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1. Introduction

Drought, a common natural phenomenon, significantly im-
pacts societal and economic progression, contributes to various 
environmental issues, and leads to natural calamities such as 
alterations in surface water flow, decimation of agricultural out-
put, and desertification (Mishra and Singh, 2010). Soil hydration 
is equally a fundamental requirement for crop cultivation and 
maturation. A lack of adequate water resources can impede crop 
growth, indirectly resulting in diminished crop yields (Quiring 
and Ganesh, 2010). Global temperatures have risen by approxi-
mately 0.74°C over the past century, leading to widespread and 
unexpected land degradation, particularly in mid-latitude, arid, 
and semi-arid regions worldwide (Jiang et al., 2017). Further-

more, numerous research studies suggest that the extent of ex-
tremely arid land is anticipated to rise in the forthcoming years. 
This condition is expected to worsen especially during the sum-
mer season in continental regions (Zhang et al., 2019; Gümüş 
et al., 2023; Kimura et al., 2023). Given the prevailing climate 
change situation, the outcomes of such aridity tendencies might 
be disastrous. As such, it’s of utmost importance to identify areas 
afflicted by drought, observe the severity of the drought, and as-
sess its repercussions on agriculture, the environment, and eco-
nomic conditions. This is vital for managing regional drought 
risk and formulating sustainable development strategies (Hao 
et al., 2012).

Based on a variety of remote sensing data, remote sensing 
technology is one of the best ways to monitor dryness across 
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Abstract

Assessing soil moisture is an essential measure of aridity and has become a signifi cant fi eld of 
study for monitoring dry conditions, particularly following recent years’ climate change develop-
ments. This article aims to evaluate three drought indices, the Perpendicular Drought Index (PDI), 
Soil Moisture Monitoring Index (SMMI), and Modifi ed Soil Moisture Monitoring Index (MSMMI), 
within the Gozlu agricultural enterprise located in Konya Province, Turkey, which is characterized 
by a semi-arid ecosystem. It also tests the correlation between long-term precipitation data and 
the selected drought indices while exploring the relationship between the most correlated drought 
index with long-term precipitation spatial data on the one hand and the spatial distribution of soil 
texture on the other. This study was conducted in two stages. In the fi rst stage, we used Sentinel-2 
data to derive drought indices and the ERA5 dataset to calculate the long-term mean total monthly 
precipitation (LT-MTMP). We then performed a Pearson correlation coeffi  cient analysis between 
these two data sets. In the second stage, we collected 100 composite samples from a 0-30 cm depth 
in the study area to determine the soil texture using the hydrometer method based on the USDA 
classifi cation system. We then created an interpolated map of soil texture classes. Subsequently, the 
soil texture map was combined with the drought index map, which showed the highest correlation 
with LT-MTMP by geospatial techniques to explain the relationship between the spatial distribu-
tion of soil texture and the drought index. The research fi ndings indicate that the PDI index has the 
highest negative correlation coeffi  cient (r = -0.69, P < 0.01) with LT-MTMP, meaning that a decrease 
in the drought index corresponds to an increase in precipitation spatially. On the other hand, the 
SMMI and MSMMI indices possess correlation coeffi  cients of (r = -66, P < 0.01) and (r = -24, P < 0.05), 
respectively. Laboratory analysis revealed four distinct soil textures within the studied area: Sandy 
Loam (SL), Loam (L), Sandy Clay Loam (SCL) and Clay Loam (CL). This approach provides a deeper 
understanding of soil data behavior over several years when linked drought indices with long-term 
climate factors. Additionally, geo-statistical combination techniques enabled the interpretation of 
the relationship between the spatial distribution of soil moisture and soil texture, thus facilitating 
land management and providing a useful tool for drought management plans.
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large scale areas (Yue et al., 2021). A multitude of dryness indi-
cators have been introduced, for instance: Temperature Condi-
tion Index (TCI) (Singh et al., 2003), Vegetation Condition Index 
(VCI) (Dutta et al., 2015), Temperature Vegetation Dryness Index 
(TVDI) (Liu et al., 2015), thermal inertia (Kang et al., 2017), in-
dices derived from Near-Infrared (NIR) - Red space (Liu et al., 
2013), and microwave techniques (Sawada, 2018). These dry-
ness indices encompass visible wavelengths, NIR bands, micro-
wave wavelengths, and thermal infrared bands. Spectral feature 
space-based methods are commonly used to assess dryness or 
conditions of soil moisture because of their clear biophysical im-
plications and the simplicity of data acquisition and processing 
(Liu et al., 2021). Chen in his study (Chen et al., 2015) utilized the 
PDI and modified perpendicular drought index (MPDI) to evalu-
ate the effectiveness of Gaofen-1 (GF-1) wide field of view (WFV) 
sensors in observing soil moisture in Wuhan city, suggested that 
the WFV sensor can be employed to evaluate the state of the soil 
water content. Zhang and Chen (2016) devised a satellite and in 
situ sensor collaborative reconstruction (SICR) approach to re-
cover missing pixels impacted by clouds and employed the PDI 
and MPDI to assess the effectiveness of using the reconstructed 
GF-1 data for soil moisture inversion. In a study conducted by 
Liu et al. (2020), soil moisture was retrieved using the MSMMI 
and MPDI indices from Sentinel-2A images. The results showed 
that MSMMI could monitor soil moisture more accurately in 
bare soil areas, performing slightly better than synthetic aper-
ture radar (SAR). The performances and differences of the PDI, 
SMMI, MPDI, and MSMMI indices were evaluated using field-
measured soil moisture in an arid and semiarid region by (Yue 
et al., 2021). The study found that when utilizing Landsat-8 data, 
PDI and SMMI had comparable soil moisture evaluation capa-
bilities that were superior to those of MPDI and MSMMI. 

Jiang et al. (2020) used the Standardized Precipitation 
Evapotranspiration Index (SPEI) and the Normalized Differ-
ence Vegetation Index (NDVI) for the period 1982–2015 to in-
vestigate how soil characteristics affect to plant reaction to 
drought in a fragile environmental location. In another study 
conducted by Renne et al. (2019) on the effects of soil texture 
and seasonal precipitation on water distribution in soils with 
fine versus coarse textures in dry lands, the study concluded 
that coarse-textured soils facilitate water infiltration into deep 
soil layers and reduce evaporation from bare soil, creating a 
suitable environment for perennial plants with deep roots. 
Conversely, fine-textured soils retain water in the surface lay-
ers, making them more suitable for plants with shallow to me-
dium roots.

By reviewing dryness indices that utilize the NIR–Red spec-
tral space, along with relevant studies on this topic, we identi-
fied the main aims of our paper as follows: 
(1) According to open access satellite data from Sentinel-2, the 

drought indices (PDI, SMMI, and MSMMI) were derived, 
which utilize the NIR-Red feature space, were utilized to 
analyse the variations in topsoil moisture at the Gozlu Agri-
cultural Enterprise in Konya, Turkey;

(2) The link between drought indices (PDI, SMMI, and MSMMI) 
and long-term precipitation data for the period from 2019 
to 2023 is investigated in this study;

(3) This paper focuses on combining the drought index that 
is most correlated to long-term precipitation data with the 
spatial distribution of soil texture classes using geospatial 
techniques;

(4) Manage the lands within the area of interest based on soil 
texture type and its moisture retention capacity.

2. Materials and methods

2.1. Study area

The Gozlu agricultural enterprise directorate in Konya/ Tur-
key, which is a branch of the general directorate of agricultural 
enterprises, has been chosen (Fig. 1). The province of Konya, 
home to the Gozlu agricultural enterprise, is subject to a climate 
that includes hot, dry summers and cold, rainy winters. Con-
sidering the two main climatic elements within Thornthwaite 
climate classification (temperature and precipitation) areas like 
Konya-Central, Karaman, Saraykoy, and Cihanbeyli are catego-
rized under the semi-arid and primary Mesothermal climate 
(Abdikan et al., 2023). Rainfall generally increases in the south-
western and southern parts of the Konya province, with a di-
minishing trend as one goes north and east. The yearly average 
rainfall in Konya is approximately 326.1 mm, with May typically 
having the highest monthly average and August the lowest. The 
region’s average annual temperature is around between 10.7°C 
and 25.3°C, with July being the hottest month and January the 
coldest (Özen et al., 2021). (Fig. 2) presents the mean monthly 
precipitation and temperature of Konya province for the period 
(1929–2023) (https://www.mgm.gov.tr).

The Gozlu agricultural enterprise is located in the Sarayönü 
district, roughly 78 km distant from the Konya city center. 
The area of study lies within the geographical coordinates of 
38°45′00″–38°22′30″ North latitude and 32°15′00″–32°37′30″ East 
longitude. This enterprise spans a vast area of 28,829.7 hectares 
and exemplifies the continental (semi-arid) climate character-
istics unique to the Anatolian Plateau. Most of the land in the 
study area is used for producing wheat, barley, and corn under 
a rainfed agriculture system. The region’s Plains foundation is 
comprised of Paleozoic schists, Mesozoic limestones, and igne-
ous masses. Overlying these geological bases are Neogene for-
mations, which include limestone, clay, marl, and clayey sandy 
deposits. The topographical features pervade most of the enter-
prise’s territory, which spans flat to semi-flat, slightly inclined, 
and rolling landscapes (ÇÜ and TİGEM, 1998).

2.2. Methods

In this case, we employed three drought indices (PDI, SMMI, 
and MSMMI), which are based on spatial features of moisture 
distribution in the NIR and Red spectral space. We selected the 
PDI and SMMI indices based on the timing of the experiment in 
September, a period when most agricultural fields are devoid of 
crops, which enhances the accuracy of these indices. In contrast, 
we chose the MSMMI index for its ability to estimate soil moisture 
in the presence of fractional vegetation cover, thereby achiev-
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ing greater accuracy in soil drought assessment. Through open-
source remote sensing data, we utilized Sentinel-2 multispectral 
instrument (MSI) satellite data captured in September 2023. This 
was done in conjunction with collecting soil samples for soil tex-
ture analysis. We also derived the precipitation LT-MTMP from 
ERA5 data for five years, covering the period from 2019 to 2023, 
using the Google Earth Engine platform. We performed the satel-
lite image processing chain and derived the drought indices us-
ing ArcGIS Pro software version (2.5). R-Studio software version 
(2024.04.1+748) was utilized to analyze the Pearson correlation 
coefficient (PCC), denoted as (r), is employed to quantify the lin-
ear dependence or similarity between the drought indices and 
LT-MTMP, can be calculated using the following equation:

Fig. 1. Location of the study 
area and spatial distribution of 
soil samples

Fig. 2. Mean monthly precipita-
tion and temperature of Konya 
province

where  represents the sample values of LT-MTMP,  depicts 
the LT-MTMP mean values,  represents the sample values of 
the drought index, and  represents the mean values of the 
drought index. We carried out soil sampling according to four 
soil orders Entisol, Vertisol, Inceptisol, and Mollisol as identified 
in the soil survey report (ÇÜ and TİGEM, 1998). In total, we took 
one hundred (100) composite samples at a depth of 0 to 30 cm 
(Figure 1). We used a handheld global positioning system (GPS) 
to facilitate soil sampling. The soil was air-dried and passed 
through a 2.0 mm sieve. We determined the soil texture using 
the hydrometer method according to USDA system, as outlined 
in (Bouyoucos, 1951).

We created the soil texture interpolated map of the study 
area using the Inverse Distance Weighted (IDW) model through 
the Geostatistical Wizard within the ArcGIS Pro software envi-
ronment. The IDW model estimates values at unsampled loca-
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tions by averaging the values of nearby sample points, assigning 
weights that are inversely proportional to their distance from 
the prediction location (Kaya et al., 2022). The value aj for a given 
location j is computed using the underlying IDW equation:

where ai (i = 1, …, n) represents the observed value at location i, 
and wi,j is the weight assigned to the data point at location i.wi,j is 
calculated using the following equation:

where, di,j represents the Euclidean distance between a data point 
located at position i and an unknown data point at position j; n 
denotes the total number of available data points; and α, a control 
parameter, represents the power. Increasing α amplifies the influ-
ence of nearby points, resulting in a more localized interpolation. 
We isolated each soil texture class as a separate raster and paired 
it with the drought index raster that demonstrated the strongest 
correlation with LT-MTMP. This process was carried out using 
geoprocessing tools within the ArcGIS Pro software environment 
to determine and quantify the levels of dryness within each soil 
texture class. Table 1 displays the five categories into which the 
levels of the drought index were categorized, with an interval of 
0.2: very dryness class, dryness class, normal class, wet class, and 
very wet class (Liu and Yue, 2018; Yue et al., 2021). 

Table 1
Soil dryness levels

Dryness levels Scale

Very wet (0.0 to 0.2)

Wet (0.2 to 0.4)

Normal (0.4 to 0.6)

Dryness (0.6 to 0.8)

Very dryness (0.8 to 1.0)

To verify the results more deeply, we compared the NDVI 
for the last three years (2021, 2022, and 2023) with the study re-
sults because the geographical distribution of vegetation affects 
the carbon cycle in the soil (Zhu et al., 2022), thereby increasing 
the soil’s ability to retain water (Jiang et al., 2020). These opera-
tions were conducted using the tools provided by the geo-sta-
tistical Analyst within the ArcGIS Pro software environment. 
(Fig. 3) presents the flowchart of the methodology employed in 
this study.

2.2. Drought indices

2.2.1. Perpendicular dryness index (PDI)
The perpendicular distance (EF) in the NIR-Red space (refer 

to Figure 4), known as PDI, indicates dryness conditions and can 
be expressed as:

The reflectance values of the Red and NIR bands are repre-
sented by RRed and RNIR, respectively. The variable M denotes the 
slope of the soil line BC, with B indicating the wet surface and 
C the dry surface. By analyzing the distribution of soil pixels in 
the NIR-Red space, we observe that the pixels forming the soil 
line are generally positioned at the bottom of the scatter plot, 
specifically where the lowest NIR reflectance value aligns with 
each red reflectance value (Yue et al., 2021). As a result, the 
value of M was automatically determined to be (0.9).

Fig. 4. Sketch map of PDI

Fig. 3. Flowchart of methodology
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2.2.2. Soil moisture monitoring index (SMMI)
The distance from a point located at the origin O to the 

origin O itself is zero (0,0) in the NIR-Red space (Figure 5). An 
object’s soil moisture content is inversely related to its distance 
from the origin O; specifically, the higher the soil moisture 
content of an object with a particular reflective capacity, the 
closer it is to the origin O (Liu et al., 2017; Liu et al., 2021). We 
employed the distance OE, known as SMMI, to evaluate the soil 
moisture status in the NIR-Red space, which can be calculated 
using the following equation:

A higher SMMI value suggests that point E is farther from 
point B, indicating reduced soil moisture, with A indicating full 
cover, B representing the wet surface, C signifying the dry sur-
face, D denoting bare soil, and E illustrating partial cover as 
shown in the figure below.

2.2.3. Modified soil moisture monitoring index (MSMMI)
Since the SMMI does not consider the effects of vegetation 

coverage, researchers developed the MSMMI, which is based 
on fractional vegetation cover (FVC) and can be expressed as:

With

where, R v, Red and R v, NIR refer to the reflectance of pure vegeta-
tion pixels in the Red and NIR bands, respectively. NDVI max and 
NDVI min denote the maximum and minimum values of NDVI, 
respectively (Liu et al., 2021; Yue et al., 2021).

Fig. 5. Sketch map of SMMI

2.3. Precipitation

The processes of chemical and physical weathering in soil 
are primarily influenced by the climate (Kalaiselvi et al., 2024). 
Precipitation impacts soil by influencing vegetation growth and 
altering soil nutrient inputs (Li et al., 2023). Numerous stud-
ies have indicated that plant development is contingent upon 
soil moisture and precipitation (Papagiannopoulou et al., 2017; 
Joiner et al., 2018). While precipitation offers only indirect in-
sights into the conditions of surface water, vegetation directly 
uses the moisture in the soil (Yang et al., 2015).

The LT-MTMP for a five-year period (2019–2023) was cal-
culated using data obtained from the ERA5 dataset, which is 
produced by the Copernicus Climate Change Service (C3S) 
(Website:https://cds.climate.copernicus.eu). ERA5 is a global 
reanalysis dataset that provides hourly estimates of various at-
mospheric, land, and oceanic climate variables (Muñoz-Sabat-
er et al., 2021). The LT-MTMP was derived by first extracting 
monthly precipitation data for the study area from the ERA5 
dataset and then averaging the monthly values over the five-
year period to obtain the long-term mean precipitation for 
each month. The extracted data was processed using the GEE 
platform, a cloud-based geospatial analysis tool that enables 
efficient handling of large-scale datasets (Ghosh et al., 2022). 
In GEE, the ERA5 precipitation data was clipped to the spatial 
extent of the study area, and temporal aggregation functions 
were applied to compute the long-term mean monthly precipi-
tation values. This platform was chosen for its ability to handle 
large datasets efficiently and perform geospatial operations at 
scale.

To further refine the dataset, the original ERA5 precipi-
tation data was spatially resampled using the Geo-statistical 
Analyst tool within ArcGIS Pro. This step was performed to 
improve the quality and spatial resolution of the dataset and 
to ensure alignment with the raster grids of drought indices 
used in subsequent analyses. This ensured that the precipita-
tion data was compatible with the spatial resolution and grid 
structure of the drought indices, facilitating accurate spatial 
analysis and integration.

3. Results

The Fig. 6 demonstrates that the soil dryness status, as rep-
resented by the PDI and SMMI maps, appears visually similar. 
Although the dryness conditions for the drought indices were 
similar, the results were less severe than those from the MS-
MMI index. The PDI and SMMI indices show that humidity lev-
els are increasing in the southern regions and at a low rate in 
the northern regions, while the central region is experiencing 
a clear level of drought. The MSMMI index generally indicates 
higher levels of drought, with some humidity present in the 
southern region and very weakly in the central region.

The Fig. 7 shows the monthly precipitation means for the 
study area over five years (2019, 2020, 2021, 2022, and 2023). 
It is noted that the lowest precipitation rates occur in July and 
August for all years. The figure also illustrates the variation in 
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Fig. 7. Monthly precipitation means for five years (2019–2023)

Fig. 6. The soil moisture map by PDI, SMMI, and MSMMI indicators

monthly precipitation means throughout the year for all years, 
except for March 2023, when the precipitation mean reached 
113.07 mm, the highest monthly precipitation mean compared 
to the other years.

Using the Google Earth Engine platform and precipitation 
data obtained from the ERA5 dataset for the period 2019–2023, 
we simulated the mean total monthly precipitation for the 
study area during this period, as shown in (Fig. 8). Each pixel 

2019 2020 2021 2022 2023
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on this map represents a distinct value simulating the mean 
total monthly precipitation that occurred over five years, pro-
viding a comprehensive view of the geographical distribution 
of precipitation in the enterprise. The map indicates that the 
southern region received the highest precipitation, which 
gradually decreased toward the north. It is also noted that the 
lowest amount of precipitation was found in the north-eastern 
part of the enterprise. The highest value was 383 mm, while the 
lowest was 363 mm. This narrow range between the highest 
and lowest precipitation values may be attributed to the rela-
tively small area of the enterprise and its limited topographical 
diversity.

The Figs. 9, 10, and 11 show that all drought indices have 
a negative linear relationship with LT-MTMP. This indicates 
that an increase in LT-MTMP corresponds to a decrease in the 
drought index. Consequently, as the index value approaches 
zero, there is an increase in soil moisture. The scatter plots in-
dicate that the highest negative PCC value was –0.69 at p-value 
< 0.01 between the PDI index and LT-MTMP. In contrast, the 
lowest PCC value was –0.24 at p-value < 0.05 between MSMMI 

and LT-MTMP. Additionally, the PCC value of SMMI and LT-
MTMP was –0.66 at p-value < 0.01.

The deviation of a few scattered samples from the fitting 
line, especially with the MSMMI index, is due mainly to their 
location in areas with high soil moisture. This indicates that 
remote sensing techniques can effectively reflect the spatial 
variation in surface soil moisture (Abdikan et al., 2023).

The Fig. 12 presents a spatial map of soil texture classes 
according to the USDA system (Bouyoucos, 1951) for the Gozlu 
agricultural enterprise, interpolated by the IDW spatial inter-
polation model with a mean error of 0.0049, as determined by 
cross-validation. The study area comprises four distinct soil 
texture classes. The spatial distribution shows that L and SCL 
textures extend north to south. In contrast, SL and CL textures 
are distributed as zones throughout most of the study area, par-
ticularly in the northwest and southwest. The results showed 
the SCL textures occupied the most significant percentage of 
the enterprise at 38.75%, while the SL textures had the smallest 
percentage at 7.41%. CL and L textures accounted for 21.31% 
and 32.52%,  respectively. 

Fig. 8. LT-MTMP map (2019–2023)
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Fig. 11. MSMMI and LT-MTMP relationship
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4. Discussion

The soil moisture estimation results for the three indices 
showed that the NIR-Red feature space effectively reflects the 
dry and wet situations of the soil surface (Amani et al., 2016; 
Chen et al., 2017). Additionally, PDI proved to be more appro-
priate for observing soil moisture in bare soil or areas with 
little to no vegetation. This aligns with the findings of (Zhu et 
al., 2010; Wang et al., 2020). The outcomes of our paper indi-
cated that the highest correlation was found between the PDI 
and SMMI drought indices and the LT-MTMP, with values of r = 
–0.69 and r = –0.66, respectively, and both indices are suitable 
for monitoring topsoil moisture; this is consistent with what 
was reached by (Liu et al., 2017). (Liu et al., 2018) introduced 
the MSMMI index, which is derived from SMMI index and FVC, 
and found that its monitoring accuracy matched that of MPDI 
index in semi-arid regions. Accordingly, one of the two dryness 
indices mentioned was selected for testing on the Gozlu agri-
cultural enterprise.

Although the MSMMI accounted for vegetation, and the 
fields of the enterprise were partially cultivated with plants 
in September, the index indicated low biomass due to the arid 
ecosystem in the study area. This could explain why SMMI and 
PDI might have outperformed MSMMI in terms of results. These 
circumstances also make it clearer why locations with bare soil 

Fig. 12. The soil texture map

Table 2
Percentage of dryness levels of PDI for soil texture classes

PDI Soil texture classes (USDA system)

SL SCL L CL

Very Wet 0.00 0.00 0.00 0.00

Wet 32.45 8.46 11.69 19.75

Normal 66.27 90.64 88.13 77.86

Dryness 1.26 0.88 1.66 2.37

Very Dryness 0.00 0.01 0.00 0.00

or little plant cover are better suited for using SMMI and PDI for 
estimating soil moisture. This conclusion aligns with the find-
ings of (Yue et al., 2021).

Table 2 shows that the SL soil texture had the highest per-
centage of area classified as wet class within the dryness levels, 
amounting to 32.45%. Although this soil texture contains sand 
fractions, the vegetation cover was dominant in the SL soil tex-
ture for the years 2021, 2022, and 2023. This finding is consistent 
with the outcomes of a study conducted in the Tibetan Plateau, 
which integrated the NDVI with soil type to explore the potential 
impact of climate change on ecosystems (Jiang et al., 2020). In 
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addition, cultivated fields have a higher percentage of organic 
matter, which results from addition of this matter or decompo-
sition of plant residues. Consequently, organic matter increases 
the soil’s water retention (Amooh and Bonsu, 2015). The dryness 
level (wet class) of the CL soil texture reached 19.75% of the total 
area of this soil texture, which was higher than that of the L and 
SCL soil textures. This is due to the presence of clay fractions, 
which are superior in retaining moisture compared to other 
soil texture fractions. The small particle size of those less than 
0.002 mm, which has a higher ability to hold water between its 
particles, contributes to this effect. This outcomes is consistent 
with the study of (Renne et al., 2019), who indicated that fine-
textured soils have a higher ability to retain water compared to 
the coarse-textured soils. As for the soil textures, L and SCL, the 
percentage of area classified as wet class reached 11.69% and 
8.46%, respectively, with the SCL soil texture having the lowest 
percentage compared to the other soil textures. This is due to 
the percentage of sand fractions in this soil textures type and the 
size of sand particles, whose diameters range between 0.05 mm 
and 2.0 mm. It is scientifically established the soils with different 
textures exhibit varying characteristics, such as grain size, void 
ratio, and permeability, which can significantly influence the re-
sistance and resilience of vegetation to drought stress (Jiang et 
al., 2020). These outcomes are consistent with those obtained by 
(Rajput et al., 2024).

5. Conclusions

This study calculated three drought indices PDI, SMMI, and 
MSMMI which utilize the NIR-Red feature area. Their relation-
ship with LT-MTMP (2019–2023) was analyzed within study 
area (Gozlu agricultural enterprise) located in central Anatolia 
plateau, Turkey. The outcomes showed that the highest nega-
tive correlation among the three indices was for the PDI, which 
reached r = –0.69 with LT-MTMP. Four soil texture classes SL, CL, 
L, and SCL were identified in the study area through laboratory 
analysis. Geospatial techniques were then used to spatially clas-
sify each soil texture class into five levels of dryness based on 
the PDI. The results showed that the (wet class) dryness level 
had the highest area percentage (32.45%) with the SL soil tex-
ture, despite its sand fractions content. This was followed by CL 
and L soil textures, with 19.75% and 11.69%, respectively. The 
SCL soil texture had the lowest area percentage of ‘wet’ dryness 
level at 8.46%. Additionally, the investigation revealed that the 
area percentage of SL soil texture covers only 7.41% of the total 
study area, making it the smallest area compared to the area of 
other soil texture types. Moreover, the vast majority of this area 
is used for growing vegetables, which means that there are or-
ganic matter additions through human intervention or decaying 
plant remains and irrigation processes, which led to partially 
irregular results.

The outcomes of this study showed that increasing the 
clay particle content improves the soil’s water retention capac-
ity, while increasing the sand particle content has the opposite 
effect under rainfed farming conditions and low organic mat-
ter content. Therefore, the soil’s ability to retain water varies 

depending on its texture and other features. In addition, the 
changes in soil texture are apparent only on long time scales, 
spanning decades or even centuries. Therefore, understanding 
the spatial distribution and storage capacity of soil moisture 
is crucial. In this context, such analyses may provide a deeper 
comprehending of the potential impact of drought on vegeta-
tion, considering soil characteristics. However, factors beyond 
soil texture concept, such as hydrological properties and soil 
organic matter, should be considered, as they can significantly 
influence water stress levels and, consequently, water availabil-
ity for plants.
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