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ABSTRACT Drought is a slowly progressing and complex natural phenomenon, so the nature of drought
events remains unclear. Remote sensing is preferred as an effective tool for finding, evaluating, and
monitoring drought especially for large areas throughout long-term periods by providing near real-time
and accurate data. Besides, Google Earth Engine (GEE) is a cloud-based service to provide analysis and
visualization of geospatial datasets. The ability of GEE as a remote sensing platform to analyze high-
impact societal issues, including water management diseases, disaster, deforestation, and climate monitoring
environmental protection, offers it as the best option for drought monitoring. Here, Vegetation Health
Index (VHI) index that combines Vegetation Condition Index (VCI) and Temperature Condition Index (TCI)
has been chosen for agricultural drought assessment in a case study (Aegean Region of Turkey) from 2000 to
2018 (19 years). Thence, the land surface temperature (LST) data and the Normalized Difference Vegetation
Index (NDVI) data from the Moderate Resolution Imaging Spectroradiometer (MODIS) sensor have been
used and analyzed as remotely sensed data. The major data processing steps have been efficiently done
on the GEE platform. Also, the time series and periodic behavior of these satellite-based indices have
been examined. Besides, as the meteorological drought index, Standardized Precipitation Evapotranspiration
Index (SPEI) time series were calculated for the region in question at different time scales (SPEI3, SPEI6,
SPEI12, etc.) from 1980 to 2018 (39 years). Also, the frequency analysis of both satellite-based and
meteorological station-based indices has been done. Fast Fourier Transform (FFT) for satellite-based indices
frequency analyzing and Wavelet Transform (WT) for time-frequency analyzing of SPEI sequence have
been used. Cross Wavelet (XWT), and Coherence Wavelet (CWT) were used to evaluate the time-frequency
relationship of the satellite-based and the meteorological station-based time series.

INDEX TERMS Drought, drought monitoring, VCI, TCI, VHI, SPEI.

I. INTRODUCTION
Drought is different in that its characteristics are unique
compared to other natural disasters. Because of its nature,
it is difficult to detect and monitor the onset, severity, and
duration [1], [2]. Also, the effects of droughts may come
on gradually over time and may have different effects by
spreading over large areas [3]. It can occur anywhere and
anytime and has devastating effects on environmental, social,
and economic sectors [4], [5].

The associate editor coordinating the review of this manuscript and

approving it for publication was Stefania Bonafoni .

According to the different sectors affected, drought events
are divided into four main categories. The meteorological
drought is descriptive of the amount of rainfall over a long
period to remain below the average amount of precipita-
tion belonging to that region. Agricultural drought could be
defined as the period when the value of soil moisture is lower
than that required for plant growth and development. Hydro-
logical drought, indicates that the amount of water in surface
and groundwater resources decreases as a result of long-term
insufficient rainfall, and socioeconomic drought describes the
effects of drought on water resources, agriculture, life, and
industries that benefit from it [1], [6], [7].
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During the last decades, numerous methods have been
adopted to monitor and numerically describe drought through
the development of drought indices applied in the areas
of meteorology, hydrology, and agriculture, [8]–[11]. Tra-
ditional approaches of drought monitoring generally rely
on indices derived from meteorological station parame-
ters like precipitation. The Standardized Precipitation Index
(SPI) [12] recommended by the World Meteorological
Organization (WMO), is one of the most widely used meteo-
rological drought indexes solely based on this parameter [3].
However, other meteorological parameters (e.g. evapotran-
spiration and temperature) also affect drought occurrence
and severity. The Standardized Precipitation Evapotranspi-
ration Index (SPEI) [13] proposed by Vicente-Serrano et al.
is an index based not only on precipitation but also on
potential evapotranspiration (PET). Similar to the SPI,
SPEI can be calculated for time scales ranging from 1 to
48 months [14].However, Ji and Peters [15] suggested that
a 3-month SPI and, also SPEI is better to monitor drought
impact on vegetation.

While station-based traditional approaches require contin-
uous historical data for drought monitoring, satellite-based
methods give fast and reasonable results for near real-time
acquisition, drought analysis, with wide and continuous spa-
tial coverage. As a satellite-based index, the Normalized
Vegetation Index (NDVI) was first applied to drought moni-
toring by Tucker and Choudhury [16]. The most widely used
satellite-based vegetation index, NDVI, is an operational indi-
cator of vegetationmoisture status [15], [17]–[20]. In addition
to NDVI, Land Surface Temperature (LST or Ts) parameters
obtained from thermal bands of satellites were used to pro-
mote drought indices [19]–[22]. Then, different vegetation
indices (VIs) were developed, such as the Vegetation Con-
dition Index (VCI) derived from NDVI, which provides an
improvement for analysis of vegetation conditions without
weathering, especially in non-homogeneous areas [23], [24].
Because of more sensitivity to water stress [11], the tem-
perature was also utilized to develop drought indices as the
Temperature Condition Index (TCI) [25]. Since the com-
bination of NDVI and LST provides information on both
vegetation and moisture status, drought indices like VCI and
TCI can effectively evaluate drought conditions. Last but not
least, the Vegetation Health Index (VHI) which relies on an
empirical combination of VCI and TCI was developed by
Kogan [26], [27].

The Google Earth Engine (GEE) is a fast, online, and
cloud-based data-monitoring platform for calculating and
illustrating the satellite-based raw and processed data.
The GEE can use Google’s massive computing capabil-
ities that combine data from the National Aeronautics
and Space Administration (NASA) [28], [29]. Therewithal,
GEE’s advantages are to examine large-scale remote sensing
datasets, review time series, and download results instantly
using Google’s high-performance parallel computing service.
In particular, the GEE has been very useful in drought analy-
sis and monitoring.

Moreover, investigating the time series seasonal pattern
and frequency behavior of the drought is crucial for many
phenomena as drought monitoring, drought forecasting, and
spatio-temporal characteristics analysis [30], [31].

One of the most powerful methods used to perform fre-
quency analysis is the Fourier transform (FT). The FT divides
time-domain data into different components and specifies the
repetition period and frequency of each. In this way, it can be
seen how and how often each event occurred in the past, and
forward-looking implications can be found.

For non-stationary signals (time series), frequency anal-
ysis should be done on the time scale. In this instance,
time-frequency transform methods, like Short-Time Fourier
Transform (STFT) and Wavelet Transform (WT) are bene-
ficial [32]–[35]. For validation and making a more reliable
gang up, it makes sense to explore the correlation between
meteorological drought and satellite-based drought indices.
For this purpose, cross wavelet and coherence wavelet are
introduced.

This study aims to monitor and analyze the frequency
and severity of drought to characterize the probability of
occurrence of droughts of various magnitudes. For this pur-
pose, SPEI and VHI (also VCI and TCI two-components of
it) indices were adopted. Spectral characteristics of drought
are investigated based on the Fast Fourier Transform (FFT),
Short-Time Fourier Transform (STFT), and Wavelet Trans-
form (WT) methods. For the first time, the time-frequency
correlation between satellite-based drought indices and mete-
orological station-based drought indices (SPEI) has been
analyzed. The satellite-based drought index results made in
GEE, the meteorological station-based result (SPEI), the fre-
quency analysis, and time-frequency correlations made in the
MATLAB program for the mentioned region and dates are
presented in the next sections.

II. CASE STUDY AND DATA
A. CASE STUDY
The Aegean Region is one of the seven geographical regions
of Turkey divided according to different climatic conditions
and topography. The region (38◦ 57’ 58’’ North 28◦ 43’
14’’ East), is located in the western part of the country that
garners its name from the Aegean Sea (Figure 1). Since in the
Aegean coast, where themountain ranges trend perpendicular
to the shoreline, wide plains extend between the ranges to
the plateaus of the interior, sea climate can also enter inland
areas [36]. On the other hand, the climate around the coastline
is partially different from the inner region climate due to the
increase in altitude towards the inner parts and departure from
the sea effect [37].

The region which is under the impact of the Mediter-
ranean climatic regime has cool, rainy winters, and mostly
hot, dry summers at the coast and a semi-arid continental
climate in the interior with hot, dry summers and cold, snowy
winters [38]. In this region, precipitation is usually more in
January. The climate becomes intermittent due to the increase
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FIGURE 1. The location and topography of the Aegean Region and spatial
distributions of meteorological stations.

in altitude and the distance to the sea as one goes to the
Inner West Anatolia section. Besides, the contribution of
the region to the domestic economy is mostly in the field
of agriculture. Depending on the differences in climate and
landforms among the departments, there are also differences
and varieties among the products grown. Tobacco, cotton,
olives, figs, citrus fruits, grapes, poppy, and cereals are the
main crops grown in the region.

Furthermore, according to the Fifth Assessment Report
(AR5) of the Intergovernmental Panel on Climate Change
(IPCC), there is substantial evidence that anthropogenic
global warming has led to an increase in drought frequency,
intensity, and/or the amount of drought in the region, includ-
ing the Mediterranean region [39]. Hence, the drought-prone
Aegean Region, which is a part of the greater Mediterranean
Basin, was chosen as the case study.

B. REMOTELY SENSED DATA
MODerate Resolution Imaging Spectroradiometer (MODIS)
with the Terra and Aqua satellites could view the entire
Earth’s surface every 1 to 2 days and gather data in 36 spectral
bands (optical and thermal) ranging in wavelength from
0.4 µm to 14.4 µm at resolutions of 250 m to 1 km. For
this study, MOD11A2.006 Terra Land Surface Tempera-
ture (LST) 8-day with 1km (https://doi.org/10.5067/MODIS/
MOD11A2.006) and MOD13A2.006 Terra Vegetation
Indices (NDVI) (https://doi.org/10.5067/MODIS/MOD13A2.
006) 16-day with 1 km products were compiled as remote
sensing data sources on the GEE platform. All the satellite-
based data set have been averaged to monthly scales the
period to be compatible with the monthly in situ data.

To calculate the time series of vegetation indices (VIs)-based
and temperature-based drought indices, the monthly data
of 2000–2018 period were utilized.

C. IN-SITU DATA
In this study; geographical coordinates, monthly mean tem-
perature (◦C), and monthly total precipitation (mm= kg/m2)
data of 23 gauging stations covering the years 1980-
2018 used as in-situ data were obtained from the Turkish State
Meteorological Service) (https://mevbis.mgm.gov.tr/mevbis/
ui/index.html/Login). Because of the discontinuities in the
data from some gauging stations and the lack of data in
some years, we chose the stations that best represent the
Aegean Region from the homogeneously distributed stations
for meteorological data.The locations of the stations are
shown in Figure 1.

III. METHODOLOGY
A. DROUGHT INDICES
1) VEGETATION CONDITION INDEX
The Vegetation Condition Index (VCI) is considered an
improvement in the analysis of vegetation conditions, espe-
cially for non-homogeneous areas [23], [27]. VCI can extract
the weather impact on vegetation while removing the ecosys-
tem signal from the NDVI [24], and is defined as the
following;

VCI kij = 100 ∗
NDVI kij − min(NDVI

k
i )

max(NDVI ki )− min(NDVI
k
i )

(1)

where NDVI kij indicates the values for pixel i in month j for
year k , extracted from the long-term record andmax(NDVI ki )
andmin(NDVI ki ) maximum andminimumNDVI values in the
period, respectively. VCI varies from 0 to 100; VCI below
40 indicates stressed vegetation conditions [26], [40], [41].
Therefore, indices below 40 are accepted as the beginning of
a drought.

2) TEMPERATURE CONDITION INDEX
Temperature Condition Index (TCI) uses land surface tem-
perature (LST) derived from the thermal infrared bands of
MODIS. TCI is related to the altered response of vegetation
to temperature. The following equation shows its formula:

TCI kij = 100 ∗
max(LST ki )− LST

k
ij

max(LST ki )− min(LST
k
i )

(2)

where LST kij means for each pixel (k), month (i), and year
(j) value extracted from multiyear time series data and
max(LST ki ) and min(LST

k
i ) are the maximum and minimum

values of LST , respectively for the same point over the
research period 2000 - 2018. Unlike the NDVI, higher sur-
face temperature reflect drought conditions and lower values
show favorable conditions [25]. Thus, TCI kij values vary from
0 to 100, indicating stress to good thermal conditions of the
vegetation.
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TABLE 1. Drought classification scheme of VHI [26].

3) VEGETATION HEALTH INDEX
This index is based on the VCI and TCI combinations, which
is a useful source of information regarding the stress on
vegetation by drought and is calculated using the following
equation:

VHI kij = αVCI
k
ij − (1− α)TCI kij (3)

where α is a weight parameter associated with VCI and
TCI. Kogan [25], decided to load a higher weight for VCI
using a value of 0.7 for VCI and 0.3 for TCI, and also there
are different studies with different weights [26], [27], [42].
Since there was no a priori knowledge about the contribution
of VCI and TCI to vegetation health, weights were taken
equally (0.5) in this study. TheVCI, TCI, andVHI values vary
from 0 (severe vegetation stress) to 100 (optimal vegetation
conditions) [43]. Table 1 indicates the drought classification
according to the VHI threshold values.

4) STANDARDIZED PRECIPITATION
EVAPOTRANSPIRATION INDEX
The SPEI which is based on precipitation (P) and potential
evapotranspiration (PET) data represents a basic climatologi-
cal water balance calculated at different time scales [13]. PET
can be calculated using the Thornthwaite, Penman-Monteith,
or Hargreaves methods. The monthly PET (mm) is obtained
by

PET = 16K (
10T
I

)m (4)

where; T is the monthly-mean temperature (◦C); I is the
heat index and m is a coefficient dedicated as a third-order
polynomial dependent on heat index. The K is a correction
coefficient depending on the latitude of the region and month
and acquired by

K = (
N
12

)(
NDM
30

) (5)

where; NDM is the number of days of the month and N is
the maximum number of sun hours. The difference (D) is
calculated by the difference between precipitation P and PET
for month j,

Dj = Pj− PETj (6)

The traditional approximation of Abramowitz and Ste-
gun [44] to obtain the SPEI is as follows:

SPEI = W −
C0 + C1W + C2W 2

1+ d1W + d2W 2 + d3W 3 (7)

W =
√
−2ln(Pr) pr ≤ 0.5 (8)

Pr = 1− F(x) (9)

TABLE 2. Drought classification scheme according to SPEI [13].

Pr is the exceedance of probability of a determinedD value.
When Pr > 0.5, then Pr is replaced by 1 − Pr , and the sign
of the resultant SPEI is reversed. The constants are C0 =

2.515517, C1 = 0.8022853, C2 = 0.010328, d1 = 1.432788,
d2 = 0.189269 and d3 = 0.001308. The difference between
precipitation (P) and potential evapotranspiration (PET ) is
used to calculate the SPEI [13].

In our case, the Thornthwaite approach [45] was adopted
to calculate PET because of its simplicity and efficiency in
calculating using only monthly mean temperature and precip-
itation data. SPEI was calculated for the region in question at
different time scales (SPEI 3, SPEI 6, SPEI 12, etc.) for the
related period by R software SPEI package. Since the interest
of this study is to focus both meteorological and agricultural
drought, we mainly focused on SPEI-3 as it provides better
results for monitoring the impact of drought on vegetation
[7], [15]. Also, drought classification according to SPEI val-
ues was completed as shown in Table 2.

B. FREQUENCY ANALYSIS METHODS
1) FAST FOURIER TRANSFORM (FFT)
The FT is used to describe signals in the time or spatial
domains. The FT could decompose a function into a sum
of different sinusoidal functions with different amplitudes,
phases, and frequencies [46], [47].

Besides, for analyzing the sampled data and discrete data
the discrete Fourier transform (DFT) is used as a counterpart
to FT [48]. The DFT is implemented in sampled, discrete,
and digital data by a family of algorithms in the lump known
as the FFT. In comparison with the DFT, the FFT reduces
the computing workload significantly. The N2 complex oper-
ations (adds and multiplies) are needed in the DFT, mean-
while, the FFT could be carried out just with workloads
between 2 × N and log2(N) × N/2 complex operations [49].
The time series consists of several signals that have different
amplitudes and periods. The FFT transfers the time series
from the time domain to the frequency domain and indicates
the frequency properties of each signal. This ability can be
used advantageously for time series harmonics analyzing and
forecasting [50]–[52].

C. SHORT-TIME FOURIER TRANSFORM (STFT)
One of the effective tools for analyzing non-stationary signals
is STFT. The STFT is able to divide the times series into equal
parts, called time windows, and analyze the spectrum of each
window [53], [54].
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The STFT equation to x(t) signal is shown below, where
τ is the spectrum localization time and g(t) is the window
function.

STFT (τ, f ) =
∫
∞

−∞

x(t)g(τ − t)e−j2π ft dt (10)

D. WAVELET TRANSFORM (WT)
The WT is another efficient method for analyzing a non-
stationary time series containing different frequencies in dif-
ferent time scales. The WT also provides a two-dimensional
localized time-frequency analysis [55], [56]. Compared to
STFT, which is a permanent window function, the window
function of the WT is scalable and shiftable over time. This
property will increase the analysis resolution. Hence, WT has
been used for investigating the temporal variability of rainfall,
runoff, and climate variability as an effective tool for ana-
lyzing the statistical properties of the time series [57]–[60].
Mathematically Continues Wavelet Transform (CWT) could
be expressed as follows [61];

C(a, b) =
1
√
a

∫
s(t)ψ(

t − b
a

) dt (11)

where a is scale function, b is the position function, s(t) is the
signal (time series), andψ is themotherwavelet function. The
representation of the CWT value as a function of time and
frequency is a scalogram. Instantaneous frequencies during
the duration of the signal can be accurately estimated with
CWT [62]. The wavelet power spectrum can be used to state
the mutation features and multiscale evolution of time series
and sequences. The equation of the wavelet power spectrum
can be mentioned as [63]:

Wx(a, τ ) = Cx(a, τ )C∗x (a, τ ) = |Cx(a, τ )| (12)

where Cx(a, τ ) is the wavelet transform coefficient and
C∗x (a, τ ) is the complex conjugate of the wavelet transform
coefficient.

E. CROSS WAVELET AND COHERENCE
The cross wavelet transform (XWT) is an analysis method
for the assessment of the correlation between two-time series.
Details and the phase structure could be examined in the
time domain and frequency domain [61]. If the CWT of
the considered Xn and Yn sequences are WX

n (s) and W
Y
n (s)

respectively, the XWT is defined as:

WX
n Y (s) = WX

n (s) W
Y∗
n (s) (13)

Also, the resonance information of the two sequences in
the time-frequency domain could be obtained by the XWT
spectrum power that is defined by the absolute values of the
equation 11. The complex argument arg(WX

n Y (s)) indicates
the local phase information between the two WX

n (s) and
W Y
n (s) sequences in the time-frequency domain. The phase

arrows points right if (Xn and Yn) sequences are in-phase,
points left if they are anti-phase, points down if Xn leading Yn
by 90 degrees and points up if Xn lagging Yn by 90 degrees.
Another useful technique is analyzing how coherent the WT

is in time-frequency space. The wavelet coherence (WTC) of
two-time series is defined as;

R2n(s) =
|S(s−1WX

n Y (s))|
2

S(s−1|(W Y
n (s)|2).S(s−1|(WX

n (s)|2))
(14)

where S is a smoothing operator.
The WTC spectrogram demonstrates the coherence

between two WT. The phase spectrum characterizes the
response and lag between two-time series, and the phase
angle expresses the direction of correlation of two time series
in the time-frequency domain.

In a nutshell, the XWT and WTC reflect the consistency
and correlation respectively, of the two-time series (satellite-
based and ground metrological drought indices time series)
in different periods and different time scales.

IV. RESULTS AND DISCUSSION
Monthly VCI has been computed using equation 1 by the
GEE platform for the 2000-2018 period for the Aegean
Region. Equation 2 has been used for the calculation of TCI
for the same period of time. The VCI and TCI results were
used for VHI calculation using equation 3.

The results of all indices have been exported and displayed.
As an example, the VHI results for the month of July for some
years are given in figure 2. It has been clearly established that
2001 and 2007 were drought years.

SPEI was also calculated using the precipitation data
obtained from homogeneously distributed meteorological
stations. Figure 3 shows the monthly time series of the SPEI
results for the Aegean Region from 1980 to 2018. According
to this graph, 2007 stands out as the driest year in the calcu-
lated years, while 2001, the second driest year, was seen as
a drier year compared to 2002, and 2015 was followed as a
non-dry year.

In this study, frequency analysis of satellite-based indexes
is presented and frequency-based correlation analysis
between satellite-based and meteorological-based stations is
proposed for the first time in the literature.

To peruse the harmonic attitude of drought time series,
FFT has been employed to the VCI, TCI, and VHI indices.
Then, periodogram function has been used for better illus-
tration. In periodogram function, the frequency in terms of
radians/sample are defined as follows (ω is the normalized
frequencies in terms of radians/sample) [48].

P(f ) =
1

2πN
+ |

N−1∑
n=0

Xne−jωn|

2

− π < ω < π (15)

The monthly time series of the VCI, TCI, and VHI from
2000 to 2018 years are given in figure 4. Spectral characteris-
tics of drought indices (VCI, TCI, and VHI) are analyzed and
the results for the mentioned temporal are shown in figure 5.
The results show that the periodic characteristics of

drought patterns for these three indices are so close. The
evaluation of the harmonic behavior of drought time series
shows that cycles are approximately 5.88, 2.94, and 1.96.
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FIGURE 2. Spatio-temporal changes of drought events according to the
VHI results.

FIGURE 3. Time series of the SPEI-3 results between 1980 and 2018.

The results are in good agreement with the GEE results given
before. The drought years and harmonic cycles between these
years in spectral analyses have a plausible pattern.

The time series of the satellite-based drought indices (TCI,
VCI, and VHI) was stationary data; the harmonic attitudes
have been analyzed by FFT in the previous part. Here,
Short Time Fourier Transform (STFT) is used for investi-
gating SPEI time series which is a non-stationary signal.
STFT based spectrogram is shown in figure 6. SPEI signal
in the time domain and amplitude spectrum of the signal
(frequency-magnitude and time-frequency) is illustrated. The
result shows the frequency and power density spectrum of the
time series. The periodic cycle of the SPEI could be deduced
considering the dominant frequency.

The wavelet power spectra of the monthly SPEI time
series are calculated and shown in figure 7. Concerning the
results, some cycles could be mentioned as 10-12 months

FIGURE 4. Temporal patterns of a) VCI, b) TCI, and c) VHI from 2000 Jan
(0) to 2018 Dec (228).

(1988-1992), 12-14 months (2006-2009), and 8-10 months
(2012-2015).

Figure 8. depicts the monthly SPEI time series from
January 1980 to December 2018 and the real part of CWT.
The Morlet is used for computing the wavelet coefficients of
the signal at real and positive scales. The magnitude of the
wavelet coefficients is represented by the intensity at each
x–y point. The large values of the WT coefficients indicate
a high correlation between the signal combined with a large
fluctuation and the Morlet wavelet featured with a light color
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FIGURE 5. Spectral analysis in the selected region based on VCI, TCI, and
VHI.

on the figure. Low values of the WT coefficients mean that
the Morlet and signal are out of the phase which is shown by
a dark color in the wavelet map. The fine granularity in the
bottom part of the scale reflects peaks in the SPEI data.

The correlation and coherence between satellite-based
drought indices (VCI, TCI, and VHI) and meteorological
station-based drought index (SPEI) have been studied from
January 2000 to December 2018 (228months). TheXWT and
WCT results are shown in figure 9 and figure 10 respectively.

Figure 9 shows the XWT results focused on the rela-
tionship between the SPEI time series and the VCI time
series, (b) SPEI time series and the TCI time series,
and (c) SPEI time series and the VHI time series in the
high-energy regions.

FIGURE 6. STFT result of the SPEI time series from January 1980 to
December 2018.

FIGURE 7. Monthly SPEI time series from January 1980 to December 2018
(upper), Real part of CWT (bottom) using Morlet 64 voices.

FIGURE 8. Wavelet power spectra analyses of SPEI time series from
January 1980 to December 2018.

According to the figure 9a, the time series SPEI and VCI
have a significant resonance period of 12-16 months from
2007 to 2011. The period is mainly in-phase during these
years. Figure 9b displays that the time series SPEI and TCI
have a period of 8-16 months for all years. From 2000 to
2006 years, and from 2006 to 2011 the periods are mainly
in-phase; from 2011 to 2013, the periods are SPEI lagging
TCI by 90-degree phase, and from 2013 to 2018, the periods
are anti-phase. Figure 9c reveals that the time series SPEI and
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FIGURE 9. XWT: a) SPEI-VCI, b) SPEI-TCI and c) SPEI-VHI.

VHI have a period of 9-15 months from 2000 to 2005 and
2007 to 2018. From 2000 to 2005, and from 2007 to 2014 the
periods are mainly in-phase, and from 2014 to 2018 the
periods are anti-phase.

In order to estimate the coherence between satellite-
based indices (VCI, TCI, and VHI) and meteorological
index (SPEI) time series, WCT was applied and the results
are illustrated in figure 10.

The results show that SPEI has significant coherence with
VCI, TCI, and VHI in a 35-45 month period during all years.
As an important outcome, a notable positive correlation was
observed between the satellite-based indices and SPEI for
the mentioned period. Besides, figure10a shows a coherence

FIGURE 10. WTC: a) SPEI- VCI, b) SPEI-TCI and c) SPEI-VHI.

in 4-6-months and 10-16-month periods from 2007 to 2010.
Figure 10b and figure 10c show that the SPEI is in anti-phase
with TCI and VHI at 9-14-month period from 2016 to 2018.
Also, a coherency was observed from 2007 to 2012 for the
same period. The phase difference between SPEI and TCI
from 2001 to 2002 and from 2015 to 2016 at the period
of 3-7-months period is 30-45 degrees. In other words, SPEI
lags behind TCI by 1-2 months.

V. CONCLUSION
In this study, the GEE platformwas used to calculate satellite-
based drought indices such as VCI, TCI, and VHI for the
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Aegean Region. All results were displayed and the time series
are also subtracted for frequency domain analysis.The SPEI
was calculated as the meteorological station-based index.
The frequency analysis of satellite-based indices finalized
for the first time in the literature and the results were pre-
sented here. Moreover, the time-frequency analysis of SPEI
was performed. The relationship between satellite-based and
meteorological station-based time series was surveyed and
presented using XWT and CWT tools. The study of time-
frequency correlation and coherence between these time
series (satellite-based and meteorological station-based) is
also a novel inquiry.
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