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This study investigates the effectiveness of integrating meteorological and 
remotely sensed indicators for drought monitoring and zoning in four 
provinces of Iran. Specifically, the standardized precipitation index (SPI) 
derived from the existing meteorological stations was utilized to identify 
changes in precipitation during the crop growing season (April, May, and June). 
P-value statistics were applied to establish the significance of any precipitation 
trend changes and classify climate divisions. In addition, the vegetation health 
index (VHI), vegetation condition index (VCI), and temperature condition index 
(TCI) obtained from MODIS satellite images were employed to detect drought 
conditions from 2000 to 2019. The studied indices reveal a pronounced 
dryness trend in the eastern part of the examined provinces. Correlation 
analysis also indicates a robust correlation between TCI and SPI compared to 
other indices. This study contributes to the body of knowledge on drought 
monitoring and zoning by providing valuable insights into the usefulness of 
combining meteorological and remotely sensed indicators, as well as by 
identifying the areas most susceptible to drought and the indicators most 
suitable for assessing drought conditions in the studied provinces. 
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1. Introduction 

Drought is a complex phenomenon, as its onset and end are often difficult to predict, and its intensity depends on the 
region’s climatic conditions and the state of the water and energy balance. Drought events can last from several 
months to several decades, affecting multiple sectors such as economy, agriculture, and social aspects of society. 
Furthermore, the affected area can change over time. Drought has a significant impact on crop yields and 
subsequently on global food security, especially in the context of climate change, where the frequency and severity of 
droughts may increase [1]. 

Generally, droughts are classified as meteorological, hydrological, agricultural, and socio-economic [2]. A 
meteorological drought is characterized by a prolonged period of reduced precipitation in a specific region. On the 
other hand, a hydrological drought occurs when there is an insufficient amount of water available. An agricultural 
drought occurs when crops are significantly affected as a result of meteorological and associated hydrological drought 
conditions. Lastly, Drought's impact extends to humans and industries, leading to socio-economic consequences 
[3][4]. In this context, Iran indicated a notable rise in the average temperature spanning a period of 25 to 50 years [5]. 
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Also, reduced rainfall and its impact on surface and subsurface water flows, together with poor water management, 
have made Iranian farmers more vulnerable to drought [6].  

Precipitation and temperature are the two most important weather indicators for meteorological drought monitoring. 
While precipitation directly reflects water availability, temperature can affect it by controlling evaporation and 
transpiration rates. These drought indicators can indicate different characteristics of drought [7]. On the other hand, 
vegetation condition is associated with agricultural drought. Vegetation is highly dependent on prevailing weather 
conditions and closely relates to weather indicators. Plant stress occurs when the water source (precipitation) cannot 
meet the plant’s water needs, leading to a lack of soil moisture and plant damage [8][9].  

Remote sensing has been established as a useful method for studying plant growth, disease spreading, moisture 
content, dryness, and freshness [10][11], as it allows researchers to differentiate between living and non-living 
coverings based on their differential responses to electromagnetic waves. The use of remote sensing for drought 
monitoring can be traced back to its application in obtaining information from the earth's vegetation. The calibration 
of satellite data with ground observations facilitates the use of satellite data in detecting drought onset, vegetation 
response to drought, and post-stress recovery [12].  

Monitoring drought spread, severity, and environmental impacts over time is a challenging task. Therefore, drought 
indices are commonly used to identify drought [13]. Many drought indices have been developed in recent decades, 
mainly based on spectral canopy reflectance, soil surface temperature, plant water content, and vegetation condition 
[12]. Examples of such indices include the vegetation condition index (VCI), vegetation health index (VHI) [14], 
normalized difference vegetation index (NDVI) [15][16], temperature condition index (TCI) [12], and soil moisture 
index [17].  

Scientific understanding of the correlation between different types of drought, such as meteorological and 
hydrological drought, is crucial for accurately predicting, preventing, and reducing the negative effects of drought on 
agriculture, water resources, the environment, and human life. Zhou et al. [18] recognized the impact of climate 
change and land use on the expansion from meteorological drought to hydrological drought in the Eastern Qaylan 
Mountains as one of the most destructive and costly natural disasters. The results showed that meteorological and 
hydrological drought occurred in the upper part of the Xiang River basin over the past 56 years. In particular, the 
intensity of hydrological drought was strongest in the 2000s, while the intensity of meteorological drought was 
weakest during that period, indicating an intensive expansion of meteorological drought to hydrological drought. 
However, the relationship between meteorological drought and hydrological drought varied spatially, with 
hydrological drought being more significant in the Huangyang River and its eastern tributaries than in its western 
tributaries. 

Brown et al. [19] assessed the impacts of climate change, drought risk, and land suitability for agriculture as a result of 
land use in Scotland. The results of this case study indicated that drought risk will significantly impact future land use. 
This could limit livestock and crop production, thus reducing land capacity in some areas, unless strategic adaptation 
measures are developed that balance land use systems and water resources with the integration of the wider 
environment. Zhang and Jia [20] analyzed meteorological drought in the semi-arid region of northern China using 
remote sensing data from multiple microwave sensors. Their results showed that composite microwave indices 
perform better in drought monitoring. Liu et al. [21] investigated drought in China using composite indicators from a 
Moderate Resolution Imaging Spectroradiometer (MODIS) sensor data and concluded that drought is one of the most 
common disasters in northern China and has major impacts on agriculture, the environment, and the economy. In that 
study, Pearson correlation analysis was also conducted between satellite-derived drought indicators and standardized 
precipitation evapotranspiration index (SPEI) in different time scales to evaluate the ability of each indicator in 
drought monitoring Shandong Province. Orimoloye et al. [22] studied drought using MODIS sensor images in South 
Africa and emphasized ecosystem and environmental protection. They concluded that drought is one of the main 
factors limiting plant development in a variety of environments. In addition, they showed that the 16-day Terra-
MODIS composite and enhanced vegetation index (EVI) products are sensitive to stressors associated with drought 
and the MODIS-based VCI is useful for drought monitoring. These findings demonstrate the suitability of MODIS data 
for assessing drought conditions and their potential environmental impacts.  
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Shad et al. [23] investigated drought in Isfahan Province, Iran, using vegetation indicators and MODIS data. The 
correlation coefficients of SPI and vegetation indices for monitoring drought in the research area showed that NDVI 
and VCI are reliable indicators. The sensitivity of the plants to drought has been assessed for the four major climatic 
types using remote sensing data. The findings showed that climatic and topographical variables have various effects 
on the vegetation susceptibility index, making it a valuable index for measuring this possibility. Hosseini et al. [24] 
evaluated the relationships between the vegetation condition and the meteorological drought indices in dry farming of 
the Lorestan province, Iran. Multivariate linear regression revealed a significant correlation between SPI and VCI over 
9- and 12-month periods. 

Drought is the result of prolonged dry and anomalous weather conditions, leading to a change in vegetation [25]. 
Plants respond rapidly to climate change, as evidenced by changes in phenology and plant production over time. 
Climate can cause changes in vegetation density and growth that may take decades to occur [26]. Agricultural 
productivity in arid and semi-arid regions is predicted to decline significantly due to climate change and drought, 
which presents a fundamental challenge to the living standards of rural households [27]. For these reasons, efforts 
should be directed toward drought detection and monitoring [28]. 

Iran's climate can be characterized by arid and semiarid regions. The country has experienced both low- and high-
intensity droughts due to its geographic region and natural features [29]. Since the start of the twenty-first century, 
Iran has endured prolonged drought resulting in the disappearance of wetlands and lakes, along with widespread 
extreme water stress [30]. Iran experiences less than one-third of the world's average yearly precipitation, but more 
than three times as much evaporation [31]. Drought is a serious risk with far-reaching impacts on the soil and 
economy, and it poses threats to the livelihood and health of the local population. As an illustration, In the manner 
that, four million hectares of rainfed and 2.7 million hectares of irrigated land were devastated during the 2001 
drought [32]. The phenomenon of climate change-induced migration has proliferated among rural communities, with 
rural movement being perceived as a means of adapting to environmental hazards, notably drought [33]. The 
recurrent and succeeding droughts in Iran that have reduced farmers' thresholds and obliterated their livelihoods 
may be to blame for this outcome [34]. 

The eastern slopes of Zagros Mountain in Iran include several provinces - Chaharmahal and Bakhtiari, Qom, Markazi, 
and Isfahan. These areas showed a significant decrease in rainfall in recent years compared to the expected average. 
The Isfahan metropolitan area has had a notable influx of population over the past two decades due to job prospects 
and the influence of climate change, particularly drought, on agricultural activities [35]. Also, Chaharmahal and 
Bakhtiari, Qom and Markazi are the provinces most vulnerable to climate change, which will cause drought and 
agricultural degradation [36-38]. Nevertheless, there is lack of investigations into the spatial-temporal dynamics 
among different drought types and socio-economic impacts of drought, which are essential for geographic 
environment evaluation, planning, and management. 

The objective of the current study is to measure and analyze the spatial-temporal relationship between agricultural 
drought and meteorological drought on the eastern slopes of Zagros Mountain. Agricultural drought indicators, 
including VCI, TCI, and VHI, are derived MODIS Terra satellite imagery, while the meteorological drought indicator, 
SPI, is based on the observed data from weather stations. Subsequently, this research also aims to determine the 
effectiveness of using remote sensing methods to represent drought conditions in data-scarce regions.  

2. Materials and Methods 

2.1. Study area 

The study area consists of four provinces including Chaharmahal and Bakhtiari (Ch&B), Qom (Qm), Markazi (Ma), and 
Isfahan (Is) (Fig. 1). Chaharmahal and Bakhtiari (Ch & B) province is located in the central part of the Zagros Mountain 
Chains in southwestern Iran and covers an area of 16,332 km2. The annual rainfall in this province is 560 mm, and the 
average yearly temperature ranges from 8.5 to 200C. Ch & B province has an average height of 2,153 m, and its climate 
varies from hot and dry during summer to cold and wet in winters [39]. Qom province, with an area of 11,500 km2, is 
located in an arid and semi-arid region of Iran [40]. The province’s average elevation is 933 m above sea level. Two 
vast deserts with hot and dry weather are adjacent to this province [41]. Markazi province has an area of 29,530 km2, 
with elevations ranging between 1,200 m and 3,388 m above sea level [42]. The province has a semi-arid climate and 
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experiences an average yearly temperature of 13.7°C and 209.5 mm of rainfall [43]. Isfahan province covers an area of 
107,045 km2, accounting for approximately 6.57% of the country's total area. It is located in the center of the Iranian 
plateau and comprises many mountainous and plain regions. The average annual rainfall in this province is 150 mm, 
which is indicative of an arid climate. The climate in this province can also be categorized as semi-humid, desert, or 
steppe [44]. 

 

Figure 1. Locations of the study area comprising Chaharmahal and Bakhtiari (Ch & B), Qom, Markazi, and 
Isfahan provinces. 

According to data obtained from the National Portal of Statistics in 2016, the estimated population residing within 
these provinces is roughly 8.8 million individuals, with 1.34 million of them (15.2%) living in the rural area. In 
addition, it is noteworthy that out of the total of 6590 villages in this area, 2702 villages (41%) are classified as 
deserted. The primary livelihoods of the majority of individuals residing within these regions revolve around 
agricultural activities, horticultural practices, and animal husbandry [45]. 

The statistical distribution of agricultural occupations in the rural areas (Fig. 2) showed that between 2003 and 2018, 
almost 44% of the rural population lost their jobs. the exacerbation of climate change may have diminished the 
prosperity of livelihoods and prompted migration from the community. Consequently, this phenomenon will result in 
a significant influx of individuals relocating from rural regions to metropolitan centers [46]. 
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Figure 2. The statistical distribution of agricultural occupations (Farmers, Gardeners, Herdsmen) within the rural 
population of the studied provinces between 2003 and 2018 

2.2. Data acquiring   

2.2.1. Weather data 

Total precipitation data for the three months of April, May, and June (AMJ) from 23 stations in Isfahan, 11 stations in 
Markazi, 5 stations in Qom, and 7 stations in Ch & B provinces for the same period from the National Meteorological 
Organization website. These months were selected due to their typically lower cloud cover compared to winter 
months (January, February, March), allowing for biomass conditions to be determined with minimal information loss. 
Additionally, vegetation is affected by the previous three months’ precipitation and shows higher spectral reflective 
characteristics during the growing season (AMJ), when tree leaves are green and pasture vegetation is present. In 
contrast, distinguishing between vegetation surfaces based on temperature and thermal conditions becomes difficult 
when plant water reserves are saturated during relatively wet winter months. 

2.2.2. Satellite data 

Although many sensors are used in drought monitoring research, this study used MODIS sensor data because it 
provides different bands and potential electromagnetic spectrum, which are more suitable for drought monitoring 
than other sensors [47][48]. MODIS Terra satellite images with a spatial resolution of 1 km × 1 km were obtained from 
the Earthdata Search data portal. A total of 120 MODIS satellite images, including 60 images of NDVI and 60 images of 
land surface temperature (LST), were acquired for all 3 months of each year over a period of 20 years (2000 – 2019). 
These satellite-derived data were used to investigate drought phenomena and inform about the state of vegetation in 
the study area. 

2.3. Methods 

2.3.1. Data processing and spatial-temporal analysis 

The satellite data were processed and extracted to each meteorological station using ENVI and ArcGIS software. A 
coefficient of 0.0001 was applied to NDVI images to rescale their values to (-1,1) according to the MODIS product 
instruction. The calculations of all indices including SPI, TCI, VCI, and VHI are briefly described in the flowing sections. 
The spatial-temporal correlation analysis among drought indices were performed using the Pearson's correlation 
coefficient at a significance level p<0.05. 

Climate parameters undergo temporal and spatial changes influenced by various factors, and these changes can be 
analyzed through observations and statistical methods. Trend analysis using the p-value statistic is a commonly used 
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statistical approach to assess the potential impact of climate change on time series data, such as precipitation 
observations across different parts worldwide. The p-values for the SPI were estimated for both three-month and the 
entire year using the hypothesis test that compares the mean of a sample with a series of numbers. The SPI trend is 
statistically significant if the p-value is less than 0.05 [49-51]. 

2.3.2. Selection of interpolation methods 

In order to match station-based meteorological drought (i.e., 
point values) with satellite-based agricultural drought (i.e., 
gridded values), this study applied various interpolation 
methods including inverse distance squared, polynomial, 
radial basis functions, and kriging methods to create the SPI 
map. Evaluation of the error indicated that the kriging 
algorithm yielded a lower error value compared to other 
interpolation methods (Table 1). Furthermore, the kriging 
method preserves the range of the climate index, making it 
advantageous for generating the interpolated SPI map. 
Consequently, the kriging method was selected, and the data 
were zoned according to the drought categories (Table 2).  

2.3.3. Standardized precipitation index (SPI) 

The standard precipitation index (SPI) is a fundamental metric used in drought research, and its calculation requires 
the long-term average and standard deviation of the precipitation values for the studied periods [52]. The purpose of 
this index is to define and monitor drought and wet years [53]. The SPI value for a desired period can be calculated 
using the following equation: 

SPI =
(Pi − P)

S
 

where Pi denotes the amount of precipitation, P is the long-term average of 
the precipitation, and S signifies the standard deviation of the precipitation. 
The gamma distribution is used to fit the precipitation data and determine 
the parameters for the SPI profile.  

One key strength of the SPI is its capability to characterize meteorological 
drought across various timescales. This feature illustrates that a region can 
experience favorable conditions in the short term while simultaneously 
enduring the effects of a preceding prolonged drought [54]. Given that one 
of the research objectives was to explore the impact of drought during the 
growing season (AMJ), the SPI emerged as a reasonable input variable. 

This study calculated the SPI-3 to account for the rainfall accumulation 
during the AMJ period. The resulting SPI value for each period is then 
classified into seven drought classes (Table 2) [55][56]. 

2.3.4. Vegetation condition index (VCI)  

The vegetation condition index (VCI) is calculated and normalized using a range of long-term vegetation values. VCI 
values range from 0 to 100, with low values indicating plant stress. A VCI value approaching zero percent indicates a 
very dry month, while higher values indicate an improvement in drought conditions as vegetation levels increase. Low 
VCI values for successive time intervals indicate the increase in drought, as defined by the following equation 
[14][57]: 

 

Table 1. Standardized precipitation index (SPI) zoning 
evaluation of the error value of interpolation methods 
using the RMSE metric. 

Month 

Interpolation methods 
Radial 
basis 

functions 
Polynomial Kriging 

Inverse 
distance 
squared 

April 305 496 255 313 
May 170 320 113 217 
June 190 476 170 210 

Table 2. Classification of drought 
severity based on standardized 
precipitation index [55][56]. 

Drought Severity SPI 
Extreme Drought -2 SPI ≤ 
Severe Drought -1.5  ≤ SPI ≤-2 

Moderate Drought -1 ≤ SPI ≤-1.5 
Normal 1 ≤ SPI ≤-1 

Moderate Wet year 1.5  ≤ SPI ≤1 
Severe Wet year 2 ≤ SPI ≤1.5 

Extreme Wet year ≥ SPI2 
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VCI =
NDVI − NDVImin

NDVImax − NDVImin
× 100 

where NDVI is based on the ratio between the values of red (R) and near infrared (NIR) bands as: 

NDVI =
(NIR − R)
(NIR + R) 

The numerical value of NDVI ranges from -1 to 1, where positive values correspond to dense vegetation, and values 
close to zero correspond to areas without vegetation [58]. 

2.3.5. Temperature condition index (TCI)  

The vegetation in various parts of the study area experienced stress due to high temperatures combined with a lack of 
precipitation. Land surface temperature (LST) directly influences the temperature condition index (TCI), which can 
detect both excessive wetness and dryness in a specific location [59]:  

TCI =
BTimax − LSTi
BTmax − BTmin

× 100 

In this relation, the LST of the output image is measured in degrees Celsius, while BT represents the brightness 
temperature (band 31), and i denotes the evaluation year. The maximum and minimum BT values are determined 
based on long-term recorded data for each year. When the TCI value reaches 100%, the BT for that month 
corresponds to the lowest long-term BT value for the pixel. Low TCI values, approaching zero percent, indicate 
extremely hot weather for that specific year. Additionally, when TCI reaches zero percent, the BT for that year equals 
the maximum long-term BT value for the pixel. 

2.3.6. Vegetation health index (VHI) 

The VHI has been demonstrated to represent overall 
vegetation health by combining estimations of 
moisture and thermal conditions. VHI is computed 
using the relation with VCI and TCI as expressed in the 
following equation [60]: 

VHI = (0.5 × VCI) + (0.5 × TCI) 

The drought categories based on the VHI, VCI, and TCI 
are presented in Table 3. 

3. Results  

3.1. Spatial-temporal analysis of meteorological and agricultural droughts 

The analysis of the correspondence between the satellite-derived indices (VCI, TCI, and VHI) and the average SPI 
values at each station showed similarities in the reporting of drought and wet year events (Fig. 3). The results 
revealed an increasing trend in the average VHI values during the early months of the pasture growing season (April 
and May) in the western half of all provinces (Fig. 3 J-L). At the same time, the SPI values for these two months 
exhibited a positive trend in the western half of the provinces due to spring rainfall (Fig. 3 A-C). The TCI values were 
relatively high throughout all three months (Fig. 3 D-F). These observations can be explained by the small variations 
in surface temperatures and the large differences in the amount of vegetation cover across different months and areas 
within the provinces.  

Vegetation, being highly influenced by drought, is directly influenced by precipitation, and inversely affected by 
temperature. In other words, an increase in temperature coupled with a decrease in precipitation is expected to 
intensify the impact of drought on vegetation in the study area. 

Table 3. Drought classification based on the vegetation 
health index (VHI), vegetation condition index (VCI) and 
temperature condition index (TCI) [61]. 

Drought Severity VCI, TCI, and VHI 
Extreme Drought 10< 
Severe Drought 10.5 to 19 

Moderate Drought 20.5 to 29 
Normal 30.9 to 39 

Moderate Wet year 40.5 to 49 
Severe Wet year 50.5 to 59 

Extreme Wet year 60 > 
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Figure 3. Drought interpolated maps using the kriging method and standardized precipitation index (SPI) (A, B, and C) 
derived from station-based datasets in addition to temperature condition index (TCI) (D, E, and F), vegetation condition 

index (VCI) (G, H, and I), and vegetation health index (VHI) (J, K, and L) derived from MODIS satellite images over 20 years 
(2000 – 2020). Refer to Table 1 for the classification of drought severity. Study area codes stand for Chaharmahal and 

Bakhtiari (Ch&B), Qom (Qm), Markazi (Ma), and Isfahan (Is) 
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The SPI maps for April, May, and June (Fig. 3 A-C, respectively) depict a gradual spatial transition in drought severity 
across the area. During April, significant regions in the central and eastern zones (especially near Isfahan) are 
experiencing severe to extreme drought, while the western and northern regions (Markazi and Ch&B) exhibit milder, 
near-normal conditions.  By May, these drought trends continue but show slight improvement in the northwest, 
implying localized recovery from rainfall. The central and eastern zones still face moderate to severe drought 
conditions, although the overall gradient has lessened compared to April. In June, there is a noticeable decrease in 
drought intensity. Most areas in the northern and western regions are shifting toward normal to moderately dry 
classifications, indicating a stabilization of rainfall, while remaining drought stress is confined to a few isolated 
eastern areas. 

The TCI in April (Fig. 3 D) indicates high thermal stress dominates the northeastern and central plains (Qm–Is), where 
values drop below 31, signifying extreme heat conditions and elevated evapotranspiration. The southern highlands 
(Ch&B) and western slopes (Ma) show higher TCI (>55), benefiting from cooler microclimates and higher elevation. 
During May (Fig. 3 E), temperature stress slightly decreases, particularly across the southwest and mid-elevations, 
suggesting transient relief from early-season rains. Nonetheless, the northeastern and eastern parts remain hot and 
dry, maintaining low TCI values. By June (Fig. 3 F), widespread thermal stress reappears, covering much of the east 
and southeast, with TCI ranging from 20 to 33, reflecting the onset of the dry summer season. The persistence of high 
heat load aligns with vegetation decline observed in both VCI (Fig. 3 G-I) and VHI (Fig. 3 J-L) maps. 

For the VCI in April (Fig. 3 G), extensive portions of the central and southern regions show low values (VCI 23–31), 
indicating moderate to severe drought stress, especially around the Ch&B and Isfahan areas. The northern highlands 
(Qm–Ma) exhibit slightly better vegetation conditions, though still under mild drought. By May (Fig. 3 H), vegetation 
conditions improve considerably, with most of the central and western regions transitioning to normal or moist 
categories (VCI >39). This improvement corresponds to seasonal rainfall and temperature moderation. However, 
pockets of stress persist in the southern plains, where vegetation remains vulnerable. In June (Fig. 3 I), vegetation 
health begins to decline again in the south-central belt, as indicated by the expansion of red and orange zones (VCI < 
33), likely due to rising temperatures and reduced soil moisture. The western highlands zone remains relatively 
stable, with healthier vegetation. 

The VHI index in April (Fig. 3 J) indicates that severe drought zones (VHI < 30) extend across southern Isfahan and 
northern Ch&B, while moderate drought conditions (30–38) dominate the northeastern plateau. Vegetation health 
remains comparatively better in Ma and western Qm, where VHI exceeds 47. In May (Fig. 3 K), improvements are 
evident, especially in the western and central regions, as rainfall and vegetation greenness recover. The proportion of 
moderately stressed areas decreases, and the spatial pattern becomes more heterogeneous, reflecting localized 
rainfall distribution. By June, however (Fig. 3 L), vegetation stress re-intensifies, particularly in the southern and 
central zones, where VHI values return to 22–33, highlighting a transition toward dry-season. In contrast, 
northwestern sectors maintain moderate to good vegetation health (VHI > 50), suggesting resilience due to terrain 
and microclimatic factors. 

3.2. Pearson correlation between SPI and satellite indicators   

Significant correlation values were observed in April and May between SPI and TCI across all provinces. For instances, 
in May, highly significant positive correlation was observed in Markazi (r = 0.94**), Qom (r = 0.74**), Ch & B (r = 
0.83**), and Isfahan (r = 0.58*) (Fig. 4). This observation highlights that the thermal stress as captured by TCI is most 
responsive to precipitation anomalies during mid-growing season. VHI also demonstrates robust correlations in May, 
especially in Markazi (r = 0.92**) and Ch & B (r = 0.6*), indicating its utility as an integrated drought metric during this 
critical period. Overall, TCI emerges as the most reliable satellite proxy for meteorological drought during spring, 
particularly in May, whereas VHI offers complementary value through its combined thermal-vegetative signal 
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Figure 4. Pearson correlation coefficients between meteorological-based drought indicator (standardized precipitation 
index-SPI) and each of satellite-derived drought indicators (temperature condition index-TCI, vegetation condition index-
VCI, and vegetation health index-VHI) based on their computed values across the stations in the provinces. *: statistically 

significant at 0.05, **: statistically significant at 0.01 

4. Discussion 

In order to gain a comprehensive understanding of drought events, it is important to investigate drought phenomena 
using a range of drought indices, while also conducting a thorough analysis of their interactions [62]. This research 
focused on four significant drought indices that represent different types of droughts, taking into consideration their 
usage, features, and data accessibility. Specifically, the study examined the standardized precipitation index (SPI) as 
an indicator of meteorological drought, while the vegetation condition index (VCI), temperature condition index (TCI), 
and vegetation health index (VHI) were analyzed as indices for agricultural drought. Validating the findings from 
satellite image estimations by comparing them against ground truth data obtained through in situ measurements (i.e., 
SPI) also demonstrates the reliability and significance of this research. The SPI, developed by  McKee et al. [63] and 
endorsed by the World Meteorological Organization (WMO), is a widely accepted tool for assessing climatic drought 
conditions over different time periods in any given region [64]. In summary, indices such as SPI, VCI, TCI, and VHI 
serve as valuable instruments for monitoring and forecasting drought events. For that reason, they have been 
extensively employed in detecting droughts and evaluating agricultural health [65-71]. 

Remote sensing data on agricultural drought reveals various time-delayed responses to meteorological drought. The 
correlations between meteorological drought and remotely sensed drought exhibit a slow response in each area [72]. 
In this study, the results of the different indicators necessitate the use of a single criterion to validate their 
effectiveness. Based on the correlation analysis, the TCI demonstrates a stronger association with the SPI compared to 
the other indices. Specifically, the TCI exhibits the highest correlation with thermal indices in the short term, at a 
significance level of 1%. As the duration increases, the correlation between the climatic drought index, plant water 
content indices, and thermal indices also strengthens. This is because, in the case of a prolonged decrease in 
precipitation, the development of agricultural drought is influenced by factors such as the duration and location of 
meteorological drought, regional irrigation conditions, and crop composition [73]. The positive correlation observed 
between vegetation cover, plant water content indicators, and climatic dryness indicators suggests a corrective trend 
of changes. Therefore, the temperature index proves to be a more accurate indicator of drought conditions, making it a 
suitable method for drought estimation. The results of the study are consistent with the findings of  Du et al. [25], 
Wilhite et al. [9], and Liu et al. [21], who showed that remote sensing indicators have good accuracy in drought 
monitoring. 

The findings of this study will provide valuable insights for fellow researchers and local stakeholders in 
comprehending and discerning the hazards and vulnerabilities associated with both dry and rainy occurrences. The 
acquisition of this knowledge will have positive implications for various aspects of water resource management, 
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sustainable development, information distribution, protection, prevention, and risk forecasting within the region. 
Additional investigation is necessary in order to build a robust scientific basis for the development of risk 
management techniques and monitoring instruments.  

Drought indicators such as the SPI rely on data collected from specific sites, such as weather stations, which may not 
accurately represent the extent of drought in a given area. Therefore, the severity and spatial coverage of drought 
conditions may not be fully captured by these indicators. Additionally, they may lack detailed information about the 
factors contributing to or impacted by drought, which are essential for a comprehensive understanding of its full 
extent. Establishing a threshold level is necessary for classifying drought severity. Currently, most studies employ a 
fixed threshold level, often based on the long-term mean of the drought variable. However, the selection of an 
appropriate threshold is crucial for improving the understanding of drought parameters [74]. Consequently, further 
research is needed to determine suitable threshold levels for different hydroclimatic regions. Despite their potential 
usefulness in providing insights into vegetation dynamics, the accuracy of indices such as the VCI, VHI, and TCI is 
limited. These indices rely on assumptions regarding the relationship between vegetative factors and remote sensing 
data, which may not always hold true in diverse environments. 

In order to enhance the effectiveness of drought research in areas without access to synoptic stations, it is crucial to 
expand and utilize remote sensing methods, while also comparing them with traditional meteorological approaches. 
This allows for a more comprehensive analysis of drought patterns and their impacts. Furthermore, investigating the 
process of climate change can aid in predicting the duration of drought events, enabling better preparedness and 
mitigation strategies. The application of Geographic Information System (GIS) technology in drought zoning is another 
valuable approach to minimize follow-up costs associated with drought management. By effectively delineating 
drought-prone areas, resources can be allocated more efficiently.  

5. Conclusion 

The study findings demonstrate that the impacts of drought on vegetation and surface temperature vary and are 
influenced by factors such as the month, vegetation type, and temperature conditions. The strong correlation 
observed between the SPI and satellite-derived information (specifically TCI, and VHI) indicates the valuable role of 
satellite imagery in monitoring and managing drought.  

Overall, the research results suggest that the eastern half of the studied provinces experienced more severe drought 
compared to the western half, potentially leading to significant threats such as the release of dust particles, 
environmental crises, and reductions in agricultural production in these regions. Thus, effective drought mitigation 
hinges on several interdependent strategies: tailoring adaptation measures to the specific climatic and socioeconomic 
conditions of the area, engaging communities in context-specific ways, adjusting data sources and technology to local 
availability, aligning policies with regional governance structures, promoting collaboration between neighboring 
areas, and emphasizing sustainable practices for long-term resilience. 
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