Oy (e 55T (pwkige (a5 oo alons
QYT i AP F 5l (FA L) ¥ 55lad OF 555

SR rep e Sl eslial b 4yl 2o g 5 S5k S Se 58 e
EEMD-SVM-LSTM

Y Y . 35 . ..
asr o (Slaal dpes T eE B s

\Fef/2A/00 'J:J-'-'.‘i @)U AR 720 720 :C;élw: @)U

s S

Slods Comal Sistaadd bl 53 il Ul g 51 S0 Sl 2als 5 O e Sy e sl ailale (200 G35 gty
1352 etle (BEMD) (mazsd Sl 0 5 & o5 Al (oS5 St Jo S bl 5 anw s R cnl 5l sl
b ol s s alale Lol w5 @olednd 5 shiet (LSTM) ool bl e 883 5 (SVM) olzis
5o, S YOYE LAAY G boassl 5 5,0 Gl g oKl Sler Slale Lab laesls daaly opl 53 ool ases |
S 3ls OLiS s 3 8 ) ool i 6o YO BT Y los 830 st o3litel Jue i slzel 5 (55500 (<l 5
e dhes /YAL N o LSTM (gl 5 e Lo /N G 0/0Y 0 SVM Jde (gl oo 2 3550 (sloolSausl ;5 RMSE i
i o] 48 Il s salice (Ao 3 VWAY) (555 oSl 53 ool 5553 53 AVl (30L ul5dl Olsee o 5V0 3 g ke
3 ks 555 4 S iyl (S gl 53 4 S BV 0L (ke s sbay A alse 0L (sdo 3 1Y sl RS
Vo @33 by ik sdhamy ladis, Ll 5 e EEMD-SVM-LSTM (g s Jute sl OLES Laail il daly 2alS as s ¥
3 Sy el GblLie 53 el Dt LSl (50l 5 O e o e 3 g (1 5 XS Gt 5 Ol

el (6 55L (Grae (555L (S rd e caas)l Al 5l A (o8l i (L tlaell S

b.farokhzadeh@malayeru.ac.ir J stes stiwe 5 Ol | oMo ¢ Do o2 cns jlaes 5 anbs b ISl (ks dige 5 S okl )
rasool.imani@grad.kashanu.ac.ir «l 1 oLl (oLl o &Eils (e sl s b ol oSzl wol —L;)b}:;'q? ©lSs Y
5.choobeh@uUrmia.ac.ir «osl ! et sl case sl oKl ado e 1Sl wl =gl gl S5 Y

DOI: 10.22052/deej.2025.257075.1111



mailto:b.farokhzadeh@malayeru.ac.ir
mailto:rasool.imani@grad.kashanu.ac.ir
mailto:s.choobeh@urmia.ac.ir
doi:%2010.22052/deej.2025.257075.1111
doi:%2010.22052/deej.2025.257075.1111

Ve 5l (FA 9lo) ¥ o loud (oo yleer Jlw (bl oS (i (s 9 ool aloxo vy

olitd 4 O Kan sy il a5 4 e 350 ) (TTY
53 05 ondle (6500 5 o gme ism slaen, SIS
OLLSan 5 51 5) Sl ol ke 5 St 31 L sbbie
sl o (VoYY OLSen 5 wllo Y0 TY ol Y01
2 (ML) oile 6,55k 5 o san osn b5 50 Sein
slresls g3lwdds 5o gl 3l gladlw
3 S5 sladde dauly cpl s el 03528 (S5 s50s
Lsle JEK i o SlacsiSS Gl b e g5 5k
Gt 5,550 sldas 5 Wavelet Transform L EEMD
Sla S s gl el 5> L 50 SYM S LSTM s
Shaidese Slay slaesl 5o 0L G8s fo e 5 odeamy
o S b b (e S8 5 Mlesls DL 5 4
5 s YY) dlesls mulidl oo gla s,
5 Sl Y OSn 5 o 63 V) LS
(Y O an

sladise 5leslaal 4 lesls OLES (gadaze lallas
L ool Ol S 5 Gles sla Sy ol 35 s
dad 3 oblre ssba |y pw e S e S Ll
Shs (TN O 5 SSls ¥ 1Y s 5 ey )
SR e S e 3,555 53 (T ) 0L
&S L3S @l Cllgy =il Ayl siledide sl o s
mls o8 S L Al b sl e S gl &
e (Sl 3 S 5 a8 das e 0L 50 ety S (ol diuge
ol ok e 2D LS e S0k sladae b
SWOA (Leal L (T+Y4) 0LiSen 5 o g0 5] 80
SoolS eVl 5L a6l o3 s (g lsbine 55 MLP
5 I L e lidedinr gla Sl iz s S
;> EEMD-LSTM ; Wavelet-DL il Gras (5 S5l
sladds o cnd 5 0 0 5 Shas sl 2oL oo
I 2 L P COUNSRTNEIT) I N U W N

(TY0 OLKas 5 7L G g Y Sl

6. Diop
7. Wang
8. Yeditha
9. Jiang
10. Jyostna

dodle
Sl g Bl sy il s adll i ol slaans 3
—galatl ey 5 O mlis Ll Sy e lpa s
Gladl, o L | Olgr Sistans 5 i bl slaz
5 0Ll ¥ r8 N eKila) Gl 03,8 arlpe sl
Sla S 3 05 28 Sl aas (Yo YY APCC Y )V (oledld
5 Sl e s 5 e O e 1S (AL
5 FLeSis il i sl il v a3y 5 5%
Wi St 4 Sk ol Sladaly e 51 D
S st il et 1y (65,58 5 gl ol gSa &S
LS o e 2 1 Sl el ) s gt STl
OS5 ) sdils (g5 main Y004 OLSan 5 ) spls)
OHLSKan 5 5 Jd 5 VVY Ol S SN
3 oS Sittag 5 St Bl s Ol 5558 (Y40
5 Bl s oy b e Olgr 5 05 ]
AD Sl e 4SS 5bany 1355 o s S5k sl
sl e L 5 (Sas bess a8 coles do s
o=l 03 (VYT OLSan 5 55Lae <Y+ YY IPCC) 5415 41 3
SLao LS 3l oS Ol geas 4yl ixbs 5 A Ol
Laos Sl il Sl as S S e e e Gy
FVE L 5 5Ys) cd Ol e sl oy ke
38R XY Oan 5 3lage Y017 OLSa 5 Lles,
w—‘ (ol Ao g cpl 53 3 g ge Ll L5 (VXYY O K0
ot Sl s sl 5 ebe sl 1 6 ,Se e
Doy o 3l G 1 T e ade Sy e 5 5L 3
5 g am gt Oldlls ol wt b ates R
bl gladie latls , Ol 5 0Ll s il (gslwd e
i o Slas G Gadde 5 Jat (g S5 dile
Gl oo 5 o o slali, b agrlpe 3 05 2.8 5 )8
5 4S8 Al dls (53 5me > Shos S5 soke slaesls
O o3l YoV e OLen 5 (s Y F O
OLLSan 5258 ¥V OLan 5 S XY O Kas

1. Huntington
2. Fekete

3. Biondi

4, Cai

5. Hou



) gkt Ja Sl ealial b gyl Ad g 53 2O Sloim S 55 St

m_l}\ Sy s > ol sl lodae s i s (Y YY
Vyame 6V S0L Sle 503 g Sit b St ang
el Gl 53 (Yo YF (g5) ol ia ha Fov 5l S
L%Q)J\)‘HC&‘)QT&J})_}MLSW}AJT&LA@)L«
46)‘)_«:3 )‘J&.&A;@ YYD LQ‘)KAA 9 er' 64@») Sl ol
Cols 3l Ve 51 i s e 0L Las 51, (Yo YY
))l_:é)&_:.;) C_‘,_w‘ uli J:Aljj_:?‘ :L&.) jbgjb“}.:lﬂ)‘;

AYYY (s VYN LK

I6°0°N

&ﬁ.kadho&“ﬂﬂszd%;)ymwy:(\)p

Figure (1): Location of the study area and distribution of synoptic
stations
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Figure (3): EEMD-based decomposition of the monthly precipitation time series at four selected stations in the Urmia Lake basin: (a) Khoy,
(b) Saqgez, (c) Tabriz, and (d) Urmia
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Figure (5): Comparison of the EEMD-decomposed residual component and that simulated by the LSTM model at the Khoy (a), Saqqgez (b),
Tabriz (c), and Urmia (d) stations
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Figure (7): Mean monthly precipitation simulated by the EEMD-SVM-LSTM model for the baseline and future periods
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Figure (10): Average precipitation of the Urmia Lake basin in the
baseline and future periods
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Extended Abstract

Introduction: Accurate prediction of monthly rainfall is crucial for water resource management and risk mitigation in
semi-arid regions, particularly under climate change. The Lake Urmia Basin in northwestern Iran has faced significant
environmental degradation in recent decades, driven by climatic variability, unsustainable agriculture, and inadequate
water management. Forecasting future rainfall patterns is therefore essential for developing adaptive strategies to
restore ecological balance and ensure sustainable development. However, traditional statistical models often fail to
capture the nonlinear and non-stationary characteristics of hydrological data. This limitation has prompted the
exploration of advanced machine learning and deep learning techniques. Hybrid models that integrate signal
decomposition with intelligent algorithms have shown superior performance in time series forecasting by improving
feature extraction and reducing noise. This study introduces a novel hybrid framework that combines Ensemble
Empirical Mode Decomposition (EEMD), Support Vector Machine (SVM), and Long Short-Term Memory (LSTM)
networks to simulate and predict monthly rainfall in the Lake Urmia Basin. The proposed EEMD-SVM-LSTM model
leverages the complementary strengths of each component to capture both short-term fluctuations and long-term
trends, thereby significantly enhancing predictive accuracy.

Materials and Methods: Monthly rainfall data from four synoptic stations—Urmia, Khoy, Tabriz, and Sagez—were
collected for the period 1980-2020 for model development and validation. Future projections were then generated for
the 2030-2050 period under a business-as-usual scenario. The proposed methodology involved decomposing the
original rainfall time series into several Intrinsic Mode Functions (IMFs) and a residual component using the Ensemble
Empirical Mode Decomposition (EEMD) method. This decomposition facilitated a multi-resolution analysis by
isolating distinct frequency components, thereby simplifying the modeling of complex, non-stationary rainfall
dynamics.

The high-frequency IMFs, which represent short-term noise and rapid fluctuations, were modeled using a Support
Vector Machine (SVM) algorithm, selected for its effectiveness with nonlinear relationships and limited data.
Conversely, the low-frequency residual component, encapsulating the long-term trend, was predicted using a Long
Short-Term Memory (LSTM) network, chosen for its ability to learn and retain long-term dependencies in sequential
data. The final integrated prediction was obtained by summing the forecasted results from all SVM and LSTM
components.

Model performance was quantitatively evaluated using Root Mean Square Error (RMSE) and Mean Absolute
Error (MAE). To demonstrate the superiority of the hybrid approach, its predictive accuracy was benchmarked against
standalone SVM and LSTM models.

Results: The EEMD process successfully decomposed the rainfall signals into distinct intrinsic mode functions,
enabling a more targeted modeling approach. The hybrid EEMD-SVM-LSTM model demonstrated superior
predictive performance compared to the standalone SVM and LSTM models. This was evidenced by consistently
lower error metrics across all stations during both training and validation phases. The RMSE values for the hybrid
model ranged from 0.07 to 0.11 mm, outperforming the standalone SVM (0.10-0.29 mm) and LSTM models.

Projections for the 20302050 period revealed spatially variable changes in rainfall across the basin. Khoy station
exhibited the highest annual rainfall increase (+18.8%), whereas Sagez experienced the most significant decrease (-
14.9%). At the basin level, the mean annual rainfall is projected to decline by approximately 4%, from 334.5 mm to
320.7 mm. Spatially, the analysis indicated a northward shift in precipitation concentration, with increases projected
over Tabriz and Urmia, and decreases in the southern and western parts of the basin. Temporally, a shift toward a more
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uniform seasonal distribution was observed, characterized by a relative increase in winter and spring precipitation and
a more pronounced decline in late-summer rainfall.

Discussion and Conclusion: This study demonstrates that the hybrid EEMD-SVM-LSTM framework effectively
captures the multi-scale dynamics of rainfall by integrating signal decomposition with machine learning. The model's
superior predictive accuracy over standalone ML and DL models underscores the value of a hybrid approach for
processing complex, non-stationary hydrological data, a finding consistent with previous research (e.g., Diop et al.,
2020; Yeditha et al., 2023; Jyostna et al., 2025).

The projections indicate a concerning 4% decline in the basin's mean annual rainfall, coupled with a significant
spatial redistribution toward northern and central sub-basins. This pattern implies a substantial shift in the regional
water balance, potentially increasing flood risks in receiving areas while exacerbating drought and water stress in the
southern and western zones. These spatially heterogeneous changes highlight the urgent need for adaptive water
resource management. Key strategies should include optimizing irrigation efficiency, updating reservoir operation
rules, and revising agricultural cropping calendars to align with the new hydrological regime.

Despite its robust performance, this study is subject to the inherent uncertainties of climate projections and data-
driven modeling. Future research should enhance model robustness by incorporating additional climatic predictors—
such as temperature, and large-scale circulation indices like ENSO and NAO—as well as high-resolution satellite-
based rainfall products to improve spatial representativeness.

In conclusion, the EEMD-SVM-LSTM model provides a powerful and generalizable framework for high-fidelity
rainfall forecasting in semi-arid regions. It serves as a critical tool for informing climate-resilient planning and
promoting sustainable water resource management in the Lake Urmia Basin and other similarly vulnerable ecosystems
worldwide.

Keywords: Rainfall, Climate Change, Lake Urmia Basin, Hybrid Model, Deep Learning, Machine Learning, Time
Series Forecasting, Water Resource Management.



