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Abstract

A dust storm is a major environmental problem affecting many arid regions worldwide. The novel contribution of this study
is combining indicators extracted from RS- and statistic-based predictive models to spatial mapping of land susceptibility to
dust emissions in a very important dust source area in the borders of Iran and Iraq (Khuzestan province in Iran and Al-Basrah
and Maysan provinces in Iraq). In this research, remote sensing (RS) techniques and machine learning techniques, including
multivariate adaptive regression spline (MARS), random forest (RF), and logistic regression (LR), were used for dust source
identification and susceptibility map preparation. To this end, 152 DSA for the period of 2005-2020 were identified in the
study area. Of these DSA data, 70% was assigned to the Dust Source Susceptibility Mapping (DSSM) (training dataset)
and 30% to model validation. Consequently, six factors (i.e., soil, lithology, slope, normalized vegetation differential index
(NDVI), geomorphology, and land use units) were prepared as DSA’s independent and effective variables. The results of
all three models indicated that land use had the most impact on DSA. The validation results of these models using the test
data showed sub-curves of 0.92, 0.86, and 0.76 for the RF, MARS, and LR models, respectively. Also, results showed that
the RF model outperformed MARS (AUC =0.89) and LR (AUC =0.78) methods. In all three models, high and very high
susceptibility classes generally covered a large percentage of the case study. The highest percentage of dust source points
was also in this susceptibility category. Overall, the results of this study can be useful for planners and managers to control
and reduce the risk of negative dust consequences.
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Introduction

A dust storm is a catastrophic weather phenomenon with
adverse effects on the quality of the environment and cause
significant damage to health, agricultural products, and the
economy (Guo et al. 2018; Liu et al. 2020). Strong winds are
the greatest cause of dust events, and soil surface properties
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such as vegetation distribution, surface roughness, soil tex-
ture, and moisture have important effects on dust emissions
(Shaheen et al. 2020). The dust source points are located in
areas with less than 300 mm of rainfall in the world (Wang
et al. 2016; Al-Dousari et al. 2017; Kandakji et al. 2021).
When wind speeds in dry areas and deserts exceed the wind
erosion threshold (6.5 to 7 m/s), soil particles rise and dust
storms occur (Namdari et al. 2021). Dust particles can reach
a height of 6 km above the ground and be transported up to
a distance of 20,000 km (Taheri et al. 2020). Dust storms in
arid and semi-arid regions affect the amount of solar radia-
tion, air pollution, horizontal vision, enzymatic activities,
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agricultural lands, and human health (Boroughani et al.
2022; Martinich et al. 2019; Yang et al. 2018). In recent
years, the frequency of days with dust storms has increased
significantly due to drought and Land Use Change (LUC).
As a result, agriculture, industry, and society have expe-
rienced adverse biological effects and extensive damage
(Heald and Spracklen 2015). The combined development of
this event along with the accelerated trend of development,
industrialization, and population growth in urban areas has
doubled the environmental tensions (Shaheen et al. 2020;
Boloorani et al. 2020). Dust storms occur in the world’s arid
lands, especially in North Africa and the Middle East (Yu
et al. 2015; Francis et al. 2021). These storms reduce vis-
ibility and lead to serious environmental, socio-economic,
and health issues (Middleton 2017). The Middle East faces
severe environmental challenges, such as climate and envi-
ronmental changes caused by human activities (Karimi and
Samadi 2019). The root cause for the increase in dust in the
region is the severe destruction of natural resources due to
extensive exploitation, drying of wetlands, dam construc-
tion, and the continuation of the drought in the last dec-
ade (Cao et al. 2015). Identifying areas of dust origin using
remote sensing techniques is one of the main important
methods in the literature (Jiao et al. 2021). Much research
has been conducted on determining dust detection using RS
techniques. In most of these studies, MODIS images and
dust detection indices (BTD2931, BTD3132, NDDI, param-
eters D, and DEP) are used to identify dust in the Saharan
Desert (Schepanski et al. 2012; Feuerstein and Schepanski
2019), Chihuahuan Desert (Baddock et al. 2016), Iran (Rah-
mati et al. 2020), Khorasan Razavi Province, Urmia Lake
and Sistan watershed, Iran (Boroughani et al. 2019, 2020,
2021), Middle East (Namdari et al. 2018), India (Soni et al.
2018), the USA and Middle East (Miller 2003), and South-
western North America (Lee et al. 2009). Data mining is an
important method for mapping environmental and natural
hazards. This technique is employed to find new and use-
ful data from a large body of information (Gholami et al.
2020a). Numerous studies (e.g., Hong et al. 2016; Dube
et al. 2014; Manap et al. 2014; Rahmati et al. 2020; Lin
et al. 2020; Boroughani et al. 2020, 2021, 2022; Gholami
et al. 2020b; Lee et al. 2021; Gholami et al. 2021) have
used a data mining approach using different algorithms and
models to identify and generate susceptibility maps of dust,
landslide, groundwater, fire, flood, and gall erosion centers.
The concept of data mining includes algorithms and meth-
ods that are used to extract information from important data
(Akbari et al 2017).

Considering the intensity and a large number of dust
storms in the case study (i.e., Iran and Iraq border) and their
importance, this study aims to identify dust sources and gen-
erate a susceptibility map using these algorithms. The main
objectives of this study are (i) identifying the sources of dust
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with remote sensing techniques; (ii) generating dust suscep-
tibility mapping using MARS, RF, and LR algorithms; (iii)
comparing the accuracy of model outputs using statistical
evaluation criteria; and (iv) determining the importance of
each ventilation agent in the potential of the dust source.

Methodology
Setting of the study

The research area covers Khuzestan province in Iran and
Al-Basrah and Maysan provinces in Iraq with an area of
99,494.38 km? (Fig. 1). The highest and lowest elevations
in the study area are 3676 and — 37 m.a.s.l, respectively. Al-
Hawizeh/Al-Azim Marsh, located on the border between
Iraq and Iran, is known as one of the main dust sources in
Iran. The mean annual temperature is 26°C and the average
annual precipitation is less than 250 mm per year in the area.
According to Javadian et al. (2019), Al-Howizeh/Al-Azim
Marshes are among the greatest important dust sources in
Ahvaz city. Wetlands in Iran in the last decade have dried
up and created a source of dust due to oil extraction around
Al-Azim (Arkian 2017). Several other factors (e.g., climate
change, drought, wars in the region and military operations,
surface water control, river diversion, and dam construction
projects) have accelerated to the destruction of these wet-
lands and the emergence of their surface as dust source (Cao
et al. 2015; Rashki et al. 2021). The Khuzestan Plain, which
forms a large part of Khuzestan Province in southwestern
Iran, contains much small dust sources. Approximately 9%
of the Khuzestan plain has the potential to produce dust,
and a part of this plain is sensitive to the dust source of
the Al-Azim dried-up swamp (Heidarian et al. 2018(. These
source areas contain degraded pastures, abandoned rainfed
farmlands and irrigation fields, and temporary salt lakes.
Among these salt lakes, we can mention Maleh Playa,
Sabzeh Zohreh Sharghi, and Sabkha Karun Gharbi (Abyat
et al. 2019).

Figure 2 presents the two main stages of conducting the
present research. First, DSA was determined using satel-
lite images (i.e., MODIS) and dust detection indices. In the
second stage, sensitivity maps were prepared by six envi-
ronmental forecasters, the DSA was extracted from satellite
images and three machine learning algorithms (i.e., logistic
regression, random forest, and MARS model) were exam-
ined. In the following, the working method and dataset are
explained in detail.

Dust source identification

This study collected MODIS sensor images from Terra
and Aqua satellites (Vickery and Eckardt 2013). Initially,
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Fig. 2 Flowchart for preparation of dust susceptibility maps using LR, MARS, and RF models
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the days of dust occurrence from 2005 to 2020 were deter-
mined using meteorological data, such as visibility less than
2000 m, wind speed above 7 m per second, and cloudy con-
ditions. Then, the days when the occurrence of dust coin-
cided with the imaging were determined. Finally, 31 MODIS
sensor images were used by the Terra satellite related to the
selected dust days from 2005 to 2020.

MODIS images were selected for their several advan-
tages, including free access, high spatial resolution (LAADS
Alerts 2021), and wide view (Hahnenberger and Nicoll
2014; Lee et al. 2021). The dust Detection Products (DEP)
or the Miller method was calculated for all satellite images
to identify (Miller 2003). Finally, false-color combinations
were used to identify dust storms. These instructions were
according to the DEP plus bands 3 and 4 of MODIS images.
The false-color combinations included DEP (Miller 2003),
B4, and B3. A Gaussian columnar model was used to detect
dust. This technique is developed on a cone of dust diffusion
viewed in the processed MODIS images, where the apex
shows the source of the dust (Walker et al. 2009; Lee et al.
2009).

Dust source effective factors

Quantifying the relative significance of the factors influenc-
ing the area’s dust source is essential to understanding the
dust cycle (Kok et al. 2017). The DSA potential map was
prepared using six factors (i.e., soil map, lithology, slope,
vegetation index (NDVI), geomorphology units, and land
use) in the model after preparing the DSA distribution map.
These factors play the most important roles in creating DSA
(Kandakji et al. 2020). Since measured wind-speed data
were unavailable at Iraq stations, we limited the research by
examining the effect of topographic variables. The effect of
wind on land susceptibility to wind erosion was previously
examined in the Great Salt Desert in Iran using availabile
wind speed data (Boroughani et al. 2022).

Dust storms are more likely to occur in regions with ero-
sion-sensitive lithological units than in areas with resistant
units (Francis et al. 2017). Lithology classes have significant
effects on dust storms and occur more in regions susceptible
to lithology than in regions with dust storm-resistant units
(Francis et al. 2017). In the study, the geological map of
the research area was prepared using the world geological
map at a scale of 1: 250,000. Also, lithological units were
obtained from the map in 6 classes Siltstone and Marne,
dolomitic limestone and clay, limestone, conglomerate, river
sediments, and wind sand (Fig. 3a). Soil physical character-
istics control the dust storms, and the amount of dust raised
(Alilou et al. 2019; Rahmati et al. 2020). Vegetation-free
soils are erosion-sensitive areas with high dust production
capacity (Gholami et al. 2020a). In this study, 6 main types
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of floors, including Clay-Loam, Loam, Loamy-Sand, Sandy-
Loam, Sand, and Salty-Clay, were identified (Fig. 3b).

Plain and flatlands with low slopes have a better potential
for dust generation and wind erosion than steep lands. In
these regions, the wind quickly reaches the wind erosion
threshold, leading to dust storms (Wu et al. 2016). Using the
DEM of 30 m, the slope map of the research area was pre-
pared in six classes (Fig. 3¢). In many studies (e.g., Lee and
Sohn 2011), a negative relationship was established between
vegetation and the number of dust storms by analyzing the
spatial and long-term vegetation changes. The vegetation can
absorb wind energy, increase ground roughness, and protect
soil from wind erosion (Feng and Janssen 2018). The Nor-
malized Difference Vegetation Index (NDVI) was used to
prepare the vegetation map of the area. ETM* images of the
Landsat 8 satellite (related to 2019) were used for this goal.
Based on the NDVI values, the study area was zoned into 3
vegetation classes, including —0.0196 to 0, O to 0.025, and
0.025 < (Fig. 3d).

Land use is strongly associated with dust storms; for
example, a lack of vegetation and degraded soil crust has a
greater capacity to produce dust (Goossens and Buck 2014).
The land use map was prepared using Landsat 8 satellite
images for the summer of 2018, as the highest amount of
dust occurs in this period. The land use map was classi-
fied into Agriculture land. Bare land, Forest, Marshland,
Residential Area, Shrub Cover, Sparse Shrub Cover, and
Wetland. (Fig. 3e).

Soil particles released into the air are closely related to
the geomorphological characteristics of DSA. (Lee et al.
2021). The map of geomorphology units was prepared using
slope and topographic maps with an accuracy of 1: 50,000
and the geology of the research area. In the next step, after
interpreting the satellite images of Google Earth and Land-
sat 8 in 2017, more detailed information was extracted and
transferred to the initial map. Finally, the map of the geo-
morphological units of the region in six classes was prepared
(Fig. 3f).

Modeling

This research conducted a multi-collinearity analysis to
examine alignment and make a preliminary study among
independent variables. If there are several lines between
independent variables, the error increases, and the accuracy
of the model prediction decreases (Park et al. 2017). Two
indicators (i.e., a tolerance of <0.01 and a variance coef-
ficient of > 10 indicating alignment) were used to examine
the alignment between the independent variables (O’Brien
2007).

The first step for modeling is to prepare an educational
data set and validation (Boroughani et al, 2020). To this end,
the dust source was divided into two groups of 70% (106
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dust sources) for modeling and 30% (46 dust sources) for
evaluation (validation) using the stratified random sampling
method (Lee et al. 2021) DSA sensitivity to data mining
algorithms and the number of DSA in the area were ana-
lyzed by extracting the number of points without the DSA
randomly. In the next step, the data related to the effective
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map were imported to the R software and analyzed using,
and LR, MARS, and RF algorithms using different packages
(e.g., glm, earth, and random forest). Afterword, dust source
susceptibility was calculated for each pixel in the study area.
Finally, the results were transferred to the ARC MAP 10.5
environment to produce a dust susceptibility map. In the
following, these algorithms are described briefly.
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Logistic regression (LR)

LR is a nonlinear mathematical model for determining the
relationship between a binary dependent variable and sev-
eral independent variables (Crawford et al. 2021). In this
research, the most effective factors in DSA were investi-
gated using LR. The model output should have coefficients
between 0 and 1, which through logit theory gives prob-
abilities higher than 0.5 value of 1 (affecting the DSA) and
less than 0.5 value of zero (without the effect of the DSA)
(Martinez-Garcia et al. 2011; Chen and Chen 2021).

The logistic model in the simplest form can be expressed
as Eq. 2:

1

P=
1+e™

@

where P is the possibility of an occurrence of an event
(DSA), the value of which varies from 0O to 1 in an S-shaped
curve. Also, Z is defined as an equation (linear logistic
model) whose value varies from -co to+ oo (Wang et al.
2021a). This parameter is expressed by Eq. (4) as follows 3
(Nhu et al. 2020):

Y = Logit(p) = ln< 1 P > = Cp+ C X, + CyX, + - + C,X,
-p

3)
where P is the probability of DSA occurrence; X is the so-
called odds ratio or probability, the width of the source or a
constant coefficient, and C1, C2,... Cn are the coefficients of
the independent variables (X1, X2,..., Xn). This model ana-
lyzes the presence or absence of dependent variables (DSA)
to independent variables (Crawford et al. 2021).

Random forest (RF) model

RF is one of the best learning algorithms (Schonlau and Zou
2020) that performs high-accuracy classification for many
datasets (Lee-Sunmin et al. 2017). Another positive fea-
ture of RF is that it works very well with huge data records
(Jiang et al. 2021). RF classification was performed initially
on educational information and on validation confirmation
information (Schonlau and Zou 2020; Quevedo et al. 2021).
Finally, the model with the lowest Out of Bag (OOB) error
was chosen. The influence of each controlling factor in RF
was determined using two factors of Mean Decrease Accu-
racy and Gini mean reduction (Wu et al. 2021).

Multivariate adaptive regression spline model
(MARS)

MARS is one of the local nonparametric models first pro-
posed by Friedman (Wang et al. 2021b). In this method,
regression models create flexibility for dividing the response
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space into intervals of input variables and fitting a base pan
(Spline) (Wang et al. 2020; Friedman 1991). This method is
based on functions called base functions (functions that are
used to display information in one or more variables), which
are defined for each variable as follows:

Y = max(0, x — f)andY = max(0,t — x) 4)

which is ¢ reached a Knot and is a threshold value. These
functions are called spline functions, where ¢ pairs are
reflected in a node. The general shape of the MARS model
is defined as follows (Roy et al. 2020):

M
Y =£X) +co+ ) B(X) ®)

k=1

where 5 Y is the value of the objective parameters defined
by the function f (X), B_k (i.e., the base function) and the
coefficients c_k (which are determined by minimizing the
sum of the remaining squares). In the second step, the basic
functions that are less important and effective in estimat-
ing are removed. Finally, the best model is chosen based on
the minimum criterion called generalized cross-validation
(GCV). GCV is used to identify the sub-models with the
least effect on modeling.

If GCV, is the value of GCV for the k model in the elimi-
nation phase, the GCV on which the best adaptive multiple
spline regression models is selected is as follows (Martinello
et al. 2021; Hassangavyar et al. 2020):

GCV, = % > (v=Re/a-

cw
i1 n

(6)

where ;‘; model is estimated in step k of the regression
elimination stage and A.m 4+ number of model sentences in
step k = C(k)

Here, m represents the number of nodes of the linear func-
tions in the model and A is the smoothing parameter, which
is usually chosen between 2 and 4.

Evaluation of dust source susceptibility map

One of the most important parts of modeling is validating
the prediction outputs (Shano et al. 2021). In this research,
all identified DSAs were separated into two parts: 70% for
training and 30% for validation. DSAs were selected based
on random logic for the training and validation of models.
The receiver-operating characteristic-area below the curve
(ROC-AUC) and the root mean square error RMSE were
used to evaluate the accuracy of the statistical model. The
ideal model has the highest subsurface level and its value is
between 0.5 to 1 (Nandi and Shakoor 2010). The closer the
surface below the curve is to 1, the more accurate the zon-
ing map will be (Hao et al. 2020). Qualitative-quantitative
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correlation should be below the curve and estimation of the
0.9-1, excellent; 0.8-0.9, very good; 0.7-0.8, good; 0.6-0.7,
average; 0.5-0.6, weak is suggested (Arabameri et al. 2021).
The ROC curve was used in this study to assess the perfor-
mance of the generated susceptibility map. However, some
studies suggest that model performance evaluation using a
factor such as AUC may not be appropriate because in some
cases high AUCs may not guarantee the high accuracy of
spatial predictions (Chaudhary et al. 2021). For such cases,
RMSE measurements are also used as additional criteria for
evaluating model predictions and supporting decisions in
model selection.

Result and discussion
Dust source identification

A total of 152 DSAs (77 in Iran and 75 in Iraq) were identi-
fied throughout the examined region (Fig. 4). The analysis
was based on the results of previous studies that used RS
techniques for identifying DSA in some parts of the world
(Walker et al. 2009; Miller 2003; Hahnenberger and Nicoll
2014; Boroughani et al. 2020, 2021, 2022). These studies
identified dust storm sources using DEP and dust enhance-
ment indicators. Figure 5 presents dust detection from the
MODIS FCC satellite imagery over the case study on 17
June 2008.

The results of the multilinear test (Table 1) confirmed
that there was no agreement between the effective factors

(independent variables); therefore, all layers were used for
modeling.

Dust source susceptibility modeling

The DSSM was done in the research area based on the
coefficients obtained for independent variables through the
model implementation (Table 2). Table 3 presents the logis-
tic regression model results to investigate the most important
factor affecting the creation of DSA. Based on the obtained
results, land use has the greatest impact on DSA creation,
while geomorphology, soil, and vegetation index are placed
in the next priorities. Negative coefficients indicate the
inverse relationship of the dependent variable (DSA) with
independent variables. Negative coefficients indicate a weak
correlation than other factors. In this study, the lithological
factor had the least impact on forming these DSAs. Also, the
Hosmer and Lemeshow test and the Negelkerke coefficient
were used to evaluate the validity of the model and the fit
of the estimated pattern. In the Hosmer and Lemeshow test,
the model is valid if the significance of the obtained model
is more than 0.05 (Gomila 2021). Since the probability of
the Hosmer and Lemeshow test statistic is 0.158, which is
greater than 0.05, this value indicates the adequacy of the
data for the model suitability.

In the Nagelkerke coefficient of determination method,
the closer this value is to 1, the more the model corresponds
to reality (Zhang et al. 2021). The value of the Cox and Snell
coefficient of determination (R:, g spepy) 1S 0.4312, which is
significant in practice. The results of this model are shown
in Table 2.
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Fig. 5 Dust detection in the case 46°E
study from the MODIS satellite
Imagery with FCC (R: DEP, G:

B4, B: B3)

30°N 31°N 32°N 33°N
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47°E 48°E 49°E 50°E SIZE 52°E

46°E

T
45°E

Table 1 Multicollinearity diagnostic indices for effective factors

Factors Tolerance VIF
Slope 236 4.239
Geomorphology 241 4.144
Land use .793 1.262
Lithology 456 2.191
Soil .539 1.855
NDVI 454 2.201
Source: Study findings

Table 2 Model summary

-2 Log likelihood Cox & Snell R? Nagelkerke R?
471.3* 43 42

Source: Study findings

Table 3 Coefficients of independent logistic regression statistical
analysis

Variables B Wald Sig Exp(B)
Soil -.599 7.161 .007 .550
geomorphology 674 7.923 .005 1.963
Land use —-.933 25.653 .000 393
Lithology —.163 782 .037 .849
Slope —.383 2.946 .086 .682
NDVI —.270 .960 .032 763

Source: Study findings
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The results of the relationship between DSA and effec-
tive factors using the RF model are shown in Table 5 and
Fig. 6. As previously mentioned, two factors of the Gini
significance index and Mean Decrease Accuracy were used
to determine the priority of each of the effective factors in
creating DSA. Figure 6 shows the results of prioritizing the
effective variables for the RF model using two criteria of
Mean Decrease Accuracy and Gini significance index. The
results of both criteria showed that the three factors of land
use, soil, and geomorphology have the greatest effect on
DSA. In most studies conducted in different parts of the
world, these three factors have been identified as the most
effective factors in creating DSA (Genuer et al. 2017; Giang
et al. 2020; Ebrahimi-Khusfi et al. 2021). Boroughani et al.
(2020) found that land use and geomorphology had a major
influence on the DSA in Khorasan Razavi province in Iran.

The OOB results show a predicted error rate of about
22.17% and an accuracy of 77.83%. Based on the results
of Table 4, the model incorrectly predicted 9 cases in the
absence of DSA (row 1) in the presence of DSA (error 1),
and the section Existence of DSA predicted 11 cases in the
column of the absence of DSA (error 2). Besides, the model
correctly predicted the absence of DSA for 97 cases and the
presence of DSA for 95 cases.

The results of the MARS method were used to evaluate
the factors affecting the establishment of a dust source area.
The main difference between this method and conventional
methods is that the former determines the effective variables,
while the later determines the dependent variable versus the
independent variable. The MARS analysis is performed after
fitting the model to the data with different settings. These
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Fig.6 Mean accuracy reduction RF
and Gini mean reduction using
the random forest model
landuse o landuse o
soil ° soil o
geomorphology ° geomorphology o
slope ° slope °
lithology ° NDVI o
NDVI ° lithology 0
T T T T T T 1T T 1
0 10 20 30 05 15 25
MeanDecreaseAccuracy MeanDecreaseGini
Table 4 Confusion matrix for Predicted the regression stage, we achieved the final model by remov-
random forest model: 0= dust —_ ing the redundant base functions that have the least effect on
;22:§§tabsents’ I'=dust source 0 ! Class error creating DSA. With each adjustment, a model is estimated,
Actual and the best model is chosen based on the minimum squares
0 97 9  0.084 of the estimation error (RSS) and the GCV value. These
1 11 95 0.15 results were calculated using the earth function in the R soft-

Source: Study findings

Table 5 Results of determining

. Factors GCV RSS

the degree of importance of
effective variables in the MARS Land use 100 100
model Geomorphology 79.8  85.3
Slope 763  79.2
Soil 74.8  68.7
Lithology 71.1 554
NDVI 579 536

Source: Study findings

settings include the maximum number of base functions in
the advanced stage, the maximum order of interactions, and
the smoothing parameter. It is of note that the maximum
number of base functions and the maximum order of inter-
actions are the user-defined parameters of the model. In the
MARS model, in the advanced stage, all the basic functions
are added to the model stepwise, and at the end of this stage,
the generated model causes a high computational error. In

ware. The MARS model was optimized with 11 nodes out
of 23 nodes containing 12 base functions with GCV: 0.1 and
also 18 subcategories out of 29 subcategories of independ-
ent variables. The MARS model uses only the independent
variables and removes the other variables.

The MARS model can also analyze susceptibility by dis-
tinguishing between high-impact low-impact variables using
the GCV (generalized cross-validation) and RSS (sum of
squares of error) and by determining the degree of impor-
tance of each. Table 5 shows the ineffective variables and
the results of determining the degree of importance of the
effective variables. Figure 2 shows the relative contribution
of each of the input parameters of the model in terms of the
GCV.

The results indicate the 100% relative participation of the
land use variable in the construction of the final model. The
RSS value for land use is 100, suggesting that if land use is
removed from the model, the sum of the square of the error
is the maximum. Therefore, the existence of this variable is
essential and shows the major and more effective role of land
use than other variables in creating DSA. Other variables
including geomorphology, slope, soil, lithology, and NDVI
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are in the next rank regarding their importance and impact.
These results are not consistent with the study of Gholami
et al. (2020a), who assessed the impact of land use on dust
at a moderate level in Khuzestan province. However, the
results are consistent with those of Boroughani et al (2020).
Also, the results of this study are consistent with the results
of Rahmati et al. (2020) who indicated that soil maps and
land use have the greatest impact and have the least impact
on the modeling of dust sources compared to factors such
as geology and topography. The results indicate that dust
storms exist in dust source areas with suitable surfaces that
allow dust mobilization. Therefore, soil type and land use are
prerequisites for soil erosion through the wind. A large part
of the studied area is covered by playa, dry beds of seasonal
rivers and wetlands, sand dunes, and flat areas without veg-
etation. Accordingly, bare soil is the main physical feature
of the area. As emphasized in previous studies, these types
of land use and natural land cover are susceptible to dust
aerosol emissions when they are dry (Goudie 2018; Hah-
nenberger and Nicoll 2014; Sissakian et al. 2013; Rashki
et al. 2013).

Dust source susceptibility mapping (DSSM)

After executing the models in the R software for observa-
tional data and generalizing the modeling process to the
whole study area, the output is a file with two columns of
0 and 1. The 0 column means no DSA for each pixel, and
the 1 column indicates the existence of DSA for each pixel.
DSSM modeling results were converted to point files based
on the coordinates of each pixel in the GIS software environ-
ment. Then, the final map was prepared in a point-to-raster
format. Eventually, based on natural fractures, they were
classified into 4 classes: low, medium, high, and very high
susceptibility (Fig. 7). These classes are set as in earlier stud-
ies (Mosavi et al. 2020). The results show that areas associ-
ated with wetlands or rivers have a greater potential for dust
emissions due to drying and aridity during long periods of
drought (Li and Sokolik 2018; Boroughani et al. 2021). The
overall status of the case study was determined by calculat-
ing the area of dust sensitivity classes. Figure 8 shows the
area of each sensitivity class and the DSA validation per-
centage of the dust source susceptibility map.

The results of the LR algorithm showed that 7.8% of the
research area is in the low susceptibility area, and more than
68% falls in the very high susceptibility area. The results
also indicate that most of the DSA (81.6%) are in the areas
with high susceptibility. Based on the obtained results, more
than 88% of DSA were placed in areas with high and very
high susceptibility. The results presented in this study are in
agreement with those reported by Gholami et al. (2020b).
These researchers reported that a large part (>80.0%) of the
study area is susceptible to dust emissions and is classified
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as high and very high susceptibility classes. Examining the
class area of the dust susceptibility map using an RF algo-
rithm showed that about 70% of the DSAs are located at the
class level in the classes with very high susceptibility. The
MARS model also showed that more than 80% of the DSAs
fall into two classes of high and very high susceptibility.

In all three models, high and very high susceptibility
classes covered a large percentage of the research area. The
highest percentage of DSA was also in this susceptibility
category. In the RF and March models, very sensitive lay-
ers generally covered a smaller portion of the case study.
Compared to the LR model, the DSA percentage in the high
sensitivity class was higher in the MARS and RF models,
suggesting the higher accuracy and more accurate imple-
mentation of these two models than the LR model. These
findings, consistent with those of other results, show that
RF allows more detailed spatial mapping of dust source sus-
ceptibility compared to other machine learning algorithms
(Rahmati et al. 2020; Boroughani et al. 2020; Gholami et al.
2019; Darvand et al. 2021; Ebrahimi-Khusfi et al. 2021).

Validation of prepared maps is an essential step develop-
ing and identifying sensitive areas and their sources (Craw-
ford et al. 2021). The classification is generally characterized
as excellent for ROC values between 0.9 and 1.0, good for
0.8-0.9, good for 0.7-0.8, average for 0.6—0.7, and weak
for 0.5-0.6 (Yesilnacar 2005). In this research, 30% of the
DSAs were used for the evaluation or testing phase (called
the prediction rate), and 70% for the modeling or training
phase (called the success rate). As mentioned, ROC, AUC,
and RMSE were used to validate the models. The valida-
tion of the models run based on 30%test data showed that
RF, MARS, and LR models had AUC values of 0.94, 0.89,
and 0.78, respectively. In addition, the validation results
of these models using the training data showed the AUCs
0f0.92, 0.86, and 0.76 for the RF, MARS, and LR models,
respectively. This result is consistent with previous stud-
ies that identified an RF with higher accuracy than other
machine learning models for the spatial modeling of dust
emission risks and source identifications (Boroughani et al.
2020; Ebrahimi-Khusfi et al. 2021; Gholami et al. 2019).
The result is also consistent with those of Rahmati et al.
research (2020), who identified sources of dust aerosol using
a new framework based on remote sensing and modeling.
Our results showed that the highest potential source of dust
detected by the RF is in eastern Iran. Based on the RMSE
criterion, RF outperformed the other models significantly.
Table 6 shows the AUC and RMSE values in the training
and validation phases of all the models. In addition, Fig. 9
shows the evaluation results of the models.

Like any other study, this study had some limitations. As
the study area was located the Iran and Iraq border, it was
very difficult to prepare effective layers because the coun-
tries’ scales and preparation methods were different.
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Table 6 Area under the curve (AUC) and root mean square error
(RMSE) values in the training and validation phases all of the models

Phases Models AUC (%) RMSE

Training RF 94 0.021
MARS 89 0.032
LR 78 0.05

Validation RF 92 0.038
MARS 86 0.062
LR 76 0.078

Source: Study findings

Conclusion

This research aimed to integrate remote sensing and
machine learning techniques for spatial mapping of the
earth's sensitivity to dust diffusion in a very important
DSA in the Iran and Iraq border. For this purpose, DSA
was identified using MODIS satellite images and the

Moderate High very High

Miller method. Then, the effective factors and dust source
susceptibility maps were prioritized using LR methods,
MARS, and RF. For this purpose, six independent vari-
ables (i.e., soil, lithology, slope, vegetation index, geo-
morphology units, and land use) were used as effective
factors in creating the DSA. Considering that a part of the
studied area was in Iraq, it was not possible to visit the
field and use all the factors affecting the dust. The MARS,
RF, and LR models showed that the highest DSA percent-
age falls into the very sensitive class. The implementa-
tion of all three models also showed that the land use and
NDVI factor had the greatest and lowest impact on dust
vulnerability in the study area, respectively. Evaluating
these models using the ROC method showed that the RF,
LR, and MARS models fall in the excellent, good, and
very good categories. The RF with an AUC of 0.94 had a
higher performance than the other two methods. In addi-
tion, RF outperformed the other models significantly based
on the RMSE criterion. This research showed that climate
change, drought, war and military operations, surface
water control, diversion of rivers, and dam projects make

Fig.9 (1) The success rate
curve and (2) the predictive
rate curve for the susceptibility
maps produced in this research
for all models
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a large portion of the region to be highly sensitive to dust.
The outputs of this model can be useful for planners and
managers to control and reduce the risk of negative dust
consequences. Future studies could work to prepare spatial
maps of various environmental hazards, especially wind
erosion, and predict the earth’s sensitivity to dust emis-
sions. Given the high potential impact of dust particles in
many parts of Iran, we suggest extending, future research
on dust source sensitivity to other regions.
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