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Aims: As a valuable human heritage, the Qanat is of great significance to groundwater 
systems. This research aims to evaluate the effectiveness of environmental variables in 
the construction of Qanat systems in the east and northeast of Iran and to present the best 
machine learning model for modeling. 
Materials & Methods: Using GIS and R-biomod2, 40 environmental parameters were 
selected as predictive variables, and GLM, GBM, CTA, SRE, FDA, MARS, RF, and ESMs models 
were used to determine the relationship between Qanat potential areas and environmental 
factors. Their Accuracy was evaluated using Kappa, Accuracy, TSS, and ROC. 
Findings: Results revealed that random forest (RF) and ensemble (ESMs) models achieved 
the highest Accuracy in determining Qanat potential reas. SRE performed worse than the 
other eight models. The results also indicated that climatic factors (BIO4), physiographic 
factors (DEM& Topographic wetness index & slope), soil factors (Organic 60-100 cm, Cations 
60-100 cm, Land Surface Temperature) and Geology has a considerable significance in 
geographical distribution of areas prone to Qanat existence but terrain roughness index 
showed the least contribution in determining the groundwater potential areas. 
Conclusion: According to the results, the areas of regions with good to outstanding potential 
for the existence of Qanats were estimated at 13.15% and 13.31% of the total area using 
ESMs and RF models, respectively. In general, the use of RS in combination with DEM can 
reveal numerous significant correlations in groundwater research.

Copyright© 2021, the Authors | Publishing Rights, ASPI. This open-access article is published under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License which permits Share (copy and redistribute the material in any medium or format) and Adapt (remix, 
transform, and build upon the material) under the Attribution-NonCommercial terms.
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Introduction
A qanat (pronounced "Qanat" or "Kāriz" 
in Persian) is an underground system that 
conveys groundwater from high-elevation 
areas to lower ones in a plain [1,2]. A. A 
traditional Qanat consists of various parts, 
including 1. Mena, which is an underground 
passage or tunnel dug to collect and transmit 
at r. 2. The mother well: The deepest well, 
which is located upstream and is the main 
source of Qanat at r. 3. Vents, vertical wells 
dug along the water pathway of Qanat to aid 
ventilation and access to the t nn l. 4. Maz’har, 
the place where the Qanat water exits 
from the subsurface to the Earth su fa e. 5. 
Distribution channels, a network of streams 
and rivers that carry water from the reservoir 
to farms and homes [3,4]. As a valuable part 
of human heritage, Qanats play a significant 
role in the sustainable management of 
groundwater resources [5]. For centuries, 
this historical system has provided water to 
people, especially in arid and semi-arid areas, 
across more than 34 countries [6]. Today, 
Qanats are widely distributed worldwide. 
Qanat is the main symbol of the relationship 
between man and water. Besides sustainable 
agricultural development, Qanats play a 
principal role in Qanat tourism and, as a result, 
employment generation. They have also 
represented a technological advancement 
and a major solution for water supply in 
arid and semi-arid regions for thousands of 
years, and their history can be traced back 
to the emergence of several civilizations. It is 
essential to maintain Qanats as sustainable 
water sources in arid regions. To manage 
canals, the main requirement is to prepare 
spatial data for them [8]. A preliminary review 
of the literature showed that, according to 
Beaumont (1971), the Qanat system has been 
of great importance in the landscape of Iran 

during the Achaemenid Empire (330-550 BC 
[9]). In addition, Qanats have supplied water 
to most settlements in Iran for centuries [10]. 
The mechanization of Qanat construction 
reflects Iran's environment and culture. In 
2020, about 40000 Qanats with an average 
annual harvest of 4.7 bm3 were recognized 
as the Qanat National Geomatic System in 
the Ministry of Agriculture Jihad data center 
[11]. Examining Qanat time-series data from 
2008 to 2018 shows that the average annual 
water withdrawal from Qanats decreased by 
almost 50%. This decrease is mainly due to 
climate change and the overexploitation of 
land resources in Iran [7, 12]. Water resources 
are severely limited, and according to Behling 
et al. (2022), more than 90% of Iran is under 
dry or semi-arid conditions [13]. In Iran, 
data on climate change, including a 2.6◦C 
increase in average temperature and a 35% 
decrease in precipitation in the coming 
decades, are very worrying [14]. Besides 
springs and wells, Qanats are also a crucial 
source of groundwater in Iran [15]. Various 
environmental parameters may affect water 
resource types. Supervised classification 
algorithms explore the relationships between 
the variables and known groundwater data. 
Algorithms provide accurate predictions, 
and the results are extrapolated to estimate 
groundwater potential in a specified 
region. Since artificial intelligence models 
can evaluate large amounts of data and 
produce accurate predictions, they have 
been progressively utilized in recent water 
management studies [16, 17]. Most machine 
learning groundwater potential map studies 
face two principal deficiencies. First, since the 
number of presence data available for training 
and testing algorithms may be small and the 
number of environmental variables may be 
large, how to reclassify the environmental 
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variables to reduce their error is of great 
importance. The second issue is that machine 
learning study results are almost always 
evaluated using standard big data metrics 
such as precision, recall, and the area under 
the receiver operating characteristic curve [1-

20]. Using several environmental variables and 
creating experimental models in Geographic 
Information System (GIS), researchers have 
particularly addressed the potential map 
of Qanat [1, 21]. Prior studies by Naghibi et 
al. (2015) and Moghaddam et al. (2020a) 
established that physiographic variables 
(elevation, slope, TWI) and soil properties 
(organic content, texture) significantly control 
groundwater potential in Qanat systems [33]. 
Additionally, Pourghasemi & Beheshtirad 
(2015) and Golkarian et al. (2018) validated 
the relevance of land surface temperature 
(LST) and drainage density in machine 
learning-based Qanat zoning [1, 21]. There is 
no effort to evaluate the efficiency of each 
machine learning model and variable used 
to construct Qanat routes and positions in 
Iran. In particular, no study has been carried 
out to demonstrate the specific correlations 
between variables and Qanat across different 
parts of Iran, nor to compare machine learning 
models. Therefore, the novelty of this study 
lies in developing multiple statistical methods 
using GIS to examine evidence of Qanat 
systems in the watersheds of East and North 
East Iran. The primary objective of this paper, 
as argued, is to evaluate the effectiveness of 
environmental variables in the construction 
of Qanats in the east and northeast of Iran and 
to present the best machine learning model.

Materials & Methods  
Case Study
The study has been carried out in the east and 
northeast of Iran, covering an area of 295,11 

km2. It is located between 55ْ   26' 36'' to 61ْ   
26’ 34’’ altitude and 30ْ  31’ 54’’ to 38ْ  11’ 53’’ 
latitude. The studied area is situated in the 
Iranian-Turanian vegetation region and, due 
to its vast size and diverse natural conditions, 
has unique ecological characteristics across 
its various areas. Based on the De Martonne 
aridity index classification, the entire province 
falls under a cold dry climate, with specific areas 
classified as cold semi-arid [22]. In general, the 
climate of Khorasan province is arid and semi-
arid. The province receives an average of 209.8 
mm of rainfall, but precipitation is not uniform, 
and amounts decrease from north to south. 
The lowest precipitation is estimated at 116.2 
mm, and the highest is 312.8 mm. The province 
has an average annual temperature of 15.6◦C, 
with minimum and maximum temperatures 
of 12.2◦C and 18.2◦C, respectively, during 
the statistical period [22]. The study included 
2,482 plant species across 585 genera and 
115 families. The sunflower family is the most 
numerous in the region, accounting for 303 
species, followed by the Gramineae family 
with 180 and the Laminaceae family with 122 
species. Among the most important plants 
of the area, we can mention Astragalus sp., 
Acantholimon sp., Seidlitzia sp., Onobrycis sp., 
as well as Juniperus sp., Pistacia sp., Tamarix 
sp., Berberis sp., and Rosa pe sica. Some plants 
of high nutritional and medicinal value, such 
as Ziziphora sp., Thymus sp., Cuminum sp., 
and Ferula sp., are becoming extinct and are 
being destroyed due to excessive grazing and 
rangeland degradation [23].
Determining the Presence Points of Qanats
The areas of active Qanats presence for which 
the location of Qanat debouchure (water 
outlet of the Qanat) was obtained from water 
organization of Khorasan Province (North, 
Razavi, South) and the areas of absence were 
determined randomly from the background 
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with some 20,000 points; a total of 11,957 
points for active Qanats that have already 
been officially registered by the regional 
water company using the Global Positioning 
System (Figure 1).

Determination of Environmental 
Variables
Based on a review of pertinent studies 
and regional information sources, 92 key 
variables were identified as significant for 

Table 1) The list of used models from the Biomod2 package.

ReferencesFull NameAbbreviation

Austin et al. (1984)Generalized Liner ModelGLM

Austin et al. (1984)Generalized Boosting MethodGBM

Hastie et al. (1994)Classification Tree AnalysisCTA

Harrell et al. (1996)Surface Range EnvelopeSRE

Nix (1986)Flexible Denotative AnalysisFDA

Hastie et al. (1994)Adaptive Regression Spline MultivariateMARS

Friedman (1991)Random ForestRF

Damaneh et al. (2022)Techniques and their ensemblesESMs

Figure 1) Location of the studied area and the distribution of Qanats’ presence in the east and northeast of Iran 
(presented by the Regional Water Company of Iran, 2023).
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mapping and identifying areas with Qanat 
potential. The corresponding data layers for 
these variables were compiled from various 
sources.
Using the available information, 92 
environmental variables including seven 
physiographic variables (Iran Geological 
Organization, Google Earth Engine), 24 
climate variables with an Accuracy of 
30 seconds (https://www.worldclim.
org, https://globalsolaratlas.info), 54 soil 
variables with an Accuracy of 250*250 
km (https://soilgrids.org, Google Earth 
Engine), three geological variables (Iran 
Geological Organization), two vegetation 
(Google Earth Engine) and two hydrological 
variables (Google Earth Engine) were used 
to generate the odel. Since all of the input 
data layers of the model must have the same 
georeference, coordinate system and scale, 
the initial preparation and processing of the 
data layers were performed using Idrisi Selva 
software and preparing data layers (Figure 
2) and matching the layers with a pixel size 
of 1000 × 1000 m was carried out in Idrisi 
Selva software using the Variance Inflation 
Factor (VIF) to verify collinearity severity 
between independent vari bles. Variables 
with VIFs less than 10 were selected, and 40 
environmental parameters were ultimately 
chosen as predictive variables (Table 2) [42]. 
They were called in R using the Grid format, 
along with the presence points of Q nats. Then, 
they were predicted using GLM, GBM, CTA, 
SRE, FDA, MARS, RF, and ESMs models (Table 
1) to determine the relationship between 
Qanat potential and environmental factors in 
the east and northeast of Iran. The Accuracy 
of the models was evaluated using KAPPA, 
ACCURACY, TSS, and ROC values, which are 
widely used indicators for identifying areas 
of equal potential [23]. 

Modeling the Distribution of the Equipotential 
Zones of the Presence of Qanats
In the present research, seven algorithms 
from the Biomod2 package [24] were used 
to model spring-prone areas and generate 
points of absence (Table 1). In the modeling 
process, 70% of the presence points were 
used to create the models, and 30% were 
used to evaluate them. Also, the number of 
repetitions was set to 5 to enhance modeling 
Accuracy. The models’ Accuracy was 
calculated using three statistical coefficients 
for each model type. The first method is to 
check the Receiver Operating Characteristic 
(ROC) curve. A ROC chart is a graphical method 
for evaluating the model’s ability to predict 
the presence or absence of groundwater 
resources (springs) based on related 
environmental variables [25]. Accurate Skill 
Statistic (TSS) can be considered evidence 
for interpreting real ecological phenomena. 
Various studies demonstrate that ROC 
values show a strong correlation with TSS; 
therefore, in studies with presence-absence 
maps, TSS may be a suitable alternative to 
ROC [26]. The third method, Cohen’s Kappa, 
can measure the agreement between two 
raters who classify N items into C mutually 
exclusive classes. The first use of Kappa-like 
statistics is by Galton and Smeaton [27, 28]. 
The fourth method of Diagnostic Accuracy 
(ACCURACY) is another universal measure 
of “Diagnostic Accuracy” expressed as the 
proportion of correctly classified subjects 
(TP + TN) among all subjects (TP + TN + 
FP + FN) [29]. KAPPA, ACCURACY, TSS, and 
ROC values less than 0.5 are considered 
as inappropriate modeling performance, 
very poor, poor, moderate, good, and high 
(susceptible) for values between 0.5-0.6, 
0.7-0.6, 0.7-0.8, 0.8-0.9, and more than 0.9, 
respectively [30, 31].
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Figure 2) Data layers of the variables used.
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Figure 2 Continued) Data layers of the variables used.
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Figure 2 Continued) Data layers of the variables used.
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Figure 2 Continued) Data layers of the variables used.
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Figure 2 Continued) Data layers of the variables used.
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Figure 2 Continued) Data layers of the variables used.



Zoning of Qanat Systems Extension

ECOPERSIA                                                    	                                                          Winter 2026, Volume 14, Issue 1

12

Figure 2 Continued) Data layers of the variables used.
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Figure 2 Continued) Data layers of the variables used.
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Figure 2 Continued) Data layers of the variables used.
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Figure 2 Continued) Data layers of the variables used.



Zoning of Qanat Systems Extension

ECOPERSIA                                                    	                                                          Winter 2026, Volume 14, Issue 1

16

Figure 2 Continued) Data layers of the variables used.

In the following, to capture the geographical 
distribution of areas with favorable climatic 
and environmental conditions for Qanat 
presence in the study area, maps of areas 
prone to Qanat have been depicted (Figure 5). 
The maps of prone areas obtained by vector 
machine models are expressed as values 
from 0 to 1000. Zero is the lowest probability, 
and 1000 is the highest probability. To 
better understand the distribution, the map 
was classified into four classes, including 
areas with no potential for Qanats presence 
between 0 and 250, areas with a low 
proportion of Qanats presence between 250 
and 500, areas with the average proportion 
of the presence of Qanats between 500 and 
750 and the prone Qanats regions presence 

between 750 and 1000 using ArcGIS10.8 
software, the Natural Breaks method or the 
Jenks algorithm (Table 3, Figure 3).

Findings 
Table 2 presents the results of a collinearity 
analysis using VIF (<10) to assess the severity 
of collinearity among independent variables. 
In total, 40 of 92 environmental factors 
had VIFs less than 10 and were used in the 
calculations and modeling.
Studying the potential of Qanat using machine 
learning algorithms and natural factors 
derived from remote sensing (RS) has been 
the subject of various studies in this field. 
However, the conditional parameters based on 
topography and other environmental factors 
differ across regions. KAPPA, ACCURACY, TSS, 
and ROC values, which are widely used to 
identify and determine co-potential areas, are 
presented in Figure 3. The modeling process 
in most of the models used in this research 
shows a good to moderate fit. Studying 
the values of all four Accuracy evaluation 
indicators showed that the random forest 
(RF) and ensemble (ESMs) models achieved 
the highest Accuracy in determining Qanat 
potential areas.
Among the eight models, the ESM model 
achieved the highest Accuracy and ROC area, 

Table 2) List of environmental factors used for modeling.

Parameter VIF Parameter VIF Parameter VIF Parameter VIF
Geologyepoch 1.18 Bio8 2.33 Bio14 3.88 Clay60100 6.91

Land-Use 1.26 DEM 2.63 Cation60100 4.12 Aspect Sine 7.36
Wrb2006 1.37 Organic60100 2.96 Nitrogen60100 4.26 Slop 7.46

Coarse60100 1.97 Bio4 3.04 Clay05 5.05 Organic3060 7.80
Geologyage 1.99 Corsi 3.09 Silt60100 5.21 Organic515 8.18

TWI 2.00 Lst 3.16 Nitrogen3060 5.45 Organic1530 9.10
Eastness 7.22 Geomfootslope 1.05 Northness 6.88 Roughness 7.55

Pd322 2.05 Bio15 3.36 Nitrogen515 5.46 Bi 2.21
Is 2.12 Ndsi 3.39 Bulk1530 5.85 Geology 2.31

NDVI 3.69 PHW60100 6.52 IPVI 3.76 Aspectcosine 6.89
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while RF ranked second, and SRE performed 
worse than the others. Measuring inter- and 
intra-water reliability using KAPPA values, 
all eight models demonstrated significant 
relationships. This suggests that the models 
are more consistent when measuring a fixed 
pheno enon. Therefore, according to the 
results and values ​​of Figure 3, random forest 
(RF) and ensemble (ESMs) models will be 
the basis of the next calculations. The highest 
values of Accuracy and the influencing 
variables in the distribution of Qanat 
equipotential zones are shown in Fig. 3. The 
ensemble and selected models will present 
the results.

Figure 3) Evaluation of advanced machine learning 
algorithms (MLA) by different indicators.

Examining the relative importance of all 
environmental factors in the selected models 
indicated that climatic factors (BIO4), 
physiographic factors (DEM& Topographic 
wetness index & slope), soil factors (Organic 
60-100 cm, Cations 60-100 cm, Land Surface 
Temperature) and Geology has a considerable 
significance in geographical distribution of 
areas prone to Qanats existence in the east 
and northeast of Iran (Figure 4).
According to Table 3, the results of this 
section demonstrated that in the selected 
models of ESMs and RF, the area between 
38,427 and 38,884 km2, equivalent to 13.15 
to 13.31 percent of the regions studied, 

has good to outstanding potential for the 
existence or reclamation of ground water 
resources (Qanats) and showed the highest 
geographical distribution of the probability 
of the success of construction or existence of 
Qanats (Table 3 and Figure 5). 

18

Figure 4) Relative importance of environmental parameters affecting the determination of
groundwater equipotential zones using Random Forest model (above) and Ensemble model
(bottom).

Table 3) The area and percentage of areas with similar potentials for the presence of
groundwater Qanat in the modeling of the east and northeast of Iran.

Class
ESMs RF

Area (Km2) Area (%) Area (Km2) Area (%)
Low 237519 81.28 237795 81.38

Moderate 16270 5.57 15540 5.32
High 12368 4.23 12069 4.13

Very High 26059 8.92 26815 9.18

Organic60-100
3%

LST

4%

DEM

37%

TWI

3%

LST

6%

DEM

7%

TWI

4%

Figure 4) Relative importance of environmental 
parameters affecting the determination of groundwater 
equipotential zones using Random Forest model 
(above) and Ensemble model (bottom).

Table 3) The area and percentage of areas with similar 
potentials for the presence of groundwater Qanat in 
the modeling of the east and northeast of Iran.

Class

ESMs RF

Area 
(Km2)

Area 
(%)

Area 
(Km2)

Area 
(%)

Low 237519 81.28 237795 81.38

Moderate 16270 5.57 15540 5.32

High 12368 4.23 12069 4.13

Very High 26059 8.92 26815 9.18
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19

Figure 5) Percentage of each class of groundwater Qanat potential maps in the modeling of
the east and northeast of Iran.

In general, as shown in Figure 6, without proper and serious planning, we will witness a
reduction and loss of water resources in the area, which would increase immigration,
unemployment, and the destruction of industries and agriculture in the study area (Statistics
Organization of Iran).

A
re

a 
(%

)

    Low        Moderate       High             Very High

 Figure 5) Percentage of each class of groundwater
 Qanat potential maps in the modeling of the east and
.northeast of Iran

In general, as shown in Figure 6, without 
proper and serious planning, we will witness 
a reduction and loss of water resources in 
the area, which would increase immigration, 
unemployment, and the destruction of 
industries and agriculture in the study area 
(Statistics Organization of Iran).

Figure 6) Distribution of the groundwater Qanat 
(GWQ) potential in the study area based on selected 
random forest and ensemble models.

Discussion
Various studies have demonstrated that 
Random Forest (RF) and other Ensemble 
Models (ESMs) are highly effective tools for 
generating groundwater potential maps. This 
finding is consistent across multiple research 

efforts. For instance, Golkarian et al. (2011) 
reported that the RF model demonstrated 
highly acceptable performance with an AUC-
ROC of 79.7% in the Mashhad Plain, while the 
MARS model performed best [21]. Similarly, 
Naghibi et al. (2011) concluded that RF and 
its optimized version, RFGA, outperformed 
the LSVM model, with AUC values of 84.6% 
and 85.6%, respectively [32]. In a separate 
study, Moghaddam et al. (2011) confirmed 
the RF model's superior performance in a 
mountainous area, achieving a mean AUC 
of 0.995 compared to the GARP and QUEST 
models [33, 34]. Additionally, Momeni Damaneh 
et al. (2025) employed a range of machine 
learning models for groundwater potential 
assessment, emphasizing the considerable 
potential of these models, particularly 
ESMs, in groundwater research [23]. These 
collective results highlight the high Accuracy 
and efficiency of Random Forests and ESMs 
in predicting groundwater potential across 
diverse geographical environments. There 
are multiple decision trees, and the data is 
not over-fitted, which represents the best 
fit. In addition, nonlinear and determining 
variables in the RF model can interact, 
thereby increasing the model's effectiveness 
[35]. Also, the high Accuracy of some models, 
like random forests, may be due to their low 
tendency to overfit and their ability to handle 
small-scale datasets [36, 37]. 
Previous studies confirm the effectiveness 
of machine learning models, particularly 
Random Forest (RF), for groundwater 
potential assessment, findings that align 
with this research. For instance, a study by 
Naghibi et al. (2019) using an RF model 
achieved an impressive AUC-ROC of 90.1%, 
demonstrating its high effectiveness [37 38]. 
The ensemble approach used in this research 
also indicates improved performance of the 
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base models. Similarly, in a study by Kim 
et al. (2019) in South Korea, BRT and RF 
models were identified as valuable tools 
for groundwater resource development, 
showing an acceptable Accuracy of over 
78% [39]. Furthermore, research by Momeni 
et al. (2025) in Iran found RF to be the most 
accurate among several algorithms [23]. This 
consistency in results suggests that the models 
used in your study perform comparably 
to prominent models in other studies, 
reinforcing the validity of machine learning 
methods for this type of analysis. This review 
indicates that the findings on the significance 
of environmental factors differ from those 
of other researchers, underscoring the need 
for regional approaches in hydrological 
studies. For instance, studies by Naghibi et 
al. (2016) and Chen et al. (2019) identify 
drainage density and NDVI as important 
factors influencing groundwater potential [19, 

20]; however, in recent research, these factors 
were not highly significant.
Furthermore, Prasad et al. (2020) considered 
NDVI a key factor in their study in India, which 
contradicts our findings [23]. These differences 
highlight the reality that the set of influential 
factors in each region varies due to specific 
geological, climatic, and topographical 
characteristics. This inconsistency in results 
is a strong point in the discussion section, 
demonstrating the importance of using 
indigenous models and data in groundwater 
resource management. A review of similar 
research indicates that our findings regarding 
the low significance of the Topographic 
Roughness Index (TRI) are entirely consistent 
with the approaches and results of other 
scholars. In the study by Naghibi et al. (2016), 
despite a focus on topographic factors, TRI 
was not mentioned, implicitly underscoring 
its lower importance relative to other factors, 

such as slope and elevation. Similarly, in papers 
by Chen et al. (2019) and Prasad et al. (2020), 
which examined multiple factors including 
topographic ones, TRI was not considered 
a key determinant [20, 40]. This consistency 
in results suggests a general pattern in 
groundwater potential modeling studies. 
In these studies, larger-scale topographic 
parameters typically have a greater influence 
on water flow and infiltration. Therefore, our 
findings on the limited contribution of TRI are 
not only valid but also align with the broader 
scientific literature in this field. Findings 
of this study regarding the significance of 
climatic factors (BIO4), physiographic factors 
(DEM, TWI, and slope), soil factors (Organic 
60-100 cm, Cations 60-100 cm, and Land 
Surface Temperature), and geology in Qanats 
distribution are in complete agreement with 
the results of other research on groundwater 
potential. This broad consistency highlights 
the validity and importance of these factors. 
For instance, in the study by Naghibi et al. 
(2016) in Iran, slope, elevation, and TWI were 
identified as key physiographic parameters, 
which align directly with the key factors 
identified in our research [19]. This alignment 
confirms the vital role of topographic factors 
in controlling groundwater flow and the 
formation of springs and Q nats.
Furthermore, similar factors, such as slope, 
elevation, and TWI, were used in the research 
by Chen et al. (2019) in China and Prasad et al. 
(2020) in India [20, 40]. Prasad et al. (2020) also 
highlighted the importance of geological and 
soil factors [40], findings consistent with ours. 
This convergence in results across various 
studies in different geographical regions 
strengthens the validity of our findings. It 
demonstrates that physiographic, geological, 
and soil factors are universal and crucial for 
assessing groundwater potential.
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Conclusion
Accurate assessment of groundwater 
resources is essential to achieving the 
Sustainable Development Goals (SDGs). In 
developing countries, the lack of accurate 
hydrogeological data for aquifers is evident. 
RS-based data products can provide rich 
information for data-poor regions. This study 
applied eight widely used machine learning 
algorithms and compared them using four 
criteria, namely KAPPA, ACCURACY, TSS, 
and ROC. Groundwater resources, especially 
Qanats, are vital and valuable resources in the 
eastern and northeastern regions of Iran. The 
reduction and destruction of groundwater 
sources (Qanats) due to inadequate planning 
can have negative consequences, including 
increased immigration, unemployment, and 
the destruction of industries and agriculture 
in the study area. The results of this research 
can be used for planning and managing 
groundwater resources, especially in areas 
with low- to medium-potential Qanats. Maps 
of equipotential areas for the presence of 
Qanats can serve as a management tool 
for locating and constructing structures 
in watersheds and aquifers. The findings 
of this study can help improve public 
knowledge and awareness of the importance 
of preserving and restoring groundwater 
resources, especially Q nats. The present 
study investigates the distribution and 
identification of equipotential areas of 
Qanats in the east and northeast of Iran 
using machine learning-based modeling of 
92 environmental variables. RF and ESMs 
produced maps that were similar to and 
as accurate as those of other models. This 
emphasizes that machine learning can be 
used in groundwater research to identify 
areas of high groundwater exploitation 
potential. According to the results, ESMs 

with 94% Accuracy were chosen as the best 
model for predicting the equipotential zones 
of Q nats. Also, the area of regions with good 
to outstanding potential for the existence 
or reclamation of Qanats was estimated to 
be 38427-38884 km2 (13.15%-13.31% of 
the total area) using ESMs and RF models, 
respectively. Another goal of the present study 
was to carefully examine the significance of 
environmental factors in assessing ground 
water potential, which showed that climatic 
factors (BIO4), physiographic factors (DEM& 
topographic wetness index & slope) and 
soil factors (Organic 60-100 cm, Cations 60-
100 cm), Land Surface Temperature) and 
geological factor cannot be negl cted. This 
confirms the significant role of RS in modeling. 
RS data may be a viable substitute for regions 
with no data or those that are hard to access. 
In general, combining RS with DEM data 
reveals a substantial number of significant 
relationships in groundwater research.
Regarding transferability, algorithms are 
free in the R software and can be a valuable 
asset for land resource managers. In addition, 
the ASTER used in this research is free and 
accessible, even though the locations and 
lithology of Qanats may not be accessible in 
some regions, which may limit the method's 
applicability. As for presence points, they 
may be replaced with data obtained from 
well discharge. If there is no access to the 
location of the Qanats, researchers can use 
expert-judgment-based approaches, such as 
hierarchical analysis, to define the weights 
and reach the maps needed. Considering 
these limitations, it is recommended to use 
the current method, with modifications to 
other factors, to address data inadequacy.
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