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Climate change, Long Short- Introduction

Term Memory (LSTM), Horse In recent decades, water resource management—particularly in arid and semi-arid
Herd Optimization Algorithm regions—has faced increasing challenges due to climate variability (Helmi et al., 2023)
(HHOA), Water allocation and rising water demand. Climate change alters rainfall patterns, river flows, and
optimization, Resiliency evaporation rates, thereby complicating reservoir operation decisions. These changes

affect both water storage and agricultural requirements. To address this complexity,
mathematical models and intelligent algorithms have been widely applied to optimize
reservoir operation. Metaheuristic methods such as Genetic Algorithms (GA), Particle

Swarm Optimization (PSO), and Cuckoo Search (CS) (Ming et al., 2015) facilitate
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to reduce water deficits (Akbari-Alashti et al., 2014), enhance hydropower generation
Revised (Hincal et al., 2011), and improve overall reservoir performance (Karami et al., 2019).
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Modeling and Optimization of Water Allocation Using a YWY

Materials and Methods

In this study, the climate prediction process at the basin scale consists of three main steps: selecting an
appropriate RCP scenario, employing Atmosphere—Ocean General Circulation Models (AOGCMs)
within the CMIP5 framework, and applying proportional downscaling to generate localized climate
data. To model reservoir inflow, a Long Short-Term Memory (LSTM) neural network is employed
and trained on normalized temperature and precipitation data, with its performance evaluated using
metrics such as the Nash—Sutcliffe Efficiency (NSE), Mean Absolute Error (MAE), Root Mean
Square Error (RMSE), and Kling—Gupta Efficiency (KGE). Downstream irrigation demand is
estimated using the CROPWAT software in conjunction with the FAO Penman—Monteith equation,
incorporating crop growth stages and relevant climatic variables. The Horse Herd Optimization
Algorithm (HHOA), inspired by the social behavior of horses, balances exploration and exploitation
and is applied for the first time to water resource allocation problems. The objective function
is designed to minimize the average relative deficit in meeting stakeholder demands. Genetic
Programming (GP) is also employed for performance comparison. Finally, the resilience index is
introduced as a key criterion for evaluating water system performance, reflecting the system’s ability

to return to optimal operation following disruptions.

Results and Discussion

This study evaluated 22 climate models from the IPCC’s Fifth Assessment Report under the RCP 2.6
scenario to identify the most accurate models for monthly temperature and precipitation forecasting.
GFDL-ESM2G exhibited superior performance in temperature simulation, while NorESM1-ME
performed best for precipitation. These models were selected for future projections (2070-2099)
based on their consistency with historical observations. Monthly runoff for the Qaranku River was
forecasted using LSTM neural networks. Trained on data from 1971 to 2000, the model demonstrated
strong capability in capturing temporal patterns, although it showed lower accuracy in predicting
extreme events such as floods or droughts. Future climate projections indicated a 12.7% decrease in
precipitation and a 23% reduction in runoff, accompanied by a 21% increase in average temperature,
particularly in July. Agricultural water demand is projected to rise by 20%, especially during the
dry months (June—August), thereby intensifying pressure on water resources. Single-objective
optimization using the Horse Herd Optimization Algorithm (HHOA) resulted in improved water
allocation efficiency for the future period. Despite reduced reservoir releases and increased water
shortages, system resilience increased by 17%. Sensitivity analysis revealed that larger population
sizes enhanced model stability, while higher learning rates accelerated convergence but increased

the risk of overfitting.
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Conclusion

This study identified GFDL-ESM2G and NorESM1-M as the most reliable climate models for
simulating temperature and precipitation, respectively, based on historical data from 1971 to 2000.
These models were selected for future projections (2070-2099) under the RCP2.6 scenario, which
indicate rising temperatures and fluctuating rainfall, potentially increasing drought risk and altering
reservoir inflow patterns. The LSTM model effectively simulated monthly runoff, achieving high
accuracy (NSE > 0.98 during training and 0.87 during testing), although it exhibited reduced
precision in predicting extreme events. Future runoff is expected to decline and become more
irregular, raising concerns regarding agricultural water supply. CROPWAT modeling revealed a 20%
increase in irrigation demand due to higher temperatures and reduced rainfall efficiency, particularly
for long-season crops such as maize and alfalfa. Comparative optimization results showed that
HHOA outperformed Genetic Programming (GP), reducing water deficits by 22% and providing
more balanced monthly releases. Reservoir resilience improved from 67% to 79%, with HHOA
contributing an additional 17% gain through more effective release strategies. Overall, integrating
climate models, deep learning approaches, and metaheuristic algorithms—particularly HHOA—
offers a robust framework for sustainable water resource management under climate change. Future
studies should explore multi-objective extensions of HHOA to further enhance system reliability,

vulnerability, and economic efficiency.

Journal of Drought and Climate change Research (JDCR)

Spring 2026, Vol.4, No.13, pp 131-158



shngi s

4lxo
788 % ool ot 9 (LSl s g 5y

. :
zi; x
Sg& VY- 10A Olxdio AF+0 jle IY aly (ol 0590
A:Z,M’ @ 10.22077/jdcr.2025.9958.1165

ol i cxd HHOA (o 5981 s LSTM Juto S 35 b 0 (e (g 3lwtdionte 9 Sl Jore

TS LS 7 il wlobuluw

U‘f‘ G‘Qé 5r°§ oKisls “SAHW 9 ‘5.3 PR sul).o.c 6...4..\.4(6 03; )LH.MJ‘o -\
Q‘J"‘ spé ‘pé oKiils s‘s....n.\...ero 9 LSJ oSl ‘u‘).a.c LS»..J..\...Q(Q 05; 46).:5.) 692.....4‘& -y
Ps.Ashofteh@qom.ac.ir : J g 09wy g3

T 1gualS slaojly
—Y+89) ouyT §-31 50 g ¥ s 0 glio Lamas (jlawdiuts Soad Ly ,sl> Jingh LSTM HHOA 85l , &
CMIP5 —odsl Lo Juwo 3 .o plozmil O (ol dilolws (5Tl (L5l g (Y+V+ 9ol ol arass (gjlwange

L2y 35 (ot ikt Ol ds iyl 6l y—s NOrESM1-Mg L (sl ,— GFDL-ESM2G

ol (LSTM) 'wumouids jloatidls Sy (6 s ) Lo i it Olsii]
=1 3t D9 105 (rmlin e | S AS 00 F (63 lmdnds 49> ailalo
A0y ¥ o5l LadlB jLas ouiT jo 4S 8ls Ll 9 5591 s Cropwat Ly 3 &Y gmazo
s (HHOA) "cwl alS (5 5amdings pmis 59531 & pmSlos cdoldl jo .ol uplgs i3]
A 3l (Ll S'g )i jgy 9 eyl Hlwro 2y (gl (GP) TS (g5 yaoli
3l i O ammass gl HHOA 5 pSlos (o y 39 sl 08 g Jmos ity HHOA
YA as Y 311, 5o (69Tl § GBS 0033 VY L5 1y T (5 yinS enilyd HHOA a5

MO s sl (NSE) F s aw— (i ey poo Lo LSTM iz o2 .0 i [38) 0o 0 el o &b
WA 63wt (cwlo cBo Lo 1y asilale Gty y il AR AR

‘ol g,
VE-F/ VN

ey &b
VE-F/-VIYA

1. Long-Short Term Memory

2. Horse Herd Optimization Algorithm
3. Genetic Programming

4. Nash-Sutcliffe Efficiency


https://dx.doi.org/10.22077/vssd.2022.4953.1061
https://orcid.org/0000-0003-2561-0510

Yo

SLSTM Jute LS5 L 0T s (gjlsings 5 6 Slude

madole (Biln i S jpd D092 90 (9
Y oige,ln s au 65| (FDB-SOS) 7 JoL s
e sl ACA) * g loaxiul €l o551 (HS)
Olml og,dle e )0 (Sitenin slaailels e
ol 4y (3350 SOS-MSA Jo o .0 Soged a—unlis
oali g od il slolas la o o AN S i s
il Lo 5581l ay Cd (6,YL gl
i o5l 4 (Yilmaz et al., 2025) ), o2 ¢ Lol
ity p—,s5) (ALO) ez 50 (g5lmaige
S5 Slwainge 5 MTBO) V(60,5 e
4l e e g 1, GWO) Vg S
30 g ool ol 5t L St e
ool s 1 golasdl Bl ahws (g 56S GWO
B S e (6l ool Joe ol 4l ) il
=)l S Sl aolie arads 9 St S pae 50
4 (Dabral et al., 2025) ;|,5oe ¢ "7 Jl,2ls 0
ool wl Lo s jo S5 3l (55l 0 500 (5 5lwaings
NSGA-TIT NSGA-II Jol_s 4 sz iy )55 s 5|
59y 18 =S e Jlod (61— a3 5 MOPSO
NSGA- s a8 5 Say s ] 1 e EMCP
5 Shoe 5 o Lol 5l oo ,o AY el 4y 3-890 11
NSGA-TIT .csls Lty ys5I1 3l Ay G (6 4
Siiigy |y Lolis 5l aioys ¥ 5 PA i 54, MOPSO 4
Sls (gl NSGA-TT as sl oLt oyl .asols

B9 Pomlie 7 (6 5lwdinge odmy
3G —=Sose a5 a s o i Sl ol gy
by Jlow = 0 it sloapi,sS
Slalllae ;o Glojmg oBalr ol polio sy pan L
3=l ol ol ol a8l 60,05 5 ole
lacasgame wol alie glaailols 15 —Samy
Lalyb 55 S el am Sl g eoolaidl ) S5
peb— il sl ol cul cahisae
—on b 03B (S 5 g )kl eSS
Ot cilizs slagy L 5 Laools 5l —orlis g

6. Fitness-Distance-Balance-Based Symbiotic Organisms Search
7. Harmony Search

8. Imperialist Competitive Algorithm

9. Ant Lion Optimizer

10. Mountaineering Team-Based Optimization

11. Grey Wolf Optimizer

12. Dabral

doddlo

&.gl.&.a o pde [ Ja_u).o le—QJJL} ‘)._.:5\ slodns o
Lol nolisl g (Helmi et al., 2023)  —on8l lilgs
ol oje—> oyl yaeb kol Glmacacs 5l S a4y
Pl ol b (a8l Ol poss sl o0y Jos
=90 s)_.‘.?u.}' 9 l.b:\.}[ﬁ-os) ‘-s_gd ‘grf‘)‘;)b dl_(bﬁi.” )o
31 ot 50 (6 ymeS el Al B o Sedzey
Ol = Lgaiad ¥ g ] ailoads laaw o5l
D18 s U s (65,0llS Sy e

5 2k sbadoe o Sazmy olam &b o
wiloa & a 18,8 Sa s 5l s 5l a g (gyl0 000
lops oK ol (o, il 3 Lo g, 5l ool
(PSO) "ol slmosl gilwag (GA) 'S
plw g (Ming et al.,, 2015) (CS) "a—51 o>
oy Ol b 5l a3 Saledl slais 63
)._J].JBA GL.DJKG‘) au @LMO 9 N CESN 6[{09_:)L_M:
el Bae U Lo oSl ol .cul 00, 5 pal 8 |,
siols8l (Akbari-Alashti et al., 2014) ol (g,—uS
L&) g «(Hincal et al., 2011) 15, &5,—! a—Jgs
«(Karami et al., 2019) ;L0 60, Slas slo >l 5
alad 38 b5l s e susie Olallas o
s—=,y 4— (Bhavya and Elango, 2023) ¢ 53¥! 5 L4l
4,0 (ACO) *LM%”A PPN L B PO 3| IS L
)‘ L.S)L))—m)'e'J d—isle UT &:L’.A g/_:):;).c 0d—Z le_..wc
PR T3 A V-3 P T ¥ L WU I g BN
P ACO slagn,sSl ol Jd>lw slaglssl
s 0, Shae amaiz 5 o i Sl >
Comd e 7= lB ACO (oS 5 loase i o ils
Coxigd g 0,85 ST 0l a ] S glaas i
m—i 65| (Akbarifard and Zounemat-Kermani, 2024)
olbly Cmipa Dby g Rl (55

1. Genetic Algorithm

2. Particle Swarm Optimization

3. Cuckoo Search

4. Ant Colony Optimization

5. Symbiotic Organisms Search based on Moth Swarm Algorithm

woel8l s g JlSas glo ighy ddxe

WASV0A Lo VF40 e OF by oslez 090



S oK glas by 4y gl e
ol Elopyn g FET Eoi ) lmosS iy
Sl g 858 430y, 3 pl ddgs ol (ol ailsog,
il 3 Uy St des slibate Jalod o050 e ol
le i axinns g 009 CwdVb sl iz jo wgad
3ot B ailEeg; i el YU ()8 gy 5 e
Ol e Sl 485 iz s s sLoogS
Slaglimm et 5l e Lo 38 4 o2 5l el
S ablog; ol il 009 Blayslle 5 09t
el 39l 58 095 glaasls (0T 5 ke
s=2le il oaaisT (lls baga st il perin )
50w ol Slas de ol oh ol g VT 58
ouds 00,51 V IS o 5l adg Cabge 5 ) Jgor
el

309t slages g)ll 588 o Lol (5,08
ailog; ol (g sl 09 it g aibie (b s
5L s 4 ol el 585 5 Ll s 553
sl 00l (65,0l

oSl Lol onldl clmools Ll o i mgly ml o
39 sl i Jigs Sl 5 5 Los alale
Olg—ieas Yoo o L VAVY o v o Jime iloj
5 (Behroozi et al., 2023) )|,l5on g (559,42) &= 0 0,99
$3919,5 wasloyg0 e VoAU L5 Y-V sla JLo
3 o8l sla Jow o, Shae bl jetateds 0
Slaegorme ailate G52 L8, (e 5 il
Siep ooy G415 50 el (Sle Joe YV
Ll gy i s (IPCC) ol i g0y
8 S 8 o 0,50 RCP 2.6 glaSlls lasls
z! Pl IPCC comwy OBk 5l 5Ls 05— (slnosls
oS5 i Satien | 5 sSoste Ly g oad
Lo o o i3 4 ibie anldl oMbl o in Jigs

D38 glFal g ils my AreGIS l5 Sl 5
dilaie ;o Sy dw Slasl ol aolie dewg , late
el g (b Lapl 2 S pae Sua Ly 55 )3
ol 00 (5 ja0ly ely5 =2l sl Sl el
O qezie ()Ll loaS i sl L 2 b o
Gt S5 ) (65,88 sl 5l o=y S8
s 5 ()90t SRl Jlwdin g oo 0l 8

Journal of Drought and Climate change Research (JDCR)

Spring 2026, Vol.4, No.13, pp 131-158

S wasT Slslulay

e Blas 5 6o 0 40 s aass sl |, Ls S0l
ol aolio aS oyl o )0 055 oo 4l Ol aslie
§ Cmrazr Oy el ot 1 0L gl lis L
Laa o8l ol 5l oolaiwl waslaxlge —ixio axwgs
g e Ly L5 oS e a8 0 oS el 4
Dol S ol Gl deoly a5 e Co
sl Gk (Sles Laghs, ol Sl esliil 9,2
el Ol amlie s c oo il 45 095 0
=blg 5 005 (bt g (T sty s
) 59—l sommniz g ooz Plows 4 (255l
kB L gslmange loapm o8l (Jlie o 5o
oy Tl sLad oz gl (ot g5l Joe
S jad olell e bl b Lo (6l ki
ol gl copae y0 5k 5 5590 e L)l sl

gl 58 gt
4 Olg (o0 ety Slalllas y9, e 4 azgs L
L —ssiae phg—2 slodoe S5 e S o3
s ol alie Sy pae y0 (gilmaige Lot 65!
NS ol gy sl 00l (s py JlS 5 boas
&l s oo olz HHOA 5 LSTM 3l ooliul Ly 5,15
o8l i bl o g 88 s Ol aig e rass
95 3l oslil oy 55 pad ¢ gy ml )d s an)]
&by ¢l HHOA) el a5 (g5 waige
=95 ol Sl Bl 53 983 (55 5 (61 0 e
adlaie (ol OF aalie S e a0 [l sl
P2l oS pall Gl Bae g os b e a S Sany
Lol ol e L], 8 oo (65,505 A
=2 ol el o e ol (Sl B 4z
5B algioe ol 3 Shee (g5lwanngy winimly
el g golaldl gla ol o e LB
ol el sl )il £l ailaie
b )S aalys Sgo e sl e ls b

L gy 9 olge
axdlbie 3,50 ddibiio

SO Ql_'ggl.g)é] S-SV R SR G VRN AW S S

1. Horse Herd Optimization Algorithm

Y%



'YV

SLSTM Jute LS5 L 0T s (gjlsings 5 6 Slude

9 8w wlasin ) Jous

Table 1. Specifications of the Qaranku Dam
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Table 2. Overview of the selected climate models within the project framework
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Starting with an initial population: The algorithm starts by
generating a set of initial solutions (horses) randomly

distributed in the search space.

Objective function evaluation: Each horse is evaluated
based on the objective function to determine how close N

itis to the optimal response.

Leading horse selection: The best member of the

population with the lowest objective function value is
selected as the leading horse and the other members follow

Exploration phase: In this phase, the horses

move randomly through the search space to

explore new areas and avoid getting stuck in
local minima.

Extraction Phase: After identifying promising
areas, the horses direct their movement towards
the leading horse to get closer to the optimal
point.
<5
Position Update: The position of each horse is
modified based on the algorithm's movement
rules and the influence of the leading horse.

Stopping criterion check: The algorithm
stops if the number of iterations reaches a
certain limit or the changes in the objective
nction become negligible.

Presenting the best solutions: Finally, the best
position obtained is reported as the final answer

to the optimization problem.

dlus J> ;o HHOA Jow slessigy .F S

Fig 4. Flowchart of the HHOA model in problem solving
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Table 5. Mathematical specifications and optimal values of criterion functions used in evaluating the single-

objective HHOA model
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Table 6. Performance of selected climate models

Joe Lo
Model Temperature
r RMSE MAE NSE KGE
(%) (°C) (°C) (Dimensionless) (Dimensionless)
GFDL-ESM2G 99.06 2.07 1.78 0.95 0.98
Joe SHL
Model Rainfall
r RMSE MAE NSE KGE
(%) (mm) (mm) (Dimensionless) (Dimensionless)
NorESMI1-M 74.72 13.42 9.90 0.54 0.75
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