ﬂ ﬁ Water Resources and Climate Change

U‘"Ve“"y of Q°m Online ISSN: 3092-6769

https://wrcc.qom.ac.ir/ M

Integration of Physics-Based Models and Machine Learning for
Groundwater Quality Prediction: MODFLOW and SVM

Mohammad AmelSadeghi'™

1. Corresponding Author, Department of Water Engineering, Faculty of Agriculture, Islamic Azad University, Takestan
Branch, Takestan, Iran. E-mail: m.amelsadeghi@gmail.com

Article Info ABSTRACT
Article type: Groundwater depletion and salinity increase are among the most critical challenges
Research Article affecting the Qom aquifer in arid regions of Iran. In this study, a hybrid modeling

framework integrating physics-based and data-driven approaches was developed to
simulate and predict groundwater quality. The MODFLOW model was employed
to simulate groundwater flow, while MT3D was used to model chloride transport as

Article history: an indicator of salinity. Subsequently, a Support Vector Machine (SVM) model was
Received 27 Jan 2026 developed to predict chloride concentration. The MODFLOW model was calibrated
Revised 11 Mar 2026 using data from 16 piezometers and demonstrated satisfactory performance in
Accepted 22 Mar 2026 reproducing groundwater levels, with RMSE values ranging from 0.10 to 0.18 m
Published 29 Mar 2026 and a correlation coefficient of up to 0.96. MT3D simulations revealed significant

spatial variability in chloride dispersion, highlighting the influence of
hydrogeological heterogeneity on salinity distribution. The SVM model was trained
using spatial coordinates, groundwater levels, previous-month chloride
concentration, and surface recharge as input variables. The model showed strong
Support Vector Machine (SVM), predictive capa.bility, achieving a corre.lat.ion coefficient .of 0.91 during the t.esting
Groundwater Quality, phase. Comparlson.between SVM predictions and numerlcal moflel outputs yielded
MODFLOW an MSE of approximately 0.03 kg/m* and a correlation coefficient of about 0.65,
' indicating acceptable agreement. The results demonstrate that the SVM model can
effectively reproduce the behavior of the numerical model while requiring lower
computational cost. Overall, the integration of physics-based and machine learning
models provides an efficient and reliable framework for groundwater quality

prediction and management under data-limited conditions.

Keywords:
Groundwater Quality Simulation,

Cite this article: AmelSadeghi M. Integration of physics-based models and machine learning for groundwater
quality prediction: MODFLOW and SVM. Water Resources and Climate Change. (2026); 2(1): 37-
44. https://doi.org/10.22091/wrcc.2026.15670.1033.

@ @ Publisher: University of Qom.
> © The Authors. https://doi.org/10.22091/wrcc.2026.15670.1033


https://doi.org/10.22091/wrcc.2026.15670.1033
mailto:m.amelsadeghi@gmail.com
https://doi.org/10.22091/wrcc.2026.15670.1033.

Water Recorces and Climate Change, Volume 2, Issue 1, 2026 2

Integration of Physics-Based Models and Machine Learning for
Groundwater Quality Prediction: MODFLOW and SVM

Mohammad AmelSadeghi'™

1. Corresponding Author, Department of Water Engineering, Faculty of Agriculture, Islamic Azad University, Takestan
Branch, Takestan, Iran. E-mail: m.amelsadeghi@gmail.com

Extended Abstract
Background and Objective

Groundwater resources in arid and semi-arid regions are increasingly threatened by
overexploitation and salinity intrusion. The Qom aquifer in central Iran is a representative case,
where declining groundwater levels and increasing salinity—primarily due to geological
formations and saline water intrusion—have raised serious concerns for sustainable water
management. Traditional numerical models such as MODFLOW are widely used for
simulating groundwater flow; however, their application in water quality modeling is often
limited by the availability of comprehensive spatial and temporal datasets.

To address this limitation, this study aims to develop a hybrid modeling framework by
integrating a physically-based model (MODFLOW coupled with MT3D) and a data-driven
approach (Support Vector Machine, SVM) to simulate and predict groundwater quality, with a
particular focus on chloride concentration as a salinity indicator.

Methodology

The study area is located in the Qom plain, characterized by an arid climate and significant
groundwater salinity issues. The MODFLOW model was developed to simulate groundwater
flow and calibrated using observed data from 16 piezometers. The MT3D model was then
applied to simulate chloride transport based on the advection—dispersion equation under
transient conditions.

Due to limited water quality data, spatial interpolation techniques (kriging and polynomial
approximation) were employed to generate continuous chloride concentration maps. The
simulation period covered six months, with two months for calibration and four months for
validation.

For predictive modeling, an SVM model with a radial basis function (RBF) kernel was
developed. Input variables included piezometer coordinates, groundwater levels (from
MODFLOW), previous-month chloride concentration, and surface recharge. The dataset was
divided into training (70%) and testing (30%) subsets, and model performance was evaluated
using RMSE, MSE, NMSE, and correlation coefficient (7). A 10-fold cross-validation approach
was used to avoid overfitting and optimize model parameters.

Findings
The MODFLOW model exhibited reliable performance in simulating groundwater levels,
with RMSE values ranging from 0.10 to 0.18 m and correlation coefficients reaching up to 0.96.
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The results indicated relatively stable groundwater conditions in the northwestern parts of the
aquifer, whereas notable declines were observed in the southern regions.

The MT3D simulations highlighted considerable spatial variability in chloride transport,
with horizontal dispersivity values ranging from 10 to 80 m, reflecting the heterogeneity of the
hydrogeological system.

The SVM model demonstrated strong predictive performance, achieving a correlation
coefficient of 0.91 during the testing phase. A comparison between SVM outputs and numerical
model results yielded an MSE of approximately 0.03 kg/m* and a correlation coefficient of
about 0.65, indicating a reasonable level of agreement. Although the SVM model showed some
limitations in capturing minor fluctuations, it effectively reproduced the overall spatial and
temporal patterns of chloride concentration.

Conclusion

The results demonstrate that the integration of physically-based and data-driven models
provides a robust framework for groundwater quality assessment under data-limited
conditions. The SVM model, in particular, offers a computationally efficient alternative to
complex numerical simulations while maintaining acceptable accuracy.

The proposed hybrid approach enhances predictive performance and can support
sustainable groundwater management in arid and semi-arid regions. This framework is
especially valuable for identifying critical regions prone to salinity and can be extended to
similar hydrogeological settings facing data scarcity challenges.
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Figure 1. Location of the Qom study area
8 Sl odgacme Condse -V SO

iy sl ypd el s Lol e

O psz g omlidimn; sl 5 cod o ol
Ol i czrge bl s 1alS w850 £ e
Tl Sl Glope e @lr a5 ook sy
Copde Slilge a0 Wb olgsul S cblas> [VY] el
o5t il oy ¥T 8, aslllas ol iy o plol oS
e b ISl (65958 w5590 (AP0 lpiear IS
Jedods g 39800 Sed SIS crge g 0dd S



VFe0 0 a)La..i) Y 0,90 ‘ML?/M} ufé/l...a

u,i}.ﬁﬁc.x&o.).huuo )aoLa.a W).)4)=PL 5Oi ‘ul o as
.M‘Lej]wislﬁg=1350_3°m‘5;ﬁ
ol 1y Jaw swmgim b ol RMSE

105 g0 iy 2 (V) all) & jg0ts 5 200 o0

’ N (0, — P,)? Ay

SVM aslis cds iowinw gl 56 NMSE ¢ MSE

sools udgiil jo Juw ble b Lo o) aszd) Sy
Gl S glalhs g oS o byl ) eadonalin
o, OVolee [VA] wiao o lis ate & 50

1wl 00l 43|)| (&) 4.!4)‘)5 (f) A.Ia.)l) L w)}‘:b Aby)x)

13 (f)
i=1
MSE
NMSE = —— @)

Soigel acgemme g0 4 laosls SVM aSts (sl
s5lateds § o ol (300 ¥o) (5031 5 (ao,0 V)
Jlize i el oy 3 TG0t 5 xSl
[Y+] o& eslazul (Fold Cross-Validation) _L-+
9 Sl lo el Ol 4 Joo Sl iz 2
Sfles oy B s (puyn (O ilepy oy
298 Jol> (b
slp SVM i s MODFLOW/MT3D (gjlwas
285,18 2l o )ee anle il o)

Ulg SVM. Juwe a5 aisls yls Lg)LJ slolas
<l easd Gl s G Sl wdgil o Vb
s slp emlie (2300 Slgioe 5 9)0 (e n)

Al Sgaze ool Lyl 1 jo S (goue

1% Mean Square Error
' Normalized Mean Square Error
12 Overfitting

5 B (Sanisy sl el )l ol 0,lg MT3D Juw 4
5 o) polie by ST o7 05 dog Billae so5ee
[V8] s eolizal «/+ )

SVM jl ealizul b ol cadS oo iy -Y-Y

a5l g @'Lx:.e slrosls Cosgame 4y azgi b
ot 8l SVM o 5681 51385 5 e sloJoe
b Lulg, ol ol SVM s eoliul IS clale
e Vb CB L) b 9,5 9 s9sy9 (e otz
Lg);wf ML...,.> 605)5 LQLQOO‘Q )o Uas- a M 9 J.:):
V] s

8 8599 9 (ST 9,000 sla 9,9 L SVM sl
@ ools .ol 00ls ijeal dm ol LIS clale g5 5
S Skas 2yl 5 Wb s (39031 5 Byl de oo 9o
o pi (RMSE) "oz Slas e puSilis ai; sla Lxs b
Siles g (MSE) " laz Slas yo (puSbes o) ¥ Snson
ol s bl WMSE) Mess by sllas Slaye
5 oadodslin sosls adeish ;o Juw bly be Lo
WS o 25 e 80

3,5kos (gl lonn 5 o () -F-Y

sl olezel clllB § s vy p iy
s ooliiasl (LT o, Jilies] (gl o 31 o (g jlvdans
5,SLes SVM Jas § MODFLOW/MT3D oo o
L ooadgilwars loools aslin 4 d>gi b o ion
A sdustiw (glodslice slaools

Ol Ghomiws (gl g)lme ) (Kot o o
O ogods g Sl Slaaline b (i Sloy g, @l
DIAT 5300 s (1) alal,

L0 -0)(P —P) )

T =
(0, - 05X b - P

°- Gelhar

- Axness

8. Root Mean Square Error
°- Coefficient of Correlation



A oloale | o ol S o i sl Guile 6050k 5 Spd (sloJdo oS

S g ($5y9laS Sudloy Gl (U 4T s9d oo osaline
el gdas

Syt S g JEnl MT3D 5l eolizul U
Silotrd (Sonido-d pen dolas ulul 5 (amdn

g Buler .S 5 2,650 b ooV &ld Sbo,
G o 380 Judo Sl g ol bl Runge-Kutta
b gals IS sl

Sga s o8 Jlod o (M (oS o
s e A B (B0 iz g 325 Jlad 0 g e )
Syl Slsyit 3 (Kl Slds Sy oS el
]

oslizal b 15 3 IS s iy sla 5T
R I S R It e i
S 15 G5 e ol 433,50 oS
AV Qi cdyb S dbn, S L gla sy
WS (0 S > S Sy LIS G g )l

SVM L IS cdale oo i -Y-Y

LSVM 5l ls cdale 5 Ol coaS cwoiin iy
r ol 390 (slaosls .o soliiwl RBF aiwa
Fory iz Sl o
795 oy ol Sl w0
(MODFLOW
Fole oI5 cdale o
B o s adi lie @
ools g1 ol gom i LIS cdale ¢ Jow (29,5
W ol (9031 5 i jLitel B 390] sloacgazme 4
1A gzl oolatul b Jow slo el )by o200
00 oo)5TY Jouz ;0 SVM o ,Sles (sle lxo .0 (yuns

o

&@3@&3—‘“

Lol et 5 gieimy ol olz @jluans -)-Y
MODFLOW

e od e sy ol Oz Jelow gl
sl glbes a3 eslissl  MODFLOW
Slasein ol ool &l ) Joa> ;5 MODFLOW
Lalps 5 @385 &5 (Sl alia loul sloay
Ol Spedy B0 e g B0 0 olx 6
Ol ol zhw glaosls ab 48,5 (L o jasie
0oLl 3)90 yagin VP )0 Jae (ily slp (S
28518

MODFLOW Jae o)l slojlne =) Jgor

Table 1. MODFLOW model evaluation criteria

Peizometer RMSE (meter) r (Dimensionless)

1 0.15 0.94
2 0.12 0.92
3 0.10 0.95
4 0.18 0.91
5 0.14 0.93
6 0.13 0.92
7 0.11 0.94
8 0.12 0.93
9 0.16 0.90
10 0.13 0.91
11 0.12 0.92
12 0.14 0.91
13 0.15 0.90
14 0.11 0.95
15 0.13 0.93
16 0.11 0.96
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Table 2. SVM performance metrics

Dataset MSE NMSE r

(kg/m®) | (Dimensionless) | (Dimensionless)

Training 0.024 0.70 0.95
Validation | 0.026 0.72 0.93
Test 0.028 0.74 0.91
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