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Abstract

39 @ H, Hydrology H Artificial Neural Network (ANN) Wi [T &1 Sd &4 T &1 ANN @wvadr e
W T, T b 39 favg W Q9w w9 ¥ fisd a1 g9l o Hydrology UMl § 3@ <1 aie ®RTSTd ol el
& ¥ YR €1 Hydrologic = i % "eY H, I& Modelling IUHWW FH Y HUA aqod oW H B TH
Jfeqd Modelling SIHTT & €T H ANN I &Hdl & a) H [ HE aidl Hydrologic T WTE® & &l
%1 39 paper &I 3899 hydrologist & U ANN & URag & &7 § &1 & Bl ANN%%&@TWQ’?M
TR I ITANT W FB RSN % MG, T8 T ANN i T HR Hydrology ® T+ Modelling 351 %I Th
G| T UG T &1 ANN @l dTebd SR S W g9l WR Physical model S F¥9 Modelling ES®RIT &
1Y 3G AT W T =9t b1 T #
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1. g8y

3 TR HT A9 g UHid &1 & AR 7 Acaer==t & o @fea € S wHad v 9 3| oaa |
JEHE! €1 McCulloch and Pitts, 1943 GRT Artificial Neural Network @7 faeT8 (ANN) TRTHT 70 €I
Teol & B, Sl HHG Aas Bl THHEA hl 38T § URd I R 360h BB 6T 3 HET e
g B 3% & W@, S URsHa algorithm & fIB™ R JARBATA T IIHWW & I & BHRA
ANN ¥ T BRG] GG bl JJHI fham 1 Artificial Neural Network (ANN) computational tools
Th a’g’%ﬁtﬁ'ﬂ input space q iﬂ){ | acquisition, representation HR mapping 2B U |
(Wasserman and P. D., 1989), ¥ tools @1 &Hal @ 9d & fog =am™e sy @wfdq fean o € |
TR &9 ¥, ANN FRR T GraHiies SgaMs & &9 § @ ol ¢ e T patern & Red &r
e T ] &HdT b HRU ANN & {olU pattern 1 JedM, TRA{@H @I Sieed Modelling THEIT,
T, association, HX FETW 8 M W @ HEN ¥WG & @1 §| @i 70 @ TE,
McCulloch, W. S., and Pitts (1943) GRT Artificial Neural Network @1 fa9R weaifad fear T o, w
iterative auto-associable neural network H Hopfield % JaTE (Hopfield, 1982) % HRU ANN & A
aswAhl 7 fUsd g9l | CIREREE] far 21 | computational @ % B H & q%
§§, 1§ neural network Rumelhart et. al, 1986 ¥ Back Propagation algorithm fafgr &1 R |
Wil H | FAdielad, ANN &1 fafag &= o ?HTJ,’WT faem & o9 & Neurophysiology, physics, Bio-
medical engineering, Electrical engineering, Computer Science, acoustics, Cybernetics, Robotics, image
processing, financing, and others. &% ¥ % Wd 9, Hydrology ¥ et &=t B ANN T

T IugRT fobar T Rain-runoff Modelling, stream flow forecasting, ground-water
Modelling, water quality, water management policy, precipitation forecasting, hydrologic time series and
reservoir operations. ¥4 YU hT @ed Artificial Neural Network T dfeg {da@@m <A %, HHAR W

fhT T algorithm HT AR R Hydrologic TTEATH % flt ANN @] & & fog fIsnHeT,
ANN R g Modelling EBHT & € THMAT W AA¥&l &1 U HET, HR D! dibd JR
T W T HET B

Research Cell: An International Journal of Engineering Science, Special Issue January 2019, Vol. 31, =i
ISSN: 2229-6913(Print), ISSN: 2320-0332(Online), Web Presence: http://ijjoe.vidyapublications.com &Pﬁ
© 2019 Vidya Publications.Authors are responsible for any plagiarism issues. i .';J



53

2. Artificial Neural Network T URe™

ANN Ueh massively parallel-distributed information processing system % o wedm RgwaR Ama
Tfeqsd & AfAP neural network W 3@dT &1 ANN @1 HME EH T neural biology &% TR
model % ARG & &9 ¥ fAwf@a fan mn 8 sue e Rufafea Feat = smeRa 3
o Il YHER Eb_g Tehd Hedodl T Brar %, ISEY Node, units, cells Il neurons ol HEl SIam %

e connection link & HIETH H nodes & S Heobd UTRA fhy SId B
. QFaﬁﬁTTJE gonnection link § & d&fga weights IT GE&ITcHD HIFH BT & S TIH! connection ITH

Et |
o UAF node output U &I FReiRd W & R network input W T TR@H IRacH @1 Hll 2,

fS& activation function &1 JTaT B

TUH neural network $H% architecture ERT Y& SITAT ¥ S nodes & §II connection T pattern,
connection weights RuRa @ & ﬁf@l, activation function T:’?ﬁ?ﬂ % (Fausett and L., 1994)| Ueh
MG ANN H %3 nodes BId ¢, Wil Ueh A9y Saeal & AR IARId Id &1 neural network &1 %3
RG] b T Single (Hopfield network); bi-layer (Carpenter/Grossberg adaptive resonance
network); R multi-layer (Back-propagation network)l ANN L T Udle TR YR B R F
YR R W FIpd fbal S Thal & feed forward network H, nodes MM AR W Wal H areyd aid
&, U input TG ¥ Y& HR HfAH output WA W HHH BlAT &1 B BN wd ot & whdr & R
Yedeh WA § T 91 HEH nodes Bl &l T input 9 outputqa‘fﬁw_%l U% WA H nodes el
T ¥ 92 Bld %, dihd 361 W A 6 39 YBR, T WA H  node BT output had IS Tl AR
wafea weights q ue input AR &lar ¥l 98 YW feed forward network WX higd ENT, it 36
HAR 9 Hydrologic TH&IT ® SUANT fbar Srar 2|

HIEHBIM network H, input (Qﬁ) WA IU@SY THET 6 %Q input variables (TI¥) UTH Il | W
g fA9wa Bt € S output BT THIAT BT Gebal ¥l input WA 3@ WbN UG & HR network ol
BT Y™ B 6T J1EgH €| FAH A1 output W | network FIRT fby T w4 g ? AR
T YHR model output HI I &l B wal 61 & IR d® T T H nodes I HET
THAR W trial-and-error WskaT T FuiRa foham Sam 1 network & TSl Tal % WA nodes qﬁ RS
¥ link g 3 9 2

[nput Hidden Qutput
layer layer layer

Network Network
Input Output
X Y

-1 Feed-forward fM-9%d ANN T configuration

Input-output relationship T HASIal HH & ol T A% 9 A nodes T AUE connection dTehd
W1 TUM & ol Wb link T T synaptic weight it 7 &1 RS-1 feed forward network ¥ W-Ud
ANN T configuration @Il &1 1 Wb % ANN 1 Iuqi fAffs webr & aweamt o fbar <
Hebel &, S8 Hhel B TURA B R TG B, pattern a"‘ﬁﬁp_d I, input pattern (space) q output
pattern (space) <o HHITI mapping DT, HM pattern Ea '{T‘{Eﬁ?ﬁf T, AT constrained optimization

roblem %T{ SRICIE] @Tﬂl B IGE) b, X Teh system input vector TS _cb_g causal variables ¥ §HT
g Kl system TdER H WIIAd HeaT &, [’ Y system output vector &, system IdER EAMEACIE]
TS resulting variables ¥ ST &1
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3. TR T&e],

TH_node &1 AHEE @ o 7R 2 ¥ wafsia forar T 21 38 Wa & MER W & node
%, system input causal variables IT =~ nodes ® output Y T Hehel &1 inputs U input vector
ERIGEE X = (X} X; 0, X, ) | connection weights Il ! T FIHH node ED 1%11 weights vector
W, = (Wi jrees Wy seees W) ECIIRS | w; fIBell T & " node ¥ 39 Wd & ;" node @ connection

gigﬁg&%ﬁﬁ EZ: | node j T output y, function f % Ted HI T HTh WIH (b1 STl &, ST

Y, =S (XW,;=b)) e8]

&l W b, threshold value &, fS& bias W HBT AT &, S T4 node § JST TN &1 ANN HEIH H,

node & ‘13‘1"75? b ; ® ghd ﬁ?‘Q I 9 9Bd §&T o T fﬂ%ql function f I activation function &l

AT &1 SHDT functional ®F WIH Pl input signal H node 1 Wafear FufRa wwar ¥ ed o
TEAHTA fobal ST a1l f() sigmoid function ¥, ST fob < f&am &

f)= @

1+e”

sigmoid function Wk bounded, monotonic, non-decreasing function % il Tch El"'ﬁgﬁf, R & TcC
WfafaT W™ ®T &1 I€ function fBET network @7 el off fEw ko w1 94w H wew
TETAT &1 sigmoid function T TBMTAT H{Ah &Y Y Y SEAHTA (A M dTel derivatives HRX e
simplicity % A & fSEHT WA training YT & S b Srem &1

& 2 : node ] EARDIEEICEAE G
4. Network Training

ANN &I output vector Y =(;, Vs V) il target vector T =(f,,¢,..1,) % S @9a g Iaa
AT IIT HH & [0 Ub training AT & TORAT USAT ¢, o learning Y HET W@l @, =R
optimum weight vector matrix W TR bias vector V TR WA ¥, S = T qﬁ RuiRa error
function ! % BT Tl TE error function S TIAT AT &:

EZZZ(y[_t[)Z 3)

g

&, 1, qiteq output 7' [ Tch ¥UCH %; Y, = Heferd ANN output; p = output nodes T H& T, R
P=training pattern Y G| training Teh LSRR % f@®% g ANN & connection weights Ea|
@R Ser uskar & Wegw @ FHied AT S & e ® ¥ QA YHR B training BIA T -
supervised R unsupervised | supervised training algorithm Edl training kT % HRTEIH % fog Sl
frers 1 TasTHAT BT Tl TE HHAR W I BT & b training & T input W output & T
e | I @ pattern) HTITH gl input system % causal variables &ld & HR output effect
variables Bl &l ¥9 training WFAT H nodes & connection weights TR threshold HFT &1 TH™INE R
ENCTE ‘il?ﬂ'lgi%f 1 9 T o # training T WTATH® @& connection function R threshold HHI
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% set T WISl BP error function B HH HET & Wil ANN & fod a@ferd output &% TS AT HUS
output ICUF HE HT HRU 2| training QU BN & T6, Tg IFHIE H Sl & b &Y M 9C input &
fod ANN sfig uRam Iod &0 o e Bl g% faudd, unsupervised training algorithm ¥ e
A &l BT &1 training % W, ANN @l hdel Ub input data set W& fobal Stan &, S G
connection dTl aTf H I input pattern I cluster % % T YA connection weights Ea|

g W BT Bl T R ed ¢ 99 37 & training WHIfAAT BT GASH reinforcement training
% &9 @ Al B training pattern ED| W T network WG I rate & b [T score T grade T
IUAT fbar Srar &1 St SAdEd FWAMT | supervised training T SUANT AT T &l ANN &
nodesﬁ?ﬂﬂ@ﬁ@ﬁ_g,wmwéﬁﬁﬁwmm algorithmq'{ﬁ“fl'{m%l 39 99
AT H &S AT €Y ¥ SYANT fY M T training algorithm MR 1

5. Back Propagation

Back Propagation, ANN training % U ge @siug algorithm & [ ﬁ'{ﬂ_d f9awU & U Wasserman
and P. D., 1989 HR Fausett and L., 1994 ) 1l I8 aﬁam‘ w7 9 Ueh gradient descent GERIED % i
network error function (3) 1 &H Al l training data set ohl Tedh input pattern input 9%d ¥ output
T q% network % HTEGH ¥ UIRA AT AT €1 network output @1 aifed target output & qY Gl
HT S &, W TF error B TWAT (3) IH HYR W BT A &1 T error network & HIEIH ¥ YA
node § w5 {6 T® propagate foham ST ®, =R H7d €9 " connection weights HHIHTA % HMUR |
THEAfS foba a2

. OE
Ay (n) ==& <+, (n=1) @)

¥

TEl_ Aw, (n) R Aw,;(n—1) = n" TR (n-1)" o pass H node i FR ; & & H weights IS
T 21 Bias Il % YUR & {00 UH TAH GI6QU ol 1 &1 (4) H, ¢ R o B HAM: leamning
rate SR momentum & STAT & momentum factor error TAE % T Ed Bl 9ule & ¥ training 9 BT
Hehel & HR weights T oscillations T b H T BT &l Global minimum % 91U local minimum
9 %y BU training kAT § g9 % fou learning rate bl 3w fhar Srar #1 Back Propagation
algorithm ¥ ¥ W MAA 2| IS I U forward pass %, oo output I b UG % forg input
% YA B network % HIEIH ¥ M FEMT ST 2| error I TAT % S, network & HILIH ¥ &
W backward pass & Bl Bl output Wd X errors Ea| input Id B W GIred weights % qYg
((4) & ERNINIELE waTid far Sr €1 Back Propagation steepest gradient descent % YR T first
order fafey %, Sad Ram vector gradient vector % THRIcHD &b S set [bAT STAT %I H?ﬁ\_rl?ﬁ, ~YAdH
error TRUfd T UgTM HT VA i GHA GHIUM FER zig-zag path T UTeM AT €, Sl training
wisear @ €\ B Fohar Bl learning rate % SUAM H §IESS local minimum ¥ training kAT T
HET G99 Bl WA G 9, Conjugate Gradient Descent T U fohar T T S 9 G B HH
FE | AR H qHT &

6. Conjugate Gradient Descent

Conjugate Gradient Descent Uedl R Fletcher and Reeves (1964) R AMFA HWARA ENCIR
A W WA &1 T Back Propagation % faudm, Conjugate Gradient Descent error gradient El
R & WY W TE Sedl €, Wik [UBd pass I Q9T % orthogonal M # Tedl &l Jg WA &
T I TAAH T & IRE H FAGHHT B IHIAd HE § AT 2|

Fletcher and Reeves (1964) ¥ f@mn LS B T ~ATHO fafg Conjugate Gradient Descent GRT
faef@a &1 TN quadratically convergent ¥ aft I8 TR-afites Yrrgy a9Edl & AHA ® SUANT fohan
TMAT 8, WY error GHIB (3), Tk convergent HIMGE hl HE@Thdl Bl &l IR P(m) Back
Propagatiog % 2" YHIGRT W R vector T IRIT BE $ T WA fbar AT &, (4) a1 R @ fomn
ST Gohdl &

W(n+1)=W(n)+eP(n) S)

TEt W(n+1) =R Wn) = (n+1)" =R " EER'IT{% | ?i node % weight vector, & = learning
rate| WHY® R vector HRICHD gradient vector g(n) WK %’g’, n=0 T, I P(0)=-g(0) EY
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U set %l Yo ShiHeh 39T vector T IaHM gradient vector HR fUBA fR9M vector & Tch K(eED
ﬁaﬁaﬂmmaﬁaﬁ%éﬁ%%ﬁmwgz

Pn+1)=—gn+)+pRH)PH) ©)

&, [%(n) U gHa-FlR parameter &, S Fletcher and Reeves (1964) ¥ A T g % ESSIN

g (n+Dg(n+1) )

B = T e

Conjugate Gradient Descent algorithm s A H training Wi6aT T Aol B Febal Bl
7. Radial Basis Function

Teh Radial Basis Function (RBF) network B! G-I network % &9 H HMT o1 Hebal & forgd ol
d fo 1 fbd @S parameter % U [fga Age aRaaqd &T & (Leonard et al., 1992)1 39
Td H Hs nodes MR parameter vector BId ? 92 &g wer mar %, ISERER d & weight
vectors HIHT ST Hehdl gl HH% euclidean Ec?[ HT ITAT g | &b %'Q o SiaT & 6 g @ input
vector foha™T X &1 Wedd node & T, network input ® input vector TR HF & 99 euclidean TU T
T TF REF function B 1 A & N BU B WA H nodes ¥ output F1 ML w2
outputWﬂﬁﬁmaﬁ@WWﬁm | U RBF network & output y NG CRED]
T GG ER AT 6 ST Hhdl &

y=rf(u) =Zn:vv,~R,.(x)+w0 ®)

&l w, = By g neuron =R output neuron % SId  connection weights; w, = bias; x=input vectorl|
functions R, = R" = RRadial Basis Function v e w9 E:

R =gl ©
@(.)WWWWW@HT%@'{?I@I@ wzﬁm%ﬁ@rﬁﬁw argument infinity T HR

M B 31%{ S euclidean T input vector TR Hg & 9 H TBdl & ¢(.) function Ea I don q@?ﬁf
W HEbdT Bl Bl () b Tolg A by S¥ey ¥, W QEFAA: Radial Basis Function gaussian
|

function GRR (R %
[ : ||x,-—c,-||2J (10)
R=—ep| -3 AL

2
i=1 2@,/
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TEl cl.T =[c;15Cipsee iy ] UM &5 BT hg %; R o, = gaussian function ED| T‘fl,@'l'stl RBF network
mmmmﬁ,ﬁv—q’ ¢l FuiRa ®ET 2| training set § Hgl BT IEfBd ®F § g™ & g9
AEH qUHT B Fhal &1 O BB input training set H HS TIE H k-means THIH BT ITART
_Ob_{a?clusteringm %WWW%WﬁW%WﬁW%lWW, c B w h
Y network parameter o &4 H HMET 1 Hehall & =R error-gYR_training o HIEAH | HHEASIA
T Ghal ¢l Hg My BN % W, BY WA SR output WA % §I connection weight w, |HE
Back Propagation training % Aegy ¥ [uiRa far S "@ear €1 RBF network R Back- ropagation ®
g9 wafHe Ha @'ef nodes © ﬂ%’ MEHart ‘E?ﬁ ¥ ¥l Back Propagation H T%)'{}{%ﬁT Tch
fAf9d function <@ sigmoid &I Hralvad far <ar gl 3;{:1'?[ % RBF fafY training set ¥ data W
T RGBT BT HUR S S| T SR BE W | @1 TUR functions %1 9™ & &1E, output U
T network @1 Had & I Ay o drew $ wTea &

8. Hydrology ¥ ANN IR 3= Modelling oot

T fa9M (Hydrology) gedl &1 dds, Mgl R ararey ® gl R 39! Tued, fdaw iR gva
T IoTlee Mg &1 AUHBIT Hydrologic kA Feaftes WAQH a1l € R wnffe =R wife
JRewsTear 61 g I wafsia el §1 I parameter FAFT | HHASAd § WR RA €| TG
R YATAM 1 TAEAT S & run-off, T, YU AigdT, R UHI & TR & HHeH h] THETH
% Y G B Sl 3 UBR HI SAHBR Hydrologic =R hydrologic engineering design % 9
ERESKICERECE I i CRuC RS

qaE H 9o oS o IuEh T 9N 9@ model @I UG €Y ¥ AM SR@ % ded deied
fbar =1 Twar ¢ empirical , geomorphology based, =R physically based. Empirical model black-box ®
wq ¥ Hydrologic system (?R# watershed) @1 HTFd 2 =R vfdeTas input (EN'rl, A, 1) R output
(watershed run-off I stream gauge UX HIAT SATdl ¥ % 49 €Y WM B YO B 2l Lumped
catchment model 39 S & Had Md €1 39 fAfeEl &1 @9 Ufde@e record &1 HATHAT el T IR
ITh pass Tﬁ—s‘ Mides HER & ear & ‘s{ﬂﬁfé{ ungauge watershed ED %q & B § (ASCE Task
Committee on Application of ANN in Hydrology, 2000)| S1 Y model T Uh YUR
geomorphology based model %1 ¥ model watershed T&FT MR stream network T TATA &, Wb HelTl-
FHelT watershed gﬁb—lg?fl (streams and overland sections) 1 wiakear &t Wt 9 gsfoa fafes AT
Bl T H HETHA ¢

Physical based model "SfdsT (physics)' B IATM ¢ Fifh 36 & § Iv¢ TS FH! qE THWT AT
% WM AR W, T partial differentiation GHIHL BT Th TN HI AU IMHA Bl &
watershed % I JaTE WHHATHT &1 AN FaAMH THR ®I 39 ¢ SRR G961 & oy, a0g-e™
AT H nodes b TH FAT set | fafed ok Uh TEAIcH® AL HT @Sl Bl Sl &1 HHT
e T8 ¢ 6 ¥ model TN HTH HI & 91§ watershed H1 Hifdes fAIATATH F data, model grid
I W ITAY BN 2 IZH YHR HT data W TET H watershed Y H W) A1 A IuAH )
IRINAA R watershed HI HEIb b § TEGd HE H THAT IR FhHI AAEAd & HRA
stochastic watershed model T W& f@am T=n %I I8 Ra™ & ﬁf"{ f watershed Sm ®1 wiakean
HHT TRAEH ¥, U9 model T YEIH hypothetical wegeet | fhar T # 1 F model parameter HJHTH
HI UEaH, AW WX fAfear St guemt @ @ifgd €1 9dWM computing SHATHT & WY o,
watershed H physical model GRT 3 ™ WM T U AW FHTHA %l Wifde Bgial W SmemRa model
ungauge watershed U o] B ?\;, A T ‘&’ﬁ?ﬂ, 3¢ model HeTich 3%{523!3[ ED ﬁf"{ Qﬁ%‘lﬁﬁ data
HI HAFHAT BT 21 3T G b TE9E, IUd BT ¥ IUAR BT I W A model FE Hydrology
qaEr % fon qgd IuArT wied Y gl Engineers EI hydrologists physically based model T
HHAAYdsh YA Hh watershed system % Wied SIFER HI model B }% R AFH] &I qiosgara
FA T 2| ABA TE T ¢ [ qe gue H o TGO § qRE 36 SR Y IHeq® Modelling
ERHER T N 7 S @ B

79 dfew =gl % MYR W, ANNs H1 empirical model &% &4 H Fiihd HE RN &0 36 efBHIW
HI 'model’ HE & Hifh AW SIS (Hydrology) H 7 Modelling EfB®HIT & |1Y &3 fAAwad
T &1 model TFF T WEHAT IJUGTH network architecture % MU & SAR HMT 1 Tebal &1 TN
@E, model training, HCATAT training HR YUGU o6 T model eMeh R HcAUA I I hl ol
Hehdl & ®s Al H, ANN Hydrology | regression TEMRA model & AW Bd &, Fam™ % &
I TR w9 % fAfdy & Magasar T8 B 21 366 Wea, ANN B wdt B dean R e 9@
TA%h A § IS nodes & fAhed & TIY IUASY TIGAAT & HRU N(O%h SgHE! 2| Id: ANN G
e 1Y %S AT b I TN &N 1 A T 7, e gHmia srataad % wae Aed )
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9. 98 I THEIY

FB ANN FWEN 7 378 network W UST & ¥ UEA input / output HHET Bl scale B & Hecd W
T (24T &1 € TRQHdT WS e dTell GHET & f™U, variables 0 ¥ 1, I1 $& F+F UGt WM
% 9= H AW b [ scale T ST &1 T YHR 1 scaling FHUM T Bl A& S JR FO AR
quTEl B HEd B (O BT S| ETAlh, 39 WEHAT % HIEgH ¥ MG @N %1 $B @dd gl
weights SR threshold &l &1 initialize HE Th Hecaqq 1M &1 o WIS FFAM optimum
weight space % HUS §, I training UFHAT AN & ETCAND, T weights BT TRIH A T BT
ﬁgﬁw:@%@%ﬁ'{a@mfashionﬁ%mﬁﬁ%lwm,@%m R GHIT
|

10. AT SR GHd

ANN TH HHY®H computational tool T & DY DI Fafefea

famr fopelt *fifdes AIB! & 9 input SR output variables % ST T&Y Y™ | Haq 2

S training setﬁpoise?ﬁ'{w errors Eld € A9 1 4 B! @E ¥ &M & 2l

9 Seddl URiefad) B AE % o T % WY 9EE % W%hd eF ¥ 9ed 2l
mwwﬂaﬁ%%ﬂm-ﬁwmﬁsﬁaﬁﬁaﬂwm%ﬁI@wmmﬁ
TEHTS BT HEH Bl &

TR, I G ®, Wifde w9 9 reRa alw! &1 ST B THEAT B WE Y A GHET A6l
ST EHAl ¢ A1 HIUW fagww & fow A Tad Rifia @ €1 I8t a9 6 59 U@ model IUASH B 2,
a9 W 3¢ HB HAFh! W YT BT ISl &; il ANN ] HUep Nb¥eh a1a1 &1 9% Helral, ANN
ot a0 o @fRA partial differential TG H1 &@ fhy a1 fafiRa wlear & Rf@wHa @
model B | regression-@ﬂuﬁ AHAD! & AU, input R output % d/a gaYl & TR chﬁéﬁ
AT hl ST bl HE9dehdl el &1 input HR output | noise T UM network % X faaRa
TEEHT hT Io § Gerhal & TR Jha™ & {91 ANN gRT HHWell Sl &1 TE, activation function
HI R® THd & @Y, qEAd H ANN H BT GHAE Bl Serdl ¢ W 3% od e o
FUEE 6 Ub 927 9 & fou aisE ST 81wt %S WegdH i § Hebd Al € fh ANN S|
faam o dwifad w9 ¥ Ul Iusw |ifed ¢ € W 36 T B TSGR 6l foba ST =Ry
ANN = [ 1 Tl data bl T R UGN a1 R MR BT &1 39 Ja9ashal & AEE o
1{5:@[ GITT‘IHO_(‘IT%, Eﬁﬁﬁiib_g Hydrologic record T Fdld qeh el oTd &l I, HETh data
IUeley &Y Bl & WX 3 WR e % UGN model W FT HIETHI ¥ Icqd fbdl ST WIRY| TEi
% b 99 @9 Ufde@® record IUASY 2Nd &, I8 FfSa 6t gan fb 3@ vg wafg # fRufaai wwey
Wit 3afle, M9 YT g WUeTHd PR WR TWWIfdd YUTel WSS data set diEHd €1 HORR
B ﬁ%m@ﬁ’q’ﬁinput%'{?\q 'ﬁEF\finput/outputmwaﬁﬁm%lmﬁ,agwqﬁ%
foh el gHmEl ®I A HE % ol g | fobael X ST A1ieY| 399 URAUTHEIEY ANN H&EHT

| 9 UH @ ¥l Ig q29 & network architecture T TI
UTH AT &1 network architecture, training algorithm,

Hifdes Teq & I IUATHAT & {UBA IH

.

?i

TE UM Artificial Neural Networks (ANNs) & URGT & &I H B wear & e Hydrologic
IS %WW%WﬁT%W%IWANNW@@HWWW%W
i &, R = Modelling EfBHIU & TU& § ANN HI YHebT Sl T
7l @“@Fﬁiﬁﬁq ANN architecture 3R algorithm T Tl h TR F Hydrology | 'H'H'FQF%[QF fom ANN
% 3 %i%mﬁarﬁéswm%m%qnﬁ%lsaq@iﬁa?raﬁmm%fr{ﬁaﬁmaa‘iﬁw%wmﬁ
QA Tdl % 9% 98 ey I "ebal & b Hydrology § ANN model URUR®G &9 ¥ IEAHTA

I AT physical model § &R BId & R Wied TRWD data % T W1 SecX RATH T Gobd &

fobg
el (References)

1.  McCulloch, W. S., and Pitts, W. (1943). ‘A logic calculus of the ideas immanent in nervous activity.”

Research Cell: An International Journal of Engineering Science, Special Issue January 2019, Vol. 31, =i
ISSN: 2229-6913(Print), ISSN: 2320-0332(Online), Web Presence: http://ijjoe.vidyapublications.com &Pﬂ
© 2019 Vidya Publications.Authors are responsible for any plagiarism issues. 4 J;-"



59

Bull. of Math. Biophys., 5, 115-133. MIT Press, Cambridge, Mass., 318-362.

Wasserman, P. D. (1989). Neural computing: theory and practice. Van Nostrand Reinhold, New York.
Hopfield, J. J. (1982). “Neural networks and physical systems with emergent collective computational
abilities.”” Proc., Nat. Academy of Scientists, 79, 2554-2558.

Rumelhart, D. E., Hinton, G. E., and Williams, R. J. (1986). ‘‘Learning internal representations by error
propagation.”” Parallel distributed processing, Vol. 1.

Fausett, L. (1994). Fundamentals of neural networks. Prentice Hall, Englewood Cliffs, N.J.

Fletcher, R., and Reeves, C. M. (1964). ‘‘Function minimization by conjugate gradient.”” Comp. J., 7,
149-154.

Leonard J. A., Kramer, M. A., and Ungar, L. H. (1992). ‘‘Using radial basis functions to approximate a
function and its error bounds.”” IERE Trans. on Neural Networks, 3(4), 624-627.

ASCE Task Committee on Application of Artificial Neural Networks in Hydrology. (2000). Artificial
neural networks in hydrology. I: Preliminary concepts. Journal of Hydrologic Engineering, 5(2), 115-123.

Research Cell: An International Journal of Engineering Science, Special Issue January 2019, Vol. 31, i
ISSN: 2229-6913(Print), ISSN: 2320-0332(Online), Web Presence: http://ijjoe.vidyapublications.com &‘P%
© 2019 Vidya Publications.Authors are responsible for any plagiarism issues. 4



