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In this study, precipitation, minimum temperature, maximum temperature, and
evapotranspiration data from the CNRM-CM6-1, GFDL-ESM4, ACCESS-
CM2, and CanESMS climate models were compared with Qazvin synoptic
data for the base period 1986-2014 individually and ensemble. The results
showed that evapotranspiration, minimum and maximum temperatures in the
group model (combination of the aforementioned climate models using the
weighted linear averaging method of the models) are associated with
reasonable and appropriate estimates with coefficient of determination values
of 0.95 and low RMSE values. The results also showed that running models in
groups reduces errors. Using an ensemble model, precipitation data, minimum
temperature, maximum temperature, and evapotranspiration were simulated
under two scenarios, SSP2 4.5 and SSP5_8.5, for future periods, and the
results showed that temperature and evapotranspiration will increase and
precipitation will decrease in future periods. The maximum and minimum
temperature changes compared to the base period in the period 2026-2050 for
the SSP2 4.5 and SSP5_8.5 scenarios will be 1.9, 2.49, 2.98, and 3.31 degrees
Celsius, respectively, and the precipitation changes for the SSP2 4.5 and
SSP5_8.5 scenarios will be -37.82 and -11.24 mm, respectively. Using
climatic parameters, wheat yield was evaluated using random forest, neural
network, and ensemble model methods in the baseline period, and the results
showed that the ensemble model reduced the error. Therefore, the ensemble
model was used to simulate wheat yield in future periods, and the results
showed that wheat yield would decrease in future periods. The yield changes
in the period 2076-2100 will be -7.22 and -10.81 percent in the SSP2 4.5 and
SSP5 8.5 scenarios, respectively.

Cite this article: Ahmadi, M., & Ramezani Etedali, H. (2026). Simulation of irrigated wheat yield under climate
change using an ensemble model of neural network and random forest. Journal of Water and Irrigation Management,
16 (1), 1-14. DOLI: https://doi.org/10.22059/jwim.2025.397707.1240

DS

© The Author(s).

Publisher: University of Tehran Press.

e DOI: https://doi.org/10.22059/jwim.2025.397707.1240



https://doi.org/10.22059/jwim.2025.397707.1240‎
https://orcid.org/0000-0002-6284-9814
https://orcid.org/0000-0002-4840-0201
https://creativecommons.org/licenses/by/4.0/

VEeB Loy o Jl o)lod (ol o590

Sl 9 QT Copue

Homepage: https://jwim.ut.ac.ir/

YYAY-Q9Y) 1S9 ,S0 bla

Olygs o&adls eyl

45 (0955 Juro 31 03Ukt by ! ki il i AT S M 0 3ok 5 v

Solai K> g was

MY el Gl o3 | saenl 550

mojgan.ahmadi@edu.ikiu.ac.ir :4eblly .5l pl «y2938 (o) (e plal (Mallpo slEuils o659l 1Sl ol wdige g pole 05,35 .\
ramezani@eng.ikiv.ac.ir :4sbll, . )yl (958 (o) wed plol (Ml oKl (65,9liS oSty cl wtiao g pole 0935 ¢ Jgfume ot gs Y

2SS

s e

CNRM-CM6-1 o8l (sla Jio 5y 55 5 yiS T (slod ¢ JBlis (glod o)l (slaodls ¢ yimgsy oyl
295 9 Al & ypods pgid Seinginw o3b L CanESM5 3 ACCESS-CM2 (GFDL-ESM4
Jde jd gSls g Bl slod (3ymg e a5 ob L gt b duslie VAAS-Y VY 4l 0yed
ool L (la e ot 1555 (6 (sSile Ghoy 1 odisd b 555 e (sl (il Jao ) s )5
2 s oS s ol ol ot awlio 9 (lato 3yl L RMSE o8 polie 5 /A0 s oy
slod (iyb sbeodly (29,5 Jao | eolatwl b g o las ialS Coge i 2g)S slpp] &S
15 (gl ST slaoygd (sly SSP5-8.5 ¢ SSP2-4.5 )l 45 Cob 5ymig e g yiShs (lod ¢ Jolus
o> Sty (ipe 8l slss (il ol 5 Sl3El ST slmogd )3 5 yigyees 9 Lod o8 5 i gl
SSP5-8.5  SSP2-4.5 (clagyjluw (gly Y+YF=Y 0+ 0)50 10 b 090 & Cuwus i (glod 5 ySTas
5 SSP2-4.5 (elbgy s (6l iyl Sy swo g 3,5 Ll dy YITY 5 Y/AA Y/FA /A (o iy
3, oe ¢ cauldl glayiolyly 51 ookl b dg dalgs o oo =VV/YY 5 —YV/AY ply s 54y SSP5-8.5
M (Ui gt g wd (b)) 4l )93 13 (B9 Jhe g (ras aSd ((Bolal JSix lagby, b paS
2 pd8 3Sles giludnd sl (295 Jde | cnlnls g8 o0 s ialS Cage (29)5 S &S
Syt b o pialS ST (clmoygs ;5 puiS 5 ,Shas oS ol L5 ot g b ool ST (slao e
Qo> =V /AY o =YIYY Cusgay SSP5-8.5 4 SSP2-4.5 (ggsyluw ;0 ¥V =YV 0y90 ;0 3, Slos

Y ..\!za]9>

gy Alis sl £od

AR/ (AR [P T
V01V 16,5530 & ,b
V¥ o)A g dy g\

VO 1y g ,U

:Ubbj‘s..\gls

b

Llos

it S slogy b
52 (oope 5 sl J Lo

4 poyS o 5l ool b waldl juw il cou T paS e 5,8les gjloand (VF0) (ool o Jluel Slae, 5 (B e csten] ol
DOL: https://doi.org/10.22059/jwim.2025.397707.1240 NF=\ (M) V8 «ylol 5 o oo 4y puiti . 3las JSi> g oas

BY NC

Ol olisly )Ll e il



https://creativecommons.org/licenses/by/4.0/

¥ i) o, (£3U 5 uton] 3U550 / v Jato i1 038! b pyld] syl G il ouiS g 3,k (gl

doddio .
polpo 3 1y o3kj dgs (65,0l SlaptuwsST (5)lul Lais (unj mlie Cudgime g Cumer @ M) o
C)me b/&l«:— bmw.».x) J.n‘yc- P yedeo )'\ uﬁ; Oly\.w\g ‘wﬁl u\)...,.,u Lol o))f od> S5 4 Ol{g
Ray et al., 2015; Rezaei et al., ) 123 zuwdgs |y s d)Slas (g jl ao)d 0+ U Y Wl oo ¢(gjyolilS
).ub (s -(Zheng et al., 2012; Chen et al., 2018) &S s ) (gj,5liS Woh i (S5 0 Slg o
Gl Caa ke sl plial gl sy (65,9l W couldl B Laslpd g oat] (ceuldl Sl ogilly
(Chen et al., 2018) Cuwl pho Hlas ondl ol las

axwgs |y oais] g ed ( S, sloagol I ol gjlwans (CMIP) sadcds laJio blite dwslie 059y
Conl 43,5 )15 0olitl 590 (65y9liS Y guazie Mgy soall lpnss b b5, (sl 03,58 jebods 45 dad o
L;)Lajé]—L;cloi;-‘ d‘.zz»).:“.\.o Y(CMIP6) uo..lel LS'J»J,\A J.»lam Ao ldo 039y peiud 4.L>).a .(Arunrat et al., 2022)
AS o oy |y Jolite (ol clan] arje Slusys oS sl 03)5 Bime |y s> T(SSP) S e
i slp TCMIPS (gl s 4 Cuns (6598 B zuls CMIP6 (cla Jio a5 conl ool (L5 (L3 Olalllas
A paS CutS 5 0,Sles 3 CMIPO ol (cla poss ailxS (gly (Du ez al., 2022) wimd o &3l 15,1 o Led
Sl paS 5ySlas g o] el Clpuis o daly zels oo g a4l Gl sl (e LI
el anog g waldl b Lo (55)5liS (slmoged S5 sl 53 (IS Gl g (j5liS 4 (ot 25T
ol G998 pAS WP (godlBl Sy Sl 20 (gl

ol 5 odl odddl Ll b b (65)5LsS” slmoged Bl g (Siloatny sl paiS 2)Slos 3> slatuiy
QS o ol i (glol (sla by 5l cdel a8 LS cladllas WS ol o Yl (coulBl Ol pis b il 3l
liseo glag luw cov paS dSles i glp ouile (£530L Mied 08 slapi )Xl I (2023) Ruan ef al.
u»ol) Iy ok Cares jl aop ¥ Lu).O.J slie &8 cuwl M Sl mie S paS 50,8 eolitwl o8l Ol s
axwgi b 55 (slayguiS 5 a8 Slayl opgd ¢ l;,9liS 1S (Giraldo ef al., 2019; Ashfaq et al., 2024) xS o
350355l g Sler culdy wgimme LI ol s dialy 353 B 4)50 5 dgde IS 4 |pastie i
(Sinwar et al., 2020) &S o 55510 Gl o]l |y 05,y @ gy clalslis

9 Bgb oo 45,5 Say oulil g (¢5,9liS OV gamo po by, blawl glp oS calaase bl sl Jss
g il sals (Siba gl clasy )5 (Blair, 1919) 53,5 ey Giw 08 < 5l L 4 oyl codd
ol 3B b5yl & plejen s g enldl s 2)90 53 010135 (sla 1SS 5l LBL 5 e 4 Casl 039y
bl slalil g Wosls Jilows g 455 4 958li9) oyt Jioar Gzt Crgeme ) Cul (555l 5
Shdlond 5 awyiwd P ol By 5l (65)0liS 5 eul8l Su )l law g Il asl il
My b j0 oylsen (g)bw o gyslis o 5 s slaaSis I mjw odlitel L was glaodly (S0 (ggw
Olalllas sl 48,5 Cygo odly oo g 30 die) j3 (605 pud> SBCd piy AN gladnd (o s
B9y 0gS] Ndg (Sto wldl b (65)5laS Y guazes 3)Slas (S s ye (sl (b Gge)S) 2 Fuke 4l
s s (as Sl laiy by lapile Wil shuas Hoga L udle (6050L Cuomw @
Crane-Droesch, 2018; Ciscar et al., 2018; Hu et ) Cusl puxi Jbs )0 Gues (65500 ®XGBoost ¢ dlas



VP20 ol o,lont 0035l 0,90 a5 )bl 9 ol g pido £

ol 5 S35 N pama ot b 3 ot il S 4 8 indle sy slaJie (al. 2023

Lo o5l (D98 oo odliiwl (plie @Y guame w5 line (ot lp el edle (65500 (Sl oSl
Van ) ssles gzl el 1) sy (slagSl g aiS™ Slolis 1) Jas e by, cwiss )18 YU slal glyls glaodls b 15,018
by Sloj— e (slosalive yojgal 3ayb 3l Jatumo g dtusly Jolge yho (clasign (Klompenburg ef al., 2020
@ opile @5l GSESS Wedie (alolid bapieSl (pl bwgi )i slaosbasgerme Sl gSo s
Slos ozl ] 5,Skat i 5 (5595 N s lulid sl isn sla st

S e )3, (Fashoto ef al., 2021) aBxs Jad o )T ( Souas wac salis wil ol Jis
o3kl 5 ySlas ye50 (gly (Sahbeni er al., 2023) XGboost g (Pang et al., 2022; Tariq et al., 2023) _sdlas
Oy S 0 55 0 1) g B 9 (SW)b b e wusb) dod Aile (g3)l50 e (pl g oo
Plco b apalae 13 a5 Sloj o> iS dgame |y oyl 308 Wl o a8 conl b Jdo o) Lol sla ills 51 (S
hosSlas gt Jae pusiz b (25 logdy, 3l odlitel )b uslio 3 )Slas 2lgmgcl bulpd b sy
(29,5 sl be, (Fei ef al., 2023; Li et al., 2023) and o ualS 1y (bl i Jbcpe ;0 5 &S o 53480
Wil dgue |y pASTAD) (Sl e €8> b Jde Sl ()l @S S 5 b ol (pSae (plel$ (65500 il

Igbal et al 2024; Zhang et al., 2023; Bento et al., 2021; Ahmadi et al., 2024; Yanagi et al., ) §3xio Slalllao
2024; Karatayev et al., 2022; Borzo et al., 2023; Shiyokhi Soghanloo et al., 2021; Lotfi et al., 2021; Aini
ol 3wl o plodil paiS 5 Slos g w8l s b byl > (Nargeseh ef al., 2024; Moradi and Naghizadeh., 2023
CNRM- (cogos (53,5 slade cuS 55 jlecngB cudd p3 oS 3Soe o ouldl jouss' J1 () Ban b gy
o1] 5 4l clooygd 3 SSP5-8.5 4 SSP2-4.5 il clags s o CanESMS 4 ACCESS-CM2 (CM6-1
hgp bl (SLSS olyendy codldl Juo iz I lojer (6550500 53 adlllas (pl oS dag el 003 03lat]
M8 d2gidyge inS Gpba Sl ) a5 (63,505 ol (ladate aw )3 puS 3)Skes i Sln (Sohas

o9y sy .Y

axdltaos 590 4itin . .Y

ool (g8 Gliwl sbasdl )5 ore i (55)oliS () JS) Conl oad &l Glnl 2y Jled 53 (n938 ol
On > ShyalaS SV gae i Gl S e FOr Colue b ((ngf cubd) adlass)ge ddlate S (e
Sy b gloglione; g )5 lap bl «Sitddos lymgol (chls cubd (ol )b coenl olpl glacas
Sl Hlol 4y angi b oyls 3gmg ((2938) deadds Hlol b Sty g wliilgn o] G cudy ol 5> .ol
wlilin Job 5 ol ol i ozl olSiag) ol sloodls 5l adllas ol 53 ¢ Seppinns olKiu]
Sle .l e WYVA/Y (] gl g odd gBly Jlad 4,0 YENO Sldlas oy g (Byd axyd O/
9 35 tlo dxd B 5 WY dgds Cuiya (VAAS=YNY) @l 0)90 0 aVle glea JBls 5 Sl glod
(2958 Cubd ohee Y guase I (S puS Siepl 4 arg bl e lee YFA dgus aiVle )L (Sl
A8 Bl bl slp Jgame cpl 39,00 sladay



0 lic] o, (o3l 5 gon] 350 / e o i) 030itin] b sl sk gl oo ol ouiS a3 Sl (5 jluwetgnn

Caspian Sea

49°0'0"E 50°0'0"E 51°0'0"E
i f f
Persian Gulf - N
W N\
< .
™ »
. .
4
[ ] n
36°0'0" N+ ——
Legend
- - @  Synoptic Station
. -« Elevation (m)
* Value
\"'\.&f o High: 4104
- [
0 110220 440 880 830 Low:234
e ——— 0TS

T T T
49°0'0"E 50°0'0"E 51°0°0"E

Figure 1. The location of the study area
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Table 1. Evaluation of minimum temperature, maximum temperature, precipitation and evapotranspiration (1986-2014)
2

Parameter GCM R RMSE MB
ACCESS-CM2 0.94 2.39 1.3

CanESMS5 0.94 2.55 1.6

Minimum temperature (°C) CNRM-CM6-1 0.93 2.67 1.5
GFDL-ESM4 0.94 2.45 1.5

Ensemble model 0.96 2.22 1.4

ACCESS-CM2 0.93 2.82 0.2

CanESMS5 0.94 2.66 0.4

Maximum temperature (°C) CNRM-CM6-1 0.94 2.69 0.1
GFDL-ESM4 0.93 2.7 0.1

Ensemble model 0.95 2.26 0.2

ACCESS-CM2 0.15 31.51 -6
CanESMS5 0.12 32.55 -6.4
Precipitation (mm) CNRM-CM6-1 0.23 29.49 5.4
GFDL-ESM4 0.1 3291 5.4
Ensemble model 0.26 28.28 5.7
ACCESS-CM2 0.95 15.17 0.6

CanESMS5 0.95 14.4 0.5
Evapotranspiration (mm) CNRM-CM6-1 0.95 14.4 1.2
GFDL-ESM4 0.95 14.48 0.9
Ensemble model 0.96 13.05 0.5
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Figure 2. Annual average minimum and maximum temperatures, total precipitation and evapotranspiration

lod lpess e a5 gygbas Wb o ialidl ST claoygn o yiSlas clod oS amd o ol (Y JSK3) mls
a3 Y/¥Q 9 V/A 3 54y SSP5-8.5 4 SSP2-4.5 (glagsyluw (sl YeVO-=YoVF 0,50 10 4l 090 & Carnd Sl
9 3,8 il ax > ¥/YY o Y/+Q (i idy SSP5-8.5 5 SSP2-4.5 (clags,luw (glp Ye0+=Y+VD 0y9d ;3 5 Slw



3 i) o, (£3U 5 uton] 3U550 / v Jato i1 038! b pyld] syl G il ouiS g 3,k (gl

Sy dalgs oS ol a0 FIAY 5 Y/AY 54y SSP5-8.5 5 SSP2-4.5 slags;luw (gl YoVE-YV e 0y50 )
Glp YoYE-Y0e 0)9d 13 b 0y9d 4 Coamd ) Sl lise g Mb o (il ST claoyed > JBlas cled
OiplS ST slmoygd jd oyl dgr dalgd oL le a3 YY) g V/AA (554 SSP5-8.5 § SSP2-4.5 (clagy )l
2y s 54 SSP5-8.5 § SSP2-4.5 (glangs )i (glys YoYE-Y VD 0,93 )3 il 090 & Cms )] Silyuis 5 Wb o
093 ol Slsd liwe 9 Mboe Ll ST (claoygd 1> Bymigmis Dg dalyd e Lo —VV/YF 5 —YV/AY
S idee YAVIEA 5 VOFINY Ly (o5 idy SSP5-8.5 5 SSP2-4.5 (clagy )l gy by 0795 ) Comd YN+ +=Y VD
gl ywloly zo e 3505 35w 0 ealdl yusd I3l oy 0 4 (2024) Karimi ef al. gladllas p> g nlgs
o] gl 5 g 03,8 o3l o2 Sl oy | 5y e drsslome (sl Sl ablp 5 o] )3 i (35S
b oS nbioo (Rl 4l 0jed 4 s (ST slroygd )3 (5)%5 p3es g Sl g Jihe (lod lawgie o ol (las
&>y 3y% pud Olyuss (2025) Din Pajouh and Allahvardipour (glasdllas ;3 0l Jloswen ol dslllas gl
prdlion cov Sl g Bls clod a8 sl L ba)] gols 6,8 wyp i 555 ollao 1) lke cudd
0y50 0 )5 Sl > YWIEA o V¥ & b 0y90 5,5 Sl a5 0 YVIY 4 Y20 3| s (SSP5-8.5) g9 )liuw
Vo bl oygo 50 (Jlo o yie duo) YWY 5l ol cudd g po 305 poed (560ke ey dalgd (oMo Y+ o=V A)

D) Slogen pols adllas gols b S dusy o (60Meo Yo A=YV v e 6500 10 (Sl o sio duo) WYY & yiulj8l aoy

PSS O Shos (5 jlwdmmis Y .Y
A gl (CuiS 0)93) BySg s g b Sl (gled ( JBlas slod (sl oyl 5l eslatwl b puiS 5 Slas

((svas &b g (Bolad JSix oS 5) (2955 by 9 ras &Sud ((Solad JRir bl Sl pokate (nl sl

Table 3. Statistical evaluation of random forest, neural network and ensemble methods in performance simulation
(1986-2014)

Step Method R? RMSE (ton/ha) MBE (ton/ha)
Neural network 0.99 0.001 0.007

Train Random forest 0.93 0.2 -0.002
Ensemble model 0.98 0.13 0.007
Neural network 0.73 0.44 -0.03

Test Random forest 0.45 0.33 -0.03
Ensemble model 0.67 0.3 -0.01
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Figure 3. Average annual maize yield in future periods
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Figure 4. Wheat yield time series
Table 4. Mann-Kendall test results for scenarios
Scenario z P-value S T
SSP5-8.5 -7.575 3.59¢-14 -1657 -0.597
SSP2-4.5 -6.2759 3.476e10 -1373 -0.4948
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