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Abstract

Introduction: The processes of soil erosion and sediment transport along rivers are the main
causes of some socio-economic and environmental problems, such as a reduction in water quality,
storage capacity of dams, destruction of aquatic habitats, failure of hydroelectric power plants, and
soil degradation. Therefore, understanding the sedimentation status of watersheds is crucial for the
effective management of soil and water resources. However, due to the lack of technical and
human resources, continuous recording of sediment data is not possible in most sediment
measuring stations, and sediment data are recorded only for a few days. In such a situation, a model
that can estimate the amount of sediment load using auxiliary variables such as stream discharge
and rainfall becomes crucial. Today, it is believed that techniques based on artificial
intelligence have a much greater ability to uncover hidden relationships between variables than
classical methods and are thus very useful and effective in modeling natural processes.

Materials and methods: In this study, various machine learning techniques, including Artificial
Neural Network (ANN), Adaptive Fuzzy-Neural Inference System (ANFIS), and Random Forest
(RF), were used for sediment load modeling and sediment forecast for days without measurements.
To achieve the research objectives, long-term meteorological and hydrometric data ranging from
2000 to 2020 were collected from related organizations and pre-processed before entering the
model. The input variables for the models included rainfall, flow rate, normalized difference
vegetation index, maximum and minimum temperature, and daily suspended sediment as the
dependent variable. Prior to modeling, the entire dataset was divided into two parts, training and
testing, in a 70:30 ratio. Relationship modeling was performed using the training data, and model
validation was conducted using the test dataset. The efficiency of the models was evaluated using
two indicators, the coefficient of explanation (R?) and the root mean square error (RMSE).
Additionally, morphometric parameters such as form factor (FF), drainage density (DF) coefficient,
and relief ratio (RR) were utilized in modeling.

Results and discussion: The hydrological analysis of the basin revealed that the highest annual
amount of rainfall and erosivity index were recorded at the Sheyvand station in the east of the
basin, while the lowest values were observed at the Ramhormoz station. The highest average
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monthly flow rate of 5.8 cubic meters per second was obtained at the Manjenigq station in April, and
at the Mashin station, the highest average monthly flow rate of 8.8 cubic meters per second was
recorded in December and January. Morphometrically, the studied basin belonged to the class
of elongated basins, sloping basins in terms of relief, and the medium class in terms of drainage
density. Analysis of thetime series of NDVI index showed that the highest vegetation
cover occurred in March, while the lowest values were recorded in September and October. The
annual trend of the vegetation index indicated an overall improvement in vegetation cover in the
region from 2000 to 2020, with the NDV1 value increasing from 0.15 to 0.22.

Among the different machine learning techniques studied, the Artificial Neural Network (ANN)
model had the highest coefficient of explanation (R?=0.87) and the lowest RMSE for both sediment
measuring stations in the region, making it the best model. The optimal inputs for the neural
network model at Mashin station were daily average flow adjusted by the basin shape factor, daily
rainfall, last day's rainfall, daily minimum temperature and daily maximum temperature. For
the Manjeniq station, the optimal inputs were daily average flow, daily rainfall, last day's
rainfall, cumulative rainfall for the past two days, and cumulative rainfall for the past three days.
The NDVI index was removed from the model due to its low significance. The Random Forest
(RF) model ranked second, and the Adaptive Fuzzy-Neural Inference System (ANFIS) model
ranked third, with weak performance, especially for the Mashin station, where out-of-range errors
occurred.

Temporal analysis of sediment values showed that the highest sediment production occurred in
December and January for Mashin station and in April for Manjeniq station. The highest
production of sediment occurred in 2006 and 2002, and the trend of changes from 2011 to 2018
showed a decline, attributed to consecutive droughts and lack of rainfall. The annual average
sediment production calculated using the values estimated with the neural network model was
88017 tons, equivalent to 1 ton per hectare per year.

Conclusion: Overall, this research demonstrated that machine learning methods, especially the
neural network model, are highly effective for modeling and predicting sediment on a daily scale.
These methods can compensate for the lack of sediment measuring facilities and equipment in most
existing hydrometric stations in the country and eliminate the need for continuous sediment data
and other water quality parameters.

Key Words Sedimentation, artificial neural network, adaptive fuzzy-neural inference system,
random forest



ARA

\FoY J\.ec\a)uf?Al;-(&j)jufdmbdaﬁ)u&bjwd;@»

L 3y Ulas '
G5 0k also SECIST Hl oolaw!l b 35359 4l-09 4139y Fhro Law)y (S Hlwdmd
o

Y . Ak I
o oo golay ke

318l O o g o815 (6555587 a3 1 kige 5 p ke 03 8 skl
j\}.h\Q‘ﬁ%ﬁa@‘bcdjl’waﬁiﬂbcguw%ﬂjc}ce);&f—r

L Yl doxey 56
=031l § 39S PRI g ) (SO 18 Cuwlio Dl jng OIWES 4 493 AMERVAR VA7 MG PRTS
A3l (SLa 39y 30 Doy Sl (oSt (Igur s (SOIS 390 shut (S 5 VYWY ol S
= 33 ol St b Jlus ST 9 ST @lbio Sy g (Sliwly 33 0013 el Skl
E Pt i 4 (ol o (6 5578 Lilihe SBT3l (e} “"5“%“)
DLa K> 9 (ANFIS) Al vae— (538 bkl piusw (ANN) ) .

(IR (S A

bl 0318 BB (S 39) 30 OT 3,97 9 9 Dgw ) (S ikwamis y9txiod (RF)
§ il e il (S001S Il iy S & glid (Slg ks AT EI (L g

3 e 9 39T amozr L j0 SOOI 3 (-T2 Yo vr JLu) (6 o d Ted
(53 ol By ko 4 (53939 (Sl yiktn D (50313 5 s Jebo 4 399 (ol o>
Ploo Sbs 9 5o Gl 0ib b (AT by palo b7 (22

Al 48 5 155 50 oo plod (29 B Olgie 4 Glro Dgwy 9ol g O S ls ougs

9 g0l SLaodld o9 5 93 4T Y+ i b (Sl S 31 S losts
g0 el gy 31 ookl b B Jow (157 . o 9903 T (SOOI
{PBIS) s o33 (RMSE) L sy 0 (5go sokr (R2) ey
e 335 (NSE) Gl 56 s 12 § (MAE) 3l (sl Sils
Juo (it LA LT g 3l pmilo o] D90 38 45 318 QLS g s
0275087 9 (+1YA) Lyt g 2 Ao (2 iy SIS (Sghao (i 400
S3B9 5 9 (mae 4D o ( Gumie ol 3390 30 Cpwxod g s Hlude
R dM Olge 4 vas 400 oo d .81 Ol 1y  elie by & & Khos
S 30 B CUEIPBIAS gobs olol p b Sbasl iagy ol 33
[ #r95 BB 53257 a5 Egoome 35 9 WabId Lind Dgws ol Sl 2
52391 s 10 ¢ Lghuan v 40 S0 30 & (Sgb 4.1 Ol
altad 390 (S kT 0393 (S Sgwy MgT AVl w393 Ao 33 0+ 9>

Aol iy Jlo 53 S0 30 (55 1 bl ¢ e 40 oo Lol

Email: h.ghafari @scu.ac.ir




i3 9 4595 Glae O guy (G5lwand tol 5 (g ple 5 (g leE

23 5 YF H5iS S il b AVl b g
¥ s (W) Sl s s y5T  Jle s LS
g badw sl Al 35l Jol Slsw,y 535l
2sh ST S

i gy 3 ot (§ S 300 5 B ol
Slrojso 53 Cpmy 5 5 S il i
;_;Tjefucu@ﬁ.uébbﬁ)}xﬁT
A5 3y g 5 0350 )13y 5 s (Sl s LSS
S Gl anayls 5 ails 55 el e
Slam s Shelep de jlar ST Ol il WS
S oaal g 53 (ol il S gy U5
‘Ju&|p.@\w5@m,@ycuéu
G_.a,cla_”;d‘:g_u;éﬁfojl,utgal_g“i
Y sans OT s (81 e g OLSl s
oS 558 on o3kl USLE Wil 4 20 sladube
gl sy Coily 0 Lo LT s A
G S el 5 il aS Col S s ol il
Al ol Jsame Ol e 4 Ol ool
035 bl cwsVL Syl ps oSl nle b
SRl p Ol Sl (et L Ol e 4o Ll 5 (o s
copl s osdhe (Y9) 5 18 51 5 eslizal 540 STl
olie Sloslizul U Y gans sl b oo sladite
S Fesin Slaelinl 53 0ks (5,8 o501 gy
Vadslao b ks b e (mislzel 5 (il
T e s 5 55 (S) et 5 Slgu,
S dn (B) S Jila ST e 51 (g ,uS
il oo (SDR) Coguny b g5 i 1 0T

S =E.5DR Vol

A3 sy Caniy ) ATl posdle
b 03 e B Lalis g, 5 T Glas
STl CodS Sy e 5 ol T laesle
JLast o o s 51 Ol gy ¢ IS 5ok 4 (YY) 5505

e JB s Slsm)y g Glae Ol a2 95 4

4oR0
T3 o S 5 (S S b b
-l Glal s 48 Gl ases Ly S
2ol dlis an ) (godmis s Lamee 5 (g5l
¥ Ol el dsladay jneSs il
st LasS s (5,50 S2alS 5 idols b
om0 s M Gk S egs day 5o 5 (Y0)
3l e 4l (il 5 0L s
S LJUS i b kS e L il

OF) 558 0 O Ol
3548 s e 0lss M n gla 518
VO s gt b e sbas Jl 1 Sl bt
S oslep 5l s sadol b S 5l
s on el Gaslo b jlaae ol (YF) 555 o0 oy
B PPRS PRUPWENA TSN W EREPNE (W
Lo 5Ll 3,505 LT o pn Ar Culg 5o 45 558
ZA=v 10 s 500 VL S5 405 51.MV) Wisd e
13 0l e 5 OT O3l b b
o LS el g bl or S (IS g
d@loawmwz}&@uww
Sy b Olg gladw i (Y0 Or aas jo
H)Ajj‘.sd_l.h‘}ﬁ-g;_w:j”)b}ﬁ-@jfﬁo-
Oliies (Il et 3 ol (510 AS 01Tyl
S o B Lo i Ll s a8 s e olis bl
Sl odd 3 Sbguy b Ojlea glo 3 b b S
3 ol el ol (VU Sl o8, oS
728 S6 el s o g dhoz 1 518 s
(¥F) gy slad 4 -] cl:..a Sdedids gyl
S 55 0558 53 gy b 5 gy SIS
Sosb Sl 5588 53 sl b ldas 039 YL
03 5 e Al p ki ST L b Ol &S
23S 5ol ¥os s AVl v gie j b w g



ARY]

\FoY J\.ec\a)uffu\l;-(‘_gj)jl.&fdmbdaﬁ)dcbjww

et 93 AS Cmal Cmily ol e Citliies DY
5 (55 bl (6,8 5L ks (eSS
Lyl sy (Ko 5 3,10 5y o, 6 ol
ot s S i Sl b s 4
el s 5 ol J Ko Oy 5l
S ELeedlS (e e 4 (a5 56
(8) Wl ol 3 2
Sisp sladie 5,5, () 0L 5 0l s
GHre oy oot 0 ANN e 1o i
5 S Jad sl 6 8 050l slaeKan!
3l s 55 S 5 1,48 5 s Sl wilss g
S 5 Dbl sl 1, SVM Jus () o1, 18ea
Ol Ol ol .3 2 58 & Bhae 5y S (S
):ANN Jus 4o C_,.._M..,SVM Jus J.U:Jf
e e DLl 5 Ol ST 55 T ol e
(19) "0 5 (oS i 53 .S o e
5 e s A o S (555 5 Jde
Gre Sls) Sl (Gt 03 D A (Sl
(V) TOLLSs 5 e 305 OLES 1y (6 20 5, Sas
LA @ 2 ANN L s g oS
L ANN YU s 5 w87 eslizal Glas gy
3 a5 1S Oy 5l palde L)l )
ANN Ladus (9) 01 Kea 5 slle povan
Shes ops b i 121, SRC 5 ANFIS
as oS 5 aS Al 5 Lol 15 anlllas 5 5
P e e S w5 5 s S5
S gl 5 o bl e Olssl gla gy o
I e S ) S g s e S
b ot 8l 550 S jasis dsla

1- Dogan et al.

2- Misra et al.

3- Kisi et all.

4- Hassan et al.

5- Olyaie et al.

6- Chen and Chau et al.

odas idw aS ol fds 4 Glae Obguy A
Gy St Sl g e ol by Slsu
b4 Coed Glan Dl gy ¢ B0 51L(Y) Ll 5
23 il p Db L (6 ity (Sonen 1S
Cond g 51 SIS O me S 5 andls SV
mooby s caes l LT Sl 2l b
S et 5 5 Jle S e 5 ol 51 &
3 ol 93 (g5 DL G835 i sy ats
Y game g odid Game 05S U Ol 5l ahas I lay 5i8
53 L5 dlo pb 53 iy o8] 2 5o
355 h 23y G131 403 4 pl 81 (ST Gl
03 35 90 gy Slaeals ajgy sl y5
Sl iie Sl ool b Ll oS e gy e
O Olme el 5 0L (3 ke oS o iy
YY) Gl Cadl Fl s (ST 3557 515 55w
4 (AD o ymn g oom o igs

Olgy basls,y CadS 534S (ool e b s
GG Ol syl oo (gla pite ooy
3 ok 33 68 sl (11 TS 5 e !
50 Sy 5 SIS sl il
WOl ol 53 (F YA AV D) Ll § 515 ax g5
0305 o st 45 il (6,850 slaeSSS
O (Faan psr l Glae sems 5 Ol e 4 cdies
el e Sl el 50328 b
a5 350 gy b i 5 S5k sla
Laddis cpl (FA OFY O VY OV ) il 813
SLa S e ii 5 53555 slaesls 0l » Uk
e (6,850 4 Ol s gds 5 LaoT
s A 40 Ol g5 e ey o 53 Sl e
3L (o il (5o g (ANN) = ses
Lresls g sarws igy (ANFIS) _iks
S 5 SVM) 0Lzt s oeile (GMDH)
slaylF ) 5,5 o) Lsl (RF) Sslas



Vo7

i3 9 4595 Glae O guy (G5lwand tol 5 (g ple 5 (g leE

Jold ouiS o i sla e I (Glacs gaze
Q‘.:.a}..a:-) (PR ‘@‘??J;“:'ﬁ c;u\.})\.{ c;.)u))
Db w23 3057 5 skie 4 4 S ) g0

Obiw g Oliwl 53 3,535, aslma g Glae Dbsmy

Lo
B %95 9 3090
dxfllan 890 dilin (B o

03 gdmwn 3333535, 4y Sl oy >
Colas b (Ol g Ozl 3,5) ¢SUatl Ol g
P 03 FaskS VoA Laos 5 s o e ASTAY
Srodsb s PRV G0 VYA s
IS el = FATEY Y LYY VA
sl e o —0asbe T o) sla sy
Ol g & o g ) andllas 3540 4 () JS2)
g on (e ol Ol s 4 Jledi 51 5 e el
s LS AFIY s> 4 g anl ,T o S5 Job
Ol 53 o 0 G 5l (s Kb 4 oS exy
oz 5l (655588 (Bl 5 o5 0 (K
Glaaids ulal p dits aibte Lol slagl o8
Sladibo bw g Gdas 45 o o ( culid e
S5A1S Dlismy 5 ol 5 ok Oyl
el J s 33055 5T o) s Dl 0k ol
- oaly i (6 e S YAy 0 o e ST
5 e 000 ad (L 4Vl Lo s il
Wb caSe 20 Y794 dsles 0T 4Vl Low e 3
(553 L gin g LE,1 roman (F) Cunl 0 315
a3 ¥ 0T Gl 5 Kle 5 e VVAV/FVY 4 o
L s Slelin)l o ik sl o sl Kb
u\s\auét}u?g,.zw);,uwn Hlds
p2 e ool Jid Aol o AT O e
UGN 6)3ﬁ¢|:}6)|dbl{ «$oleS adbie oyl
5 S5 e b S5 OT Lads
el I 50 T Clme

slas s s 5 ds S eslinal Bl gy
S sl 5 et s £ L
GHan s 5L (o by S 255 65k
@L:J CL&:! aS Ll s 5 L S eslatul 4lbs g,
-t osb 4 (s Sy e 536 gladub
Sl 1y Uas Slas o 0 Sle i e 6,8
Ses gladis o= ) (\)YJL&qu Gk y5 .0
JRer 5 Dbyl bl (8 e e
1 5yt Sk oLt JSor S sl
S o33 Sl Gae Db sy 5L (A
ile 6, S5k sladite (1) "ol Ken 5 Sl S
5oty s, 05w S5 s ANFIS il
S5 02N o LgT S 5 o men
i ¢l 1, (GA-SVR ; GAANFIS)
T o gl a8 (o s b 5 Ghra Uk
Sladion bawlis 5 oS 5 sladde oS sls Ol
3@l A0S o e e 5 B sba S
ST S Ol a3 (TA) (6 inr
P osb o L5 e (2 pae ua slads
s o ooy SadiE s g, s 1) gy Chale
Joce () "ol en 5 ol aallan s auS
Al o et sl e S 5 51 SVM
S o 03 S Ul bl 685k e
13 OLES Glas gy b 2 3las
0L (2 51 g5 o ploil Olaios el o
5 0 o3l O gy 0diS s iy it Ol s 4
i ¢ S AL Al fye (5 La ke L |
i o &G s pp Dl g 5 AUE
LY TR g G- KW I W BRGI  W- .
5 sble (6,83 Calitue (sladis l eslinl

1 Shamaei et al.
2- Al-Mukhtar
3- Kermani et al.
4- Rezaei et al.



Rrr = R'F

ARN%

\FoY )\.@_3&0)\.«.5?7&(6})}%&@)@\)}@@

370000

390000 400000 410000 420000

3510000

3500000

3490000

3630000
3630000

3490000
L
T T
3490000
) 3480q00

3350000

3350000
3470000

0153

ashin

Kilometers
12

H
™
3510600

3500000

3490000

3480000

I Hydrometric stations

[ villages
— River

3470000

170000 310000 T
370000

390000 400000 410000 420000

Oliwl § 5ga8” 33 33339 il 03g> Cumbgn (V) b
Figure (1) The location of Roud-Zard watershed in the country and province

ot 3 el et (Slaoangl 5 4 o 5
b (61 s e 3 e HS 5 b
ol s i esliul e B, 5l ashiey Lyl Sl
e s i G il o a5l ¢ s
Y JS8) s o 0L 1 o) 3 5 g0 o o8

2y 4 K ey g0 Do gt 30 4 4 5L
Slaparls 5y el Ly T (S5 s
s o FF) s > J§_& o aden Sl (5 e s 50
L RF) 31555 s s OF) 2805 8 (S5
6L ze (1)) S0k 5 blyy alie oS s O gie
Por Prr s Ul ) Rrr s Ror Ree Jols (s
Y dslne) L wstle S5k o), PRE 5

Y dslre
VFE Rpr = Rm +Rpp = Rﬁ

A5 5T dslas alie 5 S5 o (sla s

WS90 (SIS dagd
Wljay Saoob clis) o3 glesls jl e aios ol 5
Syl el g adl)sy sles ST 5 o> Low g
sl e Ol g NDVD oz Sl ALS 2y
Sl e gy (23 Gledis gl 0l o i
a\i:_m.il Gre Oy 9 OL o (05 slaosls b eslicud
LYo bl oyss b s dle 5 Giamie (5 e ol
SLeT s 8 s Ol o Ol 5o 9 T Ol 1YY
33 55 3T 03 03 9dmn 43 5 g g0 (Slaolaun] _wlisl g2
L il y3 Ol il g Olojlan 31 Slaj 03U et
sk leslial LNDVI Lol (055,A) Sbj (6
IS Sl ezl &) S5 o ik ;s MODIS 6 pale
o313 (ghyls glasy (8l amslir b ags (gLl o)
‘_ﬁjjdg_isj NDVI ;i (343 39 40 NDVI osls Ty
by s Laesls (55T ez 51 oy s 8 eslial 3y,
O3 Jam g asls 03 a5 o 5 (Km ¢ g3 (S
~C09 8 el S 03T 58 m slaeals 0 g T e S

LS sl g;QJQJ:a*A



VoA

i3 9 4595 Glae O guy (G5lwand tol 5 (g ple 5 (g leE

A Al Joo )

Y Wiz O e (o S sl cadlllas ol 3
eSS 5 olgs Y & 3555 4Y &S els & (MLPY)
e o (o Lol (BL Gl el (s 2 4
S Jie Sl (gl s onlizal  SaS (gla ke 5 gy
aY 55Oy slde uomes 5 Olgy 4 Sl o g e
el g s s (G b S 48T el el - Ol
St Jae Sl Lkd ag ot Sl o Kl o ol
s il YY s SPSS il 5 55 (8 5me ae
(ANFIS") ks e (538 gl Joto -

S slaglob 5 mae Lokt S 5 51 g, o)
FYE P YT SE  AS IR UNC) OGN AT K'Y
(o S ) Sy pe b ¢ s ANFIS Js sl ol
5 (=S 5 5 U jlil ) u;,'yTu;,J@s‘(...ja,-)s
Cattl Gl La o9 7 5 o83 9)9 Sy goie )3 (pioear
s ol bl 5 Ut 5 0 g 3T Sl oslizal b 457 s
s ol b o ot ) o ot Sl o S
A bl Y10 by e Matlab ;i p5 23 &b e
Sl 8> S T

L ST Sl ol sty gy 5 3l S
o33N 55,8 i 3L Lacas )3 I (glace gazen 3l o3l
Jbe Slslows 295 opl )3 358 0 sl s (Glodalin
3 VN T s RSUIO il 5 dame 5 dslas S
A plwl random forest” awass «w Sl eslizal L
mtry sntree )L 55 sl | Jie Csl sl
hiws bl 5 g last Oy g0 4 &S sl Catl Sl
By o e U Dl o 5 8s s Ol e o 208
sl MENY s Jole 53 ol e lu st ys sl Ntree
W raadl S5 y3 a3 el eslinal (S8 (sla ke
Jie g5 b nlze MY sldas 500+ G+ e NHTEE sl
A O 5 Al 53 s 3 ) lasss g 3lass
b b 8 L 53 (ol a3 )5 p o S5

1- Multilayer Perceptron
2- Adaptive Neuro-Fuzzy Inference System

49°40'E 49°50'E 50°0'E 50°10'E

Climatologic Stations

BAGHMALEK
=z BARANGERD
4 z
2 CHESHME SHIRIN L ] o
8 DELI :"’_’
® GANDDAB ®

GHALE TOL

MALAGHA
z |[ImASHIN ° 2
2 MIDAVOOD g
< SHEYVAND a
© LN ° -

L]
°
= z
o L] o
8 g
& . =
z ° L z
14 °
° ~
b~ =
© @ ©
N
A ®.755 11 165 22
O —— Kilometers
49°40'E 49°50'E 50°0'E 50°10'E

4 (T Ok SolKi ! Cubgo (V) S
Sl P99 4 g S Caorlus of yo
Figure (2) The location of the rain

gauge stations and the division of the basin
according to the Thiessen method

350 sladis (olad adsl (3555 (sl e o S5 bay
l3y Ul slaosls 4 gommn Jold J2ms3 ol 3 slizul
iy S5k sbaesls a5 ezes «RRF 5 RoF ReF QM)
S5k PY) 15 555 S,k «Prr 5 Por Pre P24)
Jila> clas «(P72) celu VY Fuss ) PAB el FA
oaLa 5 (TMax) iy, STas glas (TMIN)I
@gﬁ)ﬁ)&ludu(uﬁ}ﬁﬁm,NDVI
Joab il L3l los sla el & Sl (0l 128 3 4050,
S |y D gy (523 2 93 et 5 s e
53 ol s S K Ol (AUE 2y e ST
() il n gy W5 5o Ll STl ol p ] b
Glro Dguy (S Jlwdanis
- e el Je ANN) e s cnze S5 Jas
Ose o RF) sla | K 5 (ANFIS) 2o o508
T aS Ll eslisal sl $,S 50 b LSS

ol oo anlsl s r\.\f,a e



V4

\FoY J\.ec\a)uffu\l;-(‘_gj)jl.&fdmbdaﬁ)dcbjww

'é‘}-).}.(" d)b)@‘b@&(%})\\\tuﬂb)})
o] (b aSle e AA) wilale Lo 2o o5 o iy S
LUyl bl o5 .5 5 odalive a5l 5 ualus ole )3 cntile

J)‘:g_)}m)u\:jjbw

P Jbgy (Al 9 20 fegdige S S 29
oS Slaad 03,8 53¢ S i Sl g
¢M4~/FJIJ;SL€;TJ§;%,,:)\.&U.U};GAM
it Olge VA Gl S S 586 olae Y gane el
45 = (i g gy J5 51 (FD) L5 oo (shuakb o iST (sla
330 6 et Stk gy o o 113 (e oK) sV
a5l Camd gl 93 iy o s i Ol Sy o
035 ot 4 el by T a-b 93 a4l T (S5 a5l sl e
3 ol ool sVl b ol ¢S5 b e
oS 534S el s /AR 5 VL 1 5 G
PERTE IC ST SN S PRI g R T

Az HIE 36 O 5l 8 g phes e

548 sls ol NDVI B S W Y
obeole & Loy n (AUE 1 e o i pble oS
22 Sl S g el Lol s by o e o 2S5
S oy ey Gimete o] sVl b i 3 45"
wlie 0T Jllis o 2S5 by Tole 3 Al (i g asls
Wl 031580 B ST 5 sl glaole 55 cpuile ol b
0Lt LS Sidy el Ve gy (ol 0Dl
23 ALE iy Yo B Y Jla g ez 53 45 50
XY a0 ) e ls e &S g ob caly 5 gy dilate
oS 530055 a1y OT s (¥ JSKa) ol il 2l 31
a0 pdS 3100e) iST SU i U (500leS sla g
S oy )T s (Bl s L 5 ()
S pbn ol pesde 55 e (b S3LT Sl pmns
AL 03 99 S 56 ol S 5 K0 5 LK slaao o
Ssl LS ity Sl el ple 05 b 55 L
A el ey A5 ST (Bl b el

B oo b3

ST 1l oslizal 5 g0 sladis gLl 5 ol sl
Oge3T 5 S5l i 93 4 (ol ) sb 4 Lol 45 sazes
ALl e s g besls o 3 T 5 Ve Jald (i 5 e "y
ol )Y g 53 0015 4 gazms 93 2 ()T Dl gt
as gozme g dde Sl (gl 55 50T (glaosls a8 gazes ol
U e ol o3litl lad ke _miw jlzel (515 09057 (sloosls
(RMSE") Wat il o 5 Kn il (gl sl 51 olizal
S A b (MAE) s sl S
R?) s s 5 s PBIAST) )l s )5 «NSE")
S b e o g ¢ il Al e 53 odaT o
ot ey 5 S L S ke 1 plST a8
5B jIladds plu s G Jo OT il il (g i
Sy A8l o (6 e S
D) Mg GVl iSle 3381

OT ol U ;& s Jin o 20 sl 3l ey
N 5 Alons (T 055 S (6l 6l Glas 5

23 8 50T pad o gy M5 VL

o 9 @b
A5 (53909 0w
el ail55 gla Sl palie Jolowi 5 425
VA Jlaie b 6Vl S5l e oy b & sl Olis Calies
S 3 adm (5 > s ol by e e
Yo S0, L o s odalie o galy ool 53 5l
sl LY Yo B ¥ere (65T )95 (5 andllan 340 4 5
35 e e FAD (i 3, ]
03 e (6 Sl il o o 5 42 e
lrele SSCSE 4 pdle 5 Gimin 6 fing ekt S0
O/A) aSlale Lo gia 3 o s 457 313 DL Sl Cinlien

\'L.:O)L&A)Jij;‘-a\ﬁ)bwa@\‘)b(%ﬁc}b@ﬂ

1- Root Mean Square Error
2- Mean Absolute Error

3- Nash-Sutcliffe Efficiency
4- Percent Bias
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Table(1) Statistical description of the dataset used for sediment simulation

e oS! oeile oSy 0313 45 goea gl
Manjeniq st. Mashin st. Dataset name
_ S Jslas _ Sl Sl
b Sl Ol Sl O VP JO IR < P [
S SIS o 3 Min S SIS Max Min
STD Mean n STD Mean n
Max
. T
512 101 4712 0.12 102 13915 1586 146170 0.44 130 aid
train
05037
307 79 2222 011 57 18370 3910 139935 0.38 58
test

b (23 Slake (Sl (V) J9uer
Table(2) Average monthly flow rate
ol (23

Flow rate (m3/s)
Grmn oyl il il (e5Me) oo

Manjenig st. Mashinst.  month

2.49 8.87 1
3.16 6.50 2
3.31 571 3
5.80 8.26 4
3.16 4.06 5
1.20 2.51 6
0.32 2.68 7
0.13 3.11 8
0.15 3.39 9
0.70 3.39 10
1.20 5.08 11

2.28 8.36
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Figure (3) The trend of changes in the NDVI
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Table (3) Pearson and Spearman correlation values between sediment and input variables
;.:m..atf oK
Pe Pr Py Ry Rs Rg Pg Py NDVI Tuax  Tmin Ps Qm  Correlation Station
type Name
054 049 054 05 077 071 046 0.22 0.06 -0.2 -0.17 055 0.77 O
Pearson oele
0.19 019 019 o078 0.78 0.78 0.17 0.16 026 -037 -0.35 0.19 0.79 el Mashin
Spearman
052 071 046 084 0.68 058 066 071 0.04 -0.18 -0.18 053 0.73 Orem
Pearson G
. L
031 031 031 09 09 09 036 036 025 -027 -026 031 09 o= Manjeniq
Spearman
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Table(4) Optimal parameters in the final structure of the models

g sl bl
Optimal parameters e g5
s alf:..ﬁ._»l oeole a\i:..‘.il Model type
Manjeniq st. Mashin st.
P72 P48 Py P24 QM gff Tmax Tmin Py P24
ANN
qff 3 ‘Py ‘P24 ‘Qm LSJb JJ,
qff ANFIS
NDVI Tmax Tmin P72 P48 Py P24 Qm S P
Py .Qm RF

ilo ol 49 b gy o Lilizee S S (e S sl (0) Jgu
Table (5) The validation indices of different models at Mashin station

E LasyT Kk
ton/day PBIAS MAE NSE RMSE = ol g Je g5
Average of estimated % ton/day ton/day Datatype  Model type
Sediment (ton/day)
T e e S
1063 -32.36 541.2 0.87 4867.1 0.75 i LTI
Train Neural network
. .T
1944 -50.54 2288.4 0.24 150969  0.86 o
Test
P T .B_ .
1930 22.78 33206 0.06 164004 054 il i
Train Neuro-fuzzy
2334 -40.60 23923 0.21 162932 070 )
Test
s T . . (&
285 -81.8 12955 0.17 124799  0.93 it P B
Train Random forest
. .T
676 -82.7 3283.2 0.19 165214  0.90 o
Test

5953505 FYN SVOM L5 54 0sn5T 5 o5sel baesls 4z gemen (5l Siltalive 5 Sl 1K
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Table(6) The validation indices of different models at Manjeniq station

* sy, Sl
LA g sls g9

MAE RMSE
Data

ton/day NSE R? Je g5

S
Average of estimated g, ton/day ton/day Model type

Sediment (ton/day) type

il e e Sl

47 -53.77  61.67 0.58 314.3 0.79 _
Train Neural network
. T
32 -58.92  109.68 0.01 3156 071 o
Test
a . T .u7 .
76 2472 6344 0.82 2065  0.74 il g
Train Neuro-fuzzy
29 6325 7671 -0.01 368.6 0.68 -
Test
s T R Z.
37 6503 6116 0.40 389.2  0.92 et S S
Train Random forest
. T
31 -61.18 9111 0.02 3009 058 o
Test
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Figure (4) Annual changes of suspended sediment estimated by neural network and random forest

models at Machine station
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Table(7) Prediction of annual average sedimentation using different models

oeile ali:mil s akiz.,.il
Mashin st. Manjeniq st.
Jue g 5
Ss Sa Ss Sa &
Model type
1.03 88017 0.278 9755 ANN
1.96 166866 1.46 51245 ANFIS

0.67 57558 0.19 6844 RF
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