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Abstract
This study develops a high-resolution groundwater potential map for the Andijan Region in the eastern Fergana Valley, 
Uzbekistan, by integrating the probabilistic frequency ratio (FR) method with a long short-term memory (LSTM) neu-
ral network. Eleven hydrogeomorphic, lithological, and land-surface variables—Channel Network Base Level, Closed 
Depressions, Cross-Sectional Curvature, DEM, Downslope Curvature, LS factor, Topographic Wetness Index, Valley 
Depth, Geology, Soil, and Land Cover—were derived from 12.5 m ALOS PALSAR topographic data, Sentinel imagery, 
and national geodatabases. FR analysis quantified the contribution of each factor to observed well yields, generating 
factor-specific weights and using gridded predictors as inputs to the LSTM to capture nonlinear spatial interactions. Vali-
dation against an independent dataset comprising 61 surveyed production wells showed an improvement in the area under 
the receiver operating characteristic curve from 75.60% for the FR model to 77.54% for the FR-LSTM ensemble, dem-
onstrating an incremental but consistent benefit of the hybrid modeling approach. High-potential zones (> 0.8 probability) 
are spatially associated with Quaternary alluvial fans and the Kara Darya floodplain, where thick and highly permeable 
sediments, together with gentle slope gradients, favor groundwater recharge, whereas uplifted Paleozoic terrains typi-
cally exhibit low groundwater potential (< 0.2). Cross-validation indicates that 74% of high-yield wells lie within the two 
highest groundwater potential classes. A reproducible FR-LSTM workflow provides actionable guidance for well siting, 
groundwater abstraction management, and integrated water resources planning in semi-arid and data-limited basins and is 
readily transferable to analogous hydrogeological settings.
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Groundwater potential mapping using a frequency ratio-LSTM hybrid 
model in the Andijan Region, Uzbekistan

Sooyeon Han1 · Liadira Kusuma Widya2 · Woojin Lee3 · Kadirhodjaev Azam4 · Bimurzaev Gany5

1  Introduction

A groundwater potential map (GPM) is a scientifically 
derived cartographic product that delineates spatial varia-
tions in the probability and likelihood of groundwater 
occurrence within a defined region. By classifying areas 
according to relative groundwater potential, a GPM provides 
a rational basis for prioritizing groundwater exploration and 
development activities, thereby reducing unnecessary drill-
ing efforts and associated costs. Focusing development on 
zones with high groundwater potential is advantageous from 
both economic and environmental perspectives, particularly 
in regions where groundwater serves as a critical resource 
for agricultural, industrial, and domestic water supply.

In addition to supporting efficient resource develop-
ment, GPMs play an increasingly important role in ground-
water protection and sustainable management. Because 
remediation of contaminated groundwater is technically 
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challenging, economically costly, and often infeasible, 
proactive groundwater management is essential. A GPM 
facilitates the integrated assessment of groundwater flow 
pathways in relation to surrounding land-use patterns and 
abstraction points, thereby enabling early identification 
of potential contamination sources. Consequently, GPMs 
contribute directly to protecting drinking water quality and 
safeguarding public health. GPMs also provide fundamental 
spatial information for national and local authorities in the 
formulation of groundwater management plans and broader 
integrated water-resources strategies. Their application 
supports the integration of surface-water and groundwater 
management policies, thereby helping to avoid redundant 
investments and unsustainable or indiscriminate groundwa-
ter abstraction practices. In this regard, GPMs represent a 
key scientific and practical tool for the sustainable steward-
ship of groundwater resources at both regional and national 
scales as they improve long-term resource viability and 
reduce environmental and social conflicts.

Against this background, the primary objective of this 
study is to develop and validate a GPM for the Andijan 
(Uzbek: Andijon) Region of Uzbekistan using a machine-
learning-based modeling approach. To achieve this objec-
tive, comprehensive and high-resolution spatial datasets 
related to groundwater occurrence, geology, topography, 
soil characteristics, and land cover were systematically com-
piled for the study area. Topographic data were subjected 
to detailed geomorphological and hydrological analyses to 
derive a robust set of explanatory variables that are directly 
relevant to groundwater occurrence and spatial distribu-
tion. The frequency ratio (FR) method was then employed 
to quantitatively assess the relationships between observed 
groundwater abstraction data and candidate conditioning 
factors, thereby allowing the most influential variables to 
be identified. These selected factors were subsequently inte-
grated into a hybrid modeling framework that combines the 
FR approach with a long short-term memory (LSTM) neu-
ral network to produce the GPM. The resulting map was 
quantitatively evaluated using the area under the receiver 
operating characteristic curve (ROC-AUC), ensuring an 
objective assessment of predictive skill.

Numerous studies have applied probabilistic models 
for groundwater potential mapping. Razandi et al. (2015) 
demonstrated GIS-based groundwater potential mapping 
using a multi-criteria approach that combines FR, certainty 
factor (CF), and analytic hierarchy process (AHP) models. 
Falah et al. (2017) tested a generalized additive model and 
compared its performance with three GIS-based bivariate 
statistical models: FR, statistical index (SI), and weight of 
evidence. Hou et al. (2018) conducted a comparative analy-
sis of SI, the index of entropy, and CF models for ground-
water spring potential mapping. Paul et al. (2020) employed 

a GIS-based multi-criteria evaluation framework using 
weighted thematic layers to delineate spatial groundwater 
potential zones. Lee and Mahdi (2021) applied the FR model 
at the national scale of South Korea to generate a GPM. Oh 
et al. (2011) applied probabilistic methods to map regional 
groundwater potential in the Pohang City area of Korea. 
Lee (2025) produced a GPM for the Cheongju area using 
probabilistic methods, and Lee and Mahdi (2021) mapped 
groundwater productivity across the entirety of South Korea 
using a probabilistic modeling approach. Baek et al. (2021) 
further extended national-scale mapping efforts by apply-
ing the DRASTIC model to assess groundwater pollution 
vulnerability across South Korea. Remote sensing data and 
techniques have also been reviewed as foundational inputs 
for such mapping efforts (Lee, 2017).

Machine-learning-based approaches have also been 
widely adopted. Al-Abadi and Shahid (2016) utilized a 
GIS-integrated random forest model using known flowing-
well locations and multiple spatial predictors. Rahmati et 
al. (2016) compared random forest and maximum entropy 
models using well-yield data in a semi-arid region. Naghibi 
et al. (2017, 2019) assessed data mining and ensemble 
approaches for groundwater potential mapping. Golkarian 
et al. (2018) validated decision tree-based and regression 
models, whereas Miraki et al. (2019) proposed a random 
subspace-random forest ensemble. Rizeei et al. (2019) pro-
posed an ensemble multi-adoptive boosting logistic regres-
sion technique for groundwater aquifer potential modeling. 
Subsequent studies have compared or integrated advanced 
machine-learning algorithms, including support vector 
machines, boosting methods, deep neural networks, con-
volutional neural network-LSTM hybrids, and ensemble 
frameworks across diverse hydrogeological settings (Al-
Fugara et al., 2020; Hakim et al., 2022; Kamali-Maskooni et 
al., 2020; Morgan et al., 2023; Naghibi et al., 2020; Panahi 
et al., 2020; Rasool et al., 2022; Roy et al., 2022).

Several studies have combined statistical and machine-
learning models. Chen et al. (2018) introduced an ensemble 
model that combines the weight of evidence with machine 
learning. Kim et al. (2018) integrated the FR and eviden-
tial belief function approaches with an artificial neural net-
work. Lee et al. (2018) applied artificial neural network 
and support vector machine (SVM) models within a GIS 
framework. Arabameri et al. (2019) compared bivariate, 
multivariate, machine-learning, and multi-criteria decision-
making techniques; whereas Hasanuzzaman et al. (2022) 
evaluated AHP, FR, and machine-learning classifiers, 
reporting the superior performance of the random forest 
algorithm. Arabameri et al. (2021) further applied novel 
GIS-based machine-learning ensemble techniques for mod-
eling groundwater potential.
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In addition to the above references, numerous studies 
have investigated groundwater potential mapping using GIS 
and machine-learning techniques (Lee & Rezaie, 2020). 
Although numerous studies worldwide have generated 
GPMs, this study is the first to apply an FR-LSTM hybrid 
model to the Andijan Region of Uzbekistan, thereby provid-
ing novel, data-driven insights into regional groundwater 
prospectivity.

2  Study area

The Andijan Region is one of the provinces of the Republic 
of Uzbekistan, located in the eastern part of the Fergana Val-
ley (Fig. 1). The Andijan Region borders the Osh Region of 
the Kyrgyz Republic to the north, east, and south, and bor-
ders the Namangan Region to the northwest and the Fergana 
Region to the southwest.

The Andijan Region extends approximately 150  km 
from west to east and between 35 and 75  km from north 
to south. The western part of the region is characterized 
by a plain formed by the Karadarya terraces, consisting of 
rocky, sandy, and fine-sand areas. The Maylisuv, Akbura, 
and Karadarya rivers flow through the region, originating 
from the Turkestan–Alay Mountains in the south and the 
Chatkal–Kurama ranges in the north, along with several 
smaller streams.

Geologically, the Andijan Region is situated within the 
eastern sector of the Fergana Valley, which represents a 
major intermontane tectonic depression formed in associa-
tion with the Cenozoic evolution of the Tien Shan orogenic 
system (Brunet et al., 2017; Dobretsov et al., 1996). The 
valley is underlain by a Paleozoic crystalline basement 
overlain by thick Mesozoic–Cenozoic sedimentary succes-
sions, reflecting long-term subsidence and basin-infilling 
processes controlled by regional compressional tectonics 
and fault activity (Clarke, 1984; Nesmeyanov et al., 2021). 
Within the Andijan area, the surface and near-surface geol-
ogy is dominated by Neogene and Quaternary deposits, 
including silts, clays, sands, sandstones, gravels, and con-
glomerates, which are extensively distributed across the 
plains, river terraces, and low hills of the region (Clarke, 
1984; Nesmeyanov et al., 2021). Quaternary alluvial and 
loess deposits are particularly extensive and generally 
unconsolidated, making them highly sensitive to erosion, 
groundwater-level fluctuations, and geotechnical instabil-
ity under both natural and anthropogenic loading conditions 
(Nesmeyanov et al., 2021; Zhang et al., 2020).

The central part of the valley is bounded by hills dis-
sected by channels of ephemeral streams. These hills are 
typically composed of layers of sandstone, conglomerate, 
and gravel interspersed with sandstone aggregates and sand-
stone strata. In recent years, the slopes and previously unoc-
cupied areas of these hills have been increasingly converted 
to irrigated agricultural land. The absolute elevations of the 
hills range from approximately 600 m to about 950–1,000 m 
above mean sea level. The foothill zones are separated from 
the adjacent mountain ranges by intervening foothill depres-
sions, which constitute the most intensively developed and 
densely populated areas within the region.

Groundwater conditions are closely linked to natural fac-
tors, including air temperature, precipitation, and river dis-
charge. The Andijan Region has a continental arid climate 
characterized by hot summers and moderately cold winters. 
The climate of Central Asia, including the Fergana Val-
ley, is influenced by periodic intrusions of cold Arctic and 
warm tropical air masses, resulting in pronounced seasonal 
variability, particularly autumn–winter and spring. These 
processes contribute to winter snow accumulation in moun-
tainous areas, thereby sustaining river discharge.

Between 2001 and 2020, the average annual air tem-
peratures were consistently positive, ranging from 14.8 °C 
in 2001 to 15.2  °C in 2020. The highest temperatures 
occurred from June to September, with July 2019 reach-
ing 38.7 °C, whereas minimum temperatures were recorded 
from November to March, with February 2014 dropping to 
− 3.4 °C.

The Andijan Region receives relatively low and season-
ally irregular precipitation, with amounts increasing toward 

Fig. 1  Map of the study area
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the southeast and south. At the Andijan weather station, 
the average annual precipitation during 2001–2020 was 
232.0 mm, with most rainfall occurring from December to 
March. Consequently, the moisture deficit is lowest in win-
ter and highest in summer. Maximum annual precipitation 
was 292.1  mm in 2016, whereas minimum precipitation 
was 144.2 mm in 2013. The highest average monthly pre-
cipitation occurred in March (32.6 mm), whereas the lowest 
occurred in September (3.7 mm).

The research area has a well-developed hydrographic 
network. Major rivers include the Karadarya, Maylisuv, 
and Tentaksoy rivers. Numerous canals play a crucial role 
in regional irrigation, including the Great Fergana, Great 
Andijan, South Fergana, Savay, Baliqchi, Ulug’nor, Andi-
jansoy, and Shahrixonsoy canal systems. The Andijan Res-
ervoir on the Karadarya River regulates water distribution 
throughout the year. Canal discharge ranges from approxi-
mately 35  m³/s in the Ulug’nor Canal to 200  m³/s in the 
Great Fergana and Great Andijan Canals.

Water levels increase mainly during spring and summer, 
coinciding with irrigation activities, and decrease after the 
irrigation season ends. Water is primarily used for agri-
cultural irrigation. In addition, an extensive collector and 
drainage system operates in the region, with a total length 
of 3,258.89  km. These systems drain groundwater from 
irrigated and residential areas, thereby preventing flooding, 
reducing salinity, and improving land reclamation conditions.

3  Data

GPM is a scientifically derived spatial product that inte-
grates topographic, geological, hydrological, and environ-
mental datasets to delineate areas with varying likelihoods 
of groundwater occurrence. The development of a reliable 
GPM requires the systematic compilation and integration of 
multiple datasets representing both surface and subsurface 

hydrogeological conditions (Han & Han, 2022). From 
available datasets, factors exhibiting FR correlation ≥ 0.5 
were selected for groundwater potential modeling, includ-
ing geomorphological factors derived from 12.5 m ALOS 
PALSAR DEM and thematic layers (geology from Uzbeki-
stan Ministry of Geology, soil from FAO HWSD, land 
cover from Sentinel-2 Level-2 A 10 m). The study utilized 
61 surveyed production wells (label = 1) complemented by 
61 zero-value locations (value = 0) randomly selected from 
very low groundwater potential zones, ensuring a balanced 
1:1 ratio. The 122-point dataset was partitioned 70:30 as 
train and test points using constrained random sampling 
with inter-point distance to mitigate spatial autocorrelation. 
The 11 variables selected through FR analysis, including 
channel network base level, closed depressions, cross-sec-
tional curvature, DEM, downslope curvature, slope length 
and steepness factor (LS factor), topographic wetness index 
(TWI), valley depth, geology, soil and land cover, exhibited 
FR correlation ≥ 0.5 and were used as input factors (Table 1; 
Fig. 2). The following sections describe each factor and its 
relevance to groundwater occurrence.

The channel network base level represents the lowest ele-
vation of a drainage system, effectively defining the limiting 
level below which stream incision cannot occur. This base 
level controls the outlet conditions for groundwater flow; 
groundwater tables generally slope toward the channel base 
level, and groundwater is discharged as springs or baseflow 
upon reaching this elevation. A lower base level can induce 
groundwater drawdown by steepening hydraulic gradients 
and accelerating groundwater flow toward stream channels, 
whereas a higher or closed base level (e.g., an inland basin) 
may promote groundwater accumulation, resulting in a pro-
gressive rise in the water table until discharge occurs at the 
base-level elevation.

Closed depressions are enclosed topographic lows that 
lack a surface drainage outlet; consequently, water accu-
mulating within these features can escape only through 

Table 1  Groundwater potential-affecting variables used in the study
Variable type Variable name Data Source

Geomorphological Factor Channel Network Base Level ALOS PALSAR RTC DEM (ASF DAAC, 12.5 m)
Closed Depressions
Cross-Sectional Curvature
DEM
Downslope Curvature
Slope Length and Steepness Factor (LS factor)
Topographic Wetness Index (TWI)
Valley Depth

Geology Geology Ministry of Mining Industry and Geology of the 
Republic of Uzbekistan

Soil Soil FAO Harmonized World Soil Database
Land Cover Land Cover Sentinel-2 Level-2 A (Copernicus Hub, 10 m)
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evaporation or infiltration into the subsurface. These fea-
tures function as natural traps for surface runoff and fre-
quently serve as focused recharge zones; water that pools 
within closed depressions has increased residence time for 
infiltration, resulting in enhanced and spatially concentrated 
groundwater recharge. If the underlying soil or bedrock is 
sufficiently permeable, closed depressions (e.g., karst sink-
holes or playas) can efficiently channel surface water into 
underlying aquifers, thereby increasing localized ground-
water storage capacity.

Cross-sectional curvature refers to the curvature of the 
land surface measured perpendicular to the downslope 
direction and is conceptually equivalent to the curvature 
of contour lines. It indicates whether a hillside exhibits lat-
eral convexity or concavity when viewed across the slope. 
Cross-sectional (plan) curvature exerts control over the 
convergence or divergence of surface water flow across 
hill slopes. Concave cross-sectional curvature concentrates 
surface runoff into topographic hollows, thereby increas-
ing soil moisture availability and infiltration rates, which 

Fig. 2  Input factors for groundwater potential mapping in Andijan Region, Uzbekistan
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may enhance groundwater recharge potential. Conversely, 
convex cross-sectional curvature disperses water laterally, 
promoting rapid runoff and reduced localized infiltration, 
thereby diminishing recharge potential on convex slope 
areas.

A DEM is a gridded representation of ground-surface ele-
vations. It provides the fundamental topographic data from 
which key terrain attributes—such as slope, curvature, and 
hydrological flow paths—are systematically derived. Ter-
rain elevation strongly governs groundwater flow patterns; 
water in unconfined aquifers generally flows from higher to 
lower elevations under the influence of gravitational forces. 
Thus, DEM-based analyses can be used to estimate ground-
water flow directions and to identify recharge and discharge 
areas. Elevated areas in the DEM often correspond to 
recharge zones where water percolates downward, whereas 
low-lying areas commonly coincide with discharge zones 
where the water table intersects the land surface, thereby 
supporting springs, wetlands, or sustained stream baseflow 
(Lee & Kim, 2020, 2021).

Downslope curvature (also referred to as profile or longi-
tudinal curvature) is the curvature of the terrain measured in 
the direction of steepest slope. It describes whether a slope 
exhibits convexity or concavity when viewed from the side. 
Downslope curvature affects the acceleration and decelera-
tion of surface runoff, which in turn influences opportunities 
for water infiltration. Convex slope profiles shed water rap-
idly from upper slope segments, often resulting in reduced 
infiltration. In contrast, concave slope profiles promote 
water accumulation near the lower slope, thereby enhanc-
ing moisture retention and groundwater recharge near the 
footslope or valley floor. In essence, convex downslope 
curvature is associated with lower water retention, whereas 
concave curvature is associated with higher water retention 
and increased recharge potential at slope bases.

LS factor is a dimensionless index representing the com-
bined effect of slope length and slope steepness on ero-
sion and runoff generation. Although primarily an erosion 
metric, it is relevant to hydrological processes because it 
reflects slope-controlled surface-water dynamics. High LS 
values indicate rapid downslope flow and reduced infiltra-
tion capacity, whereas low LS values imply slower runoff 
and increased infiltration, thereby favoring groundwater 
recharge.

TWI is a steady-state index that integrates upslope con-
tributing area and local slope. TWI characterizes the ten-
dency of a given landscape position to accumulate water. 
High TWI values are typically associated with valley bot-
toms or concave areas where water accumulation and 
infiltration are enhanced, thereby increasing groundwa-
ter recharge potential. Low TWI values occur on steep 
or well-drained terrain, where rapid surface runoff limits 

groundwater recharge. Owing to its strong relationship with 
soil moisture distribution and subsurface flow processes, 
TWI is widely used as a conditioning factor in groundwater 
potential mapping.

Valley depth measures the vertical difference between 
valley floors and the surrounding terrain, reflecting the 
degree of valley incision. Deep valleys commonly act as 
groundwater discharge zones, where the water table inter-
sects the land surface and supplies streams or springs 
through baseflow. Shallow valleys typically exhibit more 
diffuse groundwater discharge patterns. Therefore, val-
ley depth mapping helps distinguish groundwater recharge 
areas from discharge-dominated zones.

Geology encompasses the rock and sediment types, their 
structural characteristics, and stratigraphic relationships 
beneath the surface. Key geological units in the Fergana 
Valley of Uzbekistan include: apQIIIgl (Upper Pleistocene 
gravelly alluvium: coarse piedmont gravels from Tien Shan 
erosion), apQIsh (Upper Pleistocene lithologic alluvium/
shale), apQIIgl (Lower Pleistocene sandy loam/glacial 
gravel), apQIIIgv (Upper Pleistocene gravelly volcanics), 
apQIVsd (Holocene sandy deposits: modern river allu-
vium), J (Jurassic sedimentary rocks), K (Cretaceous car-
bonate/sandstone), N2–Q1 (Neogene–Quaternary volcanic 
tuffs: Andijan Formation equivalent), and PR + PZ (Paleo-
zoic metamorphic granite basement). These units deter-
mine aquifer distribution, porosity, permeability, recharge 
potential, and subsurface flow paths in Fergana’s intermon-
tane basin. Unconsolidated Quaternary gravels and sands 
(apQIIIgl, apQIVsd) form high-transmissivity aquifers with 
excellent recharge from mountain rivers, while Paleozoic 
basement (PR + PZ) and volcanic tuffs (N2–Q1) act as low-
permeability confining layers or fractured bedrock aquifers.

Soil is the unconsolidated upper layer of the Earth’s 
surface composed of mineral particles and organic mat-
ter. Properties such as texture, structure, and permeability 
strongly control water movement and subsurface storage. 
Coarse-textured or well-structured soils allow rapid per-
colation and promote groundwater recharge, whereas fine-
textured or compacted soils impede infiltration and increase 
surface runoff. Soil depth and moisture-holding capacity 
further influence subsurface water storage and groundwater 
replenishment rates.

Land cover refers to the physical cover of the land sur-
face, including forests, grasslands, agricultural areas, urban 
surfaces, and water bodies. It influences vegetation density, 
soil exposure, and the degree of surface imperviousness. 
Land cover controls infiltration and groundwater recharge 
by regulating the partitioning of rainfall between subsur-
face infiltration and surface runoff. Vegetated and perme-
able land covers promote higher infiltration rates, whereas 
impermeable or sparsely vegetated surfaces increase runoff 
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and reduce groundwater recharge. Changes in land cover, 
therefore, directly affect groundwater systems, as conver-
sion to impervious surfaces diminishes soil infiltration 
capacity and groundwater replenishment rates.

4  Models

The FR method is a simple yet fundamental probabilistic 
model used to generate vulnerability or potential maps. The 
frequency ratio method quantifies the spatial relationship 
between event occurrences and their associated condition-
ing factors. Among the input data used to compile vulner-
ability or potential maps, nominal variables are grouped by 
category, whereas numerical variables are classified into 
an appropriate number of classes (e.g., five or ten); the 
frequency ratio for each input type or class represents the 
proportion of event occurrences. These frequency ratios are 
applied within a GIS framework to determine spatial corre-
lations between various input datasets—such as topography, 
geology, soils, forest cover, and land cover—and events 
such as landslides, floods, ground subsidence, groundwa-
ter resources, and mineral deposits during the generation 
of vulnerability or potential maps. The correlations derived 
using frequency ratios, therefore, serve as objective criteria 
for selecting relevant input variables.

The frequency ratio for an event is calculated by dividing 
the occurrence-area (or count) proportion PC (P ) of each 
category or class by the corresponding total-area proportion, 
PC (0) of that category or class. Thus, the frequency ratio 
coefficient ( FRC) for each factor type or class is mathe-
matically expressed as follows:

FRC = PC (P )
PC (0)

.� (1)

Frequency ratios are used to quantify and evaluate the 
strength of correlation between each factor type or class and 
an event. Higher frequency ratio values indicate a stronger 
association with the event, whereas lower values indicate 
a weaker association. By computing the frequency ratios 
for all input variables and summing them spatially (Eq. 2), 
a vulnerability or potential map for a specific event can 
be obtained. In the study, the specific event considered is 
groundwater potential.

EI = Σ FR,� (2)

where EI  denotes the event index, and Σ FR represents 
the frequency ratio associated with each conditioning factor. 
LSTM networks are a type of recurrent neural network archi-
tecture introduced by Hochreiter and Schmidhuber (1997) 

to overcome the vanishing gradient problem that hampers 
the training of conventional RNNs. The core innovation of 
LSTM lies in the inclusion of gating mechanisms that regu-
late the flow of information into and out of a memory cell, 
enabling the network to maintain long-term dependencies 
without the gradient signal decaying over time (Mienye et 
al., 2024).

An LSTM cell contains an internal cell state (memory) 
and three gates that modulate the cell state and the hidden 
output at each time step: an input gate, a forget gate, and an 
output gate. The input gate controls how much new infor-
mation is written to the cell state; the forget gate regulates 
the retention of the previous cell state; and the output gate 
controls the exposure of the cell state to the output (hidden 
state). Each gate’s value is produced by a sigmoid activation 
function (range, 0–1) applied to a linear combination of the 
current input and the previous hidden state. The cell state 
is subsequently updated at each time step. This gating-and-
addition structure creates an effective “constant error carou-
sel” that preserves long-term information: the self-recurrent 
connection of the cell, with a fixed weight of 1, enables gra-
dients to propagate over many time steps without vanishing. 
By learning when to retain and when to discard information, 
LSTMs mitigate vanishing gradients and capture long-range 
temporal patterns more effectively than traditional RNNs. 
Consequently, LSTMs are widely used in sequence-model-
ing applications such as natural language processing (e.g., 
language modeling and machine translation), speech recog-
nition, and time-series forecasting, where long-term context 
is crucial (Gers et al., 1999; Mienye et al., 2024).

In this study, the FR-LSTM hybrid model integrated FR-
derived factor weights as input features to a bidirectional 
LSTM network (TensorFlow/Keras) to explore potential 
nonlinear spatial dependency capture for groundwater 
potential mapping in the Andijan Region. Spatial raster pre-
dictors were restructured into 1D sequences using 11 × 11 
pixel moving windows (121 pixels × 11 variables = 1,331 
features per sequence), with row-wise flattening convert-
ing 2D spatial patterns into temporal-like sequences for 
LSTM processing. The architecture comprised a BiLSTM 
layer with 100 units (input shape = (1, 1331)), followed by 
a Dropout layer (rate = 0.5), a Dense layer with 10 units and 
ReLU activation, and a final Dense layer with one unit gen-
erating groundwater potential indices (0–1). The model was 
compiled using the Adam optimizer (learning rate = 0.0023) 
with mean squared error (MSE) loss, a batch size of 64, and 
a maximum of 200 epochs. Training included EarlyStop-
ping (patience = 20), ModelCheckpoint, and TensorBoard 
logging.

The model’s performance was evaluated using ROC 
analysis, an approach commonly applied in geohazard mod-
eling studies (Fawcett, 2006). The ROC analysis is based on 
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a curve representing sensitivity plotted along the ordinate 
axis versus specificity plotted along the abscissa. Sensitivity 
refers to the proportion of groundwater occurrence pixels 
correctly identified, whereas specificity refers to the propor-
tion of non-occurrence pixels correctly identified, as derived 
from the confusion matrix (Fawcett, 2006). The area under 
the ROC curve (AUC) is used to assess the model’s pre-
dictive performance by evaluating its ability to distinguish 
between the occurrence and non-occurrence of events. Spe-
cifically, an AUC value of 1 indicates perfect agreement 
between observed and modeled data, whereas a value of 0.5 
indicates no predictive skill, corresponding to a random fit 
(Choubin et al., 2019; Fawcett, 2006).

5  Results

The relationships between groundwater occurrence and 
individual conditioning factors were systematically evalu-
ated using the FR method. The resulting spatial patterns 
and FR distributions are illustrated in Fig. 3. The FR results 
for each conditioning factor are summarized below. For 
the channel network base level, FR values peak at class 
2 (approximately 1.98) and then decrease sharply to 0.08 
by class 5. This pattern indicates that groundwater poten-
tial is highest near the local base level and declines rapidly 
with increasing elevation; overall, higher class values cor-
respond to progressively lower groundwater potential. For 
closed depressions, FR values increase monotonically from 
0 at class 1 to 1.59 at class 5, suggesting that deeper or 
more developed depressions enhance runoff concentration 
and groundwater recharge, thereby increasing groundwater 
potential with increasing class level. For cross-sectional cur-
vature, concave slopes (class 1; FR ≈ 1.33) exhibit substan-
tially higher groundwater potential than convex slopes (class 
5; FR ≈ 0.70). The FR values decrease consistently as curva-
ture transitions from concave to convex forms. Regarding 
DEM (elevation), the lowest elevation class (class 1) shows 
the highest FR value (approximately 1.95), whereas FR val-
ues drop below 0.1 in the highest elevation class. This trend 
indicates a rapid decrease in groundwater potential with 
increasing terrain elevation. For downslope curvature, FR 
values decrease from 1.31 for concave profiles (class 1) to 
0.72 for convex profiles (class 5). Concave slope profiles 
favor groundwater recharge by concentrating subsurface 
flow, whereas convex profiles promote surface runoff and 
reduce infiltration. The LS factor (slope length-steepness) 
exhibits a clear increasing trend, with FR values rising from 
0.63 for gentle and short slopes to 2.13 for steep and long 
slopes. This pattern suggests that extended and steep slopes 

effectively channel surface runoff toward downslope areas, 
indirectly enhancing groundwater potential in footslope or 
valley zones. For the topographic wetness index, FR values 
increase from 0.68 in the lowest class to 1.31 in the highest 
class, indicating that wetter and flatter areas favor moisture 
accumulation and groundwater recharge, whereas steep and 
well-drained areas exhibit lower groundwater potential. For 
valley depth, FR values show a gradual increase from 0.96 
for shallow valleys to 1.23 for deeper valleys, followed by 
stabilization. This trend suggests that deeply incised valleys 
act as major groundwater discharge zones and are associ-
ated with relatively higher groundwater potential.

For Geology, FR values range between 0 and 1.20 with-
out a systematic trend across classes, indicating that the 
lithological influence on groundwater potential is unit-
specific rather than ordinal in nature. Certain geological 
units enhance groundwater potential, whereas others restrict 
groundwater occurrence and storage. For soil, FR values 
reach a maximum at class 2 (approximately 1.01) and then 
decrease progressively to zero by class 5. Permeable soils 
in the lower classes promote infiltration, whereas fine-tex-
tured or compacted soils in higher classes inhibit ground-
water recharge. For land cover, FR values vary irregularly 
between 0 and 1.68, indicating a weak correlation with class 
ranking. Vegetated or permeable land-cover types (gener-
ally presented by intermediate classes) slightly increase 
groundwater potential, whereas impervious or barren sur-
faces tend to reduce groundwater recharge potential.

Following FR and FR-LSTM hybrid model training, a 
groundwater potential index was assigned to each grid cell 
across the study area. Factor-specific class weights derived 
from the FR analysis were applied, and GPMs were sub-
sequently generated within an ArcGIS environment. For 
visualization purposes, the continuous index values were 
reclassified into five groundwater potential classes—very 
low, low, moderate, high, and very high—based on area-
based proportions of 40%, 20%, 20%, 10%, and 10%, 
respectively (Fig. 4). This classification follows established 
GPM protocols that ensure balanced representation for 
administrative decision-making, while maintaining ≥ 10% 
high/very high potential areas for practical groundwater 
management and preventing over-classification of marginal 
zones (Kim & Lee, 2023).

Model performance was evaluated using an independent 
test dataset in conjunction with ROC analysis. The ROC 
curves for both models are presented in Fig.  5. The FR 
model achieved an AUC value of 75.60%, whereas the FR-
LSTM hybrid model achieved a slightly higher AUC value 
of 77.54%, indicating improved predictive performance for 
the hybrid modeling approach.
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6  Conclusion and discussion

As described in Sect.   5, the FR-LSTM hybrid model 
achieved a marginally higher AUC (77.54%) than the stand-
alone FR model (75.60%), and the resulting groundwater 
potential map was classified into five zones ranging from 
very low to very high potential (Fig. 4). Although the per-
formance gain is modest, it confirms that incorporating non-
linear spatial dependency through the LSTM architecture 
provides an incremental but meaningful improvement over 
the purely probabilistic FR baseline.

GPMs provide a spatial ranking of terrain accord-
ing to expected groundwater yield, enabling drilling and 

development activities to be strategically prioritized in high-
potential zones. This targeted approach reduces exploratory 
drilling costs, improves well success rates, and supports the 
provision of reliable water supplies for agricultural, indus-
trial, and domestic uses. At the policy level, such maps are 
commonly incorporated into basic groundwater plans and 
comprehensive water resource management strategies, 
where they serve as spatial evidence for integrating surface 
water and groundwater management within an integrated 
water resources management framework. Their application 
helps to avoid redundant investments and indiscriminate 
groundwater abstraction practices.

In addition, GPMs support environmental impact assess-
ment and ecosystem protection by clearly illustrating 
hydraulic connections among aquifers, rivers, and associ-
ated wetland systems. This information facilitates the iden-
tification of recharge and discharge pathways and assists 
in the pre-selection of monitoring locations and pollution 
control measures. From a risk management perspective, the 
maps also contribute to disaster preparedness by identifying 
areas susceptible to groundwater drawdown, land subsid-
ence, drought stress, or contamination, thereby enabling the 
proactive development of alternative supply strategies.

Integrating topographic and environmental indices into 
groundwater potential assessment offers several meth-
odological and practical advantages. First, it reduces the 
likelihood of dry or low-yield wells by guiding explora-
tion activities toward the most promising locations. Sec-
ond, the GIS-based and quantitative nature of the approach 
provides objective and reproducible evidence to support 
holistic water resource management that considers interac-
tions among terrain, geology, soils, and ecosystems. Third, 

Fig. 5  ROC-AUC plots derived from the FR and FR-LSTM hybrid 
models

 

Fig. 4  Groundwater Potential maps developed using (a) the FR model and (b) the FR-LSTM Hybrid model
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the resulting maps highlight zones that may be particularly 
vulnerable to contamination or groundwater overextraction, 
thereby allowing planners and regulators to proactively 
identify and protect sensitive areas prior to major develop-
ment activities or infrastructure investments.

Despite these advantages, several methodological and 
practical limitations should be acknowledged. The modest 
performance improvement of the FR-LSTM model (77.54% 
versus 75.60% AUC) may reflect inherent characteristics of 
spatial models rather than a genuine predictive gain. We did 
not conduct adequate statistical tests, such as DeLong’s, to 
substantiate that the improvement was genuine rather than 
coincidental. LSTM is primarily intended for time series 
analysis rather than geographical mapping. The conversion 
of raster grids into sequences row-by-row was a necessary 
methodological compromise, which was likely suboptimal 
compared to convolutional neural networks that more effec-
tively handle spatial data. The LSTM architecture involves 
a substantially larger number of parameters, whereas tree-
based models such as Random Forest or XGBoost may 
yield comparable performance with considerably lower 
computational complexity.

GPMs inevitably simplify spatial heterogeneity, and reli-
ance on a single modeling framework or a limited set of 
conditioning factors may overlook important local complex-
ities, particularly in fractured, karstic, or fault-controlled 
hydrogeological settings. In addition, most GPMs represent 
static conditions and may fail to capture rapid temporal 
changes in groundwater levels, flow regimes, or water qual-
ity unless they are regularly updated. Long-term predictive 
uncertainty remains substantial, as climate change, land-use 
transitions, and emerging contaminants can alter recharge 
processes and aquifer dynamics in ways that are difficult to 
parameterize explicitly. Complex subsurface structures, leg-
acy wells, and diffuse pollution sources further contribute to 
predictive uncertainty and often require dense, high-quality 
datasets that are rarely available in practice.

Future developments should emphasize statistical vali-
dation (DeLong test, bootstrapping), spatial-native archi-
tectures (CNN, ConvLSTM), tree-based benchmarks 
(XGBoost, LightGBM), and hybrid ensembles that integrate 
FR’s interpretability with the efficacy of machine learning. 
Dynamic, data-intensive frameworks are likely to inte-
grate heterogeneous datasets, including satellite imagery, 
LiDAR-derived topography, soil and geological properties, 
climatic indices, and geochemical indicators, to generate 
higher-resolution probabilistic outputs with explicit and 
quantifiable uncertainty estimates. Time-series-based 
approaches will enable the development of dynamic GPMs 
that evolve in response to seasonal recharge, groundwater 
abstraction patterns, and land-use change. Three- and four-
dimensional visualization techniques will further enhance 

process understanding by representing aquifer properties, 
groundwater levels, and flow pathways through depth and 
time. In parallel, real-time data assimilation from IoT-based 
sensor networks—such as automated groundwater-level 
loggers, water-quality probes, and meteorological sta-
tions—when combined with cloud-based GIS platforms, 
will support near-real-time model updating and enhanced 
multi-agency collaboration. Hybrid ensemble frameworks 
that integrate water-balance models, numerical groundwater 
flow simulations, and data-driven approaches, underpinned 
by standardized data and metadata protocols, hold particular 
promise for improving the transferability, robustness, and 
long-term decision-making value of GPMs.
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