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Abstract 11 

The Isfahan-Borkhar plain, located within the Sanandaj-Sirjan structural zone and mainly 12 

composed of fine-grained sediments, has experienced significant land subsidence in recent years. This 13 

study evaluates land subsidence potential by integrating conventional weighting methods, fuzzy logic 14 

models, and artificial intelligence techniques. Seven conditioning factors were considered: aquifer 15 

media, land use, groundwater pumping rate, recharge, alluvium thickness, distance from faults, and 16 

groundwater table decline. An initial land subsidence potential (LSP) map was generated using the 17 

simple additive weighting framework (SAWF), followed by an AHP-based LSP map using previously 18 

reported analytic hierarchy process (AHP) weights.  To improve the assessment, three fuzzy logic 19 

models, including Sugeno fuzzy logic (SFL), Mamdani fuzzy logic (MFL), and Larsen fuzzy logic 20 

(LFL), as well as artificial neural network (ANN) and support vector machine (SVM) models, were 21 

applied. Interferometric synthetic aperture radar (D-InSAR) analysis of Sentinel-1 images acquired 22 

between April 2023 and April 2024 were integrated with the initial land subsidence potential index 23 

(LSPI) to generate the conditioned land subsidence potential index (CLSPI) as target/reference data; D-24 

InSAR-derived displacement values were used for validation.  Fuzzy logic and machine-learning models 25 

improved the agreement between generated maps and the observed subsidence pattern. SFL performed 26 

best among fuzzy models (R² = 0.82), whereas SVM achieved the highest overall agreement (R² = 0.93). 27 

High-potential zones were mainly identified in the southwestern part of the Borkhar plain, northern 28 

Isfahan, southeastern Shahin -Shahr, and the eastern part of Shahid Beheshti Airport. These findings can 29 

support groundwater-resource management and land-subsidence hazard mitigation in the region. 30 

Keywords:  Land subsidence, Isfahan-Borkhar plain, SAWF, AHP, FL, AI, D-InSAR 31 
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1. Introduction 33 

 Land subsidence refers to the gradual downward displacement of the Earth’s surface. It 34 

is mainly related to changes in the effective stress of subsurface materials and the consolidation 35 

of fine-grained sediments, especially aquitards, due to drainage, loading, or groundwater 36 

withdrawal. Other processes, such as dissolution of subsurface layers, including salts and 37 

carbonates, lateral flow, mechanical erosion, and tectonic activity, may also contribute to 38 

subsidence. In some areas, subsidence may be accompanied by minor horizontal ground 39 

displacement (Galloway & Burbey, 2011; Ma et al., 2018; Poland, 1984; Terzaghi, 1925; Baum 40 

et al., 2008; Adiyaman, 2012). Increasing groundwater extraction is widely regarded as one of 41 

the main causes of land subsidence. This problem has become more serious in arid and semi-42 

arid regions, where agricultural, industrial, and urban development has increased the demand 43 

for groundwater resources (Motagh et al., 2008). 44 

The effects of land subsidence can be both direct and indirect. They include degradation 45 

and salinization of aquifers, saline water intrusion, formation of ground fissures, and damage 46 

to infrastructure such as roads, railways, bridges, and sewage networks. Subsidence can also 47 

change channel gradients, disturb natural river flow, reduce aquifer storage capacity and flood-48 

control capability, and damage agricultural and urban areas (Amini et al., 2024; Li et al., 2006; 49 

Arabameri, 2020). 50 

Land subsidence is a widespread geohazard and has been reported in many parts of the 51 

world, including China, Mexico, Indonesia, Australia, Italy, Spain, Greece, the United States, 52 

Iran, Afghanistan, and several European countries (Kakar et al., 2025; Cigna et al., 2025; 53 

Tzampoglou et al., 2023; Liu et al., 2017; Hu et al., 2004; Baum et al., 2008; Bagheri-Gavkosh 54 

et al., 2021; Dinar et al., 2018). In Iran, because of arid to semi-arid climatic conditions and 55 

intensive groundwater withdrawal, land subsidence has become a major environmental and 56 

geotechnical concern (Jahangir et al., 2021). Previous studies have reported land subsidence in 57 

several regions of the country, including Isfahan (Sorkhabi et al., 2022; Azizi et al., 2026; 58 

Shahhosseini et al., 2025), Arak (Rajabi & Ghorbani, 2016; Jahangir et al., 2021), Tehran 59 

(Manafiazar et al., 2024; Rajabi et al., 2026; Manafiazar et al., 2025; Taravatrooy et al., 2018; 60 

Dehghani et al., 2013a; Dehghani et al., 2013b), Semnan (Mohammady, 2024; Arabameri et 61 

al., 2020), Qom (Rajabi et al., 2024; Jafari et al., 2015; Rajabi, 2018), Khorasan Razavi 62 

(Kariminejad et al., 2024; Rahmati et al., 2019), and Yazd (Amighpey & Arabi, 2016; 63 

Amighpey et al., 2010). 64 
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Identifying the factors that control land subsidence is important for developing 65 

management and mitigation strategies suited to local conditions (Azarm et al., 2023; Galloway 66 

& Burbey, 2011). Different methods have been used to monitor and measure subsidence at 67 

local and regional scales (Galloway et al., 1999). Among them, interferometric synthetic 68 

aperture radar (InSAR) has become one of the most effective and widely used techniques. 69 

InSAR allows subsidence to be mapped over large areas with high spatial and temporal 70 

resolution and provides a cost-effective alternative to conventional surveying methods such as 71 

global positioning system (GPS) measurements and precise leveling (Crosetto et al., 2002; 72 

Fruneau & Sarti, 2000; Galloway et al., 1998; Hung et al., 2012; Luo et al., 2013). Among 73 

InSAR methods, differential interferometric synthetic aperture radar (D-InSAR) has been 74 

widely used in geological and geodetic studies because of its capability to detect and quantify 75 

large-scale surface displacement (Tomás et al., 2014). 76 

The simple additive weighting framework (SAWF) and the analytic hierarchy process 77 

(AHP) are commonly used multi-criteria decision-making methods for land subsidence 78 

potential (LSP) assessment and for estimating the relative importance of conditioning factors. 79 

These methods determine factor weights using decision matrices and pairwise comparisons, 80 

respectively (Hwang & Yoon, 2012; Saaty, 1980; Roszkowska, 2013; Muslihudin & Gumanti, 81 

2017; Muslihudin et al., 2017; Hidayat et al., 2017; Nadiri et al., 2018; Manafiazar et al., 2025). 82 

Because they can combine quantitative and qualitative information, SAWF and AHP have been 83 

applied in environmental assessment, resource management, urban planning, and engineering 84 

studies (Saaty, 1980; Kakavand et al., 2025; Haghiri et al., 2024). Several studies in Iran and 85 

elsewhere have shown the usefulness of SAWF and AHP for land subsidence potential and 86 

hazard assessment (Deros et al., 2022; Arabameri et al., 2021; Moghaddam et al., 2020; 87 

Manafiazar et al., 2019; Nadiri et al., 2018). 88 

Fuzzy logic (FL) was introduced by Lotfi A. Zadeh in 1965 through the theory of fuzzy 89 

sets (Zadeh, 1965). Fuzzy models are used to describe the relationship between input and 90 

output variables when uncertainty and gradual transitions exist in the data. Each fuzzy set is 91 

defined by a membership function selected according to the characteristics of the input data 92 

(Ross, 2010). Fuzzy systems generally include fuzzification, rule-based inference, and 93 

defuzzification. Sugeno fuzzy logic (SFL), Mamdani fuzzy logic (MFL), and Larsen fuzzy 94 

logic (LFL) are among the most widely used fuzzy inference models. Their main differences 95 

are related to the structure of output membership functions and the operators used during 96 

inference (Sugeno, 1985; Mamdani, 1976; Larsen, 1980). Because fuzzy models can represent 97 
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uncertainty and nonlinear relationships among controlling factors, they have been widely 98 

applied in geoscience, environmental modeling, groundwater studies, and land subsidence 99 

potential assessment (Ghorbanzadeh, 2018; Park et al., 2012; Gholami, 2022). 100 

In recent years, the use of artificial intelligence-based machine-learning algorithms for 101 

spatial analysis and for identifying relationships between geological factors and land 102 

subsidence has increased. Among these methods, artificial neural network (ANN) and support 103 

vector machine (SVM) models have been widely used (Banerjee et al., 2011). These models 104 

can capture complex patterns and nonlinear relationships in datasets and have shown good 105 

performance in areas with spatially variable conditions (Oh & Lee, 2010; Lee et al., 2012; 106 

Blachowski, 2016; Lee & Park, 2013). Although SVM was first developed for classification, 107 

it has also been extended to regression problems (Roy & Chakraborty, 2023). ANN models 108 

have also been useful for modeling geological phenomena, especially where datasets are 109 

limited or incomplete (Daliakopoulos et al., 2005). 110 

Isfahan is located in the central Iranian Plateau within the Sanandaj-Sirjan structural zone 111 

(Aghanabati, 2004). The Zayandeh-Rud River has played an important role in the development 112 

of Quaternary deposits in the region (Mohammadi et al., 2020). The area has a mainly arid 113 

climate, although local topography affects spatial variations in temperature and precipitation 114 

(Geological Survey of Iran, 2014). Geotechnical studies show that fine-grained and clayey 115 

sediments form the dominant deposits of the Isfahan plain (Amini et al., 2024). These 116 

geological and hydroclimatic conditions, together with intensive groundwater extraction, have 117 

made the region highly prone to land subsidence. 118 

The Isfahan-Borkhar plain was selected for this study because it includes several important 119 

urban, industrial, and engineering facilities, such as Shahid Beheshti Airport, power plants, 120 

industrial zones, residential areas, and major transportation corridors. The presence of this 121 

infrastructure increases the need for reliable land subsidence potential (LSP) assessment to 122 

support land subsidence management and mitigation. Therefore, this study aims to evaluate 123 

and improve LSP mapping in the Isfahan-Borkhar plain using an integrated framework that 124 

combines D-InSAR-derived displacement data, conventional weighting methods, fuzzy logic 125 

models, and machine-learning techniques. Seven conditioning factors, including aquifer media, 126 

land use, groundwater pumping rate, recharge, alluvium thickness, distance from faults, and 127 

groundwater-level decline, were used to generate the initial land subsidence potential index 128 

(LSPI). The LSPI was then integrated with D-InSAR-derived displacement values to produce 129 

the conditioned land subsidence potential index (CLSPI) as target/reference data for model 130 
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development, while the original D-InSAR-derived displacement values were used for 131 

validation. The main contribution of this study is the sequential integration of conventional 132 

weighting, fuzzy inference, and machine-learning models within a unified LSP mapping 133 

framework. 134 

2. Materials and Methods 135 

In this study, land subsidence potential (LSP) mapping was performed using the SAWF 136 

method, and the modeling procedure was organized within a three-level hierarchical 137 

framework. First, the conditioning-factor layers were integrated in a GIS environment based 138 

on the SAWF weighting scheme to generate the initial LSP map. At Level 1, previously derived 139 

AHP weights were applied to the same conditioning factors, and an AHP-based LSP map was 140 

produced. At Level 2, three independent fuzzy inference systems, namely SFL, MFL, and LFL, 141 

were applied to refine the initial LSP results. In this stage, the seven conditioning factors used 142 

in the SAWF model, together with the initial SAWF-derived index and the AHP-based LSP 143 

output, were used as model inputs. The target/reference data were generated by conditioning 144 

the initial SAWF-derived index using D-InSAR-derived LS displacement values. At Level 3, 145 

the initial SAWF-derived index, the AHP-based LSP output, and the outputs generated by the 146 

SFL, MFL, and LFL models were used as input variables in the artificial intelligence-based 147 

modeling (AIMM) framework. In this stage, ANN and SVM were trained using the conditioned 148 

target/reference data to generate the ANN- and SVM-based LSP maps. Finally, all generated 149 

LSP maps were compared with the D-InSAR-derived LS displacement values to evaluate the 150 

performance of the applied methods. The overall workflow of the proposed methodology is 151 

presented in Fig. 1. 152 

The performance of the developed LSP models was evaluated by comparing the generated 153 

LSP maps with D-InSAR-derived LS displacement values using three statistical indicators: the 154 

pearson correlation coefficient (r) (Eq. 1), the coefficient of determination (R²) (Eq. 2), and the 155 

root mean square error (RMSE) (Eq. 3). Since LSP is a dimensionless index, whereas LS 156 

displacement represents ground displacement, all variables used for model development and 157 

validation were normalized before analysis. Accordingly, RMSE was calculated using 158 

normalized values rather than the original displacement units. The r and R² values were used 159 

to assess the agreement between the model-derived LSP values and the reference LS 160 

displacement values, whereas RMSE quantified the average deviation between them. Higher r 161 

and R² values and lower RMSE values indicate better model performance. 162 
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𝑟 = ∑(௬೔−௬̅)(௬̂೔−௬̅̂)√∑(௬೔−௬̅)2×∑(௬̂೔−௬̅̂)2              (1) 163 

ܴ2 = 1 − ∑(௬೔−௬̂೔)2∑(௬೔−௬̅)2                     (2) 164 

ܧܵܯܴ = √∑(௬೔−௬̂೔)2௡                   (3) 165 

where yᵢ represents the normalized reference LS displacement value derived from D-InSAR 166 

analysis, ŷᵢ denotes the corresponding normalized model-derived LSP value, ȳ is the mean of 167 

the reference LS displacement values, ŷ̄ is the mean of the model-derived LSP values, and n 168 

denotes the total number of observations. 169 

 170 

Fig. 1. Flowchart of the research methodology, including the SAWF framework and AI-based 171 

modeling methods (ANN and SVM). 172 



7 

 

2.1.SAWF 173 

Simple additive weighting framework (SAWF) approach used in this study is based on the 174 

integration of multiple subsidence-related factors to evaluate LSP within the aquifer-plain 175 

system. Seven thematic layers were considered as independent conditioning factors, including 176 

aquifer media (A), land use (L), groundwater pumping rate (P), recharge (R), alluvium 177 

thickness (I), distance from faults (F), and groundwater table decline (T). These factors 178 

constitute the ALPRIFT framework proposed by Nadiri et al. (2018), which forms the basis of 179 

the SAWF methodology. 180 

Although the relative contribution of these factors may vary among different regions, they 181 

can generally be grouped into three categories. Aquifer media (A) represents the environmental 182 

conditions influencing subsidence occurrence; land use (L) and groundwater pumping rate (P) 183 

correspond to anthropogenic drivers; and recharge (R), alluvium thickness (I), distance from 184 

faults (F), and groundwater table decline (T) represent intrinsic indicators associated with LSP. 185 

The characteristics of each factor and their corresponding weights are provided in Table 1, 186 

while the assigned rating values are presented in Table 2. 187 

According to the workflow shown in Fig. 1, the generation of the initial LSP map using the 188 

SAWF approach consisted of two main stages. First, each thematic layer was converted into a 189 

raster dataset in ArcGIS, and pixel values were assigned according to the rating system 190 

presented in Table 2. Second, the raster layers were weighted and integrated using the Raster 191 

Calculator tool based on Eq. 4, resulting in the SAWF-based LSP map. 192 LSPI = ௪ܣ௥ܣ + ௪ܮ௥ܮ + ௥ܲ ௪ܲ + ܴ௥ܴ௪ + ௪ܫ௥ܫ + ௪ܨ௥ܨ + ௥ܶ ௪ܶ                    (4) 193 

where A, L, P, R, I, F, and T denote the thematic layers of the SAWF model. The subscripts r 194 

and w represent the assigned rating and weighting values, respectively. In the initial SAWF 195 

implementation, the weighting and rating values followed the adopted ALPRIFT-based 196 

classification structure summarized in Tables 1 and 2. Based on the adopted weighting and 197 

rating structure, the theoretical land subsidence potential index (LSPI) ranges from 24 to 240, 198 

with higher values indicating greater LSP. 199 

After the initial SAWF-based LSP map was generated, the LSPI was calculated for each 200 

cell. Since the initial LSPI was derived only from the conditioning factors and their assigned 201 

weights, D-InSAR-derived LS displacement values were used to condition this index. 202 

Accordingly, the Conditioned Land Subsidence Potential Index (CLSPI) was calculated as: 203 
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௜ܫܲܵܮܥ = (௅ௌ௉ூ೘ೌೣ௅ௌ೘ೌೣ ) × ܮ ௜ܵ         (5) 204 

where CLSPIᵢ is the conditioned index for cell i, LSPImax is the maximum LSPI value obtained 205 

in the study area, LSmax is the maximum D-InSAR-derived LS displacement value, and LSᵢ is 206 

the D-InSAR-derived LS displacement value for cell i. In this study, and LSmax and LSPImax 207 

were 0.0852137 m and 155, respectively. The resulting CLSPI was used as the target/reference 208 

data for the fuzzy logic and machine-learning models, while the original D-InSAR-derived 209 

displacement values were used for validation. 210 

In the subsequent analytic hierarchy process (AHP) stage, the weights derived from the 211 

pairwise comparisons reported by Helataei et al. (2025) were applied to the same conditioning 212 

factors, and an AHP-based LSP map was produced. 213 

Table 1. Description of the SAWF thematic layers and their assigned weights. 214 

Data layers Description Weight 

A: Aquifer media The influence of aquifer media on LSP is classified according to soil 

texture. Clay and silt deposits have the greatest influence due to their 

compressibility and plastic behavior. Gravel-to-silt materials generally 

exhibit more elastic behavior and commonly act as groundwater-bearing 

units, whereas coarser deposits have a limited influence on land 

subsidence. 

5 

L: Land use Land use reflects anthropogenic activities that modify subsurface 

conditions and influence land subsidence, including groundwater 

withdrawal, surface loading, and agricultural or urban development. 

4 

P: Groundwater pumping rate Groundwater extraction for agricultural, domestic, and industrial 

purposes lowers groundwater levels and increases effective stress, 

potentially leading to land subsidence. 

4 

R: Recharge Recharge entering the aquifer through precipitation and surface-water 

infiltration tends to mitigate land subsidence. 

3 

I: Alluvium thickness Alluvium thickness reflects the intrinsic potential of subsurface materials 

for land subsidence; therefore, thicker alluvial deposits generally 

correspond to higher subsidence potential. 

2 

F: Distance from faults Faults can influence land subsidence by affecting ground deformation 

patterns and subsurface hydrogeological conditions. 

1 

T: Groundwater table decline Groundwater table decline reduces pore-water pressure and increases 

effective stress, thereby promoting land subsidence. 

5 

 215 
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Table 2. Classification ranges and corresponding ratings of the SAWF data layers (Nadiri et al. 2018). 216 

Aquifer media (A) Land use (L) 
Groundwater 

pumping rate (P) 
Recharge (R) 

Alluvium 

thickness (I) 

Distance from 

faults (F) 

Groundwater 

table decline (T) 

Range Rate Range Rate 
Range 

(cm/year) 
Rate 

Range 

(cm/year) 
Rate 

Range 

(m) 
Rate 

Range 

(km) 
Rate 

Range 

(m/year) 
Rate 

Clay 9-10 
Mining/ resources 

extraction 
9-10 <0.0001 1 0 < r < 4 10 

0 < r < 

25 
1 

0 < r < 

1 
10 

0 < r < 

0.2 
1 

Silt 8-9 Irrigated farming 7-9 
0.0001 < r 

< 0.005 
2 4 < r < 9 9 

25 < r 

< 55 
2 

1 < r < 

2 
8 

0.2 < r < 

0.5 
2 

Karstic 

sediments 
6-8 Dam construction 6-7 

0.005 < r < 

0.01 
3 9 < r < 14 7 

55 < r 

< 90 
3 

2 < r < 

3 
6 

0.5 < r < 

0.9 
3 

Sand 3-5 
Built-up 

(residential) 
4-6 

0.01 < r < 

0.5 
4 14 < r < 19 5 

90 < r 

< 130 
4 

0 < r < 

4 
4 

0.9 < r < 

1.4 
4 

Gravel 2-3 Transportation 3-4 0.5 < r < 1 5 19 < r < 24 3 
130 < r 

< 175 
5 

4 < r < 

5 
2 

1.4 < r < 

2 
5 

Rock type 1-2 
Dry farming/ 

grassland 
2-3 1 < r < 5 6 < 24 1 

175 < r 

< 225 
6 > 5 1 

2 < r < 

2.7 
6 

Oxidized 

organic soils 
8-10 Barren land 1 5 < r < 20 7   

225 < r 

< 280 
7   

2.7 < r < 

3.5 
7 

    20 < r < 40 8   
280 < r 

< 340 
8   

3.5 < r < 

4.4 
8 

    40 < r < 65 9   
340 < r 

< 405 
9   

4.4 < r < 

5.4 
9 

    > 65 10   > 405 10   > 5.4 10 

Note 1: if each data layer scores a rate of 1, the minimum SAWF LSP value is 24 (=1 × 5 + 4 × 1 + 4 × 1 + 3 × 1 + 2 × 1 + 1 × 1 + 5 × 1). 

Note 2: if each data layer scores a rate of 10, the maximum SAWF LSP value is 240 (=5 × 10 + 4 × 10 + 4 × 10 + 3 × 10 + 2 × 10 + 1 × 10 + 5 × 10). 

2.2. D-InSAR 217 

In this study, two Sentinel-1A images acquired on April 11, 2023 and April 5, 2024 were 218 

utilized. The Sentinel-1A datasets were obtained in Single Look Complex (SLC) format from 219 

the Alaska Satellite Facility Distributed Active Archive Center (ASF DAAC) archive (ASF, 220 

2024). The datasets correspond to path 28 and frame 102 and were acquired along a descending 221 

orbit. D-InSAR processing was performed using SARscape and ENVI software (SARscape, 222 

2018). Initially, the SLC images and their corresponding precise orbit files were imported into 223 

SARscape. The image pair was then processed to generate a differential interferogram 224 

containing surface displacement information in phase form. During interferogram generation, 225 

phase components associated with orbital inaccuracies and topographic effects were removed 226 

using precise orbit files and the Shuttle Radar Topography Mission (SRTM) digital elevation 227 

model (DEM) with a spatial resolution of 30 m × 30 m. 228 

Subsequently, adaptive interferogram filtering and coherence analysis were applied to 229 

reduce noise and improve interferogram quality. Phase unwrapping was performed in 230 
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SARscape using the Minimum Cost Flow (MCF) algorithm to convert the wrapped 231 

interferometric phase into a continuous phase field. During this step, an unwrapping coherence 232 

threshold of 0.2 was applied; therefore, pixels with coherence values lower than 0.2 were 233 

excluded from the unwrapping and displacement extraction process because of their high noise 234 

level and low phase reliability. Finally, geocoding was performed to transform radar 235 

coordinates into geographic coordinates, enabling the extraction of spatial displacement 236 

information. Since D-InSAR initially measures displacement along the satellite line of sight 237 

(LOS), the LOS displacement values were converted into vertical land subsidence (LS) 238 

displacement values. These values were then used to condition the initial land subsidence 239 

potential index (LSPI) for generating the conditioned land subsidence potential index (CLSPI) 240 

and to validate the performance of the developed LSP models. A summary of the D-InSAR 241 

processing workflow is presented in Fig. 2. 242 

 243 

Fig. 2. Workflow of D-InSAR image processing . 244 

2.3. Three fuzzy logic-based models 245 

Three fuzzy logic (FL)-based models were developed in this study to refine the SAWF-246 

derived LSP results rather than relying solely on the predefined weighting and rating structure 247 

of the SAWF method. These models are based on fuzzy set theory and are designed to establish 248 

relationships between input and output variables under uncertainty. Each fuzzy set is 249 

characterized by a membership function (MF), which may take different forms, including S-250 

shaped, Gaussian, triangular, sigmoid, trapezoidal, generalized bell-shaped (gbellmf), and Z-251 

shaped functions. The selection of an appropriate MF is generally performed through a trial-252 

and-error procedure. Fuzzy sets allow partial membership, with membership grades ranging 253 
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from 0 to 1. In this study, Gaussian membership functions were used in the SFL model, whereas 254 

generalized bell-shaped membership functions were adopted in the MFL and LFL models. 255 

Unlike conventional FL models that rely mainly on predefined rule-based structures, data-256 

driven fuzzy modeling can use clustering techniques to identify data structures and derive fuzzy 257 

rules (Asadi et al., 2014). Numerous clustering algorithms have been proposed for identifying 258 

clusters and determining their optimal number. Among them, subtractive clustering (SC) (Li et 259 

al., 2018) and fuzzy C-means (FCM) (Bezdek, 1981) are widely recognized as effective 260 

approaches. In this study, the seven normalized conditioning factors and the normalized LSPI 261 

were used as input variables, while the normalized CLSPI was used as the target/reference data 262 

for calibrating the SFL, MFL, and LFL models. 263 

The SFL model employs either constant or linear consequent functions, corresponding to 264 

zero-order and first-order Sugeno structures, respectively (Sugeno, 1985), and uses subtractive 265 

clustering (SC) to extract fuzzy if–then rules (Fijani et al., 2013; Moazamnia et al., 2020). In 266 

SC-based approaches, the number of clusters corresponds to the number of fuzzy rules and is 267 

controlled by the clustering radius, which ranges from 0 to 1. The MFL model uses fuzzy output 268 

membership functions (MFs) and the “MIN” operator for fuzzy implication (Mamdani, 1976), 269 

with fuzzy rules generated using the fuzzy C-means (FCM) clustering algorithm (Lee, 2005). 270 

The LFL model follows a structure similar to that of MFL but employs the “PRODUCT” 271 

operator for implication operations (Larsen, 1980). 272 

2.4.ANN 273 

Artificial neural networks (ANNs) are parallel distributed information-processing systems 274 

inspired by the structure and functioning of biological neural networks (Hopfield, 1982). An 275 

ANN consists of interconnected processing units, or neurons, linked through weighted 276 

connections that control information transfer within the network. Its architecture generally 277 

includes an input layer, one or more hidden layers, and an output layer. The input layer receives 278 

the input variables, the hidden layer(s) perform nonlinear transformations of the data, and the 279 

output layer generates the model-derived output. The number of hidden-layer neurons is 280 

typically determined through a trial-and-error procedure. Owing to their capability to model 281 

complex nonlinear relationships, ANNs have been widely applied in pattern recognition, 282 

modeling, optimization, and system control problems. In multilayer ANNs, processing nodes 283 

are organized in successive layers and interconnected through weighted links, analogous to 284 

synapses in biological neural systems (Coppola et al., 2003). 285 
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In this study, the ANN model was developed using the outputs of the fuzzy models as input 286 

variables, while the normalized Conditioned Land Subsidence Potential Index (CLSPI) was 287 

used as the target variable. The mathematical formulation of the three-layer ANN used in this 288 

study is expressed as follows: 289 

௝ܱ = 1݂( ௝ܾ +∑ ௝௜௜ݓ ݕ̂ ௜)                    (6) 290ݔ = 2݂(ܾ௞ + ∑ ௞௝ݓ ௝ܱ௜ )                    (7) 291 

where xᵢ denotes the ith normalized input variable, Oⱼ represents the jth hidden-layer output, 292 

and ŷ denotes the normalized ANN-derived LSP output. The functions f1 and f2 correspond to 293 

the activation functions of the hidden and output layers, respectively. The parameters wⱼᵢ and 294 

wₖⱼ are the connection weights between successive layers, whereas bⱼ and bₖ represent the 295 

associated bias terms. In ANN applications, the hidden-layer transfer function is commonly 296 

nonlinear, while the output-layer transfer function is generally linear. In this study, the TANSIG 297 

and PURELIN functions were selected as the hidden- and output-layer transfer functions, 298 

respectively. During network training, the Levenberg-Marquardt supervised learning algorithm 299 

was employed to estimate the connection weights and bias terms. The trained ANN output was 300 

subsequently used to generate the ANN-based LSP map. 301 

2.5.SVM 302 

Support Vector Machine (SVM) was introduced by Cortes and Vapnik (1995). It is a 303 

supervised machine-learning technique derived from statistical learning theory and has been 304 

widely applied to both classification and regression problems. In classification, SVM aims to 305 

identify an optimal separating hyperplane that maximizes the margin between classes, whereas 306 

in regression problems, it seeks to construct an optimal function with high generalization 307 

capability (Lee et al., 2012). Several SVM variants have been developed, including Least-308 

Squares Support Vector Machine (LS-SVM), Linear Programming Support Vector Machine, 309 

Support Vector Regression (SVR), and Nu-Support Vector Machine (ν-SVM) (Raghavendra et 310 

al., 2015). In this study, the LS-SVM approach, introduced by Suykens (2001), was adopted 311 

because of its computational efficiency and suitability for regression-based modeling. 312 

Consider a training dataset {݅ݔ, ௜=1ே{݅ݕ , where xi ∈ Rm represents the normalized input 313 

variables, including the outputs generated by SFL, MFL, and LFL, and yi ∈ R denotes the 314 

normalized Conditioned Land Subsidence Potential Index (CLSPI) used as the target variable. 315 

The LS-SVM regression function is defined as: 316 
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(௫)ݕ = ்ݓ . (ݔ)߮ + ܾ       (8) 317 

where ߮  is a nonlinear mapping function that projects the input data into a high-dimensional 318  (ݔ)

feature space, w denotes the weight vector, and b is the bias term. For function approximation, 319 

the LS-SVM optimization problem can be formulated as follows (Suykens, 2001): 320 Minimize: ܴ(ݓ, ݁) = ݓ்ݓ12 + ఊ2∑ ݁௜2ே௜=1 ௜ݕ :݋ݐ ݐ݆ܾܿ݁ݑݏ 321                       = (௜ݔ)்߮ݓ + ܾ + ݁௜                (9) 322 

where eᵢ represents the regression error and ߛ is the regularization parameter controlling the 323 

trade-off between model complexity and fitting accuracy. The LS-SVM regression model can 324 

subsequently be expressed as: 325 (ݔ)ݕ = ∑ ௜ே௜=1ߙ ௜ݔ)ܭ , (ݔ + ܾ              (10) 326 

where αᵢ and b are obtained from the solution of the corresponding linear system, and K(xᵢ,x) 327 

denotes the kernel function. In this study, the radial basis function (RBF) kernel was employed: 328 

,௜ݔ)ܭ (௝ݔ = ݌ݔ݁ (−‖௫೔−௫ೕ‖2ఙ2 )          (11) 329 

where σ is the kernel parameter. The performance of the LS-SVM model strongly depends on 330 

the appropriate selection of the kernel parameter σ and the regularization parameter 331 .ߛ 

Therefore, both parameters were determined through a trial-and-error procedure. The trained 332 

LS-SVM output was subsequently used to generate the SVM-based LSP map. 333 

3. Study Area 334 

The study area is the Isfahan-Borkhar plain, covering approximately 1244 km² in Isfahan 335 

Province. Geographically, it is located between 51°28′E and 51°57′E longitude and between 336 

32°36′N and 32°51′N latitude. The plain is situated near the center of Iran, within the central 337 

part of the Sanandaj-Sirjan structural zone and the middle sector of the Gavkhuni drainage 338 

basin. Its sedimentary sequence is mainly composed of clay, silt, and alluvial deposits derived 339 

from the surrounding highlands (Aghanabati, 2004; Malmir & Delbari, 2015; Goorabi et al., 340 

2020). These materials were transported and deposited in alluvial plains, river terraces, and 341 

other geomorphic units under the combined influence of climatic fluctuations and tectonic 342 

processes (Goorabi et al., 2020). Extensive alluvial plains are mainly distributed across the 343 

eastern, northern, and northeastern parts of the study area (Geological Survey and Mineral 344 

Explorations of Iran, 2014). 345 
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The dominant geological units in the study area belong to the Quaternary succession and 346 

include the Qft2 and Qcf units (Fig. 3). The youngest alluvial deposits (Qcf) are mainly clay-347 

rich and occur adjacent to the older Qft2 unit, which consists mostly of alluvial fan deposits 348 

and fluvial terrace sediments. The locations of geological borehole logs and four geological 349 

cross-sections (A-A′, B-B′, C-C′, and D-D′) are shown in Fig. 4. 350 

The climate of the area is controlled by the combined influence of the Dasht-e Kavir to the 351 

east and southeast and the surrounding mountainous regions to the west. Based on regional 352 

climatic classifications, three major climate types are recognized in the broader area: cold semi-353 

humid, desert, and semi-desert conditions. Nevertheless, the study area is generally 354 

characterized by an arid climate (Geological Survey and Mineral Explorations of Iran, 2014). 355 

The Zayandeh-Rud River, the largest river in the Central Iranian Plateau, is the principal 356 

drainage system of the region and passes through the city of Isfahan. However, upstream water 357 

withdrawal, dam construction, and prolonged drought conditions have substantially reduced 358 

river discharge, causing some reaches to become seasonal or completely dry (Geological 359 

Survey and Mineral Explorations of Iran, 2014; Goorabi et al., 2020). Reduced river flow has 360 

decreased aquifer recharge, while intensive groundwater abstraction has further accelerated 361 

groundwater-level decline (Zhou et al., 2013). These conditions have reduced pore-water 362 

pressure and increased effective stress within compressible sediments, thereby intensifying 363 

land subsidence across the plain (Goorabi et al., 2020). A section of the Zayandeh-Rud River 364 

flows through the Borkhar Basin, highlighting its hydrological significance within the study 365 

area (Malmir & Delbari, 2015). 366 
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 367 

Fig. 3. Geological map of the Isfahan -Borkhar plain, central Iran . 368 

 369 
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 370 

 371 

 372 

 373 

Fig. 4. Location of geological borehole logs and four geological cross-sections (A -A′, B -B′, C -C′, and 374 

D -D′). 375 
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4. Preparation of the Dataset 376 

The study area was discretized into 150 × 150 m grid cells, resulting in approximately 377 

55,289 raster cells. Fig. 5 shows the spatial distribution of groundwater abstraction wells and 378 

piezometers, together with the digital elevation model (DEM) and major faults in the Isfahan -379 

Borkhar plain. To prepare the spatial database, data from 32 piezometric wells were used to 380 

derive the groundwater-level decline layer, 6,246 groundwater abstraction wells were used to 381 

construct the groundwater pumping-rate layer, and 23 geological logs were used to characterize 382 

the aquifer media and alluvium thickness. In addition, the land-use layer was derived from a 383 

land-use map, the distance-to-fault layer was generated from the fault map, and the recharge 384 

layer was prepared using rainfall data, surface-soil permeability, and DEM-derived slope 385 

information. 386 

 387 

Fig. 5. Spatial distribution of pumping wells and piezometers, together with the DEM and major fault 388 

systems, in the Isfahan-Borkhar plain. 389 

4.1. Layers of input data 390 

- Aquifer media (A): The aquifer media layer represents the lithological characteristics of 391 

subsurface materials. The preparation procedure consisted of four steps: (1) subsurface 392 

lithology, including the thicknesses of clay, silt, sand, gravel, and rock units, was 393 

determined from 23 geological logs distributed across the study area; (2) a rating value was 394 

assigned to each lithological unit according to Table 2; (3) weighted average ratings were 395 

calculated using Eq. 12; and (4) the resulting values were spatially interpolated across the 396 

study area using the Kriging method in GIS. The rating values assigned to the A layer range 397 
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from 1 to 10. Fig. 6a illustrates the ranked aquifer media classes and their corresponding 398 

percentages.   399 ݂݁݅ݑݍܣ𝑟 ݉݁݀݅ܽ =  ∑ ௟௔௬௘௥ ௧ℎ௜௖௞௡௘௦௦ ×௥௔௧௘1೙ ்௢௧௔௟ ௧ℎ௜௖௞௡௘௦௦                  (12) 400 

- Land use (L):  The land-use layer was prepared in two steps: (1) agricultural lands, 401 

residential areas, and barren lands were identified using Google Earth imagery; and (2) a 402 

raster land-use layer was generated, and rating values were assigned to each class according 403 

to Table 2. Fig. 6b presents the ranked land-use classes and their corresponding percentages. 404 

- Groundwater pumping rate (P): Groundwater abstraction data from pumping wells for the 405 

2023-2024 period were obtained from the Isfahan Regional Water Authority (IRWA, 2024) 406 

and used to construct the P layer. The preparation procedure included: (1) subdivision of 407 

the study area into 31 Thiessen polygons based on the spatial distribution of the 408 

piezometers; (2) calculation of the total or average groundwater abstraction rate for 409 

pumping wells located within each polygon; (3) assignment of rating values according to 410 

the classification ranges presented in Table 2; and (4) spatial interpolation of the resulting 411 

polygon-based values using the Kriging method. Fig. 6c shows the ranked classes of the P 412 

layer and their associated percentages. 413 

- Recharge (R): The recharge layer was prepared using the method proposed by Piscopo 414 

(2001) (Table 3), which integrates three thematic layers: (1) rainfall data recorded at the 415 

Isfahan-Borkhar plain meteorological station between April 2023 and April 2024, 416 

indicating a total annual precipitation of 98.11 mm; (2) slope values derived from the DEM, 417 

ranging from 0 to 288% across the study area; and (3) soil permeability data obtained from 418 

the Isfahan Regional Water Authority (IRWA, 2024), classified from low to very high 419 

permeability. The recharge map was generated by integrating these three layers according 420 

to the Piscopo (2001) rating scheme. Fig. 6d presents the final recharge layer. 421 

Table 3. Recharge classification ranges and corresponding ratings based on the Piscopo method 422 

(Piscopo, 2001). 423 

Slope (%) Rainfall (mm) Permeability Recharge 

Range Rate Range Rate Range Rate Range Rate 

< 2 4 > 850 4 High 5 11-13 10 

2-10 3 700-850 3 
Medium-

high 
4 9-11 8 

10-33 2 500-700 2 Medium 3 7-9 5 

> 33 1 < 500 1 Low 2 5-7 3 

    Very low 1 3-5 1 
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- Alluvium thickness (I): The alluvium thickness layer was derived from drilling-log data 424 

obtained from the Isfahan Regional Water Authority (IRWA, 2024). Based on these 425 

records, alluvium thickness across the Isfahan-Borkhar plain ranges from 3 to 249 m. Fig. 426 

6e shows the spatial distribution of alluvium thickness within the study area. 427 

- Distance from faults (F): The fault-distance layer was generated by identifying the active 428 

faults surrounding the study area and calculating the distance of each grid cell from the 429 

mapped fault network using the Euclidean distance method in GIS. The resulting distances 430 

were subsequently classified and assigned rating values according to the ranges presented 431 

in Table 2. As no active faults occur within the study area and all calculated distances fall 432 

within the >5 km class, a rating value of 1 was assigned to the entire layer. Fig. 6f presents 433 

the ranked fault-distance classes and their corresponding percentages. 434 

- Groundwater table decline (T): The groundwater table decline layer was prepared using 435 

water-level measurements from 31 piezometric wells collected between April 2023 and 436 

April 2024. The recorded groundwater-level changes were spatially interpolated across the 437 

study area using the Kriging method. The resulting surface was subsequently classified 438 

according to the rating values provided in Table 2. The final groundwater table decline map 439 

is presented in Fig. 6g. 440 

 441 
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 445 

 446 

 447 

Fig. 6. Raster-based SAWF thematic layers: (a) aquifer media, (b) land use, (c) groundwater pumping 448 

rate, (d) recharge, (e) alluvium thickness, (f) distance from faults, (g) groundwater table decline (April 449 

2023-April 2024), and the locations of cities within the study area. 450 
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5. Results 451 

5.1. SAWF LSP 452 

To estimate the LSP of the study area, the thematic layers generated using the SAWF 453 

method (Section 4.1) were integrated in ArcGIS using the Raster Calculator tool based on the 454 

weights assigned to each factor (Table 1) and Eq. (1). According to Table 2, the theoretical 455 

range of LSPI values varies from 24 to 240. The resulting SAWF-based LSP map (Fig. 7a) 456 

showed LSPI values ranging from 27 to 155.  457 

The performance of the SAWF model in assessing land subsidence potential was evaluated 458 

using the r and the R² by comparing the LSP map (Fig. 7a) with the land subsidence 459 

measurements derived from D-InSAR analysis (Fig. 7b). Although the two datasets show areas 460 

of agreement as well as local discrepancies, ...such differences are expected because the SAWF 461 

approach is primarily intended to identify relative spatial patterns of land subsidence potential 462 

rather than reproduce the magnitude of observed subsidence. The resulting r and R² values were 463 

0.72 and 0.52, respectively (Fig. 7c), indicating a moderate agreement between the SAWF-464 

derived LSP map and the observed subsidence pattern.  465 

 466 
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 467 

 468 

Fig. 7. LSP mapping for hotspot identification: (a) LSP map derived from the SAWF model; (b) land 469 

subsidence (LS) map derived from D-InSAR data (April 2023-April 2024); and (c) R² values between 470 

the SAWF-LSP and D-InSAR LS results. 471 

5.2. Level 1: AHP-based Optimization  472 

To examine the effect of an expert-based weighting scheme on land subsidence potential 473 

mapping, the Analytic Hierarchy Process (AHP) weights reported by Halataei et al. (2025) 474 

were adopted. In their study, a pairwise comparison matrix was constructed, and the required 475 

information was collected through the collective judgment of experts to minimize individual 476 

bias. A questionnaire was distributed among specialists to evaluate the relative importance of 477 

each parameter based on their knowledge and professional experience. 478 

To assess expert qualifications, Halataei et al. (2025) employed the expert rating framework 479 

proposed by Renjith et al. (2010), which considers criteria such as education, work experience, 480 

age, and organizational position. After aggregating the expert judgments, the final weights of 481 
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the conditioning factors were obtained and are presented in Table 4. These weights were applied 482 

to the corresponding thematic layers to generate the AHP-based LSP map. The resulting AHP-483 

based LSPI values ranged from 29.5 to 164.9. Fig. 8a illustrates the spatial distribution of LSP 484 

across the Isfahan-Borkhar plain derived from the AHP approach. 485 

Table 4. Final weights assigned to the SAWF thematic layers using the elite score and the AHP method. 486 

Layers 
Aquifer 

media 

Land  

use 

Groundwater 

pumping rate 
Recharge 

Alluvium 

thickness 

Distance 

from 

faults 

Groundwater 

table decline 

Weight 1.73 1.73 1.66 1.08 0.96 0.95 1.82 

AHP final weight 4.7 4.7 4.5 3 2.6 2 5 

The performance of the AHP-LSP model was evaluated using the r and the R² by comparing 487 

the AHP-LSP map with the subsidence measurements derived from D-InSAR analysis. The 488 

resulting r and R² values were 0.79 and 0.62, respectively, indicating a relatively strong 489 

agreement between the modeled  land subsidence potential pattern and the observed land 490 

subsidence. 491 

 492 
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 493 

Fig. 8. LSP mapping for hotspot identification: (a) LSP map derived from the AHP-LSP model; (b) R² 494 

values of the AHP-LSP results. 495 

5.3. Level 2: Fuzzy logic-based Optimization 496 

The input and target datasets used for implementing the SFL, MFL, and LFL models were 497 

divided into training and testing subsets, with 80% of the data randomly allocated to training 498 

and the remaining 20% reserved for testing. 499 

The SFL model was developed to refine the initial LSP results and approximate the 500 

conditioned land subsidence potential index (CLSPI). The model inputs included the seven 501 

conditioning factors used in the SAWF model, the initial SAWF-derived index, and the AHP-502 

based LSP output, while CLSPI was used as the target/reference data. The subtractive 503 

clustering (SC) algorithm was employed, with the clustering radius varying between 0 and 1. 504 

The optimal performance was achieved at a radius of 0.7, corresponding to the lowest RMSE 505 

and the highest correlation coefficient. Under this configuration, nine fuzzy if–then rules were 506 

generated and subsequently used for LSP mapping. Each fuzzy rule i can be expressed as: 507 

Rule ݅: ݂ܫ
( 
   
   
஺௜ܨܯ ݋ݐ ݏ݃݊݋݈ܾ݁ ܣ  ௉௜ܨܯ ݋ݐ ݏ݃݊݋݈ܾ݁ ܲ݀݊ܽ ௅௜ܨܯ ݋ݐ ݏ݃݊݋݈ܾ݁ ܮ݀݊ܽ  ோ௜ܨܯ ݋ݐ ݏ݃݊݋݈ܾ݁ ܴ݀݊ܽ  ி௜ܨܯ ݋ݐ ݏ݃݊݋݈ܾ݁ ܨ݀݊ܽ ூ௜ܨܯ ݋ݐ ݏ݃݊݋݈ܾ݁ ܫ݀݊ܽ  ܨܯ ݋ݐ ݏ݃݊݋݈ܾ݁ ܶ݀݊ܽ  ௜் ௅ௌ௉ூ௜ܨܯ ݋ݐ ݏ݃݊݋݈ܾ݁ ܫܲܵܮ݀݊ܽ  ஺ு௉௜ܨܯ ݋ݐ ݏ݃݊݋݈ܾ݁ ܲܪܣ݀݊ܽ  ) 

   
   
 

                             (13) 508 

Then: ܵܮ ௜ܲௌி௅ ܣ݅݉ = + ܮ݅݊ + ܲ݅݋ + ܴ݅݌ + ܫ݅ݍ + 𝑟݅ܨ + ܶ݅ݏ + ܫܲܵܮ݅ݐ + ܲܪܣ݅ݑ +  509 (14)       ݅ݒ



26 

 

where ܨܯ஺௜ and ܨܯ௅௜ denote the membership functions of the ith cluster for inputs A and L, 510 

respectively, while the remaining terms represent the corresponding membership functions of 511 

the other input variables, including P, R, I, F, T, LSPI and AHP. The “and” operator combines 512 

the membership functions within each rule. ܵܮ ௜ܲௌி௅ denotes the output of rule i, formulated as 513 

a linear function of the corresponding cluster, whereas ݉݅, ݊݅, ݅ݍ ,݅݌ ,݅݋, 𝑟݅, ݅ݐ ,݅ݏ, ui and v݅ are 514 

constant coefficients. The final SFL-LSP value is obtained as the weighted average of all rule 515 

outputs: 516 

ௌி௅ܲܵܮ = ∑௪೔.௅ௌ௉೔ೄಷಽ∑ ௪೔೔                 (15) 517 

where ݅ݓ represents the firing strength of rule i. Table 5 summarizes the performance of the 518 

SFL model in terms of 𝑟, ܴ2, and RMSE. During training, the corresponding values were 0.95, 519 

0.91, and 0.0629, respectively, whereas during testing they were 0.93, 0.87, and 0.0792. The 520 

resulting SFL-LSP map is presented in Fig. 9a. 521 

The MFL and LFL models were also implemented to refine the initial LSP results and 522 

approximate the CLSPI values. The same input and target/reference datasets used for the SFL 523 

model were employed for the MFL and LFL models. The fuzzy C-means (FCM) clustering 524 

technique was used to derive the clusters and generate the fuzzy rules. Through a trial-and-525 

error procedure, the optimal number of rules was determined to be nine, corresponding to the 526 

number of extracted clusters. Each fuzzy rule i for the MFL and LFL models is expressed as: 527 

Rule ݅: ݂ܫ
( 
   
   
஺௜ܨܯ ݋ݐ ݏ݃݊݋݈ܾ݁ ܣ  ௉௜ܨܯ ݋ݐ ݏ݃݊݋݈ܾ݁ ܲ݀݊ܽ ௅௜ܨܯ ݋ݐ ݏ݃݊݋݈ܾ݁ ܮ݀݊ܽ  ோ௜ܨܯ ݋ݐ ݏ݃݊݋݈ܾ݁ ܴ݀݊ܽ  ி௜ܨܯ ݋ݐ ݏ݃݊݋݈ܾ݁ ܨ݀݊ܽ ூ௜ܨܯ ݋ݐ ݏ݃݊݋݈ܾ݁ ܫ݀݊ܽ  ܨܯ ݋ݐ ݏ݃݊݋݈ܾ݁ ܶ݀݊ܽ  ௜் ௅ௌ௉ூ௜ܨܯ ݋ݐ ݏ݃݊݋݈ܾ݁ ܫܲܵܮ݀݊ܽ  ஺ு௉௜ܨܯ ݋ݐ ݏ݃݊݋݈ܾ݁ ܲܪܣ݀݊ܽ  ) 

   
   
 

                            (15) 528 

Then: ̂ܫܲܵܮܥ ௝ ܾ݈݁ܨܯ ݋ݐ ݏ݃݊݋஼௅ௌ௉ூ௜̂                               (16) 529 

where ̂ܫܲܵܮܥ ௝ represents the model-derived output and ܨܯ஼௅ௌ௉ூ௜̂  denotes the output 530 

membership function associated with rule i. Table 5 reports the performance of the MFL and 531 

LFL models using 𝑟, ܴ2, and RMSE. For the MFL model, the training values were 0.95, 0.90, 532 

and 0.0661, respectively, while the testing values were 0.91, 0.83, and 0.0702. For the LFL 533 

model, the corresponding training values were 0.93, 0.87, and 0.0769, whereas the testing 534 
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values were 0.88, 0.78, and 0.0997. The MFL-LSP and LFL-LSP maps are shown in Figs. 9b 535 

and 9c, respectively. 536 

Table 5. Performance results of the three FL models during the training and testing phases. 537 

FL models 

Criteria 

r R2 RMSE 

Training Testing Training Testing Training Testing 

SFL 0.95 0.93 0.91 0.87 0.0629 0.0792 

MFL 0.95 0.91 0.90 0.83 0.0661 0.0702 

LFL 0.93 0.88 0.87 0.78 0.0769 0.0997 

 538 

 539 
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 540 

Fig. 9. LSP mapping for hotspot identification: (a) LSP map derived from the SFL-LSP model; (b) 541 

LSP map derived from the MFL-LSP model; and (c) LSP map derived from the LFL-LSP model. 542 

5.4. Level 3: Artificial intelligence-based Optimization 543 

ANN and SVM were employed to implement the AIMM for LSP  assessment. In this stage, 544 

LSPI, the outputs of the AHP method and fuzzy logic models were used as input variables for 545 

the AI-based models. The normalized CLSPI values served as the target/reference outputs. 546 

For the ANN model, a multilayer perceptron (MLP) architecture coupled with the 547 

Levenberg-Marquardt (LM) training algorithm was implemented. The network consisted of an 548 

input layer with five neurons, corresponding to the normalized LSPI, the AHP-based LSP 549 

output, and the outputs of the SFL, MFL, and LFL models, a hidden layer containing nine 550 

neurons, and a single-neuron output layer (Fig. 10). The hidden layer employed the tangent 551 

sigmoid (TANSIG) transfer function, whereas the output layer used the linear PURELIN 552 

transfer function. After a maximum of 1000 training epochs, the ANN model achieved r, R², 553 

and RMSE values of 0.96, 0.93, and 0.0570, respectively, for the training dataset, and 0.94, 554 

0.89, and 0.0732, respectively, for the testing dataset (Table 6). The resulting ANN-based LSP 555 

map of the Isfahan-Borkhar plain is presented in Fig. 11a. 556 

The SVM model was developed using the normalized LSPI, the AHP-based LSP output, 557 

and the outputs of the SFL, MFL, and LFL models as input variables, whereas the normalized 558 

CLSPI values were used as the target/reference outputs. Model optimization was performed 559 

using a radial basis function (RBF) kernel. The resulting SVM-based LSP model yielded r, R², 560 

and RMSE values of 0.98, 0.96, and 0.0395, respectively, for the training dataset, and 0.97, 561 

0.95, and 0.0504, respectively, for the testing dataset (Table 6). Fig. 11b presents the SVM-562 
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based LSP map of the Isfahan-Borkhar plain. The higher correlation coefficients and lower 563 

RMSE values obtained for the SVM model indicate a stronger agreement between the model-564 

derived LSP values and the CLSPI target/reference values compared with the ANN model. 565 

 566 

Fig. 10. Generalized ANN architecture for the LSP-ANN model. 567 

Table 6. Results of the AIMM models (ANN and SVM) during the training and testing phases. 568 

AIMM 

models 

Criteria 

r R2 RMSE 

Training Testing Training Testing Training Testing 

ANN 0.96 0.94 0.93 0.89 0.0570 0.0732 

SVM 0.98 0.97 0.96 0.95 0.0395 0.0504 

 569 
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 570 

Fig. 11. LSP mapping for hotspot identification: (a) LSP map derived from the ANN-LSP model; and 571 

(b) LSP map derived from the SVM-LSP model. 572 

5.5. Comparison of model performance 573 

To validate the LSP maps generated by the Level 2 fuzzy logic models (SFL, MFL, and 574 

LFL) and the Level 3 AIMM models (ANN and SVM), the results were compared with ground 575 

deformation measurements derived from D-InSAR analysis. Fig. 12 presents the LS 576 

distribution between April 2023 and April 2024. 577 

The validation results indicate that the AI-based models provide a closer agreement with 578 

the observed subsidence pattern than the conventional SAWF and AHP approaches. Fig. 13 579 

illustrates the relationship between the model-derived LSPI values and the D-InSAR-derived 580 

LS measurements. As shown, the r increased from 0.72 for the SAWF model to 0.91, 0.89, and 581 

0.86 for the SFL, MFL, and LFL models, respectively. Furthermore, r reached 0.92 and 0.96 582 

for the ANN and SVM models, respectively. 583 

Overall, the results demonstrate a progressive improvement in model performance from 584 

Level 1 to Level 3, indicating that the incorporation of fuzzy logic and machine-learning 585 

techniques enhances the capability of the models to reproduce the spatial pattern of observed 586 

land subsidence derived from D-InSAR analysis. 587 
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 588 

Fig. 12. D-InSAR-based land subsidence (LS) analysis from April 2023 to April 2024 and the spatial 589 

characteristics of LS in the study area. 590 

 591 
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 592 

Fig. 13. Correlation between the LSP maps derived from (a) SFL, (b) MFL, (c) LFL, (d) ANN, and (e) 593 

SVM models and the land subsidence (LS) data obtained from D-InSAR. 594 

6. Discussion 595 

Land subsidence in the Isfahan-Borkhar plain is controlled by the combined effects of 596 

hydrogeological, geological, climatic, and anthropogenic factors. The region’s arid climate, the 597 

influence of the Zayandeh-Rud River system, the dominance of fine-grained Quaternary 598 

deposits, and intensive groundwater abstraction have collectively created favorable conditions 599 

for land subsidence. At the same time, the presence of extensive urban and industrial 600 

development, important engineering infrastructure, valuable historical and cultural heritage 601 

sites, and several densely populated urban and peri-urban areas increases the need for reliable 602 

LSP mapping to identify zones more prone to ground deformation and to support subsidence-603 

related management and mitigation strategies. 604 

The comparison of the applied models shows that, although all approaches produced 605 

broadly comparable spatial patterns in delineating low-, moderate-, and high-potential zones, 606 

their agreement with D-InSAR-derived LS displacement values varied considerably. The 607 

conventional SAWF model provided a first-order representation of LSP distribution; however, 608 

its performance was limited because it relies on predefined factor weights and linear 609 

combination of conditioning factors. The AHP-based model improved the results to some 610 

extent by incorporating an expert-based weighting structure, but it was still unable to fully 611 

represent the nonlinear and spatially heterogeneous nature of land subsidence processes. 612 

The incorporation of fuzzy logic models substantially improved model performance 613 

compared with the conventional weighting approaches. Among the fuzzy models, SFL 614 

achieved the best performance, with an R² value of 0.87. This improvement can be attributed 615 

to the ability of fuzzy inference systems to represent uncertainty, gradual transitions between 616 

potential classes, and nonlinear interactions among conditioning factors. These characteristics 617 
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are particularly important in land subsidence studies, where hydrogeological, geological, and 618 

anthropogenic factors often interact in complex and spatially variable ways. 619 

Among the artificial intelligence models, SVM showed the strongest agreement with the 620 

D-InSAR-derived LS displacement pattern, achieving the highest R² value of 0.93 and 621 

outperforming the ANN model. The superior performance of SVM is likely related to its ability 622 

to capture complex nonlinear relationships while maintaining strong generalization capability, 623 

particularly when dealing with spatially heterogeneous datasets. This finding indicates that 624 

machine-learning approaches, especially SVM, can improve the representation of localized 625 

deformation patterns that may not be adequately captured by conventional index-based 626 

methods. 627 

As shown in Fig. 13, the progressive integration of information through the AIMM 628 

framework resulted in increasingly consistent LSP estimates from Level 1 to Level 3. This 629 

improvement suggests that data-driven learning approaches can provide more representative 630 

model structures than predefined or expert-assigned weights alone. Overall, the results support 631 

the main concept of the proposed AIMM framework and demonstrate its potential for 632 

improving the practical applicability of conventional LSP assessment methods. From an 633 

applied perspective, the integration of D-InSAR observations with fuzzy logic and machine-634 

learning techniques may also support the future operational use of LSP mapping frameworks 635 

for subsidence monitoring and mitigation planning. 636 

7. Conclusion 637 

This study evaluated and improved land subsidence potential (LSP) mapping in the Isfahan-638 

Borkhar plain using a multi-level modeling framework that integrates SAWF, AHP, fuzzy logic 639 

models, and machine-learning techniques with Sentinel-1 D-InSAR-derived surface 640 

deformation observations. The results showed that the conventional SAWF model provides an 641 

initial approximation of LSP distribution, but its ability to delineate localized deformation-642 

prone zones is limited. The incorporation of AHP improved the model performance moderately, 643 

while fuzzy logic and machine-learning approaches substantially increased the agreement 644 

between model-derived LSP maps and D-InSAR-derived LS displacement values. 645 

Among the fuzzy logic models, SFL produced the best performance, indicating the 646 

effectiveness of fuzzy inference in representing uncertainty and nonlinear interactions among 647 

conditioning factors. Among all tested models, SVM achieved the highest agreement with the 648 

D-InSAR-derived deformation pattern, confirming its superior performance for LSP mapping 649 
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in the study area. High-potential zones were mainly concentrated in Gaz-e Borkhar, 650 

Dowlatabad, Baharan, Habibabad, Gavart, the eastern sector of Shahid Beheshti Airport, 651 

Khorzuq, and the northern districts of Isfahan, particularly municipal districts 8 and 10. These 652 

areas should therefore be considered priority zones for subsidence monitoring and mitigation 653 

planning. 654 

Despite the improved performance of the proposed framework, uncertainties associated 655 

with groundwater data quality, temporal inconsistencies in auxiliary datasets, and inherent 656 

limitations of remote sensing observations remain. Therefore, the produced LSP maps should 657 

be interpreted as relative indicators of land subsidence potential rather than absolute predictions 658 

of future subsidence. For practical applications, the results should be complemented by field-659 

based geotechnical investigations and continuous monitoring to support engineering decision-660 

making, infrastructure protection, and cultural heritage preservation within the Isfahan 661 

metropolitan area. 662 
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