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_ Groundwater resources are among the most strategic and vital sources of
Revise Date freshwater,, particularly in“arid and semi-arid regions such as Iran, where
16 August 2026

they play'an essential role in sustaining agricultural activities, drinking water
supplies, and'regional economic development. Excessive and unregulated

Accept Date extraction of| groundwater, driven by population growth, agricultural

29 August 2026 expansion, and recurring droughts, has led to a severe decline in the water
table, reduced aquifer storage, the drying up of subterranean qanats and deep
KeyRords: wells, and land subsidence. Consequently, understanding the dynamic

behavior of aquifers and accurately predicting groundwater level
Artificialintelligence, data- fluctuations are critical steps toward sustainable water resources
driven models, g%dwater management.
level, Zaveh-Tor = . . . .
Heydariyehaquifer. Traditional phys1ca1 and numerical groundwater mon.:ls require extensive
hydrogeological datasets and complex boundary conditions, which are often
unavailable or associated with high uncertainty. In contrast, data-driven
machine learning and artificial intelligence models have gained widespread
popularity due to their high capability in capturing complex, non-linear
relationships between input variables and system outputs.
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The primary objective of this study was to evaluate and compare the efficiency of advanced data-driven
models—namely Multilayer Perceptron (MLP), Radial Basis Function (RBF), and the Adaptive Neuro-
Fuzzy Inference System (ANFIS)—coupled with a robust k-fold cross-validation approach, for predicting
monthly groundwater level fluctuations in the Zaveh—Torbat-e Heydarieh aquifer, Iran.

Materials and Methods

The study area, the Zaveh—Torbat-e Heydarieh plain, spans approximately 2.504 square kilometers within
the central-eastern part of Iran, characterized by an arid climate and an average annual precipitation of 275
mm. Monthly groundwater level data from 18 observation wells (piezometers) spanning a 20-year historical
period (October 1996 to September 2016) were utilized.

To prepare the dataset, missing values were reconstructed, and input variables were normalized using the
Min-Max technique to scale values between 0 and 1. The input vector comprised meteorological and
hydrological parameters including monthly time steps, evaporation rates, maximum and minimum
temperatures, total precipitation, average relative humidity, and the time-lagged groundwater level from the
previous month (h.1), with the current month's water table defined as the model output.

To prevent model overfitting and guarantee evaluation robustness, a k-fold cross-validatiodumethod equal to
k=5 was implemented. The dataset was split into 5 equal subsets; iteratively, 4 subsert)s{(ere used for
training, and the remaining subset served for validation. The performancerof the MLP, RBF, and ANFIS
models was evaluated and compared using statistical performance metrics, namely\ttke Root Mean Square
Error (RMSE) and the Coefficient of Determination (R?).

Results and Discussion

Evaluation of the downscaling method at the GRACE celluscale showed that the estimated cumulative
groundwater storage changes closely matched the reference GRACE values in most cells across the study
area, with coefficients of determination exceeding/0.95 in the majority of cells and exceeding 0.99 in some.
In a limited number of cells (six), model performance was ker, with coefficients of determination
ranging from —0.991 to 0.068, some of which were negati\%\This reduced performance was attributed to
hydrogeological heterogeneity, the asymmetric distribution of SWAT subbasins within cells, a constant
spatial withdrawal pattern assumed throughout the study period, and insufficient data in boundary cells.
Nevertheless, approximately 76% of the cells (32 of 42) exhibited coefficients of determination greater than
0.95. Analysis of the temporal trend also,showedithat the'estimated time series aligned well with the actual
trend in most cells, and the method reconstructed theonset of decline, the direction of change, and the long-
term declining trendhof groundwater,_storage with ‘acceptable accuracy. At the Zanjan aquifer scale,
comparison of the estimated cumulative time series with actual values derived from 66 piezometric wells
over the 20022016 period showed that bothiseries exhibited a similar declining trend, with a coefficient of
determination of 0.846pindicating that approximately 85% of the cumulative groundwater storage variation
was reproduced by the model. The estimated trend slope (—55.31 million cubic meters per year) was slightly
steeper thangthe actual slope (—42.47 million cubic meters per year), indicating that the model somewhat
overestimated the seveﬂt& the decline; the largest discrepancies occurred during periods of intense
storage depletion. Non%%lles , the overall agreement between the two trends confirms that the downscaling
method employed is capable of effectively transferring GRACE-derived information to the aquifer scale.

Conclusion

The downscaling method employed in this study, based on GRACE data and the SWAT model,
demonstrates ahigh capability for reconstructing groundwater storage changes from the regional to the local
scale. The performance evaluation of the model at both the GRACE cell and aquifer scales showed that the
coefficient of determination exceeded 0.95 in most grid cells, while at the aquifer scale, a coefficient of
determination of 0.846 was obtained, indicating the model's suitable capability in reconstructing the time
series of groundwater storage changes. Although discrepancies between the estimated and reference values
were observed in some cells, particularly during periods of severe groundwater decline, these discrepancies
were mainly attributed to local factors such as heterogeneity in hydrogeological properties, changes in
withdrawal patterns, differences in aquifer recharge, and the limited spatial resolution of GRACE data and
the local SWAT model. Despite these limitations, the model was able to reconstruct the long-term declining
trend of groundwater storage with acceptable accuracy and effectively transfer satellite-derived information
to the local scale. Therefore, the method used in this study can serve as a reliable approach for monitoring
groundwater storage changes particularly in basins and aquifers facing a shortage of observational data and
can be applied in groundwater resources management and planning.
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Table 1. A sample of preprocessed hydroclimatic and hydraulic data in one of the selected observation

wells
Total Total Average
Water . . Maximum Minimum Relative Piezometer
Month Evaporation Rainfall .
Year Temperature  Temperature Humidity Level-Input
(mm) (mm) %)
1375-76 1 136.9 31.5 12.68 3.71 38.81 45.65
1375-76 2 173.9 90 18.13 7.52 4645 45.65
1375-76 2 166.8 53 20.79 8.4 5139 45.7
1375-76 3 257.4 43.5 25.97 14.45 28. 45.7
1375-76 3 240.6 31 26.35 14.27 44.29 459
1375-76 4 376.1 0 28.24 17 44 459
1375-76 4 403.8 0 29.84 19.68 18.87 4593
1375-76 5 529 0 32.31 18. 35.94 4593
1375-76 5 389 0 30.84 17.97 33.58 46.06
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Table 2. Performance Metrics of k-Fold Cross-Validation for Multilayer Perceptron (MLP) Neural
Network in Groundwater Table Elevation Prediction

Error 5 Error 4 Error 3 Error 2 Error 1 Average
Error
First Iteration 0.023 0.027 0.008 0.029 0.028 0.023
Second Iteration 0.028 0.026 0.026 0.022 0.025 0.023
Third Iteration 0.029 0.025 0.012 0.021 0.025 0.033
Fourth Iteration 0.008 0.021 0.027 0.022 0.026 0.026
Fifth Iteration 0.027 0.022 0.026 0.017 0.032 0.025

Average RMSE of a Two-Layer Perceptron Neural Network with 10 Neurons in the First'Layer and 2 Neurons in
the Second Layer over 25 Runs: 0.026

RBF cnac aSos 59) 2 Kflod (g 4 (oo 0§ o el ooy o5 ¥ JsA
Performance Metrics of k-Fold Cross-Validation for Radial Basis Function F) Neural .Table 3
Network in Groundwater Table Elevation Prediction

Error 5 Error 4 Error 3 Erro& Error 1 AE::::f ‘
First Iteration 0.0632 0.0580 0.0632 0.0638 0.0616 0.0620
Second Iteration 0.0602 0.0623 0.0617 0.0644 0.0607 0.0619
Third Iteration 0.0585 0.0637 0.0629 0.0622 0.0622 0.0619
Fourth Iteration 0.0629 0.0621 0.0 0.0638 0.0603 0.0620
Fifth Iteration 0.0587 0.0620 0.0627 0.0605 0.0655 0.0619

Average RMSE of the RBF Neural Network with'10 Hidden-Layer Neurons over 25 Test Runs: 0.062

mae 636 4l jloolitul BKTlod  (hg, ar{cmey s of aaw (Suwpbu gl F Joax
Table 4. Performance Metrics of k-Fold Cross-Validation for Fuzzy Neural Network (ANFIS) in
Groundwater Table Elevation Prediction

Error S Error 4 Error3  Error2 Error 1 Average Error
First Iteration 0.002 0.003 0.002 0.002 0.002 0.002
Second Iteration 0. 0.003 0.003 0.002 0.002 0.002
Third Iteration ‘%(382 0.003 0.002 0.002 0.002 0.004
Iteration F ourth 0.002 0.002 0.002 0.003 0.003 0.002
Fifth Itcratiofi, 0.003 0.003 0.003 0.002 0.003 0.002

Average RMSE of the Neuro-Fuzzy Network with 6 Membership Functions per Feature: 0.003
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Table S. Performance Comparison of Neural Network and Fuzzy Neural Network Models using k-Fold
Cross-Validation

s o g3
Error (RMSE) Network Type
0/026 MLP
0/062 RBF
0/003 ANFIS




Vo0 ut.m.n) 9 )ul.; &y D)Lo.a:) % 0)93 Wl 9 U‘?DQ] A.bm

Sl (Sa5glg ot g (oldl Jslse odizmn iiSen
a8 Cl ol il aiaisn Joo des o cenlio 0 Sloe
5 oo e il Jols ciite (ol sl it
(i 2 S P adlge JUS 5 g Cush,
2 olssl Gles ) g5l gl SIS ledlol
losls 3 Jow s

CBs g lagogyy ol o €U olo I S yiie 05
alils )l lssul a8 was e it b Jore oYL
Ll S Lo ol 4y el (5 MG (Sl pon
Candg 55U o s3lyj o U ol jo (Silgyn
ol 53 )18, (b0 jlo 13 LB 0y50 po lgsel 0,53
sonlive Sidaas g Sis sblis 8, claglsse] ;)
D pgmoty dglss g andis glaa il )]y 4 058
Syt Ay S g0l Gsly 5 00 plonl 08
el Sloj 3G sl ooldl
el Sl i a5 cl o S @l peizeen
iy 2l gl Sllag ooled o a2k
63 S il o3mgaiy Sladl Jolge Yozl Bt
8 90s, 555 U5 o Sl 5l 5 Laallely
Joe YL Uy TS e eligyine (i o o
aS aad oo B ca }4\&”\ &b o ANFIS
Ol o NG sl e oo Ly,
s, L By, %&‘ﬁwﬁ g abls (o pd Sale
Sged oy (s S8

o S ANFIS  Joe (65 2 ¢ Sa39 5359 000 oS
ol s Ol sl 45 cl )] 5l Sl> RBF g MLP
32 lacaald pae L ogly olssul 10 (o))
- 5 plszel adis loy Sllog ¢ carlBl (6034 ets
2 &5L8 aelgd 5l solatul ol ol poor T polio 51 il
Lacosss poe ol s 65bo Jow el ANFIS Ll
only L, il Joe ol 00 s g 03503 )3 |,

les adgisl (o cBa Ll lgzu]

oo iy el gl lne oled 45 Cal 53 4y oY
slwools julwl . RMSEua il aslllas o0l o
3o Klood awlxe [v,-] o5y oo gl Jlo s
lasSl Sluliss o Joe @YU e b sazas s
P i ol e Shos Sl ;o 0is bS5
o Joe (Sly a5 axigill ol sl ogly ddlaie
sl i ezl o anl B8l «(t-1) addy L i
i slacasgaze (18,5 J-Jéa\o\te 9 =55 jhog>
D08 yundi c00lo

5 5 Y @bl fdﬁx—"—d 5 Sl gl Sox
N3g—es ‘QJSJQXQULW?’ Sy slopls ol
Bigi o0 it ey o s il lanslie
9. (ANFIS) i o3l — ezl aibolo
f\\@u Bl (nly) ot Sbodss polie ke
Sl 00 M)’ \- J&X;})o G)LAT b)}{)

o=l Joe ] ottt by e cpl jo aS (b len
95 S Wy, ks Conl atdlg YU Jlews 6 pdySllanil L
Srenser w5l (U ies s o 5l slacs il
(o blai s 0 a Sl S obo, 1) egly cudo
= Olsel (Ha3 5 sogmo oy 5 lad cllug
Ao Sy gldal aes o lis 1) 5B Gloul oy S
slosS wmddly Lo 59, 2 ot ez S
=S Jdo an gmac - 538 Jow a5 el oyl
Sndprats 3 @Y 6l (S Sojgel o8
Ca e (sl olazel BB LS glas 35 5 ansls LagSl

s aibie i ol @le 5l Cil—o g e

B9ye0 slods a4 gonlBl laln b aglee

S (SS9 59 e Sl
Ol 5l Olyss 4 ol ylid g5l Jow 5l Jol> b

el Aoy - ogly Gyl o e



an 5 (g ol [ oy 25 (it 3 (Ssian Gisp sla e 3)Slas aylis

DAMASK DOLATABAD ESFEUQOOKH HESHMATABAD HASANABAD EDARE-RAH
0.05 0.05 0.05 0.05
ittt
0.04 0.04 0.04 0.04
0.03 0.03 0.03 0.03
arget
0.02 0.02 0.02 0.02
0.01 0.01 0.01

100 200 300 400 500

RMSE =0.0016204

100 200 300 400 500

100 200 300 400 500

RMSE = 0.00093512

100 200 300 400 500

100 200 300 400 500

100 200 300 400 500

RMSE = 0.0017228
0.m

RMSE = 0.000634
4

RMSE =0.0018412
2

RMSE =0.0019778
0.01

0.02 0.01 0.0:

0.01 TL] 0.005 2 0.01
0 0

0 0 ] 0 m\1

0.01 | 0.01

0.0 -0.005 -2 -0.01
-0.02 -0.02 -0.01 -4 -0.02 -0.02

0 200 400 600 0 200 400 600 200 400 600 0 200 400 600 0 200 400 8600 0 200 400 600

Error: mean = 5.7891e-12

Error: mean = 1.3346e-09 Error: mean = -1.1344e-11 Error: mean = 2.9931e-11 Error: mean = 2.8802e-11 Error: mean = 7.7111e-11
150 300 200 300 150

300
150
200 100 200 200 100
100
100 50 100 100 50
50
0 0 0 0 0
-0.02 0 0.02 002 -001 o 0.01 -0.01 0 0.01 5 0 5 -0.02 o 0.02 002 001 o 0.01
%1073
ABGHANDAB ANBARSARA SAFIABAD SHAN SOLTAN ZAVEH
0.05 0.05 0.05 M 0.05 0.05 ‘l
0.04 0.04 0.04 {1 004 0.04 |
0.03 0.03 0.03 | 0.03 0.03
Target 1
0.02 0.02 0.02 11 o002 0.02 Output I
0.01 0.01 0.01 ! 0.01 0.01
100 200 300 400 500 100 200 300 400 500 100 200 300 400 500 100 200 300 400 100 200 300 400 500 100 200 300 400 500
RMSE = 0.0022686 RMSE =0.0015417 RMSE =0.0012872 RMSE =0.0016758 RMSE = 0.0020336 RMSE = 0.0014852
0.02 5 0.02 0.03 0.02 0.03
Error
0 0.02 . 0.02
0 pribeft 0.01 0 y
-5 0.01 0.01
-0.02 0 -0.02
-10 0 0
-0.04 -16 -0.01 -0.01 -0.04 -0.01
0 200 400 600 o 200 400 600 o 200 400 600 o 200 400 600 o 200 400 600 o 200 400 600
Error: mean = 2.852e-11 Error: mean = 1.0673e-10 Ermror: mean = 1.0514e-10 Emror: mean = 3.7215e-11 Emor: mean = 3.3932e-11 Emor: mean = 7.7125e-10
400 300 400 300 400 300
300 300 300
200 200 200
200 200 200
100 100 100
100 100 100
o 0 0 0 0 0
-0.04 -002 o 002 -00z2 -0 0 0.01 -0.01 0 001 002 -002 0 0.0z 004 -0.04 -0.02 0 0.02 -002 0 0.0z 004
ABGHANDAB SAFIABAD SHAN SOLTAN ZAVEH
0.05 Wﬂﬂ‘l 0.05 0.05 0.05 } 0.05
0.04 H 1 0.04 0.04 0.04 W“M 0.04
0.03 : : 0.03 0.03 0.03 0.03
Target
0.02 l 0.02 0.02 Output 0.02 0.02
0.01 0.01 0.01 0.01 0.01
100 200 300 400 500 100 200 300 400 500 100 200 300 400 500 100 200 300 400 500 100 200 300 400 500 100 200 300 400 500
RMSE = 0.0018489 RMSE = 0.0043018 RMSE = 0.0066011 RMSE = 0.0025816 RMSE = 0.0023878 RMSE = 0.0029183
1 0.05 0.1 0.04 0.02 0.02
Error 4 Error
o Toauaklll 0.05 0.02 o T‘J"\ o *
o W—MJT o ﬂv—v——wMHF 0 v -0.02
-0.01 -0.02
-0.05 -0.02 -0.04
-0.02 -0.05 -0.1 -0.04 -0.04 -0.06
o 200 400 800 o 200 400 600 o 200 400 200 400 800 200 400 200 400 600
Error: mean = 3.7005e-11_Error: mean = 4.8876e-10 Error: mean = -8.4867e-11 Error: mean = 1.4964e-11_Error: mean = 5.3219e-11_Error: mean = 4.3367e-10
300 300 300 400 300 800
300
200 200 200 200 400
200
100 100 100 100 200
100

o o
002 -0.01 o 0.01 -0

05 o 0.05

o
-0.05

0.05

o
0.04

-0.02 o 0.02

-0.05

g (o 25 T gebans 315 0l it 20l Jollio )3 (Flaaliun prolio loj GELS Sl ki Wigy (glumn e (S A S
ANFIS Joo
Fig 8. Comparative curves of observed vs. predicted groundwater level time-steps using the ANFIS model
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