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Abstract:

Vegetation cover is one of the living components of terrestrial ecosystems and plays an important
role in many ecosystem processes that are strongly influenced by climatic events. Thus, me-
teorological droughts can significantly affect the vegetation cover, especially in arid and semi-
arid regions where vegetation is more sensitive to environmental conditions. This study was
conducted with the aim of analyzing the effects of meteorological droughts on the vegetation
cover in different Land Use Land Cover (LULC) types in Khorasan Razavi province, Iran. For
this purpose, the correlation and Linear Regression (LR) between Standardized Vegetation Index
(SVI) and meteorological drought indices including Standardized Precipitation Index (SPI) and
Standardized Precipitation Evapotranspiration Index (SPEI), with 3, 6 and 12-month time scales
were investigated for the period of 2001 — 2020. Based on the results, it was found that SVI values
were negative in the years 2001, 2006, 2008, 2011, 2014 and 2015, in all LULC types while in
2010, moderate rangeland experienced the most severe drought. The decreasing trend of SVI
(increasing vegetation drought) was mostly observed in the southern parts of the province. The
correlation between SVI and 6- month SPEI occupied a wider area than the other time scales
(23.07%). The highest correlation between SVI and 12-month SPI was distinguished in dense
forest, sparse forest, and poor rangeland, and occupied a wider area across the province (24.08%).
Moreover, the highest (1.13) and lowest (0.75) changes in the regression coefficient of variations
of SVI with multitemporal SPEI and SPI were belonged to moderate forest and agricultural land,
respectively. Based on the results of this study, SPEI and SPI showed completely different values
in various LULC types. Therefore, any types of indicators should be separately considered to study
the terrestrial ecosystems in order to better identify areas affected by meteorological drought.
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Introduction

Vegetation cover provides valuable ecosystem services to
various terrestrial ecosystems such as carbon sequestration,
livestock grazing and regulation of water resources (Pake-
man et al., 2019). It is predicted that future climate warming
will have a great impact on terrestrial ecosystems includ-
ing rangeland degradation and desertification (Miao et al.,
2015), increasing tree mortality, stimulating fires in ecosys-

tems and reducing carbon sequestration in vegetation cover
(Allen et al., 2010). Therefore, drought can be an impor-
tant factor in the quantity and quality of vegetation (Zandi
et al., 2021). A shift towards more variable rainfall leads
to an overall reduction in the forage biomass resources and
an increase in the vegetation cover vulnerability (Williams
and Albertson, 2006). Hence, quantifying the vegetation
cover response to meteorological droughts is essential for
ecological management in terrestrial ecosystems (Wei et al.,
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2022). However, it is difficult to predict and quantify me-
teorological drought because it is a complex phenomenon,
appears gradually, does not have a specific beginning and is
affected by numerous variables. That is why the characteris-
tics of drought, its intensity and frequency are spatially and
temporarily different (Iglesias et al., 2009). Different ter-
restrial and meteorological parameters are important for the
drought parameterization. Because the global air tempera-
ture is continuously increasing affected by climate change
and the spatio- temporal pattern of rainfall and land use
is expected to change significantly in the coming decades
(Liu et al., 2014). Therefore, it is necessary to develop the
most accurate and effective drought monitoring tools. In
this case, Remote Sensing (RS) plays an important role in
drought studies, due to the spatial and temporal advantages
it can provide (West et al., 2019).

Meteorological drought monitoring and the evaluation of its
impact on vegetation cover is essential for proper manage-
ment of terrestrial ecosystems. Traditionally, this goal has
been achieved by the direct use of meteorological drought
indices which is calculated from in situ observation data
collected at a limited number of meteorological stations.
While these indices are accurate, they are not capable of
providing spatially accurate drought estimates due to geo-
graphic and economic constraints when establishing in situ
stations (Ozelkan et al., 2016). However, todays, there are
different indicators for drought diagnosing and monitoring
in real time (Ghazaryan et al., 2020), announcing the be-
ginning or end of the drought (Tarnavsky and Bonifacio,
2020), studying drought levels and drought response mea-
sures (Zargar et al., 2011), analyzing the quantitative effects
of droughts on environmental variables at a various spatial
and temporal scales (Tarnavsky and Bonifacio, 2020) and
finally announcing drought conditions (Adede;ji et al., 2020;
Tsakiris and Vangelis, 2004) and using in drought warning,
monitoring and contingency planning.

Several methods have been used to monitor and evaluate me-
teorological droughts and their effects on vegetation cover,
through the development of various climatic and vegeta-
tion indices based on RS techniques. Ariapour et al. (2013)
estimated the changes in vegetation cover and Land Use
Land Cover (LULC) using Landsat TM and ETM* images
in Sabzevar city, Iran. The results indicated the appropri-
ateness of RS technology in order to accurately estimate
the area of LULC and vegetation changes was confirmed
by these researchers. Ezzine et al. (2014) investigated the
consistency of three drought indices in different LULC
classes during a 15- year period (1998-2012). Their re-
sults showed a stronger relationship between Standardized
Precipitation Index (SPI) and Standardized Vegetation In-
dex (SVI) than SPI and Standardized Water Index (SWI)
in autumn and winter seasons. Su et al. (2017) proposed
a framework of standard drought indicators to describe all
aspects of drought, duration, onset, intensity, expansion and
simultaneous examination of three types of drought such
as agricultural, meteorological and hydrological droughts
in order to harmonize the drought monitoring and reduce
the contradictions caused by the lack of a global standard
for measuring and describing drought. Shad et al. (2017)
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investigated the drought in Isfahan province, Iran, using
SPI, Temperature Condition Index (TCI), Vegetation Condi-
tion Index (VCI) and Normalized Difference Vegetation In-
dex (NDVI). The results of the correlation among different
drought indices showed that VCI and TCI have the highest
and lowest correlations with meteorological droughts, re-
spectively. Alamdarloo et al. (2021) investigated the effect
of climate fluctuations on vegetation dynamics in Northwest
of Iran. They reported that NDVI had the positive correla-
tion with temperature in 8°-12 °C class with R? value of
0.36 and precipitation in 213 — 300 mm classes with a R?
value of 0.38. Khusfi and Zarei (2020) assessed the rela-
tionship between meteorological droughts and vegetation
degradation using SPI and NDVI in the Meyghan plain in
Markazi province, Iran. They reported that the decrease in
precipitation increased the sensitivity of the low density veg-
etation cover (poor rangeland) to meteorological droughts
compared to dense vegetation cover (agricultural land).
Considering the above and emphasizing the dangers of
droughts, it is necessary to realize the relationship between
vegetation cover and meteorological drought to understand
the effects of water scarcity on vegetation production and
initiate prevention. Since Khorasan Razavi province, in
northeast of Iran, has been introduced as one of the drought-
prone regions in the country, which suffers a lot of damage
due to this phenomenon every year (Erfanian and Alizadeh,
2009), this study aimed to investigate the meteorological
drought in this province, using SPEI and SPI and their effect
on vegetation cover in different LULC types. In this study,
both SPEI and SPI were used to assess the effect of each of
them on vegetation cover and compared their effects.

Materials and methods

Study area

The case study is in Khorasan Razavi province (33°52'-
37°52' N; 56°19-61°16' E), located in the northeast of Iran,
with an area of 127,222 Km?. About three fourth of the
province is dominated by arid and semi-arid climates. The
average annual rainfall is 250 mm, which changes from 116
in the north to 313 mm in the south and the annual mean
temperature is about 14.5°C (www.irimo.ir). Moreover, the
altitude varies between 231 and 3308 m above sea level
(Figure 1).

Land use land cover

Land Use Land Cover (LULC) was used to represent the
effect of meteorological drought on dynamics of different
types of vegetation cover. In this study, LULC map was
extracted from the LULC map prepared by Natural Re-
sources and Watershed Management Organization of Iran
(www.frw.ir). This map was divided LULC into 13 types
including dense forest (3.78%), moderate forest (0.12%),
sparse forest (1.44%), agricultural land (24.78%), good
rangeland (2.49%), moderate rangeland (21.17%), poor
rangeland (37.73%), bareland (2.51%), rock (0.48%), salt
land (2.62%), sand dune (2.14%), urban (0.41%), wetland
(0.33%) (Figure 2).
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Methodology

In the present study, Standardized Vegetation Index (SVI)
was adopted to represent the vegetation cover dynamics.
SVI maps prepared using the monthly Enhanced Vegeta-
tion Index (EVI) acquired from MOD 13A2 product of
MODIS for the period of 2001 —2020. EVI maps for May
were used because the natural vegetation cover is at its
peak on this month in Khorasan Razavi province. Addi-
tionally, the monthly precipitation and temperature data for
10 synoptic stations existing in the study area within the
period of 2000-2020 were used (Table 1). Two of the most
widely used meteorological drought indices including Stan-
dardized Precipitation Evapotranspiration Index (SPEI) and
Standardized Precipitation Index (SPI) were calculated to
characterize the intensity of meteorological drought. The
3, 6 and 12- month SPEI and SPI were considered as short,
medium and long time scales, respectively. Afterwards,
coefficient of determination (R%) and regression coefficient
between SVI and multitemporal SPEI and SPI to assess
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the relationship between vegetation cover dynamics and
meteorological droughts. The maximum value of the R? for
each pixel was considered to evaluate the response of SVI
to different SPEI and SPI time scales. This means that if
a pixel of the SVI maps showed the best correlation with
the 3- month SPEI, cumulative precipitation and reference
evapotranspiration from February was computed. It should
be noted that the response of vegetation cover to meteoro-
logical droughts were analyzed and compared with a 20-
year period in seven LULC types including dense forest,
moderate forest, sparse forest, good rangeland, moderate
rangeland, poor rangeland and agricultural land. The bare-
land, rock, saltland, sand dune, urban, and wetland classes
were considered no- vegetation types and masked in the
results.

Standardized vegetation index (SVI)

The SVI is used to monitor the vegetation cover dynam-
ics. In this study, EVI maps were used to generate SVI
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Figure 1. Geographical location of Khorasan Razavi province in Iran and the distribution of synoptic stations.
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Figure 2. Land Use Land Cover map of Khorasan Razavi province.
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Table 1. The properties of the synoptic stations.
Mean Annual
Row Station Name Longitude (E) Latitude (N) Altitude (m) Precipitation Mean Monzhly
(mm) Temperature (°C)
1 Golmakan 36.48 59.28 1176.00 212.28 15.97
2 Gonabad 34.35 58.68 1056.00 116.27 18.62
3 Kashmar 35.27 58.47 1109.70 177.44 18.42
4 Mashhad 36.24 59.63 999.20 232.29 15.85
5 Neyshabur 36.27 58.8 1213.00 229.67 14.85
6 Quchan 37.10 58.45 1287.00 325.97 12.46
7 Sabzevar 36.21 57.65 962.00 180.27 18.14
8 Sarakhs 36.54 61.15 977.60 192.28 18.50
9 Torbat-E-Jam Torbat-E 35.29 60.56 950.40 157.25 16.27
10 Heydariyeh 35.33 59.21 1451.00 225.22 14.64
maps. EVI is a more robust proxy for biomass due to its ~ where;
improved resistance to soil and atmospheric contamination,
compared to NDVI (Huete et al., 2002; Matsushita et al., D; =P, — PET;

2007; Garroutte et al., 2016). SVI describes the proba-
bility of variation of the normal EVI over the time, in a
certain interval (Veneros and Garcia, 2022). This index was
computed for each pixel as Equation (1):

EVI; —EVlew
SVI _ 1 STD mean (1)

where;

SVl is Standardized Vegetation Index,

EVI; is Enhanced Vegetation Index for month i (May) and
EVl,cqn is mean value of EVI in May during 2001 — 2020
and

STD is standard deviation of EVI in May during 2001 —
2020.

After calculating SVI for the years 2001 to 2020, Mann-
Kendall test was used to detect the vegetation cover trend
(Mann, 1945; Kendall, 1975).

Precipitation evapotranspiration index

SPEI is an extended form of SPI. This index is developed
to consider precipitation and potential evapotranspiration
in determining meteorological drought. Unlike SPI, SPEI
shows the main effect of increase in temperature on wa-
ter demand. Thus, SPEI is an appropriate index to assess
the intensity of drought in the increasing global warming
(Vicente-Serrano et al., 2010). In this study, the monthly
SPEI was calculated to determine the climate change trends
to investigate the response of vegetation to climate change
using precipitation and potential evapotranspiration data.
To estimate potential evapotranspiration, Thornthwaite
(1948) equation was used as: N, is the correction coeffi-
cient that is determined based on the month and the latitude
of the studied area,

T,, is the average temperature of the month in °C,

I is thermal index calculated for the whole year and

a is a coefficient computed based on /.

Next, the monthly water deficit or surplus Equation (2)

107,
PET:]6N¢Q—TﬂY’ )

is computed and after that, Xi’j. is calculated as Equation (3).

12 j
Y Diu+)Y Dy if j<k
1=15—k+j i=

Xt = 3)

J
Y Dy if j>k

I=j—k+1
where;
i is the respective year,
Jj is the respective month and
k is time scale (k= 3, 6 and 12).
In order to standardize the series of water deficit or sur-
plus observations to determine SPEI according to Vicente-
Serrano et al. (2013), three- factor log- logistic distribution
was used as the most appropriate adaptive distribution based
on Equation (4):

@=bE e @

o o

where;

o, B, and Y are scale, shape, and boundary factors, respec-
tively,

For D values in the interval Y < D < oo. Also, Equation (5)
shows the probability distribution function of the observa-
tion series of water deficit or surplus according to the log-
logistic distribution.

x—Y

F(x)=[1+(—)F" (5)

Eventually, based on F(x), the SPEI was computed as Equa-
tion (6):

Co+C\W +C,W?

SPEI =W —
1+dyw+dow? + dzw3

(6)

where;
Cp=2.515517, C1=0.802853, C,=0.010328, d,=1.432788,
d>»=0.18926 and d3=0.001308, which are constants.

W=+v-2InP
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P=represents precipitation.

if P=1-F(x) <0.5 but if P >0.5, P was replaced by 1-P,
SPEI has positive and negative values, the most negative
value indicates the more drought intensity and the positive
values represent a wet condition.

Standardized precipitation index

SPI was computed with monthly precipitation data for the
period of 2000-2020 to assess the intensity of meteorologi-
cal drought. To calculate the SPI, the precipitation data for
each station should be fitted to the gamma probability dis-
tribution function. The probability density function of this
distribution is given in Equation (7) (McKee et al., 1993):

1 X
g(x) = ﬁo‘F(a)X(OHl)e P for x>0 7

where;

x is the amount of precipitation,

« is the shape parameter,

B is the scale parameter, and

I'(a) represents the gamma function.

It should be noted that x, & and 8 values must be greater
than zero.

o and B are calculated using Equations (14), (15) and (16):

1 4A
= ©)
A:In(f)—zl%(jc) (10)

where;

n is the number of observed precipitations. In addition,

Xis the average cumulative precipitation for a month during
the statistical period.

The calculated parameters allow the precipitation distribu-
tion in the station to be effectively represented by a mathe-
matical cumulative probability function according to Equa-

tion 11:
G(x) /x ! /x a=1,F g
X) = R — X e X
o B*T(a) Jo

Since the gamma function is not defined for the values of x
= 0 and the precipitation distribution may take a zero value,
the cumulative probability is obtained using Equation (12):

H(x) =g+ (1 —¢q)G(x) 12)

(1)

where;

q is the probability of zero and

H(x) is the cumulative probability function with x = 0 data.
Then, it is transformed into a standard normal distribution
to produce the cumulative SPI values of H(x) (McKee et al.,
1993).

Calculation of coefficient of determination (R?) and lin-
ear regression coefficient

Using the R2, the correlation of SVI in relation to multi-

temporal SPEI and time was calculated according to Equa-
tion (13):

RSS

RP=1-_—

TSS (13)
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where;

R? is coefficient of determination and

RSS is Residuals Sum of Squares

TSS is Total Sum of Squares,

The R? values ranges from 0 to 1, which higher values repre-
sent better agreement between the compared data (Pogacar
et al., 2022).

Additionally, LR analysis can be used to simulate the
changes trends. The regression coefficient of the SVI
changes in relation to multitemporal SPEI and SPI was
determined using Equation (14):

b nY iy — X G Y=y,

. . 14
ngh (X )’ o

where;

X; and Y; are independent and dependent variable values in
ith year, respectively, and

n represents the number of years during the study period
(n=20). Generally, if,

b <0 reflects that the dependent variable has an increasing
trend, while

b >0 reflects that the dependent variable shows a decreasing
trend.

b =0 shows that the dependent variable has no trend.

The SPEI and SPI calculations were carried out and coded
in MATLAB R2021b for each station on 3, 6 and 12-month
time scales as short, medium and long- time scales, respec-
tively. Then, they were interpolated across the study area
using Inverse Distance Weighted (IDW) model in ArcMap
10.8.1 to obtain SPEI and SPI maps. The pixel size and
position were considered as SVI maps. Moreover, the coef-
ficient of determination and LR were conducted in TerrSet
2020 v.19.0.6. The flow chart of the procedure used in this
study is shown in Figure 3.

Results

Trend of precipitation and temperature changes

Figure 4 illustrates the trend of changes in annual precip-
itation during 2000 — 2020 in Khorasan Razavi province.
The results represented that the trend of variations in pre-
cipitation was generally increasing. In 2000, the annual
precipitation was 153.00 mm, and it reached maximum
value of 305.53 mm in 2020. Moreover, there was the low-
est annual precipitation in 2008 (90.144 mm).

Figure 5 shows the trend of changes in annual temperature
during 2000 — 2020 in Khorasan Razavi province. The re-
sults indicated that the trend of temperature variations was
generally decreasing. The annual temperature was 16.6 °C
in 2000 while it reached minimum value of 15.5 °C in 2020.
Also, the highest mean temperature was 15.5 °C in 2001.

Trend of SVI

The occurrence and cessation of vegetation drought in dif-
ferent LULC types in Khorasan Razavi province over the
past 20 years are presented in Figure 6. The lower SVI val-
ues indicate greater severity of agricultural drought. As it
can be seen, in the years 2001, 2006, 2008, 2011, 2014 and
2015, the SVI values in all LULC types are negative, which

2008-9996[https://dx.doi.org/10.57647/j.jrs.2024.1404.31]
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Figure 3. Flowchart of the procedure employed in this study

indicates that the vegetation is not in a good condition and
drought affects all LULC types. While in 2010, moderate
rangeland has experienced the most severe drought. The
years 2019 and 2020 recorded the highest SVI values in
all LULC types, which indicates the cessation of drought
conditions and better vegetation status, which is related to
the rainfall in the previous years.

The trend of SVI over the period of 2001-2020 in different
LULC types and its relative percentage are presented in
Figure 7 and Table 2, respectively. According to the analy-
sis of the Mann Kendall trend test, large areas of Khorasan
Razavi province were not under any drought trend (99.42%).
The increasing trend of SVI (suitable condition of vegeta-
tion cover over time) was observed in a sporadically in the
province. These pixels showed relief from drought con-
ditions. On the other hand, the decreasing trend of SVI
(reduction of vegetation cover or occurrence of drought)
with the least number of pixels was observed in the south-
ern part of the province.

According to the results presented in Table 2, the highest
(23.67%) and the lowest (3.43%) relative percentages of the
increasing trend of SVI belong to the moderate rangeland
and moderate forest, respectively. Additionally, moderate

forest had the highest relative percentage of the no-trend
among other LULC types. The highest (1.08) and lowest
(0.00) relative percentages of the decreasing trend were also
observed in agricultural land and with the same value of
moderate forest and sparse forest, respectively.

SVI-SPEI and SVI-SPI

The spatial distribution of the highest correlation between
SVI and multitemporal SPEI and SPI is presented in Fig-
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Figure 4. The trend of changes in annual precipitation during
2000 to 2020 in Khorasan Razavi province

Table 2. Relative percentage of SVI trend classes in different LULC types (%).

LULC Type Decreasing Trend No Trend Increasing Trend
Dense Forest 0.49 79.74 19.77
Moderate Forest 0.00 96.57 343
Sparse Forest 0.00 76.18 23.82
Good Rangeland 0.01 86.00 13.99
Moderate Rangeland 0.10 76.23 23.67
Poor Rangeland 0.59 82.35 17.06
Agricultural Land 1.08 85.40 13.52
Total Area 0.58 81.67 17.75
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ure 8. This map showed the response of agricultural drought
to meteorological droughts. The correlation of SVI with 6-
month SPEI had covered a wider area than other time scales
(3 and 12-month). In other words, agricultural drought was
associated with medium- term rainfall at the most regions.
In fact, the distribution of agricultural drought severity had
a strong relationship with this time scale of precipitation.
The area of effect of multitemporal SPEI and SPI of vegeta-
tion cover in different LULC types is presented in Table 3.
The highest correlation value between SVI and 3, 6 and
12-month SPEI include 15.11%, 23.07% and 7.14%, respec-
tively, while the highest correlation value between SVI and
3, 6 and 12-month SPI include 16.30%, 14.30% and 24.08%
of the province, respectively.

The highest correlation between vegetation cover and 12-
month SPI has been reported in dense forest, sparse forest,
and poor rangeland. In other words, the 12-month time scale
is more effective on the vegetation cover in poor rangeland
than other time scales, and the vegetation is affected by long-
term rainfall in this LULC type. On the other hand, the low-
est correlation is observed in moderate forest and good
rangeland in relation to 3-month SPEI. In other words, tem-
perature and short-term rainfall affect the vegetation cover
in these LULC types. Moderate rangeland and agricultural
land are also affected by 6-month SPEI or medium-term
temperature and precipitation.

Correlation of SVI-SPEI and SVI-SPI

The correlation rate of SVI and multitemporal SPEI and
SPI is shown in different colors (Figure 9). In darker pixels
(dark blue), the correlation is higher. Most of the pixels with
these values are concentrated in the northeast and southwest.
While the correlation of SVI and multitemporal SPEI and
SPI is lower in brighter pixels (pale yellow). Pixels with
these values are scattered throughout the region, especially
in the southern parts. However, the sensitivity of vegetation
cover to meteorological drought is more in the eastern sides
and some areas in north, west and south sides than central,
northwestern, southwestern and southeastern parts.

Regression of SVI-SPEI and SVI-SPI

The regression between SVI and multitemporal SPEI and
SPI in presented in Figure 10. The regression coefficient
of SVI changes in relation to multitemporal SPEI and SPI
is higher in darker pixels than in brighter pixels. In fact,

=-0.0066x + 29.665
R?=0.0063

Temperature
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Figure 5. The trend of changes in annual temperature during
2000 to 2020 in Khorasan Razavi province.
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Figure 6. SVI variation in different LULC types over time.

the vegetation cover in darker pixels is more sensitive to
meteorological drought or changing climate factors. So, the
vegetation cover in these areas is more susceptible to the
negative effects of meteorological drought. However, the
spatial distribution of pixels with higher values does not fol-
low a particular pattern, but it is less in west and southeast
sides.

Table 4 represents R? and regression coefficient values
between SVI and multitemporal SPEI and SPI in different
LULC types. The highest (0.60) and lowest (0.37) R? of
SVI with multitemporal SPEI and SPI are higher in mod-
erate forest and agricultural land, respectively, than other
LULC types. The highest (1.13) and lowest (0.75) regres-
sion coefficient of SVI changes in relation to SPEI and SPI
also belong to moderate forest and agricultural land, respec-
tively. Based on the results of this part, moderate forest
has a higher correlation and sensitivity to meteorological
drought and climate change. Reducing the sensitivity of
agricultural land to climate fluctuations is also related to
human activities such as land management and irrigation.
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Figure 7. The trend of SVI changes.

2008-9996[https://dx.doi.org/10.57647/j.jrs.2024.1404.31]


https://dx.doi.org/10.57647/j.jrs.2024.1404.31

8/11 JRS14 (2024)-142431

Discussion and conclusion

In this study, multitemporal SPEI and SPI were used to
investigate the recent meteorological drought in Khorasan
Razavi province because both precipitation and temperature,
as two most important meteorological factors, are used as
an index to achieve a better understanding in the drought’s
evolution (McKee et al., 1993). The multitemporal feature
of these indices made it possible to analyze different types
of droughts in different time scales. Additionally, the
dominant meteorological drought time scales in which
drought affects vegetation cover, the extent and spatio-
temporal characteristics of SPEI and SPI were investigated.
Based on the results, in 2001, 2006, 2008, 2011, 2014
and 2015, SVI values are negative in all LULC types.
While in 2010, moderate rangeland has faced the worst
agricultural drought conditions in the region during the past
20 years. Therefore, it can be concluded that these LULC
types experienced severe agricultural and meteorological
droughts in 2010.
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Figure 8. The highest correlation between SVI and 3, 6 and

12-month SPEI and SPI.
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Figure 9. The R? between SVI and multitemporal SPEI and
SPL

It was also found that vegetation cover in large areas of
Khorasan Razavi province is not affected by any drought
increasing process. While the decreasing trend of SVI
is mainly observed in the southern parts of the province.
Therefore, it is essential to prioritize this part of the
province to take any activities to deal with the drought.

In moderate forest and sparse forest, the highest relative
percentage of decreasing trend is observed, which indicates
that vegetation cover in these LULC types are most
vulnerable to the meteorological droughts and water
shortages. So, vegetation cover rapidly responds to
variation in water availability (Schwinning and Sala, 2004).
Thus, more attention should be paid to LULC types in
drought studies and planning policies.

The eastern half of the province had a higher correlation
(R?) between meteorological fluctuations and vegetation
cover. This is supported by Manesh et al. (2019) who
found that vegetation cover is more vulnerable to climate
fluctuations in this part of Khorasan Razavi province.

In the study area, 6-month SPEI showed a higher correlation

Table 3. The proportion of the effect of 3, 6 and 12-month SPEI and SPI on different LULC types (%).

LULC Type SPEI SPI
3-month 6-month 12-month 3-month 6-month 12-month

Dense Forest 10.50 20.97 10.75 16.46 11.00 30.32
Moderate Forest 30.99 21.76 0.22 14.21 24.48 8.34
Sparse Forest 12.00 4.54 6.11 30.52 10.16 36.67
Good Rangeland 24.31 21.70 1.97 18.42 16.73 16.87
Moderate Rangeland 17.41 22.18 4.63 24.03 10.70 21.05
Poor Rangeland 10.08 21.89 7.86 10.49 16.79 32.89
Agricultural Land 20.61 27.15 8.28 17.40 14.07 12.49
Total Area 15.11 23.07 7.14 16.30 14.30 24.08
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Table 4. R? and regression coefficent (b value) between SVI and multitemporal SPEI and SPI in different LULC types.

LULC Type SD bvalue SD

Dense Forest 040 0.18 0.81 0.39

Moderate Forest 0.60 0.10 1.13 0.44

Sparse Forest 0.51 0.17 1.03 0.42

Good Rangeland 0.55 0.15 1.01 0.38

Moderate Rangeland 0.48 0.17 0.92 0.40

Poor Rangeland 044 0.16 0.85 0.37

Agricultural Land 037 0.19  0.75 0.37

Total Area 0.44 0.16 0.85 0.37
HOUE WAV weve S avE The consequence of this also leads to the aggravation of
- " hydrological drought and the reduction of water resources.
o ] B In contrast, 3-month SPEI had the lowest correlation
8 in moderate forest and good rangeland. Generally, it
= is inferred that different vegetation communities show
different responses to meteorological drought with different
= time scales. The importance of this issue is highlighted in
= L2 the study of Entezari et al. (2019). They introduced the
;g 7 2 knowledge of quantitative and qualitative characteristics of
8 land use changes as valuable for environmental planning,

land use and sustainable development.

= It was found that vegetation cover in the northeastern and
= = southwestern parts of Khorasan Razavi province is more
:; i Bs affected by meteorological drought. Also, the regression
3 2 coefficient of SVI changes compared to multitemporal
Regression coefficient S?EI and SPI had dlfferent sensitivities in dlfferept regions.
(SVI-SPEI/SPI) Since the most sensitive areas are more susceptible to the
P 219 =z negative effects of meteorological drought on vegetation, it
: D IEER 00 450 200 0 - ; is necessary that areas with high sensitivity or affected by
£ 7| o ————m—km ] No_Vegetation 2] drought should be prioritized in planning to deal with or

1 1 1
S7°00"E 58°30'0"E 60°0'0"E
Figure 10. The absolute value of the regression coefficient
between SVI and multitemporal SPEI and SPI.

with SVI than other time scales. It should be noted that
the SPEI is a common drought index that has the ability to
combine precipitation and evaporation and transpiration
and is one of the essential factors for estimating crop
development and water surplus or deficit evaluation
(Ndayiragije and Li, 2022). Agricultural drought was
observed in 3 and 6-month time scales while according
to Potop et al. (2014), 6 and 12-month time scales are
related to the hydrological drought, which is useful for
monitoring water resources. Moreover, Shi et al. (2021)
reported that the correlation between vegetation cover and
meteorological factors are at high level in short or medium
time scales in arid and semi- arid regions.

12-month SPI showed the highest correlation in dense
forest, sparse forest, and poor rangeland. In fact, the impact
of meteorological drought on the vegetation cover in these
LULC types has occurred in longer time scales. It is
important to mention that the water deficit of the previous
months accumulated during SPEI calculation with longer
time scales is an indicator to evaluate the moisture deficit,
which has caused meteorological and agricultural droughts.

reduce the effects of drought and preserve water resources.
As it was determined through the correlation values, the
highest (R> = 0.60) and lowest (R?> = 0.37) correlations
of SVI with multitemporal SPEI and SPI were observed
in moderate forest and agriculture. However, these
meteorological droughts affect vegetation cover in different
ways such as water scarcity, and crop destruction (Poornima
et al., 2023). Despite the fact that agricultural lands rely on
various meteorological factors such as precipitation, tem-
perature, humidity, etc. for the successful growth of crops,
however, the sensitivity of agricultural land compared
to other LULC types to meteorological drought changes
related to human activities including land management
and irrigation. So, in agricultural areas, the possibility of
vegetation activity is provided throughout the year.
Finally, according to the findings of this study, SPEI and
SPI, as two meteorological indices, had diverse effects on
different vegetation types. Thus, any types of indicators
should be separately considered in analyzing the response
of vegetation cover to climatic variations in terrestrial
ecosystems in order to better identify areas affected by
meteorological droughts.
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