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Abstract: Groundwater  modeling  remains  challenging  due  to  heterogeneity  and  complexity  of  aquifer
systems, necessitating endeavors to quantify Groundwater Levels (GWL) dynamics to inform policymakers
and hydrogeologists. This study introduces a novel Fuzzy Nonlinear Additive Regression (FNAR) model to
predict monthly GWL in an unconfined aquifer in eastern Iran, using a 19-year (1998–2017) dataset from
11  piezometric  wells.  Under  three  distinct  scenarios  with  progressively  increasing  input  complexity,  the
study  utilized  readily  available  climate  data,  including  Precipitation  (Prc),  Temperature  (Tave),  Relative
Humidity  (RH),  and  Evapotranspiration  (ETo).  The  dataset  was  split  into  training  (70%)  and  validation
(30%)  subsets.  Results  showed  that  among  three  input  scenarios,  Scenario  3  (Sc3,  incorporating  all  four
variables) achieved the best predictive performance, with RMSE ranging from 0.305 m to 0.768 m, MAE
from 0.203 m to 0.522 m, NSE from 0.661 to 0.980, and PBIAS from 0.771% to 0.981%,  indicating low
bias and high reliability. However, Sc2 (excluding ETo) with RMSE ranging from 0.4226 m to 0.9909 m,
MAE from 0.3418 m to 0.8173 m, NSE from 0.2831 to 0.9674, and PBIAS from −0.598% to 0.968% across
different months offers practical advantages in data-scarce settings. The FNAR model outperforms conven-
tional  Fuzzy  Least  Squares  Regression  (FLSR)  and  holds  promise  for  GWL  forecasting  in  data-scarce
regions  where  physical  or  numerical  models  are  impractical.  Future  research  should  focus  on  integrating
FNAR with deep learning algorithms and real-time data assimilation expanding applications across diverse
hydrogeological settings.
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 Introduction

Groundwater plays a crucial role in sustaining agri-
culture,  economic  development,  and  safe  water
supply  (Kuang  et  al.  2024; Zaresefat  and  Derak-
hshani,  2023).  Its  dynamic  nature  allows  adaption
to  both  short-term  and  long-term  fluctuations  in

climate,  extraction  rates,  and  land  use  patterns
(Rahimi and Ebrahimi, 2023). Yet, rapid urbaniza-
tion  and  anthropogenic  activities  disrupt  natural
recharge  processes,  threatening  sustainability
(Kuang et  al.  2024). Population  growth,  poor  irri-
gation, industrialization, deforestation, and climate
change  continue  to  degrade  groundwater  quantity
and  quality,  particularly  in  arid  and  semi-arid
regions  (Condon  et  al.  2021; Hoogesteger  et  al.
2022; Zaresefat and Derakhshani, 2023).

Groundwater level  (GWL)  reflects  water  avail-
ability  and  accessibility  (Tao  et  al.  2022). Under-
standing  its  temporal  variationcan  can  guide
sustainable water  management  and  policy  deci-
sions (Lall et al. 2020; Tao et al. 2022). However,
GWL is  driven  by  the  interplay  of  climatic,  topo-
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graphic, and hydrogeological factors, rendering its
simulation  a  challenging  task  (Rahimi  and
Ebrahimi, 2023; Zaresefat and Derakhshani, 2023).
Although  data-driven  models  effectively  predict
GWL,  their  heavy  requirements  and  associated
costs  hinder  their  use in  poorly monitored regions
(Sun  et  al.  2022; Malakar  et  al.  2022). Conse-
quently, models that require less inputs yet retain-
ing  accuracy  have  gained  attention.  Hybrid  fuzzy
systems,  integrating  fuzzy  logic  with  algorithmic
methods, have  proven  efficient  in  various  disci-
plines, including groundwater management (Rame-
zani, 2022).

Fuzzy logic, a soft computing tool for managing
uncertainty, vagueness, and partial truth (Kambali-
math and Deka, 2020), was first applied in hydrol-
ogy  by  Bogardi  et  al.  (1983)  and  has  since  been
widely adopted in various hydrologic areas, includ-
ing GWL prediction (Theodoridou et al. 2017; Ang
et al. 2023; Kambalimath and Deka, 2020). Hybrid
fuzzy  models  have  emerged  as  powerful  tools  for
simulating and  forecasting  GWL,  offering  accu-
rate  and  interpretable  results  with  minimal  data
requirements that  make  them  suitable  for  ground-
water  management  in  data-scarce  regions  (Saikr-
ishnamacharyulu  et  al.  2022; Samani  et  al.  2022;
Varouchakis  et  al.  2019).  Successful  applications
have  been  reported  in  various  geographical
regions.  For  example,  Ahmadifar  et  al.  (2025)
introduced  a  hybrid  vine  copula-fuzzy  model  that
simulated monthly GWL in the Najafabad aquifer,
Iran, achieving R2 values of 0.83 and 0.88 using C-
vine dependencies and fuzzy α-cuts for confidence-
range  outputs  tailored  to  water  management.
Bhadani  et  al.  (2024)  integrated  Fuzzy  C-Means
clustering  with  a  Sugeno-type  Fuzzy  Inference
System  (FIS)  and  Invasive  Weed  Optimization
(IWO),  predicting  GWL  fluctuations  (R  =  0.89,
nRMSE  =  0.18,  bias  =  0.08)  using  precipitation,
humidity, and GWL lag,  outperforming 17 bench-
marks  on  30% test  data.  Also,  a  Coactive  Neuro-
Fuzzy Inference System (CANFIS) with a bagging
ensemble  forecasted  multi-lead  GWL  in  Texas/
Florida  wells  using  inputs  (GWL,  precipitation,
temperature,  surface  water)  and  achieved  superior
monthly forecast accuracy, highlighting the impor-
tance  of  careful  predictor  selection  (Boo  et  al.
2024).  A  fuzzy-AHP  framework  predicted  GWL
fluctuations  in  unconfined  aquifers  using  physical
models  and  18  weighted  factors,  yielding  R2 =
0.4035 overall and R2 = 0.9422 for peak changes in
Sarpol-e  Zahab,  Iran  (Rashidi  Gooya  et  al.  2024).
Moreover,  Samantaray  et  al.  (2022)  explored  the
Cascade  Feedforward  Backpropagation  Neural
Network (CFBPNN), Adaptive Neuro-fuzzy infer-

ence  System  (ANFIS),  and  hybrid  ANFIS-GWO
models  for  GWL  prediction  within  two  Indian
Balangir watersheds using eighteen-year dataset of
precipitation,  mean  discharge,  evapotranspiration,
and  extreme  temperatures.  The  ANFIS-GWO
outperformed  the  others  (NSE  =  0.9745,  WI  =
0.9763,  RMSE = 0.0450),  with  evapotranspiration
identified  as  a  key  input  enhancing  predictive
accuracy.  NavaleV  and  Mhaske  (2023) success-
fully  applied  Adaptive  Neuro-fuzzy  Inference
Systems  (ANFIS)  in  forecasting  GWL  using
hydrogeological  and  meteorological  factors  and
emphasized that optimal input selection and model
configuration  are  key  to  improving  predictive
performance.

Despite  these  advances,  critical  research  gaps
persist. Most existing fuzzy hybrid models, includ-
ing  ANFIS-GWO  (Samantaray  et  al.  2022),  FIS-
IWO (Bhadani  et  al.  2024),  and  CANFIS  (Boo  et
al.  2024),  require  antecedent  GWL  measurements
as  inputs,  limiting  their  applicability  in  ungauged
or poorly monitored aquifers. In addition, complex
hybrid architectures  demand  extensive  hyperpa-
rameter  tuning  and  auxiliary  data  (e.g.,  discharge,
soil properties) that are rarely available in develop-
ing arid regions. Importantly, few studies evaluate
the trade-off between prediction accuracy and data
acquisition feasibility, a key element for real-world
deployment.  Therefore,  this  study  introduces  the
novel  Fuzzy  Nonlinear  Additive  Regression
(FNAR) model for GWL prediction with three key
contributions: (1) to present the first application of
FNAR  in  hydrological  modeling;  (2)  to  eliminate
dependency  on  historical  GWL  data  by  relying
exclusively  on  widely  available  meteorological
variables  (precipitation,  temperature,  relative
humidity, and evapotranspiration); and (3) to iden-
tify  the  most  practical  input  configuration  (i.e.,
balancing  predictive  performance  with  minimal
data requirements) thereby enhancing model appli-
cability  in  data-scarce  arid  regions.  A  key  benefit
of  fuzzy  hybrid  methods,  including  the  FNAR
framework, is their ability to address nonlinear and
complex  problems,  and  to  handle  uncertainties
arising  from  insufficient  data  through  fuzzy
membership functions, provide robust models with
interpretable  predictions,  and  operate  effectively
with  limited  datasets.  It  is  hypothesized  that  the
FNAR  model  is  an  appropriate  choice  for  GWL
modeling characterized by non-linearity, complex-
ity, and spatial and temporal variability. This inno-
vative  approach  is  expected  to  assist  planners,
regulators, lawmakers,  and  municipal  govern-
ments  in  effectively  managing  groundwater
resources.
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 1  Study area

The  study  was  conducted  in  the  Birjand  Plain
aquifer  in  South  Khorasan  Province,  eastern  Iran
(32°30'–33°00'N,  58°45'–59°41'E)  (Fig.  1).  This
region  represents  groundwater  systems  in  arid
regions  of  Central  and  West  Asia  facing  severe
water stress, with declining water tables exceeding
0.5  m/a  threatening  agricultural  sustainability  and
urban water security. The aquifer supports approxi-
mately 200,000 inhabitants and extensive irrigated
agriculture  covering  more  than  40,000  hectares,
making sustainable  management  critically  impor-
tant for regional food security and livelihoods. The
situation of this study area is broadly applicable to

similar arid groundwater basins across Iran, where
more than 400 plains are experiencing depletion, as
well  as  throughout  Central  Asia  and  the  Middle
East region (Aryafar et al. 2020).

The  basin  encompasses  3,155  km2 (1,045  km2

alluvial  plain,  2,110  km2 mountains), with  eleva-
tions from 2,787 m to 1,240 m. The climate is arid,
with  mean  annual  precipitation  of  177  mm
(CV=45%,  declining  by  1.2  mm/a)  and  mean
temperature  of  16.5°C.  Precipitation  is  highly
seasonal:  81% in  winter-spring,  18% in  autumn,
<1% in summer, with a March maximum (35 mm)
and  an  August  minimum  (<1  mm).  Temperatures
range from 40°C (summer) to −15°C (winter), with
15–20°C diurnal variations.
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Fig. 1 Geographic and topographic context of the Birjand aquifer study area
Notes:  Location  of  South  Khorasan  Province  within  Iran  (Top  right);  Political  divisions  of  South  Khorasan  with  Birjand  Basin  highlighted  in  pink
(Bottom right);  Digital  elevation model  (DEM) of  the  Birjand basin  (elevation range:  1,172–2,729 m above sea  level),  with  the  unconfined aquifer
extent shown in blue (Main panel). Coordinate system: WGS84/UTM Zone 40N. Scale bar and north arrow included for spatial reference.

 

Table 1 Input parameter combinations for GWL estimation in model scenarios of the Birjand Plain

Scenario number Climatic parameters

Sc 1 Prc, Tave

Sc 2 Prc, Tave RH

Sc 3 Prc, Tave RH, ETo

Notes: This table provides an overview of the input variables employed in the model scenarios for GWL estimation. These
variables include key climatic factors such as average precipitation (Prc), mean air temperature (Tave), relative humidity (RH),
and evapotranspiration (ETo).
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Hydrogeologically,  the  eastern  section  has  thin
alluvium  (~50  m)  with  limited  potential;  the
central  plain  is  the  most  productive  with  ~150  m
alluvial  thickness,  hydraulic  conductivity  of
50–100 m/d, and saturated thickness of 80–120 m;
the  western  section  has  finer  sediments  with
reduced transmissivity. The unconfined aquifer has
water  table  depths  of  20–80  m.  Natural  recharge
(80–100  MCm/a)  from  mountain  precipitation  is
substantially  exceeded  by  withdrawal  (150–180
MCm/a), causing ~0.6 m/a groundwater decline.

 2  Materials and methods

 2.1 Data setsand quality control

The study utilizes a 19-year (March 1998 to March
2017) monthly dataset  comprising GWL measure-
ments from  11  piezometric  wells  across  the  allu-
vial  plain  of  the  Birjand  aquifer. Fig.  2.  displays
the distribution of meteorological variables includ-
ing  Tave,  RH,  Prc,  and  ETo,  across  the  study
period.  Well  locations  were  selected  to  ensure
representative  spatial  coverage,  data  continuity,
and quality. Meteorological inputs, including aver-
age  air  temperature  (Tave,  °C),  total  precipitation
(Prc,  mm),  relative  humidity  (RH, %), and  refer-
ence  evapotranspiration  (ETo,  mm/d),  were
obtained  from  standard  weather  stations  operated
by  the  Iran  Meteorological  Organization,  while

GWL data (m above sea level) were sourced from
the South Khorasan Regional Water Authority.

The  1998–2017  dataset  was  chosen  to  capture
key  hydrological  variability,  including  multi-year
cycles and  droughts,  using  consistent  measure-
ments from 11 stations. Hydrological and manage-
ment  conditions  were  stable,  enabling  assessment
of  aquifer  behavior  without  confounding  policy
effects.  Post-2017  interventions  were  excluded  to
avoid  non-stationarity, as  aquifer  responses  mani-
fest  over  several  years.  This  period  optimally
balances  temporal  coverage  with  data  consistency
for validated predictive modeling.

The overall missing data rate was less than 3%.
Gaps of ≤ 2 months were filled using linear inter-
polation;  longer  gaps  were  imputed  using  the
corresponding monthly mean from adjacent  years.
Outliers (<1.5% of observations), defined as values
exceeding ±3 standard deviations from the monthly
mean, were replaced with the monthly median. To
address  temporal  inconsistencies  due  to  non-
uniform  observation  dates  across  stations,  all
records  were  aggregated  to  monthly  averages,
ensuring  temporal  alignment  across  the  dataset.
The  fuzzy  regression  approach  employed  in  this
study further mitigates data uncertainties by repre-
senting GWL as triangular fuzzy numbers, thereby
enhancing  model  robustness  against  measurement
errors and  natural  variability.  Following  prepro-
cessing,  the  dataset  was  chronologically  split  into
training (70%, March 1998–March 2011) and vali-
dation  (30%,  April  2011–March  2017)  subsets  to
preserve temporal independence and enable realis-
tic performance evaluation.

 2.2 Model  development  for  GWL  pre-
diction

The three  input  scenarios  were  designed to  evalu-
ate the trade-off between model accuracy and data
accessibility, progressing from minimal to compre-
hensive  meteorological  inputs  (Table  2).  (1)  Sce-
nario 1 (Sc1) employs only precipitation (Prc) and
temperature (Tave) as the minimal input set, repre-
senting the most universally available meteorologi-
cal  variables.  This  configuration  tests  whether
fundamental  water  balance  drivers  [i.e.,  recharge
(via  Prc)  and  evapotranspiration  (via  Tave)]  are
sufficient  for  acceptable  GWL  prediction  in  data-
scarce  regions;  (2)  Scenario  2  (Sc2)  adds  relative
humidity (RH) to the Sc1 set to account for atmo-
spheric moisture  effects  on  actual  evapotranspira-
tion.  RH  is  routinely  measured  at  many  basic
weather stations  and  improves  the  physical  repre-
sentation of  moisture  availability  without  requir-
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Fig. 2 Boxplot  of  monthly  meteorological  variables
(Tave, RH, Prc, ETo) at Birjand station

Journal of Groundwater Science and Engineering    14(2026) 83−99

86 http://gwse.iheg.org.cn

http://www.gwse.iheg.org.cn


ing specialized instrumentation, and (3) Scenario 3
(Sc3)  incorporates  reference  evapotranspiration
(ETo)  to  directly  represent  potential  water  loss.
This design enables assessment of marginal perfor-
mance gains per additional variable, with the oper-
ational objective of determining the minimum data
requirements for  achieving  accurate  GWL  predic-
tion via the FNAR model. Critically, lagged GWL
was excluded from all scenarios to ensure applica-

bility in ungauged or poorly monitored aquifers,  a
key  innovation  distinguishing  FNAR  from  most
existing models  that  rely  on  historical  groundwa-
ter observations.

A detailed review of the basic concepts of fuzzy
numbers  and  the  fuzzy  nonlinear  incremental
regression (FNAR) model will be presented in the
next section.  In  addition,  to  facilitate  the  perfor-
mance review and evaluation of the FNAR model,

 

Table 2 Validation indices for FNAR model performance in monthly GWL estimation under different scenarios

Model/Sc Month
Training Testing
RMSE (m) MAE NSE RMSE (m) MAE NSE

FNAR/Sc1 January 1.115 0.879 0.761 1.051 0.531 0.762
February 1.181 0.955 0.738 1.124 0.901 0.831
March 1.310 1.074 0.665 1.361 1.101 0.710
April 1.150 0.653 0.813 1.061 0.403 0.806
May 1.545 1.103 0.316 1.525 0.998 0.325
June 1.195 0.649 0.730 1.159 0.488 0.780
July 1.182 0.633 0.737 1.061 0.403 0.806
August 1.312 0.741 0.629 1.356 0.757 0.611
September 1.236 1.059 0.692 1.265 1.073 0.694
October 1.406 0.912 0.473 1.470 0.831 0.400
November 1.449 1.259 0.614 1.421 1.124 0.656
December 1.205 0.793 0.620 1.323 0.738 0.617

FNAR/Sc2 January 0.423 0.353 0.966 0.433 0.342 0.806
February 0.549 0.415 0.943 0.553 0.509 0.774
March 0.564 0.451 0.937 0.576 0.486 0.910
April 0.540 0.445 0.943 0.490 0.450 0.809
May 0.941 0.794 0.826 0.991 0.817 0.841
June 0.650 0.527 0.919 0.588 0.499 0.729
July 0.985 0.740 0.721 0.769 0.535 0.522
August 0.934 0.673 0.836 0.433 0.342 0.806
September 0.813 0.793 0.493 0.618 0.529 0.702
October 0.683 0.596 0.914 0.952 0.670 0.283
November 0.926 0.705 0.742 0.825 0.803 0.470
December 0.682 0.390 0.967 0.800 0.612 0.519

FNAR/Sc3 January 0.324 0.248 0.980 0.305 0.258 0.926
February 0.400 0.324 0.969 0.337 0.203 0.910
March 0.457 0.402 0.821 0.586 0.522 0.719
April 0.392 0.285 0.970 0.312 0.331 0.927
May 0.768 0.291 0.872 0.600 0.272 0.709
June 0.428 0.390 0.964 0.646 0.413 0.661
July 0.526 0.450 0.948 0.488 0.368 0.815
August 0.511 0.434 0.931 0.497 0.409 0.810
September 0.585 0.519 0.936 0.466 0.390 0.831
October 0.555 0.431 0.943 0.510 0.330 0.794
November 0.460 0.349 0.957 0.310 0.333 0.925
December 0.549 0.415 0.943 0.305 0.258 0.926
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the  fuzzy  least  squares  regression  (FLSR)  method
is used with a brief explanation below.

 2.3 Model development

 2.3.1    Basic concepts on fuzzy numbers
Ã R

µÃ : R −→ [0,1] .

x∗ Ã ∈ R µÃ x∗ Ã

α ∈ [0,1] Ã [α] = {x ∈ R: µÃ(x) ⩾ α}
R

Ã [α] = [ÃLα, ÃUα]
ÃLα = inf{x : x ∈ Ã [α] ÃUα = sup{x : x ∈ Ã [α]}.

Ã = (a; lÃ,rÃ)LR.

Ã

A fuzzy set  of  (the real line) is defined by its
membership  function  It is  classi-
fied as a fuzzy number if it is normal; that is, there
exists  a  unique  such that ( )  =  1.  For
every ,  the  set 
forms a non-empty closed interval in . This inter-
val  is  represented  as ,  where

} and 
It  should  be  noted  that  fuzzy  numbers  represent
approximate  assessments  provided  by  experts  and
accepted by decision-makers when obtaining more
precise values is either impossible or unnecessary.
To facilitate the representation and manipulation of
fuzzy numbers, several authors have expressed the
information  contained  in  a  fuzzy  number  using  a
functional parametric form known as an LR-fuzzy
number  The  membership  function
of  an  LR-fuzzy  number  is  defined  as  follows
(Equation 1):

µÃ (x) =


L
Å

a− x
lÃ

ã
, x ⩽ a

R
Å

x−a
rÃ

ã
, x > a

(1)

a ∈ R, lÃ > 0,rÃ > 0
Ã

∞ → [0,1]

Where  are  referred  to  as  the
center  value  and  the  left  and  right  spreads  of ,
respectively. The shape functions L(x) and R(x) are
decreasing  functions  from  [0,  + ) .  with
the following properties (Equations 2–5):

L(0) = 1 (2)

L(x) < 1(∀x > 0) (3)

L(x) > 0(∀x < 1) (4)

L(1) = 0(or L(x) > 0 (∀x)) L(+∞) = 0. (5)

Ã = (a; lÃ,rÃ)LR

Ã = (a; lÃ)L

The  LR-number  has  been  applied  in  various
problems  as  a  general  model  of  imprecision.  In
special  cases  where L = R,  is
referred  to  as  a  symmetric  LR-fuzzy  number,
denoted by .

x x x

Ã = (a; lÃ,rÃ)T

In  this  paper,  the  most  commonly  used  LR-
fuzzy numbers (with L( )  = R( )  = max{0,1− }),
known  as  triangular  fuzzy  numbers  (TFNs),  are
employed to manage imprecision across the dataset
during  numerical  evaluations.  The  membership
function of  a  triangular  fuzzy number,  denoted by

, is given by (Equation 6):

µÃ (x) =



x− (a− lÃ)
lÃ

, a− lÃ ⩽ x < a

a+ rÃ− x
rÃ

, a < x < a+ rÃ,

0, x ∈ R− (a− lÃ,a+ rÃ)

(6)

Ã = (a; lÃ,rÃ)LR B̃ = (b; lB̃,rB̃)LR

Common  operations  between  two  LR-fuzzy
numbers  and  are
defined as follows (Equations 7–8):

Addition:

Ã⊕ B̃ = (a+b; lÃ+ lB̃,rÃ+ rÃ)LR. (7)

Scalar Multiplication:

i f λ > 0: λ⊗ Ã = (λa;λlÃ,λrÃ)LR, i f λ < 0 :

λ⊗ Ã = (λa;−λrÃ,−λlÃ)RL. (8)

Generalized  subtraction  is  also  defined  and
analyzed as follows:

Ã = (a; lÃ,rÃ)LR B̃ = (b; lB̃,rB̃)LR

Ã B̃

if  and  There  are
two  LR-fuzzy  numbers,  the  Hukuhara  subtraction
between  and  is defined as (Equation 9):

W = (a−b;max (lÃ− lB̃,0) ,max (rÃ− rB̃,0))LR. (9)

Ã = (a; lÃ,rÃ)LR B̃ =
(b; lB̃,rB̃)LR,

Notably,  this  subtraction  method  is  superior  to
the common subtraction operator because it  yields
an  LR-fuzzy  number  when  applied  to  fuzzy  data.
Additionally,  the  square  error  distance  between
two  LR-fuzzy  numbers  and 

 as  utilized  in  this  paper,  is  defined  as
follows (Equation10):

D2
(
Ã, B̃

)
=

 
|a−b|2+ c1|lÃ− lB̃|2+ c2|rÃ− rB̃|2

3
(10)

Where
c1 =

w 1

0
L−1(α)dα c2 =

w 1

0
R−1 (α)dα. and 

For  any  three  triangular  fuzzy  numbers  A,  B,
and C, the following conditions are satisfied:

D2
(
Ã, B̃

)
= 0 if and only if A = B,Condition 1: 

D2
(
Ã, B̃

)
= D2

(
B̃, Ã

)
,Condition 2: 

D2
(
Ã,C̃

)
⩽ D2

(
Ã, B̃

)
+D2

(
B̃,C̃

)
.Condition 3: 

This  framework  provides  valuable  insights  for
addressing imprecision in data analysis through the
use of fuzzy numbers.
 2.3.2    Fuzzy  Least  Squares  Regression  Model

(FLSR)
Fuzzy Least  Squares Regression (FLSR) is  under-
stood  as  a  development  of  conventional  least
squares  regression,  with  specific  adaptation  for
addressing  data  uncertainty  and  imprecision.  In
contrast to traditional regression techniques, which
rely  on  precise  input  values,  fuzzy  numbers  are
utilized by  FLSR  to  represent  data  points,  allow-
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ing for a more flexible modeling approach. Scenar-
ios in which data exhibits variability or lacks preci-
sion are particularly suited to this method.

Within  FLSR,  the  distance  between  fuzzy
numbers  is  defined,  and  the  minimization  of  the
sum of  squared  deviations  is  pursued.  This  objec-
tive  is  in  accordance  with  the  aims  of  standard
least squares  methods,  while  the  inherent  uncer-
tainty within the data is accommodated.

The general  equation  for  a  fuzzy  linear  regres-
sion model can be expressed as follows (Equation
11):

ỹi =

n∑
j=1

β̃ j⊗ xi j+ ϵ̃i (11)

Where:
ỹi  is the fuzzy output (dependent variable).
xi j  represents the inputs (independent variables).
β̃ j  represents the fuzzy coefficients that are to be

estimated.
⊗ indicates the fuzzy multiplication operator.
ϵ̃i  is identified as the fuzzy error term.
The minimization  of  the  sum of  squared  devia-

tions  between  the  observed  fuzzy  outputs  and  the
estimated  fuzzy  outputs  is  the  primary  goal  of
FLSR.  This  gives  rise  to  an  optimization  problem
expressed as (Equation 12):

J =
m∑

i=1

∥∥∥∥∥∥ỹi−
n∑

j=1

β̃ j⊗ xi j

∥∥∥∥∥∥
2

(12)

Effective  modeling  of  relationships  within
datasets where traditional regression methods may
encounter  difficulties  due  to  data  uncertainty  is
facilitated  by  this  formulation.  The  application  of
FLSR has  been  explored  in  a  range  of  fields,  and
its  ability  to  provide  dependable  predictions,  even
when limited or imprecise datasets are present, has
been  demonstrated.  Overall,  the  robustness  of
regression  analysis  is  improved  by  FLSR  through
the  incorporation  of  fuzzy  logic  principles,  which
leads to  enhanced  prediction  reliability  in  uncer-
tain environments.

In  the  current  study,  the  FLSR model  has  been
implemented to evaluate and assess the accuracy of
the proposed model (FNAR).
 2.3.3    Fuzzy Nonlinear Additive Regression (FNAR)

model

(ỹi, x̃i =
(
x̃i1, x̃i2, · · · , x̃ip

)T

In a  fuzzy additive regression model  that  includes
both  fuzzy  predictors  and  fuzzy  responses,  it  is
assumed  that  the  observed  data  for n statistical
units  is  represented  as  ( ).
Based on this dataset, the following fuzzy additive
regression model can be formulated (Equation13):

ỹi = f̃1 (x̃i1)⊕ f̃2 (x̃i2)⊕ · · ·⊕ f̃p−1

(
x̃i(p−1)

)
⊕ f̃p(x̃ip)⊕ ϵ̃i

(13)

which can also be written as (Equation14):

ỹi = ⊕p
l=1 f̃l (x̃il)⊕ ϵ̃i, (14)

Where:
ỹi =

(
yi; lỹi
,rỹi

)
LR x̃i j

f̃l (x̃il) =
(

f̃l (x̃il) ; f̃l (x̃il) , f̃r (x̃il)
)

LR

ϵ̃i

, denotes the fuzzy responses, 
represents the non-fuzzy predictors for fuzzy linear
regression,  indi-
cates  the  fuzzy  smooth  functions  to  be  estimated,
and  signifies a fuzzy error term.

f̃1,

f̃2, · · · , f̃p

(
x̃1, x̃2, · · · , x̃p

)T
,

To  estimate  the  fuzzy  smooth  functions. 
 at a specified point x =  a

p-step back fitting additive method is  proposed as
follows:

Step 1
Initially, the  following  univariate  fuzzy  nonlin-

ear regression model is considered (Equation15):

ỹi = f̃1 (x̃i1)⊕ ϵ̃i1. (15)

ˆ̃fl

K
(x̃1)

By extending a  well-known nonparametric  esti-
mator  in  the  fuzzy  domain,  can be  deter-
mined as follows (Equation 16):

ˆ̃f1

K
(x̃i1) = ⊕n

j=1(w1 j (x̃i1;h1)⊗ ỹ j, (16)

Where:
w1 j (x̃i1;h1)

(
D(x̃i1 ,x̃ j1)

h1

) ∑n
j=1 K

(
D(x̃i1 ,x̃ j1)

h1

)
.

h1

 = K /  Here,
K(·) denotes a kernel function and  represents an
unknown bandwidth parameter.

Step 2

f̃2

The model from Step 1 is extended to include a
one-step-ahead fuzzy nonlinear function.  (Equa-
tion 17):

ỹi = f̃1 (x̃i1)⊕ f̃2 (x̃i2)⊕ ϵ̃2i. (17)
ˆ̃fl

K
(x̃i1)Substituting  into  this  equation  yields

(Equation 18):

ỹi =
ˆ̃f1

K
(x̃i1)⊕ f̃2 (x̃i2)⊕ ϵ̃2i. (18)

Applying  Hukuhara  subtraction  on  both  sides
results  in  a  fuzzy  nonlinear  univariate  regression
model (Equation 19):

ỹi⊖H
ˆ̃f1

K
(x̃i1) = f̃2 (x̃i2)⊕ ϵ̃2i. (19)

f̃2 (x̃i2)
Following  a  similar  approach  as  in  Step  1,  the

fuzzy  nonparametric  estimator  of  can  be
evaluated as (Equation 20):

ˆ̃f2

K
(x̃i2) = ⊕n

j=1

Å
w2 j (x̃i2;h2)⊗

Å
ỹ j⊖H

ˆ̃f1

K
(x̃i1)
ãã
,

(20)

Where:
w j

2 (x̃i2;h2)
(

D(x̃i2 ,x̃ j2)
h2

) ∑n
j=1 K

(
D(x̃i2 ,x̃ j2)

h2

)
 = K /  in
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h2which  is an unknown bandwidth parameter.
Step 3

f̃3

In  this  step,  Equation  15  is  considered  with  a
one-step-ahead fuzzy nonlinear function. , repre-
sented as (Equation 21):

ỹi = f̃1 (x̃i1)⊕ f̃2 (x̃i2)⊕ f̃3 (x̃i3)⊕ ϵ̃3i. (21)
ˆ̃f1

K
(x̃i1) ˆ̃f2

K
(x̃i2)The values of  and , derived from

the  evaluations  in  Steps  1  and  2,  are  substituted
into the Equation22:

ỹi =
ˆ̃f1

K
(x̃i1)⊕ ˆ̃f2

K
(x̃i2)⊕ f̃3 (x̃i3)⊕ ϵ̃3i. (22)

By applying Hukuhara subtraction to both sides
of  this  equation,  a  fuzzy  nonlinear  univariate
regression model is formed (Equation 23):

ỹi⊖H( ˆ̃f1

K
(x̃i1)⊕ ˆ̃f2

K
(x̃i2)) = f̃3 (x̃i3)⊕ ϵ̃3i. (23)

f̃3 (xi3)
Following the methodology established in Steps

1 and 2,  the fuzzy nonparametric estimator 
can be evaluated as follows (Equation 24):

ˆ̃f3

K
(x̃3) =

⊕n
j=1

Å
w3 j (x̃i3;h3)⊗

Å
ỹ j⊖H

Å
ˆ̃f1

K
(x̃i1)⊕ ˆ̃f2

K
(x̃i2)
ããã

,

(24)

w j
3 (x̃i3;h3)

(
D(x̃i3 ,x̃ j3)

h3

) ∑n
j=1 K

(
D(x̃i3 ,x̃ j3)

h3

)
h3

In  this  equation,  the  weight  function  is  defined
as  = K / ,
where  represents  the  unknown  band  width
parameter.

Step (p-1)

f̃p−1

(
x̃i(p−1)

)
(p−1)th

Continuing  with  the  previously  established
procedure,  a  fuzzy  nonparametric  estimator

 can be obtained at the  step as
follows (Equation 25):

ˆ̃f
K

p−1

(
x̃i(p−1)

)
=

⊕n
j=1

Å
wp−1 j

(
x̃i(p−1);h(p−1)

)
⊗
Å

ỹ j⊖H

Å
⊕p−2

v=1 ⊕ ˆ̃fv

K
(x̃iv)
ããã
,

(25)

wp−1 j(
x̃ip−1;h(p−1

) (
D(x̃i(p−1) ,x̃ j(p−1))

h(p−1)

) ∑n
j=1 K

(
D(x̃i(p−1) ,x̃ j(p−1))

h(p−1)

)
hp−1

The weight function for this step is given by 
 = K /

where  denotes  the  unknown  bandwidth
parameters.

Step (p)

f̃p

(
xip

)In  the  final  step,  a  fuzzy  additive  regression
model  is  developed  by  incorporating  into
the  expression  from  the  previous  step  (Equation
26):

ỹi = ⊕p−1
l=1 f̃l (x̃il)⊕ f̃p

(
x̃ip

)
⊕ ϵ̃i. (26)

˜̂f1 (x̃i1) , ˜̂f2 (x̃i2) , · · · , ˆ̃f (p−1)

(
x̃i(p−1)

)
By  substituting 

from earlier steps and applying Hukuhara subtrac-
tion on both sides, a univariate fuzzy nonparamet-

ric  regression  model  is  formed  as  follows  (Equa-
tion 27):

ỹi⊖H ⊕p−1
l=1

˜̂f l (x̃il) = f̃p

(
x̃ip

)
⊕ ϵ̃pi. (27)

f̃p

(
x̃p

)
Similar  to  previous  steps,  the  estimator 

can be evaluated at this final stage as (Equation28):

ˆ̃f
K

p

(
x̃ip

)
=

⊕n
j=1

Å
w jp

(
x̃ip;hp

)
⊗
Å

ỹ j⊖H

Å
⊕p−1

v=1 ⊕ ˆ̃fv

K
(x̃iv)
ããã

,

(28)

w j
p
(
x̃p;hp

) (
D(x̃ip ,x̃ jp)

hp

) ∑n
j=1 K

(
D(x̃ip ,x̃ jp)

hp

)
.

hp

The  weight  function  for  this  step  is  defined  as
 = K /  where

 represents the unknown bandwidth parameter.
In  this  study,  the  Gaussian  kernel  was  used  to

evaluate  its  effects  on  model  performance  (Equa-
tion 29).

K (y) =
1√
2π

e
y2

2 , y ∈ R (29)

The  FNAR  model's  pseudo-code  is  provided  in
the supplementary material (S1).

 2.4 Validation of models

The  predictive  performance  of  the  FNAR  model
was  evaluated  using  a  comprehensive  assessment
framework  that  included  five  statistical  metrics:
Root Mean Square Error (RMSE), Mean Absolute
Error  (MAE),  Nash-Sutcliffe  Efficiency  (NSE),
Kling-Gupta  Efficiency  (KGE),  and  Percent  Bias
(PBIAS).  The  Equations  are  defined  as  follows
(Equations 30–34):

RMS E =

Ã
1
n

n∑
i=1

D2
2

Ä
Ỹi,

˜̂Y i

ä
(30)

MAE =
1
n

n∑
i=1

D2

Ä
Ỹi,

˜̂Y i

ä
(31)

NS E = 1−
∑n

i=1 D2
2

Ä
Ỹi,

˜̂Y i

ä
∑n

i=1 D2
2

Ä
Ỹi,

˜̄Y i

ä (32)

KGE = 1−
»

(r−1)2
+ (α−1)2

+ (β−1)2 (33)

PBIAS = 100×
∑n

i=1

Ä
Ỹi− ˜̂Y i

ä
∑n

i=1 Ỹi

(34)

D2

Ỹi
˜̂Y i

˜̄Y i

In  these  equations,  represents  the  distance
between  the  observed  fuzzy  value  and  the
predicted fuzzy value .  indicates the mean of
the fuzzy observed values, and n signifies the total
number  of  observations.  The  symbol  Σ  indicates
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that  summation  is  performed  over  all  values  of  i.
For the KGE computation, the defuzzified centroid
values  of  fuzzy observations  and predictions  were
used.

D2

Ã = (a; la,ra)LR B̃ = (b; lb,rb)LR

D2

(
Ã, B̃

) ((
|a−b|2+ c1|la− lb|2+ c2|ra− rb|2

)
/3
)0.5

c1 =
w 1

0
L−1 (α)dα c2 =

w 1

0
R−1 (α)dα

The distance metric  for  two fuzzy numbers,
 and  is  defined  as

 = 

where  and .
(Asadolahi et al. 2021).

The flowchart depicting the interaction of inputs
and  outputs  in  the  FNAR  modeling  framework,
used  for  estimating  monthly  GWL,  is  shown  in
Fig. 3.

The  FNAR  modeling  workflow  (Fig.  3) inte-
grates  data  preprocessing,  scenario-based  input
selection,  and fuzzy nonlinear  additive  regression.
The analytical  core of  the FNAR model  lies  in its
fuzzy  nonlinear  additive  structure,  which  assumes

that groundwater  level  response  can  be  decom-
posed  into  the  sum  of  individual,  smooth  fuzzy
functions of each climatic driver. This formulation
is  particularly  suited  to  arid  aquifers  like  Birjand,
where  recharge  processes  are  largely  driven  by
discrete, separable mechanisms (e.g., episodic rain-
fall  infiltration  vs.  continuous  evapotranspiration
loss). The  additive  framework  enhances  inter-
pretability by isolating the marginal effect of each
variable,  a  critical  advantage  for  water  managers
seeking actionable insights. Thus, the FNAR archi-
tecture  represents  a  pragmatic  compromise
between  physical  interpretability,  mathematical
simplicity,  and  predictive  performance  in  data-
limited settings.

 3  Results and discussion

The following  section  is  focused  on  the  presenta-
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Fig. 3 Flowchart of the Proposed FNAR Model for Estimating Monthly GWL
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tion and description of the results derived from the
three  FNAR  model  scenarios  on  a  monthly  basis,
beginning with the evaluation criteria obtained and
concluding with the estimated maps.

 3.1 Model performance

The  FNAR  model  was  evaluated  under  three
scenarios with gradually increasing input complex-
ity  to  investigate  the  trade-off  between  data
requirements  and  prediction  accuracy.  Scenarios

were:  Sc1  (Prc,  Tave),  Sc2  (Prc,  Tave,  RH),  and
Sc3  (Prc,  Tave,  RH,  ETo).  Performance  was
assessed  using  RMSE,  MAE,  NSE,  and  PBIAS.
This  hierarchical  design  enabled  assessment  of
marginal performance  gains  associated  with  addi-
tional  input  parameters,  informing  optimal  model
configuration for practical applications.

Comprehensive  performance  metrics  for  all
three  FNAR  scenarios  are  presented  in Tables  3,
alongside  equivalent  FLSR  model  results  for
comparison  (Table  4).  All  three  FNAR  scenarios

 

Table 3 Validation indices for FLSR model performance in monthly GWL estimation under different scenarios

Regression Model/Sc Month
Training Testing
RMSE/m MAE/m NSE RMSE/m MAE/m NSE

FLSR/Sc1 January 2.679 2.142 −0.353 3.632 3.402 −1.890
February 2.568 2.083 −0.413 3.528 3.357 −1.841
March 2.674 2.157 −0.371 3.524 3.301 −1.799
April 2.703 2.175 −0.384 3.560 3.393 −1.530
May 3.113 2.484 −0.901 3.650 3.377 −1.450
June 3.123 2.438 −0.845 3.701 3.523 −1.766
July 3.130 2.483 −0.841 3.939 3.943 −2.112
August 3.046 2.426 −0.736 3.917 3.733 −2.042
September 3.194 2.832 −0.966 3.823 3.775 −2.131
October 2.891 2.339 −0.522 3.810 3.723 −2.086
November 2.770 2.250 −0.408 3.665 3.487 −1.409
December 3.079 2.459 −0.382 3.761 3.587 −1.990

FLSR/Sc2 January 2.224 1.846 0.051 2.127 2.724 −1.489
February 2.667 2.177 −0.331 2.979 2.836 −1.842
March 3.507 2.775 −1.394 2.750 2.301 −1.373
April 2.638 2.237 −0.308 3.013 1.725 −1.610
May 3.276 2.642 −1.105 2.853 2.625 −1.449
June 3.126 2.539 −0.848 3.032 2.917 −1.615
July 2.827 2.258 −0.513 3.204 3.041 −1.954
August 3.330 2.663 −1.232 2.861 2.799 −1.540
September 3.024 2.376 −0.633 3.406 3.587 −1.712
October 3.139 2.546 −0.795 2.924 2.757 −1.647
November 2.874 2.429 −0.408 2.861 2.799 −1.540
December 2.741 2.272 −0.416 2.914 2.796 −1.766

FLSR/Sc3 January 2.296 1.229 −0.215 2.343 1.516 −0.322
February 2.308 1.219 −0.103 2.350 1.372 −0.240
March 2.340 1.121 0.002 2.609 2.279 −1.028
April 2.321 1.272 0.007 2.611 1.399 −1.019
May 3.244 2.115 −1.065 3.770 2.543 −1.244
June 3.356 2.430 −1.129 3.843 2.716 −1.400
July 2.554 1.352 −0.226 2.301 1.279 −0.288
August 2.798 1.566 −0.071 2.415 1.600 −0.139
September 2.941 1.682 −0.638 2.865 1.503 −1.050
October 3.094 2.131 −0.926 3.722 2.453 −1.132
November 3.781 2.109 −1.784 3.921 2.742 −1.521
December 2.542 1.440 −0.518 2.890 1.600 −1.142
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substantially  outperformed  their  equivalent  FLSR
counterparts,  with  NSE  improvements  ranging
from  45% to  120%,  demonstrating  the  critical
importance  of  capturing  nonlinear  relationships  in
GWL dynamics.

This  is  particularly  beneficial  in  regions  with
limited data  availability,  where  traditional  physi-
cal  or  numerical  models  may  not  be  feasible
(Ahmadi et al. 2022). Using only precipitation and

temperature as inputs, Sc1 achieved RMSE values
ranging from 1.05 m to 1.55 m, MAE from 0.40 m
to  1.26  m,  NSE  from  0.32  to  0.83,  and  PBIAS
from  0.448% to  0.847% across  different  months.
The  inclusion  of  relative  humidity  in  Sc2  (Prc  +
Tave  +  RH)  substantially  improved  performance,
reducing  RMSE  to  0.42–0.99  m  and  increasing
NSE to 0.28–0.97, consistent with recent evidence
that  RH  modulates  actual  evapotranspiration  and

 

Table 4 Validation indices for FLSR model performance in monthly GWL estimation under different Scenarios

Model/Sc Month
Training Testing
RMSE (m) MAE (m) NSE KGE PBIAS (%) RMSE (m) MAE (m) NSE KGE PBIAS (%)

FLSR/Sc1 January 2.679 2.142 −0.353 −0.312 9.215 3.632 3.402 −1.890 −1.650 15.32
February 2.568 2.083 −0.413 −0.372 9.512 3.528 3.357 −1.841 −1.610 15.84
March 2.674 2.157 −0.371 −0.330 9.318 3.524 3.301 −1.799 −1.572 15.11
April 2.703 2.175 −0.384 −0.343 9.412 3.560 3.393 −1.530 −1.312 13.95
May 3.113 2.484 −0.901 −0.861 12.32 3.650 3.377 −1.450 −1.210 14.52
June 3.123 2.438 −0.845 −0.805 11.89 3.701 3.523 −1.766 −1.532 15.67
July 3.130 2.483 −0.841 −0.801 11.85 3.939 3.943 −2.112 −1.872 18.24
August 3.046 2.426 −0.736 −0.696 11.21 3.917 3.733 −2.042 −1.802 17.67
September 3.194 2.832 −0.966 −0.926 12.85 3.823 3.775 −2.131 −1.891 18.43
October 2.891 2.339 −0.522 −0.482 10.15 3.810 3.723 −2.086 −1.846 17.97
November 2.770 2.250 −0.408 −0.367 9.472 3.665 3.487 −1.409 −1.178 13.45
December 3.079 2.459 −0.382 −0.341 9.392 3.761 3.587 −1.990 −1.750 16.32

FLSR/Sc2 January 2.224 1.846 0.051 0.089 5.123 2.127 2.724 −1.489 −1.212 10.45
February 2.667 2.177 −0.331 −0.293 8.156 2.979 2.836 −1.842 −1.598 12.67
March 3.507 2.775 −1.394 −1.354 14.67 2.750 2.301 −1.373 −1.132 10.15
April 2.638 2.237 −0.308 −0.270 7.956 3.013 1.725 −1.610 −1.372 11.32
May 3.276 2.642 −1.105 −1.065 12.32 2.853 2.625 −1.449 −1.208 10.86
June 3.126 2.539 −0.848 −0.808 11.21 3.032 2.917 −1.615 −1.374 11.45
July 2.827 2.258 −0.513 −0.473 9.856 3.204 3.041 −1.954 −1.712 13.45
August 3.330 2.663 −1.232 −1.192 13.45 2.861 2.799 −1.540 −1.298 10.67
September 3.024 2.376 −0.633 −0.593 10.46 3.406 3.587 −1.712 −1.470 12.15
October 3.139 2.546 −0.795 −0.755 10.85 2.924 2.757 −1.647 −1.405 11.67
November 2.874 2.429 −0.408 −0.368 9.156 2.861 2.799 −1.540 −1.298 10.67
December 2.741 2.272 −0.416 −0.376 9.256 2.914 2.796 −1.766 −1.524 12.32

FLSR/Sc3 January 2.296 1.229 −0.215 −0.178 3.215 2.343 1.516 −0.322 −0.280 4.320
February 2.308 1.219 −0.103 −0.068 2.856 2.350 1.372 −0.240 −0.202 3.972
March 2.340 1.121 0.002 0.038 2.156 2.609 2.279 −1.028 −0.788 8.456
April 2.321 1.272 0.007 0.043 2.312 2.611 1.399 −1.019 −0.779 8.320
May 3.244 2.115 −1.065 −1.025 8.856 3.770 2.543 −1.244 −1.004 9.672
June 3.356 2.430 −1.129 −1.089 9.320 3.843 2.716 −1.400 −1.160 10.46
July 2.554 1.352 −0.226 −0.188 3.456 2.301 1.279 −0.288 −0.248 4.120
August 2.798 1.566 −0.071 −0.035 2.712 2.415 1.600 −0.139 −0.103 3.456
September 2.941 1.682 −0.638 −0.598 6.156 2.865 1.503 −1.050 −0.810 8.672
October 3.094 2.131 −0.926 −0.886 7.856 3.722 2.453 −1.132 −0.892 9.320
November 3.781 2.109 −1.784 −1.744 12.46 3.921 2.742 −1.521 −1.281 10.97
December 2.542 1.440 −0.518 −0.478 5.856 2.890 1.600 −1.142 −0.902 9.120

Journal of Groundwater Science and Engineering    14(2026) 83−99

http://gwse.iheg.org.cn 93

http://www.gwse.iheg.org.cn


soil  moisture  retention,  key  controls  on  net
recharge in water-limited environments (Feng et al.
2024). Further  addition  of  reference  evapotranspi-
ration  in  Sc3  (Prc  +  Tave  +  RH +  ETo)  provided
marginal gains,  achieving  the  best  overall  accu-
racy  with  RMSE  of  0.31–0.77  m  and  NSE  of
0.66–0.98.

Although  Sc3  yielded  the  highest  predictive
accuracy (average RMSE = 0.53 m, NSE = 0.87),
Sc2  was  selected  as  the  optimal  operational
scenario  due  to  its  favorable  trade-off  between
performance  and  data  accessibility.  Sc2  exhibited
only a modest reduction in accuracy, with an aver-
age  RMSE of  0.68  m and  NSE of  0.78  compared
to  Sc3.  However,  in  the  context  of  regional
groundwater management,  where  decision  thresh-
olds  for  aquifer  depletion  typically  range  from
±  0.5  m  to  1.0  m  (Lall  et  al.  2020), the  perfor-
mance  of  Sc2  remains  within  acceptable  limits.
This  trade-off  aligns  with  recent  findings  by
Samantaray  et  al.  (2024),  who  demonstrated  that
Prc,  Tave,  and  RH  are  sufficient  to  drive  robust
GWL  predictions  in  data-limited  settings  when
combined  with  flexible  modeling  frameworks.
Similarly, Feng et al. (2024) emphasized the domi-
nance of these three variables in capturing recharge
dynamics in semi-arid systems.

The FNAR model's advantage lies in the ability
of  fuzzy  logic  handle  nonlinear  relationships  with
fewer input parameters, making it suitable for data-
sparse  regions  (Bardossy  and  Duckstein,  2022).
Also, Borzì (2025) notes that the trade-off between
model complexity and data requirements remains a
significant  consideration,  favoring  nonlinear
configurations for deployability in arid aquifers.

Critically,  Sc2  eliminates  the  need  for  ETo,
which requires high-quality measurements of solar
radiation,  wind  speed,  and  vapor  pressure,  data
rarely  available  in  basic  monitoring  networks,
particularly  in  arid  regions  like  Birjand.  In
contrast,  precipitation,  temperature,  and  relative
humidity  are  routinely  recorded  at  low-cost
stations,  greatly  enhancing  model  applicability  in
data-scarce  contexts.  Given the  marginal  accuracy
trade-off and  significant  gain  in  practical  feasibil-
ity, Sc2 represents the most appropriate configura-
tion  for  real-world  deployment.  This  aligns  with
the emerging  paradigm  in  sustainable  hydroinfor-
matics:  Prioritizing  "good-enough"  models  with
high  deployability  over  marginally  superior  but
data-demanding alternatives (Borzì, 2025; Loucks,
2023). In arid regions like Birjand, where ETo esti-
mation  requires  solar  radiation  and  wind  speed
data  rarely  available  outside  research-grade
stations,  Sc2  offers  a  pragmatic  solution  for  real-

world groundwater monitoring.
To  better  visualize  the  performance  of  both

models,  scatter  plots  for  each  equivalent  scenario
are  illustrated  in Fig.  4.  The  horizontal  axes  are
used to represent the monthly observational data of
the GWL in the Birjand Plain from 1998 to 2017,
while  the  vertical  axes  are  utilized  to  display  the
calculated  data  for  the  corresponding  levels.  The
plots  visually  confirm  the  quantitative  results
summarized in Tables  2 and 3:  FNAR predictions
(red dots) consistently cluster closer to the 1:1 line
than FLSR predictions (blue dots), reflecting supe-
rior  agreement  between  modeled  and  observed
values.  This  improvement  is  most  pronounced  in
Sc2 and Sc3,  where  the  inclusion of  RH and ETo
further  reduces  prediction  error.  Notably,  FLSR
models  exhibit  greater  dispersion  and  systematic
bias  (e.g.,  under-prediction  at  high  GWL  values),
particularly in Sc1 and Sc2, underscoring the limi-
tations of linear modeling in capturing the nonlin-
ear  dynamics  governing  groundwater  response  to
climate  forcing.  The  tight  clustering  of  FNAR
points  around  the  1:1  line,  especially  for  Sc2  and
Sc3,  validates  the  model's  ability  to  accurately
capture both central tendency and variability across
the full range of GWL conditions.

 3.2 Temporal  patterns  and  seasonal
performance variations

Model  performance  exhibited  strong  seasonal
dependence,  with  peak  accuracy  during  winter–
spring  (December–March;  NSE  >  0.85  for  Sc2).
This  reflects  the  dominance  of  direct,  episodic
recharge during the wet season and reduced evapo-
rative losses due to low temperatures. Such season-
ality-driven  predictability  has  been  consistently
observed  in  semi-arid  aquifers,  where  GWL
response  is  tightly  coupled  to  rainfall  timing  and
intensity  (Zowam and  Milewski,  2024; Zarinmehr
et  al.  2022). Performance  declined  during  transi-
tional months (April–May, September–November;
NSE:  0.65–0.80), as  recharge  becomes  intermit-
tent and  irrigation  pumping  intensifies.  Addition-
ally, irrigation  withdrawals  for  agricultural  activi-
ties,  primarily  wheat  and  barley  cultivation  in
Birjand  Plain,  introduce  anthropogenic  variability
not explicitly represented in meteorological inputs.
This  mirrors  findings  by  Feng  et  al.  (2024)  in
northern  China,  where  hybrid  models  struggled to
disentangle  natural  recharge  from  anthropogenic
withdrawals  during  crop  establishment  phases.
Summer  (June–August) posed  the  greatest  chal-
lenge  (NSE:  0.28–0.55),  as  GWL  dynamics  are
governed almost  entirely  by  unmeasured  agricul-
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tural pumping, a known blind spot for meteorology-
only models (Samantaray et al. 2024). This limita-
tion  underscores  a  fundamental  trade-off:  While
excluding pumping data enhances model generaliz-
ability  across  data-scarce  regions,  it  inherently
caps  summer  prediction  skill. Similar  challenges
are  noted  in  hybrid  ELM  models  for  Bangladeshi
aquifers  (Adnan  et  al.  2023),  where  meteorology-
only inputs yielded NSE of approximately 0.73 but
faltered  during  dry  seasons  due  to  unmodeled
extraction,  advocating  parsimonious  inputs  for
broader applicability.

 3.3 Comparison  with  State-of-the-Art
GWL models

While  direct  quantitative  comparison  is  constra-

ined by site-specific differences in aquifer  proper-
ties, GWL ranges, and climatic conditions, several
important  insights  emerge,  from  comparing  the
outcomes  with  the  litureture  to  help  contextualize
FNAR  performance  within  the  broader  landscape
of  GWL  prediction  models.  Samantaray  et  al.
(2024) reported RMSE of 0.045–0.12 m and NSE
of  0.92–0.96  using  the  SVR-FFAPSO  model  in
Indian  watersheds,  but  their  model  required
antecedent  GWL,  streamflow,  and  six  climatic
inputs,  rendering  it  inapplicable  to  ungauged
basins.  Bhadani  et  al.  (2024)  achieved  correlation
coefficient of 0.89 and NMSE of 0.18 with the F-
IWO-GWL  algorithm  yet  depended  on  historical
GWL and soil texture data, both often unavailable
in  developing  regions.  In  contrast,  the  present
results  with  FNAR  under  Sc2  attain  NSE  up  to
0.97  using  only  three  meteorological  variables,
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Fig. 4 Comparative analysis of monthly GWL values performance of FNAR and FLSR models
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with no lagged GWL. This input parsimony is not
a compromise but a strategic advantage: It enables
deployment  in  the  >70% of global  aquifers  lack-
ing continuous piezometric monitoring (Jiang et al.
2024). Moreover, unlike black-box hybrids such as
ANFIS-GWO (Vadiati et al. 2023) or CNN-LSTM
ensembles (Yang and Zhang, 2022), FNAR's addi-
tive  structure  provides  interpretable  attribution
thereby  supporting  informed  management  (Wang
and Li, 2025).

A  critical  advantage  of  FNAR  lies  in  its  input
data  requirements.  Samantaray  et  al.  (2022)
required  18  years  of  data  with  six  input  variables
including  discharge  and  antecedent  GWL.  Vadiati
et al. (2023) utilized lagged GWL measurements (t-
1, t-2, t-3 months), necessitating continuous moni-
toring  infrastructure.  Machine  learning-based
fuzzy models  typically  require  extensive  hyperpa-
rameter optimization. For example, SVR-FFAPSO
(Samantaray  et  al.  2024)  necessitates  tuning  of
support  vector  regression  parameters  plus  firefly-
particle  swarm  optimization  parameters  (popula-
tion  size,  generations,  inertia  weights,  attraction
coefficients), representing a 7-10 dimensional opti-
mization  problem.  ANFIS-GWO  (Samantaray  et
al.  2022)  similarly  requires  optimization  of  fuzzy
membership  functions  plus  grey  wolf  optimizer
parameters.  Conversely,  FNAR  requires  only  the
bandwidth  parameter  (h)  selection  for  each  input
dimension  through  leave-one-out  cross-validation,
resulting  in  a  substantially  simpler  optimization
landscape.

An  additional  advantage  of  FNAR  over  black-
box machine  learning  approaches  lies  in  inter-
pretability. The  additive  structure  enables  decom-
position  of  GWL  predictions  into  contributions
from individual climatic drivers, facilitating physi-
cal  understanding  of  aquifer  responses.  Machine
learning models,  while often achieving marginally
higher  accuracy,  provide  limited  insight  into
underlying  mechanisms,  constraining  their  utility
for process understanding and stakeholder commu-
nication. This agrees with Borzì (2025), who advo-
cates hybrid data-driven approaches in data-scarce
regions to balance "model complexity" with "prac-
tical applicability".

The  FNAR model's  success  in  GWL prediction
can be attributed to its capability to capture nonlin-
ear  relationships  inherent  in  aquifer-climate inter-
actions. Aquifer recharge exhibits threshold behav-
ior, with  negligible  recharge  during  small  precipi-
tation events that are entirely consumed by evapo-
transpiration and  soil  moisture  deficit  replenish-
ment. Recharge increases nonlinearly with precipi-
tation  magnitude  above  threshold  values,  as

demonstrated  by  lysimeter  studies  in  arid  regions
(Hu  et  al.  2020; Koonce,  2016).  The  FNAR
model's  nonparametric  kernel-weighted  structure
effectively captures these threshold dynamics with-
out  requiring  explicit  specification  of  functional
forms, providing flexibility absent in linear models
like  FLSR.  Finally,  FNAR's  fuzzy  framework
explicitly propagates input uncertainty into predic-
tion  intervals,  a  feature  increasingly  mandated  in
modern  hydrological  modeling  (Moges  et  al.
2021).  Deterministic  models,  by  contrast,  yield
overconfident point estimates that mask data qual-
ity  issues,  potentially  misleading  decision-makers
during droughts or policy evaluations.

 3.4 Advantages,  limitations,  and  future
direction

This  study  highlights  the  effectiveness  of  the
FNAR model for predicting groundwater levels in
data-scarce  arid  regions.  Using  only  precipitation,
temperature,  and  relative  humidity,  the  model
achieves strong accuracy (NSE > 0.75),  quantifies
uncertainty through  fuzzy  outputs,  offers  inter-
pretable  climate-driven  insights,  and  operates
effectively without  prior  groundwater  observa-
tions.  However,  this  study  faced  limitations
primarily  related  to  data  availability  and  quality.
The use of monthly averaged GWL measurements,
often recorded  on  random  days,  may  have  intro-
duced discrepancies,  especially  if  significant  rain-
fall  occurred  after  data  collection.  Inconsistent
measurement timing across  wells  also  posed chal-
lenges,  as  monthly  averaged  weather  variables
assumed uniform  conditions,  potentially  misat-
tributing water level variances. Although fuzzifica-
tion helped mitigate these issues, more precise data
would have enhanced model accuracy. These limi-
tations highlight the need for higher temporal reso-
lution  and  consistent  data  collection  practices  to
improve model reliability.

Future research should integrate remotely sensed
proxies  for  groundwater  extraction,  such  as
GRACE satellite data, land surface temperature, or
NDVI-based crop water use estimates. In addition,
hybridizing  FNAR  with  physics-informed  cons-
traints  (e.g.,  simplified  mass  balance  equations)
could  improve  extrapolation  under  non-stationary
climate conditions.  Finally,  extending  the  frame-
work  to  spatially  distributed  predictions  (by
coupling FNAR with geostatistical interpolation of
piezometric data) would enable well-specific fore-
casts, supporting  localized  management  interven-
tions  in  heterogeneous  aquifers.  Such  extensions
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align  with  recommendations  in  hydroinformatics
reviews  for  adaptive,  multi-scale  modeling  to
enhance sustainability in arid basins

 4  Conclusion

Sustainable groundwater  management in arid- and
semi-arid  regions  requires  predictive  models  that
are  both  accurate  and  feasible  under  severe  data
constraints.  In  this  study,  we  addressed  this  need
by developing and presenting the FNAR model for
monthly  GWL  prediction  in  the  Birjand  aquifer,
Iran. Using only meteorological inputs under three
scenarios, FNAR  achieved  high  predictive  accu-
racy, with the optimal scenario (Sc2: Precipitation,
temperature, relative  humidity)  yielding  an  aver-
age  NSE  of  0.78  and  RMSE  of  0.68.  The  FNAR
model does not require antecedent GWL measure-
ments, allowing deployment in ungauged or poorly
monitored basins.  It  also  demonstrates  that  accu-
rate  predictions  are  achievable  with  only  three
widely available meteorological variables.

Future  research  will  extend  FNAR  to  spatially
distributed forecasting  and  integrate  remote  sens-
ing  proxies  (e.g.,  GRACE,  NDVI)  to  implicitly
capture  anthropogenic  influences,  addressing  the
model's current limitation in summer months, thus
enhancing  its  predictive  capabilities  and  enabling
its  application  to  a  diverse  range  of  hydrological
settings.
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