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Extended abstract
1- Introduction

Accurate prediction of suspended sediment load (SSL) in rivers is crucial for sustainable water resources
management. Sediment, as a significant factor in degrading aquatic ecosystems, reducing the lifespan of
hydraulic structures, and deteriorating water quality, has been a major concern. Given the complexity of
hydrological processes and the interplay of various factors affecting sediment production and transport, accurate
modeling of this phenomenon has always been challenging. In recent years, advancements in machine learning
techniques have enabled the development of highly accurate predictive models. This study aims to enhance the
understanding of sediment dynamics in watersheds and provide more precise tools for SSL prediction by
applying machine learning models to daily SSL forecasting in the Taleghan watershed. The Taleghan watershed,
characterized by its mountainous topography and specific hydrological conditions, was selected for this study
due to its significance in supplying water to the Tehran region. Accurate SSL prediction in this watershed is of
paramount importance.

2- Material and Methods

For this study, hydrological data including discharge, precipitation, snow index, and suspended sediment load
were collected from the Gelink Taleghan hydrometric station over the period 2000 to 2018. The collected data,
after undergoing quality checks and outlier removal, were prepared for training and testing machine learning
models. Data preprocessing involved standardization, normalization, and outlier removal to enhance model
accuracy. Principal Component Analysis (PCA) was employed to reduce data dimensionality and select the most
significant input variables for the model. This method aids in identifying new linear combinations of original
variables that explain the maximum variance in the data. By using PCA, the number of input variables in the
model can be reduced, thereby decreasing model training time and complexity. Six machine learning models,
including xgbTree, Cubist, grnn, Ctree, Cforest, and LASSO, were utilized in this study. These models were
chosen due to their ability to model nonlinear and complex relationships between variables. To evaluate model
performance, various statistical metrics such as Root Mean Squared Error (RMSE), Nash-Sutcliffe Efficiency
(NSE), and Mean Absolute Error (MAE) were employed. Additionally, time series plots, scatter plots, and Taylor
diagrams were used for visual assessment of model performance.

3- Results

Results indicated that xgbTree, Cubist, and grnn models outperformed other models in predicting SSL. These
models effectively simulated daily variations in SSL. Overall, the xgbTree model demonstrated the best
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performance in SSL prediction. A comparison of the models' predictive accuracy revealed that ML algorithms
can successfully predict daily SSL, particularly xghTree (RMSE = 63.301, NSE = 0.97), Cubist (RMSE =
46.330, NSE = 0.96), and grnn (RMSE = 85.349, NSE = 0.96), which exhibited the lowest prediction errors and
highest efficiency metrics. Taylor diagrams further confirmed that xgbTree, Cubist, and grnn models
demonstrated a better fit to the observed data.

Sensitivity analysis revealed that discharge and precipitation had the most significant influence on SSL variations.
Additionally, employing PCA to reduce data dimensionality and select key variables played a crucial role in
enhancing model performance. The findings of this study demonstrate that machine learning models can serve
as powerful tools for predicting SSL in watersheds. Furthermore, the results indicated that machine learning
models are capable of identifying complex and nonlinear patterns in hydrological data that cannot be detected
using traditional modeling techniques. This is particularly significant in scenarios where climate change and
human activities impact hydrological processes.

4- Discussion & Conclusions

This study employed machine learning models to forecast daily suspended sediment load (SSL) in the
Taleghan watershed. Results indicated that xgbTree, Cubist, and grnn models exhibited superior performance in
predicting SSL. These models can serve as powerful management tools for assessing the impacts of climate
change and human activities on sedimentation processes, and for planning and managing water resources
sustainably. The findings of this study demonstrate that machine learning models can be effective alternatives to
traditional modeling methods for SSL prediction. These models can capture complex nonlinear relationships
between input and output variables, leading to more accurate forecasts. However, to enhance predictive accuracy,
further research is needed using higher spatial and temporal resolution data, as well as considering additional
factors influencing sedimentation processes. For future research, it is recommended to explore hybrid models
combining machine learning and physical models. Additionally, deep learning techniques can be employed to
extract more complex features from data. Furthermore, investigating the impacts of climate change on
sedimentation processes and developing predictive models under various climate scenarios is a crucial topic for
future research.

Key Words: Suspended sediment load, Machine learning models, Principal Component Analysis,
Taleghan watershed.

Cite this article: Mohammadi-Raigani, Z., Gholami, H., & Mohammadi, M. (2025). Evaluating the Performance of
Machine Learning Models for Predicting Suspended Sediment Load (case study: Taleghan watershed, Iran).
Journal of Environmental Erosion Research. 2025; 15 (1):83-104. http//doi.org/10.61186/jeer.15.1.83

© The Author(s). Published by Hormozgan University Press.
ATl DOI: http//doi.org/10.61186/jeer.15.1.83 URL: http://magazine.hormozgan.ac.ir

AY



AF=NE AEE L o(AY) Vo: e ol b cla zass
http://magazine.hormozgan.ac.ir

ad 37 163 30 anlllas) (as gy b it 93 orile 68 3L i 5 Shas b))
(VWb v

by O et o8 ¢ e e iign 03,5 5557 i K az 1 5Ky olama i3
U‘L&J'L" :UL(_/J_,@ oL{JﬁJ/) (MCL‘ (ks a}f}b/:# u’.nuﬁ R

Ol sl por ol ULy S5 5 s 05,5 Jbsleu] 16 hama sries

B :dJae @’
(T XYV Ao pdy o6 VECYTCAIYY 1edl ys 3 ,0) allde Aoty U
DOI: http//doi.org/10.61186/jeer.15.1.83

oS

e g el OT b 5 Jases a2 USs S e 3 e g o0 S5 (SSL) Glan e UL i 5 s3ledis
oyt ey Saaliys 3 ot b Slals S s iS5 e 3o o b T a5 T ks
o8l 55 QWb a3 g, Glae s 0k i adllas ol 5l Baa il o e il Bl S Ol
5 gmn LASSO Cubist Ctree Cforest Jals (ML) cpile oS3k Jun ib 5 Shee amlis 5 6,8, b Ol
SW B b g 5 (05 0D atlh e BOL (0L lia) Coamy ((23) (3905 e 05 slaesls g XgbTree
sdas (olo3T doys Y0 5 2551 o3 VO i @) (bl 5 Ji5sal Gle YA L Yeos Jl Sl (D) 055, S
s S8 s ai § K 63509 e slaws 2l oy (PCA) ol slaailie 30T oSS omed b o3lizal ML
o s (RMSE) et Slag o Kok ay ) o 51 (SIS 5 o8 Jhan i 51 eolizl L SSL iy ey sl e
a2 Uiyl SaSTy Jlssas 5 Sl Sl lsses oskd lssas (MAE) Glas sl o Kls 5 (NSE) Sl s
s S b Gencalos ssba 1 6y SSL il 5 ML (slagny ;501 &8 313 0L ladia iy iy 235w lin
RMSE= ¥£4/A8) gran, (NSE= +/4¢ :-RMSE= ¥ /f£) Cubist (NSE= +/3V :RMSE= ¥+ \/$¥) xghTree cladus
S35 0l s lssed conl L oslle Lsls 0L 1, o laslan op 5UL 5 oo o o o maS &S (NSE= /a8
Cilses S g5 sl el (6l |y odd s i 9 0kd odalin slis o 35 o 2 gmn s Cubist XgbTree cladas
5 ecbe Gl el o) S Ol opile (5,0l sladan 5 ,Sas 8l OT 51 (S sl i T s

Sl T laas g 5 Oy Sl o

A iy 6%:4“,}?1\ T i gy Sl s (i iled e 2eulS 08519

hadesertt64@gmail.com 1] g 8 ionnny g5
AD


http://magazine.hormozgan.ac.ir/

Bl Cgmy b e 8 il 6,850 slads OKes 5 S, (sdhesee

Asddo -\

O, 5 Pourghasemi) ol s - Sidssass g lid ey stz Sl pdb e sy OT gslad
G5 S0 S 5 ol Sl w5 0 ST il b e Glasaly 51 (S Ol gy (5 o) Sl (Y4AV
3P osn 5 ke Ot 0> Sl 5 mains 5 e ST kS 1l (T (i ST 4 ol asle Jaos
(SSL) Glas sy 4L (Y2 O1Kea 5 Shojaeezadeh v+ 14 01, 1SKea 5 Raigani ¥+ Y+ O, Kaa s ReN) 555 wlss g,
Ssod ol s Shes bl o oS ol (G500, 5 (Sasaa lazl b oA e | Sl saes s s
s esls SRl O S b il e Db g ead i Sl el e eslle 2K 3l T Jlaml clasay
SSL e el (Yo ¥V 0L Kea 5 Darabi) 5,15 36 ool 5 @5l s o el asle Slles sl
Sasda saosle 5l uls pe g 5 Sy, wlbdcsy, Ol T e s as o e o ST i altsy, o
b Shs slas oKl (Y4 OLKea Yang ¥ 14 OLKea 5 Haghighi ¢+ ¥\ (0 1Ses 5 Nosrati) a8 s Ul
Wl s b ol b (b Al 5 Globiag, Gles e S35 s (SIS il
5 e i 3 (TN) OLKer 5 Melesse) ol o3 s gy il 5 L G35 it 03 S o el (s g
S | 0ataS L 3lia B b Ly, wlg o S sl o sladus wass gl (s S s b i
Cobaner) s suas isp (WSS anw i sl claans 55 (Y1 Y O, 5 Choubin ¥+ \A 01, Sea 5 Khosravi) aus”
Sl 03,8 Sl s iy 03 S o3 I35 (S5 0dd sWodsdy 018 o iy Ol g5 esls 5 (Yo o8 0L Kas
el Gb 5l S b w eanT slasly g, iy s bdae ol (VoYY 0L 5 LI vy 0L Kea 5 Lafdani)

(YA OLSen 5 Khosravi) 48 oy i b Gl o esls sl S
Dl b Sl Sl s i e 51 (K3l osin Slllae ol edle 6,80k ladite 5| Cilisa Oliis
O ool 4 (YA O s Khan) o s, Jlsl o5lwdas (Yo ‘&l} 5 :Y++o Gautam , Tingsanchali )
(VA O 5 Yang) o1 e o e (VA WL 5 Diop Y+ \A LK 5 Bou-Fakhreddine) «<ls=ss,
Gl malb ness (VA dLee 5 Wen) OT cuiS o e (1445 (Torres 5 Solomatine) & s olles (o5l aig
(YA O 5 YU Y\ O 5 Nadiri) e T (o5l 4 (Y oA OLSea 5 Melesse ) OT coas
sAbrahart) oy, o e s (YA O 5 TA0 ¥\ OLLSa s Ghorbani) 6 5 5 .55 5 s ness
<l ool ollas =l cldlw ;s .wles S eslaul (Y +V (Cigizoglu s Alp ¥+ Y O, Kea 5 Nagy ¢+ +\ White
0L Kes 5 Mohammadi-Raigani) cal sl plbsl (o5 osls 5 o gmme bsn (WSSS Sl osliwl L SSL o iy
s Rajaee ¥+ \¥ O, , Lafdani ¥+ \Y (0L, Kaa 5 Liu YA OLas 5 Choubin ¥+ ¥\ 01, aa 5 Rahul ¢v-Yf
53 SSL e 6l s ANN s o o5lwdin 5,55, G (Y1) 0L 5 Melesse «Jls Olge a5 (Y 0L S
S S e 5K Sl ol 551 e ANN (o s g o7 6ol OLES 5 am g et UL s ool 6l
(Y*\\) Tsai 5 Chiang .55 (MNLR) a8 us Jos 2 05w S, 5 (MLR) 68 us L 0y S, (ARIMA)
S ANN ladas 51 0l Koy 5187 b gy adsm 53 Glan sy sl 2551 53 SVM sladas o wisls 318
3,57 s odoie UL s wlssg, 53 SSL i 6l 1 SYM 5 Shes ((Y418) CIMEN colin ;5b & .55,8 Jos
(YY) OLKa 5 Kisi ST o i oy (23 au plie a5 Os |, SSL Wiy s SVM Jue S &8 2l s
Wbsgy s oyl 33 3 6355 SSL i sl b SVM s ANNANFIS (GP) (55 (550001 oz Sl

" Suspended sediment load

Y4



AFSAE QS e o(AY) Vo ) e pule B gl g

(Y AA) LK an 5 KNOSTaVI .51 5 5,505 e 4 e GP &8 515 OLES 5 5,5 aslie sz UL s il ,slS”
5n 5l s MBP (REPT) 8 et s (sl (2alS” eJlen Olgie @) Jin (o5l o015 (sladin 2l (52053 L3 «
REPT _islw ¢l 5 (RCREPT)-REPT sl xa8 bagging-M5P) « .S 5 clads 5 (IBK)) wses
2 538 o i 0o BT s s Ol 095 5l (36 (SSL) Glae wss Jb (it l2 ((RS-REPT)
05 s |y g e SobB oy 2e DAQYING-MBP 5 87 Jas (655 sldus Sl iz oS 5 ladis &5 sl Olis T
FCM-) C-means 3L .5 5 due S 5le (Y14) 0L 5 Hasanpour .c—sls 1, o s an s REPT & J-
315 OLESVR 5 ANFIS ANN SRC 4 o | (6 e simbas 5, 5das 8 26,5 a3tz SSL 45,1 sl (SVR
ANFIS-PSO wesisn b3, ey Jald ool esls clagzy ;5131 eslinal b alls ) s oY+ 1Y) 0LiSKan 5 Mehri
A it fasy a0 et S el Gy SBE 055 i ol GMDH 5 ANFIS ANFIS-GA
3L B ) il & G 65585 5 wmlin by 3155 0 ANFIS-PSO s, o

Al K Olizman (SSL) Glan sy UL 3> imba (NI sdootd lwdie o er s 6 lacs iy 55 L
e 28 wdde 4 Bl 5 g e liisg Ol sl s QWL T as e wibe Glodamy 5T las s 55 oy 4
by n i 5 bl O sl IS la Sy o3l SUII o il o0 o aizen (Soo K3 2 sladn b
ot SSL s sl 1o etle (58 5l sladite cllllan 51 sy oS Sl 53 i sdme gl sl T b 4
il S ol sty claeny s S e b s Shes Silote aglin 5 2l sl Sl s SIS wiles S
nl posle s sy Lol s ol > XGBoost 5 Cubist LASSO QRNN CForest CTree .l
BT ol & il 0as 3 e SSL (g3lwdie 55 Jin (6 s ool 5 i S35 G S 5y (939 Sl
wo 5 OSL o oo bl ol Ses aglin 5 535 QL3I adllas ol ool ogn Sl (3 e Slenss 038
|y ool o i al ol 3515 WSS cpl e 5,15 A gy s 5 S35 slaais 555 ki s b Ol T
S e ) aslin S sladamn 53 SSL sty sl oile 5.8 ol Cibn (63,05, 0350 a3 )50
ol 6,80k Jaa s 235 5 LS s i ol Sl O oS5k sladie U U5 ey b ey ol
ke pl gl b s wliag, 4o wls, SSL i s> (LASSO, Cforest Ctree (grnn Cubist xgbTree)
5 s YONASY v a3 5l wlia, Ghee gy Sl 3l Yo 5 ed s Ol o390 adlllas Olgie 4 Oyl s QWL wlss
SSL ity 03 e 3303 Ll Ly (PCA) ol saaidsn 3BT (LT g 5l adllan ol s ool oas w S
5 oskd asad ilin (LT (slalan 5l oslisal b edle (6,80l sodite 5 Shas ay5 8 eslinal QWb wlss s, s <l
65 gp W€y il Gb ol 53w U aas bl s sadis e Lol sk (g e glls s
SSL w e «l» LASSO , Ctree (qrnn Cubist xgbTree ;| & coul oais u:JI)? Sl Jsls OlWllas Slosl s
S eslaal 45,

anfllan 3 ) g0 ddboie Y

sysn aibie ol odd dBly wia gl AVOY Sl 5l Ol 5o Ogs 8 dled 535, Ol sl s>
VY 5am 30V b aids YA gas 300 5 Jld dids V) 5o WS B aids § 5 a5 ¥8) QWb s UL ced s anlllas
g Sl FYA B e W DD wliag; T wo e 318 550 gl () JS2) ol sas il (B <ids
S e 38 e L 0T a5 Butos e o ol o VY 0T (555 :80n 5 ol e Ly Ja g

j)_ﬁJ\M&L&wdbbuwwﬁ-\-ojyﬂwjéf' J‘wﬂk{g';u»:‘d“-ﬁijQJijlcubbjyﬁb

AY



Sl sy b i 53 el (6,850 lad OKes 5 S, (sdhesee

ST ey clasle s ziny OT Olab Juab o5 ol e gk ¥4 O 6l gy dob ool g - 3,5 Lwl 6,8 g s
Lo aopm s Ul Faisl 5 &be 5 e oo FOF 5 AE 05 & alln Sl 5 &le 58 5 cpmiy sl e
A aallln 5550 ailate 53 s o Soke ity ooyl losls Luliwl Ly (Y1Y OSen 5 HOSSEINT) ol 2 Jon $+
e @ el 318 e a3 VA s Bl 5 58 8l 453 YV sl e ole s Loy sllan oSl o 58 5l 45

.b;dﬁjé|J4:JLE.#JJ}AOJ)W)‘MJ)A\/V1.:;ES})J‘)bkﬂj&ﬁAJ}AA.E.EJ.ALSJ{JK

36°21'0"N

36°10'30"N

§5 albaas  DEM (M)

$ b m High : 4380
Bl ~eedSy B4 Low: 1700
E @ s oy 0 35 7  14Kilometers
P ]

50°40'0"E 50°50'0"E 51°0'0"E 51°10'0"E
o3Uial 5 90 Lo 5 DWW =35y suT Wb s> Wl i Camd 30 1) IS5

#9393 g

Gilude & osliil 35 g0 Slaosls 48 pazs 9 S laT SJUT VY

O wlss g, sul assm 55 (SSL) s sy JU s s sl s opl o ealinul 5,50 (slaosls a5 seoes
Jla 51 ((EL) 630, S Sl s b sy 5 (0 6B ol (naad 50 Uk lay oy o2 slosls 1 ol
G o3l wl ML gladis (O30T do )3 Y0 5 Sosa] Ao s VO s 5 @) LialasT 5 i5sel lp YONA L Yoon
O JS—) DWWl 5T 05 (5 02 Sl Sl (a0 oKyl 1 Blan oy 5 a5 2 sesls S
osls 3 8 15 sl 3550 o G sadde Sl sl 5T pe Sl 5 O Ol (glailate T Olejl
(Il 4335 \F 5 ax 3 P8 5 L0 aids 51 5 ar 0 80) by om OLL ol i 51 OWL 5T e Sl
AF> Ve 54z ¥E 5 (S0 B I VA 54z 300 ) Ol 5 (Jlad 3o VY 5 4 a0 Y8 5 (3,0 4d 3588 5 4000 ) Olyo
Ko T cwns GIS i) ¢S 3 Cowtd lojlsale o olas IUT 5 b 51 o el poomen a s L;J)T@? (s
an3 g O O 6l 3T adsm s 1y o 031l cbolSnyl Conign (V)

AN



AF-YE AFE e (V) Vo

sl alu b gl fagn

o5l S)9h Jﬁ u.a>\..»3 L;"UJL«’ dbo:l; 48 gama ‘(SSL) Ofl:.n;.)}_.«u JL: c(Q) 433:3) <° A.SUj) L5JLAT Slelbl

(Sd) ,lae ol ‘&wﬁ;gﬁ ol Wosls as gammn (gl (olT (sl el .l ol i 03,57 (V) Jgdr 3 ol aalllas o

T wale 7 laosls gy 05057 5 (EsaT (slbassama Ly ool s (in ol (1 Jpir) Jilam 5 ST
S s o Sles o g S b wlg@l;swju (V44Y (MASEEIS) ol o9 00 das o S 1) ol

Jlas Slasl lada (V438 Johnson  ToKar) w5 sbOs s Jde ST (gl esliul 5550 (claosls o3 9ume 51 51,3

ol &S Il s ol OsasT 5 555aT 3ls assamma 93 2 53 (Q (B1)) 5o, K Lmb L 9o 5 (Q) wlis, oo (SO)

S el 3 bl Oga3T 690 51 28T 55501 0553 gl (SSLA1) 55, G sl b s b 5 5 SSL s ¢l
oozl os93 ) i Oga3T 0,95 45 SSL-1 ,SSL Q (t-1) Q @istf & Jds b g WS (Snow index)

C—adu_»

Py, Sl =

S
Ctree <l
qrnn
sCubist
sl

L lad
Caret
4.3.2 s

o315 48 gazms ploi 5 (oialo)T ¢ ) 5o slamosls bl alls Y Jgutr

Syl B ymsl Kl S Bl LT b sl
Training set (152)

\W/4e \Y/A\ VAIYA /Y Q (m¥71)

VSAYAA NAZVARNEAR A XV SRR VA A SSL (ton/day)
VE/0 \Y/F4 VA/YA e Q (t-1)

VEAY/AA VVA/EA AYYAL/EY e SSL-1
v/ AN Y&/ +/++ Rainfall (mm)- Zidasht station
v/a £/AQ Y/ «/++ Cumulative precipitation (mm)
f/v4 AL Yo/e */++ Rainfall (mm) — Jazinan station
Ve /20 v/ Y $\/o e Cumulative Rainfall (mm)
A0 Y/YY ¥4/ AR Rainfall (mm)- Dizan station
\Y/5 \Y/YY VAR e Cumulative Rainfall (mm)
YV/+ AR Va/ao e Snow index

Testing set (51)

\F/AY \W/YA av/ss Y/YY Q (M%)

\VE4/Y0 ASA/FY  VEIYA/SY VY SSL (ton/day)
(L7AL \W/YS  av/ss Y/YY Q (t-1)

\sa/Ne ASO/FA  VAYAISY /YN SSL-1
VY Y/0A YY/§e */++ Rainfall (mm)- Zidasht station
Va/+4 \Y/sY B4/f */++ Cumulative precipitation (mm)
VY Y/0A YY/§e */++ Rainfall (mm) — Jazinan station
Va/+a \Y/5Y 84/§+ e Cumulative Rainfall (mm)
AIVY Y/v4 OA/ e Rainfall (mm)- Dizan station
Y+ /a0 VY/AA INTAR AN Cumulative Rainfall (mm)
Yo /XY VWY Ve e e Snow index
\Y/AY \Y/Y av/fs Y/YY All data set (203)

A4

ol 2ty 5saT 695 s 580k (SNOW index) oy Latls s Ll .o

Cforest .
LASSO
xgbTree

silwesly

Qs )l eslazal

R
RENFEN



Bl Cgmy b e 8 il 6,850 slads OKes 5 S, (sdhesee

ada ol \F/Af \Y/sa VAIYAY \/YY Q (m3s?) e oale
w1y U051 \STA/B) AO/VF AYYALVE YT SSL (ton/day) ey i
S s \¥/40 VY/SE VAIYAY e Q(t-1) by "
\SEA/OF AB/SA AYYFO/VE e SSL (t-1)

f/5¥ /vy vY/¢ */++ Rainfall (mm)- Zidasht station

\o/f5 $IAD 04/f */++ Cumulative precipitation (mm)

8/10 V/54 vY/§ */++ Rainfall (mm) — Jazinan station

\Y/YA NSV £ oo Cumulative Rainfall (mm)

$/4 Y/vs A AR Rainfall (mm)- Dizan station

V0/54 VY/EA AY e Cumulative Rainfall (mm)

Yo/vy Yo/af Va/ofv e Snow index

),\.5@ r.&aljﬁ s r.f...,a} L;Lég:,évs\.:w‘\.b); b LQJ:"““.‘"' 6)?.’)‘1):“"""‘ €34 4.:..;)3 O)AJT uja-)\:- b 4Ctl’ee,\m@
o oL ol 5l CForest (vva 1K sHothorn ) 5,57 NP ERRCIR: Gl Caeal 5,00 53 s O
At Lol Slaj o s QINN (Y0¥ OLSKa 5 LUO) wisy 55 w,T@q Gb O i 5 Shas 55 00
- - Z . & - -, - - . -

Sar 5 Ky Lol s b 28 OBas e (b w58 S S 6 Gl gl i 5l 518 S e S
L e 1S o o3l 1) adis uie Sl plsl 5 uls 0387 S5 58 L LASSO (Y vy 0L Kes 5 L) 55l
Ly, e s Cubist cladas (Y15 O Kaa s Muthukrishnan) aise s e UG sbol b claesls 4 gazs 55 03 94
u’)b&.q.a} HOUborg) J.:.QJ@ aﬁbl ub}UﬁK L;Lad.u Lv 4.....3‘\.3; B \J L;\A.’:él.i RPY] Qﬁ)).&.‘ub 6)34"‘ ub;-)“& QU.AL-.?)
GL&M}QQJ\;%}ZJU?JE-J::JJA.:;.,\.Lclcﬁ,u»lo.\.wC}b)ybﬂw}&bl{‘}zj:wgcxcsBoost(Y'\/\
o ol dae Olisl (Y VY 0L s MA) Wl o s s iy Gl (sby s ab iy b e o L;J'Lwr&u

.>J\>u<;,..3°u L;_)L»JJ.A hﬁ‘}‘) j%}@o)l) C,:.ﬁba 4% S48 6&””&‘“4&)‘ 4‘3:.2:&‘ u.alé- LSLQJI’:’
wbe cCilisen sladae 5 Shee g s .ol 55; Sbul g due aslie iy dadas 5 g5 las gozea 5l o:L&;‘mngib o e
‘ui‘f c}U& RUY J&»:T &Loj.‘u Nty Wm 'h.’l}J} Wesls Sy98 b &L&M .\.:‘}3@ ‘XGBOOSt3CFOreSt

- - . - - Z s - . . - -
bl > JS7 oSl 5 05 55 4 e Wl5 0 LT 85 8 o tas Gob Sl dae cpin Sl b oS S
L@TWL@JBijwwwuwm?l,\?%ye.gdm,g%;Lw;\gﬁﬁjdl.ap»bdm&ﬁ@
Selr s 5 4528 xl55 0 XGBOOSt oo s o ,t5 L CTIEE (¢ ds s oS 5 oJlin Olgie 4 cdas o 2alS |,
‘J@Lﬁob&cMJ&Aj\JHJdﬁL&J&&'L@Jdudu\ﬂj\ijob)fjmjbcwlﬁbMJJIJ‘&JJ‘G‘&Q}J}

S o 5k ek (ilede a5l mul (6l

SSL il Jie )0 cmlin slass 959 Ol Y
(Y1) OLIKen 5 Gholami) el ML slagzy ;580155087 o ST ol 51 (S 3305 slowinn b (S s ol
5 LU) ol 5 5500 6305 sl slaws 2alS 5 das (63505 olelid sl S50 s, (PCA) Lol ailis oo
s Dol Sl ool e o Sl esos sl (S 2 sl Ol b PCA o s (118 01K
S i wibls e S o 5 L PCA (Yo s OLSa 5 NOOKT) 5,87 oslinul s ite gy oS shitass 5 5,0

Kaiser-Meyer- jlxs .l o Sy o570 & ‘LJ? podlas sl p eSSl eslizal g:.w oSl S s

q.



AFSAE QS e o(AY) Vo ) e pule B gl g

o ol S S 3 KMO T s oty (V) alaly Sl o3l b baosls <uliS iy s .Melkin (KMO)

(T 0L 5 Darabi) wsl & mie bl ol (Kan & ol ol xa

Y (correlation)?
Y.(correlation)?+Y.(partial correlation)?

KMO =

\ oyl

o b i oy Kaan 3 /50 kie KMO caddllan oyl s asl +/0 b KMO lide filis colusl b

(+12) @l o5 Soemd pslin aled adllas sl s (Y18 OLKes 5 LUY 553 o, s otz USCin 515 540

S @YOA) O s Nosrati b s Jool adse 53, 5l Pl os e CEI sy e ki SSia a3 503y
A5 ploil STATISTICA V.16.0 (StatSoft, 2016) i sslical L (o5baT sla Lo 5 4235 pla ol o

bdue 3 Shes o) sl jlwe ¥

OLSea 5 DAWSON) 1l (550 o miie olad Conle 4 ax 5 b asly asls SO elel L 4 die b5
@i Gl @l el a5l el ool s s s (YA QL Khosravi :¥. v\ (0, 5 ldrees :y..v
553ks (RMSE) s ol o :Kls a2y Jals) Solmil Slns 53 Jals &8 .5 osliad ML cladiae aglin 5 5 Shas
sk 4 Grmes i (NSE) N GGl — 25 LS 8) osesp xS ol o S 5 (MAE) llae s
sdis 5> Slas (5 par S 3 03,57 Sz 4 Gl o5 T Slasbas osle o gladias 5 Slas alis 5 L5
Sls 50 5 (o slalspes oY) TAYION) joks lals god 51 (oS5 canlllan 5 g ailan )3 SSL o i sl (b
ST IS s il 5k sladis buy slbisg, SSL b 5le Jas sl ol Jole b5 S eslinal SasTl,

ol 0l

1 Nash-Sutcliffe (NSE)

a9



Sl sy b i 53 el (6,850 lad OKes 5 S, (sdhesee

Effective variables on

55L:

* River discharge ‘ SSL data |

* Rainfall | I

» Cumulative rainfall | Train data (75%) || Test data (25%) |
+ Snow index

r

Model performance

Selection of appropriate assessment by:
inputs for ML models ’
‘ ‘.ﬂr..-_--_u:u_"_- :"_"_".:",‘ ii--ﬁ;\‘-'s-é--i
{1 Statistical |, | !
Machine Learning models: ! | measures | - 2. NSE !
: i

Xgbtree, Cubist, qrnn,
Cforest, Ctree, Lasso

H o= 1

& § e L} 1. Temporal !

* 1 Visual plots :_..p i variationgraphsi

- - = | " i H

SSL prediction o | i 12 Scatterplots |

sl S, 10 gei 1Y S

Sou g mli-¥
SSL. i i Slamdue 6335 Sla yuiio - F
o 033 3lin Jols (PC) el gn sl S35 deT Coms & 035 Jliin Vo o(KMO) dslas > 31
i g0 4w &S sls Olzs PCA 2B dodr a5 bl odd ST Jgar 3 read (il ly Sl 5 bl
O 1y 65909 oot milily ST Comd Sl o n Ve Sos 35 ) < oy uolie L (PCL-PC3) Jyl \ Lol
PCA 55,8 G b jl S’ o oLl L PC LK ol s & s ol copl o oslle (Y Jsir) was oo
(¥ daim) anT o s
oaria S sb 4l o osls OLss cubys 55 b el ge L85 3 s iz 0 5 50 () Jsr o
YISl i o W13 PCL s 1y 3T o i (1) 55, <SG 2B b (SSL) Gles g b 5 (Q) (o5 8
R Ol o 9 Sl °L<l~“ﬁ‘ j-ﬁ)\e R et gk Jall ) (63950 sla e (Wbl laens as s
ab o Jald 1y (63508 sl wols sl S doss YV/SA Sl i 487 505 (PC2) pss adlsn 5 ST
bl 513 WV Ly i (VYY) o o3y 5 i 0 58558 4 by n (PC3) psm ol 450 e 05l
Slelbl b 5,8 55 Olysr 5 cilys ol areos 0L @ilia) (o5 Ll cod as e kS5 1, S
S5 cade (65,5 Olge & Il 4l go aw callin ol Lo (¥ ) 3,87 Cows 4 dgdor ol 31 Ol o |y Wnaid 5o

wjbcdjb,a}ujjflﬁM&J}J}WOJUL:AJ‘JJ}&M Ju.‘\.&s.)l;;’bl (Y‘ d)b)PCA dJuﬁ wu‘jwlﬁ

" principal components

qy



AFSAE QS e o(AY) Vo ) e pule B gl g

uL>-‘J.A@Lﬂ.ﬁﬁ@b%ﬁjéjcéﬁj‘gﬁléld}ﬂ@ﬁdj)ﬁGQko@lMJJde@ko@|

sl ol cJJ)Tf Jea> s PCA oo b gl cla s by bl LS):'?"LE. cldas O}ﬁjT} Q"J}“T

o 3wl ol ol 3o o 5 T .Y >

Cumulative variance proportion Variance proportion Eigenvalue PCs

A% v/ \Wiay PC 1
av/an Y\/SA \IAN PC 2
£4/55 AR VAV PC3
VAIVAY AVARAY </ANY PC 4
AS/OVY V/VA- /YVA PC5
4+/44f £/£Y) JEEY PC 6
AF/A 0 ¥/IANY J¥AN PC7
av/ast AR ¥\ PC 8
44/8+4 \/af0 AT PC9

Yoo /54 /54 PC 10

Uikw.»hﬂjhoﬁjﬁbuﬁjLhJ..}u(PCA)W\A.&J}aJ.:l’J)!Jm.VJjA’,'

Communalities PC3 PC?2 PC1 Parameter
VA A% N /550 Q (m's™)
AL YA AR /8% Q(t-1)
VIA YA — V50 V/ANS SSL (ton/day) (t-1)
VA XS CJAFA /88 Rainfall (mm)- Zidasht station
VA CJAVA VY A Cumulative Rainfall (mm)
VA NITX: VAY R Rainfall (mm) - Jazinan station
YR VAN CYYA M Cumulative Rainfall (mm)
/av ATV VAT Y Rainfall (mm)- Dizan station
/S§ CVER /Y00 R Cumulative Rainfall (mm)
YV e —o/NEY —/fAY Snow index
VY Y/\Y Y/s¥ Eigenvalue
VA/VA Y\/SA ¥S/YY % Total variance
(Variance proportion)
£4/88 av/ao YS/YY Cumulative % variance

(Cumulative variance
proportion)

qy



Bl Cgmy b e 8 il 6,850 slads OKes 5 S, (sdhesee

SSL oS o oy adibe 5 Shas 03,1 Y- F
cbdas sl s S anlin 5 Jlesl O eb s 55 SSL ot sl b ML due i 5 Shae L5l 2ass
b ela 5l eslemd L bdas .us XgbTree 5 grnn (LASSO Cubist Cforest (Ctree da |oli ML
o Tl polie b awslis 5 oLl aalesT 5 25ael lae,ss 4> MAE 3 NSE RMSE dex I (o UT
&l s MAE 3 NSE RMSE ;slis «(F) Jods b ool oad 03,57 (F) Jgdr 53 e bow sy saT s
S5 ol sl el )l 6l 13 /AY 5 /AL 5 S/AY B -ST/VE SVA/AV U VAN a3 gume 53 o5 5 4 Clorest
Jbe ol sl osg +/AY B /AT 50 B AY/0Y SYE/FA B O Y/AY osgdoes 3 oob 5« Ctree dus ¢l 5 ol
OVO/TY o5 5 4 LASSO Jus (gl o /A4 5 /A5 5 —Y\/VY 5 —0V/AA ¥ /F5 B \YO/ME 5l s 5 4 Lubist
5 -YE/EN B -AV/VE FF/AD U VAT/AS 5155 4 N Jus gl s o /AN G JAY 50 B oY/ 0AY/AA G
FONEY B AUV Gl o3l s 5w edd ST ol bzl xghTree due ol ccole 5o +/48 b +/as

Wl VG /AY ) B -08/08
sl grnn 5 Cubist xghTree Jdus &8 <ol s Ol T2 % oz ol 5ol laslas plad @ a5 L
=\) Cubist «( R%=\) xgbTree Jus Sl &l i Jls e 45 a5 o s LASSO , Corest (Ctree ladus 51z
G dsb 3 odd Cd Cguy eolie 5l g5 LB Ol asl Lo oF :dsus @-b-C-v ISS2) (R%=+/44) grnn 5 (R?
5N /AT L ol o e R? lais) LASSO , Cforest (Cree (sladas ¢ blis 55 oS o odalie (35501
ssb o (d-e-f oy JSK8) wS e sl i oS s 1 etdeanlin gy )5S palts Hsb 4 (/M
33 3w sn gy U Sl 4 ol (San o ls SSL Ul yolin 3,8 (S s Loy adue ol ¢ IS
UL SSL pslis JS j5b a0 (B5saT 0553 el s5ade (V) Jod 5l a8 shilan 358 osls o 255aT 0590
Sy Jold bl o s b amlin s I,

ladue 51 208" ey QAN 5 Cubist xgbTree Jus 51 2oleT o)55 gl RMSE Ly alis plos s cgw )l
RMSE ;5lis 3538 cpl 53 (F :dgd>) g 5UL abg w NSE 9 R? ,i5ls 5 254 LASSO 4 Cforest (Ctree
osle 5,8 55T 1) Glae oguy LU i Ui S G854 5 /A S ¥V/EY (5 o XghTree Jus o s R? 5
2l il bdi ule 4 Cons 1 (R2 =0 /AY 5 RMSE= 08%/A) ot (n Fions LASSOs ¢l
Cforest Ctree qrnn «Cubist xghTree cladis w5 odeTwds RMSE Li5lin 5 120 45 das o OLEs Slslons
o5 4 MAE slie o mg .ol 03F/AA 5 SVA/NN 0 Y/AY FFA/AD Y /F5 &V /SY o5 5 4 LASSO
A5 /A8 /A o5 o NSE slis o g 5 died Voo /¥ 5 SE/VE AY/BY AS/VS —0V/AA —05/04
(F i gds) dea /AN 9 /A 0 /AY

slbes grnn , Cubist xghTree Jus 57 il s Ol o T390 & ot Gl 5ol sobae plod @ ez 53 L
( R%=Y) xgbTree dus Sl &lis Jlssed 55 .48 s Jos LASSO 5 Cforest Ctree cladus 5l g
i Cof gy palie 5l g s LB Olasl b of :d g @-b-c-v Ks) (R%=+/48) grnn 5 (R?=\ )Cubist
b »ls o Sa R? Jlaie) LASSO , Cforest Ctree sladis ¢ blin s oS’ o5 odalin (55587 (5 dsb 3

af



AFSAE QS e o(AY) Vo ) e pule B gl g

d-e-—Y’ J.{.ﬂ) JJJ.{& JJﬁTﬁMl‘.’.V‘{wb IJ onaMLwe S ) Lgu}_)){) rﬁ‘JﬁJ}lﬂb('//\/\j'/Aa c'//\f
s Ul il 4 el (Son o e ls SSL Ul pslia (588 oS s s L3 adus ) o IS 55b w0 (f
xbuﬂg}{J}LQ&j}ﬁT 0,95 ol 3sgia (V) Jads 5l S ghilan 545 a:lscﬁ?..duij)ﬁlp 0193 )3 Sg>a

2yl o L}ALN GQLAJ'T 095 b awslas 51, o 5UL SSL

0315 48 gz 93 2 & Wwdite 3 Shos b))l ¥ Jgur

Test (51) Train (152) Model
R? MAE NSE RMSE R? MAE NSE RMSE
/Ay _$¥/Vs /Ay YA/ VJAD s/av “IAD £V4/4V Cforest
/Y -\v/aY /Y B Y/AY /NS e JAS SYE/EA Ctree
AN ~0V/AA Ay Yy /fs AR -YA/VY /44 \YO/v§ Cubist
/Y ey JAA OAY/AA /AA e N ova/fy LASSO
AN -AAJVS Ay ¥£4/A0 AN R ATAR /44 TR qrnn
/AN —08/0% AV vo/sy Vo e Vo 14/Va xgbTree

Ctree ladas I S Lus grnn 5 Cubist xgbTree Jus 51 o1 o, 93 s RMSE 5l (L«: ‘)i,”g Sl
R? 5 RMSE 5lis 3550 opl 53 (F :Jsas) S350 5UL abg a NSE 5 R? ,5lis 5 L35 LASSO 5 Cforest «
sosle 5,8 55T 1y Gl s b g e oSG8 &S 5 /AN 5 ¥OV/SY L 5w XgbTree Jus (ol
Slaslrs ol bdas b cos | (R?=1/4Y 5 RMSE= 04Y/AA) o i op Sins LASSOJuas ¢y
Cforest (Ctree qrnn «Cubist xgbTree ladas bus saslewn RMSE slie op iz o5 das s Ol
5 MAE olis o e .Sl OAY/AA 5 SVA/NY @0 Y/AY XFR/A0 &Y /S8 &V /SY (5 5 4 LASSO
¢ /A5 /A8 ¢ /A o5 5 4 NSE slis o g g ks Voo /¥ 5 —SE/VE AY/OY AV/VE OV /AN —05/04

(F :dsds) dmd /AN 5 +/AF /A

0



Glas O guy 5l i 53 el (6,550 sadae

C}'J&AA K} @Kﬂ‘) "g.\w

14000 14000
xgbTree (Train dataset) b
12000 a Observed 12000
----- Predicted
10000 10000
= 8000 = 8000
8 |
S S
3 6000 3 6000
17} @0
7] 7]
4000 4000
2000 2000
0 + 0 4
1/3/2000 1/3/2002 1/3/2004 1/3/2006 1/3/2008 1/3/2010 1372012 1/3/2000 1/3/2002 1/3/2004 1/3/2006 1/3/2008
Time (day) Time (day)
14000
C grnn (Train dataset) 14000 -
12000 Observed d
----- Predicted 1200074
10000
. 10000 -
s -
< 8000 &
3 T 8000 A
3 q
= 6000 g
7 3 6000
7] w
w
4000 4000 -
2000 2000 A
0
1/3/2000 1/3/2002 1/3/2004 1/3/2006 1/3/2008

SSL (ton/day)

14000

12000

10000

8000

6000

4000

2000

0 4
1/3/2000 1/3/2002 1/3/2004 1/3/2006 1/3/2008 1/3/2010

1/3/2012
Time (day)

ctree (Train dataset)

== Observed
----- Predicted

0 4
1/3/2000 1/3/2002 132004 1/3/2006 1/3/2008 1/3/2010

1/3/2012
Time (day)

SSL (ton/day)

Cubist (Train dataset)

Observed
----- Predicted

1/3/2010 1/3/2012

Cforest (Train dataset)
e Observed

----- Predicted

1/3/2010 1372012

Time (day)
14000
f LASSO (Train dataset)
12000 e Ohserved
————— Predicted
10000
8000
6000
4000
2000 i
0
0 2s 5 A
1/3/2000 1/3/2002 1/3/2004 1/3/2006 1/3/2008 1/3/2010 1/3/2012
Time (day)

i g 33 SidE om0y 53 55 3T 0315 48 semms ¢ ML sladibe Lo 5 0k iy iy 3 0k oalin SSL 1 dlis ¥ 0

OoWb A3L7'>})

Cforest (Ctree qrnn Cubist xgbTree (cladus jl saaT Cwsas 0l s iy 3 0 0aalin SSL yslaa () IS

(wlﬁQM)j&flﬂdLﬁ)lJ}N}(UbW)@lﬁ)Q‘M&LQJ‘J}N&.,JGJ} wLﬁJTo_}jéélijA8803

XghTree sladus (sl (oesS 5 odd odalin SSL uslie o 1 (S35 35 msds @ Walssed aas 0 O

cx.:{& oS o=l e UL clads o2 Coidgn L adua o) .(a-b-c-¢ Ji.i-) AL o 0lis grnn Cubist «
JJ.AA@OL&SW}\;&AL;A;flﬁ)b}d.cﬂ»lA}W%;y)x>&ﬁ&:§j?rfcﬂuduwgul?g—f\
Ji.z)cwlowoxfljM%ﬁéUlewbuwfijbblﬁ @)’QSSL ouwwxau.n
S5 4, fO s L 4 S ST, s lssas 55 qrnn 5 Cubist xghTree b s ol (a-b-c-f
S Je sl ol adllas s bdae ol o e LB UL Cb.u okasOlis S s bWde ple
3 9 (,{ Cans 1 B, x5 B sb o bdis 5 x5S Sl Lans =5 LASSO ; Cforest Ctree (sladu

a5



AFSAE QS e o(AY) Vo ) e pule B gl g

LASSO , Cforest «Ctree cladas SSL &ljs, slie jl S/ 5l i s iy 53,5 3551 5 2y (63,09

(-5 US5) 555 0 eys STy Jlopas 5 3L 5 0 (slals sas S| Gl
I, SSL Luwsie 5 b nolie (R%= +/214) Ctree 5 (R%= +/a¥Y) Cforest claduas «5 das o 0Lz (d-f) £ s
S Gt S 1 SSL UL uslie pglas sb 4 OT &7 Jlo s et oo oy o 5l 28T L Sl i
—F JSKE) WS 0 555T e oS s 1 dagme 5 UL SSL palis pslte b s (R2= +/AYF) LASSO dus (S
LG () dads 2 a5 bl e iy 25 s (RMSE= 04Y/M ) LASSO Jas dladute oy 3 (8
okd s e 9 ok odalin SSL SuST clajlsged 5 Sl Sl balsges 3 2t Ol o 1y ol S
B 5o S 4 e aan (el Og 5 bt 5l am s B Ol e 3,8 sanlin (@)-(F) £ s s
& @grnn 4 Cubist xghTree Jus 5l eslawl b esT s 2B s 4wl askis JB s Vf/’\" 5 i

Sl cllas (F) Jodr s e S0 dde b5l sl slae 51 eslimal b sasTsa zw

v



Ghae e 5k Gt 03 edle oSk slad

Ol ‘;ﬂiﬂ) S Haes

8000

8000 -
xgbTree (Test dataset) b .
7000 a Cubist (Test dataset)
e Observed 7000 4
e Ob served
ot 020202020 Prediced 4 | Predicted
6000 redicle
“25000
By 25000 -
§ 5
<
S4000
< ica4000 q
2 <
]
®3000
3000
2000
2000 -
1000
1000 4
o o= o3
1-Dec-2013 1-Aug-2014  1-Apr-2015 1-Dec-2015 1-Aug-2016 1-Apr-2017 1-Dec-2017 1-Aug-2018 0+
. R 1-Dec-2013  1-Aug-2014  1-Apr-2015  1-Dec-2015  1-Aug-2016  1-Apr-2017  1-Dec-2017  1-Aung-2018
Time (day) 3
Time (day)
8001
7000 4
T008 xghTree (Test dataset’
g @ ) @ i Cubist (Test datasef)
6000 4
° 5000 1 ®
. 5000 - ~
g A
B 4000 = 4000 4
g 2
2 i
=]
g 3000 1 Z 2000 |
-
E y =0.9034% + 36.638 & [ ] ¥=0.9218¢+ 23,663
g 2000 4 R*=0.9769 2 2000 RY= 0.9675
4 B
B 1000 -
1000 -
L}
1000 2000 3000 4000 5000 GO0 7000 3000 ] T T T T T T T J
1000 0 1000 2000 3000 4000 5000 G000 7000 8000
- Observed SSL (ton/d
Observed SSL (ton/day) ser (toniday)
8000
8000
C grnn (Test dataset) d Cforest (Test dataset)
7000 4
Observed 7000 Ohserved
Predictea ) 4 0 Predicted
6000 4 redicte ‘
5000
o 5000
(3 '|‘ EZSDDD 1
3 ! e}
& 4 | E 4000
< & 4000 1
= |
@ w
@ 3000 @ 3000 |
2000 2000
\
v
1000 1000 4
\
A
o4 i 2 AN o
1-Dec-2013  1-Aug-2014  1-Apr-2015  1-Dec-2015  1-Ang-2016  1-Apr-2017  1-Dec-2017  1-Aug-2018 1-Dec-2013  1-Ang-2014  1-Apr-2015  1-Dec-2015  1-Ang2016  1-Apr-2017  1-Dec-2017  1-Aug-2018
Time (day) Time (day)
TO00 ooe
000 4 qrnn (Test dataset) Cforest (Test dataset)
5000
] ® e
5000 -
000
T 4000 - 5
o =
3 3 oo
E =
< 3000 2
e 2 3000
@ E
= 2000 4 £
E 2000 ¥ =0.8999x + 6.8868 2 om L ¥ =0.8769 + 54.034
] R?=0.9675 o R*=0.9323
2
& 1000 4
& 1000
L1} T T T T T T T 1
1000 2000 3000 4000 5000 G000 7000 3000 o
0 1000 2000 3000 4000 s000 6000 7000 s0t0
1000 Observed SSL (ton/day)
Observed S8L (tonfday)

S8 6o y13 505 b ol yan ¢ iy la)T 0313 48 gazms 1y ML sladuts ) oo T o o coli iy i 3 0ok otalia SSL. jy3lis .§ K
O 61555y 50T ad g 53 Sl o) 55 WOT Bl

A



AFSAE QS e o(AY) Vo ) e pule B gl g

sl (0 JK2) w35 @bl sk sl sed 5lesll b1, LOT dadas 5 Shae i Jos sl
sBosls asgaze wlal 3 ML gladus &35 L)1 gl s slgiy (Yoo (Taylor) bug o ) shilea ks
0313 48 gazes (gl Hshd S5 50 4 a5 Ll wsle (D=0 JK2) (2aleiT (cWosls ae gazmn 5 (30 JS5) (25 50T
A\« 5 4 LASSO , Cforest Ctree qrnn «Cubist xghTree cladas ¢l (r) ui.w -S|
OVO/TY 5 SVA/AV SYE/TA AAT/AS AYA/FT AA/VE 5 5 « RMSE i5lie 5 .csl +/4F 5+ /Y /Y +/44
S 53) xghTree Jus &5 aas o Olas iolasT 5 )T slaosls as gazms s (0 JSK&) Jsks sl ls gad izt
RMSE , (Test=0/99 <Train=1) ;UL Krwwos oo clils 55 cladie 4 Copmd (o5 tnlin Olis &
ol oalin 4 sy skl Ol glils xgbTree &5 sl .ol (Test=301.63 ¢Train=19.75) :.8
qrnn 5 Cubist cladis e s odd odlin 51 zaS 5 ksl Ol sl glyls Jip cbdis & J sl
ol ks a5l 5K 5 oddedalin slis 4 5 X4l o 2g 35 LASSO 5 Cforest (Ctree cladus a0 <o
o5l & Wil 5 s LASSO Cforest «Ctree ladus &5 aas o O opl o5 S salin 55 (8) S8 55 Ol o 1y
S oS o Shes (0 JSK8) Hsks lals el casllr j5b @S o e | sddedalia laesls s Slleg SIS
Gl gas by o ghilen S o 0B SSL i L3 L AN 5 Cubist sladus aslsl s> 5 XgbTree Jus
Jos & 5 ol Jde s 5 383 XDTrEE Jo ¢ IS 5o 4y ol 0ad Lot S8y ol ges 5 Sl Ol s
5,15 | 5 LASSO> Cforest >Ctree >qrnn >Cubist ¢ladas OT

2500

1500 2000
2000

1500

1000
1000

500
500

0 500 1000 1500 2000 0 500 1000 1500 2000 2500
Standard deviation Standard deviation

T iy B L i lo3T slaosls a8 sazes (0 9 ¢ o) 30T 20315 a8 guzms (8 ML ladie 5 Shos ob 351 1,0 5 shi Sbayls 505 .0 IS
za XgbTree s grnn (LASSO Cubist (Ctree (Cforest sladus owias 0L o5 4 jow 9 55 ol ¢ 3o 8

a4



Bl Cgmy b e 8 il 6,850 slads OKes 5 S, (sdhesee

6 7S doms
3 1, (LASSO , Cforest (Ctree (qrnn Cubist xghTree) il 83l Jan s s Shee adllas ]
cadas 8 das o i a5 S bl Ol OWb 5T a5 3 (SSL) Glae sy Jb s i
o35 53 LASSO , Cforest (Ctree sladuws & o i (¢ 2 s ie 5,5k grnn , Cubist xgbTree

o bt e 3 el lila) 68k s dde ol 513 LUls s am Wl s g5 cpl Als el SSL
(o osb a3l SSL 5 (Sl 5 O et Gl LBl Glan o) Ul e0) 52305 lb e
2 S e LA 5 s gadin 5 il oS5 L Cublist «0bsl 8 ey s, K1 5l eslis ol Ly xgbTree
b b sladia Sl g 1 SSL slaesls 53 s sn oot sl Sl il o el sl 4 S in
A8 gjledae 5 oLulis LASSO 5 Cforest CTree asbe osle s <3y (s

5 Wosls slul 28l Gy LT by, coos,s la_mine Ol ol (PCA) ool claad 5o 5JUT Sl eslizal
) o a5 Oy dlast 5 O5a5T o ta) b amlie 55 Ba, ool s o S0 b siie o 5 5 50 Ol
LS o Sl SSL s s sl 1y lellbl o i oS W ke 51 oS5 glulis @ g das s 2alS
55 r (FS) sl 4y 5,y bl 5 WE 05a3T aile gize sl oSS 3L LPCA mls aglin oJls
5 asda SSL (5ledan (sl ime DLl s, 0 st U Al ety T Slidd ¢ g s

ol 5l glon 5 T e byl s 53 SSL oy 2y SSL » alse 5 T s sl el 3b 4 an 5
56 —on 3 bl i Cilma (sla gl o SSL o ey bl ey T Dlllas ol s UL
5olhs, s 9 8l SSL i f ol e i8S 56 SSL L ab ca s asle e e
Wl g e mn n oodls b (iblis 3 035 4 ¢ JoSe Dlellbl Olgis w5 (sloylsale (laosls 5l aslin ul pizees
b ag Sude 5 5583 SSL ot sladis ey Gl gl el ) disy s 1 Gt S0
s e Sl alin 5T sbas e s O

S g Gl s

dupﬁiwﬁ' Bl g, Glae O 0l (G i dle Sl Olgie b (65 5l 035 (o5 i oyl
3l o (INSF) 0Lyl e o sy colom o £ 1A o)L L (O 5T i35 adlllan) (58 54

c\..e

1. Abrahart, R.J., White, S.M., 2001. Modeling sediment transfer in Malawi: comparing
backpropagation neural network solutions against a multiple linear regression benchmark
using small data sets. Physics and Chemistry of the Earth B 26 (1), 19-24.

2. Alp, M., Cigizoglu, H.K., 2007. Suspended sediment estimation by feed forward back
propagation method using hydro meteorological data. Environmental Modelling &
Software 22 (1), 2-13.

3. Bou-Fakhreddine, B., Mougharbel, 1., Faye, A., Abou Chakra, S., Pollet, Y., 2018. Daily
river flow prediction based on Two-Phase Constructive Fuzzy Systems Modeling: A case
of hydrological — meteorological measurements asymmetry. J. Hydrol. 558, 255-265.
https://doi.org/10.1016/j.jhydrol.2018.01.035.


https://doi.org/10.1016/j.jhydrol.2018.01.035
https://doi.org/10.1016/j.jhydrol.2018.01.035

AY=\

£ AFE le (V) Vo) e ol b sla jtags

10.

11.

12.

13.

14.

15.

16.

17.

18.

Chiang, J.-L., Tsai, Y.-S., (2011). Suspended sediment load estimate using support
vector machines in Kaoping river basin, in: Consumer Electronics, Communications and
Networks (CECNet), 2011 International Conference On. pp. 1750-1753.

Choubin, Bahram, Darabi, Hamid, Rahmati, Omid, Sajedi-Hosseini, Farzaneh, & Klgve,
Bjern. (2018). River suspended sediment modelling using the CART model: A
comparative study of machine learning techniques. Science of The Total Environment,
615, 272-281. doi: https://doi.org/10.1016/j.scitotenv.2017.09.293.

Cimen, M., 2016. Estimation of daily suspended sediments using support vector
machines. Hydrol. Sci. J. 6667.

Cobaner, M., Unal, B., Kisi, O., (2009). Suspended sediment concentration estimation
by an adaptive neuro-fuzzy and neural network approaches using hydrometeorological
data. J. Hydrol. 367, 52—61.

Darabi, H., Mohamadi, S., Karimidastenaei, S., Kisi, S., Ehteram, M., ELShafie, A.,
Torabi Haghighi, A., 2021. Prediction of daily suspended sediment load (SSL) using new
optimization algorithms and soft computing models. Soft Computing (2021) 25:7609—
7626, https://doi.org/10.1007/s00500-021-05721-5.

Dawson, Christian W, Abrahart, Robert J, & See, Linda M. (2007). HydroTest: a web-
based toolbox of evaluation metrics for the standardised assessment of hydrological
forecasts. Environmental Modelling & Software, 22(7), 1034-1052.

Diop, L., Bodian, A., Djaman, K., Yaseen, Z.M., Deo, R.C., El-shafie, A., Brown, L.C.,
(2018). The influence of climatic inputs on stream-flow pattern forecasting: case study
of Upper Senegal River. Environ. Earth Sci. 77, 182. https://doi.org/10.1007/s12665-
018-7376-8.

Gholami, Hamid, Mohammadifar, Aliakbar, Golzari, Shahram, Kaskaoutis, Dimitris G,
& Collins, Adrian L. (2021 b). Using the Boruta algorithm and deep learning models for
mapping land susceptibility to atmospheric dust emissions in Iran. Aeolian Research, 50,
100682.

Ghorbani, M.A., Deo, R.C., Yaseen, Z.M., H. Kashani, M., Mohammadi, B., 2017. Pan
evaporation prediction using a hybrid multilayer perceptron-firefly algorithm (MLP-
FFA) model: case study in North Iran. Theor. Appl. Climatol.
https://doi.org/10.1007/s00704- 017-2244-0

Haghighi AT, Darabi H, Shahedi K, Solaimani K, Klgve B (2019) A scenario-based
approach for assessing the hydrological impacts of land use and climate change in the
Marboreh Watershed. Iran. Environ Model Assess 25:1-17.

Hassanpour, F., et al., 2019. Development of the FCM-SVR hybrid model for estimating
the suspended sediment load. KSCE Journal of Civil Engineering, 23 (6), 2514-2523.
d0i:10.1007/s12205-019-1693-7.

Hosseini, Majid, Ghafouri, A., Amin, M., Tabatabaei, Mohsen, Goodarzi, Massoud, &
Abdeh Kolahchi, Abdolnabi. (2012). Effects of Land Use Changes on Water Balance in
Taleghan Catchment, Iran. Journal of Agricultural Science and Technology, 14, 1159-
1172.

Hothorn, T., Hornik, K., & Zeileis, A. (2015). ctree: Conditional inference trees. The
comprehensive R archive network, 8, 1-34.

Houborg, R., & McCabe, M. F. (2018). A hybrid training approach for leaf area index
estimation via Cubist and random forests machine-learning. ISPRS Journal of
Photogrammetry and Remote Sensing, 135, 173-188.

Idrees, M. B., Jehanzaib, M., Kim, D., Kim, T.D., 2021. Comprehensive evaluation of
machine learning models for suspended sediment load inflow prediction in a reservoir.
Stochastic Environmental Research and Risk Assessment

14


https://doi.org/10.1016/j.scitotenv.2017.09.293
https://doi.org/10.1007/s00500-021-05721-5
https://doi.org/10.1007/s12665-018-7376-8
https://doi.org/10.1007/s12665-018-7376-8
https://doi.org/10.1007/s00704-

Blas gy b i 53 el (6,850 lade OKes 5 S, (sdhesee

19.

20.

21.

22.

23.

24.

25.

26.

217.

28.
29.

30.

31.

32.

33.

34.

https://doi.org/10.1007/s00477-021-01982-6(0123456789().,-volV)(0123456789,-
(.volV).

Khan, A.l.,, Topping, B.H.V., Bahreininejad, A., 1993. Parallel training of neural
networks for finite element mesh generation. In: Topping, B.H.V., Khan, A.l. (Eds.),
Neural Networks and Combinatorial Optimization in Civil&Structural Engineering.
Civil-Comp Press, Edinburgh, pp. 81-94.

Khosravi, Khabat, Mao, Luca, Kisi, Ozgur, Yaseen, Zaher Mundher, & Shahid,
Shamsuddin. (2018). Quantifying hourly suspended sediment load using data mining
models: Case study of a glacierized Andean catchment in Chile. Journal of Hydrology,
567, 165-179. doi: https://doi.org/10.1016/j.jhydrol.2018.10.015.

Kisi, Ozgur, Dailr, Ali Hosseinzadeh, Cimen, Mesut, & Shiri, Jalal. (2012). Suspended
sediment modeling using genetic programming and soft computing techniques. Journal
of Hydrology, 450-451, 48-58. doi: https://doi.org/10.1016/j.jhydrol.2012.05.031.
Lafdani, E Kakaei, Nia, A Moghaddam, & Ahmadi, A. (2013). Daily suspended sediment
load prediction using artificial neural networks and support vector machines. Journal of
Hydrology, 478, 50-62.

Li, Y., Wang, Z., Han, R,, Shi, S., Li, J., Shang, R., ... & Gu, Y. (2023). Quantum
recurrent neural networks for sequential learning. Neural Networks, 166, 148-161.

Liu, Qian-Jin, Shi, Zhi-Hua, Fang, Nu-Fang, Zhu, Hua-De, & Ai, Lei. (2013). Modeling
the daily suspended sediment concentration in a hyperconcentrated river on the Loess
Plateau, China, using the Wavelet-ANN approach. Geomorphology, 186, 181-190. doi:
https://doi.org/10.1016/j.geomorph.2013.01.012.

Lu H, Meng Y, Yan K, Gao Z (2019) Kernel principal component analysis combining
rotation forest method for linearly inseparable data. Cogn Syst Res 53:111-122

Luo, Y., Xue, Y., Liu, W., Song, H., Huang, Y., Tang, G., ... & Sun, Z. (2022).
Development of diagnostic algorithm using machine learning for distinguishing between
active tuberculosis and latent tuberculosis infection. BMC Infectious Diseases, 22(1),
965.

Ma, J., Yu, Z., Qu, Y., Xu, J., & Cao, Y. (2020). Application of the XGBoost machine
learning method in PM2. 5 prediction: a case study of Shanghai. Aerosol and Air Quality
Research, 20(1), 128-138.

Masters, Timothy. (1993). Practical neural network recipes in C++: Morgan Kaufmann.
Mehri, Y., Nasrabadi, M., Omid, M.H., (2021). Prediction of suspended sediment
distributions using data mining algorithms. Ain Shams Engineering Journal,
https://doi.org/10.1016/j.asej.2021.02.034.

Melesse, A. M., Ahmad, S., McClain, M. E., Wang, X., & Lim, Y. H. (2011). Suspended
sediment load prediction of river systems: An artificial neural network approach.
Agricultural Water Management, 98(5), 855-866. doi:
https://doi.org/10.1016/j.agwat.2010.12.012.

Melesse, A., Jayachandran, K., Zhang, K., 2008. Modeling coastal eutrophication at
Florida Bay using neural networks. Journal of Coastal Research 24, 190-196.

MixSIR model. CATENA 164, 32-43.

Muthukrishnan, R., & Rohini, R. (2016, October). LASSO: A feature selection technique
in predictive modeling for machine learning. In 2016 IEEE international conference on
advances in computer applications (ICACA) (pp. 18-20). leee.

Nadiri, A.A., Gharekhani, M., Khatibi, R., Sadeghfam, S., Moghaddam, A.A., (2017).
Groundwater vulnerability indices conditioned by Supervised Intelligence Committee
Machine (SICM). Sci. Total Environ. 574, 691-706.
https://doi.org/10.1016/j.scitotenv.2016.09.093.

.Y


https://doi.org/10.1007/s00477-021-01982-6(0123456789().,-volV)(0123456789,-().volV)
https://doi.org/10.1007/s00477-021-01982-6(0123456789().,-volV)(0123456789,-().volV)
https://doi.org/10.1016/j.jhydrol.2018.10.015
https://doi.org/10.1016/j.jhydrol.2012.05.031
https://doi.org/10.1016/j.geomorph.2013.01.012
https://doi.org/10.1016/j.asej.2021.02.034
https://doi.org/10.1016/j.agwat.2010.12.012
https://doi.org/10.1016/j.scitotenv.2016.09.093
https://doi.org/10.1016/j.scitotenv.2016.09.093

AFSAE QS e o(AY) Vo ) e pule B gl g

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

Nagy, H.M., Watanabe, K., Hirano, M., 2002. Prediction of sediment load concentration
in rivers using artificial neural network model. Journal of Hydraulic Engineering 128 (6),
588-595.

Noori, R., Sabahi, M.S., Karbassi, A.R., Baghvand, A., Taati Zadeh, H., 2010d.
Multivariate statistical analysis of surface water quality based on correlations and
variations in the data set. Desalination 260, 129-136.

Nosrati, K., Collins, A.L., Madankan, M., 2018a. Fingerprinting sub-basin spatial
sediment sources using different multivariate statistical techniques and the Modified
Nosrati, Kazem, Mohammadi-Raigani, Zeinab, Haddadchi, Arman, & Collins, Adrian L.
(2021). Elucidating intra-storm variations in suspended sediment sources using a
Bayesian fingerprinting approach. Journal of Hydrology, 596, 126115. doi:
https://doi.org/10.1016/j.jhydrol.2021.126115.

Pourghasemi, H.R., Yousefi, S., Kornejady, A., Cerda, A., (2017). Performance
assessment of individual and ensemble data-mining techniques for gully erosion
modeling. Sci. Total Environ. 609, 764—775.

Rahul, Atul Kumar, Shivhare, Nikita, Kumar, Shashi, Dwivedi, Sumita, & Dikshit, P. K.
S. (2021). Modelling of Daily Suspended Sediment Concentration Using FFBPNN and
SVM Algorithms.

Raigani, Zeinab Mohammadi, Nosrati, Kazem, & Collins, Adrian L. (2019).
Fingerprinting sub-basin spatial sediment sources in a large Iranian catchment under dry-
land cultivation and rangeland farming: Combining geochemical tracers and weathering
indices. Journal of Hydrology: Regional Studies, 24, 100613. doi:
https://doi.org/10.1016/j.ejrh.2019.100613.

Rajaee, T., Nourani, V., Zounemat-Kermani, M., Kisi, O., (2011). River suspended
sediment load prediction: application of ANN and wavelet conjunction model. J. Hydrol.
Eng. 16 (8), 613-627.

Ren J, Zhao M, Zhang W, Xu Q, Yuan J, Dong B (2020) Impact of the construction of
cascade reservoirs on suspended sediment peak transport variation during flood events in
the Three Gorges Reservoir. CATENA 188:1044009.

Shojaeezadeh SA, Nikoo MR, McNamara JP, AghaKouchak A, Sadegh M (2018).
Stochastic modeling of suspended sediment load in alluvial rivers. Adv Water Resour
119:188-196.

Solomatine, D.P., Torres, L.A., 1996. Neural network approximation of a
hydrodynamicmodel. In: Optimizing Reservoir Operation, Proceedings of the Second
International Conference on Hydroinformatics , Zurich, pp. 201-206.

Tao, H., Diop, L., Bodian, A., Djaman, K., Ndiaye, P.M., Yaseen, Z.M., 2018. Reference
evapotranspiration prediction using hybridized fuzzy model with firefly algorithm:
Regional case study in Burkina Faso. Agric. Water Manag.

Taylor, Karl E. (2001). Summarizing multiple aspects of model performance in a single
diagram. Journal of Geophysical Research: Atmospheres, 106(D7), 7183-7192. doi:
https://doi.org/10.1029/2000JD900719

Tokar, A. Sezin, & Johnson, Peggy A. (1999). Rainfall-Runoff Modeling Using Acrtificial
Neural Networks. Journal of Hydrologic Engineering, 4(3), 232-239. doi:
doi:10.1061/(ASCE)1084-0699(1999)4:3(232)

Wen, C.G., Lee, C.S., (1998). A neural network approach to multi-objective
optimization for water quality management in a river basin. Water Resources Research
34 (3), 427-436.

Yang CT, Marsooli R, Aalami MT (2009). Evaluation of total load sediment transport
formulas using ANN. Int J Sedim Res 24(3):274-286.

oY


https://doi.org/10.1016/j.jhydrol.2021.126115
https://doi.org/10.1016/j.ejrh.2019.100613

Blas gy b i 53 el (6,850 lade OKes 5 S, (sdhesee

51. Yang, C.C., Prasher, S.O., Tan, C.S., 1998. An artificial neural network model for water
table management systems. In: Drainage in the 21st Century: Food Production and the
Environment. Proceedings of the Seventh International Drainage Symposium, Orlando,
Florida, USA, 8-10 March 1998, ASAE, St. Joseph, MI.

52. Yu, H., Wen, X,, Feng, Q., Deo, R.C,, Si, J., Wu, M., 2018. Comparative Study of
Hybrid- Wavelet Artificial Intelligence Models for Monthly Groundwater Depth
Forecasting in Extreme Arid Regions, Northwest China. Water Resour. Manag.
https://doi.org/10.1007/s11269-017-1811-6.

\of



