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Extended abstract

Introduction

Groundwater is a critical source of water supply in arid and semi-arid regions,
supporting agricultural production, domestic water needs, and regional
economic development. However, increasing groundwater abstraction,
climatic variability, and land-use changes have caused substantial
groundwater depletion in many regions. The Neyshabur Plain in northeastern
Iran is particularly vulnerable because approximately 93.5% of the regional
water demand is supplied by groundwater resources, while prolonged
overexploitation has resulted in groundwater-level decline, increasing
salinity, and land subsidence. Under these conditions, accurate identification
of areas with high groundwater recharge potential is essential for sustainable
aquifer management and the prioritization of artificial recharge measures.
Conventional GIS-based multi-criteria decision-making methods, particularly
the Analytic Hierarchy Process (AHP), are widely used for groundwater
recharge potential mapping but are partly dependent on subjective expert
judgment for assigning criterion weights. This study therefore developed two
data-driven hybrid Machine Learning—AHP models, namely Random Forest—
AHP (RF-AHP) and Gene Expression Programming—AHP (GEP-AHP), to
reduce subjectivity and improve the accuracy of groundwater recharge
potential mapping in the Neyshabur aquifer.
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Materials and Methods

The study was conducted in the Neyshabur aquifer, covering approximately 2,858 km? in northeastern Iran.
Groundwater-level observations from 38 piezometers for the period 20002018 were used as the target
variable. The data were divided into a training period (2000-2013) and a testing period (2014-2018). Nine
independent conditioning factors representing climatic, topographic, geological, soil, and ecohydrological
conditions were initially considered, including annual precipitation, 12-month Standardized Precipitation
Index (SPI-12), wet- and dry-season Normalized Difference Vegetation Index (NDVI), geology, drainage
density, distance from rivers, Topographic Wetness Index (TWI), and soil properties. Random Forest and
Gene Expression Programming models were developed to simulate temporal variations in groundwater level
and quantify the relative importance of the independent variables. The resulting variable-importance values
were then incorporated into pairwise comparison matrices within the AHP framework to establish data-
driven criterion weights. Variables with zero importance were excluded from subsequent analysis. Weighted
Overlay Analysis was subsequently used in a GIS environment to produce groundwater recharge potential
maps. Model performance was evaluated using R%,, RMSE, and Nash—Sutcliffe Efficiency (NSE) for
groundwater-level prediction and the Receiver Operating Characteristic (ROC) curve and Area Under the
Curve (AUC) for spatial recharge-potential validation.

Results and Discussion

The results revealed distinct strengths for the two machine learning approaches. Although the RF model
showed very high performance during training (R? = 0.998 and NSE = 0.898), its performance decreased
substantially during testing, with an NSE of 0.193. In contrast, GEP demonstrated more stable temporal
performance, achieving an NSE of 0.407 during testing. Despite the superior temporal generalization of
GEP, the RF—AHP model provided considerably better spatial discrimination of groundwater recharge
potential, with an AUC of 0.797 compared with 0.629 for GEP-AHP. This finding indicates that temporal
prediction performance does not necessarily correspond directly to the ability of a model to identify spatial
patterns of groundwater recharge. TWI and wet-season NDVI were identified as the most influential factors
in both hybrid models. TWI received a weight of 0.30 in RF—~AHP and 0.3436 in GEP-AHP, while wet-
season NDVI received weights of 0.21 and 0.3928, respectively. The consistency ratios of the AHP matrices
were 0.041 and 0.040 for RF~AHP and GEP—AHP, respectively, confirming acceptable consistency. The
estimated annual groundwater recharge was 88.2 x 10° m? (15.6% of annual precipitation) for RF-AHP and
74.0 x 10° m* (13.1% of annual precipitation) for GEP-AHP. The results further indicate that the recharge
estimates are substantially lower than current groundwater abstraction, highlighting the severe imbalance
between natural recharge and groundwater withdrawal in the aquifer.

Conclusion

The findings demonstrate that integrating machine learning algorithms with AHP provides an objective and
effective framework for groundwater recharge potential mapping in semi-arid aquifers. While GEP showed
better generalization in temporal groundwater-level prediction, RF—AHP achieved superior spatial
performance and produced a more reliable recharge-potential map. TWI and wet-season NDVI emerged as
the principal controlling factors, emphasizing the importance of topographic water accumulation and
seasonal vegetation dynamics in groundwater recharge processes. The RF—~AHP-derived recharge estimate
of 88.2 x 10° m® suggests that the aquifer receives substantially less natural recharge than the volume
currently withdrawn. Therefore, the resulting recharge-potential maps can support sustainable groundwater
management, identification of priority areas for artificial recharge, and planning of appropriate recharge
structures. Despite limitations related to the number of piezometers and the lack of direct recharge and
comprehensive groundwater-abstraction data, the proposed hybrid framework provides a practical basis for
improving recharge assessment and supporting long-term management of the Neyshabur aquifer.
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Table 1. Initial controlling factors used in groundwater recharge analysis

o5 oS J yiiS Jolge
code Controlline variables
1 (VAT ) omaik AVl 3L uSile
Long-term mean annual preciitation (2000-2018)
SPI-12 a5l
C2 g
SPI-12 index
(Y OAY e ) sbye Jad NDVI cosaily :Sike
©3 Long-term mean NDVI during the wet season (2000-2018)
ca (YOAY o) Sis s NDVI osails .50
Long-term mean NDVI during the dry season (2000-2018)
L;_& . .
Cs (SO0
Geology
c6 si5e; o515
Drainage density
e al>0g, 5l alols
Cc7 . .
Distance from rivers
(TWID) G555 cagh, sasls
C8 Topographic wetness index (TWI)
S
Cc9

Soil
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Fig.7. Long-term mean Normalized Difference Vegetation Index (NDVI) in the Neyshabur aquifer during
the wet season from 2000 to 2018
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Fig.8. Long-term mean Normalized Difference Vegetation Index (NDVI) in the Neyshabur aquifer during
the dry season from 2000 to 2018
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Fig.9. Long-term mean annual precipitation in the Neyshabur aquifer during the period 20002018
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Table 2. Importance of the independent variables extracted from the RF and GEP models

(1) GEP Juw ;5 conl (1) RF Juwo jo Coon S guiiio
Importance in the GEP model (%) Importance in the RF model (%) Independent variable
34.36 28.44 C8
39.28 18.66 C3
— 14.55 Cl
4.52 13.36 Cc7
10.64 11.88 Cé6
11.21 9.83 C4
— 3.15 C9
— 0.13 C5
— 0.00 C2

g e cpl 3l oolatnl b e s dwle (Ry=1i/15) sls GEP ¢ RF Jos 90 ,2 ,0 (C2) SPI-12 e

o S Ol b oliie paass Sllasde Jlesl L
Gy el A eliie jo blite polis dojlis
e g ply L—’)xu Sl oaimo Lis ) lade aS (g gbay
She a4 sl G (698 s (655 oo lis 4
i 5 €D 685w el aaalsl o ol Ko
Lias b e le polis g 1,3, (CR<0.1) 55w
b 2ot sl dgame O jg—ot b )lre Cooal i g
RF= o5 5 slodos lp (o295 amlie slogm 5lo

(F 5 ¥ Jslaz) wioss J.Si5 GEP-AHP § AHP

oz sladeloss 5l g,cnlil «(F Jgaz) 05 joo Cuonl
Boee ool &l 31 a5 do o yLis a8l ol o B>
(C3) osb e Ja8 NDVI 4 (C1) eVl )b Lawg
6y e 00933l 55 I SPI-12 g ou i s
arsld asllas adhis o eeiny ol 5l ot
Gl o pé Coenl hls sl paiie L ol by el
dmlie slogm slo JSeis Jolds (oot gam Jo1 5

el Sl deslae o9 2l Sl 5 (o255
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Table 3. Pairwise comparison matrix for the RF~AHP model

e C1 Cc3 C4 C5 C6 C7 Cs 9
variable
Cl 1 1/3 7 9 3 1/3 1/5 7
C3 3 1 9 9 5 3 1/3 9
C4 1/7 1/9 3 1/3 1/5 1/9 3
C5 1/9 1/9 1/3 1 1/7 1/9 1/9 1/3
cé6 13 1/5 3 7 1 1/3 1/9 3
C7 3 1/3 5 9 3 1 1/7 5
cs 5 3 9 9 9 7 1 9
C9 1/7 1/9 1/3 3 1/3 1/5 1/9 1

2 Consistency Ratio

! Consistency Index
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Table 4. Pairwise comparison matrix of variables in the GEP-AHP model

e C3 C4 C6 c7 Cs
variable

C3 1 5 7 9 3

C4 1/5 1 3 5 1/3

C6 1/7 1/3 3 1/5

C7 1/9 1/5 1/3 1 1/7

C8 1/3 3 5 7 1
GEP—s RF—AHP us?)l? 5& ),m )b C\S é‘é UL..M; G:Lu u;l_.a‘ 0)45 )‘Qﬁ O"’ﬁ) )l OJLQ._MJ‘ lJ LD)M Lg:'.erv Q)ﬂ
NDVI 4 (TWLC8) 31 5a5 Cugb, o>l AHP 10 dunle

ladss JpS o) pte e (C3) osboye Juad
AW = A0, W )
O Jgaz) aijls e
039 M W) (o293 e G le (A) Gl j5 a8
] u'“-')’L" °}’.9 )‘Jj-" u")"‘j))" O‘max) 9 L“)“"""’

GEP-AHPy RF-AHP b Jow ;o by ol sboyie -0 Jaus
Table 5. Final weights of the variables in the RF—~AHP and GEP-AHP models

) RF-AHP GEP-AHP
}u = .. ..
iable 039 039
vana weight weight
C8 0.30 0.3436
C3 0.21 0.3928
Cl1 0.15 —
C7 0.14 0.0452
C6 0.10 0.1064
C4 0.06 0.1121
C9 0.03 —
C5 0.01 —
Ese2 1.00 1.000
Sum
039 1V Jgu8 b8 ailis] 5l e 90,0 aS Sl Cawoa S5 5w conliwods slacyse bl obj)l jskiea
Leﬁ) 4_».....>LM ‘_gl.tbuu.u);l.a ML..A ‘_g)lf)l_w )i»Lu 9 u.._...u 9 (CI) ‘_g)lf)l_w ua.‘>l_..u )‘ OJLQ._M:‘ la L&bu.m).vLo
S Jgoz) s s Jae lp CR polis ois ) (CR) 6,550
/¥ g +/+FV 5,54 GEP-AHP 4 RF-AHP
Gk i G F Jgu
Table 6. Consistency analysis results
w
Joo n Amax CI CR &
Model Results
L85k
RF-AHP 8 8.41 0.058 0.041 :
consistent
Jii™
GEP-AHP 5 5.18 0.045 0.040

consistent
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Groundwater Recharge Zonati
using Hybrid GEP-AHP Framework
L Neyshabur plain aquifer
[ very low suitability

low suitability
B moderate suitability
[Ihigh suitability

5 (CI) 6, 55Lw ol loolawl b L ple (5,850

58 o) (CR) )55 &

cl = Anax =1 )
n—1
CI
= — (M)
CR=—
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Fig.10. Groundwater recharge zoning map of the Neyshabur aquifer using the hybrid GEP-AHP model
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Fig.11. Groundwater recharge zoning map of the Neyshabur aquifer using the hybrid RF—AHP model
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Table 7. Area distribution (km?) of different groundwater recharge potential zones in the Neyshabur
aquifer extracted from the hybrid RF-AHP and GEP-AHP models

03325 1 403 Jomiliy 03,
Groundwater recharge potential class

GEP-AHP (km?) RF-AHP (km?

617.78 31.25 o ke
Very low
1926.15 2363.16 o
low
312.48 463.59 gie
Average
0.59 - =
High
2858 2858 Eoooze
Sum
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Table 8. Performance of the GEP and Random Forest models during the training (2000—2013) and testing
(2014-2018) periods for groundwater-level prediction using RMSE, R?, and NSE

NSE R? RMSE 229 Jo

Period Model
gl

0.496 0.499 25.477 o5 GEP
Training
o]

0.407 0.479 29.035 3% GEP
Testing
a j

0.898 0.998 11.48 oz RF
Training
]

0.193 0.856 33.89 7% RF
Testing
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2 Area Under the Curve

! Receiver Operating Characteristic
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Fig 13. ROC curve and the AUC value obtained for the GEP-AHP model
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Fig 14. Overlay map of elevation classes (DEM) and areas with moderate potential for artificial
recharge in Google Earth Pro; elevation ranges are classified based on color zones, including the green
zone (1062—-1200 m), purple zone (1200-1300 m), and pink zone (1300-1415 m), along with the
distribution of red patches representing suitable recharge areas extracted from the hybrid RF-AHP
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