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Abstract: Drought raises significant challenges and consequences in the socioeconomic
environment in Dobrogea, Romania. This research aimed to assess the spatiotemporal dy-
namics of agrometeorological droughts from 2001 to 2021 using a multi-index approach that
includes the Vegetation Health Index (VHI) and Standardized Precipitation Evapotranspira-
tion Index (SPEI). Severe-to-extreme drought events were detected in 2001, 2007, 2012, 2015,
2016, 2019, and 2020, when temperatures in the area reached as high as 40.91 °C. Regarding
area coverage, 2012 and 2020 were the worst drought years, with 66% and 71% of the region
affected. Mild and moderate droughts were consistently identified across almost the entire
period, while normal wet conditions were indicated in 2004-2006. The spatial analysis
and the drought frequency maps revealed that the central, southern, and northwestern
areas were particularly vulnerable, underlining the need for targeted drought mitigation
measures. The trend analysis results indicated a nonuniform spatial feature of the negative
(drying)/positive (wetting) trends at the regional level, with statistically significant trends
identified only over small areas. Further results showed a robust relationship among the
VHI and SPEI, particularly on 1-month and seasonal timescales. The extended correlation
analysis results showed very strong positive relationships among all the vegetation indices,
positive relations with rainfall, and strong negative ties with land surface temperature.
Moreover, the seasonal VHI proved to be effective for drought monitoring across areas
with diverse crop types. The results we obtained are consistent with previous studies on
the incidence of drought in the area and hold practical significance for decision-makers
responsible for drought management planning within Dobrogea, including setting up an
early warning system using the VHI.

Keywords: drought; Dobrogea; LST; NDVIL; SPEL TCI; VCI; VHI

1. Introduction

The oldest policy of the European Union (EU) is the Common Agricultural Policy
(CAP), launched in 1962 by the six founding countries of the EU. Since 1962, the CAP has
adapted to new challenges by introducing new reforms. Among their objectives was the
sustainable development of rural areas through the sustainable management of natural
resources and actions to combat climate change. Agriculture is intricately linked to water,
as it ensures the health of agricultural ecosystems. Unfortunately, climate change brings
new challenges to water use in agriculture, with recent drought and/or flood events being
observed. In order to introduce new water resource management techniques or adapt
agricultural crops to new challenges, it is first necessary to have a very good knowledge

Agriculture 2025, 15, 668

https://doi.org/10.3390/agriculture15070668


https://doi.org/10.3390/agriculture15070668
https://doi.org/10.3390/agriculture15070668
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/agriculture
https://www.mdpi.com
https://orcid.org/0000-0001-9884-7194
https://orcid.org/0000-0002-7150-608X
https://doi.org/10.3390/agriculture15070668
https://www.mdpi.com/article/10.3390/agriculture15070668?type=check_update&version=1

Agriculture 2025, 15, 668

2 of 32

of the phenomenon and quantify it. In this paper, we will identify certain aspects related
to drought.

The agricultural, environmental, and social systems of a region are greatly impacted
by drought, one of the most intricate hydroclimatic threats. Therefore, it is essential to
comprehend the temporal and spatial dynamics of drought in order to create more effec-
tive mitigation plans and manage resources efficiently. Precipitation, temperature, soil
moisture, and vegetation growth are the principal elements used in the identification of
drought events. Droughts can be classified into various types [1]. Agricultural drought
(AD) happens due to a soil moisture shortage, which affects crop production [2]; mete-
orological drought (MD) is induced by a decrease in precipitation and soil moisture [3];
hydrological drought refers to a reduction in the water surface level and aquifers [4]; and
socioeconomic drought is related to a limited water supply to satisfy the needs of some
economic goods [4]. This study focuses on agrometeorological droughts, which include
aspects of both agricultural and meteorological drought, considering the evaluation of how
drought occurrences brought on by elevated temperatures and a lack of precipitation affect
agriculture in conjunction with climate change.

This simple classification of drought stated above does not help to determine the neces-
sary elements such as the beginning of the phenomenon, duration, frequency, and intensity.
For this reason, various drought indicators were created, the best known of which is the
Standardized Precipitation Index (SPI) [5] because the World Meteorological Organization
(WMO) recommends it for evaluating drought [6]. Although widely used, the SPI does not
take into account other climatic parameters such as temperature or vegetation conditions.
Due to this inconvenience, a new index, the Standardized Precipitation Evapotranspiration
Index (SPEI) [7], has been proposed, which was similar to the SPI but includes temperature
in the computation. The SPEI is a meteorological drought index that focuses on both the
precipitation deficit and potential evapotranspiration, thus incorporating moisture stress
into the atmosphere. The SPEI can portray the water availability relevant to agricultural
systems, reflecting, indirectly, agricultural drought conditions as well [8].

Remote sensing (RS) technology plays a critical role in drought monitoring and as-
sessment [9,10]. Monitoring tools that incorporate satellite data, such as drought indices,
have facilitated the assessment of crop development and soil moisture over wide regions,
especially over those with few ground weather stations. Numerous studies have proposed
several drought indices that provide quantitative information about drought in different
regions and climates [11]. Since it significantly affects the precision of drought monitoring,
choosing the right drought indices for each region is essential [12]. The WMO proposed
10 drought indices based on the RS technique but at the same time recommends that they
should be used in conjunction with each other to obtain better results [13]. As different
indices may react differently to various drought situations, using several indices highlights
the value of a mixed approach in seizing the intricacy of drought dynamics.

Given the strong relationship between precipitation and soil moisture, the Normalized
Difference Vegetation Index (NDVI) represents one of the indices widely used to assess
drought and vegetation health [14]. The land surface temperature (LST) is a proper measure
of water stress, being sensitive to moisture. The Vegetation Condition Index (VCI) can
efficiently assess the greenery of vegetation, but it might not be as responsive to droughts
that impact the ecosystem without having a major impact on vegetation cover [15]. The
Vegetation Health Index (VHI) [16], a combination of temperature (Temperature Condition
Index—TCI) and vegetation moisture (VCI) data, illustrates the vegetation’s thermal state
and moisture availability and therefore can be a more accurate drought monitoring tool,
particularly in geographically nonhomogeneous areas and agriculture-dependent regions
like Dobrogea [17]. Reduced plant growth and, consequently, decreased VHI values are
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caused by any vegetation stress factor, such as a lack of nutrients, disease, high temper-
atures, and low precipitation. The VHI shows, in general, a high correlation with the
SPEI [18,19], making them suitable to examine the connection between meteorological
drought and vegetation responses to water deficit.

Romania is situated in Southeastern Europe and has a temperate continental climate,
being impacted by extreme weather incidents such as heat waves, long-lasting drought
periods, and floods [20-22], with an increase in drought frequency being noticeable after
1981 [23]. With arid, semi-arid, and subhumid—-dry climatic conditions, approximately
30% of the region is considered desertified [24], which is a cause for concern, considering
that one of the traditional occupations is agriculture, which represents around 5% of the
gross domestic product. The southern, southeastern, and eastern regions are the most
affected [23], with a multiannual precipitation rate of 600 mm or less, and the temperature
has increased over the years (by up to 1.7 °C after 1997 [23,25]). Drought in Romania is the
subject of research in several studies [20-22,26-33]. Meteorological drought was examined
in [28] over the period 1965-2015, with different timescales of the SPI. Then, Angearu
et al. [32] assessed drought with the composite Drought Severity Index (DSI) in the Baragan
Plain. Further on, the study in [33] explored the way in which drought occurrences in
Romania and the Republic of Moldova, from 1998 to 2014, correlated with vegetative stress,
using the SPEI and the NDVI and conducting a broad investigation of the severe drought
from 2000 to 2001 [28].

One of the most affected parts of Romania is Dobrogea, an agriculture-dependent
region considering that agricultural areas cover about 70% of the region [34], with an
extremely high level of drought risk [20-23,35]. Here, droughts are more severe and
last longer, and throughout the past few decades, aridity and desertification have been
accelerated [36-39]. These changes have intensified the need for effective research on
drought and its negative effects on agricultural production. Using the de Martonne aridity
index, Drought Hazard Index (DHI), and Drought Risk Index (DRI), computed based on the
SPI, the authors of [26] evaluated drought at several sites in Dobrogea, from 1965 to 2018,
and found humid conditions in 2005 and arid ones in 2007 and 2011-2013. An analysis of
Dobrogea shoreline variations in climate and vegetation cover during the last 22 years was
conducted in [40] with the NDVI, and the results showed a growing trend of inter-annual
variations in the NDVI, temperature, and precipitation on the Black Sea coasts. Dobrogea
was also part of the study in [41] which analyzed the period 1901-2021 using the SPEI,
and the results indicated an increase in the occurrence of moderate, severe, and extreme
droughts. The severity and degree of drought in Dobrogea over the 2000-2015 period
was explored in [34] with the NDDI (Normalized Difference Drought Index) and fAPAR
(Fraction of Absorbed Photosynthetically Active Radiation), and the authors concluded
that various types of droughts affected the region during this period, with agricultural
areas having the worst repercussions. The studies [42—-44] had similar findings, showing
that drought led to a decline in agricultural production, especially in cereal yield.

In this context, this research’s main goal is to elevate the understanding of Dobro-
gea drought dynamics by exploring the complex relationship between meteorological
conditions and vegetation reactions to water stress through the examination of various
drought indices, which are the NDVI, LST, SPEI, VCI, and TCI VHI indexes. Research
suggests that on a monthly scale, vegetation shows a more robust response to hydrothermal
conditions, whilst a 3-month timescale reveals seasonal trends between drought and the
vegetation response [45]. In our study, spatial and temporal drought analysis was carried
out on 1-month and seasonal (3-month) timescales, and the latter focused on the three
months (July—-September) which outline the dry season of Dobrogea area [22] due to low
precipitation and hot temperatures. The primary goals of this research were as follows:
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(1) to use the selected drought indices on seasonal and monthly timescales to map and ana-
lyze spatial and temporal drought patterns from 2001 to 2021, (2) to examine the frequency
of drought and its distribution, (3) to assess the correlation between the drought indices,
(4) to follow the constant interaction between agricultural and meteorological drought
indices, (5) to evaluate the performance of the VHI with annual yield data for different
crops, and (6) to identify the trends characteristics of precipitation, the LST, and the VHI. It
should be mentioned that the VHI indicator has never been used in Dobrogea; therefore,
we consider that this research makes a significant contribution to the advancement of
knowledge and/or to addressing important questions regarding its ability to estimate the
influence of drought on crop production in this area, given that the region is used mainly
for agriculture.

2. Materials and Methods
2.1. Study Area

Dobrogea is a territory that, although surrounded by water (the lower Danube and the
Danube Delta located to the west and north and the Black Sea to the east), is still subject to

drought (Figure 1). The region covers about 15,570 m? and includes ten natural reservations,
the most famous of which is the Biosphere Reservation of the Danube Delta.
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Figure 1. Study area; the stations used in this study are marked with stars.
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The relief is a mix of young elements, such as the Danube Delta (Quaternary period),
and older ones, such as the Macin Mountains (Hercynian period), resulting in a wide range
of morphogenetics [46]. The maximum elevation is 467 m (Greci Peak, Macin Mountains),
and Dobrogea is characterized by an exceedingly high percentage of altitudes lower than
150 m [47].

The average annual temperature in Dobrogea is over 11 °C, indicating a moderate
continental environment [46,48], intense winds, and low precipitation, varying between
350 and 400 mm /year [48,49]. The region’s dry season runs from July to September [22],
whereas the main wet seasons are late fall, early summer, and the end of spring. The
hydrological network of the Dobrogea region has a low density, and most of the rivers have
a flow rate of under 0.7 m®/s [47]. The dominant soil types consist of chernozem, sandy,
clay, and alluvial soils. One of Dobrogea’s primary economic sectors is agriculture; the
crops cultivated in this region are cereals (maize, wheat, barley, oats) and oil seed crops
(sunflower, rapeseed, soybeans).

2.2. Datasets

This research spanned over 21 consecutive years (2001-2021) and used datasets that
were accessed using the Google Earth Engine (GEE) cloud-based computing platform [50].
One advantage of employing the GEE is that the images are pre-processed and cloud-
cleared. The period from 2001 to 2021 was chosen because the LST and NDVI datasets
provided by the GEE are available starting from 2000.

2.2.1. Satellite Data

The NDVI and LST data were utilized in this work to create drought indices includ-
ing the VHI, TCI, and VCI. MODIS Terra products with a 1 km spatial resolution were
accessed to acquire the daily LST and 16-day NDVI, which were then averaged to temporal
monthly and seasonal (3-month, July-September) NDVI and LST data (datasets NDVI-1,
NDVI-3, LST-1, and LST-3, respectively). The NDVI and LST products were accessed on
the GEE platform (NDVI availability: 18 February 2000-17 January 2025; LST availability:
24 February 20004 February 2025).

An alternative to station-based rainfall observations was the rainfall product of
Climate Hazards Group InfraRed Precipitation with Station data (CHIRPS, a gridded
rainfall dataset [51] at a daily temporal resolution and a 0.05° (5 km) spatial resolution).
The GEE platform provided the daily CHIRPS dataset (CHIRPS v.2.0 Final; availability:
1 January 1981-1 January 2024). To keep all satellite data consistent, we used the bicubic
method to convert the spatial resolution of the CHIRPS data to 1 km. Further on, we
aggregated, by arithmetic means, the CHIRPS daily precipitation data to monthly and
seasonal values (datasets named CHIRPS-1 and CHIRPS-3, respectively).

This study used the SPEI index for cross-correlation with VHI time series. The global
database SPEIbase v2.9 [52], available through the GEE platform, offers global-scale, long-
term information about drought conditions, with a spatial resolution of 0.5°, a monthly
temporal resolution, and timescales from 1 to 48 months, covering the period from 1901
to 2022. For the majority of investigations, including short-term or long-term climatolog-
ical studies, the SPEIbase is recommended since its methodology is based on the FAO
Penman—Monteith estimation of potential evapotranspiration, which is thought to be a
better technique than the Thornthwaite method. In this paper, two timescales of the SPEI
were selected, 1-month and 3-month, covering the period from January 2001 to December
2021 (SPEI-1 and SPEI-3, respectively). Agricultural drought is associated with the 3-month
timescale SPEI, while meteorological drought can be described by the 1-month SPEI The
SPEI data were then resampled, using the bicubic method, to 1 km, to be consistent with
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the other variables (NDVI and LST). Table 1 summarizes the key features of the several
spatial datasets used in this research.

Table 1. Characteristics of satellite-based datasets used in this study.

Product Unit Date Tempot.‘al Spatla}l Indices
Resolution Resolution
MOD21A1D.061 °C 2001-2021 Daily 1000 m LST, TCI
MOD13A2.061 - 2001-2021 16 days 1000 m NDVI, VCI
CHIRPS v.2.0 Final mm 2001-2021 Daily 5566 m Precipitation
SPEIbase v.2.9 - 2001-2021 Monthly 55,660 m SPEI

2.2.2. Ground Weather Station Data

Dobrogea has a small number of main weather stations (Figure 1). Since some stations
are located near water (e.g., almost entirely enclosed by water, the Sulina station is located
on a dam that juts out 13 km into the Black Sea; Jurilovca station is near the Razim-Sinoe
Lake), they were eliminated because the NDVI values were negative. For the remaining
stations, we were provided with monthly precipitation and temperature data starting from
1965 to 2021 by the National Administration of Meteorology (NAM). After a careful analysis
of all stations in both datasets, we noticed that some stations had gaps in the data series
for the research period (2001-2021), so data from only three stations (Table 2) were used in
further analysis that consisted of the computation of the monthly and seasonal in situ SPEL

Table 2. The selected meteorological stations across Dobrogea.

Station Longitude/Latitude
Constanta 28.64/44.21

Tulcea 28.82/45.19

Galati 28.03/45.47

2.3. Methods

In the present study, computations were carried out for each grid of 1 km? on monthly
and seasonal timescales (July to September) across two decades (2001-2021). The 1-month
and seasonal 3-month drought indices were processed using the JavaScript code editor
in the GEE platform. We computed (1) the NDVI and LST; (2) the VCI and TCI, with
the time series of the NDVI and the LST; (3) and the VHI, which was established by
combining the VCI and TCI. Furthermore, the spatial and in situ SPEI were calculated
on 1-, 3-, and 6-month timescales to verify the reliability of the SPEI and VHI over time
and space. Figure 2 depicts this study’s methodological technique. The classification
criteria for the various drought indices are presented in Table 3. According to Table 3,
the drought severity is divided into five levels: “extreme, severe, moderate, mild, and
no drought”. Cross-correlation analysis and the theory of run were used to effectively
assess the strength of the correlation between various indices and the drought propagation
time, while the final results of the indices (series of maps) were utilized for spatiotemporal
analysis. Additionally, a linear correlation analysis was performed between the annual
mean of the VHI series and the annual crop yield data for the period 2001-2019. In order to
identify patterns and the magnitude of change in the seasonal precipitation, LST, and VHI,
we applied the Mann-Kendall trend test and Sen’s slope approach.
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Figure 2. Flowchart diagram of VHI calculation and drought assessment.

Table 3. Drought classification by drought index [17,53].

Drought Class VHI SPEI
No drought >40 >0.0
Mild (30, 40] (—1,0.0]
Moderate (20, 30] (=15, —1.0]
Severe (10, 20] (=2.0, —1.5]
Extreme <=10 <=-2.0

2.3.1. Vegetation Condition Index (VCI)

The VCI was proposed by Kogan [54] and was derived from the NDVI. The VCI values
range from 0 to 100; lower values indicate stressed vegetation, and higher values suggest
no drought or healthy vegetation conditions. In this research, we calculated the 1-month
and seasonal VCI, named VCI-1 and VCI-3, respectively, by using the following equation:

_ NDVI — NDVI,
~ NDVImax — NDVIin

VCI @
where NDVI is the current NDVI value; for VCI-1, NDVI,,;;, and NDVI,4« are the minimum
and maximum values of the NDVI for a specific month over the period 2001 to 2021; and
for VCI-3, NDVI,yin, and NDVIy,« are the minimum and maximum values of the NDVI
during the period of study.

2.3.2. Temperature Condition Index (TCI)

The TCl is derived from the LST and expresses vegetation stress caused by elevated
temperatures or excessive moisture. The TCI values range from 0 to 100; lower values
indicate hot weather and dry conditions. Here, we estimated the 1-month and seasonal
TCL named TCI-1 and TCI-3, respectively, by using the following equation [55]:

LSTmax — LST
LSTmax — LSTmin

TCI = @)
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where LST is the current value; for TCI-1, LST,,;;, and LSTa.x are the minimum and
maximum values of the LST for a specific month over the period 2001 to 2021; and for
TCI-3, LSTin and LSTmax are the minimum and maximum values of the LST during the
period of study.

2.3.3. Vegetation Health Index (VHI)

Among the most often used drought monitoring indicators is the VHI index, which
is a measure of the vitality of plants during the growth season (March to November).
Because the VHI combines the advantages of both the LST and NDVI, it is more accurate
than other indices for detecting vegetative stress [17]. By examining the vegetation and
temperature conditions, it can detect the relationship between soil moisture and thermal
stress [55]. A low NDVI and high LST suggest deficient vegetation health and serious
drought conditions [56,57].

This study estimated the 1-month (VHI-1) and seasonal (VHI-3) VHI for the
2001-2021 period. The VHI formula (Equation (3)) integrates the VCI and TCI indices
with a coefficient, 0 < & < 1, which determines the contribution of the two indicators. The
VHI scale spans from 0 to 100; values close to 0 indicate extreme drought, and values close
to 100 indicate “no drought”.

VHI = & X VCI+ (1 — &) x TCI 3)

2.3.4. Optimization of VHI Computation

Since it is difficult to estimate the contributions of temperature and water to vegetation
development, we evaluated the TCI and VCI optimal weighting values within the VHI
by the following algorithm. First, we calculated the yearly averages of the VHI-1, and
VHI-3, timeseries for the study period, with « gradually increasing from 0 to 1 with a step
of 0.1. Then, we performed a Pearson correlation analysis between the series of VHI, and
the yearly averages of SPEI-1 and seasonal SPEI-3. Following this analysis, we took the
optimal value of « as the one corresponding to the best correlation coefficients with both
SPEI indices. Then, the VHI-1 and VHI-3 were calculated with the optimal contribution
value determined in this way.

2.3.5. Pearson Correlation and Linear Regression

The Pearson correlation coefficient (Equation (4)) is an effective measure of agreement
between two variables, and the values range from 1.0 to —1.0, meaning a positive to
negative strong linear correlation [58].

Yic (xi —X)(y; — )
T (6 — X2 I (v - 9)

(4)

where n represents the number of samples, x; and y; are the ith values of the measured
and estimated samples, and X, ¥ are the average of the measured and estimated values of
all samples.

The coefficient of determination, R%, measures how well the regression model fits the
data, with values that range from 0 to 1; a higher value indicates a better fit. The probability
value, p-value, denotes if the test is significant. The p-value ranges from 0 to 1, and a smaller
value indicates a better correlation between the dependent and independent variables.

This study considered the following measures, based on [59]: strong correlation:
positive (r = 0.5-1.0; R?> > 0.36) and negative (r = —0.5-—1.0); medium correlation: positive
(r = 0.3-0.5; R? = 0.16-0.35) and negative (r = —0.3-—0.5); and weak correlation: positive
(r=0.1-0.3; R? < 0.16) and negative (r = —0.1-—0.3).
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2.3.6. Validation of SPEIbase Data

Even though the use of SPEIbase data is widely accepted, before their further use,
they were validated and compared with in situ SPEI data, which were computed by the
SPEI program [60], using the ground rainfall and temperature measurements of three
representative meteorological stations in Dobrogea as the input data. The applicability
of SPEI-based data to assess the resilience of drought indices was examined through a
correlation analysis between the satellite-based SPEI and the ground truth data on 1-, 3,
and 6-month timescales. For spatial data extraction, the “nearest method” was applied,
namely, the SPEI value at each ground station for each month or year was extracted using
the geographic coordinates of that station. Then, the related in situ SPEI value for the
relevant month or year was compared with the satellite-based SPEI value of the grid cell
where the ground station was located.

2.3.7. Correlation Analysis

Combining precipitation and evapotranspiration data, the SPEI is a significant drought
indicator [53] that can effectively reflect the primary effect of rising temperatures on water
demand. In this study, the SPEI was selected as the reference data, being used to evaluate
the reliability of the VHI. We used the satellite-derived SPEI, based on the SPEIbase dataset,
and the in situ SPEL Both variants of the SPEI were calculated with 1-month and seasonal
(3-month) timescales, from 2001 to 2021. Primarily, to effectively assess the VHI index in
time and space in the Dobrogea region, we performed a Pearson correlation analysis and
the examination of scatter plots between VHI-3 and both the spatial and in situ SPEI-3. The
values of the VHI-3 for each ground station were extracted using the “nearest method”
for spatial data extraction. Then, we analyzed the time series of VHI-3 and spatial SPEI-3
computed as yearly averages for the entire study area. Afterward, the Pearson correlation
between the monthly averaged satellite-based SPEI-1 and VHI-1 was investigated, during
the driest and wettest years of the study period. In addition, for the years that correspond
to each type of drought occurrence determined by the VHI indeX, the correlation between
the seasonal VHI-3 and the spatial SPEI-3 was included in this study.

2.3.8. Spatial Drought Frequency

The drought frequency is estimated using the running theory [61]. This theory defines
a run as a slice of the drought index time series in which all values are lower or higher
than a given threshold, K. In this paper, the threshold level is set as 30: if the VHI value is
below 30, then that will be classified as drought [17]. First, drought spatial distribution
maps were generated for each year, according to each class defined for VHI-3 (Table 3).
The classified maps were then turned into binary maps, where 1 (VHI < K) suggests
drought and 0 (VHI > K) denotes a normal situation [62]. The drought frequency was
then computed for each pixel by summing up each drought event in each year of the study
period [17]. Based on the analysis of the results, the estimated drought frequency was
classified into 5 categories (very high, high, medium, low, and very low).

2.3.9. Crop Production Data

It is essential to understand the impact of climate change and increasingly frequent
drought events on crop productivity in vulnerable agricultural areas. The VHI can be used
to detect drought-affected areas of agriculture use and thus to predict crop yields [9]. We
performed a correlation analysis between the annual VHI-1 series and the crop production
data for the period 20012019 to evaluate the efficiency of the VHI in exploring the effects
of drought on agricultural yield in the study area. Wheat, barley, maize, and rapeseed yield
data were chosen, as they represent the main crops cultivated in the Dobrogea area. The
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Dobrogea region contributes with 13.86% of Romania’s wheat production, 20.89% of its
barley, 4.75% of its maize, and 10.20% of its rapeseed [44]. The crop production data were
collected from [44].

2.3.10. Trend Analysis

Sen’s slope estimator and the Mann-Kendall (MK) test have been used to investigate
the significance of the drought indices’ trends over time. These are nonparametric tests
recommended by the WMO and are widely used, first, to determine whether a time series
has an upward or downward trend or not and, then, to establish the significance of these
changes in the time series data [63], as they are specifically relevant to climatic data for a
particular season or month.

The following equation determines the MK test statistics, S:

i-1 .
S= Z?:z Z;:l sign(x;—x;) (5)
where n is the sample length, x; and x; are two sequential values, and

1, if(x; —x) >0
sign(x; —xj) = 0, if(x; —xj) =0 (6)
—1, if(x; —x) <0

The standardized statistic of the MK test (Z), used to discover the significance, is
computed by Equation (7):

S—1 :
) ifS>0
Z={ 0, ifS=0 7)

S+1 :
e ifS<0

where Var(S) represents the variance in S and may be calculated as follows (Equation (8)):

_ _y4 _
Var(s):n(n 1)(2n +5) 21%_1tp(tp 1)(2t, +5) o

where t, defines the number of ties for the pth value, and q is the number of tied values.
A positive Z points to an increasing trend, and a negative Z shows a decreasing one.
In addition, Z can be linked to the p-value of a particular trend, which is a measure of
evidence against the null hypothesis of no change. The smaller the p-value, the greater the
strength of evidence against the null hypothesis.
To quantify the magnitude of trends, we used the Sen’s slope estimator method. The
slope is calculated using Equation (9):

slopei:X;:;k,izl,Z,B...n 9)

where x; and xy are data values at time points j and k (j > k).
The median slope or Sen’s slope estimator was calculated as follows (Equation (10)):

slope[nTH], if nis odd

slope (10)

med —

% (slope[%] + slope[n;zo, if nis even

A positive value of the slope denotes an upward (increasing) trend, whilst a negative
one indicates a downward (decreasing) trend in the time series.
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3. Results and Discussion
3.1. Calculation of Optimal Contribution Value

Since the SPEI index can detect different types of droughts, including agricultural
ones, we selected the yearly mean of SPEI-1 and seasonal SPEI-3 to evaluate the optimal
weighting values of the TCI and VCI within the VHI. Figure 3 shows that when the TCI
weight is small (« > 0.5), the correlation between VHI-1 and SPEI-1 decreases, while that
between VHI-3 and SPEI-3 increases slightly. As the TCI weight increases (« < 0.5), the
correlation between VHI-1 and SPEI-1 ranges from 0.85 to 0.86, and that between VHI-3
and SPEI-3 continues to grow. These findings suggest that the unbalanced contribution
of the VCI and TCI may have a negative impact on the VHI’s ability to monitor drought.
Based on the above results and the ones in [54,55], we decided to assign equal weights to
the VCI and TCI in calculating the VHI (« = 0.5).

=#—VHI-1-SPEI-1 =—#=VHI-3-SPEI-3
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Figure 3. Correlation between VHI and SPEI on different timescales under multiple weight values.

3.2. Comparison of Agricultural Drought Indices

The Pearson correlation coefficient indicates an optimal positive correlation between
the NDVI-3 and VCI-3 (r = 0.995), showing that both indices estimate vegetation health
similarly. The time series of the mean NDVI-3 and VCI-3 from 2001 to 2021 are presented
in Figure 4a and reveal that both indices decreased during this period (p-value < 0.0001).
The mean NDVI-3 ranged between 0.44 and 0.60, while the mean VCI-3 varied between
24.0 and 84.80. According to these indices, the vegetation health was best in 2005 (as also
indicated in [23,26]) and worse in 2020, compared to the other years. Apart from 2020, the
estimations showed agricultural droughts in 2001, 2007-2009, 2012, 2015, 2016, and 2019,
when the VCI-3 < 40% and the NDVI-3 < 0.47.

The Pearson correlation coefficient indicated a strong negative correlation between the
LST-3 and TCI-3 (r = —0.99), which reinforces the fact that when the temperature increases
(drought conditions), the TCI decreases and vice versa. The timeseries of the mean LST-3
and TCI-3 from 2001 to 2021 are shown in Figure 4b. The LST-3 showed an increasing trend,
while the TCI-3 revealed a decreasing one (p-value = 0.0001). In 2005 and 2020, the study
area recorded the lowest and highest LST-3 (29.10 °C and 37.05 °C) and TCI-3 (8.10 and
96.63) values, respectively. High values (LST > 35 °C) were also observed in 2007, 2012,
2015, and 2019. In general, the entire area experienced high mean LST-3 values (>30 °C,
with an average of 33.5 °C) during the dry season of the study period. Similar conditions
were revealed by the mean TCI-3 time series.
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Figure 4. The time series of dry season mean (a) NDVI-3 and VCI-3 and (b) LST-3 and TCI-3, from
2001 to 2021.

3.3. Spatiotemporal Distribution of Drought

The time series of the VCI-3, TCI-3, and VHI-3 (Figure 5) for the dry season had a
significant downward trend (p-value < 0.0001) and a high degree of agreement regarding the
overall distribution of drought in the region from 2001 to 2021. This remark suggests that
during the study period, large parts of the region were affected by a certain type of drought,
with the years 2004-2006 being an exception, and so, the agricultural area experienced
great stress because of hot temperatures and below-normal precipitation. These findings
are similar to those of other studies on Dobrogea’s significant drought events. The authors
of the study in [41] showed that the duration of moderate-to-extreme droughts detected
at the country level, including Dobrogea, increased during the period 1991-2021 [39], this
period being the driest since 1901. Normal wet conditions were present in most of the
period 1997-2009 [33,34,39], except for the years 2001 and 2007, when major drought events
occurred [23,26,28,33]. From 2010 to 2021, there was a dry period [28,41], with droughts
having the highest degree of severity according to [41].

Table 4 and Figures 6 and 7 show the spatial distribution of drought for the dry season
throughout Dobrogea from 2001 to 2021, as estimated by the VHI-3. To evaluate the drought
area coverage from satellite-derived maps, the frequency histogram function provided by
the GEE platform was used for each VHI-3 image within the study period, with bins with a
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width of 0.1 that covered the range of VHI admissible values ([0, 1]). The results revealed
that the severity and occurrence of drought vary across years.

T C]-3 VCl-3 ===VHI-3 ——Linear (VHI-3)
VHI-3
100 TCI-3 VCI-3
90 - RMSE 513 522
NRMSE 0.11 0.11
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Figure 5. The spatially averaged VCI-3, TCI-3, and VHI-3 time series across time.
Table 4. The area (%) under various levels of drought from 2001 to 2021.
Year/Drought  Mild Moderate Severe Extreme
2001 15.08% 13.79% 14.10% 21.00%
2002 10.09% 3.42% 0.74% 0.27%
2003 8.19% 3.07% 0.69% 0.25%
2004 4.20% 1.90% 0.58% 0.06%
2005 0.39% 0.09% 0.04% 0.00%
2006 6.50% 2.86% 0.81% 0.18%
2007 16.80% 18.39% 17.18% 19.60%
2008 22.41% 18.13% 9.60% 2.52%
2009 22.53% 14.46% 5.29% 1.15%
2010 10.58% 5.67% 2.25% 0.70%
2011 20.02% 14.25% 6.26% 1.24%
2012 14.27% 22.88% 26.56% 16.31%
2013 16.27% 6.75% 1.50% 0.14%
2014 13.74% 6.96% 1.46% 0.15%
2015 22.38% 22.96% 18.75% 9.51%
2016 16.37% 18.99% 18.29% 11.63%
2017 21.28% 18.40% 8.38% 1.92%
2018 3.17% 0.68% 0.20% 0.07%
2019 14.82% 20.13% 22.13% 12.67%
2020 5.00% 7.61% 15.49% 55.07%
2021 17.52% 10.17% 3.39% 0.61%
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Figure 6. Spatiotemporal patterns of the VHI-3 over the region during the period from 2001 to 2021.
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Figure 7. The drought area coverage (%) in Dobrogea.

The worst drought plagued most of the study region in 2020 (Table 4 and Figure 7),
exhibiting the highest coverage of extreme drought (55%) and severe-to-extreme drought
(71%), with just a few locations (around the Danube Delta) remaining unscathed. Extreme
droughts occurred also in 2001, 2007, 2012, and 2019. Severe-to-extreme drought conditions
were met in a large part of the study area: about 35% in 2001 and 2019, 37% in 2007, and
43% in 2012. Also, for 2015 and 2016, the VHI-3 showed a large distribution of extreme
and severe drought conditions (about 27% of the area), primarily in the southern and
central parts of the region. A significant upward trend in the drought area coverage is
also revealed (Figure 7). During these years, the region recorded high thermal (LST-1 up
to 40.91 °C) and moisture (NDVI-1 < 0.50) stress, which exacerbated the extreme drought
condition (Figure 8). These observations are sustained by several studies. Similar periods
of severe-to-extreme dry conditions were identified in [28,41,64], at country level, while
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in [26,34], it is shown that extreme drought affected Dobrogea in 2007, 2012, and 2015.
According to [65], the summer of 2015 was among the warmest and driest ones of the last
seven decades, caused by a massive lack of precipitation. That year, large areas in the
center and east of Europe, including Dobrogea, experienced drought [34]. The authors
of [44] reveal that one of the warmest years of all the measurements conducted in Romania
since 1900 was 2019, a major drought event beginning that year and reaching its peak,
with respect to intensity and spatial spread, in 2020. Consequently, Nuntasi-Tuzla Lake
completely dried up in August 2020 (and partially in 2012) [25,66].
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Figure 8. The dry season (July—September) LST-1 and NDVI-1 in 2001, 2007, and 2020.

In 2008, 2011, and 2017, moderate-to-mild drought conditions were observed in most of
the region, whilst certain locations were recorded with severe-to-extremely dry conditions
(about 10% of the area). In 2009 and 2021, moderate-to-mild drought conditions were
found in about a third of the area. Mild drought affected between 8 and 16% of the area
in 2002, 2003, 2010, 2013, and 2014. Normal to extreme (in 2005) wet conditions were
indicated in 2004, 2006, and 2018. Comparable results regarding the rainy years were found
in [23,26,34].

The findings of the spatiotemporal drought analysis during the dry season with the
VHI-3 showed that Dobrogea was mostly affected by extreme and severe droughts in the
central, southern, and northwestern parts. A similar observation was given in [34]. When
compared to other years, 2020 (78%) and 2012 (66%) had the highest area coverage of
extreme, severe, and moderate droughts. These years were followed by 2019 and 2007
(55%), 2015 (51%), and 2016 and 2001 (49%). These results are consistent with Dobrogea’s
major historical drought events [28,33-35].

In each month of the dry season (July, August, and September) from 2001 to 2021,
the VHI-3 detected drought, despite differences in the severity and spatial distribution
extent (Figure 9a—c). For instance, in July 2007 (Figure 9a), the percentage of the extreme
drought class was 65.33%, and the sum of extreme, severe, and moderate drought had the
highest percentage (84.47%), which was also the highest for all the months in the study
period (Figure 9a—c). Similarly, in August 2020, the percentage of extreme drought was
47.81%, and the total area coverage of the extreme, severe, and moderate drought levels was
75.46%, which was the highest of all years for August. In September 2020, the percentage
of extreme drought was 40.65%, and the total area coverage of the extreme, severe, and
moderate drought classes was 75.91%, which was the highest of all years for September and
higher than the one in August 2020. The months of August and September had the highest
area coverage of extreme drought and showed an increasing trend from 2007 onwards.
Additionally, in the month of September, there is an alarming increasing trend in the area
affected by all types of droughts, in particular, the severe and extreme ones. The least
affected months of the dry season in the entire period were in 2005.
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Figure 9. The drought severity trends and distribution in (a) July, 2001-2021; (b) August, 2001-2021;
and (c) September, 2001-2021.

The extreme droughts showed increasing trends in 2012, 2019, and 2020 from July to
September (Figure 10a). A great part of the region (over 41%) suffered drought in August
and September in 2020, with a slight decrease in September. In 2007, the extreme drought
showed a decreasing trend from July to September. Apart from the year 2007, there was an
increasing trend in severe droughts in all other years (Figure 10b). The moderate drought
showed a decreasing trend in 2012 and 2020 from July to August and an increasing one
from August to September, in contrast to 2007 and 2019 (Figure 10c).
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Figure 10. The drought severity trends and distribution of (a) extreme drought, (b) severe drought,
and (c) moderate drought; (d) the drought level area coverage in the most acute drought years with
error bars representing 95% confidence limits.

In terms of area coverage, 2012 is the most severe- and moderate-drought-affected
year, whereas the extreme drought was more widespread in 2020 (Figure 10d). Therefore,
2012 and 2020 were considered the worst drought years during the study period, which
had a high spatial coverage of extreme, severe, and moderate droughts.
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3.4. Spatial Drought Frequency Estimated by VHI

We created a drought frequency map using the VHI-3 estimates (Figure 11). The results
indicate that the region was affected by drought more than nine times from 2001 to 2021.
The high-frequency class (8-13 times) and very-high-frequency class (13-18 times) covered
41.62% and 6.92% of the region, respectively. The latter frequency primarily affected the
southern, central, and northwestern areas. We also noticed that the central area experienced
drought with a very-high-frequency class (as indicated by [34], also), which suggests that
drought has affected this area every 1.5-2 years.

g 1 - 0—-2 (Very Low)

- 2 -4 (Low)

P 4- & (Medium)
8-13 (High)

I 13- 13 (very High)

Figure 11. The drought frequency estimated by the VHI-3.

3.5. Relationships of Drought Indices with Other Environmental Variables

The Pearson correlation analysis was carried out using 200 random samples dispersed
within drought-prone areas of Dobrogea that were pointed out by the drought frequency
map, to study the relation between the drought indicators in the dry season of 2005, the year
with extreme wet conditions, and 2012 and 2020, the worst drought years. The correlation
matrices between the studied drought indices are presented in Table 5.

Table 5. The Pearson correlation matrices among meteorological and agricultural drought indicators.

2020 NDVI-3

LsT-3  [S056 1  LST-3

TCI-3 0.30 —0.31 TCI-3

VHI-3 0.49 —039 078 VHIS3

VCI-3 0.48 —035 043 [088 Va3

CHIRPS-3 0.38 —0.33 0.36 0.27 0.16 CHIRPS-3
SPEI-3 0.42 —0.37 0.28 0.20 0.11 089
2012 NDVI-3

LsT-3  [S062 N  LST3

TCI-3 0.37 —0.46 TCI-3

VHI-3 VHI-3

VCI-3 VCI-3

CHIRPS-3 0.22 —0.15 0.04 0.09 0.11 CHIRPS-3
SPEI-3 0.01 ~0.01 0.06 0.03 0.01 0.40

2005 NDVI-3

LsT-3 [S078 N  LST-3

TCI-3 TCI-3
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Table 5. Cont.

CHIRPS-3 0.25 —0.31 0.23 0.17 0.09 CHIRPS-3

SPEI-3 0.25 —0.35 0.23 0.14 0.05 _

Legend:
-1.0 05 -03 0.1 0 01 03 0.5 1

With correlation coefficients of (0.85; 0.73) and (0.93; 0.93) in the dry years (2012, 2020)
for TCI-3 and VCI-3, respectively, the VHI-3 showed strong positive correlations with both

indices, suggesting that these indices provide information about drought conditions with a
high degree of similarity. The VCI-3 and TCI-3 were also positively correlated (r > 0.43).

During 2012 and 2020, the negative correlations between the LST-3 and the NDVI-3
(r = (-0.62; —0.56)), the VHI-3 (r = (—0.58; —0.39)), the VCI-3 (r = (—0.57; —0.35)), and
the TCI-3 (r = (—0.46; —0.31)) indicate that higher temperatures stress the vegetation by
increasing the evaporation rate and decreasing soil moisture, which increases the severity
of the drought, leading to sparse vegetation cover and lower values of vegetation indices.

In 2012 and 2020, the NDVI-3 had a strong positive correlation with the VHI-3
(r=(0.59; 0.49)) and the VCI-3 (r = (0.65; 0.48)), implying that these vegetation indices are
closely related, and a moderate one with the TCI-3 (r = (0.37; 0.30)).

The VHI-3, VCI-3, TCI-3, and NDVI-3 were positively correlated with the seasonal
SPEI-3 in 2020, suggesting that drier conditions due to water deficit reduce vegetation
health. In the year 2012, these indices did not show any correlation. These types of relations
between the VHI, VCI, TCI, NDVI, and SPEI show that the vegetation indices collect data
not only about precipitation deficit but also about other factors that influence vegetation
health, like temperature or land cover, which are not fully captured by the meteorological
drought index, the SPEIL

A moderate negative correlation was spotted between the seasonal SPEI-3 and the
LST-3 (r = —0.37) in 2020, and no correlation was found in 2012, which reinforces that when
the SPEI increases (wet conditions), the temperature decreases and vice versa.

In the year 2005, with extreme wet conditions, the VHI-3 showed strong positive
correlations with the VCI-3 and TCI-3 (0.94 and 0.93, respectively). Likewise, the VCI-
3 and TCI-3 had a strong positive relationship (r = 0.76). The LST-3 showed a signifi-
cant negative relationship with the NDVI-3 (r = —0.73), the VHI-3 (r = —0.81), the VCI-3
(r = —0.64), and the TCI-3 (r = —0.89). The NDVI-3 had a strong positive correlation with
the VHI-3, TCI-3, and VCI-3 (r > 0.73). All vegetation indices had a positive correlation with
the SPEI-3, which, in turn, had a moderate negative relation with the LST-3 (r = —0.35).

The seasonal SPEI-3 and precipitation exhibit a strong positive correlation (r > 0.89)
in 2005 and 2020 and a medium one in 2012 (r = 0.40), suggesting that they capture many
of the same features of drought severity associated with meteorological conditions. As
expected, the results exhibited a negative correlation between precipitation and the LST, as
the temperature increases when the precipitation drops.

Regarding the drought indices, when precipitation increases, the VI value does the
same, in general [67,68], and our research reached the same conclusion. The seasonal NDVI,
VCI, TCI, and VHI had a positive small or medium relation with precipitation in the studied
years, except for 2012, when the TCI-3, VCI-3, and VHI-3 did not show any correlation with
it. This may be a sign that the soil was not able to retain water. In general, soil moisture
regulates rainfall storage, determining vegetation growth [69]. The combined interactions
in soil between low moisture and high land surface temperatures might explain the VI's
weakness or no correlation with precipitation in certain years.
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In general, the seasonal vegetation indices VHI, VCI, TCI, and NDVI had a significant
positive relationship with each other, indicating that they can be used singly or in combina-
tion to monitor vegetation health because of rainfall deficit and high temperatures, given
their negative relation with the LST and positive relation with the SPEI These results are
consistent with those presented in [70]. Furthermore, the strong negative correlation of the
LST and NDVI aligns with the findings of [71].

3.6. Evaluation of SPEIbase Data

The validation of the SPEI against the in situ SPEI has shown that the satellite-based
SPEI index is relevant on a regional level and suitable to use. A similar magnitude and
variation in time over the research period were shown through the comparison of the
SPEI on 1-, 3-, and 6-month timescales (SPEI-1, SPEI 3, and SPEI 6) and ground station
data (Figure 12), with satellite-based SPEI data providing moderate underestimates and
being generally consistent with the SPEI calculated based on observed data. Since we are
interested in the relative deficiencies in soil moisture and precipitation, we presume that
this does not bias the output.
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Figure 12. Cont.
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Figure 12. The comparison between the satellite-based and in situ SPEI on 1-, 3-, and 6-month
timescales at the following stations: (a) Constanta, (b) Tulcea, and (c) Galati.

The correlation analysis (Figure 13) indicates a high and statistically significant rela-
tionship, with a p-value < 0.001 and a coefficient of determination, R?, for both monthly
(SPEI-1 and in situ SPEI-1) and seasonal (SPEI-3 and in situ SPEI-3) indices, ranging from
0.50 to 0.73, suggesting a strong linear association.

The r values between the seasonal SPEI-3 and the in situ SPEI-3 vary from 0.71 to 0.85
with a median of 0.79 (Figure 14). As for the SPEI-1 and the in situ SPEI-1, the minimum,
maximum, and median values of ¥ were 0.63, 0.85, and 0.74, respectively. The results
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indicate almost the best fit of correlation at the meteorological stations considered in the

present study.
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Figure 13. Scatter plots of in situ SPEI and satellite-based SPEI: (a) SPEI-3, Constanta; (b) SPEI-3,
Tulcea; (c) SPEI-3, Galati; and (d) SPEI-1, Galati.
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Figure 14. The Pearson correlation coefficient values between in situ SPEI and satellite-based SPEI on

different timescales.

3.7. Correlation Between VHI and SPEI

In the present study, the robustness of the VHI was validated through correlation
analysis between the VHI and SPEI during the dry season of the study period.

The performance of the VHI-1 was analyzed in terms of the frequencies of drought
categories identified during the period 2001-2021, making a comparison with those identi-
fied by the in situ SPEI-1. Figure 15 reveals that the VHI-1 and the in situ SPEI-1 have the
best similarity for severe drought conditions; the VHI-1 identified more extreme drought
cases, which may be due to the VHI's sensitivity to land surface temperature anomalies.
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The SPEI-1 identified more cases of moderate drought, which signifies that agricultural
drought events in Dobrogea may not arise even in the presence of meteorological drought.
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Figure 15. Comparison of the frequencies of drought classes identified by VHI-1 and in situ SPEI-1
from 2001 to 2021, with error bars representing 95% confidence limits.

Furthermore, we performed a Pearson correlation study between the satellite-based
SPEI-1 and the VHI-1, taking into account their average for each month of the dry season,
from July to September, during the wettest year (2005) and the driest year (2020). The results
revealed a significant positive correlation between the indices, with a correlation coefficient
of 0.80 and 0.99, respectively. In the dry year, the rainfall shortfall had a negative effect on
vegetation growth and enhanced the drought intensity. The best-fit positive correlation
for the wet year indicated that the VHI-1 responded very well to precipitation and soil
moisture content.

The VHI-3 time series were extracted at three reference stations and then compared to
the ground-observation-based SPEI series. The Pearson correlation analysis between the
seasonal VHI-3 and in situ SPEI-3 revealed a high positive correlation for all the stations
(Figure 16). The correlation coefficient (r) values varied from 0.72 to 0.80, with a median of
0.77. A strong positive and statistically significant linear association was determined by the
coefficient of determination, as well (R? > 0.52, p-value < 0.001).

Figure 17 presents the time series of the seasonal VHI-3 and satellite-based SPEI-
3 computed as yearly averages for the whole region. The mean VHI-3 had a significant
downward trend (p-value < 0.0001), similar to some extent to that of the mean SPEI-3, which
suggests that during the study period the region experienced a decrease in vegetation health
and soil moisture content. The years 2004—2005 were characterized by high values of both
indices (0.67 < SPEI-3 < 0.88, 74.5 < VHI-3 < 90.9), indicating a period without drought.
Near-normal wet conditions and mostly healthy vegetation were also experienced in 2002,
2010, and 2014 (0.062 < SPEI-3 < 0.241, VHI > 49.6).



Agriculture 2025, 15, 668

23 of 32

Constanta r=072 Tulcea r=0.80
R?=0.52 17 - R2=0.65
1.2 1 . .
1.0 4 ° 1 A .
084
¢ o
i . z
z 06 : 3
z . X3 . ° 0
> . . 0.4
L] : N L]
“° . 02
0.2 .
' ' " 69 T " ! 20 45 10 05 00 05 10 15 20 25
-3.0 -2.0 -1.0 0.0 1.0 2.0 3.0 In situ SPEI-3
In situ SPEI-3
(a) (b)
Galati r=078
12 R?=0.62
(]
i
I )
S

a0
oo

20 15 10 05 0.0 0.5 1.0 15 2.0 2.5
In situ SPEI-3

(©)

Figure 16. The correlation coefficient of VHI-3 and in situ SPEI-3 during the dry season (July-
September) from 2001 to 2021 for the following stations: (a) Constanta, (b) Tulcea, and (c) Galati.
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Figure 17. Long-term dry season mean VHI-3 and SPEI-3 in Dobrogea.

Extreme dry conditions (SPEI-3 < —2) were met in 2007, followed by 2012 (SPEI-3 = —1.8),
2019, and 2020 (—1.2 and —1.4, respectively), when the mean VHI-3 showed severe drought
conditions as well. In 2015, both indices revealed moderate dry conditions (SPEI-3 = —1.32,
VHI-3 = 30.0). In 2003, there were moderate dry conditions (SPEI-3 = —1.3), while the
mean VHI-3 indicates no stress in the vegetation (VHI-3 = 63.3). This may imply that
rainfall did not play a significant role in vegetation conditions, which may have benefited
from mitigating factors such as the use of irrigation or environmental factors such as
land-use characteristics.
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Furthermore, we evaluated the relationship between the seasonal VHI-3 and satellite-
based SPEI-3 for years corresponding to each drought category established for the VHI
index (Tables 3 and 4): mild (2004), moderate (2017), severe (2012), and extreme (2020).
The results (Figure 18) indicated a moderate-to-strong positive correlation between the
VHI-3 and SPEI-3 during the selected years in most parts of Dobrogea. However, a strong
negative correlation was detected in some parts of the north, northeast, and center.

- 0.5 to 1.0 (Strong positive correlation)
l:l 0.3 to 0.5 (Medium positive correlation)
0.1to 0.3 (Weak positive correlation)
-0.1to 0.1 (No correlation)

-0.1to -0.3 (Weak negative correlation)

-0.3to -0.5 (Medium negative correlation)

hL ¢
ot - -0.5to -1.0 (Strong negative correlation)

Figure 18. The spatial distribution of Pearson correlation between the VHI-3 and SPI-3 during the
dry season (July-September) in Dobrogea.

3.8. Correlation Between VHI and Crop Production

High temperatures and less rainfall are examples of atypical weather patterns that
reduce agricultural yields and increase the need for irrigation techniques to preserve
them. In Dobrogea, agricultural productivity is more dependent on climatic conditions
in the central-southern part, whereas in the northern area, other factors influence crop
yields [38]. The yearly mean of the VHI-1 series and the annual agricultural yield data
for the years 2001-2019 were analyzed using a linear correlation. The Pearson correlation
coefficient is 0.40 for wheat, 0.42 for barley, 0.44 for maize, and 0.53 for rapeseed, indicating
a moderate-to-strong positive correlation with the annual mean of the VHI-1 data on the
regional scale.

Figure 19 shows the dynamics of crop yield in Dobrogea for the period 2001-2019. The
validation of each crop against the annual average of the VHI-1 data showed, in general,
a considerable agreement between the two: as the VHI-1 increases, the crop yield also
increases and vice versa. Wheat and barley crops had similar dynamics during the study
period, which closely resembled that of the VHI-1, except for the years 2002-2003 and
2008-2009, when the VHI-1 showed a slight increase and the crop yields decreased greatly,
and the years 2010-2011, 2014-2015, 2016-2017, and 2017-2018, when the VHI decreased
while the crop yields increased, most likely due to intensive irrigation. The maize dynamics
are even more similar to those of the VHI-1, with two periods in which they differ: the years
2010-2011, when the VHI-1 decreased and the corn production increased, and the years
2017-2018, when the VHI-1 decreased and the crop production increased greatly, most
likely owing to the use of irrigation systems. The yield of rapeseed follows the same trend
as the VHI-1 for the most part, except for the years 20022003 and 2008-2009, when the
yield decreased, and the years 2006-2007 and 20142015, when the yield increased, despite
the signs of drought indicated by the VHI-1 decrease. In 2003, all production decreased,
except for maize, although the VHI-1 values did not indicate drought conditions. In general,
the production of each crop, except for rapeseed, follows the dynamics indicated by the
VHI-1 in terms of the years without drought, 2004-2005, and the driest years, 2007 and
2012. In 2019, also affected by severe-to-extreme drought according to the VHI values, all
production decreased, with the largest decrease being in maize production, which was
halved compared to the previous year.
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Figure 19. The dynamics of the annual mean of VHI-1 and cereal yield in Dobrogea,
2000-2019 (kg/ha).

3.9. Trend Analysis Comparisons

The Mann—Kendall test and Sen’s slope estimator were used to identify the trends
in the precipitation, LST, and VHI series, on a seasonal (3-month) scale, between
2001 and 2021. In this work, the significance of the results was statistically tested at
the 95% confidence level. The trend satisfies the significance levels of p-value < 0.05 when
|Z1 > 1.96. We identified four classes for the significant and non-significant trends: Sig-
nificant Wetting (SW) (slope > 0, | Z| > 1.96), Non-Significant Wetting (NSW) (slope > 0,
|Z1 <1.96), Significant Drying (SD) (slope <0, |Z1 > 1.96), and Non-Significant Drying
(NSD) (slope <0, | Z| <1.96).

Figure 20 shows that most of the region exhibited an insignificant increasing trend
in the LST-3 and an insignificant decreasing trend in both the VHI-3 and precipitation,
indicating an increase in both agricultural and meteorological drought severity in Dobrogea
over time, but this increase was not statistically significant. Some parts of the region, mostly
the northeastern one, showed an insignificant increasing trend in the VHI-3, which indicates
that, here, MD and AD were gradually alleviated during the period from 2001 to 2021. The
VHI-3 values significantly decreased in only small areas situated along lakes and the coast,
just as the precipitation. This is consistent with the results in [25,40,66], where the area of
lakes on the coast of Dobrogea was studied, and the degradation of the ecosystem and a
significant decrease in the water surface until complete drying were observed.

P NSW (slope >0, |Z] < 1.96, p-value = 0.05)
NSD (slope <0, |Z| < 1.96, p-value = 0.05)

B sD (slope <0, |Z] = 1.96, p-value < 0.05)

I sw (slope >0, |Z| = 1.96, p-value < 0.05)

(a) (b) ()

Figure 20. The spatial distribution of the slopes for different drought indices in Dobrogea from 2001
to 2021: (a) VHI-3, (b) LST-3, and (c) CHIRPS-3.
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The LST-3 values insignificantly increased across almost the entire region, except for
minor decreases in small areas in the northeast and northwest, and a significant increasing
trend was observed in the center and north, indicating a progressive worsening of AD. This
finding is supported by the research in [21,23,25,49], which showed, at the country level,
an increasing trend in temperature starting from 1971 and intensifying from 1997, so, for
example, in the interval 2001-2010, the temperature increased by 0.4—0.6 °C in comparison
with previous decades. Furthermore, small areas in the center of the region showed a
significant decreasing trend in precipitation, indicating a progressive aggravation of MD
as well.

4. Discussion
4.1. Influence of Irrigation on VHI Results

Due to the climatic conditions and especially the annual precipitation of less than
500 mm, the risk of drought in Dobrogea has increased [72,73], and agriculture cannot
develop here without irrigation. In the early 1970s, a giant irrigation system was put
into operation, and, by the end of the 1980s, approximately 500,000 hectares could be
irrigated [43]. The major disadvantages of the irrigation systems in Dobrogea were the high
pumping height and the long transport length [46], which led to high energy consumption
(over 2100 kWh/ha for 13.2% of the area). Starting from 1991, the irrigated area in Dobrogea
began to decrease; the factors that led to this phenomenon were the dismantling of the large-
scale exploitation structures; the degradation of water supply and distribution channels; the
introduction of tariffs for water consumption, depending on the pumping height; and, last
but not least, the ecological degradation of ecosystems such as Lake Techirghiol. According
to the National Land Improvement Agency (ANIF) [74], today, the irrigated area represents
less than 10% of the total area (the area contracted for irrigation in 2024 was 49,900 hectares).
In this context, some weak relationships in the correlation matrices presented in this study
for the dry years (e.g., VHI against SPEI) could be attributed to irrigation practices in certain
areas. As we previously mentioned, the irrigated areas have diminished considerably in
the last period, and irrigation is used only in proximity to the Danube River, the Danube
Black Sea Canal, and lakes with fresh water. Weak or moderate correlations have also been
obtained due to the influence of forests (northern area). In other words, areas with different
vegetation can influence the results.

4.2. Influence of Soil on VHI Results

It is well known that pedogenesis processes are evaluated differently depending on
the bedrock. A common feature of the bedrock units of Dobrogea is the vast Quaternary
cover, starting with Lower Pleistocene reddish clays and continuing up to the Holocene,
with a sequence of various thicknesses (2-20 m), enclosing up to six couples of loess—
paleosoil layers. For this reason, most of the soil types developed in the area (kastanozems,
chernozems, and regosols) have a loessoid texture (dusty loam, loamy, and clayey loam
texture). If the texture is loamy clay, then there is the possibility of the appearance of some
crusts that prevent the circulation of water. Low values of structural hydro-stability imply
high vulnerability to compaction, water erosion, and crust formation, which prevents or
hinders the emergence of plants, especially those with small seeds and low penetration
power. From a hydrological point of view, this soil type has moderate flow potential. A
common characteristic of loessoid soils is their cracking as a result of frequent shrink—
swelling phenomena. As a result, two processes can occur: a rapid infiltration of the water
from precipitation (which cannot contribute to redistribution in the soil profile) and/or
an increase in direct evaporation from the soil. These phenomena, combined with the
phenomenon of the loss of structure, lead to water movement through the vadose zone and
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aquifer recharge, which in turn leads to an increase in drought in Dobrogea since plants
cannot not retain water in the root zone, and their health deteriorates.

The VHI is a model based on the following hypothesis: when the NDVI value is
low and the LST value is high, vegetation health is considered “poor”. Conversely, when
the NDVI is high and the LST is low, the vegetation is in good health. In the study
area, the NDVI is generally below 0.5, and the LST is above 30 °C, with a strongly nega-
tive correlation between the two values (r < —0.6, p-value < 0.0001). This indicates that
the vegetation is in poor health. Since there is a strong positive correlation (r = 0.5-0.8,
p-value < 0.0001) between the NDVI and VHI, we conclude that the VHI model provides a
reliable estimation of vegetation health at the regional level.

4.3. Influence of Drought on the Plants

Drought is a phenomenon that occurs in different phases of plant development from
germination to maturity (grain weight, grain per plant, ear/kernel number per plant, etc.),
contributing to a decrease in plant growth, development, and crop production. Biomass
variation is directly correlated with plant development and, ultimately, with crop produc-
tion. Traditional biomass quantification methods typically involve destructive measures,
which are time-consuming, effort-intensive, human-resource-intensive, and costly. Further-
more, for a regional estimate, these methods become practically impossible to implement.
Some satellite products for biomass calculation, such as PlanetScope-based vegetation
indices, could be used, and machine learning methods should be added to improve estima-
tion accuracy. High-resolution satellite images require a lot of processing; in this context,
crop production could be a useful indicator to express the influence of drought on plants.

In this study, we analyzed the relationship between the annual crop production and
the VHI, and the comparison revealed that, generally, when the VHI increases, production
also increases and vice versa (Section 3.8). However, some discrepancies exist, particularly
in drought years, where we suspect that higher production was due to irrigation in certain
areas of Dobrogea. Unfortunately, we do not have data on agricultural production distribu-
tion by region, which prevents more detailed classification. This limitation may explain
some of the observed inconsistencies.

4.4. Trend Analysis

The trend analysis results of this study, related to the VHI and LST, are similar to
those in [28], which revealed, after an analysis conducted with the SPI over the last five
decades, a nonuniform spatial pattern of the wetting/drying trends at the country level,
with statistically significant positive/negative trends only in small areas. However, the
WMO findings, which indicated an increasing concern about long-term increases in drought
severity due to climate change, are in contradiction with the lack of statistically significant
trends in seasonal drought indices. This dispute emphasizes how complicated drought
patterns can be in some areas, such as Dobrogea, where transient variations can cover
long-term patterns.

4.5. Limitations

Spatial and temporal analysis revealed important regional patterns in drought occur-
rence in Dobrogea. However, our study is subject to certain limitations. Usually, research
on extreme events such as agrometeorological droughts spans at least 30 years. Our study
period was limited to only two decades (2001-2021) by the availability of satellite data
(starting from February 2000 for the NDVI and LST datasets) and climate data (until
December 2021). Therefore, the results of this research are significant for understanding
short- and medium-term trends, rather than long-term drought conditions [75].
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Due to the unavailability of precipitation data at the resolution of the MODIS NDVI
and LST products, this study applied the bicubic interpolation method to resample the
SPEIbase and CHIRPS precipitation data to a higher scale (1 km). Bicubic interpolation is a
popular method that preserves the smoothness and crucial details of the original image.
This method is effective especially when upscaling images and yields enhanced edge clarity.
However, the bicubic interpolation method can occasionally produce atypical smoothing
artifacts, in particular in image areas with high contrast, which may lead to uncertainties in
the output data. Other resampling methods or newly developed satellite products will be
considered in future studies.

Further, the meteorological data used for validation were gathered from a network of
weather stations with very low density. Moreover, the stations had to have complete pre-
cipitation and temperature datasets, so only a small number of stations met this condition,
and this might alter the significance of our validation tests. In future research, datasets
with missing data should be supplemented using regression methods.

Additionally, the data resolution and land cover types may have an impact on the
estimation of drought areas using a pixel-based analysis. Future research could evaluate
drought conditions related to various vegetation cover types using higher-resolution data
and different techniques.

Lastly, our focus on climate data allows for a more in-depth analysis of socioeconomic
factors that can exacerbate drought conditions (e.g., population density and topographical
variations) [76].

5. Conclusions

NDVI, LST, TCI, VCI, VHI, and SPEI data from 2001 to 2021 were analyzed using
a multi-index approach to determine the dynamics of agrometeorological droughts in
the Dobrogea region. Since the contributions of temperature and water to vegetation
development are hard to estimate and depend on the environmental conditions of the
studied area, when applying the VHI model to a region, it is essential to adjust the coefficient
o accordingly, thus determining the optimal weighting values of the TCI and VCI within the
VHI. The drought indices were then used to map the geographic distribution and drought
severity on monthly and seasonal (July to September) scales. According to the results
of the seasonal VHI, we found that the region experienced extreme and severe drought,
primarily in its southern, northwestern, and central parts, in 2001, 2007, 2012, 2015, 2016,
and 2019, with the worst event being in 2020 when most areas were affected. While no
significant long-term trends were observed during the study period, the prevalence of mild
and moderate droughts stresses a tendency towards drier conditions.

By analyzing spatial and temporal drought patterns, our research offers valuable
insights into Dobrogea drought dynamics, which can be used to develop a strategy for
drought mitigation measures such as planting protective forests in the center and south
of the region. The VHI is a model used to identify and monitor the impact of drought
on crop production as well, with its main advantage being its global coverage at a high
spatial resolution. In this context, the VHI provided reliable results and proved to be in
good agreement with precipitation and agricultural yield patterns, thus being suitable for
monitoring agricultural droughts in Dobrogea. This knowledge will help raise drought
resilience in the Dobrogea region, the central area being particularly vulnerable, with proper
strategies for developing early warning systems, sustainable water management, and high
crop productivity with efficient infrastructure for irrigation. It is well known that plants
develop their own mechanisms of adaptation to drought-induced stress (morphological,
anatomical, biological, etc.). In addition to these natural mechanismes, it is important to
develop drought-tolerant/resistant varieties that offer a solution to the global food crisis.
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Further research should focus on additional factors, such as socioeconomics, to assess the
region’s vulnerability to drought effects.
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