObUT CO3/IaH ACIEKT, 3aBOPAYMBAOIINN BHI3OB
Meroma B crmaH. J[is Toro, 4ToObl acmekT mor o0paboTaTth
METOJl, HEOOXOMUMO MONYYHTh K HEMY JOCTYI. DTO OBLIO
chenmaHo depe3 o00paOoTKy Java aHHOTAaWM, CTaBAIIMICS
MOBEPX YKETaEMOro METO/IA.

Taxkum o0Opazom, miust MOOaBICHHS HHCTPYMEHTALWHU JUIS
JKEJAEMBIX METOJIOB HEOOXOIUMO JOOABHUTH TOIBKO aHHOTAIHIO
K 9TUM METOJIaM.

B. Tpaccuposanue HTTP-3anpocos

OpenTracing TIOJTY4HIT JIOCTaTOYHO IIHUPOKOE
pacmpocTpaHeHHe, 3a CYET Yero HMEEeTCS  OrPOMHOE
COOOMIECTBO  pa3pabOTYMKOB M CAMHOMBINUICHHHUKOB,

TIOAJICP>KUBAIONIMX U Pa3BUBAIOIINX JaHHBIA MpoeKT. MmMeercs
MHO)KECTBO TOTOBBIX pEUICHHH JUIS MHOTHX IOIYJISIPHBIX
OubNMMoTeK M TexHoNorui. Hampumep, mmeercs moanepixka
WHCTPYMEHTHPOBAHMS 3ampocoB B 0a3y nmanHbix MongoDB,
TpaccHpOBaHHE 3ampocoB KineHTa OKhttp, moxnepxka Opokepa
coobuienuit RabbitMQ u T. 1.

Tak kak B MCXOTHOM TIPOEKTE HCIIONB3yeTcsi (hpedMBOpK
Spring, umeronmii BHyTpu cebs kiment RestTemplate mis
OTMpaBKU http-3ampocoB, TO cymiecTByeT OuOIHOTEKa java-
spring-web, mo3BosrOLIAsS HHCTPYMEHTHPOBATH BCE BXOJISIINE
u  ucxomaumme  http-zanpocer  «u3  xopobOku».  Jlus
ABTOMATHYCCKOM HACTPONMKH JIOCTATOYHO JIMIIL JT00aBUTH
3aBHCUMOCTb B Java classpath. [Ipoucxoaur 310 U3-3a HATHYUS
(WIBTPOB-MHTEPCENTOPOB ~ —  KJIAacCOB,  JI00ABIISFOLINX
00paboTKy 3ampoca Imepeji ero ornpaBkod. Buyrpu ¢unbtpa
HNPOUCXOMUT CO3JIaHHE CllaHAa M KOHTEKCTa, MepeNaroIierocs
BMECTE C ITOJIE3HOM HArpy3Kkon Ha ykasaHHbI URI

Tak kak (pediMBOpK SPring mo3BOMsET 3a7aBaTh EMOUYKY
HHTEPCENTOPOB 0e3 HETIOCPEACTBEHHOTO y4acTus
pa3paborunka, TO JAaHHbIH QUIBTP J00aBISIETCS BHYTPU
BCIIOMOIaTeJIbHONM OHOIMOTEKH 000COOJEHHO, YTO ITO3BOJIIET
HHCTpyMeHTHpOoBaTh  RestTemplate 6e3  momomHHTETBHBIX
HaCTPOEK.

C. Uncmpymenmayus é3aumooeticmsus uepes 6pokep
coobwenul

Ilpexxne 4Wem  mepeldiTh K  ONUCAHHIO  CIIOCOOOB
WHCTPYMEHTHUPOBAHHUS  B3aMMOJACHCTBHI  uepe3  Opokep
COOOILIEHUH, HEOOXOMUMO OMKCaTh, MPOU3BECTH BBEJICHUE B
apxutektypy u TepmuHomorumto Apache Kafka. Kafka
3aIyCKaeTcsl Kak KacTep Ha OZHOM HJIM HECKONBKHX CEepBepax,
KOTOpbIE MOTYT OXBaThIBaTh HECKOJBKO Y3JIOB 00pabOTKU
nauaeix. Kmacrep Kafka xpamur szammcn B Kareropusx,
Ha3bpIBaEMBIX TeMaMu (aHri. topic). Kakmas 3amuich COCTOMT u3

kiroua (anri. key),  3HaveHws (aHriL. value) © = OTMETKH
BpeMen# (aHri. timestamp).
Kadka wuMeer ueThlpe  OCHOBHBIX  MPOTPAMMHBIX

uHTEepdeiica, M3 KOTOPHIX B ATOH padoTe MOHAIOOSATCS TOIBKO
IBa:

e APl  mpomsBomurens (aHri. producer) — MMO3BONSET
MIPUJIIOKECHUIO ITyOJTMKOBATH IOTOK 3alMCed B OIHOM
WJIN HECKOJIBKUX TEMax;

e APl  morpeburens (auri. Producer)  mo3Bomsier
NPWIOKEHUIO  TOANUCHIBATBCA HA  ONHY WK
HECKOJIBKO TeM M 00padaThIBaTh IMOTOK CO3JaHHBIX
TS HUX 3aIIHCEl.

CBsI3b MEXIly KIIMEHTAMHU M CEPBEPAMH OCYIIECTBIISETCS
C TOMOUIBI0O  TPOCTOTO,  BBICOKOIPOM3BOAUTEIHHOTO,
He3aBUCHMOro or s3bika nportokona TCP. Mwmeercs Java-
wiment qus Kafka, HO KITHEHTBI MOCTYMHBI Ha MHOTHX
SI3BIKaX BBICOKOTO YPOBHSL.

Tema — 3TO KaTeropuss WM Ha3BaHHME KaHala, B
KOTOpBIil TyOnukyrorcs 3amucd. Tembl B Kafka Bcerma
MHOT'OII0JIB30BaTeNbCKHIE, TO €CTh TEMa MOXET UMETh HOIb,
OJJHOTO  WJIM  HECKOJNBKHX  IOTpeOuTeNeil, KOTopbIe
MOJNHCHIBAIOTCS HA HEe.

1) Cunxponnoe g3aumooeticmsue

Kak wu mgms RestTemplate'a pmns  Apache Kafka
CYILECTBYET Habop OubIHOTEK java-kafka-client,
MO3BOJISIONIMX 3a/1aTh MHCTPYMEHTHPOBAHUE BCEX 3alPOCOB
MPOM3BOMKUTENSE U OTpeduTens. st HACTPOWKH MOBEICHHS
Kafka B  Spring-mpoekToB  ucmomb3yercs — MIabiIoOH
NPOCKTHPOBAHKS JIEKOPATOP — CTPYKTYPHBIH I11a0J0H
NPOCKTHPOBAHKS, NPEAHA3SHAYCHHBIA ISl JHUHAMHYECKOTO
MOKJTFOYEHHUS JIOTTOJTHUTENIBHOTO TOBEJCHUS K 00BEKTy. 3a
CUeT JAHHOM HACTPOMKHM CTaHAAPTHOMY IOTPEOUTENIO H

MMPONU3BOJUTEIIO 3a1ar0TCs IMOBCIACHNEC JJIA
HHCTPYMEHTHUPOBAHUS, o6opaqHBa}0Luee BCC BBI3OBBI
COOTBCTCTBYHOIIIMX MCTOAOB B  CO3JaHUE CIIAaHOB H

TpaCCUPOBOYHOI'0 KOHTEKCTA.

Nubopmariis 0 TpaCCHPOBOYHOM KOHTEKCTE TepenaeTcst
BMECTE CO CTPYKTYpOH Tuna  Kaou-3Hauenue. B sToi
CTPYKTYpE COIEp)KaThCid 3arojoBKH, KOTOpBIE CHOCOOEH
pacrnio3HaTh Jaeger, peanusanusa OpenTracing'a, Ha cepsepe,
KyJa moctynaer Bcsi MHGOpManus O npo(UIMpOBaHUU CO
BCEX CEPBHCOB.

HeoOxomuMo MOACHUTH, 4YTO KaXJIas peann3anust
cnempukanmn  OpenTracing, onpenensier cBoil  Habop
3aroj0BKOB, HCHONB3YeMBIX I INepefayd M IOMyYeHHs
TPACCHPOBOYHOI'0 KOHTEKCTa MEXKIY CepBHUCAMHM, MOIYIISIMHU.
Jaeger MoxeT OBITH 3amyIleH B PEXUME COBMECTHMOCTH C
Zipkin'oMm, pacmpeneieHHOW CHUCTEMOH OTCIeKHBaHHUS,
SIBIISTIOIIIANCS OIIHOBPEMEHHO crierpuKanuen "
peanmzanueir. [laHHblii (peHiMBOPK TOSBHJICS paHbIIE
OpenTracing’a u Jaeger'a, To ecTb MOTYT CYIIECTBOBaTbh
CHCTEMBI, KOTOpBIE YXe OBUIM HHCTPYMEHTHPOBAHBI HM.
Yt00BI HE HIepeeNbIBaTh (YHKIIMOHATIBHOCTh
MHCTPYMEHTHPOBAHHMS U 3THX CEPBHCOB, BO3MOXKHO 33]aTh

dopmar 3aromoBkoB s Jaeger'a, KOTOpele OydyT
npuHuMathes Zipkin'om. dopMaT Clie Ty oIuii:
e X-B3-Traceld — wunenruduraropa TpacCHpOBKH,

SIBJIIETCS €IUHBIM IS BCEH IIEITOYKH BBI30BOB IS
OJHOM TOYKH BXOJa;

e X-B3-Spanld — unentndukaropa criana;

e X-B3-ParentSpanid — HICHTH(PUKATOP
POIMTEIECKOTO CIaHa, UCTIONB3YeTCs IS CO3MaHUs
CBA3€EH pOAUTENL — MOTOMOK;



e X-B3-Sampled —
HHCTPYMCHTHPYEMEBIX  3aIpOCOB,
BHUJIOB:

WACHTU(PHUKATOD  BBIOOPKH
ObIBaeT deTHIpex

°  TIOCTOSHHas BBIOOpKa — 00pabdOTKa WiIM He
00paboTka Bcex 3arpocos;

°© BCPOATHOCTHAA BBI60pKa — BI)I60p 3arpoca Ha
OCHOBE€ BepOHTHOCTHOﬁ XapaKTCPUCTUKU,

°  BHIOOpKA Ha OCHOBE AJTOPUTMa TEKYLIEro BeApa,
3aJIAI0NIUHA KOTMYECTBO MPUHAMAEMBIX 3aIPOCOB
B CEKYHIY.

Crparerun BEIOOpKH UCTIOJNB3YIOTCS JUTst
BBICOKOHATPY>KEHHBIX CEPBHCOB, [UIsl YMEHBLICHHS HE TTI0JIE3HOM
Harpy3ku Ha cepBuc. Hampumep, wumeercs  CepBHC,
obOpabateBaromuii 100  3ampocoB ¢ cekyHmy. Ecmu
WHCTPYMEHTHPOBATh BCE 3allpOChl, IIOCTYMAIOMIME Ha 3TOT
CepBUC, TO OBICTPO MPOU3OMIET MeperoaHeH s 0a3bl TaHHBIX,
KyJa 3arpyxaercsi HHpOpMaIHs O TPACCUPOBKE, TAKKE CEPBUC
HauyHeT paboTaTh MeEIUIEHHEH H3-32 HaKJIaJHBIX pacXoJIOB.
UroObl n30exaTh NaHHBIX MPOOJIEeM, MOXXHO HCIIOJIb30BaTh
BBIOOPKY OIHOM JiecsiTOi BceX 3ampocoB, YTO TIO3BOJIUT
paborath cepBUCY B INpPEKHEM DPEXKHME, a CUCTEMBl aHaiIn3a
Oymer MMeTh JOCTATOYHOE KOJMYECTBO WH(OpManuu s
IpocMoTpa.

Kaxmast 3amuce B Kafka comepxur  3aromoBkw,

HpecTaBlIeHHbIE HA PUCYHKe PucyHOK.

Takum 00pa3oMm, NOTPEOHUTENh NMPH HPUHATHUH COOOIICHHS
pacrmo3Haer 3arojOoBKM 3alHCH, W CMOXKET MPOAOJDKHUTH
LENOYKY BBI30OBOB [aibllie, HE IpEpbIBasi KOHTEKCT Ha
000CO0JIEHHbIE YaCTH.

2) Acunxponnoe 63aumooeticmaue

HexoTopsle MUKPOCEPBHUCH COAEPIKAT B ceOe ACHHXPOHHYIO
NOANMCH HAa TEMBl 4Yepe3 CHELUAIbHYI0  aHHOTALHMIO
KafkaListener. Merox, KkoTopslii pabotaer ¢ JaHHOI

AHHOTAIMEHN, CUMTHIBAET COOOIIEHMS U3 TEMBI B TOT MOMEHT,
KOTJa OHM TaM IOSIBIITIOTCS. Tak KakK MPOMCXOIHUT HETpsIMOe
MOJy4eHHe 3amucell M3 TEMbI, a TakkKe CEpPBHC MOXET
HAXOINWTCSd B HEAKTMBHOM COCTOSHHHM B MOMEHT IIOSIBICHHS
3ammcei B TeMe, TO HeoOXomuMa JIOMOJTHHUTENbHAS HACTPOIKa
JUIS ACHHXPOHHOT'O B3aUMOJEHUCTBUS. Jlannas
(YHKIIMOHAIBHOCTH He pabOTaeT «Hu3 KOPOOKU».

Juist Toro, 4To0bI ObLIA BOBMOYKHOCTD MPOJIOJIKHUTH IIEOUKY
CHAHOB IIPU ACHMHXPOHHOM CUUTHIBAHMHM U3 TEMbI Opokepa
cO0OIIEeHUH, HEOOXOAMMO BBITIONHUTH CIEAYIOIINE [IarH:

®  CKOH(pHI'YPHPOBATH KafkaTemplate KJIMEHT,
OTBEYAIOIIUA 3a OTMPaBKy COOOIIEHWA B TEMBI
Opokepa, 4TOOBI 3arOJIOBKH OTIIPABILUTUCH BMECTE C
TenoM cooOmeHns. [loBeneHwe MO-yMOTYaHHIO HE

3aMMChIBAET 3arojOBKM MPHILIE/IIET0 COOOIIEHHS
IIPU €ro JajabHENIIeH OTIPaBKE;

® AaKTHBHPOBATH (YHKIMIO TIPUHATHS 3amucedl B
pexume «batchy, TO eCTh TOPIUAMHU, MTAKSTAMHY;

e B Mmerome ¢ anHoranmer Kafkalistener Bmecrto
BXomHOro  mapamerpa B Buae DTO-ob6wexma
NPUHUMATH JIHCT 3amiced Tuna ConsumerRecord;

e 3amWcaTh 3aroJIOBKM  TPHINEAIICH 3allCH B
nokansHoe ThreadLocal xpanunuiiie;
e  OTIPaBHTH cool1eHne yepes MeTOx

org.springframework.kafka.core.KafkaTemplate#se
nd(org.springframework.messaging.Message<?>),
IIpyu 3TOM OOIOJIHHB COO6HIeHI/Ie 3aroJIoBKaMu us3
nokansHoro ThreadLocal xpanumuiiia.

Takum o0Opa3oM, OO0 CEPBUC MOXKET ACHHXPOHHO
OPUHUMATh COOOIICHHST M TPACCUPOBOYHBIN KOHTEKCT W3
TeMbl Opokepa COOOLIEHWH, TpPU 3TOM  COXPaHssA
KOHCHCTEHTHOCTh, €IMHOOOPAa3HOCTh IICTMOYKH BBI3OBOB B
CHCTEeMEe aHanu3a CrnaHoB. [Ipy 3TOM y B 3arojoBOYHOMN
uHGOpMAIIMK  TOSBIIAIOTCSL  3arOJIOBKH € IpedUKcoM
second_span_, YKa3bIBalOIIMM Ha HAJIMYME POJUTEIBCKOrO
KOHTEKCTA B 3aITHCH.

3AKJIFOYEHUE

B pesynbraTte, Ha BBIXO/IE JAHHOW pabOTBl UMEIOTCS
u3ydeHHas crenudukanys, cTaHiapT UHCTPYMEHTHPOBAHUS
OpenTracing, sBIsIOMIMIICA MPOrpaMMHBIM HHTepdeiicom,
pexoMeHanuen K peanuzanuy, PaccMOTpEHBI
OlpeJieNieHHbIE peai3alui  dToro uHTepdeiica (Jaeger,
Zipkin). HM3ydeHbl crocoObl mepegauyd  KOHTEKCTHOM
uHGOpMALMKM MEXKIy CepBHCaMH KaK B IUIAHE THIIOB
HOCUTEeNe KOHTEKCTa, Tak ¥ B IUIAaHE MPOTOKOJIOB
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—
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B3aNMOJIEHCTBHS.

HcenenoBaHsl mOAXob! K HHCTPYMEHTALUH TTPUIIOKEHUH
C MHKpPOCEPBHCHOM apXHTEKTypOH, CHOcoObI J00aBICHHUS
(YHKLIMOHAIBHOCTH ~ TPAaCCHPOBKH Kak Il OOBIYHBIX
IPOrpaMMHBIX METO/IOB, €AMHUL (PYHKIIMOHAJIBHOCTH, TaK U
IUTSL CTIOCOO0B MEXITPOLIECCHOTO B3aUMOJICHCTBHS, TAKUX KaK
HTTP-3ampockr 1 Gpokepsl COOOMIEHUH B PONH CHUCTEMBI C
NPHUHIUTIOM «U31aTeIb-TOIITUCYHK.

Ha Brixome paboThl uMeeTCS HWHCTPYMEHTHPOBAaHHBIN
MHUKpPOCEPBUCHBIM NpOeKT. Ha pucyHke HMKE NOKa3aHbI
CIIaHbl, HEAEINUMBIE CYIIIHOCTH BBITTOTHEHHUS, U Pa3iIMUHbIX
B3aUMOJIEHCTBUI MEXIY eIUHUIIAMU BBIIOJTHEHUS
HCXO/THOTO KOJia.

B xope rccnenoBaTenbCKoOi pabOThl OBUTH MOCTABIICHBI U
BBITIOJTHEHBI CIIC/TYIOIINE 3aJa4H:



HU3y4eHa CHeHI/I(l)I/IKaHI/IH OpenTracing’ paccMOTpEHEBI 6. Dnyaneshwa_r Panchal_ (2017) Program Analysis Using Code
NPUHIMIEL PabOTHI ¥ UIEOJIOTUH MPOEKTHPOBAHHMS TI0 Instrumentation Techniques
. 7. Bruno Cabral, Paulo Marques (2019). RAIL: code
aHHOMY CTaHJApT
A y apty. instrumentation for NET
paccMOTpPEeHBI CIOCOOBI MHCTPYMEHTHPOBAHUSI BCEX 8.  Garbervetsky, D., Nakhli, C., Yovine, S., & Zorgati, H. (2015).
€IUHUI] BBHIIOJHEHHWS C TOYKM 3peHHs padoThl Program Instrumentation and Run-Time Analysis of Scoped
KOMIIOHEHT MHKPOCEPBHUCA: g:?;?]?:;y in Java. Electronic Notes in Theoretical Computer
° METOJIbI UICXOTHOI'0 KOJIa, 9.  Bechini, A, & Prete, C. A. (2015). Behavior investigation of
concurrent Java programs: an approach based on source-code
o http-3anpocsr; instrumentation. Future Generation Computer Systems
10. Muhammad, T., Halim, Z., & Khan, M. A. (2017). Visualizing

° B3aUMOJIEHCTBUE Yepes Gpokep coodIeHHi; trace of Java collection APIs by dynamic bytecode

instrumentation. Journal of Visual Languages & Computing
11. Nadeau, D., Ezzati-Jivan, N., & Dagenais, M. R. (2019).
Efficient large-scale heterogeneous debugging using dynamic

e  TOIydeH pabOoTAOIEro HIPOrpaMMHOIO CEepBHCA C
(DYHKIIMOHAJILHOCTBIO TPACCUPOBKHU 3aIIPOCOB BO BCEHl IETIOYKE
BEI30BOB.

tracing. Journal of Systems Architecture.

12. Angius, E., & Witte, R. (2016). OpenTrace: An Open Source
HCTOYHIKH Workbench for Automatic Software Traceability Link Recovery.
Cardoso, J. M. P., Coutinho, J. G. F., & Diniz, P. C. (2017). Source 2016 19th Working Conference on Reverse Engineering
code analysis and instrumentation. Embedded Computing for High 13. Russell S. Krajec, Ying Li (2018). Application tracing by
Performance, 99-135 distributed objectives
Rabiser, R., Schmid, K., Eichelberger, H., Vierhauser, M., Guinea, 14. Zhang, T., Zheng, X., Zhang, Y., Zhao, J., & Li, X. (2016). A
S., & Griinbacher, P. (2019). A Domain Analysis of Resource and declarative approach for Java code instrumentation. Software
Requirements Monitoring: Towards a Comprehensive Model of the Quality Journal
i‘;g‘]’:’%ﬁ Monitoring  Domain.  Information and  Software 15. Zou, B., Yang, M., Benjamin, E.-R., & Yoshikawa, H. (2017).
.gy o ) Reliability analysis of Digital Instrumentation and Control
Opentracing. [Dnekrponusiii pecypc]. What is Distributed Tracing?. software system. Progress in Nuclear Energy
(L)JﬁRla: eH:st{t.p(;s:]//?ge]r;t)ramng.|o/docs/overVIew/what-ls-tracmg/ (nata 16. Jacob Dormuth, Ben Gelman, Jessica Moore, David Slater
-p = U ) (2016). Logical Segmentation of Source Code
Cinque, M., Cotroneo, D., Corte, R. D., & Pecchia, A. (2018). A 17. Jaeger. [Dmextpommmii pecypc]. Getting started. URI:

framework for on-line timing error detection in software systems.
Future Generation Computer Systems

Zvara, Z., Szabd, P. G. N., Balazs, B., & Benczir, A. (2018).
Optimizing distributed data stream processing by tracing. Future
Generation Computer Systems

https://www.jaegertracing.io/docs/1.12/getting-started/ (narta
obpateHust: 08.10.19)



Methodology of service development with a single
Application Programming Interface

Vitaly Monastyrev

1[0000-0001-6770-4481 - 1[0000-0003-1116-7765
[ 1. Pavel Drobintsev [ ]

Institute of computer science and technology Peter the Great St. Petersburg Polytechnic University, Saint
-Petersburg, Russia,
vit34-95@mail.ru

Abstract. Users of the services can interact with the
application using a browser or using mobile devices. The
most popular mobile platforms today are iOS and Android.
Development of any service includes backend (application
logic, database) and frontend (interface) part. Development
of frontend part for web, iOS and Android parts is carried
out separately, but you can use a single API, which is
implemented in the backend part, instead of implementing
different backend parts for each platform. In this article we
will consider the architecture of a single APl and describe
the methodology of its development, which allows you to save
resources when creating a service.

Keywords: mobile development, web development,
Application Programming Interface, backend architecture.

1 Introduction

When developing any service, it is necessary to try to
reach the largest possible audience of users. If 10 years ago
the service was usually implemented only in the form of a
web application, today it is also necessary to develop for
mobile platforms. The most popular are Android and iOS.
Development for several platforms requires significant
resources, so you need to try to optimize this process as
much as possible [1]. One way is to implement a backend
part that will support a single Application Programming
Interface (API) for all platforms.

We will consider creating a single APl based on
the Representational State Transfer (REST) API
architecture. By a single API, we will mean a system built
on the REST API architecture, which does not contain
duplicate methods for different platforms, but implements
only 1 method used by all platforms. The REST API
architecture implies that server-side methods are
implemented that perform certain actions, for example,
return values from the database, change values in the
database, load the sent file on the server, and so on. The
main problem here is that the implemented methods should
work equally well for different clients (Android, iOS,
web). For example, different devices have different speed
of connection to the Internet, and if for one device ten
photos in high resolution from the server are downloaded
quickly, then for another device 10 photos from the server
need to be shipped in lower quality. This problem could be
solved by implementing two different methods, but it is not
effective. In the following chapters, we'll look at the
methodology of the process of creating a single API that
allows you to not implement different methods for
different devices.

At the moment, there are no standards for how a
single API should be implemented, although there are
various studies in the field [20, 21, 22]. Existing studies
consider either REST API capabilities, or only a single

item - documentation, or a specific tool. In this article we
will consider the methodology for using REST API
regardless of the framework used. Usually, each company
decides for itself how it will implement its API. Also, the
team chooses in what language it will do it. This may
depend on the goals of the service (C++ is better for high-
load systems, NodeJS is better for fast development, etc.),
the preferences of the team, the experience of creating
previous solutions, the existing code base, and so on. As
examples of a single API it is possible to consider Twitter,
Vkontakte, Yandex, Google. APl of these companies can
be used for authorization on other platforms, obtaining
information from the account, etc. It is also a source of
income for some companies. For example, Yandex [2] and
Google [3] provide access to the API of their maps for a
certain price.

However, many companies often do not develop a
single API that would be optimized for all platforms and
release their applications only on one of the platforms. For
example, Prisma [4] and Face App [5] are available for
iOS and Android, but are not available in the web version,
which could attract new users.

When developing a single API, you need to consider
many factors to avoid rewriting it in the future, adding
duplicate queries, system failures [6] and so on. Since at
the moment there is no single methodology for developing
single APIs and different authors offer different
approaches [7, 8], in this article we have tried to build a
methodology on the example of our own development. The
main purpose of this article is a General methodology for
developing a single API, taking into account the problems
that may arise. We offer the following methodology points
that will help to solve most of the problems that will arise
in the development:

1. Application architecture. The most important
part, as it defines the architecture of the entire
project.

2. User registration and authorization. Usually,
to be able to use all the functions of the
service, the user needs to register in it, so it is
necessary to provide a mechanism for
registration and authorization of the user.

3. Using the same GET/POST requests for
different clients. You need to understand what
methods are needed for each platform and
how they can be combined so as not to
implement duplicate or redundant code.

4. Documenting the implemented API. You need
to make sure that the developers of the
frontend part have documentation and
understand why one or the other method is
implemented.



5. Backward compatible versions. When
updating the API, in addition to taking care of
backward compatibility of older versions of
the application, you also need to take care of
compatibility of all platforms.

Thus, our development methodology is represented by
5 points. It is worth noting that we recommend that the
development follow the above sequence of actions. The
first step is to determine the structure of the project, then it
is convenient to do authorization and registration, as it
affects how the 3 point will be implemented. After
implementing step 3, you need to document the API. You
can then consider backward compatibility for future
releases.

2 Application architecture

Consider a single system architecture that uses a single
API (figure 1). This architecture is General and allows you
to abstract from specific programming languages and
frameworks. The architecture of the application discussed
in this article is shown in figure 1. It is worth noting that
this architecture can be used in the development of almost
any service, regardless of its purpose.

Let's consider the presented architecture in more detail.
The interaction of the client parts of the application with
the server takes place via the REST Protocol using
GET/POST requests. The information is transmitted in
JSON [9] format. All GET/POST requests implemented on
the backend side are the API of our service.

Web

ioS Server
4_

Android

Fig. 1. The architecture of the service.

2.1  Frontend

The first 3 modules (web, iOS and Android) are the
frontend part of the app. Web — to view and interact with
the service through any browser, iOS - for Apple
smartphones and Android for smartphones based on
Android.

1. We propose to implement the web part using
two submodules-frontend and backend. The
Frontend part is responsible for Ul rendering
and user interaction. The Backend part will
work with the single API of the service. This
separation simplifies the development process.
In addition, in this case it will be easier to
correct requests to the service if the API
changes. As an example of the framework -
for the backend part you can use Laravel [10],
and for the frontend part Angular [11].

2. 10S —aclient that allows you to work with the
service using a device running 10S. The main
development languages for iOS are objective-
c and swift. XCode was used as the

e
System

development  environment. To  send
GET/POST requests to the server it is very
convenient to wuse the free libraries
SwiftyJSON [12] and Alamofire [13]. It is
worth noting that all requests must be
executed asynchronously so as not to block
the main thread.

3. Android — a client that allows you to work
with the service using a device running
Android. The most popular development
languages are Kotlin and JSON. It is
convenient to use gradle [14] as a build
system. Requests are sent to the server via
REST-Protocol, data format-JSON.

2.2 Backend

As mentioned earlier, the team decides in what language
backend will be implemented. It can be C++, Python,
NodeJS, Java etc. Later in the article we will give
examples implemented in Java + Spring, but similar
technologies are available for other programming
languages. Any database can also be used as a database -
Oracle, Postgresql, MySQL, mongoDB. This depends on
the amount and type of data the service is working with.
Our team used for their purposes and for the MySQL [15]
server connection was used SpringJPA [16]. To store
media files, you should use the file system, and store only
links to these resources in the database.

Because any service has users, you must create a user

table in the database. This table has an id, user name, and

ield that is unique. It also stores the user's password

sh for greater security. It is worth noting that the

Data pes not store an access token, which is described in
Base Ptail in the next section.

User registration and authorization
Fil gistration must be supported on any of the 3 clients
ed above. Also, users must be able to log in through
of the 3 clients and access the functionality of the
application. To solve this problem, you can use JSON Web
Token (JWT) [17].

Also, in our case we used Spring filters to filter
requests with and without tokens, but almost all other
languages have similar frameworks. Filters in the Spring
framework filter out all requests that come to the server
and do not contain a token. Without a token, only 2 method
is available — registration of a new user and getting token.
Moreover, (new user registration and token acquisition) are
the same for all frontend clients.

Filters in Spring are implemented using Spring
Security. In our case, we created a special class
WebSecurity extends WebSecurityConfigurerAdapter and
added an annotation @EnableWebSecurity. After that, we
redefined the method configure as follows:

The authentication filter is used to register a new user,
and authorization to access the service of an already
registered user. For the new user registration method, this
is achieved by sending JSON to a controller whose content
looks like this:

{



"username": "someUsername",
"password": "somePassword",
"email":"someEmail@email.com"

}

The JSON body is sent from the client to the server via
https, which allows traffic to be encrypted. Library to
create POST request and use JSON in web applications,
iOS and Android. Therefore, we use only 1 method in the
server-side controller that allows you to register a new user
using a template defined by the JSON body. Upon
successful registration, an access token is returned to the
user in the response, which may or may not have a
lifetime. This token is generated on the server side and
encodes inside the user name, which can be decrypted only
using a special key stored on the server. This allows you to
further accept requests containing an access token and, on
its basis, to determine from which user the request came.
The token encryption algorithm is chosen by the developer.
In this case we used HMAC512.

Typically, the token is stored after it is received and
used when sending requests. For example, to the web client
a token is stored in the web session, and for the iOS client
token is stored using SwiftKeychainWrapper.

If the user is already registered, he can request his
token by sending it to the JSON server with the following
content:

{
"username": "someUsername",

"password": "somePassword"

}

This information is also transmitted via https. The
ability to obtain a token is necessary, since the user can
register through one client and save the token on one
device, and then try to log in from another device.

When sending any other request needed in the request
header, add the following key/value pair — Authorization
[’bearer someAccessToken”. Thanks to the token, it is
possible to accurately determine which user sent the
request, regardless of the client used by him. As a result,
the problem of registration and authorization of users from
different clients is solved by only 2 methods on the server
side and the use of JWT tokens for authorization.

It is worth noting that we do not store tokens in the
database, as this is not necessary. The user can enter the
application from any number of devices and all of them
will be issued a token. The most important thing is that we
create a token ourselves using a secret word that is stored
on the server and the user name is encrypted inside the
token, which allows us not to store it in the database.

4 Using the same GET/POST requests for
different clients

The next problem that occurs is the use of the same
GET/POST requests by different clients. Thus, before
developing it is necessary to determine in advance what
functionality the service should perform and strive to
ensure that the web, Android application and iOS
application work according to the same logic and provide

the same functionality. In addition, it should be noted that
it is also worth striving to ensure that all clients have the
most similar interface with the necessary adaptations for
specific platforms. This allows users to seamlessly switch
from one client to another. Below are examples of the
interface of our application. Figure 2 shows the interface
on web and the interface on the iOS.
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Fig. 2. Web and iOS interface.

When working out the GET/POST requests necessary
for the functionality of the application, the following
factors should be taken into account: as a rule, the speed of
the station Internet is higher than the speed of the mobile
Internet, so it can request more information from the server
for 1 request. Another factor is the amount of RAM on
different mobile devices that is available to the app. On
older devices, there may be a situation that when
requesting information from the server there is not enough
memory to store the result in the cache (for example, if the
server requests photos, videos or other files).

One of the most single problems in development is
loading information by pages. Pagination should work
equally well on iOS, Android, and the web. As part of our
methodology, we offer the following universal approach.
The information with the request comes to the server in the
form of JSON and has the following form:

{
"page": "1",
"id": "23",
"pageSize":"10"
}

"Page" is the page number that you want to return. “Id”
is the number of the record from which the page is
counted. This is done to ensure that when the user has
reached the end of the list and the server needs to upload
the next batch of data does not load those that have already
been uploaded, because during this period, new records
may appear and then the page will shift. This is the number
of records that are contained on 1 page. “PageSize” is set
depending on the client used. For example, both iOS and
Android allow you to get the size of the available RAM.
Based on the average amount of memory occupied by one
record, the developer can set the desired value.

Thus, the creation of the single requests to upload
information using pagination solves the problem of app
usage across different customers and different mobile
device. We have only 1 upload method on the server side
instead of a bunch of different methods.



5 Documenting the implemented API

Documenting the API is one of the most important parts in
development. Clear documentation gives developers an
understanding of how to use the provided API.
Documentation can reduce or even completely eliminate
the time that the development team spends discussing the
frontend part and the backend part. In addition,
documentation is necessary if you develop only the
backend part of the service, and the client part can be
developed by third-party developers. This practice is used
for example in Telegram [18], Vkontakte [19], etc.

For the possibility of further API support it is
recommended to implement methods responsible for
different entities in different controllers. So, it will be
easier to Orient backend developers and will not cause
confusion in the project.

Each team chooses its own method and place for
documentation. In our case, the documentation for the
single API is based on the following points:

1. Request address. Typically, this is the data transfer
Protocol (http or https), server ip address, port, and
request name. For example:

https://127.0.0.1:8080/getBestPho
toArray

2. Request type. For example, it can be GET, POST,
PUT, PATCH, etc.

3. Header fields. For example, it can be
Authorization, Content-Type, Accept, Cookie, etc.

4. Request JSON fields. These are the fields and the
field type of the outgoing request that the backend
command has identified as required. It is also
worth noting which fields are required and which
are not.

5. Response JSON fields. These are the fields and
type that will be returned from the server to the
client. Mandatory fields are also specified.

6. A description of the purpose of the method.
Describes what the query does, what it was created
for, and when to use it.

The API storage location is selected depending on who
will use the API. If this is an internal command, it is
recommended to use some internal portal, for example, in
this project we used confluence. If you expect the API to
be used by third-party developers, it makes sense to place
it in a separate section of your website or put the
documentation on git.

6 Backward compatible versions

When developing a single API service, you need to be very
careful when modifying old methods. Any renaming of
JSON fields can result in users with older versions of
clients simply not being able to connect to the service.
There are also several possible solutions to the problem.

First you need to understand who uses the service. If
these are firm-specific services, you can modify existing
methods to ensure that users are delivered a timely version
and that all frontend development teams are ready to

incorporate the changes into their client application
implementations by the due date. But most often we are
dealing with services that work with third-party users who
can both update their application and not update.

If we work with users who do not always update their
application, it is necessary to provide the possibility of
backward compatibility with older versions. For example,
if in the new version we need to return an additional field
to render it to the UI, then we can just add another JSSON
field to the existing JSON method. This will also allow the
front-end development teams to start using the new field
when needed.

If the structure of the entire query changes completely,
you should implement the new API method and mark the
old method as obsolete. You can finally remove the
deprecated method after the front-end development teams
replace the old method with the new one, and most users
update their application. For users who have not updated
their application (there should be a small percentage), you
can display a message on the download screen that their
client version is outdated and no longer supported, they
need to update their application.

7 Conclusion

As a result of the work, a methodology for developing
a single API was proposed, which provides for 5 points:
development of the application architecture, the use of
JWT tokens for authorization and registration, optimization
of GET/POST requests for different clients by adding
additional parameters to requests, maintaining structured
documentation and working out the possibilities of
backward compatibility of the API

The development methodology was used by our
development team and allowed us to reduce the cost of
implementing the server part. Instead of 3 backend API
developers for different platforms, we only had 1 backend
developer. The project size is about 3500 lines of code. It
took us about 4 months to write the backend. Thus, we get
a development speed of about 30 lines of code per day.
Even if we assume that optimization for different platforms
would take a thousand lines of code, and the speed would
be, for example, 50 lines of code per day, since we do not
need to negotiate with all the teams about the architecture,
we will get that 3 separate parts would be implemented in
50 days, i.e. a total of 5 months instead of 4 (if 1
programmer). Or should we keep 3 developers instead of 1.

It is worth noting that this metric is not entirely
objective. To write a method that will work equally well on
all platforms, a person needs more time than a simple
method. But in any case, the implementation of one
method, instead of for example 3 is more profitable in
terms of further support of the code. For example, if in the
future we want the method that returns photos to the client
to return more and text records, then it will be enough for
us to edit and test one method, not three.

Future plans — continue to develop the service with a
single API, search for new methods to improve and
optimize the development process. Collect feedback from
the front-end and back-end development teams.


https://127.0.0.1:8080/getBestPhotoArray
https://127.0.0.1:8080/getBestPhotoArray
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Abstract— Computer-aided diagnosis (CAD) is rapidly
entering the routine clinical, the use of systems based on
artificial intelligence provides tools that support and
facilitate the diagnosis of different types of diseases.

One of the main diseases with the major cause of
morbidity and mortality it is Cancer. Cancer is an abnormal
growth of cells. There are more than 100 types of cancer,
including breast cancer, skin cancer, lung cancer, colon
cancer, prostate cancer, and others. The objective of this
work is to expose different projects based on Convolutional
Neural Network in the diagnosis of breast cancer and make a
comparison between the results.

Keywords—breast cancer, image classification, learning
(Artificial Intelligence), tumors, medical image processing,
cancer classification methods, computer-aided diagnosis
system, mass detection method, deep convolutional neural
network, neural nets.

V. INTRODUCTION

Cancer is not a simple disease, on the contrary, it is a
complete set of different factors that begin when cells grow
out of control and form tumors in different organs, which
prevents the proper functioning of the human body. There
are many types of cancer, we can find similar
characteristics between different types, but they are
different in the way they grow and spread.

Cancer is a major cause of morbidity and mortality,
with approximately 14 million new cases and 8 million
cancer-related deaths in 2012, affecting populations in all
countries and all regions. These estimates correspond to
age-standardized incidence and mortality rates of 182 and
102 per 100 000, respectively. Among men, the five most
common sites of cancer diagnosed in 2012 were the lung
(16.7% of the total), prostate (15.0%), colorectum (10.0%),
stomach (8.5%), and liver (7.5%). Among women, the five
most common incident sites of cancer were the breast
(25.2% of the total), colorectum (9.2%), lung (8.7%),
cervix (7.9%), and stomach (4.8%). More than 60% of the
world’s cancer cases occur in Africa, Asia, and Central and
South America, and these regions account for about 70%
of the cancer deaths [1].

Doctors in most cases use two techniques to relieve the
diagnosis. A first study is based on the analysis of images,
the procedures with images generate  graphic
representations of the internal regions of the body, the
images can be obtained for example by means of X-rays,
nuclear exploration, magnetic resonance, among others.
The second study is called a biopsy, this is a procedure in

which the doctor removes a sample of tissue. Then, a
pathologist examines the tissue under a microscope to see
if there are cancer cells.

Different specialty clinics, government entities and
entities dedicated to the study of cancer have published
large banks of images and medical histories. Many of these
databases have been classified and analyzed by highly
qualified doctors. These databases are the inputs for all
applications and developments based on machine learning.

VI. StubpY CASES : BREAST CANER

A breast is constituted by multiple lobes and lobules in
which milk is produced. The lobules and lobules are joined
by a series of tubes called ducts or milk ducts that lead the
milk to the nipple. From birth to adulthood, the breasts
undergo more changes than any other organ. Under the
influence of female hormones (estrogen and progesterone),
the breasts grow during puberty and are influenced in
reproductive age by menstrual cycles.

Our organism is constituted by a set of organs, which
in turn are formed by cells, which divide in a regular way
in order to replace the ages; and thus, maintain the integrity
and proper functioning of the various bodies. This process
is regulated by a series of mechanisms that indicate a cell
to begin to divide and to remain stable.

When these mechanisms are altered in a cell, this and
its descendants initiate an uncontrolled division, with time,
they give rise to the tumor or nodule. If these cells besides
growing without control, acquire the ability to invade
surrounding tissues and organs (infiltration) and to move
and proliferate in other parts of the body (metastasis) are
called malignant tumors, which is what we call cancer [2].

There will be an estimated 18.1 million new cancer
cases (17.0 million excluding nonmelanoma skin cancer)
and 9.6 million cancer deaths (9.5 million excluding
nonmelanoma skin cancer) in 2018. In both sexes
combined, lung cancer is the most commonly diagnosed
cancer (11.6% of the total cases) and the leading cause of
cancer death (18.4% of the total cancer deaths), followed
closely by female breast cancer (11.6%).

Among females, breast cancer is the most commonly
diagnosed cancer and the leading cause of cancer death [3].

Breast cancer is typically detected either during a
screening examination or after a woman notices a lump.
When there is a suspicion of breast cancer, the doctor will
perform a mammography exam. A mammogram is an



image of the breast taken with X-rays. The image is
currently the most popular diagnostic tool, but it is not a
simple image to interpret, to make an effective diagnosis is
necessary for the knowledge and experience of a highly
qualified doctor.

now Computer-aided detection (CADe) and diagnosis
(CADx) systems are designed to assist radiologists for
mammography interpretation. CADe is used to discover
abnormal structures within the mammogram while CADx
is used to determine the significance of the discovered
abnormality. Despite promising results, current CADe
systems are limited by high false-positive ratesl, and
CADx systems for mammography are not yet approved for
clinical use.[4].

VIl. CONVOLUTIONAL NEURAL NETWORK

A Convolutional Neural Network (CNN) is comprised
of one or more convolutional layers (often with a
subsampling step) and then followed by one or more fully
connected layers as in a standard multilayer neural
network. The architecture of a CNN is designed to take
advantage of the 2D structure of an input image (or other
2D input such as a speech signal). This is achieved with
local connections and tied weights followed by some form
of pooling which results in translation invariant features.
Another benefit of CNNs is that they are easier to train and
have many fewer parameters than fully connected
networks with the same number of hidden units [10].

CNN had known its great advancement in 2012
through the study conducted by Krizhevsky et al. [11].
They developed a CNN model namely AlexNet which won
the ImageNet Large Scale Visual Recognition Competition
(ILSVRC) reducing the classification error record with a
margin greater than 10%. Thereafter, new CNN models
with more layers have been put forward including VGG-
Net [12], ResNet [13], [14], GoogLeNet [15], SENet [16],
etc[17].

In its most general form, convolution is an operation on
two functions of a real-valued argument [18]. The
convolution operation is typically denoted with an asterisk:

s(t) = (x = w)(t)

In convolutional network terminology, the first
argument (the function x) to the convolution is often
referred to as the input and the second argument (the
function w) as the kernel. The output is sometimes referred
to as the feature map.

A CNN consists of a number of convolutional and
subsampling layers optionally followed by fully connected
layers. The input to a convolutional layer isamx mxr
image where m is the height and width of the image and r
is the number of channels, e.g. an RGB image has r=3. The
convolutional layer will have k filters (or kernels) of size n
X n x g where n is smaller than the dimension of the image
and g can either be the same as the number of channels r or
smaller and may vary for each kernel. The size of the
filters gives rise to the locally connected structure which
are each convolved with the image to produce k feature
maps of size m—-n+l. Each map is then subsampled
typically with mean or max pooling over p x p contiguous
regions where p ranges between 2 for small images (e.g.
MNIST) and is usually not more than 5 for larger inputs.

Either before or after the subsampling layer an additive
bias and sigmoidal nonlinearity is applied to each feature

map. See figure 1.
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Fig. 1. First layer of a convolutional neural network with pooling. Units
of the same color have tied weights and units of different color represent
different filter maps.[10]

VII1. CNN APPLICATIONS IN MEDICAL IMAGING

BCC breast cancer analysis project

DREAM Breast Cancer Prognosis Challenge (BCC) is
a crowdsourced research study for breast cancer prognostic
modeling using genome-scale data. BCC promoted to a
community of data analysts a data set “MATEBRIC” that
contains nearly 2000 breast cancer samples. Within the
clinical information of the patient are data such as, for
example, age, tumor size and histological grade (see Table
1). For the first phase of training the community
participants took 1000 examples from the database, and the
remaining samples confirm the set of test data.
Additionally, in the final stage of evaluating the models,
another set of data called "OsloVal" containing 184
additional samples was taken. The final objective of the
project is to measure overall survival (OS).

TABLE I. CLINICAL CHARACTERISTICS
Table 1
Categories METABRIC OsloVal

Cohort size 1981

Age, years (%) 184
<=50 214

50-60 22,5 331
>=60 56.1 18.5
Tumor size, cm (%) 48.4
<=2 43.3

2-5 48.2 38.0
>=5 7.5 424
NA 1.0 7.1
Node Status (%) 125
Node negative 52.3

1-3 nodes 314 49.5
4-9 nodes 114 21.2
>=10 nodes 4.6 9.8
NA 0.3 8.2
ER status (%) 113
ER+ 76.3

FR- 23.7 60.9
PR status (%) 39.1
PR+ 52.7

PR- 47.3 21.2
HER2 Copy status (%) 78.8
HER2 amplification 221

HRE2 neutral 72.6 13.6




HRE2 loss 5.0 86.4
NA 0.3 0.0
Tumor grade (%) 0.0
1 8.6
2 39.1 6.5
3 48.1 37.0
NA 4.2 304
26.1

Table 1. Clinical characteristics of METABRIC and OsloVal data
sets.[5]

The predictive value of each model was scored by
calculating the concordance index (Cl) of predicted death
risk compared to OS in a held-out data set, and the Cls
were posted on a  real-time leaderboard
(http://leaderboards.bcc.sagebase.org). The Cl is a standard
performance measure in survival analysis that quantifies
the quality of ranking risk predictors with respect to
survival (25). In essence, given two randomly drawn
patients, the CI represents the probability that a model will
correctly predict which of the two patients will experience
an event before the other (for example, a Cl of 0.75 for a
model means that if two patients are randomly drawn, the
model will order their survival correctly three of four
times). [5]

As a result of the work in the community as a
competition, the participants created more than 1400
models. The best model used a random survival forest
trained on the clinical feature data in addition to a genomic
instability index derived from the copy number data. The
top-scoring model achieved a CI of 0.7408 when trained on
the full METABRIC data set and evaluated in the OsloVal
data. For comparison, a research version of a 70-gene risk
signature was also evaluated in the OsloVal cohort and
achieved a ClI of 0.60. In addition, two more test models
were developed that included only the clinical covariates
available for the two data sets. The first model was based
on boosted regression [19] and achieved a CI of 0.7001 on
the validation data set, whereas the second model used
random forest regression [18] and achieved a score of
0.6964. The winning Challenge model achieved a score of
0.7562, significantly higher than the two clinical-only
models (Wilcoxon paired test, P = 6.1 x 10-32 for both).

[5]

Image analysis of biopsies in breast cancer

The following project focuses on the analysis of biopsy
images for the diagnosis of breast cancer. A biopsy is a
control test that indicates the possibility of malignant tissue
growth. Breast tissue biopsies allow the pathologists to
histologically assess the microscopic structure and
elements of the tissue. The histology allows to distinguish
between normal tissue, non-malignant (benign) and
malignant lesions and to perform a prognostic evaluation.

The tissue collected during the biopsy is commonly
stained with hematoxylin and eosin (H&E) prior to the
visual analysis performed by the specialists. During the
analysis of the stained tissue, pathologists analyze overall
tissue architecture, along with nuclei organization, density,
and variability. for example, see figure 2.

Fig. 2. Examples of microscopy image patches from the used dataset.
Nuclei and cytoplasm appear purple and pinkish, respectively, due to the
hematoxylin and eosin staining. A normal tissue; B benign abnormality; C
malignant carcinoma in situ; D malignant invasive carcinoma.[6]

The database consists of images with a resolution of
2040 x 1536 pixels, uncompressed and with H&E staining.
This data set is published at
http://www.bioimaging2015.ineb.up.pt/dataset.ntml.  For
the design of the project, the data is divided into three sets,
a set with 249 images for the training stage, 20 images for
the test stage and a set of 16 images as an extended data
set.

Before performing the analysis, the images go through
a normalization process. First, the colors of the images are
converted to optical density (OD) using a logarithmic
transformation. Then, singular value decomposition (SVD)
is applied to the OD tuples to find the 2D projections with
higher variance. The resulting color space transform is then
applied to the original image. Finally, the image histogram
is stretched so that the dynamic range covers the lower
90% of the data. Figure 3 shows two images before and
after normalization. [6]

Fig. 3. Histology image normalization. A and C original images; B and D
images after normalization.[6]

The procedure to classify one image is as follows. First
the original image is divided into twelve contiguous non-
overlapping patches. The patch class probability is
computed using the patch-wise trained CNN and
CNN+SVM classifiers. Then, the image-wise classification



is obtained using one of three different patch probability
fusion methods: i) majority voting, where the image label
is selected as the most common patch label, ii) maximum
probability, where the patch with higher class probability
decides the image label and iii) sum of probabilities, where
the patch class probabilities are summed and the class with
the largest value is assigned. Draws are solved by
prioritizing malignant classes using the following order: i)
invasive, ii) in situ, iii) benign and iv) normal. [6]

The architecture of the CNN model has in its first layer
the entrance of patches, a patch corresponds to a section of
the original image, after the normalization of the images
these are divided into patches of 512 x 512 pixels. Then in
its intermediate layers you explore the characteristics and
structures of the nuclei, he final fully-connected network
performs the integration of the information for the whole
image patch, and provides the final classification. The
Output layer is composed of four neurons, corresponding
to each of the four classes, that are normalized with a
Softmax activation function. See, Figure 4.
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Fig. 4. Convolutional Neural Network architeture [6]

a.

patch ranking results show the overall accuracy (initial
plus extended datasets) is 66.7% for the CNN and 65.0%
for the CNN+SVM classifier. The performance of our
system is lower for the extended dataset due to its
increased complexity. The overall accuracy increases when
only two classes (non-carcinoma and carcinoma) are
considered (77.6% for the CNN and 76.9% for the
CNN+SVM). This indicates that the normal/benign and in
situ/invasive classes share similar features between them.
Furthermore, the proposed system achieves an overall
sensitivity of approximately 81% for carcinoma patch-wise
classification. Image-wise classification results are shown
majority voting shows the best results, achieving an overall
accuracy of 77.8% for four classes. These results are
constant regardless of using CNN or CNN + SVM for
patch-wise classification. In both methods maximum
probability is the worst performing method suggesting it is
not a suitable strategy for this problem. Regarding binary
classification, the overall accuracy increases for both
classifiers when compared to the four-class problem.
Furthermore, CNN + SVM seems to outperform the CNN
model, achieving a total accuracy of 83.3% for the best
voting methods. In comparison, CNN’s performance is
only better for the extended set using majority voting. The
lower accuracy of patch-wise classification is explained by
the fact that patch labels are obtained from the image labels
without any information about the location of the

abnormalities. This approach is sub-optimal as, regardless
of the image class, normal tissue regions may also be
present. As a result, noise is introduced in the training set,
contributing to the lower patch-wise accuracy. [6]

TABLE II. RESULTS
Patch-wise accuracy
Classifier No classes Initial Extended Overall
CNN 4 725 59.4 66.7
2 80.4 74.0 77.6
CNN + SVM 4 72.9 55.2 65.0
2 82.9 69.3 76.9
Table 2. Patch wise accuracy.[6]
Patch-wise sensitivity
Non-carcinoma carcinoma
Dataset Classifier Normal | Bening sllr:u invasive
69.2 91.7
CNN
61.7 ‘ 56.7 83.3 ‘ 88.3
Initial
CNN + 76.7 89.2
SWM 65.0 ‘ 617 | 767 ‘ 88.3
81.3 66.7
CNN
50.0 ‘ 72.9 58.3 ‘ 56.3
Extended
CNN + 82.3 56.3
SVM 54.2 ‘ 66.7 | 4338 ‘ 56.3
745 80.6
CNN
56.4 ‘ 63.9 72.2 ‘ 74.1
Overall
CNN + 79.2 74.5
SVM 60.2 ‘ 639 | 620 ‘ 741
Table 3. Patch-wise sensitivity.[6]
Image-wise accuracy
Clasrmfle Vote 4 classes 2 classes
Initia | Exten | Overal | Initia | Exten | Overal
| | |
Maj.
Max
CNN . 80.0 75.0 77.8 80.0 81.3 80.6
Sum | 80.0 62.0 72.2 80.0 75.0 77.8
80.0 68.8 75.0 80.0 75.0 77.8
g\’jl\’jl * Maj. | 85.0 68.8 77.8 90.0 75.0 83.3
Max | 80.0 62.5 72.2 80.0 75.0 77.8
. 85.0 68.8 77.8 90.0 75.0 83.3
Sum
Table 4. Image wise accuracy.[6]
Image-wise sensitivity
Non-carcinoma carcinoma
Dataset Classifier | Normal Bening sllrt]u invasive
70 90
CNN
Initial 80 ‘ 40 100 ‘ 100
CNN + 80 100




SVM 80 ‘ 60 100 ‘ 100
50 100
CNN
75 ‘ 75 75 ‘ 75
Extended
CNN + 50 90
SVM 75 ‘ 75 50 ‘ 75
61.1 94.4
CNN
77.8 ‘ 556 | 88.9 ‘ 88.9
Overall
CNN + 66.7 95.6
SVM 77.8 ‘ 667 | 778 ’ 88.9

Table 5. Image wise sensitivity.[6]

Image analysis of mammograms in breast
cancer

This project works with a database of 400
mammography images, which contains 200 images of
malignant masses and 200 images of benign masses for
patients between 32 and 74 years of age. As in the other
projects, these images have been evaluated by medical
specialists in this area. To achieve the objective, the
project proposes five steps to follow: breast image
preprocessing, mass detection, feature extraction, training
data generation, and classifier training. The figure. 5
presents the flowchart of the entire diagnosis process.

Mammograms

Mammograms Under Diagnosis

Train v Diagnosis v
Pre-processing Pre-processing
v v
Masses Detection Masses Detection
v v
Features Extraction Features Extraction
v
v
Truth Files of :
» Train Data Generation Classifier “Jassifiet
mammograms i * Parameters » Classifier Diagnosis
v
Classifier Training
v
Diagnosis Results

of Mammograms

Fig. 5 Flowchart of mass detection process [7]

e in the breast image preprocessing phase, the
images are preprocessed by a contrast
enhancement algorithm with the objective of
increase the contrast between the suspected
masses and surrounding tissues. See, Figure 6.

Fig. 6 Images after denoising and enhancement. (a) Initial
mammogram. (b) Denoising after. (c) Enhancement
after(b) [7]

e In the detection phase, we propose a method that
utilizes CNN and US-ELM for feature extraction
and clustering, respectively. First, a mammogram
will be segmented into several sub-regions. Then,
CNN is used to extract features based on each
sub-region, followed by utilizing US-ELM to
cluster features of sub-regions, which eventually
locate the region of the breast tumors.

e In the phase of feature extraction, we design an
8-layer CNN architecture and obtain 20 deep
features. In addition, we integrate extra 5 shape
features, 5 texture features and 7 density features
of the tumor with those deep features to form a
fusion deep feature set.

e In the diagnosis phase, we use the fusion deep
feature set of each mammogram as an input of
ELM for classification. The output directly
indicates whether the patient has either a benign
or a malignant breast tumor.

e Finally, the experimental results demonstrate that
our proposed methods, the sub-regional US-ELM
clustering and the ELM classification with fusion
deep feature sets, achieve the best performance in
the diagnosis of breast cancer.

The conclusions proposed by the authors based on the
results obtained are the following:

When the classifier is ELM, the accuracy, sensitivity
and specificity of the CNN feature model are the best in
the single deep feature model, which shows that the CNN
model chosen in this paper is the most suitable method. In
the double feature model, the CNN deep feature model
combined with texture feature has the best performance in
the diagnosis accuracy, sensitivity and specificity.

According to the deep fusion model, comparing the
analysis of each evaluation metrics obtained by using ELM
and SVM classifier for benign and malignant tumor
classification, it can be seen that ELM classifier gives
better diagnostic accuracy, sensitivity, and specificity.[7]

Image analysis of mammograms in breast
cancer

This project worked with a set of 44,090
mammographic views given by the screening program of
the Netherlands (bevolkingsonderzoek midden-west). The
system architecture is CNN, but before patch extraction in
the CNN system, we segmented all lesions in the training
set in order to get the largest possible lesion and choose the
patch size with an extra margin resulting in patches of size
250 x 250 (5 x 5 cm). The pixel values in the patches were



scaled using simple min-max scaling, with values
calculated over the whole training set. After augmentation,
the train set consisted of 334, 752 positive patches and 853,
800 negatives. When combining the train and validation
set, this amounts to 379, 632 positive and 931, 640
negative patch. See, figure 7.

Fig. 7 Examples of scaling and translation of the patches. The top left
image is the original patch, the second and third image of the top row
examples of the smallest and largest scaling employed. The bottom row
indicates the extrema in the range of translation used. [7]

For the second stage classification, we have
experimented with several classifiers (SVMs with several
different kernels, Gradient Boosted Trees, MLPs) on a
validation set, but found in nearly all circumstances the
random forest performed similar or better than others.

They used OxfordNet-like architectures (Simonyan and
Zisserman, 2014) with 6 convolutional layers of {16, 32,
64, 128, 128} with 3 x 3 kernels and 2 x 2 max-pooling on
all but the fourth convolutional layer. Astride of 1 was
used in all convolutions. Two fully connected layers of 300

each were added. (See figure 8, 9.)
16 32 64 128 128 554

Fig. 8 lllustration of the network architecture, The numbers indicate the
amount of kernels used. We employ a scaled-down version of the VGG
model. To see the extent to which conventional features can still help,
the network is trained fully supervised and the learned features are
subsequently extracted from the final layer and concatenated with the
manual features and retrained using a second classifier [8]

Additional features —

—_—
/__

Fig. 9 Illustration of extracted patches for CNN [8]

O

To first get an understanding of how well each feature
set performs individually, we trained different RFs for each
feature set and applied them separately to the test set. In all
cases, the training procedure as described above was used.
AUC values along with a 95% confidence interval,
acquired using bootstrapping [9] with 5000 bootstrap
samples are shown in Table 2.[8]

TABLE III. OVERVIEW OF RESULT OF INDIVIDUAL FEATURE SETS
Table 2
Area Under Confidence
Feature group Curve Interval

Candidate detect 0.858 [0.827,0.887]
Contrast 0.787 [0.752,0.817]
Texture 0.718 [0.681, 0.753]
Geometry 0.753 [0.721,0.784]
Location 0.686 [0.651, 0.719]
Context 0.816 [0.781, 0.850]
Patient 0.651 [0.612, 0.688]
Equal information 0.892 [0.864, 0.918]
all 0.906 [0.881, 0.929]

Table 6. Overview od result of individual feature sets along the 95%
confidence interval (Cl) obtained using 50000 bootstraps.[8]

To combine the CNN with other descriptors, we
extracted the features from the last fully connected
layer and appended the other set. For each
augmented patch, the additional features were simply
duplicated. Table 3 shows results of the CNN
combined with different feature sets, again with
confidence interval acquired by bootstrapping with
5000 samples.[8]

TABLE IV. OVERVIEW OF RESULT OF THE CNN COMBINED WITH
INDIVIDUAL FEATURE SETS
Table 3
Area .
Feature group Under C(I)nfldence
nterval
Curve
CNN only 0.929 [0.897, 0.938]
Candidate detect 0.938 [0.919, 0.955]
Contrast 0.931 [0.91, 0.949]
Texture 0.933 [0.912, 0.950]
Geometry 0.928 [0.907, 0.946]
Location 0.933 [0.913, 0.950]
Context 0.934 [0.914, 0.952]
Patient 0.929 [0.908, 0.947]
all 0.941 [0.922, 0.958]

Table 7. Overview od result of the CNN combined with individual
feature sets[8]

From the results in Tables 6 and 7 we can see that
individually, apart from the candidate detector,
contrast and context are useful features. Although
age and screening round are some of the most
important risk factors, we do not see clear
improvements when added as features, which is
slightly disappointing. To get training data, we took
negative patches only from normal images, but not
only from normal exams, to get as many data points
as possible. A possible explanation for the
disappointing performance may be that the relation
between age and cancer is more difficult to learn in
the setting, since it is a relation that exist on an exam
level. [8]



CONCLUSION

CADe and CADx in cancer imaging are the current tools
for breast cancer detection. The detection of cancer by
radiologists is limited by the presence of noise in the
structure, incomplete visual search patterns, fatigue,
distractions, the evaluation of disease states, and the
physical quality of the image. For this reason and with the
objective of minimizing the mortality of women due to
dinner cancellation, many scientists have applied the use
of CNN in the analysis of clinical images considering that
CNN has shown good results in other applications.

The projects presented here state that the use of CNN for
breast cancer image analysis generates good results and
these results are better compared CADe and CADX. In
addition, the error rate is lower.

Performing a retrospective, we can see that all the projects
in their first step perform a preprocessing of the image in
order to improve the contrast of the image by
implementing different algorithms, then make a division
of the image into patches to have a much more data set
large and through CNN to deduce more characteristic in
the image. We can also see that the CI in all projects does
not exceed the value of 1.

The curation of comprehensive data sets and outcomes
that incorporate both disease- related and

unrelated elements also will help train and expand
Al systems to identify cancer. The greater incorporation of
these technologies will reduce costs, improve service
quality and support the work of doctors and radiologists.
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OO0paboTKa JaHHBIX B T€OUMH(MOPMAITMOHHBIX
CUCTEMAax JJIs1 BLIOOpA MECTOMOJIOKEHUS PEKIIAMBI

WBnes Bnanucnap AnekcanapoBud
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Annomayua - Bbl6Op MeCTONOJIOKEHHMSI ISl Pa3sMeLLeHUst
peKjJaMbl HrpaeT Ba:KHYI0 (DMHAHCOBYI0O pPOJb B MAapKeTHHTe,
M0ITOMY 3TOT NYHKT SIBJISIETCS OJHHM H3 OCHOBHBIX C TOYKH
3peHHs] Pa3BUTHS KOMIIAHMHW JIsi TMOBBIIIeHHsi npudbum. B
padore onucaH MOAX0/ CO3AaHHA BeO-cepBHCA, PEKOMEHIYIOIIEro
MECTONO/IOKEHHEe Ha Kapre /s PpasMeELleHUsl pPeKJIaMbl
onpejaeeHHOI 00/1acTH MapKETHHTA.

OT/IMYUTEBHOH 0CO0EHHOCTBHIO TIPeJIaraeMoro cepBuca
SIBJISIETCS NPEAOCTaB/IeHHE ABTOMATU3ALUHU IIpoLecca NPUHATUS
pemieHuii 0 BbIOOpEe MeCTONMOJIOKEHHMS] JUISI  pa3MelleHust
peKJIaMBbl.

Jost aHAIU3a  pe3yJbTATOB padoTbl Be0-cepBuca
HCNO/IB30BaHbl TeoMH(popManuoHHbIe JaHHble ropoaa CaHKT-
IlerepOGypr, a WMEHHO CTaHIMIi MeTPO, XapaKTePHCTHK
MHOTOKBApPTHPHBIX [OMOB, Mara3uHoOB pa3HBIX KaTeropuii mu
MApPLIPYTOB M PACNHCAHHUSA 001IECTBEHHOI0 TPAHCIIOPTA.

Knrwuesvie cnosa — obonvuiue oannvie, 2e0UHPOpMaAyUOHHbBIE
cucmembl, peknama

|. BBEJEHUE.

JIi1st CBOETO CyIIECTBOBAHUS KOMMEPUECKHE OpPraHu3aliu
324acTyl0 HMEIOT [EN0 C KIMEHTaMH, KOTOpPhIE B CBOIO
ouepenp IOJB3YETCs YCAYraMd WM TOBapaMH KOMIIAHHH,
npuHocs e npubbuib. Mexonms u3 atoro - nobas momoOHast
opraHu3anys 3aMHTEPECOBaHA B MOCTOSHHOM YBETHYCHUN
MHTCHCHBHOCTH II0TOKAa OOCTY)KMBaHHUS KIMCHTOB, pOCTa
KOJIMYECTBA TIOCTOSHHBIX KIHCHTOB, H TEM CaMbIM IIOBBIILIAS
npuObLIL KoMnaHuu. [1Jist aToro Tpedyercs:

® 3apEKOMEHIOBAThH NMPOU3BOIUMBINA TOBap (WM YCIYTY)
Ha PbIHKE KaK Ka4yeCTBEHHBII;

e 3a CYeT NPUMEHEHHUS PEeKJIaMbl ToBapa (WIH YCIyr'H)
NPUBJIEYb HOBBIX KJIMEHTOB.

Jnst pemieHusl TEpBOro IyHKTa KOMITAHHH TpeOyercs
MIPUBJICYEHHE BBICOKOKBATH(DUIIMPOBAHHBIX  CIEIHAIHCTOB
TpeOyeMoil 00nacTu, KOTOphle OyayT 3amaBaTh KadecTBO
MPOU3BOUMOr0 ToBapa. KadecTBO B TakOM Cllydae MOXKHO
M3MEPHUTH KOMIDIEKCHBIM MeTooM (1), a IMeHHO:

— Q{]I.I.
'[?Evaa '

@
rae:Qy, - YMCIO OOpameHHd O HEKaYECTBEHHOM TOBApe

(v ycmyre) B CEpBUCHBIN HIEHTD;

Qa5 - OOIIIEE YHCITY IPOJAHHOTO TOBapa (WM YCIyTH) Ha
PBIHKE;

Ko BTOpOoMy myHKTY cieayer m00aBUTb, YTO NpPH
UCIIONB30BAaHUM  pEKIaMbl B LEIAX  HOMYJISIpU3AlUH
BO3HUKAIOT BOMPOCH 00 3((HEeKTUBHOCTH pa3MEIICHUN

MaTepuajla U OAWH M3 HUX - BLIﬁOp MCCTOIIOJIOKCHHUA IJIA

Huxudopos Urops BanepreBnua
MHCTUTYT KOMIIBIOTEPHBIX HAYK U TEXHONOTUI
Cankr-IleTepOyprekuii MOTUTEXHUYECKHH YHUBEPCUTET
Ilerpa Benuxoro
Canxkr-IletepOypr, Poccuiickas ®eneparus
i.nikiforov@ics2.ecd.spbstu.ru

pasmereHust peknamsbl. Ilon addexTrnBHOCTRIO TTOHUMAaETCS
BBINOJIHEHUE TIOCTABJICHHBIX KOMIIAaHHEH 3a1ad Ha Iepuos
AaKTHBHOCTH pEKJaMbl (HaIpUMep, yBEINYEHHE KOJIUYECTBA
KJIMEHTOB KOMITAaHWHW WJIHM Peallu3alys ToBapa).

[lpn py4HOM BBIYMCICHUM, UMEs OOJBIIOE KOJIHMYECTBO
KpPHUTEPHEB BBHIOOPKH. JUISl JINIA, IPUHUMAIOIIETO petieHue [ 1]
(manee JIIIP), Bo3pacTaer BpeMs U CIIOKHOCTb MPOBEICHUS
MaTeMaTH4ecKoro aHaiauza. Iloatomy Tpedyercst mpuderath K
BBIYKCIIUTEIBHOW MOIIHOCTH KOMIbBIOTEpa ISl  pelieHus
no00HOT0 poja 3a1ad.

[Momxo/, peanH30BaHHbINA B MPEATaraeéMoM MPOrpaMMHOM
NPOAYKTE, TIO3BOJIUT CHU3UTh TPYAOEMKOCTb MPUHATHUA
pemenust (manee IIP) BbIOOpa MecCTOMONIOXKEHUS IS
pasMelieHnss  peKJIaMbl. BeO-cepuc  mpu  BeIOOpE
Olpe/IeNIeHHO 00NacTH MapKeTHHra MNpPeAJIOKUT Haubosee
BBITOJIHBIE AJIS pa3MEUIeHUs €€ peKIIaMbl.

[Tog BBIrOAONM MOXHO paccMaTpUBaTh, HACKOJIBKO
3G GeKTHBHO OBUIM  BBIMOJIHECHBI IOCTABJICHHBIC —3aa4d
(kacaTenbHO pa3MeEIIEHHOM peKjIaMbl) Ha TEpPHOA  €e
MOJIb30BAHUSL.

Jdns  momydeHuss W aHanM3a  PE3yNbTaTOB  OBUIH

UCIONIB30BaHbl AaHHbIe ropona Cankr-IlerepOypr.

Il. AKTYAJIBHOCTH TEMBI.

C akTuBHBIM pa3BuUTHEM ceTH MHTepHeT, nocTynm K
KOTOpOH Ha JaHHBI MOMEHT OCYIIECTBIISIETCS] IPAKTUIECKHU C
M000M TOYKM MHpa, TeOMH(POPMAIOHHBIE CHCTEMBI [2]
(manee TUC) sBustroTcss OOHUMH U3 PaCIpOCTPaHEHHBIX
OporpaMMHBIX — TmponykroB  (mamee  I1O),  koTopsle
HCIIOJIB3YIOTCS TTIOBCEHEBHO B PAa3HBIX chepax NesTeNbHOCTH
noip3oBatens. Bemymieidh W3 HUX  sBiseTCs  00JacTh
MapKeTHHTa, KoTopast aKTUBHO BHEZIPSIETCS B
UH(POPMALMOHHOE IIPOCTPAHCTBO.

Ha cerogusimramii ners [ IC akTHBHO pemaT MHOXKECTBO
3a/1a4 OpraHU3aIii B cepax MapKeTHHTA:

e T[IOMOIIF TPH TIOCTAaBKE CBHIPhS HA CKJIAQAbl, TIPU
9KCIIOPTE TOTOBOTO TOBAapa B OTAEIBI MPOJAXK;
3aKa3bl TOBAPOB M UX TOCTaBKAa KIIMEHTaM;
peknaMHas NeATEIbHOCTD KOMITaHUH u eé
pasMerreHue.

I[Ipu pemennn mnomobHOro poma 3amad [MC momxna

ONHpPaThCsi HA MHOTOKPUTEPUAJBHBIE METOABl TPHHATHS
peureHnit, YTOOBI BBIOOp, CHENAHHBIA CHCTEMOW, OBLI
TONIE3HBIM ISl MOCTABJIICHHBIX ~KOMIIAHWEH 1emedl U

aHAJINTUYCCKA 0OOCHOBAHHBIM.

HCpC‘II/ICJ'II/IM HEKOTOPBIC N3 TAKNX METOIOB:



° MCTO

I'ypBuna

(KOMOMHUP yrOLITHH

MaKCHMHUHA U MakcuMmakca) [3];

e  Jsiekcukorpadmdeckuii meton [4];

®  METO[ MMOC/IEOBATENbHBIX YCTYIOK [5];

METOJIBI

e Metog MHOXkecTBa [lapero [6] u apyrue.

I1l. OB30P CYILIECTBYIOIUX TUC

IIpu paccmorpenun I'MC B mepByro ouepenb clenyer
niepeunciuth Buabl [ IC, KoTopble onucaHbl B Tabmwie 1:

TABJIMUA 1. BuJibl TYC 1 X OIIUCAHUE

Bun Onucanne Henocrarkn IIpenmymecTBa
MobGunensl | Hcenonssyercs B | Maublii Hoctyn K
el'C OCHOBHOM U | TepedeHb JTAaHHBIM B
jJoctyma wu cbopa | (yHKIMOHAIA. HOJIEBBIX
9KCIepUMEHTAIbHbIX | HeBo3moxHOCTh | ycnoBusx — 6e3
JIQHHBIX. pereHus UCIIOJIb30BaHUS
AHATUTHISCKUX JI01I.
3a1a4 u3-3a | 00OpyIOBaHMS.
HU3KOI
MIPOM3BOJUTENBH
ocTu
Hacronbnel | Beicoxonpoussoaure | Jlns pabotsl | Iupokuit
el'MC JIbHOE I1O. | tpebyercs CIIEKTp
ITo3BounsieT BECTH | BBICOKAs pelaeMbIx
JIeTabHyl0 paboTy C | 3JIEKTPOHHO- 3a1a4 o
JaHHbIMHU (aHanns, BBIYHMCIIATECIIbHAA aHaIusy,
KOHTpOIb, [1P). MOII[HOCTb obpabotke,
CepsepHble | Mcnonb3oBanue OBM, u3 wuyero | koHrpomo, [IP u
ruc obuieil  cepBepHO | BBITEKAIOT T.J.
I'MC pns perieHust | 3arpaThl Ha
3a1a4 aHanu3a, | MCIOJb30BaHHUE
00pabOTKH JaHHBIX. (1 moIIEPKKY)
I'mMC.
Berpausae BerpauBaemoe 10, | HeBozmoxnocts | Bo3moxuHoCTh
msble ['YIC HCTIOJIb3YIOLIEeeCs pabotsl 6e3 I10, | uHTEerpanuu
JUIst pacimMpeHust | ot KOTOPOTrO | HMHCTPYMEHTapH
npwioxeHus (pabora | 3aBHCHT s I PEIICHUs
c T'UC- | BcrpamBaemas 3aja4. 910
HMHCTPYMEHTapUEM ruc MOBBILIAET
Jyepes npyroe HPOU3BOAUTEIBH
MIPUIIOKEHH E) OoCTh 32  CHYET
OTCEUCHHS
HEUCIONb3YEeMBbl

X Momylel B
110.

PaccmotpeB Buasl ITYIC, MOXHO caenaTh BBIBOI, YTO MPH

pelLIeHuH

AHAJTUTUYCCKHUX

3a1ad4,

IpeycMaTpUBaIOIINX

00paboTKy JaHHBIX M HOIIEPIKKY IPHHATUS PEeIeHui (najiee
[II1P) myumie Bcero MOOXOAWUT CEPBEPHBIE M HACTOJIBHBIC
I'UC, paOoraronme Ha Oosee BBICOKOMPOU3BOIUTEIBHBIX
OBM (B cpaBHennun ¢ wmobunbHeIMH [HC), crmocoOHBIE
MIPOBOJIUTH 00OPabOTKY OOMBIIOr0 00beMa MHpOpMAIMU (YeM
MobmnbHbie ' IC) 32 emuHAIly BpEeMEHH.

I'YMC IIIIP momoraer pemarb TakWe aHATUTHYECKHE
3agaun. Ilepedncium HEKOTOpPBIE U3 HUX!

e Anamms, xKouTpoms, IIP mo TeppuTOpHaTBEHOMY
IUTAHUPOBAHUIO (pa3menienue O0BEKTOB,
CTPOUTENHCTBO | T.7.), IUIAHUPOBAHHUIO B PEATHHOM
BpeMeHH (HaBHWTamms, BHIOOD OOBEKTOB IO
KPUTEPHSIM);

e [eHepamys aHaIUTHYECKHX KapT 1O (HMHAHCOBOM,
KaJacTpOBOM MONHUTHUKE;

e (COop n xpaHeHHE reolaHHBIX (ITapaMeTpsl 00BEKTOB
U T.0.).

IV. AHAJIU3 ITIPEJMETHOM OBJIACTH

A. Data science. Data mining

Hayka o pmanmbix (anrn. data science [7]) sasieTcs
pas3zienoM WH(OOPMATHKH, PEIIAIOIIUX 3aJadyd 10 aHAIH3y U
00pabOTKH TaHHBIX B YCIOBUAX OOJNBITUX 00HEMOB.

Ha ceropssimHmii 1eHb pa3ziensl HAYKH O JaHHBIX (QHIIIL
data science) akTHBHO HCIONB3YIOTCS B padoTe (B TOM YUCIIE U
B ['MC), T.k. 32 mocneqHee BpeMsi 3HAUUTEIHHO yBEIUYMICS
00beM JIaHHBIX, HaJl KOTOPBIMH TPOBOAUTHCS padora. /s
I'"C ¢ xaxxapIM rofioM YBEIHYHMBAETCSl OTOOpakaeMblii 00beM
nH(pOpMalMK Ha MECTHOCTH, T.K. TOPOACKasi HHPPACTPYKTypa
pacimpsieTcs, OCBaWBalOTCS HOBbIE MECTHOCTH B paHee
HEeHN3Yy4eHHBIX MecTax.

I'NC, paGorarommM ¢ METOAAMH TIPUHSITHS PELICHUH
(HaBUTATOpPBI, CHUCTEMBl KOHTEKCTHBIX peKJiaM, aHajK3a
TPaHCIIOPTHOW CHUCTEMBI U T.J.) TpeOyeTcs aHajau3 JaHHBIX, a
UMEHHO:

e AHanu3 TEKyIIEro MONOXKEHUS Ha JOPOrax C IIENbo
IOCTPOSHMS KpaTyaiflero ImyTH W3 IyHKTa A B
nyHKT B;

e AHanmM3 MHTEpPECOB IOB30BATENs] Ha OCHOBE €ro
aKTUBHOCTH B MHTEPHETE C LIEJIbIO MPEJIOKEHUS 1A
HEro NMOTEHLUAJIbHO UHTEPECHOU PEKIIaMBbl.

Jns momoGHOro poma 3agad HUCIOIB3YIOTCA METOJIBI
pasmena Data Science — Data Mining.

NHTennexTyanbHeI aHanmu3 AaHHbiX (anra. Data mining
[7]) Bxmrouaer B cebs MeTOmbl OOHAPYXKEHHS B JaHHBIX
3HaHW, MTOJIE3HBIX VISl IPUHATHS PELLICHU.

OnHoil m3 omucatenabHbIX 3azau Data Mining ssisercs
KJIACTEepHBIH aHaiu3 [8], KOTOPHIH MPHCYTCTBYET IOYTH B
kaxpoit [YC IIIIP s pernenus 3amad aHaIW3a, KOHTPOJIA U
IIP.

OnHO W3 TJIaBHBIX JOCTOMHCTB KJIACTEPHOIO aHAIM3a -
OCyIIeCTBIIeHHEe pa30ueHuss OOBEKTOB 10 IeIoMYy Habopy
NpPH3HAKOB. B cpaBHeHMM C OOJIBIIMHCTBOM MAaTeMaTHKO-
CTAQTUCTUYECKUX METOJOB, KIACTEPHBII aHaIN3 JAeT MOIHYIO
CBOOOJIy Ha BHJ] PACCMAaTPUBAEMbIX OOBEKTOB, TAKMM 00pa3oM
MOXXHO  pacCMaTpUBaTh MHOXKECTBO  JAHHBIX  Pa3HOH

CTPYKTYPHI U IPUPOABI[9].
PesympraT KHactepHoro aHanmmza - HAOOp KIIAaCTEpOB,

KOTOPBIE COIEPIKAT AIIEMEHTHI HCXOIHOTO MHOXKeCTBa [9] (cM.
puc. 1.).



Anwna

Wwpkra
Puc. 1. IIpumep pa30ueHwss MHOXKECTB Ha KIIACTEPHI

T. o. anst kactepu3alyy reonH(OPMALMOHHBIX TAHHBIX, C
LENbI0 ONpPEJENIeHus] MECT C BBICOKOH WHTEHCHBHOCTBIO
JIBIDKEHUsI TIOTOKAa JIIofiel, TpeOyercs pa30MTh HCXOAHBIC
MHOXKECTBA T10 ITpu3HaKaM. IMu MOTyT OBITB:

° KOJIMYCCTBO YUACTKOB NIEPECCUCHUS TPAHCIIOPTA,
° HaXO0XICHUEC BONM3H CTaHIIUH METpO,
° KOJIMYE€CTBO HACCJIICHUS HA 3aIJaHHOM Y4acCTKE U T.[.

B. Teopus npunamus pewenuti O MHO20KPUMEPUATLHBIX
3a0ay

3a yactyro 3ajmaud, npucyrctByroume B I'MC, koropsie
TpeOYIOT TPUHSTHS PELICHHH, HOCAT MHOTOKPHUTEPUAIbHBIN
xapakrep [10]. 1o 0OyCNIOBIEHO TEeM, YTO MPH MOITY4EHHH
pe3ynbrara, JIIIP ommpaercs Ha HECKOIBKO HE CBS3aHHBIX
Jpyr ¢ apyrom HaOopoB naHHbIX. [Ipu BbIOOpE Merona Juis
MONyYeHHs1 pe3ynabraTa (M3 MHOXKECTBA CYLIECTBYIOIINX
MHOTOKPUTEPHUAJIBHBIX ~ METOJOB, 4acTb M3  KOTOPBIX
nepeuricieHa B paszgene |l) crour oOpartuth BHHUMaHHE Ha
UCXOJHbIEe JaHHBIE, C KOTOPBIMHU OyZIEeT MPOBOAUTHCS aHAJIM3.
Ecin Tpebyercs Hamuuue KpUTEpUs PAHKUPOBAHUS II0

Ba)KHOCTH, TO Jy4ie BBIOpATH, HaIpuMep,
JIeKCUKOrpapIecKuit METO [4] WIH METOJ
mocienoBaTenbHeIX  yerymok  [5].  Ilpm  orcyrcTBHHM

TpeOOBaHMA O HAIMYUHM PAHKHUPOBAHHUS MO BaKHOCTH
Lenecoo0pa3Ho MPUMEHUTh MeToJl MHOKecTBa [lapero [6].

DTOT METOJl WCIONB3YeTCsl B 3ajayax, TJie HEBO3MOXHO
O00BETUHUTE HECKOJBKO YACTHBIX KPHUTEPHEB B  OIWH
0000IIeHHbI, KOTOPBIH B JalbHEWIIeM JJODKEH IOMOYb
BBIOpATh U3 MHOXECTBA OOBEKTOB OJIMH HAMIYIIHH.

ITpu paccmoTpeHnn npuMepa padoTHl METOa MHOKECTBA
ITapero (cM. puc. 2.) CTOUT OTMETHTH, YTO HENB3s BHIOPAThH
OJTHO HauWIydiliee COObITHE (KOTOpOE OyIEeT JIyUIIuM MO BCeM
KpuTepusM. B IaHHOM mpuMepe KpUTEPHSIMH SBISIOTCS
OBICTPOZIEHCTBHE M E€MKOCTB), IOTOMY YTO XapaKTEPHCTUKH
IIPU CPAaBHEHUH MOTYT OBITH Pa3HBIMU U OOBEKTHI MOTYT OBITH
Jydie Ipyr Apyra B ONpeAeNleHHBIX Kareropusx. Hampumep,
00BexT No5 mryumne oobekra Ne4 mo ObICTpOAEHCTBHIO, TEM HE
MeHee SIBHO yCTYIaeT 110 eMKOCTH.

4 bBbicTpOOeMCTEME

EmKOCTH

r

Puc. 2. IIpumep pacnonoxenust MHOecTB [lapero mo
JIBYM KPUTEPUIM

V. OCOBEHHOCTH [TPOI'PAMMHOM PEAJIU3ALIUA [TPOJIYKTA

A. Konyunmyanvuas cxema npumenenus 110

Hwke mpeacraBiieHa KOHIIENTYalbHAs cXeMa paOboThl BeO-
cepBHca Ha ocHOBe Mojenu «YepHsrit smuk» [11] (cM. puc.

3):

User
Buisog A
pesynstata

BriGop 00nacTu
MapKETUHTA

Web-Interface Server

Otser

Puc. 3. KonuenryanbHas cxema paboThl BeO-cepBUca

PaccmoTpum moapoOHee Kaxk[Iblii OJIOK KOHIIENTYaJabHOM
CXEMBI:

e Ha BXOZA IIOCTYNAIOT 3alpPOCHl OT IIOJNB30BATENs O
BbIOOpE 001acTH MapKETHHTa;

e Omok Web-Interface orsewaer 3a Qopmuposanue
3ampoca Ha OJOK Server m oToOpakeHHueM Juis
0JIb30BaTENsI PE3yIbTATOB 3aIPOCa;

e 0Onok Server oOpabarbhiBaeT 3ampochl MOJIB30BATENs,
BBINOJIHACT AHAIUTUYECKUE JEHCTBUS, HCIONbB3Ys
xpansmuecs B b/l manuple U GopMHpYyeT OTBET AL
Omoka web-interface;

e Gmok Data Base (DB) xpaHuT reonH(pOpMAIHOHHbIE
JaHHBIE B BUJIE TaOJIMLL;

L4 Ha BBIXOAE II0JIB30BATEIIb IIOJIYYa€T PE3YIbTaT, a
HMCHHO OTO6pa)KCHHLIC Ha KapT€ MECTOIOJIOXKECHUI
UL pasMEIIEHNUS PEKIIaMBbl.

B. Vxkpynuennoui apxumexmyprulii ypogens pazpabomxu

B ocuoBe mpoekra nexur apxurekrypa Model View
Controller [12] (manee MVC) (cum. puc. 4.). OcobeHHOCTB



JTOK APXUTCKTYPHBI 3aKIIHOYACTCA B TOM, YTO pa3pa6aTLIBaeMoe
MPUIIOKCHUC MOKHO pa3acJMTh Ha TPU KOMIIOHCHTA:

e Model — mogens;
o View — mpezcTaBieHue;
e Controller — konTposep.

T. o. MOI[I/I(bI/IKaLII/IH KaxJ0oro Oioka OCYHICCTBIIACTCA
HE3aBHUCHUMO.

Model

Object

Service

DataAccess
Object

~ 7| PostgreSQL|

Controller

\ 4

View

Puc. 4. [lnarpamma apxurekrypst MVC

[Monpo6HOE paccMOTpEHHE KaXkIOTO CIO0SI ApXUTEKTYPHOTO
YPOBHSI:

e Model - ato mpencraBnenne Tabnuil 6a3sl  JAHHBIX
(manee BJT) B Bume Object-Relational Mapping [13]
(maee ORM). Biok Model Bxirouaer B cebs cion
Data access object [14] (manee Dao) u Service;

e Dao — cmoit ypoBHs moctyma k bJ[. B Hem
¢dopmupytorcst  Hibernate Query Language [15]
(manee HQL) 3anpocs! k B/], Ha ocHOBe niepeaHHbIX
JIAaHHBIX C KJIMCHTCKOM YacCTH;

e Service — cioif OWU3HEC-JIOTMKH MPOEKTA, KOTOPHIi
BKIIfouaeT B cebs oOpamenne k Dao u QyHKImaIM
MPOEKTA, BBITOJIHSAIONINM IIOCTaBJICHHBIE JIOTHIESCKHE
BBIYHCIICHHS;

e View — 60K, OTBEYAIONIHIA 38 OTOOpasKEHHE JaHHBIX
u paboTy C MONb30BaTe]IeM Ha KIMEHTCKOW YacTh
MIPOEKTA;

e Controller — 6ok, o06pabaTsIBAIONMI  3aMPOCK
monms3oBarenst W nepemarommii ux B Model mis
JabHEeHIe padoThl;

C. Ilpoexmuposanue 6a3zvl OanHbix
B/1 momKHa YIOBIETBOPSTH IIOCTABICHHBIM TPEOOBAHMSIM:

®  KOHTpOJb LEIOCTHOCTH JAHHBIX C HCIIOJIb30BAaHHEM
CBsI3el MEXIY TaOIINIIaAM;

e  Moau(UKAIWs TPYIIT U CBA3aHHBIX TaOIUI] JaHHBIX
BEITIOJTHEHBI B paMKaX TPaH3aKIIni;

e JlorMka pa0OTHl TPHIOKEHUS  KOHTPOIUPYETCS
TPUITEPAMH.

Onwmpascb Ha  IOCTaBJIEHHBIE  TpeOOBaHMSA,  6bUIa

CIPOEKTHPOBaHA B, XpaHsIas nHpopmanuio

uappacTpykrypsl ropoaa Cankr-IlerepOypr (cM. Tabnmiy 2).

TABJINLA 2.0TIMCAHUE TABJIULL B/] BEB-CEPBHCA

Hms Tabamnubl Pacumdposka

Ta6rmua TCOMaHHBIX CTaHLII/Iﬁ METPO T.

metro
Cankr-IlerepOypr.
Tabmuua XapaKTePUCTUK
eople MHOTOKBapTUpHBIX JoMOoB Tr. CaHkr-
pTUp
TlerepOypr.

Tabmuua reoJJaHHbIX MarasuHoB
shops pas3neyHbIX KaTeropuit T. CaHkT-
[erepOypr.

Tabmuua TeofaHHBIX  MaplIpyTOB U

transport_point pacrucaHusi OOLIECTBEHHOTO TPaHCIOpTa

r. Cankr-IlerepOypr.

Tabmuua xnacrepoB. Kaxelii knacrep —
MECTOIOJIOKEHUE CKOILICHHUS
HepeceueHnit MapLIpyTOB TpPAaHCIOPTA T.
Cankr-IlerepOypr.

weight_routes

D. Ilpoepammnasn pearuzayus

Dtan peanu3aly MPOrpaMMHOTO MPOAYKTa pas3jelicH Ha
JIBE YaCTH:

e  pa3paboTKa CepBEPHON YaCTH BeO-CEepBHCa;
e  pa3paboTKa KIMEHTCKOM YacTH BeO-cepBHCca.

Peanuzanus cepBepHOM 4YacTM COCTOMT B HAIMCaHUH
NpOrpaMMHOrO  Koja, oOecrednBaromero  (QyHKIHOHA
pabotel  Beb-cepBHCa M peanu3aluud  pa3pabOTaHHBIX
QJITOPUTMOB.

I'maBHas 3aja4a cepBEpHOI 4acTH — 00pabOTKa 3ampocoB,
HOCTYNAIOIUX C KIMEHTCKOH 4acTH, paboTa ¢ HUMH B PaMKax
pa3pabOTaHHBIX ANTOPUTMOB U BO3BpAILECHHE PE3YIbTATOB
00paTHO Ha KIMEHTCKYIO YacTh, A UX OTOOpayKEeHHUS.

Jlnst perieHdst BOmpoca O MapIIpyTH3alMH  3aIlpOCOB,
OPUXOMAIINX HA CEPBEPHYIO YacCTh, OBUI HCIONB30BAH
DispatcherServlet [16] 13 BEIOpaHHOTO Ha 3TaTe TEXHUUECKON
crietmdukanmu Framework Spring [16]. Jlanubiit MeHemKep
BBITIONTHSET paboty obecriedeHus ¢dyHKIMOHATA,
OTMEUAIOMIEr0 3a TPHEM W BO3BpAlICHWE OaHHBIX IO
npotokory HTTP [17].

Peanmmzanms KIMEHTCKOM YacTH COCTOMT W3 HAIMCAHMS
BEO-CTpAaHWIIBI CepBHCAa [UII TOHSATHOTO IIOJB30BATENIO
0TOOpaKeHUS PE3YIIHTATOB.

Jtst oToOpakeHusT KapT MECTHOCTH U paboTHI ¢ Hell ObLIH
ucronb3oBanbl  cepBuckl APl Supexc.Kaprt, xoropsie
NPEJOCTABISAIOT JOCTYH JUIA HCIIOJB30BAHHSA TEXHOJOTHI
SlHAeKC st APYTUX MPOEKTOB.

Ommpasice Ha aHamm3 [UC nemaercs BBIBOA, HTO
KJIMEHTCKasi 4aCTh BeO-CEepBUCA JIOJDKHA COCTOSITh U3 TITABHOMN
CTpPaHUIIBI, MPOCTPAHCTBO KOTOPOH TOMHOCTBIO  Oyaer
3aHMMAaTh Kapta MecTHocTH. [loBepx kapTel  Oyayr



0TOOpa)keHbI HHCTPYMEHTBI [Tt pabOThI ¢ KapTOH U BHIOOPOM
aHATM3UPYEMOIT 00JacTH MapKeTHHTa (CM. pHc. 5.).

Puc. 7. OrobpakeHne Ha TEIJIOBOW KapTe CTaHIMN
MmerpononureHa r. Cankr-Ilerepoypr

Puc. 5. JlemoHCTpanus riaBHOM CTpaHUIIBI
pa3pabaThIBaeMOro BeO-cepBrca

Jlanee npoaeMOHCTPUPOBAH peaM30BaHHBINA (pYHKIIMOHAT
pu paboTe Ha KIMEHTCKOW YaCTH MPOCKTA.

ITpu BBIOOpE HYKHON OOJACTH U3 BBIMLIBIBAIOLIETO CIIHCKA
maHemu  BbIOOpa  oONacTH  MapKeTHMHTa  Ha  Kapre
0TOOpaXAITCs PEKOMEHIOBAHHBIE MeCTa MAJs pa3MEIlCHUs
peKJIaMbl Ha OCHOBE TPOBEJCHHOrO aHAN3a KIACTEpH3aIH
JAHHBIX M TPHUMEHEHUs K HUM MeToja MHOXxecTBa Ilapero
(cM. puc. 6.).

Puc. 8. UcxonHble 1aHHBIE TPAHCIIOPTHBIX NEPEABIKECHUN
r. Cankr-IlerepOypr Ha TeIroBoit KapTe.

Puc. 6. JlemoncTpauus oroOpaxeHus BBIOpaHHOU
KaTeropuy MapKeTHHIa Ha KapTe

VI. PE3VJIBTATBI PABOTBI IIPOTPAMMHOTI'O TTIPOJIYKTA.

[Ipu memoHcTpanyu pe3ysIbTaToB paboThl MPOTPAMMHOTO Puc 9. OtobOpaxeHnue kiacTepoB (pe3yIbTaTOB METO/A
MPOAYKTa TpeOyeTcsl MpOaHaIM3UPOBATh TIONYdeHHbBIE TAHHBIC KJIaCTepU3allii) Ha KapTe
s aJbHEMINUX BBIBOJOB WU NPEUIOKEHUM IO Pa3BUTHIO
MIPOEKTAa.

[l mpoBeeHus aHalu3a pacCMOTPUM Pe3yIbTaT paboThl
cepBHCa, a IMEHHO IpeyiaraeMble I pa3MEIleH s PeKIaMbl
MecTa kareropuu « CnopTUBHBIE TOBapED (cM. puc. 11).

Ilpm anamm3e crout  oOOpaTWTb BHUMaHHE  Ha
pacronoxeHne KII0YeBBIX 001acTeil Ha KapTe, a IMEHHO:

e  craHmmit MeTpo (cM. puc. 7.);

®  HCXOJHBIX JAaHHBIX TPAHCHOPTHBIX IEPEIBIKECHHI
(eM. puc. 8) wu KimactepoB, 0Opa3OBaHHBIX B

pe3ynbrate pabOThl aNropuTMa KiacTepH3aluu ¢ Puc. 10. OTo0OpaxeHre Mara3uHOB KaTeTOPUN
nepecevueHrsIMU aBTOOYCOB MapIIpyToB (CM. puc. 9.); «CrnioptuBHBIe TOBapbI» I. CaHkT-IleTepOypr
o pacnonoXeHus Mara3uHoB KaTCTOpPHUH «CHOpTI/IBHbIC Crout OTMETUTb, 4YTO KIIACTEPBI, PACHOJOXKCHHBIE Ha
ToBaps (cM. puc. 10.). KapTe [pU aHalu3e, B OONBIINHCTBE CIIy4aeB, JEHCTBUTEIbHO
COOTBETCTBYIOT peabHBIM y4acTKam CKOIUICHUS

TPAaHCHOPTHBIX NepeceueHnil. Hanpumep, HEKOTOPBIE U3 HUX:



° NEPEKPECTOK BO3JIC CTAHIITUN MCTPO AKaI[eMH‘IeCKaH;

e TIIepeKpPEeCTOK BO3Je craHmuu Merpo IIpocmext
IIpoceemenus;

° Y4acCTOK BO3JI€ CTAaHIIUU METPO KyH‘II/IHO.

Ilocie BBIMOMHEHUsSI AITOPUTMA METOAa MHOMKECTBA
INapero, momydeHHbIl pe3yabTar (cM. puc. 11.) ciemyer

MMpOoaHaAJIN3UPOBATD.

Puc. 11. Pesynbrar paboTsl BeO-cepBHca BpIOOpa
MECTOTIONIOKEHUS JUTsl pa3sMeleHUs PEKIIaMbl Ha TpUMeEpe
BBIOOpA KaTeropuu MapketuHra « CIIopTHBHBIC TOBAPHI»

VIIl. AHAJIU3 PE3VJIbTATOB

OcCHOBHOW  1enbl0  paboThl  OBUIO  TPENOCTaBIICHUE
TOTOBOTO MIPOrPaMMHOTO MIPOAYKTAa, MOJIHOCTBIO
aBTomarusupytomero I[P mpu BbeIOOpe MecTONONOKEHHIH
JUIA pa3MeIeHUs pEeKIaMBbl.

Hcxonuble naHHble A1 pabOThl CHCTEMBI OBLIM B3STHI C
OTKPBITHIX JIEKTPOHHBIX PECYPCOB!

e  otkpeiThie nanubie Cankr-TlerepOypra [18];
e  OpenStreetMap [19];

e qoprall  OOILIECTBEHHOI'O CaHKT-

[erepOypra [20].

TpaHCIOpTa

Hike nepeurciensbl KaTerOpyUU U KOJTMYECTBO JIAHHBIX
e  CTaHIMU METPO — 68 MO3UIIHIA;

®  XapaKTEepPUCTUKH MHOI'OKBAPTUPHBIX TOMOB — 22254
HO3ULIUH;

e  MarasuHbI pa3IHMYHBIX KaTeropuit — 14495 mo3urwmii;

®  MapuUIPYTHI H pacrcanue NIBIDKEHUI
00MIECTBEHHOT O TPAHCIIOPTa - 23675 MO3UIHHA.

[Ipu ananmze pesympratoB padoTsl III1 ObUTO BEISBIEHO,
YTO MNPAKTHYECKH BCE  IPENVIOKEHHBIE MecTa Ul
pAacIlONOXXeHNUs HaXOMATCS PSIIOM € KilacTepaMH CKOILUICHHSA
TPAaHCIIOPTHBIX TIEPECEUCHNH W Ha OKpamHax Topoja.
OCHOBHasl 4acTh MECT PACIIOIOKEHHS Mara3uHOB KaTErOpHH
«CnoptuBHble TOBape» (cMm. puc. 11.) mpuxomurcs Ha
LEHTPAIBHYI0 YacTh TOpoja, T. O. MOXHO TOBOPHTB O
KOPPEKTHOH paboTe ainropmTMa NpPUHATHS pEIICHUH, T. K.
MeToa MHOXecTBa [lapeTo onmpaercst Ha TPH yCIIOBHS:

®  CKOIUICHHE TPAHCIIOPTHBIX MEPECEUECHNH;

L4 HaJINMIUC pAAOM CTaHIUHU MCTPO,

e He Ooree 5 Mara3uHOB KOHKYPHPYIOIICH KaTeropuu B
panuyce 1000 meTpoB.

Ha naHHBIE MOMEHT O (PMHAHCOBOH BBITOJIC HEBO3MOXKHO
CyIUTh, T. K. TpeOyeTcs TIONIyueHHE pPe3yIbTaTOB B XOIE
9KCIIEPUMEHTA, TIOCTAaBJICHHOIO B pEANbHBIX YCIOBHSIX,
KOTOPBIH TIPH 3TOM OYJIET YIUTHIBATh:

®  3aTpaThl Ha peKIaMy;
®  CpOKH €€ 3KCILTyaTalluy;

e (HUHAHCOBYIO MpPUOBUIL Ha MEPHOMA ITOJIb30BAHUS
PEeKIaMHON yCIyroii;

L4 YBECJIMYCHUC KOJI-Ba INOCTOAHHBIX KIHMCHTOB U

MHOTO€ JPYroe.

VI11.BBIBO/bI Y IAJIGHEAIIEE PA3BUTHUE [TPOEKTA

[Ipoananu3upoBaB pe3yabTaThl PadOThI MPOTPAMMHOIO
MPOIYKTa MOKHO TOBOPHUTH O aJCKBATHOCTH MpPEaraeMbIX
BeO-CEpBHCOM  MecTax Uil PACHOJIOKEHUs]  PeKJIaMbl
BBIOpaHHOW KaTeropmud MapketuHnra B ropoae CaHKT-
[TerepOypr.

C ToukM 3peHus pa3BUTUS TMPOEKTa aKIEHT CTOUT
MOCTaBUTh HAa BHEJPEHHE JIOMOIHHUTENBHBIX METOJOB MpPH
NpUHATHH pemieHuil. Onupasch Ha KOMIUIEKCHBIE Pe3yIbTaThl
HECKOJIbKMX aJITOPUTMOB MOYKHO TOBOPHTH O Oosiee TOYHOH
AQHAJINTHKE.

3HAYMMOCTh TPOEKTa C DKOHOMHUYECKOH TOYKH 3pEHHs
MO3BOJISIET Pa3BUBATHCS OM3HECY, 4YTO B CBOIO OYepenb
MOJIOKUTENBHO BIUSIET Ha pa3BuUTHE rocyaapcrBa. C HaydyHOH
TOYKHM 3PEHUsI MPOCKT IOKa3blBaeT IPUMEP HCIIOIb30BAHUS
METOI0B pa3HbIX o0jacTedl I MOMy4eHHs pe3yibTara,
pelIaomero 3aJayy IpHU pacdeTe M aHajlu3e BbIOOpa MecTa
JUISL pa3MEILEHUsI PEKIaMbl.

PexoMenganmy o pa3BUTHIO NPOEKTa BKJIIOYAIOT B CEOs
UCIIOJIb30BAaHUE  JIOTIONIHUTENBHBIX ~ METOAOB  NPHHATHUS
peueHnii ¢ JanbHEWIIMM  KOMIUIEKCHBIM  aHaJU30M
Pe3yABTaTOB STHX METONOB, a TAakkKe pPACIIMPEHHE TaHHBIX
JUT paboTHI C IPYTUMHU TOPOJAMH.
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Web-service for processing big data in geographic
information systems for selection advertising
locations

Vladislav Ivlev, Igor Nikiforov

Annotation - Choosing a location for advertising plays an
important financial role in marketing, therefore this item is one of the
main from the point of view of the development of the company to
increase profits.This paper describes an approach to creating a web
service that recommends location on a map to advertise a specific
marketing area.

A distinctive feature of the proposed service is to provide
automation of the process of making decisions about choosing a
location for advertising.

To analyze the results of the web service, the geo-information
data of the city of St. Petersburg were used, namely, metro stations,
characteristics of apartment buildings, shops of different categories
and routes and schedules of public transport.

Keywords -
advertising

big data, geographic information systems,



[Ipumenenue nponeccopa AM335x Arm CortexA8
Sitara ma mrardopme BeagleBone Black mms
00pabOTKH ayIMOCUTHAaIa

Vladimir P. Kokarovtsev,
Peter the Great St.Petersburg Polytechnic University

Annorauusi — Ileab pganHoil paborbl — 0030p
OHOIJIaTHOrO KommbioTepa BeagleBone Black na 6aze
npoueccopa cemeiictrea Cortex AM-335x Sitara ¢ unesbto
paccMoTpeHusi BO3MOKHOCTeli ero npumeHeHus. B Hem
ocobenno wunTepecen PRU-ICSS momyas (2 mm.),
MO3BOJISTIONIMI MCIOJIB30BATH ITO YCTPOWCTBO AJISI PelIeHust
3aga4 peajbHOro Bpemenu. [lmanmpyercsi MCmoIb30BaThH
PRU pemeHuss 3agad 3Xo-KOMIIEHCAIMM, UHPPOBOii
(bn.m,Tpaunn, HU3MEHEHHUH 4acToThI AUCKpeTU3anuu.
00pa0oTku curHaJIoB B qajbHelinieM IIaHUpYeTCs CO3JaHue
CHeHAJBHOI0 CHHXPOHHOrO MHTepdeiica aAnsa 00padoTkKU
ayIuoNnoToKa (T.K. BO3MOJKHO TOJIbKO MOCJIATH LU poBoii
norok mo hdmi), ucmoan3ys PRU, nockoibky oH HMeer
HEKOTOPbIE OTJINYUTE/IbHbIE 0COO0EHHOCTH.

|. BBEJEHUE

JIJ'IH qyero XKe HY>KHbBI OOHOIIJIATHBIC
komnbioTepel? [lepBoHawanbHast cdepa npuUMeHeHHs
OJTHOIUTATHUKOB - 00pa30BaTeIbHO-/IEMOHCTPAIIMOHHAS:
IpY IIOMOUIM [AHHBIX YCTPOMCTB MOXHO H3Yy4daTb
UH(OPMATUKY, OCHOBBI 3JEKTPOHUKH, CXEMOTEXHHUKY H
MPOrpaMMHUpPOBaHUE. braronaps HAJIUYHUIO
yuauBepcanbhbpix noptoB (GPIO, UART) mns pabGotsl ¢
MIO0BIMH ~ APYTMMH  YCTPOMCTBaMM,  OAHOILIATHBIC
KOMIIBIOTEPHl MOTYT HPHMEHATHCS B POOOTOTEXHHKE, B
cuctemMax "yMHBIH AoM" W B JIHOOBIX  IIPOEKTaX,
TpeOyIOIMX NPOrpaMMHOIO YIPABICHHS 3JIEKTPOHHKOM.
OnHoIuIaTHBIE KOMIIBIOTEPEI C  YCTaHOBIIEHHOMH
OIepalMoHHOM cucTeMoil Ha 0Oase simpa Linux BO3MOXHO
UCIIONIB30BaTh B IIOCTPOGHHH  CETEBBIX  YCTPOICTB,
MapIUIPyTU3aTOPOB (POYTEPOB), PA3IMIHBIX CEPBEPOB.

Ha CETrOHAIIHUN JIeHb OJTHOILIATHBIE
KOMIIBIOTEPHl CTaJM JOCTATOYHO IPOU3BOIUTEIbHBIMH,
yro emE Oomplle pPacIIMPUIO BO3MOXKHOCTH — HX
NpUMEHEHUs] - OOJIBIIMHCTBO COBPEMEHHBIX MOJeNeH,
nMeromux Ha Oopty 1-2 Gb m Oornee omepaTuBHON
mamaTd, 4-X W Jaxke §-MH SIepHBIE IPOLIECCOPHI,
JOCTaTOYHO MOIIHBIE Tpauyeckue W KayeCTBEHHBIE
3BYKOBBIE ITOJICHCTEMBI, MOTYT OBITH HCIOJIB30BAHBI KaKk
JOMAaIlTHHE Meua-LIeHTPbI, B cHcTeMax
BHUICOHAOIONCHNS, a TaK € KaK 3Heprod(pQeKTuBHBIC
JEeCKTONBI, ~ MHHHU-KOMIIBIOTEPBl ~ [OA  yIpaBICHHEM
OIEPAITMOHHBIX CHCTEM Ha OCHOBe siipa Linux - Debian,
Ubuntu, Fedora, Android u T.x.

Hanbomee  nmOCTymHBIM W HONMYJISPHBIM
KoMmmbroTepoM siBisiercs BeagleBone Black, ocHameHHBIiH
nporieccopoM cemeiictea AM-335x Sitara. BeagleBone
Black — 9T0 MUHHATIOPHBI  KOMIBIOTED IS

JJIEKTPOHHBIX TIPOEKTOB, TJE OJHOBPEMEHHO HY)XHA U
BBICOKas IPON3BOUTENFHOCTD, M ITUPOKUE BO3MOXKHOCTH
JUISL TIOAKITIOUEHUsT nieprdepun, Tak ke CBS3b C CEThI0 U
MHTEPHETOM  TOCPEJCTBOM  ONEPAlIOHHOH  CHCTEMBI
Linux. Takxke B HEM €CTb MOAYJIH PEATHHOrO BPEMEHH,
KOTOpbIE HE 3aBUCAT OT OCHOBHOTO TIpolieccopa H
CHoCcOOHBI paboTaTh Ha yactote 200 MI 1.

Cama unest 00paboOTKH ayanocHrHaia He HoBa. B
ciydae ¢ miatdopmoii BeagleBone Black mmanupyercs
UCTIONB30BaTh JUISl OTHX Ieleil MOIylb PeallbHOro
BPEMEHHU U OINPEAEIUTH 1[eJIecO00pa3HOCTh ATOr0 METOAA.
Taroke cymecTByroT peanuzauun Ha miathopme FPGA (c
ucrnonb3oBanueM ycrpoiictsa Altera 1S10); cnienmanbHblie
ycTpoiicTBa Juisi  00paboOTKM curHanma (copaepxkaiiee
OOHapyXHTeNb pa3pbiBa, CKOHPUIYPHUPOBAHHBIA IS
ONpE€ACIICHNA MOABJIICHUA pas3pbiBa UCXOAS U3 BHE3AITHOI'O
TIOBBIIIICHUSA AMIUTUTYObI JACKOAUPOBAHHOT'O ayauo,
MOJIY4EHHOTO TyTeM JIEKOAWPOBAaHHS IEPBOrO IaKeTa
ay[u0, KOTOPBIM IPHUHAT KOPPEKTHO IIOCIE IOSBJICHUS
HOTepH  Makera, M  KOPPEKTOp  pa3pbBa I
KOPPEKTHPOBAaHHA pa3pblBa JEKOJUPOBAHHOIO ayIHo);
aHAIM3aTOpPhl ayauo (aBTOMAaTHYECKU OMNPEIenseT TOUKH
U3MEHEHHS B  ayAMOCHTHAJaX, KOTOpBIE  HYXHO
obpaborare; LIl mnonyuaer wuHpopManUIO O TOYKE
M3MEHEHHS, YKA3bIBAIOLIYIO TTOJIOXKEHHS TOYEK H3MEHEHHS
B ayJUOCHT'HaJaX, W HMH(OpPMaIus O TOYKE H3MEHEHHS
3aIIMCBIBAETCSI HA YCTPOMCTBE XpaHeHWs JaHHbIX; LIII
uaeHTUPUIMPYET HWHPOPMAIMI0 O TOYKE H3MEHEHUS B
COOTBETCTBUM C MHCTPYKLMEHN, BBEIECHHON MOJIb30BATENEM
yepe3 KITI0UeBOl OnepanroHHbIN OI0K).

Hmwxe rmokazana  cpaBHUTeNbHas — TaOnIuIa
MOMYJISIPHBIX OJHOIUIATHBIX KoMIibioTepoB (Tabmmma 1).
I'nsinst Ha Hee, MOXKHO cCHENaThb BBIBOABL, YTO MOAYJb
pealbHOTO  BpPEMEHH HMeeTcs TONbKO Ha  IUIaTe
BeagleBone Black. D10 u siBisieTcs rIaBHBIM KPHTEpHEM
BEIOOpa  WMEHHO STOM  IUATGOPMEI,  ITOCKOIBKY
JaNbHEeHmed menpio Oymer peanm3amms uHTep(eiica ¢
HCIIOJIb30BAHNEM PRU-ICSS TS 00paboTKH
ayIMOIOTOKAa, HECMOTPS HAa TO YTO HEKOTOpBIE MOIEIH
obmagaror syummMHu  xapakTtepuctiukamu (Cores) 3a
MEHBIIYIO IICHY.

Il.  OB30P BEAGLEBONE BLACK (BBB)

Pasmep mrater — 87x55 wmm. Ilmardopma
MIOCTPOEHA Ha Oaze mporieccopa Sitara
XAM3359AZCZ100 cemeiicteBa ARM Cortex A8,



KOTOpEI padotaer Ha yactore 1 I'T'. Taxkxe nmeercs 512
Mb onepatuBHOi nmamatu DDR3L na mmHe ¢ gacToTOi
800 MI'm u 4 I'b dmemr-namatu eMMC, ciryxareit
«OKECTKUM JIUCKOM.
Ha nnare nmeercs:
e Crnor mnt microSD-KapTel, Uil YBEIHYEHHS
BCTPOECHHOM MaMsITH

4 mocnenoBareNbHBIX HHTEpQeiica
qononautensHell  UART  Tonbko

nepenaun (TX);

2 muasl TWI/I2C;

2 muHsl SPI;
25 nopToB BBOJA-BBIBO/IA PEATTLHOI'O BPEMEHHU.

UART u 1
C JIMHHEH

. HDMI
Product P(rj$c);e Processor Cores 3D GPU MCU RAM Storage | or DP- OSes
out
Tl Sitara 1Ix A8 @ PowerVR 4GB Linux,
BeagleBone Black | 55 AM3358 1GHz | scxszo | PRYU | S12MB 1 qumc | Y®S | Android
Tl Sitara 1Ix A8 @ PowerVR 4GB .
BeagleBone Blue 80 AM3358 1GHz SGX530 PRU | 512MB eMMC no Linux
. 4x A53 .
Raspberry Pi 3 Broadcom VideoCore .
30 @ no 1GB no yes Linux
Model B BCM43437 1.2GHz \
4x
. Rockchip Cortex- Mali-T760 :
Tinker Board 50 RK3288 Al7 @ GPU no 2GB no yes Linux
1.8GHz
. 4x A53 . 8GB to .
Banana PiBPI-M64 | 60 A”"A"%”[l”er @ M"f\‘/'l'slzso no 2GB 64GB yes ALr:g‘rJ(;(i’d
1.2GHz eMMC
focked 25t | Rockchip | 553 mali450 | | 16Bto | PV yes | Linux
45 RK3328 1 5GHz MP2 4GB socket Android
1x/2x/4x opt
HummingBoard- 86 to . A9 @ up Vivante 512MB . Linux,
Base 216 | NXPIMX6 to GC355 no | tgogB | BMMCoOr | yes | Android
NAND
1.2GHz
h . Mali-T720 Linux,
Orange Pi One Plus 20 Allwinner H6 4x A53 MP2 no 1GB no no Android
Tabnmua 1 CpaBHEeHHE OIHOIUIATHRIX KOMIIBIOTEPOB
e micro-HDMI i NOAKIIOYCHHS — BHEIIHETO Iloptel  BBOma-BEIBOmAa peansHOro Bpemenu (PRU)

MOHHUTOPA WJIM TEIEeBU30pa U BOCIPOU3BEACHHS
3ByKa

e mini-USB s coemvHEHHWsT C HACTOIBHBIM
KOMITBIOTEPOM M MTUTAHUS

e 21 MM THE3IO Mg IWTAHHSI OT MCTOYHHMKA
MUTaHUA Ha 5 BOJIBT

e RJ45-pa3zpém mns mOOKIIOUEHHWS K JIOKAIBHOU
CeTn

e 2 xomogku 1o 46 TMHOB [UIA ITOOKITFOUECHHUS
ANIEKTPOHHBIX MOJIyJIel 1 KOMIIOHCHTOB

e I3 92 mmHOB Ha Kojoakax 65 MOryr OBITh
WCIIOJIb30BaHbI I U(POBOro BBOAA U BBIBOJA
obmero nHazHauenus (GPIO). Ilpu »Tom
HEKOTOpbIC 3 HHX MPEIOCTABISIIOT
JIOTTOJTHUTENLHBIE BO3ZMOKHOCTH:

e 8 xananos [II1IM Ha 4 HE3aBHCHUMBIX TaliMepax;

e 7 aHAJOrOBBIX BXOJOB, MHOJKIIOUEHHBIX K 12-
outHomy AL (4096 rpamammn);

MOIKITIOYEHBI K BCTPOEHHOMY MHUKPOKOHTposuiepy Ha 200
MI 1. DT0 MO3BONISET YIPABIATH UMH HA HU3KOM YPOBHE B
pearbHOM BPEMEHHU.

OCTaJIbHBIX

ITnardopma
OIHOIIIATHBIX

BBIJICIISCTCS
KOMIIBIOTEPOB

OCOBEHHOCTHU BEAGLEBONE BLACK
BBB

Ha
3a

tdone
cyer

HEKOTOPBIX OCOOEHHOCTEH, KOTOpbIE MOXHO Ha3BaTh
KITIFOYEeBEIMH. VIMEHHO OHH CHITpajiil pONb B BEIOOpE 3TOM




TUIATQOPMBEL

Power User
I LED(D1) YeliFs) l [LED:(DLDS)j

OTG(P4)

UsB
Host(P3)

Puc. 1Komnonenmor BeagleBone Black

Bo-mepBbIX, 3TO HANHYHE JBYX JOMOTHHTEIBHBIX
MHUKPOKOHTPOJIJIEPOB Ha YHMIIE, U, BO-BTOPBIX, 3TO Open-
source mpoekT, noxaepxkuBaemblii The BeagleBoard.org
Foundation. 3To o3Hauaer cBOOOMHBII JOCTYNI KO BCEM
HUCXOOHBIM CXEMaM, MaTtepuajiaM U PYKOBOACTBaAM,
NO3BOJISIFOLIMH MOTU(UIIMPOBATh AW3aiH MIaTGOPMBI TIO]T
CBOM HYXJBl W HWHTETPUPOBATH €ro B COOCTBEHHBIE
npoektbl. Jlauueiii  Mukpokontpomiep (PRU-ICSS)
cmocobeH  B3sATh  Ha  ce0Osl  4YacTh  HArPY3KH,
MpeIHa3HAYeHHOW JUIs IEHTPaJbHOrO TMpoleccopa. B
CIIEMYIONMX ~pas3fieiaX [OaHHbIH MOMAYIb PEaTbHOrO
BPEMEHH paccMaTpuBaercs Oosiee MOJAPOOHO, a TaKxKe
OIMCHIBAIOTCS MPEUMYILECTBA €I'0 UCIIOJIB30BAHUSL.

IV. Os3oprPRU- ICSS

Wnrepecyrommit ~ momynp - PRU-ICSS:
Programmable  Real-Time  Unit and Industrial
Communication Subsytem — Momyib pearsHOrO BpEMEHH.
Amnanormunsie PRU pemienus, U3 4mciaa MOMYNAPHBIX,
ObuTH HadineHs! Tobko s Intel Edison. Ho npu cxoxeit
nene Edison ycrynmaer 1O NpPOW3BOAMTENBHOCTH U
xapakrepuctukaMm. Mmenno Hammuume PRU penaer
BeagleBone  naubonee  NpeIOYTUTENBHBIM  JUIS
ucrons3oBanus B hardware-npoekrax 1O CpPaBHEHHIO C
IpyruMu  OO/DKETHBIMHM — OIHOIUIATHHKAMHU  TUna *Pi
(Hampumep, Raspberry Pi 4 — onmHOIaTHbIN MOpTaTUBHBII
KoMmmbploTep. B HeM dYeThlpexbsaepHBI  64-OUTHBIHA
mporeccop Cortex-A72 ¢ takroBoii 1.5 I'T B cocrase
SoC Broadcom BCM2711, asa USB 2.0 u nsa USB 3.0,
Bluetooth 5.0).

PRU-ICSS cocront n3 nByx 32-OMTHBIX sizep,
nmeromux RISC-apxutektypy u paboTarommx Ha 4acToTe
200MTI'. Kaxmoe siapo MMeeT CBOKO 00JacTh MaMsT, a
TaKKe COBMECTHYIO C Linux oOmactb HaMsTH, MOXET
HCTIONB30BaTh BBIBO/IBI obmero Ha3HAYCHUS,
pacmonoxxenHele Ha pa3zpeMax P8-P9, um ¢dopmmupoBath
NpepeIBaHUA.  OTOT  MOAYAb  SBISIETCS  BaKHBIM
JIOTIOTHEHHEM Bcel 1aThOPMBI BeagleBone,
TI03BOJISTOIIIM obecrieunBaTh MNOANCPXKKY IS
TIPWIOKEHUH C JKECTKMMHU BPEMEHHBIMH OTPAHHUYCHUSIMH.
PRU He sBasgercs  ammapaTHBIM  YCKOPHUTENEM,
MTO3BOJISIIOIIAM ~ TIOBBICUTH  OBICTpofeiicTBHe  Linux-
npwioxkeHnd.  OCHOBHOE  TPEMMYINECTBO  MOIYJIS

pEaJIbHOTO BPEMEHU - KOPOTKOE BpeMs JOCTyma K
JIOKJILHOM MaMsTH U ieprdepuiL.
ARM Subsystem Programmable Real-Time Unit (PRU)

Subsystem
Cortex-A

PRUO PRU1
(200MHz) (200MHz)

{ et

]

Puc. 2 Programmable Real-Time Unit (PRU) Subsystem

Br16op Mozynsi peabHOTO BpeMeHH 00YCIIOBIIEH TEM, YTO
OH Kak pa3 MpeJHa3Ha4yeH JJisl pa3rpy3KH OCHOBHOTO siipa
W UMEeT JIOBONBHO OblcTphlii goctynm k mamsta (L3
Interconnect, L4 Interconnect — cm. Puc. 2) u nepudepun,
HECMOTPA Ha JOBOJIbHO HEBBICOKYIO MPOU3BOAUTEIIBHOCTD
(110 CpaBHEHUIO C OCHOBHBIM ITpolieccopoM). Jpyrue BuibI
opranuzanuu 1u¢ppoBoro uHTepdeiica BHIIIAIIT MEHee
npakTHyHO. Hanpumep, oquH M3 crmoco0oB — 00OpaboTKa
HEHTPAJILHBIM ~ MPOLECCOPOM € TOMOIIbI0  Habopa
¢maxxkoB  (ycTaHaBIMBAThH/COpachiBaTh,  ONpAIIMBAThH
COCTOsSIHUC u MoJIydaThb CHUT'HAJIbI ACMHXPOHHBIX
MPEPBIBAHUN) — TOTUTCSA IJIs1 HU3KOCKOPOCTHOW PabOTHI
OTOT €rnoco0d [ONOJHUTENBHO OCIOXKHIETCA TEM, 4TO
TpyZHO o0ecmednTh TpedyeMoe MHUHHMAaJbHOE BpeMs
peakLiK B TOM CIydae, €CIM COOBITHSI TPOUCXOIST PEAKO,
HO HYXJIatoTcsi B ObicTpoii 00pabotke. Ee oauH criocod
— CMEeLUAIN3UPOBAHHBIM KOHTPOJJIEP C IPOrpaMMHBIM
uHTEep(dEHcoM, ¢ MOMOIIBI0 KOTOPOrO MOXKHO YIPABIIATH
uM. Ho Ha naHHOW 1ulaTe HET KOHTpoJuiepa Ul JaHHOU
3amauy, IMOITOMY OTOT crmocod He mnoxpoWzer. Taxoke
cymecTtByeT BapumanT ¢ FPGA, Ha KOTOpoll MOXXHO
CHHTE3HPOBATh HYXHBII KOHTpOJJIEp, HO OH Tpedyer
JIOTIOJIHUTENBHON «HAACTPOMKW», B TO Bpems kak PRU
yXe ecTh Ha IUIaTe.

V. APXUTEKTYPA PRU

Ha Puc.2 npexncrasnena apxurekrypa PRU.
Ioncucrema PRU Brumrouaer B cebst crieayromie
OJIOKH:
e JIBa simpa PRU, kaxmoe BKIIOYaeT B ceOs:

o 8KB mamsaTH HHCTPYKIHI;

o 8KB mamsaTH JaHHBIX;

o BricokockopocTHOI mHTEp]ENHC MIHHBI
OCP mis pgoctyma K TaMiITH |
nepudepun ARM;

o Topter BBOma/BeiBoma (eGPIO) ¢
TIO/IEPKKOW aCHHXPOHHOTO 3axBaTa M
ITOCJIEIOBATEIIFHOIO BBIBOJIA;

0  YMHOXHUTEIb c BO3MOKHOCTBIO
HakoruteHus: (MAC);

e  bricTposeiicTByromas
(Scratchpad memory):

BpEMEHHasA naMATb



o 3 Onoka, B kaxaoMmM 30 32-OHTHBIX
PErUCTpoB;
o Ipsamoit JIOCTYII obecrieynBaeT
BO3MOKHOCTH OBICTPOM CHHXPOHH3AINH
Mexny sapamu PRU;
e Opun koHTpOIUIEep npepbBanuii (INTC):
o Ilpuem mo 64 BHEUTHUX COOBITHIA;
o 10 xaHanoB npepbIBaHU;
o AmnmapartHasi IpHOPUTH3ALNS COOBITHI;
e Opun KOMIIIEKT nepudepun JUTst
npomeinuierHoro Ethernet:
o OpuH Taiimep ¢ 10 coObITUSIME 3aXBaTa
U 8 CpaBHEHUS,
o /lBa curHana CHHXpOHH3AIHY;
o /IBa 16-OUTHBIX CTOPOXKEBBIX TaliMepa,;
o Iudporsie TOPTHI BBOJA/BHIBO/A;
e 12KB nmamsTH 001ero Ha3HaAYEHHUS,
e  ®opmuposanue 16 MporpaMMHBIX COOBITHH;
e Opmun nBYXMOpTOBBIA Moy Ethernet MII;
e Opmun nopt MDIO;
e Omun npuemonepenatdynk UART ¢ TakroBoit
yactoroii 192MI1;
e  Onun Moaynb 3axBata (ECAP);
e [lomneprxka ruOKOTo yrpaBiIeHHs TUTAHUEM;

VI. TIPUMEPBI CIIOJIb3OBAHUS [IJIAT®OPMBI

[lnater  Beagle wnmeanpHO moOmXomsaT — 1uist
UHTETPallMM [POIPAMMHOTO  OOECHEYEHUS BBICOKOTO
YPOBHS M 3JIEKTPOHMKU HHM3KOI'O YPOBHS B JI00OH THI
IpOeKTa, TaKk Kak OHM 00JaJaloT  JOCTaTOYHOH
BBIYUCIIUTEIBHON MOIIHOCTBI0. OCHOBHOE MPEUMYILECTBO
nepex  Oonmee  TpPagWIMOHHBIMH  BCTPauBAaEeMbIMH
CHUCTeMaMH, TaKMMH KaKk MHKpPOKOHTposuiepsl Arduino,
PIC u AVR - ucnons3oBanue OC Linux Jyist IpOEKTOB.

JanHast miatopMa MOXET HUCIONb30BAThCA IS
noctpoeHuss cucreMbl HHrepHera Bemed. Taxxke BBB
MOXKHO HCIOJIB30BaTh B POOOTOTEXHHUKE (HAIpHMep,
pobot-3Mes, mpexanonaraeMas  00JacThb NPUMEHEHHUS
KOTOPOrO — JKepia, Mellepbl, Jiel U CKaJIUCThbIe
moBepxHocTH). Emme 3TOT OJHOIIATHBIM KOMIIBIOTED
MOXET IIPUMEHSTBCS B KaueCTBE HHU3KO3aTPATHOI'O
reHepaTopa MMIYJIbCOB, TOUHEE JJISI 3TOr0 MCIONb3YeTcs
moaynb peanpHoro Bpemenun (PRU). Jlns PRU-ICSS
nocrynHbl nporokonbl  Ethernet, Fieldbusa, a Taroke
cepruduuupoBanapie  pemeHns miaa  EtherCAT®,
PROFIBUS®, PROFINET®, HSR u PRP u np.

Kak OpuTO moAMEYEHO paHee, OCHOBHAs 3ajada
storo moxyist (PRU) 3akimiodaercs B mpuHATHH Ha ceOs
YaCTH Harpy3Ku, MpeIHa3HAYEHHOH 11 OCHOBHOTO sifpa,
no3tomy Ha PRU MOXHO BO3JOXUTh BBIIOJIHEHUE
CIeAyIONIMX OTACNbHbIX (YHKIUA W 3amad. Hampumep,
peanmzanys MIPOrPaMMHBIX BBICOKOCKOPOCTHBIX
MIPOTOKOJIOB ~ IIepe/ladydl  JAAHHbIX, B TOM 4YHCIE U
HECTAHAAPTHHIX, WIA IM(PpPOBOH 00paOOTKH CHUTHAIOB
JaTYNKOB B PEXHMME pEaTbHOIO BPEMEHH, MOCKOIBKY
TJIaBHOE MPEMMYIIECTBO MOIYJS PEATBHOTO BPEMEHH -
KOPOTKOE BpeMsl JOCTyna K JIOKQIBHOM TaMSTH W
niepudepun.

VII. 3AKJIIOYEHUE

B pabore Obuta paccMOTpEeH OIHOIUIATHBIN
kommbroTep BeagleBone Black (BBB) ¢ mpomeccopom
AM-335x Sitara u ero MoOAyIb pEaJbHOIO BpPEMEHH
(PRU). Taxxe OblTa ormucaHa 00JIaCTh €r0 IPUMEHEHHUS, U
JTAaHHBIN MOIyNb OBUT BHIOpaH B KadecTBe «(pyHIaMeHTa»
JUISL CO3JaHUsI CHHXPOHHOTO MHTepdelica pemeHus 3a1ad
peanbHOro BpeMmeHW. JlampHeWImas Lenb — CoO3/IaHHe
unTepgeiica Ha ocHoBe PRU wu ompenenenune ero
1eJIECO00pa3HOCTH UL PelIeHHsT 3ajad  o0paboTKH
ay/IMOCHUTHAJA, IePEYNCICHHBIX B aHHOTAIINH.
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AHHomauyus — 6 0AHHOU cmamve paccmampueaemcs 00OHa u3

AKMYQIbHbIX HA  CE200HAWHUIL OeHb meM — CO030aHue
UHCIMPYMEHMA,  NO360JIAIOULE20  BbLINOJAHANMb  HAKONJIEHUE,
cucmemamu3ayuio, CMAMUCIMUYECKYl0 00padomKy u ananus

RONEMHBIX OAHHBIX OECRUNOMHBIX JIEMAMENbHbIX ANNAPAMOE C
Uenvlo  NONYUEeHUA  XAPAKMEPUCHMUKU  COCHOAHUA  NAPKA
6030yutnbIx cpedcme. Pazpabomannviit uncmpymenm noseonaem c¢
20pazoo oonvwei IPphekmuenocmolo odpadamvigamsv OanHble.
Basicnbim 6 cmamove aensemca udes NOAHOU aemomamuzayuu
6cex npoueccoé no padomke ¢ OAHHLIMU GO30YUIHBIX CYO06 6
eounom pewenuu. Ilpednazaemoe pewenue anpobupoeano Ha
mecmoeom Habope NONEMHBIX OAHHBLIX U Obll  NOAY4eH
RONOMCUMENbHBLIL Pe3yibman.

Knrouesvie cnosa: 6Oecnunomuwlii nemamenbHblil annapam,
oépaﬁomm noaemnblx oaHHle, cucmema aemomamusayuu
npoueccoe, oaza oaHHblx, Ha3emHuas cmanyus ynpaeieHus

I.  BBEJIEHHUE

Hma XXl BeKa  XapakrtepeH  OypHbBIH  pocT
WH(QOPMALIMOHHBIX ~ TEXHOJIOTMH,  KOTOPBIA  MO3BOJISET
pa3pabarbiBaTh HOBBIH HMHCTPYMEHTApUil I pPEIIeHUS
aKTyaJIbHBIX 3a7ad B pa3NM4HBIX cdepax M 00JacTsix
JeATENBHOCTH 4enoBeKka. OIHOH U3 ObICTPOpa3BUBAIOIINXCS U
BOCTpeOOBaHHBIX 00JacTell Ha CETOAHSIIHUN IEHb SIBISETCS
OecnimiioTHas aBWalys. BocTpeOoBaHHOCTh JAHHON 00NacTu
OOBSCHAETCA TeM, YTO VIS DEIIeHHs KIACCHYECKHX 3ajad,
TaKMX KaKk MOHHTOPHHI, KapTorpagupoBaHHE, a3pochEéMKa
NpUMEHEHHe OeCIUIOTHBIX JIeTATENbHBIX almapaTroB (najee
BJIA) mo3Bonsier 3aTpaynBaTh MEHbIIIEE KOINIECTBO PECYPCOB
W TomydaThb Oojee  KadecTBeHHBIH pesyaprar  [1,2].
D¢ dextrBHOCTs puMeHeHNs BJIA o0ycioBieHa UX MabIM
pa3sMepoM, MOOHMIBHOCTBIO M BO3MOYKHOCTBIO IPUMEHECHUS
CIIEUAJIN3UPOBAHHON TOJIE3HOM HArpy3Ku [Uisl peLIeHHs
KOHKPETHO ITOCTAaBJIEHHOH 331a4N.

C pocrom moTpeOHOCTH B OecmmiioTHOM aBuammu [3],
BO3HHKAeT HEOOXOOMMOCTh B CBOEBPEMEHHOW 00paboTke
JAHHBIX TONy4eHHBIX c aprommwioTa (mamee AIl) BJIA. Bo
BpeMms BhIomHeHus monetHoro 3afnanns All BJIA BemonHser
3aIMCh TIOKa3aHWA C yCTaHOBIEHHBIX Ha BJIA nmatumkoB B
pEXUME PEATbLHOIO BPEMEHHU C 4acTOTOM B coTHH I'L1.

Ha ocHoBe coOpaHHBIX TONETHBIX AaHHBIX (mamee I[1/1)
ormeparopy BJIA HeoOxommmo ompenensTe KOPPEKTHOCTH
paborer kommuiekca BJIA. Jlnsg sToro m3 HeoOpabOTaHHBIX
JAHHBIX TPeOyeTCsl MOTYYNTh MOKa3aTean PabOThl KOMILIEKCa
3a Tekynmi noner. [ToMmruMo 3TOro, HEOOXOANMO OTCIEKHUBATH

JMHAMHMKY HW3MEHEHHs TIoKasaTeleil KoMIlekca — T.€.
BBIIOJIHATh ~ CTATUCTHYECKUH  aHANIM3 C  y4eTOM  yXKe
MUMEIOIINXCS JAHHBIX 3a TPEIBIAYIINE TONEThl. AHAIOTHYHAS
obpabotka IIJI BeIMONHSAETCS mpousBoauTenaem bBJIA mis
BHECEHUSI KOPPEKTHPOBOK B  ajropuTMbl pabotel Al
OO0paboTKa MaHHBIX BPYYHYIO MOXKET JOCTABIAThH CIIOKHOCTH
npy OONBIIOM KOJHYECTBE COBEPIIEHHBIX IMOJETOB, MOITOMY
CYIIIECTBYET BOCTPEOOBAHHOCTh B CHCTEMaX aBTOMATHYECKOM
00pabOTKHU TaHHBIX.

[ToMrMO HEOOXOIMMOCTH CBOEBPEMEHHOIH 00pabOTKH M
aHanmu3a [IJl Taxke OCTpO CTOMT BOIPOC O BU3YAJIU3ALUHU
IMOJTY4YCHHBIX PE3YJbTATOB, CUCTEMATH3aAllMM U XpPaHCHUH
Oonbinoro konuuectsa Joroe All BJIA kak B oOpaboTaHHOM
BUJIE, TAaK U B OMHApHOM IIPEJCTaBICHHUH.

OCHOBHOH LIeTIbI0 CTaThH SBISETCSA pa3paboTKa MOAXO0Aa,
MO3BOJISAIONIETO aBTOMAaTH3UPOBATh TpoLiecchl 1o padote ¢ I1]]
U 00BEMHUTL UX B €AMHOE MPOrpaMMHOE pELIeHHE, KOTOpoe
Oyner mpou3BOIUTH COOp, 0OpabOTKY, CHUCTEMATH3ALUI0 U
xpanenue [1JI, BBIMONHATH CTATHCTUYECKYIO 00pabOTKy WH
MPEOCTaBIATh MHCTPYMEHTHI ISl aHAIW3a U BU3YaJIU3aLHU
MOJIY4EHHBIX PE3yIbTaToB.

OTnuaUTeNBHON O0COOSHHOCTBIO TIpEIaraéMoro Mmoaxonaa
SBIISICTCS TIOJHAs aBTOMATH3AlLlUs IPOLIECCOB M IIEJIOCTHOCTH
pa6otsl ¢ I1]], T.e. BIONHSAETCS MONHBIA IUKI 110 padoTe ¢
I1JT BJIA.

[Ipumenenne npesaraeMoro Moxosa Mo3BOJISIET TTOBBICUTD
CKOPOCTh, Ka4eCTBO 00pabOTKM M 3(PPEKTHBHOCTH PabOTHI C
I11 BJIA 1m0 OTHOIICHUIO K PYYHOMY MOAXOIY U MPUMEHEHHUIO
MOJIyaBTOMAaTHYECKHUX CHCTEM.

B pasnmene nocmanoska npobremwsr B 0OIIEM BHIE
paccMmaTpuBaeTcsi TpoOJIeMaTHKa HCCIeAyeMord OoO0IacTH u
0003peBaeTcs MpeAIaraeMblil MOAXO/ C TOYKH 3PSHUSI YEPHOTO
SIIIIHKA.

B paznene ussecmmvie memoowt peuienus paccMaTpUBaeTCs
pYYHOM M TIONyaBTOMATUYECKUH TMOAXOJ, a TaKKe UHX
peammzanii B BHAE TPOTPAaMMHOTO HWHCTPYMEHTApHi |
BBIJIETISIFOTCSI X HETOCTATKH.

B pasmene  nocmanoska  3a0auu  MCCIEIOBAaHHS
dopmupyroTcst TpeboBaHHS K pa3pabaThIBAEMOH CHCTEME
obpabotku [T/ BJIA mis mpemnoskeHHOro moaxosa.
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B pasnene obpabomka nonemmuvix OaHHbIX OIUCHIBAETCS
npe/sIaraeMblii moxoxn. Jlaercst 0030p Moayselt st 00padoTKH
IT1 BJIA n paccMaTpuBaeTcst X B3aUMOCBS3b.

B pasnmene apxumexmypa cucmemvr obpabomku I/ AIT
bJIA obo3peBaercss apXuTEKTypa pealu3yeMod CHCTEMBI B
paMKax IpUMeHeHHs U1t 00paboTkn naHHbIX BJIA kommaHnn
«I"eockan».

B pazmene peamuzayus  KOMNOHMEHmMO8  CuCmeMbl
OIUCHIBAIOTCSI TIPUMCHSAEMBIC TEXHOJOTHM M METOIBI  JUIS
peanuszarmu cucteMbl 00padoTku [1J1 AIT BJIA.

B pasnene uccredosanue s¢hpexmuernocmu BHITOTHICTCS
TECTUPOBAHKE PEATU30BAHHON CHCTEMBI Ha HAOOpE TECTOBBIX
JIOTOB U BBITIOJTHSIETCS CPAaBHEHHE PE3YILTATOB MO OTHOMIEHHIO
K PY4HOMY MOAXOY 00pabOTKH JaHHBIX.

B pazgene szaxmouenue
pa3pabOTaHHOW CHCTEMBI.

MOABITOXKUBACTCA  PE3YJIbTAT

Il. TIOCTAHOBKA ITPOBJIEMbI

B Hacrosiiee BpeMs akTyajabHa mpodJieMa aBTOMATH3AIUH
nporieccoB mo pabore ¢ IIJ] BJIA. OOpaborka OOIBIIOrO
komuuectBa joroB  AIl  BJIA  6e3  wcHoNb30BaHUA
ABTOMATHYCCKHUX CHUCTEM NpuBOAUT K yBCJ'II/I‘-ICHI/IIO
Tpy[aO03aTpar, yXYIIICHHIO KadyecTBa pe3ysibTaTta 00pabOTKH
II/T. © COOTBETCTBEHHO HEKOPPEKTHBIM pe3yibTaTaM IIpu
anamuse I1J[. Ha pmaHHBIE MOMEHT BOCTpPEOOBaH IMOIXOJ
(cucTeMa), KOTOPBIN TTO3BOJIUT MOJTHOCTHIO aBTOMATHU3UPOBATH
nporecc 00pabOTKH U MPEIOCTABUT METOIBI I 00padOTKH,
aHaIN3a, BU3yaJIM3allMW, cucTemaTusauuu M xpaHenus [I]]
BJIA B xauecTBe €IMHOTO PEIICHHUS.

C TOYKM 3peHHs YEpHOro SIIUKA TAKyIH) CUCTEMY MOYHO
OIUCaTh CIIEMYIOINM 00pa30oM: Ha BXOJ TOJAIOTCSI OMHApPHBIC
goru AIl BJIA, a Ha BbIXOAE HMeeM Ha0Op JaHHBIX
XapaKTepU3YIOIIHA COCTOSIHHE napka OECIMIOTHBIX
BO3IYIIHBIX cpeacTB (puc.l):

NOKA3ATENKH
XAPAKTEPU3YIOLLME PABOTY K
COCTOAHWE NAPKA B/1IA

%
CUCTEMA OBPABOTKK — @
na An eNA

NAPK BNA
na AN BNA

Puc. 5 Bxox u Beixon cuctembl oopadorku I1/] AIT BJTA

K  nmannoi
TpeOOBaHUS:

CHUCTEME TIPEABABIIAIOTCA CIIEAyIOIue

e (Cucrema nmomkHa paboraTb ¢ OMHAPHBIMHU JIOTAMHU
AIl BJIA;

e (Cucrema [JOIDKHa  BBIIOJHATH  KOHBEPTALHMIO
ounapaoro mora AIl BJIA B npyrue dopmaTsl
TpeNCTaBIICHUS;

e (Cucrema [OIDKHAa BBIIOJHATE aBTOMATHYECKYIO

obpabotky I1J] ¢ menpio ompeneneHus MoKas3atenen
xomimiekca BJIA;

e Cucrema n0/KHa cuctemati3upoBaTh [1]] u xpaHuTh
obpaboTtaHHbIe 1 OnHapHbIe pencTaBienue [1/1;

e CucreMa JODKHAa TPEIOCTABISTH BO3MOXKHOCTD
CTATUCTUYECKOrO aHAJIH3a;

e (CucreMa JIOIDKHA TPENOCTABIATH WHCTPYMEHTHI
aHanM3a TOJETHBIX JaHHBIX (BHU3yanu3auus |
BBIJIETICHIE TIPOOJIEMHBIX o0acTeit).

I1l.  U3BECTHBIE METO/bI PELHEHN

B Hacrosimiee Bpemsi B OCHOBHOM MPAKTHKYETCS PYYHOH
noxxon obOpabotkun u  xpanenus [1/I. Pywnoit momxon
Tpe/noiaraeT BBHIYKMCICHHS IOKa3aTeneldl paboThl KOMILIEKCa
BJIA omepatropoM. [[jist 3TOro ormepaTop HCHONB3yeT Habop
¢hopmyn u mpaBun st pacmudpoBkr U 06padorku [1/] BIIA.
Bonee nozipoOHas uHbopmanus 0 TOM, KaK
pacuMppOBBIBAIOTCS W KaK BBIYHUCISIIOTCS  TOKa3aTesH
paccMOTpeHsI B pabotax [4,5,6].

Jns  obnmeryenust mporeccoB obpabdorku I[111  BJIA
CYILECTBYIOT u UCITIOJIB3YIOTCSI ornepaTopamu
MOJIyaBTOMATUYECKHE  CHCTEMBI,  KOTOpPBIE  IO3BOJISIOT
YACTUYHO aBTOMATH3MPOBaTh 00pabOTKy JMOO coOuparth
KPaTKyI0 CTATUCTHKY IO TIOJIETaM ISl aHAJTU3a.

OcCHOBHBIE TTPOOJIEMBI PYYHOrO TIO/XOJA 3AKIIOYAIOTCS B
HHU3KOIH CKOPOCTH Y BBICOKOW CJIOKHOCTH O0OpaOOTKU JIaHHBIX,
OTCYTCTBHM CHCTEMATH3AIIMH XPAaHEHHS JTaHHBIX M HATHYAH
YeoBeYecKoro (hakTopa: BBICOKAs BEPOSTHOCTH JIOMYIIEHHS
YEIOBEKOM OMIMOOK Mpu 00paboTke\aHa u3e BBHIY OONBIIOTo
o0beMa CrelMpUIHBIX H OTHOOOPA3HbIX TaHHBIX.

il mosyaBTOMaTHYECKHX CHCTEM XapaKTepHa Ipobiiema
OTCYTCTBHSI TIOJIHOTO Lkia padotsl ¢ [1J[, urto mpuBomuT K
HEOOXOAMMOCTH OOpamlieHusi K pPYYHBIM IIOAXOAaM  JUIs
JanpHeHme o0paOOTKM WM HAKOIUIGHHIO OIIMOKH MIpU
MIEPEHOCE  PE3YJIbTATOB MEXKIY BXOJAMH U  BBIXOAAMHU
MOJIyaBTOMaTUYECKUX CHCTEM.

Hmxe paccMOTpeHBI CYLIECTBYIOIIME CHCTEMBI, KOTOpBIE
ucnons3ytores s padotsl ¢ [1/] BJIA:

VYrunura TUIAHUPOBIIHMKA 3aaHUN ArduPilot
MPEIOCTaBIseT BO3MOXKHOCTH pydHOM oOpabotku IIJ] ¢
MOMOIITBI0 HHCTPYMEHTOB TipocMotpa Jiora AIl BJIA. YTunura
Mo3BoJIsieT KoHBepTHpoBaTh [1]] u3 6uHapHoro gopmara ¢aiina
nora AIl BJIA B Ttabnuuseii ¢opMar (IO KaKAOMY
napaMeTpy) ¥ BU3yaJlu3upoBaTh UxX Ha rpadukax [7, 13].

Yrunura APM Log Analyser npefocTaBisieT BO3MOXKHOCTh

nmoixyaBTOMaTH4Yeckor  obpabotkm  I[IJI ¢ momombio
(dopMHpOBaHHSA KPAaTKOr0 OT4ETa O TMOJNIeTe, OJIHAKO
cOPMHUPOBAHHBI  OTYET HE CONEPKHUT JOCTATOYHOTO

KOJIMYECTBA IMOKa3aTeNed MaiIsl ONpENeNeHUs] KOPPEKTHOCTH
pabotsr AIIl BJIA [8, 14].

Yrunura Airnest mpeaocTaBIseT BO3MOXHOCTH COOHMPAThH
JaHHbIE BCEX IIOJIETOB, COBEpIICHHBIE Yepe3 KOHKPETHO
JAHHOE MOOWIBHOE YCTPOMCTBO M COOMpATh CTATUCTUKY IIO
JTaHHBIM TT0J1IeTOB [9, 15].

B pab6ore [10] paccmatpuBaeTcs peanu3aius 6a3pl JaHHBIX,
TIO3BOJISIONIEH MPOM3BOIUTh HAKOIUICHHE W CHCTEMAaTH3ALMIO
NIePBUYHBIX JAHHBIX ITOJYYEHHBIX C MAarHUTHOTO CaMONHUCLA



PEKUMOB II0JICTA JJId SKCIUTyaTalluK IMapKa BO3AYIIHBIX CYyJOB
Ty-204/214.

BBeneM  kputepuu, KOTOpPBIM  JOJDKHA  OTBEYaTh
aBTOMATH3WpOBaHHAss cucremMa ooOpaborku I[I1I BJIA, u
MIPOBEPUM COOTBETCTBHE PACCMOTPEHHBIX CUCTEM 3aJaHHBIM
KPUTEPUSM.

1. Hamnume Moamynst MHTErpallii C HA3eMHOW CTaHIMEH
ympasienus: pabdora ¢ I[IJI AIl m BJIA pomxna
BBITIOJTHATCS B OJTHOU CPEJIE;

2. Hanmmume mopmyns 3arpysumka naHHeix [1JI AIT BJIA
HenocpencTBeHHO ¢ BJIA;

3. Hannume monmyns KoHBepTauuH OWMHApHBIX NaHHBIX All
BJIA B TekcToBbIH 1 HHBIE (hOpMaTEI;

4. Hammume wmoxmyns mnpenodpaborkn I1J] AIl  BJIA:
nepBUYHas 00pabOTKa JaHHBIX M BBIYMCICHHWE METPHK,
XapaKTepU3yIoInX KOppeKTHOCTH padboTsl BJIA;

5. Hanuume Momysst rpaduiecKoro npeacTaBlIeHNs] TaHHBIX
B BUjie rpa)uKOB, TpEKa 1ojieTa H T.J1.;

6. Hanuume Moayast XpaHEHUs! JaHHBIX IOJIETOB Mapka
BJIA;

7. Hanuums MoOAyns CTaTUCTHYECKOrO aHalu3a JaHHbBIX
napka BJIA;

8. Hammume ofOmero goctyma K  oOpaOOTaHHBIM |
HeoOpaboTaHHBIM JaHHBIM napka BJIA;

9. Tlommepxka paboret c¢ BJIA  pasmuuHOro
KOIITEPHOT'O U KPBLIATOrO THIIA;

10. BeinosHeHHe BHIYUCICHUH B O0JIaKe.

THIIA:

Hwxe npencraBneHa tabnunma, rae + OTMEYEHA IIOTHAS

peanuzanus TpeOOBaHWS  KPHUTEPHUs, - COOTBETCTBEHHO
OTCYTCTBHE, a +- 0003HaYaeT YaCTUYHYIO peaH3alHIO.
Tabnuua 1
CoOTBETCTBHE PELICHUH KPUTEPUSIM
Ne Ardupilot | APM Airnest | BJ]
TY204/214

1 + - + -

2 + + + -

3 + - - -

4 - +- - -

5 + + + +

6 - - + +

7 - - + +

8 - - + +

9 - - - -

10 - - - +-

Ha ochHoBe wHpopmaimu wu3 T1ab. 1 BuAHO, HTO

CYIIECTBYIOIIME  pEIIEHHWs  JEeNsITcs Ha  [Ba  THIA:
3aHUMAroIuecs 00paOOTKOW M 3aHMUMAIOLIHECS XpaHEHHUEM
JaHHBIX. Hu omgHO W3 pemieHWi He MOmAep:KuBaeT pabory c
mapkoM bBJIA cocrosmero w3 BJIA  pasnamuHoro tuma.
IIpenob6paboTka MOJNETHBIX [JAHHBIX BBIOJNHIETCA JIMIIb
TOJBKO OJHUM M3 PACCMOTPEHHBIX PEIICHHH, MPUYEM, TOIHKO
yacTUyHO. HM 0#HO U3 pelleHuil HE COOTBETCTBYET
TIOJTHOCTBIO BBEJICHHBIM KPHTEPHSIM.

Bce paccMoTpeHHBIE pEILEHHS pemalT npobiemy,
c(hOpMYIIUPOBAaHHYIO B 1.2 IWIIb 4YacTHYHO. Hu omHO U3
NPEICTaBICHHBIX ~ PEIICHUH HE MOKPHIBAeT  IIOJHOCTBHIO

TpeOOBaHU CPOPMUPOBAHHON K CHCTEME, OITMCAHHON B 1.2, U
MOTHOCTBIO HE OTBEYAET C(HOPMYIIMPOBAaHHBEIM KPUTEPHUSIM.

IV. TIOCTAHOBKA 3AJAYU UCCIIEJJOBAHUA

B nmannoif pabore Oymer paccMaTpuBaThCsl MOAXOL,
TIO3BOJISIFOIIMH aBTOMATHU3MPOBATh IIporecckl 1o pabdore ¢ I1]1
BJIA u 00benqMHUTE MX B €IMHOE TPOrpaMMHOE pelieHHe Ha
npuMepe 3a7aud  pa3pabOTKM CHCTeMBI cOopa aHaim3za M
oopadotku IIJI BJIA xommanmm «['eockam» wu Oymer
BBHITIONTHEHO HccieoBanue 3(dekTuBHOCTH pa3paboTaHHOrO
pelieHuss 1O OTHOWICHHIO K KIACCHYECKOMY pPYYHOMY
MO/IXOy, IPUMEHAEMOMY B KOMIaHUH «['eockany.

B paMkax JaHHOTO  HCCIICNOBaHUS  HEOOXOAUMO

PacCMOTPECTh M BBINIOJIHUTDL CICAYIOINE OTallbl:

1. Ommucanue obuiero noxxoxn k padore ¢ [1/] BJIA;

2. TlocTpoeHue apXUTEKTYPhI CHCTEMBI;

3. Peanmu3aiis KOMIIOHEHTOB CHCTEMBI;

4. Wccnenosanue 3G (HEeKTHBHOCTH PEaTU30BAHHON CHCTEMBI

V. OBPABOTKA INOJIETHBIX JJAHHBIX

Pesynbratom nonera BJIA sensiercs nor AIl BJIA — daiin
¢ 3amucsaimu IIJ[, pacnonoXeHHBIMH B XPOHOJOTMYECKOM
nopsake, rae I11JI — mokasaHust ¢ JaTYUKOB YCTaHOBJIEHHBIX
Ha BJIA u cBenenns o BJIA. 3anuce I1J] Bo Bpems paboTs
BJIA ocymectisiercst ¢ wacrtoroit B cotau I'L]. 3amuce I1/] B
(aiin ocymectsisiercs B OunapHoM dopmare.

Pa6ota c I1J] AIl BJIA BbIoNHSIETCS MO3TAITHO U MOXKHO
BBIJICJIUTH CIIEIYIOIIHE OCHOBHBIE ITPOIIECCHI:

KonBepranys qaHHbBIX;
IIpenobpaboTka TaHHBIX;
XpaHeHue JaHHbIX;
AmHann3 JaHHBIX;
Busyanu3zanus faHHBIX

PaccmotpuM, kak Oyler BBIDIAAETh cucTeMa 0OpabOTKh
ITT AIT BJIA v onmiiem Ha3HaueHHE ee MOayieil (puc. 2).
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Puc. 2 Cucrema obpabotku I1/1 AIT BJTA



Ha mnepBom osrame paboTel ¢ JaHHBIMH HEOOXOAWMO
KOHBEpTHpOBaTh OnHapHbIA (aitn mora AIl BJIA B ¢dopmar
TIPUTOHBIA ISl JajbHeimeld o0paboTku maHHBIX. JlaHHYTO
3aJady pemraeT MOIYJIb KOHBEpTallMKM MAaHHbIX. Ha Bxon
JTAHHOMY MOJYJIIO IOAa0TCs HeoOpaOOTaHHBIE JaHHBIE, a Ha
BBIXOZIE IIONyYaeM COPTHUPOBAHHBIE M CTPYKTYpHUPOBAaHHBIE
JlaHHBIE B 3apaHee OOTroBOpeHHOM (opmaTe YIOOHBIM JUIS
o0pabotku. OOBIYHO ISl JAaHHBIX IEJNEH HCIIONb3YeTcs
TaOJIIMYHOE Tpe/icTaBIcHUe B (patimax ¢popmata CSV.

BropeiM  oTammom  00paOOTKM JaHHBIX ~SIBISIETCS  UX
npenobpaborka. Ha maHHOM »dTame  BBINCNSAIOTCS WA
BBIUHMCIIAIOTCS ToKa3arenu padorsl BJIA, Ha OCHOBE KOTOPBIX
MOXHO CYyIOWTb O KOppeKkTHocTH paborsl BJIA  wim
UCTIONb30BATh JUTst (dopmupoBaHus CTaTHCTHKHY,
xapaktepusytonieii padory BJIA B mporecce 3KCIUTyaTaIlu.
[TokazaTenem MoxeT OBITH HEKOTOPOE YMCIOBOE 3HAYEHHE,
HEKOTOpas 3aIliCh WX TaOJIHIa C ONPE/eICHHBIMU TaHHBIMH.

Ha Tperpem sTame paboThl pemaercs 3ajadya XpaHeHHs U
CHUCTEMATH3allMM JaHHBIX. J[Js 3THX Ielell HCmoib3yercs
MOIYJTb XPaHEHWs NAHHBIX, KOTOPBIA MpPEACTaBISICT U3 ceOs
HAJCKHYIO 0a3y JaHHBIX.

s pa®OThl C HAKOIUICHHBIMH JaHHBIMH HCIIOJIB3YETCS
aHanmuTH4YecKuil  Moxynb. [laHHBIH MOOy7Tb  TO3BOJISET
MPOU3BOJIUTh CTATHCTHYECKHH aHajIW3 W JIPyrHe Ollepaluu,
CBS3aHHBIC C AHAJIU30M JAHHBIX (BBIYHMCICHHE KaKHUX-THOO
rmokasarteiei u T.1.).

IMocneqHUM paccMaTPUBAEMBIM MOYJIEM SIBIISIETCS] MOZLY/Ib
BU3yanuszalmu. JIaHHBIA MOAYNb IpEOCTaBIseT Habop
MHCTPYMEHTOB, [TO3BOJIIOLINH BH3YalN3HPOBATh PE3YbTATHI
00paboTKu B YHOOHOM ISl MHTEPIIPETAlMH MOJIb30BaTElIeM
¢dopme. B ocHOBHOM 151 BBIBOZA MH(OPMALMH HCIIONB3YETCS
TEKCTOBOE U IPapUueCKOe MPEICTABICHHE JaHHbIX.

Taxum 0o0Opa3oM pacCMOTpEeHHas CHCTEMa MPEIOCTaBIACT
BO3MOXKHOCTH BbInosHeHust padot ¢ I1/1 ATl BJIA monHOCTBIO
B aBTOMAaTHMYECKOM pEXHME, M padoTa MOJIB30BATENS C
JaHHBIMH HJET TOJNbKO Ha YpPOBHE 3arpy3Kd JaHHBIX U
MOJIy4EHUs] KAUeCTBEHHBIX DPE3yJIbTAaTOB, XapaKTEPH3YIOLINX
coctosiHue napka BJIA.

VI. APXUTEKTYPA CUCTEMbI ObPABOTKU ITJI AIT
BJIA

B pamkax peanmmzanuu cuctembl odopadortku [1J] ATl BJTA
ObUIO BBITIONHEHO paCUIMPEHHE BO3MOXHOCTEH HA3EeMHOMN
cranuuu ympasnenus (mazee HCY) BJIA. Ha pue. 3.
NIPE/CTAaBIECHA  ApXUTEKTypa pEaJu30BaHHOTO  PEIIECHUS.
Cucrema cocrout u3 2-yx dacrteii, 1-as, Hagcrpoiika sHag HCY,
no3Bossitomiasi padorate ¢ I1JI, 2-as - cepBep 00pabOTKH
nanubix (namee COJI). Pa3Ouenue cuctembl Ha 2 yacTH
(xHeHT-cepBepHYI0) OOBSICHACTCS MO HECKOIBKUM IIPUIHNHAM:

1. Orpaamyennocts  pecypcoB  HCY.  Brmonnenue
00pabOTKN JaHHBIX — TPYOOEMKHI MPOIeCC B TO BpeMH,
kak Ha HCY nomxna Bectuch pabora ¢ BJIA B pexume
peaIbHOrO BPEMEHH.

2. TpeOyercs HakaluBaTh JaHHBIE O COBEpIICHHBIX
TOJIeTax ¥ MMETh BO3MOXKHOCTh HAJCTPOMKH CepBUCa IS
apyrux peanmnzanuidi HCY.

Mogyns
BU3ya/m3aLmm
O6paboTuunk
3anpocos

Mogyns Mopaynb
yrpasaeHus paboTsl c
BNA na An baA

~ O6paboTumk

Aeumdpatop 3anpocos
AHaNUTUYECKUiA
Moaynb

MNpenobpaborumk

Puc. 3 KimeHnT-cepBepHas apxutekTypa cucteMsl oopadotku 1] AIT BJIA

PeanmyeMaﬂ CHUCTEMA COCTOUT U3 CICAYIOIIHNX 3JIEMCHTOB!

Mognyne ympaenenuss BJIA: Momyns OTBETCTBEHHBIH 3a
oTIpaBKy U nonydeHus qaHHeIX oT AIl BJIA, B Hamem ciydae
OUHapHOrO Jiora.

Moayne BU3yanu3alM{: IPEJOCTABISIET IIONB30BATENIO
BO3MOXHOCTb  ()OPMUPOBAHHsSI 3alpPOCOB HA  IIOTyYCHUS
JaHHBIX 110 KOHKPETHOMY mojery. JlaHHbIe MpPeaoCTaBIsIOTCS
B rpaduueckom opmate B BUIE AUArpamMM, rpahMKoB, TAOIIHIL
C JaHHBIMH.

OOpaboTurk 3ampocoB: Ha cropone HCY Bwinonusier
00paboTKy  3ampoca  BBEJCHHBIM  IIOJB30BATENIEM |
nepeazapecyer B Moxyib padotsr ¢ 11 AIT BJIA. Ha cropone
CO/l — nony4aer u odpabaTbiBaeT 3anpockl ot KineHtoB HCY.

baza manneix (b/l) — XxpaHunuiie I10roB.

Jemmdpatop U mpeaoOpaboTUHK BBIMONHSIIOT PadoTy MO
n3Ha4YaJIbHON 00paboTke OuHapHoro sora AIl BJIA, mocie
YEero COXpaHs;IoT AaHHble B b/1.

AHanWTHYECKHH MOAYIh BBINONHSIET IpeodOpa3oBaHUE
3aIpOCOB I0JIb30BaTEN B KoMaHAbl K B/] U cooTBeTCTBEHHO
BO3BpAIllaeT HEOOXOIUMBIN pE3yIIbTaT.

Monyns pabotsl ¢ I1JI AIT BJIA. Peanusyer cBs3p MexIy
HCY u CO/. Xpanur nanusie nomydernsie or COJl B pamkax
Tekymien ceccun paborer HCVY.

VII. PEAJIM3AIINA KOMIIOHEHTOB CUCTEMBI

Peanmzanust CHCTEMBI ObL1a BBINOJTHEHA Ha
BBICOKOYPOBHEBOM SI3BIKE TpOrpaMMupoBaHus Java. JlaHHbIH
BBIOOD 000CHOBBIBAETCS HEOOXOIMMOCTBIO TOJIHOH

uHTerpanuu ¢ yxe peanuzoantoit HCY. Pazpaborka Benachk ¢
MOMOIIBI0 HaOopa Moayieill Ui pa3paboTKH IPOrpaMMHOIO
obecrieuennss RCP mpenocraBnennoit kommanmein Eclipce.
Pazpaborannass Hanactpoiika nHax HCY yHuBepcanbHa W
BBINOJTHEHA B KaYeCTBE IUIATMHA PACIIUPEHNS, KOTOPOE MOMKET
MIEPEHCIIONB30BAThCS B AANBHEUIEM JUIS MHTETPAlnH JIPYrUX
cucrem (i HCY) ¢ CO/L.



Hnst peanmzanmu TpadUueckoro Moayist ObUT BBIOpaH
¢peiimBopk  Bmzyanmzarmun SWT u JFace. [lanHbiii Habop
WHCTPYMEHTOB  IIPEIOCTABISIET BO3MOXXHOCTH ITOCTPOCHUS
Ka4eCTBEHHOT0 MYJBTH-TUIAT(OPMEHHOTO IOIH30BATENHCKOTO
uHTepdeiica.

OO0paboTYHK 3aITPOCOB MPEACTABISIET M3 ceOsT KOHTPOILIEP,
KOTOPBIA MPUHHUMAET 3alpochl MOJB30BATENST U TPAHCIUPYET
nx B Moxmynb paborsl ¢ IIJ] AIl BJIA. Jlanubni momynb
UCTIOJB3YeT MPOTOKONI CEpUAIM3alUU  CTPYKTYPHPOBAHHBIX
JaHHBIX, TpenokeHHblid Google (Protobuf) ¢ momorsio
KOTOPOTO OCYIIECTBIIACTCSA Iepenada OWHApHBIA JioroB Al
BJIA na CO/I. TIToMumo 3TOr0, JaHHBINA MO OCYILECTBIISIET
CBSI3b c CcoJ MTOCPEACTBOM GRPC - 3TO
BBICOKOITPOU3BOUTENBHBIN  (peliMBOpK  pa3paboTaHHBIH
kommanuei Google 11 BBI30B yalieHHBIX Tporenyp. Monynb
COJl comepXMT aHAJOTMYHBI MOAYAb  00pabOTYHMKA
3aIpoCcoB.

INony4yennsie ganusie B COJ] nemudpyroTcst ¢ MOMOIIBI0
3apaHee W3BECTHBIX AJTOPUTMOB W TPeoOpa3oBHIBAIOTCS B
TabnuyHbld  ¢opmar  CSV.  PacmmmdpoBaHHBIE — aHHBIE
00pabaThBalOTCS € TNOMOIIBIO  CHEUUATM3UPOBAHHOTO
obpaborunka. O0a MaHHBIX MOJIYJS TPEICTABICHBI B BHIC
java-oubnuorek. Bonee moapoOHOe omnMcaHuWe peanu3alyn
QITOPUTMOB  Jemudpalii ©W  NpeaoOpabOoTKU  JTaHHBIX
paccMatpuBaroTes B padore [11]

Ilonyuennsle nannelie xpansarcs B b/I. B kauecTBe cucremsl
yIpaBJeHUs JAaHHBIX Hcronbdyercs PostgreSQL. 3ammch u
cTatucThyeckas o0paboTka MH(POPMALUH OCYILECTBISIOTCS C
MOMOIIbI0  OMONIMOTEKH O0pPabOTKH JaHHBIX, MOAPOOHOE
OMHUCaHWEe KOTOPOH MpeicTaBieHO B pabote [12]. Pabora ¢
JaHHBIMH OcCylIecTBIsieTcs mocpeacTtBoM Hibernate — camas
nonyJsipHast peanu3zaius crienudukanuu JPA. Java Persistence
APl — cnemudukaums APl Java EE, npenocrasisier
BO3MOJKHOCTh COXpaHATh B YIOOHOM Buje Java-oObeKThl B
0a3e TaHHbIX.

VIIl. UCCIEJOBAHHME 3OOEKTHUBHOCTU

HUccnenoBanue 3pQEeKTUBHOCTH TPEIUIOKEHHOTO MOAX0/a
B paMKax pEaJM30BaHHOW KIIMEHT-CEPBEPHOM  CHUCTEMBI
o6pabotku I1]] ATl BJIA 1o OTHOIICHHIO K PYYHOMY TIOIXOLY
OyneM TpOU3BOJWTH HA OCHOBE pPE3YJIbTaTOB 00pabOTKU
TECTOBOr0 Ha0opa [aHHBIX, BBINOJHEHHOW Ha TECTOBOM
crerge. TecToBbIM Ha0OpPOM OaHHBIX SBISAETCS HAOOpP JIOroB
ATl BJIA, cocrosmii 13 1000 ¢aitioB, 3aHUMAIOIUX 00BEM
JIMcKoBoro mpocrtpanctBa B pasmepe 40 I'6. TecroBeiM
CTEHIOM SIBJISETCS KOMIBIOTED (KOTOPBIH OXHOBPEMEHHO
Bemonuser pons HCY wu  COJ) co cruexyromei
koHurypammei (tab. 1). HccnemoBaHue 3akirodaercss B
BBIUMCIICHIH BPEMEHH, TpeOyeMoro Ha o0pabOTKy TECTOBOTO
Habopa JaHHBIX W CpaBHEHHE C 3arpaTaMd M JPYroro
MOJX0Ma.

HccnenoBanue npon3BOJMUTCS CIIEAYIOIIUM 00pa3oM:

duxcupyetcs BpeMs Hadana paboThL.

Ha Bxox cucrems! mogaercs jior AIT BJIA.

Brmonasiercs nuki mo oopadotke [T/ AIT BJIA;

[Marm 2-3 mOBTOPSIFOTCA 1O TeX IOp, MOKa He Oymer
00paboTaH Bech TECTOBBII HA0OP JaHHBIX.

HowpNE

5. ®ukcupyercs BpeMst OKOHYaHUS paOOTHI.

Tabmuuna 2
KoHurypauus TecToBoro cresia
[Tapametp 3HaueHue
OmneparrioHHas ciucTeMa Windows 10

[Ipoueccop Intel® Core(TM) 15-8250U
CPU @ 1.60Ghz 1.80 GHz

OnepaTuBHas NaMsTh 12TB

PaspsanHocTs cuctemsl 64

B pesynbrate wuccienoBaHus OBLIO BBISBIEHO, YTO Ha
00paboTky 1000 moroB oowemoMm 40 I'6 i pearn3oBaHHON
cucteMsbl TpeOyercst 3atpaTuth 300 MuH. 45 cex.

CpaBHHM KOMMYECTBO BPEMEHH, 3aTpayMBaeMoe Ha
00paboTKy TecToBOro Habopa JaHHBIX BPYYHYIO U C IOMOIIBIO
cuctemsl oopadotku [1]] AT BJIA.

BBugy CIOKHOCTH  TOYHOrO HW3MEPEHHUS  BPEMEHH,
TpeOyeMOoro ik Py4HOro crocoda mpeaoOpadoTKH MOJETHBIX
JNAaHHBIX, JAHHBIA TMapaMeTp cuyuTaercs OleHoyHo. Ha
00paboTky omHoro jora AIl BJIA cmerumamuct 3arpayuBaet
npubnu3uTenbHo 15 munyr. Takum oOpazom Ha 00paboTKy
1000 noroB Tpedyetcs opueHTHpoBOYHO 15000 MUH.

B wurtore mmeem cieayroliee: Ha 0OpabOTKY TECTOBOTO
HaOopa JaHHBIX C TIOMOIIBIO cucTeMbl 00padoTku 11 AIl
BJIA 6b110 3atpayeno 300 muH. 45 cex. OTcrona, B CpeaHeM,
npenodpadorka oxHoro jora AIl BJIA ¢ ucnonb3oBaHueM
cucteMbl 00paboTku 3anumMaer 18.045 cexynn. B ciydae
pyuHoii oopaborku I1J], obpaborka omnoro jora AIl BJIA
3aHMMaeT y coenuanucra B cpemHeM 15 wmumyT. Taxum
o0pa3oM moiy4aem, 4yTo aBromaruyeckas obpadorka [1/] All
BJIA ¢ momMorisio npeokeHHOro moaxozna osictpee B ~50 pa3
TI0 OTHOLICHHIO K PYYHOMY IIOAXOLY.

Ha puc. 4 npencrasnen rpaduk 3aBUCUMOCTH TPeOyeMoro
Ha 00paboTKy BpeMEHH OT KOJUYECTBA JIOTOB JJIS PYYHOTO U
aBTOMATHYECKOr0 MOAX0/A.

B pesynapraTe wHccienoBaHHMA ~ MOXKEM  YTBEPXKAATh
ClIelyroIIee:
. Ob6paborka smora All BJIA ¢  momomisio
peanu30BaHHON CHCTEMBI B CpelHeM 3aHuMaeT ~18
CeK.;
. Hcrnonp3oBanue peann3oBaHHON CHUCTEMBI ITOBBIIIAET

MPOU3BOUTENLHOCTD Tpoliecca obpabotku 1/ Ha
4987,53% 10 OTHOIIEHHIO K PyIHOMY CIIOCO0Y;
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Puc. 4 I'pacux 3aBHCHMOCTH BpeMEHH 00pabOTKH OT KOJIMYECTBA JIOTOB

IX. 3AKJIITOYEHUME

Ha cerommsmmHuii neHb sBISIETCS akTyalbHOH mHpoOiema
CIOXXKHOCTH 00paboTku Oonbrmoro xomudecta [17] AIT BJIA.
CymecTByeT MHOMKECTBO IOAXO/0B, NPH3BAHHBIX OOJETYUTH
WIN czenaTh BO3MOXKHOH pabory ¢ I1JI, HO OonBIIMHCTBO
NIPEUVIOKEHHBIX ~ PEIIeHU He NPEeAOoCTaBIAIOT  IOJTHOU
aBTOMaTH3aIUH porieccoB 1o padore ¢ 1] BJIA.

B pabore mpemiokeH MOAXOJ K peau3alliid CUCTEMB,
KOTOpasi MO3BOJISET MOMHOCTBIO aBTOMATH3UPOBAThH TIPOLIECCH
obpabotku I1]] AIT BJIA n mpemocTaBiisieT HHCTPYMEHTapHi
JUISL  HAKOIUIGHHS,  CHCTEMAaTH3alud,  oO0paboTKu U
Busyanu3zauu 171 BJIA.

PeanusoBanHas cucrema ObLTa OMPOOOBaH Ha TECTOBOM
nHatope I1J] AIl BJIA, u cpaBHeHa C py4HBIM MOAXOAOM. B
pe3yibTaTe CpaBHEHHs OBLIO BBISCHCHO, YTO KCIOJB30BAaHHC
MPEUIOKSHHOIO TOAXO0Ja IMO3BOJSIET YCKOPHUTH 00pabOTKY
JMaHHBIX mpubmu3uTeabHo B 50 pa3. B nanbHeiimem
IUTAHUPYIOTCS J0pabOTKa WM ONTUMU3AIMS pa3pabOTaHHOrO
MIPOTOTHUIIA TPUITOKEHHUS.
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ABTOMaTHYECKas KIacCU(pUKaIUS MMOJIb30BATEIICH
COLMAJIbHBIX CETEU MO OOIINM MHTEpPECaM

Kirill Kobyshev
Peter the Great St. Petershurg Polytechnic University
St. Petersburg, Russia
Kobyshev.ks@edu.spbstu.ru

Annomayun. B mociennue aBa AecATHIIETHS B CBSA3H C
Pa3BUTHEM COLMAJBHBIX CeTeil, TeMaTHYeCKHX MHTepHeT-
co00IIeCTB W MeIHA-TIOPTAJIOB SIBJSIETCS BOCTPeOOBAHHBIM
aBTOMATH3aIMsI ONpeeeHHs! JIofieii ¢ MOX0KMMHU WHTEpPecaMu,
a TakKe ABTOMATH3alMsl BHISIBJIEHHUS] WHTEPECOB KOHKPETHOTO
yenoBeka. JlanHasi 3agaua  sIBJAsieTcsl  YACTHBIM  CJIydaeM
peKoMeH/AaTeJbHBIX CHCTeM, KOTOpPble MCHOJB3YIOTCS B TaKHX
cepax, Kak: MOMCK KaHIAMAATOB HA BAKAHTHYIO [0JKHOCTB,
noadop mnyGauKAnMii Hay4YHBIX COOOLIECTB, MeJHa-KOHTEHTA,
MOMCK IeJIeBOW AayIMTOPHMM HAa TeMaTHYeCKOe MepONpHsTHE.
CymiecTByeT  MHOKECTBO  pelIeHMii, Cpeai  KOTOPBIX
00JILIIMHCTBO CJI0KHBI B peau3aldd H TpeOyloT 00JbIINX
BBIYHCJINTEJILHBIX pecypcoB. B 1anHoii cTaThe paccMaTpuBaeTcst
NMpUMep YCHeIHOr0o KOMOWHHPOBAHUS AJITOPUTMOB, B KOTOPOM
yAQJI0CHh MOCTPOUTDH CHCTEMY PEeKOMEHIAIMii, KOTOpPasi MPOBOIUT
aHAIN3 WHTEPECOB YeJ0BeKa 3a ONTHMAJIBLHOE BpeMsi M TpPH
HCMOJIb30BAHNN OTHOCHTEIBHO HEOOJbIIMX BBIYUCIHTEIbHBIX
pecypcoB. Pa3paGoraHHbIii aJroOpuT™M HCHOJbB3YyeT MOJe]Ib
Word2Vec, koropasi 6blia ofydeHa HAa TEKCTOBOM KOpIIyce
noprajia «Buxunemus». MporoTun MPHJI0KEHHUS,
HCNONIB3YIOLIUI  pa3padoTaHHbINi  aNropuT™M, OBLI YyCHELIHO
onpo0oBaH Ha JecATKax npoduiiei JoJeil B CONUAIBHBIX CETHAX.

Kntouesvie cnosa: mooenn Word2Vec, mawmunnoe obyuenue,
PeKomenoamenvHble cucmembsl, ETL-cucmemeui, ananus
UHMEPECO8 NOIb306AM el COUUWILHOU cemu.

VIIl. BBEJIEHUE

B mocnenHee necstuieTHe SABIAIOTCS BOCTPEOOBAaHHBIMH
CHCTEeMBI JUI1 AaBTOMAaTHYECKOH arperaluu JaHHBIX O
TIOJIB30BATENIAX; BOCTPEOOBaHBI CHUCTEMBI, COCTABIISIOLIHE
PEKOMEHAAIMY AT II0JIb30BaTeNled NCXOAd U3 JaHHBIX O HHX.
OCHOBHOE IPEUMYIIECTBO MOZOOHBIX CHUCTEM 3aKIIOYACTCS B
aBTOMATH3AIMH aHAIN3a I0JIb30BATENIBCKUX JaHHBIX, KOTOPOE
OPOBOAMTCST HAa OombIMX BBIOOpKAaxX (HaHHBIE —IOpsAKA
HECKOJIbKMX ThICSY U 0Ooliee), KOTOpble MpPOOJIEMAaTHYHO
00paboraTh BpyuHYI0. AHANN3 HHPOPMAIIMK O TIOJIB30BATENSIX
13 OONBIINX BBIOOPOK AAHHBIX BPYUIHYIO, 0€3 MCIIONB30BaHMUS
aBTOMATH3MPOBAHHBIX IIPOIPAMMHBIX CPEACTB, INPUBOIHUT K
VBEIMYEHHIO  TPYHO3aTpaT, K  YXYAIICHHIO  KadecTBa
PEe3yJIbTaTOB aHAJIM3A.

PexoMeHIaTebHbIE CHCTEMBI
cepax, Kak:

HCTIONIB3YIOTCA B TaKHX

e Jlombop s moONMB30BATENS ITyONWKAIA, MaTepHajoB
HAYYHBIX COOOIIECTB, COIMATBHBIX CETeH, (POTOXOCTHHTOB

e JloMck pEeKOMEHIYeMBIX Ha BaKaHTHYIO JOJDKHOCTB
KaHIUIaTOB

e [louck  ueneBod  ayguTOpUM ISl OpraHU3AlUU
TEMaTUYECKOTO MEPOTIPUSTHS
Ilpu  pa3paboTke  PEKOMCHIATENBHBIX  AJITOPUTMOB
HEOOXOAMMO TpuOerath K HCIOJB30BAHWIO, a TaKKe

JopaboTKe CYIIECTBYIOIINX AITOPUTMOB, pa3paboTKe HOBBIX
MaTeMaTHYECKUX MOJENeH JUIS BBISBICHUS HHTEPECOB.
Kax b1t airopuT™ MOXKET UMEET COOCTBEHHbBIE OCOOEHHOCTH B
3aBUCUMOCTH OT peliaeMod 3aJayd W He CYIIeCTBYeT

YHHUBEPCATHLHOTO MoAX01a TS pa3paboTku
aBTOMATH3MPOBAHHOM CUCTEMBI pEeKOMEHIAIINH.
[IpoexTupoBaHre cHUCTEM pEKOMEHIAIMI BeIeTcsl ¢

HCII0JIb30BAHUEM aJITOPUTMOB W METOJIOB,
TaKUMU HAYYHBIMU JUCHUIIIMHAMH, KaK:

CBA3aHHBIX C

TEOpUs BEPOSITHOCTEH

MaTeMaTHYecKasi CTaTUCTHKA

MaIlMHHOE 00ydeHne

aHau3 ¥ 00pabOTKa TAHHBIX

KJIaCCHYECKHE allTOPUTMBI U CTPYKTYpPbI JJAHHBIX
JCKpETHasl MaTeMaTHKa

TEOpHsI ONTUMU3ALINH.

IX.  TTOCTAHOBKA ITPOBJIEMbI

OpHo¥ M3 BO3MOXHBIX, HO PEIKO MCIIOIB3yEeMBIX MOJEIICH
paboThl PEKOMEHIATEIbHON CUCTEMbI MOXKET OBbITh pa3zOueHue
JAHHBIX Ha TPU THIA: MOJIb30BATEIH, TEMATUKU U MaTepUaIbl.
i xaxzoro W3 I1OJIb30BaTeNEd  ONMpPENeNseTcs CIUCOK
TEMaTHK, WHTEPECHBIX eMy. Takke Ml KaxIoro Wus3
MaTepuaioB  (MyONUKaIMif,  peKJIaMmbl,  MEpPOIPHUITHIN)
OIPENIENISCTCSl CIHCOK COOTBETCTBYIOIIMX MM TeMaTHK. B
JanbHENIIEM TEMaTHKH, MaTepualibl U II0JIb30BATENN MOIYT
ObITh MOOaBieHb! B rpad B Kadectse y3ioB [1]. Han nanusim
rpadgoM B IaJbHEHIIEM MOXET paboTaTh peKOMeHIaTelbHast
cHCTeMa B IIpoLiEcCe TOMCKa PEKOMEHIyeMbIX N300paKeHUN U
MOXOKHUX ToNb30Batenelt [2]. BO3MOXHBI Takke Apyrue
MPE/ICTABIICHIS JaHHBIX O TTOJIb30BATENAX M MaTepuaiax U UX
00paboTKa, HaIpUMep, CaMBIM PACIIPOCTPAHEHHBIM BapUAHTOM
SBJISIETCST MaTpuila mpeanoutennit [3], rme He Tpebyercs
TeHEPHPOBATh TEMATHKHL.

B nmaHHOM HCClleOBaHMHM —AaKLIEHTHPOBAaHO BHHMAaHHE
UMEHHO Ha crocobe, HCTIONB3YIOIIEM rpacoBoe
npencTaBieHHe. B TaHHOM HCCIEIOBaHHM PAacCMOTPEH OIHMH
U3 Ccrmoco0oB mpeoOpa3oBaHUS MAHHBIX O I[OJIH30BATENE B
TeMaTUKK (Wi uWHTepechl). [lomydeHHble W3 HaHHBIX O
NIONTb30BaTeNe TEMAaTHKH B JajbHEHIIEM MOXXHO BKIIIOYHTDH B



rpadOByI0  CTPYKTYPY, CHCTEMBI

peKOMeHIauil.

HCIOJIB3YEMYIO JJIsL

Pa3paborannsiii anroputM ObUT TpUMEHEH B  BeO-
MIPWIOKEHUH,  TpeJHAa3HAuYeHHOM Ui OOBeAWHEHUS
TIOJTb30BaTeNIel ¢ OOIIMMU MHTEpecaMH B TPYMITBI, KOTOPBII
¢dopMupyer  TeMaTHKH ~HCXomd W3  MHOpMamMM O
TI0JIL30BATElIe U UIIET MOXOXKUX M0JIb30BaTENeH.

[IporpaMMHOE CpeACTBO, peHIarollee 3aaady ONpeneIeHUs]
HMHTEPECOB IOJIB30BATEN, MOXKHO OIMHUCATh METOAOM YEPHOro
smka. Ha BXopn momaercst BRIOOpPKA W3 AaHHBIX O JIFOIX, Ha
BBIXOIE CHUCTEMBI (OPMHPYIOTCS HHTEpEChl JIIOJEH |
COLMAJIbHBIE TPYNITHI JIFOJIeH ¢ OOIIMMHU HHTEPECAMH.

Jlanueic o i

NOJIB30BaTEeIIAX

|:> Hurepeckl noikzosareneii
Cuerema
aHanH3a

o |:> ConuaneHIe TPYTINBE
-

Puc. 3. BXOI[ W BBIXO/JbI CHCTEMBI aHaJIM3a JaHHBIX O IMOJIB30BATEIIAX

Kpome Toro, HeoOXOAUMO PELIUTh HO3a/1auy, CBI3aHHYIO
co coopom MH(DOpMaIMU 0 Moib3oBaTenax. PaspaboraHHOe
NpPOrpaMMHOE  CPEACTBO  JOMKHO  COAEp)KaTh  MOJYIb,
npencTapommii coboit ETL-cuctemy, koTopast momkHa B
aBTOMAaTHYECKOM PEeXHUME COOMPaTh M COXPAHATh JaHHBIE M3
BHEIIHUX UCTOYHUKOB — BeO-CalTOB.

X. CYUWECTBVYIOIME PEIHEHN S TTO
ABTOMATH3UPOBAHHOMY AHAJIM3Y NHTEPECOB
ITOJIB3OBATEJIN

Ha naHHBIE MOMEHT cCyliecTByeT HeOOJIBIIOE YHUCIO
pelLleHMid, CBs3aHHBIX C arperamueil  uH(OpPMaIMU O
MONb30BaTeNle B BUJE CIHCKA €r0 MHTEPECOB, OTCYTCTBYET
eAMHBbIM mnonxon. PaccMOTpUM HEKOTOpBIE CYILLECTBYIOLLUE
peLICHUsL:

1) Kommanust SlHmekc 3aHMMaetcs cOOpoM HH(MOpMAIUH O
nonb3oBarenie  4epe3 cookies [4]. 3arem mopaer
nHdopmanuio o moib3oBaTene B anroputM MatrixNet
BMecTe C (haKTOpaMH, KOTOpPBIA 3aJaeT I0Jb30BaTeNb
anroputMa (IIOMHMO 3TOTO, IIOJB30BATENh AJTOPUTMA
HACTPauBaeT YYBCTBUTEIHHOCTh alrOpUTMa K (hakTopam
Ha Pa3HBIX MAla30HaX BXOIHBIX 3HAYCHUI alrOPHTMA).
[MogpoOHOe onmcaHue anropuT™Ma HE TMPHUBEICHO B
ucToyHUKE. TeM He MeHee, HaHHBIM alropuT™M He
3aHUMaeTcsl KiaccupuKanuen Mmojbp3oBareleil mo ooIum
naTepecaM. O01acTh IPUMEHEHHS JAHHOTO aJTOpUTMa —
0A00p MOAXOIAIIEH ISl [TOTb30BATENS PEKIAMBIL.

2) B wucrounumke [5] ompcaHO MOOHJIBHOEC TMPHIIOKEHHE,

KOTOPOE  TPOBOAWT  KJIACTEPH3ALMIO  MHOXECTBA
TIOJTb30BaTENIe U3 HECKOJIBKHX TPYIIl B 3aBUCHMOCTH OT
nx JeMOorpapuIecKux TIPU3HAKOB (Bo3pacr,

npodeccuoHanbHblii cratyc W T.A.). Kak u B m. 2. B
JaHHOM TIPWIOXKEHHH OBUI HCIIONB30BAaH  AITOPHTM
HepapXHIeCcKOl KilacTepu3amiH.

3) B wucrounmke [6][71  paccmorpen  amropurm,
paspaboranubIi Kommanueii Facebook. Jlanubii anroputm
JIemuTCcs Ha 2 JTama, NpUBEACHHRIX B Puc. 2:

penoOpaboTka COOOIIEHUH M TTOJICYET BECOB MHTEPECOB
MOJIb30BATEIIS.

TpenobpaboTka coobmeHuit

| YV nanenue cTon-cioB | Toxcuer Becos

=)  nHTEpecoB
noNb30BaTENs

| Hopmanusaims cios |

Mopdonoruyeckas pazsmeTka
CIIoB

|BLIJ:[eneHHe cyu.[ecTBHTenLHlel

Puc. 2. AIropuT™ OIpee/ieHusl MFHTEPECOB MOJIb30BATEIS,
paspaboranHblii komnanueit Facebook

IIpenobpaboTka COOOMICHUI BKIIIOYACT B CEOS: yaaJCHHE
CTOM-CIIOB,  HOPMAITM3AI[MI0  CIIOB,  MOP(OJIOTHIECKYIO
Pa3sMeTKy U BBIIEIEHHE CYIIECTBUTEIbHBIX.

[Tox cron-cnoBamu noapasyMeBaroTCsa CJI0Ba, HC HECYIIUC
CMBICIOBOM Harpy3ku: apTUKIA, OPEIJIOTU U T. 1.

Hopmanuzanusi ciioB — 3T0 HpolecC MPUBEISHUS CIOB K
CIIOBApHOMY BHIYy: K €IMHCTBEHHOMY YHCIYy U HAdYalbHOM
tdopme [8]. Hopmanu3oBaHHBIN TEKCT MPOIIE aHATM3UPOBATH,
TaK KaK €CIIH MCXOJHAsh BBIOOPKA COJEPXUT CJIOBA B Pa3HBIX
(dopmax, TO aJrOpPUTM MOXKET CreHEpHPOBATH OJMHAKOBBIC
CJIOBA-MHTEPEChl B Pa3HbIX (opMax, JIMOO CXOKHE CIOBa B
Jpyroi ¢opMe MOryT OBbITh HE y4TEHBI U MHTEpeC He Oynmer
CTeHEPHPOBaH.

Mopdonoruyeckas pa3mMeTka — IPOLECC aBTOMaTHYECKOTO
onpeenenus yactu peur. [locae mopdonoruueckoi pasmeTku
yIAIA0TCSA cloBa  BCeX  dJacTe  peun, KpoMe
CYILIECTBUTEIbHBIX.

[Tocne mnonydenust HaOopa CIIOB B HadaJbHOW (opme
HAYMHACTCs! 3Tl MOICUETa BECOB MHTEPECOB I0JIb30BATENS MO
(hopmysie A KaKIO0ro U3 CIOB:

W(i) = log(TF+1) * (log(Like + 1) +1),

TF — OTHOIIEHME YHUCiIa WCIONb30BAHHWM CIIOBA K 00LIEMY
KOJINYECTBY CIIOB,;

Like — umcmo myOmukaimii ¢ JaHHBIM CIIOBOM, KOTOpPBIE
HOHPABUITKCH T10JIb30BATEIIO;

i — HOMep CJI0Ba M3 IOJYYEHHOr0 Habopa CIOB B HAYaIbHOI
(dhopme B pe3ynbrare 3Tana npeaoopadboTKu COOOLICHUIA;

JauHpni anroputM OBUT B3AT 3a OCHOBY B JIaHHOM
HCCIIEIOBATENbCKOW padoTe, OH JOCTaTOYHO TOYEH, HO HE
BEISABIISICT TPYMITHI MTONIB30BATENEH ¢ MHTEPECAMH, UMEIOIMMU
00muMii CMBICTIOBOM KOHTEKCT. B cremyrommx pasmenax Oymer
PACCMOTpPEHBI YIyYIIeHUS JaHHOTO aJrOpUTMa.

XI1.  3AJIAYU U METO/IbI UCCJIEJOBAHUS

B manHOM mccnemoBaHnu OymeM paccMaTpuBaTh OIWH W3
BO3MOXKHBIX TIOIXOIOB K aHAIM3Y WHTEPECOB IIONB30BATENA,
KakiuM 00pa3oM MOXKHO IIOTOTOBUTH M IPOAHAIH3HPOBATH
JTAaHHBIC TIOH30BATEN U3 €ro MPOQIIISL B COIUATHFHON CETH.



ChopmynmupyeM B paMKax KakoOH TPHUKIAJIHON 3aJaud
HEOOXOIMIMO pealln30BaTh aBTOMATHYECKOE OIpEICIICHHE
WHTEPECOB TIOJB30BATENl WU BBIJCIEHUE TOJb30BaTENEH B
colyanbHble rpynnbl.  JlaHHas 3ajaya  BO3HUKIA  TIPU
peanu3anyy BeO-TIPUIIOKEHHS, KOTOPOE ITPETHA3HAUCHO JUIS
00BETUHEHUS TIOTH30BATENCH ¢ OMMHAKOBBIMHA HHTEPECAMU B
TEMaTHYCCKHUE OHJIAITH-0eCe b,

B paMkax TaHHOTO MCCIIEOBaHUS HEOOXOIMMO BEITIOTHUTH
CJIE/TYIOIINE JTAIbL:
1) OmnpeneneHue ajaropuTMa, MO3BOJISIIOMIETO W3 JaHHBIX O
MTOJTH30BATEIISAX ONPEICITUTh X UHTEPECHI.
2) Peanu3oBath aJrOPUTM aHAIN3a JAHHBIX O MOJIB30BATEISX.
3) TIlocTpoeHHE apXUTEKTYphl CHUCTEMBI aHAIM3a JaHHBIX
nonb3oBareneil. IIpy  3TOM  HEOOXOAMMO  PaccMOTpPETh
cymiecTByronme  (QYHKIUH, OHOJHMOTEKH,  ITO3BOJISIONIHC
peaM30BaTh YaCcTH aJITOPUTMA.
4) Peanuzaiysi apXUTEKTYPhI JaHHOW CHCTEMbI aHAHM3a B BHIE
MPOTOTUTIA TPWIOKEHUSA (MPWIOKCHUS C MUHHUMATBHBIM
(YHKIIMOHAJIOM), HWHTErpallsg CO BHCIIHHUMH CHUCTEMaMH,
peanu3alys MoJIb30BaTEILCKOro HHTEpdetica.
4) TIpoGHOE pa3BepTHIBAHKE MPIIOKCHHS Ha OOIIEIOCTYITHOM
cepBepe, MOoJTy4YeHHe Pe3yIIbTaToB.

5) AHanu3 NMoNy4YeHHbIX Pe3yIbTaToB.

6)* B janpHeiiliieM BO3MOXHA J0pPaOOTKA MPHIIOKCHHS,
ONTUMHU3AIMSA  TIPOU3BOJUTENHHOCTH, pPa3BepPThIBAHHE, HO
JIAHHBIC 33/1a9H BBIXOMAT 32 PAMKH HCCIICIOBAHHUSL.

XII. AJITOPUTM OINTPEAEJIEHNS MHTEPECOB
ITOJIB3OBATEJIA

[Ipennaraemoe B JaHHOH cTaTbe pEIICHUE INPEATNOIaract
CIENYIOIIMI aJITOPUTM, CXEMAaTUYHO IIPEACTABICHHBIN Ha Puc.
3. ¥ sBisOMIMiics MonuduUKalmeil airopuTMa U3 MCTOYHHKA

[61[7].

TTozcueT 4acToThI CIIOB Vi
YJIalleHHE CJIOB, y KOTOPBIX Vi< L.

TIpenobpaboTka cooOieHHit

| Tlepeson cioB |

| FeHepnponaHne N CHHOHUMOB |

| Y nanenue cTomn-cioB |

Omp JUISL KadKJIOTO M3
cnoB Qk = min(dist(s,mi))

{

3aMeHa CIIOB, Y KOTOPBIX
Qy < Z 6mskumu cioBamu u3 BJT

| Hopmanusanus cios |

Mopdosorndeckas pasmMeTka
CIIOB

|BI>IH€J'I€HPI€ CylﬂeCTBme}IbHMXl l

CoXpaHeHHe HOBBIX CJIOB,
XapaKTepHU3YIOIIUX
nosb3oBatelsi B B[

TloACYeT BECOB HHTEPECOB l
TOJIb30BATENS Tloacyer 4acToTh!
v
Pp=—— CIIOB Vi
U(n+1)

Puc. 3. AlropuT™ aHanM3a JaHHBIX MOJIb30BaTeCH

JlaHHBI anropuTM [OCTaTOYHO MPOCT B pealln3alluiy,
MO3BOJISIET  JIETKO A0pabOTaTh COCTaBHBIE 4YacTH. OTal
mpeoOpa3oBaHNs BO3MOXXHO YCKOPHUTB 3a CUET MapauielbHON
00paboTKM dYacTeil TeKcTa, comepkKamero WH(QpOpMAIHIo O
TIOJTb30BATEE.

Ha Bxone anropuTMa — JaHHBIE TOIB30BATENs, KOTOPHIC
npenoopadorke. CiioBa TEpeBOAATCS HA PYCCKHU SI3BIK, €CITH
colepaT  aHIIMHACKWE  ClIoBa.  3aTeM  yJaJsIioTcs
HenH(pOpMaTHBHBIE CTON-CIOBa (337aHbl B (aiine B BuUIE
criicka u3 npuMepHo 700 cioB). 3aTeM clioBa MOJABEPraroTCs
HOpPMalW3alliy, TPUBOIATCS K HadajdbHOW ¢opme. 3arem
OCTaIOTCS TOJBKO MMEHa CYIIECTBUTENBHBIC, NPYrue 4YacTH
peun ynansrorcs. BrocnmencTBUM MMONCYMTHIBAETCSl 4acTOTa
BCTPEYAEMOCTH CJIOB M YNAIISIOTCS CJIOBA, YacTOTa KOTOPBIX
menbine L (s yckopenus anropurma). Ocraercst |° cios.
Benmunna L mopOupaercst anropuTMoM Tak, uyToOsl |” He 6bLI
CITIIIKOM MaJl, ObUT He MEHEe TIOPOroBOro 3HaYeHHUs X.

3arem mepebuparoTcs Bce M3 monydeHHbIX |° cioB. s
KQXJOr0 W3 HUX MOAOHMPAIOTCS N CHHOHWUMOB. ['eHeparms
CHHOHMMOB HY)KHa B TeX CIIy4asX, KOIZa U3 MOXOXHX CIIOB
MOXXKHO  BBIJCIUTh KAaKOW-THMOO HHTEpPEeC MOJIB30BATEIIS.
Hampumep, cioBa «pyrOom», «XOKKel», «0ackerdoim MoryT
oOpa3oBaTh OOIIMI CHHOHUM — «crmopT». Ha paHHOM
[POMEKYTOUHOM dTare Bcero umeercst | (n+1) cios, Koropsie
XapaKTePH3YIOT MOJIb30BATEIIS.

Tenmepp A7 KaxIoro M3 N CHHOHUMOB OINpeJesieM
MUHHMAJIbHOE PACCTOSIHUE IO CJIOB, KOTOPBIE YK€ COXPAHEHBI
B 0a3e IaHHBIX. 3aMEHsIeM Te CJIOBA, KOTOPhIe MIMEIOT CHHOHUM
B 6.':136 JaHHBbIX, KOTOpLIﬁ HaxXoJIuTCAd Ha paCCTOAHUU, MECHBIIEM
TIOPOrOBOr0 paccTosiHusl Z, Ha JaHHBI CHHOHMM. JlaHHYO
OIepalMi0  HEOOXOAMMO TpojenaTb Mg TOro, YTOOBI
npoaeiaTb KJ1aCT€pUusaliuio BBIABJICHHBIX u3
TIOJIb30BATENLCKUX TPOQUICH CIIOB, ONPENENHUTh TJIABHBIC
cloBa B KiacrepaX. Takas MeTOAMKa IO3BONSIET YCKOPHUTH
AJITOPUTM U TMOBBICUTH €ro TOYHOCTH, a TaKXC YUYHUTHIBATH
00ImMii KOHTEKCT MHTEpEecoB moiyib3oBaTenel. [Ipumep, xorma
QJITOPUTM YZQJISET CJI0Ba, KOTOPbIE B HEKOTOPOM a0CTPaKTHOM
CMBICIIOBOM NIpOCTpaHcTBe Ommke Z npuBeneH Ha Puc. 4.

“XoRmeil_
“Dyréan,

CnopTUBHbIE UIPbI

Boneitsan_
Cnopt

ATRETHKE.

Puc. 4. Ynanenue cinoB, pacCTOsIHUE OT KOTOPBIX 10
CYILECTBYIOIIMX B 0a3e TaHHBIX ClIOB Oimxe Z

Ecnmu cuHOHMMEI, Ompke mopora Z He ObUTH HaWICHBI B
0a3e JIaHHBIX, CJIOBO U3 MPOGUIIS MONb30BATENS SIBISIETCS JUIS
PEKOMEH/IATETIbHOM  CHCTEMbl HOBBIM, €ro  HEoOXOJMMO
COXpaHUTH B 0a3e JaHHBIX.

Tenepb HEOOXOAMMO ITOCYUTATH YACTOTY BCTPEUAEMOCTH
CIIOB B WTOTOBOH BBIOOpDKE, W TMOCIE€ — IIOCYHTATH Beca
unHTepecoB Pi, kortopeie Oymyr BapbupoBathes or 0 mo 1
(cymma BecoB cocraBmser 1 mporeHT). Beca, umetrommue
HauOOJbIINE BEIMYMHY XapaKTepH3YIOT TJaBHBIE HHTEPECHI
TMIOJIE30BATEIIS.



Tenepp nmes wHpOpMaANWIO O BecaX HHTEPECOB, MOXKHO
Haith B Oa3e [aHHBIX IIOJB30BATENICH C TaKUMH K
HMHTEpECaMU.

XIl. PEAJIM3ALNSA CUCTEMbBI AHAJINM3A

UHTEPECOB ITIOJIb30BATEJIEN

PaccmorpumM, kak  OymeT  BBIIVISIIAT  ApXHUTEKTypa
paspabaTbiBaeMoil cucTeMbl ananiza (cM. Puc. 5).
of Anamzarop
~_ N HH(popMaLIK 0
Tl 2 — TO/TB30BATENAX
g o I (Python)
£ 5
= L -
@ 5 128
v E 2 g
_— & 3 Basa jaHBIX

Puc. 5. OcHOBHBIC YaCcTH CHCTEMBI aHAJIHM3a

Pa3paboraHHas CHCTEMa WMEET KIMEHTCKYI0 4acTh
(Desktop u moGuabHele TtwiaTdopmsel); frontend-cepsep,
backend-cepsep, cepep 6a3pi mammbix (CYBI MySQL),
cepBep Ul aHau3a IOJIb30BaTENbCKHMX JaHHbIX. Frontend u
backend cepBepa B3aUMOJEHCTBYIOT C TaKUMH BHEIIHUMH
cucremamu, kak Yandex Translate API, VK Api, VK Mini
Apps. Frontend cepsep, Backend cepsep, 6a3y naHHBIX,
aHanM3aTop MHQPOPMALMKM O MOJB30BATEISAX  BO3MOXKHO
PasMECTUTh Ha pa3dHbIX BUPTYAJIbHBIX MalllMHaX W JJIsd Ka)KI[Oﬁ
BBIICIIUTH COOTBETCTBYIOIIHUE armapaTHbIC PpeCypCHhI,
pa3paboTaHHasi CHCTEMa MOIEPKMBAET TOPU3OHTAILHYIO
Macimrabupyemocts.  Frontend 61 paspaGotan ¢
ucrons3oBanneM  s3pika  React)S,  Backend  cepsep
paspabaTbiBasicss Ha s3bike Java Ha twiatgopme Spring Boot
[11], Aranuzatop uHdopMmanmu paspaboran Ha si3pike Python
¢ wucrnonb3oBaHueM (QpeiiMBopka Flask, kmneHTCKas dYacTh
peanmszoBana Ha wiatgopme VK Mini Apps. Bzaumopeiictsie
MEX/y YacTSAMH NPHIOKEHUs OCYIIECTBISICTCSI [TOCPEICTBOM
REST-3anpocoB mo HTTP mporokony, 3ampockl comepikar
coobmenust B popmate JSON.

Ilpn peamuszanyy  aJropuT™Ma aHaIM3a  HHTEPECOB
MOJIb30BaTelIsl OOJIBIIAs YACTh [CHCTBHI ObLIa BBIMOIHEHA MPH
MOMOIIH CTAaHAAPTHBIX (YHKIM, IPEIOCTABISIEMBIX S3HIKOM.
Hopmanusauus CIoB M HOUCK CHHOHHMOB PEaH30BaHbI MPH
MOMOIIM  CTOPOHHHX OubOnuorek. Hopmanuzanuio cioB
ocymrectBisieT oubanoreka MorphyAnalyzer [13].

ITonck CHHOHMMOB K TEKyLIEMY CIIOBY OCYILECTBISETCS
mpyd  TOMOIIM  Momeiau HeiiponHoir cetm  Word2Vec,
3apeKOMEHIOBABIINM ce0sl B ITOCNIeIHee BpeMs, KaK HaJeKHas
MOJIeIb, He 3aHUMAIOIIAsl CIIMIIKOM MHOTO MeCTa B MaMATH (B
orimmuue oT napyrux kmaccmdeckux NLP momeneit, xotopsie
ObLTH pa3paboTanbl panee). JlaHHas Mojienb OblIa pazpaboTana
n 3amareHroBana B 2013 romy wuccmemoBatenem Tomom
MuxonossiM [19][20].

WUnes  pgaHHOM  Monenu  COCTOMT B BEKTOPHOM
MIPEJCTAaBICHAN CJIOBa (CIIOBAa €CTECTBEHHOTO S3BIKa) B N-
MEpPHOM MpPOCTpaHCTBE. HarnsaHelii mnpumep BEKTOPHOIO

OTOOpa)KeHWsI CIIOB HA JBYMEPHOH NPOEKIHH N-MEpHOro
MPOCTPAHCTBA MTOKa3aH Ha Puc. 6.
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Puc. 6. BekTopHOE IpejicTaBIeHNnE CJIOB €CTECTBEHHOTO SI3bIKa B
moznemu Word2Vec

KoopanHaTel BEKTOPOB CJIOB B JIaHHOM IPOCTPAHCTBE HE
MOAJAIOTCS  MHTEPIPETalk ¥ SIBISIOTCS  a0CTPaKTHBIMH.
bau3kue mo 3HAYEHMIO CIIOBa pacHoyiararoTcsi Ha OJNHM3KOM
paccTosHUM B IpocTpaHcTBe. [Ipu 3TOM Hajx BEKTOpaMu CJIOB
BO3MOKHO TIPOBOJUTH OINEpAllMi BBIYUTAHUS W CIOXKEHHSA.
Mexay BeKTOpaMH MOXKHO M3MEpSTh DPACCTOSHHUE, TaKUM
00pa3oM onpenenss, HACKOJIbKO CHUHOHMMUYHBI JIPYT YTy
cnoBa. Taxke JaHHas MOJENb MO3BOJSET Onpeodeiims
Haubonee OausKue 8 npocmpancmee coéa (CHHOHUMBI), YTO U
HOTpeOOBAJIOCh U1l AJITOPUTMa  OIPEAECNICHUS HHTEPECOB
MOJIb30BATES.

Mogenb HEMPOHHOM CETHM CXEMaTUYHO IPEICTABJICHA HA
Puc. 7.

Linear Softmax
activations layer

P(context = "ant")

P(context = "ardvark")

P(context = "barber")

P(context = "zoo")

length 300 10,000

one-hot node node

vector hidden output
laver layer

Puc. 7. Monens ueiiponnoit cetu Word2Vec

Y HEeHpOHHOHN CETH BCETO OAMH CKPBITBIM CIOM, BECOBBIE
K03(hPHUITMEHTHI KOTOPOTO TPEACTABISIFOT COO0W KOOPIMHATHI
cioBa B mpocTpaHcTBe. CI0Ba HA BXOJIE MPEACTABIIIOT COOOH
BEKTOpa, JTMHA KOTOPHIX paBHA KOJIMYECTBY CJIOB B cioBape. K
BEIXOMHBIM  Kod(puIlMeHTaM  HEHpOCeTH  MPHMEHSETCS



noructuueckas Gpyukuust Sofmax, mo xoropoii dopmupyercs
BEKTOp BEPOATHOCTEH, CyMMBI KOTOPBIX PaBHHI 1:

e®
o(z); = —
> et
k=1
Zi — 3HAYCHHWE TOJYYCHHOTO BHIXOJAa W3 HEHPOCETH IO

HOMEpOM |;

Zx — 3HAYCHHC TMONYYCHHOrO BBIXOAA W3 HEHPOCETH MO
HOMepoM K;

K — xonndyectBo KO3((HUIMEHTOB HA BBIXOJHOM CIIOE
HelipoceTH (paBHO KOJIMYECTBY CIIOB B CIIOBAPE);

OOyueHre HEHPOCETH MPOUCXOIAUT IBYMS CIOCOOAMH:
Skip-Gram u CBOW (Continuous Bag of Words). Heiipocets
o0ydJaercsi Ha CJIOBaX, B3ATHIX W3 KaKOro-lIHOO TEKCTOBOTO
WCTOYHUKA: HOBOCTH, JIUTEPATYPHOE MPOU3BEACHHE, CTATHU U
Tak Janee. Bo Bpems O0Oy4eHHs TIPOMCXOIUT UTEHUE
TEKCTOBOI'0 MCTOYHHKA C TOMOIIBIO IMEPEMEIIAIONIErocs Io
TeKcTy okHa (00bYHO mupuHON He Oonee 10 cioB). [Ipumep
YTEHUsI TeKCTa puBesieH Ha Puc. 8.

OKHO W

iujee BpemMA HEKVIHy I'IEG,EI,CTOVIT pPEWNTb, Kakne
JAQHaKo KWTalUcKue BnacTu Y>Xe nokasanwu, 4tor
rakoT, 4TO CUTYaUMA A0/KHa npenogaTtb YPOK Te

Puc. 8. UreHne TekcTa U3 HOBOCTHOIO MCTOUHUKA MOCPEJICTBOM OKHa,
IIMPUHOH B 5 CIIOB

INomuepkHyTOe cnOBO pacmonaraercs B LeHTpe okHa. C
00JBLION BEPOATHOCTBIO CIIOBA, pacIojaraloliyecs B OKHE,
SBJIAIOTCS CHHOHMMaMH LEHTPAIBHOTO CIOBA — Ha JAHHOM
MPEOIOKEHIN TocTpoeHa Mmomeib Word2Vec.

Meron obyuenuss SKip-Gram mnpenmosnaraer momady Ha
BXOJl HEHpOCETH LEHTpajlbHOro ciosa. Helpocers npu
0o0ydeHHH IOJDKHA IIPEICKa3aTh CJI0BAa M3 OKHA, TO €CTb B
pesynprare  BBIIONHEHHs ~ SOftmax  Ha  BBIXOOHBIX
K03((HUIMEHTAaX, COOTBETCTBYIOIINX CIIOBaM U3 OKHA, JIOJDKHA
ObITh ~ MaKCHUMallbHasi ~ BEpOSATHOCTh.  JlaHHBI  cHocoO
pEeKOMEeHIOBaH MI1 OOydeHHs Ha HEOONBIIMX HCXOIHBIX
Tekcrax. JIaHHBIH MeTo/] CXeMaTHYHO 0TOOpaskeH Ha Puc. 9.

B anropurme onpemeneHUs HHTEPECOB IIOJIb30BATEIL,
KOTOPOMY IIOCBSILEHO HCCIENOBaHUE, HCIOIb30BAICS METOX
CBOW wu3-3a Oosee BBICOKOW TOYHOCTH PE3YIbTATOB Ha
60JIBIIION BBIOOPKE JaHHBIX 1O cpaBHeHH0 ¢ SKip-Gram. Tlpu
ob6yuennn Meromom CBOW, Ha BXOn HelipoceTd MOAAIOTCS
CIIOBa U3 OKHA, HEMPOCEeTh JOJDKHA MPEICKa3aTh IEHTPaIbHOE
cioBo. JlaHHbI MeTon cxemaTnaHO oToOpakeH Ha Puc. 10.

Output layer

Input layer

O 000
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Puc. 9. Meroz o6yuenust SKip-Gram
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Puc. 10. Meron ooy4uenns CBOW

HeitpoceTs Obta oOyueHa Ha TEKCTOBOM KOpIIyCe CTaTei
u3 noptana Bukuneaus, pasmepom B 6 6.

XIV. BbIBO/IbI

B ommmdme OT CyIIECTBYIOIIMX CHUCTEM aHalN3a JAHHBIX,
JaHHas CHUCTEMa JOMOJHWUTEIBHO TOAOMPAET CHHOHMMBI K
CIIOBaM, BCTpEHYAIOMMMCS B Tpoduie mMmoip3oBaTens. Takoi
MOAXO/ OKasajcs TIOJ€36H M WCIOIb30BaH HA IIPAKTHUKE.
HanHoe mnpumoxenne OBUIO OMPOOOBAaHO Ha HECKOJIBKUX
JIECITKAaX CTPaHMUI] IOJIb30BaTEIEH B COIMAIBHBIX CETSIX.

BeisteiteHs! cremyronmii Hemoctatok: momenb Word2Vec
HE PAcIo3HAeT HEKOTOPHIEe CIIOBA, TMOO ONMpEAENseT IS HUX
HEBEpHbIC CHHOHMMBI, €CIIM CIIOBO MAJIOM3BECTHOE MM €CITH
OHO He cymiecTByeT. OCTaeTcst OTKPHITHIM BOIPOC, KaK HY)KHO
nofoOHeIe cnoBa (rIbTpoBaTh. BO3MOXHO, 3Ty mpobiemy
TIO3BOJIAT PEMINTH 3arrpockl K APl OTKpPBITHIX ciioBapeii.



Taxke
MpujaraTeabHbIX,

HEOOXOIUMO nmopaboTaTh (unpTpanmio
aub0  HYXKHO  HaWTH  CIOCOOBI
npeobpa3oBaHusl  NPWIATaTENbHBIX B CYIIIECTBUTENIBHBIE.
OunbTpalMio  MPUIATATeIbHBIX  BO3MOXKHO  CIETaTh €
MOMOIIBI0 PErYJSPHBIX BbIpakeHuit. s mpeodpa3oBaHus
MPUJIATaTeIbHBIX B CYIIECTBUTEIHHOE HEOOXOAUMO MPOBECTH
aHAIN3 CYIIECTBYIONIUX PEIICHHIA.

Taxoke BO3MOKHO, CTOUT NIEPECMOTPETh aATOPUTM aHAIH3a
MOJIb30BaTeNEN MONHOCTBI0. Hampumep, BBIABIATH MHTEPECHI
HE OTHENbHBIX IIOJb30BaTeNed, a (OPMHUPOBATH TPYIIIBI
HONb30BaTeNIed  AMHAMUYECKH, U3 o0mero  umcna
MIOJB30BATeEIIEH, HCIIOIb3Ys aTOPUTMBI KIIaCTEPU3ALINHL

XV. 3AKJIIOYEHHME

Ha ceromnsimHuii neHb sBISIETCS aKTyalbHOM mNpoOiema
ompeneseHUss MHTEPECOB I10JIb30BATENs COLMANbHOH CeTH B
CBSI3U C pa3BUTHEM COLMAIBHBIX CETel, TEMaTH4eCKuX
UHTEPHET-COOOIIECTB U MEHUa-IOpTaJoB B MOCIEAHHE [ABa
necatka Jer. CyluecTByeT MHOXECTBO peEIIEHHH, cpeau
KOTOPBIX OOJIBIIMHCTBO CJIOXKHBI B peajiM3allid U TPEeOYIOT
OOJBIINX BBIMHUCIUTENBHBIX pecypcoB. [Ipemnoxken momxon K
aHaIU3y MHTEPECOB IONb30BaTeNs C  HCIOIb30BaHUEM
HEWPOHHOW CEeTH, KOTOpas ONpEAENseT CHHOHHMBI K CIIOBY.
Peann3oBaHHbIi anroputM OBLT ONPOOOBaH HAa HECKOIBKUX
JecsTKax Jrojeid. B manpHeleM miaHupyercst 10paboTka u
ONTHMU3AIMs pa3pabOTaHHOTO MPOTOTHIIA ITPUIOKEHHSL.
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Pa3paboTka Moaean HudpoBOM KOITHH
IHEProo0ECICUCHUS MBIIIICYHOMN AESITEeIbHOCTH
CIIOPTCMEHA C UCIO0JIb30BaHUEM METOJIOB MAIITUHHOTO
oOy4deHHUs

E.A. ITaBnoB
Cankr-IlerepOyprckuii MONMUTEXHUIECKUI YHUBEPCUTET
[Terpa Benukoro
Pavlov.e.a.3@gmail.com

AHHomauuﬂ. Hccnenopanue ¢denomena aHa3poOHOro
mopora — OOWH W3 HEHTPAJbHBIX BOMPOCOB CHOPTHBHOI
MeAMUUHbI M cnoptuBHoii cenexuuu. IIpoGaema ocraercs
aKTyaJIbHOi, HECMOTPA Ha 00JIbIIOE KOJHYECTBO MyOJMKANUi
N0 J3TOH TeMe M HeCMOTPA HA TO, 4YTO OMOXUMHS OOMeHa
YIJIeBOAOB W MOJOYHOH KHCJIOTHI B Tpolecce H3BJIeYeHHSI
JHEPIruH B JKUBBIX OPraHH3MaxX SIBJISIETCSI XOPOIIO W3y4eHHOId.
Ilonnmanne  cmoco0OB  KOJMYECTBEHHOTO  OTOOPaKCHHsI
a)pOOHBIX W aHAIPOOGHBIX HMCTOYHHKOB IHEPrHH, (PAKTOPBI HMX
peaju3any XapakTepu3yIOllde CHCTeMbl IHeproodecrmeveHust,
MO3BOJISIET PACCMATPUBATH UX HE TOJbKO N30JHPOBAHHO APYT OT
Apyra, H0O ¥ BO B3aHMOCBSI3M Mekay coboii. B nannoii padore
paccMaTpuBaercsi MpodjemMa onpesesieHHs] OPOra aHAdPoOGHOTo
odmena. OnucpIBaeTcs pelieHHe 3TOH NMPo0JeMbl ¢ MOMOIIBIO
MeTo[a MalMHHOro o0y4yenusi Random Forest Regression.

Knwuesvie cnosa: INAHO, nopoz anapoonozo
o0Mmena, mawiunnoe odyueHue, mpeHupoOUHbLIl
npouecc, cnopm, 300posve, yugposasa Konus.

1. BBEJAEHUE

B cnenuanbHOW Hay4yHO- METOAMYECKOM JIMTEpAType
HEOJHOKPATHO IOKa3aHO, YTO B BHIAX CIOPTa, TPEOYIONINX
TPOSIBJICHUS BBIHOCIMBOCTH, KPUTEPHH IOpora aHa3poOHOrO
oomena ([TAHO) sBnsiercs 3QdeKTHBHBIM  CPEACTBOM
KOHTpOJISI U YIpPaBJICHUS TPEHUPOBKOHM, WHAMBHIyalH3alUN
moarotToBKu crioprcMeHoB. [loBrimenne [TAHO tecHo cBs3aHO
C POCTOM TPEHHPOBAHHOCTU CIOPTCMEHAa M MHOTME aBTOPHI
PEKOMEHIYIOT HCIIONB30BaTh xapakTepuctukun [IAHO mus
pa3BUTHS a3pOOHBIX BO3MOXKHOCTEH MBIMII U KaK MOKa3aTelnb,
KOJIMYECTBEHHO XapaKTEePU3YIOLIMH YPOBEHb CHELMAIbLHOU
BBIHOCITUBOCTH B IIMKJIMYIECKUX BUAax cropTa [1,2,3,5,8].

Omnenka ¢busnueckoi paboTociocoOHOCTH, ee
MOJEITUPOBAHUE U IPOTHO3UPOBAHHKE, H3YdEHHE 0COOEHHOCTEH
peanu3ali  SHEPreTHYecKoro  IOTEHOWajda  OpraHW3Ma

YenoBeKa SBIISETCS BAKHEHIIMM BOMPOCOM  (DH3HOIOTHU

OKCTPEMANIbHBIX ~ BHUIOB  JEATENBHOCTH  (CIIOPTHBHOM
¢uznonorum). Iox BITUSTHAEM IKCTpEMaTbHON
(TpEHHPOBOYHOW W COPEBHOBATEIBHOW)  IEATEIHHOCTU
CKJIQBIBACTCS ~ KOMIUIGKC  CTPYKTYPHO-(pYHKIMOHAJIBHBIX

U3MEHEHUI! HalpaBICHHBIX Ha
JHEPreTUYECKOro obecrieueHms, KOTOPBIN
paccMaTpuBaTh C  TOYKH 3peHus MaKCHUMaJbHOM
NPOU3BOJUTENPHOCTH  BBIPAXKAIOIIUICA B JOCTaTOYHOMN
MOIIHOCTH, EMKOCTH, SKOHOMUYHOCTH C YYETOM PELIUIPOKHBIX
OTHOIIECHUH BHYTPH 3TOH CUCTEMBI.

ONTUMU3AIIUIO  CHUCTCMBI

clienyer

Peanuzanus U a¢hdhexTHBHOE UCIIOJIb30BaHUE
SHEPreTHYECKOr0  TMOTEHIMaja BO3MOXKHO TOJNBKO MpHU
a}leKBaTHOﬁ AKTHBHOCTHU a3pO6HbIX, JIAKTAaTHBIX U aJIaKTaTHBIX
mytel pecunreza ATO [12].

Co3gaHue MporpaMMHOIO KoMIulekca (MOZIENTH) MO3BOJIUT
OTBETHTh Ha MHOTHE BOIPOCHI, CBSI3aHHBIE C OIpeleTICHHEM

YPOBHS  IOATOTOBJICHHOCTH CIIOPTCMEHOB, IOBBILICHUEM
3¢ peKTUBHOCTH UCIIOIb30BaHUS 9HEPreTUUECcKOro
HOTCHLMANa CIHOPTCMCHOB, BBIBICHUS  JIMMHTHPYIOLIHX

3BEHBEB. B METOMYECKOM acHeKTe MO3BOIUT ONTHMU3UPOBATH
MOAXO/bl JUAarHOCTHKH, CHU3UTh TECTUPYIOLIYIO HArpysKy,
HOBBICUTH MH()OPMATHBHOCTh TEKYIIMX TECTOB M pa3padoTaTh
HOBBIE CKBO3HBIE TECTBI, Pa3pabOTaTh HOBBIC WHTETPAJIbHBIC
MOKa3aTeN! 0T OTOBIEHHOCTH.

2. OIIMCAHUE AJITOPUTMA

Jns mpenckazanus mopora  aHa’poOHOro  oOMeHa
UCIIONB30BAJICSI METO/I MaliHHOro o0y4denusst Random Forest
Regression.

Test Sample Input

— .

Tree 1 ( He?‘ \\{\ ) --1;2;:(:10‘\
e @ i o 9

AN /

tion 1] [Prediction 2 | (.. Pradiction 600

T —
Average All Predictions |

y
Random Forest
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Pucynox 1 Cmpyxkmypa aneopumma ciuyuaiinwiii
nec

Random Forest Regression paGotaeT mo ciemyrooliemy
MIPUHIAITY:

Jus i= 1,2,...,.B(3nece B komudecTBo epeBbeB B aHCAMOITE)
BBIMOHUTH

*ChopmupoBath OyTcTpenm BBIOOPKY S pasmepa IO
ncxoaHou oOy4aronieit Beioopke D={xi,yi} 1i=1;

[Io OyrcTpenn BBIOOpKE S HMHAYIMPOBATH HEYCEUEHHOE
naepeBo pemennd Ti ¢ MHHUMATbHBIM  KOJMHYECTBOM
HaONIIOICHUd B TEPMHUHAIBHBIX BEpUIMHAX PAaBHBIM Nmin,
PEKYPCHMBHO Clieys cieayromeMy noa aaropurmy [13]:

(a) u3 ucxomHoro Habopa n MPU3HAKOB CIY4aiiHO BBHIOPATH
P TPU3HAKOB;

(0) w3 p TmNpPU3HAKOB BHIOpaTh TPU3HAK, KOTOPHIMA
o0ecreunBaeT HaUIydlliee PacIIeIUICHUE;
() pacienuTb BEIOOPKY, COOTBETCTBYIOIIYIO

00pabaThIBAEMOI BEPIIIMHE, HA JIBE O] BEIOOPKU

2. B pesynbrare BhINOIHEHHs mara 1 momydaeM aHcamOib
nepesbeB peuenuii {Ti} Bi

dopmyna HaOmoaeHud  Juist

perpeccus :

MpeacKasaHmue HOBBIX

:B 1 &
fr(x) = B ZT,;(x) )
i=1

OIIMCAHME MOJIEJIN

Co3manne U OOydeHHE MOIENH OCYLIECTBILIETCS C
nomortneto Scikit-learn. Mmnoptupyem Mojenb cirydaiiHOro
perpeccuonHoro Jjeca u3 skicit-learn, coszmaem a3x3eMIuIIp
MOJIETIN U TPEHUPYEM:

OKClIepUMEHTANbHBIM ~ IIyTeM  ObLIH

OIITUMAJIBHBIC HaCTpOﬁKPI JUJIA MOCIIN.

OIIPEEIICHbI

Haunbomnee Ba)KHBIM MHapaMeTpOM SBISIETCS KOJIHYECTBO
JepeBbeB B Jiecy (n_estimators). Uem Gomnbllie AepeBbeB, TeM
Jydie KayecTBO, HO BpeMsi HAacTpouku u paborsl RF Tarxke
NPONOPLIMOHATIBHO  YBENMYMBAIOTCSA.  BbBUIO  BEIOpaHO
orpanunueHne B 1000 mepeBheB Tak Kak € ATOr0O MOMEHTa
Ka4yecTBO MpE/ICKa3aHuil HAa TECTOBOW BBIOOpKE BHINLIA Ha
ACHMIITOTY.

Yucio MIPU3HAKOB I
(max_features) pano n/3

BEIOOpa  pacIHIeTUICHHUS

KayecTso Npu BapbUPOBaHMU NapaMeTpa
2 e /K

50 100 150 200 250

MuHHMATBHOE ~ YHCIO  OOBEKTOB, TPH  KOTOPOM
BHIMIONTHACTCSA  pacilervicHne  min_samples split.  Dror
mapameTp, Kak MNpaBUIIO, HE OYEHb BaXKHBI M OCTaBISIEM
3Ha4YeHHe 3HaveHWe no ymomuanuto (2). Ilpu yBenmdyeHuu

mapamMeTpa KauecTBO Ha OOydeHMH T[ajiaeT, a BpeMms
noctpoenust RF cokparaercst.
KauyecTBo Npu BapbMpOBaHWK NapaMeTpa
0.94
_—
— train
0.88
0.86
0 20 40 60 80 100 120 140
min_samples_split
MakcumanpHast Ti1yOnHa nepeBbeB — max_depth. [lpu

YBENMYEHUH [IIyOMHBI PE3KO BO3pacTaeT KayecTBO Ha
0o0yueHMH, HO M Ha KOHTPOJE OHO, Kak MpaBHIIO,
yBenmm4uBaercs. Vcronp3yeM MakCUMAabHYIO TITyOUHY.

KauecTso Npu BapbMpoBaHUM NapamMeTpa

- o
0.94  — tain

max_dept!

Kpurepmit paciiersienuss —  criterion.

KpUTEpUH mse.

Hcnone3yercs

3. OINPEAEJIEHME ITAHO

s mocTpoeHusT MOAETH 3HEProoO0eciedeH s MBIIICYHON
JeATENTbHOCTH CIIOpTCMEHA HCIIOb30BAJIHCh
AQHOHMMH3HMPOBAaHHBIE JaHHbIE NPeIOoCTaBICHHBIE Kadenpoi
nedeOHON (PU3KYIBTYpHl B CHIOPTHBHOM MemummHbl C3IMY
nm. 1.J. Me4nnkoBa.

Jannpie mpencraBisoT w3 ceOs Habop MmoKazartenei
9HEProoOecredeHs eHCTBYIOINX CIHOPTCMEHOB BO BpeMS
npoxoxaeHus KapauopecnmpaTtopHoro tecta (KPT). KPT
BBITIOJTHSUIA Ha TP3MMIIE C MCIIONB30BAHNUEM alMapaTypsl JUIs
IProcOMPOMETPUIECKIX nccaenoBanuii «Oxycon Proy, Jaeger,
Germany [4].



Moyzenb COCTOUT U3 CIENYIOIUX MOoKa3aTelel: AMHaMHKa
notpebennss O2 (VO2) u Beigenenus CO2 (VCO2) m ux
cootHomenne  (RER=VCO2/VO2), o0beM  MHHYTHOU
BeHtwsiu  (VE), BeHTunsTopHbiid sxBuBasieHT 1o CO2
(VE/VCO2), otpaxkaromuii 00beM MHUHYTHOW BEHTWISIIIHA
HeoOXoauMbIi s Beiaenenus 11 CO2 [8,14].

Jlna TecTupoBaHUS M KOHEYHOH Banuaanuu gatacet u3 600
4eJoBeK ObLT pazneneH cootHomenueM 20/80%, B pe3ynbrate
656110 MomydeHo 120 TectoBbIX ¥ 480 TPEHUPOBOYHBIX JaHHBIX.

B kauecTtBe METpWKHM /sl OLEHKM ObUIa HCIIOJIh30BaHA
METpHKa I10]] Ha3BaHWeM Kod(duuueHT aerepmuHanmu (R"2
— R-xkBagpat) — »3TO [mONSA AWCIIEpCHH  3aBHCHMOM
HEepeMEeHHOH, OOBbsACHAEMas paccMaTpUBaeMOH  MOJENbI0
3aBUCHMOCTH, TO €CTh OOBSICHSIONIMMU TepeMeHHbIMH. bornee
TOYHO — OTO €OUHUIA MHUHYC JOJs HEOObSICHEHHOM
JMcHepcuy  (AMCTIEPCHH CITydaliHOM OIIMOKK MOJENH, WM
YCIIOBHOW MO (haKTOpam IUCIEPCHU 3aBHCHMOW MEPEMEHHOH )
B JIUCIIEPCUH 3aBUCUMON TIEPEMEHHOM.

Koa¢pduument nerepMuHanum Juiss MOJEIH C KOHCTAHTOM
npuHuMmaer 3HadeHust or 0 mo 1. Yem Onmke 3HauyeHHe
koo unmenTa k 1, TeM cuiabHee 3aBHCUMOCTH. [Ipu oreHke
PErpeCCHOHHBIX ~ MOJENell 3TO  HMHTEPIPETUPYeTCsl  Kak
COOTBETCTBHE MOJIETH JTaHHBIM [3].

Jns  npuemnemplx  Mojened  mpeanonaraercs, 4To
KO3 (DUIIMEHT OeTepPMHUHAIMKA JOJKCH OBITh XOTS OBl He
menble 50 % (B aToMm ciydae Ko3()(HUIMEHT MHOXKECTBEHHOMN
KOppessiiu  TmpeBbimaer o wmoxaymao 70 %). Mopenu ¢
k03 HUIEHTOM JeTepMHUHALIUH BbIlie 80 % MOXXHO MPU3HATH

JOCTaTOYHO  XOpOomMMHU  (KO3(D(GUIMEHT  KOppessuu
npesbinaer 90 %). 3Hauenue ko3 GUIMeHTa AeTepMUHALIHN 1
O3HayaeT (YHKIMOHATIBHYIO 3aBHCHUMOCTb MEXKIY

nepeMeHHbIMH [3].

ITocne mnporonkm wmoxenu Ha oOydaromen
BBIOOPKH OBLIT MOJTY4CH ko3 pumreHT
nerepMuHalu paBHbid 0.97. MoXHO cka3arh, 4TO
Halla MOJIeNb JAOCTAaTOYHO XOPOUIO MPEACKa3bIBacT
mopor aHa’poOHOro oOMeHa Ha O0OydJaromiei
BbIOOpKEe.  Busyanuszamuss — mpenackazaHuii - Ha
oOyuaroririe BHIOOpKE MPUBEACHA Ha PUCYHKE 2.

Pucynox 6 Pesyremam npedckaszanusi Ha
obyuaroweli 8b160pKe

Ha TecroBoii BBIOOpKE MBI TMOMYYIWIH KOI(PPHUIMEHTA
nerepMuHanyd  paBHeIA (.93, dTO SABISIETCS  XOPOIIMM
pesyipraToM. Busyanmzaumst pe3ynbTaToOB Ipe[CTaBicHa Ha
pucyske 3.

Pucynox 1 Pezynomam npeockazanus Ha
mecmogotl 8b100pKe

4. 3AKJIFOUEHUE

B pabGore ObUT TIpEACTaBICH HOBBIA  IMOIXOM
OIPEJICNICHHsT TOpOra aHa’poOHOro oOMEHa C TOMOIIBIO
METOIOB MAalIMHHOrO 0O0y4eHus. [locTpoeHHas MoOIenb
MoKa3ajia XOpOIIHe Pe3yJIbTaThl MPEICKa3aHuUs.

Onpe)leneHI/Ie HHIUBUAYAJIBHOT'O aHa3p06Horo
rnopora ¢ MNOMOLIBIO MAIIMHHOI'O O6y‘IeHI/IH obOneryaer u
IMOBBIIIACT TOYHOCTH OIPCACICHUA YPOBHA NOATOTOBJICHHOCTHU

crioptcMmeHa. [lanpHeias 1enp — YIydlIeHUs KauyecTBaa
npenckazanuii  [TAHO, mouck  B3auMocCBsBell — MeXay
MOoKa3aTeIIsIMU JHEProodecneyeHus, BBISIBJICHUE
JUMUTHPYIOUIMX 3BEHbEB Y KOHKPETHBIX CIIOPTCMEHOB H
peanuzanys MOJTHOLICHHOM U POBOIL KOITHH
JHEProo0eCIICUCHHUs CIIOPTCMEHA.
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Annomayuns — OObEeKTOM  HCCJIE0BAHHS  SIBJISIHOTCS
coBpeMeHHbIe THOKHE MeTOI0JI0THH YIPAaBJIeHHs MPOeKTaMH.

Hean pabGorbl 3akia0yaercsi B (opMaIM3ALUHM KJIIOYEBOI0
npouecca Agile-meromosornii — mpomecca OUMEHKH CTOMMOCTH
NMPOeKTa, UTePAIU MPOeKTa — IOCTPOEHHH COOTBETCTBYIOIIEi
dopmanbHoli Mogenu U pa3paboTKe NpeNIOKEHUH 1O
ONTHMHU3AINH IKOHOMHYECKOT0 npounecca yrpaBJeHHust
NMPOeKTaMH B MOJApa3aeJeHHH KPYNMHOH KOMNAHWH, CBSI3aHHOI ¢
pa3paloTKoii NPOrpaMMHOro odecrne4eHms.

B xome paGorbl ObLIa MOCTPOeHA MaTeMaTH4YeCKasi MOJEJb,
¢opmamm3yomasi mpomecc OHMEHKHM CTOMMOCTH MPOEKTAa WIN
NMpoeKTHOW uTepauun B Story Points, uecnosib3ys aHAIMTHYECKH
HHCTPYMEHTAPHii, OCHOBAHHBIN HA TEOPHH HEYETKHUX MHOXKECTB,
HeYeTKOii JIoTHKe, aIrOpUTMe HeYeTKOro BIBoAa Mamianu.

Monyyennasi mopeap OblIa NPOTECTHPOBAHA B TEYCHHE
HECKOJILKHX WTepanuii pa3padoTKu BHYTPEHHEro IPOEKTa
paccMaTpuBaeMoi KOMINAHUHU " NMPOIeMOHCTPHPOBAJIA
MOJIOKATENbHbIE  Pe3yJIbTAThl  OTHOCHTEIHHO  NPHMEHEeHHs
KJIACCHYEeCKHX TOAXO0A0B /ISl MPOLECCOB OLEHKH CTOMMOCTH B
Story Points B Agile-merononorusix. JlaHHble pe3yJibTaThI
MO3BOJIMJIM  TOBBICHTh  JKOHOMHYECKYI0  3()()eKTHBHOCTH
BHYTPEHHHX NPOEKTOB KOMIAHHUU M MOBBICHTH 3(()eKTHBHOCTH
PadoThI NPOEKTHONH KOMaH/bI.

Ha ocHoBe mocTpoeHHOi Moxeau ObLIM pa3padoTaHbl
NpPeVIoKEeHUs1 10 ONTHMH3ALMHU TNPOLecca OLEHKH CTOMMOCTH
UTepanuu pa3paboTKu MPOrpaMMHOro obecrnieyeHus.
PaspaGoraHHyio MoeJb MOKHO IPHMEHSATH B POH3BOICTBEHHOM
npomecce NPH ONEHKe CTOMMOCTH IHPOEKTa WIH NPOEKTHOI
utepauuu B Story Points B cemeiicTBe rudkux meromosioruii Agile.

KmioueBsie ciaoBa— AGILE, HEUETKUE MHOXECTBA,
HEYETKASI  JIOTHKA, I'MBKME METOJOJIOI'UM,
YIIPABJIEHUE TIPOEKTAMM, IIPOLIIECC OIEHKH
CTOMMOCTH, SCRUM

Il.  BBEJEHUE

B macrosiee BpeMs YHCIIO IMPOEKTOB, YIIPaBJIEHHE
KOTOPBIMH ~ OCYIIECTBIISIETCS C  MCIOJB30BAHHEM THOKHX
METOIOJIOTHH, HEYKJIOHHO pacTeT. OTYacTH 3TO CBSA3aHO CO
CTPEMUTENBHEIM pocToM | T-uHIyCTpHH, KOTOpas (haKTHIECKH
3aana  TEHJACHIUIO Pa3BUTUS METOJOJNOTHI  yIpaBICHHS
MPOEKTAaMH Ha HECKOJIBKO JIECSITUIICTUI BIIEpeEI.

OnmHako ruoxue METOIOJIOTHHA 3HAYUTEIIHLHO
OTJIMYAIOTCS OT KJIACCHYECKMX METOMOJIOTHH, KOTOPBIE OBLIN
MOBCEMECTHO  pACMpOCTpaHEHbI B  cdepe  ympaBieHHs

MPOEKTaMHU paHee. B CBA3HM ¢ 3THUM BO3ZHUKAET PsI MPOOIIEM,
CBA3aHHBIX C OLEHKOH croumocTd (COSt estimation)
MIPOrpaMMHOT0 00eCIIeUeH s UIIH TIPOEKTa, YIIPaBISIEMOrO C
HCIIONL30BAaHMEM THOKMX METOJOJIOTHI, B I€JIoM. Bce
AJIFOPUTMBI M METOIBI, KOTOpble OBLIM IIPUMEHHMEI B
KJIACCUYECKUX IMOMXOAaX, TAaKUX KaK, HalpuMmep, BecbMa
TIOMYJISIpHAs BOZloNaAHas (KacKaHast) MOJIEIb.
Pa3HoOOpa3Hbple  MOAETH  OLCHKH CTOMMOCTHU
BBITIOJIHEHMSI TIPOEKTa, HAIPHUMEpP, IPOEKTa, CBI3aHHOIO C
pa3paboTKOi MIpOrpaMMHOT0 obecrieueHus, OBLIH
npeaACTaBJICHBI OTHOCUTCIIBHO HCIAaBHO, B TCUCHUC
nocinenaux 30 ger. HecMoTpst Ha OypHOE pa3BUTHE OTPACTH
HH(POPMALMOHHBIX TEXHOJIOTUH, METOMONIOrHH yIIpaBICHHS
MIPOEKTAMH, HANpaBJCHHE OIEHKH CTOUMOCTH BCE e€IIe
HaXoauTCsad B 3a4aTOYHOM COCTOSIHMH, OCO6GHHO JJIs1 FI/I6KI/IX

METOJIOJIOTUH,  KOTOPbIE  TOCTOSIHHO  MEHSIIOTCS |
YIIYdIIaIoTCS. OrneHuBaTh CTOMMOCTh MIPOEKTA,
VIOPaBIIEMOro ¢  IMOMOIIBIO THOKHX  METOMOJIOTHIA,

HEBO3MO)KHO HCITIOJB3YsS [OCTATOYHO PACIPOCTPAaHCHHBIC
HHCTPYMCHTBI ~ JJISI  IOCJICAOBATEIBHBIX  METOHOJIOTHI
yIIpaBJICHHUS MIPOCKTaMH, TaKue KaK METOJ
dyakmumonansueix  Touek (FP) [1] wmimm  kmaccuyeckue
anroputMel otieHku yernui (Effort Estimation).

Heo6Xx0aumMo 0TMETHTb, YTO CaMO IOHSITHE OICHKH
croumoct (Cost Estimation) B 1maHHOM KOHTEKCTE
XapaKTEePU3YeTCs] HECKOIBKUMH KIIFOUYEBBIMU BOITPOCAMHM:
CKOJIBKO VCHWIHA HYXHO NPHUMEHHTh ISl BBIIOJIHEHHS
KaXXIOM IPOEKTHOM aestensHOCTH (Project activity), xakoe
KOJIMYECTBO KaJCHIAPHOIO BPEMEHH HEOOXOANMO 3aTPATUTh
JUIS  BBIMTOJHEHUS KaKIOW IPOCKTHOW MEATCIbHOCTH U
KaKoBa CyMMapHas CTOUMOCTbD KaXKJI0u TaKou
JICSITETbHOCTH.

Ou4eBHIHO, YTO OIIEHKA CTOMMOCTH IIPOEKTa OYCHb
Ba)KHa, TaK KaK OIPEHCIISAET KIIFOYCBBIC XaPaKTEPHCTHKU
MPOEKTa, TaKWe KaK €ro CPOKH, CTOUMOCTh B ICHEKHOM
SKBHBAJIEHTE, 00bEM pabOT U KaK CIIEACTBHE (POPMUPOBAHIE

KOMaHIOBl IPOEKTa C YYETOM  BBIIICHEPEUHCICHHBIX
XapaKTEePUCTHK.
Ha mpaktuke mpu  HUCTHONB30BaHUM  THOKHX

METOLOJOTHI 4Yallle BCEr0 NPHMCHSAIOTCS CYOBhEKTHUBHEIC
OIICHKM YYaCTHUKOB KOMAaHABl TPOCKTa JUIS  KaKIOH
paccMaTpuBaeMoil XapaKTepUCTUKH, OCHOBAHHBIC Ha OIBITE



YYaCTHHUKOB IIpoliecca oleHuBaHus. J[Is IpocTOTh U yao0CcTBa
OLIEHKM B TakUX T'HOKUX METOAOJOrHsX Kak Scrum [2]
MPUMEHSIOT HEeKHe aOCTpakTHbIE €IUHMIIBI, Takue Kak Story
Point (SP), koropsle 0003HAaYalOT HEKOTOPYIO aOCTPaKTHYIO
€IMHHIY CIOKHOCTH, TPYAOEMKOCTH M IIEHHOCTH [T
3aka3unka. OueHb YacTO Ha NMpaKTHKE MPH aHaJIu3e MPOeKTa
(Ip¥  KCTTONTB30BAaHMK THOKHX METOMOJIOTHH) W KOHKPETHBIX
TpeOOBaHMI 3aKa3yMKa OHHM OIICHMBAIOTCI CHAvajla B
aOCTpakTHBIX  EIMHUIAX  TPYAOEMKOCTH, IIOCIE  Yero
OIICHMBAIOTCS TpPUMEPHBIE BPEMEHHBIE 3aTpPaThl, MOCIE YEro
y)K€  OIICHMBAeTCI CTOMMOCTh TIPOEKTa B  JCHEKHOM
SKBHUBAJICHTE, ONMUPAsCh Ha BBHIINICONHCAHHBIC 3HA4YCHMs. Tak
KakK MOoAOOHBIE METOJBI OLICHUBAHUS SBIAIOTCA HETOYHBIMHU H
colep)kaT JOCTATOYHO OOJNBIIOE 3HAYEHHE TMOTCHIMATLHOMN
OIIMOKH, YacTO HCIOJB3YIOTCS CIEeNHATN3UPOBAHHBIE IIKAJIBI
JUTSL OLIEHKH TpymoeMKocTH B Story Point wiu uenoBeko-vacax.
OmuuM #3 HauOolee PacIpPOCTPAHEHHBIX THIIOB IMOJIOOHBIX
[IKaj ABJsgeTcs mkana GuboHayuw, rae Kaxkaoe Mociaeayromee
3HaueHue (OPMUPYETCA M3 CYMMBI ABYX MPEIBIAYIIHX IO
mumy: 1, 1, 2, 3, 5, 8 u tak ganee. Vcrnonb3oBaHue MOTOOHBIX
IIKaJI TO3BOJIACT YYECTh MOTCHIIMAIBHYIO OIIHMOKY M BBIOOD
KOHKPETHOT'0  3Ha4YeHWss N; U3 JaHHOTO  MHOXECTBa
XapakTepu3yeT, 4To  (PaKTHUECKH  3HAUYEHHE  MOXKET
pacmonaratbCsi B IpeAenax ~ OT  MPEAbIIAymero 10
MOCJICAYIOMIErO 3HAYECHUS: ;1 < N < My q

Hcxons u3 BBIIEONMCAHHOI0, MOKHO CJ€JIaTh BBIBOJ,
4YTO OICHKa CTOMMOCTU IPOCKTa IIPU HCIIOJIb30BaHWH FI/I6KI/IX
METOJIOJOTHM  SIBJISIETCA JOCTaTO4YHO HeTrouHou. I[lo aToi
IIPUYIHNHE eI HaHHOﬁ ‘pa6OTI)I SIBJIACTCA IIOIIBITKA
pa3paboTaTh PEKOMEHIAIMU ISl OJHOW M3 KPYITHBIX MHUPOBBIX
IT-xoMmaHuii, OCHOBBIBAsCh Ha IONBITKE (OPMATH30BATh
rHOKMe MOIECNIH, a TOYHEE HX KIIOUYCBYIO OCOOCHHOCTh —
OIICHKY CTOMMOCTH IIPOEKTa/IIPOrpaMMHOI0 OOeCIedYeHns ¢
HCIOJIb30BAHUEM COBPEMEHHOI0 MaTEMAaTHUECKOI'0 amapara.

AKTYyaJbHOCTh JaHHOM MPOOJIEMBI MOATBEPIKICHA
MPaKTUYECKUMU  3alpocaMH  KOMIIAHWH, B  KOTOPOM
HCTONB3YeTCS THOKas METOMoiorHs SCrum, Tak Kak Iocie
amanu3a psaga perpocnektuB (Retrospective) — omHux u3
KIIOYEBBIX BCTPEY B TEUCHHME CIPUHTA, OMHOW HTEPAIlUH
paspabotku B Scrum, OBITM  OOHApY)KEHBI CEPHE3HBIE
PACXOXKACHUS MEXKIY IPEANoIaraeMbIMK OIICHKAMHM KOMaHIOH
CTOMMOCTH HTepal¥ pa3paboTKu n  (aKTHYECCKUMHU
3HAYEHMSIMH. TaK Kak OJHOM M3 KIIFOUYEBBIX OCOOEHHOCTEH M
IIPEUM YIIIECTBOM THOKHX METO0JIOT v YIIpaBICHUS
MIPOCKTAMH SIBJIICTCS HENPEPBIBHAS IIOCTaBKa PE3yJIbTATOB
JIEATEIBHOCTH KOMAHIbl 3aKa3uhKy, HEIpaBUIIbHAS OICHKA
CTOMMOCTH MOXET TIPHBECTH K HAPYIICHHIO CPOKOB
BBITIOJIHEHHS IPOEKTA, BHIXOAOM 33 PaMKH OFOKETa IMPOCKTa U
OPYTUMH HCKJIIOYUTEIBHBIMH CUTYAIMsSIMH, CBS3aHHBIMH C
OMHOKaMM IUTAHUPOBAHMS M OLIEHKHA CTOMMOCTH IIPOEKTA.

Jns CcHWKeHHWS KOJIMYEeCTBa IOHOOHBIX OIIHOOK,
HEOOXOJUMO PAaCCMOTPETh BO3MOXKHOCTH  (hOpMalM3aliu
IpoIecca OIEHKH CTOMMOCTH JUIS IPOEKTa HIH HTCPAIlHH
BBIIIOJIHEHMS IIPOEKTa, IPOAHAIU3UPOBATh CYIIECTBYIOIIHE
pEIICHHs, €CIM TakKOBBIE HMMEIOTCA W pa3paboraTh
PEKOMEHIAIMKM JUII KOMIIAHHWH, KOTOPBIE IIOMOIYT CHHM3HTH
OmMOKA OICHKH CTOMMOCTH ¥ TIOBBICHTH 3(PQPEKTHBHOCTD

yIOpaBJIeHUS TMPOSKTaMH C  HCIONB30BAaHUEM THOKHX
MeTOooNIOTHH. B KadecTBe MPAaKTHYCCKON pean3anuu
THOKOM METONONIOTHH HEOOXOAMMO BBIOpaTh SCrum u
paccMOTpeTh ero 0COOCHHOCTH.

Bonee dopmansHO Tienyu AaHHOW PabOTHI MOXXKHO
MPEACTABUTH B BHJIE CIIEIYIOMIECTO e CUHS:

— KpaTKO  pPacCMOTPETh  OpraHW3AIMOHHYIO

CTPYKTYPY  KOMITAaHUH, PACCMOTPETh CTPYKTYpy €€

WH(POPMAIMOHHON CHCTEMBI, OITPEICTUTh €€ OCOOCHHOCTH;
—  MpOaHATU3UPOBATh  TEKYIIHME  IIPOIECCHI

YIIpaBJICHHUA IPOCKTaAMHW B KOMIIAHUWH, TeKyIJ_II/Iﬁ MCXaHHU3M
OIICHKK CTOMMOCTH ITPOCKTa WJIN UTCPALIUN pa3pa60TI<I/1;

—  cobpaTh  CTaTHCTHYECKHE  JaHHBIE 00
5()(HEKTUBHOCTH OIIEHKH CTOMMOCTH IIPOEKTa, B IaHHOM
ciyJae POrpPaMMHOTO obecrnieueHus, HCIIONB3YS

WHTETPUPOBAHHBIE CHUCTEMBI OTCIEXKHMBaHMsA 3amad  (Jira
Software [3]).

ITocne cOopa W mNpenBapUTEIBHOTO aHAIU3a
CTAaTUCTHYCCKMX  JIAHHBIX  MOSIBJIICTCS  BO3MOXKHOCTh
BBIMIOJTHUTh JIBA Illara, IO3BOJIIOMIUX (hOPMATHU30BATh
paccMaTpUBaeMbIi TPOIIeCC u pa3paboraTth
COOTBETCTBYIOIIME TPEIJIOKCHHUS IS paccMaTpUBaEeMOMN
KOMITAHUM €  [EeNbl0  TOBbImIcHUS  3ddexTuBHOCTH
yIOpaBJIeHUs TNPOCKTaMH M, KaK CJCICTBHE, IOIyICHUU
SKOHOMUYECKOM BBITO/IbI 1 PACCMAaTPUBAEMON KOMIIAHUU

- MPOaHaIM3UPOBATh CYIIECTBYIOIIHE
AHAJIMTHYCCKHE, MATeMAaTHUYECKHEe WHCTPYMEHTBI, KOTOPBIC
MOryT OBITh TNpPUMEHEHBI IS (HOPMAIM3alUK  OLCHKU
CTOMMOCTH TPOEKTOB TMPH HKCIOJIb30BAHUU pPeaTH3aliu
FHOKUX METOIOJIOrHI Scrum;

— Ha OCHOBE COOPAaHHBIX CTATUCTHUECKUX JAHHBIX U
c HCTIOTb30BaHUEM BBIOPAHHBIX AHATUTHYECKUX
HHCTPYMEHTOB pa3paboratb PEKOMeHIaliH o
ONTUMH3AIMHA IPOIECCOB OLEHKH CTOMMOCTH TIPOEKTa,
KOTOPBIE MOT'YT OBITh IPUMEHEHBI B OMIDKANIINX UTEPAIIIX
IUTAHUPOBAHUS BHYTPEHHHUX IIPOCKTOB KOMITAHMH, a B
JalbHEHIIeM MOryT OBITh HCHOJB30BAaHBI BO BHEIIHUX
MIPOCKTaX KOMIIaHHH.

I1l.  OB30P IUTEPATYPHI
Ddopmanuzanus MPOLIECCOB Agile-meTonosnoruii
OPUMEHSICTCS  JOCTATOYHO pEmKo. B TMomaBisrorieM
OOJNBIIMHCTBE ~ CITyJacB  pelieHHe NPHHUMAETCS — Kak

HEKOTOpoe 00O00IIeHNUEe CYMMbI WHIMBUAYaTbHBIX OICHOK
BEJIMYHH Ka)KJIOTO M3 YYaCTHUKOB MIPOEKTHOM KoMaHbL[4] B
paccMaTpuBaeMoOil  KOMIIAHMH  UCIIONB3YETCS  METOIUKA
Scrum Poker misi OIIEHKM CTOMMOCTH 3aJa4/IPOCKTa B
UlealbHbIX Yacax MM COIVIACHO MeTomonoruu Story Points
Estimation.[5]

CyTh JaHHOTO METOJAa 3aKIOYaeTcss B CKPBITOM
OLICHUBAHWUHM KaXIOW TMO3UIHMH KAKABIM  YYACTHHKOM
KOMaH/IbI ¥ OJHOBPEMEHHOM OIJIANICHHH Pe3yJIbTATOB.
WneanbHasgs 1enp TAKOro IOAXOAAa —  JOCTHIKEHUE
OMMHAKOBOTO 3Ha4yeHWs oOueHkun B Story Points wmm
WJIealbHbIX Yacax. Eciu 3HaueHUs pa3HATCS, TO MPOUCXOTUT
o0CyXJeHne HanuOollee OTIMYAIOIINXCSA OT OONBIIHHCTBA
OLICHOK, aBTOPHI OILIEHOK apryMEHTHUPYIOT CBOIO ITO3HIIHUIO,



mociie qero IpOUCXOaUT MOBTOpHAA OIICHKa BCEMH
Y4aCTHUKAMU KOMaH/bI.
Hpouecc OLOCHKHM  CTOMMOCTH  SABJIACTCA  JOCTATOYHO

CJIOKHBIM ¥ 3aBUCUT OT OOJIBIIOrO KOJINYECTBA Pa3HOOOPa3HBIX
¢daxTtopoB. IlpumepamMn Takux (HaKTOPOB MOTYT CIYKHUTb
OIBITHOCTh KOMaH/bl, B3aUMOJICWCTBHE KOMAHIBI MEXIY
c000ii. OIBITHOCT KOMaH/IBI JIOCTATOYHO CJIOXKHBIN (hakTop,
Tak KaKk COCTOMT W3 MHOTMX HEAETEePMHHHPOBAHHBIX
COCTaBJIIONINX — KXl YJaCTHUK KOMaHIBI MOXKET OBITh
OITBITEH B KAKOM-TO Y3KOM KpYTY 3ajad.

B iaccuueckux TOAXOAAaX K OLIEHKE CTOMMOCTH B
METOAOJIOTHH Scrum HE YYHMTBHIBAETCSI OTPOMHOE KOJIMYECTBO
pasHooOpa3HeiX  (akropoB. Hampumep, BbImeynoMsHyTas
OTBITHOCTh KOMAaHJbl, B3aUMOJEHCTBHE M OTHOIICHUS MEXAY
y4aCTHUKAaMHM KOMAaHJAbl HE aHAJIM3HMPYIOTCI M OOBIYHO
OIHUCHIBAIOTCSI C MCIHONB30BAHUEM HECKOJIBKHX CIIOBECHBIX
KaTeropuil: HU3KHH YpOBEHb, CPEOHUN YPOBEHb, BBICOKHUIT
YPOBEHD.[6]

Crenyer paccMOTpeTh, Kakue KaTeropud MOJENEil OLEeHKH
CTOMMOCTH NPOTPaMMHOIO  O0ECIIeYeHHs CYLIECTBYIOT B
Hacrosiiee Bpems.. [7100ajJbHO JaHHBIE MOJAENHA MOXHO
nopenuTh  Ha 2 TPYIIIIHL, QITOPUTMUYECKHE U
HEAJITOPUTMHUYCCKUC. AJ'IFOpI/ITMI/I‘-ICCKI/IC MOJCIIH, MpEexIC
BCErO, WCIONB3YIOT aHaU3 CTaTHCTHYECKHX/HCTOPUYECKUX
JaHHBIX IPOCKTA. HaHHbIe MOJCIN TPHUHUMAIOT Ha BXOJ
HEKOTOpbIE JIaHHBIE B CTPOI'O OMNPE/ICIICHHOM BUJIE U HA OCHOBE
OTOI'0 BBLINIOJIHAIOT BBIYUCJICHUS, IIO3BOJIAIOININE TIOJTYYUTH
CTPOrO OIpeZeeHHbIe Pe3yJbTaThl, HANPUMEp, MPEACKa3aHuUs
CPOKOB TIPOEKTa, TPYAOEMKOCTH W TaK Jajee B KOHKPETHBIX
YHCJIOBBIX 3HaUYeHHsIX. B MOCJICAHEEC BpEMA MHOI'ME€ KOMaHIbI
OTZAIOT NPEANOYTeHNE HOBBIM MOIXO0JaM K OLIEHKE CTOUMOCTH,
KOTOpBIE  HCIONB3YIOT  HEaJIrOPUTMUYECKHUE MOZeNH,
HCTIONIB3YIOIIUE TaKOoe IOHATHE KaK MATKUE BBIYMCICHH.[7]
Msrkue BBIYUCIEHHS — TOAXOA K NPHOIMKEHHOMY pELIeHHIO
3a7a4, KOTOpbIE HE HMEIOT peIICHHE 3a IOIWHOMHAIBHOE
BpeMs. AmmapaT MATKMX — BBIYMCICHHWH IIOCTPOEH  HA
ucrojib3oBaHuu Heuetkoit yoruku (Fuzzy logic), Hewyerkux
MmHOkecTB  (Fuzzy  sets), TreHeTHYECKMX  alTOpUTMOB,
HEHUPOHHBIX CETEN U 3BOJIFOLIMOHHOTO MOAEIUPOBAHUSL.

B Ttabmnmme 1 mnpexacraBieHBl OCHOBHBIE METONOIOTHH
OLICHKH CTOMMOCTH IIPOTPaMMHOTO 00€CTIeUeHH s, Pa3aeliCHHbIe
Ha JIB€ KaTErOpHHU: aJITOPUTMUYECKHE U HEAITOPUTMHUECKHE.

Tabnuua 1 — AaropuTMuYeckue U HeaarOpUTMUYECKUE MOJIEIN
OLICHKH CTOMMOCTH HPOrPaMMHOI'0 00€ecIieYeH s

AnroputMudeckre Moaenu | Heanroputmudeckue Moaenn

Story Point Estimation | METOA 9KCTIEPTHOI OneHKM

Meroj G yHKIMOHATBHBIX
TOYCK
Monens u3aepxex
paspaborkun (COCOMO,
COCOMO II)

3axoH [TapkuHCOHA

Jenb¢uiicknii MeTon

SLIM-Mmeronuka OreHka 10 T00e B

[TpaBwiio GOMBIIOTO MaNbla
Meron 00BEKTHBIX TOYEK

KOMaHﬂHOG IJIaHUPOBAHUEC

KommuectBo cTpok kona
MPOTPaMMHOTO 00ECTICUCHHUS

Meron ~ ¢GyHKIMOHANBHBIX ~ TOYeK -  AHamm3
(hYHKIIMOHAITBHBIX TOYEK — CTaHJapTHBIA METOA N3MEPEHUS
pasMepa MPOrpaMMHOTO IPOAYKTa C TOYKH 3PEHUS
nosp3oBatened cucreMbl. Merox paspaboran  AnaHOM
Anpopextom (Alan Albrecht) B cepenune 70-x. Merox Obu1
BIepBBIe omyonukoBaH B 1979 romy. B 1986 romy Obiia
copmupoBaHa MexmyHaponHast Acconmanust
[onp3oBareneit PynkumoHanbHbix Touek (International
Function Point User Group — IFPUG), xortopas
onyOJIMKOBaJla HECKOJIBKO peBH3ud Merona[8]. Merox
npeHa3Ha4yeH JUIsl OLEHKHM Ha OCHOBE JIOTHYECKOW MOJEIH
o0bema MPOrpaMMHOTO NPOIYyKTa KOJIMYECTBOM
(hyHKIIMOHAJIA, BOCTPEOOBAaHHOTO 3aKa3YUKOM u
MOCTaBJISIEMOr0 Pa3padoTYUKOM.

COCOMO - COnstructive COst MOdel - ( mozaens
M3JIEPKEK pPa3pabOTKH) — 3TO ajropuTMHUYEcKas MOJelb
OLICHKH CTOMMOCTH pa3paboTku MPOrPaMMHOTO
obecrieyenusi, pazpaboranHass bappu bosmom (Barry
Boehm).[S] Mogens wucnonb3dyer mpocTyio  (GopMyity
perpeccun ¢ mapaMeTrpaMH, OIPENEIECHHBIMU W3 JIaHHBIX,
COOpaHHBIX MO psAy TpPOeKTOB. ba3oBblli  ypoBeHb
paccuuThIBaET TPYJOEMKOCTh U CTOMMOCTh pa3pabOTKU Kak
(yHKIMIO OT pa3Mepa mporpammbl. Pasmep BbIpaxkaercsi B
oneHOuHbIX Thicsiyax ctpok koma (KLOC - kilo lines of
code).

SLIM — Software LIfecycle Model - nenuneiinas mozenb
pacuera TPYIOEMKOCTH IPOrPaMMHOTO CpEACTBa ObuIa
pa3paborana Jloypencom IlatHamom B 1978 1. Ha OcHOBe

SMIMPHYECKHX  JAHHBIX  NPOTPaMMHBIX  Pa3paboOTOK
MunucrepctBa  oboporsr  CIIA [7]. CornacHo
IpeCTaBICHHON MOZIENH, TPYAOEMKOCTb psIMO

MPOTIOpIHOHANIbHA pa3Mepy mpoekta (B LOC-oueHke win
FPA-ouenke) u 00paTHO TPOMOPIMIOHANTFHA  YPOBHIO
HPHMEHSAEMBIX TEXHOJIOTHH, HPOM3BOIUTEIBHOCTH
HepcoHana U Mpo4yux (PAKTOPOB TEXHOJIOTHUYECKOH Cperbl
peanmzanuu Tpoekta. Pacyer 3aTpaT Ha omiIaty Tpyaa
Oasupyercs Ha  ydeTe  TPYHAOEMKOCTH  pa3paboTKu
OPOrpaMMHOTO  TNpOoAyKTa M TapudHOH  CTaBKe
IPHBJIEKAaEMbIX K IPOEKTY Pa3paOOTIHKOB.

Bce BbIIIENEepEeUHCICHHBIE MOJICIN HE CIMIIIKOM XOPOIIIO
MOAXOMAT JUIs peEIleHUs] 3amad B TepMuHax Agile u3-3a
UCIIONb30BAHUSL CTPOTMX METPUK, KOTOPBIX B THOKHX
MpOeKTax OOBIYHO HE ObIBACT.

U3z-3a CMEILCHUS aKIIeHTa B CTOPOHY
HEAITOPUTMUYECKIX PEIICHNH TOYHOCTh OLEHKH CJIerKa
CHM3WIACh, YTO OOYCIOBIEHO OTCYTCTBHEM OOJBIIOrO
KOJIMYECTBA 3HAYMMBIX, HO HE IOJIAFOLINXCS YHCICHHON
uHTeprperau GaxTopos.[8] [laHHBIE HEANTOPUTMUYECKIE
pelIeHus] TONYYMIM PaclpOCTPaHEHHs MOCIe MAacCOBOTO
pacnpocTtpaHeHus Agile-TexXHOIOTHit B IPOEKTaX, CBSI3aHHBIX



¢ uHPOPMAIMOHHBIMH  TEXHOJOTHSAMH U
MIPOrPaMMHOTO 00ECTICUCHUS.

pa3paboTkoi

Ionpobuee crmemyer paccMoTperh Momenb Story Point
Estimation, KOTOpas HCHONB3YeTCS MPAKTHUECKH B KAXKIOM
MIPOCKTE KOMITAHUH. B TaHHOI MOJIENTN CYIIECTBYIOT HECKOIBKO
JOTIOJTHUTETBHBIX ~ (PAKTOPOB,  KOTOpHIE  y4acTBYIOT B
MaTeMAaTHYECKUX BBIYUCIICHUSX: CKOPOCTh KoMaHsI (velocity -
V) - abcTpakTHas KOJIMYECTBCHHAS BEJIMYHHA,
XapaKTepU3yIoliass MAaKCHMaJbHO BO3MOXXHOE KOJIHYECTBO
3a/a4, KOTOpbIC KOMaHIa MOXET BBINONHUTE 32 OJHY
UTEpAIHIO, OJWH CIIPHHT.

Iporecc onenku B Story Points mpoucXoauT B HECKOIBEKO
JTaIloB:

— TPOCTAaBJICHUE OICHOK BCEMHU WICHAMH KOMAaHIbI IS
KaXXI0M TOJIb30BaTENIbCKOM HCTOPUM WM KIIIOYEBOM 3ajaun,
ucrosip3yercst mkajga ®OuOoHAYYM B OJHOM U3 HECKOJIBKHX
npeacrasiacHuit: uncnosom (1,1,2,3,5,8...144) win «MeTomoM
¢dyroomnox» (XS, S, M, L, XL, XXL)[10];

— pacueTr CKOpOCTH KOMAaH/bI, HUCIIOJb3Yyd HECKOJIbBKO
JOIIOJITHUTCIIbHBIX (l)aKTOpOB - CIIOKHOCTB/' 3allyTaHHOCTb
3aa4r U ME€pa OUECHKU CKOPOCTU KOMAaH/IbI;

pacdyeT HUTOroBOro0 3HAYCHUA CTOMMOCTU 3adadyu HIN
T0JIb30BaTENbCKOM cTopuu B Story Points.

JloCcTaToOuHO YacTO Ha WCCICAYEMbIX MPOEKTaX BTOpas H
TpeThsi (a3a 3HAYUTENHHO COKPAIIAINCh M YIPOIIAINCH, YTO
BECJIO K IMIOBBIIICHHU IO HETOYHOCTHU OLICHKH, CHHUXXCHUIO
3¢ (GEeKTUBHOCTH pabOThl KOMaHIbl BCJICACTBHE CHIDKCHUS
00I11Iero yrcia 3aaay, KOTOpble ObLIM B3SThI Ha HCIIOJIHEHHE Ha
OIHY WTepaluio pa3paboTtku. B cBa3m ¢ oM OblTa
copMupoBaHa Haes O BO3MOXXHOM (DOPMUPOBAHHU OLICHKH B
Story Points, ucrionb3ysi Gonee (opmanbhbie noxxonsl. Mues
3aKIoYasack B (POPMHUPOBAHMHM HEKOTOPOTO  KOJIMYECTBA
BXOJHBIX I1APaMETPOB M OXXHMIAHUM BBIXOAHOIO PE3yNbTaTa,
SKBUBAJICHTHOrO MeTpuke Story Points.

N3-3a Hanuuusg ONHO3HAYHOM KOPPEISIIMM B METOAUKAX
OLICHMBAHMSl KOMIIAHWM MEXJIy oleHkoi B Story Points u
BpEMEHHOM OIIeHKO# B perfect hours, TaHHBIN MOIX0M MO3BOITHI
ObI OoJIee YeTKO ONpe/essiTh CKOPOCTh KOMaH/Ibl, 00beM 3a/ad,
KOTOPBI KOMaHJa MOXET BBIIOJIHUATH B TeueHHe cripuHTa.[11]

IMocme TPOBEACHUS HCCIICI0BaHUS JOCTYITHBIX
AQHAIUTHYECKUX  pEIIeHUH, KOTOpble MOriau Obl  OBITH
HOpUMEHEHBI s (HOpMaTH3alUK MPOLIECCa OLCHKH CTOMMOCTH,
OBUIO TPUHATO pEUICHHE HCIIONB30BATh MAaTEMATHYCCKHIl
armapar He4eTKUX MHOXKECTB M HEYETKOH JIOTHKH COBMECTHO C
METOIOJIOTHEH OLIEHKH TOYEK IONB30BATEIBCKAX HCTOPHIA
(Story Points Estimation).

AmnmapaT HEYEeTKOH JIOTHMKH XOpOIIO IMOAXOOHUT  JUIS
(dbopManu3anMu TMPOIECCOB OLECHKH CTOMMOCTH B Agile-
METOAOJIOTHAX HM3-3a TOTO, YTO B SCrum U APYIHX peaU3aLHsix
OIPOMHOE KOJNMYECTBO 3HAYMMBIX (DAKTOPOB HE HMEIOT
JeTePMHUHUPOBAHHOTO  YHCJIOBOTO  IPEICTAaBJICHHS, a
ONPEeNENAIOTCS JIMIIL CJIOBAMH ECTECTBEHHOIO S3BIKA MM
MIPUHAIIISKHOCTHIO K HEKOTOPOH KaTteropur.[12]

V. ®OOPMAIM3ALIMA MOJEN SOFTWARE COST
ESTIMATION

Heuerkoe MHOXXECTBO MOXKHO TPENICTaBUTh B BUJIE
napel (U, p), tae U — HekoTopoe MHOXKecTBO, a W U — [0,1]
¢byHKUMs, HasbiBaeMas (YHKIMEH NpUHAIISKHOCTH. [9]
WHpIME ~ ciioBaMHM,  HEYETKOE  MHOXKECTBO  MOXHO
TIPE/ICTABUTH B BUJIE COBOKYITHOCTH BCeX Tap,

U= {(x,ny() |x € X3, @)

rae X — MHOXKECTBO, HAa3bIBAEMOE YHUBEPCAIHLHBIM
[13].

B HeueTko#l NOrMke Ba)KHBEIM SIBJISICTCS IIOHSTHE
JIMHTBUCTUYECKOU MepeMEHHOM. dakTruecku,
JIUHTBUCTUYECKAS TIEPEeMEHHAsI TIPE/ICTABIIACT COOOI KOPTEK
(x,T(x),X,G,M), rne x — wums mnepemennoi, T (x)
MHOXXECTBO 3HAYEHUH JMHTBUCTUYECKOW TMEPEMEHHON X,
KaXJI0€ UX KOTOPBIX B CBOIO OUEpENb SIBISIETCS HEUYETKOM
MEePEMEHHOI Ha MHOXKeCTBE X .

G XapakTepu3yeT CHHTAaKCHMYECKOe MPaBWIIO JIIs
(opMHUpOBaHMS HOBBIX HMEH HOBBIX 3HA4YeHWi, a M-
CeMaHTH4YecKasl Tpolenypa, MO3BOJISIONIas Mpeodpa3oBaTh
UM, CO3/JaHHOE CHUHTAKCHYECKHM INPaBHIOM G B HEYETKYIO

NMepeMeHHylo, TO  eCTh  3aJaTh  BHA  (YHKIMH
MPUHAJIEKHOCTH.

CymecTByeT HECKOJIBKO OCHOBHBIX
pasHoBUIHOCTEN QyHKIMI MpuHALIeKHOCTH[14]:

- TPEyroJabHON ¢ opmbl - byHKIMS

NPUHAJISKHOCTH, TpaduK KOTOPOH HMeEeT MaKCHMyM B

ONHOM TOuke, a Takyl (YHKUMIO MOXHO 3aJaTh
COOTHOLICHUEM
{ 0x<a
| x—a a<x<b
faGab,o) = {2 , @
t; b<x<c

rae a, b, ¢ — mpou3BoJIBHBIC TAPAMETPHI, 331aHHbBIC
cooTHoweHneM a < b < c;

—  TpamenmeBHIHONH  Qopmbl  —  GyHKIHSA
NPHHAUISKHOCTH, TpaduK KOTOPOH HMEEeT HHTEpBal B
KayecTBE MaKCUMYyMa U 3a/1aeTcs cucTeMoit ypaBHeHui (3).
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rae Takke a, b, ¢, d - MpoU3BONBHBIE TTAPAMETPHI,
CBsI3aHHBIE COOTHOIIEHNEM a < b < ¢ < d.

PaccmoTpennpie THIIBI QYHKIINI TPUHAICKHOCTH
Ha3bIBAIOTCS KYCOYHO-JINHECHHBIMH GyHKIMSIMA
NPHHAUISKHOCTH, TaK KaK COCTOST M3 OTPE3KOB IPSMBIX,
COCTaBIISA HENPEPHIBHYIO (Kyco4HO-HENPEPHIBHYIO)



¢ynxmio. JlanHple QYHKIUHM UCHONB3YIOTCS JUTS OIpEIeICHHs
MEpHBl CXO)KECTH BEIWYMH, ONPEICICHHS CPEIHEro 3HAYCHUS
MHOXECTBA, NPEJCTABJICHUS HEYETKUX YUCEN U HHTEPBAJIOB.
Hanublil kmacc (QYHKOWH TPUHAUISKHOCTH TIOIXOIUT IS
PpelIeHus TOCTaBJICHHOH 3a/1a4i ()OpMaTH3aIIH.

Ha pucyske | wm3obpaxen rpaduk ¢yHKIMN
TIPUHAUISKHOCTH TPEYTOIBHON (OPMBL, T/e
Vx € X - x € [0,100] 4)
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Pucynok 1 — Mmmtoctpauust pyHKIMN IPUHAUICKHOCTH TPEYrOJIbHOM
(bopmbl
BBIIIIC KyCO'-IHO-J'IPIHCﬁHLIX

Kpome  paccMoTpeHHBIX
GYHKUME TPUHAIEKHOCTH CYIIECTBYIOT Z-00pasHble U S-
00pasHble QYHKIMH NPUHAIIISKHOCTH, KOTOPbIE ObUIN Ha3BaHbI
TaK 1o BUAY rpadukoB dTUX (pyHKIMH. Z-00pa3Hble QpyHKIUH
TaKKe  Ha3plBalOTCS  Z-00pa3HbIMH  CIUTaWH-()YHKIUSIMH.
JanHple  QYHKUMH ~ HCIONB3YIOTCS UL OTPaKeHHs
HEOIPEeNIeTIEHHOCTH THIIA MEPbl MAJIOCTU: HU3KUH IIOKa3aTelb,
HeOonblIass CTOMMOCTb, CKPOMHBIH  J0XOA. S-00pa3Hbie
¢byHKIMY, HA000pOT, MOAYEPKHBAIOT MEPY 3HAUYUMOCTH H
OOJIBILIOr0 3HAYEHUS] 4Yero-jiubo, Hampumep, TaKhe BHJIBI
HEOIPEeNIeTIEHHOCTH KaK: BBICOKHMH IOKa3aTelb, 3HAYMTEIbHBIA

TEMII pOCTa, OOJBIIOE 3HAYCHHE.

[Momumo storo cymectByroT [1-o0pasubie GyHKIUH -
NPOU3BEIEHHS JBYX CHIMOMIAJBbHBIX (YHKIMH, a TarKe
GYHKIMSA — TPHHAUISKHOCTH, COOTBETCTBYIOIIAS — (DYHKIMU

IUIOTHOCTH HOPMaJIbHOTO PACIpENETICHUsL.

ITocne KpaTKOro paccMOTPEHHS OCHOBHBIX BHJIOB
(byHKUMIA IPHHAICKHOCTH, ONPEACIIIEMBIX B TEOPHU HEYSTKHX
MHOKECTB, OBUIO INPHUHSTO PEIICHHE BOCIIOIB30BATHCS
byHKIMAME TpanenueBuHOW (Gopmbl. J[aHHBIA THUIT (YHKIUAH
OPUHAIICKHOCTH Haubolee TOYHO OTPAXKACT BO3MOXKHOE

pacnpeleneHde 3HAYCHWH IapaMeTpoB MNPH  MOCTPOCHUH

MOJIEJIH.
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Pucynok 2 — Wimmtoctparust GpyHKIMHY TPUHAIIIEKHOCTH
TpareeBUIHON (HOPMBI

Cama cucrema COCTOUT U3 HECKOJIBKHUX Moz[ynef/i:

— ¢azzudukarop;

— cucTeMa BBIBOJIA;

— 0aza mpaBwI;

— nedazzudurarop.

Jannple mMoxmynu OyayT THOAPOOHO pPaccMOTPEHBI
HHXXC, a BHa4daJI€ CTOUT OTMCTHUTH OCO6€HHOCTI/I BXOAHBIX
mapameTpoB.

BXO)IHI)IG nmapaMmeTpbl JOJDKHBI IOCTYNATh OT KaXJAO0ro
pa3paboTuhKa MPOEKTHOW KOMAaH/bL, Y4YacCTBYIOIIETO B
aHamu3e 3a/a4d. JTO SBISETCS JOCTATOYHO BaXKHBIM
YCIIOBHEM JJIsl KOPPEKTHOH paboThl MOJIENH H TMONYYCHHS

KOPPEKTHBIX BBIXO/IHBIX PE3YJIbTATOB.

IlepBbIM mapamMeTpoM SIBJISETCS OMNBIT  y4acTHHKA

KOMaH/Ibl — KOJIHMYECTBO OIBbITA, KOTOPOE HMMEET KaxIbli
pa3paboTumk KoMaHzapl. JlaHHBI mapaMeTp HUMEeT TpH
3HQUEHUs, TEpPMa JIMHIBUCTUYECKOM IIEPEMEHHON «OIBIT

Y4acTHMKa  KOMAaH[Ibl»:  «HAUYMHAIOLIMW»,  «CPEAHUN»,

«OTIBITHBII.

BropriM mapameTpoM ObLT BBEIOpaH pa3Mep KOHKPETHOM
3afaud. JlaHHBIA MapaMeTp HMMEET OOHO U3 CIEHYIOLIMX
3HAYCHUH-TEPMOB: «MAaJICHBKUI, «CPETHUID, «OOINBIIOI»,
«OTPOMHBII». MOXHO 3aMeTHTh, YTO Takoe pa3OueHHe
COOTBETCTBYET OOLICIPHHATOMY B SCIUM IOAXOXY OLIEHKH
3Ha4YeHHUH pa3Mepamu GyTOOIOK.

TpeTbuM mapaMeTpoM SIBJISETCS CIOXKHOCTh 3aJadi. DTO
OYEHb CIIOKHOE TOHSATHE, BIMIHHE HA KOTOPOE OKAa3bIBAIOT
OrPOMHOE KOJIMYECTBO (pakTOpoB: (opMar 3amaddl, SICHOCTh
MOHNMaHuA Oymymmx JAeHCTBHH KOMaHAOM W MHOToe
JIpyroe. JlaHHBI mapamMeTp MOXKET NPUHUMATh 3HA4YEHUS-
TEPMBL:  «OYEHb  IPOCTOW»,  «IPOCTOID»,  «CPEAHUI»,
«CIIOXKHBIN, «OUCHD CIOKHBIN.

UerBepThlii BXOAHOM MapaMmeTp 3TO TOYHOCTh OLIEHKU Ha
mpesIaymeM d3tamne. JlaHHBI mapamerp HEOOXOOUM JUIA
COBEPIICHCTBOBAHMSI MOJIENIM B HOBBIX HTepanusix. Moxer
MIPUHAMATh OCHOBHBIC 3HAYCHUSA-TEPMBL: «HEIOOLCHKA,

«TOYHAsA OLCHKA», KIICPEOLCHKAY.



Ha pucynke 3 m300pakeHa CTPYKTypHas cxema
MOCTPOCHHOM MOJENH, Ha KOTOPOH OTOOpa)KeHBI OCHOBHBIC
KOMIOHEHTBI Mozend. HeoOXomuMo paccMOTpeTh KaKIbld U3
JIAHHBIX KOMIIOHEHTOB TOJPOOHEE.

BaxHO OTMETUTB, YTO KaXXIBIH W3 BXOJHBIX IApaMETPOB
nMeer cBOE KOHKPETHOE YHCIIOBOC 3HAYCHUE,
COOTBETCTBYIOIIGE  PA3JMYHBIM  OSKCIEPTHBIM  IIKAJIaM
mMepenuit. To ecTh, HampuMep, pasMep 3aJayd B IPOCKTE B
HEKOTOPBIX MPOCKTHBIX KOMAaHIaX MOXET H3MEPATHCS B IIKAJIC
or 1 mo 20. [Ing ymoOCTBa W HATJIAAHOCTH PabOTBI MOMIETH
CleyeT HOPMAaM30BaTh 3HAUCHHS BXOIHBIX MAapaMeTpOB,
MIPUBECTH UX K OJHOW OOIICH W HATIISTHOM IIKaJIe H3MEPCHHSL.
B pamkax 3TamoB pa3paOOTKH M IOCTPOCHUS MOZCTH ObLia
BbIOpana mkana [0,100] s HopManM3ayy BEKTOPOB BXOTHBIX
rapaMeTpoB.

dazzudpukarop mpeaHazHayeH JUISI  TpaHCOpMAIMH
BXOJIHBIX CKaJISIPHBIX TapamMeTpoB (oOpasyrommx N-MepHbINd
BEKTOp MapaMeTpOB) MOJYYEHHBIX OT KaXIOr0 pa3padoTyiKa B
HEKOTOpOEe HEYETKOE MHOXECTBO C TPAIEIUEeBHIHON (YHKIIHEH
npuHauie)kHocTH.  DakThyecku, mnpoueaypa (aszudukanyuu
reHeprpyeT HOBOE MHOXECTBO, OOpa30BaHHOE 3HAYCHUSIMHU
(YHKIMM ~ TPUHA/UISKHOCTH  OT  3HAYEHWH  BXOIHBIX
napameTpoB. COOTBETCTBEHHO, BEKTOP BXOJHBIX I[apaMeTpOB
00pa3yer MHOKECTBO HEUETKUX MHOXKECTB, COOTBETCTBYIOIIHX
OINPCACICHHBIM JIMHTBUCTUYCCKUM NEPEMECHHBIM. q)aKTI/I‘-ICCKI/I,
¢az3udukaTop GopMUpYyET HEYETKUE MHOXKECTBA, OCHOBBIBASICh
Ha TPEIBApUTEIBLHO CPOpPMUPOBAHHOW Oaze TmpaBwil. B
paccMatpuBaeMoOM ciydae B pOJIM TPEIBAPUTENHHON 0a3bl
npaBuwa st paz3upuUKaKu UCMOIb3YeTcsl HaOOp BXOIHBIX
napaMeTpoB Ui TIOCTPOeHUS! (YHKIMM TNPHHAIICKHOCTH
JIMHIBUCTUYECKOM TepeMeHHoi. JlaHHblii Habop mapameTpoB
ONpEACIAETCS METOAOM JKCIIEPTHOM OLEHKU [Ulsl IEpBOM
uTepalUu  pabOThl MPOTrPaMMBbl, OLEHUBAIOTCS  TPAHMIIBI
3HAQUYEHUH JIMHTBUCTUYECKUX TIEPEMEHHBIX C  IOMOIIbIO
HauboJee OMBITHBIX YYaCTHUKOB KOMaH[bl pa3paboTku, Scrum-
Macrepa KOMaHIbl.

BxogHble napameTpbl

. OueHka B
CNOKHOCTL 330a4M;
Story
— ONbIT KOMaHA4bl; -
Points
obbem 3agaum. A
[ Pazzuduratop ] [CMCTema BLIBOAA ] '{,ﬂ,ed:aaaud:uka'rop

basa npasun

MapameTp TO4HOCTH
OLUEHKH

06paTHan CBA3bL NOC/E KaMA0H UTEPALIMK,
pasH1La MeRay GaKTHYECKUM W OMHUAaEMbIM
3HaUEHUAMM

Pucynok 3 — Cxema nocTpOeHHON MOJIEH, OCHOBAHHOW Ha HEUETKOH
JIOTHKE

VI3HavaspHble 3HAUSHUS T'PaHUIl KaTErOPHHA BXOIHBIX
mapaMeTpoB MOXXHO MpPEICTaBUTh B BHIE Habopa TaOmuil,

COOTBETCTBYIOIIMX Ka)XJAOMYy M3 BXOAHBIX MapaMeTpoB. To
€CTh HeOOXOIMMO COMOCTABUTH 3HAUCHUS JTMHIBUCTUICCKUX
MEPEMEHHBIX C HEKOTOPHIMU KOHKPETHBIMU 3HAYEHUSIMHU.
Hns  ymoOcTBa pacdeTa 3HAUCHWH W HATJSIAHOCTH
MIPEJICTABICHUS MapaMeTPOB MOXKHO HCIOJB30BaTh MIKATY
kpaTHyro uuciny 100 mis  oroOpakeHWs 3HAYCHUU
mapaMeTpoB Ha TpaduKe TPaNCIUSBUIHON (YHKITUN IO OCU
abcrucc.

CrenyeT mMoq4epKHYTh, UYTO HauyajJbHOE 3HAUYCHUE
JIMHTBUCTUYECKON  TMEPEMEHHOM  «TOYHOCTh  OLIEHKIDY
JIOJKHO COOTBETCTBOBATH 3HAUCHUIO HEUETKOHN MepeMeHHON
«TOYHAS OIICHKa» JJI1 KOPPEKTHOH padOThl MOJEINH.
OmmoOKa OICHKH Ha TAHHOM 3Tarle OTCYTCTBYET M PaBHICTCS
0.

B Tabnuiie 2 mpeacTaBiCHBI 3HAYCHUS Mapamerpa
«OnpIT  y4acTHMKa KOMaHIbl» U  COOTBETCTBYIOIIUE
mapamMeTpsl JiJIS MOCTPOCHUS TPANCHUEBUAHON ()YHKIIUU
MPUHA]IKHOCTH.

Ta6mmua 2 — Heyerkne nepeMeHHbIe mapaMerpa «OmbIT y4acTHHKA
KOMAaHbI»

ITapametpsl
Heuerkas nepemeHnHast
(hyHKIIMM TPHHA/IIEKHOCTH
Hauunnarommii 0, 14, 25, 35
Cpennuit 26, 39, 54, 65
OnBITHBIN 58, 69, 82, 97
[TonoOHBle mapamMeTpsl MO3BOJIAIOT — MOJTYYHUTh
oot rpaduk TpanenueBuIHOM GbyHKIUH

MPUHAJISKHOCTH, Ha KOTOPOM OyAyT OTOOpa)KeHBI BCe
JIMHTBUCTUYECKUE  IIEPEMEHHBIE. Hannbiit  rpaduk,
MIOCTPOCHHBIN ¢ HCToNab30BaHueM HHCTpymMeHnta MATLAB,
MPOWITIOCTPUPOBAH HMKE Ha PUCYHKE 4.

TaOmumpl  mIst  BCEX  OCTANBHBIX  BXOIHBIX
[IapaMeTPoB, a Takke COOTBETCTBYIOLIME MM TI'paduKu
TpamlelMeBUAHON (QYHKIMHM TNPHHAUISKHOCTH  MOXHO
nocmotpeTs B [punoxennu A.

ITponomxkast paccMaTpuBaTh CTPYKTYPY MOJENH,
HEO0XOMMO MEPENTH K CIIEIYIOIIEMY 3JIEMEHTY — CUCTEME
BbIBOZIa. Ha camMoM fene, maHHBIN KOMIIOHEHT NPEACTaBIIsET
co0OH BCEro JHIIb KOHEYHOE MHOXKECTBO YCIIOBHH THIIA
«ECJIU-TO». Cucrema HEYETKOr0 BBIBOAA  SBIAETCS
npeoOpa3oBaTeNeM BXOAHOTO HEYETKOTO MHOXECTBa B
BBIXOJJHOE HeueTkoe MHOKecTBO [14]. Ilpn npeobpaszoBanmm
IpH 3TOM HCHONB3YIOTCA METOAbl HEYETKOW JIOTHKH.
BBIXOIHBIM HEYETKUM MHOXECTBOM IIPH 3TOM SBIIIETCS
HEYETKOE MHOJKECTBO OLIEHOK B Story Points B coorBeTCTBHM
C TIPUHSATOW B KOMITaHUH MKanoi PuOoHAYIH, B KOTOPOIt
3HaYCHHSI MOTYT HaXOAWUTHCS B MHTEpBasie oT | mo 144, Ha
MPaKTUKE OLCHKH MMEIOT (paKTHUeCKue 3Ha4eHus oT 1 mo
89.




AHAJIOTUYHO  TPEABIAYIIAM  MPEoOpa3OBaHHSM,
HEYETKOEC MHOXXECTBO BBIXOTHOTO Pe3yiIbTaTa — OIICHKH B Story
Points — ¢opMupyercss 3a cyeT MOCTPOSHHS €IIe OJHOU
TpaneueBUIHON (PYHKITUHU MIPHHAICKHOCTH.

Hauunaawni Cpeanui | ! OnITHEG \\

o 10 20 30 40 50 60 70 80 a0 100
ONLIT YHSCTHUKS KOMEHAE!

Pucynok 4 — I'paduk TpanenneBraHON QyHKINY IPUHAIICKHOCTH
Ul BXOZHOT0 napamMerpa «OnbIT yYaCTHHKAa KOMaHIbI»)

[Ipu moBTOpEHNU HTEpalMii TPOUCXOAUT T00aBIICHNE
MONpaBOK B 0a3y MpaBWiI, KOTOpas BIHMSET Ha KauecTBO
BBIXOAHBIX pe3yJabTaTOB Mojenu. JlanHas 0a3a mpaBun
COJICP)KUT HAa0Op YTBEPXKACHUH, KOTOPBIH COMOCTaBIISET
JIUHTBUCTUYECKHE  TEPEMEHHBIE  BXOIHBIX  IapaMeTpOB
JIMHTBUCTUYECKUM TIEPEMEHHBIM, (DaKTHUECKH, KaTeropHsiM,
oreHok B Story Points.

baza npaBun Gopmupyercs U3 yreepxkaeHuit tuna IF

(CONDITION1 AND CONDITION2) THEN
(CONCLUSION)(F), rtme F — HekoTOopblii BecOBOi
k03 duItMeHT,  00O3HAYAIOIIUI  CTENeHb  HMCTHHHOCTH

nosiydaeMoro 3axiatoueHust. [1o ymonyaHuio JaHHBIM BECOBOM
koo uIMeHT npuHUMaeTcss paBHbiM 1. B cocraBneHuu
OpaBWil U1 JaHHOM  0as3bl  HMCIHONB3YIOTCS  OOBIYHBIC
JIOTUYECKUE OIepalluy, TAKHE KaK KOHBIOHKLMS, MMIUTHUKALHS
U WX BCEBO3MOXHbIE KOMOMHAIMW. JlaHHBIA PUHIUI
NOCTpOEHHsI M  pabOTBl  CHCTEMBl HEUYETKOIO  BBIBOJA
Ha3bIBACTCSI AITOPUTMOM HEUYETKOro BhiBoma Mammanu [15].
IMpuanun panHOro BBIBOAA OasWpyeTcd Ha HECKOJIBKHX
OCHOBHBIX 3Tamnax:

— (opmupoBaHue Oa3bl MPABHIT;

— (azzudukanmys;

— arperupoBaHue MONyCI0BUl;

— aKTHBU3aLUS OA3aKIIOUEeHHH;

— aKKyMYJIUPOBaHUE 3aKJIIOUCHUI;

— nedaz3udukarys.

Paccmorpum OCHOBHBIE KITIOYEBBIE ITaIBbL
ArperupoBaHue IOIYCIOBHH NPHUMEHSETCS IPH HAITMYHU
KOHBIOHKIIUH MOIYCIOBHH. /7l Ka)XXIOro paccMaTpHBaeMOro

YCIOBHS ~ HEOOXOAMMO HaliTH MMHUMAJIBLHOE 3HAYEHHE
UCTHHHOCTH BCEX €r0 IOAYCIOBUMI:

k; = min{f;}, (5)

rae f; — 3HaueHWe (YHKIMM IIPUHAIIEKHOCTH,

paccurtanHOe TIocie (Ga33upuKaimm, j — Homep npasmia ot 1
710 N, | — HOMEP TIOYCIIOBHSI, COOTBETCTBYIOIIETO TIPABHITY |.

I/IHTepeCHO OTMCTUTD TAaKXC MCXaHU3M
AaKTHUBHU3allNH HOZ[3aKJ'IIO"ICHI/II71 B HOC’I‘pO@HHOfI MOJECIH.
I[aHHaS[ (1)333 XapaKTCepu3yeT IMepexosa oOT HOIIYCJ'IOBI/Iﬁ n
YCJ'IOBI/Iﬁ K IIOA3aKJIIFOUCHUAM. CTenleHb  UCTHHHOCTH
KaXI0ro II0A3aKJIIFOUCHHUSA MOXKET OBITH OIpeZICJICHAa KakK
IMMpON3BEACHHUC:

m; == Fi * ki7 (6)

rae k; — koo HUIMEeHT UCTHHHOCTH, MONTYYeHHBINH
Ha JTale arperupoBaHus NOAYycloBuM, a F; - BecoBoit
KO3((PHUIMEHT MCTHHHOCTH TIOJYY4aeMOro 3aKIIOYEHUs,
KOTOPBII 1O YMOJYaHHIO B JaHHOW Monenu paBeH O B
UCXOTHOU 0a3e MpaBHIL.

AKTUBH3alMsl ~ TOA3AKIIOUEHUH  COCTOMT U3
TIOCTPOCHHSI HOBOI'O MHOXECTBa L; ¢ HOBOW (QyHKIUeH
IPUHAUIOKHOCTH [ (X), 3HA4YeHHE KOTOPOH MOXHO
BBIYHCIIUTH KaK

fOaN
pi (x) = min(m, p;(x)), ™
rne W;(x) — «HeakTUBM3MPOBAHHAS) (YHKIHS

MPUHAATISKHOCTH TePMa.
Takum 06pa3zoM, NOTyYeHHOE HEYETKOE MHOXKECTBO
L; nmns xaxporo M3 TMOM3aKiIOYeHH. B moctpoeHHOM
MoOZIeNH M pa3pabOTaHHOW IMepBOHAYaJbHOW 0a3e IJaHHBIX
IOKa OTCYTCTBYIOT MEXaHU3MBbIL no;13a1<moqu1/n71, n BCC
CBOAWTCA K TpsAMOMY (OPMHUPOBAHHUIO 3aKIIOYCHUH U3
noxycnoBuil. Ilpy HaIMYMKM MOA3AKIIOUEHUN NPUMEHSETCS
HOHOHHHTCHBHbIﬁ mar - AKKYMYJIUPOBAaHUE
HOI3AKIIIOYCHUH, KOTOpO€ COCTOMT B (HOPMHPOBAHUH
HEYETKOr0 MHOXKECTBa OOBEIUHEHUS [BYX HEYETKUX
MHOXECTB, (DYHKIMS NPHUHAIEKHOCTH KOTOPOIrO 3agaeTcs
KaKk MaKCUMyM 3HA4YeHUH (QYHKUMH OPUHAUISKHOCTH
TOI3AKITFOUCHHU T IS IO BRIXOIHOM MEPEMEHHOIM.
[Mocnennum sTamoM sBisiercst nedassuduranms —
MONTyYEHHE YHUCIOBOTO 3Ha4YeHust Story Points u3 HeueTkoro
MHOXECTBa, C(OPMHPOBAHHOIO Ha JTale HEYETKOro
BbIBOZIa. bBbUIO HCCIENOBaHO M TPHUMEHEHO HECKOIBKO
METOJ0B  jAeda33upuKalum, TEepBbli U3  KOTOPBIX
Ha3bIBAE€TCSI METOJOM LIEHTpa TSDKECTH, IJle pPe3ysbTar
nedazzudukau MOXXHO paccuuTaTh 1o popmysie:

f,zli‘:lxx*ui(x)dx

Yi = Tmar oo (8)

min ui(x)dx

TAe y; — BBIXOAHOW pe3ynpTar aedasz3uduKamuy,
U;(x)dx - QYHKUMA TPHHAMLIEKHOCTH COOTBETCTBYIOIIETO

HEYCTKOr0 MHOXECTBA, a MiN W Max — TIpaHUIBl
VHHBEPCATBFHOTO MHOXECTBa (YHHBEpPCYMa) HEUYETKHX
nepeMeHHbIX. Jmg  IUCKpeTHOro citydas —IMPUMEHHM

CIEYIOIINMA BUJI JAHHOM 3aBUCUMOCTH:

_ T () dx
yi - Z?=1ﬂi(x)dx (9)



rae N — KOMMYECTBO MPaBUI BHIBOJA, COOTBETCTBEHHO
PE3YABTUPYIOIIMX HEYSTKHX MHOXKECTB.

CTOHT OTMETHUTB, YTO caMa 0a3a MpaBUII MOMOHSIETCS,
B OCHOBHOM aHaJHM3UPYsl pe3yIbTaThl MPOMUIBIX HTEpaluil
MozenupoBanusl. [Ipu Hanu4nu 0coboi HeOOXOJUMOCTH TAKXKe
MOT'YT H3MEHATHCS MapameTpbl PyHKINIT MPUHAIISKHOCTH JUIs
BXOJHBIX MAapaMeTpoB MOJEIH, OJHAKO JaHHbIe JeHCTBHS
MOT'YT NIPUBECTH K CHIKEHHUIO 3 PEKTHUBHOCTH YTBEPIKACHUH B
0a3e mpaBJI U HEOOXOAUMOCTH €€ TIepEeCMOTpa.

Kax/plif y9acTHUK KOMaH[bI TEHEPUPYET CBOM HaOOp
BXOJHBIX JAHHBIX JUISI KaXXIOH 3aJaud B CIPUHTE, BHIOHpas
OJIHO U3 3HAYCHHUI MapaMeTpoB, MOCIE Yero JaHHOE 3HaUYCHHE
HOpManu3yeTcss W TMOJaeTCsi Ha BXOA CHUCTEMBL Mogenb
paboraer mo mpunimny MISO — Many Input Single Output,
YTO MO3BOJISIET MOJYYHTh KOTHMYECTBEHHYIO OIICHKY B Story
Points ms kaxaoii 3amaym.

st pacuera cyMMapHO# CTOMMOCTH (TPYIOEMKOCTH)
npoekta B Story Points ucronb3yercst pacuer CyMMbI OIIEHOK
MONYYEHHBIX 3a[a4 OT KaXAOro pa3paboTyHka, MOCIe Yero
MPOUCXOMUT  BBIYKCICHHE  apu()METHISCKOrO  CPEIHEro
3HAYCHUS, KOTOPOE W SIBJIAETCS OLEHKOW CTOMMOCTH CIIPHHTA,
UTEpaInK Pa3paboOTKH MPOESKTA.

Hakoner, = HeOoOXOODUMO  pacCMOTPETh  aHAJIU3
MOTPEITHOCTA, HETOYHOCTH IMPECKa3bIBAEMOIO0  MOJEIbIO
pe3yapTata. Jlas  3TOro  OBLIM  WCIIONB30BAaHBI  JBE
OOIICTTPUHATHIC METPHKH: 3HaYEHUE OTHOCHUTENILHOM

norpemHoctd (OIl) M olleHKa HCTHHHOCTH TPEACKa3aHUs
(our.

3HayeHre OTHOCHTEIBHOM MMOrPENIHOCTH  MOYKHO
BBIYHCIIUTD TIO popMmyie:
|4i=Pil
61’ == y (10)
Ai

I'ne P, — mpenckasaHHOe MOJIEIbIO 3HaueHue Story
Points amst  Tekymiero  cmpuHTa/3amaun.  Mcxoms w3
OIIPEJICTICHUSI 3HAUCHUSI OTHOCUTENBHON MOrPEIIHOCTH, MOYXKHO
BBIBECTH ClIE OJHY BAKHYIO METPHKY, KOTOpas NpHUMEHseTCs
Opd  HEONHOKPAaTHBIX  HAaONIONEHUSX  —  CPEIHIOI0
OTHOCHUTEJIBHYIO TOTPEIIHOCTh. JIaHHYIO BEIWYHMHY MOXHO
HECJIOKHO PacCYMTaTh, HCHONB3Yst hopmyny 3.11:

§==-3he;, (11)

rae N — oOmiee 4MCIO OIEHOK, YTO SKBUBAJICHTHO
KOJIMYECTBY 3a/1a4 JUIsl OJIHOT'O CIIPUHTA.

[lokazaTenb HMCTHHHOCTH  MpPEACKA3aHUs
OLICHHUTb, UCIIONb3Ysl COOTHOIIICHHUE:

MOXKHO

y(x) =< 100, (12)

roe L MoxkHO  omucatb  KaKk  KOJIHMYECTBO
W3MepeHui/TIpeicka3anii, B  KOTOPBIX  OTHOCHTENbHAs
MOTPEIIHOCT,  ObIa  MEHbBIIEe  3aJaHHOro0  4Ymcina  X.
OnTrManbHEIM apTyMEHTOM JUIS TaHHOW (YHKIIMH Ha KasKIOH

UTEpALMd ~ MOXET CITYXXUTh MIOKa3aTelhb cpenHer

OTHOCHTENIFHOM TOTPEITHOCTH  HCCIEAYEMOH HWTEpaliu
pa3paboTKu.

CTouT OTMETHTh, 4YTO BXOJHBIM IIapaMeTpoM
OMIMOKK JUIS KaXIOTO pa3paboT4yMKa SIBISETCS CPEIHss
OTHOCHTENIbHAs TOTPEIIHOCTh OIEHKH pa3paboTUnKOM
3aJlaHni Ha MTPOIIUTON MTEpaly pacyera MoJenn. Yem Hipke
KIacCH(QUIMPYEeTCsT  TOYHOCTh  OIEHKH  KOHKPETHOI'O
pa3paboTunka, TEM HIDKE BECOBOH KOI(PQHUIMEHT ero
OLEHKH B COBOKYITHOW OIIEHKE CTOMMOCTH CIIeAyrouen
UTEpalK TPOEKTHOHN pa3paboTKH.

V. 3AKJIIOYEHUE

[Tocne ¢QopmanbHOrO OMUCAaHWST W TOCTPOEHUS
MOJIENIH, CIIEyeT NEepeWTH K OIUCAHWIO TECTHPOBAHMS
pa3paboTaHHOW MOJIENIM Ha SKCHEPUMEHTAIBHBIX JAHHBIX,
TO €CTh ONHCaTh NPHUMEHEHUE IMOCTPOSHHOH MOIENH JIs
HECKOJIbKMX CIIPHHTOB KpPYITHOTO BHYTPEHHEro IPOEKTa
KOMITAHWH U OLICHUTD €€ Ka4eCTBO.

Pesynbrar aHanMza ToKazas, YTO  CpEIHSIS
MOTPEIIHOCTh OIGHKM B mporeHrax 3a 20 cropuHTOB 3
KPYITHBIX BHYTPEHHUX MPOEKTOB KOMIIAHHUHM COCTaBIISIET
47%. TouHOCTH  OLEHKM B  JAHHOM  KOHTEKCTE
XapakTepu3yeT pa30poc  3HadeHMH 0T  (haKTHYECKH
noiaydeHHoro 3Hauenust Story Points. To ects, +-47% or
(hakTHYECKOr0 3HAYEHUS] CTOMMOCTH UTEPALUH Pa3pabOTKH.
JlaHHOe BBICOKOE 3HAYeHHE, OC3yCIIOBHO, CBS3aHO C
HEOONBIIMM  ONBITOM YYaCTHHMKOB KOMaHJbI, OJIHAKO
XapaKkTepu3yeT TO, YTO KOMaHIa OueHb Hed((HEeKTUBHO
UCTIONB3YeT MOJXOJbl K TUIAHMPOBAHUIO CIIPUHTOB. Takike
Ba)KHO OTMETHUThb, YTO 86% W3 MOIYyYCHHBIX PE3YJIbTATOB
CBSI3aHBbI C SIBJICHUEM MEPEOLIEHKH, YTO IPUBOAUT K IIPOCTOIO
KOMaH/Ipl B TEUYECHHE CIPHUHTA U  3HAYUTEIBHOMY
3aMEIICHHIO TEMIIOB BBINONHEHMs mpoekTta. IIpu ycnosuwm,
YTO KOMMaHUs oruiagnBaeT 40-yacoByro pabodyio HEIemto
COTPYIOHHMKY MPOCTOM KOMaHMbl, [ake€ Ha BHYTPEHHHUX
MPOEKTax, O3Ha4aeT CHIDKEHHE 9KOHOMHUYECKOH
3¢ PEKTUBHOCTH M BO3MOXKHYIO ITOTEPIO MPHOBLIH.

CrouT 3aMeTuTh, 4TO (PaKTHUECKas CTOUMOCTH B
Story Points B paccmarpuBaemMoii KOMIIAHMH OICHUBACTCS
myTteM. Ilocne TecTupoBaHust MOJENH B TeUeHHUE 4 CIIPUHTOB
OpL1a cobpana u arpermpoBaHa  WHQOpMaIws,
npeAcTaBiIeHHas B Tabuuie 3:

Tabnuma 3. Pe3ynbTaT TeCTHPOBAHUS MOJEITH

Howmep cnpunTa

Mertpuka 1 > 3 7
Komunuectso 3amau | 14 17 11 13
KomnuectBo 9 9 9 9
YJIEHOB KOMaHIBI
IpeackaspiBaemas | 96 92 96 80
cyMMapHas
CTOMMOCTH
utepaipu B SP
daxTruyeckast 78 82 83 75
cyMMapHast




CTOMMOCTh
ntepauyu B SP

Cpemusis 0,24 0,13 0,16 0,07
OTHOCUTEJIbHAS
MOTPENTHOCTh

Tloka3aTenn 57% 70% 63% 7%
WCTUHHOCTHU
TIpeCKa3bIBAHUS

AHanm3upys Ta0iuiy 3, MOXKHO CHIeJIaTh BBIBOI O
TOM, YTO KAQ4eCTBO MOJENH YJIY4INAETCS C TEUCHHEM BPEMEHH,
OHAKO B 3 COpPUHTE 3TOr0 HE MPOU3OLUIO0 H3-32 HAIUYHS
GoJiee CIOKHBIX, 00BEMHBIX 33/1au, KOTOPbIe HAMHOI'O TPYIHEE
oueHuBath B Story Points, Tak kak Story Points o0sruto
MoAIpa3syMeBaeT CPaBHEHHE C HEKOTOPHIM O3TajoHOM. CTOHT
3aMETUTh, YTO B PAMKax OI[EHKH CTOMMOCTH MTEpAIMU BO BCEX
COPUHTAX KOMaHJa CTAJKHMBAJIACh C MEPEOIIEHKON CTOMMOCTH,
YTO MOTEHI[HAIBHO MPUBOAUT K MPOCTOI0 KOMAaH/IBL.

[lonyueHHble C  HCIOIL30BAHHEM  IMOCTPOEHHOMN
MOJIETM PE3YJIbTAThl MPEBOCXOAAT TOYHOCTh OIIEHKH WUTPOU B
Scrum Poker MajoombITHOW KOMaHIOH, Kak 3TO YacTo
UCIIONIB3YETCA HAa BHYTPEHHHMX TMPOEKTaX KOMIIAHUH, 4YTO
MO3BOJISIET  TPEAIONOKUT ONTHMAIBHOCTD HCIIOJIb30BaHKE
nogo0HOro  moaxoma  JUIA  OUEHHBAHHUS  CTOMMOCTH
uTepanuu/mpoeKTa B Agile-meromonorusx. [pu
UCIIOJIB30BAaHUU  [MOAXOJa K  OIEHKE  CTOMMOCTH  C
UCIIOJIb30BAaHUEM  Pa3pabOTaHHOW  MOAENH  BO3MOYKHO
CHIDKEHHE KOJIMYECTBA HEJOOLEHOK WM IEPEOLEHOK Ha
NPOEKTaX, KOTOPBEIE OCOOEHHO CBOWCTBEHHBI IPOEKTaM C
OOJIBIINM ~ KOMYECTBOM MAJIOOMBITHBIX ~ YYACTHHKOB, UTO
NpUBENET K DKOHOMHYECKOH ONTHMH3AIMU  Tpoliecca,
CHIDKCHUs] ~ YPOBHS  HEJOINOJYYEHHOW  NPUOBLIM WM
HepalMOHANIBHBIX 3aTpaT Ha OIUIaTy Tpyla H3-3a HEBEpHOIi
OLIEHKH CTOMMOCTH.
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Annomavusn B coBpemeHHOM MHpe TpUMEHeHHE
HU3MEPHUTEIbHBIX JAaTYHKOB H MHMKPOKOHTPOJLIEPOB PACTET €
KaXKIbIM rofoM. /lnana3zoH HX HCHOJIL30BAHUS HAYMHAETCH €
ObITOBBIX NPHOOPOB M 3aKAHYUBAETCH IPOMBIILICHHOMN
apromatukoii. B craTtbe ommcan mnpomecc pa3padoTku u
co31aHus NPOrpPMMHO-ANNAPATHOI O KOMILJIEKCa
NPEAHA3HAYCHHOI0 11 c0opa, XpaHeHUS] U BU3YyaJHM3alHH
MeTeoposiornyecux JaHHbIX. CHcTeMa BKJIIOYaeT B cedsl CTEeH
¢ MeTeoJAaTYUKAMH, MHKPOKOHTPO/LIEp H IPOrpamMMHOe
olecnieyeHue, MO3BOJSAIOIIECE IPUHUMATDL JaHHbIE CO CTEHAA €
MHKPOKOHTPOJJIEpOM H padoraTh ¢ 0a3oii nanHeIx MongoDB.
B pe3yabrare ucciegoBanusi M padorsl Obl1 pa3paldoTaH
TecTOBbIN 00pa3el NPOrPaAMMHO—ANNAPATHOIO KOMILIEKCA,
ofecrneynBaOLLIEro OTCJIEKUBAHHe aTMOC(epHBIX NOKa3aTeeil

OKpy/kKawIeii  cpeapl, HX 00pa0oTKy, XpaHeHHEe H
pm3yasm3anuo. Kpome Toro, ommcaHsl  BO3MOKHOCTH
JaJibHelel pa3padoTKu NpoeKTa.

Kniouesvie  cnosa —  mukpoxkommponnep,  O0amuux,
MemeoOaHHvle, XpaHeHue  OaHHBIX, 0oabuiue  OaHHble,
00pabomka 0anHbIX.

.  BBEJEHUE
YcrpoiicTBa, BKIIOUamOImMe B ce0sl  JATYUKH U

MUKPOKOHTPOJIEPHI, IPOYHO 3aHSUIN MECTO B HaIlIEH XKU3HU.
Hac Be3ne okpyxaroT W3MEpHUTENbHbIE JATUUKH, TaKHE Kak
KIMMaTU4YeCKHEe, NaTYUKU IPOCTPAHCTBA, CBeTa M JAp., a
TaKKe OKPYKAlOT M  MHMKPOKOHTpoiuiepbl.  [laHHbIE
KOMIIOHEHTHI IPUMEHSIOTCS KaK B IMPOCTEHIINX OBITOBBIX
npudopax, TaKuX Kak KOHAUIMOHEP, TaK U B CIOKHEHIINX
CHCTeMaxX  YIOpaBleHUS  COOPOYHBIMH  LEXaMH  Ha
MPOMBINIICHHBIX ~ MpeanpuaAtusx [1] wmu  Moryr  OBITH
HCTIOJIb30BaHbI B MEAUIIMHCKHX cdepax [2].

Jlronu  eXemHEBHO CTaJIKMBAIOTCS C  MOJOOHBIMH
YCTPOWCTBaMH. DTO MOTYT OBITh WHTEpPAaKTHBHBIE 3epKaja,
oToOpakarolye  HOBOCTHYIO  JIGHTY, WJIH  CHCTEMBI
OMOMETpHUIECKON UACHTH(DUKAIIIH.

B mnoBcenHEBHOM JKM3HM JIOAAM BaXXHO YYHTBIBATh
MOTOJHbIE  YCJIOBHSA, OAHAKO IPOTHO3BI MOTOABI IO
TENIEBU30py WM B CETH VIHTEpHET HE BCerga TOYHBI, a
MPUBSI3KA K MECTHOCTH MOXKeT OBITh HerouHod. [losromy
aKTyaJbHON SBJSIETCd HEOOXOIMMOCTh B IMPOTPAMMHO-
anmnapaTHOM KOMIUIEKCE, AJSI TOIy4eHHs HH(pOpMamuu o
HACTOSIEH IIOrofie 3a OKHOM, a HMMEHHO TeMIlepaType,
JABIICHAN W BJIAYKHOCTH, TPOBOIS 00pabOTKy IMOIydeHHOM
nHpopManMM B MPOrpaMMHOM CHCTEME W Jenas MPOTrHO3
METEOPOJIOTNYECKOI CUTyalru Ha Oymymiee.

[IporpamMMHo-anmapaTHBIH KOMIDIEKC AOIDKEH COOMpaTh
aKTyaJbHYI0 HH(GOPMAIMIO C AATYNKOB, CTOSIIINX BHYTPH
MOMENICHNsT WM Ha YIWIe, W WMETh BO3MOXKHOCTD
BH3yalM3UpOBaTh pe3yabTaThl paboTel Ha MOOMIBHOM
TIPUIIOKEHUH I CTAITMOHAPHOHN pabodeil CTaHIHH.
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Kpowme Toro, mogo0Hy0 CHCTEMY MOKHO HUCIIONB30BATh B
TaKAX MECTaX KaK aBTOMOOWIBHBIM rapax, TJe IOJE3HO,
3HATh METEOPOJIOTHUECKHE MOoKasaTenu B rapaxe [3] s
MPOBENCHUS paboT, Ha Jave, JJ1s1 MPOBEACHHS CTPOUTEITBLHBIX
paboT WM WMETh MOMOOHBIC CTEHABI B MPOMBIIUICHHBIX
MOMEIIEHHUAX, YTOOBl KOHTPOJHPOBATH U  COOIIONATH
TEXHOJIOTUYECKHE nporecchl [4]. Taxxe, TaKoi
MIPOrpaMMHO-aNMapaTHbId KOMIUIEKC MOXKHO BKIIIOYUTH B
CUCTEMY YIpaBJICHUS KOHIUIIMOHEPAMU U OTOMUTENbHBIMU
cucreMamu. [IpumepoM MOXET CIyXHUTh MOJAEPKUBaAHUE
3a/IaHHOM TeMIepaTypsl WIM BIQKHOCTH B IOMEIIEHHH,
OCHOBBIBASICh HA TIOKA3aHUSIX JATIYMKOB.

Il. APXUTEKTYPA [IPOTPAMMHO-ATIIIAPATHOT'O

KOMIIJIEKCA

B crathe mnpemnaraercs cieaymromas CTPYKTypa
MPOrpaMMHO-aIapaTHOr0 KOMIUIEKCa, MpeACTaBICHHas Ha
puc.l., B KOTOPYIO BXOJHT CTEHJI C METEOPOJIOTrHYECKHUMU
JaT4YMKaMd ¥  MHKPOKOHTPOJIEPOM, COOHMpAIONMM U
00pabaThIBAOMIMM JaHHBIE C JATYMKOB H IPOrPaMMHOE
obecriedyeHre s paboOTel C OTUMHM JaHHBIMH  JUIS
JIOKaJHHOM WM MOOMJIBHOW pabodel CTaHIUH.

MeTteocteHn

Jarik Jataix

BIaKHOCTH 1T JaBJICHIIA 1T

TeMIIEPATYPEL

MikpokoHTpomIep

IIporpaMyHas 9acTb

| baza naHHBIX I

A

TEMIIEPATYPbI

ObpaboTka 1

A" BI3yaII3anig

Y

[ CraimioHapHas padouas CTAHIIIA ]

Puc. 1. CtpykTypa mporpaMMHO—aIapaTHOTO
KOMILIEKca.

MOHO BBIIETUTH CIEAYIONINE OCHOBHBIE MOIYIIH:
® [IaTYMKK OKPYKAaIIeW cpelpl, a WMEHHO [aTIUK
TEeMIepaTypsl, JaTYUK aTMOC(HEpPHOrO MaBICHUS H
aTYMK BIAKHOCTH,
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KOHTPOJIJIEP, KOTOPBIN OTBEUYAET 3a OIPOC AATUHUKOB,
coop uwHpOpMamMM W €€ OTHpaBKy IO CETH Ha
KOMIIBIOTED;

NporpaMMHasi  CHCTeMa, KOTopas 00ecreYHBacT
npuéM  JaHHBIX C  KOHTpoJulepa, o00paboTKy
NPUHATHIX JAHHBIX, €€ 3amuch B 0a3y NOaHHBIX H
BU3YAJIH3ALHUIO.

B cBoIO ouepes nporpaMMHast CHCTeMa COCTOUT 3.
e 0a3bl JaHHBIX;

® MOIYJIA anéMa " 3aIlMCH JaHHBIX;

e MOy 00pabOTKY U BH3YaJIU3aIMH TaHHBIX.

baza naHHBIX XpaHUT WH(OPMAIHMIO, MONTYYEHHYIO C
MHUKPOKOHTPOJIJIEpA.

Monyip npréMa M 3aliCH JaHHBIX MPUHUMAET MaKeTh
JaHHBIX C MHUKPOKOHTpOJUIEpa IO CeTH, oOpadarhiBaer
MIPUHSATHIE MAKETHI U 3AIMCHIBATEL TAHHBIE B 0a3y.

Monyns Bu3yanusanuu obecriednBaeT rpaduueckoe
MpeJICTaBJEHUE JaHHBIX, MONYYEHHBIX U 00pabOTaAHHBIX IO
HEOOXOJMMOCTH 13 0a3bl.

['maBHOe oOTiIMYMe pa3pabaThiBAEMOro MPOEKTa OT
CYIIECTBYIOINX METEOPOJIOTHUCCKHX CTAHIMA Ha PBIHKE,
takux kak Oregon Scientific BA900[5], 3akitouaercs B ToM,
YTO JaHHbIE C JATYAKOB HE IIPOCTO COOMpAIOTCs U
0TOOpaXkaroTCs, a BeCh 00BEM MAHHBIX XpaHATCI B 0Oasze
omnpeneséHHOe BpeMsl JUTsl BO3MOXKHOCTH WX IajbHEHIIero
aHaJIM3a, BU3yalIu3allui CTATUCTUKH [6].

I1l. BbIBOP MUKPOKOHTPOJIJIEPA

OpHolt U3 3afad, pemaeMbIx B padbote, sBIsETCS BBIOOP
AJIEMEHTa, KOTOpBIH OyleT coOMparh AaHHbIE C JAaTYMKOB U
OTHPABJISATh UX B JIOKAJIbHYIO pa004yI0 CTAHIIMIO.

Bbuto paccMOTpeHo HECKOJIbKO BapHaHTOB
MHUKpOKOHTpoiiepoB [7]: Arduino [8-9], STM 32 [10], ESP
32[11], Raspberry Pi[12-14].

Beenem OCHOBHBIE
MHUKPOKOHTPOJIEPOB:

e crtoumocth (K1). YuuTsiBaeTCsl CTOMMOCTh HE CaMOT0
MHUKPOKOHTpOJIIEpa, & OTJIAIO0YHOM IUIATHI, TO €CTh
MHUKPOKOHTPOJIIIEP ¥ HEOOXOIMMbIE KOMITOHEHTBI JIJIsI
€ro TIOJTHOIIEHHOW paboThI;

KpHUTEPHU BbIOOpa

takToBasg dvacrora (K2). TakroBas dacTtota — 3TO
KOJIMYEeCTBO TAaKTOB (omepaumii) Tmporeccopa B

CceKyHIy. UYem  BbIlE  TakTOBasg  4acToTa
MHUKpPOKOHTPOJIIEPA, TeM BBIIIIE ero
MIPON3BOIUTENHLHOCTD;

MO/UIEPKKa KaHATIOB Tiepenaun uHpopmarmu no Wi-
Fi (K3). Hammume mocryma x cern Ethernet,
ucrons3yst Wi — Fi, o6s13aTebHO st 6eCripoBOIHOTO
oOMeHa JaHHBIMU;

TOTOBBIE OMOIMOTEKN I pabOThl ¢ BHIOpAaHHBIMH
nmataukamu (K4). JlaHHBIN KpUTEpHil TaK jKe BajKeH,
T.K. HAJIMYHME TOTOBBIX OMOIMOTEK I paboThI ¢ TeM
W MHBIM JIATYMKOM 3HAYUTEIILHO COKPAIIAET BpeMs
paspabotku. OObMHO, TMOAOOHBIE OMOITHOTEKH
HaxOMATCSl B OTKPBITOM JOCTYIE, U B HUX OIHCAaHBI
BCC BO3MOXHBIE (YHKIMH, ITOAJEpKHUBaEMBbIe
JATIYUKOM. ['0TOBYIO OHMONHOTEKY MOXKHO B3SITh 32

Lhttp://arduino.ru/forum

OCHOBY pa3pa0OaThIBacMOi, ONTHMI3HPOBATh H

OCTaBUTH TOJIBKO HCO6XOHI/IMLIC (I)yHKIII/II/I;

HaJlMgue cooOIiecTBa Ui peIleHus  mpoliieM
nmKeHepoB-paszpadorunkoB  (KS5).  Haxomenusrii
OIBIT YYacCTHHKOB COOOIIECTBA, HAXOJSIIUHCSI B
OTKPBITOM  JOCTyIe, W TOIIepKKa (OpyMOB
Pa3paboTUUKOB yIPOINAeT IpoLecc pa3paboTKH U
YCKOpSET pellieHHe BO3HUKAIOIIUX IPoOIeM.

B TabmuIe 1 MIPUBEICHBI XapaKTePUCTHKH
paccMaTpuBaeMbIX MHUKPOKOHTPOJUIEPOB, Tne ‘‘+’03Hayaer
MPUCYTCBHE TOTO, YTO OMMCAHO B KPUTEPUHU U ‘- 03HayaeT
€ro OTCYTBUE.

Tabnuna 1. XapakTepuCTUKA MHKPOKOHTPOJUICPOB.

- K1, K2, K3 K4

S

£ g Py0 MTn

a5

Z' 5

SIES)

> B
Arduino 100 - 1000 848 Jor. miara +
STM 32 1000 -6200 | 24-216 | J[om. mnara -
ESP 32 400 - 600 160/240 + +
Raspberry 2900 — 3800 1400 + -
Pi

71

K npeumymiectBam MUKpOKOHTposiepa Arduino. MOXKHO
OTHECTH:

® U3 PAaCCMOTPEHHBIX MHUKPOKOHTPOJIJIEPOB HMECT

CaMyIO HU3KYIO CTOUMOCTL OTJIaJOYHBIX IUIAT,

HaJIM4he TOTOBBIX OuOMMOTeK mns paboTel ¢

TpeOyeMbIMH JaTUUKaMU;

coobmectBo Arduino Oonblioe W B UHTEpPHETE
MO)XKHO HAaWTH OTBETHl IIPAKTHYECKH Ha JII0ObIe
BOZHHMKIIME  BONPOCHl  NpH  pa3paboTke  Ha
PYCCKOSI3BIUHBIX M aHTJIOSA3BIYHBIX hopymax 1,2.

OnHako, y JaHHBIX MHKPOKOHTPOJIJIEPOB €CTh psII
HEJJOCTaTKOB:

® HH3Kasg TaKTOBasg 4YaCTOTa MHKPOKOHTPOJUIEPOB, IIO

CPaBHCHUIO C pacCMaTpUBAEMBIMU aHAJIOI'aMU;

e OTCYTCTBHE IOTOBBIX pereHui, nverormx Wi-Fi.

CrnenmyronmMu OBITH PacCMOTPEHBI MUKPOKOHTPOJLIEPHI
STM 32:

® TakKTOBasg 4YacToTa MHaHHBIX MHUKPOKOHTPOJJIEPOB

BBIIIIE MHKPOKOHTpOJLIEpoB Arduino;

JUTSL Ka)KI0TO MHKPOKOHTPOJIIEPA €CTh MONHOIIEHHOE
OIMCAaHKE ero nepudepun ¥ BOSMOXKHOCTEH.

OpmHako, ¢ Ipyrol CTOPOHBI:

MHUKPOKOHTPOJUIEPHI STM 32 TpeOyIOT
BBICOKOKBAJH(HUIMPOBAHHBIX  CHELHAIUCTOB IS
KOPPEKTHOM pa3pabOTKH U HAITCaHUS KOJIa;

KaK BUIHO U3 TaOIULbI, OTJIagouHble miatel STM 32
noposke Arduino u ESP 32;

e TaKxke, Kak B ciaydae ¢ Arduino, STM32 me umeer

2 https://forum.arduino.cc/
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TOTOBBIX OTJIQJIOYHBIX pemeHui s pabotsl ¢ Wi-Fi,
a TpeOyeT MCITOIb30BAHMS JIOTOTHUTENBHBIX IIIAT.

Tak ke, ObUIM paccMOTPEHBI MHKPOKOHTpoutepbl ESP
32. OHU UMEIOT CIEAYIOIIHE IPEUMYIIECTBA:

e BpICOKas mpousBomguTensbHocTh. Ha  ESP 32
YCTaHOBIIGHBI  32-X  pa3psHble  IBYXbsACpPHbBIC
MIPOLIECCOPBI C TAKTOBOM yacToToi 10 240 MI'1;

o wnammune WIi-Fi Momynmsa, 0e3  HCIIONB30BaHUS

JOITIOJTHUTCIIBHBIX ILJIAT,

e cymectByer Habop uHcTpymentos Platform 10° u
000110uKa, MO3BOJISIOIIAs IucaTh Kox mox ESP 32
WCTIONB3YST KON W OWOJIMOTCKH, HAIMCAaHHBIC IS
Arduino ¢ HeOONBIIMMU W3MEHEHUAMH WIU 0e3
TaKOBBIX.

[ocnemauMu OBUTM PACCMOTPEHBI MHKPOKOMITHIOTEPHI
Raspberry Pi. OHu sBISIOTCS APYTHUM KIIACCOM YCTPOICTB,
HO MOTYT BBINOJHATH T€ XK€ (QYHKIUM IO padore c
JaTYMKaMH U MMEIOT BO3MOXXHOCTH MOAKIIIOUEHHSI K CETH.
Kpome TOoro, Ha Takue yCTpOMCTBa €CTh BO3MOXKHOCTB
MOCTaBUTh  TIOJHOLIEHHYIO  OIEPAlMOHHYI0  CHUCTEMY
Raspbian[8], ochoBannyto Ha Linux Debian, wumeromryto
HE3HAYUTCIbHBIC HECAOCTAaTKU B yCJ'IOBI/IﬂX 3a1a4Hu. O)IHaKO,
CTOUMOCTh JaHHBIX yCTpOﬁCTB B HCECKOJIBKO pa3 BbIIIC
nepeurciieHHbIX paHee. Tak, Raspberry Pi 3 B/B+ B 7-9 pa3
JopoXxe MHKpokoHTposuiepa ESP 32, mostomy naHHBIH
BapUaHT HE y'-II/ITBIBaJ'ICH Ha HaYaJIbHBIX J3Tallax.

B pe3ynbTaTe mpoBeAEHHOTO CPaBHUTEIHLHOTO aHANW3a,
Obu1  BbIOpaH MuKpokoHTpomiep ESP 32, Ttk ero
BO3MOYKHOCTEW JI0CTATOYHO JJIS BBINIOJHEHUS ITOCTaBIEHHOU
3a/[a4M, a CTOUMOCTD SIBJISICTCSI OJJHOW M3 CaMbIX HH3KHX U3
PacCMOTPEHHBIX.

1V. BbIBOP JIATUMKOB

B pabGore Obu1 mnpoBeneH BHIOOp JATYMKOB ISt
HOJIYYCHHUS CIICAYIOIMX JaHHBIX:

e TeMmmeparypa OKPY)KaloIIeH Cpebl;
e atMoc(epHOe AaBJCHHE;
®  BIIAXXHOCTb.

Jlnst cpaBHEHUS ObLIM BHIOPAHBI CIEAYIONINE JaTUUKH:

e BMP180 GY-68. CoBmemaer B cebe IaT4uk
aTMOC(EpHOrO JABJICHUS M JATYUK TEMIIEPaTypbL.
Wurepgeiic natumka 12C. TodHOCTH ompereneHus
napiennst  0.02 hPa.  TouHoCcTh  OmpemeneHUs
temnepatypst 0.01 rpagyca no Lienscuto;

e SI7021 HTU21. CosBmemaer B cebe maTUUK
BIOKHOCTH M JaT4YMK TemrepaTypbl. HHTepdeiic
naturka 12C. TouHOCTh oOmpeseseHus BIaXKHOCTH
3% RH. Tounocts ompenenenusi temmepatrypsl 0.4
rpanyca no Llenbcuto.

Takum obpazom, matamk BMP180 wmcmomesyercs kak
JATYUK aTMOC(EPHOro NaBICHUS U JATYUK TEMIIEPaTyphl, a
matauk SI7021 BeICTymaer B poNd JaTYUKa BIAXKHOCTH, TaK
KaKk €ro TOYHOCTh OMpENECNICHHsS TEeMIepPaTypbl Tropasio
HIDKE, dYeM TO4YHOCTh jgaruyuka BMP180. JlaTumku
n300pakeHsl Ha pHC.2.

3 https://platformio.org/
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Puc. 2. A Jlatuuk atMocepHOro 1aBiIeHus U
temnepatypsl BMP180 GY-68. b JlaTunk BIa)XHOCTH H
temnepatypsl SI7021 HTU21.

V. CHUCTEMA CBOPA, XPAHEHUS 1 BUJY AJTU3ALIUN
METEOPOJIOTUYECKNX JAHHBIX C METEOCTEHIA

A. Paboma c 6a3zoti

Jns xpaHeHHs IaHHBIX ObUIa BBHIOpaHa JOKYMEHTHO-
opueHTHpoBaHHas 0a3a nanHbix Mongo DB [15-16].

B cBsi3u ¢ Tem, uto Mongo DB He no3sossier paboraTh
HampsAMyl0 ¢  MHKpokoHTpomuiepoM ESP 32, wu  m3
paccMOTpPEeHHBIX OMONIMOTEK He OBbIJIO HAWIEHO TOTOBOH LIS
peLIeHus 9TOH 3a1auy, ObLIO PEIIEHO OCYLIECTBIATh 3aHCh
JAHHBIX B JIOKallbHYIO 0a3y MongoDB c kommbrorepa, a
JaHHBIE T[epeAaBaTh 10 CETH, YTOObl HCKIIOYHTH
UCIIOJIb30BaHKE TPOBOJAHON CBSI3H.

B. Dmanvt paspabomku cucmemoi
[Mpouiecc pa3paboTkM BKItOYal B ceOsi  CleMyroIIue
CTaIUH:

e KOHCTPYHMpOBaHHE U cOOp CTEHIa C METeOIaTINKaMU
¥ MUKpOKOHTposuiepom ESP 32;

e HaIHCaHWE MPOIIMBKHU 11 MUKPOKOHTpoJiepa ESP
32, BBINONHAIOUIYI0 CcOOp MaHHBIX C JAaTYUKOB H
OTIPABKY JaHHBIX 10 CETH, WCIIOb3Ys JOMAIIHIOIO

cets Wi-Fi;
e HamWCaHWe MPOTrPAMMHOIO OOECHEYEHUs  CBA3M
KOMIIBIOTEPA € MHUKPOKOHTPOJJIEDOM U 3aIlMCH

JTaHHBIX B 0a3y;

® HaNMCaHWE MPOrPaMMHOTO O0ECHEeYCHHUsS YTEHHS
JaHHBIX ¢ 0a3pl, UX 00paboTKa, aHaIu3 W
BU3yaJIN3alIusl.

C. Koucmpyuposanue cmenoa

Kak Obulo yka3aHO paHee, CTeHI BKIIIOYAeT B ceOs
MUKpokoHTposuiep ESP 32, naTunk atMocepHoro naieHus
u temneparypel BMP180 GY-68 u nartdmk BIaXHOCTH
SI7021.

Uurepdeiic kommyrnkanuu ¢ gataukamu 12C [17-18].
Ha wmukpokontpoiiepe ESP32 onHa 1mmHAa JaHHBIX C
unrepdeiicom 12C, Ttem He MeHee, naHHbIH wuHTEpdeiic
NO3BOJISIET HCIONB30BaTh MHOXKECTBO JATYMKOB, a JUIS
BEIOOpa HEOOXOMIMOTO JAaTYMKA UCTIONB3YETCSI €ro asipec.

U3 — 3a TOro0, 4TO HATYHKH HEOOXOIMMO PACHONIOKUTE Ha
yIIWIe, UX WCHONb30BaHHE BHE KOPITyca HEBO3MOXHO, TaK
KaK OCaJKH MOTYT IIPUBECTU K KOPOTKOMY 3aMbIKaHHIO HIIN
IOPYTHM CHUTYalldsiM, KOTOpbIe MPUBEAYT K HEraTHBHBIM
TOCJIC/ICTBUSIM, OT TOJIOMKH JaT4hka 1O TOJIOMKH BCEH
cucmemoi.

C npyroil CTOpPOHBI, 3aKJIOYaTh JATYHKU B IOJTHOCTBIO
TepPMETUYHBIA KOPITyC TakXKe HeJb3s, B TaKkOM Ciyyae,
NOKa3aHUs JaTYMKOB OYyIyT OTIMYATHCS OT TeX, KOTOpHIE
OynmyT BHE KopITyCa.

VYuuTteBasi BBIIECKa3aHHOE, B KOPITyce OBLIM CHETaHBI



TEXHOJIOTMYECKHE OTBEPCTHS B IPOTHUBOMOJIOKHONH — OT
JaTYNKOB CTEHKE, YTOOBI MOKA3aHUS JATYUKOB BHYTPHU
KOpITyca ObLIH MAKCUMAITBLHO CXOXKHU C OKPYXKAIOIIAMH.
Kpome Toro, mis 3amuThl JaT4uk aTMOC(EPHOrO
JIaBJICHUsI ObLT 3AIMUIIEH YEPHBIM MTOPOJIOHOM, TaK KaK TOT
JaTYUK YyBCTBHUTEJICH K CBETY, BJIare U BETPY, KOTOpBIE
MOT'YT UCKA3UTh €r0 MOKa3aHus.
BoiOupass MCTOYHHUK  MHTAHUS
MHUKPOKOHTPOJLIEPA, ObLIO IBa PEIICHHUS:
e Pacnonoxuth MHKPOKOHTPOIJIEP B KOpIyce
HCIIOJIb30BATh JJIsl IUTAHUS aKKYMYIISTOPBI;

u PacCIIOIOKCHUEC

u

e PacnonoxuTb MUKPOKOHTpPOJIEp  OTAEIBHO  OT
JATYUKOB BHE KOPITyCa M UCIONb30BATh AJIS MUTaHUA
AKKyMYJISITOp HWJIM OBITOBYIO CE€Th C aJanTepoM
TTUTAHMS.

Pa3Memienne  MUKpOKOHTpoJlepa € 3JIE€MEHTaMHU
MMUTAaHUST BHYTPU KOpIyca NOTpeOoBasio Obl HE TOJIBKO
3HAYUTENIBHOTO YBEIMYEHUS Pa3MEpPOB CaMOro KOpIyca, HO
U YCIOXHHJIO OBl CHOCOOBI KPEIUICHWS W TepMEeTH3aliH
OTCeKa 3JIEMEHTOB NMHUTaHMA B Kopiyce. s mepe3arpy3ku
WIN TEPEenpOUIMBKA HEoOXOOUMO OBl OBUIO KaXKIbli pa3
BBITACKHUBATh KOPITYC CO BCEM COAEPKUMBIM B IOMEILECHHUE,
YTO OISATH )K€ MCKaKano Obl MOKa3aHMs JATYUKOB, TAK Kak
TpeOyercs onpenenéHHbI NPOMEKYTOK BPEMEHH, YTO OBl
IOKa3aHusa OaTYUKOB CTa6I/IJ'[I/ISI/IpOBaJ'[I/ICI) U TIOKa3bIBAJIU
peanbHble faHHBIE. C y4ETOM TOTO, YTO HAJEKHO 3aKPEIHUTh
KOPIYC CHAapyXH TIIOMEIIEHUs] He OBbLIO BO3MOXHOCTH,
BO3HMKAJI PUCK ITOTEPU BCETO CTEH/IA B €JMHOM KOPITYCE.

B pesynbrare OBLIO NPHHATO pELICHUE Pa3MECTHUTh
JaTYUKH B KOpIyce, 3aKpEIUIEHHOM BHE IOMEIIEHHS, a
MHKPOKOHTPOJIJIEpP € NUTAHHEM BHYTPH, YTO OOECHEYMIIO
OBICTPBIN JOCTYIl K MUKPOKOHTPOJLIEPY AJIS Iiepe3arpy3ku 1
nepernpomBku. COOpaHHbIH CTEH]| TOKa3aH Ha puc.3.

A

Puc. 3. A. CoOGpaHHBIi CTEH]I C JaTYUKaAMH B KOpITyCe.
B. Kopryc ¢ natunkamu, yCTaHOBJICHHBIN BHE
TIOMETICHUS

D. Ancopumm coopa u omnpasku oannvix Ha
MUKPOKOHmMpOILEpe

K mnpommBke MHKpPOKOHTpOJUIepa OBUIM CIIEAYIOIINE
TpeOOBaHUS:
e Tpebyercs MOCTOSHHBIA ONPOC AATIUKOB M COOp
aKTyaJIbHBIX JaHHBIX;

e JlomxHa OBITH peann3oBaHa OTNpPaBKa IAaHHBIX Ha
KOMITBIOTED MO CETH, MO KOMAaHIE TOTOBHOCTH K
puéMy JaHHBIX OT KOMIIBIOTEpA.

[Ipexxne Bcero, B pabore OBUIM  peaNn30BaHBI
OMOJIMOTEKH TSI B3AUMOJIENCTBHUS C TaTYHKAMU.

B Havane pabGoOThl MHUKPOKOHTPOJIEDP OCYIICCTBISET
TECTOBBIC 3alpOCHl K JaTYUKaM Ui ONPEACICHUS WX
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NPHUCYTCTBHS M KOPPEKTHO# paboThl. B ciydae, ecnu kakou-
TO W3 ATYMKOB HE OTBEYAET WIIM OTBEYAET HEKOPPEKTHO,
MHUKPOKOHTpPOJUIEp coodmmT 00 3ToM. B ciywae ke, ecnu
o0a JaTyMka KOPPEKTHO OTBEYAIOT, MHKPOKOHTPOJLIEP
MIPOIIOJKHT CBOIO PaboTYy.

ITocme TOro Kak MHKPOKOHTPOJUIED OCYIIECTBUII
nmoakiaoueHre K gomamuerd Wi-Fi  cerm, gemarorcs
TECTOBBIE 3alpOChl K JaTYMKaM U 3aIMyCKaeTcsi COKET —
cepBep.

Ilocme TTOJIKITFOY CHHS K cepBepy KJIMEHTA,
MUKpPOKOHTPOJUIEp  OXXHUJAeT OT KIHWEHTa KOMaHbl

TOTOBHOCTU K MpUEMY JaHHBIX, NPOJOJDKas ONpalluBaTh
JATYUKY JUTSL TOTY4EHUS TIOCIEAHNUX aKTYaJIbHBIX JaHHBIX.
IIpyHAB KOMaHLy O TOTOBHOCTHM K INpHUEMY NaHHBIX,
MUKPOKOHTPOJIJIEp OTHpaBiseT 4 MakeTa ¢ akTyalbHBIMU
MOKa3aHUSAMH JaTYUKOB. AJITOPUTM M300paxEH Ha puc.4.

Kimment
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npuémy

Ja
1

OtnpaBKka HOBBIX
JaHHBIX

. J

Puc. 4. Anroput™ 0GHOBIICHHUS TaHHBIX C TaTYUKOB,
npuéMa KOMaH[bl C OT KIIMEHTA U OTIIPaBKa €My JaHHbBIX
¢ JaTYHKOB

Ilaker nmaHHBIX comepXHUT B cebe mpeduKc makera,
WICHTU(PUKALMOHHBI ~ HOMEp KOMAaHJIbI, KOJUYECTBO
«TONe3HBIX  OaifT», comepkammx B cebe JaHHBIE C
IaTYMKOB, CAMH JaHHBIE M CUMBOJI KOHIIA ITaKeTa.

Ilocne oTmpaBKH IaHHBIX, MHKPOKOHTPOJUIED CHOBa
JKOET KOMAaHIbl TOTOBHOCTM K TMpUEMY OT KIMEHTA,
OOHOBJISIS TIPH STOM JIaHHBIE C JATYHKOB.

E. Ilpuém oannvix u 3anuce 0anHwix 6 6a3y Ha
KoMnvlomepe

Jns nmpuéma NaHHBIX ¢ MUKpPOKOHTPOJUIEpA U 3alMCH
JaHHBIX B 0a3y OBUT HANMMCAH CKPUIT Ha s361ke Python [19-
20].

INocrne 3amycka CKpUNTa, MPOM3BOANUTCS MOAKIIOYEHHE K
nmokaigpHOM Oase maHHBIX Mongo DB, mns pabotsr ¢
KOTOPOH HCTIONB3YETCSI MOIYIb Pymongo.

Ilocne momkmiodeHmst K  0a3e  OCYIIECTBISIETCS
MOJKIIIOUEHUE K cepBepy, ucnonb3ys IP angpec, xoTopblit
ESP 32 nomygaer nocne moakimouenust kK Wi-Fi cern. 3atem
CKPUNT OTHPaBJISET KOMAHAY TOTOBHOCTH K NPHUEMY
JAHHBIX ¥ O’KUJIA€T OTBETA OT MHUKPOKOHTPOJIIEPA.



B cnydae, ecim Bpemsl OXHIaHHS HOBBIX JaHHBIX
MPEBBINIACT 33aJAHHOE BpPEMs, CKPHUIT MPOJOJDKACT CBOO
pabory, cooOmuB 00 ommoKe.

IMocne mnpuéma cooOlieHHs, TMONYYEHHBIH IaKeT
pa30upaercsi B COOTBETCTBUH C OINUCAHHBIM TPOTOKOJIOM
npuéMa — repeiauu JaHHBIX.

Eciu mnpuHATBIA MakeT JaHHBIX OBUI  KOPPEKTHO
pa3obpaH W HACHTH)UIUPOBAH, MOJTYYCHHBIC JaHHBIC
3aMKChIBAIOTCA B 0a3y. B MpOTHBHOM ciydyae, BBIBOTHUTCS
coo01eHre 00 OMMOOYHOM TMaKeTe WM HECYIECTBYIOIIEM
uaeHTuuKarope. AnropurM u300paxéH Ha puc.S.

Tloaxmouenne k
6a3e MongoDB
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Puc. 5. Anroputm mpuéma JaHHBIX OT KIIMEHTa, UX
pa300p U 3ammch B 0a3y

Hwxe npuenén npumep dopmara 3anuc JaHHBIX B
6a3y B hopmate JSON:

sensor: "HTU Temperature"
data: "-0.16"

date: "2018 12 12"

time: "23:33:12:565"

F. Ymenue u susyanuzayus oauHsix u3 6a3ol

Jlnist uTeHus! ¥ BU3yalM3alliy JaHHBIX W3 0a3bl TaHHBIX
MongoDB 0puto HammcaHO CJIENYIOmEe MPOTrPaMMHOE
obecrieueHue:

e Python ckpumT, HCTIOMB3YIOMMHA TSI TOMKITFOYCHIUSI K

6ase Apache Spark [14] B Buzne moxyis pyspark?;

e Python ckpunr, UCTIOMB3YIOMIMIN TS TIOAKIIOYEHHS K

4https://spark.apache.org/docs/0.9.0/python-programming-
guide.html

0ase cTaHJapTHLIE METOBI MOZY/IS Pymongo®;

e Python ckpunt, KOTOpHIH B peaJbHOM BpPEMEHH
CTPOHT TpaduK W3MEHEHHs! TIOKa3aHWH ATYNKOB IO
TIOCTIETHAM aKTyaJIbHBIM JAHHBIM M3 0a3bl;

e IlIporpamma, HammcanHas Ha s3bike C#, Takke B
peaIbHOM BPEMEHH JIEMOHCTPHUPYET IOCICIHUE
aKTyaJIbHbIC JTAHHBIC C JaTYMKOB B BHIE IMPOCTOrO
BHJDKETa C TpeMsl TOJSIMU U TpadUKOB H3MEHCHUS
MOKa3aTeIIeH.

ITepBrrit Python ckpunt nqemoHCTpHpyeT paboTy ¢ 6a3oi
MongoDB ¢ ucnons3zoBanreMm Mmopayns pyspark. Ckpunr
MoJlydaeT BCE JaHHBbIE YKa3aHHOTO JaT4hka W CTPOUT
rpad¥Kk M3MEHEHUsI IOoKa3aTelied BO BpEMEHH C yKa3aHWEeM
CpenHero 3a BCE BpeMsl, 32 KOTOpOe ObLIIM CHATHI TTOKa3aHMSI.
[Mpumep Hactpoliku SparkSession Moapynst pyspark u
3amnpoca npejcrasiieH B [IpunoxeHun A.

Bropoit Python ckpunrt pemoHCTpHpyeT BO3MOMXHOCTH
WCIIONIb30BaHMSl CTaHAAPTHOrO MOAYJS pymongo. 3amyck
CKpUIITa BO3MOXEH C YKa3aHHEM I1apaMeTpOB:

e Ha3Banue naTumka, JaHHBIE KOTOPOTO TPEOYIOTCS;

e Jlata, 3a KOTOpyl TpeOyroTcsi aaHHble. JlaHHBIM
mapaMeTpoM TaKXKe MOXHO yKas3ath «today» wiu
«yesterday», B pe3ynbTare uero JgaHHbIE OYIyT
coOpaHbl 32 CErOMHSAIIHUN UITH BUCPAIIIHAHN ICHb;

e FEciu JIaHHBIM NapaMeTpPOM yKa3aHa Jara, TO OHa
SIBJISIETCS] KOHIIOM IepuoJia ChéMa JaHHBIX, a BTOPOM
napameTp ero Hadajom. JlaHHBIA MapameTp TaKxke
npeaycMarpuBaeT Bapuant «todayy.

B cnyuae, ecnmu ckpunt 3amyckaercs 0e3 yKa3aHUs
KaKuX-JIM0O MapaMeTpoB, 3alpalllBalOTCs BCE JaHHBIC 110
JATYUKy, YKa3aHHOMY 110 YMOJTYaHHIO.

ITocne pa3zbopa mepesaHHBIX MapaMETPOB, CKPUIT
noiyyaeT u3 0a3pl JaHHBIE MO YKAa3aHHOMY JaT4UKy 3a
yKa3aHHBIA IEPHOJ BPEMEHH U CTPOMT IO HHUM Tpaduk,
TaKXXe yKa3blBasi CPEJHUII ypOBEHb.

Tperuit Python ckpunr Taxke NpUHUMAET MapaMeTPOM
Ha3BaHue JaaTuyuka. llocie 3amycka CKpUNT B peallbHOM
BPEMEHH CTPOUT Ipad)MK M3MEHEHUs MOKA3aHMH DaTYhKa C
MOMeHTa 3amycka. Ilogxmrouenue K 6a3e OCYIIECTBISETCS
TaK e, Kak BO BTOPOM IIpUMepe, C HCIOJIb30BAHUEM
MOZYJIsI pymongo.

IIporpamma, HamucanHas Ha s3bike C#, mpeacTaBiseT
co0o# JTBa BHDKETAa B BHIE ABYX IOJIYIPO3PAUYHBIX OKOH. B
NIepBOM OKHE OTOOpa)kaeTcs akTyalbHas HH(POpPMAIus II0
TpéM OaTdmKam, 3ampammBaeMas ¢ 0a3sl. BTopoe OKHO
comepkur B cebe 3 rpadmKka W3MEHEHHS IOKa3aHHHA
JATIMKOB C MOMEHTA 3aITyCKa POrpaMMBl.

Ilocie 3amycka mporpaMMbl M yCTAHOBJIEHHS CBSI3H C
0a3oi, 3amyckaeTcs TailMep, 3alpalldBArOIINi TaHHBIE W3
0a3bl ¥ 0TOOPaXKAOLIHI ITH JaHHbBIE HAa (popMax.

Jst ipoekta GBUT co3maH perosutopuii Ha GitHub, roe
COJIEPIKUTCSI BECh MCXOAHBIA KoA. Pemo3utopuil noctynex
10 cChLIKe®.

5https://api.mongodb.com/python/current/
¢ https://github.com/DucklingDark/Meteo_Station



VI. TIPUMEPBI PABOTbHI CUCTEMBI

A. Python ckpunmoi

Jns  3amycka CKpWITa, WCIOJB3YIOUIEro pyspark,
HEoOXOAMMO HCIONB30BaTh yTHIUTY spark — submit c
yKa3aHWeM KOHHEKTOpa, COBMECTUMOTO C YCTaHOBJIEHHOU
Bepcuelr Spark m MongoDB. B konme ykaswsiBaercs aiin
Python ckpunra. Ilpumep 3amycka Python ckpunra c
UCIIONB30BaHKME  spark submit mpencraBieH B
[Ipunoxenun b.

Hns 3amycka ocranbHbix Python ckpunroB storo He
TpeOyercs.

[Mpumep BH3yanmzanmum JAaHHBIX cpeacTBamMu Python
npencrasieH Ha puc. ] Ilpunoxkenus B.

B. Ilpoexm, nanucannwiii na sasvike C#

TTocne 3aITyCKa NporpaMMbl OTKPBIBAIOTCS ABa OKHA. O6a
OKHa BBINIOJIHEHBI B BHUAC IMOJYINPO3PAYHBIX BUKCTOB C
BO3MOXHOCTBIO IEPEMEIICHUA 10 BCEMY OKpaHy:

° HepBoe OKHO COICPKHUT B cebe Tpu T1OJdA C
Ha3BaHHWEM IOKa3aHUW M caMo 3HAYCHUEC, aKTYyaJIbHOC
Ha TeKyIJ_II/Iﬁ MOMCHT,

e Bropoe okHO comepxur B cebe 3 rpaduka, Ha
KOTOPBIX OTOOPa)XAIOTCA HW3MEHEHHWsI TIOKa3aHuUit
JaTYUKOB.

[Tpu HEOOXOOUMOCTH, KaXKI0€ U3 OKOH MOXHO 3aKPBITh,
ocTaBUB BTOpoe. IlporpaMma OCTaHOBUT CBOIO paboOTy
TOJIBKO TIOCIIE 3aKPBITHSA 000MX OKOH.

[Tpumep paboOTBHI TpOrpaMMBbl MPEACTABIECH HA pHC.2
[Ipunoxenus B.

3AKJIIOYEHUE

B pesynbrate mponmenaHHOM paboThl ObUT  CO37aH
[POrpaMMHO-AIIAPATHBIN KOMIUIEKC, C IIOMOLIBI0 KOTOPOro
MOXKHO COOMpaTh METEOPOJIOTHYECKUE TAHHBIC, XPAaHHTB,
BU3yalnu3upoBaTh UM oOpabarteiBate. B pabore Obuin
OMHCAHbl CPABHUTEIBHBIC AHAIU3BI MUKPOKOHTPOIUICPOB U
JIATYUKOB, MCXOJsl U3 KOTOPOro ObuLTH BhIOpanbl ESP 32 u
natarka BMP 180 u SI7021 HTU 21D.

J1s. TepBBIX JTamoB pa3pabOTKH MHKPOKOMIIBIOTEPHI

Raspberry Pi  He paccMaTpuBanuch W3-3a  CBOCH
JIOPOTOBH3HBI,  ONHAKO, WX  WCIOJIb30BAHHE  MOKET
YIPOCTHTh W YIYYIIUTH CHCTEMY, I[OCIOCODCTBOBAaB €&
Pa3BHTHIO.

Kpome Toro, 1 OTHOTHI OKa3aHUM CTEH/Ia U CUCTEMBbI
MOXHO JO0aBHUTh JaTYMK CKOPOCTH W HAIPABICHUS BETpa,
OJHAKO JaHHbIE MJATYMKH JOPOTM U TPOU3BOIIATCI B

OOJBPLIMHCTBE  CIOy4aeB Ul HCIOJNB30BaHUS B
MIPOMBIIIIEHHBIX cepax.
CrnemyrommMu  dTanmaMu  pa3paboTKH  MOXKET OBITh

mepeHoc 0a3pl JaHHBIX B OOJAYHBIE CEPBUCHL, a BMECTO
ESP 32 ucmons3osats Raspberry Pi. Kpome Toro, B 3amucu B
6a3y HeoOXommMo [O00aBUTH KOOPAMHATHI CTCHAA WU
KpaTKoe Ha3BaHWe nomerieHus. C Apyroi CTOPOHBI, MOYKHO
UCTIONIB30BaTh JaHHBIC CTEHABI B PasHBIX ITOMENICHHSX, B
KOTOpHIX ~ TpeOyeTrcs 3HAaTh IOMOOHBIE  IIOKAa3aTelly,
HampuMep, Ui CHUCTEMBI IOJICPXKAHUS TEMIIEpaTypel U
BJIQYKHOCTH. DTO ITO3BOJIHT OOBEIMHUTH HECKOJIBKO CUCTEM B
OJIHY, LICHTPaJIM30BaHHYIO.

[MomoOHOE pa3BHTHE CHCTEMBI MO3BOJIUT IIOTYy4aTh
JOCTYII K JaHHBIM HE TOJNBKO C KOMIBIOTEpa, HA KOTOPOM
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pacnonokeHa 0a3a JaHHBIX, a U3 JIFOOOrO Mecra IIpH
HAJTMYUHK TOCTYTIA B CeTh MIHTEpHET.

Tarke, B 0a3y MaHHBIX HEOOXOAMMO OTIPABIATH
cooO0IIeHHsT 00 OIMOKaX M OTCICKUBATH HX IOSBIICHUE,
4TOOBl CBOEBPEMEHHO HCIPABNIATh HEMOJNAJAKA B pabore
CTEHJIa M CHCTEMBI, a TI0 BO3MOXKHOCTH MMPOTHO3UPOBATH MX

[20].
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SOFTWARE AND HARDWARE COMPLEX FOR COLLECTING, STORING AND
VISUALIZING METEOROLOGICAL DATA FROM A WEATHER STAND

Pavel A. Pankov, Igor V. Nikiforov

In the modern world, the use of measuring sensors and
microcontrollers is growing every year. The range of their use begins with
household appliances and ends with industrial automation.

The article describes the process of developing and creating a software
and hardware complex designed for collecting, storing and visualizing
meteorological data. The system includes a stand with weather sensors and
a microcontroller and software that allows you to receive data from the
stand with a microcontroller and work with the MongoDB database.



As a result of the research and the work, a test sample of a software visualization. In addition, the possibilities for further project development
and hardware complex was developed, which ensures the tracking of are described.
atmospheric environmental indicators, their processing, storage and Keywords - microcontroller, sensor, weather data, data storage, big
data, data processing.

[Mpunoxxenue A: Hactpoiika SparkSession moayss pyspark

spark = SparkSession \
.builder \
.appName ("Meteo Station") \
.config ("spark.mongodb.input.uri", uri conf) \

.config ("spark.executor.memory", "4g") \

.config ("spark.executor.number", "4") \

.config ("spark.executor.cores", "4") \
.config("spark.network.timeout", "800s") \
.config('spark.yarn.executor.memoryOverhead', "4096m") \

.config("spark.driver.memoryOverhead",) \
.getOrCreate ()

df = spark.read.format ("com.mongodb.spark.sgl. DefaultSource").load()
pressure = spark.sql ('SELECT * FROM temp WHERE sensor = \'BMP Pressure \' ')

[Mpunoxenune b: [Ipumep 3amycka Python ckpunra ¢ ucnions3zoBanue spark — submit

spark-submit-packages org.mongodb.spark:mongo-spark-connector 2 11:2.2.0 .\mongo_ spark.py

[Tpunoxenue B: [Ipumep paboTsl pazpaboTaHHBIX MPUIOKEHUN U BU3YaTU3aLUs TaHHBIX

Pressure (BMP180) in mm Hg

—— Average value = 755.78 mm Hg
® Pressure (BMP180) in mm Hg 9

770 4 Min value = 744.35 mm Hg ( 2018-12-08 22:51:44 )
Max value = 771.17 mm Hg ( 2018-12-13 19:26:10.786835 ) /
765 ,

760

750 A '

Puc. 1. IIpumep Busyanuzanun qaHHbIX Python ckpumra

A b
Puc. 2. A OxHo nporpammsl, HanmcanHo# Ha C# ¢ akTyadbHBIMU IM(POBBIMH 3HAYCHUSIMU 1aTIuKOB. b ['paduk
M3MEHEHHsI aTMOC(hepHOro AaBieHus B TedeHun 10 cexyHa.




MoOubHOE IPUI0KEHUE JJIs IIOUCKA
PEKOMEH 1AM [€JIEBOTO KOHTEHTA

Ao6puikaceiMoBa A.C.

Cankr-IlerepOypreckuii monurexandeckuii yausepcuret [lerpa Benukoro
Cankr-IlerepOypr, Poccust

AHHoTanusa. OuyeHb 4YacTO MOJIB30BaTe]db  INPH
NMPOCMOTpPe AaHUMe CTAJKHMBAaeTcsl ¢ MpodjemMoii: 4YTOo ke
nocmotrpers aajee? Kakoit ¢uabM U3 OrpoMHOro Kojamyecrna
NMOCTOSTHHO ~ PacTylmiero marepuana ¢ HanOoabmieii  gomeit
BEPOSITHOCTH TOHPABHUTCS TOJB30BATEII0 NPH MOCTeTyIONIeM
npocMorpe. B Hacrosimmee BpemMsi 00blIOE  KOJIUYECTBO
MONYJSIPHBIX ~ BHACOXOCTHMHTOB  HMCHOJB3YIOT  PeHTHHIOBBIE
CHCTEeMbl PeKOMeH/IalHii, KOTOPbIe OMMPAIOTCS HA COBOKYMHOCTH
Ccy0ObeKTHBHBIX OLICHOK coolmecTBa. Jlyisi peleHusi 1OJ00HOrO
CHeKTpa 3aAa4 UCMOJIL3YIOTCSI Pa3IHYHbIe MEeTOAbI, OCHOBAHHBIE
Ha KoHTeHTe. OCHOBHBIM HEIOCTATKOM TMOMOOHBIX MeETOI0B
SIBJIsIeTCSl HEeOOXOAMMOCTH  /IONMOJIHHTEJNbHOH  uH(popmamuu,
KOTOPYI0 00BLIYHO JOPOro M A0JIro coduparb. B 3T0i cTrarbe MbI
HCIOJIB3YeM TeXHHUKY riy6okoro odyuenms, lllustration2Vec, nus
MPOCTOro u3BJeveHnst HHGOPMALUH 0 Terax U3 MOCTEPOB MAHTH U
aHuMe (HampuMmep, Me4a Wiau xBocrta). IIpororun mpuiokeHus
Obl1 ompoOoBaH Ha aAecATkax npoduiei Jogeii Ha caiite u
KpynHoii 0a3e mo anume MyAnimeList m B Gam:kaiimmee Bpemst
3alIaHApOBaHa Jopa0oTka mnpuiokeHns. Takxke B craTtbe
paccMaTpUBAaKOTC  CYIIECTBYIOIIME CHCTeMbl ()OPMHPOBaHHUS
HHIABHIYAJIbHBIX PEKOMEHIAINIA.

|. BBEJAEHUE

PexoMeHnaaTenbpHble cUCTEMBI B cepe BUAeO-I0Cyra —
OTJINYHBI MHCTPYMEHT, IIOMOTAIOIIHH IT0JIb30BATENI0 OTBETUTh
Ha BOIPOC: KaK MOKHO IIPUATHO MPOBECTH BPEMS B CIICAYIOIIMH
pa3, 9To CTOMT HocMOTpeTh? B cimydae aHmme M MaHTH
(ATIOHCKOTO ~ MYJbTUIUIMKALMOHHOTO  KWHemarorpadga U
JIUTEPATYPHI) MOJIB30BATENH OOBIYHO MEPErpyKEeHBI OrPOMHBIM
KOJIMYECTBOM IOCTOSHHO OOHOBIISIOLIEroCsl MaTepHana, dYTo
MeIIaeT UM OTBICKAaTh (PUIIBMBI M MaTepUaibl, KOTOPBIE MOTYT
UM OYEHb NMOHPABUTHCS. YacThIM peleHreM JaHHOH NpOoOIeMBbl
SIBIISIETCST  KOJTabOpaTHBHAsE (DUIIBTpAlMs, OMHUPAIOMIAsCS Ha
CYIIECTBYIOIINE pEUTHHTOBEIE JAHHBIC (omeHkn)
MOJIB30BaTeNied UIA TONBITKH IIPEACKa3aHWs peiTHHra He
npocMmotperHoro matepuaia[l]. Ograko OoibIIue TPYIHOCTH
BO3HHKAIOT IIPM  HCIOJB30BAHUM JAHHOTO IOAXOHa B
OTHOLICHHH OOBEKTOB, U1 KOTOPBIX HMMEETCS O4YeHb Mallo
nHpopmanuu. [lanHas mpoOneMa W3BECTHA IMOZ HAa3BaHHUEM
«po0iIeMa XOIOIHOTO CTapTay.

XomnomHsbliA ctapT (BBOA) 00BEKTOB - 3TO KJIacCHIecKast
mpobjeMa, BO3HHKAMOMAs TPH  pa3paboTKe  PasTUIHBIX
pEeKOMEHAATENbHBIX chcTeM. it perieHust JaHHOH TPOoGJIeMBl
YacTO UCHONB3YIOTCS Pa3IMYHbIe METaJaHHble, HapUMep, Ui
(GUIBMOB TOIOOHBIMU JaHHBIMH MOTYT SIBISTBCS PEKHCCED,
KOMIIO3UTOp, aKTepbl M Tak jganee. K coxkaneHuro, mogoOHas
uHbOpMalUs JaJeKo He BCerna JOCTYIIHA M HEIaBHO
BBILICAIINE AHUME-TIPOSKTHl MOTYT HMEThb MHHHUMAJIBHOE
KOIIMYeCTBO MMomo0HOH wuH(popManmn. OgHAKO TPaKTHIECKH
BCeT/Ia y TaKOro IPOEKTa OyIyT TpeacTaBlICHbI Tpekep,
TIOCTEP ¥ 3aroJIOBOK. DTH TPU BEIIN SIBISIOTCS KITFOUEBBIMH, TaK
KaKk CHMBOJF3HPYIOT TIEpBBIi KOHTAaKT IIOJb30BATEN C

KOHTGHTOM H  HUTParoT
THOJIb30BATEIs.  CMOTPETh
CMOTPETB.

OONIBIIIYFO POJIb B PCIICHUU
JaHHBI MaTepuan Wi He

B MaHre u aHMMe TMOCTEPHI COAEPXKAT OOJBIIOE
KOJIMYECTBO MH(POPMAIMH O MEPCOHAXAX M CIOKETE, UTOOBI
MaKCHMaJIbHO 3aMHTPUTOBATH MOTEHIHATLHBIX
MOTPEOHTENEH, YBEIUYNB BH3YaIbHYIO MPUBIIEKATEILHOCTS.
Takum 00pa3oM, MOCTEPHI MOXHO PAacCMAaTPUBATL Kak
HCTOYHUK JIOTOJTHUTEBHBIX METaaHHBIX.

3a mocnenHNe okl CBEPTOYHBIE HEHPOHHBIE CETH
(CNN) 3apexomengoBanu ce0st Kak Je-(hakTo CaMbIi
pacnpocTpaHeHHbIH U 3()()EKTHBHBI METOZ H3BIICUCHHS
CEeMaHTHUYECKOM uHbopmanuu u3 COZIEP)KUMOTO
M300pakeHUsl B IIMPOKOM CIIEKTpe 3amad. B xone gaHHOTO
UCCIEIOBaHUsT OBUIO TIPUHATO PpEIlIeHHWE HCIOJIb30BATh
CBEPTOYHBLIC HeﬁpOHHbIe CECTHU JIs1 U3BJICUCHUA 3HAYUMBIX
3JIEMEHTOB METalaHHBIX (TorOB) u3 1ocrepa,
COOTBETCTBYIOILIETO aHUME WJIM MAaHTH. Takue TIrH MO3BOJIST
MOCTPOUTh rpad) 3aBUCUMOCTEH MEXAYy Pa3IMYHbIMU
MPOM3BEICHUAMH, YTO MOXET OBITh TIONIE3HO, KOraa
KOJIMYECTBO MH(pOpMAIMU 00 00BEKTE MaJIO.

B nmannoit pabote mpeamonaraercs paspaboTka
aNropuTMa, 6a3upyromerocs Ha
QJIbTEPHATHBHBIX/YIy4IIEHHBIX ~ METOJaX  HAaMMEHBIIHMX
KBaJIpaTOB I pelIeHHsl MpoOJeMbl XOJNOAHOTO CTapTa M
MOBBIIICHHS 3¢ peKTUBHOCTH peKoMeHaaIHH
MaJIOM3BECTHBIX OOBEKTOB. B pamMkax ucciemoBaHHs OBbUIO
NPOAHAIM3UPOBAHO  JIOCTATOYHO OOJBLIOE  KOJIMYECTBO
Pa3HOOOPA3HBIX CYLIECTBYIOIIMX PELICHHH M IPOBEACHBI
COOTBETCTBYIOIIME CPAaBHEHHSA, IIOKA3bIBAIOIIME, YTO BO
MHOTHX ClIy4asx Meroj oOecreunBaeT Ooliee TOUYHbIC
OPOTHO3Bl ~ peWTHHra W JaeT  HHTEepIpeTHpyeMoe
NpeJCTaBICHHE O TOJIb30BATENbCKHX PEINOYTCHHSX.

I1. CYIHECTBYIOILIME PEHIEHMA

Hcnonp3oBaHne IOMOTHUTENBFHON WH(OpMaILuen
(metanrpoOpMarIm) TUTst YIAYYIIeHAS KadecTBa
peKOMEHIauMi  JOBOJBHO  JAaBHO  SIBISIETCA  OCHOBOM
CYIIECTBYIOIINX  HWCCIENOBAHWIA[2], HampaBIEHHBIX Ha
pa3paboTKy  TOAXOJOB  IONYYCHHS  JIOMONHUTEIHHOM
WHPOpPMaIMN O TONH30BATEISIX U MpeaMerax m3 Tekcra[3],
npoduiei B COIMMANIBHBIX CETSX, TAE 3ajada (haKTOpU3aIlH

METOlaMH  MAaIIMHHOTO  OOYYeHHWs  3aKiIiodaercsi B
MUHIMH3AIIHA B3BEIICHHOTO KBAApaTa OTKIIOHEHHUH IS BCEX
3JIEMEHTOB HWCXOIHOU MaTpHLbI R:
min Z ;i (5 —.1.',." ¥i ),
i . J
e x!i X -

TPAaHCIIOHUPOBAaHHAsA 1-— CTpOKa MaTpulbl «IOJb30BATCIIb -
JIATCHTHAd NCPEMCHHASN; Y — CTpOKaj MaTpulbl «JIATCHTHAA
NnepeMcHHass — 00bekT». Ha stame q)aKTOpI/BaL[I/II/I MaTpuIl



mpejyiaraeTcs ucmonb3oBath Meronm ALS (Alternating Least
Squares Method). OcoOeHHOCTh TAHHOTO METOIa COCTOUT B
MOOYEPEHOM HAaXOKACHHMM MHHAMYMa: TO JUIS O3JIEMEHTa
«TIOJTb30BATENIb — TIEPEMEHHas» NpH (UKCAKM >IIeMEeHTa
«repeMeHHasi — O0BEKT», TO Ui DJIEMEHTa «IepeMeHHas —
00bEKT» TIpH (PUKCHPOBAHHBIX AJIEMEHTAaX «IIOJIb30BATENb —
nepemenHas» [4]. Tawke wW300paXeHWH M JPYyruX THIAX
JaHHBIX [5,6,7]. B mocienHee BpeMs Uid 3TUX Liesel Bce dalle
MIPUMEHSIOTCS. METO/IBI TyOokoro ooyuenwus. [lopran Youtube
UCIIOJIb3YEeT HCTOPHIO IIPOCMOTPOB CBOMX IOJIb30BAaTENEH,
9TOOBI HAa OCHOBE 3TOI'0 VIYYIIUTH CBOM peKOMEHIaIww|8].
Hekoropple wmccienoBaTen aHAIM3UPOBAIN  MY3bIKaJIbHBIN
KOHTeHT Juisi mnonydeHus wMerauHpopmanun. [logoOHbIE
WCCIIEZIOBAHUSI TIO3BOJIMIIN BBISIBUTH CKPBITHIE 3aKOHOMEPHOCTH
B MY3bIKe 0€3 KaKoro-JIH00 YeI0BEYECKOr0 BMEIIATeIbCTBA[9].

JononHutenbHass WHGOpMAIMs, TOJy4eHHas U3
JI000Tr0 M3 BBIIIETIPUBEICHHBIX NCTOYHUKOB OYEHb BaXKHA IMPU
MONBITKE YMEHBIIUTh BO3JEHCTBHE IPOOJIEMBI  XOJOIHOTO
samycka[10,11,12]. 'uOpuaHBINA MOIXO/, OMMCAHHBIA B JAHHBIX
CTaThAX MO3BOJIAET CHayana B3BEIIMBATh PE3YIbTAThl COIJIACHO
KOHTEHTHOW (uubTpanuu, a 3areM CMemarb 3TH Beca 10
HaNpaBIeHUI0O K KojulabopaTuBHOW ¢uibTpanuu (Mo Mepe
HAIOJIHEHHsl JOCTYIHOrO0 Habopa AaHHBIX 0 KOHKPETHOMY

nob3oBarenio). B KOHTEKCTE BUIeOMaTepuaia u
HCIIONI30BAHHSI TIOCTEPOB Tporrece TIOTTY4YCHUS
JIOTIOTHUTEBHON HH(OpPMAIMK 3aKIoYacTcs B 00paboTke H
HU3BJICHCHUU MeTaI/IH(bOpMaL[I/II/I, CKPBITBIX HCTOYHHUKOB

nH(pOpMAaLUK, HEBUAUMBIX Ha IEPBBII B3MIAA, U3 MOCTEPOB C
MIOMOILbI0 HEHPOHHBIX CBEPTOYHBIX CETEH M MCIONb30BaHUE
JaHHOH uHGOpPManMM JUI  yIy4lIeHHS PEeKOMEHJAalui.
[MTony4yenHble U3 mocrepa TATU (3IEMEHTHI MeTauH()OPMAIH)
HE HECYyT HHUKAaKOr0 CEMAHTHYECKOrO0 3HA4YEHUS  BHE
OIpeIeTIEHHOr0 KOHTEKCTa U HE MOT'YT ObITh NCIIONB30BAHbI IS
OOBSCHEHHS IIOJIB30BATENIO, ITOYEMY €MY PEKOMEHIYeTcs TOT
WJIM UHOM MaTepual.

Heckonbko wuccienoBaHui MBITAIMCh COBMECTUTH
CeMEICTBO AJTOPUTMOB HA OCHOBE KOHTEHTA M IOAXObI
KoJutabopatuBHoi (coBmecTHOM) (uibtpanuu|17]. OcHoBHas
uziesl MOJOOHBIX TMOPUIHBIX METOIOB COCTOMT B TOM, YTOOBI
O0BEAMHNUTL Ppa3IMYHbICE MOJICNM PEKOMEHJANWM, YTOObI
MPEOIONIETh UX OTPAaHMYCHUS U ITOCTPOMTH HA UX OCHOBE OoJiee
HAQJIeOKHbIE MOJENH C 0OoJiee BBICOKOH IPOTHO3ZUPYIOIIEH
cnocoOHOCThI0.  CyYIECTBYIOIIME METOIUKH MOTYT OBITh
Ha3BaHBl MMO-pa3HoMy: cMmemuBanue[19,20], HamoxeHHe WIN
0000IIEHHbIE METOJOJIOTMH aHCaMOJIs, HCHONB3YIOIHecs B
MAIlUHHOM OOY4eHHUH. OTH METOJbl HCIOJIB3YIOT JIAaHHBIE
Pa3MYHBIX MOJENEl B KayecTBE apryMeHTOB Ui (QyHKIMA
BBICIIIETO TIOpSAKAa Mozenei Oorjee BBICOKOTO ypoBH[18].
[lomobHass Mopmenp BBICOKOTO YPOBHS OOBIYHO —SIBIISIETCS
JIMHEHHON mozensio[ 16].

P(u,i) = w1 Py (u, 1) + wa Pa(u, 1) + ... + wy Py (u, i)
Beca

o0ydaroTcst Ha BeIOOpKe. Kak mpaBuiio, Uit 3TOro UCIIONb3yeTCs
JIOTUCTUYECKAsl PErpeccusl.

Stacking B obmiem Bue:

Plu,i) = fi(w, i) Pr(u, i) + fa(u,8)Pa (i) 4 ... + fal1,5) Pa(u, )

Takue THOPUIHBIE METOABI CHITPAM BAXKHYIO pPOIH B
JIOCTIKCHAU HaWOoJlee MPOU3BOAUTEIBHBIX PE3YILTATOB B
copeBHoBanmsix Netflix Prize[17, 21].

[Moxxon, omucaHHBIN B 1aHHOW paboTe, 6azupyercs
Ha UIesX CMEIIAHHBIX MOJENCH, OMHAKO Pe3yJIbTUPYIOIIAs
Mozienb He sBisierca JuHedHod. Kiaccuueckyro cucremy
pPEKOMEH/IAIMIT 10 COBMECTHON (DMIBTPAIMK MpeJIaraeTcst
UCIIONB30BaTh COBMECTHO C PE3EpBHOIM MOJIENbIO, KOTOpas
KOMIICHCHPYET OIIMOKY MpPOrHO3UPOBAHUS IS TPYAHO
NpeJCcKa3yeMbIX TOYEK MaHHBIX, TO €CTh JJIEMEHTOB C
HEOOJBIIAM KOJTMYECTBOM OIICHOK.

[, UICCJIEJTYEMBIH MTOJIXO]T

[peamnonoxum, 4TO UMEETCs] TUIMYHAS HACTPOHKA
(BBOAHBIE HaHHBIE) Uil COBMECTHOW (KOJJIa0OpPAaTUBHOM)
(GuUIBTpanMK: Y HAC €CTh IOCTYI K /2 X 1 MaTPHIE OLICHOK R,
cofepikalieil OICHKH N IOJb30BaTeNell 0 m dJIeMEHTaM,
KOTOpBIE MOTYT OBITh KaK B pa3psiJie MaHIe, TAK U B aHUME: Tijj
NpeJCTaBIsIeT PEUTHUHT, KOTOPBIA i-i MOMb30BaTENh 1Al
sneMeHTy j. Ha mpakTuxke,

MOCKONIBKY — TIONIb30BAaTEeM  OLEHMBAIOT TOJNBKO  TE
HCMHOI'MC 2JICMCHTHI, C KOTOprMI/I OHU BSaHMOﬂeﬁCTBOBaJTH,
pediTuHTrOBass Matpuiia R mMeer TeHaeHIMIO ObITH OYEHb
pa3peXeHHOW: B HAOOpEe MaHHBIX, PACCMOTPEHHOM B 3TOM
CTaThe, U3BECTHO MeHee 1% 3ammcei; Ipyrue HOIyJsipHbIe
HAOOpBI JAHHBIX B OTOM O0OJACTH COOOIIAIOT O CXOXKHX
YPOBHSIX pa3peXeHHOCTH. [109TOMY CIIOKHO clienaTh BBIBOJ
0 HEJOCTAIoIIMX 3amuciXx R (TakuMmu 3amucsAMH Kak pas
SIBIIIIOTCSI MAJIOM3BECTHBIC aHMME/MaHra).

Eme OJJHUM HPEIOJIOAKEHIEM ABIIACTCS
MPEOJIOKEHHE O TOM, YTO BCsl MaTpulla peituara R moxer
OBITH IpeJCTaBIeHa KaK HECKOJBKO CKPBITHIX Mpoduiel, To
€CTh Ka)</Ibli BEKTOP II0JIb30BATEIbCKOIO PEUTHUHIA MOXKET
OBITh pa3JIOKCH Ha KOMOWMHAIIMIO HECKONBKUX CKPBITHIX
BeKTOpOB. CKpBITBIi BEKTOp WJIM CKPBITBIA Tpoduib
Ha3bIBa€TCAd TaK, MOTOMY YTO JAHHBIM BEKTOP SIBIISETCS
HEHU3BECTHBIM, OIpENeNsieMbIM [0 KAaKMM-TO HESBHBIM
KpuTepusaM. JlOMOMHUTh HENOCTAIOIINE 3HAYEHWUS MAaTpPHUIIbI
R MoxHO myTeM MaTpuuHOW (DaKTOpPHU3ALMH: IOIBITKH
MPECTaBUTh HCXOAHYI0 MAaTpHIly B BHJAE IPOU3BEICHUS
IByX MaTpul, rae U — matpuia pa3mepa N X I' IpeacTaBisieT
MOJIB30BATENs (BEKTOPHI MOTEHIIMAIBHBIX MOJIb30BATENbCKUX
OLIEHOK), a MaTpuma V pasMepa M X I MpeAcTaBiseT
COOTBETCTBEHHO MaTepuais. Korna nanHast Mopens oOydeHa,
TO €CThb KOTZa W3BECTHBIE 3HAaueHWs Mmarpunpl R
COOTBETCTBYIOT AHANIOTMYHBLIM 3HaueHusM B matpuue UVT,
Torma mowck Hemocraromiero 3uaderns (I, j) marpumsr R
MPOCTO BBINONHACTCS ITyTEM IIOMCKa COOTBETCTBYIOIETO
3Hauenus B matpuue UVT.

Hakonen, Taxke mpeamonaraercs, 4YTO TIpH
UCCIIEJOBAHINM €CTh JOCTYI K IIOCTepaM HEKOTOPBIX
00BEKTOB (aHMME, MaHTH). JTO BECb KOHTEHT, KOTOPBIH
UMeETCS JUTS TAaHHOW MOZICITH.
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Puc. 1 — Apxumexmypa BALSE

Paccmotpum Ternepb YCOBEPILIEHCTBOBAHHBIN

AJITOPUTM MCETOJAAa HAMMCHBIINX KBAaApPaTOB. OcHoBHAas nacs

3aKIII0Ya€TCd B HCIHOJIB30BAHWU MAaTPHUIIbI peﬁTHHra Toraa,

KOorga 3TO BO3MOXHO M Ha MOCTEPLI K aHMUME WJIM MAHI'C, KOIr'Ja

uHdopmau B

MaTpULE PEUTHHIa NPAKTUYECKU HET.

IIpennonaraercss HEMMHEMHOE CBSA3BIBAHUE ABYX MOZAEIEH VLSl

JOCTIKEHUSI OOJbLICH TOYHOCTH UM NPOM3BOJUTEIHLHOCTH.
PaccMoTpuM CTpYKTYpy pa3zpaboTaHHON MOJIEIIH:

lustration2Vec 010k uan 010K TpaHchHOpMAaIHK
M300pakeHUs] B BEKTOP, KOTOPBIA SIBIISETCS
CBEpPTOYHOM  HEHPOHHOM  CeThlo,  KOTOpasd
MpUHMMAaeT Ha BXOA TIOCTEp W Ha BBIXOZAE
MIPOU3BOIUT BEPOSITHOCTHYIO OILIEHKY
MMOTEHIIHAIFHBIX TETOB — B JaHHOM CIydYae
Teramu SIBIISTEOTCS KITIOYEBBIE CJIOBa,
XapaKTepr3yIOIINe MaHTy WM aHUME

ALS 0670k mwim 670K MaTpu4aHON (haKTOpHU3aINH,
KOTOPBII TPOU3BOMUT (PAKTOPHU3ALNAI0 MATPHUIIBI
pedTHHTa Ui KOJUTaOOpAaTWBHOW (MIIBTpAIUH,
HCIONb3yd NOpu 3ToM anroputM ALS -
Alternating Least Squares —
HAUMEHBIINX KBAJPaTOB C A
peryisipuszanuen

LASSO (least absolute shrinkage and selection
operator) OJIOK, OTBEYAIOIIWI 32 BBITOTHEHHE

PEryJIsSIpU30BAHHON JIMHEHHOW perpeccuu ajs

yepenoBaHue
B3BEIICHHON

KaXX/I0i CTPOKM MaTpUIIbl PEHTHHTa, HCHOJIb3YS

CTOXACTUYECKHE 3HAYEHMS TOTOB JJIS BLIBOJA
MOJIH30BATENBCKUX TPEIOYTECHUH
e Steins Gate — 0ok, OTBeYarOIM 3a CMECh
pe3y/bTaTOB  JBYX  MOJEINeEH,
MO3BOJISAIONINI TPEOI0TICTh UX OrPAHUUCHHS U

BBIXOIHBIX

paccuuTaTh QUHANIEHOE PEUHTHHIOBOE 3HAUCHUE
ApXHUTEKTypa MOJIeNH n300pakeHa Ha PUCYHKE
1.

PaccMorpum  HeMHOro  moapoOHee — CTpOeHHE
Ka)XJIOro OTAeNbHOro 610ka. HauaTh crouT ¢ mepBoro 6110Ka,
610Ka npeoOpa3oBaHus M300paKEHHUs B BEKTOP, CBEPTOYHOM
HEeHpoHHOH ceTH. JlaHHBINH OJIOK MOTy4aeT MHGOPMAIHIO O
TIrax u3 mzobOpaxeHus[15]. Kaxaplid Tor xapakrepusyercs
CBOMM BECOBBIM BEPOSITHOCTHBIM KOI((PHIIEHTOM, KOTOPBIH
TOBOPUT O BEPSIOTHOCTH HAaXOXKJCHUS KOHKPETHOTO TATa B
HekoTopoM Trocte. DopmanbHO K3 MocTepa HEeoOXOIUMO
NoNy4YuTh MaTpuily T pasMepoM m X t, rjie m — KOJIWYECTBO
JJIEMEHTOB, a t — BEpOSTHOCTh TIOSBJICHUS TAra B
n3o0pakeHnn.  Bce  BBIUMCIEGHMS ~ JaHHOrO  OJioka
MIPOU3BOIATCA C HUCIOIB30BAaHUEM CBEPTOYHON HEHpOHHOM
cetu VGG-16, kotopas MO3BOJISET MpEACKa3aTh OOJBIIIOE
KOJIMYECTBO  TATOB  JUISl  Pa3iMyYHBIX  MJUTIOCTPAIHH.
[MpenBaputensHoe oOydeHHe JaHHAs HEHpPOHHAs —CeTh
[Ipolula ¢ UCIONb30BaHUEM JaTadeToB ImageNet, a Taxke
OblUTa JIONOJNHUTENLHO O0YuYeHa II0Jb30BATESIMU IOpTalia
Danbooru, KOTOpbIE COOTHOCHJIM KOHKPETHBIE TATH C
pa3IMYHBIMK ~ MPOM3BEACHUAMK  aHMMe/MaHrH.  JlaHHas
peanuzaiys CBOOOTHA B UCIONB30BAHUH M ObLIa MPUMEHEHa
B paMKax pa0oThl Kak Haubosiee MOAXOAAIas. BbIXomHbIM
pe3ynbTaToM paboThl JAaHHOTO OJIOKa SBIISETCA CTPOKA
Matpuipl T, 4TO MOXKHO OO03HAYUTh TAKMM MOHATHEM Kak
«TIpeAcKa3aHue TIra» WIM  BEPOSITHOCTHAs  OLICHKa
MOsIBJIEHUsT Tdra B mpousBeneHun. Ha pucynke 2
NpeJICTaBiIeH pe3ysbTaT padbotsl Oioka Illustration2Vec.

[Hanee, crour paccMoTperb paboTy CIEIYHOIIETO
6noka, Omoka LASSO. JlaHHbIli OJIOK aNmpoOKCUMHUPYET
MaTpUlly peHTHHra R OTHOCUTENBHO peryisspu30BaHHON
JUHEHHON perpecCHoHHOM Mojenblo, HazbBaeMoi LASSO.
HanHyto Mozmenbs HEOOXOOMMO 00y9daTh HE3aBUCHMO IS
KQKIOr0 II0Jb30BaTeldss B  OOydaromeM MHOXECTBE.

T
R~ PT", rne P — napametpsl ans obydenus, a T —
3aJlaHHass MATPHIIA BEPOSTHOCTHON OLIEHKH TIOSIBJIEHHS TOTOB
JUTSL KXKIIOTO JIIEMEHTA.

LASSO wugmer BMmecTe ¢ mapaMeTpoM ¢, KOTOPBIH
BEI3BIBACT L1 TEPMUH  peTyIApHU3aINY, YTOOBI
NPEJOTBPAaTHTh IEPEOCHAICHHE M JaTh OOBICHEHHE

MPENOYTCHUI TONB30BaTENs], KaK Mbl TMOKAXKEM TO3KeE.
CrnenmoBatensHO, Al KaXKAOTO IONB30BaTeNs 1 w3 Habopa
00yueHHs1, MbI OLICHUBAEM MapaMeTpsl Pi j1si MUHUMU3AIINH:

N, R, — PT7|5 + af| B,

I'e Ni ymcno TaliTI0B, OllEHEHHBIX TOIB30BATENEM i.



Beixomnsle  mapamerpel  Omoka  LASSO  sBisrorcs
MPOTHO30M PEHTHHTA YIS KXk aou mapsl (i,)):

- LASSO T
T = 7(F Tj).

rae T X 7 — max (min (X, 2), —2) - 310 QyHKIWMS, KOTOpas
COKpallaeT CBOM BXOX 10 3HaueHuWH Mexay -2 u 2. Takas
GyHKIMA [pefoTBpallaeT  HPEIOCTaBIEHUE PErpeccopoM
HEBEPHBIX NPOTHO30B, BBIXOSIIMX 33 Npenesbl Harna3oHa
3Ha4YeHUil pelTuHra.

ALS 0ok NPOM3BOJAUT MATPUYHYIO (HAKTOPH3AIUIO
MaTpuIbl peiituara R.

R ~ UVT - e U, matpuua nons30BaTeIbekix HEIBHBIX
BEKTOPOB, a V — MAaTpHIa HESBHBIX BEKTOPOB OTHOCHTEIHHO
3aJaHHBIX DNEMEHTOB. Perynspusamyss HeoOXoauMa  JUis
NpeJoTBpalleHNs TepeobydeHns, Ha JaidbHEHIIMX —Iarax
A7rOPUTMA MPOMCXOAUT MUHUMH3AIMS (QYHKIUM [OTEPb.

IToaToMy, MOCKOIBKY MBI XOTHM MHUHHUMH3HUPOBATH
KBaJIpaTUYHYIO OMIMOKY, MHHUMH3MpYyeMas (YHKIHS TOTEPh
HUMeEET CIEAYIOUINNA BU/I;

Yo g = UTV) A (U6 + 1V31l2)
i,j|ri; #0
rae Ui qms kaxmoro i = 1, ,, , n - ctpoku U u Vj ms
kaxmoro j = 1. , , , m - crpoku V, a A - mapamerp

peryisipu3aiiy. OTa OL[eHKa IPOU3BOAUTCS C MCIONb30BaHUEM
QITEPHATUBHBIX HAMMEHBIINX KBAJPAaTOB C B3BELICHHOW A-

peryaspusarmeii (ALS-WR) (Y. Zhou et al., 2008)[16].

Ioce Toro, xax mapaMeTpbl ObUIM M3YYEHBI, IPOTHO3 VIS
OLICHKH I10JIb30BATEIIsI i Ha JIEMEHTE

SALS _ prTys
Fig o~ = ;v

Steins Gate — ONOK COBMEIICHHS BBIXOJHBIX
pe3yibTaTOB JBYX OOydeHHBIX Mojeneil ¢ OiokoB LASSO u
ALS. OcHOBHOI LIENbIO AaHHOTO OJIOKA SIBIISETCS YIIYYIICHUS
Mpe/ICKa3aTeNbHOM CIOCOOHOCTH PE3YAbTUPYIOLICH MOJETH IS
Yero CYIIECTBYET CIICIHANbHBIN CaMOOOYyYaIOIINIICS alrOpPUTM,
MO3BOJISIFOIIMK  BBIOpaTh HauOoliee NPABWIBHYIO MOJENb (C
HAWIy4Ilei MpeJcKa3aTelIbHON CIIOCOOHOCTBIO) B 3aBUCUMOCTH
OT KOJIMYECTBO M3BECTHBIX 3HAYEHHI B MaTPHIIe pEeUTHHTa.

IV. 3AKJIFOYEHME

Msur npemnoxuan BALSE, moxmens mnsi pexoMeHIAarmu
aHUME M MaHTH, KOTOpas HCIOJb3YyeT MH(POPMAIUIO, KOTOpas
aBTOMATHYECKH HM3BJIEKAETCA M3 MOCTEpOB. MBI MOKa3aly, 4To
Halla MoJelb paboraer Jiydine, 4YeM 0a30Bble MOJEINH,
0COOEHHO B CIEHApWM XOJONHOIO 3amycka. OTa CTaThs
SIBIISIETCS  TIOATBEP)KACHUEM  KOHILICIIIIMK, U  IIOTYYCHHBIE
pe3yIbTaThl OYeHb OOHANEKUBAIOT. Steins gatea TaKOB, UTO
mo0oe yITydIleHHe, cIelaHHOe B JF0OOM OIIOKe, YIydIIndT
O0MIyI0 TPOM3BOAMTENHFHOCTh TOAXOAA.. B  manpHeHmeM
IUTAHUpPYeTCS J0paboTKa ¥ ONTHMH3ALUSA pa3paboTaHHOTO
npunokenus.  Mcnome3ys  BALSE,  pexoMmeHmaTenbHBIE

CUCTCMbI MOI'YyT AaBTOMATUYCCKU TIOHNOJHATHL CBOIO 6a3y
JaHHBIX, rac HOBBIC 3JICMCHTBI IpoxoasiaT TPEK
MOPOrHO3UpPOBAaHUA TEroOB W MO/JCIb, YTOOKI OIlpaBaaTb
PEKOMCHAAIMN JId CBOUX TMEPBBIX HOHL3OBaTeJ'IeI7[, u
ABTOMATUYCCKU TMCPEXOAAT Ha OCHOBHOM TPCK, KoOrjaa
Ha6paHI)I JOCTAaTOYHBIC peﬁTHHFH.

@ Prediction results

¢ General Tag Confidence

L lgi @
2. thighhighs A m
3 solo m
4. redhair 1%
5. long hair S ¢ ]
6. breasts m
7. gloves m
8. weapon = m
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10. high heels (1404
11, tatoo @
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# Copyright Tag
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2. questionable m
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A hybrid convolutional and recurrent network
approach for spoken language understanding

Moath Al Ali
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Technology
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Abstract—In this paper, we are focusing on one of the most
famous NLP problems which is slot filling to approach the
state-of-the-art results on the ticketing problem to make the
Spoken Dialogue systems work more efficiently. We propose a
hybrid architecture, as a combination of a Recurrent Neural
Network and a Convolutional Neural Network models, for Slot
Filling in Spoken Language Understanding. Our network
model is built from stacked units of 1-dimensional CNN across
the temporal domain, which are used to train an RNN layer to
model dependencies in the temporal domain. Experimental
tests show extensive comparisons between different models for
NER (Named Entities Recognition). Results demonstrate the
effectiveness of hybrid models that combine benefits from both
RNN and CNN architecture compared over distinct RNN and
CNN models and also compared with other traditional models.
Experimental results show that our model achieves F1-score of
95.11 on benchmark ATIS dataset.

Keywords—SLU, slot-filling, Hybrid CNN and RNN, Deep
learning

. INTRODUCTION

The methodological revolution in spoken language
research had been started about 20 years ago when the
machine learning algorithms started to take place in the
programmer society. However, the last five years brought the
real change after the new deep learning architectures, which
led to a new level of solutions and the Spoken Dialogue
Systems (SDS) is one of the fields which had really
improved recently.

Spoken language understanding (SLU) is a Kkey
component of SDS pipeline. SLU is responsible for
extracting the semantic of users’ utterances or queries. SLU
can be divided into three main tasks: Domain classification,
intent detection and slot filing [1]. These three tasks aim to
capture the semantic in users’ utterances, where domain
classification task is to identify the domain of the utterance
(e.g., movies, flights, etc.), while intent detection task is to
figure out the user goal of the utterance (e.g., find movie,
find flight, etc.) and the slot filling task is to label each word
of the sentence as some parameter of the intent, for example,
if the intents is “find flight”, then the parameters can be (e.g.,
origin, destination, date, etc.). An example semantic frame
for a movie-related utterance, “find recent comedies by
James Cameron”, is shown in Fig. 1.

The main three tasks of SLU usually are treated
separately, so slot filling can be considered as a sequence
labeling problem, which aims to map the input sequence
X = (x4,.., xp), to the corresponding slot labels sequence
Y = (y{,.., y3), while domain classification and intent
detection can be treated as classification problems where the
goal is to determine the intent and domain labels y' and y®.
Popular

W find recent comedies by james cameron
4 4 X 1 1 4

S O B-date B-genre O  B-dir I-dir

D  movies

T find movie

Fig. 1. An example utterance with annotations of semantic slots in I0OB
format (S), domain (D), and intent (1), B-dir and I-dir denote the director
name

approaches for domain classification and intent detection are
classifiers like support vector machines (SVMs) [2] and deep
belief neural network methods [3]. Approaches for slot
filling include maximum entropy Markov models (MEMMs)
[4], conditional random fields (CRF) [5] and recurrent neural
network (RNN) [6] [7] [8]. But joint models for slot filling
and intent detection are used in [9] [10] [11] [12][13]. Joint
models simplify the problem of SLU, because on model
needs to be trained and fine-tuned and if they are well
designed, they can figure out the relationship between intents
and slots.

This work focuses on the slot-filling part by building a
model that extracts information from text in a reliable way.
Before the era of deep learning the task of Named Entity
Recognition (NER) was solved using grammars-based
models and rule-based approaches, these models have proven
to achieve good results in terms of precision but fail to
capture all human-text varieties and thus the recall will be
bad. Probabilistic approaches came with models built on
hidden Markov model (HMM), which were state-of-art for
many years and achieved an impressive achievement. With
the recent revolution, many deep learning methods has
replaced traditional previous ones and pushed state-of-art for
these tasks in. Recurrent Neural Networks (RNN) models
have replaced models based on HMM, that is RNN achieved
the same task in a simpler way and deep RNNSs are able to
capture complex representations for the input. The problem
with such models was that they need to handle the input
token-by-token in sequence. Therefore, such structures could
not be parallelized and the models will be slow to train and
inference if the neural network structure is deep. Convolution
Neural Networks (CNN) added a way to extract relations
between tokens by mixing them in a way similar to
extracting n-grams in the traditional NLP tasks. Such
architectures that contain CNN could be optimized by
parallelization so adding a convolutional layer could reduce
the complexity and control the size of the neural network. In
this paper, we discuss different approaches to solve slot
filling for ticketing task as a NER problem, and showed
different architectures that contain distinct RNN, CNN or
hybrid architectures ones. We conducted many experiments
with different values of the hyper-parameters and different
optimization methods.



Fig. 2. LSTM unit.

Il. RELATED WORK

Rule-based approaches are done manually, at first you all
needed roles should be written need to achieve the goal, this
operation is time-consuming and therefore not so efficient, it
will be notable that the recall does not have not a good value,
because it is so difficult to write all the varieties, but the
positives of ruled-based approaches the precision will be
quite high [14]. The most widely used formal system for
modeling constituent structure in English and other natural
languages is the Context-Free Grammar or CFG. A context-
free grammar consists of a set of rules or productions, each
of which expresses the ways that symbols of the language
can be grouped and ordered together, and a lexicon of words
and symbols [15]. In machine learning methods, we need a
dataset of text with markup, in this dataset, each word should
be assigned to a tag, this problem is known as slots filling
problem. The first which we should do is making some
Feature engineering, for example, see whether the word is
capitalized or it is a name of a city, some cities consists of
two words, maybe you check the previous or the next words
(context). Probabilistic modeling and Conditional Random
Field not only assume that features are dependent on each
other but also considers the future observations while
learning a pattern [16]. This combines the best of both HMM
and MEMM. In terms of performance, it is considered
previously to be the best method for entity recognition
problem. Another paper studied the comprehensive
investigations of RNNs for the task of slot filling in SLU.
They implemented and compared several RNN architectures,
including the Elman-type and Jordan-type networks with
their variants [17].

I1l. DEEP LEARNING METHODS

A. Recurrent Neural Network RNN

Recurrent Neural Networks Fig. 2 are used for sequence
modeling, it accepts input x, at time step t and a hidden state
h, and use this hidden state to produce output y,, and this
hidden state will be passed to the next time step. So, we can
think of the hidden state as a summary of the previous inputs
to the neural network, we use activation function such as
tanh or ReLU to calculate hidden state. Output y, is the
prediction of the next tag, it would be a wvector of
probabilities across our vocabulary, the following formulas
explain the general form of RNN:

he = f(Uxe + W he_q) (D

y: = softmax(V h;) 2)

_ ﬁ_. b & @

Fig. 3. General form of Recurrent Neural Network.

Long Short Term Memory (LSTM) and Gated Recurrent
Units (GRU) are used as RNN units, these units can capture
long term dependency. The LSTM does have the ability to
remove or add information to the cell state, carefully
regulated by structures called gates. Gates are a way to
optionally let information through. They are composed out of
a sigmoid neural net layer and a pointwise multiplication
operation [18]. The sigmoid layer outputs numbers between
zero and one, describing how much of each component
should be let through. A value of zero means let nothing
through, while a value of one means let everything through!
An LSTM has three of these gates Fig. 3, to protect and
control the cell state. The following formulas explain how
does LSTM cell work:

fi = oWy [hpo1,x] + by) 3)
ip = o(W; [he1, %] + by) (4)

C, = tanh(W,[he_y,x.] + b.) (5)
Co = fiCooy + i C, (6)

0 = o(Wo[he—1, %] + by) (7

h, = o,.tanh(C,) (8)

GRU has a simpler design Fig. 4 it was introduced by
Cho, et al. (2014) [19], The key difference between a GRU
and an LSTM is that a GRU has two gates (reset and update
gates) whereas an LSTM has three gates (namely input,
output and forget gates) [20]. The GRU unit controls the
flow of information like the LSTM unit, but without having
to use a memory unit. It just exposes the full hidden content
without any control. GRU is relatively new but
computationally more efficient. The following formulas
describe the GRU mechanism:

7 = o(W 5. [heer, %)) ©)
= oW . [he1,x.]) (10)
B, = tanh(W.[r.h,_, x.]) (11)
= (1 = 2z).hey + 2 * hy (12)



Fig. 4. GRU unit.

In our experiments, we used both GRU and LSTM units and
compared between them. Other sequence architectures like
Encoder-decoder architecture could be used to solve this
task, at first the whole input will be encoded into hidden
representation (encoder), and then this hidden representation
is used to produce sequence of tags (decode). Some
architectures use attention mechanism to give attention to
parts of the input sequence and use these information to
produce the output token.

B. Convolution Neural Network for sequences

RNNSs operate sequentially, the output for the second
input depends on the first one and so we can cannot
parallelize an RNN. Convolutions have no such problem,
each patch a convolutional kernel operates on is independent
of the other, meaning that we can go over the entire input
layer concurrently. Convolutions grow a larger receptive
bled as we stack more and more layers. That means that by
default, each step in the convolutions representation views all
of the input in its receptive field, from before and after it Fig.
5. In our experiments we used 1D convolution to mix the
tokens and extract relations between the consequence tokens,
it is equivalent to n-gram relation where n is the size of the
used filter, for example: if we care about the last 3 tokens we
use filter size 3. Using CNN will result in some benefits, it
runs faster than RNN and beats RNN in some tasks. If we
divide convolution output into two parts one through sigmoid
and linear and join them (element-wise multiplication), We
get gated linear unit. Here we increased receptive field as it
is shown in the following formula:

h() = X.W +b)® XV +c) (13

C. Hybrid model CNN RNN

This model combines the benefits of both CNN and
RNN, where RNN helps to capture the dependencies
between tokens in the users query, using LSTM or GRU
units will have resulted in a model that captures long-range
dependencies between tokens using memory cell in their
architecture. CNN will help with mixing the consequence
tokens and extract relations between them [21]. In the task of
slot filling, the hybrid architecture contains several
convolution layers stacked with the same padding and the
output of these layers will be the input for RNN layers Fig. 6,
we can also stack several RNN layers. After these RNN
layers, there will be a dense layer with SoftMax activations,
this layer represents the output of the network.

IV. EXPERIMENTS

A. Dataset

ATIS (Airline Travel Information System) corpus (Tur et
al., 2010) is one of the main data resources used in many
studies over the past two decades for SLU research in spoken

Fig. 5. Convolution Neural Network for sequences.

dialog systems e.g. [22] [5] [23]. Two primary tasks in SLU
are intent determination (ID) and slot filling (SF). The
dataset contains audio recordings of people making flight
reservations. The training set contains 4,478 utterances and
the test set contains 893 utterances. We use another 500
utterances for development set. There are 120 slot labels and
21 intent types in the training set [11]. The 10B format
(inside, outside, beginning) is a common tagging format for
tagging tokens in a chunking task in computational
linguistics, The B- prefix before a tag indicates that the tag is
the beginning of a chunk, and an I- prefix before a tag
indicates that the tag is inside a chunk. The B- tag is used
only when a tag is followed by a tag of the same type without
O tokens between them. An O tag indicates that a token
belongs to no chunk.

TABLE V. ATIS DATASET EXAMPLE

Sentence |show | me [flights|from | Moscow | to |London| Today
Slots/Concep O o O o B- O [I-toLoc B-
its [fromLoc departDate
Named ¢} o O o S-city O ([l-city |O
Entity
Intent Find Flight
Domain AAirline Travel

The Table. | shows an example in the ATIS dataset,

with  the annotation of slot/concept, named entity, intent as
well as domain. The latter two annotations are for the other
two tasks in SLU: domain detection and intent
determination. We can see that the slot filling is quite similar
to the NER task, following the 10B tagging representation,
except for a more specific granularity.

B. Training Details:

In training, we compared between different models for
NER (Named Entities Recognition) system, all the models
were trained using 100 epochs. We tuned our models using
different dropout values (0.1, 0.25, 0.5) and we used
different optimization methods (ADAM, RMSProb, SGD).
For the embedding layer, we represent each token by a vector
of size 100, and for our choice for the convolution layer we
used 64 filters of size 5 and used ReLU as an activation
function. The hidden size of the GRU/LSTM unit is 100 Fig.
7. Our architecture will go as following, input layer which is
a sequence of tokens represented by indices using bag of
words, embedding layer will represent each token with a
vector, the vector size is a hyperparameter for the network,
this embedding layer is followed by one of the main choices
of the layers discussed above, recurrent neural network,
convolutional neural network or a hybrid model which
contains layer of CNN followed by layer of RNN.



Fig. 6. Hybrid model CNN/RNN

C. Evaluation Metrics:

For evaluation, we computed precision, recall and F1
score for training and validation sets, and we picked the
model with the best value of the F1 score. For Slot filling,
the error rate can be computed in two ways: The more
common metric is the F-measure using the slots as units.
This metric is similar to what is being used for other
sequence classification tasks in the natural language
processing community, such as parsing and named entity
extraction. In this technique, usually the 10B schema is
adopted, where each of the words is tagged with their
position in the slot: beginning (B), in (1) or other (O). Then,
recall and precision values are computed for each of the
slots. A slot is considered to be correct if its range and type
are correct.

TABLE VI. COMPARISON BETWEEN DIFFERENT DEEP
LEARNING STRUCTURES.

Structure description Precision | Recall |F1-score | Average
Hybrid structure(94.47 95.61 [95.04 94.89 0.15
Convolution1D
and RNN/GRU with dropout
0.25
Convolution1D structure with [91.75 90.57 [91.16 91.010.1
dropout 0.25
RNN/GRU  structure  with(93.02 93.12 [93.07 92.48 0.42
dropout
0.25
TABLE VII. COMPARISON BETWEEN HYBRID STRUCTURES

BASED ON OPTIMIZATION MODEL.

Structure description Precision | Recall |F1-score | Average
Hybrid structure(94.47 95.61 [95.04 94.89 0.15
Convolution1D
and RNN/GRU with dropout
0.25; RMSProp
Hybrid structure/94.71 94.95 [94.83 94.67 0.23
Convolution1D
and RNN/GRU with dropout
0.25; ADAM
Hybrid structure(94.22 94.65 [94.44 94.230.16
Convolution1D
and RNN/GRU with dropout
0.25; SGD
D. Results

During evaluation process we focused on the difference
between the use of different architectures of neural networks,
we compared also between different optimization methods

for the best neural network structure and at the end we
included

embedding_8

embeddings {572=100}
input_dim = 572
output_dim = 100

embedding_8

kernel {5=x100=<643%
bias {64}

filters = 64
kernel_size = 5
padding = "same”
activation = "relu”

convld 8

kernel {64=<300}
recurrent_kernel {100=3003%
bias {3003
return_sequences = true
units = 100
recurrent_dropout = 0
reset_after = false

gru_8

™
- ~

time_distributed_8

kernel {100=<127)
bias <127»

units = 127
activation = "softrmas”
L.

time__distributed_ 8

Fig. 7. Best Model Architecture, convolution layer with RNN layer of
GRU units without dropout.

a comparison based on the type of recurrent unit used in the
model.

Our results show that hybrid architectures perform better
than other pure RNN or pure CNN models Table. 1I, when
we used dropout 0.25 and RMSProb optimization method ,
we got Fl-score 95.04 for hybrid model compared with
91.16 for convolution model and 93.07 for recurrent model.

Our results show also that the use of RMSProb resulted
in the best models according to fl-score metrics Table. IlI,
under the same dropout 0.25 and hybrid model, we got F1-
score equals to 95.04 for RMSProb compared with 94.83
when we used ADAM optimization model, and 94.44 when



we used SGD. Result show that the effect the Hybrid
structure ConvolutionlD and RNN/GRU without dropout
using RMSProp optimizer is giving the best F1-score 95.11
comparing with different levels of dropout on the same
architecture Table. IV Based on the recurrent unit used in
our experiments, GRU based

TABLE VIII. COMPARISON BETWEEN HYBRID STRUCTURES
BASED ON THE USED RECURRENT UNIT.

Structure description Precision | Recall | F1-score | Average
Hybrid structure(94.47 95.61 [95.04 94.89 0.15
Convolution1D
and RNN/GRU with dropout
0.25;, RMSProp
Hybrid structure/94.36 05.17 [94.76 94.40.35
Convolution1D
and RNN/LSTM with dropout|
0.25; RMSProp

TABLE IX. COMPARISON BETWEEN DIFFERENT DEEP
LEARNING STRUCTURES BASED ON DROPOUT VALUE.

Structure description | Precision | Recall | F1-score Average

Hybrid structure(94.98
Convolution1D

and RNN/GRU without|
dropout; RMSProp

95.47 |95.11 94.69 0.47

Hybrid structure/94.29 05.31 [94.82 94.42 0.28
Convolution1D
and RNN/GRU  with

dropout 0.1; RMSProb

Hybrid structure(94.47 95.61 [95.04 94.89 0.15
ConvolutionlD
and  RNN/GRU  with

dropout 0.25; RMSProp

Hybrid structure(93.3 94.6 93.95 93.250.43
ConvolutionlD
and  RNN/GRU  with

dropout 0.5; RMSProp

hybrid methods with fl-score 95.04 compared with
LSTM based hybrid models with f1-score 94.67, GRU units
improved the score by 0.37% Table. V. Our results show
that the hybrid CNN/RNN-based models outperform Bi-dir.
Jordan- RNN baseline by 1.13% on the ATIS benchmark
Table. VI.

TABLE X. COMPARISON BETWEEN HYBRID STRUCTURES
BASED ON THE USED RECURRENT UNIT.
Models Precision | Recall | Fl-score
Jordan-RNN [17] 92.76 93.87 93.31
Bi-dir. Jordan-RNN [17] 93.82 94.15 93.98
Hybrid structure (Our) 94.98 95.47 95.11

V. CONCLUSION

This paper addresses the problem of slot filling in Spoken
Language Understanding. In particular, we focused on slot
tagging without paying attention to the other intent
classification part. We formulated our learning architecture
as a hierarchy of spatial CNN features followed by the RNNs
to model dependencies in the temporal domain. Experimental
results on the ATIS dataset consistently demonstrated the
effectiveness of the proposed approach. It is good to mention
that combined models that solve the two tasks at the same

time could be implemented and these models had proven to
lead to better performance. But still, in the way to implement
a full chatbot, we will need to generate human-like text in
response to users input. In future work, we intend to explore
the incorporation of attentional mechanism in our model,
which could provide additional information to the slot label
prediction.
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Armomauuﬂ — PaccmarpuBaertcst mpodieMa moCTpoeHUst
(uioreneTnyeckoro paepesa s ciaydaeB, Korga TtpeOyercs
o0padoraTh 0obIIOH 00beM HaHHBIX. [IpuBOANMTCS OoMMcaHue yxKe
CYIIECTBYIOIIIMX HWHCTPYMEHTOB H AJTrOPUTMOB, JICKAIUX B HX
OCHOBe, 2 TaK¥ke MX CpaBHeHHMe Mexkay co0oii. Momuduuuposan
OUH nu3 0a30BBIX aJIrOpUTMOB, AJIst MOAACPKKHA
pacnapaJuieleHHbIX KJIACTEPHBIX BbluncaeHuil. Peanu3oBan Bed-
uHTepdeiic A B3aumoaeiicteusa ¢ npuiaoxkenuem. Ilpuioxkenune
3arpy:eHo Ha 00Ja4HbIH XOCTHHI M JOCTYNHO B cetu UHTepHer.
IIpu momomu AAaHHOr0 NMPUWJIOXKEHHMS OBLIO BBIYUCJICHO JAEpeBO

PAacCTOSTHUI 1151 IBYX COTE€H T€eHOMHBIX HEMOYeK.
Kniwoueevie cnoea — @OUHIIOTEHETHKA, BIG DATA,

BHOHH®OPMATHKA, JIEPEBO J3BOJIIOIIHH, CLOUD
COMPUTING, NEIGHBOR JOINING, K/IACTEPHBIE
BBIYUC/IIEHHA

l. BBEJIEHUE

VY KaXKAOro >XKMBOrO OpraHu3Ma ecTb HaOOp TI'€HOB WIH
IeHOMHAasl TOCJeNOBaTeNnbHOCTh. [laHHbIe, copepikariuecs B
TEHOMHOW T0CJIE0BATEILHOCTH, coAepkaT WHpopMauoo 00
9TOM oOpraHu3sme. B 1mporecce 9BOJIONMH  OPraHU3MbI
W3MEHSUINCh, U3MEHSUIMNCh UX T€HOMHBIE MOCIIE0BATEIbHOCTH.
Bbuto obHapyxeHo, 4TO y OJM3KHX OpraHHU3MOB MOTYT OBITh
CXO)KHe TeHOMHbIe mnocienoBatensHocTd [1]. Ecnu Hayuuthes
CUUTATh PACCTOSHUS MEXKIy TAKUM TOCIEI0BATEILHOCTSIMHU, TO
MOXKHO TOJIYYHTh WHCTPYMEHT, MO3BOJISIONIMN aHAU3HPOBAThH
XOJ1 BOITOLMH JKHBBIX OPTaHU3MOB 110 X T€HOMAaM.

Qunorenust  [2] - pasmen  OWONOTHM,  U3Y4YaIOIIWA
POINCTBEHHbIE B3aUMOOTHOIICHUS PpasHbIX TPYHIl JKHUBBIX
opraHu3MoB. DuioreHur0 oToOpaxkaeTcss OOBIYHO B BHJE
"9BONIOIMOHHBIX JpeB" [3] WM CHCTEMAaTHYeCKUX Ha3BaHUIL.
duroreHeTnka WM MOJNEKYJpHAs (QUIIOreHeTnKa — 310 Te XKe
B3aMMOOTHOIICHUS, HO Ha YPOBHE OTHEIBHBIX OEIKOBBIX

CEMEMNCTB. ABTOMaTH3aAIU MeTona MOCTPOCHHUS
(UITIOreHeTHYECKUX JIEPEBbEB MO3BOIISET MPOBOIUTH CPABHEHUE
HECKOJIBKHX OMOJIOTHYECKHX 00BEKTOB, a TaKOKe

PEKOHCTPYHPOBATH JEPEBO ABOJIOLMN VISl STHX OOBEKTOB.

B mocnennue roabl B TOBCEMECTHO BO3pPOC HMHTEpEC K
OBICTPBIM ~ OOJIAYHBIM ~ BBIYUCICHHUSIM, KOTOPBIC IIO3BOJISIOT
MIPOBOJIUTH PACIIPEACICHHbIC MAHUITYJISAMA HaJ OOJBIIUMU
obbeMaMy JTaHHBIX, B TOM 4uciie u Oouomoruu [4]. B cBm3u ¢
3TUM OBLIO PEIICHO MOCTPOUTH COOCTBEHHYIO IIATHOPMY.

B manHOW cTaThe pacCMOTPEHBI CYIIECTBYIOIINE CIOCOOBI
TIOCTPOCHUS (PHITOTEHETHYECKUX JIEPEBBEB, MPOBEACHO KPATKOE
CpPaBHEHHE  CYIIECTBYIOIIMX  AQJTOPUTMOB  ITOCTPOCHUS
(uIOreHeTHUECKUX JIepeBheB. B craTthe OymeT mpencTaBieHO

OIMCaHWE pPEANTN30BAaHHOTO W MOJM(MUIMPOBAHHOTO JUIS
KJIaCTEPHBIX BhIUUCIcHUH anroputMma Neighbor Joining [5],
KOTOPBIi JIGKUT B OCHOBE TaK)Ke IPEJCTABICHHOT0 B JJaHHOU
crathe npuiioxeHus. OCHOBHBIE TPeOOBaHUS K MPUIIOKESHHUIO
— 93T0 JokHA ObITh oOOmaynas PaaS mnardopma,
MPEIOCTaBIISIONIAs TT0JIb30BATENI0 BO3MOXKHOCTh ITPOBOUTH
BBIYKCIICHHS (PUIIOTeHETHYECKOTr0 JiepeBa 13 Opaysepa.

II.  OB30P AJITOPUTMA

DunoreHeTH4ECKOe JEPEeBO — JIEPEBO, OTpaKkarollee
HBOJIOIIMOHHBIE B3aMMOCBS3U MEXIY PazIHMYHBIMH BHIAMHU
WM JIPYTUMH CYIIHOCTSIMHM, WUMEIOIIMMHU OOILIEro MpesKa.
Wnes «nepeBa» MOsBIIAch B paHHMX B3IVIIaX HA XKHU3Hb,
KaK Ha TPOLECC Pa3BUTHUS OT HPOCTHIX (POPM K CIIOMKHBIM.
CoBpeMEHHbBIE  HBOJIIOLMOHHbIE OHOJOTH  MPOJOJDKAIOT
UCIIONB30BaTh JEPEBbsl AJISl WLIIOCTPALUM 3BOJIOLMH, TaK
KaK OHM HAIJIIIHO TIOKA3hIBAIOT B3aMMOCBA3H MEXIY

KUBBIMH  OpraHH3MaMH. IIpumep  Takoro  nepesa
npezcTaBieH Ha Pucynke 1.
PUnoreHna XXMBbIX OpraHM3mMoB
BaKTepum Apxen 3yKapHoThbI
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Puc. 1. ®unorenernyeckoe q1epeBo

JanHbIe 00 opraHn3Max Kak MPaBUIIO XpaHATCS B (haitmax
B (Qopmate “fasta", TOe cHMBOIOM <«>» TOMeEdYaeTcs
uHpOpMALUs O IIOCIIENOBATENLHOCTH, a 3a Hel ciemyer
MOCIIEAOBATEIbHOCTE OYKB, KOOUpyMOmas OeloK WU
AMUHOKHUCIIOTY, KaK II0Ka3aHo Ha PucyHke 2.



>gi|532319 |pir|TVFV2E|TVFV2E envelope protein
ELRLRYCAPAGFALLKCNDADYDGFKTNCSNVSVVHCTNLMNTTVTTGLLLNGSYSENRT
QIWQKHRTSNDSALILLNKHYNLTVTCKRPGNKTVLPVTIMAGLVFHSQKYNLRLRQAWC
HFPSNWKGAWKEVKEEIVNLPKERYRGTNDPKRIFFQROWGDPETANLWFNCHGEFFYCK
MDWFLNYLNNLTVDADHNECKNTSGTKSGNKRAPGPCVQRTYVACHIRSVIIWLETISKK
TYAPPREGHLECTSTVTGMTVELNYIPKNRTNVTLSPQIESIWAAELDRYKLVEITPIGF
APTEVRRYTGGHERQKRVPFVXXXXXXXXXXXXXXXXXXXXXXVOSQOHLLAGILOQQOKNL
LAAVEAQQOMLKLTIWGVK

Puc. 2. 3anuce B fasta-daitne

B 3agayax QuioreHeTMKHM Kak TPaBUWIO ITPUXOTUTCS
CTaJIKMBAThCSl C PEUICHHEM IMpOOJIeM, CBSI3aHHBIX C IBOJIIOLHEH
CHUMBOJIBHBIX Iieriouek. [Ipumep Takoil 3BOJIONMH B LETIOYKE
IpefcTaBieH Hxke Ha Pucynke 3.

I ->L ACGCTAFKL

ACGCTAFKI [

A ->G
GCGCTAFKI

Puc. 3. DBomonus CHMBOJIBHBIX 11ETTOYEK

DOBOMIONHMS LENOYeK MOXKET ObITh BBIYMCICHA Ha METOAAX,
OCHOBBIBAIOIIMXCS Ha BBIYMCICHUM BCEX NUCTAHLUH MEXIY
LETI0YKaMH, JTMOO Ha CUMBOJBHBIX METOAAX, OCHOBBIBAIOLINXCS
Ha aHaJIU3e LENOoYeK MOCUMBOIBHO. [lokaxeM paboTy MeTonOB

HarJIHO Ui Habopa reHOMOB, IPECTaBIEHHOr0 Ha PucyHke
4.

Characters
Species ATGGCTATTCTTATAGTACG

A
Species B ATCGCTAGTCTTATATTACA
Species C CACTAGACCTGTGGTCCA
D
E

Taxa

Species GACCAGACCTGTGGTCCG
Species GACCAGTTCTCTAGTTCG

Puc. 4. TecToBblit HAOOP TEHOMOB

CHUMBOJNBHBIA METOJ ITOJpa3syMeBaeT HCIIONB30BAHUE YiKe
BEIDOBHEHHBIX LIEMOYEK BO BpeMs IIOCTPOEHHs JepeBa. B
Ka4yecTBE KPHUTEPHUS ONTHMAIBHOCTH HCHOJB3YETCS KPUTEpHUH
«MaKCHUMaJIbHOHM JKaJJHOCTH» - HCIIOJNIB30BAHHE MHHHMAIBEHOTO
KOJIMYECTBA SBOJIOIMOHHBIX COOBITHH (pa3BeTBIeHH). Meton
npencrasieH Ha Prucynkax 5, 6. OObsSCHeHNE JaHHOTO MOIX0a
BBIXOJUT 32 PaMKH [aHHOW CTaThH, IOAPOOHBIA ANTOPHTM
paboTBl MAaHHOTO METOAa MOXKHO HAWTH B IyOJIHKAIUA
“Constructing Phylogenetic Trees” (Regina Krisztina Bir6) [6].

A ATGGCTATTCTTATAGTACG
B ATCGCTAGTLCTTATATTACA
c CACTAGALCTGTGGTCCA
D GACCAGALCTGTGGTCCG
E GACCA CTCTAGTTCG

Puc. 5. BolpoBHEHHBIE F€HOMHBIE [[EIIOYKH

Puc. 6. CUMBOJIBHBIH METO IOCTPOCHUS IepeBa

JucrtaHMOHHBIH MeTox TpeOyeT IOCTPOCHUSI HOBOM
MaTpULbl,  IPEICTABICHHOW, B  KOTOPOM  IIOIApHO
CPaBHMBAIOTCSI BCE pacCMaTpUBAEMbIE MOCIIEOBATENBHOCTH,
TaKKe NpecTaBicHHble Ha Pucynke 7.

Tabnmuua momy4aeTrcsi IyTeM BBIYHCICHUS METPHKH
paccTosHUS TOMApHO MEXAYy KaXKABIM U3 TE€HOMOB,
MPE/ICTABJICHHBIX Ha BXOJE. JTOM METPUKOH MOXET ObITh,
HampuMmep, paccrogHue JleBeHmITelHa WM Jr000e Apyroe,
MOKa3bIBAIOIIEee  KOPPEIIUI0  MEXAY  CHMBOJIBHBIMH
nenoukamud [7]. B gaHHOM mpuMepe Ui TPOCTOTHI
OrpaHuYuMcsl METpUKoH JIeBeHITeHa.

Species A ATGECTHTCCTTA Al
Species B A @C AGI'CTTA Al
Species C CTAGACCTGTGGTCCA
Species D GACCAGACCTGTGGTCCG
Species E GACCAGTTCTICTAGTTCG

Puc. 7. T'eHOMHBIE LIEMOYKH JJIs1 JUCTAHIMOHHOIO METOAA



A B Cc D E

Species A ---- |0.20 |0.50 0.45 0.40
Species B 0.23 "====—0.40 0.55 0.50
Species C 0.87 0.59 ---- 0.15 0.40
Species D 0.73 1.12 0.17 ---- 0.25
Species E 0.59 0.89 0.61 0.31 ----

Puc. 8. Marpuna nonapHsIX pacCTOSHUI

Ilony4yennas MmaTpuma npeacraBieHa Ha Pucynke 8. B
BEpPXHEH  YacTM  HaxomsATCs  pe3ynbTaThl  CPaBHEHUS
TIOCIIEIOBATEIHHOCTEH TPH TIOMOIM BBIYHCICHUS PACCTOSHUS
JleBeHmreiiHa, B HIDKHEH 9aCcTH HAXOJUTCS CKOPPEKTUPOBAHHOE
o ¢opmyne Ixykeca-Kantopa (1) 310 sxe paccrosHue.

3 4
K(A,B) = —Zln (1 - §D(A, B)) (€))
IMoce 3TOro MPOUCXOAUT OOBETUHEHHE Y3IIOB B ICPEBO MPH

MIOMOIIA Me€ToAa OmmKalIIMX cocelel, Kak II0Ka3aHo Ha
Pucynxke 9.

A
Species A -—----
Species B 0.23
Species C 0.87
Species D 0.73
Species E 0.59

Puc. 9. O6benunenue y3ioB gepesa

1. OB30P CYILECTBYIOLMX PEILEHUI

B xone naHHO# paboThI ObUIM M3YYEHbI MPUHILHUITEI PaOOThHI
YK€ CYIIECTBYIOIIMX HMHCTPYMEHTOB IS 3a7a4 IOCTPOCHHUSI
(UITOreHeTHIECKUX IePEBhEB.

Ha pucynke 10 mpencraBneHa cBoAHas TaOnMua st
OCHOBHBIX CYIIECTBYIOIMX HHCTPYMEHTOB.

OIHHM U3 CambIX TOYHBIX SBILSICTCS HHCTPYMEHT IO
Haspanmem FastTree [8]. DTor WHCTpyMEHT OMyONHMKOBaH B
OTKPBITOM JOCTYIIC U HACYHTHIBACT HOPSAKA IISATH THICSY CTPOK
koma. PeanmszoBan Ha sppike nporpammupoBanmst C ¢
HCIIOJIb30BAaHHEM OUOIMOTEKH OpenMP [9] JULSt
pacnapajienuBaHus — BbluMCIeHuWM. Eciu  cpaBHMBaTh €
OCTaJbHBIMH MHCTPYMEHTAMH U3 TaOJHIbBL, TO HA HEM MOXKHO
BBIYUCIAITE  (DUJIOTEHETHYECKOE  JEPEBO,  COCTOSINUE U3
OPHMEPHO CeMHIECATH IEBSTH  THICSY BXOJIHBIX
MOCJIEAOBATEILHOCTEHl TEHOMOB C BBICOKOM TOYHOCTBIO. DTOT
QITOPUTM, KaK M BCE OCTAlbHBIC, IIOCTPOSH Ha 0ase yxe
paccMotpenHoro Boimie anropurma Neighbor Joining.

OmHo# u3 cambIx cnabbix yacreit anropurma Neighbor
Joining seisercst morpe6enne mamsty (O(N”2)), TOCKOMBKY OH
TpeOyeT BBIYKCIIEHHS MOMAPHBIX PACCTOSHUN MEKIY KasKIbIM
FEHOMOM.

Topological accuracy for simulated alignments with varying

numbers of sequences
#Sequences 250 1,250 5,000 78,132
Type aa. aa aa nt
RAXML 7 (JTTCAT + SPRs) 90.5% 88.4% 884% --
PhyML 3.0 (T4 + SPRs) 899% -- - -
FastTree 2.0.0 JTT+CAT or JC+CAT) 86.9% 83.7% 84.3% 92.1%
PhyML 3.0 (T4, no SPR) 86.0% -- - -

81.7% 80.1% - -
79.6% 71.7% 753% -
711% 73.7% 73.1% -
76.8% 76.5% 694% --
BIONJ (log-corrected distances) 76.6% 73.0% 723% --
Neighbor-joining (log-corrected distances) 76.0% 72.6% 71.6% 66.1%
755% 723% 71.5% 58.1%

PhyML 3.0 (no gamma, no SPR)
FastME 1.1 (log-corrected distances)
BIONJ (max-lik. distances)
Parsimony (RAXML)

Clearcut 1.0.8 (log-corrected distances)

Puc. 10.Criucok 0CHOBHBIX HHCTPYMEHTOB JIJIsl IOCTPOEHHs
(unoreHeTHUECKUX JepeBbeB

OTUM U 00BACHSETCS, YTO OOJBLIMHCTBO MHCTPYMEHTOB
HEe CHOpaBisercdi ¢ TakuM OONBIIMM  KOJIWYECTBOM
BBIUHCIICHHI B MAMSITH.

B cinyqae FastTree wucnonb3yercs MomuduipoBaHHast

BepCHsI aNropuT™Ma [10, 11], noTpebIsIoIIast
O(N*La+N*sgrt(N)) mamsru.

C rToukm 3peHus momb3oBaTens  FastTree
OpeacTaBisieT co0OW  KOHCONBHYIO — YTHJIMTY, KOTOpas

npuHEMaeT Ha Bxox ¢aiin B dopmare fasta, a Ha BeIxOmE
otmaer dumorenernyeckoe mepeso B Newick-dopmare [12].
JUi1st OTPUCOBKH JiepeBa HEOOXOAUM OTACNbHBIH HHCTPYMEHT,
JUTS ATOTO YacTo ucroib3yercss MEGA [13].

IV. PEAJM3ALIMSA COBCTBEHHOI'O

MHCTPYMEHTA
B xome manHOii paboThl OBUIO pelieHo pa3paboTaTh
COOCTBEHHBIH WHCTPYMEHT, CIIOCOOHBIIH CTPOUTH

(huoreHeTHUECKOE AEPEBO HA OONBIINX 00beMax JaHHBIX. B
pa3pabaTbiBaéMOM HHCTPYMEHTE B HACTOSIIMI MOMEHT JUIs
BBIYKCIICHHSI JIepeBa HCIIONB3YETCS HAWBHAS peallu3alus
arroputma Neighbor Joining, mpencraeineHHas BO BTOPOi
rnae. OfHAKO, VIS IPEOJIONICHUS] OTPAHUYCHHN 10 TTAMSITH,
ANrOPUTM peaju30BaH JUisl 3allycka Ha KiIacTepe, 4YTo
[IO3BOJISIET npu HEOOXOIUMOCTE TOPU3OHTAJIBHO
MacirTabupoBaTh BBIYHCIIUTEIBHYIO MOIIHOCTb —
YBEJIMYMBATh KOJIUYECTBO BBIYMCIUTEIBHBIX Y3JI0B, a HE
YBEIINYMBATh BBIYUCIIUTENBHYIO MOIIHOCTbD, a,
CIIE/IOBATENIBHO, M CTOMMOCTh KKAOTO Y3i1a, KaK 3TO
PEan30BaHO B OCTANBHBIX AITOPUTMAX.



FastTree
with Local Support

Traditional Neighbor Joining
with Bootstrap

ACETACGTACGT

Alignment (Nx L) »
alphabet size:a <

a4

Alignment (Nx L) :
alphabet size: a

ar.
T
ar.

QO(NLa) time

“Total proi+ile“ &Tﬁc TAC T

Resample 100 times:
top hit heuristic + O(N*"La) time

Resampled alignment

O(NL) time Top N'* hits for each sequence
Distance matrix (O(N?) space) =g & Best hit of each sequence
O(N?) time

Total “out-distances” Start with a star topaology, N

do N-3 joins:
O(N'?(log (N}+La)) time

Start with a star topology, ’/A\
Best join among best hits

do N-3 joins:
exhaustive

O(N?) time hill-climbing + O(N'"2log(N)La) time
search  Best join Best local join (using top hits)
ﬁ O(N) time O(La) time
Distances to new node Profile of new node (O(La) space)
O(N) time j O(La) time
Updated out-distances Updated total profile
O(N'°La) time

Top N'?hits of joined node
& Updated best hits
& Updated top hits (if “refresh”)
100°0(NE) or

100°O(N?) time v AR\

Tree topology
min. evo. criterion O(NLa) time
Tree with local support
total time: O(N**log(N)La)
space: O(N*? + NLa)

Resampled tree /X\

compare irees

Tree with bootstrap support
total time: 100*O(N* + N°L)
space: O(N*+ NL)
Neighbor Joining Criterion: find the join that minimizes
d'(A,B) = d(A,B) — r(A) — r(B)

Distances to joined nodes:

Neighbor joining: d(AB,C) = (d(A,C)+d(B,C))/2 —d(A,B)/2

FastTree: = P((A+B)/2,G) — u(C) — u(AB)
Average oul-distances:

Neighbor joining: r(A) = ¥ d(AX)/(n-2)
n*P(A, X X/n) — P(AA) =X (u(A)+u(X))

n-2

FastTree:

Puc. 11.CpaBuenue anroputma FastTree n nausaoro Neighbor Joining

WHcTpyMeHT Ha JaHHBII MOMEHT HaXOJIUTCS B pa3paboTke B
craguu “Proof of Concept”. K HacrosiimeMy MOMEHTY ObIT
pasBepuyT Kiacrep Apache Spark [14], peamuszoBan anroputm
MOCTPOCHUSI MATPHIBI paccTostHuiA, a Takke Neighbor Joining
anmroput™m.  Taroke  peamm3oBaHa  mpoctas — BeO-¢opma,
MO3BOJIIOIIAS 3arPy)KaTh HaHHBIC IS aHamm3a. lIpuiokeHne
3amyiieHo Ha obagHoi miatdgopme Heroku u moctymso B cetr
HurepHer.

Ha Pucymke 12 mpencraBieHa TIOCUMTaHHAs MaTpHIla
paccrosHuE a1 TecroBoro mpumepa amropurtMa Neighbor
Joining u3 BTOpO#i IIaBHL

D|TTGACC

Puc. 12.Marpuua paccrosHuit

Choose file to upload
nos Chainei M smCpae:

Submit

Result tree: (c:0.1125,(((a:0.0750,b:0.1250)0.0:0.1875,0:0.1375)0.0:0.1125,d:0.0500)0.0:0.0500)0.0;
Result table

nametaxon
a  ATGGCTATTCTTATAGTACG
b ATCGCTAGTCTTATATTACA

4

Puc. 13.Be6-npunoxenue

C
0 O—a
0
0 e
—
—
0.09

Puc. 14.Busyanu3zanus TeCTOBOro JiepeBa

Ha Pucynke 13 mnpencraBmen BeO uHTepeiic,
JOCTYIHBII TS TIONB30BATENs B ceTH VIHTEpHET 10 CChUIKE
[https://blooming-wave-47898.herokuapp.com].
Heo6xomumo BEIOpath ¢aitn B (opmare fasta u sarpysuth
ero Ha caift, mocie Wero Haxarthb “‘Submit”. Tlpuroxenue
MPOBEIET pacueThl U BepHeT aepeso B popmare Newick. [Tims
BU3YaJIM3alliK BOCIIONB3yeMcst Beb-ceprrcom etetoolkit [15].

CTOUT OTMETHUTB, YTO BXOIHBIM MapaMETPOM OIIUOKH
JUIL  KaXIoro  pa3paboTyWka  sIBISIETCA  CPEmHSA
OTHOCHTENbHAsI MOTPEHIHOCTh OIEHKH  Pa3pabOTUMKOM
3aJaHUi Ha MPOLUIONW UTEpalMK pacuera MoJenu. YeM Hibke
KimaccuuIpyeTcs  TOYHOCTh  OLEHKH  KOHKPETHOTO
pa3paboTdrka, TeM HIKe BeCOBOU KO((OUIMEHT ero OIeHKH



B COBOKYITHOM OIIGHKE CTOMMOCTH CIIEAYIOUIeH HTepaiuu
MIPOCKTHOU Pa3padOTKH.

V. 3AKJIIOYEHUE

B nanHO# pabore ObLma paccMOTpeHa 3ajada ITOCTPOCHUS
(UIOreHeTHYEeCKOro JiepeBa sl cilydaeB. BpUIO mpuBeneHO
OIMCAaHWE IIOMYISAPHBIX WHCTPYMEHTOB, a Takke Oblia
NpUBe/ieHa TaOJHIA CPaBHEHHS STHX WHCTPYMEHTOB MEXIY
coboii. Bwu1 paccMoTpeH 0a30BBI  AITOPUTM  OOBETUHCHUS
coceield, JIeKaIUi B OCHOBE OOJIBIIMHCTBA HHCTPYMEHTOB 3TOH
obnactu. bBputa mpuBeneHa coOCTBEHHAs peau3anusl 3TOTO
aIropuT™Ma Uil KJIacTepHOW — MH(MPACTpYKTyphl.  bBpuio
peaan30BaHO BeO-TIPHIIOKEHHE, MTO3BOJISIONIEE MOITB30BATEISIM
B3aMMOJIEHCTBOBATH C IIporpamMmoii B cetu HTEepHET

B nmanpHelimeM miaHupyercst MOAW(HIMPOBATH aITOPUTM
MIPOrpaMMBbI — OIPOOOBATH Pa3HbIe METPUKU PACCTOSIHUS MEXKITY
TIOCIIEIOBATEIBHOCTSAMHY, aIallTUpOBaTh anroput™ FastTree s
pacnpeseneHHOl paboThl B KiacTepe. Taioke NnaHUpyeTcs
MIPOBECTU CPABHUTENIBHBIA aHAN3 COOCTBEHHOHW NMPOTrpaMMbl C
yXKe CYIIECTBYIOUIMMH Ha OJWHAKOBBIX HaOopax OOJIBIINX
JAHHBIX.
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Abstract—Indonesia, by the location of its geographic and
geologic, it have more potential encounters for natural disasters.
This nation is traversed by three tectonic plates, namely: Indo-
Australian, the Eurasian and the Pacific plates. One of the tools
employed to detect danger and send an early disaster warning is
sensor device for ocean waves, but it has drawbacks related to the
very limited time gap between information/warnings obtained and
the real disaster event, which is only less than 30 minutes. Natural
disaster early detection information system is essential to prevent
potential danger. The system can make use of the pattern
recognition of images that take place during the natural disaster.

Keywords—natural disasters; CNN; images ; videos; wildfire;
flooding, earthquakes.

l. INTRODUCTION

Natural disasters like hurricanes, wildfire, earthquake, flood,
tsunamis, and volcanic eruption often have catastrophic effects
on human lives and cause significant infrastructure harm. It is
challenging to detect these disasters as quickly as possible
before it can largely affect human and animal lives. Remote
sensing applications are used for this purpose. Images captured
from the satellite are assessed to identify any abnormal change
in the atmosphere, which may lead to a natural disaster.
However, these systems are still not fully automatic and require
human effort to analyze satellite images properly. Use of human
resources for this purpose makes this process time-taking and
also human error-prone. Recently, a wildfire in Amazon
rainforest got the attention of the world when NASA released a
satellite image of the burning forest. The forest could be saved if
we can detect wildfire at an early stage and take appropriate
action to minimize losses.

Current advances in remote sensing applications yield
significant success in the management of natural disasters. It still
requires human effort and time to analyze images, which causes
a delay in prediction. This challenge leads to a substantial loss of
infrastructure and lives. Therefore, a fully automated system is
the need of the hour, which can identify these natural disasters
with minimum time delay. This system can prevent the loss of
precious human lives and other resources.

In this study, we developed an automated calamity detection
system using deep learning, which can predict disasters .

Il. APPROACH

A. Methodology

This section first provides a preview of the CNN algorithm,
and then elaborates the procedure of the susceptibility model

development through a series of processes including data
preprocessing and sample library generation, model
architectures design and parameter adjustment, and
performance evaluation. Finally, the detailed methodological
flowchart is described.

B. Preview of Convolutional Neural Network

Convolutional neural network (CNN) is one of the most
notable DL approaches and has exhibited robust performance
in feature learning for image classification and recognition. It
is a feed-forward neural network whose parameters are
trained by using the classic stochastic gradient descent based
on the backpropagation algorithm (Hu et al. 2015).

Generally, the CNN consists of several building blocks—
convolutional, pooling, and fully connected layers
(YYamashita et al. 2018). The different types of processing
layers play different roles. The convolutional layers, which
perform linear convolution operations between the input
tensor and a set of filters, output the feature maps. Typically,
each feature map is then followed by a nonlinear activation
function. The rectified linear unit (ReLU), which performs
the nonlinear transformation of the feature map generated by
the convolution layer and introduces nonlinearity into the
system, is the most commonly used activation function.

The purpose of the convolution operation is to extract
different input layer features and achieve weight sharing. The
input and output of each stage are sets of arrays called feature
maps. For example, if the input is a 2-dimensional image [J,
the input is first decomposed into a sequential array [ = {11,
02, ..., n}. The convolutional layer is defined as:

yi=f|b;+ z kij * xi

where [ denotes the (Jth output for the convolutional layer
and 0 denotes each input feature map.

The pooling layers perform a subsampling operation to
reduce the dimensions of the feature maps. According to the
maximum and average functions, the pooling layer can be
divided into the max-pooling and average-pooling layers. The
fully connected layers, which are the flat feed-forward neural
network layers, provide high-level abstraction features. They
are often used at the end of the network architecture and
create the final nonlinear combinations of features for making
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the predictions by the network. The activation function for the
last fully connected layer needs to be selected reasonably based
on given tasks. The softmax or sigmoid function can be used to
compute the posterior probability for each grid cell.

I1l. DATA PREPROCESSING

First, appropriate forest fire influencing factors were
selected, and variables raster datasets (VRDs) and ignition raster
datasets (IRDs) were constructed through preprocessing. Then,
the sample libraries were collected from the established IRDs
and VRDs using an appropriate sampling method.

Finally, complete content and organizational editing before
formatting. Please take note of the following items when
proofreading spelling and grammar:

A. Forest Fire Influencing Factors

Four categories of forest fire influencing factors were
considered, including topography-related, climate-related,
vegetation-related, and human activities-related variables.
ArcGIS 10.5 was employed for handling geographic data. The
effect of the topography has been considered as a significant
feature in forest fire assessment (Renard et al. 2012; Adab et al.
2013). Three topography-related influencing factors—elevation,
slope, and aspect—were retrieved from the digital elevation
model (DEM). The DEM was produced by the Advanced
Spaceborne Thermal Emission and Reflection Radiometer
(ASTER) GDEM version 2 (with a 30 m pixel size). Surface
roughness was obtained from the Climate Forecast System
Reanalysis (CFSR). The climatic characteristics of an area affect
the occurrence and intensity of forest fires (Moritz et al. 2012).

B. Sample Library Generation

Since the CNN conducts its effective training in a fully
supervised manner, the training and validation sample libraries
must be constructed first. A binary classification method was
adopted for the susceptibility analysis of forest fires, and
samples were classified to either the forest fire class or the
nonfire class, with 1 representing the fire class and 0
representing the nonfire class.

The CNN has many learnable parameters to estimate; thus, this
predictor requires more data to achieve sufficient training.
Table 2 shows that there is a large annual variation in the actual
number of fire points in 20022009 (data from 2010 were used
as the test dataset and therefore not included in the training and
validation process). A simple random sampling method may
lead to sample quantity imbalances, while small samples would
lead to overfitting the model. Therefore, to generate more
samples and keep the sample quantity balanced, proportional
stratified sampling was adopted. The total number of forest fires
was multiplied by the sampling rate (0.8) to determine the
number of fire samples in every year. The same number of
nonfire samples was randomly selected, which constitutes a
total of 4800 training samples.

C. Architecture

The architecture of the proposed convolutional neural
network (CNN) model was completed by referring to the
AlexNet model (Krizhevsky et al. 2013) and the architecture and

hyperparameters were tuned based on our datasets. As
mentioned above, each input patch was a 3-dimensional data
representation of size nxn x c, taking 224 x224 x 11 as an
example. Figure 3 shows the main architecture of the
prediction model of the CNN for forest fire susceptibility.
There were a total of three convolution layers, two pooling
layers, and three fully connected layers. The first three
consecutive convolution layers had 64, 128, and 256 kernels,
with uniform kernel sizes of 3 x 3. Each convolution layer
was followed by an activation function (ReLU) and a pooling
layer. Zero padding was employed to retain in-plane
dimensions. All of the pooling layers perform max-pooling
and summarize a 2 x 2 neighborhood with a stride of 2 pixels.
At the end, the next three weight layers were fully connected
layers with 128, 64, and 32 neurons each. Finally, the output
of the last fully connected layer was fed into a 2-way
classifier with an activation function named softmax, which
computes the probabilities for the two classes’ labels.

The parameters in CNN, which are automatically learned
during the training process, refer to kernels in the convolution
layers and weights in the fully connected layers. Training the
CNN network is a process to find appropriate parameters to
minimize the error between the predicted results and the
ground truth labels on a training dataset. The CNN converted
each input patch from the original pixel values to the final
probability classification results, and the parameters were
calculated by a loss function through feed-forward
propagation. The learnable parameters were updated
according to the loss value by using the stochastic gradient
descent based on the backpropagation algorithm.

The hyperparameters are the variables that need to be set
before the training process begins. Dropout is a recently
introduced regularization technique and the fully connected
layers are followed by dropout rates of 0.5 to mitigate
overfitting. Bergstra and Bengio (2012) argued that random
searches are more efficient for hyperparameter optimization
than grid searches and manual searches. A random search
was used to optimize the hyperparameters and improve the
accuracy and speed of the model. Adam, an efficient
stochastic optimization algorithm based on the gradient
(Kingma and Ba 2014), was selected as the optimizer.

D. Performance Evaluation

TP+ TN TN

Overall accuracy = TP+ TN+ FP £ F,\IL Specificity = PN
TP TP TN
Sensitivity = ————; PPV= ———: = ————
VY = TN FP + TP FN + TN

The evaluation criteria are a key factor in assessing the
classification performance and guiding the classifier
modeling (Sokolova and Lapalme 2009). In this article, a
two-class classification method is modeled to predict forest
fire susceptibility. Thus, five statistical measures including
overall accuracy, specificity, sensitivity, positive predictive
value (PPV), and negative predictive value (NPV) are
employed to appraise the classification capability (Tien Bui



et al. 2017). The five statistical measures are computed in the
following manner:

where TP (true positive) and TN (true negative) are the number
of samples that are correctly classified as positive (fire class)
and negative (nonfire class) observations, respectively. FP
(false positive) and FN (false negative) are the number of
samples that are misclassified. Sensitivity is the percentage of
positive (fire class) observations that are correctly classified
whereas specificity is the percentage of negative (nonfire class)
observations that are correctly identified.

The ROC curve has been increasingly utilized to evaluate
and validate the global performance assessment of the
prediction models in ML and data mining research (Pourtaghi et
al. 2016; Satir et al. 2016). It depicts the trade-offs between the
TPs and FPs rather than arbitrarily selecting a particular
threshold (Freeman and Moisen 2008). A ROC plot is
constructed by plotting the TP rate (TPrate, sensitivity) on the
Y-axis against the FP rate (FPrate, 1.0—specificity) for all
possible thresholds from 0 to 1 on the X-axis. The ROC plot for
a good classifier tends to rise sharply at the origin and then
level off near the maximum value of 1. A trivial classifier will
result in a ROC graph near the diagonal where the TP rate is
equal to the FP rate for all thresholds. The AUC is generally
considered to be an important index to quantitatively assess the
overall accuracy of the classifier’s performance. An AUC value
near 0.5 means that the predictive ability of the model is
completely random and a value of 1.0 represents a perfect
prediction without misclassification. The closer the AUC value
is to 1, the better the performance of the forest fire prediction
model. The AUC measure is computed by obtaining only the
area of the graphic:

1 + Tpmh_' - Fpmlu

AUC =
2

IV. TECHNICAL PROCESS FOR PREDICTING FOREST FIRE
SUSCEPTIBILITY

The technical process can be summarized into the following
five steps. The detailed procedure of this study is depicted in:

Step 1 Construct the fire and nonfire inventory maps and
create maps of the influencing factors that can potentially
influence the ignition susceptibility.

Step 2 Preprocess all datasets

training/validation samples.

and generate the

Step 3. Design the architecture of the CNN model, optimize
the CNN hyperparameters, and train the CNN classifier.

Step 4 Predict forest fire susceptibility using the VRD of
2010.

Step 5 Evaluate the performance of the proposed model.

Initial
Network

Training . TrainCNN
Samples (80%) Model

Validation . Validate CNN
Samples (20%) Model

Parameters

GIS spatial analytical techniques

2002-2010 Buffer and Reclassify Valostiin Lo

Variables Raster
Dataset (246 x 252 x 11)
2002-2009 0,1

Ignition Raster
Dataset

Early_stop Threshold

Final CNN

Sample Library Model

(from 2002-2009)

: Test Dataset
(2010 Variables Raster Dataset)

Forest Fire
Prediction Result

Ignition Raster
Dataset (2010)

The CNN predication model was constructed under a
graphics processing unit (GPU) acceleration environment
using the Keras DL framework that uses TensorFlow as a
backend, which is a Python-based DL library. The system
configuration used in the lab environment is as follows: Intel
Core i7 CPU, 16 GB RAM, Windows10 OS, and an NVIDIA
GeForce GTX 1070 with 12 GB of onboard memory.

A. Results

This section first shows the results of multicollinearity
analysis and an information gain ratio (IGR) for the selection
of forest fire influencing factors. The loss and the accuracy in
the training/validation phases were tracked. Then, the test
dataset was fed into the trained model and the prediction map
of ignition probabilities was constructed by the CNN model.
Finally, the performance of the proposed model was
compared with benchmark methods.

B. Relative Importance Analysis of Influencing Factors

According to the results of a multicollinearity analysis of
the 14 forest fire influencing factors , three factors—
precipitation rate, specific humidity, and maximum
temperature—did not satisfy the critical values, suggesting
the existence of multicollinearity and should be excluded
from further analyses.

For the IGR method, the factors with a higher value of
average merit (AM) indicate a stronger prediction ability of



the model. However, factors with AM values equal to or less
than O indicate a “null” contribution to the forest fire
susceptibility model and should be excluded from further
analysis (Bui, Tuan, et al. 2016). The results listed show that the
AM values of all remaining 11 influencing factors are greater
than 0, indicating that all these influencing factors contribute to
the model and should be retained in the following prediction
process. Temperature is the most important factor for forest fire
susceptibility, with the highest AM value of (0.139). It is
followed by wind speed (0.131), surface roughness (0.112),
precipitation (0.107), and elevation (0.102).

Temperature  E——
Wind speed
Surface roughness  EEEEE———
Precipitation  E—
Elevation |
NDVI
Slope I
Aspect IEEEEE—
Forest coverage ratio  EG—_———
Distance to roads  EEG—————

Forest fire influencing factors

Distance to rivers IE——

0 002 004 006 008 01 012 014 016

AM value

C. Model Accuracy

The training process was divided into training and validation
phases. The validation dataset was used to monitor the model
classification performance after the end of each epoch, and the
validation results were used as the basis for whether the training
process should be terminated earlier or the hyperparameters
should be fine-tuned. The loss and accuracy were two important
indicators for evaluating the effect of model training. Callback
functions were applied to adjust the training state and statistics
during  model training, including  “EarlyStopping,”
“ReduceLROnPlateau,” and “ModelCheckpoint.”

Figure 6 shows the loss and the training/validation accuracy
using TensorBoard for visualization. After the training phase,
the training accuracy was close to 91%, the training loss no
longer decreased after the 100th epoch and tended to fit, and the
minimum loss value was 0.3. After the 80th epoch, the
validation loss no longer decreased and tended to converge.
However, the validation loss rose slightly after the 120th epoch,
suggesting overfitting may have occurred. Immediately, the
EarlyStopping function ended the training process to decrease
the phenomenon of overfitting. The validation accuracy of the
model reached 82%, and the minimum validation loss was 0.45.
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D. Discussion

This section first describes the advantages of CNN
compared with benchmark methods, then discusses the
selection of the model architecture and window size, and
finally discusses the differences between the CNN and
traditional ML algorithms.

E. Advantage of the Convolutional Neural Network Method

Compared with the benchmark methods, the CNN has
the following advantages. First, because the CNN can
consider the correlation of adjacent spatial information, it
has advantages in the study of problems with spatial and
geographical correlation characteristics. Second, the CNN
preserves the spatial relationships between pixels by learning
the internal feature representations from factor vectors. The
process of DL reveals the deep features and can distinguish
the differences between different geographical units. The
CNN was used to conduct multiple convolution and pooling
operations to extract the characteristics. As the convolutions
and pooling increased, these features became more advanced
and more abstract. These abstract features depicted the
degree of forest fire susceptibility, which was the decisive
factor for determining forest fire susceptibility. Third, the
CNN reduces the number of weights that need to be trained
and the computational complexity of the network through
weight sharing.

F. Model Sensitivity

The architecture of the CNN model should be selected in
accordance with the quantity of sample data and the problem
complexity. For those with small quantities of sample data
and simple classification problems, the complex structure
was prone to model overfitting. For those with large
guantities of sample data and complex classification



problems, the simple structure was prone to model
nonconvergence. Both of these problems should be avoided as
much as possible in the training of the CNN model.

The selection of the window size should be consistent with the
maximum geospatial area that affects the forest fire
susceptibility of the center window pixel. A larger window size
means that the pixels of a larger geographical unit impact the
center window pixel. In fact, the pixels that affect the fire
susceptibility of the center window pixel have a certain
geographical spatial range. Therefore, the selection of the
window size must be appropriate. After the experiments, the
25 %25 window size was most reasonable. First, this size
corresponds to the maximum geographical spatial range that
affects the fire susceptibility of a pixel. Second, the size of this
window is smaller than that of the commonly used windows
(for example, 224 x 224) in image processing because forest
fire probability prediction and image classification are
completely different applications, and the CNN model that is
used for image processing cannot be completely duplicated.

CONCLUSION

In this article, we investigated a CNN with deep
architectures for the spatial prediction of forest fire. Past forest
fire locations from 2002 to 2010 were extracted and a set of 14
forest fire influencing factors were optimized using
multicollinearity analysis and the IGR technique. We explored
the preprocessing methods for forest fire influencing factors and
the methods for generating effective training/validation sample
libraries. The CNN architecture suitable for the prediction of
forest fire susceptibility in the study area was designed, and
hyperparameters were optimized to improve the prediction
accuracy. Several common methods, such as more training
samples, regularization (dropout), batch normalization, and
reduced architecture complexity, were used in the CNN model
to mitigate overfitting. Then, the test dataset was fed into the
trained model and the prediction map of ignition probabilities
was constructed by the CNN model. Finally, the performance of
the proposed model was compared with traditional ML methods
using several statistical measures, including WSRT, ROC, and
AUC.

Through this research, we found that the CNN model
performs better than the benchmark methods. The CNN model
(AUC =0.86) has higher predictive power than the benchmark
methods according to the ROC-AUC. The probability result
obtained by the CNN can clearly distinguish the very high and
very low susceptible zones, and the susceptibility spatial pattern
was very distinct. The CNN model shows a strong
generalization ability and the prediction time of the CNN was
relatively short when using GPU-accelerated computing
technology. In conclusion, the CNN has the advantages of
considering neighborhood information, extracting deep features,
sharing weights, and pooling operations, which allow the CNN
to obtain better prediction results. The CNN model will have
important practical application value for forest fire prevention
planning and forest management.d by the original foreign-
language citation [6].

There are still some limitations in the research. For
example, the influence of different CNN architectures—such
as VGG-net (Visual Geometry Group Network), RES-net
Residential Energy Services Network), and GoogLeNet—on
forest fire prediction results have not been studied in depth.
In addition, more actual data are needed for the experimental
verification of the method. In recent years, the application of
CNNs has become increasingly extensive. Many different
variants of the architecture have been derived and many
ensemble classifiers have been proposed. Comparing various
classifiers and exploring the most suitable models to improve
forest fire prediction should be investigated in the future.
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yIpOLIEHUS pa3padOTKU U TSCTUPOBAHUS
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Annomauyusa — Ha ceromHsimiHMiA JeHb NpPH pa3padoTke
NPOrpaMMHOro odecreyeHUusl BOCTPeOOBAHHOI 3ajayeil sABJIsIeTCSA
3ajaya NOAMEHHa NaHHbIX. Pemenne nanHoil 3agaya momoraer
NpM TecTUpPOBaHUM U pa3padorke. IIpoBeneH cpaBHMTEJNbHbIN
aHaJM3 MOAXO0X0B M 000CHOBaHHMe BbIOOpa pa3padoTKu
codcTBennoro moaxona. Ilpensioskena KoHnenTyajbHasi cXemMa €
onucanueM  moayJeii.  Ommcanbl  QyHKUHUOHAJIBbHBIE U
HepYHKIMOHAJIbHbIE TpeOoBanuss K cucreme. Ha ocHoBe
TpeOOBaHMIiT W KOHUENTYAJbHOH cXeMbl ObLIa MNpENIOKeHa
APXUTEKTYpPHasl CXeMa IPOrpaMMHOIO CpPeACTBA € ONHCAHHEM
MoOAyJel W HMX B3aMMOAEHCTBHEM MeXKAy 000 M ¢ BHEIIHHMM
MHPOM.

Knrouesvie  cnosa—uncmpymenmuposanue,  npozpammmublii,
Memoo, apxumexkmypa cepéepa, KiUeHm-cepeepHoe NPUNoNceHue,
mecmupoganue, pacnpedeieHHa, ezaumooeiicmaue, kafka.

VI. BBEJEHUE

Ha ceromnsiiHuii ieHb TpU pa3paboTke MPOrpamMHOrO
obecrieyeHusi BOCTPEOOBAHHOW 3aliauel sIBISIeTCS  3ajaya
noxgMeHHa JaHHBIX. C TOJMEHHOM MAaHHBIX TECHO CBS3aHBI
TaKHe MPOLECcCH Pa3pabOTKH MIPOrPaMMHOT0 00ECIEeUeHHs], KaK
pa3paboTka M TecTHpoBaHHE. Tak jke JaHHas TeMa aKTyalbHa
BO Bcex chepax HH(MOPMAIMOHHBIX CHCTEM, Hampumep, Web-
MIPUJIOXKEHUs], pacrio3HaBaHue odpasa u 0a3bl JaHHBIX. Perenne
JaHHOH 3aJjaya IOMOTraeT IPH TECTUPOBAHMHU H pa3padoTKe.

Hanpumep, onmcaHHYI0 HIKE CUTYALMIO TSXKENO PELINTh
0e3 noaMeHHbIX JaHHbIX. REST API MoxkeT ABIATbCA OdK-DHL
CTOPOHOM 1000ro MOOWJIBHOTO WIIM BeO MPHIOKEHHUSL.
3auvactyio Bo Bpems paszpaborku, REST API mompocty He
roroB. UroObl yBUIETh MOOWIBHOE WIM BeO NPUIOKEHUH B
JEUCTBUM BaM  TOTpeOyeTcst cepBep, KOTOpble Oyxaer
BO3BpallaTh JaHHBIE B HY)KHOM HaM (opMmare.

B paOore ObL1a mocTaBiieHa CIEAYIOIIAs 1eb: Pa3padoTaTh
MOIXOJ VISl OAMEHHBIX JaHHBIX Ha BCEX ITAIax pa3paboTKIL

I[J'IH BBIIIOJJTHCHHUA LCITH OBLIM TIOCTaBJICHBI CIIEAYIOIIE
3aJa4yu:

° HccnenoBanne dYHCIEHHBIX METOHOB MAIIHHHOIO

o0ydeHHss W TPOIPAaMMHBIX  CpEICTB  JUIA
TIPEACKa3aHus;
e Hccnenosanue CYIIECTBYIOIINX MPOrPaMMHBIX

CPEICTB U IMOIXO/IOB;

e [IpoBecTH CpaBHHTEIbHBIA aHAJIM3 MPOTPAMMHBIX
CpE/ICTB;

e Pazpaborarh  KIMEHT-CEPBEPHYIO  APXHUTEKTYPY

TMPUIIOKCHUA

e  Paspabotarh moaXo/ 1is pa3pabOTKH MPOrpaMMHOE
CPEIICTBO Ha OCHOBE Pa3pabOTaHHOM apXUTEKTYPHI.

Jlnst BEIOOpa MOAXO0a B pean3allii HeOOXOIUMO OBLIO
IMPOBECTU CpaBHHTCJ’[beIﬁ aHaJIn3 CYHIECTBYIOUINX
MO/IXO/10B, KOTOPBIN MPE/ICTABIICH HUXKE.

VIl. OB30P CYILIECTBVIOIIMX METOJIOB

CylecTBYIOT CIEIYIONUNE IOAXOABI, IS IMOIMEHHBI
nmanHbIx: mock, stub, generated db, json server. Paccmorpu
KaXK[IbIi U3 MOIX0I0B Oosiee mOAPOOHO.

Mock [9]. OObekTbl, KOTOpblE  HACTPaWUBAIOTCS
(nanpumep, creluUUHO KaXKIOMYy TECTy) M IO3BOJISIOT
3aJaTh OXXUIAHUS B BHJAE CBOETO pola CHelU(UKALUH
BBI30BOB, KOTOpPBIC MBI IUIAHHUPYeM HONyduThb. IIpoBepku
COOTBETCTBHS OXKHIAHUSM IIPOBOAATCSA 4Yepe3 BBI3OBBI K
Mock-o6nekTy.

[IpeumyiecTBa:

e  [lo3BomsieT BepupHULIMPOBATH CUCTEMY

HenocraTtku:

e  3aHMMarOT MHOI'O MeCTa

e TpeOyroT XpaHEHHE PAIOM C TECTAMH

Stub [9]. obecreunBarOT KECTKO 3alIMTBIA OTBET Ha
BBI30BBI BO BpeMsI TECTUPOBAHUS. [IpUMEHSIOTCS 11 3aMEeHBI
TeX OOBEKTOB, KOTOpble obecreurBaloT system under test
(SUT) [7] BXOmHBIMH JaHHBIMH. Tarke OHH MOTryT
cOXpaHiATh B cebe wuH(popMammio O BEI30BE (HAampHMep
napameTpbl WIM KOJIWYECTBO ATUX BHI30BOB) - TAKHE MHOTIA
Ha3BIBalOT cBoMM TepMuHOM Test Spy. Takas '"3ammch"
nmo3BoisieT oreHuTh pabdory SUT, ecnm cocTosHME camoro
SUT ne mensercs.

IIpenmymiectna:

e [IpocroTa ucnonb30BaHus



e Jlo3BONAET MPOBEPUTH COCTOSIHUE 2. CepBep 10KeH OBITH IAT)OPMOHE3aBUCUMBIM
2
HenocraTku:
2. CepBep TOIDKEH TOACPKUBATh PaboOTy ¢ 6a3oii
e OtcyTcTBHE CBS3EH MEXy pa3NuHBIMA BHI30BAaMHU 3 JIAHHBIX

B Tab6mn. 2 ormcans! QpyHKIMOHAIBHBIE TPEOOBAHMSI.

Tabnuya v
DyHKYUOHAbHbIE MPeDOBAHUS K CUCTIEME

e  TpeOyloT XpaHEHHE PAJOM C TECTaMHU

Generated DB [2]. JaHHBI TOAXOJ 3aKIIOYACTCS B TOM
YTOOBI CTEHEPUPOBATh 0a3y MAHHBIX, PCATH3AIMOHHYIO WA HE

peanuzarmonnyto [3], Ha ocHOBe Mojenei data transfer object Ne Tpebosanue
DTO) [4
( )[4 1 Cucrema
IIpenmymiecrtna:
UMY 11 Cucrema JODKHA MMETh KIHMEHT-CEPBEPHYIO
e [IpemocraBiseT BO3MOXHOCTh CI'CHEPHUPOBATH 0a3y ApXUTEKTYpy
JTAHHBIX HA OCHOBE MOJIEIICH 2 Cepsep
e Her npuBs3ku k Tuny BJ] 21 CepBep JOMKEH HWMETh pachpeeNeHHYIO
CTPYKTYpPY
Henocrarku:
2.2 CepBep JOMKEH HMETb MOIYNb KOHTPOJISA
e TpeOyer HammcaHWe OTACIBHOIO CEpBUCA I PAOOTHI JTAaHHBIX JJ1s paboThI ¢ 6a30i maHHbIX (B/1)
¢ b/l 2.2, CepBep JO/DKEH TOAAEPKUBATH  METOJBI
1 COXpaHEHMUS U TTOJIYYEeHUS TaHHBIX 13 b
JSON server [6]. 'eHepaliyst MOTHOLIEHHOTO MPOrPAMMHOIO P o g A
NPOAYKTa JJIsl pabOTHI C jSON-00bEKTaMHU. 2.3 Cepsep nomken umetb RESTful-unrtepdeiic
[TpeumymecTna: 2.3. [Tonydenne JaHHBIX JOIKHO OCYLIECTBIISITHCS
1 meromamu POST [17]
o TlIpemocraBiser CRUD [1] meromsl mo pabore cC
AHHBIMH 2.3. OTnpaBka JaHHBIX JIOJDKHA OCYIECTBIISITHCS
2 meronamu GET [17]
e [IpenocraBnsier BOBMOXKHOCTb CTE€HEPUPOBATH CEPBHUC 24 CepBep 10JKeH OBITH MalITaOHPyeMbIM
Ha OCHOBE MOJEJIEN

Henocrarxu: U3 Xxoms W3 BBIIE TEPEdYNCICHHBIX TpeGoBaHHil

e Hery Bepn(HKaLU THIIOB JAHHBIX TpeGoBaHMiA, OblIa pa3paboTaHa CiIeayromas apXuTeKTypa.

Server

o OTCyTCTBI/Ie COrJIaCOBAHHOCTHU JaHHBIX

PaCCMOTpeHHBIe moaxoabrl HMMEIKO CBOM  HEOOCTATKH,

MOATOMY OBLIO PEIIEHO Pa3padoTaTh COOCTBEHHBIN TOIXO/. ﬂ
VIIl. PA3PABOTKA APXWUTEKTYPbLI METOJA ITOJAMEHHBI
JAHHBIX

Jnst paspaboTkM momxoma HeoOXoauMo OBLIO OmucaTh S
TpeOoBaHusl kK HeM. TpeOoBaHMS K CHCTEME pa3JelieHbl Ha

IIPHBEICHBI He()YHKIMOHAIBHBIEC TPEOOBAHHSL. OITHIIIEM JETATBHO KaXKAbIH U3 KOMIIOHEHTOB.

Tabauya 1 KnneHT — KoMIbloTEp, CBS3aHHBIA C CEPBEPOM IO CETU
Heghynryuonanvnvle mpebosanus k cucmeme [11] u paGoTarowmumii ¢ HUM 10 NPHHLKITY 3aIPOC-OTBET.

Ne TpeGosanne CepBep — NpHIOKEHHWE, HaXOAAIIEECS B IMOCTOSHHOM

IOCTylle W HWMEIOLIee CTATUYHBIA IP-azpec, CIOcOOHOe
1 Cucrema 00pabaTeIBAaTh 3aMPOCHI OT HECKONBKUX KIHEHTOB [12].
11 Cucrema JO/DKHA MMETh JIOCTYN K TI00aibHOM baza maHHBIX — CTEHEPHPOBAHHOC HA OCHOBE MOZICIH
CeTH JaHHBIX XPaHMWINIIE 00BEKTOB.
2 Cepsep B cBowo ouepens cepBep COCTOMT H3  CIEIYFOLINX
> KIIMOHAJIBHBIX OJIOKOB.
2.1 CepBep IOIDKEH UMETH AOCTYII K TI100aThHOM CeTIiI bym




REST-nnTepdeiic — QyHKIMOHANBHBIN OJIOK OTBEYAIOIIHNA
32 COOTBETCTBHE 3alpOCOB MPUINENIINX Ha CEPBEP U BHI3OB
¢yHKIMHY 13 OU3HEC-TIOruKy. Tax jke JaHHBIN CIJION OTBEYaeT 3a
ompezneneHne QopMarta OTBETa, €ro InpeoOpa3oBaHHE W
YHU(HKALMIO 3a1poca K ON3Hec-JIOTHKe.

bnox Owm3Hec morMkM — JaHHBIA OJOK OTBEYaeT 3a
J00aBJIEHUE JIOTIONHUTENFHOM JIOTHKH, HAlpUMEp, arperammus
HECKOJIbKHX MOJIeJIel TaHHBIX B OJTHY, IPH paboTe C JaHHBIMH.

brnok mpemocraBieHus J0CTyna K JaHHBIM — OJIOK,
OTBEUANOIIUKM 3a 00pabOTKy 3ampocoB K 0a3e JaHHBIX H
00pabOoTKy OTBETOB OT HEE.

Hwke mpeacTaBieHa audarpaMma —I10CIEA0BATEIHLHOCTH
COOOIIEHUIA.

Server. }

DTO layer { Database ]

. Server. Server.
{ Client ] { REST layer } [Busme;slayer}

dispatch

dispatch

dispatch

dispatch

return return

i dispatch

return

return

return

return

Ha gumarpamme BHAHO, YTO KIMEHT OTIPABJSCT 3alpoc Ha
cepBep, KOTophlii monasaer Ha ypoBenb REST untepdeiica, rue
OH TIEpEHAIPABISIET 3aIpOC Ha ypOBeHb OM3HeC Joruku. Jaee
ypOBeHb Ou3Hec JIoruku uepe3 ypoBeHb DTO nonyuaer naHHbIe
U arperdpyer Hx, I[OCIAE Yero [aHHBIC BO3BPAILAIOTCS K
KIIHCHTY.

IX. 3AKJIIOYEHHUE

B xone BeimonHeHus pa6OTLI OBLIH BBITOIHEHEI cJIeayromue
3aJadu:

e  HccnenosaHsl CYILIECTBYIOIIUE IpOrpaMMHBIE
CpPEACTBA U MOIXOABI;

e IIpoBeneH CpaBHUTENBHBIN aHAJIW3 MPOrPaMMHBIX
CPEJACTB;

e Paspaborana KIIMEHT-CEPBEpHAast apXUTEKTypa

TIPHUIOXKECHUA,

e Pazpaboran momxox s pa3pabOTKU TPOrpaMMHOE
CPEICTBO Ha OCHOBE pa3pabOTaHHOH apXUTEKTYPHI.

B mpomecce BBIONHEHWS BEIMICONMCAHHBIX 3a1ad OBLI
MPOM3BECH 0030p CYIIECTBYIONIMX IOAXOIOB MAIIMHHOTO

oOydyeHHsT W TIPOBEACH WX CpaBHHUTENbHbIA aHanu3. Ha
OCHOBE CPaBHHTEJBHO aHajiu3a OBbLUIO TPHHATO pEIICHHE
paspaborath cBOW MOAXOA B pa3pabOTKe cpeicTBa MO
MOIMEHE TAHHBIX U pa3paboTKa MpOrpaMMHOrO CpEICcTBa Ha

OCHOBEC JAaHHOIo Imoaxonaa.

Hanee Obuta mpeIoXeHa

APXUTCKTYpHasA CX€Ma Hu Tpe60BaHI/I$I Ha OCHOBC KOTOPBIX
pa3pa6aTLIBaJ'IOCL IporpaMMHOC CpCaCTBO.
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[TocTpoeHusI pEKYPPEHTHBIX UCKYCCTBEHHBIX

HEVPOHHBIX CETEU JIJIs PELICHUS 3a1a4

aHaJIn3a TOHAJIBHOCTH TEKCTOB B 00pabOTKe

CCTCCTBCHHBIX SA3BIKOB

I'matrox Urops Bnagumuposuy

Hﬂcmumym KOMNbIOMEPHBIX HAYK U mexHono2ull

Canxm-Ilemepoypeckuii nonumexuuueckuil ynusepcumem Ilempa Benuxoeo
Cankr-IlerepOypr, Poccuiickas ®eneparus
demospro1996@gmail.com

Aunnomayua - oOpaTHas CBsI3b KJIHEHTOB MMeeT KJIIOYEBYHO
pojb B MapkeTuHre u ousHece. COOTBETCTBEHHO, MEPBOCTENEHHO
Ba)KHO YYMTBHIBATH W HAJAKUBATh OOPATHYIO CBSI3b C JIIObMH,
NOTPeSISIONMMH  YCJIYTH WJIM Ke TOBap W MOJIYy4YaThb OT HHX
o13bIBbl. UHOTa TaKMX OT3BIBOB MOTYT ObITH THICSIYH M COTHH
THICSIY, YTO 3aTPYAHSIET PYYHYI0 00pa0oOTKY AJIsI TAKOT0 MaccHBa
nannbiX. U mpuxomurtes mnpméeratb K MeToOAaM MAaIIMHHOIO
0o0y4yeHHUs] M MeTOAMKaM 00pa0OTKHM ecTecTBEHHOro sizbika. Jlis
pellleHHe TOAOOHBIX 3aJa4 CYIIECTBYeT MHOIO TMOAXOI0B, HO
HanooJiee TOYHBIMH U 3(PeKTHBHBIMU ce0sl MOKA3aIU peleHus,
HCNOJIB3YIOLIMEe MCKYCCTBeHHbIe HelipoHHble ceTH. B paborte
PaccMOTpPeH MOAXO0A, COCOOHBIN YJIYyYIIMTh AHAJIN3 TOHAJIBHOCTH
TeKCTa, ONpeleJUTh €ro 3MOLMOHAJBHBLINA OKpac M H3BJeYb
uHpopMaLUMI0 O TOM, KaKOii XapakTep HOCHT OT3bIB:
NOJIOKMTEIbHBINH, OTPHUATEJbHbI WA HelTpanbHblid. Jas
aHaJM3a Pe3yJbTATOB HMCHOJIb3yeTCsl pa3MedYeHHbIH Kopmmyc
KOMMEHTAPHEeB Pa3HOi JJIMHbI, UMEHIIMH MEeTKH IMOLMOHAIBHOI
OKPacKM Ka’KA0ro KOMMEHTApHUsl, TAK KaK 3TO NPHHUUNHAJIBLHO
BaKHbIii pakTop.

Knrwuesvie cnosea - 6onvuiue Oannvle, HeUpoHHble Ccemu,
00pabomka ecmecmeenHH020 A3bIKA, 00PAOOMKA MeEKCma.

1. BBEJJEHUE

EcrecTBeHHBIE S3BIKH WMEIOT HEKOTOPBIE OCOOCHHOCTH.
[lepBast 0COOEHHOCTE 3aKITIOYAETCS B TOM, UTO 3TH SI3BIKH HIKEM
CIIEIHATIBHO HE COCTaBJISIJINCH, a MMOSIBUJINCH 31
SBOJIIOIIOHAPOBAI B pe3yibTaTe MOTPEOHOCTH JIONEH B
KOMMYHHUKAaMH. HHKTO TONHOCTBIO HE 3HAeT MPaBHI
€CTECTBEHHBIX S3BIKOB CYIIECTBYET MHOXECTBO HEMHCAHBIX
MpaBWI, KOTOPBIE MEHSIOTCA OT PETHOHa K PETHOHYy H CO
BpeMeHeM, OCOOEHHO ceifyac, B »moxy mriobanm3anuu. He
00s3aTeNnbHO  COOMIONATh TpaBWiIa. ECIM HYelToBEK CKa)XeT
KaKy[0-TO (pa3y HEMpaBWIHHO, TO, CKOpEe BCETO, €r0 BCE paBHO
NOMMYT 10 onpeAenéHHoro npenena. A ewmwE, MNpaBuiga B
€CTECTBEHHOM SI3bIKE HEOJTHO3HAYHEI.

COOTBETCTBEHHO, IIPH PACCMOTPEHHH TEKCTa YEIOBEKOM OH
CMOXKET TOHATH O YEM B 9TOM TEKCTE TOBOPHUTHCS, HECMOTPS Ha
OLIMOKH M KaKHe-THOO HETOYHOCTH, UMest OOJIBIIIOe KOINIECTBO
kputepueB BbiOOpkn. Ho oOpaOateiBaTh Oonbmime OOBEMBI
TEKCTa M7l deloBeKa TpeOyeT CIMIIKOM MHOTO BpPEMEHH.
ITosTomy Tpebyercst mpubOeraTb K BBHIYUCIUTEIHHON MOIIHOCTH
KOMITBIOTEpa JUIS pEIIeHHs MOoJA0OHOro poxa 3amad ¢
WCTIOIh30BaHUEM MAITMHHOTO OO YIEHHS.

II. AKTYAJIBHOCTH TEMBbI

C AKTHUBHBIM pa3BHTI/IeM TeXHOJ’lOFI/Iﬁ 1 HAKOITUBIINMHUCS
OG’LCM&MI/I JaHHBIX, K TOMy XKe, pOCTOM BBIYHUCIINTCIBbHBIX
MOIITHOCTEH, TMOSBHJIACh BO3MOXKHOCTH  00pabaThIBaTh
OFpOMHBIe O6'I)CMI)I JaHHBbIX u O6y‘laTb Ha HHUX
npejcKa3aTelbHble MO, B 4acTHOCTH, 3aJa4yd aHAIHM3a
TCKCTa TpeGyTOT 6OJ'II)I_HI/IX BBIYUCIIUTCIIbHBIX MOLHHOCTeﬁ u
COBPEMEHHBIC KIIaCTepbl, MOCTPOCHHbIE HAa MHOXECTBE
rpaduueckux npoieccopoB (aHri. graphics processing unit,
GPU) mnpenocraBisioT BO3MOXHOCTh Uil OOydeHHs
MOOOHBIX MOMENEH.

Ha pmanHBIM MOMEHT, ¢ MOMOIILI0 MOJACICH MaIIMHHOIO
00y4eHUs] MOKHO pelIaTh CIEAYIOLINE 3a1aun:

- pacmo3HaBaHHE pe4d M mpeoOpa3zoBaHue B LU(POBOH
CHTHAII;

- aHanM3 TekcTa (WM3BiIeUeHHEe HH(OPMALUM, aHAJIH3
TOHAJILHOCTH TEKCTA, BOIPOCHO-OTBETHBIE CHCTEMBI);

- TeHepHPOBAHIE TEKCTa,
- MAILIMHHBIN IEPEBOLL.

IIpn pemennn mONOOHBIX 3a7ad, MOZIENb JOJDKHA
YIUTBIBATh MHO)KECTBO 3aBHCHMOCTEH, KOTOpPBIE JAJIEKO HE
BCErZla MMEIOT HEIMHEWHBIM XapakTep, MEXIy CIOBaMH,
MPEUTOKEHUSIMH M HAXOIUTD B HUX 3aKOHOMEPHOCTH.

Beibepem onmHy 3anmady: aHauM3 TeKCTa M €ro
ToHaNBHOCTH (sentiment analysis), Tak Kak MoJ00HOTO poja
3aJa4d MOXKHO HArJBIJHO OLIGHUTh Ha MPaBHILHOCTH
NpEICKa3aHuss M BBIPA3UTh ONHHUM YHCIOM, K TOMY XKe,
CYILIECTBYET MHOXXECTBO METOJIOB PEIICHHSI.

OTOT THII 33a/1a4 XOPOII TeM, YTO KadecTBO ITOMOOHOM
MOJIETTM MOKHO OLICHWTH C TIOMOIIBIO KOHKPETHBIX METPHK.
HexkoTopble U3 TakuX METPUK CTPOUTCS] HA KOBApUALIMOHHOM
MaTpHIIe HETOYHOCTEH, pacCMOTPEHHOI Ha pUCYHKE 1.
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McTuHHan MeTka - 0

McTUHHO
Mpepckaz ~CTPMUaTeNbHOE
TR0 npeackasaHue

True Negative, TN

JloxHO-MONOXUTENbHOE
lMpeAckas  npepckasaHue

aHue -1
False Positive, FP

WcTHHHaA MeTKa - 1

ToxHOo-0TpKLLaTENbHOE
npefckasavne

False Negative, FN

WCcTHHHO
NONOXUTENBHOE
npefckasaHue

True Positive, TP

Pucynok 1 - MaTpuna HeTouHOCTEH

Nmes TaKyr0O MaTpully TOYHOCTb M ITOJIHOTA g KaXXJI0ro
Kjlacca pPaCCUUTBIBACTCA OYCHbL IIPOCTO. TouHOCTH PaBHACTCSA

OTHOLICHUIO

COOTBCTCTBYIOIIETO  JTUAroHaJIbHOI'O

OJICMCHTa

MaTpUIBl M CYMMBI Beel cTpoku kiacca. [1oHOTa — OTHOLIEHHIO
JIMaroHaJbHOTO DJIEMEHTAa MaTpPHUILI U CYMMBI BCETO CTOJIOIA
KJacca. Pacuer TOUHOCTH UM MOMTHOTHI MOYKHO BOCIIPOM3BECTH 10

¢dopmynam (1) u (2) COOTBETCTBEHHO:

P TF
Precision = 5-75—
_ TP

Recall = 55—

@)

@)

IToHATHO YTO YeM BbILIE TOYHOCTH U IIOJHOTA, TEM JIy4IIIE.
Ho B peanbHON XU3HM MaKCHMajbHas TOYHOCTb U IONHOTA HE
JOCTWXKUMBI OJHOBPEMEHHO U IPUXOAUTCS HCKAaTh HEKUi
6arnanc. [Toatomy, X0oTenoch Obl UMETh HEKYIO METPHUKY KOTOpPast
oO0beauHsa Obl B ceOe MH(POPMAIMIO O TOYHOCTU U TOJHOTE

Tabnuua 1. Metons! pelienus 3a1a4 00pabOTKH TEKCTa M UX OIHCaHHUE.

Hamlero anroputMa. IlosTomMy mnosBmiach Takash MeETpHKa
kak F-mepa[l], KOTOpyl0 MOXXKHO BBIYHCIUTH O (popmyre

@)

F‘_I __ 2PrecisionRecall

" Precigion+Recall+¢

©)

e € - Majoe MO MOMIYIIO MOJIOKHTEIFHOE YHCIIO0
(aToOBI HE ObLTO nenenus Ha 0).

B cimydae ke HeHpOHHBIX ceTed, MOJOOHOro poaa

KIacCCU(PUKAIIMIO  MOXHO

OLICHNBATH C IIOMOLIBIO

crieranbHoi hopmyisl Binary Cross-Entropy / Log Loss

[2], popmyna (4):

1
N

M=

Hp(q) =
1

yi - log(p(y)) + (1 = y;) - log(1 — p(y;))

4)

r7e y 1 - UCTUHHAS METKa JUIs 3JeMeHTa BBIOOPKHU X 1,
p(y_i) - mpeackasaHHas MeTKa JUIsl SJEMEHTa BBIOOPKH X 1,
N - KOIHYecTBO 3JICMEHTOB B BEIOOPKE.

[1l. OB30P CYIIECTBYIOILMX PELLIEHUI

Ilepeuncnum
MOIOOHBIX 3a1a4:

HEKOTOpbIE

METObI A peHICHUA

- BEKTOpHBIE pa3pexeHHbIe Monienu [3];

- TMHEIHbIe MoJeNn Kilaccudukaiyu [4];

- IIOCTPOCHHE AEPEBBEB PEIICHUN U MpaBui [5];
- HelipoceTeBbIe OAXO0bI [6].
PaccMoTpuM JaHHBIE TOIXOABI, BBIIETMM IUIIOCH H

MHHYCBI KQ)KIOI'0, KOTOpbIE ONMcaHbl B Tabuune 1.

Tlonxxon Onucanue HenocTraTkn Ipeumymecrea
BekropHsie Hcnone3syercs TpeOyet 60nbII0ro 06EeMa Xopolio paboTaroT Ha
pa3peKeHHbIE MIpeACTaBIICHNE MaMATH U1 pabOTHI OonpImx
MOJIEITH CJIOB B BEKTOPHOM ¢ OONBIINMU pa3peKEHHBIMU KOpITycax TeKcTa U
MIPOCTPAHCTBE MaTpHLaMH MOKa3bIBAIOT
HETIOXHE PE3YIbTATHI
JIuneiinpie Iloctpoenne kopiyca Ha npakruke nokassiBaer He tpeOyrot Oomnbmx
MOZIEIH TEKCTa Kak HE 0YCHb XOPOILHUE 00BEMOB pecypcoB
KIaccHbUKAIIH COBOKYITHOCTb pe3ynbTaThl 17151 HeOOIBIINX JUIs OOyUEeHUS MOZIeNeH
JIMHEHHBIX 3aBUCUMOCTEMN MpeIOKEHUN
ITocTpoenue Jlna kopmyca Tekcra ITomo6HbIEe MOnETH MoryT BBICTpauBaTh
NiepeBbeB CTPOUTCS OIPOMHBIN CTpaJalT HEJTMHEWHbIe
peluenHit Ha0O0p TIPaBHIT nepeo0yIeHNEM | II0XO0 3aBHCHMOCTH
i mpaBH paboTaroT ISl TEKCTOB C 1 XOpOIIO paboTaroT ¢
JIpyroi ceMaHTHKOU OoNpIIIMH
TPEIOKCHASIMH
HetfipocereBrie Hcnons3syercs TpeOyer orpoMHBIX [Toka3bIBalOT caMylO BBICOKYIO
HOIX OB MIOCTPOEHHE BBIUUCIIUTEIBHBIX TOYHOCTh
CJIOJKHBIX HEJIMHEITHBIX MOIIHOCTEN
3aBUCUMOCTEN




IV. AHAJIU3 ITPEJIMETHOM OBJIACTU

A. Data science. Data mining

Hayxa o nannbix (anri. data science [7]) siBisieTcst pasiesiom
nHpOpPMATHKY, peIlaronuX 3a7a4yd 10 aHaIu3y U 00paboTKh
JaHHBIX B YCJIOBHUSIX OonbImnx o0beMoB. Ha cerognsmauii neHs
pa3zmensl Haykd O JaHHBIX (aHr data science) aKTHBHO
UCIIONIB3YIOTCS B paboTe, T.K. 3a MOCIEIHEe BPeMs 3HAUUTENIHHO
YBEJINYMIICS 00BbEM JITaHHBIX, HAJI KOTOPBIMH MIPOBOJUTCS padoTa.

WuTemiexTyalbHbIN aHaU3 MaHHBIX (aHrI. Data mining [8])
BKJIFOYaeT B ceOs MeTonpl OOHAPYXKCHUS B JAHHBIX 3HAHMHA,
TTOJIC3HBIX YIS IPUHSATHUS PEIICHUM.

B. Machine Learning. Deep Learning

MammnHoe o0yuenue (aHmi. machine learning, ML [9]) —
KJIacC METOJIOB HCKYCCTBEHHOTO HHTEIUIEKTa, XapaKTepHOU
4epToll KOTOPHIX SIBJISIETCS HE MPSIMOE pEIIeHHE 3a/aud, a
o0ydyeHHe B IIpolecce NPUMEHEHHUsS pElmIeHUH MHOXeCTBa
CXOJHBIX 3a/1a4. J1JIsl TOCTPOSHUS TAKUX METOIOB HCIIOIb3YIOTCS
Cpe/ICTBa MaTeMaTHYECKOH CTaTUCTUKH, YHCIEHHBIX METOJIOB,
METOJIOB ONTUMHU3AIMH, TEOPHH BEPOSITHOCTEH, TeOpHH TpadoB,
pa3JInyuHbIe TEXHUKU PaOOThI ¢ JAHHBIMH B IUPPOBOI hopme.

['mybokoe oOydenue (ramyOunHoe oOydeHue; aHria. Deep
learning[10]) — COBOKYITHOCTH METOMOB MAIITHHHOTO OOYYCHHSI
(c yuuTeneMmM, ¢ YACTUUHBIM MPUBICUEHUEM Yy4duTens, 0e3
y4UTeNsd, C TOAKPEIUVICHHEM), OCHOBaHHBIX Ha OOY4CHUH
npencrasieHusm (aHri. feature/representation learning), a He
CICIUATM3UPOBAHHBIM aJITOPUTMAaM IT0JT KOHKPETHBIC 3a7IaYH.

Krnaccukoli HEHpOHHBIX ceTel cTajll TaK Ha3bIBaeMBIi
Meuorocnoinsiii [lepcentpon (anri. Multilayer Perceptron[11]).,
COCTOSIILIMM M3 MHOXECTBA CJIOEB HEWPOHOB, CPEIU KOTOPBIX
KaXJblil HEMPOH COCIUHEH C Ka)KIbIM HEHPOHOM IPEAbIAYLIETO
U cieayrouero ciaoeB. IIpuHIMI NOCTPOEHHMsST MHOIOCIOMHOM
HEHpPOHHOM CETH pacCMOTPEH Ha PUCYHKE 2.

Hidden layers

Input layer Output layer

Pucynok 2 - ['myOokast HeipoHHAsI CETh

C. Natural language processing. RNN, LSTM

Oobpabotka ecrectBeHHoro s3eika (Natural Language
Processing, NLP [12]) sBusercss NepCHeKTUBHONW OOJIACTHIO
WHPOPMAIMOHHBIX TEXHOJIOTHIA M TO3UIIMOHUPYETCS KaK pa3ien
HCKyCCTBeHHOTO MHTeIUIekTa. C mpuMeHeHueM moaxonoB NLP
MOXXHO pemiaTh TaKhe 3aJadydl KaK MAIIWHHBIA TEepeBO,
TeHepamusi W aHalIW3 TEKCTa, W3BICUeHHEe WH(POPMAIMU U
pacro3HaBaHUE PEYU.

EcrecTtBenHBIM SI3BIKAM qacCTo MPOTHUBOIIOCTABJIAIOTCS
q)OpMaJ'IBHBIC SI3BIKH. HaanMep, S3BIKH IIPOTrpaMMHUPOBAHUNS WA
SI3bIK MAaTCMATHYCCKHUX (1)OpMyJ'I. Takme S3BIKK INOJYHHAIOTCA

CTPOTMM  TIpaBWIaM, KOTOpbIE 3aJal0TCs, HANpUMep,
MOPOXKIAOIUMHE (OPMATIbHBIMH FpaMMaTUKaMu. J{Jist Takux
S3BIKOB  TIpoliecc  pa3bopa M MOWCKAa  OMIMOOK
JICTEPMUHUPOBAH U eCTh 3(P(EeKTUBHBIE AITOPUTMBI,
peaNu3yroLIre 3TOT MPOLECC.

Pexyppentrsie Heliponnsie cetd (Recurrent Neural
Networks, RNNs[13]) —  momymsipHble  MOZIEIH,
UCTIONb3yeMble B 00paboTke ectecTBeHHOro si3bika (NLP).
Bo-nepBhIX, OHM OIIEHUBAIOT MPOM3BONBHBIE MPEITOKEHHS
Ha OCHOBE TOrO, HACKOJIBKO YacTO OHU BCTPEYAIHNCh B

TEKCTax. JTO JaeT HaM Mepy TpaMMAaTHYCCKOH U
CEMaHTHUYECKON KOPPEKTHOCTH.

HNnes RNN 3akmrowaercss B MOCIENOBATEILHOM
HCIIONb30BaHUU UH(OpPMAIHH. B TPaTUIIMOHHBIX

HEHPOHHBIX CETAX IMOAPA3yMEBAeTCsS, YTO BCE BXOIBI U
BBIXOJBI HE3aBUCHMBL HO i1 MHOTHMX 3aJa4 3TO HeE
noaxomut. Eme onna mHTepnperanust RNN: s1o cetu, y
KOTOPBIX ~ €CTh  «IaMsATh»,  KOTOpas  YYUTHIBACT
npeAmecTByonyo  uHGopMmaruoo. [IpuHnmn — paboThI
KJTACCUUECKOM PEeKyppeTHONM HEWpOHHOW CEeTH IMOKa3aH Ha
pHCYyHKe 3.

S
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Pucynok 3 - PazepTka nukia RNN

K coxanenuto, Mo Mepe YBEIMYEHHUs 3TOTO pa3pbiBa
Mexay KoHTekcToM RNN  TepstoT  CBA3b  MeEXAy
undopmanmeri. Ha npaktuke RNN He cnocoOHbI
CMPABUTHCS C TAKUMHU «IOJITOCPOUHBIMU 3aBUCUMOCTAMI.

Jonras kpatkocpouHas namsith (¢ anri. long short-term
memory, LSTM[14]) — Tun pekyppeHTHO# HeHpOHHO
CeTH, CIIOCOOHBII 00y4JaThCs JOMTOCPOIHBIM 3aBUCUMOCTSIM.
Cern LSTM n0BONBHO MONYIAPHEI B HAIITM JHHU, MBI KPATKO
roBopwid 0 HUX Bhme. LSTM He MMEIOT NMPUHIUIHATBEHO
oTau4aroIencs: apxuTekTypbl oT RNN, HO OHM HCHOIB3YIOT
IpYrylo (DYHKLIHMIO JUIS BBIYHMCIICHHUS CKPBITOIO COCTOSHUSL
Ilamsate B LSTM Ha3wiBaeTcd sSYEHKaMH, U BBl MOJKETE
paccMaTpuBaTh HMX KaK dEpHbBIE SIIWKH, KOTOPBIE
NPUHAMAIOT B KA4eCTBE BXOJHBIX JAHHBIX MpeAbIIyIIce
cocrosare. LSTM  cmemmansHO — pa3paboTaHbl  [UIs
yCcTpaHeHHs MPOOIEMBbI JONTOCPOYHOM 3aBUcHMOCTH. Mx
CrenMann3anys — 3alOMHUHAaHWE MHPOpMAalUN B TEUCHHUE
JUIUTENBHBIX TIEPUOI0B BPEMEHH, TTOITOMY MX MPAKTHYECKH
HE HYXKHO 00y4aTb. HecKombKo COeNMHEHHBIX MOAYyJeH
LSTM nokazaHsl Ha puCyHKe 4.

Pucynok 4 - Ilosropsrommuiics moxyns LSTM



V. [IPOTPAMMHAS PEAJIM3ALIUS ITPOIVKTA
A. Brei6op Habopa qaHHBIX B IpenodpadoTKa

Jnst oOydeHust HEHpOHHON ceTH HEOOXOAMMO OrpOMHOE
KOJIMYECTBO JaHHBIX, B ciydae sentiment analysis, Oobrroi
KOpITyC TEKCTa ¢ ONpEeeIeHHbIM pa3MeTKoH, T.€., U1 KaXI0ro
MIPE/IJIOKEHNST €CTh ONpeNeNIeHHBI Habop TapreT-3Ha4YeHHH,
KOTOpBIC TPECTABISAIOT COOOW OTBETHI JUI TOW WJIM WHOU
3amaun. K xopmycy TekcTa HyXKHbI METKH JaroIllde OTBETHl Ha
SMOLMOHAJIBHBIN OKpac KaXKA0ro MPeayIoxKEeHNUS.

s ananusa Obut BeIOpaH natacer Kaggle Toxic Comment

this,

N = 1 :[This|is|a|sentence] ungrams: &
sentence
N = 2 :[This[is[a[sentence] sgrams: 52"

this is a,
is a sentence

N = 3 :[This|is a|sentence] sigrams:

Pucynok 6 - Co3znanue n-rpamm

O0a naracera COXpaHSIOTCS B IIPOMEXYTOUHBIE (hailIbl U

Classification [15], koropslii comepxut B cebe MHOKecTBOATPYKAIOTCA YIKC HEIOCPCACTBCHHO B HEUPOHHYIO CETb.

KOMMCHTApUECB ¢ METKaMH, OTOOPaYKAFOIIUMHK 3MOIIMOHATBHBIH
okpac. Pasmep nmatacera: okono 500 000 mpumepos.

Ha pucyHnke 5 moka3ana BbIOOpKa U3 TAaHHOTO HAOOPA.
Jlns aHanmu3a HaM TOTPEOYrOTCS JBa 00paboTaHHBIX Habopa
JAHHBIX:

- OYHUINCHHBIEC TOKCHHU3WPOBAHHBLIC CJIOBA [JId KaXA0ro

TPE/TIOKEHNS;
- OUYUIIICHHBIC CHMBOJIbHBIC n-rpaMMblL JIIsL Kaxxaoro

TPE/IOKEHUSL.

[TpenoOpaboTka  OyAeT  OCYIIECTBISATHCS  CIEIYIOIIM
obpazom:

- OYHMCTKA JaHHBIX OT MyHKTYaIluu;
- IIepeBeAEHHE BCEX CIIOB B HWKHHUIT PEerucTp;
- TOKEHM3alMs CIIOB;

- CO3JaHHE N-TPaMM II0 CHMBOJIAM.

N-rpamma — mocnenoBaTenbHOCT W3 N 3neMeHTOB. C
CEeMaHTHYECKOM  TOYKM  3peHHs, OITO  MOXKET  ObITh
TIOCJIE/IOBATEILHOCTD 3BYKOB, CIIOTOB, CJIOB WiH OykB. [TpuHiumn
pa3zienieHusi  TPEUIOKEHUs Ha N-TpaMMbl [0 CJIOBaM
MIpeaCTaBJIeH Ha PUCYHKE 6.

B. Ilocmpoenue netiponnoti cemu

Peanmzamus  3akmio4yamach B TOM, 4YTOOBI  B3STh
KOHKPETHYIO ~apXUTCKTYpy, KOTOpas XOpOIIO periaer
MOCTABJICHHYIO 3a/lady M YIYYIIUTh €€ MPH TOMOIIH
JI00aBJICHUST B HEE JJICMEHTOB CHAMCKOH CETH, KOTOpHIE
MOMOTAlOT M30eraTh CHTYyaIlHi MOTEpU WH(POPMAIUU KOTIa
TOTABIIIeECS CJI0BA, KOTOPOE MOIJIO OBITH MMPOCTO HAMMCAHO
C OIIMOKOM, OTCYTCTBYET B CIIOBape.

B kauecTBe OCHOBBI OBLTAa TOCTPOCHA apXHTEKTypa Ha
pHUCYHKE 7.
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Pucynok 7 - bazoBas apxurekrypa
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Pucynok 5 - Beibopka 13 Habopa TaHHBIX



B naHHO apXHUTEKType MIPUMEHSIOTCS:

- Embedding cmon, koTopble NpencTaBiIAIOT CIOBa B
BEKTOPHOM TIPOCTPAHCTBE, nx TPEHUPOBKA
TIPE/ICTAaBISIET COOOM TaKylo e 3aJady ONTHMHU3AINN
KaK 1 HEHpOHHAs CETh B LIETIOM;

- LSTM cnon;

- perymsipu3alMoHHas TexHuka Dropout, BcTaBiIeHHas
Mexny cnosimu LSTM;

- B KOHIIe HaxoAuTcs cioi ¢ Softmax,a mepen HUM ere
onuH ciout Dropout.

Ha ee ocHoBe Oblia mocTpoeHa Ooniee MPOJBHHYTAs
ApXUTEKTYpa, KOTOpas MPEACTABISACT COO0H CHAMCKYIO CEeTh.
[Npennaraemas apxuTeKTypa H300paXkeHa Ha PUCYHKE 8.
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Pucynoxk 8 - [Ipemnaraemast apXxurekTypa

JlaHHast apXUTEKTypa HMeeT 2 BXOOHBIE TOYKU
ocHoBaHHble Ha Embedding cnosix, mepBas mnpuHUMAaeT
3aKO/IMPOBAHHYIO HOCJIEIOBATEIBHOCT u3

TOKCHHU3UPOBAHHBIX CJIOB, BTOpAs IOCIECA0BATECILHOCTL U3
CHUMBOJIBHBIX N-TPaMM.

O0e BXOIHBIE TOYKH TPEHUPYIOTCS KaK OTACIbHBIC CETH
U B UTOT€ YCPEAHSIOTCS.

VI. AHAJIU3 PE3VYJIbTATOB
Kaxnast cerb oOyuanach mo 20 3mox, T.e. Jgaracer
LETMKOM TPOXOAWII Yepe3 CeTb, 0 OKOHYAHHIO KaXKHOH
90X (hUKCHpoBasiach CpeHssl OIUOKAa HA TPEHHPOBKE U
Ha BaJIMIALIMOHHOM HaOope TaHHBIX.

B urore, HelipoceTs Ha 0a30BO apXUTEKTYpE AOCTUraIa
3HaueHus loss-pyHkiwu, B cpemanem, okoio 0.162315, aro
XOpOIINii TOKa3aTeNb TOUHOCTH.

[Tpumeps! rpadukoB 3Ha4YCHHN 10SS-(DYHKIIUH MOKa3aHbI
Ha PUCYHKeE 9.

Training and Test loss

—— Training loss
— Testioss
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PucyHok 9 - Pe3ynbraThl 00yueHuns: 6a30BOi apXUTEKTYPbI

Heiipocerp Ha mpeanaraeMoil apxuTeKType o0ydanach
OLIYTUMO JIOJIbIlIe, HO TIIOKa3ajia SIBHO 0ojiee BHICOKHE
pe3ynbTathl. HelipoceTb nocturana 3HaueHus 1oss-(hyHKINH,
B cpeaneM, okono 0.09456.

[Mpumeps! rpadukoB 3HaUeHHH 10SS-QYHKIMH MTOKa3aHbI
Ha pucyHke 10.

Training and Test loss

— Training loss
— Testioss
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Pucynok 10 - Pe3ynpraT 00y4eHus mpemraraeMoit
APXUTEKTYPBI



VII. BBIBO/IbI U IAJIBHEMIIEE VJIYUIIIEHUE

[Ipoananu3upoBaB pe3yabTaThl pabOTHl MPOrPaMMHOTO
MIPOJYKTa MOXKHO TOBOPHUTH O SIBHOM YIIYUYIICHHH KadecTBa
aHaIM3a CO CTOPOHBI HEHPOHHOH ceTH, 0 pabodeM MeTone
n30eXaHu! TOTepH HHPOPMALIIH.

Omupasicb Ha KOMIUIGKCHBIE DE3YJIBTaThl HECKOJIBKHX
QITOPUTMOB MOXXHO TOBOPHTH O OOJiee TOUHON aHaJHMTHKE.
3HAaYMMOCTh TPOEKTa C DSKOHOMHYECKOW TOYKH 3PEHHS
MO3BOJIAET Pa3BUBAThCS OH3HECY, YTO B CBOIO Oudepeb
TIOJIOKUTENIFHO BIMSIET HA OOpaTHYIO CBS3b OT KIMEHTOB
HE3aBHCHMO OT 00BEMOB HH(pOPMAIIUHL.

C Hay‘IHOﬁ TOYKHU 3PCHUA HPOCKT IOKA3bIBACT IPHUMCEP
HCIOJIb30BaHUA METOHOB Pa3HbIX oOnacreit JJI TIOJTYUCHUSA
pe3yiibTaTa, peIIaromero 3aaa4m aHajini3a TEKCTa.

PekoMeHaIiK 10 Pa3BUTHIO MPOCKTA BKIFOYAIOT B ceOs
HCTIONTb30BAHHE ~ COBPEMEHHBIX ~ TEXHHK  MOCTPOCHHSI
HEHPOHHBIX  CeTell  Juisl  ynydiieHWss  KadecTBa |
OBICTPOJEHCTBUS O0yUEHHSI.
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