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AHHOTAUUA

BBeaeHue. OgHON M3 OCHOB YCTOMYMBOIO PasBUTUS U COBEPLUEHCTBOBAHNS LIEHTPANM30BaHHbLIX CUCTEM BOAOCHAOXeHNs!
(LUCB) n BopooTBEOEHNS ABNSIETCS MCMONb30BaHWE CPeACTB MCKYCCTBEHHOro uHTennekta (M) Ha ocHoBe anropuMTmoB
1 Moaenen MawmHHoro obyyenns (MO): KOHTPONMPYeMOro, HEKOHTPONMPYEMOro, 0by4YeHns C MoaKpenneHveM. YTeuku
N HECaHKLMOHNPOBaHHbIe nogkntodeHus k LICB npeacraenstoT cobor pucku, NpMBOAsA K NOTEPSIM MUTHEBOW BOAbI U CHIDKE-
HUIO LleHoobpa3oBaHus B 06rnacTu yyeta BOOHOro pecypca. AKTyanbHOCTb CBsid3aHa C pelleHveM npakTudeckux 3agad N
Ha OCHOBE HOBEMLLNX MHHOBALMIA — MPOrHO3MPOBaHNEM ¥ NpeoTBpalleHnemM aBapuii Ha LICB npu ontumanbHom nnaxm-
pPOBaHUN PEMOHTHbIX PaboT U CBOEBPEMEHHOM TEXHUYECKOM OOCnyxmBaHuW. Llenb nccnepgoBaHms — obocHOBaTb posb
MW, ncnonbaytowero cpeactea MO, B 3agayax NporHo3MpoBaHus 0TkazoB TPyHonpoBoaoB 1 aBapuiiHbIx cutyauni B LICB.
Matepuansbi u meTtoabl. VI3yyeHne nHdopmaumm o ponu MW B npenoTBpalleHnn yTeuek Boabl U3 ceTen BoAOCHabXeHNst
BbINOMHEHO METOLAOM NUTEPATYPHOro 0630opa NpMMeHeHHbIX anroputMoB MO Ha npegMeT NPOrHO3NPOBaHMS OTKa30B Tpyo
B LICB.

Pesynbratbl. BeisBneHbl 1 npegctaeneHsl mogenu MO, ucnonb3yemble AN AMarHOCTUYECKOrO aHanm3a ¢ Lenbio MporHo-
3MpOBaHUs yTeYeKk BoAbl U3 ceTen BogocHabxeHnsi. O630p TEXHOMOrunii CBUAETENbLCTBYET 06 MCNonb3oBaHMmM 18 anroputmMoB
MO ans pelueHns 3agad, cBs3aHHbIX ¢ yTeukamu LICB. Hayano npumeHeHuns HepoceTeBbix anroputMos KoxoHneHa (KNN)
B Poccum roBopuyT 0 HanNnn4num eAMHCTBEHHOIO NepeBeeHHOro Ha pycckuin a3blk HerpoceTeBoro MO STATISTICA Automated
Neural Networks. HaunHatoT akTMBHO pa3BMBaTbCs aKyCTUYECKUE U YrbTPa3ByKOBbIE METOAblI MOHUTOPMHIA COCTOSHUS NOA-
3eMHbIX TPyOONpoBOAHBIX CETEN, OCHOBaAHHbLIE HA pacnpoOCTPaHEHNN OOBbEMHbIX U HanpaBneHHbIX BOMH (LWyma).

BbiBoabl. BogokaHanam HeobxoaMMOo BbINOMHATb HAOEXHbIA U HEMPEPbLIBHBIN COOP AaHHbLIX, YTO MOMOraeT NPUHUMAaTb
nyylive N HagexHble pelleHnsi. basbl 4aHHbIX MOTYT BKNOYATh: AuameTp TpyObl, ANMHY yyacTka v Bo3pacT Tpybbl, AaBne-
Hue, Tun rpyHTa. CobCTBEHHO AaBneHne (Mnu nepenag) B CETU He SIBMSETCS NPU3HAKOM aBapuMHOCTU. [laHHbIN napameTp
cnepyeT paccMmaTpvBaTb COBMECTHO C KONMYECTBOM OTKa30B CETU (aBapuii) Ha yy4acTkax.

KNKOYEBBIE CITOBA: cKyCCTBEHHbIN MHTEMNEKT, MALLMHHOE 00y4YeHNe, CETU BOAOCHAGXeHNS, BoAopacrnpeaenuTenbsHasi
ceTb, NPOrHO3MpoOBaHMe O0Tka3oB TPyOONPOBOAOB, yNpaBneHne AaHHbIMU
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ABSTRACT

Introduction. One of foundations for the sustainable development and improvement of centralized water supply networks
(CWN) and sanitation is the use of artificial intelligence (Al) based on machine learning (ML) algorithms and models: su-
pervised, unsupervised, reinforcement learning. Leaks and unauthorized connections to CWN pose risks, leading to losses
of drinking water and reduced pricing in the field of water resource metering. The relevance is associated with solving
practical Al problems based on the latest innovations — forecasting and preventing accidents at CWN with optimal planning
of repair work and timely maintenance. The purpose of study is to substantiate the role of Al using ML tools in the tasks
of predicting pipeline failures and emergency situations in CWN.

Materials and methods. The study of information on the role of Al in preventing water leaks from water supply networks was
carried out using the method of literature review of the used Al algorithms for predicting pipe failures in CWN.

Results. The ML models used for diagnostic analysis to predict water leaks from CWN are identified and presented. The re-
view of technologies shows the use of 18 ML algorithms to solve problems related to leaks in CWN. Start of use of Kohonen
neural network algorithms (KNN) in Russia indicates the availability of the only neural network software translated into Rus-
sian, STATISTICA Automated Neural Networks. Acoustic and ultrasonic methods for monitoring the condition of underground
pipeline networks, based on the propagation of volumetric and directional waves (noise), are beginning to develop rapidly.
Conclusions. Among the conclusions — for the Sustainable Development of CWN, water utilities need to ensure reliable
and continuous data collection, this is a key practice that will help make reliable decisions based on Al predictions after
the ML phase. Databases may include: pipe diameter, length of the section and age of the pipe, pressure, type of soil.
The pressure itself (or difference) in the network is not a sign of an accident. This parameter should be considered together
with the number of network failures (accidents) in the sections.

KEYWORDS: artificial intelligence, machine learning, water supply networks, water distribution networks, pipeline failure
prediction, data management
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BBEJAEHUE

OmHOW M3 OCHOB YCTOHYHMBOTO Pa3BUTHSA U CO-
BEPIIICHCTBOBAHUS [IEHTPAIN30BAHHBIX CHCTEM BOJO-
cuaGxenns (LICB) u BomooTBeIcHUS SIBIISIETCS HCITONb-
30BaHME CPEJCTB MCKyccTBeHHOro nHTeiekra (M),
a IMEHHO allTOPUTMOB M MOJIeJIeH MaIInHHOTO 00yd4e-
Hust (MO) (KOHTPOJIMPYEMOT0, HEKOHTPOJIIUPYEMOT0, 00-
YYEHHS C TIONKPEIUICHHEM). Y TeUKH U HeCaHKITHOHUPO-
BaHHBIC MMOAKIIOYEHHUA K HEHTPAJIN30BAHHBIM CUCTEMaM
BOJIOCHAO)KCHUS TIPEACTABIISIOT COOO0M Cephe3HBIN PHUCK,
TMOCKOJIBKY OHU NPHUBOAAT K MOTECPAM MUATHEBOM BOAbI
U CHIDKAOT [IEHOOOpa30BaHKE B 0OTACTH y4eTa JaHHOTO
BOJIHOTO pecypca.

UYucras nmuTheBas Boja — JACQHUIMTHBIA pecypc
BO MHOTHUX pernoHax. OOHapyKeHHe yTedeK W/n UX J0-
KaJu3alusi — CJIOKHasl 3a/1aua M3-3a KOMIUIEKCHON JTU-
HaMUKH CeTel pacnpeencHus BoAsl. BenencTsue kom-
IUICKCHOW JMHAMHMKHU CETH W MCHSIOIIMXCS MOJCeIIeh
crpoca oOHapy)XKEHHE KaK MaJlbX, TaK U OONBIINX yTe-
YeKk — TsDKeJasi TUIpaBinueckas 3anada. OaHako Oyp-
HO pasBmBatomuecs cpexctsa MU cmyxkar moreHIma-
JIOM JIJISl PEUISHHUS] ATON TEXHUYECKON 3a/1a4l Ha OCHOBE
anroputMoB MO. IloTeHuman CBUIETEILCTBYET O HENO-
CTaTOYHOCTH CHCTEMATHUECKUX HMCCIIIOBAHUH IO aHa-
3y pomu UM B noctukeHnu neneil ycTOMYUBOro pas-
ButHs (Sustainable Development Goals — uHabop n3 17
pykoBomsux 3aaad, npuHaTeix OOH, kaxnas u3 koto-
PBIX (POKYCHPYETCS Ha aCTIEKTE YeTIOBEYESCKOTO Pa3BUTHS
Y YCTOMYMBOCTHU DKOCUCTEM).

AKTyaITbHOCTB CBSI3aHA C PEIICHHEM TIPAKTHYECKIX
3agau MU Ha 6a3e HOBEHMIIMX MHHOBALIMOHHBIX HAIPaB-
JIEHUH — TPOTHO3UPOBAHUEM W MPEIOTBPAIICHUECM
aBapuil Ha BOJOpACHpPENeNUTENbHbBIX CETSIX MPHU ONTHU-

MaJIbHOM IIJTAHUPOBAHUM PEMOHTHBIX PabOT M CBOEBpE-
MEHHOM TeXHHUYeCcKoM oOcmyxuBanuu. [Ipodrmaxruae-
CKO€ 00CITy’KMBaHUE 1 OOHAPY)KEHUE yTeYeK C MOMOIIBIO
WU noBsimaeT 3QpGeKTUBHOCT yIpaBiIcHUS UHpa-
CTPYKTypo# BogocHaOxeHus. JlanHas a¢pdekruBHOCTH
CBSI3aHa C TIPUMEHEHHEM airopuTMoB MO st ymyd-
IIEHHMS TIPOLIECca IPHHSTHUS PELICHNI U COBEPIICHCTBO-
BaHMsI CTPATEruil yIpPaBICHUS! BOJHBIMH PECYpCaMH.
0O0630p MPaKTUK BaXKEH, TOCKOIBKY CONEPKUT aHAIN3
anroputMoB MO, paKTHKY MCIOIB30BAHNS BHIXOTHBIX
nepeMeHHbIX MO, MHOTO(aKTOPHBIN aHAIN3 pa3pylie-
HUSL TPyOOIIPOBOIOB BOJIOCHA0KEHHSI.

VHTenneKTyanpHble CHCTEMbI HA OCHOBE CPEICTB
WU, xak npaBmIio, UCIOIB3YIOT HHPOPMAITMOHHO-KOMMY-
HukanmoHusle TexHonoruu (MKT), koTopsle nocturaror
nenei 3pPpEeKTUBHOCTH U YCTOWYMBOCTH B TOPOJICKOM
yipaBieHuu BogHbIMH pecypcamu. UKT npumenser
CIIO)KHYIO apXUTEKTYpY, BKIIOYAIOIIYIO JaTYUKH, CBSI3b,
porpaMMupyemble Jiorndeckue kouTposuieps (ITJIK),
UCIIOJHUTENbHBIE MEXaHU3MBI, Y/IaJIEHHbIE TEPMUHAIb-
HBIE YCTPONCTBA, CEPBEPHI JAHHBIX U yIPaBJICHN, HA3bl-
BaeMbIe CHCTEMOI! JIMCTIETYEPCKOTO YIPaBIeHHUs 1 cOopa
naHHbIX (SCADA). [IpeoOpazoBanye eHTpaTn30BaHHBIX
ceTell BOJIOCHAOKEHHSI B KHOSP(PHU3UUECKUE CHCTEMBI
¢ momommpio SCADA momnep>knBaeT MOHUTOPUHT B pe-
IFHOM BpPEMEHH, cOOp AaHHBIX M YAAICHHOE yIIpaBlie-
HHE JUTS TOBBIIEHUS! 9(PPEKTUBHOCTH pabOThI CUCTEMBI
Y pacIIUpeHHsi €€ BOSMOXKHOCTEH, CBS3aHHBIX C OBICTPBIM
1 TOYHBIM OOHApy>KeHHEM cOOEB W CBOCBPEMEHHBIMU
JEHCTBUSIMH 110 BOCCTAHOBJIEHHIO. JTO, B CBOIO OUEPE/Ib,
TOBBIIIAET YCTOWIMBOCTH CUCTEMBI B [IEJIOM.

Llens uccnenoBanust — 00OCHOBATH POJIb HCKYC-
CTBEHHOTO MHTEJJIEKTA, NCIOJIB3YIOIEr0 CPeCTBA Ma-
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IIMHHOTO OOYy4YeHHs, B 3aJadyax IPOTHO3UPOBAHUS
OTKa30B TPyOOTPOBOJIOB M aBApUHHBIX CUTYAIMi B BO-

JIOPaCIpPENEIUTENBHBIX CETAX.

MATEPHAJIBI U METO/JbI

I'OCT P 59277-2020 3akpemsiet 3a UM komrekce
TEXHOJIOIMUYECKUX PELICHUN, [T03BOJISIOIUN HMUTUPO-
BaTh KOTHUTHBHBIE (DYHKIIMH YEJIOBEKA U ITOJTyUSHHUE pe-
3yJBTaTOB, COMOCTAaBUMbIX KaK MUHUMYM C pe3yJbTara-
MU HHTEJUIEKTYalbHOU aeaTenbHocTH yenoseka. [OCT
P 59895-2021 tpakrtyer MO kak mpoiiecc aBTOMaTH-
YEeCKOro 0Oy4YeHHUs] U COBEPILICHCTBOBAHMUS ITOBECHNUS
cucrembl VI Ha 0a3e 00paboTKK MaccuBa 00y4aroIux
JIAaHHBIX 0€3 SIBHOTO MPOrPaMMHPOBAHHSI.

Wzyuenune nnpopmanuu o poau MU B npenot-
BpallleHUN yTEeYEK BOJbI M3 CETel BOAOCHAOKEHHUs
BBINOJHEHO METOJIOM JIMTEPATYPHOrO 0030pa MCIIOIb-
30BaHHBIX Mozenel (anropurmoB) MO Ha npemer npo-
THO3MPOBAHUS OTKAa30B TPYO B CETSIX BOJOCHAOKEHUSL.

3aneiictBoBan TN MM, 0CHOBaHHBIN Ha MPETUKTHB-
HOM aHaJIMTHKE, UCTIONB3YIoIel anroputMbl MO s aHa-
JIM3a JaHHBIX M [IPOTHO3UPOBAHUS OyIyIIMX COOBITHIA
iy TeHaeHuuid. IpenukTuBHas aHanuTUKA IPUMEHSETCS
JUIS IPOTHO3UPOBAHMS MOZIENICH BOJIONOIB30BAHMS:

* TeHJeHIMH ucnons3oBanus MO B ympaBieHUN

CETSIMH BOJOCHAOKEHUS;

* MOHUTOPHUHIA BOJHBIX PECYPCOB B PEXUME pe-
aJIbHOTO BPEMEHU;

* [POTHO3UPOBAHUS JOCTYIIHOCTU BOJbI, OITUMU-
3aLUH pacTIpEACTICHIUS U YIyUIIeHNs 00CTyKUBAaHUS HH-

(pacTpyKTyphl.

PE3YJIBTATBI HCCJIEJOBAHNA

Pe3yﬂbTaTI)I HUCCJIICA0BAaHNMA ITIOKA3bIBAKOT, YTO MHO-
r'He U3 IPOaHAIM3UPOBAHHBIX PabOT CChUIAIOTCS Ha (haK-
TOPBI, BIMSIONINE HA pa3pyIllIeHHe TPYOOIPOBOIOB, Ha-
npuMep:

* BHyTpeHHHE (IOJl YCTAaHOBKH TpPYyO, MX JUIMHA
U MaTepHa, THaMeTp, aHTHKOPPOIHOHHASI 3aIIIUTA);

* JKCIUTyaTallMOHHbIE (MCTOPHA U TUII aBapuil, 1aB-
JICHHE WJIH CKOPOCTH B TPYOOIPOBO/IE);

* BHEIIHHE (TPAHCTIOPTHAS HATPy3Ka, KOPPO3HOH-
Hasi aKTUBHOCTD TIOYBHI, TEMIIEPATYPA).

BrusBnens! 1 npenctasieHsl Mmoxenu MO, ucnons-
3yeMble ISl IMArHOCTHYECKOTO aHan3a ¢ [eJbi Mpo-
THO3MPOBAHUS YTEYEK BOJBI U3 CETEH BOIOCHAOKCHHUS
(tabn. 1). OcHOBY Ki1accu(pHUKaTOpa MOJICTICH COCTaBUIIA
pabota [1] npu BHECEHUN U3MEHEHHIA.

O030p TEXHOJIOTHI CBHCTEIILCTBYET 00 HUCIIOJIB30-
Banuu 18 anropurmoB MO mu1s perenust 3a1a4 (Taon. 2),
CBSI3aHHBIX C YTCUKAMH CHCTEM BOIOCHAMKEHHUS. ITO, KO-
HEYHO, HE MOJTHBIN CIIMCOK ATOPHUTMOB, B 0COOCHHOCTH

Taou. 1. Monenu 1 aaropuTMbl MAIIKHHOTO 00Y4EHUsI, HCTIONB30BAaHHbIC [T MPEIOTBPALICHUS YTEUEK BOIBI U3 CETEH BOMIO-

CHaOKEeHUS

Mopenu u anroputmMsl MO

Onucanne

NB
Hausno-baiiecosckas (Naive
Bayesian)

OcHoBaHa Ha npaBuiIe balieca U pa3zenseT JaHHbIe Ha PA3JIMYHBIC KIACCHI C MTOMOLIBIO
BXOJIHBIX IIEPEMECHHBIX WK arprOyToB. IIpeonaraercs, 4To NepeMEHHBIC YCIIOBHO He-
3aBHCHMBI, 4 MX BO3MOXXHbIC B3aHMOJICHCTBHSI HTHOPHPYIOTCS

BBN
BaitecoBckue cetu nosepust
(Bayesian Belief Networks)

Boree cnoxHas MOJiesIb, OCHOBaHHAsl Ha BeposTHOCTH Baiieca. ['paduuecku nx mpuBoasT
B BUJIE NIPSIMBIX allMKIMYECKUX Ipad)oB, T/Ie y3IIbl IPEACTABISIOT TApaMeTphl, a JyT'H —
BEPOSTHOCTHBIE OTHOIICHNS MEKITY HIMHI

LR
Jluneiinas perpeccus (Linear
regression)

HpeﬂCTaBHﬂeT coboit CTAaTUCTHUYCCKYIO IpOoUEAYpPY, TOMOIr'arolly0 IPOrHO3UPOBATH

FL
Heuerxkas noruka (Fuzzy logic)

CoueTaHue KJIaCcCHUECKON JIOTMKM M TEOPHH MHOKECTB, HCIIONB3YIOIIEH MOHATHE He-
YeTKOr0 MHOXKeCTBa (pacuiupenue OyieBOH JIOTMKH mocpencTBoM omepannos 0 u 1).
Tax, metox FL ¢ yueToM HEONpe/IeNIeHHOCTH MOXKET ITOMOYb OTIINYUTh MHOTO(aKTOPHBIE
OLICHKH PHCKa OTKa3a TPyOOIpoBonoB: (GakTopsl aBapuii (Bo3pact TpyObl, MaTepual, 4ya-
cToTa aBapuit) oT (hakTOpoB mocieAcTBHil (yiepO, HapymeHne Ou3Heca 1 Ipodee)

GLM
O00011EHHBIE TUHEHHBIE MOJEIN
(Generalized Linear Models)

BkirodaeT nMHEWHYIO PerpeccHio, MOAENU OMCIIEPCHOHHOTO aHalli3a, JOTUT W IIPo-
out Mozenu (Juist GMHAPHBIX OTBETOB), JIONIMHEIHBIC MOJICIIU U MYJITHHOMHAJIBHBIE MO-
JIeJId OTBETOB JIJIsI [IOACUETOB

SM
Monenu BepkuBanus (Survival
Models)

B Mopnenu 3aBHCHMOI TIEpeMEHHOH (MIIM OTBETOM) SIBIISIETCS BpEeMsl OXKHMIAHHUS IO Ha-
CTYIUICHHS] HHTEPECYIOIIEr0 COOBITHS. DTO MO3BOJISIET PacCMaTpUBATh OTKa3bl TPYO ¢ Te-
YEHUEM BPEMEHHU

GT
Teopust rpados (Graph Theory)

O0nacTh AUCKPETHON MAaTeMaTHKH, H3ydaromeil rpadpl, TeOMETPHYECKHIA TTOIX0A K U3-
YUYCHHUIO OOBEKTOB M CBsizell Mexay HUMH. OOBEKThl Ha3bIBAIOTCS BepIIMHAMH Tpada,
CBSI3M MEX/y IapaMu 00beKTOB — pebpamu. [Ipn omvcanny B3anMOCBSI3H Hap pasiiid-
HBIX 00BEKTOB OOBIYHO UMEIOT Jeno ¢ rpadom. Hampumep, B cxeme TOPOACKOTO BOIO-
cHaO)KEHHMs BepIIMHAMU Tpada SBISIOTCS TOUYKHA BOAOpazbopa, a pedbpamu — Tpyoompo-
BOJIbI, COCMHSIONINE 9TH TOUKHU. VICTIONB3YIOT IS peIIeHNs ONITHMHU3AMOHHBIX 3a/1ad

SVR
Perpeccus OIopHBIX BEKTOPOB
(Support Vector Regression)

B Moaenn 00bsICHSIOMNE IEPEMEHHBIE 0TOOPAXKAIOTCS C TIOMOIIBIO HETMHEHHBIX CTPYK-
Typ B IIPOCTPAHCTBO BBICOKOM pa3MEpPHOCTH, 3aT€M B 3TOM IIPOCTPAHCTBE BBIIOJIHACTCA
JUHeHHas perpeccus. BerxonHas nepeMenHast, mporuosupyemast SVR, siBisiercs Herpe-
PBIBHOI, B JAHHOM CITy4ae 3TO YaCTOTa OTKA30B COBOKYITHOCTH TPYO
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Oxkonuanue maén. 1

Mopenu u anroputmMbl MO

Omnucanne

GP (unorma GA)
T'enernueckoe
nporpammuposanue (Genetic
Programming nim Genetic
Algorithm)

ABTOMaTHYECKOE CO3aHHME MM W3MEHEHHE MPOrpaMM C MOMOIIBI0 TeHETHYECKUX ajl-
TOPUTMOB, PAa3BUTHE MAPATUTMBI SBOIIOIMOHHOTO IPOrpaMMUpoBaHus. B 1peBoBuIHOM
KOIMPOBAHUM KaXIbIH y3ed JiepeBa COAEPKUT MPUMHUTUBHYIO (DyHKIMIO (Harmpumep,
CYMMa, OCTATOK, IPOU3BE/ICHHUE), a KAXKIBIH JINCT — 00bACHAEMAs IePEMEHHAs

EPR

DBOJIIOIMOHHAS TOJIMHOMUAJIBHAS
perpeccust (Evolutionary
Polynomial Regression)

I'mOpuaHas TexHUKA yNpaBiICHUS TAaHHBIMHU, OTHOCSINASACS K ceMeicTBy crpareruii GP.
OO0benuHsAeT B ceOe MOIIHBIE PErPECCHOHHBIC BO3BMOXXHOCTH OOBIYHBIX METOJIOB YHC-
JICHHOW PErpecCchy U MPEBOCXOIHYIO CIOCOOHOCTh TEHETUYECKOTO MPOTrPaMMHUPOBAHHS
K IMOMCKY peLIeHHH

AHP
Merton aHanu3a uepapxui
(Analytical Hierarchy Process)

CTpyKTypUpOBaHHAsl TEXHUKA NPUHATHS KOMIUIEKCHBIX PELICHUH, I11€ B TPaJULIUOHHON
(OPMYIHPOBKE CYXKICHHS SKCIIEPTOB MPEACTABISAIOTCS B BUE TOUHBIX 4ncel (Iporop-
M) 171 GOPMHUPOBAHMSI MATPHLBI CPABHEHHSI KPUTEPUEB U AIbTEPHATHB

RM
Mopens pamxkupoBanus (Ranking
Model)

[IpocTbie MomenH, KOTOPBIE PAHKUPYIOT TPYOBI 110 OIIPEAETIEHHOMN epeMEHHOM HITH KOM-
OMHAIMY NEPEMEHHBIX M JAPYTHE aITOPUTMBbI MOBBIIIEHHS PAHTOB, KOTOPBIE UTEPATHBHO
OOHOBJISIIOT BBIXOAHBIE IEPEMEHHBIE HAOOpa JAHHBIX B MOUCKAX YITyUIIEHHs ONpeeIeH-
HOM METPHUKH KayecTBa

DT
JlepeBbst IPUHATHUS pELIEHUI
(Decision Trees)

Mopenu, MO3BOJISIONINE PEUIaTh 3a1a4ll KiIacCU(UKANUU, HepapXu U perpeccun. DT
HCTIONB3YIOT JUI MHTEIUIEKTYalbHOTO aHalIM3a AAHHBIX (IPOTHO3 3HAYCHHS LEIEBOH
MIEPEMEHHOH Ha OCHOBE HECKOIBKUX ITEPEMEHHBIX Ha BXOJIE)

RF
Cuyuaiinbiii tec (Random Forest)

AHFOpPITM KOJIJICKTHUBHOT'O O6y‘ICHI/ISI, KOTOpLIﬁ COCTOMUT U3 HECKOJIbBKUX NEPEBHEB PEIIIC-
HI/II71, TAC KaXao0€ AEpeBO peHIeHI/Iﬁ 06yt1aeTc;1 HC3aBHCHMO Ha CHy‘IafIHOM IIOAMHOXKEC-
CTBC TaHHBIX. 3a cuer 0OJIBIIOro KOJUYECTBA JACPCBLEB PE3YIbTAT YIyqIIaCTCs

SVM
OrnopHbIe BEKTOPHBIE MAIIHHBI
(Support Vector Machine)

JInHeHHBI AJITOpUTM, I/ICHOJ'[L?)YCMI)Iﬁ B 3ajadyax KJ'IaCCI/I(I)I/IKaHI/II/I U perpeCCUOHHOTO
aHalmsa. AHrOpI/ITM CO31a€T JIMHUIO WIN I'MIEepIuIOCKOCTDh, KOTOpas pasAaesieT JaHHBIC
Ha KJIaCChlI

GNN
I'padoBas HelipoHHas ceTh
(Graph Neural Network)

Tun HelipoHHOU ceTH, 6asupyrolleiics Ha Teopun rpadoB, — HAMPSAMYIO padoTaromas
CO CTPYKTYpoii rpada (CTpyKTypa JaHHBIX, COCTOSIIAS U3 IBYX KOMIIOHCHTOB: Y3JIbl —
00BEKTHI, @ pebpa — CBsI3M My HUMH). TunuunbiM npumeneHrneM GNN sisiercst
KJacCUpUKAUs y3JI0B. MOXKET HCIOIb30BAThCS, HAIPUMED, JJIsl HHTCTPALIMU THIPABIIH-
YECKHMX U TOTIOJIOTHYCCKUX XapaKTEPUCTHK CETH BOJOCHAOKCHHUS

ANFIS

AnanTuBHas HeMpo-HeUeTKas
cetb (Adaptive neuro-fuzzy
network)

[Ipencrasnsier co0oOif pa3HOBUAHOCTH HCKYCCTBEHHOM HEHPOHHOW CeTH, OCHOBAHHOMN
Ha cucTeMe HeueTkoro BeiBoja Takaru — CyreHo. JlaHHast cucTeMa MHTErpUpYeT MPpHH-
UMbl MCKYCCTBEHHBIX HepoHHBIX cetell (MHC) ¢ nmpuHnunamu HedeTkol JOruku (ru-
opuanas cucrema). ANFIS siBnsiercst yHUBepcanbHBIM OLICHIIIMKOM Ha OCHOBE Halioa-
€MBIX JJAHHBIX: IIPABUIJIO — OLIEHIIHUK, a pe3y/IbTaT — OLIEHKa

KNN
Heiiponnas cets Koxonena
(Kohonen Neural Networks)

HeiipoceTh HacTpanBaeTCsl ¢ HCIOIB30BAHUEM AITOPUTMa OOyUeHUs (METOJOM MOCIe-
JIOBaTEJbHBIX MPHOMIKEHNI) 03 KOHTPOJIS, TOTOMY €€ TaK)Ke Ha3bIBalOT CaMOOPIaHu-
3yrotueiicst kaptoii. Mcronbp3yercsi B OCHOBHOM UTsl KJTacCH(DHUKALINH, CKATHS, PACTIO3HA-
BaHMA 00pa3zoB u nuarHocTuku. KNN, B OTIHUHe OT MHOTOCIOHHONW HEWPOHHOH CeTH,
OYeHb MIPOCTA; OHA MPEICTABISAET COOO0M 1Ba ClosA: BXOAHOH 1 BbIxoaHOU. [loxcTpansa-
eTcsl He M0J ATAJIOHHOE 3HaYeHHE BBIXO/a, a T10]] 3aKOHOMEPHOCTH BO BXOAHBIX JaHHBIX

WHC, xotopbie GypHO pa3BUBAIOTCS B HACTOSIIIICE BPEMSL.
B eanHOM HccieoBaHUM MOTYT TIPUMEHATBCS Pas3iIind-
HBIE MOJIEJTH ¥ alropuT™Msbl ¢/6e3 ncnosib3oanus MHC.
W3yaenne metonoB MO u X IPIMEHEHUS B TaHHO Teme
TIOKa3bIBAET, YTO MPOOIEMa MOXKET ObITH CMOZICITIPOBAHA
M0-Pa3HOMY. JTO MPOSIBISIETCS] B PA3JIMYHBIX BBIXOIHBIX
MIEPEMEHHBIX, KOTOpBIE OBIIM HCIIOJIB30BaHbBI (BpeMs
JIO OTKa3a, MHJIEKC PUCKA HA YYacCTOK, BEPOSTHOCTH OT-
Ka3a, JIOKJIN3alysl YsI3BUMbIX yYaCTKOB, HHTEHCUBHOCTh
OTKa30B ¥ T.11.). Peanm3arst MeTomoB 00pabOTKH, TaKUX
KaK CTpaTerny BBIOOPKH WM TIPeoOpa3oBaHusl epeMeH-
HBIX, TAKKE COUETACTCS C HANOOIEE EPCTIEKTUBHBIMU MO-
nemsivu (MHC, KNN, LR, GP, SVR u narnee) (ta0. 2).

HaGnronarores cieyromme 3aKOHOMEPHOCTH:

* TEHJICHIWA K YBEIMUICHHIO YHCIIa OTKA30B OTHUX
U TeX ke TpyO B TEUCHME psijia JIeT MOAPS, YTO IOJ-

TBEP)KIAETCS MMOJIOKUTEIBHON KOPPEIALNEH MEXKIY KO-
JIMYECTBOM IPEABIIYIINX OTKa30B TPYObI M BHIXOJAHOU
nepeMeHHOU. BopokaHanaM ciieyeT NepecMOTpeTh
CBOM PEKOMEH/IAINH 110 TEXHUYECKOMY OOCITY>KHBaHHIO
U TIOMCKAaTh BO3MOJKHBIC YSA3BUMBIE MECTa;

* CONIACHO AHAJIN3Y TOJI0BOW MHTEHCUBHOCTH OT-
Ka30B Ha KHJIOMETP, TPyObI MEHBILIETO THAMETPA, a TaKKe
cTapble TPyObl MIMEIOT 3HAYUTEIIHHO 0OJiee BEICOKHH ypo-
BEHb OTKA30B;

* MHTEHCHBHOCTB OTKa30B OETOHHBIX TPYO cocTaB-
ssietT okoJio 0,65 0TKa30B/KM TOMI, YTO CBHUCTEIIbCTBYET
0 Cepbe3HO IpodIieMe, CBI3aHHOM C TUM MaTEPUAIIOM.

s ycroituuBoro passutus LICB Bogoxanamam
Tpedyercst 00ecTIeYnTh HaJCKHBIN 1 HENPEPBIBHBINA COOP
JIAHHBIX — 3TO BOKHEHIIIAs IPAKTHKA, KOTOPasi TOMOXKET
TMPUHUMATh HAACKHBIC PEHICHNA HE TOJIBKO B HACTOAILEM,
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Tada. 2. Monenu mporHo3a u BEIXOHbIE IEPEMEHHbIE HEKOTOPBIX UCCIIEI0BAHII — MPOTHO3UPOBaHKE aBapuil TpyOONpOBOI0B

B CETSAX BOIOCHAOKEHHUS

Mopens

Beixonnas NIEPpEMCHHAsA U CChLIIKa

BBN, SVR BepostHoCTh OTKa3a [2]

FL Mupekc pucka oTkasa mpu y4ere Marepuana, Bo3pacTa, JIMHBL U quameTpa Tpyo [3]
GP Bpewms 1o otkaza tpybonposona [4, 5]

GA Jlokanu3zanus u pasmep yreuek [6, 7]

RM, LR, NB, SM

KomnnuectBo 0TKa30B TpyO6OnpoBoaoB [§]

RM

Wunexc pucka [9]

BBN

Konnuecto nospexaenuii Tpyo [10]

SVR, CL, FL (MHC)

NuTeHcuBHOCTH 0TKa30B [11]

GT, SVM (MHC)

Jlokanu3zanus yreuek [12]

SVM, RF Jlokanu3anus yTeueKk U CHUKEHHE U30BITOYHOTO JaBieHus [13]
FL, AHP CocrosiHue TpyoO [14]

EPR KonuuectBo 0TKa30B TpyOOIpoBromos [15]

LR Bpewms 10 otkasa Tpy6onposoza [16]

RM, LR, SVM (HC)

BepositHocTs oTKa3a [17]

DT, SM, RM

Bpewmst 110 oTkaza Tpy6onpoona [18]

DT, BBN (MHC)

BepositHocTs oTKa3a [19]

GLM, DT (MHC)

Bpewms 10 otkasa Tpy6omnposomna [20]

BBN BepostHocTs oTkaza [21]

GNN (UHC)

Jlokanu3anus ysS3BUMBIX YYaCTKOB 110 JaBleHUIo [22, 23]

FL, ANFIS (MHC)

OcraBumiicst Cpok CIIyKObI TpyO [24]

FL, ANFIS (MHC)

Jlokanu3anus ysa3BUMBIX y4acTKOB [25-27]

FL, ANFIS (MHC)

YacTtoTa 0TKa30B OT IMAMETpa U MarepuasioB TpyO [28]

DT Bpewms 1o orkasa Tpyoonposona [29]

RF Jlokanm3zanus ys3BUMBIX ydacTkoB [30-32]

CVM, RF (UHC)

Juddepennuanus u uaeHTUGUKAINSL cOOBITHIA cO0st [33]

KNN anropurm Koxonena (MHC)

rotoBHOCTH [34, 35]

HO ¥ B riepcrekTuse. VcenenoBanus 0TMEYaroT pocT U Mo-
BBIIICHUE JI0CTOBEPHOCTH MH(MOpMAIMU 00 OTKa3ax Tpy-
6orpoBosoB rpu ucnonb3oBanun SCADA cucrem Ha oc-
HoBe reorpaduuecknx nHGopmarmonabix cuctem (I'MC).
[embo BomOKaHANA JOMKHO CTaTh OCO3HAHME IICHHO-
CTH JAHHBIX, a HE YKOHOMMS Ha MCTOYHHUKAX W BPEMCHH
JUISl pa3pabOTKN Ha/ISKHOM M Ka4eCTBEHHOW MMOJIUTHKH
cbopa ceenenuii. Hanboree npocteivMu hakropamu, KOTo-
PpBIe BOJOKaHAIBI MOTYT COOMPATh B CBOM 0a3bl JaHHBIX,
SIBISTFOTCS, HAIPUMEP: TUaMeTp TPyOBI, IUTHHA y4acTKa,
BO3pacT TpyO, naBieHue, TaIl rpyHTa. COOCTBEHHO NTaB-
JieHue (VM TIepeTiajT) B CETH, Ha HaIl B3IV, HE SBILICTCS
TIPU3HAKOM aBapUHHOCTH. DTO, HECOMHEHHO, BaYKHBIH T1a-
pamMeTp, HO €ro ClieyeT paccMaTpUBaTh COBMECTHO C KO-
JIMYECTBOM OTKA30B CETH (aBapHii) Ha yUacTKax.

Hauano ucnonb30BaHuss HEUPOCETEBBIX AJITOPUT-
moB Koxonena (KNN) B Poccuu [34, 35], a Taroke nccrie-
JTOBAaHUS, PEAH3YIOIINE 3aKITFOUCHHE O IPAaBUIBHOCTH
MIPOEKTUPOBAHUS U IKCILTyaTallMy CUCTeMBI [36], Heciy-
YalHbl. DTO CBHJICTEIBCTBYET O HAJIMYUK €IUHCTBEH-
HOTO IEPEBEACHHOIO Ha PYCCKUM SA3bIK HEHPOCETEBOIO
ITO STATISTICA Automated Neural Networks (Benmop
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MHTEHCHBHOCTD OTKa30B, BEPOSTHOCTH 0€30TKa3HON paboThl, K03 HumeHT

StatSoft Russia)', comep>kut camble COBpEeMEHHBIC HEii-
POCETEBbIC AITOPUTMBI 00YYEHHUSI (METOJ] COMPSKEHHBIX
rpaaueHToB, anroput™ JleBenOepra — MapkBapara,
BFGS, anroputm Koxonena). [1O npennazHadeHo 11s aHa-
JIU3a JTaHHBIX, BU3YJIN3alliH, POTHO3UPOBAHMSI U MIPO-
BEJICHUSI CTATUCTUUYECKUX aHAJIU30B, YTO MO3BOJISIET
B3STh €TO Ha BOOPYKEHHE TPH NMPOTHO3UPOBAHUN OTKa-
30B TPyO B CETAX BOJOCHAOKCHNS.

Cetp KoxoHeHa, B OTAMYHE OT MHOTI'OCJIIOMHON
MHC, o4ens mpocTa; OHa MPECTABISET COOOH IBa CITOS:
BXOJIHOMU ¥ BbIxoaHOM. MO no npasuity Koxonena oTHo-
CHUTCS K COPEBHOBATEIbHBIM METOIaM 00yueHws1. B cioe
HEUPOHHOW CETH U3MEHSIOTCS Beca TOJIbKO OIHOTO
HEHpOHa-MOOeNUTEIIS, €ro Beca MPHU3HAKTCS HanboJjee
ONM3KMMU K 3HAYCHUSIM BXOqHOTOo curHana. Ceth Koxo-
HeHa 00y4yaeTcsi METOJIOM MOCIIEeJ0BATEILHBIX TPHOITH-
skeHnil. B mporiecce MO Ha BXOABI IOAIOTCS TaHHBIE,
HO HEWPOCETh TIPH ATOM TIOICTPAUBAETCS HE 0] ATAJIOH-
HOE 3Ha4YCHHUE BBIXO/IA, a TIOJT 3aKOHOMEPHOCTH BO BXOJ-

! STATISTICA Automated Neural Networks. URL: https://
TUIeH3UOHHEICOPT.pd/catalog/view/405/?ysclid=Iwkqdt5d
uml161804109
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HBIX JaHHBIX. Helipornas ceth KoxoHeHa HacTpanBaeTcst
C MCIOJIB30BAaHUEM AJTOPUTMa 00y4eHHs1 0e3 KOHTPOJIs
(mo3TOMY €€ Ha3bIBAIOT CAMOOPraHU3YOLICHCS KapTOi)
1 HCTIONIB3YeTCsl B OCHOBHOM JUIS KJIACCHU(MKALINK, CiKa-
THS1, PaCIO3HABAHMSA 00Pa30B M AUATHOCTHUKH.

Kpome BhIIICONUCaHHBIX c1OCOO0OB, HAYMHAIOT
AKTHBHO Pa3BHBAThCs aKyCTHYECKHE U YIBTPa3BYKO-
BBI€ METO/Ibl MOHUTOPUHI'A COCTOSIHHS TIOA3EMHBIX TPY-
OOIPOBO/HBIX CETEH, OCHOBaHHBIE HAa PACIIPOCTPAHCHUH
00BEMHBIX W HalPaBJICHHBIX BOJH (1Iyma). A UMEHHO
W3MEpPEeHHsI BUOPALMU M OLCHKH CHEKTPAJIbHBIX XapakK-
TEPUCTHK LIyMa YTEYKH C IIOMOIIBIO aKCEeIePOMETPOB,
FI/I)IpO(bOHOB, BOJIOKOHHO-OINITHYCCKUX JATYUKOB U YyJIb-
Tpa3BykoBeIX (BbImie 20 k') metonos [37—40]. Xots
9TH METOJbl PUMEHSINCh K TPyOaM BPYYHYIO, OHH
HOIXOJST JUISl HCIIOJIBb30BaHUS B COYETAHHU C aBTOHOM-
HBIMH MHCIIEKI[HOHHBIMU POOOTaMH JJIsl OOHApYIKEHHS
BO3HUKHOBEHUS JIe()eKTOB BHYTpH TpyO. Mccnenyrores
COOTBeTCTBYOIIHE MeToIbI MO JU1s IPOrHO3a MECTOIIO-
JIOXKEHUH yTedeK, OCHOBaHHBIC HA MOJOOHBIX JAHHBIX:

* TeHepaTHBHas cocTs3arenbHas ceth (Generative
Adversarial Network — GAN) Ha 0CHOBE HOBaTOPCKOT'O
noaxozna K MO, KOTOpBIi cOYETaeT TEOPUEO UT'P, BEPOSIT-
HOCTHOE MOJICIIMPOBAHKE M TeopHro nHpopmarun [38].
GAN coctouT u3 IByX HEMPOHHBIX CEeTel, reHepaTopa
U JIMCKPUMMHATOPA, KOTOPBIE 00YYatoTCs COCTSI3aTelb-
HBIM 00pa3oM JIsl TeHepaLuK PeaTMCTHYHBIX TaHHBIX;

* anropuTMbl perpeccuoHHoro MO Ha ocHOBe
k-ommxaiimux cocenert (k-NN) 1 MalIuHbI OMOPHBIX
BekTopoB (SVM) [39];

* MOJIeNH OOHAPYKEHHUSI YTEYEK METOJIOM OIIOPHBIX
BEeKTOpOB (SVM), HCKyCCTBEHHOW HEHPOHHOW CETHIO
u nrybokum obyuenuem (Deep Learning — DL) npope-

MOHCTPHPOBAIIA B OCHOBHOM CTaOMIIEHYIO TTPOU3BOIH-
TENBHOCTb U BBICOKYIO TOUHOCTS [40].

3AKJIIOYUEHUE

Jnsa ycroituusoro passurusa LICB Bonokxanamam
TpeOyercst 00eCTIeYnTh Ha/ISXKHBIN U HETIPEPHIBHBIN cOOp
JIAHHBIX — 3TO Ba)KHEHIIIast paKTHKa, KOTOPasi TIOMOYKET
NPUHUAMATH HaJIeXKHbIE PEllIeHHs] Ha OCHOBE MporHo3oB NN
nocie (hazel MO. Haunboree npoctbiMu (hakTopamu, KOTo-
Pble BOJIOKaHAJIbI MOTYT COOMPATh B CBOM 0a3bl JAHHBIX, SIB-
JISTFOTCSI, HATIPUMEP: AMaMETp TPYObl, [UTMHA y4acTKa, BO3-
pact Tpy0, naBienue, TUI rpyHTa. COOCTBEHHO JaBICHUE
(vm Tiepernaz) B CeTH, Ha Halll B3I, HE CITY)KUT IIPU3HA-
KOM aBapHIHOCTH. JTO, HECOMHEHHO, BayKHBIN TTapaMeTp,
HO €T0 CJIeyeT paccMarpiBaTh COBMECTHO C KOJIMUECTBOM
OTKA30B CETH (aBapHii) Ha y9acTKaX.

Tenpenyu u ucnons3oBanue MO B ynpaBieHUH
CETSAMH BOJOCHAOXKEHNUS BBISIBIIIM UCIIONb30BaHUE 18
QJITOPUTMOB JUUTsl PELIEHNS 33/1a4, CBSI3aHHBIX C YTEUKaMU
CHCTEM BOJIOCHAOKEHUSI. BHIXOIHBIMY ITEpeMEHHBIMU MO-
ryT 6I)ITI): HMHTCHCHUBHOCTL OTKAa30B, BEPOATHOCTH OTKa3a,
MHJIEKC PHUCKa, BPEMs JI0 OTKa3a, KOJIMYECTBO OTKA30B, CO-
CTOAHHEC pr6, JIOKaJIM3alus yA3BUMbBIX YYaCTKOB, OCTaB-
MIMCS CPOK CITYXKOBI TPYO, BEPOSITHOCTH OE30TKa3HOM pa-
60751, K03 duIMeHT roroBHOCTH. Hagasno ucmons3oBaHms
HelpoceTeBbIx anroputMoB Koxonena B Poccuu cBsizano
C HUIMYHEM PYCCKOS3BITHOTO MPOrPaMMHOTO odecrede-
Hust STATISTICA Automated Neural Networks.

[IpencTaBneHbl CBEACHUS O PA3BUBAIOIINXCS aAKY-
CTHUYECKUX M YJIBTPAa3ByKOBBIX METO/IaX MOHUTOPHHTA
COCTOSIHUSI TIOJI3EMHBIX TPYOOIIPOBO/IHBIX CETEH, OCHO-
BaHHBIX Ha PacIpOCTpaHeHNN OOBEMHBIX U HaIpaBiIeH-
HBIX BOJIH (IITyMa), ¥ COOTBETCTBYyomue Metoas MO.
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INTRODUCTION

One of the foundations for sustainable development
and improvement of centralized water supply and sani-
tation systems is the use of artificial intelligence (Al),
namely machine learning algorithms and models (su-
pervised, unsupervised, reinforcement learning). Leaks
and unauthorized connections to centralized water sup-
ply systems pose a serious risk, as they lead to losses
of drinking water and reduce pricing in the field of ac-
counting for this water resource.

Clean drinking water is a scarce resource in many
regions. Detecting leaks and/or localizing them is chal-
lenging due to the complex dynamics of water distribu-
tion networks. Due to the complex network dynamics
and changing demand patterns, detecting both small and
large leaks is a complex hydraulic challenge. However,
rapidly developing Al tools offer the potential to solve
this technical challenge based on machine learning (ML)
algorithms. The potential highlights the lack of system-
atic research to analyze the role of Al research in achiev-
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ing the Sustainable Development Goals (SDG). SDG
is the set of 17 guiding targets adopted by the UN, each
of which focuses on an aspect of human development
and ecosystem sustainability.

The relevance is related to solving practical Al prob-
lems based on the latest innovative trends — forecasting
and preventing accidents in water distribution networks
with optimal planning of repair research and timely main-
tenance. Preventive maintenance and leak detection using
Al increases the efficiency of water supply infrastructure
management. This efficiency is associated with the use
of ML algorithms to improve the decision-making pro-
cess and improve water resources management strategies.
The review of practices is relevant because it contains
an analysis of ML algorithms, the practice of using ML
output variables, and a multivariate analysis of the de-
struction of water supply pipelines.

Intelligent systems based on Al tools generally use
information and communication technologies (ICT),
which have been achieved to achieve the goals of effi-
ciency and sustainability in urban water management.
ICT uses a complex architecture including sensors, com-
munication, programmable logic controllers (PLC), actu-
ators, remote terminal devices, data and control servers,
called supervisory control and data acquisition (SCADA)
system. Transforming centralized water supply networks
into cyber-physical systems using SCADA supports real-
time monitoring, data collection and remote control to
improve the system’s performance and enhance its capa-
bilities related to rapid and accurate fault detection and
timely recovery actions. This, in turn, improves the resil-
ience of the overall system.

The purpose of study is to substantiate the role
of artificial intelligence using machine learning tools in
the tasks of predicting pipeline failures and emergency
situations in water distribution networks.

MATERIALS AND METHODS

Russian standard GOST R 59277-2020 assigns to
artificial intelligence (Al) a set of technological solu-

tions that allow simulating human cognitive functions
and obtaining results comparable, at a minimum, with
the results of human intellectual activity. Russian stan-
dard GOST R 59895-2021 interprets machine learning
(ML) as a process of automatic learning and improving
the behavior of an Al system based on processing an ar-
ray of training data without explicit programming.

The study of information on the role of artificial in-
telligence in preventing water leaks from water supply
networks was carried out using the method of a literature
review of the used models (algorithms) for predicting
pipe failures in water supply networks.

The type of Al used is predictive analytics, which
uses machine learning algorithms to analyze data and
predict future events or trends. Predictive analytics is
used to predict water use patterns:

* trends in the use of machine learning in water
supply network management;

* monitoring of water resources in real time;

« forecasting water availability, optimizing distribu-
tion and improving infrastructure maintenance.

RESULTS OF THE STUDY

The results of the study show that many of the ana-
lyzed papers refer to factors that influence pipeline fail-
ure, such as:

« internal (year of pipe installation, their length and
material, diameter, anti-corrosion protection);

* operational (history and type of accidents, pres-
sure or velocity in the pipeline);

« external (transport load, soil corrosivity, tempe-
rature).

Models used for diagnostic analysis to predict water
leaks from water supply networks are identified and pre-
sented (Table 1). The model classifier is based on the re-
search [1], with modifications.

The review of technologies shows the use of 18 ML
algorithms to solve problems (Table 2) related to water
supply system leaks. This is, of course, not a complete
list of algorithms, especially for artificial neural networks

Table 1. Machine learning (ML) models and algorithms used to prevent water leaks from water supply networks

ML models and algorithms

Description

NB

Naive Bayesian . .
tions are ignored

Based on Bayes’ rule, it separates data into different classes using input variables or attri-
butes. It assumes that the variables are conditionally independent and their possible interac-

BBN

Bayesian Belief Networks relationships between them

A more complex model based on Bayesian probability. They are graphically represented
as direct acyclic graphs, where nodes represent parameters and arcs represent probabilistic

LR
Linear regression

It is a statistical procedure that helps in forecasting

Combination of classical logic and set theory using the concept of fuzzy set (extension of
Boolean logic, by means of operands 0 and 1). Thus, the FL method taking into account

FL . uncertainty can help to evaluate multifactorial assessments of the risk of pipeline failure:
Fuzzy logic . . . .
accident factors (pipe age, material, accident frequency) from consequence factors (damage,
business disruption, etc.)
GLM Includes linear regression, analysis of variance models, logit and probit models (for binary

Generalized Linear Models

responses), loglinear models, and multinomial response models for counts
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End of the Table 1

ML models and algorithms

Description

SM
Survival Models

In the model, the dependent variable (or response) is the waiting time until the event of
interest occurs. This allows pipe failures to be considered over time

GT
Graph Theory

An area of discrete mathematics that studies graphs, a geometric approach to studying ob-
jects and the connections between them. Objects are called graph vertices, and connections
between pairs of objects are called edges. When describing the relationship between pairs of
different objects, one usually deals with a graph. For example, a city water supply scheme,
where the graph vertices are water intake points, and the edges are the pipelines connecting
these points. It is used to solve optimization problems

SVR
Support Vector Regression

In the model, the explanatory variables are mapped using nonlinear structures into a high-
dimensional space, and then linear regression is performed on that space. The output vari-
able predicted by SVR is continuous, in this case the failure rate of the population of pipes

GP (sometimes GA)
Genetic Programming
(or Genetic Algorithm)

Automatic creation or modification of programs using genetic algorithms, development of
the evolutionary programming paradigm. In tree — like coding, each tree node contains
a primitive function (e.g., sum, remainder, product), and each leaf contains an explained
variable

EPR
Evolutionary Polynomial
Regression

Hybrid data management technique belonging to the GP family of strategies. It combines
the powerful regression capabilities of conventional numerical regression methods with
the superior solution-finding ability of genetic programming

AHP
Analytical Hierarchy Process

A structured technique for making complex decisions, where in the traditional formulation,
expert judgments are presented in the form of exact numbers (proportions) to form a matrix
for comparing criteria and alternatives

RM
Ranking Model

Simple models that rank pipes by a given variable or combination of variables, and other
rank boosting algorithms that iteratively update the output variables of a dataset in search of
improvements in a given quality metric

DT
Decision Trees

Models that allow solving problems of classification, hierarchy and regression. DT is used
for data mining (predicting the value of a target variable based on several input variables)

RF
Random forest

A collective learning algorithm that consists of multiple decision trees, where each decision
tree is trained independently on a random subset of data. The larger the number of trees,
the better the result

SVM
Support Vector Machines

A linear algorithm used in classification and regression analysis problems. The algorithm
creates a line or hyperplane that separates the data into classes

GNN
Graph Neural Network

A type of neural network based on graph theory — directly working with the structure of
a graph (a data structure consisting of two components: nodes — objects, and edges — con-
nections between them). A typical application of GNN is node classification. It can be used,
for example, to integrate hydraulic and topological characteristics of a water supply network

ANFIS
Adaptive neuro-fuzzy network

It is a type of artificial neural network based on the Takagi — Sugeno fuzzy inference system.
This system integrates the principles of ANN with the principles of fuzzy logic (hybrid sys-
tem). ANFIS is a universal evaluator based on observed data: the rule is the evaluator, and
the result is the assessment

KNN
Kohonen Neural Networks

The neural network is configured using a learning algorithm (successive approximation
method) without supervision, so it is also called a self-organizing map. It is used mainly for
classification, compression, pattern recognition and diagnostics. KNN, unlike a multilayer
neural network, is very simple; it consists of two layers: input and output. It adapts not to
a reference output value, but to patterns in the input data

(ANN), which are rapidly developing at present. A single
study can use different models and algorithms with/with-
out the use of ANN. The study of ML methods and their
application in this topic shows that the problem can be
modeled in different ways. This is reflected in the different
output variables that were used (time to failure, risk index
per section, failure probability, localization of vulnerable
sections, failure rate, etc.). The implementation of process-
ing methods, such as sampling strategies or variable trans-
formations, are also combined with the most promising
models (ANN, KNN, LR, GP, SVR, etc.) (Table 2).

The following patterns are observed:

+ atendency for the same pipes to fail more frequent-
ly over a number of years, as evidenced by a positive cor-

relation between the number of previous pipe failures and
the output variable. Utilities should review their mainte-
nance recommendations and look for potential weak spots;

* according to the analysis of the annual failure rate
per kilometer, smaller diameter pipes, as well as older
pipes, have a significantly higher failure rate;

« the failure rate of concrete pipes is about 0.65 fai-
lures/km year, which indicates a serious problem associ-
ated with this material.

For the sustainable development of centralized wa-
ter supply systems, water utilities need to ensure reliable
and continuous data collection — this is the most impor-
tant practice that will help make reliable decisions not
only in the present but also in the future. Research shows

107

(bS) 1 NSSI 'VL'ION mononuoucy F°



scionco o ruction: o] 14, Issue 4 (54)

Victor I. Bazhenov, Oleg G. Primin, Vladimir V. Bazhenov

Table 2. Forecast models and output variables of some studies — forecasting pipeline failures in water supply networks

Model Output variable and reference
BBN, SVR Probability of failure [2]
FL Failure risk index considering material, age, length and diameter of pipes [3]
GP Time to pipeline failure [4, 5]
GA Localization and size of leaks [6, 7]
RM, LR, NB, SM Number of pipeline failures [8]
RM Risk index [9]
BBN Number of pipe damages [10]

SVR, CL, FL (ANN)

Failure rate [11]

GT, SVM (ANN)

Leak localization [12]

SVM, RF Localization of leaks and reduction of excess pressure [13]
FL, AHP Condition of pipes [14]

EPR Number of pipeline failures [15]

LR Time to pipeline failure [16]

RM, LR, SVM (ANN) Probability of failure [17]

DT, SM, RM Time to pipeline failure [18]

DT, BBN (ANN) Probability of failure [19]

GLM, DT (ANN) Time to pipeline failure [20]

BBN Probability of failure [21]

GNN (ANN) Localization of vulnerable areas by pressure [22, 23]

FL, ANFIS (ANN)

Remaining service life of pipes [24]

FL, ANFIS (ANN)

Localization of vulnerable areas [25-27]

FL, ANFIS (ANN)

Failure rates by pipe diameter and material [28]

DT Time to pipeline failure [29]

RF Localization of vulnerable areas [30-32]

CVM, RF (ANN)

Differentiation and identification of failure events [33]

KNN Kohonen algorithm (ANN)

an increase and improvement in the reliability of data
on pipeline failures when using SCADA systems based
on Geographic Information Systems (GIS). The goal
of a water utility should be to recognize the value of data,
rather than save on sources and time to develop a reli-
able and high-quality data collection policy. The simplest
factors that water utilities can collect in their databases
are, for example: pipe diameter, section length, pipe age,
pressure, soil type. In our opinion, the pressure (or dif-
ference) in the network itself is not a sign of an accident.
This is undoubtedly an important parameter, but it should
be considered together with the number of network fail-
ures (accidents) in sections.

Beginning of the use of Kohonen neural network
algorithms (KNN) in Russia [34, 35], as well as stud-
ies implementing the conclusion on the correctness
of the design and operation of the system [36], is not
accidental. It indicates the presence of the only neural
network software translated into Russian STATISTICA
Automated Neural Networks (vendor StatSoft Russia)'
contains the most modern neural network training algo-
rithms (the conjugate gradient method, the Levenberg-
Marquardt algorithm, BFGS, the Kohonen algorithm).

! STATISTICA Automated Neural Networks. URL: https://
TUIEeH3UOHHBICOPT.pd/catalog/view/405/?ysclid=Iwkqdt5d
uml161804109
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Failure rate, probability of failure-free operation, availability factor [34, 35]

The software is designed for data analysis, visualization,
forecasting and statistical analysis, which allows it to be
used in predicting pipe failures in water supply networks.

The Kohonen network, unlike the multilayer ANN,
is very simple; it consists of two layers: input and out-
put. ML according to Kohonen’s rule refers to com-
petitive learning methods. In the neural network layer,
the weights of only one winner neuron are changed,
its weights are recognized as the closest to the values
of the input signal. The Kohonen network is trained using
the method of successive approximations. During the ML
process, data is fed to the inputs, but the neural network
is adjusted not to the reference value of the output, but to
the patterns in the input data. The Kohonen neural net-
work is configured using an unsupervised learning algo-
rithm (that is why it is called a self-organizing map) and
is used mainly for classification, compression, pattern
recognition and diagnostics.

In addition to the above methods, acoustic and
ultrasonic methods for monitoring the condition of un-
derground pipeline networks based on the propagation
of volumetric and directional waves (noise) are begin-
ning to develop rapidly. Namely, vibration measurements
and evaluation of the spectral characteristics of leak
noise using accelerometers, hydrophones, fiber optic
sensors and ultrasonic (above 20 kHz) methods [37—40].
Although these methods were applied to pipes manually,
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they are suitable for use in combination with autonomous
inspection robots to detect the occurrence of defects in-
side pipes. Corresponding ML methods for predicting
leak locations based on such data are being studied:

* Generative Adversarial Network (GAN) is a nov-
el approach to ML that combines game theory, proba-
bilistic modeling, and information theory [38]. GAN
consists of two neural networks, a generator and a dis-
criminator, which are trained in an adversarial manner to
generate realistic data;

* Regression ML algorithms based on k-near-
est neighbors (k-NN) and support vector machines
(SVM) [39];

* Support Vector Machine (SVM), Artificial Neural
Network (ANN) and Deep Learning (DL) leak detection
models Learning) have demonstrated generally stable
performance and high accuracy [40].

CONCLUSIONS

For the sustainable development of centralized wa-
ter supply systems, water utilities need to ensure reliable
and continuous data collection — this is a key practice
that will help make reliable decisions based on artificial

intelligence predictions after the machine learning phase.
The simplest factors that water utilities can collect in their
databases are, for example: pipe diameter, section length,
pipe age, pressure, soil type. In our opinion, the pressure
(or difference) in the network itself is not a sign of an ac-
cident. This is undoubtedly an important parameter, but
it should be considered together with the number of net-
work failures (accidents) in sections.

Trends and use of machine learning in water supply
network management revealed the use of 18 algorithms
to solve problems related to water supply system leaks.
The output variables can be: failure rate, failure probabili-
ty, risk index, time to failure, number of failures, pipe con-
dition, localization of vulnerable areas, remaining service
life of pipes, probability of failure-free operation, avail-
ability factor. The beginning of the use of Kohonen neural
network algorithms in Russia is associated with the avail-
ability of Russian-language software STATISTICA
Automated Neural Networks.

Information is presented on developing acoustic and
ultrasonic methods for monitoring the condition of un-
derground pipeline networks, based on the propagation
of volumetric and directional waves (noise) and the cor-
responding ML methods.
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