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AHHOTALMNUA

BBeaeHue. BO3MOXHOCTb MOAENMPOBAHUS PEYHOIO CTOKA SIBMSIETCS BaXXHbIM LLIArOM B NMPOLEecce rmaporornyeckoro Moge-
NNPOBaHUSA W, CriefoBaTenbHO, B U3yvyeHnn BogHoro 6anaHca. Llenb nccneqosaHust — npoBepka cnocobHOCTU U HaJex-
HocTu nporpammbl MIKE 11 NAM B MopenvpoBaHum cToka B BepxHen YacTu 6acceviHa p. OpoHT B Cupun ¢ ncnonb3oBaHu-
€M MogZernew UCKYCCTBEHHOTO UHTEMMeKTa.

MaTtepumanb! 1 MeToAbl. VIcnonb3oBaHbl MOAENM NCKYCCTBEHHBLIX HEMPOHHbIX ceTelt (MIHC) n Mmoaenn He4eTkoro fornyecko-
ro BbiBoga (HJ1B), koTopble cpaBHUBaNMUCh Apyr C APYroM A1 ONpeaeneHuns fyyllein MoOAenu C Lenblo «3anofHeHus npo-
6enoB» B CBEAEHUSIX O MOBEPXHOCTHOM CTOKE Ha cTaHUusX HabnogeHua Anb-Ixasaamsa n Anb-AMupi. MNonyyeHHbIe Bbi-
XOAHble JaHHble NPMMEHEHbI B NMpoLiecce MOAENMPOBaHMS ¢ nomoLLbio nporpammbl MIKE 11 NAM.

Pe3ynbratbl. Onpegenunu BbICOKY 3(EKTMBHOCTL MOAENEN UCKYCCTBEHHOTO UHTENMEKTa Kak HEMPOHHbLIX CETEN, Tak U
mogenu HJIB, ¢ HekoTopbIM NpeanoyTeHMeM HENPOHHBIX CeTe. Micnonb3oBaHme NonyyYeHHbIX pe3ynsTaToB B KayecTBe
BXOZHbIX AaHHbIX Ansi MOAenMpoBaHus cToka B nporpamme MIKE nokasano, 4To cyLlecTByloT Goblume pasnuuns Mexay
HabnogaemMmbIMn 1 CMOAENNPOBAHHBIMU 3HAYEHUSIMU, NO-BUANMOMY, U3-3a2 OFPaHUYEHHOCTU NCXOOHON MHOpMaLnum
Ha uccnegyemon TeppUToOpumn pevHoro baccenHa.

BbiBogbl. PekomeHO0BaHO NPOAOIMKMUTL nccnegoBaHme 3hekTMBHOCTN MaTeMaTUYeCKMX Moaenen hopMUpoBaHnsi CToka
B YCIOBUSIX HELOCTAaTOYHOCTM U OrpaHUYEHHOCTU UCXOOHON MHGhOPMALIMKM C LIENbIO MOUCKa Haumny4Lero cnocoba pelueHunst
3TOW NpOoBnemsbI.
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ABSTRACT

Introduction. The ability of runoff modeling is an essential step in the hydrologic modeling process and therefore water ba-
lance studies, therefore, this study aims to verify the ability and reliability of the MIKE 11NAM program in modeling runoff, in
the upper basin of Orontes River in Syria, with the use of artificial intelligence models to fill the gaps in runoff time series.
Materials and methods. In this study, models of artificial neural networks and fuzzy inference models were used and they
were compared with each other to determine the best model in order to fill the gaps in the surface runoff data at Al-Jawadiyah
and Al-Amiri stations. Then the results were used in the modeling process using the MIKE 11 NAM program.

Results. The results showed a high reliability of artificial intelligence models, whether neural networks or fuzzy inference
models, with a relative preference for neural networks, and after using these results within the data required for modeling in
the Mike program, it was found that there are large differences between the observed and simulated values due to the lack
of existing data on the study area.

Conclusions. This study recommends to continue research on the issue of hydrological modeling in case of lack of data and
to compare between different models to find the best way to solve this problem.

KEYWORDS: runoff, MIKE 11 NAM, artificial intelligence, artificial neural networks, fuzzy inference system, water balance,
modeling
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BBEJAEHUE

Bo03MOXXHOCTH MOIETUPOBAHUS CTOKA SIBIACTCS
Ba)KHBIM 3TATIOM ITPOIIECCa THAPOIOTHYECKOTO MOJICITH-
pOBaHUS U, COOTBETCTBEHHO, UCCIEA0BAHUS BOJHOTO
OajaHca ¥ BceX Hay4HbIX paloT, CBSI3aHHBIX C BOJHBIMU
pecypcami, 4To CIIoCOOCTBYET MHTETPALIMHY YIIPABICHUS
BOJIHBIMHU pECypcaMHt B paccMaTpuBaeMon 00IacTH.

B nocnennee BpeMs MoJesn UCKYCCTBEHHOTO MH-
TeJIUIEKTA MOJIb3YI0TCs 00IbIIMM BHUMaHueM. [IpoBesie-
HO MHOYKECTBO MCCIICOBAHUH Ha IPEAMET UX TPUMEHH-
MOCTH K 00JIACTH BOJHBIX PECYPCOB M THAPOJIOTHH.
HexoTopsie aBTOPHI H3YYHIN BO3MOKHOCTH HCITONIB30-
BaHUA HCKYCCTBEHHBIX HelpoHHBIX cereit (MHC) ms
MIPOTHO3UPOBAHUS U OLICHKH BEJINYHNHBI TTOBEPXHOCTHO-
ro CTOKa W MOJYyYHWJIU HaJe)KHbIe Pe3ynbTaThl [1—6].
Jpyrue uccnenoBaTeny MPUMEHIIN MOJIEIN HEYETKUX
BBIBOJIOB JIJISI MOJICIMPOBAHMS U OLIEHKH TTOBEPXHOCT-
HOrO cTOKa [7, 8], Takke ObUIO MPOBEIEHO CPaBHEHHE
mozmeneit UTHC u HedeTKHX BBIBOJIOB /IS MOZICTAPOBAHHS
IIOBEPXHOCTHOT'O CTOKA, B PE3YJIbTaTe KOTOPOTO IOIIY-
4yeHBl conocTtaBuMble pesynbTarsl [9, 10]. K.X. Bonr
u A. AntynkaifHak (2012) cpaBHIIM MOJeNTb yIIpaBiie-
HUS TUBHEBBIMU BoiaMu (SWMM) 1 MOjiesTn HEYETKOTO
BBIBOJIA, PE3YNBTaThl OKA3aJIH IPEBOCXOACTBO MOJIETIECH
He4eTKoro BeiBoga [11].

Kpome Toro, ydeHble 3aMHTEpPECOBAHbI B HCIIOJb-
30BaHUU rugposnorunyeckux mozaeneit Tuna HEC HMS
u Arc SWAT [12-14]; psan uccnenoBanuii B odnactu
THPOIOTHYECKOTO MOJIETTMPOBAHHUS BBIITOIHSUIUCH C TI0-
Momipto Mozenu Mike, aTum BorrpocoM 3annmarcst Kok
u ero xomteru (2019). Ouu 3axeficTBOBaNIN MTpOrpam-
mHuoe obecrnieuenne MIKE URBAN st onienku 3 dex-
THBHOCTH mporpaMMbl Active, Beautiful and Clean
(ABC) c nenpio ynpaBieHHs JINBHEBBIMH CTOKAMU,
MOJy4EeHHBIC PE3yNbTaThl MOKa3aJIH JOCTATOYHYIO
CXOAMMOCTD ¢ TpeOyeMbIMH 3HaueHHsIMH [ 15]. AHrcom
n J1.B. Koznos (2020) Takxke HCII0Ib30BaN IIPOrPaMMy
MIKE 11 NAM n7s OlleHKH MPUMEHUMOCTH JTAHHBIX
MIOBTOPHOTO KIMMAaTHYECKOTO aHAIM3a IIPU MOAEINPO-
BaHUH JIOXK/IEBOTO CTOKA B MaJOM3y4eHHOM Oacceifne
peku B Dputpee, pe3ynabTaThl NPoIeMOHCTPUPOBAIH
3aBBIIIEHIE KOJMYECTBa 0caaKoB [16]. [pyrue aBTops
yKa3alli Ha CIIocoOHOCTh Mojienu Mike MozennpoBaTh
MIOBEPXHOCTHBIH CTOK, a TaKKe MOATBEPAUIU CXO-
JUMOCTH HAONIOZaeMBIX U MOJEIHPYEMbIX 3Ha4e-
Huti [17-19].

B paifone Bepxnero yuactka Oacceiina p. OpoHT
B Cupu# OBLJIO MPOBEACHO HECKOIBKO MCCIICAOBAHMIA
C LEJIBI0 MOJEINPOBAHUS MOBEPXHOCTHOTO CTOKA,
HO HM OJIHO U3 HUX HE OCYLIECTBISUIOCH AJISt MOJEITUPO-
BaHMsI TOBEPXHOCTHOTO cTOKa ¢ momoltisto [10 MIKE
11 HAM, xotopoe obecnieqynBaeT MpenMyIiecTBa Moje-
JIel UICKyCCTBEHHOro uHremiekra [20, 21].
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Ilenp maHHOTO MICCIIENOBAHUS — IIPOBEPKA BO3-
MoxHOCTeH 1 HagexHocTH nporpammsl MIKE 11 NAM
JUIS1 MOZIEJIMPOBAHHS CTOKA BEPXHETO y4JacTKa OacceiiHa
p. Opont B Cupuu npu yCI0BUH UCIOIb30BAaHUS MO-
JieNieil NCKYyCCTBEHHOTO MHTEIIEKTA JUlsl «3allOIHEHUs
po0OeIoB» BO BPEMEHHOM! MOCIEI0BATEIILHOCTH JIBH-
JKEHUS CTOKOB.

MATEPHAJIBI 1 METOJbI

MecTo uccjie10BaHusI 1 HAJIMYHE JAHHBIX

Hacrosee nccrienoBanue BBITOIHIOCH B pailoHe
BepxXHero yJacTka 6acceitra p. Opont B Cupuu, Ha Tep-
PUTOPHUH, IPOCTUPAIOIIENHCA OT CUPUICKO-IMBAHCKON
rpaHulel 10 o3zepa Kartuna. ABTOpPBI HCTIOIB30BAIN
MH(OPMALHIO 110 TOBEPXHOCTHOMY CTOKY, HOJyYEHHYIO
Ha craHuusIX Anb-J[kaBanus u Anb-AMUpH C JeKa-
Opst 1987 mo maii 2011 ., T.e. cBemeHus 3a 266 MecsIIIeB.

HckyccTBeHHAs! HEHPOHHAA CeTh

HckyccTBEHHbIE HEMPOHHBIE CETH — 3TO MaTeMaru-
YEeCKHE MOJICNH, CTPYKTypa i METO] 00pabOTKH KOTOPBIX
UMHTHPYIOT CTPYKTYPY 1 METOJ] 00pabOTKH JaHHBIX HEH-
POHHBIMU ceTsiMu Mo3ra uenoBeka [22]. MHC coctout
13 BXOJTHOTO M BBIXOZHOTO CIJIOSI; OHA MOXKET COCTOSTh
13 OJTHOTO MJIM HECKOJBKHUX CKPHITHIX cioeB, a MTHC
¢ 00paTHBIM PacIpPOCTPAHCHHUEM SBISFOTCS Hamboee
nonynspHbIME [23]. JlaHHBIE BCerna ynopsI0uYUBarOT-
¢ B TIpeieNiax OJHOM 001acTy, 9To o0eryaeT mporece
oOyuenunst UHC ju1st pa3paOoTKy HamIydIed Moaesy.
YHOpﬂ)]O'-IeHHBIe 3HA4YCHHA BO3BpaAlIarOTCsA B HOpMaJib-
HOE COCTOSIHHE TTociie 00y4IeHHsI MOAENH, YTOOBI MOITy-
YUTb ONPUTOAHBIC U COITOCTABUMbIC 3HAUCHU A JI APYTUX
Mozenei. MTHpopMaris IenuTcst Ha TPU MHOKECTBA [T
00yueHUsI, BAIMAAIMN M IPOBEPKH HaJISKHOCTH MOJICITH.

Cucrema HedeTKHUX Jloruueckux BbiBoioB (HJIB)

Teopus HeUeTKO JIOTHKHK OblIa pazpadoTaHa JJis
MOJICTTUPOBAHIS HEOTPEIECICHHBIX U HETOYHBIX MPO-
61em. OHa OCHOBaHa Ha KOHIICIIIIMYA HEYETKOIO MHOXKE-
CTBa, KOTOpas IOTIOTHSCT KIACCHIECKOEe MHOKECTBO, TTIC
9JIEMEHTHI HEYETKUX MHOXKECTB MOT'YT YaCTUYHO MPH-
HaJIe)KaTh dTHM MHO)KecTBaM. Pa3zpaboTka HeueTkou
MOJICITH 3aBUCHT OT TPEX KIIFOYEBBIX 3TAroB: (pa33udu-
KaIuu, orepalydyu HeYeTKOTo BrIBoIA U Aedas3uduka-
uwun. [pu da33udukamm KiraccuaecKie BXOTHBIC TaH-
HBIE MTPE0Opa3yloTcsi B HEYETKHUE C MTOMOIIBI0 Habopa
(GyHKIMH IpUHAIICKHOCTH, TAKIX KaK TPUTOHOMETPH-
YyecKas PUHAICKHOCTh, TIPUHAICKHOCT TPATICIHH
1 mpuHaIeKHOCTH ["aycca [16]. Habop HeueTkux mpa-
BHJI «ECJIH — TO» JIaJIee PealIn3yeTCs B HEUSTKUX BXOIaX
JUTA TOJTYYCHH A HEUCTKUX BbIXO/10B, KOTOPHIC HA TPETHEM
JTare MpeodpasyroTCs B TOHATHBIC KIIACCHUSCKUE BhI-
XObl, IPUT'OAHBIC AJI UCTIOJIB30BaAHUA B APYTUX MOACIIAX
WM CPAaBHUMBIE C BBIXOJAMH, KOTOPBIE TPAMEHSIOTCS
WHBIMH METOIAMHU.
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Puc. 1. Crpykrypa moxenn MIKE NAM [16]

Taou. 1. OcHosHble mapaMeTpsl Mogenu MIKE 11 NAM [16]

ITapamerp

Onucanue

Bepxuuii mpesien KOMM4eCcTBa BOAbI B IOBEPXHOCTHOM BOJOXPAHWINILE. DTO COAEPIKAHUE BOIBI

B [IEPEXBATHIBAIOIIMX BOJOXPAHUIIUILAX, KOTMUECTBO BOJIbI BO BIAIMHAX U OBEPXHOCTHBIX (HAJIMBHEIX)
BOJOXpaHUIuIIAX. [TapaMeTp MOCTOSHHO YMEHBIIACTCS 33 CUET UCHIAPEHMUS, TIePeNIBa U (QUIbTpaLUu.
Tunuunele 3nauenus U, Haxonarcs B auanazone 10-20 mm

MaxkcumanpHOE conepkaHue BOABI B HIDKHEH 30HE BomoxpaHmwiniia. [Ipencrasmser co0oii BIaKHOCTh
TIOYBHI TTOJ] 36MHON TTOBEPXHOCTBIO, U3 KOTOPOH pacTeHus 6epyT BoAy /Uit ucrnapenus. Kak mpasuio,
U=0,1 L, npurom uto L Haxoautcs B auanazone 100-300 mm

CQOF

Koadpdunument croka. 3nauenust CQOF HaxoasTcs B quana3ose ot 0 10 1 U onpeienstoT pacipeeicHne
M30BITOYHBIX 0CAJIKOB MEK/Y TIOBEPXHOCTHBIM CTOKOM U (DHITBTpAIlUCH

CKyp

ITocTostHHAS BPEMEHH IS yueTa MEepesiiBa U3 MOBEPXHOCTHOIO BOAOXPAaHMIHIIA. SIBIseTCS
JOMHHHPYIOIIUM ITapaMeTpoOM MapLIpyTU3anuu cToka, mockoibky CKp > CK,,. 3nauenns CK
HaxozsaTes B fuanazone 500—1000 a

CK,,

IMocTossHHAas BpeMEHN JUIsl TOBEPXHOCTHOTO CTOKA M MapLIpyTHU3alluK nepesnBa. IIoBepXHOCTHBIH CTOK
U NEPENMBAIONIAsACS BOAA MPOXOAT Uepes JBa MOCIIEA0BATENbHBIX IMHEHHBIX pe3epByapa ¢ MOCTOSHHBIMU
Bpemenu CK,. CTanaapTHbIE 3HaUEHUs HAXOAATCS B IMana3oHe oT 3 10 48 u

TOF, TIF, TG

IMToporoBblie 3HAYEHMS TS MOBEPXHOCTHOTO CTOKA, [IEPEIMBa U MOAMUTKU MOA3EMHBIX BOJ
COOTBETCTBEHHO. [I0TOK reHepHpyeTCst TOJIBKO B TOM CIIydae, €CIIM OTHOCUTEIbHOE COIepKaHHUe BIaru
B HIKHEH 30HE (BOJOHOCHOM TOPH30HTE) MPEBBIIIACT IIOPOrOBOE 3HaueHUEe. X 3HAYEHHST HAXOIATCS
B auamnasone ot 0 mo 1

CKgrp

[TocTostHHAs BpEMEHH JIs MapIIpyTH3aLuu 6a30B0ro cToka. ba3oBklil CTOK M3 BOJOHOCHOIO TOPU30HTA
HO/I36MHBIX BOJI TEHEPUPYETCs C HCHOJIB30BAHUEM JIMHEHHOM MOJIENN BOJOXPAHHUINIIA C OCTOSHHOM
BpemeHd CKpp. 3nauenus CKpp Haxonarcs B quanasone ot 500 go 5000 v
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MIKE 11 NAM

MIKE 11 NAM MozenupyeT nporecchl 10K IeBOr0
CTOKa B TIpejiesiax BoJocOOpHOTO Oacceiina, 4To sBiIs-
eTcs JacThio mpoiecca moaenupoBanus MIKE 11
River[15]. Ha puc. 1 nokazana crpykrypa mozenu MIKE
NAM, a B Tabn. | nmpuBeneHB OCHOBHEIC TapaMETPHI
monenu MIKE 11 NAM.

CymiecTByeT MHO)KECTBO OCHOBHBIX JIAHHBIX, HE-
00XOAMMBIX JIJISl IIOCTPOCHHUS U OTIaaKku Moaenu Mike,
9T0 UH(OPMAIHSI J1J1sI TIOI'OTOBKH MOJEIH — IIJIOIIA/b
BomocOopa, Tororpadust MECTHOCTH B CBOMCTBA TIOYBEI,
a TaK)KE€ MOCTOAHHBIC BPEMCHHBIC BEJIMYMHBI U TTIOPOT'O-
BbIC 3HAYEHUsI HA3EMHOTO TIOTOKA, IIEPEINBa U OCHOB-
HOT'0 II0TOKA, HOMUMO KIMMATHIECKUX CBEACHHH, TAKUX
KaK 0Ca/IKM M HcIapeHune, TpeOyeMbIX ISl OTIIAJAKH MO-
nemw [19].

PE3YJBbTATbBI

HckyccTBeHHAasi HeHPOHHASA CeTh

BHavase npoBeieHO aHATUTHYECKOE HCCIIE/IOBAHHE
JTAHHBIX, 3aTeM OHM OBUIN YIOPSAOUCHBI M pa3/ieIeHbI
Ha TPU MHOXECTBA U1 00yYCHNUS, BaJIUIAIIH U TECTH-
pOBaHUsI B COOTBETCTBUU ¢ iponiopiueit 70:15:15 ¢ no-

Tabua. 2. 3nauenns kpurepres 3¢ dexruBHocTH Moaenerd MHC

MoIib0 QyHKIMH O1oka pasaencHust B MATLAB, urto
03HAYAET, YTO KOJMIECTBO HCIIOIB3YeMOI HH(POPMAITHH
cocrapiser 186:40:40 mMecsIeB B OOHOM MOPsIKE. JTa
(YHKIHS COXpaHIET CBSICHUS, UCIIOIb3yEMBIC B KAXKIOM
13 MHOXKECTB, YTOOBI TIOBBICUTH IOCTOBEPHOCTh CPaB-
HUBaeMBbIX PE3YJIbTaTOB.

Pa3paborano u 00y4eHO 0OJBIIOE KOJUYECTBO
moxeneit MHC. TIpomecc conpoBokancs N3MEHEHH-
SIMH B UX apXHUTEKType, QYHKIHIX U aJTOpuTMax, He-
00XOAMMBIMH [UTS 00eCIIeUeHIsI MAKCUMAIIEHO TOYHBIX
pe3yabTaroB. B aTUX MoJensax BO BXOAHOM CIIO€ UC-
TI0JIb30BAJIMCH IBa HEHPOHA, PEICTABIISIONINE COOON
CTOK Ha IIeTIEBOI CTAHIIUH B TEUEHUE BPEMEHH /-1 U CTOK
Ha JPyTO¥ CTaHIIMU B TEYCHHE BPEMEHHU f, B TO BpPEeMs
KaK BBIXOZHOH CJIOHM cofieprKal OIMH HEUPOH, IPEICTaB-
JISIOTIAN CTOK 32 BpeMS 1.

Pesynbrars! nokaszanu, yro MHC ¢ npsimeiM 1 06-
PaTHBIM PaCIPOCTPAHEHUEM SIBJISIOTCS CAMBIMU JTYYIIIU-
Mu. B Ta01. 2 npeacTaBiacHbl pe3yabTaThl, TOJYUYCHHBIC
B X0J1¢ 00y4eHUs, MPOBEPKHU M TECTUPOBAHUS MHOXKECTB
na"ebIX rydmux moxeneit MHC Ha cTaHmusax Anb-
JxaBamus u Amb-Amupu. DTa QYHKIHS COXpaHsIeT qaH-
HBIC KaXXJJOTO U3 MHOXKECTB, YTOOBI TIOBBICUTH HaJICK-
HOCTb CpPAaBHEHUS PE3YJILTATOB.

ToHoJIOrHs CeTH OO0yueHue Bamupanus TectupoBanue
Howep (apxurekTypa) R% | RMSE,Mm%c | R % | RMSE,m¥%c | R, % | RMSE,m/c
Jlyuwue mooenu MHC ona oyenku mecaunozo cmoka Ha cmanyuu Anv-/{xcagaous
(A) 2-12-1 88,941 1,4833 93,986 0,8383 94,795 0,7331
b 2-6-1 88,099 1,5455 93,595 0,9670 94,4158 0,9867
Jlyuwue mooenu MHC 0na oyenku mecauno2o cmoka Ha cmanyuu Anv-Amupu
A 2-8-1 92,729 1,0499 95,755 0,7053 78,757 1,1849
b 2-10-1 92,842 1,0650 95,433 0,6797 74,738 1,1575
© 2-11-1 93,462 1,0389 95,797 0,6789 77,418 1,1692

Kak moka3ano B Tabiu. 2, sydmast mogess MHC
Ha cTaHIMu Aub-/[xaBanus uMeeT 12 HeMpOHOB B CKPBI-
TOM CJIO€, YTO O3Ha4aeT KOdIPPUIUEHT KOPPEISIIIHH
94,795 % 3a mepuox TeCTUPOBAHUS; CPETHEKBAAPATUY-
HOe 3HaueHue omubku cocranisier 0,7331 M/ 3a 1e-
puoa tectupoBanus. Jlyumas mogens MHC Ha cranyu
Aub-Amupu umeet 11 HEeHpOHOB B CKPBITOM CJIO€, YTO
o3HauaeT kod(pdurment koppensiuuu 77,418 % 3a nepu-
0]l TECTUPOBAHMS, a CPEIHEKBAPATUYHOE 3HAYCHUE
omnOku cocrasisier 1,1692 M>/C 3a TOT XkKe TIEPHO]T.

CucreMa HeueTKOro jjorunyeckoro Bbisoaa (HJIB)

Ha sToMm 3Tare Jjisi MOBBINICHUS TOCTOBEPHOCTH
CPaBHEHUS PE3yJIBTATOB MIPUMEHEH TOT K€ METOJ pa3-
JICTICHHS TAHHBIX,, KOTOPBII HCITOIB30BAICS IS IOCTPO-
ennst MTHC. 3arem ObUIO TOCTPOCHO OOJBIIOE KOJINYE-
CTBO MOJIeJICH HEYETKHX BBIBOJAOB C M3MCHCHHEM
KoJIM4ecTBa U TUMa QyHKIMN npuHaiexkHocT. Kpome
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TOTO, MCTIOJIB30BAINCH MOJIETTH UCKYCCTBEHHOTO HHTEI-
JIEKTa JUI JOCTIDKCHHS ONITUMANIBHBIX ITapaMeTpOB He-
YETKOI MOJEIH, KOTOpasi TeHEpUPyET Hanboliee TOUHbIE
Ppe3yIbTaTHL.

B Tabm. 3 moka3aHbI pe3yabTaThl TYYIINX MOJIEICH
HIJIB, nomy4eHHbIX BO BpeMst 00y4eHHsI, TIPOBEPKH U Te-
CTUpPOBaHUS Ha cTaHIMAX Alb-/[kaBajus u Anb-AMUpH.

Kak Bunno u3 tabn. 3, nydmas monens HJIB
Ha cTaHIuH Ajb-J[)kKaBaiust OCHOBaHA HA YETHIpEX (yHK-
USX IpUHAIICKHOCTH ['aycca, 94To o3HayaeT Kodphu-
nueHt koppersun 94,789 % 3a nepuoj TeCTUPOBaHMUS,
a Tak)Xe CpPeJHEKBaJApaTHYHOE 3HAUCHHUE OIIHOKH
0,7791 m*/c 3a mepuon TecTupoBanus. Jlyuias MoJeb
HJIB Ha cranimuu Anib-AMUPH OCHOBaHa Ha TpeX (yHK-
LUAX IpHHAUIeKHOCTH [aycca, 4to o3HavaeT koa(du-
LUEHT Koppersiuun 77,875 % 3a nepuon TecTupoBaHus,
a Tak)Ke 3HaYCHHE CPEJHEKBAAPATHUYHON OMHMOKHN
1,2602 m*/c 3a TOT %Xe mepHoy.
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Taba. 3. 3nauenus kpurepues dbdexruBHocT Moaeei HIIB
Konuuectso (yHKuHii Tun dpyHKIK O0yuenne Bammnanus TectupoBanue
MNPUHAJICIKHOCTHU MNPUHAJICIKHOCTHU R, % RMSE, M3/C R, % RMSE, M3/c R, % RMSE, M3/c
Jlyuwue mooenu HJIB ons oyenku mecsiuno2o cmoka Ha cmanyuu Anv-/casadus
4 laycc 91,494 1,2368 87,150 1,2770 94,789 0,7791
3 laycc 91,131 1,2617 90,772 1,1222 95,230 0,8022
4 TpeyronbHoii popmer | 91,488 1,2372 88,336 1,2367 95,027 0,7928
Jlyuwue mooenu HJIB ons oyenxu mecsiuno2o cmoka na cmanyuu Ano-Amupu
3) Iaycc 93,523 0,9684 95,307 0,7826 77,875 1,2602
4 TpeyronbHoit popmsr | 94,258 0,9135 94,306 0,8157 76,853 1,2954

CpaBuenue moaeseii UHC n HJIB

CpaBHUB pe3ynbTarhl Jydmux mojaeneit MHC
n HJIB B Ta6n. 2 1 3, i rpaduk pe3ynsTaToB Ha puc. 2,
MBI OOHApPYKHBAEM BBICOKYIO CXOAMMOCTh PE3YyJIbTaTOB
IIPY BBICOKHX 3HAUEHHSX KOI(PPHUINEHTOB OLIEHKH MO-
JIeTIH, YTO MOATBEPKAACT HAJEKHOCTh 00eHUX MOJieei,
a TaKKe MX CIIOCOOHOCTH OLICHWBATh U IIPOTHO3MPOBATH
BEJIMUMHY CTOKA Ha UCCIIE/TyeMO TEpPUTOPHH C HEOOIIb-
IITUM TIepeBecoM B cTopoHy mopeneir MHC.
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Puc. 2. CpaBHeHHe pealbHbBIX 3HAUYCHNI U 3HAYEHHUH, CTeHe-
pupoBansbix MozensiMu MHC u HJIB Bo BpeMs Banuianuu
1 TECTUPOBAHUS

MIKE 11 NAM

Cuavaiia monenu MHC, nony4eHHble Ha IpeabIay-
KX 3TAIax, UCIIOIb30BAIUCH JJIsI IOATOTOBKH IOJHBIX
JAHHBIX TI0 TOBEPXHOCTHOMY CTOKY Ha CTaHIUSAX AJb-

JxaBanus u Anb-AMupH, a 3aTeM 3Ta HHPOpMaus
BBeJieHa B pabouyto cpexy nporpamMmsl MIKE.

B cBs31 ¢ 0TCYyTCTBHEM CBEICHHI M HEBO3MOXKHO-
CTBIO TIOJTyYUTh HEOOXOJMMBIE TOYHBIE ITAPAMETPHI IS
MOJIENH, a TAKKE BBINTH HA CaMbl€ JIyUIINE TapaMeTphbl,
OBLIT IPUMEHEH METOJ] TPOO M OMUOOK C OOJIBIITUM KO-
JITYECTBOM UTEPAIIMOHHBIX UKII0B (0ostee 8000). B Tadm. 4
MIPUBEJICHBI TTAPAMETPhI, IPUHATHIE B Moz Mike fuist
BEpXHEro yyactka Oacceiina p. OpoHT.

Taba. 4. OcHOBHEIE TapaMeTphl MOJIEIH JUTs OacceifHa

p- Opour
[Tapamerp 3HaueHue

U pax 10
Lax 100

CQOF 0,963
CKyp 911,524
CKl1 10
TOF 0,988
TIF 0
TG 0

CKgr 4000

3aTeM MojydYeHHbIE 3HAUCHUSI TOBEPXHOCTHOIO
CTOKa IMPEICTaBICHbl BMECTE C U3MEPEHHBIMU 3HAUYEHU-
SIMH, KaK TIOKa3aHOo Ha puc. 3, Ha puc. 4 IPUBEIECHO CpaB-
HEHWE aHHBIX HaOII0aeMOTo U CMOICIHPOBAHHOTO
CTOKa.

[To pe3ynbraram cpaBHEHHS BUAHO, YTO TIOTyYEH-
HbIE 3HAYECHUS TTOBEPXHOCTHOTO CTOKA JIalleKH OT CXO-
JIMMOCTH, BBISIBJICHBI CYIIIECTBEHHBIE PA3INYUSI MEXKIY
HaOJIFOJaeMbIMU U CMOJICITMPOBAHHBIMYU 3HAYCHHUSIMHU
CTOKA, TAK KaK 3HAYCHUE CPETHCKBAIPATHYHBIX OIIHOOK
JOCTHITIO 5,482 M>/c, M 9TO 3HAYEHUE CITHILIKOM BEJIHKO.
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Puc. 4. HakorieHHBIC TaHHBIE O Ha6J’[I0ﬂaeMOM U CMOACIUPOBAHHOM CTOKE

3AKJIIOYEHHUE U OBCYXJAEHHUE

CHayasia OBIJIO TPOBEAECHO CTAaTHCTHYECKOE HCCIIe-
JOBAaHWE MCIOJB30BAHHLIX JTaHHBIX, 3aTEM OHH YIIOPs-
JOYCHBI U pa3/ICJICHBI Ha TP MHOXKECTBA JIsA 06yqu1/151,
Banuauuu u rectuposanus. Mogenu MHC noctpoensl
u O6y‘-IeHI)I B COOTBETCTBHU C pa3JIMYHBIMU ITapaMETpaMu,
Y OHH TTOKa3aJIM XOPOLINE Pe3y IbTaThl: JTydlliasi MOJEIb
WHC na crannum Asb-JlxaBaaus conepxut 12 HelpoHOB
B CKPBITOM CJIO€, YTO 00eCcneyrio K03 GUIHeHT koppe-
nsrmn 94,795 % 3a BpeMst TeCTUPOBaHUS, a TaKOKe 3HAYe-
HYe CpeiHeKBapaTHd ol omm6ku 0,733 1 M3/c 3a TOT Xe
nepuon. Jlyumas mogens MHC Ha cTrannuu Anb-AMupu
umeet 11 HeHPOHOB B CKPHITOM CJIOE, YTO 03HAYAET KO-
¢unment xoppessiuu 77,418 % 3a neproj TeCTHpOBa-
HUSI, @ TAKKe 3HAYEHHE CPEAHEKBAIPATHYHON OIIHOKK
1,1692 M>/c 3a TOT ke mepHo. AHATIOTHYHEIM 006Pa3oM
MOCTPOEHO OOJBIIOE KOJIMYECTBO MOJIEIeH HEYETKOTO
BBIBOJIA; KOJIMYECTBO M THIT (QYHKIMI MPUHAUICKHOCTH
HU3MEHAMCH C UCTTIOJIb30BAHUEM TEX K€ JAaHHBIX B TPEX
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MHOKECTBAX, 3a/IeHCTBOBAHHBIX MIPU OCTPOCHUN HEH-
POHHBIX Mozieneil. Taroke MmoTyueHbl XOpOoIle pe3yJibra-
TBI: Ha CTaHIUH Anb-/[xaBaans mydmnas moaens HIIB oc-
HOBaHa Ha YeThIpex (QyHKIMsIX npuHaaiexHocTu [aycea,
410 obecneunsio koadduiment xkoppessiunu 94,789 %
3a TMEepHOJ TECTUPOBAHMUS, a TAK)KE 3HAUCHUE CPEJIHE-
KBapaTHuHoil ommGku 0,7791 M>/c 3a TOT ke mepHoy.
Jlyuamas monens HJIB Ha cTanmmu Ajb-AMUPH OCHOBaHA
Ha Tpex QyHKUMIX NpHHAAIexKHOCTH [aycca, 4o obe-
crieurio ko3 durmeHt koppessiauu 77,875 % 3a nepuon
TECTUPOBAHMS, a 3HAYCHHUE CPETHEKBAIPATUIHOH OIIHO-
k1 coctaBmio 1,2602 m*/c 3a ToT %e nepuos. Crenosa-
TEJIbHO, PE3yJIbTaThl HCKYCCTBEHHBIX HEHPOHHBIX CETEH
U MoJieJIeld HEeYeTKOTO BBIBOJA OBUIH JIOCTATOYHO BBICO-
KUMHU U HAACKHBIMU JI1 OUCHKU U TPOTHO3UPOBAHUSA
BEJIMYMHBI CTOKA Ha NCCIIELyeMOW TEPPUTOPHH C HEOOITb-
muM nepesecoM B cropony moaeneit MHC. Iocne aToro
moner MHC nmpuMeHsIich A1 BOCTIOHEHU ST HeI0CTa-
IOIINX IAHHBIX, KOTOpBIE BBE/IeHBI B Mojieb Mike. 3artem
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3aJICCTBOBAH METOJ P00 ¥ OMIHOOK [Tt 00CCIICUCHHSI
HAWTYYIIUX TapaMeTPOB MOACTH F TOTyYSHHS JIydIINnX
3HAUYCHHH MOBEPXHOCTHOTO CTOKA, HO 3TH 3HAYCHUS
OBLIH JaJICKH OT PEalbHBIX U OTINYAJIICh CEPbE3HBIMU
omMrOKaMH U3-3a HEAOCTaTKa HH(GOPMAIIHH B PailOHE UC-
cnenoBanus. CormacHo O6osiee paHHUM UCCIIETOBAHMSIM,
TUTOXHUE PE3yABTaThl MOMydeHb! 1 s Moaenu Mike mpu
HEIO0CTAaTOYHOCTH JaHHBIX [16].

Vcnonp30BaHHBIC MOJEIN HCKYCCTBEHHOTO MH-
TEJUICKTA ITOKA3aJId BBICOKYIO HAJIS)KHOCTh TIPU OICHKE

1 IIPOTrHO3UPOBAHUMN 3HAYCHHUM CTOKA B BCPXHEM YUaCTKE
bacceitra p. OpoHT ¢ HEOOIBIITNM ITEPEBECOM B CTOPO-
ny mozeneit MHC. Yo kacaeTcst pe3yapTaToB IpUMeEHe-
Hust Mmoztesin Mike, To OHUM OKa3ainch HENPUEMIICMbIMU
13-3a BBICOKHMX 3HaYECHHUH OMINOOK BCIIECTBUE HEIOCTa-
TOYHOT'O KOJIMYCCTBA UMCIOIIHUXCA CBe}:[eHPIfI. ABTOpI)I
HACTOSILIETO UCCIEIOBAHNSI PEKOMEHIYIOT IPOIOJKUTh
paboTy B 00IaCTH THAPOIOTHYECKOTO MOJCITUPOBAHUS
1 MOJICITUPOBAHUS CBA3aHHBIX C HUM (DAaKTOPOB, 0COOCH-
HO B CJIy4ae HeI0CTaTOYHOCTH JIaHHBIX.
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INTRODUCTION

The ability of runoff modeling is an essential step
in the hydrologic modeling process and therefore water
balance studies and all studies related to water resources,
and it also helps in the integrated management of water
resources in the study area.

In recent years, artificial intelligence models have
received great attention by researchers, and many studies
have been conducted into the possibility of using these
models in the field of water resources and hydrology.
Where a number of researchers conducted studies to
verify the possibility of using artificial neural networks in
predicting and estimating the values of surface runoff and
obtained good results [1-6]. Others used fuzzy inference
models in modeling and estimating surface runoff[7, 8],
while comparison was also made between artificial neural
networks models and fuzzy inference models in surface
runoff modeling, and close results were obtained [9, 10].
Also (K.H. Wang and A. Altunkaynak, 2012) compared
the storm water management model (SWMM) and
the fuzzy inference models, and the results showed the su-
periority of the fuzzy inference models [11].

On the other hand, researchers were interested in
using hydrological models such as HEC HMS and Arc
SWAT [12-14], also several studies of hydrologic mo-
deling were also conducted using Mike model, such as
(Koketal., 2019) who used a MIKE URBAN to evaluate
the performance of Active, Beautiful and Clean (ABC)
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on stormwater runoff management, and the results
showed a good agreement with the required values [15].
(Anghesom and Kozlov 2020) also used the MIKE 11
NAM to assess applicability of climate reanalysis data to
rainfall runoff modelling in the poorly studied river basin
in Eritrea, and the results indicated an overestimation
of rainfall values [16]. Other studies showed the ability
of Mike’s model to model surface runoff and convergence
between the observed and simulated values [17-19].

In the study area in the upper Orontes Basin in Syria,
anumber of studies were conducted for modeling of sur-
face runoff, but none of them were conducted for surface
runoff modeling using the MIKE 11 HAM and the pos-
sibility of benefiting from artificial intelligence models
in this model [20, 21].

Therefore, this study aims to verify the ability and
reliability of the MIKE 11 NAM program in modeling
runoff, in the upper basin of Orontes River in Syria, with
the use of artificial intelligence models to fill the gaps in
runoff time series.

MATERIALS AND METHODS

Study site and data availability

This study was conducted on the upper Orontes Ba-
sin in Syria, within the region extending from the Syr-
ian-Lebanese border to Lake Kattina, and used surface
runoff data for Al-Jawadiyah and Al-Amiri stations from
December 1987 to May 2011 was used, consisting of 266
monthly values.
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Artificial Neural Network

Artificial neural networks are mathematical models
whose structure and method of data processing depend
on simulating the structure and method of data proces-
sing in neural networks in the human brain [22]. Arti-
ficial neural network consists of an input layer and an
output layer, and it can contain one or more hidden layers,
and feed-forward back propagation artificial neural net-
works (FFBP ANNs) are the most popular types of neu-
ral networks [23]. The data used is always normalized
within one domain, which facilitates the training process
of the artificial neural network and reaching to the best
model. The normalized values are returned to their nor-
mal state after the model is trained to obtain usable and
comparable values in other models. Also, the data is
divided into three data sets for training, validation and
testing of the reliability of the model’s work.

Fuzzy Inference System
Fuzzy logic theory was developed for modeling
of uncertain and imprecise problems. Fuzzy logic theory

is based on the fuzzy set concept which is an extension
of the classical set where the elements of fuzzy sets can
belong partially to those sets. The building of the fuzzy
model depends on three main steps, (Fuzzification, Fuzzy
Inference Operations, Defuzzification), in fuzzification,
the classical inputs are converted into fuzzy inputs using
a set of membership functions such as the trigonometric
membership, the trapezoid membership, and the Gauss
membership [16]. A set of fuzzy rules (if-then) is then
implemented on the fuzzy inputs to obtain fuzzy outputs
that are converted in the third stage to understandable
classical outputs that can be used in other models or com-
pared with the outputs of other methods.

MIKE 11 NAM

MIKE 11 NAM model works on modeling of rain-
fall runoff processes within a catchment which is part
of the modeling process within the MIKE 11 River mo-
del [15]. The fig. 1 shows structure of the model MIKE
NAM and the table 1 shows MIKE 11 NAM model’s
basic parameters.
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Fig. 1. Structure of the model MIKE NAM [16]

Table 1. MIKE 11 NAM model’s basic parameters [16]

Parameter

Description

interflow and infiltration. The typical values of

The upper limit of the amount of water in the surface water storage reservoir. It is the water content in
interception storage, depression storage and surface storage reservoirs. It is continuously lost to evaporation,

U,

max are in the range of 10-20 mm

Maximum water content in the lower zone storage. It represents soil moisture below the surface from which
plants take water for transpiration. As a rule, U = 0.1 L where L is in the range of 100-300 mm
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End of the Table 1

Parameter Description
CQOF Overland flow runoff coefficient. CQOF values are in the range of 0 and 1 and determine the distribution
of excess rainfall between the overland flow and infiltration
CKyp Time constant for the interflow from the surface storage reservoir. CK, is the dominant routing parameter
of the interflow because CK . > CK,,. CKIF values are in the range of 500-1,000 hours
CK,, Time constant for overland flow and interflow routing. The overland flow and the interflow are routed through
two successive linear reservoirs with time constants CK,, Typical values are in the range of 3 48 hours
TOF, TIF, TG | Threshold values for overland flow, interflow and groundwater recharge, respectively. The flow is only
generated if the relative moisture content in the lower storage zone is above the threshold value. Their
values are in the range of 01
CKgr Time constant for baseflow routing. The baseflow from the groundwater storage reservoir is generated using
a linear reservoir model with time constant CKp. CKyp values being in the range of 500 5,000 hours

There is a set of basic data required to build and
calibrate the Mike model, including the model preparation
data, such as the area of the watershed, the topography
of the area and the soil properties in it, and the model
data such as time constants and threshold values
of overland flow, interflow and baseflow, in addition to
climatic data such as precipitation and evaporation, and
certainly it will be required to runoff data for model
calibration [19].

RESULTS

Artificial Neural Network

In the beginning, an analytical study was conducted
for the used data, then the data was normalized and then
divided into three datasets for training, validation and
testing according to the ratios (70:15:15 %), respectively,
using the divide block function in MATLAB, which

meaning that the number of used data is (186:40:40 month)
in the order, and this function saves the data which used
in each of the datasets, and this increases the reliability
of the comparison between the results.

A large number of artificial neural network mo-
dels have been prepared and trained with the change in
the architecture, functions and algorithms used in them
to reach the most accurate results. In these models, two
neurons were used in the input layer representing the ru-
noff at the target station during time #-1 and the runoff at
the other station during time #, while the output layer con-
tained one neuron representing the runoff during time z.

The results showed that feed forward and back
propagation artificial neural networks (FFBP ANNG5s) are
the best, and table 2 shows the results of the best ANN
models obtained during the training, validation and
testing datasets at both Al-Jawadiyah and Al-Amiri
stations.

Table 2. The table presents Evaluation factors of the best obtained ANNs models

Number | ANN architecture Train Validation Test
R% | RMSE.m’s | R% | RMSE,m¥s | R % | RMSE m¥s
The best ANNs models for estimation the monthly runoff at Al-Jawadiyah station
(A) 2-12-1 88.941 1.4833 93.986 0.8383 94.795 0.7331
B 2-6-1 88.099 1.5455 93.595 0.9670 94.4158 0.9867
The best ANNs models for estimation the monthly runoff at Al-Amiri station
A 2-8-1 92.729 1.0499 95.755 0.7053 78.757 1.1849
B 2-10-1 92.842 1.0650 95.433 0.6797 74.738 1.1575
©) 2-11-1 93.462 1.0389 95.797 0.6789 77.418 1.1692

As shown in the table 2, the best ANN model at
Al-Jawadiyah station contains 12 neurons in the hidden
layer, which gave correlation coefficient 94.795 % during
the testing period, as well as the root mean square error
value is 0.7331 m?®/s during the testing period, and
the best ANN model at Al-Amiri station contains 11
neurons in the hidden layer, which gave correlation
coefficient 77.418 % during the testing period, and
the root mean square error value is 1.1692 m?%/s in
the same period.
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Fuzzy Inference System

At this stage, the same method of data dividing used
in building of artificial neural networks was relied upon
in order to increase the reliability of the comparison
between the results. Then, a large number of fuzzy
inference models were built with changing the number
and type of membership functions. Also, artificial
intelligence models were used in order to reach the optimal
parameters of the fuzzy model, which gives the most
accurate results possible.
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Table 3. The table presents Evaluation factors of the best obtained FIS models
Number of membership | Type of membership Train Validation Test
functions functions R, % |RMSE,m%s | R,% | RMSE, m*s | R,% | RMSE, m%s
The best FIS models for estimation the monthly runoff at Al-Jawadiyah station
4) Gauss mf 91.494 1.2368 87.150 1.2770 94.789 0.7791
3 Gauss mf 91.131 1.2617 90.772 1.1222 95.230 0.8022
4 Tri mf 91.488 1.2372 88.336 1.2367 95.027 0.7928
The best FIS models for estimation the monthly runoff at Al-Amiri station
3) Gauss mf 93.523 0.9684 95.307 0.7826 77.875 1.2602
4 Tri mf 94.258 0.9135 94.306 0.8157 76.853 1.2954

Table 3 shows the results of the best FIS models
obtained during the training, validation and testing
datasets at both Al-Jawadiyah and Al-Amiri stations.

As shown in the table 3, the best FIS model at Al-
Jawadiyah station based on four Gauss membership
functions, which gave correlation coefficient 94.789 %
during the testing period, as well as the root mean square
error value is 0.7791 m*/s during the testing period, and
the best FIS model at Al-Amiri station based on three
Gauss membership functions, which gave correlation
coefficient 77.875 % during the testing period, and

= Target :
210
g
2
5 5
0 20 40 60 80

Months
At Al-Amiri station

the root mean square error value is 1.2602 m?®/s in
the same period.

Comparison between ANN and FIS Models

By comparing between the results of the best ANNs
models and FIS models that were obtained as shown in
tables 2 and 3, or through the graph of the results as
shown in fig. 2, we find the high convergence between
the results with high values of the model evaluation
coefficients, which shows the reliability of both models
and its ability to estimate and predict of runoff values in
the study area with a slight preference for artificial neural
network models.
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Fig. 2. The figure presents comparison between the real values and the values generated by the ANN and FIS models during

the validation and testing periods

MIKE 11 NAM

Initially, the artificial neural network models
obtained in the previous steps were used to prepare
complete data series for surface runoff at Al-Jawadiya
and Al-Amiri stations, and then these data were entered
into the working environment of the MIKE program.

Due to the lack of existing data and the inability to
obtain the required parameters for the model accurately,
and to reach the best possible parameters, the trial-and-

error method was used with a large number of iterative
cycles (more than 8,000 iterative cycles). Table 4 shows
the parameters adopted in the Mike model for the upper
basin of the Orontes River.

Then the resulting surface runoff values were
represented with the measured values as shown in fig. 3,
while fig. 4 shows the comparison between observed and
simulated accumulated runoff data.

Table 4. Model’s basic parameters for the ASI-ORONTES river basin

Parameter Value Parameter Value Parameter Value
Uax 10 CKp 911.524 TIF 0
Lo 100 CK1 10 TG 0

CQOF 0.963 TOF 0.988 CKgr 4,000
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Orontes, Observed Runoff, m’/s
Orontes, Simulated Runoff, m/s
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Fig. 4. Observed and simulated accumulated runoff data

By comparison it is clear that the resulting values
of surface runoff are not good and there are large
differences between observed and simulated accumulated
runoff values, as the value of the root mean squares
of errors reached 5.482 m®/s, which is a high and not
good value.

DISCUSSION AND CONCLUSIONS

Atfirst, a statistical study was conducted for the data
used, then the data was normalized and divided into three
datasets for training, validation and testing. The models
of artificial neural networks were built and trained ac-
cording to various parameters and showed good results,
that as the best ANN model at Al-Jawadiyah station con-
tains 12 neurons in the hidden layer, which gave correla-
tion coefficient 94.795 % during the testing period, as
well as the root mean square error value is 0.7331 m?/s
during the testing period, and the best ANN model at
Al-Amiri station contains 11 neurons in the hidden lay-
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er, which gave correlation coefficient 77.418 % during
the testing period, and the root mean square error value
is 1.1692 m?/s in the same period. Likewise, a large num-
ber of fuzzy inference models were built with changing
the number and type of membership functions and using
the same data in the three datasets which were used in
building of neural models. Also, the results were good
that as the best FIS model at Al-Jawadiyah station based
on four Gauss membership functions, which gave cor-
relation coefficient 94.789 % during the testing period,
as well as the root mean square error value is 0.7791 m*/s
during the testing period, and the best FIS model at Al-
Amiri station based on three Gauss membership func-
tions, which gave correlation coefficient 77.875 % du-
ring the testing period, and the root mean square error
value is 1.2602 m*/s in the same period. Thus, the results
of both artificial neural networks and fuzzy inference
models were good and highly reliable for estimating and
predicting runoff values in the study area with a slight
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preference for artificial neural network models. Af-
ter that, the obtained artificial neural network models
were used to complete the missing data and enter it into
the Mike model, then the trial-and-error method was used
in order to reach the best parameters of the model and get
the best values for surface runoff, but these values were
far from the real values and carried high errors due to
the lack of data available in the study area, we also note
from previous studies that also obtained poor results for
the Mike model in cases of lack of data [16].

The used artificial intelligence models showed high
reliability for estimating and predicting of runoff values
in the upper Orontes Basin with a slight preference for
artificial neural network models. As for the results
of using Mike’s model, it was unacceptable with high
error values, due to the insufficient data available. This
study recommends to continue the study in the field
of hydrologic modeling and modeling of the factors
associated with it, especially under the conditions of lack
of data.
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