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Abstract: This study aims to estimate the susceptibility of fire occurrence in the Qaradagh area of
the Iraqi Kurdistan Region, by examining 16 predictive factors. We selected these predictive factors,
dependent on analyzing and performing a comprehensive review of about 57 papers related to
fire susceptibility. These papers investigate areas with similar environmental conditions to the arid
environments as our study area. The 16 factors affecting the fire occurrence are Normalized Difference
Vegetation Index (NDVI), slope gradient, slope aspect, elevation, Topographic Wetness Index (TWI),
Topographic Position Index (TPI), distance to roads, distance to rivers, distance to villages, distance
to farmland, geology, wind speed, relative humidity, annual temperature, annual precipitation, and
Land Use and Land Cover (LULC). To extract fires that occurred between 2015 and 2020, 121 scenes
of satellite images (most of them are scenes of Sentinel-2) were used, with the aid of a field survey.
In total, 80% of the data (185,394 pixels) were used for the training dataset in the model, and 20%
of the data (46,348 pixels) were used for the validation dataset. Conversely, 20% of these data were
used for the training dataset in the model, and 80% of the data were used for the validation dataset to
check the model’s overfitting. We used the logistic regression model to analyze the multi-data sites
obtained from the 16 predictive factors, to predict the forest and vegetated lands that suffer from fire.
The receiver operating characteristic (ROC) curve and the area under the curve (AUC) were used to
evaluate the accuracy of the proposed models. The AUC value is more than 84.85% in all groups,
which shows very high accuracy for both the model and the factors selected for preparing fire zoning
maps in the studied area. According to the factor weight results, classes of LULC and wind speed
gained the highest weight among all groups. This paper emphasizes that the used approach is useful
for monitoring shrubland, grassland, and cropland fires in other similar areas, which are located
in the Mediterranean climate zone. Besides, the model can be applied in other regions, taking the
local influencing factors into consideration, which contribute to forest fire mitigation and prevention
planning. Hence, the mentioned results can be applied to primary warning, fire suppression resource
planning, and allocation work. The mentioned results can be used as prior warnings of the outbreak
of fires, taking the necessary measures and methods to prevent and extinguish fires.
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1. Introduction

Vegetated lands are important geomorphological phenomena. They play a significant
role in surface processes, such as erosion and landslides [1–3]. Vegetation is a vital natural
resource, which aids in the preservation of environmental balance [4]. Wildfires are the
greatest serious hazard to the world’s grasslands and forests, causing severe ecological,
economic, and social consequences [5]. Wildfires may occur as a result of long dry seasons;
however, the majority of these events are caused by anthropogenic actions, such as accu-
mulated fuel load in unmanaged vegetated environments as well as vegetation removal
and clearing for increased pasture and agricultural lands [5,6]. They have not, yet, been
described adequately because of the complexity of the processes determining fire behavior,
the great amount of data required, and the difficulty of the extraction and collection of
the data [7]. Every year, wildfires cause a great deal of damage to natural vegetation,
property, the biotic elements of a given ecosystem, and the environment itself, thereby
threatening people’s lives and significant human resources [8]. Fire leads to environmental
degradation, by reducing vegetation coverage and, consequently, food resources for fauna,
while modifying soil properties leading to degradation, mass movement, and diversity
exhaustion [9].

It is vital to identify the factors affecting the spread and occurrence of fires in vegetated
areas, to reduce the fire risk in a given environment [10]. Generally, the causes of fires
in the vegetation include natural (environmental) and artificial (anthropogenic) factors.
Environmental factors affecting fire include biological, physiographic, and climatic fac-
tors [11]. Vegetation is one of the most common biological factors affecting fire occurrence,
which exerts its effects depending on the species, density, humus, and moisture [12–16].
The factor of topography is composed of the sub-factors of slope, aspect, altitude, plan
curvature, and Topographic Position Index (TPI). TPI is another vital factor affecting fire
occurrences [17–21].

Among climatic factors, temperature increases, relative humidity decreases, precip-
itation amounts, and wind speed and direction affect fire occurrences [19,22,23]. Aside
from natural factors, anthropogenic factors as fire ignition sources have caused many fires
worldwide [24,25], such as roads, farmlands, and residential areas located within or around
forests [14,26,27]. In addition, many fires are produced as a means of clearing lands for
agriculture or afforestation purposes [28–30]. Therefore, we carried out an inventory of
previous research that has a similar topographic environment to the study area, to select
the effective factors in fire occurrence. These factors can be divided into two categories: en-
vironmental and anthropogenic factors. Environmental factors include slope, slope aspect,
elevation, topographic Wetness Index (TWI), TPI, annual temperature, precipitation, wind
speed, Normalized Difference Vegetation Index (NDVI), distance from streams, relative
humidity, and geology. On the other hand, anthropogenic factors are the distance from
roads, the distance from settlements, the distance from farmlands, and LULC.

Various studies have been done on the factors affecting fire intensity and
occurrence [2,5,31–36]. The geographical distribution of fires in central Spain has been
studied, in terms of environmental factors. This study showed a significant relationship
between the area of the burned regions and the topography of those regions. In the same
vein, Lozano et al. [37] showed a high correlation between fire occurrence and environmen-
tal factors on different geographical scales. Zumbrunnen et al. [38] showed that climate,
roads, and livestock play a significant role in fire occurrence in Switzerland. In addition, a
non-linear relationship was established between fire occurrence and anthropogenic factors,
with the fire occurrence rate being higher in warmer climates. In another study led by
Justus [39], the vital factor affecting forest fire distribution is topography, followed by
anthropogenic factors.

Humans cannot control fire completely, but they can reduce its intensity and the
damage to natural resources, to a great extent. To this end, each area can be zoned,
given the points available in terms of fire likelihood. In other words, areas with high fire
likelihood must be identified; then, necessary measures should be adopted to prevent or
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fight fires [40,41]. Several studies have been conducted, so far, to model and assess fire
risks in the world, using different methods [42–45]. These studies have used the analytical
hierarchical process (AHP) [2,5,11,13,43–45], fuzzy methods [21,46–49], Analytical Network
Process (ANP) [50], logistic regression [51–54], artificial neural networks [20,55], support
vector machine c, and random forests [15,56] to model fire risks. These methods require
accurate preparation and implementation of the produced models, for the factors affecting
fire occurrence. Given the complexity of the fire processes in various regions and the effects
of various factors on its occurrence, each of the mentioned methods has potential and
limitations. Moreover, in many cases and places, researchers may not have the necessary
efficiency for the accurate prediction and geographical zoning of fire risks [57]. Therefore,
examining the capabilities of these methods and employing them in different regions can
help with choosing the best and most effective method. Moreover, the use of the capabilities
of the Geographic Information System (GIS) and remote sensing has facilitated the zoning
and modeling of fire occurrence [2,12,14,47,58].

In recent years, frequent fires have occurred in the vegetated lands of the Iraqi Kur-
distan Region. In fact, fires are among the major causes that destroy these vegetated areas,
and few studies have been reported so far. Thus, given the limited natural resources,
including shrublands, in this region, the importance of trying to protect them against fires
is maximized. However, despite the occurrence of frequent fires, no research has been
conducted on the factors affecting the occurrence, intensity, and distribution of fires in this
region. Accordingly, in this study, the shrublands of the Qaradagh area were studied, as a
sample of the Kurdistan Region forests. Our study investigates the effects of natural and
anthropogenic factors on fire risks, by integrating satellite images, logistic regression, and
GIS techniques. Therefore, fire risk potentials were mapped and modeled. Preparing the
map of fire potentials using a suitable method plays an important role in understanding and
predicting fire occurrence in vegetated areas of this region, thereby helping environmental
agencies, farmers, and land managers to prevent and deal with this problem through better
supervision of their natural resources.

2. Materials and Methods
2.1. Study Area

The Qaradagh area encompasses the southern part of Sulaymaniyah governate, in the
Kurdistan Region of Iraq (Figure 1). It is an important area in terms of ecology, biodiversity,
and recreation, extending along with the two-mountain series from the northeast to the
southeast. The Qaradagh, Sagrma, and Gulan mountain series (anticlines) forms the
southern and western parts of the region, while Baranan Mountain (anticline) forms the
northern and eastern parts. The region’s altitude ranges between 337 m and 1853 m above
sea level. This region has a Mediterranean climate [59,60]. According to data from the
Tropical Precipitation Measuring Mission (TRMM), for the period of 1998 to 2017 [61], the
average annual precipitation of the study area varies between 591 and 703 mm; whereas,
the average annual temperature varies between 17 and 19 ◦C, for the period of 1979 to
2014 [62].

Fires constitute one of the most important challenges that threaten the ecosystem and
biodiversity in the Qaradagh area. Through the available satellite images of fires (between
May 2015 and October 2020), we surveyed the area and recorded (660) vegetation fires
(Appendix B). As a result, 12.35% of the whole study area was exposed to fire during the
mentioned period. Sagrma Mountain, at the western part of the study area, was exposed
to fire five times, whereas Baranan Mountain, at the eastern part of the study area, was
subjected to fire four times.
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Figure 1. Location of the study area in the southern part of the Sulaymaniyah governate in the
Kurdistan Region of Iraq. The total burned area mapped is shown for the entire region.

2.2. Material and Factors Affecting Fire Susceptibility

Many natural and socioeconomic factors affect fire susceptibility in vegetated and
pastures of a region, with the impact of each of these factors being specific and different in
each region [49]. However, due to the large number and high variety of the factors affecting
fire occurrences and data availability, and, also, to facilitate the better modeling and
understanding of the calculation process, part of these factors—the main factors affecting
fire occurrences in shrublands and pastures—are selected. In the present study, the factors
were selected after the comprehensive review of 57 papers (Appendix A) selected from
the Scopus (Elsevier) database and related to fire susceptibility in forests and pastures in
different countries, published between 2008 and 2020. Accordingly, 16 predictive factors,
confirmed in most sources, were employed to produce a fire susceptibility map.

In general, the factors effective in fire occurrence in this study were divided into two
categories: environmental and anthropogenic factors. Environmental factors include slope,
slope aspect, elevation, Topographic Wetness Index (TWI), TPI, annual temperature, annual
precipitation, wind speed, NDVI, distance from streams, relative humidity, and geology.
On the other hand, anthropogenic factors are the distance from roads, the distance from
settlements, the distance from farmlands, and LULC. From among the aforementioned
factors, the three discrete factors, i.e., slope aspect, LULC, and geology, are classified into
9, 5, and 10 classes, respectively. Thus, each class in these three factors is considered a
variable, and the total number of layers was 37 factors.

We selected the factors used in the previous papers at the rate of ≥10% (16 factors for
this study). In other words, we eliminated factors decreasing the accuracy of vegetation
fire susceptibility mapping and retained those increasing it.

The required and available information were employed, in light of the factors impact-
ing vegetation fires that were discovered and mentioned (Figure 2). In total, 121 pieces of
Sentinel-2 images were downloaded from the EO-Browser website, to map burned areas
at their burning time, during the period 2015–2020. The Sentinel-2 imagery was utilized
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to determine the NDVI, using Sentinel Application Platform (SNAP) software (Table 1).
NDVI is defined based on Equation (1) [63]:

NDVI =
NIR − R
NIR + R

(1)

where NIR and R values are the infrared and red portion of the electromagnetic spectrum,
respectively.
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Table 1. Sentinel-2 spectral bands used to determine the NDVI.

Bands Central Wavelength (µm) Resolution (m)

Band 4—Red 0.665 10
Band 8—NIR 0.842 10

In addition, the Digital Elevation Model (DEM) of the Shuttle Radar Topography
Mission (STRM), with 1 arc-second resolution, was employed to derive slope, slope aspect,
elevation, TWI, and TPI maps. The TWI and TPI are defined, based on Equation (2) [64]
and Equation (3) [65], respectively:

TWI = ln
(

α

tan β

)
(2)

TPI = Ec −
(

1
nM ∑i∈m Ei

)
(3)
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where α is the area of the drained zone, and tan β is the slope angle in degrees. Where Ec is
the elevation of the central pixel, Ei is the elevation of the grid within the local window,
and n is the total number of surrounding points employed in the evaluation.

Moreover, GIS world imagery was used to create the road, settlements, and farmlands
maps, to extract the maps of distance from roads, distance from settlements, and distance
from farmlands. More details of the datasets used and their specifications are fully described
and presented in Table 2. Figures 3 and 4 show the 16 predictive factors, which were used
in this study.

Table 2. Factors and sub-factors effective in fires as well as their source.

Factors The Method of Affecting Fires Factors Used by
Experts (%) Source

1. Slope gradient
Fire spread is higher on steep slopes, so that
with a 10-degree increase in the slope angle,
the propagation speed doubles [66].

54.24

DEM-30 m
https://earthexplorer.

usgs.gov/ (accessed on
13 August 2021)

2. Slope aspect
Since southward slopes are warmer and drier
than other areas, fire risks are higher on these
slopes [67].

52.54

DEM-30 m
https://earthexplorer.

usgs.gov/ (accessed on
13 August 2021)

3. Elevation

Under normal conditions, at lower and middle
altitudes of an area, fires are much more
probable to occur than at higher altitudes
because of relatively higher temperatures,
lower humidity, and ease of human access [12].
Besides, by an increase in the altitude, damage
caused by fires is reduced due to the slower
growth of trees compared to lands of lower
altitudes and the lower accumulation of resin
under the bark [68].

50.85

DEM-30 m
https://earthexplorer.

usgs.gov/ (accessed on
13 August 2021)

4. Precipitation

Precipitation is an important factor
contributing to the high humidity of fuels, so
it is considered a negative indicator of fire
spread. In fact, the higher the moisture
content in a species’ tissue, the more heat and
the longer time it will need to evaporate the
moisture content, so the higher fire resistance
will be. Therefore, the moisture content of the
burnable matter is one of the major factors
effective in fire occurrence [16]. Besides,
rising precipitation in spring increases
vegetation growth. This vegetation dries in
summer and makes fire occurrence possible
[53]. Thus, it is required to pay attention to
the amount of precipitation, the precipitation
season, and the system creating it. This is
because precipitation accompanied by strong
lightning can cause fires.

40.68 TRMM-NASA

https://earthexplorer.usgs.gov/
https://earthexplorer.usgs.gov/
https://earthexplorer.usgs.gov/
https://earthexplorer.usgs.gov/
https://earthexplorer.usgs.gov/
https://earthexplorer.usgs.gov/
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Table 2. Cont.

Factors The Method of Affecting Fires Factors Used by
Experts (%) Source

5. Distance from
roads

When the distance from roads increases, fire
risks decrease because of less traffic and human
activity [47].

40.68 World Imagery-GIS
base map

6. Distance from
settlements

There is a higher fire occurrence risk in the
vicinity of settlements involving human
activity [58].

40.68 World Imagery-GIS
base map

7. LULC

The effects of LULC are exerted by human
activity. Thus, it uses in which there is more
human activity with suitable conditions for fire,
it is more probable to occur [69].

38.98

LULC
https://earthexplorer.

usgs.gov/ (accessed on
13 August 2021)

8. Annual
temperature

Temperature rises increase evaporation and
transpiration, thereby drying combustible
materials, which is considered one of the factors
effective in fire occurrence [70].

38.98

Climate Data
https://globalweather.
tamu.edu/ (accessed
on 13 August 2021)

9. Wind speed

The higher the wind speed is, the higher the fire
intensity will be. This is because when the wind
moves the air, more oxygen is transferred to the
burning environment [22]. In this respect, if the
wind blows from the land, it will have a greater
effect on fire intensity.

32.2

Climate Data
https://globalweather.
tamu.edu/ (accessed
on 13 August 2021)

10. NDVI

Since vegetation is the fuel itself, and NDVI
shows the condition of vegetation, this factor
has a strong effect on fire ignition and the
spread of fire [23].

28.81

Sentinel-2 A
https://earthexplorer.

usgs.gov/ (accessed on
13 August 2021)

11. Distance from
streams

Human activity (particularly, camping along
rivers and springs in summer, monitoring
cropland, and, sometimes, visiting by tourists
to this area, due to the river and the good
weather), could affect vegetation fires. Thus,
the increase in people’s presence along rivers is
one of the serious threats [71].

23.73 World Imagery-GIS
base map

12. Geology

The parent rock determines the soil type. Soil is
considered one of the major parameters in
describing vegetation fires. Besides, it,
indirectly, affects the entire environment of a
given region [72]. The soil type demonstrates
the effects of the texture and composition of soil
substances on fire occurrence [15].

16.95
Iraqi Geological Survey

(Scale 1: 250,000)
GEOSURV-IRAQ

13. TWI

The TWI shows the size of saturated areas of
runoff generation and the effects of topography
on the location. Thus, upon an increase in the
value of this index, fire risks decrease [15].

16.95

DEM-30 m
https://earthexplorer.

usgs.gov/ (accessed on
13 August 2021)

14. Relative
humidity

In dry seasons, with an increase in the
temperature as well as a decrease in relative
humidity and dryness of vegetation, the
probability of fire occurrence and spread
increases [73].

13.56

Climate Data
https://globalweather.
tamu.edu/ (accessed
on 13 August 2021)

15. Distance from
farmlands

Since many fires are created for clearing
agricultural lands off crop residues or
developing them, fire risks are greater near
agricultural lands [28]. Traditionally, farmers
used the above-mentioned method, which is
not seen as a harmful method. On the contrary,
it is viewed as a method that increases soil
fertility. Nevertheless, the fire sometimes gets
out of control, unintentionally.

11.86 World Imagery-GIS
base map

https://earthexplorer.usgs.gov/
https://earthexplorer.usgs.gov/
https://globalweather.tamu.edu/
https://globalweather.tamu.edu/
https://globalweather.tamu.edu/
https://globalweather.tamu.edu/
https://earthexplorer.usgs.gov/
https://earthexplorer.usgs.gov/
https://earthexplorer.usgs.gov/
https://earthexplorer.usgs.gov/
https://globalweather.tamu.edu/
https://globalweather.tamu.edu/
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Table 2. Cont.

Factors The Method of Affecting Fires Factors Used by
Experts (%) Source

16. TPI

It displays the difference in height between a
focal cell and all cells in the neighborhood [74].
In addition, TPI shows that flat areas are not as
favorable for fire occurrence as ridges and
gentle slopes [5]. Besides, the more positive or
negative the curvature is, the more likely the
vegetation-fire occurrence will be [4].

10.17

DEM-30 mhttps:
//earthexplorer.usgs.
gov/ (accessed on 13

August 2021)

Due to the low number of climatological stations in the study area, we used the
TRMM monthly global precipitation data, from 1998 to 2017 [61], and air temperatures
acquired from Climate Forecast System Reanalysis (CFSR), from 1979 to July 2014 [62]. The
TRMM data within Iraq and the Kurdistan Region have been used and verified by several
researchers, such as [75,76], where their accuracy shows a strong direct relationship with
the climatological stations’ data (coefficient of determination (R2) > 0.8). Although the
CFSR was not verified before, it was compared to the data obtained from Darbandikhan
station, located southeast of the study area (Figure 4A). For this purpose, we used the
nearest pixel that was located to the climatological stations. In Figure 4C,D, the R2 indicates
a strong direct relationship (>0.8) between the CFSR and the climatological stations’ data.
The spatial resolution of the CFSR is ~38 km [77]. The TRMM data have a resolution of
0.1 degrees (~9 km). The TRMM and the CFSR data have been converted to vectors and
interpolated with a 30 m spatial resolution.

The geological map was obtained from the Iraqi Geological Survey [78]. Whereas, the
LULC and geological maps were derived from USGS EarthExplorer website and GEOSURV-
Iraq [79].
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Figure 4. Meteorological parameter maps: (A) annual precipitation (from 1998 to 2017);
(B) annual temperature (from 1979 to 2014); (C,D) coefficient of determination maximum and mini-
mum temperature, respectively.

2.3. Burn Scar Inventory

A map of past fires is required to investigate the relationship between fire locations
and the factors influencing fire occurrence. Thus, the manual delineation of the burn scar
inventory was created for 121 satellite images, for the period from 2015 to 2020, in addition
to the field studies. These data have been delivered from Sentinel Hub services, which,
efficiently, provide long-term analysis. Next, the locations of all burn scars, which occurred
during this time interval, were observed on these images, using RGB:432 color composite.
Finally, the burn scars were drawn as polygons, and were, thereafter, captured and used
for modeling and validation purposes.

When all required data and information were collected from different sources, and
after necessary corrections and processing were applied, all factors were converted to the
raster format. Moreover, given the fact that the input layers have varied units, which are not
suitable as direct inputs for the logistic regression, the input parameters were normalized
within the range of 0 to 1 [80]. In the end, making use of the models and coefficients
achieved from the logistic regression method, the maps were overlaid with fire risk maps
of the study area produced.

2.4. Data Analysis by Logistic Regression

After the parameters were prepared, fire susceptibility maps were prepared, using the
logistic regression method. Logistic regression is a statistical method devoted to the group
of generalized linear statistical models, which predicts the probability of an event (fires)
using independent variables. The key point in logistic regression is that the dependent
variable is Boolean (a two-state variable that can be only number 0, meaning non-occurrence,
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or number 1, indicating the occurrence of an event). Concerning fire probability mapping,
logistic regression is used to find the best model for describing the relationships between
the presence or absence of a dependent variable (vegetation fires) and a set of independent
variables. Logistic regression utilizes the maximum likelihood estimation (MLE) method
to find the set of parameters fitting the model best. The model’s output yields coefficients
between 0 and 1, which through fuzzy theory assigns value 1 to probabilities more than 0.5
(fire occurrence) and value 0 to probabilities less than 0.5 (non-fire occurrence). Finally, it
produces a Boolean map for fire susceptibility.

We used the fitting generalized linear models (glm), with a binomial family and logit
link in R. Logistic regression is used, by assuming that the probability of the dependent vari-
able being 1 follows the logarithmic curve. Besides, its value is estimated by Function 4 [81],
as follows:

P
(

y =
1
X

)
=

exp(SBX)
1 + exp(SBX)

(4)

where, P is the possibility of being 1 for the dependent variables, X represents the indepen-
dent variables, B is the estimated parameters, and y represents the dependent variables. To
linearize the function above, the following transformation is applied:

loge

(
P

1 + P

)
= b0 + b1x1 + b2x2 + b3x3 . . . + bkxk + error term (5)

where, P is the possibility of being 1 for the dependent variables, x1, x2 . . . , xk represents
the independent variables, b0 is the coefficient of the regression equation, and b1, b2, . . . , bk
are the coefficients of each independent variable.

This logarithmic change makes the predicted probability become continuous within
the range 0 to 1 and makes the model’s output be presented as a geographical prediction
map for risk probability [82].

2.5. Preparation of Training and Validation Dataset

In total, 103 scenes of satellite images were taken from Sentinel-2, 6 scenes from
Landsat-8, and 3 scenes from Landsat-7 (Appendix B). The Landsat images were used to
avoid cloudy days and cover the time before the Sentinel-2 launch in 2015. All burned
locations, during the mentioned period, were merged to show all areas exposed to the fire
on one map. We separated the burned area randomly into training and validation data
subsets, as recommended in the literature [83]. A percentage of 80% (185,394 points) was
used for the training dataset in the model and 20% (46,348 points) for the validation dataset.
A similar number to the training points (185,394 points) from the burned areas were picked
at random from the unburned areas. Hence, 185,394 points from the burned areas and
185,394 points from the unburned areas were entered into the model as a training dataset.

2.6. Omission of the Factors Less Effective in Fire Occurrence to Map Fire-Susceptible Areas

To map the fire-susceptible areas, all the training data collected from the 16 main
factors were entered as a table into RStudio. The table includes a column that shows the
case of the burn scar that exists. An existed burn was coded as 1 and a non-existed burn
was coded as 0. The logistic regression model was employed to analyze the data and find
the estimation constants (α and β) for probability calculation.

Accordingly, it was observed that in most of the studies, factors, such as slope, slope
aspect, and altitude, were used. However, factors such as relative humidity, distance
from agricultural lands, and TPI (less than 20% of the reviewed articles) were utilized
in fewer studies. Apart from a map, in which all of the mentioned factors were used,
we prepared other maps, from which we removed one of the less important factors from
the total factors every time. Based on their number of frequencies in the studies, factors
of less importance included geology, TWI, relative humidity, distance from farmlands,
and TPI. Besides, another map was prepared, from which all six factors were removed.
Less important factors were omitted, to stress the importance of the impact of the factors
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examined on preparing the fire susceptibility map. This is because the careful selection of
factors is more important than the methods used for the purpose of zoning [75]. In the end,
we will compare the aforementioned maps.

2.7. Validation

Several performance metrics, such as the Roc Curve, Mean Absolute Error (MAE),
Relative Error (RE), and Percentage Error (PE) have been used to assess the predictive
accuracy of the implemented model in the current study.

Validation or accurate evaluation is required in modeling, to determine the scientific
significance or evaluation of a study [3,84]. The efficiency of the model presented in the
present study was evaluated, making use of the receiver operating characteristic (ROC)
curve and the area under the curve (AUC). This is the most common method used for
evaluating modeling efficiency, being used in various research fields [85]. The ROC method
is the graphical representation of the balance between the False Positive Rate and the
True Positive Rate, for every value of probability. The area beneath the AUC-ROC curve
indicates the value predicted by the model, by describing its capability of accurately
estimating events or their non-occurrence. In general, an AUC value of 1–0.8 indicates very
high efficiency, 0.7–0.8 indicates high efficiency, 0.6–0.7 denotes medium efficiency, and
0.5–0.6 indicates low efficiency, of the model.

In this study, 80% of the fires that have occurred in the study period were used as
the training dataset and assigned to model production (Appendix C), while the remaining
20% of the dataset was assigned as a validation. In contrast, we used 20% of the dataset to
predict the models (Appendix D), while the remaining 80% of the dataset was utilized to
validate the results, to check the model’s overfitting.

We used MAE for evaluating the performance of a regression model (Equation (6)). It is
a measurable indicator to validate the closeness of predicted values to actual values, as the
name suggests [86]. The RE was calculated (Equation (7)), where the ratio of the absolute
value to the approximate value is relative error. If the approximate error is unknown, the
actual value is used [87]. Equation (8) used the reference value to calculate the PE [88].

MAE =
1
n

n

∑
i=1
|P−O| (6)

RE =
|P−O|

O
(7)

PE = 100 ∗ |P−O|
O

(8)

where n represents the represents the number of observations; O represents the actual value;
and P represents the predicted value from the susceptibility model.

3. Results
3.1. Vegetation Fire Susceptibility Mapping

After preparing all the factors required and determining the geographical locations of
the fires, which took place during the six years within the study area, logistic regression
was utilized to determine the relationship between factors affecting fire occurrence and
the related spatial modeling. The logistic regression relationship was established between
fire occurrences, as dependent variables, and the mentioned parameters, as independent
variables. Since the studied factors were selected from the literature review, the regression
model was repeated seven times, once to validate the dataset and once, again, to train the
dataset to examine the importance of selecting these factors (Appendices C and D). The
p-values for all predictor factors used in all models are less than 0.05. Therefore, they have
a statistically significant relationship with the fire occurrence in all models. In group 1,
we selected those factors that were used in less than 20% of the studies in various regions,
which were entered into the regression. In group 2, geology was omitted. Besides, TPI, TWI,
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and the distance from agricultural lands were removed in groups 3, 4, and 5, respectively.
In group 6, relative humidity was omitted, and, finally, all respective factors were entered
into the logistic regression in group 7 (Appendices C and D). As a result, seven zoning
maps of fire susceptible areas were prepared. The importance of the order of the factors,
based on the coefficients achieved in each of the seven cases, is according to the order of
the following diagrams, with the maps indicating seven zoning times (Figures 5 and 6).
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3.2. Validation and Comparison of the Maps

Figure 7 shows the validation results for the fire potential map. This diagram shows
that the success rate in all groups is quite apt, ranging from 84.85 to 97.68%. Among all
groups, group 3, i.e., the group with TPI excluded from the model calculations, has the
highest stability and success rates (AUC), which are 97.30% and 97.31% for both 20% and
80%, as training dataset evaluations, respectively (Figure 7). In addition, when assessing
the 20% as a training dataset, group 7 had the highest accuracy (97.68%), compared to the
findings of the other groups (Figure 7A), and it came in second place (96.72%) in terms of
accuracy, when evaluating the 80% as a validation dataset (Figure 7B), which means less
stability than that of group 3.
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The results of the MAE, RE, and the PE of the seven groups show that the best model
is group 7. It has a lesser error, while MAE, RE, and PE are 0.62, 2.32, and 0.64, respectively.
The worst model (highest errors) come in group 4, where the MAE, RE, and PE are 2.54,
15.15, and 2.99, respectively (Table 3).

Table 3. Additional statistical validation methods.

Validation Method Group 1 Group 2 Group 3 Group 4 Group 5 Group 6 Group 7

Mean Absolute Error (MAE)% 1.19 1.01 0.68 2.54 0.86 0.76 0.62
Relative Error (RE)% 5.73 5.41 2.69 15.15 3.80 3.28 2.32
Percentage Error (PE)% 1.26 1.07 0.70 2.99 0.89 0.79 0.64

3.3. Key Factor

The predictive ranges of all seven models show that LULC classes, which are related to
vegetated areas, are the most common factors that affect fire occurrence (Appendices C and D).
This factor includes six classes, which, in order of weight importance, include: cropland,
grassland, urban and built-up land, open shrub, and barren area. The wind speed factor has
the second-most impact on vegetation-fire occurrence, followed by the geological formations
factor, which is composed of clastic sediments (i.e., Tanjero, Aqra, and Bekhme formations).

4. Discussion
4.1. Model Comparison

This study aimed to examine the factors affecting fire occurrence by using the logistic
regression method to zone fire occurrence in the Qaradagh area of the Iraqi Kurdistan
Region. Based on the AUC of the seven models of the logistic regression (Figure 7), group
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3, i.e., the group in which the factor of TPI was not considered, had the highest success
stability rate (97.30% and 97.31%) for both evaluations. This reveals that it is not necessary
to include the TPI factor in the applied models, to find the susceptible areas to fires. This
group ranks second, behind group 7, based on the accuracy results from the MAE, RE, and
PE methods, which indicates the effectiveness of all the selected criteria in determining the
sensitive areas to fires, as confirmed by the outputs of Figure 7A (97.68%). After groups
3 and 7, the accuracy of all used methods revealed that the values of groups 6 and 5
(excluding relative humidity and distance from agricultural land) were stable, indicating
that the effect of the factors on vegetation fires was maintained at the same level and
sequence. In terms of stability and sequence, groups 2 and 1 were similar to groups 6 and 5,
although with less accuracy, as shown in Figure 7 and Table 3. As for groups 2 and 1 (group
2 with the geology factor removed, and group 1 with all factors that were used in less than
20% of past case studies removed), they were similar to groups 6 and 5 in terms of stability
and sequence, but with less accuracy. The low level of accuracy is due to the importance of
the geological factor, and its impact on the spatial distribution of plants that are exposed to
fires. The accuracy of all the applied statistical methods shows that the least accurate model
was represented by group 4, from which the TWI factor was removed. This highlights the
effectiveness and strength of the impact of this factor on the accuracy level of the model,
which must take into account the extent of its importance. As demonstrated, the values of
the statistical accuracy methods show the very strong performance of the models, as well
as the selection of apt factors, for preparing a fire zoning map in the studied area. However,
it is crucial to be careful enough, when selecting factors affecting fire occurrence. The low
success rate in group 4 implies that the factors being more important in fire zoning should
not be removed to increase the model’s success rate. This methodology is also applicable to
other areas with similar geographical and environmental conditions, and decision-makers
could benefit from such an approach.

4.2. Factors Impacting Vegetation Fire

The spatial relation strength of affecting and impacting factors on the event was
shown by the logistic regression model. It determined the relative importance of each
factor influencing the vegetated fire in the study area. Hence, it revealed that the increase
in wind speed, NDVI, and geological formation, which includes vegetation, as well as
LULC class, which is related to vegetated areas, are the most common factors affecting fire
occurrence (Appendices C and D). According to the factor weight results (Figures 5–7),
classes of LULC and, then, wind speed gained the highest weight among all groups, with
their weight being significantly different from that of other factors. Among LULC classes,
the highest weight has been assigned to the cropland class, which can be considered the key
factor that enables us to better anticipate and, even, prevent land fires, requiring, therefore,
some proper land management practices such as reducing fuel loads periodically and, also,
installing firebreaks. Similarly, the results of Pourtaghi et al. [34] show that LULC is the
most effective factor in fire occurrence. The presence of adequate fuel is the main cause of
most fires occurring in pastures, forests, and agricultural lands. Apart from natural fires
in these areas, the role of anthropogenic factors trying to eliminate agricultural residues,
repel destructive pests from agricultural products, and speed up the revival of grass species
in pastures by creating deliberate fires, is noteworthy. Besides, some unofficial reports
relate many wildfires to ethnic disputes, which need more in-depth investigation. Given
these reasons, and considering that the highest weight in all seven groups was related to
the agricultural land class, one can say that humans are the major cause of fires in this
particular region.

After fire occurrence, natural factors can positively or negatively affect fire spread. For
example, wind speed is one of the most effective factors in its spread. Besides, wind affects
both the fire triangle of fuel, heat, and oxygen as well as the fire behavior triangle of fuel,
topography, and climate [89]. Wind, in the fire triangle, transfers more oxygen to the fuel,
thereby causing the initial fire spark. On the other hand, the climate factor is seen in the fire



Sustainability 2022, 14, 6194 16 of 31

behavior triangle, with wind being one of the main components of climate. Wind spreads
fire further to surrounding areas and makes its extinguishment more difficult.

The data about wind direction in the study area are poor, as they are missing detailed
information. Local winds dominate topographic fires more than prevailing winds, due
to slope and differences in the solar heating of the Earth’s surface. Forest fires are more
sensitive to small changes, so slight differences in topographic winds, slopes, or sides have
a greater impact on fire behavior [90]. From the general information, the effect of wind
direction on vegetation fires in each pixel is close to equal, in areas characterized by an
almost equal geographical distribution of vegetation density; therefore, we ignored the
wind direction factor. In the future, we will consider the wind direction factor once local
measurements become available for better spatial analysis.

High temperatures, as well as low precipitation and relative humidity, dry the environ-
ment, thereby providing suitable environmental conditions for fire occurrence and spread.
In regions with these attributes, in case there are combustible materials with, usually, a
small amount of humidity, fire occurrence potentials are very high [91]. Due to the fact
that two climatic factors, temperature and precipitation, are highly effective in causing
fires in terms of time, and given the investigation that was made in the studied area, they
cannot cause significant climatic changes in a habitat on such a limited scale. Research on
the correlation between fires and soil types indicates that the soil moisture content and
its effects on the diversity of plant species are the most effective factors in controlling fire
occurrence or non-occurrence [34].

The factors of the distance from roads, residential areas, and rivers reflect humans’ role
in fire occurrence [92]. These factors can play a dual role in fire occurrence and spread. In
the vicinity of these factors, due to more human traffic and activity, fire occurrence is more
likely. However, the presence of these factors can be effective in preventing fire spread,
after its occurrence. Roads can act as firebreaks, by preventing the fire from spreading to
surrounding areas. As fire can be contained by humans, in case it occurs in the vicinity of
residential areas, it will be extinguished sooner due to easy human access. In the present
study, locations of residential areas were considered as a polygon, not a point, and, then,
a map of the distance from these areas was prepared. In other words, one could say that
population density has been somehow considered. Accordingly, the higher the population
density is, the higher the fire probability will be. In the vicinity of rivers and waterways,
due to the higher humidity of combustibles, the fire spread rate decreases [45].

The TPI implies that flat areas are not as susceptible to fire as sloping areas. Moreover,
fire occurrence is higher in convex slopes than in concave slopes. This case can be justified,
both at the beginning of the fire and at the time of its spread. Humidity is lower in
sloping areas, so the fire spread speed increases with increasing the slope angle after fire
occurrence. The TWI determines the effects of topography on the rate of saturated surfaces
for producing runoff, which plays a significant role in the soil moisture content and slope
stability. Hence, there is an inverse correlation between an increase in this index and fire
occurrence and spread [93].

The high density of the Gramineae species results in increased vegetation density
and the supply of fuels effective in surface fires. Moreover, fire statistics indicate that the
highest frequency of fires occurs almost from early summer to early autumn. Given the
increasing temperatures, decreased relative humidity, dryness of vegetation in summer,
and concomitant effects of human activities, fire is intensified in the region, being consistent
with the studies of Gholami et al. [94] and Rafiee et al. [95].

In the Qaradagh area, further work is necessary to estimate the local biomass and
total carbon levels, which, in turn, can give an idea of the health of the available crops that
could feed random fires. Therefore, we suggested using the method applied by Oliveira
et al. [96] to integrate the field-observed biomass data with lidar data from various sensors,
to estimate the biomass and carbon levels obtained in the dry vegetated land within our
study area. Moreover, lidar metrics can be used to predict wildfires behaviors and risk
assessment measures, by combining lidar data with Landsat-derived indices [96,97] to map
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canopy cover, canopy height, canopy base height, and canopy bulk density as well as to
evaluate the aboveground carbon density through shrubland allometric relationships.

Furthermore, the addition of hyperspectral data can be beneficial in terms of distin-
guishing the moisture content of crops more accurately [98], which, in turn, can act as a
predictor of fires rate. The implementation of such data, in addition to our model, will
provide holistic yet easy-to-apply methods for agriculture managers, which will aid them
in their production rates while minimizing losses through raising awareness on how to
combat wildfires.

4.3. Advantages and Disadvantages

One of the major merits of this study is providing information about the statistical
weight of every individual variable on the overall result. Moreover, the high accuracy
achieved in the present research could have been due to the use of the majority of the factors
affecting fire occurrence, which, in turn, allowed the preparation of a more accurate fire
susceptibility map. The model’s limitation is that the factors impacting the vegetation fire
differ in space and time; in other words, the model cannot be applied everywhere, at any
time, using the same factors influencing the event. Therefore, this model can be applied in
arid and semi-arid mountainous regions. For other regions that have different environments
and topography, the priority should be on careful choice of the predictive factors, which is
far more significant than the methods utilized. Interestingly, multitemporal measurements
of Synthetic Apertura Radar (SAR) and Light Detection and Ranging (LIDAR) are suggested
for further studies, to estimate carbon release and better assess soil erosion and vegetation
recovery.

5. Conclusions

Fire events, caused by natural or anthropogenic factors, are a major threat to landscape
resources, so they must be controlled and prevented. To minimize this threat to forests,
managers should be fully knowledgeable about past fire processes. Accordingly, spatial
analysis of fires must be performed in every region, and conservation strategies should be
formulated for every region, after a thorough understanding of temporal–spatial processes.
The prerequisite for such endeavor is the ability to make predictions, perform spatial
analyses, and prepare a fire susceptibility map. The use of the logistic regression method
is one of the risk-modeling methods, which helps to determine the relationship between
independent and dependent variables. Additionally, combining remote sensing data with
geographic information data and statistical models permits fire managers and personnel to
predict ‘where and when’ vegetation fires will occur.

In the current study, a fire susceptibility map was prepared for the Qaradagh district,
using the logistic regression method. To examine the importance of the factors selected,
the regression model was repeated seven times. Each time, one of the factors used less
frequently in previous studies was omitted. Moreover, all of the factors were entered once
into the regression for modeling. The AUC value was shown to be higher than 96%, in
all groups. This indicates the remarkable performance of the model and the selection of
suitable factors, for preparing a fire zoning map in the study area. According to the results,
to increase the model’s success rate, factors less effective in fire zoning should be removed.
Based on the coefficients obtained, it was found out that the land-use factor exerted the
greatest impact on fire occurrence, among all seven cases, in the current study area.

This approach can be applied to other areas having the same geographical conditions.
However, this requires selecting the variables and their weights that work for the tested
region, based on its environmental conditions.

More detailed land cover classification (particularly classifying other vegetation types
and trees) can increase the understanding and accuracy of vegetated land fire prediction
and is encouraged for future studies. Finally, we suggest considering the Qaradagh district
as a natural protection area, since forest resources are rare and vegetation fires are high in
the Kurdistan region.
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[2] * * * * * * * *
[4] * * * * * * * * * * * * * * *
[5] * * * * * * * * *
[9] *

[12] * * * * *
[13] * * * * *
[14] * * * * * * *
[15] * * * * * * * * * * * * * *
[19] * * * * * * * * * * * * * * * *
[21] * * * * * * * * * * * * * * *
[22] * * * * * * * * * * * * *
[23] * * * * * * * * * *
[26] * * * * * * * * * *
[34] * * * * * * * * * * * * * * *
[35] * * * * * * * *
[42] * * * * *
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[43] *
[45] * * * * * * *
[48] * * * * * * * * * *
[50] * * * * * * * * * *
[53] * * * * * *
[54] * * * * * * * * *
[56] * * * * * *
[58] * * * * * *
[99] * * *
[100] *
[101] *
[102] *
[103] *
[104] *
[105] * * * * * * * * * * *
[106] *
[107] *
[108] * * * * * *
[109] * * *
[110] * *
[111] * *
[112] *
[113] *
[114] * *
[115] * * * * * * * * * * * * *
[116] * * * * * * *
[117] *
[118] * * * * * * * * * * *
[119] * *
[120] *
[121] * * *
[122] *
[123] * * * * * * * * * *
[124] * * * *
[125] * * * * * *
[126] * * * * * * *
[127] * * * * * * * * * * * * *
[128] * *
[129] *
[130] *
[131] * * * * * * * * * *
Sum 31 30 29 24 23 23 23 23 22 18 16 16 13 10 10 10 8 7 6

Average
rate 54.24 52.54 50.85 40.68 40.68 40.68 38.98 38.98 38.98 32.20 28.81 27.12 23.73 16.95 16.95 16.95 13.56 11.86 10.17

* The factor existed in the paper.
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Appendix B Recorded Vegetation Fires during the Period (May 2015 to October 2020)

No. Year Month Day Date Imagery Area
(m2) No. Year Month Day Date Imagery Area

(m2)

1 2015 5 21 21052015 Landsat-7 27,270 331 2017 9 26 26092017 Sentinel-2 762,500
2 2015 5 21 21052015 Landsat-7 2816 332 2017 9 26 26092017 Sentinel-2 50,670
3 2015 5 21 21052015 Landsat-7 52,620 333 2017 9 26 26092017 Sentinel-2 32,170
4 2015 5 21 21052015 Landsat-7 22,320 334 2017 10 11 11102017 Sentinel-2 24,900
5 2015 5 21 21052015 Landsat-7 63,680 335 2017 11 11 11102017 Sentinel-2 387,900
6 2015 5 21 21052015 Landsat-7 17,650 336 2017 11 11 11102017 Sentinel-2 1,534,000
7 2015 5 21 21052015 Landsat-7 18,490 337 2017 11 11 11102017 Sentinel-2 3992
8 2015 5 21 21052015 Landsat-7 7165 338 2017 11 11 11102017 Sentinel-2 4350
9 2015 5 21 21052015 Landsat-7 7007 339 2017 11 11 11102017 Sentinel-2 989.6
10 2015 5 21 21052015 Landsat-7 13,970 340 2018 6 13 13062018 Sentinel-2 118,000
11 2015 5 21 21052015 Landsat-7 32,250 341 2018 6 13 13062018 Sentinel-2 1,723,000
12 2015 5 21 21052015 Landsat-7 10,980 342 2018 6 13 13062018 Sentinel-2 5774
13 2015 5 21 21052015 Landsat-7 5936 343 2018 6 13 13062018 Sentinel-2 9821
14 2015 6 6 6062015 Landsat-7 42,470 344 2018 6 16 16062018 Sentinel-2 2742
15 2015 6 6 6062015 Landsat-7 3,587,000 345 2018 6 16 16062018 Sentinel-2 4328
16 2015 6 14 14062015 Landsat-8 5524 346 2018 6 18 18062018 Sentinel-2 17,240
17 2015 6 14 14062015 Landsat-8 383,400 347 2018 6 18 18062018 Sentinel-2 11,090
18 2015 6 14 14062015 Landsat-8 94,130 348 2018 6 18 18062018 Sentinel-2 13,350
19 2015 6 14 14062015 Landsat-8 128,600 349 2018 6 18 18062018 Sentinel-2 13,620
20 2015 6 14 14062015 Landsat-8 5757 350 2018 6 18 18062018 Sentinel-2 25,740
21 2015 6 14 14062015 Landsat-8 129,000 351 2018 6 21 21062018 Sentinel-2 11,070
22 2015 6 14 14062015 Landsat-8 7679 352 2018 6 23 23062018 Sentinel-2 85,820
23 2015 6 14 14062015 Landsat-8 1,021,000 353 2018 6 23 23062018 Sentinel-2 20,690
24 2015 6 14 14062015 Landsat-8 758,00 354 2018 6 23 23062018 Sentinel-2 42,380
25 2015 6 14 14062015 Landsat-8 148,600 355 2018 6 23 23062018 Sentinel-2 17,320
26 2015 6 30 30062015 Landsat-8 5,338,000 356 2018 6 28 28062018 Sentinel-2 122,200
27 2015 6 30 30062015 Landsat-8 169,200 357 2018 6 28 28062018 Sentinel-2 6324
28 2015 6 30 30062015 Landsat-8 15,230 358 2018 7 1 1072018 Sentinel-2 6329
29 2015 6 30 30062015 Landsat-8 22,040 359 2018 7 3 3072018 Sentinel-2 878,000
30 2015 6 30 30062015 Landsat-8 96,980 360 2018 7 3 3072018 Sentinel-2 65,790
31 2015 6 30 30062015 Landsat-8 1,430,000 361 2018 7 6 6072018 Sentinel-2 2,348,000
32 2015 6 30 30062015 Landsat-8 106,900 362 2018 7 8 8072018 Sentinel-2 305,300
33 2015 6 30 30062015 Landsat-8 31,680 363 2018 7 8 8072018 Sentinel-2 534,800
34 2015 6 30 30062015 Landsat-8 5,050,000 364 2018 7 8 8072018 Sentinel-2 15,860
35 2015 6 30 30062015 Landsat-8 37,950,000 365 2018 7 13 13072018 Sentinel-2 150,700
36 2015 6 30 30062015 Landsat-8 774,700 366 2018 7 13 13072018 Sentinel-2 37,080
37 2015 7 16 16072015 Landsat-8 20,260,000 367 2018 7 13 13072018 Sentinel-2 80,570
38 2015 7 16 16072015 Landsat-8 31,120 368 2018 7 13 13072018 Sentinel-2 7072
39 2015 7 16 16072015 Landsat-8 201,900 369 2018 7 13 13072018 Sentinel-2 18,240
40 2015 7 16 16072015 Landsat-8 17,850 370 2018 7 16 16072018 Sentinel-2 14,810
41 2015 7 16 16072015 Landsat-8 5852 371 2018 7 18 18072018 Sentinel-2 30,930
42 2015 7 16 16072015 Landsat-8 5,139,000 372 2018 7 18 18072018 Sentinel-2 14,110
43 2015 8 17 17082015 Landsat-8 5,744 373 2018 7 18 18072018 Sentinel-2 24,300
44 2015 8 17 17082015 Landsat-8 570,000 374 2018 7 18 18072018 Sentinel-2 32,030
45 2015 8 17 17082015 Landsat-8 29,520 375 2018 7 21 21072018 Sentinel-2 2570
46 2015 8 17 17082015 Landsat-8 425,100 376 2018 7 21 21072018 Sentinel-2 18,520
47 2015 8 17 17082015 Landsat-8 14,340 377 2018 7 23 23072018 Sentinel-2 12,020
48 2015 8 17 17082015 Landsat-8 30,870 378 2018 7 28 28072018 Sentinel-2 22,140
49 2015 8 17 17082015 Landsat-8 22,340 379 2018 8 2 2082018 Sentinel-2 18,320
50 2015 8 17 17082015 Landsat-8 85,680 380 2018 8 2 2082018 Sentinel-2 20,130
51 2015 8 17 17082015 Landsat-8 81,850 381 2018 8 2 2082018 Sentinel-2 1439
52 2015 8 17 17082015 Landsat-8 10,690,000 382 2018 8 2 2082018 Sentinel-2 16,770
53 2015 8 17 17082015 Landsat-8 163,600 383 2018 8 2 2082018 Sentinel-2 30,940
54 2015 8 17 17082015 Landsat-8 1,174,000 384 2018 8 7 7082018 Sentinel-2 329,800
55 2015 8 17 17082015 Landsat-8 32,340 385 2018 8 7 7082018 Sentinel-2 73,950
56 2015 8 17 17082015 Landsat-8 504,100 386 2018 8 12 12082018 Sentinel-2 31,160
57 2015 8 17 17082015 Landsat-8 18,910 387 2018 8 15 15082018 Sentinel-2 51,780
58 2015 8 17 17082015 Landsat-8 15,570 388 2018 8 15 15082018 Sentinel-2 186,900
59 2015 8 17 17082015 Landsat-8 6939 389 2018 8 17 17082018 Sentinel-2 70,270
60 2015 8 17 17082015 Landsat-8 1,029,000 390 2018 8 17 17082018 Sentinel-2 1312
61 2015 8 17 17082015 Landsat-8 40,340 391 2018 8 17 17082018 Sentinel-2 13,390
62 2015 8 21 21082015 Sentinel-2 1,231,000 392 2018 8 22 22082018 Sentinel-2 43,870
63 2015 8 21 21082015 Sentinel-2 57,210 393 2018 8 22 22082018 Sentinel-2 47,230
64 2015 9 2 2092015 Landsat-8 473,800 394 2018 8 25 25082018 Sentinel-2 710,500
65 2015 9 2 2092015 Landsat-8 66,060 395 2018 8 27 27082018 Sentinel-2 6,754,000
66 2015 9 2 2092015 Landsat-8 71,790 396 2018 9 9 19092018 Sentinel-2 59,990
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No. Year Month Day Date Imagery Area
(m2) No. Year Month Day Date Imagery Area

(m2)

67 2015 9 2 2092015 Landsat-8 373,200 397 2018 9 9 9092018 Sentinel-2 222,100
68 2015 9 2 2092015 Landsat-8 6230 398 2018 9 9 9092018 Sentinel-2 15,700
69 2015 9 2 2092015 Landsat-8 5183 399 2018 9 21 21092018 Sentinel-2 27,820
70 2015 9 2 2092015 Landsat-8 8226 400 2018 9 29 29092018 Sentinel-2 266,400
71 2015 9 2 2092015 Landsat-8 7894 401 2018 10 6 6102018 Sentinel-2 4,619,000
72 2015 9 18 18092015 Landsat-8 176,300 402 2019 4 29 29042019 Sentinel-2 18,330
73 2015 9 18 18092015 Landsat-8 70,460 403 2019 5 7 7052019 Sentinel-2 23,560
74 2015 10 12 12102015 Landsat-7 303,800 404 2019 5 17 17052019 Sentinel-2 8492
75 2015 10 12 12102015 Landsat-7 329,500 405 2019 5 19 19052019 Sentinel-2 5064
76 2016 6 13 13062016 Sentinel-2 554,200 406 2019 5 22 22052019 Sentinel-2 4721
77 2016 6 13 13062016 Sentinel-2 204,500 407 2019 5 22 22052019 Sentinel-2 7206
78 2016 6 13 13062016 Sentinel-2 65,400 408 2019 5 24 24052019 Sentinel-2 5133
79 2016 6 13 13062016 Sentinel-2 92,880 409 2019 5 24 24052019 Sentinel-2 1989
80 2016 6 13 13062016 Sentinel-2 94,020 410 2019 5 24 24052019 Sentinel-2 29,080
81 2016 6 13 13062016 Sentinel-2 93,330 411 2019 5 27 27052019 Sentinel-2 9199
82 2016 6 13 13062016 Sentinel-2 51,230 412 2019 5 27 27052019 Sentinel-2 2695
83 2016 6 13 13062016 Sentinel-2 63,120 413 2019 5 29 29052019 Sentinel-2 37,140
84 2016 6 13 13062016 Sentinel-2 19,170 414 2019 5 29 29052019 Sentinel-2 56,290
85 2016 6 13 13062016 Sentinel-2 51,950 415 2019 5 29 29052019 Sentinel-2 5268
86 2016 6 13 13062016 Sentinel-2 52,380 416 2019 5 29 29052019 Sentinel-2 6547
87 2016 6 13 13062016 Sentinel-2 5987 417 2019 5 29 29052019 Sentinel-2 12,360
88 2016 6 13 13062016 Sentinel-2 4187 418 2019 5 29 29052019 Sentinel-2 12,600
89 2016 6 13 13062016 Sentinel-2 10,980 419 2019 5 29 29052019 Sentinel-2 9172
90 2016 6 13 13062016 Sentinel-2 9773 420 2019 5 29 29052019 Sentinel-2 19,130
91 2016 6 13 13062016 Sentinel-2 18,890 421 2019 5 29 29052019 Sentinel-2 23,230
92 2016 6 13 13062016 Sentinel-2 14,860 422 2019 5 29 29052019 Sentinel-2 10,570
93 2016 6 13 13062016 Sentinel-2 13,040 423 2019 5 29 29052019 Sentinel-2 12,020
94 2016 6 13 13062016 Sentinel-2 35,750 424 2019 5 29 29052019 Sentinel-2 9245
95 2016 6 13 13062016 Sentinel-2 22,730 425 2019 5 29 29052019 Sentinel-2 5655
96 2016 6 13 13062016 Sentinel-2 10,230 426 2019 6 1 1062019 Sentinel-2 5789
97 2016 6 13 13062016 Sentinel-2 2073 427 2019 6 1 1062019 Sentinel-2 9754
98 2016 6 13 13062016 Sentinel-2 6431 428 2019 6 1 1062019 Sentinel-2 9351
99 2016 6 13 13062016 Sentinel-2 6260 429 2019 6 1 1062019 Sentinel-2 3766

100 2016 6 13 13062016 Sentinel-2 9379 430 2019 6 1 1062019 Sentinel-2 5845
101 2016 6 13 13062016 Sentinel-2 5558 431 2019 6 1 1062019 Sentinel-2 5484
102 2016 6 13 13062016 Sentinel-2 20,580 432 2019 6 1 1062019 Sentinel-2 2018
103 2016 6 13 13062016 Sentinel-2 6165 433 2019 6 3 3062019 Sentinel-2 283,100
104 2016 6 13 13062016 Sentinel-2 22,410 434 2019 6 3 3062019 Sentinel-2 5181
105 2016 6 13 13062016 Sentinel-2 17,170 435 2019 6 3 3062019 Sentinel-2 78,140
106 2016 6 13 13062016 Sentinel-2 2872 436 2019 6 3 3062019 Sentinel-2 21,100
107 2016 6 13 13062016 Sentinel-2 17,040 437 2019 6 3 3062019 Sentinel-2 8376
108 2016 6 13 13062016 Sentinel-2 3433 438 2019 6 6 6062019 Sentinel-2 6335
109 2016 6 13 13062016 Sentinel-2 2833 439 2019 6 8 8062019 Sentinel-2 16,510
110 2016 6 26 26062016 Sentinel-2 7,536,000 440 2019 6 8 8062019 Sentinel-2 12,400
111 2016 6 26 26062016 Sentinel-2 1,304,000 441 2019 6 8 8062019 Sentinel-2 37,900
112 2016 6 26 26062016 Sentinel-2 280,800 442 2019 6 8 8062019 Sentinel-2 26,980
113 2016 6 26 26062016 Sentinel-2 488,300 443 2019 6 8 8062019 Sentinel-2 11,840
114 2016 6 26 26062016 Sentinel-2 63,250 444 2019 6 11 11062019 Sentinel-2 52,760
115 2016 6 26 26062016 Sentinel-2 36,640 445 2019 6 11 11072019 Sentinel-2 157,400
116 2016 6 26 26062016 Sentinel-2 91,530 446 2019 6 11 11072019 Sentinel-2 236,700
117 2016 6 26 26062016 Sentinel-2 66,310 447 2019 6 13 13062019 Sentinel-2 303,000
118 2016 6 26 26062016 Sentinel-2 5005 448 2019 6 13 13062019 Sentinel-2 58,870
119 2016 6 26 26062016 Sentinel-2 25,710 449 2019 6 13 13062019 Sentinel-2 15,500
120 2016 6 26 26062016 Sentinel-2 252,400 450 2019 6 13 13062019 Sentinel-2 47,520
121 2016 6 26 26062016 Sentinel-2 29,010 451 2019 6 13 13062019 Sentinel-2 3789
122 2016 7 3 3072016 Sentinel-2 168,200 452 2019 6 13 13062019 Sentinel-2 4943
123 2016 7 3 3072016 Sentinel-2 50,910 453 2019 6 13 13062019 Sentinel-2 17,630
124 2016 7 3 3072016 Sentinel-2 22,700 454 2019 6 13 13062019 Sentinel-2 1962
125 2016 7 3 3072016 Sentinel-2 36,420 455 2019 6 13 13062019 Sentinel-2 4811
126 2016 7 3 3072016 Sentinel-2 21,480 456 2019 6 18 18062019 Sentinel-2 20,380
127 2016 7 3 3072016 Sentinel-2 53,180 457 2019 6 18 18062019 Sentinel-2 45,740
128 2016 7 3 3072016 Sentinel-2 48,910 458 2019 6 18 18062019 Sentinel-2 15,340
129 2016 7 3 3072016 Sentinel-2 45,660 459 2019 6 18 18062019 Sentinel-2 9706
130 2016 7 3 3072016 Sentinel-2 21,640 460 2019 6 18 18062019 Sentinel-2 7033
131 2016 7 3 3072016 Sentinel-2 328,700 461 2019 6 18 18062019 Sentinel-2 7621
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No. Year Month Day Date Imagery Area
(m2) No. Year Month Day Date Imagery Area

(m2)

132 2016 7 3 3072016 Sentinel-2 315,300 462 2019 6 18 18062019 Sentinel-2 2,261,000
133 2016 7 3 3072016 Sentinel-2 114,600 463 2019 6 18 18062019 Sentinel-2 188,600
134 2016 7 3 3072016 Sentinel-2 8185 464 2019 6 23 23062019 Sentinel-2 169,300
135 2016 7 3 3072016 Sentinel-2 16,380 465 2019 6 23 23062019 Sentinel-2 193,200
136 2016 7 3 3072016 Sentinel-2 13,850 466 2019 6 23 23062019 Sentinel-2 827,800
137 2016 7 3 3072016 Sentinel-2 17,550 467 2019 6 23 23062019 Sentinel-2 33,610
138 2016 7 3 3072016 Sentinel-2 30,480 468 2019 6 23 23062019 Sentinel-2 9397
139 2016 7 3 3072016 Sentinel-2 20,500 469 2019 6 28 28062019 Sentinel-2 20,640
140 2016 7 3 3072016 Sentinel-2 7337 470 2019 6 28 28062019 Sentinel-2 11,670
141 2016 7 3 3072016 Sentinel-2 12,400 471 2019 6 28 28062019 Sentinel-2 400,700
142 2016 7 3 3072016 Sentinel-2 7921 472 2019 6 28 28062019 Sentinel-2 31,680
143 2016 7 3 3072016 Sentinel-2 4858 473 2019 6 28 28062019 Sentinel-2 2599
144 2016 7 3 3072016 Sentinel-2 13,790 474 2019 6 28 28062019 Sentinel-2 39,200
145 2016 7 3 3072016 Sentinel-2 5691 475 2019 7 1 1072019 Sentinel-2 5961
146 2016 7 3 3072016 Sentinel-2 2234 476 2019 7 1 1072019 Sentinel-2 5371
147 2016 7 3 3072016 Sentinel-2 9517 477 2019 7 3 3072019 Sentinel-2 68,200
148 2016 7 3 3072016 Sentinel-2 27,420 478 2019 7 3 3072019 Sentinel-2 12,410
149 2016 7 16 16072016 Sentinel-2 10,580,000 479 2019 7 3 3072019 Sentinel-2 127,800
150 2016 7 16 16072016 Sentinel-2 294,700 480 2019 7 3 3072019 Sentinel-2 83,930
151 2016 7 16 16072016 Sentinel-2 1,651,000 481 2019 7 3 3072019 Sentinel-2 33,420
152 2016 7 16 16072016 Sentinel-2 8215 482 2019 7 3 3072019 Sentinel-2 4297
153 2016 7 16 16072016 Sentinel-2 2,646,000 483 2019 7 3 3072019 Sentinel-2 29,800
154 2016 7 16 16072016 Sentinel-2 6052 484 2019 7 3 3072019 Sentinel-2 10,410
155 2016 7 16 16072016 Sentinel-2 36,440 485 2019 7 6 6072019 Sentinel-2 3221
156 2016 7 16 16072016 Sentinel-2 17,340 486 2019 7 8 8072019 Sentinel-2 31,720
157 2016 7 16 16072016 Sentinel-2 7591 487 2019 7 8 8072019 Sentinel-2 7330
158 2016 7 16 16072016 Sentinel-2 113,500 488 2019 7 8 8072019 Sentinel-2 605,900
159 2016 7 16 16072016 Sentinel-2 10,480 489 2019 7 8 8072019 Sentinel-2 5203
160 2016 7 16 16072016 Sentinel-2 5788 490 2019 7 8 8072019 Sentinel-2 15,210
161 2016 7 16 16072016 Sentinel-2 6107 491 2019 7 8 8072019 Sentinel-2 17,080
162 2016 7 16 16072016 Sentinel-2 2623 492 2019 7 13 13072019 Sentinel-2 11,430
163 2016 7 16 16072016 Sentinel-2 11,340 493 2019 7 13 13072019 Sentinel-2 26,720
164 2016 7 16 16072016 Sentinel-2 24,420 494 2019 7 14 14052019 Sentinel-2 10,360
165 2016 7 16 16072016 Sentinel-2 1178 495 2019 7 16 16072019 Sentinel-2 84,870
166 2016 7 16 16072016 Sentinel-2 14,990 496 2019 7 16 16072019 Sentinel-2 56,510
167 2016 7 16 16072016 Sentinel-2 15,330 497 2019 7 18 18072019 Sentinel-2 6161
168 2016 7 16 16072016 Sentinel-2 348,700 498 2019 7 23 23072019 Sentinel-2 13,120
169 2016 7 16 16072016 Sentinel-2 16,630 499 2019 7 23 23072019 Sentinel-2 15,820
170 2016 7 16 16072016 Sentinel-2 6034 500 2019 7 23 23072019 Sentinel-2 32,250
171 2016 7 16 16072016 Sentinel-2 3501 501 2019 7 28 28072019 Sentinel-2 65,860
172 2016 7 16 16072016 Sentinel-2 7033 502 2019 7 28 28072019 Sentinel-2 60,370
173 2016 7 16 16072016 Sentinel-2 6112 503 2019 7 31 31072019 Sentinel-2 10,880,000
174 2016 7 16 16072016 Sentinel-2 1992 504 2019 7 31 31072019 Sentinel-2 150,400
175 2016 7 16 16072016 Sentinel-2 854.9 505 2019 7 31 31072019 Sentinel-2 60,240
176 2016 7 16 16072016 Sentinel-2 243,100 506 2019 7 31 31072019 Sentinel-2 2749
177 2016 7 23 23072016 Sentinel-2 79,710 507 2019 8 5 5082019 Sentinel-2 9158
178 2016 7 23 23072016 Sentinel-2 5622 508 2019 8 7 7082019 Sentinel-2 530,800
179 2016 7 23 23072016 Sentinel-2 4053 509 2019 8 7 7082019 Sentinel-2 266,100
180 2016 7 23 23072016 Sentinel-2 15,120 510 2019 8 7 7082019 Sentinel-2 13,530,000
181 2016 7 23 23072016 Sentinel-2 5374 511 2019 8 7 7082019 Sentinel-2 105,500
182 2016 7 23 23072016 Sentinel-2 386.8 512 2019 8 17 17082019 Sentinel-2 1,737,000
183 2016 7 23 23072016 Sentinel-2 479.5 513 2019 8 17 17082019 Sentinel-2 95,000
184 2016 7 23 23072016 Sentinel-2 3878 514 2019 8 17 17082019 Sentinel-2 289,000
185 2016 7 23 23072016 Sentinel-2 3388 515 2019 8 17 17082019 Sentinel-2 34,110
186 2016 7 23 23072016 Sentinel-2 11,770 516 2019 8 20 20082019 Sentinel-2 57,440
187 2016 7 23 23072016 Sentinel-2 1466 517 2019 8 22 22082019 Sentinel-2 61,490
188 2016 7 23 23072016 Sentinel-2 1515 518 2019 8 22 22082019 Sentinel-2 3327
189 2016 7 23 23072016 Sentinel-2 3239 519 2019 8 30 30082019 Sentinel-2 8,957,000
190 2016 7 23 23072016 Sentinel-2 388,900 520 2019 8 30 30082019 Sentinel-2 23,200
191 2016 7 23 23072016 Sentinel-2 9926 521 2019 9 1 1092019 Sentinel-2 2,280,000
192 2016 7 23 23072016 Sentinel-2 3390 522 2019 9 1 1092019 Sentinel-2 1,438,000
193 2016 7 23 23072016 Sentinel-2 219,500 523 2019 9 1 1092019 Sentinel-2 9084
194 2016 7 23 23072016 Sentinel-2 8915 524 2019 9 1 1092019 Sentinel-2 150,700
195 2016 7 23 23072016 Sentinel-2 52,410 525 2019 9 1 1092019 Sentinel-2 2,810,000
196 2016 7 23 23072016 Sentinel-2 39,210 526 2019 9 1 1092019 Sentinel-2 44,940
197 2016 7 23 23072016 Sentinel-2 19,710 527 2019 9 1 1092019 Sentinel-2 26,510
198 2016 7 23 23072016 Sentinel-2 25,620 528 2019 9 1 1092019 Sentinel-2 2835
199 2016 7 23 23072016 Sentinel-2 18,450 529 2019 9 1 1092019 Sentinel-2 106,400
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No. Year Month Day Date Imagery Area
(m2) No. Year Month Day Date Imagery Area

(m2)

200 2016 7 23 23072016 Sentinel-2 67,460 530 2019 9 1 1092019 Sentinel-2 7332
201 2016 7 23 23072016 Sentinel-2 4843 531 2019 9 6 6092019 Sentinel-2 12,650
202 2016 7 23 23072016 Sentinel-2 97,420 532 2019 9 6 6092019 Sentinel-2 179,500
203 2016 7 23 23072016 Sentinel-2 23,450 533 2019 9 6 6092019 Sentinel-2 12,040
204 2016 7 23 23072016 Sentinel-2 20,230 534 2019 9 6 6092019 Sentinel-2 67,160
205 2016 7 23 23072016 Sentinel-2 5118 535 2019 9 11 11092019 Sentinel-2 1,058,000
206 2016 7 23 23072016 Sentinel-2 2605 536 2019 9 21 21092019 Sentinel-2 64,710
207 2016 7 26 26072016 Sentinel-2 88,380 537 2019 9 24 24092019 Sentinel-2 27,290
208 2016 7 26 26072016 Sentinel-2 22,470 538 2019 9 24 24092019 Sentinel-2 44,440
209 2016 7 26 26072016 Sentinel-2 6720 539 2019 10 4 4102019 Sentinel-2 13,200
210 2016 7 26 26072016 Sentinel-2 11,980 540 2019 10 6 6102019 Sentinel-2 62,150
211 2016 7 26 26072016 Sentinel-2 4417 541 2019 10 6 6102019 Sentinel-2 70,370
212 2016 7 26 26072016 Sentinel-2 7437 542 2019 10 6 6102019 Sentinel-2 48,690
213 2016 7 26 26072016 Sentinel-2 11,370 543 2019 10 6 6102019 Sentinel-2 24,760
214 2016 8 26 6072016 Sentinel-2 8876 544 2019 10 6 6102019 Sentinel-2 10,610
215 2016 8 5 5082016 Sentinel-2 13,670 545 2019 10 6 6102019 Sentinel-2 18,430
216 2016 8 5 5082016 Sentinel-2 31,270 546 2019 10 6 6102019 Sentinel-2 93,260
217 2016 8 5 5082016 Sentinel-2 10,000 547 2019 10 11 11102019 Sentinel-2 51,390
218 2016 8 5 5082016 Sentinel-2 18,930 548 2019 10 11 11102019 Sentinel-2 69,020
219 2016 8 5 5082016 Sentinel-2 26,190 549 2019 10 16 16102019 Sentinel-2 317,100
220 2016 8 12 12082016 Sentinel-2 6405 550 2019 10 16 16102019 Sentinel-2 22,580
221 2016 8 12 12082016 Sentinel-2 4811 551 2020 4 21 21042020 Sentinel-2 21,670
222 2016 8 12 12082016 Sentinel-2 22,930 552 2020 5 1 1052020 Sentinel-2 121,700
223 2016 8 12 12082016 Sentinel-2 24,830 553 2020 5 1 1052020 Sentinel-2 19,810
224 2016 8 12 12082016 Sentinel-2 63,220 554 2020 5 13 13052020 Sentinel-2 19,930
225 2016 8 12 12082016 Sentinel-2 10,610 555 2020 5 23 23052020 Sentinel-2 887,700
226 2016 8 12 12082016 Sentinel-2 24,650 556 2020 5 23 23052020 Sentinel-2 23,840
227 2016 8 12 12082016 Sentinel-2 15,390 557 2020 5 31 31052020 Sentinel-2 1,312,000
228 2016 8 15 15082016 Sentinel-2 75,710 558 2020 5 31 31052020 Sentinel-2 2,885,000
229 2016 8 15 15082016 Sentinel-2 18,650 559 2020 5 31 31052020 Sentinel-2 91,550
230 2016 8 25 25082016 Sentinel-2 75,080 560 2020 5 31 31052020 Sentinel-2 15,290
231 2016 8 25 25082016 Sentinel-2 30,690 561 2020 6 2 2062020 Sentinel-2 26,690
232 2016 8 25 25082016 Sentinel-2 18,470 562 2020 6 2 2062020 Sentinel-2 115,600
233 2016 8 25 25082016 Sentinel-2 25,320 563 2020 6 2 2062020 Sentinel-2 61,700
234 2016 8 25 25082016 Sentinel-2 4354 564 2020 6 2 2062020 Sentinel-2 26,580
235 2016 8 25 25082016 Sentinel-2 4900 565 2020 6 2 2062020 Sentinel-2 8253
236 2016 8 25 25082016 Sentinel-2 42,380 566 2020 6 2 2062020 Sentinel-2 101,300
237 2016 9 1 1092016 Sentinel-2 2,469,000 567 2020 6 5 5062020 Sentinel-2 161,800
238 2016 9 1 1092016 Sentinel-2 12,790,000 568 2020 6 5 5062020 Sentinel-2 10,270
239 2016 9 1 1092016 Sentinel-2 32,740 569 2020 6 5 5062020 Sentinel-2 46,650
240 2016 9 1 1092016 Sentinel-2 227,100 570 2020 6 5 5062020 Sentinel-2 78,100
241 2016 9 1 1092016 Sentinel-2 40,910 571 2020 6 5 5062020 Sentinel-2 13,910
242 2016 9 1 1092016 Sentinel-2 22,590 572 2020 6 7 7062020 Sentinel-2 12,770
243 2016 9 1 1092016 Sentinel-2 11,440 573 2020 6 7 7062020 Sentinel-2 7744
244 2017 5 9 9052017 Sentinel-2 18,140 574 2020 6 7 7062020 Sentinel-2 2224
245 2017 5 9 9052017 Sentinel-2 1764 575 2020 6 7 7062020 Sentinel-2 39,130
246 2017 5 9 9052017 Sentinel-2 6671 576 2020 6 7 7062020 Sentinel-2 101,400
247 2017 5 9 9052017 Sentinel-2 23,640 577 2020 6 7 7062020 Sentinel-2 2534
248 2017 5 9 9052017 Sentinel-2 9006 578 2020 6 7 7062020 Sentinel-2 38,610
249 2017 5 9 9052017 Sentinel-2 7851 579 2020 6 7 7062020 Sentinel-2 13,470
250 2017 5 12 12052017 Sentinel-2 27,370 580 2020 6 7 7062020 Sentinel-2 38,620
251 2017 5 22 22052017 Sentinel-2 60,670 581 2020 6 7 7062020 Sentinel-2 3642
252 2017 5 22 22052017 Sentinel-2 50,050 582 2020 6 7 7062020 Sentinel-2 5200
253 2017 5 22 22052017 Sentinel-2 83,490 583 2020 6 7 7062020 Sentinel-2 5954
254 2017 5 22 22052017 Sentinel-2 18,550 584 2020 6 10 10062020 Sentinel-2 132,800
255 2017 5 22 22052017 Sentinel-2 16,510 585 2020 6 12 12062020 Sentinel-2 35,480
256 2017 5 22 22052017 Sentinel-2 1706 586 2020 6 12 12062020 Sentinel-2 216,000
257 2017 5 22 22052017 Sentinel-2 32,730 587 2020 6 12 12062020 Sentinel-2 36,830
258 2017 5 22 22052017 Sentinel-2 205,600 588 2020 6 12 12062020 Sentinel-2 13,670
259 2017 5 22 22052017 Sentinel-2 5801 589 2020 6 12 12062020 Sentinel-2 116,800
260 2017 5 22 22052017 Sentinel-2 34,290 590 2020 6 12 12062020 Sentinel-2 20,480
261 2017 5 22 22052017 Sentinel-2 26,930 591 2020 6 17 17062020 Sentinel-2 262,300
262 2017 5 29 29052017 Sentinel-2 12,960 592 2020 6 17 17062020 Sentinel-2 27,250
263 2017 5 29 29052017 Sentinel-2 51,440 593 2020 6 17 17062020 Sentinel-2 58,620
264 2017 5 29 29052017 Sentinel-2 42,960 594 2020 6 22 22062020 Sentinel-2 38,590
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No. Year Month Day Date Imagery Area
(m2) No. Year Month Day Date Imagery Area

(m2)

265 2017 5 29 29052017 Sentinel-2 73,730 595 2020 6 22 22062020 Sentinel-2 12,970
266 2017 5 29 29052017 Sentinel-2 4667 596 2020 6 25 25062020 Sentinel-2 642,900
267 2017 5 29 29052017 Sentinel-2 2779 597 2020 6 25 25062020 Sentinel-2 7354
268 2017 5 29 29052017 Sentinel-2 5866 598 2020 6 25 25062020 Sentinel-2 569,400
269 2017 5 29 29052017 Sentinel-2 20,300 599 2020 6 27 27062020 Sentinel-2 381,700
270 2017 5 29 29052017 Sentinel-2 5799 600 2020 6 27 27062020 Sentinel-2 122,400
271 2017 5 29 29052017 Sentinel-2 16,910 601 2020 6 27 27062020 Sentinel-2 9,103,000
272 2017 5 29 29052017 Sentinel-2 5432 602 2020 6 27 27062020 Sentinel-2 7893
273 2017 5 29 29052017 Sentinel-2 4607 603 2020 6 27 27062020 Sentinel-2 4949
274 2017 5 29 29052017 Sentinel-2 49,690 604 2020 6 27 27062020 Sentinel-2 11,370
275 2017 6 1 1062017 Sentinel-2 1,105,000 605 2020 6 27 27062020 Sentinel-2 3730
276 2017 6 11 11062017 Sentinel-2 76,350 606 2020 6 30 30062020 Sentinel-2 17,380
277 2017 6 11 11062017 Sentinel-2 12,840 607 2020 6 30 30062020 Sentinel-2 8559
278 2017 7 1 1072017 Sentinel-2 169,000 608 2020 7 2 2072020 Sentinel-2 1,105,000
279 2017 7 1 1072017 Sentinel-2 293,00 609 2020 7 2 2072020 Sentinel-2 6,691,000
280 2017 7 1 1072017 Sentinel-2 440,600 610 2020 7 2 2072020 Sentinel-2 33,270
281 2017 7 1 1072017 Sentinel-2 2,732,000 611 2020 7 2 2072020 Sentinel-2 1,209,000
282 2017 7 1 1072017 Sentinel-2 11,550 612 2020 7 2 2072020 Sentinel-2 55,370
283 2017 7 1 1072017 Sentinel-2 8572 613 2020 7 2 2072020 Sentinel-2 49,600
284 2017 7 1 1072017 Sentinel-2 6875 614 2020 7 2 2072020 Sentinel-2 24,310
285 2017 7 1 1072017 Sentinel-2 17,300 615 2020 7 2 2072020 Sentinel-2 89,960
286 2017 7 3 3072017 Sentinel-2 54,790 616 2020 7 2 2072020 Sentinel-2 19,590
287 2017 7 3 3072017 Sentinel-2 16,890 617 2020 7 2 2072020 Sentinel-2 6726
288 2017 7 6 6072017 Sentinel-2 497,600 618 2020 7 5 5072020 Sentinel-2 61,330
289 2017 7 11 11072017 Sentinel-2 134,100 619 2020 7 5 5072020 Sentinel-2 328,500
290 2017 7 11 11072017 Sentinel-2 918,300 620 2020 7 31 31072018 Sentinel-2 7608
291 2017 7 11 11072017 Sentinel-2 18,570 621 2020 7 7 7072020 Sentinel-2 4874
292 2017 7 11 11072017 Sentinel-2 6539 622 2020 7 7 7072020 Sentinel-2 18,690
293 2017 7 11 11072017 Sentinel-2 14,830 623 2020 7 7 7072020 Sentinel-2 19,190
294 2017 7 23 23072017 Sentinel-2 172,600 624 2020 7 7 7072020 Sentinel-2 3615
295 2017 7 23 23072017 Sentinel-2 31,660 625 2020 7 7 7072020 Sentinel-2 108,600
296 2017 7 23 23072017 Sentinel-2 169,000 626 2020 7 7 7072020 Sentinel-2 10,350
297 2017 7 23 23072017 Sentinel-2 2053 627 2020 7 12 12072020 Sentinel-2 20,180
298 2017 7 23 23072017 Sentinel-2 10,480 628 2020 7 15 15072020 Sentinel-2 230,700
299 2017 7 23 23072017 Sentinel-2 10,980,000 629 2020 7 15 15072020 Sentinel-2 13,790
300 2017 7 23 23072017 Sentinel-2 5,090,000 630 2020 7 15 15072020 Sentinel-2 897,900
301 2017 7 23 23072017 Sentinel-2 180,800 631 2020 7 15 15072020 Sentinel-2 1,517,000
302 2017 7 28 28072017 Sentinel-2 27,240 632 2020 7 17 17072020 Sentinel-2 1,579,000
303 2017 7 28 28072017 Sentinel-2 400,900 633 2020 7 17 17072020 Sentinel-2 929,500
304 2017 7 28 28072017 Sentinel-2 187,700 634 2020 7 17 17072020 Sentinel-2 126,200
305 2017 8 12 12082017 Sentinel-2 213,800 635 2020 7 17 17072020 Sentinel-2 2,455,000
306 2017 8 12 12082017 Sentinel-2 451,400 636 2020 7 22 22072020 Sentinel-2 1,013,000
307 2017 8 12 12082017 Sentinel-2 17,280 637 2020 7 22 22072020 Sentinel-2 453,700
308 2017 8 12 12082017 Sentinel-2 4320 638 2020 7 22 22072020 Sentinel-2 2,366,000
309 2017 8 12 12082017 Sentinel-2 50,260 639 2020 7 27 27072020 Sentinel-2 73,270
310 2017 8 12 12082017 Sentinel-2 37,790 640 2020 7 27 27072020 Sentinel-2 1,127,000
311 2017 8 12 12082017 Sentinel-2 187,400 641 2020 7 30 30072020 Sentinel-2 416,600
312 2017 8 12 12082017 Sentinel-2 786,300 642 2020 8 1 1082020 Sentinel-2 4773
313 2017 8 12 12082017 Sentinel-2 30,950 643 2020 8 6 6082020 Sentinel-2 3468
314 2017 8 12 12082017 Sentinel-2 4952 644 2020 8 6 6082020 Sentinel-2 59,090
315 2017 8 20 20082017 Sentinel-2 74,950 645 2020 8 11 11082020 Sentinel-2 3476
316 2017 8 20 20082017 Sentinel-2 23,410 646 2020 8 11 11082020 Sentinel-2 178,900
317 2017 8 20 20082017 Sentinel-2 10,850 647 2020 8 11 11082020 Sentinel-2 568,300
318 2017 9 1 1092017 Sentinel-2 688,400 648 2020 8 11 11082020 Sentinel-2 9427
319 2017 9 1 1092017 Sentinel-2 110,500 649 2020 8 11 11082020 Sentinel-2 17,940
320 2017 9 1 1092017 Sentinel-2 23,360 650 2020 8 11 11082020 Sentinel-2 91,750
321 2017 9 6 6092017 Sentinel-2 2,563,000 651 2020 8 11 11082020 Sentinel-2 70,120
322 2017 9 24 24092017 Sentinel-2 25,980 652 2020 8 14 14082020 Sentinel-2 22,120
323 2017 9 24 24092017 Sentinel-2 11,490 653 2020 8 16 16082020 Sentinel-2 342,500
324 2017 9 26 26072017 Sentinel-2 26,630 654 2020 8 16 16082020 Sentinel-2 196,800
325 2017 9 26 26092017 Sentinel-2 26,070 655 2020 8 19 19082020 Sentinel-2 45,260
326 2017 9 26 26092017 Sentinel-2 57,440 656 2020 8 21 21082020 Sentinel-2 59,790
327 2017 9 26 26092017 Sentinel-2 151,800 657 2020 8 26 26082020 Sentinel-2 533,100
328 2017 9 26 26092017 Sentinel-2 47,720 658 2020 8 31 31082020 Sentinel-2 95,980
329 2017 9 26 26092017 Sentinel-2 1555 659 2020 9 15 15092020 Sentinel-2 2,568,000
330 2017 9 26 26092017 Sentinel-2 20,590 660 2020 9 15 15092020 Sentinel-2 76,720
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Appendix C The Range of Estimation for Each Factor by Logistic Regression Results
of Training Dataset for Each Group

Factor Group1 Group2 Group3 Group4 Group5 Group6 Group7

Intercept −86.1 −118.0 −125.0 −160.000 −162.0 −171.0 −160
Slope 0.031 0.034 0.025 0.025 0.026 0.027 0.0264
Aspect -N 0.106 0.094 0.171 0.149 0.143 0.149 0.149
Aspect -NE 0.080 0.092 0.125 0.119 0.102 0.117 0.119
Aspect -E −0.106 −0.093 −0.050 −0.050 −0.065 −0.053 −0.0502
Aspect -SE −0.146 −0.138 −0.127 −0.118 −0.115 −0.116 −0.116
Aspect -S −0.017 −0.009 −0.084 −0.065 −0.056 −0.061 −0.0658
Aspect -SW 0.026 0.029 −0.066 −0.054 −0.050 −0.052 −0.0557
Aspect -W 0.124 0.110 0.069 0.066 0.076 0.064 0.0659
Aspect -NW −0.073 −0.089 −0.042 −0.051 −0.038 −0.051 −0.0487
Elevation 0.002 0.002 0.002 0.002 0.002 0.002 0.00193
Precipitation 0.006 0.010 0.026 0.027 0.016 0.021 0.0268
Distance to Road 0.000 0.000 0.000 0.000 0.000 0.000 −0.00036
Distance to Settlements 0.001 0.001 0.001 0.001 0.001 0.001 0.000581
LULC1-Open Shrub 57.300 73.400 115.000 122.000 95.100 110.000 122
LULC2-Grassland 58.100 74.100 116.000 122.000 95.800 111.000 122
LULC4-Cropland 58.200 74.300 116.000 122.000 96.000 111.000 122
LULC5-Urban Area 57.500 73.500 116.000 122.000 95.600 110.000 122
LULC6-Barren 47.200 63.200 105.000 111.000 84.700 99.400 111
Annual Air Temperature −0.316 0.000 −1.700 −0.922 0.156 −0.166 −0.909
Wind Speed 9.500 10.800 19.400 18.900 13.800 16.100 18.8
NDVI −2.110 −1.800 −2.440 −2.200 −2.360 −2.230 −2.22
Distance to streams −0.001 −0.002 0.000 −0.002 −0.002 −0.002 −0.00182
Geology-Flood Plain / / 1.850 1.810 1.700 1.800 1.81
Geology-Slope / / −0.295 −0.313 −0.290 −0.326 −0.315
Geology-Polygenetic / / −0.595 −0.606 −0.586 −0.596 −0.607
Geology-Mukdadiyah / / −0.164 −0.232 −0.295 −0.257 −0.231
Geology-Injana / / 0.806 0.747 0.716 0.742 0.748
Geology-Fatha / / 0.961 0.991 1.010 0.985 0.992
Geology-Pilaspi / / 0.571 0.595 0.566 0.582 0.594
Geology-Gercus / / 0.042 0.070 0.090 0.084 0.069
Geology-Khurmala and Sinjar / / −0.138 −0.109 −0.052 −0.074 −0.11
Geology-Kolosh / / −0.434 −0.365 −0.314 −0.339 −0.363
Geology-Tanjero, Aqra, and
Bekhme / / −2.610 −2.590 −2.550 −2.610 −2.59

TWI / 0.010 0.012 / 0.012 0.012 0.012
Relative Humidity / 0.102 −0.890 −0.517 0.248 / −0.51
Distance to Farmland / 0.000 0.0002 0.004 / 0.00013 0.000149
TPI / 0.004 / 0.0043 0.004 0.004 0.00426

Appendix D The Range of Estimation for Each Factor by Logistic Regression Results
of Validation Dataset for Each Group

Factor Group1 Group2 Group3 Group4 Group5 Group6 Group7

Intercept −305 −22.31 104.5 11.36 −142 −371.2 8.71
Slope 0.02825 0.03329 0.02862 0.02837 0.02904 0.03551 0.03116
Aspect-N 0.3124 0.2489 0.2423 0.2105 0.222 0.2304 0.2112
Aspect-NE 0.06258 0.001159 −0.05362 −0.05304 −0.05112 0.01329 −0.05428
Aspect-E −0.4681 −0.4903 −0.5028 −0.5033 −0.5134 −0.481 −0.506
Aspect-SE −0.1643 −0.1617 −0.1732 −0.1629 −0.1421 −0.1555 −0.1593
Aspect-S 0.1507 0.2201 0.2219 0.2596 0.2413 0.2304 0.2552
Aspect-SW 0.1 0.1835 0.187 0.2197 0.1928 0.1802 0.2158
Aspect-W 0.01248 −0.00756 0.03013 0.01171 0.02498 −0.00135 0.01194
Aspect-NW −0.01185 0.00039 0.04304 0.01228 0.02091 −0.02414 0.01988
Elevation 0.00023 0.000224 0.001738 0.000562 0.000136 −0.00099 0.000541
Precipitation 0.1367 0.2364 0.2615 0.2539 0.1956 0.1615 0.2537
Distance to Road −0.00028 −0.00048 −0.0005856 −0.00062 −0.0006 −0.00044 −0.00062
Distance to Settlements 0.000117 −4.3 × 10−5 4.081 × 10−5 4.77 × 10−5 0.000187 9.28 × 10−5 4.66 × 10−5
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Factor Group1 Group2 Group3 Group4 Group5 Group6 Group7

LULC1-Open Shrub 10.65 9.839 9.451 9.454 9.966 10.41 9.5
LULC2-Grassland 11.58 10.73 10.33 10.36 10.8 11.38 10.41
LULC4-Cropland 11.34 10.46 9.966 9.995 10.39 11.12 10.04
LULC5-Urban Area 12.03 11.93 11.71 11.73 11.56 12.33 11.78
LULC6-Barren 1.405 1.33 1.435 1.353 1.237 1.837 1.387
Annual Air Temperature −0.3361 −11.91 −16.66 −13.64 −7.492 0.6016 −13.58
Wind Speed 73.28 137.2 157.9 149.9 117.1 84.91 149.9
NDVI −3.157 −2.026 −2.708 −2.052 −2.248 −2.108 −2.069
Distance to streams 0.001483 −0.00143 0.000881 −0.00194 −0.00169 −0.0019 −0.00157
Geology-Flood Plain / / −0.2976 −0.4112 −0.7447 −0.4617 −0.4108
Geology-Slope / / −0.8035 −0.9317 −1.242 −1.355 −0.9299
Geology-Polygenetic / / 1.521 1.513 2.038 1.638 1.501
Geology-Mukdadiyah / / 1.687 1.493 0.9022 1.117 1.498
Geology-Injana / / −0.3107 −0.4829 −0.6287 −0.4022 −0.479
Geology-Fatha / / 0.443 0.4752 0.4789 0.4702 0.4813
Geology-Pilaspi / / −0.7157 −0.6053 −0.6636 −0.4154 −0.6063
Geology-Gercus / / −0.9819 −0.8063 −0.8455 −0.3796 −0.8063
Geology-Khurmala and Sinjar / / 2.499 2.612 3.026 2.542 2.583
Geology-Kolosh / / −0.7934 −0.5782 −0.7149 −0.2305 −0.5707
Geology-Tanjero, Aqra, and
Bekhme / / −2.256 −2.287 −1.617 −2.532 −2.27

TWI / 0.03229 0.03427 / 0.03874 0.04388 0.03755
Relative Humidity / −7.941 −10.84 −9.169 −4.852 / −9.132
Distance to Farmland / 0.000445 0.0004533 0.000418 / 0.00021 0.000418
TPI / 0.006574 / 0.0072 0.008614 0.01052 0.007242
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