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Abstract

:

Droughts caused by meteorological factors such as a long-term lack of precipitation can propagate into several types of drought through the hydrological cycle. Among them, a phenomenon in which drought has a significant impact on the ecosystem can be defined as an ecological drought. In this study, the Ecological Drought Condition Index-Vegetation (EDCI-veg) was newly proposed to quantitatively evaluate and monitor the effects of meteorological drought on vegetation. A copula-based bivariate joint probability distribution between vegetation information and drought information was constructed, and EDCI-veg was derived from the joint probability model. Through the proposed EDCI-veg, it was possible to quantitatively estimate how much the vegetation condition was affected by the drought, and to identify the timing of the occurrence of the vegetation drought and the severity of the vegetation drought. In addition, as a result of examining the applicability of the proposed EDCI-veg by comparing past meteorological drought events with the corresponding vegetation conditions, it was found that EDCI-veg can reasonably monitor vegetation drought. It has been shown that the newly proposed EDCI-veg in this study can provide useful information on the ecological drought condition that changes with time. On the other hand, the ecological drought analysis based on the type of land cover showed that the response of vegetation to meteorological drought was different depending on the land cover. In particular, it was revealed that the vegetation inhabiting the forest has a relatively high resistance to meteorological drought.
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1. Introduction


Meteorological drought arises from changes in meteorological variables, such as a lack of precipitation, and can be propagated to agricultural, hydrological, and socioeconomic droughts [1,2,3,4,5]. In particular, meteorological drought has a direct impact on ecosystem health such as agricultural production and growth, which can ultimately lead to ecological drought resulting in the loss of biodiversity and ecosystem and increase in forest vulnerability [6,7,8,9]. Since vegetation, a key component of terrestrial ecosystems, is a major link between the atmosphere, water, and soil, it is greatly affected by insufficient precipitation, high temperature, and high evapotranspiration [10,11,12,13]. As such, the effect of meteorological drought on vegetation can be defined as the ecological drought of vegetation. Monitoring the ecological drought of vegetation is an important tool that can provide useful information for the evaluation of drought risk in terms of ecosystems [14,15,16], which is essential for the sustainability of terrestrial ecosystems.



In the past few decades, vegetation monitoring has gradually evolved from in situ monitoring to spatial monitoring as remote sensing and Earth observation technologies have advanced [17,18]. Remote sensing data can be effectively used to identify spatial characteristics and detect drought in a wide area and has high utility in that periodic observation is possible even in areas where observation is limited. In other words, remote sensing data can observe and monitor meteorological or hydrologic-related variables over higher spatial scales than previously possible [19], and thus the use of satellite remote sensing data is increasing [20,21,22,23,24]. Since data remotely sensed by satellites provide significant advantages for monitoring the temporal and spatial evolution of vegetation [25,26], vegetation indices such as the Normalized Difference Vegetation Index (NDVI) have been widely used to evaluate the effects of drought on terrestrial vegetation [27,28,29,30]. Furthermore, drought indices using vegetation information have been developed to determine the stress of water scarcity on the ecosystem (e.g., Normalized Difference Water Index [31]; Vegetation Health Index [32]; Vegetation Temperature Condition Index [26]; Normalized Multi-band Drought Index [33]). However, drought monitoring using the vegetation-related drought index has a limitation in that it is difficult to distinguish drought-related vegetation stress from vegetation changes caused by other factors without information on other variables. Effective integration of various drought-related variables can be key to increasing the accuracy of drought monitoring [34]. Accordingly, integrated drought monitoring using vegetation index and additional data was proposed. Brown et al. [35] introduced the Vegetation Drought Response Index (VegDRI) using climate data and biophysical information together to overcome the limitations of drought analysis using a single vegetation index based on satellite. Rhee et al. [36] proposed a Scaled Drought Condition Index (SDCI) that combines LST, NDVI, and rainfall (satellite data). SDCI is calculated by weighting LST, NDVI, and precipitation, and the weights can be optimized to properly reflect the correlation to improve drought monitoring in a specific area. Zhou et al. [37] proposed a new integrated drought monitoring index, the Integrated Surface Drought Index (ISDI), based on the concept of VegDRI. ISDI improved the existing model, VegDRI, by adding remotely sensed temperature information to the input data. Cunha et al. [38] analyzed the applicability of the Vegetation Supply Water Index (VSWI), a near-real-time drought monitoring method that combines NDVI and land surface temperature (LST) data and suggested that the combination of vegetation and temperature conditions is a good indicator of soil moisture content. Zhang et al. [39] proposed a Drought Severity Index (DSI) using actual evapotranspiration (ET), potential evapotranspiration (PET), and NDVI to utilize surface ET while simultaneously considering vegetation response.



However, these indices by themselves are limited in monitoring the ecological drought condition of vegetation. In this study, the ecological drought state of vegetation is defined as the state in which vegetation is affected by meteorological drought, because the indices for monitoring the vegetation condition alone cannot directly link the occurrence of meteorological drought and the resulting vegetation condition. As in the above studies, an index that integrates vegetation information and climate information has been proposed, but it may be difficult to adequately quantify meteorological drought and its effects into a single index [40]. In addition, in practice, the health state of vegetation can be related not only to drought, but also to various types of vegetation stress (such as pest infestation, pathogens, viruses and changes in land use and land cover). Therefore, in order to investigate the response of vegetation to meteorological drought, it is necessary to analyze the correlation between meteorological variables or meteorological drought index and vegetation-related variables.



Recently, a copula-based joint probability model that combines vegetation information and various climate information has been proposed to consider the mutual influence between vegetation and climate [41,42,43,44,45]. The copula function has proven to be a useful tool to reflect the correlation between various hydrometeorological variables [46,47,48,49,50,51]. Approaches based on joint probability dependence can be useful in analyzing the feedback between vegetation and climate during drought and the effects of meteorological drought on vegetation. As such, in previous studies, to evaluate the response of vegetation to meteorological drought, a joint probability distribution between vegetation and climate was constructed to evaluate and quantify the vulnerability of vegetation [52]. On the other hand, the meteorological conditions change with time, and the response of the vegetation may also change accordingly. Information provided as a fixed value, such as risk, cannot support monitoring of ecological drought conditions that change over time. Accordingly, this study aims to monitor the ecological drought condition of vegetation caused by meteorological drought by developing from the evaluation of the vulnerability of vegetation to meteorological drought.



In this study, we propose an innovative method for monitoring changing ecological drought conditions. This methodology develops the Ecological Drought Condition Index—Vegetation (EDCI-veg) based on the probabilistic relationship between meteorological drought and vegetation response and monitors the ecological drought of vegetation using it.




2. Data and Method


The flow chart in Figure 1 shows the overall process of this study. First, the Standardized Precipitation Index (SPI) [53], which expresses meteorological drought, and the Vegetation Health Index (VHI) [32], which monitors vegetation conditions, are estimated using remote sensing data. Then, a copula-based bivariate joint probability model between SPI and VHI was constructed for each pixel, and EDCI-veg was derived from the joint probability distribution. Finally, ecological drought was analyzed using the proposed EDCI-veg, and whether the proposed EDCI-veg could be used as an index to monitor the ecological drought was evaluated.



2.1. Data and Study Area


The study area is the domain centered on the Korean Peninsula (Figure 2). The domain ranges from 45.05°N to 32.55°N and from 120.75°E to 133.25°E.



NDVI, LST, and precipitation remotely observed from satellites were used to monitor meteorological drought and vegetation conditions. For NDVI, the MOD13C2 product collected from the Terra satellite was used among various outputs produced by the Moderate-resolution Imaging Spectro-radiometer (MODIS). The LST used the MOD11C3 product observed from the MODIS Terra satellite. The spatial resolution of these data is 0.05°, and the temporal resolution is monthly. The period of data used is from 2001 to 2021.



For precipitation data, Climate Hazards Infrared Precipitation with Stations (CHIRPS) dataset provided by United States Geological Survey (USGS) was used. CHIRPS is currently being used for drought monitoring in the US Agency for International Development’s Drought Early Warning System Network. CHIRPS has been produced from 1981 to the present by mixing satellite rainfall estimates and observations from meteorological stations [54]. CHIRPS has recently proven to be a useful tool for estimating precipitation and monitoring meteorological drought in various regions, not just the Korean Peninsula [55,56,57,58]. In this study, monthly CHIRPS precipitation data with a spatial resolution of 0.05° from 2000 to 2021 were used. Statistical characteristics such as monthly mean and coefficient of variation of precipitation in the study area are presented as spatial distributions in Figures S1 and S2. Because MODIS and CHIRPS data have the same spatial resolution, no processing was performed to match the resolution.




2.2. Drought Indices


Meteorological drought affecting vegetation was expressed as a drought caused by a lack of precipitation, which is the aspect of atmospheric moisture supply. For this purpose, SPI, a representative drought index based on precipitation, was used. SPI has been used as a simple yet useful tool for drought identification [59]. The SPI is calculated using the moving average monthly precipitation for various timescales. After estimating the monthly probability distribution suitable for 12 time series composed of each month, the time series is converted into a cumulative probability value using the probability distribution of each time series. The Z value of the standard normal distribution for the transformed cumulative probability value is calculated, where the Z value means the SPI. In this study, the 2-parameter Gamma distribution was used for SPI calculation. SPI is calculated by applying various timescales from 1 month to 12 months from 2001 to 2021. According to the SPI classification defined by McKee et al. [53], when the calculated SPI is less than −1, it is classified as moderate drought, when it is less than −1.5, it is classified as severe drought, and when it is less than −2, it is classified as extreme drought.



VHI was used in this study to monitor the effects of vegetation during meteorological drought. VHI is a widely used index to investigate the effects of moisture and temperature on vegetation [60]. Until recently, it has been used as an index representing vegetation to analyze the response between drought and vegetation from various studies [61,62]. VHI consists of a linear combination of the Vegetation Condition Index (VCI), which integrates information on the visible and near-infrared parts of the electromagnetic spectrum, and the Thermal Condition Index (TCI) by thermal infrared. Among them, VCI explains the stress of vegetation on water, and is estimated as follows using NDVI [32].


  V C  I i  =   N D V  I i  − N D V  I  i , m i n     N D V  I  i , m a x   − N D V  I  i , m i n       × 100  



(1)




where   V C  I i    is the VCI estimated at pixel  i ,   N D V  I i    is the NDVI value observed at pixel     i  , and   N D V  I  i , m i n     and   N D V  I  i , m a x     are the minimum and maximum values of NDVI observed from 2001 to 2021 in pixel i among the data for the month in which   V C  I i    is being calculated. TCI is used to evaluate the temperature stress of vegetation based on LST and is calculated as follows.


  T C  I i  =   L S  T  i , m a x   − L S  T i    L S  T  i , m a x   − L S  T  i , m i n       × 100  



(2)




where   T C  I i    is the calculated TCI for pixel  i ,   L S  T i    is the LST value observed in pixel  i , and   L S  T  i , m i n     and   L S  T  i , m a x     are the minimum and maximum values of LST observed in pixel  i  from 2001 to 2021 among the data for the month for which   T C  I i    is being calculated.



VHI is calculated as follows using VCI and TCI.


  V H I = α V C I +   1 − α   T C I  



(3)




where  α  is generally 0.5, and VHI was calculated by applying 0.5 in this study [32]. When VHI is below 40, it indicates drought of vegetation, and when it is close to 0, it means that the health of vegetation deteriorates [63].




2.3. Copula-Based Probabilistic Model


In this study, a copula-based bivariate joint probability distribution was modeled to explain the correlation between SPI and VHI. At this time, the bivariate joint probability distribution is constructed for each season (spring: March–May, summer: June–August, autumn: September–November, winter: December–February). The joint cumulative probability distribution of SPI and VHI is expressed as the following equation [64].


  F    x 1  ,  x 2    = C    F   X 1       x 1    ,  F   X 2       x 2      = C    u 1  ,  u 2     



(4)




where    F   X 1       x 1      and    F   X 2       x 2      are the marginal cumulative probability distributions of VHI and SPI, respectively, and are expressed as    u 1    and    u 2   , and  C  is a copula function. Clayton, Frank, Gumbel, Gaussian, and Student-t functions widely used in hydrometeorological fields were applied to the copula function. The parameters of the copula function are estimated using the maximum likelihood method, and the optimal copula function that best captures the dependency structure between VHI and SPI among the five copula functions was adopted using Akaike Information Criterion (AIC) [65]. AIC has been used in various studies to select an optimal copula function [66,67], and is expressed as the following equation.


  A I C = 2 D − 2 l l h  



(5)




where  D  is the number of parameters of the copula function,   l l h   is the log-likelihood function, and it is as follows.


  l l h = −  N 2  l n [  1 N    ∑   i = 1  N         C i   ˜  −  C i   θ     2  ]  



(6)




where      C i   ˜      is the observed (or empirical) joint distribution, that is,    F   X 1   X 2       x 1  ,  x 2      in Equation (4), and    C i   θ    is the joint distribution corresponding to      x 1  ,  x 2      calculated by the copula function. The copula function with the smallest AIC is determined as the optimal copula function.



Before constructing a bivariate joint probability model of VHI and SPI using the optimal copula function, it is necessary to determine the optimal timescale for SPI, which has various timescales from 1 month to 12 months. To this end, cross-correlation analysis between SPI and VHI was performed, and the timescale of the drought index with the highest cross-correlation coefficient with VHI was adopted as the optimal timescale. After determining the optimal timescale for SPI, the marginal probability distribution of VHI and SPI in the optimal timescale was determined. At this time, since SPI is calculated as an inverse function of the standard normal distribution during the calculation process, the optimal marginal probability distribution of SPI was adopted as the standard normal distribution. To determine the optimal marginal probability distribution of VHI, six commonly used theoretical probability distributions (Normal distribution, Log-Normal distribution, Gamma distribution, Weibull distribution, Log-Logistic distribution, and GEV distribution) were applied. The parameters of each distribution are estimated by the maximum likelihood method, and the optimal marginal probability distribution of VHI was determined based on the K-S goodness-of-fit test.



After determining the optimal marginal probability distribution and optimal copula function of SPI and VHI, a bivariate joint probability distribution of VHI-SPI can be constructed. When the joint probability distribution is constructed, the conditional probability distribution of VHI can be derived under the given climate condition. From the bivariate joint probability distribution in Equation (4), when    X 2  ≤  x 2    is given, the conditional probability of    X 1  ≤  x 1    is expressed as the following equation.


   F   X 1  ≤  x 1  |  X 2  ≤  x 2       x 1  ,  x 2    =   C    F   X 1       x 1    ,  F   X 2       x 2         F   X 2       x 2      =   C    u 1  ,  u 2       u 2     



(7)








2.4. Ecological Drought Condition Index of Vegetation


In this study, based on the bivariate joint probability distribution of SPI-VHI, EDCI-veg was proposed, which quantitatively represents the effects of meteorological drought on vegetation. EDCI-veg is defined as the ratio of the non-exceedance probability of the present vegetation condition in the present meteorological condition to the non-exceedance probability of the present vegetation condition under normal meteorological condition based on Equation (7) and is expressed by the following equation.


  E D C I − v e  g t  =    F   X 1  ≤  x  1 , t   |  X 2  ≤  x  2 , t        x  1 , t   ,  x  2 , t        F   X 1  ≤  x  1 , t   |  X 2  ≤  x  2 , N        x  1 , t   ,  x  2 , N        



(8)




where   E D C I − v e  g t    is the value of EDCI-veg at a specific time  t ,    x  1 , t     and    x  2 , t     are the values of VHI and SPI at time  t , and    x  2 , N     is the value of SPI in normal meteorological condition. In this study, normal meteorological condition was defined as when the SPI was 0. EDCI-veg, calculated through Equation (8), can quantitatively suggest how much the present vegetation condition has been affected by the present meteorological condition compared to normal.



Figure 3 is a diagram explaining the probabilistic method for estimating EDCI-veg. The blue line shown in the figure is the conditional probability distribution of vegetation under normal condition (i.e., SPI = 0), and the orange line is the conditional probability distribution of vegetation under present meteorological condition. Each conditional probability distribution is derived through the copula-based joint probability model of SPI-VHI. The area colored in blue represents the non-exceedance probability of the present vegetation state under normal meteorological condition, and the area colored in orange represents the non-exceedance probability of the present vegetation condition under the present meteorological condition. At this time, if the orange area is larger than the blue area, it means that the present meteorological condition has affected the vegetation. Theoretically, if the EDCI-veg value exceeds 1, it means that the vegetation is affected by drought, and if the value is large, it means that the present meteorological condition has a large effect on the vegetation.





3. Results


3.1. Timescale for Meteorological Drought Index


The period of a lack of precipitation affecting vegetation varies from season to season and from region to region. Therefore, it is necessary to investigate how long accumulated precipitation has the greatest effect on vegetation. For this purpose, the correlation between SPI for various timescales from 1 month to 12 months and VHI was analyzed. Through correlation analysis, the timescale of SPI with the highest cross-correlation coefficient with VHI was adopted as the optimal timescale for each pixel and each season. Figure 4 shows the histogram of the optimal timescale adopted for each pixel and season in the study area.



In Figure 4, it can be seen that the optimal timescale for each season is different. In spring, a very diverse timescale for each pixel appeared, and in summer, the 1-month timescale was adopted the most. In fall, the short-term timescale from 1 month to 3 months was adopted as the optimal timescale in most pixels, and in winter, the timescales of 1 month and 6 months were most adopted. This means that most vegetation in the Korean Peninsula is greatly affected by short-term precipitation shortages in summer and autumn and responds more sensitively to short-term precipitation shortages than long-term precipitation shortages in winter as well. The fact that the optimal timescale for each pixel and each season was adopted differently means that the correlation between SPI and VHI varies from region to region and is affected by the seasons. Therefore, it is important to investigate the relationship between each meteorological drought and vegetation separately for each pixel and season.




3.2. Copula-Based Joint Probability Model


When the optimal timescale of SPI is determined for each pixel, the bivariate joint probability distribution between SPI and VHI can be modeled. In this process, the marginal probability distribution of VHI for each season and each pixel was determined, and the optimal copula function was adopted using AIC. When the bivariate joint probability distribution is modeled, the conditional probability distribution of VHI can be obtained in a given meteorological condition. One pixel was chosen to show an example of this procedure. Figure 5 shows the AIC results for selecting the optimal copula function of SPI and VHI at this pixel, the Q-Q plot of the optimal copula function, and the conditional probability distribution of VHI under the condition that a specific SPI value is given.



From Figure 5, it can be seen that the optimal copula function was adopted differently for each season. The optimal copula function for constructing the bivariate joint probability distribution of SPI and VHI is the Frank function in spring, the Gaussian function in summer and autumn, and the Clayton function in winter. Since the interaction between SPI and VHI varies from season to season, it is important to determine the optimal copula function suitable for each season. Similarly, since the interaction between climate and vegetation is different depending on the region, it is necessary to adopt the optimal copula function for each pixel through individual AIC analysis for each pixel. VHI conditional distributions were derived for various SPI conditions. Under the SPI condition, the shift of the cumulative distribution function (CDF) of VHI to the upper left means that the non-exceedance probability for a specific VHI condition increases. In Figure 5, it can be seen that as the SPI has a lower value, the CDF of VHI moves more to the upper left. This means that vegetation is more affected as severe meteorological drought occurs. For example, under the condition of SPI of −2 or less, the conditional probability distribution of VHI (red dotted line) has a higher non-exceedance probability for the same vegetation state than the CDF of VHI with SPI of 0 (solid black line). This means that when a meteorological drought occurs, there is a higher probability that the health of the vegetation will deteriorate than under normal meteorological conditions, which means the ecological drought condition of the vegetation. When a severe meteorological drought occurred (i.e., SPI < −2), the cumulative probability of vegetation being in poor health (i.e., VHI < 40) was about 0.68 in spring, and in summer, autumn and winter were 0.60, 0.64 and 0.71, respectively. In this pixel, if a meteorological drought occurs in spring, the growing season of vegetation, it is judged that the probability of vegetation deterioration is relatively high compared to summer and autumn, and the probability is highest in winter. Interestingly, the CDF of VHI is very different depending on meteorological drought severity in spring and winter. In spring, the probability that the VHI is below 40 is 0.55 under normal meteorological conditions (i.e., SPI < 0) and 0.65 under moderate drought conditions (SPI < −1). In winter, the probability of vegetation deterioration due to meteorological drought is 0.40 under the condition of SPI < 0 and 0.53 under the condition of SPI < −1. Compared to winter, the differences in the effects of normal meteorological conditions, moderate drought and extreme drought on vegetation are relatively small in spring. On the other hand, if an extreme drought occurs in winter, the probability of poor vegetation health is significantly higher than in normal meteorological conditions. This means that the ecological drought of vegetation in this pixel can be severe in winter compared to other seasons.




3.3. Evaluation of the Ecological Drought Monitoring Capability of EDCI-Veg


3.3.1. Time Series Analysis


EDCI-veg for monitoring the ecological drought condition of vegetation was calculated from the bivariate joint probability distribution of SPI-VHI composed of each pixel. Figure 6 shows the VHI, SPI, and EDCI-veg time series from January 2001 to December 2021 for a random pixel. At this time, since the SPI was shown as a drought index with an optimal timescale for each season, SPIs of different timescales were used for each season. The optimal timescale of SPI for the pixel is 5 months (spring), 11 months (summer), 3 months (fall), and 5 months (winter), respectively. In each figure, the gray colored part is a period of meteorological drought (when SPI is –1 or less) and EDCI-veg is 1 or more, indicating the ecological drought condition of vegetation. Ecological droughts of vegetation in this pixel occurred in 2001–2002, 2005–2010, 2011, 2014–2015, 2017, and 2021. EDCI-veg was particularly able to adequately monitor the long-term ecological droughts of vegetation from 2001 to 2002, 2006 to 2007, and 2008 to 2010. In addition, short-term ecological droughts in 2011, 2014, 2017, and 2021 could be detected. Figure 6 shows that the proposed EDCI-veg identifies and appropriately monitors the period of ecological drought.




3.3.2. Mapping of Ecological Drought


How EDCI-veg can detect ecological drought of vegetation through meteorological drought and vegetation status information can be confirmed in more detail using spatial pictures. Four representative periods were selected and the vegetation condition (i.e., VHI), meteorological drought condition (i.e., SPI), and ecological drought condition of vegetation (i.e., EDCI-veg) were mapped (Figure 7). EDCI-veg monitors when vegetation conditions are affected by meteorological drought as ecological drought condition of vegetation. This can be confirmed in Figure 7a. In November 2006, meteorological drought occurred in the western part of the Korean Peninsula, and vegetation health deteriorated throughout the South Korea. At this time, the region where the extreme vegetation drought was monitored was the mid-western region of the Korean Peninsula, where meteorological droughts were mainly occurring. In other words, the midwest region of the Korean Peninsula can be seen as affected by the meteorological drought that occurred during this period, and the deterioration of vegetation in other regions cannot be attributed to the lack of precipitation alone, so the extreme vegetation ecological drought was not monitored. In the case of January 2009, a severe meteorological drought occurred in the southern part of the Korean Peninsula, but it can be seen that the area where the lack of precipitation affected vegetation was some pixels within a range smaller than the range affected by the meteorological drought (Figure 7b). Similarly, drought occurred in the southern part of the Korean Peninsula in August 2017 due to a lack of precipitation, but vegetation was not significantly affected in most pixels in the area where weather drought occurred (Figure 7c). In other words, EDCI-veg was able to distinguish areas where vegetation was not affected despite the occurrence of meteorological drought. Similarly, through EDCI-veg, it was possible to distinguish only the areas where vegetation was affected by insufficient precipitation while the vegetation health deteriorated throughout the Korean Peninsula (Figure 7d). Although there was no severe meteorological drought in August 2018, the health of vegetation throughout the Korean Peninsula was in a state of decline. Using EDCI-veg, we were able to monitor only the areas where vegetation was affected by insufficient precipitation in a situation where the vegetation condition was poor throughout the Korean Peninsula.





3.4. Classification of Ecological Drought Monitoring Level Based on EDCI-Veg


Since the ecological drought of vegetation is a condition resulting from the occurrence of meteorological drought, when the proposed EDCI-veg value is 1 or more, the ecological drought of vegetation can be monitored. At this time, in order to more clearly express the ecological drought condition of vegetation using EDCI-veg, it is necessary to distinguish the drought stages. Accordingly, in this section, the ecological drought stage of vegetation is divided into four stages: ‘attention’, ‘caution’, ‘alert’, and ‘severe’, and a method for deriving the reference value of EDCI-veg for each stage is suggested. First, the EDCI-veg value of the month in which the ecological drought of vegetation appeared was extracted for all pixels in the study area. At this time, the occurrence of the ecological drought of vegetation was defined as when meteorological drought occurred (i.e., SPI ≤ −1) and EDCI-veg was greater than 1. Afterwards, all extracted EDCI-veg values were sorted in descending order, and the Q4 (fourth quantile), Q3 (third quantile), Q2 (second quantile), and Q1 (firth quantile) values were set as ‘attention’, ‘caution’, ‘alert’, and ‘severe’, respectively. This is to monitor ecological drought in the study area relatively. If the study area is changed, the reference value may also change because the EDCI-veg value extracted according to the area is different. That is, in order to monitor ecological drought using EDCI-veg in a new area, a new reference value suitable for the area must be derived. Table 1 shows the reference values of the ecological drought stage derived only for this study area.



As a result of monitoring the ecological drought by applying the reference value of the drought stage to the time series shown in Figure 6, it was confirmed that the ecological drought condition could be expressed more clearly (Figure S3). Since the EDCI-veg value itself can provide a value of 1 or more in a situation where the ecological drought of vegetation has not occurred, it was possible to more clearly monitor the ecological drought condition of the vegetation by applying the reference value of the ecological drought stage. For example, in April 2005, EDCI-veg showed a value of 2 or higher even though meteorological drought did not occur, so that ecological drought of vegetation could be monitored as a serious state, however this misinformation could be eliminated by applying the reference value of drought stage (see Figure S3). By displaying the results of monitoring for each drought stage as a map, it is possible to examine how the ecological drought of vegetation is spatially deepened and alleviated. Figure 8 shows the ecological drought monitoring map of vegetation from August to November 2021. It can be seen that the ecological drought of vegetation that occurred in the mid-western region in August 2021 moved to the eastern region in September. Then, in October, the ecological drought stage was weakened in this area, while the ecological drought stage was monitored as ‘attention’ in the southern coastal area. In November, most of the areas previously affected by ecological drought recovered to the ‘normal’ level, while the southern part of the Korean Peninsula was upgraded from the ‘attention’ level to ‘caution’ level. By preparing the drought expression in stages like this, it was possible to more clearly express the ecological drought of vegetation and to judge the extent of it.




3.5. Ecological Drought Analysis Based on Land Cover Type


We tried to analyze the difference in the degree of influence of meteorological drought on vegetation by land cover type using EDCI-veg. At this time, land cover types were divided into agricultural land, forest, and grass where vegetation acts as a major ecosystem form. For each pixel corresponding to each land cover type, the EDCI-veg value of the period of ecological drought (i.e., when SPI ≤ −1 and EDCI-veg ≥ 1) was extracted and the range was compared by plotting the box-plot (Figure 9). The sensitivity of vegetation to meteorological drought was greatest in grass and was also greater in agricultural land than in forest. This means that vegetation in agricultural land and grass is highly vulnerable to meteorological drought. In the case of the Korean Peninsula, the areas most directly or indirectly affected by an ecological drought of vegetation are agricultural lands where crops are produced, such as paddy, field, and orchard. This suggests that when an ecological drought of vegetation occurs, it is likely to have a significant impact on agriculture-related activities. When a meteorological drought occurred in the forest, the ecological drought of the vegetation was weaker than that of other land cover types, which shows that the resistance of the vegetation living in the forest to the meteorological drought is high.



We compared the proportion of meteorological and ecological drought stages by land cover type. Figure 10 shows the proportion of meteorological drought stages and ecological drought stages for each land cover type. In May 2003, most pixels in the grass experienced meteorological and ecological drought (Figure 10a). The proportions of meteorological drought in the agricultural area and forest were similar, but ecological drought occurred the weakest in the forest. October 2004 was the period when forests experienced the most meteorological drought among land cover types (Figure 10b). Although extreme meteorological droughts occurred most often in the forest, severe ecological droughts were monitored most often in the grass. Interestingly, in the case of grass, extreme meteorological droughts occurred in very few areas, but severe ecological droughts occurred in a larger area. This means that the vegetation in the grass has a very high vulnerability to meteorological drought, which is also shown in Figure 10c. In June 2007, more than half of the forest and grass experienced meteorological drought. Severe meteorological droughts occurred most often in forest, but ecological droughts occurred the least. On the other hand, grass experienced weak meteorological drought compared to other land cover types, but ecological drought occurred most severely. Agricultural areas also experienced less meteorological drought than forests but more severe ecological drought. Similarly, in Figure 10d, the proportions of extreme meteorological drought in forest and grass were similar, but the proportion of severe ecological drought were higher in grass. The results in Figure 10 show that if a meteorological drought due to insufficient precipitation occurs in the Korean Peninsula, the vulnerability of vegetation in grass can be relatively large, and vegetation in forest has higher resistance.



Meanwhile, the effects of meteorological drought on vegetation may differ depending on anthropogenic activities. For example, if a meteorological drought occurs in the agricultural area, the ecological drought can be alleviated through responses such as water supply. South Korea is actively promoting efficient drought response by preparing a system and countermeasures for water supply. On the other hand, in North Korea, it is difficult to prepare for a drought or actively respond to damage mitigation due to difficulties in supplying agricultural water. North and South Korea have relatively similar natural environments but very different social systems, and by comparing and contrasting the two regions, the anthropogenic impact on ecological drought can be investigated. Figure S4 shows that ecological drought occurred more seriously in agricultural areas in North Korea where water supply was relatively insufficient than in South Korea. Similar to Figure 10, Figure 11 shows the proportions of actual meteorological drought and ecological drought stages in agricultural areas in North and South Korea. In Figure 11a, extreme meteorological drought occurred more in South Korea, but severe ecological drought occurred more in North Korea. In March 2011, an extreme meteorological drought that occurred in agricultural areas in North Korea caused an ecological drought at the ‘Severe’ level, but the extreme meteorological drought that occurred in South Korea resulted in an ecological drought at the ‘Alert’ stage in about 3.3% of the area (Figure 11b). In June 2017, about 60% of agricultural areas in South Korea experienced extreme meteorological drought, but only about 21% experienced severe ecological drought (Figure 11c). On the other hand, despite a relatively weaker meteorological drought in North Korea than in South Korea, the ecological drought occurred more severely, which is also shown in Figure 11d. This result shows that the vulnerability to ecological drought is higher in agricultural areas in North Korea, where water supply capacity is low, than in South Korea, and emphasizes the effect of artificial water supply on ecological drought.





4. Discussion


From an ecological point of view, the risk of meteorological drought has already been identified through various recent studies [68,69,70]. Drought inhibits vegetation growth, causes wildfires, reduces agricultural production and affects ecosystem health [71,72]. Therefore, monitoring the effects of drought on vegetation health is particularly important [72,73].



However, as in our study, it was difficult to find an index that monitors the effects of meteorological drought on vegetation based on the joint probability dependence. Various indices for monitoring vegetation health in relation to drought have been developed, but a univariate analysis using only single drought index cannot show the interdependent relationship between climate and vegetation. This is because the relationship between meteorological drought and vegetation is very complex. In fact, even if a meteorological drought occurs, vegetation is not always affected, and even if a meteorological drought does not occur, the health of vegetation may deteriorate. From this point of view, we defined the condition in which meteorological drought affects vegetation as ecological drought of vegetation. When dealing with the ecological drought of vegetation, it is necessary to consider both aspects: whether the present vegetation condition is out of the normal state at the present time, and whether the cause of the deviation of the vegetation from the normal state is due to the meteorological drought. Since the ecological drought of vegetation is a very complex phenomenon, it is necessary to approach it based on the probabilistic relationship between meteorological information and vegetation information.



We propose EDCI-veg from the bivariate joint probability distribution between SPI and VHI. The proposed EDCI-veg has an innovative point to monitor that the vegetation condition at the time of meteorological drought caused by a lack of precipitation was affected by the drought. Through EDCI-veg, it was possible to investigate whether the vegetation condition was affected when a meteorological drought occurred, to indicate the time of occurrence of the ecological drought, and to quantify the degree of influence of the meteorological drought (Figure 6). On the other hand, although the meteorological drought did not occur, the deterioration of the vegetation health may cause confusion in monitoring the ecological drought condition of the vegetation. Since this is a condition in which vegetation health is deteriorated by factors other than meteorological drought, it is necessary to distinguish only the condition in which vegetation is affected due to a lack of precipitation. The EDCI-veg proposed in this study shows that it can distinguish the deterioration of the vegetation health that is caused by factors other than the lack of moisture supply in the atmosphere (Figure 7d). In other words, EDCI-veg did not simply judge the condition of poor vegetation health as ecological drought but quantified the effect according to the vegetation condition when meteorological drought occurred. In order to increase the utility of EDCI-veg for monitoring ecological drought, we classified four stages of ecological drought and presented the reference value of EDCI-veg for each stage. As a result of monitoring and mapping the ecological drought in stages based on EDCI-veg, it was possible to express the ecological drought condition more clearly and to identify the ecological drought level by region.



On the other hand, in order to better monitor and understand the ecological drought risk of vegetation, it is particularly important to examine at the relationship between the effects of drought on vegetation and the land cover on which the vegetation inhabits. Because resistance and vulnerability to drought are different depending on the vegetation characteristics, it is necessary to recognize the difference in the stress of vegetation due to climate based on the type of land cover. In general, the effects of climate on vegetation are complicated by differences in climate and ecological conditions in different regions [74]. In fact, it has been reported that in the Korean Peninsula, the response of vegetation to meteorological drought is spatially very different because the vegetation inhabiting each region is different [56]. We found that vegetation I forest has a relatively high resistance to precipitation deficit. This is similar to the results reported in some studies that forests have strong ecological stability and drought resistance [75,76,77]. Our results show that grassland vegetation has relatively high ecological drought vulnerability and forest vegetation has high ecological drought resistance in the Korean Peninsula. Since the resistance of vegetation varies according to land cover type, it is necessary to identify land types vulnerable to meteorological drought and establish management strategies for responding to ecological drought based on land cover types.



In addition, we found that the interaction between vegetation and meteorological drought can vary greatly depending on the season (Figure 5). When a meteorological drought of the same severity occurs, the effect on vegetation is very different for each season, which means that it is particularly important to consider the season when investigating the effect of meteorological drought on vegetation. As our results show, the relationship between vegetation and climate is highly dependent not only on land cover type but also on seasonal variability, so it is important to investigate the seasonal dependence of climate variables and vegetation [13,44,45].



Our results suggest that it is difficult to detect the ecological drought of vegetation resulting from meteorological drought with only the existing index related to vegetation. This suggests that it is essential to analyze the interaction between meteorological drought information and vegetation information in order to monitor the ecological drought condition, which is a complex phenomenon. The proposed EDCI-veg has utility in all areas remotely observed from satellites. In this study, VHI was used to represent the vegetation condition, but various vegetation indices that best express the health of vegetation by region can be applied. In addition, in the process of estimating EDCI-veg, we only considered meteorological drought due to a lack of precipitation, which is an aspect of atmospheric moisture supply, but there is no limit to applying drought indices of various aspects other than SPI. In other words, the concept of EDCI-veg can be applied to drought in all fields that can affect vegetation. Therefore, research combining various hydrometeorological drought information and vegetation information will be needed in the future. In fact, vegetation can be stressed not only by insufficient precipitation but also by factors such as excessive increase in evapotranspiration or insufficient available water in the soil layer [45,78].




5. Conclusions


A new index, EDCI-veg, was proposed to monitor the effect of meteorological drought on vegetation, that is, the ecological drought of vegetation. Based on the literature review, this study is the first to propose an index to monitor the effects of meteorological drought on vegetation from a probabilistic point of view. EDCI-veg was derived from the bivariate joint probability distribution of SPI and VHI, and it was possible to quantitatively suggest the ecological drought condition of vegetation by reflecting the meteorological and vegetation condition at a specific time. Through the proposed EDCI-veg, the timing and severity of ecological drought of vegetation could be identified. To express ecological drought more explicitly using EDCI-veg, the stages of ecological drought were divided, and the ecological drought monitoring map applied with stages could identify the areas where the ecological drought occurred and provide information on particularly severe areas. In addition, it was found that the effect of meteorological drought on vegetation can be different depending on the type of land cover, and it was found that the vegetation in the forest has a greater resistance to the lack of precipitation. This suggests the need to investigate the effects of meteorological drought on vegetation by land cover type. The analysis of ecological drought considering land cover type can provide useful information on vulnerable areas for ecological drought management. This study highlights the need for a probabilistic approach to monitor the effects of meteorological drought on vegetation and demonstrates the ability of the newly proposed EDCI-veg to provide useful information on the ecological drought of vegetation.



However, in this study, due to the limitations of the NDVI and LST data period, the study was conducted for a short period from 2001 to 2021. Since EDCI-veg was calculated from data of a short period, the reliability of the results may be lowered. A short data period can increase the uncertainty of the research results, so it will act as a limitation of this study. The use of accumulated long-term data will more comprehensively and accurately describe the relationship between meteorological drought and vegetation and further improve the applicability of EDCI-veg.
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Figure 1. Flow chart; Asterisk (*) indicates the spatial resolution of the data. 
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Figure 2. Location of study area. 
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Figure 3. Probabilistic analysis of ecological drought condition of vegetation during meteorological drought. 
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Figure 4. Histogram of optimal timescale of SPI for (a) spring, (b) summer, (c) fall and (d) winter. 
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Figure 5. AIC values of five copulas for VHI and SPI (Left), Q-Q plot using best-fitted copula (Center), and conditional CDF of VHI under SPI < 0, SPI < −1 and SPI < −2 (Right) for (a) spring, (b) summer, (c) fall and (d) winter. 
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Figure 6. VHI, SPI, and EDCI-veg time series. 
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Figure 7. Drought severity map of VHI, SPI and EDCI-veg for (a) spring, (b) summer, (c) fall and (d) winter. 
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Figure 8. Ecological drought monitoring map by EDCI-veg for (a) August 2021, (b) September 2021, (c) October 2021 and (d) November 2021. 
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Figure 9. Comparison of ranges of EDCI-veg values by land cover. 
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Figure 10. Percentage of meteorological drought (Left) and ecological drought (Right) levels experienced by each land cover type for (a) May 2003, (b) October 2004, (c) June 2007 and (d) July 2020. 
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Figure 11. Percentage of meteorological drought (Left) and ecological drought (Right) levels experienced by agricultural regions in North and South Korea for (a) November 2008, (b) March 2011, (c) June 2017 and (d) April 2020. 
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Table 1. Ecological drought stage classification of vegetation by EDCI-veg.
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Ecological Drought

	
Meteorological Condition

	
EDCI-Veg Values






	
Attention

	
Meteorological drought

(SPI ≤ −1)

	
1 ≤ EDCI-veg < 1.13




	
Caution

	
1.13 ≤ EDCI-veg < 1.38




	
Alert

	
1.38 ≤ EDCI-veg < 2.06




	
Severe

	
2.06 ≤ EDCI-veg
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