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A B S T R A C T 

Background and objective: Information concerning the spatial and temporal 
characteristics of vegetative drought is essential for decision-making in 
environmental and agricultural practices. The present study is a comprehensive 
Spatio-temporal analysis of vegetative drought over thirty years of observations.  
Materials and Methods: The data obtained from NOAA/AVHRR (National 
Oceanic and Atmospheric Administration/ Advanced Very High-Resolution 
Radiometer) to reveal the vegetative drought patterns across Khorasan-e-Razavi 
province, northeast of Iran from 1990 to 2019. Three satellite-based drought 
indices including the Vegetation Condition Index (VCI), Temperature Condition 
Index (TCI), and Vegetation health index (VHI) as well as NDVI were used to 
characterize the dynamics of drought severity conditions and their fluctuations 
in the study area.  
Results and conclusion: It was found a strong correlation between land surface 
temperature (LST), and TCI with VHI which indicates a definite influence of 
thermal stress on vegetation health in the study area. The analysis of Pearson (R), 
and the correlation between vegetative drought indices over the 1990–2019 
period in Khorasan-e-Razavi province revealed no significant differences among 
drought indices except P-values. Analyzing long-term drought indices in the 
study area showed high thermal stress, very poor vegetation condition, and 
mainly weak VHI in most years of the study.  The results of this study show the 
potential for incorporating satellite-based drought indicators into agricultural 
decision support systems (e.g. agricultural drought early warning systems, crop 
yield forecasting models, or water resource management tools) complementing 
meteorological drought indices derived from precipitation grids. 
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1. Introduction 

A drought is a natural event that has a great impact on socio-economic, agriculture, and the environment. The 
conceptual definition of drought differs among regions of various climates (Dracup et al., 1980). These extreme 
events threaten global food security and local markets for agricultural products. (Lesk et al., 2016; Hadebe et al., 
2017). Arid and semi-arid regions are more susceptible to drought as they are more sensitive to rainfall shortages 
and temperature extremes (Bhuiyan, 2008). 

Generally, drought derives from water infrequency because of insufficient precipitation, 
consequences in full-size deficiency of soil moisture and reduction of crop yield, excessive 
evapotranspiration, and over-exploitation of water sources or any aggregate of those parameters. There 
are different types of droughts, like meteorological, hydrological, agricultural, and socioeconomic 
droughts with different indices which have been developed to characterize them (Zargar et al., 2011; 
Mishra & Singh, 2010). Rainfall and temperature may be crucial reasons for drought initiation, 
development, and persistence, specifically for vegetative drought (Bhuiyan & Kogan, 2010). Monitoring 
and analysis of drought are done through various indicators and indices. These indicators and indices 
enable the characterization of drought by providing information about the severity, location, duration, 
and timing of drought to determine, classify, and monitor drought conditions. Drought can be effectively 
monitored over large areas using remote sensing technology. Satellite remote sensing data provide a 
synoptic image of the Earth's surface and can therefore be used to spatially estimate the occurrence of 
droughts (Dehestani Ardakani, 2021; Ghane Ezabadi et al., 2021; Zarei et al., 2021; Gu et al., 2007). 
Several remotely sensed drought indices have been developed and applied, including duration, intensity, 
severity, and spatial extent (Mishra et al., 2015). 

The vegetation health index (VHI) which was introduced by Kogan (1997, 2001), can be used as the 
most important agricultural drought index (Bhuiyan et al., 2006; Kogan et al., 2012; Quiring & Ganesh, 
2010; Singh et al., 2003). Vegetation Health Index (VHI) is measured based on the vegetation condition 
index (VCI), and temperature condition index (TCI) with a linear combination which is more effective 
compared to other indices in monitoring agricultural drought (Kogan 1990, 2001; Singh et al., 2003; 
Bento et al., 2018). The vegetation condition index (VCI) is based on a normalized difference vegetation 
index and the maximum and minimum values of NDVI during the whole period of a specific time. The 
Normalized Difference Vegetation Index (NDVI) as a probe of vegetation health has been one of the 
most commonly used approaches to monitoring drought events (Ji & Peters, 2003; Rhee et al., 2010). 
The VCI is usually used to estimate vegetation water stress (Bento et al., 2018), measured in percentage, 
and ranged from 0 to 100 (Kogan, 1995). 

The VCI is used in conjunction with NDVI and TCI for assessing vegetation in drought situations. 
The Temperature Condition Index (TCI) based on land surface temperature (LST), has been developed 
by employing the thermal bands of the NOAA-AVHRR sensor to recognize the temperature-related 
vegetation stress (Kogan, 1995; Bento et al., 2018). Applying remote sensing data has great success in 
the monitoring of drought and its impact on vegetation (Kogan et al., 2005; Singh et al., 2003; Bhuiyan 
et al., 2006, Bhuiyan & Kogan, 2010). For instance, García-León et al., (2019) investigated the satellite-
based drought indices as yield predictors of Spanish cereals. Bhuiyan et al., (2017) analyzed the impact 
of thermal stress on vegetation health and agricultural drought in Gujarat state, India. They showed that 
the combined influence of moisture and thermal stress determines the occurrence and severity of 
drought, which is reflected in the Vegetation Health Index (VHI). A strong correlation between air-
temperature, the TCI and the VHI indicates a definite influence of thermal stress on VHI. The Khorasan-
e-Razavi province is in a semi-arid and arid climate region in the northeast of Iran, and due to frequent 
droughts in recent years, it is of great interest to assess the spatial and temporal patterns of drought in 
this region.  

The impact of drought in the study area has resulted in reducing both water availability and water 
quality for productive farms, grazing lands, and significant negative direct and indirect economic 
impacts on the agricultural sector. Drought has also contributed to insect outbreaks, increases in wildfire, 
and altered rates of carbon, nutrient, and water cycling all of which can impact agricultural production, 
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critical ecosystem functions that underpin agricultural systems, and the livelihoods and health of farming 
communities. 

In the present study, the vegetative drought indices data derived from the Advanced Very High-
Resolution Radiometer (AVHRR) sensor of NOAA satellites were used for monitoring drought 
occurrence in the Khorasan-e-Razavi province, northeast of Iran. The objective of this study was to 
analyze the long-term agricultural drought and its spatial extent using precipitation data, LST, NDVI, 
TCI, VCI, and NDVI in Khorasan-e-Razavi province, northeast of Iran. The study is of great importance 
for monitoring, understanding and managing, the occurrence of vegetative droughts through satellite 
observation data. 

2. Materials and methods 

2.1. Study area 

    Khorasan-e-Razavi Province with a surface area of 144,802 (118,884) km2 is located in north-eastern Iran. The 
study area includes 39 plains located between 45°19 -61°17 east longitude and 33°52 -37°42 north latitude (Fig. 
1). Iran's complex physical conditions, including topography, plant cover, and landscape, have resulted in a 
diverse climate (Alijani, 2008). The climatic characteristics of the plains studied in north-eastern Iran are for the 
most part arid and semi-arid and represent a variety of conditions, from desert to mountain. Topographical 
elevation ranges from 230 m a.s.l in the northeast to 305 m a.s.l in the central parts with an increasing trend from 
south to north of the study area. The average annual temperature varies between 12.8°C and 17.8°C with a growing 
trend from north to south. 

The general physiographic tendency of the plains extends mainly towards the northwest-southeast. 
The drainage points of the plains are directed towards two large basins, including the Karakum desert to 
the northeast and the Kavir desert to the southwest. The higher slopes are at the north and center of the 
study area. The study area was covered by various geological formations and soil types with different 
depths and susceptibility to erosion. Agricultural practices in the study area focus on deep alluvial soils 
in the northern plains with dense land cover.  

 

 

Fig. 1- Geographical position of Khorasan-e-Razavi Province 
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2.2. Data collection 

For the analysis of vegetation health indices, remote sensing data from weekly composite validated, high spatial 
resolution (1 km) from VIIRS-VH of the National Oceanic and Atmospheric Administration (NOAA) in the time 
span of 1990-2019 were used to develop indices such as land surface temperature (LST), the normalized difference 
vegetation index (NDVI), vegetation condition index (VCI), thermal condition index (TCI) and vegetation health 
index (VHI). 

The VHI includes Temperature Condition Index (TCI) and Vegetation Condition Index (VCI). VCI 
uses a ratio of land surface reflectivity at visible and near-infrared wavelengths, the Normalized 
Difference Vegetation Index (NDVI), to assess healthy vegetation cover, while TCI uses thermal 
infrared emission to estimate Earth's surface temperature (LST). These VHIs, derived from NOAA's 
Advanced Very High-Resolution Radiometer (AVHRR) sensor data, are available on the NOAA STAR 
Global Vegetation Health Products website (NOAA STAR, 2016) with data dating back to the early 
1980s. 

Validation with ground measurements in different parts of the world has shown that these indices are 
successful in assessing the impact of drought (Kogan, 1997). Table 1 shows the values of the drought 
indices in the study area. 

 

Table 1- The annual values of precipitation, land surface temperature, NDVI, and vegetative drought indices in 
Khorasan-e-Razavi province over 1990-2019 

 

 

 

   

 

 

 

2.3. Vegetation drought indices 

NDVI reflects vegetation status through the ratio of responses in the near-infrared (B2) and red (B1) bands of 
NOAA-AVHRR. This is computed as follows: 

 

NDVI= NIR - Red / NIR + Red                                                                (1) 

 

The classification of NDVI based on land cover density conditions is shown in Table 2. VCI is a 
proxy for moisture conditions. The VCI separates short-term variations in NDVI from long-term changes 
in the ecosystem (Kogan, 1990, 1995). The VCI resizes the dynamics of the vegetation between 0 and 
100 to reflect the relative changes in the state of the vegetation, ranging from extremely bad to optimal 
(Kogan, 1995; Kogan et al., 2003). It is calculated as:  

 

VCI = (NDVI - NDVI min / NDVI max - NDVI min) × 100                       (2) 

VHI TCI VCI NDVI LST Precipitation Value 

31.42 21.58 25.45 0.057 23.86 112.40 Min 

66.37 73.46 73.90 0.093 31.71 304.94 Max 

45.17 38.83 51.51 0.08 28.58 204.46 Average 

10.22 13.19 11.69 0.01 1.84 44.08 STD 

0.23 0.34 0.23 0.11 0.06 0.22 CV 
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Table 2- Classification of NDVI values, based on land cover density (Holben, 1986) 

 

 

 

 

TCI represents the relative change in thermal state in terms of brightness temperature which is derived 
from the NOAA-AVHRR thermal band. Subtle shifts in vegetation health due to thermal stress are 
monitored by TCI data analysis (Kogan, 1995, 2001, 2002). It is expressed as: 

 

TCI = (LST max - LST/ LST max - LST min) × 100                                 (3) 

 

Where, LST is the seasonal average of weekly land surface temperature, LST min, and LST max are 
the smoothed multi-year maximum and minimum LST. 

While the VCI and TCI exhibit the moisture and thermal conditions of the vegetation, the VHI 
illustrates the general health of the vegetation (Kogan, 2001) and is calculated as follows: 

 

VHI = α × VCI + (1- α) × TCI                                                               (4) 

 

Where α is a coefficient determining the contribution of the two indices (α=0.5). VHI is a representative 
characterizing vegetation health or a combination of estimated moisture and thermal conditions. The 
classifications of VCI, TCI, and VHI proposed by Kogan (2001) are demonstrated in Table 3. 

 

Table 3- Classification of VCI, TCI and VHI drought based on (Kogan, 2001) 

 

 

 

 

2.4. Statistical and Spatial analysis 

The values were statistically analysed by SPSS (16.0). An ordinary kriging interpolation technique with ArcGIS 
10.7 was used to delineate the spatial zoning of drought indexes. 

 

 

>0.60 0.20 – 0.60 0.05 – 0.20 <0.05 NDVI 

Dense Moderate Sparse Bare Land cover density 

>60 40 - 60 30 - 40 20 - 30 10 - 20 <10 VCI, TCI, VHI 

Favorable Normal Mild Moderate Severe Extreme Drought condition 
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3. Results and Discussion 

3.1. Climate and vegetation fluctuations 

Khorasan-e-Razavi province in the North-East of Iran is one of the Arid and semi-arid states, which is highly 
vulnerable to vegetative drought. The Precipitation values from 1990-2019 ranged from 112.40 to 304.94 with a 
mean value of 204.46 mm. The land surface temperature (LST) varied between 23.86 and 31.71 with an average 
of 28.58 °C (Fig. 2). The values of normalized difference vegetation index (NDVI) ranged from 0.057 to 0.093 
with a mean value of 0.08 (Fig. 3). These low NDVI values are mainly achieved with high LST values as the 
vegetation is under high water stress. 

The increase in LST and the decrease in NDVI contribute to significant water stress that can trigger 
the onset of agricultural drought. Our results showed that the stress of vegetation was due to rising 
surface temperature. The vegetation condition index (VCI) varied between 25.45 and 73.90 with an 
average of 51.51 and the temperature condition index (TCI) ranged from 21.58 to 73.46 with a mean 
value of 38.83 (Fig. 4). Also, the values of vegetation health index (VHI) ranged from 31.42 to 66.37 
with an average of 45.17 (Table 1). According to our findings, 1990 and 2006 had the most variations 
in the yearly land surface temperature. However, over the experiment period the annual precipitation 
experienced relatively large and unpredictable changes. 

The analysis of Pearson (R), and the correlation among vegetative drought indices over the 1990–
2019 period in Khorasan-e-Razavi province revealed that except for P-values no significant differences 
between the drought indices were observed (Table 4). The results of our study are consistent with the 
findings of Gidey et al. (2018) that investigated the long-term agricultural drought on duration frequency, 
severity, and spatial extent on vegetation health index (VHI) in northern Ethiopia. 

 

 

Fig. 2-The fluctuations of yearly land surface temperature and precipitation over 1990-2019 in Khorasan-e-Razavi 

province 

0

50

100

150

200

250

300

350

1990 1994 1998 2002 2006 2010 2014 2018

P
re

ci
p
it

at
io

n
 (

m
m

)

20
22
24
26
28
30
32
34

1990 1994 1998 2002 2006 2010 2014 2018

L
S

T
 (
°C
)



A. Bagherzadeh  et al. Journal of Nature and Spatial Sciences (2022) 2(2), 180–197 

 

186 

 

 

Fig. 3- The fluctuations of NDVI over 1990-2019 in Khorasan-e-Razavi province 
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Table 4- The Pearson (R), correlation coefficient (R2), and the P-Values between vegetative drought indices over 
1990–2019 time series in Khorasan-e-Razavi province (*: significant at P ≤ 0.05) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

3.2. Spatio-temporal variations of vegetative drought indices 

    The fluctuations of NDVI over the 1990-2019 time period in Khorasan-e-Razavi province were exhibited in 
figure 3. As shown, the highest annual values of NDVI in the region were found in 1998, where 4.46% (5171.26 
km2) of the area ranked bare, which was located in the west of the study area, 95.38% (110573.91 km2) classified 
into sparse, which located in the north, central and east parts of the province, and 0.156% (180.61 km2) assessed 
into moderate land cover density, which focused in the south, west and scattered parts in the east of the province. 
The lowest annual NDVI values were determined in 2000, were 42.55% (49332.7 km2), and 57.45% (59771.23 
km2) grouped into bare, and sparse land cover density, respectively (Table 5, Fig. 4). 

 

 

 

 

 

 

 

 Precipitation LST NDVI VCI TCI VHI  

R-Pearson       

Precipitation 1     
 

LST - 1    

NDVI 0.449 -0.316 1    

VCI 0.486 - 0.970 1   

TCI - -0.946 0.339 - 1  

VHI 0.457 -0.831 0.773 0.796 0.844 1 

2R       

Precipitation 1      

LST - 1     

NDVI 0.201 0.100 1    

VCI 0.236 - 0.940 1   

TCI - 0.895 0.115 - 1  

VHI 0.209 0.690 0.598 0.634 0.712 1 

P-Value       

Precipitation 1      

LST - 1     

NDVI *21-2.31×10 *36-2.57×10 1    

VCI *19-3.91×10 - *21-9.74×10 1   

TCI - *4-8×10 *16-5.40×10 - 1  

VHI *19-2.09×10 *8-1.70×10 *21-9.07×10 *5-3.67×10 *5-3.68×10 1 
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Table 5 -The threshold values (surface area and the percent) of NDVI in Khorasan-e-Razavi province over 1990-

2019 

 

 

 

 

 

 

 

 

Fig. 4 - The zonation of minimum and maximum values of NDVI over 1990-2019 in Khorasan-e-Razavi 

The minimum annual values of TCI, VCI, and VHI over the observation period were found in 2001, 
2000, and 2001, while the maximum values were observed in 1994, 1998, and 1994, respectively. The 
highest and the lowest correlations between VHI and other drought indices were found with TCI 
(R2=0.712), and precipitation (R2=0.209), respectively. The annual fluctuations of drought indices VCI, 
TCI, and VHI over the 1990-2019 time period in Khorasan-e-Razavi province were demonstrated in Fig. 
5. 

NDVI 

Lower threshold (2000) Upper threshold (1998)  
Land cover density 

% )2area (km % )2area (km 

42.55 49332.7 4.46 5171.26 Bare 

57.45 59771.23 95.38 110573.91 Sparse 

- - 0.156 180.61 Moderate 

- - - - Dense 
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Fig. 5 -The fluctuations of VCI, TCI, and VHI over 1990-2019 in Khorasan-e-Razavi province 

 

As shown, the higher threshold values of VCI in Khorasan-e-Razavi province were observed in 1998, 
where 0.02% (22.86 km2) of the area was categorized into moderate, 0.46% (537.24 km2) was classified 
into mild, 13.26% (15369.74 km2) ranked into normal, and 86.26% (99995.93 km2) grouped into 
favorable drought VCI classes, which dominate throughout the study area (Table 6). The spatial 
distribution of normal, mild, and moderate drought VCI classes concentrated in the middle, north and 
northwest of the study area (Fig. 6). The lower threshold values of VCI were assessed in 2000, where 
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0.91% (1053.91 km2), 28.56% (33107.93 km2), 44.71% (51829.17 km2), 18.46% (21407.45 km2), 
7.1% (8227.83 km2), and 0.26% (299.48 km2) classified into extreme, severe, moderate, mild, normal, 
and favorable drought classes, respectively (Table 6). Where the extreme class of VCI focused in the 
east, the severe and moderate classes were found in the east, northeast, south, and west parts of the 
province. The mild, normal and favorable drought VCI classes concentrated mainly in the south, west 
and scattered parts in the east of the study area (Fig. 7).   

 

Table 6 -The threshold values (surface area and the percent) of VCI and TCI drought indices in Khorasan-e-Razavi 
province from 1990-2019 

 

The higher threshold values of TCI in the study area were assessed in 1994, where 0.03% (36.58 
km2) of the area was classified as mild, 8.47% (9818.99 km2) as normal, and 91.50% (106070.2 km2) 
ranked into favorable drought classes which dominate throughout the study area (Table 6). The classes 
of normal and mild were found as scattered parts mainly in the middle, west and northwest of the 
province (Fig. 6). The lower threshold values of TCI were found in 2001, where 1.99% (2304.43 km2), 
42.80% (49620.75 km2), 40.18% (46580.18 km2), 12.52% (14510.15 km2), 2.42% (2825.67 km2), and 
0.07% (84.59 km2) categorized into extreme, severe, moderate, mild, normal, and favorable drought 
classes, respectively (Table 6). The spatial distribution of TCI classes revealed that extreme conditions 
was found in scattered parts in the center and south of the province, while severe and moderate conditions 
were dominant classes all over the study area. The mild, normal, and favorable conditions of TCI were 
found mainly in the middle and western parts of the region (Fig. 7). 

TCI VCI 

Lower threshold (2001) Upper threshold (1994) Lower threshold (2000) Upper threshold (1998) Drought 

class  % )2area (km % )2area (km % )2area (km % )2area (km 

1.99 2304.43 - - 0.91 1053.91 - - Extreme 

42.80 49620.75 - - 28.56 33107.93 - - Severe 

40.18 46580.18 - - 44.71 51829.17 0.02 22.86 Moderate 

12.52 14510.15 0.03 36.58 18.46 21407.45 0.46 537.24 Mild 

2.42 2825.67 8.47 9818.99 7.1 8227.83 13.26 15369.74 Normal 

0.07 84.59 91.50 106070.2 0.26 299.48 86.26 99995.93 Favorable 
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Fig. 6 -The zonation of maximum values of TCI, VCI, and VHI over 1990-2019 in Khorasan-e-Razavi 
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Fig. 7- The zonation of minimum values of TCI, VCI, and VHI over 1990-2019 in Khorasan-e-Razavi 
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The higher threshold values of VHI in the region were found in 1994, where 0.08% (93.73 km2) of 
the area was categorized as mild, 21.49% (24909.82 km2) was classified as, and 78.43% (90922.22 km2) 
grouped into favorable drought classes, which dominate all over the study area (Table 7). The spatial 
distribution of normal and mild drought VHI classes was concentrated mainly in the middle, north and 
northwest of the province (Fig. 6). 

The lower threshold values of VHI were observed in 2001, where 5.06% (5863.96 km2), 39.39% 
(45661.15 km2), 43.68% (50640.37 km2), 11.86% (13751.16 km2), and 0.01% (9.14 km2) ranked into 
severe, moderate, mild, normal, and favorable drought classes, respectively (Table 7). The mild drought 
VHI along with normal class dominates overall the study area, mainly in the middle and western parts 
of the province. The moderate and severe classes were focused mainly in the east, north, and scattered 
parts in the south of the region (Fig. 7). 

The finding results of Garcia-Leon et al. (2019) revealed the potential for including satellite-based 
drought indices in agricultural decision support systems (e.g., agricultural drought early warning 
systems, crop yield forecasting models or water resource management tools) complementing 
meteorological drought indices derived from precipitation grids. Bhuiyan et al. (2017) found that 
agricultural production has a direct correspondence with the VHI, and since vegetation health is strongly 
influenced by the thermal state in vegetation, low vegetation productivity is directly or indirectly 
associated with the thermal stress developed in the vegetation. 

 

Table 7- The threshold values (surface area and the percent) of VHI in Khorasan-e-Razavi province over 1990-2019 

 

 

 

 

 

 

 

 

 

3.3. Characterization of drought-affected areas  

Regarding the fluctuations of land surface temperature, precipitation, moisture and thermal stress over the 
observation period the percent of drought-affected areas in Khorasan-e-Razavi province over the 1990-2019 time 
period was demonstrated in Table 8. In 2008 the highest percentage of the study area (15.34%) was affected by 
extreme drought conditions (VHI<10), while the lowest percentage of the surface area under extreme drought 
(0.03%) was found in 1994. Also, the highest and the lowest percentages of the study area under severe conditions 
of drought (10<VHI<20) were observed in 1990 and 1994 with 22.20% and 0.34%, respectively. The highest and 
the lowest percentages of the study area under moderate drought conditions (20<VHI<30) were exhibited in 1990 
and 1994, respectively, where 25.92% and 1.87% percentage of the study area were affected by moderate drought.  
As well, the highest and the lowest percentages of the surface area under mild conditions of drought (30<VHI<40) 
were revealed in 2012 (24.77%), and 1994 (6.19%). 

The highest and the lowest percentages of the study area under normal drought conditions 
(40<VHI<60) were demonstrated in 1999 and 1990, respectively, where 47.96% and 16.60% of the 
study area were affected by normal drought. In addition, the highest and the lowest percentages of the 
surface area under favorable conditions of drought (VHI>60) were revealed in 1994 and 1990, where 

VHI 

Lower threshold (2001) Upper threshold (1994) Drought class 

% )2area (km % )2area (km  

- - - - Extreme 

5.06 5863.96 - - Severe 

39.39 45661.15 - - Moderate 

43.68 50640.37 0.08 93.73 Mild 

11.86 13751.16 21.49 24909.82 Normal 

0.01 9.14 78.43 90922.22 Favorable 
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55.04% and 2.45% of the surface area were affected by favorable drought, respectively. Analysis of the 
vegetation health index reveals that the spread and intensity of vegetative drought appear when both 
moisture- and thermal stresses were high. The percentage of departure of the VHI was greater in those 
years when the departure of both the VCI and the TCI was high relative to their respective mean values 
over the observation period. 

 

Table 8- The percent of drought affected areas based on VHI index in Khorasan-e-Razavi province over 1990-2019 

 

 

VHI Drought  

Year 

<10 

(Extreme) 

10-20 

(Severe) 

20-30 

(Moderate) 

30-40 

(Mild) 

40-60 

(Normal) 

>60 

(Favorable) 

% 

1990 13.53 22.20 25.92 19.29 16.60 2.45 

1991 0.46 3.69 12.49 22.34 42.82 18.20 

1992 0.07 1.04 4.96 11.34 36.47 46.11 

1993 0.05 0.61 3.28 9.53 33.93 52.61 

1994 0.03 0.34 1.87 6.19 36.54 55.04 

1995 5.05 14.31 25.84 27.21 24.70 2.89 

1996 4.91 15.95 28.32 26.37 21.80 2.65 

1997 4.46 14.76 25.78 24.71 24.98 5.32 

1999 0.19 1.47 5.75 14.90 47.96 29.74 

2000 5.82 13.94 21.43 23.69 28.46 6.67 

2001 18.22 19.45 21.80 20.07 16.89 3.56 

2002 7.38 13.73 18.28 20.97 31.17 8.48 

2003 2.18 5.79 11.97 20.43 40.47 19.17 

2004 0.93 5.08 12.30 20.22 43.45 18.03 

2005 0.58 2.91 7.91 16.18 47.31 25.11 

2006 3.54 10.89 19.04 23.68 35.58 7.27 

2007 1.00 4.94 12.29 22.61 45.47 13.69 

2008 15.34 17.22 20.57 20.32 23.32 3.24 

2009 1.58 4.54 11.07 19.89 43.02 19.90 

2010 8.36 15.12 19.53 24.42 27.08 5.50 

2011 15.42 14.58 19.44 22.88 24.31 3.37 

2012 2.98 9.26 18.08 24.77 35.06 9.85 

2013 8.63 12.51 16.20 21.28 34.24 7.14 

2014 13.57 15.02 18.61 22.47 26.35 3.99 

2015 5.27 11.50 17.13 22.64 34.99 8.47 

2016 8.50 13.91 19.64 23.63 27.55 6.77 

2017 10.07 14.85 20.72 24.09 25.98 4.29 

2018 10.29 14.90 19.36 21.35 27.84 6.26 

2019 2.06 4.78 9.63 16.09 40.65 26.80 
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4. Conclusion 

The study is a comprehensive Spatio-temporal analysis of vegetative drought over thirty years of observations in 
the Khorasan-e-Razavi province in the North East of Iran.  The yearly values of LSI, precipitation, NDVI, VCI, 
TCI, and VHI were derived through multi-channel data from the NOAA-AVHRR satellite for drought monitoring 
from 1990-2019 in the study area. The highest and the lowest correlations between VHI and other drought indices 
were found with TCI (R2=0.712), and precipitation (R2=0.209), respectively. 

The results of our study indicated that TCI was found to be the most sensitive indicator of drought 
conditions, followed by LST, VCI, and NDVI. Analyzing long-term drought indices in the study area 
showed high thermal stress, very poor vegetation condition, and mainly weak VHI in most years of the 
study. The results of our study highlighted the potential of incorporating satellite-based drought indices 
into agricultural decision support systems, such as Agricultural drought early warning or crop yield 
forecast. This study may help to improve the existing agricultural drought monitoring systems carried 
out in Khorasan-e-Razavi province. It also supports the formulation and implementation of drought 
management measures in the study area. 
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