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Abstract
Studying and developing water resource systems requires an accurate prediction of river suspended sediment
load. Since sediment load measurement is costly and time-consuming, the simulation methods based on the
sediment load time series are usually restricted to sample numbers. This study used two different methods to
forecast the monthly suspended sediment load. In the first method, the Support Vector Machine (SVM) algorithm
was used to forecast sediment load based on a monthly time series of suspended sediment data. In this method,
the hyperparameter coefficients of the SVM model were optimized using the Simulated Annealing (SA)
algorithm. Additionally, this model was evaluated under single-input-single-output (SISO) and multiple-input-
single-output (MISO) patterns. The suspended sediment load and flow data of the Yalfan River from 2007 to
2015 were the SISO’s inputs and outputs, respectively. Moreover, the MISO’s second input was a fixed number
series. In the second method, the sediment rating curve and the FAO method forecast it. A %9.93-point increase
in the Standard Error (SE) index was obtained by normalizing the SVM-SA’s input data. Switching the input
patterns from single input-single output (SISO) to multiple input-single output (MISO) resulted in a %1.03
improvement in SE. By optimizing the coefficients of the discharge-sediment variables in the rating curve and
FAO method using the General Reduced Gradient (GRG) technique, the SE index improved by %10.13 and
%73.19, respectively. The results showed that the SVM-SA model based on the normalized MISO approach is
the best method for suspended sediment load forecasting.

Introduction

Sediment is one of the most significant non-point sources of river pollution (Shojaeezadeh et al.,
2018) and its precise estimation is a key factor in hydro-environmental projects, such as the design and
implementation of water structures (AlDahoul et al., 2021). Since direct sampling of sediment load is
difficult and time-consuming, various physical, experimental and mathematical models are employed
to estimate it (Ramezanipour et al., 2017). The Support Vector Machine (SVM) is a widely used model
in hydrology for forecasting, classification, solving linear and non-linear regressions, and pattern
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recognition (Samantary et al., 2020 <Huang et al., 2021). This model’s forecasting accuracy has been
improved by Simulated Annealing (SA) algorithm in many studies. As sediment load data has
statistical defects and its direct measurements are costly, the use of computational and classical
methods such as rating curves and the FAO method is unavoidable (Shojaeezadeh et al., 2018). Many
studies have shown that using optimization algorithms and modifying discharge-sediment relationships
can improve the performance of computational and artificial intelligence methods. In the present study,
two different methods are used to forecast the monthly suspended sediment load. The first method
examines how the data patterns and the type of probability distribution affect the SVM-SA’s
performance, and the second method examines how the Generalized Reduced Gradient (GRG)
optimization method affects the modified FAO and rating curve. Finally, computational and direct
forecasting methods are compared, and the most accurate model for sediment load forecasting is
introduced.

Methodology

The SVM model is a statistical machine learning system, which finds the optimal hyperplane to
categorize the data based on a binary classification. An important factor affecting the performance of
this model is parameter adjustment (Sedighkia and Datta., 2023). Traditional SVM models use trial
and error to determine parameters; however, in this study, the SA optimization algorithm chooses them.
This algorithm is a local search method, which tries to find the global optimum solution. In the hybrid
SVM-SA model, the initial values of the SVM’s parameters are first set manually based on the previous
studies’ suggestions; then, the SA algorithm calculates the parameters’ optimal values, and the model
will be executed (Mehrabani Bashar et al., 2023). So, the modeling process will be faster and more
accurate without the need for repetitive trial and error (Azadi et al., 2022). This study compares the
performance of the SVM-SA model based on the SISO and the MISO approaches and evaluates the
effect of input data normalization on their performance.
Most sediment load time series contain missing values, so understanding and quantifying the nonlinear
interactions between the historical sediment load and discharge flow data is essential. In the sediment
rating curve method, sediment load and flow data are plotted against each other on a logarithmic scale,
and a power line is fitted (Azadi et al., 2020). The sediment discharge is calculated using this line’s
equation:

Q =aQ, @)

Where Qs = suspended sediment discharge (ton/month); Qw = flow discharge (m3/s); a and b =
regression coefficients.
To bring the sediment load values estimated by the rating curve closer to the observational data, the
FAO method modifies the drainage coefficient and uses the following equation instead:

Q =@Q/Q,)Q" (2)

Where Qg = average sediment load: and Q,y = average discharge.
In this study, the discharge-sediment equations were optimized by the GRG method. The coefficients
of the discharge-sediment variables were considered decision variables, and the objective function was
minimizing the difference between the estimated and the observed data.

Results and Discussion

According to Figure (1), all methods except the FAO method perform similarly and are within the
range of RMSE=500. The performance of the FAO method was significantly improved by GRG
optimization. Normalizing the SVM-SA’s input data improved both the SISO and MISO approaches.
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The SVM-SA model based on the normalized MISO approach has the lowest RMSE and the highest
correlation and also is closer to the observational data, which indicates its superiority.
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Fig. 1- Taylor diagram for the performance of the sediment load estimation methods

Conclusions

The performance of both original and normalized modeling was improved by separating and
modifying the SVM-SA’s input data from SISO to MISO patterns. Also, data normalization improved
both the SISO and MISO approaches. The GRG optimization algorithm improved the performance of
the mentioned computational methods by selecting coefficients of discharge-sediment variables,
making these methods competitive with direct forecasting models. The results showed that the SVM-
SA model based on the normalized MISO approach is the best method for suspended sediment load
forecasting.
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Table 2- Inputs, outputs, and Optimized parameter(s) of the SVM model

Optimized parameter(s)

Model Llrrlea RBF Polynomial Inputs Outputs
y = 0.0009
SVM-SA (SISO) - y =292 C =4277 Discharge flow Sediment load
d=3
y = 0.0048
SVM-SA (MISO) - y =0.97 C =218 Discharge flow Sediment load
d=3
SVM-SA (SISO) — v = 50005 Normalized Discharge Normalized
. - y =8.37 ¢ =881 .
Normalized d=5 flow Sediment load
SVM-SA (MISO) — _ V= 8'00002 Normalized Discharge Normalized
. - y = 28.69 C =534 .
Normalized d=3 flow Sediment load
SVM-SA (SISO) SVM-SA (MISO)
3500 3500
SE =2.92 SE = 2.89

= 3000 - 2 = 3000 - 2
H R*=0.14 < R?*=0.33
\E 2500 é 2500
gzuuo F gzouu -
E 1500 | " L E 1500 |-
%wuor - glono—.' .'. ‘
E 500 -:. . IE 500 °

0

00S

L
2
2
H]

L
=
I
=3
S

L L
0 2
=2 o
3 =3
3 -3

000€ [
00s¢

Observed Sediment (ton/month)

00ST |-

L L
— o
n =3
=3 S
S =3

00§ -
0001

Observed Sediment (ton/month)

000€
00S€

Fig. 4- Distribution of the computational-observational data for the SVM-SA’s test part
SYM-SA Jue 09037 s (819 (Sl lin— Flulxo Slodls sy 51040 - 4

SVM-SA (SISO) - Normalized

3500

SVM-SA (MISO) - Normalized

3500

- SE =291 3000 SE =2.63

£ R?=033 £ R?=039

= =3

E 2500 | E 2500 |

= =

g e

= 2000 | = 2000 |

@ @

£ £

g 1500 g 1500

w2 w2

B B

1000 e Z 1000 |-

< <

g bt °

2 2

£ 500 | £ 500 e )

o Sqe0 L4 (]
0 s . . i ; . i 0 all . : ; L A
> w [~ - B S w w = o — - 3 N 13 -

2 s I ] R 2 % 2 3 R 2 b 2 I
it s S 3 s S s < s S s = s S

Fig. 5- Distribution of the computational-observational data for the normalized SVM-SA’s test part

Observed Sediment (ton/month)

Observed Sediment (ton/month)

oud Jlog SVM-SA oo 0g03T s (Sl (ST lin- Jluwlno (Slaodld 5as1y sage —0 i



AV

VO-AY o NFF Lot oyled FA o553

ST kg s p5ke

Probability

y

Probabilit)

Probability Density Function

Probability Density Function

I
3
N

B Fstogmn — Normal. (a) W Fsogran —Nomal (b)
0.64
0.56
0.48
04
032
0.24
0.16
0.08
0
<1200 1000 -800 -600  -400  -200 _ 400 600 800 1000 1200 1400 <1000 800 600 400 200 O 200 400 600 800 1000 1200 1400 1600 1800
Event Event
Probability Density Function Probability Density Function
0.9 { g g =Tomar (© 0.9 | [WHistopan—Noma (d)
0.8 0.8
0.7 0.7
0.6 0.6
0.5 >05
0.4 g o4
2
o
03 T 03
0.2
0.1
—— 0
600 400 200 0 200 400 600 800 émm 1200 1400 1600 1800 2000 2200 2400 -800 -400 0 400 1600 2000 2400
vent

800 1200
Event

Fig. 6- Error distribution of SVM-SA model based on (a) SISO, (b) MISO, (c) normalized SISO and
(d) normalized MISO patterns in sediment load simulation

MISO (d) 3 o Jlo 3 SISO (C) MISO (b) SISO (a) gDl 5 sises SVM-SA Jue (sl a9 365 1 JC
29 b Gilwdnd 38 oud Jbo

2000

1800 -

1600 -

1400 -

1200

1000 -

800 |

Sediment (ton/month)

600

400

200

20 60

Event

2000

1800

1600

1400 -

1200 -

1000 -

800

Sediment (ton/month)

600 |

400

200

Sediment (ton/month)

Sediment (ton/month)

6000
5500
5000
4500
4000
3500
3000
2500
2000
1500
1000

500

2000

1800

1600

1400

1200

1000

800

600

400

200

(®)

0 10 20 30 40 50 60 70 80
Event
L (d
T T T T T T T T
0 10 20 30 40 50 60 70 80
BEvent

Fig. 7- Uncertainty of SVM-SA model based on (a) SISO, (b) MISO, (¢) normalized SISO and (d)
normalized MISO patterns in sediment load simulation

MISO (d) 9 o Jbo 5 SISO (C) MISO (b) SISO (a) sl s 5 i SVM-SA oo coutlad pirc - S
S5 b Silodud 53 o0l Jlo



DOI: 10.22055/jise.2024.44894.2096

b &gy Glae Osay b St 0L 5 6535

A

100000
@ less than average discharge point
10000 - @ greater then average discharge p:)int
1000 [ 13152 °
& Q=8.0216Q;" " o ® °
<
£ 100 ®
g 4
=
= 10 | [ ]
£
= 1r
@
£
3 0
L
@
ol
0F
0 1 1 1 I I
1E-4 0.001 0.01 0.1 1 10 100 1000
Discharge (m®/s)

Fig. 8- Sediment rating curve for the Yalphan hydrometric station
Olah (5 5093 ol ! Aot (Jmio —A &

Rating Curve

Rating Curve - OPT

3500 3500
SE =3.16 SE =2.84
= - L
N 009 £ Ri-g.16
= i = 5
=} =]
E 2500 | E 2500 |
=l s
) £
s2000 = 2000 |
v 3
£ E
T 1500 - g 1500 |
w w
3 T
% 1000 |- Z100| o
< <
1 >3
2 2
] L = L
S s o . £ 50 o6 °
L]
0 ® L L L . L 0 . L L L . .
= 2 s > 2 3 2 8 = 2 = 5 2 2 2 2
$ & £ & & & ¢ = & £ &8 £ & £

Observed Sediment (ton/month)

Observed Sediment (ton/month)

Fig. 9- Distribution of the computational-observational data for the sediment rating curve
A e (w9 Sl (Sl Tlhulxe SodIS Jislp slagei -1 Y

Cbal Ll o duslie ol s (gilwains | 4 5 8 FAO
winysSl] J) ool b gy ml Ables (la e ool
gy gy d,Sdas j3 (glalasMe B douy cely GRG
(SE) sylsibl (glas asls (ciops VWA LzalS g FAO
W

51y s 3,S0as (3Y) JS5 52 o ] ks 1,51
On ad BT JS ol 3 w300 L5 (gilodiare 1 g
RMSE asLs lawgs s 3y5lp polie 5 gliabie gy )b
Ohsy 72 4 by (oled sl 00 pasile ol il b
$0393% 53 9 )l )95 (elidio 3 )Shos 51 FAOD (eiwcgw)
odliwl L FAO g, (silwainge -bla3 S 1,8 RMSE=500
2 slliaMa LB sgrzy el cgagac 4y ials hol5 )
L oSy e SVM-SA Jso sl oss Joo ol 5 Slas
bl by mle @ G 0ad Jloy (293 Sms39)9
@50 Bkl cunl (Sisen (pyid 9 RMSE (8
o iy odmd i &Sl 305 e Slalie yolie
Al ge b Jde plo 4 Cund Jo

b gy omid doles (elayiie colps adlas oyl
osee il S iy S ) asliz
il JBlos ¢ gSie (g5lwaigy p Can b b Ll (GRG)
5 ol (closalin (claodls ¢ o 300 Cgwy o NS
s dlasly ol gla e ol s 55 paenad (sla o

Slalie sluwlowe glaosly juSTy e (1) USG5
il 0 duglie (gjlodinge Sl a5 e i e bg) sl
5 oolitul b Coguy— ol dblae (slayiie colps bl
2 b (oo 3ySles Sy el GRG (gludiny iy
W dJl&.)ﬁ) dlxn Cgw) )lg .))9—‘)3

el Gl 5 FAO (oriwcgny (ho) <35 ol 5
15 43,5 IS, domian mie 3,Shos dgutg g gy 2] b,
ol gyl dhalas )3 o pite colps Grizmen V- JS3)
L5055l ages abl_zals (oS s, 5 oslizl b o s,
gy O BMB] g5l JBlis oSk (gilodirs > Ban &b
5 pemoual dl.m)ﬁi;n 9 Cwwl losalin L;Ltzwbb 9 oMb 3)91)3
STy ages (V) USG50 it alasly oyl (sl psiio ol s
@)'Lol (TR (19 ) (51).3 Ls)l.mLM_LjL.»)lZD osls



A4

Vo-‘\\"ua.\’ﬁfdhﬂ‘a)u..:\‘/\a),: GJE‘TJ""\‘P)(’)LG

100000

10000 |

1000 -

100

Sediment (ton/month)

Q,=9.6755Q, 4%

0 L 1 L L L L
1E-4 0.001 0.01 0.1 1 10 100 1000

Discharge (m’/s)
Fig. 10- The modified rating curve using FAO method for the Yalphan hydrometric station
Ol (5 09 sud ol (513 FAO (miwiguy (29 b o 3lof domiuw (Jowio -1+ S

FAO FAO - OPT
3500 3500
J— SE =10.22 J— SE =2.74
£ R*=0.1 e R?=0.23
S ° ]
E2s00 E 2500
= =
g @ D g
= 2000 ° = 2000
£ £
g 1500 g 1500 [
@ . @
T ot
2 1000 Z 1000 - e
s <
3 S
- L ] 3
£ 500 ° . £ s00-e ® N
0 1 L ! L L i 0 L ! ! L 1 i
° n = = Y © w w S Py = = © Y w w
2 s i g % 8 b 2 = & g b g b
H g 2 g 2 g 2 3 S 2 S 2
g g S g g 2 2 g g = g g
Observed Sediment (ton/month) Observed Sediment (ton/month)

Fig. 11- Distribution of the computational-observational data for the FAO method
FAO ol (mwgwy (99 Sl (Flodlio- Fhuwlxo dodld sy 515505 -1 &b

SVM-SA(SISO)
* SVM-SA(MISO)
SVM-SA(SISO)_Normalized
SVM-SA(MISO)_Normalized

Rating Curve
Rating Curve_OPT
FAO

FAO_OPT

Observation

Standard Deviation

Standard Deviation

Fig. 12- Taylor diagram for the performance of the sediment load estimation methods
S b b)jT}g Sy gy d shos yokd pIFTLA 1Y IS



DOI: 10.22055/jise.2024.44894.2096

bl g Glas O s oL st 0L 5 6035

1750

SVM-SA
sisoy | 23551 2.92 0.14
SVM-SA
(MISO) 211.31 2.89 0.33 1400
SVM-SA(SISO)
Normalized | 78.08 291 0.33
1050
SVT\I;/I-SA(I_VIISO)_ 55.06 o .
ormalized
Rating Curve — 3.16 0.09
700.0
Rating Curve _|
OPT 2.84 0.16
FAO 1746.71 10.22 0.1 350.0
FAO-OPT 2.74 0.23
T T 0.000
Z “é é E
m (=4

Fig. 13- Values of statistical indices in estimating the monthly sediment load by various models
By oo O 4 dildle (9w b .b)j.l'}.g 28 Gkl 0 SR M R | g e

Al 51 e ol 4 005 3y slmodls 55 2ol 5 lnlie
9 o slil 4 gilo e s dauy cely MISO 4 SISO
b aodly (iloley (pioman 03)5 oad o 5 Lol (g
23 Jie ol 3 Sles d900 el (S wi) S Jos 5l odlitul
ok Ly s S oo 51 45 MISO 4 SISO (s58)l 5
@ sldbersir S 5 (b J5)S RBF G5 SVM e 4l
il & aoxs cul g 28 )18 pow U Jgl sloasy )3 oy
old Jloy slmodls 5 Lol slaosly MISO SISO (slasSl
O3S silotingg oy 8T 5 ped Lbgy 0 A5 S 3
gy Slwbre glagby) 3es  (ages 4Bl ialS
@l 85 JLE w)p dj5e wxi (oo 5 FAO 230
o3litl b g = sl dloleo (gl yuiio ol ps bl by L
38s 3 aas BB g ol GRG gjlaigy o)s5)
GB35 lae gu) b 290 53 ySde Sluslre slaig,
boculy JB g S5 sbagbyy @l Uy 90 cnl 9 b
Obe S sl 03,8 s (age) )b el i saiby)
L2 G p e SVM-SA Jae wad )y slagiy)
5 oy Uh9y e Olgs @ 0ad Jloy (295 SSme39)9

23,5 (0 Sy by (3las gy 5l (e Sl

Sy g K5
ol 8 5 Sl 4508 e coles b b sanllas
ol BN s gl ol pol laes il glddlaie o
5 cmran o el |y 393 S5 5 a5 o
Cg Ul by 148 Last p gl i buw e gy olKiily

D5 (oo (10,48 5 S5 Gimgd oyl Pl

o905 B 3 calllas 3)50 slaJo 3)Skos (W) S )

il olaygmo 53 b Jae yldges !y .l o dunlie )l >
Jade bl o a1yl (ed9ac (claygme 13 5 (g bl (slaadli
bl 4B S 8 s sk 15 55 Jae o ()bl (slapasls
Wlale gy 5l sl sl Jao e (JS5 ool & a2y
SE=2.63 L SVM-SA (MISO)-N Jso ;b oS!
& «wwl R?=0.39 4 BIAS=55.06 RMSE=450.12
FAO-OPT (slaJae aib o yoks 1810 b p sawl
SVM-SA SVM-SA (MISO) Rating Curve-OPT
FAO 4 Rating Curve SVM-SA (SISO) (SISO)-N
§ S gl A 5 i b g (sladsy i 4 3
sy 3Skes » GRG (gilutingg p2yeSll cute il
Joe 4 (93959 sboosly giluley izmen sl (Sluwlre
SISO (551 93y p3 Jao oyl 3, Slas 3500 el SVM-SA
—anl dblae (sl piie colps walllas ol > s MISO
il galS )3 sledigy pisS) )l odlizel b e,
G9Sde (ilwaigy ,d Bua ol b bl (GRG) eges
loanlin claodls g oad ygly igasy oy BMS] (5lo Jolas

s dlaly ol gla e ol pd 35 paenad sl e § Cal

S 5 Ao

€5 (Sl @i €5 10 (s S b 2l oS

SVM- J.Le J)fsla.c » (53959 sedly d}ijl 9 u)l}w] JJ)f
3 gy b 2pslp Slale slaby, gm0 cwizmen g SA
sokaie (pd Cuwl 0dd pbgl dadlslee colps (gilwaig &b
Bl Blre gy Jb Swphn Gy dlie gy g ]
015 3)ly 55 55l Jol B9y 5 oalizel (laly (5 yag)aem
oo 3,Shae  doodls GVeis) i £ 5 i £ e
ok SS& b i @ b )y SVM-SA



9

VO-AY o NFF LY oylad FA o553

Sl pokige s psle

OB g §5 = 5lio
dawgd 059y (S3yaoly Jstuo (gy0g Lob> :JS‘ LXVOWPY]
Losly Julo g 25 5 (ol (cagde slaosy]
i Jas ¢ aons yide g b ool oo g
csbol (soorde (sods] drwgi (5 IS (i 1P Bl 93
Sl oy S
oy s ol o)y Sl sl 1,10 8 i

O s 95 28l Sy
olio L5 W55 guum o 1) o oYl dlis ) S iy
)l Gimg s ol b g Clas il g (515 ogas 4

G gbe
Al 8 55 Slaiod 48 Jlo cules b yils (sadllas
sl 05 Pl?u" Olm ol‘;..:\ L;ldj]a.:.o g’l

9-

Bodld 4w gwd

asllao J5]o PDodd Juloo b PR J.Jy slosls 4 gome
ooy Sy odinngl | e Jpine Cunlsd > ©jg0 p3 Sl

lis b ¢ a5 iy g o o3l Julo g 28 ol

References
AlDahoul, N., Essam, Y., Kumar, P., Ahmed, A. N., Sherif, M., Sefelnasr, A., and Elshafie, A. 2021.
Suspended sediment load prediction using long short-term memory neural network. Scientific Reports,
11(1): 1-22. DOI: 10.1038/s41598-021-87415-4.

Asadi, H., Dastorani, M.T., Sidle, R.C., and Shahedi, K. 2021. Improving Flow Discharge-Suspended
Sediment Relations: Intelligent Algorithms versus Data Separation. Water 13(24):3650. DOI:
10.3390/w13243650.

Azadi, S., Nozari, H., and Godarzi, E. 2020. Predicting sediment load using stochastic model and rating
curves in a hydrological station. Journal of Hydrologic Engineering, 25(8): 05020017. DOI:
10.1061/(ASCE)HE.1943-5584.0001967.

Azadi, S., Vafaee, M., and Nozari, H. 2022. Estimation of precipitation using the combined method of
Support Vector Machine-Simulated Annealing algorithm (case study: Gorgan synoptic station). Advanced
Technologies in Water Efficiency, 2(3), 14-34. (In Persian). DOI: 10.22126/ATWE.2022.8393.1028.

Ba, H., Guo, S., Wang, Y., Hong, X., Zhong, Y., and Liu, Z. 2018. Improving ANN model performance
in runoff forecasting by adding soil moisture input and using data preprocessing techniques. Hydrology
Research, 49(3): 744-760. DOIL: 10.2166/nh.2017.048.

Bahrami, S., Ardejani, F. D., and Baafi, E. 2016. Application of artificial neural network coupled with
genetic algorithm and simulated annealing to solve groundwater inflow problem to an advancing open
pit mine. Journal of Hydrology, 536, 471-484. DOI: 10.1016/j.jhydrol.2016.03.002.

Barzegari Banadkoki, F., and Armin, M. 2016. Suspended sediment prediction using time series and
sediment rating curve (Case study: Ghazaghly station in Gorganroud River). Iranian Journal of
Watershed Management Science and Engineering, 9(31), 77-88. (In Persian).

Cortes, C., and Vapnik, V. 1995. Support-vector networks. Mach Learn 20, 273-297. DOI:
10.1007/BF00994018.

Deka, P. C. 2014. Support vector machine applications in the field of hydrology: A review. Applied Sofi
Computing, 19,372-386. DOI: 10.1016/j.as0¢.2014.02.002.

10-Efthimiou, N. 2019. The role of sediment rating curve development methodology on river load modeling.

Environmental Monitoring and Assessment, 191(2), 108. DOI: 10.1007/s10661-018-7167-4.

11-Fabian, V. 1997. Simulated Annealing Simulated. Computers & Mathematics with Applications, 33, 81-

94. DOL: 10.1016/S0898-1221(96)00221-0.



Y
DOI: 10.22055/jise.2024.44894.2096 L Gl Slan oy 5 st O 5 5055

12-Hamel, L. 2009. Knowledge Discovery with Support Vector Machines. John Wiley, Hoboken, NJ, USA.
DOI: 10.1002/9780470503065.

13-Hapsari, D., Onishi, T., Imaizumi, F., Noda, K., and Senge, M. 2019. The Use of Sediment Rating Curve
under its Limitations to Estimate the Suspended Load. Reviews in Agricultural Science. 7: 88-101. DOI:
10.7831/ras.7.0_88.

14-Hatami, S., Banihabib, M.E., and Soltani, J. 2020. Determination of Optimal Operation Policy of
Reservior with Nonlinear Model to Reduce Reservoir Water Losses. [ranian journal of Ecohydrology,
7(1), pp. 277-290. (In Persian). DOI: 10.22059/ije.2020.295631.1266.

15-Huang, C. C., Chang, M. J,, Lin, G. F., Wu, M. C., and Wang, P. H. 2021. Real-Time forecasting of
suspended sediment concentrations reservoirs by the optimal integration of multiple machine learning
techniques. Journal of Hydrology, 34: 100804. DOI: 10.1016/j.ejrh.2021.100804.

16-Javidan, S., Sattari, M. T., Karimzadeh, P., and Mehrabi, A. 2022. Performance Analysis of Hydrological
and Data-Based Models in Estimation of Suspended Sediment Rate. Environment and Water Engineering,
8(2): 468-480. DOI: 10.22034/jewe.2021.305599.1632.

17-Kirkpatrick, S., Gelatt, C., D., and Vecchi, M., P. 1983. Optimization by simulated annealing. Science,
220, 671-680. DOI: 10.1126/science.220.4598.671.

18-Lin, J. Y., Cheng, C. T., and Chau, K. W. 2006. Using support vector machines for long-term discharge
prediction. Hydrological Sciences Journal, 51(4), 599-612. DOI: 10.1623/hysj.51.4.599.

19-Mehrabani Bashar, A., Nozari, H., Marofi, S., Mohamadi, M., and Ahadiiman, A. 2023. Investigation of
factors affecting rural drinking water consumption using intelligent hybrid models. Water Science and
Engineering, 16(2), 175-183. DOL: 10.1016/j.wse.2022.12.002.

20-Mohammadi, B., and Heidarpour, B. 2019. Effect of climatic parameters on soil temperature estimation
by hybrid refrigeration simulation algorithm. Nivar, 43((104-105), pp. 1-12. (In Persian). DOI:
10.30467/nivar.2019.83519.

21-Nouri, H., Ildoromi, A., Sepehri, M., and Artimani, M. 2019. Comparing Three Main Methods of
Artificial Intelligence in Flood Estimation in Yalphan Catchment. Geography and Environmental
Planning, 29(4), pp. 35-50. (In Persian). DOI: 10.22108/gep.2018.98036.0.

22-Nozari, H., and Tavakoli, F. 2018. Evaluation of the Efficiency of Linear and Nonlinear Models in
Predicting Monthly Rainfall (Case Study: Hamedan Province). Journal of Watershed Management
Research, 10(20): 1-12. (In Persian). DOI: 10.29252/jwmr.10.20.1.

23-Ramezanipour, E., Mosaedi, A., and Mesdaghi, M. 2017. Determination of the Best Model for Estimation
of Suspended Sediment by using Statistical Error Criteria (Case Stude: Some Sub-Watersheds of
Kashafroud). Journal of Watershed Management Research, 8(15): 112-124. (In Persian). DOI:
10.29252/jwmr.8.15.112.

24-Samantary, S., Sahoo, A., and Ghose, D. K. 2020. Assessment of Sediment Load Concentration Using
SVM, SVM-FFA and PSR-SVM-FFA in Air Watershed, India: A Case Study. KSCE Journal of Civil
Engineering, 24, 1944-1957. DOI: 10.1007/s12205-020-1889-x.

25-Sedighkia, M., and Datta, B. 2023. Linking SVM based habitat model and evolutionary optimization for
managing environmental impacts of hydropower plants. River Research and Applications, 39, 897-910.
DOI: 10.1002/rra.4121.

26-Shojaeezadeh, S. A., Nikoo, M. R., McNamara, J. P., AghaKouchak, A., and Sadegh, M. 2018. Stochastic
modeling of suspended sediment load in alluvial rivers. Advances in Water Resources, 119: 188—196.
DOI: 10.1016/j.advwatres.2018.06.006.



ay

Vé—qrf.\f'\cdb‘ﬂo)w\c/\o)): ‘5)L_;T‘5.~-L.€,~)(a}19

27-Tran, N. H., and Tran, K. 2007. Combination of fuzzy ranking and simulated annealing to improve
discrete fracture inversion. Mathematical and Computer Modeling, 45(7-8), 1010-1020. DOI:
10.1016/j.mcm.2006.08.013.

28-Unes, F., Tasar, B., Demirci, M., Zelenakova, M., Kaya, Y. Z., and Varcin, H. 2021. Daily Suspended
Sediment Prediction Using Seasonal Time Series and Artificial Intelligence Techniques. Rocznik
Ochrona Srodowiska, 23: 117-137. DOL 10.54740/r0s.2021.008.

29-Varvani, J., and Khalighi, SH. 2007. Investigation of sediment rating curves error for estimating flood
events sediment yield in Gharachay river. New Finding in Agriculture, 1(3), pp. 201-214. (In Persian).



