31 0alial b §5-395 b > (S3ke e g 319 BRI Ciliseo S K195 8 b3
Caile (S p5 3L (Sl 5o

b& wL& desS;- a}w—ﬂ‘ ‘Y@UJJJJ }b-\.w LMAJ}.L g;"}: Cpe= 4‘6)\}}.“» d{.:v,:n mr

Ol et 3 o8ty (655 5aS” 0aStils (T pumdige 038 ¢ 0T (ool (5 75 (g ol =)
torabi.ha@Ilu.ac.ir ol 1 ot ol&aits ¢(g5,5LaS" 0dSiils (T puntign 03 8 sl o st ok 5 =Y
Ol Ol Y o815 ¢ pwdign 5 5 oAl ¢ 5 pmnlS pwdign 0y S HLisls -

Ol Ol J o815 (655518 0dSLtils (T owikigo 038 sbwl =¥

.Q\jﬁl th.wj! eli.id\; céj)jl.if RLEHE “.;T g ejjf )L_\.."“Sl: -0

! ey LG (b s

oS>

S ol (b (Floj Olpmdi g (b e by (e Jdar (K jglg e sailbolw ;5 Ay, b2 38> Swode
Sl 03 5wS yebay  hd ped bulyy (glwdie y5 (o1Ulgh Juddas (ile (555l (St 1! 3900 o0 gmwine (il (ily
ok C8 Bl g Jue (S Rl carge Wil o0 (639)9 (Sl yite 35 dlam (Jl cnl b g0 )B4 yolike
PG liten G2,y y5 U oy 2t g3 (2l Ban 2,13 B0 3,Shas 390 )3 soked (A (29 P 950! 1 -39u8
355995 93 gkie Gy Sl B AL- GRS 4y Glya bl St )3 il 3L e 3,Sles 1 (g
(RFECV) gbliie oriuw,lic] pr (o (559 (S 5k Bl 9 (SEM) o S519 Caodl 2 (e gy Jold (5529 Lol
Cusli (RF) (Solas Ja slehs )0l 3,800s g b 8,5 ) Wyely )51 (B2 (9,3 (59 LB )95l L ol o
9 i 0L 23 ot 1 (SVR) gl j15 2 9w s5 5 9 (LASSO) gl (gmms 55 (XGBOOST) syadd o)bsl$
W 3,5 dwglie giloileds Al Joo by 25,1 KGE g MAE RMSE (R? (sl yad L b (y90jl 5 901 Ulpo 5
313 &1 cyge;l 518 50 15 3,5hos oy yits RF-SFM Juo 3,15 e 35,5008 3 ta98 BB mil (Sig Sl g, a5 oS
Jio il 3 ol _simt iy CB3 3921 9 5550 W ko sgluwlivds ;3 SFM Uil ,Sily o5 (KGE=0.934 4 R2=0.926)
223 i g oole G Julod 51, 48 315 &1 5 Il 5 50l (6, bb e (ol 5l ke B a5 Bda LRF-RFECV
S lis 031y acgemxe (il 43 1y 3,Sdes (p Tins SVR g 0399 (1531 s Srino XGBOOST (ymed .Gl ycawlio
O 1) (2590990 oo (SBsRI! (alodjl )3 cmile (61055 (Sl 15X01 (555 2 300 (559195 LoalS rly Jobo b gl anny i
50 Wlgi o0 g Ay Juo (SO g (i CED o JOWT 4D cogee il (S GBS Wigy AT ORIl cggemme 4 .31

Sl e sl O qilie Ca e 43 (o5 pmonsd (Slsiedy 9 Ol y2 (Flbos G Swi dome

($595leals b Jaa opdle (380L ((olas S ( Sy bl b (pie (BBl S

S g ol wiige slaraddlae 5 woe s il 5l (S doNio

03yt joboty &5 i (bl g (Sopd slaJde .l £ has
S99 b laid S 15 ekl 3)90 4839, by (Smiie Sl
lacgsgize b dnadlas I 6yl 3 Job b6 gl o)
ol dojls Yoare (Sojd sloJde itud dnlge (odixie
ooy 4 oy g ppl ases p Wb claanl s b
ooy 3 bl 5 gl ) a5 diua Vb cuaST L g 03 jud
OgeySy Aile SewMS (gylol cla Jse 503 (g I s
g s sy baes (loj (s lase 5 s
2 9 ollg 5 00 (S Sy mjsi g Wodly ol
Slasen sl yite ple sdzmg g (hS e buly) (gl S

2 bl slaadlie I (S0 alog) (b 35 oy

oty (So3elgrhen sladilob (oyaaliyy g o wlio Cypia
SIS A wldg) ol G 5 Sloj ) I eMol gy
S e Jusits Copdo dadw (jbe I dine )b poj
Wl A3y 55l M5 5 5ogliS wopd OF el e
ool s @l 5 O Lol Ll 4 vy b S
@5l g wl Gl (Kot sbgSl > Cuslad pas
g polual iy 5l Gl Slezel BB i s,
BB moin 9 Silednd 4 B &S olaJas desgi )
Olpeds 38l (b e S S real dgntc 9 9 B39, b


mailto:torabi.ha@lu.ac.ir

# e RE reos 3l 0l Lag (Sojglgyun
L pipsS el o (S hag (Bolas QLil g il (g S iges
bl iledse Sl 5 aslo polie (Silnoie pln
5 ol Slapsie le ooy SRR g (S
W S oo ol D) g
ANN L awlis )0 RF a5 conl ooly Lo saxio (slaaallles
ob @ ot GAYL wlul g ed I SVR
(Breiman, 2001; Mosavi et al.,2018; cuwl ls,55
Cogi slagi ol o] cljlse 4 (Tyralis et al., 2019
Jus lgeay LIghtGBM 4 XGBoost ssle (Lol S
FemSopa b & Sload (Syne (5 laie | g ad iy
ody SgSl gl 3 (YL Uly (Lol sjlwaing
231 slajimgs (Chen and Guestrin, 2016) .5)ls Wesls
D ot Jlwe o354 XGBOOSE &S iy o i
Ol 393 5l 2Vl cB b g (0Bl 3,Ses aldg) b
g yahlpl mlats o b Jas (pl ol 529 (ol Lm0
I Sdsren dgioa sodls degema 3 (Bilpghe s
(Fang et al., 2024) 55, o ,los & lag)] Lol la il
S5 p ke slagiagy @ydie slaie drwgi p ogdle
Alo3)S 38 o3 oy 23,509, b (dle 6 50L (sl b
4 oby lelis a5 sl olis (2018) Booij 4 Tongal
(sl (sl yiio Sl Glojren o3lisul g (a5 4l (sloadlye
S350 (smgmna sy ) RF g ANN SVR 5 Slee sl o
bt e sl Jae oS 5 b 55 (2019) Fathian et al. iz
VL B 4 o loy oy cylisle L MARS o RF L
RF-SETAR (S 5 5 il s s (slo s &) Cand
Ni el (3,555 )3 03,8 (Byme 43S (il Clgieas )y
olis XGBoost g GMM cauaisgs 5.4l L, (2020)et al.
Silwdde 3l G (Sdae lam)) SSE &S Wb
ey il 1y alale b cogie <l Wle e
Sy obalyS cogls sla Jde awlie > (2022)Szczepanek
5 o35l 031> CodeS oS e By ciliyy Gl e
251 sloadlas 38 45 s 3,8kas 55 bojielly ) st
00158 s o5 (6395 (£l yeiio U5 CusS oS Wlools Lt
$Bg) by (Guobe lp omile (5L sl Jae 3 Sdas
e OBl dyaly o Wyl L (2024) Fang et al. .l
anle S ol snoin 2 (RF-IVS) bolay [ 5 e
5 (GP) gl sl p SVR RF (o Jio Cszlz 10
(i Sles gt slaigy 45 Lol WLSTM

9 O 2 e Lile SewdlS (glad Sy 4 Ces
ol ml S Vb eds ) bys e cled
5 ol 4 9, bl oyl L RF oS5 a8 59, o S0l tmgy
Sis sl sl el e caslio ol casl 38 GP o
€83y gime Sate 4 9 25l )8 (Sajelg s Cle Mol Lais

9 LMoyl (do balpd )3 0504 lacydgime (pl )l
Cgpe g oMb (sl €83 SIS 4 ot JLuSuis slaogd
2l aslo Al gadiiy oSy, 68,54
Jsas edle (5x55L 5 smandls slagtsy sl sl
038 gl by 3 ot SlosSl gl 3 Yl WUl
Mosavi et ) sl S )18 de g 3550 by (05 (ugin
Baos o) ol 5> 4gl sbadllas .(al.,2018; Shen, 2018
WJb ol b gy S 50te (Gge)S) 5 (e )l slaue
3l 5 onmy ooy (alasjl ) basgy (nl SIsil
(Marco cals sgaome g5 b jobas |y )l oLl (gas
owile pSL clagi,eX)I et al., 1993; Kisi, 2015)
4 6 deosly Jldlo o)l dilpSecis Glusyd 4l e
5 09 (295 5 9y lyte o olkd By L
ol 355 5l sl (sl i) L ag2lgo 13 (VU (5 psBllns
Artificial Neural )  couns wac slaasis .amd o
5L sl s 5 S oleieas (Networks: ANN
s bS5 O 5 (0 opie ©lp omile
a 0B e pl & cuwl ol Gl dusie gla g}
@ 9 Sk sl yte (5L O odm by (sl S
A il Jlo ool b sits Jod LB 0B L g
9 sjoel slaodls (Y poes & il e 1B Lo 4 sl
Nod &y gy ol (eulil glacudgie JI (jlnote sl
(Maier etal., 2010; (Yaseen et al., 2015) ., .»

2 e SlapieSll ggeodls slayby) duwgs aebdl )
Support ) oluis 4oy cpsle julas aide ails b (6,500
ot 3 03wS ysbay (Vector Regression: SVR
ol dasie slradllas 018)S )l)8 dsgi 5y90 &ildagy by
Sy ilwaieS ol 51 sl0y5 5 Sy SVR &8 wilesls
3 ¥lge rgin 5 Sas s slaosls dcgane )3 (gl
LBk )55 5 (S gias (mas (Sl & Cuns VL b
4 SAdd ey opl 0)Sles (Jbs ol b (Kisi et al., 2015)
anly o3l (o1 oo § (codla (sl ol e b Sl
RIS 5 (5L & 15 e Jolge ol cosbis a5 o 5 ol
(Zounemat-Kermani et (al., 38 yie paons coubld
SdeolisS o i 55 (2006) Yu et al. ases lsicd; 2021
aeloss o3l ;> SVM a8 by olis aildagy )b > daw
Liu et al.ojly YL cds ANN & cos ojgpun b
Spu¥S s la 1o & Cumi |, SVM (55, 35 (2014)
o3 ygliws cpl ag2g 258 (015 (b e Sdesidy (ot
mhS (S 9 s> sb)ld) aleijl 1 SVR cydgacme
odzy Sddss I (Sl 3 1) o] Llos 2187 d ol
s (b Sgy S Ll adle g
JKin ohgd peewal By e o Jse (Ensemble)
ot ol syl 3l S 4 (Random Forest) éslas



“ieell la Sk g (Arilisl spnly ((Shy Cbl b,
3509y 9> dwlie ofigd Cusl dluly ad (STglgyen
L;mep PEE) Slale < U»L.B.n 2 RFECV 9 SFM 3);.)15)‘4:
o S Il jd ] a8)S )8 an s 3y50 jieS ) SliwdsS
Sl (o5 ol 392 5 05 bl sy elite
Cﬁl S99 L ...\lfgo sl )9>uo>|.) staJ.\A Lﬁl)% |) dla;;;j
el rculs pl plien sur iagh W K dacd iy
Ll ol 2l s b g Wlodgs 55 ate <85 Linliil o by loaddlias
oMl By plee (ol dslio 4 lojen jobas (igy yieS
PHIY =D L)"L'M 3> opgd ‘ol 44>‘J)J d)JAJ)u.».m 9
5 Sy syl dilpe (8, & SlasS shase
2 A8 e o] dlale laoals I 51,8 il csds gladlis,
Copde 5 o mphn oo Cueal wé e 35
calises sla Jae gz jl> 3 RFECV g SFM awslio o5l
ol ol Jgite L y® puile 6,500

e 0,Sles B pl (3,8 Ban b pils idgh 40
5 LASSO XGBoost RF folis (yuile (53530 s ysX!
byl sl s oKl dilale o> o i 1 SVR
u9>)l> BLl RFECV 9 SFM Ufff ul.’xul .))A.AI) 9.) 9 o04ud
PLl Fgy0 sl Sugy Lol yer (i K ablite (i L]
T o 5 allae (ol ol (59155 145,55 dglin 3190 (S
ool 2 o Jae (55 leme iy il aSly s Jio S (Byne
L gl odle 653k sy Jse 039381 ()l iovi jslaied,
odd dwlis sjsledds” (Baseline Model) 4l Juo
(s8lg 039381 (5] o Sl (Silgileds” by Jio oS ol
bl ddllas () Lol G il e pal b |y ile 6 553
5 lub 51 YU po iy cdd &l qes &Sl (gylid e
DB oylil laisds ey g 039 Y395 5 cwlio pposs il
D9 485 IS 4 Ul wlie Slles oo 4 slozel

by 59 9 390

Al 90 dilaie
0 yighS AD VIV Canog b Sz 45309, ol asgs
Slase cpl o wloa b &8ly olpl o8 Csx anlipn
YW/ 945 5 039 43S 53] Ay duw 4o )d (sladdgn o5
i Cambse i jl s o Jold |y of colis 5l oo
YYOA gy Bps Job FAT 00" B FYC VY o3gie )3 ddgs )l
s 5 15 lmosS o i 5 Jlad s VX'
@b )8 )5 i) bl ) b Slogeds Ll jl asgs oyl
oy olaisl gs a1y bl IS ol jlaws)d YY 5 ol
(Lorestan Regional Water Company, 2014) ¢!
oS (el (saeS L (e | S iy IS Wby,
Elie Capde > @S (i s S ailiag) 4s (63959 Ol

Sgliste 2l 5 sladaie slaadllae 3 398 pxie Suiie
Sl el oad I pile L Glagh )
» gk, (2025) Elhallaoui Oueldkaddour Jie
dulle b (iSTh0 St doy lll 3 ailale (b > soosls s
o » SVR & sl ylis XGBOOSst 3 RF SVR s aus
Lyl 5o Wlgs o 5 00,8 A1) g e 5 )Slos ol 001> dsgazes
ol Bl odgmy ladie Gl e niSile 02 3g:08
Slo S5y @ w4 (55 o 4 oo 15T K00 )l b
g Cosl dily (639)9 (slajeiie CudS g Sloj olie WS>
P il g laulyd (olos gl 1) s3ly Jio 6l e
5525 B! ol 55 655 slosingsy i) o
b Jde s pbamess ¢ 3,8es 3900 5> (Feature Selection)
(2003) Elisseeff 3 Guyon .shbs s wSt uile (¢ pSl
g0 bog i) dluued (sl yuxiio b5 dluws 1 eoliw] a8 Wl LS
e e Cabl (Lol 4 Slg5 e (> g 998 ced Je d9m0
SxS NS0 Cygps p 38 Sigleri 0je 3l Clalllas 13558
9 Sndpeds QP Gl (Shy QL dedin (sladpal,
slagby,y ul o WS jmmensh (slaJre puex bl
5 SelectFromModel (SFM) sl S5 (Siy bl
il p e iSHL Sl aile oSy by,
Recursive Feature Elimination using Cross-) ablie
S Bl spSene JJdsa (Validation: RFECV
55 Jb e 9 BBl lasgorme olulid (Bl (Jae
loadls 5 13 ,Susy ol 2,5 S o wnlyd |y L e
lgblfS ool w38 (goilh gty (Sojslyyen
e8> Sul il cul (s 4,51 &S cul o j Sk
s5bds Jbo pasd CublB g 6yls b 6ylul blis )3 Lol 345 slog
cshos sl (6l & o Shg tube 90 (2 B
Cgonl ol glio Cy o g B35, Gl 38> ot p
Tyralis et al., 2019; Nearing et ) swa sy 5 YU
Gros slode b (Shy bl S5 0j> 5 (al., 2021
630> olts LSTM L RFECV (3,4l |, (2024) Ma et al.
st Shegore 4 Nl oo Jhe s slapite (6)S5 Bl oS
sobar |y abale QUly) (upin 83 5 0d e b Shy
» (2026)  Zhang et al. juzen a2 (il ¢ Ko
oy eyl g Koo sladses sl SFM-MF Ju (JB
by 055 slo Sy J ol &8 oS GBI spme
IS 41, XGBoost 3 RF b a0l sla Jie 5 Slee SFM
bl &S sl ] Sl basly oyl e e ) wguxs
bl tsy oL il A e S B & Sy
B slacd by de2g b sl (Si5dgpden (53le s 2]5
S5 R 03k (mela 3l o oS w3 oo (LS Sludl 950 cdr g5
3929 bz (@ Srobe » (Shy Bl e s Suy)
w35 €5 Olos o Jolss & o Jao pleg 3,Skas 531



9y Jlesl 9 5 walins ©yg0) 3 XGBOOSE Jso

gl g oS )18 oolial )50 (2)5 (S Sl
el pobots bal)S il p1lSae g (55 slSle daulye,
Ol il pshaiedr .l 1) o jiie Conal (o)) culls
3fbes oyl 653k slabyy 5l edlinal I Jols e
Sl o 039381 35,1 b 4 dunllio 4y Jao S b I Juo oled

D9d () (05 Oyt Sile e

b SR 55 B> Lol Solai K> Jow
(RF-RFECV)
CE p (e (edS hy) S (Bolad S ool
S92 xS 0ke Gk il ) 2l muin & Sl presad
L piysfl ol 3o plosl el socd > I (gl goone
walay Gl o (DOOtStrap) o yolcsg (s ySaiges 3l adlatul
Ar g el als ) Jae uibly 08 a5 I Sy
Ly @ilodie > @V olUlg 5 cunl polia (B3l p0te
Breiman, 2001;) s)ls (Sjgdsyhn adomy g ol
Ll jglaieas RF-RFECV Jus ,» (Hastie et al., 2009
35509, 31 62959 Sl ysie (5 S50 Sl g (S (sLaS e
(RFECV) gblice oxiuslis] yr (sitvo (25 3k Sy ol
Gl b, ol eyl (Pedregosa et al., 2011) s oslicl
(2002) Guyon et al. buwg ,b fuwss b Sy 28550
e oLl 9 (8 ©yg0a S ol )3 & 45 ke
Jools bayuxio | digy (slasgormop) U Wab oo Bl Cuodl
ool b dls yo o 33 Jao 3,Sdee RFECV Cgnjls )3 058
S Bl 63550 o)) (i K gblie (oeylizsl ||
iln O QB g 055 ©yge Jae mren bl e
ol (Kuhn and (Johnson, 2013) sgs (¢ xSl ois
29 39300 03> bjgel b pie oled U RF Jao lal au])
B Bl e oIS dn Shy Suenl re ol
B b e el i8S 5L & ygods 139, ol (Breiman, 2001)
Fesliel 1) Gugbe @D ke & b Shy Sl (oS 5
(Pedregosa et al., 2011) 545 bl ams oo 4l,) abolaze
Cuii jhd o Sy Bis ad e ablite Syl ] eslisl
5 Ubjsel slaedlsy Lo (information leakage) cleMb|
—03l3 4y Jdo mros CilB dgu0 4 yoie g 03l 2l 1) g0
S9d e s sk
s geme Ll ol ks (Kuhn and Johnson, 2013)

(b QI @ e «639)9 sl S A g Ll

@ ot Ol e bl gy 9 Jdo (S Slals
Pedee by

S g 559188 il el g Mo J S et
Olgieds 3l SIS (g pteg e o] S oo b)) lame
WS o il |y adg> ol (295 (imgh ol sline ol
28 1 orlio oabled s> Cawdymly 3 658 e g
e3gaze Cusbye g oo Cg—wne () (S5olg e 43l

Wl 0a 03l L (V) S 0 Slalllas

Losld
o] 93 (sloodly Jolis axlllan sl 55 odlisiwl 590 (glaosls
e by & b (ulilyn oSl &g (s plogyden
(V) 5 (V) Jghe o ol lasio 5 (V) U5 50 laolSi! ()
sbysie 5l 5k gleyiehl iludie lp canl ond 1))
5ol i 48 1 o3lizal P(t-3) 4 P(t-2) P(t-1) P(1)
Bl 5 8 olo a5 95 Sy ()l olo )b (ke
S 40 (63959 lesd &S Cunl L)1 cundVl (g yt0g,ium
o9y ol ;3 dilale (03 ( Jdo B piie AD 48,5
olo youptes U IWYA Jlo olo (o3 (Sloj ol o ysaly—plSas
SllasMe slise p Sloj sla sl Glsesl 3,5 oolizl VE-¥
3 oozl b gl (o Sloj (Sianly Jelod 5 (Sa3glgyn
Ml ] an i (g3g)g oy Lo olSiugl
ia ol 1258088 S pgo Jha s W (iSe (Sofgly hen
loddgs 5 5> Sllym o)l laan] b aezs gl Sibles
orliie 31y gl Slaj= Gl (lagSl g5 oo 5 039 Ceod ¥y
3959 3 Sl pokatedr . bled Skie (5% yobds dSe>
228 oledyeS) (aled (yadl glaodls Sl (BU Cualad pas
3 ag dgide o3> sl (293 b 939y Slaysie S| S
S S S ol Jlasl 51 o 85050,8 Bls 00l dsgazs
e 5d 3 e 903l g (bjgel 18 (sl lojen diges YT
o3lizal b e a5 Bj90] (el ool oyl 5l &S 8,5 )5
cbul daJas (gjlwosly daodls iiloys i ol alS i
09l (giaaly obj jl oalatl b aSlee byl 9 (s
Jolis (5l Jae s les gy adllas oyl 55 .05 sl (Python)
LASSO SVR-SFM RF-SFM  RF-RFECV
S5k lagby,y Ul el bl Hskiea; XGBOOSE 4
52 R Jao sl il anags 0l (03 it > Onile
54 SFM 4 RFECV ol S35 bl o 3,505,
Joe )lul g € p Sy bl gy 8L b s wbyS
s Gib 3 By (Sig A5l SVR o 13 .55 (o
Sy p Jdsas LASSO yows )3, )5 pLbuISFM
slopite colpd 45 Hio )b I (Shy bl S5, g5l
b Ll (2B (Shy bl Ghg) b «uenl oS



P .
A

e

=
4 y Poldokhtaij-‘*} R
Lorestan LA~

! > C T T T T
N S 160000 200000 240000 280000
~ 2> 1 1 1 1
b < - . N

Kakdreza °©

A

3680000 3720000 3760000

o
o
§- J\I\'l«)\\- \h‘@'( =
= m2 4
o
4 M3 %,
Legend S -
(=]
o M M4 -
+  Met S & + =
A Hyd_target S M7
=3 L 2
A Hyd_kakareza =3 Me -
- 2 £
River < e
| | Kashkan T T T T
160000 200000 240000 280000

Fig. 1- Study area
axdliae 3590 0390w - K&

ebdlghd Soltuw | Ulaskin - Jou>
Table 1- Characteristics of meteorological stations

R . Elevation Longitude Latitude Maximum Mean Star?da}rd
ow Station = o Deviation
(m) (°E) (°N) (mm) (mm) (mm) Label
1 Veysian 1008 46°59'09"  33°31'18" 355 23.2 53.30 M1
2 Sarabseidali 1570 47°09'59"  33°49'44" 334 24 52.94 M2
3 Kakareza 1531 47°12'54"  33°46'13" 425.4 28 61.70 M3
4 Darreh Tang 1711 47°14'30" 33°57'37" 458.5 24.5 53.23 M4
5 Khorramabad 1291 47°19'29"  33°32'29” 280 22 47.78 M5
6 Noorabad 1788 47°43'18" 33°31'16" 357 24 49.71 M6
7 Kuhdasht 1197 48°12'56" 33°3324" 298 16.4 48.40 M7
8 Poldokhtar 668 48°19'03" 33°13'46" 333 15 45.46 M8
9 Afrine 820 48°29'24"  33°23'32" 411.5 19 53.16 M9
S 09 Solluy ! Olasic -V J9u
Table 2- Characteristics of hydrometric stations
Station River Area Elevation Longitude Latitude  Minimum Maximum  Mean Sg:g;g:]
(km?) (m) (°E) (°N) (m?/s) (m®/s)  (m*/s) (m3/s)
Kakareza Harod 1154 1527 47°12'54"  33°46'12" 0.158 213.48 4,72 15.83
Poldokhtar ~ Kashkan 9268 670 48°19'03" 33°12'36" 0 849.81 28.87 59.99
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Fig. 2- Overall methodological framework for monthly streamflow prediction using machine
learning models and feature selection approaches
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Fig. 3- Scatter plot of observed and simulated values from streamflow prediction models in the
training and testing phases
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Table 3- Analysis of the results of streamflow prediction models based on statistical criteria in the
training and testing phases

Method Train Test
R? RMSE MAE KGE R? RMSE MAE KGE
RF-RFECV 0.954 85.476 31.942 0.816 0.675 155.673 77.665 0.574
RF-SFM 0.953 87.276 23.252 0.814 0.926  74.067 43.967 0.934
SVR-SFM  0.109 378.169 80.035 -0.092 0.182 246.922 78.196 0.048
LASSO 0.962 78.300 38.695 0.966 0.879  94.876 46.402 0.765
XGBoost 1 4,737 3.517 0.998 0.813 118.039 47.988 0.629
Climatology 0.048 390.771 102.245 -0.195 -0.017 275.388 106.606 -0.216
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Abstract
Accurate prediction of river flow remains a major challenge in hydrological systems due to nonlinear
relationships and temporal variability governing streamflow behavior. Machine learning algorithms are
increasingly used for this purpose because of their strong capability in modeling complex nonlinear interactions
among hydrological variables. However, when a large number of input predictors are used, model complexity,
computational cost, and the risk of overfitting increase, highlighting the importance of applying effective feature
selection methods.

This study evaluates the impact of different feature selection strategies on the performance of machine
learning models for monthly streamflow prediction of the Kashkan—Poldokhtar River. Two feature selection
approaches SelectFromModel (SFM), based on model-derived feature importance, and recursive feature
elimination with cross-validation (RFECV) were implemented alongside the inherent feature-handling
mechanisms embedded within certain algorithms. Four machine learning models, including Random Forest (RF),
Extreme Gradient Boosting (XGBoost), Least Absolute Shrinkage and Selection Operator (LASSO), and Support
Vector Regression (SVR), were trained and tested. Their performances were evaluated using R2, RMSE, MAE,
and KGE metrics and compared with a climatology baseline. Results show that feature selection significantly
influences the predictive capability of machine learning models. The RF—SFM model achieved the best testing
performance (R2 = 0.926, KGE = 0.934), demonstrating the effectiveness of SFM in identifying key predictors
and improving forecast accuracy. The RF-RFECV model produced a simpler and more stable structure by
iteratively removing less important features, making it suitable for interpretation and scientific analysis. XGBoost
showed a tendency toward overfitting, while SVR exhibited the weakest performance on this dataset. Comparison
with the climatology baseline confirmed the superiority of machine learning methods in representing complex
hydrological dynamics.

Overall, selecting appropriate feature selection strategies is essential for balancing predictive accuracy and
model simplicity and can improve operational streamflow forecasting and support water resources management.

Introduction

Accurate streamflow prediction is essential for water resources management, reservoir operation,
and mitigation of flood and drought impacts. Traditional statistical models are limited by linear
assumptions and data stationarity, reducing their ability to capture nonlinear behaviors and extreme
events. In contrast, machine learning algorithms have gained widespread attention for streamflow



forecasting due to their ability to extract complex patterns and adapt to non-stationary processes,
although their performance strongly depends on input data quality and feature selection (Mosavi et al.,
2018; Shen, 2018). This study focuses on monthly streamflow prediction at the Kashkan-Poldokhtar
River station in Iran, comparing two feature selection strategies, SelectFromModel (SFM), Recursive
Feature Elimination with Cross-Validation (RFECV), along with an embedded feature selection
approach within four machine learning algorithms RF, XGBoost, LASSO, and SVR to evaluate a
balance between predictive accuracy and operational generalization.

Methodology

The Kashkan river catchment (7,950.2 km?) located in southwestern Iran, is a sub-basin of the

Karkheh River. Monthly precipitation data from nine meteorological stations and streamflow data from
two hydrometric stations were used. The input variables included current and lagged precipitation for
up to three previous months P(t), P(t—1), P(t-2), P(t—3) and upstream streamflow at the Kakareza
station, while the target variable was monthly streamflow at the Kashkan-Poldokhtar station. The study
period spans from december 1969 to september 2024, resulting in 633 samples after data quality
control. All preprocessing and modeling procedures were implemented in Python.
Five machine learning approaches were evaluated, including Random Forest combined with recursive
feature elimination (RF-RFECV), Random Forest with SelectFromModel (RF-SFM), Support Vector
Regression with feature selection (SVR-SFM), LASSO regression, and XGBoost. In addition, a
climatology-based baseline model.

Random Forest (RF) is an ensemble tree-based algorithm used for modeling nonlinear relationships
while minimizing overfitting (Breiman, 2001). The RF-RFECV model combines Random Forest with
recursive feature elimination to select an optimal subset of predictors (Guyon et al., 2002). RF-SFM
utilizes Random Forest for both prediction and embedded feature selection by prioritizing key variables
(Molnar, 2020). In the SVR-SFM approach, feature importance is ranked to select the most relevant
inputs for training the Support Vector Regression (SVR) model (Smola and Schélkopf, 2004). LASSO
regression employs regularization to perform automatic feature selection and coefficient shrinkage
(Kwon et al., 2017). XGBoost is a gradient-boosted decision tree algorithm optimized for high
predictive accuracy and model complexity control (Chen and Guestrin, 2016). Finally, the climatology
model uses historical monthly mean streamflow as a baseline to evaluate the performance gains of the
machine learning models (Crochemore et al., 2017).

Results and Discusspn

Table (1) indicates that machine learning models significantly outperformed the baseline
climatology model in predicting monthly discharge at the Kashkan-Poldokhtar station. Based on R?
and KGE, the RF-SFM model showed the best performance, accurately capturing seasonal flow
patterns (R? = 0.926, KGE = 0.934). The RF-RFECV model was simpler but less accurate (R? = 0.675).
LASSO was stable but limited in representing nonlinear flow behavior (R? = 0.879). XGBoost
overfitted the training data (R2 = 1) and underperformed during testing (R2 = 0.813). Both SVR-SFM
and the climatology model exhibited the lowest accuracy. Overall, feature selection with SFM
preserved informative variables and improved predictions, whereas RFECV produced simpler models
with reduced accuracy. These results highlight the critical role of combining the choice of machine
learning algorithm and feature selection method to achieve a balance between predictive accuracy and
model generalization.

Table 1- Analysis of the results of streamflow prediction models based on statistical criteria in the
training and testing phases
Method Train Test
R? RMSE MAE KGE R? RMSE MAE KGE
RF-RFECV 0.954 85476 31942 0.816 0.675 155.673 77.665 0.574




RF-SFM 0.953 87.276  23.252 0.814 0926 74.067  43.967 0.934

SVR-SFM  0.109 378.169 80.035 -0.092 0.182 246.922 78.196 0.048
LASSO 0.962 78.300 38.695 0.966 0.879 94.876 46.402 0.765
XGBoost 1 4,737 3.517 0.998 0.813 118.039 47.988 0.629
Climatology 0.048 390.771 102.245 -0.195 -0.017 275.388 106.606 -0.216
Conclusions

This study evaluated several machine learning models, including Random Forest, XGBoost,
LASSO, and SVR, for monthly streamflow prediction in the Kashkan-Poldokhtar River. Two feature
selection methods, SFM and RFECV, were also tested. All ML models outperformed the baseline
climatology model. RF-SFM achieved the best balance between accuracy and generalization, while
RF-RFECV produced a simpler and more stable model. LASSO and SVR showed limitations in
capturing nonlinear flow patterns, and XGBoost was prone to overfitting. Overall, model choice and
feature selection should align with the study’s objectives, highlighting the importance of informed
model design for accurate and robust streamflow prediction.
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