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Mother plane length Roots and runners
N11 1= One Mother plant, 1= (0.2) root length & (2.5) runner length
N12 1= One Mother plant ,2= (0.4) root length & (3.5) runner length
N13 1= One Mother plant, 3= (0.6) root length & (4.5) runner length
N21 2= Two Mother plants, 1= (0.2) root length & (2.5) runner length
N22 2= Two Mother plants, 2= (0.4) root length & (3.5) runner length
N23 2= Two Mother plants, 3= (0.6) root length & (4.5) runner length
N41 4= four Mother plants, 1= (0.2) root length & (2.5) runner length
N42 4= four Mother plants, 2= (0.4) root length & (3.5) runner length
N43 4= four Mother plants, 3= (0.6) root length & (4.5) runner length

ey g ) Alae jlid) Gslal (Aadl) JLas) Giglul) oas EDAN HLaaY) CulllY Gl Gl desans o (SBA) Ashill duey e Gubsi
Aadlall ibiay sl ae L liag (culg)l Aney sl aglad G

Slump clibad AN ulludU Alghal) dajlsd (gulad @il (3) Jgaad

Slump
_ Mother Elite Selection | Roulette selection Roulette & Elite
Algorithm No.(droot,druu.) RMSE RMSE RMSE RMSE RMSE RMSE Test
' Train Test Train Test Train

SBA N1(0.2,2.5) 2.44888 | 12.89653 | 4.53622 | 13.33781 | 4.00535 12.10960
SBA N1(0.4,3.5) 2.82295 | 12.87265 | 2.04566 | 12.88434 | 2.82295 12.87265
SBA N1(0.6,4.5) 1.77076 | 12.89491 | 1.89383 | 11.32979 | 1.74755 12.17758
SBA N2(0.2,2.5) 1.95525 | 12.50862 | 1.79197 | 11.52353 | 2.16203 11.82106
SBA N2(0.4,3.5) 1.89328 | 11.52131 | 6.12849 | 12.48207 | 2.82097 10.63014
SBA N2(0.6,4.5) 1.89036 | 13.48664 | 5.57654 | 11.94798 | 1.76889 12.91705
SBA N4(0.2,2.5) 1.82498 | 13.50681 | 1.77352 | 11.30080 | 1.87690 13.18164
SBA N4(0.4,3.5) 2.15843 | 12.61816 | 1.72869 | 11.73197 | 1.73857 12.33128
SBA N4(0.6,4.5) 1.71955 | 12.87262 | 1.69681 | 12.63180 | 1.84299 12.53445
PSO 1.99741 | 13.84280 | 1.99741 | 13.84280 | 1.99741 13.84280
GA 2.84406 | 13.11189 | 2.84406 | 13.11189 | 2.84406 13.11189
Gride 7.29291 | 14.86904 | 7.29291 | 14.86907 | 7.29291 14.86907

| G R T NG5 R G = R

Boston il AN culludl Aghpal) Luajlsd (Gaadal @il :(4) Jgand)
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Boston

Mother Elite Selection Roulette selection Roulette & Elite
Algorithm | No.(droot,druu. RMSE RMSE RMSE RMSE RMSE RMSE

) Train Test Train Test Train Test
SBA N1(0.2,2.5) 3.13251 | 5.27200 | 2.60856 | 4.80969 | 2.73818 | 5.00025
SBA N1(0.4,3.5) 3.62102 | 4.91225 | 2.63063 | 4.70784 | 3.66831 | 3.78389
SBA N1(0.6,4.5) 2.70154 | 5.25124 | 2.87845 | 4.64666 | 2.61286 | 5.62428
SBA N2(0.2,2.5) 2.60048 | 5.17678 | 2.63260 | 4.42864 | 3.38950 | 5.96573
SBA N2(0.4,3.5) 2.83455 | 5.35763 | 3.04684 | 4.16946 | 2.53857 | 5.34171
SBA N2(0.6,4.5) 3.74054 | 5.60219 | 2.73799 | 4.83329 | 3.99984 | 5.78423
SBA N4(0.2,2.5) 4.02044 | 4.81386 | 4.62884 | 4.72191 | 3.84530 | 4.50810
SBA N4(0.4,3.5) 3.43398 | 4.28857 | 4.96765 | 4.30002 | 3.38443 | 4.44762
SBA N4(0.6,4.5) 4.18948 | 4.71065 | 4.23068 | 4.91484 | 3.70104 | 4.64006
PSO 4.09613 | 5.50623 | 4.09613 | 5.50623 | 4.09613 | 5.50623
GA 4.33522 | 5.85656 | 4.33522 | 5.85656 | 4.33522 | 5.85656
Gride 5.46041 | 8.42234 | 5.46041 | 8.42234 | 5.46041 | 8.42234

Aquatic bl DA culludl A gl 8 d3a )8 Gubai @il (5) Jgaad)

Forestfire
) Mother Elite Selection Roulette selection Roulette & Elite
Algorithm No.(drootdruu.) RMSE Train RMSE Test RMSE Train RMSE Test | RMSE Train R_PﬂegtE

SBA N1(0.2,2.5) 49.39317 42.85173 19.04705 51.75662 28.08271 50.65925
SBA N1(0.4,3.5) 33.38810 49.85111 29.59363 53.36327 35.78666 49.68947
SBA N1(0.6,4.5) 38.03261 41.06021 35.63463 42.40550 28.73438 56.49285
SBA N2(0.2,2.5) 43.04552 48.01545 35.76789 54.67596 30.12868 46.21930
SBA N2(0.4,3.5) 28.37539 49.61842 27.07785 46.10621 22.32414 42.70503
SBA N2(0.6,4.5) 42.09824 37.90466 28.95201 38.61788 26.79194 47.18724
SBA N4(0.2,2.5) 1.82498 13.50683 2.17112 12.54395 1.78742 12.54069
SBA N4(0.4,3.5) 2.15843 12.61816 1.97364 12.51096 1.90449 11.95756
SBA N4(0.6,4.5) 1.71955 12.87262 1.98560 12.06464 1.70268 12.15999
PSO 40.45411 43.31162 40.45416 43.31162 40.45416 43.31161

GA 43.25545 60.55880 43.25544 60.55880 43.25541 60.55880
Gride 51.69391 74.22844 48.00247 70.12445 53.85360 50.65925

| sa [ | 4523108 | 57890635 | 1904705 | 5175662 | 4523198 | 57.89063 |

Forestfire il A culludd A g) i 43051 55 (gaabai il (6) J2ad)

Aquatic
Elite Selection Roulette selection Roulette & Elite

Algorithm Mother No.(droot.druu.) RMSE Train RMSE Test RMSE Train RMSE Test RMSE Train RMSE Test
SBA N1(0.2,2.5) 0.41477 0.85322 0.46251 0.93714 0.36493 1.08141
SBA N1(0.4,3.5) 0.36759 0.73579 0.40257 0.86096 0.30902 0.87311
SBA N1(0.6,4.5) 0.42526 0.86007 0.48701 0.89476 0.39953 0.79808
SBA N2(0.2,2.5) 0.35411 0.93829 0.31281 0.51231 0.25720 0.68785
SBA N2(0.4,3.5) 0.29497 0.67737 0.21692 0.54700 0.36822 0.68599
SBA N2(0.6,4.5) 0.30614 0.98303 0.24029 0.70659 0.50609 0.83976
SBA N4(0.2,2.5) 0.57891 1.11291 0.58693 1.35948 0.53033 1.42838
SBA N4(0.4,3.5) 0.45273 1.31017 0.74190 1.33992 0.52184 1.31512
SBA N4(0.6,4.5) 0.54133 1.20878 0.53491 1.33358 0.46593 1.31881
PSO 0.48153 1.23493 0.48153 1.23493 0.48153 1.23493
GA 0.45528 1.02366 0.45528 1.02366 0.45528 1.02366
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Gride 0.90467 1.68057 0.75607 1.39886 0.82895 1.55354 |
Aquatic
Elite Selection Roulette selection Roulette & Elite
Algorithm Mother No.(droot druu.) RMSE Train RMSE Test RMSE Train RMSE Test RMSE Train RMSE Test
SBA N1(0.2,2.5) 0.41477 0.85322 0.46251 0.93714 0.36493 1.08141
SBA N1(0.4,3.5) 0.36759 0.73579 0.40257 0.86096 0.30902 0.87311
SBA N1(0.6,4.5) 0.42526 0.86007 0.48701 0.89476 0.39953 0.79808
SBA N2(0.2,2.5) 0.35411 0.93829 0.31281 0.51231 0.25720 0.68785
SBA N2(0.4,3.5) 0.29497 0.67737 0.21692 0.54700 0.36822 0.68599
SBA N2(0.6,4.5) 0.30614 0.98303 0.24029 0.70659 0.50609 0.83976
SBA N4(0.2,2.5) 0.57891 1.11291 0.58693 1.35948 0.53033 1.42838
SBA N4(0.4,3.5) 0.45273 1.31017 0.74190 1.33992 0.52184 1.31512
SBA N4(0.6,4.5) 0.54133 1.20878 0.53491 1.33358 0.46593 1.31881
PSO 0.48153 1.23493 0.48153 1.23493 0.48153 1.23493
GA 0.45528 1.02366 0.45528 1.02366 0.45528 1.02366
Gride 0.90467 1.68057 0.75607 1.39886 0.82895 1.55354

L= [ [ o | vew [ omw | ew | oww [ iew |

Logiad jis B P e b Aladl s ) (PSO, GA, GRID, SA) sl o (SBA) da jial) 4ua sl (sin Aol il il
iaty 3alall (psllls RMSE Jib s a Alshall ey lsad Galall ollls aidl) s &3 Caam wodle) daa¥) Jglaalls dinne LS (RMSE) Wasll cilasya
LAY ALl A Sl Al A3 jlae RMSE ) el g3sS Lgae A3l oy 1) daa) ylsall as

O b L)ad) a3 (PSO, GA, GRID, SA) s lsall e (SBA) da jiall dua sl (55 Aaspntl) il cjelal (6-3) Jshaal D& (ya
Sl i ) Al daa leal Galadl Gl aill Gua 5 s odle) da¥) Jolall dise LS (RMSE) Wl cilasye Javssial 3 J8 Pls
LAY ALl AN Sl Al A3 lae RMSE () el Lg3sS Lgae A3 laall cai ) dua)jlsall ok atay (3alal) Wy (RMSE

SBA dwj s <Vl I dually Hlsa¥ly capnll by e JSI (RMSE) a8 s ¢Ka ((6),(5):(4).(3)) Jslaadl BDla (a5 <y e Siiadg
caaly (e ST Sad) dae g (s Al VA alaae 8wl B el culS gl Gus QLasY) bl aueady ) anealy Loty Lo 43laeSy oL
23 o Gum paa¥) sl s @5 g RMSE luaall Lt o 81 e (gint ) Casiall maags lly ol (10-7) Jslaal) b g 58 LS
LSl e (6) ¢(5) 5(4) «(3) sl e s3sale hanl)

SLUMP Uil RMSE ad J8) 3,03 :(7) Jsaad)

Slump
_ Mother Elite Selection Roulette selection Roulette & Elite
Algorithm No.(droot,druu.) RMSE RMSE RMS.E RMSE RMS_E RMSE
Train Test Train Test Train Test
SBA N2(0.4,3.5) 1.89328 | 11.52131 | 6.12849 | 12.48207 | 2.82097 | 10.63014
SBA N4(0.2,2.5) 1.82498 | 13.50681 | 1.77352 | 11.30080 | 1.87690 | 13.18164
SBA N4(0.4,3.5) 2.15843 | 12.61816 | 1.72869 | 11.73197 | 1.73857 | 12.33128
SBA N4(0.6,4.5) 1.71955 | 12.87262 | 1.69681 | 12.63180 | 1.84299 | 12.53445
Boston «lly RMSE ad J8 yaa% :(8) Jgaal)
Boston
Mother Elite Selection Roulette selection Roulette & Elite
Algorithm | No.(droot,druu. RMSE RMSE RMSE RMSE RMSE RMSE
) Train Test Train Test Train Test
SBA N1(0.2,2.5) 3.13251 5.27200 | 2.60856 4.80969 2.73818 | 5.00025
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SBA N1(0.4,3.5) 3.62102 | 4.91225 | 2.63063 | 4.70784 | 3.66831 | 3.78389
SBA N2(0.2,2.5) 2.60048 | 5.17678 | 2.63260 | 4.42864 | 3.38950 | 5.96573
SBA N2(0.4,3.5) 2.83455 | 5.35763 | 3.04684 | 4.16946 | 2.53857 | 5.34171

N4(0.4,3.5) 3.43398 | 4.28857 | 4.96765 | 4.30002 | 3.38443 | 4.44762

\ggg; | 622002 | 4.78245 | 622202

Aquatic Ulal RMSE a8 J8 y5aa%:(9) Jgaal)

Aquatic
. Elite Selection Roulette selection Roulette & Elite
. other
Algorithm |\ (droot.druu) | RMSE Train | RMSE | RMSE Train | RMSE Test RMSE RMSE Test
Test Train
SBA N2(0.2,2.5) 0.35411 0.93829 0.31281 0.51231 0.25720 0.68785
SBA N2(0.4,3.5) 0.29497 0.67737 0.21692 0.54700 0.36822 0.68599
Forestfire w:ilul RMSE a (J38) ynaa% (10): Jgaad)
Forestfire
_ Mother Elite Selection Roulette selection | Roulette & Elite
Algorithm | No.(droot,druu. RMSE RMSE RMSE RMSE RMSE RMSE
) Train Test Train Test Train Test
SBA N4(0.4,3.5) 2.15843 12.61816 1.97364 12.51096 1.90449 | 11.95756
SBA N4(0.6,4.5) 1.71955 12.87262 1.98560 12.06464 1.70268 | 12.15999

Gy Alla 8 AV Al bl LEadU EDE L) cp & lidd) il gy (g3lly (6) SN dlae) 5 HLaaY) b o &3l dal (e

St ashed O el caghad ol L AN Slisl gl I ) casld e Caliae IS5 (35l
S ally g A o) 4l RMSE.Train jlaall ) Zuulls Lusat) il e qpand ot JoneS Juai¥l) (S g Alaeg 2l
OAY) Gusla) ae 4)l30 0.78
Sl LY iy Alls g A ) Zaatl) cllall LU ZDE L) G AR @il s sy (7) JSAD dlae) 5 agl§) iy
.RMSE.TEST

o) 2940 B 3 A1 LAY Ll 5 Jaal) £(6) IS

10

G ols i o) eodtel (6) UKl (e Laadly Gun
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RMSE.Test jluxal 419 411 A 3j &l laa¥) callad o & Jaal) 1(7) <D

Jeadl) IS culs M Alae sl s a0 Las) skl (I lat) Gglul e calite Sy Geill 3 sl dlia o) (7) JSE e Liad Baadly

LAY sk e Ajke 0.78 culS ally a5 st el 488ay RMSE.TEST jlunal ) Gsclly Ay yal) lilnl) galos s Gausi JaxaS

The Friedman Test (lané jLid) .16

LAY D aladiud 58 5 .838lia (30) (e 8l Al pas dlls i aadiy (Tests Nonparametric)  alee ¥ Jlas) sl e 5le 58y

(Porkka et al., dbjje e Clly asag s B digiee Cligyh 5l QDA 2gay JeaY  Friedman Milton  Galdl dd e 1973 oo B
-2008)
Al Ao el UL Lgas A5Rall o5 1 ALl o) ) Gl ae SBA Al dush o) G Lisieall Gol HLERY HLESY) 13 plasial &
Al deagill &5 Al w3l g (11) Jsaally .Spss Alas¥) maliyll aladialy

Tl ciball (HAY) boaj sl e Ashil Kua i Aysindl ) Sy Glasi 381 i 1(11) Jyaad)

Elite Selection Roulette selection Roulette & Elite
Data sets |~ ISE Train | RMSE Test | RMSE Train | RMSE Test | RMSE Train | RMSE Test
Slump Gride, SA Non Gride, SA Gride, SA Gride, SA, Gride, SA
GA
Boston Gride, SA, Gride, SA, Gride, SA, Gride Gride, SA, Gride
GA GA GA GA
Aquatic Gride, PSO, Gride, PSO, Gride, PSO, Gride, PSO, Gride, PSO, | Gride, PSO,
SA SA SA SA SA SA
Forest Gride, PSO, Gride, PSO, Gride, PSO, Gride, PSO, Gride, PSO, Gride, PSO,
fire SA SA SA SA SA SA

@l lsadl Llae (SBA) da izl duej lsad) G dusies sy clilia o (11) dsaadl D ey gleyd JLidl Gulad aey dibaall il gl
Gasbad) AN L) JLaa) clibny capal) bl (KAl Lae)pledg Cpalill daaj)lsd ¢ eaball o Aaailen ¢ Aiald) due) )l A Al
- A ) Al ULl aaelaad (gl dlae losls Lol slul G geally ¢ culgyl) Alae jlas) aglale il las)

Global and local search in the experimental section il culall Asally callal) Gl 17

SV ) lased) Gy Pla e Golaally sbially Alicia Zegdall 3lsall e il 5o gl Aue) s b (Global Search) el cundl sady
O Adead) il W cndl um ) O I Aiall el psiall okl DA (e Gl s (Local Search) sl ) L L)
iy & Cudly da il L)l b (ROOES) Hsaalls Jiahy (s3) aall i) (ga Juadl il W ac) (RUNNErs) il Sidia allad)
el (e el (A 098 AN edal) eSan Eaal) dalise (B Cnall Jedily gl JSG A0S L) 05 G edal) (e Jlal 5S5 Glad) o a
desane UK L) Coglad UKy psiall Lae 8 lisall RMSE Lo Jsamal) e 220 DA (o laslal &8 ) ol e gging Jpan olacl & 35,
A(12) Jsaall & maase 58 LSy dapas iy

11
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dsal) bl asalaal ) gdally djlie Glisul! J8Y) RMSE jluaal) dagd cuii 1(12) Jgaad)

Elite Roulette Roulette &
Data Set Selection selection Elite
RMSE RMSE RMSE
Slump 0.95 0.83 0.78
Boston 0.26 0.40 0.30
Aguatic 0.23 0.23 0.40
Forestfire 0.73 0.42 0.45

ISts sl lgde s A1 il A5jho Al o S RMSE sl (81 dad e i) dpomn st o) Jaay (12) Jsandl s 030
o il Lty L cgliie Sy LAY el & dadipe s i cailS Eus ForestFire 5 Slump cliby e gaae Pl (g0 @lld ddaadle (K 2350
pd ) QsS lldy allall Gl i Y Glasall () e Y 1aag ccililull 23 8 Juadl ale JSE H5dal) culS 2 Aquatic 4 Boston «ilily IV
tall Alae Gl 3 il (e ganall aal 3 il 138 g Baei sl L Laslae) die sl aiy A jle Lagale (S jiaa) culS 53
Application part &bl cuilal) .18

csay dlilae B edaill () hdiee (e lgde Jgasdl 5 s ( Blood pressure) aall laiia oasel dids clily aladii) culal) e B
Laj o aladiuls lgale latl el 5 c5aalie (128) (he diall cuilliy LS oY) aaina 2aly guiias (X) apass e (17) oo bl 220 callis
Adg Juadl JLasY (g lly £aal sl o gedlly gyl dlse JLas) Caglul (Al JLas) Caglul) oay DL Caullud DU alasiulag dls)a)
(13) Jsaalls damge ibially aclall aniall jlassY iladaall (e

Jil e Jsanll DIa (e cllig . (PSO, GA, GRID, SA) sVl e ylsall e Alghill duaylsa (ot gl pglal slial (13) gand) Pla (e
oo RMSE (il cllis al ds) oall Lo iy alal) cpslly clghil) Gaajplsad 3elall 0glls Wit 3 ally RMSE {aall lasye Javssial Jia
Lgme Ll o Al ADUN clas sl

pdll Jaia | pda pal ASDAY JLEAY) Gl aladiiady A0 gl i) Asa ) 53 (Gaskal 1(13) Jgaad)

Mother Elite Selection Roulette selection Roulette & Elite

Algorithm | No.(droot,druu. RMSE RMSE RMSE RMSE RMSE MSE

) Train Test Train Test Train Test
SBA N1(0.2,2.5) 0.26814 | 1.16645 | 0.45682 | 1.17510 | 0.33441 | 1.31164
SBA N1(0.4,3.5) 0.35748 | 1.14983 | 0.19617 | 1.28512 | 0.42307 | 1.19895
SBA N1(0.6,4.5) 0.27651 | 1.33886 | 0.38970 | 1.24616 | 0.17335 | 1.38543
SBA N2(0.2,2.5) 0.20291 | 1.34731 | 0.47693 | 1.26526 | 0.40682 | 1.22637
SBA N2(0.4,3.5) 0.33460 | 1.19411 | 0.36445 | 1.26472 | 0.34474 | 1.19996
SBA N2(0.6,4.5) 0.33783 | 1.30731 | 0.36121 | 1.32029 | 0.28782 | 1.30056
SBA N4(0.2,2.5) 0.14057 | 1.34108 | 0.34093 | 1.29651 | 0.55718 | 1.24682
SBA N4(0.4,3.5) 0.13510 | 1.38431 | 0.11849 | 1.32253 | 0.33525 | 1.07293
SBA N4(0.6,4.5) 0.13169 | 1.42667 | 0.19124 | 1.03522 | 0.41269 | 1.01593
PSO 0.14465 | 1.36417 | 0.14465 | 1.36417 | 0.14465 | 1.36417
GA 0.14541 | 1.35194 | 0.14541 | 1.35194 | 0.14541 | 1.35194
Gride 0.69000 | 1.50258 | 0.74018 | 1.47638 | 0.77413 | 1.46758
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| sA | [o3s083 ) 135437 | 038083 | 1.35437 | 038083 | 135437

pll ol uda yal Uiy RMISE add J81 i3s3 (14) Jgaad)

pdll o

Mother Elite Selection Roulette selection Roulette & Elite

Algorithm | No.(droot,druu. RMSE RMSE RMSE RMSE RMSE MSE

) Train Test Train Test Train Test
SBA N1(0.4,3.5) 0.35748 | 1.14983 | 0.19617 | 1.28512 | 0.42307 | 1.19895
SBA N1(0.6,4.5) 0.27651 | 1.33886 | 0.38970 | 1.24616 | 0.17335 | 1.38543
SBA N4(0.4,3.5) 0.13510 | 1.38431 | 0.11849 | 1.32253 | 0.33525 | 1.07293
SBA N4(0.6,4.5) 0.13169 | 1.42667 | 0.19124 | 1.03522 | 0.41269 | 1.01593

sae Alls & o Ll ADS e (sl Lodlel (14) Jandl dacl 2 Jumdl @y IS LS A lsall 3 (N) oY) bl daall aae 8abs of sl dal e
lesd ey (g3 al) sae (IS 38 e day)l Al 8 Laiy ol illa g8 J3 RMSE el 4 (6 ) el sae gl aalsll (gl oIS S2al)
el Sheal)l I Gaeills J8) dasing il s Ba Jsall et i€ LalS sel) sae ol Ll ) llh e ey @y L desf S J8) RMSE
13 o) Gun yea¥) sl pi5ally RMSE jluell L o8 8l e (g5in3 Al Cigtaal) sy (s2l5 (14) Jsanll b mamse 58 LSy Aushll o3
(13) Jsaadl e 3sale Jgand)

Uae Coslul (358 gy SAlly (8) USal slae) & aal) laaa il RMSE.Train el Alghill due)ylsad ZAN JLaa¥) bl oy 23adl da) ey
OAY) sl e (1.2) (s das o) 4kl caly )

L ULd RMSE.Train e 419 41 43y &3 sVl bl zaa g (8) JSa
G sy 53y call Jakum by desanad Alghall A ylsad HLaaY) Caldlad o Ljlaall (9) JSal slae) 5 RMSE.Tes jlaall Casl) Gty
CAY) gl A3)ae (0.33) as e o) 4l Lal sl

adl) Jara ilild RMSE. Test jladd &9 30 4 3) &1 HLaY) culld am g (9) IS
13
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The Friedman Test glaué Lid) .19

G -0l (15) Jgandly e WS Laa¥ly oyl cililad Dugiaal) ciligall Laa ellily adll Jaica ampal diiall il e lon Jlial el &
Y] il Al pe Aijlie HLasOU DA CulllS (SBA)da jiall dae lall (o Lisine g i clllia o) dabail) il cupglal (15) Jpand) Dls
Culy ) dse gl Ala Ay . LEAYy cupsl) il A2 sl b (Gride)iSall L) lsd g dagiiall Ga) Sl (o dagina (3356 lllia Cum
il L) ll o el Alla 8 Wy . LYl cupsl) il ( Gride, SA) i) sas Ashill i ylsa G Lgis G cllia o) B
kEYls sl il (Gride, PSO, SA, GA)laj lyally da il A lsall i dusine o8 llin o) Jang) culy M) dlne sy

adl) Jaida il Alghial) A el duginall (39 R0 Sy Oladd JLad) milis 1 (15) Jgaad)

Elite Selection Roulette selection Roulette & Elite
Data sets RMSE RMSE RMSE RMSE RMSE Train RMSE Test
Train Test Train Test
pdll Jasm Gride Gride Gride, SA Gride, Gride, PSO, Gride, PSO,
SA SA, GA SA, GA

Global and local search in the application section .kl cilal) @ alladly (Aaal) Ead). 20
Clly degenal jlid) Ggld (K15 He3all Laa 81 lisd] RMSE o dseandl Ghe 222 Pla e laaladl & Al e (sim Joan alacl 5 28y

adl) bk cilily Aeganal stall Aijlie (lisdl JBY) RMSE jLaall £ casi :(16 ) Jsia

Data Set Elite Selection Roulette selection Roulette & Elite
ata -e RMSE RMSE RMSE
pll baia 0.78 0.54 0.69

Ble V) 50 ) audiies L @llyy ACaQD Jlave (8 sl 05 Glasalls Jiaiall allad) Candl o€ 553l e Juml sl o e (16) Jsanlly
gl Canlly Abaiall psaadl (e B U cilanye bogia D3 B e Jgeandl ) 635 Lae da Jundl e demss iy psiad) e S
:alalisnay). 21
Ladg e Jyamall PLa o Jomdl il dael SVR acladl asiall jlaail 23 ai oo SBA Alghill dsa) s s lay A o .1
Aalal) e lsal) e Alghill dae) s s DA (30 laaly Glld 1S5 AR ilabeall (sl
D) Gasbad LS Ly - Jaadl) LS gy ) ddaeg daall SLsal agbad G and) dina o) aatll cotlal) 8 il cusd) .2
O il ) Gslad o) il sl o B ekl alall 8 L) \RMSE.Test a8 Jadll) LS cudy il ddae
O i sl Adae i) sl o gl sl o i RMSE.Test s 4 Lol « RMSE.Train Jlses 3 Jaill
CAY) skl Ajlae Juad)
o Ailre (goina (B8 gl LS 28 ATl Al o) (e g V) (oS ally mila o) a8 gleajd Jlas) ehyalaie 3
2 il il 8 Ll A et malaal asends St il adaes 85 Ly GLasY) pes 8 SA 5 Grid d)sa
ciba s ases aa (gine (38 Ll OIS SBA Liaylsa o gl ol
PLa e cRabailly wpnll Cailal) 8 s aly o1 LSy Baaly sade (e dodl n o ael A3shill ) lsi o) dde Bae phiia) .4
sve 5ol o @llyg LWLl L e i JB) Ll il laigie jia e e day)) adall dae (05 S Al VLA Dl
ol Ja iy ST iy dalian jisam Baaly Baie oo Sial)
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Abstract :In this paper, the Support Vector Regression (SVR) model was used, which is defined as an algorithm or a linear
model used to predict a specific model. The performance efficiency of the SVR method depends on the selection of its hyper
parameters. In this paper, the SVR method was used with the Strawberry Algorithm, which is the proposed algorithm to
obtain the best combination of hyper parameters.

The Root Mean Squares Error (RMSE) criterion was used to compare the results obtained using the proposed algorithm with
some common algorithms, namely, Grid Search, Genetic Algorithm, Particle swarm optimization, and an annealing
algorithm (Simulated Annealing algorithm. Three methods of selection were also used in the strawberry algorithm, roulette
wheel selection, elite selection, and roulette wheel with the elite selection method together. The performance of the algorithm
was tested through experimental and real data. The results showed that the strawberry algorithm was superior to the common
algorithms in choosing the best combination of hyper parameters. The results also showed that the method of choosing the
roulette wheel is the best method that gave good results compared to other methods on the experimental and applied sides.
Key Words: Support Vector Regression, Machine Learning, Algorithms, Strawberry Algorithm.
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