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Abstract
Land subsidence (LS) is among the most prominent forms of subsurface erosion and geomorphological hazards. This study 
used two deep learning (DL) models consisting of the hybrid CNN-RNN and ensemble DL (EDL) merged with two dense 
models. The main variables controlling LS (consisting of environmental, hydrological, hydrogeological, digital elevation 
model, and soil characteristics), were used as the input for the predictive DL models. Likewise, to establish the degree of 
performance of each parameter, different control points have been established. We then trained and tested our DL models 
using the receiver-operating characteristic-area under curve (ROC-AUC) and precision-recall plots. The measures based on 
the game theory consisting of permutation feature importance measure (PFIM) and SHapley Additive exPlanations (SHAP) 
were employed to assess the features relative importance and interpretability of the predictive model output. Our findings 
show that the ensemble CNN-RNN model performed well with the ROC-AUC curve (0.95) of class 1 (land subsidence) for 
training data for detecting and mapping land subsidence compared to EDL with the ROC curve (0.93) of class 1 (land subsid-
ence) for training datasets. The CNN-RNN also performed well with the precision-recall curve (0.954) of class 1 for testing 
data for detecting and mapping land subsidence compared to the EDL model with the precision-recall curve (0.95) of class 
1. The results of this research revealed that much of the study area is susceptible to land subsidence. The results of the model 
sensitivity analysis suggested that the groundwater drop rate is the most sensitive for the model. Based on the SHAP values, 
the groundwater drop rate was identified as the most contributed feature to the model output. The importance of this study 
is at a broader level, especially in arid and semiarid environments with similar geomorphological, and climatic conditions.

Keywords  Land subsidence · Hybrid and ensemble deep learning · Feature selection

Introduction

Currently, among the 43 known geological hazards in 
the world, 32 of them have occurred in Iran, and it can 
be said that among them, five geological hazards such as 

earthquakes, floods, landslides, droughts, and land subsid-
ence seriously threaten the country of Iran (Soltani et al. 
2015). In general, Iran includes six large watersheds and 
609 plains. About 267 out of 609 plains are deficient in 
water. Due to the importance of water in people’s lives and 
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agriculture, most of these areas may not have any remain-
ing water shortly (Doosti Sabzi et al. 2023). Land subsid-
ence may have occurred due to over-harvesting and drying 
of underground aquifers (Najafi et al. 2020). The importance 
of this study is at a broader level, especially in arid and 
semiarid environments with similar geological, geomor-
phological, and climatic conditions. Land subsidence is a 
global problem and morphological phenomenon (García-
Soriano et al. 2020). This phenomenon occurs under the 
influence of human activities and natural factors and may 
be a threat to human life (Liu et al. 2023). Although exces-
sive extraction of groundwater is the most common cause 
of land subsidence, this phenomenon can also be caused by 
other natural or human events such as mining and dissolu-
tion of minerals, groundwater extraction (Teatini et al. 2006; 
Minderhoud et al. 2017). According to the definition of the 
United States Geological Survey, the phenomenon of land 
subsidence includes the collapse or downward settlement of 
the earth’s surface, which has a small horizontal displace-
ment vector. Besides, this is another definition of land sub-
sidence that may suit better. It stated that land subsidence is 
defined as the downward, vertical movement of the Earth’s 
surface, which can be brought on by both natural and human 
forces. Land subsidence differs from slope movement in that 
it requires little to no horizontal movement (Marker 2013).

In general, different methods are used all over the world 
to evaluate and zone the susceptibility of land subsidence 
(Galloway and Burbey 2011. From a general point of view, 
they can be separated into ground-based and remote-sensed 
geodetic surveys and techniques (Galloway and Burbey 
2011). In the first ones, precise differential leveling (Karila 
et al. 2013), extensometry (Burbey 2020), and GPS (Baldi 
et al. 2009; Tangdamrongsub et al. 2019) employed for land 
subsidence detection and mapping. These approaches, for 
instance, extensometry have an advantage over satellite-
based data for detecting and mapping land subsidence in 
which extensometer data provide continuous measurements 
at very high precision over a known depth interval (Bur-
bey 2020). However, the use of ground-based methods to 
detect land subsidence is expensive, time-consuming, and 
labor-intensive, particularly, over a large area (Karanam 
et  al. 2021). In this regard, employing remote sensing-
based approaches can be more effective (Zhu et al. 2022). 
Terrestrial LIDAR and interferometry (Chen et al. 2016; 
Amighpey and Arabi 2016; Yang et al. 2022; Pu et al. 2022; 
Luqmanul Hakim et al. 2023; Bokhari et al. 2023; Xu et al. 
2023) are remotely sensed techniques, which have applied 
for land subsidence detection and mapping. Previous stud-
ies have applied machine learning approaches as well as 
InSAR data (Arabameri et al. 2020; Azarakhsh et al. 2022; 
Luqmanul Hakim et al. 2023; Bokhari et al. 2023; Xu et al. 
2023) for detecting and mapping land subsidence. More 
recently, the successful application of DL models as a new 

generation of data mining methods has been reported for the 
spatial modeling of different environmental and natural haz-
ards (e.g., soil salinity, wind erosion, landslide, etc.) (Rezaei 
et al. 2023; Gholami et al. 2023a; Gholami and Mohamadi-
far 2022) especially LS (Mohamadifar et al. 2023). Machine 
learning algorithms are one of the best methods of prior-
itizing and determining the importance of factors affecting 
the target performance (i.e., land subsidence) (Kariminejad 
et al. 2022). The main advantage of machine learning algo-
rithms over traditional statistics-based methods, especially 
in the field of earth sciences and ecology, is their possi-
bility to model high-dimensional and non-linear datasets, 
including complex interactions and missing values. Count-
less researchers have used GIS-based machine-learning 
algorithms in various fields of geosciences and hydrology, 
including groundwater mapping. According to the literature, 
however, rare studies have applied deep learning data-driven 
approaches for detecting and mapping land subsidence.

The agricultural sector is the main consumer of water 
resources in Iran. Various reports have been presented 
regarding groundwater reservoirs in large parts of cen-
tral, eastern, and southern Iran are considered as the only 
source of water supply for agricultural, drinking, and indus-
trial purposes (Ghordoyee Milan et al. 2023). Since 1986, 
the phenomenon of tunnel formation of agricultural water 
wells has been observed in Iran, especially in the plains of 
Kerman, Sirjan, Rafsanjan, and Zarand. The first report of 
land subsidence in Rafsanjan Plain was presented in 1967 
along with the phenomenon of tunnel formation in agricul-
tural wells (Hosseini Milani, 1373). Recently, the occur-
rence of land subsidence has been reported in more than 
150 important cities of the world and many places such as 
Mexico, Australia, Colombia, China, America, Thailand, 
India, Japan, Iran, Italy, Holland, Venezuela, Egypt, Saudi 
Arabia, England, France, Palestine, Poland, and Sweden 
subsidence has occurred (Lashkaripour et al. 2014; García-
Soriano et al. 2020). As a result of land subsidence in the 
Abarkoh (Abarqo) plain, transitional pits with a diameter 
between 3 and 9 m have been created (Hashmi, 1381). In 
the central plain of Hamedan, Faminin and the northern part 
of Qahavand, a subsidence depression of 2 m in depth and 
33 m in diameter has been reported. Also, between 1371 and 
1383 another 34 residences were created in this province 
(Lashkaripour et al. 2009).

In summary, it is emphasized on the importance of these 
results in arid/semiarid contexts for future assessments. Eco-
systems in arid/semiarid areas around the globe appeared 
to be under different processes of land degradation. These 
regions should be considered susceptible to land degrada-
tion. Such areas constitute some 40% of the global terrestrial 
region (UNEP). They include Asia, southwestern central 
Asia, northern Africa, Pakistan, northwestern India, and 
much of Australia. These regions are home to an estimated 
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one-sixth of the world’s population (Hillel and Hatfield 
2005). These are the reasons why the assessment of land 
subsidence-related issues in Iran, the Middle East, arid/
semiarid regions worldwide are important to be discussed. 
Furthermore, the main aim of the present study is the detec-
tion of land susceptibility to the subsidence hazard using 
hybrid CNN-RNN and EDL merged with two dense models 
in Razavi Khorasan province as an area with arid and semi-
arid climate in Iran. The game theory-based indices such as 
SHAP and PFIM were applied to the interpretability of the 
predictive model output.

Study area

Razavi Khorasan province, with an area of about 117,769 
square kilometers, is located in the northeast of Iran, within 
the coordinates of 56° 19′ to 61° 16′ E Longitude and 33° 52′ 
to 37° 42′ N Latitude (Fig. 1). Razavi Khorasan province is 
very diverse in terms of climatic and natural characteristics 
due to its large land area (Shiravi et al. 2016). This province 
has a border with the country of Turkmenistan in the North 
and Northeast with a length of approximately 531.6 km and 
a border with the country of Afghanistan in the East with a 
length of about 302 km.

Materials and methods

Data and information

The method used in this research, according to its type and 
nature, was based on the use of field and laboratory methods. 
To this end, previous studies and reports related to factors 
affecting the formation of subsidence and pipe collapse were 
used (Schumann and Poland 1970; Chen et al. 2003; Chai 
et al. 2004; Teatini et al. 2006; Galloway and Burbey 2011; 
Minderhoud et al. 2017). Moreover, all the detailed studies 
and implementation projects of watershed management that 
have been carried out in Razavi Khorasan province in the 
last decade were reviewed. To conduct this study, appropri-
ate mapping methods were identified to determine the spatial 
distribution of land subsidence. In the domain of learning-
based approaches, the use of ground control points (GCPs) 
is critical. To this end, GCPs collected from the study area 
using Global Positioning System (GPS), inventory maps, 
and Google Earth (Fig. 1). Of these GCPs, 70% were applied 
to train models, and the rest of them were employed for test-
ing the results of networks. Preparing various predisposing 
variables as introduced in Fig. 2 (elevation, slope, aspect, 
curvature, land use, distance from roads, distance from 
waterways, lithology, and soil types) were the next steps of 
the current study (Fig. 3). These variables are selected based 

on available data, field surveys, and literature review (Inge-
britsen and Ikehara, 1999; Faunt et al. 2016; Rahmati et al. 
2019a, b; Dinar et al. 2021; Zhang et al. 2023). To gather 
the input data, the best sources were selected according to 
the objectives of this research.

Besides, by field survey and using a global positioning 
system device (GPS), the statistics of subsidence occur-
rences in Razavi Khorasan province were examined and their 
location was identified. After preparation of the location of 
subsidence and gathering soil samples with their input fea-
ture layout in ArcGIS 10.8, the following 5 steps were taken: 
(1) feature selection with mutual information classification 
(MIC), (2) modeling process, (3) model assessment, (4) 
features interaction, their importance and contributions on 
the model output by PFIM and SHAP, and (5) sensitivity 
analysis. Based on these steps, the flowchart of the present 
study is prepared and shown in Fig. 3.

Feature selection

A successful modelling process depends on several key 
factors such as input variables, and the application of 
efficient and valid models. Therefore, identifying the 
important variables from the non-important variables by 
feature selection is a key step for the accurate modelling 
phase especially spatial modelling of LS hazard. There-
fore, here we applied Mutual Information Classification 
(MIC) to select the most appropriate variables for running 
land subsidence models. MIC is calculated by comparing 
the entropy of the dataset before and after a transforma-
tion. Mutual information is a quantity that measures the 
relationship between two random variables that are sam-
pled simultaneously. It, in particular, measures how much 
information is communicated, on average, in one random 
variable about another (Huang et al. 2022). All appropri-
ate features and their weights including sand contents, 
groundwater loss, silt contents, groundwater table, river 
distance, bulk density, organic carbon, and land use were 
prepared and used for the further steps based on MIC, 
which is shown in Fig. 4.

DL models to map LS

In this research, two deep learning models were used to 
prepare susceptibility maps of the study area to the occur-
rence of land subsidence. Deep learning (DL) models 
are employed e.g., for correlation analysis, classification, 
clustering, predictions, and time series analysis. We used 
prediction method algorithms, aiming to find the rela-
tionship between dependent and independent variables 
and predict values for points without input information. 
Here, we applied two-hybrid and ensemble DL models 
to map LS.
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Fig. 1   Location of Khorasan Razavi Province in the Iranian map and the inventory map of land subsidence with training and test data points
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Hybrid CNN‑RNN model

A hybrid CNN-RNN as a deep network that has shown 
significant success in image and video processing is one of 
the models used in this study. Due to data availability and 

advances in computational resources (e.g., GPUs), CNN-
RNN proved to be a suitable option, especially for image 
analysis tasks (Kazemi Garajeh et al. 2022a). Generally, 
there are several well-known CNN-RNN architectures to 
output the recognition results (Kazemi Garajeh et al. 2021).

Fig. 2   Various predisposing variables for detecting and mapping land 
subsidence, including (a) precipitation, b soil organic carbon, c river 
distance, d  land use, e DEM, f soil clay content, g soil bulk density, 

h  an average of water table in the last 10 years, i  water loss, j  vil-
lage distance, k sand content, l soil EC, m slope, n silt content, and 
o observed well
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The combination of CNN-RNN as a successful model 
in some regression and classification tasks can take both 
sequential and local, and specifications of input maps 
(Nasir et al. 2021). For instance, this model can be applied 
for emotion detection (Kollias and Zafeiriou 2020), as it 
can know scene variables applying the CNN and sequential 

processing of data applying the RNN. The RNN can also 
learn context and temporal data from text files, and capture 
conjunctions between essential features and text entities, 
which are calculated using the capability of CNN (Zhang 
et al. 2018). Besides advantages, the model has several 
disadvantages, such as the adversity in discovering the 

Fig. 2   (continued)
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optimal hyper-features for each dataset, the difficulty in 
interpretability, and the need for big data-train (Drumond 
et al. 2019). Therefore, in the present research, it is applied 
to know if it is appropriate for the preparation of the sen-
sitivity map of land subsidence.

Ensemble deep learning (EDL) model

The first step to building new DL models is to create a 
“ground truth” dataset (Rezaee et al. 2018). For this pur-
pose, the input layer receives the information of predic-
tor variables of a sample to determine the sensitivity of 
the case study to land subsidence. Neurons are the main 
parts of all layers in the neural network, which present pro-
cessed land subsidence as convolutional layers in the hid-
den layers. Several factors are included in each convolu-
tional layer, including pooling operation, multiple weights, 
and an activation function. Through pooling, the results of 
the previous convolutional layer are combined into a single  

value at the next convolutional layer, thereby reducing 
property vector size (Kazemi Garajeh et al. 2022b). The 
max-pooling operator was employed in this study to down-
sample the feature maps in the encoder. All convolutional lay-
ers were then weighted and formed the weighted sum, which 
passed through an activation function to produce the result. 
This study applied ReLu (Rectified Linear Unit) to gener-
ate out of the models, which its efficiency for deep learning 
algorithms have proven by previous researchers (Wang et al. 
2018; Scardapane et al. 2019; Kazemi Garajeh et al. 2022c). 
The ReLu and its derivative can write as follows:

In the next step, the loss/cost function is employed to 
increase predicted accuracy and decrease errors in the net-
work (Han et al. 2018). This study applied cross-entropy 

(1)g(z) = max(0, z)

(2)g(z) =

{

0, z < 0

1, z > 1

Fig. 2   (continued)
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Fig. 3   An overview of the present study for detecting and mapping land subsidence

Fig. 4   The weights calculated 
by MIC for the important vari-
ables
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as a well-known function in the domain of binary classifi-
cation. The output of this function is likely to be between 
0 and 1, which is defined by the Eq. (4):

where, N represents all employed samples, yi denotes the 
real output of sample i (0 or 1), ŷi presents a forecasted like-
lihood of sample i having the output 1, and y and yi illustrate 
real outputs’ vectors and forecasted probabilities.

The last phase is to optimize the results of the model. In 
optimization, the loss/cost function is minimized or maxi-
mized in order to improve training results (Scardapane 
et al. 2019). This study applied ADAM (Adaptive Moment 
Optimization) algorithm, which has several advantages 
over other optimizers such as SGD (Stochastic Gradient 
Descent), AdaGrad (Adaptive Gradient), and RMSprop 
(Root Mean Square Propagation) (Kingma and Ba 2014). 
Several problems with other optimization algorithms can 
be corrected with ADAM, including slow convergence, 
large fluctuations in the loss/cost function due to parameter 
updates with high variance, and vanishing of the learning 
rate (Kazemi Garajeh et al. 2023). Equations (4) and (5) 
are given ADAM:

where, �1 and �2 are usually chosen to be 0.9 and 0.999, 
respectively. The first and second moments are then bias- 
corrected:

And used to weight the update:

where, � represents the primary learning rate that is 0.001.

Accuracy assessment

The classification results were evaluated using the receiver 
operating characteristic (ROC) curve and precision-recall 
plot. The ROC curve applies true and false positives to vali-
date the results of the classification. Pixels that are correctly 
labeled as susceptible to land subsidence are displayed as 

(3)
L
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true positives, while pixels incorrectly labeled as susceptible 
to land subsidence are displayed as false positives. Figures 7 
and 8 show the results of the applied ROC curve. Equa-
tion (8) also represents the ROC curve.

where Xi is sensitivity and Yi is specificity on the graph.

Feature interaction, permutation feature 
importance measure (PFIM) and SHAP

We can express the H-statistic for the interaction between 
features j and k as follows (Mohammadifar et al. 2021):

where, PDjk (xj, xk) is the 2-way partial dependence func-
tion of both features, and PDj (xj) and PDk (xk) indicate the 
partial dependence functions of the single features.

The sample applies to measuring whether a feature j inter-
acts with any other feature:

The importance of controlling variables and their contri-
bution to the used model outputs can be statistically assessed 
by applying PFIM and SHAP respectively (Mohammadifar 
et al. 2021; Gholami et al. 2023b). We used the permuta-
tion importance analysis to calculate the importance of the 
independent features controlling LS. Relative importance 
was appointed from the contribution of the features to the 
predictor in decreasing the prediction errors.

The SHAP values of the game theory were applied to 
assess the contribution of each variable to the output of the 
predictive model for the susceptibility of the area to land 
subsidence. The value, and then the relative importance of 
each feature, are shown by the color scheme. Also, over-
lapping locations are defined in the y-axis to show a sense 
of the pattern of the SHAP values per variable, as per the 
observed approach.

Sensitivity analysis

It has been described as a spatial process that calculates 
the response of one model to changes in input variables. It 
partitions the outputs under various conditions of the param-
eters and model components, for defining the main revealing 
features. It can both decrease uncertainty in various deep 
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∑x
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[
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]
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learning models and enhance the stability of different out-
puts. This is obtained by showing the effect of defining small 
changes to exact input datasets on assessment outcomes 
(Ravalico et al. 2010). Although, the combination of sensi-
tivity and uncertainty analyses makes better realization of 
the relative influences of the hypotheses and input variables 
of deep learning models (Feizizadeh and Blaschke 2014). 
Here, we applied a Shuffled feature sensitivity to assess the 
predictive model’s sensitivity.

Results

Identifying important and non‑important variables 
controlling LS by MIC

The results of MIC algorithm for identifying important 
variables controlling LS and their weights is presented 
in Fig. 4. Among 16 variables explained as potential 
variables for LS control, eight variables consisting of 

Fig. 5   LS hazard maps pro-
duced by (a) hybrid CNN-RNN 
model, and (b) EDL model
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soil sand percent, groundwater (GW) drop rate, soil silt 
percent, GW table level, distance to river, soil bulk den-
sity, soil organic carbon, and landuse were identified as 
important variables controlling LS by MIC respectively, 
and their weights were as follows: soil sand content 
with weight =​ 0.08 ​> 0.048​ > 0.04​3 > 0.0​34 > 0.​024 > ​
0.02 > ​0.017 > landuse with ​weight = 0.011. Overall, LS 
impacted ​by ​man​y variables​ an​d t​heir importance are 
variable from place to other place, and it is depending 
on the area conditions. Soil organic carbon can impact 
on the LS occurrence indirectly, because high organic 
carbon is indicating development agricultural activities 
in the study area by pumping the groundwater from the 
aquifers and its consequence is dropping the ground 
water level.

LS hazard maps generated by hybrid and ensemble 
DL models

In this study, hybrid CNN-RNN and EDL models were used 
for detecting and mapping land subsidence. Figure 5 show 
the results of CNN-RNN and EDL for detecting and mapping 
land subsidence. Table 1 represent further details regard-
ing the area of land subsidence for each class. According 
to Table 1, the area of land subsidence is estimated at about 
22.52%, 20.78%, 16.77%, 12.41%, and 27.50% for very low, 
low, moderate, high, and very high classes, respectively for 
CNN-RNN. Area of land subsidence for very low, low, 
moderate, high, and very high classes also calculated about 
23.12%, 13.87%, 13.56%, 19.08%, and 30.33%, respectively 
using ensemble merged models, as shown in Table 1.

Assessment of LS hazard predictive models 
performance

The results of accuracy assessment using precision-recall 
and ROC curves for both datasets (training and test) used 
in CNN-RNN and EDL models are presented in Figs. 6 
and 7. According to the training dataset, EDL with preci-
sion-recall = 0.952, and ROC = 0.95 performed slightly 
better than CNN-RNN with precision-recall = 0.936, and 
ROC = 0.93, but based on the test dataset, CNN-RNN 
with precision-recall = 0.952, and ROC = 0.95 performed 
slightly better than EDL with precision-recall = 0.903, and 
ROC = 0.90. Overall, based on the precision-recall and ROC 
curves with values > 0.90 for both datasets, both models per-
formed very well.

Feature interaction

The overall interaction strength among eight features was 
selected as important features identified by MIC (Fig. 8). 
The results showed that sand content (higher than 0.3), bulk 
density, and groundwater table had the highest interaction 
with land occurred subsidence in Khorasan Razavi Province. 
According to this graph, the lowest interaction strength is 
specified to river distance (less than 0.2).

Determining feature importance by permutation 
feature importance measure (PFIM)

When features interact with each other in a predictive 
model, the prediction cannot be expressed as the sum of 
feature effects, because the effect of one feature depends 
on the value of the other feature (Mohammadifar et al. 
2021). The plot constructed based on the PFIM shows 
overall interaction strength vs. features. The importance 
of controlling factors of land subsidence was calculated 
using PFIM. Based on the results, the overall interaction 
strength for eight features was as follows: soil sand con-
tent > soil bulk density > groundwater table level > soil 
organic carbon > groundwater drop rate > soil silt con-
tent > landuse > distance to river. Overall, soil sand content 
and distance to river have the highest and lowest interac-
tion with another feature (Fig. 9).

The interpretability of predictive model output 
by SHapley Additive exPlanations (SHAP)

The contribution of eight features controlling LS in the 
study area on the predictive model output was interpreted 
by SHAP. SHAP has an advantage of combining factor 

Table 1   The area of LS hazard classes estimated by hybrid CNN-
RNN model and EDL model

Hybrid CNN-RNN model
  LS hazard class Area (ha) Present (%)
  Very low 636369.45 23.13
  Low 381680.71 13.87
  Moderate 373330.88 13.57
  High 525218.66 19.09
  Very high 834732.09 30.34

EDL model
  LS hazard class Area (ha) Percent (%)
  Very low 619879.09 22.52
  Low 571962.75 20.78
  Moderate 461804.92 16.78
  High 341623.73 12.41
  Very high 756993.99 27.50
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importance with factor effects. The color in the SHAP 
figure shows the factor from low to high. The overlapping 
points represent the distribution of SHAP values per factor. 
The order of importance based on shape was as follows: 
(put orders based on SHAP). The SHAP values indicate the 
impact of the features on model output. Based on the SHAP 
plot (Fig. 10), the groundwater drop rate and distance to 
river have the highest and lowest contributions to the predic-
tive model output respectively.

Sensitivity analysis of predictive model

The results of the sensitivity analysis for the predictive 
model are presented in Fig. 11. In the model sensitivity anal-
ysis, different values were generated for each variable. The 
results suggested that the groundwater drop rate is the most 
sensitive for the model, and the feature’s sensitivity was in 

the following order: groundwater drop rate > soil organic 
carbon > soil bulk density > soil sand content > groundwa-
ter table level > distance to river > soil silt content > landuse.

Discussion

Comparison of our predictive hybrid and ensemble 
DL models performance with other models applied 
in similar geomorphic conditions of arid/semi‑arid 
areas

This study applied a deep learning CNN and a hybrid 
approach of CNN and RNN for detecting and mapping land 
subsidence in Khorasan Razavi Province, Iran. Our findings 
show that the hybrid approach of CNN-RNN performed well 
for detecting land subsidence compared to a single CNN, as 

Fig. 6   The precision-recall (a and c) and ROC (b and d) curves for assessing predictive CNN-RNN model performance for training dataset (a 
and b), and test dataset (c and d)
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Fig. 7   The precision-recall (a and c) and ROC (b and d) curves for assessing predictive EDL model performance for training dataset (a and b), 
and test dataset (c and d)

Fig. 8   The overall interaction strength among eight features selected 
as important features identified by MIC Fig. 9   The feature importance determined by PFIM
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shown in Figs. 7 and 8. This study evaluated a single CNN 
and hybrid approach of CNN-RNN for detecting and map-
ping land subsidence. The results of this study show that an 
integrated approach of CNN-RNN can be an appropriate 
alternative for detecting and mapping land subsidence. Deep 
learning techniques can essentially apply the same convo-
lution procedure, which makes easier training networks. 
CNN can learn the filter weights through back-propagation 
(training). Also, there are usually many filters for each layer, 
each with a different weight matrix, applied to the same data 
(Scardapane et al. 2019).

Land subsidence‑related issues in Iran, the Middle 
East, and arid/semiarid regions worldwide

The location of ancient Iran in the arid and semi-arid belt 
of the Earth, along with active tectonics, has brought a 
different degree of resilience and face to the biomes of 
this land (Labbaf Khaneiki and Al-Ghafri 2022). In the 
recent decades, especially the last half century, the inhabit-
ants of this land who are the heirs of the aqueduct and the 
native knowledge of their ancestors, in exploiting these dry 
lands beyond their capacity, have brought the scar of the 
destruction of the ancient aquifers of the Middle East with 
a scratch on the face of the fertile plains (Michel 2017). 
It is a wound that has left large cracks on the face of the 
ecosystem and apart from the fact that it is associated with 
the collapse of the ecological environment, it affects civi-
lization with social, economic, and cultural damage, which 
today is a large part of the eastern region of Iran (Madani 
and Mahoozi 2021). Moreover, as the origin of civilization, 
culture, and art in Tus and Neyshabur has faced a danger 
from this context (Ashraf et al. 2019). According to the 
country’s official statistics, Razavi Khorasan is considered 
one of the critical provinces in terms of subsidence rate, 
so in plains such as Kashmir and Neyshabur, the annual 
subsidence rate has exceeded 15 cm. The trend of aqui-
fer decline in plains like Neyshabur during the last two 
decades is very worrying so that the average deficit of the 
Neyshabur plain reservoir is about 80 million cubic meters 
per year (Doosti Sabzi et al. 2023). Therefore, the basic 
issue in these plains is the creation of facies such as subsid-
ence and sinkholes caused by different size letters and their 
control and management methods.

The results of this research show that lithology can be an 
important factor in Razavi Khorasan province in the forma-
tion and expansion of facies such as subsidence. Accord-
ing to the results of this research, it can be said that if the 
geomorphological issues of Mashhad are not paid attention 
to, environmental hazards such as sinkholes and subsid-
ence will threaten Hashemiyeh, Haft Tir, Namaz Boulevard, 
water, and electricity, and Kohsar mountains in Mashhad in 
the future. Land subsidence may happen suddenly, but the 
phenomenon related to cracks resulting from subsidence is a 
gradual process (Liu et al. 2023). The movement of tectonic 
plates causes morphogenesis, for example, in some oro-
genic areas, and in some places, subsidence occurs. Earth-
quake phenomena and slope movements, mass movements, 
instability of slopes, and events related to mountain slopes 
due to earth-building activities and morphogenic and ero-
sion processes are natural. Such phenomena have various 
advantages and disadvantages, but what is important today 
is the role of humans and the way of behavior and it is their 
performance in nature that changes the shape and structure 
of ecosystems (Goudie 2022).

Fig. 10   The SHAP values for each feature

Fig. 11   The sensitivity analysis of the predictive model
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Based on a natural process, a part of the tectonic plate 
gradually descends. For example, based on a study con-
ducted in America (Ingebritsen and Ikehara 1999; Faunt 
et al. 2016), an electricity tower was marked for several 
years. After several years, it was found that the power tower 
naturally fell a little lower than its previous height, which 
was the result of a tectonic phenomenon. Sometimes these 
meetings cause a huge depression, which is scientifically 
called a graben. For example, Mashhad is a plain between 
two mountains and is considered a geological graben. These 
cracks and fissures are generally formed in the plains with 
fine-grained soil and moisture-absorbing minerals, which 
is better called the fissure resulting from subsidence, and in 
central Iran, it is known as the phenomenon of plain fissure 
or cracking. This phenomenon happens in many places of 
the world, from the United States of America to European 
countries, China, Iran, and India. Furthermore, our results 
are relevant for arid environments, considering that the 
country of Iran is located in the dry and semi-arid belt of 
the world and more than 85% of its area of one billion and 
600 million hectares is in a dry and semi-arid climate and it 
has a third of the world’s average precipitation level (Michel 
2017). We should know that living in an arid environment 
requires a special way of adaptation and behavior on the part 
of humans and the inhabitants of these ecosystems. Unfor-
tunately, in recent decades, unwise behaviors and decisions, 
in addition to greed for exploiting natural resources with an 
emphasis on hydric ones in this arid ecosystem of the Mid-
dle East, it has made Iran more prone to land subsidence and 
cracks in the increasingly populated plains (Haji-Aghajany 
and Amerian 2020; Zhao et al. 2023). Iran’s ancestors have 
adapted to this dry and semi-arid climate and have created 
the most professional way of water management, the aque-
duct. Unfortunately, today most of these aqueducts have been 
destroyed and now deep wells are used for water supply.

The noteworthy point in Razavi Khorasan province is 
that the plains of Mashhad and Neyshabur are in a critical 
state due to the phenomenon of subsidence and cracks in 
the plain. Overexploiting the water resources causes exces-
sive moisture in the ground and creates some cracks. This 
process has continued until now we see the formation of 
huge cracks with a width of more than 10 m, a depth of 
more than 50 m, and a length of more than one kilometer, 
and for this reason, it is called the death of the plain. The 
death of a plain occurs if a plain cannot be revived, now this 
phenomenon can be seen in Neyshabur Plain and Kashmir. 
The phenomenon of the death of the plain leads to problems 
such as the destruction of railway tracks and the protrusion 
of water pipes, which is called pipe formation (Mahmoud-
pour et al. 2016). Furthermore, due to varying resilience 
levels in different regions, it is unfortunate that there is no 
suitable water development model for different areas within 
Iran. Currently, the development approach in regions like 

Gilan, which receives 2000 mm of rainfall annually, does not 
differ from that in Khorasan, which only receives 150 mm 
of rainfall per year. This uniformity in development is caus-
ing issues, as excessive exploitation of water resources in 
a dry, semi-arid climate leads to land subsidence. In 1975, 
recognizing these challenges, the parliament approved a law 
prohibiting the exploitation of water wells to prevent such 
conditions. However, there have been instances where thou-
sands of wells were licensed for exploitation within a single 
year. Additionally, Iran is one of the few countries where 
deep waters are being extracted, leading to significant drops 
in some plains, such as a decline of 250 to 300 m in central 
Iran, Kerman, and Isfahan. Additionally, in certain plains 
where water used to be accessible at a depth of 50 m, it now 
requires excavation at depths exceeding 250 m and beyond. 
Moreover, the southeastern and southern provinces have 
been granted permission to extract deep groundwater. Over 
the past three decades in Iran, human activities have played 
a significant role in contributing to land subsidence through 
the excessive exploitation of both surface and underground 
water resources.

If structures such as houses, settlements, railway tracks, 
and villages are exposed to the cracks caused by the subsid-
ence of the earth, they will be destroyed. Currently, the worst 
conditions are related to central Iran, which was observed 
in Isfahan. The damages caused by these gaps have also 
reached the ancient works. This problem can threaten many 
urban areas in the Mashhad metropolis, such as the 9th, 
11th, and 12th districts of Mashhad, and in this sense, the 
Mashhad plain is in a critical situation. Moreover, 50% of 
Iran’s geological formations are limestone. Regarding the 
difference between sinkholes and subsidence, a sinkhole 
is a kind of karst phenomenon that occurs as a result of 
the dissolution of soil and dissolvable formation. Although 
indiscriminate construction and mining aggravate the crea-
tion of sinkholes, which is considered a type of subsidence, 
its system is different from subsidence, which sometimes 
reaches a depth of more than 50 m. For example, there are 
large sinkholes in Hamadan’s Kobudar Ahang, which were 
created due to mining. This phenomenon is evident in Fars 
province as well. The most important problem in geomor-
phological issues is that there is no map of land capability 
and suitability in Iran. If there was a map, we would have 
found out that the southern heights should not have been 
destroyed and the construction should not have taken place 
on the slopes of the mountains.

Neyshabur and Kashmir are the most critical plains of 
Razavi Khorasan. According to the farmers of these areas, 
they dig more than 200 m to reach the water. Moreover, 
there is a deficit of 80 million cubic meters of the water res-
ervoir in Neyshabur, and 15 cm of land subsidence occurs in 
Neyshabur every year (Salmani Sabzevar et al. 2021). Unfor-
tunately, the country’s officials do not have an ecological 
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view of land exploitation and management, and the prevail-
ing view is non-ecological thinking. Currently, the accepted 
view about water in our country is inter-basin water transfer. 
Besides this, there is no specific cultivation pattern for agri-
culture. For example, the same summer plants of West Azer-
baijan are also cultivated in Khorasan. Currently, more than 
85% of the country’s water resources consumption is related 
to the agricultural sector. In the last 50 years, both in the 
academic sector and in the governance sector, management 
has not been based on ecological thinking (Abrishamchi 
et al. 2020). In addition, there is no coherence in the bodies 
of organizations and the Geological Organization, Environ-
mental Organization, Forestry Organization, Ministry of 
Energy, municipalities, and other related institutions are not 
coordinated with each other and a coherent law has not been 
formulated in the area of land management and risks such as 
land subsidence. Non-ecological thinking causes problems 
such as social disorder, immigration, economic problems, 
and depression. As long as the rulers have non-ecological 
thinking, the country cannot move toward development.

Finally, due to the multivariate nature of many geomor-
phic systems and their intricate relationships with feedback 
mechanisms, relying solely on the experience and expertise 
of researchers, as well as subjective approaches, will likely 
result in varied conclusions during the final interpretation. 
To address this challenge and enhance objectivity, it is cru-
cial to adopt statistical methods that involve formulating 
and testing hypotheses. These statistical approaches help 
simplify complex relationships and identify the key factors 
influencing geomorphic processes. One suitable method to 
reduce errors in decision-making and enhance objectivity is 
the prioritization of factors using random forest algorithms. 
Additionally, employing deep learning algorithms for mod-
eling can assist in generating sensitivity maps related to the 
occurrence of the two erosion facies under consideration. 
These statistical methods aid in simplifying complex rela-
tionships and identifying the factors that govern geomorphic 
processes. By utilizing these techniques, a more comprehen-
sive and objective understanding can be achieved.

Conclusion

Razavi Khorasan province is a region with a unique and com-
plex topography with miscellaneous land uses. This prov-
ince is one of the most susceptible regions of Iran to erosion. 
Therefore, due to the high potential of this province regarding 
domain instabilities, it has been selected as the case study of 
this research, and the topographical, hydrological, petrologi-
cal, soil, and biological factors affecting the occurrence of 
domain instabilities have been investigated. To achieve the 
goals of this research, five main steps were used collecting 
statistics of subsidence positions and sampling the soil of 

these points, accessing a satellite image of the spot, prioritiz-
ing factors affecting the occurrence of land subsidence ero-
sions, and spatial modeling of land subsidence erosions and 
evaluation of sensitivity maps to their occurrence.

The zoning of land subsidence sensitivity using the DL 
model and its accuracy assessment based on 30% of ero-
sion points and the ROC curve, shows good accuracy of the 
model for Razavi Khorasan province. The analyses derived 
from the results of this research showed that land subsidence 
affects the environment in two aspects. First, by destroy-
ing the soil horizons, it destroys the soil bed. It also causes 
intensification in the discharge of surface runoff and reduces 
the volume of underground water flow by shortening the 
connection between the upstream and downstream areas. 
Therefore, it is necessary to carry out more research on the 
expansion and progress of subsidence through accurate data 
and appropriate spatial statistics methods.

Due to the existence of much subsidence in Razavi Kho-
rasan Province, this erosive landform on the one hand led to 
severe water discharge from Razavi Khorasan Province, and 
on the other hand, they are considered a suitable substrate for 
the growth of plants and biodiversity. Therefore, land subsid-
ence accelerates the intensity of desertification both as a threat 
and as an opportunity, they provide a suitable platform for 
the growth of plants, animals, and birds. Therefore, the way 
to turn threats into opportunities or vice versa depends on 
the management practice and strategy of the region, which is 
considered as the management of arid and semi-arid regions 
and can provide a new horizon for policy making, planning, 
and decision-making. Finally, the principle of the complexity 
of land subsidence mechanisms and the factors affecting them 
are emphasized. This is especially useful because the nature 
of erodible facies of land subsidence is complex and does not 
easily yield to surface calculations of scientists.
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