WA Olis) b oyl 8 by osles YT Il ames (53 500L 5 5 Wl oo aloes
WAVANY @5y YFAANNA 2 s s

V4-YE v

St &l Oy S5 5 P gean s (BASS e 1) anlie

.

D8 Mo piul 4 g (53550 anllao 0L o o gm 5 L

#0101 O3S QLS o8 2ils (g5 pbysm s Sbabiul i Ty Jaule
Ol Ol Olghol o8l (955 535 g0 555 Sld i aly e daes
Ol =t Olgiol Olgiol ol8iSls (653 55550555 Sbsbicl ich o Jlas

Ol DLl Ll o8zl (o mle Jlsl ol gy 25 5,

oS>

S e S8 ey 5 i dise SLBL I Gud S s 5l aS C il et S il i S
5.0l e Sle ly asbiogy glasle, [, Kos sy 3l ol Jalss 5 5o SO Sl Lo 13 Ol yas
Sl Jin 5 i S50 555 Jalse s 0dd e s 0Ly bS] e 31 snte |l Sl
5 SIS e s S gy el ol a5 gl oy Casl 1O
die g 95 L O el 5 a8 ool b O 4l g, Ol e s 5l i S )y S50 85
e s Sl E b S a8 S 1 e sy (SO B b 5 (SSs)58) B S
MLS:\:QL..,‘,J@L:J el Ut L) sy (6,850 ﬁ)jﬁ1gg}hﬂﬁé4{y@%6u@ oy oS
s St alie 53 VA0 llat Sl o S0l admme 5 ANY S o L (S50 5055 e
L S e it e L Ol e Ol YT e jlms 9t ATY s b L (S5 550 50 55
S osb e ol psan e oS i, L alie 53 L0l Scha s 5, e e e S5 sladie L)
S S s e 2 5 YTR0 (sllast Jlime 50 /VO8 (S5 558550 55 b 3l S S5 Jds o g 2
e il sladioe gl aglin 5l eoas ol TVEY alins sllast Slns Ly /AN il (S5 505850 55
oS el 5 50,8 ettt oo lpmals el i (K550 5 a8 ey 5yt bl
B3 Sl Ll L3 L 3l 53l Jde 55 2S5
Jils (o pmme pae aSd M (55T 5050 55 OB Na 455 ¢y o s L g AlS glell

Sl Js ¢ S S

ol gl Lol A 5 eslw by
Pl S Oy sagsn G, o Ly u i
Al e s esls Ll sl s e | el
i S5 Al Sy e 5 S L LT

PRV
Py ol s Lred e
S Lt Sy 5 O ,b SOl Lagin
Gl o3l a1y ek bl S5 G, b
Colos L L el el Lloze Lags s

mail: vali@kashanu.ac.ir

YAy P AQTLNY Zd}}«m e.u.wa_‘,}*



WA Slas) o oyled dE gls XY Jlo (Jases (53 ya0b g LI jar aloma

DLl as 5L s 53 35 50 loras
3 S a50) Sl 2y JLI 1 SLS 5 85
(Yo O K

o sde badw O3 3 (LIS O sy 45 bl
e Gl sl Sl 3 Ol JhalS
P VT Ev JUNN JU U
e e Y sl s Bl S5
G el s asbiagy lu 3 oonus Al sl
2250 e J 88 oz JalS
BENT SR PPN W T U A e PP
Sy 03 ) e 45 s e e D
5 A e 2alS 1 Of glinl e S ol s
sl (s Db 3, S
ol Dl cs by S sl
Sl S (35 o Pty S
Sl ;s sleal g sk 4 i O b
A Ml 5 o s 5 ST 5 es
048717 KL) 3515 Cran

O 5ol sy LS Lol ca bt s, kign 5
Slaessm Gl Gl el Ule s sy JU!
L Lnasilingy oss iy e sl asbes s,
S e Sy, S S s s
b 5 Dl ey e J S S
Ll 5L 3550 O3

N oo S L b oSl i 01
A pds 5 Sl e Sls sy Sl
SlpS slaaiyse Joomd e e Slige o
L e B

2 .Yang,1996.

3 S alip o ol Sy S sl
Sl g S 1 A ST 53,8 o b Jebos
| s 5 OO B Ol OBl s, Shes
Csh IS S i s sl e s s A
sl b p o)l an aSUS oo Ol ) i
'S sa) el il O s s e Sl
2% e Sl Sl G ol Jday Ja (VY
T e i S
Jde w3l 53 53l s oS 51 £S5
el il il S35 g S (s eal slas
S gl S Ol e 2 55 e .
S5t el s S8y ) Hlie aS ol
= o >)ﬂj_! (Yero o laly) =S
e 3l (s S 2 = Sl
g ol i e s B
I [ ENUYC N N Y IV O F
s Lo b ol ol sl cgr Gy Lo
Olsssr oS Sosda Cnl ) anw 55 s Laaali
et 5 Dy, 4 S (3l pa 3l 5 2 4
2900 0 LAl S5l o ezl | g sl 5

A3 A Ol Sl Oy I LS
(ol 0Ll sl glaas = 55 ol b
e glaad i gl S gl 5 alie
(TGl oS) 35l ol b

el sl 5 ol glme s b
a8 e le Gl sloadlsls 1 b
S Sl SladUls S sl
gl 5 e (olmme g35,5 glrell—

! Hooke,2007.



A e Ol s 5k it Gl O S 5 (8 g s SASE sladide 2T alis

sl o sl il sl 5 e ey
RCPH P
3 o3l L lite oy Ol
S 5 Olkle Oy L Gresl e D s
S s s Ol S e S -
S St slaels o gla bl (5 e
S oy St b e e
S s SLa s el ]
b SO 3 s sl 3l L (3dane
.sjﬂj_g P T S Y S IR GI R W CLX;.\ fa-vj

5 2 F—g sk 5 s
Syl Sl st O (S o33l 5 ad
d 3l (AR Y Y 0L Sen 5 53) el sl
a1y O3l Ly L s (1S o) c—
Ol imlss ) dnled 3,50 s b Do
Jds s La gy ol (TEAY oY T 0l LSCen s
o3l Slalmn o3l 5Ll i (G5l3, 5
Slpesls as sazaly 05 SHLS LB 5 5L,
R o S RU RE- S SP W EPRES NP PP
= e OYEY VoLl Saa s 53)
pomn bt b L o S S5 sladus
e SBs L ) e oy S Al S e
Aules @) Slewles 2 o3l glade
o 3 bl s sladln s

S )\ oslawl O —)

slaasi i slags

slaasl s ol sl 3o ‘b_ifjw RS

1 Zhou et al.2002.

2 Verstraeten et al , 2004.
% Zhou et al.2007.

& Artificial neural network.

03 Sl e Sl (S rl il s S e
38l el by e SO ladlas >
N e R W P > o
5y 3581 Ol el s oSl T
legiis 45 s ol yeo e 31 0T (ks s
i e 5 2SS A LS o 55
D oo s Slsie b b o Jals
L as plade 5l ol s o 0L 4 2
Glas S Cgr S glaa e G s
Sy JJ}TJ_E Jds o sl el sl il
o dy Odey Sl e ol 63,551 gy Ol e
S b s et (e ey ke
A el arlge Oy e pe 5l Ry OUS
deal g 5y s Glucal sl an el A (s
W

slact Jlee ol Conlom 5 cmaal i a5 L
Sl S U,y 28 3l voyat b
35eS 5035 Joab iliie Gblie gladila s,
13 5 5m s 5508 Sl ey 4 3 4 S erT
Slais mab 5 sl = Laos,y Sl 5w Jis
Ll ol Sl g 5 mdos aslinal 5 e i
Slaasl p a4y ulply cul o5 -2
Ll e 335 sl b slgl L
el O Sy Olipe 5 0L~

Ao g (S o3 SlaelSal 3 5 eS
S 8 el i Da ey e
e Candy (Sl Gble ja Lasy, i
5ol Vs e s slac T ol

cJJ_j\J_gEupj_&)JW&L_QJQ)}JJ



WA Slas) o oyled dE gls XY Jlo (Jases (53 ya0b g LI jar aloma

Yy

R N
Ol dmy (e (e 2 gy (e
Skl e 50T la S5 4 s dlas b,
2l (S5 gleels 8 LS
s gad )il 4 it s 0L 55—
el e S (VYY) T S 0L sl
eyl b e S S - A,
5 s JLil J 53 JB s Ly Of Sas
S5 S e A g 3l L 0L
s S Sy ) s (VAOT e E)
B P T W g5 0l o
s LS 5l 0l e S
L 0L Gas s Ol Sl 2 )1,
hSes 5 Lyl e i o s s bLE
sdd e )y (3w Jde (YAVLYrr0)
e sl il el L 0l 2 w s
o Sl eal Cws Bl palde 5 8 s
LI N PO U P U U PP V=V
335l sbaias 3l 1 Laases 5 o sllae
S ossl i sla i 5 psdd oS 4y Oy
VLBl 5 Shle dssel A58 as e
s S b gy 53l eali (180,71 0)
sl g SO 53 s 3551 3 o s
Glaa i gl VAN e o s A A
J=lie 53 wkin Gla et Ll o e a s

s ool laas i gl 0 /8L 5y s

® Yitian&Gu,2004.

" Cigizoglu,2004.

4 Perceptron .

° Bhatacharya et al,2005.

10" Sarangi &Bhattacharya,2005.

Aied (Il g 5 (S35 Slwloes il e
Sl ey adaly sl 5 atillw 3 4S
s g e B 5 S 0SS S
5> Lt il VL Sl B Sl ealinal il
o e 5 Gln A slalad 2SS
o 0dd g O Lol Sy S Bl
53 Al o el Sl Bl edmn L)
(S ssb e Al i ke 55l
23 Fp—an pas Sladsd slac
s s o 5 e Ly s,y

- .o v .
Os o S 5 SOl i o mlS R

SLaaSd s Al Al (S gl Cdh 5o =l
Skl Laesls 0 e SO spae as
ay il Olysl ol 55 L YL (6l Slasll
A8 Al b Ol s e DL LS
Al el 5 g s Y PR PN
Lol L Solv i i blas o
s Ol LB 5L
Slaas SaS au olw die oo ol
Sl e il Gl o o gae s
Tl S s K i 03,8 55,
Y i ae Si S )b L (YY)
2 b 35 S b v st el
Gl a3 1 Ol 2 Ay Bl S s

L ora o=l SV Gt b s A sed

Jmome iy dy S Ol G ) ale

. System recognition
.Function approximation
.Optimization

.Forecasting

.Zhang &Govindaraju,2004.

a B~ W N e



A e Ol s 5k it Gl O S 5 (8 g s SASE sladide 2T alis

Ol sl Ly sl ol b oS ey s
s ges Aol 1y 05, 1 b lasl b &l s,
O ) 0L SKan 5 e Ol 3
S s e S le ) 3 Shes 4 lis
O ol Ay 02 e e Sl
s SLadSd e e s 5 ath
L G)"Jl—:-é) S5 3 F s
St mmilin L0ls i s | LT s 58
A3 el o pme OV S pete ol )
G 3l (Yer b)) ol Sl
Sl Jal S 0 spae ae
b, 0L e S Sl Selun s
Jooo Ko 05 ,— LS e e gals
e e Sl S SO (Sl gl
s by 3 gl ahd 3 0l > s
o S s 4SS e S 4l
Jh—e gl oS o ey Ol
Loy o3 S 5 eslanuls) e Soslusyds

Ot sy ddos gl Ues o) (i iy

Ay At S S sl 4 e s B
esls o IS L S (Yer0d) OLLSen
oy JLE! o 6 S 03100t Ol elal pla
S8 5 atls p oliile S 55 o3 ailts s
Lol oS 5l slasls 4 | Jw sl
Lol 5 adls dde S S5 (g3 dia s
zdls fge et Sla e S0ke SRalS Jele
Glad >l o 5 bl 5 T Glsa s>
S gy e slend ag Gl ulde 3 Ak
po—ete Al Glodd i a8 a5 e

Al SO Ole a lasbtsgy laa_s s>

[OS[ UL TR SUIPES CE T wey
3 S S Sy e Ay 53 (Y0
bty s Sl sl 53 e laesid
S Jaalidl g atly el VL 55 UL g
Jlie 31y oime e Gl i o
e O Gyl file S S5 5,
LN Sy 50555 S o 3 50
e glomes S a Laesls ay o hsy )
3yt solgming ae 4 (6,5l Al

A sy o Sl sl e
S L(0aVY ) "ol Sas 5 Jly,L ST
o3¢ —Sinc aslys, Sl loag —w 53 Laesls
s Ol Ll Sl esliul Ly alale 5 03,
ol 3550, Sl L adly sl aulie
ot ol b sl G b ol 4y antls
US LGS RURE SRV | NV g Wy
Ao 4 S o, Shes  as (VNT0Y)
<=0k >)fb—f Sl Pt s SO Ly
5atls 0l > 5 (SAob slaesls SaS 4
B O S5 4 S ot s
et ONVT V) TSy 55 sl s
e S—d 3l Jde s s re el
2L e Oy 0L g o s
e 3 sl gy 53 0L s L 35l
ledd b eSS C e s et

! Cigizoglu&Alp,2006.
2 Cigizoglu&Kisi,2006.
3 Agarwal et al ,2006.
* Alp&Cigizoglu,2007.
% Zhou et al ,2007.



WA Slas) o oyled dE gls XY Jlo (Jases (53 ya0b g LI jar aloma

Yé

ey (e s LSVY) 555 el uly 4 Slbtas,
Gl bty 5 (e ASYY) OB
o) 3 el 5 pe sl (S 0)
ey g me OB s aln ) 4 g i
SR PV Y- v N GIUIN iy| E N WL VI Y- P
Sl o e gz 500/ L500/00 slads b
DUl il el 3l 4 ,STYAY LSPYV
Pzl as sy fmeny b e
b L Ol (5 pegsl—m oS
Slmd YV (e 5 3,5 4 300/
Sl s 31 e Sl YN0 pLi )
sl T by, ol s e =S
S e o n kS VEYRAY ol
S0k e YWV o ) b e gLgl
(DI - S CIW TP W 5 ) S
b ol s, s LadK sl G e

MJ&QL&.")‘\JL&AJJJA

o (§ iy Sl Iad g (al_EJﬁ sl
U_i‘)‘ B a (Y"o&—;’mb) J)‘b LSJ:}_A
o 3 ESe e b il Jds an g s
J—lse S 4 piae ae Lal i
Ao L Lagl s Shee aglie 5 S 50555
Slalbtog, s cu.?j.:_wjf) sla 23,
&_MJC,_L_}AOJ_.ZaMl_:wﬂJLiAL_:aMMBM

..s.sjf s ol

b s 9ol
adlas 5 g0 ailaie

b= G essd e o asllles 5y o4 dbs
auc;b(@f,up;z\ow)wM_g\,-ﬁﬁi
o, edgly allrogy Sy 2y edulidn Ll
ol ol b, Jler 5 ol sl Sl
Glaasbia gy as e adss d iy s [y

(o 5 dST0) Ol 4o 5l S ole ) 5050

: ‘_-J'I Py =l
7
1 — -
3 O ——
b —
. —
o e 5
— ok —
- %
e —
e
., = \
b H—"‘-L_\ |
=
. L T
-3 -
1 S
, \\‘-\_
“~
B -y
0 A 00K B 000 176 o0 264 oo 52
— — LY

at?,hgy,,d;u:@etiu_ub@w 43\&:})}:59]@?@}0—\‘%&



Yo e Ol D 5k it Sl Osre B 5 (B s o $aSd sladbe (2T e lis

ol ad s 559 98,5m 55 b elyl - Jyus

S8 dew a5,

BIRTH Al bl s,
/eo RETPRY Solsenl o )
\/8A A O s Sl geals Y
Va\s e O3 SAiS Laxls Y
A Ax O SR ¢
o/YY A O ol o e 0
/674 e O3 s 5 s h
V¥V dx Ol ;_ﬂf,u \
Y/A BENPRY S oS5 A
AN A O Sa yarls q
AN Axs O sl sl Ve
\vAl A 05 Solsenl jaxls ARl

PRI P
SaS @ glresls Gl Oyl ul
s

(aj_s DL \ C.,.’b}:.:_w‘ OJ-’LQ.«.;LJ uﬁ.?—t_& %—wk}:ﬁ

o35 53 O e 534S &3 S WLoISAS 5l
s gazes e A3 S OA= 5 Slubs o
s O3l 5 i3 pel 05 S 53 4 Laesls
el s U el sl Laesls A3 VOLLLS
Q)_Aﬂb“ e Lo () Lassly Lo 5Y0
o

Jae Jold tm ad> o ily olant! badus |

3 e 45 el el glaesls S w0 g5l

.Relief ratio
.Relative relief
.Elongation ratio
.Form factor
.Bifurcation ratio
.Circulatory ratio
.Compactness coefficient
.Drainage density
.Drainage factor
.Steam frequency
.Ruggedness number
3R student.

.Training data.
.Testing data.

s ) adad s Ll Sl i ol 5o

Jw ool o353 4 by o sl o (gl atas)
Sl b o sa s eslial YAV LS 1YVA
il S e 4 il ladasd s el
by iy 00 5 e sl adad s s
s aS il sl s OO 4l VY
Sl gz Ulodd (6,8 o311 Olo e & 5e0
5SSl le, S S S aa S ab
Sheslanl Ly e (G5 5058550585 sloa bl
oy bl b rb Sl
el 003 8 a e (Yo v )OS 5 Ko
s ss sl bl 5 b Jlse

sl 0l 43‘)‘ (Y)j(\) d}U}- BE] 4.»,5_9?-

By, ol ad g b Sleopas -\ Jdx

C}lg-\l-e-w

e Al bl s,
VEY/FAY o ek Coles \
ool ks Lo Y
YV/AAL Sesks kol sl )T sk Y
YY4A SaskS Sl CLAJJI 3
YYVe Jaks ¢l o oo °
Y1A0 RS Bl el 1
raq FskS | bl s db | Y

A ) s aal ol sl A
/M Sesks o= Jsb 4
RVal eks WSy S, Ve

22 . Auto CAD



WA Slas) o oyled dE gls XY Jlo (Jases (53 ya0b g LI jar aloma

AR

Sl sl el by el s Jie (sloa 2l )L
s S ol Rl 3 sdee Bl U o
b S P s 5 e mine  ls
SIS s ol s S e sy e
Cogmo dm 4S5 b i3 sla il
53 0dd Gl L s (gl el (g enls S
s S M el e asls Sl oy SO
Ao lasls g sl e A A el
a8 5,0 a0l e e S5 sl el A g
Spd ol onlin Jles
F i omas Sl e Jbe gl
Nyl pman (g 4Kl )l ] aa |
e L aaS el od oslis I SPSS
fo— e e A5 il 3 el b
ol g5 MAd e § 93 4 (S350 slaesls
S el U el ol b s sian oaas 45
&_..dt)_, o=l ol gl adasd Oy 9 00
Ol 5 83005 —olbe Oy am gl alad s
(s 3 P Ol gl el s
Sl g oSd olaaul s >l b
ed 0d ol NGANN' (6353 5550 55 b s
E s as 4 3 § S Ll 0l
s ahy S obe slesliul Lol > b

J.:Jl_.; L}_:j.) 4\-’)&:,_-‘ PYS WY HM uw)l_ﬂ u:u))

0 Non Geomorphologic Artificial Neural
Network(NGANN)

Laesls S 5 0sesl slresls L Ladas 1k
Jds Jml e o3 S 51,5 oLssl a5 Ladis
SS a8 pan mas St 5 bl sl
sladiss .oul 4 § &) 50 SPSS 155l 6 5
503l Qg S 00 53 4y 0dd b bl

BN :;ﬁagl&“ A‘QH..&:AJ\_;P;O‘}C_ANJf)

3 Pl il e sl D S
b bl e S Gl adad s 5 sl Al
d a3 o3 am s et LS (el ¢ S
el a8 1,5 (6 S el gl ST
L s o i s 4 s o]
«od U5 20 SRC
Al a3 ol Je pss g
Sl a3 S5 S5 sl bl
o=l o ot e B el eds 5 b
ol Al Oy Ly o gla i
a2l e 31 O S5 UT 3l eslid Ly
DLl S U sla e ol 455 SIS &
S B D PSR DO PR
55 ol 53 il Gy, aa MARS' s
Sl mabl Sl Ol s 3l eslial b s s,
Jos e (o3l 3l 4 ($5 5T 55 50 555
O S5 AT S esliial U s o by

vrlje\_»ﬁjhﬁj)&_gse\_'oj_ﬁdﬁ_x_.a

! Sediment Rating Curves.

% Multivariate Adaptive Regression Spline
(MARS).

* Stepwise.



w e Ol D 5k it Sl Osre B 5 (B s o $aSd sladbe (2T e lis

bl s Slo sy pde amamr B Loyl
claa ¥ sluss 5y s Sl e Ulg o S
Do A e SlaalY slady goslaad 5 ik
Ll gldas 5 Shae auglio s Ll 5 Oy ajl
Aleds ol
b sladis s, Shes s L5l 6l
;.»“J_éjv LMQL*{fJfJLﬁ)}J_?uJ\oM

. . R Y .
Lﬁ_n.:.’u.:,.:_l )‘Jj_fjo.l_.l oJ\A\_..:«.GJ‘JJ_Z = O
(V J_j.l?—) Gl 0 L5ﬂ§°J'€'.' ol

b dde 2l 2l glasbae =Y Jguer

s 3 s

D) g oA s
RMSE = _'T (Root Mean Square Eiror)
R =1 S'[u‘l’r_J"r\]2 R2 mpaagl 1l 527
U =1= T‘ = [ ¥ |

e oS 5 a5 Y Yy Gad by
Sldas 9 Jos L5_'>-jj,>- c(v_stjb odalie) CBu_a

Loed Olaalis

G2 slaasly
535 53 3l adaly i O el s
Jsder =l 5o ol (8) Jsds 7 —2 < SRC
=3 o Al el gladi gl L
31l ol S (gl i g 5 (sl
Slas o 5l sadme 5 el b alis

%2 Root Mean Square Error (RMSE).
3 Coefficient of determination (R?).

Dt an e ml Sd 585 sl bl
sl 0l el GANN'

03] SUUYS S WP P I U0 IYG.3) | PRV | R W
ol 5 olsal (K55 s m o)
Sep el S8 S 4 J e gl eSS
Sl a3 e laasld Cilie gl
gl mlw am Cod G kB o e
(@l B e Sl ST Al K
Al e o b Ve e slaaSi
wdd Jlasl Glagog)s (omas S S Sl
o Y lals o sluss ( ase slaa¥ sluss
o s Slals s 5 el 0o
el e Jde s Shas Ll s S
3505 sl il 53 0SS slac S5
S O lm e gl Y ol
25 Sels S g oleme e s

ol el o i8 L izl ) sl s
cemamen 5 Olgy sl Olsl gl 5 pascin
53 3 sy Olg 4y js Lagy 0 sluws
5 0y a¥ 5o Lad s = sl olsadl i
g o a5 L Oy slaa¥olls (onen
(S5 Pl > 50 dS s o dlis
oliael s esls s Ol i 4 a5 L
=t 55 5 slaaSsd S eslid Lassls oS-

L YU sl Ol o bl Jods o W L]

1 Geomorphologic Artificial Neural
Network(GANN)



WA Slas) o oyled dE gls XY Jlo (Jases (53 ya0b g LI jar aloma

YA

Jod ol o3 culods 5158 U Slay e
aloe O (533l (sl p3Y Gl ean
RO PSR Lt

PLdl s b s oae glaesl
@u&_‘,sgt_bjoj_aju&f)\ﬁou
()5 () S5 atods sl Ll 5 Shee
Gy 28l 0l olg e glLaaS S
(1) IS s e ilas | Glae (gl i)
S S 1, NGANN Jos s 1 b oS
sl as Y ol 55 052 ¥ L dse Y
Ans e OLE 1) Wlodd Jate gy Cdlisis

i OF S JSia ol s oLl Sl s
AL () slee &) 0

S=aR" (1) dsles

Ul O 5—wR calal, ol 5a,b0T 3 as
(& i gy O30S (g alan]

0 PN |

. o O S5 T

MARS e Jue SLil 5 (055 5550 55
Cnl_ﬁ., Jads o=l s el (0) Jydsr G
ol 0 e Jie la e ulgh Ol
SaS a0l olg dide i)l olasiia,
Ot et S b SLmes L]

Ol sdmee 5ol d bl xS S o

b Jie sla 2el5b 3,551 5 5 cawlin Jube Sl g ilisis gladde aoM —§ J g

Je gla el 5550 Jde oD

b b b G | RMSE Sig | vdf \df F R2 dales
\Y/AVL /VVY- Y/07A e aA \ Yo/ vy CNYY e
VAT VAY ¥/470 e aA ) 0+/88V e PN
o/ or- \vaty g/07Y e aA ) VE/N Y AT e

VW /014 AT YAYY e Qv Y AARVARY CAVY 95 s

/4 4/414 Y/88) AT YAYY s Q1 Y VY40 AT PIRPUN
(ERYATA! ATAS VAW s aA ) VU /0AQ a\D S,
V/\oY V/§aY VA s aA ) ALY /A Sl
/rEv- /onY V/+Qy AN aA ) Va/eve AN L e
7NN e VAW s aA ) VU /0AQ a\D R
£/ ATAS VAW e aA \ VU /eAd a\D sl

MARS oui &L@a Je sl Je &Q}J‘ @L‘b -0 Jod>

Sy0kl ol s ERIRHEW R gy Jde asdl=

Sig. t Beta 35l (sllax B RMSE | Adj.R2 R2 R

/oY YYVa- - YL/ AV/FY- Sl

/4 Y/vay /o YV/eV) A4/AQ0 \R

e Y/ovy- /WA= AAL YA/EAY- ¢R ALY A o A

e VYA A7AR\S §/AY YV/AYA YR

SNGANN Lo 5, awolie 5ot CBlual

2 Shes il 5355 el 2Ly ) GANN

A L GANN iy, s i (F) S5
)\Adf‘b@jb@‘b@ﬂj@



AR e Ol gy 5b it 1 Ose S5 5 (B s s B (sladbe 2T s

Sy o ol 4, I ST ol s Ol Ul sl 553 o a0

sy S LSS s e b ol Jus |

wedlow gy =0
<0

1 S T

Bias
R
e

(LA S T = ST ey | Wy T BT

sl atoid it g3 4 Sl e il
labiod 0L 2 (93 plul podd (Hlb (8 gan mas S LY ISS

(R) 5 labaod 0L o (25 S (Glabiod ©guy (23 labiod Cguwy (25 5

el 39 =0
— el 9jg =

Bias

|
Bias
e,

Sabg gl W51t 4 g Yo (e 2
ool il i T masa 4 g o et i

3 5 4RsRRy 5 u5,Le RY R RR . Cguy 5 0L 25

W&)‘ﬂdbbﬁ&ﬁ.@@‘b@db‘(-\) d‘ﬂwwdwﬁjdudu\_ac&u

le_ﬁd.l_auc_v)‘é‘ﬂ\_bdg)j-w)‘jv_’bd‘ﬂ ‘JJJ-?)").}))JQ—:‘T’-‘")—.’LS\A—E’J%JJ-"‘)



WA Slas) o oyled dE gls XY Jlo (Jases (53 ya0b g LI jar aloma

L SiIG e it iie § o BLS I blizul
ol i ) s MARS 25, bw g Oy Ol
s 33 oo sdaliie 4 S a5 S Olan .o
IS o o Gl AN s e S

ol el s 4 Laesls

3 oSae ¥z 3 ¥ s ‘w"wl—ﬂ (st
L Sl adaly a5l slmesls gl Jlss
Gl ol Jool VAV 5 oy
e SIS 85 Jlse S mls
56835 ca Sl s s e LS
5 =0 bl Slesliul U as g a8y axls

OBt B35 Ghan gy b G 0dd (b (LT sladie s 1 i

Jibe dslre (s oo Js gL

S = 7.492 R**

«/A\v SRC
S =89.895R"" —28.483R™ +31.828R™ —81.326 .,x\y MARS

Slasls e o b Ol 5 L Slny
ol Ol a8l o s 8 (2555

sl 3w da e 3l ol =l

Jios s Shae 5 oran e ladl i

g_f3'<"l_3" )j..k_?m RGDUH IS W 4_7‘)\ (V)J)J\) BE

Ot G355 4 2 0L 2 Glas ©gmy 35515 (515 b (1 b s (sladite b5 s -V Jgder

RMSE R Adj 2 R?2 R ls g3, Je
Y/¥40 VVoV AZL <JAV (0L~ 2R SRC

YNEY VA O AV G4 ROf RR RRY MARS
Y/ VNE CJAYY JARE (0L~ 2R NGANN
V/AYO A JAY VAYA ROF RRe RRY GANN

e b oo e s Ol (S
s ba gy Gloer) Aoslerl b daled
L SRC;MARSINGANNGANN 5 5
SNV S AN AT AN S ol s Ol
FAVATA S V28 S WA V/N V- P SR PP WA
o LUl (8) [ 133 15 s o n Y/T0
D03 el e e palde 5 edld edallin olis

o)_.aﬂ slmesls gl o i Ol ladis

S ot Ly
SeaS a it gladis s, Sae o5 )
sl il iy OLSWI R2, RMSE sLa , 550
Ladds Sloem, i3l Lilg e Sl ba,y p516
soldoedalle pslie o aS A ules i |y
g Lt b edd i e ol
b Ladds i ey ;s R2 5RMSE 5Lk



\

Ol Dy sl G Sl O S5 5 (s ras saSE gladie TS A lie

PN S I O S I YD [
ey sl 3l i lie gladds 3, Shes
ot byl .J)'L«wrﬂ)&_«;Tb il
Slsesls Syl by dat 5 a3l slsesls

J\AJ& olés \) (PYSRW .b....:); o L5"~‘~"U’:M~'3

03 e DL e o ol
S @l e s Ladie ol LS elie
ABL et el o ket il
ol a5 oy tas LTLS 51 du
ol 5550 gl alis oy Dt (0) 1SS

&_LJ\.:}:ALSL_QJJ\_A L5|J—’ bg_.J)_M:) dx.gbﬁbu.a‘j

MARS S SRC _Aau
T T
y=0.44x + 0567
- y=0.844x + 0377 * . R==0.739
R==0.814 3

E] EX

x T = Y.
= * :F=

e -1

4 i -» 3

b “’ * -

Ay .‘ * L 1 1
\ ¥ L) ® ] ¥ u ®
(tonfday) s st camlin pslic (toniday) oz sad celie slie
GANN S5 NGANN A5
o
T -
y=0.780x + 0796 * gl y= uﬁzf'; ;21.575 .

4 R*=10.854 - 3 :

x T :F:

30" .

- *
*& | | i oy ,’ *
Al ¥ T ¥ ' T L .
(tonfday) «os cemloc pslic (tonfday) s sa conlic sl

Dsa51 SLesls pwlul p &1555 @gmy Oliee 0hd o i 9 00

sdalin ol o B3I S8 )le> gl pes -8 K3

. GANN u':'jj (:jANN u:cj) (GsMARS uﬁ})(hﬁ‘ PR uﬁ")(sﬂ‘

$3305 Glmesls 035 LSy s a5 L

55 ode 0155 s MARS ,GANN cLsJ.Ls
s g5 3 Ladds oLd)l s 5 s
Ol el s 2l i 438 SIS
S5 20 o S 4_<. : J;Yl

S Sy dds s Sy (S5 Tsh 50585

:u_“,bl S

g gzl ot 4 S8 5055
MARS 5 SRC L _adu. @L:J aolie 3l
5S35 glaesls ol LILS s 0l s
MARS L , & o, e dor O S5 Lo,

Sl 03 LS g L
5 s—s GANNNGANN . as sl aaS s
ety sy dae LTS s Odle sl e
Sl Jhs 3 b S5 s8 50855 Jslse
S 5las syt ,Lghl olpebl Ly 5 o ils
SisI8use 55 J—lse Lo D DL
S VL LS Je it plisl s s
s DSl 5l e s La 4 S 515 Sl 4y
V.:.!Lw oslazal



WA Slas) o oyled dE gls XY Jlo (Jases (53 ya0b g LI jar aloma

Y

SNGANN ladi s eSS o laa >y
s O 5 g s sLaesls 5ISRC
LS Sl SUs Ll arslio 1l 03 5 o5 eslizul

Jslse S SULay o ils S gbl 5
= D¥slne I s S (55T 5055
dde 3 b sl Jlse Lol
G e s Wt 5l bl g5l
SYslae laS 558 o fol Slejas s

2 e3lital (G555 sd slaesls SS 4 sl

(3 hotgan )l

.
_________ L .
™. | i
a SROL o3l sz H
2, i t
- i H
1w it i
iS i i i
— H H
: \
2,.
= [ A
A R
. . 0 m
e e T = ] =
b b NG TA A 5 alal FE ¥ AT 5y
Falm iray oyl
.
e 1 e
L — MARSLa: ol e |
H
i" T B H
£ f
= H
— . | -Ii '.
= -
= . HH
b N - AR TA b ¥ ad F T AT ay
Ealy carng agle
o
™.

Fale sy agla s

ve L
]
~ s 0
] Y v g
T .
_________ e
™ |
GAMNMY s ol o=
o
e
-
;..1 B
=
= 4
B i
H%
IR
JL An J—-A
1] Yo " A TA by h ad b Y AY an

43@)‘.4::- sl Sy 50 S, ks S polae g ol sdalin polae fyu s O anglas -0 JS.J;




s e Ol s 5k it Gl O S 5 (8 g s SASE sladide 2T alis

WS 5 el (S5 S Ol S

3 g P A

Reference

Agarwal, A., Mishra, S.K,Sobha R and SinghJ.
K., (2006).Simulation of runoff and
sediment yield wusing artificial neural
networks.J.Biosystems engineering 94, 597—
613.

Alp, M.and Cigizoglu, H.K., (2007).Suspended
sediment load simulation by two artificial
neural network methods wusing hydro
meteorological data. Environmental
modeling and software.22:2-13.

Bhattacharya, B., Price, R.K.and Solomatine,
D.P., (2005). Data-driven modeling in the
context of sediment transport. Physics and
Chemistry of the Earth 30, 297-302.

Cigizoglu, H.K., (2004). Estimation and
forecasting of daily suspended sediment
data by multi layer perceptrons. Advances in
Water Resources 27, 185-195.

Cigizoglu, H.K.and Kisi, O., (2006). Methods
to improve the neural network performance
in suspended sediment estimation. Journal
of Hydrology. 317:221-238.

Cigizoglu, H.K.and Alp, M., (2006).
Generalized regression neural network in
modeling river sediment yield .J. Advance
in engineering software.37:63-68.

Dastorani, M.T., Wright, N.G. (2004).
Combination of Artificial Neural Networks
and Hydrodynamic Models for More Precise
Prediction of River Flow (Text in Persian),
Journal of Water & Wastewater, 49:1-13.

Flood, l.and Kartman .N. (1996). Neural
network in civil engineering: principles and
understanding .J.of computing in civil
engineering, 8(2).131-148.

Hakim khany, sh. and Arab khedri. (2006).
suspended sediment and hydro-
geomorphology parameters with regression
analysis case study Oroumiyeh basin(text in
Persian).Iranian agricultural science
journal:223-231.

Hooke, J.M., (2007). Complexity, self-
organization and variation in behavior in
meandering rivers. Journal of
Geomorphology 91: 236-258.

=l s ol sl iy bl e lie
S sladds Ol 250 e sladsil
Ol aliay sl adamd sy 3550 53 1) s
LSt g 3, Shas s i Eds, S e
ol sla gy L alie 53 o an was
e e 3 e B 3 Ol S el
= e B Gl P as Sl
5 o s e sl 1S o L s
sl gy cds 5o, Shea Sl JL>
e g g 3 Ay i
[N YTV
2 oSedas 8 olal gladi s Cos sl s
S F—an s WS (5 el ol b gladus
S-S i Sy sdoms Laas pad sldas 0350 oS
G 2l S et Sl 03, SO sl
s S el b Juie ) 5 e
s Bos 85 gl plly SoS e o pae
S ol ml e s, sl s s>
Lot L2l oy o2 st i 402 65
033 e a4y )3 05,5 5 e Y S L
S ol Gl st 5 e e Sl
el ls s g 1 S L1 OL
23 ) ol Sl Jids Sl ol LS
25 o Al S ol e Ll aallas
Clallas o os e St 03 S ety Dliis
e sl 0 ds S Sl dedde Cad js LS
O I L -5 s B g e
b S5 B85 sl bl Sl esli
Slo ez Sl esli ol opl by il eds S

15| WYY § WP EY: PSY-§ PU PPV Py




WA Slas) o oyled dE gls XY Jlo (Jases (53 ya0b g LI jar aloma

A

landscape structure on soil erosion by water
and tillage. Landscape Ecology 15, 577-
589.

Verstraeten, G., Poesen, J., de Vente, J.and
Koninckx, X., (2003). Sediment yield
variability in Spain: a quantitative and semi
qualitative  analysis  using  reservoir
sedimentation rates. Geomorphology 50,
327-348.

Yang, C.T. (1996). Sediment transport: theory
and practice.1* edition New York. McGraw-
hill.

Yitian, L.and GU, R.R., (2003). Modeling flow
and sediment transport in a river system
using an artificial neural network.

Environmental Management 31 (1), 122-

134.

Youssef vand, .F.Ghelmaei, S.H.Ghamar nia,
H.and Zia tabar ahmadi, M.K. (2005). The
effect of time measuring classification of
suspended sediment of rivers(text in
Persian).5" Hydraulic conference,Kerman.
Iran.

Zhang, B.and Govindaraju, R.S., (2003).
Geomorphology-based artificial  neural
networks (GANNS) for estimation of direct
runoff over watersheds. Journal of
Hydrology.273,18-34.

Zhou, G., Goel, N.K., Bhatt, V.K., (2002).
Stochastic modeling of the sediment flux of
the Upper Yangtze River (China).
Hydrological Sciences Journal 47, 93-105.

Zhou, Y., Lu, X.X., Huang, Y.and Zhu, Y.M,,
(2007). Suspended sediment flux modeling
with artificial neural network: An example
of the Longchuanjiang River in the upper
Yangtze catchment,
China.Geomorphology84, 111-125.

Hosseini, S.M., Mirsalehi, M.M.and Saghi, H.
(2002). Application of an artificial neural
network in lumped flood routing (text in
Persian). Engineering college journal,
Ferdowsi Mashad.2:141-157.

Kisi, O., (2004). Multi-layer perceptions with
Levenberg—Marquardt training algorithm for
suspended sediment concentration
prediction and estimation. Hydrological
Sciences Journal 49, 1025-1040.

Mousavi, S.F.Haidarpour, M. and Sabanlou.s.
(2006). Investigation of sediment in the
Zayandehroud reservoir through area
increment and area reduction empirical
models(text in Persian). Journal of Water &
Wastewater,57:76-82.

Ramesht, M.H. (2005). Symbols and images in
geomorphology (text in Persian). SAMT
publication.190p.

Ripley, B.D. (1996). Neural networks and
related methods of classification. J. of Royal
statistical socity, 56(3), 409-456.

Sarangi, A.and Bhattacharya, A.K., (2005).
Comparison of artificial neural network and
regression models for sediment loss
prediction from Banha Watershed in India.
J. Agricultural water management. 78, 195—
208.

Sivakumar, B., Jayavardena, A.W.and
Fernando, T.M.K.G. (2002). River flow
forecasting: use of phase-space
reconstruction and artificial neural networks
approaches .j.Hydro. 265,225-245.

Slaymaker, O., (2000). Global environmental
change: the global agenda in
geomorphology, human activity and global
environmental change. John Wiley Sons,
Ltd.322p.

Van Oost, K., Govers, G.and Desmet, P.,
(2000). Evaluating the effects of changes in



Geography and Environmental Planning Journal
22" Year, vol. 44, No.4, Winter 2012

An assessment of the Artificial Neural Networks technique to

geomorphologic modeling
Samandegan river system)

A.A. Vali. M.H. Ramesht. A. Seif. R. Ghazavi

sediment vyield

(Case study

Received: June 8, 2010/ Accepted: December 14, 2010, 5-9 P

Extended Abstract
1- Introduction

Estimating correct volume of sediment
in a fluvial system is one of the most
important issues in water engineering,
river engineering, water resources,
facilities, structures, water  and
environmental projects and programs for
the development of them.

The bed load transfers by saltation and
suspension forms according to the
sediment particle size. The sediment load
is one of the most important parameters
of hydraulic projects, a useful indicator of
soil erosion, and watershed's ecological
environment. Several physical
experimental methods for estimating the
sediment in a watershed has been
developed.
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Experimental methods are based on
estimated sedimentation basin
characteristics such as area topography,
land cover, climate and the qualitative
characteristics of the firm (Zhou et
al.2002). Those can estimate indirectly
sedimentation rates in the Delta or the
Vessels (Verstraeten et al, 2004). These
methods due to the simple structure,
simple mathematical calculations and are
able to work in a widely input data (Zhou
et al.2007). However, linear or nonlinear
regression model can use for suspended
sediment load with relative accuracy of
computational models which provide
simple experimental models.

In recent years has occurred a great
interest to investigate the possibility of
using artificial neural network systems.
Neural networks are powerful
computational tool in organizing and
establishing the relationship between the
various intelligence capabilities. The use
of the mapping capabilities of these
systems in a multi-dimensional spaces
and the analysis of the issues without
resorting to the relations sophisticated
mathematical difficulty can be useful in
engineering. Artificial neural networks
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have been successful in dealing with
issues such as system identification,
function approximation, optimization and
anticipating the results. Artificial neural
network system based on data flexibility
with  different  weights to the
establishment of neural connections
during the learning process is able to
recognition complex and ambiguous
issues especial issues that are not easily
expressed in mathematical relationships.
A river system is an open system
where the involvement of sophisticated
forms of communication. The inherent
characteristics of a basin and external
factors affect the behavior of the river.
The existence of multiple interactions,
including the interaction moves and
transported sediment and geomorphology
of the basin parameters is important.
Watershed is the most essential natural
scale regional units. An independent
identity has defined the concept of river
basin as a spatial unit has an effective role
in the classification of human activities
(Ramsht 2005). The purpose of this study
was to develop modeling using artificial
neural network approach to geomorphic
agents and compare its performance with
multiple regression methods. To the
extent predicted by the models of
sediment basin Comparison of the
calculated values with observed values is
explained by its comparative advantage.

2- Methodology

First, for removing diagnostics data
calculate the residual R student index by
using SAS software. Then were evaluated
training data set and testing data set from
wholly of data. The Statistical Modeling
and Artificial Neural Networks are
helping with SPSS software. Statistical
methods used and designed to model both
simple and multiple regression analysis.
In simple regression best fit of the

relationship between flow and sediment is
taken of the relationship linear, inverse,
exponential, logarithmic, quadratic, and
the power basis of degree decision. This
method measures the curve of known
deposits or SRC.

This method is called MARS for short
to multivariate adaptive regression sp-
line. In the flow vector the power supply
to the large number of independent
variables into the geomorphological
parameters using stepwise multiple
regression analysis method to determine
the model parameters have to be removed
excluded variable or ineffective variable.
So a geomorphological multivariate
model is designed. In other words, each
of the parameters in the geomorphology
of the basin as a data point are being
integrated with vector data such as
statistics in a flood of new data are
converted into a vector and new vectors is
obtained base on multiple regression fit.

Artificial neural network model is used
by utility neural network option of SPSS
software. Neural network designed in this
study were divided into two types
depending on the input data. The first
type of artificial neural networks designed
using the instantaneous flow and
sediment. Instantaneous flow in the
network as the input and output system is
designed as a moment of deposition.
NGANN geomorphology of this network
is called neural network for short. The
second type of artificial neural networks
designed using the elements used in the
method of feeding is in March and the
geomorphic parameters of this network is
called for short GANN.

3- Discussion

Two statistics factor to evaluate the
performance are RMSE (root mean
square of error) and R square
(determination index) of different models
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is possible. These factors can determine
the value of the preferred models to the
observed values and the predicted values.
Notice to RMSE values and the R square
shows relative advantage of models. The
highest significant determination index,
and the lowest error, is introduced the
best method. To the value of the preferred
methods, is determined respectively
GANN, NGANN, MARS and SRC rate
determination coefficients with 0.86,
0.83, 0.81, 0.76 and values of the error
estimate 1.815, 2.031, 2.142 and 2.359.

Results showed the GANN estimated
better with highest coefficient of
determination (R2) of 0.862 and root
mean square of error (RMSE) of 1.815 in
compression to NGANN with 0.827 for
R2 and 2.031for RMSE. performance
value of regression models were weaker
than ANN models with R2 of 0.759 and
RMSE of 2.395 for SRC model And R2
of 0.811 and RMSE of 2.142 for MARS
model. Therefore it was revealed not
only ANN models but also regression
models have performance value when
combine with geomorphologic
parameters.

4- Discussion

Comparison of statistical methods and
neural network models shows neural
network significant preference values in
the estimation of daily moment sediment
estimation. The difference between the
performance of artificial neural and
statistical methods can be defied with the
ability to estimate and predict artificial
neural networks  for  non-linear
approximation with a low volume of data.
However, the performance and accuracy
of the regression methods follow of
sample size and it challenge of statistical
models. The artificial neural network
models design by the low number of
samples. Conclusion presented and ANN
model by geomorphology parameters

designed to help the River Basin
behavior. It is worthy of the network with
back propagation algorithm learning with
one hidden layer and 2 neurons in the
hidden layer with high ability to flow and
sediment load simulation is running with
minimal restrictions.

The results of the modeling of

sediment load in the present study also
confirmed that the results of previous
studies in the review of previous studies
presented in the introduction. To develop
and improve deposition load modeling is
necessary  applying  geomorphologic
parameters of basin. The
geomorphological characteristics of the
basin are an essential element of effective
and recommended for hydrological
modeling.
Key word: Artificial neural network,
flow, geomorphology, modeling,
prediction,  regression,  Samandegan,
sediment yield.
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